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Preface

The German conference on Arttificial Intelligence (abbreviated KI for “Kiinstliche
Intelligenz”) has developed from a series of inofficial meetings and workshops, orga-
nized by the German “Gesellschaft fiir Informatik™ (association for computer science,
GI), into an annual conference series dedicated to research on theory and applications
of intelligent system technology. While KI is primarily attended by researchers from
Germany and neighboring countries, it is open to international participation and con-
tinues to draw various submissions from the international research community.

This volume contains the papers presented at KI2018, which was held on September
24-28, 2018 in Berlin. In response to the call for papers, we received 65 submissions
reporting on original research. Despite its focus on Germany, KI 2018 received sub-
missions from over 20 countries. Each of the submitted papers was reviewed and
discussed by at least three members of the Program Committee, who decided to accept
23 papers for presentation at the conference. Due to the unusually high number of
good-quality submissions, 11 additional papers were selected for poster presentation,
accompanied by a short paper in the proceedings. Prominent research topics of this
year’s conference were Machine Learning, Multi-Agent Systems, and Belief Revision.
Overall, KI 2018 offered a broad overview of current research topics in Al

As is customary for the KI conference series, there were awards for the best paper
and the best student paper. This year’s award winners were selected based on the
reviews supplied by the PC members. The paper chosen for the best paper award is
Preference-Based Monte Carlo Tree Search by Tobias Joppen, Christian Wirth, and
Johannes Fiirnkranz. The paper chosen for the best student paper award is Model
Checking for Coalition Announcement Logic by Rustam Galimullin, Natasha Alechina,
and Hans van Ditmarsch.

Besides the technical contributions, KI 2018 had more to offer. First of all, it was a
joint event with the conference INFORMATIK 2018, which is the annual conference
of the Gesellschaft fiir Informatik. Both conferences shared a reception event and an
exciting keynote by Catrin Misselhorn on Machine Ethics and Artificial Morality. The
other invited talks of KI 2018 were by Dietmar Jannach on Session-Based Recom-
mendation—Challenges and Recent Advances and by Sami Haddadin on Robotics.

As Kl is the premier forum for Al researchers in Germany, there were also several
co-located events. The conference week started with a collection of workshops dedi-
cated to diverse topics such as processing web data or formal and cognitive aspects of
reasoning. In addition, tutorials on Statistical Relational Al (StarAl, organized by
Tanya Braun, Kristian Kersting, and Ralf Mdller) and Real-Time Recommenations
with Streamed Data (organized by Andreas Lommatzsch, Benjamin Kille, Frank
Hopfgartner, and Torben Brodt) where offered. Furthermore, a doctoral consortium was
organized by Johannes Fahndrich to support PhD students in the field of Al

A lot of people contributed to the success of KI 2018. First of all, we would like to
thank the authors, the members of the Program Committee, and their appointed
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reviewers for contributing to the scientific quality of KI 2018. In particular we would
like to thank the following reviewers who supplied emergency reviews for some of KI
2018’s submissions: Sebastian Ahrndt, Andreas Ecke, Johannes Fahndrich, Ulrich
Furbach, Brijnesh Jain, Tobias Kiister, Craig Macdonald, and Pavlos Marantidis. We
also want to thank all local organizers, especially the local chairs, Sebastian Ahrndt and
Elif Eryilmaz, and the team of volunteers, who worked tirelessly to make KI 2018
possible. In addition, we would like to thank TU Berlin for supporting KI 2018 and its
collocated events with organization and infrastructure. The Al chapter of the Gesell-
schaft fiir Informatik as well as Springer receive our special thanks for their financial
support of the conference. The process of submitting and reviewing papers and the
production of these very proceedings where greatly facilitated by an old friend: the
EasyChair system.

July 2018 Frank Trollman
Anni-Yasmin Turhan
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Machine Ethics and Artificial Morality
(Abstract of Keynote Talk)

Catrin Misselhorn

Universitét Stuttgart, Stuttgart, Germany

Abstract. Machine ethics explores whether and how artificial systems can be
furnished with moral capacities, i.e., whether there cannot just be artificial
intelligence, but artificial morality. This question becomes more and more
pressing since the development of increasingly intelligent and autonomous
technologies will eventually lead to these systems having to face morally
problematic situations. Much discussed examples are autonomous driving,
health care systems and war robots. Since these technologies will have a deep
impact on our lives it is important for machine ethics to discuss the possibility of
artificial morality and its implications for individuals and society. Starting with
some examples of artificial morality, the talk turns to conceptual issues in
machine ethics that are important for delineating the possibility and scope of
artificial morality, in particular, what an artificial moral agent is; how morality
should be understood in the context of artificial morality; and how human and
artificial morality compare. It will be outlined in some detail how moral
capacities can be implemented in artificial systems. On the basis of these
findings some of the arguments that can be found in public discourse about
artificial morality will be reviewed and the prospects and challenges of artificial
morality are going to be discussed with regard to different areas of application.
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Keynote: Session-Based Recommendation
— Challenges and Recent Advances

Dietmar Jannach®)

AAU Klagenfurt, 9020 Klagenfurt, Austria
dietmar. jannach@aau.at

Abstract. In many applications of recommender systems, the system’s
suggestions cannot be based on individual long-term preference pro-
files, because a large fraction of the user population are either first-time
users or returning users who are not logged in when they use the ser-
vice. Instead, the recommendations have to be determined based on the
observed short-term behavior of the users during an ongoing session.
Due to the high practical relevance of such session-based recommenda-
tion scenarios, different proposals were made in recent years to deal with
the particular challenges of the problem setting.

In this talk, we will first characterize the session-based recommenda-
tion problem and its position within the family of sequence-aware rec-
ommendation. Then, we will review algorithmic proposals for next-item
prediction in the context of an ongoing user session and report the results
of a recent in-depth comparative evaluation. The evaluation, to some
surprise, reveals that conceptually simple prediction schemes are often
able to outperform more advanced techniques based on deep learning.
In the final part of the talk, we will focus on the e-commerce domain.
We will report recent insights regarding the consideration of short-term
user intents, the importance of considering community trends, the role
of reminders, and the recommendation of discounted items.

Keywords: Recommender systems - Session-based recommendation

1 Introduction

Recommender systems (RS) are tools that help users find items of interest within
large collections of objects. They are omnipresent in today’s online world, and
many online sites nowadays feature functionalities like Amazon’s “Customers
who bought . ..also bought” recommendations.

Historically, the recommendation problem is often abstracted to a matrix-
completion task, see [8] for a brief historical overview. In such a setting, the goal
is to make preference or rating predictions, given a set of preference statements
of users toward items. These statements are usually collected over longer periods
of time. In many real-world applications, however, such long-term profiles often
do not exist or cannot be used because website visitors are first-time users, are
© Springer Nature Switzerland AG 2018

F. Trollmann and A.-Y. Turhan (Eds.): KI 2018, LNAI 11117, pp. 3-7, 2018.
https://doi.org/10.1007/978-3-030-00111-7_1
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not logged in, or take measures to avoid system-side tracking. These scenarios
lead to what is often termed a session-based recommendation problem in the
literature. The specific problem in these scenarios therefore is to make helpful
recommendations based only on information derived from the ongoing session,
i.e., from a very limited set of recent user interactions.

While the matrix completion problem formulation still dominates the aca-
demic research landscape, in recent years, increasing research interest can be
observed for session-based recommendation problems. This interest is increased
not only due to the high practical relevance of the problem, but also due to the
availability of new research datasets and the recent development of sophisticated
prediction models based on deep neural networks [2,3,13].

In this talk, we will first characterize session-based recommendation prob-
lems as part of the more general family of sequence-aware recommendation tasks.
Next, we will briefly review existing algorithmic techniques for “next-item” pre-
diction and discuss the results of a recent comparative evaluation of different
algorithm families. In the final part of the talk, we will then take a closer look
at the e-commerce domain. Specifically, we will report results from an in-depth
study, which explored practical questions regarding the importance of short-term
user intents, the use of recommendations as reminders, the role of community
trends, and the recommendation of items that are on sale.

2 Sequence-Aware Recommender Systems

In [12], session-based recommendation is considered one main computational
task of what is called sequence-aware recommender systems. Differently from
traditional setups, the input to a sequence-aware recommendation problem is
not a matrix of user-item preference statements, but a sequential log of past
user interactions. Such logs, which are typically collected by today’s e-commerce
sites, can contain user interactions of various types such as item view events,
purchases, or add-to-cart events (Fig. 1).

Input: Interaction log ®

User Output:
— e Ordered list of items

; 4
L - L=
E— 2 =111

Time Recommender

user ID
fl‘("l’lf”‘:““\‘,‘;:: Computational tasks:

item Context adaptation, trend detection, repeated
recommendation, consideration of constraints

Fig. 1. Overview of the sequence-aware recommendation problem, adapted from [12].

Given such a log, various computational tasks can be defined. The most well-
researched task in the literature is termed “context adaptation” in [12], where the
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goal is to create recommendations that suit the user’s assumed short-term intents
or contextual situation. Here, we can further discriminate between session-based
and session-aware recommendation. In session-based scenarios, only the last few
user interactions are known; in session-aware settings, in contrast, also past
sessions of the current user might be available.

The sequential logs of sequence-aware recommender systems can however also
be used for other types of computations, including the repeated recommendation
of items, the detection of global trends in community, or the consideration of
order constraints. These aspects are described in more detail in [12].

3 Session-Based Recommendation

3.1 Algorithmic Approaches

A variety of algorithmic approaches have been proposed over the years for
session-based recommendation scenarios. The conceptually most simple tech-
niques rely on the detection of co-occurrence patterns in the recorded data.
Recommendations of the form “Customers who bought ... also bought”, as a
simple form of session-based recommendation, can, for example, be determined
by computing pairwise item co-occurrences or association rules of size two [1].
This concept can be extended to co-occurrence patterns that consider also the
order of the events, e.g., in terms of simple Markov Chains or Sequential Patterns
[11]. This latter approach falls into the category of sequence learning approaches
[12], and a number of more advanced techniques based on Markov Decision Pro-
cesses, Reinforcement Learning, and Recurrent Neural Networks were proposed
in the literature [3,13,15]. In addition, distributional embeddings were explored
to model user sessions in different domains. Finally, different hybrid approaches
were investigated recently, which, for example, combine latent factor models with
sequential information [14].

3.2 Evaluation Aspects: Recent Insights

Differently from the matrix completion problem formulation, no standards exist
yet in the community for the comparative evaluation of session-based recom-
mendation approaches, despite the existence of some proposals [5]. As a result,
researchers use a variety of evaluation protocols and baselines in their experi-
ments, which makes it difficult to assess the true value of new methods.

In [6,10], recently, an in-depth comparison of a variety of techniques for
session-based recommendation was made. The comparison, which was based on
datasets from several domains, included both conceptually simple techniques as
well as the most recent algorithms based on Recurrent Neural Networks. To
some surprise, it turned out that in almost all configurations, simple methods,
e.g., based on the nearest-neighbor principle [6], where able to outperform the
more complex ones. This, as a result, means that there is substantial room
for improvement for more advanced machine learning techniques for the given
problem setting.
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4 On Short-Term Intents, Reminders, Trends,
and Discounts in E-Commerce

In many session-based and session-aware recommendation problems in practice,
a number of additional considerations can be made which are barely addressed in
the academic literature. In [7], an in-depth analysis of various practical aspects
was presented based on a large e-commerce dataset from the fashion domain.

The Role of Short-Term Intents. One first question relates to the relative impor-
tance of long-term preference models with respect to short-term user intents. The
results presented, for example, in [5,7] indicate that being able to estimate short-
term intents is often much more important than further optimizing long-term
preference models based, e.g., on matrix factorization techniques. One main chal-
lenge therefore lies in the proper estimation of the visitor’s immediate shopping
goal based only on a small set of interactions.

Recommendations as Reminders. While recommender systems in practice are
often designed to also (repeatedly) recommend items that the user has inspected
before, little research on the use of recommendations as reminders and naviga-
tion shortcuts exists so far. Recent research results however show that including
reminders can have significant business value.

Trends and Discounts. A deeper analysis of a real-world dataset from the fashion
domain in [7] furthermore reveals that recommending items that were recently
popular, e.g., during the last day, is highly effective. At the same time, recom-
mending items that are currently on sale leads to high click-to-purchase conver-
sion, at least in the examined domain.

Learning Recommendations Success Factors from Log Data. A specific charac-
teristic of the e-commerce dataset used in [7] is that it contains a detailed log of
the items that were recommended to users along with information about clicks
on such recommendations and subsequent purchases. Based on these logs, it is
not only possible to analyze under which circumstances a recommendation was
successful. We can also build predictive models based on these learned features,
which at the end lead to more effective recommendation algorithms.

4.1 Challenges

Despite recent progress in the field, a variety of challenges remain to be fur-
ther explored. Besides the development of more sophisticated algorithms for the
next-item prediction problem, the open challenges, for example, include better
mechanisms for combining long-term preference models with short-term user
intents and to detect interest drifts. Furthermore, techniques can also be envi-
sioned that are able to detect interest changes at the micro-level, i.e., during an
individual session. In particular for the first few events in a new session, alter-
native approaches are needed to reliably estimate the user’s short-term intent,
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based, e.g., on contextual information, global trends, meta-data, automatically
extracted content-features, or from sensor information.

From a research perspective, the development of agreed-upon evaluation pro-
tocols and metrics are desirable, and more research is required to understand
in which situation certain algorithms are advantageous. In addition, more user-
oriented evaluations, as done in [9] for the music domain, are needed to better
understand the utility of recommenders in different application scenarios.

From a more practical perspective, session-based recommendation can serve
different purposes, e.g., they can be designed to either show alternatives options
or complementary items. To be able to better assess the utility of the recommen-
dations made by an algorithm for different stakeholders, purpose-oriented [4] and
multi-metric evaluation approaches are required that go beyond the prediction
of the next hidden item in offline experiments based on historical data.
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Abstract. Coalition Announcement Logic (CAL) studies how a group
of agents can enforce a certain outcome by making a joint announcement,
regardless of any announcements made simultaneously by the opponents.
The logic is useful to model imperfect information games with simulta-
neous moves. We propose a model checking algorithm for CAL and show
that the model checking problem for CAL is PSPACE-complete. We also
consider a special positive case for which the model checking problem is
in P. We compare these results to those for other logics with quantifica-
tion over information change.

Keywords: Model checking - Coalition announcement logic
Dynamic epistemic logic

1 Introduction

In the multi-agent logic of knowledge we investigate what agents know about
their factual environment and what they know about knowledge of each other
[14]. (Truthful) Public announcement logic (PAL) is an extension of the multi-
agent logic of knowledge with modalities for public announcements. Such modal-
ities model the event of incorporating trusted information that is similarly
observed by all agents [17]. The ‘truthful’ part relates to the trusted aspect
of the information: we assume that the novel information is true.

In [2] the authors propose two generalisations of public announcement logic,
GAL (group announcement logic) and CAL (coalition announcement logic).
These logics allow for quantification over public announcements made by agents
modelled in the system. In particular, the GAL quantifier (G)y (parametrised
by a subset G of the set of all agents A) says ‘there is a truthful announcement
made by the agents in G, after which ¢ (holds)’. Here, the truthful aspect means
that the agents in G only announce what they know: if a in G announces ¢, this
is interpreted as a public announcement K, p, such that a truthful announce-
ment by agents in G is a conjunction of such known announcements. The CAL
quantifier (G)¢ is motivated by game logic [15,16] and van Benthem’s playa-
bility operator [8]. Here, the modality means ‘there is a truthful announcement
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made by the agents in G such that no matter what the agents not in G simulta-
neously announce, ¢ holds afterwards’. In [2] it is, for example, shown that this
subsumes game logic.

CAL has been far less investigated than other logics of quantified announce-
ments — APAL [6] and GAL — although some combined results have been achieved
[4]. In particular, model checking for CAL has not been studied. Model checking
for CAL has potential practical implications. In CAL, it is possible to express
that a group of agents (for example, a subset of bidders in an auction) can make
an announcement such that no matter what other agents announce simultane-
ously, after this announcement certain knowledge is increased (all agents know
that G have won the bid) but certain ignorance also remains (for example, the
maximal amount of money G could have offered). Our model-checking algorithm
may be easily modified to return not just ‘true’ but the actual announcement that
G can make to achieve their objective. The algorithm and the proof of PSPACE-
completeness build on those for GAL [1], but the CAL algorithm requires some
non-trivial modifications. We show that for the general case, model checking
CAL is in PSPACE, and also describe an efficient (PTIME) special case.

2 Background

2.1 Introductory Example

Two agents, a and b, want to buy the same item, and whoever offers the greatest
sum, gets it. Agents may have 5, 10, or 15 pounds, and they do not know which
sum the opponent has. Let agent a have 15 pounds, and agent b have 5 pounds.
This situation is presented in Fig. 1.

5abh ——— 5410, ——— 5,15,
b b b
10455 10,10, 10,15,
b b b

& 15,10, — & 15,15

Fig. 1. Initial model (M, 15,5)

In this model (let us call it M), state names denote money distribution. Thus,
10,5, means that agent a has 10 pounds, and agent b has 5 pounds. Labelled
edges connect the states that a corresponding agent cannot distinguish. For
example, in the actual state (boxed), agent a knows that she has 15 pounds,
but she does not know how much money agent b has. Formally, (M, 15,55) =
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K15, A=(K 5V K10, V K, 15;) (which mean (M, 15,5;) satisfies the formula,
where K;p stands for ‘agent ¢ knows that ¢’, A is logical and, — is not, and V is
or). Note that edges represent equivalence relations, and in the figure we omit
transitive and reflexive transitions.

Next, suppose that agents bid in order to buy the item. Once one of the
agents, let us say a, announces her bid, she also wants the other agent to remain
ignorant of the total sum at her disposal. Formally, we can express this goal
as formula ¢ ::=K;(10, V 15,) A =(Kp10, V Kp15,) (for bid 10 by agent a).
Informally, if a commits to pay 10 pounds, agent b knows that a has 10 or more
pounds, but b does not know the exact amount. If agent b does not participate
in announcing (bidding), a can achieve the target formula ¢ by announcing
K,10, V K,15,. In other words, agent a commits to pay 10 pounds, which
denotes that she has at least that sum at her disposal. In general, this means
that there is an announcement by a such that after this announcements ¢ holds.
Formally, (M, 15,55) = (a)p. The updated model (M, 15,5;) %10V Eal5a which
is, essentially, a restriction of the original model to the states where K,10, V
K,15, holds, is presented in Fig. 2.

a a

10a5b 1Oa10b

10,15

b b b

& 15,10, — & 15,15

Fig. 2. Updated model (M, 15,5;)%at0aVKalda

Indeed, in the updated model agent b knows that a has at least 10 pounds, but
not the exact sum. The same holds if agent b announces her bid simultaneously
with a in the initial situation. Moreover, a can achieve ¢ no matter what agent
b announces, since b can only truthfully announce K5y, i.e. that she has only 5
pounds at her disposal. Formally, (M, 15,5;) = (a)e.

2.2 Syntax and Semantics of CAL

Let A denote a finite set of agents, and P denote a countable set of propositional
variables.

Definition 1. The language of coalition announcement logic Lo is defined
by the following BNF:

o, u=p|—o | (eAY) | Kap | [Y]e | (G)e,

wherep € P,a € A, G C A, and all the usual abbreviations of propositional logic
and conventions for deleting parentheses hold. The dual operators are defined
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as follows: Kqp = —K,—p, (WY =[], and (G) ¢ ::=—[(G)-p. Language
Lpar is the language without the operator (G, and Lgy, is the pure epistemic
language without the operators []p and [G)p.

Formulas of CAL are interpreted in epistemic models.

Definition 2. An epistemic model is a triple M = (W,~,V), where W is a
non-empty set of states, ~: A — P(W x W) assigns an equivalence relation to
each agent, and V : P — P(W) assigns a set of states to each propositional
variable. M is called finite if W is finite. A pair (M, w) with w € W is called a
pointed model. Also, we write My C My if W1 C Ws, ~1 and Vy are restrictions
of ~9 and Vs to W1, and call My a submodel of Ms.

Definition 3. For a pointed model (M,w) and ¢ € Lgr, an updated model
(M, w)? is a restriction of the original model to the states where ¢ holds and to
corresponding relations. Let [y = {w : (M, w) | p} where = is defined below.
Then W% = [@]m, ~&=~a N ([elm X [¢lm) for alla € A, and V¥ (p) =V (p)N
[elar- A model which results in subsequent updates of (M,w) with formulas
D1y« -, P is denoted (M, w)Prr %,

Let £, denote the set of formulas of the form A,.g Ka¢q, where for every
a € G it holds that ¢, € Lgr. In other words, formulas of ECE;L are of the type
‘for all agents a from group\coalition G, a knows a corresponding ¢,.’

Definition 4. Let a pointed model (M, w) with M = (W, ~, V), a € A, and
formulas ¢ and ¥ be given.!

D iffw e V(p)

- Mt (M, w) e

e AP if (M, w) | ¢ and (M,w) v

Kqp ifftVo e W:w~, v implies (M,v) = ¢

Flply iff (M, w) = ¢ implies (M, w)? =1

= (Gl iftvoels, Ixelpy” « (Mw) v — (b Ax)p

The operator for coalition announcements [G))¢ is read as ‘whatever agents
from G announce, there is a simultaneous announcement by agents from A\ G
such that ¢ holds.’

The semantics for the ‘diamond’ version of coalition announcement operators
is as follows:

(M, w) = (G iff FpeLG Vxely® : (M,w) = ¢ A Ax]e

! For comparison, semantics for group announcement operator of the logic GAL men-
tioned in the introduction is (M,w) = [Gly iff V€L, : (M,w) = [¥]p and
(M, w) | (G)p iff ELE,, : (M, w) = ($)p.
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Definition 5. We call formula ¢ valid if and only if for any pointed model
(M, w) it holds that (M, w) = ¢. And ¢ is called satisfiable if and only if there
is some (M,w) such that (M,w) = .

Note that following [1,6] we restrict formulas that agents in a group or coali-
tion can announce to formulas of Lgy. This allows us to avoid circularity in
Definition 4.

2.3 Bisimulation
The basic notion of similarity in modal logic is bisimulation [9, Sect. 3].

Definition 6. Let two models M = (W,~ V) and M' = (W', ~', V') be given.
A non-empty binary relation Z C W x W' is called a bisimulation if and only
if for allw € W and w' € W with (w,w') € Z:

— w and w' satisfy the same propositional variables;

— forallae A and all v € W: if w ~q v, then there is a v’ such that w' ~4 v/
and (v,v') € Z;

— foralla€ A and allv' € W': if w' ~4 v, then there is a v such that w ~, v
and (v,v") € Z.

If there is a bisimulation between models M and M’ linking states w and w', we
say that (M, w) and (M',w') are bisimilar.

Note that any union of bisimulations between two models is a bisimulation,
and the union of all bisimulations is a maximal bisimulation.

Definition 7. Let model M be given. The quotient model of M with respect
to some relation R is MT = (WE ~B VE) where WE = {[w] | w € W} and
[w] = {v | wRv}, [w] ~F [v] iff ' € [w], W' € [v] such that w' ~, v' in M,
and [w] € VE(p) iff Jw’ € [w] such that w' € V(p).

Definition 8. Let model M be given. Bisimulation contraction of M (written
|M||) is the quotient model of M with respect to the mazimal bisimulation of M
with itself. Such a maximal bisimulation is an equivalence relation.

Informally, bisimulation contraction is the minimal representation of M.

Definition 9. A model M is bisimulation contracted if M is isomorphic to
[[M]].

Proposition 1. (||M],w) E ¢ iff (M,w) = ¢ for all ¢ € Lo ar,.

Proof. By a straightforward induction on ¢ using the following facts: bisimula-
tion contraction of a model is bisimilar to the model, bismilar models satisfy the
same formulas of L, and public announcements preserve bisimulation [12]. O
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3 Strategies of Groups of Agents on Finite Models

3.1 Distinguishing Formulas

In this section we introduce distinguishing formulas that are satisfied in only one
(up to bisimulation) state in a finite model (see [10] for details). Although agents
know and can possibly announce an infinite number of formulas, using distin-
guishing formulas allows us to consider only finitely many different announce-
ments. This is done by associating strategies of agents with corresponding dis-
tinguishing formulas. Here and subsequently, all epistemic models are finite and
bisimulation contracted. Also, without loss of generality, we assume that the set
of propositional variables P is finite.

Definition 10. Let a finite epistemic model M be given. Formula ds, s is called
distinguishing for S, 5" C W if S C [ds,5/|m and S"N[ds,s/|ar = 0. If a formula
distinguishes state w from all other non-bismilar states in M, we write §y,.

Proposition 2 ([10]). Let a finite epistemic model M be given. Every pointed
model (M, w) is distinguished from all other non-bisimilar pointed models (M, v)
by some distinguishing formula 6, € Lpr,.

Given a finite model (M, w), distinguishing formula 6., is constructed recur-
sively as follows:

oRFL =50 A /\( /\ f?a5’5AKa \/ 55),

a€A w~gv W~ oV

where 0 < k < |[W/|, and 69, is the conjunction of all literals that are true in w,
; 0.._
ie. o = /\weV(p) pA /\we\/(p) =p.

Having defined distinguishing formulas for states, we can define distinguish-
ing formulas for sets of states:

Definition 11. Let some finite and bisimulation contracted model (M, w), and
a set S of states in M be given. A distinguishing formula for S is

bg = \/ O -

weS

3.2 Strategies

In this section we introduce strategies, and connect them to possible announce-
ments using distinguishing formulas.

Definition 12. Let M/a = {[w1]a, - - -, [Wn]a} be the set of a-equivalence classes
in M. A strategy X, for an agent a in a finite model (M,w) is a union of
equivalence classes of a including [w],. The set of all available strategies of a
is S(a,w) = {[w]e U X, : Xo € UM/a}. Group strategy X¢ is defined as
Noc Xa for all a € G. The set of available strategies for a group of agents G is
S(G,w) = {Ngeq Xa : Xa € S(a,w)}.
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Note, that for any (M, w) and G C A, S(G,w) is not empty, since the trivial
strategy that includes all the states of the current model is available to all agents.

Proposition 3. In a finite model (M, w), for any G C A, S(G,w) is finite.

Proof. Due to the fact that in a finite model there is a finite number of equiva-
lence classes for each agent. O

Thus, in Fig.1 of Sect.2.1 there are three a-equivalence classes: {15,5p,
15,105, 15,155}, {10455, 10,10p,10,15,}, and {54,5p, 5,10, 5,155 }. Let us des-
ignate them by the first element of a corresponding set, i.e. 15,5,, 10,5,
and 5,5,. The set of all available strategies of agent a in (M,15,5,) is
{15&151,7 15,5, U 10,5y, 15,5, U 5,5, 15,5, U 10,5, U 5351,}. Similarly, the set of
all available strategies of agent b in (M, 15,5p): {15.5p, 15455 U 15,10y, 15,5, U
15,155, 15,5, U 15,10, U 15,15,}. Finally, there is a group strategy for
agents a and b that contains only two states — 15,5, and 10,5,. This
strategy is an intersection of a’s 15,5, U 10,5, and b’s 15,5y, that is
{15455, 154104, 154155, 10,55, 10,105, 10,155} N {15,54, 10,55, 5455 }-

Now we tie together announcements and strategies. Each of infinitely many
possible announcements in a finite model corresponds to a set of states where
it is true (a strategy). In a finite bisimulation contracted model, each strategy
is definable by a distinguishing formula, hence it corresponds to an announce-
ment. This allows us to consider finitely many strategies instead of consider-
ing infinitely many possible announcements: there are only finitely many non-
equivalent announcements for each finite model, and each of them is equivalent
to a distinguishing formula of some strategy.

Given a finite and bisimulation contracted model (M, w) and strategy X,
a distinguishing formula éx. for X can be obtained from Definition11 as
\/wGXG 5“"

Next, we show that agents know their strategies and thus can make corre-
sponding announcements.

Proposition 4. Let agent a have strateqgy X, in some finite bisimulation con-
tracted (M,w). Then (M,w) | K,0x,. Also, let Xg:=X,N...N X} be a
strategy, then (M,w) | Kudx, A ...\ Kyox,, where a,...,b e G.

Proof. We show just the first part of the proposition, since the second part fol-
lows easily. By the definition of a strategy, X, = [w1]s U ... U [wy], for some
[wilas - -, [wn]a € M/a. For every equivalence class [w;], there is a corresponding
distinguishing formula dy,,,), . Since for all v € [w;]a, (M, v) = 6}y,], (by Propo-
sition 2), we have that (M,v) = K40[y,],. The same holds for other equivalence
classes of @ including the one with w, and we have (M, w) = K,0x, - O

The following proposition (which follows from Propositions2 and 4) states
that given a strategy, corresponding public announcement yields exactly the
model with states specified by the strategy.
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Proposition 5. Given a finite bisimulation contracted model M = (W,~, V)
and a strategy X,, WHae9%a = X,. More generally, WHKadxa A AKXy — X0
where a,...,b € G.

So, we have tied together announcements and strategies via distinguishing
formulas. From now on, we may abuse notation and write MX¢, meaning that
MX¢ is an update of model M by a joint announcement of agents G that cor-
responds to strategy Xg.

Now, let us reformulate semantics for group and coalition announcement
operators in terms of strategies.

Proposition 6. For a finite bisimulation contracted model (M, w) we have that
(Mvw) ): <[G]>Q0 iff 3Xq € S(Gaw) vAX:LX\G € S(A\Gaw) : (Maw)XGmXA\G ': P-

Proof. By Propositions4 and 5, each strategy corresponds to an announcement.
Each true announcement is a formula of the form K ¢, A ... A Ky, where 1), is
a formula which is true in every state of some union of a-equivalence classes and
corresponds to a strategy. Similarly for announcements by groups. Hence we can
substitute quantification over formulas with quantification over strategies in the
truth definitions. O

Definition 13. Let some finite bisimulation contracted model (M,w) and G
be given. A maximally informative announcement is a formula ¢ € LG, such
that w € WY and for all o' € LS, such that w € WY it holds that W¥ C
WY, For finite models such an announcement always exists [3]. We will call the
corresponding strategy X the strongest strategy on a given model.

Intuitively, the strongest strategy is the smallest available strategy. Note that
in a bisimulation contracted model (M, w), the strongest strategy of agents G is
Xa =[wlgN...N[w for a,...,b € G, that is agents’ strategies consist of the
single equivalence classes that include the current state.

4 Model Checking for CAL

Employing strategies allows for a rather simple model checking algorithm for
CAL. We switch from quantification over infinite number of epistemic formulas,
to quantification over a finite set of strategies (Sect.4.1). Moreover, we show
that if the target formula is a positive PAL formula, then model checking is even
more effective (Sect.4.2).

4.1 General Case
First, let us define the model checking problem.

Definition 14. Let some model (M,w) and some formula ¢ be given. The
model checking problem is the problem to determine whether p is satisfied in
(M, w).
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Algorithm 1 takes a finite model M, a state w of the model, and some ¢q €
Lcar as an input, and returns true if g is satisfiable in the model, and false
otherwise.

Algorithm 1. me(M, w, o)
1: case po:
2:  p:if w € V(p) then return true else return false;
= : if me(M,w,¢) then return false else return true;
e A if me(M,w,p) Amc(M,w,1) then return true else return false;
Kqp:
check = true
for all v such that w ~, v
if —=mc(M, v, ¢) then check = false
return check
6:  [¢]p : compute the ¥-submodel MY of M
if w € WY then return mc(MY,w, ) else return true;
7 (G): compute (|| M|, w) and sets of strategies S(G,w) and S(A\ G, w)
for all X¢ € S(G,w)
check = true
for all X \¢ € S(A\ G,w)
if ~me(||M||*e"¥a\é w, ) then check = false
if check then return true
return false.

Now, we show correctness of the algorithm.

Proposition 7. Let (M,w) and ¢ € Lcar be given. Algorithm me(M,w, @)
returns true iff (M, w) E ¢.

Proof. By a straightforward induction on the complexity of ¢. We use Proposi-
tion 6 to prove the case for (G):
=: Suppose mc(M,w, (G)p) returns true. By line 7 this means that for some
strategy X and all strategies X a\q, mc([|M|[|¥e"¥a\e w, @) returns true. By
the induction hypothesis, (|[M||,w)*¢"Xa\¢ = ¢ for some X¢ and all X 4\¢,
and (||M||,w) = (G) by the semantics.

<: Let (| M|, w) E {G), which means that there is some strategy X such
that for all Xa\q, (|[M||,w)*¢"¥a\¢ = ¢. By the induction hypothesis, the
latter holds iff for some X and for all X 4\, me([|M||¥e"¥a\e w, o) returns
true. By line 7, we have that mc(||M||, w, {G)¢) returns true.

Proposition 8. Model checking for CAL is PSPACE-complete.

Proof. All the cases of the model checking algorithm apart from the case for (G))
require polynomial time (and polynomial space as a consequence). The case for
(G) iterates over exponentially many strategies. However each iteration can be



20 R. Galimullin et al.

computed using only polynomial amount of space to represent (||M]|,w) (which
contains at most the same number of states as the input model M) and the
result of the update (which is a submodel of (|| M]|,w)) and make a recursive
call to check whether ¢ holds in the update. By reusing space for each iteration,
we can compute the case for (G]) using only polynomial amount of space.
Hardness can be obtained by a slight modification of the proof of PSPACE-
hardness of the model-checking problem for GAL in [1]. The proof encodes satis-
fiability of a quantified boolean formula as a problem whether a particular GAL
formula is true in a model corresponding to the QBF formula. Since the encoding
uses only two agents: an omniscient g and a universal i, we can replace [g] and
(g) with [(¢9)] and (g] (since i’s only strategy is equivalent to T) and obtain a
CAL encoding. O

4.2 Positive Case

In this section we demonstrate the following result: if in a given formula of Lo 4y,
subformulas within scopes of coalition announcement operators are positive PAL
formulas, then complexity of model checking is polynomial.

Allowing coalition announcement modalities to bind only positive formulas
is a natural restriction. Positive formulas have a special property: if the sum of
of knowledge of agents in G (their distributed knowledge) includes a positive
formula ¢, then ¢ can be made common knowledge by a group or coalition
announcement by G. Formally, for a positive ¢, (M, w) = Dgy implies (M, w) |=
({G)Cqyp, where D¢ stands for distributed knowledge which is interpreted by the
intersection of all ~, relations, and C¢g stands for common knowledge which is
interpreted by the transitive and reflexive closure of the union of all ~, relations.
See [11,13], and also [5] where this is called resolving distributed knowledge. In
other words, positive epistemic formulas can always be resolved by cooperative
communication. Negative formulas do not have this property. For example, it
can be distributed knowledge of agents a and b that p and ~Kyp: D43 (p A
—K3p). However it is impossible to achieve common knowledge of this formula:
C{apy (pA—-Kpp) is inconsistent, since it implies both Kjpp and = Kjp. Going back
to the example in Sect. 2.1, it is distributed knowledge of a and b that K,15, and
K35p. Both formulas are positive and can be made common knowledge if a and
b honestly report the amount of money they have. However it is also distributed
knowledge that =K ,5, and =K}15,. The conjunction

K, 15, N Kpby N K 5y A K15,

is distributed knowledge, but it cannot be made common knowledge for the same
reasons as above.

Definition 15. The language Lpar+ of the positive fragment of public
announcement logic PAL is defined by the following BNF:

o, u=p|-p|(eAY) | (V)| Kap | [-Y]p,

where p € P and a € A.
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Definition 16. Formula ¢ is preserved under submodels if for any models M,
and My, My C My and (M1, w) | ¢ implies (Ma,w) = ¢.

A known result that we use in this section states that formulas of Lp 41+ are
preserved under submodels [13]. We also need the following special fact:

Proposition 9. (G)¢ < [A\ G)¢ is valid for positive ¢ on finite bisimulation
contracted models.

Proof. The left-to-right direction is generally valid and we omit the proof.
Suppose that (M,w) E [A \ G)¢. By Proposition6, we have that for all
Xa\qg, there is some X¢g such that (M,w)Xa\¢"Xc = . This implies that
(M, w)"\¢"Xe = o for the trivial strategy T 4\¢ and some X¢. The latter is
equivalent to (M,w)X¢ = ¢. Since ¢ is positive (and hence preserved under
submodels), (M, w)X¢e = ¢, where X¢, is the strongest strategy of G. The latter
implies (again, due to the fact that ¢ is positive) that for all updates of the
form X¢, N X4\ (since they generate a submodel of (M, w)Xc), we also have

(M, w)¥c"Xa\e = . And this is (M, w) = (G)¢ by Proposition 6. O
Now we are ready to deal with model checking for the positive case.

Proposition 10. Let ¢ € Lcar be a formula such that all its subformulas
¥ that are within scopes of (G) belong to fragment Lpar+ . Then the model
checking problem for CAL is in P.

Proof. For this particular case we modify Algorithm 1 by inserting the following
instead of the case on line 7:

(G): compute (||M||,w) and (||M||¥¢,w), where Xg corresponds to the
strongest strategy of G,
if mc(||M]|*¢,w, ) then return true else return false.

For all subformulas of ¢g, the algorithm calls are in P. Consider the modified
call for (G)p. It requires constructing a single update model given a specified
strategy, which is a simple case of restricting the input model to the set of states
in the strategy. This can be done in polynomial time. Then we call the algorithm
on the updated model for ¢, which by assumption requires polynomial time. O

Now, let us show that the algorithm is correct.

Proposition 11. Let (M,w) and ¢ € Lpap+ be given. The modified algorithm
me(M,w, p) returns true iff (M, w) = .
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Proof. By induction on ¢. We show the case for (G):

=: Suppose that me(M, w, (G) ) returns true. This means that me(||M || X<,
w, ) returns true, where X¢ is the strongest strategy of G. By the induction
hypothesis, we have that (||M||,w)*¢ = ¢. Since ¢ is positive, for all stronger
updates X N X 4\ it holds that (|[M||,w)*¢™¥a\e k= o, which is (||[M||,w) =
(G) by Proposition 6. Finally, the latter model is bisimilar to (M, w) and hence
(M, w) = (G)y.

<: Let (M, w) = (G)¢. By Proposition 6 this means that there is some X¢
such that for all X 4\g: (M, w)*¢"¥4\¢ |= . Set of all X 4\g’s also includes the
trivial strategy T 4\¢, and we have (M, w)XeNTa\e = which is equivalent
to (M, w)X¢ |= ¢. Since ¢ is positive and hence preserved under submodels,
(M, w)Xé = ¢, where X(; is the strongest strategy of G. By the induction
hypothesis, we have that me(||M]|X6, w, ) returns true. And by line 7 of the
modified algorithm, we conclude that me(||M||, w, {(G)) returns true. O

The case of [[G) is resolved by translating the formula into {A\ G))¢, which
is allowed by Proposition 9.

5 Concluding Remarks

We have shown that the model checking problem for CAL is PSPACE-complete,
just like the one for GAL [1] and APAL [6]. However, in a special case when
formulas within scopes of coalition modalities are positive PAL formulas, the
model checking problem is in P. The same result would apply to GAL and
APAL; in fact, in those cases the formulas in the scope of group and arbitrary
announcement modalities can belong to a larger positive fragment (the positive
fragment of GAL and of APAL, respectively, rather than of PAL). The latter is
due to the fact that GAL and APAL operators are purely universal, while CAL
operators combine universal and existential quantification, and CAL does not
appear to have a non-trivial positive fragment extending that of PAL.

There are several interesting open questions. For example, the relative expres-
sivity of GAL and CAL is still an open question. It is also not known what is
the model checking complexity for coalition logics with more powerful actions
like private announcements [7].

Acknowledgements. We thank anonymous IJCAI 2018 and KI 2018 referees for

constructive comments, and IJCAI 2018 referees for finding an error in the earlier
version of this paper.

References

1. Agotnes, T., Balbiani, P., van Ditmarsch, H., Seban, P.: Group announcement
logic. J. Appl. Logic 8(1), 62-81 (2010). https://doi.org/10.1016/j.jal.2008.12.002


https://doi.org/10.1016/j.jal.2008.12.002

10.

11.

12.

13.

14.

15.

16.

17.

Model Checking for CAL 23

Agotnes, T., van Ditmarsch, H.: Coalitions and announcements. In: Padgham, L.,
Parkes, D.C., Miiller, J.P., Parsons, S. (eds.) 7th International Joint Conference on
Autonomous Agents and Multiagent Systems (AAMAS 2008), Estoril, Portugal,
12-16 May 2008, vol. 2, pp. 673-680. IFAAMAS (2008). https://doi.org/10.1145/
1402298.1402318

Agotnes, T., van Ditmarsch, H.: What will they say? - public announcement games.
Synthese 179(Suppl.-1), 57-85 (2011). https://doi.org/10.1007/s11229-010-9838-
8

Agotnes, T., van Ditmarsch, H., French, T.S.: The undecidability of quantified
announcements. Studia Logica 104(4), 597-640 (2016). https://doi.org/10.1007/
$11225-016-9657-0

Agotnes, T., Wéng, Y.N.: Resolving distributed knowledge. Artif. Intell. 252, 1-21
(2017). https://doi.org/10.1016/j.artint.2017.07.002

Balbiani, P., Baltag, A., van Ditmarsch, H., Herzig, A., Hoshi, T., de Lima, T.:
‘Knowable’ as ‘known after an announcement’. Rev. Symb. Logic 1(3), 305-334
(2008). https://doi.org/10.1017/S1755020308080210

Baltag, A., Moss, L.S., Solecki, S.: The logic of public announcements and com-
mon knowledge and private suspicions. In: Proceedings of the 7th Conference on
Theoretical Aspects of Rationality and Knowledge (TARK 1998), Evanston, IL,
USA, 22-24 July 1998, pp. 43-56 (1998)

van Benthem, J.: Logic in Games. MIT Press, Cambridge (2014)

Blackburn, P., van Benthem, J.: Modal logic: a semantic perspective. In: Blackburn,
P., van Benthem, J., Wolter, F. (eds.) Handbook of Modal Logic, pp. 1-84. Elsevier,
New York (2006)

van Ditmarsch, H., Ferndndez-Duque, D., van der Hoek, W.: On the definability of
simulation and bisimulation in epistemic logic. J. Logic Comput. 24(6), 1209-1227
(2014). https://doi.org/10.1093/logcom/exs058

van Ditmarsch, H., French, T., Hales, J.: Positive announcements. CoRR
abs/1803.01696 (2018). http://arxiv.org/abs/1803.01696

van Ditmarsch, H., van der Hoek, W., Kooi, B.: Dynamic Epistemic Logic. Synthese
Library, vol. 337. Springer, Dordrecht (2008). https://doi.org/10.1007/978-1-4020-
5839-4

van Ditmarsch, H., Kooi, B.: The secret of my success. Synthese 153(2), 339-339
(2006). https://doi.org/10.1007/s11229-006-8493-6

Hintikka, J.: Knowledge and Belief. An Introduction to the Logic of the Two
Notions. Cornell University Press, Ithaca (1962)

Parikh, R.: The logic of games and its applications. In: Karplnski, M., van Leeuwen,
J. (eds.) Topics in the Theory of Computation, Annals of Discrete Mathematics,
vol. 24, pp. 111-139. Elsevier Science, Amsterdam (1985). https://doi.org/10.1016/
S0304-0208(08)73078-0

Pauly, M.: A modal logic for coalitional power in games. J. Logic Comput. 12(1),
149-166 (2002). https://doi.org/10.1093/logcom/12.1.149

Plaza, J.: Logics of public communications (reprint of 1989’s paper). Synthese
158(2), 165-179 (2007). https://doi.org/10.1007 /s11229-007-9168-7


https://doi.org/10.1145/1402298.1402318
https://doi.org/10.1145/1402298.1402318
https://doi.org/10.1007/s11229-010-9838-8
https://doi.org/10.1007/s11229-010-9838-8
https://doi.org/10.1007/s11225-016-9657-0
https://doi.org/10.1007/s11225-016-9657-0
https://doi.org/10.1016/j.artint.2017.07.002
https://doi.org/10.1017/S1755020308080210
https://doi.org/10.1093/logcom/exs058
http://arxiv.org/abs/1803.01696
https://doi.org/10.1007/978-1-4020-5839-4
https://doi.org/10.1007/978-1-4020-5839-4
https://doi.org/10.1007/s11229-006-8493-6
https://doi.org/10.1016/S0304-0208(08)73078-0
https://doi.org/10.1016/S0304-0208(08)73078-0
https://doi.org/10.1093/logcom/12.1.149
https://doi.org/10.1007/s11229-007-9168-7

q

Check for
updates

Fusing First-Order Knowledge
Compilation and the Lifted Junction Tree
Algorithm

Tanya Braun®™) and Ralf Moller

University of Liibeck, Liibeck, Germany
{braun,moeller}@ifis.uni-luebeck.de

Abstract. Standard approaches for inference in probabilistic for-
malisms with first-order constructs include lifted variable elimination
(LVE) for single queries as well as first-order knowledge compilation
(FOKC) based on weighted model counting. To handle multiple queries
efficiently, the lifted junction tree algorithm (LJT) uses a first-order clus-
ter representation of a model and LVE as a subroutine in its computa-
tions. For certain inputs, the implementation of LVE and, as a result,
LJT ground parts of a model where FOKC runs without groundings.
The purpose of this paper is to prepare LJT as a backbone for lifted
query answering and to use any exact inference algorithm as subroutine.
Fusing LJT and FOKC, by setting FOKC as a subroutine, allows us to
compute answers faster than FOKC alone and LJT with LVE for certain
inputs.

Keywords: Lifting - Probabilistic logical models
Variable elimination - Weighted model counting

1 Introduction

AT areas such as natural language understanding and machine learning need effi-
cient inference algorithms. Modeling realistic scenarios yields large probabilistic
models, requiring reasoning about sets of individuals. Lifting uses symmetries in
a model to speed up reasoning with known domain objects. We study probabilis-
tic inference in large models that exhibit symmetries with queries for probability
distributions of random variables (randvars).

In the last two decades, researchers have advanced probabilistic inference
significantly. Propositional formalisms benefit from variable elimination (VE),
which decomposes a model into subproblems and evaluates them in an efficient
order [28]. Lifted VE (LVE), introduced in [21] and expanded in [19,22,25],
saves computations by reusing intermediate results for isomorphic subproblems.
Taghipour et al. formalise LVE by defining lifting operators while decoupling the
constraint language from the operators [26]. The lifted junction tree algorithm
(LJT) sets up a first-order junction tree (FO jtree) to handle multiple queries
© Springer Nature Switzerland AG 2018
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efficiently [4], using LVE as a subroutine. LJT is based on the propositional junc-
tion tree algorithm [18], which includes a junction tree (jtree) and a reasoning
algorithm for efficient handling of multiple queries. Approximate lifted infer-
ence often uses lifting in conjunction with belief propagation [1,15,24]. To scale
lifting, Das et al. use graph databases storing compiled models to count faster
[14]. Other areas incorporate lifting to enhance efficiency, e.g., in continuous or
dynamic models [12,27], logic programming [3], and theorem proving [16].

Logical methods for probabilistic inference are often based on weighted model
counting (WMC) [11]. Propositional knowledge compilation (KC) compiles a
weighted model into a deterministic decomposable negation normal form (d-
DNNF) circuit for probabilistic inference [13]. Chavira and Darwiche combine
VE and KC as well as algebraic decision diagrams for local symmetries to further
optimise inference runtimes [10]. Van den Broeck et al. apply lifting to KC and
WMC, introducing weighted first-order model counting (WFOMC) and a first-
order d-DNNF [7,9], with newer work on asymmetrical models [8].

For certain inputs, LVE, LJT, and FOKC start to struggle either due to
model structure or size. The implementations of LVE and, as a consequence,
LJT ground parts of a model if randvars of the form Q(X), Q(Y), X # Y appear,
where parameters X and Y have the same domain, even though in theory, LVE
handles those occurrences of just-different randvars [2]. While FOKC does not
ground in the presence of such constructs in general, it can struggle if the model
size increases. The purpose of this paper is to prepare LJT as a backbone for
lifted query answering (QA) to use any exact inference algorithm as a subroutine.
Using FOKC and LVE as subroutines, we fuse LJT, LVE, and FOKC to compute
answers faster than LJT, LVE, and FOKC alone for the inputs described above.

The remainder of this paper is structured as follows: First, we introduce nota-
tions and FO jtrees and recap LJT. Then, we present conditions for subroutines
of LJT, discuss how LVE works in this context and FOKC as a candidate, before
fusing LJT, LVE, and FOKC. We conclude with future work.

2 Preliminaries

This section introduces notations and recap LJT. We specify a version of the
smokers example (e.g., [9]), where two friends are more likely to both smoke
and smokers are more likely to have cancer or asthma. Parameters allow for
representing people, avoiding explicit randvars for each individual.

Parameterised Models. To compactly represent models with first-order con-
structs, parameterised models use logical variables (logvars) to parameterise
randvars, abbreviated PRVs. They are based on work by Poole [20].

Definition 1. Let L, &, and R be sets of logvar, factor, and randvar names
respectively. A PRV R(Li,...,L,), n > 0, is a syntactical construct with
R e R and Ly,...,L, € L to represent a set of randvars. For PRV A, the
term range(A) denotes possible values. A logvar L has a domain D(L). A con-
straint (X, Cx) is a tuple with a sequence of logvars X = (X1,...,Xy) and a set
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Cx C xI_D(X;) restricting logvars to given values. The symbol T marks that
no restrictions apply and may be omitted. For some P, the term lv(P) refers to
its logvars, rv(P) to its PRVs with constraints, and gr(P) to all instances of P
grounded w.r.t. its constraints.

For the smoker example, let L = {X,Y} and R = {Smokes, Friends} to
build boolean PRVs Smokes(X), Smokes(Y'), and Friends(X,Y). We denote
A = true by a and A = false by —a. Both logvar domains are {alice, eve,
bob}. An inequality X # Y yields a constraint C = ((X,Y),{(alice,eve),
(alice,bob), (eve,alice), (eve,bob), (bob,alice), (bob,eve)}). gr(Friends(X,Y)|C)
refers to all propositional randvars that result from replacing X,Y with the
tuples in C. Parametric factors (parfactors) combine PRVs as arguments. A
parfactor describes a function, identical for all argument groundings, that maps
argument values to the reals (potentials), of which at least one is non-zero.

Definition 2. Let X C L be a set of loguars, A = (A1,...,A,) a sequence of
PRVs, each built from R and possibly X, ¢ : x?_range(A;) — Rt a function,
¢ € D, and C a constraint (X,Cx). We denote a parfactor g by VX : ¢(A)|C.
We omit (VX :) if X = lv(A). A set of parfactors forms a model G := {g;}I"_,.

We define a model G, for the smoker example, adding the binary
PRVs Cancer(X) and Asthma(X) to the ones above. The model reads
Gex = {9i}_0, 90 = ¢o(Friends(X,Y), Smokes(X), Smokes(Y))|C, g1 =
o1(Friends(X,Y))|C, g2 = ¢p2(Smokes(X))|T, g5 = ¢3(Cancer(X))|T, g4 =
@5(Smokes(X), Asthma(X))|T, and g5 = ¢4(Smokes(X), Cancer(X))|T. go
has eight, g1 to g3 have two, and g4 and g5 four input-output pairs (omitted
here). Constraint C refers to the constraint given above. The other constraints
are T. Figurel depicts G, as a graph with five variable nodes and six factor
nodes for the PRVs and parfactors with edges to arguments.

The semantics of a model G is given by grounding and building a full joint
distribution. With Z as the normalisation constant, G represents the full joint
probability distribution Pg = % I Fegr(@) f- The QA problem asks for a likeli-
hood of an event, a marginal distribution of some randvars, or a conditional dis-
tribution given events, all queries boiling down to computing marginals w.r.t. a
model’s joint distribution. Formally, P(Q|E) denotes a (conjunctive) query with

c, @mokes()() Asthma(XD
‘ {Smokes(X)}
Cs @mokes(x) Friends(X, YD
‘ {Smokes(X)}

Cs (S'mokes(X) Cancer(XD

Fig. 1. Parfactor graph for Ges Fig. 2. FO jtree for Ges (local models in
grey)
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Algorithm 1. Outline of the Lifted Junction Tree Algorithm

procedure LJT(Model G, Queries {Q;}}L;, Evidence E)

Construct FO jtree J for G

Enter E into J

Pass messages on J

for each query Q; do
Find subtree J' for Q;
Extract submodel G’ of local models in J’ and outside messages into J’
Answer Q; on G’

Q a set of grounded PRVs and E = {E}, = ey }1, a set of events (grounded PRVs
with range values). If E = (), the query is for a conditional distribution. A query
for Gey is P(Cancer(eve)|friends(eve, bob), smokes(bob)). We call Q = {Q} a
singleton query. Lifted QA algorithms seek to avoid grounding and building a
full joint distribution. Before looking at lifted QA, we introduce FO jtrees.

First-Order Junction Trees. LJT builds an FO jtree to cluster a model into
submodels that contain all information for a query after propagating information.
An FO jtree, defined as follows, constitutes a lifted version of a jtree. Its nodes are
parameterised clusters (parclusters), i.e., sets of PRVs connected by parfactors.

Definition 3. Let X be a set of loguvars, A a set of PRVs with lv(A) C X, and
C a constraint on X. Then, YX:A|C denotes a parcluster. We omit (VX:) if
X =1v(A). An FO jtree for a model G is a cycle-free graph J = (V, E), where
V is the set of nodes (parclusters) and E the set of edges. J must satisfy three
properties: (i) VC; € V: C; C rv(G). (i) Vg € G: 3C; € V s.t. rv(g) C C;.
(111) If 3A € rv(G) s.t. A € C; AN A € Cj, then YCyi, on the path between C;
and C;: A € Cy. The parameterised set S;;, called separator of edge {i,j} € E,
is defined by C; N C;. The term nbs(i) refers to the neighbours of node i. Each
C; € V has a local model G; and Vg € G;: rv(g) C C,;. The G;’s partition G.

Figure 2 shows an FO jtree for G, with the following parclusters, C; = VX :
{Smokes(X), Asthma(X)}T, Co = VX,Y : {Smokes(X), Friends(X,Y)}|C,
and C3 = VX : {Smokes(X),Cancer(X)}|T. Separators are Sia = So3 =
{Smokes(X)}. As Smokes(X) and Smokes(Y) model the same randvars, Cy
names only one. Parfactor go appears at Cs but could be in any local model as
rv(ge) = {Smokes(X)} C C; Vi € {1,2,3}. [4] details building FO jtrees.

Lifted Junction Tree Algorithm. LJT answers a set of queries efficiently by
answering queries on smaller submodels. Algorithm 1 outlines LJT for a set of
queries (cf. [4] for details). LJT starts with constructing an FO jtree. It enters
evidence for a local model to absorb whenever the evidence randvars appear in a
parcluster. Message passing propagates local information through the FO jtree
in two passes: LJT sends messages from the periphery towards the center and
then back. A message is a set of parfactors over separator PRVs. For a message
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m;; from node i to neighbour j, LJT eliminates all PRVs not in separator S;;
from G, and the messages from other neighbours using LVE. Afterwards, each
parcluster holds all information of the model in its local model and received
messages. LJT answers a query by finding a subtree whose parclusters cover the
query randvars, extracting a submodel of local models and outside messages,
and answering the query on the submodel. In the original LJT, LJT eliminates
randvars for messages and queries using LVE.

3 LJT as a Backbone for Lifted Inference

LJT provides general steps for efficient QA given a set of queries. It constructs an
FO jtree and uses a subroutine to propagate information and answer queries. To
ensure a lifted algorithm run without groundings, evidence entering and message
passing impose some requirements on the algorithm used as a subroutine. After
presenting those requirements, we analyse how LVE matches the requirements
and to what extend FOKC can provide the same service.

Requirements. LJT has a domain-lifted complexity, meaning that if a model
allows for computing a solution without grounding part of a model, LJT is
able to compute the solution without groundings, i.e., has a complexity linear
in the domain size of the logvars. Given a model that allows for computing
solutions without grounding part of a model, the subroutine must be able to
handle message passing and query answering without grounding to maintain the
domain-lifted complexity of LJT.

Evidence displays symmetries if observing the same value for n instances
of a PRV [26]. Thus, for evidence handling, the algorithm needs to be able to
handle a set of observations for some instances of a single PRV in a lifted way.
Calculating messages entails that the algorithm is able to calculate a form of
parameterised, conjunctive query over the PRVs in the separator. In summary,
LJT requires the following:

1. Given evidence in the form of a set of observations for some instances of a
single PRV, the subroutine must be able to absorb the evidence independent
of the size of the set.

2. Given a parcluster with its local model, messages, and a separator, the sub-
routine must be able to eliminate all PRVs in the parcluster that do not
appear in the separator in a domain-lifted way.

The subroutine also establishes which kind of queries LJT can answer. The
expressiveness of the query language for LJT follows from the expressiveness of
the inference algorithm used. If an algorithm answers queries of single randvar,
LJT answers this type of query. If an algorithm answers maximum a posteriori
(MAP) queries, the most likely assignment to a set of randvars, LIJT answers
MAP queries. Next, we look at how LVE fits into LJT.
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Algorithm 2. Outlines of Lifted QA Algorithms

function LVE(Model G, Query Q, Evidence E)
Absorb E in G
while G has non-query PRVs do
if PRV A fulfils sum-out preconditions then
Eliminate A using sum-out
else
Apply transformator

return Multiply parfactors in G > a-normalise

procedure FOKC(Model G, Queries {Q;}jL;, Evidence E)
Reduce G to WFOMC problem with A, wr, wg
Compile a circuit C. for A, E
for each query @; do
Compile a circuit Cqe for A, Q;, E
Compute P(Q;|E) through WFOMCs in Cye, Ce

Lifted Variable Elimination. First, we take a closer look at LVE before
analysing it w.r.t. the requirements of LJT. To answer a query, LVE eliminates
all non-query randvars. In the process, it computes VE for one case and exponen-
tiates its result for isomorphic instances (lifted summing out). Taghipour imple-
ments LVE through an operator suite (see [26] for details). Algorithm 2 shows an
outline. All operators have pre- and postconditions to ensure computing a result
equivalent to one for gr(G). Its main operator sum-out realises lifted summing
out. An operator absorb handles evidence in a lifted way. The remaining opera-
tors (count-convert, split, expand, count-normalise, multiply, ground-logvar) aim
at enabling lifted summing out, transforming part of a model.

LVE as a subroutine provides lifted absorption for evidence handling. Lifted
absorption splits a parfactor into one part, for which evidence exists, and one
part without evidence. The part with evidence then absorbs the evidence by
absorbing it once and exponentiating the result for all isomorphic instances.
For messages, a relaxed QA routine computes answers to parameterised queries
without making all instances of query logvars explicit. LVE answers queries for
a likelihood of an event, a marginal distribution of a set of randvars, and a
conditional distribution of a set of randvars given events. LJT with LVE as a
subroutine answers the same queries. Extensions to LJT or LVE enable even
more query types, such as queries for a most probable explanation or MAP [5].

First-Order Knowledge Compilation. FOKC aims at solving a WFOMC
problem by building FO d-DNNF circuits given a query and evidence and com-
puting WFOMC s on the circuits. Of course, different compilation flavours exist,
e.g., compiling into a low-level language [17]. But, we focus on the basic version
of FOKC. We briefly take a look at WFOMC problems, FO d-DNNF circuits,
and QA with FOKC, before analysing FOKC w.r.t. the LJT requirements. See
[9] for details.
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Let A be a theory of constrained clauses and wr a positive and wg a negative
weight function. Clauses follow standard notations of (function-free) first-order
logic. A constraint expresses, e.g., an (in)equality of two logvars. wy and wpg
assign weights to predicates in A. A WFOMC problem consists of computing

S [T wrpred@) [ wepred(a))

IE=Aacl a€HB(T)\I

where I is an interpretation of A that satisfies A, HB(T) is the Herbrand base
and pred maps atoms to their predicate. See [6] for a description of how to
transform parfactor models into WFOMC problems.

FOKC converts A to be in FO d-DNNF, where all conjunctions are decom-
posable (all pairs of conjuncts independent) and all disjunctions are deterministic
(only one disjunct true at a time). The normal form allows for efficient reason-
ing as computing the probability of a conjunction decomposes into a product of
the probabilities of its conjuncts and computing the probability of a disjunction
follows from the sum of probabilities of its disjuncts. An FO d-DNNF circuit
represents such a theory as a directed acyclic graph. Inner nodes are labelled
with V and A. Additionally, set-disjunction and set-conjunction represent iso-
morphic parts in A. Leaf nodes contain atoms from A. The process of forming
a circuit is called compilation.

Now, we look at how FOKC answers queries. Algorithm 2 shows an outline
with input model G, a set of query randvars {Q;},, and evidence E. FOKC
starts with transforming G into a WFOMC problem A with weight functions wp
and wpg. It compiles a circuit C, for A including E. For each query Q;, FOKC
compiles a circuit Cye for A including E and @Q;. It then computes

WFOMC (Cye,wr, wr) (1)
WFOMC(CE,’U}T/LUF)

by propagating WFOMCs in Cg and C. based on wr and wp. FOKC can reuse
the denominator WFOMC for all @;.

Regarding the potential of FOKC as a subroutine for LJT, FOKC does not
fulfil all requirements. FOKC can handle evidence through conditioning [7]. But,
a lifted message passing is not possible in a domain-lifted and exact way without
restrictions. FOKC answers queries for a likelihood of an event, a marginal dis-
tribution of a single randvar, and a conditional distribution for a single randvar
given events. Inherently, conjunctive queries are only possible if the conjuncts
are probabilistically independent [13], which is rarely the case for separators.
Otherwise, FOKC has to invest more effort to take into account that the prob-
abilities overlap. Thus, the restricted query language means that LJT cannot
use FOKC for message calculations in general. Given an FO jtree with singleton
separators, message passing with FOKC as a subroutine may be possible. FOKC
as such takes ground queries as input or computes answers for random ground-
ings, so FOKC for message passing needs an extension to handle parameterised
queries. FOKC may not fulfil all requirements, but we may combine LJT, LVE,
and FOKC into one algorithm to answer queries for models where LJT with
LVE as a subroutine struggles.

P(Qi|E) =
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Algorithm 3. Outline of LITKC

procedure LITKC(Model G, Queries {Q;}7;, Evidence E)
Construct FO jtree J for G
Enter E into J
Pass messages on J > LVE as subroutine
for each parcluster C; of J with local model G; do
Form submodel G «— G U U, c,,ps(i) Mg
Reduce G’ to WFOMC problem with A;, wh, wh
Compile a circuit C; for A;
Compute ¢; = WFOMC (Ci, wh, w')
for each query Q; do
Find parcluster C; where @Q; € C;
Compile a circuit Cq for A;, @Q;
Compute ¢, = WFOMC (Cy, wh, w')
Compute P(Q;|E) = ¢q/ci

4 Fusing LJT, LVE, and FOKC

We now use LJT as a backbone and LVE and FOKC as subroutines, fusing all
three algorithms. Algorithm 3 shows an outline of the fused algorithm named
LJTKC. Inputs are a model G, a set of queries {Qj}g-”zl, and evidence E. Each
query @; has a single query term in contrast to a set of randvars Q; in LVE and
LJT. The change stems from FOKC to ensure a correct result. As a consequence,
LJTKC has the same expressiveness regarding the query language as FOKC.

The first three steps of LJTKC coincide with LJT as specified in Algorithm 2:
LJTKC builds an FO jtree J for G, enters E into J, and passes messages in J
using LVE for message calculations. During evidence entering, each local model
covering evidence randvars absorbs evidence. LJTKC calculates messages based
on local models with absorbed evidence, spreading the evidence information
along with other local information. After message passing, each parcluster C;
contains in its local model and received messages all information from G and E.
This information is sufficient to answer queries for randvars contained in C; and
remains valid as long as G and E do not change. At this point, FOKC starts to
interleave with the original LJT procedure.

LJTKC continues its preprocessing. For each parcluster C;, LITKC extracts
a submodel G’ of local model G; and all messages received and reduces G’ to
a WFOMC problem with theory A; and weight functions wi., wé.. It does not
need to incorporate E as the information from E is contained in G’ through
evidence entering and message passing. LIJTKC compiles an FO d-DNNF circuit
C; for A; and computes a WFOMC ¢; on C;. In precomputing a WFOMC ¢; for
each parcluster, LJTKC utilises that the denominator of Eq. (1) is identical for
varying queries on the same model and evidence. For each query handled at C;,
the submodel consists of G, resulting in the same circuit C; and WFOMC ;.

To answer a query ();, LJTKC finds a parcluster C; that covers @); and
compiles an FO d-DNNF circuit C, for A; and @;. It computes a WFOMC
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¢q in C4 and determines an answer to P(Q;|E) by dividing the just computed
WFOMC ¢, by the precomputed WFOMC ¢; of this parcluster. LITKC reuses
A;, wh, and wé from preprocessing.

Example Run. For G.;, LITKC builds an FO jtree as depicted in Fig.2.
Without evidence, message passing commences. LJTKC sends messages from
parclusters C; and Cj to parcluster C, and back. For message mqo from C; to
C,, LITKC eliminates Asthma(X) from G; using LVE. For message msy from
C; to Cq, LITKC eliminates Cancer(X) from Gs using LVE. For the messages
back, LJITKC eliminates Friends(X,Y’) each time, for message mo; to C; from
G2 Umgy and for message moz to Cz from Go U mqo. Each parcluster holds
all model information encoded in its local model and received messages, which
form the submodels for the compilation steps. At C;, the submodel contains
G1 = {94} and mg;. At Cy, the submodel contains Go = {go, g1, g2}, m12, and
maa. At Cs, the submodel contains G3 = {g3, g5} and mas.

For each parcluster, LJTKC reduces the submodel to a WFOMC problem,
compiles a circuit for the problem specification, and computes a parcluster
WFOMC. Given, e.g., query randvar Cancer(eve), LJTKC takes a parcluster
that contains the query randvar, here Cs. It compiles a circuit for the query
and As, computes a query WFOMC c¢,, and divides ¢, by c3 to determine
P(cancer(eve)). Next, we argue why QA with LITKC is sound.

Theorem 1. LJTKC is sound, i.e., computes a correct result for a query Q
given a model G and evidence E.

Proof sketch. We assume that LJT is correct, yielding an FO jtree J for model
G, which means, J fulfils the three junction tree properties, which allows for local
computations based on [23]. Further, we assume that LVE is correct, ensuring
correct computations for evidence entering and message passing, and that FOKC
is correct, computing correct answers for single term queries.

LJTKC starts with the first three steps of LJT. It constructs an FO jtree
for G, allowing for local computations. Then, LITKC enters E and calculates
messages using LVE, which produces correct results given LVE is correct. After
message passing, each parcluster holds all information from G and E in its local
model and received messages, which allows for answering queries for randvars
that the parcluster contains. At this point, the FOKC part takes over, taking
all information present at a parcluster and compiling a circuit and computing
a WFOMC, which produces correct results given FOKC is correct. The same
holds for the compilation and computations done for query Q. Thus, LJTKC
computes a correct result for @ given G and E. g

Theoretical Discussion. We discuss space and runtime performance of LJT,
LVE, FOKC, and LIJTKC in comparison with each other.

LJT requires space for its FO jtree as well as storing the messages at each
parcluster, while FOKC takes up space for storing its circuits. As a combination
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of LJT and FOKC, LJTKC stores the preprocessing information produced by
both LJT and FOKC. Next to the FO jtree structure and messages, LITKC
stores a WFOMC problem specification and a circuit for each parcluster. Since
the implementation of LVE for the X # Y cases causes LVE (and LJT) to
ground, the space requirements during QA are increasing with rising domain
sizes. Since LJTKC avoids the groundings using FOKC, the space requirements
during QA are smaller than for LJT alone. W.r.t. circuits, LJTKC stores more
circuits than FOKC but the individual circuits are smaller and do not require
conditioning, which leads to a significant blow-up for the circuits.

LJTKC accomplishes speeding up QA for certain challenging inputs by fusing
LJT, LVE, and FOKC. The new algorithm has a faster runtime than LJT,
LVE, and FOKC as it is able to precompute reusable parts and provide smaller
models for answering a specific query through the underlying FO jtree with its
messages and parcluster compilation. In comparison with FOKC, LJTKC speeds
up runtimes as answering queries works with smaller models. In comparison with
LJT and LVE, LITKC is faster when avoiding groundings in LVE. Instead of
precompiling each parcluster, which adds to its overhead before starting with
answering queries, LJTKC could compile on demand. On-demand compilation
means less runtime and space required in advance but more time per initial
query at a parcluster. One could further optimise LJTKC by speeding up internal
computations in LVE or FOKC (e.g., caching for message calculations or pruning
circuits using context-specific information).

In terms of complexity, LVE and FOKC have a time complexity linear in
terms of the domain sizes of the model logvars for models that allow for a lifted
solution. LJT with LVE as a subroutine also has a time complexity linear in
terms of the domain sizes for query answering. For message passing, a factor
of n, which is the number of parclusters, multiplies into the complexity, which
basically is the same time complexity as answering a single query with LVE.
LJTKC has the same time complexity as LJT for message passing since the
algorithms coincide. For query answering, the complexity is determined by the
FOKC complexity, which is linear in terms of domain sizes. Therefore, LITKC
has a time complexity linear in terms of the domain sizes. Even though, the
original LVE and LJT implementations show a practical problem in translating
the theory into an efficient program, the worst case complexity for liftable models
is linear in terms of domain sizes.

The next section presents an empirical evaluation, showing how LJTKC
speeds up QA compared to FOKC and LJT for challenging inputs.

5 Empirical Evaluation

This evaluation demonstrates the speed up we can achieve for certain inputs
when using LJT and FOKC in conjunction. We have implemented a prototype of
LJT, named 1jt here. Taghipour provides an implementation of LVE (available
at https://dtai.cs.kuleuven.be/software/gcfove), named lve. Van den Broeck
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provides an implementation of FOKC (available at https://dtai.cs.kuleuven.
be/software/wfomc), named fokc. For this paper, we integrated fokc into 1jt
to compute marginals at parclusters, named 1jtkc. Unfortunately, the FOKC
implementation does not handle evidence in a lifted manner as described in [7].
Therefore, we do not consider evidence as fokc runtimes explode. We have also
implemented the propositional junction tree algorithm (jt).

This evaluation has two parts: First, we test an input model with inequalities
to highlight how runtimes of LVE and LJT explode, and how LJTKC provides a
speedup. Second, we test a version of the model without inequalities to highlight
how runtimes of LVE and LJT compare to FOKC without inequalities.

We compare overall runtimes without input parsing averaged over five runs
with a working memory of 16 GB. 1ve eliminates all non-query randvars from
its input model for each query, grounding in the process. 1jt builds an FO jtree
for its input model, passes messages, and then answers queries on submodels.
fokc forms a WFOMC problem for its input model, compiles a model circuit,
compiles for each query a query circuit, and computes the marginals of all PRVs
in the input model with random groundings. 1jtkc starts like 1jt for its input
model until answering queries. It then calls fokc at each parcluster to compute
marginals of parcluster PRVs with random groundings. jt receives the grounded
input models and otherwise proceeds like 1jt.

Inputs with Inequalities. For the first part of this evaluation, we test a
slightly larger model G, that is an extension of G,,. G; has two more logvars,
each with its own domain, and eight additional PRVs with one or two parameters.
The PRVs are arguments to twenty parfactors, each parfactor with one to three
inputs. The FO jtree for GG; has six parclusters, the largest one containing five
PRVs. We vary the domain sizes from 2 to 1000, resulting in |gr(G;)| from 52 to
8,010,000. We query each PRV with random groundings, leading to 12 queries,
respectively, among them Smokes(p;), where p; stands for a domain value of X.
Figure 3 shows for G; runtimes in milliseconds [ms] with increasing |gr(Gj)| on
log-scaled axes, marked as follows (points are connected for readability): fokc:
circle, orange, jt: star, turquoise, 1jt: filled square, turquoise, 1jtkc: hollow
square, light turquoise, and 1lve: triangle, dark orange.
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The jt runtimes are much longer with the first setting than the other run-
times. Up to the third setting, 1ve and 1jt perform better than fokc with 1jt
being faster than lve. From the seventh setting on, memory errors occur for
both 1ve and 1jt. 1jtkc performs best from the third setting onwards. 1jtkc
and fokc show the same steady increase in runtimes. 1jtkc runtimes have a
speedup of a factor from 0.13 to 0.76 for GG; compared to fokc. Up to a domain
size of 100 (|gr(G;)| = 81,000), Ljtkc saves around one order of magnitude.

For small domain sizes, 1jtkc and fokc perform worst. With increasing
domain sizes, they outperform the other programs. Though not part of the num-
bers in this evaluation, with an increasing number of parfactors, 1jtkc promises
to outperform fokc even more, especially with smaller domain sizes.

Inputs without Inequalities. For the second part of this evaluation, we test
an input model G}, that is the model from the first part but with Y receiving
an own domain as large as X, making the inequality superfluous. Domain sizes
vary from 2 to 1000, resulting in |gr(G})| from 56 to 8,012,000. Each PRV is a
query with random groundings again (without a Y grounding). Figure4 shows
for G} runtimes in milliseconds [ms] with increasing |gr(G)|, marked as before.
Both axes are log-scaled. Points are connected for readability.

jt is the fastest for the first setting. With the following settings, jt runs
into memory problems while runtimes explode. 1ve and 1jt do not exhibit the
runtime explosion without inequalities. 1ve has a steadily increasing runtime for
most parts, though a few settings lead to shorter runtimes with higher domain
sizes. We could not find an explanation for the decrease in runtime for those
handful of settings. Overall, 1ve runtimes rise more than the other runtimes
apart from jt. 1jtkc exhibits an unsteady runtime performance on the smaller
model, though again, we could not find an explanation for the jumps between
various sizes. With the larger model, 1jtkc shows a more steady performance
that is better than the one of fokc. 1jtkc is a factor of 0.2 to 0.8 faster. fokc
and 1jt runtimes steadily increase with rising |gr(G)|. 1jt gains over an order
of magnitude compared to fokc. In the larger model, 1jt is a factor of 0.02
to 0.06 than fokc over all domain sizes. 1jtkc does not perform best as the
overhead introduced by FOKC does not pay off as much for this model without
inequalities. In fact, 1jt performs best in almost all cases.

In summary, without inequalities 1jt performs best on our input models,
being faster by over an order of magnitude compared to fokc. Though, 1jtkc
does not perform worst, 1jt performs better and steadier. With inequalities,
1jtkc shows promise in speeding up performance.

6 Conclusion

We present a combination of FOKC and LJT to speed up inference. For certain
inputs, LJT (with LVE as a subroutine) and FOKC start to struggle either
due to model structure or size. LJT provides a means to cluster a model into
submodels, on which any exact lifted inference algorithm can answer queries
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given the algorithm can handle evidence and messages in a lifted way. FOKC
fused with LJT and LVE can handle larger models more easily. In turn, FOKC
boosts LJT by avoiding groundings in certain cases. The fused algorithm enables
us to compute answers faster than LJT with LVE for certain inputs and LVE
and FOKC alone.

We currently work on incorporating FOKC into message passing for cases
where an problematic elimination occurs during message calculation, which
includes adapting an FO jtree accordingly. We also work on learning lifted mod-
els to use as inputs for LJT. Moreover, we look into constraint handling, possibly
realising it with answer-set programming. Other interesting algorithm features
include parallelisation and caching as a means to speed up runtime.
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Abstract. The lifted dynamic junction tree algorithm (LDJT) answers
filtering and prediction queries efficiently for probabilistic relational tem-
poral models by building and then reusing a first-order cluster represen-
tation of a knowledge base for multiple queries and time steps. Unfortu-
nately, a non-ideal elimination order can lead to unnecessary groundings.

1 Introduction

Areas like healthcare, logistics or even scientific publishing deal with probabilistic
data with relational and temporal aspects and need efficient exact inference algo-
rithms. These areas involve many objects in relation to each other with changes
over time and uncertainties about object existence, attribute value assignments,
or relations between objects. More specifically, publishing involves publications
(relational) for many authors (objects), streams of papers over time (temporal),
and uncertainties for example due to missing information. For query answering,
our approach performs deductive reasoning by computing marginal distributions
at discrete time steps. In this paper, we study the problem of exact inference and
investigate unnecessary groundings can occur in temporal probabilistic models.

We propose parameterised probabilistic dynamic models (PDMs) to repre-
sent probabilistic relational temporal behaviour and introduce the lifted dynamic
junction tree algorithm (LDJT) to exactly answer multiple filtering and predic-
tion queries for multiple time steps efficiently [5]. LDJT combines the advantages
of the interface algorithm [10] and the lifted junction tree algorithm (LJT) [2].
Poole [12] introduces parametric factor graphs as relational models and proposes
lifted variable elimination (LVE) as an exact inference algorithm on relational
models. Further, de Salvo Braz [14], Milch et al. [8], and Taghipour et al. [15]
extend LVE to its current form. Lauritzen and Spiegelhalter [7] introduce the
junction tree algorithm. To benefit from the ideas of the junction tree algorithm
and LVE, Braun and Moller [2] present LJT, which efficiently performs exact
first-order probabilistic inference on relational models given a set of queries.

This research originated from the Big Data project being part of Joint Lab 1, funded
by Cisco Systems Germany, at the centre COPICOH, University of Liibeck.
© Springer Nature Switzerland AG 2018
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Specifically, this paper shows that a non-ideal elimination order can lead to
groundings even though a lifted run is possible for a model. LDJT reuses an
first-order junction tree (FO jtree) structure to answer multiple queries and
reuses the structure to answer queries for all time steps ¢ > 0. Unfortunately,
due to a non-ideal elimination order unnecessary groundings can occur.

Most inference approaches for relational temporal models are approxima-
tive. Additional to being approximative, these approaches involve unnecessary
groundings or are only designed to handle single queries efficiently. Ahmadi
et al. [1] propose lifted (loopy) belief propagation. From a factor graph, they
build a compressed factor graph and apply lifted belief propagation with the idea
of the factored frontier algorithm [9], which is an approximate counterpart to the
interface algorithm. Thon et al. [16] introduce CPT-L, a probabilistic model for
sequences of relational state descriptions with a partially lifted inference algo-
rithm. Geier and Biundo [6] present an online interface algorithm for dynamic
Markov logic networks (DMLNS), similar to the work of Papai et al. [11]. Both
approaches slice DMLNSs to run well-studied static MLN [13] inference algorithms
on each slice individually. Vlasselaer et al. [17,18] introduce an exact approach,
which involves computing probabilities of each possible interface assignment.

The remainder of this paper has the following structure: We introduce PDMs
as a representation for relational temporal probabilistic models and present
LDJT, an efficient reasoning algorithm for PDMs. Afterwards, we show how
unnecessary groundings can occur and conclude by looking at extensions.

2 Parameterised Probabilistic Dynamic Models

Parameterised probabilistic models (PMs) combine first-order logic, using logical
variables (logvars) as parameters, with probabilistic models [4].

Definition 1. Let L be a set of logvar names, @ a set of factor names, and R a
set of factor names names. A parameterised randvar (PRV) A= P(X1, .., X")
represents a set of randvars behaving identically by combining a randvar P € R
with X1,...,X™ € L. If n = 0, the PRV is parameterless. The domain of a logvar
L is denoted by D(L). The term range(A) provides possible values of a PRV A.
Constraint (X, Cx) allows to restrict logvars to certain domain values and is a
tuple with a sequence of logvars X = (X',..., X") and a set Cx C x"_D(X?).
T denotes that no restrictions apply and may be omitted. The term lv(Y') refers
to the loguars in some element Y. The term gr(Y) denotes the set of instances
of Y with all logvars in'Y grounded w.r.t. constraints.

Let us set up a PM for publications on some topic. We model that the
topic may be hot, conferences are attractive, people do research, and publish in
publications. From R = {Hot, DoR} and L = {A, P, X} with D(A) = {a1, a2},
D(P) = {p1,p2}, and D(X) = {x1,x2, x5}, we build the boolean PRVs Hot and
DoR(X). With C = (X, {z1,x2}), gr(DoR(X)|C) = {DoR(x1), DoR(z3)}.

Definition 2. We denote a parametric factor (parfactor) g with VX : ¢(A) |C.
X C L being a set of logvars over which the factor generalises and A =
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C! C?
Hot, {Hot, AttC(A)}
AttC(A),
Pub(X, P)

Fig. 1. Parfactor graph for G°* Fig. 2. FO jtree for G*® (local models
in grey)

(A, ..., A™) a sequence of PRVs. We omit (VX :) if X = lv(A). A function
¢ x"_range(A?) — RT with name ¢ € ® is defined identically for all grounded
instances of A. A list of all input-output values is the complete specification for
¢. C is a constraint on X. A PM G := {gi}?;ol is a set of parfactors and seman-
tically represents the full joint probability distribution Pg = % ergr(G) f where
Z is a mormalisation constant.

Adding boolean PRVs Pub(X,P) and AttC(A), Gex = {g'}1_y, ¢° =
#°(Pub(X, P), AttC(A), Hot) | T, g* = ¢ (DoR(X), AttC(A), Hot) | T forms a
model. All parfactors have eight input-output pairs (omitted). Figure 1 depicts
G°® with four variable nodes for the PRVs and two factor nodes for ¢° and g*
with edges to the PRVs involved. Additionally, we can observe the attractiveness
of conferences. The remaining PRVs are latent.

The semantics of a model is given by grounding and building a full joint
distribution. In general, queries ask for a probability distribution of a randvar
using a model’s full joint distribution and fixed events as evidence.

Definition 3. Given a PM G, a ground PRV Q and grounded PRVs with fized
range values E = {E* = ¢e'};, the expression P(Q|E) denotes a query w.r.t. Pg.

To define PDMs, we use PMs and the idea of how Bayesian networks give
rise to Bayesian networks [5]. We define PDMs based on the first-order Markov
assumption. Further, the underlying process is stationary.

Definition 4. A PDM is a pair of PMs (Go,G_.) where Gy is a PM repre-
senting the first time step and G_, 1is a two-slice temporal parameterised model
representing Ay_1 and Ay where A, is a set of PRVs from time slice 7.

Figure 3 shows how the model G** behaves over time. G** consists of G**
for time step t — 1 and for time step t with inter-slice parfactor for the behaviour
over time. In this example, the parfactor g% is the inter-slice parfactors.

Fig. 3. G the two-slice temporal parfactor graph for model G**
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Definition 5. Given a PDM G, a ground PRV @Q: and grounded PRVs with
fized range values Eo.y = {E} = ei};+, P(Qt|Eo.t) denotes a query w.r.t. Pg.

The problem of answering a marginal distribution query P(A%|Eq.;) w.r.t.
the model is called prediction for m > t and filtering for m = t.

3 Lifted Dynamic Junction Tree Algorithm

To provide means to answer queries for PMs, we introduce LJT, mainly based
on [3]. Afterwards, we present LDJT [5] consisting of FO jtree constructions for
a PDM and a filtering and prediction algorithm.

3.1 Lifted Junction Tree Algorithm

LJT provides efficient means to answer queries P(Q|E), with a set of query
terms, given a PM G and evidence E, by performing the following steps: (i)
Construct an FO jtree J for G. (ii) Enter E in J. (iii) Pass messages. (iv)
Compute answer for each query Q' € Q. We first define an FO jtree and then
go through each step. To define an FO jtree, we need to define parameterised
clusters (parclusters), the nodes of an FO jtree.

Definition 6. A parcluster C is defined by VL : A|C. L is a set of logvars, A
is a set of PRVs with lv(A) C L, and C a constraint on L. We omit (VL :) if
L = lv(A). A parcluster C' can have parfactors ¢(A?)|C? assigned given that
(i) A® C A, (i) lv(A?) C L, and (iii) C® C C holds. We call the set of assigned
parfactors a local model G°.

An FO jtree for a model G is J = (V,E) where J is a cycle-free graph, the
nodes V denote a set of parcluster, and the set E edges between parclusters. An
FO jtree must satisfy the following properties: (i) A parcluster C* is a set of
PRVs from G. (ii) For each parfactor ¢(A)|C in G, A must appear in some
parcluster Ct. (iii) If a PRV from G appears in two parclusters C* and C7, it
must also appear in every parcluster CF on the path connecting nodes i and j in
J. The separator S¥ of edge i — j is given by C* N CJ containing shared PRVs.

LJT constructs an FO jtree using a first-order decomposition tree (FO dtree),
enters evidence in the FO jtree, and passes messages through an inbound and an
outbound pass, to distribute local information of the nodes through the FO jtree.
To compute a message, LJT eliminates all non-seperator PRVs from the parclus-
ter’s local model and received messages. After message passing, LJT answers
queries. For each query, LJT finds a parcluster containing the query term and
sums out all non-query terms in its local model and received messages.

Figure 2 shows an FO jtree of G** with the local models of the parclusters and
the separators as labels of edges. During the inbound phase of message passing,
LJT sends messages from C' to C? and for the outbound phase a message from
C? to C!. If we want to know whether Hot holds, we query for P(Hot) for which
LJT can use either parcluster C! or C2. Thus, LJT can sum out AttC(A) and
DoR(X) from C?’s local model G2, {g'}, combined with the received messages.



42 M. Gehrke et al.

3.2 LDJT: Overview

LDJT efficiently answers queries P(Q;|Eq.¢), with a set of query terms {Q;}~_,,
given a PDM G and evidence {E;}]_,, by performing the following steps: (i)
Construct offline two FO jtrees Jy and J; with in- and out-clusters from G. (ii)
For t = 0, using Jy to enter Eq, pass messages, answer each query term Q% € Q,
and preserve the state. (iii) For ¢ > 0, instantiate J; for the current time step
t, recover the previous state, enter E; in J;, pass messages, answer each query
term Q¢ € Qq, and preserve the state.

Next, we show how LDJT constructs the FO jtrees Jy and J; with in- and
out-clusters, which contain a minimal set of PRVs to m-separate the FO jtrees.
M-separation means that information about these PRVs make FO jtrees inde-
pendent from each other. Afterwards, we present how LDJT connects the FO
jtrees for reasoning to solve the filtering and prediction problems efficiently.

3.3 LDJT: FO Jtree Construction for PDMs

LDJT constructs FO jtrees for Gy and G_., both with an incoming and outgoing
interface. To be able to construct the interfaces in the FO jtrees, LDJT uses the
PDM G to identify the interface PRVs I, for a time slice ¢.

Definition 7. The forward interface is defined as I, = {A} | 3p(A)|C € G :
A} € AN3A] | € A}, i.e., the PRVs which have successors in the next slice.

For G, which is shown in Fig.3, PRVs Hot;—1 and Pub;_1(X, P) have
successors in the next time slice, making up I;_;. To ensure interface PRVs I
ending up in a single parcluster, LDJT adds a parfactor g’ over the interface to
the model. Thus, LDJT adds a parfactor g{ over Iy to Gy, builds an FO jtree Jo
and labels the parcluster with g{ from Jy as in- and out-cluster. For G_,, LDJT
removes all non-interface PRVs from time slice t — 1, adds parfactors g/_; and
gl, constructs J;, and labels the parcluster containing g/ ; as in-cluster and the
parcluster containing g/ as out-cluster.

The interface PRVs are a minimal required set to m-separate the FO jtrees.
LDJT uses these PRVs as separator to connect the out-cluster of J;_; with the
in-cluster of J;, allowing to reusing the structure of J; for all ¢ > 0.

3.4 LDJT: Proceeding in Time with the FO Jtree Structures

Since Jy and J; are static, LDJT uses LJT as a subroutine by passing on a con-
structed FO jtree, queries, and evidence for step ¢ to handle evidence entering,
message passing, and query answering using the FO jtree. Further, for proceeding
to the next time step, LDJT calculates an «; message over the interface PRVs
using the out-cluster to preserve the information about the current state. After-
wards, LDJT increases ¢t by one, instantiates J;, and adds «;_1 to the in-cluster
of J;. During message passing, a1 is distributed through J;.

Figure 4 depicts how LDJT uses the interface message passing between time
step three to four. First, LDJT sums out the non-interface PRV AttC3(A) from
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Ci c3 cl Ci

HOtQ, I‘[Otg7 HOf,g, I‘]’Ot;;7
Pub2(X, P), AttC3(A), Pub3(X, P), AttCy(A),
Hotg Pubs(X, P) > Hoty Puby(X, P)
€%
{Hots,AttC3(A)} c {Hot4,AttCs(A)} c
Hots, Hoty,
AttCs(A), AttCy(A),
DoR3(X) DoRy(X)

Fig. 4. Forward pass of LDJT (local models and labeling in grey)

C2’s local model and the received messages and saves the result in message as.
After increasing t by one, LDJT adds az to the in-cluster of Jy, C}. az is then
distributed by message passing and accounted for during calculating ay.

4 Unnecessary Groundings in LDJT

Unnecessary groundings have a huge impact on temporal models, as groundings
during message passing can propagate through the complete model. LDJT has an
intra and inter FO jtree message passing phase. Intra FO jtree message passing
takes place inside of an FO jtree for one time step. Inter FO jtree message passing
takes place between two FO jtrees. To prevent groundings during intra FO jtree
message passing, LJT successfully proposes to fuse parclusters [3]. Unfortunately,
having two FO jtrees, LDJT cannot fuse parclusters from different FO jtrees.
Hence, LDJT requires a different approach to prevent unnecessary groundings
during inter FO jtree message passing.

Let us now have a look at Fig. 4 to understand inter FO jtree message pass can
induce unnecessary groundings due to the elimination order. Figure4 shows J;
instantiated for time step 3 and 4. To compute a3, LDJT eliminates AttC3(A)
from C32’s local model. The elimination of AttC3(A) leads to groundings, as
AttC3(A) does not contain all logvars, X and P are missing. Additionally,
AttC3(A) is not count-convertible. Assuming AttC5(A) would also be included
in the parcluster C}, LDJT would not need to eliminate AttC5(A) in C% any-
more and therefore calculating a3 would not lead to groundings. Therefore, the
elimination order can lead to unnecessary groundings.

5 Conclusion

We present the need to prevent unnecessary groundings in LDJT by changing
the elimination order. We currently work on an approach to prevent unneces-
sary groundings, as well as extending LDJT to also calculate the most probable
explanation. Other interesting future work includes a tailored automatic learning
for PDMs, parallelisation of LJT, and improved evidence entering.
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Abstract. For a probabilistic extension of the description logic ECF, we
consider the task of automatic acquisition of terminological knowledge
from a given probabilistic interpretation. Basically, such a probabilistic
interpretation is a family of directed graphs the vertices and edges of
which are labeled, and where a discrete probability measure on this graph
family is present. The goal is to derive so-called concept inclusions which
are expressible in the considered probabilistic description logic and which
hold true in the given probabilistic interpretation. A procedure for an
appropriate axiomatization of such graph families is proposed and its
soundness and completeness is justified.

Keywords: Data mining - Knowledge acquisition
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1 Introduction

Description Logics (abbrv. DLs) [2] are frequently used knowledge representation
and reasoning formalisms with a strong logical foundation. In particular, these
provide their users with automated inference services that can derive implicit
knowledge from the explicitly represented knowledge. Decidability and compu-
tational complexity of common reasoning tasks have been widely explored for
most DLs. Besides being used in various application domains, their most notable
success is the fact that DLs constitute the logical underpinning of the Web Ontol-
ogy Language (abbrv. OWL) and many of its profiles.

DLs in its standard form only allow for representing and reasoning with
crisp knowledge without any degree of uncertainty. Of course, this is a serious
shortcoming for use cases where it is impossible to perfectly determine the truth
of a statement. For resolving this expressivity restriction, probabilistic variants
of DLs [5] have been introduced. Their model-theoretic semantics is built upon
so-called probabilistic interpretations, that is, families of directed graphs the
vertices and edges of which are labeled and for which there exists a probability
measure on this graph family.
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Results of scientific experiments, e.g., in medicine, psychology, or biology,
that are repeated several times can induce probabilistic interpretations in a nat-
ural way. In this document, we shall develop a suitable axiomatization tech-
nique for deducing terminological knowledge from the assertional data given in
such probabilistic interpretations. More specifically, we consider a probabilis-
tic variant Py EL of the description logic L1, show that reasoning in Py et
is ExpTime-complete, and provide a method for constructing a set of rules,
so-called concept inclusions, from probabilistic interpretations in a sound and
complete manner.

This document also resolves an issue found by Franz Baader with the tech-
niques described by the author in [6, Sects. 5 and 6]. In particular, the concept
inclusion base proposed therein in Proposition 2 is only complete with respect
to those probabilistic interpretations that are also quasi-uniform with a proba-
bility € of each world. Herein, we describe a more sophisticated axiomatization
technique of not necessarily quasi-uniform probabilistic interpretations and that
ensures completeness of the constructed concept inclusion base with respect to
all probabilistic interpretations, but which, however, disallows nesting of prob-
ability restrictions. It is not hard to generalize the following results to a more
expressive probabilistic description logic, for example to a probabilistic variant
Py M of the description logic M, for which an axiomatization technique is avail-
able [8]. That way, we can regain the same, or even a greater, expressivity as
the author has tried to have tackled in [6], but without the possibility to nest
probability restrictions.

Due to space restrictions, all proofs as well as a toy example have been moved
to a technical report [9].

2 The Probabilistic Description Logic P EC*

The probabilistic description logic Py EL* extends the light-weight description
logic &£+ [2] by means for expressing and reasoning with probabilities. Put sim-
ply, it is a variant of the logic Prob-EL introduced by Gutiérrez-Basulto, Jung,
Lutz, and Schréder in [5] where nesting of probabilistic quantifiers is disallowed,
only the relation symbols > and > are available for the probability restrictions,
and further the bottom concept description L is present. We introduce its syntax
and semantics as follows.

Fix some signature X', which is a disjoint union of a set X'c of concept names
and a set Xr of role names. Then, 7?1>5£J‘ concept descriptions C' over X may be
constructed by means of the following inductive rules (where A € Y¢, r € Xg,
>e{>>}andpe [0,1]NQ).!

C=1|T|A|CnC|3r.C|d>p.D
D:=1|T|A|DND|3r.D

L If we treat these two rules as the production rules of a BNF grammar, C is its start
symbol.
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We denote the set of all Py &L concept descriptions over X by P ELT(X).
An ECH concept description is a Py EL* concept description not containing any
subconcept of the form d > p.C, and we shall write EEJ‘(E) for the set of all
EL* concept descriptions over X. A concept inclusion (abbrv. CI) is an expres-
sion of the form C T D, and a concept equivalence (abbrv.CE) is of the form
C = D, where both C' and D are concept descriptions. A terminological box
(abbrv. TBox) is a finite set of Cls and CEs. Furthermore, we also allow for so-
called wildcard concept inclusions of the form d >1 p;.* E d >9 po. * that, basi-
cally, are abbreviations for the set {d > p1.C = d »>9po.C | C € EL5(X) }.

A probabilistic interpretation over X is a tuple Z = (A%, 2% .2 P?) consist-
ing of a non-empty set AZ of objects, called the domain, a non-empty, countable
set 27 of worlds, a discrete probability measure IPZ on 27, and an extension
function T such that, for each world w € 27, any concept name A € X¢ is
mapped to a subset AZ(“) C AT and each role name r € Xg is mapped to a
binary relation 77 C AT x AT. Note that PZ: (©(£2%) — [0,1] is a map-
ping which satisfies PZ()) = 0 and PZ(0%) = 1, and is o-additive, that is,
for all countable families (U, | n € N ) of pairwise disjoint sets U, C 27
it holds true that PZ((J{ U, | n € N}) = S(P¥(U,) | n € N). In par-
ticular, we follow the assumption in [5, Sect.2.6] and consider only proba-
bilistic interpretations without any infinitely improbable worlds, i.e., without
any worlds w € 27 such that PZ{w} = 0. We call a probabilistic interpre-
tation finitely representable if AT is finite, £27 is finite, the active signature
YT = {0 | o € ¥and o?®@ # {for somew € 27} is finite, and if P
has only rational values. In the sequel of this document we will also utilize
the notion of interpretations, which are the models upon which the semantics
of EC* is built; these are, basically, probabilistic interpretations with only one
world, that is, these are tuples 7 = (AI , -I) where A7 is a non-empty set of
objects, called domain, and where - is an extension function that maps concept
names A € X¢ to subsets AT C AT and maps role names 7 € Y to binary
relations rT C AT x AT,

Fix some probabilistic interpretation Z. The extension CT) of a Py &ct
concept description C in a world w of Z is defined by means of the following
recursive formulae.

J_I(w) — (Z) TZ(w) — AI (C M D)I(w) — CI(w) n DI(w)
@Ar.0)F@ ={5]|6e AT, (5,¢) € rT@), and e € CT@) for some € € AT }
(d>p.0)F@ ={5|6e AT and PX {5 € CT} > p}

Please note that we use the abbreviation {§ € C7} = {w | w € 2% and § €
CT@) 1. All but the last formula can be used similarly to recursively define the
extension CT of an ELF concept description C in an interpretation Z.

A concept inclusion C' C D or a concept equivalence C = D is walid in a
probabilistic interpretation Z if CT(«) C D) or CT(«) = DT()  respectively,
is satisfied for all worlds w € 27, and we shall then write 7 ECLCDor
T &= C = D, respectively. A wildcard CI d >1 p1.* C d >9 pa. * is valid in Z,
written Z |=d > p1. % C d >4 pa. %, if, for each ELY concept description C, the
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Cld>;p.C C d>qypy.C is valid in Z. Furthermore, Z is a model of a TBox
7T, denoted as Z |= 7, if each concept inclusion in 7 is valid in Z. A TBox 7
entails a concept inclusion C' C D, symbolized by 7 = C C D, if C C D is
valid in every model of 7. In the sequel of this document, we may also use the
denotation C' <y D instead of Y | C' < D where ) is either an interpretation
or a terminological box and < is a suitable relation symbol, e.g., one of C, =,
3, and we may analogously write C' £y D for Y £ C < D.

Proposition 1. In ’P1>5£J‘, the problem of deciding whether a terminological
box entails a concept inclusion is ExpTime-complete.

In the next section, we will use techniques for axiomatizing concept inclu-
sions in EL- as developed by Baader and Distel in [1,4] for greatest fixed-point
semantics, and as adjusted by Borchmann, Distel, and the author in [3] for the
role-depth-bounded case. A brief introduction is as follows. A concept inclusion
base for an interpretation Z is a TBox 7 such that, for each concept inclusion
C C D, it holds true that Z = C' C D if, and only if, 7 = C C D. For each finite
interpretation Z with finite active signature, there is a canonical base Can(Z) with
respect to greatest fixed-point semantics, which has minimal cardinality among
all concept inclusion bases for Z, cf. [4, Corollary 5.13 and Theorem 5.18], and
similarly there is a minimal canonical base Can(Z,d) with respect to an upper
bound d € N on the role depths, cf. [3, Theorem 4.32]. The construction of both
canonical bases is built upon the notion of a model-based most specific concept
description, which, for an interpretation Z and a subset X C AZ, is a concept
description C such that X C C? and, for each concept description D, it holds
true that X C D? implies ) = C C D. These exist either if greatest fixed-point
semantics is applied (in order to be able to express cycles present in Z) or if
the role depth of C' is bounded by some d € N, and these are then denoted as
X7 or X%¢, respectively. This mapping -Z: (Q(AT) — EL-(X) is the adjoint of
the extension function -Z: E£-(X) — (A7), and the pair of both constitutes a
Galois connection, cf. [4, Lemma 4.1] and [3, Lemmas 4.3 and 4.4], respectively.

As a variant of these two approaches, the author presented in [7] a method
for constructing canonical bases relative to an existing terminological box. If
7 is an interpretation and B is a terminological box such that Z = B, then a
concept inclusion base for T relative to B is a terminological box 7 such that,
for each concept inclusion C' C D, it holds true that Z = C C D if, and only if,
T UB = C C D. The appropriate canonical base is denoted by Can(Z, B), cf. [7,
Theorem 1].

3 Axiomatization of Concept Inclusions in P; ECt

In this section, we shall develop an effective method for axiomatizing Py &t
concept inclusions which are valid in a given finitely representable probabilistic
interpretation. After defining the appropriate notion of a concept inclusion base,
we show how this problem can be tackled using the aforementioned existing
results on computing concept inclusion bases in &L More specifically, we devise
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an extension of the given signature by finitely many probability restrictions
d > p. C that are treated as additional concept names, and we define a so-called
probabilistic scaling Zg of the input probabilistic interpretation Z which is a
(single-world) interpretation that suitably interprets these new concept names
and, furthermore, such that there is a correspondence between Cls valid in Z
and ClIs valid in Z4. This correspondence makes it possible to utilize the above
mentioned techniques for axiomatizing Cls in EC*.

Definition 2. A concept inclusion base for a probabilistic interpretation I is
a terminological box T which is sound for I, that is, T = C T D implies
T = C C D for each concept inclusion C T D,? and which is complete for Z,
that is, Z=C C D only if T = C C D for any concept inclusion C T D.

A first important step is to significantly reduce the possibilities of concept
descriptions occuring as a filler in the probability restrictions, that is, of fillers C'
in expressions d > p. C. As it turns out, it suffices to consider only those fillers
that are model-based most specific concept descriptions of some suitable scaling
of the given probabilistic interpretation Z.

Definition 3. Let T be a probabilistic interpretation I over some signature X .
Then, its almost certain scaling is defined as the interpretation Iy over X with
the following components.

A<= AT x T
.. A {(0,w) |6 e AT@)Y for each A € Xc
ri—= {((6,&)), (va)) | (53 6) S TI(w) } fOT’ each re ER

Lemma 4. Consider a probabilistic interpretation T and a concept description
d > p.C. Then, the concept equivalence d > p.C = d > p. CTxTx s valid in .

As next step, we restrict the probability bounds p occuring in probability
restrictions d > p. C. Apparently, it is sufficient to consider only those values p
that can occur when evaluating the extension of P; ELH concept descriptions
in Z, which, obviously, are the values PZ{§ € CZ} for any 6 € AT and any
C € ELM(X). Denote the set of all these probability values as P(Z). Of course,
we have that {0,1} C P(Z). If 7 is finitely representable, then P(Z) is finite too,
it holds true that P(Z) C @, and the following equation is satisfied, which can
be demonstrated using arguments from the proof of Lemma 4.

P(I)={P{sc XTxT} |6 € AT and X C AT x 0T}

For each p € [0, 1), we define (p)7F as the next value in P(Z) above p, that is, we
set

(PF = N{alq€P(T)andq>p}.

2 Of course, soundness is equivalent to Z = 7.
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If the considered probabilistic interpretation Z is clear from the context, then we
may also write p* instead of (p)F. To prevent a loss of information due to only
considering probabilities in P(Z), we shall use the wildcard concept inclusions
d>pxCd>pt.xforpe P(T)\{1}.

Having found a finite number of representatives for probability bounds as well
as a finite number of fillers to be used in probability restrictions, we now show
that we can treat these finitely many concept descriptions as concept names of
a signature I' extending X' in a way such that a concept inclusion is valid in Z
if, and only if, the concept inclusion projected onto this extended signature I" is
valid in a suitable scaling of Z that interprets I

Definition 5. Assume that Z is a probabilistic interpretation over a signature
. Then, the signature I" is defined as follows.

Ic=YcUu{d>p. X" |pe P(@)\ {0}, X CAT x 2%, and L #¢ X% #9 T}
FRI:ER

The probabilistic scaling of Z is defined as the interpretation Iy over I that has
the following components.

AT = AT x )
1, [A={0w) e AT} for each A € Tc
e {(((5,&)),(6,&))) | (576) € TI(W)} fOT each r GFR

Note that Z4 extends T, by also interpreting the new concept names in I'c \ X,
that is, the restriction Z4[y, equals Z.

Definition 6. The projection 77(C) of a Py ELT concept description C with
respect to some probabilistic interpretation I is obtained from C by replacing
each subconcept of the form d > p. D with suitable elements from I'c \ Xc, and,
more specifically, we recursively define it as follows.

n7(A) = A if Ae YcU{L, T}

m7(C N D) = mz(C)N7z(D)
7z(Ar.C) == Ir. 77(C)

€ if>p=>1

T otherwise if > p=>10

L otherwise if CTxTx =y |
mz(d>p.C) = T otherwise if CTxTx Eg T

d > p. CTxIx otherwise if > = > and p € P(T)

d > pt.CTxIx  otherwise

Lemma 7. A 771>5£J‘ concept inclusion C T D is valid in some probabilistic
interpretation T if, and only if, the projected CI wz(C) C nz(D) is valid in Zg.
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As final step, we show that each concept inclusion base of the probabilistic
scaling Z4 induces a concept inclusion base of Z. While soundness is easily veri-
fied, completeness follows from the fact that C' C7 n7(C) C1 m7(D) Cy D holds
true for every valid CI C C D of 7.

Theorem 8. Fiz some finitely representable probabilistic interpretation Z. If T4
is a concept inclusion base for the probabilistic scaling Iy (with respect to the set
B of all tautological Pf&? concept inclusions used as background knowledge),
then the following terminological box T is a concept inclusion base for T.

T=T4U{d>pxCd>pt.x|peP@)\{1}}

Note that, according to the proof of Theorem 8, we can expand the above
TBox 7 to a finite TBox that does not contain wildcard Cls and is still a
CI base for Z by replacing each wildcard CI d > p.x C d > ¢q.* with the CIs
d>p XTx T d>q XTx where X C AT x 27 such that L %y XZIx Zp T. The
same hint applies to the following canonical base.

Corollary 9. Let Z be a finitely representable probabilistic interpretation, and
let B denote the set of all ELY concept inclusions over I' that are tautologi-
cal with respect to probabilistic entailment, i.e., are valid in every probabilistic
interpretation. Then, the canonical base for T that is defined as

Can(Z) == Can(Zg,B)U{d >p.xCd>pt.x|pc P(T)\ {1} }
s a concept inclusion base for T, and it can be computed effectively.

Acknowledgements. The author gratefully thanks Franz Baader for drawing atten-
tion to the issue in [6], and furthermore thanks the anonymous reviewers for their
constructive hints and helpful remarks.
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Abstract. We study the fair division of items to agents supposing that
agents can form groups. We thus give natural generalizations of popular
concepts such as envy-freeness and Pareto efficiency to groups of fixed
sizes. Group envy-freeness requires that no group envies another group.
Group Pareto efficiency requires that no group can be made better off
without another group be made worse off. We study these new group
properties from an axiomatic viewpoint. We thus propose new fairness
taxonomies that generalize existing taxonomies. We further study near
versions of these group properties as allocations for some of them may
not exist. We finally give three prices of group fairness between group
properties for three common social welfares (i.e. utilitarian, egalitarian
and Nash).

Keywords: Multi-agent systems - Social choice + Group Fair Division

1 Introduction

Fair divisions become more and more challenging in the present world due to
the ever-increasing demand for resources. This pressure forces us to achieve more
complex allocations with less available resources. An especially challenging case
of fair division deals with the allocation of free-of-charge and indivisible items
(i.e. items cannot be divided, items cannot be purchased) to agents cooperating
in groups (i.e. each agent maximizes multiple objectives) in the absence of infor-
mation about these groups and their group preferences. For example, food banks
in Australia give away perishable food products to charities that feed different
groups of the community (e.g. Muslims) [18,20]. As a second example, social
services in Germany provide medical benefits, donated food and affordable edu-
cation to thousands of refugees and their families. We often do not know the
group members or how they share group preferences for resources. Some other
examples are the allocations of office rooms to research groups [12], cake to
groups of guests [16,33], land to families [26], hospital rooms to medical teams
[35] and memory to computer networks [31].

In this paper, we consider the fair division of items to agents under several
assumptions. For example, the collection of items can be a mixture of goods
and bads (e.g. meals, chores) [6,10,28]. We thus assume that each agent has
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some aggregate utility for a given bundle of items of another agent. However,
these utilities can be shared arbitrarily among the sub-bundles of the bundle
(e.g. monotonically, additively, modularly, etc.). As another example, the agents
can form groups in an arbitrarily manner. We thus assume that each group has
some aggregate utility for a given bundle of items of another group. As in [33], we
consider arithmetic-mean group utilities. We study this problem for five main
reasons. First, people form groups naturally in practice (e.g. families, teams,
countries). Second, group preferences are more expressive than individual pref-
erences but also more complex (e.g. complementarities, substitutabilities). Third,
we seek new group properties as many existing ones may be too demanding (e.g.
coalitional fairness). Fourth, the principles in which groups form are normally
not known. Fifth, with arithmetic-mean group utilities, we generalize existing
fairness taxonomies [4,5] and characterization results for Pareto efficiency [9].

Two of the most important criteria in fair division are envy-freeness (i.e. no
agent envies another agent) and Pareto efficiency (i.e. no agent can be made bet-
ter off without another agent be made worse off) [14,15,17,43]. We propose new
generalizations of these concepts for groups of fixed sizes. Group envy-freeness
requires that no group envies another group. Group Pareto efficiency requires
that no group can be made better off without another group be made worse
off. We thus construct new sets of fairness properties, that let us interpolate
between envy-freeness and proportionality (i.e. each agent gets 1/n their total
utility for bundles), and utilitarian efficiency (i.e. the sum of agent’s utilities is
maximized) and Pareto efficiency. There is a reason why we focus on these two
common properties and say not on other attractive properties such as group
strategy-proofness. Group strategy-proofness may not be achievable with lim-
ited knowledge of the groups [3]. By comparison, both group envy-freeness and
group Pareto efficiency are achievable. For example, the allocation of each bun-
dle uniformly at random among agents is group envy-free, and the allocation
of each bundle to a given agent is group Pareto efficient. This example further
motivates why we study these two properties in isolation. In some instances, no
allocation satisfies them in combination.

Common computational problems about group envy-freeness and group
Pareto efficiency are inherently intractable even for problems of relatively small
sizes [8,13,25]. For this reason, we focus on the axiomatic analysis of these prop-
erties. We propose a taxonomy of n layers of group envy-freeness properties such
that group envy-freeness at layer k implies (in a logical sense) group envy-freeness
at layer k + 1. This is perhaps a good news because envy-free allocations often
do not exist and, as we show, allocations satisfying some properties in our tax-
onomy always exist. We propose another taxonomy of n layers of group Pareto
efficiency properties such that group Pareto efficiency at layer k41 implies group
Pareto efficiency at layer k. Nevertheless, it is not harder to achieve group Pareto
efficiency than Pareto efficiency and such allocations still always exists. We also
consider a-taxonomies of near group envy-freeness and near group Pareto effi-
ciency properties for each o € [0,1]. We finally use prices of group fairness to
measure the “loss” in welfare efficiency between group properties.
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Our paper is organized as follows. We next discuss related work and define
our notions. We then present our taxonomy for group envy-freeness in the cases
in which agents might be envy of groups (Theorem 1), groups might be envy
of agents (Theorem2) and groups might be envy of groups (Theorem 3). We
continue with our taxonomy for group Pareto efficiency (Theorem4) and gen-
eralize an important result from Pareto efficiency to group Pareto efficiency
(Theorem 5). Further, we propose taxonomies of properties approximating group
envy-freeness and group Pareto efficiency. Finally, we give the prices of group
fairness (Theorem 6) and conclude our work.

2 Related Work

Group fairness has been studied in the literature. Some notions compare the
bundle of each group of agents to the bundle of any other group of agents
based on Pareto dominance (i.e. all agents are weakly happier, and some agents
are strictly happier) preference relations (e.g. coalitional fairness, strict fair-
ness) [19,23,27,32,41,42,45]. Coalitional fairness implies both envy-freeness and
Pareto efficiency. Perhaps this might be too demanding in practice as very often
such allocations do not exist. For example, for a given allocation, it requires
complete knowledge of agents’ utilities for any bundles of items of any size
in the allocation, whereas our notions require only knowledge of agents’ util-
ities for their own bundles and the bundles of other agents in the allocation.
Other group fairness notions are based on the idea that the bundle of each
group should be perceived as fair by as many agents in the group as possible
(e.g. unanimously envy-freeness, h-democratic fairness, majority envy-freeness)
[34,39]. The authors suppose that the groups are disjoint and known (e.g. fam-
ilies), and the utilities of agents for items are known, whereas we suppose that
the groups are unknown, thus possibly overlap, and the utilities of agents are in
a bundle form.

More group fairness notions have been studied in the context of cake-
cutting (e.g. arithmetic-mean-proportionality, geometric-mean-proportionality,
minimum-proporti-onality, median-proportionality) [33]. These notions compare
the aggregate bundle of each group of agents to their proportional (wrt the
number of groups) aggregate bundle of all items. Unlike us, the authors assume
that the group members and their monotonic valuations are part of the common
knowledge. Group envy-freeness notions are also already used in combinatorial
auctions with additive quasi-linear utilities and monetary transfers (e.g. envy-
freeness of an individual towards a group, envy-freeness of a group towards a
group) [40]. The authors assume that the agents’ utilities for items and item
prices are known. Conceptually, our notions of group envy-freeness resemble
these notions but they do not use prices. We additionally study notions of near
group fairness. Our near group fairness notions for groups of agents are inspired
by a-fairness for individual agents [11,21,22,36,37].
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Most of these existing works consider allocating divisible resources (e.g. land,
cake) with money (e.g. exchange economies), whereas we consider allocating
indivisible items without money. We further cannot directly apply most of these
existing properties to our setting with unknown groups, bundle utilities and
priceless items. As a result, we cannot directly inherit any of the existing results.
In contrast, we can apply our group properties in settings in which the group
members and their preferences are actually known. Therefore, our results are
valid in some existing settings. Our properties are new and cannot be defined
using the existing fairness framework proposed in [4]. Moreover, existing works
are somehow related to our properties of group envy-freeness. However, we addi-
tionally propose properties of group Pareto efficiency. Also, most existing prop-
erties may not be guaranteed even with a single indivisible item (e.g. coalitional
fairness). By comparison, many of our group envy-freeness properties and all
of our group Pareto efficiency properties can be guaranteed. Furthermore, we
use new prices of fairness for our group properties similarly as for other proper-
ties in other settings [2,7,24,30]. Finally, several related models are studied in
[29,38,44]. However, none of these focuses on axiomatic properties such as ours.

3 Preliminaries

We consider a set N = {aq,...,a,} of agents and a set O = {01,...,0p,} of
indivisible items. We write 7 = (71, ..., m,) for an allocation of the items from O
to the agents from N with (1) U2 y7q = O and (2) Va,b € N,a # b : moNm, = 0,
where m,,m, denote the bundles of items of agents a,b € N in w. We suppose
that agents form groups. We thus write mg for the bundle Uyeqm, of items of
group G, and ug(my) for the wtility of G for the bundle 7y of items of group H.
We assume arithmetic-mean group utilities. That is, uc(Te) = £ 3 e Ua(Ta)
and uc(TH) = 7% * Yoacc Doper Ua(ms), Where the group G has k agents, the
group H has h agents and the utility u,(m,) € RZ% can be arbitrary for any
agents a,b € N (i.e. monotonic, additive, modular, etc.).

We next define our group fairness properties. Group envy-freeness captures
the envy of a group towards another group. Group Pareto efficiency captures
the fact that we cannot make each group weakly better off, and some group
strictly better off. These properties strictly generalize envy-freeness and Pareto
efficiency whenever the group sizes are fixed. Near group fairness is a relaxation
of group fairness.

Definition 1 (group envy-freeness). For k., h € {1,...,n}, an allocation 7
is (k,h)-group envy-free (or simply GEFy 1) iff, for each group G of k agents
and each group H of h agents, ug(wg) > uc(wy) holds.

Definition 2 (group Pareto efficiency). For k € {1,...,n}, an allocation
is k-group Pareto efficient (or simply GPEy) iff, there is no other allocation w’
such that ug(mg) > ua(mg) holds for each group G of k agents, and uwg () >
up () holds for some group H of k agents.
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Definition 3 (near group envy-freeness). For k,h € {1,...,n} and o €
RO an allocation 7 is near (k, h)-group envy-free wrt o (or simply GEFy ) iff,
for each group G of k agents and each group H of h agents, ug(ng) > a-ug(wy)
holds.

Definition 4 (near group Pareto efficiency). For k € {1,...,n} and o €
RO an allocation m is near k-group Pareto efficient wrt o (or simply GPE})
iff, there is no other allocation 7' such that « - ug(ny) > ua(wa) holds for each
group G of k agents, and « - ug (7)) > ug(wy) holds for some group H of k
agents.

We use prices to measure the “loss” in the welfare w(m) between these
properties in a given allocation 7. The price of group envy-freeness ppp

maxqy w(my)

is maxy where m; is a (h,h)-group envy-free and my is a (k,k)-

ming, w(mry)
group envy-free with h < k. The price of group Pareto efficiency plpy is

maxyy w(my)

maxy,p, where 7 is a h-group Pareto efficient and mo is a k-group

ming, w(mz)

Pareto efficient with h > k. The price of group fairness pgyg is maxy

maxgy w(r)
it w(rs)
where m is a (k,k)-group envy-free and mo is a k-group Pareto efficient.
We consider these prices for common welfares such as the utilitarian welfare
u(m) = > .en Ua(Ta), the egalitarian welfare e(n) = mingen uq(m,) and the
Nash welfare n(m) = [[,c y ta(7a)-

Finally, we write Iy for the expected allocation of group H that assigns a
probability value to each bundle of items, and T (1) for the expected utility of
group G for ITy. We observe that we can define our group properties in terms
of expected utilities of groups for expected allocations of groups.

4 Group Envy Freeness

We start with group envy-freeness for arithmetic-mean group utilities. Our first
main result is to give a taxonomy of strict implications between group envy-
freeness notions for groups of fixed sizes (i.e. GEFy 5, for fixed k,h € [1,n)). We
present the taxonomy in Fig. 1.

GEth = GEFk,h+1

U I
GEFk+1,n = GEFgt1,n41

Fig. 1. A taxonomy of group envy-freeness properties for fixed k, h € [1,n).

Our taxonomy contains n? group envy-freeness axiomatic properties. By def-
inition, we observe that (1,1)-group envy-freeness is equivalent to envy-freeness
(or simply EF) and (1, n)-group envy-freeness is equivalent to proportionality (or
simply PROP). Moreover, we observe that (n,1)-group envy-freeness captures
the envy of the group of all agents towards each agent. We call this property grand
envy-freeness (or simply gEF). (n,n)-group envy-freeness is trivially satisfied by
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any allocation. In our taxonomy, we can interpolate between envy-freeness and
proportionality, and even beyond. From this perspective, our taxonomy general-
izes existing taxonomies of fairness concepts for individual agents with additive
utilities [4,5]. We next prove the implications in our taxonomy. For this purpose,
we distinguish between agent-group properties (i.e. (1, h)-group envy-freeness),
group-agent properties (i.e. (k,1)-group envy-freeness) and group-group proper-
ties (i.e. (k, h)-group envy-freeness) for k € [1,n] and h € [1,n].

Agent-Group Envy-Freeness. We now consider n properties for agent-group
envy-freeness of actual allocations that capture the envy an individual agent
might have towards a group of other agents. These properties let us move from
envy-freeness to proportionality (i.e. there is h € [1,n] such that “EF = GEFy
= PROP”). If an agent is envy-free of a group of h € [1,n] agents, then they
are envy-free of a group of ¢ > h agents.

Theorem 1. For h € [1,n], q € [h,n]| and arithmetic-mean group utilities, we
have that GEF,  tmplies GEFq 4.

Proof. Let us pick an allocation 7w. We show the result by induction on i € [h, q].
In the base case, let i be equal to h. The result follows trivially in this case. In
the induction hypothesis, suppose that 7 is (1,)-group envy-free for i < gq.
In the step case, let ¢ be equal to ¢q. By the hypothesis, we know that = is
(1,q — 1)-group envy-free. For the sake of contradiction, let us suppose that =
is not (1, ¢)-group envy-free. Consequently, there is a group of ¢ agents and an
agent, say G = {a1,...,a4} and a € G, such that inequality (1) holds for G and
a, and inequality (2) holds for G, a and each agent a; € G.

o) < ta(m6) = = talm) &

beG

Ua(Ta) > ta (T o)) = (qi 5 S wa(m) 2)
beG\{a;)

We derive uq(m,) < ua(ma;) for each a; € G. Let us now form a group of
(¢ — 1) agents from G, say G \ {a,}. Agent a assigns arithmetic-mean value to
the allocation of this group that is larger than the value they assign to their own
allocation. This contradicts with the induction hypothesis. Hence, 7 is (1, q)-
group envy-free. The result follows. O

By Theorem 1, we conclude that (1, h)-group envy-freeness implies (1, h+1)-
group envy-freeness for h € [1,n). The opposite direction does not hold. Indeed,
(1, q)-group envy-freeness is a weaker property than (1,h)-group envy-freeness
for ¢ > h. We illustrate this in Example 1.

Example 1. Let us consider the fair division of 3 items 01,02,03 between 3
agents a1, as, asz. Further, let the utilities of agent ay for the items be 1, 3/2 and
2, those of agent az be 3/2, 2, and 1, and the ones of agent az be 2, 1 and 3/2



Group Envy Freeness and Group Pareto Efficiency 63

respectively. Now, consider the allocation 7 that gives oo to a1, 01 to as and o3 to
as. Each agent receives in m utility 3/2. Hence, this allocation is not (1,1)-group
envy-free (i.e. envy-free) as each agent assigns in it utility 2 to one of the other
agents. In contrast, they assign in m utility 3/2 to the group of all agents. We
conclude that m is (1,3)-group envy-free (i.e. proportional). O

The result in Example 1 crucially depends on the fact that there are 3 agents
in the problem. With 2 agents, agent-group envy-freeness is equivalent to envy-
freeness which itself is equivalent to proportionality. Finally, Theorem 1 and
Example 1 hold for expected allocations as well.

Group-Agent Envy-Freeness. We next consider n properties for group-agent
envy-freeness of actual allocations that capture the envy a group of agents might
have towards an individual agent outside the group. These properties let us move
from envy-freeness to grand envy-freeness (i.e. there is k € [1,n] such that “EF
= GEFj,1 = gEF”). If a group of k € [1,n] agents is envy-free of a given agent,
then a group of p > k agents is envy-free of this agent.

Theorem 2. For k € [1,n], p € [k,n] and arithmetic-mean group utilities, we
have that GEF}, 1 implies GEF,, ;.

Proof. Let us pick an allocation 7. As in the proof of Theorem 1, we show the
result by induction on i € [k, p]. The most interesting case is the step case. Let
i be equal to p and suppose that 7 is (p — 1, 1)-group envy-free. For the sake of
contradiction, let us suppose that 7 is not (p, 1)-group envy-free. Consequently,
there is a group of p agents and an agent, say G = {a1,...,a,} and a € G, such
that inequality (3) holds for G and a, and inequality (4) holds for G, a and each
aj € G.

prug(ng) =Y w(m) < Y up(ma) 3)

beG beG

(=1 ve\iay(Toriy) = Y, wm) > > up(ma) (4)
beG\{a;} beG\{a;}

We derive ugq; (7q;) < uq,;(7a) for each a; € G. Let us now form a group of
(p—1) agents from G, say G\ {a,}. This group assigns arithmetic-mean value to
the allocation of agent a that is larger than the arithmetic-mean value they assign
to their own allocation. This contradicts with the fact that 7 is (p — 1, 1)-group
envy-free. We therefore conclude that 7 is (p, 1)-group envy-free. ([l

By Theorem 2, we conclude that (k, 1)-group envy-freeness implies (k4 1,1)-
group envy-freeness for k € [1,n). However, (p, 1)-group envy-freeness is a weaker
property than (k,1)-group envy-freeness for p > k. We illustrate this in Exam-
ple 2.

Example 2. Let us consider again the instance in Example 1 and the allocation
m that gives to each agent the item they value with 3/2. We confirmed that m is
not (1,1)-group envy-free (i.e. envy-free). However, 7 is (3,1)-group envy-free
(i.e. grand envy-free) because the group of all agents assigns in w utility 3/2 to
their own allocation and utility 3/2 to the allocation of each other agent. (I
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The choice of 3 agents in the problem in Example 2 is again crucial. With 2
agents, group-agent envy-freeness is equivalent to envy-freeness and proportion-
ality. Finally, Theorem 2 and Example 2 hold for expected allocations as well.

Group-Group Envy-Freeness. We finally consider n? properties for group-
group envy-freeness of actual allocations that captures the envy of a group of
k agents towards another group of h agents. Similarly, we prove a number of
implications between such properties for fixed parameters k, h and p > k, ¢ > h.

Theorem 3. Fork € [1,n], p € [k,n], h € [1,n], q € [h,n] and arithmetic-mean
group utilities, we have that GEFy, j, implies GEF,, 4.

Proof. We prove by inductions that (1) (p, h)-group envy-freeness implies (p, q)-
group envy-freeness for any p € [1,n], and that (2) (k, h)-group envy-freeness
implies (p, h)-group-envy freeness for any h € [1,n]. We can then immediately
conclude the result. For p = 1 in (1) and h = 1 in (2), the base cases of the
inductions follow from Theorems 1 and 2. We start with (1). We consider only
the step case. That is, let m be an allocation that is (p,q — 1)-group envy-free
but not (p, g)-group envy-free. Hence, there are groups G = {a1,...,a,} and
H = {b1,...,bq} such that inequality (5) holds for G and H, and inequality (6)
holds for G, H and each b; € H.

D ta(ma) < é > ua(m) (5)

acG acG beH
1
el 2 gy 2 i) ©
acG q a€G beH\{b;}

We derive D e ua(Ta) < D e Ualmp,) for each b; € H which leads to a
contradiction with the (p, g — 1)-group envy-freeness of m. We next prove (2) for
h = ¢ in a similar fashion. Again, we consider only the step case. That is, let
7 be an allocation that is (p — 1, g)-group envy-free but not (p, ¢)-group envy-
free. Hence, there are groups G = {a1,...,ap} and H = {b1,...,b;} such that
inequality (5) holds for G and H, and inequality (7) holds for G, H and each

CLJ‘EG.
Yo talma) == YD ua(m) (7)

GGG\{(Z]‘} aEG\{aj}bEH

SEE

We obtain that ¢ - ua; (7a;) < > pcpy Ua,; (M) holds for each a; € G. Finally,
this conclusion leads to a contradiction with the (p — 1, ¢)-group envy-freeness
of . The result follows. (Il

By Examples 1 and 2, the opposite direction of the implication in Theorem 3
does not hold with 3 or more agents. With 2 agents, group-group envy-freeness
is also equivalent to envy-freeness and proportionality. Finally, Theorem 3 also
holds for expected allocations.
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5 Group Pareto Efficiency

We continue with group Pareto efficiency properties for arithmetic-mean group
utilities. Our second main result is to give a taxonomy of strict implications
between group Pareto efficiency notions for groups of fixed sizes (i.e. GPEy for
fixed k € [1,n)). We present the taxonomy in Fig. 2.

GPEj;1 = GPE,

Fig. 2. A taxonomy of group Pareto efficiency properties for fixed k € [1,n).

Our taxonomy contains n group Pareto efficient axiomatic properties. By
definition, we observe that 1-group Pareto efficiency is equivalent to Pareto effi-
ciency, and n-group Pareto efficiency to utilitarian efficiency. In fact, we next
prove that the kth layer of properties in our taxonomy is exactly between the
(k — 1)th and (k 4 1)th layers. It then follows that k-group Pareto efficiency
implies j-group Pareto efficiency for any k € [1,n] and j € [1, k]. We now show
this result for actual allocations.

Theorem 4. For k € [1,n], j € [1,k] and arithmetic-mean group utilities, we
have that GPE implies GPE;.

Proof. The proof is by backward induction on h € [j, k] for a given allocation
7. For h = k, the proof is trivial. For h > j, suppose that 7 is h-group Pareto
efficient. For h = j, let us assume that 7 is not j-group Pareto efficient. We write
G; for the fact that group G has j agents. We derive that there is 7’ such that
both inequalities (8) and (9) hold.

VGj : Z Ua('ﬂ';) > Z ua(’fra) (8)

aEGj GEG]'
3H; 2 Y w(my) > > up(m) (9)
beH; beH;

We next show that 7’ dominates 7 in a (j + 1)-group Pareto sense. That is,
we show that inequalities (10) and (11) hold.

VGiany > ua(mh) > Y ua(ma) (10)

a€G(j+1) a€G(j+1)

3Hy: Y, w(m) > Y w(m) (11)

beH (j11) beH (j11)

We start with inequality (10). Let G;41) be a group of (j + 1) agents for
which inequality (10) does not hold. Further, let G§ = G(;11) \ {a} be a group
of j agents obtained from G(;1) by excluding agent a € G(;41). By the fact



66 M. Aleksandrov and T. Walsh

that inequality (8) holds for G¢, we conclude that u,(m;,) < us(m,) holds for
each a € G(;41). We can now form a set of j agents such that inequality (8) is
violated for n’. Hence, inequality (10) must hold. We next show that inequality
(11) holds as well. Let H(;, 1y be an arbitrary group of (j + 1) agents for which
inequality (11) does not hold. By inequality (8), we derive uy(m},) < up(m) for
each b € H; ). There cannot exist a group of j agents for which inequality (9)
holds for #’. Hence, inequality (11) must hold. Finally, as both inequalities (10)
and (11) hold, = is not (j + 1)-group Pareto efficient. This is a contradiction. O

The implication in Theorem 4 does not reverse. Indeed, an allocation that is
1-group Pareto efficient might not be k-group Pareto efficient even for £ = 2 and
2 agents. We illustrate this in Example 3.

Example 3. Let us consider the fair division of 2 items 01,02 between 2 agents
a1, as. Further, suppose that ai likes o1 with 1 and oo with 2, whilst as likes
01 with 2 and oo with 1. The allocation m that gives both items to ay is 1-
group Pareto efficient (i.e. Pareto efficient) but not 2-group Pareto efficient (i.e.
utilitarian efficient). To see this, note that w1 is 2-group Pareto dominated by
another allocation mo that gives oo to ay and o1 to as. The utility of the group
of two agents is 3/2 in m and 2 in ms. ]

We next consider expected allocations. We know that an expected allocation
that is Pareto efficient can be represented as a convex combination over actual
allocations that are Pareto efficient [9] (cited by 502 other papers in Google
Scholar). This result holds for actual allocations as well. We generalize this
result to our setting with groups of agents and bundles of items. That is, we
show that a k-group Pareto efficient expected allocation can be represented as a
combination over k-group Pareto efficient actual allocations. We believe that our
result is much more general than the existing one because it holds for arbitrary
groups and bundle utilities (e.g. monotone, additive, modular, etc.). In contrast,
not each convex combination over Pareto efficient actual allocations represents
an expected allocation that is Pareto efficient [9]. This observation holds in our
setting as well.

Theorem 5. For k € [1,n], a k-group Pareto efficient expected allocation can
be represented as a convex combination over k-group Pareto efficient actual allo-
cations.

Proof. Let II; denote an expected allocation that is k-group Pareto efficient
and ¢; be a convex combination over group Pareto efficient allocations that
represents I1;. Further, let us assume that I7; cannot be represented as a convex
combination over k-group Pareto efficient allocations. Therefore, there are two
types of allocations in ¢;: (1) allocations that are j-group Pareto efficient for
some j > k and (2) allocations that are j-group Pareto efficient ex post for
some j < k. By Theorem 4, allocations of type (1) are k-group Pareto efficient.
And, by assumption, allocations of type (2) are not g-group Pareto efficient for
any g > j. Let us consider such an allocation 7 in ¢; of type (2) that is not
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k-group Pareto efficient. Hence, m can be k-group Pareto improved by some
other allocation 7’. We can replace m with 7’ in ¢; and thus construct a new
convex combination ¢; . We can repeat this for some other allocation in ¢; » of
type (2) that is not k-group Pareto efficient. We thus eventually can construct
a convex combination co over k-group Pareto efficient ex post allocations with
the following properties: (1) there is an allocation 73 in ¢y for each allocation 7y
in ¢; and (2) the weight of w5 in ¢g is equal to the weight of 71 in ¢;. Let ITy
denote the allocation represented by cso.

Let ¢; be over m; to 7, such that m; to m; are k-group Pareto efficient and
mi+1 to mp are not group k-Pareto efficient. Further, by construction, let co be
over 7 to 7; and 7 ; to mj, such that 7 k-group Pareto dominates 7, for each
g € [i +1,h]. We derive Y°, q(uq,(my) — g, (m4)) > 0 for each group G of k
agents and .y (uq, (7g) — uq,(74)) > 0 for some group H of k agents. The
expected utility %q, (I11) of agent a; in combination ¢ is equal to 3,y ; w(mg)-
U, (Tg) + > gefiv1,n) W(Tg) - Ua, (7). The expected utility g, (I12) of agent a; in
combination ¢y is equal to > oy ;4 w(mg) - Ua,(Tg) + D g i1 W(Tg) - Ua, (7).
Therefore, >, cq(a, (112) —Tq, (111)) > 0 holds for each group G of k agents and
> ayer (o, (I12) — g, (111)) > 0 holds for some group H of k agents. Hence, 1>
k-group Pareto dominates I7;. This is a contradiction with the k-group Pareto
efficiency of I1;. |

Theorem 5 suggests that there are fewer k-group Pareto efficient allocations
than j-group Pareto efficient allocations for j € [1,k]. In fact, there can be
substantially fewer such allocations even with 2 agents. We illustrate this in
Example 4.

Example 4. Let us consider again the instance in Example 3. Further, consider
the expected allocation Il. in which agent ay receives item o1 with probability 1
and item og with probability 1 — €, and agent as receives item oo with probability
€. In Il., ay receives expected utility 3 — 2¢ and ao receives expected utility €.
For each fized € € [0,1/2), II. is 1-group Pareto efficient (i.e. Pareto efficient).
Hence, there are infinitely many such allocations. By comparison, there is just
one 2-group Pareto efficient (i.e. utilitarian efficient) allocation that gives to
each agent the item they like with 2. ([l

Interestingly, for an n-group Pareto efficient expected allocation, we can show
both directions in Theorem 5. By definition, such allocations maximize the util-
itarian welfare. We, therefore, conclude that an expected allocation is n-group
Pareto efficient iff it can be represented as a convex combination over actual
allocations that maximize the utilitarian welfare. Finally, Theorem 4 and Exam-
ple 3 also hold for expected allocations and Theorem 5 and Example4 also hold
(trivially) for actual allocations.
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6 Near Group Fairness

Near group fairness relaxes group fairness. Our near notions are inspired by a-
fairness proposed in [11]. Let k € [1,n], h € [1,n] and « € [0,1]. We start with
near group envy-freeness (i.e. GEF} ). For given k and h, we can always find
a sufficiently small value for « such that a given allocation satisfies GEFY, .
Consequently, for given k and h, there is always some « such that at least
one allocation is GEFy ;. By comparison, for given k and h, allocations that
satisfy GEF}, ;, may not exist. Therefore, for given k, h and «, allocations that
satisfy GEFY, ), may also not exist. For example, note that GEFy, 5, is equivalent
to GEFy , for cach k, h and a = 1. Moreover, for given k, h and a, we have
that GEF;c p implies GEFY, ;, holds. However, there might be allocations that are
near (k, h)-group envy- free with respect to a but not (k, h)-group envy-free. We
illustrate this for actual allocations in Example 5.

Example 5. Let us consider again the instance in Fxample 1 and the allocation
m that gives to each agent the item they like with 3/2. Recall that w is not (1,1)-
group envy-free (i.e. envy-free). Fach agent assigns in m utility 2 to one of the
other agents and 1 to the other one. For aw = 3/4, they assign in 7 reduced
utilities 2ae, «v to these agents. We conclude that 7 is near (1,1)-group envy-free
wrt o (i.e. 3/4-envy-free). O

For a given a, we can show that Theorems 1, 2 and 3 hold for the notions
GEFy ), with any £ and h. We can thus construct an a-taxonomy of near group
envy-freeness concepts for each fixed a. Moreover, for aq, as € [0,1] with as >
a1, we observe that an allocation satisfies an ag-property in the as-taxonomy
only if the allocation satisfies the corresponding a;;-property in the corresponding
a1-taxonomy. We further note that GEF;" implies GEF ;- By Example 5, this
implication does not reverse.

We proceed with near group Pareto efficiency (i.e. GPEY). For a given k,
allocations satisfying GPEj always exists. For given k and «, we immediately
conclude that allocations satisfying GPE{ also always exists. Similarly as for
near group envy-freeness, GPE; is equivalent to GPE} for each k and oo = 1,
and GPE, implies GPEY for each k and o. However, there might be allocations
that are near k-group Pareto efficient with respect to a but not k-group Pareto
efficient. We illustrate this for actual allocations in Example 6.

Example 6. Let us consider again the instance in Example 3 and the allocation
7 that gives to each agent the item they like with 1. This allocation is not 1-group
Pareto efficient (i.e. Pareto efficient) because each agent receives utility 2 if they
swap items in w. For « = 1/2, 7 is not a-Pareto dominated by the allocation
in which the items are swapped. Moreover, w is not a-Pareto dominated by any
other allocation. We conclude that 7 is near 1-group Pareto efficient wrt o (i.e.

1/2-Pareto efficient). O
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For a given o, we can also show that Theorem 4 holds for the notions GPEZ
with any k£. We can thus construct an a-taxonomy of near group Pareto efficiency
properties for each fixed . In contrast to near group envy-freeness, allocations
that satisfy an a-property in an a-taxonomy always exists. Also, for aj,as €
[0,1] with ag > v, we observe that GPE}? implies GEF}* holds. By Example 6,
we confirm that this is a strict implication. Theorem 5 further holds for near k-
group Pareto efficiency. Finally, Examples 5 and 6 hold for expected allocations
as well.

7 Prices of Group Fairness

We use prices of group fairness and measure the “loss” in social welfare efficiency
between different “layers” in our taxonomies. OQur prices are inspired by the price
of fairness proposed in [7]. Prices of fairness are normally measured in the worst-
case scenario. We proceed similarly and prove only the lower bounds of our prices
for the wtilitarian, the egalitarian and the nash welfares in actual allocations.

Theorem 6. The prices phpp, Pépr, Pramr ore all at least the number n of

agents, whereas the prices Pagpr, Papg Pharr Ond Dégprs Pepr Pharr are all
unbounded.

Proof. Let us consider the fair division of n items to n agents. Swelfares in
actual allocations uppose that agent a; likes item o; with 1, and each other
item with e for some small e € (0,1). For k € [1,n], let m;, denote an allocation
in which k agents receive items valued with 1 and (n — k) agents receive items
valued with e. By Theorem 3, 7, is k-group envy-free as each agent receives their
most valued item. By Theorem4, 7, is also k-group Pareto efficient. Further,
for a fixed k, it is easy to check that 7 is also k-group envy-free and k-group
Pareto efficient. We start with the utilitarian prices. The utilitarian welfare in
T, is n whereas the one in 7, is k as € goes to 0. Consequently, the corresponding
ratios for “layer” k in each taxonomy all go to n/k. Therefore, the corresponding
prices go to n as k goes to 1. We next give the egalitarian and Nash prices. The
egalitarian and Nash welfares in 7,, are both equal to 1. These welfares in 7 are
equal to € and €% respectively. The corresponding ratios for “layer” k in each
taxonomy are then equal to 1/e and 1/¢(~*). Consequently, the corresponding
prices go to co as € goes to 0. O

Theorem 6 holds for expected allocations as well. Finally, it also holds for
near group fair allocations.

8 Conclusions

We studied the fair division of items to agents supposing agents can form groups.
We thus proposed new group fairness axiomatic properties. Group envy-freeness
requires that no group envies another group. Group Pareto efficiency requires
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that no group can be made better off without another group be made worse off.
We analyzed the relations between these properties and several existing prop-
erties such as envy-freeness and proportionality. We generalized an important
result from Pareto efficiency to group Pareto efficiency. We moreover considered
near group fairness properties. We finally computed three prices of group fair-
ness between such properties for three common social welfares: the utilitarian
welfare, the egalitarian welfare and the Nash welfare.

In future, we will study more group aggregators. For example, our results
hold for arithmetic-mean group utilities (i.e. Theorems1-6). We can however
also show them for geometric-mean, minimum, or mazimum group utilities (i.e.
the root of the product over agents’ utilities for the bundle, the minimum over
agents’ utilities for the bundle, the maximum over agents’ utilities for the bun-
dle). We will also study the relations of our group properties to other fairness
properties for individual agents such as min-mazx fair share, maz-min fair share
and graph envy-freeness. Finally, we submit that it is also worth adapting our
group properties to other fair division settings as well [1].
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Abstract. Probabilistic parallel multiset rewriting systems (PPMRS)
model probabilistic, dynamic systems consisting of multiple, (inter-) act-
ing agents and objects (entities), where multiple individual actions can
be performed in parallel. The main computational challenge in these
approaches is computing the distribution of parallel actions (compound
actions), that can be formulated as a constraint satisfaction problem
(CSP). Unfortunately, computing the partition function for this distri-
bution exactly is infeasible, as it requires to enumerate all solutions of
the CSP, which are subject to a combinatorial explosion.

The central technical contribution of this paper is an efficient Markov
Chain Monte Carlo (MCMC)-based algorithm to approximate the parti-
tion function, and thus the compound action distribution. The proposal
function works by performing backtracking in the CSP search tree, and
then sampling a solution of the remaining, partially solved CSP.

We demonstrate our approach on a Lotka-Volterra system with
PPMRS semantics, where exact compound action computation is infea-
sible. Our approach allows to perform simulation studies and Bayesian
filtering with PPMRS semantics in scenarios where this was previously
infeasible.

Keywords: Bayesian filtering

Probabilistic multiset rewriting system
Metropolis-Hastings algorithm + Markov chain monte carlo
Constraint satisfaction problem

1 Introduction

Modelling dynamic systems is fundamental for a variety of Al tasks. Multi-
set Rewriting Systems (MRSs) provide a convenient mechanism to represent
dynamic systems that consist of multiple (inter-)acting entities where the sys-
tem dynamics can be described in terms of rewriting rules (also called actions).
Typically, MRS are used for simulation studies, e.g. in chemistry [2], systems
biology [13] or ecology [16].

Recently, Lifted Marginal Filtering (LiMa) [12,18] was proposed, an app-
roach that uses a MRS to describe the state dynamics and maintains the state
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distribution over time, which is repeatedly updated based on observations (i.e.
it performs Bayesian filtering). More specifically, the transition model of LiMa is
described in terms of a probabilistic parallel MRS (PPMRS) [1], a specific class
of MRSs that model systems where multiple entities act in parallel. This allows
to perform Bayesian filtering in scenarios where multiple entities can simulta-
neously perform activities between consecutive observations, but the order of
actions between observations is not relevant.

A multiset of actions that is executed in parallel is called compound action. In
PPRMS, each state s defines a distribution of compound actions k, p(k|s). This
distribution defines the transition distribution p(s’|s) , where s’ is the result of
applying k to s (called transition model in the Bayesian filtering context).

One of the computational challenges in probabilistic parallel MRSs is the
computation of p(k|s): This distribution is calculated as the normalized weight
vs(k) of the compound actions: p(kls) = vs(k)/>_,, vs(k;). To compute this
normalization factor (called partition function) exactly, it is necessary to sum
over all compound actions. Unfortunately, the number of compound actions can
be very large, due to the large number of combinations of actions that can be
applied in parallel to a state. Thus, in general, complete enumeration is infeasible.
Therefore, we are concerned with methods for approximating this distribution.

A problem closely related to computing the value of the partition function is
weighted model counting (WMC), where the goal is to find the summed weight
of all models of a weighted propositional theory (W-SAT). Exact [4] and approx-
imate [7,19] algorithms for WMC have been proposed. However, our approach
requires to sample from the distribution p(k|s), not just compute its partition
function. For W-SAT, a method was proposed [3] to sample solutions, based on
partitioning the set of satisfying assignments into “cells”, containing equal num-
bers of satisfying assignments. The main reason why these approaches cannot
be used directly for our domain is that they assume a specific structure of the
weights (weights factorize into weights of literals), whereas in our domain, only
weights v(k) of complete samples k are available. Another related line of research
is efficiently sampling from distributions with many zeros (hard constraints) [9],
which can also be achieved by a combination of sampling and backtracking.
However, they assume that the distribution to sample from is given in factorized
form (e.g. as a graphical model).

The main technical contribution of this paper is a sampling approach for com-
pound actions, based on the Metropolis-Hastings algorithm. Compound action
computation can be formulated as a constraint satisfaction problem (CSP),
where each compound action is a solution of the CSP. The algorithm works by
iteratively proposing new CSP solutions, based on backtracking of the current
solution (i.e. compound action).

We will proceed as follows. In Sect.2, we introduce probabilistic parallel
MRSs in more detail. The exact and approximate algorithms for computing the
compound action distribution are presented in Sect.3. We present an empirical
evaluation of our approach in Sect.4, showing that the transition model can
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be approximated accurately for situations with thousands of entities, where the
exact algorithm is infeasible.

2 Probabilistic Parallel Multiset Rewriting

In the following, we introduce probabilistic parallel multiset rewriting systems
(PPMRSs), and show how such a system defines the state transition distribution
(also called transition model) p(St4+1|St).

Such systems have previously been investigated in the context of P Systems
[15], a biologically inspired formalism based on parallel multiset rewriting across
different regions (separated by membranes). Several probabilistic variants of P
Systems have been proposed [1,5,16]. We present a slightly different variant here,
that does not use membranes, but structured entities (the variant that is used
in LiMa [12,18]).

Let £ be a set of entities. A multiset over £ is a map s : £ — N from
entities to multiplicities. We denote a multiset of entities e1,...,e; and their
multiplicities ny,...,n; as [ny e1,...,n; e; ]|, and define multiset union s W s’,
multiset difference s U s’, and multiset subsets s C s’ in the obvious way.
In MRSs, multisets of entities are used to represent the state of a dynamic
system. Thus, in the following, we use the terms state and multiset of entities
interchangeably.

Typically, MRSs consider only flat (unstructured) entities. Here, we use
structured entities: Each entity is a map of property names K to values V), i.e. a
partial function & = IC - V. Structured entities are necessary for the scenarios
we are considering, as they contain entities with multiple, possibly continuous,
properties.

For example, consider the following multiset, that describes a situation in
a predator-prey model, with ten predators and six prey, each entity having a
specific age':

[6(T:Prey, A:2), 3(T:Pred, A:3), 7(T:Pred, A:5) ] (1)

In [12], a factorized representation of such states is devised, that allows to
represent state distributions more compactly. We note that the concepts pre-
sented in the following also apply to the factorized representation, but we omit
it here for readability.

The general concept of a multiset rewriting system (MRS) is to model the sys-
tem dynamics by actions (also known as rewriting rules) that describe precon-
ditions and effects of the possible behaviors of the entities. An action is a triple
(¢, e, w) consisting of a precondition list ¢ € C, an effect function e € F and a
weight w € R. In conventional MRSs (e.g. in the context of P Systems [1,5,16]),
the preconditions are typically a multiset or a list of (flat) entities. However, when
using structured entities, preconditions can be described much more concisely
as constraints on entities, i.e. as a list of boolean functions: C = [€ — {T, L}].

! We use (-) to denote partial functions.
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For example, consider an action reproduce, that can be performed by any entity
with Age > 3, regardless of other properties of the entity, which is naturally and
concisely represented as a constraint.

The idea of applying an action to a state is to bind entities to the precondi-
tions. Specifically, one entity is bound to each element in the precondition list,
and entities can only be bound when they satisfy the corresponding constraint.
The effect function then manipulates the state based on the bound entities (by
inserting, removing, or manipulating entities).We call such a binding action
instance (a, i) € Z, i.e. a pair consisting of an action and a list of entities. We
write a(4) for an action instance consisting of an action a and bound entities 3.
Note that we use positional preconditions, i.e. the action instances eat(x,y) and
eat(y,x) are different — either z or y is eaten.

A Compound Action £k € K is a multiset of action istances. It is applied to a
state by composing the effects of the individual action instances. The compound
action k is applicable in a state s if all of the bound entities are present in s,
and it is maximal with respect to s if all entities in s are bound in k. Thus, a
compound action is applicable and maximal when the multiset of all the bound
entities is exactly the state s, i.e. H—Ja(w)ek z = s. In the following, we are only
concerned with applicable maximal compound action (AMCAs), which define
the transition model. Scenarios where agents can also choose to not participate
in any action can be modelled by introducing explicit “no-op” actions.

Compound Action Probabilities: Our system is probabilistic, which means
that each AMCA is assigned a probability. In general, any function from the
AMCAS to the positive real numbers which integrates to one is a valid definition
of these probabilities, that might be plausible for different domains. Here, we
use the probabilities that arise when each entity independently chooses which
action to participate in (which is the intended semantics for the scenarios we
are concerned with). To calculate this probability, we count the number of ways
specific entities from a state s can be chosen to be assigned to the action instances
in the compound action. This concept to calculate probabilities is closesly related
to [1] — except that due to the fact that we use positional preconditions, the
counting process is slightly different.

The multiplicity p (k) of a compound action k& with respect to a state s is
the number of ways the entities in k£ can be chosen from s. See Example 1 below
for an illustration of the calculation of the multiplicity.

The weight v, (k) of a compound action is the product of its multiplicity and
the actions’ weights:

0, (k) = p (k) )" (2)

Here, n; is the number of action instances ai; present in k. The probability of a
compound action in a state s is its normalized weight:

p(kls) = vs(k)/ > vs(k:) (3)
ki
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Transition Model: The distribution of the AMCAs define the distribution of
successor states, i.e. the transition model. The successor states of s are obtained
by applying all AMCAs to s. The probability of each successor state s’ is the
sum of the probabilities of all AMCAs leading to s':

p(8'=5|5=5) = > p(kls) (4)

{k|apply(k,s)=s"}

Finally, the posterior state distribution is obtained by applying the transition
model to the prior state distribution, and marginalizing s (this is the standard
predict step of Bayesian filtering):

p(8'=5") = p(S=s)p(§'=s"|5=5) (5)

Example 1: In a simplified population model, two types of entities exist: Prey
x = (Type = X) and predators y = (Type = Y'). Predators can eat other animals
(prey or other predators, action e), and all animals can reproduce (action r).
Reproduction is 4 times as likely as consumption, i.e. action e has weight 1, and
r has weight 4.

For a state s = [1z,2y], the following applicable action instances exist:
r(y), r(x), e(y,z), e(y,y). The resulting applicable mazimal compound actions
are: k1 = [2r(y),1r(z)], k2 = [le(y,y),1r(z)] and ks = [le(y,z),1r(y)].
Applying these compound actions (assuming that they have the obvious effects)
to the initial state s yields the three successor states sy = [4y,2z ], s5 = [1y, 2z ]
and sy = [2y]. The multiplicities of the compound actions are p (ki) = 1,
po(k2) = 2, p,(ks) = 2 and their weights are vs(ky) = 1% 43 = 64, vy(ke) =
2%x1%4 =28 and vs(ks) =2+ 1x4=38.

3 Efficient Implementation

In this section, we present the main contribution of this paper: An efficient
approximate algorithm for computing the posterior state distribution (Eq.5).

Given a prior state distribution p(S) and a set of actions A, the following
steps need to be performed for each s with p(S=s) > 0 to obtain the posterior
state distribution:

(i) Compute all action instances of each action a € A, given s.
(ii) Compute all AMCAs and their probabilities (Eq. 3).
(iii) Calculate the probabilities of the resulting successor states s, i.e. p(s'|s),
by applying all AMCAs to s (Eq.4).

Afterwards, the posterior state distribution p(s’) is obtained by weighting
p(s’|s) with the prior p(s) and marginalizing s (Eq.5). In the following, we
discuss efficient implementations for each of these steps.

Step (i) requires, for each action (¢, e, w) = a € A, to enumerate all bindings
(lists of entities) that satisfy the precondition list ¢ = [y, ..., ¢,] of this action,
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i.e. the set {[e1,...,en] | c1(er) A -+ A cp(en)}. This is straightforward, as for
each constraint, we can enumerate the satisfying entities independently. In the
scenarios we are considering, the number of actions, as well as the number of
different entities in each state is small (see Example1). Furthermore, we only
consider constraints that can be decided in constant time (e.g. comparisons with
constants). Thus, we expect this step to be sufficiently fast.

Steps (ii) and (iii) are, however, computationally demanding, due to the
large number of compound actions: Given a state s, let n be the total number
of entities in s and 7 be the number of action instances. The number of possible
compound actions is at most the multiset coefficient ((:l)) = %

Therefore, in the following, we focus on the efficient computation of p(K|s).
We start with an exact algorithm that enumerates all AMCAs, and, based on
that, derive a sampling-based algorithm that approximates p(K|s).

In the context of other PPMRSs, efficient implementations for computing
p(K|s) have not been discussed. Either, they use a semantics that allows to
sample a compound action by sequentially sampling the individual actions? [16],
or they use a semantics similar to ours (requiring to enumerate all compound
actions), but are not concerned with an efficient implementation [1,5].

3.1 Exact Algorithm

The task we have to solve is the following: Given a set of action instances (a, i) €
I and a state s, compute the distribution p(K|s) of the compound actions that
are applicable and maximal with respect to s (the AMCAs), as shown in Eq. 3.
To compute the partition function of this distribution exactly, it is necessary
enumerate all AMCAs and their weights. Thus, the exact algorithm works as
follows: First, all AMCAs are enumerated, which then allows to compute the
partition function and thus p(K]|s).

In the following, we show how the AMCA calculation problem can be trans-
formed into a constraint satisfaction problem (CSP) I', such that each solution
of the CSP is an AMCA, and vice versa. Then, we only need to compute all
solutions of I', e.g. by exhaustive search.

A CSP I' is a triple (X, D, C) where X is a set of variables, D is a set
of domains (one for each variable), and C' is a set of constraints, i.e. boolean
functions of subsets of X. Given action instances I and a state s, a CSP I is
constructed as follows:

— For each action instance (a,4) € I, there is a variable € X. The domain of
z is {0,... ,Iglellll(ne)}, where n. is the multiplicity of entity e in s.

— For each entity e € s with multiplicity n. in s, there is a constraint ¢ € C
on all variables z; whose corresponding action instances a; bind e. Let m; .
the number of times the action instance a; binds e. The constraint then is
> Me,i = ne. This models the applicability and maximality of the compound
actions.

2 Due to the sequential sampling process, the probability of a compound action is
higher when there are more possible permutations of the individual actions, which
is explicitly avoided by our approach.
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Fig. 1. Left: The CSP for Example 1. Circles represent variables, rectangles represent
constraints. Right: Illustration of the proposal function, using the CSP of Fig. 1 and the
solution d = (r(z) = 2, r(y) = 2). Equalities represent assignments in the solution, and
inequalities represent constraints. Assignments and constraints with 0 are not shown.

Note that the constraint language consists only of summation and equality, inde-
pendently of the constraint language of action preconditions (which have been
resolved before, when computing action instances).

A solution o of I' is an assignment of all variables in X that satisfies all
constraints. Each solution o of I' corresponds to a compound action k: The
value o(z) of a variable x indicates the multiplicity of the corresponding action
instance (a,4) in k. Each solution o corresponds to an applicable and mazimal
compound action (as this is directly enforced by the constraints of I"), and
each AMCA is a solution of I'. Figure1 (left) shows the CSP corresponding to
Example 1.

We use standard backtracking to enumerate all solutions of the CSP3. After-
wards, the weight of each solution (and thus the partition function) can be
calculated.

Note that the CSP we are considering is not an instance of a wvalued (or
weighted) CSP [6,17]: They assume that each satisfied constraint has a value,
and the goal is to find the optimal variable assignment, whereas in our proposal,
only solutions have a value, and we are interested the distribution of solutions.

3.2 Approximate Algorithm

The exact algorithm has a linear time complexity in the number of AMCAs (i.e.
solutions of I'). However, due to the potentially very large number of AMCAs,
enumerating all solutions of I" is infeasible in many scenarios.

We propose to solve this problem by sampling CSP solutions instead of enu-
merating all of them. However, sampling directly is difficult: To compute the
probability of a solution (Eq. 3), we first need to compute the partition function,
which requires a complete enumeration of the solutions.

Metropolis-Hastings- Algorithm: Markov chain Monte Carlo (MCMC) algo-

rithms like the Metropolis-Hastings algorithm provide an efficient sampling

3 This is sufficient, as the problem here is not that finding each solution is difficult,
but that there are factorially many solutions.
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mechanism for such cases, where we can directly calculate a value v(k) that is
proportional to the probability of k, but obtaining the normalization factor (the
partition function) is difficult. The Metropolis-Hastings algorithm works by con-
structing a Markov chain of samples M = ko, k1, ... that has p(K) as its station-
ary distribution. The samples are produced iteratively by employing a proposal
distribution g(k'|k) that proposes a move to the next sample k', given the current
sample k. The proposed sample is either accepted and used as the current sample
for the next iteration, or rejected and the previous sample is kept. The acceptance
probability is calculated as A(k, k") = min{1, (v(k’) g(k|k"))/(v(k) g(K'|k))}. Tt
can be shown that the Markov chain constructed this way does indeed have
the target distribution p(K) (Eq.3) as its stationary distribution [10]. The
Metropolis-Hastings algorithm thus is a random walk in the sample space (in
our case, the space of AMCASs, or equivalently, solutions of I") with the prop-
erty that each sample is visited with a frequency relative to its probability. The
Metropolis-Hastings sampler performs the following steps at time ¢ + 1:

1. Propose a new sample &’ by sampling from g(k’|k:).
2. Let ki1 = k' with probability A(k', k).
3. Otherwise, let kiyq1 = k.

Proposal Function: In the following, we present a proposal function of com-
pound actions. The idea is to perform local moves in the space of the compound
actions as follows: The proposal function g(k'|k) proposes k' by randomly select-
ing n action instances to delete from k, and sample one of the possible comple-
tions of the remaining (non-maximal) compound action. This means the proposal
makes small changes to k for proposing k', while ensuring that %’ is applicable
and maximal.

The proposal function can be formulated equivalently when viewing com-
pound actions as CSP solutions. For a CSP solution o, “removing” a single
action instance is done by removing the assignment of the corresponding vari-
able in o, and “remembering” the previous value of the variable as a constraint,
relaxed by 1: Suppose that we want to remove an action instance corresponding
to the CSP variable z, and the solution contains the assignment x = v. We do
this by removing the assignment, and adding x > v — 1 as a constraint. This
is done randomly for n variables of the CSP. Similarly, for all other variables,
we add constraints x > v to capture the fact that the remaining CSP can have
solutions where these variables have a higher value. In Algorithm 1, a procedure
is shown that enumerates all CSPs that can be obtained this way. From the
resulting CSPs, one CSP I is sampled uniformly, and then a solution ¢’ of I
is sampled (also uniformly). Notice that each of these CSPs is much easier to
solve by backtracking search than the original CSP, as the solution space is much
smaller. The proposal function is shown in Algorithm 1.

For example, consider the CSP corresponding to Example 1 (Fig. 1 left) and
the solution d = (r(z) = 2,7(y) = 2, e(y,y) =0, e(y,z) = 0). Suppose we want
to remove n = 2 action instances. This results in three possible reduced CSPs:
Either two r(x), two r(y) or one r(x) and one r(y) are removed. The CSPs, and
the possible solutions of each CSP are shown in Fig. 1 (right).
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Algorithm 1. Proposal function
1: function ¢(I',o,n)
2: I'" « uniform(REDUCEDCSPS(I",0,n))
o’ «— uniform(ENUMSOLUTIONS(I")) > Enumerate solutions of I, sample one
return o’
end function
function REDUCEDCSPS(I" = (X, D, C),0,n)
for each z;, add constraint z; > d; to C
R « set of all combinations with repetitions of variables in X with exactly n
elements, where z; occurs at most o(z;) times
9: for r € R do
10: C’ « same constraints as in C', but Vo € X:replace z > v by > v —z#r®
11: G— GU(X,D,C" > Collect all reduced CSPs
12: end for
13: return (G)
14: end function

& x#r denotes the number occurences of z in r

Algorithm 2. Probability of a step of the proposal function

1: function GPrROB(0’,0,1",n)

2: Vz: rem(z) < max(0,0'(z) —o(z)) > Variable assignments that need to be
reduced to get from o to o’.

3: G «— {I"" € REDUCEDCSPS(I', 7, n) | reductions that reduce each variable z at
least rem(z) times} > Reduced CSPs that have d’ as a solution

4 VI’ € G:np — | ENUMCSP(I”) | > Number of CSP solutions for each I’

5: t «— | REDUCEDCSPS(I, o, n) | > Total number of ways to reduce the CSP

6: p =1/t 3 epl/nr > Calculate probability that o’ is sampled

7 return p

8: end function

Probability of a Step: We do not only need to sample a value from g, given o
(as implemented in Algorithm 1), but for the acceptance probability, we also need
to calculate the probability of g(¢’|o), given ¢’ and o. This is implemented by
Algorithm 2. The general idea is to follow all possible choices of removed action
instances, and count the number of choices that lead to ¢’. In Algorithm 1, two
random choices are performed: (i) Choosing one of the reduced CSPs I/, and
(ii) choosing one of the solutions of I". In both cases, a uniform distribution is
used. Therefore, it is sufficient to know the number of elements to choose from.
Furthermore, only need to compute the solutions for those CSPs I where ¢’
can be reached. Both considerations are exploited by Algorithm 2, leading to an
increased efficiency.

Figure 1 (right) illustrates these ideas. Suppose the dark grey path has been
chosen by the proposal function. The function gProb(c’, o, I',2) then only has to
compute the solutions of the single CSP I in the dark grey path, as it is the only
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CSP that has ¢’ as a solution. The probability is calculated as gProb(¢’, o, T, 2) =
1/3%1/2 = 1/6.

4 Experimental Evaluation

In this section, we investigate the performance of the approximate compound
action computation algorithm in terms of computation time and accuracy by
simulating a variant of a probabilistic Lotka-Volterra model that has a compound
action semantics.

4.1 Experimental Design

The Lotka-Volterra model is originally a pair of nonlinear differential equations
describing the population dynamics of predator (y) and prey (x) populations
[11]. Such predator-prey systems can be modeled as a MRS [8,16].

In contrast to previous approaches, we use a mazimally parallel MRS to
model the system, i.e. in our approach, multiple actions (reproduction and con-
sumption) can occur between consecutive time steps. We introduce explicit no-op
actions to allow entities to not participate in any action. Modeling the system
like this can, for example, be beneficial for Bayesian filtering, where between
observations (e.g. a survey of population numbers), a large number of actions
can occur, but their order is not relevant. Figure2 (left) shows an example of
the development of the system over time, as modeled by our approach. It shows
the expected behavior of stochastic Lotka-Volterra systems: Oscillations that
become larger over time [14].

We compare the exact and approximate algorithms by computing the com-
pound action distribution for a single state s of the predator-prey model, i.e.
p(K|s). We vary the number of predator and prey entities in s (2, 3, 5, 7, 15, 20,
25, 30, 40, 50, 60, 70) as well as the number of samples drawn by the approximate
algorithm (1, ..., 30000).

The convergence of the approximate algorithm is assessed using the total
variation distance (TVD). Let p be the true distribution, and let ¢, be the
distribution of the approximate algorithm after drawing n samples. The TVD is

then
Aln) =1/2> " | p(s) = qu(s) |

The mizing time 7(e) measures how many samples need to be drawn until the
TVD falls below a threshold e:

7(e) = min{¢ | A(n) <€ for all n > t}

We assess the TVD and mixing time of (i) the compound action distribution,
and (ii) of the state transition distribution. The rationale here is that ultimately,
only the successor state distribution is relevant, but assessing the TVD and
mixing time of the compound action distribution allows further insight into the
algorithm.
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Fig. 2. Left: Sample trajectory, each state transition is obtained by calculating the
compound action distribution using the approximate algorithm with 10,000 samples,
and then sampling and executing one of the compound actions. Right: Runtime of the
algorithms, using constant number of 10,000 samples.
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Fig. 3. TVD of p(K]|s) (left) and p(S’|s) (middle) for different numbers of samples and
for states with different number of entities. Right: Empirical mixing time of p(S’|s),
indicating that a linear increase in samples (and thus, runtime) of the approximate
algorithm is sufficient to achieve the same approximation quality.

4.2 Results

Figure 2 (right) shows the runtime of the exact and approximate algorithm (with
a fixed number of 10,000 samples) for different numbers of entities in s. The
exact algorithm is faster for states with only few entities, as solutions of only
a single CSP are enumerated, whereas the approximate algorithm enumerates
solutions for 10,000 CSPs (although each of those CSPs has only few solutions).
However, the runtime of the approximate algorithm does not depend on the
number of entities in s at all, as long as the number of samples stays constant
(but approximation quality will decrease, as investigated later). In our scenario,
the approximate algorithm is faster for states consisting of 40 or more predator
and prey entities.

The difference between the exact and approximate compound action distri-
bution p(K|s) in terms of TVD is shown in Fig. 3 (left). When more samples are
drawn by the approximate algorithm, the TVD converges to zero, as expected
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(implying that the approximate algorithm works correctly). Naturally, the TVD
converges slower for states with more entities (due to the much larger number
of compound actions).

Eventually, we are interested in an accurate approximation of the distribution
p(S’]s). Figure 3 (middle) shows that this distribution can be approximated more
accurately than p(K|s): For a state with 70 predator and prey entities (with
more than 9 million compound actions), the approximate transition model is
reasonably accurate (successor state TVD < 0.1) after drawing 10,000 samples.
Even more, Fig.2 (left) suggests that this approximation is still reasonable for
states with more than 2,000 entities — as we still observe the expected qualitative
behavior.

Figure 3 (right) shows the empirical mixing time of p(S’|s). The mixing time
grows approximately linear in the number of entities in the state. This suggests
that to achieve the same accuracy of the approximation, the runtime of the
approximate algorithm only has to grow linearly — as compared to the exact
algorithm, which has a factorial runtime.

Thus, using the approximate algorithm, it is possible to accurately calculate
the successor state distribution, for situations with a large number of entities,
even when the exact algorithm is infeasible.

5 Conclusion

In this paper, we investigated the problem of efficiently computing the com-
pound action distribution (and thus, the state transition distribution, or tran-
sition model) of a probabilistic parallel Multiset Rewriting System (PPMRS)
— which is required when performing Bayesian filtering (BF) in PPMRSs. We
showed that computing the transition model exactly is infeasible in general (due
to the factorial number of compound actions), and provided an approximation
algorithm based on MCMC methods. This strategy allows to sample from the
compound action distribution, and is therefore also useful for simulation studies
that employ PPMRSs. Our empirical results show that the approach allows BF
in cases where computing the exact transition model is infeasible — where the
state contains thousands of entities.

Future work includes applying the approach to BF tasks with real-world
sensor data, e.g. for human activity recognition. It may also be worthwhile to
further investigate the general framework developed in this paper — approxi-
mating the solution distribution of a CSP that has probabilistic (or weighted)
solutions — and see whether it is useful for other problems beyond compound
action computation.
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Abstract. Recent advances in mobile robotics and Al promise to revo-
lutionize industrial production. As autonomous robots are able to solve
more complex tasks, the difficulty of integrating various robot skills and
coordinating groups of robots increases dramatically. Domain indepen-
dent planning promises a possible solution. For single robot systems a
number of successful demonstrations can be found in scientific literature.
However our experiences at the RoboCup Logistics League in 2017 high-
lighted a severe lack in plan quality when coordinating multiple robots. In
this work we demonstrate how out of the box temporal planning systems
can be employed to increase plan quality for temporal multi-robot tasks.
An abstract plan is generated first and sub-tasks in the plan are auc-
tioned off to robots, which in turn employ planning to solve these tasks
and compute bids. We evaluate our approach on two planning domains
and find significant improvements in solution coverage and plan quality.

1 Introduction

Recent advances in robotics and Al promise to revolutionize industrial pro-
duction. Gone will be static assembly lines and hardwired robots. Instead
autonomous mobile robots will transport parts for assembly to the right work-
station at the right time to assemble an individualized product for a specific cus-
tomer. At least that is the dream of various manufacturing companies around the
globe. To ensure that production runs without interruptions around the clock,
these robots will need strong planning capabilities. The challenges for such a
planning system stem from making plans with concurrent processes and multi-
ple agents, deadlines and external events.

The Planning and Execution Competition for Logistics Robots in Simulation
(PExC) [6] addresses these problems and provide a test-bed for for experimenting
with different methods for solving these problems, abstracting away from real
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robots. It is a simulation environment based on the RoboCup Logistics League
(see Fig.1).

Our aim was to demonstrate that current planner technology is mature
enough to be used in such an environment. As it turned, however, this is far
from the the truth. We employed the temporal planners POPF [1] and TFD [2],
which seem like a good fit for these kinds of planning tasks, as time and duration
of processes are modeled explicitly. It turned out that it is not possible to use
them in reliable way. While they both can plan for one robot, two or more robots
are beyond the reach. If one requires optimality in makespan, then the planners
took too long, meaning using up much of the time reserved for planning and
execution. If one chooses to use greedy plan generation, then the plans result
often in assigning most of the work to just one robot.

In this paper we show how planning in temporal domains with multiple agents
can be improved to find plans with lower makespan and find solutions for bigger
problems. The key is to abstract resources, in this case robots, away, and plan
for the simplified instance. After that the plan is refined using a contract-net
protocol approach for the planning agents.

The rest of the paper is structured as follows: After giving some background
information in Sect.2, we present our approach in Sect.3. The experimental
evaluation can be found in Sect. 4. Section 5 discusses related work.

2 Temporal PDDL

The planning domain definition language (PDDL) was developed as an attempt
to standardize Artificial Intelligence Planning. Since its inception in 1998 more
features were added to represent planning tasks with numerical functions, non-
deterministic outcomes and temporal actions. Due to international planning
competitions a number of well tested planning systems are available. We are
interested in finding plans for multiple physical robots or systems. Any number
of processes could be happening simultaneous and considering various duration

Finals 2017 (1) Simcomp 2017 (2)

Fig. 1. In the RoboCup Logistics League competition three autonomous robots must
coordinate efficiently to solve production tasks. On the left (1): finals of the RCLL
competition in 2017 between teams Carologistics and GRIPS. On the right (2): planning
track of the simulation competition.
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during the planning process is crucial to finding good plans. For this reason we
require a planning system capable of temporal planning as defined in PDDL 2.1.

In PDDL a planning task is defined by a domain and a problem file. The
domain defines what types, predicates and actions are possible and how they
interact. The actions in a domain describe how the state can transition during
planning. Each actions has typed arguments that specify which objects are rel-
evant for this action. For temporal planning actions have a start event and an
end event separated by the duration of the action. The conditions of an action
determine when an action is applicable and the effects how the state changes
when the action is applied. Conditions can refer either to the start, the end or
the open interval between them. Effects take place either at the start or the end
of an action.

The problem specifies the current situation and the goal condition. The cur-
rent situation is specified as a set of objects and initial values for relations
between them. For temporal planning future events can be specified as timed
initial literals. These events encode a value change for a predicate or function
to happen at a specific time in the future. Our approach makes extensive use
of timed initial literals as way to integrate actions from previous plans into the
planning process.

Solutions to temporal planning tasks are temporal plans consisting of a list
of actions, where each action starts at a certain timestamp and has a specific
duration.

3 Task Auction Planning

Our goals are twofold: we want to reduce complexity during the planning pro-
cess, thus increasing the chance to find a valid plan, and we want to minimize
makespans of plans by achieving a better plan parallelization when planning for
multiple agents. Our approach decomposes a planning task for multiple agents
into multiple simpler planning tasks for each agent. First we solve an abstract
planning problem by removing agents form the planning problem and hiding
some complex interactions in the planning domain. Once an abstract plan is
found, a central agent acts as auctioneer in order to distribute tasks between the
other agents, where a task is derived from an action in the abstract plan. Each
agent can compute plans for offered tasks and submit bids based on the time it
takes this agent to achieve the task goal. The auctioneer chooses from the valid
plans for each task and continues to offer the next set of tasks until all tasks
have valid plans from one agent.

Another way to look at this is to consider the resources used by the agents.
The abstract plan coordinates shared resources between the agents. Each agent
in turn uses its own resources to achieve a single step of the abstract plan, while
unaware of the other agents and their resources. Our approach is applicable in
planning domains that do not require concurrency to be solved. Usually prob-
lems in such domains could be solved by a single agent without help. However
efficiency can be greatly increased when multiple agents participate.
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3.1 PDDL Domain Creation

In this section we show how to convert an existing temporal PDDL domain to
a task- and an agent domain. To ensure compatibility between the domains,
we make no changes to types, predicates or functions, but focus solely on the
actions. We expect the temporal domain to be modeled in the following way: A
certain type represents the agents, the agent-type. Some actions in the domain
are modeled to represent activities performed by the agents, we call them the
agent-actions. They can be recognized by having an agent-type as parameter.
Other actions represent processes in the environment and are not specific to
an agent, we call them the environment-actions. Those do not have agent-type
objects as parameter.

First we discuss how to construct the task-domain. The intend is to identify
typical sequences of actions that are performed by the same single agent. That
chain of actions could to be replaced with a single macro action. This reduces
the branching factor during planning. A macro can be created by gathering the
effects of each action and either add it to the start or the end effect of the macro
action. Some effects might cancel each other; it is up to the domain designer
to determine which effects are essential for the macro action. The same careful
consideration is necessary to select which action conditions to add to macro
action. In the final step the agent is removed from the macro, meaning the
parameter of agent-type and all predicates or functions in the conditions and
effects of the macro that refer to the agent. Once a macro action for each task
is created it is also necessary to add the environment-actions from the temporal
domain to ensure that the domain is complete.

Next we discuss the purpose of the agent-domain. The agents are supposed
to solve each offered task. However they must not interfere with other unrelated
tasks. For this reason it is helpful to remove all environment-actions from the
agent domain. Thus, the agent domain is intentionally incomplete: It is not
possible to solve the whole problem with the agent domain. However it contains
all actions necessary to allow an agent to solve each offered task.

3.2 Combining and Rescheduling Plans

In our approach we combine and reschedule plans. In a valid temporal plan each
action is applicable at its start time. When looking through effects of previous
actions in the plan we can determine which events made the action applicable.
The action then can be moved to the time of the latest of the events it depends
on. If an action does not depend on any earlier event it can be moved to the
beginning of the plan. When appending actions from another plan, we insert the
action at the end of the plan (after the last event) and verify applicability. Then
the action can then be rescheduled to the earliest time as described above.

3.3 Solving and Bidding for Sub-tasks

In this section we discuss the planning process from an agent’s point of view.
When an agent receives a task offer it needs to find a plan for the task. Once
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Algorithm 1. Agent: state update and bidding

1: state < stateinit, Events « @&, planagent < &, Proposals «— @
2: while T do

3: Assignments, Eventsnew, Tasks < receive() > Receive from auctioneer
4: a < find_assigned_to_agent(Assignments)

5: state, planagent <— apply(Plans|a.task]) > Retrieve and apply plan
6: Fvents «— Fvents U Eventsypew

T for all t € Tasks do

8: plan «— make_plan(state, Fvents,t) > Call PDDL planner
9: if plan solves t then

10: Plans[t] < plan > Store plan
11: make_bid_and_send(plan) > Send plan to auctioneer
12: end if

13: end for
14: end while

a plan is found the agent determines the point in time when it could start
working on the task and when the task will be finished and submits the plan
and those two timestamps as a bid for the task. Then the agent may continue
computing solutions for alternative tasks and await the reply from the auctioneer.
Algorithm 1 shows a simplified overview of the bidding process. In the actual
implementation the communication takes place asynchronously and interrupts
the planning process if the situation has changed.

Initially, the agent’s current state could be supplied via PDDL file. During the
planning process the current state can change from two sources. Once an agent
won a bid for a task the current state is updated with the agent’s actions by
applying the plan that was proposed for the task as showed on line 5. Applying
a plan also increases the timestamp of the current state by the makespan of the
plan. The other source of changes comes from external events during the planning
process, i.e. when other agents interact with the environment as showed on line
6. These external events do not advance the time of the current state. Instead,
external events are represented in as timed initial literals, that will happen at a
certain time in the future of the current state.

A task is communicated to the agent in the form of a PDDL action definition
from the task-domain. The goal for a task can be derived form the effects of
the action; this happens in the make_plan function on line 8. This is possible
because both the tasks- and the agent-domain allow for the same predicates and
functions. Thus the effects of the task-action applied to the current state of the
agent define the goal for the task. However most planning systems are unable
plans for negated goal predicates, so negated effects have to be omitted from
the goal conjunction. If necessary complimentary predicates can be added to the
PDDL domains such that goals for each possible task are sufficiently specified.

Now that the goal and the current state is known, a temporal planner can
search for a solution. If no plan is found the agent is unable to solve this task. If
a plan is available the agent can make a bid for the task. The bid consist of the
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plan and two timestamps. The former indicates when the agent will be able to
start working on the task and the latter when the agent will presumably finish
the task. The timestamps are useful for the auctioneer to determine which agent
to assign a task to.

At some point the auctioneer publishes the next announcement consisting
of which agent was assigned which task, what events are going to happen as a
consequence and a new set of tasks to solve as showed on line 3. If a task was
awarded to the agent, the agent applies the corresponding plan to the current
state. The auctioneer also includes a list of future events in the announcement.
These events represent the changes to the environment, possibly from actions of
other agents. Each event consist of a timestamp and a set of effects. In case their
timestamp is earlier than the time of the current state, the events need to be
applied in the correct order. Later events are added as timed initial literals to
the current state. Once the current state is updated the agent is ready to search
for solutions to newly available tasks.

3.4 Decomposing and Auctioning of Sub-tasks

The auctioneer works with two plans: an abstract plan and a combined plan.
The abstract plan determines which tasks can be offered to the agents. Once the
agents submit bids for some tasks, the auctioneer can chose which bids provide
the best value. These plans submitted by the agents are then integrated into
the combined plan. This ensures that plans submitted by the agents are free
of conflicts. The agents are notified of their assigned tasks. Then the process
continues with a search for a new abstract plan. In the end the resulting combined
plan is a solution to the original planning problem. Algorithm 2 shows a simplified
overview of the process. In the actual implementation the communication takes
place asynchronously.

The initial problem could be supplied via PDDL file and with the task-
domain a temporal planner can search for the abstract plan as showed in line 3.
Once a plan is found, the auctioneer determines which actions in the plan can
be offered as tasks to the other agents. As discussed in Sect. 3.1, some actions in
the plan are intended as tasks for agents to solve while other model aspects of
the environment. The temporal plan needs to be analyzed (line 7) to determine
which action depends on previous actions in the plan as discussed in Sect. 3.2.
The following rules determine which actions can be offered:

1. A task-action without dependencies can be offered to the agents.

2. An environment-action without dependencies on other actions is executable.

3. An environment-action where all dependencies are executable is also exe-
cutable.

4. A task-action where all dependencies are executable can be offered.

All ezecutable environment-actions form the abstract plan are appended to the
combined plan as showed on line 8.

In order to solve tasks, the agents need to know what events are scheduled
to happen. However they do not need to know the details of the other agents
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Algorithm 2. Auctioneer: abstract plan and offering sub-tasks

1: state < stateinit, Fvents «— &, Proposed «— &, plancomp —
2: while T do
3: plangss < make_abstract_plan(state, Events) > Call PDDL planner

4: if |planqgss| = 0 then

5: return plancoms

6: end if

T Actionseny, Tasks — determine_executable_prefix(planqss)

8: state, plancomy — apply(Actionseny)

9: Events «— extract_events(plancoms)
10: offer_tasks_and_wait(Assignments, Events, Tasks) > Send to agents
11: Proposals < receive() > Receive from agents
12: Assignments «— assign(Proposals)
13: for all a € Assignments do
14: state, plancoms — apply(a.plan)
15: end for

16: end while

actions, only the changes they impose on the environment. These events are
derived from the effects in the combined plan by removing all agent-specific
predicates and functions (line 9).

Once a set of tasks has been offered the auctioneer waits for bids from the
agents as showed on line 10. A bid from an agent consist of the plan for the task
and the timestamps when the agent will be able to begin and achieve the tasks.
An agent can bid on any number of tasks simultaneously. However the agent
can only execute one task at a time, thus bidding on multiple tasks provides
alternatives for the auctioneer to choose from.

Our approach does not specify or expect a certain number of agents. This
offers great flexibility, as agents can join the planning process at any time or
leave it provided they completed all tasks they committed to. However when
waiting for solutions from agents it is difficult for the auctioneer to determine
how long to wait for alternatives. Besides naive greedy strategies we implemented
two alternatives:

— Just-in-time assignment: The decision is delayed until one the bidding agents
needs to start working for this task as indicated by the starting timestamp
of the bid.

— Delayed batch assignment: If there are a lot of simultaneous tasks available,
it might take too long to wait for solutions for every task before assigning the
winning agents. Once at least one solution is received the auctioneer delays
the decision by a fixed duration and then performs a batch assignment.

In the literature the Hungarian method is recommended for optimal assignment
of tasks to agents. However, since we do not have a matching problem between
robots and tasks, robots can take on more than one task, the method does not
work here.



Efficient Auction Based Coordination for Distributed Multi-agent Planning 93

We expect the Just-in-time assignment to perform best on physical systems.
With this strategy the agents have the maximum amount of time to investigate
possible alternative solutions without waiting or delaying the execution of the
plan. Also, the agents would be more flexible since they do not commit to certain
tasks ahead of time. For benchmark purposes this is impractical however, since
the planning process would be prolonged roughly by the makespan of the plan
and the planning timeout for our benchmarks is by far lower than the makespans.
Thus for the benchmarks in this paper we make assignments based on the Delayed
batch strategy.

Once an assignment is chosen, the auctioneer integrates the plans submitted
by the agents into a combined plan as showed on line 8. Then the auctioneer
computes a new abstract plan and continues to offer tasks to agents until an
empty abstract plan is found, which signifies that the goal has been achieved.

4 Experimental Evaluation

We evaluated our approach on numerous planning tasks from two domains. Three
planner configurations were used for the evaluation:

1. POPF is a forwards-chaining temporal planner [1]. Its name is based on the
fact that it incorporates ideas from partial-order planning. During search,
when applying an action to a state, it seeks to introduce only the ordering
constraints needed to resolve threats, rather than insisting the new action
occurs after all of those already in the plan. Its implementation is built on
that for the planner COLIN, and it retains the ability to handle domains with
linear continuous numeric effects.

2. Temporal Fast Downward is a temporal planning system that successfully
participated in the temporal satisficing track of the 6th International Planning
Competition 2008. The algorithms used in TFD are described in the ICAPS
2009 paper [2]. TFD is based on the Fast Downward planning system [3] and
uses an adaptation of the context-enhanced additive heuristic to guide the
search in the temporal state space induced by the given planning problem.

3. Temporal Fast Downward Sequential Reschedule. In this configuration the
TFD-SR will search for purely sequential plans without taking advantage
of concurrent actions. Once a plan is found it will be rescheduled to take
advantage of concurrency. This usually increases planning efficiency allowing
to solve bigger planning tasks.

We run each temporal planner configuration as a base line. For our auction
based approach we also run all three planner configurations for the auctioneer.
For the agents we found that POPF greatly outperformed TFD. The cause for
this is likely a costly analysis before the search for a plan starts, where the
analysis time is significantly greater than the following search time. For the
agents that have to search for many short plans this is highly disadvantageous.
Thus for all experiments the agents were planning with POPF. Finally, each
plan is validated with VAL [4] to verify correctness.
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The benchmarks were run on one machine with a Intel Core i7-3930K CPU
at 3.2 GHz and 24 GB of memory. The baseline planning configurations run on a
single thread, while the auction planning configurations use one thread per agent
and one thread for the auctioneer. Each planning instance has a time limit of
15 min. In the results we compare expected execution time, that is makespan of
the plan plus time until the first action is known. For the baseline that means
total planning time and for our approach that means time until the first round
of assignments is announced.

4.1 RoboCup Logistics League Domain

This domain was created for the participation in the planning track of RoboCup
Logistics League competition. In the competition, three robots are tasked to
assemble a number of products in an automated factory. A product consist of
a base, zero to three rings and a cap. Each piece of the product has a certain
color and the order of rings does matter. There are six specialized stations each
capable of performing a certain step in the assembly. Some assembly steps require
additional material that has to be brought to the station before the step can be
performed. The robots can transport the workpieces between stations. The exact
makeup of the ordered products are not known in advance, instead they are
communicated during the production. The decision which products to assemble
before the deadline and coordinating the three robots most efficiently is key for
performing well in the competition.

In this domain we have modeled most aspects of the competition. However for
this benchmark the products to assemble are known at the start and there are no
deadlines for finishing them. The agents can perform the following actions: move
from one station to another, pickup a product from a station, prepare a station
to receive a product and insert a product into a station. For the tasks-domain
we replaced the agent actions with a number of task-transport-product actions;
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Fig. 2. Benchmark results in the RCLL domain. The problem set is evaluated with
one, two and three agents. The lower the makespan, the better the plan result. On the
left the baseline is shown. On the right the auction based task assignment is shown.
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Table 1. Number of solved instance out of 125 for the RCLL domain with 1-3 agents

# agents | Baseline | Auction

1 2 |3 |1 2 |3
POPF 85190 |78| 52| 40| 50
TFD 1120|12| 58| 44| 47
TFD-SR |17 /23|19 /123|120 |114

one for each station type. Usually the agents find plans in the form move, pickup,
move, prepare, insert when solving a transport task.

We generated 125 problem instances with five products of varying complexity,
the simplest requiring 4 and the most complex 10 production steps. Each problem
is solved by one, two and three agents. The results can be seen in Table1 and
Fig. 2.

The baseline results show that both TFD variants can only solve few problems
with low complexity. POPF can solve half of the problems, however the makespan
for plans for two and three agents are as high as for one agent. Thus POPF is
not able take advantage of multiple agents. The auction task assignment results
show that TFD-SR is able solve most problems. TFD solves significantly more
problems compared to the baseline. POPF solves only one third of the problems,
less than in the baseline configuration. In many cases POPF is unable to find an
initial plan in the task-domain within the timelimit. For all three planners the
makespan for plans with two and three agents is significant lower than with one
agent, showing better utilization of multiple agents.

4.2 Transport

For the second experiment we employ the well known transpot domain, where
a set of packages need to be delivered to individual destinations by a number
of trucks. Trucks can move along a network of roads of different lengths. Each
truck can load a certain number of packages at the same time ranging from 2 to
4. Each package is initially found at some location and needs to be transported
to its destination location.

The agents can perform the following actions: move from one location to a
neighbouring location in the road graph, pick-up a package at a certain location
if below maximum capacity and drop a transported package at a certain location.
For the task-domain we replaced the agent actions with a task-pickup-package
and a task-deliver-package action. This results in simple task plans, where each
package is first picked up at its location and then dropped at its destination.
Usually the agents find plans in the form move, move, ..., move, pickup for the
pickup tasks. Similar plans are found for the drop-tasks, however only the agent
that picked up the package before can solve this task. Usually the planner can
easily determine whether a deliver-task can be solved. Furthermore, if an agent
tries to solve a pickup task while carrying the maximum number of packages, no
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Table 2. Number of solved instances out of 13 for the transport domain for 1-5 agents

A. Hertle and B. Nebel

# agents | Baseline Auction

1 12/3/4/5/1 |2 |3 |4]5
POPF 1213/2/1/0(13/12/10|9|7
TFD 4134|5412 11 819
TFD-SR 4/5/414] 3| 2 2|3

valid plan will be found. It is intended that the agent solves a deliver task for
one of the packages it carries. However it is difficult for the planner to determine
that a pickup task is impossible, usually the planner searches until timeout. Thus
for this domain we use the low planning timeout of 1 second for the agents to
reduce time wasted on unsolvable tasks.

We generated a road network for two cities with ten locations each. Travel
time within a city is low and travel time between cities is considerably higher.
We sampled random locations for between 3 and 40 packages in increments of 3
for a total of 13 problem instances. Each problem is solved by between 1 and 5
agents. The results are shown in Table2 and Fig. 3.

The baseline results show that both TFD variants can only solve problems
with few packages. POPF is able to solve all problems with one agent, but is
unable to find plans with multiple agents. The auction task assignment results
show that TFD-CR can solve only few problems; in most cases no initial task
plan can be found. Since TFD-CR searches for sequential plans, we assume that
the search heuristic is confused by the high amount of simultaneous applicable
pickup tasks of equal cost. On the other hand POPF and TFD are able to solve
most problems with any number of agents.

* « % POPF * % POPF
[ A A TFD 7 A A TFD
e o ¢ TFD-SR el o ¢ TFD-SR
£ * c 'Yy
Eso Eso 2a
c c '
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E 20 ¥ 'y 0 E 20 “* R % :h - ‘:
[! » ‘2 2”‘ 8 b [+ . B o A
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# agents # agents

Baseline (1)

Auction (2)

Fig. 3. Benchmark results in the transport domain. The problem set is evaluated with
one to five agents. The lower the makespan, the better the plan result. On the left the
base line is shown. On the right the auction based task assignment is shown.
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5 Related Work

The work closest to ours is the work by Niemiiller and colleagues, who describe
an architecture based on ASP [8]. They do not use a temporal planner but
compile the planning problem into ASP and then only plan a few steps ahead.
As they can show, this is an effective and efficient way to address the RCLL
planning and execution problem.

Our approach instead is based on abstraction techniques, an approach that
goes back a long way [7]. The particular kind of abstraction that we used can
be called resource abstraction. This has also been employed before to speed up
planning and to increase the number of tasks that could be executed in parallel
in the RealPlan system [10]. However, in this case, no temporal planning was
involved.

Coordination of agents using announcements and bidding is a technique often
used in multi-agent systems [9]. In our context with planning agents, it is very
similar to the architecture used in the elevator control designed by Koehler and
Ottiger [5].

6 Conclusions

We showed how planning in temporal multi-agent domain can be enhanced by
abstracting resource away. A central auctioneer offers tasks related to these
resources to agents to be solved individually. The agents propose their solu-
tions and the auctioneer chooses which solutions fit together best and assembles
them into a combined plan. Our experiments show that compared to baseline
temporal planning our approach can solve bigger problems and the resulting
plans have significant lower makespan. The next step in the development will be
to deploy our approach on physical robots or in simulations, where plan execu-
tion and monitoring could pose additional challenges. In addition, we also aim
at automating the process of abstracting the resources away and construct the
planning instances for them that are solved individually.
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Abstract. We propose a new framework for reasoning about the rep-
utation of multiple agents, based on the partially observable Markov
decision process (POMDP). It is general enough for the specification of
a variety of stochastic multi-agent system (MAS) domains involving the
impact of agents on each other’s reputations. Assuming that an agent
must maintain a good enough reputation to survive in the system, a
method for an agent to select optimal actions is developed.

Keywords: Trust and reputation - Planning - Uncertainty - POMDP

1 Introduction

Autonomous agents need to deal with questions of trust and reputation in
diverse domains such as e-commerce platforms, P2P file sharing systems [1,2],
and distributed AI/multi-agent systems [3]. However very few computational
trust/reputation frameworks can handle uncertainty in actions and observations
in a principled way and yet are general enough to be useful in several domains.
A partially observable Markov decision process (POMDP) [4,5] is an abstract
mathematical model for reasoning about the utility of sequences of actions in
stochastic domains. Although its abstract nature allows it to be applied to vari-
ous domains where sequential decision-making is required, a POMDP is typically
used to model a single agent. In this paper we propose to extend it in a way
that it can potentially be applied in stochastic multi-agent systems where trust
and reputation are an issue. We call the proposed model Reputation Network
POMDP (RepNet-POMDP or simply RepNet).

As in the work of Pinyol et al. [6], we distinguish between the image of an
agent (in the perception of another) and its reputation which is akin to a “social
image”. The unique features of a RepNet are: (i) it distinguishes between undi-
rected (regular) actions and directed actions (towards a particular agent), (ii)
besides the regular state transition function, it has a directed transition function
for modeling the effects of reputation in interactions and (iii) its definition (and
© Springer Nature Switzerland AG 2018
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usability) is arguably more intuitive than similar frameworks. Furthermore, we
suggest methods for updating agents’ image of each other, for learning action
distributions of other agents, and for determining perceived reputations from
images. We present the theory for a planning algorithm for an agent to select
optimal actions in a network where reputation makes a difference.

More details can be found in the accompanying report [7].

2 RepNet-POMDP - A Proposal

We shall first introduce the basic structure of a RepNet-POMDP, then discuss
matters relating to image and reputation, and finally, develop a definition for
computing optimal behaviour in RepNets.

2.1 The Basis

The components of the RepNet structure will first be introduced briefly, fol-
lowed by a detailed discussion of each component. A RepNet-POMDP is defined
as a pair of tuples (System, Agents). System specifies the aspects of the net-
work that apply to all agents; global knowledge shared by all agents. System :=
(G,S, A, 2, I,U), where

— G is a finite set of agents {g, h,1,...}.

— S is a finite set of states.

— A is the union of finite disjoint sets of directed actions A% and undirected
actions A".

— {2 is a finite set of observations.

~T:GxSxGxSxA—[-1,1] is an émpact function s.t. I(g, s, h,s’,a) is
the impact on ¢ in s due to & in s’ performing action a.

- U :[0,1] x [-1,1] x [-1,1] — [-1,1] is an image update function used by
agents when updating their image profiles s.t. U(«, r,7) is the new image level
given learning rate «, current image level r and current impact .

Agents specifies the names and subjective knowledge of the indi-
vidual agents; individual identifiers and beliefs per agent. Agents :=
({Ty},{DTy},{04},{ADY}, {Imgl}, {By}), with the understanding that {X,}
is shorthand for {X, | ¢ € G} (i.e. there is a function X for each agent in G),
where

— Ty : 8 x A* x § — [0,1] is the transition function of agent g.

— DTy : Sx A4 x[-1,1] x S — [0, 1] is the directed transition function of agent
g s.t. DT,(s,a", r,s') is the probability that agent g executing an action a”
in state s (directed towards agent h) will take g to state s, while g believes
that agent h perceives g’s reputation to be at level r. DT,(s,a",r,s") = P(s' |
g,s,a",r), hence Y oses DTy(s, a",r,s') =1, given some current state s, some
reputation level r and some directed action a” of g.

— Oy is g’s observation function s.t. Oy(a, 0, s) is the probability that observa-
tion o due to action a is perceived by g in s.
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- ADS :G xS — A(A) is agent ¢’s initial action distribution providing g with
a probability distribution over actions for each agent in each state.

- Imgg : G x G — [—1,1] is g¢’s initial image profile. Imgy(h,1) is agent h’s
image in the eyes of agent ¢, according to g.

- B(g) : G — A(S) is ¢’s initial mapping from agents to belief states.

The agents in G are thought of as forming a linked group who can influence
each other positively or negatively but cannot be influenced by agents outside
the network. It is assumed that all action execution is synchronous, that is, one
agent executes one action if and only if all agents execute one action. All actions
are assumed to have an equal duration and to finish before the next actions are
executed. The immediate effects of actions are also assumed to have occurred
before the next actions.

All agents have shared knowledge of: the agents in the network, the set of
possible states (5), the actions that can possibly be performed (A), impact of
actions (1), image update function (U), the set of possible observations (£2) and
the likelihoods of perceiving them in various conditions. Other components of
the structure relate to individual agents and how they model some aspect of
the network: dynamics of their actions (T, and DT,) and observations (Oy),
likelihood of actions of other agents (AD,), beliefs about reputation (Img,) and
their initial belief states (By).

In this formalism, only the action distributions (AD,), image profiles (Img,)
and set of belief states (By) change. All other models remain fixed.

An agent should maintain an image profile for all other agents in the network
in order to guide its own behaviour. An image profile is an assignment of image
levels between every ordered pair of agents. For instance, if (according to g) h’s
image of ¢ (Imgy(i,h)) is, on average, low, g should avoid interactions with %
if g has a good image of h (Imgy(h, g) is high). Note that agents’ multi-lateral
image is not common knowledge in the network. Hence, each agent has only an
opinion about each pair of agent’s image as deemed by each other agent.

Imgg(h,i) changes as agent g learns how agent ¢ ‘treats’ its network neigh-
bour h. Agent g uses U to manage the update of its levels of reputation as
deemed by other agents. An agent needs to have a strategy how to build up its
image profile of each other agent. Formally, there is a maximum image level of
1. We decided to define the image update function U common to all agents for
the sake of simplicity, while introducing the RepNet-POMDP framework.

Actually, we define directed transitions to be conditioned on reputation
(derived from images): Suppose g wants to trade with h. Agent g could per-
form a tradeWith_h action. But if A deems g¢’s reputation to be low, h would
not want to trade with g. This is an example where the effect of an action by
one agent (g) depends on its level of reputation as perceived by the recipient
of the action (h). Note that it does not make sense to condition the transition
probability on the reputation level of the recipient as perceived by the actor
(k’s reputation as perceived by ¢ in this example): The effect of an action by
g should have nothing to do with h’s image levels, given the action is already
committed to by g. However, the effect of an action committed to (especially
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one directed towards a particular agent) may well depend on the actor’s (g’s)
reputation levels; h may react (effect of the action) differently depending on g’s
reputation.

Continuing with the example, assume s’ is a state in which g gets what it
wanted out of a trade with h, and s is a state in which g is ready to trade. Then
DT(s,tradeWith_h, —0.6,s’) might equal 0.1 due to A’s inferred unwillingness
to trade with g due to ¢’s current bad reputation (—0.6) as deemed by h. On the
other hand, DT (s, tradeWith_h,0.6,s’) might equal 0.9 due to g’s high esteem
(0.6) as deemed by g and thus inferred willingness to trade with g.

We assume that every agent g has some (probabilistic) idea of what actions
its neighbours will perform in a given state. As indicated earlier in Sect.2.1,
ADy(h, s) is a distribution over the actions in A that h could take when in state
s. Every agent thus learns a different action distribution for its neighbours.

The other component of the structure which changes is By; every agent (g)
maintains a probability distribution over states for every agent in G (including
itself). That is, for every agent g, its belief state for every agent h (By(h)) is
maintained and updated. In other words, every agent maintains a belief state
representing ‘where’ it thinks the other agents (incl. itself) are. As actions are
performed, every g updates these distributions of itself and its neighbours. In
POMDP theory, probability distributions over states are called belief states. By
changes via ‘normal’ state estimation as in regular POMDP theory.

2.2 Image and Reputation in RepNets

There are many ways in which an agent can compute reputations, given the
components of a RepNet-POMDP. In this section, we investigate one approach.
Recall that ADg4(h,s) is the probability distribution over actions g believes h
executes in s. In other words, AD,(h, s)(a) is the probability of a being executed
by h in s according to g. Recall that B, is the set of current belief states of all
agents in the network, according to g. Hence, By (7) is a belief state, and B, (i)(s)
is the probability of ¢ being in s, according to g. For better readability, we mlght
denote By(i) as b). Agent g perceives at some instant that ¢’s image of h is

Imagey(h,i, By) Z by (s Z b (s Z [6AD (i, s")(a)I(h,s" i, s, a)

shes steS a€A

+ (1= 6)ADy(h,s")(a)I(i,s', h, s", a)], (1)

where § € [0,1] trades off the importance of the impacts on h and impacts due
to h. In (1), the uncertainty of agents h and i’s states are taken into account.
Note that this perceived image is independent of g’s state.

Just as the state estimation function of POMDP theory updates an agent’s
belief state, the image expectation function 1E(g, Img,, o, By) := Img, updates
an agent’s image profile. That is, given g’s set of belief states B, for all h,i € G,

Imglg(hv Z) = U(Oé, Imgq<ha Z)a Image(](h7 Za Bl]))
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An agent g could form its opinion about h in at least three ways: (1) by
observing how other agents treat h, (2) by observing how h treats other agents
and (3) by noting other agents’ opinion of h. But g must also consider the reasons
for actions and opinions: Agent ¢ might perform an action with a negative impact
on h because ¢ believes h has a bad reputation or simply because ¢ is bad. We
define reputation as

1 . .
RepOf ,(h) := @ [Imgy(h, g) + Z Imggy(h,i) x Imgy(i, g)].
1€GiF#g

We have assumed that it does not make sense to weight Imgy(h, g) by Imge(g, g)
because it makes no sense to weight one’s opinion about h’s image by one’s
opinion of one’s own image. Hence, Img,(h, ¢) is implicitly weighted by 1.

The simple approach above partly solves the problem of how ¢ gets i’s image
in two ways. (1) 4’s reputation is only one of all the reputations considered by
g, and g takes the average of all agents’ opinions of g to come to a conclusion
of what to think of i (h’s reputation according to g). (2) Reputation is also
informed by actual activity, as perceived by each agent g. Hence, every agent
forms a more accurate opinion of other agents according to their activities (apart
from received opinions). Activities inform image and image informs reputation.

2.3 Optimal Behaviour in RepNets

Advancement of an agent in RepNet-POMDPs is measured by the total impact
on the agent. An agent might want to maximize the network’s (positive) impact
on it after several steps in the system. Intuitively, an agent g can choose its next
action so as to maximize the total impact all agents will have on it in the future.
Then the optimal impact function w.r.t. g over the next k steps is defined as

OI(g,ADg,Img,, By, k) := meai( {PItot(g, a, By)

+ Z P(O ‘ a’BQ)OI(gaAD;aImg;]vB;ak - 1)})
0€N
OI(g?ADgaImgngg? 1) = r;leaj}{ {PItOt(g7a7Bg)}7

where Pl (g,a, By) is the total perceived impact on g (executing a in its belief
state By(g)) by the network, ADj is ADE(g,0, AD,) which is the action dis-
tribution expectation function that g uses to learn what actions to expect from
other agents, I'mgy, is IE(g, Imgy, a, B,) which is the image expectation func-
tion defined above and By is BSE(g, a, 0, By) which is the belief state estimation
function which returns the set of belief states of all agents (from ¢’s perspective)
after the next step, determined from the current set of belief states B, given
agent g executed a and perceived o. The definition above has a very similar form
to that of the optimal value function of (regular) POMDP theory.
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3 Related Work

Yu and Singh [8] develop an (uncertain) evidential model of reputation manage-
ment based on the Dempster-Shafer theory. A limitation of this approach is that
it models only the uncertainty in the services received and in the trustworthiness
of neighbours who provide referrals. It does not model dynamical systems, nor
does it allow for stochastic actions and observations. Pinyol et al. [6] propose
an integration of a cognitive reputation model, called Repage, into a BDI agent.
With their logic, Pinyol et al. [6] can specify capabilities or services that our
framework cannot. On the other hand, their Repage + BDI architecture cannot
model noisy observations or uncertainty in state (belief states). Regan et al. [9]
aim to construct a principled framework, called Advisor-POMDP, for buyers to
choose the best seller based on some measure of reputation in a market consisting
of autonomous agents: a model for collecting and using reputation is developed
using a POMDP. SALE POMDP [10] is an extension of Advisor-POMDP: It
can deal with the seller selection problem by reasoning about advisor quality
and/or trustworthiness and selectively querying for information to finally selects
a seller with high quality. RepNets differ from both: a RepNet has a model for
every agent in the network, and every agent has a (subjective) view on every
other agent’s belief state and action likelihood, but Advisor- and SALE POMDP
do not. Decentralized POMDPs (DEC-POMDPs) [11] are concerned more with
effective collaboration in noisy environment than with self-advancement in a
potentially unfriendly network. Interactive POMDPs (I-POMDPs) [12] are for
specifying and reasoning about multiple agents, where willingness to cooperate
is not assumed. Whereas DEC-POMDP agents do not have a model for every
other agent’s belief state and action likelihood, I-POMDP agents maintain a
model of each agent. -POMDPs and DEC-POMDPs do not have a notion for
trust, reputation or image. Seymour and Peterson [13] introduce notions of trust
to the L POMDP, which they call trust-based -POMDP (TI-POMDP). However,
there are several inconsistencies in the presentation of their framework (which
we cannot discuss due to limited space); it is thus hard to compare RepNets to
TI-POMDPs.

4 Conclusion

This paper presented a new framework, called RepNet-POMDP, for agents in a
network of self-interested agents to make considered decisions. The framework
deals with several kinds of uncertainty and facilitates agents in determining the
reputation of other agents. A method was provided for an agent to look ahead
several steps in order to choose actions in a way that will influence its reputation
so as to maximize the network’s positive impact on the agent. We aimed to
make the framework easily understandable and generally applicable in systems
of multiple, self-interested agents where partial observability and stochasticity
of actions are problems.
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Clearly, the computation presented here to find the optimal next action
(OI(...)) is highly intractable. Approximate methods for solving large POMDPs
could be looked at to make RepNets practical [10,14].

An implementation and experimental evaluation of RepNet on benchmark
problems in the area of trust and reputation is our next task in this work.
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Abstract. The demand for fast and reliable parcel shipping is globally
rising. Conventional delivery by land requires good infrastructure and
causes high costs, especially on the last mile. We present a distributed
and scalable drone delivery system based on the contract net protocol for
task allocation and the ROS hybrid behaviour planner (RHBP) for goal-
oriented task execution. The solution is tested on a modified multi-agent
systems simulation platform (MASSIM). Within this environment, the
solution scales up well and is profitable across different configurations.

Keywords: Task allocation - Unmanned aerial vehicle (UAV)
Drone delivery - Multi-agent systems - Multi-agent simulation

1 Introduction

Transportation has seen substantial changes in the last decades as electronic
commerce has increased the demand for quick and cost-efficient delivery [21].
Unmanned aerial vehicles such as drones could be a promising solution on the last
mile. Low dependency on infrastructure constitutes a major benefit compared
to conventional transportation by land [9]. Advantages in terms of speed can be
exploited for special use cases such as delivery of medical products [25].

Although some drone delivery systems are already tested in the field [24], cur-
rent applications focus on single or few drones. In this paper we explore a large
scale application of drone delivery in a cooperative scenario. For this purpose we
deployed our prototype on a modified version of the multi-agent systems simu-
lation platform (MASSIM) [1] from the Multi-Agent Programming Contest 2017
(MAPC) as other environments focus on different use-cases [12,15]. MASSIM
is a discrete and distributed last-mile delivery simulation on top of real Open-
StreetMap data. In the simulation several teams of independent agents compete
by delivering items to storages. Such delivery jobs are randomly generated and
split into three categories: Mission jobs are compulsorily assigned, auction jobs
© Springer Nature Switzerland AG 2018
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are assigned exclusively by prior auction and regular jobs are awarded to the
first completing it. Jobs might consist of several items that are purchased at
shops and stored at warehouses. We adjusted the simulation environment to
better resemble last-mile drone delivery: other agent roles (e.g. trucks) and item
assembly are neglected; an improved health- and charge-life cycle is introduced.'

This paper is structured as follows: The general coordination and decision-
making approach is described in Sect.2. Section 3 describes the implemented
application-specific modules. An evaluation and outlook to future work follows
in Sect. 4. Finally, Sect.5 concludes the paper.

2 Approach

Although reinforcement learning promises flexible adaptation to dynamic envi-
ronments, possible states and actions span an enormous space, suffering the curse
of dimensionality. Additionally, the dynamic environment caused by simultane-
ous agent actions further complicates reinforcement learning. [5] Therefore, rein-
forcement learning is not considered as we aim for a more light weight solution
that scales up more easily.

De Weerdt et al. [7] provide an overview of approaches in distributed problem
solving. Market-based approaches, which are usually based on auctioning proto-
cols, can govern task allocation [18,26]. Hierarchical task networks can be used
to decompose tasks [11]. Georgeff [14] introduced the concept of synchronizing
plans between agents to decrease dependency problems. Dependencies can also
be modeled using prior constraints [16,20]. Social laws, which resemble real-
world laws such as traffic rules, constitute another coordination technique [13].
Meta-frameworks such as partial global planning manage incomplete information
by interleaving the stages of distributed problem solving [10].

We decided to use the contract net protocol [6] for task allocation, as this
method is well-established, easy to implement, flexible, fast and light-weight.
Lacking optimality is put into perspective as task-allocation is usually NP-
hard [3]. The method employs negotiation among a group of agents to allocate
tasks. A manager announces tasks which are evaluated by interested agents and
bid on. The manager collects all bids and assigns the task to the winning agent,
called the contractor. Agents can take both roles simultaneously.

Initiation of communication can be reversed in case of only few idling agents,
which then announce availability and receive open tasks [27]. Further extensions
focus mostly on a more robust protocol [4] by adding types of messages [2] or
services for exception handling [8]. In the contract net with confirmation protocol
(CNCP), contractors need to send a confirmation to complete the contract [19].
Also, extensions for direct negotiation in case of multiple managers exist [22].

We use the commonly applied Robot Operating System (ROS) [23] to simplify
possible future migration to a real drone system. The RHBP adds the concept
of hybrid behavior networks for decision-making and planning [17]. In RHBP,

! Modified simulation-source: https://gitlab.tubit.tu-berlin.de/mac17/massim/.
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a problem is modeled with behaviors, preconditions, effects and goals, whereby
conditions are expressed as a combination of virtual sensors and activation func-
tions. Activation functions allow for a heuristic evaluation of the influence of
particular information, which is gathered by a sensor.

The actual operational agent’s behavior is modeled and implemented on the
foundation of the RHBP base classes. This enables modeling a dependency net-
work of conditions and effects between goals and behaviors of an agent, which
results in a behavior network. The activators are applied to interpret the dis-
cretized sensor values for decision-making. The symbolic planning is automati-
cally executed by a manager component, after it has compiled a PDDL domain
and problem description from the current behavior network representation.

In RHBP, the planner is used to guide the behavior network towards a goal
supporting direction instead of forcing the execution of an exact plan. This fos-
ters opportunistic behavior for the agent. Moreover, this results in very adaptive
and reactive behavior for individual agents, based on the updated perception.

3 System Design

In this section, we describe the most essential modules of our implementation.

Delivery jobs are decomposed into atomic tasks by the manager. Additionally
to the associated action, each task contains a single item type and count, which
in sum won’t exceed any agent’s capacity to ensure that tasks can be executed
in a single run. All open tasks are put in a task queue, a collaborating manager-
thread processes these tasks consecutively without setting any priorities between
delivery tasks. Unassigned tasks are put at the end of the task queue again or
are removed if their remaining time is below a threshold.

Jobs are announced sequentially by the manager, agents bid on tasks on suf-
ficient health, energy and cargo capacity. As bid metric the anticipated amount
of simulation steps for task fulfillment is used to minimize overall travel distance.
The task is assigned to the eligible agent with the lowest bid, and finally acknowl-
edged by this contractor which is in principle an implementation of CNCP [19]
without the manager’s accept message on agreement.

Specific RHBP behavior models are instantiated on each new assigned deliv-
ery task. An agent’s goal is the completion of all assigned open delivery tasks.
Agents first buy necessary items at the nearest shop and then move to the tar-
get destination for delivery. Sufficient vitality attributes (health and charge) are
necessary conditions for movement behaviors. In case of failure, agents recognize
expired jobs and store already bought items in the closest storage, which makes
them available for later reuse. On successful delivery, task- and job-dependent
RHBP-models are destructed.

Auction tasks are only announced by the task manager to the other agents if
no other delivery task is open to ensure efficient utilization and low opportunity
cost. Mission jobs are mandatory and thus preferred, regular jobs are time-
sensitive and hence started as soon as possible. Once auctions have been won,
the resulting delivery tasks possess the same priority as any other delivery. The



110 D. Krakowczyk et al.

associated bidding behavior after assignment has two stages: start by bidding
the maximal possible amount to ensure profit maximization in scenarios with
no competitors and only bid at a computed threshold if competitors underbid.
If the competitor’s bid is below this threshold, agents stop participating in the
auction due to low profitability and send a task-completion message.

at_charging_station enough_battery
(ThresholdActivator) (ThresholdActivator)

o ’
Y
goto_charging_station change_battery
I
| 4

battery_empty ]

require_charging
(LinearActivator)

(ThresholdActivator)

recharge_behaviour ~

é - - -) ....... )
- Goal i
| Condition l L o~ B IS Effect Precondition Negated

o Precondition

charglng_goal

Fig. 1. Simplified RHBP model for charging behavior. Conditions are evaluated by
sensors readings, which are not displayed above for higher clarity. The condition
enough_battery is passed onto other RHBP-models.

Maintaining battery and health is crucial for all drone agents. Figure 1 exem-
plarily shows the RHBP model for charging behavior. In critical conditions
agents recharge or repair on place without moving to facilities at the expense of
higher costs. In moderate condition, agents move to facilities and charge or repair
until the vitality attribute is sufficient. Activation for such behaviors increases
linearly with decreasing vitality attribute. If two vitality-behaviors are equally
activated, charge-related behavior is prioritized to prevent deadlocks. Charging
using solar-panels is used as idling behavior as it is associated with no additional
costs. Idling occurs when an agent has no assigned and feasible task.

4 Evaluation and Discussion

We conducted the following experiments, each limited to 1000 simulation steps,
which corresponds to the duration in the official MAPC: three runs with team
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sizes of 5, 10 and 15, two runs with team size 25 and finally two runs with two
(identical and competing) teams, each having 5 agents.

== 5agents == 10 agents 15 agents == 25 agents == 5vs5 agents
250 —

,—/-'—/ )
200
150

100

Balance (thousand $)
3

200 400 600 800 1000
Step

Fig. 2. Team balance in each step for varying amount of operating agents

Figure2 shows average monetary team muple 1. Average and standard
balance at each step, which usually consis- Jeviation of profit per step depend-
tently increases. Volatility can be explained ing on team size
by the noncontinuous nature of earnings
and costs. Increasing the team size results Agents | Avg. (8)  Std. (%)

in higher revenue until maximum utiliza- ) 108 550
tion of limited resources such as jobs and 10 196 820
facilities exceeded. In our setting, optimal 15 195 1001

team sizes lie between 10-15 agents. More
drones result in higher costs while earnings 25 105 1106
remain unchanged. As we find that increas- 5vd 69 1008

ing the number of posted jobs increases opti-

mal team size, the drone system is scalable.

Table 1 shows average and standard deviation of profit per step. We find that
all teams in all tested configurations generate profit on average in each step.
Standard deviation increases with team size as more operating agents increase
overall fluctuation in earnings. Introducing competition lowers average profit
per step and increases deviation. Furthermore, agents have no difficulty to stay
below the required response time of four seconds, which is fixed by the simulation
server. Figure 3 displays the distribution of different actions for varying team size.
Recharge and movement are dominant actions. Former mostly resembles idling
action and is significantly growing for increased team size.

The contract net protocol introduces some downsides that we plan to address
in the future: agents bid on each task independently and currently do not antici-
pate future states. Therefore, general coherence and compliance with the original
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W 10 agents M 15 agents 25 agents M 5agents M 5vs5 agents
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Fig. 3. Distribution of different actions depending on team size

bidding value are not guaranteed. Other issues are task manager concurrency,
allocation speed, not modeled conflicts on accessing resources or delegation of
tasks in case of failure or inability. Moreover, prioritizing jobs can lead to more
profitability per step, especially in scenarios with small team size and many jobs.
Job priority could depend on three parameters: remaining time, fee and reward.
Additionally, as agents start idling on successful deliveries, clusters of agents fre-
quently appear at targeted storages. Instead, idling agents could be repositioned
in close proximity to shops to reduce future job execution time. Furthermore,
instantiating job-dependent behavior models on each new task introduces per-
ceptible delays. This can be solved by implementing more elaborate behavior
models implemented as singletons. Additionally, agents sometimes turn back or
take unfavorable routes for maintaining vitality. Anticipating vitality attributes
and actual movement effects could correct those inefficiencies.

5 Conclusion

We developed a distributed and scalable drone system for last mile delivery and
tested the implementation in the MASSIM simulation environment. Our solution
combines the contract net protocol for task allocation with the RHBP frame-
work for task execution and self maintenance. Our experiments show profitabil-
ity, robustness and fast agent-response across different configurations, including
competition and variable team size. We show scalability by using 25 operating
agents per team. Moreover, our approach illustrates how the task-level decision-
making and planning framework RHBP can be combined with decentralized
task assignment in a scalable setup. Future work might focus on improving the
discussed weaknesses.
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Abstract. Inferring ego position by recognizing previously seen places in
the world is an essential capability for autonomous mobile systems. Recent
advances have addressed increasingly challenging recognition problems,
e.g. long-term vision-based localization despite severe appearance changes
induced by changing illumination, weather or season. Since robots typi-
cally move continuously through an environment, there is high correlation
within consecutive sensory inputs and across similar trajectories. Exploit-
ing this sequential information is a key element of some of the most suc-
cessful approaches for place recognition in changing environments. We
present a novel, neurally inspired approach that uses sequences for mobile
robot localization. It builds upon Hierarchical Temporal Memory (HTM),
an established neuroscientific model of working principles of the human
neocortex. HTM features two properties that are interesting for place
recognition applications: (1) It relies on sparse distributed representa-
tions, which are known to have high representational capacity and high
robustness towards noise. (2) It heavily exploits the sequential structure
of incoming sensory data. In this paper, we discuss the importance of
sequence information for mobile robot localization, we provide an intro-
duction to HTM, and discuss theoretical analogies between the problem
of place recognition and HTM. We then present a novel approach, apply-
ing a modified version of HTM’s higher order sequence memory to mobile
robot localization. Finally we demonstrate the capabilities of the proposed
approach on a set of simulation-based experiments.

Keywords: Mobile robot localization
Hierarchical temporal memory + Sequence-based localization

1 Introduction

We describe the application of a biologically detailed model of sequence memory
in the human neocortex to mobile robot localization. The goal is to exploit the
sequence processing capabilities of the neuronal model and its powerful sparse
distributed representations to address particularly challenging localization tasks.
Mobile robot localization is the task of determining the current position of the
robot relative to its own prior experience or an external reference frame (e.g.
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a map). Due to its fundamental importance for any robot aiming at perform-
ing meaningful tasks, mobile robot localization is a long studied problem, going
back to visual landmark-based navigation in Shakey the robot in the 1960-80s [1].
Research has progressed rapidly over the last few decades and it has become pos-
sible to address increasingly challenging localization tasks. The problem of local-
ization in the context of changing environments, e.g. recognizing a cloudy winter
scene which has been seen previously on a sunny summer day, has only recently
been studied [2,3]. In most applications, the robot’s location changes smoothly
and there are no sudden jumps to other places (the famous kidnapped robot prob-
lem appears only rarely in practice [4]). Therefore a key element of some of the
most successful approaches is to exploit the temporal consistency of observations.
In this paper, we present a localization approach that takes inspiration from
sequence processing in Hierarchical Temporal Memory (HTM) [5-7], a model of
working principles of the human neocortex. The underlying assumption in HTM
is that there is a single cortical learning algorithm that is applied everywhere
in the neocortex. Two fundamental working principles of this algorithm are to
learn from sequences to predict future neuronal activations and to use sparse
distributed representations (SDRs). In Sect. 2 we first provide a short overview of
recent methods to exploit sequential information for robot localization. In Sect. 3
we provide an overview of the HTM sequence memory algorithm. In Sect.4 we
show how HTM’s higher order sequence memory can be applied to the task of
mobile robot place recognition!. We identify a weakness of the existing HTM
approach for place localization and discuss an extension of the original algorithm.
We discuss theoretical analogies of HTM and the problem of place recognition,
and finally provide initial experimental results on simulated data in Sect. 5.

2 On the Importance of Sequences for Robot Localization

Mobile robot localization comprises different tasks, ranging from recognizing
an already visited place to simultaneously creating a map of an unknown area
while localizing in this map (known as SLAM). The former task is known as
place recognition problem or loop closure detection. A survey is provided in [§].
A solution to this problem is fundamental for solving the full SLAM problem.
The research progress in this area recently reached a level where it is feasible
to think about place recognition in environments with significantly changing
appearances. For example, camera based place recognition under changing light-
ing condition, changing weather, and even across different seasons [2,3]. In indi-
vidual camera images of a scene, the appearance changes can be tremendous.
In our own prior work and others, the usage of sophisticated landmark detec-
tors and deep-learning-based descriptors showed to be a partial solution of this
task [9]. However, with increasing severity of the appearance changes, making
the localization decision purely based on individual images is more and more
pushed to its limits.

1 An open source implementation is available:
https://www.tu-chemnitz.de/etit/proaut/seqloc.
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The benefit of exploiting sequence information is well accepted in the litera-
ture [2,10-14]. In 2012, Milford et al. [2] presented a simple yet effective way to
exploit the sequential character of the percepts of the environment. Given two
sequences of images, captured during two traversals through the same environ-
ment, the task is to make a decision, which image pairs show the same place. In
their experiments one sequence is from a sunny summer day and the other from
a stormy winter night. To address this challenging problem, the pairwise simi-
larity of images from the two runs is collected in a matrix. Instead of evaluating
each entry individually, Milford et al. [2] propose to search for linear segments of
high similarity in this matrix (this also involves a local contrast normalization).
This approach significantly improved the state of the art at this time. However,
searching for linear segments in this matrix poses important limitations on the
data: the data on both environmental traverses has to be captured at the same
number of frames per traveled distance. This is usually violated in practice, e.g.,
if the vehicle’s velocity changes. Therefore, several extensions have been pro-
posed. E.g., allowing non-zero acceleration [12] or searching for optimal paths in
the similarity matrix using a graph-theoretical max-flow formulation [13]. Local-
ization approaches that include the creation of a map inherently exploit the
sequential nature of the data. Simultaneous creation of a map while localizing
in this map exploits sequence information by creating a prior for the current
position based on the previous data. However, this is equivalent to solving the
full SLAM problem and involves maintaining a map of the environments. A par-
ticular challenge for SLAM are the consistency of the map after closing long
loops and the increasing size and complexity of the map in large environments.
One elegant approach to the latter problem is RatSLAM [14]; it uses a finite
space representation to encode the pose in an infinite world. The idea is inspired
by entorhinal grid cells in the rat’s brain. They encode poses similar to a resid-
ual number system in math by using the same representatives (i.e. cells) for
multiple places in the world. In RatSLAM, grid cells are implemented in form
of a three dimensional continuous attractor network (CAN) with wrap-around
connections; one dimension for each degree of freedom of the robot. The activ-
ity in the CAN is moved based on proprioceptive clues of the robot (e.g. wheel
encoders) and new energy is injected by connections from local view cells that
encode the current visual input, as well as from previously created experiences.
The dynamics of the CAN apply a temporal filter on the sensory data. Only in
case of repeated consistent evidence for recognition of a previously seen place,
this matching is also established in the CAN representation. Although the com-
plexity and number of parameters of this system prevented a wider application,
RatSLAM’s exploitation of sequence information allowed to demonstrate impres-
sive navigation results.

3 Introduction to HTM

Hierarchical Temporal Memory (HTM) [7] is a model of working principles of the
human neocortex. It builds upon the assumption of a single learning algorithm
that is deployed all over the neocortex. The basic theoretical framework builds
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upon Hawkins’ book from 2004 [15]. It is continuously evolving, with the goal
to explain more and more aspects of the neocortex as well as extending the
range of practical demonstrations and applications. Currently, these applications
include anomaly detection, natural language processing and, very recently, object
detection [16]. A well maintained implementation is available [17].

Although the system is continuously evolving, there is a set of entrenched fun-
damental concepts. Two of them are (1) the exploitation of sequence information
and (2) the usage of Sparse Distributed Representations (SDRs). The potential
benefit of the first concept for mobile robot localization has been elaborated in
the previous section. The latter concept, SDRs, also showed to be beneficial in
various fields. A SDR is a high dimensional binary vector (e.g. 2,048 dimensional)
with very few 1-bits (e.g. 2%). There is evidence that SDRs are a widely used rep-
resentation in brains due to their representation capacity, robustness to noise and
power efficiency [18]. They are a special case of hypervector encodings, which we
previously used to learn simple robot behavior by imitation learning [19].

From HTM, we want to exploit the concept of higher order sequence memory
for our localization task. It builds on a set of neuronal cells with connection
and activation patterns that are closer to the biological paragon than, e.g., a
multi-layer perceptron or a convolutional neural network. Nevertheless, for these
structures, there are compact and clear algorithmic implementations.

3.1 Mimicking Neuroanatomic Structures

The anatomy of the neocortex obeys a regular structure with several horizon-
tal layers, each composed by vertically arranged minicolumns with multiple
cells. In HTM, each cell incorporates dendritic properties of pyramidal cells [20].
Feed-forward inputs (e.g. perception clues) are integrated through proximal den-
drites. Basal and apical dendrites provide feedback modulatory input. Feed-
forward input can activate cells and modulatory input can predict activations of
cells. Physiologically, predicted cells are depolarized and fire sooner than non-
depolarized cells. Modulatory dendrites consist of multiple segments. Each seg-
ment can connect to a different set of cells and responds to an individual activation
pattern. The dendrite becomes active if any of its segments is active. All cells in a
minicolumn share the same feed-forward input, thus all cells in an minicolumn
become potentially active if the feed-forward connections perceive a matching
input pattern. From these potentially active cells, the actual active cells (coined
winner cells) are selected based on the modulatory connections. In HTM the-
ory, the modulatory connections provide context information for the current feed-
forward input. At each timestep, multiple cells in multiple minicolumns are active
and the state of the system is represented by this sparse code. For description of
HTM theory and current developments please refer to [15,21].

3.2 Simplified Higher Order Sequence Memory (SHOSM)

In the following, we will give details on a particular algorithm from HTM: higher
order sequence memory [5,6]. We will explain a simplified version that we abbre-
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viate SHOSM. For those who are familiar with HTM: the simplifications include
the absence of a spatial pooler and segments, the usage of one-shot learning
instead of Hebbian-like learning, and SHOSM does not start from a randomly
initialized set of minicolumns (whose connections are adapted) but starts from an
empty set of minicolumns and increases the number of minicolumns on demand.
Goal of the higher order sequence memory is to process an incoming sensor
data stream in a way that similar input sequences create similar representations
within the network - this matches very well to the sequence-based localization
problem formulation. The listing in Algorithm 1 describes the operations:

Algorithm 1. SHOSM - Simplified HTM higher order sequence memory

Data: I* the current input; M a potentially empty set of existing minicolumns;
C'-L  the set of winner cells from the previous time step

winner

Result: M with updated states of all cells; C%;ner

1 M} ;e = match(I', M) // Find the active minicolumns based on
similarity to feed-forward SDR input

// If there are no similar minicolumns: create new minicolumns
2 if zsempty(Mactwe) then
3 M, ive = createMinicolumns(I') // Each new minicolumn samples
connections to 1-bits in I*

4 M=MuU Mcﬁctiue

// Identify winner cell(s) in each minicolumn based on predictions
5 foreach m € M!,,,. do

6 C}redictea = getPredictedCells(m) // Get set of predicted cells from
this active minicolumn m

7 M= actwatePredzctzons(CWedmed) // Predict for next timestep

8 Ctinmer += Cpredicted // The predicted cells are also winner cells

// If there are no predicted cells: burst and select new winner
9 if isempty(C},cgictea) then

10 M = activatePredictions(m) // Bursting: Activate all
predictions of cells in m for next timestep
11 Clinner += selectWinner(m) // Select cell with the fewest

predictive forward connections as winner cell

// Learn predictions: prev. winner cells shall predict current
12 foreach ¢ € Cyinner do

13 learnConnections(c, C // Given the current winning cell ¢

wznnm")

and the set of previously winning cells C’w_wlmer' for all

cells cwmmr € C’fuwlmw for which there is not already a
connection from their minicolumns to the cell c, create the

prediction connections c — ¢ (one shot learning)

winner

At each timestep, input is an SDR encoding of the current input (e.g. the
current camera image). For details on SDRs and possible encodings please refer
o0 [18,22]. Please keep in mind that all internal representations in Algorithm 1
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are SDRs: there are always multiple cells from multiple minicolumns active in
parallel. Although the same input is represented by multiple minicolumns, each
minicolumn connects only to a fraction of the dimensions of the input SDR and is
thus affected differently by noise or errors in the input data. The noise robustness
of this system is a statistical property of the underlying SDR representation [18].

In each iteration of SHOSM, a sparse set of winner cells based on the feed-
forward SDR input and modulatory input from the previous iteration is com-
puted (lines 8 and 11). Further, the predicted attribute of cells is updated to
provide the modulatory input for the next iteration (lines 7 and 10). This mod-
ulatory prediction is the key element to represent sequences. In case of no pre-
dicted cells in an active minicolumn (line 9), all cells activate their predictions
and a single winner cell is selected (this mechanism is called bursting). This cor-
responds to current input data that has never been seen in this sequence context
before.

This short description of the algorithm lacks many implementation details,
e.g. how exactly the connections are sampled or how ties during bursting are
resolved. For full details, please refer to the available Matlab source code (cf.
Sect. 1) that enables to recreate our results. The following section explains the
application and adaptation of this algorithm for mobile robot localization.

4 Using HTM’s Higher Order Sequence Memory
for Mobile Robot Localization

4.1 Overview

Figure 1 illustrates how HTM’s higher order sequence memory is used for place
recognition. Let us think of a robot that explores a new environment using a
camera. It starts with an empty database and iteratively processes new image
data while moving through the world. For each frame (or each n-th frame) it
has to decide, whether the currently perceived scene is already in the database
or not. This poses a set of binary decision problems, one for each image pair.
The similarity matrix on the right side of Fig. 1 illustrates the possible outcome:
each entry is the similarity of a current query image to a database image. To
obtain binary decisions, a threshold on the similarity can be used. If we think of a
continuously moving robot, it is useful to include information of previous frames
to create these similarity values (cf. Sect. 2 on sequence-based localization).

On an abstract level, the state of the cells in SHOSM (variable M in Algo-
rithm 1) is an encoding for the current input data in the context of previous
observations. In terms of mobile robot localization, it provides an encoding of
the currently observed place in the context of the prior trajectory to reach this
place. All that remains to be done to use SHOSM for this task is to provide
input and output interfaces. SHOSM requires the input to be encoded as sparse
distributed representations. For example, we can think of a holistic encoding
of the current camera image. More sophisticated encodings could also include
local features and their relative arrangement similar to recent developments of
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Fig. 1. Place recognition based on SHOSM winner cells. (left) Each frame of the input
data sequence is encoded in form of a SDR and provides feed-forward input to the
minicolumns. Between subsequent frames, active cells predict the activation of cells in
the next time step. Output representation is the set of winner cells. (right) Example
similarity matrix for a place recognition experiment with 4 loops (visible as (minor)
diagonals with high similarity). The similarities are obtained from SDR overlap of the
sparse vector of winner cells.

HTM theory [16]. For several datatypes there are SDR encoders available [22].
Currently, for complex data like images and point clouds, there are no estab-
lished SDR encoders, but there are several promising directions, e.g. descriptors
based on sparse coding or sparsified descriptors from Convolutional Neural Net-
works [23]. Moreover, established binary descriptors like BRIEF or BRISK can
presumably be sparsified using HTM’s spatial pooler algorithm [7].

Output of SHOSM are the states of the cells, in particular a set of current
winner cells. This is a high dimensional, sparse, binary code and the decision
about place associations can be based on the similarity of these codes (e.g.
using overlap of 1-bits [18]). If an input SDR activates existing minicolumns,
this corresponds to observing an already known feature. If we also expected to
see this feature (i.e. there are predicted cells in the active minicolumn), then
this is evidence for revisiting a known place. The activation of the predicted
cells yields a similar output code as at the previous visits of this place - this
results in a high value in the similarity matrix. If there are no predicted cells,
this is evidence for observation of a known feature at a novel place - thus unused
(or rarely used) cells in these minicolumns become winner cells (cf. line 11 in
Algorithm 1). If there is no active minicolumn, we observe an unseen feature and
store this feature in the database by creating a new set of minicolumns.

Using these winner-cell codes instead of the input SDRs directly, incorporates
sequence information in the binary decision process. Experimental evidence for
the benefit of this information will be provided in Sect. 5.

4.2 Theoretical Analogies of HTM and Place Recognition

This section discusses interesting theoretical association of aspects of HTM the-
ory and the problem of mobile robot localization.
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1. Minicolumns < Feature detectors. Feature detectors extract distinc-
tive properties of a place that can be used to recognize this place. In case
of visual localization, this can be, for instance, a holistic CNN descriptor
or a set of SIFT keypoints. In HTM, the sensor data is encoded in SDRs.
Minicolumns are activated if there is a high overlap between the input SDR
and the sampled connections of this minicolumn. The activation of a mini-
column corresponds to detecting a certain pattern in the input SDR - similar
to detecting a certain CNN or SIF'T descriptor.

2. Cells & Places with a particular feature. The different cells in an
active minicolumn represent places in the world that show this feature. All
cells in a minicolumn are potentially activated by the same current SDR
input, but in different context. In the above example of input SDR encodings
of holistic image descriptors, the context is the sequence of encodings of pre-
viously seen images. In the example of local features and iteratively attending
to individual features, the context is the sequence of local features.

3. Minicolumn sets < Ensemble classifier. The combination of infor-
mation from multiple minicolumns shares similarities to ensemble classifiers.
Each minicolumn perceives different information of the input SDR. (since they
are not fully connected but sample connections) and has an individual set of
predictive lateral connections. The resulting set of winner cells combines infor-
mation from all minicolumns. If the overlap metric (essentially a binary dot
product) is used to evaluate this sparse result vector, this corresponds to col-
lecting votes from all winner cells. In particular, minicolumn ensembles share
some properties of bagging classifiers [24] which, for instance, can average the
outcome of multiple weak classifiers. However, unlike bagging, minicolumn
ensembles do not create subsets of the training data with resampling, but use
subsets of the input dimensions.

4. Context segments < Paths to a place. Different context segments cor-
respond to different paths to the same place. In the neurophysiological model,
there are multiple lateral context segments for each cell. Each segment rep-
resents a certain context that preceded the activation of this cell. Since each
place in the database is represented by a set of cells in different minicolumns,
the different segments correspond to different paths to this place. If one of
the segments is active, the corresponding cell becomes predicted.

5. Feed-forward segments < Different appearances of a place.
Although it is not supported by the neurophysiological model, there is another
interesting association: If there were multiple feed-forward segments, they
could be used to represent different appearances of the same place. Each
feed-forward segment could respond to a certain appearance of the place and
the knowledge about context of this place would be shared across all appear-
ances. This is not implemented in the current system.

4.3 rSHOSM: SHOSM with Additional Randomized Connections

Beyond the simplification of the higher order sequence memory described in
Sect. 3.2 we propose another beneficial modification of the original algorithm.
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Fig. 2. (left) Toy example that motivates rSHOSM. See text for details. (right) Illus-
tration of the loss of sequence information in case of multiple lateral connections from
different cells 1, z2 of one minicolumn representing place B to a cell x3. If the dotted
connection from z2 to x3 exists, we can not distinguish the sequences (A, B, C) and
(E, B, C) from an activation of z3. Please keep in mind that in the actual system many
parallel active minicolumns contribute to the representation of elements and sequences;
for simplification, only a single minicolumn per element is shown. (Color figure online)

The original SHOSM algorithm is designed to provide an individual representa-
tion of each element of a sequence dependent on its context. If anything in the
context is changed, the representation also changes completely.

Figure 2 illustrates this on a toy grid world with places A-F. What happens if
a robot follows the red loopy trajectory ABCDEBC? At the first visit of place
B, a representation is created that encodes B in the context of the previous
observation A, lets write this as B4. This encoding corresponds to a set of
winner cells. At the second visit of place B, there is a different context: the whole
previous sequence ABCDE, resulting in an encoding Bagcpg- The encodings
By and Bapcepg share the same set of active minicolumns (those that represent
the appearance of place B) but completely different winner cells (since they
encode the context). Thus, place B can not be recognized based on winner cells.

Interestingly, the encodings of Cxp and Capcpgp are identical. This is due
to the effect of bursting: Since B is not predicted after the sequence ABCDE, all
cells in minicolumns that correspond to B activate their predictions, including
those who predict C' (line 10 in Algorithm 1). Thus, the place recognition problem
appears only for the first place of such a loopy sequence. Unfortunately, this
situation becomes worse if we revisit places multiple times, which is typical
for a robot operating over a longer period of time in the same environment.
The creation of unwanted unique representations for the same place affects one
additional place each iteration through the sequence. For example, if the robot
extends its trajectory to the blue path in Fig.2, there will be a unique (not-
recognizable) representation for places B and C' at this third revisit. At a fourth
revisit, there will be unique representations for B, C' and D and so on.

Algorithmically, this is the result from a restriction on the learning of con-
nections in line 14 of Algorithm 1: If the previously active minicolumn already
has a connection to the currently active cell, then no new connection is created.
Figure 2 illustrates the situation. This behavior is necessary to avoid that two
cells z1, o of a minicolumn predict the same cell x3 in another minicolumn. If
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this would happen, the context (i.e., the sequence history) of the cell z3 could
not be distinguished between the contexts from cells z; and xs.

To increase the recognition capabilities in such repeated revisits, we propose
to alleviate the restriction on the learning of connections in line 14 of Algorithm 1:
Since the proposed systems evaluates place matchings based on an ensemble deci-
sion (spread over all minicolumns), we propose to except the learning restriction
for a small portion of lateral connections by chance. This is, to allow the cre-
ation of an additional new connection from a minicolumn to a cell, e.g., with a
5% probability (i.e., to add the dotted connection from cell z5 to z3 in Fig. 2).
Thus, some of the cells that contribute to the representation of a sequence ele-
ment, do not provide a unique context but unify different possible contexts. This
increases the similarity of altered sequences at the cost of reducing the amount
of contained context. Since creating this connection once, introduces ambiguity
for all previous context information for this cell, the probability of creating the
additional connection should be low. This slightly modified version of the simpli-
fied higher order sequence memory is coined rSHOSM. The difference between
SHOSM and rSHOSM is experimentally evaluated in the next section.

5 Experimental Results

In this section, we demonstrate the benefit of the additional randomized connec-
tions from the previous Sect.4.3 and compare the presented approach against
a baseline algorithm in a set of simulated place recognition experiments. We
simulate a traversal through a 2D environment. The robot is equipped with a
sensor that provides a 2,048 dimensional SDR for each place in the world; differ-
ent places are grid-like arranged in the world. Using such a simulated sensor, we
circumvent the encoding of typical sensor data (e.g. images or laser scans) and
can directly influence the distinctiveness of sensor measurements (place-aliasing:
different places share the same SDR) and the amount of noise in each individual
measurement (repeated observations of the same place result in somewhat dif-
ferent measurements). Moreover, the simulation provides perfect ground-truth
information about place matchings for evaluation using precision-recall curves:
Given the overlap of winner cell encodings between all pairings in the trajectory
(the similarity matrix of Fig.1), a set of thresholds is used, each splitting the
pairings into matchings and non-matchings. Using the ground-truth information,
precision and recall are computed. Each threshold results in one point on the
precision-recall curves. For details on this methodology, please refer to [9].

Parameters are set as follows: input SDR size is 2,048; # 1-Bits in input SDR
is 40; #cells per minicolumn is 32; #new minicolumns (Algorithm 1, line 3) is
10; connectivity rate input SDR - minicolumn is 50%; and threshold on SDR
overlap for active minicolumns is 25%.

5.1 Evaluation of Additional Randomized Connections in rSHOSM

To demonstrate the benefit of the additional randomized connections in
rSHOSM, we simulate a robot trajectory with 10 loops (each place in the loop
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Fig. 3. (left) Benefit of the randomized connections in rfSHOSM (with probabilities
0.01 and 0.05 of additional connections). This experiment does not involve noise or
place-aliasing. (right) Comparison of the proposed rSHOSM with a baseline pairwise
comparison in three differently challenging experiments. Parameter a is the amount of
aliasing (the number of pairs of places with the same SDR representation) and n is the
amount of observation noise (percentage of moved 1-bits in the SDR). In both plots,
top-right is better. (Color figure online)

is visited 10 times), resulting in a total of 200 observations. In this experiment,
there are neither measurement noise nor place-aliasing in the simulated environ-
ment. The result can be seen on the left side of Fig. 3. Without the additional
randomized connections, recall is reduced since previously seen places get new
representations dependent on their context (cf. Sect. 4.3).

5.2 Place Recognition Performance

This section shows results demonstrating the beneficial properties of the pre-
sented neurally inspired place recognition approach: increased robustness to
place-aliasing and observation noise. Therefore, we compare the results to a
simple baseline approach: brute-force pairwise comparison of the input SDR
encodings provided by the simulated sensor. The right side of Fig.3 shows the
resulting curves for three experimental setups (each shown in a different color).
We use the same trajectory as in the previous section but vary the amount of
observation noise and place-aliasing. The noise parameter n controls the ratio of
1-bits that are erroneously moved in the observed SDR. For instance, n=50%
indicates that 20 of the 40 1-bits in the 2,048 dimensional input vector are moved
to a random position. Thus, only 20 of the 2,048 dimensions can contribute to the
overlap metric to activate minicolumns. The place-aliasing parameter a counts
the number of pairs of places in the world which look exactly the same (except
for measurement noise). For instance, a = 5 indicates that there are 5 pairs of
such places and each of these places is visited 10 times in our 10-loops trajectory.

Without noise and place-aliasing, the baseline approach provides perfect
results (not shown). In case of measurement noise (red curves), both approaches
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are amost not effected, due to the noise robustness of SDRs. In case of place-
aliasing (yellow curves), the pairwise comparison can not distinguish the equiva-
lently appearing places resulting in reduced precision. In these two experiments
with small disturbances, the presented rSHOSM approach is not affected. The
blue curves show the results from a challenging combination of high place-aliasing
and severe observation noise - a combination that is expected in challenging real
world place recognition tasks. Both algorithms are affected, but rfSHOSM ben-
efits from the usage of sequential information and performs significantly better
than the baseline pairwise comparison.

In the above experiments, typical processing time of our non-optimized Mat-
lab implementation of rSHOSM for one observation is about 8 ms using a stan-
dard laptop with an i7-7500U CPU @ 2.70 GHz.

6 Discussion and Conclusion

The previous sections discussed the usage of HT'M’s higher order sequence mem-
ory for visual place recognition, described the algorithmic implementation and
motivated the system with a discussion of theoretical properties and some exper-
imental results where the proposed approach outperformed a baseline place
recognition algorithm. However, all experiments used simulated data. The per-
formance on real world data still has to be evaluated. Presumably, the presented
benefit above the baseline could also be achieved with other existing techniques
(e.g. SeqSLAM). It will be interesting to see, whether the neurally inspired app-
roach can address some of the shortcomings of these alternative approaches (cf.
Sect. 2). Such an experimental comparison to other existing place recognition
techniques should also include a more in-depth evaluation of the parameter of
the presented system. For the presented initial experiments, no parameter opti-
mization was involved. We used default parameters from HTM literature (which
in turn are motivated by neurophysiological findings).

The application on real data poses the problem of suitable SDR encoders for
typical robot sensors like cameras and laser scanners - an important direction
for future work. Based on our previous experience with visual feature detectors
and descriptors [3,9,23], we think this is also as a chance to design and learn
novel descriptors that exploit the beneficial properties of sparse distributed rep-
resentations (SDRs). An interesting direction for future work would also be to
incorporate recent developments on HT'M theory on processing of local features
with additional location information - similar in spirit to image keypoints (e.g.
SIFT) that are established for various mobile robot navigation tasks.

Although, the presented place recognition approach is inspired by a theory of
the neocortex, we do not claim that place recognition in human brains actually
uses the presented algorithm. There is plenty of evidence [25] of structures like
entorhinal grid cells, place cells, head direction cells, speed cells and so on, that
are involved in mammal navigation and are not regarded in this work.

The algorithm itself also has potential theoretical limitations that require
further investigation. For example, one simplification from the original HTM
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higher order sequence memory is the creation of new minicolumns for unseen
observation instead of using a fixed set of minicolumns. This allows a simple
one-shot learning of associations between places. In a practical system the maxi-
mum number of minicolumns should be limited. Presumably, something like the
Hebbian-like learning in the original system could be used to resemble existing
minicolumns. It would be interesting to evaluate the performance of the system
closer to the capacity limit of the representation.

Finally, SDRs provide interesting theoretical regarding runtime and energy
efficiency. However, this requires massively parallel implementations on special
hardware. Although this is far beyond the scope of this paper, in the future, this
might become a unique selling point for deployment of these algorithms on real
robots.
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Abstract. Robots are becoming ever more present in households, inter-
acting more with humans. They are able to perform tasks in an accu-
rate manner, e.g. manipulating objects. However, this manipulation often
does not follow the human way to arrange objects. Therefore, robots
require semantic knowledge about the environment for executing tasks
and satisfying humans’ expectations. In this paper, we will introduce
a breakfast table setting scenario where a robot acquires information
from human demonstrations to arrange objects in a meaningful way. We
will show how robots can obtain the necessary amount of knowledge to
autonomously perform daily tasks.

1 Introduction

Nowadays, robots are becoming more present and starting to perform household
tasks in our everyday life. However, they are not able to perform most of those
chores completely alone yet. They still require cognitive capabilities in order to
be able to autonomously acquire enough knowledge and produce more flexible,
reliable and efficient behavior. Examples are such as analyzing and understand-
ing human activities by understanding his intentions, e.g. which task the human
performed, how he did it, and why he performed it like that.

The aim of our work is to support robots in understanding human demonstra-
tions. They should be able to reason and make decisions about human activities
to perform actions closer to humans, e.g. “human-like”, and, at the same time, to
improve their own performance. Our idea is to have robots obtaining and combin-
ing the necessary amount of information from different sources in a meaningful
way without being remotely controlled or teleoperated [1]. To achieve that, the
robot should be able to find answers in a huge amount of structured knowledge
and, then, choose the one it needs. In this sense, we present a problem scenario,
illustrated in Fig. 1, where a robot asks how to perform the specific task.

In Fig. 1b, we give a proposal to answer those questions where human demon-
strations from similar tasks are analyzed. Figure 1a shows the breakfast table
setting scenario with a human operator who gives an order, e.g. I’d like to have
cereal and juice for breakfast, the robot needs to perform without any further
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‘Which objects should | place?

Where should | place
them?

Which object should | place next
to another?

How much space does the
object-arrangement need?

(b) Visualization of human per-
forminga table setting in VR.
Dots represent sampled locations
in other episodes.

(a) Traditionally preprogrammed
PR2-robot placing objects on a
table by asking how to perform
specifics of the task.

Fig. 1. Robot and human performing a breakfast table setting task.

information about how to place the objects. Our research focuses on supporting
humans in daily tasks by providing robots tools to obtain appropriate infor-
mation to fill knowledge gaps in plan descriptions for autonomously performing
tasks. We equip robots with commonsense to be able to ask and retrieve the right
answers from available knowledge. Unlike traditional planning approaches where
robots might only focus on improving the performance of their goal achievements
by placing objects based on high success rates or where human executor might
additionally consider his psychological comfort during positioning of objects [8].
Nevertheless, robot’s planning capabilities could be adapted by the acquired
knowledge and, then, increased their performance and flexibility. Furthermore,
robots should analyze and understand human actions regarding different con-
textual relations. For example by grouping objects in categories depending on
their location and orientation relations.

In this paper, we propose an architecture, Fig.2, making use of existing
frameworks and extending the planning capabilities. We investigate actions in
human demonstrations when arranging objects on tables. We put special atten-
tion and deal with the differences in demonstrations, e.g. which different oppor-
tunities exist to arrange objects on the dining table. Also, we address the problem
by defining a working area and object classification serving for task execution. In
this sense, we present a dataset of experiences recorded from humans in virtual
reality (VR) and its corresponding queries, the robot can extract and reason
about object arrangements on a table setting for breakfast from. The intentions
of humans are reflected in the location and orientation of objects.

The rest of this paper is organized as follows: we start with a brief review
of existing literature and define the scope of our work. Then, we will briefly
introduce our proposed architecture and present our results and conclusions.
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2 Related Work

Since humans have a huge amount of knowledge with different levels of exper-
tise to perform tasks, there is an emerging trend to develop robotic systems
autonomously performing actions by analyzing human demonstrations. As the
majority in learning from human demonstrations (LfD) or imitation learning
fields focus on developing systems for directly learning new skills from human
demonstrators [4], we instead propose to reason about human demonstrations
from vitual reality (VR). Similarly to this work, the system presented in [10] uses
VR in a video game. However, they extract manipulations instead of arrange-
ments via logical queries to include semantic descriptions from a physical sim-
ulator. Regarding the object arrangement on a kitchen table, Krontiris and
Bekris [9], focus on efficiently solving a general rearrangement of objects. They
obtain the order to move random positioned objects to a grid specific arrange-
ment. Unlike this benchmark, in which objects are arranged in predefined grids,
our work builds those from human demonstrations. In the work presented in
Srivastava et al. [13], they focus on a grasping experiment with obstructions
and the rearrangement of an object by finding small free spots. In our case, the
objects come from a different location, e.g. kitchen counter, and the arrangement
happens in a mostly uncluttered scenario. Also, instead of dealing with a single
target per episode, we deal with two objects in each execution, one per hand.
Furthermore, we are interested in arranging objects depending on their semantic
relation between each other. In this work, we especially contribute to this area
by not only following stability rules but also by taking into account the object
usage and location preferences. Similar to our work, Jiang et al. [8] present object
arrangement preferences by semantically relate objects to human poses in a 3D
environment. In our work, we additionally take into account semantic relations
between objects and actions. The dataset presented in this work includes VR
episodic memories that are richly annotated by relating human logged events in a
KNOWROB ontology format introduced by Haidu and Beetz [7]. These memories
include events in a time-line of execution. However, we still require extra analysis
tools to improve the connection between our virtual environment world and the
robot in order to benefit from this kind of data. In one sense, we give meaning to
an object location based on the context. We also describe a workspace for this
task which is not present in previous work to our knowledge.

3 Description

The architecture, presented in this work, uses different existing frameworks and
some additional analysis and reasoning tools as shown in Fig.2. KNOWROB
works as a backbone enabling reasoning and answering logical queries about
semantic information in Prolog [3]. OPENEASE works as a cloud system, allow-
ing intuitive analysis of episodes from different experiments and get answers to
queries in a visual environment. Plans are created by CRAM [15] that is able to
extract semantic knowledge from KNOWROB as needed using Lisp programming
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Fig. 2. The proposed architecture comprises existent frameworks.

language. The extension in this work is the use of statistical tools to obtain
object arrangements from human demonstrations following certain properties,
e.g. having no occlusions between objects.

To give a broader overview of our scenario, the recording is performed in a
kitchen environment that includes provisions and kitchenware. From this sce-
nario in a virtual environment, we obtained a dataset of 50 episodic memories
where two people performed a breakfast table setting. The instruction was about
setting the table for one person breakfast with six predefined objects. First,
the task was to pick up and place the objects at different storage places, e.g.
fridge and drawers, on the kitchen counter and, then, arrange those objects on
the dining table. Then, we accessed the semantically-annotated dataset in OPE-
NEASE [2] to retrieve and visualize the distribution of object arrangements on
the table and test our proposals. For this, Prolog queries were manually con-
structed and included in dataset. They are designed to work with a single or
multiple recorded episodes, see Sect. 4.

One problem by using human demonstrations is that they don’t perform as
robots by placing objects in the same location as shown in Fig. 1b and previously
studied by Ramirez-Amaro et al. [12]. Furthermore, we present a solution for
being able to use this experience, in Sect. 4, by the robot.

4 Experiments and Results

Some relevant information from the robot’s perspective is to know where to
exactly place objects. Therefore, we designed logical queries and visualized the
distribution of object locations in OPENEASE, see Fig. 3.

In our queries the main extracted object properties are location and orienta-
tion, dimensions, the time it touched the table at, and the category it belongs to.
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Fig. 3. Distribution of all object placements: centroids are marked by crosses, closest
objects to centroids are circled, and final arrangement selections are marked by squares.
(Color figure online)

The location and orientation are used to find spatial relationships. The dimen-
sion is used to detect object overlaps. The order where objects are placed on
the table is reconstructed by using time. The object’s category helps grouping
object instances, as each of them has its own identifier. Figure3 displays the
exact location objects were placed at on the table for all recorded memories.

To help visualization, object models were replaced by spheres which indicate
the final objects’ location on the table. The sphere color represents the object
category. Some of these objects are placed in a specific region as suggested by the
distribution of colors. This distribution is more even to the table’s edge, while
near the center there is a greater mix of colors. By looking at which objects are
placed more likely in a similar area, it can be noted in Fig. 4a that are the bowl
and the spoon (purple) closer to the table’s edge. Both figures in Fig. 4 are based
on the object placements of Fig. 3.

(a) Objects collisions on centroids. (b) Proposed solutions on squares.
Fig. 4. Result for arrangement of objects inside workspace. (Color figure online)
However, objects located more central on the table tend to mix more in the

collection of memories (red). A first attempt in proposing an object arrangement
is to calculate the object’s category centroid and, then, use it as the final location,
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see Fig.4a. However, by using this proposal, collisions are present in the back
area (red) as objects are too close to each other. The object overlap happens, in
particular, between the cereal-box and the milk-box. A robot arranging objects
on the table as seen in Fig.4a would inevitably fail due to collisions. For this
reason, a better solution is to select an arrangement from the memories. The
arrangements presented in Fig. 4b follow the preference of humans, which might
differ from the robot’s point of view as objects in the back are more likely to
be placed first to avoid collisions. It is important to notice that the numbering
in Fig.3 corresponds to the order which happened more often in the object
arrangement. We believe that this order corresponds to the functional relations
between each other, e.g. the cereal is related to the bowl as a container.

As mentioned before, some objects seem to follow a defined arrangement
while others do not. As an example we can take the red objects in Fig. 4a, which
are the cereal, juice and milk boxes, widely spread closer to the central region
of the table. In contrast, the bowl and the spoon (purple) have a more defined
placement in the arrangement. Therefore, in this work we consider that the
spread offers a hint about how strict the placement of a particular object is. For
example all the boxes (milk, juice, cereal) seem to have a loose location in the
arrangement of a breakfast setting and we can define them as interchangeable,
while the bowl and spoon as non-interchangeable.

To overcome the overlap of objects (see Fig. 4a), the robot should take into
account possible collisions. It should also consider the priority of a particular
object in an arrangement, which plays an important role in the placement’s
flexibility. Every time objects need to be separated due to overlap the robot
is able to move the interchangeable objects to keep the sense of naturalness.
Regarding the order of action, the robot places the interchangeable objects first,
as they normally come behind the non-interchangeable ones, because they require
less accuracy in the location and to avoid collisions. Then, it can place the non-
interchangeable objects and be more careful in the placement.

Even further, we define an arrangement-workspace (arrange-space) for the
robot in relation to the total area covered by all objects as indicated by the green
bounding box. The smallest area required by a breakfast setting is 0.126 m?, the
mean area is 0.188 m? and the maximum area is 0.272m?. Such information is
useful when the robot is looking for a free area in which it could arrange objects
when it encounters collisions or a location hard to reach.

5 Conclusions and Future Work

In this work, we showed our proposed architecture is able to reason about and
obtain information from human demonstrations in a VR environment. Besides,
the planning framework is capable of extracting the right amount of information
based on object arrangements. It covers the object arrangements, where their
final location and orientation should be related to their function, and the order of
actions. This work presents an approach to define a workspace and classification
of objects by interchangeable and non-interchangeable. However, we are aware
that more work needs to be done in this area and in this work.
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Another possible focus is the use of failures. We know that there are failures
present in the datasets, e.g. the cereal fell sometimes and was re-placed to have
a well-set table. However, it was not analyzed in this work, but we believe it
would be interesting for the robot to be able to detect when an object falls after
placing it and re-plan the placement as humans do.
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Abstract. This paper addresses the problem of tuning parameters of
mathematical solvers to increase their performance. We investigate how
solvers can be tuned for models that undergo two types of configura-
tion: variable configuration and constraint configuration. For each type,
we investigate search algorithms for data generation that emphasizes
exploration or exploitation. We show the difficulties for solver tuning
in constraint configuration and how data generation methods affects a
training sets learning potential.

Keywords: Tuning mathematical solvers -+ Mathematical solvers
Machine learning - Evolutionary algorithm - Novelty search

1 Introduction

Mathematical solvers, such as CPLEX [7], CONOPT [8], or GUROBI [10], are
used to solve mathematical models in varying disciplines. The required runtime
for a given model is largely dependent on the complexity of the model, but also
on the solver’s parameterization. As the solvers have become complex software
systems, various parameters can be set to adjust their strategy. Default settings
will generally perform well, but can be fine tuned for specific models. The con-
figuration process of the solver’s parameters for a specific model is referred to
as solver tuning. Solver tuning is often done manually [15], through a mostly
trial and error approach, as it is not intuitive how a solver may behave for a
specific model. However, the emergence of Machine Learning methods has led
to the possibility of automating the process. By using knowledge of previously
executed models, a model’s runtime with specific solver parameters can be pre-
dicted. As a result, a set of parameters can be selected that gives a low predicted
runtime. Such systems have been successfully applied to boost the performance
of solvers in general, both for a large set of independent models, but also for
a single model with different inputs [3]. In the latter case, models are re-run
either based on updated information, or to consider different scenarios. Varying
the input variables may change the individual data points, while changing con-
straints may change the mathematical structure of the model. We expect that
these two different types require different types of solver configuration. Thus, we
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distinct in the following these two types of configuration: variable configuration
and constraint configuration. As there exist a large set of parameter combina-
tions, and solving mathematical models is a time consuming task, we have to
consider a strategy for generating training data for the run time predictor, out-
lined above. Training data generation strategies define a process of identifying
the best training instances and can be described as a search problem. Ideally,
we wish to generate a training set that includes instances that represent the
entire search space well, but also includes solver parameter settings that result
in a low runtime. However, as the search space is not well understood, it is
not yet clear which type of search algorithm may be best. In particular, it is
not understood whether algorithms that emphasize exploration or exploitation
are best suited for this task. Currently, only random selection methods have
been investigated. Therefore, we investigate two alternative algorithms based on
an Evolutionary Algorithm (EA) that implements exploration and exploitation
respectively: Novelty EA and Minimal Runtime EA. We describe each algo-
rithm in detail in Sect. 3.1 and compare results to commonly used random data
generation strategies afterwards. In this paper, we will explore the relationship
between mathematical solver tuning and the types of configuration of models.
Furthermore, we investigate whether algorithms that focus on exploration or
exploitation are better suited for finding solver parameters settings resulting in
a low runtime. In addition, we analyze how the training data generated by each
algorithm performs when used for Machine Learning.

2 State of the Art

The concept of runtime predictions is extensively explored in methods such as
surrogate models [25], meta models [23] or empirical performance models [14].
Machine Learning has been applied to solver parameter tuning, e.g. the work
of Hutter et al. [12] has been one of the first using the PARAMILS framework.
However, the authors stated that the PARAMILS framework may not be the best
methodology, as it mainly aims to provide a lower bound on the performance
improvements that can be achieved.

Machine Learning methods require inputs that describe the model, so that
it can predict the runtime as output. The estimation of a models complexity
is known to be difficult [14,18,20,21,27]. Basic representation include counting
the number of constraints or variables. However, it is also commonly known that
this has a limited use, due to issues such as the easy-hard-easy phenomenon [17].

The work published in [4] indicates that the cost of tuning the parameters,
no matter which method, will always outweigh the benefits when considering a
single execution of the model. However, it is often justified, as multiple execu-
tions of the same model with different inputs may be necessary. If a Machine
Learning method can generalize to other model configurations, or possibly even
completely different models, it can be worth investing computation effort in the
initial training phase to allow faster executions in the future. Furthermore, in
addition to our own studies [26], Baz et al. [4] showed there is great potential in
using non-default settings for mathematical solvers.
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Furthermore, methods exist that use a multi objective approach [4], allowing
a user to tune for Time-To-Optimality (runtime), Proven-Gap or Best-Integer-
Solution. Lépez and Stiitzle [24] also make use of an aggregate objective to find
the best compromises between solution quality and runtime, to achieve good
anytime behavior. Although such approaches have many applications, we will
focus on Time-To-Optimality with thresholds given for Proven-Gap and Best-
Integer-Solution, which relate more with methods such as [3].

In the following, we focus on tuning a solver for many configurations of the
same model. Models are commonly used for a range of inputs that represent
either different scenarios, or are simply updated inputs for a new time period.

Training data generation has not been well covered for mathematical solvers.
Methods like [12,27] randomly select model and solver configurations to execute
and use them as training data. Due to a large number of configurations that
are possible and the fact that most solver parameter settings will result in an
exceptional high runtime, the sampling space is large and imbalanced. Therefore,
random selection has the tendency to produce a dataset where the target set,
which has a low runtime, will be underrepresented. Such imbalanced data has
been addressed in other fields using data generation strategies [9,11] by searching
for the target set.

This forms a search problem that can be addressed using heuristics. However,
as the search space is not well understood, it is also not commonly clear what
heuristic to be used, i.e. if their emphasis should be given to exploration or
exploitation. Which method is more effective depends on the search space, and
is not well covered for the trainings data generation for mathematical solvers.

Novelty search has shown its benefits with evolutionary search strategies in
some applications [22]. In addition to being an effective search strategy, it has
been highly successful [5] in generating training data for Machine Learning tech-
niques in other domains. However, besides the application in [5], there has not
been a large body of work applying novelty search for training data generation.

Furthermore, as the algorithms are used to generate the training data, it is
important that not only optimal parameter settings are included, but also that
the generated training set represents the search space well. If the training set
is not a representative sample of the search space, e.g. having a bias towards
parameter settings with a high or low runtime, the resulting predictor may over
or under estimate the runtime systematically. Therefore, we must consider the
effects of the training data generation method on the learning problem.

3 Methodology

The final goal of our method is to reduce the runtime of a mathematical solver.
As shown in Fig. 1, we modify the classical approach of how a solver is used, and
included a solver configuration phase.

During the solver configuration phase, we take the model instance as an input
and consider a variety of solver configurations. Based on the predicted runtimes,
we select the best configuration, i.e. the one leading to minimal runtime. To use
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Fig. 1. Graphic showing the process for solving a model.

this solver configuration phase, we must first build a runtime predictor with a
potential high accuracy as shown in Fig. 2.
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Fig. 2. Graphic showing the data generation and learning phase.

An Evolutionary Algorithm (EA) is used to select instances that consist of
a model and solver configuration. These instances are then given to the solver
to determine its runtime. The instances are then passed as training data to an
Artificial Neural Network (ANN). Once trained, the ANN is used as a predictor
during the solver configuration phase described in Fig. 1.

3.1 Evolutionary Algorithm

One aim in our paper is to assess whether an exploration or exploitation method
is better suited for finding solver configuration that result in a low runtime.
Therefore, we use two different algorithms: minimal runtime EA (MREA) and
Novelty EA (NEA). Both algorithms are based on an EA. We use a random
initialization, roulette wheel selection and an integer encoding [6]. The encoding
is shown in Fig. 3, where each gene in the encoding represents a configuration.
For example, the first index for the solver configurations represents the subalg
solver parameter, where the value 1 represents the variables value (in this case
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Fig. 3. Graphic showing the individual [ in the population as an array of integers.
Each integer value corresponds to values for particular settings.

indicating the use of the Primal simplex method). Possible values are shown
in [7]. Each input and model configuration referrers to an index, representing
the specific model. We use a population size of 100 individuals with a survival
rate of 20%. We apply mutation to generate 90% of the new individuals and
crossover is applied for the remaining 10%. Parameters were chosen based on
initial experiments.

The fitness evaluation in the EA is the computationally most expensive step,
as it requires the model to be solved by the mathematical solver based on
the individual’s model configuration, input configuration and solver parameters.
Once the runtime of the individual is determined, its fitness value is assigned.

The difference between the MREA and the NEA is the fitness evaluation. The
minimal runtime EA uses an evaluation function that minimizes the runtime,
referred to as the minimal runtime evaluation. The NEA uses a strategy, referred
to as novelty based evaluation, that uses Novelty search. Novelty search refers
to a strategy that does not consider only the runtime for the fitness evaluation,
but also the diversity an individual adds to the population.

Minimal runtime evaluation: The individual fitness is computed as:

Fiy = min[RpZ 0124 M)

ngg{”a”“d is the measured runtime of an individual I, which must be obtained
by the solver. F,,, is the objective based fitness value. To avoid bias towards
easier models, we normalize the runtime. For normalization, we use the longest
runtime in the subset of all individuals in the current and past population that
uses the same model.

Novelty based evaluation. In this approach the fitness of each individual is com-
puted by its novelty. We define novelty as the minimal distance to any other
individual in the current and past population. Therefore, the method rewards
individuals that behave differently. The fitness is computed as follows, which is
also similar to literature, see e.g. [22]:

FNO'uelty = Dmin/DconfigMa:L’ * 100 (2)

Din is the distance between the given individual and the nearest neighbor (in
terms of runtime) for the given model configuration. It is given as:

Dmin = minHRreal - RconfigMawH (3)
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Where R,.cq is the measured runtime of the individual (when solved using the
mathematical solver) and ReonfighMas 1S the maximum runtime in the current
and past population for the given model.

DconfigMae is the runtime distance between the furthest away individuals in
the current population for the given configuration:

DconfigMam = |RconfigMaz - Rconfig]%in| (4)

where Rconfighrin 1S the minimum runtime in the current population for the
given model and input configuration.

Random Algorithm. As stated previously, the current state of the art randomly
selects individuals for the training set. To allow for comparison, we use a random
algorithm based on the EA described above. We modify the above algorithms
so that in each generation we add random individuals to the population instead
of evolving individuals from the current population. This allows us to compare
different sets of training data of the same size produced by the EA to a random
selection.

3.2 ANN

To demonstrate how training sets produced by the various algorithms perform
when used to train a predictor, we use a common implementation of an ANN.
Although other Machine Learning methods are possible, ANNs have been used
in literature [3,14] and cope well for a wide variety of problems. Many ANN
architectures and structures are possible, but initial experiments show that a
simple multilayer perceptron (MLP) is sufficient.We use a MLP with one hidden
layer, using a sigmoid (logistical) activation function [16,19]:

The input and outputs are normalized to values from [0, 1] and the output
layer uses a simple linear activation function with only one neuron to output
the predicted solver runtime. As an estimate of a models complexity we use four
model descriptors consisting of the number of rows, columns, non-zeros and bina-
ries. These are given by the model statistics [7] output in CPLEX, indicating the
models complexity and allowing the differentiation between configurations. As
noted in Sect. 2, more advanced complexity measurements are available. How-
ever, such measurements are computed based on the model descriptors used
here. Thus, we consider that adding these additional measures will not provide
additional information to the ANN.

The ANN input neurons consist of one neuron per model descriptor and
solver parameter. The full list of inputs, as shown in Table 1, were chosen based
on literature [13] and initial experiments. The resulting structure consists of 9
input neurons, one hidden layer with 9 neurons and 1 output neuron. For the
given input, once the ANN is trained using back propagation, it can predict the
runtime for varying configurations.
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Table 1. Table showing the inputs to the ANN.

Input name | Type of input Range
Rows Model descriptor | [0 — o0]
Columns Model descriptor | [0 — o]
Non-zeros | Model descriptor | [0 — o0]
binaries Model descriptor | [0 — o0]
startalg Solver parameter | [0 — 5]
subalg Solver parameter | [0 — 5]
heurfreq Solver parameter | [0 — 2]
mipsearch | Solver parameter | [0 — 2]
cuts Solver parameter | [0 — 4]

3.3 Model Configuration

As described previously, the implications for solver tuning arising from the dif-
ferent types of model configuration are not well studied. For demonstrating such
different types of configuration, we use a family of models from the domain of
hydropower operation management. The models are used to schedule production,
to maximize the profit, selling electric energy to different energy markets. The
service can be offered to a permutation of different available markets, consider-
ing different market prices and different resulting constraints. As each market is
described by a number of constraints, configuring this aspect can be considered
to be a constraint configuration. Variable configurations are applied by modify-
ing variables such as the size of the reservoir, number and capacity of turbines
and water inflows. For more details on the hydropower models, we refer to [1,2].

4 Experiment Setup

We show our experiment setup in Fig.4. This setup is applied for the random
algorithm, MRGA and NEA. For every 50 evaluations (or model solves) in any
of the three algorithms, an ANN is created and tested. We test the ANN using
randomly selected test cases involving two model configurations (and all consid-
ered solver configurations), which are hidden during the data generation phase.

As training instances are added (and an ANN trained at intervals) we record:

Training Data Runtime: As we want to analyze how each algorithm performs
in finding good solver parameter settings, we record the runtime for each
individual in the training set for each algorithm.

ANN Prediction Error: To analyze how well each algorithm performs in
creating training data that is effective in training a predictor, we record the
prediction error of each ANN trained.
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Solver performance: To demonstrate how well each method performs in finally
tuning the mathematical solver, we record the runtime for each test case when
using the predictors of the ANN to configure the solver. This gives us the final
performance of the overall system in tuning the solver.

In addition, as described above, we are going to analyze the effects of different
configurations. Therefore, we conduct two experiments. The first experiment con-
siders the effect of variable configurations, while the second consider constraint
configurations:

Experiment 1: We keep the constraint configurations constant and consider
different variable configurations. In total, we use 9 variable configurations.
They consist of 3 different categories of Hydro power stations over 3 time
periods. As test data, we select a random category from a 4th time period.

Experiment 2: We keep the variable configurations constant and consider dif-
ferent constraint configurations: In total we use 8 constraint configurations,
consisting of various market combinations. As test data we use a randomly
selected set of 2 combinations.

Each experiment is repeated 100 times and median values are recorded. The
repetition is to cancel any random variance that occur due to the random selec-
tion of test data and the non-deterministic algorithms. Furthermore, we are going
to analyze the search space, which should be small for an exhaustive search to be
performed. Thus, we record the runtime of each individual in the 2 experiments,
showing the effects of each type of configuration on a solver’s runtime.

The experiments are run on a dedicated server that performs no other tasks.
We use our own Java implementation for the individual algorithms and ANN.
The hydro model is implemented in GAMS and utilizes CPLEX as the mathe-
matical solver [7]. The model is relatively complex and can have a computation
time of around 40 min on default settings. Parallelization is possible, but suf-
fers from high memory usage. For each experiment, we compare the results over
time. As a proxy for the time passed we use the measure of the number of
unique models solved so far, as it is the computational most expensive aspect.
To demonstrate the performance of the solver for a specific configuration and
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model, we use CPLEX ticks [7]. CPLEX ticks is a measure of how many steps a
solver must make to find a solution and is a reliable runtime measurement that
cannot be affected by other processes running on the same machine. To avoid
any excessive runtime, the solver will abort at a threshold of 4,000,000 CPLEX
ticks, which exceeds by far the number of ticks expected for these models.

5 Results and Analysis

It is expected that the space of good solver parameter sets differ for the two
types of configurations. In particular, some solver configurations are expected
to not be suitable at all, while others perform well, but only for specific model
configurations. Each data generation method should evolve a population that
is representative and includes overall solver parameters sets that result in a
low runtime. Furthermore, we expect to see a decrease in prediction errors and
resulting runtime (using the predictor’s suggestion) as more training instances
are added to the training data. Results are compared to the industry standard,
which uses the default parameters, and the state of the art, which uses a random
data generation strategies. The maximal potential improvement (shown by the
results of an exhaustive search) is shown to indicate the maximum potential of
solver parameter tuning.

We compare the search space for variable configurations (Experiment 1) in
Fig. 5(a) and of constraint configuration (Experiment 2) in Fig. 6(a). We see that
for each configuration, we can categorize three types of solver settings: Settings
that do not perform well for all models (right), settings that only perform well for
some models (center), settings that are stable and perform generally well (left).
The potential for using ML in tuning solver parameters can be seen by comparing
the lowest runtime of the second and third set. In such a case, it indicates
that parameters specialized for particular models can outperform parameter sets
that behave best for all. Although only a small increase can be seen, variable
configurations is a candidate for Machine Learning. Constraint configuration also
indicates this, but only to an extremely small value, indicating that a set that
performs well for all model configurations is possible.

Figure 5(b) shows the performances when using the set of data generation
methods with an ANNS to predict the runtime and then to tune the mathematical
solver for variable configurations. We show in the runtime of individuals in the
training sets that MREA initially adds solver parameter sets that generally have
a low runtime. However, after finding the small set of solver parameters with a
low runtime, less optimal settings are added. The random algorithm maintains a
constant median runtime, while the NEA shows a similar but less visible behavior
as the MREA. As for the runtime predictions, the error gradually reduces for
all algorithms. Although they do not achieve a high prediction accuracy, it is
accurate enough to make suggestion for solver tuning. In that respect, we see
that MREA performs initially well, as it finds good parameter settings quickly.
Nonetheless, as it restricts itself to local optima and gives a less representative
training set, it is outperformed in larger training sets by methods that emphasize
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exploration, i.e. Novelty and Random. The performance of the random algorithm
indicates exploration is vital during the initial stages. However, Novelty search
eventually outperforms all other methods due to its emphasis on exploration,
while still favoring parameter sets with uniquely high performance.

When the same methods are applied to constraint configurations, we see that
there is less of a performance increase. We see a similar behavior, with MREA
performing best for small training sets and random for slightly larger sets. NEA
achieves better performance when more training instances are added. As dis-
cussed above, the potential for Machine Learning methods here is smaller. How-
ever, by comparing performances to the maximum potential, it appears that the
performance could still be increased. This indicates that this search space is likely
more difficult to learn. Although the error rates indicate not much difference, we
notice the large set of outliers in error predictions for constraint configurations.
This indicates that parameter sets that are specialized for particular models are
more difficult to predict. As these specialized parameter sets are key to tuning
the solver, we achieve a lower performance. Overall, this indicates that solver
parameter tuning for constraint configuration is a more difficult task than for
variable configurations. Therefore, more advanced methods should be applied
that focuses on constraint configuration or that utilizes more advanced Machine
Learning methods other than ANN to learn the more complex relationship.

6 Conclusion

In this paper we have compared the use of search algorithms based on explo-
ration and exploitation for data generation applied to mathematical solver tun-
ing. Experiments were presented showing that using an exploration based algo-
rithm, namely novelty search, was successful in generating a training data set
that was effective for training an ANN. Referring to our results in Sect. 5, we con-
clude three aspects in our findings. Firstly, solver parameter tuning for constraint
configuration presents a more difficult task than for variable configurations.

Second, data generation methods that emphasize on exploitation may find
parameter sets with a low runtime quickly, but are susceptible to local optima.
Furthermore, when used for solver parameter tuning, they only perform best for
small datasets. Otherwise, algorithms that emphasize exploration outperform
methods that emphasize exploitation. Implementing an algorithm that exploits
the concept of Novelty will achieve best results for learning.

For future work more focus should be given for the Machine Learning meth-
ods. Although work already exists that compares different Machine Learning
methods, it is not studied how data generation methods would affect them when
considering mathematical solver tuning. In addition, the search spaces indicate
that simply choosing the solver parameters with the faster predicted runtime
may not be the best option. Use of confidence values to choose parameter set-
tings in addition to the predicted runtime may increase performance as miss
predictions carry a large penalty.
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Abstract. Condorcet’s Jury Theorem has been invoked for ensemble
classifiers to indicate that the combination of many classifiers can have
better predictive performance than a single classifier. Such a theoretical
underpinning is unknown for consensus clustering. This article extends
Condorcet’s Jury Theorem to the mean partition approach under the
additional assumptions that a unique but unknown ground-truth parti-
tion exists and sample partitions are drawn from a sufficiently small ball
containing the ground-truth.
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1 Introduction

Ensemble learning generates multiple models and combines them to a single con-
sensus model to solve a learning problem. The assumption is that a consensus
model performs better than an individual model or at least reduces the likeli-
hood of selecting a model with inferior performance [29]. Examples of ensemble
learning are classifier ensembles [6,25,31,40] and cluster ensembles (consensus
clustering) [14,32,36,39].

The assumptions on ensemble learning follow the idea of collective wisdom
that many heads are in general better than one. The idea of group intelligence
applied to societies can be tracPartition Spacesed back to Aristotle and the
philosophers of antiquity (see [37]) and has been recently revived by a number
of publications, including James Surowiecki’s book The Wisdom of Crowds [33].

One theoretical basis for collective wisdom can be derived from Condorcet’s
Jury Theorem [4]. The theorem refers to a jury of n voters that need to reach a
decision by majority vote. The assumptions of the simplest version of the theorem
are: (1) There are two alternatives; (2) one of both alternatives is correct; (3)
voters decide independently; and (4) the probability p of a correct decision is
identical for every voter. If the voters are competent, that is p > 0.5, then
Condorcet’s Jury Theorem states that the probability of a correct decision by
majority vote tends to one as the number n of voters increases to infinity.
© Springer Nature Switzerland AG 2018

F. Trollmann and A.-Y. Turhan (Eds.): KI 2018, LNAI 11117, pp. 155-168, 2018.
https://doi.org/10.1007/978-3-030-00111-7_14


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-00111-7_14&domain=pdf

156 B. Jain

Condorcet’s Jury Theorem has been generalized in several ways, because its
assumptions are considered as rather restrictive and partly unrealistic (see e.g. [1]
and references therein). Despite its practical limitations, the theorem has been
used to indicate a theoretical justification of ensemble classifiers [25,26,31]. In
contrast to ensemble classifiers, such a theoretical underpinning is unknown for
consensus clustering.

This article extends Condorcet’s Jury Theorem to the mean partition app-
roach in consensus clustering [5,7,10,11,15,27,32,34,35]. We consider the special
case that the partition space is endowed with a metric induced by the Euclidean
norm. Then the proposed theorem draws on the following assumptions: (1) there
is a unique but unknown ground-truth partition X,; and (2) sample partitions
are drawn i.i.d. from a sufficiently small ball containing X..

The rest of this paper is structured as follows: Sect. 2 introduces background
material, Sect. 3 introduces Fréchet functions on partition spaces, Sect. 4 presents
Condorcet’s Jury Theorem for consensus clustering, Sect. 4.4 proves the proposed
theorem, and Sect. 5 concludes.

2 Background and Related Work

2.1 The Mean Partition Approach

The goal is to group a set Z = {z1,..., 2z, } of m data points into £ clusters. The
mean partition approach first clusters the same data set Z several times using
different settings and strategies of the same or different cluster algorithms. The
resulting clusterings form a sample S,, = (X7, ..., X,,) of n partitions X; € P of
data set Z. The mean partition approach aims at finding a consensus clustering
that minimizes a sum-of-distances criterion from the sample partitions. In Sect. 3,
we specify the underlying partition space and in Sect.3.3 we present a formal
definition of the mean partition approach.

2.2 Context of the Mean Partition Approach

We place the mean partition approach into the broader context of mathematical
statistics. The motivation is that mathematical statistics offers a plethora of
useful results, the consensus clustering literature seems to be unaware of. For
example, the proof of Condorcet’s Jury Theorem rests on results from statistical
analysis of graphs [21]. These results in turn are rooted on Fréchet’s seminal
monograph [12] and its follow-up research.

Since a meaningful addition of partitions is unknown, the mean partition
approach emulates an averaging procedure by minimizing a sum-of-distances
criterion. This idea is not new and has been studied in more general form for
almost seven decades. In 1948, Fréchet first generalized the idea of averaging
in metric spaces, where a well-defined addition is unknown. He showed that
specification of a metric and a probability distribution is sufficient to define a
mean element as measure of central tendency. The mean of a sample of elements
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is any element that minimizes the sum of squared distances from all sample
elements. Similarly, the expectation of a probability distribution minimizes an
integral of the sum of squared distances from all elements of the entire space.

Since Fréchet’s seminal work, mathematical statistics studied asymptotic and
other properties of the mean element in abstract metric spaces. Examples include
statistical analysis of shapes [2,8,17,24], complex objects [28,38], tree-structured
data [9,38], and graphs [13,21].

The partition spaces defined in Sect. 3.2 can be regarded as a special case of
graph spaces [18,19]. Consequently, the geometric as well as statistical properties
of graph spaces carry over to partition spaces. The proof of the proposed theorem
rests on the orbit space framework [18,19], on the mean partition theorem in
graph spaces, and on asymptotic properties of the sample mean of graphs [21]
that have been adopted to partition spaces [20,23].

3 Fréchet Functions on Partition Spaces

This section first introduces partition spaces endowed with a metric induced
by the Euclidean norm. Then we formalize the mean partition approach using
Fréchet functions. We assume that Z = {z1,...,2,,} is a set of m data points
to be clustered and C = {c1,...,c¢} is a set of £ cluster labels.

3.1 Partitions and Their Representations

Partitions usually occur in two forms, in a labeled and in an unlabeled form,
where labeled partitions can be regarded as representations of unlabeled parti-
tions.

We begin with describing labeled partitions. Let 14 € R? denote the vector
of all ones. Consider the set

X = {X e 0, 1™ . xT1, = 1m},

of matrices with elements from the unit interval and whose columns sum to one.
A matrix X € X represents a labeled (soft) partition of Z. The elements xy;
of X = (xy;) describe the degree of membership of data point z; to the cluster
with label c;. The columns x.; of X summarize the membership values of the
data points z; across all £ clusters. The rows x. of X represent the clusters cy.

Next, we describe unlabeled partitions. Observe that the rows of a labeled
partition X describe a cluster structure. Permuting the rows of X results in a
labeled partition X' with the same cluster structure but with a possibly dif-
ferent labeling of the clusters. In cluster analysis, the particular labeling of the
clusters is usually meaningless. What matters is the abstract cluster structure
represented by a labeled partition. Since there is no natural labeling of the clus-
ters, we define the corresponding unlabeled partition as the equivalence class of
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all labeled partitions that can be obtained from one another by relabeling the
clusters. Formally, an unlabeled partition is a set of the form

X={PX : Pell'},

where IT¢ is the set of all (£ x £)-permutation matrices.

In the following, we briefly call X a partition instead of unlabeled partition.
In addition, any labeled partition X’ € X is called a representation of partition
X. By P we denote the set of all (unlabeled) partitions with £ clusters over m
data points. Since some clusters may be empty, the set P also contains partitions
with less than £ clusters. Thus, we consider £ < m as the maximum number of
clusters we encounter.

A hard partition X € P is a partition whose matrix representations take
only binary membership values from {0,1}. By P* we denote the subset of all
hard partitions. Note that the columns of representations of hard partitions are
standard basis vectors from R

Though we are only interested in unlabeled partitions, we need labeled parti-
tions for two reasons: (i) computers can not easily and efficiently cope with unla-
beled partitions and (ii) using labeled partitions considerably simplifies deriva-
tion of theoretical results.

3.2 Intrinsic Metric

We endow the set P of partitions with an intrinsic metric § induced by the
Euclidean norm such that (P, ) becomes a geodesic space. The Euclidean norm
for matrices X € X is defined by

1/2

L m
X0 = D> lwwsl”

k=1j=1

The norm || X is also known as the Frobenius or Schur norm. We call || X||
Euclidean norm in order to emphasize the geometric properties of the partition
space. The Euclidean norm induces the distance function

S(X,Y)=min{|X - Y|: XeX,YeY]}

for all partitions X,Y € P. Then the pair (P, ) is a geodesic metric space [20],
Theorem 2.1. Suppose that X and Y are two partitions. Then

6(X,Y) < | X - Y] (1)

for all representations X € X and Y € Y. For some pairs of representations
X' € X and Y’ € Y equality holds in Eq. (1). In this case, we say that repre-
sentations X’ and Y are in optimal position. Note that pairs of representations
in optimal position are not uniquely determined.
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3.3 Fréchet Functions

We first formalize the mean partition approach using Fréchet functions. Then we
present the Mean Partition Theorem, which is of pivotal importance for gaining
deeper insight into the theory of the mean partition approach [23]. Here, we
apply the Mean Partition Theorem to define the concept of majority vote. In
addition, the proof of the proposed theorem resorts to the properties stated in
the Mean Partition Theorem.

Let (P,d) be a partition space endowed with the metric § induced by the
Euclidean norm. We assume that @ is a probability distribution on P with
support Sg.! Suppose that S, = (X1, Xa,...,X,,) is a sample of n partitions
X; drawn i.i.d. from the probability distribution . Then the Fréchet function
of §,, is of the form

1 « 2
F, : R, Z 72 6X;, 7).

i=1
A mean partition of sample S,, is any partition M € P satisfying

Fo(M) = min F, (X).
Note that a mean partition needs not to be a member of the support. In addition,
a mean partition exists but is not unique, in general [20].
The Mean Partition Theorem proved in [23] states that any representation
M of a local minimum M of Fj, is the standard mean of sample representations
in optimal position with M.

Theorem 1. Let S, = (X1,...,X,) € P™ be a sample of n partitions. Suppose
that M € P is a local minimum of the Fréchet function F,(Z) of S,,. Then every
representation M of M is of the form

1 n
M:EZXh
=1
where the X; € X; are in optimal position with M.

Condorcet’s original theorem is an asymptotical statement about the major-
ity vote. To adopt this statement, we introduce the notion of expected partition.
An expected partition of probability distribution @ is any partition Mg € P
that minimizes the expected Fréchet function

P@PHR,ZH/MX@WME.
P

As for the sample Fréchet function F,,, the minimum of the expected Fréchet
function Fg exists but is not unique, in general [20].

! The support of @ is the smallest closed subset Sg C P such that Q(Sg) = 1.
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4 Condorcet’s Jury Theorem

This section extends Condorcet’s Jury Theorem to the partition space defined
in Sect. 3.2.

4.1 The General Setting

Theorem 2 extends Condorcet’s Jury Theorem for hard partitions. Generaliza-
tion to arbitrary partitions is out of scope and left for future research.

The general setting of Theorem 2 is as follows: Let S, = (X1,...,X,,) be a
sample of n hard partitions X; € P drawn i.i.d. from a probability distribution
Q. Each of the sample partitions X; has a vote on a given data point z € Z with
probability p;(z) of being correct. The goal is to reach a final decision on data
point z by majority vote. Theorem 2 makes an asymptotic statement about the
correctness of the majority vote given the probabilities p; .

To formulate Theorem 2, we need to define the concepts of vote and major-
ity vote. The majority vote is based on the mean partition of a sample and is
not necessarily a hard partition. Since the mean partition itself votes, we intro-
duce votes for arbitrary (soft and hard) partitions and later restrict ourselves to
samples of hard partitions when defining the majority vote.

Assumption. In the following, we assume existence of an unknown but unique
hard ground-truth partition X, € P+. By X, we denote an arbitrarily selected
but fixed representation of X,.

It is important to note that the unique ground-truth partition is unknown
to ensure an unsupervised setting.

4.2 Votes

We model the vote of a partition X € P on a given data point z € Z. The vote
of X on z has two possible outcomes: The vote is correct if X agrees on z with
the ground-truth X,, and the vote is wrong otherwise. To model the vote of a
partition, we need to specify what we mean by agreeing on a data-point with the
ground-truth.

An agreement function of representation X of X is a function of the form

]fX 12— [0, 1], 25 = <111;j,111?<j>

where z.; and x7; are the j-th columns of the representations X and X, respec-
tively. A column of a matrix represents the membership values of the correspond-
ing data point across all clusters. Then the value kx (z;) measures how strongly
representation X agrees with the ground-truth X, on data point z;. If X is a
hard partition, then kx (z) = 1 if z occurs in the same cluster of X and X ., and
kx(z) = 0 otherwise.

The vote of representation X of partition X on data point z is defined by

Vx(z) =1{kx(z) > 0.5},
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where I{b} is the indicator function that gives 1 if the boolean expression b is
true, and 0 otherwise. Observe that kx = Vx for hard partitions X € PT.

Based on the vote of a representation we can define the vote of a partition.
The vote of partition is a Bernoulli distributed random variable. We randomly
select a representation X of partition X in optimal position with X .. Then the
vote Vx(z) of X on data point z is Vx(z). By

px(2) =P (Vx(z) =1).

we denote the probability of a correct vote of partition X on data point z. Note
that the probability px (z) is independent of the particular choice of representa-
tion X, of the ground-truth partition X,.

4.3 Majority Vote

We assume that S, = (X1,...,X,,) is a sample of n hard partitions X; € P+
drawn i.i.d. from a cluster ensemble. We define a majority vote V,,(z) of sample
S, on z as follows: First randomly select a mean partition M of S,,. Then set
the majority vote V;,(z) on z to the vote Vis(z) of the chosen M.?

It remains to show that the vote Vjs(z) of any mean partition M of S, is
indeed a majority vote. To see this, we invoke the Mean Partition Theorem. Any
representation M of mean partition M is of the form

1 n
=-Y"Xx,

where X ; € X, are representations in optimal position with M. For a given data
point z; € Z, the mean membership values are given by

1 .
my = @,

where :c(;) denotes the j-th column of representation X ;. Since the columns of

(J) are standard basis vectors, the elements my; of the j-th column m.; contain
the relative frequencies with which data point z; occurs in cluster ci. Then the
vote Vr(z;) is correct if and only if the agreement function of M satisfies

ka(zj) = (myj, x5) > 0.5.

This in turn implies that there is a majority my; > 0.5 for some cluster c,
because X, is a hard partition by assumption.

2 Recall that a mean partition is not unique in general.
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4.4 Condorcet’s Jury Theorem

Roughly, Condorcet’s Jury Theorem states that the majority vote tends to be
correct when the individual voters are independent and competent. In consensus
clustering, the majority vote is based on mean partitions. Individual sample
partitions X; are competent on data point z € Z if the probability of a correct
vote on z is given by p;(z) > 0.5. In the spirit of Condorcet’s Jury Theorem, we
want to show that the probability P(h,,(z) = 1) of the majority vote h, (z) tends
to one with increasing sample size n.

In general, mean partitions are neither unique nor converge to a unique
expected partition. This in turn may result in a non-convergent sequence
(hn(2))nen of majority votes for a given data points z. In this case, it is not
possible to establish convergence in probability to the ground-truth. To cope
with this problem, we demand that the sample partitions are all contained in a
sufficiently small ball, called asymmetry ball. The asymmetry ball Az of parti-
tion Z € P is the subset of the form

Az ={X €eP :§X,Z) < az/i},
where ay is the degree of asymmetry of Z defined by
az =min{||Z - PZ|| : Z€ Zand P € II\{I}}.

A partition Z is asymmetric if az > 0. If az = 0 the partition Z is called
symmetric. Any partition whose representations have mutually distinct rows is
an asymmetric partition. Conversely, a partition is symmetric if it has a repre-
sentation with at least two identical rows. We refer to [22] for more details on
asymmetric partitions.

By A% we denote the largest open subset of Az. If Z is symmetric, then

% = () be definition. Thus, a non-empty set A% entails that Z is symmetric.

A probability distribution Q) is homogeneous if there is a partition Z such
that the support Sg of probability distribution () is contained in the asymmetry
ball A%. A sample S, is said to be homogeneous if the sample partitions of S,
are drawn from a homogeneous distribution Q.

Now we are in the position to present Condorcet’s Jury Theorem for the mean
partition approach under the assumption that there is an unknown ground-truth
partition. For a proof we refer to the appendix.

Theorem 2 (Condorcet’s Jury Theorem). Let ) be a probability measure
on PT with support Sg. Suppose the following assumptions hold:

1. There is a partition Z € P such that X, € A5 and Sg C A5.
2. Hard partitions X1,...,X, € PT are drawn i.i.d. according to Q.
3. Let z € Z. Then p, = px(z) is constant for all X € Sg.

Then

1 : p.,>05
lim P(V,(2)=1)=< 0 : p,<0.5 (2)
0.5 : p,=0.5
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forall z € Z. If p, > 0.5 for all z € Z, then we have

lim P(J(MH,X*) - o) ~1, (3)

n—oo

where (M), cy 5 a sequence of mean partitions.

Equation (2) corresponds to Condorcet’s original theorem for majority vote
on a single data point and Eq. (3) shows that the sequence of mean partitions
converges almost surely to the (unknown) ground-truth partition. Observe that
almost sure convergence in Eq. (3) also holds when the probabilities p, differ for
different data points z € Z. From the proof of Condorcet’s Jury Theorem follows
that the ground-truth partition X, is an expected partition almost surely and
therefore takes the form as described in the Expected Partition Theorem [23].

5 Conclusion

This contribution extends Condorcet’s Jury Theorem to partition spaces
endowed with a metric induced by the Euclidean norm under the following addi-
tional assumptions: (i) existence of a unique hard ground-truth partition, and
(ii) all sample partitions and the ground-truth are contained in some asymmetry
ball. This result can be regarded as a first step to theoretically justify consensus
clustering.

A Proof of Theorem 2

To prove Theorem 2, it is helpful to use a suitable representation of partitions.
We suggest to represent partitions as points of some geometric space, called orbit
space [20]. Orbit spaces are well explored, possess a rich geometrical structure
and have a natural connection to Euclidean spaces [3,19,30].

A.1 Partition Spaces

We denote the natural projection that sends matrices to the partitions they
represent by
T X—->P, Xe—rX)=X

The group II = II* of all (¢ x £)-of all (¢ x £)-permutation matrices is a discon-
tinuous group that acts on X by matrix multiplication, that is

IIxX—X, (P,X)— PX.

The orbit of X € X is the set [X] = {PX : P € II'}. The orbit space of par-
titions is the quotient space X'/II = {[X] : X € X} obtained by the action
of the permutation group II on the set X. We write P = X/II to denote
the partition space and X € P to denote an orbit [X] € X/II. The natural
projection m : X — P sends matrices X to the partitions n(X) = [X] they
represent. The partition space P is endowed with the intrinsic metric § defined
by 0(X,Y)=min{||X - Y| : XeX, Y €Y}
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A.2 Dirichlet Fundamental Domains

We use the following notations: By U we denote the closure of a subset U C
X, by 0U the boundary of U, and by U° the open subset U \ OU. The action
of permutation P € II on the subset Y C X is the set defined by PU =
{PX : X €eU}. By II* = IT \ {I} we denote the subset of (¢ x £)-permutation
matrices without identity matrix I.

A subset F of X is a fundamental set for I7 if and only if F contains exactly
one representation X from each orbit [X] € X/II. A fundamental domain of IT
in X is a closed connected set F C X that satisfies

1. X = U PF
Pell
2. PFoNF°o = foral P e IT*

Proposition 1. Let Z be a representation of an asymmetric partition Z € P.
Then
Dz={XeX: || X-2Z|<||X—-PZ| forall Pc II}

s a fundamental domain, called Dirichlet fundamental domain of Z.
Proof. [30], Theorem 6.6.13. O

Lemma 1. Let Dz be a Dirichlet fundamental domain of representation Z of
an asymmetric partition Z € P. Suppose that X and X are two different repre-
sentations of a partition X such that X, X € Dg. Then X, X € 0Dy.

Proof. [19], Prop. 3.13 and [22], Prop. A.2. O

A.3 Multiple Alignments

Let S,, = (X1,...,X,) be asample of n partitions X; € P. A multiple alignment
of 8, is an n-tuple X = (X4,...,X,) consisting of representations X; € X,.
By

:{%:(Xl,,Xn) : X1€X1,...,Xn€Xn}

we denote the set of all multiple alignments of S,. A multiple alignment
X=(X4,...,X,) is said to be in optimal position with representation Z of a
partition Z, if all representations X; of X are in optimal position with Z. The
mean of a multiple alignment X = (X1,..., X,,) is denoted by

My = % Z X,
=1

An optimal multiple alignment is a multiple alignment that minimizes the func-
tion

1 n n
7ZZ|\Xi - X;|*
=1 j=1



Condorcet’s Jury Theorem 165

The problem of finding an optimal multiple alignment is that of finding a mul-
tiple alignment with smallest average pairwise squared distances in X. To show
equivalence between mean partitions and an optimal multiple alignments, we
introduce the sets of minimizers of the respective functions F,, and f,:

M(F,)={M eP : F,(M) < F,(Z) for all Z € P}
M(fp)={X e A, : fu(X) < fu(X) for all X' € A, }

For a given sample S,,, the set M(F},) is the mean partition set and M(f,,) is the
set of all optimal multiple alignments. The next result shows that any solution
of F,, is also a solution of f, and vice versa.

Theorem 3. For any sample S,, € P™, the map
¢ M(fn) = M(Fy), X+ m(Mx)
18 surjective.

Proof. [23], Theorem 4.1. O

A.4 Proof of Theorem 2

Parts 1-8 show the assertion of Eq. (2) and Part 9 shows the assertion of Eq. (3).

1 Without loss of generality, we pick a representation X, of the ground-truth
partition X,. Let Z be a representation of Z in optimal position with X .. By

Az ={X eX :||X - Z|| < az/4}

we denote the asymmetry ball of representation Z. By construction, we have
X, € Az.

2 Since II acts discontinuously on X, there is a bijective isometry
qb:AZ—>Az, X'—>7T(X)

according to [30], Theorem 13.1.1.

3 From [22], Theorem 3.1 follows that the mean partition M of S, is unique.
We show that M € Az. Suppose that X = (X 1,..., X,,) is a multiple alignment
in optimal position with Z. Since ¢ : Az — Az is a bijective isometry, we have

1 n n
RS S TR A w7 2 20K Xy
=1 j=1 i=1j=1
showing that the multiple alignment X is optimal. From Theorem 3 follows that

M=M=~ ZX

z_l
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is a representation of a mean partition M of S,,. Since Az is convex, we find
that M € Az and therefore M € A.

4 From Part 1-3 of this proof follows that the multiple alignment X is in optimal
position with X .. We show that there is no other multiple alignment of S,, with
this property. Observe that Az is contained in the Dirichlet fundamental domain
Dy of representation Z. Let Sz = ¢(Sg) be a representation of the support in
A%. Then by assumption, we have Sz C A5 C Dz showing that Sz lies in
the interior of Dz. From the definition of a fundamental domain together with
Lemma 1 follows that X is the unique optimal alignment in optimal position with
X..

5 With the same argumentation as in the previous part of this proof, we find
that M is the unique representation of M in optimal position with X ,.

6 Let z € Z be a data point. Since X; € X; is the unique representation
in optimal position with X, the vote of X; on data point z is of the form
Vx,(z) = Vx,(z) foralli € {1,...,n}. With the same argument, we have V,,(z) =

7 By a:(i)(z) we denote the column of X; that represents z. By definition, we
have '
p,=P(Vx,(2)=1)=P <<:B(’)(z)7 m*(z)> > 0.5)
for all i € {1,...,n}. Since X; and X, are both hard partitions, we find that
<w(i)(z),w*(z)> = H{w(i)(z) = w*(z)},
where I denotes the indicator function.

8 From the Mean Partition Theorem follows that
m(z) = 1 i z9(z)
=

is the column of M that represents z. Then the agreement of M on z is given
by

kwm(z) = (m(2),27(2))

Thus, the agreement kps(z) counts the fraction of sample partitions X; that
correctly classify z. Let

Pn =P (hn(2) =1) =P (kp(z) > 0.5)
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denote the probability that the majority of the sample partitions X; correctly
classifies z. Since the votes of the sample partitions are assumed to be indepen-
dent, we can compute p,, using the binomial distribution

pnzﬁi(?%ﬂl—pwi,

=7

where 7 = |n/2] + 1 and |a] is the largest integer b with b < a. Then the
assertion of Eq. (2) follows from [16], Theorem 1.

9 We show the assertion of Eq. (3). By assumption, the support Sg is contained
in an open subset of the asymmetry ball Az. From [22], Theorem 3.1 follows
that the expected partition Mg of @ is unique. Then the sequence (M, )nen
converges almost surely to the expected partition Mg according to [20], Theorem
3.1 and Theorem 3.3. From the first eight parts of the proof follows that the limit
partition Mg agrees on any data point z almost surely with the ground-truth
partition X,. This shows the assertion.
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Abstract. Transfer learning supports classification in domains vary-
ing from the learning domain. Prominent applications can be found
in Wifi-localization, sentiment classification or robotics. A recent study
shows that approximation of training trough test environments is lead-
ing to proper performance and out-dates the strategy most transfer
learning approaches pursue. Additionally, sparse transfer learning mod-
els are required to address technical limitations and the demand for
interpretability due to recent privacy regulations. In this work, we pro-
pose a new transfer learning approach which approximates the learning
environment, combine it with the sparse and interpretable probabilistic
classification vector machine and compare our solution with standard
benchmarks in the field.

Keywords: Transfer learning - Basis-Transfer
Single Value Decomposition - Sparse classification
Probabilistic classification vector machine

1 Introduction

Supervised Classification has a vast range of application and is an important task
in machine learning. Learned models can predict target labels of unseen samples.
The fact that the domain of interest and underlying distribution of training and
test samples must not change is a primer condition to obtain proper predictions.
If the domain is changing to a different but related task, one would like to reuse
already labeled data or available learning models [15].

A practical example is sentiment classification of text documents. First, a
classifier is trained on a collection of text documents concerning a certain topic
which, naturally, has a word distribution according to it. For the test scenario
another topic is chosen which leads to divergences in word distribution concern-
ing the training one. Transfer learning aims, inter alia, to solve these divergences
[13].

Another application of interest is Wifi-localization, which aims to detect user
locations based on recent Wifi-profiles. But, collecting Wifi-localization profiles
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is an expensive process and demands on factors, e.g. time and device. To reduce
the re-calibration effort, one wants to adapt previously created profiles (source
domain) for new time periods (target domain) or to adapt localization-models
to other devices, resulting in a knowledge-transfer problem. [13]

Multiple transfer learning methods have been already proposed, following
different strategies and solving various problems [13,15]. The focus of this paper
are sparse transfer models which are not yet covered sufficiently by recent
approaches.

The Probabilistic Classification Vector Machine (PCVM) [1] is a sparse prob-
abilistic kernel classifier, pruning unused basis functions during training. The
PCVM is a very successful classification algorithm [1,14] with competitive perfor-
mance to Support Vector Machine (SVM) [2], but is additionally natural sparse
and creates interpretable models as needed in many applied domains of transfer
learning. The original PCVM is not well suited for transfer learning, because
there is no adaption process if test domain distribution is different to train
domain distribution.

To tackle this issue, we will propose a new transfer learning method called
Basis-Transfer (BT) and extend the probabilistic classification vector machine
with it. The proposed solution is tested against other commonly used transfer
learning approaches.

An overview of recent work is provided in Sect. 2. Subsequently, we introduce
the used algorithmic concepts in Sects. 3, 4 and 5, followed by an experimental
part in Sect. 6, addressing the classification performance and the sparsity of the
model. A summary and open issues are provided in the conclusion at the end of
the paper.

2 Related Work

Transfer learning is the task of reusing information or trained models in one
domain to help to learn a target predictive function in a different domain of
interest [13]. For recent surveys and definition see [13,15].

To solve the knowledge transfer issue, a variety of strategies have been pro-
posed. For example instance-transfer, symmetric-feature transfer, asymmetric-
feature transfer, relational-knowledge transfer and parameter transfer.[15]

Summarizing, above strategies may distinguish roughly between following
approaches. Let Z = {z;,...,zx} be training data, sampled from p(Z) in the
training domain Z and X = {x1,...,xy} a test dataset sampled from p(X) in
the test domain X'. With p(Z) as marginal probability distribution over all labels.
First, aligning divergences in marginal distributions p(Z) ~ p(X) or, secondly,
doing so and simultaneously solve differences in conditional distributions, i.e.
p(Y|Z) ~ p(Y|X). With p(Y|Z) as conditional probability distribution, mean-
ing: ‘Probability for label y, given data sample x’. Here we briefly discuss these
techniques and referring to proposed scenarios.

The instance transfer method tries to align the marginal distribution by re-
weighting some source data. This re-weighted data is then directly used with
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target data for training. It seems that these type of algorithm works best when
the conditional probability is the same in source and the target domain and only
aligns marginal distribution divergences [15]. An example is given in [4].

Approaches implementing the symmetric feature transfer are trying to find
a common latent subspace for source and target domain with the goal to reduce
marginal distribution differences, such that the underlying structure of the data
is preserved in the subspace. An example of a symmetric feature space transfer
method is the Transfer Component Analysis (TCA) [12,15].

The asymmetric feature transfer learning approach tries to transform the
source domain data in the target (subspace) domain. This should be done in
a way that the transformed source data will match the target distribution. In
comparison to the symmetric feature transfer approaches, there will be no shared
subspace, but only the target space [15]. An example is given by the Joint Dis-
tribution Adaptation (JDA) [8] algorithm, which solves divergences in marginal
distributions similar to TCA, but aligning conditional distributions with pseudo-
labeling techniques. Pseudo-labeling is performed by assigning labels to unla-
beled target data by a baseline classifier, e.g. SVM, resulting in a target condi-
tional distribution, followed by matching it to the source conditional distribution
of the ground truth source label [8].

The relational-knowledge transfer aims to find some relationship between
source and target data commonly in original space [15]. Transfer Kernel Learning
[9] is a recent approach, which approximates a kernel of training data K(Z)
with kernel of test data K(X) via the Nystrém kernel approximation. It only
considers discrepancies in marginal distributions and further claims it is sufficient
to approximate a training kernel, i.e. K(Z) ~ K(X), for effective knowledge
transfer [9].

All the considered methods have approximately a complexity of O(N?) where
N is the largest number of samples concerning test or training [4,8,9,12]. Accord-
ing to the definition of transfer learning [13], these algorithms are doing trans-
ductive transfer learning, because some test data must be available at training
time. The mentioned solutions do not take the label information into account in
solving the transfer learning problem, e.g. to find new feature representations.
These solutions can not be directly used as predictors, but rather are wrappers
for classification algorithms. The baseline classifier is most often the Support
Vector Machine (SVM).

3 Probabilistic Classification Vector Learning

According to [1], the SVM has some drawbacks, mainly a rather dense deci-
sion function (also in case of so called sparse SVM techniques) and a lack of
a mathematically sound probabilistic formulation. The Probabilistic Classifica-
tion Vector Machine [1] addressed this issues providing a competitive sparse and
probabilistic classification function [1].
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It uses a probabilistic kernel regression model:

N
(xiw,b) =¥ (Z widi(x) + b) =¥ (3()Tw +b) M

With a link function ¥(-), with w; being the weights of the basis functions ¢;(x)
and b as bias term. In PCVM the basis functions ¢; are defined explicitly as
part of the model design. In (1) the standard kernel trick can be applied. The
implementation of PCVM [1] use the probit link function, i.e.:

W(x) = [ N(t|0,1)dt (2)

where ¥(x) is the cumulative distribution of the normal distribution A(0,1).
The PCVM [1] uses the Ezpectation-Mazimization algorithm for learning the
model. The underlying optimization framework within EM, prunes unused basis
functions and, therefore, is a sparse probabilistic learning machine. In PCVM
we will use the standard RBF-kernel with a Gaussian width 0. In [14] a PCVM
with linear costs was suggested, which makes use of the Nystrom approximation
and could be used herein as well to improve the run-time/memory complexity.
Further details can be found in [1,14].

4 Basis Transfer

The recent transfer kernel learning approach [9] from Sect. 2 assumes that there
is no need for explicit adjustments of distributions.

A fundamental design choice of the PCVM is that data should distributed as
zero-mean Gaussian, which is a common choice, but often requires normalization
of data, e.g. with z-score. This results in centered and normalized data, i.e.
roughly N(0,1), and we suggest there is no further need to adjust marginal
distributions.

As offered by [9], it is sufficient to approximate some kernel that K(Z) ~
K (X) for a good transfer approximation. We expand this statement and claim
that, naturally, it is sufficient for transfer learning to approximate a training
matrix Z with the use of test samples X, i.e. Z,, ~ X.

In the following we propose our Basis-Transfer approach: Let Z =
{z1,...,zn} be training data, sampled from p(Z) in the training domain Z
and

X = {x1,...,xp} a test dataset sampled from p(X) in the test domain X.
The quality of matrix approximation is measurable with the Frobenius norm:

Epr = |Z - X|Fr (3)

The proposed solution involves Single- Value-Decomposition (SVD), which is
defined as:
X =UAV (4)
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Where U are left-singular vectors, A are singular values or square root eigen-
values and V are right-singular vectors. Using SVD we can rewrite our data
matrices:

Z = UzAVZ and X = UXI"VX (5)

One can interpret the singular-vector matrices as rotation and singular values
as scaling of basis vectors based on underlying data which creates basis vectors.

This assumption is used to approximate training data with test data by using
basis information sampled from test domain for row and column span:

Z,=UxyAVy (6)

Where Uy and V y are the target singular vectors, expanding singular values A
from source domain and Z,, is an approximated transfer matrix, which can be
used for learning a classifier-model, e.g. PCVM.

But consider the number of samples from both domains N and M with
N # M. This will cause Eq. (6) to be invalid by definition. Therefore, we model
the minor number of examples as topic space with respect to domain and reduce
the major topic space to minor resulting in N = M.

For now we limit our approach to a Term-Frequency Inverse-Document-
Frequency (TFIDF) vector space based on text documents or similar. Therefore,
reduction of original to topic space is easy to implement via Latent Semantic
Analysis (LSA)[7], resulting in a reduced matrix Z,. This validates Eq. (6) and
an approximation can be performed.

In Fig. 1, the process of approximation is shown. The figure shows a synthetic
dataset, but for the sake of argument suppose the figure shows web pages and
domain one are university pages and domain two are news pages. Domain one is
labelled as red and magenta and domain two is represented by green and blue.
The labels are given by shape x / * identifying positive or negative class. After
our Basis-Transfer approach, the domains are aligned (e.g. Class * - red/green)
and a classifier can be trained on university pages and is able to predict the class
of a news page.

The error formulation in Eq. (3) can be rewritten, because the construction of
new training data in Eq. (6) relies only on singular values from original training
data and singular vectors are taken from test set. Therefore, we can reduce the
error to the Frobenius Norm between training and test singular values:

Epr = |Z, — X||r = [[UxAVx —UxI'Vy||r = [[A-T|F (7)

Which is the final approximation error. The computational complexity of this
is caused by two SVD’s and a eigendecomposition if N # M. This results in
a overall complexity of O(3N?) = O(N?) where N is the largest number of
samples with respect to training and test set. Using a SVD with linear time
[5], the complexity is further reduced to O(m?), where m are randomly selected
landmarks with m < N. This works best when m = rank(X).
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(c) Data after Basis-Transfer

Fig. 1. Process of Basis-Transfer with samples from two domains. Class information
is given by shape (x,*) and domain are indicated by colors (domain one - red/green,
domain two - magenta/blue). First (a), the unnormalized data with a knowledge gap.
Second (b), a normalized feature space. Third (c), Basis-Transfer approximation is
applied, correcting the samples and training data is usable for learning a classification
model for test domain. (Color figure online)
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5 Probabilistic Classification Vector Machine
with Transfer Learning

As discussed in Sect.3 the PCVM can solve some drawbacks of the SVM, but
is despite the advantages rarely used as baseline algorithm [13,15]. A variety of
transfer learning approaches are combined with SVM providing various experi-
mental results (see Sect. 2), however creating non-probabilistic and dense models.
To provide a different view on unsupervised transductive transfer learning and
being able to provide sparse and probabilistic models, the PCVM is used rather
than the SVM. The proposed transfer learning classifier is called Sparse Transfer
Vector Machine (STVM).

It combines the proposed transfer learning concept from Sect.4 and the
PCVM formulation [1] or the respective Nystrom approximated version [14].

The pseudo code of the algorithm is shown in Algorithm 1. Note that for the
sake of clarity the decision which domain data must be reduced is omitted and
the training matrix is taken instead. This has to be considered when implemented
in practice’. An advantage of BT is that it has no parameters and, therefore,
needs no parameter tuning. The PCVM has the width of the Kernel as tune-
able parameter. In the following sections we will validate our approach through
a extensive study.

Algorithm 1. Sparse Transfer Vector Machine

Require: K = [Z;X] as N sized training and M sized test set; Y as N sized training
label vector; ker; 6 as kernel parameter.
Ensure: Weight Vector w; bias b;

1: Z, = LSA(Z) > According to [7]
2 A, = SVD(Z,);

3: [Ux,Va] = SVD(X)

4: Z, = UxA.Vy > According to eq. 6
5: [w,b] = pcvm_training(Z,,Y ker,0); > According to [1]

6 Experiments

We follow the experimental design which is typical for transfer learning algo-
rithms [4,6,8,9,13]. A crucial characteristic of the datasets for transfer learning
is that domains for training and testing are different but related. This relation
exists because train and test classes have the same top category or source. The
classes itself are subcategories or subsets.

! Matlab code of STVM and datasets can be obtained from https://github.com/
ChristophRaab/STVM.git.
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6.1 Benchmark Datasets

The study consists of twelve benchmark datasets, already preprocessed and taken
from [9,10].

Half of them are from Reuters-215782 and are a collection of Reuters news-
wire articles assembled in 1987. The text is converted to lower case, words are
stemmed and stop-words are removed. With the Document Frequency (DF)-
Threshold of 3, the numbers of features are cut down. Finally, TFIDF is applied
for feature generation [3]. The three top categories organization (orgs), places
and people are used in our experiment.

To create a transfer problem, a classifier is not tested with the same categories
as it is trained on, i.e. it is trained on some subcategories of organization and
people and tested on others. Therefore, six datasets are used: orgs vs. places,
orgs vs. people, people vs. places, places vs. orgs, people vs. places and places
vs. people. They are two-class problems with the top categories as positive and
negative class and with subcategories as training and testing examples.

The remaining half are from the 20-Newsgroup® dataset. The original collec-

tion has approximately 20000 text documents from 20 newsgroups and is nearly
equally distributed in 20 subcategories. The top four categories are comp, rec,
talk and sci and containing four subcategories each. We follow a data sampling
scheme introduced by [9] and generate 216 cross domain datasets based on sub-
categories:
Let C be a top category and {C1,02,C3,C4} € C are subcategories and K
with {K1, K2, K3, K4} € K. Select two subcategories each, e.g. C1, C2, K1,
and K2, train a classifier, select another four and test the model on it. The top
categories are respective classes. Following this, 36 samplings per top category-
combinations are possible, which are in total 216 dataset samplings. This is
summarized as mean over all test runs as comp vs rec, comp vs talk, comp vs sci,
rec vs sct, rec vs talk and sci vs talk.

This version of 20-Newsgroup has 25804 TF-IDF features within 15033 doc-
uments [9]. The choice of subcategories is the same as in [10]. To reproduce the
results below, one should use the linked versions of the datasets.

A summary of all datasets is shown in Table 1.

6.2 Details of Implementation

All algorithms rely on the RBF-kernel. TCA, JDA and TKL are using the SVM
as baseline approach, using the LibSVM implementation and C' = 10. TKL has
the eigenvalue dumping factor £, which is set to 2 for both categories. C' and &
are not optimized via grid search and taken from [9].

2 http://www.daviddlewis.com /resources/testcollections/reuters21578.
3 http://qwone.com/~jason/20Newsgroups/.
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Table 1. Overview of the key figures of 20Newsgroup and Reuters. Choice of subcat-
egories by [9].

Name | #Samples | #Features | #Labels

Comp | 4857 25804 2
Rec 3968
Sci 3946
Talk | 3250
Orgs | 1237 4771 2

People | 1208
Places | 1016

The remaining parameters are optimized on the training data sets wit respect
to best performance on it: JDA has two model parameters. First the number
of subspace bases k, which is set to 100 and found via grid-search from k =
{1,2,5,10,20,...,100,200}. The regularization parameter A is set to 1 for both
categories, determined by a grid search A = {0.1,0.2,1,2,5,...,10}.

The TCA has also one parameter which gives the subspace dimensions and
is determined from p = {1, 2,5, 10, 20, ...,100,200} and finally set to . = 50 for
both. The width of the Gaussian kernel is set to one.

6.3 Comparison of Performance

Experimental results are shown in Table 2 as mean errors from a 5 times 2-fold
cross-validation schema over six Reuters datasets and the cross-domain sampling
for newsgroup which are in total 276 test runs. The standard deviation is shown
in brackets. The results are shown for 20Newsgroup and Reuters individually.
The proposed STVM classifiers is shown in the third column. The performance
of the best classifier is indicated in bold. In Fig. 2, a graph of mean performance
and the standard deviation is plotted.

In general, the STVM has a better performance in terms of error than the
remaining transfer learning approaches. Comparing STVM to PCVM, the drop
in error or improve of performance is significant. The standard deviation of the
SVTM is relatively high, especially at 20Newsgroup dataset. This should be an
issue in future work. The performance of PCVM compared to SVM is worse.
But, combined with our Basis-Transfer, the PCVM is a sound classifier when it
comes to text based knowledge-transfer problems.

The results from Table2 validate the approach of domain approximation
discussed in above sections.

6.4 Comparison of Model Complexity

We measured the model complexity by means of the number of model vec-
tors, e.g. support vectors. The result of model complexity from our experiment
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Table 2. Cross-validation comparison of the tested algorithms on twelve domain adap-
tation datasets by the error and RMSE metrics. Six summarized 20Newsgroup sets with
two classes and six text sets with two classes. Each dataset has two domains. It demon-
strates mean of 36 cross domain sampling runs per contrast of 20Newsgroup and ten
runs of cross-validation per dataset of Reuters with the standard deviation in brackets.
The winner is marked with a bold performance value.

Error 20Newsgroup |SVM PCVM STVM TCA JDA TKL
2 Domains - 2 Classes (Our Work)
Comp vs Rec 11.40 (8.16)|17.92 (9.8300) [1.02 (0.38) |7.74 (7.65) [8.69 (4.84) |4.750 (1.54)
Comp vs Sci 26.31 (4.67)]29.13 (8.4600) |6.58 (15.06) |30.28 (9.59) |33.01 (10.89)(12.63 (4.66)
Comp vs Talk 6.11 (1.38) |6.15 (0.9700) |9.54(13.90) |3.33 (0.83) |5.41 (2.14) [3.370 (0.79)
Rec vs Sci 30.45 (9.47)|36.60 (10.1400)|0.83 (0.27) (22.47 (8.31) |25.86 (8.54) |13.15 (9.58)
Rec vs Talk 18.16 (5.39)(27.79 (11.2000)|4.56 (3.05) |11.28 (5.87) |15.83 (4.69) |11.41 (7.10)
Sci vs Talk 21.88 (2.58)(31.09 (12.0200)9.11 (14.08) |20.01 (2.44) |26.69 (4.77) [14.85 (2.38)
RMSE 19.89 (9.12)(33.11(11.38)  [9.25 (7.63) |17.03 (10.14)|20.14 (11.24)/11.01 (5.39)
Error Reuters SVM PCVM STVM TCA JDA TKL
2 Domains - 2
Classes
Orgs vs People 23.01 (1.58)|26.77 (3.18)  |4.14 (0.51) |22.78 (3.14) [24.88 (2.61) |19.29 (1.73)
People vs Orgs 21.07 (1.72)|27.77 (2.19)  |4.01 (0.64) |19.68 (2.00) [23.23 (1.93) [12.76 (1.16)
Orgs vs Places 30.62 (2.22)[33.42 (6.10) 8.74 (0.71) |28.38 (3.00) |28.30 (1.51) |22.84 (1.62)
Places vs Orgs 35.45 (2.24)35.49 (8.19)  |7.87 (0.78) [32.42 (3.91) [35.37 (4.39) [18.33 (3.75)
Places vs People 39.68 (2.35)/41.01 (6.98)  |7.76 (1.21) |40.58 (4.11) |42.41 (2.59) |29.55 (1.46)
People vs Places 41.08 (1.98)40.69 (5.52)  |11.47 (2.86) |41.39 (3.26) |43.51 (2.23) [33.42 (3.28)
RMSE 32.74 (2.03)[34.65 (4.44)  |7.837 (3.47) |31.94 (3.31) |33.92 (2.70) |23.74 (2.38)
50 T T T T T T
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Fig. 2. Plot of mean error with standard deviation of the cross-validation/domain test.
The left shows the result on Reuters and the right shows the result on 20Newsgroup.
A graph shows the error and a vertical bar shows the standard deviation. The number
(No.) of datasets are the order of datasets in Table 2. Best viewed in color.
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is shown in Table3. We see that the transfer learning models of the STVM
are provide relatively sparse models, while having a very sound performance as
shown in Table 2. The difference in the number of model vectors to other transfer
learning approaches is significant. The only classifier partly providing less model
complexity is PCVM. In Fig. 3, the difference in model complexity is exemplary
shown. It demonstrates a sample result of classification of STVM and TKL-SVM
on the text dataset orgs vs people with the settings from above. The error value
of the first is 4% with 47 model vectors and for SVM 22% with 334 support
vectors.

Table 3. Mean of model vectors of a classifier for Reuters and 20Newsgroup datasets.
The average number of examples in the datasets are shown on the right side of the
name.

N. SV. SVM |PCVM |STVM | TCA |JDA |TKL
Reuters(1154) 482.35146.93 | 50.4 182.70 | 220.28 | 190.73
20Newsgroup(940) | 915.03 | 74.23 | 66.02 | 215.97 | 202.93 | 786.80
STVM, Number Vectors 47, Error 3.8079 TKL-SVM, Number Vectors 334, Error 22.0199
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Kullback-Leibler divergence original vs reduced space 0.23973

Kullback-Leibler divergence original vs reduced space 0.23973

(b)

Fig. 3. Sample run on Orgs vs People (Text dataset). Red colors for the class orgs and
blue for the class people. This plot includes training and testing data. Model complexity
of STVM on the left and TKL-SVM on the right. The STVM uses 47 vectors and
achieves an error of 4%. The SVM need 334 vectors and has an error of 22%. The black
circled points are used model vectors. Reduced with t-SNE [11]. Best viewed in color.

This clearly demonstrates the strength of the STVM in comparison with
SVM based transfer learning solutions. STVM achieves sustain performance by
a small mode complexity and provides at least a way to interpret the model.
Note that the algorithms are trained in the original feature space and the data
and reference/support points of the models are plotted in a reduced space, using
the t-distributed stochastic neighbor embedding algorithm [11].
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7 Conclusions

We proposed a new transfer learning approach and integrated it successfully
into the PCVM, resulting in the Sparse Transfer Vector Machine. It is based
on our unsupervised Basis-Transfer approach acting as wrapper to support the
PCVM as supervised classification algorithm. The experiments made it clear
that approximation of a domain environment is a reliable strategy for trans-
fer problems to achieve very proper classification performance. We showed that
the PCVM is able to act as underlying baseline approach for transfer learn-
ing situations and still maintain a sparse model competitive to other baseline
approaches. Further, the STVM can provide reliable probabilistic outputs, where
other transfer learning approach are lacking in. Combining these, the prediction
quality of the STVM is charming. The solutions pursues a transductive trans-
fer approach by needing some unlabeled target data at training time. Further
work should aim to extend Basis-Transfer to other areas of interest, e.g. image
classification, multi-class problems and reducing of standard deviation. Besides,
applying STVM to practical applications would be of interest.
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The idea to let machines learn like children, in contrast to manually program-
ming all their functionalities, at least goes back to Turing 1946 [1]. Although
a comprehensive picture of human learning is still missing, a lot of research
has been done. A seminal work is the theory of cognitive development by Jean
Piaget [2]. It describes stages and mechanisms that underly the development
of children. Two basic concepts are assimilation and accommodation. The first
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Abstract. The Schema Mechanism is a general learning and concept
building framework initially created in the 1980s by Gary Drescher. It
was inspired by the constructivist theory of early human cognitive devel-
opment by Jean Piaget and shares interesting properties with human
learning. Recently, Schema Networks were proposed. They combine ideas
of the original Schema mechanism, Relational MDPs and planning based
on Factor Graph optimization. Schema Networks demonstrated interest-
ing properties for transfer learning, i.e. the ability of zero-shot transfer.
However, there are several limitations of this approach. For example,
although the Schema Network, in principle, works on an object-level, the
original learning and inference algorithms use individual pixels as objects.
Also, all types of entities have to share the same set of attributes and
the neighborhood for each learned Schema has to be of the same size. In
this paper, we discuss these and other limitations of Schema Networks
and propose a novel representation based on hypervectors to address
some of the limitations. Hypervectors are very high dimensional vectors
(e.g. 2,048 dimensional) with useful statistical properties, including high
representational capacity and robustness to noise. We present a system
based on a Vector Symbolic Architecture (VSA) that uses hypervectors
and carefully designed operators to create representations of arbitrary
objects with varying number and type of attributes. These representa-
tions can be used to encode Schemas on this set of objects in arbitrary
neighborhoods. The paper includes first results demonstrating the rep-
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describes the process of fitting new information in existing schemas and the lat-
ter to adapt existing schemas or create new schemas based on novel experiences.
Schemas can be though of as set of rules, mechanisms, or principles, that explain
the behaviors of the world. In the 1980s, Gary Drescher developed the Schema
Mechanism [3], a “general learning and concept-building mechanism intended to
simulate aspects of Piagetian cognitive development during infancy” [3, p. 2].
The Schema Mechanism is a set of computational algorithms to learn schemas
of the form <context, action, result> from observations.

Recently, Schema Networks were proposed [4]. They combine inspiration of
the Schema Mechanism with concepts of Relational Markov Decision Processes
and planning based on Factor Graph optimization. Schema Networks demon-
strated promising results on transfer learning. In particular, to learn a set of
schemas that resemble the underlying “physic” of a computer game and enable
zero-shot transfer to modified versions of this game. Kansky et al. [4] demon-
strated these capabilities on variations of the Arcade game Breakout. Previ-
ously, Mnih et al. [5] used end-to-end deep reinforcement learning to solve this
and other Arcade games. In contrast to this subsymbolic end-to-end approach,
Schema Networks operate on objects. However, the algorithms provided in the
Schema Network paper require all objects to share the same set of attributes and
all schemas to share neighborhoods of the same size. This restricts the applica-
tion to domains with similar properties of all entities and regular neighborhoods.
Thus, the experiments in [4] use again pixels as objects instead of more complex
entities (like “brick” and “paddle” in the Breakout game).

In this paper, we present ongoing work on using hypervector representations
and Vector Symbolic Architectures to relax the above conditions on the objects.
In particular, we describe how objects can be represented as superposition of
their attributes based on hypervector representations and how this can be used
in a VSA to implement schemas. Similar approaches have previously been suc-
cessfully applied to fast approximate inference [6] and mobile robot imitation
learning [7]. We start with an introduction to the Schema Mechanism, Schema
Networks and hyperdimensional computing, followed by a description of the pro-
posed combination of these concepts and initial experimental results.

2 Introduction to the Schema Mechanism

The Schema Mechanism is a general learning and concept-building framework
[3]. Schemas are constructed from observation of the world and interaction with
the world. They are of the form <context, action, result>: Given a certain state
of the world (the context), if a particular action would be performed, the prob-
ability of a certain change of the world state (the result) would be increased. A
schema makes no predication in case of not fulfilled context. Schemas maintain
auxiliary data including statistics about their reliability. According to Holmes
and Isbell [8, p. 1] they “are probabilistic units of cause and effect reminiscent
of STRIPS operators” [9]. In the original Schema Mechanism, the state of the
world is a set of binary items. Schema learning is based on marginal attribution,
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involving two steps: discovery and refinement [3]. In the discovery phase, statis-
tics on action-result combinations are used to create context-free schemas. In the
refinement phase, context items are added to make the schema more reliable. An
important capability of the original Schema Meachanism is to create synthetic
item to model non-observable properties of the world [3].

Drescher [3] presented an implementation and results on perception and
action planning of a simple simulated agent in a micro-world. Several exten-
sions and applications of this original work have been proposed. For example,
Chaput [10] proposed a neural implementation using hierarchies of Self Orga-
nizing Maps. This allows to learn schemas with a limited amount of resources.
Holmes and Isbell [8] relaxed the condition of binary items and modified the
original learning criteria to better handle POMDP domains. They also demon-
strated the application to speech modeling. An extension to continuous domains
was proposed by Guerin and Starkey [11]. Schemas provide both declarative and
procedural meaning. Declarative meaning in form of expectations what happens
next and procedural meaning as component in planning. The recently proposed
Schema Networks [4] exploit both meanings.

3 Overview of Schema Networks

Schema Networks [4] are an approach to learn generative models from observa-
tion of sequential data and interaction with the environment. For action plan-
ning, these generative models are combined with Factor Graph optimization.
Schema Networks work on entities with binary attributes. For learning, each
training sample contains a set of entities with known attributes, a current action
of the agent and a resulting state of the world in the next timestep (potentially
including rewards). From these samples, a set of ungrounded schemas is learned
using LP-relaxation. Ungrounded schemas are similar to templates in Relational
MDPs [12,13]. During inference, they are instantiated to grounded schemas with
the current data. For each attribute y, there is a set of ungrounded schemas W.
The new value of y is computed from its neighborhood:

y=XW1 (1)

W is a binary matrix. Each column is an ungrounded schema. X is a binary
matrix where each row is the concatenation of attributes of entities in a local
neighborhood and a binary encoding of the current action(s). The matrix mul-
tiplication in Eq.1 corresponds to grounding of schemas. If any of the schemas
in W is fulfilled, the attribute y is set. For action planning, a Factor Graph is
constructed from the schemas. Optimization on this Factor Graph assigns values
to variables for each relevant attribute of each relevant entity, the actions and
the expected rewards at each timestep in the planning horizon. For more details
on this simplified version of schemas, please refer to [4].

Schema Networks showed promising results on learning Arcade games and
applying the learned generative model to modified game versions without retrain-
ing (zero-shot transfer). However, the description in the paper [4] is rather coarse
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and not self-contained. Moreover, there are also several theoretical limitations:
The perception side is assumed to be solved. Schema Networks work on entities
and attributes, not on raw pixel data. In particular, the types of entities and
their attributes have to be known in advance and have very large influence on the
overall system. The schema learning approach can not deal with stochastic envi-
ronments, i.e. contradicting (or noisy) observations are not allowed. All items
have to be binary. Moreover, all entities have to share the same set of attributes
and the neighborhood of all schemas has to be of the same size. This is a conse-
quence of the matrix representation in Eq. 1. Section 5 presents an approach to
use hypervector-based VSAs to address these latter two limitations.

4 Properties and Applications of Hypervectors and VSAs

Hypervectors are high dimensional representations (e.g. 2,048 dimensional) with
large representational capacity and high robustness to noise, particularly in case
of whitened encodings [14,15]. With increasing number of dimensions, the prob-
ability of sampling similar vectors by chance deceases rapidly. If the number of
dimensions is high enough, randomly sampled vectors are expected to be almost
orthogonal. This is exploited in a special type of algorithmic systems: Vector
Symbolic Architectures (VSA) [16]. A VSA combines a high dimensional vector
space X with (at least) two binary operators with particular properties: bind ®
and bundle 6, both are of the form: X x X — X. bind ® is an associative oper-
ator which is self-inverse, this is Vo € X : x ® x = I with I being the identity
element. For example in a binary vector space, binding can be implemented by
an elementwise XOR. Binding two vectors results in a vector that is not simi-
lar to both of the input vectors. However, the results of binding two vectors to
the same third vector preserves their distance. In contrast, applying the second
bundle @ operator creates a result vector that is similar to both input vectors.
For more details on these operations, please refer to [17-19].

Hypervectors and VSAs have been applied to various tasks. VSA can imple-
ment concepts like role-filler pairs [20] and model high-level cognitive concepts
[21]. This has been used to model [22] and learn [7] reactive robot behaviors.
Hypervectors and VSAs have also been used to model memory [23], aspects of
the human neocortex [24], and approximate inference [6]. An interesting prop-
erty of VSAs is that all entities (e.g. a program, a variable, a role) are of the
same form, a hypervector, independent of their complexity - a property that we
want to exploit for representation in schemas in the next section.

5 Combining Hypervectors and Schemas

This section describes an approach to represent context, action and result of
a schema based on hypervectors and VSA operators. The goal is to provide
a representation for the context that allows to combine objects with varying
number and types of attributes and neighborhoods of varying size. The approach
is inspired by Predication-based Semantic Indexing (PSI) [6] a VSA-based system
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Fig. 1. Hypervector encoding of context-action-pairs (all rectangles are hypervectors).

for fast and robust approximate inference and our previous work on encoding
robot behavior using hypervectors [7].

We propose to represent a schema in form of a single condition hypervector
and a corresponding result hypervector. The condition hypervector encodes the
context-action-pair (CAP) of the schema. To test whether a known schema is
applicable for the current context and action, the similarity of the current CAP
and the schema’s CAP can be used. Figure 1 illustrates the encoding of arbitrary
sets of attributes of objects and arbitrary neighborhoods in a single hypervector.
We assume that hypervector encoders for basic datatypes like scalars are given
(cf. [25]). Objects are encoded as “sum” of their attributes using the VSA bundle
operator similar to the PSI system [6]. The more attributes two objects share,
the more similar are their hypervector representations. Each attribute is encoded
using a role-filler pair. One hypervector is used to represent the type (role) of
the attribute and a second (the filler) to encode its value. Filler hypervectors can
encode arbitrary datatypes, in particular, it can also be a hypervector represen-
tation of an object. The binding of the role and filler hypervectors results again
in a hypervector of the same dimensionality. The bundle of all object properties
is the hypervector representation of the object. The shape of the representation
is independent of the number and complexity of the combined attributes.

Neighborhoods are encoded similarly by encoding the involved objects and
binding them to their relative position to the regarded object. Let us consider
the very simple example of a 3 x 3 neighborhood in an image. In a hypervector
representation of this neighborhood, there are 8 objects surrounding a central
object, each object is bound to a pose (i.e., top, top-right,...) and the 8 result-
ing hypervectors are bundled to a single hypervector. In contrast to the matrix
encoding in Schema Networks, the hypervector encoding allows to bundle an
arbitrary number of neighbors at arbitrary poses (e.g. at the opposite side of
the image). This is due to the fact that the shape of the hypervector bundle is
independent of the number of bundled hypervectors (in contrast to the concate-
nation of the neighbors in Schema Networks) and the explicit encoding of the
pose. Thus we can use an individually shaped neighborhood for each schema.

The creation of the CAP is illustrated at the bottom of Fig. 1: object-, action-
and neighborhood-hypervector representations are bundled to a single CAP
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o8 Vectorspace [—1,1]7
© 06 #dimensions d 2,048
o
8 ——query CAP vs. ground-ruth schema VSA bind elementwise product
g 0.4 | [=——query CAP vs. most similar wrong schema ] VSA bundle elementwise sum
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e Metric cosine similarity
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0 05 1 1.5 2
Std. dev. of noise Fig. 3. Hypervector and VSA param-
eters used for experiments. For details
Fig. 2. Distance of noisy query CAP on the implementation refer to [7].

to schema CAPs (averaged over 1000
queries). (Color figure online)

hypervector. Each of the representations is created by binding the filler encoding
to the corresponding role (e.g. filler “OBJ-INSTANCE” to role “OBJECT”).

6 Results

The initial goal to allow different attributes in objects and different neighbor-
hoods for schemas is already fulfilled by design. In noiseless environments, recall
of a schema based on the similarity of CAP representations is inherently ensured
as well (this can also be seen in the later explained Fig. 2 at noise 0). What about
finding correct schemas in case of noisy object attributes? We want to demon-
strate the robustness of the presented system to noise in the input data. The
attributes of the objects that should toggle applicability of schemas are hidden
rather deeply in the created CAPs. For application in real world scenarios, a
known schema should be applicable to slightly noise-affected observations. If the
derivation of the attributes is too large, the schema should become inapplicable.
In the presented system, this should manifest in a equivariant relation of change
in the input data and the similarity of the resulting CAP to the known schema.

For a preliminary evaluation of this property, we simulate an environment
with 5,000 randomly created objects. Each object has 1-30 attributes ran-
domly selected from a set of 100 different attribute types (e.g. color, shape,
is-palpable,...). All attribute values are chosen randomly. There are 1,000 a pri-
ori known schemas. Each is composed of one of the above objects, one out of
50 randomly chosen actions, a neighborhood of 1-20 other randomly chosen
objects, and a randomly chosen result. All random distributions are uniform
distributions. These are ad-hoc choices, the results are alike for a wide range
of parameters. The properties of the used VSA are provided in Fig. 3. Figure 2
shows the influence of noise on the encoding of the object’s attributes on the
similarity to the original schema. Noise is induced by adding random samples of
a zero-mean Gaussian, drawn independently for each dimension of the hypervec-
tor encoding of the object’s attribute value encodings. The standard deviation
of the noise is varied as shown in Fig. 2. It can be seen that the distance of the
noise-affected CAP to the ground-truth schema smoothly increases as desired,
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although the varied object attribute is deeply embedded in the CAP. The noisier
the object attributes are, the less applicable becomes the schema. For compari-
son, the red curve shows the distance to the most similar wrong schema.

7 Conclusion

We presented a concept to use hypervectors and VSAs for encoding of schemas.
This allows to address some limitations of the recently presented Schema Net-
works. We presented preliminary results on recall of schemas in noisy environ-
ments. This is work in progress, there are many open questions. The next steps
towards a practical demonstration will in particular address the hypervector
encoding of real data and action planning based on the hypervector schemas.
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Abstract. Configuration systems must be able to deal with inconsis-
tencies which can occur in different contexts. Especially in interactive
settings, where users specify requirements and a constraint solver has
to identify solutions, inconsistencies may more often arise. Therefore,
diagnosis algorithms are required to find solutions for these unsolvable
problems. Runtime efficiency of diagnosis is especially crucial in real-time
scenarios such as production scheduling, robot control, and communica-
tion networks. For such scenarios, diagnosis algorithms should determine
solutions within predefined time limits. To provide runtime performance,
direct or sequential diagnosis algorithms find diagnoses without the need
of calculating conflicts. In this paper, we propose a new direct diagnosis
algorithm LEARNDIAG which uses learned heuristics. It applies super-
vised learning to calculate constraint ordering heuristics for the diag-
nostic search. Our evaluations show that LEARNDIAG improves runtime
performance of direct diagnosis besides improving the diagnosis quality
in terms of minimality and precision.

Keywords: Constraint satisfaction - Configuration - Diagnosis
Search heuristics - Machine learning + Evolutionary computation

1 Introduction

Configuration systems [8] are used to find solutions for problems which have
many variables and constraints. A configuration problem can be defined as a
constraint satisfaction problem (C'SP) [10]. If constraints of a C'SP are incon-
sistent, no solution can be found. Therefore, diagnosis [1] is required to find at
least one solution for this inconsistent C'SP. The most widely known algorithm
for the identification of minimal diagnoses is hitting set directed acyclic graph
(HSDAG) [7]. HSDAG is based on conflict-directed hitting set determination and
determines diagnoses based on breadth-first search. It computes minimal diag-
noses using minimal conflict sets which can be calculated by QUICKXPLAIN [4].
The major disadvantage of applying this approach is the need of predetermining
minimal conflicts which can deteriorate diagnostic search performance.
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Many different approaches to provide efficient solutions for diagnosis prob-
lems are proposed [6]. One approach [14] focuses on improvements of HSDAG.
Another approach [13] uses pre-determined set of conflicts based on binary deci-
sion diagrams. In diagnosis problem instances where the number of minimal
diagnoses and their cardinality is high, the generation of a set of minimum car-
dinality diagnoses is unfeasible with the standard conflict-based approach. An
alternative approach to solve this issue is direct (sequential) diagnosis [9] which
determines diagnoses by executing a series of queries. These queries check the
consistency of the constraint set without the need to identify the corresponding
conflict sets.

When diagnoses have to be provided in real-time, response times should be
less than a few seconds. For example, in communication networks, efficient diag-
nosis is crucial to retain the quality of service. To satisfy these real-time diagnosis
requirements, FLEXDIAG [2] uses a parametrization that helps to systematically
reduce the number of consistency checks (so the runtime) but in the same time
the minimality of diagnoses becomes non-guaranteed. Therefore, in FLEXDIAG,
there is a tradeoff between diagnosis quality and runtime performance. When
the runtime performance (# of diagnoses per second) increases, the quality of
diagnosis (degree of minimality) may decrease.

This paper introduces an efficient direct diagnosis algorithm (LEARNDIAG)
for solving the quality-runtime performance tradeoff problem of FLEXDIAG. It
learns heuristics (search strategies) [5] to improve runtime performance and qual-
ity of diagnosis. Its diagnostic search is based on FLEXDIAG’s recursive diagnostic
search approach. For evaluations, we used a real dataset collected in one of our
user studies and compared LEARNDIAG with FLEXDIAG. Our experiments show
that LEARNDIAG outperforms FLEXDIAG in terms of precision, runtime, and
minimality.

The remainder of this paper is organized as follows. In Sect. 2, we introduce
an example diagnosis problem. Based on this example, in Sect. 3, we show how
it is diagnosed by LEARNDIAG. The results of our experiments are presented in
Sect. 4. With Sect. 5, we conclude the paper.

2  Working Example

The following (simplified) assortment of digital cameras and given customer
requirements will serve as a working example throughout the paper (see Table 1).
It is formed as a configuration task [10] on the basis of Definition 1.

Definition 1 (Configuration Task and Configuration). A configuration
task can be defined as a CSP(V,D,C). V. = {v1,ve,...,0,} represents a set
of finite domain variables. D ={dom(vy), dom(vy), ... , dom(v,)} represents a
set of variable domains, where dom(vy) represents the domain of variable vy.
C = (Ckp U REQ) where Cxp = {c1,¢2,...,¢q} is a set of domain specific
constraints (the configuration knowledge base) that restricts the possible com-
binations of values assigned to the variables in V. REQ = {cq41,Cq+2,-.sCt}
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Table 1. An example for a camera configuration problem

\% v1: effective resolution, v2: display, v3: touch, v4: wifi, v5: nfc, v6:
gps, v7: video resolution, v8: zoom,
v9: weight, v10: price

D dom(v1)={6.1, 6.2, 20.9},
dom(v2)={1.8, 2.2, 2.5, 3.5},
dom(v3)={yes, no},
dom(v4)={yes, no},
dom(v5)={yes, no},
dom(v6)={yes, no},

dom(v7)={4K-UHD/3840 x 2160, Full-HD /1920 x 1080,
No-Video-Function},

dom(v8)={3.0, 5.8, 7.8},

dom(v9)={475, 560, 700, 860, 1405},

dom(v10)={189, 469, 659, 2329, 5219}

CkB cl:{P1Vv P2v P3Vv P4V P5}

where;

P1l: { v1=209 A v2=3.5 A v3=yes A vd=yes A vb=no A v6=yes A
v7=4K-UHD/3840 x 2160 A v8=3.0 A v =475 A v10 =659},

P2: { vi=6.1 A v2=2.5 A v3=yes A vi=yes A vB=no A v6=yes A
v7=4K-UHD/3840 x 2160 A v8=3.0 A v9 =475 A v10 =659},

P3: { v1=6.1 A v2=22 A v3=no A vd=mno A vb=no A v6=no A
v7 =no-video-function A v8=7.8 A v9=700 A v10=189},

P4: { v1=6.2 A v2=1.8 A v3=1n0 A vd=mno A vbi=no A v6=no A
v7=4K-UHD/3840, x2160 A v8=5.8 A vO=860 A v10=2329},

P5: {v1=6.2Av2=18 Av3=no A v4=no A vb=no A v6=yes A
v7=TFull-HD/1920 x 1080 A v8=3.0 A v9=560 A v10 =469}

REQ new | c2: v1=20.9 A ¢3: v2=2.5 A c4: v3=yes A ¢cb: vd=yes A ¢6: v5=no
A cT: v6=yes A ¢8: v =4K-UHD/3840 x 2160 A ¢9: v8=5.8 A c10:
v9 =475 A cl1: v10 =659

is a set of customer requirements, which is also represented as constraints.
A configuration/solution (S) for a configuration task is a set of assignments
S ={v1 = a1,v2 = ag,...,v, = an} where a; € dom(v;) which is consistent
with C.

C'SP_new has no solution since the set of customer requirements REQ _new
is inconsistent with the product catalog Ckpg. Therefore, REQ _new needs to
be diagnosed. A corresponding Customer Requirements Diagnosis Problem and
Diagnosis can be defined as follows:

Definition 2 (REQ Diagnosis Problem and Diagnosis). A customer
requirements diagnosis problem (REQ diagnosis problem) is defined as a tuple
(Ckp, REQ) where REQ is the set of given customer requirements and Ckp
represents the constraints part of the configuration knowledge base. A REQ
diagnosis for a REQ diagnosis problem (Cxp, REQ) is a set A C REQ, s.t.
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CkpU (REQ— A) is consistent. A ={cy,ca,...,cn} is minimal if there does not
exist a diagnosis A" C A, s.t. CkpU (REQ — A') is consistent.

3 Direct Diagnosis with LEARND1AG
LEARNDIAG searches for diagnoses for a RE(Q diagnosis problem using one of the

predefined constraint ordering heuristics. Predefined heuristics are calculated by
applying supervised learning on a set of inconsistent REQs (Table 2).

Table 2. Inconsistent requirements (REQs) of six past customers

REQI | REQ2 | REQ3 REQ4 REQ5 REQ6
vl |1 0 1 1 0 0
v2 |1 0.23 1041 (041 |0 0
v3 |1 0 1 1 0 0
va |1 0 1 1 0 0
v5 |0 1 0 0 1 1
v6 |1 1 1 1 1 0
v7 |0 1 0 0 0 0.5
v8 |0 058 |0 058 1058 |0
v9 1009 024 |0 0 0.41 | 0.41
v10/0.05 |0 0.05 10.09 |0 0.05
P P1 P3 Pl P4 |P5 P4

3.1 Clustering

LEARNDIAG clusters past inconsistent REQs using k-means clustering [3]. K-
means clustering generates k clusters where it minimizes the sum of squares
of distances between cluster elements and the centroids (mean value of cluster
elements) of their corresponding clusters. To increase the efficiency of k-means
clustering [12], we applied Min-Maz Normalization on REQs (Table 2).

After k-means clustering is applied with the parameter number of clusters (k)
= 2, two clusters (k1 and k3) of REQs are obtained as shown in Table 3. We used
k = 2 (not a higher value) to demonstrate our example in an understandable
way.
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Table 3. Clusters of past inconsistent customer requirements

Cluster elements Centroid ()
k1 | REQL, REQ3, REQ4 | 101 : {1,0.60,1,1,0,1,1,0.19,0.03,0.63}
REQ2, REQ5, REQ6 | 2 : {0,0.07,0,0,1,0.66,0.5,0.38,0.35,0.01}

K

)

3.2 Learning

After clustering is completed, LEARNDIAG runs a genetic algorithm (GA) based
supervised learning [11] to determine constraint ordering heuristics. In our work-
ing example, for each cluster (k;) four different constraint ordering heuristics
are calculated based on runtime (7, see Formula (1a)), precision (7, see Formula
(1b)), minimality (&, see Formula (1c)) and the combination of them («, see
Formula (1d)) (Table4).

min(T = Z runtime(4;)) (1a)

i=1

#(correct predictions)

maz(m = #(predictions) ) (1b)
maz (P Z |A|2”|"| (1c)
maz(o = % X m X P) (1d)

Table 4. Learned constraint ordering heuristics (H)

Hi7:{c9,¢3,c2,cll,c4,cb,cT,c8,¢6,c10} | Hat : {cb,c9,cT7,cll, cl0,c5, c2,c8, c4, c3}
Hym: {c2,¢9,¢3,c10,cl1,c7,¢8,c4,c6,c5} | Hom: {c9,cl1,cl0,c6,c7,ch, 3,2, cd, c8}
Hy®: {c2,¢3,c9,cl1,c4,c5,c7,¢8,¢6,c10} | Ho® : {c6,c7,c9,cll, cl0,c5, c2,c8, c4, c3}
Hio: {c9,¢2,¢3,cl1,cd,cb,cT,ce8,¢6,c10} | Haav: {cl1,¢9, 6, cT,cl0,c5, c2,c8, c4, 3}

3.3 Diagnosis

The diagnosis phase of LEARNDIAG is composed of three steps which are
explained in this section as finding the closest cluster, reordering constraints
and diagnostic search.

Finding the Closest Cluster. LEARNDIAG calculates the distances between
clusters and the new RFEQ using the Euclidean Distance. In our working
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example, where the normalized values of REQ_new is REQ_new_norm =
{1,0.41,1,1,0,1,0,0.58,0,0.09}, the closest cluster to REQ _new_norm is k;.

Reordering Constraints. Learned heuristics (see Table4) of the closest cluster is
applied to the REQ to be diagnosed. Let’s use the mixed-performance heuristic
(Hya from Table 4) on the working example. Using the heuristic H; o, constraints
of REQ new are ordered as REQ_new_ordered: {c9, ¢2, ¢3, c11, ¢4, ¢b, 7, ¢8,
6, ¢10}.

Diagnostic Search. After calculating the reordered constraints, diagnostic search
is done by FLEXDIAG. More details about DiagnosticSearch can be found in
the corresponding paper [2]. LEARNDIAG helps diagnostic search to decrease the
number of consistency checks (which increases the runtime performance).

4 Evaluation

We have collected required (for supervised learning) inconsistent customer
requirements and their product purchases, by applying a user study with
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N = 264 subjects. The study subjects interacted with a web based configurator
in order to identify a professional digital camera that best suits their needs.
We observed that LEARNDIAG-« is a solution for solving the quality-runtime
performance tradeoff problem of FLEXDIAG. As shown in comparison charts of
runtime (see Fig. 1(a)), number of consistency checks (see Fig. 1(b)), quality of
diagnosis in terms of precision (see Fig.1(c)) and minimality (see Fig.1(d)),
LEARNDIAG-a always gives better performance results compared to FLEXDIAG.

5 Conclusions

We proposed an out-performing direct diagnosis algorithm LEARNDIAG for solv-
ing the quality-runtime performance tradeoff problem of FLEXDIAG. According to
our experimental results, LEARNDIAG-« solves the quality-runtime performance
tradeoff problem by improving runtime performance and quality (minimality,
precision) of diagnosis at the same time. Besides, if solving the tradeoff problem
is not considered, LEARNDIAG performs best in precision with LEARNDIAG-7, in
runtime performance with LEARNDIAG-7 and in minimality with LEARNDIAG-®.
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Abstract. Assembly recipes can elegantly be represented in description
logic theories. With such a recipe, the robot can figure out the next
assembly step through logical inference. However, before performing an
action, the robot needs to ensure various spatial constraints are met, such
as that the parts to be put together are reachable, non occluded, etc. Such
inferences are very complicated to support in logic theories, but special-
ized algorithms exist that efficiently compute qualitative spatial relations
such as whether an object is reachable. In this work, we combine a logic-
based planner for assembly tasks with geometric reasoning capabilities
to enable robots to perform their tasks under spatial constraints. The
geometric reasoner is integrated into the logic-based reasoning through
decision procedures attached to symbols in the ontology.

1 Introduction

Robotic tasks are usually described at a high level of abstraction. Such represen-
tations are compact, natural for humans for describing the goals of a task, and
at least in principle applicable to variations of the task. An abstract “pick part”
action is more generally useful than a more concrete “pick part from position
z”, as long as the robot can locate the target part and reach it.

Robotics manipulation problems, however, may involve many task con-
straints related to the geometry of the environment and the robot, constraints
which are difficult to represent at a higher level of abstraction. Such constraints
are, for example, that there is either no direct collision-free motion path or fea-
sible configuration to grasp an object because of the placement of some other,
occluding object. Recently, much research has been centred on solving manipula-
tion problems using geometric reasoning, but there is still a lack of incorporating
the geometric information inside higher abstraction levels.
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Fig. 1. Different initial workspace configurations of a toy plane assembly (1-3), and
the completed plane assembly (4).

In this paper, we look at the task of robotic assembly planning, which we
approach, at the higher abstract level, in a knowledge-enabled way. We use an
assembly planner based on formal specifications of products to be created, parts
they are to be created from, and mechanical connections to be formed between
them. At this level we represent what affordances a part must provide, in order
for it to be able to enter a particular connection or be grasped in a certain way,
as well as model that certain grasps and connections block certain affordances.
The planning itself proceeds by comparing individuals in the knowledge base
with their terminological model, finding inconsistencies, and producing action
items to resolve these. For example, if the asserted type of an entity is “Car”,
the robot can infer that, to be a car, this entity must have some wheels attached,
and if this is not the case, the planner will create action items to add them.

In our previous work, the various geometrically motivated constraints per-
taining, for example, what grasps are available on a part depending on what
mechanical connections it has to other parts, were modelled symbolically. We
added axioms to the knowledge base that assert that a connection of a given type
will block certain affordances, thus preventing the part to enter certain other con-
nections and grasps. We also assumed that the workspace of the robot would be
sufficiently uncluttered so that abstract actions like “pick part” will succeed. In
this paper, we go beyond these limitations and ground geometrically-meaningful
symbolic relations through geometric reasoning that can perform collision and
reachability checking, and sampling of good placements.

The contributions of this paper are the following ones:

— a framework for assembly planning that allows reasoning about relations that
are grounded on demand in results of geometric reasoning procedures, and
the definition of procedures that abstract results of the geometric reasoner
into symbols of the knowledge base; and
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— extensions of the planner that allow switching between different planning
strategies with different goal configurations, and the declaration of action
pre-conditions and planning strategies for assembly tasks in cluttered scenes.

2 Related Work

Several projects have pursued ontological modelling in robotics. The IEEE-RAS
work group ORA [16] aims to create a standard for knowledge representation in
robotics. The ORA core ontology has been extended with ontologies for specific
industrial tasks [7], such as kitting: the robot places a set of parts on a tray so
these may be carried elsewhere. To the best of our knowledge, assembly tasks
have not yet been represented in ORA ontologies. Other robotic ontologies are
the Affordance Ontology [23] and the open-source KNOWROB ontology [22], the
latter of which we use.

Knowledge-enabled approaches have been used for some industrial processes:
kitting [3,4,14] and assembly (the EU ROSETTA project [10,12,18]). Logic
descriptions have also been used to define a problem for general purpose plan-
ners [4,8]. In previously cited papers, knowledge modelling for assembly is either
in the form of abstract concepts about sequences of tasks (as in [10]), or about
geometric features of atomic parts (as in [13]). The approach we use in this
paper builds on our previous work [5], where we generate assembly operations
from OWL specifications directly (without using PDDL solvers), and the knowl-
edge modelling includes concepts such as affordances, grasps, mechanical connec-
tions, and how grasps and mechanical connections influence which affordances
are available. Generating assembly operations from OWL specifications is faster
than planning approaches and amenable to frequent customization of assembled
products. We improve on our previous work by integrating geometric reasoning
about the action execution into the knowledge-based planner.

Different types of geometric reasoning have been considered in manipulation
planning. [11] has investigated dynamic interactions between rigid bodies. A
general manipulation planning approach using several Probabilistic Roadmaps
(PRM) has been developed by [17] that considers multiple possible grasps (usable
for re-grasping objects) and stable placements of movable objects. The manip-
ulation problem of Navigation Among Movable Obstacles (NAMO) has been
addressed by the work in [20] and [19] using a backward search from the goal
in order to move objects out of the way between two robot configurations. The
work in [1,2] have extended this work with ontological knowledge by integrating
task and motion planning.

3 Assembly Activities in Cluttered Workspaces

Assembly tasks often have a fixed recipe that, if followed correctly, would control
an agent such that available parts are transformed into an assembled product.
These recipes can elegantly be represented using description logics [5]. But infer-
ring the sequence of assembly actions is not sufficient for robots because actions
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Fig. 2. The architecture of our heterogeneous reasoning system.

may not be performable in the current situation. This is, for example, the case
when the robot cannot reach an object because it is occluded. A notion of space,
on the other hand, is very complicated in a logic formalism, but specialized meth-
ods exist that efficiently compute qualitative spatial relations such as whether
objects are occluding each other.

Our solution is depicted in Fig.2. We build upon an existing planner and
extend it with a notion of action, and geometric reasoning capabilities. Actions
are represented in terms of the action ontology which also defines action pre-
conditions. Pre-conditions are ensured by running the planner for the action
entity. This is used to ensure that the robot can reach an object, or else tries to
put away occluding objects. To this end we integrate a geometric reasoner with
the knowledge base. The interfaces of the geometric reasoner are hooked into the
logic-based reasoning through procedural attachments in the knowledge base.

The planner [5] is an extension of the KNOWROB knowledge base ! [22].
KNOWROB is a Prolog-based system with Web Ontology Language (OWL) sup-
port. OWL semantics is implemented with the closed world assumption through
the use of negation as failure in Prolog rules. We use this to identify what infor-
mation is missing or false about an individual according to OWL entailment
rules. Another useful aspect of KNOWROB is that symbols can be grounded
through invoking computational procedures such as geometric reasoner.

The geometric reasoner is a module of the Kautham Project ? [15]. It is
a C++ based tool for motion planning that enables to plan under geomet-
ric and kinodynamic constraints. It uses the Open Motion Planning Library
(OMPL) [21] as a core set of sampling-based planning algorithms. In this work,
the RRT-Connect motion planner [9] is used. For the computation of inverse
kinematics, the approach developed by [24] is used.

4 Knowledge Representation for Assembly Activities
In our approach, the planner runs within the perception-action loop of a robot.
The knowledge base maintains a belief state, and entities in it may be referred

! http://knowrob.org.
2 https://sir.upc.edu/projects/kautham/.


http://knowrob.org
https://sir.upc.edu/projects/kautham/

Assembly Planning in Cluttered Environments 205

5 needs
Assemblage T * Strategy
uses uses has
assembles -
Connectlon ConnectingParts ActlonMapper
needs
Affordance e PutAwayPart Agenda
hasf ?occludes avoids, moves *has
MechanicalPart MovingPart Agendaltem
‘moves
Assembly Ontology Action Ontology Planning Ontology
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to in planning tasks. In previous work, we have defined an ontology to describe
assemblages, and meta knowledge to control the planner [5]. In the following
sections, we will briefly review our previous work in assembly modelling and
present further additions to it that we implemented for this paper. The interplay
between the different ontologies used in our system is depicted in Fig. 3.

4.1 Assembly Ontology

The upper level of the assembly ontology defines general concepts such as
MechanicalPart and AssemblyConnection. Underneath this level there are part
ontologies that describe properties of parts such as what connections they may
have, and what ways they can be grasped. Finally, assemblage ontologies describe
what parts and connections may form an assemblage. This layered organization
allows part ontologies to be reused for different assemblies. Also important is the
Affordance concept. Mechanical parts provide affordances, which are required
(and possibly blocked) by grasps and connections. Apart from these very abstract
concepts, some common types of affordances and connections are also defined
(e.g. screwing, sliding, and snapping connections).

To these, we have added a new relation occludesAffordance with domain
AtomicPart and range Affordance. A triple “P occludesAffordance A” means the
atomic part P is placed in such a way that it prevents the robot from moving one
of its end effectors to the affordance A (belonging to some other part P’). Parts
can be said to be graspable if they have at least one non-occluded grasping
affordance. The motivation for the addition of this property is that it helps
representing spatial constraints in the workspace, a consideration we did not
address in our previous work.

Also, in our previous work, the belief state of the robot was stored entirely
in the knowledge base. It includes object poses, if and how an object is grasped,
mechanical connections between objects, etc. Consistency is easier to maintain
for a centralized belief state, but components of the robot control system need to
be tightly integrated with the knowledge base for this to work. In our previous
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work, we could enforce this as both perception and executive components of our
system were developed in our research group. For our work here, however, we
need to integrate KNOWROB with a motion planner that stores its own repre-
sentation of the robot workspace, and uses its own naming convention for the
objects. We therefore add a data property planningScenelnder to help relate
KNOWROB object identifiers with Kautham planning scene objects.

4.2 Action Ontology

At some point during the planning process, the robot has to move its body to
perform an action. In previous work, we used action data structures which were
passed to the plan executive. The plan executive had to take care that pre-
conditions were met, which sub-actions to perform, etc. In this work, explicit
action representations are used to ensure that pre-conditions are met before
performing an action. The action ontology includes relations to describe objects
involved, sub-actions, etc. Here, we focus on the representation of pre-conditions.

Our modelling of action pre-conditions is based on the preActors relation
which is used to assert axioms about entities involved in the action that must
hold before performing it. The upper ontology also defines more specific cases of
this relation such as objectActedOn that denotes objects that are manipulated,
or toolUsed that denotes tools which are operated by the robot.

ConnectingParts. The most essential action the robot has to perform during an
assembly task is to connect parts with each other. At least one of the parts must
be held by the robot and moved in a way that establishes the connection. Per-
forming the action is not directly possible when the part to be moved cannot be
grasped. This is the case when a part blocks a required affordance, for example,
due to being in the wrong holder, blocked by another part, etc.

First, we define the relations assemblesPart T objectActedOn, and fixed-
Part and mobilePart C assemblesPart. These denote MechanicalPart’s involved
in ConnectingParts actions, and distinguish between mobile and static parts.
We further define the relation assemblesConnection that denotes the Assembly-
Connection the action tries to establish. The assemblesPart relation is defined
as property chain assemblesConnection o hasAtomicPart, where hasAtomicPart
denotes the parts linked in an AssemblyConnection. This ensures that assem-
blesPart only denotes parts that are required by the connection. Using these
relations we assert following axioms for the ConnectingParts action:

< lassemblesConnection. Thing A > lassemblesConnection. Thing (1)

> 2assemblesPart. Thing (2)
< 2mobilePart. Thing A > 1mobilePart. Thing (3)

These axioms define that (1) an action is performed for exactly one assembly
connection; (2) at least two parts are involved; and (3) at max two parts are
mobile, and at least one mobile part is involved.
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Another pre-condition is the graspability of mobile parts. Parts may relate
to GraspingAffordance’s that describe how the robot should position its gripper,
how much force to apply, etc. to grasp the part. We assert the following axioms
that ensure each mobile part offers at least one unblocked GraspingAffordance:

FreeAffordance = (< 0blocksAffordance™ . AssemblyConnection) (4)

VYmobilePart.(3hasAffordance.( GraspingAffordance N\ FreeAffordance) (5)

Next, we define a property partConnectedTo that relates a part to parts
it is connected to. It is sub-property of the property chain hasAtomicPart o
hasAtomicPart. Also, we assert that this relation is transitive such that it holds
for parts which are indirectly linked with each other. This is used to assert that
fixed parts must be attached to some fixture:

VfizedPart.(IpartConnected To. Fizture) (6)

Also, parts must be in the correct fixture for the intended connection. To
ensure this, we assert that required affordances must be unblocked:

YVassemblesConnection.(VusesAffordance. Free A ffordance) (7)

Finally, we define partOccludedBy = hasAffordance o occludesAffordance™
which relates parts to parts occluding them, and assert that parts cannot be
occluded by other parts when the robot intends to put them together:

VassemblesPart.(< OpartOccluded By. Mechanical Part) (8)

MovingPart and PutAwayPart. The above statements assert axioms that must
be ensured by the planner. These refer to entities in the world and may require
certain actions to be performed to destroy or create relations between them. In
this work, we focus on ensuring valid spatial arrangement in the scene.

First, the robot should break non permanent connections in case one of
the required affordances is blocked. We define this action as MowvingPart T
PuttingSomethingSomewhere. The only pre-actor is the part itself. It is linked to
the action via the relation movesPart C objectActedOn. We assert that the part
must have an unblocked grasping affordance (analogues to axiom (5)).

Further, parts that occlude required parts for an assembly step must be put
away. We define this action as PutAwayPart © PuttingSomethingSomewhere.
This action needs exactly one movesPart, and additionally refers to the parts that
should be “avoided”, which means that the target position should not lie between
the robot and avoided parts: JavoidsPart. MechanicalPart, where avoidsPart is
another sub-property of preActors. Describing possible target positions in detail
would be extremely difficult in a logical formalism, and is not considered in the
scope of this work.
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4.3 Planning Ontology

Our planner is driven by comparing goals, represented in the TBox, with believes,
represented in the ABox, and controlled by meta knowledge that we call planning
strategy. The planning strategy determines which parts of the ontology are of
interest in the current phase, how steps are ordered, and how they are performed
in terms of how the knowledge base is to be manipulated. Possible planning deci-
sions are represented in a data structure that we call planning agenda. Planning
agendas are ordered sequences of steps that each, when performed, modify the
belief state of the robot in some way. The planner succeeds if the belief state is
a proper instantiation of the goal description.

Different tasks require different strategies that focus on different parts of
the ontology, and that have specialized rules for processing the agenda. The
strategy for planning an assemblage, for example, focuses on relations defined in
the assembly ontology. Planning to put away parts, on the other hand, is mainly
concerned with spatial relations. In previous work, the strategy selection was
done externally. Here, we associate strategies to entities that should be planned
with them. To this end, we define the relation needsEntity that denotes entities
that are planned by some strategy. Strategies assert a universal restriction on
this relation in order to define what type of entities can be planned with them.
For the assemblage planning strategy, for example, we assert the axiom:

VneedsEntity.(Assemblage V AssemblyConnection) (9)

Planning decisions may not correspond to actions that the robot needs to
perform to establish the decisions in its world. Some decisions are purely vir-
tual, or only one missing piece in a set of missing information required to perform
an action. The mapping of planning decisions to action entities is performed in a
rule-base fashion in our approach. These rules are described using the AgendaAc-
tionMapper concept, and are linked to the strategy via the relation usesAction-
Mapper. Each AgendaActionMapper further describes what types of planning
decisions should activate it. This is done with agenda item patterns that acti-
vate a mapper in case a pattern matches the selected agenda item. These are
linked to the AgendaActionMapper via the relation mapsltem.

Finally, we define the AgendaActionPerformer concept which is linked to the
strategy via the relation usesActionPerformer. AgendaActionPerformer provide
facilities to perform actions by mapping them to data structures of the plan
executive, and invoking an interface for action execution. They are activated
based on whether they match a pattern provided for the last agenda item.

5 Reasoning Process Using Knowledge and Geometric
Information

Our reasoning system is heterogeneous, which means that different reasoning
resources and representations are fused into a coherent picture that covers differ-
ent aspects. In this section, we will describe the two different reasoning methods
used by our system: knowledge-based reasoning and geometric reasoning.
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5.1 Knowledge-Based Reasoning

In this project, knowledge-based reasoning refers primarily to checking whether
an individual obeys the restrictions imposed on the classes to which it is claimed
to belong, identifying an individual based on its relations to others, and identi-
fying a set of individuals linked by certain properties (as done when identifying
which parts have been linked, directly or indirectly, via connections). This is
done by querying an RDF triple store to check whether appropriate triples have
been asserted to it or can be inferred.

KNOwWROB, however, allows more underlying mechanisms for its reasoning. In
particular, decision procedures, which can be arbitrary programs, can be linked
to properties. In that case, querying whether an object property holds between
individuals is not a matter of testing whether triples have been asserted. Rather,
the decision procedure is called, and its result indicates whether the property
holds or not. Such properties are referred to as computables, and they offer a
way to bring together different reasoning mechanisms into a unified framework
of knowledge representation and reasoning.

For this work, we use computables to interface to the geometric reasoner
provided by the Kautham Project. The reasoner is called to infer whether the
relation occludesAffordance holds between some part and an affordance.

5.2 Geometric Reasoning

The main role of geometric reasoning is to evaluate geometric conditions of
symbolic actions. Two main geometric reasoning processes are provided:

Reachability Reasoning. A robot can transit to a pose if it has a valid goal
configuration. This is inferred by calling an Inverse Kinematic (IK) module and
evaluating whether the IK solution is collision-free. The first found collision-free
IK solution is returned, and, if any, the associated pose. Failure may occur if
either no IK solution exists or if no collision-free IK solution exists.

Spatial Reasoning. We use this module to find a placement for an object within
a given region. For the desired object, a pose is sampled that lies in the surface
region, and is checked for collisions with other objects, and whether there is
enough space to place the object. If the sampled pose is feasible, it is returned.
Otherwise, another sample will be tried. If all attempted samples are infeasible,
the reasoner reports failure, which can be due to a collision with the objects, or
because there is not enough space for the object.

6 OWL Assembly Planning Using the Reasoning Process

We extend the planner for computable relations, and also for being able to
generate sub-plans in case some pre-conditions of actions the robot needs to
perform are not met. We will explain the changes we made for this paper below.
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6.1 Selection of Planning Strategies

The planner is driven by finding differences between a designated goal state and
the belief state of a robotic agent. The goal is the classification of an entity as a
particular assemblage concept. The initial goal state is part of the meta knowl-
edge supplied to the planner (i.e., knowledge that controls the planning process).
Strategies further declare meta knowledge about prioritization of actions, and
also allow ignoring certain relations entirely during a particular planning phase.

Strategies are useful because it is often hard to formalize a complete planning
domain in a coherent way. One way to approach such problems is decomposition:
Planning problems may be separated into different phases that have different
planning goals, and that have a low degree of interrelations.

Planning in our approach means to transform an entity in the belief state
of the robot with local model violations into one that is in accordance with its
model. In our approach, each of the planned entities may use its own planning
strategy. The strategy for a planning task is selected based on universal restric-
tions of the needsEntity relation. The selection procedure iterates over all known
strategies and checks for each whether the planned entity is a consistent value
for the needsEntity relation. Only the first matching strategy is selected.

Activating a strategy while another is active pauses the former until the sub-
plan finished. In case the sub-plan fails, the parent plan also fails if no other
way to achieve the sub-plan goal is known. The meta-knowledge controlling the
planner ensures to some extent that the planner does not end up in a bad state
where it loops between sequences of decisions that revert each other. In case this
happens, the planner will detect the loop and fail.

6.2 Integration with Task Executive

Assembly action commands can be generated whenever an assemblage is entirely
specified. This is the case if the assemblage is a proper instance of all its asserted
types according to OWL entailment rules including the connection it must estab-
lish and the sub-assemblies it must link. Further action commands are generated
if a part of interest cannot be grasped because another part is occluding it. To
this end, we have extended the planning loop such that it uses a notion of actions,
and can reason about which action the robot should perform to establish plan-
ning decisions in the belief state.

In each step of the planning loop, the agenda item with top priority is selected
for processing. Each item has an associated axiom in the knowledge base that
is unsatisfied according to what the robot believes. First, the planner infers a
possible domain for the decision. That is, for example, which part it should use
to specify a connection. This step is followed by the projection step in which the
planner manipulates the knowledge base by asserting or retracting facts about
entities. Finally, the item is either deleted if completed, or re-added in case the
axiom remains unsatisfied. Also, new items are added to the agenda for all the
entities that were linked to the planned entity during the projection step.
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We extend this process by the notion of AgendaActionMapper and AgendaAc-
tionPerformer which are used for generating action entities and passing them
to an action executive respectively. Their implementation in the knowledge base
is very similar. They both restrict relations to describe for which entities they
should be activated, and may specify agenda item patterns used for their acti-
vation. Matching a pattern means in our framework that the processed agenda
item is an instance of the pattern according to OWL entailment rules. Finally,
both define hooks to procedures that should be invoked to either generate an
action description, or to perform it.

The mapping procedure is invoked after the planner inferred the domain for
the currently processed agenda item. The generated action entities must not
necessarily satisfy all their pre-conditions. Instead, the planner is called recur-
sively while restricting the planning context to preActor axioms. This creates a
specific preActor-agenda that contains only items corresponding to unsatisfied
pre-conditions of the action. The items in the preActor-agenda may again be
associated to actions that need to be performed to establish the pre-conditions
in the belief state, and for which individual planning strategies and agendas are
used. Finally, the action entity is passed to the selected action performer. In case
the action failed, the agenda item is added to the end of the agenda such that
the robot tries again later on, and the planner fails in case it detected a loop.

6.3 Planning with Computable Relations

Computable relations are inferred on demand using decision procedures, and as
such are not asserted to the triple store. They often depend on other properties,
such as the object locations, and require that the robot performs some action
that will change its believes, such as putting the object to some other location.
The planner needs to project its decisions into the belief state for non-
computable relations. This step is skipped entirely for computable relations:
Only the action handler is called to generate actions that influence the compu-
tation. In case the robot was not able to change its believes such that the action
pre-conditions are fulfilled, the agenda item is put back at the end of agenda.
In addition, we switched to the computable based reasoning interface offered
by KNOWROB. The difference is that it considers computed and asserted triples.

7 Evaluation

We characterize the performance of our work along following dimensions: Vari-
ances of spatial configurations our system can handle, and what types of queries
can be answered. The planning domain for evaluation is a toy plane assembly
targeted at 4 year old children with 21 parts. The plane is part of the YCB
Object and Model Set [6]. It uses slide in connections for the parts, and bolts
for fixing the parts afterwards. The robot we use is a YuMi. It is simulated in a
kinematics simulator and visualized in RViz.
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7.1 Simulation

We test our system with different initial spatial configurations, depicted in Fig. 1.
The first scene has no occlusions. In the second, the upper part of the plane
body is occluding the lower part, and the propeller is occluding the motor grill.
Finally, in the third, the chassis is not connected to the holder, and occluded
by the upper part of the plane body. We disabled collision checking between the
airplane parts to avoid spurious collisions being found at the goal configurations
(the connections fit snugly). Geometric reasoning about occlusions allows the
robot knowing when it needs to move parts out of the way and change the initial
action sequence provided by the OWL planner.

7.2 Querying

In this work, we have extended the robot’s reasoning capabilities regarding to
geometric relations it can infer, what pre-conditions an action has, and which
actions it has to perform to establish planning decisions in its belief state.

The geometric reasoner is integrated through computable geometric relations.
The robot can reason about them by asking questions such as “what are the
occluded parts required in a connection?”:

?7— holds( needsAffordance (Connection, Affordance) ),
holds ( hasAffordance (Occluded , Affordance) ),

holds ( partOccludedBy (Occluded, OccludingPart) ).
Occluded="PlaneBottomWingl’, OccludingPart="PlaneUpperBody1l’.

The robot can also reason about what action pre-conditions are not fulfilled,
and what it can do to fix this. This is done by creating a planning agenda for
the action entity that only considers pre-condition axioms of the action:

?7— entity (Act, [an,action, [type, ’'ConnectingParts’],
[assemblesConnection, Connection]]) ,
agenda_create (Act, Agenda),

agenda_next_item (Agenda, Item).
Item = ”"detach.PlaneBottomWingl._partOccludedBy._PlaneUpperBody1”

Finally, the robot can reason about what action it should perform that estab-
lishes a planning decision in its belief state. It can, for example, ask what action
it should perform to dissolve the partOccluded By relation between parts:

?7— holds( usesActionMapper(Strategy ,Mapper) ),

property_range (Mapper, mapsltem , Pattern),

individual_of (Item , Pattern),

call (Mapper, Item , Action).

Action = [an,action, [type, ’PutAwayPart’],
[movesPart, ’PlaneUpperBodyl’], ...].

8 Conclusion

In this work, we have described how geometric reasoning procedures may be
incorporated into logic-based assembly activity planning to account for spa-
tial constraints in the planning process. The ontology used by the logic-based
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planner serves as an interface to the information provided by the geometric rea-
soner. Geometric information is computed through decision procedures which are
attached to relation symbols in the ontology. Such relations are referred to in
action descriptions to make assertions about what should hold for parts involved
in the action before performing it. The planner, driven by finding asserted rela-
tions that do not hold in the current situation, can also be used for planning how
the situation can be changed such that the preconditions become fulfilled. We
have demonstrated that this planning framework enables the robot to handle
workspace configurations with occlusions between parts, to reason about them,
and to plan sub-activities required to achieve its goals.
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Abstract. Recent attempts at behaviour understanding through lan-
guage grounding have shown that it is possible to automatically gen-
erate planning models from instructional texts. One drawback of these
approaches is that they either do not make use of the semantic struc-
ture behind the model elements identified in the text, or they manually
incorporate a collection of concepts with semantic relationships between
them. To use such models for behaviour understanding, however, the
system should also have knowledge of the semantic structure and con-
text behind the planning operators. To address this problem, we propose
an approach that automatically generates planning operators from tex-
tual instructions. The approach is able to identify various hierarchical,
spatial, directional, and causal relations between the model elements.
This allows incorporating context knowledge beyond the actions being
executed. We evaluated the approach in terms of correctness of the iden-
tified elements, model search complexity, model coverage, and similarity
to handcrafted models. The results showed that the approach is able to
generate models that explain actual tasks executions and the models are
comparable to handcrafted models.

Keywords: Planning operators - Behaviour understanding
Natural language processing

1 Introduction

Libraries of plans combined with observations are often used for behaviour under-
standing [12,18]. Such approaches rely on PDDL-like notations to generate a
library of plans and reason about the agent’s actions, plans, and goals based on
observations. Models describing plan recognition problems for behaviour under-
standing are typically manually developed [2,18]. The manual modelling is how-
ever time consuming and error prone and often requires domain expertise [16].
To reduce the need of domain experts and the time required for building the
model, one can substitute them with textual data [17]. As [23] propose, one can
utilise the knowledge encoded in instructional texts, such as manuals, recipes,
and howto articles, to learn the model structure. Such texts specify tasks for
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achieving a given goal without explicitly stating all the required steps. On the
one hand, this makes them a challenging source for learning a model [5]. On the
other hand, they are written in imperative form, have a simple sentence struc-
ture, and are highly organised. Compared to rich texts, this makes them a better
source for identifying the sequence of actions needed for reaching the goal [28].

According to [4], to learn a model for planning problems from textual instruc-
tions, the system has to: 1. extract the actions’ semantics from the text, 2.
learn the model semantics through language grounding, 3. and finally to
translate it into computational model for planning problems. In this work
we add 4. the learning of a situation model as a requirement for learning the
model structure. As the name suggests, it provides context information about
the situation [24]. It is a collection of concepts with semantic relations between
them. In that sense, the situation model plays the role of the common knowl-
edge base shared between different entities. We also add 5. the need to extract
implicit causal relations from the texts as explicit relations are rarely found
in such type of texts.

In previous work we proposed an approach for extracting domain knowledge
and generating situation models from textual instructions, based on which simple
planning operators can be built [26]. We extend our previous work by proposing a
mechanism for generation of rich models from instructional texts and providing a
detailed description of the methodology. Further, we show first empirical results
that the approach is able to generate planning operators, which capture the
behaviour of the user. To evaluate the approach, we examine the correctness of
the identified elements, the complexity of the search space, the model coverage,
and its similarity to handcrafted models.

The work is structured as follows. Section2 provides the state of the art
in language grounding for behaviour understanding; Sect.3 provides a formal
description of the proposed approach; Sect. 4 contains the empirical evaluation
of our approach. The work concludes with discussion of future work (Sect. 5).

2 Related Work

The goal of grounded language acquisition is to learn linguistic analysis from a
situated context [22]. This could be done in different ways: through grammatical
patterns that are used to map the sentence to a machine understandable model
of the sentence [4,13,28]; through machine learning techniques [3,6,8,11,19];
or through reinforcement learning approaches that learn language by inter-
acting with the environment [1,4,5,8,11,22]. Models learned through language
grounding have been used for plan generation [4,13,14], for learning the optimal
sequence of instruction execution [5], for learning navigational directions [6,22],
and for interpreting human instructions for robots to follow them [11,20].

All of the above approaches have two drawbacks. The first problem is the
way in which the preconditions and effects for the planning operators are iden-
tified. They are learned through explicit causal relations, that are grammati-
cally expressed in the text [13,19]. The existing approaches either rely on initial
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manual definition to learn these relations [4], or on grammatical patterns and
rich texts with complex sentence structure [13]. In contrast, textual instructions
usually have a simple sentence structure and grammatical patterns are rarely
discovered [25]. The existing approaches do not address the problem of discov-
ering causal relations between sentences, but assume that all causal relations
are within the sentence [20]. In contrast, in instructional texts, the elements
representing cause and effect are usually found in different sentences [25].

The second problem is that existing approaches either rely on manually
defined situation model [4,8,19], or do not use one [5,13,22,28]. Still, one needs a
situation model to deal with model generalisation and as a means for expressing
the semantic relations between model elements. What is more, the manual defi-
nition is time consuming and often requires domain experts. [14] propose dealing
with model generalisation by clustering similar actions together. We propose an
alternative solution where we exploit the semantic structure of the knowledge
present in the text and in language taxonomies.

In previous work, we addressed these two problems by proposing an approach
for automatic generation of situation models for planning problems [26]. In this
work, we extend the approach to generate rich planning operators and we show
first empirical evidence that it is possible to reason about human behaviour
based on the generated models. The method adapts an approach proposed by
[25] to use time series analysis to identify the causal relations between text
elements. We use it to discover implicit causal relations between actions. We
also make use of existing language taxonomies and word dependencies to identify
hierarchical, spatial and directional relations, as well as relations identifying the
means through which an action is accomplished. The situation model is then
used to generate planning operators.

3 Approach

3.1 Identifying Elements of Interest

The first step in generating the model is to identify the elements of interest in
the text. We consider a text X to be a sequence of sentences S = {s1, 52, ..., S, }.
Each sentence s is represented by a sequence of words Wy = {w1_, wa,, ..., W, },
where each word has a tag t,, describing its part of speech (POS) meaning. In a
text we have different types of words. We are interested in verbs v € V., V. C W
as they describe the actions that can be executed in the environment. The set
of actions £ C V are verbs in their infinitive form or in present tense, as textual
instructions are usually described in imperative form with a missing agent. We
are also interested in nouns n €, N C W that are related to the verb. One type
of nouns are the direct (accusative) objects of the verb d € D, D C N. These
nouns give us the elements of the world with which the agent is interacting (in
other words, objects on which the action is executed). We denote the relation
between d and e as dobj(e, d). Here a relation r is a function applied to two words
a and b. We denote this as r(a,b). Note that r(a,b) # r(b,a). An example of
such relation can be seen in Fig. 1, where “knife” is the direct object of “take”.
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Apart from the direct objects, we are also interested in any indirect objects
i €1, I C N of the action. Namely, any nouns that are connected to the action
through a preposition. These nouns give us spacial, locational or directional
information about the action being executed, or the means through which the
action is executed (e.g. an action is executed “with” the help of an object).
More formally, an indirect object i, € I of an action e is the noun connected to
e through a preposition p. We denote the relation between i, and e as p(e, ip).
For example, in Fig. 1 “counter” is the indirect object of “take” and its relation
is denoted as from(take,counter). We define the set O := D U I of all relevant
objects as the union of all unique direct and indirect objects in a text.

The last type of element is the object’s property. A property c € C, C C W
of an object o is a word that has one of the following relations with the object:
amod(c, 0), denoting the adjectival modifier or nsubj(c, 0), denoting the nominal
subject. We denote such relation as property(c, o). For example, in Fig. 1, “clean”
is the property of “knife”. As in instructions the object is often omitted (e.g.
“Simmer (the sauce) until thickened.”), we also investigate the relation between
an action and past tense verbs or adjectives that do not belong to an adjectival
modifier or to nominal subject, but that might still describe this relation.

3.2 Building the Initial Situation Model

Given the set of objects O, the goal is to build the initial structure of the sit-
uation model. It consists of words, describing the elements of a situation and
the relations between these elements. If we think of the words as nodes and the
relations as edges, we can represent the situation model as a graph.

Definition 1 (Situation model). Situation model G := (W, R) is a graph
consisting of nodes represented through words W and of edges represented through
relations R, where for two words a,b € W, there exists a relation r € R such

that r(a,b).

The initial structure of the situation model is represented through a taxon-
omy that contains the objects O and their abstracted meaning on different lev-
els of abstraction. To do that, a language taxonomy L containing hyperonymy

(-action take

:parameters(?o - object ?I - surface)

:precondition (and
. (<= (number-executed-take ?0 ?l) nExecuted)
Take the clean knife from the counter. is-utensil 20)

(i
\£ L J/ \k % \L J/ (is-from ?I)

(clean ?0)
VI DT JJ N | D NN (executed-put ?0 ?I) )
J | (

(¢

:effect (and (increase (number-executed-take ?0 ?) 1)
\L \1/ not (executed-put 20 ?I))
executed-take ?0 ?l)

dobj amod prep_from

Action Property Object Ind. object (from) )

Fig. 1. Elements of a sentence necessary for the model generation and the correspond-
ing PDDL operator. Each sentence is assigned a part of speech tag and the dependen-
cies are annotated. Based on them, the relevant elements are identified. Later, PDDL
operators are generated from the identified elements.



Extracting Planning Operators from Instructional Texts 219

relations between the words of the language is used (this is the is-a relation
between words). For example, the relation isa(knife,tool) indicates that the con-
crete object “knife” is of type “tool”. To build the initial situation model, we
start with the set O as the leaves of the taxonomy and for each object o € O
we recursively search for its hyperonyms. This results in a hierarchy where the
bottommost layer consist of the elements in O and the uppermost layer contains
the most abstract word, that is the least common parent of all 0 € O. Here the
least common parent lcp(a,b) of two words a and b is the parent on the lowest
level in the taxonomy that contains both a and b as children. Then the initial sit-
uation model is Ginir := (Winit, Rinit) with Wi, = O U hyperonyms(O, L) and
Rinit := isa(Winit) where O is the set of objects and L is a language taxonomy.
Furthermore, for every two objects 0;,0; € O, it holds that there exists [ € L
such that [ = lcp(0;,0;). Note that here we use a function hyperonyms(O,L),
which returns all hyperonyms of O found in L. The abstraction hierarchy is
later used to generalise or specialise the action templates in a planning model.

3.3 Extending the Situation Model

As the initial situation model contains only the abstraction hierarchy of the
identified objects, we extend it by first including the list of all actions and prop-
erties to the situation model and then adding the relations between actions and
indirect objects, actions and direct objects, and properties and objects to the
graph. We define the extended situation model as Geyt := (Wegt, Rext), such that
Wewt := Winit UEUC and Reyt := Rini U dobj(E,O)Up(E, O)U property(C, O),
where F is the set of actions, O is the set of objects, C is the set of proper-
ties, and dobj(E,O) and p(E,O) are the direct, respectively indirect, relations
between object and action, while property(C, O) is the property - object relation.
On the one hand, this step is performed to enrich the semantic structure of the
model. On the other hand, it gives the basis for the planning operators as the
arguments in an operator are represented by all objects that are related to the
action.

3.4 Adding Implicit Causal Relations

The last step is extending the situation model with causal relations. They build
up the preconditions and effects in a planning operator. There are two types of
predicates that describe the preconditions and effects. The first type is described
through the identified properties (e.g. the condition that the knife has the prop-
erty “clean”) and through the indirect object relations (e.g. the counter has the
role “from”). The second type of preconditions are based on the assumption that
a certain action has to be executed to enable the execution of another action.
We call this “predictive causality” [7, p. 254] and the corresponding relations
“predictive causal relations” or “implicit causal relations”.

To discover implicit causal relations between actions in the text, we consider
two cases: (1) relations between two actions in the text; (2) relations between two
action-object pairs in the text. We consider the first case as there are actions



220 K. Yordanova

that are not related to a specific direct or indirect object but that still are
causally related to other actions. We consider the second case because applying
one action on an object can cause the execution of another action on the same
object. We denote predictive causal relations with ¢ € @, @ C R. To discover
causal relations between actions, we adapt the algorithm proposed by [25], which
makes use of time series analysis. We start by representing each unique action (or
each action-object tuple) in a text as a time series. Each element in the series
represents the number of occurrences of the action in the sentence. We then
make use of the Granger causality test. It is a statistical test for determining
whether one time series is useful for forecasting another. It performs statistical
significance test for one time series, “causing” the other time series with different
time lags using auto-regression [9]. Given two sets of time series x; and y;, we
can test whether z; Granger causes y; with a maximum p time lag. To do that,
we estimate the regression y; = ao +a1yi—1 +... +ap¥Ye—p + 0121 + ... +bpTi_yp.
An F-test is then used to determine whether the lagged x terms are significant’.
For example, we generate time series for the words “take” and “put” and after
applying the Granger test, it concludes that the lagged time series for “take”
significantly improve the forecast of the “put” time series, thus we conclude that
“take” causes “put”.

Now that we have identified the implicit causal relations between actions,
we add them in the situation model. The final situation model is Gy =
(Wtin, Rypin) such that Wy, 1= Wey and Ry = Regr U Q, where @ is the
set of discovered causal relations, W, is the set of words and R, is the set of
relations in the extended situation model.

3.5 Generating Planning Operators

The next step is to generate operators based on the situation model. An operator
a:= (e,Z,Pr,Fp,Ef,Fe) is a tuple, where e is the name of the operator, Z
represents the set of arguments with which the operator can be parameterised;
Pr, Ef C P are the set of precondition, respectively effect, predicates; F'p,
Fe C F are the set of precondition, respectively effect, functions. The predicates
P are boolean functions that provide statements about the model world state.
In difference to predicates, functions provide higher-order statements about the
model world (e.g. increasing the function value).

Algorithm 1 shows the procedure for generating the operators from the situa-
tion model. We take the name e from the set of actions E in the situation model.
Then, for each action e, we take the set of arguments Z from the objects O in
the situation model that have object-verb relations to the action. The set of pre-
condition predicates Pr is generated from the set of actions, which have implicit

! Note that regression usually reflects correlation. Granger, however, argued that
causality in economics could be tested for by measuring the ability to predict the
future values of a time series using prior values of another time series. As the ques-
tion of “true causality” is philosophical, the Granger causality test assumes that one
thing preceding another can be used as evidence of causation.



Extracting Planning Operators from Instructional Texts 221

Algorithm 1. Generating planning operators from the situation model

Require: E,C,R,O > actions, properties, relations, objects from Gy,
Require: n > number of times an action can be executed
Require: A :=1() > empty set of operators
1: for e in E do > for each action in E
2: (nameay, Zae, Prag, FPae, Efae, Fea,) < initialise()

3: nameq, < e

4: for o in O do

5: if 3r := relation(e,0),r € Ryop; U Ry, then > add arguments
6: Zq, — add.argument(Zq, , 0)

7 end if

8: if 3r := p(e,0),r € R, then > add predicates from indirect object relations
9: Pro, < add.predicate(Prq, , property-p(o))

10: end if

11: end for

12: Fpa, < add.function(Fpg, , (number-executed-e(Z) < n)) > default precondition function
13: for z in Z,, do > add property predicates
14: for ¢ in C do

15: if 3r := property(c, z),r € R then

16: Pry, «— add.predicate(Prq, , property-c(z))

17: end if

18: end for

19: end for
20: for y in E, y # e do

21: if 37 := causes(y,e),r € Q,Q C R then > add causal predicates to precondition

22: Pr,, < add.predicate(Pr,,, executed(y))

23: end if

24 for win E, w # e, w # y do > remove transitive actions in the precondition

25: if Ju := cyclic(y, e) A 3l := cyclic(w, e) A 3t := cyclic(y,w),u,l,t € R then

26: tmp — get.weakest(e,y, w) > identify the weakest transitive action

27: if tmp # e then

28: Prg, < remove.predicate(Prq, , executed(tmp))

29: end if

30: end if

31: end for

32: if Ir := cyclic(y,e),r € R then > add predicate for cyclic actions in the effects

33: Efq, < add.predicate(E fq,, ~executed(y))

34: end if

35: end for

36: Fe,, < add.function(Feq, , (number-executed-e(Z) + 1)) > increase value of precondition
function with 1

37: Efa., < add.predicate(E fq,, executed(e)) > mark action as executed

38: A — add.op(A, (namea,, Zay, Pra,, FPae, E fae, Fea,))

39: end for

40: return unique(A) > return all unique operators

causal relation to e, and the set of identified properties, related to the action
or its arguments. The set of effects consists of marking the action as executed,
increasing the value of the precondition function, and of negating the execution
of another action if they are cyclic. Cyclic actions are actions that negate each
other’s effects. a,b € E are cyclic, if causes(a,b) and causes(b,a). We denote
them as cyclic(a,b). For example, the execution of “put the apple on the table”
negates the effect of the action “take the apple”. For two operators a and b
with cyclic relation, we have to negate the effects of a after executing b and vice
versa, otherwise it will not be possible to execute these actions again. Another
problem that arises are transitive causal relations. We say that three actions
a,b and c are transitive if for a,b,c € E, it holds that cyclic(a,b), cyclic(b,c),
and cyclic(a, ¢). The problem here is that the preconditions and effects of these
actions block the execution of at least one of the transitive actions. It no longer
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suffice to just negate the effects of the cyclic actions, as there is a third action
influencing the execution of the two remaining actions. To solve this problem,
we follow an approach similar to the one proposed in [21]. We identify any tran-
sitive relations an action has, then remove the weakest relation, ending up with
only cyclic relations. We find the weakest relation by calculating the frequency
of appearance of the relations in the text and removing the one with the lowest
frequency. Example operator can be seen in Fig. 1, left.

The target language is the Planning Domain Definition Language (PDDL),
which represents the operators through abstracted action templates. To generate
templates we replace the operator’s arguments with the corresponding hyper-
onym on level m in the abstraction hierarchy and then removing any repeating
abstracted operators. In that manner we control the model specificity. Using
hyperonyms on higher abstraction level produces more general models and using
those on lower abstraction level produces more specific models.

The planning model M is a tuple (P, F,L, A, Z,x0,g), where P is a set of
predicates, F is a set of functions, L is the language taxonomy (or abstraction
hierarchy) from the situation model, A is a set of actions, Z is a set of arguments,
T, is the initial state, and g is the set of goals. The predicates and functions build
up the model states x € X, where X is the model state space, which represents a
unique combination of the values of all predicates and functions. The initial state
T is the state of the world before any action has been executed. To generate xg,
we set all the predicates identifying the execution of a cyclic action to true, add
all identified properties, and set all functions to their initial value. Furthermore,
we perform analysis based on the action order in the text. We check if the
precondition of the first action that requires enabling are initially enabled. In
case some predicates cannot be enabled based on the original action order, they
are set to true in the initial state description. The rest of the predicates are set
to false. The goal states g C X represent all the predicates that have to hold for
the goal to be reached. We generate the goal states by defining that each type
of action a € A has to be executed at least once. The generated operators often
have contradicting preconditions and effects. To address this problem, we use a
strategy where all ground operators that have impossible preconditions, given
the initial state, are removed [10]. The same applies to predicates and functions
that are used only in impossible actions. This strategy removes all impossible
candidate operators and predicates and returns a model that is causally correct.

4 Evaluation

To evaluate the approach, we used 20 instructional texts, from which we gener-
ated planning models. We used an extended version of PDDL [10] as a target
format for the planning models. The instructions included cooking recipes (3
instructions), texts from coffee and washing machines manuals (4 instructions),
texts from wikiHow? (3 instructions), descriptions of the tasks performed in the

2 https://www.wikihow.com/Main-Page.
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Fig. 2. Median number of elements and relations incorporated in the situation models
extracted from 20 instructional texts.

CMU kitchen dataset®# (3 instructions), and descriptions of student exercises
for minimally invasive surgery (7 instructions).

The instructions had between 7 and 111 sentences with a mean of 26.5 sen-
tences and a mean sentence length in a text between 5 and 16 words. To obtain
the part of speech tags and dependencies between words, we used the Stanford
NLP parser. As state of the art parsers have shown to perform poorly with iden-
tifying events in instructional texts, we use a postprocessing step, as proposed in
[27], to improve the tags accuracy. We used the taxonomy of English language
WordNet [15] to obtain the hyperonyms of the identified objects. As some words
have different meanings, we took the most frequently used meaning for each
object. To generate the PDDL action templates, we used abstraction level of 2.
Figure 2 shows the statistics for the extracted from the texts elements that were
incorporated in the situation models.

The average number of identified actions in the instructional texts was 17.3
and the average number of objects was 10.2. Relatively small number of prop-
erties was discovered (mean of 3.55) with more properties discovered in cooking
recipes that use more unstructured language with longer sentences (with maxi-
mum number of 18 properties). An average of 7.3 causal relations were discovered
in the texts with more causal relations when the texts had more sentences (maxi-
mum of 24 relations). This is to be expected, as the time series analysis performs
better with longer series. The opposite was observed in discovering semantic
relations (i.e. the relations between objects, properties and actions within the
sentences). Texts with longer sentence structure but with less sentences tended
to have more semantic relations. Finally, the generated abstraction hierarchy
(i.e. hyperonyms) had between 3 and 8 levels with an average of 5 levels.

Correctness of the Identified Elements: To evaluate whether the approach
is able to correctly identify objects, actions and properties from texts, we asked
a human annotator to manually identify these elements in the texts®. Figure 3

3 http://kitchen.cs.cmu.edu//.

4 These descriptions have been generated based on the observed in the video log
behaviour.

5 Note that we did not compare the identified causal relations. This is because implicit
causal relations are a subject of interpretation. For that reason, we consider the
relations are correctly identified if the model is able to explain the given plan.
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Fig. 3. Difference between automatically discovered elements and manually discovered
elements in the 20 instructional texts. Green indicates that the human annotator dis-
covered more elements, red means that our approach discovered false positives, while
yellow indicates the same number of elements. (Color figure online)

graphically shows the number of discovered elements and the distance between
the number of manually and automatically discovered elements. It can be seen
that in the majority of the cases both discovered the same number of elementsS.
Interestingly enough, our approach tended to discover more objects than the
human annotator, producing false positives. This can be explained with the fact
that it identified abstract concepts such as “level”, “time” etc. as objects while
the human annotator considered only physical objects.

Complexity of the Model: Figure4 (left) shows the median number of gen-
erated action templates, and the resulting number of grounded operators, pred-
icates, and functions after the pruning phase. A minimum of 7 and a maximum
of 57 action templates were generated based on the situation model with a mean
of 19.85 templates. The templates resulted in models with 71.5 operators on
average, 9.4 predicates, and 64.35 functions. We also applied iterative deepening
depth-first search to analyse the state space complexity and branching factor for
the resulting models. We limited the search depth to 5 as some of the models
had state spaces of hundreds of millions of states. Figure4 (right) shows the
maximum and median branching factors as well as the number of discovered

elements elements

‘ functions 1e+06 - - max br. factor
10 operalors ‘ mean br. factor
- - predicates — - states
3 3
1e+04 -
€ £
5 =]
2 c

- templates

Fig. 4. Median number of action templates, operators, predicates, and functions (left).
Median branching factor and states (right).

6 In the case where the number of elements was the same for both the human annotator
and our tool, the discovered elements were the same in both cases.
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states at a search depth of 5. The branching factor tells us how many states are
reachable from any given state in the model. High branching factor indicates
that the probability of selecting the actually observed action will be low. The
models with small number of operators generated as few as 327 states, while
some models had as many as 10 million states at search level 5 (with the search
being incomplete at this level). This was also reflected in the branching factor,
where a maximum branching factor of 449 was observed. On average, however,
the number of reachable states from any given state was 56. This is still a very
high number, but with such number plan recognition would still be feasible,
especially in the presence of unambiguous observations.

Model Coverage: To evaluate whether a generated model is actually able to
explain human behaviour, we used the CMU kitchen dataset. We analysed 15
video logs from the “brownies” dataset and based on the observed execution
sequences, we manually generated 15 plans. We then tested a model generated
from a text describing the “brownies” dataset. The text was written based on
the behaviour observed in the first video log. We expected that the model will
be able to better explain the plan corresponding to the first log.

To evaluate the model, we first looked whether the model is able to explain
the plans at all (i.e. whether the observed execution sequences are part of the
model). The results showed that the model was able to explain all of the 15 plans.
We then calculated the final log likelihood of the model. This is the likelihood
that tells us how well the model fits to the provided observation sequence (in our
case to the plan). The final log likelihood is calculated based on the cumulative
action probability of the observed in the plan action, given a model M. This
approach is similar to model learning through observations [8].

Figure5 shows the final log likelihood for the models when explaining the
15 plans and its relation to the length of the executed plan. We fitted a linear
model to the results (in blue). It showed that the likelihood of the model (i.e.
how well it fits the given plan) is linearly proportional to the length of the plan.
This stands to show that the model was able to explain all plans in a similar
manner (i.e. it was not overfitted for the first plan).

Similarity to Handcrafted Models: To investigate how a generated model
compares to a handcrafted model, we asked experts to develop 3 PDDL models
for the “brownies” experiment. We call the generated model PDDL,. We com-

100-

80-
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60-

. \ .
-500 -400 -300
likelihood

Fig. 5. Negative log likelihood of the model, given a certain plan.
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Table 1. Comparison between PDDLy, PDDLy1, PDDLp2, and PDDLys.

Metrics PDDL, PDDLpy,y PDDLps PDDLys
Operators 421 1854 1461 257
Predicates 10 1853 424 48
Functions 329 0 0 41
Min/mean/max br. | 1/231.19/421 | 1848/1848/1854 | 82/117.28/290 | 5/30.82/55
States (depth 5) 10 000 227 10 000 162 10 000 009 1 785 896

pared PDDLg to PDDLyy, PDDLys, and PDDLys, each of which had increas-
ing complexity in terms of constraints and domain knowledge. PDDLys was
overfitted to explain only the sequences in the “brownies” experiment. Table 1
shows the comparison between the handcrafted models and PDDL,. There the
more complex the constraints and context knowledge, the more specific the model
becomes, and the search space complexity decreases. In terms of operators and
predicates PDDL, performed more similar to the overfitted PDDLj3 with 1.6
more operators than PDDLys. PDDL, had two times higher branching factor
than PDD Lps but it still had 8 times smaller branching factor than PDDLy;.
This stands to show that the model is comparable to handcrafted models that do
not encode implicit common sense knowledge or knowledge used by the system
designer to reduce the model state space.

5 Conclusion and Future Work

In this work we showed first empirical results from an approach that generates
PDDL models for behaviour understanding from instructional texts. The results
showed that the approach is able to identify most of the relevant model ele-
ments from textual narratives. In that sense, it performed comparable to human
annotator. The approach was also able to generate a model that can explain the
actual execution sequences observed in the video logs of the “brownies” dataset
from the CMU kitchen activities. Finally, comparing the generated model with
handcrafted models, it was shown that the model has better parameters and
encodes more context knowledge than a simple handcrafted model but is unable
to capture the “common sense” knowledge that is encoded in overfitted hand-
crafted models. In the future, we plan to address this problem by introducing an
additional learning phase, where the generated model is further adjusted based
on observations of already executed plans.
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Abstract. Making decisions under risk is a competence human beings
naturally display when being confronted with new and potentially
dangerous learning tasks. In an effort to replicate this ability, many
approaches have been promoted in different fields of artificial learning
and planning. To plan domains with inherent risk in the presence of a
simulation model we propose Risk-Sensitive Online Planning (RISEON)
that extends traditional online planning by using an appropriate risk-
aware optimization objective. The objective we use is Conditional Value
at Risk (CVaR), where risk-sensitivity can be controlled by setting the
quantile size to fit a given risk level. By using CVaR the planner shifts
its focus from risk-neutral sample means towards the tail of loss distri-
butions, thus considers an adjustable share of high costs. We evaluate
RISEON in a smart grid planning scenario and in a continuous control
task, where the planner has to steer a vehicle towards risky checkboxes,
and empirically show that the proposed algorithm can be used to plan
w.r.t. risk-sensitivity.

Keywords: Online planning - Risk-sensitivity + Local planning

1 Introduction

Risk-aware planning and learning approaches come from different fields and deal
with risk in multi-armed bandits (MABs) [1], Markov decision processes (MDPs)
[2,3] and classification learning [4]. Considerations of risk can be important in
domains where free restarts during learning or deployment are prohibitive expen-
sive [5]. Consequently, risk-aware planning is essential for many real-world tasks
where expensive hardware is involved like flying a helicopter or steering a vehicle.

Although many approaches have been promoted [6] a great deal of work is
suited for discrete state and action spaces whereas many real-world environments
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require both contiunous state and action spaces. An effective approach to handle
large spaces is given through simulation based online planning [7]. In this work
we extend simulation based online planning to be applicable in domains with
inherent risk. We do this by taking a risk-sensitive optimization objective for
evaluation of plans. The algorithm we propose is called Risk-Sensitive Online
Planning (RISEON). Our contributions are:

— An extension of online planning to plan domains with continuous states and
actions in the presence of risk.

— Empirical evidence that the proposed algorithm is an effective means to con-
trol risk-sensitivity.

For empirical comparison of risk-sensitive vs. risk-neutral online planning we
evaluate RISEON in a smart grid planning scenario where the planning agent
needs to solve the trade-off between costly overproduction and fatal shortages
of energy supply. The second experiment is a continuous control task, where
the planner is in charge of steering a vehicle towards different checkboxes by
applying force and torque.

2 Background

This section introduces the necessary material and concepts that build the basis
for this work.

2.1 Markov Decision Processes (MDPs)

We assume that an environment can be described by means of a Markov decision
process (MDP) [8,9] which is a tuple (S,.A, 7, R) where § is the state space, A is
the action space, 7 : Sx.A — S is the transition function and R : SxAxS — Ris
the reward function. A policy 7 is a mapping from states to actions that describes
the behavior of an agent. The agent’s goal is to find a policy 7 that maximizes the
cumulative, long-term expected return Ry := > .o, 7" "' R; at time ¢. Learning
frameworks such as reinforcement learning (RL) aim at finding a global policy
m:8S — A, i.e., after learning for an appropriate number of episodes the policy
should cover the whole state space yielding an optimal action for every state.
Planning methods are concerned with finding an optimal policy in the policy
space. Policies can be evaluated by means of a simulation model M which can
be everything an agent can use to predict how the environment will behave [10].

2.2 Local Planning

When state and action spaces become large finding a global policy may be
intractable or require many training episodes. Local planning mitigates the
effects of large spaces by trying to find an optimal policy 7 for a single state
[11,12]. Local planning approaches normally operate with a planning horizion h,
i.e., planning is done for h steps into future. One advantage of local planning is
that it allows to control planning costs by setting the planning horizon to match
a given planning budget.
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2.3 Simulation Based Online Planning

Recently, simulation based online planning has been proposed to plan in domains
with large state spaces and changing dynamics [7]. Online planning is an iter-
ative process that interleaves planning and execution of actions through three
basic steps. Firstly, an agent makes an observation of the current state of the
environment. This observation is used to initialize the simulation model M. The
agent then samples plans according to some sampling strategy, e.g., Monte Carlo
tree search in case of discrete states and actions. Plans are simulated through
rollouts in M which provides a next state given an action. After planning for
potentially multiple iterations the agent chooses the most promising action to
execute in the real environment after which planning restarts.

A simple yet sometimes effective way of planning is vanilla Monte Carlo
(VMC) planning [13] which refers to random uniform sampling of actions. A
more sophisticated approach to find optimal actions during the planning step in
continuous domains is given through cross entropy optimization [11,12,14,15].
Its basic steps are shown in Algorithm 1. Let A C R denote the action space
and @ denote a probability distribution over actions P(.A) = P(RY). A plan is a
vector of actions a € AN and a distribution over plans is a vector of distributions
over actions, denoted ¢,,.

Cross entropy optimization works by sampling N plans from a plan distribu-
tion which gets refined for G generations. Plans are evaluated according to an
evaluation function FVAL. The current plans and the result from their evalua-
tion is aggregated in the set I which builds the input for the procedure FIT to
refine the plan distribution. The plan distribution is fitted to the weighted plans
in I by maximum likelihood estimation. In the case of a multivariate gaussian
distribution this yields:

b, = (1, %) (1)
o Z(ai,vi)el Uia’i

My =
Z(aj,vj)el vj
Z(ai,vi)g vi(af — p)" (@) — i)
Et = (3)
Z(aj,t)j)el vj

3 Related Work

Risk-sensitive planning and learning methods come from different fields includ-
ing approaches for Multi-Armed Bandits (MABs), Markov decision processes
(MDPs) and classification learning. This section will give an overview over cor-
responding approaches.
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Algorithm 1. Cross-Entropy Optimization according to [15]

Require: EVAL: S x AN - R > evaluation of plans
Require: FIT: Q(ATXR) g > refinement of distribution
1: function OPTIMIZE(S, ¢a, G, N)

2: for 0...G do

3 I
4 for 0...N do
5: a ~ ¢q
6: v« EVAL(s,a)

7 I—1T1U(a,v)

8 end for

9 ¢a = FIT(I)

0 end for
return ¢, > return best plan
11: end function

10:

3.1 Multi-armed Bandits

In [1] the authors consider risk as third optimization objective besides the clas-
sical exploration vs. exploitation dilemma. They argue that in risky bandits
the learned policy should not only minimize regret, but also the incurred risk.
Motivated by applications in energy management Galichet et al. proposed the
multi-armed risk-aware bandit algorithm (MaRaB) to limit the exploration of
risky arms. MaRaB limits exploration of risky arms by taking Conditional Value
at Risk as arm quality, thereby reducing risk. In contrast to multi-armed bandits,
in this paper we consider state-conditioned, sequential decision making.

3.2 Markov Decision Processes

Risk in MDPs has been analyzed within planning and learning frameworks such
as reinforcement learning (RL). Reinforcement learning algorithms traditionally
use the expected return to find optimal policies [10]. RL algorithms that trans-
form the optimization criterion to include a notion of risk are known as safe
reinforcement learning methods [6].

The notion of risk within MDPs can be broadly categorized into two classes.
The first class focusses on the optimization for worst-cases [2]. The other class
makes use of utility functions, where utility can reflect the risk-preferences of
the planner, i.e., risk-averse, risk-neutral or risk-seeking [3,16]. Within this class
exponential utility functions play an important role, as they have properties
which allows efficient Dynamic Programming solutions.

In [2], Heger proposed the worst case criterion also known as minimax to
find policies that minimize the worst case total discounted costs. This means, a
minimax policy is optimal, if it has the lowest costs in the worst case. As a relax-
ation of pure worst case optimization, [2] introduced Q—learning as a counterpart
to traditional Q-learning [17], that is related to the minimax criterion. Even if
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RISEON uses empirical CVaR to account for risk and so in the limit « — 0
is functional equivalent to worst case optimization in contrast to Q—learning it
works in continuous state and action spaces.

Another line of work comprises methods that try to associate the risk with
the variance of the return. Normally, these approaches allow to control risk-
sensitivity through the presence of a parameter known as the risk-sensitivity
parameter. A prominent criterion in this class is given through exponential util-
ity functions, where the return is transformed to reflect subjective measures of
utility [18]. Exponential utility functions balance expected return and associated
variance, thus deviating from the high restrictiveness incorporated through min-
imax. Exponential utility functions are the most widely used method and best
analyzed concept to deal with risk in finite MDPs [6]. In this sense RISEON
is a risk-sensitive approach, as it provides a parameter o through which the
risk-level, i.e., the accepted variance of the return can be controlled. In contrast
to exponential utility functions, RISEON does not need explicit knowledge of
transition probabilities which might be unavailable in many planning tasks.

Moldovan et al. in [5] stressed the importance of risk-awareness to bring RL
closer towards real-world learning of dangerous tasks. For many such applica-
tions the assumption of consequence-free restarts through which independent
and identically distributed versions of the planning scenario are provided has to
be drooped. In real-world settings this assumption can often not be fulfilled as
restarts might be costly, or hardware can get damaged. As an extension to exist-
ing risk-aware objectives Moldovan et al. proposed Chernoff Bounds for MDPs
[19]. The main difference to RISEON is that the proposed algorithms in [5] again
need MDP transition probabilities to work.

3.3 Classification Learning

To account for risk-sensitivity in classification learning, Kashima proposed in [20]
a meta-learning algorithm based on CVaR to extend cost-sensitive algorithms
to mitigate risks of huge costs occurring with low probabilities. This approach
allows classification that does not primarily minimize the probability of misclassi-
fication but rather make decisions based on the potential risk of misclassification
and consequent large costs.

4 Risk-Sensitive Online Planning

Risk-sensitive online planning extends simulation based online planning by
changing the optimization criterion to evaluate sample plans. That is, evaluation
needs to consider associated risk within reward distributions through applying
an appropriate risk-metric. The proposed risk-metric is Conditional Value at
Risk (CVaR) [21] formally introduced in the following section.
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Fig. 1. Value at Risk and Conditional Value at Risk with a = 0.05 for costs sampled
from a Gumbel distribution with u = 0,8 = 1.

4.1 Value at Risk and Conditional Value at Risk

A prominent risk metric from the field of financial engineering is Value at Risk
(VaR). For a random variable X representing loss, and a parameter a with
0 < a < 1, VaR is defined as the minimum value ¢ € R such that with probability
a, X will not exceed ¢ [4]:

VaRy(X) :=min{c: P(X <¢) > a} (4)

A disadvantage of VaR, is that it does not provide any information about poten-
tial losses in the (1 —a)) x 100% worst cases. On the contrary, Conditional Value
at Risk (C'VaR) [21] provides such information. Based on the definition of VaR,,
CVaR, for a continuous random variable X is defined as the expectation of losses
above VaR,[4]:

CVaR,(X) :=E[X|X > VaR,(X)] (5)

Intuitively, one can interpret CVaR,, as the expected costs in the (1 —a) x 100%
worst cases. Figurel shows exemplarily VaR, and CVaR, with o = 0.05 for
costs sampled from a Gumbel distribution with parameters u = 0,8 = 1.

To compute C'VaR,, of sample plans during online planning we use a non para-
metric, consistent estimate denoted ma. Assuming a descendingly ordered
list of costs C' with length n then CVaR, is given as [22]:

k
—— 1
CVaRa(C) = ¢ > (6)
=1

where k is the ceiling integer of a * n.
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4.2 Plan Evaluation with CVaR,

In order to make simulation based online planning risk-sensitive we propose the
procedure EVAL given in Algorithm 2. EVAL takes the current observation and
a plan as input. It requires the number of iterations I, the planning horizon H,
a to calculate C'VaR, and a discount factor . A plan a is executed I times
and its accumulated, discounted costs are kept in a list. Subsequently, the list is
sorted and ma is computed according to Eq. 6.

Algorithm 2. Risk-Sensitive Plan Evaluation

Require: P(S|S x A),C:S —R > transition model, cost function
Require: 7Te NJH e NNaeR,veR
1: procedure EVAL(s € S,a € AY)
C—1
c+—0
fori=0— 1 do
for h=0— H do

3
4
5
6: s «— P(:|s,an) > execute next action
7 c—c+~"xC(s) > accumulate costs
8 end for
9 C—CuUc > append accumulated costs
0 end for
1 sort C'

return CVaR.(C, )
12: end procedure

—_ =

5 Empirical Results

To evaluate planning w.r.t risk-sensitivity we ran experiments in two planning
domains. The first domain is a smart grid setting, where the planner is in charge
of satisfying the energy demand. The second domain is called Drift King, a
physical environment where the planner controls a vehicle through applying
forces and torque to collect different types of checkboxes. In all experiments
we use RISEON with different values of « representing different levels of risk-
sensitivity. In addition we also plan with mean optimization which is equal to
RISEON with a = 1, i.e., expectation is build upon the whole distribution.

5.1 Smart Grid

This scenario simulates a power supply grid consisting of a consumer and a
producer. The planning task is to estimate the optimal power production for
the next time step. The consumption behavior ¢ resembles a sinus function with
additive noise, i.e., c(t) = sin(t) + € with € ~ N(0,0.1). The action space in
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the smart grid domain is A C R and an action describes the change of power
production for the next step. Costs arise through differences from actual needed
and provided power. Shortages create costs as consumers can not get supplied
sufficiently. Ideally, the planner manages to keep the difference of production
and consumption as little as possible. This however, can be risky due to the
consumer’s stochastic behaviour. The different situations create costs C' in the
form of:

|z| + 10,z <0
Cx)=<|z|-10,0<z <1 (7)
|| otherwise,

where z is the difference of provided and needed energy. That is, the less
surplus is produced the less costs arise. Still, if consumption can not be satisfied,
the planner will receive extra costs assuming that shortages are more severe
in terms of costs than overshooting. However, to create incentives to reduce
the difference of production and consumption the planner receives a bonus if it
manages keep the difference under a given threshold (0 < z < 1).

- MEAN - MEAN - MEAN
CVaR 0.1 CVaR 0.2 CVaR 0.4
025 025 025
020 020 020
015 015 015
0.10 010 010
0.05 0.05 0.05
0.00 0004 0.00
-10 -5 10 - -

0 H -
costs costs :osts

(a) VMC, a =0.1 (b) VMC, a =0.2 (¢c) VMC, aa=0.4
0.30 0.30
- MEAN 0.30 - MEAN - MEAN
o S - Goroa 0ss Sanos
0.20 0.20 0.20
os ors ois
o0 010 010
005 o0s 005
000 o0 o
B N ) =
costs CUS[S COS(S
(d) CE, a =0.1 (e) CE, a =0.2 (f) CE, a=0.4

Fig. 2. Histograms of smart grid costs for RISEON with two different planning strate-
gies: vanilla Monte Carlo planning (VMC) and cross entropy planning (CE). Both
planners use different levels of a, i.e., « € {0.1,0.2,0.4} shown in green. In addition
planners also plan with mean shown in blue. The planner optimizing for mean is more
likely to yield high losses. In contrast, optimizing for CVaR effectively reduces the
number of high loss events (best viewed in color). (Color figure online)

Figure 2 shows the produced costs from runs of the smart grid simulation for
RISEON with two different planning strategies. The first is plain Vanilla Monte
Carlo planning (VMC), the second planner uses Cross Entropy optimization
(CE). Planning was done with number of plans, N = 800, planning horizon,
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H = 1 and number of iterations per plan, I = 20 in the case of VMC and
N =200,H =1,G =5,1 =20 for CE.

The results for VMC are shown in Figs. 2a—c and results for CE in Figs. 2d-f.
For all planners we used three different values of «, which are 0.1,0.2,0.4. In
addition we also used mean to represent risk-neutral planning. The results from
CVaR are marked in green whereas risk-neutral planning i s shown in blue. All
runs comprise 1000 steps.

For RISEON with both planning methods we observe a reduction of high
costs for all values of «. This can be seen in all plots by a decreased mode of
large costs. This goes along with an increased number of costs in the region of
0 to 5 and a reduction of bonus payments (costs beneath —5). In this sense,
the planner trades-off the likelihood of encountering large costs by accepting an
increased number of average costs. This is the expected reaction from a risk-
sensitive planner as it prefers lower variance with reduced expectation over large
variance with higher expectation.

Fig. 3. The Drift King domain confronts the planner with a task of collecting 5 out of
10 checkboxes. Checkboxes provide different rewards, i.e., blue checkboxes give reward
r ~ N(1.0,0.001) whereas pink checkboxes give reward r ~ N'(1.0,1.0) (Color figure
online)

5.2 Drift King

The second evaluation domain is called Drift King shown in Fig.3. The agent
controls a vehicle (white triangle) by applying forward force and torque, i.e., the
action space is A C R2. The goal in Drift King is to collect 5 out of 10 checkboxes,
where checkbox rewards come from two different distributions. Blue checkboxes
give reward 7 with r ~ N'(1,0.001), whereas the pink checkboxes provide rewards
according to r ~ N(1,1.0). All checkboxes have same expectation, but blue
checkboxes have less variance.
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Fig. 4. Drift King results from 90 episodes for VMC planning with different planning
budgets, i.e., N = 20,H = 20,I = 20 (Figs.4da-c) and N = 40,H = 15,1 = 20
(Figs. 4d—f). All runs where conducted with different values for CVaR, with a €
{0.05,0.1,0.2,0.4, 0.8} represented by boxplots 1-5 in each plot. In addition risk-neutral
planning was represented through mean optimization and is shown in the rightmost
boxplot.

In all Drift King experiments we used RISEON with VMC planning with
varying budgets for planning. In the first setup the planner was allowed to sim-
ulate 8000 steps which were split in number of plans, N = 20, planning horizon,
H = 20 and number of iterations for each plan, I = 20. In the second experiment
the planner was allowed to simulate 12000 steps with N =40, H = 15, I = 20.
Drift King episodes lasted for a maximum of 5000 steps but an episode ended
whenever 5 checkpoints were collected. For each step the planner received a time
penalty of 0.004.

To evaluate RISEON in the Drift King domain we consider total episode
reward, the percentage of safe checkboxes collected and the number of episode
steps. The results from 90 episodes of Drift King are shown in Fig. 4. In Figs. 4a—
are results for RISEON with 8000 simulation steps and Figs. 4d—f show the results
for 12000 simulation steps. All Figures show 6 boxplots where boxplots 1-5
represent RISEON with o € {0.05,0.1,0.2,0.4, 0.8} for decreasing consideration
of tail-risk and the rightmost boxplot for mean optimization.

Over all experiments the variance of rewards correlates with o which can be
seen in Figs. 4a and d. Figures4b and e show the percentage of safe checkpoints
that the planner gathered where a value of 1 means that 5 out of 5 collected
checkboxes had low variance. This value strongly decreases for growing « and
has the lowest expectation for risk-neutral planning with mean. The number of
episode steps negatively correlates with «, i.e., increasing risk-neutrality goes
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along with reduced episode duration. A selection of videos from RISEON with
different risk-levels can be found at: https://youtu.be/90ullyPk9tc.

The results from the Drift King environment confirm the smart grid results.
Moreover, in the case of Drift King the planner seems to trade-off reward uncer-
tainty for an increased number of episode steps. This is reasonable as a risk-
neutral planner can choose the straight way towards the next checkbox disre-
garding potential reward variance. In contrast a risk-sensitive planner will prefer
a longer distance towards a safe checkbox to reduce risk. Again risk-sensitive
planning results in lower reward expectation but also significantly reduces the
variance. From the variation of o we find that risk-sensitivity can be controlled
via a single parameter.

6 Conclusion

In this work we proposed RISEON as an extension of simulation based online
planning. Simulation based planning refers to methods which use a model of
the environment to simulate actions and gather information about its dynamics.
Actions are originated from a given sampling strategy, e.g., vanilla Monte Carlo
or cross entropy planning. Through repeatedly simulating actions the agent gains
samples of cost distributions. In order to plan w.r.t. to tail risk we use empirical
CVaR as optimization criterion. In two different planning scenarios we empiri-
cally show the effectiveness of CVaR with respect to risk-awareness. By modify-
ing the a quantiles we demonstrated that risk-sensitivity can be controlled via
a single hyper parameter.
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Abstract. Many Deep Neural Networks (DNNs) are implemented with
the single objective to achieve high classification scores. However, there
can be additional objectives like the minimization of computational costs.
This is especially important in the field of mobile computing where not
only the computational power itself is a limiting factor but also each
computation consumes energy affecting the battery life. Unfortunately,
the determination of minimal structures is not straightforward.

In our paper, we present a new approach to determine DNNs employ-
ing reduced structures. The networks are determined by an Evolution-
ary Algorithm (EA). After the DNN is trained, the EA starts to remove
neurons from the network. Thereby, the fitness function of the EA is
depending on the accuracy of the DNN. Thus, the EA is able to control
the influence of each individual neuron. We introduce our new approach
in detail. Thereby, we employ motion data recorded by accelerometer
and gyroscope sensors of a mobile device. The data are recorded while
drawing Japanese characters in the air in a learning context. The exper-
imental results show that our approach is capable to determine reduced
networks with similar performance to the original ones. Additionally, we
show that the reduction can improve the accuracy of a network. We ana-
lyze the reduction in detail. Further, we present arising structures of the
reduced networks.

Keywords: Neuroevolution - Deep learning
Evolutionary Algorithm + Pruning - Motion sensor data
Japanese characters

1 Introduction

In many scenarios, the objective of a DNN [9] is to be as accurate as possible.
Thereby, highly complex and computationally expensive networks can arise like
GoogLeNet [35] or ResNet [16]. However, there are cases in which not only the
accuracy is relevant, e.g., in the field of mobile computing, the computational
costs are also very important. These costs affect both, the limited computational
© Springer Nature Switzerland AG 2018
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resources as well as the battery life because each computation consumes energy.
Thus, especially for mobile computing, small and efficient networks are required.

A DNN with reduced structures makes it possible to solve classification prob-
lems on a mobile device while consuming relatively low energy. An example for
such a problem is the classification of Japanese characters which are written by
hand in the air. This can support the learning process of a new language. Using
body motion for learning is known for being more effective compared to learning
without motion [19]. To record the motion, we use the acceleration and gyroscope
sensors of a mobile phone which is held in one hand. The developed application
was executed on a Google Pixel 2 running Android 8.1. Figure1(a) shows a
screenshot of the application. There are basically two buttons: record/stop to
start and to stop the recording and by pressing the paint button, the user is able
to draw virtually in the air. A photo of the setup can be seen in Fig. 1(b).

¥ 850
Motion Logger 2.0

PAINT RECORD

Please Calbrate
0 cau swircn
""" (i) BRATE  BUTTON

< (o} o

(a)

Fig. 1. Setup to log the motion data: (left) the Android application and (right) a photo
of the application in usage

Our paper is structured as follows. After the introduction, the foundation is
laid. Then, we propose our new approach to determine reduced networks. The
experimental results are presented in Sect. 4. Finally, conclusions are drawn.

2 Foundation

In this section, we lay the foundation of our paper. Thereby, we show that learn-
ing can benefit from motions, the employed Japanese characters are introduced
and related work is presented.

2.1 Learning Using Motions

Enacting or the use of gestures or movements of the body is a long and well
known method for improving the success of learning a new language [1]. Since
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the development of functional magnetic resonance imaging (fMRI), there are
several publications which are investigating the connection between the cortical
systems for language and the cortical system for action [3,24]. With the help
of fMRI, it is possible to detect changes in the blood flow in human brains and
thus, to draw conclusions about neural activity in certain areas. The publications
found out that combining language learning with enactment results in a more
complex network of language regions, sensory and motor cortices. Due to this
complexity, it is assumed that language learning with enactment is having a
superior retention [24].

The focus of these publications is usually the acquirement of certain vocabu-
lary. But learning a new language can also mean having to learn new characters,
e.g., for an Asian language like Japanese. The Japanese writing system consist
of three different character types: Kanji, Hiragana and Katakana. Hiragana and
Katakana represent syllables and each writing system consists of 48 characters.
The origins of Hiragana and Katakana led to a distinction in the application
nowadays. Katakana had mainly been used by men and is now usually used for
accentuation [10]. In contrast to that Hiragana was originally used by aristocratic
women and is now predominantly applied for Japanese texts in combination with
Kanji [10]. Kanji are adopted Chinese characters where each symbol represents
one word. Because they were originally used for the Chinese language, one Kanji
character can be used for different words in Japanese. There is no definite count
of Kanji but there is a Japanese Industrial Standard (JIS X 0208) for Kanji which
contains 6353 graphic characters [30]. To be able to read a Japanese newspaper,
it is required to know the 96 characters of Hiragana and Katakana and also at
least 1000 of the logographic Kanji [30]. Learning all these characters takes a
lot of effort and time, e.g., Japanese students learn Kanji until the end of high
school [36]. In order to make the study of a second language like Japanese for
foreigners more successful, it is recommended to use every possible support like
learning with enactment to improve the learning process.

2.2 Motion Data of Japanese Characters

In our work, we choose the syllabary Katakana as characters. Katakana consists
of rather straight lines with sharp corners compared to Hiragana. From the
syllabary Katakana, the following symbols are selected: 7, 1, 7, T, 4 and
71, ¥, 7, 7, 3. The characters represent the vowels and syllables: a, i, u, e, 0
and ka, ki, ku, ke, ko. These are the first ten characters of the Katakana syllabary.
Katakana is typically used for non-Japanese words or names. When foreigners
learn Japanese, it is often the first learning objective in order to be able to write
their own name with these characters. Another usage of these characters is to
emphasize words like it is done with italics in English or other roman languages.

The motion data are recorded with a sampling rate of 50 Hz. Our mobile
device employs an accelerometer which is detecting each acceleration including
the gravitational acceleration g. The accelerometer can be combined with the
gyroscope which can detect circular motion to exclude the influence to the accel-
eration due to gravity. Additionally, the remaining small error can be reduced
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Fig. 2. Acceleration data for each spatial direction of a recorded character 7 , latin: a.
A green line indicates a pushed paint button (Color figure online)

by a calibrating measurement before starting the recording. This minimizes the
measurement error. However, as we are working with real sensors, there is always
a deviation. For this reason, we define that the starting and ending position of
each recording have to be at the same location. Using this information and
assuming a uniform acceleration deviation makes it possible to improve the data
for visualization like in Fig.3. Thereby, a quadratic relationship between the
acceleration a and the position s depending on the time ¢ of s(t) = 0.5-a - t? is
applied.

The DNN processes the raw acceleration data. An example is shown in Fig. 2.
Because the employed Japanese symbols consist of up to four different lines,
there is a button paint in the application as introduced in Sect.1. The graph
is green for periods where the paint button is pressed and gray for the rest of
the recorded motion. In the graph, there are changes in the acceleration visible
which are typical for each character. However, as this way of representing the
motion data is not very intuitive for recognizing the characters by humans, in
Fig. 3, we visualize the position data. This visualization uses the improvements
introduced in the last paragraph. In the figure, the motion starts with yellow
and ends with purple.

Overall, there are ten characters. Each character is recorded 120 times result-
ing in a data set of more than 1000 recordings. For the experimental results, we
employ a 6-point cross-validation using a stratified k-fold cross-validator [29].
This provides 100 patterns per character in the training data and folds which
are preserving the percentage of samples for each class.
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Fig. 3. The plotted motion data of the Japanese characters

2.3 Related Work

Our work is based on DNNs and EAs. DNNs are feed-forward neural networks
with multiple hidden layers [5]. They are mostly used to solve classification prob-
lems [15]. In a lot of contests, DNNs showed their superior performance compared
to other state-of-the-art methods [31]. An EA is an optimization algorithm which
can be applied to various problems [8]. It is stochastic and as it treats its fitness
function, which is rating the quality of solutions, as a black-box, EAs can be
applied to analytically not solvable problems. Mainly, they are used for highly
complex problems in various fields of research [22,23].

Since EAs can handle highly complex optimization problems, they can be
applied to optimize DNNs. This line of research is called neuroevolution. First
approaches occurred in the 1990s [25]. Most approaches from this field can be
divided into two main categories: (1) optimizing the structure and hyperparam-
eters of a DNN and (2) finding optimal weights and biases for the artificial
neurons. A famous approach from (1) is to evolve neural networks through aug-
menting topologies [33,34]. The CMA-ES [13] has been used to optimize hyper-
parameters like number of neurons, parameters of batch normalization, batch
sizes, and dropout rates in [21]. But also more simple EAs like a (1 + 1)-EA are
employed to determine networks [20]. A problem for approaches from (2) is the
large amount of data. While gradient based optimizers can cycle through the
data, an EA takes all data for each fitness function evaluation into account [27].
Additionally, due to the huge amount of weights, the optimization problems
have become very high dimensional. However, [27] indicates that EAs can be an
alternative to stochastic gradient descent.

To the best of our knowledge, all approaches from category (1) are not min-
imizing the structure of DNNs, e.g., in [34] the network is incrementally grow-
ing from minimal structure. Besides from the field of neuroevolution, there are
approaches to minimize DNNs. One reason is to make networks less computa-
tional expensive [7,12,26]. As DNNs are usually over-parameterized [6], DNNs
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can be minimized to reduce network complexity and overfitting [4,14]. Another
reason is the memory usage. In [11], pruning, trained quantization and huffman
coding are used to minimize the memory usage of DNNs without affecting their
accuracy.

3 Evolutionary Structure Minimization

In this section, we introduce our new evolutionary approach to reduce DNNs.
A scheme of the approach can be seen in Fig.4. On the left side of the figure,
a DNN is shown. On the right side, the EA is presented from the perspective
of solutions as the solutions are controlling the switchable dense layers of the
DNN.

The DNN is a typical feed-forward network consisting of five dense layers
employing the ReLU activation function [28] followed by a dropout layer [32]
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Fig. 4. Scheme of our new approach to compute DNNs with minimal structures.



Evolutionary Structure Minimization of Deep Neural Networks 249

and an output layer using the softmax activation function [2]. Five layers allow
the network to compute complex features while the network complexity stays
relatively low. In dense layers, all neurons are connected with every neuron of
the following layer. This is different in our network, as there are switch vec-
tors si,...,s; between the dense layers. These vectors consist of zeros and ones.
They are multiplied with the outputs of the previous dense layers. Thus, it is pos-
sible to let outputs of neurons through, i.e., multiply them by 1, or to stop them,
i.e., multiply them by 0. The vectors si,...,s5 are configured by the solutions
of the EA. This means, the EA is capable to disable the output of each neuron
individually. Changes of the network might influence the output y. Therefore,
the EA gets a feedback from the network while evaluating its solutions.

A (1 + 100)-EA is applied, i.e., in each generation 100 solutions are created
and one solution is selected. Due to the 100 solutions, the EA is able to discover
the search space relatively broad. On the other hand, the high selection pressure
makes our EA also greedy. To create new solutions, we employ the bit flip muta-
tion operator [8], i.e., each value in a vector s is changed independently by the
chance of 1/m while m is the number of variables. In our case, m is the number
of switches which is equal to the number of neurons, i.e., m = Z?:l si]. If a
value v in a vector s € {s1,...,s5} should be changed, v = 1 becomes v = 0 and
v = 0 becomes v = 1.

3.1 Interaction Between Deep Neural Network and Evolutionary
Algorithm

First of all, a base configuration ¢ of the DNN is chosen. The configuration ¢ =
(c1,¢2,c3,¢4,c5) determines the number of neurons per switchable dense layer.
Thus, it applies: |s;| = ¢; for i = 1,...,5. With the initial solution x%, of the EA,
the DNN should be able to use all neurons: x%, = (1,1,...,1) with [x? | = m.
With this setting, the DNN is trained by employing the AdamOptimizer [18].
The net is trained for n® epochs employing a batch size of n’. After the training,
the optimization process of the EA is able to start and xY, becomes x.,. Based
on Xq, 100 new solutions are created by the bit flip mutation operator. If the
number of ones ones(---) in a new solution x/, is less or equal to ones(x.,), the
new solution is added to the population P. Each new solution in P is used to
configure the switches of the DNN. Changing the switches of the DNN influences
the output y of the DNN. The differences of the output are rated by the fitness
function f of the EA which we introduce in the next subsection. So, each new
solution x’_, is evaluated by f and gets a fitness values which expresses the
influence of x, on the DNN. As x/ controls the switches sy, ...,s5 which can
enable and disable the output of each neuron, the fitness values also expresses
the influence of the individual neurons on the DNN. In the selection of the
EA, the new solution x}, leading to the highest fitness value is determined. If
f(x%,) > f(Xea), the solution x*, replaces x., and thus, in the next generation,
the 100 new solutions are based on x,. The EA is run for n? generations.
After the optimization is finished, the reduced net can be determined easily.
The reduced net employs dense layers. The number of neurons per layer is the
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number of ones in the matching vector si,...,s5. The neurons get the weights
like in the switchable dense layers. Each neuron in the switchable dense layers
which is followed by a zero can be removed without any loss as it makes no
contribution to the DNN. Figure 5 visualizes the reduction step.
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3.2 Fitness Function of Evolutionary Algorithm

The fitness function f of the EA is responsible for evaluating the influence of a
solution x., to the DNN. As the influence of x., is depending on data, f requires
data for its evaluation. Like stated in [27], f typically takes the whole training
data for its evaluation making the computation very expensive. To reduce the
computational costs, we employ batches like in the training of DNNs. The size
of the batches is n%,. However, different batches lead to different results for the
same solution. Thus, it could happen that one solution x!, is rated higher than a
different solution x2, just because of a better matching batch. This would make
the fitness values incomparable. For this reason, fitness values must use the same
batch to be comparable and be usable for the selection of the EA. Therefore, we
employ the same batch within each generation. Different generations can use dif-
ferent batches. This also means that the fitness value of the selected solution x%,
has to be reevaluated in each generation.

The most simple approach to compute a fitness value for the solution x., is
the accuracy of the DNN depending on x., and the batch. But as each pattern
is only rated as correct or false, this approach does not yield much information
to the optimization process and would lead to fitness values from N. For this
reason, we sum up the output values of the softmax function for each correct
label. Thus, there is a smooth transition from a well recognized pattern with a
softmax function value of nearly 1 to a not recognized pattern with a softmax
function value of nearly 0. This means, for a batch size of n%, and a solution X.,,
it applies:

0 < f(Xea) < 2 with f(Xca) € R. (1)
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4 Experimental Results

In this section, we show the experimental results of the accuracy, the number of
connections, and the development of the accuracy. Then, we point out to possible
improvements and analyze arising network structures.

The network structure introduced in the last section is employed with
100 neurons per layer, i.e., ¢ = (100,100, 100,100, 100). As this paper focuses
on the analysis of the evolutionary structure minimization (ESM), only one net-
work structure is used. Further research employing different network structures
is planned for future work. Especially for advanced structures like long short-
term memory networks (LSTMs) [17]. In preliminary experiments, we tested a
LSTM employing 100 cells on the data set. The net achieved an accuracy of
nearly 100%. However, the execution of the trained net takes on our test system
more than 30 ms while the DNN, employed in this work, takes a non-measurable
amount of time, i.e., significantly less than 1 ms.

As stated in Sect.2.2, a 6-fold cross-validation is employed. Each fold is
repeated 8 times resulting to nearly 50 experiments. In each experiment, the net
is trained for n® = 10 epochs employing a batch size n® = 100, the EA is run
for n9 = 1000 generations, 100 solutions are created in each generation, and the

fitness function uses a batch size n% , = 100.

Accuracy and Connections. Table 1 presents the accuracy on the test data of the
employed DNN. In the first column, the number of generation is shown. Then, in
the second column, the mean values and standard deviations of the accuracy are
visualized. In the final two columns, the mean values of the number of neurons
and connections are presented.

Table 1. Accuracy depending on generation

Generation | Accuracy Neurons | Connections
0 0.9707 £ 0.0126 | 500.0 40000.0
5 0.9714 4+ 0.0125 1 494.3 39069.5
10 0.9702 £ 0.0127 | 488.9 38195.1
25 0.9706 £ 0.0129 | 473.2 35753.6
50 0.9696 + 0.0125 | 447.6 31915.5
100 0.9620 £ 0.0144 | 395.8 24956.5
200 0.9481 £ 0.0178 | 315.0 15803.7

In the first row, the results after the training can be seen. There are 100 neu-
rons in each layer. Thus, there are 500 neurons (5-100) and 40 000 connections
(4 - 100 - 100) after the training. After 5 generations, the accuracy is slightly
improved and there are about 1000 connections less. About 4000 connections are
removed after 25 generation while the accuracy is the same as after the training.
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Even after 100 generations, the accuracy dropped by less than 1% while the
number of connections is reduced by nearly 40%. Then, it can be seen that the
accuracy starts to significantly decrease. To better understand the development
of the accuracy, we present it in Fig. 6.
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Fig. 6. Development of (left) the accuracy and (right) the number of connections
depending on the generation (Color figure online)

Development of Accuracy. On the left side of Fig. 6, the yellow horizontal line
represents the initial accuracy. The blue curve show the development of the
mean accuracy. Around the curve, the semi-transparent areas indicate the stan-
dard deviation. In the right figure, the blue curve shows the development of the
number of connections between the neurons. We split the x-axis into three stages
by dashed vertical semi-transparent lines at 50 and 350 generations. In the first
stage, the accuracy is similar to the initial value. As indicated in Tablel, in
this stage there is a potential for small improvements. In the second stage, the
accuracy stays relatively stable while the number of connections is significantly
decreasing. This stage might be interesting if the computational cost are highly
important and slight decreases of the accuracy are acceptable. In the last stage,
the accuracy clearly drops. This stage is not interesting as the relation between
accuracy and computational costs gets worse. This can also be seen in Fig. 7(a) in
which the test error (1 - accuracy) is multiplied with the number of connections
and visualized depending on the generation. The product shows a minimum at
about 350 generations.

Improving Accuracy. The previous results indicate that it is possible to not only
reduce the computational costs of the net but also to improve its accuracy. To
show this potential, we take the best test accuracy of each run and compute
the mean value. This is only a theoretical value as it is determined by using
information from the test data and decisions may only be taken based on the
training data. However, if there is a way to determine the information which
generation to select from the training data, this accuracy can be achieved. Table 2
presents the results. The test error decreases from 2.93% to 2.40%. A promising
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approach to achieve the required information from the training data is based
on the fitness function value. Figure 7(b) shows the development of f. It can
be seen that the value stays constant for slightly less than 100 generations.
The best values consists in mean of about 406.7 neurons, see Table 2. Looking
at Table1, 406.7 neurons are matching to the same number: slightly less than
100 generations. Thus, the information which generation to select for the best
accuracy might be within the development of f. We will further investigate this
point in our future work.

Table 2. Potential accuracy compared to initial accuracy

Generation | Accuracy Neurons | Connections
0 0.9707 £ 0.0126 | 500.0 40000.0
Best 0.9760 + 0.0125 | 406.7 27069.3
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Fig. 7. Development of (left) the test error times the number of connections and (right)
the fitness function value depending on the generation

Arising Structure. In the last paragraph of the experimental results, we analyze
the structures of the minimized networks. Therefore, in Fig. 8, the mean values of
the number of neurons for each layer are visualized depending on the generation.
The number is reduced in each layer but layer 1 consists of the most neurons
in each state of the minimization. This makes sense as the inputs of the deeper
layers are depending on layer 1 and so, removing a neuron from layer 1 influences
each following layer. After 50 generations, the layers are ordered based on their
layer number. Thereby, the gap between layer 1 and layer 2 is the largest.

It is interesting to see that after 250 generations, layer 5 is not the layer
with the fewest neurons anymore. And after 350 generations, it becomes the
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Fig. 8. Comparison of the number of neurons per layer during the optimization process.

layer with the second-most neurons. The extracted features by the network are
getting more complex for each layer, e.g., the first layer is only able to separate
patterns based on the employed ReLU function. The last layer creates the most
complex features which are employed by the output layer to classify patterns. It
seems as if the minimization starts to reduce these complex features less than the
features on which the complex features are based on, this might be an indicator
that the minimization is starting to destroy the network. This also matches to
the finding from Fig.7(a) where after 350 generations the product of the test
error times the number of connections starts to rise.

5 Conclusions

In our work, we minimized the structure of a DNN using an EA. Our new
approach is based on switchable dense layers which are controlled by the solutions
of the used EA. As classification problem, motion sensor data recorded while
drawing Japanese characters in the air are employed.

The optimization can be split into three stages. First, there is a potential to
improve the accuracy of the network. In the second stage, the accuracy slightly
decreases while the computational costs are significantly lower. Finally, the min-
imization starts to destroy the network. This stage is not interesting. The three
stages are well recognizable if looking at the test accuracy. However, it is worth-
while to detect the stages during the optimization applying the training data.
Promising approaches are based on the development of the fitness function values
and the arising network structures.

In our future work, we plan to transfer the approach to various network
structures and advanced networks like LSTMs. For LSTMs, the number of cells
could be minimized. Further, we are going to investigate possible improvements
of the accuracy in more detail.
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The creation of deep neural network models is nowadays much more accessi-
ble due to easy-to-use tools and a wide range of architectures. There exist many
different architectures to choose from, such as AlexNet [15], ResNet [9], WideRes-
Net [27], or SqueezeNet [12]. But they still require a carefully chosen set of hyper-
parameters for the training phase. In contrast to the weight-parameters, which
are learned by an optimizer that applies gradient descent, hyper-parameters
cannot be included into this optimizer or are part of it, e.g. dropout probability
or learning rate. A single set of hyper-parameters can become infeasible in the
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Abstract. Finding good hyper-parameter settings to train neural net-
works is challenging, as the optimal settings can change during the train-
ing phase and also depend on random factors such as weight initializa-
tion or random batch sampling. Most state-of-the-art methods for the
adaptation of these settings are either static (e.g. learning rate sched-
uler) or dynamic (e.g ADAM optimizer), but only change some of the
hyper-parameters and do not deal with the initialization problem. In this
paper, we extend the asynchronous evolutionary algorithm, population
based training, which modifies all given hyper-parameters during training
and inherits weights. We introduce a novel knowledge distilling scheme.
Only the best individuals of the population are allowed to share part
of their knowledge about the training data with the whole population.
This embraces the idea of randomness between the models, rather than
avoiding it, because the resulting diversity of models is important for the
population’s evolution. Our experiments on MNIST, fashion MNIST, and
EMNIST (MNIST split) with two classic model architectures show sig-
nificant improvements to convergence and model accuracy compared to
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later stages of training, although it was appropriate in the beginning. Further,
the weights of a network can develop differently due to factors of randomness,
such as initial weights, mini-batch shuffling, etc., even though the same hyper-
parameter settings are employed.

Recently, Jaderberg et al. [13] proposed a new asynchronous evolutionary
algorithm (EA) that creates a population of network models, which passes on
their well performing weights and mutates their hyper-parameters. They call
this method population based training (PBT). Although good models override
the weights of badly performing ones, PBT always only inherits the weights of
one individual per selection and ignores the knowledge of other individuals in
the population. In the worst case, this can lead to a population which has little
diversity between its individuals. Without diversity, we can be stuck with sub-
optimal weights. To avoid this problem, the population size could be increased,
but this also requires more computing resources.

In this work, we present a novel extension to PBT by enabling knowledge
sharing across generations. We adapt a knowledge distilling strategy, which is
inspired by Hinton et al. [10], where the knowledge about the training data
of the best individuals is stored separately and fed back to all individuals via
the loss function. In an experimental evaluation, we train classic LeNet5 [17]
and multi-layer perceptron (MLP) models on MNIST, fashionMNIST, and the
MNIST-split of EMNIST using PBT with and without our knowledge sharing
algorithm. Additional experiments are conducted on the more complex balanced
split of EMNIST with either ResNet or WideResNet models. These experiments
support our claim that our knowledge sharing algorithm significantly improves
the model performance trained with PBT.

This paper is organized as follows. In Sect. 2, we introduce the original algo-
rithm and our knowledge sharing extension. Next, the conducted experiments
are described in Sect. 3. Section 4 revises related work about knowledge distilling
and hyper-parameter optimization. Finally, in Sect.5 we draw our conclusions
and provide suggestions for future work.

2 Population Based Training with Knowledge Sharing

The original PBT algorithm [13] is described in the following and then extended
by our knowledge sharing method afterwards. The complete method is depicted
in Algorithm 1.

2.1 Population Based Training

First, we create a population of N individuals and start an asynchronous evolu-
tionary process for each one that runs for G generations. An individual consists
of its network weights 6, hyper-parameters h, current fitness p, and current
update step t. There is a training set (Xirain, Yirain) = {(€1,91), -+, (@0, yn)} €
(R% {1,...,c}) with size n, input dimensions d, and number of classes c. This set
is employed to the step-function, where weight 6 optimization is performed with
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Algorithm 1: PBT with knowledge sharing. The extensions to the
algorithm are highlighted with green boxes.

input: population P, number of generations GG, training samples Xirain,
training targets Yirain, validation samples Xya1, validation targets Yial
1 T < one-hot encode Yirain
2 for (0,h,p,t) € P (asynchronously in parallel) do

3 g+« 0
4 while ¢ < G do
5 0 < step(0|h, Xtrain, Yerain, 1)
6 p + eval(f, Xyai, Yeal)
7 if ready(p,t,P) then
8 h',0" < exploit(h,0,p,P)
9 if 0 # 0’ then
10 h,0 < explore(h’,0',P)
11 p + eval(6, Xyal, Yeal)
12 else
13 ‘ T « teach(@, Xtraim }/train7p7 P)
14 g+—g+1
15 update P with new (0, h,p,t+ 1)

16 return arg max,(p from P)

gradient descent depending on the hyper-parameter settings h (Line 5). Then,
the eval-function assesses the fitness p on a separate validation set (Xyal, Yyal)
(Line 6). If the ready-function condition is met, e.g. enough update steps have
past, the individual is reevaluated (Line 7). The exploit-function chooses the
next set of weight and hyper-parameters from the population with a selection
operator (Line 8). In our experimental studies we always use truncate selection,
which replaces an individual when it occurs in the lower 20% of the fitness-sorted
population with a randomly selected individual from the upper 20%. With the
explore-function we can change the weights and hyper-parameters of an individ-
ual (Line 10) and perform another call of eval (Line 11). This explore-function
is equivalent to the mutation operator in classical EAs. The explore-function
is called perturb, where the hyper-parameters are multiplied by a factor of o.
This factor o is usually chosen randomly from two values such as 0.9 and 1.1.
Finally, the individual is updated in population P. After the last generation, the
individual with highest fitness from the population is returned.

2.2 Knowledge Sharing

Next, we explain our extensions to PBT with knowledge distilling. These
additions are highlighted with green boxes in Algorithm 1. The teacher out-
put T = {t1,...,t,} € R is initialized with the one-hot-encoded class targets
of the true training targets Yirain (Line 1). During the evolutionary process, the
best models are allowed to contribute to T through the teach-function (Line 13).
We implement this teach-function by replacing 20% of the teacher output T
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with the predicted probability if the individual is from the upper 20% of the
population P regarding the fitness p. Depending on the population size, we are
able to replace the original targets from Y in a few generations and introduce
updates from generations continuously. One could adapt this value, but we kept
it fixed to reduce the time consumed by reevaluating the training dataset and
20% offered a good-trade-off between introduction of new teacher values and
retaining previous values.

While updating the weights through the step-function (Line 5), the output
of the teacher is used within the loss function L, which is defined as:

L=a: Leoss(y, f()) + (1 — @) - DxL(¥, f()), (1)

cross entropy distance to teacher

for a single input image @, label y, teacher output ¢, teacher model f, cross
entropy loss Leross, Kullback—Leibler divergence Dy, and a trade-off parame-
ter a. This combination of cross entropy and Kullback-Leibler divergence ensures
that the models can learn the true labels, while also utilizing the already acquired
knowledge of the population. The trade-off parameter « is added to the hyper-
parameter settings h. Hence, no manual tuning is required and the population
can self-balance the two loss functions.

To compare the output distributions of the teacher and the individuals,
we employ the Kullback—Leibler divergence Dkr, inspired by other distilling
approaches [23]. The one-hot encoding of the true target as initialization results
in a loss function equal to only using cross entropy since the Kullback-Leibler
divergence is approximately equal to the cross entropy when all-except-one class
probabilities are zero. There are similarities to generative adversarial networks
(GANSs) [7], where the generator is similar to the teacher and discriminator is
similar to the student. In contrast to knowledge distilling, the generator tries
to fool the discriminator. Also, by updating the teacher knowledge iteratively,
we elevate the usually static nature of distilling methods to be more dynamic,
which is now also similar to GANs.

As an alternative to creating the teacher output ty iteratively, one could
also directly use one or more of the models from the population to create a
teacher output for the current batch. This has been tried out by Zhang et al. [28]
and also by Anil et al. [1], but without the evolutionary adaption of hyper-
parameters. The downside of this approach is the increased amount of memory
and calculations required, since the teacher models have to be kept to calculate
the targets for the same images multiple times and the sharing of models between
GPU increases the I/O times.

3 Experiments

In the following, we want to compare the performance of the asynchronous EA
with and without knowledge sharing. Each condition is repeated 30 times for
reproducible results.
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Table 1. The two employed model architectures for ten classes: LeNet5 [17] and a MLP.
A dense layer is a fully connected layer with ReLU activation. This activation function
is also used by the convolutional layers. The number of neurons and parameters is
abbreviated with #neurons and #parameters, respectively.

LeNetb MLP

layer #neurons kernel size Ffparams layer #neurons #params
convolutional 6 5 X5 156  dense 256 200960
max pool 6 2 %2 0

convolutional 16 5 X5 2416 dense 128 32896
max pool 16 2x2 0

dense 120 - 48120  dense 64 8256
dense 84 - 10164

linear 10 - 850  linear 10 650
total #params 61706 242762

3.1 Datasets

We utilize three image datasets with the same amount of data, but with different
classification tasks. All contain images of size 28 x 28 with one grey-channel. We
apply normalization to the images as the only data transformation.

The first dataset is MNIST [16], which is a classical handwritten digits
dataset with the classes being the digits from one to ten. FashionMNIST [26] is
the second dataset and consists of different fashion articles. The last datasets,
EMNIST [5], is an extended version of the MNIST dataset with multiple differ-
ent splits. We decided to use the MNIST split that is similar to MNIST but offers
different images. 60 000 images are available for training and validation for each
of these three datasets. In our experiments, we use 90% (54 000) for training and
10% (6000) for validation. This validation set is used by PBT to assess a model’s
fitness. The testing set consists of 10 000 images and is only used for the final
performance measurement. There are 10 classes to be predicted in each dataset.
These three datasets will from here on referred to as MNIST-like datasets. As
an additional, more complex setting, we employ the balanced EMNIST split,
which encompasses 47 classes (lower/upper case letters and digits) with 112 800
images for training (101 520) and validation (11 280) as well as 18 800 images
for validation.

3.2 Model Architectures and PBT Settings

In our experiments on the MNIST-like datasets, we either employ a LeNet5 [17]
or a MLP architecture with details in Table 1. Further, we use a ResNet [9]
(depth = 14 with 3 blocks) and WideResNet [27] (k = 2, depth = 28 with 3
blocks) architecture for the balanced EMNIST split. ResNet has 2786 000 and
WideResNet 371 620 parameters. Notably, we do not want to compare these



Knowledge Sharing for Population Based Neural Network Training 263

90.0 with 89.68+.17 89.35  90.02

model = LeNet5 MLP &

99.3 i ? dataset model dist. meantstd min max
€992 98.4 & MNIST LeNet5 w/o 99.184.08 99.04  99.34
= o1 g with 99.234+.08 98.92  99.37
3 . ~
" o0 K MLP  w/o 98.30+.09 98.06  98.46

with 98.44+.09 98.24  98.57

L5 T 90.0

=
5 910 : S fashion LeNet5 w/o 90.57+.27 89.93  91.00
£ . = MNIST with 90.73+.34 89.85  91.43
2 90.5
e _ = MLP w/o 89.44+.14 89.15  89.74
~
‘

A 2 EMNIST LeNet5 w/o 99.29+.07 99.14  99.46
2 00,3 S (MNIST) with 99.33+.10 99.09  99.47
2 5
% 402 = MLP  w/o 98.57+.08 98.39  98.69
' M with 98.73+.09 9847  98.91
]
991 w/o with ) with 3
distilling distilling

Fig. 1. Box-plots and table of accuracy on the MNIST-like datasets employing LeNet5
or MLP individuals with and without knowledge sharing (distilling).

architecture, but rather compare if better models can be found for an architecture
with knowledge sharing.

We employ the cross entropy loss on the validation set as eval-function.
The exploit-function is truncate selection and the explore-function is perturb
mutation (see Sect.2). As optimizer, we use stochastic gradient descent with
momentum. Hyper-parameters h are learning rate and momentum. For runs with
knowledge sharing, the trade-off-parameter « from Eq. 1 is also part of the hyper-
parameters. WideResNet individuals also optimize the dropout probabilities for
each dropout layer inside the wide-dropout residual blocks as hyper-parameters.
For the MNIST-like datasets the population size N is 30, every 250 iterations
the ready-function enters the update loop, and the population’s life is G = 40
generations long, which amounts to ~12 epochs with a batch size of 64. On the
balanced EMNIST dataset N = 20 individuals are employed, within G = 100
generations and the ready-function triggers every 317 iterations, which results
in ~40 epochs for with batch size of 128.

We implemented the PBT algorithm in Python 3! with PyTorch? as our deep
learning backend. Our experiments ran on a DGX-1, whereby each EA employs
its population on 2 (MNIST-like) or 4 (balanced EMNIST) Volta NVIDIA GPUs

! https://www.python.org/.
2 https://pytorch.org.


https://www.python.org/
https://pytorch.org

264 S. Oehmcke and O. Kramer
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Fig. 2. Box-plots and table of accuracy on the balanced EMNIST split for ResNet and
WideResNet individuals with and without knowledge sharing (dist.).

with 14 GB VRAM each and either 20 (MNIST-like) or 40 (balanced EMNIST)
Intel Xeon E5-2698 CPUs.

3.3 Results

Our knowledge sharing extension is able to outperform the baseline PBT in all
tested cases. Figure 1 shows box-plots and a table of the results for experiments
on the MNIST-like datasets with LeNet5 and MLP individuals. The results for
ResNet and WideResNet on the balanced split of EMNIST are displayed in
Fig.2. In addition to the convergence of the models with knowledge sharing
around a higher mean and median, we observe that the highest achieved per-
formance is also better. Moreover, we apply the Mann-Whitney-U statistical
test [20], which confirms that PBT with knowledge sharing significantly sur-
passes the baseline PBT w.r.t. the test accuracy (p < 0.05).

Figure 3 presents the validation loss as well as the test loss and accuracy
for one PBT run for WideResNet individuals on balanced EMNIST with and
without knowledge distilling. Interestingly, both runs show a steady decline in
validation loss, but at around 2500 iterations the PBT run without distilling
diverges strongly with a lower loss. The best distilling model for this run achieves
a test accuracy of 90.47% and a test loss of 0.27, while the validation loss is 0.20.
Further, the best model without distilling performs worse on the test set with
accuracy (89.67%) and loss (0.33), but the validation loss is 0.11. This is a strong
indicator that overfitting to the validation set occurs without distilling and the
knowledge sharing method acts as an regularizer. More evidence of this is the
slowly increasing test loss for PBT without distilling. The PBT with knowledge
sharing also converges faster, as the test loss and accuracy show better values
even in early iterations. These effects are similar for the other architectures as
well. We discovered that the teacher output usually is not better than the best
individuals, which suggests that the different distributions and the resulting
diversity are the main advantage of this approach.

In Fig. 4 the lineages of hyper-parameter settings of a WideResNet run with
and without knowledge sharing are shown. The learning rate decreases over pass-
ing iterations, which is in line with intuition and fixed learning rate schedules.
Interestingly, the learning rate for knowledge sharing does not decrease as much
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Fig. 3. Validation loss plot of one PBT run with and without distilling on the validation
set from EMNIST (balanced) with WideResNet individuals. Different color hues depict
other individual models from the EA.

and even increases for some models at later iterations. The dropout probabilities
also change over time, although with different degrees across the layers and the
earlier layers. The trade-off parameter « is steadily increasing to a value between
0.75 and 1, which suggests that the knowledge sharing is especially useful early
on, but is also used at all the later iterations. Finally, with knowledge sharing, it
requires less iterations until the feasible hyper-parameter search space becomes
smaller; from 1300 to 2800 iterations (4 to 8 epochs) instead of 4000 to 4500
iterations (12 to 14 epochs). This means that the selection pressure is higher
early on, which could be explained by a faster convergence rate of the models.

4 Related Work

We report related work in distilling knowledge as well as hyper-parameter opti-
mization and differentiate ourselves from these.

4.1 Distilling Knowledge

Hinton et al. [10] originally proposed the distilling of knowledge for neural net-
works. They trained a complex model and let it be the teacher for a simpler
model, the student. The student model is then able to achieve nearly the same
performance as the complex one, which was not possible when training the simple
model without the teacher.

The second iteration of the WaveNet architecture [23] introduced the dis-
tilling method called probability density distillation. WaveNet is an architecture
that generates audio, e.g. for speech synthesis or music generation, proposed by
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Fig. 4. Exemplary run on EMNIST (balanced) with WideResNet individuals showing
the hyper-parameter lineage. Models are separated by color. The different dropout
probabilities p are depicted for each block and layer within (e.g. block 1 and layer 1 is
bl.1). Learning rate is abbreviated to Ir and momentum to mom.

Oord et al. [22]. The distilling method utilizes the Kullback-Leibler divergence
to enable the student network to learn the teacher’s output probabilities, which
we also employ in our approach.

Various other distilling techniques have been proposed: Mishra and Marr [21]
apply it to train models with weights that either have ternary or 4-bit precision.
They introduce three different schemes to teach a low precision student with a
full-precision teacher that all yield state-of-the-art performance and lower con-
vergence times for these network types. Another form of distillation has been
suggested by Radosavovic et al. [24], called data distillation for omni-supervised
learning. In this special semi-supervised task, unlabeled data is labeled by run-
ning the teacher model multiple times on an ensemble of input transforma-
tions and the student learns with help of this ensemble prediction. Furthermore,
Romero et al. [25] additionally utilizes the output of the intermediate layers
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from the teacher to train deeper, but thinner student networks. A different app-
roach has been submitted by Chen et al. [4]. Their Net2Net approach distills
the knowledge through two different network initialization strategies. One strat-
egy increases the width of a layer and the other one increases the depth of the
network while preserving the output function of the teacher model.

Our approach differentiates itself from these works since instead of having
a fully trained teacher model, our teacher output grows in knowledge alongside
the population and is not itself a neural network model. Another key difference
is that our student models all use the same architecture and the teacher output
is an ensemble of their outputs.

4.2 Hyper-Parameter Optimization

The optimization of hyper-parameters for neural networks is thoroughly
researched field. Popular choices are Bayesian optimization methods such as
the tree-structured Parzen estimator approach [2], or the sequential model-based
algorithm configuration [11]. Nearly as optimal, but usually much faster is ran-
dom optimization [3,6]. Further, the hyperband algorithm [18] minimizes the
time on unfeasible settings and is the current state-of-the-art method. There
is also work with EAs, where the covariance matriz adaptation evolution strat-
egy (CMA-ES) [8] is used [19].

In contrast to these methods, we do not want to find one optimal set of hyper-
parameters, but look at the optimization problem more dynamically and avoid
the problem of randomness by training multiple in parallel. This limits the set of
available hyper-parameters to those that do not change the network structure,
but are important for the training of the network. For example, intuitively the
learning rate for a network should decrease over time instead of being fixed to
be able to learn fast in the beginning and later only small changes are required
to improve the network. This is done in optimizers, such as ADAM [14], but is
restricted to a few hyper-parameters and depends on the loss function, whereas
PBT can utilize any given fitness function, even if it is non-differentiable.

5 Conclusion

The training of neural networks requires good hyper-parameter settings that
can gradually change and are subject to factors of randomness. In this paper, we
propose an extension to PBT with knowledge sharing across generations. This
approach, based on knowledge distilling, enables the best performing neural net-
works of a population to contribute to a shared teacher output for the training
data that is then reflected within the loss function of all networks in the popu-
lation. Compared to PBT without our knowledge sharing approach significantly
increases the performance on all tested data and architectures.

The approach is limited to computing systems with enough resources to
run a population of models. Luckily, powerful hardware and cloud solutions
are steadily becoming more accessible and affordable. Further, this work did not
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include alternative schemes for filling the teacher output, such as averaging or
selecting contributers from all individuals. Currently, only classification tasks
were considered in our experiments, which could be expanded to reinforcement
learning or regression. Although all used datasets consist of image data input, our
approach is transferable to other problem scenarios, such as speech recognition
or drug discovery.

Future work could include heterogeneous architectures in population that cre-
ate a more diverse teacher distribution. With diverse networks, it might be fea-
sible to employ ensemble techniques with the best population members instead
of only the best individual. Also, it could be explored if the network structure
could be adapted as well, e.g. with the Net2Net [4] strategies. More general
research could evaluate other algorithms for the evolutionary process, such as
the CMA-ES and how to incorporate knowledge sharing there. A comparison
to traditional hyper-parameter optimization methods could be conducted in the
future.
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Abstract. Stochastic gradient descent is the most prevalent algorithm
to train neural networks. However, other approaches such as evolutionary
algorithms are also applicable to this task. Evolutionary algorithms bring
unique trade-offs that are worth exploring, but computational demands
have so far restricted exploration to small networks with few parameters.
We implement an evolutionary algorithm that executes entirely on the
GPU, which allows to efficiently batch-evaluate a whole population of
networks. Within this framework, we explore the limited evaluation evo-
lutionary algorithm for neural network training and find that its batch
evaluation idea comes with a large accuracy trade-off. In further experi-
ments, we explore crossover operators and find that unprincipled random
uniform crossover performs extremely well. Finally, we train a network
with 92k parameters on MNIST using an EA and achieve 97.6% test
accuracy compared to 98% test accuracy on the same network trained
with Adam. Code is available at https://github.com/jprellberg/gpuea.

1 Introduction

Stochastic gradient descent (SGD) is the leading approach for neural network
parameter optimization. Significant research effort has lead to creations such
as the Adam [9] optimizer, Batch Normalization [8] or advantageous parameter
initializations [7], all of which improve upon the standard SGD training process.
Furthermore, efficient libraries with automatic differentiation and GPU support
are readily available. It is therefore unsurprising that SGD outperforms all other
approaches to neural network training. Still, in this paper we want to examine
evolutionary algorithms (EA) for this task.

EAs are powerful black-box function optimizers and one prominent advantage
is that they do not need gradient information. While neural networks are usually
built so that they are differentiable, this restriction can be lifted when training
with EAs. For example, this would allow the direct training of neural networks
with binary weights for deployment in low-power embedded devices. Further-
more, the loss function does not need to be differentiable so that it becomes
possible to optimize for more complex metrics.

With growing computational resources and algorithmic advances, it is becom-
ing feasible to optimize large, directly encoded neural networks with EAs.
© Springer Nature Switzerland AG 2018
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Recently, the limited evaluation evolutionary algorithm (LEEA) [11] has been
introduced, which saves computation by performing the fitness evaluation on
small batches of data and smoothing the resulting noise with a fitness inheri-
tance scheme. We create a LEEA implementation that executes entirely on a
GPU to facilitate extensive experimentation. The GPU implementation avoids
memory bandwidth bottlenecks, reduces latency and, most importantly, allows
to efficiently batch the evaluation of multiple network instances with different
parameters into a single operation.

Using this framework, we highlight a trade-off between batch size and achiev-
able accuracy and also find the proposed fitness inheritance scheme to be detri-
mental. Instead, we show how the LEEA can profit from low selective pressure
when using small batch sizes. Despite the problems discussed in literature about
crossover and neural networks [6,14], we see that basic uniform and arithmetic
crossover perform well when paired with an appropriately tuned mutation oper-
ator. Finally, we apply the lessons learned to train a neural network with 92k
parameters on MNIST using an EA and achieve 97.6% test accuracy. In compar-
ison, training with Adam results in 98% test accuracy. (The network is limited
by its size and architecture and cannot achieve state-of-the-art results.)

The remainder of this paper is structured as follows: Sect. 2 presents related
work on the application of EAs to neural network training. In Sect. 3, we present
our EA in detail and explain the advantages of running it on a GPU. Section 4
covers all experiments and contains the main results of this work. Finally, we
conclude the paper in Sect. 5.

2 Related Work

Morse et al. [11] introduced the limited evaluation (LE) evolutionary algorithm
for neural network training. It is a modified generational EA, which picks a
small batch of training examples at the beginning of every generation and uses
it to evaluate the population of neural networks. This idea is conceptually very
similar to SGD, which also uses a batch of data for each step. Performing the
fitness evaluation on small batches instead of the complete training set massively
reduces the required computation, but it also introduces noise into the fitness
evaluation. The second component of the LEEA is therefore a fitness inheritance
scheme that combines past fitness evaluation results. The algorithm is tested with
networks of up to 1500 parameters and achieves results comparable to SGD on
small datasets.

Baioletti et al. [1] pick up the LE idea but replace the evolutionary algorithm
with differential evolution (DE), which is a very successful optimizer for contin-
uous parameter spaces [3]. The largest network they experiment with employs
7000 parameters. However, there is still a rather large performance gap on the
MNIST dataset between their best performing DE algorithm at 85% accuracy
and a standard SGD training at 92% accuracy.

Yaman et al. [15] combine the concepts LE, DE and cooperative co-evolution.
They consider the pre-synaptic weights of a single neuron a component and
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evolve many populations of such components in parallel. Complete solutions are
created by combining components from different populations to a network. Using
this approach, they are able to optimize networks of up to 28k parameters.

Zhang et al. [16] explore neural network training with a natural evolution
strategy. This algorithm starts with an initial parameter vector 6 and creates
many so-called pseudo-offspring parameter vectors by adding random noise to 6.
The fitness of all pseudo-offspring is evaluated and used to estimate the gradient
at 6. Finally, this gradient approximation is fed to SGD or another optimizer
such as Adam to modify . Using this approach, they achieve 99% accuracy on
MNIST with 50k pseudo-offspring for the gradient approximation.

Neuroevolution, which is the joint optimization of network topology and
parameters, is another promising application for EAs. This approach has a long
history [5] and works well for small networks up to a few hundred connections.
However, scaling this approach to networks with millions of connections remains
a challenge. One recent line of work [4,10,12] has taken a hybrid approach where
the topology is optimized by an EA but the parameters are still trained with
SGD. However, the introduction or removal of parameters by the EA can be
problematic. It may leave the network in an unfavorable region of the parameter
space, with effects similar to those of a bad initialization at the start of SGD
training. Another line of work has focused on indirect encodings to reduce the
size of the search space [13]. The difficulty here lies in finding an appropriate
mapping from genotype to phenotype.

3 Method

We implement a population-based EA that optimizes the parameters of directly
encoded, fixed size neural networks. For performance reasons, the EA is imple-
mented with TensorFlow and executes entirely on the GPU, i.e. the whole pop-
ulation of networks lives in GPU memory and all EA logic is performed on the
GPU.

3.1 Evolutionary Algorithm

Algorithm 1 shows our EA in pseudo-code. It is a generational EA extended
by the limited evaluation concept. Every generation, the fitness evaluation is
performed on a small batch of data that is drawn randomly from the training
set. This reduces the computational cost of the fitness evaluation but introduces
an increasing amount of noise with smaller batch sizes. To counteract this, Morse
et al. [11] propose a fitness inheritance scheme that we implement as well.

The initial population is created by randomly initializing the parameters of
A networks. Then, a total of \ offspring networks are derived from the pop-
ulation P. The hyperparameters pg, pc and pjs determine the percentage of
offspring created by elite selection, crossover and mutation respectively. First,
the pg A networks with the highest fitness are selected as elites from the popula-
tion. These elites move into the next generation unchanged and will be evaluated
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P «—[61,0,,...,0,|0; randomly initialized|

while termination condition not met do

x,1y « select random batch from training data

P — P sorted by fitness in descending order

E — select elites P[:pgA]

C « select pc A parent pairs (61,05) € P[: p/\]2 uniform at random
M «— select pprA parents 61 € P [:p)] uniform at random

C' « [crossover (01, 602) | (01,02) € C]

M’ — [mutation (61) | §; € M]

P—FEUC UM

evaluate fitness (6, x,y) for each individual in 6 € P

end
Algorithm 1: Evolutionary algorithm. Square brackets indicate ordered lists
and L [:k] is notation for the list containing the first k elements of L.

again. Even though their parameters did not change, the repeated evaluation is
desirable. Because the fitness function is only evaluated on a small batch of data,
it is stochastic and repeated evaluations will result in a better estimate of the
true fitness when combined with previous fitness evaluation results. Next, pcA
pairs of networks are selected as parents for sexual reproduction (crossover) and
finally pas\ networks are selected as parents for asexual reproduction (muta-
tion). The selection procedure in both cases is truncation selection, i.e. parents
are drawn uniform at random from the top pA of networks sorted by fitness,
where p € [0, 1] is the selection proportion.

Due to the stochasticity in the fitness evaluation, it seems advantageous
to combine fitness evaluation results from multiple batches. However, simply
evaluating every network on multiple batches is no different from using a larger
batch size. Therefore, the assumption is made that the fitness of a parent network
and its offspring are related. Then, a parent’s fitness can be inherited to its
offspring as a good initial guess and be refined by the actual fitness evaluation
of the offspring. This is done in form of the weighted sum

fadj = (1 = @) + finn + o - fitness (6, z,y)

where fi,n is the fitness value inherited by the parents, fitness (6, z,y) is the
fitness value of the offspring 6 on the current batch z,y and « € [0,1] is a
hyperparameter that controls the strength of the fitness inheritance scheme.
Setting « to 1 disables fitness inheritance altogether. During sexual reproduction
of two parents with fitness fi; and fo or during asexual reproduction of a single
parent with fitness f3, the inherited fitness values are fi, = %( f1+ f2) and
finh = f3 respectively.
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3.2 Crossover and Mutation Operators

Members of the EA population are direct encodings of neural network param-
eters 8 € R where c¢ is the total number of parameters in each network. The
crossover and mutation operators directly modify this vector representation. An
explanation of the crossover and mutation operators that we use in our experi-
ments follows.

Uniform Crossover. The uniform crossover of two parents #; and 05 creates
offspring 6,, by randomly deciding which element of the offspring’s parameter
vector is taken from which parent:
01, with probability 0.5
eu,i =

02 else

Arithmetic Crossover. Arithmetic crossover creates offspring 6, from two
parents 6; and 6, by taking the arithmetic mean:

1
0, = 5(91 +65)

Mutation. The mutation operator adds random normal noise scaled by a muta-
tion strength o to a parent 6y:

szel—i—a-N(O,l)

The mutation strength ¢ is an important hyperparameter that can be
changed over the course of the EA run if desired. In the simplest case, the
mutation strength stays constant over all generations.

We also experiment with deterministic control in the form of an exponen-
tially decaying value. For each generation ¢, the mutation strength is calculated
according to o; = o - 0.99/% where ¢ is the initial mutation strength and the
hyperparameter k controls the decay rate in terms of generations.

Finally, we implement self-adaptive control. The mutation strength o is
included as a gene in each individual and each individual is mutated with the
o taken from its own genes. The mutation strength itself is mutated according
to oj41 = 0,V (01 with hyperparameter 7. During crossover, the arithmetic
mean of two o-genes produces the value for the o-gene in the offspring.

3.3 GPU Implementation

Naively executing thousands of small neural networks on a GPU in parallel
incurs significant overhead, since many short-running, parallel operations that
compete for resources are launched, each of which also has a startup cost. To
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efficiently evaluate thousands of network parameter configurations, the compu-
tations should be expressed as batch tensor! products where possible.

Assume we have input data of dimensionality m and want to apply a fully
connected layer with n output units to it. This can naturally be expressed as a
product of a parameter and data tensor with shapes [n,m] x [m] = [n], which in
this simple case is just a matrix-vector product. To process a batch of data at
once, a batch dimension b is introduced to the data vector. The resulting product
has shapes [n,m] x [b,m] = [b,n]. Conceptually, the same product as before is
computed for every element in the data tensor’s batch dimension. Batching over
multiple sets of network parameters follows the same approach and introduces a
population dimension p. Obviously, the parameter tensor needs to be extended by
this dimension so that it can hold parameters of different networks. However, the
data tensor also needs an additional population dimension because the output of
each layer will be different for networks with different parameters. The resulting
product has shapes [p, n, m] x[p, b, m] = [p, b, n] and conceptually, the same batch
product as before is computed for every element in the population dimension.

In order to exploit this batched evaluation of populations, the whole popu-
lation lives in GPU memory in the required tensor format. Next to enabling the
population batching, this also alleviates the need to copy data between devices,
which reduces latency. These advantages apply as long as the networks are small
enough. The larger each network, the more computation is necessary to evaluate
it, which reduces the gain from batching multiple networks together. Further-
more, combinations of population size, network size and batch size are limited
by the available GPU memory. Despite these shortcomings, with 16 GB GPU
memory this framework allows us to experiment at reasonably large scales such
as a population of 8k networks with 92k parameters each at a batch size of 64.

4 Experiments

We apply the EA from Sect.3 to optimize a neural network that classifies the
MNIST dataset, which is a standard image classification benchmark with 28 x 28
pixel grayscale inputs and d = 10 classes. The training set contains 50k images,
which we split into an actual training set of 45k images and a validation set of 5k
images. All reported accuracies during experiments are validation set accuracies.
The test set of 10k images is only used in the final experiment that compares
the EA to SGD. All experiments have been repeated 15 times with different
random seeds. When significance levels are mentioned, they have been obtained
by performing a one-sided Mann-Whitney-U-Test between the samples of each
experiment. The fitness function to be maximized by the EA is defined as the
negative, average cross-entropy

- *ZH pm(h = dzzpw IOg qU (1)

=1 j=1

1 A tensor is a multi-dimensional array.
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where n is the batch size, p;; € {0,1} is the ground-truth probability and ¢;; €
[0,1] is the predicted probability for the jth class in the ith example. Unless
otherwise stated, the following hyperparameters are used for experiments:

crossover op. = uniform  prp =0.056 A =1000 « = 1.00
sigma adapt. = constant pc = 0.50 o = 0.001
batch size = 512 pyv =045 p=0.50

4.1 Neural Network Description

The neural network we use in all our experiments applies 2 X 2 max-pooling
to its inputs, followed by four fully connected layers with 256, 128, 64 and 10
units respectively. Each layer except for the last one is followed by a ReLLU non-
linearity. Finally, the softmax function is applied to the network output. In total,
this network has 92k parameters that need to be trained.

This network is unable to achieve state-of-the-art results even with SGD
training but has been chosen due to the following considerations. We wanted to
limit the maximum network parameter count to roughly 100k so that it remains
possible to experiment with large populations and batch sizes. However, we also
wanted to work with a multi-layer network. We deem this aspect important, as
there should be additional difficulty in optimizing deeper networks with more
interactions between parameters. To avoid concentrating a large part of the
parameters in the network’s first layer, we downsample the input. This way, it
is possible to have a multi-layer network with a significant number of parame-
ters in all layers. Furthermore, we decided against using convolutional layers as
our batched implementation of fully connected layers is more efficient than the
convolutional counterpart.

All networks for the EA population are initialized using the Glorot-
uniform [7] initialization scheme. Even though Glorot-uniform and other neu-
ral network initialization schemes were devised to improved SGD performance,
we find that the EA also benefits from them. Furthermore, this allows for a
comparison to SGD on even footing.

4.2 Tradeoff Between Batch Size and Accuracy

The EA chooses a batch of training data for each generation and uses it to
evaluate the population’s fitness. A single fitness evaluation is therefore only a
noisy estimate of the true fitness. The smaller the batch size, the noisier this
estimate becomes because Eq.1 averages over fewer cross-entropy loss values.
A noisy fitness estimate introduces two problems: A good network may receive
a low fitness value and be eliminated during selection or a bad network may
receive a high fitness value and survive. The fitness inheritance was introduced
by Morse et al. [11] with the intent to counteract this noise and allow effective
optimization despite noisy fitness values. However, in preliminary experiments
fitness inheritance did not seem to have a positive impact on our results, so
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we performed a systematic experiment to explore the interaction between batch
size, fitness inheritance and the resulting network accuracy. The results can be
found in Fig. 1. Three key observations can be made:

First of all, the validation set accuracy is positively correlated with the batch
size. This relationship holds for all tested settings of A and «. This means, using
larger batch sizes gives better results. Note that the EA was allowed to run for
more generations when the batch size was small, so that all runs could converge.
In consequence, it is not possible to compensate the accuracy loss incurred by
small batch sizes by allowing the EA to perform more iterations.

Second, the validation set accuracy is also positively correlated with «. Espe-
cially for small batch sizes, significant increases in validation accuracy can be
observed when increasing «. This is surprising as higher values of o reduce the
amount of fitness inheritance. Instead, we find that the fitness inheritance either
has a harmful or no effect.

Lastly, increasing the population size A improves the validation accuracy.
This is important but unsurprising as increasing the population size is a known
way to counteract noise [2].

4.3 Selective Pressure

Having observed that fitness inheritance does not improve results at small batch
sizes, we will now show that instead decreasing the selective pressure helps. The
selective pressure influences to what degree fitter individuals are favored over less
fit individuals during the selection process. Since small batches produce noisy
fitness evaluations, a low selective pressure should be helpful because the EA is
less likely to eliminate all good solutions based on inaccurate fitness estimates.

We experiment with different settings of the selection proportion p, which
determines what percentage of the population ordered by fitness is eligible for
reproduction. During selection, parents are drawn uniformly at random from
this group. Low selection proportions (low values of p) lead to high selective
pressure because parents are drawn from a smaller group of individuals with
high (apparent) fitness. Therefore, we expect high values of p to work better
with small batches.

Figure 2 shows results for increasing values of p at two different batch sizes
and two different population sizes. Generally speaking, increasing p increases the
validation accuracy (up to a certain degree). For a specific p it is unfortunately
not possible to compare validation accuracies across the four scenarios, because
batch size and population size are influencing factors as well. Instead, we treat
the relative difference in validation accuracies going from p = 0.1 to p=0.2 as a
proxy. Table1 confirms that decreasing the selective pressure (by increasing p)
has a positive influence on the validation accuracy.

4.4 Crossover and Mutation Operators

While the previous experiments explored the influence of limited evaluation,
another significant factor for good performance are crossover and mutation
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Fig. 1. Validation accuracies of 15 EA runs for different population sizes A, fitness
inheritance strengths a and batch sizes. Looking at the grid of figures, A increases
from top to bottom, while « increases from left to right. A box extends from the lower
to upper quartile values of the data, with a line at the median and whiskers that show
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Table 1. Relative improvement in validation accuracy when increasing the selection
proportion from p = 0.1 to p = 0.2 in four different scenarios. Since large popu-
lation sizes are also an effective countermeasure against noise, the relative improve-
ment decreases with increasing population sizes. The fitness noise column only depends
on batch size and is included to highlight the correlation between noise and relative
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improvement.
Batch size | Fitness noise | Population size | Relative improvement
8 High 100 2.26%
8 High 1000 1.57%
512 Low 100 0.49%
512 Low 1000 0.34%
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Fig. 2. Validation accuracies of 15 EA runs for different population sizes A, batch sizes
and selection proportions p. The first row of figures shows results for small batch sizes,
while the second row shows results for large batch sizes.
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Fig. 3. Validation accuracies of 15 EA runs

right column.

with different levels of crossover pc,
crossover operators and mutation strength o adaptation schemes. The left column
shows results using uniform crossover, while arithmetic crossover is employed for the

operators that match the optimization problem. Neural networks in particular
have problematic redundancy in their search space: Nodes in the network can
be reordered without changing the network connectivity. This means, there are
multiple equivalent parameter vectors that represent the same function mapping.
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Designing crossover and mutation operators that are specifically equipped
to deal with these problems seems like a promising research direction, but for
now we want to establish baselines with commonly used operators. In particular,
these are uniform and arithmetic crossover as well as random normal mutation. It
is not obvious if crossover is helpful for optimizing neural networks as there is no
clear compositionality in the parameter space. There are many interdependencies
between parameters that might be destroyed, e.g. when random parameters are
replaced by those from another network during uniform crossover. Therefore,
we not only want to compare the uniform and arithmetic crossover operators
among themselves, but also test if crossover leads to improvements at all. This
can be achieved by varying the EA hyperparameter pc , which controls the
percentage of offspring that are created by the crossover operator. On the other
hand, random normal mutation intuitively performs the role of a local search
but its usefulness significantly depends on the choice of the mutation strength o.
Therefore, we compare three different adaptation schemes: constant, exponential
decay and self-adaptation.
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—— arithmetic, pc =0.75
none, pc =0
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Fig. 4. Population mean of ¢ from 15 EA runs with self-adaptation turned on. The
shaded areas indicate one standard deviation around the mean.

Since crossover operators might need different mutation strengths to operate
optimally, we test all combinations and show results in Fig. 3. Using crossover
(pc > 0) always results in significantly (p < 0.01) higher validation accu-
racy than not using crossover (pc = 0), except for the case of arithmetic
crossover with exponential decay. The reason for this is likely, that arithmetic
crossover needs high mutation strengths but the exponential decay decreases o
too fast. This becomes evident when examining the mutation strengths chosen
by self-adaptation in Fig. 4. Compared to uniform crossover, the self-adaptation
drives o to much higher values when arithmetic crossover is used. Overall, both
crossover operators work well under different circumstances. Uniform crossover
at pc = 0.75 with constant ¢ achieves the highest median validation accuracy
of 97.3%, followed by arithmetic crossover at pc = 0.5 with self-adaptive o at
96.9% validation accuracy. When using uniform crossover at pc = 0.75, a con-
stant mutation strength works significantly (p < 0.01) better than the other
adaptation schemes. On the other hand, for arithmetic crossover at pc = 0.5,
the self-adaptive mutation strength performs significantly (p < 0.01) better than
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the other two tested adaptation schemes. The main drawback of the self-adaptive
mutation strength is the additional randomness that leads to high variance in
the training results.

4.5 Comparison to SGD

Informed by the other experiments, we want to run the EA with advantageous
hyperparameter settings and compare its test set performance to the Adam
optimizer. Most importantly, we use a large population, large batch size, no
fitness inheritance, and offspring are created by uniform crossover in 75% of all
cases:

crossover op. = uniform  prp =0.05 A =2000 « =1.00
sigma adapt. = constant pc = 0.75 ¢ = 0.001
batch size = 1024 pyv =020 p=0.50

Median test accuracies over 15 repetitions are 97.6% for the EA and 98.0%
for Adam. Adam still significantly (p < 0.01) beats EA performance, but the
difference in final test accuracy is rather small. However, training with Adam
progresses about 10 times faster so it would be wrong to claim that EAs are com-
petitive for neural network training. Yet, this work is another piece of evidence
that EAs have potential for applications in this domain.

5 Conclusion

Efficient batch fitness evaluation of a population of neural networks on GPUs
made it feasible to perform extensive experiments with the LEEA. While the idea
of using very small batches for fitness evaluation is appealing for computational
cost reasons, we find that it comes with the drawback of significantly lower
accuracy than with larger batches. Furthermore, the fitness inheritance that
is supposed to offset such drawbacks actually has a detrimental effect in our
experiments. Instead, we propose to use low selective pressure as an alternative.

We compare uniform and arithmetic crossover in combination with different
mutation strength adaptation schemes. Surprisingly, uniform crossover works
best among all tested combinations even though it is counter-intuitive that ran-
domly replacing parts of a network’s parameters with those of another network
is helpful.

Finally, we train a network of 92k parameters on MNIST using an EA and
reach an average test accuracy of 97.6%. SGD still achieves higher accuracy at
98% and is remarkably more efficient in doing so. However, having demonstrated
that EAs are able to optimize large neural networks, future work may focus on
the application to areas such as neuroevolution where EAs may have a bigger
edge.
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Abstract. Recurrent neural networks have proven useful in natural lan-
guage processing. For example, they can be trained to predict, and even
generate plausible text with few or no spelling and syntax errors. How-
ever, it is not clear what grammar a network has learned, or how it keeps
track of the syntactic structure of its input. In this paper, we present a
new method to extract a finite state machine from a recurrent neural
network. A FSM is in principle a more interpretable representation of
a grammar than a neural net would be, however the extracted FSMs
for realistic neural networks will also be large. Therefore, we also look
at ways to group the states and paths through the extracted FSM so
as to get a smaller, easier to understand model of the neural network.
To illustrate our methods, we use them to investigate how a neural net-
work learns noun-verb agreement from a simple grammar where relative
clauses may appear between noun and verb.

Keywords: Recurrent neural networks - Natural language processing
Interpretability

1 Introduction

Neural networks have found uses in a wide variety of domains and are one of
the engines of the current ML/ATI boom. They can learn complex patterns from
real-world noisy data, and perform comparably or better than rival approaches
in several applications. However, they are also “opaque”: functionality is usually
distributed among the connections in a network, making it difficult to interpret
what the network has actually learned and how it produces its outputs.

One of the application domains for neural networks is NLP. A recurrent
neural network is fed a text (word by word or character by character), and the
output may be, e.g., an estimation of the text’s sentiment, a translation into a
different language, or a probability distribution for what the next word/character
will be. The latter type of network is referred to as a “language model”, and is
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what we will focus in this paper. Recurrent neural networks trained as language
models can also generate text, by choosing the next word/character based on
the network’s output and feeding it back to the network. They have been shown
to generate “plausible” text [11]: meaningless, but syntactically correct. Some
neurons in the network turn out to have interpretable functions [12], but in
general it is not clear what the learned grammar is.

There are two broad directions to seeking interpretations of a neural net-
work. Recent approaches have mostly focused on finding statistical patterns
among neuron activations [12-14]. In this paper however we pursue an older line
of research, which is about constructing a (finite state) automaton that approx-
imates the behavior of the network. Grammars can be defined and analyzed in
terms of the automata that recognize them, so this representation should be
more interpretable than the network itself and, unlike the statistical approaches,
produces a (regular) grammar that approximates the network’s behavior.

Previous research into grammar inference from neural networks is as old as
artificial recurrent neural networks themselves [7], and there are recent examples
as well [5]. However, previously published methods have focused on small net-
works and simple grammars, and do not seem to scale to real-life applications.
Also, activation levels of neurons are treated as coordinates in a vector space,
and then points from this space, or from a projection to a lower dimension space
via tSNE, are clustered using Euclidean distance metrics.

Our method instead consists in constructing a prefix tree automaton from
the set of training strings, and merging states in this automaton based on a
similarity metric defined by the network’s behavior: the most likely suffix (i.e.
generated text) from a state. Our method is applicable to any recurrent network
architecture, but does need the network to be trained as a language model so that
its outputs can be fed back to itself. In future work we will look at an extension to
networks trained for other purposes, using a technique from [1]: train a classifier
to estimate the next likely word/character based on the network state.

Because previous research into neural grammar inference has used small net-
works and grammars as examples, it hasn’t considered another problem: a model
should also be “simple” to be interpretable [16]. A neural network deployed for
a realistic application may have a grammar containing thousands of states. It
will be very difficult to understand how the network captures syntactic patterns
just by looking at the state transition graph of an automaton extracted from it.

We therefore also investigate how to group states and transitions in the
automaton so as to produce a simpler model. By necessity, this simpler model
will lose information compared to the state machine, and is only intended to cap-
ture how a particular syntactic pattern is modelled in the automaton, and hence
the network. For our work here, we have chosen noun-verb number agreement
as an example, where there are intervening clauses between noun and verb.

Our contributions are then as follows:

— a method to extract a finite state automaton from a recurrent neural network
language model, exemplified on character-level LSTM networks
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— evaluation of how well the automaton matches the network behavior on new
text

— using the automaton to interpret how a language model network understands
a particular syntactic pattern.

2 Background: LSTMs and Language Models

Recurrent neural networks have a structure in which previous hidden or
output layer activations are fed back as inputs, which allows the network to
have a memory. However, it was observed that the error gradient while training
simple recurrent networks tends to either explode or vanish. “Long Short-Time
Memory”, or LSTM, were introduced to avoid this problem [8], which they
achieve by enforcing a constant error flow through special units. LSTMs can
learn very long time dependencies.

A language model is some procedure which, when given an input sequence
of words or characters, returns a probability distribution on what the next
word/character will be. In this paper, we are interested in character-level lan-
guage models implemented via LSTM networks. The networks themselves are
implemented in the Python Keras package, with the TensorFlow backend; the
stateful = False flag is used.

To train our language model network, we collect training pairs of (input
sequence, output character) from a corpus of text by sliding a window of constant
length over each line in the corpus. Padding is added on the left if necessary so
that all input sequences have the same length, lens.,. We will refer to a sequence
of len,eq characters as a prefix. The output character in a training pair is the
next character appearing in the text. Characters, both at the input and output,
are encoded in the “one-hot” method.

We will refer to the activation levels of the neurons in the network as the
network activation, and note that it completely determines the output, and is
completely determined by the prefix that was fed into the network. Therefore, we
will represent the network activation by the prefix that caused it, rather than as a
vector of neuron activation levels. Since it is trivial to extract a prefix automaton
from a training text, this offers a simple way to put network activations in
correspondence with the states of a prefix automaton. What is not trivial is to
further reduce this prefix automaton by merging states in it; we do this based
on the behavior of the neural network.

A language model can be used to generate new text. Let p, be a prefix,
after which the network produces an output y;. One then creates a new prefix
Pry1 = Pe[1 ] + ¢i41, where py[1 :] are the last leng, — 1 characters from p;, and
ct+1 s selected based on the probability distribution y;. Feeding the py41 prefix
through the network results in a new activation and an output y;41, and the
procedure is repeated as needed to complete the generation of a desired length
of text. We refer to text generated in this manner from a prefix p as a suffix
for p. We will somewhat abuse terminology and define the most likely suffix
of length [ to be a sequence of [ characters obtained by at every step selecting
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the most likely ¢;11, when given a distribution y; (so this is a “greedy”, rather
than correct, way to search for the most likely suffix).

In general, one can compute the probability of a suffix being generated from
a network activation. Let p; be the prefix that caused the activation, and let the
suffix be a sequence cyc;.... Then the probability of the suffix is the product of the
probabilities of picking its component characters: P(co|p:) * P(c1|pe[1 ], co) * ....
An intuitive notion of similarity of two activations is that they deem the same
set of suffixes as likely.

3 Extracting a Finite State Machine

Our extraction procedure is conceptually similar to the algorithm for learning
a regular language from a stochastic sample presented in [3]: construct a prefix
automaton from the network training text, then merge states in it based on their
behavior. This implies a tractable upper bound on the number of states in the
automaton: at most, the number of distinct states will be the number of distinct
prefixes in the text, itself upper bounded by the number of character tokens.

Note, a state in the prefix automaton is a prefix, and a prefix determines a
network activation. We can then ask whether two network activations behave
the same: if they tend to predict the same characters as we feed new characters
to the network, we will say the prefixes corresponding to the similar network
activations are the same state in the final extracted automaton.

We approximate this similarity criterion with the following: two network
activations, caused by p; and p; respectively, are similar if they produce the
same most likely suffix. Algorithm 1 shows the pseudocode for how to obtain
the most likely suffix of length “len” when given a neural network “model”
and a “prefix”. Algorithm 2 gives the pseudocode for how to construct a finite
state automaton to approximate the behavior of a neural network “model” on a
training text “trainText”, where “len” gives the length of the most likely suffixes
used for the similarity comparison. The extracted automaton fsm is empty at
the start; then for every prefix of every line in the training text we generate
the most likely suffix. If no state corresponding to that suffix is in fsm yet, we
add it. A transition between two states is added when there are prefixes p, p’
generating each state such that p = p/[1 :] + ¢ where ¢ is a character. Note that
the automaton produced by the method will be nondeterministic. (Here “+”
means string concatenation; [—1] means last element, [1:] is all elements except
the first.)

In our work, we have set the “len” parameter to equal lenseq, which for the
networks we trained was 80 and 100. We have observed that, despite there being
many possible sequences of 80 or 100 characters, the most likely suffixes were
few, and our similarity metric results in non-trivial reductions in size from the
prefix automaton to the final extracted one. For example, from a network trained
on a text with 60000 distinct prefixes, we extracted an automaton with about
4000 states. Further, the number of automaton states increases sublinearly with
the number of prefixes considered (see Sect.5.2). This gives us confidence that
a well trained network will tend to produce only a few most likely suffixes.
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Algorithm 1. mlSuffix(model, prefix, len)

SufﬁX — 7

for k upto len do
¢ < argmax(predict(model, prefix))
suffix « suffix 4+ ¢
prefix «— prefix[1:] + ¢

end for

return suffix

Algorithm 2. getFSM(model, trainText, len)
fm — (7 (1}

for line in trainText do
oldState «— 77
oldPrefix « ””
for prefix in line do
mlSuffix « mlSuffix(model, prefix, len)
if mlSuffix not in fsm then
fsm[mlSuffix] « {}
end if
¢ < prefix[-1]
fsmoldState][c] < fsm[oldState][c] U mlSuffix
oldState < mlSuffix
oldPrefix « prefix
end for
end for
return fsm

3.1 Conceptual Comparison with Previous Approaches

The method in [7] partitions a vector space where the points are network activa-
tions, and does not scale well. Even for an extremely coarse partitioning where
each neuron gets replaced with a bit, there are still 2" possible states for a net-
work with n neurons to be in, and neural nets for NLP typically have hundreds of
neurons or more. In our attempt at implementing this method, we didn’t observe
that the set of states accessible from the start states is significantly smaller than
2" and we expect this method will not work for realistic applications.

To judge similarity of network activations, methods such as in [5] use
Euclidean distance either in a space where the points are network activations,
or a lower dimensional projection obtained with tSNE or PCA. These meth-
ods have been used to extract only small automata however, and we are unsure
how they would scale for more complex ones. In particular, it is not clear to us
why Euclidean distance should be a good metric of similarity between network
activations, because neural networks contain nonlinearities and therefore points
that are close, under a Euclidean metric, may in fact correspond to network
activations with very different behaviors.
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Our approach instead actually considers the network’s behavior to define
a locality-sensitive hashing: network activations, represented by prefixes, are
hashed to bins represented by their most likely suffixes. Comparing similarity
is then linear in the prefix size, which is makes it easier to test and extend our
extracted automata if needed. Extending automata obtained by clustering will
be quadratic in the number of network activations considered by the clustering:
in high dimension spaces, nearest neighbor query structure performance degrades
back to quadratic; if instead one uses a tSNE projection, one needs to remake
the tSNE model when adding new points.

4 Interpreting the State Machine

Previous investigations into inferring regular grammars from neural networks [5,
7] have looked at very simple grammars, for which recognizer automata can be
comprehended “at a glance”. It is more likely however that the grammar learned
by a more realistic language model network will require thousands of states, and
therefore one needs some way of simplifying the automaton further. Interpretable
models are simple models [16].

Here we are interested in using the extracted automaton to understand how
a neural network captures a particular syntactic pattern (noun-verb number
agreement in our case). We show how even a large automaton can be used
to obtain an understandable model of how a neural network implements the
memory needed to track that syntactic pattern.

Our method proceeds by first marking states in the extracted automaton.
What is significant to mark, and what markers are available, will depend on the
syntactic pattern one wishes to investigate in the automaton. It’s possible for a
state to have multiple markings, though, depending on their meaning, this may
indicate an ambiguity or error, either in the network or the extracted automaton.
An unmarked path is one that may begin or end at a marked state, but passes
through no marked state in between.

Syntactic patterns often require something like a memory to track, so we
further define popping paths as unmarked paths which begin with one of a set
of sequences (typically, sequences related to why states get marked; for example,
if a state is marked because suffixes beginning with verbs are likely, then popping
paths from that state begin with a verb). Pushing paths are unmarked paths
that are not popping paths. The significance is the following: in a marked state,
the network expects a certain event to happen. A popping path proceeds from
that state by first producing the expected event; a pushing path doesn’t, so the
network must somehow remember that the event is still expected to occur.

We will next show how to apply the above methodology to look for how
memory is implemented in the automaton (and hence the network). As an illus-
tration, we use number agreement between nouns and verbs in a sentence. The
number of the noun determines what number the verb should have: e.g. “the cow
grazes” and “the cows graze” are correct, but “the cow graze” is not. Relative
clauses may appear between the noun and verb however (e.g., “the cow, that the
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== poOpping paths

== pushing paths

Fig. 1. A potential memory structure: levels of marked states.

dog sees, grazes”), so the network must somehow remember the noun number
while it reads the relative clause, which may have its own noun-verb pair and
itself contain another relative clause.

In our case, we mark a state in the automaton if its prefix, when fed to
the network, results in a network activation from which suffixes that begin with
verbs are likely. Essentially, marked states in our example are states in which
the network expects a verb (or a sequence of verbs) to follow.

We can then use marked states and the pushing/popping paths between them
to define memory structures and look for them in the extracted automaton. One
such memory structure is given in Fig.1. In this structure, all marked states
reachable from the start are assigned to a level 0: they correspond to states
where the noun of the main clause has been read and a verb is expected: “P”
for plural, “Z” for a singular verb. Marked states reachable via pushing paths
from level 0 states form the level 1 of marked states; these are states where a
noun was read, then a relative clause began and its noun was read, and now the
verb in the relative clause is expected. Analogously one can define levels 2 and
onwards for marked states. Of course, a popping path from a level k marked
state should reach a level k — 1 marked state.

Another possible structure, but one limited to only remembering three verb
numbers, is shown in Fig. 2. In this case, states are marked depending on what
sequences of three verbs are likely; e.g., a state from which a singular, then two
plural verbs are likely would be marked “ZPP”. The figure shows the correct
transitions via pushing paths between sets of marked states, such that sequences
of verbs of length 3 can be remembered. For example, a transition from a “PPP”
to a “ZPP” state means the network first expected a sequence of three plural
verbs, then encountered a singular noun, and now expects a sequence of a singular
verb and two plural verbs.
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PPZ == PZZ

O,P/\r\/\
/\/\

»>77P

Fig. 2. Another memory structure: remembers sequences of three verb numbers (all
transitions are via pushing paths).

5 Evaluation

5.1 Preamble: Grammar and Network Training

To have a better level of control over the complexity of the training and test
strings, we define the context free grammar S, given in the listing below. Upper-
case names are non-terminal symbols, except for VBZ and VBP. We define the
language S(n) as the set of strings S can produce using the REL symbol exactly
n times. Every S(n) language is finite, therefore regular and describable by a
finite state machine. S(0) contains 60 strings. S(n+ 1) contains 1800 times more
strings than S(n).

S —> SP | Sz

SP —> [ADJ] NNP [REL] VBP

SZ —> [ADJ] NNZ [REL] VBZ

REL —> , INT R ,

R —> RP | RZ

RP —> [ADJ] NNP [REL] VBP [ADV]

RZ —> [ADJ] NNZ [REL] VBZ [ADV]

ADJ —> red | big | spotted | cheerful | secret

ADV —> today | here | there | now | later

INT —> that | which | whom | where | why

NNP —> cats | dogs | magi | geese | cows

NNZ —> cat | dog | magus | goose | cow

We train an LSTM network N1 on a sample containing all the S(0) strings,
together with a random collection of 1000 strings from S(1). We train an LSTM
network N2 on a sample containing all the S(0) strings, together with a random
collection of 1000 strings from S(1) and 1000 strings from S(2). Training for
both is done over 150 epochs. The leng., parameter is 80 for N1, and 100 for
N2. Training is done as described in Sect. 2. Both N1 and N2 have two LSTM
layers of 64 cells each and a dense output layer, with dropout layers in between
(dropout set to 0.2).

5.2 Constructing the Finite State Machine

Figure 3 shows how the extracted automata grow as more of the training text is
processed by Algorithm 2. While the number of unique prefixes increases steadily
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Fig. 3. Unique prefixes (red) and state count of extracted automaton (blue) vs. number
of lines of training text. Left: plot for N1 (trained on strings from S(1)). Right: plot
for N2 (trained on strings from S(2) and S(1)).

with the size of the text, the number of states in the automaton increases much
more slowly and is near-constant by the end of the extraction process. Final
state counts: 5454 states for N1, 4450 states for N2.

In the extracted automata, a transition (from a given source state) is a pair
(¢, D) containing a character ¢ and a set of destination states D. A transition
is deterministic if its D has size 1. For the automata extracted for N1 and N2
respectively, 96% and 89% of transitions are deterministic. The largest destina-
tion set for the N2 automaton contains 28 states.

5.3 Comparing Network Behavior to the Extracted Automaton

Next, we want to ascertain how good of a “map” the extracted automata are
for their corresponding neural networks. We evaluate this by generating all-new
evaluation text. For N1, we generate 200 new sentences in S(1). For N2, we
generate 200 new sentences in S(1) and 400 new sentences in S(2).

We first look at how well the networks have learned the target grammars.
To observe what the networks do, we feed a sequence of lense, characters (a
“prefix”, as defined in Sect.2) from the evaluation text to the network, and see
what most likely suffix the network predicts; in particular, we look at whether a
verb is predicted to follow at appropriate locations, and if so whether its number
is grammatically correct. We observe that N1 is completely accurate on the new
text, while N2 mispredicts only 2 verbs in the entire testing corpus. This means
the most likely suffixes produced by the networks are not trivial, and appropriate
according to the target grammar.

We then look at whether the extracted automata contain “enough” states
to account for the network activations caused by new prefixes in the evaluation
texts. For each new prefix in the evaluation text, we compute the most likely
suffix as predicted by a network using Algorithm 1, and then check whether that
suffix already has a state in the extracted automaton by Algorithm 2. We find
that less than one in ten new prefixes from the evaluation texts do not have
corresponding states in the automata for N1 and N2.
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Next, we check whether changes in network activation as we feed consecutive
prefixes from the evaluation text match to a transition in the extracted automa-
ton. Ie., for any index b in the evaluation text, given prefixes p1 = p[b : b+lengeq]
and pg = p[b+1: b+1+lenseq] such that p; and py have matching states s1, s in
the extracted automaton, is there a transition from s; for character p[b+ lense]
whose consecutive prefix pairs fail this so. For the automata extracted from N1
and N2, only about 3% of consecutive prefix pairs fail this test.

5.4 Interpreting the Neural Networks

We look for the memory structures described in Sect. 4 in the extracted automata
to explain how the trained networks keep track of noun-verb agreement.

We observe that N1 can be explained by the multi-level marked state struc-
ture in Fig.1. We construct the levels of marked states as described in Sect. 4
based on reachability via pushing unmarked paths. There are 49 level-0 states
corresponding to main clause verbs and 238 level-1 states corresponding to verbs
in the relative clause. Level-0 states can be split based on the verb number they
expect in the main clause into 24 “Z” states and 25 “P” states. Level-1 states
can further be split based on the verb they expect in the relative clause and
the marking of the level-0 states they are reachable from. This split produces
48 “PZ” states (expect a plural verb in the relative clause, only reachable from
level-0 “Z” states), 89 “ZZ” states, 46 “PP” states, and 55 “ZP” states. The
level-1 states therefore implement a memory of sorts, since a particular level-1
state is reachable only from states of a consistent marking from level 0.

The situation for N2 is different: almost all marked states belong to level 0,
of states reachable from the start state via unmarked paths. We then look for
the memory structure from Fig. 2. We mark states based on the numbers of the
verb triple they expect, and ascertain the connectivity between these sets by
Monte Carlo graph traversal: from each marked state, we generate a set of 2000
pushing paths. We then compute “path densities”: ratios of how many of the
outgoing paths from a set of marked states go to each other marked set.

The graph of paths between marked sets is shown in Fig.4, where arrow
thickness corresponds to path density, red arrows are erroneous connections,
and grayed arrows are missing connections. The resulting graph is fairly close
to the graph shown in Fig.2. Some edges are missing because the PZP and
Z7ZP states were only observed near the end of training strings, and so have
no pushing paths (were never used to store verbs). The spurious paths, such
as the unwanted pushing paths from PZZ to PPP, may be an artifact of our
locality-sensitive hashing being too permissive a measure of state similarity.

However, we have also looked at whether we can generate strings on which
N2 would mispredict verb numbers, based on the spurious paths observed in the
automaton. Note that N2 is very accurate on the testing data: from 200 randomly
selected sentences from S(1) and 400 randomly selected sentences from S(2), it
only mispredicts 2 verb numbers. Nevertheless, we are able to use the extracted
automaton to generate a set of sentences on which N2 makes mistakes.
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ZPP > ZZP

Fig. 4. Pushing path densities between signature subsets for the N2 automaton. Line
thickness indicates pushing path density. Grayed lines indicate no pushing path between
the subsets; red lines indicate spurious paths. (Color figure online)

We selected an automaton state in the PZZ signature set, and we looked
at the subgraph formed by pushing paths from this state to states in PPP. We
enumerate strings from this subgraph, resulting in a set of 451 strings. We then
feed each of these strings through N2 and observe the predicted sequence of
verb numbers. For 24 of the strings, the predicted sequence is incorrect, which
suggests, while most of the spurious paths in the automaton are actually artifacts
of our permissive state comparison, the automaton is nevertheless a much better
way to find difficult strings for the network than random search would be.

6 Related Work

One approach to interpret neural networks uses them in grammar inference. In
[7], a simple technique is presented which partitions the continuous state space
of a network into discrete “bins”. We discuss this technique also in Sect. 3. Very
recently, [5] present a technique based on K-means clustering of activation state
vectors, but tested it for very simple grammars.

Other research into understanding recurrent networks has used statistical
approaches. In [13], networks where cells correspond to dimensions in some
word /sentence embedding are visualized to discover patterns of negation and
compositionality. Salience is defined as the impact of a cell on the network’s final
decision. A method to analyze a network via representation erasure is presented
n [14]. The method consists in observing what changes in the state or output
of a network if features such as word vector representation dimensions, input
words, or hidden units are removed. An extensive error analysis for character-
level language model LSTMs vs ngram models is presented in [12], which also
tracks activation levels for neurons as a sequence is fed into the network. More
recent surveys on visualization tools are found in [4,9]. Examples of such tools
for recurrent networks are LSTMVis [18] and RNNVis [17], which use Euclidean
distance to cluster network activations over many instances of inputs.
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The ability of different network architectures and training regimes to capture
grammatical aspects, in particular noun-verb agreement, has been investigated in
[15]. The paper uses word-level models trained on a corpus of text obtained from
wikipedia, and presents an empirical study of the ability of networks to capture
grammatical patterns. Another approach to measure the ability of a sentence
representation (such as bag of words or LSTM state) to capture grammatical
aspects is given in [1], where a representation is deemed good if it is possible to
train accurate classifiers for the grammatical aspect in question.

It has been claimed that LSTMs can learn simple context-free and context-
sensitive (a™b"c™) grammars [6]. Other neural architectures, augmented with
stacks, have also been proposed [10]. We will look at extracting more complex
automata from such architectures in the future.

It has been shown that positive samples alone are insufficient to learn regular
grammars, but stochastic samples can compensate for a lack of negative samples
[2], and polynomial time algorithms to learn a regular grammar from stochastic
samples are known [3]; the algorithm also constructs a prefix tree automaton
and merges states wherever it can, similar to our Algorithm 2; we however merge
states in the prefix tree based on how the neural network behaves, whereas in
[3] merging is based on the language sample’s statistical properties.

7 Conclusions and Future Work

We have presented a method to extract a finite state machine from a recurrent
neural network trained as a language model, in order to explain the network.
Our method uses the most likely suffix (i.e. generated text) as a criterion for
similarity between network activations, rather than euclidean distance between
neuron activation values. An upper bound on the extracted automaton state
count is the number of character tokens in the training text. We have tested
the method on two networks of realistic size for NLP applications, trained on
grammars for which recognizing automata would require a few hundred states.

We observe that for a well trained network, the set of most likely suffixes
turns out to be much smaller than the number of characters in the training text,
which encourages us to think the method will produce reasonably sized automata
even for networks trained on enormous text corpora. However the most likely
suffix appears to be a rather permissive similarity metric; an indication of this is
the presence of nondeterministic transitions in the extracted automata. We will
look at ways to enforce determinism in the future.

The extracted automata have good coverage of network behavior on new text
as well: the automata are rich enough to capture distinctions between when the
network expects certain sequences to follow (verbs in our example), and when
not. Changes in network activation when exposed to new text can be mapped
most of the time to states and transitions in the automaton.

We defined sets of marked states and looked at the paths between them to
discover how the networks implement memory for syntactic features (noun num-
bers in our example). Our extracted automata can suggest problematic strings
even when the network appears very accurate on a random sample of strings.
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The method as presented here is only applicable to language models/sequence
predictors, whose output can be used to generate the next timestep input. We will
look at adopting a technique from existing literature, which replaces the output
layer of a recurrent network with a classifier trained to produce a probability
distribution for the next word/character based on the recurrent network state.
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Abstract. Visual Search target inference subsumes methods for pre-
dicting the target object through eye tracking. A person intents to find
an object in a visual scene which we predict based on the fixation behav-
ior. Knowing about the search target can improve intelligent user inter-
action. In this work, we implement a new feature encoding, the Bag of
Deep Visual Words, for search target inference using a pre-trained convo-
lutional neural network (CNN). Our work is based on a recent approach
from the literature that uses Bag of Visual Words, common in com-
puter vision applications. We evaluate our method using a gold standard
dataset.

The results show that our new feature encoding outperforms the base-
line from the literature, in particular, when excluding fixations on the
target.

Keywords: Search target inference - Eye tracking - Visual attention
Deep learning - Intelligent user interfaces

1 Introduction

Human gaze behavior depends on the task in which a user is currently
engaged [4,22]; this provides implicit insight into the user’s intentions and allows
an external observer or intelligent user interface to make predictions about the
ongoing activity [1,2,6,8,13]. Predicting the target of a visual search with com-
putational models and the overt gaze signal as input, is commonly referred to
as search target inference [3,15,16]. Inferring visual search targets helps to con-
struct and improve intelligent user interfaces in many fields, e.g., robotics [9]
or similar to examples in [18]. For example, it allows for a more fine-grained
generation of artificial episodic memories for situation-aware assistance of men-
tally impaired people [17,19]. Recent works investigate algorithmic principles for
search target inference on generated dot-like patterns [3], target prediction using
Bag of Visual Words [15], and target category prediction using a combination
of gaze information and CNN-based features [16].

In this work, we extend the idea of using a Bag of Visual Words (BoVW) for
classifying search targets [15]: we implement a Bag of Deep Visual Words model

© Springer Nature Switzerland AG 2018
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Fig. 1. Search target inference takes a fixation sequence from a visual search as input
for target prediction. The pipeline we implement encodes sequences using a Bag of
Words approach with features from a CNN for model training and inference.

(BoDVW), based on image representations from a pre-trained CNN, and inves-
tigate its impact on the estimation performance of search target inference (see
Fig. 1). First, we reproduce the results of Sattar et al. [15] by re-implementing
their method as a baseline and evaluate our novel feature extraction approach
using their published Amazon book cover dataset!. However, the baseline algo-
rithm includes all fixations of the visual search, also the last ones that focus on
the target object: the target estimation is reduced to a simpler image compar-
ison task. Other works, including Borji et al. [3] and Zelinsky et al. [23], use
fixations on non-target objects only. Consequently, we remove these fixations
from the dataset and repeat our experiment with both methods. We implement
and evaluate two methods for search target inference based on the Bag of Words
feature encoding concept: (1) we re-implement the BoVW algorithm by Sattar et
al. [15] as a baseline, and (2) we extend their method using Bag of Deep Visual
Words (BoDVW) based on AlexNet.

2 Related Work

Related work include approaches for inferring targets of a visual search using
the fixation signal and image-based features, as well as methods for feature
extraction from CNNs.

Wolfe [20] introduces a model for visual search on images that computes an
activation map based on the user task. Zelinsky et al. [23] show that objects fix-
ated during a visual search are likely to share similarities with the target. They
train a classifier using SIFT features [11] and local color histograms around
fixations on distractor objects to infer the actual target. Borji et al. [3] imple-
ment algorithms to identify a certain 3 x 3 sub-pattern in a QR-Code-like image
using a simple distance function and a voting-based ranking algorithm with fix-
ated patches. In particular, they investigate the relation between the number of
included fixations and the classification accuracy. Sattar et al. [15] consider open
and closed world settings for search target inference and use the BovW method to

! The Amazon book cover dataset from Sattar et al. [15].
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encode visual features of fixated image patches. In a follow-up work, Sattar et
al. [16] combine the idea of using gaze information and CNN-based features to
infer the category of a user’s search target instead of a particular object instance
or image region. Similar to Sattar et al. [15], we use a Bag of Words for search
target inference, but using deep visual words from a pre-trained CNN model.

Previous work shows that image representations from hidden layers of CNNs
yield promising results for differing tasks, e.g., image clustering. Sharif et al. [12]
apply CNN models for scene recognition and object detection using the L2 dis-
tance between vector representations. Donahue et al. [5] analyze how image rep-
resentations generalize to label prediction, when taken from a hidden layer of a
network, that was pre-trained on the ImageNet dataset [10]. We use CNN-based
image features for encoding the fixation history of a visual search.

3 Visual Search Target Inference Approach

The Bag of Words (BoW) algorithm is a vectorization method for encoding
sequential data to histogram representations. The BoW encoding is commonly
used in natural language processing for, e.g., document classification [7], and
was extended to a Bag of Visual Words for the computer vision domain for,
e.g., scene classification [21]. A BoW is initialized with a limited set of vectors
(=codewords) with a fixed size which represent distinguishable features of the
data. The method for identifying suitable codewords is an essential part of the
setup and influences the performance of classifiers. For encoding a sequence,
each sample is assigned to the most similar codeword, resulting in a histogram
over all codewords. We implement two methods based on this concept: a BoVW
baseline similar to [15] and the CNN-based BoDVW encoding.

3.1 Bag of Visual Words

Sattar et al. [15] use a BoW approach to encode fixation sequences of visual
search trials on image collages, e.g., using their publicly available Amazon book
cover dataset that includes fixation sequences of six participants. They trained
a multi-class SVM that predicts the search target from a set of five alterna-
tive covers using the encoded histories as input. We re-implement their algo-
rithm for search target inference as a baseline including the BoVW encoding and
the SVM target classification. Following their descriptions, we implement meth-
ods for image patch extraction from fixation sequences, a BoVW initialization
for extracting codewords from these patches, and the histogram generation for a
certain sequence. We test our algorithms using their Amazon book cover dataset.

3.2 Bag of Deep Visual Words

Our Bag of Deep Visual Words approach follows the same concept as in [15],
but we encode the RGB patches using a CNN before codeword generation and
mapping (see Fig.2). For this, we feed each image patch to a publicly available
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AlexNet model® which was trained using the ImageNet dataset [14] for image
classification. The flattened activation tensor of a particular hidden layer is used
as feature vector of the input image instead of the raw RGB data. We consider the
layers convl, pool2, conv4, pools, fc6 and fc8 which represent different stages
of the network’s layer pipeline. The patch extraction, codeword initialization
(clustering) and mapping methods stay the same, but use the flattened tensor as
input: the generated codewords are based on the abstract image representations
of the deep CNN. Consequently, the fixation sequences get encoded using a
histogram over these deep visual codewords.

image patch extraction CNN-based encoding k-means clustering codewords

Fig. 2. For initializing the Bag of Deep Visual Words, image patches from fixation
histories are encoded using a pre-trained CNN. The activations from a certain hidden
layer are used for a k-means clustering that identifies deep codewords (cluster centers).

4 Experiment

We conduct a simulation experiment to compare the performance in predict-
ing the search target of a visual search using our re-implementation of Sattar
et al. [15]. We investigate the prediction accuracy using their BoVW encoding in
comparison to our novel BoDVW encoding. We closely follow the evaluation proce-
dure of Sattar et al. [15] for reproducing their original results using the Amazon
book cover dataset. For this, fixations of a visual search trial are encoded for
model training and target inference, also fixations on the target after it has been
found. However, this is in conflict with the goal of actually inferring the search
target [3,23]. Therefore, we exclude all fixations at the tail of the signal (target
fixations) and repeat the experiment keeping all other parameters constant.
Sattar et al. [15] published a dataset containing eye tracking data of partici-
pants performing a search task. They arranged 84 (6 x 14) different book covers
from Amazon in collages as visual stimuli. Six participants were asked to find a
specific target cover per collage within 20 s after it was displayed for a maximum
of 10s. Fixations were recorded for 100 randomly generated collages in which the
target cover appeared exactly once and was taken from a fixed set of 5 covers.
Participants were asked to press a key as fast as possible after they found the

2 https://github.com/happynear/caffe-windows/tree/ms/models/bvlc_alexnet.
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target. We manually annotated each collage with a bounding box for the target
cover.

In our experiment, we compare the target prediction accuracy using the
BoVW method against our BoDVW encoding (using different layers). For the BoDVW
approaches, we train multiple models, each using a different neural network layer
for image patch encoding as stated in Sect. 3.2. First, we use the Amazon book
cover dataset with all available fixations for training and inference as proposed
in [15]. Second, we repeat the experiment without the target fixations at the end
of the signal. For each condition, we initialize the respective BoW method using
a train set, encode the fixation histories (with or without target fixations) and
train a support vector machine for classifying the output label. The codeword
initialization and model training is performed, separate for each user (within-
user condition), which yielded the best results in Sattar et al. [15]. For initializing
the codewords for both approaches, we start with extracting patches around all
fixations in the train set. We crop squared fixation patches with an edge length
of 80 px and generate k = 60 codewords. We train a One-vs-All multiclass SVM
with A = 0.001 for L1-regularization and feature normalization using Microsoft’s
Azure Machine Learning Studio®. We measure the prediction accuracy using a
held-out test set as specified in Sattar et al. [15] (balanced 50/50 split per user).

We hypothesize that, using our BoVW implementation, we can reproduce
the prediction accuracy of Sattar et al. [15] (H1.1), and that our BoDVW encod-
ing improves the target prediction accuracy concerning the Amazon book cover
dataset (H1.2). Further, we expect a severe performance drop when excluding
target fixations, i.e., when using the filtered Amazon book cover dataset (H2.1),
whereas the BoDVW encoding still performs better than the BovWw method (H2.2).

4.1 Results

Averaged over all users, our BoVW re-implementation of the method of Sattar
et al. [15] achieved a prediction accuracy of 70.67% (20% chance) for search
target inference on their Amazon book cover dataset with target fixations. We
could reproduce their findings, even without an exhaustive parameter optimiza-
tion. Concerning our Bag of Deep Visual Words encoding, applied in the same
setting, we observe higher accuracies for all layers. The fc6 layer performed
best with an accuracy of 85.33% (see Fig.3a) which is 14.66% better compared
to the baseline. When excluding the target fixations at the tail of the visual
search history, the prediction accuracy of both approaches decreases: the BoVW
implementation achieves an accuracy of 35.96% and our novel BoDVW encoding
achieves a prediction accuracy of 43.56% using the fc8 layer. In this setting, the
fc8 layer yields better results than the fc6 layer with 38.26% (see Fig. 3b).

5 Discussion

Our implementation of the BoVW-based search target inference algorithm intro-
duced by Sattar et al. [15] achieves, with a prediction accuracy of 70.67%, a

3 https://studio.azureml.net.


https://studio.azureml.net

302 S. Stauden et al.

5-Class target prediction with all available fixations 5-Class target prediction without last fixations on
(CNN features vs. RGB vectors) target (CNN features vs. RGB vectors)

90% 90%
Z so%
© 70%
3 6o%
© 50%
0%

S 309
2 30%
? 2 20% e Rl
T 10%
a 0%

convl pooll pool2 convd pools fc6  fe8 RGB convl pooll pool2 convd pools fc6  fe8 RGB
vec. vec

network layer network layer

5-class target
prediction accuracy

BN W e
25888888
EEREREEEN]
|
I
I
I
I
I

5-class target

(a) all fixations (b) filtered target fixations

Fig. 3. Search target inference accuracy of 5-class SVM models using the BoDVW encod-
ing with different layers (orange) and the BoVW encoding (blue) on (a) complete fixation
sequences or (b) filtered fixation sequences. (Color figure online)

comparable performance than stated by the authors, for the same settings (con-
firms H1.1). Our novel BoDVW encoding achieves an improvement of 14.66% with
the £c6 layer: an SVM can better distinguish between classes when using CNN
features which suggests that H1.2 is correct. In the second part of our experiment,
we observed a severe drop in prediction accuracy for both approaches (confirms
H2.1). A probable reason is that fixation patches at the end of the search history
which show the target object have a vast impact on the prediction performance:
the task is simplified to an image comparison. The RGB-based codewords still
enable a prediction accuracy above the chance level (20%). Our BoDVW approach
performs 7.6% better than this baseline with the fc6 layer (improvement of
21.13%) which suggests that H2.2 is correct. Excluding the target fixations is of
particular importance for investigating methods for search target inference due
to the introduced bias, hence, the procedure and results of the second part of
our experiment should be used as reference for future investigations.

6 Conclusion

We introduced the Bag of Deep Visual Words method for integrating learned
features for image classification in the popular Bag of Words sequence encoding
algorithm for the purpose of search target inference. An evaluation showed that
our approach performs better than similar approaches from the literature [15],
in particular, when excluding fixations on the visual search target. The methods
implemented in this work can be used to build intelligent assistance systems by
augmenting artificial episodic memories with more specific information about
the user’s visual attention than possible before [19].
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Abstract. Recently a strong poker-playing algorithm called DeepStack
was published, which is able to find an approximate Nash equilibrium
during gameplay by using heuristic values of future states predicted by
deep neural networks. This paper analyzes new ways of encoding the
inputs and outputs of DeepStack’s deep counterfactual value networks
based on traditional abstraction techniques, as well as an unabstracted
encoding, which was able to increase the network’s accuracy.
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1 Introduction

Poker has been an interesting subject for many researchers in the field of machine
learning and artificial intelligence over the past decades. Unlike games like chess
or checkers it involves imperfect information, making it unsolvable using tradi-
tional game solving techniques. For many years the state of the art approach for
creating strong agents for the most popular poker variant of No-Limit Hold’em
involved computing an approximate Nash equilibrium in a smaller, abstract
game, using algorithms like counterfactual regret minimization and then map-
ping the results back to situations in the real game. However, those abstracted
games are several orders of magnitude smaller than the actual game tree of No-
Limit Hold’em. Hence, the poker agent has to treat many strategically different
situations as if they were the same, potentially resulting in poor performance.

Recently a work was published, combining ideas from traditional poker solv-
ing algorithms with ideas from perfect information games, creating the strong
poker agent called DeepStack. The algorithm does not need to pre-compute a
solution for the whole game tree, instead it computes a solution during game play.
In order to make solving the game during game play computationally feasible,
DeepStack does not traverse the whole game tree, instead it uses an estimator
for values of future states. For that purpose a deep neural network was created,
using several million solutions of poker sub-games as training data, which were
solved using traditional poker solving algorithms.

It has been proven, that, given a counterfactual value network with perfect
accuracy, the solution produced by DeepStack converges to a Nash equilibrium
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of the game. This means on the other hand, that wrong predictions of the net-
work can result in a bad solution. In this paper we will analyze several new
ways of encoding the input features of DeepStack’s counterfactual value network
based on traditional abstraction techniques, as well as an unabstracted encoding,
which was able to increase the network’s accuracy. A longer version of this paper
additionally analyzes the trade-off between the number of training examples and
their quality [7] and many more aspects [6].

2 The Poker-Agent DeepStack

In the popular poker variant No-limit Hold’em for two players (Heads-up) each
player receives two private cards which can be combined with five public cards
[c.f., e.g. 20]. Players are then betting on whose five cards have the highest rank,
according to the rules of the game. The Counterfactual Regret Minimisation
(CFR) algorithm [20] and its variants [4,9,19] are state-of-the-art for finding
approximate Nash equilibria [16] in imperfect information games and were the
basis for the creation of many strong poker bots [5,11,18,20] such as Libratus
[17] which recently won a competition against human professional players. CFR
can be used to compute a strategy profile o and the corresponding counterfactual
values (CV) at each information set I. The information sets correspond to the
nodes in the game tree and the strategy profile assigns a probability to each legal
action in an information set. Roughly speaking, the CV v;(o, I) corresponds to
the average utility of player ¢ when both players play according to o at set I.

Since poker is too large to be solved in an offline manner (the no-limit game
tree contains 1.39 - 10*® information sets) [1,8], CFR is applied to abstracted
versions of the game. The card abstraction approach groups cards into buckets
for which CFR then computes strategies instead. In addition to the usefulness
for creating smaller games, card abstractions can also be used to create a feature
set for Deep Counterfactual Value Networks (see next), which is the focus of this
work.

Depth Limited Continual Resolving. DeepStack is a strong poker Al [14]
which combines traditional imperfect game solving algorithms, such as CFR
and endgame solving, with ideas from perfect information games, while remain-
ing theoretically sound. In contrast to previous approaches using endgame solv-
ing [2,3], which use a pre-computed strategy before reaching the endgame, the
authors of DeepStack propose to always re-solve the sub-tree, starting from the
current state, after every taken action. However, on the early rounds of the
game DeepStack does not traverse the full game tree since this would be com-
putationally infeasible. Instead, it uses deep neural networks as an estimator of
the expected CV of each hand on future rounds for its re-solving step, resulting
in the technique referred to as depth limited continual resolving.

Deep Counterfactual Value Networks. DeepStack used a deep neural net-
work to predict the player’s counterfactual values on future betting rounds, which
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Fig. 1. Diagram depicting the (1) encoding from private cards to buckets (depicted by
black arrows) (2) mapping from private card distributions to bucket distributions (the
summing of probabilities symbolized by +) (3) mapping from private card counterfac-
tual values to buckets CVs (averaging symbolized by ~)(4) pipeline of CFR mapping
private card distributions to respective CVs (5) replicating DeepStack pipeline consist-
ing of (a) encoding (b) estimating of the buckets’ CVs by a neural network (c) decoding
back the estimated buckets’ CVs to the cards’ CVs.

would otherwise be obtained by applying CFR. Consequently, the deep counter-
factual value network (DCVNN) is trained with examples consisting of repre-
sentations of poker situations as input and the counterfactual values of CFR as
output. More specifically, the network was fed with 10 million random poker sit-
uations and the corresponding counterfactual values obtained by applying CFR
on the resulting sub-games [15]. For every situation a public board, private card
distributions for both players and a pot size were randomly sampled. From this
CFR is able to compute two counterfactual value vectors v; = (v;(j,0)); with
j = 1...1326 for each possible private hand combination and for each player
i = 1,2. Note that I = j represents the first level of the game tree starting from
the given public board.

The input to the network is given by a representation of the players’ private
card distributions and the public cards. Hence, before the training of the neural
network starts, DeepStack creates a potential aware card abstraction with 1000
buckets (cf. Sect. 3). For each training example the probabilities of holding cer-
tain private hands are then mapped to probabilities of holding a certain bucket
by accumulating the probabilities of every private hand in said bucket. After the
training of the model is completed, the CV for each bucket in a distribution can
be mapped back to CV of actual hands by creating a reverse mapping of the
used card abstraction. Figurel depicts the general process, Sect.3 describes it
in more detail.

DeepStack was able to solve many issues associated with earlier game solv-
ing algorithms, such as avoiding the need for explicit card abstraction. However,
DCVN introduce their own potential problems. For instance, the incorrect pre-
dictions caused by encoding of the player distributions as well as the counter-
factual value outputs could potentially result in a highly exploitable strategy.
The distributions and outputs are encoded using a potential aware card abstrac-
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tion, potentially leading to similar problems as traditional card abstraction tech-
niques, which is something we will call implicit card abstraction.

3 Distribution Encoding

While DeepStack never uses explicit card abstraction during its re-solving step,
the encoding of inputs and outputs of counterfactual value networks is based
on a card abstraction, which introduces potential problems. Because the input
player distributions get mapped to a number of buckets prior to training, the
training algorithm is not aware of the exact hand distributions, but only of the
distribution of bucket probabilities. Because this is a many to one mapping, the
algorithm might not be able to distinguish different situations, thus not being
able to perfectly fit the training set. The second problem stems from the encoding
of the output values. Counterfactual values of several hands are aggregated to
a counterfactual value of a bucket, potentially losing precision. Both problems
are visualized in Fig.1 which also depicts the basic architecture of DeepStack’s
counterfactual value estimation.

While the problem is similar for inputs and outputs, we will focus on the loss
of accuracy of counterfactual value outputs. We will call the difference between
the original counterfactual values of hands, as computed by the CFR solver,
and the counterfactual values after an abstraction based encoding was used, the
encoding error. The difference between the original counterfactual values and
the bucket counterfactual values will be measured using the mean squared error
as well as the Huber loss (with 6 = 1) averaged over all private hands and test
examples, as proposed by [14]. For instance, in Fig.1 we would apply the loss
functions on the differences | — 1.0 — (—1.15)], | — 1.3 — (=1.15)], .. ..

We will examine three abstraction based encodings, including the potential
aware encoding, which was used by DeepStack, as well as an unabstracted encod-
ing. We will then compare the encoding error of each encoding, as well as the
accuracy of the resulting networks.

When measuring the accuracy of the model, we have two possible perspec-
tives. The first is to look at the prediction error with both inputs and outputs
encoded with a card abstraction. The second way is to map the predictions of
buckets back to predicted counterfactual values of private hands and compare
them to the unabstracted counterfactual values of the test examples. When mea-
suring the error using encoded inputs and outputs, we will refer to the test set
as abstract test set. In Fig. 1 this would correspond to the error between the
bucket CVs column (after mapping from the actual private privat card CVs)
and the predicted bucket CVs. When we are measuring the prediction error for
unabstracted private hands, we will call the dataset the unabstracted test set,
which in Fig. 1 corresponds to comparing to the card CVs column after decoding
the predicted bucket CVs. We will use the same logic for the training set.

E[H S?] Abstraction. On the last betting round the hand strength (HS) value
of a hand is the probability of winning against a uniform opponent hand distri-
bution. On earlier rounds the expected hand strength squared (E[HS?]) [11] is
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calculated by averaging the square of the HS values over all possible card roll
outs.

The E[HS?] abstraction uses the F[H S?] values in order to group hands into
buckets. There are several ways to map hands to a bucket, including percentile
bucketing, which creates equally sized buckets, clustering of hands with an algo-
rithm such as k-Means [12] or by simply grouping hands together, that differ
only by a certain threshold in their E[HS?] values.

Nested Public Card Abstraction. A nested public card abstraction first
groups public boards into public buckets and those buckets are later subdivided
according to some metric which takes private card information into account,
such as E[HS?].

In this work boards were clustered according to two features, the draw value
and the highcard value. The draw value of a turn board was defined as the number
of straight and flush combinations, which will be present on the following round.
The highcard value is the sum of the ranks of all turn cards, with the lowest
card, a deuce, having a rank of zero and an ace having a rank of 12.

Potential Aware Card Abstraction. The potential aware card abstraction
[10] tries to not only estimate a hand’s current strength, but also its potential
on future betting rounds. It does that by first creating a probability distribution
of future HS values for each hand and then clustering hands using the k-Means
[12] algorithm and the earth mover’s distance [10].

Abstraction-Free Direct Encoding. Instead of using a card abstraction in
order to aggregate private hand distributions to bucket distributions and private
hand CVs to bucket CVs, this encoding uses the private hand data directly. The
input distributions are represented as a vector of probabilities of holding one of
the 1326 possible card combinations. The boards are represented using one hot
encoded vectors where each of the 52 dimensions represents whether a specific
card is present on the public board.

4 Evaluation

In order to compare the encodings, first a version of each card abstraction
described in the previous section was created. Like in the original DeepStack
implementation, the potential aware card abstraction used 1000 buckets. The
E[H S?] abstraction used 1326 buckets based on a equal width partition of the
value interval [0, 1]. The public nested card abstraction was created by first clus-
tering the public boards into 10 public clusters according to their draw and
highcard value and subdividing each public cluster into 100 E[HS?] buckets,
resulting in a total of 1000 buckets. For the analysis of the encoding error, the
CVs of each training example were then encoded using each of the three card
abstractions, meaning that they were aggregated to a CV of their bucket. Those
bucket CVs were then compared with the original CVs of the hands in said
bucket and the average error over all available training examples was computed.
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Table 1. Encoding error of different encoding schemes on the turn.

Encoding approach | E[H 5'2] Public nested | Potential aware
Huber loss 0.0240 | 0.0406 0.0258
MSE 0.0509 | 0.0886 0.0544

Our computational resource only allowed us to create 300,000 endgame solu-
tions instead of the 10 million available to DeepStack. All 300,000 training exam-
ples were used for testing the encoding error of each abstraction. For the second
comparison the DCVN were trained using each of the 3 abstraction based encod-
ings, as well as the unabstracted encoding. The training set consisted of 80% of
the total 300,000 endgame solutions, while the test set consisted of 20%. The
networks were trained for 350 epochs using the Adam Gradient descent [13] and
the Huber Loss.!

Encoding and Prediction Errors. Table1 shows the encoding error of the
abstraction based encodings. Table 2 reports the errors of the trained neural
networks. Remember that the abstraction-free encodings do not produce any
encoding error, therefore, their performance is also the same on the abstracted
and unabstracted sets. Note also that the errors on the abstracted sets are not
directly comparable to each other due to the different encoding.

We can observe that the E[HS?] abstraction introduces a smaller encoding
error than the potential aware card abstraction, although not by a big margin.
However, it is outperformed in terms of the accuracy of the neural networks. The
potential aware abstraction performed better in its own abstraction, as well as
after mapping the counterfactual values of buckets back to counterfactual values
of cards.

A contrary behaviour can be observed for the public nested encoding.
Whereas it has major difficulties in encoding, the resulting encodings carry
enough information for the network to predict relatively well on the bucketed
CVs. However, mapping the CVs back to the actual hands strongly suffers from
the initial encoding problems.

However, the most noteworthy (and surprising) result is the performance of
the abstraction-free encoding. Whereas the potential aware encoding was able to
produce a lower Huber Loss in its own abstraction, the abstraction-free encoding
outperformed the abstraction on the unabstracted training set and the unab-
stracted test set. The direct encoding was therefore better than the potential
aware encoding at predicting counterfactual values of actual hands instead of
buckets, which is the most important measure in actual game play. These results
suggest that the neural network was able to generalize among the public boards

! As in DeepStack, the inputs to the networks with 7 layers with 500 nodes each

using parametric ReLLUs and an outer network ensuring the zero-sum property are
the respective encodings.
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Table 2. Prediction error of neural network using different input encodings on the
abstracted and unabstracted train and test sets, on the turn.

Encoding approach | E[HS?] | Public nested | Potential aware | Abstraction—free
Abstracted train 0.0254 |0.0080 0.0052 0.0102
Unabstracted train | 0.0387 | 0.0436 0.0267 0.0102
Abstracted test 0.0330 |0.0161 0.0102 0.0143
Unabstracted test |0.0434 |0.0478 0.0297 0.0143

even though no explicit or implicit support was given in this respect. Note that
this was possible even though we only used a small number of training instances
compared to DeepStack.

5 Conclusions

In this paper we have analyzed several ways of encoding inputs and outputs
of deep counterfactual value networks. We have introduced the concept of the
encoding error, which is a result of using an encoding based on lossy card abstrac-
tions. An encoding based on card abstraction can lower the accuracy of training
data by averaging counterfactual values of multiple private hands, introducing
an error before the training of the neural network even started. We have observed
that the encoding error can have a substantial impact on the accuracy of the
trained network, as observed in the case of the public nested card abstraction
which performed well on its abstract test set but lost a lot of accuracy when the
counterfactual values of buckets were mapped back to hands.

The potential aware card abstraction produced the best results of all the
abstraction based encodings, which corresponds to the results achieved by the
abstraction in older algorithms, where it is the most successful abstraction at
this point. However, the unabstracted encoding produced the lowest prediction
error. While a good result on the training set was expected, it was unclear if the
neural network would generalize well to unseen test examples. This result again
shows the importance of minimizing the encoding error when designing a deep
counterfactual value network.
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