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Preface

With the recent developments of computer technology, more and more optimization
problems appear to have discrete structure with nonlinear objective function and/or
nonlinear constraints. They form a new research area, nonlinear combinatorial
optimization. Let us mention a few examples.

In wireless sensor networks, the energy efficiency is an important issue and,
usually, the energy is a nonlinear function with respect to communication radius.
The energy-efficient topological control problem is to minimize the total energy
consumption over al/l spanning tree in homogeneous sensor systems, or over all
strongly connected subnetworks in heterogeneous sensor systems, and hence it is a
nonlinear combinatorial optimization problem.

In cloud computing, the processing time of a job depends on the energy assigned
to the job and is actually a nonlinear function with respect to the energy. Therefore,
the job scheduling problem with the total energy constraint is also a nonlinear
combinatorial optimization problem with nonlinear constraint.

In social networks, the expectation of influence, i.e., the expectation of the
number of infected nodes, is a nonlinear function with respect to the seed set and
hence its maximization is a nonlinear optimization problem.

In machine learning, a lot of problems can be formulated into submodular
optimizations, which gives a big motivation to study submodular optimization with
machine learning approaches.

There are various types of nonlinear combinatorial optimization problems, such
as submodular cover and submodular knapsack problems, submodular optimization
and nonsubmodular optimization, offline and online nonlinear combinatorial opti-
mization, set function optimization and integer lattice optimization, and the discrete
DC (i.e., the difference of two convex functions) programming. There also are many
new approaches produced when two areas, nonlinear continuous optimization and
discrete optimization, meet in this interdisciplinary domain.

While the nonlinearity is merged into combinatorial optimization, the nonlinear
optimization method is getting involved into those problems. For example, discrete
Newton method has been successfully used for solving the inverse problem of com-
binatorial optimization, convex relaxation and algorithms for continuous convex



vi Preface

program play important roles in dealing with submodular optimization, and discrete
convex analysis plays an important role in solving the DC programming. On the
other hand, some methodologies are extended from linear to nonlinear, such as the
Graver basis, which is an important tool to study the linear integer programming,
and now is involved in solving the nonlinear integer programming.

This book is a collection of extraordinary chapters written by invited leading
experts in the area of nonlinear combinatorial optimization. The subjects cover
theoretical developments, such as discrete Newton methods, the Graver basis,
submodular optimization, and set function optimization, and various applications,
such as topological control in wireless networks, influence maximization, friending,
rumor blocking in social networks, and multi-document extractive summarization in
machine learning. All chapters in this book provide a clear and authoritative picture
of what nonlinear combinatorial optimization is and the direction in which research
is going on. Thus, we hope that the book would serve as a useful reference for
university students, professors, and researchers with interest in this area, possibly
from applied mathematics, computer science, industrial and system engineering,
and management science.

Richardson, TX, USA Ding-Zhu Du
Gainesville, FL, USA Panos M. Pardalos
Jinhua, China Zhao Zhang
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A Role of Minimum Spanning Tree )

Check for
updates

Zhao Zhang and Xiaohui Huang

Abstract In a wireless sensor network, a topology control problem aims to adjust
power of sensors so that the topology supported by the power has some desirable
property and the total power is as small as possible. In this chapter, we shall
present studies on the topology control problem with the properties of containing
a spanning tree, a strongly connected spanning digraph, and a broadcast tree.
Minimum spanning tree plays an important role in all these studies, serving as a
linearization method for these nonlinear problems.

1 A Property of Minimum Spanning Tree

For a connected graph G = (V, E) with edge lengths {w(e)}ecr, a minimum-
length spanning tree of G (MST) is a spanning tree T of G whose length w(7T) =
D oee g(ry w(e) is minimum. In this section, the following property of minimum
spanning tree is proved.

Lemmal Let T and T* be an arbitrary spanning tree and a minimum-length
spanning tree of G, respectively. Then there is a one-to-one onto mapping o :
E(T) — E(T*) such that for every e € E(T), w(e) > w(o (e)).

Proof 1t is known that an MST can be found by the following greedy algorithm.
Let T be the MST found by Algorithm 1. Suppose |E(T)| = ¢, E(T) =

{el,....ef}, and w(e]) =< ...w(ef). Order edges in an arbitrary spanning tree
T aseq,...,e such that w(e;) < ... < w(e;). We claim that w(e;‘) < w(e;) for
i =1,...,t. Suppose this is not true, let k be the first index with w(eZ) > wieg).

Denote I = {ej,...,e;_;}and J = {ey, ..., e} If foreverye; € J\ 1,1 U {e;}
has a cycle, then I is a spanning forest of graph G[I U J] (the subgraph of G
induced by edge set / U J), and thus any spanning forest of G[/ U J] has k — 1

Z. Zhang (<) - X. Huang
Zhejiang Normal University, Jinhua, Zhejiang, China
e-mail: hxhzz@sina.com
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Algorithm 1 Greedy Algorithm for MST

Input: A connected graph G = (V, E) and a non-negative length function w on E.
Output: A minimum-length spanning tree 7 of G.

1: T < 0.

2: Sortedges as {e], ..., e,} suchthat w(e;) < ... < w(ey).
3: fori =1ton,do

4. If T U {e;} is acyclic, then T =T U {e;}.

5: end for

6: Output T'.

edges. However, J is an acyclic subgraph of G[/ U J] which contains k edges, a
contradiction. So, there exists an edge e; € J \ [ such that I U {e;} is acyclic.
But then, the greedy algorithm should choose e; instead of ey in the k-th iteration,
because w(e;) < w(er) < w(e;{k), again a contradiction.

For any MST T* with E(T*) = {f,..., f/} and w(f]") < ... < w(f").
By the above argument, w(e]) < w(f;*) fori = 1,...,¢. Since Z?:l w(fF) =
i, w(e}), we must have w(f;*) = w(e]) fori =1, ..., t. Hence the mapping o
determined by o (e;) = fl* (i =1,...,1t)satisfies the requirement of the lemma.

This lemma indicates that a spanning tree is minimum for edge weight {w(e)}ecE
if and only if it is minimum for edge weight {w(e)*}.cg for any constant « > O.
This property allows us to transfer a nonlinear problem to a linear problem through
minimum spanning tree. In the next several sections, we give some examples. An
interesting common aspect in those examples is that the minimum spanning tree
plays an important role in designing good approximation algorithms for them.

2 Symmetric Topological Control

The energy of wireless devices is often supplied with batteries, which means that
the energy supply is usually limited. Due to this fact, the energy efficiency becomes
an important issue in the study of wireless networks.

The communication range of a wireless station (node) is closely related with its
energy consumption and antenna type. For an omnidirectional antenna at a station
s, the signal power received at a location ¢ is decreasing as the distance d(s, t) is
increasing. Suppose at s, the signal power is p(s). Then at location ¢, it is %,
where « is a constant usually between 2 and 5 [33]. Suppose c is the quality
threshold for the signal power, that is, in order to receive the signal correctly, the
signal power has to be at least c¢. This means that for location ¢ to receive the signal

correctly, it must have df’s (i;u > ¢, ie.,

p(s) > c-d(s,0)".
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Thus, the communication range at each station is a disk with radius » where r is
determined by the power p through formula

p=cr®.

Often, the transmission quality threshold ¢ is normalized to 1.

When the power p at each node is adjustable, one often studies the problem
of minimizing the total energy consumption under certain network connection
constraints in order to meet the requirement for certain duty. There exist many
combinatorial optimization problems of this type in the literature. The following
is a general mathematical formulation.

Given a set of nodes V and a distance table {d (i, v)},v)ev x v, denote w(u, v) =
d(u,v)*. If d(u, v) = d(v, u) holds for every pair of nodes u and v, the problem is
said to have symmetric power requirement. Otherwise, the problem has asymmetric
power requirement. In an asymmetric topological control problem, the power for
the presence of arc (u, v) is that the power assigned to node u satisfies p(u) >
w(u, v). In a symmetric topological control problem, the power for the presence
of edge (u,v) is that p(u) > w(u,v) and p(v) > w(v,u). The problem is
to find a power assignment p : V — R™ such that the graph with vertex
set V and arc set {(u,v) | p(u) > w(u,v)} (in the asymmetric topological
control problem) or edge set {(#,v) | p(u) > w(u,v), p(v) > w(v,u)} (in the
symmetric topological control problem) satisfies certain properties and the total
power Y,y p(v) is minimized. There is an equivalent statement of this problem.
For a directed graph G = (V, E) with arc weight w, the minimum power for the
existence of G is

P(G) =) pcw), (1
ueV
where
pc @) = max{w(u, v): (u,v) € E} 2)

is the minimum power that can be assigned to u in order to guarantee the presence
of all those arcs {(u,v): (u,v) € E(G)}. When G is clear under the context,
subscript G is omitted. An undirected graph can be viewed as a directed graph
with each edge replaced by two opposite arcs. The problem is to find a directed
graph (or an undirected graph) G satisfying certain properties such that P(G) is
minimized.

In order that nodes in a wireless network can communicate with each other, the
network is required to contain a spanning tree (in symmetric topological control
problem) or a strongly connected spanning subgraph (in asymmetric topological
control problem). Considering fault-tolerance, one may require that the network
has higher connectivity. Considering transmission delay, one may require that the
network has bounded diameter.
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Fig. 1 An in-arborescence

This section considers symmetric topological control problem under symmetric
power requirement, which can be stated as follows:

MIN-POWER SYMMETRIC CONNECTIVITY: Given a wireless network with power-
adjustable nodes and symmetric power requirement, find a power assignment to minimize
the total power and to keep the network connected symmetrically.

As the above argument shows, this problem is equivalent to finding a minimum
power spanning tree, that is, a spanning tree 7 with P (7") being minimized.

The NP-hardness of this problem was showed by Blough et al. [3]. To study
its approximation solutions, consider an in-arborescence A. An in-arborescence is a
directed rooted-spanning tree in which every node except for the root has out-degree
exactly one (see Figure 1). Let T be the spanning tree obtained from A by ignoring
the directions on all arcs. Notice that the weight of each arc is added exactly once
in P(A), and the weight of its corresponding edge is added exactly once in w(T).
Hence we obtain the following lemma.

Lemma 2 (In-Arborescence Lemma) For any in-arborescence A, let T be the
spanning tree obtained from A by removing the directions of all arcs. Then

P(A) = w(T).

Corollary 3 For any spanning tree T, P(T) > w(T).

Proof Choose an arbitrary node as the root of 7, and orient every edge towards
the root. Then one obtains an in-arborescence A. This corollary follows from the
In-Arborescence Lemma by observing that pr (1) > pa(u) for every node u € V.

On the other hand,

P(T) = Z max  w(u,v) < Z Z wu,v) =2-wT). @)
ueV(T) (u,0)€E(T) ueV(T) v:(u,v)eE(T)

Suppose Tyus¢ is @ minimum-weight spanning tree with edge weight w(-) and T°P!
is an optimal spanning tree for MIN-POWER SYMMETRIC CONNECTIVITY (called

minimum power spanning tree). Then by (3) and Lemma 1,

P(Tpst) <2 w(Tipg) < 2-w(TP) <2 P(TP").
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Fig. 2 A tight example for Theorem 1 with 2n points on a line

This means that 7, is a 2-approximation for MIN-POWER SYMMETRIC CONNEC-
TIVITY. Since we have seen in the last section that a minimum-length spanning tree
is also a minimum-weight spanning tree, we have the following.

Theorem 1 The minimum-length spanning tree is a polynomial-time 2-
approximation for MIN-POWER SYMMETRIC CONNECTIVITY.

The significance of using a minimum-length spanning tree instead of a minimum-
weight spanning tree is that a minimum-length spanning tree in Euclidean plane can
be computed in O (n log n) time, while computing a minimum-weight spanning tree
directly may need O (m logm) time, where m = O (n?) is the number of edges.

The following example given in [8] shows that using a minimum-length spanning
tree as an approximation for MIN-POWER SYMMETRIC CONNECTIVITY, perfor-
mance ratio 2 is tight.

Let vy, vo, ..., v, be 2n points lying along a line in Figure 2 with the distance
as follows:
d(vi,v2) =d(v3,v4) = -+ =d(V2p—1,v20) = 1,
d(v2,v3) = d(v4,v5) = -+ = d(V2p—2, V2p—1) = &,

where ¢ is a sufficiently small positive number. The minimum power for keeping
symmetric connectivity is

nc(l+e)*+m—1ce*+c— (n+1)case — 0

which is achieved when vy, v3, ..., vy,—1 are assigned with power c(1 + €)%,
V2, U4, . .., U2, are assigned with power ce®, and vy, is assigned with power c1%.
The minimum-length spanning tree is the path (vy, vy, ..., v2,) with power-cost

2ncl® = 2nc.

Therefore, the performance ratio is

2nc
%
nc(l+e)*+m—1)ce* +c¢

ase - O0and n — oo.

Is there a polynomial-time approximation with performance ratio less than 2
for MIN-POWER SYMMETRIC CONNECTIVITY? The answer is yes. To see it, we
introduce a type of decomposition of a tree.
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A k-restricted decomposition of a tree T is a partition of T into a set of edge-
disjoint subtrees each with at most k nodes. Consider a k-restricted decomposition
of T, which is denoted as Q = {T1, T2, .., T;}. The power-cost of Q is defined by

q
P(Q) =) P(T).
i=1

Clearly, the power-cost of Q differs from the power-cost of T at the joints of
subtrees. That is, extra power will be created at a node which belongs to more than
one subtree. It can be expected that when & is sufficiently large, the power-cost of
Q will approach the power-cost of T. The following result due to Calinescu et al.
confirms this intuition.

Define

pk=supmin@,
r ¢ P()

where T is over all trees and Q is over all k-restricted decompositions of 7.

Theorem 2 (Calinescu et al. [10]) Forany k > 3, pp <1+ 1/|log, k].

Proof First, transform the edge-weighted tree T into a node-weighted rooted binary
tree B in the following way (see Figure 3). Let eg = ugvg be an edge of T with the
maximum weight. Then 7T — e has two subtrees rooted at uo and v, respectively.
The parent-, children-, and sibling-relations among edges are comprehended in the
natural way with respect to these two rooted subtrees. For example, in Figure 3a,
ey is the parent-edge of e4 and es, and ey, e2, and e3 are the sibling-edges of each
other. Edge eq is viewed as the parent-edge of those edges which are incident with
ug and vg. For each edge e # ey, if e has the maximum weight among its siblings,
then define next (e) to be the parent-edge of e. Otherwise, define nexz(e) to be its
next heavier sibling-edge, where “next” is with respect to the sorting of siblings
in increasing weights. For example, in Figure 3a, next(e;) = e, next(ez) = e3,
next(e3) = ep, etc. Let B be the tree with node set V(B) = E(T) and edge set
E(B) = {(e,next(e)): e € E(T)} (see Figure 3b). The weight on each node of
B is defined to be the weight on its corresponding edge in 7 (we still use w to
denote the node-weight function on B). So, the node weight of B is the same as the
edge weight of T. Observe that B is a binary tree rooted at eg. In fact, every node
e € V(B) has at most two children in B, one corresponds to its heaviest child-edge
in T and the other corresponds to its previous sibling in 7', where “previous” is also
with respect to the sorting of siblings in increasing weights.

The decomposition of T is constructed as follows. For simplicity of statement,
denote K = |logy k|.Fori =0,...,K —1,letL; = {e € V(B): distg(e,eq) =i
mod K}, where distp(e, eg) is the number of edges on the (e, ep)-path along B. By
the pigeonhole principle, there exists an index ip with
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Lo
L
Lo
Ly
Ly
() (d)
€0
/\ U g g
€ € el ey \e3 eg e7
ey el @ €9 u u3
el A. eSI ey es eg €9
€ @
(c) (d)

Fig. 3 (a) Tree T. The numbers in the brackets indicate the weights of corresponding edges. (b)
Tree B for K = 2. The right labels indicate layers Lo, ..., Lx—1. (¢) Node-disjoint decomposition
{Bo, ..., By} of B for iy = 0. (d) Edge-disjoint decomposition Q = {Tp, ..., T;} of T. Each
blackened edge corresponds to a root of some B;, and this edge has the maximum weight among
those edges incident with the root of 7; according to our construction rule

w(B)  w()

i) = T = Togy k)

“)

Removing parent-edges of those nodes in L;,, B is divided into a set of node-disjoint
subtrees {By, ..., By}, where By is rooted at e (see Figure 3¢). Observe that each
B; corresponds to a tree 7; of T with |V (T;)| = |V (B;)| + 1 (see Figure 3d). Let
0={To,....T,}.

Since each B; is a binary tree with depth at most K — 1, we have |V (B;)| <
2K _ 1 < k—1.Hence |V(Tj)| < k.Fori = 1,...,q, let f; be the root of B;.
Observe that

q q
P(Q) = P(T) + Y min{w(f;), w(next (f))} < P(T) + Y w(f). (5

i=1 i=1
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To see the above equality, consider Figure 3a, d. For one example, node u is split
away from ug. In T, node ug has power w(eg). After the splitting, node ¢ has power
w(ep) and node u; has power w(ey). Power w(ey) is a surplus in P(Q) — P(T).
Notice that e; is the root of a subtree of B. For another example, consider u, and
u3. In T, they are the same node which has power w(eg). After splitting, node u;
has power w(eg) and node u3 has power w(eg). Power w(eg) is a surplus in P(Q) —
P(T). Notice that e = next(e9) and ey is the root of a subtree of B. In general, if
we denote by g; therootof 7; fori =1, ..., g, then surpluses in P(Q)— P(T) occur
at {gi}?zl. According to our construction rule, the edge of 7; which corresponds to
fi has the maximum weight among those edges incident with the root of 7;. Hence
the node of T from which g; is split away has power max{w(f;), w(next(f;))}, and
thus the surplus at g; is min{w(f;), w(next(f;))}. Then, relation (5) follows.
Combining (5) with the observation { f; }l.q=1 C L;,, we have

P(Q) < P(T) + w(Lyy) < P(T) + 2L < (1 " ;) P(T)
- v Llogy kJ ~ Llog, k] ’

where the last inequality follows from Corollary 3.
Hence Q is a k-restricted decomposition of 7 whose power-cost approximates
P(T) within a factor of 1 + 1/|log, k]. The theorem is proved.

Li et al. [27] determined the exact value of pg, which equals to the inverse of the
k-Steiner tree ratio determined in [4].

Theorem 3 (Li et al. [27]) Forany k > 3,

o+ D2+
- r2" +s

)

wherek =2" +5, 0 <s < 2.

The proof for the above theorem starts from the same transformation of 7 into
B, and makes use of a more complicated labeling procedure which is similar to the
proof for the k-Steiner tree ratio in [4]. In particular, p3 = 5/3, which was also
proved by Althaus et al. in [1].

Calinescu et al. [10] indicated that the k-restricted decomposition plays a same
role in the study of MIN-POWER SYMMETRIC CONNECTIVITY as the k-restricted
Steiner tree in the NETWORK STEINER MINIMUM TREE problem [21, 32, 34, 39].
In fact, by Theorem 2, a minimum power spanning tree can be approximated by a k-
restricted minimum power spanning tree, that is, a set of edge-disjoint subtrees Q =
{T1, ..., T,;} with minimum power-cost P (Q), the union of which is a spanning tree
and each subtree has at most k nodes.

Some of the algorithms for k-RESTRICTED STEINER MINIMUM TREE can
be adapted to find a k-restricted minimum power spanning tree. For example,
Zelikovsky [38] presented a relative greedy algorithm for k<-RESTRICTED STEINER
MINIMUM TREE, achieving performance ratio 1 4+ In2 ~ 1.69. Promel and
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Steger [32] gave a random algorithm for 3-RESTRICTED STEINER MINIMUM
TREE, which has performance ratio 1 4 ¢ with probability at least 1/2. This was
achieved by transforming the 3-RESTRICTED STEINER MINIMUM TREE problem to
a MINIMUM SPANNING TREE IN 3-UNIFORM HYPERGRAPHS problem (the latter
has a randomized fully polynomial-time scheme [32]). In these two algorithms,
considering power has no big difference from considering cost, and thus they can
be adapted to produce (1 4 In2 4 ¢)-approximation (when k is sufficiently large)
and (5/3 + ¢)-approximation (recall that p3 = 5/3) for MIN-POWER SYMMETRIC
CONNECTIVITY, respectively.

Although some new techniques [23, 26] have been introduced to study MIN-
POWER SYMMETRIC CONNECTIVITY, (5/3 + ¢) is still currently the best known
performance ratio for this problem. Not every technique for NETWORK STEINER
MINIMUM TREE can be easily applied to MIN-POWER SYMMETRIC CONNECTIV-
ITY. In fact, polynomial-time approximation for NETWORK STEINER MINIMUM
TREE has been improved by Byrka et al. [5] to (In4 + ¢), which is smaller than 1.39
for sufficiently small . However, it is an open problem whether the new technique
used in [5] can be applied to MIN-POWER SYMMETRIC CONNECTIVITY.

Problem 1 Find an approximation algorithm for MIN-POWER SYMMETRIC CON-
NECTIVITY with a performance ratio better than 5/3 + ¢.

3 Asymmetric Topological Control

It is interesting to notice that the minimum spanning tree is also a polynomial-time
2-approximation for the asymmetric topological control problem under symmetric
power requirement, which can be stated as follows.

MIN-POWER STRONG CONNECTIVITY: Given a wireless network with power-adjustable
nodes and symmetric power requirement, find a power assignment to minimize the total
power and to keep the network strongly connected.

This problem was initially studied by Chen and Huang [16]. They showed that the
minimum-length spanning tree gives a 2-approximation. Kirousis et al. [24] showed
the NP-hardness of the problem in 3-dimensional Euclidean space with @ = 2.
Clementi et al. [17, 19] showed that the NP-hardness remains in 2-dimensional
Euclidean plane.

Recall that in an asymmetric topological control problem, an arc (u, v) exists if
and only if the communication range of node u covers node v, i.e., p(u) > w(u, v).
Also recall that the minimum power for the existence of a directed graph H =
(V,E)is P(H) = ZMGV(H) pH(u), where py (u) = max, yyegm) w(u, v). If H
is strongly connected, then H contains an in-arborescence A. In fact, such A can be
obtained by a breadth-first search from an arbitrarily chosen root in (1-7, where H
is the directed graph obtained from H by reversing every arc of H. Since P(H) >
P(A), by In-Arborescence Lemma, we obtain the following.
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Lemma 4 For any strongly connected directed graph H and any node r of H, there
is an in-arborescence A with root r such that A is contained in H and

P(H) = w(A),

where w(A) = 3, yepa) WU, v) is the total weight of in-arborescence A.

Notice that every spanning tree 7 can be viewed as a strongly connected directed
graph, which implies that it is a solution to MIN-POWER STRONG CONNECTIVITY,
and thus

P(T) = OPlmpsc, (6)

where opty,psc is the optimal value for MIN-POWER STRONG CONNECTIVITY.
Now, suppose Ty, is a minimum-length spanning tree of the (undirected complete)
graph G with edge weight w(u, v) = d(u, v)*. By inequality (3), (6), Lemmas 1
and 4, we have

P(Tus) <2 Y w,v) <2 Y w,v)=2w(A) <2P(H).
(u,V)EE(Tinst) (u,v)EE(A)

)

This means that the minimum-length spanning tree is a polynomial-time 2-
approximation for MIN-POWER STRONG CONNECTIVITY.

Theorem 4 (Chen and Huang [16]) The minimum-length spanning tree is a
polynomial-time 2-approximation for MIN-POWER STRONG CONNECTIVITY.

Calinescu [8] indicated that 2 is a tight upper bound in the above theorem.
Actually, the example for MIN-POWER SYMMETRIC CONNECTIVITY (Figure 2)
also works here. In fact, this example implies that there exists a spanning tree
(namely the minimum power spanning tree) 7 with

P (Tinst)
P(T)

— 2, ase > 0andn — oo.
By P(T) = optpsc and P(Tyyst) < 2 - optypsc, we have

2> P (Tnst) . P (Tnst)
ODImpsc P(T)

— 2, ase — 0,n — o0,
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and thus

P(Tinst)
ODImpsc

— 2, ase = 0,n — oo.

Although many efforts have been made to improve the performance of approx-
imation algorithms [15, 24, 35] and the performance ratio less than 2 has been
established in several special cases, it was a long-standing open problem whether
there is a polynomial-time approximation algorithm with performance ratio less than
2 for MIN-POWER STRONG CONNECTIVITY in a general case. In 2010, this open
problem was solved by Calinescu [8] who presented a greedy 1.992-approximation
algorithm, the performance ratio of which was later improved to 1.85 in its journal
version [9].

This algorithm is a greedy approximation with a monotone increasing submodu-
lar potential function. For an element set U, a function f : 2U +» RT is monotone
increasing if A € B € U = f(A) < f(B). It is submodular if for any
A,BCU,

fA)+ f(B)= f(ANB) + f(AUB).

There are a lot of equivalent conditions for f to be submodular and monotone
increasing, one of which is the following (see Lemma 2.25 in [22]):

VACBCU,VxeU= A,f(A) = Ay (B), (®)

where A, (A) = fF(AUXx) — f(A).

The submodular potential function used in [8, 9] is defined as follows: Let T
be a minimum-length spanning tree of the given graph G = (V, E). For any two
nodes u, v € V, denote by T, the unique path on 7' connecting u and v. For any
vertex u € V and a real number p € {w(u, v) | (u, v) € E} (recall that w(u, v) =
d(u, v)*), denote by S(u, p) the directed star with center u and all those arcs (u, v)
with w(u,v) < p. Let Q(u, p) = Ux,er(S(u,p)) E(Ty). For a collection &/ of
directed stars, define Q(&) = Us(u’p)eﬁ O(u, p) and f(F) = ZEEQ(@/) w(e).

Lemma 5 The above function f is submodular and monotone increasing.

Proof For any two collections &7 and % of directed stars with &/ C % and any
directed star S,

Asfle)= Y we)— Y. wle)

ecQ (A UIS)) ecQ(o)

= Z w(e)

ecQ({SH\Q()
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> Y we)

ecQ({SH\ (%)
= Asf(£).

The lemma follows from (8).

Denote by ? the directed graph obtained from T by replacing each edge with
two opposite arcs. 7 is called the bidirectional version of T and T is called the
unidirectional version of 7") For arc (u, v) € S(u, p), let 7’),” be the directed path
from u to v on 7") Set _Q>(u, p) = Uvev(s(u’p)) E(P ). Clearly, the undirected
version of _Q)(u, p) is Q(u, p). Denote by 1,/(S(u, p)) the set of arcs in _Q>(u, p)

whose unidirectional version is not in Q (7). Calinescu’s algorithm is presented in
Algorithm 2.

Algorithm 2 Calinescu’s Greedy Algorithm

Input: A connected graph G = (V, E) with edge weight function w.
Output: An arc set E which induces a strongly connected subgraph of G.

: Let T be a minimum spanning tree of G.
o <«
-
M < T.
: while f (/) < w(T) do
(u, p) < argmax(u’,p’)AS(u’,p’)f(Jj)/p,‘
M < M\ Lz (S(u, p)).
o «— o U{S(u, p)}.
: end while
: Output E= (USEW E(S)) UM.

RN R LD

Figure 4 illustrates the rough idea of Algorithm 2. Figure 4a is the bidirectional
version of a minimum-length spanning tree. Adding a directed star m, arc
(u1,u4) can play the role of the directed path ujuruzus in connection (see
Figure 4b), so arcs on this directed path can be removed. The situation is different
if we further add a directed star u4—uE (see Figure 4c), the removal of any arc on
the directed path ususu, will break the strong connectivity. This is why the set of
deleted arcs I,/ (S(u, p)) (see Line 6 of the algorithm) does not include those arcs
whose unidirectional versions are in Q (/).

The following lemma refines the above idea to show the correctness of Algo-
rithm 2. A digon is a pair of anti-directional arcs between a same pair of nodes.
Denote by B(M ) the set of digons in M, and by D(M) the set of edges which

correspond to digons in B(M ).

Lemma 6 In each iteration of Algorithm 2, the directed graph H which is induced
by the edge set (U sea E (S)) U M is a strongly connected spanning subgraph.
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U N U Uy

uz u3 uz u3

Fig. 4 An illustration for the idea of Algorithm 2. Blackened arcs indicate an added directed star.
Dashed arcs can be deleted, while strong connectivity is still kept

Proof Removing D(M) from T, T is broken into several subtrees. Call the subgraph
of H induced by the node set of such a subtree as a reduced component of H. We
shall show that every reduced component is a strongly connected subgraph of H.
Then, adding back B (M), the lemma follows immediately.

Initially, M = T. Thus, every edge of T corresponds to a digon in M. This
means that each reduced component of 7' is a singleton, which is clearly strongly
connected.

Now, suppose at some stage of the algorithm, every reduced component of
H is strongly connected. Let H be the directed graph obtained from H after
adding S(u, p) to o/ and deleting arcs in I,/ (S(u, p)) from M. For each v €
V(S(u, p)) — {u}, suppose on the unique path of T from u to v, there are i edges
(x1, y1), (x2,¥2), ..., (xp, yp) in D(M). Since u and x; are in a same subtree of
T — D(M), by induction hypothesis, there is a strongly connected component H
of H containing both x| and u. Similarly, there are strongly connected components
H,, ..., Hy, Hy41 of H such that H, contains both x; and yq, ..., Hj contains
both x; and y;_1, and Hp41 contains both v and x,. When arc (u, v) is added,
arcs (x1, y1), - ., (xn, yn) are deleted, and thus V(Hy), ..., V(Hp4+1) are merged
into the node set of a subtree of 7' with respect to the new M. Notice that
the presence of arcs {(u, v), (Vu, xp), - .., (¥1, x2)} connects Hi, ..., Hy41 into a
strongly connected subgraph of H.

Recursively using the above argument for every arc in S(u, p) would complete
the proof.

The following properties hold for Algorithm 2.

Lemma 7 In each iteration of Algorithm 2, the directed star S(u, p) chosen in
Line 5 satisfies

Asu.p) f(A) -
———zl

®)

Algorithm 2 terminates when f(</) = w(T) and M contains exactly one arc from
—
each digon of T .
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Proof Suppose there is a digon {(x,y), (y,x)} in M. For the directed star
S(x, py) with py = w(x,y), arc (x,y) € Q(S(x,px)) \ Q(&), and thus
Ase,p) f(@)/px = w(x,y)/px = 1. Inequality (9) follows from the greedy
choice of S(u, p) in Line 5.

Since Q(«/) € E(T), we have f(</) < w(T). As a consequence of the
argument in the above paragraph, as long as there is a digon in M, the value of
f (&) can always be increased, and thus f (<) < w(T), the algorithm continues.
On the other hand, by the deletion rule in Line 6 and the definition of 1./ (S(u, p)),
if an arc in a digon is deleted, then its opposite arc remains to be in M throughout
the algorithm. Hence, when the algorithm terminates, M contains exactly one arc

from each digon of 7’), and f(«) = w(T).

To analyze the performance of Algorithm 2, we first consider a closely related
problem. For a monotone increasing, submodular function f : 2U > R*, denote
2(f)={A U | f(A) = f(U)}. Let c be a non-negative cost function on U.
The following problem is known as SUBMODULAR-COVER:

min c(A) = Z c(x)

xeA

s.t. A e 2(f).

Algorithm 3 employs a greedy strategy to compute an approximation for
this problem, and the following is a general theorem for its performance (see
Theorem 3.7 of [22]).

Algorithm 3 Greedy Algorithm for SUBMODULAR-COVER

A<

while f(A) < f(U) do
Choose x € U to maximize A, f(A)/c(x).
A «— AU {x}.

end while

: Output A.

QAR

Theorem 5 Suppose in every iteration of Algorithm 3, the selected x always
satisfies

AfA)

e (10)

Then Algorithm 3 produces an approximation solution to SUBMODULAR-COVER
with performance ratio at most

nf(U)—f(@)
opt ’

I+1

where opt is the optimal value of SUBMODULAR-COVER.
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For any directed star S(u, p), denote p(S) = max{w(u,v): (u,v) €
E(S(u, p))}. Consider the following problem called MIN-STARS:

min Z p(S)

Sedf
s.t. f()=w(T),

where T is a minimum spanning tree and f(</) is defined as in Calinescu’s
algorithm. MIN-STARS is a special SUBMODULAR-COVER problem in which the
ground set U consists of all possible directed stars and each directed star S € U has
cost p(S).

Corollary 8 Suppose optyin_ctars < @ - optmpsc for some o < 1, where
OPYpin-stars ANd optmpsc are the optimal values for MIN-STARS and MIN-
POWER STRONG CONNECTIVITY, respectively. Then Algorithm 2 approximates
MIN-POWER STRONG CONNECTIVITY within performance ratio

1 +a(l —Ina).

Proof Observe that ignoring M, Algorithm 2 is exactly Algorithm 3 for MIN-
STARS. Furthermore, condition (10) in Theorem 5 is guaranteed by Lemma 7. Hence
for the final set 7 of directed stars computed by Algorithm 2,

Z p(S) < optmin-stars (1 +In ﬂ) . (11)

OPtnin-stars
Seof Plmin-stars

Let H be the directed graph induced by the edge set (U sew E (S)) U M which
is the output of Algorithm 2. Notice that each node u € V has power py(u) <
> wwem W, V) + D 6, e P- Summing over all nodes in V, we have

p(H) <w(M)+ Y p(S)=w(T)+ Y p(¥),

N4 Seof

where the equality follows from the observation that M contains exactly one arc
—_
from each digon of T (see Lemma 7). By Lemma 4, w(T) < opty,ps.. Hence

w(T)
p(H) < ODtmpsc + OPtmin-stars I+In ————

OPlmin-stars

toin-stars opt,
< OPtmpse <1 + OPlmin-stars (1 +1n Plmpsc ))

OPtmpsc ODImin-stars



16 Z. Zhang and X. Huang

1
< OPtmpsec <l + (l + In &>>

= OPlmpsc (I+oa(l-Ina)),

where the third inequality holds because function x(1 + In(1/x)) is monotone
increasing for 0 < x < 1. The corollary is proved.

Calinescu proved the following in [8].
Lemma 9 optyin-siars < %optmpsc-
Performance ratio 1.992 for Algorithm 2 follows from Corollary 8 and Lemma 9.

Theorem 6 (Calinescu [8]) There exists a polynomial-time approximation for
MIN-POWER STRONG CONNECTIVITY with performance ratio at most 1 + %(1 -

In}) < 1.992.

The proof of Lemma 9 employs 7-joins in certain 2-edge-connected hyper-
graphs. It is interesting that by a simpler analysis, factor 1.992 can be improved to
1.85 [9]. For this purpose, we first adapt the proof of Theorem 5 to yield a general
lemma, and then use it to obtain a theorem with a similar taste as Theorem 5.
This lemma will also be used in the next section, when considering MIN-POWER
BROADCAST.

Lemma 10 For two positive numbers K and k, suppose (ap,ay, ..., ag) and
(ct,...,cg) are two sequences of real numbers satisfying the following condi-
tions:

(i) ap=a) = ...aq;
(ii) ap = kK and ay < kK;
; di-1—di _ di-1
(iii) Foreachi=1,...,g, — L >
Ci K
ai—1 —a;

(iv) Foreachi=1,...,g,
ci

Then the following inequality holds:

g
aop a
Zci <K (ln(E) —Ink 4+ 1) — f.
i=1
Proof By condition (iii),
< (1 Ci) fori =1 (12)
i i— - = ri=1,...,g.
a; < aj—1 X ori , » 8

By condition (i) and (ii), there exists an index » with 0 < r < g such that
ary1 <kK <a,.Leta’ =kK —a,y; anda” = a, —kK.Thena'+a" = a, —a, 4.
Let ¢, = ¢’ + ¢” such that
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13)

and thus
C//
kK =a, —d" <a, (1—E).

Then by recursively using inequality (12),

kK < ag (1 _ CEN) . (ﬁ (1 _ %)) <ap- e—(C”—&-Zir:l Ci)/K’ (14)

i=1

where the second inequality uses 1 + x < e*. It follows that

p
4 < K-1 (“—0) 15
¢+ ;cl < n K (15)
By condition (iv),
$ 1 & 1
Z =7 Z @iy —ai) = 2 (ary1 = ag).
i=r+42 i=r+42

Notice that a’ /¢’ > a,/K > k (by condition (iii), inequality (13), and the choice of
a,). Hence

8
1 1
¢+ l_;zc(xi) < @ +ar —ag) = kK —ay). (16)

The lemma follows by summing up inequalities (15) and (16).

Theorem 7 Suppose there exists some K with 0 < K < f(U) — f (@) such that
forany A C 2Y, there exists a set of non-negative coefficients {zy}yeu with

(i) X zy Ay f(A) = f(U) - f(A), and

yeU

(ii) 0< Y zy-c(y) <K.
yeU
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Also suppose in every iteration of Algorithm 3, the selected x always satisfies
inequality (10). Then Algorithm 3 produces a solution to SUBMODULAR-COVER
with cost at most

K(I—HHM).

Proof Suppose the output of Algorithm 3is A = {x1, ..., x,}. Elements are ordered
according to the time they are selected into A. Denote by A; = {xi,...,x;} for
i=1,...,gand Ag = @. By the greedy criterion and the assumptions on {zy}yev,

Agf(Ai) _ A (i) Tyevdy A F(ALD ) = f(Aim)
c(xp) Tyt c(y) T Xyepzyoc) T K '

Leta; = f(U) — f(A;). By noticing that
Ay, f(Aic1) = ai—1 — a;, 17

we have

i1 = ai _ Gi-|
cxiy T K

Hence condition (iii) of Lemma 10 is satisfied. By the monotonicity of f, sequence
(ao, a1, ..., ag) is monotone decreasing, satisfying condition (7). Taking k = 1 in
Lemma 10, condition (ii) is satisfied by observing

ao=f(U)— f@ =K anday = f(U) — f(A) =0 < K. (18)

Moreover, condition (iv) is guaranteed by inequality (10) and observation (17).
Then, the theorem follows from Lemma 10 and (18).

Now, let us come back to Algorithm 2. In [9], Calinescu proved the following
lemma.

Lemma 11 (Calinescu [9]) Let U be the collection of all possible directed stars.
For any sub-collection of C U, there exists a set of non-negative coefficients

{zs}seu with

(i) SZUZS - Asf() = w(T) — f(), and

(ii) 0 < Z zs - p(S) < Optmpsc/z'
SeU
Proof Let O PT be an optimal solution to MIN-POWER STRONG CONNECTIVITY.

Letzg = 1/2if S € OPT and zg = 0 otherwise. Hence Y zg-p(S) = OPtmpsc /2.
SeU
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Since f is monotone increasing, we have Y zs- Ag f(«) > 0. Hence to prove
SeU
(i), we may assume that (<) < w(T). In this case, there is an edge e € E(T) \

Q(27). Denote by Ty and T, the two subtrees of T — e. Since O PT is strongly
connected, there is a star S; € OPT with center in V(T7) and another node in
V(T7). By the definition of Q(S), we have e € Q(S;). Similarly, there is a star
S> € OPT with center in V (T3) and another node in V(7T7), and thus e € Q(S7).
Since Sy and §> are two different stars in O PT, we have zg, = zs5, = 1/2 and

Z s > 25, + 25, = 1.
SeU,ecQ(S)

This inequality holds for any edge ¢ € E(T) \ Q(%/). Hence

Yoz Asf) =) zs Y. wle= Y we) Y = zs

SeU SeU  ecQ(S\O(H) ecE(T)\Q() SeU,ecQ(S)
> > we)=w) - f().
ecE(T)\Q(&)

The lemma is proved.
Combining this lemma with Theorem 7 yields the 1.85-approximation.

Theorem 8 There exists a polynomial-time approximation for MIN-POWER
STRONG CONNECTIVITY with performance ratio at most 1 4 %(1 —In %) < 1.85.

—
Proof Take K = optypsc/2 in Theorem 7. Since T is a feasible solution to MIN-

POWER STRONG CONNECTIVITY, whose power-cost p(?) < 2w(T), we have
OPtmpse < 2w(T). Hence K < w(T). Combining this with Lemmas 7 and 11, all
conditions in Theorem 7 are satisfied. Hence the set .7 of directed stars computed
by Algorithm 2 satisfies

> ps) < —Opt;p” (1 + 1 22D ) .

Sedt OPlmpsc

Replacing inequality (11) by the above one in the proof of Corollary 8, the desired
performance ratio follows.

4 Broadcast

A broadcasting routing is for transmitting data from a source node s to all other
nodes. Mathematically, it is an out-arborescence T rooted at s, namely every node
except the root has exactly one in-neighbor. The unique in-neighbor of u is called
the parent of u, and the out-neighbors of u are called children of u. The power-cost
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of u in the routing equals pr(#) = max{w(u, v): v is a child of u}. The power-cost
of broadcasting routing 7T is the sum of power-costs over all nodes in T'.

MIN-POWER BROADCAST: Given a network G = (V, E), a source node s, and an edge
weight function w, find a broadcasting routing 7' from s with the minimize power-cost.

In particular, if the network is induced by a set of points in d-dimensional space,
in which the edge weight function w(u, v) = |luv||* and |uv| is the Euclidean
distance between u and v, then the problem is called EUCLIDEAN MIN-POWER
BROADCAST.

In general networks, it is unlikely to have a polynomial-time (1 — &) Inn-
approximation (Ve > 0) for MIN-POWER BROADCAST [6, 18]. Approximation
algorithms with performance ratio O (Inn) exist. The first one was given by Cara-
giannis et al. [12] by transforming the problem into MINIMUM NODE-WEIGHTED
DOMINATING SET, achieving performance ratio 10.8Inn. Calinescu et al. [11]
presented an algorithm with performance ratio 2 4+ 2In(n — 1), using an idea of
“spider decomposition” which was used in the analysis of greedy algorithm for
MINIMUM NODE-WEIGHTED STEINER TREE.

In geometric setting, the situation is different. For EUCLIDEAN MIN-POWER
BROADCAST in d-dimensional space, the problem is polynomial-time solvable for
d=1[12]orfora =1[18]. Whend > 2 and o > 1, it is NP-hard [18].

It is interesting that the minimum Euclidean spanning tree 7 is also a constant-
approximation for EUCLIDEAN MIN-POWER BROADCAST on the plane. This is
because of the existence of the following lemma, which plays an important role for
EUCLIDEAN MIN-POWER BROADCAST, similar to the role of Lemma 2 for MIN-
POWER SYMMETRIC CONNECTIVITY and the role of Lemma 4 for MIN-POWER
STRONG CONNECTIVITY.

Lemma 12 (Out-Arborescence Lemma) For any out-arborescence T rooted at s
and any minimum Euclidean spanning tree Ty,ss,

D el < 6P(T).

eeE(T;IISI)

The proof of Lemma 12 relies on the following fact.

Lemma 13 (Ambiihl [2])~Let C be a disk with center x and radius R, P be a set
of points lying in C, and T be a minimum Euclidean spanning tree on P. Assume
x € Pand o > 2. Then,

> el < 6R.

ecE(T)

With the aid of Lemma 13, the proof of Lemma 12 is as follows. For each node u
of T, draw a smallest disk D (u) centered at u which covers all children of u. Denote
by C(u) the set of children of u. Let T(u) be a minimum Euclidean spanning tree
on C(u) U {u}. By Lemma 13,
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> llel® < 6R@)*,

ecE(T ()

where R(u) is the radius of D(u). Notice that |,y T(u) contains a spanning tree
on the given node set V. Hence by Lemma 1,

Doodel* <> YT el <) 6Rw)* = 6P(T).

e€E(Tysr) ueV ec E(T (u)) uev

This completes the proof of Lemma 12.

Actually, this result was obtained through a sequence of efforts [2, 7, 25, 28, 30,
36], which was initiated by Wan et al. [36] and finally accomplished by Ambiihl
[2]. Wan et al. [36] also pointed out that the constant 6 is the best possible for
MST heuristic. An example which asymptotically reaches this bound is shown in
Figure 5. The minimum spanning tree is the path spjpa... pe, whose cost is 6.
But the optimal solution is the directed spanning star centered at node s, whose
power-cost is (1 + €)*. Thus performance ratio in this example approaches 6 when
e — 0.

The approach for establishing the upper bound for this performance ratio is quite
interesting. The proof of Lemma 13 given by Ambiihl [2] is quite complicated. Here,
a proof of a weaker bound is included to show the main idea.

Lemma 14 ([30]) Let C be a disk with center x and radius R, P be a set of points
lying in C, and T be a minimum Euclidean spanning tree on P. Assume x € P and
o > 2. Then,

D el < 8R*.

ecE(T)

Proof The assumption x € P implies that every edge in T has length at most R.
ForNO < r < R, denote by T (r) the forest with node set P and edge set {e €
E(T): |le]| < r}. Let n(T(r)) be the number of connected components of T(r)
Define

Fig. 5 Ratio 6 is best
possible for MST heuristic
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Xe =0, r > Jlel.

r_{l,r< llell.

Notice that 3,7 x& = |E(T)| — |[E(T ()| = n(T () — 1. Hence,

R
2 el = Z/ = > / xar =a [ @yt

eeE(T) ecE(T) ¢eE(T)

(19)

For each node u € P, draw a disk DZ/ 2 with center u and radius r/2. For

each connected component H of T(r), the union |,y (H) D;/ 2 forms a connected

region, which will be denoted as A(H). Furthermore, for different connected

components H; and H of T(r), regions A(Hp) and A(H;) are disjoint. Since

each connected region contains at least one disk with radius r/2, its area is at least
7(r/2)%. Let a(P, r) be the total area of Uep Dr/2 Then,

a(P,r) > n(Tr)m(r/2)%.
We claim that
T (R <
a(P,R) > 5/ n(T (r))rdr. 20)
0

In fact,

R R o~ T~
a(P, R):/ d(a(P, r)) z/ (n(r/2)2dn(T(r))+—n(T(r))dr).
0 0 2

Suppose there are ¢ distinct lengths between pairs of points of P, say by < by <

. < bq Let by = 0. Notice that when r € (b;_1, b;), n(T(r)) is a constant, and
thus dn(T (r)) = 0 in this interval. Since {bo, b1, ..., by} is a discrete set of values
whose measure is zero, we have

R N 4q bi -
/ dn(T(r)) = Zf dn(T (r)) = 0.
0 i=1 vbi-1

Inequality (20) follows.
Combining (20) and (19) with ¢ = 2,

a(P,R) = %/0 (T (r)) — Drdr + NT = % ZN lell? + ”T
ecE(T)
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Notice that a(P, R) is contained in a disk with center x and radius 1.5R. Thus,

2

T 5, TR

m(1.5R) zz E~ llell ~I—T.
ecE(T)

Hence,

Y llel® < 8R%.

ecE(T)

Since for every e € E(T), lle]l < R, one has

Y el/R* <Y lell/R)* <8,

ecE(T) eeT

The lemma is proved.
By Lemma 12, it is easy to see the following.

Theorem 9 The minimum spanning tree induces a 6-approximation for
EUCLIDEAN MIN-POWER BROADCAST on the plane.

The above results are for networks on the plane. For networks with all nodes
lying in a d-dimensional space with d > 2, the example in Figure 5 can be extended
to show that a lower bound for MST heuristic is the d-dimensional kissing number
ng, which is the maximum number of non-overlapping unit balls touching a unit
ball. It is known that ny = 6, n3 = 12, and in general, ny = 2°¢0+°(M) where
0.2075 < ¢ < 0.401 [20]. Determining the exact value of ny for large d is quite
hard [40]. Generalizing the method in the proof of Lemma 14 to higher dimensional
space, Flammini et al. [30] proved that MST heuristic is a (3¢ — 1)-approximation
for EUCLIDEAN MIN-POWER BROADCAST with o > d. In particular, this yields
a 26-approximation for the 3-dimensional case, which was improved to 18.8 by
Navarra [29]. For d > 2 and o < d, Clementi et al. [18] indicated that the ratio
of MST heuristic cannot be bounded by any function of « and d. Thus to solve the
problem with o < d requires new techniques other than MST.

Problem 2 For o < d, find an approximation algorithm for MIN-POWER BROAD-
CAST.

Problem 3 Improve performance analysis of the MST heuristic for MIN-POWER
BROADCAST in d-dimensional space with d > 3.

Is it possible to have an approximation with performance better than that of
the minimum-length spanning tree for MIN-POWER BROADCAST? The answer is
confirmative.

One possible candidate is the BIP (broadcasting incremental power) algorithm
[31]. The algorithm starts from the source node. In each iteration, a new node is
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reached with the smallest increasing power. Such an increasing may have two ways.
One way is to assign power to an unassigned node, and the other way is to increase
the power of a node which has received a power assignment in previous iterations.
Wan et al. [36] showed that for d = 2, the performance ratio of BIP is between
13/3 &~ 4.33 and 12, while the MST heuristic has performance ratio between 6 and
12 (in both cases, upper bound 12 has been improved to 6 after Ambiihl [2] proved
Lemma 13). Because of the smaller lower bound of BIP, people believe that BIP is
better than MST heuristic. Currently the best known lower bound for BIP is 4.598
[37]. However, it is still an open problem of whether one can obtain an upper bound
better than 6 for BIP.

Problem 4 Improve analysis for the performance ratio of BIP.

A breakthrough was made by Caragiannis et al. [13, 14], who gave a greedy
approximation which can be applied to any network (not just a network in an
Euclidean space), saying that if the minimum-length spanning tree induces a p-
approximation for MIN-POWER BROADCAST, then their greedy approximation can
achieve performance ratio 2In p —21In2 + 2. It is 4.2 for d = 2 (which is definitely
better than both BIP and MST heuristic), 6.49 for d = 3 (improving previously best
known ratio 18.8), and 2.2d + 0.61 for d > 4 (reducing previous ratio (3d -1
exponentially).

This greedy approximation is quite interesting, which is designed using the
following property of spanning trees. For a spanning tree 7 of graph G = (V, E),
and an edge subset F' C E, a swap set for (T, F) is an edge subset A C E(T) such
that T + F — A is still a spanning tree of G. Suppose T is rooted at source node s.
For any non-leaf node u in T, denote by S, the set of all edges between u and its
children in T'.

Lemma 15 Let Ty and T, be two spanning trees over the same set of nodes V,
and T is rooted at s. There exists a one-to-one mapping o : E(T1) — E(T3)
such that for any non-leaf node u of T, o(S,) is a swap set for (T, S,), where
a(Sy) ={o(e):eeS,}.

Proof The mapping is constructed by the following procedure. Order nodes of the
rooted tree 77 such that every node precedes its parent and the children of a same
node are ordered consecutively. Such an ordering can be obtained by viewing 77 as
a breadth-first search tree in which nodes are divided into layers according to their
distances from root s, and ordering nodes layer by layer in a “bottom-up” manner,
with nodes in farther layers ordered first. Initially, all edges of 7, are marked as
unused and all nodes in V are marked as alive. Denote by parent (1) the parent of
node u in Ti. Establish the mapping o for edges {(u, parent (u))}yev, uxs one by
one in the above order. When it is the turn to consider node u, let o (u, parent(u))
be the last unused edge on the unique path of 7, from parent (1) to u. Then, mark
edge o (u, parent (u)) as used, mark node u as dead, and iterate. An illustration is
given in Figure 6.
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V3

Vi

Fig. 6 An illustration for the construction of mapping o. Solid edges are in 7. Dashed edges are
in 7. Arrows indicate the mapping. The path on 75 from vy = parent(vy) to vy is v4V3V5V],
thus o (vy, v4) = (vs, v1). Similarly, o (v2, v4) = (v1, v2) and o (v3v4) = (v3, v4) are established
sequentially. Next, consider edge (v4, vs5). The path on 75 from vs = parent (v4) to v4 is vV5V3V4.
Since (v3, v4) is already used, we have o (v4, v5) = (v3, v5)

To show that o is as desired, we prove a stronger claim.
Claim Fori =1, ...,n — 1, in the i-th iteration:

(a) there always exists an unused edge on the path of 7> from parent(u) to u;
(b) every connected component of F' contains exactly one alive node, where F' is
the spanning forest consisting of those used edges after the i-th iteration.

The claim can be proved by induction on i.

For i = 1, since no edge of T is used, (a) is clearly true. By the rule of
the mapping, v; is an end of o (vy, parent(vy)). Suppose o (vy, parent(vy)) =
(v1,v]) € E(T2). Then F ! consists of n — 2 trivial connected components (each
containing exactly one node and this node is alive) and one connected component
with node set {vy, v{} in which v] is the only alive node.

Suppose the claim is true after the i-th iteration. In the (i +1)-th iteration, suppose
it is the turn to consider node u. By the ordering method and the mapping rule, both
u and parent(u) are alive, and thus by induction hypothesis, they belong to two
different connected components of F'. Since 75 is connected, the path of T» from
parent (u) to u contains some edges crossing components of F’, which are unused
by the definition of F! (thus (a) follows). The last one of such edges serves as
o (u, parent(u)). Adding o (u, parent (1)) merges two connected components of
F', one of which contains u. Suppose these two connected components are C; and
C, with u € Cj. By induction hypothesis, after the i-th iteration, u is the unique
alive node of Ci, and C; contains a unique alive node u’. After the (i + 1)-th
iteration, node u is marked as dead, and thus the merged component contains exactly
one alive node, namely u’. All other components remain the same. Thus (b) follows.
This finishes the proof of the claim.

As a consequence of (a), o is a one-to-one mapping from E(77) to E(T3).

For a non-leaf node u of T1, suppose u has £ children u1, . .., uy, and the mapping
procedure has come to the moment just before the children of u are considered.
Denote by F* the spanning forest consisting of those used edges of 73. Since at
this moment, u, uy, ..., u, are all alive, by (b), they belong to different connected
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components of F*, say C,Cy,...,Cy. Fori = 1,...,¢, let P; be the path of T,
from node u to component C;, and let ¢; be the edge of P; entering C;. Notice
that after nodes uy, ..., u;—1 are considered, edge e; is still the last unused edge
on the path of 7> from u to u;. Hence o (u,u;) = ¢; fori = 1, ..., ¢. Deleting
o(Sy) = {e1,..., e} breaks T into exactly £ + 1 connected components, each
component containing exactly one node of {u, uy,...,u¢}. Adding S, connects
these components, and thus 7 + S, — o (S,) is a spanning tree. This finishes the
proof that o (S,) is a swap set for (7, S,,).

The algorithm is presented in Algorithm 4. Let S(u, p) = {(u,v) € E(G) |
w(u, v) < p} be the directed star centered at u which contains all those arcs whose
existence is supported by power p at node u. Use A7 (u, p) to denote a swap set for
(T, S(u, p)). In each iteration, the algorithm greedily selects a directed star S(u, p)
which maximizes the ratio w(Ar (u, p))/p. As long as this ratio is greater than 2,
construct a new tree by adding S(#, p) and deleting At (u, p). Reset the weight of
every edge in S(u, p) to be zero. Suppose the while loop is executed K times. Let
{S(u;, pi)}iK: | be the directed stars obtained in Line 4 and let { Ti}l.Kz | be the trees
obtained in Line 7 of Algorithm 4. Turn Tk into an out-arborescence T.The power
assignment is induced by T.

Algorithm 4 CFM Algorithm

Input: A connected graph G = (V, E) with edge weight function w, and a source node s.
Output: A power assignment p on V which induces a broadcasting routing from s.

1: T < a minimum spanning tree of G.
2: flag < 1,8 < 0.

3: while flag = 1do

4. S(u, p) < argmaxs(u/,p/)w(AT(u’, ’N/p.
5: if w(Ar(u, p))/p > 2 then

6: & «— EU{Su, p)}.

7: T < T+ S, p)—Ar(u, p).

8: w(e) < 0 forevery e € E(S(u, p)).

9: else

10: flag < 0.

11: end if

12: end while

13: Orient edges of T away from s. Denote the resulting out-arborescence as T.
14: For eachnode u € V, set p(u) = max, ,cp7) W, v).

15: Output {p)}uev.

The algorithm can be executed in polynomial time. In fact, the most time-
consuming step is in Line 4. Notice that there are O(n) choices for node u and
for each node u, it suffices to try every p in {w(u, v): v # u}. So there are 0(n?)
choices for S(u, p). For a fixed S(u, p), the maximum ratio of w(Ar (u, p))/p is
achieved by a maximum weight swap set of S(u, p), which can be obtained by
finding a minimum spanning tree of 7/S(u, p), and the maximum weight swap set
is exactly set of edges not in this minimum spanning tree. Since the number of edges
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V1

V4 Vs V6

Fig. 7 An illustration for Algorithm 4

in the spanning tree with zero weights is strictly increasing (see Line 8), the number
of iterations is at most n — 1.

An illustration for this algorithm is given in Figure 7. In figure (a), solid lines are
in the minimum spanning tree 7', and the directed star S(u, p) is indicated by the
dashed arrows. Suppose the swap set for (T, S(u, p)) is Ar(u, p) = {e1, e3, es}.
Graph T + S(u, p) — Ar(u, p) is depicted in (). The out-arborescence induced by
this spanning tree is depicted in (c).

Lemma 16 The power-cost determined by Algorithm 4 is upper bounded by

2 ) pHwx), @)

S(u,p)e&

where K is the number of iterations of the while loop and Tk is the tree T obtained
when the algorithm jumps out of the while loop.

To obtain an intuition for the upper bound, consider Figure 7c. Node v, has power
at most p, where p is the power of directed star S(vy, p) € &. For node vy, since
it is not incident with any directed star, its power is determined by the weight
on the edges of Tx which connect v; to its children of T. Node v3 has power
max{w(v3, vg), w(vs, v2)}. Since arc (v, v3) € S(uz, p), by the definition of
S(u, p) and the symmetric assumption on weights, we have w(v3, v2) < p. Hence
p(3) < p 4+ w(vs, ve). The first term p corresponds to an increase of power in the
first term of inequality (21), and the second term w(v3, ve) is included in w (7).

For a directed star S(u, p), call those nodes of degree one in S(u, p) as feet
of S(u, p). From the above example, it can be observed that an increase of power
occurs at a node v such that v is a foot of some directed star S(u, p) and v is the
parent of u in T. Call such an arc (u,v) € S(u, p) as a back arc. In the above
example, (v, v3) is a back arc. A key observation is that

every directed star has at most one back arc, 22)

since otherwise Tx will contain a cycle. The proof of the lemma is given below.
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Proof (Proof of Lemma 16) For each I}S)de u, denote by C Tk (u) the set of edges in
Tx which connect u to its children in 7. Define

u) = max w(u,v).
pTK( ) (w.)eCTx () ( )

Suppose u is incident with directed stars S(ul-l,p,-l),...,S(uiq,piq),...,
S(ui,, pi,), where ui; = u for j = 1,...,q (that is, u is the center for the
first g directed stars), and u is a foot of S(ul-j, pij) forj =g+ 1,..., ¢ Define

pcenter(”) =  mnax pij’
J=l...q9

P foot(u) = ,,':qnlaff..,z Pij-

It can be seen that the power assigned to node u is upper bounded by

maX{pTK (), peenter (1), Pfoot(u)} = DTk () + peenter (1) + pfoot(u)-

So,

P(?) = Z Prg (u) + Z Deenter () + Z pfoot(u)~ (23)

ueV ueV ueV

Notice that CTg (u) N CTx (v) = @ for u # v, since they belong to different
child-edge-set. Hence the first term of (23) is upper bounded by w (7). The second
term of (23) is clearly upper bounded by > S@u,pyes P- By observation (22), the
power of each directed star is summed at most once in the third term of (23); hence,
the third term is also upper bounded by 3 S(u,pyee P- Then the lemma follows.

The performance of CFM Algorithm is given in the following theorem.

Theorem 10 Suppose p > 2 is the performance ratio of the minimum spanning
tree as an approximation for MIN-POWER BROADCAST. Then the performance
ratio of the approximation solution obtained from CFM Algorithm is at most
2Inp —2In2 + 2.

Proof As before, suppose the while loop is iterated K times, and in the i-th iteration,
S(u;, pi) is the directed star chosen in Line 4, A7, | (u;, p;) is the corresponding
swap set for (Ti—1, S(ui, pi)), and T; = Ti—y + S(ui, pi) — Ar,_, (ui, pi). Let Ty
denote the minimum spanning tree at the initial step. Since edges in E(S(u, p))
have zero weights, so fori = 1,..., K,

w(A7,_, (i, pi)) = w(Ti-1) — w(Tp). (24)
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Denote by opt the optimal value of MIN-POWER BROADCAST. If w(7p) < 2opt,
then Ty already has the desired performance ratio. Hence in the following, we
assume w(Tp) > 2opt.

We shall prove that the problem satisfies all four conditions in Lemma 10 with
a; = w(T;), ¢ci = pi, K = opt,and k = 2.

Suppose T* is an optimal broadcast tree. For each node u, denote by S, the
directed star consisting of all arcs of T* from u to its children. By Lemma 15, there
exists a one-to-one onto mapping o : E(T*) — E(T;_1) such that o (S,,) is a swap
set for (T;_1, S,). As a consequence, {0 (S,)} form a partition of E(7;_1), and thus

w(Tio1) =Y w(o(S,).
ueV
By

ZueV w(o (Su)) _ w(T;—1)
> uev pr+(u) opt

and the pigeonhole principle, there exists a node u such that

w(o (Sy)) - w(T;—1)
pr=w) ~  opt

Since S, € S(u, pr=(u)) and thus o (S,) € Ar,_, (u, pr+(u)), it follows from the
greedy choice of S(u;, p;) that

w(A7,_, (Ui, pi)) - w(A7,_, (u, pr+W))) - w(o(Sy)) - w(Ti-1)

Di pr=(u) - pr=w) —  opt

(25)

Substituting (24) into (25), we have

wli-y —w(@) _ w(li-1)
Di - opt

condition (iii) of Lemma 10 is proved.

By (25), we must have w(Tk) < 2o0pt, since otherwise there exists a directed star
S(u, p) with w(Ary, (u, p))/p > w(Tg)/opt > 2, and thus the algorithm will not
jump out of the while loop at the K -th iteration. Combining this with our assumption
that w(Tp) > 2opt, condition (ii) follows. Condition (i) is obvious since T; is
obtained from 7;_; by adding some edges of zero weights and removing some
edges. By Line 5 of the algorithm, (w(T;—1) —w(T;))/pi = w(Ar,_, (u;, pi))/pi >
2fori =1,..., K, which is condition (iv).
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Then by Lemma 10, the output of Algorithm 4 satisfies

K

T;
Zpi < opt (ln w(To)
i=1 opt

w(Tk)
>

—1n2+1>—

By Lemma 16, the power of T is upper bounded by

K

ZZp,- + w(Ty) < 2o0pt <ln
i=1

w(To)
opt

—ln2~|—1> <20pt(Inp —In2+1),

since minimum spanning tree is a p-approximation. The performance ratio follows.

5 Asymmetric Power Requirement

Recall that with an asymmetric power requirement, the power to support an arc
(u, v) might be different from the power to support arc (v, u), namely one may have
w(u, v) # wv, u).

Althaus et al. [1] studied the following problem:

MIN-POWER SYMMETRIC CONNECTIVITY WITH ASYMMETRIC POWER REQUIREMENT:
Given a complete graph G = (V, E) and asymmetric power requirement w : V x V — R*,
find a minimum power-cost spanning tree 7" in which an undirected edge (u, v) exists if and
if pr(u) = w(u, v) and pr(v) = w(v, u).

Althaus et al. [1] showed that the minimum spanning tree with respect to edge
weight c(u, v) = w(u, v) + w(v, u) is a 2-approximation. However, their proof has
a flaw. In fact, their proof uses a claim that for any tree 7, ¢(T) < 2p(T). But
this is not true. Consider a complete graph on node set {u, uy, ..., u,—_1}, in which
w(,u;) =Mandw(u;,u) =1fori =1,...,n—1,and w(u;, u;) = oofori # j.
The spanning star S centered at u has cost ¢(S) = (n — 1)(1 + M), while the power-
costof Sis p(S) = (n — 1) + M. For sufficiently large M, ratio c(S)/p(S) is @ (n).
The reason why a cost-over-power ratio cannot be bounded lies in the difficulty to
bound the power of an out-arborescence from below in terms of its cost. This can be
observed by considering a directed star with unit weight on every edge, for which
the cost is n—1 and the power-cost is 1. This is a sharp contrast to an in-arborescence
whose power-cost is always lower bounded by its cost.

Problem 5 Does MIN-POWER SYMMETRIC CONNECTIVITY WITH ASYMMET-
RIC POWER REQUIREMENT admits a polynomial-time constant approximation?

Calinescu et al. [11] gave a positive answer to this problem when the asymmetric
power requirement is generated by the following special way. Let r: V + RT
be a node function which reflects transmission efficiency at nodes. The power
requirement to support arc (u, v) is
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w(x, y) =d(x, y)*/rx), (26)

where d(x, y) is the distance between x and y in a metric space.

Theorem 11 The minimum spanning tree with respect to edge weight c(u, v) =
w(u, v) + w(v, u) induces an approximation solution within a factor of

q(x
min{2“+(q+1)°‘+ }
g>1 qot_l

for MIN-POWER SYMMETRIC CONNECTIVITY WITH ASYMMETRIC POWER
REQUIREMENT.
This theorem follows from the following lemma.

Lemma 17 (Rooted-Spanning Tree Lemma) For any rooted-spanning tree T and
any number q > 1, there exists a rooted-spanning tree T, such that

qa
g% —1

c(Ty) < (2“ +(@+D*+ ) P(T),

where ¢(T;) = Z(u’v)eE(Tq)(w(u, v) + w(v, u)).

Proof For each node u, let C, be the set of children of u, and let T* be the subtree
of T induced by {u} U C,. For each T", construct a tree T,/ by modifying 7" in the
following way:

¢ Sort all children in C, as xi, x2, ..., x; such that d(u, x1) > d(u,xp) > --- >
d(u, xi).

e Foreachi =1,...,k—1,ifd(u, x;) < q-d(u, xj4+1), then replace edge (u, x;+1)
by edge (x;, xi+1).

Notice that for each edge (x;, x;41) in Tq”,
d(xi, Xiv1) < d(u, x;) +du, xip1) = (1 +q)d(u, xit1)
and
d(xi, xip1) < du, x;i) +du, xi41) < 2d(u, x;).
By the definition of w in (26),
w(xit1, xi) < (1 + @) wxiqr, u),
and

wxi, Xi+1) < 2%w(x;, u).
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Therefore,

c(xi, Xit1) < (L 4+ @) wxiyr, u) +2%w(x;, u). (27)

Let (u, x;,), (u,x3,), ..., (u, x;,) be those edges of T* which remain in T;,

where i1 < ip < ...ij,. Since (u,x,-,.) is not replaced by (xi_,.,xij+1), we have

d(u,x;;) > q-d(u, xi;41) > q -d(u, x;;,,). Hence

d(u, xi,) > qd(u, x,) > ¢*d(u, xi3) > --- > ¢""'d(u, x;,),

and thus
o . 2a (h—1)a
wu,xi) >q w, xi,) >q-w, x;) > >q w(u, xj,).
Therefore,
h h=1 4
Yo wlx) =) w,xi;) < wl,xi) Y g < wu, x)—— T
(wx)EE(TY) =1 =0 q
(28)

Combining (27) and (28), we obtain

c(TH= Y cux)+ Y ol xi) (29)

() EE(TY) (xixi 4 1)EE(TH)

< w2+ Y wew

o __
9« =1 (u.x;)€E(TY)

+ > (A4 wigr, w) +2%w(xi, u)).
(xi i 4 DEE(TY)

For each (x;, xj+1) € E(T[;‘), if (u, x;) € E(Tq“), then w(x;, u) is added 1+2% times
in (29); if (u, x;) & E(T;), then (x;_1, x;) is also in E(Tq“), in which case w(x;, u)
is added (1 + ¢)* + 2¢ times in (29). The weight w(x; 1, ) is added (1 + ¢)*
times if x;41 is a leaf of Tq“. Otherwise, (xj+1, Xj4+2) is also in E (T;), and thus
w(xjy1,u) is added 2% + (1 +¢)® times in (29). In any case, the repetition of weight
w(x, u) for any x € C, is at most (1 4+ ¢)* + 2%. Furthermore, w(u, x1) < pr(u).
Hence

qC{
g% —1

(T} < pr(w) +Q 1 +9)%) Y wlx,u).

xeCy,
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Now, let 7, = U,y 7. Then
o
(T = == pr+Q + A+ Y Y wi.w. (30)
q ueV ueV xeCy

Orient edges in T towards its root to obtain an in-arborescence 7T;,. Notice that
C,NC, = @ foru # v. Furthermore, w(x, u) < pr(x) since the existence of (x, u)
is supported by pr(x). Hence,

Z Z w(x, u) = Z w(x,u) < ZPT(X)~

ueV xeC, (x,u)€E(Tiy) xeV

Substituting this into (30), the lemma is proved.

Proof (Proof of Theorem 11) Let T,,5; be a minimum spanning tree with respect to
weight c(u, v) = w(u, v) +w(v, u). To avoid ambiguity, we use (u, v) to denote an
edge and m to denote an arc. Let T—m?, be the directed graph obtained from 7,4,
by replacing every edge by two opposite arcs. Then

P(Tu) <Y, D wwvy= Y  (wv)+w,u)=cTn).

UEY . 0)ETmsr (u,v)€E (Tinst)

Then the theorem follows from Lemma 17 and the arbitrariness of g > 1.
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Discrete Newton Method m)

Check for
updates

Zhao Zhang and Xiaohui Huang

Abstract Newton method is a classic and powerful method in continuous nonlinear
optimization. However in this chapter, we introduce its counterpart in combinatorial
optimization: discrete Newton method, and show that there exists a strong polyno-
mial time algorithm for finding the root of a piecewise linear decreasing function,
where the number of pieces is exponential. Then we show how to apply it in
solving linear fractional combinatorial optimization problem, inverse combinatorial
problem, and bottleneck expansion problem.

1 Discrete Newton Method

Let U be a finite set, .# be a family of subsets of U (called feasible domain), and k
be a constant. Suppose f, b are two functions on .% which are linear in the following
sense: there exist two real vectors «, 8 such that f(F) = alxp and b(F) = ﬂT)EF,
where xr and xr are 01 vectors of length n s and length ny, respectively, which
are associated with F. Also assume that

f(F) > k forsome F € % and b(F) > Oforall F € #. €Y

Notice that for any fixed F € .%, f(F) — Ab(F) — k is a linear decreasing function
on A. Hence,

h(x) = max{f(F) — Ab(F) — k} ()
FeZ

is a piecewise linear decreasing function with a unique root A* (see Figure 1). The
problem is how to find this root.
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h(x)\

Ji—Ab;
Jir1 —Abig

Fig. 1 An illustration for discrete Newton method. The thick lines indicate function /(i)

ROOT OF PIECEWISE LINEAR DECREASING FUNCTION (RPLDF): Find the unique root
of the above piecewise linear decreasing function 2 (1).

One difficulty in solving this problem is that the number of pieces might be
exponential. If all input numbers are integral, then the binary search method solves
the problem with O (n K) iterations, where n = max{n s, np,} and K is the maximum
value of input numbers. So, if for any A, #(A) can be determined in polynomial time,
then binary search gives a pseudo-polynomial time algorithm.

In 1993, Radzik [7] proposed a discrete Newton method for the linear fractional
combinatorial optimization problem, the core of which is to solve a RPLDF in such
a way that the number of iterations is polynomial in the input size but independent
of the input numbers, and thus might possibly provide a strong polynomial time
algorithm.

Discrete Newton method requires a solver for the parameterized combinatorial
optimization problem (2). To be more concrete, there is an algorithm <7 such that
for any fixed parameter X, algorithm .o returns a pair (h;, Fy), where F) € F
reaches the maximum value of (2) and 4, is the maximum value. With the aid of
algorithm <7, discrete Newton method solves RPLDF as in Algorithm 1. Notice
that A; 41 is the root of the linear function f(F;) — Ab(F;) — k. This operation has a
similar taste as the classic Newton method in finding the root of a derivable function
g, which iteratively uses the root of a tangent line to approximate the root of g. For
an illustration of this algorithm, see Figure 1.

To estimate the time efficiency of Algorithm 1, the following lemma is needed.

Lemma 1 (Michel Goemans [7]) Let § = (81,...,8,)T be a vector in R"
with nonnegative coordinates, and let yi,...,y, be a sequence of vectors in
{=10, 13" If

1
0< yza—l(S = Ele(S

holds foranyi = 1,...,q — 1, then ¢ = O(nlogn).
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Proof The condition of this lemma implies that the following linear program is
feasible:

(yiT - Zyta-l)z =0,
Yez=1, 3)

z>0.

Algorithm 1 Discrete Newton method
Input: (U, Z, f, b, k).
Output: The unique root of i (1).

1:i=1,1 =0, flag < 1.
2: while flag = 1do

3: (h,', Fi) = ,Qf()\i).

4: if #; = 0 then

5: flag < 0.

6: else

7: hivt = (F(F) = k)/b(F).
8: i <«—i+1.

9:  endif

10: end while

11: Output A;.

In fact, (3) has at least one feasible solution §/ qu 8. Let z* be an extreme vertex
of the above polytope. By the theory of linear programming, there is an invertible
matrix A and a vertex b such that Az* = b. By Crammer’s rule, every component
of z* has the form z% = det(A;)/det(A), where A; is the matrix obtained from
A by replacing the j-th column with vector b. By the assumption on y-vectors,
every component in A and b is an integer from [—3, 3]. Thus, it follows from the
definition of determinant that det(A ;) < n!3". Since A is an integral matrix which

is invertible, we have det(A) > 1. So |z}’f| <nl!3"for j =1,...,n, and thus
1 n-n!3"
_ T _x* T %
l=y,z" = PR v

n

By Stirling’s formula which says that n! ~ /27wn (E)n, we have ¢ = O(nlogn).

The following lemma lists some properties for the algorithm. It should be noted
that for the last iteration, strict inequalities of some properties might degenerate into
equalities. However, such degenerations are not essential to the analysis and can be
dealt with by paying a little more attention. To avoid deviating from the main idea,
we choose to state the properties in a less stringent manner, ignoring the details for
the last iteration.
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Lemma 2 For the i-th iteration, denote by f; = f(F;) — k and b; = b(F;).
(i) hi = fi = Aibi = max{f(F) — A;b(F) — k}.
Fer

.. fi
Air] = —.
@i1) i+1 b
hi
@ii) Aip1— A = b
. hivt o bip
—_—F+ —<1.
(iv) I + b =

(v) hi > 0and b; > 0 during the whole iterations except for the last iteration
which has h; = 0.
(vi) Both {h;} and {b;} are strictly decreasing sequences before the last iteration.
(vii) Sequence {A;} is strictly increasing.

Proof The first two equalities are by line 3 and line 7 of Algorithm 1, respectively.
Equality (iii) follows easily from (i) and (ii).
By (i) and (iii),

h.
hi > f(FirD)—Aib(Fit1—k = fir1—Ait1Dip1+Rit1—2)biy1 = hi+1+b_l_'bi+1-

l
Dividing both sides by 4;, inequality (iv) follows.

By assumption (1), b; > 0 for all i and hy > 0. Suppose i is the first iteration
with #; < 0. Then, h; = maxpcz{f(F) — Xib(F) — k} < 0. Since f(F;—1) —
Aib(Fi—1) —k = fi—1 — Xibj—1 = 0 (by (ii)), we have h; = 0. At this point, the
algorithm terminates. Property (v) is proved.

Combining (iv) and (v), before the last iteration,

h; b;
;I—H<1andil<1.

i i
So, {h;} and {b;} are both strictly decreasing sequences.
Combining (iii) and (v), Aj+1 — A; > 0, (vi) follows.
Theorem 1 The number of iterations in Algorithm 1 is O ((n rnp)log(n rnp)).

Proof By the linearity assumption of f and b, we may assume that

fi=alxp —kand b; = BT iF, @)
where ¢ = (o1, ...,anf)T, B = (ﬂl,...,ﬂnb)T are real vectors, and xp, =
(XF 15 e-es xFl.,,,f)T, Xp=Q&F 15, )?F,.,,,h)T are 0—1 vectors.

By property (iv) in Lemma 2, for each iteration, either h;+1/h; < 1/2 or
bit1/bi <1/2.

Claim 1 There are O (nj lognyp) iterations satisfying b;+1/b; < 1/2.

Suppose the iterations satisfying b;;1/b; < 1/2 are indexed by i1 < ... < i .
Since {b;} is a positive decreasing sequence, we have
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by
0 <bi;,, <bij41 = 7’
Notice that b; = p7ir = Y}%, B;%F,; can be written as b; = y/8, where

8= (Bl Bu,NT, and y; = (sign(BD)XF 1. - ... sign(Bu,)xF,.n,)" . Since xp,
is a 0-1 vector, each component of y; takes a value from {—1,0, 1}. So, § and
Virs s iy satisfy the conditions in Lemma 1, and thus ¢ = O (np, lognyp).

Claim 2 There are O((n snp) log(n snp)) iterations satisfying h; 1/ h; < 1/2.

Suppose the iterations satisfying h; 1/ h; < 1/2 are indexed by i} < ... < ig.
Similarly to the above, since {A;} is a positive decreasing sequence, we have

hi;
0< hij+1 = hi_,-—i—l < 7
Notice that
i— bi_1 — fi_1b;
hizfi—)\,l’b,':fi—ﬁl.b[:ﬁll fllz' (5)
bi-1 bi—1
Denote g; = fibi_1 — fi—1b;. Then
Sijr1  _ 8
bij -1~ 2b,~j—1'

By the monotonicity of {b;}, we have 0 < b,-jﬂ,] < b,-jfl. Hence

8i;
iy < 7’

Furthermore, by (5) and property (v) of Lemma 2, g; = h;b;_1 > 0. Substituting (4)
into the definition of g;, we have

T Ta T Ta
g = xp —k)B Xp_, — (@ xp_, —k)B" XF,
ny np nf np
_(apen, (z /3) - (z ) (z ﬂ)
j=1 =1 s=1 t=1

+ kBT (kF, — %F_))

ny o np ny o np

=D > aiBixr fE o = ) ) asBixXE R

j=11=1 s=1 t=1

np
+k Z ,Bm(?eF,-,m - ')eFi—lam)'

m=1
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The above g; can be written as an inner product

g =8,

where y; and § are vectors of length 2nyn;, + n, defined as follows: § =

9] (¢)) (D (1) (1 (H 2 2 2
(6115 ...,81’%,82’1,...,82’%, e ‘Snf,v oo Bnfings 01 1 ...,81,%,82,1, e
2 2 2 .
5;,117,...,5}1/{1,...,5,‘,},,%,51,...,5,1,,)T with
8 = ;B for j = 1 negl=1 np;
]’l_ajl J_ LR ] f’ - LR ] ba
8;2,) =lagBlfors =1,...,np;t=1,...,np;
Sm =k|Bm|form =1,...,np.
_ (1) (1) (e)) D 1 (eY) 2
Yio = it Vit Yizto o Yidmy o Vg Vi Vi1
2 2 2 2 2 .
yi(,l),n;,’ yi(,z),l’ ...,yl.(’z)’nb, R yi(’n)fql, R yi(,,l)f’nb, Yil, ...,y,-,nb)T with
1 . o .
yl.(’j)J =sign(ojBxr, jXp_ forj=1,....,np 1 =1,...,np;
2 . A
yl.(ys)y[ = —sign(agB)xr,_ sxpfors=1,...,np t=1,..., np;
Yiom = Sig”(ﬂm)(),eF,-,m - xAF,'_|,m) form=1,...,np.

Because {xp} and {Xf} are 0-1 vectors, it can be seen that every y; €

{—1,0, 1)1+ Then, § and Vips « s Vig satisfy the conditions of Lemma 1,

and thus ¢ = O((2n snp + np) log(2n rnp + np)) = O((ngnp) log(n rnp)).
Combining Claim 1 and Claim 2, the theorem follows.

Suppose algorithm 7/ has time complexity 7. Then the time complexity of
Algorithm 1 is O((n np) log(n snp) - T). Hence we have the following corollary.

Corollary 1 If for any fixed parameter X, there exists a (strong) polynomial time
algorithm to solve the optimization problem (2), then ROOT OF PIECEWISE LINEAR
DECREASING FUNCTION can be solved in (strong) polynomial time.

fg=qa,..., 1)T, the problem is said to be uniform, which has a better time
complexity.
Theorem 2 For uniform RPLDF, the number of iterations of Algorithm 1 is at most

np.

Proof Notice that for uniform RPLDF, b; is a positive integer and b; < np. Then
the theorem follows from the property that {b;} is strictly decreasing.

Whether (2) can be solved in (strong) polynomial time depends on the structure
of X. In the following section, we consider some problems which can be trans-
formed to ROOT OF PIECEWISE LINEAR DECREASING FUNCTION.
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2 Applications

2.1 Linear Fractional Combinatorial Optimization

In a LINEAR FRACTIONAL COMBINATORIAL OPTIMIZATION problem (LFCO),
one is to

olx —k
max | —=—r,
xeX ,3 X

where «, B are vectors in R”, x is a vector in X C {0, 1}, and
T

alx > k forsome x € X and B7x > Oforall x € X.

This problem is equivalent to

1}11101)\
>
- (6)
sit.alx — AﬂTx — k<0, Vx € X.
Define
h(h) = max{a’x — 28T x — k}. (7
xeX

Then A (X) is a piecewise linear decreasing function and the problem (6) is equivalent
to finding the unique root of 2 (1). Hence, LFCO is a special RPLDF with f(x) =
o’ x, b(x) = BT x. Then by Section 1, we have the following result for LECO.

Theorem 3 Discrete Newton method solves LFCO in time 0(n2 logn - T), where
T is the time complexity to solve (7) for any fixed parameter A.

A lot of combinatorial optimization problems can be modeled as an LFCO
problem. We introduce the MAXIMUM MEAN-WEIGHT-SURPLUS CUT problem
(MMWSC) considered in [7] as an example.

Let G = (V, E) be a directed graph, ¢ : E — R be a capacity function on
E,and d : V — RT be a demand function on V such that D opeyd@®) = 0. A
vertex v with d(v) > 0 is called a sink and a vertex v with d(v) < 0 is called
a source. A sink demands some supply, and a source provides some supply. For a
vertex set S C V, the demand of S is d(S) = ), .¢d(v). For a nonempty proper
vertex subset S of V, the set of arcs with tails in S and heads in S is called a cut
of G, denoted by (E, S), where S is the complement of S in V. For a cut (E, S), its
capacity is ¢(S, §) = Y ees.s) ce), and its surplus is s(S,8) = d(S) — c(S, S).
Furthermore, let w : E — R™ be a weight function on E. The weight of cut (S, S)
isw(S,S) = Zee(E,S) w(e).



44 Z. Zhang and X. Huang

MAXIMUM MEAN-WEIGHT-SURPLUS CUT: Given (G, ¢, d, w) such that there exists a
positive surplus cut in G, find a cut (S, S) of G with a maximum mean-weight-surplus

mws(S, §) = s(i, 5) .
w(S, S)

This problem is a special LFCO. In fact, suppose V = {v1,...,v,} and
E = {e1,...,en}. Let xST = (yST,zg), where yg is the characteristic vector
of S and zg is the characteristic vector of (S, S) (that is, ys is a vector of
length n such that ys; = 1if v; € S and yg; = O otherwise, zs is
a vector of length m such that zg; = 1 if ¢ € (5,5) and z5; = O
otherwise). Let @ = (d(vy1),...,d(v,), —c(e1),...,—c(ex)T and B =

©,...,0,w(er),..., w(en))T. Thens(S, S) = a’xgand w(S, S) = BT xg. Hence
discrete Newton method solves MMWSC in time O ((m +n)? log(m+n)-T), where
T is the time to solve

max{s(S, S) — rw(S, S)} 8)
(5.9)

for any fixed A.
Next, we consider how to solve (8) for any fixed A. Denote by G, the directed
graph with capacity ¢, and let 5. (S, S) be the surplus of cut (S, S) in G.. Notice that

5¢(S, 8) — aw(S, S) = d(S) — (c + A2w)(S, S) = sc1w(S, S). )

Hence solving (8) is equivalent to finding a cut with the maximum surplus in G¢4,,.
In the following, we focus on how to find a maximum surplus cut.

For directed graph G = (V, E) with capacity ¢, denote by SR and SN¢ the set
of sources and the set of sinks, respectively. Construct an auxiliary directed graph
G =V, E)with V' =V U{s,t}and E' = E U {(s, V)}vesrs Y {(V, ) }pesng-
The capacity ¢’ on E’ is defined to be

cle), eekE,
de)=1dw), e=@,1),veSNg
—d(v), e =(s,v),v € SRg.

Let f is a maximum s-¢ flow in G’. For each vertex v € V, let ef(v) =
Z(u’v)eE fu,v) — Z(v’u)eE f (v, u) be the net flow into v, called the excess at
vertex v. Notice that arcs of the form (s, v) and (v, t) are not counted in the
definition of excess, they are merely virtual arcs which paly an auxiliary role in
finding flow f. It is not difficult to see that for any vertex subset S,

(S =) el )= [f(5,8) - f(5,9. (10)

vesS
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Define a residual directed graph G/ on vertex set V and arc set E, with residual
capacity function ¢/ = ¢ — f and residual demand function d/ = d — e/.
For any cut (S, S), by (10),

el (8) = £(S,8) — £(S,8) < £(5,8) < ¢S, 9.

Hence if the demand of every vertex is satisfied, that is, if e/ (v) = d(v) for any
v eV, thend(S) = e/ (S) < c(S, S), and thus there is no positive surplus cutin G.
So, under the assumption that G has some positive surplus cut, not all demands
are satisfied. It follows that SR;s # @ and SNgr # . Let SY be the vertex
subset of V such that SO = {v: v is reachable from some source vertex of G/ by an
f-augmenting path} (a path P is f-augmenting if every forward arc ¢ on P has
f(e) < c(e) and every backward arc e on P has f(e) > 0). Call (59, 5% a blocking
cut of G.

Lemma 3 The blocking cut (E, $9) has the following properties:

(i) SRzr € SOand SNy < S°.
(i) ¢/ (89,5% =o0.
(iii) f(S°, 89 =o0.
(iv) s/ (SO, S0 = d/ (8.
Denote the surplus of cut (S,S) in G and G by s(S,S) and s’ (S, S),
respectively.
(v) Forany cut (S, S), s/ (S, 8) > s(S, S).
i) s/ (8, $%) = 5(S0, 5O).
(vii) (F, SO) is a maximum surplus cut, both in G and G’.

Proof It is clear by the definition of S° that SRgr € SO.If SN N SO £ B, then
there is an f-augmenting path from some source vertex of G/ to some sink vertex
of G/, and thus the flow can be augmented through this path, contradicting that f
is a maximum flow. So, property (i) is true.

Also by the definition of SO, every arc e € (59, 59 has f(e) = c(e) and every
arc e € (59, S9) has f(e) = 0. Properties (ii) and (iii) follow.

Property (iv) is a consequence of property (ii) and the definition of surplus.

By (10), we have

sT(S,8) =d’(8) —c/(5,8) = (d(S) — (S, 9)) + (£(S,8) — el (5))
=5(S,8) + f(S,8) > s(S, ).

Property (v) is proved.

It can be seen from the above inequality that s/ (S, §) = s(S, S) if and only if
£(S,S) = 0. Hence by property (iii), property (vi) is true.

Since SNgr € S0, we have d/ (89) = maxscy d’(S). Then by property (iv),
for any cut (E, S),
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s7 (80, 8% = @/ (8% > a’ (S) > ad’ (S) — /' (S, 8) =578, 5).

Hence (E, $9) is a maximum surplus cut in G/. Combining this with properties
(v) and (vi), it is also a maximum surplus cut in G. Property (vii) is proved.

By property (vii) of Lemma 3, for any fixed parameter A, a maximum surplus cut
in G4y can be found by implementing a maximum-flow algorithm once. Hence
the parameterized combinatorial problem (8), and thus MMWSC, can be solved in
strong polynomial time.

In fact, by considering special structures of MMWSC, Radzik [7] showed that
the number of iterations can be further reduced to O (m), where m is the number of
edges. To illustrate the idea, we include in this section a simpler analysis, showing
that the number of iterations for MMWSC can be reduced to O (mlogm). For
the more complicated analysis of O (m) iterations, the interested readers may refer
to [7].

Theorem 4 Discrete Newton method solves MMWSC in time O (mlogm-T), where
T is the time complexity for the maximum-flow problem.

Proof We first interpret the variables in the analysis of discrete Newton method in
terms of the MMWSC problem. In the i-th iteration, a maximum surplus cut (S;, S;)
of G¢4y,;w 1s found by a maximum-flow algorithm. Clearly,

bi = w(Si. $) (a1
is the weight of this cut. By (9) and property (vi), property (iv) of Lemma 3

hi = Serr,w(Si. 1) = 50, (S, S1) = dfi(S) (12)

is the maximum surplus of G, as well as the demand of S; in the residual graph

Gﬁi—)»,-w’ where f; is a maximum flow in G.y,;. By (ii) of Lemma 2, A;41 =

s(Si, $)/w(Si, Si). So,
(¢ + hig1w)(Si, $) = c(Si, Si) + 5(Si, $) =d(S)).
By (10) and property (iii) of Lemma 3,
dli(S)) = d(Si) — /(i) = d(S;) = fi(5i, S) + fi(Si Si) = d(Si) — fi(Si. Si).
Then by (12), the residual capacity of (S;, S;) in Getapqw satisfies
(c + hiprw) 1 (Si, ) = d(S) = fi 51, ;) = AP (S) = h. (13)
An arc e is called unessential at iteration i if

either w(e) > b; or (¢ + )»,~+1w)f"(e) > h;.
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The idea behind this definition is as follows. By (11) and (13), an unessential arc
at iteration i cannot belong to cut (S;, S;). So, if it can be proved that after every
O (log m) iterations, an essential arc turns into an unessential arc and remains to be
unessential in the latter iterations, then after K = O (m log m) iterations, all arcs are
unessential, and thus G4, no longer has a positive surplus cut, at which point,
the iteration terminates.

To realize the above idea, we first claim that

(¢ + Aipqw) T +=1(S;, S;) > hiyq forany [ > 2. (14)

In fact, since {2;} is monotone increasing, we have A;y; > A;42. Notice that
fiti— 1(S;, S — f,(S,, S;) is the increase of the flow across cut (S;, S;), which
is upper bounded by the residual demand d fi(S;). Hence by (13), (12), the
monotonicity of {b;}, and (iii) of Lemma 2,

(¢ + hisiw)H-1(S;, 8)
= (¢ + 21w (Si, ) + it — X DW(Si, $) — (fizi—1(Si, S — £i(Si, S))
> hi + (it — hig)bi — dP(Sp)
= (Ai+1 — Ai+1)bi
> (Aiv2 — Ai+Dbit1
=hit1.

By Lemma 2 (iv),

2

hit b;
i b _ (TRt 1
hi by ~ 2 ~ 4
For any ¢ > [logmT] + 1, we have
1\'! hit1biv1
hipebite < (Z) hiibip) < =5 (15)

In the case that b;1; < b;y1/m, since {b;} is strictly decreasing, we have

m-biy <bip <bi=w(S;,S) <m max w(e).
e€(Si,5i))

In the case that b;+; > bjy1/m, we have hjy; < hj+1/m by (15). Takingl =t + 1
in (14),

mhity < higr <m max (¢ + Aigrp1w)’i 7 (e).
e€(S;,Si)
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In any case, the arc in (E,‘, S;) with the maximum weight is unessential at iteration
i + t. Notice that any arc in (S;, S;) is essential, hence after every [logm] + 1
iterations, a new unessential arc emerges. As we have explained before, this implies
that the number of iterations is O (m logm). The time complexity follows.

2.2 Inverse Combinatorial Problems

Suppose U = {eq, ..., ey}, F is a family of subsets of U, and c: U > RV isa
cost function on U. For any F C U, its cost is ¢(F) = ), .y c(e). Consider a
combinatorial optimization problem

(P) min c(F). (16)
Fe%F

Its inverse problem can be formulated as follows.

INVERSE COMBINATORIAL PROBLEM: Given a feasible solution F* € % which is not
optimal, modify ¢ to a new cost function ¢ such that F° is an optimal solution with respect
to ¢ and the modification from c to ¢ is as small as possible, i.e.,

(IP) min |c —c||
‘ (17
s.t. &(F%) < &(F) forall F € .Z,

where || - || is a norm measuring the difference between ¢ and ¢.

Inverse combinatorial problem was first proposed by Burton and Toint and is
extensively studied in the literature. A summary of the works before 2004 can be
found in [5]. For some new trends in this field as well as some studies on NP-hard
inverse problems, the readers may refer to [2].

We show in this section that if || - || is the weighted /o, norm, then (17) can be
transformed to a ROOT OF PIECEWISE LINEAR DECREASING FUNCTION problem.
Under /o, norm, (17) can be written as

minmax p.|c(e) — c(e)|
¢ ecU
. . (18)
st Y &) <Y ée)forall F e .7,

ecFY ecF

where p, > 0 is the price of changing one unit of cost on edge e.

Since the goal is to make ¢(F°) being minimum, a natural idea is to decrease
c(e) for e € FO and increase c(e) for e € U \ FV. This intuition can be certified by
the following lemma.

Lemma 4 There exists an optimal solution ¢ to (18) such that ¢(e) < c(e) for any
e € Fyand c(e) > c(e) forany e € U \ Fy.
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Proof Suppose ¢ is an optimal solution to (18) such that |{e: ¢(e) = c(e)}| is as
large as possible. If there exists an element ep € Fj such that c(ep) > c(ep), or an
element eg € U \ Fy such that ¢(eg) < c(ep), let

c(e), e # e,

c(e), e = eg.

c(e) = {

It can be verified that ¢ also satisfies the constraint in (18). Furthermore,
max pelc(e) — c(e)| < max pe|c(e) — c(e)].
ecU ecU

Hence ¢ is also an optimal solution to (18). However, |{e: c(e) = c(e)}| >
|{e: ¢(e) = c(e)}|, contradicting the choice of ¢. The lemma is proved.
Motivated by the above lemma, we may suppose

&e) = c(e) = 0,, fore e FO,
" )cle)+6,, forecU\ FO,

where {0,} are nonnegative real numbers. Then, (18) can be written as

min max p.6,
{Be}ect ecU

st. Y cle)— Y cle— > O <Oforall F e Z, (19)

ecFO\F e€F\F0 e€FAFO

6, >0, foralle € U,

where FAF? = (F \ F%) U (FO\ F) is the symmetric difference of F and F°.
The objective function of (19) can be linearized as follows:

min A
A=0
1 (20)
s.t. E c(e) — E cle) — A E — < Oforall F € %.
0 0 o Pe
ecFO\F ecF\F ecFAF

In fact, for any feasible solution {0,}.cyy of (19), A = maX.cy p.b. is a feasible
solution of (20). Conversely, any feasible solution A of (20) determines a feasible
solution of (19) by setting 8, = A/p. (e € U). Furthermore, the objective value is
the same.

For F € %, define f(F) = ZeeFO\F cle) — ZeeF\FO c(e) and b(F) =
Y e FAFO i. Then (20) is equivalent to finding the unique root of the piecewise
linear decreasing function
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h(X) = max{f(F) — Ab(F)}. 21
Fe%

Notice that f(F) and b(F) can be written as f(F) = a! xp and b(F) = BT xp
where 8; = l/pe_/ forj=1,...,n,

o — c(ej), ifej e FY, 22)
J —c(e)), ifej e U\ FO,
and
1,ife; € FAF?
Jp— 9 b 23
T {O, otherwise. (23)

Since FY is not an optimal solution with respect to ¢, there exists another feasible
solution F! € .Z such that ¢(F%) > c¢(F'), which implies that f(Fh =
c(FO\ FY — ¢(F' \ F% > 0. Hence the first part of assumption (1) is satisfied
with k = 0. Since p, > 0 forany e € U, b(F) > 0 for any F € .F with F % F°.
Although the second part of assumption (1) is not completely satisfied because of
b(Fy) = 0, discrete Newton method can still be applied here. In fact, what is needed
in the argument of Section 1 is b; > 0 before the termination of the algorithm. When
F9 becomes an optimal solution, the algorithm terminates, and thus b(F 0) is never
used. By Theorem 1, discrete Newton method solves the inverse problem (18) in
time O (n*logn - T), where T is the time complexity of solving (21) for any fixed A.
Notice that for any fixed A,

h(A) = max{c,(F°) — ¢, (F)} = ¢, (F®) — min ¢ (F), (24)
FeZ FeZF

where

cle) — i, ec FO,

cne) = [;f 0
c(e)—i-ﬁ,eeU\F .
Hence solving (21) for fixed A is equivalent to finding an F € % with a minimum
value of ¢, (F). For example, if one is considering the inverse minimum spanning
tree problem, then % is the set of all spanning trees, and (24) is to find a minimum
spanning tree with respect to weight function c,. It is well known that a simple
greedy algorithm finds a minimum spanning tree in time O (|E|log|E|), where |E|
is the number of edges; hence, the inverse minimum spanning tree problem can be
solved in time O (|E|3(log |E|)2).

It should be noted that similar deduction applies to the inverse combinatorial
optimization problems in which the objective is maximization. In this case, the costs
of elements in FO are increased and the costs of the other elements are decreased.
To unify the statement, we use opt to stand for either min or max.
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Theorem 5 If the optimization problem optrp.gc(F) can be solved in (strong)
polynomial time for any cost function c, then so is its corresponding inverse problem
under lso norm.

As a consequence of Theorem 5, a lot of inverse combinatorial optimization
problems under /o, norm can be solved in strong polynomial time, including
inverse minimum basis of a matroid (which includes the inverse minimum spanning
tree problem), inverse maximum intersection of two matroids (which includes the
inverse maximum matching problem), inverse minimum cost flow (which includes
the inverse shortest path problem), etc.

Some variations of (18) can also be solved in strong polynomial time. For
example, Guan et al. [4] considered the inverse max+sum spanning tree problem.

INVERSE MAX+SUM SPANNING TREE: In an Max+Sum Spanning Tree problem, every

edge e is assigned a weight w(e) and a cost c(e), the goal is to find a spanning tree 7 with

the minimum py, (T) = maxeer w(e)+Y. et C(e). For its corresponding inverse problem

in which only costs are modified, given a spanning tree T, the goal is to modify ¢ to ¢ as
small as possible such that pw,g(TO) is minimum among all spanning trees.

The deduction is almost the same, except that (21) becomes

h(x) = max{f(F) — Ab(F) — k}
FeZ
with k = — max,. o w(e) and

fRY= Y - Y. c(e) — maxw(e).

ecFO\F eeF\FO

In this case, f(F) can be written as f(F) = &/ X, where & and Xr are vectors
of length 2|E| defined as follows: @ = (a!,a’), « € RIEl is defined in (22)
and @ € RIEl is defined by @; = —w(e;) for j = 1,...,|E|; ip = (xF,%p),
xr € {0, 1}‘E| is defined in (23) and xr € {0, 1}/l has a unique nonzero element 1
at position j with e; = arg max,cr{w(e)}.

Notice that the model in Section 1 involves a parameter k and the functions
f(F), b(F) are assumed to be inner products of possibly different lengths. Hence,
using the theory in Section 1 and the fact that max-sum spanning tree problem can
be solved in time O (|E|log|V]) [6], INVERSE MAX-SUM SPANNING TREE can be
solved in time O(|E|* log |E|log |V |).

Our model with parameter k also enables us to deal with the requirement that
E(FY < &(F) + k for any F € %, which occurs if one only needs FY to be a near
optimal solution.

For the general inverse problem with cost function c¢(F) = ¢' xF, it was indicated
by Ahuja and Orlin [1] that under some regularity conditions, if (16) can be solved
in polynomial time, then its inverse problem (17) under L; norm and L, norm can
also be solved in polynomial time. This result uses the ellipsoid algorithm. Roughly
speaking, given a polyhedron X C R” which is defined by rational inequalities

T
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with rationals of size at most ¢, and a rational vector ¢ € Q", the optimization
problem max{c’ x: x € X} has a corresponding feasibility problem: given a vector
x, does x belong to X? A separating oracle answers the feasibility problem by either
claiming that x € X or finding out a violated constraint. The ellipsoid algorithm
solves the optimization problem by iteratively solving the feasibility problem, and
the time complexity is polynomially bounded by n, ¢, ¢, and the running time of the
separating oracle [3]. To apply the ellipsoid algorithm on inverse problems, consider
the inverse problem (17) under /o, norm, which can be written as

min A

5.0.&Tx% < & xp, forall F € 7, (25)
¢i—ci <A, foralli=1,...,n, (26)
ci — G <A, foralli=1,...,n, 27

whose variables are ¢ and A. For a proposed solution (¢, 1), it is easy to check
whether (26) and (27) are satisfied. To check constraint (25), it suffices to solve
minge# ¢! xp to obtain an optimal solution F* and then compare ¢’ xyo and
Elxpw If 8T x Fo =< &T x g+, then (¢, A) is an optimal solution to the inverse problem.
Otherwise, we have found a violated constraint ¢7 x FO > &T xp«. So, an algorithm
to (16) provides a separating oracle, and thus as long as (16) can be solved in
polynomial time, so can its inverse problem. However, the time complexity of using
ellipsoid algorithm depends on input numbers, which is not strongly polynomial,
while discrete Newton method drastically reduces the time complexity.

2.3 Bottleneck Expansion

Suppose U is a finite set and .% is a family of subsets of U. For a positive cost
function ¢ defined on U, the capacity of a subset ' C U is defined to be cap,.(F) =
min.cy c(e). Element e € F with c(e) = cap,.(F) is called a bottleneck of F. The
capacity of .Z is cap,.(.#) = maxpc.g cap.(F). Let w be a positive weight function
on U, indicating the price of altering one unit of cost on an element. A bottleneck
expansion problem is to raise capacities of elements under a given budget B such
that the capacity of the family is as large as possible.

BOTTLENECK EXPANSION: Given a budget B, find a new cost function ¢ satisfying

max cap; ()
c

sty w(e)(@e) — cle)) < B, (28)

ecU

c(e) > c(e), forany e € U.
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First, we derive a characterization for the optimal value of (28). The following
special cost function plays an important role: for a real number A and a subset F €
U, define

max{X, c(e)}, e € F,

c(e), ecU\F. (29

¢ r(e) = {

Clearly, ¢y, r(e) > c(e) forany e € U and c) r(e) > A forany e € F. As
a consequence, c; r satisfies the second constraint of (28) and cap,, F(L? ) >
cap,, . (F) = mineer ¢, F(e) = A.

Lemma 5 If X is the optimal value, then g(1) = B, where

gA) = Igél; ; w(e) - max{\ — c(e), 0}. 30)

Proof Let ¢ be an optimal solution to (28) and let F be a subset of U with capg(ﬁ )=
A. We first show that c; 7 is also an optimal solution to (28).

Since % = min,_ c(e) < c(e) forany e € F and &(e) > c(e) for any e € U, we
have

> wie)(cs pe) — cle))

ecU

=D w(e)max{i, c(e)} — c(e) < Y w(e)(@(e) — c(e)) < B.

ecF ecF

Hence c; z is a feasible solution of (28). By

A= max capy(F) > cap,, F_(ﬁ) > cap,, ﬁ(I:") > A,

¢

we have cap,, . (F) = ):, and thus i p is also optimal.
Next, we show that g(i) = B. By the definition of g(A) and the feasibility of

LE

g() <Y w(e) - max{i — c(e), 0}

ecF
=Y " w(e)(max{k, c(e)} — c(e)) = Y w(e)(cy p(e) —c(e)) < B.
ecF ecF

If g(i) < B, then for a sufficiently small real number ¢ > 0, g(i +¢e) < B. I:Ience
cost function c; .y is also a feasible solution to (28). But cap, ﬁ(ﬁ ) > XA+e,

contradicting that A is the optimal value. Hence g(1) = B.
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Lemma 6 If )lsatisﬁes g(A) = B, then X is the optimal value of (28). Furthermore,
for the subset F C U reaching the minimum value of g()) in the definition of (30),
the cost function c;_f is an optimal solution to (28).

Proof Suppose A is not optimal. Let A* be the optimal value of (28). Then A* > A.
By Lemma 5, g(A*) = B. Suppose g(1*) is reached by subset F* C U. We have

B =g(\¥) = Z w(e) - max{A* — c(e), 0}

ecF*

Z w(e) - max{: — c(e), 0}

ecF*

Igréi; eEZF w(e) - max{i — c(e), 0}

v

v

a contradiction. Hence  is the optimal value. By noticing that

> we)(e; p(e) — c(e)) = g(A) = B,

ecF

¢; f 1s a feasible solution to (28). By cap,. ﬁ(ﬁ ) > A and the optimality of A, we
see that c;  is an optimal solution to (28). Y

By Lemma 6, to solve BOTTLENECK EXPANSION, it suffices to find a root of
g(A) = B. Then an optimal solution can be obtained by (29). In the following, we
focus on how to find the root of g(1) = B. Notice that g(}) is monotone increasing,
but it is not a piecewise linear function. So, discrete Newton method cannot be
applied to it directly.

By a binary search method, Zhang et al. [9] proved that the root can be found in
O(log K) iterations, where K is the maximum value of the input numbers and the
input size. Hence a pseudo-polynomial time algorithm exists if (30) can be solved in
polynomial time. Later, Zhang and Liu [8] improved the time complexity by making
use of discrete Newton method. The algorithm is divided into two phases. In the first
phase, binary search is used to narrow the location of A to an interval. This interval
is such that g(}) on this interval can be written as a piecewise linear function and
thus discrete Newton method can be applied to it in the second phase.

To be more concrete, it is not difficult to see that the optimal value X for (28) is
bounded by

B
minge 7 |F| - mineey w(e)

minc(e) < A < maxc(e) +
ecU ecU
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Order the elements of U as ey, ..., e, such that c(e]) < c(er) < ... < c(ep).
Denote ¢; = c(e;) for i = 1,...,n, and denote the upper bound for XA in the
above inequality as c,+1. Using binary search on the subscripts of cy, ..., cpt1

(see Algorithm 2), one can either find an index m such that g(c,) = B, implying
that the optimal value X = ¢m, or find an index [ with g(¢;) < B and g(¢;+1) > B,
implying that A € (c;, ¢;41). In the first case, A is found in O (logn) iterations. In
the second case, g(A) on interval (¢;, ¢;41) can be rewritten as

A) = min w(e)(A — = min{—a’ A-BTxr),
gy =min 37 w0 —c(e) = min{—a"xp + 1 pxr)
ecF,c(e)<i

where xr is the characteristic vector of F and

o= w(ej)clej), 1 < j <1,
7o, I+1<j<n.

g = w(ej), 1 <j =<,
7o, I+1<j<n.

Applying discrete Newton method on the piecewise linear decreasing function

h(A) = —g(A) + B = max{a’xp — A - BT xp + B},
FeZF

another O (n? log n) iterations are sufficient to find the optimal value .

Algorithm 2 Narrow the location of A
I:l=1Lu=n+1.

2: whileu — 1 > 1do

33 m=1+u)/2].

4. if g(c;,) = B then

5: output A =cp.

6: else

7. if g(c;y) < B then
8: [ =m.

9: else

10: u=m.

11: end if

12: end if

13: end while
14: Output A € (cy, cj+1)-

Theorem 6 If the optimization problem (30) can be solved in (strong) polynomial
time for any fixed A, then BOTTLENECK EXPANSION can also be solved in (strong)
polynomial time.



56 Z. Zhang and X. Huang

References

. Ahuja, R.K., Orlin, J.B.: Inverse optimization. Oper. Res. 49, 771-783 (2001)
. Demange, M., Monnot, J.: An introduction to inverse combinatorial problems. In: Paschos, V.T.
(eds.) Paradigms of Combinatorial Optimization: Problems and New Approaches, pp. 547-586.
Wiley, Hoboken (2013)
3. Grotschel, M., Lovasz, L., Schrijver, A.: Geometric Algorithms and Combinatorial Optimiza-
tion. Springer, Heidelberg (1986)

4. Guan, X., Pardalos, P.M., Zuo, X.: Inverse max+sum spanning tree problem by modifying the
sum-cost vector under weighted [, norm. J. Glob. Optim. 61(1), 165-182 (2015)

5. Heuberger, C.: Inverse combinatorial optimization: a survey on problems, methods, and results.
J. Comb. Optim. 8, 329-361 (2004)

6. Punnen, A.P., Nair, K.P.K.: An o(m logn) algorithm for the max+sum spanning tree problem.
Eur. J. Oper. Res. 89, 423-426 (1996)

7. Radzik, T.: Parametric flows, weighted means of cuts, and fractional combinatorial optimization.
In: Complexity in Numerical Optimization. World Scientific, Singapore (1993)

8. Zhang, J., Liu, Z.: An oracle strongly polynomial algorithm for bottleneck expansion problems.
Optim. Methods Softw. 17(1), 61-75 (2002)

9. Zhang, J., Yang, C., Lin, Y.: A class of bottleneck expansion problems. Comput. Oper. Res.

28(6), 505-519 (2001)

N -



An Overview of Submodular )
Optimization: Single- S
and Multi-Objectives

Donglei Du, Qiaoming Han, and Chenchen Wu

Abstract We offer an overview on submodular optimization for both single- and
multiple-objectives, with the moderate goal to highlight the different angles in
interpreting submodularity and associated concepts.

1 Submodular Function

Submodularity is a phenomenon that is ubiquitous in almost all disciplines of the
natural and social science, engineering, business and economics, computer sciences,
etc. The importance of submodularity comes from its wide applications and its rich
theory. Submodularity captures the idea of economies of scales (a.k.a., decreasing
marginal return) and is a simple yet powerful condition that holds on numerous
occasions.

We look at submodular function from two point of views: the set function view
(Section 1.1) and the pseudo-Boolean function view (Section 1.2), offering two
angles to comprehend the concept of submodularity. It turns out that one of these
two different point of views (set vs pseudo-Boolean) can be more convenient than
the other depending on particular applications. For example, the pseudo-Boolean
definition can be used to define more general submodular functions over lattices,
which has wide application in economics, in particular in comparative statics in
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both optimization and game settings (e.g., [12]). On the other hand, the set function
interpretation has been widely adopted in combinatorial optimization (e.g., [7, 9]).

1.1 Submodular Set Function

Given a ground set £ = {1, ..., n}, a set function f : 2E s R is submodular if
one of the following equivalent conditions holds:

1. The zero-order definition:
fEO+ M) = fSNT)+ f(SUT), VS, T CE. )]

2. The first-order definition:
FEUED = f($) = f(TUlih) — f(T), VSCT,i¢T. (@)

3. The second-order definition:

JEUE Y+ ) = fSUED+fSUD, VSCE,i,j¢gs. )

A set function f : 2F +— R is supermodular if — f is submodular; and it is
modular if it is both submodular and supermodular.

1.2  Submodular Pseudo-Boolean Function
1.2.1 Pseudo-Boolean function

A pseudo-Boolean function f is a real-valued function over the n-dimensional
Boolean lattice, denoted B" = {0, 1}"

f:B" > R

The elements of B” are in a one-to-one correspondence with the subsets of the
ground set £ = {1,2,...,n}, every pseudo-Boolean function can also be viewed
as a real-valued set function defined on 2V, the power set of N. By considering
functions defined on B” rather than on 2%, the pseudo-Boolean approach provides
an algebraic viewpoint, which sometimes carries clear advantages over the set-
theoretic description. Any set A € 2% can be identified by its characteristic/indicator
vector 14 € B" = {0, 1}"":

1, ifseA
0, ifs ¢ A.

La(s) =
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Geometrically, the characteristic vectors are the 2" vertices of the hypercube {0, 1}".

Example 1 For n = 2 assume the ground set is given by E = {1, 2}.
Then we have the following:

0 1 0 1
’ <0> “} <0> o <1> " <1>

There is a correspondence between set operations and Boolean operations. Define
the following Boolean operations for any x, y € B":

meet/conjunction : x Ay = (min{xy, yi}, ..., min{x,, y,})
join/disjunction : x V y = (max{xy, y1}, ..., max{x,, y,})
complementation : X = (X1,...,%,) = (1 —x1,..., 1 —xp).

Then it is easy to see that we have the following correspondence and the set
operations carry over to the Boolean operations:

ANE< N ViU
ANB &= 14Nl AUB & 14V 1p
A= 1—-10ACB<=1a<lp;A—B<= 14 (1 —1p).
Therefore any set function f : 2€ > R can be equivalently viewed as a pseudo-
Boolean function f : B” > R such that f(A) = f(14).
1.2.2 Partial Derivative for Pseudo-Boolean Function

For any pseudo-Boolean function f : B” — R, we define its ith partial derivative

at x € B" along the element i € E, for some ground set E = {1, ..., n}:
af (x) _
Ai(x) = fi(x) = e fxVve)— fxne).
1

We further define its second-order partial derivative at x € B” along the elements
i,jekE,
0 f (x)

Aij(x) = filx)= FYr =f(x Ve \/Ej) —f(x Ve /\éj) —fx e \/ej) + f(x Aej /\Ej).
X

These first and second-order difference operators are analogous to the differenti-
ations in the standard calculus (the real space R").
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1.2.3 Submodular Pseudo-Boolean Function

With the pseudo-Boolean function language, (1)—(3) are equivalent to

1. The zero-order definition:
F)+f) = fxny)+ fxVy), Vx,y e B". “)
2. The first-order definition: Nonincreasing partial derivative
fix) = fi(y),Vx < y,Vi € E. &)

3. The second-order definition: Non-positive second-order partial derivative

9% f

8xi8xj

fij(x) = <0, VxeB" Vi,j€E. (6)

(5)—(6) remind us concavity in the continuous domain.

2 Extensions

We discuss one of the most important mechanism in submodular optimization,
namely how to convert discrete problems to continuous ones via the extension or
relaxation technique. Historically, extensions are so-called in the set function world
and the same concepts are more naturally called as the relaxation technique in the
field of approximation algorithm.

In the following discussion of various extensions, we will take an unusual (not
more natural) route via the pseudo-Boolean language instead of the oft-opted set
language. One immediate benefit from this pseudo-Boolean point of view is the
intuitive geometric interpretation of the extension/relaxation technique: pseudo-
Boolean functions are only defined on the corner of the hypercube B" = {0, 1}",
while an extension/relaxation will be defined on the entire hypercube [0, 1]".

2.1 Convex Envelope/Closure

We consider the convex underestimators of set function f : {0, 1} — R. One
motivation is that, whenever an optimization problem involves minimizing f(x)
or contains an inequality f(x) < r, replacing f(x) by a convex underestimator
yields a convex relaxation of the problem. The convex envelope is the largest convex
underestimator.
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The convex closure i (x) : [0,1]" — R of any pseudo-Boolean function f :
B" — Ris defined as: Vx € [0, 1]",

fG) = max {y0+xTy Syo+aTy < fa),Va eIB%”} )
(yo)eRnJrl
Yy

=min 4 Y f@z: Y, za=xinief{l.....n}, Y za=1g. (8

ZER?: B~ T B
ae aeB:e; a=1 ae

Example 2 (Convex Closure for n = 2) Assume the pseudo-Boolean function f :
B? — R is defined as follows:

f0,0)=0, f(1,0) = f(0, ) = f(1, 1) = 1.
The primal program (7) becomes

J(x1, x2) = max yo + x1y1 + x2y2
st yo < £(0,0)=0
yo+yr = f(1,O)=1
yo+y2= f(0,)=1
yo+yi+y = f(1L, D=1,

along with its dual program (8)

J(x1, x2) =min f(0,0)z(0,0) + f(1,0)z(1,00 + f(0, Dzo,1) + f(1, Dzq1,1y
s.t. za,0 +2za,1) = X1
Z0,1) T 2(1,1) = X2
2(0,0) + 2(1,00 + z0,1) + 21,1 =1

z>0.

The optimal solutions of the primal and dual are given as follows:

(1) For1 > x; > xp > 0: Primal solution y; = 1, yo = y» = 0 with objective value
X1. Dual solution 2(0,00 = 1— X1, 2(1,00 = X1 — X2, 2(0,1) = 0 and 2(1,1) = X2
with objective value x;. Therefore both are optimal.

(i) Symmetrically, when 1 > x; > x| > 0, the optimal value is x;.

The convex closure for any x = (x1, x3) € [0, 172 is therefore

J (1, x2) = max{xy, x2}.
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f[‘z.lble .1 Dua.l variable z as (X1.Xy) |0 I
joint distribution and x as
marginals 0 200 |z | 1=x
1 21,00 |z, | X
1—x |x2

2.1.1 Interpretation of Convex Closure from Primal Point of View

From (7), f is the (point-wise) largest convex function below f.

2.1.2 Interpretation of Convex Closure from Dual Point of View

Let z(x,,...x,) € {0, 1}£ be a feasible solution of (8). For each index x; € {0, 1}
(i = 1,...,n), define a Bernoulli random variable X; such that P(X; = 1) = x;
(Table 1). So z = zx,,x, is a joint probability distribution with X; as marginal
distributions.

The convex closure is to find such a joint distribution z such that the expectation
of f is minimized:

S () =minE,[f(X1, X2)].

Extending the dual interpretation, we have Vx € [0, 1]”, the convex closure can
be formulated as an optimization problem which preserves marginals:

i()c):Z min E[f(Xy,...,Xn) : PX;=1D)=x;,i=1,...,n].

2.2 Lovdsz Extension

Lovasz extension is well-defined for any set function, not just submodular function
and it has many facets, which are equivalent for submodular functions, such
as convex closure/envelope (value of parametric optimization problem), Choquet
expectation, Mobius transform, and interpolation via Kuhn’s triangulation [1]

f:{0,1)" > R= fL:[0,11" > R.

We define Lovész extension for any set function in Section 2.2.1. We show its
geometric view in terms of Kuhn’s triangulation in Section 2.2.2. We interpret
Lovasz extension as a Choquet expectation in Section 2.2.3. We present an
alternative definition of Lovdsz extension via the multilinear representation of
pseudo-Boolean function in Section 2.2.5. We show that Lovasz extension is exactly
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the convex closure for any submodular function in Section 2.2.7. We look at the
properties of Lovasz extension in Section 2.3.

Throughout this chapter, we emphasize different representations of Lovasz
extension, offering perspectives on this important concept from various angles.
Some representations are more convenient and handy to use than others in particular
applications.

2.2.1 Definition

The Lovész extension [4, 9] f L (x) : [0, 1]" — R of any pseudo-Boolean function
f {0, 1}* — R is defined as follows. Let x € [0, 1]"* be sorted such that 1 = xo >
X1 > .= X =X =0

R =) f(Vise) (i — xig) ©)
i=0

= Y w[fvicien - Fvidien]. 10)
i=0

where ¢p € R” is the all-zero vector and f(e—;) = 0. The last equality follows by
integration by parts, or Abel summation formula.

Example 3 (Lovdsz Extension for n = 2) Assume the pseudo-Boolean function
f : B* — Ris defined as follows:

£@0,0)=0, f(1,0) = f(0, 1) = f(1, 1) = L.
For x| > x5, from (9) to (10), we have

FEG, x2) = fleo)(1 — x1) + flen)(x1 — x2) + f(e1 V e2)x2
= f(ep) + (f(e1) — fleo))x1 + (f(e1 Ver) — fle1))x2
= f(0,0) 4+ (f(1,0) — f(0,0)x1 + (f(1, 1) — f(1,0))x2

= X].
Due to symmetry, the Lovdsz extension is
FE(x1, x2) = max{xi, x2}.
For this example, the convex closure and Lovész extension are one of the same! This

equivalence is not coincidental as f in this example is submodular (please verify f
is indeed submodular!).
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Example 4 (Lovdsz Extension for n = 2 and the Cut Function of an Edge) Assume
the pseudo-Boolean function f : B> — R is defined as follows:

f0,0)=f(1, 1) =0, f(1,00= 70,1 =1

For x1 > xp, from (9) to (10), we have

FEG, x) = fleo)( — x1) + flen(x1 — x2) + fler V e2)x2
= f(e0) + (f(e1) — fleo)x1 + (fle1 V e2) — f(en))xa

= X1 — X2.
Due to symmetry, the Lovasz extension is
S x) = Ixg = x2l.
For this example, the convex closure and Lovdsz extension coincide again because

cut functions are submodular.

2.2.2 Kuhn’s Triangulation: Geometric View of (9)—(10)

A triangulation K = {A ..., A} is said to be the Kuhn’s triangulation of the
hypercube, [0, 1]”, if the simplices of K are in a one-to-one correspondence with
the permutations of {1, ..., n} as follows: given a permutation, 7 of {1, ..., n}, the

n + 1 vertices of the corresponding simplex A, are

0 k
+3 e, . (1
j=1

0 k=0,1,....,n
Example 5 n = 2 (see Figure 1 for the case of n = 2)

A ={(x: x1 > x2}

Ay = {(x 1 x2 > x1}.

For Ay = {(x : x; > x3}, then (11) becomes

()-G)- ()
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Fig. 1 Illustration of Kuhn’s

triangulation when n = 2 (0,1) (1,1)
0 s
x = (l—xl)(o)-l-(x] - e
x)1+(x—0)1 €A . |
2o 2 1 1 P :
Ay ={(x:x2>x1} L7 :
7z |
7 I
// |
4 I
// |
:
0 M= {ia zxn} !
7’ |
7 |
// |
’ I
’ !
l

(0,0)F-----mmmmmmm oo g (1,0)

Therefore any x € Aj can be written as the interpolation of the function on the
simplices in the Kuhn triangulation:

x=(1—x) (8) (- x2) ((1)) + (2 —0) G)

Therefore, Lovdsz extension is an affine interpolation of the function on the
simplices in the Kuhn triangulation.

2.2.3 Lovasz Extension as Choquet Expectation
FEE) = Bapponlf G 2 xi = 1) (12)

Proof Assumethat 1 =x9 > x1 > ... > x; > x,41 = 0. Then

P =30 F (Vicrer) e = xeen)

k=0

n Xk )
=y FOVE_ er)da

k=0 ¥ Xk+1

=y " £ xi > A)dA

k=0 Xk+1
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1
=/ FG x> V)dA

0
= Ex~vio,lf G : xi = V]

This expression has a nice probabilistic interpretation: correlated rounding of
elements with respect to uniform choice of A ~ U[0, 1].

2.2.4 Application

We now show one application of this Choquet expectation expression by design-
ing and analyzing a 2-approximation algorithm for the submodular vertex cover
problem.

For any nonnegative submodular function f, the submodular vertex cover
problem can be formulated as the following submodular program:

min [ f(x) : x; +x; > 1,¥(i, j) € E,x € {0, 1}]. (13)

We apply Lovasz extension to obtain a convex relaxation of (13). After solving
this convex relaxation, we round the resulting fractional solution to an integer
solution. Finally we use the expectation representation of the Lovasz extension in
the performance analysis.

Algorithm
Step 1. Solve the following convex relaxation of (13) to obtain an optimal
fractional solution x*:

min[fL(x) txi+xj > 1LY, ) €E.x > 0].
Step 2. Choose A € [0, 0.5] uniformly random and let
S.={i:xf =1},
Analysis: (1) feasibility: Evidently S), is a feasible vertex cover because
x4+ x5 > 1 = max{x], x5} > 0.5,

and hence for each edge (i, j), either i or j is selected to be included into S.
(2) Approximation ratio: the expected value of this random vertex cover is
0.5
EAlf(S0)] =2 J(S)dx
0

0.5 1
<2 F(S)dr + 2/ F(Sda
0 0.5

1
= 2/ fG x> nda =25 x").
0
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2.2.5 Lovasz Extension of Pseudo-Boolean Function Represented
in Multilinear Form

Any pseudo-Boolean function f : {0, 1} > R can be represented as the following
multilinear form (e.g., [5]):

fOnx) =) fA ] ] (14)

ACE icA

where the Mobius transform is given by

f) =Y (=) rag). (15)

SCA

Then the Lovdsz extension is given by

fran.m) = 0 fA)yminx;. (16)

ACE

Example 6 (Pseudo-Boolean Function for n = 2) Assume the pseudo-Boolean/set
function f : B?> — R is defined as follows:

f0,00=f@ =0, f(1,00=f{1p =1, fO, D= f@2H =1, fF1,1) = f({1,2) = 1.
Then (15) implies that
f@) =0"F@ =0
fqy == o+ =@ =1

f@n =@+ vl rienp =1
FaL2) = 007 @ + 0@y + D2 + 0 rdr, 2 = 1.

So Vx1, x2 € B2, (16) implies that

frarxmy = 37 fA)yminy
AC({1,2}
= f@) + F(1)hx1 + F(2)x2 + F({1,2)) minfx, x2)

= x1 + xp — min{xq, x»}.

We obtain the same result as before via (9)—(10).
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2.2.6 Various Representations of Lovasz Extension: n = 2

We can summarize the various equivalent representations of Lovasz extension for
the two-dimensional case n = 2, derived from different angles.

¢ Definitions (9)-(10):

FLryxp) = {f(@)(l —x) + (D —x2) + f(1,2)x2, Ifx; >x2
’ fOA =x2)+ f(Dx2 —x1) + f(1,2)x1, Ifxz>x
Or
FL(x1, 1) = !f(@) +(f (D) = f@)x1 + (f(1,2) = f(D)x2, Ifx; >x2
’ SO +(fQ)— f@)x2+ (f(1,2) — fF(D)x1, Ifxz>x;

¢ Pseudo-Boolean (16):

FE@r x) = fFO) + FA1Dx + F{2hx 4+ £({1, 2) minfx, x2)

= x1 + x2 — min{xy, x2}

2.2.7 Lovasz Extension of Submodular Function

Theorem 1 If f is submodular, then Lovdsz extension is the same as the convex
closure; namely

FEe) = f@), x €0, 11, (17)
Proof (Greedy Algorithm + LP Duality) Recall the convex closure definition
(7—8):

£(x) = min {EM [f(A)]:y e RY By, [14] = x, Ey, [1] = 1}

=min{ > f(Aya:yeRY, Y ya=xni=1...,n Y ys=1y (Dual)
ACN ACN:icA ACN
= max{yp +xTy :yo+ y(A) < f(A),YA € N} (Primal).

The optimal primal and dual solutions are given as follows by the greedy algorithm:
sort elements in N in decreasing order such that 1 = x¢p > x; > ... > x; > Xp41 =
0. Define [i]={1,...,i},i =0,...,n, where [-1] =[0] =0

{yi = fWD — fAi—1D, i=0,....n;

L[] = Xi — Xi+1, i=0,...,l’l.
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Before we show (y, z) is an optimal primal—dual pair, note the greedy nature. In
the primal LP: order the elements such that 1 = x¢p > x; > ... > x, > Xp4+1 = 0.

1. Make y; as large as possible:

yi =max{y1 : yo +y(A) < f(A),YA C N}
= f([1D) — f((OD.

2. Make y; as large as possible:

y3 = max{y2 : y1 = ¥{, yo + y(4) = f(A),VA S N}
= f(2) — f([1D.
3. ...
4. Make y, as large as possible:
vi=max{y; tyi=yii=1....j = 1Lyo+y(4) = f(A),YA S N}
= fD = f{j —1D.

We first show that (y, z) are feasible solutions to the primal and dual and then we
show they have the same objective values.

First, y is primal-feasible iff y(A) < f(A) for each A € N. By induction on
|Al], y([0]) = 0 < f([0]) due to the non-negativeness of f, implying the base case.
Consider A # [0], and let i € A with largest index according to the sorted order
{1,...,n}; that is, i is the index with smallest weight w; in A. Then by induction,
we have

VA=) =y(A) —yi = f(A=1D).
Moving y; to the RHS:

submodularity

YA S fFA—D+yi=fA—iD+ QD - fGi—1) <= f(A),

where the second inequality follows from submodularity (since A C [i]).
Second, z is dual-feasible since z > 0, Z:'l:o z; = 1 and for each i:

Yo=Y =

Asi j>i
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Finally, the value

Yo+ xTy =Y xiyi=Y x (f{il) — £ — 1))

i=0 i=0

=Y fUDG —xip) =Y fiDzp

i=0 i=0

=D f@z. (18)

ACN

The third equality follows from the Abel transformation (or summation by parts,
integral by parts for continuous function): [ fdg = fg — [ gdf.

We can characterize the submodular function via its extension.

Theorem 2 ([9]) A set function f is submodular iff its Lovdsz extension fL convex.

2.3 Properties of Lovdsz Extension

+ The Lovisz extension fI attains its maximum at a vertex of the hypercube
[0, 11"

L
max f(x) = max X).
xeBn f( ) x€[0,1] f ( )

Proof First, LHS < RH S is evident. For the other direction, note that
L) = Eamvolf G xi = M1,
implying that

FE(x) < max f(x).
xeBn

e If f is submodular, then f L(x)is piece-wise linear convex.
© (af +b)"(x) = aft(x) + bg"(x),Va, b > 0.
« fL(x) is positively homogeneous:

fEox) = AfLx), va e RT.

*  fL(x) coincides with f at all 0—1 points:

F(S) = fE(1s),VS C E.
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» fL(x) can be evaluated in P-time via the greedy algorithm (even strongly P-time
O(E* [8, 10]).

» fL(x) has its minimum over the unit cube [0, 1]% attained at a vertex and hence
can be minimized over the unit cube in P-time (by the ellipsoid method [8]
weakly or [10] strongly).

 fissubmodular = f%(x) is submodular on lattice w € [0, 1]* (proof: Choquet
expectation representation (12)).

2.4 Concave Closure

We consider the concave overestimators of set function f : {0, 1} — R. One
motivation is that, whenever an optimization problem involves maximizing f (x) or
contains an inequality f(x) > r, replacing f(x) by a concave overestimator yields
a convex relaxation of the problem. The concave envelope is the lowest concave
overestimator.
The concave closure f(x) : [0, 1] — R of any pseudo-Boolean function f :
{0, 1} — R is defined as follows: Vx € [0, 1]:
Fe = min fyo+x"yiyo+a’y = f(@ va e B} (19)
Yo
y

cRn+l1

=max 1 ) f@: ), za=xdie{l..n) ) =120

ey aeB” aEB”:eiTa:l aeB”

Similar to the convex closure, the concave closure can be formulated as an
optimization problem which preserves marginals:

fx)= max E[f(Xi,....,Xn):PXi=D=x;,i=1,...,n].

Z(X |, Xn)

However, this optimization problem has no compact representation, even for
submodular functions.

Example 7 (Concave Closure for n = 2) Assume the pseudo-Boolean function f :
B2 — R is defined as follows:

f0,0) =0, f(1,0) = f(0, 1) = f(1, 1) = 1.
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The program (19) becomes

f(x1,x2) = min yo + x1y1 + X232
st yo= £(0,0) =0
yo+yi = f(1,0) =1
yo+y2= fO0, 1) =1
yot+yi+y2= f(1,1)=1

along with its dual program (20)

f(x1,x2) = max £(0,0)z(,0) + f(1,0)z(1,0) + (0, Dzo,1y + £ (1, Dz11)
s.t. za,0 +za,1)=2x1
Z,1) +2(1,1) = X2
20,00 + 2,00 + 20,0 +zan = L.

z>0

The optimal solutions of the primal and dual are given as follows:

1) x1+x2>1,0<x1 <1,0 <xp < 1:Primal solution yg = 1, yy =y =0
with objective value 1. Dual solution zgp = 0, z(1,0) = 1 — x2, z¢0,1) = 1 — x1,
and z(1,1) = x1 + x2 — 1 with objective value 1. Therefore both are optimal.

(i) Forx;j+x2 < 1,0 <x; <1,0 <x2 < 1:Primal solution yp =0,y =y, =1
with objective value x| + x2. Dual solution z9,0) = 1 — x1 — X2, 2(1,0) = X1,
Z(0,1) = X2, and z(1,1) = 0 with objective value x| + x;. Therefore both are
optimal.

The concave closure for any x = (x1, x2) € [0, 112 is therefore

f(x1, x2) = minf1, x; + x2}.

2.5 Multilinear Extension

Multilinear extension of submodular functions has many applications, including the
Shapley value (e.g, [11]), and approximation algorithms (e.g., [2, 3, 13]). Similar
to the treatment of Lovdsz extension, we emphasize different representations of
multilinear extension.
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2.5.1 Definition

The multilinear extension f* : [0, 1]" — R of any pseudo-Boolean function f :

{0, 1}" — R over a ground set E = {1, ..., n} is defined as:
Moy =" rOx[]a—x) =ELr@®RE), @1)
SCE ieS i¢S

where R(x) is a random set independently containing each element i with probabil-
ity x;. Therefore, it has a simple probabilistic interpretation: independent rounding
of elements to {0, 1}. In general, f M s neither convex nor concave.

Example 8 (Multilinear Extension forn = 2) Assume the pseudo-Boolean function
f :B? — Ris defined as follows:

f0,00=0, f(1,0) = f(0,1) = f(1,1) = 1.
The multilinear extension for any x = (x1, x2) € [0, 1]2 is therefore

M1, x0) = £O0,00(1 = x)(1 = x2) + f(1,00x1 (1 = x2) + (0, D(1 = x1)xz + £(1, Dxpxa

=x (1 —x) + (1 —xpxp + x1x2 = x1 +x2 — x1x2.

2.5.2 Properties of the Multilinear Extension

1. The multilinear extension fM attains its maximum at a vertex of the hypercube
[0, 11"

M
max j(x) = max X).
xeB” f( ) xel0,1]? f ( )

Proof First, LHS < RHS is evident. For the other direction, note that
M) =ELf(R))].
implying that
M) = ELf(R(x))] < max f(x).
xeBn
2. Linear combination

(@f +BM(x) = afM(x) + g™ (x).
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3. Composition: Given two set functions f : 2L > R and g : 2¥ > R where

L N N = ¢, define the composition (f @ g) : 25YN > R of f and g as
feM© =MLns)+g"NNS),¥SSLUN.
Then
(f @@ y) =M@ +g" ). ¥x € [0, 1" ¥y € [0, 1]".
Derivative: The ith partial derivative of f*:

M) =E[f(RUID) — F(R)]

M M
=0, xicn Lxign, oo X)) — U Xi21, 0, X401, -0, X))

S T [T a=xpersutin — £y,

S:i¢SCE jeS  ji#j¢S

where R C E — i is a random set whose elements are chosen independently
with probability

P(jeR) =x;,VjeE—i.

. Shapley value: Given a set function f : 2V > R, its Shapley value is given as

1
wlfl = [ =1,
0
Proof Consider the ith partial derivative of f*:

Moy= >0 []x JI A=xprsutin - £05).

S:ig¢SCE jeS  ji#j¢S

Letx = (¢,...,1), then

Maon= Y Ma - U - £

S:ii¢SCE
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Integrating on both side

1 1
/ﬁM(t,...,t)dtz Z (/ rS'(1—t)”—'S—ldz>(f(Su{i})—f(S))
0

S:i¢SCE

_ IS|(n —IS| =D Y — 0
= Y g YBUh -6 =alfl

!
S:i¢SCE :

Example 9 (Multilinear Extension for n = 2) Assume the pseudo-Boolean
function f : B?> — R is defined as follows:

f(0,0)=0, f(1,0) = f(0, 1) = f(1, 1) = L.
The multilinear extension for any x = (x1, x2) € [0, 1] is therefore

M, x2) = £0,00(1 = x)(1 = x2) + f(1,00x1 (1 = x2) + £0, (1 = x)x2 + f(1, Dxixz

= x1(1 —x2) + (I —x1)x2 + x1x2 = X1 + X2 — X1 X2.
So

M) =0-x)—x+x=1-x

sz(xls)Q) =—x1+0—-xpD+x1=1—x1
and the Shapley value

1

1 1
@l[f]zf F](t,[):/ (1_[)dt=§
0 0

1 1
1
wlfi= [ man= [ a-na=3.
0 0 2
6. Monotonicity preserving

f monotone <= ™ monotone

Proof

af M (x)
3)(,'

=E[f(RU{i}) = F(R\{iD] =0
7. Submodularity preserving

f submodular <= ™ submodular
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Proof

aZfM
0x;0x;

=E[f(RU{i,j) = F(RU{IN{D
—fR\{I}U{jPD + fR\{i, ;DI =0

8. Up-monotonic: f increasing = ¢(t) := f M(x + tu) increasing of ¢ if u > 0

M
_ Zuiaf (x) ~0.

¢'(1) >
X+tu icE ax;

9. Up-concave: f submodular = ¢(t) := fM(x + tu) concave of t if u > 0

2 M
S L

VA
t . .
¢ (1) i 0x;0x

x+tu icE

10. Cross-convex: f submodular = ¥ (¢) : fM(x + t(e; — e;)) convex of ¢ for
any i # j

(1) A O D il O NP ¥
x+t(ei—ej) axi 3Xj ax,’ax]'
2 M
L0,
axiax]'

2.6 Relationship Among Extensions

Any extension can be described as E[f(R)] where R is a n-dimensional joint
random vector with x1, ..., x;, as marginals.

* Concave closure maximizes expectation but is hard to compute.
* Convex closure minimizes expectation and leads to Lovasz extension.
e Multilinear extension is somewhere in the “middle.”

One benefit of this expectation representation is that limit theorems of probabilis-
tic theory can be applied, such as the central limit theorem and simulation.

Let us recall the example where the ground set is E = {1, 2} and a submodular
function f : 2F > R with

J@ =0, f{1h = f{2h = F({1.2) = 1.
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Earlier calculations showed that

Fx1, x2) = min{1, xi + x2})
M1, x2) = x4 x2 — x1x2

J(x1, x2) = max{xy, x2}
fE@e, x2) = max{xy, x2}.

Note that

min{1l, x; + x2} > x1 + x2 — x1x2 > max{xy, x»}

Therefore we have

fo =M= f) = flw.

This order on the concave, multilinear, convex, and Lovdsz extensions holds for any
submodular function.

Theorem 3 If f : 2F — R is a submodular function, then

fo = M = fo = ffw
—— —— = — ——

concave closure  multilinear ext.  onvex closure ~ LOVAsZ ext.

Please see Lemma A.4 in [14, p. 32] for a proof of the second inequality above.

3 Simultaneous Approximation of Multi-Criteria
Submodular Function Maximization [6]

Let f; : 2X 5 Rt (j = 1,...,k) be k nonnegative symmetric submodular
functions. The main focus of this section is on maximizing multiple nonnegative
symmetric submodular functions, namely solving the following k-criteria submod-
ular function maximization problem:

(P): max{fi(S),..., fi(S)}.
¢
Sometimes we also need to refer to the jth (j € {1, ..., k}) mono-criterion problem:

(Pj) : rsnga§ fi(S).
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Let S;‘ (j =1, ..., k) be the optimal solution for the jth mono-criterion problem
(Pj).
Definition 1 For any « € [0, 1],

(i) A subset S C X is an a-deterministic solution for the problem (P) if
[i(®) = afi(Sh), Vji=1,....k
(i) A random subset 7' C X is an a-randomized solution for the problem (P) if
E[fj(D)] = afj(S}), Vj=1,... .k

Du et al. [6] obtain the following tight result for symmetric submodular functions.

Theorem 4 Assume the submodular functions are nonnegative, symmetric, and
submodular in problem (P). Then

(i) there exists an o-randomized solution such that

2k—l

YT 7

and this quantity approaches to 0.5 when k — 00,
(ii) For the k-criteria MAX-CUT problem, there exists an instance such that no B-
randomized solution exists such that § > a.
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Discrete Convex Optimization m)
and Applications in Supply Chain e
Management

Shengyu Cao and Simai He

Abstract In supply chain management and other operations management applica-
tions, various discrete convexities are important tools in modeling complementary
or supplementary behaviors. Furthermore, the discrete nature of many decision
scenarios also requires optimization tools from discrete convex theory.

In this chapter, we aim at introducing the classical discrete convex theory
from the perspective of supply chain applications. We illustrate some direct
applications and connections in supply chain applications. Certain proofs are
modified/shortened, to fit into the scope of this chapter.

1 Introduction

Many practical problems are of discrete nature. For example, in inventory man-
agement retailers need to place orders in discrete quantity or even large batches.
In scheduling, transportation planning, and production planning one needs to use
discrete assignment variables x;; = 1 or 0 to model whether a job or a truck
should be assigned to a machine or a route. In combinatorial optimization theory,
there are many brilliant problem-based algorithms developed. However, it remains
an important question that whether there exists a framework for a general class
of problems, like convex optimization theory in continuous optimization. For
this purpose, one needs to extend the Separation Lemma, which implies strong
duality and global optimality. Luckily, Separation Lemma holds for submodular
set functions, and the so-called L? functions [23].

In economic theory and operations management applications, an important
question arises from practice: whether two decisions have conflict against each
other. This question belongs to the area of comparative statics, and is often related
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to the sign of second order partial derivatives with respect to different dimensions
of decision variable. Also, in revenue and inventory management, we are often
interested in whether the decisions of two different products would influence each
other. For example, different brands of smartphones are called “substitutable goods,”
since one can replace the function of the other. On the other hand, extra consumption
of smartphones would boost sales number of the accessories, which we often
define as “complementary goods.” These properties can often be characterized by
submodularity and supermodularity of customer utility function.

The objective of this chapter is to introduce some basic concepts, algorithms,
and applications of discrete convex optimization. Discrete convex analysis is a deep
research direction, and we aim at providing a quick survey of the classical results
related to optimization problems applicable in operations management. Moreover,
we emphasize on the motivations and intuitions behind the concepts and proofs, and
we omit certain details of proofs due to page limit. Readers may refer to Topkis’s
book [29] for more detailed examples, discussions, and classical applications in
supply chain management, as well as game theory related topics. Mutora [23]
and his long list of research works provide a thorough survey of the theoretical
foundation of discrete convex analysis, including the duality theory in discrete
domain. And Vondrak’s Ph.D. thesis [30] provides a survey of many crucial ideas in
designing combinatorial algorithms by utilizing submodularity.

Section 2 introduces the basic concepts, e.g., lattices, submodular function,
and comparative statics. Fundamental properties of submodular functions and
lattice sets are introduced. Examples arisen from applications are given to illustrate
how to model problems with submodularity and other discrete convex properties.

Section 3 focuses on classical results of submodular set function optimization.
Separation Lemma and convex extensions are introduced, and the minimization
algorithm over submodular functions is established based on convex extensions.
Moreover, greedy approaches and multi-linear extension based smooth-greedy
algorithms are introduced for the maximization problems.

Section 4 discusses online and dynamic algorithms utilizing submodularity.
L*-convexity plays a key role for dynamic inventory control problems, while
the diminishing return property guarantees 1 — é approximation ratio of greedy
algorithm in online bipartite matching.

2 Basic Definitions and Properties

This section introduces the basics of submodularity and lattice structure. Section 2.1
illustrates the intuition of developing such concepts. Section 2.2 defines the basic
concepts and establishes the basic properties. Section 2.3 discusses a special
application where only submodularity only holds locally near the optimum solution
path.
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2.1 Motivation

To begin with, we start with the following observations:

1. When a competitor lowers the price of its product, one often needs to also lower
his/her own price.

2. When the inventory level of a product is low, retailers often raise the price.

3. In public spaces, one would naturally lower his/her voice, if the others are
doing so.

To explain these observations and to further study the related problems, one needs
to provide reasonable mathematical models:

Example 1 Suppose the sales quantity Q; of retailer i is a function Q;(p;, p;) of
the price p; of retailer i, and its major competitor’s price p;, and the corresponding
profitis R;(p;, pj) = (pi — ¢i) Qi(pi, pj)-

The simplest assumption is Q;(p;, pj) = (a; + biipi + bijpj)+ with b;; <
0, b;j > 0. The optimum price p; = % for max{R‘(p,-, pj) | pi = 0}is

indeed increasing with respect to p;. Note that b;; = 317 3p Ri(pi, pj) > Ois the
crucial assumption, and can be generalized for other types of demand functions.

Naturally, one would like to extend the question to the following general
comparative statistics question:

Problem 1 Given function f(x,y) : M2 — N, where x is the decision variable,
and y is the input parameter (maybe the decision of another player). We consider
the minimization problem min{f(x,y) : (x,y) € S} within domain §. When
would the optimum decision x (y) be monotonically increasing with respect to input
parameter y?

We analyze quadratic functions first:

Theorem 1 If
raon =g Geo)a(t) ol (1) e

is a strongly convex function(A > 0). The optimum solution of min{ f (x, y) | x € R}
is defined as x*(y). Then x*(y) is monotonically increasing with respect to y when
Ap < 0.

Proof Due to strong convexity, Aj; > 0. By first order condition Ay x*(y)+A2y+
b1 = 0, the optimum solution is

Therefore, x*(y) is monotonically increasing with respect to y when Ao < 0.
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Fig. 1 Idea of proof for (%, ¥) (x,y)
general problem

(x, y) (x',y)
f(x, y’) + 10, y) = 1(x, y) + £(x’, ¥’)

Next, we establish a more general result by dropping the quadratic assumption,
by a proof with potential to be generalized in discrete domain:

Theorem 2 If f(x,y) : W2 — N is a strongly convex C? function. The optimum
solution of min{f (x, y) | x € N} is defined as x*(y). Then x*(y) is increasing with

respect to 'y if%f(x, y) <0 forall (x,y) € R

Proof Firstly, we note that for any x < x’, y < y/,

x' y 52
FEy) + FGY) = fy) = (o y) = / / s, ndsdi < 0.
s=x JI=y 50t

This condition is illustrated as in Figure 1.

Secondly, we prove the theorem by contradiction. Due to strong convexity, x*(y)
is uniquely defined for each y € %. If for y < y’ we have x*(y) > x*(y'), let’s
denote x = x*(y’) and x’ = x*(y) > x. Then f(x,y’) = min{f(s,y) | s € R} <
f(x,y)and f(x',y) = min{f(s, y) | s € R} < f(x, y). Therefore,

x’ y’ 32
0= / / ayar ) (& Ddsdt =1f(x, N=f & OIS Y= f(x, y)1 = 0.
s=x JI=y

Consequently, f(x,y) = f(x',y)and f(x', y) = f(x, y), which contradicts with
the uniqueness of x*(y) and x*(y’).

There are two crucial conditions in the above proof:

1. For any (x,y’) and (x/,y) in the domain S, if x < x’, y < ¥, then
(x,y),(x",y) €S.
2. Forany x < x',y <y, f(x,y) + f(x',y") = f(x,Y) = f(x',y) <0.

In the following subsection, we generalize the first condition to the so-called Lattice
structure, and the second condition to submodular property of functions.
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2.2 Definition

In high dimensional discrete domain, the first condition in the above subsection is
generalized as:

Definition 1 (Lattice)

. Partial Order: x < y if and only if x; < y; for all indices i.

. Maximization (or) Operation: x V y defined as (x Vv y); = max{x;, y;}.

. Minimization (and) Operation: x A y defined as (x A y); = min{x;, y;}.

. Lattice: L € %" is a lattice if and only if x V y,x Ay € Lforanyx,y € L.

. Sublattice: If L' is a subset of lattice L and x V y,x Ay € L' forany x,y € L’,
we call L’ a sublattice of L.

6. For a set of points {x/ € R" : j € S}, we can define \/jesxj as (vjesx-i) =

i

[ I SO T SR

sup{xl:" | j € SYand (Ajesx’), = inf{xl:" | j € S}. These are well defined when

i
S is a finite set, or when {x/ : j € S} is within a bounded region.

Some important classes of lattices are listed as follows:

—_

. Any totally ordered set (e.g., single dimensional set) is a lattice!

2. Finite Cartesian product L = [], g L; of lattices L; : j € S is still a lattice
when |S] is finite.

3. Intersection L = )
the size of S.

4. Orthogonal projections and orthogonal slices of lattices are still lattices.

5. Linearly constrained set {(x, y) : ax — by > ¢} witha, b > 0.

jes

jes L; of lattices L; : j € § is still a lattice, regardless of

Theorem 3 Suppose L € RN is a compact sublattice. Then there is a minimum
element x and a maximum element X in L.

Proof Because L is compact, its projection L; = {y | 3x € L,x; = y} on i-th
dimension is also compact. Define x; = inf{x; | x € L}, which is well defined
because L; is compact, and will be reached by a certain point, which we denote as
y',ie., y/ = x; and y' € L. Now we consider the point /\fvzly’ € L. It follows
from Qeﬁnition that x < AN,y Futhermore, (AN, y'), < yi = x;, therefore
/\1N=1yl < x. Consequently x = /\lNzly’ € L. Similarly, we have X € L.

The second condition in the above subsection is extended to the concept of
submodularity:

Definition 2 (Submodular Function)

1. A function f(x) : L — N defined on lattice L is called a submodular function

iff(x)+ f(y) = fxvy)+ fxAy)foranyx,y € L.
2. Equivalent Definition (Decreasing Incremental):
Ifd,u>0andd"u =0,then f(x +d)— f(x) > f(x+u+d)— f(x +u).



86 S. Cao and S. He

3. Equivalent Definition (Local Condition):
If fisdefinedonZ",and f(x +1;) — f(x) > f(x+1; +1;)) — f(x +1j)
for all indices i # j.
4. Supermodular Function: A function f is supermodular if and only if — f is
submodular.

Example 2 (Examples of Submodular Functions)

. Quadratic Functions 1x7 Ax + b7 x + ¢ with A;; < 0 forall i # j.

. A C? function f(x) : R" — RN with %f(x) <Oforalli # j.

. g(x — y) with convex function g(z) : # — N.

. (31 x;) with concave function g(z) : R — 9.

. Cobb-Douglas function f(x) = [; xl.a " defined on R’ , with o € N}

e = yl5 =300 — yn?and flx — ylli = X b — yil.

. Nonnegative linear combinations, expectations, and limitations of submodular
functions are still submodular.

8. g(f(x)) is submodular, if f : N"* — N is submodular, g : N — N is concave

and monotonically increasing.

~N N bk WD =

A set function £(S) : 2V — N is defined on the set 2V of all subsets of N.
Definition 3 (Submodular Set Function)

1. A set function is called submodular set function, if f(A) + f(B) > f(AUB) +
f(ANB) forany A, B C N.

2. Equivalent Definition (Local Condition): For any set A € N, and two elements
i,jeN, fLAU{ih+ f(AU{jD = f(A) + fFLAUL, j}).

3. Connection with Submodular Function: Define F : {0, 1}V — 9 as F(1s) =
f(S), then f is a submodular set function if and only if F is a submodular
function.

There is a special class of submodular function generalizing the concept of rank
in linear algebra:

Definition 4 (Rank Function) A set function F : 2V — 9 which satisfies F (%) =
0 (normalized), F(A) < F(B) for all A € B (monotonicity) and submodularity, is
called a rank function.

One example of rank function R(S) defined on set of vectors S = {v; € " : i € K}
is the rank of the spanning space of S.
Now we extend the monotonicity result in Theorem 2 to discrete scenario:

Theorem 4 (Theorem 2.7.1 in Topkis [29]) If f(x) : L — N is a submodular
function defined on lattice domain L, then the optimum solution set argmin .y f (x)
is a sublattice.

Proof We prove this by definition. Suppose both u,v € argmin .y f(x), then
fu) = f(v) = minyeyx f(x). Therefore f(u VvV v) > mingex f(x) = f(u) and
funAv) > mineey f(x) = f(v). Itfollows that f(uVvv)+ f(urv) > fu)+fw).
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But by submodularity, f(# Vv v)+ f(uAv) < f(u)+ f(v). Combine the two above
inequalities, f(u Vv) = f(u Av) = f(u) = f(v) = mingex f(x), and both
uVov,uAv € argmin, .y f(x).

Next, we establish the monotonicity of the optimum decision set, with respect
to input parameters. For this purpose, we need to first define the set monotonicity,
which basically is the monotonicity of both the largest and smallest elements of the
sets, if they do exist.

Definition 5 (Set Monotonicity) Set S; is called monotonically increasing with
respect to 7, if forany t < s, x € S;,and y € S, there existau € S; and v € §;
such that ¥ > x and v < y. This implies that the X () = Vyes,x and x(f) = Ayes,X
are both increasing in ¢.

An important fact is slices of lattice remains to be a lattice, which is illustrated in
the following theorem. The proof of this theorem follows directly from the definition
and is omitted here.

Theorem 5 (Monotonicity of Lattice Slices) IfS C X x T is a sublattice of X x T
for lattices X and T, then S; = {x | (x,t) € S} is increasing on t, when it’s
nonempty.

Theorem 6 (Topkis, Theorem 2.8.2) Suppose f(x,t) : S — N is a submodular
function defined on sublattice S € X x T, where both X and T are lattices. Then
X*(t) = argmin{f(x,?) : (x,t) € S} is increasing with respect to t when it is
nonempty, and the set {(u, t) | u € X*(¢)} is a sublattice.

Proof We first prove that the set L = {(u,t) | u € X*(t)} is a sublattice
by definition. For any (u, t), (v,s) € L, without losing generality we assume
t < s. By definition, we have min{f(x,s) : (x,s) € S} = f(v,s) and
min{ f(x,t) : (x,t) € S} = f(u, ). And it follows from lattice structure that both
(uvov,s)=(u,t)Vv (v,s)and (u Av,t) = (u,t) A (v, s) are in set S. Therefore,
fuvou,s)>min{f(x,s):(x,s) € S} = f(v,s)and f(u Av,t) > min{f(x,?) :
(x,t) € S} = f(u,t). However, by submodularity of f we have

f@vv, )+ furv,t) = f(w, V@, s)+f((u)AW,5) < fu,)+f(,s).

It could only hold when f(uVuv,s) = f(v,s)and f(uAv,t) = f(u,t). Therefore,
uvve X*(s)and u Av € X*(t), and by definition we have (u,) Vv (v,s) =
(uvuv,s)e Land (u,t) A(v,s) =@ Av,t) €L.

By Theorem 5, set X*(t) = {x | (x, t) € L} increases with respect to ¢.

Corollary 1 (Topkis, Corollary 2.8.1) If f(x) is a submodular function defined
on lattice domain X C R", then f (x) — yTx is submodular on domain X x R", and
argmin, .y f(x) — yTx increases with respect to y.

Proof Function —y” x is submodular, sois f(x)—y” x on domain X x %", applying
Theorem 6 we obtain the monotonicity.
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For submodular functions, another important characteristic which mimics the
convexity in continuous domain is the classical preservation under minimization

property:

Theorem 7 (Preservation of Submodularity) Suppose both S and T are lattices
and X C S x T is a sublattice. Function f : X — N is a submodular function. Then
the function g(y) = min{ f(x, y) | (x, y) € X} is a submodular function defined on
sublattice domain Y = {y | 3(x, y) € X}.

Proof We first prove the lattice structure of ¥ by definition. For any y,y’ € Y,
there exists x, x’ € S such that (x, y) € X and (x/, y") € X. Since X is a lattice,
xvx,yvyh=x,y)v(x,y)YeXand x Ax', yAY) =(x,y) A, y) € X.
Therefore, y VV y and y A y’ are bothin Y.

Secondly, we establish the submodularity of g by constructive proof, which is
very useful in establishing properties of discrete convexity. For y, y’ € Y, there
exists z, 7/ € S such that both (z, y), (z/, ) € X, f(z,y) = g(y),and f(/,y) =
g(y"). Therefore,

gy VI +eAY)S fav,yvy)+ fanZ,yny)
= fl Vv &, )+ flz, y) A& y)]
fl@ V@ N+ fle DA IS fE )+ fEY)=80)+80),

where the first inequality is due to definition of g, the second inequality is due to
submodularity of f, and the last equality is due to definition of z and z’.

2.3 Local Submodularity

In practice, it is often difficult to guarantee the submodularity of a function over the
whole domain. However, for the monotonicity of optimum solution we only need
the submodularity in a small region, i.e., a neighborhood of the optimum solution
set path. In the following example, we use local supermodularity to explain why one
retailer’s price should decrease, if its competitors’ prices are dropping.

Example 3 (Discrete Choice Model) A popular model that captures customer
choice between substitutable goods is the so-called random utility (discrete choice)
model. In this model, customers have random utility &; (p;) for goods i with price p;,
where u; (p;) = E&;(p;) is the expected utility. A random customer would choose
the goods which give him/her the best (realized) utility. When the random noises
& (pi) — ui(p;) follow independent Gumbel distributions, the probability that a

. s ui (pi)
customer would choose goods i from a set S of goods is P; = 5 s )
1

the probability of not choosing anything is Py = [ESSPTETRE One thing to note
jeSHtI\ry

that is, a popular choice in practice is to use the logistic model: u; (p;) = % PitFi,
Retailer i’s expected profit from a random customer is therefore, R; = (p; — ¢;) P;

while
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if the cost per unit is ¢;. We adopt the classical notation that all prices other than p;
are denoted as p_;, and optimum solution is p7(p—;) = argmax{R;(p;, p—i) | pi €
N4). We assume u/j( pj) < O for each retailer j, which is intuitive as customer’s
utility would decrease with respect to the price of goods.

Lemma 1 If each u; is a C? function, then in an open neighborhood of optimum
solution path {(p?‘(p,i), p—i) | p=i) € Eﬁfﬁ__l}, we have %Ri (p) > 0.

Proof The profit is negative when p; = 0, and tends to O when p; — oo, by
continuity of R; the optimum solution exists. Since the function R; is also a C?
function, we only need to verify the condition #{;Ri( p) > Ofor p; = p¥(p—i).
By optimality condition at p; = p7(p—;),

) 1
=—R; :7,‘,‘15" i—i/'i]E"—ii )
0 o (p) S ORI |:u (pi)( +j€s uj(pj)+ (pi —ciu;(pi)( +jes uj(pj) —ui(p )):|

and u; (p)(1+ 3 ;c5uj(pj) + (pi — c)uj(p) (1 + 3" e uj(pj) —ui(pi)) = 0.

52
mRi(P)

—u';(pj) ’
= Ty e [P0+ T jes (i) + (i = e (pi) (14 s (p)) = 2ui(pi) |

~i(p)) ,

= m(l’i - Ci)“,-([’i)(—zui(ﬁi)) > 0.

Theorem 8 When u;(p;) = e%Pithi pi(p—i) is continuous, and it is monotoni-
cally increasing with respect to p—_;.

Proof We first prove the strongly concavity of In R; (p;, p—;) in p;. Notice that
1 wy(p(+ 3 ey i) 1 T+ jesvi Ui

a
—1InR; = + = + o
api ' pi—ci ui(p)(1+ 3 jesuj) pi—ci 1+ jesuj

Notice that «; < 0 and u;(p;) is decreasing with respect to p;, aipiln R; is a
decreasing function with respect to p;, and In R; is a strongly concave function with
respect to p;. Since R; is C?, and strongly concave in p;, pi(p—;) is continuous.

By the local supermodularity, there exists a small neighborhood Ne = {p € 0} |
lp — (p(p=i), p-i)llo < €} of any point (p}(p—;), p—;) on optimum solution
path, inside which %Ri (p) > 0. Therefore, by applying Theorem 6 in the box,
for any g_; € [p—i, p—i + €e] we have

x = argmax{R; (pi, q—i) | pi € [p] (p=i) — €, p} (p=i) + €1} = pf(p—).
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By log-concavity of function R;, local optimum x within region [pf(p_;) —
€, pf(p—i)+€]is on the same side of the point p¥(p_;) € [pf(p-i) —€, pF(p—i)+
€] with the global optimum point p*(q—_;), therefore

pi(q—i) = argmax{R;(pi,q-i) | pi € R} = pf(p-).

3 Optimization with Submodular Set Functions

In this section, we introduce the classical results for optimization over submodular
set functions. Section 3.1 introduces the Lovasz extension for submodular set
function. Section 3.2 discusses the polymatroid optimization. In Section 3.3, Lovasz
extension is utilized for minimization of submodular set functions, with a fast
gradient projection based algorithm. In Section 3.4, we analyze greedy and double
greedy approaches for monotone and nonmonotone submodular set functions
maximization problem. In Section 3.5, the smooth-greedy approaches based on
multi-linear extension are analyzed for submodular set functions maximization
problem with matroid constraint.

3.1 Extensions of Submodular Set Function

We first recall two important definitions in convex optimization theory. The convex
hull of a set X is defined as Conv(X) = CH{) ;six; : D> ;si = 1,85 > 0,x; €
X}, where Cl defines the closure of a set. Epigraph of a function f is defined as
epigraph(f) = {(x,1) : f(x) < t}. A classical fact in convex optimization theory
is that: A function is convex if and only if its epigraph is a convex set.

For each given set function f : 2N 5 R, we can define f - {0, l}N — N as
f (1s) = f(s), where 1g is the characteristic vector defined as x € R" withx = 1
ifi € Sandx; = 0if i ¢ S. We treat extreme points {0, 1}V of a box as the set of
subsets 2V, where 1 s is equivalent to set S.

Definition 6 (Convex Extension and Lovasz Extension)

1. Given function f : X — R, we define its convex hull f~ : Conv(X) — N as

@ =inf() ] fod) - jimooxj =0 sixl =) Y s/ = 1] = 0.4] e x),
i i i

which is the largest convex function below f.

2. Given a set function f : 2V — 9, the Lovasz extension f(x) : [0, 11V — % is
defined as fL(x) = Z?:l sj f(S;j), where {S;} is the unique decreasing series
ofsets N =8 D S DS D -+ DS, = ?such that x = Zijlsj for
Zij = 1,Sj > 0.
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3. Equivalent Definition of Lovasz Extension: Take uniform distribution & € [0, 1],
then fX(x) = Ee f({i : x; > £)).

4. Forany S € N, fl(1s) = f~(1s) = f(S). So both are extensions for set
functions.

Theorem 9 Convex hull f~ of any function f is convex, and it is the largest convex
function below f.

Proof We analyze the epigraph of f:

epigraph(f™) = Cl{(x,7) :3) ;5i=1,5 > 0,x; € X, ), sixi = x, > ; 5i f(x;) <t}
=Cl{(x,1): EIZi si=1,5>0,x; € X, Zi SiXxi =X, Zi siti =t, f(xi) < t;}
= Conv(U;{(xi, ti) : f(xi) < 1)),

which is a convex set. Therefore, by convex optimization theory f~ (x) is convex.

Because f is an extension of f, it is below f. Next we prove that any convex
function g below f is also below f~.Foranys € 9, andx; € X,i =1,2,--- | N
with >, s = 1,5 > 0,); six; = x, by convexity we have

g(x) =) sigla) < Y sif(x).

Therefore, it follows from definition that

oy =inf() s fx)) Jim ¥l =x, Yosixl =203 5] =1.5] 2 0.x] € X} > inf{g(x/)} = g(x).
i i i

Theorem 10 If f is a submodular set function, then f~(x) = fL(x) and L is
convex. Reversely, if the Lovasz extension f of a set function f is convex, f has to
be submodular.

Proof We can formulate the convex extension as a linear programming problem:

f7(x) =min Y gy Asf(S)
st Y gicshs=x;VieN
A>0,

whose dual is

Fr() =maxt+Y oy vixi
St YiesVi < f(S)—tVSCN.

For any given x € [0, 11V, there exists order 7 of indices such that Xgp < Xy <
- < Xgy.Define §; = {mj,--- ,ay}forj=1,2,---, N and Sy = @. Define
As; = Xg; — Xz, Withxz, =0and xzy,, = 1,and As = Oif else. Then 2 > 0 and

27;1] Xj = 1. Furthermore,
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Z As = Z )ng = Z Xpj — Xm;y = Xi.

SieS jiism=l@) jri<m=l(@)

Therefore, A is a primal feasible solution with the given x.
For the dual problem, define r = f () and y; = f(Sﬂ—l(l‘)) — f(Sl+n71(,~)) =
f(Sz-14y) — f(Sz-1n\{i}). For any set § = {7, wj,, -+, 7;,} with j1 < jo <
- < jm, denote S¥ = {r;,, wj,, -+, 7} Then

Dy =Y FSa1i) = F( S p\iD) £ D FSH = £(SH = £ = F#) = f(5)—1.
ieS ieS k=1

Therefore, (¢, y) is a dual feasible solution.
Next we establish the strong duality, that is,

N+1 N
Do fS) =Yy =X, VS = Y % L (S) = (S0 H Xy fSN41) =g f(S1) = Y xiyi+1.
SCN j=1 j=1 ieN

Take all j such that A s; > 0, these ()\5.,., S;) define the Lovasz extension f L(x).
Therefore f~(x) = ijks.>0 As; f(S)) = fL(x). Because f~ is always convex,
J ;

sois fL.

If £L is convex, then forany S, 7 C N, consider point x = 15'517 = ISWT;ISUT.
By definition, fL(x) = w By convexity, f~(x) < f(S)JEf(T).
Therefore

FO+FT) =2f~ () =2f"(x) = FSNT) + f(SUT).

In convex optimization theory, the Separation Lemma guarantees the existence
of “dual certificate” of an optimum primal solution for a convex optimization
problem, which is a big step towards strong duality. For submodular set functions,
we have the following:

Theorem 11 (Frank’s Discrete Separation Theorem) If f(S), g(S) are sub-
modular and supermodular set functions defined on sublattice domain D < 2V,
respectively, and f(S) > g(S) for all S C N, then there exists a modular (linear)
function L(S) = c+ Y, cgli such that f(S) > L(S) > g(S) forall S € N.

Proof We prove for D = 2% first. Since both f and —g are submodular set
functions, their Lovasz extensions fZ and (—g)’ are convex. Note that f(S) +
(—g)(S) = 0 forall § C N, it follows from definition that fX(x) 4+ (—g)L(x) =
(f + (—g)E(x) = 0 for all x € [0,1]". Due to Separation Lemma in convex
optimization theory, there exists a linear function L~ (x) : [0, 11V — 9 such that
fL(x) > L= (x) = —(—g)t(x) for all x € [0, 11V. Constraint this L~ function in
{0, 1} we obtain the modular function
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L(S)=L"(1s) =L (0) + Z[L_(ei) — L (0],
ieS

which satisfies f(x) > L(x) > g(x).

For D # 2V, we can extend the function f to domain 2V by defining f(S) =
+oo for all S ¢ D. Similarly, we extend g by defining g(S) = —oo forall S ¢ D.
The extended functions are still submodular and supermodular, and we can apply
the proof for the full domain 2V directly.

Optimum solution of a convex function can be verified by a tangent hyperplane
which touches the epigraph of the convex function. Similarly, we have the following
existence result for the certificate of optimum solution of submodular set function
minimization problem:

Corollary 2 If f(S) is a submodular set functions defined on domain 2V, and L C
2N is a sublattice. Then S* is the optimum solution for min{f(S) | S € L} if and
only if there exists a modular set function L : 2N — 0 such that f(S*) = 1(S*),
F(S) =1(S) forall S € N and L € {S :1(S) = 1(S%)}.

This is a direct application of Theorem 11, and the fact that f(S) > f(S*) >
21(8*) — f(S)forall S € L.

3.2 Polymatroid Optimization

In the proof of Theorem 10, the dual formulation of f~ has been discussed:

fT(x) =maxt+ ZieN YiXi
St Y iesVi < f(S)—tVSCN.

The optimum solution for the dual problem is y; = f(S;-1;y) — f(Si17-14)) =
f(Sﬂfl(i)) — f‘(Sijla)\{l.}), where the order 7 corresponds to the increasing order
of Xj: Xpg; < Xz, < -+ < Xg,. For sets Sk = (i, mjy, - )

Dovi= ) fSp1y) = FSrp\liD =D f(SH = f(*H) = f(5H 1.

ieSk ieSk k=1

Therefore, S¥ corresponds to the tight dual constraints, and the optimum solution
can be obtained by the greedy process: rank the coefficients in the objective from
highest () to lowest (7r1), find the maximum possible value y; one by one.
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We conclude this observation into the so-called polymatroid optimization frame-
work:

Definition 7 (Polymatroid Optimization) Given a nonnegative set function r :
2N — 9, it induces a polytope (with exponentially many linear constraints)
P(r,N) = {x e R | Y x; <r(S) VS S N}.
jes
This polytope is called a polymatroid if r is a rank function.

Problem 2 How to maximize a linear objective function with a polymatroid
constraint

max chx,- | x €e P(r, N)
JEN

Algorithm 1: Greedy optimum

1 So = ¥ Find the decreasing order of coefficients: ¢z, > cr, > -+ > czys

2 Find the maximum possible value for x, one by one, in increasing order of
t:foreach t =1,2,..., Ndo

3 ‘ S ={m,m, -+, )}, X, =17 (S) — 1 (Si-1);

4 end

Theorem 12 The greedy Algorithm 1 is optimum for Problem 2.

This theorem has been established in [8]. We can prove the theorem by constructing
primal—dual solution with no duality gap, where the primal solution x is already
constructed by the greedy algorithm, and the dual is exactly the same as the primal
solution in Theorem 10.

Furthermore, in [15], He et al. established the following structural result of
polymatroid optimization:

Theorem 13 (Preservation of Submodularity) Ifr : 2V — % is a rank function,
the function

F(c) = max chx,- | x € P(r, N)
JEN
is a submodular function, and the function

F(S)=max{> cjx; | x e P(r.S)
jes
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is a rank function for given c € Eﬁﬁ . Furthermore,

F(S)=max{>  fi(x;) | x €P(r.S)

jes
is a rank function if the objective function is separable concave and f;(0) = 0.

Proof Due to space limitation, we provide an abstract proof with the main ideas
here. Firstly, because the objective function is continuous, and the domain is
compact, the optimum value F(c) is also continuous. Secondly, negative coefficient
c¢; would yield x; = 0, so we only need to focus in the nonnegative domain ¢ € ‘Rﬁ .
Lastly, we only need to prove that for any given C € ﬂ%ﬁ and two different indices
i, j € N,if u; and v; are nonnegative vectors with only positive values in index i
and j, respectively, then F(C +u;) + F(C +v;) > F(C) + F(C +u; + vj).

Now we can fix all but two dimensions i, j. We then segment the two dimensional
space (ci,cj) € 57{1 into small grids by the values of other Ci,k # i, j. We
only need to prove inside each grid since local submodularity implies global
submodularity. Inside each small grid, the line ¢; = ¢; cuts the grid into two pieces,
and by Theorem 12 there is a uniform optimum solution in each piece, as illustrated
in Figure 2. We note the optimum solution in the left piece (¢; < c;) as xr, then
F(c) = x[ (¢ — C) + F(C); also the optimum solution in the right piece (¢; > c;)
is noted as xg, so F(c) = x]€ (¢ — C) + F(C) when ¢; > c;, inside this small grid.

Without losing generality, we set F'(C) = 0, and assume C; > C;. Note b = C+
u;anda = C+vj,then C = anband C+u;+v; = aVvb.If C;+|v;| < Cj thena, b
are not separate by the line, and F'(¢) is the same linear function for a, b, aVvb, anb,
so the submodularity directly follows. If C; + |v;| > C;, then a, b are in different
piece, with F(b) = x5 (b—C) > x} (b—C) and F(a) = x! (a — C) > xk(a — ).
The line ¢; = ¢; intersects line from C =a A b to b atz = (C;, C;) as in Figure 2.
Note that a A b = a A z, so we have

F(a)+F(z) = x} (a—C)+x] (z—C) = x] (anz—C+avz—C) = F(anb)+F(aVvz).
Becausez =(aVvz)Abanda Vv b= (aVz) Vb, wehave
F(avo)+F(b) > xk(avz—C)+x5(b—C) =xk @V 2) Ab+a Vv b —2C] = Flanb)+F((avz)Vvh) = F(z)+F(aVbh).
Adding these two inequalities up, we obtain
F(a)+ F(b) > F(aADb)+ F(a Vv b).
Therefore F(a) is supmodular in ‘RNA .
For set function F(S), note that F(S) = F(c | $), where (c | §)i = c¢; ifi e §

and 0 if else. The submodularity of F then directly follows from submodularity of
F. For the proof of separable objective functions, please refer to Theorem 3 in [15].
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CE=C}
a avz / avb=(avz)vb
F(c)=x] C <I- /
/( > F(e)=x]C
anb= anz z=(avz)Ab b

Fig. 2 Idea of proof for preservation of submodularity

3.3 Minimization of Submodular Set Function

In this subsection, we discuss how to solve submodular set function minimization
problems. It relies on the fact that minimizer of the Lovasz extension can be reached
at the extreme points of the polytope, which is a counter-intuitive result since this
property holds mostly for concave functions instead of convex functions.

Theorem 14 (Minimization of Submodular Set Function) If f : 2V — R is
a submodular set function, then the minimizer of its Lovasz extension in domain
[0, 11V can be obtained at vertex points: min, ¢(o 1|y FE(x) = mingey £(9).

Proof By submodularity and Theorem 10, fL = f~.

min, o v fX () = min, o v min Yy As £(S) =min ) gy Asf(S)
St Y gieshs =xi, Vi st 0< Y ciohs < 1,Vi
Ygrs=1 Ygrs=1
As >=0VS As > 0VS.

Notice that 0 < ) ;. As < 1 follows from the fact that ) "¢ Ag = 1 and Ag > 0,

min f5@) =min{ ) Asf(S) | D ks = 1,3 = 0} = min f(S).

N
xe[0,1] SCN S

By Theorem 14, if we can find an optimum solution for min{f’(x) | x €
[0, 1]V}, it corresponds to the optimum solution of the discrete problem min{ f(S) |
S C N}. For convex optimization problem min{f*(x) | x € [0, 1]V}, we can
evaluate the value and subgradient of f’(x) at x by the linear programming for-
mulation and its dual in proof of Theorem 14. The exact algorithms for submodular
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function minimization are quite extensive, interested readers can refer to Section
10.2 of [23], or the research papers [5, 14, 17, 18, 25]. In particular, Schrijver’s
algorithm [25] achieves O(n) iterations, with O(n’) function evaluation and
(0] (ng) arithmetic operations (see Yvgen [31]), and the improved Iwata—Fleischeer—
Fugishige’s algorithm [17] can solve the problem within O(n’Inn) function
evaluation and arithmetic operations.

In practice, speed of the algorithm is often an important factor, while the
precision can be sacrificed for speed. Next, we introduce a fast algorithm based
on subgradient method to optimize f’(x) within high precision. After obtaining a
high quality solution x € [0, 1]V for f%(x), by the definition of Lovasz extension,
we can identify at most N + 1 set S; such that f L(x) is the convex combination of
f(S}). Therefore, min; f(S;) < f(x). We introduce the classical result of gradient
projection method in the following theorem:

Theorem 15 (Gradient Projection Method) Suppose g : X — 9 is a convex
function defined on closed convex set X with diameter R. If we apply the gradient
projection method: x;+1 = (x; —ody) |x, where d; is a subgradient of g at x; whose
length is uniformly upper bounded by G, oy > 0 is the step length, and y |x is the
projection of y in convex set X defined as y |x= argmin{||z — y|| | z € X}. Then

G a2 + R?
2y

min[g(x,) — g(x™)] <
t<T

In this error bound estimation, taking o; = g% for fixed horizon T would yield

upper bound 5—% and taking horizon independent step length o; = g\/% would

. RG(14InT)
yield upper bound i

Proof Suppose x* € X is the optimum solution, then

llxr 1 — x*)?
< llxr — ady — x*|? — (i —oydy — x )T — x41) < O¥y € X
<l = x*)1? = 24d] (x; —x*) + 07 G?  «— |di|| =G

< llxe — x* 112 = 20 [g(x)) — g(x")] + &?G* «<— by convexity g(x*) > g(x,) +dl (x* — x;).
Therefore,

2ay[g(x)) — g (&) < a7 G* + [lx — x*II” = llxin — x|,
Sum these inequalities up, we have

T T T
<22at) minfg(x) — g(x")] < Y 2erlg(x) — g(r)] = G (Z a3> + R
=1 -

=1 =1
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More general cases have been studied by Haucbaum et al. [16].

Problem 3

min f(S)
st.ajjx; +bijxj; > ¢;; forall (i, j) € A
SCN,

where x = 15 is the characteristic vector of S, A is a set of pairs (allowing multiple
copies of the same pair), and f : 2 — 9 is a submodular set function.

The following result has been established by Haucbaum et al. [16]:

Theorem 16 If [ is submodular and constraints are monotone (feasible set
is a lattice), then it’s (strongly) polynomial-time solvable. If f is nonnegative
submodular, and the constraints satisfy round up property or f is monotone, then
it’s 2-approximable in polynomial time.

Proof Firstly, we preprocess all the constraints. Note that all variables are {0, 1}
variables. We first remove all redundant constraints. If a constraint a;;x; + b;jx; >
c;j implies x; or x; equals to a certain value, then we can replace this constraint by
two single dimensional constraints, which are either redundant or can be removed
by fixing the variable. Repeatedly simplifying all such constraints, the left over
constraints with two variables would all be of the form x; > x;, x; + x; < 1,
or x; + x; > 1. Furthermore, constraints of type a;jx; — b;jx; > c;j, where
ajj, bij = 0, would be reduced to simple single dimensional constraints, or the
constraints of type x; > x; (or x; < x;), constraints of type a;jx; — b;jjx; > cij,
where a;; > 0, b;; < 0, would be reduced to simple single dimensional constraints,
or the constraints of type x; +x; < 1, or x; + x; > 1. If there is a group of cyclic
constraints x;; > xj, > -~ Xx;, > xj,, we further simplify it by replacing all x;; with
a single variable.

When all the constraints are monotone, the constraints after simplification would
all be the form x; > x; for directed pairs (i, j) € E. The problem now reduces to
submodular minimization over a ring, which is solvable in (strong) polynomial time
in the size of the underlying graph. A simple explanation is that, we can reform the
problem into minimization of another submodular set function over set 2£ . For this
purpose, for constraint x; > x; we define variable y;; = 1ifx; = 1 and x; = 0,
and y;; = 0 if else. And define base set B of indices as those indices never appear
in the left side of > constraints, and we define y; = x; for all i € B. Now, each
x; can be defined by Vs, yx for certain set S; € E U B (basically, in the ordered
graph, S; is the set children edges of i, as well as the leaves grow from node i). It
can be easily proved that for a monotone set function F, and set T € E U B, define
set S(T) = {i | Si N T # @}, then function G(T) = F(S(T)) is also submodular
for submodular function f. And the constraint for original variables is embedded in
the transformation S(7), so the constraint for function G becomes 7' C E U B.
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For general cases, suppose the problem after simplification is of form:

min f(x)
s.t. x; > xj,V(i, j) € E,
xi+x; > 1,V@ j) eU,
xi+xj < LG, ) e V.
We introduce two copies of original variables xT =x e {0,1)",x = —x €
{0, —1}". Then the original problem can be reformulated by
min LD Cx0)
st.x” > x5 <x;VG,)) €E,
xt—x7>1, —x; —i—x;r > 1,V(, j) e U,

1

xf—x- 51,—x;+x}r§1,V(i,j)€V,
xf—i—xi =0,Vi

xt e {0, 1}, x;7 € {0, —1}, Vi.

[t

Dropping the only nonmonotone constraints x;’ + x; = 0, we obtain a relaxed
problem with only monotone constraints, which can be solved exactly. Suppose
optimum solution is (x¥, x™) with objective value V* < &' PT. However, notice
that y = (x+g"_1 and z = LX+EX_J are both feasible for the original problem.
However, y = x7 Vv (—x7) and z = x* A (—x7). By submodularity, f(y)+ f(z)
f(xT) 4+ f(—x7). Because f is nonnegative, f(y) < f(xT) + f(—x7) =2V*
20PT.

A IA

3.4 Maximization of Submodular Set Function

There are many scenarios where one needs to maximize a submodular set function.
For example, consider a social network where people’s decision is influenced by
their friends. When a company needs to place a number of individual advertise-
ments, e.g., via phone calls, a crucial problem is which group of people should
they reach to maximize the total effect, within given budget constraint. A simplified
model is the so-called Max-k-Cover problem:

Problem 4 (Max-k-Cover) Given a set of sets {S; € N | j € A}, find k sets
which covers the most number of elements.
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We can also assume that each element (customer) covered has a different value:

Problem 5 (The Maximum Coverage Problem) Given a set of S1, S7,---, S, C
N. For each element i € N, it has a value v; > 0, and for each set S C N the value
function is defined as V (§) = ), ¢ vj. We need to select K sets {S; | j € A}, and
to maximize the maximum value V(U c4 S))-

One of the most important characteristic of these problem is the submodularity
of objective function, with respect to the selected set of sets. The proof is
straightforward and is omitted here.

Proposition 1 We define U(A) = V(UjeA S;), then U is a submodular set
function:

V(UieaS)+V(IUie SiI) = V(IUicans Sj1)+ V(I Uicaus S;|) forany A, B C {1,2,--- ,m}.

A related problem arises from application is assort optimization, where one
needs to place advertisements of goods on the front-page of its website for maximum
sales effect.

Problem 6 (Assortment Optimization) There are K advertisement slots of a
webpage, which we need to select from a set N of goods from a certain category.
The goods are substitutable to each other, that is, increasing sales from one product
would hurt (or has no effect to) sales of the other product, so the more the goods
placed on the webpage, the lesser the contribution from the advertisement of the next
goods added. In some classical literatures, e.g., [6], the total sales revenue V(S)
from displacement of set S of goods on the webpage is assumed to be increasing
and submodular. And we aim to solve the cardinality constrained maximization
problem:

max{V(S) : |S] < K, S C N}.

Because Max-Cut problem is well-known to be NP-hard, and the cut weight
V(S) = X ics. j¢s Wij is submodular in S, submodular set function maximization
with cardinality constraint is also NP-Hard. The hardness to approximate result has
been established by Feige [11]:

Theorem 17 (Max-Hardness) Consider cardinality constrained submodular max-
imization problem max{f(S),|S| < K, S C N} for rank function (submodular,
normalized, and increasing) f : 2V — R. Unless P = N P, there is no polynomial-
time algorithm which achieves approximation ratio strictly better than 1 — % in

general (for general setting of K ).
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There is a simple greedy algorithm which can achieve the best possible approx-
imation ratio 1 — é for cardinality constrained maximization problem of rank
functions.

Algorithm 2: Greedy algorithm: rank function maximization

1 Initialization t = 0, S; = @;

2 foreach r =1,2,..., K do

3 Find the element i ¢ S; with maximum improvement for function value:
i = argmax{f(Si— U {i})};

4 Define S; = S, U {i};

5 end

6 Return Sg

Theorem 18 (Greedy for Rank Function) The greedy algorithm above achieves
approximation ratio 1 — (1 — %)K >1-— %for max{f(S),|S| < K,S C N}, ifthe
function f is a rank function.

Proof Define the optimum solution as S*, and optimum value OPT = f(S%).
For any set S C N, note that elements in S*\S as {ji, j2, -, jm}, and sk =
S ) {.]17 j2’ Y ]k} Then

DA+ = FO1= Y LA S+ = £ = D _[F S = £(S* DI = f(SUS*) = £(5).

ieS* k=1 k=1

Due to monotonicity of f, we have f(S U S*) > f(5*) = O PT. Consequently,

max{f(S+{i}) — f(S):i € S*} > %(ﬁ’PT — f(S).

Therefore, for any ¢ and set S;, the greedy algorithm outputs set S;1:

1 1
OPT = f(Si+1) = OPT = f(S)—Lf (Si41) — f(S)] < @PT_f(S)‘)_E[ﬁPT_f(S)] = (1 - E)[ﬁPT—f(S,)].

This implies that
K

1\X 1
ﬁPT—f(SK)S<1—E> [ﬁPT—f(So)]§<l—?> OPT,

and

(=) o= (1-1)
fSp)=|1—-|1-—= OPT >(1—--)OPT.
K e
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The 1 — %-approximation is tight for rank function due to Theorems 17 and 18.
In the remainder of this subsection, we discuss a more general case by relaxing the
monotonicity assumption of objective function.

Problem 7 (Nonmonotone Submodular Function Maximization) Given a non-
negative submodular set function f : 2V — 9, suppose we can evaluate f(S) for
any S € N. How should we solve the problem:

max{f(S): S C N}.

The hardness to approximate result is established in [12]:

Theorem 19 (Hardness for Nonmonotone Submodular Function Maximiza-
tion) Suppose f : 2N — R, is a submodular set function, which we can evaluate
the function value on each S C N. Then for any € > 0, an algorithm which can
approximate the general maximization problem of approximation ratio % + € needs
to call the valuation oracle exponentially many times. This is also true even if f is
known to be symmetric, i.e., f(S) = f(N\S).

Buchbinder et al. [3] recently established the tight approximation algorithm,
based on the idea of forward—backward greedy search:

Algorithm 3: 1/2-Randomized approximation algorithm

1 Initialization t = 0, Ag =¥, Bp = N;;

2 Given random order uy, up, --- ,uy of 1,2,--- , N;
3 foreach t =1,2,..., Ndo

4 Define

ar = [f(Ar—1U{us}) = f(A—D]+.br = [f (Br—1 \{ue}) — f(Br—1)]+;
5 With probability p; = weaddu, to A;_1: A, = A, U {u,},

B = B;_1;

6 Else (with probability 1 — p; = a,thb,)’ remove u; from B;_1:

A=A 1, By = B1 \ {us};

P
a;+b;’

7 end
8 Return Ay = By. Note Define p; = O if both a; = b; = 0.

This algorithm maintains increasing random series of sets {A;} and decreasing
series of sets {B;}, by gradually deciding whether an element should be added to
A;, or removed from B;, based on whether its potential is improving the function
value. It stops at Ay = By. Next, we define a series of sets S; to assist our analysis
of the algorithm. Suppose the optimum solution of max{f(S) : S € N} is §%,
with the optimum value noted as OPT = f(S*). We define the random set S, =
(S* U A;) N By and value V; = E[f(S;)]. Then we have for all t, A, € S; C By,
So = S*, f(So) = OPT,and Sy = Ay = By.
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To prove the approximation result, we quantify the potential loss of function
value from S;_1 to S; by the following technical lemma from [30]:

Lemma 2 For any t, the algorithm outputs

ELf(Si—1) = f(SD] = 5 [f(A)) = (A1) + f(Br) — f(Bi-1)].

N =

Proof By definition we have By —A; = {us41, Ury2, -+ ,un}, andu; € Br_1\As—1.
If a; = b, = 0, then by definition f(A;—1 U{u;}) — f(A;—1) <0, f(Br—1 \ {us}) —
f(Bs—1) <0.Note that A,_1 € B;_1 \ {u,}, it follows from submodularity we have

0> f(A—1 Ul{us)) — f(A—1) = f(Bi—1) — f(Bi—1 \ {us}) = 0.

Notice the algorithm outputs A; = A;—1 U{u;}, By = Bi—1,50 f(A;) — f(Ai—1) =
f(Bi—1) — f(B;) =0.Ifu; € S;—1, we have §; = §;— and f(S;—1) — f(S) =0.
If u; ¢ S;_1, then the algorithm outputs S; = S;—1 U {u;}, consequently A;_1 C
St—1 € B;—1 \ {u;}. By submodularity we have

0= fA1VWurD—f(Ar—1) = f(Si—1Wur D= f(S;—1) = f(Br—1)—f(Bi—1\{ur}) = 0,

which implies that f(S;—1) — f(S;) = f(A:) — f(Ai—1) = f(Bi—1) — f(B) =0.

Now we consider the case a; + b; > 0. If u; € S*, thenu; € S;—1, Sy = S;—;
with probability p; = a[aT’bI, and S., = S;_1\{u,} with probability 1 — p,. Note that
Ai—1 € Si—1\{us}, by submodularity f(S;—1) — f(Si—1\{us}) < f(A—1 U{us}) —
f(A;—1) = a;. Therefore

a:by

ELFSi1) = F(S01 = (1= pay = =
t t

Ifu, ¢ S* then u; ¢ S;—1, S = S;—1 U {u;} with probability p;, = a,itb,’ and
S; = S;—1 with probability 1 — p;. Because S;—1 < B;—1\{u;}, it follows from
submodularity that f(S;—1) — f(Si—1 U {u/}) < f(Br—1\{us}) — f(Bi=1) = b;.

Therefore we also have

ab,

E[f(St—l) - f(St)] =< ptbt = m.
t t

Note that p, = Oifa, = 0,b;, > 0, p = 1 ifa; > 0,b, = 0, so whenever
az + bt > 01

f(A) — f(A—) + f(B) — f(Bi-1)
=p [ f (A1 Ufu}) = fA-D]+ (1 = p) [f (Be—1 \ {ur}) — f(Bi-1)]
=pe [f(Ar—1 U{us}) — fA-D] + A = p) [f (B \{ue}) — f(Bi-D]4
= pras + (1 — p)b;.
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Therefore,

arb; < 11;2 + btz _ prag + (I = p)b,
ar+b; — 2(a; + by) 2

1
5 [f(A) — f(A—) + f(B) — f(Bi-1)].

Theorem 20 (%-Approximation) If the function f : 2N — W is a nonnegative
submodular set function, then Algorithm 3 achieves %—approximation ratio, i.e.,

ELf(Aw) = JOPT.

Proof Adding the inequalities in Lemma 2 forallr = 1,2, --- , N, we obtain

N
E[f(S)1— ELf(S\1 =Y ELf(Si—1) — £(S)]

=1
1
=3 [f(An) = f(Ao) + f(Bn) — f(Bo)].

It then follows from Sy = Ay = By, and f(Ap), f(Bg) > 0 that
1
E[f(So)] — E[f(SNn)] < 5 [f(AN) + f(BN)] = f(SNn).

Because Sp = S*, f(Ay) = f(Sn) > 3 f(So) = $OPT.

3.5 Multi-Linear Relaxation and Submodular Function
Maximization

In this section, we introduce another line of approach to deal with submodular func-
tion maximization problems, which utilize the so-called multi-linear relaxation.

Definition 8 (Multi-Linear Relaxation) Given a set function f : 2N 5 R, we
define its multi-linear relaxation by rounding a continuous point x € [0, 1]V to
0,1}V: F(x) = E[f((x))], where £(x) € RV takes value E(x); = 1 with
probability x;, and £(x); = 0 with probability 1 — x; independently.
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Because the multi-linear relaxation is defined via expectation, it is straightfor-
ward to see:

Theorem 21
max{F (x) | x € [0, 11V} = max{f(x) | x € {0, }"}.

In the remainder of the section, we introduce variations of submodular maxi-
mization problem, and how to utilize the multi-linear relaxation for solving these
problems. We start with the general matroid constrained problem:

Definition 9 (Matroid) A matroid M = (X, I) consists of the ground set X and the
independent set I C 2X which is a set of subsets of X, if it satisfies the following:

1. Forany A C Band B € L,ithastobe A € L.
2. Forany A, B € I and |A| < |B|, there exists x € B\ A suchthat AU {x} € L.

Matroids are discrete sets, whose convex hull are actually polymatroids. In the
following, we first illustrate how matroid induces a rank function, and how this rank
function defines a polymatroid which is the convex hull of the matroid.

Theorem 22 (Matroid Rank) Define r(S) = max{|X| | X € S, X €I}, ifMisa
matroid, then r(S) is a rank function.

Proof It follows from definition that r (.S) is monotonically increasing and r () = 0,
so we only need to verify the submodularity. For any i, j ¢ S, if r(S U {i, j}) =
r(SU{iph orr(SU{i, j}) = r(SU{j}), it follows from monotonicity that r(S) +
r(SU{i, j) <r(SU{i}) +r(SU{j}).Ifelse, then r(SU {i, j}) > r(S U {i}) and
r(SUf{i, j}) > r(SU{j}). Define A = argmax{|X| | X € SU{i, j}, X € I}. Note
that (S U {i, j}) = |Aland A\ j € S U {i}, by the definition of independent set
A\j e Lsor(SU{i}) > |A|—1 = r(SU{i, j})—1.Because r (SU{i}) < r(SU{i, j}),
we have r(SU {i}) = r(SU{i, j}) — 1. Similarly, r(SU {j}) = r(SU{i, j}) — 1.

Define B = argmax{|X| | X € S, X € I}. Because |B| = r(S) < r(SU{i}) <
r(S U {i, j}) = |A]l, it follows from definition of independent set that there exists
x € A\ B with B U {x} € I. By the definition of B, x ¢ S because otherwise
BU{x} € Sisalarger independent set in S. Therefore, x € (SU{i, j})\S = {i, j},
sox =iorx = j.Ifx =i,thenr(SU{i}) > |B+i|=|B|+1=r(S)+1.
Similarly, if x = j, we also have r(S U {j}) > r(S) + 1 if x = j. Therefore, we
always have

r(SUD +rSU{jh=r)+14+rSU{, jH—-1=rS)+rSU{i, j}.
In linear algebra, the set of linearly independent vectors forms an independent set

for ground set of all vectors in V. The rank function induced by this independent
set is exactly the rank of the spanning space of a set of vectors.
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Theorem 23 (Matroid to Polymatroid) For a matroid M with induced rank
function r, define polytope P(M) = Conv{ls | S € I}, then

PMM) =P(r, X) = {x e RY | ij <r(S)vSscC x
jes

and it is a polymatroid.

Proof For any independent set A € I'and S C X, it follows from A N S € I that
r(8) = 1ANS| =3 ;cs(14);. Therefore M C P(M).

Reversely, in the proof of Theorem 23 we showed that (S U {i}) — r(S) = 0
or 1. By the optimum solution structure in Theorem 12, all the vertices of polytope
P(M) are 0/1 vector. Suppose one vertex is v = 14, which corresponds to set
A. If A is not an independent set, then by definition r(A) < |A| — 1. However,
Y iea Vi =D ica 1 = |A| > r(A), which contradicts the constraint in the definition
of P(M). Therefore, any vertices of the polytope are an element in M.

For the matroid constrained rank function maximization problem:
max{f(S): S eI},

where f : N N4 is a rank function and M = (N, I) is a matroid, we
introduce the algorithm in [30]. Firstly, they use the smooth-greedy algorithm to
obtain solution x such that F(x) > (1 - % — 0(1)) O PT, then they apply pipage
rounding to gradually round each indices to 0 or 1. Since the multi-linear extension
is defined by expectation form, rounding (or even greedy) would naturally yield
integer solution with better quality. To start with, we consider the smooth process:

Algorithm 4: Smooth differential equation

1 Initialization: set § = 5, 1 = 0, y;j(1) = 0;
m
2 Forany y € [0, 11V, define I1(y) = max{Zjes %F(y) | S el};
3 Define y(¢) by differential equation y(0) = 0, %y(t) =1;¢);
4 Output y(1);

The step 2 of solving I(y) is doable because it is equivalent to polymatroid
optimization problem as in Section 3.2, which can be solved by simple greedy
process.

Theorem 24 (Smooth Process) For the problem max{f(S) : S € I} with rank
function r and polymatroid M = (N, I), the smooth process outputs

FOy(1) = (1 _ 1) oPT.

e
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Proof Firstly, because 0 < %yj(t)) < 1 for any index j € N, y(¢) is always
feasible for ¢ € [0, 1]. Define the optimum solution as $* = argmax{ f(S) : § € I},
then f(S§*) = ¢PT.Forany y € [0, 1]V, define random set R, by independently
randomly selecting index i € N with probability y;, and not selecting i with
probability 1 — y;.

For any two sets S, T C N, we define fs(T) = f(S+T) — f(S), and fs(j) =
fs({j}). By submodularity, for any set S € N we have:

OPT = f(§%) < f(SUSH) < F(S)+ Y fs()).

jes*

Define fk,(j) = Es~r, fs(j) and notice that F(y) = Eg~g, f(S), then

OPT < Es-g, | f($)+ Y fs())
jes*

=FO) + ) fr,() = FO) +maxy fr, (),

jes* jes

where the last inequality follows from the fact that S* € 1. Note that

Fo)y =Y fO[]v]]a-.

SCN ieS ¢S

which implies that

d
35 FO=FOlyj=D-F@1y =0
Yi

=E[f(RyU{jD) — F(Ry\{jD] = fr, ()

Therefore, the differential equation process satisfies

d 0
SO = 3 —FOW)

jely 7/

9 .
= "32{‘2 EF(y(t)) > r?g(ZfRy(]) > OPT — F(y(@)).
JES jes

Combine with the fact that F(y(0)) > 0 = (1 — e~ %) OPT, we have for any €
[0, 1],

Fiy®) > (1—e")OPT.
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Since the smooth solution can’t be obtained exactly, one can apply the following
algorithm for 1 — é — o(1) approximation ratio:

Algorithm 5: Smooth greedy

1 Set§ =, M>N%1t=0,y(0) =0;

2 foreach + =0,1,2,...,M — 1do

3 Define w;(t) ~ fRr,«s)(j), which can be obtained within any required
error by sampling algorithm;

4 Define I (t) = argmax{sumjesw;j(D) | S € I};

5 Take y((t + 1)§) = y(5) + 61y

6 end

7 Output y(1).

Many well-known combinatorial problems can be reformulated into matroid
constrained rank function maximization:

Problem 8 (The Submodular Social Welfare Problem) There are a set P (m
many) of players and a set N of resources. Player i’s utility function is w;(S;) if
receiving set S; of resources, which is assumed to be a rank function. How should
we distribute resources among a group of people, to maximize the social utility
YoM wi(S;)? Without losing generality, we assume that each resource is of single
unbreakable unit, and this assumption can be relaxed to multi-units without altering
the following process as well as its analysis.

By making m copies (i, j) of each item j, and an allocation {Si, S, -+, Si}
uniquely corresponds to set S = (J/_,{(i, j) | j € Si}. We obtain a matroid M is
defined by the ground set X = P x N, the independent set

I={SCX||SN{P x {j}}| <1forall j € N}.

Then the problem is reduced to classical matroid constraints rank function maxi-
mization.

When each player also faces the bin packing problem, the problem becomes the
general assignment problem.

Problem 9 (General Assignment Problem) There is a set P of players, and a set
N of items. Each player i has only 1 unit of capacity which can’t be exceeded.
Receiving the item j would yield utility v;;, but also consumes capacity c¢;; of the
player i.

Note that each player has a feasible set .%; € 2V of possible choices for each
player i, we can construct the matroid X = (X, I) by ground set X = {(i, S;) | S; €
%i,1 € P}, and

I ={S € X | Atmostone set S; assigned to each player i}.
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To avoid assigning one item to multiple players, the objective function is changed to

£ = Zmax{vij 1jesS, 1 S)eSh
JEN

The GAP can also be solved via the so-called configuration LP approach as in
[13], which plays significant role in combinatorial optimization.

Algorithm 6: Configuration LP+greedy rounding
1 Define V;(S) = ZjeS Vi
2 Solve the configuration LP problem

max ) icp > s VisVi(S)

St s Vis <1 Vie P
doG.5):jes.sez; Vis < 1VjeEN
yi,s =0 VieP,Se%

to obtain the fractional optimum solution {y; s};

3 For each player i, independently select one S; = S with probability y; s,
which is doable because Zs@% vis <1;

4 For each item j, allocate it to the player with the best value v;;.

Note that for general assignment problem, step 2 of the above algorithm can
be solved by reformulating with a linear programming problem by assignment
variables x;; for (continuous) amount of item j assigned to player i. Fleischer et
al. [13] showed that this greedy rounding algorithm yields 1 — % approximation
ratio:

Theorem 25 The configuration LP can be solved exactly, and the greedy rounding
yields 1 — % approximation ratio with respect to the fractional solution.

Problem 10 (Budget Constrained Maximization) Given a monotone submodular
function f : 2V — 9., suppose we can evaluate f(S) for any S € N. And for
eachitemi € N it consumes nonnegative budget of ¢;. How should we solve budget
constrained problem:

max{f(S) : Zc,- <B,SC N}.

ieS

The first 1 — % — o(1) approximation algorithm for the budget constrained
maximization problem was achieved by Sviridenko [28], later improved by Badani-
diyuru and Vondrak [2] and Ene and Nguyen [9]. The detailed algorithms are quite
involved and lengthy, readers may refer to the listed research papers for reference.
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All algorithms split the items into two groups, those with large value and those
with small value. The large valued ones are of small number, which can be guessed,
or decided with the help of multi-linear extension form. For the small valued ones,
missing one small valued items due to capacity would lose at most € ratio. Therefore
one can simply apply cost-efficiency greedy approach to fill the capacity.

4 Discrete Convexity in Dynamic Programming

Submodularity and other discrete convex properties are also very useful in dynamic
and online decision problems. In Section 4.1, we present the concept of L*-
convexity. Applications in dynamic inventory control problems are discussed in
Section 4.2. In Section 4.3, online matching problems are introduced.

4.1 L*-Convexity

All the discussions of submodular function optimization in Section 3 are focused on
set functions. In most practical problems, one needs to deal with decision variables
in broader domain. Since the submodular function minimization relies heavily on
Lovasz extension, a natural question is, when would the Lovasz extension of a
function coincide with its convex hull in common discrete domain?

Definition 10 (L®-Convex Set) A set D C ZV is called Lf-convex, if {(x,?) |
x —tee D,t € Z;}is asublattice, i.e.,

(x+teyryeDandx Vv (y—te) e Dforallx,y e D,t € Z4,

where e € RV is the all one vector.

Definition 11 (L*-Convex Function) For L"-convex domain D, we call a function
f : L — RaL"convex if the function g (x, f) = f(x—te) is a submodular function
on sublattice domain {(x,?) | x —te € D,t € Z.}.

Theorem 26 The condition of L*-convexity is equivalent to: (Condition A) f(x) +
fO) = f((x+te)Ay)+ f(xV(y—te)) foranyx,y € D, t € Z,. When D = Z,
the next two conditions are also equivalent conditions for L¥*-convexity:

1. (Condition B) f (x) + f(y) = f(I52]) + f(1*3*1) forany x, y € D.
2. (Condition C) If we define the Lovasz extension f*(x) within each integer grid,
and merge them together, it is well defined and coincides with the convex hull:

fr=r
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Note: when the function f : RN — % is a C? function defined on continuous
domain, the condition is equivalent to the Hessian of M = V2 f(x) that is always a
diagonal dominated M-matrix for any x, i.e., M;j < 0 foralli # j.

Proof Firstly, forany x, y € D,t € Z;,we denote z = x+te. Then (z, 1)V (y,0) =
vy, ), ()N (Y,0=zAy,0,zvy—te=xV(y—te). Notice that

JE+ ) = fx+re)ny)— fxV(y—te)
=8z 0 +8(y.0) — gz, ) A(y,0) —g((z, 1) V (¥, 0)).

So the condition (A) is equivalent to the submodularity of g.

Secondly, we show that condition (B) implies submodularity of g when the
domain D = Z", and vice versa. Note that we only need to verify the submodularity
locally, i.e.:

L. g(x,t) +g(x+e +ej,t) <glx+e,t)+gx+ejt)foralli # j, where ¢;
is unit length vector which only takes value of 1 at index i,

2. gx,t)+gx+ei,t+1) <gx+e,t)+gkx,t+ 1) forallx € D,i € N, and
t e Z+.

The first inequality follows from

l+] l+e]

f(xtei—te)+f(x +ej —te) > f(x —te+ |

D+ fx—te+T

D
=fx —te)+f(x —te+ei+e¢j).
The second inequality follows from
fletei—te)tf =+ 1e) = fx = te+ |0+ fx = re+ 95)
=fx+e — @+ De)+ f(x —re).

Reversely, when g is submodular we start with the case |x; — y;| < 1 for all
l€N|_ J—x/\y,and|' Y7 = x Vv y. Therefore

F(552) +(F52) = st a0 4t v

=g 0 +g(».0) = f(x)+ f(¥).

Now we prove that condition (A) woud imply condition (B). If condition (B) is
violated by some pair of (x, y), we define (x*, y*) as the minimal pair which
violates the condition (B), i.e., solution for

min{lx — vl | £&) + FO) < f (L%J) +f (r%ﬂ x.yeD),
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where we can constraint D is a finite box neighborhood D’ of a violation pair. For
the inequality to hold, there exists at least one index k such that |x; — y!| > 2.
Without losing generality, we assume x; < y{ — 2. Note that for any x;, y; € Z,
if x; < y; — 1, then min{x; + 1, y;} = x; + 1 and min{x;, y; — 1} = y; — 1,
if x; > y; — 1, then min{x; + 1, y;} = y; and min{x;, y; — 1} = x;. Therefore
K+ AY +x*V(y —e) =x"+y* and [((x* +e) Ay)i — (x*V (y* —e))i| <
|x} — y7| for all index i. Furthermore,

G+ AY )= "V T =l < Iyf —x7 =2l =y —x; =2 < y; — 3,
which implies that || (x* +e) A y* —x*V (y* —e)|l1 < ||x*—y*||1. Because (x*, y*)
is the minimal pair which violates the condition, and the fact that (x* + e) A y* +

x*V (y* —e) = x* 4+ y*, we have

s DA ST—

fxF+)AY N+ fEFV T —e) = f(L D.

However, it follows from condition (A) that

FE)+ D = (T +e) Ay + fGTV (T —e).

These two inequalities contradict the definition of (x*, y*), so we proved that there
is no pair x, y € ZV which can violate condition (B).

Thirdly, we establish the equivalence of L®-convexity with the convexity of
Lovasz extension. When f is L*-convex, it has been established that f is submod-
ular in each small grid; therefore, we can define f’ in each grid. Next we prove
this definition coincides with the convex extension, by showing that for convex
combinations of x = ) ___p, &z, the minimum combination of function values can
be achieved in the smallest grid near x, for any x with no integer value. For those
x with integer value, i.e., within intersection of multiple small grids, we can apply
continuity argument.

For each given finite convex combination x = ) __ A;z with value V =
ZzeDazf(z), the support {z | @, > 0} is a finite set and can be assumed to be
contained in a finite box B = [—M, M1V . Consider all convex combinations of x in
B with better value, i.e., A = {A | ) pA f(2) <V, . cph; = 1,4 > 0} which
is nonempty because @ € A. Define the potential function P(A) = ZZG B ||z||%
for convex combination A defined on B. And define 8 as the solution for min{ P (1) |
A € A}, with support Suppg = {z | B, > O}. If it is not contained in the smallest
box, then there exists u, v € Supp B and index i such that v; — u; > 2. It follows
from the condition (A) that we can find w = (u+e)Av,y = uVv(v—e) € D, which
satisfies f(u) + f(v) > f(w)+ f(y),u+v =w—+y,and w, y € B. Furthermore,
for each index j, note that if u; > v; — 1, then w; = v; and y; = uj, and if
uj <vj—2thenwj=u;+landy; =v; — l,thereforeui —i—vf > wf—i—y? for
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all j € N, and ulz + vi2 —2> wl.2 + yiz. Therefore, denoting 6 = min{g8,, 8y} > O,
the convex combination ,3 defined as

Bz, ifz € B\{u, v, w, y}
ﬁZz 132_85 ifze{u’v}
B, +6, ifz € {w,y}

satisfies

ZZEB B:\ZZ = ZZGB ﬂzZ + S(w + y—u-— U) = ZZEB ﬂZZ =X

Y eepBf@D = cp B S @+ Sf W+ fO) — f) — fF) =X .cp
B-f@Q=VPB)=3".cp B:Nlzl>= 3 .cp BlzIP+8(lwl+IylI? = llul®> — 0]
<Y .cpBelzl? —28 < P(B) — 25,

which contradicts with the minimum of potential function in the definition of S.
Therefore, we showed that for the minimum convex combination 8 in the definition
of f7(x),zj = x;], or [x;] for any z € Suppﬂ and index j € N. Therefore fL
coincides with the f~, which is well defined and convex.

Reversely, if fX = f~, forany x, y € D we have

F@+ 0 220 (3D =20 = p T + r ),

For C? function f defined on continuous domain, note that for any x € %" and
t e ER.Q_,

fx+te) + f(x —te) — f(x +te; —te) + f(x)

t t N 52
= / / Z f(x 4+ se; +re—te)dsdr,
s=0Jr=0 17 0x;0x;

the submodularity of g across x; and ¢ is equivalent to diagonal dominance of
V2 f(x) on index i. Also, forany i # j € N,

fx+te)+ fx+tej) — f(x) — f(x +te; +tej)

t t N 52
= f / Z f(x +se; +rej)dsdr,
s=0 Jr=0 j=1 axiaxf

so the submodularity of g across x; and x; is equivalent to the off-diagonal (i, j)-th
element of symmetric matrix V2 f (x) that is non-positive.

Theorem 27 For a L%-convex function f : D — % defined on L*-convex domain
D = ZN, any local minimum solution x, i.e., f(x) < f(y) forall y € D such that
ly — xlloo < 1, is also a global minimum solution.
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Proof This result directly follows from the fact that x is local minimum for convex
function f. Alternatively, we can establish the result via combinatorial approach:
Defineset S = {y | f(z) < f(x),z € D}. If S is nonempty, there exists y € S
(may be not unique) which is closest to x in L' distance. Because x is local optimum
and f(x) > f(), |y = xlloo = 2. Ttfollows 2f (x) > f(x) + () = f(I52D) +
S521) that min{ £ (52 ]). f(I*57 D)) < f(x). But when ||y — x{loo = 2, both
Lx+‘J and |'x+v'| are strictly closer to x than y. Therefore both Lxﬂ | and f’%} are
not in S, which contradicts with the fact that min{ f (| 3 |), f(rx“})} < f(x).

Because local minimum is global minimum, minimization of LE-convex function
can be achieved by local search of improving directions, readers may refer to [26]
for details. When precision can be traded for speed, the gradient projection approach
in Theorem 15 should be applied, if the effective domain is compact.

4.2 L*-Convexity in Dynamic Inventory System

In this subsection, we introduce some important applications of submodular func-
tion optimization. In particular, many inventory related problems arise in supply
chain management, where one needs to handle complex inventory system dynam-
ically. Because inventory of different goods may substitute for each other, and
inventory for perishable goods (e.g., fresh fruit, fresh milk, etc.) with different
expiration dates is also substitutable for each other, we often model the problem by
submodularity or other related properties, and utilize these properties for obtaining
better inventory strategy.

There are many applications of L®-convex function in dynamic inventory
management. We start with a simple example. Suppose there is a retailer who has n
classes of goods, while class i — 1 goods can be updated toclassi (i =2,3,---,n)
with upgrading cost ¢; per unit overnight. The retailer can also purchase from
supplier for class 1 goods with cost ¢; per unit overnight. There are random demand
D! of type i goods at day ¢, and unsatisfied demand will be backlogged (booked
for future sales) with penalty cost b; per unit day. Unsold class i goods will incur
holding cost &; per unit day. The retailer needs to decide the amount gj of class
1 goods to purchase from supplier, as well as the amount ¢/ upgraded for class i
goods from class i — 1,i = 2, --- , n. Denote the inventory of class i goods at the
beginning of day 7 as I/, then IiH'1 = I} 4 q/ — D! — g/ ,. Therefore the decision
corresponds to dynamic programming:

n n
Vi(I") = Ep, min lZciq,-’ + 3 fUf = DY+ Vi (' 10 < gf
i=1 i=1

where fj(x) = —b;jx if x < O0and f;(x) = hijx if x > 0, Vr41 = 0, and the
overnight decision ¢’ depends on the realized demand D’ during the day. It we take
the transformation of ! = Y., I/, then S;*! = §! + ¢! — Y, D!, and I! =

j=i ti
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st - !

iy1- We define C;(S") = V;(I"), which satisfies the dynamic programming:

n n
Ci(S)=Epmin{> ¢ | S =8 =>"Di |+ > £ = 8iTh
1

i=1 i>s i=

HVi (I s > s> D)

Jj=i

Next, we show that the function C is always L¥-convex, and the function V
is a so-called multimodular function. For this purpose, we need to establish that
L*-convexity can be preserved under minimization, similar to the preservation of
submodular property in Theorem 7. We refer to a theorem in [33]:

Theorem 28 (Preservation of L"-Convexity) Suppose S € X x Y is a L*-
convex set, and f : S — M is a L%-convex function. Then the function g(y) =
min{f(x,y) | (x,y) € S} is a L-convex function defined on L*-convex set
T'={yl3x,y) €S}

Proof We first prove the L*-convexity of T by definition. For any given y —te, y' —
t'e € T with t,t € Z, by definition there exists x, x’ € X such that (x,y —
te),(x',y' —t'e) € S.Define z = x +te and 7/ = x’ + te, then (z,y) — te =
(x,y —te)and (z,/,y") —t'e = (x', y — t'e). By L*-convexity of S,

v —@vihe,yvy —@vithe)=@ Vv E,y)—@tvi)ees
and
@A =AYy AY =AY = () A, Y) — (E At)e €S,

It followsthat y vy —(tvi)ee Tandy Ay —(t At)e e T.

Next, we establish the L®-convexity of function g by constructive approach.
Define h(x,y,t) = f((x,y) — te) and fz(y,t) = g(y — te). For any given
y —te,y —te € T with t,t/ € Z,, by definition there exists x,x’ € X
such that f(x,y —te) = g(y —te) and f(x',y — t'e) = g(y' — t'e). Define
z=x+teand 7/ = x’ +te, then g(y — te) = f((z,y) —te) = h(z, y,t) and
g(y —te) = f((Z,y) —t'e) = h(Z,y, ). By definition of L*-convexity, the
function 4 is submodular, therefore

Wz, vy, 0) +h(Z,y,t)Y>hGzvZ,yvy, tvi)+hGznZ,y Ayt At).

It follows from (z, y) —te = (x,y —te) € Sand (7', y) —te= (x',y —t'e) € S
that (zVzZ' — (t Ve, y vy — (t Vi')e) € S, therefore

hzvz,yvy tvi) = fzvd —@vi)e, yvy —(vi)e) = g(yvy —(tvi)e).



116 S. Cao and S. He
Similarly,
h@AZ,yAY  EAE) = FanD —ntDe, yAY —(EA)e) > g(y AY — (@ AL)e).
Combine these inequalities together, we obtain

gy —te)+g0 —t'e) =gy vy —(tvihe) + gy Ay —(tA)e),

which implies the L?-convexity of function g.

Furthermore, for the dynamic inventory control problem we notice the following
two facts:

1. The set (x, y) € W2 | x — y < ¢} is L#-convex.
2. For convex function f : t — R, f(x — y) is always L#-convex.

Therefore, if Cyyq is L¥-convex, for each given Dy, so is the function Fp:(S") =
min [Z,'L] (S =S =3 D 4 X0 fiST = SEED + Ve s
>S4+ j>i D! } By linearity in definition of LFf-convexity, we know that

Ci1(S") = EpiFpi(S') is also Lf-convex. So we can inductively establish the
LF-convex property for C;:

Theorem 29 The function C; is L*-convex, and the original function V; is multi-
modular.

Definition 12 (Multimodular Function) A function f : X — 9 is defined on

S € MY, whichis X = {x : aij <b,j=1,2,---,m}, where each a; is of form
ZiLz « €i» i.e., vector with value 1 on consecutive indices, and 0 if else, or Y"1 e;,
for different | < K < L < N.Ifd(x) = f(x1 —y,x2 — X1, - , XN —XN—1) 1S
submodular on § = {(x, y) € RV | (x; —y, x0 —x1, -+ ,xy —xy_1) € X} isa

submodular function, we say f is a multimodular function.

Multimodular function is essentially L*-convex function under a linear transfor-
mation, which was established in [24]:

Theorem 30 Suppose we define set Z = {z € WY | (21,21 — 22,22 — 23, »Zn —
Zn—1) € X} = {z | (z,0) € S} and function g(z) = f(21,21 — 22,22 =23, ** »Zn —
Zn—1). Then f : X — N is a multimodular function, is equivalent to g : Z — N,
and is a LF-convex function.

Multimodularity, or equivalently under transformation, L?-convexity are used
to characterize the dynamic decision systems and the corresponding optimum
solutions for inventory management of perishable goods [4] and [21], as well as
the queueing system [1].

For optimizing the L?-convex functions in the dynamic system, one could not
simply apply the greedy local search algorithm, because the state space is expo-
nentially large which makes it impossible to recursively solve for function values
at all states as the classical dynamic programming approach does. Therefore, one
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can only hope to solve the problem approximately in dynamic system by adaptive
approximation approach, which uses classes of simple functions to approximate
each V;, and recursively find the best approximation for each state function V;. In
particular, [22] uses linear functions for inventory problem of perishable goods.
In Sun et al. [27], a class of quadratic functions has been used, according to the
following Lemma they established based on Murota’s characterization of quadratic
L* functions:

Lemma 3 A quadratic function f : 'E}_iN — N is multimodular if and only it can be
expressed as f(x) = ZlNzl le=1 oY (Z;=j x7), where QY (x) = a,-sz +bij +cij
with ajj = 0.

Recently, Chen et al. [4] develop the basis function approach which approximates
the original function by a linear combination F(x) = Z,N: | Z;:l B (Z{:i x7)
of basis functions B/, which can be recursively constructed by solving single
dimensional optimization problems. This approach is much more flexible by
allowing a much broader class of functions to be used to approximate the original
function, and does achieve significant improvement in practice.

4.3 Online/Dynamic Matching

Submodularity also has important applications in dynamic matching. To begin with,
we analyze the static matching. Consider the bipartite matching problem with two
sets (A and B) of nodes, and edges (i, j) € E € A x B. Eachedge (i, j) € E is
associated with a weight w;;. The objective is to match the nodes to maximize the
total matching weight, constraint to that each node can be matched to at most one
node. This problem can be modeled by:

W(A, B) =max ) ;s jep WijXij
S.t. ZjeBxij <1lVieA
DicaXij <1VjeB
xij=0orlVie A, jeB.

Since the constraint matrix is unimodal, there is no integrality gap, we can replace
the integer constraints by x;; > 0.
We can even consider a more general formulation:

U(Cl, b) = max ZieA,jeB w,-jxij
S.t. ZjeBxij <aqVieA
YieaXij bjVj€B
xij = 0,

which satisfies W(A, B) = U(14, 1p).



118 S. Cao and S. He

Intuitively, we can view a and b as resources, and resources in a (or b) are
substitutes to each other, so adding more and more resources in a (or b) has
diminishing return. However, resources in a are complementary to those in b, so
adding resource in a would boost the values of resources in b, and vice versa. Next,
we show the function U (a, b) is submodular within a, b, but supermodular across
them:

Theorem 31 The function U (a, —b) is submodular! By setting a = 14 and b =
—1p), we know that W (A, B) is submodular in A for fixed B.

Proof Taking the dual, we have

Ua, —b)

=min{> ayi— Y bjzjlyeN.zeRf, yi+z,>w;.VieA jeB
i€cA JjE€B

By defining variable v = —y, it becomes

U(a, —b)

= min —Za,'v,'—ijZj |ve SW_‘,Z € Sﬁﬁ, —vi+z; > w;j,Vi€ A, jE€B
icA jeB

Note that the objective function —aTv — b7z is submodular in (a, b, v, z), and the

feasible domain is a lattice, by Theorem 7 the function U (a, —b) is submodular.

For online matching problems, submodularity or equivalently the diminishing
return property plays a crucial role. We present a more general online matching
case in [19].

Problem 11 There is a fixed group A of players, and a group of items arrive
stochastically. The items are of different types j € T, at each time ¢ the type j
of the item arrives following an i.i.d distribution. At the end (time N), player i
receives S; of items, with submodular utility V;(S;). We need to match each item at
the time it arrives, and aim at maximizing the total matching score at the end. One
thing to note that is, by setting V;(S;) = maxcs; w;j, we can reduce this problem
to an online bipartite matching problem.
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Consider the following greedy allocation rule:

Algorithm 7: Greedy online matching
1 Initialize with S? = ¢ for all i € A. foreach t =1,2,..., N do

2 Match the item arrives (of type j;) to player i; with maximum matching
weight (or equivalently, maximum improvement) ;
3
i = argmax{Vi(S{™" U {jih) — Vi(S{™") | i € St}
St= 87 0 ), St =857 foralli # iy
4 end

Theorem 32 The greedy algorithm achieves 1 — % approximation ratio.

Proof By submodularity of V; and two sets X and Y of items, we have V; (X UY) —
Vi(X) < Zje}’ c;(M[Vi(XU{j}) — Vi(X)]. Denote p; as the arrival probability of
type j items, and c;(S) as the type j items used in set S, then the optimum offline
matching value with expected number of arrival is bounded by:

OPT <max ) ;s s Vi(S)xis
1.2 iea ZS:jeS xi,s¢j($) = pjN,VjeT
ZSxi,S <1,VieA
xi,s > 0,Vi € Aandset S.
Denote y;j = Y g.jes%is¢j(S) and z;; = pyj;;\,, then ) ;4 z;; < land z > 0.
When item of type j arrives at time ¢, consider the random allocation which assigns
this item to player i with probability z;;. Then the expected gain is

1
_ij,-zij[v,-(sg‘l Uih—visiThl = ~ Zyl-j[v,-(sg—‘ U{ih — Vi(SIThl.
i, L]

The greedy has at least the expected gain, denote actual matching value at stage ¢ as
V. Therefore,

E[vl‘] _ Vt—l

v

1
5 2 %is | Do Vi(SiT U LD = Vi(s ]

i,S jes

v

l - p—
5 2 xslVi(s; T U S) — viesh
i,S
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Therefore
EVi—vi-ls topr_ L Y xisVi (S?—l)
=N N — i,SVi\9;
> Ygpr_ Svisih | = e [ﬁ’PT - VH] .
=N : i N

This approximation ratio is tight in online stochastic matching scenario, and
similar algorithms and analyses have been established for other online matching
and online allocation problems [10, 20, 32], etc.

The diminishing return effect from submodularity can be applied to quantify
the matching efficiency, when we combine matching stages with other type of
operations, in algorithm design. In a recent work, He et al. [7] studied the matching
problem in kidney exchange, which matches donated kidneys from non-directed
donors, as well as kidneys from relatives of patients who does not match with
own targeted relative, to other patients. The matching process has been divided
into two stages, in the first stage random walk mechanism has been applied to
achieve efficient chains in difficult patients, and in the second stage bipartite
matching algorithms are applied to further reduce number of unmatched patients.
Submodularity of second stage matching score, with respect to the available
(unmatched) difficult patients for matching at beginning of stage two, is utilized
to transfer the analysis in stage one, to an analysis of the full mechanism. By
this approach, the first non-asymptotic bound on matching efficiency has been
established for medium size random graphs.
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Thresholding Methods for Streaming )
Submodular Maximization e
with a Cardinality Constraint

and Its Variants

Ruiqi Yang, Dachuan Xu, Min Li, and Yicheng Xu

Abstract Constrained submodular maximization (CSM) is widely used in numer-
ous data mining and machine learning applications such as data summarization,
network monitoring, exemplar-clustering, and nonparametric learning. The CSM
can be described as: Given a ground set, a specified constraint, and a submodular
set function defined on the power set of the ground set, the goal is to select a subset
that satisfies the constraint such that the function value is maximized. Generally,
the CSM is NP-hard, and cardinality constrained submodular maximization is
well researched. The greedy algorithm and its variants have good performance
guarantees for constrained submodular maximization. When dealing with large
input scenario, it is usually formulated as streaming constrained submodular
maximization (SCSM), and the classical greedy algorithm is usually inapplicable.
The streaming model uses a limited memory to extract a small fraction of items
at any given point of time such that the specified constraint is satisfied, and good
performance guarantees are also maintained. In this chapter, we list the up-to-date
popular algorithms for streaming submodular maximization with cardinality con-
straint and its variants, and summarize some problems in streaming submodular
maximization that are still open.
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1 Introduction

Submodular maximization (SM) is widely used in machine learning, such as
data summarization [2], budget allocation [1, 23], recommender systems [8, 19],
and nonparametric learning [13]. Submodular maximization with constraints like
cardinality, knapsack, and matroid gives rise to a lot of interest [11, 17, 21, 22]. In
constrained submodular maximization (CSM), we are given a ground set V of size
n, a specified constraint £, and a submodular set function f : 2V — R, . The goal
is to choose a set S € & such that f(S) is maximized, i.e.,

3).
sgn&‘j‘?egf()

Let £ be a cardinality constraint, that is, to say, choose a subset § € V with
|S] < k such that £(S) is maximized, where k is an given integer. The submodular
maximization with a cardinality constraint is generally NP-hard proofed by Feige
[11]. Under the assumption of monotonicity and non-negativity, Nemhauser et
al. [21] give a simple and effective greedy algorithm by choosing a marginal
gain maximum item with respect to current solution in each iteration. The greedy
algorithm obtains a (1 —e~!)-approximation, and the performance guarantee is tight
in several classes of monotone submodular functions which is showed by Feige [11]
and Nemhauser and Wolsey [20]. The marginal gain can be defined as follows. In
streaming submodular maximization with cardinality constraint (SSMCC), either
the items arrive in a stream fashion or the ground set cannot fit in the main memory,
which leads to great loss of efficacy. Badanidiyuru et al. [2] first measure the
performance of streaming algorithms by four parameters as follows:

* the #passes, the number of the algorithm called over the stream;

* the memory, bounded by max; |M;|, where M, is the main memory at time ¢;

¢ the running time, defined as the number of oracle queries make;

* the approximation ratio, the ratio of the final solution set value over the optimum.

The rest of this chapter is organized as follows.

In Section 2, we introduce the sieve-streaming algorithms presented by Badani-
diyuru et al. [2], who give the first effective streaming algorithm by carefully
choosing threshold value for SSMCC.

In Section 3, we investigate the variants of SSMCC. In particular, we review the
algorithms introduced by Epasto et al. [10], who consider a more generalized model
that defined as submodular maximization with a cardinality constraint over sliding
windows (SMCCSW) in Section 3.1. In Section 3.2, following from the work of
Mitrovié¢ et al. [19], who consider a streaming robust submodular maximization
(SRSM), we recommend the partitioned threshold approach. In Section 3.3, we
present the streaming algorithms for dynamic deletion-robust submodular maxi-
mization (DDRSM), which was defined by Mirzasoleiman et al. [18]. Motivated
by the “right to be forgotten,” in their scenario, the item set generates at a fast pace
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and in real time, at any time point, there is an arrived subset and a deletion subset.
The goal is to decide a series of solution sets over time.

In Section 4, we firstly introduce the elegant guarantees on the performance of
greedy for maximizing nonsubmodular function which are measured by submodular
ratio and generalized curvature combined by Bian et al. [3]. Secondly, We restate
a streaming algorithm for maximizing weakly submodular introduced by Elenberg
etal. [9].

In Section 5, we restate some other applications of thresholding methods for
streaming constrained submodular maximization including streaming submodular
maximization with a knapsack [14], d-knapsack [25], and p-matchoid constraint
[4, 12], just to name a few.

2 Thresholding Methods for Streaming Submodular
Maximization with Cardinality Constraint

SSMCC can be formally defined as follows. A ground streaming set V =
{e1, ..., ey} is ordered in an arbitrary manner, nonnegative monotone submodular
function f : 2¥ — R+, at each iteration ¢, any algorithm may derive a candidate
set M; € V, and be ready to output a solution set S; € M; with |S;| < k. For any
S C V,e€ V,define As(e|S) = f(SUe) — f(S) as the marginal gain of item
e to set S. Badanidiyuru et al. [2] present their sieve-streaming algorithms by three
parts which depend on if we know any information of the optimal solution.

2.1 Sieve-Streaming in Case the Optimum is Known

Let opt be the optimum, and assume we know opt in advance. Set v is an o-
approximation of optimum with v € [«wopt, opt], where « € [0, 1] is a constant.
LetT = % be the threshold value, where (> 0) is a parameter and S;_
is the solution set just before encountering e; in the stream. Then the streaming

algorithm can be restated as Algorithm 1.

Algorithm 1 Sieve-streaming-know-opt

Input: v € [aopt, opt], B € (0, 1)
1: So <@, t=1

2: if Ap(e/|S;—1) = T and |S;| < k then
3: St < Si—1+ e

4: t<—t+1

5: end if

6:

return S,




126 R. Yang et al.

Lemma 1 ([2]) For any iteration t of Algorithm 1, we have

S
FS) = ﬁ”,'{ 1y

Proof We show the proof by induction.

¢ Base case, the lemma obviously holds for r = 0, i.e., S; = @.
¢ Inductions step. Assume the lemma holds for S,_1, i.e.,

Bv|Si—1]
fisin = P
At time ¢, item e, arrives, and is added to S;_1, we have
v— f(S-1)
FSiiUe) — f(5, ) > B2 TG,
k=181

where the inequality follows from Algorithm 1. Then

) R Py
JE)=Ge) = (=g 7P I G0+ g
- 1 ),BUISt—ll Bv
k=ISal” ko k=18
_ pudSimi + 1D
o k
_ Bu(SD
p— k 9

where the second inequality is obtained by the assumption in induction step.

Theorem 1 ([2]) At the end of Algorithm I, we have

f(Sy) > max{aB, 1 — Blopt.

Proof
e Case 1.If S, = k, we have

f(Sn) = apopt,

which follows from Lemma 1.

e Case2. If S, < k,weassume OPT\S, ={o1,...,01},1et OPT; = {01, ..., 0;}
for any i € [/], and set S; be the current solution set just encountering o; for any
i € [I]. By Algorithm 1,

ey Bv—f(S) _ Bu
Ar(0ilS;) < k—|S_l'| < k.
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Then

opt — f(Sp) < f(SuUOPT) — f(Sn)

!
=Y (f(Sa UOPT) — f($, UOPT;_1))

i=1

1
D (f(Si Vo) = £(S)

i=1
o By
~ k
< Bopt,

IA

where the first inequality follows from the monotonicity. Thus,

f(Sn) = (1= Bopt.
Corollary 1 ([2]) Forany e > 0, « = 1 — ¢, and B = 0.5, Algorithm 1 makes

one pass over the stream, and keeps (0.5 — €)-approximation, while the memory is
bounded by O (k) and the running time is O (n), for SSMCC.

2.2 Sieve-Streaming in Case We Know the Maximum

If we know m = max.cy f(e), we can guess the opt by geometric series in
candidate set O = {(1 + €)'|i € Z,(1 + €)' € [m, km]}, while guessed value
Bv=F(S;_))

just sacrifices a small factor. For any candidate v, let T = where S},

k=171 °
be the solution set just before encountering e; according to v. The algorithm can be

redescribed as follows (see Algorithm 2).

Algorithm 2 Sieve-streaming-know-maximum

Input: m = maxeev f(e); _
I: 0 < {(14+elieZ (1+e) €lm, kml}

2: §§ < 0,1t <0

3: for eachv € O do

4 A0 ) > BTG and |SY] < k then
SR 1) = TS th=

5: SP < S;_ | +es

6: t<—t+1;

7 end if

8: end for

9: return arg maxyeco f(S}).
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Theorem 2 ([2]) If the maximum singleton value is known in advance, Algorithm 2
keeps the same approximation ratio, while the memory increases to O (¢ 'k log ke),
and the running time increases to O (e ~'n logk).

2.3 Sieve-Streaming in Case Nothing Is Known

In fact, there is a simple two passes presented by Algorithm 2, because one can
obtain the maximum singleton value m by making one pass over the data set. But,
they give an estimate of the maximum singleton value m on the fly, within one pass
over the data set. The algorithm can be restated as Algorithm 3.

Theorem 3 ([2]) Algorithm 3 makes one pass over the stream, and keeps (0.5 — €)-
approximation, while the memory is bounded by O (e~ 'klogk), and the running
time is at most O (e 'nlogk).

Algorithm 3 Sieve-streaming

Input: O < {(1+¢)'|i € Z};
1: for eachv € O do
S(l)’ <~ @, t < 0,m < 0;
: end for
m = max{m, f(e)};
20 < {(1+ )| +€)| € [m, 2km]};
: Delete all S such that v ¢ Oy;
for each v € O; do ,
9: Sy < S | +er
10: t<—t+1;
11: end if
12: end for
13: return arg maxyeo, f(S;).

® Nk

and |S}| < k then

3 Thresholding Algorithms for Variants of Streaming
Submodular Maximization with Cardinality Constraint

3.1 An (0.333 — €) Approximation Algorithm for Submodular
Maximization over Sliding Windows

Epasto et al. [10] consider a submodular maximization with cardinality constraint
over the last W items in the stream which is formally defined as the submodular
maximization with cardinality constraint over sliding window (SMCCSW). In this
model, let W € Z be the size of the sliding window. For any time ¢, define active
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window A;, which contains the last W items in the stream. The goal is to choose a
subset S; C A, that satisfy constraint £ such that f(S;) is as possible as close to
f(OPT(A;, €)), where O PT (A, &) is an optimal solution over active window A;.
They firstly introduce a streaming algorithm (SA) for sub-stream by enumerating
thresholds. Secondly they give a submodular smooth histograms algorithm (SSHA)
to deal with the sliding setting. They present the first non-trivial submodular smooth
histograms algorithm which keeps a constant approximation of the optimum, while
the memory is bounded by sublinear in the size of the window for SMCCSW. First,
we restate their streaming algorithm as follows.

3.1.1 Stream Algorithm for Streaming Submodular Maximization
with Cardinality Constraint

Algorithm 4 SA(e, n)

log; . 2km I
fler)

.....

Input: € € (0,1),n =
C 0« {_)‘;{1)7 ( +52)]g(e1)

—

d+€)"f(e1) )
2k ’

2: SOT <~ @, t < 0;

3: for eachT € O do

4:  if Ag(e|ST ) > T and |ST| < k then
5: ST « ST | +ep

6: t<—1t+1;

7. end if

8: end for

9

: return arg maxreo f(SnT).

Theorem 4 ([10]) For any k' € [k], we have

Q=K oprv.iy,

JALGY. ) 2 =

where ALG(V, k) is the returned set by SA on stream V.
Proof By submodularity, we have

fOPT(V,K)) € [m, k'm].

Then

fOPT(V,K')) . |:f(el) ﬂ}
k+k 2% 2 |
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Thus, we have a threshold value T such that

ey

+ [U=Of(OPT(V.K) [OPT(V.K)
Oe[ k+ K R EYZ }

+ Case 1. If | S| = k, then

(1 — ek

o [(OPTV. K.

FALG(V, k) > f(ST) > kTy >

e Case2.If |S,,T°| < k, consider an item e; that was not chosen in SnTO. Then
To
Ag(er|S,2)) < To,

where StTfl is the solution set of S70 just before encountering e;. Then

FOPT(V.K)) — f(S10) < D Asels)
e€cOPT(V,K)\S.0
< ) Apes)
ecOPT(V KNS
<|OPT(V.K)\ S, |Ty
’

k4 k'

=

f(OPT(V,K)),

where the first two inequalities follow from submodularity, and the last inequality
is obtained by inequality (1).

Then

FALG(V, k) > f(SI) > £

> o [(OPT(V, K.

3.1.2 A Submodular Smooth Histograms Algorithm for Streaming
Submodular Maximization over Sliding Windows

Following from Algorithm 5, they have one important observation as following
lemma.

Lemma 2 ([10,25]) For any time t and i € [s], one of the following two properties
always holds:
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1 xit1=x; +1;
2. there exists some t’ < t, such that

FALG([xi12, 1], k) = (1 = 0) f(ALG([xi, '], k).

The main result is introduced as the following theorem.

Theorem 5 ([10]) For any ¢ > 0 and 6 = O (¢), Algorithm 5 keeps (0.333 — ¢)-
approximation which uses O (e klog*(k®)) memory and has O (e *log*(k®))
update time per element, for SMCCSW, where ® is the ratio of maximum to
minimum singleton values.

Algorithm 5 Submodular smooth histograms algorithm for SMSW

Input: k € Z+, parameter 8 € (0, 1), window size W;
1: Initialize s < O;
2: fort=1,... do
3: s <—s+1;

4: Xg < 1

5: ifx; <t — W+ 1 then

6: Delete index x1, and shift other indexes accordingly;

7: s <«—s—1;

8: end if

9: fori=1,...,s —1do

10: Process from x; to x5 by Algorithm 4;

11: end for

12: while there existi € [s — 1], f(ALG([xi42, x5], k) > (1 — ) fF(ALG([x;, xs], k) do
13: Delete x; 1, and shift the remaining indexes accordingly;
14: s «—s—1;

15: end while
16: if x; = max{l,t — W + 1} then

17: S1 = ALG([xy1, x;], k);
18: else

19: S» = ALG([x3, x,], k).
20: end if

21: end for

3.2 A Partitioned Thresholding Approach for Streaming
Robust Submodular Maximization (SRSW)

Mitrovi¢ et al. [19] consider a robust-streaming submodular maximization subject
to a cardinality constraint (RSSMCC). In their scenario, the items arrive in a stream
fashion, and 7 items may be deleted from the algorithm’s memory after the stream
finished. The goal is to choose a robust subset form the stream. We redefined the
robust set as follows.
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Definition 1 ([19]) Aset S € V, D C V with |D| < t, § is robust for a parameter
7 if there exists a subset Z C S\ D of size at most k such that

f(Z) z cf(OPT(V\ D, k)),

where OPT(V \ D, k) is an optimal solution of size k of V\ D andc > Ois a
constant.

They propose a two-stage procedure for RSSMCC. They call the first stage as
(STAR-T), restated as Algorithm 6. Let p is an sw-approximation of f(OPT(V \
D, k)). In the second stage (STAR-T-GREEDY), they run the greedy algorithm
presented by Nemhauser et al. [21] (see Algorithm 7). To simplify analysis, we
say bucket B; ; is full if | B; j| = min{k, 2/} for any partition part i. There are three
important observations formally restated by the following lemmas.

Lemma 3 ([19]) If there is a partition part i € S such that at least half of its

buckets are full, i.e., |{B; ;|| B; j| = min{k, 21 > z’f’—fl then

Algorithm 6 STAR-T for RSSM
Input: Stream V = {ej,e2...,}, k, w, p;

1: Initialize B; ; < 9, Vi € [0, [logk]], j € [l,w]'§'|],t <~ 1;
2: fori =0,...,[logk] do

33 forj=1,..., o[ %7 do

4 if | B; ;| <min{2",k}ﬂAf(et|B,-,j)z mthen
5: Bij < B;jUle};

6: break: t <+ 1;

7. end if

8: end for

9: end for

10: return § < U; ; B; ;.

Algorithm 7 STAR-T-GREEDY

Input: SetS, any query set D € S with |[D| <t
l: Z} < GREEDY (k,S\ E)
2: return ZI‘;

1% gy 4
fZp) =0 —-e") wk)p-

Let B = arg minB[_‘j:‘Bi i|<min(k,2i) | Bi.j N D|. We have the following lemma.

Lemma 4 ([19]) If all partition parts in S no more than half of its buckets are full,
then
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B 4t
FZ) =1 —e Y3 (f (Briogk)) — —P):

There is another observation for the second case presented by the following lemma.

Lemma 5 ([19]) If all partition parts in S no more than half of its buckets are full,
then

F(Zp) = (1 =e YfOPT(V\ D, k) — f(Biogk1) — p),

where Biogk) is any not full bucket in the last partition part.

_ _e—1/3
Theorem 6 ([19]) Ler w > [4t[logklk~ ], 7 = TOErTes +(1]je_1)(17“0gk]_1),

STAR-T makes one pass over the stream and gets a set S of size at most O ((k +
T logk)logk) items. Furthermore, for any given set D with |D| < 1, STAR-T-
GREEDY returns a set Zg € S\ D with |Zg| < k such that

f(Zg) > 0.149(1 — [logk1™") f(OPT(V \ D, k)).

Proof Obviously, the size of S is bounded by O ((k +tlogk)logk). Combining with
Lemmas 4 and 5, we have

(1—e 13—
2—e 13—l

4
fzp = (f(OPT(V\D,k))—(l-Fw—;)p),

1—e Y FOPT(V\D.k)—((1—e~H)—(1—e"13)20)p
2—e 13—l )

where equality holds for f (Brogk)) = (
Following Lemma 3 and the last inequality, we have

1
fzp) = 5 — f(OPT(V\ D, k).

(I—e~hH(1-2t) ' 17173

For w > [4t[logk]k™'], we have
(1—e 31 —e D — [logk1™")
20 —e V) + (1 —e D
> 0.149(1 — [logk1™" ) f(OPT(V \ D, k)).

£(z)) >

3.3 A Robust-Streaming Algorithm for Deletion-Robust
Submodular Maximization

Mirzasoleiman et al. [18] introduce the dynamic deletion-robust submodular max-
imization problem (DDRSW), in which item set V is generated at a fast pace and
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real time. At any given time ¢, a subset V; C V is arrived, and a subset D; is deleted.
The model can be restated as follows:

OPT; = max f(A;)

Arely

sty ={A:ACV,\D;N|A| <k}.

We are given a collection of subsets .¥ = {Si,...,S,}, where §; € V =
{1, ..., n}, and utility function f(A) = | Ujea Si], A € V. Assume the stream
arrives in order S; = {1,...,n}, and then §; = {i} for i € [2,n]. Streaming

algorithms based on choosing items by marginal gains will suffer arbitrary badly
performance. In the above example, any streaming algorithm may select the item
S1 firstly. Then the other items cannot be chosen since that the corresponding
marginal gains are equal to zero. Once the first item is in the deletion set, the
stream algorithms fail. To deal with the bad examples, they derive a series of non-
overlapping solution sets such that if we suffer a deletion, there is only one solution
set gets affected by constructing a cascading chain. They first give two operation
sub-procedures as Algorithms 8 and 9. The main robust-streaming algorithm is
restated as Algorithm 10.

Theorem 7 The robust-streaming algorithm can keep the same approximation
ratio, while the memory are bounded by O(rM), and the average update time
is at most O(rT), where M(T) is the memory (update time) bound of streaming
algorithm &/ and r is the length of chain.

Algorithm 8 Add(i, R) procedure

Input: Seti € [r], R = {ey, ..., e|g|}, Streaming algorithm .«
1: Initialize [ < 1;
D[R, M, ST < o (er);
:if Rl #@andi < r then
Add(i + 1, R});
end if
<1+ 1.

Algorithm 9 Delete(e) procedure
1: Initialize i < 1;
2: ife € M/ then
33 R, < M \e¢
4. Mf < null;
50 AddG + 1, Ri);
6
7

. end if
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Algorithm 10 The robust-streaming for DDRSW

Input: Stream V;, deletion set Dy, r <m + 1;
1: Initialize t < 1, M! < 0, S! < @,Vi € [r];
2: while |(V, \ Vi—1) U (D, \ Di—1)| # 0 do
if |D; \ D;—1| # 0 then
e < D\ Dy
Delete(e);

else
er < Vi\Vi_1;
Add(1, e);

9: end if

10: t<—t+1; )

11: N {Sfli =min{j € [r], M,J # null}}.

12: end while

bl

e AR A

4 Thresholding Algorithms for Nonsubmodular
Maximization

There is another important class of nonsubmodular optimization problems including
subset selection [7], sparse approximation [6, 16], sparse m-estimation [15], just to
name a few. Das and Kemple [7] first introduce submodularity ratio to characterize
how close a set function is to being submodular. We redefined as follows.

Definition 2 ([7]) For any nonnegative set function f, the submodularity ratio is
the largest scalar y such that

< mi ZeeT\S Ay(elS)
V= VS, TCV Ar(T|S)

There is also a definition of curvature, which quantifies how close a set submodular
function is to being modular.

Definition 3 ([3, 5, 24]) For any nonnegative set function f, the curvature is the
smallest scalar A such that

Ap(elS\{e}UT)

A=1-— in
VS.TCV.eeS\T ~ Ay(elS\ {e})

Bian et al. [3] show the performance of the classical greedy algorithm by combining
with the curvature and the submodularity ratio. By their technical analysis, there
are strong theoretical guarantees on the performance of greedy algorithm for
nonsubmodular maximization. The main results can be restated as follows.
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Theorem 8 ([3]) For any nonnegative nondecreasing set function f, its submodu-
larity ratio is y € [0, 1] and curvature is A € [0, 1]. Then the classical greedy is a
A~1(1 — *Y)-approximation.

Elenberg et al. [9] introduce a threshold-greedy algorithm for streaming weakly
submodular maximization (SWSM). We first redefine the weakly submodular
function.

Definition 4 ([9]) Any given monotone set function f is y'-weakly submodular for
an integer v if

, . ZeeT\S Ag(elS)
y < min —
S,TCV:|S|<v,|T\S|<v Ar(T|S)

Let p/ € [0, LW 2=V /P-D) Wf(OPT(V, k))], where f(OPT(V,k)) is assumed
known in advance. The threshold-greedy algorithm for streaming y’-weakly sub-
modular maximization (y’-SW SM) is restated as follows (see Algorithm 11).

Theorem 9 ([9]) The streak algorithm gives at least ((1 — e)%/(3 — V2 -
22 — e=7'/2))-approximation, while the memory is bounded by O (¢~ 'klogk).

Algorithm 11 Threshold-greedy (p’) for y'-SWSM

Input: Stream V <« {ey, ..., ey}, an integer k, p’;
1: Initialize t < 1, Sy < @;

2 if Ap(e/]Si—1) = & and |S,_1| < k then
3: S < Si—1 + e

4: t<—t+1;

5: end if

6: return S;.

Following from that the O PT(V, k) is not known in advance, they present a
streak algorithm which does not depend on p’. The main results can be restated as
the following theorem.

Algorithm 12 Streak for y'-SWSM

Input: Stream V <« {ey, ..., ¢,}, an integer k, € > 0;
1: Initialize t < 1, Sop < @, m « O;
: m < max{m, f(e)};

L0 —{(l—e)fi e Z,(1—e) e [™95 mk]};

: for each p’ € O' do

process Threshold-greedy (p’);
: end for

t<—1t+1;

: return S;.

0NN A W
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5 Summarizations of Thresholding Methods for Other
Submodular Maximization Applications

Huang et al. [14] consider the streaming submodular maximization with a knapsack
constraint (SMKC). In their model, item arrives in streaming type, and each item e
has size c(e), and the goal is to choose a subset S C V with ZeeS c(e) < B, where
B is a budget given in advance. Huang et al. give a simple marginal ratio threshold
(0.333 —¢)-approximation. In the end, they improve the ratio to 0.363 by the techni-
cal analysis. Simultaneously, the memory is bounded by O (K poly(e ") polylogk).
Wang et al. [25] consider a more general streaming submodular maximization with
d-knapsack constraint (SSMd-KC), and they present a knapsack-stream algorithm,
whichisa (1 +d)~! — €)-approximation, for SSMd-KC.

Theorem 10 ([12]) The sample-streaming is a (4p)~'-approximation, while the
memory is bounded by O (k), and values and independence oracle queries are at
most O(p~'nkq), in expectation, where k is the maximum independence set size.

Feldman et al. [12] consider streaming submodular maximization with a p-
matchoid (SSMp-M). They first apply the subsampling technique to SSM p-M. We
firstly formally redefined the p-matchoid as follows.

Definition 5 ([4, 12]) A set system (V, I) is p-matchoid for an integer p, if there
exist ¢ matroids (V1, I), ..., (Vy, 1) with V = Uﬁlei, I={Sc2V|IsnV; e
I;, Yi € [1]} such that each item of V appears at most p out of the above matroids.

Considering the ahead thresholding methods, most of their works assume the
streams are in an arbitrary fixed order. Whether one item is added to solution set
only relies on its marginal gain. However, the solution sets are obviously dependent
on the streaming order. Feldman et al. [12] introduce marginal contribution of item
e; to the part set S. Formally we redefine the marginal contribution as follows.

Definition 6 ([12]) Letey, ..., ¢; be the items of V that are ordered by their arrival.
For any set S C V, we define f(e; : §) = Ay(e|S N{ei,...,e—1}) as marginal
contribution of item e; to part set of S.

Forany T C V,let f(T : §) = ZeeT f(e : S). The main algorithm has
an exchange-candidate as sub-procedure introduced as Algorithm 14. The main
sample-streaming algorithm is restated as follows (see Algorithm 15). The main
results can be restated by the following theorem.
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Algorithm 13 Knapsack-stream algorithm for streaming submodular maximization
with d-knapsack
Input: Stream V < {eq,..., e}, an integer W, € > 0;
1: Initializet < 1,m < @, M < O;
2: m < max{m, f(e:)};
Dif M < L) then

minje[d] Cj(e)

M gl L < fle:

minjeq) cj(e)’

3
4
5
6: O' < {(1+e)ilieZ (1+ef e[L, M1 +d]};
7
8

: end if
: for each p” € O do
if 2290%0 5 2" and e (S <W th
: 1 Wﬁman C( p”)+C(€t)7 en
9: Spr <= Spr + ey
10: end if
11: end for

12: S < argmax,rcor f(Sp);
13: if f(S) > f(en) then

14: S; < S;
15: t<—t+1;
16: else

17: Sy <~ {em}s
18: t<—t+1.
19: end if

Algorithm 14 Exchange-candidate
Input: S;_1, ¢

1: for 1=1:q do

2: ifS,_ NV, ¢I then

3 Cr«{eeSi—1l(Si-1—e+e)NVi e I}
4 ¢ < argmingec, f(e: Si—1);

5: U <~ U1 +cp;

6: end if

7: end for

8: return U;.

Algorithm 15 Sample-streaming for SSM M,

1: So < @, t < 1;

2: with probability ﬁ;

3: U; < Exchange-Candidate (S;_1, e;);
4: if Ap(e/1S—1) = 2f(U; : S;—1) then
5: St <~ S—1\Us +es;

6: end if

Tt «—t+1;

8

: return Sj,.
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Abstract The nonsubmodular optimization is a hot research topic in the study of
nonlinear combinatorial optimizations. We discuss several approaches to deal with
such optimization problems, including supermodular degree, curvature, algorithms
based on DS decomposition, and sandwich method.

1 Introduction

For any set function f : 2X — R, f is submodular if
f(A)+ f(B) = f(AUB) + f(AN B).
f is monotone nondecreasing if
A C B implies f(A) < f(B).

In the literature, there are many beautiful results on monotone nondecreasing
submodular optimizations [3, 18, 24, 28, 29, 31, 34, 40] and nonmonotone submod-
ular optimizations [14, 17, 23, 35]. However, in recent development of computer
technology, many nonsubmodular optimization problems appear, such as sentiment
analysis [2], cloud computing [12], machine learning [42], and social networks
(such as viral marketing for complementary products [20], composed influence
[45], and misinformation blocking [36]). Therefore, the study of nonsubmodular
optimization becomes a hot research subject.
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There are two classes of approaches to deal with nonsubmodular optimization
problems. The first class consists of the traditional ones. Since the nonsubmodular
optimization is, in nature, hard to deal with, we cannot find an efficient algorithm
with satisfied guaranteed performance. In this class, the algorithm is often analyzed
with some artificial parameter, such as the supermodular degree [13, 15, 16] or
curvature [1, 8, 22, 38], with which some beautiful results on the approximation
performance ratio may be established. However, those parameters are usually hard
to be estimated and in many specific problems, they do not have a significant value.

Due to the above, one may give up the approximation performance ratio and
establish other standards to evaluate the performance of algorithms. The second
class of algorithms is designed based on this point. We may name two groups here.

The first group consists of local optimal algorithms. They are usually asked to
terminate at a solution satisfying certain necessary optimality condition, such as
local optimality conditions. We may find two local optimality conditions in the
literature, which give two subgroups of algorithms for DS function optimizations
[21, 27] and discrete DC function optimization [26, 43], respectively.

The second group consists of data-dependent approximation algorithms, which
are evaluated by a new type of performance ratio. Those algorithms are also called
sandwich methods [4, 25, 39, 45].

In this article, we briefly introduce the above-mentioned methods.

2 Supermodular Degree

Consider a set function f : 2X — R. The supermodular degree of an element u € X
by a function f is defined to be |2 (u)| where

Ty ={veX[IACX: Af(AU ) > Af(A)).
The supermodular degree of function f is defined by

.@; =max |27 (u)|.
ueX

When only function f is studied on supermodular degree, we may simply write
9t =97,

With the supermodular degree, several theoretical results have been obtained [13,
15] in the literature.

The first one is for the monotone nonsubmodular maximization with matroid
constraints as follows:

max f(A)
subjectto A € 6; fori =1,2,...,k,
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where f is nonnegative and monotone nondecreasing and (X, %;) is a matroid for
i=1,2,...,k. Consider the following greedy algorithm:

Greedy Algorithm 2.1

input:A monotone nondecreasing nonnegative set function f : 2X — R
and k matroids (X, 6;);

So <~ ;

i < 0;

while S; is not a base do
I <—i+1;
choose u; € X \ S;_1 and D;_; € 27 (u;) to maximize
S(D; U{ui} U S;—1) — f(Si—1) subject to D; U {u;} U S;— € Nf_ %
set §; < D; U{u;} U Si_1;

output S;.

For this algorithm, there is the following theorem.

Theorem 1 (Feldman and Izsak [15]) Greedy Algorithm 2.1 produces a
W—approximation solution for maximization of monotone nondecreasing
nonnegative set function with k matroid constraints.

Let ¥ = {A | |A| < k}. Then (X, %) is a matroid. This means that the
size constraint is a specific matroid constraint. With this constraint, the monotone
nonsubmodular maximization has a better approximation solution.

Consider a maximization problem and a greedy algorithm as follows:

max f(A)

subject to |A| <k,

where f : 2X — R is nonnegative and monotone nondecreasing.

Greedy Algorithm 2.2
input a monotone nondecreasing nonnegative function f : 2¥ — R;
S <~
for d =1to 2%, v € X and C with |C| =k mod (d + 1) do
S() < C;
i <0
while S; is not a base do
I <—i+1;
choose u; € X \ S;_1 and D; € 27 (u;) to maximize
SDi Ufu;} U Si—1) — f(Si—1) subjectto |[Dy U{u;} U S;—1| <k
and |D;| < d,;
set S; < D; U{u;} U S;_1;
Sargmax(f (S), f(5)));
output S.

This algorithm produces a better approximation.
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Theorem 2 (Feldman and Izsak [15]) Greedy Algorithm 2.2 produces a (1 —
o+ . . . o . . .

e 17 +Y-approximation solution for maximization of monotone nondecreasing

nonnegative set function with a size constraint.

The supermodular degree has been successfully applied to a few optimization
problems, such as [16].

3 Curvature

There are several different definitions for curvature in the literature for study of
different optimization problems, such as submodular minimization with submodular
cover constraints [8, 38], submodular maximization with submodular knapsack
constraint [22], and BP functions optimization [1]. In this section, we focus on one
of them, the submodular minimization with submodular cover constraint.

Actually, this problem is closely related to the nonsubmodular minimization
problem. By DS decomposition theorem (see Theorem 4), every set function f
can be represented as f = g — h, where g and h are monotone nondecreasing
submodular functions. From this representation, it is easy to know that min f can
be solved through solving a sequence of problems min{g — ¢ | & > c} for every
discrete constant c.

Specifically, consider the following problem:

min g(A)
subjectto h(A) > b,

where g and & are monotone nondecreasing submodular functions on 2% with
g(@) = h(@) = 0, called polymatroid functions, and b is a constant. Define

Axg(A) = g(AU{x}) — g(A) and A h(A) = h(AU {x}) — h(A).

Consider the following greedy algorithm.

Greedy Algorithm 3.1
input polymatroid functions g and  on 2%, and a constant b.
S <« 0;
while /(S) < h do
choose x to maximize
and set S < S U {x};
output S.

Axh(S)
Axg(S)
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Define the curvature of g by

. erAg({x})
x(g)—[r\rgr)}—g(A) .

Then the following holds.

Theorem 3 (Wan et al. [38]) Greedy Algorithm 3.1 produces an approximation
solution with performance ratio at most x (g)H (y), where

Yy = I;lga;ch({x})

and H(y) =Y_ 1/i.

An interesting application of this result was given in [8]. Consider a wireless
sensor network. Each sensor has a communication disk and a sensing disk with
itself as common center. If sensor s; lies in the communication disk of s;, then s
can receive message from s». When all sensors have the same size of communication
disks and the same size of sensing disks, they are said to be homogeneous. In a
homogeneous wireless sensor system, the communication network is a undirected
graph, in which a virtual backbone is a connected dominating set, that is, it is a
node subset such that every node is either in the subset or adjacent to the subset.
Construction of the virtual backbone is an important issue in the study of wireless
sensor networks [5, 19, 30, 32,33, 37, 41]. Motivated from reducing routing cost and
improving load balancing, routing-cost constraint was introduced in the construction
[6]. Thus, many efforts have been made on routing-cost constrained construction
problems [7, 9—11].

Let G = (V, E) be a homogeneous wireless sensor network and D a subset
of nodes. For each pair of nodes u and v, let d(u, v) denote the shortest distance
between u and v in G, i.e., the minimum number of edges on a path between u and
v, and dp (u, v) the shortest distance between u and v in the subgraph induced by
D U {u, v}. Let us study the following problem.

Routing-cost Constrained CDS: Given a homogeneous wireless sensor network G =
(V, E), find a minimum connected dominating set D such that

dp(u,v) <ad(u,v),Vu,v eV, (1
where « is a constant.

First, we would like to indicate that this problem can be formulated into a
generalized hitting set problem as follows.

Generalized Hitting Set: Given m nonempty collections 4, 62, ..., %, of subsets of a
finite set X, find the minimum subset A of X such that every C; has a member S C A.

Ding et al. [6] proved that to satisfy constraint (1), it is sufficient to satisfy

dp(u,v) <o+ 1,Vu,v € X withd(u, v) = 2. 2)
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For every pair of nodes u and v, let %,, denote the collections of node subsets
each of which is the set of intermediate nodes on a path between u and v with
distance at most « + 1. Let D be a node set hitting every é,,,. Then D would satisfy
constraint (2) and hence (1). This would imply that D is a connected dominating
set. Thus, the routing-cost constrained CDS problem is equivalent to the generalized
hitting set problem with input collections %,,.

We next reduce the generalized hitting set problem to a problem of submodular
minimization with submodular cover constraint. To do so, let € = Uy y.q(u,v)=2%"
For every subcollection .o/ C ¥, define

g(d) = |Upee Al
and
h() = {Cuw | & N Cy v # D}

It is not hard to prove that ¢ and ~ are monotone nondecreasing submodular
functions with g(¥) = h(¥) = 0. Moreover, the generalized hitting set problem
is equivalent to following

min g(A)
subjectto h(A) > f(¥),
g CC.

This equivalence means that .27 is a minimum solution of this problem if and only
if Uger A is the minimum solution of the generalized hitting set problem. It can be
proved as follows.

Suppose &7 is the minimum solution of the above problem of submodular
minimization with submodular cover constraint. For contradiction, suppose U s¢ s A
is not a minimum generalized hitting set. Consider a minimum generalized hitting
set D. Then |D| < | Uger Al. For each %,,, let C,,, be a subset of D, contained in
%.v- Denote

6p = {Cyy | u,v € V withd(u, v) = 2}.

Then h(%p) = h(¥) and g(ép) < |D| < g(&7), a contradiction.

Conversely, suppose U ¢z A is a minimum generalized hitting set. For contra-
diction, suppose <7 is not a minimum solution for the above problem of submodular
minimization with submodular cover constraint. Consider a minimum solution %
for it. Then g(#) < g(«7). By the above argument, Ug 4 B is a generalized hitting
set such that

|Upez Bl = g(#) < 8(H) = |Upew Al

a contradiction.
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Du et al. [8] proved that in this example, x(g) and y are constants and
hence Greedy Algorithm 3.1 gives a constant-approximation for the routing-cost
constrained CDS problem.

4 Local Optimality

There are two necessary conditions for minimality:

1. Let f be a set function on 2%. Suppose A is a minimum solution of f in 2%,
Then f(A) < f(A\ {x})and f(A) < f(AU{x}) forany x € X.

2. Let f = g — h be a set function and g and 4 submodular functions on the subsets
of X. If set A is a minimum solution for minycy f(Y), then dh(A) € dg(A).

Condition 1 is obvious. Condition 2 needs a little explanation. First, let us explain
what is the notation dh(A). 0h(A) is the subgradient of function /4 at set A, defined
as

dh(A) ={ce RX | h(Y) > h(A)+ <c,Y — A >).

Actually, for a submodular set function & : 2X s R, the subgradient at set A
consists of all linear functions ¢ : X — R satisfying h(Y) > h(A) 4+ c(Y) — c(A),
where c(Y) = Zyey c(y). Each linear function ¢ can also be seen as a vector in
RX, i.e., a vector ¢ with components labeled by elements in X. The characteristic
vector of each subset Y of X is a vector in {0, 1}X such that the component with
label x € X is equal to 1 if and only if x € Y. Here, for simplicity of notation, we
use the same notation Y to represent the set Y and its characteristic vector.

To see condition 2, note that since A is a minimum solution for minycyx f(Y),
we have f(A) < f(Y) and hence g(Y) — g(A) > h(Y) — h(A) forany ¥ C X.
Therefore, for any ¢ € 0h(A), g(Y) — g(A) = h(Y) — h(A) > c(Y) — c(A). This
means that 0k (A) € 9g(A).

Condition 2 requires that the set function f can be represented as a difference of
two submodular functions. Actually, such a representation is available for any set
function.

Theorem 4 (DS Decomposition [21, 27]) Every set function f : 2X — R can be
expressed as the difference of two monotone nondecreasing submodular functions g
snd h, i.e., f = g — h, where X is a finite set.

The proof of this theorem is constructive [21], however not in polynomial-time.
It is still an open problem whether there exists or not a polynomial-time algorithm
to find a pair of submodular functions 4 and g for any given set function f such that
f=h—g.

An important result follows from Theorem 4 is the following.
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Theorem 5 (Sandwich Theorem [44]) For any set function f : 2X — R and any
set Y C X, there are two modular functions m,, : 2X 5 Randm; : 2X — R such
thatmy, > f > m;and my(Y) = f(Y) = m(Y).

There exist several algorithms in the literature, based on DS decomposition, such
as the submodular—supermodular algorithm [27], the modular—modular algorithm
[21], and the iterated sandwich algorithm [44]. Following is an example.
Submodular-Supermodular Algorithm for min f(A):

+ Input a set function f : 2X — R.

* Initially, compute a DS decomposition f = g — h and choose an arbitrary set
ACX.

* At each iteration, carry out following

— Compute a modular lower bound my,; for i such that h(A) = mp;(A).

— Compute a minimum solution A™ for g — my,;.

— If f(AT) = f(A), then stop iteration and go to output; else set A <— A+ and
start a new iteration.

e Qutput A.

In the above algorithm, how to compute modular lower bound my; for h?
Following is the answer.

Lemma 1 (Iyer and Bilmes [27]) For any submodular function f : 2X — R and
any set Y C X, there exists a modular function m; : 2% — R such that f > m; and

JX) =m(Y).

Proof Put all elements of X into an ordering X = {x1,x2,...,x,} such that Y =
{x1,x2,..., x)y|}. Denote S; = {x1, x2, ..., x;}. Define m;(J) = f(¥) and for ¥ #
A C X, define

mi(A) = f@) + Y (F(S) — f(Si—1).

X;€EA
Clearly m; is modular and
mi(Y) = fB)+ Y (f(S)— f(Sic) = f().
x;€Y

Moreover, for any set A C X with A # @, suppose A = {x;, Xj,, ..., x;, } and then
we have

mi(A) = f) + (f(Si) = f(Si—1)) + (f(Si,) — f(Si-1))
-+ (f(Si) — f(Si-1)
= fO+ (F{xi ) — fO) + (f Uxip xi ) — F{xaD)
+-- A+ (FA) = flxip, . oxi D)
= f(A).
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From the above construction of modular lower bound, we have found the
following theorem.

Theorem 6 (Iyer and Bilmes [27]) In the submodular—supermodular algorithm,
compute my; by using the permutation of elements of X. At each iteration, try at
most n permutations o1, ..., o, such that A = {o1(|A] — 1),...,0(JA| — 1)}
and X \ A = {o1(JA| + 1), ..., 0k (|A|+)}. Then the submodular—supermodular
algorithm would stop at a local minimum satisfying condition 1.

S Data-Dependent Approximation

A typical data-dependent approximation algorithm is the sandwich method, which
has been used frequently for solving nonsubmodular optimization problems [4, 25,
36, 39, 45]. It runs as follows for the minimization problem.

Sandwich Method:

+ Input a set function f : 2X — R and a collection £2 of subsets of X. The goal
is to solve mingc f(A).

* Initially, find two submodular functions # and / such that u(A) > f(A) > I(A)
for A € §2. Then carry out the following:

— Compute a a-approximation solution S, for mingeomegq #(A) and a B-
approximation solution S; for mingep /(A).

— Compute a greedy solution S, for mingeg f(A).

— Set § = argmin(f (Su), f(So), f(S1).

¢ Qutput S.
This method has the following guaranteed performance.

Theorem 7 (Lu et al. [25]) The solution S produced by the sandwich method
satisfies the following:

(81 oply )

1) = mm{l(&) P opty

a} -opty,

where opty (opty) is the objective function value of the minimum solution for
mingee f(A) (mingee u(A)).

Proof Since S; is a B-approximation solution for mingeg /(A), we have

J(S) f(S) S8 J(S)
Tesy 8D = gy Bropt = gy BAOPT) < et l(S)

f(8) = B-o
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where OPTy is an optimal solution for mingep f(A). Since S, is an o-
approximation solution for mingeg u(A), we have

opty

fCS) <u(Sy) <a-opty=o-
opty

- opty.

Therefore, the theorem holds.

From theoretical point of view, the sandwich method is always applicable for the
set function optimization since we have the following.

Theorem 8 For any set function f on 2%, there exist two monotone nondecreasing
submodular functions u and [ such that u(A) > f(A) > I(A) for every A € 2X.

Proof By the DS decomposition theorem, there exist two monotone nondecreasing
submodular functions g and & such that f = g — h. Note that for every A € 2%,
h(?) < h(A) < h(X). Setu(A) = g(A) — h(¥) and I(A) = g(A) — h(X) for any
A € 2% Then u and I meet our requirement.

However, in the real world, it is often not easy to find easily computable upper
bound u and lower bound /, especially in case that the DS decomposition is not
found. Therefore, many efforts on specific design of sandwich methods are still
significant.
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On Block-Structured Integer )
Programming and Its Applications ik

Lin Chen

Abstract Integer programming in a variable dimension is a crucial research
topic that has received a considerable attention in recent years. A series of fixed
parameter tractable (FPT) algorithms have been developed for a variety of integer
programming that has a special block structure, and such results were later applied
successfully in many classical combinatorial optimization problems to derive FPT
or approximation algorithms. From a theoretical point of view, it is important to
understand the overall landscape, and distinguish the structures of integer program-
ming that are tractable vs. intractable or unknown so far. From the application point
of view, it is important to understand how the structure of such integer programming
is related to the structure of concrete combinatorial optimization problems. The goal
of this survey is to summarize recent progress in theory and application of integer
programming that has a block structure and point to important open problems in this
research direction.

1 Introduction

The NP-hardness of integer programming (IP), in general, is well-known decades
ago [19]. Consequently, much effort has been devoted to the search for tractable
special cases. Famous polynomially solvable cases are IPs with few rows and
small coefficients as shown by Papadimitriou in 1981 [26], and IPs with few
variables as shown by Lenstra in 1983 [23]. In recent years, many researches target
at identifying tractable special cases of IP in variable dimensions, and arguably
the most significant development towards this direction is the introduction of
iterative augmentation methods which has led to the development of fast algorithms
for wide classes of IPs whose constraint matrix has a special block structure,
and to subsequent breakthrough applications in parameterized and approximation
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algorithms for various combinatorial optimization problems (see, e.g., [3, 18, 21]),
which will be discussed in detail in this survey.

On a very high level, it has been shown, in a series of fundamental researches,
that an IP can be solved in a polynomial oracle time given an oracle, which,
roughly speaking, augments an existing solution by an amount no less than that
of any augmentation in the direction of the so-called Graver basis, which is one
basis of the integer kernel of the IP (see, e.g., the book [25], we will also provide
details in the later part of this survey). Unfortunately, finding out the augmentation
required by the oracle can be difficult, particularly as there can be an exponential
number of different Graver basis elements, and each Graver basis element may be
exponentially large. Recent researches (see, e.g., [3, 13—15, 21]) showed that, if the
given IP has a special structure, particularly if it has some specific block structure,
then it may admit a “nice” Graver basis in the sense that the Graver basis element
may have a small ;- or £,,-norm. By utilizing such a fact, it may be possible to find
out the augmentation required by the oracle in polynomial time, and consequently
solve the given IP in polynomial time. In fact, essentially all the current known
polynomial time algorithms along this research line are based on such a high-level
idea. It is thus a fundamental question how far we can carry over such an idea. In
this survey, we will review recent progress in this research direction, and point out
several open problems where such an idea encounters difficulty.

This survey will also cover a wide range of applications of these block-structured
IPs in concrete combinatorial optimization problems. In particular, we will review
recent progress in applying block-structured IP in the research area of scheduling,
computational social choice, string matching, etc. These applications, on the one
hand, give a good motivation for us to further investigate into block-structured IP,
and highlight the importance of those fundamental results. On the other hand, the
research in these specific combinatorial optimization problems may also give us
inspirations on further generalizations of block-structured IP.

The paper is organized as follows: In Section 2, we will provide preliminaries.
In Sections 3 and 4, we review the algorithmic results for block-structured IPs with
linear and non-linear objective functions, respectively. We also remark on relevant
open problems at the end of each corresponding subsection. In Section 5, we review
the applications of block-structured IP in combinatorial optimization problems. We
conclude the survey with open problems in Section 6.

2 Preliminaries

2.1 Block-Structured Integer Programs

We consider the following general form of an integer program (IP):

(IP)p bruw: min(or max) {¢p(x): Hx=b,1<x<u, xe¢ ZN}. (D)
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Here the objective ¢ is some computable function. We will distinguish into linear
functions and non-linear functions, and review relevant research works separately.

Throughout this paper, all the matrices and vectors in the IP, including H, b, 1, u,
are integral. For two vectors y, z of the same dimension, we write y - z, or sometimes
yz for their inner product, if it is clear from the context.

In this survey, we mainly focus on block-structured IP, where the constraint
matrix H has a special structure as we elaborate below. In the following A, B,
C, D, or A; that form the constraint matrix H are small submatrices and O is a zero
matrix.

4-Block n-Fold Matrix

CDD---D
BAO 0
(1)
H=(€P) _|BoaAa o0
B A , ’
B0OO A

that is, H consists of one copy of ¢ and n copies of A, B, D where all B’s are on
the first column, all D’s are on the first row, and all A’s are on the main diagonal. In
particular, if C is a zero matrix, then H is a 3-block n-fold matrix.

n-Fold Matrix An n-fold matrix is a special case of 4-block n-fold matrix in which
B=-and C = -, ie.,

DDD---D
AOO 0
0A0 0

H=1o0a o
000 A

Two-Stage Stochastic Matrix A two-stage stochastic matrix is a special case of 4-
block n-fold matrix in which C =-and D = -, i.e.,

BAOQ 0

BOA 0
H =

BO0O A

Tree-Fold Matrix A tree-fold matrix is a generalization of n-fold matrix. The
structure of an n-fold matrix could be viewed as a star with the root repre-
senting the row of (D, D,---, D) and each leaf representing one of the rows
©,---,0,A,0,---,0). More precisely, we can view each row i as a vertex i such
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that vertex i is a parent of vertex j if row i dominates row j, where by saying row
i dominates row j, we mean row j is more “sparse” than row i as a vector, i.e., if
the k-th coordinate of row j is non-zero, then the k-th coordinate of row i is also
non-zero. Using this interpretation, we can generalize an n-fold matrix to a tree-fold
matrix. The following is an example:

[A] A1 AL AL A] A] AL AL A Ay Ay AL
Ay Ay Ay A2 A2 A2 A2 A, 0 0 0 0
00 00 0 0 0 0 AyAr Ay Ay
A3A3A3 0 0 0 0 0 0O 0 0 O
0 0 0A3A30 0 0 0 0 0 O
0 0 A3A3A3 0 0 0 O
0 0 0 0 A3z A3 A3 A3
00 00

0
0

Iy
Pooco
>oococo
Poococo
Poococco
2oocococco
coocococo
cocoocococoo

e
IS
S OO OO oo

e
ESS
=NeNeoNeR-N-N-X=)
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IS
[=NeloloNoNoRNoN ol

2>
~
S O O O OO oo oo
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~
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S OO OO oo oo
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In general, a tree-fold matrix H consists of n copies of small matrices Ay, Az,
-, A with A; being a s; x t-matrix. Every row consists of 0’s and some A;’s in
the form of (0,---,0, A;, A;,---,A;,0,---,0) (i.e., A; appears consecutively).
Every column consists of 0’s and exactly one copy of each A;. Furthermore, if we
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call a row containing A; as an A;-row, then any A;-row is dominated by some A;_1-
row, that is, if at a certain row A; appears consecutively from column £ to column
k, then there exists some A;_j-row such that A;_; appears consecutively from ¢’
to k' such that ¢/ < £ < k < k. Representing the matrix as a tree, every row is
represented as a vertex and the vertex corresponding to each A;_i-row will be the
parent of the vertex corresponding to A;-row it dominates.

Multistage Stochastic Matrix If the transpose H is a tree-fold matrix, then H is a
multistage stochastic matrix. A multistage stochastic matrix is a generalization of a
two-stage stochastic matrix.

An IP where the constraint matrix H belongs to one of the above types is named
accordingly after the name of the matrix, e.g., an IP with H being a 4-block n-fold
matrix is called a 4-block n-fold IP.

2.2 Graver Basis

Consider the general integer linear programming in the standard form (1). Let = be
the conformal order in R defined such that x C y if x and y lie in the same orthant,
i.e.,x;-y; > 0foreachi =1,...,m,and |x;| < |y;|foreachi =1, ..., m. Given
any subset X C R", we say x is an C-minimal element of X if x € X and there does
not existy € X,y # x such that y C x. It is known that every subset of Z™ has
finitely many C-minimal elements.

Given an n X m integer matrix E, we denote by kerz(E) = {x € Z™ | Ex = 0}
the integer kernel of H. We study the Graver basis:

Definition 1 (Graver Basis [12]) The Graver basis of an integer matrix E is the
finite set G(E) C kerz(E) of all CT-minimal elements of kerz (E) \ {0}.

We use the fact that any x € kerz(E), x # 0 can be written as X = Zi o;g;, where
i € Z4,8 € G(E), and g; C x [25, Lemma 3.4].

2.3 An Iterative Augmentation Framework

As we mentioned before, the tractability of a broad class of IP in variable dimension
is built on an iterative augmentation framework. Briefly speaking, an algorithm that
follows the iterative augmentation framework starts with an initial feasible solution
x and iteratively finds augmenting steps, where a solution x for (1) is called feasible
if Hx = band1 < x < u, and an augmenting step g € ZN is a vector such
that x + g is feasible and ¢(x + g) < ¢(Wx). A major question is where to
obtain “good” augmenting steps. The Graver basis of H, G(H), has emerged as an
excellent choice, with good guarantees on convergence to optimal solutions while
still being algorithmically “tame.” Specifically, at the heart of iterative augmentation
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techniques are bounds on the £1- and ¢,-norm of elements of the Graver basis,
which enable dynamic programming to enumerate Graver elements in an efficient
way.

The general framework for solving (1) by utilizing Graver basis was developed
in a series of papers, see, e.g., [3, 13, 14, 18, 21]. A very recent paper by Koutecky
et al. [22] gives a nice summary and formalizes this framework for (1) where the
objective function ¢ is linear. For non-linear objective functions, things are more
complicated. We will discuss linear and non-linear objectives separately in the
following sections.

2.4 Fixed Parameter Tractability

We give a very brief introduction to fixed parameter tractability here and the reader
is referred to [8] for details.

A parameterized problem is a language L € X* X Zso, where ¥ is a
finite alphabet. The second component is called the parameter of the problem. A
parameterized problem L is fixed parameter tractable (FPT) if the question whether
(x, k) is in L can be decided in running time f (k) - 121D for some computable
function f.

For this survey, we will revisit the existing algorithmic results for block-
structured IP from the perspective of parameterized algorithms. As we will provide
details later, the constraint matrix of a block-structured IP is composed of many
copies of some small blocks (submatrices). We will take these small blocks as
“parameters”, more precisely, we take the number of rows and columns, and the
largest absolute value over the entries of the small blocks as parameters. The number
of variables or constraints, on the other hand, are not part of the parameters. We are
interested in algorithms that run in time polynomially in the number of variables
and constraints, while an exponential dependency on the parameters (small blocks)
is acceptable.

3 Optimizing over a Linear Objective

Throughout this section, we consider linear objectives where ¢ (x) = w-X. It should
be clear that for linear objectives, the maximization problem can be solved by simply
minimizing the additive inverse of the objective function. Without loss of generality,
we will focus on minimization problem throughout this section, more precisely, we
consider the following:

min {WXZHX:b,lSXSu,XGZN}, 2)
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It is worth mentioning that all the results mentioned in this section also hold if
we replace the equality Hx = b in IP (2) with inequalities Hx < bor Hx > b
(indeed, inequalities can be handled using the standard technique of introducing
slack variables).

3.1 Iterative Augmentation

We define an augmenting step g and a step length p € Z as an X-feasible step pair
with respect to a feasible solution x if 1 < x 4+ pg < u. An augmenting step h
is a Graver-best step for x if w(x + h) < w(x + pg) for all x-feasible step pairs
(g, p) € G(H) x Z. The next definition and theorem show that it is sufficient to
focus all our attention on finding Graver-best steps.

Definition 2 (Graver-Best Oracle for IP (2)) A Graver-best oracle for IP (2) is
one that, queried on w, b, 1, u, and x feasible to (2), returns a Graver-best step h
for x.

Theorem 1 ([13, 14]) Given a Graver-best oracle for IP (2), (1) can be solved with
a number of augmentation steps that are polynomially bounded in the encoding
lengths of H,b, w, 1, u.

Proof In each iteration step, consider the current solution x and the optimal solution
x*. Using the property of Graver basis, we know that x* —x = )"/, y;g;, where
y; > 0 and g; are Graver basis elements that lie in the same orthant. As1 < x* < u
and1 < x < u, we know 1 < x+ y;g; < u and hence x + y;g; is feasible for any
i. Moreover, by the integer Carathéodory theorem of [6, 27], we can assume that
k < 2N.Leti be the index of a summand attaining the maximal absolute value, i.e.,
i = argmax;{|wy;gi|,1 <i <k}, and let h be a step returned by the Graver-best
oracle for x, then it follows that

1
|w(x 4+ h) — wx| > [W(X + y;g;) — Wx| > mIWX* — wx|,
that is, the gap between wx and wx* is reduced by at least a fraction of 1/(2N) via
each call of the Graver-best oracle. Consequently, after O (N log |w*x — wx|) calls
of the oracle, we achieve an optimal solution and the theorem is proved.

It is worth mentioning that the above theorem also takes care of finding an initial
feasible solution, if it is not known in advance.

The number of calls of Graver-best oracle is polynomially dependent on
log |W]leo and log |[1]lco, l0g ||u]lcc. Applying the techniques used by Tardos in
[28], it is further possible to reduce the running time to strongly polynomial, as is
implied by the following.
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Theorem 2 ([22]) Given a Graver-best oracle for H, (1) can be solved with a
number of augmentation steps that are polynomially bounded in the encoding
lengths of H.

It is recently observed by Altmanova et al. [1] and Eisenbrand et al. [9] that
Theorem 2 also holds for an approximate version of Graver-best oracle, as we
describe below.

Definition 3 (c-Approximate Graver-Best Oracle [1]) Letc € R, ¢ > 1. A ¢-
approximate Graver-best oracle for an integer matrix H is one that, queried on
w, b, 1, u, and x feasible to (1), returns a feasible augmentation step h such that
wh < 1/c - wpg for all x-feasible step pairs (g, p) € G(H) X Z.

The following lemma states that an approximate Graver-best oracle suffices for
an augmentation algorithm.

Lemma 1 ([1]) Given a c-approximate Graver-best oracle for H, (1) can be solved
with a number of augmentation steps that are polynomially bounded in ¢ and the
encoding lengths of H,b, w, 1, u.

It is worth mentioning that the proof of Theorem 2 in [22] can be used to establish
a similar strong polynomial bound on the number of augmentation steps.

The advantage of a c-approximate Graver-best oracle is that we can restrict our
attention to the following subproblem:

GivenIP (1) and @ < O(log |[u]lso+10g |[1]s0)," find h such that wh < 1/c-2“wg
for all x-feasible step pairs (g, 2*) € G(H) X Z.

If we solve the subproblem for each individual w € {0, 1,2, --- , O(log|lul|eo +
log |I1]ls0)}, then the best h among all the subproblems serves as a feasible output of
a 2c-approximate Graver-best oracle.

3.2 Designing the Graver-Best Oracle

We have shown that solving an IP essentially reduces to finding a (approximate)
Graver-best oracle. In general, finding a (approximate) Graver-best step is essen-
tially as hard as solving an arbitrary IP. However, for IP that has a special structure,
an efficient algorithm may exist, and this is particularly the case for IP with a block
structure as we discussed in the preliminary. The crucial observation here is that
for certain types of block-structured IP, its Graver basis element has a nice property
that it has a small £1- or £-norm. Based on such a bound, an efficient algorithm
for finding a (approximate) Graver-best step may be designed. Indeed, all existing
algorithms for block-structured IP are of this kind, as we provide details in the
following subsections.

"Here we remark that by using proximity results or the standard bound from linear programming,
we can always restrict that log ||u|| o + log ||l]|c is bounded by a polynomial.
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3.2.1 n-Fold IP

The following lemma is a restatement of the finiteness theorem in [17].

Lemma 2 ([17]) Let H be an n-fold matrix. Then ||g||1 < A for some A that only
depends on the small matrices A and D, i.e., on s;, t; which are the number of rows
and columns of i where i = A, D, and A which is the maximal absolute value of
entries of A and D.

Note that the structure of an n-fold matrix requires that t4 = tp. The value of A is
discussed and improved in a series of follow-up papers [9, 14, 22], with the current
best upper of L < O(saspA)*450 [9].

Based on Lemma 2, a dynamic program can be designed to solve the following
subproblem: Given IP (1) and w < O(log ||u|lsc +10g |[1]|s0), find h such that ||h|| <
O (1), wh < 2°wg for all x-feasible step pairs (g, 2“) € G(H) x Z. The basic idea
for the dynamic program is similar to that of the classical knapsack problem. We
skip the technical details here. Interested readers may refer to [14].

Combining the dynamic program and Lemma 2, we have the following theorem.

Theorem 3 ([9, 14, 22]) There exists an algorithm that solves an n-fold integer
program in fup(Sa, Sp, tA, D, A)|I|0(1) time, where fy, is some computable
function and |1| is the encoding length of the input.

The exact running time was shown by Hemmecke et al. [14] to be A9 (45074 +sat3) 3
|1|, and was improved independently in recent papers [9, 22]. In particular, an
algorithm of running time AO3sp+sash) (nt4)? 4+ LP was provided by Koutecky et
al. [22], and an algorithm of running time nztiﬁ log®(nta) - (sasp A)O(SE\SD“AS%)) +
LP was provided by Eisenbrand et al. [9], where B is the logarithm of the largest
number occurring in the input, and LP is the time for solving the LP relaxation
of (1).

Remark We do not know yet whether the running time, particularly its (expo-
nential) dependency on s4 and sp is necessary and/or optimal. The exponential
dependency on s4 is unavoidable assuming exponential time hypothesis [21],
yet it is not clear whether we can have an algorithm of running time like, e.g.,
(SASDA)O(‘YA-’_SD)|I|O(l).

3.2.2 Tree-Fold IP

Tree-fold IP is a generalization of n-fold IP. A recent paper by Chen and Marx [3]
generalizes Lemma 2 as follows.

Lemma 3 ([3]) Let H be a tree-fold matrix consisting of Ay, Az, ---, A;. Then
llgll1 < A for some A that only depends on the small matrices Ay, Aa, --- , Ay, Le.,
on s;, ti which are the number of rows and columns of A; wherei = 1,2,---, 1,

and A which is the maximal absolute value of entries of all A;’s.
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Further generalizing the dynamic programming for n-fold IP, Chen and Marx
were able to present the following algorithm.

Theorem 4 ([3]) There exists an algorithm that solves a tree-fold integer program
in fig(si,t1, 82,12, -+, 8¢, Ir, A)|I|0<1) time, where fy is some computable func-
tion and |1| is the encoding length of the input.

The running time was further improved very recently in [9, 22]. In particular,
Koutecky et al. [22] showed that the running time can be further made into strongly
polynomial, and Eisenbrand et al. [9] showed an algorithm of an explicit running
time n2 B log2 (nta) - (s A)2@9) £ LP, where g is the logarithm of the largest number
occurring in the input, s = [[/_;(si + 1), 0 = > /_, s;, and LP is the time for
solving the LP relaxation of (2).

Remark The current best algorithm for tree-fold IP has a running time doubly
exponential in 7. It is an important open problem whether there exists an algorithm
of running time singly exponential in 7.

3.2.3 Multistage Stochastic IP

The following lemma is a restatement of the finiteness theorem (Proposition 8.11)
of [2].

Lemma 4 ([2]) Let H be a multistage stochastic matrix consisting of A1, Az, -+,
Az. Then |glloo < A for some X\ that only depends on the small matrices

A1, Ag, -+, Ay, le., on si, t; which are the number of rows and columns of Aj;
wherei = 1,2, ---, 1, and A which is the maximal absolute value of entries of all
A,' ’s.

It is worth mentioning that unlike n-fold IP, the general concrete upper bound
on A is unknown even for the special case of two-stage stochastic IP (i.e., even
if © = 2). Nevertheless, for any fixed H we can still compute A [2]. Based on
Lemma 4, Aschenbrenner and Hemmecke were able to show the following.

Theorem 5 ([2]) There exists an algorithm that solves multistage stochastic integer
program in fus(s1, 11,82, t, -+, S¢, tr, AP time, where fys is some com-
putable function and |1| is the encoding length of the input.

Recently Koutecky et al. [22] showed that the running time can be further made into
strongly polynomial.

Remark Even for the special case of two-stage stochastic IP, we do not yet know
an algorithm with an explicit running time. It is not even clear whether the running
time is doubly or triply exponential in parameters like t. This is an important open
problem. To derive such an algorithm, if we still use the iterative augmentation
framework, then we may need an explicit bound for A in Lemma 4.
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3.24 4-Block n-Fold IP

Recall the structure of a 4-block n-fold matrix. Suppose H consists of n copies of
A, B, D and one copy of C, then N = tc+ntp. We write the (¢c +ntp)-dimensional
vector x into n + 1 “bricks” x = (x0, x!, - - - , x), where x° is 7¢-dimensional and
x' is tg-dimensional for 1 < i < n. According to the augmentation framework, if
12°]loo < A for any g € G(H), then it suffices to solve the following subproblem:

Given IP (2) and w < O (log [lu]loc +10g [|1]|s0), find h such that ||h%||» < A and
wh < 1/c - 2®wg for all x-feasible step pairs (g, 2*) € G(H) X Z.

Let h, be the optimal solution for the subproblem, as ||h2||OQ < A, we can guess,
via O (A)'® enumerations, the fg-dimensional vector hg. Once we guess the correct
hg, the subproblem reduces to the following:

Given IP (2) and @ < O(log |[ulec + 10g |[1]joo), find h such that h® = h?, and
wh < 1/c - 2°wg for all x-feasible step pairs (g, 2*) € G(H) x Z.

It is easy to see that the subproblem reduces to exactly a subproblem for
an n-fold integer program, which, according to Theorem 3, can be solved in
Jup(8A, 8D, tA, tD, A)|I|0(1) time. Hence, we have the following observation,
which is also implicitly used in [5, 15]:

Observation 1 If ||g°)lcc < A for any g € G(H), then 4-block n-fold integer
programming can be solved in O (1) Jup(84, 8D, 1A, tD, A)Illo(l) time, where |I|
is the length of the input.

The observation allows us to focus on the £-norm of the first brick g® of a
Graver basis element. Is the upper bound A only dependent on the small matrices
A, B, C, D? Unfortunately, this is not true. In 2014, Hemmecke et al. showed
an upper bound of n20(mfb(sA, SB,SC,SD,tA,1B,tc,tp, A) for some computable
function f,, which is doubly exponential in the parameter sc. Very recently, Chen
et al. [5] is able to show the following:

Lemma 5 ([S]) Let H be a 4-block n-fold matrix consisting of A, B, C, D. Then
llglloo < n*C fp(sa, SB,SC,SD, tA, B, tc, D, A) for some computable function fp,
where s;, t; are the number of rows and columns of matrixi fori = A, B, C, D, and
A which is the maximal absolute value of entries of A, B, C, D. Furthermore, there
exists some 4-block n-fold matrix H such that |g°cc > $2(n°C) for any Graver
basis element g.

The above lemma indicates that, unlike its two special cases, n-fold IP and
two-stage stochastic IP, we do not have a similar finiteness theorem for 4-block
n-fold IP. Nevertheless, we have the following theorem by combining Lemma 5 and
Observation 1.

Theorem 6 ([S]) There exists an algorithm that solves 4-block n-fold integer
program in n®UB5) fi(sa, sp, sc, sp, ta,tp.tc,tp, A9V time, where fy is
some computable function and |1| is the encoding length of the input.
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Remark The reader can see that the unboundness of the Graver basis elements of 4-
block n-fold IP, as implied by Lemma 5, causes the algorithm to have a much higher
dependency of n in its running time, in particular, it is n©“85¢) instead of n9(!) in the
running times of algorithms for n-fold and two-stage stochastic IPs. Nevertheless,
this fact only indicates that the traditional approach may not be so efficient for 4-
block n-fold IP. It is still possible that a completely new approach can yield a running
time of f(s4,SB,Sc,Sp,ta,tB,tc, D, A)no(l) for some computable function f,
which is one of the most important open problems in this research direction.

4 Optimizing over a Non-linear Objective

When ¢ is a non-linear function, the problem is less understood. In particular,
polynomial time algorithms are only known for a restricted class of non-linear
functions. Moreover, even for those non-linear functions that admit a polynomial
time algorithm, it is not yet clear how these running times depend on the parameters.
These known algorithms still rely on the iterative augmentation framework, but we
will need a modified version of the Graver-best oracle.

4.1 Minimizing an Appropriate Convex Function

We define a function ¥ : Z — Z to be Z-convex, if for all x,y € Z and for
all 0 < A < 1 with Ax + (1 — A)y € Z, the inequality ¥ (Ax + (1 — A)y) >
A (x) + (1 — M) (y) holds. We define a function v : Z¥*! — Z to be a separable
Z-convex function if

k
Y (30, Y1 Y20+ 00 = Yo + ) ¥i(i),

i=1

where each ; is a Z-convex function.
Let ¢ € ZN for 0 < i < k. We consider the objective of min ¢ (x) where
¢ (x) = ¥(cox, ¢1X, - - -, ¢xX), or more precisely, we consider the following:

k
min  {eox+ » ¥i(ex): Hx=b, 1 <x<u, xez"}, 3)

i=1

Hemmecke et al. [13] showed a similar result to Theorem 1, which roughly states
that an integer program that minimizes a separable Z-convex function can be solved
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by calling a polynomial number of a slightly modified Graver-best oracle. More
precisely, We define H as the augmented matrix such that

I:I:=H0 ’
C I

where I is a k x k identity matrix and C = (cy, €2, - - - ,ck)T, which consists of
every ¢; as rows.

Similar to minimizing linear objectives, we define a Graver-best oracle for
separable Z-convex functions as follows. Towards that, recall that any Graver basis
element of Q(I:I) is an (N + k)-dimensional vector. We define G(H, C) to be
the projection of vectors in G (H) onto its first N coordinates, whereas vectors in
G(H, C) are N-dimensional. Furthermore, by the definition of H , it is easy to see
that for any g € G(H, C), we have Hg = 0.

Now we are able to define the Graver-best oracle for IP (3). Let the objective
function ¢ and G(H, C) be defined as above. We define an augmenting step g €
G(H, C) and a step length p € 7 as an X-feasible step pair with respect to a feasible
solution x if 1 < x + pg < u. An augmenting step h is a Graver-best step for x if
¢(x+h) < ¢(x+ pg) for all x-feasible step pairs (g, p) € G(H, C) x Z. The next
definition and theorem show that it is sufficient to focus all our attention on finding
Graver-best steps.

Definition 4 (Graver-Best Oracle for IP (3)) A Graver-best oracle for IP (3) is
one that, queried on w, b, 1, u, and x feasible to (3), returns a Graver-best step h
for x.

Then the following is true:

Theorem 7 ([13]) Let ¢ (x) = &(cox, CIX, - - ,CkX) = €oX + Zf-;l Yi(cix) be a
separable Z-convex function given by a polynomial time comparison oracle which,
when queried on y,z € ZFt', decides whether ¥(y) < ¥ (2), ¥(y) = ¥ (2),
or ¥(y) > ¥ (z) holds in time polynomial in the encoding length of y and z.
Let Ymax be an upper bound for the difference of maximum and minimum value
of& over the feasible set {x : Hx = b,1 < z < u,x € ZN} and assume
that the encoding length of H is of polynomial size in the encoding lengths of
H,b,l,u,cy,cy,--,ck Given a Graver-best oracle for IP (3), (3) can be solved
with a number of augmentation steps that are polynomially bounded in the encoding
lengths of H,b,1,u, ¢g, ¢y, -, C.

Combining Theorem 7 and the finiteness results shown by Lemmas 2 and 4, n-
fold and two-stage stochastic IP with certain type of non-linear objective functions
can be solved in polynomial time, as we specify the details in the following.
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4.1.1 Convex n-Fold IP

Consider n-fold IP. Recall that in an n-fold IP H consists of n copies of D € Z*P*D
and A € Z*AX'A where t4 = tp := t, and any feasible solution X is an nt-
dimensional vector. We write X = (x1 X2 x™) where each x' € Z!. We consider
the objective function ¢ such that

n
px) =) ¢ ),
i=1
where each ¢ satisfies that

k
¢ () =) i(cjz) +cjz

j=1

for convex functions ¢j, j=1,2,---,k where k is a fixed constant. Note that here

we have the same vectors ¢;’s in each ¢i , while the linear coefficient cg is different
for each ¢’. We call an IP with H being an n-fold matrix and the objective function
¢ being defined as above the problem of minimization convex n-fold IP. Then we
have the following.

Theorem 8 ([13]) Given a polynomial time comparison oracle for each ¢' : 7! —
7 which, when queried ony, z € 7!, decides whether ¢ (y) < ¢'(2), ¢’ (y) = ¢'(z),
or ¢' (y) > ¢'(z) holds in time polynomial in the encoding length of y and z, there
exists an algorithm that solves the problem of minimization convex n-fold IP in time
polynomial in the input length.

We remark that the explicit running time of the algorithm for Theorem 8 is not
known yet, but the readers may expect a similar running time to that of Theorem 3.
That is, the running time is polynomial if s4, sp, t = t4 = tp and A are all constant.
It is not clear, though, whether the running time can be made into polynomial in ¢.

4.1.2 Convex Splittable Two-Stage Stochastic IP

Consider two-stage stochastic IP. Recall that in a two-stage stochastic IP H consists
of n copies of A € Z*A*'A and B € Z°8*'B, and any feasible solution x is an
(tg + nt4)-dimensional vector. We write x = (x°, x!, - - - , x"), where x* € Z'8 and
x' € 7' for 1 <i < n. We consider the objective function ¢ such that

px) =Y ¢’ x)),
i=1
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where each ¢’ : Ri418 — R satisfies that

k
¢ (x°.x') =) "¢l (e;x" +d;x))

j=1

for convex functions ¢§., j=172,--- k, where k is a fixed constant. Note again
that we have the same vectors ¢; and d;.

We further define a convex function ¢/ : R4*2 — R that maps ZA 78 to Z
splittable, if for all fixed vectors y € Z'8, z,hy, hy € Z', and for all finite intervals
[a, b] € R, there exists polynomially many (in the encoding length of the problem
data) intervals Iy, I», - - - , I, such that:
¢ [a,b]= U;lej,

. Ijﬁlj/ﬂZzﬂforalllfj<j’.§r, . .
e foreach j = 1,2,.--,r,either ¢'(y,z + oh) < ¢'(y,z + ahy) or ¢'(y,z +

ahy) > ¢/ (y, z + ahy) holds for all @ € I;.

It is worth mentioning that convex polynomials of a constant maximal degree are
splittable.

We call an IP with H being a two-stage stochastic matrix and the objective
function ¢(x) = Z:’:I d)i (xY, x) being such that each ¢i is a convex splittable
function for the problem of minimization convex splittable two-stage stochastic 1P,
then we have the following theorem:

Theorem 9 ([13]) There exists an algorithm that solves the problem of minimiza-
tion convex splittable two-stage stochastic IP in time polynomial in the input length.

Note that the running time is polynomial when s 4, sp, f4, g, and A are all constant.
The explicit running time is unknown yet.

4.2 Maximizing an Appropriate Convex Function for n-Fold
P

The problem of maximizing a convex function is much less understood. It is not
clear, e.g., for two-stage stochastic IP, whether maximizing a convex function, under
appropriate restrictions, can be solved in polynomial time. Nevertheless, there exists
some result for the n-fold IP due to De Leora et al. [7], as we elaborate below.

Consider n-fold IP. Recall that in an n-fold IP H consists of n copies of D €
750X and A € ZS4*!A, where t4 = tp := t, and any feasible solution X is an
nt-dimensional vector. We write X = (X1 X2 x"), where each x e 7.

We consider the objective function ¢ such that:

¢(X) = ‘(//(C]X’ X, -+, CkX),
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where k is a fixed constant, ¢; € Z" for 1 <i < k, and ¥ : RF — R is a convex
function. We call an IP with H being an n-fold matrix and the objective function ¢
being defined as above the problem of maximization convex n-fold IP. We have the
following.

Theorem 10 ([7]) Given a polynomial time comparison oracle for ¥ : R — R
which, when queried on'y,z € Z", decides whether ¥ (y) < ¥ (z), ¥ (y) = ¥ (z)
and ¥ (y) > ¥ (z) holds in time polynomial in the encoding length of y and z, there
exists an algorithm that solves the problem of maximization convex n-fold IP in time
polynomial in the input length.

Note that the running time is polynomial if k, s4, sp, t = t4 = tp, and A are all
constant.

S Application to Combinatorial Optimization Problems

Integer programming is a powerful tool for solving many combinatorial optimiza-
tion problems. However, solving a general IP is NP-hard [19], as we mentioned
before in the introduction. To derive polynomial time (approximation or FPT)
algorithms, a common approach is to model the problem with IPs that belong to
the tractable sub-classes. In particular, most previous researches focus on modeling
the problem with IPs that consist of only few variables and utilize Lenstra’s
elegant algorithm [23]. While this approach has proved to be successful in many
problems, sometimes we do encounter difficulty in modeling problems with only
a constant number of integral variables. Block-structured IP, on the other hand,
provides us with a new alternative solution that allows us to model problems by
utilizing an arbitrary number of integral variables. In this section, we will review
recent progress in the application of the block-structured IP in many classical
combinatorial optimization problems. Some of the application involves a highly
non-trivial modeling of the problem, and may inspire future research in this
direction.

We remark that, this section of the survey is dedicated to theoretical algorithmic
results. There do exist researches targeting at implementation. For example, n-
fold IP applied for scheduling and other related problems has been implemented
and evaluated through extensive experiments in [1], where a Github code is also
provided.

5.1 Scheduling

Scheduling is a classical problem in combinatorial optimization whose research
dates back to the 1960s [11]. Most of the existing researches in the past decades
focus on approximation or exact algorithms for different variants of the scheduling
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problem. The study of FPT algorithms for scheduling, however, is relatively new
and was initiated in a recent paper by Mnich and Wiese [24]. A very recent paper
by Knop et al. [20] establishes an interesting connection between n-fold IP and the
scheduling problems, which yields FPT algorithms for a broad class of scheduling
problems. In the following we will first briefly introduce the classical scheduling
problem, and then elaborate their results.

In a classical scheduling problem, there are n independent jobs (tasks) and m
machines (processors). We focus on non-preemptive scheduling in this section,
where each job has to be processed non-preemptively on one of the machines.
The processing time of job j on machine i is p;; € Zxo, giving rise to the
processing time matrix PM = (p;j)nxm. A feasible solution (schedule) to the
scheduling problem is an assignment .4 that assigns each job j to a specific machine
A(j)efl,2,--- ,m}.

There are three common machine environments commonly studied in the
literature, namely:

* Identical machines (P): p;;j = p;. In this case, the processing time of job j is
independent of machines.

* Related machines (Q): p;j = pj/sifors; € Z,,1 <i <m.

* Unrelated machines (R): p;;’s are arbitrary non-negative integers.

We consider two popular objective functions, minimizing the makespan and
minimizing the total weighted completion times. Given a feasible schedule, we
denote by C; the completion time of job j, which is the time when the processing of
job j finishes. The makespan, denoted as Cy,4y, is the latest completion time among
all jobs, i.e., Cjnax = max; C;. The weighted total completion times, denoted as
> w;Cj, is the weighted sum over all the completion times of jobs, where w; is
the weight of job j, which is a given integer. Adopting the classical three field
notation, the problem of minimizing the makespan on identical machines is denoted
as P||Cpqax. Similarly, the problem of minimizing total weighted completion times
on unrelated machines is denoted as R|| Y~ w;C;.

To give a simple illustration on how we can handle scheduling problems via n-
fold IP, we will take P||Cy,qx as an example. We will show that, an FPT algorithm,
parameterized by the largest job processing time, p,qx, can be derived by utilizing
Theorem 3. It is worth mentioning that such an FPT algorithm was first discovered
by Mnich and Wiese [24] through a different approach. Nevertheless, n-fold IP
provides an alternative approach to derive an FPT algorithm for P||C,4x, and
is interesting on its own due to its straightforwardness—the reader will see that,
the natural IP formulation of P||C,,,y already belongs to n-fold IP, and an FPT
algorithm follows directly via Theorem 3.

Consider P||Cjnqx and recall that py,.y is the largest job processing time. Let N;
be the number of jobs whose processing timeis j € {1, -, pmax}. Let T € Zx¢ be
a target makespan, we establish the following integer program to determine whether
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there exists a feasible schedule of makespan bounded by T':

m

inj:N” V1 < j < Pmax (4a)
i=1

pﬂ‘lﬂ,‘(

> pjxij <T. ¥l<m, (4b)
j=1

where x;; € Z>( denotes the number of jobs whose processing time is j and is
scheduled on machine i.

To see the IP above falls into the class of n-fold IP, we let X' =
(X1, Xi2s "+ Xippae) @0d X = (x',x%,--- ,x™). Define D = I, and
A = (1,2,---, pmax), it is easy to see that Equation (4a) is equivalent to
>, Dxl = b®, where b® = (N1, Na, --- , N pmax)» and Equation (4b) is equivalent
to Ax' < T.That s, the IP above is an n-fold IP. Consequently, applying Theorem 3,
we have the following theorem.

Theorem 11 ([24]) P||Cyax admits an FPT algorithm parameterized by pmax-

It is worth mentioning that a PTAS for P||C,,,x can be derived by utilizing the
theorem above and the classical rounding technique. More precisely, the classical
rounding technique allows us to transform a given scheduling instance into a
modified instance in which the largest job processing time is O(1/elog1/€) at
the cost of a multiplicative 1 4+ O(¢) factor in the objective value (see, e.g., [16]).
Applying the theorem above with p,,,, = O(1/€log1/e), a PTAS follows directly.

Using a similar idea, we may leverage n-fold IP to derive FPT algorithms for
different variants of scheduling problems, despite that the natural IP formulation of
the problem no longer belongs to the n-fold IP, and consequently much more effort
is needed to derive a clever IP formulation. Prior to presenting these more general
results, we first introduce the parameters needed.

Recall the unrelated machine scheduling. We consider a restricted version of
this problem in which the m machines can be divided into K different groups,
where machines of the same group are identical. That is, we have K different
types of machines. In addition to the parameter K, we also consider the following
parameters.

*  Pmax: largest job processing time,

* Wy largest job weights,

e m: number of machines, and

* 6: number of distinct job processing times for the objective of C,,y, or number
of distinct job processing times and job weights for the objective of ) w;C;.

The following results are due to Knop and Koutecky [20].
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Theorem 12 ([20]) The following scheduling problems admit FPT algorithms
parameterized by t that is defined as follows for each specific problem:

* OllChax: T = Pmax»

* R||Cpax: T = pEop

e RIIYw;Cj:v=max{pk, . wk 1} and
. R||ijCj:‘L':m9’".

It is remarkable that the above results are all based on the application of n fold IP.
The parameterized algorithms for Q||Cy,qx and R||C,qx can be further generalized.
Recently, Chen et al. [4] considered a new parameter rk, which is the rank of the
processing time matrix P M. Note that for Q||Cjqx, the rank of PM is 1. For
R||Cpax where machines have K different types, the rank of PM is at most K.
Chen et al. [4] showed the following:

Theorem 13 ([4]) R||Cyax admits an FPT algorithm parameterized by ppax and
rk.

Although the algorithm of Chen et al. does not use n-fold IP directly, it utilizes
Theorem 12.

5.2 Computational Social Choice

Computational social choice is an interdisciplinary research field that combines
social choice theory, theoretical computer science, and the analysis of multi-agent
systems. A very recent paper by Knop et al. [21] established a very interesting
connection between n-fold IP and a classical problem in computational social
choice, namely the bribery problem. Prior to presenting the results, we first
introduce some basic concepts in this field.

Election Model Consider a set of m candidates C and a set of n voters V. Each
voter v has a preference list of candidates, which is essentially a total order >, over
candidates. The rank of candidate ¢ in the preference list of voter v is given by
r(c, v).

Voting Rules A voting rule is a function that maps an election, specified by C, V
and the preference lists, to a subset of winners W C C. There are various different
voting rules. For the purpose of the result to be presented in this section, we focus
on two broad sub-classes of voting rules.

Scoring Rules A scoring rule R assigns a score or point for each candidate based
on their position in the preference list of a voter. More precisely, if a voter v ranks
a candidate c¢ at its h-th position, then the scoring rule assigns a value of s(h),
implying that ¢; receives s(h) points from v;. Summarizing the scores of ¢; received
from all the voters, we get the total score of ¢;. A candidate with the maximal score
becomes the winner. For example, one of the most popular voting rules, Plurality, is
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one kind of scoring rules where each candidate only receives one score from a voter
that prefers him/her the most.

C1 Rules A candidate ¢ € C is called a Cordorcet winner if any other ¢’ € C \ {c}
satisfies that [{v € V|c >, ¢/}| > [{v € V|¢' =, ¢}|. A voting rule R is Condorcet-
consistent if it selects the Condorcet winner in case there is one. Fishburn [10] gives
a classification of Condorcet-consistent voting rules. For our sake, we only focus
on one kind known as C1 rules defined as follows. For any ¢, ¢’ € C, we define
v(c, ') = |{v € V]c =, ’}|. A voting rule is a C1 rule if the Condorcet winner can
be determined as long as we know whether v(c, ¢’) > v(c/, ¢), v(c, /) = v(c/, ¢),
orv(c, ¢’) < v(c, ¢) for each pair c, c’.

Bribery via Swaps For any pair of candidates c, ¢’ € C, a swap (c, ¢’), is defined
to be the exchange of positions ¢ and ¢’ in the preference list >,. Suppose there is
an attacker/briber who tries to manipulate the result of an election by a sequence of
swaps. Each swap (c, ¢’), is associated with a cost o, (c, ¢’). The R-swap bribery
problem asks for a set of swaps with a minimum total cost that makes some
designated candidate ¢* a winner. More precisely, consider the following problem:

‘R-swap Bribery Given are an election C, V together with the preference lists of
voters, a designated candidate c¢*, a voting rule R, and a cost function o. The
goal is to find out a set of swaps such that ¢* becomes the winner and total cost
is minimized.

By establishing a suitable IP formulation of the R-swap bribery problem and
applying the algorithmic results from n-fold IP, Knop et al. [21] were able to show
the following:

Theorem 14 ([21]) R-swap bribery can be solved in time

. |C|0(‘C|2) o(| V|3(10g |V | 4 1og |omax|)) for any natural scoring rule R, and
« [C12UC OV (0g |V + 108 Omax)) for any C1 rule R,

where o4y 1S the largest swap cost.

We remark that Knop et al. [21] were able to model the R-swap bribery problem
into a special case of n-fold IP where A = (1,1,---,1),1.e., Aisa 1 x t matrix
with each coordinate being 1. They call such a special n-fold IP as combinatorial
n-fold IP. While we can directly utilize the current best-known algorithm for the
n-fold IP in [9] to derive the results as is shown in the above theorem, it is still
possible, though, that the combinatorial n-fold IP admits a better algorithm, yielding
an improved FPT result for R-swap bribery.
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5.3 Multiple TSP on a Tree

TSP (traveling salesman problem) is a fundamental problem in combinatorial opti-
mization. Very recently, Chen and Marx [3] were able to establish the relationship
between a variant of TSP and the tree-fold IP, which is very interesting and also of
great importance, as this is arguably the first application of block-structured IP to
derive FPT algorithms for TSP-related routing problems, with the potential further
extensions to more general graphs. We give a brief introduction to their results in
the following.

We consider the multiple traveling salesman problem on a tree. In this problem,
we are given a tree T = (V, E) with V and E being the set of vertices and edges.
There is a non-negative weight (length) w(e;) € Zx( associated with each edge e;.
Let rt be the root of the tree. Initially there are m salesmen located at the root. Each
of the salesmen needs to travel along edges to visit a subset of the vertices and return
to the root at last. The problem of multiple TSP on a tree asks for the tour of every
salesman such that every vertex of the tree is visited by at least one salesman, and
the length of the longest tour among all the salesmen is minimized.

It is easy to observe that if the given tree T is a star, then each salesman actually
travels a distinct subset of edges, and the length of the tour is twice the total length
of the edges. If we view the length of an edge as a processing time of a job, it is not
difficult to see that the multiple TSP problem on a star is essentially the identical
machine scheduling problem with the objective of minimizing the makespan.

Notice that for a salesman to visit a subset of vertices and return to the root, if he
has to pass an edge, then he has to pass this edge at least twice, and it is possible for
him to pass this edge exactly twice. Hence, the problem of multiple TSP on a tree
is equivalent to the rooted subtree cover problem in which the goal is to find out m
subtrees rooted at r¢ whose union covers 7" such that the largest total weight among
all the subtrees is minimized.

Chen and Marx [3] showed the following in their recent paper.

Theorem 15 ([3]) There exists an FPT algorithm parameterized by k that deter-
mines whether the problem of multiple TSP on a tree admits a feasible solution of
objective value at most k.

The above theorem is proved via formulating multiple TSP on a tree into a tree-
fold IP. The connection between TSP and block-structured IP is quite hindsight and
such a formulation is also non-trivial and requires a lot of technical details, which
are skipped in this survey.
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5.4 Other Applications

Besides the applications mentioned in the previous subsections, block-structured IP
is also used to derive FPT algorithms for many other combinatorial optimization
problems. We give a very brief introduction here.

Non-linear Multicommodity Transportation The problem was defined in [14].
We briefly recap their description. There are of £ commodities, m suppliers, and
n consumers. Each supplier i has a supply vector s' & Zﬂ with s}'{ its supply in
commodity k. The amount of commodity & to be routed from supplier i to consumer
J 1is an integer decision variable xi]’ - The total amount Zi: 1 xi{  of commodities
routed on the channel from i to j should not exceed the channel capacity u; ;

and has cost f; j(Zizl xl'.’; ) for suitable univariate functions f; ;. By modeling
the non-linear multicommodity transportation problem into an n-fold IP and using
Theorem 7, Hemmecke et al. showed the following.

Theorem 16 ([14]) For every fixed £ commodities, m suppliers, and p, there
exists an algorithm that, given n consumers, supplies, and demands s, ¢/ € Zﬂ,
capacities u; j € Zy, and convex p-piecewise affine costs f; j : Z — Z, solves in
polynomial time O (n3L), with L being the input length, the integer multicommodity
transportation problem

m n V4 ) ) ) l
: - Jy . ] Jo_ Jo_ A J .
mm{Z Z fw(Z Xip) P Xy € Ly, in,k = S in,k =<, in,k < uij}
k=1 j i k=1

i=1 j=I

Weighted Set Multicover This is a generalization of the traditional set cover
problem. In this problem, there are a universe U of size k, a set system represented
by a multiset F = {Fj, Fp,---, F,} € 2Y, weights wy, wy, -+, w, € Zxo,
demands dy,da, -+ ,dy € Zso. The goal is to find a multisubset 7/ C F
minimizing Zi:F,-e]—'/ w; and satisfying |{i : F; € F',j € F;}| = d; for all
j=12,--- k. By modeling the weighted set multicover problem into an n-fold
IP and using Theorem 3, Knop et al. [21] showed the following.

Theorem 17 There is an algorithm that solves weighted set multicover in time
KO O(logn + log wigx ), where wy,qyx is the maximal set weight.

String Matching Many variants of string matching problems are shown to admit
an FPT algorithm via n-fold IP. In the following we briefly describe the problem of
8-multi-strings, which is shown to admit an FPT algorithm by Knop et al. [21]. It is
worth mentioning that although §-multi-strings are somehow an artificial problem,
its generality allows us to derive FPT algorithms for other closely related string
matching variants, including closest string, d-dismatches, etc. The reader may refer
to [21] for these extensions. In this subsection, however, we will focus on the
problem of §-multi-strings.
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In this problem, given are a set of strings S = {s1, s2, - - -, sx}, each of length
L over alphabet X' U {x}, distance lower and upper bounds dj, da, - -+ ,di € Z>o
and D1, Dy, -, Dy € Z>o, distance function § : X* x X* — Z, and a binary

parameter b € {0, 1}. The goal is to find a string y € YL with d; < 8(y,s1) < D;
for each s; € S such that b - (Zle 8(y, si)) is minimized.

We define a distance function § : X* x ¥* — Zso to be character-wise
wildcard-compatible if § (x, y) = Zle 8(x[i], y[i]) for any two strings x, y € L
and §(e,x) =0foralle € X.

Knop et al. [21] showed the following.

Theorem 18 ([21]) There is an algorithm that solves §-multi-strings in
KO ) 0(log L) time, where K = max{|X|, k, maxq pes 8(a, b)} and 8 is any
character-wise wildcard-compatible function.

6 Conclusion

In this paper, we have reviewed recent progress in the algorithmic research of block-
structured IP and its application in various combinatorial optimization problems.
There are several important open problems, which have been mentioned in the
remarks at the end of corresponding subsections, and we give a short summary
here. From a theoretical point of view, the concrete running time of the algorithm
for n-fold IP with a linear objective has been shown and improved over a series
of papers; however, for other block-structured IP, e.g., the two-stage or multistage
stochastic IP, we do not know a concrete running time yet. Furthermore, for the
more general 4-block n-fold IP, the current best algorithm has a running time whose
dependency on n is n°C, it is not clear whether an algorithm of a running time
f(sa,SB,Sc,SD,tA,tB, tC, D, A)no(l) exists for some computable function f.
For non-linear objectives, we know even less, e.g., 4-block n-fold IP with a non-
linear objective is much less understood. From the application point of view, we
have applied block-structured IP successfully in many combinatorial optimization
problems and derived interesting results, including scheduling, computational social
choice, string matching, multiple TSP, etc. The investigation of these problems may
also inspire our research in block-structured IP. In particular, the development of the
tree-fold IP is motivated by the problem of multiple TSP on a tree, while the research
on tree-fold IP is also important towards a better understanding of block-structured
IP. With so many different variants of combinatorial optimization problems, it is
always desirable that a unified approach can be derived, and block-structured IP,
particularly n-fold IP, does serve as a general tool for a broad class of problems.
It will be interesting to further investigate and discover the relationship between
block-structured IP and combinatorial optimization problems.
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Online Combinatorial Optimization )
Problems with Non-linear Objectives e

Zhiyi Huang

Abstract We survey some recent progress on the design and the analysis of online
algorithms for optimization problems with non-linear, usually convex, objectives.
We focus on an extension of the online primal dual technique, and highlight its
application in a number of applications, including an online matching problem
with concave returns, an online scheduling problem with speed-scalable machines
subjective to convex power functions, and a family of online covering and packing
problems with convex objectives.

1 Introduction

Online combinatorial optimization problems are ubiquitous. In these problems,
partial decisions must be made irrevocably based on the information revealed so
far. For example, in the online bipartite matching problem, only one side of the
vertices is given at the beginning. Then, the vertices on other side arrive one by one.
On the arrival of an online vertex, its incident edges are revealed and the algorithm
must irrevocably decide how to match it without any knowledge of the vertices
that will arrive later. Due to the uncertainty of future, it is impossible in general to
guarantee a maximum cardinality matching in the online setting. The performance
of the algorithm is measured by the ratio of the size of the obtained matching to that
of the maximum matching in hindsight. The competitive ratio of the algorithm is
defined to be the above ratio in the worst case.

The online bipartite matching problem and its many variants are extensively
studied in the literature. So are other classic online combinatorial optimization
problems, including online covering and packing problems, online caching and
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paging, and online scheduling. Most of the previous work have focused on problems
with linear objectives in the sense that the objective function can be written as a
linear function of the decision variables. For example, the standard formulation of
online bipartite matching uses an indicator variable x, € {0, 1} to denote whether an
edge e is chosen in the matching. The objective, i.e., the cardinality of the matching,
is simply the sum of all such indicator variables. It remains linear even if we consider
the generalization which allows edge weights and seeks to maximize the total weight
instead of the cardinality of the matching.

However, there are also a wide range of problems whose natural formulations
involve non-linear (often convex or concave) objectives. For instance, a variant of
the online bipartite matching problem originated from the Adwords problem allows
an offline vertex to match multiple online vertices, but imposes a cap (e.g., an adver-
tiser’s budget in the Adwords problem) on the total gain of an offline vertex. In other
words, the contribution of an offline vertex to the objective function is the smaller of
its cap and the sum of weights of matched edges incident to it. The objective is then
the sum of such cap-additive functions of the decision variables, which are concave
instead of linear. Other examples of online combinatorial optimization problems
with non-linear objectives include online scheduling problems with speed-scalable
machines in which the energy consumption of a machine is a convex function of its
speed, and a generalized online resource allocation problems in which each resource
has a “soft capacity constraint” specified by a convex production cost function.

In this chapter, we will survey some recent progress in the design and analysis
of online algorithms for online combinatorial optimization problems with non-
linear objectives. We will talk about a line of research on generalizing the online
primal dual technique by Buchbinder and Naor [6], which was originally designed
for linear objectives, to handle convex and concave objectives. The generalization
allows us to solve the above-mentioned problems that do not admit natural linear
program relaxations.

In particular, we will focus on convex programs and Fenchel’s duality in the non-
stochastic setting. Readers are also referred to other interesting work along this line,
including using the online primal dual technique (or dual fitting) with Lagrangian
duality by Anand et al. [2], Gupta et al. [12], Nguyen [17], and online stochastic
convex optimization by Agrawal and Devanur [1].

1.1 Organization

We will first recap the online primal dual technique (Section 2), and explain how to
extend it to handle convex programs via Fenchel’s duality (Section 3). Then, we will
talk about three applications of the extension: online matching with concave returns
[11] (Section 4), online scheduling with speed scaling [10] (Section 5), and online
covering and packing problems with convex objectives [3] (Section 6).
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2 Online Primal Dual for Linear Objectives

We first give a brief introduction to the original online primal dual technique for
problems with linear objectives by demonstrating its application in the ski-rental
problem (e.g., Buchbinder and Naor [6]). Readers who are familiar with the original
online primal dual technique may skip this section.

In the ski-rental problem, a skier arrives at a ski resort but does not know when
the ski season will end. Every day, if the skier has not bought skis yet, she needs to
decide whether to rent skis at a cost of $1 or to buy skis at a cost of $B. We will
assume for simplicity of our discussion that B is a positive integer. The goal is to
minimize the total cost.

We follow the standard framework of competitive analysis of online algorithms.
That is, we use the optimal cost in hindsight, which equals $7 if T < B and $B
otherwise, as the benchmark. The performance of an algorithm for the ski-rental
problem and, in general, for any cost minimization problem, is measured by the ratio
of the expected cost of the algorithm to the optimal cost. We say that an algorithm
is F-competitive or it has competitive ratio F if the aforementioned ratio is at most
F for any instance of the problem. Obviously, the competitive ratio of an algorithm
is always greater than or equal to 1, and the smaller the better.

Consider a natural linear program formulation of the ski-rental problem and the
corresponding dual program below.

minimize B-x+Yl »
subject to x+y>1 t=1,...,T
X, 5 =0 r=1,...,T
maximize Z,T: | %
subject to ST o <B
0<o, <1 t=1,...,T

Here, x is the indicator of whether the algorithm buys skis, and y; is the indicator
of whether the algorithm rents skis on day ¢. For simplicity, we will only discuss
solving the linear programs online to minimize the expected primal objective value.
Readers are referred to the survey by Buchbinder and Naor [6, Section 3] for
an online rounding algorithm which convert the online fractional solution into a
randomized integral algorithm for the ski-rental problem with the same competitive
ratio. Roughly speaking, the fractional value of x denotes the probability that the
algorithm buys skis and the fractional value of y; denotes the probability that the
algorithm rents skis on day ¢.
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2.1 High-Level Plan

As the input information being revealed over time piece by piece, more variables
and constraints of the primal and dual programs are presented to the algorithm. On
each day ¢, a new primal variable y; > 0, a new primal constraint x + y; > 1, and
a new dual variable 1 > «; > 0 arrive. Online primal dual algorithms maintain at
all time a feasible primal assignment and a feasible dual assignment simultaneously.
Let A; P and A; D be the changes of the primal and dual objectives, respectively, on
day 7. The goal is to update the primal and dual variables to satisfy:

AP <F-AD (D

for some fixed parameter F' > 1. If Equation (1) holds and the initial values of
the primal and dual objectives are zero, the algorithm is F-competitive because the
final primal objective P is at most F times the final dual objective D, which by
weak duality is less than or equal to the optimal primal objective.!

2.2 Relaxed Complementary Slackness

In order to understand how an online primal dual algorithms can be derived
from the structure of the linear programs, we need to look into their optimality
conditions. It is known that the offline optimal primal and dual solutions satisfy the
complementary slackness conditions, which state that a primal (resp., dual) variable
must be zero unless the corresponding dual (resp., primal) constraint is tight (e.g.,
[9]). Specifically, for the ski-rental problem, we have the followings:

(a) x must be zero unless Zthl oy = B;
(b) y; must be zero unless oy = 1;
(c) o must be zero unless x + y; = 1.

However, it is generally impossible to satisfy all complementary slackness
conditions exactly in an online problem. In particular, it is not possible to guarantee
satisfying conditions (a) and (c) exactly in the ski-rental problem. The best we
could hope for is to satisfy the complementary slackness conditions approximately.
Online primal dual algorithms are therefore driven by satisfying these conditions
approximately, where the value of a primal (resp., dual) variable depends on the
tightness of the corresponding dual (resp., primal) constraint. Concretely, consider

1Some applications of the online primal dual technique maintain an alternative set of invariants,
e.g., one may consider keeping primal and dual objectives equal and guaranteeing primal
feasibility, while showing approximate dual feasibility. However, such variants can be easily
rewritten to fit into the framework in this chapter.
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the following relaxed conditions for the ski-rental problem. Note that condition (b)
will remain the same as it can be satisfied exactly even in the online setting.

(a") x depends on the tightness of the corresponding dual constraint Zthl o < B,
i.e., it is an increasing function of Zthl oy

(¢/) a; must be zero unless x + y; = 1, at the end of day 7 (the constraint may have
slack in the future because the algorithm may increase x).

2.3 Online Primal Dual Algorithms

Fix any day 1 < i < T, first consider the new dual variable ;. To maximize the
dual objective, letting o; = min{1, B — Z;;} o;} is the most natural choice in light
of the dual constraints. Recall that B is an integer, this is equivalent to letting or; = 1
if i < B and o; = 0 otherwise. As a result, Zt o; increases by 1 oneachdayi < B
and the algorithm increases x according to condition (a’). Let x; denote the value
of x after day i fori = 1,..., B, and xo = 0. After day B, Zt o, and, thus, the
value of x must remain constant because of condition (a’). Further, let y; = 1 —x; to
satisfy condition (¢’). Note that this is also the most natural choice to minimize the
primal objective. Finally, since we let ; = 0 for i > B, we must have y; = 0 and
x = 1l onanyday i > B according to condition (b) and, thus, xg = 1 most hold.

In sum, for every monotone sequence x;, t = 0, 1, ..., B, such that xo = 0 and
xp = 1, there is an online primal dual algorithm as follows:

1. Ondayi=1,...,B,lete; = 1, x =xj,and y; = 1 — x;.
2. Ondayi > B, let®; = 0, x remains the same (i.e., equals 1), and y; = 0.

2.4 Online Primal Dual Analysis

It remains to find the best monotone sequence {x;};,=1,...p such that Equation (1)
holds with the smallest possible /' > 1. Note that both the primal and dual objectives
remain the same after day B, so it suffices to analyze Equation (1) on the first B
days.Oneachdayt =1, ..., B, x changes from x,_1 to x;, and y; = 1 — x;. So the
change of primal objective is equal to:

AP=B -(xy—x-)+A—-x)=B—-1)-x,—B-x-1+1
On the other hand, the algorithm sets «; = 1. So the change of dual objective is

AtDzl



184 Z. Huang

So Equation (1) becomes (B — 1) - x; — B - x;—1 < F — 1. Reorganizing terms,
it is equivalent to the followings:

x+F—1 <—(xt 1+ F—1),
Using the above inequality for 1, 2, ..., ¢, we get that:
B \! B \!
x < () o+ F-D-F-D=((z)-)F-1 2)

Let e(B) = ( ) We have e(B) > e and limp_, 1o e(B) = e =~ 2.718. By

xp = 1 and the above inequality, we have F > flg?)l Let F = (egl] and let x;
be such that Equation (2) holds with equality Then, we have an online primal dual
e(B)

algorithm with competitive ratio BT S —%5 ~ 1.582. This competitive ratio is
in fact the best possible (e.g., Buchbinder and Naor [6]).

As a concluding remark of the section, we highlight that the derivation of the
online primal dual algorithm for the ski-rental problem and its analysis follow
mechanically from the primal and dual linear programs and the corresponding
relaxed complementary slackness conditions. No cleverness is needed to derive the
optimal competitive ratio. This is, in my opinion, the main strength of the online
primal dual framework. In more complicated problems, it is non-trivial to obtain
a good enough understanding of the mathematical programs and to find the right
relaxation of their optimality conditions. Once we figure them out, however, the
design of the algorithm and the analysis will again become mechanical.

3 Online Primal Dual for Convex and Concave Objectives

Let us first introduce some necessary background on the conjugates of convex and
concave functions and a duality theory for convex programs.

3.1 Conjugates

Let f : R’} > R, be a convex function. Its convex conjugate is defined as:
FH(*) =max {(x,x*) — f(x)} .
x>0

Here, x* is also an n-dimensional vector. {x, ) denotes the inner product of vectors
x and x*. For example, suppose f(x) = —x is a polynomial. Then, f*(x*) =

a1 - é)x a1 is also a polynomial. Here, we add the coefficient é to f so that
the coefficient of the conjugate f* is simple, without changing the nature of the
functions. We will have similar treatments throughout the chapter.
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For simplicity, we will further assume that f is non-negative, non-decreasing,
strictly convex, differentiable, and normalized such that f(0) = 0 in this chapter. In
this case, the conjugate satisfies the following properties:

e f*is non-negative, non-decreasing, strictly convex, differentiable, and normal-
ized such that f*(0) = 0;

. f** — f

e Vf and Vf* are inverse of each other, and we say that x and x* form a
complementary pair if x = V f*(x*) and x* = V f (x).

Next, consider a concave function g : R} + R. Its concave conjugate is defined
similarly as follows:

ge(x™) =min {{x,x") —g(0)} .

Similar to the convex case, we will further assume g to be non-negative, non-
decreasing, strictly concave, differentiable, and normalized such that g(0) = 0 in
this chapter. In this case, the concave conjugate satisfies the following properties:

* g, is non-positive, non-decreasing, strictly concave, and differentiable;

® Sxx = &5

* Vg and Vg, are inverse of each other, and we say that x and x* form a
complementary pair if x = Vg, (x*) and x* = Vg(x).

Assuming some mild conditions which hold for all problems in this chapter and,
hence, are omitted, the following strong duality holds. It is known as Fenchel’s
duality theorem.

minimize {f)—g)} = maximize {ge(x™) — f*(xM)} . 3)

3.2 An Example: Online Auction of an Item with Production
Cost

In the rest of the chapter, we will restrict our attentions to convex programs with
linear constraints. In this section, we will consider an online auction of one item
with production cost as a simple running example to demonstrate the application of
Fenchel’s duality as well as how the online primal dual technique works.

Let there be a seller with one item for sale. Let there be n buyers who arrive
online. Each buyer i has a value v; € R, that specifies the maximum price i is
willing to pay for a copy of the item. The technique can actually handle much more
general settings with multiple heterogeneous items and combinatorial valuations of
agents. We consider this simple case an illustrative example in this section, and
refer readers to Huang and Kim [13] for further discussions on the general case.
For simplicity, let us omit the strategic behaviors of buyers and assume that the
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valuation of each buyer is revealed to the seller at the buyer’s arrival. On the arrival
of a buyer i, the seller decides whether to allocate a copy of the item to buyer i or
not. The seller may produce an arbitrary number of copies of the item subject to a
production cost function f, i.e., producing y copies of the item leads to a production
cost of f(y). The goal is to maximize the social welfare, i.e., the sum of values of
the buyers for the allocated bundle of items less the production cost.

Below is a natural convex program relaxation of the online combinatorial auction
with production costs. Here, we assume for simplicity that f is defined for all

non-negative real numbers. Readers may think of it as, e.g., f(y) = % yz, for
concreteness.
maximize Yorvixi — f()
subject to Y xi=y
0<x; <1 i €[n]
y=0

Here, x; is the indicator of whether buyer i gets a copy of the item, and y is the total
number of allocated copies.

The Fenchel’s dual convex program can be derived from the Lagrangian dual and
the definition of convex conjugates. Taking the Lagrangian dual, we have

minimize maximize Y 7 vixi — f(y) + Y ui(1 —x;) + p(y — 27 xi)

u>0,p x,y=0
First, consider the maximization problem w.r.t. x;, namely

0 ifu; +p > v,

x;i>0

maximize (v; — u; — p) - X; = .
+ oo otherwise.

Thus, it imposes a linear constraint u; + p > v; in the dual problem.
Next, consider the maximization problem w.r.t. y, namely

maximize py — f(y)
y=0

By the definition of convex conjugates, the optimal value of the above maximiza-
tion problem is f*(p).
In sum, the Lagrangian dual can be simplified as follows:

minimize Yo ui+ f*(p) “)
subject to ui+p=>v i €[n]

u; >0 i €[n]
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We leave it to interested readers to verify the above program is equivalent to
the Fenchel’s dual as defined in Equation (3) of the online auction of an item with
production cost. In this dual program, we can interpret p as the price for a copy of
the item and u; as the utility of buyer i, i.e., his value for the allocated bundle less
the total price.

3.3 Optimality Conditions

Similar to their counterparts for linear programs, the online primal dual algorithms
for convex programs are also driven by the optimality conditions of the programs
and their dual programs. There are different ways to formulate such conditions. We
will use the most familiar one known as the Karush—Kuhn—Tucker (KKT) conditions
[14, 15]. We refer readers to Boyd and Vandenberghe [5] for an extensive discussion
on the optimality conditions of convex programs. In this chapter, we will explain the
conditions only on a problem-by-problem basis. For the running example of online
auction of an item with production cost, the conditions are

(a) x; must be zero unless u; + p = v;;
(b) u; must be zero unless x; = 1;
(c) y and p form a complementary pair.

Here, the first two conditions concern primal/dual linear constraints and the
corresponding dual/primal variables. They are complementary slackness conditions
just like in the case of linear programs. The third condition is about variables
involved in the non-linear parts of the primal and dual objectives. It states that they
must form complementary pairs in the sense that we defined at the beginning of
the section. Next, we will show how one can derive an online algorithm from the
principle of satisfying these conditions approximately.

3.4 High-Level Plan

A meta online primal dual algorithm, much like their counterparts for linear
programs, proceeds as follows. It maintains a feasible dual at all time. At the
beginning, it is just the value of p since none of the u;’s has arrived yet. On the
arrival of a buyer i, it decides whether to allocate a copy of the item to i, i.e., the
value of x;, based on the current dual, sets values to the new dual variable u;, and
updates dual variable p. The high-level principle guiding these decisions is to satisfy
the aforementioned optimality conditions as much as possible. We shall elaborate
how shortly. Finally, the competitive ratio follows by comparing the increments in
the primal and dual objectives in each step.
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3.5 (Approximate) Complementary Slackness

Recall that the KKT conditions for linear constraints are the same as complementary
slackness. An online primal dual algorithm handles these conditions the same way
as in the original approach for linear programs.

In particular, let us consider conditions (a) and (b) in our running example. On
buyer i’s arrival, a new dual variable u; shows up and it is subject to two constraints
u; + p > v; and u; > 0. Therefore, if p > wv;, the first constraint cannot hold
with equality and x; must be 0, i.e., we must not allocate a copy of the item to i,
according to condition (a). On the other hand, if p < v;, the value of u; must be
positive, and x; must be 1, i.e., we must allocate a copy of the item to i, according
to condition (b). The decision in the tie-breaking case when v; = p does not matter;
we will assume that the algorithm does allocate a copy in the tie-breaking case. To
this end, the algorithm shall interpret the current value of the dual variable p as a
take-it-or-leave-it price for a copy of the item. It allocates a copy to buyer i if and
only if its value v; is at least the price p. Further, it shall let u; = max{v; — p, 0}.
Doing so will satisfy the complementary slackness conditions (a) and (b) at the end
of i’s arrival. However, the algorithm may increase p in the future at which point
condition (a) will be violated. Condition (b), on the other hand, will be satisfied
exactly since x; and u; will not change in the future.

3.6 (Approximate) Complementary Pairs

So far, we have pinned down how to decide the allocation, i.e., the value of x;, at
each buyer i’s arrival based on the current dual, in particular the current price p. We
have also explained how to set u; accordingly. There is still a missing piece, namely
how to update the price p, after i’s arrival.

This last piece of the algorithm is driving by the last condition. Recall it says
that in the offline primal and dual solutions, y and p form a complementary pair,
i.e., p = f’(y). This coincides with the economic intuition, namely the unit price
of a copy of the item shall equal to its marginal production cost. In the online
problem, however, the algorithm knows only the current demand y of the item,
but not its final value at the end of the day. As a result, the algorithm needs to in
some sense predict the final demand according to the current demand, and set the
price according to the predicted final demand. For example, we may simply predict
the final demand to be twice the current demand. It turns out this simple heuristic
already gives reasonably good competitive ratio for nice production cost functions
such as polynomials. For simplicity of exposition, we will use a slight variant of this
simple heuristic and assume a specific production function f(y) = %yz to explain
the primal dual analysis in the rest of the section.



Online Combinatorial Optimization Problems with Non-linear Objectives 189
3.7 Online Primal Dual Algorithms

Putting together, consider the following online primal dual algorithm:

1. Initially, y =0, p = f'Q(y + 1)) = 2.
2. On the arrival of each buyer i:

2a. Letx; = 1if v; > p, and let x; = 0 otherwise.
2b. Let u; = max{v; — p, 0}.
2c. Update y = y + x; and, subsequently, p = f'(2(y + 1)) =2(y + 1).

We remark that a more principled approach is to leave the prediction mapping
as an unknown function g, i.e., let g(y) be the predicted final demand if the current
demand is y and set p = f/(g(y)), and to derive the optimal prediction mapping
from the analysis. Interested readers are referred to Huang and Kim [13] for the
details.

3.8 Primal Dual Analysis

Recall that f(y) = %y2. Hence, we have f*(p) = %pz. Clearly, the algorithm
maintains feasible primal and dual at all time by design. It remains to compare the
increments of the objectives due to the arrival of each buyer i.

If i does not get a copy of the item, both the primal and the dual objectives remain
the same. So the increments are both zero and, thus, equal.

If i does get a copy of the item, the primal objective changes by v;, the gain
from allocating a copy to i, less f(y + 1) — f(y) = y + %, the marginal cost
of producing an extra copy of the item, where y denotes the demand for the item
before i’s arrival. The changes in the dual, on the other hand, equals the utility of
i,uj = v; — p = v; —2(y + 1), plus the change due to the update of price p,
f*Q>y +2) — f*(y + 1)) = 4y + 6. We claim that the increment in the dual
objective is at most 4 times that in the primal objective. That is,

4vi— G+ D)= v —200+ 1) + @y +6)

By the coefficient of v; and that v; > p = 2(y 4+ 1) (otherwise, i would not have
gotten a copy of the item), it suffices to show the inequality for v; = 2(y + 1). In
that case, the inequality becomes

4y +6=4y+6

and holds with equality.
Note that the initial value of the primal objective is 0 while that of the dual
objective is 2 because the initial value of p = 2. We have that:

4 . Primal > Dual — 2

So the online primal dual algorithm is 4-competitive.
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4 Application: Online Matching with Concave Returns

In this section, we will talk about the problem of online matching with concave
returns. The problem and its analysis were originally from Devanur and Jain [11].
To be consistent with the other parts of the chapter, our exposition of the results and
techniques will be somewhat different from the original version. Nonetheless, the
core maths and the underlying ideas are the same.

4.1 Problem Definition

Let there be m agents (left-hand side offline vertices) that are known upfront. Let
there be n items (right-hand side online vertices) that arrive online. On the arrival
of an item, the online algorithm must immediately decide which agent shall get
the item. Let v;; denote agent j’s value for item i. Let there be a concave, non-
decreasing function g : R4 — R, such that an agent j’s value for getting a bundle
S of items is g(D ;¢ vij). We shall interpret g as a discount function of an agent’s
value for bundles of items. Further, we do not discount the value if no items have
been allocated to the agent so far, i.e., g’(0) = 1. This is without loss of generality
up to scaling of the g function. The goal is to allocate the items to the agents to
maximize the sum of values of all agents.

We remark that the online primal dual technique can in fact handle a more general
version where different agents have different discount functions. We will omit the
general version in this chapter for simplicity of discussion. Interested readers are
referred to Devanur and Jain [11].

Next, recall that the concave conjugate of g is denoted as g,. We give a convex
program relaxation of the problem and its dual program below:

maximize Z;’;l g(y))
subject to Yo xij=1 i €[n]
Yj = 2iz1 VijXij J €1lm]
Xij,yj >0 i €[n],j€[m]
minimize e — ZTzl g+(Bj)
subject to a; > vijB; i €ln],jem]

Here, x;; is the indicator of whether item i is allocated to agent j. y; denote
the sum of values of the items allocated to agent j. We will focus on solving the
fractional problem. That is, x;;’s may take fractional values between 0 and 1.
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4.2 Relaxed KKT Conditions

The online primal dual algorithms are driven by the optimality conditions of the
primal and dual programs. We list below the relaxed conditions.

(a) x;j must be zero unless o; = v;;B; when item i comes;
(b) Bj = B(y;) is a function of the current total value y;.

Before moving on to the design of online algorithms based on these conditions,
let us briefly discuss how they differ from the exact versions and why relaxations
are necessary in the online setting. The exact version of (a) requires the condition to
hold at the end of the algorithm. In the online problem, however, the constraint may
gain slack in the future because the algorithm may decrease ;s in the future. The
exact version of (b) requires that y; and 8; form a complementary pair. Similar to
the previous example of online auction with production cost, instead of setting B,
based on the current value of y;, a smarter algorithm shall anticipate y; to further
increase in the future and predict its final value. Hence, we set B; = B(y;) to be a
function of y; where the function will be chosen based on the analysis.

4.3 Online Primal Dual Algorithms

The algorithm maintains a pair of feasible primal and dual at all time. Initially, the
primal has only the y;’s which will be set to 0. The dual has only the 8;’s which
will be set to B(0) according to condition (b).

Then, on the arrival of an item i, the relaxed optimality conditions (a) and (b)
determine the allocation of the item. Concretely, conditions (a) and (b), together
with the need of maintaining a feasible dual, indicate that i shall be allocated to
the agent j such that v;; 8; is maximized. Here, B; serves as a discount factor of the
value of allocating an item to agent j. Therefore, it makes sense to have the discount
function start from 8(0) = g’(0) = 1 and be non-increasing in the agent’s total
value. Once the item is allocated to an agent, the algorithm updates y; accordingly.
Finally, we need to update the dual variables 8; as a result of the change in y;.

The actual algorithm is slightly different from the above in that it allocates each
item fractionally to multiple agents since we consider the fractional problem. We
present the algorithm below.

1. Initially, let y; =0and 8; = B(y;) =1forj=1,...,m.

2. Maintain 8; = B(y;) and y; = > |, v;jx;; throughout.

3. On the arrival of each item i, initialize all x;;’s to be zero, and continuously
increase x;;’s as follows until ZT:] xij =1

3a. Let j* = argmax ¢, vijB;, breaking ties arbitrarily.
3b. Increase x;j+ by dx and a; by v;j+ B+ - dx.
3c. Update y;’s and, thus, 8;’s accordingly.
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4.4 Online Primal Dual Analysis

Again, since the algorithm mains a pair of feasible primal and dual assignments
at all time, it remains to compare the changes in the primal and dual objectives
due to the arrival of each item. In particular, we would like to show that as the
algorithm continuously increases x;;’s in step 3 of the algorithm, it always holds
that F - dP > dD for some fixed parameter ' > 1, where d P and dD are the
changes of the primal and dual objectives, respectively.

When the algorithm increases x;;j+ by some infinitesimal amount dx in step
3b (recall that j* is the agent with the largest discounted value v;;8;), by simple
calculus, the primal objective increases by:

dP =g'(yj-)dy;-

The dual objective, on the other hand, increases by:

dD = vij«Bjrdx — g, (Bj*)dBj» = Bjxdyj+ — g, (Bj*)dB
—_——— ———

due to «; due to B«

Therefore, to ensure F - dP > dD, it boils down to choosing a non-increasing
function B such that the following differential equation is feasible for the smallest
possible F > 1:

Vy>0: F-g'(y)-dy =B -dy—g.(B(K)-dB(y) 5)

subject to the boundary conditions that 8(0) = g’(0) = 1 and B(y) > O for all
y>0.
Then, we have recovered the main algorithmic result in Devanur and Jain [11].

Theorem 1 Suppose there is a non-increasing function B that satisfies the differ-
ential equation (5) for some F > 1. Then, there is an F-competitive online primal
dual algorithm for the online matching problem with concave return function g.

4.5 An Example: Additive Agents with Budgets

Differential equation (5) may look mysterious to the readers. For concreteness,
we next present the optimal solution to the differential equation for a concrete
example, namely g(y) = min{y, B} or some B > 0. This corresponds to the
Adwords problem, where the agents are the advertisers and the items are ad slots. An
advertiser has a budget B that caps its contribution to the seller’s revenue. Again, one
may consider a more general case when different advertisers have different budgets,
which can be solved under the same framework. We will assume equal budget for
the simplicity of our discussions.
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In this case, the conjugate function g is

By*—1) ify*<1
g (y") = .
0 if y* > 1
Therefore, in the special case, the differential equation becomes the following
(recall that $(0) = 1 and therefore B(y) < 1 for all y):

VO<y<B: F-dy>pB®y) - -dy—B-dB()
and
Vy>B: 0>p8(y)-dy—B-dB(y)

with boundary conditions that 8(0) = 1 and §(y) > O forall y > 0.

Note that § is non-increasing. It implies that the second part concerning y > B
is feasible only when 8(y) = 0 for all y = B.

Next, we solve for the best B to satisfy the first part for 0 < y < B for the
smallest possible F', subject to the boundary condition that 8(0) = 1 and 8(B) = 0.
It is easy to check that it suffices to consider the differential equation with equality.
Rearrange terms, it becomes

VOo<y=<B: (F—pB())-dy=B-d(F—B()
Together with (0) = 1, we get that:
F—py=F-1-/F
Plugging in B(B) = 0, we get that

F=F—-BB)=(F—1)-¢

which implies F' = _%;. This is the best possible competitive ratio as it matches
known hardness results from previous work (e.g., [8, 16]).

The corresponding discount function g that achieves this optimal ratio is

B(K) = A< (e —e/5)

As a concluding remark, the primal dual technique gives optimal competitive
ratio not only for the above example of additive agents with budgets, but in fact
for arbitrary concave functions g. The cool thing about it is that Devanur and Jain
[11] established the optimality of the algorithm without explicitly giving the optimal
competitive ratio, other than the characterization using the differential equation (5).
Instead, they constructed a family of hard instances that are parameterized by a
function and showed that solving for the worst function is equivalent to solving the
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differential equation (5). This chapter focuses on positive results and will not get
into further details of the hardness. Readers are referred to Devanur and Jain [11].

S Application: Online Scheduling with Speed Scaling

This section considers another application of the online primal dual framework in
online optimization problems with non-linear objectives. We will consider an online
scheduling problem with speed-scalable machines, where the energy consumption is
naturally a convex function of the speed. The results were originally from Devanur
and Huang [10], which built on an earlier dual fitting approach by Anand et al. [2].

5.1 Problem Definition

Let there be m machines that are known upfront. Let there be n jobs that arrive
online. Each machine j can run at different speeds subject to different energy
consumptions. Let f be the power function such that running a machine at speed
y consumes f(y) energy per unit of time. For concreteness, readers may think
of f(y) = % y* as a typical cubic energy function. Each job i is defined by its
arrival time r;, and its volumes v;; when allocated to each machine j. That is,
we consider the unrelated machine setting in which different machines may take
different amount of computational resources to complete the same job. A feasible
schedule allocates each job to a machine and more specifically a subset of time slots
on the machine, and specifies how fast the machine runs in each time slot, such that
the total computational resources assigned to the job, i.e., the sum of speeds of the
allocated time slots, are equal to its volume on the machine.

Again, the primal dual framework can in fact handle a more general setting where
(1) jobs have weights and (2) machines may have different energy functions. We will
omit such generalizations and refer interested readers to Devanur and Huang [10].

There are two natural objectives for this problem. The first one is to minimize
total energy consumption, and the second is to minimize the total delay experienced
by the jobs. Here, there are different ways to define delay. We will consider a
popular one known as flow time. The flow time of a job is the difference between
its completion time and arrival time. The flow time of a feasible schedule is the sum
of the flow time of all jobs. Minimizing either objective without considering the
other is trivial. One could get arbitrarily small flow time by running the machines
at extremely high speed, but paying an arbitrarily high energy consumption. One
could also have arbitrarily small energy consumption by running the machines at
extremely low speed, but suffering an arbitrarily large flow time. We will use the
standard combination of minimizing the sum of flow time and energy.

This problem is more complicated than the previous examples in the sense that
the online algorithm needs to make multiple types of online decisions. At each time
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slot, the online algorithm must decide which job shall be run on each machine
(job selection) and at what speed (speed scaling). Further, on the arrival of a job,
the online algorithm must immediately dispatch the job to one of the machines
(job assignment). We consider the preemptive model in which the algorithm may
preempt the current job processing on a machine with the new job and resume after
the new job is finished.

The convex program relaxation and its dual are given below.

minimize 377, >, frj_oo(t — ri)(xiji/vij)dt
+ 20 S f Ot
+ X X SO Dajede

subject to 31 [ (xije fvipdt = 1 i €[n]
Vit = 2oi_y Xiji jelml,t=0
Xijrs Yjr = 0 i€lnl,jemlt>0

maximize Y ;o — ZT:1 o+<>Q f*(Bjdt
subjectto  a; < v;iBj +1t —ri + i (fH7() ieln],jelmlt=>r

Here, x;j; is the speed of machine j at time ¢ that is devoted to processing job i.
¥, is the total speed of machine j at time ¢. The first primal constraint is a relaxation
of the feasibility constraint. Recall the original constraint says that each job must be
completed on a machine j such that the sum of speed devoted to the job is equal
to v;j, i.e., f:oo xijrdt = v;j. The relaxed constraint, on the other hand, allows
the job to be fractionally processed on different machines so long as the overall
effort processes the entire job. The second primal constraint says that the speed of a
machine at any time must be high enough to execute the schedule given by x;;,’s.

The first term in the primal objective is a relaxation of flow time in the sense that
the fraction of a job i that is completed at time ¢ experiences a flow time defined
by the current time, i.e., t — r;, instead of the flow time given by the completion of
the job. This is usually known as the fractional flow time of the schedule, which is
widely used as an intermediate objective in the study of flow time minimization.

The second term is exactly the energy consumption.

It turns out that these two terms on their own suffer from a large integrability
gap. Consider the case of having only one job arriving at time 0 with volume v
on every machine. An integral schedule must process the job on the same machine
and hence pays a non-zero flow time plus energy. Interested readers may verify that
the minimum cost equals v - (f *)~1(1). A feasible schedule of the relaxed linear
program, however, can split the workload and process a 1/m fraction of the job on
each machine. Such a fractional schedule effectively pays O in the objective when
m goes to infinity. Introducing the third term fixes this problem. Since the minimum
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cost of assigning a job of volume v is v - (f*)~!(1), the extra unit cost of (f*)~'(1)
for the x;j; volume of a job i that is processed on a machine j at time ¢ sums to
at most the actual flow time plus energy for any feasible integral schedule. Hence,
adding the third term increases the optimal by at most a factor of 2.

5.2 A Simple Online Primal Dual Algorithm

As usual, we start with a set of relaxed optimality conditions that drive the design
of the online primal dual algorithms.

(a) If a job i is dispatched to a machine j and is tentatively scheduled at time ¢
when it comes, it must be that a; = v;; 8, +t —r; + vi./(f*)_l (1) (there may
be some slack in the future because the algorithm may increase ;’s);

(b) Bj: = B(yjs) is a function of the current total speed y;.

Condition (a) is a relaxation in the sense that the actual complementary slackness
condition holds for the optimal primal and dual assignments at the end of the
instance, while here it holds only at the moment when i comes. Again, this is
unavoidable and shall look standard to the readers after seeing similar conditions
in the previous two examples. Condition (b) is a relaxation of the complementary
pair condition saying that y;; and §;; will form a complementary pair. Intuitively,
the online algorithm will predict the final value of yj;, i.e., the speed of machine
J at time ¢, based on its current value, and set the dual variable 8, to form a
complementary pair with the predicted final value.

We present below the meta online primal dual algorithm driven by the above
relaxed optimality conditions, given any function 8 : Ry — R;.

1. Initially, let y;; =0and B;; = B(0)for j =1,...,m,t > 0.
2. Maintain Bj; = B(yj;) and yj; = Y 7_, x;j; throughout.
3. On the arrival of each job i:

3a. Let j* and ¢* be such that v;j« 8« 4+ t* — r; is minimized. Dispatch the job
i to machine j* and tentatively schedule it at time #*.
3b. Update y;’s and, thus, B;«;’s accordingly.

5.3 A Simple Greedy Algorithm

In this chapter, we will consider a particularly simple greedy algorithm and analyze
it using the online primal dual framework.

The greedy algorithm processes the current jobs using the optimal schedule
assuming that no other jobs will arrive in the future. In particular, given how the
current jobs are assigned to the machines, the greedy algorithm processes the jobs
on each machine from the shortest to the longest. The shortest job first principle is
the best strategy assuming no future jobs will arrive. To see the intuition behind its
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optimality, note that the processing time of the first job will contribute to the flow
time of all remaining jobs, that of the second job will contribute to the flow time of
all but one remaining jobs, and so on. Hence, it makes sense to prioritize on shorter
jobs.

In terms of the choice of speed, it will run the machine at a speed that depends
on the number of remaining jobs on the machines. Concretely, suppose there are
k remaining jobs. Then, the speed y is set such that f*(f’(y)) = k. To see why
this is the right choice, suppose we process a job, say, with volume v, at speed y.
Then, the amount of time needed to process the job is v/y. All k jobs will suffer
from this delay in their flow time and, thus, the total contribution to the objective in
terms of flow time is (v/y)-k. On the other hand, the energy consumption during this
period of time is (v/y)- f (y). Therefore, the optimal speed is the one that minimizes
(v/y) - (k+ f(y)). Then, it is easy to verify that our choice of speed minimizes this
quantity, which equals v - (f*)~1(k).

Finally, we will use a simple 8 mapping such that 8;, = f'(y;;) forms a
complementary pair with y;;. When a new job arrives, the algorithm dispatches
the job according to step 3a in the meta algorithm. By our choice of speed, for
any machine j and any time ¢, we have B, = (f *)~1 (k) where k is the number
of remaining jobs on machine j at time 7. Hence, the right-hand side of the dual
constraint becomes

ijBie + 1t —ri + v (FHTHD) =1 =1 + v (OO + (FHTHD)
>t —ri 4+ (k4 1)

Here, the inequality follows by the concavity of (f*)~!, which is due to the
convexity of f*. Having a closer look at the right-hand side of the above inequality,
the t — r; term corresponds to the flow time for having job i wait until time ¢
before we process it. The last term, on the other hand, is the energy consumption
of processing job i on machine j plus the delay it causes to the flow time of the
existing k jobs and itself, provided that we run the machine with the aforementioned
greedy speed. Hence, we shall interpret the right-hand side as the total increase in
the objective if we decide to dispatch the job to machine j and tentatively schedule
it at time ¢. Therefore, our job dispatch rule (step 3a) simply greedily minimizes this
increment.

5.4 Online Primal Dual Analysis

Following the above discussion, we shall let «¢; be the increment in the objective due
to the arrival of job i. Recall that the dual is equal to

PIRTTED D Nl (DL

The first term, by definition, sums to the objective of flow time plus energy
consumption since each «; accounts for the increment in the objective due to the
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corresponding job i. The second term, on the other hand, is equal to the flow time
because f*(Bj;) = f*(f'(yj:)) equals the number of remaining jobs on machine j
at time ¢ by our choice of y;, and ;,. Hence, the dual objective is in fact extremely
simple for the greedy algorithm: It equals the energy consumption.

So far, we did not use any special property of the power function f. For arbitrary
power functions, no competitive algorithms exist for this problem. Next, we focus
on polynomial power functions f(y) = (%y“, where « is between 2 and 3 for typical
power functions in practice. In this case, we have f*(8) = (1 — é)ﬂ“/ @=1) and,
thus, our choice of speed implies that k = f*(f'(y)) = (1 — é)y“. Therefore, at
any time, assuming there are k jobs remaining, the contribution (per unit of time)
to flow time, i.e., k = (1 — é) y* is exactly o — 1 times the contribution to energy
consumption, i.e., f(y) = é y¥. Therefore, the fact that the dual objective equals
the energy consumption means that it is exactly a 1/« fraction of the flow time plus
energy of the algorithm. This implies the following theorem.

Theorem 2 The greedy algorithm is O(«)-competitive for minimizing flow time
plus energy when the power function is f(y) = éy“.

5.5 Better Online Primal Dual Algorithms

The main drawback of the simple algorithm lies in that it fails to anticipate future
jobs and is conservative in its choice of speed. We can improve the greedy algorithm
with a speed-up. In particular, the greedy algorithm achieves the optimal flow time
plus energy if there are indeed no future jobs, but is far from optimal when there are
a lot of future jobs. A smarter algorithm shall run faster than the optimal schedule
of the remaining instance to hedge between the two cases: If there are no future
jobs, this approach pays more in energy comparing to the simple greedy algorithm;
if there are a lot of future jobs, however, it is better than the simple greedy algorithm
because it has predicted the arrival of future jobs and has run faster in the past.

Specifically, Devanur and Huang [10] considered a family of such algorithms
parameterized by a parameter C > 1 such that the algorithm runs C times faster
than the optimal schedule of the remaining instance. Such an algorithm is called the
C-aggressive greedy algorithm, as given below.

Speed Scaling:

— Choose speed s.t. f*(f’ (%)) equals the number of remaining jobs.
— Let B8, = %f’(%) s.t. f*(CBj:) equals the number of remaining jobs.

Job Selection:
— Schedule jobs from the shortest to the longest.
Job Assignment:

— Dispatch the job to a machine that minimizes the increment in the objective.
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Moreover, Devanur and Huang [10] showed an online primal dual analysis of the
C-aggressive greedy algorithms for all C > 1 and chose C to balance the case with
no future jobs and the case with a lot of future jobs. By doing so, they showed the
following result. We refer readers to Devanur and Huang [10] for the proofs.

Theorem 3 For polynomial power function f(y) = é y%, the C-aggressive greedy

online primal dual algorithm is O (loga

)—competitive for minimizing flow time plus

log o

energy on unrelated machines with C ~ 1 + ==>—.

If there are at least two machines, then Devanur and Huang [10] further showed
that the above competitive ratio is asymptotically tight.

. . I o ).
Theore.nll 4 Fo'r polynomzal power fm?c.non f (y.) = % 'there are no 0(lo_ga)
competitive online algorithm for minimizing fractional flow time plus energy with at

least two machines.

Recall that in the previous example of online matching, the upper and lower
bounds match exactly as they both reduce to the same differential equation. In
this example of online scheduling for minimizing flow time plus energy, however,
there is a constant gap between the upper and lower bounds. One of the reasons
is that the algorithms in this example assign jobs to machines integrally, i.e., a job
cannot be processed on multiple machines in parallel as in a fractional solution to
the convex program relaxation. We do not know whether we can derive the same
form of tight upper and lower bounds as in the previous two examples if we allow
parallel processing and truly focus on solving the primal convex program online.

Further, if there is only one machine, Bansal et al. [4] gave a 2-competitive online
algorithm for minimizing fractional flow time plus energy with arbitrary power
functions using a potential function argument. It is an interesting open question
whether there is a 2-competitive online primal dual algorithm for single machine.

Finally, essentially the same algorithm and analysis can be further used to derive
better competitive ratios in the resource augmentation setting, where the online
algorithm can run the machines 1 + € times faster than the offline benchmark using
the same amount of energy.

Theorem 5 There is a (1 + €)-speed and 0(5)-c0mpetitive online primal dual
algorithm for minimizing flow time plus energy with arbitrary power functions.

6 Application: Online Covering and Packing Problems
with Convex Objectives

As the last example of the chapter, we present a result by Azar et al. [3] that gave
online algorithms for a large family of covering and packing problems with convex
objectives. It generalizes the original online covering and packing problems that
considers linear objectives (e.g., Buchbinder and Naor [7]).
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6.1 Problem Definition

We study the following online covering and packing problems with convex objec-
tives. The (offline) covering problem is modeled by the following convex program:

min f(x)s.t. Ax > 1
xeRY

where f : R + R, is a monotone and convex cost function, and A is an m x n
matrix with non-negative entries. Each row of the constraint matrix A corresponds
to a covering constraint. In the online problem, the rows of A come online and the
algorithm must maintain a feasible assignment x that is non-decreasing over time.

The (offline) packing problem, on the other hand, is modeled by the following
convex program:

max 3y — f*(ATy)
yeRE

where f* : R > R is the convex conjugate of f.Itis the Fenchel’s dual program
of covering problem. In the online problem, each variable y; arrives online and the
algorithm must decide the value of y; on its arrival.

When f is a linear function in the covering problem, e.g., f(x) = (c, x) for some
positive vector ¢, f* becomes a 0-co step function that imposes supply constraints
ATy < c in the packing problem. Then, the problems become the original online
covering and packing problems with linear objectives.

In the rest of the section, we will focus on the packing problem, and refer readers
to Azar et al. [3] for the algorithms and the corresponding analysis for the covering
problem. In other words, we will take the packing program as the primal program
and the covering one as the dual.

6.2 Relaxed Optimality Conditions

As usual, we will start with a set of relaxed optimality conditions for the (primal)
packing program and the (dual) covering program. Let A; = (a1, aj2,...,a,)
denote the j-th row of matrix A.

(a) y; must be zero unless Ajx = 1 at the end of the round when covering
constraint j and, thus, packing variable j, arrive.
(b) x = Vg(ATy) for some convex function g.

Condition (a) is a relaxation of the actual complementary condition, which holds
for the final value of x and y. Condition (b) is a relaxation of the condition that x and
ATy form a complementary pair with respect to f and f*,i.e.,x = V f*(ATy). Just
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like in the previous examples, a smart algorithm shall anticipate that the variables y
and, thus, ATy will further increase in the future and set x accordingly.

6.3 Online Primal Dual Packing Algorithm

Driven by the above relaxed optimality conditions, we can define the following meta
algorithm that depends on the choice of a convex function g.

1. Initialize x = z = 0.
2. Maintain x = Vg(z) and z = AT y throughout.
3. When y; and Ay = (ak1, - - ., akp) arrive in round k, do the followings:

2a. Initialize y; := 0;
2b. While Z?:l apix; < 1, continuously increase y; and do the followings:

(2b.1) Simultaneously for each i € [n], increase z; at rate ;—yzk = ay;.
(2b.2) Increase x according to x = Vg(z).

Here, the vector x plays an auxiliary role and is initialized to 0. We can interpret
x as a price vector such that x; is the unit price of the i-th resource in the packing
problem. Then, we keep including more of the k-th item into the packing solution as
long as its unit gain of 1 can pay for the total price of the resources that it demands.
We will consider a particularly simple mapping function in this chapter:

8(2) = 5 f*(p2) = S f*(pATy)

and, thus, x = Vg(z) = V f*(pz), for some parameter p > 1 to be determined in
the analysis. Intuitively, this means that the algorithm anticipates A7y will further
increase by a factor of p in the future, and pick x accordingly.

In round k& € [m], the vector ary = (a1, ara, ..., ar,) is revealed. The variable
Vi 1s initialized to 0, and is continuously increased while Zi e[n] GkiXi < 1,1i.e., the
total price for the amount of resources needed to produce a unit of resource k is less
than 1. To maintain z = AT y, for each i € [n], z; is increased at rate fTZk = ai;.
As the coordinates of z are increased, the vector x is increased according to the
invariant x = V f*(pz). We shall assume that V f* is monotone. Hence, both x and
z increase monotonically as y; increases.

6.4 Online Primal Dual Analysis

For simplicity of our discussion, we will make an assumption that f* is a
homogeneous polynomial with non-negative coefficients (so that the gradient is
monotone) and degree A > 1. The competitive ratio will depend on A.
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We first show that the algorithm will not keep increasing y; forever in any round
k and it maintains a feasible primal solution throughout. Concretely, the following
lemma indicates that unless the offline packing problem is unbounded, eventually
Zi c[n] GkiXi will reach 1. At this moment, y; will stop increasing and we complete
round k. Recall that the coordinates of x increase monotonically as the algorithm
proceeds. It implies that the covering constraints ;. a;ix; > 1 are satisfied for
all j € [m] at the end of the algorithm since each constraint is satisfied at the end
of the corresponding round. Hence, the vector x is feasible for the dual covering
problem.

Lemma 1 Suppose that the offline optimal packing objective is bounded. Then,
in each round k € [m], eventually we have Zie[n] arixi > 1, and yr will stop
increasing.

Proof We have

T =1 (4. V@)

=1— =5 - (ax, Vf*(p2))

=1- =L (a, x)

Here, the first equality is due to z = AT y, which indicates that when the algorithm
increases y, it also increases each z; at rate Z—;’; = ay;. The second equality follows
by that f* is a homogeneous polynomial of degree A. The third equality is because
of our choice of x. Finally, the last inequality follows because (a, x) < 1 when yi
is increased by the definition of the algorithm.

Suppose for contrary that (ay, x) never reaches 1. Then, the objective function
P (y) increases at least at some positive rate 1 — % (recalling p > land A > 1) as
Yk increases, which means the offline packing problem is unbounded, contradicting
our assumption.

To complete the competitive analysis, it remains to compare the primal and dual
objectives. In the rest of the section, for k € [m], we let z® denote the vector 7 at
the end of round k, where (¥ := 0. Let P(y) denote the packing objective for any
vector y and the induced vector z = A7 y. Similarly, let C(x) denote the covering
objective for any feasible covering solution x.

First, let us look into the contribution to the packing objective from y.

Lemma 2 At the end of round k when yy stops increasing (by Lemma 1)

W= (fF ™) = %))
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In particular, since f*(0) = 0, this implies that at the end of the algorithm,

Y o= L)
]

kelm

Proof Recall again that y; increases only when (ag, x) < 1, we have

dz;
1> Zakixiz in-d—l .
icln] Yk

i€(n]

Hence, integrating this with respect to y; throughout round k, and observing that
x =V f*(pz), we have

70

1
Yk = /_ (k_l)(Vf*(pz),dd = (F*(pz®) — F*(pz*=Dy) |

where the last equality comes from the fundamental theorem of calculus for path
integrals of vector fields.

Therefore, the dual objective is lower bounded by:
Lr(pa™) = £2@™) = (0P = 1) @)
Next, we consider the dual (covering) objective. Suppose z™ = ATy is the

vector at the end of the algorithm, and x™ = V f*(pz™). We have the following.

Lemma 3 The covering objective satisfies that:
Ca™) =0 = Dp* f™)
Proof By how our algorithm maintains the covering solution, we have

C™) = f(Vf*(pz™))
= max:>o {{z, V.f*(0z"™)) = [*(2)}
= pz™V f*(pz"™) = f*(pz™)
= (n = D f*(0z™)
= (.= D" f* ™) |
where the second equality follows by the definition of convex conjugate functions,
the third equality is because the maximum is achieved at z = pz™ by first order

condition, the last two equalities are due to our assumption that f* is a homogeneous
polynomial of degree A.
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Putting together our bounds on the packing and covering objectives, we conclude

that they are with the following bounded factor from each other:

C) _ (—Dp*
P(y) = p*1—1

, (6)

Choosing p := )\ﬁ , the above ratio becomes
A
AT =00

Hence, we conclude that:

Theorem 6 Suppose f* is a convex, homogeneous polynomial with non-negative
coefficients and degree A. Then, there is an O (A)-competitive online algorithm for
the online packing problem with a convex objective defined with f*.
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Abstract With the development of machine learning in various fields, it can also be
applied to combinatorial optimization problems, automatically discovering generic
and fast heuristic algorithms based on training data, and requires fewer theoretical
and empirical knowledge. Pointer network improves the attention mechanism,
instead of allocating different attention to hidden states of encoder to generate
context vectors, using attention as a pointer to select an element of the input
sequence at every step of decoding, which solves the problem of variable dictionary
size of the output sequence. Pointer net (Ptr-Net) applied to three combinatorial
optimization problems, convex hull, Delaunay triangulation, and traveling salesman
problem (TSP), obtains good approximate solutions. Point matching is also a
special kind of combinatorial optimization problems that is to obtain the optimal
corresponding references, which can be modeled by Ptr-Net. However, Ptr-Net can’t
be used to solve point matching problem because it doesn’t take full advantage of
the correspondences between the two point sets. We propose multi-pointer network,
which draws the idea from multi-label classification, to address this limitation by
pointing out a set of input elements. These applications are all based on supervised
learning to approximate expected known solutions. However, high-quality labeled
data is often expensive, unreliable, or simply unavailable and may be infeasible for
new problem statements, making supervised learning being unpractical. Reinforce-
ment learning, as another research hotspot in the field of machine learning, does not
require labeled sample data. It interacts with the environment through trial-and-error
mechanism and focuses more on learning problem-solving strategies. We introduce
a framework to tackle combinatorial optimization problems using neural networks
and reinforcement learning, focusing on the traveling salesman problem. We also
introduce a framework, a unique combination of reinforcement learning and graph
embedding network, to solve graph optimization problems, focusing on maximum
cut (MAXCUT) and minimum vertex cover (MVC) problems.
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1 Introduction

In the early stage, simple combinatorial optimization problems, such as minimum
spanning tree problem [13] and shortest path problem [7], can design convenient and
fast algorithm to obtain its optimal solution. With the development of practice, most
problems about combination and sequential optimization are in fact NP-hard, so, it’s
impossible to find a general polynomial time algorithm to solve it. However, NP-
hard problems have important applications in many fields, such as social networks,
transportation, communications, and scheduling. Therefore, many specialists and
scholars apply themselves to the research of the theory and achieve many perfect
productions.

Traditional methods to tackle NP-hard optimization problem have two main
flavors: exact algorithm and approximation algorithm. Exact algorithm can get
optimal solution of the primal problem, frequently used methods are dynamic
programming, branch and bound, enumeration, and so on. However, these methods
are ideal solutions to smaller scale data, which are difficult to solve the optimiza-
tions because computing time rises exponentially as the problem scale increases.
Approximation algorithms can always provide an optimal approximation solution
for NP-hard problems within a reasonable time limit. Approximation algorithms
have three different types: mathematical programming, heuristics algorithm, and
intelligent optimization algorithm. Algorithm based on mathematical programming
establishes mathematical programming model and obtains approximate solutions by
using Lagrange relaxation, column generation, and other algorithm. According to
the characteristic of problem, heuristics algorithm is designed with some scheduled
rules and experience. This kind of algorithm is more intuitive and fast, but due
to the lack of theoretical basis, the quality of solution is not necessarily good.
Intelligent optimization algorithm is a new global search strategy based on certain
optimization search mechanism. The algorithm includes genetic algorithm [12],
chaos optimization algorithm [3], ant algorithm [9], particle swarm algorithm
[4], simulated annealing [17], and so on. This kind of algorithm has advantages
of high efficiency performance, no special information of the problem, ease of
implementation, and fast speed, but it can also not guarantee the global optimal
solution.

Actually, in many applications, values of coefficients in the objective function or
constraints can be thought of being sampled from the same underlying distribution.
For instance, a courier needs to select an optimal path covering all customers and
return to the starting point in a given area, thousands of similar optimizations need to
be solved, since the daily delivery address is changing. The match problem between
two images maximizes the similarity degree under the constraint of one-to-one
correspondence, such matching problem requires to be solved repeatedly, since the
pair images may be different each time. The objective function of these problems is
fixed, which are maintaining the same combinatorial structure, but differing mainly
in their data. We need to solve the same type of problem over and over again
using traditional methods, which is a waste of time and resources. We need to
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find a general way, which can learn to mine essential information offline, update
solution strategy online automatically, and raise the efficiency of the learning and
the adaptability to real problem resolving.

Machine learning may be applicable to many optimization tasks by automatically
discovering generic and fast heuristic algorithms based on training data. For a long
time before machine learning, feature engineering is achieved manually, which
is time-consuming, specific, and incomplete. Now the representation learning can
realize end-to-end learning of automatic feature engineering, greatly reducing or
even eliminating dependence on domain knowledge. The versatility, expressiveness,
and flexibility of deep neural networks make some tasks easier or possible [29].
There have been great improvements with deep learning in many fields, such as
image recognition [18] and object detection [11].

Recurrent neural networks (RNNs), which are used for sequential data such as
text and voice, have made breakthroughs in speech recognition [14] and natural
language processing [31]. RNN processes an input sequence at every step of the
sequence, and maintains a state vector in the hidden layers, containing all elements
of the past historical information. The sequence-to-sequence model [31] maps the
input sequence to a fixed-sized vector with one RNN as encoder and then maps
the vector to the target sequence with another RNN as decoder. Bahdanau et al.
[1] enhanced the decoder by using content-based attention mechanism to focus on
relevant contextual information of input as context vector instead of fixed-sized
vector.

Many advances in artificial intelligence have been achieved with supervised
learning which is trained using a large amount of real label data. Recently, there
has been some seminal work on using deep neural networks with supervised
learning to learn heuristics for combinatorial problems, including the traveling
salesman problem (TSP). Vinyals et al. [34] introduced pointer network which
solves the problem of variable size output dictionary using the recently proposed
neural attention mechanism. However, label data is usually expensive, unreliable,
or unusable. Even with reliable data, the performance of the system trained in this
way may be limited. Moreover, the architecture used in combinatorial problems
usually requires a large number of instances in order to learn how to extend it to
new instances.

Hence, following the reinforcement learning (RL) to tackle combinatorial opti-
mization. In reinforcement learning, agent is trained from its own experience,
making it possible to surpass human capabilities and realize in fields lacking human
expertise. Recently, deep neural networks using reinforcement learning have made
rapid progress, such as computer games Atari [23] and 3D virtual environments,
performing better than humans. The program AlphaGo Zero is based entirely
on reinforcement learning, without human data, guidance, or domain knowledge
beyond the rules of the game, and achieves superhuman performance [30]. The
success AlphaGo Zero achieved by using reinforcement learning in the game of
Go inspires us to use reinforcement learning to solve the NP-hard problem of
combinatorial optimization, because Go can be seen as a combinatorial optimization
problem requiring decision-making at every step.
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2 Background

For human, we can not only be effective at identifying individual examples, like
handwritten numeral recognition and target classification, but also be good at
analyzing horizontal and vertical logical relation between the input information
sequences, like speech recognition and natural language processing (NLP). As these
problems can’t be solved by traditional multi-layer perception (MLP), recurrent
neural network (RNN) comes into being.

RNN is a neural network structure model put forward by Jordan, Pineda,
Williams, and Elman [25, 37] in the 1980s. But it was a pity that the existence
of vanishing gradient and exploding gradient problem and computing resources
prevented the sound growth of RNN. Only in the last three decades, long short
term memory [15], bidirectional RNN [27], gated recurrent unit [5], attention
mechanism [1], and computation efficiency and stability are introduced to make
a quick breakthrough. Now RNNs have recently shown impressive performance in
several sequence prediction problems including machine translation [31], contextual
parsing [35], image captioning [5], and even video description [8].

2.1 Recurrent Neural Network

RNN is a class of artificial neural network which can use their internal memory to
process arbitrary sequences of inputs. In general, we capture hidden states through
the following equation:

hy = f(hi—1, x/10) (1)
where /1 is the hidden state to store the contextual information, f is the activate

function, and 6 represents the network parameters. Figure 1 shows the general form
of unfolding RNN according to the time series.

® ©® ©

Fig. 1 The figure shows the general unfolding form of RNN, where W, U, V are the shared param-
eters. Given the input sequence {x1 S X2, XT, } output the target sequence { VI, Y2, 0 s yr‘_}
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The network of discrete time could be described as, given a set of N pairs
(X Y),s

The goal of the model is to estimate the conditional probability P (Y IIx i), where

where (X h Yi) is the ith pair of input and its corresponding target.

X = [xi,xé,u- ,xiTX} and Y/ = {yi,yé,~~~ ,y%v}. It is noteworthy that the
length of the input sequence 7y may differ from its corresponding output sequence
Ty. The parameters 6 of RNN can be estimated by maximizing the following cost
function:

1 N
J(0) = NZlogP(mx";e) )

n=1

In this case, it is reasonable to model each example using the chain rule to
decompose it as follows (for the sake of brevity, we omit the index i):

Ty
P(Y|X;0) =[] PGulyi, y2. -+ yie1, X 0) 3)

t=1

2.2 Encoder-Decoder Model

The strategy of encoder—decoder model is to map the input sequence to a fixed-sized
vector ¢ with one RNN, and then map the vector to the target sequence with another
RNN. We call the former RNN the encoder and the latter the decoder. Figure 2
shows the general encoder—decoder model.

The most common encoder approach is to use an RNN such that

er = f1(x,e-1) “4)

Fig. 2 The figure shows the general form of encoder—decoder model, where the blue part
represents the encoder process and the violet represents the decoder process
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where e;_1, e; is the hidden state of the encoder at time ¢ — 1, ¢, respectively, and
f1 is the activation function of encoder RNN. Generally, we will choose LSTM
combined with Bi-RNN architecture as the activation function fi, which is more
suitable for long range temporal dependencies. Then we get the vector c,

c=gq(er, ez, --e7,) ()

where ¢ is an another nonlinear function. In paper [31], the fixed-dimensional
representation c is the last hidden state of the LSTM. Then we use another standard
LSTM formulation f>, whose initial hidden state is c, to obtain the hidden state of
the decoder d; at time ¢,

dy = fz(dz—1,yz—1, c) (6)

the conditional distribution of the next symbol is

P()’tb’l,"')’t—lsX;@):g(dt,yt—lyc), (7)

where g is an activation function. Generally, the function is represented with a
softmax over all the words in the dictionary.

2.3 Attention Mechanism

However, compressing all necessary information of the input sequence into a
fixed-length vector is a bottleneck problem that limits the performance of the
encoder—decoder model. There are two major concerns about the model. Firstly,
the fixed-length vector could not represent complete information of the whole
input sequence. And if the input sequence is too long, the later information will
overwrite the previous contents. In order to address this issue, Bahdanau et al. [1]
propose a content-based attentional mechanism which encodes the input sentence
into a sequence of vectors and chooses a subset of these vectors adaptively while
decoding the translation. Attention mechanism associates the output sequence with
the sequence of vectors which preserve the intermediate results of input information
produced from encoder. See Figure 3 for graphical illustration of the attention
mechanism.

In encoder process, we adopt bidirectional RNN or other general RNN structure
to encode the input into vector sequence. Unlike the decoder part in encoder—
decoder model, we adopt attention mechanism to get the final output sequence,

P(yilyr, -+ yi—1, X;0) = g(ds, yi—1, ¢1) (8)



Solving Combinatorial Problems with Machine Learning Methods 213

Fig. 3 The figure illustrates
the general form of attention
mechanism to generate the
t-th target output given a
source sentence

{x1,x0, -+ xp }

where d; represents the decoder hidden state at time f. Attention mechanism
differs from traditional model in that the output y, of each time ¢ is related to the
corresponding content vector ¢;. Actually, ¢; is computed as a weighted sum of
encoder hidden state (e, ez, - - , er,),

T
= ZO‘; ei 9)

i=1

Taking a weighted sum of all the encoder hidden state indicates that attention
distribution is different at the output step ¢. The higher the ozl? value describes the
output of time ¢, pay more attention to the ith input vector. ozl? is the result of the
combined output hidden state d; and all input hidden states,

o — exp(u})

i T (10)
> up
k=1
ul = a(d,, e;) = v’ tanh(Wyd, + Wae;) an

where v”, Wy, W, are the weighting parameters.

Intuitively, attention mechanism relieves the encoder from the burden of having
to encode all information in the source sentence into a fixed-length vector. In the
meanwhile, the implements a mechanism of attention in the decoder help us to better
understand the internal operation mechanism of the model.
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3 Pointer Network for Solving Some Combinatorial
Optimization Problems

3.1 Pointer Network

Pointer network (Ptr-Net) [34] is an effective model repurposing a recently proposed
mechanism of neural attention [1] to solve combinatorial optimization problem
where the output dictionary size is equal to the length of the input sequence. It
differs from the previous attention attempt in that, using attention as a pointer to
select a member of the source sequence as the target, instead of using attention to
compute the weighted sum of these encoder hidden units at each decoder step.

The encoder—decoder model normally uses a softmax distribution over a fixed-
sized output dictionary to compute P (ys|c, y1, - - ¥i—1; 0). This prevents us from
learning solutions to problem that output dictionary size depends on the number of
elements in the input sequence. To overcome this, Ptr-Net does not use attention to
blend hidden units of an encoder ¢; to a context vector, but instead uses uf as pointer
to select input elements at each decoder step. The modified attention mechanism is
shown as follows:

ut = v" tanh (Wye; + Wady) i€ (1,2, . Ty) (12)
P()’zb’ls)@»"' ,y[_l,X;Q)ZSOftmaX(ut) (13)

where softmax normalizes the vector u’ (of length T}) to be an output distribution
over the dictionary of inputs, and v, Wi, and W, are learnable parameters of
the output model. Ptr-Net provides a novel method for complex combinatory
optimization, in which the output sequence corresponds to the positions in an input
sequence. Figure 4 depicts the pointer network to solve simple scheduling problem.

v 1 v
v v v ]
2

[ v v 3
v v |

-EA
Q06O 200G G

Fig. 4 The figure describes the pointer network to solve the simple scheduling problem, which
accepts series of numbers and sorts them in ascending order
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3.1.1 Experiments

In [34], they trained the Ptr-Net to output satisfactory solutions to three challenging
geometric problems, computing planar convex hulls, Delaunay triangulations,
and the symmetric planar traveling salesman problem (TSP). The experiments
performed an evaluation of Ptr-Net algorithms on randomly synthesized graphs. All
the training and testing data are sampled from a uniform distribution in [0, 1] x [0, 1]
to generate Cartesian coordinates of the point p = [x, y]. The inputs of all three
problems are planar point sets P = [p1, p2, - -+, pn] With n elements each, where
pi = [xi, yi], and the output are sequences representing the solution associated
with the point set P. We briefly introduce the result of the network, specific data,
and error analysis presented in the paper [34].

Convex hull is a concept in computational geometry (graphics), which is a task
to find the minimal convex polygon of a finite number of points. In order to reduce
the ambiguities during training, Vinyals ranks the output sequence uniformly which
starts with the lowest index and arranges counterclockwise. They report two metrics:
accuracy and area covered of the true convex hull, to carry out the verification on
the effectiveness of the put forward model. The model has the key advantage of
being inherently variable length. The result shows that model trained on a variety
of lengths ranging from 5 to 50 can be generalized to solve even for 500 nodes.
Although the accuracy is only 1.3%, the area coverage achieved with the model is
close to 100%. In fact, this is a common source of errors in most algorithms to solve
the convex hull.

Delaunay triangulation is another intensively studied problem in computer sci-
ence and mathematics. Given a set P of points in a plane, a Delaunay triangulation
is a triangulation such that there is no point from the set P in its interior. During
the training phase, the labels of the output S” = {S, 82, -, Su(p)} are the
corresponding sequences representing the triangulation of the point set. Each S;
represents the vertices of the i triangle, the integers of the triple which is from 1 to
n corresponding to the position of set P. Without taking into account the order
of vertex, the accuracy and triangle coverage of n = 5, n = 10, n = 50 are
80.7%/93.0%, 22.6%/81.3%, F AI L /52.8%, respectively.

Traveling salesman problem is a NP-hard, “A complete graph with n points,
which each edge has a weight (tour length), one need to search an optimal sequence
of points with the shortest total length.” Experimental comparisons between the
novel network and three traditional algorithm A1, A2, A3 illustrate that the novel
algorithms are correct and feasible on a small scale (n = 5, n = 10, n = 50).
The experiments also indicate that the quality of algorithm is closely related to the
labels.

Pointer network is a novel network structure, which provides a new method
for complicated combinatorial optimization problems. We can use this network
structure to deal with a series of problems that depend on the input dictionary.
In conclusion, using deep learning combined with suitable network structure can
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Fig. 5 Set A = {p1, p2, p3}, set B = {q1, q2, q3}, and the correspondence of the two sets is
(P15 92), (P2, g3), (p3, q1). We use the symbol = to represent the end of set A, the symbol < to
represent the end of encoder, and the symbol (g) to represent the input of the first decoder step. The
two dashed rectangle boxes in the bigger boxes represent the process of the bidirectional RNN. At
each step, the multi-pointer network produces an output that is a sigmoid distribution to point to
two vertices of two sets, respectively

make good use of the computer’s resources, improve efficiency, and conquer the
complexities. At the same time, we should also pay attention to improve the
accuracy and broaden the scope of algorithm (Figure 5).

3.2 Multi-Pointer Network

Point matching is also a special kind of combinatorial optimization problems that is
to obtain the optimal corresponding references, which can be modeled by Ptr-Net.
However, the Ptr-Net doesn’t take full advantage of the correspondences between
two point sets owing to the fact that the output is a member of the input sequence
at each time series. We propose multi-pointer network, which draws the idea from
multi-label classification [38], to address this limitation by pointing out a set of input
elements.

For point sets matching, we define the matching point-pair as the output target
of each time series in training process. After sorting the points of the two sets,
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we construct a series of objective vectors that the elements of each one are zero
besides the position of the matching point-pair. Hence, we need to output a set of
the input sequences simultaneously at the decoder part. Drawing the idea on multi-
label classification, we present a simple modification of the Ptr-Net.

Firstly, we still use Equation (12) to calculate the vector u’ to be the “attention”
mask over the inputs. Then a different approach is adapted to obtain the conditional
distribution in every time step.

Pilyt, y2, - > Yie1, X5 0) = sigmoid(u') (14)

What makes our model different from Ptr-Net is that we use the sigmoid function
instead of softmax function to fit the multi-label classification loss function. This
allows us to maintain that the output of the every time series is the matching point-
pair or the points of other geometry structure.

Our model is specifically aiming at problems whose outputs of every time
series are high correlation. The nature of point matching intents to determine the
correspondence between two sets. Ptr-Net tends to solve problems where outputs
are discrete and depend on its location in the input sequences. Modification of the
our model mines the underlying information between two point sets. By bringing
about changes of this kind, the information can be spread throughout the two point
sets, which can be greatly improved by the accuracy of matching problems. Besides,
the multi-pointer network can also be applied to the problem of combined structural
optimization, like Delaunay triangulation.

3.2.1 Experiments

The validity of the network is established to solve point matching and Delaunay
triangulation by the synthetic datasets. The accuracy of network on the point sets
matching problem is discussed at different sizes (n = 6, n = 5-10, n = 10) and
different kinds of transformation (transformation, rotation, similarity). The results of
experiments verify that our new method can effectively solve the matching problem
with various transformations. The results are presented in Table 1. Compared to
the Ptr-Net, multi-pointer network doesn’t have to consider the problem as a conse-
quence, any permutation of its elements will represent the same triangulation. The
experiment is about 5 points of the set to achieve in average 0.45% improvement.

Multi-pointer network is a new end-to-end network, which is based on multi-
label classification to improve the pointer network. The results show that the
proposed method can effectively solve the translation and other rigid transformation
with large-scale. In this way, we can rapidly gain the corresponding relations of the
point sets in the inference. Moreover, the method can be extended to solve other
problem of combined structural optimization.
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Table 1 Comparison

(a) Translation
between Ptr-Net and our

R Number N=6 N=5-10 |[N=10
multi-pointer network on
translation, and different Ptr-Net model | 98.59% |96.02% |95.79%
translation Our model 99.47% | 98.18% | 97.31%

(b) Rotation (different interval)
Max angle ¢ |0 =45° |6 =90° |6 =135°

N=5-10 98.87% | 97.83% 97.13%
(c) Rotation (different database § = 30°)
Number N=6 N=5-10 N=10
Accuracy 99.78% | 99.48% 97.83%
(d) Translation + Rotation (0 = 30°)
Number N=6 N=5-10 |[N=10
Accuracy 98.45% |97.33% | 96.78%
(e) Similarity transformation

Number N=6 N=5-10 N=10
Accuracy 97.35% | 96.77% 96.24%

3.3 Objective-Based Learning

For NP-hard problem, the time needed for the exact solution is increasing expo-
nentially with the problems scale. How to take advantages of the resource of
approximate algorithm to obtain highly accurate solution at minimal computational
cost is our goal. In paper [21], Milan introduces a simple, yet effective technique for
improving the initial training set by incorporating the objective cost into the training
procedure.

The training objective of classical supervised learning procedure is the proximity
of the network’s prediction to the label, like the mean squared error (MSE) or
the cross-entropy loss for regression and classification problems, respectively. This
type of loss function is differentiable and thus convenient to be optimized with
back propagation (BP). However, it is not an effective training method to simply
use the supervised method for NP-hard problem. Considering the well-known
traveling salesman problem, we will get the similar node order, as measured by
the log-likelihood classification error [34], but results in a highly non-optimal path
measured by the tour length. Therefore, the objective-based learning scheme is
introduced to calculate the task’s objective function in each iteration. It is only
when the current network’s prediction is better than the approximate precomputed
solution, we will propagate the gradient.

3.3.1 Experiments

They validate the scheme on both synthetic and real data on three applications:
tracking multiple targets, graph matching, and TSP. First, mathematical model of
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tracking multiple targets is linear assignment, which can be formulated as a binary
linear program:

X* = argmax c’ X
X
Vit o= (15)

st .
Vi : Z)(ij =1
J

where c are the (linear) coefficients, X € {0, 1}’12 is a binary vector, and y € R"*"
is the same vector reshaped as a square matrix. The constraints ensure the one-
to-one correspondences. The network reads the ¢ as input and obtains the hidden
state i with full-connected layer. The output is a probability distribution over the
number of elements in the second set, obtained by applying a softmax transform.
The validation of experiments on tracking multiple targets is better than the label
acquired from JP DA [10]. Second, by using the same network structure they
validate the quadratic assignment problem (QAP). Different from linear assignment,
the objective of QAP takes on a quadratic form, X* = argmax X7 QX, which

makes the problem NP-hard. On public Pascal image datasetX[19], the matching
accuracy is around 75% on eight point pairs. Third, they verify the effectiveness
of the scheme on planner TSP with 20 nodes. The objective-based learning gains a
better performance than traditional supervised learning with pointer network.

In complex combinatorial problem, especially NP-hard problem, time consuming
increases in exponent as dimension does. The proposed objective-based learning
improves the supervised learning by incorporating the problem specific objective.
This method optimizes the label obtained from suboptimal solution and steers the
training towards higher quality solution. Experiments on multiple applications show
that the scheme results in very good approximations of the globally optimal solution.

4 Reinforcement Learning for Solving Some Combinatorial
Optimization Problems

Supervised learning is training model with a large labeled training dataset of input—
output pairs, in order to minimize a loss function that measures the error between
the predicted output and labeled real output. It is the most common form of machine
learning, but it is often impractical for combinatorial optimization. Supervised
learning is undesirable for NP-hard problems of combinatorial optimization because
(1) the performance of supervised learning model is tied to the quality of the labels,
(2) high-quality labeled data is often expensive, unreliable, or unavailable and may
be infeasible for new problem instances, and (3) finding a competitive and general
algorithm is more important than replicating the results of another algorithm [2].
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By contrast, reinforcement learning systems are trained from their own expe-
rience, without supervised data. Trial-and-error search and delayed reward are
the two most important distinguishing features of reinforcement learning. Using
reinforcement learning to tackle combinatorial optimization problems is feasible,
considering that these problems have relatively simple reward mechanisms based
on themselves; thus, the reward mechanisms can be even used at test time.

In reinforcement learning, an agent interacts with the environment through a
Markov decision process (MDP), learning an optimal strategy through tracking
and error methods for sequential decision-making problems. At each time step ¢
of interaction with the environment, the agent receives a state s, in the state space
S and selects an action @, from the action space A, following a policy m(a;|s;),
which defines the learning agent’s way of behaving at a given time, i.e., a mapping
from state s; to actions a; to be taken. Then the agent receives a scalar reward r;
and transitions to the next state s, 1, for reward function R(s, a) which maps each
state—action pair to a scalar number and state transition probability P (s;+1]s;, ar),
respectively. In an episodic problem, this process continues until the agent reaches a
terminal state and then it restarts. The return R; = Z;?io ykr,+k is the discounted,
accumulated reward with the discount factor y € [0, 1]. The agent’s sole objective
is to maximize the expectation return in the long run [20].

Value function [32], which is a fundamental concept in reinforcement learning, is
a prediction of the expected return, measuring how good each state or state—action
pair is in the long run. The state value function is the total amount of reward an
agent can expect to accumulate over the future for following policy m, starting from
state s:

Vi (s) = E[R]sy = s] (16)
V (s) decomposes into the Bellman equation:
Va(s) = Elre + y Vr (se41) st = 5] (17)

The action-value function is the expected return for following policy = from
selecting action a in state s:

Ox(s,a) = E[Ri|s; = s, a; = a] (18)
It similarly decomposes into the Bellman equation:

Ox(s,a) = E[ry + vy Qr(st41, arp1) sy = 5,0, = a] (19)

The Bellman equation shows the relationship between the value function of the
current state and the value function of the next state.

Value-based methods, main approaches of reinforcement learning, estimate the
optimal value function Q*(s,a) by traversing all states and actions and then
selecting the action corresponding to the maximum value over the long run as
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the strategy. In model-based environment, i.e., already knowing reward function
R(s, a) and state transition probability P (s;+1|s;, a;), use dynamic programming
methods to evaluate value function. While in model-free environment, Monte Carlo
and temporal difference learning are main methods to evaluate value function.
Monte Carlo methods require only experience—sample sequences of states,
actions, and rewards from online or simulated interaction with an environment, then
averaging sample returns as evaluation [32]. Temporal difference learning learns
value function directly from experience with TD error in bootstrapping way. Q-
learning [36] and SARSA as classical learning methods are regarded as temporal
difference learning. Q-learning learns action-value function, with the update rule:

Q(Ss a) < Q(sa a) + a[r + Vmaxu/Q(S/v a/) - Q(S, a)] (20)

where r + ymax, Q(s’,a’) — Q(s, a) is called TD error.

However, classical reinforcement learning methods such as Q-learning can’t
solve the problems with high-dimensional state and action space. Function approx-
imation is a way for generalization when the state or action spaces are high-
dimensional or continuous. Mnih et al. [22] introduce deep Q-network (DQN) which
uses deep neural networks to approximate value function, and apply to the Atari
game, taking game screen as input and game scores as reward signal of learning,
achieving better than human, which is a groundbreaking work of deep reinforcement
learning.

Policy descent methods, another main approaches of reinforcement learning,
optimize the policy m(als; 6) directly and update the parameters 6 by gradient
ascent on E[R;]. Policy gradient methods are widely applied to continuous state
or action spaces. Stochastic policy mg(als) = Plals; 6] defines probability
distribution of actions among total space at state s. Sutton et al. [33] introduce an
alternative approach in which the policy is explicitly represented by its own function
approximator, independent of the value function, and is updated according to the
gradient of expected reward with respect to the policy parameters:

Vo L(7p) =/p”(S)/ Vomg(a | s)Q" (s, a)dads
S A
= Esepm a~myllogmo(a | $)Q" (s, a)]
While deterministic policy a = ug(s) maps directly state to action. Silver et al.
[28] show that the deterministic policy gradient does indeed exist, and furthermore

it has a simple model-free form that simply follows the gradient of the action-value
function:

Vg L(mg) = /;P“(S)VQMQ(S)VG 0" (s, Al gmpuy(s) ds

= Esnpn[Voira (s)Ve Q" (s, @) gy (s)]
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Actor—critic algorithm is a widely used architecture [24]. The actor—critic algorithm
consists of two eponymous components. The critic updates action-value function
parameters, and the actor updates policy parameters, in the direction suggested by
the critic.

Deep neural networks using reinforcement learning have made rapid progress,
especially in the game of Go. Go is essentially a game that makes decisions many
times, similar to combinatorial optimization problems. Each decision produces a
variety of different changes, and the possible changes are millions, like a huge tree
search map. The game of Go has vast search space and difficulty in evaluating the
position and movement of the board. Humans consider it as a huge challenge for
artificial intelligence in very long period of time.

In 2016, Google DeepMind introduced a new program named Al/phaGo which
achieved a 99.8% winning rate against other Go programs, and defeated the human
world Go champion by 4 games to 1. This is the first time that a computer program
has beaten a professional human chess player in a full-scale Go game, a feat that
was thought to take at least 10 years. AlphaGo combines Monte Carlo tree search
(MCTS) with deep neural networks consisting of value and policy networks, greatly
reducing the computation of searching process and improving the accuracy of board
estimation. Similar to actor—critic algorithm, policy network selects movement of
board as actor, and value network evaluates board positions as critic. These networks
are trained by a novel combination of supervised based on data of human expert
games, and reinforcement learning from games of self-play [29].

In 2017, Google DeepMind introduced a new program named AlphaGoZero
based solely on reinforcement learning, without human data, guidance, or domain
knowledge beyond game rules, winning 100-0 against the previously published,
champion-defeating AlphaGo. Other than AlphaGo, AlphaGoZero doesn’t need
human data and uses a single neural network to evaluate board positions and select
moves, rather than separate policy and value networks. The success AlphaGoZero
achieved by reinforcement learning inspires people to use reinforcement learning to
solve the NP-hard problem of combinatorial optimization, because Go can be seen
as a combinatorial optimization problem requiring decision-making at every step.

4.1 Examples

Reinforcement learning that trains a model through trial and error provides a feasible
approach for combinatorial optimization problems, considering that these problems
have relatively simple reward mechanisms based on themselves.

4.1.1 Traveling Salesman Problem (TSP)

Bello et al. [2] propose neural combinatorial optimization, a framework combining
deep neural networks with reinforcement learning to tackle combinatorial optimiza-
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tion problems, focusing on the 2D Euclidean traveling salesman problem (TSP),
achieving close to optimal solutions with up to 100 nodes.

Given an input graph s = {x;};_; of 2D Euclidean TSP with n cities, a tour
length defined by a permutation r:

n—1

L@ | 5) = ||Xe(n) — Xz(1) ||2 + Z %z i1y — er(i)”z

i=1

It’s straightforward to take the negative tour length as reward signal in reinforcement
learning. They follow the network structure of [34], using pointer network pointing
to a specific position in the input sequence of city coordinates, to learn parameter
0 of a stochastic policy p(x | s) that assigns high probabilities to short tours. The
objective function is the expected tour length:

J(O1s) = Ex~pyls) L(ls) ey

They use policy gradient methods and stochastic gradient descent to optimize the
parameter. The gradient of objective function:

Vo J(018) = Exnpy(1s) [(L(7|s) — b(s)) Ve log pe(r|s)] (22)

where b(s) denotes a baseline function that estimates the expected tour length to
reduce the variance of the gradients.

The first method called RL pre-training, an actor—critic algorithm, doesn’t
require supervision, still requires training data and thus generalization depends
on the training data distribution S, described in Algorithm 1. The actor network
uses policy gradient method to optimize parameter 7 of policy and the gradient is
approximated with Monte Carlo sampling:

1 B
Vol 0) ~ & > (L(ilsi) — b(si) Ve log ps (milsi) (23)

i=1

The critic network learns its parameter 6, by stochastic gradient descent. The loss
function is a mean squared error objective between its predictions by, (s) and the
actual tour lengths sampled by the most recent policy:

1 B
L©) = 2 Y b0, 6s0) = Lemilsi)|; (24)
i=1

At test time, using the learnt policy to inference by greedy decoding that always
selects the index corresponding to largest probability, or sampling that samples
several candidate solutions, then selects the best one. They show sampling at test
time is more effective than greedy decoding in their experiments.
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Algorithm 1 Actor—critic training

1: Train (training set S, number of training steps 7', batch size B)
2: Initialize pointer network params 60
: Initialize critic network params 6,
fort =1to T do
s;i ~SAMPLEINPUT(S) fori € 1,..., B
7; ~SAMPLESOLUTION (pg(.|s;)) fori € {1, ..., B}
b; < bg,(s;)foriel,...,B
g0 < 5 22 (L(milsi) — b(si)) Vologpe (milsi)
90 Ly < 528 1bi — L)I3
10: 6 < ADAM (6, gs)
11: 6, <~ ADAM (6, Vy,L,)
12: end for
13: return 6

® NN AW

The second method called active search does not require training data so it’s
distribution independent, presented in Algorithm 2. The method can start with a
random policy, iteratively optimizing parameters of policy on a single test instance
with policy gradient, and draw Monte Carlo samples over candidate solutions
my, T, ..., g ~ pp(.]s) for a single test input. Instead of a parameterized critic
network, it resorts to an exponential moving average baseline.

Algorithm 2 Active search

: TRAIN (ActiveSearch(input 5,0, number of candidates K, B, «))
: 1 < RANDOMSOLUTION()
L, < L(wls)
n <%
forr=1...ndo
;i ~SAMPLESOLUTION (pg(.|s)) fori € {1, ..., B}
j < ARGMIN (L(my|s) ... L(wgls))
Lj < L(mjls)
9: if L; < Ly then
10: T <7
11: L;-[ <~ Lj
12: end if
13: gp < 5 L2 (L(mils) — b)Vologpy (mils)
14: 0 < ADAM (6, go)
15: b<—oz><b+(l—a)><( Z 1bi)
16: end for
17: return w

A ol e

They conduct experiments for three tasks, 2D Euclidean TSP20, TSP50, and
TSP100 which points are drawn uniformly at random in the unit square [0, 1]?,
and their results are better than results of pointer network with supervised learning.
In their experiments, among five kinds of neural combinatorial optimization, RL
pretraining-sampling and RL pretraining-active search are the most competitive
methods for test cases.
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4.1.2 Maximum Cut (MAXCUT) and Minimum Vertex Cover (MVC)

Maximum Cut (MAXCUT): Given a graph G, find a subset of nodes § € V such
that the weight of the cut-set which edges between S and the complementary subset,
> u.vecW (U, v), is maximized.

Minimum Vertex Cover (MVC): Given a graph G, find a subset of nodes S C V
such that every edge is covered, i.e., (u,v) € E < u € Sorv € §, and |S| is
minimized.

The learning meta-algorithm [16], using a common formulation to solve graph
optimization problems, designs a unique combination of reinforcement learning and
graph embedding network which is called structure2vec (S2V) [6] to represent the
nodes in the graph. The greedy algorithm constructs a solution by sequentially
adding nodes to a partial solution S, based on maximizing evaluation function Q
measuring the quality of a node.

An algorithm A(G, h(-), t(-), c(-)) consists of a problem instance G, the helper
function & used to map set S to a combinatorial structure, the termination criterion
t, and the cost function ¢, and then output a final solution S determined by the
evaluation function Q, which is learned by using a set of problem instances:

S := A(G, h(-), (), ¢()), where G ~ D (25)
The partial solution S will be extended as:

S := A(S, v*), where v* := argmax Q(h(S), v) (26)

vesS

For maximum cut (MAXCUT) problem, to satisfy the constraint, the helper
function divides V into two sets, S and its complement S=V \ §, and maintains
acutset C = (u,v) € E,u e S,veS. And the cost function is c(h(S), G) =
Z(u,v)eCw(u’ v).

For minimum vertex cover (MVC), c(h(S), G) = —|S]|.

With function approximation method, Khalil et al. use 0 parameterized by &
instead of Q:

o~

Q(h(S), v; @) = Q(h(S),v) 27)
Structure2vec (S2V), the graph embedding network, computes a p-dimensional

feature embedding p, for each node v € V and updates the embeddings
synchronously at each iteration:

i = F (xv, (1 uen - (w @, 1) huenw); @) 28)

where x, is an additional feature on node v: x, = 1 if v € § and 0 otherwise. N (v)
is the set of neighbors of node v in graph G, and F is a generic nonlinear mapping
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such as a neural network or kernel function. Designing F' to update a p-dimensional
embedding 1ty :

relu (91xv + 922u€N(v) [ + 93ZMGN(v)relu(94w(v, u))) (29)

Using the embeddings from structure2vec to parameterize Q :

Q(h(S). v: ©) = O relulby | _ ttu O710] (30)

Using a combination of n-step Q-learning and fitted Q-iteration [26] to learn the
parameters in @ (h(S), v; ©), as illustrated in Algorithm 3. Using n-step Q-learning,
the parameters are trained with stochastic gradient descent on the squared regression
loss objective:

(v — O(h(S), v; ©))° 31)
where
n—1 .
¥ =2 Sisis i) + v max Qh(Sien), Vs ©) (32)
=0

The fitted Q-iteration approach uses experience replay to randomly sam-
ple batch from a dataset E consisting of tuples of previous episodes,
similarly to deep Q-Network (DQN) [22]. Hence, they call the algorithm
structure2vec deep Q-learning (S2V-DQN).

Algorithm 3 Q-learning for the greedy algorithm
1: Initialize experience replay memory M to capacity N
2: for episode e = 1 to L do
3: Draw graph G from distribution D

4:  [Initialize the state to the empty sequence S| = ()
5: forstept =1toT do

6: Add v; to partial solution: S;11 := (S, vr)

7. if ¢ > n then

8: Add tuple (S;—n, Vi—n, Ri—ns, St) to M

9: Sample random batch from B ~ M

10: Update ® by SGD

11: end if

12: end for

13: end for

14: return ©®

From their experiment of two types of graph: Erdos—Renyi (ER) graph and
Barabasi—Albert (BA) graph, the performance of S2V-DQN is particularly better
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than performance of pointer network trained with actor—critic (PN-AC) [2] and
other heuristic algorithms. In this experiment, training and testing graphs obey the
same distribution and that the sizes of graph are varied in the ranges {15-20, 40—
50, 50-100, 100-200, 400-500} for the MVC problem, while for the MAXCUT
problem the sizes are {15-20, 40-50, 50-100, 100-200, 200-300}. Particularly, the
approximation ratio respect to optimal solution is approximately 1 for the MVC
problem. They also show the generalization ability of the proposed model S2V-
DQN and show that it can get very low approximation ratio of testing graphs with
up to 1200 nodes when training on graphs with 50-100 nodes.

5 Conclusion

Combinatorial optimization problem has developed in many fields and been increas-
ingly addressed theoretically by scholars and practically by programmers. The
development and application of deep neural network provides a new method for
complicated combinatorial optimization problems. This chapter introduces several
models for solving combinatorial optimization problems using deep neural net-
works, like pointer network, multi-pointer network, and so on. However, traditional
supervised learning techniques typically require a large number of high-quality
labeled data to learn an accurate model. Therefore, scholars pay more attention to
the theory and practice of combining training mechanism based on reinforcement
learning with appropriate network model. The present results demonstrate the
effectiveness of the proposed framework as compared with manually designed
greedy algorithm. For instance, on graphs with 1200 nodes, only using a single GPU,
paper [16] find the solution of MVC within 11 s while getting an approximation
ratio of 1.0062. In future, with the rapid development of the computer science, we
are supposed to design a general frame to solve the optimization problem using
machine learning methods.
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Abstract Modeling malware propagation dynamics and developing prevention
methods are very imperative with flourishing and advancement of WSN tech-
nologies in a variety of fields, such as smart cities. In the last decade, a lot of
effort has been put into designing effective models to characterize the propagation
dynamics of malware and developing effective prevention methods, with different
focuses such as spatial-temporal model, pulse immunization, trade-off model
between prevention cost and network utility, etc. This chapter reviews the state-
of-the-art malware modeling and prevention method to present a comprehensive
guide on how to choose a more appropriate approach for different applications.
First, the application background and definitions of WSNs and malware are
introduced, followed by the challenges of modeling malware propagation dynamics
and developing prevention methods. Second, the recent advances in modeling and
prevention methods are summarized. Third, four recently published papers that
focus on spatial-temporal modeling, pulse immunization, and cost-efficiency trade-
off are introduced. Finally, this chapter is ended by pointing out some possible future
research directions.
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1 Introduction

Wireless sensor networks (WSNs) have been successfully applied to a variety of
fields [1-4], such as smart cities [5, 6], environment monitoring[7], and border
protection. For all these applications, sensory data is gathered from each sensor
through wireless communications and then manipulated. One significant challenge
of data gathering and manipulation is to explore how to guarantee data availability,
integrity, and reliability, due to limitations of sensor nodes in terms of energy,
storage, and computation capacity [8—10]. Furthermore, more challenges rise due
to the popularity of mobile wireless sensor networks (MWSNSs), which form a
dynamically changing network topology. In MWSN, mobility of nodes enables
data communication to eliminate the limitation of geographic space [11]. These
deficiencies provide great opportunities for malware to inject malicious codes into
sensor nodes, which not only compromise data integrity and reliability, but also
compromise data availability due to bad influence on network lifetime and channel
utilization [12—17].

A lot of effort has been put into designing effective models to characterize
the propagation dynamics of malware and developing effective cybersecurity
methods[10], with different focuses such as spatial-temporal model[18, 19], pulse
immunization[20], trade-off model between prevention cost and network utility[21,
22], and so on. In this chapter, we introduce and summarize the recent advances in
propagation modeling and prevention, and present some related works.

In general, the application scenarios of malware propagation modeling and pre-
vention include two parts: static WSNs and MWSNs. Compared with static WSNss,
the network topology in MWSNs changes dynamically because of node mobility.
Although MWSN technologies are successfully used in smart cities nowadays,
cybersecurity issues are emerging increasingly[23, 24]. Furthermore, dynamically
changing network topology also poses serious challenges to the implementation of
prevention methods.

Meanwhile, prevention methods can be further classified as immunization and
quarantine [25-28]. In immunization, security packages are installed in advance to
immunize nodes from malware. Through restoring the security flaws that could be
exploited by malware, susceptible nodes could be immunized and their states are
transferred to recovered nodes. In quarantine, malware is first removed from the
infected nodes, and then these nodes are immunized. Finally, the infected nodes can
carry out data collection and manipulation normally, and their states are transferred
to recovered nodes.

When dealing with malware propagation modeling and prevention for WSNis,
the constraints and limitations of WSNs in terms of energy supply, mobility,
communication capacity, and immunization and quarantine costs introduce many
challenges. We summarize some of the main challenges as follows.

— Network Utility and Prevention Efficiency Trade-off. Installing immunization
packets continuously or removing malware at high intensity will seriously
occupy the limited communication channels, deplete limited battery energy,
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which definitely exacerbates communication delay, and shorten the life-cycle
of networks. How to conduct propagation modeling and prevention to achieve
a trade-off between network utility and prevention efficiency is a significant
challenge. The goal is to enable the proposed models and prevention methods
to not only prevent further propagation of malware but also to guarantee utility
of the network.

— Prevention Cost and Efficiency Trade-off. Installing immunization packets and
removing malware jams regular network communication and shortens the net-
work lifetime. Furthermore, these immunization packets will occupy expensive
memory space and computational capacity of the node, which further exacerbates
the performance deduction of data collection and manipulation. Therefore, the
cost of immunization and quarantine cannot be ignored, which poses a challenge
to achieving the trade-off between prevention cost and efficiency.

— Prevention Methods with Time Limitation. It is very important to the decision
makers to know whether or not malware in the network will die out under the
prevention methods. At the same time, strong prevention methods may lead to
the rapid disappearance of the malware, but the cost is considerable. The goal is
to develop prevention methods that can guarantee that the malware extincts at the
end of an expected time period with the lowest prevention cost.

— Maximum Immunization Period. Continuous immunization method is widely
applied in large WSNs, which install immunization packets on susceptible nodes
continuously. Although continuous immunization largely reduces the chance
of propagation of malware, it also depletes network resources continuously.
Especially, it jams regular network communication intensively and shortens the
network lifetime aggressively. Therefore, there should be a discrete immuniza-
tion plan that immunizes susceptible nodes at some regular interval. How to find
such a proper interval offers another challenge.

— Spatial-Temporal Dynamic Modeling. Temporal dynamic modeling is used to
predict malware propagation dynamics for some time into the future, but it cannot
offer insight on propagation dynamics in geographic space. For preventing mal-
ware propagation, expected methods are to either install immunization packets on
susceptible nodes or quarantine infected nodes in both spatial-temporal dimen-
sions. How to model the spatial-temporal dynamics of malware propagation in
WSNs and develop target immunization and quarantining methods is a significant
challenge. The goal is to immunize susceptible nodes prior to the next peak of
node infection and quarantine infected nodes to prevent the occurrence of next
peak of node infection.

— Malware Propagation Threshold. Malware propagation dynamics is inherently
determined by network properties, such as node communization range, mobility
rate, and packet delivery rate. For example, susceptible nodes are easier to be
infected by malware in a network with larger communication, mobility rate, and
packet delivery rate, since infected nodes can reach more susceptible neighbors
easily. Therefore, the last challenge is to identify a threshold that determines
whether the malware continuously propagates or becomes extinct in the future,
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which also formulates a restrictive relationship between network properties and
prevention methods.

The rest of this chapter is organized as follows: In Section 2, the background
of malware propagation in WSNs is provided. Then we review and summarize
the existing propagation dynamic models and prevention methods, followed by the
discussion of four famous modeling and prevention schemes. Finally, we conclude
this chapter and point out some possible future research directions in Section 4.

2 Malware Propagation in Wireless Sensor Networks

In this section, we first introduce some background knowledge on malware propa-
gation in WSNs. Subsequently, we review some existing modeling and prevention
methods. Finally, we discuss one popular spatial-temporal model that describes the
propagation dynamics of malware in WSNs, which is also the best existing model
with respect to predicting the propagation dynamics in spatial-temporal dimensions
of malware in WSNs [18].

2.1 Introduction of Malware Propagation in WSNs

Recent years have witnessed an overwhelming propagation of malware in WSNs
and traditional Internet. The cybersecurity and privacy issues in WSNs are of great
importance as the sensory data collected and aggregated by sensor nodes could
be very sensitive, and moreover, most of the sensor nodes generally operate in
field environment, or even hostile environment [29-31]. For example, although
smart cities are becoming ubiquitous in the scientific, social and economic fields,
WSNs are the first step in the development of big data collection, aggregation
and applications. For those sensors across cities, the collected data could be from
smart home, smart grid, and smart government, which pose serious threat on our
cities. WSNs are prone to be vulnerable to various attacks, such as eavesdropping,
intrusion, or malicious interference with their normal operations, or even malicious
hardware damage[32-34]. Malwares are injected into sensor nodes, which can
destroy nodes, deplete their energy, block regular communications, or damage the
integrity of regular data packets. This terminology refers to a variety of hostile
software, including network worms, viruses, Trojan Horses and spyware [35].
Furthermore, when malware is injected into some nodes, they can propagate across
the entire network, with the propagation of tampered data.

Existing results showed that the process of malware propagation is closely
related to network properties, involving sensor node density, energy consumption
(remaining energy), communication range, movement speed, network topology,
and work interleaving schedule policy. According to that, the process of malware
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propagation in WSN has its own unique features, compared with other traditional
networks:

1. When malware propagates on a network like the Internet, it injects malicious
codes into other hosts by randomly scanning other hosts’ IP addresses, whereas
malware in a WSN can propagate malicious codes to entire networks by
outspreading neighbors, and there are no geographical limitations for malware
propagation in MWSNss.

2. Due to the sleep and active intervals, the malware on an active node can propagate
to neighbor nodes that are active, but the sleeping neighbors of that active node
do not get infected. Moreover, while a node is sleeping, any malware on that
node cannot infect other nodes, since there is no communications between this
sleeping node and its neighbors.

3. When the energy of a WSN is exhausted, more and more nodes become
dead nodes, then the network cannot effectively carry on data collection and
aggregation. Meanwhile, malwares also cannot effectively propagate in network,
because dead nodes will not participate in the process of propagating malware in
a WSN.

4. When malware propagates in MWSN, node movement removes spatial restric-
tions. Network topology changes enable the malware to propagate to a larger
geographic space.

5. When malware propagates on a node with small communication rate, the number
of infected neighbors is limited. Only those nodes located in its communication
rage can be infected. For a network with high density, malware can easily
propagate to a large network area.

In view of the above challenges and properties, existing research works can
be broadly divided into two categories as follows: (a) mathematically model the
propagation dynamics of malware in WSNs [36—43]; (b) develop prevention meth-
ods that can achieve the trade-off among network utility, prevention efficiency, and
prevention cost so that the propagation of malware can be prevented while tolerable
network utility and prevention cost can also be guaranteed [18, 20-22, 44-49].

2.2 Overview of Modeling and Prevention

In this subsection, we review some recent works on malware propagation mod-
eling and prevention methods in WSNs. Some comprehensive surveys have been
conducted in [50-54]. Furthermore, the research advances in malware propagation
prevention are summarized in [55-57]. Following this, we summarize new advances
in malware propagation modeling and prevention in four aspects: spatial-temporal
dynamic model, pulse immunization model, cost-efficient prevention methods, and
information propagation dynamics in heterogeneous network.
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2.2.1 Spatial-Temporal Modeling of Malware Propagation

In [18], a spatial-temporal dynamic model is proposed that characterizes the process
of malware propagation in WSNs, based on epidemic models [58] and diffusion—
reaction models [59, 60]. First, the functional relations between network properties
and malware propagation are investigated, which play vital roles in determining
the general modeling and offering an insight on preventing malware propagation
by making some changes to the network properties. Furthermore, epidemic models
and diffusion-reaction models are inherently dependent on differential equations,
so that it is fundamental to incorporate network properties into models of malware
propagation. Second, by analyzing the solution properties of the proposed system
(i.e., the stability of the equilibrium solutions [61]), a threshold is obtained which
determines whether the malware continually propagates or dies out in a WSN. On
the one hand, system solutions indicate the density of susceptible nodes in the future,
because they are actually the function of susceptible nodes, infected nodes and
recovered nodes at any time ¢ in any geographic space. On the other hand, system
solutions offer great insight on carrying out prevention methods since they are also
the functions of network properties, as shown in the theorem given in [18]:

Theorem 1 When there is a positive—equilibrium point and the probability of
immunizing the susceptible nodes is greater than the probability of patching the
infected nodes, the proposed system finally reaches this equilibrium point, and it
indicates that the malware will continuously propagate in the MWSN.

Since the geographical distribution of infected nodes in the future can be
predicted in advance, a targeted immunization strategy can be used to recover the
infected nodes in some extensively infected regions.

2.2.2 Pulse Immunization Model of Malware

In [20], a pulse immunization model is proposed that implements prevention meth-
ods in every optimized pulse period based on pulse differential equation models. The
prevention method that is successfully applied in large WSNs is to install security
packets on susceptible sensor nodes, so that those nodes will not be infected by
malware in the future. The crucial problem is, when immunization packets should
be installed for a WSN. In recent years, many continuous immunization methods are
proposed, and they install immunization packets randomly. If immunization packets
are installed intensively, network resources will be depleted intensively. Especially,
regular network communication will be jammed intensively and network lifetime
is also shortened aggressively. However, if immunization packets are installed
infrequently, the malware propagation cannot be controlled and more and more
susceptible nodes will transform to infected nodes. Therefore, there should be
a discrete immunization plan that immunizes susceptible nodes at some regular
interval. Furthermore, most of the current prevention methods are designed only
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for static WSNs without considering the influence of node mobility on malware
propagation. Therefore, how to define prevention methods that can be applied to
MWSNs is a serious challenge.

Motivated by [18], this work developed a differential equation model to char-
acterize the propagation dynamics of malware in MWSNs based on epidemic
model, and then developed an pulse immunization method that carries out the
installation of immunization packets at some regular interval. Finally, this work
mathematically analyzed the existence and stability of a malware-free solution of
the proposed model, and derived the maximal immunization interval T. At every
interval 7, immunization packets are installed on susceptible nodes to prevent
malware. The derived immunization interval guarantees that immunization packets
can be installed with minimum frequency, while malware can extinct over time in
MWSN.

2.2.3 Cost-Efficient Prevention Methods

In [62], computational models and optimal control strategies are proposed for
emotion contagion in the human population in emergencies that implements pre-
vention methods in every optimized pulse period based on Pontryagin’s maximum
principle [63]. There are two methods for preventing malware propagation in WSNs:
immunization and quarantine. In immunization, security packages are installed in
advance to immunize nodes from malware. Through restoring the security flaws
that could be exploited by malware, susceptible nodes could be immunized and their
states are transformed to recovered nodes. In quarantine, malware is first removed
from infected nodes, and then these nodes are immunized.

Unfortunately, the costs of carrying out these two methods are usually ignored.
Installing immunization packets and removing malware jam regular network com-
munication and shorten network lifetime. Furthermore, these immunization packets
will occupy precious memory space and computational capacity of node, which
further exacerbates the performance deduction of data collection and manipulation.
Therefore, the cost of immunization and quarantine cannot be ignored, which
poses a challenge to achieving the trade-off between prevention cost and efficiency.
Moreover, immunization and quarantine are considered individually in most exist-
ing works [64-68]. Hence, prior works overestimate the efficiency of proposed
prevention methods and are costly. In this work, a prevention method is proposed
that prevents malware propagation by exploiting both immunization and quaran-
tine methods with limited costs. With this idea, a real-time optimization (RTO)
prevention method is proposed based on Pontryagin’s maximum principle, which
can minimize the malware prevention cost by optimally combining immunization
and quarantine, while a rumor can become extinct within an expected time period.
With the optimization objective, RTO provides optimized rates for immunization
and quarantine in a real-time manner.
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2.2.4 Information Propagation Dynamics in Heterogeneous Network [22]

Since information propagation in online social networks (OSNs) has similar
dynamics as malware propagation in WSNss, in this subsection, we discuss a recently
published cost-efficient strategy for restraining rumor spreading in OSNs. It is
a heterogeneous network based epidemic model which tries to achieve a rumor
restraining trade-off between cost and efficiency.

This paper takes the influence of network heterogeneity and the cost of preven-
tion methods into account, and proposes a heterogeneous network based epidemic
model that incorporates both network heterogeneity influence and two prevention
methods. First, by analyzing the existence and stability of equilibrium solutions
of the proposed model, the critical conditions that determine whether a rumor
continuously propagates or becomes extinct are derived. Second, the cost of the
countermeasures, i.e., blocking rumors at influential users and spreading truth to
clarify rumors, are incorporated in the propagation model. Finally, based on the
Pontryagin’s maximum principle, the optimized countermeasures that guarantee that
a rumor can become extinct at the end of an expected time period with lowest cost
are derived. Both the critical conditions and the optimized countermeasures provide
a real-time decision reference to restrain the rumor spreading

In phase one, based on epidemic model, ONS users can be divided into three
groups: Susceptible (S) represents the users that are not infected by rumor but are
susceptible to it; Infected (I) represents users that are infected and act as rumor
spreaders; and Recovered (R) represents the users that are immunized to rumors
because of knowing truth. Obviously, one user belongs to only one of the three
groups. The acceptance rates for information (rumor and truth) of different users is
different because of their different social connectivity. Users can be characterized
based on their social connectivity (also called degree) that reflects the social
influence of one user. Degree based heterogeneity can effectively characterize
information diffusion in scale free networks [4, 6, 13] (i.e., power-law degree
distribution). Based on degree, the users in a network can be classified into n
groups and the users in one group have same social connectivity. For group i (i
=1,2,...,n), k; denotes the social connectivity of the individuals in this group. Let
Sk; (1), I; (1), and Ry, (¢) denote the density of susceptible, infected, and recovered
individuals in group i at time ¢, respectively, and S, () + Iy, () + Ry, (t) = 1.

Based on the above analysis, this work finally draws the following conclusions.

Theorem 2 [f prevention methods’ countermeasures are effective resulting to ro <
1, the rumor will be extinct. Otherwise, if prevention methods’ result is ro > 1, the
rumor will continuously propagate and the density of infected users will converge
to a stable level.

In Theorem 2, ro is the threshold which determines the existence of the
equilibrium solution for the proposed model.
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2.3 Reaction—diffusion Modeling of Malware Propagation
in MWSN [18]

This work abstracts a WSN as a two dimensional area §2 with area @, which is
divided into a set of blocks. Each block represents a piece of geographic subarea.
The area of block x is denoted by @,. N () is used to denote the number of active
sensor nodes in £2 at time ¢. This work uses random walk model to model the
behavior of mobile nodes. The mobility behavior of nodes follows random walk
model, which indicates nodes randomly roam with an average velocity v in §2. The
node density is denoted by o, which is defined as 0 = N/®. Then, the number of
nodes located in block x is: N(x,t) = ®,N/P. Any two neighboring nodes n;,
nj in £2, can directly communicate with each other. The number of neighbors of
each node is denoted by § with average value 772c, assuming nodes are uniformly
distributed over £2, where r is the communication range of sensor node. The packet
transmission rate is denoted as p, 0 < p < 1, which means one node sends p data
packets to its neighbors per unit time.

A node is infected if it is injected with malicious codes by malware. An infected
node propagates multiple copies of the malware to its neighbors while transmitting
regular data packets. A node is susceptible if it has not yet been infected by malware,
but is prone to be infected. A node is recovered if it is installed with immunization
packets or is quarantined from the infected nodes. A node is dead if it is unable to
conduct data collection and manipulation because of hardware damage or energy
exhaustion.

Let S(x, 1), I(x,t),and R(x, t) denote the number of susceptible nodes, infected
nodes, and recovered nodes in block (x, #) at time 7, respectively. For the active
nodes in £2, S(x, y,t) + I(x,y,t) + R(x, y,t) = N(t). In block x, the proportion
of susceptible nodes is S(x,#)/N(x,t) = S(x,1)/(0 Dy). Meanwhile, the number
of susceptible neighbors for each infected node in block x is §S(x,t)/(c®@,) =
7r?S(x,1)/®,. Since packet loss generally occurs in WSNs, when an infected node
sends p data packets to its neighbors per unit time, the probability that one of p data
packets is at least successfully received by its susceptible neighbors is 1 — (1 — p)~,
where p is the average probability of one packet that is successfully sent. Thus,
the number of susceptible neighbors to which an infected node can successfully
send malware is Ny = wr2(1 — (1 — p)p)S(x, t)/®,. For simplicity, denote A =
wr?(1 = (1 = p)p)/Px.

Intuitively, the capability of an infected node to infect a large set of neighbors
by sending malware to its neighbors reduces with the increase of infected nodes in
network. This effect is called saturation effect [10]. For simplicity, S(x, ), I (x, 1),
R(x,t),and D(x, t) are represented by S, I, R, and D, respectively. To characterize
the saturation effect, a parameter is introduced: g = ﬁ, where « is an adjusting
factor related to the network property. In general, « take value from: 0 < o < 1;
obviously, 0 < 8 < 1.

Because some nodes will die due to hardware damage and energy exhaustion,
new nodes must be added to the network. A is used to represent the rate at which
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Fig. 1 Node state transition
relationship, where dots
represent nodes

new nodes (susceptible nodes) are added to the network. The death rate of nodes
is denoted by 1, 0 < n < 1. At any time, the state transition of sensor nodes can

be described as Figure 1. The weight ¢ on F —> H means that ¢ nodes in state
F enter state H, where F, H € {S,I, R, D}, F # H. g1 is the probability with
which a susceptible node transforms to a recovered node, and ¢; is the probability
with which an infected node transforms to a recovered node, 0 < &; < 1 and
0<e < 1.

Nodes continuously transform to another state, as malware propagates in net-
work. The change rate of the density of nodes in different states with time can
be represented as % ‘;—ﬁ and %—f. The process of malware propagation involves
both spatial and temporal dynamics. Therefore, the spatial-temporal propagation

dynamics of malware can be modeled using reaction—diffusion system:
S 2
=y(S.1,R) + nusV-Ss,

ot
g—f = x(S, I, R) +u;V2I, (1
oR By
Frie y(S,I,R) + urV-R,
where the left part of each equation is the rate of density change of susceptible,
infected, and recovered nodes in network, respectively. y (S, I, R), x (S, I, R) and
y (S, I, R) characterize the state transformation of nodes, which are called reaction
functions (or reaction terms). ;LSVZS, ,u[VZI and MRVZR are called diffusion
terms, which are used to characterize the influence of node mobility, where s, (g
and u g are the diffusion coefficients, which reflect the influence of data mobility on
change rate of node density. Assuming all nodes are moving with the same speed,
s = pm; = jg. V2 is the Laplace operator, a second-order differential operator
in multivariable calculus [69]. In a two dimensional region, V2 is defined as V2 =
82/0x2 + 0%/9y>.
If prevention methods are effective, a malware does not propagate any more.

Otherwise, a malware would continuously propagate. These two cases correspond
to the malware-free equilibrium solution and the positive-equilibrium solution of
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System (1), respectively. If a malware-free equilibrium point exists and is stable,
the malware in network will finally extinct. If a positive-equilibrium point exists
and is stable, the malware will continuously propagate and the density of all nodes
will finally reach a steady state. Otherwise, the malware propagation finally goes
into an oscillation state. From the non-linear system theory [69], we know that a
diffusion system has the same constant equilibrium points with its corresponding
non-diffusion system.

Theorem 3 When there is a positive-equilibrium point and the immunization rate
on susceptible nodes is greater than the quarantining probability on infected nodes,
the proposed system finally reaches its equilibrium point, and the malware will
continuously propagate in the MWSN.

2.4 Pulse Immunization Model

Consider a MWSN with area A and N nodes. Each node moves in a random
direction with speed v in network, which results in uniform distribution of nodes
in geographic space. Each node is restricted by limited battery capacity and
communication range that can be viewed as a circle with radius r, b represents the
probability of a node dying due to hardware damage or energy exhaustion. To keep
the active nodes in network steady, new susceptible nodes are continuously placed
into network with rate b.

The state transformation among nodes is represented in Figure 2. In Figure 2,
p is the probability of a node being transformed to a recovered node, and ¢ is the
probability of node being transformed to a dead node. X is the rate that represents
the contacting chance of any two nodes per unit time. Because the total number of
acting nodes is steady, then S(¢) + I(t) + R(t) = 1. The movement process of each
node 7 is divided into finite continuous K stages, represented by #1, 2, ...k, and
tiy1 —ti = tiyo —tiy1 =t,where 1 <i < K —2.In any stage t;, node n; moves or
stops in an interleaving way. For an arbitrary node, assuming that the mobility time
is 77 and that the stopping time is 7>, where 71 + 7> = t. Therefore, a larger T
implies a smaller 73, and vice versa.

bS .
~
U /I—{\ D

el bR

b fs\
N

AST

pS

Fig. 2 State transition relationships of nodes
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Obviously, the distance that node n; can move is v7; at state ¢, and the
communication region area of node n; is @ = 2rvT; + 7r2. Therefore, the number
of neighbors of n; is { = u® = Q2rvl; + 7r?)N/A at one stage. In addition,
B is used to represent the rate of n; to scan neighbors for sending data package.
The probability of one infected node to successfully send malware to its neighbors
is «. The capability of an infected node to successfully infect its neighbors is
defined by n = «af. Therefore, the number of susceptible nodes that can be infected
successfully by an infected node at stage ¢ is § = n¢ S(t) = 2rvT; +r2)N/A. Let
A= QrvTy +r*)N/A.

The node state transformation part is described as follows, when ¢ % nT, based
on transformation in Figure 2:

ds@) .

T = b= ASOI@) = bS®);
% =ASMI(t) — el () — bI(t); @)
dR(t) B

- = el (t) — bR(?).

The pulse immunization part is described as: when t = nT, SrT') = (1 —
p)ST); InTT) = I(nT); RmT+) = R(nT) + pS(nT), where n is a positive
integer. [nT, (n+1)T] is n-th time intervals between two immunization operation at
time nT and (n+41)7T. Since pulse immunization lets nodes transform states sharply
at each time nT, the above proposed system is a pulse differential system. At any
time ¢t # nT, nodes’ states are transformed because of malware propagation. We
use nT™ to represent the next immunization point of nT. At any time t = nT, a
set of nodes’ states are transformed because of pulse immunization. As shown in
the system, the number of susceptible node is sharply deducted pS(nT), at nT+
after pulse immunization at n7. Furthermore, the number of infected nodes does
not change in the process of pulse immunization, because pulse immunization only
transforms susceptible nodes into recovered nodes at each time point t = nT.

If there exists a malware-free and stable T-period solution of proposed system,
malware will extinct finally. Otherwise, malware will continuously propagate.

Theorem 4 If the immunization period is T, the T-period zero-equilibrium of
proposed System is ST (1), where ST (1) = (1 + (§* — De=bt=nD)y gpg §* =
A=p)"-1)

eTp—1 -

Immunizing susceptible users with the maximum immunization period can
minimize the frequency of jamming regular network communication and shortening
network lifetime. Then, the maximum immunization period T,y is the threshold
that determines whether the T-period zero-equilibrium solution is stable. If T <
Tnax, 1.€., immunization frequency is less than maximum frequency, malware will
extinct finally. On the contrary, any immunization period T with T > T4, would
let malware propagate in the network continuously.
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2.5 Emotion Contagion in the Human Population
in Emergencies [62]

In this chapter, we discuss a new emotion information diffusion model SLIR, which
is extended from the traditional epidemic model and can describe the spatial—
temporal diffusion of emotion information more accurately in self-organizing
networks.

In SLIR model, the author divides nodes into four categories in an ad hoc
network: the susceptible state (S), the latent state (L), the infected state (I), and the
recovered state (R). If one node does not receive any information, the node belongs
to S-state. If one node receives emotional information, it may be infected by that
emotional information. Because of the cognitive psychology of the users, the users
who receive the emotional information first enter the thinking and wandering stage,
considering the authenticity of the information, and whether or not to believe the
information. The node in the state of wandering and thinking belongs to the L-state.

If the L-state nodes believe the emotional information after a period of thinking,
the nodes are transformed to I-state. If the nodes lose interest in the received
emotional information, or the nodes no longer believe the emotional information,
they will not receive the emotional information from then on, and the nodes belong
to R state.

‘When the S-state nodes encounter the I-state nodes, the I-state nodes can transmit
emotional information to the S-state nodes through conversation. Then, the S-state
nodes are transformed to the I-state nodes with probability «(¢), or transformed to
the L-state nodes with probability S(¢), or transformed to the R-state nodes with
probability 1 — «(¢) — B(¢), at any time t. When the I-state nodes encounter the R-
state nodes, the I-state nodes are transformed to the R-state nodes with probability
y (t). When the L-state nodes encounter the R-state nodes, the L-state nodes are
transformed to the R-state nodes with probability (7). When the L-state nodes
encounter the I-state nodes, the L-state nodes are transformed to the I-state nodes
with probability 6(¢). The probability of the L-state nodes jump out of thinking
and wandering state is p. After jumping out of the wandering period, L-state nodes
are transformed to the R-state nodes with probability o (¢), or transformed to the
I-state nodes with probability 1 — o (¢). The nodes in the I-state may lose interest in
emotional information and thus become nodes in R state. Since the nodes in R state
may be interested in emotional information again, so it could transform to S-state
with probability &(¢).

In particular, this work proposes a novel method for determining these probability
parameters based on the psychological model. This method incorporates these
parameters into a time-decay model, which can accurately describe the process
of nodes losing interest in information over time. For example, the authors model
interest decay as «(t) = we~¥1=10) where 1, indicates the occurrence time of
event. w and Y| are positive constants. When one event occurs, @ indicates the
influence of emotional information involving the event. The 1| can be used to
express the attenuation of emotional information’s influence over time, and the
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larger the ¥, the faster the attenuation of information influence. The authors use
the mean field equations to express the emotional information diffusion model.

To sum up, the advantages of the SLIRS model are that: (1) Based on a
systematic discussion of the existing models for characterizing the process of
emotion information diffusion, the authors identify some strengths and limitations
of the existing models. The concept of latent state is introduced to describe the nodes
in thinking or wandering state, which are considered separately from other types of
nodes in modeling; (2) The model fully considers the complex interaction between
nodes in different states and the transformation process between nodes in different
states, and further establishes the computational model of emotion information
diffusion dynamics; and (3) According to the attenuated mental model, the authors
have different mathematical descriptions of the time varying parameters of node
state transition probabilities. The attenuation function is introduced to describe the
influence of attenuation of interest on information diffusion more accurately.

2.6 Optimal Control Method for Information Diffusion

In this chapter, the authors introduce an optimal control method for the propagation
of panic emotion in the network. Based on the SLIRS model mentioned above,
the author further proposes some cooperative control strategies. For the potential
loss derived from the propagation of panic emotion information, the authors also
consider the cost of preventing the propagation of panic emotion information, based
on optimal control theory, with the goal of minimizing the total cost.

In particular, the authors take different control measures for S-state nodes, L-
state nodes, and I-state nodes in the SLIRS model. The measure taken by S-state
nodes is called vaccination measure, which enables the S-state nodes to hold some
information that the panic emotion information is not true, in advance, so that the
S-state nodes can be protected from panic emotion information when they receive
such information, rather than transforming to R-state nodes. The measure taken by
L-state nodes is called quarantine measure, which enables the L-state nodes to know
that the panic emotion information they receive is untrue. In this way, L-state nodes
will not be infected by emotional information and will not further generate panic
emotion, and then turn into R-state nodes. The measure taken by I-state nodes is
called treatment measure, which tries to pacify and dispel rumors on those nodes that
have been infected by panic emotional information, so that these nodes no longer
panic, and then turn into R-state nodes.

Through the implementation of the above three control measures, the panic
information in network can be effectively controlled. However, an important issue
needs to be considered. Since the cost of implementing the three control measures
is different, how to determine the real-time strength of the three control measures, at
the minimum total cost to control the propagation of panic information? Moreover,
since the damage of panic information to nodes in various states is not feasible, how
to minimize the total loss of all nodes in network based on the above three control
measures?
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In order to solve the above problems, the authors first express the costs of
implementing vaccination, quarantine, and treatment control strategies at time ¢ as
vf(t), v%(z), and v%(t), respectively, and then express the loss of panic emotion
information to L-state nodes and I-state nodes at time t as pL(¢) and z[(¢),
respectively. Finally, the cost and loss can be considered as the total cost of the
system. The goal of the author’s optimization is to minimize the total cost of the
system.

After establishing the optimization problem, the author uses the optimal control
theory to analyze the existence of the optimal solution and to solve it. The following
conclusions are obtained:

Theorem S There exists only one optimal control pair (v (t), v3(t), v3(t)), such
that J (v (1), v3(2),v3(1)) = miny, )00, J (V1(D), v2(1), v3(1)) subject to
SLIRS model with vaccination, quarantine, and treatment control strategies.

Theorem 6 For a small time interval [0, t], at any time t € [0, t] the bounded
solutions of the optimality system are unique.

To sum up, the advantages of the optimal control method for panic information
diffusion are as follows: (1) Three different control strategies (vaccination, quar-
antine, and treatment) are established for different states of users in the network,
which can efficiently control different states of nodes to varying degrees. (2) The
authors systematically consider the impact of panic information propagation on
users in the network and the cost of implementing control strategies. The two
aspects are modeled as the control objectives of the optimization problem. (3) By
using the optimal control theory, the existence theory of the optimal solution of the
optimization problem is analyzed and the optimal solution is derived.

3 Discrete Models Based on Cellular Automata

Apart from these dynamic models based on epidemic models and differential
equations, another type of models based on cellular automata has also been applied
in large WSNs successfully. In the following [36, 70-73], cellular automata are
introduced to characterize the propagation dynamics of malware in WSNs.

Cellular automata are simple computational models that are also successfully
applied in large WSNs, which are finite-state machines that can characterize system
dynamics efficiently and effectively. They consist of a finite set of cells that interact
with each other via a certain policy, so that at any time, each cell is in one state
from among a finite number of possible states. Such set of cells can be viewed as
a set of blocks and then each cell represents a piece of geographic space. Nodes
located in one cell ¢; could be susceptible nodes, infected nodes, or recovered
nodes. The topologies that determine the state change of nodes in one cell are
malware propagation dynamics and prevention methods. In cellular automata, the
state change of nodes in a cell is also determined by its neighbors.
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4 Conclusions and Future Work

In this chapter, the techniques of modeling malware propagation and prevention
methods in WSNs are discussed. First, the application background and definitions
of WSNs and malware are introduced, followed by the challenges of modeling
malware propagation dynamics and developing prevention methods. Subsequently,
the recent advances in modeling and prevention methods are summarized. Three
recently published papers that focus on spatial-temporal modeling, pulse immuniza-
tion, and cost-efficiency trade-off are then introduced in detail, respectively. Spatial—
temporal modeling is applied in MWSNs to characterize malware propagation
dynamic from both spatial and temporal dimensions, which can effectively predict
the spatial and temporal distribution of malware in future. The result from spatial—
temporal analysis offers great opportunity to prevent malware propagation by target
immunization and quarantine. Pulse immunization method installs immunization
packets on sensors with a maximum period; therefore, network utility can be largely
improved. To further achieve the trade-off between network utility and prevention
costs, we further introduce a method that derives the optimized immunization
and quarantine rate based on Pontryagin’s maximum principle; so that malware
propagation can stop propagating at the end of given time period, with minimum
cost.

In recent years, since the use of WSNs is becoming increasingly wider and
deeper, and cybersecurity and data privacy issues are also becoming very serious,
there are still many new challenges introduced by different applications involving
malware propagation in Internet of Things, smart cities applications. Therefore, the
following future research directions exist.

— Most of the existing works on modeling and preventing are deterministic, based
on differential equations, cellular automata, or Markov chain. Therefore, they
may be unable to simulate the individual dynamics of each node. These works
declare that the overall propagation dynamics observed reflect the propagation
trends of malware enough.

— Almost all of the existing works on modeling and preventing malware propa-
gation are based on the strong assumption that data movement follows certain
data mobility models, such as random direction, random walk, Gauss—Markov
model, etc. However, for specific applications, data mobility is very hard to
characterize. For example, in smart cities, people taking their smart phones do
not follow any models strictly to move around. Therefore, this assumption may
not be enough with the wider application of WSN technology in smart cities.
Therefore, developing reliable node mobility models is a prerequisite for wide
application in smart cities.

— Most of the models based on epidemic models and differential equations ignore
network heterogeneity. Especially, almost all works based on epidemic models
assume that nodes are infected at the same rate, nodes are uniformly distributed
in a geographic space, or have same node mobility speed, etc. These models
simply classify all nodes into different groups, such as susceptible nodes, infected
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nodes, recovered nodes, or dead nodes. Then there is almost no any heterogeneity
for nodes in one group. However, in actual applications, one susceptible node
entering the communication range of one infected node is a random event. For
example, in smart cities, the route of cars cannot be simulated in 1 day.
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Composed Influence Maximization in m)
Social Networks oo

Smita Ghosh, Jianming Zhu, and Weili Wu

Abstract Influence maximization has been studied extensively in the literature. Its
mathematical formulation is a monotone nondecreasing submodular maximization.
However, when composed influence is considered, the corresponding problem
becomes a nonsubmodular maximization. A composed influence results from a
combination of at least two active members in the social network. To study this
problem, a hypergraph model is introduced and hence different methodologies are
involved.

1 Introduction

The rapid growth of online social network communities such as Facebook and
Twitter has intrigued the interest of researchers and scientist all over the world to
study and analyze large-scale social structure and behavior. Abundance of rich data
is now available from social networks that can be analyzed and studied to understand
information flow and social dynamics.

A social network is depicted as a graph with nodes that represent individuals
and edges that represent the relationship shared among the nodes in the graph. The
influence maximization problem takes in input a graph G(V, E), where V is the set
of users and E is the set of (directed/undirected) edges in G. The objective of this
problem is to find a set of users with the maximum influence in graph G. The output
to this problem is a k-sized seed set, which when initially influenced is expected
to give the set of maximum influenced nodes in the graph G. Influence in social
networks is propagated through stochastic cascade models. Given a social graph G,
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auser set S C V, and a diffusion model M captures the stochastic process for S
spreading information on G. The influence spread of S, denoted as og, (S), is
the expected number of users influenced by S, where o, (.) is a non-negative
function defined on any subset of users, i.e., oG, : 2V = R>0[12].

1.1 Composed Influence in Social Networks

Prior work on social network analysis has been focused on traditional graph analysis
which assumed interaction between a pair of nodes in the graph where one node
influences only on other node (represented by an edge between them). But in reality,
the social interaction is not only between pairs of individuals but is most commonly
observed among the members of a group. Researchers have studied that the best way
of representing these group dynamics is through a different graph model known
as hypergraphs. Crowd psychology plays an important role in determining the
decisions that an individual makes in their daily life [24]. Influence maximization
(IM) problem is a widely researched problem in the area of social network analysis.
In this chapter we look into social influence maximization in hypergraphs in social
networks. A hypergraph is a variation of a normal graph, in which an edge can join
any number of vertices. A hypergraph H is defined as a pair H = (X, E), where X
is a set of elements called nodes or vertices, and E is a set of non-empty subsets of
X called hyperedges or edges. Therefore, E is a subset of P(X) \ , where P(X) is
the power set of X.

1.2  Submodular and Nonsubmodular Functions

The mathematical formulation of influence maximization is a monotone nonde-
creasing submodular maximization. A monotonic function, in mathematics [11] (or
monotone function) is defined as a function between ordered sets that preserves
or reverses the given order. A function is called monotonically increasing (also
increasing or nondecreasing), if for all x and y such that x < y one has f(x) < f(y)
so f preserves the order. Similarly a function is called monotonically decreasing
(also decreasing or nonincreasing [3]) if, whenever x < y, then f(x) > f(y), so it
reverses the order. A submodular set function (also known as a submodular function)
is a set function whose value has the property that the difference in the incremental
value of the function that a single element makes when added to an input set
decreases as the size of the input set increases. Submodular functions have a natural
diminishing returns property which makes them suitable for many applications,
including approximation algorithms, game theory (as functions modeling user
preferences), and electrical networks. Recently, submodular functions have also
found immense utility in influence maximization and social network analysis. It also
has applications in several real-world problems in machine learning and artificial
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intelligence, including automatic summarization, multi-document summarization,
feature selection, active learning, sensor placement, image collection summariza-
tion, and many other domains [13]. The popular problem of influence maximization
has been formalized as a monotone nondecreasing submodular maximization. But
when we extend the traditional problem of influence maximization to the composed
influence maximization problem, the formalization of the corresponding problem
becomes nonsubmodular.

1.2.1 Methods for Maximizing Monotone Nondecreasing Set Functions

Research on approximation for maximizing monotone nondecreasing set functions
has focused on greedy methods. In [22], the authors have showed that the greedy
algorithm can find a solution with value at least 1/1 4 w of the optimum value for
a general monotone nondecreasing function. In [17] the authors have worked on the
problem of maximizing a monotone submodular functions over the integer lattice.
Recently in [1] the authors have analyzed the performance of the greedy algorithm,
and also analyzed a discrete semi-gradient based algorithm, for maximizing the sum
of a suBmodular and suPermodular (BP) functions (both of which are non-negative
monotone nondecreasing) under two types of constraints, either a cardinality
constraint or p > 1 matroid independence constraints.

1.2.2 Maximization of Nonsubmodular Functions

Composed influence in social network analysis is formulated as a nonsubmodular
function. Researchers have studied different ways to maximize nonsubmodular
functions. One such method is mentioned in [2]. In this paper the authors have
investigated the performance of the standard GREEDY algorithm for cardinality
constrained maximization of nonsubmodular nondecreasing set functions. There
exists strong theoretical guarantees on the performance of GREEDY for maximizing
submodular functions, but there are few theoretical analysis on guarantees for
nonsubmodular ones. In this paper they prove theoretical guarantees supporting the
empirical performance. Their guarantees are characterized by a combination of the
(generalized) curvature « and the submodularity ratio y. They prove that GREEDY
has a tight approximation guarantee of 1/« (1 — e~ y«) for cardinality constrained
maximization.

1.3 Diffusion Models

In a diffusion model framework, each user u € V with a status of either inactive or
active. Based on the social graph G, at first, it views the status of a set of chosen
users, called seed set S C V, to be active, while other users in V are inactive.
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Then, it considers the diffusion process that the seed users in S can “influence”
their neighbors to be active. The newly activated users can further activate their
neighbors, and so on. This diffusion process terminates when no new users can be
activated [12]. There are various types of diffusion model, namely the independent
cascade (IC) model, the linear threshold (LT) model, the triggering (TR) model,
time-aware diffusion model, and non-progressive diffusion Model.

1.3.1 Independent Cascade Model

In the IC Model [6], a user v is activated by each of its incoming neighbors
independently by introducing an influence probability p,, v to each edge e = (u, v).
Based on the influence probabilities and given a seed set S at time step 0, a diffusion
instance of the IC model unfolds in discrete steps. Each active user u in step
t will activate each of its outgoing neighbor v that is inactive in step t-1 with
probability p,, v. The activation process can be considered as flipping a coin with
head probability p,, v : if the result is head, then v is activated; otherwise, v stays
inactive. The diffusion instance terminates when no more nodes can be activated.
The influence spread of seed set S under the IC model is the expected number
of activated nodes when S is the initial active node set and the above stochastic
activation process is applied.

1.3.2 Linear Threshold Model

In the LT model [7, 16], each edge e = (u,v) E is associated with a weight b, v.
Let NI(v) be the set of incoming neighbors of user v, and it satisfies that X, €
NI(v)b,,v < 1. Each user v is also associated with a threshold 6,. The LT model
first samples the value of v of each user v uniformly at random from [0,1]. In step
0, it sets the status of users in S as active and others as inactive. Then, it updates
the status of each user iteratively. In step t, all users that were active in step t-1
remain active, and any user v that were inactive in step t -1 switches to active if the
total weight of its active neighbors in NI (v) is at least 8,. The diffusion instance
terminates when no more user is to be activated. Given multiple instances of the
diffusion processes, the influence spread of seed set S under the LT model, i.e.,
o (8), is the expected number of activated nodes when S is initially activated.

A lot of research has been done since Kempe [9] introduced the concept of
influence maximization first in the year 2003. Throughout the years, influence
maximization problems have been studied and have wide applications such as
viral marketing, network monitoring, rumor control, and social recommendation.
However there still exist some challenges while studying this problem. The first
challenge is modeling the information diffusion process in a social network which
would heavily affect the influence spread of any seed set. The second challenge
is that IM problems are theoretically complex in general. It has been proved that
obtaining an optimal solution of IM is NP-hard under most of the diffusion models.
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The third challenge is due to the stochastic nature of information diffusion, even
the evaluation of influence spread of any individual seed set is computationally
complex. Active research is going on to determine the stability of IM algorithms.
Previous work shows that there is a poor stability of IM algorithms when the input
influence probabilities are adversarially noisy [12]. Research is being done to break
the boundary of submodularity by modeling influence function with more general
functions. Also, a prospective future direction is to consider the concept of group
influence.

2 Related Work

Kempe et al. [9] was the first to formulate social influence maximization problem
(SIMP) as an optimization problem under the IC model. Inspired by the concept of
“word of mouth” in the promotion of new products, the authors provided the first
provable approximation guarantees for efficient algorithm. They showed that their
designed natural greedy strategy yields (1 — 1/e — €)-approximate solutions for
any € > 0 and the obtained solution is provably within 63% of optimal for several
classes of models. They backed up their problem formulation with experimental
observations showing that their algorithm outperforms node selection heuristics
based on the well-studied notions of degree centrality and distance centrality from
the field of social network. Inspired by this work, a lot of literature on SIMP has
been since developed.

In [10], the authors have presented a general methodology for near optimal
sensor placement in a given network. They demonstrate that many realistic outbreak
detection objectives (e.g., detection likelihood and population affected) exhibit the
property of “submodularity.” They exploit submodularity to develop an efficient
algorithm that scales to large problems, achieving near optimal placements, while
being 700 times faster than a simple greedy algorithm. They also derived online
bounds on the quality of the placements obtained by any algorithm. Their algorithms
and bounds also handle cases where nodes (sensor locations and blogs) have
different costs. In another paper [21], the authors have proposed a new algorithm
called community based greedy algorithm for mining top-K influential nodes. The
proposed algorithm has two components. The first is, an algorithm for detecting
communities in a social network by taking into account information diffusion and
second is a dynamic programming algorithm for selecting communities to find
influential nodes. They have also provided provable approximation guarantees for
their algorithm. Empirical studies on a large real-world mobile social network show
that their algorithm is more than an order of magnitudes faster than the state-of-
the-art greedy algorithm for finding top-K influential nodes and the error of our
approximate algorithm is small.

However most of the existing methods are not fast enough for scaling billions
of edges in networks such as those in Facebook, Twitter, and World Wide Web.
This problem is targeted by [4], where the authors have developed a novel
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sketch-based design for influence computation. Their greedy sketch-based influence
maximization (SKIM) algorithm scales to graphs with billions of edges, with one
to two orders of magnitude speedup over the best greedy methods. It guarantees an
approximation ratio, and its quality nearly matches that of exact greedy. They also
presented influence oracles, which use linear-time preprocessing to generate a small
sketch for each node, allowing the influence of any seed set to be quickly answered
from the sketches of its nodes.

Prior studies show that there are two scalable models, namely TIM/TIM+ [18]
and IMM [19] with a (1 — 1/e — €)-approximate guarantee for SIMP. In [18] and
IMM [19], the authors utilize a novel reverse influence set (RIS) sampling technique
introduced in [3]. Both TIM+ and IMM focus on generating a (1 — 1/e — €)-
approximate solution by using minimum number of RIS samples. One challenge
this method has is it may take a long period of time (even spanning over a number
of days) to process a large-scale network with over a billion edges. In [15]; however,
the author makes a breakthrough by proposing two novel sampling algorithms,
namely SSA and D-SSA. These algorithms were faster than the previously proposed
TIM+ and IMM algorithms and also providing the (1 — 1/e — €)-approximate
guarantee.

Apart from intensive research being done on SIMP, a lot of work has also
been done on group-level influence maximization [23]. Existing work often focuses
on the influence of individual nodes, ignoring that infecting different seeds may
require different costs. In [23] the authors have investigated the problem of group-
level influence maximization with budget constraint. They introduced a statistical
method to reveal the influence relationship between the groups, based on which they
proposed a propagation model that can dynamically calculate the influence spread
scope of seed groups, followed by presenting a greedy algorithm called GLIMB to
maximize the influence spread scope with a limited cost budget via the optimization
of the seed-group portfolio. Theoretical analysis shows that GLIMB can guarantee
an approximation ratio of at least (1—1/4/¢). Experimental results on both synthetic
and real-world data sets verified the effectiveness and efficiency of their approach.
In another paper [8] the authors proposed local information maximization (LIM),
considering group impact in terms of local propagation where the influencer(s) of
each community has a direct effect on the nodes in the same community. They
conducted experiments on synthetic data set and compared the performance of the
LIM to various other heuristics.

3 Problem Formulation

In this section we will focus on how group influence can be represented as hyper-
graphs and introduce the different formulations for social influence maximization in
hypergraphs.
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3.1 Information Diffusion in Hypergraphs

Motivated by the crowd influence in social networks, a social influence maximiza-
tion problem in hypergraph (SIMPH) that aims to maximize the expected number
of eventually influenced users under independent cascade(IC) model is proposed
in [24]. Given a directed hypergraph G = (V, E, P), where V is a set of nodes
(representing users in an online social network (OSN)), E is a set of directed
hyperedges, and P is the weight function on hyperedge set E. Hyperedges represent
influence propagation directions, including personal and crowd influences. For a
hyperedge e = (H,, v), let H, denote its head set of nodes and v be the tail node. If
H, contains only one node u, it means e is a normal directed edge and the influence
is personal. While H, contains more than one node, the hyperedge e means there
is crowd influence from H, to v. Let P, denote the weight of e, representing the
influence propagation probability (0 < P, < 1). Specifically, P, is the probability
that v is activated by H, after each node in H, is activated. The diffusion process of
SIMPH is shown in Figure 1.

3.2 Influence Maximization in Hypergraphs

The social influence maximization problem in hypergraph (SIMPH) also considers
information diffusion in social network with crowd influence under the IC model.
Given a directed hypergraph G = (V, E, P), the objective is to select k initially
influenced seed users to maximize the expected number of eventually influenced
users:

max o (S) (D
s.t.|S| <k, ()

where S is the initial seed set and o (S) the expected number of eventually influenced
nodes.
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3.3 Example Objective Function Formulation

Prior literature states that the objective function of influence maximization is
submodular under the IC model. However, the objective function in influence
maximization problem in hypergraph is not submodular. It is shown that o (-) is
not supermodular as well.

Theorem 1 o (-) is not submodular under IC model.

Proof Proved by a counterexample. Consider Figure 2. A social network G =
(V,E,P) has V. = {v1,v2,v3, 14}, E = {(v1, v4), (v3, v4), ({v1, v2}, v3)}, and
{P(vl’m) = l,P(U3‘U4) = 17P({U1,U2},U3) = 1}. Let A = ¥ and B = {vp}, we
have 0 (A) = 0,0(B) = 1. Putting v; into A and B, we have o ({v;}) = 2 and
o ({vy, v1}) = 4. Thus,

c(AU{v1}) —o(A) <o(BU{v}) —o(B).

Therefore, o (+) is not submodular. |

From the proof, it is seen that the reason why o (+) is not submodular is the crowd
influence from the newly added node and the existing seed nodes.

Theorem 2 o (-) is not supermodular under IC model.

Proof Proved by a counterexample. Consider Figure 2. Let A = J and B = {v1},
we have 0 (A) = 0, 0(B) = 2. Putting v3 into A and B, we have o ({v3}) = 2 and
o ({v1, v3}) = 3. Thus,

c(AU{v3}) —o(A) > o(BU{v3}) —a(B).

Therefore, o () is not supermodular. |

There is no general method to optimize a nonsubmodular function. In [14]
the authors proposed a sandwich approximation strategy, which approximates the
objective function by looking for its lower bound and upper bound.

In [24], the authors have shown derivations for building the upper bound and the
lower bound. Figures 3 and 4 show an instance of the upper bound and lower bound
formulation.

Fig. 2 Counterexample 1 v V.,
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Fig. 3 An example for generation of each pair of nodes for the upper bound. (a) A node pair u
and v with three head node sets Hy, Hp, H3 contain # as shown in hypergraph (a). (b) Shows the
generation process for directed edge (u, v) with probability P(u, v) = 1—(1—P)(1—P2)(1—P3)

Wi

(a) (b} 2 (c)

Fig. 4 An example for generation of directed graph for lower bound problem. (a) Sample
hypergraph for applying lower bound problem. (b) Directed graph generated from (a). (¢) Directed
graph for lower bound problem

4 Method for Solving SIMPH

The dynamic-stop-and-stare (D-SSA) algorithm was extended to solve general
weighted SIMP. Then a randomized algorithm based on a greedy strategy is
designed for solving SIMPH. At the end, a sandwich approximation framework is
proposed for analyzing performance of the algorithms.

4.1 RIS Sampling

Given a graph G = (V,C,E, P, f), where C C V is a candidate seed set.
RIS captures the influence landscape of G through generating a set % of random
weighted reverse reachable(WRR) sets. Each WRR set R; is a subset of V and
constructed as follows:

Definition 1 (Weighted Reverse Reachable (WRR) Set) GivenG = (V,C, E, P,
f), arandom WRR set R; is generated from G by (1) selecting a random node
v € V; (2) generating a sample graph g from G; (3) returning R; as the set of nodes
that can reach v in g and (4) w(R;) = f(v).
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(a) (b)

Fig. 5 An example for generating random WRR sets under IC model. Ry, R, R3 with w(R|) =
3, w(Ry) =5, w(R|) = 4 are generated. (a) Is the original weighted random graph. (b) Contains
three WRR sets up to three sample graphs

For a seed set S, denote the coverage number of set S as Covgx(S) =
ZR]E% min{|SN R;|, 1} and the coverage weight as WCouvg(S) = ZR,—@%’ w(R))
min{|S N R;|, 1}. ¢/(S) can be estimated by computing weighted coverage of set S.
Figure 5 shows an example of generating a collection of random WRR sets. Suppose
seed set S = {¢}, then Covg(S) =2 and WCovx»(S) =T7.

4.2 Greedy Strategy for SIMPH
4.2.1 Influence Estimation

Given a directed hypergraph G = (V, E, P) with n nodes, o (S) is the expected
number of eventually influenced nodes for seed set S. Suppose g = (V, E') is a
sample graph of G, let 0¢(S) denote the number of eventually influenced nodes.

Then GKT(S) is random variable distributed in interval [0, 1].

4.2.2 Greedy Algorithm

The nodes in the head set of a hyperedge will try to activate the tail node only when
they are all active themselves. The reverse technique in RIS sampling is unsuitable.
Then, we design a greedy algorithm, as shown in Algorithm 3. Starting with an
empty seed set, the greedy strategy iteratively adds a node that maximizes the
marginal gain of o (S), until £ nodes are selected.

5 Sandwich Approximation Framework

A lower bound and upper bound was designed so that the sandwich framework [5]
can be applied to SIMPH.
For sandwich approximation framework, we can get the following result.
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Algorithm 1 D-SSA Algorithm for general weighted SIMP

Require: Graph G = (V,C,E, P, f),n=|V|,0 <¢€,8 <l andk.
Ensure: An (1 — 1/e — €)-approximation solution Sk
I: I' < 4(e —2)(1 +€)*In(2/8)(1/€2)

2: % <« generate I" random RR sets by RIS
3 < §k, a/(ﬁk) >« Weighted Max- Coverage(%’, k, f(-)
4: while |%| > (8 + 2€)n M do
5: % < generate I" random RR sets by RIS
a & 74

6 0l(8) < WCovg (50) - Yoy f0)/ Y17 w(R))
T e« a'S)/ol(S) —1
8: if (¢ < ¢€) then
9: € < i3y G < WY

Covgg B3
10: 8] < e 2MFHe)

(Covgyr $)-De3
11: 8 «—e @ 2xMTr)
12: if 81 + 62 < & then
13: return S;
14: end if
15: end if

16: Z<2U%

17: < Sk o (Sk) > <« Weighted Max-Coverage(Z, k, f(-))
18: end while

19: return §k

Proof Let ST, S Z‘, and S* be the optimal solution to maximizing the lower bound,
the upper bound, and the original SIMPH. Then, we have

S S 1
o (Sy) = :U((S”U)) ou(Sy) = %(1 — =~ —ou(sp)
o(Sy) 1 L I B
2 (= = ou(s) = (= = o (8T,

and

o(SL) =o0r(SL) > (1 - é - 6) or(S7) = oLy (1 - é - 6) o (8%

o (5%)
Let Syqx = arg maxg,e(s; ,sy.541 0 (So), then

o(Sy) oL(Sy) 1 .
0 (Smax) = max{ o0 S)’ o (5% }(1—;—E>O'(S ).

Since VSy € {SL, Su, Sa}, (1 —€)a(Sp) < a.(Sp) < (1 4+ €)a(Sp), we have

(I +€)o(S) = 0c(S) = 0c(Smax) = (1 — €)o (Spax)-
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It follows that

1—c¢
o(S) > 1+60'(Smax)-
o(Sy) oL 1—e 1
> max{UU(SU), o (5%) }l—i—e(l — €)o(SY)

6 Conclusion

Influence maximization is theoretically formulated as a monotonic submodular
function. But when group influence of social networks is represented in the form
of a hypergraph, the problem becomes a nonsubmodular function. In this chapter
we showed one such method to solve the nonsubmodular formulation of composed
influence. In this proposed method the objective function of SIMPH converts
to a nonsubmodular function. A method was discussed to transform a function
into nonsubmodular as seen in [24] where the authors have modeled the crowd
influence in information diffusion process by using a hyperedge. Social influence
maximization problem in hypergraph (SIMPH) was formulated to select initially
influenced seed users under independent cascade (IC) model to maximize the

Algorithm 2 APP-Calculation procedure

Require: a directed hypergraph G = (V, E, P),n = |V|,0 <€, < 1, seed set S.
Ensure: o,.(S) such that o.(S) < (1 + €)o (S) with at least (1 — §)-probability

I: 71 =144 +€)(e —2) In(2/8)/€>

2: SumZ =0

3: N=0

4: while SumZ < 713 do

5 g < generate sample graph of G

6: N=N+185=885%=S
7:  while S> # ¢ do
8.

: S1=851US$
9: S2 =0
10: for each hyperedge e = (H,, v) € E in g and v is inactive do
11: if H, C S| then
12: Addvto S,
13: end if
14: end for

15: end while
16: SumZ = SumZ + Iifl‘
17: end while

18: return o.(S) =n - %
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Algorithm 3 Greedy strategy for SIMPH

Require: a directed hypergraph G = (V, E, P), k.
Ensure: a set of seed nodes, S.

1
2
3:
4:
5
6

1 8S=0

:fori =1tokdo

v < arg max,cy (APP-Calculation(G, S U {v})—APP-Calculation(G, S))
Addvto S

: end for

: return S

Algorithm 4 Sandwich approximation framework

Require: a directed hypergraph G = (V, E, P), k, €, 6.
Ensure: a set of seed nodes, S.

1:

2:

3:

4:
5:

Let S7. be the output seed set of solving the auxiliary problem G, = (VU V', E;, P Ly for
lower bound by D-SSA Algorithm.

Let Sy be the output seed set of solving the auxiliary problem Gy = (V, Ey, PY) for upper
bound by D-SSA Algorithm.

Let S4 be the output seed set of solving G = (V,E,P) by Greedy Strategy for
SIMPH(Algorithm 3).

S =arg maxsye(s, sy ,5,) APP-Calculation(G, Sp)

return S

expected number of eventually influenced users. SIMPH was shown to be NP-hard
and the objective function was neither submodular nor supermodular. To read more
about optimization problems refer to [20].
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updates

Shuyang Gu, Hongwei Du, My T. Thai, and Ding-Zhu Du

Abstract The friending is a popular and important operation in online social
networks. In this article, we discuss various optimization problems about friending.
They can be formulated into nonlinear combinatorial optimization problems.

1 Active Friending

If you have a LinkedIn or Facebook account, then you may frequently receive a
message like this “Xuefei Zhang added connections you may know,” which reminds
you that you may know someone, or someone is your friend’s friend. If you open the
message, then you may find a link to login your account and from your account, you
may find some names who invited you to be their friend, and a list of names whom
you may consider to invite for your friends. These activities are called friending.

The active friending is the first optimization problem appeared in the literature
[34] about friending. The problem can be described as follows:

Definition 1 (Active Friending) Consider a social network represented as directed
graph G = (V, E) with an information diffusion model m. Suppose S is the list of
existing friends of a node s and ¢ is a target node that s wants to include in his friend
list. Given an integer r > 0, the problem is to find a subset R with at most r nodes
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to maximize the success probability Prob(s, S, R, t), i.e., the probability that node
t is activated through subgraph induced by R U S U {s, t} when initially set up all
nodes in S U {s} to be active.

There are two popular information diffusion models studied in the literature:
the independent cascade (IC) model and the linear threshold (LT) model. They are
defined as follows:

The IC Model Each node has two states: active and inactive. Every arc (u, v) is
labeled with a probability p,, which means that if u is active and v is inactive,
then the event that v accepts the influence of u, i.e., v becomes active because
of active u, occurs with probability p,,. Before the process starts, all nodes are
inactive. Initially, choose a subset of nodes, called seeds, and activate them. In each
of the subsequence steps, every fresh-active node tries to influence its inactive out-
neighbors where a node is fresh-active if it becomes active in the step right before
current step. If an inactive node v gets influenced by more than one, say k, fresh-
active nodes u1, ua, ..., uy at the same step, then all k events that u; influences v
successfully are treated as k independent events. This process ends if no fresh-active
node is produced.

The LT Model Each node has two states: active and inactive. Every arc (u, v) is
labeled with a positive weight wy, such that for any node v, X, cy-yWur < 1,
where N~ (v) = {u|(u,v) € E}. Before the process starts, all nodes are inactive.
Initially, choose a subset of nodes, called seeds, and activate them; meanwhile each
node u chooses a threshold 6, uniformly and randomly from [0, 1]. In each of the
subsequence steps, every inactive node v evaluates the total weight of wy, for u
over all active in-neighbors. If this total weight is at least 9, then v becomes active;
otherwise, v keeps inactive. This process ends if no fresh-active node is produced.

The following is proved in [34] by using dynamic programming.

Theorem 1 For an arborescence directed to t with the IC model, the active
friending can be solved in polynomial-time.

Using this result, they also designed a heuristic by, first, approximating the
general network with an in-arborescence with root ¢. This arborescence is the union
of all the most influential paths from each SU{s} to r where the most influential path
from s’ € SU{s} to ¢ is the shortest path when we consider —logp,, as the distance
from node u to v and p,,, is the probability that node v accepts the influence from u
in the IC cascade model.

Kempe et al. [13] generalized the LT model and the IC model to the general
threshold model and the general cascade model, and proved that every general
threshold model is equivalent to a general cascade model, vice versa. For this
equivalence, the LT model is equivalent to a general cascade model, called the
mutually exclusive cascade (MC) model. The MC model can be defined in the same
way as that of the IC model, except that when k fresh-active nodes uy, us, ..., uj
try to influence an inactive node v at the same step, this is considered as that k
mutually exclusive events occur. In the equivalence relation between the LT model
and the MC model, w,, = pyy. The MC model (of course, the LT model, too)
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has an important property. Consider a social network with four nodes u, v, x, y and
three arcs (u, x), (v, x), (x, y) in the MC model. Suppose u# and v are seeds. Then
the probability that y becomes active is

(Pux + va)pxy = PuxPxy + DvxDPxy,

that is, this probability is the sum of the probability that y accepts the influence of
u through the path from u to y and the probability that y accepts the influence of v
through the path from v to y. In general, this property can be stated in the following
lemma:

Lemma 1 In the LT model, a node v accepts the influence from a seed set S with
probability equal to

> Prob(p),

Pe®

where P is the set of paths from S to v and Prob(P)is the probability that v accepts
the influence of a seed in S along path P.

This property makes that the problem in the LT model sometimes is easier than
that in the IC model. For example, the influence maximization in-arborescence
directed to the root is polynomial-time solvable in the LT model [27], however NP-
hard in the IC model [18]. (This result was first conjectured in [2] and then proved
in [18].)

With this special property of the LT model, Yuan et al. [35] proved the following
result about Prob(s, S, R, t).

Theorem 2 Prob(s, S, R, t) is a monotone nondecreasing, supermodular function
with respect to R for social network G in the linear threshold model, that is, for any
R € R, Prob(s,S,R',t) < Prob(s, S, R, t), and for any R and R’,

Prob(s, S, R,t) + Prob(s, S, R',t) < Prob(s,S,RUR, 1)
+ Prob(s, S, RN R, 1).

Proof 1t is easy to see the property of monotone nondecreasing. We next show the
supermodularity. Before doing so, let us first recall a special property proved in
[27] that the linear threshold model is equivalent to the mutually exclusive cascade
model in which when k fresh-active nodes influence an inactive node, this event is
considered as a composed event of k mutually exclusive events. This property yields
that in the linear threshold model, Prob(s, S, R, t) is equal to the sum of accepting
probabilities each of which is the probability that t accepts the invitation from a
node s’ € SU{s} along a path p to t where p is over all paths from a node in S U {s}
to ¢ and with all nodes in R. Let P(R) denote the set of all such paths p.

Now, we compare P(R) U P(R’) with P(R U R’) and P(R N R’). Clearly, both
P(R) and P(R’) are subsets of P(R U R’). Moreover, if a path p appears in both
P(R) and P(R’), then p must appear in P(R N R’). Therefore,
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Prob(s, S, R,t) + Prob(s, S, R',t) < Prob(s,S,RUR, 1)
+ Prob(s, S, RN R, 1).

By Theorem 2, the active friending with the LT model can be formulated into the
following problem:

max Prob(s, S, R,t)

subjectto |R| <,

that is, a monotone supermodular maximization with size constraint. This formula-
tion suggests that the discrete Lagrangian method [21] is suitable to solve the active
friending problem for the LT model. The greedy algorithm in [1] can also be used.
However, the estimation of the curvature is a trouble, which may be done possibly
only for some special networks, such as power-law graphs.

Next, we move our attention to the IC model. Let P be the set of all paths
from {s} U § to ¢t. Denote by Prob(R; P) the probability that the randomized
subgraph induced by R U S U {s, ¢} containing all paths in P. Denote P; =
Z\Pl:i,PgP Prob(R; P). By the inclusive—exclusive formula,

Prob(s,S,R,t) =P — P+ P3— P4 +---+ (_1)\3’|Plfpl_
By an argument similar to that in the proof of Theorem 2, we can show the following

result.

Lemma 2 Prob(R; P) is monotone nondecreasing supermodular with respect
to R.

Proof 1t is clear that Prob(R; P) is monotone nondecreasing. Next, we show the
supermodularity. Consider two node subsets R and R,. Note that the randomized
subgraph induced by (R} U Ry) U S U {s, t} contains those paths contained by
the randomized subgraph induced by R; U § U {s, ¢} for j = 1, 2. In addition, it
also contains those paths contained by union of these two randomized subgraphs.
Therefore,

Prob(R1; P)+ Prob(Ry; P) < Prob(R1 U Ry; P) 4+ Prob(Ry N Ry; P),

that is, Prob(R; P) is supermodular.
By the above lemma, the following holds.
Theorem 3 In the IC model, Prob(s, S, R, t) can be represented as a difference of

two nonnegative monotone nondecreasing supermodular functions, i.e.,

Prob(s,S,R,t) =(P1+P3+---)—(Pr+ Py +---).
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By Theorem 3, we may employ the sandwich method [7, 17, 25, 28], the
submodular—supermodular method [20], the modular—modular method [11], and
the iterated sandwich method [31] to solve the active friending problem for the IC
model.

2 Target Friending

The second optimization problem on friending is the target friending described as
follows:

Definition 2 (Target Friending) Consider a social network represented as directed
graph G = (V, E) with an information diffusion model m. Suppose S is the list of
existing friends of a node s and ¢ is a target node that s wants to include in his friend
list. Given an integer 0 < p < 1, the problem is to find a minimum node subset R
such that Prob(s, S, R,t) > p.

By Theorem 2, the target friending for the LT model is a supermodular cover
problem as follows:

min |R)|

subjectto Prob(s, S, R,t) > p.

The target friending for the IC model is a generalization of the well-known
submodular cover problem [30], the same as above except that Prob(s, S, R, t)
is a nonsubmodular and nonsupermodular function in the cover constraint. It is an
interesting research subject to see how to generalize the approximation analysis for
the submodular cover problem. In fact, there are so many different proofs for the
same theorem regarding the approximation performance ratio of a greedy algorithm
for the submodular cover [9, 26, 30]. None of them is able to give a generalization
for the above nonsubmodular cover problem so far.

3 Group Friending

The group friending was first studied in [6]. They consider a romantic scenario as
follows: A boy found an attractive girl. However, they do not really know each other.
The boy worries that he may get rejected if he asks her directly. Hence, he wants
to influence her friends at the first stage. Thus, her friends form target group for
friending. The objective in this problem is the expected number of her friends who
become his friends after the friending process. This problem has no much difference
from active friending.
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Definition 3 (Active Group Friending) Consider a social network represented as
directed graph G = (V, E) with an information diffusion model m. Suppose S is
the list of existing friends of a node s and T is a set of target nodes that s wants to
include in his friend list. Given an integerr > 0, the problem is to find a subset R
with at most r nodes to maximize the expected number of active nodes in 7', which
are activated through subgraph induced by R U S U {s, ¢} when initially set up all
nodes in S U {s} to be active.

The mathematical formulations are similar, respectively, to that of active friend-
ing in the LT model and the IC model.

Shen et al.[22] proposed another formulation based on quite different scenario.
Suppose we want to organize a social activity with at least p persons, in order to
make new friendship between members in a big social organization. Two factors are
very important for us, existing friendship between members and potential friendship
between members. To evaluate the success of the activity, we may give each
potential friendship a positive weight in (0, 1] and a measure of making new friends
which is the ratio between the total weight and group size.

Definition 4 (Hop-Bounded Group Friending) Consider a heterogeneous social
graph G = (V, E, R) with edge weight w : R — (0, 1], where V is the set of
nodes, E is the set of friend edges, and R is the set of potential friend edges. Given
a hop constraint 4 and a group size constraint p, find a subset of at least p nodes,
H, such that every pair of nodes u and v is within distance 4 in graph with node set
V and edge set E and o (H) reaches the maximum, where o (H) = w(H)/|H| and
w(H) is the total weight of potential friend edges in the subgraph induced by H.

This problem has been proved to be NP-hard and has no polynomial-time
approximation with a performance ratio p < 1 unless NP=P [22].

Finding a cohesive group from a social network with existing friend edges is an
important research topic in the literature. However, before [22], all efforts are based
on existing friendship [10, 19, 23, 24, 29, 32, 33, 36] and no “friending” is involved.
In order to have “friending” involved, the potential friend edges are employed in
the hop-bounded group friending. How to know the potential friend edges? The link
prediction methods are used [8, 12, 14—16]. They analyze the features, the similarity,
and/or the interactive patterns to make recommendation for potential friendship.

In the community expansion [3-5], each community consists of all customers
for a certain business which always wants to expanse their service. Therefore, a
different type of “friending” problems is raised. They can all be formulated into
nonlinear combinatorial optimization problems.
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Yi Li, Ruidong Yan, and Weili Wu

Abstract With the rapid growth of online social networks, people change the
way of generating, sharing, and spreading various social contents. The conta-
giousness of social content is highly depending on the size of of seed nodes and
connectivity of the network. In this study, we propose the optimization problems
of information content diffusion over social networks. The content here can be
either useful information such as news, innovation ideas, and marketing purpose
content or negative content such as misinformation and malicious rumors. We
show that the optimization problem on information diffusion has been discussed
in previous researches from different aspects using different approaches. In our
study, we formulate two optimization problems—content spread maximization and
misinformation minimization—which are both NP-hard and non-submodular. To
tackle the difficulty of these problems we sandwich approximation which has data-
dependent guarantees.

1 Introduction

In the past decade, social networks have gained popularity at a rapid pace and
become an integral part of our lives. Online social network sites such as Facebook,
Twitter, LinkedIn, Instagram, etc. not only help us keep in touch with friends and
families but also keep abreast of emerging contents and share daily activities. These
social network sites have become significant platforms for users to generate, share,
and spread a large amount of social content. They provide access to a vast source
of information on an unprecedented scale. Statistic shows that Facebook Messenger
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and WhatsApp handle 60 billion messages a day. A 2011 study by AOL/Nielsen
showed that 27 million pieces of content were shared every day, and 3.2 billion
images are shared each day [18]. Billions of active social network users are engaging
in spreading content such as photos, videos, comments, news, or even rumors
and misinformation over social networks. For the positive information such as
innovation ideas, or useful information we usually hope to maximize through social
network, while for the negative contents such as fake or inaccurate information
it should be limited or contained. The background and motivations of these two
problems will be discussed separately in the following sections.

1.1 Positive Content Maximization

The extent to which a social network spreads content is a key metric that impacts
both user engagement and network revenues. The more the novel content spread,
the more the useful information users end up discovering, and the more the value
users derive from being part of the social network. Also from the perspective of
social networks, higher content spread helps users engagement which in turn leads to
improved user retention and audience growth [4]. Therefore, it is very important to
explore the maximization problem of positive content disseminate across the entire
social graph.

In social networks, users recursively share contents with their neighbors that
will be expected to quickly reach and influence a large number of audience. But
in some cases content spread efficiency is not what we expected. There is a research
that shows that a piece of content such as a photo spread on Flickr usually only
influences the users within two hops then burnout quickly [3]. In addition, even
though the breadth and depth of information dissemination are somehow related
to the selection of initial seeds, sometimes the seed users are predetermined. For
example, if a beauty company wants to use viral marketing to promote their products
with minimum startup cost they usually send free samples to predetermined users
such as well-known beauty bloggers and celebrities. Due to the limited cost or
companies’ preference, we hope to find a way to boost content spread with fixed
seed users in advance.

There is a very straight forward way to think about this content spread maxi-
mization problem. We need to simply increase the connectivity of social networks.
Some social network sites such as Facebook, Twitter, etc. already have the friend
recommendation function to help people make possible connections. But in this way,
the possible links are usually based on common friends, interests, communities, and
other personal related features. While in some cases, personal related information
are considered as privacy data that cannot be accessed easily. And the recom-
mendations based on friends of friends or interests similarity can be significantly
large which can have diverse content spread characteristics. So simply considering
recommendation connections based on a number of mutual friends or common
interests may not maximize content spread in the social network [4]. We will show
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some existing works on maximizing content spread in Section 2 and then propose
our formulation and analysis for this positive content maximization problem.

1.2 Negative Content Minimization

Even though social networks bring us the convenience of spreading information,
negative contents such as misinformation and malicious rumors will also diffuse
widely and quickly. With widespread of negative contents, social network would
lose its reliability and cause panic over community and society.

One of the most valuable characteristics of social networks is its capability
for user generated contents circulating rapidly through the network. But when it
comes to misinformation this valuable characteristic will make things even worse.
For example, when the devastating wildfires happened in California in October
2017, the officers not only need to help with evacuating residents and searching for
missing persons they still had to take time to deal with fake news [13]. Although
the misinformation was shot down by the officers and was debunked by some
government websites afterwards, the original story was shared 60,000 times and
similar stories were shared 75,000 times on Facebook in a very short time.

Another major aspect of online social networks is its openness to everyone.
They enable not only organizations and government agencies to publish infor-
mation and news, but also our ordinary people to post from own perspectives
and experience [24]. Because of the openness, anyone could share any content
without validating it. Therefore, taking effective strategies to minimize the negative
influence from misinformation should be very crucial to social networks. Or it may
cause catastrophic effects in the physical world in a short period.

Existing works have explored the negative content spread problem from different
perspectives. Some previous works show that by removing nodes in decreasing
order of outdegree and blocking edges can be effective for minimizing the negative
information [9, 14, 21, 23]. There are also some other works trying to find minimal
set of protectors to limit the diffusion of misinformation [7] or introduce a positive
cascade competing against the negative content [20]. We will expand the details of
these existing works in Section 2 and discuss our proposed problem in Section 3.

2 Related Works

In this section, we will show some previous researches on the optimization of
content spread over social networks. We will also discuss in two parts—the existing
works focus on maximizing the positive content and the previous works explore to
minimize the misinformation and malicious rumors on social networks.
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2.1 Classic Influence Diffusion Problems

There have been abundant studies on various models and computational methods for
maximizing and minimizing influence. Kempe et al. [8] first formulate the influence
maximization problem which asks to find a set S of k£ nodes so that the expected
influence spread is maximized under a predetermined influence propagation model.
The problem is NP-hard under both IC and LT models. In [5], Chen et al. show that
to compute the expected influence spread for a given set is #P-hard. But it can be
formulated as a submodular and monotone function of S for both IC and LT models
which can use a simple greedy algorithm [8] to guarantee the results.

There are also some existing studies that have explored negative influence
minimization problem. Nguyen et al. [15] study a set of problems named node
protectors, which aims to find the smallest set of highly influential nodes whose
decontamination with good information helps to contain the viral spread of mis-
information. Kimura et al. [9] proposed a link blocking method to minimize the
expected contamination area of the network.

In this work, we think of the influence optimization problems in a different
perspective. Instead of choosing the initial seed set we aim to add edges to maximize
or minimize the content spread. We focus on the diffusion process from the seed
nodes to the nodes with high probability to influence other nodes and low probability
to be activated by seed nodes. In our settings, the seed nodes are predetermined.

2.2 Optimizations on Content Spread
2.2.1 Boosting Content Spread

Vineet Chaoji et al. [4] formulate the problem of boosting content spread on
social network by adding up to k connections per user such that the probabilistic
propagation of content in the social network is maximized. Since the content maxi-
mizing problem is NP-hard and the content spread function is not submodular they
construct a more restricted variant that is submodular and devise an approximation
algorithm that computes an edge set which satisfies constraints. But their content
spread function under IC and RMPP model has a few limitations. First, computing
the spread of specific content C with any given seed set is #P-hard which leads
to substantial computation time for running expensive simulations. Second, the
restrictions on information propagation may not reflect the real flow on the network.
Additionally their model assumes that a predefined number of new links should be
added for each user in the network, thus leading to all the users in the network to
accept the same number of recommended connections, a case which not necessarily
reflects the power law property of real world social network.

The authors of [19] also raise the question of changing the structure of networks-
to add or remove edges from a network to speed up a dissemination. The problem
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boils down to the eigenvalue optimization problem. They propose an algorithm to
optimize the key graph parameter such as leading eigenvalue of the graph adjacency
matrix which controls the information dissemination process in their models.

In [1, 16, 17], the authors define the link injection problem which is aiming at
boosting overall diffusion of information over the social networks, unlike other link
prediction methods which do not consider the optimization of information cascades
as an explicit objective. They propose the method that the injected links are being
predicted in a collaborative-filtering fashion, based on factorizing the adjacency
matrix that represents the structure of the social network and controls the number
of injected links to avoid an aggressive injection scheme that may compromise the
experience of users. Then they perform the link injection by attaching links to users
according to their scores.

Lin et al. [11] propose a k-boosting problem which aims to find k users who
are initially uninfluenced and increase their probability to be influenced. It is
different from influence maximization problem because boosted users are initially
uninfluenced. Their work consider the content spread maximization problem from
initial users’ perspective.

2.2.2 Negative Content Minimization

The problem of minimizing the negative influence of rumors and misinformation
although is an important research topic but gets less attention compared to influence
maximization. There are mainly two types of strategies that include blocking
influential users and clarifying rumor by spreading truths.

Wang et al. [21] consider the situation that when negative information such as
a rumor emerges in the social network and part of users have already adopted it,
how to minimize the size of ultimately contained users. They propose a greedy
method which efficiently finds a good approximate solution to discover and block k
uninfected users to minimize the negative content diffusion. In [22], authors study
the problem of minimizing the misinformation spread via changing the connectivity
of social network.

Comin et al. [6] analyze three spreading schemes and then propose an effective
methodology for the identification of the source nodes. If the source nodes are
detected, then using any method to block them could achieve our goal of minimizing
the negative content. Their method is based on the calculation of the centrality
(degree, betweenness, closeness, and eigenvector) of the nodes on sampled network.
Similar to [6], Kitsak et al. [10] study the problem of identifying the most efficient
“spreaders” in a network which is very useful for optimizing the information spread
problem. They find that the most efficient spreaders are those located with the core
of the network as identified by the k-shell decomposition and that when multiple
spreaders are considered simultaneously the distance between them becomes the
crucial parameter that determines the extent of the spreading.

Budak et al. [2] study the notion of competing campaigns in a social network and
address the problem of influence limitation where a “bad” campaign starts propa-
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gating from a certain node in the network and use the notion of limiting campaigns
to counteract the effect of misinformation. The problem can be summarized as
identifying a subset of individuals that need to be convinced to adopt the competing
(or “good”) campaign so as to minimize the number of people that adopt the “bad”
campaign at the end of both propagation processes. This problem is proved to be NP-
hard but they use a greedy algorithm to achieve approximation grantee due to the
submodularity of objective function. Our work differs from the above because we
focus on the manipulation of edges and we consider the network structure changing
after each edge is removed.

3 Problem Description and Formulation

In this section, we will discuss how we formulate our problems with detailed
explanation of objective functions.

3.1 Information Diffusion Model

Before discussing the proposed problems and formulations, we first want to show
how a piece of content will spread over the whole networks. So we briefly introduce
the information diffusion model: independent cascade (IC) model [8]. Given a social
network G = (V, E, p), where V is the node set (users) and E C V x V is the edge
set (the relationships between users). e, € E denotes an arbitrary edge and p,,
of edge e,, denotes the probability that node v can successfully activate node u.
We call a node active if it accepts information from other nodes, inactive otherwise.
Influence propagation process unfolds in discrete time steps. The initial seed set is
So, let ST denotes the active nodes in time step 7', and each node v in St has single
chance to activate each inactive neighbor u through its out-edge with probability
puu at time T 4 1. Repeat this process until no more new nodes can be activated.
Note that a node can only switch from inactive to active, but not in reverse direction.

3.2 Content Spread Maximization

In this section, we show how we formulate the content spread function from a
marginal increment perspective. Our formulation based on the classical independent
cascade (I C) model is discussed in the last part.

For the given acyclic directed social network G(V, E, P), we denote p; as
the probability with which node i shares content independently with each of its
neighbors and q;% is the spread of a content ¢ € C contained at v € V under the
topology of E (which means only the edges in E can be used in the propagation
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of content c¢) with seed set S, that is, every node in S contains content ¢ and
T .
E — G- ,qﬁ%, --+)" is the content spread vector. Then we need to find out

how to calculate the marginal gain Aestqg% of content spread c at node v when an
edge e5; € X from a candidate set is added to current topology of E. We give the
following theorem.

Theorem 1 The marginal gain Agﬂqy‘; of content spread of ¢ at node v when an
edge es; € X from a candidate set is added to current topology of E is calculated
recursively as follows:

Aestqtcg =(1- q;, S)p_xq

And for any v € N°“ (t), where N°"' (t) is the out-neighbor set of vertex t, we have

1 —g¢ S
P A, 4L - (1)

E
Afstq;,s = 1 Piq
— Prs

In addition, for other vertex v € V that can be reachable from vertex t, we can
update the marginal gain similarly according to the topology order in recursive
manner. We have Aequ% = 0, for the vertex which is unreachable from vertex t
during this process.

During the process of updating marginal spread, if there are paths from vertex ¢
reaching to different in-neighbor nodes of node w, the marginal gain of spread of w
should be updated according to Equation (1) multi-times. But the overall marginal
gain of content spread for w is independent of the updating orders.

In fact, suppose there exist two paths from 7 to both node u and v and w €
N (u) (YN (v) We first consider update from u to w, a marginal gain of spread

. 1 E - . . .
Al qsFs = lipq'”fp Pude, gt is obtained. Then considering update from v to w,
. . 1-(q5Ec+ A% q5F)
another marginal gain of spread A”*”qw = Wp Ae, quS Thus the
overall marginal gain of spread of w is Aestqw o= A?ﬂqw ¢+ A’”‘”qw which is

also equal to A? qu ¢+ AvtugeE.

From Theorem 1 and the note above, the objective function of content spread in
the marginal gain form can be expressed as

FE =335+ Y 2,qSEU), )

ceCveV e €X

where X*' denotes the edge set that has already been added into the network before
edge eg;. This definition is consistent with the content propagation process and there
is no loss during content spread process. Using f(X) as the objective function to be
maximized we give our content spread maximization problem (GSMP) as follows.
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Definition 1 (GSMP) Given a directed acyclic graph G = (V, E, P), a constant
K, and content set C with given initial seed sets S, for each ¢ € C, find an edge set
XCX= {eij :i,j € V,i € Nj, j € N;}, where N; is the candidate node set of i
to be connected such that: (1) At most K edges from X, and (2) f(X) is maximum.

3.3 Negative Content Minimization

Here we define an opposite problem called negative content minimization problem.
Given a directed acyclic social network G = (V, E, p), where V represents users
and E represents relationships between users, a diffusion model .#, a candidate
edge set E/ C E, and the predetermined seed set S, for each negative content
¢ € C such as rumors and gossips, etc. Further, each node v has the following
parameters: (1) Let p,, denote the probability that v independently shares content
with its neighbor u; (2) Let 6% (v, S¢, .#) denote the probability that seed set S,
successfully activates v on topology E under information diffusion model .#Z. We
omit the parameter ./ if the context is clear, i.e., 6, (v, S¢).

The goal of this problem is to identify K edges denoted by & from candidate edge
set E’. Then we remove & from original graph G such that the negative content
spread is minimized. We define negative content spread minimization problem as
follows.

Definition 2 (Negative Content Spread Minimization (NCSM)) Given a
directed acyclic social network G = (V, E), an diffusion model .#, a blocking
candidate edge set E’, and the predetermined seed set S, for each negative content
¢ € C,NCSM finds a K edges set & from candidate edge set E’ such that the
negative content spread L(&) = D .cc Y pey 92\ 2V, S¢) is minimized, namely it
is equivalent to seek

EF = 9< Se 3
arg gcg/nllgl KZZ \g(v ), (3)

ceCveV

where 0‘ g(v S.) denotes the probability that the seed set S. activates v success-
fully on topology E\&.

Let 92\{%,}(”» S.) denote the probability that the seed set S, activates v success-
fully when the edge (s, t) = e5; € E’ is removed from E. We focus on the marginal
decrement when an edge is removed from network. Then we have the following
formula to calculate the marginal decrement A, 92\{%.,}(”7 Sc) when edge ey; is
removed where v € V and ¢ € C (see Figure 1).

When an edge e;; is removed from current topology E, we consider the following
two steps. We first update the marginal decrement of the . Now we update the
content spread of each node in the newly formed network structures and then
calculate the marginal decrement of #’s neighbor. We recursively use these two steps
to update the probability of each node when the edge es; is removed from current
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Fig. 1 An instance for
NCSM problem

S

TN,
A

topology until no more nodes can be updated. In particular, if there exist multiple
paths from 7 to w (e.g.,t —> v > wandt — vy — w see Figure 1), we show
that the marginal decrement of w € Ny ”’” (vl) (N E\{ e }(vz) is independent of
updating order. Here we omit the proof

Based on the above discussion, the objective function (3) can be rewritten with
respect to marginal decrement, i.e.,

L&) =YY (6051, So) — Agby, o(v, 50)), )
ceCveV
where & € E’ denotes the edges set removed from network and |&| = K. The

item ) ..o > ey O (v, Se) is fixed with the given initial network G. So minimize
function (4) is equivalent to maximize total marginal decrement. Thus we focus
on total marginal decrement caused by removing &. Our final objective function is
shown as follows:

(&)= At o, So). )

ceCveV

4 Problem Analysis

4.1 NP Hardness

Theorem 2 The content optimization problems (content spread maximization prob-
lem and negative content spread minimization problem) are NP-hard under IC
model.

Proof Follows from the reduction of the set cover problem to the content spread
maximization problem. The CSMP is NP-hard. NCSM can be proved NP-hard from
the reduction of knapsack problem. Details omitted due to space constraints.

4.2 Submodularity

Theorem 3 The objective functions of CSMP and NCSM are both non-submodular.
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Fig. 2 Counterexample for (1)
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We will show the proof of non-submodularity of NCSM problem by giving a
counterexample. The proof of CSMP is similar so we will omit it here.

Proof Submodular functions have a natural diminishing returns property. If E is a
finite set, a submodular function is a set function F : 2 — 9, where 2£ denotes
the power set of E, which satisfies: for every A € B C E ande € E\B, F(AU
{e}) — F(A) = F(B U {e}) — F(B). We prove that function (3) is not submodular
by the counterexample in Figure 2.

Suppose that only node 1 (seed) has a piece of negative content ¢, and each
node shares content with its neighbors with probability of 1. Let A = {e14}, B =
{e14, €34}, and e = {ex3}. Note that A € B C E and e € E\B. L(A) = 4,
L(AU({e}) =2, L(B) = 3,and L(BU {e}) = 2. Thus L(A U {e}) — L(A) <
L(B U {e}) — L(B) indicates that function L is not submodular.

4.3 Methods

Since the proposed problems lack submodularity, we cannot achieve (1 — 1/e)-
approximation to the optimal solution. So we adopt a sandwich approximation
strategy [12] that leads to a data-dependent approximation factor. Since the original
content spread function f(X) is non-submodular, we need to obtain both submodu-
lar lower f(X) and upper bounds f(X). Therefore the sandwich framework can be
applied. The sandwich approximation strategy works as follows. First, a solution to
the original problem with any strategy is found. Then, an approximate solution to the
submodular lower-bound and the submodular upper-bound is found, respectively. At
last, the solution that has the best result for the original problem is returned.

5 Conclusion

We introduce two problems of optimizations on content spread over social network.
For the positive content such as innovation ideas or product promotion contents
we hope to boost the diffusion, while for the negative content of malicious
rumors and misinformation we need to contain. In the proposed problems, we
focus on the connectivity of network structures by adding and removing edge set
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from the network to maximize and minimize the content spread from a marginal
increment/decrement perspective. We show that both problems are NP-hard and
non-submodular. So we need to derive sandwich framework and marginal increment
based algorithm to give a data-dependent approximation factor guaranteed solution.
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Interaction-Aware Influence m)
Maximization in Social Networks ik

Shuyang Gu, Chuangen Gao, and Weili Wu

Abstract Influence maximization problem is among the most important topics in
the area of social networking, it has attracted a lot of research work. Recently, the
influence maximization problem has been extended to practical scenarios. In this
chapter, we present one cutting-edge problem named interaction-aware influence
maximization, which involves nonsubmodular optimization.

1 Introduction

With the advancements in information science in the last two decades, online social
networks find important applications in viral marketing, under this circumstance,
influence maximization becomes a very popular research direction, which could be
described as the problem of finding a small set of most influential nodes in a social
network so that the number of influenced nodes under certain diffusion model in the
network is maximized.

Kempe et al. [10] first formulate it as the influence maximization problem: a
social network is modeled as a graph with vertices representing individuals and
edges representing relationship between two individuals. Influence is propagated
in the network according to a stochastic cascade model. One of the most popular
cascade models is independent cascade (IC) model: each edge (u, v) in the graph
is associated with a propagation probability p(u, v), which is the probability that
node u independently activates node v at step ¢ + 1 if u is activated at step . Given
a social network graph, the IC model, and a number k, the influence maximization
problem is to find k nodes in the graph (referred to as seeds) such that under the
influence cascade model, the expected number of nodes activated by the k seeds
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(referred to as the influence spread) is the largest possible. Kempe et al. [10] prove
that the optimization problem is NP-hard, and they present a greedy algorithm which
guarantees that the influence spread is within (1 — 1/e — €) of the optimal influence
spread, where e is the base of natural logarithm, and € depends on the accuracy of
their Monte Carlo estimate of the influence spread given a seed set.

A large amount of efforts have been made in this research topic since Kempe
et al. [10] first defined the problem and obtained plentiful results in many ways.
Most of the works focus on maximization of the spread of influence, which
considers the number of users influenced by viral marketing or “word-of-mouth”
effect in online social networks. These works are based on the assumption that the
number of influenced users determines the profit of product. However, some types
of products earn profit in a continuous way besides the sales of product itself. The
revenue model of online games is a good example, the sales of game is just one
source of a game company’s profit, another important part of revenue depends on
the participation and interaction of players who have already bought the game.

The interactions among users contribute to game profit in several ways. First,
the interactive users play games in an online manner, which will attract more in-
game advertising. In-game advertising allows advertisers to pay to have their name
or products featured in games, in 2017, $109 billion dollars was spent on in-game
advertising. Second, the virtual goods transactions in games depend on players’
interactions. In 2009, the sale of virtual goods brought in $1 billion dollars.

We analyze such revenue model and define a novel problem of interaction-aware
influence maximization. Since the first part of revenue, sales of game, depends on
the spread of influence, the objective is same as the classical influence maximiza-
tion. The second part of revenue hinges on the interactions among users. We use
interaction profit to represent such revenues related to the strength of interactions
among players. We then define an interaction-aware profit maximization problem,
which is how to select a seed set to maximize both the number of influenced users
and the interaction profits among active nodes.

For traditional influence maximization problem, since its submodularity, the
greedy algorithm can achieve a guaranteed approximation with 1 — 1/e. But
unfortunately, interaction-aware influence maximization problem is not submod-
ular; thus, the greedy strategy can’t be directly applied to our problem to get a
guaranteed approximate solution. To solve this problem, we propose a new method
called decomposition strategy in which we decompose our objective function as
a difference of two submodular functions. And based on the decomposition we
replace them with the modular functions which are upper or lower bound of them
to address the nonsubmodularity part of problem and design an iterated sandwich
algorithm.
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2 Related Work

Influence maximization was first described as an algorithm problem by Domingos
and Richardson [7, 15], they model the problem using Markov random fields and
propose heuristic solutions. Kempe et al. [10] formulated the influence maximiza-
tion problem from the view of combinatorial optimization and showed that the
problem is NP-hard under both the IC and LT models, and they proposed a simple
greedy algorithm with an approximation ratio of 1 — 1/e. However a drawback
of their work is the scalability of the greedy algorithm. Since then a number of
efficient heuristic algorithms haven been proposed in many works to address the
issue, one direction is to improve the greedy algorithm, and the other is to propose
effective heuristics. In [11], Leskovec et al. present a “lazy-forward” optimization in
selecting new seeds, which exploits submodularity and greatly reduces the number
of evaluations on the influenced nodes, the main idea is that the marginal gain of a
node in the current iteration cannot be better than its marginal gain in the previous
iterations.

In [3], Chen et al. improved the greedy algorithm by combining with the CELF
optimization proposed in [11], and they also proposed a degree discount heuristics
under the independent cascade model. The main idea of degree discount heuristics
is when selecting a node based on its degree, and the degree does not include the
neighbors that are already activated. In[4], they show that computing influence
spread in the independent cascade model is #P-hard, and they propose that a
heuristic algorithm uses local arborescence structures of each node to approximate
the influence propagation. The heuristic algorithm restricts computations on the
local influence regions of nodes. Moreover, by tuning the size of local influence
regions, this heuristic is able to achieve tunable tradeoff between efficiency (in terms
of running time) and effectiveness (in term of influence spread). In [8], Goyal et al.
introduce CELF++ that further optimizes CELF by exploiting submodularity, the
advantage of the algorithm CELF++ is that it avoids unnecessary re-computations
of marginal gains incurred by CELF.

The influence maximization problem has also been extended to practical scenar-
ios in recent works. Chen et al. [6] studied the topic-aware influence maximization
problem which considers user interests. In real-world social networks, users have
their own interests (topics) and are more likely to be influenced by their friends
with similar topics. To address this problem, they study topic-aware influence
maximization, that is, given a topic-aware influence maximization (TIM) query,
find k seeds from a social network such that the topic-aware influence spread of
the k seeds is maximized.

In [12], a keyword-based targeted influence maximization is proposed, where
users who are relevant to a given advertisement are targeted. In [9], the problem of
privacy reserved influence maximization in both cyber-physical and online social
networks is studied, and they propose a model that merges both GPS data and
relationship data from social network. Bharathi et al. [2] studied the game of
innovation diffusion with multiple competing innovations, for example, multiple
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companies market competing products using viral marketing. In [5], Chen et al.
propose an extension to the independent cascade model that incorporates the
emergence and propagation of negative opinions, and the new model has a quality
factor to model the natural behavior of people turning negative to a product due to
product defects.

Most of the works only consider the number of activated users or the nodes of
social graphs but a few works consider interactions among users in viral marketing.
The interaction activities between users are first processed by [17]. They consider a
specific problem of how one can stimulate the discussion about a topic in a social
network as much as possible within a budget. They model the problem as activity
maximization. Given a propagation network, which records user interaction activity
strength along each edge, the goal is to find an optimal set of seed users under a
given budget, such that starting information propagation from the seed users leads to
the maximum sum of activity strengths among the influenced users. They show that
the activity maximization problem is NP-hard under IC model and LT model. The
objective function of the problem is proved neither submodular nor supermodular.

Activity maximization does not include maximizing the influence spread in
the meantime and only count activity strength of the directly connected users.
We propose a different problem-interaction-aware influence maximization, which
takes both parts into consideration, in the following section we will go through the
formulations of these two problems and then we will discuss a method to solve
interaction-aware influence maximization.

3 Problem Formulations

In this section, let us introduce the different formulations on influence maximization
problems that consider activity/interactions among users.

3.1 Activity Maximization

This problem was first processed by [17]. Consider a social network represented by
a directed graph G = (V, E), together with an information diffusion model m. In
this model, each node has two states, active and inactive. Initially, all nodes are in
inactive state. The influence diffusion consists of discrete steps. At beginning, a set
of nodes are activated. Nodes in this set are called seeds. At each subsequent step,
every inactive node v evaluates its status and decides whether it should be activated
or not, based on the rule in the model m. The process ends at a step in which no
more inactive node becomes active.

Let S denote the set of seeds and I,,,(S) the set of active nodes at the end of
diffusion process. Suppose that for each pair of active nodes u, v € I,,,(S), if (u, v) is
anedge of G, i.e., (4, v) € E, then an activity profit A(u, v) will be generated where
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A : E — R; is a nonnegative activity profit function. The activity maximization is
the following problem:

max a(S) = Z A(u, v) QY
(u,v)eE:u,vel, (S)
subject to S| <k
SCV.

This problem has been proved to be NP-hard in [17]. There are also counterexamples
in [17], which show that «(S) is neither submodular nor supermodular. However,
Wang et al. [17] introduced two monotone nondecreasing submodular set functions
B:2Y - Ry andy : 2¥ — R, such that for any S € 2V, B(S) > «(S) > y(S).
These two set functions are defined as follows:

BS= Y Awv)

(u,v)EE:uel,(S)

and

Y=y > Au, v).

seS  (u,v)eE:u,vel,({s})

By a theorem of Nemhauser and Wolsey [14], there is a greedy algorithm which is
able to find (1 — e~!)-approximation solutions for the following two problems:
max S(S) 2
subject to |S| <k,
SCv

max y (S) 3)

subject to |S| <k,

ScV.
Let Sg and S, be (1 — e~ !)-approximation solutions for problems 2 and 3,
respectively. Let S, be a feasible solution for problem 1. Choosing the best one

from Sy, Sg, and S, , we would obtain a data-dependent approximation solution for
problem (), i.e., the data-dependent approximation solution is

Sdata = argmaXSE{Sa,Sﬁ ,Sy 1 (S).
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3.2 Interaction-Aware Influence Maximization

The goal of interaction-aware influence maximization is to find a set of initial users
to maximize the total profit related to both the number of the influenced nodes and
the interaction among the influenced nodes.

Again the social network is represented as directed graph G = (V, E) to
represent a social network, where V is the set of users and E is the set of social
relations between users. Each edge (u, v) € E is assigned with a probability py,
so that when u is active, v is activated by u with probability p,,. And the benefit
related to the interaction between nodes is represented by a nonnegative function
b:V xV — R, in which b(u, v) = b(v, u) for the unordered pair {u, v} of node
u and v. Note that for each {u, v}, we only compute once the benefit between them,
i.e., b(u, v) or b(v, u) instead of b(u, v) + b(v, u).

Consider a moment in the propagation process under IC model, when node u
has just become active, and it attempts to activate its neighbor v, succeeding with
probability p, ,. We can view the outcome of this random event as being determined
by flipping a coin of bias p, ,. With all the coins flipped in advance, the edges in G
for which the coin flip indicated a successful n activation are declared to be live; the
remaining edges are declared to be blocked [10]. We use g to represent the outcome
of this process which is called a live graph of G since it consists of all edges declared
to be live. We denote as g ~ D, where D is the distribution of g. For any seed set S,
denote by 1, (S) the set of all active nodes at the end of the cascade process in live
graph g. Its cardinality is represented by |/, (S)].

The total expected benefit would be defined as

F($) =Egopla - [+ Y b, v)]

{u, v} (S)

=Y Problgl- @Il +B- D b, v).
8

{u,v}SI ()

The benefit consists of two parts, the first part denoted as « - I,(S) is
related to the number of nodes that are finally activated, and the second part
B-> (V)T (S) b(u, v) is related to the strength of interaction between the active
nodes. The parameters «, B are used to balance the weight of the two parts of the
profits, and {u, v} C I(S) denotes the all unordered pair in the set 7 (S). Note that
for each unordered pair {u, v}, since b(u, v) = b(v, u), we only compute once the
benefit between them. The expectation is respected to g.

The interaction-aware influence maximization is the following problem: given a
social network G = (V, E), a propagation probability p,, for each edge (u, v)
under the IC model, a benefit function b : V x V — [R5, and a positive
integer k, find a set S of k seeds to maximize the expected profit through influence
propagation:
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Fig. 1 Counter example

max f(S)
s.t.|S| <k.

This problem can be proved NP-hard by showing that a special case of
interaction-aware influence maximization problem is NP-hard, where o = 0, since
a problem being NP-hard in a special case implies NP-hardness in general case. The
seeds size equals k. Then the problem is transferred to seek k seeds that maximize
the benefit between activated nodes. Now we prove by reducing from the set cover
problem, which is NP-complete [1]. Given a ground set U = {u1, us, ..., u,}and a
collection of sets {S1, S2, ..., S;y} whose union equals the ground set, the set cover
problem is to decide if there exist k sets in S so that the union equals U. Given an
instance of the set cover problem, we construct a corresponding graph with m + 2n
nodes as follows. For each set S; we create one node p;, and for each element u; we
create two nodes ¢g; and q}. If the S; contains the element u ;, then we create two
edges (pi, q;) and (p;, q}). Note that each edge is live which means the probability
is 1. Now we design the benefit function over pairs of nodes. For the pairs {g;, q} 1
the benefit equals to 1, and the other pairs equal to 0. Then the set cover problem is
equivalent to deciding if there is a set S of k nodes such that the benefit of S equals
to n. The NP-hardness follows immediately.

There are also counterexamples which show that f(S) is neither submodular
nor supermodular. We prove by the counter example shown in Figure 1. The first
element in the tuple tied on each edge represents the propagation probability, and the
second one denotes the benefit between its two end nodes. For pairs {u, v} between
which there is no edge set b(u, v) = 0 except pair {b, d}. In Figure 1, (0, 1) on
edge (a, b) means propagation probability p,;, = 0 and b(a, b) = 1, then we have
fah) =1+0=1, fa,b})) =2+1 =3, f({a,d})) = 2+ 0 = 2, and
f{a.b,d}) =3 +3 = 6.Thus, f({a,d}) — f({a}) < f({a,b.d}) — f({a,b}),
which implies f(S) is not submodular. Also, we have f({c}) = 2 +2 = 4,
f{d,c}) =2+2=4,and f({d}) = 1. Thus, f({c}) — f(#) > f{d.c})— f({c)

which implies f(S) is not supermodular.

4 A Method for Interaction-Aware Influence Maximization

We have the following theoretical result leading us to a new method to solve our
nonsubmodular problem.
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Theorem 1 For any set function f : 2X — R and any set Y C X, there are two
modular/submodular/supermodular functions m’} :2X > Rand mlf :2X > R

such that m'(X) = f(X) = m!,(X) and m'(¥) = f(¥) = m!,(¥).

We can apply the theorem as long as we have a decomposition of the objective
function into two submodular functions. This decomposition sometimes can be
obtained trivially from the set function structure (or problem structure). However,
in general, it is conjectured to be NP-hard [13]. In our case, it is not trivial, but we
successfully found a decomposition with special technique and moreover, we made
the obtained submodular functions computationally possible.

The following shows how we decompose our objective function f(S) as the
difference of f1(S) and f>(S) both of which are submodular proved as following,
ie., f(S) = fi(S) — f2(5).

Given a seed set S and a live graph g, we define the B1(S) as benefit between
activated users I¢(S) and all users V, and define B,(S) as the benefit among all
activated users I, (S) plus the benefit between the activated users I, (S) and the non-
activated users V \ 1(S), which are formulated as follows:

Bi(S)= > Y bu.v)

uely(S) veV

= > 2b@wv+ Y. > b

{u,v}C 1 (S) uely(S) veV\Iy(S)
By$)= Y bww+ Y D b
{u,v}C 1 (S) uely(S) veV\Iy(S)

Thus we have
B(S) = B1(S) — B2(S)

= Z b(u, v).

{u,v}C 1 (S)
And given a seed set S, we define the following functions:

J1(S) = Eg~pla - [1g(S)| + B - B1(S)]
12(8) =Eg~plB - B2(S).]

Then we have

f(S) =Egopla - [+ Y b )

{u,v}CI(S)

=Egvplo - [1(S)]+ B - (Bi(S) — B2(5))]
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=Eg~pla - [I;(S)]+ B - B1(S)] = Eg~pl[B - B2(5)]
= f1(8) — f2(95).

Thus f(S) is decomposed as a difference between function f; and f>, and both of
them are submodular. According to Theorem 1 and our decomposed submodular
functions, we can design iterated sandwich algorithm to solve interaction-aware
influence maximization problem. The main idea of our algorithm is to find the upper
bound function and lower bound function based on current seed set, then solve
the three functions: the upper bound function, the lower found function, and the
objective function, and then we choose the best solution from those three solutions,
this best solution is then the seed set for generation of upper and lower bound
functions in next iteration. The procedure iterates until converged.

5 Conclusion

When the influence maximization problem is converted to capture the interactions
among users as we discussed above, the objective functions are transformed to
nonsubmodular functions, one of the possible method to solve such function is
discussed in this chapter. The key is DS function maximization where a DS function
is a difference of two submodular function. Some fundamental theoretical problems
are still open. For more information on social networks, please refer to [16].
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Multi-Document Extractive m)
Summarization as a Non-linear St
Combinatorial Optimization Problem

Meghana N. Satpute, Luobing Dong, Weili Wu, and Ding-Zhu Du

Abstract Multi-document summarization deals with finding the core theme pre-
sented in multiple documents. This can be done by selecting the important infor-
mation from the text in the multiple documents. Extractive summarization selects
and extracts such sentences which represent the gist of the documents. In this paper,
we have surveyed how research in multi-document summarization has evolved from
simple sentence-based techniques like sentence position to complex neural network
based supervised learning techniques. In recent years, more and more supervised
learning methods are proposed to tackle this problem along with some unsupervised
approaches described in LSA (Deerwester et al. ] Am Soc Inf Sci 41(6): 391—
407, 1990) and TextRank (Mihalcea et al. Textrank: Bringing order into text. In:
Proceedings of the 2004 conference on empirical methods in natural language
processing, 2004). In this chapter, we have proposed an alternative unsupervised
method where the problem of multi-document summarization can be viewed as a
non-linear combinatorial optimization problem. We have formulated the problem
and discussed possible solution to this problem.

1 Introduction

Automatic multi-document summarization is a process of creating shorter version
of given text from different but related documents in such a way that it retains
the important information the documents are meant to convey. With the advent
of Internet, vast amount of data became accessible to everyone. People are better
equipped to gain knowledge and make decisions. From online shopping to reading
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books, people can read reviews and summaries. But due to time constraint, it is
not possible to read every webpage or document available. Thus, people are more
inclined to read summaries, i.e., summary of book, summary of news articles, etc.
Hence, multi-document summarization research is gaining momentum due to its
practical usefulness in day to day life.

There are two main approaches of automatic summarization techniques: extrac-
tive and abstractive. Extraction-based summarizers extract individual sentences
from the given text (multiple documents). Depending on some criteria, these
sentences are deemed important by summarizer. The final summary is composed by
using these extracted sentences. Thus, the sentences in the summary come directly
from the given text. Abstraction-based summarizers select important sentences or
paragraphs from the given text but the final summary is composed by generating
new sentences using the selected sentences. Thus, the sentences in summary are
often different from sentences in given text.

Initial research in automatic summarization has emphasized on extracting sum-
mary from single document. Later on, as more and more text becomes available
online, reader wanted to gather information from different but related documents.
Hence, the research has diverted more towards multi-document summarization.

Multi-document summarization is a complex problem. A good summarizer is
expected to cover all important information from the text from different documents,
avoid redundancy, and produce coherent sentences as summary. To train the
summarizer, large annotated data is needed but often not available. Even the
available data does not cover different document styles, i.e., email data and social
network data. Furthermore, there is no consensus among researchers about which
sentences are needed to be in summary and which are not, making it harder problem
to solve.

In this paper, we study how summarization techniques have evolved from simple
heuristic-based techniques to applying complex neural network based learning
mechanisms. Lin and Blimes [16] first noticed submodularity of natural language
processing (NLP) problems and proposed that these problems can be solved as
optimization problems. Extractive multi-document summarization is essentially
selecting subset of sentences from a set of related documents based on some
constraints. We discuss this problem as a combinatorial optimization problem and
formulate the problem.

Section 2 describes background and approaches of summarization problem in
early days. Section 3 describes the survey of how summarization techniques have
been evolved for summarizing texts. Section 4 proposes a new way to look at
extracting summary problem as non-linear combinatorial optimization problem and
depicts possible formulation of this problem as an optimization problem. Section 5
concludes the contributions of this work.
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2 Background

Automatic summarization efforts were started by researchers in late 1950s when
they wanted to have condensed version of scientific and research papers which
covers the important content.

2.1 Heuristic-Based Methods

Even though initial summarization methods were not as complex as today’s
summarization techniques, they were efficient and good enough for summarization
needs for that time. These methods were mainly based on some rules or heuristics
about how to decide which sentences are important. Once this decision is made,
the important sentences are extracted as summary. In the method proposed by
Luhn et al. [18], first the stop-words are removed from the sentences since even
if they occur frequently, they do not add much meaning to summary. For all
remaining words, their frequency is calculated and frequent words are deemed
important. Sentences having many frequent words are considered summary-worthy
and included in summary. In the work by Baxendale et al. [2], sentence position
is given more importance. First and last sentences in a paragraph are extracted
as significant sentences and included in summary. It is also observed that this
assumption is true in the data set of scientific papers for which the summary is
desired. Another such observation was that, in case of news articles, first two
sentences of a paragraph are more significant than remaining sentences [26].
Edmundson et al. [7] proposed four components to weigh sentences, instead of just
word frequency like previous research. He experimented with different weights for
the presence of high-frequency keywords, pragmatic words, title and heading words,
and sentence location. This research indicated that considering several linguistic
features while deciding extract-worthy sentences offers better results.

3 Multi-Document Summarization Approaches

In multi-document summarization problem, the information comes from multiple
documents which are related and often complement each other. While deciding the
sentences to be selected, we need to make sure that they are coherent, not redundant
and cover all important content. Various approaches are used in the research of
multi-document summarization. Some approaches are extension of the work done
for single document summarization and some are newly evolved approaches.
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3.1 Statistical Approaches

The paper by Gambir and Gupta [12] has described the process of automatic
extractive summarization using the following block diagram in Figure 1. Automatic
summarization process begins with collecting the different but related documents
from different sources. These documents are then pre-processed, i.e., removal of
stop-words, stemming, etc. Then linguistic and statistical features are extracted from
the documents. Based on the occurrence of features in a sentence, each sentence is
scored using score function. Sentences with high score are extracted as a summary.

In [10] by Ferreira and others, an unsupervised system is built based on statistical
and linguistic features in the text. They proposed a clustering algorithm to ensure
coherence and reduce redundancy when multiple statements of the same meaning
are present in the documents. In [5] Latent Semantic Analysis (LSA) is used to index
and find topics by creating vectors of a documents based on the semantics in the
text. Considering features among sentences such as statistical similarity, semantic
similarity, coreference, and discourse relations, text is converted into a graph model.
Main sentences are identified by using TextRank algorithm [21]. Based on similarity
among the sentences, clusters of sentences are formed. Finally, main sentences from
the clusters are selected to form summary.

In research by Ko et al. [15], a hybrid method is proposed which makes
use of contextual and statistical information in the given text. In this method,
two consecutive sentences are merged and bigram pseudo sentences are formed.
Several statistical features are combined to score the pseudo sentence, such as how
far the sentence is from the title, the location of sentence, score of a sentence
based on aggregation similarity (which is the sum of similarities with all other
sentences), term frequency of terms in the sentence, and term frequency based
query (where high-frequency terms are used to query the document to find important
sentence). After the extraction of high score bigram pseudo sentences, the sentences
are fragmented to original sentences and summary is generated. They achieved
performance gain due to combination of several important features for deciding
which sentences need to be extracted.

Source documents Formation of summary

r

Pre-processing Extraction of important sentences

!

Computation of features’ scores Calculation of sentence score

A

Fig. 1 Extractive summarization using statistical approach [12]
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Yeh et al. [31] used different kinds of statistical and contextual features, including
sentence position in the paragraph (first sentence in paragraph introduces para-
graph and last sentence in paragraph summarizes paragraph), positive or negative
keywords (positive keywords are most likely included in summary, while negative
keywords are omitted), and centrality of sentence (similarity of the sentence with the
other sentences in text. If sentence is too similar with other sentences, then it means
it reflects central theme, resemblance with the title of the document. The summary
is generated by using linear weighted combination of these features to obtain score
function. Genetic algorithm is implemented to find optimal weights of the features
while extracting the summary.

3.2 Topic Based Approaches

Topic signatures extract topic-related sentences as summary through two steps, i.e.,
topic recognition and interpretation. These two steps are considered as two basic
steps in a typical automated text summary system. Lin and Hovy [17] proposed the
idea of topic signatures. Each topic signature is represented as the terms related to
the topic and weight of the term to that topic. One example mentioned in their paper
is of topic restaurant visit which can be inferred by terms such as menu, waiter,
order, etc. It is observed that often the topic words co-occur and hence their co-
occurrence suggests that they belong to same topic. The sentences are scored based
on their relevance to the topic signatures and high scored sentences are included in
summary.

Harabagiu and Lacatusu [13] used two novel topic representations based on topic
themes. Then based on their topics, the documents are classified as relevant or non-
relevant to the pertaining topic. Sentences are ranked based on their score. In this
paper, they considered relation between sentences and within the sentences. They
used shallow semantic information from the text on top of lexical information.
Extraction of summary sentences is done in different ways based on topic signature,
sentence score, Weights on topic relevant terms, etc.

3.3 Graph-Based Approaches

These methods converted text into graph by using vertices to represent sentences or
concepts and edges to represent the semantic relatedness between two sentences or
concepts. Graph-based summarization became effective summarization technology
due to capturing contextual information among concepts.

In [20], Mani and Bleodorn described a graphical model which captures concepts
shown by words, proper nouns, and phrases and then designate those as vertices.
Edges represent the semantic relations between vertices. Figure 2 from [20] depicts
three possible relations between concepts. Adj links are shown between adjacent
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ADJ

alpha SAME *

i COREF

Fig. 2 Possible semantic relations between concepts [20]

concepts in the text. Name links can show person or entities. Phrase links can tie
concepts together in a phrase. Coref links tie a concept to another whenever there
is coreference. Alpha links are used when two concepts point to the same meaning,
i.e., “President” in one sentence can be of same meaning as “Mr. Donald Trump” in
another. Sentence selection for summary is based on the coverage of same vertices
in the common lists and different lists. Sentences are selected greedily based on the
average activated weight of the covered words.

In LexPageRank system by Erkan and Radev [8], sentences are depicted as
vertices and link between vertices exists if the cosine similarity between two
sentences exceeds predefined threshold. Sentence clusters are formed on the basis
of sentence similarity. They hypothesize that the sentence which is more similar to
other sentences contain main theme and hence central. The degree of each vertex
is calculated. Each link or edge between vertices represents a vote. They used
PageRank [24] algorithm to calculate vote of each link. Most voted sentences are
included in summary. Their architecture also took care of sentence subsumption.
When one sentence subsumes information from another sentence and possesses
some additional information, then it is included in summary and another sentence is
omitted from summary.

3.4 Machine Learning Based Approaches

As the research progressed, machine learning based methods caught the attention
of scientific research. Machine learning methods enable computer to summarize
documents by learning from the original documents and ‘“understanding” the
potential semantics. For example, methods using classifiers such as Naive Bayesian,
support vector machine (SVM) [9], recurrent neural network (RNN) [23], neural
convolution network (NCN) attention [30], and recursive neural network [4] have
shown significant performance gains.
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Machine learning based methods fall into one of the following categories:
supervised, semi-supervised, or unsupervised. Supervised learning relies on large
data sets to learn features and then using those features, it can classify the test
data. Availability of big data set which covers all possible variations is a bottleneck
in research of NLP tasks, as it is very time consuming to annotate the data.
Unsupervised learning methods learn from the available target data for which the
NLP task is to be performed. Classification task is done by learning features from
that data itself. Semi-supervised approach relies on some seed examples provided
by the user. From these examples patterns are learned and classification task is done.

Fattah et al. [9] experimented summarization problem using many machine
learning classifiers such as Naive Bayesian, maximum entropy, support vector
machine, decision trees, neural networks, mathematical regression, etc. The method
considers summary generation task as a classification problem and each sentence
is either included in summary or excluded. Fattah et al. [9] employed a hybrid
model for summary generation task which constitutes the following three classifiers:
maximum entropy, Naive Bayes, and support vector machine. Several features are
taken into account to train the classifiers. For example, words similarity between
sentences and between paragraphs, score using term frequency of document, key
phrases, position of sentence, occurrence of not-needed information, text format,
etc. These features are provided to the three classifiers in training phase. In testing
phase, features are extracted and sentences are ranked by feature weights learned in
the training phase. Using hybrid model of three classifiers, final summary is created.

Cao et al. [4] presented recursive neural networks (R2N2) to score sentences for
extractive multi-document summarization. Each sentence is first converted into a
parse tree. Information from different parts of sentence is gathered and fed to R2N2.
Some features used in this process are term frequency, inverse document frequency,
sentence length, named entity, position of sentence, etc. Sentence relevance is
evaluated and sentence rank is given by a hierarchical regression process. On
the basis of information from word level to sentence level, features are learned
by recursive neural networks apart from the given features. Important sentences
for summary are selected based on their ranking score. They employed greedy
algorithm and integer linear programming (ILP) for selecting the sentences to be
part of summary.

Nallapati et al. [23] presented SummaRuNNer, a model based on recurrent neural
network (RNN) for extractive multi-document summarization. SummaRuNNer is
trained using reference summaries. Summarization is considered as sequential
binary classification problem where each sentence is classified as summary sentence
or non-summary sentence. They used two-layer bidirectional RNN where one layer
operates at word level, while another layer operates at sentence level. Using words
and word embedding, hidden states are generated. They use greedy approximation
to create labels from given summaries. The entire document is modeled as follows:

Ng i
d = tanh Wd*(l/Nd)Z[h'Jf.,hl]’-]—l—b , (1)
j=1
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where states starting with h are the hidden states corresponding to the sentence of
the forward and backward sentence-level RNNs, respectively, and Ny is the number
of sentences in the document. Features such as novelty of a sentence, position, and
content are considered in their study. These features are learned rather than hand
crafting and providing it to system.

3.5 Optimization Based Approaches

Lin and Blimes [17] were first to notice the submodularity in summarization. They
modeled the problem as a knapsack constraint of selecting subset of sentences S
from the sentences of whole document set V under the constraint of length of
summary. They devised it as a maximization function of quality of summary shown
in the following formula, where c; is cost for adding sentence s; in summary and b
is budget constraint

S’ € argmax F(S)
scv

s.t.Zci > b. @

icS

Although it is NP-hard problem, it can be solved using greedy algorithm. It
becomes too computationally expensive for real-world applications [17].

Shigematsu and Kobayashi [29] used differential evolution approach to overcome
the problem of computational complexity of optimization function for summariza-
tion. First they used LDA [3] to detect topics in the text. Sentences are ranked based
on the topical information each sentence possesses. Resulting number of summary
sentences will depend upon the length constraint over summary sentences. This
method has reduced the calculation time to generate summary, to great extent but
precision is worse than the method with an explicit solution technique using greedy
algorithm [29].

Galanis and others used combination of support vector regression (SVR) along
with integer linear programming (ILP) [11]. They used features such as sentence
position, named entities, Levenshtein distance, word overlap, and content word fre-
quency. These features are given to SVR to score each sentence from the document
set. Instead of using the sentence scores directly to formulate summary, they first
normalize the sentence scores. These scores are multiplied by the length of the
sentence to take care of problem of the method picking short sentences. Importance
of summary is calculated by adding the normalized scores of sentences. The
importance of summary is maximized. While forming final summary, the number of
distinct bigrams it can cover is also maximized. The underlying assumption was that
the more the number of bigrams, the summary covers the less redundant it is. Like
previous method by Shigematsu [29], length of summary sentences is considered
the constraint over which ILP is done.
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4 Our Approach to Multi-Document Summarization as a
Non-linear Combinatorial Optimization Problem

In summarization, a group of sentences is selected from a bigger group of sentences.
Whenever a subset of elements is to be selected from a set of elements based on
some constraint, then we can formulate that problem as submodular or supermodular
optimization problem.

The maximization or minimization of a set function can be formulated as com-
binatorial optimization problem. They are widely used in many areas of computer
science and applied mathematics [6]. Minimization or maximization problems are
defined on the set of subsets of a given base set S. In combinatorial optimization,
submodular/supermodular functions have a role somewhat similar to that played by
convex/concave functions in continuous optimization [1]. Researchers also proved
that some existing extractive summarization methods can be viewed as a problem
of submodular function maximization [16], such as maximum marginal relevance
(MMR).

Given a finite set S, we use 25 to denote the power set of S. A set function
f 125 — Ris submodular if it satisfies one of the following equivalent conditions:

e Forevery A, B € S with A C Bandeverya € S— B we have that f(AU{a}) —
fa}) = f(BU{a}) — f({a}).

e Forevery A, B C S, we have that f(A) + f(B) > f(AUB)+ f(AN B).

e Forevery A C Sandaj,az € S — A, we have that f(AU{a1}) + f(AU{ax}) >
S(AU{ai1, a2}) + f(A).

A set function f is monotonically increasing, if for every A € B we have f(A) <
f(B). A function f is supermodular if and only if — f is submodular. A set function
f is monotonically increasing, if for every A € B we have f(A) < f(B).

When a single element is added to an input set, as the size of the input
set increases, the difference in the incremental value of a submodular function
decreases. For a combinatorial optimization problem, a greedy algorithm can be
designed if the objective function is submodular. Greedy algorithm can give an
approximate solution in polynomial time with an approximation guaranteed to be
within ee;l ~ (.63 of the optimal solution [22].

4.1 Diversity in Summary

Main objective of summary is to obtain maximum information from a given
document set in short version in such a way that it captures the gist of the document
set. In order to capture more information from document, it is necessary to cover
diverse topics from the documents.

Diversity is a central theme in ecology. The diversity concept was first used by
ecologists to measure the number of different species in community quantitatively.
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Ecological communities with many species are more diverse than ecological
communities with fewer species. Ecologists tried to sample with high diversity to
increase the probability of finding small species [19]. Ecologists have proposed
many methods to measure the diversity of species in these decades, such as the
Shannon index or the Simpson index [28]. A diversity index called as quadratic
diversity (Q) is proposed by Rao [27]. Q = Z,S: | Z]S'=1 d;j pi pj quadratic diversity
incorporates both species relative abundances (p; p;) and a measure of the pairwise
distances between species (d;;).

The main theme of summarization is to get as much content from the documents
as possible in a compact manner. Thus we want to ensure that the summary gathers
information about all topics from the documents. If document set has sentences that
convey the same meaning, then these are redundant sentences and must be omitted
from summary. If there is sentence limit on summary and redundant sentences exist
in the summary, then some other information, which should be part of summary,
is missed from the summary. Summarization diversity controls this problem of
redundancy and gives the reader insight into different distinct topics covered in the
text.

Shannon entropy was originally proposed to quantify the amount of information
in a signal or event. For a discrete random variable X with possible states
X1, X2, -+ X, its Shannon entropy is defined as Formula (3). In Formula (3),
p(x;) = Pr(X = x;) is the probability of x;

. 1
H(X) =Y p(x)log, (—) : 3)

P p(xi)

Intuitively, when there is only one possible state of X, then H (X) becomes 0. H (x)
increases as number of possible states of X increase denoting more diversity.

4.2 Problem Formulation

In this paper, we address the problem of how to extract a summary from a set of
documents that covers as much real content of all subtopics as possible. We first
identify all subtopics from the document set and then summarize the documents.

After extracting subtopics, assume that we get a subtopic set C. In this subsec-
tion, we propose a new formulation for a method to extract a small and limited set of
sentences from set C which can be representative of the entire document set, which
is also the goal of the summarization.

We cannot give equal weightage to all subtopics because some subtopics
constitute a very few number of sentences, while other subtopics might have many
sentences written about them. Thus the subtopics having small number of sentences
do not contribute much to the document set and hence can be deleted. For simplicity,
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we use the symbol C’ to denote the subtopic set after the small sized subtopics are
deleted.

In this step, for the process of calculation of semantic distance, single sentence
is taken into consideration as the basic unit of calculation. C’ can be represented as
a subtopics covering set of sentences C' = {st{, st2, .. ., sty }, where each sentence
st; belongs to a subtopic s; and it also belongs to a paragraph set c. If st; € pey
and pes = sy, then st; € cy.

We use notation SDS(st;, st;) to represent the semantic distance between two
sentences st; and st;. SDSS(st;, A) (A C C") is used to denote the semantic
distance between a sentence s#; to a sentence set A. It is defined as the following
Formula (4):

SDSS(st;, A) = értng}jA SDS(st;, stj). “)
J

The semantic distance between the two subsets of C’ is represented as a function
SDTS : (2€,2¢) — R. SDTS can be defined as Formula (5)

SDTS(A,B)y= ) SDSS(stj,A) AcC.BcC. (5)
stje(B—A)

The set of summary sentences is a size limited subset I of C” which is a set of
sentences from document set D. We need to find / such that the similarity between
sets I and D is as high as possible, which intuitively means the semantic distance
between I and C’ is as small as possible. At the same time, we also want subtopic
diversity, the more the subtopics that / can cover, the better. Shannon entropy can
be used to measure the diversity (Formula (6))

oo — SVl 1| _ ,
) = m log, m Iy = {sti|st; € C', st; € ck}. (6)
i=1

Therefore, there are two targets: minimizing the distance between [ and C’
(Formula (7)) and maximizing the subtopic diversity (Formula (8)). At the same
time, we have a constraint that the sentence number of the final summary is less than
some constant b (|/| < b). The summary subtopic diversity H D (1) is known to be
submodular and monotone increasing [25]. Interestingly, SDT S({, C’) is monotone
decreasing and supermodular.

min SDT S(I, C’) @)
Icc’
max HD(I). (8)

Icc’
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We know that the minimizing value of the supermodular function SDT S(I, C’)
maximizes value of —SDT S(I, C") which is submodular and the maximization
of a submodular function with cardinality constraint is NP-hard [14]. Fortunately,
HD(I) — ySDTS(I,C’) is submodular, and we can formulate our objective
function as Formula (9) which can be approximately solved

argmax HD(I) — ySDTS(, C")
1ccC’

)

where y is a parameter which can be adjusted experimentally.

5 Conclusion

Through this work, we have surveyed different approaches in multi-document
summarization and proposed it as a combinatorial optimization problem. The
proposed formulation can extract meaningful summary from multiple documents.
Using the sentence distances and subtopics as backbones we have formulated the
problem as submodular combinatorial optimization problem of minimizing distance
between summary and document set and maximizing subtopic diversity in the
summary.
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Viral Marketing for Complementary )
Products Sk

Jianxiong Guo and Weili Wu

Abstract When you purchase a product in internet, a recommendation may appear
“the customer who buys A may also buy B.” When you purchase both products A
and B, another recommendation may appear “the customer who buys A and B may
also buy C.” Products A, B, and C are complementary. Both recommendations are
established based on historical data and statistical analysis. Here, complementary
products are those that tend to be purchased together, for example, iPhone and its
accessories, computer and monitor, etc. In this article, we would like to address this
issue in viral marketing.

1 Who Buys A May also Like to Buy B

First, we consider the complementary relationship between two products, that is,
there is a certain probability that buying product A would make the customer to buy
product B.

Consider a (directed) social network G = (V, E) with independent cascade
model for information diffusion, that is, each arc (u, v) is associated with a number
Puv Which is the probability that v accepts influence of u. Consider k products
g1, 82, .., 8 With prices c1, ¢3, ..., ck, respectively. Suppose that a customer u
who buys product g; would also buy product g; with probability p,;;. We study the
following problem.

Research Problem 1 (Viral Marketing for Complementary Products) Given a
budget B, find a set of customers for giving free samples within the budget B to
maximize the expected total sales of the product.

For this problem, at each step of information diffusion process, there are two
types of influences to each customer v for each product g;:
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(1) The influence from a customer u who purchases product g; and has the
probability p,, for success of the influence.

(2) The influence from a product g; because the customer v purchased g; at a
previous step. The success of this influence has probability py;;.

Theorem 1 Suppose above influences at each customer are independent and influ-
ence can be successful only at fresh (i.e., at the step that the influence just occurs).
Then the problem of viral marketing for complementary products is a special case
of following influence maximization problem in weighted case: Consider a social
network G = (V, E) with independent cascade model. For each node u, assign a
cost c(u) and suppose that it costs c(u) to choose u as a seed and obtain benefit
c(u) if u becomes active. Given a budget B, find a set of customers for giving free
samples within the budget B to maximize the expected total cost of active nodes.

Proof Let G be the social network in the problem of viral marketing for comple-
mentary products. For each product g;, make a copy G’ of G. Denote by u’ the copy
of node u. Consider G! U G? U --- U G*. For every two nodes u’ and u/, add an
arc (u', u’) associated with a probability p;;(u). The problem of viral marketing
for complementary products would be equivalent to the influence maximization on
constructed network with cost function ¢(u') = ¢;. O

By Theorem 1, the viral marketing for complementary products can be formu-
lated as a knapsack-constrained submodular maximization as follows:

max f(A)
subject to Z c(x) <B

x€eA

ACYV,

where f is a monotone (nondecreasing) submodular function on 2V with (%) = 0.

2 Knapsack-Constrained Submodular Maximization

There are three algorithms [7, 10, 13] in the literature for knapsack-constrained
submodular maximization. The first two are motivated from two algorithms for the
well-known knapsack problem as follows:
max cix; +cx2+ -+ cpxp
subject to s;x1 + s2x2 + -+ spxp, < B

X1, Xx2,...,%x, € {0, 1}.

Assume s; < B. Following is its 2-approximation.
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2-Approximation Algorithm for Knapsack
Sort C: > 52 >..0> C",

Choose k such that Zl | <B< ZkH
output cg = max(Zf‘Zl, Cht1)-

Next, we see a similar algorithm for knapsack-constrained submodular maxi-
mization. Here denote A, f(A) = f(A U {v}) — f(A).

Algorithm 1 Knapsack-constrained submodular maximization
A<~0
while ¢(A) < B do
choose v € V' \ A to maximize
set A < AU {v}
end while
return argmax(f (A \ {v}), f({v})

Ay f(A)
c(v)

A

Theorem 2 ([10]) Algorithm 1 is a (1 — e~')/2-approximation for knapsack-
constrained submodular maximization.

Proof Let vy, va,...,vk+1 be generated by Algorithm 1 and denote A; =
{vl, ey v,‘}. Then

- Ay f(A)
Vitl = argmaxveV\A,«W
and c¢(Ay) < B < ¢(Ag41). Suppose optimal A* = {uy, un, ..., up}.

F(A") < f(A; U AY)
= f(AD) + Ay, f(A) + Auy (A U{un}) + - + Ay,
fA; Ufur, ... up—1})
< f(AD) +8u, (Ai) + Au, f(A) + -+ + Ay, f(AD)

c(u 1) c(u2)
<f(A)+ ( l Ul+1f( l)+C(Ul‘+1) Vi1
FOAD+ -+ %Avmm»
c(A%)
= f(A) + (f(Aiv1) — f(AD)).
c(vit1)

Denote o; = f(A*) — f(A;). Then a; < <4~ )) (i — i+1). This,

c(vi+
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wivr < (1- ) o) < ey,
c(A*)

since 1 + x < e¢*. Hence
apy1 < e W)/ Boy < 071 F(A%),

that is, f(A*) — f(Ak+1) < e !f(A*). Hence, f(Art1) > (1 — e D) f(A¥).
Since f(Ax) + fUvk+1}) =  f(Aky1) + f(@) = f(Ak+1), we have

max(f(Ap), f({ve1)) = (1 —e™1)/2- f(A"). O
This is a PTAS for the knapsack problem.
PTAS for Knapsack

Let ¢ + G be obtained from 2-approximation algorithm for knapsack problem.
Seta =cg - 18?
Suppose that for 1 <i <m,¢; <aandform +1<i <n,c; > a.

Sort & > 2 > ... > n
R

El
ForeachI C {m+1,...,n}with |[I| <2(1 +¢)/e,
if Zie] Si > B,
then define ¢(/) =0
else choose maximum k < m such that Y5_, s; < B — Y ;. si
and define c(I) = ¥, ¢i + b, cis
output /yysp,; = argmax;c([l).

A similar algorithm for knapsack-constrained submodular maximization is as
follows.

Algorithm 2 Knapsack-constrained submodular maximization
1: forevery I C V with |I]| < d do

2: A<«1

3: T« V\I

4: while 7 # ¢ do

5: choose v € T to maximize ALC‘{U()A)
6: set T < T\ {v}

7: if c(AU {v}) < B then

8: A<~ AU {v}

9: end if
10: end while
11: end for

12: return Ag = argmax; f(A([))

Theorem 3 ([7]) For d > 3, Algorithm 2 is a (1 — e~V)-approximation for
knapsack-constrained submodular maximization.

Proof Suppose optimal solution A* = {uy, us, ..., up} in ordering
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uj = argmax, 4« (f({ur, ... ui—1, uy — f{uy, ..., ui1})).
Let I = {uy,us,...,uy}. Define g(X) = f(X UI)— f(I). Then computation of
A(I) can be seen as a greedy algorithm applying to monotone submodular function
g(-). Suppose this computation produces A \ I = {vy, ..., v }. If A*\ T = A\ I,
then A = A(I) = A* and hence the theorem holds. Therefore, we may assume
A*\'I # A\ I. In this case, there exists element in A* \ 7, but notin A \ /. Let
vr+1 € A®\ I be the first one which violates the knapsack constraint, that is,

clU{vy,...,v}) <Bandc(I U{vy,..., v, v141}) > B.

By the proof of Theorem 2, we would obtain
gvi va o v v} = (1= e Dg(A™\ D).
Thus,
fFAU Lo v ) = (L= D) AT +e7! F(D).

Hence,

FAD) = FUU{vr, v, ..., 0))
> (1 —e HfA) +e  f(I) = Ay, FTU1, 02, ..., 0.

Note that

Av,+1f(1 Ufv, vz, ..., ) < Av,Hf(I) = Alld+1f(1) R Aulf(w)
= f({u1}).

Thus,

1 1
AU7+1f(IU{v17 V2, ..., Ut})fg'(Alldf({ulr s ud—l})+' : +Au1f(®)zgf(])

Therefore,
f(A(I)) 2 f(I ) {U17 V2, ..., U[}
1
>(l—e YA +ef() - —fD

> (1 —eYf(A*) ford = 3.
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Algorithm 1 runs faster, but its performance is worse than Algorithm 2. An
improvement is given in [13], which gives a (1—e~2)/2-approximation with running
time comparable with Algorithm 1.

There exist more approximation algorithms in the literature for the knapsack
problem and its variations. Can we get motivation from them to design better
approximations for the knapsack-constrained submodular maximization and its
variations?

3 Who Buys A and B May also Like to Buy C

In general, the viral marketing for complementary product would induce a maxi-
mization problem on monotone nonsubmodular function with a knapsack constraint,
especially, when we consider influence of two or more products on one. This case
is much similar to the composed influence studied in [14].

For monotone nonsubmodular maximization, there are several choices of
methodology, such as super modular degree [2—4, 6], sandwich methods [1, 8, 11],
and algorithms based on DS decomposition (submodular—supermodular algorithm
[9] modular—-modular algorithm [5], and iterated sandwich method [12]). Among
them, the DS decomposition is more challenging.
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