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Abstract

Networks are suitable for modelling systems from real-life applications featuring non-trivial
relationships, such as social networks, citation networks and transportation systems. Several
optimization problems, where the nodes of the analyzed networks have the ability to interact
with each other or their environment, can be modeled as multi-agent environments. Due to
the complexity of such systems arises the interest for flexible and robust solutions. Thus,
machine learning approaches — such as reinforcement learning — are often prioritized to address
optimization problems in multi-agent systems.

In this thesis deep reinforcement learning based algorithms are proposed, and their effec-
tiveness is explored within the context of various multi-agent scenarios. First, competitive-
cooperative scenarios that feature predator-prey simulations are being explored. Decentralized
and centralized deep reinforcement learning models are developed to navigate cooperative-
competitive environments.

Next, vehicle route problem variants are addressed, namely the vehicle rescheduling problem
and the multi-robot path planning problem. A hybrid greedy approach is proposed for the
multi-robot path planning surpassing other heuristic and meta-heuristic solutions. Moreover, a
deep Q-learning model trained with independent learning is introduced to address multi-robot
path planning with reinforcement learning. Then, the deep Q-learning architecture is combined
with imitation learning from demonstrations generated with the hybrid greedy approach.

Lastly, the influence maximization on social networks is addressed with deep-reinforcement
learning. A reinforcement learning framework is presented which tackles the polarity-related
influence maximization with two actors present in a social network. To address polarity-related
influence maximization in signed social networks, a multi-agent deep Q-learning model is de-
veloped. This model applies Louvain community detection to decompose the original social

network and optimize seed selection in the communities using double deep Q-networks.
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Chapter 1

Introduction

Several complex optimization problems can be formalized using multi-agent systems [9] and
solved using one of the following strategies (i) decomposing the original problem into a set of
independent, computationally easier tasks, (ii) solving the low-level tasks separately, (iii) com-
bining the obtained solutions of the tasks into a global decision. Solving the computationally
less complex tasks becomes the responsibility of autonomous actors referred to as agents. In
real-world optimization problems, multiple types of agent dynamics exist. Cooperative settings
imply that a set of actors are expected to work together pursuing a common objective. On the
other hand, agent configurations with at least two opposing goals are labeled as competitive
scenarios. Various computational methods are based on multi-agent systems and employ agent
interactions for optimization.

Reinforcement learning (RL) is a well-known computational approach to learn a specific
task based on the interaction of one or more agents with the environment [90]. The completion
of the predefined task is associated with a positive reward, meanwhile unfavorable scenarios
are characterized by a negative reward or penalty. The goal of the learner is to construct
policies that ensure achieving a high cumulative reward. Reinforcement learning has been
applied to several real-world inspired optimization problems, such as robotics, epidemiology,
and others. Moreover, multi-agent reinforcement learning was adapted for addressing various
real-world problems, such as emergency traffic control [20], chute mapping in warehouses [63],
navigation [77] and various cooperative game play scenarios |55, 95|. Various data analysis ap-
proaches can be adapted to operate on multi-agent systems, however computational trade-offs

are crucial to be considered. Introducing several actors to a non-trivial system can significantly



increase the demand for computational resources, rendering some methods infeasible in prac-
tice. Thus, heuristic approaches might get favored over exact solutions in the case of NP-hard

problems regarding multi-agent systems, e.g., [25, 94, 99].

1.1 Research objectives

The research objective is to tackle optimization problems, that combine multi-agent systems
and networks, with deep reinforcement learning approaches. To achieve the main research
objective, several objectives are introduced, which decompose the overall goal into specific
tasks that guide the methodological development, experimental evaluation, and validation of
the proposed approaches.

The first objective of this thesis addressed in Chapter 3 is to develop and evaluate multi-
agent reinforcement learning [2| frameworks able to navigate in cooperative-competitive en-
vironments. The effectiveness of centralized and decentralized deep reinforcement learning
methods was set out to be investigated. To attain this objective, a scientific goal was to per-
form an adequate literature review that summarizes reinforcement learning approaches suitable
for optimization problems for multi-agent systems. Based on the analysis of the literature, the
main focus was building on and adapting state-of-the-art methods to specific optimization tasks.
The performance of centralized and decentralized deep reinforcement learning was compared
on well-known benchmarks that simulate predator-prey dynamics. Multi-agent variational ex-
ploration [67] was adapted with the scope of improving the performance of centralized training
for deep reinforcement learning.

The second objective of this thesis is addressing multi-agent path planning with deep re-
inforcement learning approaches, which is the topic of Chapter 4. Initially, the problem of
vehicle rescheduling was investigated with the goal of proposing and evaluating domain-specific
feature extraction mechanisms. Computational experiments were designed to illustrate that a
meaningful scheduling algorithm can be learned with deep Q-networks based on the proposed
feature space. To underline the robust nature of deep reinforcement learning methods, another
variant of the route planning problem, path planning in multi-robot systems, was analyzed.
With the goal of tackling multi-robot path planning, hybrid- and deep reinforcement learning

optimization frameworks were developed and tested. Then, building on the proposed hybrid ap-



proach, an expert policy was created for training a decentralized reinforcement learning policy
with imitation learning.

The third objective of the present thesis is to address the influence maximization problem on
signed social networks with deep reinforcement learning methods. This objective is the subject
of Chapter 5. Thus, the next scientific goal of this thesis was developing a deep reinforce-
ment learning framework for the competitive influence maximization problem on signed social
networks. The performance of the proposed seed selection process was evaluated on small-
and medium-scale social networks with trust-distrust relationships. The constructed reinforce-
ment learning framework was further refined, and a community-based multi-agent reinforce-
ment learning architecture was introduced to tackle polarity-related influence maximization in
signed social networks. Experiments were designed to evaluate community-based multi-agent
reinforcement learning on several large-scale social networks, which have positive and negative

edges.

1.2 Original contributions

The present doctoral thesis proposes several original contributions listed below along with the

relevant publications on the topic.

1. Standardized feature extraction from pairwise train scheduling conflicts. A reinforcement
learning framework is introduced for train rescheduling problem which applies a stan-
dardized feature selection based on pairwise conflicts. Based on an analytical solution
which detects and resolves every conflict arising between two trains, a corresponding ob-
servation space is proposed. The data obtained from the pairwise conflicts translates
to actions in the context of the reinforcement learning framework. The performance of
the proposed feature extraction mechanism is evaluating using the metrics defined in the
Flatland Challenge [72]. The proposed framework and computational experiments are

presented in a conference article [52].

2. Deep reinforcement learning in cooperative-competitive environments. Multi-agent rein-
forcement learning based models are constructed to optimize actions of agents operat-

ing in cooperative-competitive multi-agent environments. Two well-known reinforcement



learning approaches, namely Deep Q-network (DQN) introduced in [71] and monotonic
value function factorization for deep reinforcement learning (QMIX) proposed in [81],
are adapted and evaluated on the MAgent library [112] featuring predator-prey type of
dynamics. The applied methodology and computational results of the proposed methods

are presented in [47].

. Centralized and decentralized deep Q-learning for cooperative-competitive environments.
To evaluate the effectiveness of centralized and decentralized reinforcement learning, the
several deep Q-network based architectures are integrated to navigate in cooperative-
competitive environments: (i) independent learning with DQN;, (ii) QMIX, (iii) and multi-
-agent variational exploration [67]. The experiments highlight that decentralized training
of deep Q-networks accumulates higher episode rewards during training and evaluation
in comparison with the selected centralized learning approaches. The methodology and

the results are published as a journal article [48].

. Hybrid adaptive greedy algorithm for multi-robot path planning. A hybrid approach named
H* is developed combining A* based path planning and local search to address the multi-
robot path planning problem. The A* search method determines the optimal path for
each robot, the heuristic component extends the solution to the multi-robot setting. The
method is evaluated in several environments — a room with 10x30 cells, four 10x30 cells
rooms interconnected pairwise, and a realistic warehouse. Computational experiments
show that H* finds shorter paths than A*-based heuristics and coevolutionary meth-
ods, particularly on smaller maps. The H* method and computational experiments are

published in a journal paper [51].

. A reinforcement learning model for multi-robot path planning. A multi-agent framework
is proposed based on Dueling Double DQN [37, 102] model for multi-robot path planning
in a shared two-dimensional environment. A decentralized controller is implemented to
improve efficiency by sharing the policy and model parameters between agents. Experi-
mental results show that the trained policy effectively learns to avoid collisions, and that
the choice of an adequate candidate solution space is crucial to ensure the effectiveness of
training. The computational experiments validating the proposed multi-robot framework

have been presented at the SusTrainable Summer School 2023 [44] and are submitted to



be published in a LNCS volume [49].

. Multi-robot path planning through imitation learning with deep @Q-networks. A novel
method is proposed combining deep reinforcement learning with imitation learning from
an expert policy for the multi-robot path planning problem. The expert policy providing
the baseline for the reinforcement learning policy builds on the H* approach [51] and on
the analytical conflict resolution presented in [52]. The developed framework and the
experimental results were submitted for publication to the International Conference on

Hybrid Artificial Intelligent Systems (HAIS 2026) [50].

. Joint- and iterative seed selection with deep Q-learning for competitive influence maxi-
mization. Two distinct mechanisms are introduced to construct initial seed sets for the
competitive influence maximization: joint- and iterative seed selection. DQN is trained
to choose seeds to maximize information spread in trust-based social networks with two
competing actors present. The effectiveness of appointed seed sets is analyzed based on
the number of activated nodes after simulating polarity-related independent cascade on
trust-distrust networks. The proposed seed selection mechanism with deep Q-networks

are published in [45].

. Community-based multi-agent reinforcement learning for polarity-related influence max-
imization. A community-based reinforcement learning method is proposed to address
polarity-related influence maximization. A reinforcement learning agent is assigned to
each community identified by Louvain community detection algorithm [7]. The seed
node selection in the multi-agent setting is optimized by training a decentralized Double
DQN [37], where the agents share the neural network models. The proposed approach

and the experimental results are presented in [46].



Chapter 2

State of the art in reinforcement learning

Reinforcement learning (RL) utilizes previous experiences of one or more agents interacting

with their environment to acquire desired skill sets or knowledge to solve predefined tasks [90].

2.1 Concepts and definitions

In accordance with Sutton and Barto [90], reinforcement learning is defined as follows. The
agent is considered an entity that observes internal and external factors, its environment, and
decides which available actions to execute at any given moment. The environment consists
of the external elements which are not considered the agent. The formalization of the agent-
environment interaction characteristic of the RL setting is a Markov Decision Process (MDP)
[90]. The {S,A,p,R,~} tuple is an MDP if the Markov property holds true, which states that
the immediate reward r and the agent’s next state s;,; is defined by the previous state s; and

the a; action taken:
p(s',r| s,a) = Pri{s;s1 =8, Riy1 =71 | 8¢ = s,a, = a}. (2.1)

The policy 7 is to the likelihood of selecting an action a given the state s. Selecting the
next action in a given s and 7 is the same as finding an a action that maximizes 7(a | s).
Given a time step ¢ and a state s, V;™(s) denotes the expected value of the accumulated

reward for state s following policy m. Q™ (s, a) denotes the pay-off generated by taking action



a for state s, when following policy 7.
Q7 (s,a) = Ry + V24 (s) (2.2)
The advantage A;(s,a) of action a at time step t given state s is:
Ay(s,a) = Ripy +9Viia(s) = Vi7(s), (2.3)

thus, the value of the advantage can be calculated knowing the value of the states s, and s;,1.
Let Vi(s) denote the estimate of V;"(s). The temporal difference error (TD) is the difference

between consecutive predictions [90]:
L™ = Ry + a (VWi (s) = Vi(s)) (2.4)

where R;. is the reward received in the ¢ 4 1 time step, while « is a parameter controlling the
step size. In practice, the TD error is often optimized instead of the advantage function [90].
Imitation learning consists of learning to perform a task from expert demonstrations rather

than relying solely on agent-environment interactions to discover advantageous strategies [110].

2.2 Deep Q-learning

Mnih et al. introduced Deep Q-Networks (DQN) in [71], a modified Q-learning method for
combined with a deep learning architecture in order to determine the optimal policy of a single
agent in the reinforcement learning setting. The optimal action at a given state is considered
to be the one with the maximum Q-value.

In case of the DQN method the action-value function is modeled by a deep neural network.
During the simulation of different episodes, the method of experience replay is utilized. The
generated trajectories of the agent are saved into a memory buffer, which is later sampled to
construct training batches as inputs for the neural network responsible for Q-value estimation.

The neural network aims to minimize the squared sum of the TD error (see Equation
2.4). The TD error is computed using a second neural network, called target network and its

parameters are 0;,,4¢¢, Which is a periodical copy of the online network.



DQN was shown to be overly optimistic [37] and Double deep Q-learning [37] was introduced
to address the over-estimation problem. Dueling deep Q-learning [102] estimates the state-value
function and action-advantage function using dueling networks: the same feature representation
is used as an input for the value and for advantage networks.

Conservative Q-Learning (CQL) introduced in [53] is a technique designated offline Q-
learning where the model learns from a fixed dataset of pre-collected experiences without any

opportunity to interact with the environment.

2.3 Multi-agent reinforcement learning approaches

Multi-agent reinforcement learning (MARL) consists of a set of various autonomous learners
based on agent-environment dynamics characteristic of single-agent reinforcement learning.
Several distinct ways exist to adopt the success of single-agent learners in multi-agent scenarios.
Fully decentralized methods, such as independent Q-learning [91], treat agents as separate
entities attempting to optimize the agents’ actions separately. The agents share experiences

amongst each other, and a single policy is trained to determine the optimal actions.

2.3.1 Centralized and decentralized training

Approaches that optimize multi-agent scenarios can be split into two categories regarding the
manner in which they manage the available information: centralized and decentralized methods.
Centralized approaches tend to integrate a global view of the environment, where the selection
of agent actions is optimized jointly. In the decentralized setting agents operate in a parallel

manner, and agents optimize their actions separately.

2.3.2 Value decomposition networks

Value decomposition networks [89] incorporate both centralized and decentralized techniques.
The network employs a global reward as feedback of the joint actions of the agents and the
TD error for the joint action-value function is utilized as a loss function during training. The
global reward signal is then decomposed, to train a separate neural network for each agent.

Value decomposition networks benefit from centralized learning and decentralized execution.

10



Monotonic value function factorization for deep reinforcement learning (QMIX) proposed
in [81] applies a compound structure of neural networks to approximate the joint action-value
function Qora: (1) agent neural networks, that approximate the @, function and (ii) a mixing
network that synthesizes the observation-action histories and action pairs.

Mahajan et al. [67] showed that the monotonic assumption required by QMIX discourages
exploration, and proposed multi-agent variational exploration (MAVEN) to prioritize policy

exploration in centralized training-decentralized execution methods.

2.4 Benchmarks for reinforcement learning methods

Multiple benchmarks were proposed to evaluate the performance reinforcement learning ap-
proaches. In [56|, Leike et al. evaluate RL algorithms on safety problems faced by autonomous
agents, such as interrupting signals, and avoiding side effects. Chen et al. [16] implements a
deep multi-agent reinforcement learning system to propose solutions for the mixed-traffic high-
way on-ramp merging problem. In [95] a benchmark is proposed to evaluate the performance
of multi-agent learning methods on the game of StarCraft II. MineDojo [29] is a framework
built on the Minecraft simulator, featuring a benchmarking suite with thousands of open-ended

programmatic and creative tasks.

2.5 Sustainability and reinforcement learning

Several contributions investigate the potential of machine learning to achieve sustainable ob-
jectives, e.g., |76, 79, 106, 108]. The topic of sustainability of machine learning approaches was
also investigated, see, for example, |1, 85].

Various contributions from the literature propose techniques to manage training efficacy. For
example, [24] showed that sparse neural networks achieve the performance of dense networks
requiring less training time. Early stopping [74] terminates training once the metrics reporting
model performance begin to deteriorate. The efficiency of reinforcement learning methods can
be improved by applying probabilistic transitions to incorporate uncertainty into modeling and
planning [40]. Quantization methods have been proven to successfully reduce training time and

carbon emissions of distributed reinforcement learning [30].
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Chapter 3

Reinforcement learning algorithms for

cooperative-competitive environments

Deep reinforcement learning (RL) based architectures are proposed to tackle navigating in
cooperative-competitive environments that model predator-prey dynamics. A Deep Q-network
(DQN) framework and a monotonic value function factorization (QMIX) based architecture is
proposed to optimize action selection via decentralized training and execution. The proposed
frameworks and experiments were presented in [47]. Then, improved versions of the previ-
ously mentioned DQN and QMIX approach are proposed. Moreover, the QMIX architecture
is combined with multi-agent variational exploration (MAVEN) to improve the efficacy of cen-
tralized training. The extended version of the experiments and the improved methodology were

published in [48].

3.1 Problem definition

Multi-agent planning systems have multiple real-world applications, such as fake news detec-
tion [3|, tracking evolutionary phenomena |[6], collision avoidance [12], and analyzing social
networks [14]. Multi-agent environments, where a group of agents has a shared goal to achieve,
are referred to as cooperative settings. Cooperative-competitive environments are formed by
multiple cooperating groups having objectives opposing other agent groups.

Recent contributions from the literature focus on implementing various cooperative-competitive

environments in order to provide benchmarks for multi-agent reinforcement learning methods,
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see e.g., |95, 64, 92]. These platforms aim to facilitate the usage of multi-agent reinforcement

learning approaches by providing a framework for environment simulation and evaluation.
The PettingZoo library integrates various multi-agent games that are suitable for modeling

more complex multi-agent relationships of real-life problems, such as MAgent platform [112],

discrete and continuous control tasks [35], Multi Particle Environments [73].

3.2 Related work

Prior research in cooperative-competitive multi-agent reinforcement learning has used bench-
marks, such as StarCraft based environments [27, 82, 95] and MAgent[112]. QMIX was evalu-
ated on the StarCraft environment and surpassed the performance of independent Q-learning
and value decomposition networks, see [81]. MAVEN was evaluated on the SMAC [82| domain
in |67], and performed better than independent Q-learning, QMIX, COMA [31] and QTRAN
[87].

3.3 Deep reinforcement learning methods

In [47], we proposed decentralized and centralized deep RL frameworks to operate in cooperative-
competitive environments. More specifically, two Q-learning methods were adapted: (i) Inde-
pendent Learning [91] applied with DQN [71] method and (ii) a QMIX approach [81]. Firstly,
an Independent Learning [91] approach is evaluated combined with Deep Q-Networks [71].

DQN applies Q-learning by using a neural network to approximate action values and choose
the highest-value action. In case of Independent Learning, the multi-agent scenario is treated
a single agent reinforcement learning problem, rendering other agent actions and objectives
as a part of the environment. The learning process is decentralized, while the agents share
experiences with each other.

QMIX trains cooperative agents with a global reward by learning per-agent utility net-
works and a monotonic mixing network that combines agents’ Q-values. QMIX implements
decentralized action selection and learns to jointly optimize agent actions.

We trained two separate policies for selecting actions: a separate policy is trained to se-

lect actions for predator- and prey-type of agents, respectively. The two separate policies are

13



initialized with the same parameters, however during the training phase the agents operate
following their predefined policy. Thus, agents with similar goals share experiences, but they
do not weigh in the optimization of the rewards attributed to adversarial agents.
Experimental results on the adversarial pursuit environment showed that deep reinforcement
learning approaches are able to construct adaptive policies for navigating in predator-prey type

of simulations.

3.4 Centralized and decentralized deep Q-learning

The effectiveness of centralized and decentralized algorithms were evaluated concentrating on
three variants of deep Q-networks featuring cooperative-competitive environments: (i) decen-
tralized training independent learning [91] with DQN [71], (ii) the centralized monotonic value
factorizations for deep learning (QMIX) [81], (iii) the multi-agent variational exploration|67].
The computational experiments presented in Section 3.3 were extended by considering new
parameter settings for the DQN and QMIX methods, as well as, proposing an additional RL
method, which combines centralized Q-learning with multi-agent variational exploration [67],
and using an another multi-agent environment from [66| that simulates predator-prey dynamics.

Moreover, to assess the effectiveness of learned policies, policy evaluation is performed after
training. The learned policies are evaluated in a deterministic manner, thus random action
selection for agent is avoided all together. Separate action selection policies are constructed
for different agent groupings, in comparison with the applied method from Section 3.3, the
predator agent groups are no longer split to sub-groups to balance the agent number for policy
training.

The experiments were performed using the following RL environments that are also included
in the PettingZoo [92| framework: (i) Adversarial pursuit from the MAgent library [112] and
(ii) Simple tag from the Multi-Particle Environments (MPE [66]) library. Both adversarial
pursuit and simple tag feature cooperative-competitive interactions.

Decentralized training with DQN consistently outperformed centralized approaches across
both the adversarial pursuit and simple tag environments. DQN policies showed faster con-
vergence and achieved higher accumulated rewards for both predator and prey agent groups

during evaluation. While centralized methods like QMIX and MAVEN required longer training

14



periods to stabilize, the integration of MAVEN with QMIX showed improvements over stan-
dard QMIX, particularly in reducing variance and improving exploration in centralized training

scenarios.
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Chapter 4

Path planning solutions for multi-agent

systems

Hybrid- and deep reinforcement learning (RL) frameworks were developed to optimize path
planning in multi-agent systems. Firstly, a standardized feature extraction framework coupled
with deep Q-learning was developed [52|. A hybrid greedy approach, H*, was introduced for
planning robot actions in two-dimensional multi-robot environments|51|. Then, a RL environ-
ment is defined to model and optimize policies for navigating in two-dimensional multi-robot
environments [49]. Lastly, decentralized RL based controller trained with imitation learning
from an expert hybrid policy was constructed, which synthesizes the aforementioned RL envi-

ronment with analytical conflict resolution and the H* algorithm [50].

4.1 Problem definition

Path planning optimizes the sequence of movements required to navigate an agent from an
initial position to a target state while avoiding collisions with obstacles.
Path planning is a crucial element to several complex optimization problems, e.g., the Vehicle

Routing Problem (VRP) as defined in [21].

4.1.1 The vehicle rescheduling problem

The Vehicle Rescheduling Problem (VRSP) extends the classical VRP by addressing the need

to continuously adapt and replan vehicle routes in response to real-time disruptions, delays,
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and malfunctions in transportation systems.
The primary objective is to minimize the sum of travel times across all agents from their
current positions to their respective destinations, while accounting for the dynamic state of the

system including possible delays, equipment malfunctions, and changing conditions.

4.1.2 Multi-robot path planning

The Multi-robot Path Planning (MPP) problem involves the scenario of robots moving through
a shared space. The goal of MPP is to strategize the paths that all robots must take in the
shared environment to reach a specific destination, ensuring there are no collisions with other
robots or obstacles in the surroundings.

The MPP problem consists of two computational tasks that need to synchronize: (i) deter-
mining the individual paths for each robot in a given environment and (ii) coordinating the

actions of the robots to minimize collisions or delays.

4.2 Related work

VRP extends the Traveling Salesman problem aiming to minimize total travel distance or
expenses. Each customer must be visited exactly once, and the aggregate demand on any route
must not exceed the assigned vehicle’s capacity.

VRP is related to the Multiple Traveling Salesman Problem (MTSP), a solving the MTSP
also addresses VRP [88]. The MTSP has been tackled by various methods, including exact
methods [54], approximation algorithms |23, 68|, and machine learning approaches |78|.

Single and multi-agent environments were proposed to facilitate apply RL approaches for
various traffic coordination tasks [13, 70, 72|. Deep RL has emerged as a promising direction,
with methods that learn policies to address the vehicle route planning problem. In [75], the
authors propose a recurrent neural network decoder coupled with an attention mechanism based
policy to address VRP and its variants.

The VRSP problem is NP-hard [88], the proposed approaches to its solution are diverse and
many of them rely on heuristics, most commonly used techniques include depth-first-search [93],
branch and bound [22|, genetic algorithms [26], and simulated annealing [94].

A* [36] based heuristics were proposed to address MPP, e.g., cooperative A* [86], M* [96].

17



MPP was also addressed using meta-heuristics including genetic algorithms [80], particle swarm
optimization [111], ant colony optimization [113].

In [70], robots were trained to navigate using deep reinforcement learning, and several
improvements were introduced since. Deep reinforcement learning was applied to optimize
route planning and collision avoidance tasks for the cooperative multi-robot setting [97].

The Electric Vehicle Routing Problem (EVRP) extends the classical VRP [84]. Meta-
heuristic methods, such as hybridized ant colony optimization methods [28, 104, 105], have
been successful in solving the EVRP problem.

4.3 Learning from analytical conflict resolution based ob-
servations

In [52], the VRSP formalized by the Flatland Challenge [72| was tackled by employing a deep RL
approach with an analytical conflict resolution mechanism. A new feature extraction method
by analyzing pairwise conflicts was introduced, followed by a deep Q-network, which plays
the role of the decentralized controller. The proposed approach was evaluated on a series of
simulations, in accordance with the Flatland benchmark [72].

Our approach to the VRSP formalized by the Flatland Challenge relies on the identification,
characterization and, if possible, resolution of every conflict arising between train pairs. Custom
observations for the RL setting are calculated based on successively applying the H-shaped
conflict resolution model and a voting mechanism. These observations then are used as input
for the neural network incorporated by the reinforcement learning model. Q-learning was
applied for approximating the common action-value function of the agents. DQN [71] and
linear Q-network (LQN) architectures were applied for testing the proposed framework.

The experimental results illustrate that a meaningful scheduling algorithm can be learned

based on the proposed feature space.

4.4 Hybrid approach for multi-robot path planning

In [51], we proposed the H* algorithm that addresses the MPP problem by identifying collision-

free routes for multi-robot scenario. The H* algorithm consists of two stages. In the first stage,
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greedy path search is applied using a heuristic approach to generate routes for robots given a
maze, knowing the initial and target positions of robots. In the second stage, a local search
operator is applied to refine the routes determined by the greedy search, which aims to minimize
the two objectives of length and collisions.

Computational experiments are performed for several scenarios that consider different char-
acteristics and impose various levels of difficulty for planning methods. Three distinct multi-
robot map layouts were selected to assess the effectiveness of the H* hybrid method in the
context of the MPP problem: Scenario 1 [42], Scenario 2 [33], Scenario 3 [69].

Experimental results showed that the H* algorithm is robust w.r.t. the number of robots
and successfully solves all tested configurations. H* had similar performance or outperformed

other heuristic and meta-heuristic approaches from the literature.

4.5 A reinforcement learning approach for multi-robot path
planning

Independent Learning [91] is combined with Dueling Deep Q-Networks [102] and Double Deep
Q-learning [37] to address the multi-robot path-planning problem [44, 49|. Using the RL setup, a
decentralized controller is implemented: the robots share among each other policy parameters
and memories of previous interactions with the environment. As a consequence of sharing
experiences during training, the dimensionality of the solution space is reduced. Smaller solution
spaces result in faster convergence and require fewer simulations to learn an effective policy.
Moreover, decentralized solutions are agnostic regarding the number of robots, as long as the
robots have the same agent-environment dynamics.

The performance of Dueling Double DQN based training was evaluated for Scenario 1 pro-
posed by [42]| depicting a two-dimensional environment.

Experiments showed an increase in run-time is associated with an increased power consump-
tion. While the computational resources required for training with the two tested observation
sizes are close to each other, using a smaller observation radius was the more energy-efficient

option in our experiments.

19



4.6 Imitation learning with deep Q-networks

The RL framework described in Section 4.5 is, and this section presents a two-stage imitation
learning based RL method. In the first stage, a centralized expert policy based on temporal
look-ahead and conflict-resolution mechanisms generates demonstration trajectories. In the
second stage, a decentralized policy is trained on the expert trajectories through a combination

of imitation learning and offline RL.

4.6.1 The hybrid expert policy

The expert policy is a centralized controller based on the H* algorithm and the analytical
conflict resolution proposed in [52] to solve multi-robot navigation tasks. The expert policy is
used to generate an offline dataset that models successful navigation strategies of multiple robots
operating in a shared environment. A centralized controller is constructed which functions as

a hybrid system, combining deterministic graph search with heuristic conflict resolution.

4.6.2 Double Deep Q-learning model

An offline Double DQN approach is employed to optimize action selection for the robots. The
acting policy is shared among agent, the Q-network is trained through independent Q-learning
[91]. Soft updating [60] mechanism was applied to change the target network’s weights during
training. The RL system is trained using conservative Q-learning (CQL).

Experiments were conducted on Scenario 1 proposed by [42] to validate the applicability of
the offline imitation learning approach. The results of the computational experiments indicate

that the Double DQN model learns to navigate in the maze from the expert demonstrations.
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Chapter 5

Reinforcement learning for influence

maximization

In the last years, significant advances have been achieved regarding the influence maximization
(IM) problem on social networks. The influence maximization [41] problem aims to maximize
the information coverage, while minimizing the cost associated with the degree of informa-
tion spread. IM has a wide range of real life applications including viral marketing [19, 101],
epidemiology [107], political science [32].

Two frameworks using deep reinforcement learning were developed to address influence max-
imization problem on signed social networks. Joint- and iterative seed selections for the com-
petitive influence maximization scenario in trust-distrust networks were proposed [45]. Deep
Q-Networks were integrated to the aforementioned seed selection mechanisms to determine the
seed sets for small and medium-scale social networks. The second model, which was published
in [46], consists of a community-based multi-agent reinforcement learning framework providing

scalable and adaptive strategies for large-scale signed social networks.

5.1 Problem definition

Influence maximization [41] targets the optimization of information spread in social networks
starting from a set of source nodes. Let K denote the maximum number of nodes in the seed set,
also called the budget. In [41] the authors also proposed a greedy baseline algorithm under the

two main existing diffusion models, namely Independent Cascade and Linear Thresholds. The
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influence maximization problem is NP-hard [41], therefore, in addition to approaches proposed
specifically optimize influence maximization, various soft computing methods can be applied
to alleviate the computational requirements e.g., reinforcement learning.

Bharathi et al. [5] discusses first-mover and second-mover strategies for identifying a seed
set to maximize the influence diffusion, when competition is present in the social network.

Carnes et al. [15] discussed the followers (second-mover) perspective, the seed set is con-
structed knowing which seed nodes are activated by the opponent. [15] extended the indepen-
dent cascade model to the competitive scenario introducing two influence spread mechanisms.
Both models are suitable for constructing a seed set greedily to address the problem of com-
petitive influence maximization (CIM).

The influence maximization problem formalized in [41] features social networks having a
single type of relation between individuals. Polarity-related influence maximization (PRIM)
operates taking into account two opposing type of relationships [59].

In competitive influence maximization, two opposing actors try to influence nodes in the
same network, so each node can be inactive or activated. An inactive node has not been
influenced by either actor, an activated node has a polarity (positive or negative) that indicates

which actor influenced it.

5.2 Related work

[41] proposed a greedy algorithm that maximizes the influence by iteratively selecting the
nodes that bring the maximum marginal influence. CELF [58] and CELF++ [34] improves the
performance of this greedy algorithm by exploiting the sub-modular nature of the inlfluence
diffusion.

In addition to greedy algorithms, meta-heuristic approaches addressing the IM problem: ge-
netic algorithm [10], multi-objective evolutionary algorithm [11], simulated annealing[39], parti-
cle swarm optimization [100]. In [17] the authors proposed a reinforcement learning framework
regarding influence maximization problem in random graphs.

Several existing algorithms, which address the IM problem, benefit from detecting com-
munities and building various strategies to exploit information based on communities, e.g.

43, 8, 38].
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In [62], a reinforcement learning framework was proposed to optimize seed selection for the
competitive influence maximization. ToupleGDD [18], uses coupled graph neural networks to
obtain node embeddings and applies double Deep Q-learning to estimate the expected influence.
Recently, [114, 98| further improved the performance of graph neural network and reinforcement
learning hybrids surpassing ToupleGDD.

Greedy-SIM [65] is a greedy method that optimizes the positive influence spread in signed
networks by identifying independent propagation paths and their probabilities. In [109], the
authors consider individual beliefs and information diffusion in signed networks, and apply the

Signed-PageRank method for solving the IM problem in signed networks.

5.3 Competitive influence maximization in trust-distrust
networks

In [45], a deep reinforcement learning based architectures were built to address competitive
influence maximization on signed social networks. Two distinct mechanisms were analyzed to
construct initial seed sets for two competing actors: joint- and iterative seed selection. The
effectiveness of possible seed sets is compared based on the number of activated nodes after
simulating polarity-related independent cascade on trust-distrust networks.

In case of joint seed selection, the seed set for the first agent producing positively activated
nodes is selected as one action of the RL agent. The possible seed sets are obtained based on
the social network infrastructure before the deep QQ-learning takes place.

In case of iterative seed selection, the seed nodes are added one by one to the seed set. The
reinforcement learning episode consists of a maximum k number of iterations, in each iteration
the actors select an inactivated node to be added to their respective seed sets.

Experiments were conducted on trust and distrust based social networks constructed from
user relations on the epinions.com consumer review site [57].

Two DQN |[71] approaches were evaluated to select initial seed sets for the competitive
influence maximization problem [15] in signed trust based social networks. Two distinct rein-
forcement learning models were applied to formalize the influence maximization problem and
construct the solution space.

Experimental results show that deep reinforcement learning is suitable for proposing seed
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epinions.com

sets for the competitive influence maximization problem on polarized networks.

The joint seed selection is feasible to determine seed sets for the competitive influence
maximization problem. The joint seed selection method does not scale well due to the fact that
the action space increases rapidly with the budget for the seed set. Experiments show that
iterative seed selection can be utilized with the DQN approach to operate on medium-scale

networks.

5.4 Multi-agent reinforcement learning for polarity-related
influence maximization

This section presents the community-based multi-agent double DQN approach [46] for address-
ing the PRIM problem in social networks.

The RL agent constructs the seed set in an iterative manner, selecting one node with each
action to be added to the seed set. The node activation and influence spread are part of the
RL agent’s environment. The seed nodes determined by the agent are activated as positive and
influence spread is simulated following the polarity-related independent cascade .

A multi-agent environment is constructed by identifying communities, then, multi-agent
deep Q-learning is applied to solve the PRIM optimization problem in signed social networks
[46]. By selecting strategies for each community rather than the entire input network, the
original problem is decomposed into smaller subproblems.

Using the Louvain community detection algorithm [7] on the directed graph ignoring the
signs of the edges, the original graph is divided into several distinct subgraphs, grouping nodes
into communities. Fach community is then assigned an RL agent (actor), enabling decentralized
decision-making for nominating seed nodes within the reinforcement learning framework.

Double DQN represents the RL agents’ action selection policy, which is shared between the
agents. Target networks are updated through soft updates [60] to stabilize learning.

Experiments were conducted on the Bitcoin OTC, WikiElec, and Slashdot signed social
networks with trust- and distrust based relations between users.

The Louvain community detection algorithm successfully reduces the dimensionality of the
original social networks by identifying strongly connected sub-graphs.

Although activated and negative nodes appear after simulating information diffusion, the
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number of activated and positive nodes remains substantially higher than the number of neg-
ative and activated nodes showing that the proposed RL framework successfully incorporates

the difference between positive and negative edges.
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Chapter 6

Conclusions and future work

Reinforcement learning (RL) is a machine learning approach based on learning through agent-
environment interaction. The present thesis proposes RL approaches to address optimization

problems which concern multi-agent systems.

6.1 Main contributions and results

First, navigating in cooperative-competitive environments was addressed by proposing two deep
reinforcement frameworks. Experiments conducted in the MAgent environment showed that
deep Q-networks are capable of learning adaptive policies [47]. Then, centralized and decen-
tralized Q-learning based architectures were proposed to address navigating in the cooperative-
competitive setting [48|. Experiments showed that the performance of centralized training with
monotonic value factorization can be improved by applying multi-agent variational exploration.

Secondly, route planning in multi-agent systems were addressed using machine learning: (i) a
deep Q-learning approach based on analytical conflict resolution was proposed [52], (ii) a hybrid
adaptive method was developed for tackling the multi-robot path planning, (iii) a decentralized
deep Q-learning model was proposed for multi-robot path planning [44, 49], (iv) an imitation
learning framework learning from hybrid policies was proposed [50].

Thirdly, the influence maximization problem was tackled using deep Q-learning. Two seed
selection mechanisms based on deep Q-learning were proposed in [45] for competitive influ-
ence maximization on signed networks, namely joint- and iterative seed selection. In [46], a

community-based multi-agent reinforcement learning method was proposed for polarity-related
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influence maximization. The proposed approach is validated on the Bitcoin OTC, WikiElec and
Slashdot directed signed networks, and the computational results show that community-based

RL agents are able to optimize the positive influence spread.

6.2 Future work

The main direction for future research is extending the existing work by evaluating the perfor-
mance of the proposed deep Q-learning methods across real-world datasets and benchmarks. In
case of the cooperative-competitive environments, the presented approaches could be applied
to cooperative benchmarks, such as SMACv2 [27].

The robustness of the proposed path planning methods could be evaluated on the VMAS
[4] environment. Another possible improvement is to employ transfer learning [103] to the
multi-robot path planning problem.

A possible future direction for the research conducted on the influence maximization prob-
lem is adapting the community-based multi-agent reinforcement learning to balanced influence
maximization [61]. Another future direction is using graph neural networks [83] to extract

features from the communities.
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