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Abstract

A Theory of Collective Cell Migration and

the Design of Stochastic Surveillance Strategies
by

Mishel George

In nature, complex emergent behavior arises in groups of biological entities often as
a result of simple local interactions between neighbors in space or on a network. In such
cases, scientific inquiry is typically aimed at inferring these local rules. Conversely, in
teams of robots, the goal is to create decentralized control laws which results in efficient
global behavior. These behaviors are designed for tasks such as maintaining formation
control, performing effective coverage control or persistently monitoring an environment.
With this in mind, we consider the following: 1> the emergence of collective cell mi-
gration from local contact and mechanical feedback and 2> the design of unpredictable
surveillance strategies for teams of robots.

Collective cell migration is an essential part of tissue and organ morphogenesis during
embryonic development, as well as of various disease processes, such as cancer. The vast
majority of theoretical descriptions of collective cell behavior focus on large numbers
of cells, but fail to accurately capture the dynamics of small groups of cells. Here we
introduce a low-dimensional theoretical description that successfully describes single cell
migration, cell collisions, collective dynamics in small groups of cells, and force propaga-
tion during sheet expansion, all within a common theoretical framework. We also explain
the counter-intuitive observation that pairs of cells repel each other upon collision while
they coordinate their motion in larger clusters.

Conventional monitoring strategies used by teams of robots are deterministic in nature

1X



making it possible for intelligent intruders who study the motion of the patrolling agent
to compromise the patrol route. This problem can be solved by designing random walkers
on graphs which naturally incorporate unpredictability. Within this framework, we study
and provide the first analytic expression for the first meeting time of multiple random
walkers, in terms of their transition matrices. We also study two problems related to
maximizing unpredictability: given graph and visit frequency constraints, 1> maximize
the entropy rate generated by a Markov chain, and 2> maximize the return time entropy
associated with the Markov chain, where the return time entropy is the weighted average

over all graph nodes of the entropy of the first return times of the Markov chain.
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Chapter 1

Introduction

Achieving the tight coordination observed in schools of fish [3] and flocks of birds [4]
is possible in teams of robots due to advancements made in the field of multi-agent
control [5, 6]. Groups of biological entities possess impressive dynamic capabilities based
on purely localized interactions, and hence provide inspiration for decentralized decision-
making schemes in robotic teams [7]. Even in the absence of knowledge concerning
the global states of the system, biological networks have evolved local behaviors which
translate robustly to global behaviors [8]. Theoretical descriptions of biological networks
often try to demystify this emergence of global synchronized behavior by suggesting
relatively simple local laws [9]. The objective in robotic teams when studied from this
point of view is no different: design local control laws for each agent, wherein each
agent possesses information limited to its own states and that of neighboring agents,
that translate to a desired global behavior [10]. Thus, the study of emergent behavior
in biological networks, while being of independent interest, also benefits the robotics
community [I1] and vice-versa the design of local control laws for robotic agents can
shed light on how coordination in colonies of insects or groups of migrating animals
might arise [12].

Collective motion in nature is observed across a breadth of length scales from clusters

of macromolecules [I3] to colonies of cells [14] and groups of humans [15]. Inspired by the
1



Introduction Chapter 1

coordinated behavior observed in swarms of insects [10] [I7], algorithms and heuristics
designed for large teams of robots are called swarming algorithms or swarming behaviors,
especially when the emphasis is on emergent behavior. While formation control is one
of the many complex tasks that a group of robotic agents might need to achieve, robotic
teams are designed with tasks in mind such as environmental monitoring [I8], search and
rescue [19] and intruder detection [20].

In this thesis, we study problems in coordinated biological and robotic behaviors: on
one hand, we seek to unify collective behaviors observed across multiple cell types and on

the other hand, we seek to design persistent surveillance strategies for groups of robots.

In the remainder of this chapter, a broad literature survey of each one of these fronts

of research is described.

1.1 Literature relevant to collective cell migration

In this section, we present a literature survey of collective migration in groups of
animal cells.

Collective migration in vivo: From embryonic development to tissue regeneration
and wound healing, many processes of tissue (re)organization involve the coordinated
migration of cells [2I]. While some large scale migration processes involve the move-
ments of hundreds of cells (e.g., neural crest cell migration [22]), many migratory events
in developmental and disease processes involve small groups (~ 5-50) of cells [21], 23],
including border cell migration [14] or lateral line formation [24]. Importantly, there is
increasing evidence that cancer invasion and metastases rely on the migration of small
clusters of cells rather than individual cells [25]. Despite the existing amount of informa-

tion regarding the different migratory processes and their molecular control [20], 27, 28],

2
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it is unclear how these different collective behaviors arise from the physical interactions
among migrating cells, and how to connect the known individual behaviors of cells to
their collective behavior in groups of different cell numbers.

Self-propelled particle models: When it comes to modeling collective behaviors
in nature, two seminal pieces of work come to mind: the first widely-known flocking
simulation published by Reynolds [29] and the statistical physics type approach by Vicsek
et al. [9] which is now widely referred to as the “Vicsek Model”. The standard Vicsek
model consists of self-propelled particles (SPPs) with discrete-time evolution of their
headings governed by the law that each agent computes an average of the headings of its
neighbors with additive noise. Though the original objective of this model was to study
second-order transition from order to disorder in the flocking behavior observed in the
agents, this simple notion of agents trying to align velocities through local averaging laws
spawned several models of collective motion in both biological [30, BT} B2] and physical
systems [33, 34, [35].

Review of existing theoretical descriptions: Most experimental studies concern-
ing the physical aspects of collective cellular movements have focused on the migration
of thousands of cells, such as in in vitro wound healing assays [306], 37, 38, 39]. Accord-
ingly, theoretical descriptions of these phenomena have been centered in the limit of very
large numbers of cells, using both discrete approaches based on self-propelled particles
(SPP) [40, 41], 42], 43], 44] and continuum theories [45, 43]. SPP and continuum phe-
nomenological descriptions have provided important insights into the generic behaviors
of collective cellular movements at length scales much larger than cell size and have been

effective at providing scaling laws which describe such collective behaviors [45, [43].
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1.2 Literature relevant to stochastic surveillance strate-
gies

Here we present a broad literature review of surveillance strategies and Markov chains
on graphs, which are essential tools in the design of unpredictable surveillance strategies.
Topic-specific literature can be found in the chapters concerning stochastic surveillance

strategies.

1.2.1 Multi-robot patrolling strategies

Some of the first work in multi-robot patrolling was done by Machado et al. [46], where
several architectures for multi-agent patrolling are proposed and performance criteria
specified. In particular, the architectures were split between centralized and decentralized
strategies, and the delay between consecutive visits to nodes, termed the ’idleness’, plays
a key role in the design of both types of architectures. This notion of minimizing idleness
was also studied using reinforcement learning methods in [47]. Interestingly, idleness
has also been used to design a pheromone based swarm algorithm, where the evaporation
of pheromones creates an oriented gradient following the chronology of cell visits [4§].
Work by Elmaliach et al. [49] computes minimal cost cycles that visits all the points in
the graph. Further, the proposed solution guarantees that each point is covered at the
same optimal uniform frequency.

Stochastic vehicle routing strategies have the desirable property that an intruder can
not predictably plan a path to avoid surveillance agents. The authors in [20, 50] use
Markov chain Monte Carlo methods to design such surveillance strategies. A thorough
study examining a range of strategies on the spectrum between purely random and purely

deterministic is conducted in [51]. It was found that while deterministic strategies per-
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form better against random attackers, introducing unpredictability increased the capture
rate of intelligent attackers. Minimum hitting time Markov chains have been used in the
design of stochastic surveillance strategies in [52] where a novel convex program formula-
tion of the problem is considered. The notion of group hitting time for multiple random
walkers is used in optimizing transition matrices for multiple agents in [53]. Further,
Markov chains have been used in conjunction with specific notions of intelligent intrud-
ers to design stochastic strategies [54]. In [55] the mean hitting time in conjunction with
multiple parallel instances of the CUSUM algorithm is used to devise a policy which en-
sures quickest average time to detection of anomalies. Finally, the work in [56] formulates
an efficient algorithm based on Markov chains named PATROLGRAPH* which allows

for effective extension to the multi-agent case.

1.2.2 Random walks on graphs

In the setup we consider for robotic surveillance, we model the environment as a
graph and design random walks on this graph. Hence, we briefly review metrics related
to random walks on graphs that are relevant to the design of robotic strategies, namely,
speed of traversal and unpredictability in path. A relevant notion of speed of traversal
of random walks on graphs is the mean hitting time which is the average time taken by
a single random walker to travel between nodes of a graph. The hitting times of a finite
irreducible Markov chain first appeared in [57], however, it was rediscovered for finite
reversible Markov chains in [58]. Several bounds have been obtained for the hitting time
for various graph topologies [59,60]. Many closed-form formulations exist to compute the
hitting time for a single random walker [59] [61] 52]. Another related notion that measures
speed of traversal is that of the cover time which is the expected time taken by random

walkers to hit every node on the graph [58, [62]. Markov chains are excellent tools for
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introducing unpredictability into the motion of surveillance agents. A standard notion of
unpredictability for discrete-time Markov chains is the entropy generated at each timestep
called the entropy rate of a Markov chain [63]. Prior work has studied maximizing the
entropy of discrete-time Markovian evolutions in various contexts [64, 65, [66]. Ekroot
et al. studied the entropy of Markov trajectories in [67], i.e., the entropy of paths with
specified initial and final states.

While the design of surveillance algorithms studied in this thesis are not directly
inspired by biological behavior, the tools utilized in the design of these strategies, i.e.,
Markov chains on graphs, are used in the design of emergent behaviors in robotic swarms.
More specifically, Markov chains on graphs have been utilized in the design of guidance
schemes for large swarms [68], 69, [70] and finding solutions to task assignment problems
in heterogeneous swarms of robots [71]. More broadly, random walks on networks appear
in many areas of research: they are used to describe effective resistance in electrical
networks [72], [73], for link-prediction and information propagation in social networks [74]

75, and in designing search algorithms on networks [76, [77].

1.3 Contribution and organization

There are several contributions of this thesis. In what follows, we detail the contri-
butions of each chapter.

Chapter 2: We introduce a theoretical description that successfully describes the
motion of groups of cells of arbitrary numbers, from single cell motion to the collective
migration of small groups of cells and sheet migrations. First, we derive a novel theo-
retical description of the collective dynamics of groups of cells by balancing the forces
in the system and specifying the dynamics of traction forces (or cell polarization) for

individual cells, accounting for both contact inhibition of locomotion and force-induced
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repolarization. Second, we show that small groups of cells (3 or more cells) display coher-
ent collective behavior despite their effective repulsion during the collision of cells pairs,
with persistence times that depend on the group size. Third, we find an optimal size
for small groups of cells that maximizes the persistence of their coherent motion; this
quantity depends on cellular adhesion and strength of traction forces generated. Fourth,
we show that groups of identical cells can display coherent collective behavior or dispersal
behavior by changing their confinement.

The theoretical description presented in the chapter, albeit 1-D in nature, is the
first of its kind to successfully capture the motion of cells from an individual entity
through to small groups and colonies. This description is obtained from understanding:(1)
the essential dynamics of single cell motion, i.e., random diffusive motion due to the
generation of sporadic ruffling protrusions which decay with a well-defined time-scale,
and, (2) the essential interactions between cells, i.e, the fact that protrusions collapse on
contact with other cells and protrusions are generated in response to pulling forces with
the same characteristic time-scale and an additional force-scale. With this in mind, the
chapter also details how experimental inquiry could be structured to test other predictions
borne of this theoretical description. The most exciting contribution of this chapter is
insight into a long-standing paradox with the cell migration community: how do groups
of cells migrate collectively when experiments on pairs of cells indicate that cells repel
each other upon contact?

In addition, we make a set of predictions: for single cells, the diffusion constant of
cellular movements quadriatically depend on the cell’s traction force; for pairs of cells,
the dynamics of contact-based repolarization are strongly based on the ratio of adhesion
strength to traction force and the ratio of traction repolarization time to mechanical
relaxation time.

Chapter 3: There are several key contributions in this chapter. First, we provide

7
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a set of necessary and sufficient conditions which characterize when the meeting times
between a single pursuer and a single evader is finite for two arbitrary random walks
modeled as Markov chains. To the best of our knowledge the bounds in the literature
were obtained for meeting times between ergodic Markov chains where the meeting times
are guaranteed to be finite. However we extend the notion to generic transition matrices
as opposed to equal neighbor models which are studied in many works, and we discuss at
length when the meeting times are finite based on the existence of walks of equal length
to common nodes. Second, we provide a closed-form solution to the meeting time of two
independent Markov chains by utilizing the Kronecker product of the transition matrices.
Both these results are obtained using a technical approach which takes advantage of the
properties of Kronecker products of graphs. We further use this closed-form expression
to perform comparisons with existing bounds in the literature. Indeed we see that the
bounds are very conservative for most graphs. Third, we provide a set of sufficient
conditions in terms of the absorbing classes of the pursuer and evader chains which
guarantee finite meeting times. Fourth, we extend the treatment to multiple pursuers
and multiple evaders. Finally, we obtain conditions for the meeting times between two
continuous-time Markov chains to be finite and provide closed-form results for this case,
and further extend it to multiple pursuer and evader groups when dictated by multiple
transition rate matrices.

To the best of our knowledge, this chapter provides the first closed-form solutions for
the computation of the meeting time between two Markov chains for both discrete-time
and continuous-time time indices. Two closely related references are as follows: first, a
system of equations for computing meeting times for independent identical random walks
on graphs with irreducible transition matrices, where the transition matrices are limited
to equal-neighbor weights, were obtained using Laplace transform techniques in [78§].

Second, Kronecker products and vectorization techniques have been used to compute the
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Simrank of information networks which has interpretations in terms of meeting times [79)].
Our work is different in several ways. First, we consider absolutely generic transition
matrices which need not be identical. Second, we present expressions here which are
valid for reducible transition matrices. Third, we present meeting time expressions for
the case of multiple pursuers which would correspond to multiple infecting particles
in [78]. Finally, we provide insight into when meeting times are finite by connecting this
notion to the existence of walks on the Kronecker graph.

Chapter 4: This chapter makes contribution to Markov chain theory as well as to
robotic surveillance. First, we show that the novel problem of entropy rate maximization
subject to the fact that it is a random walk on a graph with n nodes and constraints on
the visit frequency to each node is well-defined and is strictly convex. We show that the
unique global solution is indeed an irreducible Markov chain. The irreducibility property
implies that the solution has a well-defined stationary distribution identical to that posed
in the stationary distribution constraint.

Second, as the main contribution of the chapter, we provide an iterative algorithm
with rigorous convergence guarantees to compute an n-dimensional vector, called the so-
called mazxentropic vector. In turn, as a function of this maxentropic vector, we provide
a closed-form formula for the maximum entropy rate Markov chain, referred to as the
mazentropic Markov chain with visit frequency constraints. In other words, we compute
maxentropic chains with arbitrary stationary distributions on a graph with n nodes using
an n-dimensional vector instead of optimizing transition matrices in R"*".

Third, we establish various additional results, including (i) the reversibility of max-
entropic Markov chains with prescribed stationary distributions, (i) a formula for the
maximum entropy rate subject to the constraints, and (iii) an equiprobable path prop-
erty, which, prior to this work, was only known to hold for the maximal entropy random

walk [65]. Additionally, for a few special choices of the constraints, we are able to char-
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acterize interesting special cases. For example, we show that the equal neighbor random
walk on a graph is equal to the maxentropic Markov chain with visit frequency at each
node proportional to the degree of the node.

Fourth, we conduct a careful comparison between our proposed procedure and stan-
dard SDP methods across a range of graph topologies. Specifically, we conduct a worst-
case complexity analysis of our procedure and compare it with interior point methods
used to solve semidefinite programming formulations of the entropy rate maximization
problem. Empirically and analytically, we show that our proposed procedure has signif-
icantly lower runtime than an SDP method to solve the optimization problem.

Finally, we demonstrate some example realizations of these maxentropic chains in
robotic scenarios. A key simulation-based result is that maxentropic Markov chains per-
form better than minimum hitting time Markov chains for the important case of so-called
intelligent waiting intruders with short attack durations. We also conduct simulations on
a partitioned graph with multiple surveillance agents and find that this result appears to
hold for the multi-agent case as well.

Chapter 5: In this chapter, we propose a new metric that measures the unpredictabil-
ity of the Markov chains over a directed graph with travel times. This novel formulation
is of interest in the general study of Markov chains as well as for its applications to
robotic surveillance. The main contributions of this chapter are sixfold.

First, we introduce and analyze a discrete-time delayed linear system for the return
time probabilities of the Markov chains. This system incorporates integer-valued travel
times on the directed graph. Second, we propose to characterize the unpredictability
of a Markov chain by the return time entropy and formulate an entropy maximization
problem. Third, we prove the well-posedness of the return time entropy maximization
problem, i.e., the objective function is continuous over a compact set and thus admits a

global maximum. For the case of unitary travel times, we derive an upper bound for the
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return time entropy and solve the problem analytically for the complete graph. Fourth,
we compare the return time entropy with the entropy rate of Markov chains; specifically,
we prove that the return time entropy is lower bounded by the entropy rate and upper
bounded by the number of nodes times the entropy rate. Fifth, in order to compute
Markov chains with maximum return time entropy numerically, we truncate the return
time entropy and show that the truncated entropy is asymptotically equivalent to both
the original objective and the practically useful conditional return time entropy. We also
characterize the gradient of the truncated return time entropy and use it to implement a
gradient projection method. Sixth, we apply our solution to different prototypical robotic
surveillance scenarios and test cases and show that, for a model of rational intruder, the
Markov chain with maximum return time entropy outperforms several existing Markov
chains.

Each chapter includes an organization subsection which details the structure. As one
might expect the mathematical notation used in describing the theory of cell migration
is different from that of designing surveillance strategies. In the chapters on stochastic
surveillance strategies (chapters , , , we use consistent mathematical notation which

shall be built up over the course of those chapters.
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Chapter 2

Connecting Single Cell to Collective
Cell Migration

2.1 Introduction

2.1.1 Problem motivation

We seek a minimal theoretical description accounting for key phenomenological ob-
servations regarding cell-cell interactions. To this end, we first describe literature which
specifically deals with cell-cell contact and single out two crucial phenomenon which are
observed in multiple experiments. We then describe cells as particles and introduce pair-
wise physical interactions accounting for these phenomenon in a one-dimensional setting
(Fig. 2.1]A). While minimal, the 1D geometry has proven very useful to study collective
cell migration at the experimental level [80, (1], 81], as it simplifies the system considerably

while preserving the essential features of collective cell migration.

2.1.2 Relevant cell-cell interactions

During cell-cell contact, individual cells show very characteristic behaviors. Studies

on the kinematics and physical interactions between two colliding cells have revealed that
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cells retract their lamellipodium upon frontal contact with another cell, a phenomenon
known as Contact Inhibition of Locomotion (CIL) [82 [83] 22, [84]. Studies of CIL have
shown that cell pairs display an effective repulsion upon collision [84] [I], 80, 83] that is
at odds with known coherent collective behavior of groups of cells both in vitro and in
vivo [21, 23]. Recent experiments have shown that cells can display both CIL in collisions
between cell pairs and the formation of coherently moving cells when in larger groups [1],
suggesting that the same underlying mechanism of physical interaction between cells
can give rise to both behaviors. In addition to CIL, recent in wvitro studies indicate
that cells repolarize away from pulling forces transmitted through cadherin-mediated
cell adhesion and stabilize a lamellipodium in the opposite direction to the externally
applied force [85, [86]. This Force-Induced Repolarization (FIR) establishes a mechanical
feedback of cadherin-dependent adhesion forces from neighboring cells on the dynamics
of cell polarization and traction forces. Both CIL and FIR play a major role in collective
cell migration [87) 88, 83], as they couple cellular spatial configurations to the dynamics
of cell traction forces via cell-cell contacts.

Discrete SPP models inspired by flocking or schooling behavior of animal groups can
reproduce coherent collective cell behavior through local velocity alignment rules [42] [43].
These models have been shown to successfully reproduce important features of large scale
collective cell behavior, but do not explain important features of the dynamics of small
groups of cells in which the specific characteristics of cellular interactions, including
behaviors such as CIL or FIR, may play an important role. In general, SPP models
can be used to describe the dynamics of small groups of cells and study the effects of
important cell behaviors and parameters. Indeed, models of SPP have started to explore
the role of CIL in the collective dynamics of cells in 2D, but either focus on large 2D
monolayers or do not account for FIR [89, 90, OT]. It remains unclear how cell behaviors

such as CIL and FIR contribute to collective cell migration, especially for small groups
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of cells, such as those observed in developing embryos or during cancer metastasis.

2.1.3 Organization

The rest of this chapter is organized as follows. In section 2.2 we derive a set of
stochastic differential equations which model the behavior of cells in 1D. In section [2.3]
we simulate the system for groups of varying sizes and describe the observed results. In
section [2.4] we describe numerical methods and statistical quantities used to characterize
the behavior of groups of cells. In section [2.5] we compare the results obtained from
simulations to existing experimental observations. Finally, in section we summarize

the findings of this chapter.

2.2 Theoretical Description

We introduce one of the main contributions of the chapter which is a set of stochastic
differential equations describing the dynamics of motion of individual cells as well as their

contact-based interactions.

2.2.1 Particle-based description of single cell movements

In order to control their movements, cells regulate the forces they apply on their
surroundings. A given cell generates a traction force T that causes its movement. Both
dissipative processes inside the cell and friction with the substrate lead to a friction force
opposing the cell movement which, in its most basic form, reads —&v, with ¢ being an
effective friction coefficient and v the cell velocity. For the specific case of a single cell,
it is instructive to consider also the effect of an external force Flm as previously done

experimentally by applying a controlled force with optical or magnetic tweezers [85, [86].
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Neglecting inertial terms, force balance on the cell reads

—

EG=T + Fop, (2.1)

and specifies the cell velocity ¢ that results from the forces in the system. While the
external force in Eq. is given and fixed, traction forces are generated by lamellipodial
protrusions and therefore controlled by their dynamics. The direction of lamellipodial
extension, and consequently the direction of the traction force f, depends on the direction
of cell polarization as dictated by the intracellular localization of polarization factors such
as RhoA, Cdc42 and Rac [26],92]. In the absence of instructive external cues (biochemical
or mechanical), cells constantly produce lamellipodial ruffles in random directions [92,
93, ©94] that decay over a timescale 7 (protrusion lifetime), which characterizes the
persistence of traction along a specific spatial direction (Fig. ) The timescale 7r
accounts here for the time necessary to repolarize the cell at a molecular level (i.e.,
changing the molecular polarity of the cell) and physically (rebuilding the lamellipodium),
and is therefore associated with the cell (traction) repolarization time. Accounting for
FIR due to an externally applied force [85] 6], the dynamics of traction forces can be
written as -

ar

TT% = _f_TMFemt"i_TRﬁ? (22>

where Fext = ﬁemt / |ﬁemt| is the direction of the applied external force, Ty is the character-
istic force scale of individual lamellipodial ruffling and 7} is a random unit vector, denoting
a delta-correlated white noise with unit variance, namely < n;(t)n;(t') >= 6;;0(t — t').
The force scale Ty, represents the maximal force that a lamellipodium stabilized by the
presence of an external cue can generate (Fig.[2.1B). While we do not consider the effect

of external biochemical cues in this study, including them is straightforward.
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Figure 2.1: Description of the system, interaction forces and phenomenolog-
ical cell behaviors. (A) Schematic representation of cells moving along a 1D strip
(top) and particle-based representation of the system (bottom). Cells can be sub-
ject to adhesion forces (orange), excluded volume repulsion forces (blue) and friction
forces (green), as well as generate traction forces (red). (B) Pairwise interaction forces
fij between cells as a function of their relative distance. Schematic representation of
CIL (C) and FIR (D), leading to an effective repulsion between cells. (E) Schematic
representation of neighbor-enabled repolarization (NER). (F) Schematic representa-
tion of lamellipodial ruffling (right) and a stable lamellipodium (left). (G) Schematic
representation of cellular configurations during collisions and the associated values of
the contact matrix Cj; for each configuration and cell.
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2.2.2 Systems with multiple cells

In a system with N cells (from N = 2 to N — o0), cells apply forces on each other
that affect their dynamics at different levels. Considering the forces that cells apply on

each other, force balance on cell i reads

=T+ F, (2.3)
J#i
where f;z = F4 f(rj;)7j; is the force that cell j applies on cell ¢. From the perspective of
cell i, fj; is thus an external force along the direction 7#;; = (7; — ) /(|7 — 7|), where
7; and 7 are the cells’ positions. In contrast to the constant external force considered
above for the one cell case, the magnitude of the intracellular forces changes with the
cells’ configuration and we assume it depends only on the distance rj; = |7; — ;| between
the cells. More specifically, it is characterized by a repulsive region, accounting for
volume exclusion, and an attractive part, accounting for cell adhesion, with a attractive
force Fa specifying the adhesion strength of the contact between two cells (Fig.
and Methods). We account for the finite size of the cell . by setting a cutoff in the
pairwise interaction force between cells at r;; = €. (f(r) = 0 if r > {.) that prevents cell
interactions if separated by more than the cell size (Methods).
Beyond the direct effect that forces from neighboring cells have on the motion of
a given cell (Eq. , these forces also act as cues for cell repolarization and, as a
consequence, affect the dynamics of the traction force exerted by the cell. As described
above for a single cell, we account for FIR in the dynamics of traction forces, namely

dT,
.
Tt

= T, = Tn Y Cyy O [f(r)] 75 + Tr (2.4)
j#i

where O(-) is the Heaviside function and allows only pulling forces to cause FIR. In
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addition to FIR, it is necessary to account for the effect of CIL (and other contact
or exclusion effects) on traction forces when cells come into contact (Fig. 2.1D-F). We
phenomenologically account for these processes using a contact matrix C;; which we
describe in details below.

When two cells collide, the observed lamellipodial retraction characteristic of CIL
can be mathematically accounted for by expressing the contact matrix C;; as C;; =
(1 -7 -T;)/2 (Fig. ) In 1D, C;; is simply a Boolean matrix with zero values for
configurations in which the lamellipodium frontally contacts the other cell, leading to
lamellipodial retraction, and a value of one otherwise, allowing the formation of the
lamellipodium (Fig. 2.1D,G and Eq. [2.4). Importantly, while we phenomenologically ac-
count for the observed retraction of the lamellipodium upon collision, we do not impose a
repolarization of the lamellipodium away from the contact. We find that this repolariza-
tion, commonly associated with CIL [83] 22], occurs naturally within our description as a
consequence of FIR (Fig. ,E)7 which causes tractions to repolarize away from pulling
forces established between cells upon collision, as suggested in recent experiments [87, [8§].

When N > 2, some cells may be contacted on all sides by other cells (Fig. ,E)
and, according to CIL, these cells would not be able to generate any stable lamellipodium.
However, experimental data from 1D cell clusters and 2D wound healing experiments sug-
gests that cells contacted on all sides can generate cryptic (stable) lamellipodia [, 95 [06].
In wound healing experiments, cells just behind the wound edge (second cell layer) gener-
ate stable lamellipodia in the same direction as that of already polarized cells at the lead-
ing edge. 3D imaging of cells in such expanding monolayers suggests that upon polariza-
tion, cells undergo shape changes that open spaces at their rear end, enabling neighboring
trailing cells to protrude lamellipodia [96]. This effect, which we call Neighbor-Enabled
Repolarization (NER), does not specify the direction of cell repolarization. It instead

permits a cell 7 to protrude a cryptic lamellipodium if the neighboring cell j is polarized
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away from cell ¢ (Fig. ,G). While NER can be simply due to shape changes upon
cell polarization, other biochemical mechanisms can effectively generate the same effect,
as recently proposed [95, 88, 97]. We mathematically account for NER and CIL in the
contact matrix C;; (Fig. ) which, for 1D systems with arbitrary number of cells, can

be written as

1—7“31' ;

k#j,k#1

The movement of each cell in a system with N cells is governed by Egs. [2.3]
and [2.5] Combining these equations and normalizing lengths with the cell size ., forces
with the adhesion force scale F, and time with the timescale 7y = £/./0 associated
with mechanical relaxation, we obtain three dimensionless parameters that control the
dynamical regimes of the system, namely Ty;/Fa, Tr/Fa and 77 /7). The parameters
Ty /Fa and Tr/F4 compare the relative strengths of traction forces generated by stable
lamellipodia and lamellipodial ruffling to adhesion forces, respectively. Finally, the ratio
Tr /Ty compares the repolarization timescale 7 to the time scale 7, that a cell requires

to reach mechanical equilibrium.

2.3 Simulation Results

We study the cellular movements in systems of IV cells by numerically solving Eqgs. [2.3],
and (Methods), as analytical solutions are difficult to obtain due to the highly

non-linear nature of the dynamics.
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2.3.1 Single cell movements

—

In the absence of any external cues (F,; = 0), the cellular movements resulting from
integrating Eqgs. and are ballistic at short time scales (¢ < 7r), with average ve-
locity Tr/€, and diffusive at timescales longer than the traction persistence time scale
77, with diffusion constant D given by D = Ti7r/&%. The timescale of velocity auto-
correlation decay is 7p, indicating that 7 is indeed the persistence timescale of cellular
motion. In the presence of an external pulling force (mechanical cue; F:xt #0), the cell
polarizes away from the pulling force and, at time scales longer than 7, it generates a
traction force —Ths Fiu opposing the external force (Eq. . Force balance (Eq. [2.1))
shows that the average velocity of the cell is 7 = — (T /€)(1 — | Fuge| /Ths) Foat, indicating
that the cell moves away from the pulling force at a speed that decreases linearly with
the applied pulling force, with a maximal velocity Ty, /¢ and a stall force Ty, analogous

to molecular motors.

2.3.2 Collisions between two cells (N = 2)

Most cell-cell collision experiments measure the repolarization probabilities of two
colliding cells at a fixed time after collision and for all possible initial cell-cell configu-
rations before collision, namely front-front (F-F) and front-back (F-B) collisions [, [80]
(Fig. 2.2). Simulations of cell collisions indicate that cell repolarization is always faster
in F-F collisions for any value of the different parameters in the system (Fig. ,B). In
F-B collisions, the trailing cell (F-B) engages in a frontal collision with the leading cell
(F-B), which is contacted at its back end, and always repolarizes faster than the leading
cell, as observed experimentally [1]. When the force of adhesion is larger than the forces
produced by stable lamellipodia (F4 > T)y), cells remain attached to each other after

collision (Fig.[2.2E), with traction forces oriented away from each other (Fig.[2.2]A,C). In
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contrast, when traction forces are larger than adhesion forces (T > Fj), cells separate
shortly after collision and move away from each other (Fig. ,D), with separation
times being similar to the repolarization time scale 7 (Fig. [2.2E). These configuration-
dependent behaviors arise from the combined action of CIL and FIR, which depend on
the mechanical state of each cell configuration.

Comparing published experimental data of repolarization probabilities in 1D collisions
between NRK-52E cell pairs [I] to our theoretical predictions (Fig. and Methods), we
find that the minimal discrepancy is obtained for Ty /T ~2—3 and T4 /Tr ~ 0.8 — 1.1,
indicating that NRK-52E cells generate stable traction forces T, two to three times
larger than adhesion forces F4 and that ruffling forces (Tg) alone are strong enough to

separate the cells (T4 /T ~ 0.8 — 1.1).

2.3.3 Small groups of cells (2 < N ~ 10)

To characterize the collective behavior of small groups of cells (or cell trains), we
first simulate compact groups of identically polarized cells and study their persistence.
When traction forces are larger than adhesive forces (Th; > Fl4), the initially coherent
train starts losing its persistence over a timescale 7, with cells at the trailing end repo-
larizing and detaching from the train (Fig. 2.3A). In contrast, when cell-cell adhesion is
larger than traction (F4 > T)s), coherent cell trains with persistent average cell polar-
ization exist (Fig. [2.3B) over timescales that depend on the number of cells in the train
(Fig. [2.3C). We observe an optimal train size for each ratio Ty;/F4 that maximizes the
persistence time 7, of the train, which can become orders of magnitude larger than 7
(Fig. ) This optimal train size increases for increasing adhesion strength relative to
the cell traction forces (Fig. [2.3D). Despite the existence of CIL, persistent trains with

coherent polarization can exist because of NER. Importantly, the trailing cell in the train

21



Connecting Single Cell to Collective Cell Migration Chapter 2

A E-E C Avg. polarization T'/T); E
- | | 0
o> -1 0 1 0,
-© © Q- 3
= 107 o
£ | 10" g
3 s&“go S
o = & Ed
o © !
5 o8
s 5
5 10° ~
o
Q.
(0]
o
B
2 0.5
E 0.4
o ;
S 0.3
S o
S 0.2
N
© 0.1
o
oy 1
g — 0
50 100 0.1 1 10
t/TT FA/TR

Figure 2.2: Collision dynamics between two cells. Cell repolarization probabil-
ities (A,B) and average trajectories (C,D) of colliding cells after F-F (triangles) and
F-B collisions for both trailing (F-B, squares) and leading (F-B, circles) cells, and
high (A,C; TM/TR = 1,FA/TR = 10) and low (B,D; TM/TR = 10,FA/TR = 1) adhe-
sion levels. Red and blue in (A,C) lines correspond to 77/mpr = 1 and 77/7pr = 10
respectively. Color code in (C,D) shows ensemble average of cell polarization during
collision. Width of trajectory represents cell size £.. The value of 77 /7y = 1 in pan-
els (C,D). (E) Cell separation time (normalized to 7ps) for the different parameters
in the problem. Cell separation times increase sharply, indicating that cells essen-
tially remain attached, when Fy > Tys. (F) Comparison of theoretical predictions to
experimental data in [I]. The measured discrepancy ¢ (Methods) between the exper-
imental data and the theoretical predictions is shown (color coded) for varying values
of Tps/Tr and F4/Tg. Minimal values of discrepancy were found for Ty /T ~2 — 3
and Fu/Tr ~ 0.8 — 1.1. The value of 77/7py = 1 in panels (E,F).
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Figure 2.3: Persistence and dynamics of cell trains. (A, B) Position kymo-
graph of 10-cell trains for low (A; Ths/Fa = 0.2) and high (B; Tas/Fa = 0.8) ad-
hesion levels. (C) Average persistence time of trains for varying adhesion levels:
Ty /Fa = 0.2,0.25,0.8 (red, blue and black, respectively). (D) Optimal train (clus-
ter) size as a function of Ths/Fa. The value of 7p/7a = 10 and Fu/Tr = 10
in panels A,B,C,D. (E, F) Dynamics of train formation as a function of density
(confinement) and 7r/7ps for high (E; Tas/Fa = 0.5, Fa/Tr = 10) and low (F;
Tr/Fa =2,Fa/Tr = 10) adhesion levels.

Chapter 2

always repolarizes away from the average train polarization because of CIL and is dragged

forward by the collective train motion (Fig. [2.3]D), as observed experimentally [1].

Beyond small groups of fixed number of cells, we study the collective behavior of

cells moving along a 1D strip with periodic boundary conditions (ring geometry). In this

case, the behavior of the system depends on the average cell density p = N/./L (with

L being the perimeter of the ring), which parameterizes cellular confinement. If the

adhesion strength between cells is much larger than the traction forces exerted by stably

polarized cells (Fy > Ths), then either one or several groups of cells that move coherently
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dominate the system for almost any value of initial density (Fig. ) In contrast, for
small values of cell adhesion strength (F4 < T)), we find cell dispersal behavior at low
densities, with cells covering the entire length of the track and maximizing their average
distance from each other (Fig. ), a result that could explain cell dispersal behaviors
observed in vivo [98,99]. Even in these low adhesion conditions, cells can form coherent
trains at large densities. These trains are dynamic structures, with cells being added
and removed from the train, but keeping a finite size. This is because at large densities
the typical time scale of adding a new cell to a train can be shorter than the time scale
7r for cells to repolarize and separate from the train. The transition between dispersal
and coherent train formation occurs by solely changing the cell density, even if no cell
parameters (traction, adhesion, polarization time, etc.) are changed. This indicates that
a given cell type can display both dispersal behavior and coherent train formation at

different densities (confinement conditions), as suggested in recent experiments [100].

2.3.4 Large cell colonies (N > 10)

We study large colonies of strongly adhesive cells (F4 > T)) in 1D, as this situation
mirrors sheet migration in 2D wound healing experiments. Cells are initialized in a con-
figuration where they are attached to each other and have random polarizations. In all
cases, cells at the edge develop polarizations away from the colony and start pulling on it.
A polarization wave that propagates from the edge to the interior of the cell colony trans-
fers the forces generated at the edge to cells deep in the colony (Fig. [2.4A). If the buildup
of intercellular forces within the colony exceeds the maximal adhesion force between cells,
the colony breaks, with the highest probability of breakage occurring where the inter-
cellular forces are maximal on average (Fig. ) The possibility of colony breakage

occurs because cells inside the colony can develop cryptic lamellipodia, contributing to a

24



Connecting Single Cell to Collective Cell Migration Chapter 2

- Proliferation + Proliferation

(2]
-

5 0 0 8
4 6
3= , | o
ERY ‘ 20 2Q .
1= o=
5 K
O = 40 40 =
1 -6
2 80 60 8078
z/le z/l;

S [ i

= 0.4

;_;6 o 0.8

5 1.0 Zos6

£* m? =

= e To4

o o

%2 1 5] 0.2

X —

(U b —

20 oM< 0

m 50 40 30 20 10 O 0 20 40 60 80 = 0 10 20

n x/le x/L

Figure 2.4: Expansion of large cell colonies. (A, C) Ensemble average intercel-
lular force kymographs of expanding cell colonies in the absence (A) and presence
(C) of cell proliferation. (B) Probability of colony breakage in the absence of cell
proliferation as a function of the distance from the edge of the colony. (D) Spatial
profile of traction forces from the edge of the colony in the presence of cell prolif-
eration. (E) Ensemble average cell proliferation kymograph showing spatiotemporal
variations during colony expansion. (F) Intercellular force kymograph from a single
simulation run. (G) Ensemble spatial autocorrelation of intercellular force which can
be fitted to an exponential with a characteristic length of 2.8/.. In all cases the value
of TM/FA = 0.25,FA/TR = 10 and TT/TM =0.1.
collective buildup of forces that must be sustained by adhesion at cell-cell junctions. If
cryptic lamellipodia did not exist, only cells at the edge would generate traction forces

and this would not lead to sufficient forces at cell-cell junctions to cause colony breakage
(for strongly adhering cells, i.e., Fx > Ty). While both cryptic lamellipodia and the
generation of traction forces inside the cell colony have been experimentally observed,
colony breakage has not been reported. This can be for a number of reasons that we

discuss in the Discussion section below.

All results above were obtained in the absence of cell proliferation. Since cell pro-
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liferation is present in most experiments on colony expansion [38, [I01], we study the
role of cell proliferation in the propagation of intracellular forces within the colony. To
this end, we simulate the dynamics of the colony as described above, but allowing cells
to divide if the separation between them becomes larger than a critical length ¢, (the
results described below do not qualitatively depend on the choice of ¢;). We find that
proliferation prevents the buildup of large intercellular forces deep in the colony, en-
abling it to continuously grow (Fig. [2.4(C). This effect is equivalent to a fluidization of
the cell colony at time scales larger than proliferation times [102]. Both the traction
(Fig. [2.4D) and proliferation (Fig. [2.4E) spatial profiles decay over just a few cell sizes
from the edge of the colony, as observed experimentally [38]. The penetration (decay)
length scale of intercellular forces and proliferation are considerably larger than that of
traction forces, in agreement with experimental observations [I01]. Importantly, as pre-
viously observed in the expansion of 2D cell monolayers [38], intercellular forces display
large spatial heterogeneities (Fig. [2.4[F). While these inhomogeneities are averaged out
when performing ensemble averages over many simulations (Fig. ,C), they become
apparent for single simulation runs (Fig. ) Calculation of the spatial autocorrelation
function (Fig. [2.4G) and its associated autocorrelation length (Methods) indicate that
the heterogeneities in intercellular forces span a few cell sizes, with the specific size of

the inhomogeneities depending on the parameters of the system.

2.4 Methods

We describe the methods used to conduct simulations of cell movements described by
the theoretical description derived in section 2.2 We also describe statistical quantities

used to describe various features of the simulated collective behaviors.
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2.4.1 Particle-based simulations

Cells are simulated with an intercellular force consisting of a repulsive core up to

(./2 and an attractive region between £./2 and ¢, (Fig. [2.1B). The exact functional form

used is
c <2i—°] — Sin—gg,) when 0 < r;; < 3l./4,
f(ri) =< ¢ <% — 8?—%) U(r;;/le—3/4,1/4) when 3l./4 <r;; <.,
0, when [, <1y,
where

(R
e ((1—(z/a—1>2)> when |z] < a,
U(z,a) =

0 otherwise
is a bump function which is smooth at a, hence guaranteeing that f(r;;) is smooth when
7ji = l.. The constant c is chosen such that maxo<, <, f(r;:) = 1. Eq. is solved using
an explicit Euler scheme, and the stochastic differential equation associated with the
generation of traction, Eq. , is solved using the Euler-Maruyama method [103]. The
timesteps of simulation were chosen adaptively based on the parameters of the system.

All simulations were performed with custom computer codes.

2.4.2 Simulations of collisions between two cells

Repolarization probabilities (Fig. 2.2A,B) were obtained by computing repolariza-
tion times in 25000 instances of collisions in a 1D box of length 100¢.. The repolarization
time is computed as the difference between the instant at which a cell is within ¢, dis-
tance of the other cell, and the instant at which it switches direction, as defined by a

change in sign of its traction. To guarantee that repolarization was not transient, the
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direction of traction was tracked for a time 7 after switching direction and only events
in which the sign of traction did not revert were taken into account. Trajectories are
mean displacements over 25000 instances of collisions, starting with tractions Tj,/2 for
head-on collisions and tractions 37%/4, Th/4 for rear-end collisions. Since we average
many simulations for each set of parameters (ensemble average), error bars associated
to simulation results are very small and not shown; simulation results are plotted as
continuous or dashed lines (Fig. 2.2A,B,C).

The average separation times for each combination of Ty, /T and Fx/Tr (Fig. )
were computed as the ensemble average (N = 10?) of the time required for two cells to
separate. Cells were randomly initialized at a distance between 0.4/, and 0.6/. and the
simulations were terminated after 107, timesteps. If cells were still attached at that
point, their separation time was set to 10%7;.

To calculate the difference between experimental data from Ref. [I] and theoretical
predictions (Fig. ), we first simulated 2500 instances of F-F, F-B, F-B collisions
between two cells for different values of the parameters Ty /Tg and Fa/Tg (and fixed
7r/7u = 0.1) and obtain the cumulative repolarization probabilities P (¢), Pgim(t) and
Pgi(t) as a function of these parameters (using the same procedure as described above;
Fig. ,B). The superscript sim refers to the fact that values were obtained from sim-
ulation. While in our simulations the cumulative repolarization probabilities depend on
time, the experimental data from Ref. [I] reports the repolarization probability 2 hours
after cells collided. Since neither of the timescales 7 or 7, are explicitly known for
NRK-52E cells [I], the comparison of our simulation results to the experimental data re-
quires comparing simultaneously at least two collision types, as for a single collision type
it is always possible to find a time in the predicted cumulative repolarization probability
that matches the experimental value of the repolarization probability. When comparing

simulations and experimental data for two or more collision types simultaneously, there
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are enough constraints to make the comparison meaningful. For this reason, we com-
pare simultaneously the three collision types (F-F, F-B, F-B) and define the measure of

discrepancy between experimental and theoretical values, 4, as

S(Fa/Tr, T/ Tr) =

ming | { (P — PR (1) (Pi — BEg (D) | (Pelh — PRg(1))? }
3 V(P + PEg (D) (Pep + PR (t)?  (Pelg + PRg(1)? J

t

where the values PR'F, Pr'g and Pg g are the probabilities of repolarization 2 hours after
collision, for each type of collision, reported in Desai et al. [I], namely: Ppf ~ 0.87,
PEg ~ 0.18 and Pp’h ~ 0.59. The measure ¢ finds the time for which the discrepancy
between theory and experiments is minimal and reports, for each value of the parameters

Thi/Tr and Fa/Tg, such discrepancy 6, which is shown in Fig. 2.2F.

2.4.3 Simulations of groups of cells

To obtain position kymographs and train persistence times, the cells were initialized
with identical tractions T, spaced at a distance of 0.5¢.. The persistence time 7, corre-
sponds to the time until either breakage or repolarization of the train occurs, i.e., when
the distance between adjacent cells in the group becomes larger than /., or the time at
which the cluster reverses direction, namely ZZT; < 0. The position kymographs and
persistence times correspond to ensemble averages obtained from 10* runs. Dynamic
train formation is computed by simulating N cells in a 1-D box of length 102/, with peri-
odic boundary conditions (equivalent to a ring geometry). The fraction of cells in trains
were determined as the cells existing in clusters of length greater than 2 cells as compared
to the total number of cells. The system was simulated for times 10° max{rr, 7ps} and

was repeated for 10000 instances. Train fractions were obtained as ensemble averages of
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the ratio of the mean number of cells in trains to the total number of cells.

2.4.4 Simulations of cell colonies

In all cases, 10? cells were initialized in close proximity, with the distance between
neighboring cells randomly chosen between 0.4/, and 0.6/.. To quantify colony breakage,
the cell position where the distance to neighboring cells exceeds /.. is noted as the point of
breakage. Breakage probabilities are breakage frequencies from 10* runs. Cell division is
modeled as the inclusion of a new cell at the midpoint of the segment joining the centers
of two adjacent cells whose distance has exceeded 0.75¢.. The newly formed cell starts
with no traction. The parameter T);/Fy4 is chosen as 0.25 to mimic colony expansion
in cell types with high adhesion (e.g., MDCK cells). Intercellular forces (Fig. [2.4A,C),
breakage probabilities (Fig. [2.4B), traction profiles (Fig. [2.4D) and proliferation rates
(Fig. [2.4E) correspond to ensemble averages over 10000 runs. The intercellular forces
in the kymograph of Fig. were obtained using a single simulation run of the same
system.

The spatial autocorrelation function was calculated as

C(lzo — 2l/lc) =

1 ﬁ: S (F9 (o /ley t/1ar) = < fO (wo/le) >)(F W (@/les t/Tar) = < fO (/1) >)
N (O (o /Loy t)Tar)— < fO(m0/1e) >)?

Y

where f)(x,t) refers to the intercellular force at position z at time ¢ from the i** simu-
lation run and < f®(x) > refers to the time average of the intercellular force at position
x for the i'" simulation run; z, was chosen to be 25/, from the middle of the colony;
tmax, Which is the maximum simulation time, was chosen to be 5007;,; and N = 100 is

the number of ensembles over which the autocorrelation function was computed. The
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exact position of xy in the colony does not affect the value of the autocorrelation function

obtained.

2.5 Discussion

At the single cell level, our predictions of diffusive movements at time scales longer
than the traction persistence time, are in good agreement with experimental observations
showing diffusive cell movements at long timescales [104, [105]. Our results predict that
the diffusion constant of cellular movements depends quadratically with the cell’s trac-
tion force. This prediction could be experimentally tested by measuring the magnitude
of traction forces using traction force microscopy while monitoring cellular movements.
In addition, the predicted dependence of the cell velocity on an applied external force
can potentially be measured using magnetic tweezers in a similar way as in previous
experiments [86].

Beyond single cell movements, the observed behaviors in collision experiments on
CIL [87, 80, 1] arise naturally in our description if both CIL and FIR are taken into
account. Importantly, in the theoretical description presented above, CIL involves only
lamellipodial retraction but does not impose repolarization away from contact; repo-
larization is a consequence of the pulling forces acting on the cell via FIR. While it is
typically assumed that CIL involves repolarization, our description highlights the impor-
tance of considering the separate effects of lamellipodial retraction and force-dependent
repolarization, as suggested by recent experimental results [82], 87, [88]. Indeed, some
cell types show lamellipodial retraction upon contact, but no repolarization |82} [106), [84].
Our predictions indicate that the dynamics of repolarization, characterized by the cumu-
lative probability of repolarization (Fig. , are very different for distinct collision types

and depend strongly on parameters such as adhesion strength or traction force (T;/F4)

31



Connecting Single Cell to Collective Cell Migration Chapter 2

as well as the traction repolarization time and the mechanical relaxation time (77 /7).
These parameters can be experimentally varied using drugs targeting force generation or
cell adhesion, and the dynamics of cell polarization could be monitored with polarization
markers. Having a quantitative understanding of the behavior of cells during collisions
would considerably help understand their behavior in larger groups.

Several experimental works have shown that coherently moving cell groups emerge
even for cells types that display repulsion upon collision [22] [I]. Our theoretical predic-
tions indicate that this phenomenon can be explained by a stabilization of lamellipodia
enabled by neighboring polarized cells (NER) through either physical or biochemical
mechanisms. In the absence of NER, our analysis predicts that no coherently moving
cell groups can exist, as CIL prevents their formation. Since NER is directly related to
the existence of cryptic lamellipodia, experiments exploring the physical and biochem-
ical cues enabling cells to generate lamellipodia when contacted on all sides may help
understand their collective behavior. In particular, experiments to characterize how po-
larization of cells affects the ability of their neighbors to polarize and generate cryptic
lamellipodia may help understand the role of NER.

We find an optimal group number that maximizes migration persistence of small
groups of cells (Fig. 2.3C,D), which could explain why collective migration of small cell
groups is often observed in developing embryos [14], 21 23] and cancer metastasis [25].
This prediction can directly be tested in 1D systems by measuring either switches in the
direction of group motion or group breakage for groups of cells of different numbers (no
cell proliferation) and for different cell adhesion strength. Our results also indicate that by
varying the cell density alone (or confinement), with no changes in cell specific parameters
(for a given cell type), both coherently moving cell trains or cell dispersal behavior can be
observed (Fig. ,F). These predictions suggest that several experimentally observed

behaviors [100], O8], 9], such as cell dispersal and coordinated group migration, can be
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achieved by varying cellular confinement. We also find that, in addition to cell density,
cell specific parameters can control the ability of cells to form coherently moving groups or
disperse (Fig. ,F ). Experiments to test these results could be realized in 1D systems
by controlling the cell seeding density and monitoring cellular movements in the absence
of cell proliferation.

Beyond small groups, we find that in the absence of cell proliferation, large cell
colonies break up into smaller groups as a consequence of large intercellular forces that
build up within the colony. However, colony breakage has not been observed in 2D
cell monolayers in the absence of cell proliferation. Since colony breakage occurs in our
simulations when intercellular pulling forces become larger than the cell-cell adhesion
strength, it is conceivable that the cells used in many of these experiments (such as MDCK
cells) adhere so strongly to each other that breakage is never observed. Our predictions
indicate that lowering mildly the adhesion strength between cells should enable portions
of the colony located close to the migrating edge (where intercellular forces are predicted
to be largest) to break off. Another possibility is that colony breakage is an effect observed
only in 1D geometries, as in 2D cell monolayers, the larger number of neighbors per cell
may be able to sustain the forces that build up within the monolayer and help prevent
breakage. Our results show that, at least in 1D, the presence of cell proliferation can help
avoid colony breakup by preventing the buildup of large intercellular forces. While the
1D system studied here is not equivalent to a 2D cell monolayer, the predicted profile of

cell proliferation is in agreement with previous experimental observations [101].

2.6 Summary

We presented a theoretical description of cell migration that accounts for known indi-

vidual cell behaviors, such as CIL and FIR, and is able to reproduce the motion of a single
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cell, two cell collisions, small groups of cells and large colonies. This description provides
a unified framework to connect a large number of experiments in different conditions and
with different cell types. Moreover, it allows a direct connection between specific molecu-
lar perturbations in cell adhesion, cell polarization, the generation of traction forces and

mechanical feedback, and predicts their effect on collective cell migration.
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Chapter 3

The Meeting Time of Random
Walks

3.1 Introduction

3.1.1 Problem description and motivation.

In this chapter, we examine the meeting time between two groups of random walkers.
This problem is motivated by a group of pursuers trying to intercept a group of evaders.
The meeting time, in the context of this chapter, describes the average time till a first
encounter occurs between one of the pursuers and one of the evaders given initial positions
of the pursuers and the evaders. This notion of two adversarial mobile groups wherein
one of the groups is trying to intercept members of the other group appears under several
names: pursuit-evasion games [107], predator-prey interactions [108], cops and robbers
games [109] and princess-monster games [I10]. Our primary motivation is the design
of stochastic surveillance strategies for quickest detection of mobile intruders. Single
and multi-agent surveillance strategies appear in environmental monitoring [111], 112],
minimizing emergency vehicle response times [113], traffic routing and border patrol [114]
115]. Aside from our proposed application to stochastic surveillance, the meeting time

has direct applications to information flow in distributed networks [I16], self-stabilization
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Figure 3.1: Multiple pursuers (green) and multiple evaders (red) performing random
walks on a digraph.

of tokens [117] and measuring similarity of objects [118].

3.1.2 Applications of meeting times in various contexts

Early interest in meeting times was motivated by applications to self-stabilizing token
management schemes [I19]. In a token management scheme, only one of the many
processors on a distributed network is enabled to change state or perform a particular
task, and this processor is said to possess the token. If two tokens meet then they
collapse into a single token. Israeli and Jalfon suggest a scheme in which the token is
passed randomly to a neighbor [I17]. In a general connected, undirected, n-vertex graph
they were able to obtain an exponential bound for the meeting time of two tokens in
terms of the maximum degree and the diameter of the graph. Coppersmith et al [120]
improved the bound to be polynomial in the number of nodes by bounding the meeting
time in terms of the pairwise hitting time from the starting nodes of the tokens to hidden
vertices. In [120, 117, 119] the notion of the meeting time involves the tokens being moved
asynchronously by an adversary whose objective is to maximize meeting time by playing
only one of the two tokens. Bshouty et al [121] obtain a bound on the meeting time of
several such tokens in terms of the meeting time of two tokens. Bounds for meeting times

of two identical independent continuous-time reversible Markov chains in terms of the
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pairwise hitting times of the chain are mentioned in the work by Aldous [122]. Several
variations of “cat-mouse” games are discussed in [123] wherein bounds are obtained in
terms of the pairwise hitting time or the variation-threshold time (a measure of rate of
convergence to stationary distributions) depending on the Markov chains being discrete-

time or continuous-time.

3.1.3 Organization.

This chapter is organized as follows. In Section we introduce notation that is
used throughout the chapter and review useful concepts. In Section we introduce
our formulation for the meeting times of pairs of Markov chains, and also define sets
of pairs of matrices for which finite meeting times exist. In Section we extend the
notion of the meeting time to multiple pursuers and evaders. In Section we obtain
closed-form expressions for continuous-time Markov chains. Finally, in Section we

present conclusions.

3.2 Notation and review of known results

In this section we define various useful concepts and notation. We provide an overview
of some facts and known results on Markov chains and the Kronecker product of Markov
chains, while also introducing notation that will be used throughout the chapter to deal

with vectors and matrices, and random walks on graphs.

3.2.1 Markov chains.

A Markov chain is a sequence of random variables taking value in the finite set

{1,...,n} with the Markov property, namely that the future state depends only on the
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present state.

Let X, € {1,...,n} denote the location of a random walker at time k € {0,1,
2,...}, then a discrete-time Markov chain is time-homogeneous if P[ X, = j| X, =
i| = PIX,, = j|Xn-1 =14 = pij, where P = [p;;] € R"" is the transition matric
of the Markov chain. By definition, each transition matrix P is row-stochastic, i.e.,
P1l, = 1,. The period of a state is defined as the greatest common divisor of all ¢ such
that {t > 1|P[X; = i|Xo = 7] # 0}. A state whose period is one is referred to as
an aperiodic state. It can be shown that in a communicating class(defined below) all
states share the same period. For more details on discrete-time Markov chains refer [124]
Chapter 8].

Let X; € {1,...,n} denote the location of a random walker at time ¢ € R, then a
continuous-time Markov chain is time-homogeneous if P[X, ,, = j| X, = i] = pj ; for all
t > 0,t >0, where P(t) = pi; € R™™ is the transition matrix of the Markov chain.
The evolution of the continuous-time Markov chain is determined by the solution to the
first-order differential equation P'(t) = P(t)Q, where P(t) = pi; and Q is a transition
rate matriz which satisfies Q1,, = 0,,. For more details on continuous-time Markov chains
refer [125, Chapters 2 & 3]. A continuous-time Markov chain is said to be ergodic if it is
irreducible.

Consider two states ¢ and j belonging to a Markov chain. We say ¢ communicates
with j if pj; # 0 for some ¢ > 0. For a subset of states X C {1,...,n}, we say that
X forms a communicating class if for every state i, j € X the states communicate with
each other, i.e P[X; = j| Xo =] # 0 and P[X, = i| Xy = j] # 0 for some t,t' > 0. An
absorbing class A of a Markov chain is a communicating class such that the probability of
escaping the set is zero, i.e p;j =0forallt>0foralliec A j¢ A If acommunicating
class is not absorbing, then it is called a transient class. In general, a Markov chain

will have multiple absorbing and transient classes. If a Markov chain has only a single
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absorbing class then it is referred to as a single absorbing Markov chain.

For any two start nodes ¢, j, the first hitting time from node i to node j, denoted by
T j, is the first time that a random walker reaches node j starting from node ¢. More
formally,

T;; = min{t > 1| X; = j given that X, = i}.

Note that the first hitting time can be infinite when the Markov chain is reducible but
is always finite when the Markov chain is irreducible. The hitting time between nodes
i and j is given by h;; = E[T;,;]. If a Markov chain is single absorbing, then a unique
stationary distribution 7 exists. The vector m# € R™*! is a stationary distribution of a
discrete-time Markov chain with transition matrix P if > ;7 =1 and 7' P = 7" and
of a continuous-time Markov chain with transition rate matrix @ if > . ,m = 1 and
7'Q = 0. A Markov chain is irreducible if the absorbing class is the entire set of states
{1,...,n}. A discrete-time Markov chain is said to be ergodic if it is irreducible and

aperiodic.

3.2.2 Matrix notation.

We use the notation A = [a;, ;... t0 denote the matrix generated by elements
@iy ..y j1...jm» Where the rows of A are determined by cycling through indices 7; followed by
7;—1 and so on until 71, and the columns of A are determined by cycling through indices
Jm followed by j,,—1 and so on until j;. For example, consider iy, iy, j1,jo € {1,...,n},

then
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11,11 Q11,12 --- Q111 Q41121 --- Qllnn
12,11 Q12712 ... Q121n A1221 ... A12nn
A= [ai1121j1j2] = A1n11  Ainja2 -+ Qlnidn  @1n21 --- Alnnn
G21,11 G2112 ... QA211n 42121 --- A2l nn
Qpn,11 Gpn,12  --- Quniln Ann21 -+ Auonn

For the case where A = [a; ;] this corresponds to the classic interpretation with element
a;; in the i-th row and j-th column of A. We use the notation diag[a] to indicate the
diagonal matrix generated by vector a and vec(A) to indicate the vectorization of a matrix
A € R™™ where vec(A) = [A(1,1),...,A(n,1),A(1,2),...,A(n,2),...,
A(m,1),...,A(n,m)]". In other words, even if we define A as A = [a;,;, j,j,], the vector
vec(A) = vec([aiyiy,j5,]) 18 simply a stacking of the columns of A.

Let I, € R™" denote the identity matrix of size n, 1, € R™*! denote the vector of
ones of size n, and €;,€,,...,€, € R™! denote vectors with unity in the row indicated

by the subscript. We define a generalized Kronecker delta function d;,i, i, j1js...j,» DY

1, if 31U, m’ such that iy = j, forany 1 <I' <[,1 <m' <m,
0;

1edp,J1020m

0, otherwise.

We use the subscript p, e or superscript (p), (e) to delineate between quantities associated
with pursuers and evaders.
We are now ready to review some useful facts about Kronecker products. The Kro-

necker product, represented by the symbol ®, of two matrices A € R™™ and B € R?*"
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is an ng X mr matrix given by

aLlB ce (leB

A®B =

an,lB e &n,mB

The Kronecker product is bilinear and has many useful properties, two of which are

summarized in the following Lemma; see [126], Chapter 4] for more information.

Lemma 1 (Properties of the Kronecker product) Given the matrices A, B,C and

D, the following relations hold for the Kronecker product.
(i) (A® B)(C® D) = (AC)®(BD),
(ii) (BT @ A)vec(C) = vec(ACB),

where it is assumed that the matrices are of appropriate dimension when matrix multi-

plication or addition occurs.

3.2.3 Markov chains on graphs.

In this chapter, for discrete-time Markov chains we consider weighted digraphs G =
(V, E, P) with node sets V := {1,...,n}, edge set E C V x V, and associated transition
matrix P = [p; ;] with the property that p; ; > 0if (¢, j) € £ and p; ; = 0 otherwise. The
weight of the edge (i,7) is interpreted as the weight associated with the probability of
transition from node i to node j. The nodes of the graph are equivalent to the states of
the Markov chain. We say there exists a walk of length ¢ from node i; to node 7, if there
exists a sequence of nodes iy, ..., 4o such that p; ;, ., >0for 1 <k </{—1.

In this chapter, for continuous-time Markov chains we consider weighted digraphs

G = (V,E,Q) with node sets V := {1,...,n}, edge set £ C V x V, and associated
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transition rate matrix @) = [Q; ;] with the property that ¢;; > 0 if (¢,j) € E, ¢;; =0
otherwise and ¢;; = — >y ¢ij- The weight of the edge (i, j) is interpreted as the rate of
transition from node i to node j. One could also look at the entry —1/¢;; as the average
time at which the walker leaves node i and 1/g; ; as the average time for a jump from
1 to j. We say there exists a walk from node i; to node 7; if there exists a sequence of
nodes 4y, ...,7,—1 such that ¢; ;,, >0for 1 <[ </ —1.

The following lemmas are used in the proofs of the main results introduced in this

chapter.

Lemma 2 (Convergence of substochastic matrices) Let P € R"*" be a substochas-
tic matrix with at least one row-sum Z;.Lzl P, ; < 1. If for every node there exists a walk

to a node with row-sum less than 1, then P is convergent.

Lemma 3 (Existence of walks on Kronecker products) Let P, P,,..., Py € R™"
be stochastic matrices. If there exists a walk from i1 — j1 in Py, 15 — jo in Py, ...,

and iy — jny in Py of equal length, then there exists a walk from (iy,is,...,iy) to

(J1:J2s -5 Jn) M PL@ P, ®...® Py.

Note that the Kronecker product of two Markov chains on a graph can be interpreted as
a single Markov chain on the Kronecker product graph [127]. This property of random
walks on graphs enables a direct translation of the notion of meeting time of multiple
random walkers on a single graph to that of the hitting time of a single random walker

on the Kronecker product graph.

3.3 The meeting time of two Markov chains.

In this section, we formulate and study the meeting time between two discrete-time

Markov chains.
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3.3.1 Main result

Consider the pursuer and evader performing random walks on a set of nodes V :=
{1,...,n} with digraphs G, = (V, E,, P,), Ge = (V, Ee, P.), edge sets E,, E. CV x V,
and transition matrices P,, P,. The matrix P, satisfies pg;) > 0if (¢,7) € E, and pl(-z) =0
if (i,7) ¢ E,. Similarly P, satisfies similar properties to be a well-defined transition
matrix on G..

Let Xt(p), Xt(e) € {1,...,n} be the location of the two agents at time ¢ € {0,1,2,...}.
For any two start nodes i, j, the first meeting time from ¢ and j, denoted by T ;, is the
first time that both random walkers meet when starting from nodes i and j, respectively.

More formally,
T,y =min{t > 1| X = X given that X{” =i and X\ = j}.

Note that the first meeting time can be infinite. It is easy to construct examples in which
the two agents never meet. Let m; ; = E[T; ;] be the expected first meeting time starting
from nodes ¢ and j. For the sake of brevity, we shall refer to the expected first meeting

time as just the meeting time.

Theorem 1 (The meeting time of two Markov chains) Consider two Markov chains
with transition matrices P, and P. defined on a digraph G with nodeset V = {1,...,n}.

The following statements are equivalent:
(1) for each pair of nodes i,j, the meeting time m;; from nodes i and j is finite,

(ii) for each pair of nodes i,j, there exists a node j and a length ¢ such that a walk of

length { exists from i to k and a walk of length ¢ exists from j to k,

(ii) for each pair of nodes i,j, there exists a walk in the digraph associated with the

stochastic matriz P, @ P, from (i,j) to a node (k, k), for some k € {1,...,n}, and
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(iv) the sub-stochastic matriz (P, ® P.)E is convergent and the vector of meeting times

15 given by
vec(M) = (I — (P,® P)E) 1,2, (3.1)

where M € R™™ qnd E € R"™*" is q binary diagonal matriz with diagonal entries

1,2 — vec(1,).
Proof: For the nodes ¢ and j, the first meeting time satisfies the recursive formula

L, WD S PP
T, =

Tk1,h1 +1, w.p. pz klpg hlukl # hy.

Taking the expectation we have

TJ]:ZP’E};C)ka—’_ Z pzklpjh1 Tkhhl]—}_l)?
k ki1#h1

=2 i+ D PP BT )

k1 hi k1#h1

=1+ > i pinElTum ).
k1R

Let m; ; = E[T; ;] for every i,j € {1,...,n} and let M = [m,;]. Note that the entries of

M can be written as

=1+ Z pgl;c)lp] hy k1 ,ha s

k1¢h1
n n
= mi; =1+ Z Py 1 Z mkl,hlpg',ef)“ - Zpg,plfpf;imk,k,
k1=1 h1=1 k=1

— M =1,1 + P,(M — My)P/,
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where M,; € R™" is a diagonal matrix with only the diagonal elements of M . We have
used the property that (ABC);; = >, Aix Y_; Br,Ci; to obtain the equation in matrix

form. Rewriting the equation in vector form and using Lemma [1| gives

vec(M) = 1,2 + (P, ® Pe)(vec(M) — vec(My)),
vec(M) = 1,2 + (P, ® Pe) (1,2 — vec(I,,)) vec(M)

vec(M) = 1,2 + (P, ® Pe)E vec(M)

If the matrix I,,» — (P, ® P,) E is invertible then we have a unique solution to the meeting
times. We shall now show that the finiteness of meeting times as in () is equivalent to
the existence of walks of equal length to common nodes as mentioned in (ii) and in (i),
which guarantees invertibility of 1,2 — (P, ® P.)E in (iv).

We start by proving that (i) = (i7). If we assume that (i) =~ (ii), then there
exists a pair of nodes ¢ and j such that the meeting time is finite and there exists no
walk of equal length to any node in V. However if there exists no walk of equal length
to a common node, then the agents never meet and the meeting time is always infinite.
Hence by contradiction (i) = (i4).

Next, we show that (i7) <= (i7i). The Kronecker product of the transition matrices
gives a joint transition matrix for the agents over the set of nodes V' x V. The (i, j) entry
of the matrix P, ® P, corresponds to the states X®®) = j and X = j [128]. The
statement (i) ensures the existence of a node k for every pair (i, j) which is reachable by
a walk of equal length from ¢ in P, and j in F.. This condition is equivalent to the node
(k, k) being reachable from the pair (i, 7) on the Kronecker product of the two Markov
chains [129, Proposition 1].

Next, we show (i4i) = (iv). The stochastic matrix P, ® P, has a walk from any

node (4, j) to some node (ky, hi) where P[X®) =k, X(©) = k| X®) =k, X(© = h;] # 0 as
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CC Pone—ergodic Q 7)SA-overlap ) Pall-overlap ) Pﬁnite

Figure 3.2: Sets of pairs of transition matrices with finite meeting times.

there exists a walk (7, 7) — (k, k). Note that post-multiplying the square matrix P, ® P,
by E corresponds to setting the columns associated with nodes of the form (k,k) to
0,2. Thus the row associated with (k, h) has row-sum less than 1. Therefore every node
(,7) has a walk to a node whose row-sum is less than 1 which implies that the matrix
(P, ® P,)E is convergent by virtue of Lemma [2|

From this we obtain equation (3.1). Since (iii) guarantees the existence of (I,2 —
(P,® P,))~', we prove that (iii) = (iv).

Note that the existence of vec(M) in (iv) gives (iv) = (i). Thus we have shown
that (i) = (i) <= (ii) = (iv) = (i). Hence the four conditions are
equivalent. [ |

The above necessary and sufficient conditions give the most general set of pairs of
matrices for which finite meeting times exist. These conditions are in practice difficult to
use for designing transition matrices. Hence, we introduce a few sets of pairs of matrices

for which the meeting times are guaranteed to be finite.

3.3.2 Sufficient conditions for finiteness.

Consider the following sets of pairs of matrices:

Phinite: finite meeting times. Let Pgnite be the set of pairs of transition matrices P, P,
satisfying the conditions stated in Theorem (1| and therefore having finite meeting

times.
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Phall-overlap: Markov chains with all-to-all overlapping absorbing classes.
Let Palloverlap be the set of pairs of transition matrices P,, P, with the following
property: P, has multiple absorbing classes AP AP AP with associated peri-

ods d, dgp), ...,d® and P, has multiple absorbing classes AP, Age), . AY with

associated periods d\”,d¥, ... d\ and foreach ¢ € {1,...,q} and+’ € {1,...,r},
() (e) () 4(e)y _
Ay NAY # ¢ and ged(dy,”, d,) = 1.

PsA-overlap: single absorbing Markov chains with overlapping absorbing
classes. Let Psaoverap be the set of pairs of transition matrices P,, P, with the
following property: P, has a single absorbing class AP) with period d®, and P, has
a single absorbing class A with period d®, and A®)NA®) £ ¢ and ged(d®), d®) =
1.

Pone-ergodic: one ergodic Markov chain. Let Pope-ergodgic be the set of pairs of transi-

tion matrices F,, P, such that one of the matrices P, or P, is ergodic.
Given the above definitions the following theorem holds.

Theorem 2 (Sufficient conditions for finite meeting times) The sets of pairs of

transition matrices Phnite, Pall-overlaps PSA-overlaps Pone-ergodic Satisfy

(Pone—ergodic U PSA—overlap) C 7Dall—overlap C 7Dﬁnite-

Proof: Before we prove the statement in the theorem we prove a minor result. Con-
sider two Markov chains, each with transition matrices P, P, € R™*" defined on a digraph
G with nodeset V = {1,...,n}. Let the absorbing classes of P, be AP AP AP with
periods d(lp), dép), e dﬁ,p) respectively, and let the absorbing classes of P, be Age), Aée), e AL
with periods dge), dé‘”, ..., d" respectively. If there exists an absorbing class AEII,’) in P,

and A in P, such that Aff,)) NAY +£ ¢ and gcd(dg,)), d)) = 1, then there exists a walk
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Figure 3.3: The pursuer-evader pair in (7) has finite meeting times as every node has

a walk to the common nodes (1, 1) and (2, 2) in the Kronecker graph. However, in (i7)

there exists no walks to common nodes from (1,2) and (2,1).
from all pairs (4, 7), where i is any node from which there exists a walk to A((;)) and j is
any node from which there exists a walk to Aff), to a node (k, k) in the digraph associated
with the transition matrix P, ® F.

The proof of this result is as follows. Since A((;) N A,(ﬂef) # ¢ there exists at least one
node k which is accessible from both ¢ and j. Since k belongs to the absorbing class A((f),
starting from the node 7 there exists all walks of length uldéf)) + v1 to the node k for all
uy > Uy, for some U; € N sufficiently large and some v; € N such that 0 < vy < d((;,)).
Similarly, since k£ also belongs to the absorbing class AS), starting from the node j there

exists all walks of length UQdS) + v to the node k for all us > Us, for some U; € N
d(p) d(e)

q Y

sufficiently large and some vy € N such that 0 < vy < dff). Since ged( ) =1 we
can always find u; and us such that uld((f,)) + v = uzdg)) + v9. Thus there exists a walk
of equal length to the node k from both ¢ and j which ensures that (k, k) is accessible
from (3, 7).

To prove Papoverlap C Phnite We utilize statement (4i7) in Theorem (1| to show that

for every pair of nodes (i,7), where i, j are nodes in the Markov chain associated with

P,, P., there must exist a walk to a common node of the form (k, k). Consider a pair
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of Markov chains (Fp, Pe) € Pailoverlap- Lhe states of the Markov chain associated with
the transition matrix P, can be split into a set of absorbing classes Aﬁp), Agp), e ,AS,")
and transient classes T, 7" .. T®_ Similarly for the Markov chain associated with

P., the states can be split into a set of absorbing classes Age), Age), ..., A" and transient

classes T' 1(6), TQ(B), cee Tt(e). We begin by first proving the case for pairs of states belonging
to (1) the absorbing classes of both chains, (2) the transient classes of both chains, and
finally, (3) transient states of one chain paired with absorbing classes from the other
chain.

Now we will use this result to prove Paiioverlap C Phinite- We shall show that for pairs of
matrices belonging to Paioverlap the meeting times are finite by concluding that statement
(737) of Theoremis satisfied. Consider a pair of Markov chains (P,, P.) € Paioverlap- Lhe
states of the Markov chain associated with the transition matrix P, can be split into a set
of absorbing classes A, AP A% and transient classes TP, 74P, ..., 7. Similarly
for the Markov chain associated with P,, the states can be split into a set of absorbing
classes A9, AL A and transient classes T\, T3, ... T\, For statement (iii) in
Theorem |I|to be satisfied, for every pair of nodes (i, j), where 7, j are nodes in the Markov
chain associated with P,, P., there must exist a walk to a node of the form (k, k). To
do so we shall initially consider pairs of states belonging to the absorbing classes of both
chains, followed by the transient classes of both chains, and finally, transient states of
one chain paired with absorbing classes from the other chain, and show that in each case
we show a common node exists to which there is a walk of equal length using the proven
result.

First, consider nodes (i, j) such that ¢ belongs to an absorbing class Ag’) where ¢’ €
{1,...,q} and j belongs to an absorbing class Afff) where 77 € {1,...,r}. By definition,
every node in an absorbing class has walks to every other node in its class. Paioverlap

gives that A((;,)) N AS) # ¢ and gcd(dg’), dff)) = 1. Hence the provisions for the result are
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Figure 3.4: The periods associated with the pair of Markov Chains shown here are
not co-prime; B, is a period 4 chain and F. is a period 2 chain. However, the meeting
times are finite as they satisfy conditions in Theorem

satisfied for nodes (i, j) € A((f) X Aff) as Al(f) N AS) # ¢ and gcd(dfﬁ), dff)) =1 for every
¢ €{1,...,q} and every " € {1,...,71}.

Second, consider nodes (7, j) such that i belongs to a transient class Ts(,p ) where s €
{1,...,s} and j belongs to a transient class Tt(,e) where t' € {1,...,t}. Since i belongs
to a transient class, there must exist a walk to one of the absorbing classes, say Al(;,)).
Similarly, since j belongs to a transient class, there must exist a walk to one of the
absorbing classes, say AS). Hence by the proven result, for each node (7, 5) € T S(,p ) % Tt(,e)
for every s’ € {1,...,s} and ¢’ € {1,...,t} there exists walks to a node of the form (k, k).

Finally, consider nodes (i, j) such that ¢ belongs to a transient class Ts(,p) and j belongs
to an absorbing class AS). Since ¢ belongs to a transient class, there must exist a walk
starting from ¢ to an absorbing class, say Aé?). Thus once again we can apply the earlier
stated result for nodes (i,75) € Ts(,p) X Aff) for every s € {1,...,s} and v € {1,...,7}.
Similarly, the case of nodes belong to absorbing classes in P, and transient classes in P,
also follows.

Thus we have exhausted all pairs (¢, 7) in P, ® P, and for each pair found a node of
the form (k, k). Therefore P, and P, satisfy the conditions stated in statement (i) of
Theorem , hence guaranteeing finite meeting times and proving that Payoverlap € 5. To
show that Pajovertap 7 S, We present a counter-example in Figure m This concludes
the proof for Pairoverlap C Phinite-

Now, we prove Psa overlap C Pall-overlap- L he pairs of matrices (Pp, Pe) €
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Psa-overlap 18 Obtained by considering the subset of matrices which only have a single
absorbing class. Thus Psa-overlap C Phall-overlap-

Finally, to prove Pone-ergodic C Palloverlap 1€t Us assume without loss of generality
that P, is irreducible and aperiodic. This would imply that the entire nodeset V' is an
absorbing state and d® = 1. One can see that P, paired with any other matrix F;

belOHgS to Pall—overlap Thus 7Done—ergodic C 7Dall—overlap |

3.3.3 Mean meeting time and relation to hitting times.

Before we define the mean meeting time for two random walkers, we introduce a

minor result.

Remark 1 Consider two random walkers moving with transition matrices P,, Py starting

from nodes 1, j respectively, then the meeting time
m;; = (e1 X e2)(In2 — (Pp (029 PG)E)illHQ. (32)

Note that the expression above is a direct result of equation (3.1). entries m;; as the
value represents the meeting time assuming the agents do not meet at time t = 0.

We are now in a position to define the mean meeting time of two random walkers.
Stationary distributions are well-defined for both P, and P, when each transition matrix
has a single absorbing class. Further the meeting times for matrices with this property
are finite only if the absorbing classes overlap and the periods are co-prime as is the case

for pairs of transition matrices in Psa-overlap- Hence we have the following result.

Corollary 1 (Mean meeting time) Consider two transition matrices P,, P. with sta-

tionary distributions m,, .. The mean meeting time

M(P,,P,) = W;Mﬂ'e = (m, @) " vec(M), (3.3)
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where M s the matrixz of meeting times, is finite if the pair of transition matrices

(Pp7 Pe) S 7DSA—overlap .

Proof: 'The mean meeting time can be obtained from the meeting times as

M(P,,P,) = Z ng)wéj)miﬁj
g
=33 @6 @ 7)) (L — (1@ P)E) 1,
(2]

= (1 @ 7e) (L2 — (P, @ P)E) 1,2

[
Further as the following result shows, the hitting times of a Markov chain are equal to

the meeting times for the case of a mobile pursuer and stationary evader.

Corollary 2 (Connection to hitting times and meeting times with stationary evader)
Consider a stationary evader with distribution 7, and a pursuer with an irreducible tran-

sition matriz P, and stationary distribution m,, then the following properties hold:

(i) the meeting times between the stationary evader and the pursuer are equal to the

pairwise hitting times of P, and are given by
hi,j =m;; = (61 & EQ)T(In2 — (In X Pp)E)_11n2, (34)

where h; j is the expected time to travel from node i to node j and

(ii) the mean meeting time between the stationary evader and the pursuer is given by
Mtationary (Tes Py) = (me @ 7p) " (Inz — (I, ® Pp) E) ' 1,2. (3.5)
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Proof: A stationary evader can be described by the transition matrix I,,. However,
note that the identity matrix has non-unique stationary distribution hence the evader
stationary distribution can be arbitrarily defined given that . , 7 = 1. Since P is
irreducible, the pair of matrices (I,,, P) belongs to Pope-ergodic and hence meeting times
are finite. Further the expression for meeting times in this context is identical to that of
pairwise hitting times [53, Theorem 2.3(i)]. The mean first meeting time in such a case

18

Mstatlonary 7Te; E E 7T mz,]

[ |
When the stationary distribution of the evader is equal to the stationary distribution of
the pursuer the expression for the meeting time is identical to the mean first passage

time of the Markov chain P, [53] Theorem 2.3(i)].

3.3.4 Comparison to existing bounds.

In this section we provide comparisons with existing bounds from literature, a sum-
mary of which is presented in Table [3.3.4] We present numerics for a variety of graphs
and compare the exact value of the worst meeting time, denoted as M.y, with bounds
on the same quantity from refs. [I30} 120] and with the worst hitting time computed using
the formula in [53] and also a bound on the worst hitting time as described in [131].

Most of the bounds discussed here are for random walks i.e., equal probability of

transition from a node to every neighbor. The bounds by Aldous [122] also hold for
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all reversible Markov chains. Hence in this section we consider transition matrices only
corresponding to random walks. We include self-loops in all transition matrices to en-
sure aperiodicity. In general meeting times for transition matrices can be significantly
smaller than the values discussed here. For example, using transition matrices which are
permutation matrices one could obtain O(n) meeting times on all graphs.

Bounding the worst meeting time as discussed in [122] in terms of the worst pairwise
hitting time gives estimates which are of the same order. The computational complexity
of exactly obtaining the worst hitting time is O(n?) [53, Theorem 2.3(i)] as compared to
O(n®) for computing worst meeting times. Thus for small to medium graphs the worst
hitting time can be a useful proxy.

The polynomial bound from Coppersmith et al [120, Theorem 3] is for sequential
motion of the tokens i.e, one of the two tokens moves followed by the other. In order
to compare this bound with the expression in equation (3.1]) which is for simultaneous
motion of the two random walkers, we divide the bound by two. This bound while easy
to compute only provides a maximal estimate of the worst case meeting times.

The bound from Lovéasz [I31], Corollary 3.3] is a bound for the worst hitting time.
The bounds from Cooper et al [I30, Theorem 1] and Lovész, both of which involve the
spectral gap of the transition matrix, behave similarly in most cases. In general the
estimates tend to be one or two orders of magnitude off. The complexity of computing
the spectral gap can be cost-effective as this operation can be performed in worst-case

O(n?®) and for certain types of matrices in O(n?).

3.4 The meeting time of multiple random walkers

Here we extend the results from the previous section to the case of a group of pursuers

trying to intercept a group of evaders.
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Meeting time Hitting time
. Bound by Bound by + | Bound by
Quantity Monax Cooper et al [130] | Coppersmith et al [120] Homax [53] Lovész [131]
Complexity O(n®) O(n?) O(1) O(n?) O(n?)
Ring 83.7 2488.8 856.0 150.0 2451.8
Path 174.8 9249.0 856.0 551.0 17308.6
Star 8.0 161.6 856.0 58.0 304.0
Lollipop 224.0 1376.3 856.0 483.8 2107.1
Lattice 35.9 805.6 856.0 83.7 1233.0
Random geometric || -, , 342.2 856.0 92.6 1098.8
graph (dense)
Random geometric || -, 3587.1 856.0 319.6 10138.9
graph (sparse)

Table 3.1: Comparison of exact value of worst meeting time with bounds from liter-
ature and worst hitting times for random walks on various graphs of size 20 nodes.
Values shown for random geometric graphs are averages over 100 instances.

3.4.1 Main result

Now consider L pursuers and M evaders. Let Xt(p’l), Xt(p’z), .. .Xt(p’L) e{l,...,n} de-
note the locations of the L pursuers at time ¢t € {0,1,2,...}. Let Xt(e’l), Xt(e’Q), e Xt(e’M) €
{1,...,n} denote the locations of the M evaders at time ¢ € {0,1,2,...}. For an L-tuple
of nodes associated with the pursuers (iy,7s,...7;) and an M-tuple of nodes associ-
ated with the evaders (ji,J2,...,7Jnm), the first meeting time among L pursuers and M

evaders, denoted by T; is the first time that one of the pursuers meets one

192...41,51J2---JM

of the evaders. More formally, T; is

192.-0L,J172---JM

min{t > 1|X™" = X" for some a € {1,..., L} and b€ {1,..., M}

given that X" =4V 1€ {1,...,L} and X"™ = j,¥Vme {1,..., M}}.

Let the transition matrices associated with the L pursuers be Pél) , PIEQ), ce PIEL) and the
transition matrices associated with the M evaders be Pe(l), Pe(2), e Pe(M). The following

theorem gives necessary and sufficient conditions for the the first expected meeting time

between the L pursuers and M evaders m;,;, ., =E[T; ]. For the sake

J1j2--dm 192.-2L,J172---JM
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of brevity, we shall refer to the first expected meeting time in this context as the group

meeting time.

Theorem 3 (The group meeting time of multiple Markov chains) Consider Markov
chains with transition matrices PISU,PIEQ) e ,PIEL), Pe(l),Pe@), cee Pe(M) defined on a di-

graph G with nodeset V.= {1,...,n}. The following statements are equivalent:

(i) for every iy, is,...i0, 71,72, --,Jm € {1,...,n}, the group meeting time

Miyiy. g jijeju ¥5 ﬁmte,

(i1) for every iy, is, ... ip,j1,02,---,jm € {1,...,n}, there exists a node k and a length
¢ such that a walk of length { exists from one of the nodes i1, 1s,...,1;, to k in one of
the transition matrices Pél), PIEQ), e ,PéL) and a walk of length { exists from one of

the nodes ji, jo, - .., ju to k in one of the transition matrices in Pe(l), PE(Q), e ,Pe(M),

(iii) for every iy, i, ..., ip,J1,J2,---,Jm € {1,...,n}, there exists a walk in the digraph
associated with the stochastic matrix Pél) ® P}SZ) e ® PéL) ®PY e PP
. .@pP™M from a node (i1, i, ... iz, j1, 72, - - -, m) to a node of the form (iy, iy, ..., k,

el 1y Gk ag), for some k€ {1,...,n}, and

(iv) the substochastic matriz PE is convergent and the vector of group meeting times is

given by
VeC(M) = ([nL+M - PE)illnLJ,-M, (36)

where M € RV p — Pél) ® P1§2) e ® PéL) PP eP?  @P™ and E is a

binary diagonal matriz with entries L,oeam — vec([0iiy. ig jrionin])-
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Proof:  For the nodes iy,1o,...,%5,J1,J2,- .., Jam, the group meeting time satisfies

the recursive formula

n L

1, wpy_ (-] =pP)) - =),

k=1 a:
,b)
Ty ky..kp hiho. byt 1, WD Z lea,ka Hpgi,hb-
kathy a=1

T

i142..90,5152. I

Note that the symbol Zk(ﬁéhb is a summation over the indices ki, ko, ..., kr, hy, ho, ... Ay
such that k, # hy for every a € {1,...,L} and b € {1,...,M}. The quantity (1 —
T, - pg’z))) indicates the probability that one of the pursuers will move to node k
and (1 — Hlj)\il(l - pl(:Z))) indicates the probability that one of the evaders will move to
node k. Therefore S7_ (1 -5, (1 pl N1 -7, (1 pgik )) is the probability that

one of the pursuers encounters one of the evaders at a common node.

Taking the expectation we have

n L M
E[ThiQmiL,jljzij] = Z(l - H(l - pg,’g)))(l H<1 B pgzn )>>
k=1 a=1 =1
L
, b)
+ Z Hpiz Hpﬁ iy (BT kb ki haho. i) + 1),
ka7#hy a=1
M
— E[TiliQ,...iL,jle...jM] =1+ Z Hp,(f H Tk1k2~~kL,hlh2~~h1\l])'
kathy a=1 b=
Let Miyiy.ip jrjoognr = Bl Livig.in jrjo.jar) fOT €VETY i1,40, ... 01, 1,52, .-, jm € {1,...,n}

57



The Meeting Time of Random Walks Chapter 3

and let M = [Miyiy.i).5142...50)- Note that the entries of M can be written as

E : (p,a)
Miyiy.iyjijo-imr = 1+ Hp]a,ka Hp]b hy "MWk k.. kb ha. . hay
ka#hy a=1 b=1

2 : p,a)
=1+ sza,kaHp]b hy "MWk k.. Ky hhg . hay —

k1,k2,....,kr a=1

hi,ha,...hag
L
DRRT | (0 )
i192...4 1,012 M ia,ka pgb,hb kika...kj,hiha. b
k1,k2,...,kL a=1 b=1
hi,h2,...;hpp

where we have rewritten the summation ;- 4, 0 terms of the generalized kronecker

delta function. This equation can be written in vector form as

vec(M) =1,1m + (PN @ PP @ @ PP @ PY @ PP ®- - @ PM) vec[M]
~-PMePP - PP ePMePP®..-@PM)

VeC( [5i1i2miL,j1j2~~jM]) VGC[M] )

= vec(M) =1,2+nm + P(Leene — vec([0iyiy. iy jrioninr))) VEC[M],

= vec(M) =1,+m + PE vec(M).
If the matrix I,,r+m — PFE is invertible then we have a unique solution to the meeting
times. We shall now show that the finiteness of group meeting times as in (7) is equivalent
to the existence of walks of equal length to common nodes as mentioned in (i7) and in
(#i), which leads to invertibility of I,c+n — PE in (iv).

We start by proving (i) = (7). If we assume that (i) =~ (i7) then there exists an
L-tuple of nodes i1, 1, ...,7;, and an M-tuple of nodes j1, j2, ..., Jar such that the group
meeting time between groups of agents starting from these positions is finite and there
exists no walk of equal length to a common node for any possible pursuer-evader pairs.

However if there exists no walk of equal length from one of the nodes in i1, %, ..., 7y and
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one of the nodes in j1, Jo, ..., 7y to a common node, then none of the agents ever meet
and the group meeting time is infinite. Hence by contradiction (i) = (ii).

Next we show that (ii) = (i27). The Kronecker product of the L pursuer transition
matrices and the M evader transition matrices gives a joint transition matrix for the
agents. The node (i1, 9, ...,11, j1, Jo2, - - -, jar) corresponds to the states X}()l) =1, XI(,Q) =
ig,...,Xl[(,L) = i, and XV = jl,XC(Q) = j2,...,XC(M) = ju. Statement (i7) ensures
that there exists a node k to which there is a walk of length ¢ from one of the nodes
i1,%2,...,1r in a pursuer transition matrix PpL/ and from one of the nodes ji, ja, ..., jm
in an evader transition matrix PM'. Starting from any node i, for any I € {1,... L}

there exists a node 4, such that there exists a walk of length ¢ from i; to 4, in the

®) Similarly starting from j,, there exists some node j, to which

transition matrix P,
there exists a walk of length ¢ for some m € {1,..., M} in the transition matrix P,
Thus there exists walks of length £ : 4, — i}, iy — iIQ, cee i — koo i —
i, 1 = Jus J2 = Jor -ee s Jur — k, ..., and jy — jy;. Using Lemma [3] there
exists a walk from (i1,49,...,00, . 05, J1,J2y -5 Jmry---,Jm) t0 a node of the form
(i), 0y ks iy, G0 s ooy Ky ooty Jay), thus proving (i1) == (i74).

Next, we show (i7i) = (iv). Note that post-multiplying the Kronecker prod-
uct of all transition matrices Pél) ® P}S2) ®R...® PISL) oPYePP ... @pPM by E sets
columns associated with nodes of the form (i}, iy,...,k, ... i7, 51, J9r---s ks oorsdas) tO
0,2+m. Therefore every node has a walk to a node whose row-sum is less than 1 which
implies that the matrix PFE is convergent. From this we obtain equation . Since
(i11) guarantees the existence of (I,c+m — PE)™!, we prove that (1i1) = (iv).

Note that the existence of vec(M) in (iv) gives (iv) = (i). Thus we have shown
that (i) = (i1) = (iit) == (iw) == (i). Hence the four conditions are
equivalent. [ |

The above necessary and sufficient conditions give the most general set of tuples of
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matrices for which finite meeting times exist. Similar to the single pursuer and single
evader case, we present sufficient conditions on the transition matrices which ensure that

the meeting times between two groups is finite.

3.4.2 Sufficient conditions for finiteness and mean group meet-
ing time.
Consider the following sets of L + M-tuples of matrices:

Péfi\fe: finite group meeting times. Let PﬁLlfi\fe be the set of L+ M-tuples of transition

matrices Plgl), P;E2), e ,PSL), Pe(l), Pe(Q), cee Pe(M) satisfying the conditions stated in

Theorem [3| and therefore having finite group meeting times.

P;f_‘g‘,eﬂap: Markov chains with all-to-all overlapping absorbing classes.

Let P:M be the set of L + M-tuples of transition matrices Pél),PéQ) .

all-overlap

PIEL), Pél),Pe(Z), e P™ with the following property: for each transition matrix
PP 1€ {1,..., L} there exists a transition matrix P™ for some m € {1,....M}

such that (Pe(l), Ppgm)) € Pall—overlap'

P;Al\floverlap: single absorbing Markov chains with overlapping absorbing

LM
classes. Let Pga overtap

PIEL), Pe(l), Pe@), ceey P with the following property: for each transition matrix
Plgl),l € {1,..., L} there exists a transition matrix P™ for some m € {1,..., M}

such that (Pe(l), P;Em)> € PSA—overlap-

L,M . . . LM
Pone-ergodic: one ergodic Markov chain. Let P oo

of transition matrices Pél), Péz), e ,PIEL), Pe(l), Pe@), cee Pe(M) such that one of the

be the set of L + M-tuples

transition matrices is ergodic.
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Given the above, we are now in a position to define the mean group meeting time of two
sets of random walkers, L pursuers and M evaders. The group meeting times for matrices
with single absorbing classes are finite when the L + M-tuple (Pél), P1§2), ceey PlgL), Pe(l),

PB(Q), . ,Pe(M)) € PSF Al\fwerlap. Hence, we have the following result.

Corollary 3 (Mean group meeting time) Consider L+M transition matrices Pél), PIEQ)

. PISL), Pe(l), Pe(2), e ,Pe(M) with stationary distributions WI()I), 7r§,2), cee WI()L), Wél), 7r,§2),
.. ,ﬂéM). The mean group meeting time
Miy=TPerPe.. . orPeorVer?e...0x) vec(M), (3.7)

where M is the matriz of group meeting times, is finite if the L + M-tuple of transition

matrices (Pé”, PéZ), e ,P;EL), Pe(l), Pe(2)7 cee Pe(M)) € PSLAM

-overlap -

A word on the computational complexity for the multiple pursuer-evader case: since
the general expression for the group meeting time among groups of pursuers and evaders
involve extensive use of the Kronecker product, the memory and computational re-
sources necessary are significantly affected by the curse of dimensionality. The matrix
PMePP®.. 9P ePYoP? ... @ P™) contains n“+M) clements. Inversion
of a full matrix would require O(k?®) operations lending an undesirable complexity of
O(n3E+M)) [132]. Most practical solutions to the transition matrices benefit from the
sparse nature of the graphs. A sparse system of equations can be solved with complex-
ity O(nnz) where nnz is the number of non-zero elements. For the Kronecker product
of L + M transition matrices defined on the same graph the number of non-zero ele-

|(L+M

ments is |E ), and with a sparse solver the group meeting time can be computed in

O(|E|T+M)) operations. For further details see [133].

61



The Meeting Time of Random Walks Chapter 3

3.5 Meeting times for continous-time Markov chains

In this section we formulate the meeting time between two continuous-time Markov
chains. The essence of the proof is to use the fact that the meeting time of two continuous-
time Markov chains is equivalent to the hitting time on the joint transition matrix gen-

erated by the Kronecker product of the digraphs associated with the two chains.

3.5.1 The meeting time of two continuous-time Markov chains

Consider the pursuer and evader performing random walks on a set of nodes V :=
{1,...,n} with digraphs G, = (V, E,, Qp), Ge = (V. Ee, Q.), edge sets E,, E, CV x V,
and transition rate matrices Qp, Q.. Let Py(t), Pe(t) denote the transition matrices of
the purser and evader at time ¢. Let m;; denote the expected first meeting time for a
pursuer starting from node ¢ and an evader starting from node j, which shall be referred

to simply as the meeting time. Then the following theorem holds.

Theorem 4 (The meeting time of two continuous-time Markov chains) Consider
two Markov chains with transition rate matrices @, and Q. defined on a digraph G with

nodeset V.= {1,...,n}. The following statements are equivalent:

(1) for each pair of nodes i,j, the expected first meeting time m; ; from nodes i and j

18 finite,

(ii) for each pair of nodes i, j, there exists a node k such that a walk exists from i to k

and a walk exists from j to k,

(iii) for each pair of nodes i,7j, there exists a walk in the digraph associated with the
transition rate matriz Qp, ® I, + I, ® Qe from (i,7) to a node (k,k), for some k €
{1,....,n}, and
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() the matriz E(1,2 — (Qp,® 1, + I, ®Qe)) — L2 is invertible and the first meeting

times are given by the unique solution to

V€C<M) = (E(InQ — (Qp RIL,+1,® Qe)) — In2)71E1n2 (38)

where M € R™™ and E € R™*™ is q binary diagonal matrix with diagonal entries

1,2 — vec(1,).

Proof: Consider the joint evolution of the two continuous-time Markov chains on the
Kronecker product graph given by the Kronecker product P,(t) ® P.(t). The transition

rate matrix for this Markov chain is easy to derive. Consider

SR (1)@ Pult)) =Po(1)Qy ® Pa(1) + Po(1) @ PL(1)C

:(Pp(t) ® Pe(t))(Qp QL+ I,® Qe)a

where we have used the product rule for derivatives and Lemma (1| to obtain the joint
transition rate matrix as Qp, ® I, + I,, ® Qe.

The n x n block entries of the joint transition rate matrix

W+ Qe oL ... 4P,
(p) (p) (p)
021 In Gooln +Qc .. TBnln
Qp®In + In®Qe = 2! 22 >
Qq(zl,?ln Qr(f,)%[n e Qr(zl,)?)lln + Qe ]

The meeting times for the two transition rate matrices correspond to hitting times
from nodes on the joint transition rate matrix Q, ® I,, + I,, ® Q. to the set of common
nodes of the form (k, k). The solution to hitting times for continuous-time Markov chains

is given in [125, Theorem 3.3.3]. We restate the result here for the sake of completeness.
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Given a transition rate matrix ) = [¢,] defined on a set of nodes A and a subset S C A,
the expected meeting times starting from a node a € A to the set S denoted by h? is

given by the solution to the system of equations

hs =0 for a € S

a

(3.9)
- ZbeA QQ,bhE =1 for a ¢ S.

The meeting times can be obtained as the solution to the system of equations above with
transition rate matrix given by Q, ®I,, + I, ® Q. and S = {(k, k) |k € V}. Denoting
Qo®I,+ I, Q. and S = {(k, k) |k € V} by Q°" and Secommon, respectively, the system
of equations in can be written as

mi,j — O fOI‘ (Z,]) S Scommon

o ZkGV ZheV Q(Egj)y(k’h)mk,h =1 for (27 ]) ¢ Scommon-

These equations can be re-written in vector form as
—EQ" vec(M) = F1,2, (E — I2) vec(M) = 0,2.

Adding the above two equations we obtain equation . If the matrix E(I,> —Q°T) —I,,»
is invertible then we have a unique solution to the meeting times. We shall now show that
the finiteness of meeting times as in (i) is equivalent to the existence of walks to common
nodes as mentioned in (ii) and (ii7), which leads to invertibility of E(I,> — Q%) — I,,> in
(1v).

We start by proving that (i) = (i7). If we assume that (i) =~ (i7), then there
exists a pair of nodes ¢ and j such that the expected first meeting time is finite and there
exists no walk to a common node in V. However if there exists no walk to a common

64



The Meeting Time of Random Walks Chapter 3

node, then the agents never meet and the first meeting time is always infinite. Hence by
contradiction (i) = (ii).

Now we shall prove that (ii) == (¢i7). Since the matrix Q). is added to every
diagonal block of the joint transition rate matrix if there exists a walk in the transition
rate matrix Q). from j to k then there exists a walk in Q, ® I,, + I, ® Q. from (i, j) to
(i, k) for every i € {1,...,n}. Also note that the off diagonal block elements are of
the form ql.(,’j ;,In. One can verify that because of this structure if there is a walk from
Jj — kin @, then in Q, ® I,, + I, ® Q. there exists a walk from (i, j) — (k, j) for every
j €{1,...,n}. Hence if there is a walk ¢ — k in @, and j — k in Q. then there exists
walks (i,7) — (i, k) — (k, k), thus proving (it) = (4i1).

Finally we shall prove (iii) = (iv). First consider the modified transition rate
matrix E(Qp, ® I, + I, ® Q). The matrix E sets the rows corresponding to nodes of
the form (j,j) to 0),. The rank of a transition rate matrix is n — d where d is the
number of sinks in the transition rate matrix [I34]. The matrix E(Q,® I, + I,, ® Q.)
has at least n sinks corresponding to the elements (k, k) for every j € {1,...,n}. If
every node has a path to a node of the form (k, k) as in (7i7), then there are only exactly
n sinks. This is because there are exactly n nodes of the form (k, k). Thus the rank
of B(Q,®1I, + I, ®Q.) is n* — n implying that this matrix has n null eigenvectors.
One can verify that the null eigenvectors (and basis vectors for the kernel) are given by
€1,€,41,€2n42,---,6,2. Let the other eigenvectors be vy, vs,...,v,2_,. Since the kernel of
E(Q,®1,+ I, ®Q.) is spanned by €1, €,+1,€2,42,...,€,2, the eigenvectors of the same
matrix can be uniquely constructed by ensuring they are orthogonal to the kernel, i.e.
’U;—eq = 0 for every p € {1,...,n> —n} and q € {1,n+ 1,...,n?}. Let us denote the
eigenvalues associated with these eigenvectors as Ay, Aa, ..., A\,2_,,. Consider the matrix
EQy®I,+ I,®Q.) + (I,- — E). We shall show that E(Q,® I, + I, ® Q) + (1,2 —

FE) has the same eigenvectors as E(Qp, ® I, + I, ® Q). It is easy to see that now the
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eigenvectors €1, €,41, ... ,€,2 have eigenvalues 1. One can verify v, is still an eigenvector
but with eigenvalue A\, + 1. Note that E(Q,® I, + I, ® Q.) is positive semi-definite
from Gershgorin’s disk theorem [124]. Since E(Q, ® I, + I, ® Q) has all non-negative
eigenvalues we are assured that E(Q, ® I,+1, ® Q.)+(I,2—E) has all positive eigenvalues
and is invertible. Thus if (4i7) holds —(E(Qp, ® I, + I, ® Qe) + (1,2 — E)) has full rank
and is invertible. Thus equation gives the unique solution to the meeting times.
Therefore (iii) = (iv).

Note that the existence of vec(M) in (iv) gives (iv) = (i). Thus we have shown
that (i) = (i) = (iti) = (iv) = (i). Hence the four conditions are
equivalent. ]
One can derive sets of pairs of transition rate matrices for which meeting times are guar-
anteed to be finite akin to the discrete-time case: Qaiioverlap, @SA-overlap @A Qone-ergodic-
The sets are almost identical in description except for the fact that periodicity condi-
tions are no longer necessary. A notion of mean meeting time is applicable to the set of

transition rate matrices belonging to Ogsa-overlap-

3.5.2 The group meeting times of multiple continuous-time Markov

chains.

The setup for multiple pursuers and evaders following continuous-time Markov chains
on a common graph is identical to the multiple pursuers and multiple evaders in the
discrete time case. Consider pursuer transition rate matrices Qg),Qg), .. .,QéL) and

evader transition rate matrices Qél), ng), e ,QgM).

Theorem 5 (The group meeting time of multiple continuous-time Markov chains)
Consider Markov chains with transition rate matrices Qg), ff),..., I(JL), Q.(sl), ng)’

ceey Q.(QM) defined on a digraph G with nodeset V.= {1,... ,n}. The following statements
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are equivalent:

(i)

(ii)

(iii)

(iv)

for every iy,i9,...00, 91,72, jmu € {1,...,n}, the expected first meeting time

Miyiy. g jijeju ¥5 ﬁnlte’

for every iy,ia, ... i5,j1,J2,---,Jm € {1,...,n}, there exists a node k such that
there exists a walk from one of the nodes iq,is,...,i; to k in one of the tran-

sition rate matrices Ql()l), ;2), ceey ;L) and a walk exists from one of the nodes

J15J2, - - -, ju to k in one of the transition matrices in le), Q.(f), ceey éL),

for every iy, ia, ..., 00, j1,J2,- -, jm € {1,...,n}, there exists a walk in the digraph
associated with the transition rate matrizx Zle I ® QI(DZ) ® Lyeem—1 + Z%Zl Ivm—
®ng) ® Iyvi—m from a node (iy,19,...,%1,7J1,J2, ---,Jm) to a node of the form

(17,0, oy key oy ips G das e ks ooty Gag), for some k € {1,...,n}, and
the matriz E(I,c+m — Q) — L,e+nm is invertible and the expected first meeting time
s given by

VeC(M) = (E(InL+Jv1 - Q) — InL+M)711nL+JM, (310)

where M € RannM, Zlel Ii-1® Ql()l) ® Lypim—1t + an\le Liim—1® Q.(sm) ® I pv—m
and E 18 a binary diagonal matrix with entries

1,040m — VeC<[(51'11'2...1'L,j1j2~~jM])'

We state this result without proof as it utilizes the same technique as in the proof of

Theorem [l The proof of this result involves constructing the joint transition rate matrix

of all agents on the Kronecker digraph and then computing the hitting time to the set

of (L + M) tuples of nodes such that one of the first L entries is the same as one of the

next M entries. The complexity of computing meeting times using equation (3.10)) for
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continuous-time Markov chains is O(n*@+M)) as it involves inversion of a matrix which

L+M

has n elements, which is identical to the discrete-time case.

3.6 Summary

We have studied the meeting time of multiple random walkers on a graph and have
presented necessary and sufficient conditions for finiteness and novel closed-form expres-
sions for the expected time to meeting between a single pursuer and a single evader,
multiple pursuers and multiple evaders, and extended the treatment to continuous-time
chains. We also provide sufficient conditions for certain pairs (or tuples) of Markov chains
that satisfy conditions on their absorbing classes to have finite meeting times. Finally,
we discuss connections to other metrics relevant to Markov chains such as the hitting

time.
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Chapter 4

Markov chains with Maximum
Entropy Rate

4.1 Introduction

4.1.1 Problem description

The entropy rate of a Markov chain is a measure of information and unpredictability
generated with each time-step [63]. In this chapter, we study Markov chains with maximal
entropy generation subject to two constraints: (i) allowable transitions are specified by
a given irreducible adjacency matrix and (ii) the stationary distribution of the Markov
chain is given. It is customary to refer to Markov chains with maximum entropy rate
as maxentropic. Maxentropic Markov chains with stationary distribution constraints are
of interest in surveillance strategies as they maximize the uncertainty in the path of
the surveillance agent. Aside from applications to stochastic surveillance, the notion
of maxentropic Markov chains is useful for example in link-prediction [135], community

detection [I36] and image processing [137].

69



Markov chains with Maximum Entropy Rate Chapter 4

4.1.2 Prior applications of maxentropic Markov chains

To the best of our knowledge, maxentropic Markov chains first appeared in [64] as
the solution to the optimization problem of maximizing the entropy rate given the first
and second moments of the Markov chain. More recently, Burda et al. [65] provide a
closed form solution for maxentropic Markov chains subject solely to graph constraints.
This Markov chain, referred to as the mazimal entropy random walk (MERW), possesses
the property that all walks of equal length with given start and end node are equiprob-
able. The solution we provide is for Markov chains subject to stationary distribution
constraints in addition to graph constraints. In what follows, we review prior applica-
tions of maxentropic Markov chains: (i) detection of features in images and (i) design
of metrics on large graphs and complex networks.

Image analysis. Based of the notion of maximal entropy random walks in [65], several
applications have been proposed in image analysis. The MERW is utilized instead of the
equal neighbor random walk to detect visually salient features in [I37]. The MERW has
also been utilized to implement a probabilistic object localization scheme in [138]. Korus
and Huang [139] successfully adopt the MERW for localizing forgeries in digital images.

Metrics on large networks. The MERW is used to design unsupervised methods for
link prediction in [I35]. Ochab and Burda study the feasibility of using the MERW in
algorithms for community detection [136]. Furthermore, the MERW is used to study
the trapping problem in dendrimers, i.e., artificial macromolecules with treelike struc-
tures [140]. More recently, a relation between entropy rate and congestion in complex
networks was established and a method was proposed to mitigate congestion using MERW

in [141].
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4.1.3 Relevance to stochastic surveillance

The setup we consider is one in which the area to be surveilled has been sampled
to obtain a robotic roadmap represented by a graph. The nodes of the graph designate
points of high priority and the edges indicate whether it is possible to move between dif-
ferent nodes. (Restrictions might be imposed by obstacles, no-fly zones, etc.) The graph
structure is captured by a binary adjacency matrix and the relative importance of each
node is given by a normalized vector which indicates a desired visit frequency to each
node. Markov chains modeled by transition matrices are well suited to designing random
walks on graphs with visit frequency constraints. The left-dominant eigenvector of the
transition matrix, referred to as the stationary distribution, gives the visit frequency of a
random walker who moves according to the Markov chain. Graph and stationary distri-
bution constraints are linear and hence can be enforced quite effectively in optimization
problems involving cost functions with various robotic motivations such as maximizing
speed of traversal, minimizing the expected reward for an intruder or convergence to a
desired swarm formation [52] 54, 142].

While prior work with the same framework has emphasized the speed of the Markov
chain or optimizing the probability of capture given an intruder model, the transition
matrices obtained as solutions to such formulations need not necessarily be unpredictable
(e.g., permutation matrices, which have zero entropy rate, are the fastest Markov chains
when a Hamiltonian tour exists). The notion of maximum entropy rate Markov chains
is valuable as it translates directly to maximum unpredictability in the path of the
surveillance agent. The specification of a stationary distribution, which serves as a prior
for where the intruder might be located, makes our approach more suited than the MERW

which has a fixed stationary distribution.
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4.1.4 Applications in other areas

The methods described in this chapter are potentially useful for developing novel
methods of conducting image analysis. The maxentropic Markov chain with visit fre-
quency specification provides a natural way of incorporating prior knowledge of where
an object or an anomaly is likely to be located within an image and hence can be used
in place of the MERW in [138] 137] when such knowledge is available. Further the fact
that the method described in this chapter scales well with the graph dimension enables
its use for analysis of large images.

Finally, the methods developed in this chapter could also aid in the design of novel
metrics for complex networks. In refs. [139, 135, 136], novel metrics are designed by
using the MERW to evaluate properties of the network. With the ability to specify visit
frequencies in the random walk it becomes possible to evaluate some of these metrics in
a weighted sense. For example, if one specifies that visit frequencies of the random walk
be a function of the degree of each node, the metric thus obtained will incorporate such

a weighting.

4.1.5 Organization

This chapter is organized as follows. In section [4.2] we introduce notation and review
known results. In section we derive some preliminary results. In section we
introduce the main result of this chapter which is the maxentropic chain with prescribed
visit frequencies. In section we show realizations of the maxentropic Markov chain

over prototypical roadmaps. Finally, in section we present conclusions.
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4.2 Notation and review of known results

4.2.1 Notation

For z € R", let ||z|ly = .1, @i, let [z] denote the diagonal matrix with diagonal

entries x, that is,

ry ... O
[z] =
0o ... =z,
A matrix A € R™" is irreducible if, for all partitions {, J} of the index set {1,...,n},
there exists ¢ € I and j € J such that a;; # 0. Here {1, J} is a partition of the index set
ifTuJ=A{1,....,n}and INJ = ¢.
Given z,y € R", we define the component-wise vector product zoy € R" by (xoy); =

xy; for i € {1,...,n}. We note the simple equalities:

[Zly =z 0y =[ylr and [[z]y] = [7][y] = [z o y]. (4.1)

Define the set of positive n-tuples by R%, = {z € R" | z; > 0,7 € {1,...,n}} and the
probability simplex of order n by A, = {v e R* | >>" ,v; =1,v; > 0fori e {1,...,n}}.

Consider a graph G with nodeset V' = {1,...,n} then a walk from node i, to iy and
so on until node iy for {iy,is,...,ix} € V is denoted as i; — iy — ... = iy.

For notation and definitions related to Markov chains refer section 3.2l We modify the
notation slightly to suit the contents of this chapter in the following manner: transition
probabilities from node 7 to node j shall be denoted as p;; instead of p; ;. A similar change
in notation is applied to all other quantities including hitting times. This is appropriate
considering we are dealing with a single random walker throughout this chapter.

The following lemma and its proof are included here for completeness.
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Lemma 4 Let S C R™ be a compact convex set, |.|| be a matriz norm on R™, and
h:S — S be a continuously differentiable map. If ||Oh/0x(x)|| < 1 for all z € S, then h

is a contraction mapping with respect to the norm ||.|| and has a unique fixed point in S.

Proof: Because S is compact and h is C!, there exists ¢ € (0,1) such that
|Oh/0x(x)|| < e, for all x € S.

By the Mean Value Inequality [143, Proposition 2.4.8], for every z,y € S, there exists
n € S such that
1h(y) — h(z)|| < [[0h/0x(n)|[ly — «I]-

Therefore, for every x,y € S, we know
17(y) = h(2)|| < clly — |-

Since 0 < ¢ < 1, this inequality shows that A : S — S is a contraction with respect to the
norm || - ||. By the Banach Contraction Theorem [144] Theorem 3.4.1], h has a unique

fixed point in S. [ |

4.2.2 Review of maxentropic Markov chains

Throughout the chapter we model the transition matrix of a Markov chain as a row-
stochastic matrix. Given a Markov chain with an irreducible transition matrix P € R™*"
(i.e., an irreducible row-stochastic matrix), the entropy rate of the Markov chain is given
by

n

H(P) =— Z 7i(P)pij log pij, (4.2)

1,j=1
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where 7(P) € interior(A,,) is the stationary distribution of P (whose existence, unique-
ness, and positivity are established by the Perron-Frobenius Theorem for irreducible

matrices).

Problem 1 (Maximizing entropy rate) Given a connected undirected unweighted graph

G, compute the matrix P € R™"™ satisfying

max H(P)
subj. to P is row stochastic, i.e., P >0 and Pl, =1,

pij =0, if {i,j} is not an edge of G.

Theorem 6 (The maxentropic Markov chain [65, 64]) Given a symmetric, irre-
ducible A € {0,1}™"™ with associated undirected graph G, let A\ > 0 and v € RZ; be
the dominant eigenvalue and eigenvector of A (whose ezistence and uniqueness are es-
tablished by the Perron-Frobenius Theorem,).
Then the solution to Problem |1} is unique, is called maxentropic Markov chain over
G, and is given by
1

Pt = Sl Al (4.3)

or, in components, by

Moreover, P* has the following properties:
(i) its stationary distribution is vov/||v o vl

(i1) its paths are equiprobable in the following sense: pick a start node i and a path
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length k. The probability of traversal for a path from i of length k > 1 is

1’1)]'

4.4
s (14)

where j is the final node in the path. Note that all paths from i to 5 of length k

have the same probability.

The following example illustrates a maxentropic chain.

Example 1 Consider the adjacency matriz associated with a 4-node ring and the maz-

entropic Markov chain associated with this graph,

1101 1/3 1/3 0 1/3
1110 1/3 1/3 1/3 0
A P /3 1/3 1/
0111 0 1/3 1/3 1/3
1011 1/3 0 1/3 1/3

In general one can show that the Markov chain that maximizes entropy on the ring is the
transition matrix that randomizes the position of the random walker at the subsequent

timestep between its current location and the two adjacent nodes on the ring.

4.3 Maxentropic maps and their properties

In this section we introduce and characterize two maps: the mazentropic matrixz map
and maxentropic vector map. These maps shall be used in the construction of Markov

chains with maximum entropy subject to graph and stationary distribution constraints.
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4.3.1 The maxentropic matrix map and its properties

Given a symmetric, irreducible, binary matrix A € {0,1}"*", define the mazentropic

matriz map ® : RZ; — RILF™ by
®a(r) = [Az] "' Alx], (4.5)

or, in components, by
Lj

—n -
> k1 QikTk

The maxentropic Markov chain subject to graph and stationary distribution con-

(q)A(x))ij —a

straints can be generated from the maxentropic matrix map for a suitable choice of x.
In the remainder of this section, we only characterize the maxentropic matrix map. The

connection to maxentropic Markov chains shall become clear in Section [4.4]

Theorem 7 (Properties of the maxentropic matrix map) Given a symmetric, ir-

}nxn

reducible, binary matriz A € {0, 1 and a vector v € RY,, the mazentropic matriz

map has the following properties:

(i) ®a(x) is well defined, nonnegative, and row-stochastic,
(ii) ®a(x) has the same irreducible zero/positive pattern as A,
(1) the left dominant eigenvector of ® 4(x) is

1
m(z) = TalAzl (2] Az, (4.6)

(iv) ®4(x) is reversible, i.e., [w(z)]|Pa(z) = ®a(x) " [r()].

Proof:  First, we know Az > 0 because x > 0 and because A being irreducible

implies each row of A has at least one positive entry. Hence, the diagonal matrix [Ax] is
7
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invertible and ® 4(x) is well defined and nonnegative. Finally, [x]1, = x implies

O, (2)1, = [Az] T Alz]1, = [Az] T Ar = 1,,.

This concludes the proof of statement

Next, note that ®4(x) is equal to the matrix A pre- and post-multiplied by two
diagonal matrices with positive diagonal; hence ® 4(x) has the same zero/positive pattern
as A and is irreducible. This concludes the proof of statement .

Regarding statement , by the Perron-Frobenius Theorem for irreducible nonneg-
ative matrices we know that ®4(x) has a unique left dominant eigenvector, i.e., a vector
7(x) satisfying 7(z)"®(z) = 7(z)" and 177 (z) = 1.

It suffices to show 7(z) " ®4(x) = 7(x)". Recalling the equalities (4.1]), we compute

()T Ba(z) m([x]flx)T([Ax]lA[x])
_ m([Ax]x)T<[Ax]1A[x])
_ mﬂm] Az] " Ala]
_ mxTA[x] _ m([x]mf.

This concludes the proof of statement
Finally, again recalling the equalities (4.1)) and assuming ||[z]Azx|; = 1 without loss

of generality, we compute

[7(2)]®a(2) = [[2] Az][Az] " Alz]
= ([z][Ax])[Az] " Alz] = [2]A[],

®a(z) " [(2)] = [2] A[Az] " [[z] Az] =[] A[2].
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This concludes the proof of statement . [ |

4.3.2 The maxentropic vector map and its properties

Next, we study the left dominant eigenvector of the row-stochastic matrix ®4(z).
Given a binary, symmetric, irreducible matrix A with unit diagonal entries, define the

mazentropic vector map ¢4 : RY; — R, by

or, in components, by

(qu(x))z =T Z AT

k=1

In what follows, we use the notion of proper maps to establish that the maxentropic
vector map is a global diffeomorphism. A map h: X — Y is proper if for every compact

set C C Y, the preimage h~'(C) C X is compact.

Theorem 8 (Properties of the maxentropic vector map) Given a symmetric, ir-
reducible, binary matriz A € {0, 1}™*™ with unit diagonal entries, the mazxentropic vector

map ¢a has the following properties:
(1) the Jacobian of ¢4 satisfies 0pa/0x(x) = [z]A+[Ax] and is full rank at all z € R,
(1i) ¢4 is a proper map, and

(1it) ¢4 is a global diffeomorphism, in particular, for every m € RZ, there exists a

unique ¥ € RZ, such that ¢p4(z*) = .

Proof: Regarding property , clearly ¢4 is analytic. Elementary calculations based
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also on the equalities (4.1)) show that 0¢p4/0z(x) = [z]A + [Az]. One can show

A(¢a)i -
a[L’i (]I) = Q;;T; + ]Zl aijxj

> ) agr= ) %(iﬂ),

J=1j# J=1,j#i

for all x € RZ, because a;; =1 > 0 for all i € {1,...,n}. Hence, the Jacobian matrix
Opa/0x(x) is strictly row diagonally dominant and, therefore, invertible for all x € RZ,,.

Before continuing, it is convenient to define the map gg; : R%, — R%, by gg;(x) =
[z] Az, so that ¢4 is the restriction of the map @ to R%,. We claim that, for every
S C R, we have ¢, (S) = @_1(5). We establish this claim as follows. By the property
of the restriction map, we can easily show that ¢;'(S) C @_I(S). Now suppose that
there exists a vector v = (v,v,...,v,)" such that v € @71(5) and v € ¢, (S). This
implies that gg;(v) € S. Since v ¢ ¢,'(S), there exists some i € {1,...,n}, such that
v; = 0. This implies that ([v]Av), = 0 and therefore we have (@(V))Z = 0. However, this
means that @(V) ¢ S. Which is a contradiction. Therefore, we have ¢'(S) = @_1(5’).

Regarding property , let C' be a compact set in RZ,. Then it is a compact set in
RY,. Therefore, C'is closed in R%,. Since @ is a continuous map, @71(0) is closed in

RY,. We show that @_1(0) is bounded in R%,. Since all diagonal elements of A are

one, we have the following inequality
)12, < ||[x]Az]|so, for all z € RY,,.

Since C'is compact, there exists M € R.q such that, for every y € C, we have ||y||.c < M.

—~1
Thus, for every z € ¢4 (C), we have

% < [l[2]Az]|oe = $a(2)]|o0 < M.
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Therefore, @_1(0) is bounded in R%,. This implies that (5,\4_1(0) is compact in RZ.
Recall that we established ¢,'(C) = @_I(C’). Therefore ¢'(C) is a compact set in
RZ,,.

Finally, regarding property we start by noting that property [(i)| implies, by the
Inverse Function Theorem, that ¢, is a local diffecomorphism. Therefore, using prop-
erty the map ¢4 is a proper local diffeomorphism and [143, Theorem 2.5.17] implies

that ¢4 is a global diffeomorphism. [ |

Remark 2 (The maxentropic vector map is ill-posed without self-loops) The fol-
lowing example shows that the statements |(i1) and in Theorem @ do not generally

hold for graphs without self-loops. Consider the adjacency matrix

T. The mazentropic vector map is given

Define the vectors, x = (11 x5]" and ™ = [ ]
by pa(x) = [z122 2122 + 22T, One can solve for the inverse of the map ¢4 explicitly in

this case obtaining
T

VT2 — T

Consider the compact set 11 = {[m WQ}T | m +m =1, 0.25 <m <0.5}. The preimage

b (m) = V=

of the set 11 under the maxentropic vector map qﬁ;l 18 not bounded, and hence this set is
not compact in R™. Also note that the ¢21(7r) 15 empty when m > mo and hence the map

1s not a diffeomorphism. o

In what follows, we characterize the inverse function of ¢4 at w. In other words,

given a point 7 € interior(A,,), we compute z = ¢! () as the solution to the algebraic
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equation

oa(z) = [z]Az = 7. (4.7)

Theorem 9 (Inverse of the maxentropic vector map) Given a symmetric, irreducible,

binary matriz A € {0, 1}™™ with unit diagonal entries, pick ™ € interior(A,,).
(i) For A= 1,1}, the algebraic equation (4.7) admits the unique solution .

(it) Define the constants n = max;{) ;_ aij/7;}, & = max;{d " aym;}, and the

vector z¥ = Zz- Then the sequence {2*}ren defined by linear iteration
"t =k — — ([2*] A" — 7)), for all k € N, (4.8)

converges to the unique solution of equation (4.7)).

Proof: Regarding statement note that A = 1,1 implies A7 = 1,,. Therefore,

if we set = equal to 7 into equation (4.7)), we get

Regarding statement , we first define the nonempty compact convex domain
T
Qﬂz{yem’;ojgsmﬁ}.

We first show that 2° € ;. Since A is a binary matrix, for every i € {1,...,n}, we have
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Therefore, one can deduce that

n n

mzax { Z aijwj} < mzax { Z aijﬁj}.

j=1 j=1

Moreover, matrix A has unit diagonal entries so that

n n
VT < g ;T < mzax{ E aijﬂj}.
Jj=1 Jj=1

Therefore, we have

<

</,

Sl =

T
n

so that 2¥ € Q. Next, define the map f, : Q, — R" by

fo(2) :x_%qu_w).

We aim to show that ), is invariant under the map f,, i.e., f(Q;) C Q.. Consider a

point x € €,.. We have

ngig\/w_i, for all : € {1,...,n}.

n
Therefore, for every i € {1,...,n}, we compute
1
(fe(@)); = 2i = 5 (([e] Az)i — i)
n
1, 1 ( " ) 1
=T — —T; — — Z Qi5T5 | + =—m;
21 20\ 12T 21
_ Lo, ]
T — —x + —m
2n 2n
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Note that, for every i € {1,...,n}, we have ; < /m < 1. This implies that the

maximum of the function z; — %xl s /m; — %ﬂri. Hence, we have
(Fule))s < i = gt o N
™ _$z——$ T < AT — + =T = /T
‘ 2n 2n

On the other hand, for every ¢ € {1,...,n}, we have

n

n
Doy <Y aiym <
i=1

i=1

Therefore, for every i € {1,...,n}, we have
(fo()) o () Ax); +
m\T)); = Ti — i
' 2n 2"

u 1

= x; (1 — % ;aijwj> + %7@'
m 7 1 ;
>—|1—-—= )+ —m > —
n ( 277) 2n n

This shows that f;(z) € 2, and therefore €2, is an invariant set for the map fr. Next,

we show that the map f, is a contraction mapping on £2,. The derivative of f, satisfies

Ofr 1
=I,——(z][A+[A for all Q.
5 (x) =1, 277([x] + [Az]), or all z € Q,
Also, we have
1

|7

=3, ([]A + [Az])

:m?x{ |

Since x € . implies x < 4/, we deduce that, for every i € {1,...,n}, we have
84
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Qi Ti + Z?Zl a;;r; < 2n. This implies that, for every ¢ € {1,2,...,n}, we have

n
1— Qi35 B Z aijxj

= 2

B Cl“l'z _ Z a7,]$]
7j=1

Thus, for every i € {1,2,...,n}, we get

1 zzz_z E] Z Ly _zzz.
' SO= U N Py 1
Therefore, we obtain
0 ™ iiLi
%o, = mae {1 - 2]} <1
g Ui

Now, using Lemma {4, the map f, has a unique fixed point in the domain €2, and, for
20 = \/Lg € Q,, the sequence defined by the linear iteration (4.8]) converges to this unique
fixed-point. The proof of the theorem is complete if one notes that x* is the unique fixed

point of f, if and only if z* is the unique solution to the algebraic equation (4.7]). [ |

Remark 3 (Solution to the maxentropic vector map on the complete graph)

If A=1,17, then we have n = 1 and the initial condition 1° = \/lﬁ = 7 in statement |(ii)

is the fized-point of the linear iteration (4.8) and the unique solution to the algebraic

equation (4.7)). o

Remark 4 (Newton-Raphson iteration) The Newton-Raphson iteration for the non-

linear equation ¢pa(x) = 7 is

" = 2F — ([2MA + [A2"]) T ([2F]) Ax® — 7). (4.9)

In simulations, this iteration appears to always converge for a wide variety of graphs,
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from random initial conditions, and for arbitrary choices of m € interior(A,) — even if
we are unable to provide a convergence proof. We postpone to Section [4.4.5 a runtime

comparison between the linear iteration (4.8)) and this Newton-Raphson iteration (4.9)).c

4.4 Maxentropic Markov chains with prescribed sta-
tionary distributions

In this section, we define the optimization problem whose solution we characterize.
We then prove uniqueness and existence of the solution before we introduce the main
result of the chapter which is a closed-form expression for the maxentropic Markov chain
at given stationary distribution, following which we perform computational comparisons

with standard convex program solvers and provide proofs for the main result.

4.4.1 Problem statement

Recall that the solution to Problem (I}, i.e., the maximum entropy problem subject to
purely graph constraints, is the Markov chain given by equation in Theorem [6] In
what follows, we introduce a new optimization problem by imposing additional stationary
distribution constraints on Problem (1| Before we state the problem definition, we remind
the reader that given = € interior(A,) and given a Markov chain with an irreducible
transition matrix P € R™™™ (i.e., an irreducible row-stochastic matrix), the entropy rate

of the Markov chain P at fixed 7 is given by

He(P) = — Z Tipij 10g pij. (4.10)

ij=1
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Problem 2 (Maximizing entropy rate with a stationary distribution constraint)
Given a symmetric, irreducible, binary matriz A € {0, 1}"*™ with unit diagonal entries
and given a positive vector w € interior(A,,), compute the transition matrix P € R™"

satisfying

max H.(P) (4.11)
subj. to P >0, (4.12)
pij =0, if a;; =0, (4.13)
Pl,=1,, (4.14)

T P=n'. (4.15)

Remark 5 Problem[d is a disciplined convex program and hence the numerical solution

of this program can be computed in CVX [1]5]. o

Remark 6 (Problem [2|is ill-posed without self-loops) For given graph topologies
without self-loops and for many corresponding instances of stationary distributions, CVX
returns that Problem|9 is infeasible. For all such cases, we find that the linear iteration in

equation (4.8) diverges (recall Rema'rk:@). For example, consider once again the adjacency

matrix

A:
11

CVX returns that the program is infeasible for any stationary distribution constraint (4.15)),
(71 mo] TP = [m ™))", in which m > my. Additionally, for this setting the linear itera-

tion (4.8) diverges.
Indeed, the graph topology embodied by A dictates that, whenever the surveillance

agent visits node 1, then the agent visits node 2 in the subsequent timestep. Hence, the
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wisit frequency at node 2 is necessarily greater than or equal to the visit frequency at node

1. o

Several such preliminary results indicate that imposing graph constraints can restrict
the set of stationary distribution achieved by Markov chains and inspired the conjecture
in Section 4.6l We do not pursue this potentially interesting direction of research in this
chapter as within the framework of designing surveillance strategies, self-loops can be
naturally incorporated. Hence, we proceed under the assumption that all nodes have

self-loops.

Remark 7 In the absence of self-loops in G, the set of irreducible Markov chains over
G with prescribed stationary distribution might be empty; see [146] and the conjecture in

Section [4. for additional context.

Before we introduce the main result, we prove that the optimizer is irreducible. The
optimizer being irreducible ensures existence of the solution to Problem [2| as only irre-
ducible stochastic matrices have well-defined stationary distributions. In addition, we
also prove that the optimizer assigns a positive transition probability to every edge in

the graph, which is a property that shall be utilized in the proof of the main result.

Theorem 10 (Maxentropic Markov chains are well defined) Given a symmetric,
irreducible, binary matriz A € {0,1}"*™ with unit diagonal entries and given a positive

vector m € interior(A,,), Problem@ satisfies the following properties:

(i) the cost function is strictly concave and the constraint set is compact and convex.

Hence, its global maximum solution P* exists and is unique;

(ii) the optimizer P* satisfies pj; > 0 whenever {i, j} is an edge of the graph G asso-
ciated to A. Hence, P* is irreducible and has a well-defined stationary distribution

that must be equal to 7.
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Because of statement we refer to P* as the maxentropic Markov chain over G with

stationary distribution .

Note that, for a symmetric, irreducible A € {0, 1}™*" with unit diagonal entries, the
graph associated to A is undirected, unweighted, and connected and has self-loops at
each node.

Proof: [Proof of Theorem Regarding statement the function —plog(p) is
strictly concave with a strictly positive second-derivative for p > 0. The entropy rate is
a linear combination of strictly concave functions and hence H(P) is strictly concave.

Regarding statement , we first show, using a contradiction, that the diagonal
entries of P* can not be zero. Assume that exactly one of the diagonal elements of
P* is zero, i.e., there exists a single k € {1,...,n} such that p;, = 0. We try to
find a contradiction. For every 0 < e < 3, define the matrix-valued function P*(e) =
(1 — €)P* + el,,. Note that, for every € € (0, %), we have ]5*(6) > 0. Also, for every
e € (0,3), we have pj; > 0 if {i,j} is an edge of G and p}; = 0 otherwise. One can
check that P*(e)1, = 1, and 7' P*(e) = . These facts imply that, for every e € (0, 3),
the matrix P*(e) is in the feasible set of Problem . By the Mean Value Theorem [147,
Theorem 5.10], for every € € (0, 3), there exists ¢. € (0,¢) such that

OH.,.(P*)

H.(P*(€)) — Hp(P*) = —5 | ©

Ce

Note that, for i, € {1,...,n}, we have

aﬂaﬂ—ﬁf) =mi(log((1 —€)p;;) +1),  Vi#],
ij
THAT) _ e los((1 - O+ )+ 1)
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Using the chain rule, we compute

OH..(P*) Op;;
Sy ) e

i=1 j=1 ap”

-3 PRIy T

; 8~* i=1 j=1,j7#¢ ap” Oe
:_Zﬂ—z 1Og pzz+€)+1)(1_p;)

4 Z Z mi(log((1 — €)p;;) + 1)(p3;)

i=1 j=1ji

Using the fact that pj, = 0, we get

aH”—(P*) = —m(log(e) + 1)
Oe
— Y mlog ((1—e)py + ) + 1)(1 — pjy)
i=1,i#k
S mllog((1— ) + 1))
i=1 j=1,j#i

Hence we obtain

%(’Hw(]s*(e)) — Hr(P")) = ~mi(log(c.) + 1)

= 37 m(log (1= ey + e + 1) (1 p})

i=1,i%k
£330 3 mlos((1 - e + iy

i=1 j=1j#i

Since ¢, € (0, 5) and p}; # 0, for every i # k, the term > ki Tillog (1 —c)py; +1) +1)(1—
p;;) is bounded. Similarly, since for every i # j, pj; # 0, the term > >, mi(log((1 —

Ce) p;‘j)—i—l) pfj is bounded. Thus, by choosing € small enough, one can make ¢, small enough
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and, therefore, the term —m;(log(c.) + 1) large enough. Thus, there exists € € (0, 3)
such that

H.(P*(€)) — H(P*) > 0, for all € € (0, €*].

This is a contradiction, since we assumed that P* is the solution to Problem [2| It is
straightforward to generalize this argument to the case when we have more zeros on the
diagonal of P* Therefore, all the diagonal entries of P* are strictly positive.

Next, assuming that all diagonal elements of P* are positive, we show that, for every
i,J with ¢ # j, if a;; > 0, then pj; > 0. Assume that there exists exactly one pair (k1)
such that ay; > 0 but pj; = 0. We try to find a contradiction. Define the matrix I' € R™*"

with all zero entries except for:

Tk Tk
Iip=-1, T'y=1, I'yp=—, andIly=—-——.
T Uy

m
) mpl Ty

Define n = min{% }. For every e € [0,n), we define the matrix function
P*(e) = (1 — €)P* + ¢I. One can show that, for every e € (0,7), we have P*(e) > 0.
Moreover, for every ¢ € (0,7), we have pj; > 0 if {i,j} is an edge of G and pj; = 0
otherwise. One can check that P*(e)1, = 1, and 7' P*(¢) = 7. This implies that, for
every € € (0,7), the matrix P*(¢) is in the feasible set of Problem . By the Mean Value

Theorem [147, Theorem 5.10], for every € € (0,7), there exists ¢, € (0, €) such that

Mo (P (€)) — Ho(PY) = m‘g—(f*) ‘

Ce
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Using the chain rule, we compute

a |

) non P O
(He(P(e) =) = 303 P

i=1 j=1 ce

= —mi(log(ce) +1) +mi(log((1—ce)ppy —ce) + 1) (1+pi)

* Uy Tk *
~ malog(1 ~ cpi + e + 1 (;l - plk)

* Tk * Tk
+ m(log((1 — co)pj — —cc) + 1) (pll + _>
i i

+ 33T mllog((1 - epyy) + 1)pj (4.16)

ig{k,1} jE{k,1}

Note pj; = 0 if and only if (i, j) = (k,[). Since c. € (0,7), by choosing € small enough,
one can make —(log(c.) + 1) large enough while the remaining terms in the right hand

side of (4.16)) are bounded. Therefore, there exists €* € (0,7) such that

H.(P*(e)) — H.(P*) >0, for all € € (0, €].

This contradicts the fact that P* is the solution to Problem [2 The generalization of this
argument to the case where we have more zeros in P* is straightforward. Hence, pj; = 0

if and only if {7, j} is not an edge of the graph G. [

4.4.2 Main result

Having motivated the problem of finding the maximum entropy Markov chain subject
to graph and stationary distribution constraints and having obtained some preliminary

results, we finally present the solution to Problem

Theorem 11 (Maxentropic Markov chains with prescribed stationary distribution)

Consider a symmetric, irreducible, binary matrizx A € {0, 1} with unit diagonal en-
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tries and a positive vector m € interior(A,). Let x = ¢, (n) denote the solution to

[x]Ax = m (whose existence, uniqueness, positiity, and computation algorithm are given
in Theorems @ and @

Then the maxentropic Markov chain over G with stationary distribution 7 is

P =®a(¢y (7)) = [Az] " Ala]. (4.17)

Moreover, P* is reversible and its entropy rate is

H(P*) = —2x" Alx]log(z) 4+ 7" log(r). (4.18)

We postpone the proof of this theorem to Section [4.4.4]

Remark 8 Theorem implies the following result: if G has self-loops at each node,
then, for all w € interior(A,,), there exists at least one Markov chain over G with sta-

tionary distribution . o

We provide a corollary describing notable choices of the maxentropic vector in The-

orem [Tl

Corollary 4 (Remarkable special cases) Given a symmetric, irreducible, binary ma-
triz A € {0, 1} with unit diagonal entries, let d = Al,, and D = [A1,,] denote its degree

vector and matriz, and let v and \ denote its dominant eigenvector and eigenvalue. Then

(i) the mazentropic Markov chain with stationary distribution (1'd)= d is
P*=®,(1,) = [A1,] ' A,
with entropy rate

H(P*) = (1,d)""d" log(d);
93



Markov chains with Maximum Entropy Rate Chapter 4

(This is the so-called equal neighbor random walk.)

(ii) the mazentropic Markov chain with stationary distribution vov/||vov|; is

P — Dv) = %[v]_lA[v],

with entropy rate
H(P*) = log \;

(This is the mazentropic Markov chain characterized in Theorem[f] as the solution

to Problem|1])

(iii) if A= 1,17 and 7 is arbitrary, then the mazentropic Markov chain over the com-

plete graph with stationary distribution 7 s
P*=®,(1) =1,7",

with entropy rate

H(P*) = —7" log(n).
(The mazxentropic vector for the complete graph is shown to be 7 in Theorem @ )

Finally, we present an interesting property associated with maxentropic Markov

chains with prescribed stationary distribution, that is an extension of Theorem |6{(ii)}

Lemma 5 (All allowed permutations of a walk are equiprobable) Under the same
assumptions as in Theorem [11], consider a start node i and a final node j on the graph
G for which there exists a path i,ly,ls, ... lk,J and a pathi,o(ly),0(l2),...,0(ly),j for a

permutation o. The following equiprobable path traversal property holds for maxentropic
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Markov chains:

Pi =l —le— ... >l —J]

=Pli —»o(ly) > o(ls) > ... > a(ly) — j].

We postpone the proof of this lemma to Section [4.4.4]

Figure 4.1: The maxentropic Markov chain satisfies a weak version of equiprobability:
the probability of a walk through a set of nodes is equal, irrespective of the order of
the nodes. The probability of the red and blue walks depicted here are equal for a
maxentropic walk.

4.4.3 Computational complexity

In this subsection we show how our proposed procedure to compute maxentropic
chains with prescribed stationary distributions is useful not only to reveal their structure
and properties but also serves as a valuable method in terms of reducing computational

complexity. In short our claim is that:

To compute mazentropic Markov chains (as in Problem @, the linear itera-
tion ([(L.8) and equality (A.17)) (as stated in Theorem[11]) are in general com-

putationally faster than general-purpose convex program solvers.

We establish this claim in two ways. First, we consider a variety of graphs, we
fix a given tolerance, and we observe empirically that that our proposed method has

significantly smaller runtimes than the standard CVX solver, see Table [4.1]
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Graph Linear itera- | Newton- CVX
tion (4.8) &|Raphson
equality (4.17) |iteration (4.9)
Line 0.02s 0.01s 44.24s
Star 0.23s 0.01s 54.97s
Ring 0.02s 0.01s 37.53s
Lattice 0.01s 0.02s 40.42s
Complete® |0.01s 0.03s 575.58s

Table 4.1: Average runtimes of various methods over 100 runs on standard graph
topologies with 100 nodes to compute maxentropic Markov chains with a randomly
chosen stationary distribution for each run. Tolerance is fixed as 10~ in all cases.

Computations were performed on a 2.9GHz processor.

*We delete one edge from the complete graph as the iteration in Theorem [J] starts with the

solution to the complete graph.

Second, we analyze the computational complexity of the competing algorithms in

their two parts: the cost per iteration, and the number of iterations required to get

to within a specific tolerance of the optimal solution. In what follows we analyze each

algorithm and report the results in Table

Method Cost per iteration No. of iterations
Linear iteration &|O(n) — O(n?) O(1)-O(n)
equality (4.17)

Newton-Raphson itera-|O(n?) o(1)*

tion

CVvX O(n®)-0(nb) O(y/n)

Table 4.2: Computational complexity of various method to compute maxentropic
Markov chains with given stationary distribution.

* We can prove this bound for sparse graphs and in simulations the bound holds for complete

graphs.

For the linear iteration (4.8) in Theorem [J] each iteration consists of only matrix

multiplications with the adjacency matrix or a diagonal matrix, whose cost per iteration

is O(n) when the adjacency matrix A is sparse and O(n?) when A is dense. Also, a

careful study of the Banach Fixed Point Theorem and the estimates in Theorem [ shows

that the number of iterations for a fixed tolerance depends on the maximum degree of

nodes in the graph. In particular, it can be shown that for sparse graphs such as ring

graphs and lattice graph, where the maximum degree does not change with the size of
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the graph, the number of iterations is O(1). However, for star graphs and dense graphs
such as the complete graph, the number of iterations is of order O(n). In short, the
effective worst case complexity across graph topologies for a fixed tolerance is O(n?).

For the Newton—Raphson iteration , the factorization of the Jacobian at each
step leads to O(n?®) number of operations for each iteration. It can be shown that the
number of iterations necessary to obtain a solution within a fixed tolerance is O(1) for
sparse graphs. In simulations it is observed that the number of iterations is only weakly
dependent on the problem size even for dense graphs and is essentially a constant. We are
unable to provide an effective worst-case analysis for the number of iterations necessary
when the topology is dense, but across different graph topologies it appears safe to assume
that the worst case complexity for fixed tolerance is O(n?).

In general using a convex program solver would be computationally more expensive
as the search space for the convex program is RZ), where m = n*> — (2n — 1) — n,,
where n, is the number of edge constraints. Note that the stationary and stochastic
constraints in equations and effectively sum up to 2n — 1 constraints (it can
be shown that one of the constraints is redundant). When the graph is sparse m = O(n),
otherwise m = O(n?). Interior point methods used by convex program solvers would need
to compute the factorization of an O(m) x O(m) matrix at every iterations resulting in
a runtime complexity for each iteration of O(n?) for sparse graphs and O(n®) when
the graph is dense (see refs. [148, [149]). The worst-case dependence on problem size
is O(y/n) [150]. Even assuming a constant dependence on problem size as is observed
in practice in most semidefinite program interior point solvers, the effective worst-case
runtime complexity for fixed tolerance is O(n?) for sparse graphs and O(n°) for dense
graphs. Also, note that CVX uses a successive approximation scheme to approximate
exponential and logarithmic functions [I45, Section 11.3]. While this does not affect

the computational complexity of the procedure, there are no theoretical guarantees for
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convergence to the optimal solution for such an approximation.

Although this chapter presents numerical comparisons only with general purpose
convex program solvers, we note that convex programs with linear constraints can be
solved efficiently using first-order methods such as mirror descent [I51]. Such methods
have the same worst-case computational complexity as our proposed linear iteration (4.8]).
We expect our linear iteration to have lower constant factors than first-order methods for
dense graphs for the following reason: as our linear iteration operates on an n-dimensional
manifold whereas any first-order convex programming method operates on the space of

transition probabilities which is O(n?) for the case of dense graphs.

4.4.4 Proofs

Consider a Markov chain with transition matrix P on a graph G with binary adjacency
matrix A. Let the random variable Y; denote the observed transition on the graph G at
time ¢ which can assume values on {1,...,m}, where m = ;> a;; is the total number
of edges in the graph. If P is an irreducible Markov chain with stationary distribution 7,
then for very large times ¢ the probability that a transition from node ¢ to node j occurs

is given by
lim P[Y; = {7, j}] = lim (P[X¢11 = j | X; = i|P[X; = i]])
t—o0 t—o0
=P[Xp1 = j | X, = i] lim PLX, = i] (4.19)
—00
= TiPij-
This calculation motivates the following definition.

Definition 1 For an irreducible transition matriz P with stationary distribution 7, de-
fine the ergodic flow matrix by

Q = [1]P. (4.20)
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Remark 9 The ergodic flow matriz ) s symmetric if and only if the associated Markov

chain P s reversible. o

Let ¢;; denote the entries of (). Note that g;; is the probability associated with observing
a transition along an edge (i,j) at very large times t according to the calculation in
equation (4.19)) and the sum of this probability over all edges is 1. The entropy associated

with this random variable is

H(Q) == aylog(gy). (4.21)

i.j=1

Lemma 6 (Relation between entropy rate and entropy of ergodic flow matrix)

For an irreducible transition matriz P with stationary distribution ,
Ha(P) = H(Q) — H(m), (4.22)
where H(m) = > m; log(m;).

)

Proof: 'The entropy rate of an irreducible Markov chain P with a stationary distri-

bution 7 is given by

Hr(P)=— Z TiPij 10g pij

ij=1

= _ Z Wipij(log('/ripij) — log(m;))

i,j=1

S Z ¢ij log(qi;) + Z%‘ log(m;)

ij=1 i

— H(Q) — H(m).
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Consider the convex program which maximizes the entropy of the random variable

associated with the ergodic flow matrix.

Problem 3 (Maximize entropy of ergodic flows) Given a connected undirected un-
weighted graph G and a positive vector w € interior(4,,), compute the ergodic flow matriz

Q € R™" satisfying

max  H(Q) (4.23)
subj. to Q >0, (4.24)
gi; = 0, if {i,j} is not an edge of G, (4.25)

Q1, =, (4.26)

Q'L =m. (4.27)

Note that the matrix () is well-defined only when its associated transition matrix has a
stationary distribution 7. Hence an optimization algorithm might encounter instances
where ¢;; = 0 when a;; = 1 and hence its associated transition matrix is possibly re-
ducible. In such a case the matrix ) might not have the correct interpretation as the
ergodic flow matrix associated with its transition matrix P. However, as a result of
Theorem we are guaranteed that the optimal solution Q* will have the appropriate
interpretation as the ergodic flow matrix associated with its transition matrix P*. Fur-
ther, since the ergodic flow matrix and its associated transition matrix are closely related

we have the following result.

Lemma 7 (Equivalence of Problem 2| and Problem [3)) Given a stationary distri-

bution w, Problem[3 is equivalent to Problem|[3 in the following sense:

(i) if p;; is the optimal solution to Problem@ then qi; = mp;; is the optimal solution

to Problem[3, and
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(i) if q;; 1s the optimal solution to Pmblem@ then p;; = qu/wi 15 the optimal solution
to Problem 2

Proof:  First, we shall show that the constraints (4.12)-(4.15) in Problem [2| are
equivalent to constraints (4.24])-(4.27)) in Problem |3| Note that equation (4.20) and the
fact that 7 € interior(A,,) implies that () has the same zero/positive pattern as P. Hence

constraints (4.12)), (4.13) are equivalent to constraints (4.24)), (4.25)) respectively. Note

that
pPl,=1, = [r|Pl,=[r]1, = Ql,=m.

Hence constraint (4.14]) is equivalent to constraint (4.26]). Also constraint (4.15)) is equiv-

alent to
Pir=P'7 = P'rl,=7 = Q'l,=n.

Hence constraint is equivalent to constraint . This completes the proof of
equivalency of constraints.

Second, we shall show that the maximization of the objective function in Problem
is equivalent to the maximization of the objective function in Problem [2| subject to the
same constraints. For a given stationary distribution 7, as a result of Lemma @ H(P)
and H(Q) differ by a constant quantity H (7). Hence the maximization of the objective
functions in the two problems are equivalent. Given an optimal solution P* to Problem

one can construct an ergodic flow matrix Q* using equation (4.20) and vice-versa. Thus

and hold. ]

Problem 4 (Relaxed convex program to maximize entropy of ergodic flows) Given

a connected undirected unweighted graph G and a positive vector w € interior(4,,), com-
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pute () such that

max  H(Q) (4.28)
subj. to Q >0, (4.29)
¢i; =0, if {i, 7} is not an edge of G, (4.30)
Ql, +Q'1, =2r. (4.31)

One can show that when the graph G has self-loops at each node, the optimal values

of Problem [l and Problem [4] are the same.

Theorem 12 (Equality of solutions to Problem [3| and Problem Let G be a con-
nected undirected graph with self-loop at each node, A be the binary adjacency matric
associated to G, and 7 € interior(4A,) be a positive vector. Denote the optimal value of
Problem[4) by Q: and the optimal value of Problem[3 by Q*. Then the following statements
hold:

(i) Qr =@,
(i1) there exists a vector v € R such that Q* = [z]Alx].

Proof:

Note that graph and stationary constraints are identical in both problem formulations.

Further constraint (4.31) in Problem [4]is obtained by adding (4.26)) and ({£.27)). Therefore,

the feasible set of Problem {]is larger than the feasible set of Problem [3[and thus we have

H(Q") < H(QY).
Using similar arguments to the proof of Theorem , one can show that if Q; = [gj}]

is the solution for Problem , then we have ¢;; > 0 if and only if a;; = 1. This implies
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that Q7 is the critical point of the Lagrange dual function £ : Rl x R — R defined by

LQ,N) =— Z gijlog qij — Z Z Ail¢i + g — 2m),

{igte€ i=1 {ij}e€

where £ is the edge set of the graph . Setting the partial derivatives of L to zero, for

every {i,j} € £, we obtain

oL
8%’]’

Introducing new Lagrange multipliers \; = \; + 1 /2, the solution QF = [qz*j] satisfies
¢ = i exp_;\i exp_:\j.
Let 2; = exp™™ then qi; = airir; or in matrix notation Q = [r]A[z]. Substituting

this solution into the constraints in Problem E| and using the fact that a;; = aj;,

E aija:ia:j + E ajl-a:ja:i = 27TZ'
J J

- I; E Qi Tj = T
J

= [z]Az = .

Note that A is symmetric, binary matrix with unit diagonal entries. Thus, by Theorem 3]
there exists a unique z* € R%, such that [z*]Az* = 7. Therefore the global maximum of

the concave function H is given by

Q= [x"]Alz"]. (4.32)

r

One can verify that the solution @ also satisfies constraints (4.26)) and (4.27) in Prob-
lem [3] This, together with the fact that the feasible set of Problem [ is larger than the
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feasible set of the Problem [3| implies that @} = Q*. This completes the proof of the
part . Part of the theorem follows from part |(i)| and equation [4.32] [ |
Now we have the requisite results to prove Theorem [I1]

Proof: [Proof of Theorem 11| Using Lemma and Theorem , the solution P* = [pj]
to Problem [2 is given by p}; = (Az); 'a;x; or in matrix notation as P* = [Az| " Alz] =
®4(x). Also as a result of in Theorem P* is reversible.

The entropy of the ergodic flow matrix Q* is given by

HQ)=— a;logg

ij=1

= — Z a;;xiv;(log x; + log ;)

3,j=1

- _Qin Zaijxj log(z;) = —2x " A([z] log(x)).

The entropy rate of P* is given by H,(P*) = H(Q*) — H(w). The quantity H(w) =
—n " log 7 in vector notation and hence the result in equation ([4.18)). |
Proof: [Proof of Lemma [5] Note that from equations (4.20)) and (4.32)) we can write
the probability of transition from s to t as
Astl st

Pst = .

s

For the sake of brevity let o,, = o(l,,) for every 1 < m < k. Consider the probability of
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any valid permutation of the path ¢,1;,1ls,...,[;, 7 being traversed. This is given by

TiTg1 Ty Ty - - - L T

Dic1Poioy - - - Popj = Qic1Qoog + - - oy j
TiToy Ty - - - Moy,
2 .2 2
xlxj 5(1011'02 “e '/I/‘O'k

T oMoy - Tg

= pijpo1a1p020'2 .. -pakak-

The quantity pe,o,Posos - - - Dopoy, 18 ivariant to permutations of the sequence {l,, }1<m<k-

Hence all such paths are equiprobable. |

4.5 Application to robotic surveillance

In this section, we apply maxentropic chains with non-uniform stationary distribu-

tions to the design of robotic surveillance strategies over graphs.

4.5.1 Setup

We consider scenarios in which (i) surveillance agents move on a roadmap (i.e., an
undirected graph) according to a discrete-time random walk, (ii) intruders appear at
random locations on the roadmap at random times, (iii) intruders can observe the local
presence/absence of the surveillance agent(s) and decide when to attack and (iv) the
intruder attack is detected precisely when a surveillance agent and the intruder are at
the same location during the intruder attack. We consider the following settings: a
single agent on a ring, a single agent on a lattice (see Fig. , and multiple agents on

a partitioned map of a realistic environment (see Fig. [4.3)).
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Figure 4.2: Comparison of maxentropic Markov chain strategy with minimum hit-
ting time strategy. The size of the nodes indicate the stationary distribution value
associated with the node and opacity of arrows indicate magnitude of transition prob-
ability. The worst hitting time for the minimum hitting time Markov chain is denoted

by max h;;.
1/7]
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4.5.2 Intruder models

Given a probability vector m € A,,, we consider the following intruders models.

(i) The Random Intruder: The random intruder has no knowledge of the position of
the surveillance agent(s). Such an intruder selects a node i with probability m;. The
attack takes an arbitrary duration which is quantified by the number of transitions

performed by the agent(s).

(ii) The Intelligent Intruder: The intelligent intruder selects a node i with probability
m;, waits for a/the surveillance agent to arrive at the node, and commences an
attack lasting for an arbitrary duration in the timestep immediately following the
visit of the surveillance agent. The attack duration is quantified by the number of
transitions performed by the agent(s). (Intelligent intruders have been previously

studied for example by [51], [54].)

We visualize and design the probability vector 7 as follows. In Fig. the size of
the nodes depicts the importance of the node and hence the desired visit frequency.
For the ring graph, the north, east, west and south nodes have been assigned twice the
priority of the remaining nodes. For the lattice graph, the central node has twice the
priority of the peripheral nodes. In Fig. [£.3] which depicts the multi-agent case, we pre-
partition the graph for four agents and specify visit frequencies such that all nodes have
the same priority. Equal priority with overlapping subgraphs is achieved by specifying a
non-uniform visit frequency for each agent on their individual subgraphs. We do this by

splitting the visit frequency load equally between the agents for shared nodes.
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4.5.3 Surveillance strategies

First, we assume that the intruders and surveillance agents assign the same level of
priority to nodes in the graph. In other words, visit frequencies by surveillance agents
are biased in a manner so as to be proportional to intruder attacks. Second, we consider

two policies for the surveillance agent:

(i) The maxentropic agent: The surveillance agent adopts a policy which is the max-
entropic Markov chain with visit frequencies proportional to the importance of the

node, i.e., the solution described in Theorem [I1]

(ii) The minimum hitting time agent: Let {h;;(P)};; denote the matrix of mean hitting
times for the Markov chain modeled by the transition matrix P. Consider the

following optimization program.

Problem 5 (Nonlinear program to minimize mean hitting time) Given a
connected undirected unweighted graph G and a positive vector w € interior(A,,),

compute P such that

min Z Z Wiﬂjhij (P)
i g
subj. to P >0,
pij = 0, if a; =0,
Pl,=1,,

T P=nx'".

The solution to this nonlinear program is the Markov chain adopted by the mini-
mum hitting time agent. The numerical optimization is conducted using a sequen-

tial quadratic programming solver as implemented by the KNITRO/TOMLAB
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Figure 4.3: Comparison of maxentropic Markov chain strategy with minimum hitting
time strategy for the multi-agent case on a partitioned graph. The color(s) of the
node indicates which agent(s) are surveilling the node and the opacity of the arrows
indicate transition probabilities.

package; for the graph sizes of interest here, this package reliably computes the
global minimum solutions. This nonlinear program is identical to the formulation

in [53, Problem 1] for a single agent.

For the multi-agent case, each agent performs either the maxentropic Markov chain
strategy or the minimum hitting time strategy on their respective subgraphs. There is no
actual coordination among the agents (except the joint specification of individual visit

frequencies).

4.5.4 Simulation Results

Results for Random Intruders. For the random intruder, for all choices of visit fre-
quencies on a variety of graph topologies, we find that the minimum hitting time agent
outperforms the maxentropic agent for all attack durations. The minimum hitting time
Markov chain results in faster travel times through the graph. In the absence of knowl-
edge of attack durations, simulations indicate that a strategy with emphasis on fast travel

times (small hitting times) performs better than one with emphasis on unpredictability
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such as the maxentropic chain. Maxentropic Markov chains by their reversible nature
have mixing times of O(D?) where D is the diameter of the graph [152]. For reversible
Markov chains bounds exist on the mixing time and the mean hitting time showing that
these notions are equivalent [123]. Thus the maxentropic agent has mean hitting time
O(D?) whereas it is likely that minimum hitting time agent achieves hitting times of
O(D) in all cases, though such a result remains to be proved.

Results for Intelligent Intruders. For the intelligent intruder with relatively short
attack durations, we note that the maxentropic strategy outperform the minimum hitting
time strategy. It stands to reason that, for attack durations larger than the worst hitting
time of the chain, the capture of the intelligent intruder is very probable for the minimum
hitting time strategy (capture is certain for cases on the ring with uniform stationary
distribution where the minimum hitting time strategy is a clockwise or a counterclockwise
traversal). In simulations, it is observed that for attack durations which are larger than
the worst hitting times of the minimum hitting time chain, the minimum hitting time
strategy performs better (see Fig. [4.2). Analysis of the hitting times of the maxentropic
chain might reveal an exact condition of the regime of attack durations wherein each
strategy leads to higher capture rates.

We summarize these results in Table [4.3] In short, these results indicate that intro-
ducing unpredictability into surveillance strategies is appropriate in the important and
realistic setting where (i) the intruder uses knowledge of the agents’ locations to plan its
attacks (e.g., attacking as soon as an agent leaves), and (ii) attack have sufficiently short
duration so that they are not detectable by simple fast surveillance agents.

Random Intruder Intelligent Intruder
Maxentropic Agent | Low capture rate High capture rate when
attack duration is low
Min. Hitting Agent | High capture rate High capture rate when
attack duration is high

Table 4.3: Qualitative summary of results for intruder and agent models.
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4.6 Summary

In this chapter we considered the optimization problem of maximizing the entropy
rate of a Markov chain with prescribed stationary distribution. We showed this problem
is strictly convex with a unique global optimizer. We provided a fast iterative algo-
rithm with rigorous convergence guarantees to compute the so-called entropic vector; as
a function of this entropic vector, we provide a closed-form formula for the maximum
entropy Markov chain with prescribed stationary distribution. We then characterized
several properties of maxentropic chains. The interest for Markov chains with maxi-
mum entropy and prescribed stationary distributions arises naturally in robotic surveil-
lance; accordingly we showed some realizations of optimal chains for prototypical robotic

roadmaps.
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Chapter 5

Markov Chains with Maximum
Return Time Entropy

5.1 Introduction

5.1.1 Problem description and motivation

Given a Markov chain, the first return time of a given node is the first time that
the random walker returns to the starting node; this is a discrete random variable with
infinite support and whose randomness is measured by its entropy. In this chapter, given
a strongly connected directed graph with integer-valued travel times (weights) and a
prescribed stationary distribution, we study Markov chains with maximum return time
entropy. Here the return time entropy of a Markov chain is a weighted average of the
entropy of different states’ return times with weights equal to the stationary distribution.

We design stochastic surveillance strategies with an entropy maximization objective in
order to thwart intruders who plan their attacks based on observations of the surveillance
agent. The randomness in the first return time is desirable because an intelligent intruder
observing the inter-visit times of the surveillance agent is confronted with a maximally
unpredictable return pattern by the surveillance agent. The maximization of randomness

in return times is expected to be more effective than maximization of unpredictability
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in the sequence of locations as achieved by the maximum entropy rate Markov chain in

chapter [4

5.1.2 Organization

This chapter is organized as follows. We formulate the return time entropy maxi-
mization problem in Section [5.2] We establish the properties of the return time entropy
in Section The approximation analysis and the gradient formulas are provided in
Section [5.4f We present the simulation results regarding the robotic surveillance problem
in Section Section [5.6] concludes the chapter.

5.1.3 Notation and useful lemmas

Let R, Z>q, and Z~( denote the set of real numbers, nonnegative and positive integers,
respectively. In addition to building on matrix notation from the previous two chapters,
we utilize the notation [S] to denote a diagonal matrix with diagonal elements being S
if S is a vector, or being the diagonal of S if S is a square matrix. The following lemmas

are useful.

Lemma 8 (A uniform bound for stable matrices [153, Proposition D.3.1]) Assume the

matrix subset A C R™ ™ is compact and satisfies

= A) < 1.
pa = max p(A)

Then for any X € (pa, 1) and for any induced matriz norm || - ||, there exists ¢ > 0 such
that

|AR|| < ek, forall A€ A and k € Zso.
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Lemma 9 (Weierstrass M-test [147, Theorem 7.10]) Given a set X, consider the se-
quence of functions {fyx : X — R}rez.,. If there exists a sequence of scalars {M), €

IR}k?eZ>() SatZSfyan ZZO:]_ Mk < 0 (an

|fe(x)] < My, forallx e X k€ Zsy,

then > oo | fi converges uniformly on X.

Lemma 10 (Geometric distribution generates mazimum entropy [154]) Given a discrete

random variable Y € Z~o and E]Y| = p > 1, the probability distribution with mazimum

entropy 1S
1,41
PY =kl =(1—-=)""=, k€ Zs,
pwooop
with entropy
H(Y) = plogp — (p— 1) log(p — 1). (5.1)

5.2 Problem formulation

We introduce definitions and some preliminary results which lead to the formulation

of the maximum return time entropy problem.

5.2.1 Return time of random walks

In this chapter, we consider a strongly connected directed weighted graph G =
{V,E,W}, where V' denotes the set of n nodes {1,...,n}, &€ C V x V denotes the
set of edges, and W € ZL§" is the integer-valued weight (travel time) matrix with w;
being the one-hop travel time from node i to node j. If (i,7) ¢ &, then w;; = 0; if

(i,7) € &, then w;; > 1. Let wmax = max; j{w;;} be the maximum travel time.
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Given the graph G = {V, &, W}, let X, € {1,...,n} denote the location of a random
walker on G following a transition matrix P at time k € Z>(. For any pair of nodes
1,7 € V, we recall that the first hitting time from ¢ to j, denoted by Tj;, is the first time

the random walk reaches node j starting from node ¢, that is

k—1

k'=0

In particular, the return time T;; of node i is the first time the random walk returns to
node i starting from node 7. Let the (7, j)-th element of the first hitting time probability
matrix Fy denote the probability that the random walk reaches node j for the first time

in exactly k time units starting from node i, i.e., Fy(¢,7) = P[T;; = k.

5.2.2 Return time entropy of random walks

For an irreducible Markov chain, the return time Tj; of each state i is a well-defined

random variable over Z-,. We define the return time entropy of state ¢ by

H(T;) = — iP[Tu = k]log P [T3; = k]

k=1

==Y Fili,i)log Fy(i, i), (5.3)

k=1

where the logarithm is the natural logarithm and 0log 0 = 0.

Remark 10 (Coprime travel times) The return time entropy of states does not change
when we scale the travel times on all edges simultaneously by the same factor. Therefore,

we assume the weights on the graph are coprime.

Definition 2 (The set of Markov chains e-conforming to a graph) Given a strongly con-

nected directed weighted graph G = {V,E, W} with n nodes and the stationary distribution
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m > 0, pick a minimum edge weight € > 0, the set of Markov chains e-conforming to G

1s defined by

7)5771. = {P S Ran‘pij Z € Zf (Z,j) € 8,

Pl,=1, 7" P=x'}.

Definition 3 (Return time entropy) Given a set Pg ., define the return time entropy

Junction J : PG . — Rxo by
J(P)=>_ mH(T;). (5.4)
i=1

Remark 11 (The expectation of the first return time) For an irreducible Markov chain

defined over a weighted graph with travel times, [52, Theorem 6] states

E[T;] = M, (5.5)

U

where o is the Hadamard element-wise product. For unitary travel times, this formula
reduces to the usual E[Ty;] = 1/m;. In both cases, the first return times expectations are

inversely proportional to the entries of m.

In general, it is difficult to obtain the closed-form expression for the return time

entropy function.

Examples 13 (Two special cases with unitary travel times) The elementary proofs of

the following results are omitted in the interest of brevity.

(i) (Two-node complete graph case) Given a two-node complete graph G with unit
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weights, if the transition matriz P € P§ . has the following form

P11 P12
P = ,

P21 P22

then the return time entropy function is

J(P) = —2mip11 log(pi1) — 2mapas log(paz)

— 2m1p12 log(pia) — 2mapar log(par ).

(ii) (Complete graph case with special structure) Given ann > 2-node complete graph G

with unit weights and the stationary distribution m = %17” iof the transition matriz

P € P . has the form
P=(a—0b)I,+b1,1],

for any a >0 and b > 0 satisfying a + (n — 1)b = 1, then the return time entropy

function is

J(P) = —alog(a) — (n — 1)blog ((n — 1)b%)

—(n—=1)(1=05)log(1l —b).

In this chapter, we are interested in the following problem.

Problem 6 (Mazimization of the return time entropy) Given a strongly connected di-

rected weighted graph G = {V,E, W} and the stationary distribution = > 0, pick a mini-
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mum edge weight € > 0, the mazimization of the return time entropy is as follows.

maximize J(P)

subject to P € P

5.3 Properties of the return time entropy

5.3.1 Dynamical model for hitting time probabilities

In this subsection, we characterize a dynamical model for the first hitting time prob-

abilities and establish several important properties of the model.

Theorem 14 (Linear dynamics for the first hitting time probabilities) Consider a tran-

sition matriz P € R™™ that is nonnegative, row-stochastic and irreducible. Then

(i) the hitting time probabilities Fy, k € Z~q, satisfy the discrete-time delayed linear

system with a finite number of impulse inputs:

vec(Fy) = vec(P o 1y, 1mowy) + Z sz‘j<Ej ® eiejT) vec(Fr—w,; ), (5.6)

i=1 j=1

where E; = [1, — ;] € R™™, and the initial conditions are vec(Fy) = 0,2 for all

kE<0;

(11) if the weights are unitary, i.e., w;; € {0,1}, then the hitting time probabilities
satisfy
vec(Fy) = (I, ® P)(I,2 — [vec(I,)]) vec(F)_1), (5.7)

where the initial condition is F; = P.
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Proof: By definition in (5.2)), Fx(i,j) satisfies the following recursive formula for

Foiy§) = pijlg=uy + Y PinFoowg (b ), (5.8)
h=1,h#j

where 1, is the indicator function and Fj(i,5) =0 for all k <0 and 4,5 € V.

Let Dx(i) € R™"™ be a matrix associated with node i at time k that has the form
Z) = Z ejejTFk,wij,
JEN;

where N; is the set of out-going neighbors of node i. Then, (5.8) can be written in the

following matrix form

Fr=Polyair—wy+ Z ee] P(Dy(i) — [Di(i))). (5.9)

i=1

Vectorizing both sides of (5.9), we have

vec(Fy) =vec(P o1y, 1m—wy)

+ Z w ® e8] P)(I,2 — [vec(I,)]) vec(Dy (7).

Note that

vec(Dy(i)) = Y (I, @ eje] ) vee(Fi_y,),
JEN;

and

(12 — [vee(I)]) (I, ® ejejT) =FE;® ejejT.

Therefore, we have (5.6)).
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Moreover, if the travel times are unitary, then F; = P and

S pi(Ej®ee]) = (1, ® P)(12 — [vec(I,))). (5.10)
i=1 j=1
Thus, equation (5.7]) follows. [

The dynamical system can be transformed to an equivalent homogeneous linear
system by restarting the system at k = wj, with same system matrices and appropriate
initial conditions. Moreover, we can augment the system and obtain a discrete-time
linear system without delays. This equivalent augmented system is useful for example in

studying stability properties. For £ > 1, we have

vee(Friwpay) vel(Frtwma—1)
vee F Wmax — vece F Wmax —
) =v Fletuns-2) , (5.11)
vec(Fyyq) vec(Fy)
where ] )
d, D, e e cI)wmax
1,2 Op2xnz -+ <+ Op2yp2
U= 10,24,2 1,2 coe e Opaanz | (5.12)
0,,2 2
Op2xnz o+ o0 Lp Opagye)
and for h € [1, Wpax],
oy = Z Zpij(Ej ® eie;'r)]-{wijzh}- (5.13)
i=1 j=1

The initial conditions for ((5.11)) can be computed using (5.6). For brevity, we denote
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.
vee(Fipwpa—1) -+ vec(Fy)| by vec(Fy) "

Lemma 11 (Properties of the linear dynamics for the first hitting time probabilities) If

P € R™™ is nonnegative, row-stochastic and irreducible, then

(i) the matriz (I, ® P)(I,2 — [vec(1,)]) is row-substochastic with p((I, ® P)(I,2 —
[vec(I,)])) < 1.

(i) the delayed discrete-time linear system with a finite number of impulse inputs (5.6)

1s asymptotically stable;
(iii) vec(Fy) > 0 for k € Zso and Y-, vec(Fy) = L,24;.

Proof: Regarding (i), note that the matrix (I, ® P)(I,2 — [vec(I,)]) is block diagonal
with the ¢-th block being PFE;. Since P is irreducible, there is at least one positive entry
in each column of P. Therefore PE;’s are row-substochastic and so is (I, ® P)([,2 —
[vec(I,)]). By [B3, Lemma 2.2, p(PE;) < 1 for all i € {1,...,n} and p((L, ® P)(I,2 —
[vec(I,)])) = max; p(PE;) < 1.

Regarding (ii), since we can rewrite as with appropriate initial condi-
tions and ®;’s are nonnegative, by the stability criterion for delayed linear systems [155,

Theorem 1], (5.6)) is asymptotically stable if

Wmax

p((D2 @) = p((1 ® P) (L = [vee(1,)]) < 1,
which is true by (i).

Regarding (iii), first note that all the system matrices are nonnegative, thus vec(Fy) >

0 for all k € Z~(. Moreover, due to (ii), the delayed linear system (j5.6)) is asymptotically
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stable. Summing both sides of (5.6)) over k, we have

D vee(Fy) = vec(P)+ > Y pi(Ej®eie] ) Y vec(Fy)
k=1

k=1 i=1 j=1

= vec(P) + (I, ® P)(I,2 — [vec(I,)]) > vec(Fy),
k=1

which implies that Y .-, vec(Fy) = 1,24. |

5.3.2 Well-posedness of the optimization problem

We here show that the function J is continuous over the compact set P§ . Then,
by the extreme value theorem, J has a (possibly non-unique) maximum point in the set

and thus Problem [6] is well-posed.

Lemma 12 (Continuity of the return time entropy function) Given the compact set Pg .,

the following statements hold:

(i) there exist constants Apax € (0,1) and ¢ > 0 such that

max’

F(i,i) < ek forallk € Zso,i € {1,...,n};

(i1) the return time entropy functions H(T};), i € {1,...,n}, and J(P) are continuous

on the compact set Pg .; and

(ii1) Problem[d] is well-posed in the sense that a global optimum exists.

Proof: Regarding (i), for k > wys + 1, since the spectral radius p(¥) is a continuous
function of ¥ [124, Example 7.1.3], where VU is given in (5.12)), and V¥ is a continuous

function of P, p(¥) is a continuous function of P. Hence, by Lemma [11[ii) and the
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extreme value theorem, there exists a pp.x < 1 such that

max — v 1.
p pax p(¥) <

Therefore, for & > wy + 1 and ¢ € {1,...,n}, by Lemma , there exist ¢; > 0 and

Pmax < Amax < 1 such that

Fiu(i,0) < || vee (Fi—wpuet1)lloo
= [|(®)F e vee(F) || o

< [IR)* oo | vee(F1) oo

C]_ k

Awmax max
max

k—wmax __
< cl)‘max -

Let ¢ = max{ e, vmx }, then we have for k > wy, + 1,

Wmax Wmax
)\max ’ )\max

Cl k

max*

Fi.(i,i) < M < e

Wmax
max

For k < wyy,

CAF > e > > [ (44).

max

Therefore, we have (i).
Regarding (ii), due to (i), there exists a positive integer K that does not depend on
the elements of Pgm such that when k > K, cA\* < e”!'. Since z +— —xlogz is an

max

increasing function for z € [0,e7!], when k > K,

~Fii,i)log Fi(i.1) < —eMb log(eM,,) = M.
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For k < K, —F(i,1)log Fy(i,7) < e™' := Mj,. Then

K-1

—1
My, = K )
(&
k=1
and
Z My, = — Z C>‘Ik;1ax log(CAﬁlax)
k=K k=K
= —cloge Z A — clog(Amax) Z kAE
k=K k=K
)\K K K+1
= —C(m 10g(c)\max) + m log()\max)) . (514)
Hence,
oo K-1 oo
ZMk: Mk+ZMk<OO,
k=1 k=1 k=K

which holds for any 7 and any transition matrix in the compact set Pg .. By Lemma@ the
series — Y o~ | F(i,1)log Fy(i,4) converges uniformly. Since the the limit of a uniformly
convergent series of continuous function is continuous [I47, Theorem 7.12], H(T};) is
a continuous function on Pg . Finally, J(P) is a finite weighted sum of continuous
functions H(T};), thus J(P) is a continuous function.

Regarding (iii), because J is a continuous function over the compact set P§ ., the ex-
treme value theorem ensures that Problem @ admits a global optimum solution (possibly

non-unique) and is therefore well-posed. u
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5.3.3 Optimal solution for complete graphs with unitary travel

times

We here provide (1) an upper bound for the return time entropy with unitary travel
times based on the principle of maximum entropy and (2) the optimal solution to Prob-

lem [6] for the complete graph case with unitary travel times.

Lemma 13 (Mazimum achieved return time entropy in a complete graph with unitary
weights) Given a strongly connected graph G with unitary weights and the compact set

Pévﬂ'7
(i) the return time entropy function is upper bounded by

n

J(P) < =) (mlogm + (1 — m)log(1 — m;));
i=1
(ii) when the graph G is complete, the upper bound is achieved and the transition matriz

that mazimizes the return time entropy J(P) is given by P = 1,7 ".

Proof: Regarding (i), by Remark |11] n in the case of unitary travel times, we have
E[T;] = 1/m. Thus, Ty is a discrete random variable with fixed expectation, whose
entropy is bounded as shown in Lemma . For any transition matrix P € Pg ., the

return time entropy function J(P) satisfies

Z mH zz < Z TG maX{H( ll)}

_ Zm 1og— — (7; — l)log(;‘_li - 1))
- — Z (m log m; + (1 — m;)log(1 — Wi))?

where the third line uses (5.1)).
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Regarding (ii), when the graph is complete and P = 1,7 ", the return time Tj; follows

the geometric distribution:
IP’(T“ = k‘) = 7Tz(1 - 7Ti>k71.
Then by Lemma [I0} we obtain the results. |

5.3.4 Relations with the entropy rate of Markov chains

Given an irreducible Markov chain P with n nodes and stationary distribution m,

recall that the entropy rate of P is given by

n

H(P) = —ZWi pij log pi;.

i=1 =1

We next study the relationship between the return time entropy J with unitary travel

times and the entropy rate H.

Theorem 15 (Relations between the return time entropy with unitary travel times and
the entropy rate) For all P in the compact set PG . where G has unitary travel times, the

return time entropy J(P) and the entropy rate H(P) satisfy

H(P) < J(P) < nH(P), (5.15)

where n is the number of nodes in the graph G.

We prove this theorem The proof of the following theorem follows from Lemmas and
Lemma [L6] below.

Remark 12 Theorem establishes a large gap, possibly of size O(n), between H(P)

and J(P) and, thereby, optimizing H and J are two different matters altogether.
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First, we show that the return time entropy is upper bounded by n times of the
entropy rate. As in [67], we define a Markov trajectory from state i to state j to be a
path with initial state 4, final state j, and no intervening state equal to j. Let 7;; be the
set of all Markov trajectories from state i to state j. Let P [{] denote the probability of
a Markov trajectory ¢ € T;;; clearly Zée?;j P[¢] = 1. Let L;; be the Markov trajectory
random variable that takes value ¢ in 7;; with probability P [¢]. Finally, we define the
entropy of L;; by

H(Lij) = — Z P[Li = {]logP[Ly; = {].
EE'EJ‘

Lemma 14 (Entropy of Markov trajectories [67, Theorem 1]) For an irreducible Markov
chain with transition matriz P, the entropy H(Ly;) of the random Markov trajectory from

state 1 back to state i is given by

Through the entropy of the Markov trajectories, we are able to establish the upper

bound of the return time entropy in ((5.15)).

Lemma 15 (Upper bound of the return time entropy by n times of the entropy rate)

Gwen the compact set 73’5,7”

(i) the return time entropy is upper bounded by

J(P) <nH(P), forall P € Pg; (5.16)

(i) the equality in (5.16)) holds if and only if any node of the graph G has the property

that all distinct first return paths have different length, i.e., the return paths are
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distinguishable by their lengths, and in this case,

argmax J (P) = argmax H(P).
PEPg PEPg

Proof: Regarding (i), the return time random variable T;; is defined by lumping the

trajectories in T; with the same length,

PlTy=k= > PLi=1{), (5.17)
€T, 0=k

where |¢| denotes the length of the path . Note that

~P[Ti = k|logP [Ty =kl = —( > PLi=40)log( Y  P[Li=1])

LET5i,|t|=k L€Tis, )=k
<— Y P[Ly=1{logP[Ly;=1], (5.18)
CETsi|tl=k

where we used that (x + y)log(z + y) > xlogx + ylogy for z,y > 0. Since both the
return time entropy and the entropy of Markov trajectories are absolutely convergent,

we have
H(T;;) = — > P[Ty; = k]log P [T}; = k]

k=1

<=> Y (P[Li=1{logP[Ly;=1(])

k=1(eT;;,|0|=k

= H(Lii),
which along with Lemma [14] imply
J(P) < nH(P).
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0=
e

Figure 5.1: An example graph that satisfies the property in Lemma (m)

Regarding (ii), the inequality in ([5.16)) comes from the inequality . If any node
of the graph G has the property that all distinct first return paths have different length,
then the summation on the right hand side of only has one term and the inequality
in becomes an equality. On the other hand, if for some node of G, there are distinct
return paths that have the same length, then one needs to lump the paths with the same
length and the inequality in becomes strict. Moreover, if the equality holds, then

J(P) is a constant n times of #(P) and thus they have the same maximizer. |

Example 2 For the two-node case in Examples ( i), the return time entropy is twice
the entropy rate. This is not a coincidence since the 2-node complete graph satisfies the

property in Lemma (ii). Figure illustrates a graph with 4 nodes that also satisfies

the property in Lemma[15(i1).

In the rest of this subsection, we show that the return time entropy is lower bounded

by the entropy rate as shown in ([5.15)).

Lemma 16 (Lower bound of the return time entropy by the entropy rate) Given the

compact set P§

(i) the return time entropy is lower bounded by

J(P) > H(P), forall P € Pg,; (5.19)

(ii) the equality in (5.19) holds if and only if P is a permutation matriz.
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Proof: Regarding (i), note that the first hitting time 7;; from state ¢ to state j as
defined in (5.2)) is a random variable , whose entropy is H(7};). Then by definition, we

have in the case of unitary travel times,

H(Ti;) = —iP[Tm‘ = k|logP[T;; = k]
k=1

= —pijlogpij — (D DikaPrij) 1080 Piky P, ;)
k1#£j k175

7( Z pik1pk‘1k2pk2j)log( Z pik‘lpklkgpk‘gj)
k1,ka#3 k1,ka#j

—( D Pk PEa) 1080 Y Piky e Do)

ki km#j ki-km#j

Since x — —xz log x is a concave function, for x; > 0 and for coefficients «; > 0 satisfying

v, a; =1, we have

—(Z Q;T;) log(z a;x;) > — Z a;(x; log x;). (5.20)
i=1 i=1 i=1
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Thus, for m > 1,

~P[T; =m+11ogP [Ty =m+1]=—=( > DPiky - Phni)108( D Piky " Phonj)
I -

__(Zpikl Z Phiks " Phinj + Pij - 0)

k1#£j ka--km#j

108(>  Diky D Phiky Py + Dij - 0)
kii kaekm

Z_Zpikl( Z Pkiks """ Pkmj

ki#j ko km#j
. IOg( Z Pkiko ** 'pk’mj))
ko--km#j
== pit, P[Tky; = m]log P[Ty,; = m), (5.21)
k177

where the inequality uses equation ([5.20)). Summing both sides of ([5.21) over m for

m > 1, we have

H(Tij) = —pijlog pi; + Z .pile(Tku)

= —Pij logpw + Z pzk1H(Tk1j) - p”H(T'JJ) (522)

Let H(T') be a matrix whose (4, j)-th element is H(7;;). Then equation (5.22)) can be put

in the matrix form
H(T) > —Polog P+ PH(T) — P[H(T)], (5.23)

where the inequality and the log function are entrywise. Multiplying 7' from the left

and 1, from the right on both sides of (5.23]), we have

7 [H(T)]1, > -7 (Polog P)1,,
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which is J(P) > H(P).

Regarding (ii), if P is a permutation matrix, then J(P) = H(P) = 0. On the other
hand, if P is not a permutation matrix, then there exist 2 or more nonzero elements on
at least one row of P. In this case, the inequality in is strict for that row for some
m, which carries over to (5.22)). Thus, J(P) > H(P).

5.4 Truncated return time entropy and its optimiza-
tion via gradient descent

We now introduce the truncated and conditional return time entropy and setup a

gradient descent algorithm.

5.4.1 The truncated and conditional return time entropies

In practical applications, we may discard events occurring with extremely low proba-
bility. In what follows, we study the return time distribution and its entropy conditioned
upon the event that the return time is upper bounded. We first introduce a truncation
accuracy parameter 0 < n < 1 that upper bounds the cumulative probabilities of very

large return times and we define a duration N, € Z- by

N, = {wmﬂ ~1, (5.24)

N min

where T, = mineq,. 3 {m} and [-] is the ceiling function. It is an immediate conse-

quence of the Markov’s inequality that, given the fixed stationary distribution m, for all
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ied{l,...,n},

E|T: max
szm+ﬂs[d§ = <,
N’? + 1 Wi(Nn + 1)

where we used (5.5))

We now define the conditional return time and its entropy.

Definition 4 (Conditional return time and its entropy) Given P € P§ . and a duration

N,, the conditional return time T;; | T;; < N, of state i is defined by

k-1 k1
T | Ty < Ny = min{ E WX, Xy, | § wx,, X, < Ny,
k'=0 k'=0

sz@sz@kZl}

with probability mass function

Fr(i,17)

P[Tii:k’TiiSNn]:
o (i, 0)

Moreover, the conditional return time entropy function Jeond,y : 7757” — R s

n
Jeond,n(P) = ZmH(Tn' | T3 < Nyp)
i=1
n Ny .. ..
F F
_ _Zmz = K (4, 9) log - ke (4, 9)
. n n
=1 k=15 B (i, 1) S Fy(i, i)
k=1

k=1

Given the duration N,, Jeond,n(P) is a finite sum of continuously differentiable func-
tions and thus more tractable than the original return time entropy function 7 (P). Next,

we introduce a truncated entropy that is even simpler to evaluate.

Definition 5 (Truncated return time entropy function) Given a compact set Pg . and
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the duration N,,, define the truncated return time entropy function Junc, PG — Rxo

by
n Ny,
Firunea(P) = =Y _m Y Fyli,i)log Fy(i, ).
=1 k=1

The following lemma shows that, for small 7, the truncated return time entropy
Jiruney(P) is a good approximation for the conditional return time entropy Jeond,(P)-
Furthermore, when 7 is sufficiently small, the truncated return time entropy Jirunc,(P)

is also a good approximation for the original return time entropy function J(P).

Lemma 17 (Approzimation bounds) Given P € P and the truncation accuracy n, we

have

(i) the conditional return time entropy is related to the truncated return time entropy

by
jrunc P
\7trunc,77<P) + log(]- - 77) < \7C0nd777(P) < %n?s)’ (525)
(1) T(P) > Tivuncyn(P) holds trivially and if
Wnax 108 Amax
< 5.26
= Tonin (108 Amax — logc — 1)’ ( )
then
log(A-L
TUP) = Famen(P) < 2B (14 )2, (5.27)

where ¢ and Amax are given as in Lemma[19(i);

(iti) J(P) = Hm Teonap(F) = M Forunc(P).
n—07F

n—0+t
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Proof: Regarding (i), for Jeona,n(P), we have

n Ny .. ..
Fk(lvl) Fk(lal)
jcond,n(P) = - Zﬂ'i N, 1 N,
=hREL ST R0) Y Fr(i,i)
k=1 k=1
Ny
n Z Fk(Z’Z) IOng(l,Z) Ny
k=1 .
=S —1 Fy(d,
Son | F e R
=1 Z Fk(l,l) k=1
k=1
On one hand,
n Nn Nn
Jeondn(P) > = mi( Y F(iyi)log Fi(i,i) —log »  Fy(i,i))
=1 k=1 k=1
n Ny
> = " m Y Fil(i,i)log Fy(i,i) + log(1 — ). (5.28)
=1 k=1
On the other hand,
n 1 N"I
Feondn(P) < =D _miy——— > Fi(i,i) log Fy (i, )
=1 Z Fk(’L,Z) k=1
k=1 (5.29)
1 n Nn
- mi Y Fili;i)log Fy(i,i).
IR

Combining (5.28)) and ([5.29)), we have ([5.25)).
Regarding (ii), if 7 satisfies (5.26)), we have cAhix < e™. Then, following the same
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arguments as in the proof of Lemma (ii) and replacing K in ((5.14) with N, we have

j(P) - ujcrunc,n(P)

N Np+1
Amix N Amax
< — — 1 max gl max
< —c (1 . og(cAmax) + (1= Aman)? og(A ))
C)\I]ng
< 7m (Nn log()‘maX) + Amax log()‘ma") + log(c))
C)\ggx
< _m (NU log(/\max) + log(Amax»
max
clog(M\;ls N.
= (1 N

Regarding (iii), the results follow from ([5.25)) and (5.27)), respectively. Specifically, in
(5.27)), since 0 < Apax < 1, the error J(P) — Junc,y(P) goes to 0 exponentially fast as

n goes to 0 (N, — 00). |

5.4.2 The gradient of the truncated return time entropy

Lemma 17| establishes how Jirunc,n(P) is a good approximation to both of J(P) and
Jeondy(P). Since it is also easier to compute Jirunc,;(F) than the other two quantities,
we focus on optimizing Jiyunc,,(P) by computing its gradient.

For k € Z-y, define Gy, = 22U ¢ Re?xn® anq note

O vec(P)
G, = Ovec(Fy) Ovec(Fy) . Ovec(Fy) Ovec(Fy) | 5.30
k Op11 Op21 OP(n—1)n Opnn ( )

Lemma 18 (Gradient of the truncated return time entropy function) Given P € Pg .,

the matriz sequence Gy, in (5.30)) satisfies the iteration for k € Z~y,
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Wmax

G = [vec(Lpy,17=wy)] + Z DG

=1

+ ZZ EjFL,, ® L)[vec(ee] )1, -0}, (5.31)

i=1 j=1

where the initial conditions are Gy, = O,24,2 for k < 0. Moreover, the vectorization of

the gradient of Jirunc,y satisfies

n N,
8\7truncn i 8 Fk Z 7 long(z Z)) T
vec (T) ; Uy Zl aFk(l Z) Gk e(i*l)n+i7 (532)

where € _1yn+i € R™ and

OF(i,i) log Fy(i,i) | 1 +1og(Fk(i9),  if Fi(i,9) >0,

G
k(@9) 0, if Fy(i,i) = 0.

Proof: For k € Z~, according to (5.6, we have for p,, > 0,

o vec(Fy)

a - VeC(eu )l{k wuv} + ( ® euel—)r) VeC(Fk—’U)uv)
Puv

8 vec(Fi—w,;)

+Zzpz] ®ezj T?

=1 j=1

where the second term on the right hand side satisfies

(B, ® .8, ) vec(Fy_w,,) = vec(eye, Fi_w,,Ey)

= (Ekatwuv ® I,) vec(euevT).

Stacking 6VeC(F’“)’s in a matrix as ((5.30]), we obtain ([5.31]).

Since Jirune,n(P) only involves Fy(i,i) for ¢ = {1,...,n}, we only need the corre-
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sponding columns in G to compute the gradient, which is realized by multiplying the

standard unit vector as in ((5.32)). |

Remark 13 Iteration (5.31)) is an exponentially stable discrete-time delayed linear sys-
tem subject to and a finite number of impulse inputs and an exponentially vanishing input.

Hence, the state Gy — 0 exponentially fast as k — oo.

5.4.3 Optimizing the truncated entropy via gradient projection
Motivated by the previous analysis, we consider the following problem.

Problem 7 (Maximization of the truncated return time entropy) Given a strongly con-
nected directed graph G and the stationary distribution w, pick a minimum edge weight
e > 0 and a truncation accurate parameter n > 0, the mazimization of the truncated

return time entropy function is as follows:

mazimize  Jyunen(P),

subject to P € Pg .

To solve numerically this nonlinear program, we exploit the results in Lemma (18 and

adopt the gradient projection method as presented in [156, Chapter 2.3]:

1: select: minimum edge weight € < 1, truncation accuracy n < 1, and initial condition
Py in Pg

2: for iteration parameter s = 0 : (number-of-steps) do

3. {Gr}req,..,N,} = solution to iteration at P,

4: Ay = gradient of Jipuncn(Ps) via equation (5.32))

5. Py1 := projectionp, (Ps + (step size) - Ay)

6: end for
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We analyze the computational complexity of this algorithm. To compute step 3:,
we need to evaluate the right-hand side of equation by computing three terms.
For the first term, we need to do m comparisons, where m is the number of edges in
the graph (i.e., the number of variables in the transition matrix), and it takes O(m)
elementary operations. For the second term, note that the matrices ®; € R™**7* in-
troduced in equation ([5.13|) can be precomputed and is block diagonal with n blocks of
size n x n. Also note that Gj, € R"*" has only m nonzero columns. Thus, we need
O(wmaxmn?®) operations. For the third term, F}, is updated by equation , which
requires O(wpman?®) and is the main computational cost. Therefore, it takes O(wpypa,mn?)
to compute one update of iteration (5.31]). Thus, it takes O(N,wmaxmn®) elementary
operations to complete step 3:. In step 5:, we need to solve a least square problem with

linear equalities and inequalities constraints; which requires O(m3) [I57].

5.5 Numerical results

In this section, we provide numerical results on the computation of the maximum
return time entropy chain (Subsection [5.5.1)) and its application to robotic surveillance
problems (Subsection [5.5.2)). We compute and compare three chains:

(i) the Markov chain that maximizes the return time entropy (solution of Problem [f]),
abbreviated as the MazReturnEntropy chain. This chain may be computed for a
directed graph with arbitrary integer-valued travel times. Since we do not have
a way to solve Problem [0] directly, the MaxReturnEntropy chain is approximated
by the solution of Problem [7, which is solved via the gradient projection method.
Unless otherwise stated, we choose truncation accuracy n = 0.1. Note that
is quite conservative and the actual probabilities being discarded is much less than

0.1.
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(ii) the Markov chain that maximizes the entropy rate, as discussed in chapter , ab-
breviated as the MazFEntropyRate chain. Note, that this chain can be computed
for a directed graph with unitary weights via solving a convex program. If the
graph is undirected, the MaxEntropyRate chain can be computed efficiently via

the methods described in the previous chapter.

(iii) the Markov chain that minimizes the mean (weighted) hitting time known as the
(weighted) Kemeny constant, abbreviated as the MinKemeny chain. This chain
may be computed for a directed graph with arbitrary travel times via solving a
nonlinear nonconvex program [53]. We compute this chain using the solver imple-

mented in the KNITRO/TOMLAB package.

5.5.1 Computation, comparison and intuition

We divide this subsection into two parts. In the first part, we first compare 3 chains
on graphs that have unitary travel times. We then summarize several observations in
computing the MaxReturnEntropy chain. Finally, we visualize and plot the chains as well
as the return time distributions. In the second part, we compare the MaxReturnEntropy
chain with the MinKemeny chain on a realistic map taken from [2, Section 6.2] with

travel times.
Chains on graphs with unitary travel times

Comparison: We consider 2 simple undirected graphs and solve for the MaxRetur-
nEntropy chain, the MaxEntropyRate chain and the MinKemeny chain for each case.
We compare the return time entropy, the entropy rate, and the Kemeny constant of
these chains in Table [5.1] The stationary distribution of the ring graph is set to be
m=1[1/12,1/6,...,1/12,1/6]", and the stationary distribution of of grid is proportional
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graph with stationary distribution 7 = [1/12,1/6,...,1/12,1/6]". Although the ex-
pectations of the first return time distributions in the figure are the same, the his-
togram is remarkably different for different chains. Specifically, for the nonreversible
MaxRetrunEntropy chain, the distribution is bimodal and generates more entropy.
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on a 4 x 4 grid with stationary distribution 7w proportional to the node degree and
unitary travel times. The node size is proportional to the stationary distribution.
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to the degree of nodes. To evaluate the value of J(P), we set n = 1072, From the table,
we notice that the MaxReturnEntropy chain has the highest value of the return time
entropy in both cases. It also has relatively good performance in terms of the entropy
rate and the Kemeny constant, which indicates that the MaxReturnEntropy chain is
potentially a good combination of speed (expected traversal time) and unpredictability.
Furthermore, it is clear that , which characterizes the relationship between the

entropy rate and the return time entropy, holds.

Table 5.1: Comparison between different chains on different graphs

Graph Markov chains J(P) | H(P) Kemeny

constant
MaxReturnEntropy | 2.4927 | 0.8698 | 10.0479
8-node ring | MaxEntropyRate | 2.3510 | 0.9883 | 19.5339

MinKemeny 1.9641 | 0.4621 | 6.1667
MaxReturnEntropy | 3.6539 | 0.9491 | 16.3547
4-by-4 grid | MaxEntropyRate | 3.2844 | 1.4021 | 30.8661
MinKemeny 2.0990 | 0.2188 | 10.0938

Observations: In computing the MaxReturnEntropy chain, we observe some interest-
ing properties of our problem. First, when solving Problem [7| by the gradient projection
method with different initial conditions, we found different optimal solutions, and they
have slightly different optimal values. This suggests that Problem [6] is unlikely to be
a convex problem. Secondly, the global optimal solution to Problem [f is possibly not
unique in general. For instance, for an undirected ring graph with even number of nodes
and certain stationary distribution, exchanging the probability of going right and that of
going left for all nodes does not change the return time entropy. Thirdly, the optimal so-
lution to Problem [f]is likely to be nonreversible because none of the approximate optimal
solutions we have encountered are reversible. This again indicates that the MaxRetur-
nEntropy chain is a good combination of unpredictability and speed. Fourth, even if we

set the edge weight € = 0, the MaxReturnEntropy chain is always irreducible.
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Intuition: In order to provide intuition for the maximization of the return time en-
tropy, we compare and plot the chains as well as the return time distribution of a same
node on the 8-node ring graph and the 4 x 4 grid graph in Fig. and Fig. [5.3] respec-
tively. Since the stationary distribution is fixed and identical for all chains in each case,
the expectations of the probability mass functions in each figure are the same. From the
figures, we note that for the MaxReturnEntropy chain, the return time distribution is
reshaped so that the distribution is more spread out and it is more difficult to predict the
return time. In contrast, the return time distribution for the MinKemeny chain has a pre-
dictable pattern and the return time probability is constantly 0 for some time intervals.
Moreover, from the visualization of the chains, we notice that the MaxReturnEntropy

chain has a net flow on the graph, which again indicates its nonreversibility.
MaxReturnEntropy and MinKemeny on a realistic map

In this part, we compare the MaxReturnEntropy chain with the MinKemeny chain
on a realistic map with travel times. The problem data is taken from [2] Section 6.2]:
a small area in San Francisco (SF) is modeled by a fully connected directed graph with
12 nodes and by-car travel times on edges measured in seconds. The map is shown in
Fig. [5.4l The importance of the a location (node) is characterized by the the number of
crimes recorded at that place during a specific period, and the surveillance agent should
visit the places with higher crime rate more often. The visit frequency is set to be
[ B A B B e i, s, o8 BL]T. For simplicity, we quantize the travel
times by treating a minute as one unit of time, i.e., dividing the travel times by 60 and
round the result to the smallest integer that is larger than it, and by doing so, we have
Wmax = 9. The pairwise travel times are recorded in Table .

First, we compare three key metrics of the MaxReturnEntropy chain and MinKemeny

chain. The results are reported in Table [5.3] It can be observed that the MaxRetur-
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Figure 5.4: San Francisco (SF) crime map from [2, Section 6.2].

nEntropy chain is much better than the MinKemeny chain regarding the return time
entropy and the entropy rate. This better performance in terms of the unpredictability is
obtained at the cost of being slower as indicated by the larger weighted Kemeny constant.

We also plot the return time distribution of location A in Fig. [5.5 Apparently, the
MaxReturnEntropy chain spreads the return time probabilities over the possible return
times and it is hard to predict the exact time the surveillance agent comes back to the
location. In contrast, the MinKemeny chain tries to achieve fast traversal on the graph

and the return times distribute over a few intervals.

5.5.2 Application to the Robotic Surveillance Problem

In this subsection, we provide simulation results in the application of robotic surveil-
lance.

Setup: Consider the scenario where a single agent performs the surveillance task by
moving randomly according to a Markov chain on the road map. The intruder is able to

observe the local behaviors of the surveillance agent, e.g., presence/absence and duration
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Table 5.2: The quantized pairwise by-car travel times on SF crime map

Location A B C D E F G H I J K L
A 1 3 3 5 4 6 3 5 7 4 6 6
B 3 1 5 4 2 4 4 5 5 3 5 5
C 3 5 1 7 6 8 3 4 9 4 8 7
D 6 4 7 1 5 6 4 7 5 6 6 7
E 4 3 6 5 1 3 5 5 6 3 4 4
F 6 4 8 5 3 1 6 7 3 6 2 3
G 2 5 3 5 6 7 1 5 7 5 7 8
H 3 5 2 7 6 7 3 1 9 3 7 5
I 8 6 9 4 6 4 6 9 1 8 5 7
J 4 3 4 6 3 5 5 3 7 1 5 3
K 6 4 8 6 4 2 6 6 4 5 1 3
L 6 4 6 6 3 3 6 4 5 3 2 1

Table 5.3: Comparison between different chains on SF crime map

Markov chains J(P) | H(P) Weighted Kemeny
constant
MaxReturnEntropy | 5.0078 | 1.7810 63.6007
MinKemeny 2.4678 | 0.6408 24.2824

between visits, and he/she plans and decides the time of attack so as to avoid being
captured. It takes a certain amount of time for the intruder to complete an attack, which
is called the attack duration of the intruder. A successful detection/capture happens
when the surveillance agent and the intruder are at the same location and the intruder
is attacking.

Intruder model (success probability maximizer with bounded patience): Consider a
rational intruder that exploits the return time statistics of the Markov chains and chooses
an optimal attack time so as to minimize the probability of being captured. The intruder
picks a node i to attack randomly according to the stationary distribution, and it collects
and learns the probability distribution of node ¢’s first return time. Suppose the intruder
and the surveillance agent are at the same node 7 at the beginning and the attack duration

of the intruder is 7. If the intruder observes that the surveillance agent leaves the node
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and does not come back for s periods, he/she can attack with the probability of being
captured given by

> PTi=s+k|Ti>s]. (5.33)
k=1

Mathematically speaking, (5.33) is the conditional cumulative return probability for the
surveillance agent. Specifically for s = 0, (5.33)) is the capture probability when the
intruder attacks immediately after the agent leaves the node. Then, the optimal time of

attack s; for the intruder is given by
S = .%urgminogsgsi{z:IP> [Ty = s+ k| Ty > s|}. (5.34)
k=1

The reason there is an upper bound S; on s is that the event T;; > s happens with very
low probability when s is large, and the intruder may be unwilling to wait for such an

event to happen. Let 6 € (0,1) be the degree of impatience of the intruder, then S; can
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be chosen as the minimal positive integer such that the following holds,
P [T > Si] <6,

where a smaller ¢ implies a larger S; and a more patient intruder. In other words, when
0 is small, the intruder is willing to wait for a rare event to happen. Note that the value
of S; is also dependent on the node ¢ that the intruder chooses to attack, and thus the
argmin in (5.34)) is over different ranges when the intruder attacks different nodes. In
summary, the intruder is dictated by two parameters: the attack duration 7 and the
degree of impatience ¢, and the strategy for the intruder is as follows: waits until the
event that the surveillance agent leaves and does not come back for the first s; steps
happens, then attacks immediately.

From the surveillance point of view, the probability of capturing the rational intruder

when he/she attacks node i is

P; [Capture] = ZP [ﬂz =s,+k | Ty > Si} ,
k=1

and the performance of the Markov chains can be evaluated by the total probability of
capture as follows

P [Capture| = Z miP; [Capture] . (5.35)

Sitmulation results: Designing an optimal defense mechanism for the rational intruder
is an interesting yet challenging problem in its own. Instead, we use the MaxReturnEn-
tropy chain as a heuristic solution and compare its performance with other chains. In
the following, we consider two types of graphs: the grid graph and the SF crime map.
The degree of impatience of the intruder is set to be n = 0.1 in this part.

We first consider a 4 x 4 grid and plot the probability of capture defined by ({5.35)
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for the chains in comparison in Fig. [5.6 It can be observed that, when defending
against the rational intruder described above, the MaxReturnEntropy chain outperforms
all other chains when the attack duration of the intruder is small or moderate. The un-
predictability in the return time prevents the rational intruder from taking advantage of
the visit statistics learned from the observations. The MinKemeny chain, which empha-
sizes a faster traversal, has a hard time capturing the intruder when the attack duration
of the intruder is small. This is because the agent moves in a relatively more predictable
way, and the return time statistics may have a pattern that could be exploited. The

MaxEntropyRate chain has the in-between performance.
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Figure 5.6: Performance of different chains on a 4 x 4 grid.

For the SF crime map, we use the same problem data as described in Subsection |5.5.1}
Since the MaxEntropyRate chain does not generalize to the case when there are travel
times, we compare the performance of the MaxReturnEntropy chain and the MinKemny
chain. Again, The MaxReturnEntropy chain outperforms the MinKemeny chain when
the attack duration of the intruder is relatively small.

Conclusion: The simulation results presented in this subsection demonstrate that the

MaxReturnEntropy chain is an effective strategy against the intruder with reasonable
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Figure 5.7: Performance of different chains on the SF crime map.

amount of knowledge and level of intelligence, particularly when the attack duration of
the intruder is small or moderate. With the property of both unpredictability and speed,
the MaxReturnEntropy chain should also work well in a much more broader range of

scenarios.

5.6 Summary

In this chapter, we proposed and optimized a new metric that quantifies the unpre-
dictability of Markov chains over a directed strongly connected graph with travel times,
i.e., the return time entropy. We characterized the return time probabilities and showed
that optimizing the return time entropy is a well-posed problem. For the case of unitary
travel times, we established an upper bound for the return time entropy by using the
maximum entropy principle and obtained an analytic solution for the complete graph.
We connected the return time entropy with the well-known entropy rate of Markov chains
and showed that the return time entropy is lower bounded by the entropy rate and upper
bounded by n times the entropy rate. In order to solve the optimization problem numeri-

cally, we approximated the return time entropy as well as a practically useful conditional
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return time entropy by the truncated return time entropy. We derived the gradient of
the truncated return time entropy and proposed to solve the problem by the gradient
projection method. We applied our results to the robotic surveillance problem and found
that the chain with maximum return time entropy is a good trade-off between speed and
unpredictability, and it performs better than several existing chains against a rational

intruder.
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Chapter 6

Conclusions and Future Work

Before we conclude this thesis and present future directions, it is interesting to note
the role that unpredictability plays in both endeavors: biological and robotic. In the
design of stochastic surveillance strategies, the role of unpredictability is quite apparent
as some of the solutions presented directly try to maximize entropy. In the description
of collective cell migration, randomness plays a much subtler role: a Langevin-type noise
models the formation of ruffling lamellipodia in the theoretical description. These ruffling
behaviors are key to breaking the symmetry of the system, initiating persistent motion
in groups of cells, and forming trends in traction and stress profiles in colonies. All of
these behaviors are salient features of collective migration in groups of cells, which are
observed in experiments and would not be observed in simulations if not for the addition

of noise.

6.1 Summary

In chapter [2, we presented a theoretical description of cell migration that accounts
for known individual cell behaviors, such as contact inhibition of locomotion and force-
induced repolarization, and is able to reproduce the motion of a single cell, two cell
collisions, small groups of cells and large colonies. This description provides a unified

151



Conclusions and Future Work Chapter 6

framework to connect a large number of experiments in different conditions and with
different cell types. Moreover, it allows a direct connection between specific molecular
perturbations in cell adhesion, cell polarization, the generation of traction forces and
mechanical feedback, and their effect on collective cell migration. The theory presented
in this chapter provides a framework within which the results of multiple experiments
can be understood and future experiments organized.

In chapter [3| we studied the meeting time of multiple random walkers on a graph
and presented necessary and sufficient conditions for finiteness and novel closed-form
expressions for the expected time to meeting between a single pursuer and a single evader,
multiple pursuers and multiple evaders, and extended the treatment to continuous-time
chains. We also provide sufficient conditions for certain pairs (or tuples) of Markov chains
that satisfy conditions on their absorbing classes to have finite meeting times. Finally,
we discuss connections to other metrics relevant to Markov chains such as the hitting
time.

In chapter ] we considered the optimization problem of maximizing the entropy rate
of a Markov chain with prescribed stationary distribution. We showed this problem
is strictly convex with a unique global optimizer. We provided a fast iterative algo-
rithm with rigorous convergence guarantees to compute the so-called entropic vector; as
a function of this entropic vector, we provide a closed-form formula for the maximum
entropy Markov chain with prescribed stationary distribution. We then characterized
several properties of maxentropic chains. The interest for Markov chains with maximum
entropy rate and prescribed stationary distributions arises naturally in robotic surveil-
lance; accordingly we showed some realizations of optimal chains for prototypical robotic
roadmaps.

In chapter [5, we proposed and optimized a different notion of unpredictability of

Markov chains over a directed strongly connected graph with travel times based on the
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entropy of the random variable associated with the return time to nodes. We character-
ized the return time probabilities and showed that optimizing the return time entropy
is a well-posed problem. For the case of unitary travel times, we show that the return
time entropy is lower bounded by the entropy rate and upper bounded by n times the
entropy rate. In order to solve the optimization problem numerically, we approximated
the return time entropy as well as a practically useful conditional return time entropy
by the truncated return time entropy. We applied our results to the robotic surveillance
problem and found that the chain with maximum return time entropy is a good trade-off
between speed and unpredictability, and it performs better than several existing chains
against a rational intruder.

In general, it is noted that the maximum entropy rate Markov chain and the maxi-
mum return time entropy chain are both good solutions when the intruder is capable of
observing the motion of the surveillance agent. The maximum return time entropy chain

formulation has three main advantages.

(i) It is more reasonable to expect that an intruder would have access to the return
times of the agent than have knowledge of the sequence of locations of the agent.
(For e.g., an intruder hovering just outside the visibility range of the surveillance
agent at a node). Thus the entropy of a more relevant random variable is being

maximized.

(ii) This chain is naturally non-reversible and comparison of hitting times indicate that
in general, the maximum return time entropy chain has lower travel times than the

maximum entropy rate Markov chain.

(iii) The formulation can tackle directed, weighted graphs.

The maximum entropy rate Markov chain presents the following advantages.
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(i) The computation of maximum entropy rate Markov chains is significantly more
computationally efficient than the maximum return time entropy chain enabling
its use on much larger graphs and potential recomputation in online scenarios, i.e.,

where the stationary distribution is changing with time.

(ii) Maximum entropy rate Markov chains optimize a more well-studied quantity, i.e.

the entropy rate, and hence is more widely applicable as mentioned in subsec-

tion L.1.2]

The above discussion indicates that for applications to robotic surveillance where the
strategy is precomputed and computational costs are not a concern, the maximum return

time entropy chain should be the preferred strategy.

6.2 Future Work

The work described in this thesis leaves open several directions for future research.
We present future directions for each strand of research discussed.

Collective cell migration: The theoretical description presented in chapter [2] shows
that the collective migration of small groups of cells can be understood within the same
framework as single cell migration and the expansion of large colonies. Extensions of this
work to 2D and 3D systems [158], as well as the consideration of cell shapes or biochemical
signaling, will help further elucidate how different modes of collective migration emerge
in developing embryos.

Aside from theoretical directions in which this work can be extended, the theory bears
several predictions which could be used to motivate experiments on cell motility. Our
results predict that the diffusion constant of the motion of a single cell depends quadrat-

ically with the characteristic traction force of the cell type. We established that collision
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dynamics between cells are strongly dependent on parameters such as the traction force
and inter-cellular adhesion both of which can be targeted experimentally. For develop-
ing persistence in groups of cells, we see that neighbor-enabled repolarization (NER)
plays a crucial role, hence, experiments which alter the polarization dynamics of cells
should measurably affect the persistence characteristics observed in clusters. Further
our description predicts that absence of cell proliferation can lead to breakage of cell
colonies when the intercellular adhesion is weak. This can be probed using experimental
techniques which limit proliferation [159] and alter inter-cellular adhesion [160].

Meeting times of random walks: Several future directions of interest are left open
by the work exploring the meeting times of random walks. Though we provide closed-
form expressions here, the complexity involved in the calculation makes the computation
expensive for large number of agents and on graphs with large number of nodes. It
would be of practical interest to devise a formulation which has lower complexity. The
literature on computationally efficient methods to calculate the SimRank of nodes on a
graph might provide alternative formulations [79]. An extension of the work discussed
here would be to consider walkers moving with travel times similar to the case of doubly
weighted graphs described in [52].

The hitting time of a Markov chain is intimately connected with the fundamental
matrix of a Markov chain [57]. It would be interesting to see whether meeting times be-
tween Markov chains can be expressed in terms of their fundamental matrices. Algebraic
techniques used to compute the pseudo-inverse could potentially aid in the discovery of
such an expression [161]. The notion of random walks on Kronecker product graphs,
which is extensively used in chapter [3| can potentially be utilized to provide closed-form
formulations of other quantities such as the expected time to capture of all evaders or
the coalescence time of multiple random walkers [130].

In the robotic context, the expression for meeting times can be utilized to setup
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pursuit-evasion games in which policies correspond to choice of Markov chains. It would
be of interest to study optimal strategies for when the evader assumes certain behaviors
(such as a deterministic walk or a random walk such as the equal neighbor Markov chain)
and whether Nash equilibria exist for such games. Also, the computational tools provided
here can be employed in the design of random walks with meeting time constraints. This
could be useful in scenarios where communication is limited by distance and the agents
need to communicate regarding events occurring on the graph (such as detection of
anomalies) by being in close range.

Maximum entropy surveillance: The work on designing maximum entropy rate
surveillance strategies was primarily targeted at the single- agent case on an undirected
graph with self-loops at every node. As such, it is potentially important to extend the
analysis in chapter 4|to more general graph settings, including graphs without a complete
set of self-loops and directed graphs with asymmetric adjacency matrices. For graphs
without a complete set of self-loops, we present a mathematical conjecture inspired by
our results on the maxentropic matrix and vector maps.

Congecture: Given a connected graph G with binary adjacency matrix A, the set of
stationary distributions for all irreducible Markov chains over G is {[z]|Az/||[z] Az, | = €
RZ,}.

Numerical simulations indicate that the set of feasible stationary distributions over sparse
graphs without self-loops is of measure zero (for an appropriately defined measure).

Several open directions remain in the work on designing maximum return time entropy
surveillance strategies. First of all, a simple closed- form expression for the return time
entropy would enable us to establish more properties of the objective function and thus
make the optimization problem more tractable. Second, it is interesting to design an
optimal Markov chain that maximizes the probability of capture of the intruder model

proposed in this chapter. Third, we believe there are more application scenarios for
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Markov chains where the return time entropy is an appropriate quantity to optimize.
Most importantly, appropriate notions of unpredictability for the multi-agent case
are yet to be developed for both approaches and could lead to the design of effective
strategies against intruders with advanced planning and sensing capabilities. It should
be possible to generate more entropy rate as well as return time entropy using multiple
agents. With the help of an appropriately defined notion of group entropy rate or group
return time entropy, one could utilize this quantity to further increase the unpredictabil-
ity of surveillance strategies. This could also lead to strategies that trade-off between
unpredictability and speed more effectively, e.g., on a shared graph some of the agents
could optimize for entropy while others could be optimized for speed. It is also of inter-
est to combine notions of unpredictability with speed of traversal of graphs; see recent

related work in [52].
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