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Abstract. Pursuit-Evasion Game (PEG) is important in the robotics field. De-
termining the optimal strategy, such as the minimum number of pursuers needed,
often require exponential time. We propose a novel parallel algorithm that sig-
nificantly reduces the computation time for PEG, making it feasible to analyze
games with a large number of states and transitions. This algorithm also extends
to the heterogeneous/multi-speed players and incorporates advanced strategies.
Additionally, we introduce a resource allocation algorithm for heterogeneous
multi-agent teams, ensuring efficient resource sharing and real-time agent re-
placement to maintain fault tolerance. Our simulations demonstrate that our
parallel algorithm significantly outperforms existing approaches, achieving up
to 8.13 times speedup compared to the state-of-the-art. Furthermore, our algo-
rithms enhance the scalability and practical applicability of solving PEGs.
Key-words: Pursuit-Evasion Game, Parallel Algorithm, Multi-agent Systems,
Heterogeneous Robots, Multi-Team Resource Allocation.

Resumo. O Jogo de Perseguicdo-Fuga (PEG) é importante no campo da
robdtica. Determinar a estratégia Otima, como o nimero minimo de
perseguidores necessdrio, frequentemente exigindo tempo exponencial. Propo-
mos um novo algoritmo paralelo que reduz significativamente o tempo de
computacdo para PEG, tornando possivel analisar jogos com um grande
niimero de estados e transicoes. O algoritmo também se estende aos jo-
gadores heterogéneos/multi-velocidade e incorpora estratégias avancadas Além
disso, introduzimos um algoritmo de alocacdo de recursos para equipes multi-
agentes heterogéneas, garantindo o compartilhamento eficiente de recursos e
a substituicdo em tempo real de agentes para manter a tolerdncia a falhas.
Nossas simulacoes demonstram que nosso algoritmo paralelo supera significa-
tivamente as abordagens existentes, alcancando até 8,13 vezes mais velocidade
em compara¢do com o estado da arte. Além disso, nossos algoritmos melhoram
a escalabilidade e a aplicabilidade prdtica na resolu¢do de PEGs.
Palavras-chave: Jogo de Perseguicdo e Fuga, Algoritmo Paralelo, Sistemas
Multi-agentes, Robos Heterogéneos, Alocagdo de Recursos para Multi-Times.



1. Introduction

Pursuit-evasion games (PEGs) and resource allocation for heterogeneous multi-agent sys-
tems are two prominent areas of research that have garnered significant attention in recent
years. PEGs involve the interaction between pursuers and evaders in a dynamic envi-
ronment, where the pursuers aim to capture or intercept the evaders while the evaders
strive to avoid capture. PEGs have found applications in diverse domains such as surveil-
lance, search and rescue operations, and network deployment, where effective strategies
for pursuing and evading entities are crucial.

Heterogeneous multi-agent systems, involve the coordination and collaboration of
agents with diverse capabilities, resources, and objectives to accomplish complex tasks.
The allocation of resources among these agents plays a vital role in optimizing task perfor-
mance and ensuring fault tolerance. Resource allocation for heterogeneous multi-agent
systems requires efficient mechanisms to distribute resources effectively, maintain task
resolution in the presence of failures, and adapt to dynamic environments.

The effective resolution of pursuit-evasion games and resource allocation in het-
erogeneous multi-agent systems pose several challenges that demand innovative ap-
proaches and algorithms. Traditional methods for solving pursuit-evasion games often
suffer from scalability limitations, hindering their applicability to large-scale and complex
scenarios. Similarly, resource allocation in heterogeneous multi-agent systems requires
mechanisms that can handle the dynamic nature of tasks and agents, ensuring efficient uti-
lization of resources and fault tolerance. The motivation behind the thesis was to address
these challenges and contribute to the fields of pursuit-evasion games and resource allo-
cation for heterogeneous multiagent systems. By developing scalable algorithms for solv-
ing pursuit-evasion games and efficient resource allocation techniques for heterogeneous
multi-agent teams, we aim to enhance task performance, optimize resource utilization,
and improve the fault tolerance of multi-agent systems.

The primary objective of the thesis is to propose and validate algorithms and tech-
niques that enhance pursuit-evasion game strategies and resource allocation in hetero-
geneous multi-agent systems. This includes developing a parallel algorithm for solving
pursuit-evasion games to handle large-scale scenarios and improve computational effi-
ciency. Additionally, we aim to extend the pursuit-evasion game framework to incorpo-
rate multi-speed players and strategies like the pac-dot strategy, which enhances evader
lifetime and optimal strategy computation. Another objective is to design a resource allo-
cation algorithm for heterogeneous multi-agent teams, enabling efficient resource sharing
and real-time agent replacement to improve task performance and fault tolerance. Finally,
we evaluated and validate these proposed algorithms and techniques through extensive
simulations, demonstrating their effectiveness and scalability.

The thesis makes significant contributions to the fields of discrete pursuit-evasion
games and resource allocation for heterogeneous multi-agent teams. The key contribu-
tions of this research are as follows: We propose a novel parallel algorithm that improves
the scalability and computational efficiency of solving pursuit-evasion games on graph-
based environments. The algorithm enables the analysis of games with a large number
of states and transitions, providing more comprehensive insights into pursuit and evasion
strategies. We extend the pursuit-evasion game framework to support multi-speed play-
ers and incorporate the pac-dot strategy. These extensions enhance the evader lifetime



Table 1. Categorization of PEG Related Work.

Criterion 1] 12] [3] 4] 5] 6] our work
Pursuer to evader ratio > ] =1 > 1 > 1 >=1 =1 >= 1
Players Configuration MPME SPSE MPSE MPSE MPME SPSE MPME

Environment Graph Graph Polygon Polygon Polygon Graph Graph

Environment Type Discrete Discrete Discrete Continuous Continuous Discrete Discrete
Pursuer Visibility Full Local Full Full Full Local Full
Evader Visibility Full Local Full Full Full Full Full
Multi-Speed Yes Yes Not Not Yes Not Yes
Capture Guaranteed Yes Yes Yes Yes Yes Yes Yes
Optimal Yes Yes Not Not Yes Yes Yes
Parallel Algorithm Not Not Not Not Not Not Yes

and enable the computation of optimal strategies that consider different player speeds and
objectives. We develop a resource allocation algorithm that enables the construction of
teams composed of heterogeneous agents and ensures efficient resource sharing. The al-
gorithm incorporates real-time agent replacement to address failures, facilitating seamless
task resolution and fault tolerance. Extensive simulations and evaluations are conducted
to validate the proposed algorithms and techniques. The performance and effectiveness of
the parallel algorithm for pursuit-evasion games and the resource allocation algorithm for
heterogeneous multi-agent teams are compared with existing approaches, demonstrating
their scalability, efficiency, and practical applicability.

The thesis has led to two significant publications: one in a specialized robotics
journal' and one presented at a conference?, both rated A1’ by Qualis Capes, with the
journal having a JCR Impact Factor of 4.3.

2. Literature Review

We begin this section by presenting the related work of the Pursuit-Evasion Game Frame-
work. To situate our work in the literature, we used nine criteria to classify the type
of PEG (1): the pursuer-to-evader ratio; players configuration indicates one or more
pursuers and one or more evaders; environment: graph or polygon; type: discrete
or continuous; vision: full or partial; multi-speed: players move at different speeds;
capture guarantee and optimal strategy. The related work are presented in Table 1
as: [1]-[Vieira et al. 2009]; [2]—-[Krishnamoorthy et al. 2013]; [3]-[Huang et al. 2011];
[4]-[Yan and Jiang 2017]; [S]-[Makkapati and Tsiotras 2020]; [6]-[Zhang et al. 2019].

Pursuit-Evasion Game (PEG) is a well-studied topic in the robotics litera-
ture [Chung et al. 2011, Bopardikar et al. 2008, Pan et al. 2012, Vieira et al. 2009]. The
huge interest for PEGs in robotics stems from its application to multi-robot prob-
lems such as surveillance, search and rescue, boundary defense, and network deploy-
ment [Tekdas et al. 2010]. In addition, PEGs are used to obtain results on the worst-
case performance of robotic systems [Chung etal. 2011]. Common approaches for
solving and analyzing PEGs are based on game theory, and these approaches can be
traced back to the seminal work of Isaacs on differential games [Isaacs 1999]. Vari-
ous versions of PEGs were introduced in the robotics literature, including continuous-
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time PEGs [Yamaguchi 1999], discrete-time PEGs [Bopardikar et al. 2008], and discrete
PEGs [Parsons 1978]. In the thesis, we focused on discrete PEGs and we are mainly
based on the formulations presented in [Vieira et al. 2009]. There are many approaches
to solving PEGs, each designed using a different method, as can be seen in the thesis.

In [Vieira et al. 2009] was proposed the design and implementation of an exact
and optimal algorithm to compute discrete pursuit-evasion games, but it does not scale
beyond a small number of robots. This work was the main basis of the Parallel Algorithm
and its extensions for calculating PEG.

Table 2. Categorization of Related Work.

Criteria [1] [2] [3] [4] [5] Our work
Types of Agents | Heterogeneous | Homogeneous | Heterogeneous | Heterogeneous | Heterogeneous || Heterogeneous
Fault Tolerant Not Not Yes Yes Yes Yes
Static/Dynamic Static Dynamic Dynamic Static Dynamic Dynamic
Multi-team Not Yes Not Not Not Yes

Table 2 we categorized by characteristics, the related work about Resource Al-
location for Heterogeneous Multi-agents Teams Framework. In line 1 the types of
agents can be heterogeneous (Het.) or homogeneous (Hom.). Next, if the work
is fault tolerant or not. In the third line, whether the allocation of resources is
static (prior to the start of the task execution) or dynamic (before and during the
task execution). Next, if the approach is for multi-teams of agents (yes) or if it
is for only one team (no). Our work is for heterogeneous, fault-tolerant agents,
with dynamic resource allocation, and multi-teams. The related work in the Ta-
ble 2 are: [l]-[Abbas and Egerstedt 2014]; [2]-[Makkapati and Tsiotras 2019]; [3]-
[Notomista et al. 2019]; [4]-[Varadharajan et al. 2019]; [5]-[Ramachandran et al. 2020]

In [Abbas and Egerstedt 2014] the work presents a framework that analyzes the
assignment of multiple resources to nodes and its effect on the overall network hetero-
geneity, specifically focusing on resource allocation among nodes and their neighbor-
hoods within a single network. This work serves as the foundation for the Resource Allo-
cation framework. The difference between our proposal and Abbas and Egerstedt’s pro-
posal is that we focus on working with several teams simultaneously, instead of just one,
expanding cooperation to support fault tolerance and enable the exchange of resources
among teams, both before and during the execution of the PEG.

3. Methodology

We designed a parallel algorithm and extended it for multi-speed agents, the pac-dot strat-
egy, and the prune pac-dot strategy. Additionally, we designed an algorithm for resource
allocation among teams of multi-agents. The resource allocation algorithm was applied to
maximize the number of teams as completely cooperative networks, where all agent/node
have all the resources available in your neighborhood. The algorithm was applied to be
fault tolerant for three cases (see Section 7). We developed a discrete simulator to evaluate
PEGs and resource allocation in different topologies. The algorithm and simulator were
encoded in the Python 3 language.In addition to the native resources of the Python lan-
guage, we used the Joblib package. More specifically, we used the class joblib.Parallel
to implement parallel functions. We used three computers to simulate the algorithms:



1. Processor Intel XEON E5-2630 v3 2.4GHz 32 cores, 128 GB RAM and 12TB HD;
2. Intel Core 17-6800K 3.4GHz 12 cores, 64GB RAM, 1TB HD.
3. Processor AMD EPYC 7282 2.80 GHz 32 cores, 128 GB RAM, and 240 GB SSD.

All simulations of Table 3 and Table 4 were performed on computer 1. Pac-man
simulations for multi-speed pursuers were performed on computer 2. All simulations
of the Table 5, speedup evaluations (Figure 5) and Table 8 (Section 7) were simulated
on computer 3. Our database of topological maps is mostly public, composed as follows:
some were extracted from Pac-Man games, others are floor plans of real places, and others
were created by us, alluding to real places.

4. Parallel Algorithm

The parallel algorithm was designed to minimize the time of capture in a PEG with pur-
suers and an evader playing optimal strategies [Vieira et al. 2009]. The inputs are a set
of agents (pursuers and an evader) and a topological map. From the inputs, all states are
generated. A state is defined as the players’ positions on the map at a given time. Capture
states are those where at least one pursuer and the evader occupy the same node, with a
cost of zero. All possible state combinations are generated, followed by transitions, which
are viable moves from one state to other. The solution from all states to a capture state
is computed using a minimax tree [Russell and Norvig 2009]. The algorithm outputs all
optimal solutions (trajectories) from any starting positions until the evader is captured.

5. PEG Framework: Simulation, Evaluation, and Results
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Figure 1. Two of the Evaluated Topologies.

In this section, we present the most relevant simulations, evaluations and results.
First, we discuss the speedup evaluation of the parallel algorithm. The remaining sub-
sections present PEG computation results for the parallel algorithm and its extensions:
the multi-speed algorithm, the pac-dot algorithm, and the pac-dot algorithm with prun-
ing. We evaluate many topologies, but we focus on the main results in this work, for the
topologies presented in Figure 1: Pac-Man game (Figure 1a) and Building 2 (Figure 1b).



Performance of Parallel Algorithm
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Figure 2. Serial execution ( [Vieira et al. 2009]) performance in one core vs. par-
allel algorithm execution (Ours) for 2, 4, 8, 16 and 32 cores.

5.1. Parallel Algorithm Speedup

We present the performance of the parallel algorithm (section 3.3 of the thesis). In Fig-
ure 2, we have the time (in minutes) of serial execution for 1 core (the execution time
in [Vieira et al. 2009]) and the time of parallel executions for 2 cores up to 32 cores (the
time of our executions). Executions were performed on the Pac-Man topology (Figure 1a)
with 2 pursuers and an evader. All players with speed = 1. In Figure 2 we can see that as
the number of cores doubles, the curve flattens (blue line points) in comparison to 1 Core
line (red line). This happens with the growing number of cores, as the overhead for the
creation/maintenance of the pool of threads/processes also grows.

We used Amdahl’s law to calculate speedup, which measures the performance

improvement of a system with enhancements. Speedup is computed as § = %, where
T(1) is the time without improvement and 7'(2) is the time with improvement. A speedup
of 1 indicates no improvement, while a speedup greater than 1 shows how much faster the
improved version is. For our algorithm, the speedup for 2 cores was 1.90 (parallel) and

1.81 (total), and for 32 cores, it was 15.10 (parallel) and 8.13 (total).
5.2. Parallel Algorithm

Table 3. Topologies and simulation results - Parallel Algorithm without pac-dot.

Topology Players | Vertices States Transitions | Time to generate | Cost Calculation Total Cost/Steps | Diameter
Game Graph (min) Time (min) Execution Time (min)
Pac-Man 3 290 24389000 | 313285590 16 272 288 45 51
Pac-Man 3 290 24389000 | 313285590 16 272 288 65 51
Pac-Man Toroidal 3 290 24389000 | 402542566 23 355 378 73 38
Pac-Man Google 3 317 31855013 | 402542566 29 431 460 64 49
Ms. Pac-Man 3 308 29218192 | 376875135 39 831 870 69 44

Table 3 displays the PEG simulation results for the described topologies. Columns
are defined as follows: Column 1 identifies the topology, Column 2 shows the number of
players (pursuers and evader(s)), Column 3 lists the number of vertices, Columns 4 and 5
indicate the number of states and transitions needed for the game graph, Column 6 shows
the time to generate the game graph, Column 7 shows the time to calculate the cost,
Column 8 is the total execution time (sum of Columns 6 and 7), Column 9 presents the
worst-case steps (cost) to capture the evader, and Column 10 shows the topology graph’s
diameter. The cost reflects the evader’s attempts to delay capture, while the diameter
represents the longest path in the graph.



Pac-man topology considering the original starting positions of the game (first line
of Table 3), requires 45 steps to capture the evader and only needs 2 pursuers. Considering
the diameter distance between pursuers and the evader as the starting position (second
line of Table 3) requires 65 steps to capture, it also only needs 2 pursuers to capture the
evader. These evaluations show that Pac-Man is overkill with 4 ghosts (pursuers) since it
only needs 2 pursuers to capture an evader.

5.3. Heterogeneous / Multi-speed Player
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Figure 3. Evaluation of Building 2 topology for multi-speed players.

We evaluated the topologies Building 1 and Building 2 for heterogeneous players,
but we presented here only (Figure 1b). We simulated each topology for evader speed
equal to 3 and 4. For all simulations, pursuers, and the evader started at the opposite
end of the topology diameter. Pursuers follow two criteria: the minimum number of
pursuers to guarantee the evader capture and the sum of the speed of all pursuers is equal
to the evader speed. Figures 3a-3b show the results of the simulations mentioned above.
Each bar represents a pursuer and a grouping of bars represents a team of pursuers. The
label on X-axis is the cost to the pursuers capturing the evader and the label on Y-axis
is the pursuers speed. In the Figure 3b the evader speed is 4, with two pursuers with 1
and 3 speeds respectively the cost to capture is 7 game steps and the cost is 11 to four
pursuers with speed 1 each. We can observe in the simulations (Figures 3a—3b) that a
configuration where a small number of pursuers in which one pursuer has speed close to
the evader speed performs better than configurations with more than two pursuers with
greater equality in the speed distribution.

5.4. PEG with Pac-dot

Table 4. Topologies and simulation results - Parallel Algorithm with pac-dot.

Topology Players | Vertices States Transitions | Number of | Immunity Pac-dot Cost/Steps | Diameter
Pac-dot Time Position
Reduced Pac-Man 3 102 12734496 | 166569444 1 10 square 34 21
Reduced Pac-Man 3 102 36081072 | 472402512 2 10 triangle/square 39 21
Reduced Toroidal Pac-Man 3 102 12734496 | 168394616 1 10 square 36 21
Reduced Toroidal Pac-Man 3 102 36081072 | 477578800 2 10 circle/square 50 21

Table 4 shows the results of the PEG with pac-dot simulation for Reduced Pac-
Man, Reduced Toroidal Pac-Man topologies (page 52 of the thesis). This topology
was simulated on computer 1 and computer 2. Columns are defined from left to right.



Columns 1-5 have the same meaning as in Table 3. Column 6 shows the number of pac-
dot of the simulation. Column 7 presents the evader immunity time duration. Column 8
depicts the position of each pac-dot in a simulation, differentiated by geometric shapes.
Columns 9 and 10 have the same meaning as in Table 3. Reduced Pac-Man topology with
1 and 2 pac-dots, result in a cost of 34 and 39 respectively. Reduced Toroidal Pac-Man
topology with 1 and 2 pac-dots, result in a cost of 36 and 50 respectively. Note in Table 3
that the cost is 21 for these two topologies without pac-dot. Although the immunity time
1s 10 time steps for both topologies, the resulting cost is not 21 4 10 and 21 + 20. This is
due to the pursuers escaping the evader during the immunity time. Despite the immunity
time, all players performed an optimal strategy.

5.5. Pruning

Table 5. Simulation results - Parallel Algorithm with pac-dot and pruning.

Topology States Transitions Simulation Time
Pac-dot | Without Pruning Ratio Without Pruning Ratio | Without | Pruning Ratio
Number | Pruning (P/WP) Pruning (P/WP) | Pruning (P/WP)
Reduced Pac-Man 1 12734496 | 3891096 | 30.56% | 166569444 50159972 | 30.11% | 03:02:55 | 00:45:56 | 25.11%
Reduced Pac-Man 2 36081072 | 10351980 | 28.69% | 472402512 133623512 | 28.29% | 09:04:36 | 02:31:37 | 27.84%
Reduced Toroidal Pac-Man 1 12734496 3891096 | 30.56% | 168394616 59636060 | 35.41% | 02:47:18 | 00:48:33 | 29.02%
Reduced Toroidal Pac-Man 2 36081072 | 12744900 | 35.32% | 477578800 166293280 | 34.82% | 07:21:01 | 03:27:07 | 46.96%
Reduced Toroidal Pac-Man 4 176160528 | 68125392 | 38.67% | 2332709344 | 891087400 | 38.20% | 43:59:28 | 17:20:52 | 39.43%
Pac-Man 1 292668000 | 60720238 | 20.75% | 3781151956 | 777796844 | 20.57% - 45:14:50 -
Pac-Man 2 829226000 | 145324876 | 17.53% | 10716891864 | 1858045016 | 17.34% - 129:36:55

Table 5 shows the results of the PEG with pac-dot in comparison to the PEG with
pac-dot with pruning simulation. In the first line, the Table is divided in four groups:
Topology; States; Transitions; and, Simulation Time. Topology has two columns, on
the left is the topology name and at right the number of pac-dots configured. States
and transitions took the number of states/transitions (respectively) generated by pac-dot
without pruning simulation (PW) and pac-dot with pruning simulation (P), hence ahead,
namely pruning. The third column of States and Transitions part took the ratio between
P/PW. In the Simulation Time the three columns are the time to compute the game without
pruning, with pruning, and the ratio of the pruning. Cells with - (hyphen) mean that it was
not possible to complete the execution due to the lack of computational resources, such as
primary or secondary memory space. The Pac-Man topology simulated with 2 pac-dots
had a ratio of 17.53% in the number of states, a gain of 82.47%. The gain was similar to
the number of transitions, which in absolute numbers exceeds 10.5 billion of transitions.

6. Resource Allocation Algorithm

Let G be the set of heterogeneous networks, each indexed by i = {I,...,g}. Each G;
has an adjacency matrix A and a resource matrix C. From these matrices, the resource
distribution matrix ¢ and the deficiency color matrix U are generated. We assume r (the
number of different resources) is identical for all networks.

Networks are classified as sufficient, provider, or receiver. A sufficient network
has all r resource and the minimum number of agents ¢(7') required for capture in the
PEG for topology T'. A provider network has extra agents with spare resources and more
than ¢(T') agent, allowing it to transfer agent to a compatible receiver network. A receiver
network lacks resources to be a CHCN as some like resource or to reach ¢(7). Then,
agent transfers between networks are made, necessary edges are added to achieve CHCN
status, redundant edges are removed, and the networks are prepared to run the PEG.
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7. Resource Allocation Framework: Simulation, Evaluation and Results

In this section, we present the main evaluation and results carried out for some sets of
heterogeneous agent networks to evaluate the distribution of resources to make them com-
pletely heterogeneous cooperative networks (CHCNSs). Then, these networks play PEG
to evaluate the fault tolerance approach. The presented simulations are carried out for the
topology Building 2 (Figure 1). Consider the terms network and team as interchangeable.

Table 6. List of resources/sensors.

Id Resource/Sensor Description

1 Wireless/4G/5G/LoRa Communication

2 GPS/Beacon Localization

3 | Odometry/Accelerometer Self-localization

4 Ultrasonic Distance Measurement
5 Laser Distance and sensing

For simulations with heterogeneous agents and their capabilities, the Table 6
shows the resources and sensors embedded in agents. All agents move at the same speed,
one hop at a time. Agents with communication resources inform other networks about the
current status and identify broken agents. Resource two uses GPS for outdoor or beacons
for indoor environments to report the agent’s location to the central controller. Agents
without resource two rely on nearby agents for location. Resources three, four, or five
include an odometry sensor and an accelerometer for measuring displacement. Resource
four helps avoid collisions, while resource five avoids collisions and measures distance.

Figure 4 illustrates the stages of the resource allocation algorithm in execution.
The algorithm inputs are networks N1, N2, and N3, modeled as graphs. The circles
denote agents, the edges represent links between agents, and the circle labels indicate the
number of resources embedded in the agents. For this simulation, each network needs
all the resources in Table 6 and at least two nodes, the minimum number for the target
topology (Figure 1b) outputs the CHCNS to play PEG. In the PEG context, all the agents
in the networks are pursuers. Initially, the algorithm performs the classification stage,
where N1 and N3 have spare resources and more agents than the minimum, thus being
classified as Provider networks. N2 is classified as a Receiver network since it lacks all



Table 7. Topology characteristics.

Topology | Nodes | Players States (S) | Transitions (T) | T/S Ratio
3 85750 798836 9.3
Building 2 35 4 3001250 91633892 30.53
5 105043750 | 11821630076 112.5

Table 8. Fault Tolerance Evaluation for Building 2 Topology.

Cost
Network Id | Starting Positions Vg;;ﬁfrit With Failure | Failure Step Fall]lzc;gode R?\?ziiv:d
N1 565924%* 6 81 132,143 51526 (1,2)'.,(3,5)2,(3,5)3 —1,N2(3,5)2,N3(1.,5)3
N2 272516 21% 7 122,133 52,77 (1,2)%,(2,4)3 N1(3,4)2,N1(3,4)
N3 16 16 22 32%* 8 112,133 52,83 (3 4)2., (3,4)3 N1(3,4)2,N1(3,4)3

the necessary resources and the minimum number of agents. The next stage is to analyze
and transfer the corresponding nodes from a provider to a receiver. Subsequently, N1
transfers the node labeled 2,4, and N3 transfers the node labeled 3,5, both received by
N2. Marked edges with a red x represent their removal. At the add/remove stage, the
added edges are green, and the black edges remain from the previous stages. No edges
needed to be removed at this stage. Note that N2 received nodes, preserving the color of
their source networks. The outputs are the CHCNSs.

For PEG simulations, an evader is associated with each output network. We need
to compute the PEG optimal strategy for the target topology with 3, 4, and 5 agents (or
players), where 3 is the minimum number of agents (pursuers and an evader), and 5 (four
pursuers and an evader) is the maximum number of players, as it is close to the compu-
tation limit of the PEG parallel algorithm. Although PEG state explosion is a scalability
limiter, the bottleneck here is the number of transitions [Pferschy 1997], whose exponen-
tial growth curve is even greater (Table 7). The advantage is that once an instance of PEG
is computed (the optimal solution from each state to the capture state is determined), it is
not necessary to compute it again.

Table 7 presents the topology characteristics computed by the PEG algorithm: the
name of the topology in the first column on the left; the number of nodes in the second
column; the number of players for each PEG optimal strategy computation (3-5) in the
third column; the number of states and transitions generated for players movement in the
fourth and fifth columns; and, the ratio between the number of transitions and the number
of states in the last column. For the Building 2 topology, with 5 players, the number
of transitions is 112.5 times the number of states. The solutions for this topology were
performed on computer 3, and it took about 20 to 25 hours to calculate the solution set.

For simulations, consider the three networks output by the resource allocation al-
gorithm and their respective evaders to play PEG. Table 8 presents the results of various
PEG simulations for networks N1, N2, and N3, evaluating the allocation algorithm for
fault tolerance cases. Networks are identified in the column Network Id. The second
column lists the start positions for each network’s simulations, where each number rep-
resents an agent’s position and the star symbol marks the evader. The column Without
Failure shows the costs of the optimal PEG strategy. In the next four columns, superscript
numbers indicate failure types: 1 - An agent broke, but the network retains all necessary



resources and the minimum number of agents; 2 - An agent broke and the network needs
resources from a provider network; 3 - Same as case 2, but the network failed before
starting the game. Cases 1 and 2 are online (occur during execution) and case 3 is offline
(occurs before execution). The column With Failure shows the total simulation costs for
each type of failure. The column Failure Step lists the game step at which the failure
occurred for each type. For example, N1 failed at step 5 in case 2, meaning the network
failed six steps from the goal. The last two columns indicate the broken agent’s label and
the received node from another network, with superscripts showing the failure type and
linking provider and receiver networks. In case 1, —!' denotes no agent was received, only
a change from n to n — 1 agents.

In all three failure cases, the new state can either benefit or damage the final cost,
depending on the cost from the new state to capture. In case 1, the total cost increases by
one step, reflecting the change from a 5-agent to a 4-agent solution. The total cost can
either increase or decrease based on the capture cost from the new state with one fewer
agent. For N1 (see Table 8), the cost decreased despite the failure. In cases 2 and 3,
the final cost is the sum of the steps from the start to the failure, the steps waiting for
resources, and the steps from the new state to capture. The new agent creates a new state,
and the game restarts. The N2 and N3 networks (both in case 2) benefited as the total
number of steps was reduced due to the new agent positions. If the provider network is
available after capture, the cost is only one additional step.

The main advantage of our approach is its scalability, which allows increase in the
number of networks and extending the model to include additional functionalities. The
disadvantage is the limitation on expanding the number of agents per network.

8. Conclusion

In conclusion, the thesis has made significant contributions to the fields of pursuit-evasion
games and resource allocation for heterogeneous multi-agent teams. The proposed algo-
rithms and techniques have demonstrated their effectiveness and scalability through ex-
tensive simulations and evaluations. The parallel algorithm for PEGs has showcased im-
proved scalability and computational efficiency, while the resource allocation algorithm
has facilitated the formation of multi-teams with shared resources, ensuring efficient task
performance and seamless agent replacement. The results obtained in our simulations pro-
vide promising evidence of the practical applicability and effectiveness of our approaches.
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