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Abstract .Autonomous robotic systems should decide autonomously without or
with sparse human interference how to react to alterations in environment.
Based on Thayer's emotion model and Fuzzy Grey Cognitive Maps, this work
presents a proposal for simulating synthetic emotions. Thayer's proposal is
based on mood analysis as a bio psychological concept. Recently, Fuzzy Grey
Cognitive Maps have been proposed as a FCM extension. FGCM is mixing
conventional Fuzzy Cognitive Maps and Grey Systems Theory that has become
a worthy theory for solving problems with high uncertainty under discrete small
and incomplete data sets. This proposal provides an innovative way for
simulating synthetic emotions and designing an affective robotics system. This
work includes an experiment with an artificial scenario for testing this proposal.

1 Introduction

Autonomous systems should decide without or with scarce human interference how to
react to changes in their contexts and environments [2]. Due to the fact that self-
adaptive systems are complex autonomous systems, it is hard to ensure that they
behave as desired and avoid wrong behaviour [5].

For autonomous systems to make highly specialized tasks, it is sometimes needed to
embed affective behavior that has not been associated traditionally with intelligence [6].
Emotions play an important role in human reasoning and its decision making.

This paper proposes Fuzzy Grey Cognitive Maps (FGCMs) as a worthy tool for
forecasting artificial emotions in autonomous systems immersed in complex
environments with high uncertainty. The Thayer’s emotion model is used to map
FGCM outputs within an emotional space. That model defines the emotion categories
in a 2-dimensional Cartesian coordinate according to their valence and arousal.

The rest of the paper is structured as follows: Section 2 presents the emotional
theoretical background. The next section introduces Fuzzy Grey Cognitive Maps. In
Section 4 an illustrative application is given and conclusions are finally shown.

2 Theoretical Background

Emotions have an important impact on human decisions, actions, beliefs, motivations,
and desires [4]. In this sense, if we want the robots to have real intelligence, to adapt
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to the environment which humans are living in, and to communicate with human
beings naturally, then robots need to detect, understand, and express emotions in a
certain degree.

Affective computing assigns robots and systems in general a human-like potential
of detection, understanding and generation of emotions. It is a new but promising
research area dealing with the issues regarding emotions and systems. Nowadays,
emotions research has become a multi-disciplinary and growing field [1]. Indeed, it
could be used to make robots act according to the human emotions.

This proposal is inspired by Thayer’s emotion model for defining the affective
space. Next, a brief overview is shown.

2.1 Two-Dimensional Emotion Representation in Thayer’s Model

Thayer’s model [12] is based on mood analysis as a biopsychological concept.
Moreover, this proposal models mood as an affective state closely related to
biochemical and psycho-physiological elements.

Various emotions are divided into four quadrants of a two-dimensional Cartesian
coordinate system, valence (x), arousal (y), as shown in Fig. 1. The central
intersection indicates the lack of emotion.

Each model’s quadrant includes three basic emotions. The first quadrant with
positive valence and arousal is composed of the emotions: pleased, happy and excited.
The second one with negative valence and positive arousal comprises annoying, angry
and nervous. The third one with negative valence and arousal consists of sad, bored
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Fig. 1. Thayer’s emotion graphical model [12]
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and sleepy. Finally, the last one with positive valence and negative arousal covers
calm, peaceful and relaxed. As a result, the Thayer’s emotional space is composed of
twelve emotions.

Regarding the intensity, the points closer to the intersection mean less intense
emotions and points far away from the center model more intense emotions.

3 Fuzzy Grey Cognitive Maps

3.1 Fundamentals

Grey Systems Theory (GST) is an interesting set of problem solving tools within
environments with high uncertainty, under discrete small and incomplete data sets [3].
GST has been designed to work with small data samples and poor information with
successful applications in military science, business, agriculture, energy,
transportation, meteorology, medicine, industry, geology and so on.

Fuzzy Grey Cognitive Map is based on FCMs and GST, and it has become a very
worthy theory for solving problems within domains with high uncertainty [7].
FGCMs provide an intuitive yet precise way of modelling concepts and reasoning
about them. By transforming decision models into causal graphs, decision-makers
without technical background can understand all of the components in a given
situation. Moreover, with a FGCM, it is possible to identify the most critical factor
that impacts the expected target concept.

The FGCM nodes are modelling variables, representing concepts. The
relationships between nodes are represented by directed edges. An edge linking two
FGCM nodes is modelling the grey causal influence of the causal variable on the
effect variable. The FGCM model is represented by an adjacency matrix (®A).
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FGCMs are dynamical systems involving feedback where the effect of change in a
variable (node) may affect other variables (nodes) which, in turn, can affect the
variable initiating the change. An FGCM models unstructured knowledge through
causalities through grey concepts and grey relationships between them based on FCM
(7][11].

Since FGCMs are hybrid methods mixing neural networks and grey systems, each
cause is measured by its grey weight as

®w;; = [wij, wij|I{wi;, wi;} € {[-1,+11,[0,+1]} 2

where i is the pre-synaptic (cause) node and j is the post-synaptic (effect) one.
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FGCM dynamics begin with an initial grey vector state ®C(0) which models a
proposed initial imprecise stimuli. The initial grey vector state with n nodes is
denoted as

®C(0) = (€,(0),€;(0), ..., C,(0)) = ([1(0),21(0)], [2(0),€2(0)], ..., [0 (0), €, (®)]) (3)

The updated nodes’ states are computed in an iterative inference process with an
activation function (usually sigmoid or hyperbolic tangent function) [7][9][10], which
maps monotonically the grey node value into a normalized range [0, + 1] or [- 1, + 1],
depending on the selected function. Note that grey arithmetic is detailed as [7]. Each
single node would be updated as follows:

Qci(t+1) =f (Z;(@wij . ®ci(t)> = [g(t+ 1,5t + D] 4)

The unipolar sigmoid function is the most used one in FGCM when the nodes' value
maps in the range of [0, 1]. If f(-) is a sigmoid, then the i component of the grey vector
state at t+1 iteration (®C(t + 1)) after the inference would be

®c(t+1) € [(1 et ®)7 (14 ¢7e <f>)_1] (5)

On the other hand, when the concepts’ states map in the range [-1, +1], the function
used would be the hyperbolic tangent.

The nodes’ states evolve along the FGCM dynamics. The FGCM inference process
stops when the stability is reached. The steady grey vector state represents the
final impact of the initial grey vector state on the final state of each FGCM grey
node.

After its inference process, the FGCM reaches one steady state following a number
of iterations. It settles down to a fixed pattern of node states, the so-called grey hidden
pattern or grey fixed-point attractor.

Moreover, the state could keep cycling between several fixed states, known as a
limit grey cycle. Using a continuous activation function, a third state would be a grey
chaotic attractor. It happens when instead of stabilizing, the FGCM continues to
produce different grey vector states for each iteration.

FGCM includes greyness as an uncertainty measurement. Higher values of
greyness mean that the results have a higher uncertainty degree. It is computed as
follows:

_ 1@l
(@) = o0 ©)
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where |2(®c¢;)| = |El- - 9| is the absolute value of the length of grey node ®c; state
value and £(®y) is the absolute value of the range in the information space, denoted
by ®1. Itis computed as follows:

lif {®c;, ®w;} € [0,1]

1@ =, o w1 1]

()

3.2 FGCM Advantages over FCM

FGCMs have several advantages over conventional FCM [7][9][10]. FGCMs are able
to compute the desired steady states by handling uncertainty and hesitancy present
within raw data (due to noise) for causal relations among concepts as well as within
the initial concepts states.

The main difference between FGCMs and FCMs is within weights design. FCM
applies weights with discrete numerical values associated to edges. FGCMs uses
weights with grey intensity including grey uncertainty and fuzziness to better describe
the impact between the nodes.

Note that, even if the FCM dynamics would get the same steady vector state than
FGCM after the whitenization process, the FGCM proposal handles the inner
fuzziness and grey uncertainty of human emotions.

FGCMs are a generalization and can be applied to approximate human decision
making more closely. It handles the uncertainty inherent in the complex systems by
assessing greyness in the nodes and edges. The reasoning process’s output would
incorporate a degree of greyness expressed in grey values.

In addition, FGCMs are able to model more kinds of relationships than FCM. For
instance, it is possible to run models with relations where the intensity is not known at
all wi € [-1,+1] or just partially known.

4 Ilustrative Example

With the intention of illustrating the proposal, this paper proposes an artificial
experiment. The goal is the simulation of an autonomous systems emotions generated
by environmental conditions. Note that the goal of the model is not to design a real-
world emotional Ambient Intelligence system but to test the FGCM approach for
artificial emotions forecasting for people in a queue in a hypothetic Ambient
Intelligence.

The FGCM model in Fig. 3 represents an example of a FGCM-based emotional
Ambient Intelligence system. Eq. 8 shows the adjacency matrix.
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Fig. 2. FGCM-based model
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Table 1. FGCM nodes and description

Node Label
(xi)

Description

X, Arousal

x, Valence

x; Reward/Punishment

x, Stress

x; Waiting expectations

x, Noise
x, Uncomfortable temperature
X, Scarce service time

, Few queue length

State of being awake or reactive to stimuli

The intrinsic attractiveness (positive valence) or averseness
(negative valence) of an emotion

Reward is related to a positive queue where individuals are
going to get something positive (e.g.: a lottery award).
Punishment is when they are in the queue for something
negative (e.g.: paying taxes)

A person’s response to a stressor, such as noise or
uncomfortable temperature

Waiting time considered the most likely to happen
according to people before each one and time in service for
each one

Environmental noise

Temperature higher or lower than comfortable
Waiting time for each person

People in the queue
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In the test scenario, we have an initial vector C(0) representing the initial state
values of the events at a given time of the process and a final vector C(t) representing
the steady state that it can be arrived at. The final vector C(t) is the last vector in the
convergence region.

For the synthetic case study, the initial vector state and the steady vector state are
the following:

A(0) = ([0,0],[0,0],[0.2,0.2], [0,0], [0,0], [0.2,0.3], [-0.2, —0.1],
[0.1,0.3], [0.3,0.4])

A(t) = ([0.04,0.20],[0.12, 0.42],[0.2,0.2], [0.7,0.24], [0.13,0.43], [0.2,0.3],
[—0.2,—0.1],[0.1,0.3],[0.3,0.4])

According to the A(t) results, Arousal = [0.04, 0.20] and Valence = [0.12, 0.42], and
the simulation emotion is mixing light/medium pleased and light happy.

5 Conclusions

Emotions have a critical impact on human’s motivations, decisions, actions, beliefs
and desires. Emotion simulation and its application in autonomous systems and robics
is an emerging and promising research area. For those reasons, there is a sign of an
emotion simulation module based on FGCMs and Thayer's emotion model was
proposed.
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Fig. 3. Experiment results
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This paper shows an artificial experiment of a FGCM-based emotion simulation
system. FGCM is an FCM extension for representing causal reasoning within
complex systems with high uncertainty. FGCM represents knowledge, uncertainty
and relates states, variables, events, inputs and outputs in a similar way to that of
human beings. This paper shows that it is possible to simulate the emotions generated
from sensors raw data with FGCMs.

This is not an empirical research. An FGCM-based framework is based on external
data. Constructs and output nodes are also presented. Indeed, the goal is not to model
a real world system, but it just proposes an FGCM-based theoretical model, so that
robotics practitioners or future research can use it to simulate or generate emotions.

References

1. Albornoz, E.M., Milone, D.H., Rufiner, H.L.: Spoken emotion recognition using
hierarchical classifiers. Computer Speech & Language 25(3), 556-570 (2011)

2. Brun, Y., et al.: Engineering self-adaptive systems through feedback loops. In: Cheng,

B.H.C., de Lemos, R., Giese, H., Inverardi, P., Magee, J. (eds.) Self-Adaptive Systems.

LNCS, vol. 5525, pp. 48-70. Springer, Heidelberg (2009)

Deng, J.L.: Introduction to grey system theory. The Journal of Grey System 1, 1-24 (1989)

4. Guojiang, W., Xiaoxiao, W., Kechang, F.: Behaviour decision model of intelligent agent
based on artificial emotion. In: 2nd International Conference on Advanced Computer
Control (ICACC), Shenyang, China, pp. 185-189 (2010)

5. Khakpour, N, Jalili, S., Talcott, C., Sirjani, M., Mousavi, M.R.: PobSAM: policy-based
managing of actors in self-adaptive systems. Electronic Notes in Theoretical Computer
Science 263, 129-143 (2010)

6. Lee-Johnson, C.P., Carnegie, D.A.: Mobile robot navigation modulated by artificial
emotions. IEEE Transactions on Systems, Man, and Cybernetics, Part B:
Cybernetics 40(2), 469-480 (2010)

7. Salmeron, J.L.: Modelling grey uncertainty with Fuzzy Grey Cognitive Maps. Expert
Systems with Applications 37(12), 7581-7588 (2010)

8. Salmeron, J.L.: Fuzzy cognitive maps for artificial emotions forecasting. Applied Soft
Computting 1212, 3704-3710 (2012)

9. Salmeron, J.L., Gutierrez, E.: Fuzzy Grey Cognitive Maps in Reliability Engineering.
Applied Soft Computing 12(12), 3818-3824 (2012)

10. Salmeron, J.L., Lopez, C.: Forecasting Risk Impact on ERP Maintenance with Augmented
Fuzzy Cognitive Maps. IEEE Transactions on Software Engineering 38(2), 439-452
(2012)

11. Salmeron, J.L., Gutierrez, E.: Fuzzy Grey Cognitive Maps in Reliability Engineering.
Applied Soft Computing 12(12), 3818-3824 (2012)

12. Thayer, R.E.: The Biopsychology of Mood and Arousal. Oxford University Press, USA
(1989)

hed



	Simulating Synthetic Emotions with Fuzzy Grey Cognitive Maps
	1 Introduction
	2 Theoretical Background
	2.1 Two-Dimensional Emotion Representation in Thayer’s Model

	3 Fuzzy Grey Cognitive Maps
	3.1 Fundamentals
	3.2 FGCM Advantages over FCM

	4 Illustrative Example
	5 Conclusions
	References




