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The fast growth of technology is introducing robots, which were previously primarily
utilized in labs and industries, into people's daily lives to interact in shared places. This
makes it necessary to develop navigation frameworks that lead robots to move in non-
threatening, human-friendly ways by considering social aspects. Such socially-
aware navigation frameworks, must also scale to situations with several humans and robots
traveling simultaneously. Recent advances in Deep Reinforcement Learning (DRL) have
enabled development of robot navigation strategies that successfully accomplish their goals
while including these social norms. This work develops a multi-robot socially aware
navigation framework for mobile robots navigating in environments shared with humans
and other robots. This approach, based on single-agent Deep Reinforcement Learning
(DRL), involves modelling of all the interaction types in the environment between the ego
robot, humans, and other robots. The DRL approach is used to train the framework with a
reward function that balances task completion, collision avoidance, and the maintenance
of comfortable distances from humans, and an attention mechanism is used to identify the
relative importance of each agent to the navigation process. The developed framework is

tested across a set of simulation scenarios including open space, corridor, and static
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obstacle scenarios. The results show that in challenging, dynamic multi-agent
environments the robot can create efficient, socially acceptable motion. Comparative
assessments of current state-of- the-art methods highlight the advantages of the
developed approach, especially in enhancing safety by reducing collisions and preserving
suitable comfort distances between humans and other agents. These results confirm the
success of the learned policy and support the applicability of the framework in practical

multi-robot systems where social compliance is a fundamental need.
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CHAPTER 1 : INTRODUCTION

1.1 Background

The field of robotics has experienced rapid development in recent decades, moving from
simple mechanical devices to complex machines with decision-making capacity. The sight
of robots navigating in the presence of humans is now a common scene and one that will
become much more common in the years to come. The future is tending towards seamless
integration of robots with humans in daily activities. Robot navigation is a key capability
of autonomous robotics. The issue is often characterized as the secure and autonomous
attainment of a designated destination among diverse intricate circumstances [1]. Robots
are increasingly being used in human environments and are progressively integrating into
our everyday existence. Robots now navigate in human environments like factory floors,
restaurants, hospitals and airports. Sharing the same navigation environment with humans
definitely leads to unique challenges such as avoiding collisions with humans and going a
step further to move in ways that do not cause discomfort of harm to humans. These robots
must explicitly account for human presence in addition to achieving their navigation goals
[2]. Hence it is crucial to study how humans navigate within the presence of each other and

to use these navigation rules to guide robot navigation within the presence of humans.

Human navigation in shared settings is governed by social conventions, which are implicit
norms that assist people in reading intentions and moving in ways that ensure mutual
comfort [3]. A key concept that guides how humans move in presence of each other is

proxemics [4], which describes how humans regulate interpersonal space. Humans



maintain a personal space buffer, and invading it without social cues or following
acceptable conventions can cause discomfort. These spatial conventions vary by culture,
age, and environment. Robots can be made to interact and move among humans in an
acceptable way only if these conventions are understood and modelled in the navigation

behaviour of the robots.

This research area is referred to by various terms within the robotics field, commonly
including 'Human-aware navigation,' 'Social Navigation,' 'Socially Aware Navigation,' and
'‘Crowd Aware Navigation'. ‘Human-Aware’ denotes that the design and algorithm must
specifically account for the presence of humans in the area of the robot, their activities, and
preferences. The wording does not explicitly mean that the robot acts in a social manner.
‘Social navigation’ refers to navigation that incorporates social norms, rules, and roles
typically employed by individuals throughout their interactions with others. ‘Socially
aware navigation’ emphasizes the social dimension of navigation near humans but fails to
explicitly convey that robot social navigation has to resemble human social navigation. In
this Thesis, we decide to use the term Socially Aware Navigation (SAN), because it is
comprehensive enough in meaning to convey the actual nature of the robot. The robots,

and humans in the environment are called agents.

According to [5], a robot can be considered to be socially aware if:

1. It is designed to identify human agents and prioritize their safety by treating them as

unique entities.

2. It is designed to reduce the human discomfort.

3. Whether overtly or covertly, it displays its navigation goals.

2



4. In the event of a potential collision, it considers the condition and implements actions it
anticipates would resolve the conflict in a social manner, possibly at the expense of its own

objectives.

While in [6] the delineated the prerequisites for socially conscious navigation as the
physical safety of people, the perceived safety of individuals, the naturalness of robotic
movement, and the adherence of robots to social standards. While Kruse et. Al in [2] define
the fundamental requirements for navigation to be socially aware to must have taken
comfort, naturalness, and sociability into consideration. Figure 1 illustrates a mobile robot

planning its path based on social norms and conventions.

Figure 1 A robot navigating while respecting social norms[7]

Socially Aware Navigation is crucial in integrating robots into daily human activities and
environments. It ensures that robots can cooperate and interact with humans in a way that
will build trust and acceptance of them through respecting social norms and proxemics [8].

3



In environments like hospitals and healthcare settings, also robots need to assist humans
and guide or navigate around them without causing discomfort or stress. Therefore, the
need for mobile robots in social and human settings cannot be overstated. In a similar way
that humans navigate in a given environment for the same purpose or different purposes,
mobile robots may be navigating in that environment cooperatively with the same goal, or
with different purposes and goals. These robots may take into consideration social norms
to also be socially aware or not be encoded with these abilities, so it is central and important
to develop navigation frame works for mobile robots to navigate in densely populated
environments of humans and other mobile robots. These frameworks must also scale to
high density and complex environments with high concentration of humans, and other
various types of robots, and be able to navigate in different environmental settings as well,
such as in indoor environments like corridors, elevators, doorways, and open space
environments with many obstacles around. The interaction types are also of high
importance. The framework also needs to accurately model all the different types of
interactions in the navigation environment based on the characteristics and properties of
the agents.

Indeed, when multiple agents or entities are moving and interacting in an environment,
then it must clearly be encoded which type of agent is being considered, and which agent
is interacting with which. For the case of multiple robots in the same environment,
similarly, the robots must be able to differentiate between themselves and humans. Some
methods also consider cooperation between robots, however such methods can be prone to
communication or sensing delays. Generally, for multirobot schemes each robot makes

navigation decisions based on its local observations and in some cases based on hard-coded



or predefined rules. Classical multi-robot co-planning methods can be divided into
centralized methods and decentralized methods [9]. Centralized methods learn using
information that is centrally shared between the agents. On the other hand, these procedures
are dependent on the use of precise global information gathering or aggregation strategies.
Furthermore, they are characterised by a variety of problems, including a lack of scalability
and a discrete dimensional explosion, which specifically manifests itself as the number of
agents rises. Hence it may be advantageous to use Decentralized training and executing
paradigms due to ease of scalability and lack of need for communication or cooperation.

Reinforcement learning (RL) is the theoretical foundation of this thesis. RL is a framework
where agents learn efficient methods for decision-making by attempting different actions
and obtaining rewards. The ultimate aim is for the agents to maximise their overall rewards
over time. The entity that takes in data about its surroundings and then uses that data to
make decisions about how to change that environment is called an agent. In single-agent
RL, the decision-making entity is one, and all other entities form part of the environment.
In Multi-Agent RL, more than one agent is involved and they each choose individual
actions which jointly change the state of the environment, and obtain individual rewards as
a result of this change as well as individual observations about the new environment state

[10].

1.2 Problem Statement

Traditional robot navigation uses sensor-based perception to plan and execute collision-
free pathways in real time. Socially aware navigation (SAN) requires robots to respect
human social conventions, avoid discomfort, and move naturally. This includes avoiding

obstacles and predicting and responding to human behavior. Multiple robots frequently



interact with people in real life, necessitating modelling socially acceptable interactions

between them and humans in the environment.

Existing centralized multi-robot systems, however, rely on real-time global coordination,
which is often challenging given sensor lag, communication delay, and processing
limitations. Particularly in crowded, dynamic contexts where delays or interrupted
communication can lead to dangerous or inappropriate behavior, these systems struggle to
scale. Moreover, centralized approaches can ignore the subtle variations between types and
navigation behaviors of the robots and the robot-robot and human-robot interactions.
Although robots may collaborate collaboratively, pedestrian behavior is socially driven and
less predictable, hence alternative modeling techniques are needed. Particularly in dense
scenarios where human-human dynamics influence robot behavior, effective social aware
navigation in such circumstances requires a unified model that can recognize and react to

various interaction kinds.

To address these difficulties, this thesis incorporates social rules guiding navigation among
humans in a decentralized multi-robot framework which allows the robot being controlled
to learn and use its local observations to make real time navigation decisions without
communicating with other robots or humans, and the other robots in the environment to

follow a predefined navigation rule.

The problem is treated as a sequential decision-making process and is modeled as a
Partially Observable Markov Decision Process (POMDP). It is considered as a
decentralized framework because local information (state observations) available to each

robot is enough for it to achieve its goal without communicating with other robots. This



thesis addresses specifically how to model the interactions between the humans and robots

in a decentralized navigation framework employing deep reinforcement learning.

1.3 Objectives
This thesis aims to develop a multirobot SAN system that develops a framework based on
Deep Reinforcement Learning that guides the navigation of multiple robots within the

presence of humans.
| aim to achieve this, through the following objectives:

1. Develop a multi-robot socially aware navigation framework using Single-Agent Deep
Reinforcement Learning, enabling the ego agent to navigate among other agents who use
a predefined collision avoidance strategy, thereby considering human-human, human-

robot, and robot-robot interactions.

2. Evaluate the developed framework in multiple scenarios, involving diverse

configurations of humans, robots, and environmental layouts.

3. Benchmark the proposed framework against state-of-the-art methods in terms of

navigation time, success rate, collision rate, and discomfort rate.

1.4 Contributions

The contributions | have made in my work can be summarized below:

1. Developed a navigation framework based on single-agent deep reinforcement
learning, which allows the ego robot to move according to social norms among

humans and other robots that follow a predefined collision avoidance behaviour.



2. Evaluated the framework in a variety of simulation scenarios including crowded
spaces, narrow corridors, and environments with obstacles, demonstrating effective
and socially aware path planning.

3. Showed improved safety performance over existing methods, especially in
reducing collisions and maintaining comfortable distances from other human

agents

1.5 Thesis Organization

The first chapter of this thesis introduces the concept of social awareness and its

significance in navigation of mobile robots in human environments.

The second chapter presents a comprehensive background and a review of relevant
literature in this field. This chapter discusses Traditional approaches, Multi-Robot
approaches, and gives a tabular summary of the related work on the Multi-Robot

approaches and how they compare to this work.

The third chapter comprehensively discusses preliminary information and theoretical
background of this work. It gives a succinct introduction to the key concepts and theories
that are fundamental to coming up with the methodology of this work and achieving it. In
this chapter, the concepts of Reinforcement Learning, Deep Learning, Deep Reinforcement
Learning, and Imitation Learning are discussed.

The fourth chapter presents the methodology of this work and discusses the approaches
and methods that have been followed to achieve the objectives of this thesis. It gives the
problem formulation, discussing Markov Decision Processes. It also discusses how the

different interactions between humans and robots are modelled. The chapter then provides



the mechanism of the formulation or the navigation policy, the system architecture, the
implementation details, the simulation environment, and finally the metrics used to
evaluate the performance of the navigation algorithm.

The fifth chapter presents the outcomes of the application of the methodology to achieve
the laid down objectives of the thesis. The results obtained for the different scenarios and
conditions are presented and discussed to highlight their relevance and interpretation.
Finally, they are then compared with results form other state of the art and relevant previous
work in terms of some important performance metrics.

Finally, the sixth chapter concludes the thesis by giving an overview of what has been
achieved by this thesis and its relevance and implications. Then the limitations of the thesis
are outlined and future recommendations for the potential improvement and real-world

application and deployment are discussed.



CHAPTER 2 : LITERATURE REVIEW

2.1 Introduction

The development of robot navigation technology enables robots to independently identify
and avoid obstacles, plan suitable routes, and reach their destinations in human populated
environments. This chapter discusses the relevant related literature on socially aware
navigation, starting from the traditional and foundational methods up to more recent
methods. Likewise, a discussion of the related work on multirobot socially-aware

navigation is done, along with a summary and comparison of the related works to this work.

2.2 Traditional Navigation Approaches

Navigation is the basic requirement for any autonomous mobile robots. Traditional
navigation systems purely rely on sensory inputs and use image processing or computer
vision [11]. Robots equipped with this technology employ cameras and laser sensors
(LiDAR) to detect their environments and determine their position and direction using
algorithms. With an understanding of the environment, pre-built maps or maps created in
real-time are used to plan paths that guide the robots to specific targets. Additionally, some
algorithms have been developed to both construct maps of the environment plan paths
simultaneously. Generally, there are two types of maps used for path planning: grid maps

[12], and probabilistic maps [13].

To further improve traditional approaches for navigation and make them more reliable

especially when there are specific navigation requirements, machine learning approaches

10



have been applied. Advanced techniques like neural networks and deep learning, have

improved robot navigation in complex environments.

With the increasing overlap of robots with humans in spaces, it becomes more necessary
to establish rules for social interactions between the two. Therefore, while focusing on
issues such as motion control and path planning, robot navigation technology has also
started to pay attention to the interaction and integration of robots and human society. This
includes considering factors such as human comfort, naturalness, and sociability during the

navigation process, namely social awareness [14].

2.3 Socially Aware Navigation Approaches

With the advancement of social robotics, the significance of incorporating social behaviour
in navigation of robots has become more evident. Robots operating in human-centric
environments need to adhere to social norms and exhibit behavior perceived as natural and
intuitive. This includes understanding personal spaces, navigating in a predictable and non-

intrusive manner, and being able to interpret and respond to human social cues [15].

One of the earliest efforts to incorporate social awareness into robot navigation systems
was tour guide robots deployed in museums around the late 90s, such as the RHINO [16]
and MINERVA [17] robots in Germany and the US, respectively. These robots used

localization and mapping to engage users in natural human settings.

Existing works on social-aware robot navigation can be roughly grouped into three
categories as characterized by [18], and these are: (1) reaction-based methods; (2) proactive

methods; (3) learning-based methods.

11



2.3.1 Reaction-based methods

Robots navigating in dynamic or unknown environments, must respond quickly to avoid
dynamic obstacles while planning their paths. This kind of reactive local navigation scheme
is fundamental in maintaining a safe environment, and methods like these serve as the basic
approach in social-aware robot navigation. In reaction-based methods, robots react with
other mobile agents using one-step interaction approaches [19]. These methods can be
considered to be purely rule-based, without any prediction or learning happening. Such
methods include the Velocity Obstacles (VOs) [20], [21], [22], [23], [24], Social Force
Models (SFMs) [17], [25], [26], Vector Field Histograms (VFHSs) [27], [28] or Atrtificial

Potential Fields (APFs) [29], [30].

Velocity Obstacles was developed in [20] and has been frequently implemented in
traditional robot navigation, such as in [21], [22], [23] as well as in socially aware
navigation works in general. The Velocity Obstacle of a moving obstacle with respect to
an agent is the set of all velocities that would eventually lead to a collision. Therefore,
during each planning step, the agent must select a velocity that does not fall within any of
the VOs created by the moving obstacles. Reciprocal Velocity Obstacle (RVO) [23]
prevents possible oscillations that might occur when approaching or crossing paths with
one another in the case of multiple agents operating independently but in the same
environment and where all agents are assumed to use the same navigation technique. The
Optimal Reciprocal Collision Avoidance (ORCA) [22] improved RVO by introducing a
cost function and an optimization method to select an optimal velocity. The Hybrid
Reciprocal Velocity Obstacle (HRVO) [24] extends RVO by setting priorities in the

interaction between robots.
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The APF, derived from virtual potential fields, is a virtual force field methodology
originally introduced by Khatib. [29]. It considers the environment around the robot as an
energy field, where the motion of the robot is determined by the forces of attraction
generated by the goal point and repulsion between the robot and obstacles. Yao et al. in
[30] incorporated reinforcement learning to the APF to improve performance in dynamic
scenes. VFHs [27] construct a two-dimensional histogram to model environmental
information. The authors in [28] propose the VFH* to handle dynamic obstacles. In
addition, SFM is proposed in [17], and is a physics-based method that infers the direction
and speed of mobile agents’ for collision-avoidance by simulating the interaction forces
between individuals, such as attraction and repulsion forces. It was extended in [31] and
applied to a robot companion that uses interactive learning to adjust the parameters of the
model. By taking advantage of both the extended SFM and the HRVO, the authors in [26],
propose Proactive SFM (PSFM) to achieve efficient and proactive collision-avoidance
navigation. It considers both the human states in relation to the robot (position, mobility,
and hand posture) and the social interaction data concerning human obstacles and group
dynamics. However, the above approaches heavily depend on the precision of deterministic
motion models and can only capture simple interactions, making it difficult to extend to
complex scenarios. Moreover, because robots only take actions for the subsequent step
based on one-step rule and the current state, the planning path is short sighted and
unnatural. This may lead to a failure to adhere to social norms, especially in complex or

crowded environments.
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2.3.2 Proactive methods

Proactive methods assume that the humans cooperate towards the navigation and do not
behave in adversarial manners. As a requirement, these approaches must predict the
behaviour of humans through their trajectories and plan a path to follow. The trajectories
or behaviours are obtained from large-scale datasets to form a Prediction Motion Model,
and then a Path Planning method is incorporated. By proactively considering human
actions, these methods achieve smoother interactions which lead to robot navigation within
human social norms. Approaches such as the Kalman filter can predict the positions of
moving agents around the robot by accounting for various uncertainties and noise in the
measurements. However, when there are multiple moving agents, handling uncertainty
becomes very challenging, possibly leading to an uncertainty explosion [32] which might
prevent the robot from safely navigating to its destination. Thus, various human motion
models have been proposed to try to control the growth of uncertainty. In [33], the authors
combined Rapidly-exploring Random Trees (RRT) with Gaussian Processes to improve
Gaussian predictions and identify probabilistically feasible paths. In scenarios where a
robot shares the environment with multiple moving agents, it is absolutely necessary for
the robot to avoid collisions. Additionally, the robot should maintain a safe distance to
prevent interference with the agents’ activities, taking into account their interactions within
the model. Therefore, the robot must accurately predict behavioral change of each agent
over time, understanding and adapting to human social norms. Common methods for
predicting trajectories include Kalman filters or Particle filters, but goal-based policy
methods have been shown to provide more suitable and effective solutions for social

navigation, achieving more natural and socially acceptable navigation behavior. They
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assume that the behaviors of agents are captured in previously observed trajectories,
determining which trajectory group the current trajectory belongs to by simulating human

goal-oriented trajectories.

Furthermore, considering interactions with static and dynamic obstacles, data-driven
methods have also been proposed to capture agent motion. In [34], a data-driven
architecture called Social-LSTM was proposed to predict future human trajectories. It
introduces a social pooling layer to capture the dependencies between multiple related
sequences. Considering implicit cooperation between different agents in collision-free
navigation, [35] proposed Social Attention to obtain the relative importance of all mobile
agents while navigating, without considering the distance between them. After establishing
the human motion model, trajectory-based methods define a planner that can find the
optimal navigation policy. Svenstrup et al. in [36] propose a path planner based on RRT to
avoid unforeseen pedestrians. Moreover, in order to avoiding crossing into personal space
of people while avoiding collisions, [37] designed the Risk-RRT method, which employs
Gaussian Process learning to estimate the O-space of people. In dense crowds, the
computational cost and time required for explicitly calculating the evolution of joint paths
are incredibly high, especially if the state space expands rapidly as the crowd group
becomes large. Additionally, due to the adoption of overly conservative strategies by
robots, there is limited navigation space available for planning. Consequently, the robots
are more prone to experiencing the "freezing robot problem" (FRP) [38], where the planner
predicts that all feasible routes are deemed unsafe, resulting in the robot being stuck and

unable to move.
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2.3.3 Learning-based methods

Researchers have been examining and using ML and Al-based techniques for robot
navigation more and more in recent years. The number of works incorporating DL methods
to Reinforcement Learning (RL) has been steadily increasing. These learning-based
methods have shown improved navigation performance in advanced and dynamic
environments. Deep Reinforcement Learning (DRL) is widely used in mobile robot
navigation to learn optimal navigation strategies, by introducing deep neural networks to
solve the bottleneck of RL in dealing with high dimensional state spaces. DRL methods
explore efficient interaction rules through pre-training a value function, which enables the
robot to determine the optimal action based on the currently observed states. As a result,
the robot accurately performs trajectory planning and collision avoidance simultaneously
and effectively. In recent years, researchers have used DRL for collision avoidance in robot
navigation, and some of these methods incorporate elements of social awareness. CADRL
(Collision Avoidance with DRL) [39] was the earliest work replacing handcrafted
techniques with DRL and achieving success in multi-agent scenarios. It is based on the
reciprocal assumption, which means that when two or more agents attempt to avoid
collisions, they assume that others are also taking collision avoidance actions. Considering
humans and social norms, this work was extended in [40]. The algorithm learns socially
compliant behaviors, such as passing on the right, by incorporating a reward function that
depends on the dynamics of the scenarios. However, an over-reliance on reciprocal
assumption can lead to overly conservative behavior, and their effectiveness is limited
when dealing with complex decentralized scenarios. In [41], LSTM-RL was developed by

using the Long-Short Term Memory (LSTM) to encode other agents and model the
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collective impact of the crowd. It sequentially processes the current states of each neighbor
in reverse order of proximity to the robot. To enhance the comfort of individuals coexisting
with a robot in a crowded environment, [42] introduced the social stress index within a
DRL, which captures local features and calculates social-attention scores through a
multilayer perceptron. The authors in [43] introduced a method that combines robot
velocities learned from an RL model (AutoRL [44]) with robot velocities calculated using

an SFM to determine robot actions.

Robots primarily rely on their perception and reasoning capabilities to interpret human
behavior and predict future human actions yet lack feedback from the crowd. These
methods often treat robot navigation in social environments as a one-way human-robot
interaction problem, which could pose challenges as the size of the crowd increases. To
overcome these limitations, [45] proposed a Social Attention Reinforcement Learning
(SARL) approach, explicitly modeling the interactions between the robot and the crowd.
The self-attention technique is applied in order to find the aggregate impact of the crowd.
This is accomplished by taking into account both human-human and human-robot
interactions. Furthermore, SOADRL [46] enhanced SARL by processing static and
dynamic obstacle information independently, solving the difficulty of navigating with
sensors giving only a restricted field of view within crowds. In [47], the most important
individuals with respect to navigation are highlighted within the crowd. The work in [48]
suggested simulating danger zones for the robot in order to react in real time to human
actions. The definition of these zones is based on tracking human behavior in real-time
and then storing all the potential actions that individuals may do at any given moment. The

robot learns to navigate clear of these danger zones so as to achieve dependable and safe
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navigation. To address the challenge of handling large-scale crowds, some methods are
proposed to identify the most critical individuals for navigation within the crowd. They
utilize graph representations to learn the optimal policy, encoding information about the
crowd to predict social attention scores of humans when moving toward the goals. In order
to accurately predict human attention for various agents within the crowd during
navigation, the work in [47] employs a method based on human gaze data to train a Graph
Convolutional Network (GCN), to accurately predict human attention to different agents
within the crowd during navigation. Subsequently, they incorporated the acquired attention
into a graph-based RL framework. Due to the dynamic interactions within a crowd
generating non-Euclidean data, Graph Neural Networks (GNNs) can effectively extract
representations for socially aware navigation. Graph Neural Networks (GNNs) combine
the robust representational capabilities of graphs with the comprehensive learning potential
of neural networks. In GNNSs, problems are formulated by representing components as
nodes and relationships as edges in a graph. These models typically propagate local
information throughout the graph, explicitly capturing the relationships between nodes.
This has been proven effective in dealing with a variety of structured tasks, especially
where the structured nature of the problem plays a significant role. There two most
common forms of GNNs are Graph Attention Networks (GATSs) and Graph Convolutional
Networks (GCNs). The work in [49] introduces two-layer GCNs to model a Relation Graph
Learning (RGL) structure to learn the agents’ interactions. Unlike GCNs, which use preset
weights in convolution operations, GATs rely on learnable attention mechanisms to
dynamically assess the significance of each neighbor during input aggregation. The work

in [50] improves two-layer GATS to extract graph representation, and the resulting model
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is termed Social Graph-based Double Dueling Deep Q-Network (SG D3QN). The social
attention mechanism in GATSs allows them to dynamically emphasize the crucial neighbors
of each node, thereby granting these networks higher flexibility to handle graphs with

various structures.

Imitation Learning (IL), which is a sample-efficient method that is commonly used to
obtain a navigation model based on the training data, is one example of a method that
employs supervised learning schemes to emulate expert demonstrations for the purpose of
improving learning efficiency. The work in [51] proposes a real-time, socially aware
method for movement of mobile robots among humans using visual inputs and Generative
Adversarial Imitation Learning (GAIL). This approach improves safety and efficiency in
real-world deployments, also offering a framework to model and simulate pedestrian
behaviors. While in [52], the authors combined IL and RL for single-goal navigation in
mapless scenarios. Inverse Reinforcement Learning (IRL) has also found good use due its
ability to learn the reward function directly from data which is why it is termed ‘Inverse’.
In [53], the authors used a probabilistic technique to enhance the parameters of the reward
function using optimization based on maximum entropy, and this was used to learn human-
aware navigation in densely populated human environments. Pérez-Higueras et al. in [54]
also suggested IRL for social navigation. As an alternative to utilizing the costs for the
purpose of path planning, they are utilized to acquire knowledge about local execution

policies and to provide the robot with navigation directions.
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2.4 Multirobot Socially aware DRL methods

Challenges arise when multiple robots are navigating within the same environment, in the
presence of many humans. Policies must be developed that model both human-robot and
robot-robot interactions. Recently, researchers have started to extend single-robot methods
to multi-robot approaches because, often, it is required for multiple robots to navigate
simultaneously in the same environment in the presence of humans to achieve their
navigation goals collectively or independently. However, multi-robot navigation has its
own challenges. Due to a greater number of agents in the environment collisions are more
likely to happen, a significantly larger amount of computation is required, and coordination
or cooperation between the robots in the environment must be ensured. Multirobot
approaches in SAN include the ability to leverage collective information and distributed
decision-making to improve navigation outcomes. The work in [55] developed a Multi-
agent RL approach. It addresses robot dynamics through non-uniform linear motion
constraints and models the environment using a Decentralized Partially Observable Semi-
Markov Decision Process (Dec-POSMDP). A hybrid spatio-temporal transformer is also
used to model human-robot interactions over time, enhancing the robots ability to make
socially-aware decisions. The model uses separate spatial-temporal transformer blocks for
modelling both human-robot interactions (HRI) and robot-robot interactions (RRI). An
Attention Mechanism is also used to determine the importance of each agent (human or
robot) relative to others. After processing spatial and temporal features separately, the
model uses a multi-modal transformer to align and fuse these features, creating a
comprehensive state representation that includes both human-robot and robot-robot

interactions. Additionally, it uses a Centralized Training and Decentralized Execution
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(CTDE) paradigm, where the state information is centrally shared and used for training of
all agents, then the agent learn their policies using this information in a decentralized

manner and perform individual actions.

The multi-robot technique presented by [9], which uses an Actor-Critic RL approach,
where multiple robots cooperatively plan their navigation in pedestrian environments,
using a Temporal-Spatial graph-based encoder to obtain the significance of social
interactions. It also incorporates a K-step look ahead reward mechanism to allow robots to
consider future consequences hence avoiding aggressive short short-sighted decisions. The
problem is similarly modelled as a Dec-POSMDP. Robot-robot interactions are
cooperative and are captured using a centralized value-network that shares necessary
information about each robot needed to facilitate accurate decision-making. This method

similarly uses the CTDE Multi-Agent RL paradigm in training and execution.

The method proposed in [56] takes a different approach. It uses a Graph Neural Network
(GNN) to model interactions between robots and pedestrians combining their positions and
field of view to get an accurate representation of the environment. An edge selector
mechanism is also used to identify the most important interactions between agents by
creating a sparse graph and applying attention on the nodes. A Gated Recurrent Unit is
used to synchronize with previous actions by keeping track of the hidden state, which helps
to make decisions based on prior experience. It also employs the CTDE paradigm. The

framework is simulated and compared with other multirobot frameworks.

Another method, [57] has modelled navigation among humans and multiple robots as a

POMDP. It develops a Heterogeneous Relational Single-agent DRL method for
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Decentralized Multi-Robot Crowd Navigation. A two-layer heterogeneous GNN is
employed to transfer and aggregate information among different types of agents (robots
and humans). All types of interactions, namely human-human, robot-robot, and human-
robot have their specific subgraph to model the relationship then aggregate it with others

to obtain necessary navigation information.

2.5 Summary of Related Work

The section presents a summary of relevant existing multirobot studies which are related
to this work. The previously mentioned methods in the previous subsection are compared
in Table 1 to show the differences and similarities with the proposed work. This work,
unlike previous ones that only do single-agent RL for single robot SAN or multi-agent RL
for multi-robot SAN, develops a socially acceptable navigation framework for multi-robot,
multi-human environments using a single-agent deep reinforcement learning (DRL) policy.
By relying on single agent RL, we avoid training complexity, stability issues, and poor
generalization which are common in MARL. A single trained ego robot is trained through
imitation learning and reinforcement learning to navigate with social awareness, with the
other robot and humans following a predefined policy, that enables other robots to navigate
with more social distance in presence of humans. This way of modelling more realistically
reflects shared spaces where robots may not be jointly trained or have communication

abilities.
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Table 1 Comparison of Multi-robot socially aware schemes

Work RL Architecture | Human- Training Social
Framework Robot vs strategy awareness
Robot-Robot level
Modelling
[56] Multi-Agent | Graph Neural | Human-robot | CTDE All robots
Proximal Network with | and robot- without are fully
Policy Attention robot Imitation socially
Optimization | Mechanisms | interactions Learning aware
(MAPPO) are modelled
the same
[55] Multi-Agent | Hybrid Interactions | CTDE All robots
Proximal spatio- are modelled | without are fully
Policy temporal differently Imitation socially
Optimization | transformers Learning aware
(MAPPO) with Attention
Mechanisms
[9] Multi-Agent | Tenporal- explicitly CTDE All robots
Actor-Critic | spatial graphs | differentiates | without are fully
RL with Attention | humans and | Imitation socially
Mechanisms | robots in the | Learning aware
architecture
[57] Single- Graph Neural | robot-robot Single-Agent | Full social
Agent Q- Networks interaction is | Decentralized | awareness
Learning modelled without for
same as Imitation Controlled
human-robot | Learning robot and
interaction no social
awareness
for other
robots
Proposed | Single- Feedforward | robot-robot Single-Agent | Full social
Work Agent Q- Neural interaction Decentralized | awareness
Learning Network with | modelled with for ego
Attention same as Imitation robot and
Mechanism human-robot | Learning partial
interaction social
awareness
for other
robots
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2.6 Conclusion

This chapter has presented the relevant related literature on socially aware navigation. The
different categories of approaches were presented, starting with traditional up to the latest
learning-based approaches. Additionally, the relevant related works on Multirobot SAN

were highlighted and then compared to this work.
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CHAPTER 3 PRELIMINARIES

3.1 Introduction

The fundamental concepts and theoretical background relevant to this thesis is discussed
in this chapter. It introduces reinforcement learning, Markov Decision Processes, policy
and value functions, Q-learning, and Temporal difference learning. It also details some
relevant concepts and types of Deep Neural Networks, such as feedforward neural
networks, and graph neural networks. Then it discusses the types of deep reinforcement
learning methods, and finally it introduces Imitation learning which is also used in this

work.

3.2 Reinforcement Learning

Reinforcement Learning [58] is a subset of Machine Learning where an algorithm aims to
acquire solutions for sequential decision processes by iterative engagement with the
environment. The decision maker or controller is called the agent and it receives state
information from the environment and takes specific actions based on its current state
which then influences the environment and subsequently gets a reward value (positive or
negative) based on the desired goal or outcome. The goal of the agent is to learn an action
policy by continuously adjusting strategies through trial and error when interacting with
the environment, with the aiming of maximizing the long-term cumulative reward. In the
case of our work the agent is the robot and the environment comprises of everything else
beyond the robot which includes other robots in the environment, humans, obstacles, and

walls. The robot needs to select appropriate actions, such as turn left, right, go straight, or
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stop based on the current state information like velocity and position. The environment
then provides corresponding punishments or rewards based on the robot's actions. These
may include reward for reaching goal, and punishments for collision, coming into the
discomfort zone of a human, or having jerky unnatural motion. Figure 2 depicts the agent-
environment interaction in a basic RL loop, where the agent makes use of environmental
state information to take an action in the environment which changes the state and gives a
reward (or penalty) to the agent. The outcome of this repeated process is an optimal policy
which selects actions in each state to maximize the expected return. However, this learning
process is characterized by the exploration-exploitation problem, which aims to balance
exploring the outcomes of different actions against staying with actions that have currently

been the best.

Agent

state sq reward ri action a;

Mt+1

Environment -+—

St+1

Figure 2 Reinforcement Learning Loop

3.2.1 Markov Decision Processes

An important concept to introduce is the Markov Decision Process (MDP) which is utilized
to formalize Sequential decision processes. It serves as a conceptual framework for

representing decision situations in which outcomes are affected by a series of decisions and
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their random events. The MDP describes a decision maker (agent) in a state, s, taking an
action a, which based on probability changes the state and gets a reward R. In this new
state, it must make a choice on which action to subsequently execute, and this continues
until a stopping criteria is met. The MDP can be described by atuple < S, A, P, R > where—
s belongs to a set of states, S, called State Space, a also belongs to a set of actions, A, called
Action Space, P is the probability that an action a; in a state s;, will cause a transition to
state s;, 1, . This is called the transition probability, and is given by P = P(s41|ss a:). R
is the scalar value of the reward received after the change from s,to s;,; while taking the

action a,.

A discount factor, vy is introduced to assess the impact of future rewards when calculating
the total return of a current decision. A lower discount factor indicates less emphasis on
future rewards, whereas a higher discount factor implies that future rewards are almost as
significant as immediate rewards. The policy, x, defines how the agent behaves and can be
considered as a link from states to actions that specifies the action to be taken at each state.
At state s;, the agent takes an action a;, based on policy © and then moves to the next state
s:+1 based on P and gets feedback in form of a reward signal R, from the environment.

The generated sequence is thus: Sy, 4y, R1, S1, A1, Ry, S2, A5, R ...

The goal in Reinforcement Learning is to choose the best possible mapping from state to
action, called policy, that will lead to the maximum possible expected reward G, defined

as:

r 3.1)
Gt = Rep1+ YRy +V*Regz + - = Z Y*Resrk+1
k=0
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Where y is a value between 0 and 1 and T is o or a finite value for infinite horizon or finite

problems, respectively. And the optimal policy itself is defined as

n* = argmax E[G;] (3.2)

Vi

3.2.2 Value Function

Two measures frequently used to obtain expected cummulative reward for each state or
state-action pair are the value V,(s) and action value Q.. (s, a) respectively. These values

can evaluate the strategy and guide the agent’s decision-making under different states.

Ve(s) = En[GelS; = 5] (3.3)

Qr(s,a) = Ef[G|S; =5, Ay = a] (3.4)
These equations can be obtained recursively through the action-value function of the
successor state. These equations are called Bellman Equations, and they may be estimated
using Dynamic Programming. (DP) [59]. Using incremental updates, the states' optimal
value function can be obtained. Through iterative calculations, the optimal value function
of the states can be gradually updated. This process begins with an initial estimate of the
value for all states, followed by adjustments using the Bellman equation to more accurately
reflect expected returns. In each iteration, the value of each state is adjusted based on the
potential rewards from all possible subsequent states. Once the value function stabilizes,
the optimal policy * that provides the maximum expected reward for each state can be

identified:

n* = argmaxV*(s) (3.5)

a

V*(s) = maxR% + )/Z P&, V*(s") (3.6)
a

S’
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3.2.3 Q-Learning
The term Q.. (s, a) can also be called the Q-function. It is the value of an optimal policy
when the first selected action is imposed. Upon application of the Bellman Equation we

obtain the equation for the Q-function as:

Qr(st,ar) = E[r(sy ar) + YE[Qr(Ses1, Are)]] (3.7
The optimal Q-function can be obtained by using a model-free reinforcement learning
algorithm called the Q-learning algorithm. It estimates the maximum value of the value
function of each action, and the optimal strategy can be determined by iteratively finding
the extreme value of the Q-function directly. In Algorithm 1, we present its pseudo code
sequentially. The exploration rate, £ is used in determining the frequency of taking
unknown actions during the learning process. A higher exploration rate means trying new
actions more frequently, while a lower exploration rate tends to repeat actions known to
yield better results. In general, in the early stages of learning, a higher exploration rate
helps the algorithm to understand the environment more comprehensively. As learning
progresses, the exploration rate is typically reduced gradually to make more use of the

knowledge already acquired. The process function is highlighted in Algorithm 1.
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Algorithm 1 Q-learning

Input: the policy ©
Initialization: Q (s, a) Using arbitrary values (e.g. zeros) initialize Q(s,a)
for each episode do
initialize s
for each non-terminal state s in each episode do
a < action for s derived by Q
select action a, observe r, s’
Q(s,a) « Q(s,a) + afr + ymaxQ(s',a’) — Q(s, a)]

!

S« S
end for
end for

Output: action-value function Q

3.2.4 Temporal Difference (TD) Learning

Temporal Difference (TD) [60] is critical to RL. This is what is used to estimate the value
function and is capable of evaluating the value function after performing an action.
Temporal Difference (TD) error, which is the variation between the present state's
estimated value and the future state's predicted value, is the foundation of TD learning.
This error is utilized to update the state value function with the purpose of obtaining better
returns. Through continuous iterations, the agent is able to make the best possible
predictions as TD learning converges to the optimal value function over time. Its update

rule is;

V(s) « V(s)+alr+yV(s") —V(s)] (3.8)
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where r + yV(s") — V(s) is the TD error, and o is a learning rate. Its pseudo-code is
presented in Algorithm 2 to introduce the implementation method of the TD learning

algorithm.

Algorithm 2 TD learning

Input: the policy
Initialization: Using arbitrary values (e.g. zeros) initialize V(s)
for cach episode do
initialize s
for each non-terminal state s in each episode do
a « action for s obtained from &t
select action a, observe r, s’
V(s) « V(s)+alr+yV(s") =V(s)]
s s
end for
end for

Output: value function V(s)

3.2.5 Deep Learning

In the domain of reinforcement learning there is typically a large search space which makes

it necessary to use parameterized representations of the value or policy functions. The

objective is to approximate the true value or policy function as closely as possible using

these parameterized models. Accordingly, the common problem of the curse of

dimensionality in which the cost of computation increases with increasing number of

dimensions of the state space needs to be addressed. This can be done through Deep
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learning by using neural networks. The objective is to find the parameter of a function that
minimizes the loss between the estimated Q function and the real Q function. So, the
parameter can be updated by taking the gradient of the loss function, where the loss
function can be the mean square error. DL approximates non-linear functions by training a
Neural Network with vast amounts of layers to learn the intrinsic representations and

essential features of the input data.

3.2.6 Neural Networks

A neural network is a computational model composed of artificial neurons that simulates
information processing and learning capabilities through layer-by-layer linking and weight
adjustment. Neural networks (NNs) usually consist of layers upon layers, but basically
comprise of input, hidden, and output layers in that order. The input and output layers take
in and give out data, respectively, and there is at least one hidden layer in between. Each
layer uses the output of the previous layer as its input. NNs are a powerful tool for
approximating functions due to their highly flexible structure and parameter tuning
capabilities. Deep NNs (DNNSs) (with multiple hidden layers) are particularly good at

approximating complex nonlinear functional relationships.
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Figure 3 Illustration of biological neuron and artificial neuron[61]
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3.2.6.1 Neuron

Artificial neurons are the basic processing units of neural networks. Inspired by biological
neurons. An artificial neuron, similar in function to its biological counterpart, takes inputs,
performs computations, and generates outputs. Unlike biological neurons, which consist of
dendrites, axons, and a nucleus, artificial neurons are simplified computational units
designed to process and transmit in formation. Figure 3 illustrates the basic model of both
biological neurons (for inspiration) and artificial neurons, emphasizing the fundamental
idea of information processing in artificial neural networks. The neuron computes a

weighted sum of the inputs Its mathematical function is as shown:
y=flb+ Y wx) 38

where f is an activation function. For MLP, the neural network consists of multiple layers
of neurons with unidirectional signalling. Each neuron takes the output of the previous
layer as input to compute the weighted sum, and applies some non-transformation to the

computed result to produce the output of the layer.

3.2.6.2 Output Layer

The output layer gives the final representation in the network, and is responsible for
producing the ultimate prediction corresponding to the given input. Activation functions
are utilized in neural networks to accept input signals and generate output signals in output
layers. These functions can be classified into two types: linear and nonlinear activation

functions, and their selection is task specific. When dealing with linear regression
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problems, linear activation functions are the always choice because they directly allow for

straightforward prediction results. A linear activation function is given by:

fiinear(X) = x 3.9

However, their input-output relationship is limited to simple linear transformations which

can limit the ability of deep neural networks to model complex patterns.

For the majority of tasks, and in this thesis nonlinear activation functions are favored, such
as Sigmoid, ReL U, Softmax. These functions enable more complex input-output mappings,
thereby allowing deep neural networks to learn and represent intricate patterns and
relationships effectively. In the binary classification tasks, the sigmoid function is

commonly used:

(3.10)

fsigmoid(x) = 1+ e*

which restricts the output within the range of 0 to 1, representing the corresponding
probability. Similarly, the softmax function is well-suited for multi-class classification

tasks to assign probabilities to multiple classes:

esi (3.10)
fsoftmax(si) = Zj eSi

where s; is the output of the i-th neuron. The softmax function transforms the input values
into probability distributions for various classes, ensuring that the sum of all its output
values is equal to 1. In addition, to mitigate the problem of vanishing gradient, ReLU is

used to keep the gradient from decaying when x > 0:
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X, x=0 3.11
fReLU(x) = {0 x <0 ( )

3.2.6.3 Objective Function

The objective function, in this context also called the loss function or cost function, is used
to measure the divergence or error between the output and the desired value of a neural
network. It guides the network’s parameter learning and updates by backpropagating the
measurement error, aiming to minimize the objective function. The neural network’s ability
to accurately match the training data improves as the parameters are fine-tuned, this
improves model performance and generalization ability. A widely used objective function

is the mean squared error (MSE):

1 (3.12)

Luse(0) =3 ) (=9 (x1,0))?
i=1

where the loss function L,z is parameterized with the network parameters 6, which
denotes the biases and weights of the network. N is the number of training samples. y; is
the desired value for i-th training sample, ¥ is the predicted value of the sample x; given
by the neural network. Generally, any function capable of quantifying the discrepancy
between the network’s output and a target value can serve as an objective function for
training a neural network, provided that it exhibits differentiability concerning the network

parameters.
3.2.6.4 Network Training

A neural network is trained in a process of parameter tuning to make it learn from the input
data and gradually fit the desired output. The main and most common neural network

training methods are Gradient Descent (GD) and Stochastic Gradient Descent (SGD). GD
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performs optimization by computing the objective function's gradient with respect to the
parameters and updating the parameter values in the gradient's descent direction, it

progressively reduces the objective function.

0iy1 = 0, — aVLO; (3.13)
where 6, is the parameter at the t-th iteration. L is the objective function and VL6, is its
derivative with respect to 8;. The learning rate a regulates the step size at each update in
negative gradient direction. The value of the learning rate significantly affects the
effectiveness and speed of training. If a very small value of « is chosen, the step size of
each parameter update becomes small, and the training process will become very slow
leading to a delayed rate of convergence. But, if a is set too large, the training may become
unstable, and may even lead to the objective function constantly jumping or even diverging
from an optimal solution. In machine learning applications, a common optimization
algorithm, Adam [62], is often preferred because it automatically adjusts the learning rate
for each parameter, helping to stabilize training and accelerate convergence without the

need for extensive manual tuning of the learning rate.

3.2.7 Feedforward Neural Network

If the information in a neural network flows in a forward manner without forming cyclic
connections, then this neural network model is called a FeedForward neural network or
Multilayer Perceptron (MLP). This model of NNs is widely used due to its simplicity and
ability of other models to build upon it. A typical feedforward neural network with three

inputs neurons, three hidden layers, and two output neurons is shown in Figure 4.
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Figure 4. A feedforward Neural Network [63]

3.2.8 Graph Neural Network

The Graph Neural Network (GNN) [64], [65] is another widely used type of network and
is shown in Figure 5. It is another neural network architecture specifically designed for
handling data structured in the form of graphs. They can handle data with irregular spatial
structures commonly found in real-life scenarios, i.e., data in non-Euclidean spaces. The
GNN is made up of graphs which are built upon interconnected nodes and edges. It can be
represented as G = (V, E, A) with V being the nodes, E the edges, and A representing the
adjacency matrix of the graph. v; € V is the ith node, and e;; € E is the edge between ith
node and jth node. If there exists e;; € E, then A;; = w;; > 0, otherwise 4;; = 0 if ¢;; &

E.

The goal of GNNSs is to learn feature representations between nodes and graphs. GNNs
model data in non-Euclidean spaces by propagating information between nodes in the

network, capturing internal dependencies within the graph data. They can update and
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integrate features for nodes and edges, effectively utilizing the global information within
the graph. Two most common models of GNNs are Graph Convolutional Graphs (GCNs)

and Graph Attention Networks (GATS).
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Figure 5. Structure of a simple Graph Neural Network [66]

3.2.9 Attention Mechanism

The attention mechanism [67] was initially introduced in the context of sequence modeling
to enable models to dynamically weigh input elements based on their relevance to a given
task. At its core, attention operates by computing a compatibility score between a query
vector and a set of key-value pairs. In formal terms, given a query g, a set of keys K =
{ky, k,, ..., k,,} and corresponding values V = {v,,v,, ..., v,}, the attention output is a

weighted sum of the values

n
Attentlon(q, K, V) = Z a;v; (3 14)

i=1
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where
exp(qTk;) (3.15)
i=1exp(qTk;)

This softmax-weighted aggregation allows the model to dynamically focus on more

relevant parts of the input, a property that has found substantial utility in navigation tasks
with multiple agents and dynamic obstacles. Figure 6 shows the most common types of

Attention architectures.
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Figure 6. Scaled Dot-Product Attention (a) and Multi-Head Attention (b) [67]

In multirobot SAN, attention mechanisms facilitate selective interaction modeling,
allowing each robot to prioritize which neighboring agents influence its motion planning.
Instead of treating all surrounding entities uniformly, attention enables the robot to allocate
computational focus toward those agents whose trajectories are most relevant to the robot’s
current goal and state. This selective encoding is critical in densely populated environments

where not all agents contribute equally to a robot’s decision-making process. Similarly, in
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this work we apply it to focus on most relevant interactions in the environment when

navigating.

3.3 Deep Reinforcement Learning

Deep reinforcement learning (DRL) is an offshoot of Machine Learning that integrates
Deep Neural Networks with RL to solve specific types of problems. In DRL, the ultimate
objective is to learn a policy that maximises cumulative rewards over time using a process
of trial and error coupled with feedback from the environment [68]. It uses deep learning
to estimate the Q-function and deal with high-dimensional state and action spaces, which
may be difficult for traditional RL algorithms. Another benefit of using DRL is its ability
to learn from raw data and make decisions without the need for manual feature engineering.
This makes explains its widespread use in game development and control of robots in
complex environments. Classical RL relies on hand-designed features to represent the
states and the actions that can be taken in the environment. DRL is classified into value-
based and policy-based types, but some researchers add a third type; actor-critic based

technique.

3.3.1 Value-based RL

Value based RL involves a function that takes in the state and one possible action and
outputs the value of taking that action. The value is the total expected reward from a state
up to future states. The policy of the algorithm is to check the value of every possible action
and choose the one with the highest value. This can be represented using a lookup table
called Q-table. The algorithm uses the Bellman equation through Dynamic programming

to update the value of actions. In Value-based DRL, neural networks are introduced to
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represent the value functions. The value-based DRL obtains the agent’s policy by

continuously updating the value function [69]

The Deep Q-Network [70] is a combination of using Neural Network with Q-Learning to
give Deep Q-Learning. It extends the principles of Q-learning to handle high-dimensional
data, by using deep neural networks to approximate the Q-function. The Q-network’s
output represents the Q-function values for various actions in the given state, enabling the
selection of the action with the maximum Q-value at each time step for decision-making
and action. Additionally, DQN introduces two mechanisms, “experience replay" and
"target network". The agent's previous experience data is stored in the Experience replay
buffer which is sampled at every time step and used for training, updates and optimization.
Experience replay helps remove the correlation between data sequences and smooths out

the variation in data distribution, thus enhancing training stability.

The target network in DQN, is an independent neural network used to calculate the target
Q values and stabilize the training process. The parameter 8’; of the target Q-network
Q(s',a’;0';) is periodically copied from the current Q-network Q(s, a; 8;). Because the
target Q-network’s parameter 6'; is fixed for a certain period, the training network’s update
targets remain relatively stable. This helps avoid the problem of value estimation bias
caused by continuous target updates and improves the stability and efficiency of DQN
training. In DQN, the network parameters are updated based on Gradient Descent (GD),

and the loss function is defined as follows:

L; = E[(r +ymax Q(s’,a’;6";) — Q(s, a; 6,))? (3.16)
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If the V-value is optimized rather than the more Q-value, it is called Deep V-Learning
(Deep Value Learning). Similar to the classical DQN algorithm, Deep V-Learning also

performs incremental updates to the values.

3.3.2 Policy-based RL

In this method, the policy is learnt directly without explicitly learning the value function.
It is represented by any function approximation technique or, in the case of DRL, by neural
networks. This provides more flexibility in selecting actions compared to Value-based RL

algorithms and makes it possible to represent policies for continuous action spaces [10].

In Policy-based algorithms, neural networks are commonly used to represent the policy
function, which maps environmental states to probability distributions over actions, shown
as m(als, 8). Such networks are called policy networks, and their parameters are trained to
maximize the cumulative reward. Unlike value-function methods (such as DQN), Policy-
based algorithms learn how to choose optimal actions directly by optimizing the policy,

rather than learning a value function and selecting actions based on it

Depending on whether they rely on Gradient Descent (GD) method, Policy-based
algorithms can be divided into two categories. The ones based on GD are known as policy
gradient methods. In general, such methods update the parameters of the policy network
using the GD method. Defining the policy objective function as J(6), the goal of policy

gradient methods is to find the maximum of the objective function:

0, =arg méalxj(é?) (3.17)

Policy gradient methods perform parameter updates to update the parameter:
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8« 0+avVy/(d) (3.18)

where a is the learning rate and V4J(0) is the policy gradient.

3.3.3 Actor Critic RL

Actor-critic methods, which are originally a family of policy-gradient algorithms, have
been recently categorised by researchers and practitioners as a separate DRL approach
because they combine properties of both value and policy-based RL types [71]. Actor-
Critic (AC) Architecture [70], [72] combines the Actor obtained from the policy network
of Policy Gradient algorithms and the Critic obtained from the value function network of
Value-based RL algorithms. The Actor learns the policy in the environment and finds the
optimal actions for given states. The Critic sends feedback to the Actor after estimating the
value of states or state-action pairs, thus helping it update the policy for better exploration
and exploitation of the environment. The actor network chooses the most suitable action
given the current state, while the critic network evaluates the quality or value of the state-
action pair chosen by the actor. Actor-critic networks inherently thrive in balancing
exploration and exploitation when training the DRL policy. They can easily explore new
behaviours towards the navigation goal while using the critic network to refine the policy
based on feedback or reward signals. Additionally, they are well suited to handle
continuous high-dimensional state and action spaces, which are required in the most
advanced navigation algorithms to learn advanced techniques like context-awareness,

intention prediction, and trajectory prediction [73], [74].

43



3.4 Imitation Learning

Imitation Learning (IL), traditionally known in reinforcement learning literature as
behavioral cloning, is a technique wherein an agent learns to replicate expert behavior
through demonstration. Unlike reinforcement learning, which relies on interaction with the
environment and exploration of trial-and-error policies, IL leverages labeled expert
trajectories to directly train a policy via supervised learning. This makes IL particularly

attractive in navigation scenarios that demand sample efficiency and safety during training.

A common practice in recent work is to use imitation learning as a preparatory phase in
deep reinforcement learning pipelines. For instance, a socially compliant but rigid expert
policy like ORCA or SFM may be used to generate training data. The agent learns to imitate
this behavior, thereby acquiring a stable starting policy that ensures basic safety and social
compliance. This pretraining significantly reduces the burden on subsequent reinforcement

learning stages, which then focus on refining the policy and handling novel interactions

Despite its sample efficiency and ease of training, IL is not without limitations. It is
fundamentally constrained by the quality and diversity of the expert demonstrations. If key
situations are missing from the data, the agent may perform poorly when encountering
them during deployment. Moreover, since IL lacks a mechanism for learning from its own
mistakes, it can be less robust than reinforcement learning in long-term autonomous

settings.

To deal with some of the limitations of IL, particularly for SAN, the work in [52] presented
a data-driven end-to-end motion planner, wherein the robot learns to navigate according to

the preferences of the human user. Expert examples on navigating a specific training
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environment are made available for accomplishing this. The objective is to not only
duplicate the given demos in a singular situation but also to acquire collision avoidance
rules and apply them to novel contexts. In [75], a combined approach known as Reinforced
Imitation Learning (R-IL) merges imitation learning and RL into a single framework for
target-oriented navigation which doesn’t use a map. Initially, the navigation strategy is
trained using expert demonstration data. Then, during the reinforcement learning phase,
constraint handling is introduced through Constrained Policy Optimization (CPO) [76].
The study demonstrates that this hybrid method can reduce the time needed to reach

comparable performance levels with traditional reinforcement learning by up to five times.

3.5 Summary

Chapter 3 presents the preliminaries and necessary theoretical background to develop a
methodology for achieving the objectives of this thesis. It begins with an introduction to
reinforcement learning, including key components such as Markov Decision Processes
(MDPs), value functions, Q-learning, and temporal difference learning. It then discusses
deep learning fundamentals, covering the different type of neural network architectures.
These foundations are integrated in the discussion of deep reinforcement learning (DRL),
which explores value-based, policy-based, and actor-critic methods for sequential decision-
making. The chapter concludes with an outline of imitation learning, highlighting its
relevance in leveraging expert demonstrations to bootstrap the learning process in complex

environments.
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CHAPTER 4 : METHODOLOGY

4.1 Introduction

This chapter discusses the application of the preliminaries discussed in Chapter 3 to
develop the research methodology for this thesis. We start with formulating the problem as
a Partially Observable Markov Decision Process (POMDP) and define its components. The
chapter discusses how Deep Reinforcement Learning is used to develop the navigation
policy that enables robots to move towards their goals in a socially aware manner. The
chapter then discusses modelling of the human-human, human-robot, and robot-robot
interactions. It then highlights the learning algorithm, policy formulation, and system
architecture. Finally, the implementation details, simulation environment, and metrics used

for evaluation are presented.

4.2 Assumptions

The following assumptions are made in this work:

e This work is based on Single agent reinforcement learning framework where an
agent is trained and all other entities form part of the environment.

e The robot that the learned policy runs on is called the ego robot, and the rest of
the robots in the environment are called the other robots

e The robots are modeled as holonomic, i.e. they can move in any direction
instantly without rotation constraints.

e Humans and other robots in the environment follow the ORCA policy
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e Information from the environment is obtained in form states and not physical
observations form sensors

e There is no explicit communication of navigation intent between ego robot, other
robots and humans, they can only observe the states of each other.

e The navigation and scenarios are modelled in Two-Dimensional (2D) plane

e The developed policy is obtained from training and implementation in a
simulation environment without deployment on hardware to real world

environment

4.3 POMDP Formulation

The following section covers formulation of the problem multiple robots navigating in
environments shared with humans while respecting social norms, such as maintaining
comfort distances. Many real-world applications only require robot navigation in only two
dimensions. Their navigation objective is to determine the most efficient and safe route
from the initial position to the target location. These robots only need to handle motion and
obstacle avoidance in a two-dimensional plane, which significantly simplifies the model
and problem complexity. As a result, the majority of current research focuses on navigation
problems in two dimensions, making the problems easier to model and address.
Determining the goal point's relative location to the initial point is essential for robot
navigation, which may be viewed as a point-to-point movement that includes obstacle
avoidance. This may be accomplished by having the goal point's absolute coordinates a
priori and then finding the relative position information by subtracting the goal point's

current position from its absolute coordinates.
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In this work, the problem of multi-robot SAN in 2D Eucledian space is formulated as a
Partially Observable Markov Decision Process (POMDP) within an RL framework. The
objective is to empower robots to move based on social norms of navigation in a
heterogeneous environment of humans, robots and obstacles, taking into account partial
observability, environmental uncertainty, and heterogeneous interactions. The navigation
issue is fundamentally modelled as a POMDP because of limited access to the objectives
and intents of other agents. The proposed DRL framework does not explicitly compute
belief states, but rather the neural network policy implicitly learns representations that
approximate belief through end-to-end training on observation histories. This facilitates
efficient and scalable decision-making without formal belief tracking as used in classical

POMDP methods.

The POMDRP is defined by the tuple < S, 0, 4, P, R,y > where S is the state space, A the
action space, O the observation space, P is the transition probability function and vy is
the discount factor. These elements together form the foundation for the ability of the agent
to make decisions and learn within the environment and directly influencing the
performance and application scenarios of the DRL algorithm. By optimizing the agent to
select the most advantageous actions in a given state, aiming to maximize cumulative
rewards, the navigation system steadily improves its performance and becomes applicable

to various navigation tasks.

4.3.1 State Space
In RL literature state space and observation space are sometimes used interchangeably. In
this work we have a key distinction, we refer to the state space to include both the

observable and unobservable state of all agents. The observation space O refers to the
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information observed by the ego robot, including the self-state of the ego robot and the
observable states of other agents. Fundamentally, for all agents in the environment, the
position, speed, and radius, can be observed by others, however, the ego robots goal
position, preferred speed, and orientation are unobservable and only available to the ego

robot itself.

The state space represents the environment and the agents (other robots and humans) within
it. Each agent has observable and unobservable states. The ego robot is fully observable,

while the other robots and humans are partially observable.

The state space S includes the states of the ego robot, humans, and other robots.
Likewise, the observable state comprises of the full state of the ego robot and the
observable states of the other robots and humans. The state of the ego robot at time t is

denoted as s¢"

ST = [dg, Vpref, 0,7, Uy, 1y ] 4.1)
Where, d,, is the distance to the goal, v, is the preferred velocity of the robot, & is the
heading angle of the robot, r is the radius of the robot, v,, v, are the velocity components

of the robot.

The observable state of the i-th human at time t is denoted as o,":

R rohi ki hi hi o he ahi R
0.t = [py' 0y v H vy T, dg T+ ] (4.2)

Where pgi,p;i are the components of the position of the human, vf"s are velocity
components of the human, r" is the radius of the human, and dZ": Distance between the
ego robot and the human.
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The observable state of the j-th other robot at time t is denoted as o: i

or; or; or; or; or; or;
J — J J J J or; J or;
o, " =1[py 0y, v v, L1 d 0T ] (4.3)

Where p;rj,p;rj are the components of the position of the other robot, v,frj,v;rj are

velocity components of the other robot, °"J is the radius of the other robot, and dzrj is
the distance between the other robot and the ego robot. Only the agent itself has full
knowledge of its unobservable states. In terms of observability, the humans are partially
observable, ego robot is fully observable, and the other robots are partially observable.

Additionally, the unobservable states are the target position g,, g,, preferred velocity
Vpref, and direction angle 8. For the purpose of constructing the full state of the agent,
both the observable and unobservable states are combined. Then, this full state is utilized

to construct the joint state, stj” which is a combination of the full state of the robot and the

observable state of the other agents (human and ego robot).

For the sake of simplicity, researchers introduced a new coordinate system that sets the ego
robot at the origin, and they transformed the coordinate system from a global x, y Cartesian
to a local polar one. In the original global system, the representation of the ego robot’s
current and goal positions is absolute, which might lead to coordinate transformations or
rotations that do not affect the optimal decisions. For example, the ego robot’s facing
direction in the global coordinate system may vary, but its decision goals and strategies
remain the same, as such directional information is unnecessary. With the transformation
of the ego robot's current position to the origin, the x-axis becomes directed toward the
target in this new agent-centric local system. Next, we transform the target point's

representation into relative coordinates relative to where the ego robot is. As a result, the
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ego robot's decision-making process becomes streamlined and improved, leading to the
removal of the associated ambiguity and redundancy from the global coordinate system.
Furthermore, agent-centric parameterization streamlines the representation of the ego
robot’s state and action selection, reducing computational complexity and enhancing

efficiency.

4.3.2 Action Space

The action space encompasses the full range of actions an agent can perform, determined
by its motion capabilities and the specific demands of the navigation task. Robot motion is
generally categorized as either holonomic or non-holonomic, based on its movement
constraints. The robot with holonomic kinematics refers to its ability to move freely on a
plane and in any direction without motion constraints. In this case, the action space is
typically continuous, allowing the robot to select any combination of speed and direction
for smooth and unrestricted movement. On the other hand, non-holonomic motion imposes
certain constraints on the robot’s motion, limiting its movement to specific directions while
facing constraints in other directions. When the robot has nonholonomic kinematics, its
action space is usually discrete, restricting the robot’s action choices based on specific
motion constraints. These constraints may lead to more restricted turning and movement,
resulting in a larger turning radius or requiring more action combinations to complete turns,
which could affect the smoothness of motion. To achieve smoother motion, for robots with
non-holonomic motion, appropriate action planning and control strategies may be needed
to enable smooth turning and movement in feasible directions, avoiding sudden changes in

direction or jitter
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In social-aware robot navigation, the action space consists of allowed velocity vectors. We
assume that the robot’s velocity can be immediately reached after receiving the action
command. Action space size or range has a significant impact on the flexibility and
efficiency of the robot’s navigation. A larger action space may increase computational
complexity, but the robot can have more flexible action choices. A smaller action space
may reduce the computational burden, but the robot’s action choices may be more limited.
In this work we use a discrete action space that is two-dimensional [v,, ¢.], where v,
represents the velocity at time t, taking 5 discrete values uniformly distributed between 0
and vpref, and ¢, denotes the heading angle at time t, taking 16 discrete values uniformly
distributed between 0 and 27t. The final combination yields a total of 80 discrete actions.
e Speed command: v; € [0, Vpyer]

e Heading direction: ¢, € [0, 27]

4.3.3 Reward Function

In DRL, a reward function assigns a numerical score (reward or penalty) to the agent's
actions based on how desirable those actions are in a given state. The success of every RL
framework depends significantly on the formulation of the reward function, as it
incentivises the agent to engage in advantageous behaviours through positive incentives
and penalises detrimental behaviours with negative rewards. Thus, the agent seeks to
optimise its methods to maximise long-term accumulated rewards, resulting in enhanced

navigation behaviour.

In social-aware robot navigation, the reward function is often responsible for enabling the

robot to move in the direction of the target to accomplish the objective that has been set..
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For instance, significant positive rewards may be given upon reaching the goal, motivating
the robot to successfully complete the navigation task. Furthermore, collision avoidance
can be achieved by offering positive rewards for actions that avoid collisions, and negative
rewards for actions that result in collisions or getting close to obstacles. We have

considered many factors in the design of the reward function.

Arrival rewards provide a reward value when the robot has achieved its navigation goal,
and uncomfortable distance penalties penalize a robot coming too close to a human, i.e.,
having a distance less than a minimum predefined comfortable distance. Another vital
reward mechanism is Time-based penalties, which penalize the robot for exceeding a pre-
set limit without arriving at the target. This thesis research did not assign a penalty to it,
but rather was given a value of 0. Designing the reward function presents challenges, as it
requires balancing trade-offs between different objectives and avoiding adverse reward
signals that could lead to unstable training or getting stuck in local optima. In most of the
social-aware navigation works, the common reward function is sparse which only rewards
when reaching the goal position and penalizes when having a collision or being discomfort,

while most of the time in navigation, it does not receive any reward signals.

The reward function below was used. The total reward Ry at time t includes rewards R,

for navigating the robot to its goal, penalties R, for collision, and discomfort rewards R,.

The expression for the cumulative reward is as below

Rr = Ry + R, + Ry (4.4)
 _ {1, if dy=0 (4.5)
9o, Otherwise

53



R = {—0.25, if di<r+rt (4.6)
.=

0, Otherwise
N (4.7)
Ri= D f(dmin den)
j=1
if dpin < 0.2 (4.8)

_ dmin - dth'
f(@min, den) = { 0, Otherwise

where d,; is the ego robot distance to the goal, and d’ is the ego robot distance from another
agenti at timestep t, then d,, = 0.2 is the threshold distance, below which pedestrians will
feel discomfort, and d,,,;,, is the assigned value of minimum distance of separation between

the ego robot and the jth human at timestep t.

4.3.4 State Transition Model

The state transition function P = P(s:4|s¢, a;) denotes the probability of moving to a
subsequent state after the robot performs an action in its current state. It outlines all
potential future states along with their associated probabilities of transitioning between
them based on the states and the actions selected. In our Multirobot social-aware robot
navigation, the state transition model is determined by the environment’s dynamics and
motion rules, which depend on factors such as the robot’s motion capabilities, how
obstacles are co-located in the navigation environment, and the positions of other robots.
In practice, the state transition model is typically unknown due to the complexity of the
environment and its ever-changing nature which makes coming up with an accurate and
precise model challenging. However, in simulated environments, while the transition
model might initially be unknown, it often becomes clearer as training continues.
Furthermore, interactions with the other agents (humans and other robots) increases the

uncertainty of state transitions.
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Consequently, model-free reinforcement learning approaches like Deep Q-Networks
(DQN) are widely adopted. These methods operate without requiring a priori knowledge
of the model that governs state transitions. They instead gather experience by interacting
with the environment and use this data to optimize policies and estimate value functions.
This allows the robot to develop and refine navigation strategies that can adapt to unknown

dynamics and complex environments.

4.3.5 Optimal Policy and Value Function

The value function V; also called action-value function Q (s, a) represents the expected total
reward an agent can accumulate by being in a particular state (or taking a specific action
in that state) and following a certain policy afterwards. It is used to help the agent in making
optimal decisions by having information about how good each action is. Therefore, in this
work the goal will be to find the optimal value function V*(a{”) which in our case will

be:

& . | (4.9)
Vet = )yt e (s (s))
t'=t
where v is a value between 0 and 1 (but closer to 1) termed the discount factor. In this
formulation, v,,., which is nominally the agent’s target speed, is employed purely to
normalize the value function, because without this scaling, slowly moving agents would
produce values that are increasingly become small. Once the value function has been

optimally normalized, the corresponding optimal policy 7*(s{™) can then be directly

extracted from it.
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4.4 Interaction Modelling

This subsection discusses the main part of the objectives which describes the modelling of
the interactions that happen between all agents in the environment (ego robot, humans,
other robots). The five distinct type of interactions are: Human-Human, Human-Ego
Robot, Ego Robot-Other Robot, Human-Other Robot, and Other Robot-Other Robot
interactions, and are shown in Figure 7, and their distinct relationships are shown in an

agent interaction matrix in Table 2.
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Figure 7. Categories of agents in this work and their interaction relationship
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4.4.1 Human-Human Interaction

Human agents are modeled using the ORCA policy, which enables reciprocal collision
avoidance based on local sensing and velocity adjustments. Each human responds
reactively to the motion of nearby humans, maintaining safe distances and navigating
toward individual goals while avoiding collisions. This interaction captures the

decentralized and socially compliant nature of human navigation in shared spaces.

4.4.2 Human-Ego Robot Interaction

The ego robot employs a reinforcement learning policy trained to exhibit socially aware
behavior. It perceives and interprets the state of surrounding humans, including position,
velocity, and relative orientation, to make navigation decisions that align with human social
norms. The policy accounts for proxemic constraints and collision risk, allowing the robot

to adjust its trajectory appropriately in the presence of humans.

4.4.3 Ego Robot-Other Robot Interaction

While the ego robot is the only agent trained via reinforcement learning, other robots in the
environment are modeled using the ORCA policy. These other robots are treated as
dynamic obstacles by the ego robot, so it does not enforce avoiding entering the personal

space or discomfort zone of the other robots, rather it only does collision avoidance.

4.4.4 Human-Other Robot Interaction

Interactions between humans and other robots are governed by the same reciprocal
collision avoidance principles as human—human interactions. There is no social awareness

in this interaction, only purely collision avoidance. However, other robots are designed to
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maintain slightly larger safety margins when navigating around humans. This ensures that

their presence in the environment reflects behaviour of robots.

4.4.5 Other Robot-Other Robot Interaction

Interactions among the other robots follows standard ORCA dynamics. Each robot
independently computes its velocity based on the positions and velocities of its neighbors,
including other robots. These interactions are symmetric and reciprocal, enabling
decentralized collision avoidance without explicit communication. Although these robots
are not trained, their behavior is sufficient to support socially aware motion of other agents

in the environment.

Table 2. Agent Interaction Behaviour Matrix

Agent In presence of Human In presence of Ego | In presence of Other
Robot Robot

Human | Reciprocal collision | Reciprocal collision | Reciprocal  collision
avoidance avoidance avoidance

Ego Implements learned DRL | - Reciprocal  collision

Robot policy with social avoidance (no social
awareness awareness)

Other Reciprocal collision | Reciprocal collision | Reciprocal  collision

Robot avoidance with larger | avoidance (no social | avoidance
safety margin awareness)

4.5 Policy Formulation and Learning Algorithm

In this single-agent DRL framework for SAN, the proposed learning architecture integrates
both demonstration-based imitation learning and value-based reinforcement learning. The
ego robot is the only agent trained via reinforcement learning, while surrounding agents
(humans and other robots) navigate based on the ORCA policy. The learning process starts
with initializing a value network and an experience replay buffer using demonstration data
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generated through Imitation Learning. It uses ORCA-based trajectories to jump start the

training and provides a stable foundation for subsequent reinforcement learning.

In every time step, the ego robot gets state observations of all nearby agents as well as its
own self-state. These inputs, represented in an agent-centric coordinate system aligned with
the ego robot's goal, include relative positions, velocities, radii, and orientations. For each
surrounding agent, a local occupancy map is constructed to capture the spatiotemporal
dynamics of its immediate neighbors. This map is concatenated with both the agent’s state
and the ego robot’s state and processed by a neural network to generate an interaction
embedding. These embeddings, which encode the individual influence of each agent on the
ego robot, are then aggregated using an attention-based pooling mechanism. The mean of
all interaction embeddings is computed to represent the global crowd context, which is then
combined with each individual embedding and passed through a Feedforward neural
network to produce attention scores. These values reflect the relative importance of each
agent, and are used to calculate a weighted aggregation of the interaction features, resulting

in a final crowd representation. This is highlighted in Figure 4.1 as the system algorithm.

The joint state, comprising the ego robot’s state and the attention-weighted representation
of all agents, is fed into another multilayer perceptron known as the value network. This
network computes an expected return for every action option, then picks and carries out
the one with the largest value estimate. The system then advances to the subsequent state,
where a reward is generated according to the specified reward function. The replay buffer
is where the experience tuple that was generated as a result is saved. The tuple comprises
the current state, the action selected, the reward obtained, and the resulting next state.

Through the process of temporal-difference learning, batches of experiences are extracted
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from this buffer and used to update the value network while training is going on. This
process continues iteratively, allowing the ego robot to progressively refine its navigation
policy to exhibit the desired socially-aware behavior while navigating efficiently in the

presence of both humans and other robots. This process is shown in Figure 8.

Initialization

Interaction Embedding

v

Pooling

v

Planning
v

Action Selection Update Value
& Execution Network/ Policy

Il t

Store __p| Leaming and
Experience Update

Time step

Figure 8. Algorithm of learning framework

4.6 Imitation Learning-Based Pretraining

This subsection discusses how the developed framework uses Imitation Learning to

initialize training and increase sample efficiency for the Reinforcement Learning stage. It
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is a learning framework in which policies are obtained directly from demonstrations by
‘experts’ which are provided in form of sample trajectories. Its main approaches are Inverse
Reinforcement Learning (IRL) and Behaviour Cloning. We utilize the approach of
Behaviour Cloning which performs the process of imitation learning in a supervised
manner using the data collected. It does this through direct learning the policy of the expert,
which may be a human or an agent. The policy is a rule that maps the states in the recorded

trajectories to their corresponding labels.

4.6.1 Initialization via Imitation Learning

This work uses an Imitation Learning (IL) phase as a gateway to Deep Reinforcement
Learning (DRL) to enable stable policy learning right from the beginning of the training of
the framework. Using expert demonstrations produced by the Optimal Reciprocal Collision
Avoidance (ORCA) policy, the IL phase thus initializes the network. Imitation Learning
initializes the learning process and reduces the burden of exploration in subsequent

reinforcement learning (RL) phases. It also improves sample efficiency in the DRL phase.

For IL, Let D = {(sij", a)}Y, define the dataset of state-action pairs obtained from
ORCA-generated trajectories, where s; € R® represents the ego robot’s joint state with the
other environment agents, and a; € A denotes the action of the expert at state s;. Thus the
objective of IL is to learn a policy my : R* — A parameterized by 0, that minimizes the

supervised loss:

N
1 (4.11)
£0) =3 ) Les(mo(s), @)
i=1
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Where L. is the cross-entropy loss. In practice, we use a neural network to approximate

g, Sharing the architecture with the value-based DRL model that follows.

We simulated 2000 navigation episodes for 50 epochs with a learning rate of 0.01 to
generate the state-action pairs representing the behavior of the ego robot navigating within
the environment. The generated trajectories served as data for the supervised learning, with
the training objective being reduction of cross-entropy loss between predicted actions
obtained through training and expert actions across all states. By use of this method, the
ego robot policy learnt to mimic the conservative and reciprocal actions displayed by the

ORCA expert.

4.6.2 The Optimal Reciprocal Collision Avoidance (ORCA) Policy

The Optimal Reciprocal Collision Avoidance (ORCA) policy is a velocity-based,
decentralized algorithm that is specifically designed for real-time multi-agent collision
avoidance. By modeling the behaviors of neighboring agents under the assumption of
reciprocal cooperation, it allows each agent to independently select collision-free
velocities. The policy assumes that all agents are rational and will comply with the same

collision avoidance rules.

ORCA determines, for each agent, the allowable velocity options by taking into account
its current velocity, the forecasted paths of surrounding agents, and the spatial constraints
formed by their relative positions and speeds. The agent picks, from the collision-free
velocities, the one that most closely matches its preferred speed and direction toward the

goal.
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In ORCA, each agent is modelled as an open disc with radius r,, at a defined position p, €
R2, velocity v, and a preferred velocity v?"*/which is directed toward its goal. The
fundamental concept of ORCA is to create, for every agent B, a half-plane in velocity space
that represents the set of velocities agent A can select to avoid collisions with agent B over
a predetermined time horizon t. These definitions and constraints are adapted from the

concept of Velocity Obstacles (VO).

The Velocity Obstacle V0 (B), as shown in Figure 9, defines the set of relative velocities

between agents A and B that would result in a collision within time . It is formally given

by:

VOi(B) = {v|3t €[0,t]:t(v —vg) € D(pg —pa+ 15)} (4.12)
Where D(p,r) = {qlllg — pl| < r} is an open disc centered at p with radius r. As shown
in Fig f VO (B) is diagrammatically represented in the form of its geometry as a cone that

is truncated at its peak which is at the origin and the sides tangent to the circle defined by

the sum of the radii of A and B with origin at pg — p4.
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Figure 9. Robots A and B shown as disks (left) with their velocity obstacle (right) [22]

To avoid collisions, agent A must choose a velocity v & VO;(B). In ORCA, this
requirement is softened to a half-plane constraint which gives each agent half the
responsibility of avoiding the collision. Let # be the minimum change in relative velocity

required to avoid a collision:

u

(arg  gpin o lv = (57" =25 = o = 5" 13

veaVOT(B)

As shown in Figure 9,the set of permitted velocities for agent A with respect to agent B is

then given by the half-plane:

ORCAL(B) = {v

<v ( ovt 4 ;u)> n = 0} (+19)

Where n is the outward-facing normal vector to the boundary of the velocity obstacle at the

opt

point (v, Opt) + u. The half-plane, shown in Fig, and bounded by the line
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. . . 1 ..
perpendicular to u via the point v Pt 4 SU defines the range of allowed velocities for 4 to

prevent collisions with B in an optimal and reciprocal manner.
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Figure 10 ORCA half-plane constraint in velocity space [22]

To remain collision-free with respect to all neighbouring agents, a feasible velocity space
for agent 4 is computed as the intersection of all permitted half-planes:

ORCA? = D(0,v"™) n ﬂ ORCAL(B) (4.15)

B*A

The optimal new velocity v4¢" is then selected as the one closest to the preferred velocity

v within the feasible region:

vV = arg verOnRi?qu”v - vfref” (4.16)

This optimization problem is solved as a linear program over convex constraints enabling

efficient execution even in dense scenarios. We illustrate the application of ORCA for eight
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robots in Figure 11. Their current velocities are shown using arrows on the left. And in the
right we can see the half-planes of allowed velocities for agent A which is induced by each
of the other agents. The shaded region represents the ORCA} and comprises of the

permissible velocities for A in relation to all other agents.

ORCA'ye L_

R

“ORCAY

Figure 11. Permissible velocity region formed by ORCA half-planes of 8 agents [22]

4.7 System Architecture

The proposed framework contains three modules as adapted from [45]. They are:
Interaction, Pooling, and Planning Modules. The overall architecture of the system with

all three modules combined is shown in Figure 12.
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Figure 12. Overall learning architecture of the ego robot in the navigation framework

4.7.1 Interaction Module

It is assumed that all agents (human, ego-robot, other robot) have an impact on each other
in the environment. It would be too computationally expensive and almost impossible to
model all these interactions as it would lead to an O(N?) complexity. Local maps will be
employed as a representation for the Human-Human, Human-Other Robot, and Other
robot-Other Robot interactions, and a pairwise interaction module will be used to simulate
both Human-Ego Robot and Ego Robot-Other Robot interactions. To capture the presence
and velocities of neighbours in a neighbourhood of size L, Figure 13 shows a LxLx 3 map
tensor M *i centred at each agent (with * represents or for other robot and h for human) i.
This map is referred to as the local map.

M*i(a,b,:) = Z Sas|x; = %0 = i) (4.17)
JEN;
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where &} = (vy;,vy;,1) is a local state vector for agent j, Spn[x; — x:,y; — yi] is an

indicator function.

Using an MLP, we encode the state of the ego robot, humans, other robots, and the map
tensor M °7i or M Minto a fixed-length vector e°”i for the interaction of an other robot or

e for interaction of a human respectively.
eomi = ¢e (Ser, 0 Ori,M ori; VVe) (418)
eli = ¢, (s, 0 M, M"; W) (4.19)

Where W, denotes the embedding weights and ¢, (-) is a function with ReL U activations
for embedding the states, weights, and map tensor. The interaction feature between the ego
robot and a human or other robot is obtained by feeding the embedding vectors e°"i and

e to subsequent MLPs:

hoTt = (€75 Wh) (4.20)

hhti =, (ehi; W) 4.21)
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where ¥y, (+) is another layer with RectiLinear Unit non-linearity and W, denotes the

weight of this MLP.

Map Tensor

Figure 13. Local Map creation

4.7.2 Pooling Module

A self-attention mechanism is proposed for this module based on [45]. This is because the
nearest other robot or human is not necessarily the most important in terms of navigation,
especially if the direction and speed of the agent is not in conflict with that of the robot.
Therefore, an attentive module used for pooling while incorporating social aspects is
proposed to model the importance of each agent in relation to other agents in the

environment, and the impact of each agent collectively on all other agents.

The interaction vector is then operated on to obtain an attention score o and a°"ifor a

human and robot respectively follows:

69



1w I~ (4.22)
— oTn — n
ey = nz e’ 4 nz e
k=1 k=1
a™m =, (e, e, W) (4.23)
ali =y, (e, e W,) (4.24)

Where W, represents the weights, 1, (+) is a Multi-Layer Perceptron with Rectified Linear
Unit activations, and e, is a vector with a bounded length that results from taking the mean

after pooling all vectors of interactions.

In the final stage of crowd representation, we employ the previously obtained pairwise
interaction vectors and their accompanying attention scores to obtain a linear weighted-

sum of all the pairs which makes up the crowd representation:

n n
c= Z softmax(a®™m)h°™ + z softmax(an)hMn

i=1 i=1

(4.25)

4.7.3 Planning Module
This is the module that determines the value of the network through obtaining the value of
the planning state v. The basis for this is from the previously established model of the

setting and crowd dynamics. Hence v is:

v = f,(s°",c; W) (4.26)

where f,(-) is a Multilayer Perceptron with ReLU activations, the weights are denoted by

W,
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We compute the value for the pairwise attention for each individual based on the mean of
the vectors and the individual embedding vector using a multi-layer perceptron. A weighted

total of the pairwise interactions constitutes the final joint representation.

4.7.4 Implementation Details

The Details for the implementation of this work including the training parameters,
configuration parameters, and environment parameters are discussed in this section as well
as in Table 3.1. The policy was implemented using PyTorch library [77] of Python in
OpenAl Gym[78] and trained using Adam optimizer [62]. During the training stage, DRL
is utilized to train the robot’s navigation policy. the robot interacts with the simulation
environment, collecting sample data, and continuously updating value functions, policy
networks, or other learning parameters. The robot gradually learns the optimal strategies
for different actions in various states to maximize long-term cumulative rewards. While in
testing stage, the trained robot navigation policy is evaluated and validated. During this
phase, a set of new or previously unseen test scenarios is commonly employed to assess
the robot’s navigation performance in unknown environments. These test scenarios may
involve different environmental parameters, initial positions, and target locations, allowing
for a comprehensive evaluation of the robot’s generalization capability and adaptability.
Within the simulation environment, extensive training and testing can be swiftly
performed, parameter adjustments can be made, and various strategies can be explored,

thereby accelerating the optimization process of the algorithms
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Table 3 Training and Configuration Parameters

Parameter Value
Preferred velocity 1.0 m/s
Radius of agent 0.3m
Discomfort distance 0.2m
Hidden units of ¢, (.) 150,100
Hidden units of ¥, (.) 100,50
Hidden unis of ¥, (.) 100,100
Hidden units of f,,(.) 150,100,100
IL training episodes 2000

IL policy ORCA

IL epochs 50

IL learning rate 0.01

RL learning rate 0.001
Discount factor 0.9

Training batch size 100

RL training episodes 6000
Exploration rate in first 4000 episodes 0.5t00.1
Training time 17 hours on AMD Ryzen CPU

4.8 Simulation Environment

Using a simulation platform provides a safe virtual environment, allowing researchers to
conduct experiments without real risks. Moreover, experiments based on the simulation
platform can be easily repeated multiple times for the same scenario, verifying the stability

and consistency of navigation algorithms, and ensuring the reliability of research results.
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The simulation is done in OpenAl Gym [78]. OpenAl Gym is an open-source software tool
for reinforcement learning research. It is a single-agent reinforcement learning
environment. The humans’ behaviors in the environment usually follow the ORCA policy,
with parameters randomly drawn from a Gaussian distribution to ensure an appropriate
variety of behaviors. The circle-crossing scenarios and square-crossing scenarios are two
common simulation scenarios for robot crowd navigation, shown in Figure 4.6. these
circle-crossing scenarios are usually set with a radius of 4m for both training and testing,
and square-crossing scenarios are with a width of 10m. In the circle-crossing setting, all
the agents in the environment are initialized from points along the circumference of the
circle, and their goal positions are assigned to be also on the circumference of the circle,
but at opposite ends of their starting positions. This type of setting is more common for
situations where agents interacting in an environment need to converge to a certain point
to carry out a task before heading to their destinations, or situations that resemble a
roundabout. In the square crossing setting, all the agents, apart from the ego robot are
randomly initialized at either side of the environment, and then their goal position is
similarly randomly selected at the opposite side of the start position. This scenario is more
reflective of real-world scenarios. Small random offsets are applied to the x and y
coordinates of both the start and target locations to enhance the RL algorithm’s robustness
and capability of generalization. Additionally, obstacles are placed in the simulation
environment in some scenarios in our work, and the robots and humans have to plan their

paths around them.
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Figure 14. Circle and square crossings in Gym environment (a), and their setup (b) [79]

4.9 Evaluation Metrics

We quantitatively evaluate the Multirobot SAN scheme using some commonly used

evaluation metrics from literature [15] and [80].

The selected metrics are:
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1. Success rate: This represents the percentage of successful cases in which the robot
arrives at the designated target location within the allotted time frame without
collisions.

2. Collision rate: This represents the frequency at which the robot experiences
collisions with the other agents in the environment.

3. Timeout rate: This is the frequency of cases in which the ego robot does not reach
the target and does not collide with other agents within the maximum permitted
time.

4. Navigation time: the average time for the successful navigation cases.

5. Discomfort numbers/frequency: refers to as the frequency in time percentage where
robot is within the discomfort region of humans i.e. The total number of times

discomfort cases occur.

4.10 Summary

This chapter presented the proposed methodology for developing a multirobot socially
aware navigation framework for a dynamic multi-agent environment. The chapter begins
by stating the key assumptions and formally defines the problem as a Partially Observable
Markov Decision Process (POMDP), with explicit descriptions of the state, observation,
and action spaces, as well as the reward function and state transition dynamics. The
formulation of the optimal policy and value function is followed by a detailed modeling of
the various agent interactions. The chapter then presents the learning algorithm and policy
architecture adopted, including the use of attention-based interaction modeling, pooling
mechanisms, and planning modules. The system architecture is described in terms of its

modular components, followed by implementation details and the design of the simulation
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environment. Finally, the chapter concludes with the evaluation metrics used to assess the

performance and social compliance of the trained navigation policy.
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CHAPTER S : RESULTS

5.1 Introduction

This section presents a systematic analysis of the results obtained after implementing the
methodology of this work. We obtain and verify multirobot socially aware navigation, then
present a discussion and analysis highlighting the qualitative and quantitative results with

the aim of verifying the success of this approach.

The evaluation is structured to reflect real-world scenarios and considerations where social
norms, environment awareness, and inter-agent interactions are important and considered.
The trained policy is tested in settings involving humans, static agents, and other mobile
robots, reflecting the diversity and complexity of crowd configurations likely to be
encountered in practical deployments. The results are presented in form of snapshots of the
simulation video, and trajectory plots from start to finish. Results are also compared
quantitatively with other approaches from the surveyed literature. Finally, we highlight the

successes and limitations across representative navigation episodes.

5.2 Simulation Configuration and Scenario Design

The evaluation framework for the proposed multi-robot
system was designed to replicate a broad range of possible real-world crowd
configurations. These scenarios were devised to test the system’s ability to generalize under
complex social interactions while maintaining navigational safety and goal-oriented
behavior. All experiments were carried out in a discrete 2D simulation space. The
workspace consists of a 6 x 6-meter bounded square grid, which is typical of an open-plan

pedestrian environment. To challenge the policy in tighter conditions, and test real world

77



conditions, a second configuration resembling a corridor scenario was introduced, defined
by a rectangular area measuring 12 meters in length and 4 meters in width. Additionally, a
static obstacle scenario was defined to assess the navigation policy’s performance in the
presence of fixed obstacles. These obstacles required both human and robot agents to react

to them to go to their goals.

5.3 Multiple Scenarios Simulation

To test the effectiveness of the developed algorithm and its generalization capabilities we
have tested it in multiple simulation scenarios which include a varying number of humans

and other robots, an environment with static obstacles, and a corridor passage scenario.

5.3.1 Open Space Scenario

The open space scenario involves an open environment with no obstacles with the only
limit being the environment is bounded to a 6m by 6m square space. This scenario involves
the ego robot and a combination of humans and other robots each with their goals. The ego
robot is initialized from position (0, -4), and the target is set at (0,4) which the ego robot
must navigate to in a socially aware manner in the presence of the humans and other robots.
For the cases in this scenario, we implement a square crossing scenario, where all the
agents, apart from the ego robot are randomly initialized either in the left or right halves of
the environment, and their goal positions similarly randomly selected at the opposite side
of the start position. This scenario is more reflective of real-world scenarios where a robot

has to move with humans attempting to cross its path.

We test this scenario across a diverse range of human and other robots setups to show the

generalization ability of the developed framework. These setups include:
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5.3.1.1 5 Humans and 2 Other Robots
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Figure 15. Scenario with 5 humans and 2 other robots at time: 0s, 2s, 4s, 5s, 6s, and 7s

In the scenario above (Figure 15) involving 5 humans and 2 other robots, the ego robot
navigates in a relatively sparse environment. The ego robot is initialized with its own self
state vector which encodes its position, preferred velocity, and heading angle. It perceives
the 7 surrounding agents, each with its relative position and velocity inputs to the state
vector. This forms part of the information that is passed to the interaction module to start
the process. The action that is obtained and selected as the outcome of the algorithm is a
velocity and heading command (e.g. [0.8m/s, nt]) executed in the environment. A scalar
reward value is obtained based on the reward function and the next state is observed after
the action has been taken, and the loop continues.

From the onset (T= 0.00s), the ego robot identifies a feasible trajectory that avoids early
collisions with humans or other robots. As the simulation progresses (T= 2s to T=4s) the
ego robot venture more into the crowded area, and slows down and allows human 4 and
human 1 to pass at T=5s, and T=6s respectively. The robot maintains a safe space and

utilizes the attention of the agents to weigh the priority of each agent. In the final frame (T
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= 7s), the robot completes its path to the goal by efficiently passing between two other

robots while preserving smooth and collision-free navigation.

5.3.1.2 10 Humans and 3 Other Robots
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Figure 16. 10 humans and 3 other robots scenario at: 0s, 2.5s, 3.75s, 4.5s, 5.75s, 8.5s

Figure 16 shows the scenario of 10 humans with 3 other robots at the timesteps 0s, 2.5s,
3.75s, 4.5s, 5.75s, 8.5s of the simulation. This scenario is a more densely populated and
complex environment. The density of both humans and other robots imposes tighter
constraints on the available free space. As the ego robot begins to advance (T = 2.509), it
dynamically adjusts its trajectory, and by T = 3.75s to T = 5.75s, the robot can be seen
socially avoiding humans 3, 4, and 8, as well as responding to the trajectory of a robot
approaching it head-on. Between T=3.75s to T=8.50s, the robot has moved in between

agents to reach toward its goal. Figure 5.3 shows
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Figure 17. 10 Humans and 3 Other Robots trajectory plot

Figure 17 shows the spatial dynamics and temporal evolution of all agents throughout this

navigation scenario of 10 humans and 3 other robots.

5.3.1.3 7 Humans and 5 Other Robots
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Figure 18. 7 humans and 5 other robots scenario at 0.25s, 1.75s, 3.5s, 4.75s, 6s, and 9s

As can be seen in Figure 18 the ego robot demonstrates effective planning around the
crowd. Rather than taking a direct but congested route to the goal, it initiates a curved
trajectory (as seen between 0.25s and 3.5s), thereby minimizing collision risks and
avoiding socially inappropriate proximity to surrounding agents. A notable aspect of the
navigation strategy is the robot’s ability to identify and exploit low-density pathways as
they emerge. For instance, at 4.75s, the robot advances through a channel formed between

two other robots and three human agents without abrupt movements or hesitation. This
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shows the importance of the attention-based mechanism which prioritizes most important

interactions. while filtering out less relevant influences.

s Ego Robot
I Other Robot

Human
4 1 % Goal
9
v )

2_
E o
=

_2,

_4_

—6

-6 -4 -2 0 2 4 6
x(m)

Figure 19.7 Humans and 5 Other Robots trajectory plot

Figure 19 shows the trajectory plot of the navigation scenario of 5 Humans and 5 Other
Robots with their spatial dynamics and temporal evolution over time as shown by the

timestamps.

5.3.2 Corridor Scenario

Here we have a simple corridor scenario with multiple humans and other robots as shown
in Figure 20. It is a narrow corridor passage populated with seven humans and two other
robots, designed to test the ego robot's ability to navigate safely and efficiently in a spatially
constrained and socially complex setting. The corridor configuration restricts free

movement sideways and forces all agents to interact within a confined vertical passage.

85



Walls are defined on both sides. At T= 0.75s the ego robot is centrally positioned in the
corridor among humans and other robots, with its goal situated further ahead along the y-
axis. By T=3.25s, the ego robot has reached mid-corridor and it can be noticed it yielded
way to human 1 despite the presence of human agents 1 and prioritized it above the other
robot closest to it. This behavior indicates the attention mechanism’s effectiveness in

assigning higher weights to nearby obstructive agents.
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Figure 20. Simple corridor scenario with 7 Humans and 2 other robots
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5.3.3 Static obstacles Scenario

Here we have scenarios of the robots navigating in an environment with static obstacles.
As is common, human environments are filled with obstacles that are static and not
moving, humans easily recognize these obstacles when navigating, likewise it is essential
to equip the ego robot and other robots with the capability to detect static obstacles and
plan their paths around them. We test the effectiveness of the developed framework in an
environment with static obstacles which more realistically depicts natural human

environments.
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Figure 21. 5 humans and 2 other robots scenario at: 0.5s, 3.75s, 4.75s, 6.25s, 7s, 8.5

In this static obstacle scenario as shown in Figure 21, the effectiveness of the ego robot's
socially aware navigation strategy is evaluated in a setting with 5 humans, 2 other robots,
and several static obstacles (grey squares). This navigation case illustrates the ego robot's
decision-making process as it traverses a complex environment while maintaining safe and
socially acceptable distances from both moving agents and static objects. At the onset, the

ego robot begins reasoning about obstacles to avoid and starts anticipating the future
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positions of nearby humans and other robots. As the scenario develops (T =3.75sto T =
4.75s), the ego robot actively moves towards the denser part of the environment while
taking precaution not to venture inwards only at the right time. The successful social
navigation of the ego robot can be seen as respects comfort zones while it moves through
narrow passages between moving humans and other robots (T = 6.25s to T = 7.0s). By the
final shown time step (T = 8.50s), the ego robot has approached the goal region

successfully, with a trajectory that reflects a balance between comfort and efficiency.

5.4 Quantitative Results/ Experimental Setup

Table 5.1 presents a comparative evaluation of the developed navigation framework
against two previous approaches [57]. The proposed method achieves a success rate of
89%, which, even though is slightly lower than that of HeR-DRL (96.54%) and HOR-DRL
(96.05%), is of an acceptable value considering our approach is more conservative to
increase generalization ability. A key difference is that the proposed approach achieves a
zero collision rate, highlighting its superior safety behavior. In contrast, both HeR-DRL

and HoR-DRL experience non-negligible collision rates of 3.14% and 3.06%, respectively.

Regarding navigation time, this work achieves an average of 12.13 seconds, slightly longer
than the baseline methods. This increase is expected due to the more complex interaction
dynamics and the conservative decisions made by the ego robot to avoid both humans and
other robots. However, the trade-off results in a higher minimum separation distance of
0.16 meters, surpassing the values of 0.154 m and 0.15 m for HeR-DRL and HoR-DRL,
respectively. This indicates enhanced social compliance and a lower likelihood of
discomfort among surrounding agents. The timeout rate for this work is 11%, which is

higher than that of the compared models. This again can be attributed to the cautious
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planning required in dense, heterogeneous environments. However, this can be justified
since the method needs to prioritize avoiding collisions even while maintaining safe

interpersonal distances.

Overall, while the proposed method has slight trade-offs in success rate and navigation
time, it significantly improves safety and social compliance. This makes it particularly
suitable for real-world scenarios where collisions are unacceptable and multi-robot socially

aware behavior is required.

Table 4. Comparison of Similar work based on selected metrics

Works Success Collision Navigation Time out Minimum

Rate (%) | Rate (%) time (s) Rate (%) separation
distance (m)

This work | 89 0 12.13 11 0.16

HeR- 96.54 3.14 10.88 0.32 0.154

DRL[57]

HoR- 96.05 3.06 10.91 0.89 0.15

DRL[57]
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Figure 22. Performance metrics for the Navigation framework over Training episodes

From Figure 22 we can see that the success rate improves from around 30% at the
beginning to approximately 90% by the end of training, which shows that the agent is
learning. The occasional dips reflect exploration or unstable policy updates, which are
common during RL training. Correspondingly, the collision rate decreases sharply from an
initial value of over 60% to nearly 0%. This directly indicates the policy learning to avoid
humans and other robots in its path. The steep decline before episode 3000 implies early

gains in safety behavior, likely guided by imitation learning and reward shaping.
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A downward trend in the time taken to reach the goal shows that the ego robot is learning
to avoid collisions and doing so with increasing efficiency. The time drops from around 23
seconds to under 15 seconds, which suggests improved path planning and better interaction
modeling. The steadily increasing cumulative reward confirms that the learning objective
is being met. It is initially negative due to frequent collisions and penalties, then it
transitions to positive values as the agent learns to maximize returns by reaching the goal

quickly and safely. The reward curve’s saturation near the end suggests policy

convergence.
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Figure 23. Comparison of cumulative reward and validation reward

Figure 23 shows a graph comparing the cumulative reward and validation reward. The
evaluation or validation reward is the reward obtained when the agent’s policy is tested

without exploration (i.e., greedy policy). The evaluation rewards are consistent and
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improve in later stages, showing the policy is generalizing well. Validation rewards trend
upward and don’t diverge from training rewards. It was plotted at regular intervals of 1000

episodes.

5.5 Impact of Imitation Learning on policy performance

We performed a comparative experiment between two models: one trained exclusively
through Deep Reinforcement Learning (DRL), and another initiated using imitation
learning with ORCA-generated demonstrations prior to DRL thus quantitatively evaluating
the contribution of imitation learning (IL) to the training process. This was done under

same environments, reward systems, and training duration (6,000 episodes).
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Figure 24. Success rate and Cumulative discount reward

Figure 24 shows for both settings, the training reward over episodes. With a steeper reward
gradient and higher final reward, the policy initialized with IL routinely surpasses the
DRL-only policy throughout all training epochs. Likewise the graphs are shown with a 1
standard deviation in Figure 25 and Figure 26. As can be seen the success rate and time to

reach goal graphs demonstrate the porr performance of the policy without initializing with
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reinforcement learning leading to an overwhelming majority of episodes ending up as

timeouts.
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Figure 26. Reward for DRL-only and IL with DRL models, with £1 standard deviation.
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These findings taken together verify that imitation learning serves as a powerful prior,
leading early in training the policy towards safer and more optimal behavior. The IL-based
approach reduces the trial-and-error burden of RL, hence improving sample efficiency,
stability, and performance. In multi-robot socially-aware situations, where unsafe behavior

could cause collisions or even harm, this is very important.

5.6 Summary

This chapter has presented the results of the developed multirobot SAN framework and
provided a comprehensive evaluation. Through a series of simulation scenarios ranging
from crowded scenes with up to 10 humans and multiple robots to constrained
environments with static obstacles and a corridor environment, the developed framework
has been shown to demonstrate effective path planning and social awareness for the ego
robot. Visual trajectory analyses confirmed the robot’s ability to move through dynamic
agents while preserving comfort distances. The training performance, reflected by steadily
increasing success rates and cumulative rewards, and decreasing collision and timeout

rates, has shown that indeed the RL policy converged and achieved learning stability.

Quantitative comparisons with existing baselines (HeR-DRL and HOR-DRL) revealed that
while the proposed method incurred slightly higher navigation times and timeout rates, it
outperformed both baselines in collision avoidance and maintained higher minimum
separation distances. These findings validate the safety-first design of the policy and its
potential for real-world deployment in diverse environments of multiple humans and
multiple robots. The results collectively affirm the viability of single-agent deep
reinforcement learning for multi-robot socially aware navigation with heterogeneous agent

modeling.
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CHAPTER 6 : CONCLUSION AND RECOMMENDATION

This section presents the summary of the research undertaken in the thesis. It highlights the
significant findings from the study and draws relevant conclusions. In addition, the
limitations encountered during this research are outlined, and the potential directions for

future research in these areas are suggested.

6.1 Summary of the Work

This thesis addresses the challenge of enabling multiple robots to navigate human-
populated environments in a manner that is socially acceptable through the use of deep
reinforcement learning (DRL). The primary objective is to develop a navigation framework
that allows multiple robots to interact safely and naturally with humans and each other,
while achieving their navigation tasks efficiently. Social awareness is embedded into the
navigation policy by modeling all the important interactions within the DRL framework.
The proposed approach uses attention mechanisms and imitation learning to improve

navigation and decision-making in dense, dynamic environments.

Chapter 1 introduces the background and motivation behind socially aware navigation. It
defines the scope and objectives of the study and outlines the need for scalable multirobot

navigation frameworks capable of operating in complex human environments.

Chapter 2 provides a detailed review of existing approaches in this research field. It
discusses traditional methods including reactive and trajectory-based navigation and
moves on to learning-based methods such as DRL. It also presents a comparison of related

work in multirobot SAN and highlights the gaps addressed by this thesis.
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Chapter 3 presents the theoretical foundations of the research. It covers reinforcement
learning, deep learning models such as MLP and GNN, and introduces the attention
mechanism and imitation learning as essential tools for policy learning. This chapter lays

the groundwork for understanding the proposed navigation framework.

Chapter 4 explains the methodology used to implement the proposed system. The problem
is formulated as a Partially Observable Markov Decision Process (POMDP). This chapter
details the system architecture, modeling of agent interactions, and the design of the reward

function, simulation environment, and evaluation metrics.

Chapter 5 presents the results of the experiments conducted using the proposed framework.
The system is evaluated in various scenarios involving multiple humans and robots. Results
are compared with state-of-the-art methods using metrics such as navigation success rate,
collision rate, and discomfort level to demonstrate the advantages of the proposed

approach.

Chapter 6 concludes the thesis by summarizing the major findings and contributions. It
discusses limitations of the current framework and outlines recommendations for future

work, including real-world deployment and extension to more complex interaction settings.

6.2 Recommendations for Future Work

e Real-World Validation: Extend the current framework to physical robots
operating in real environments such as hospitals, offices, or crowded public

spaces to evaluate robustness under perceptual uncertainty and control noise.
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Spatio-Temporal Encoding: Incorporate spatio-temporal graph neural networks or
attention-based temporal encoders to better model how human and robot
behaviors evolve over time.

Efficient and Scalable Architectures: Design lightweight interaction encoders or
sparse attention mechanisms that reduce computational load while preserving
performance in large-scale multi-agent systems.

Multi-Agent Reinforcement Learning (MARL): Explore decentralized or
centralized MARL approaches to enable cooperative task completion (e.g.,
formation navigation) and handle adversarial interactions (e.g., competitive access
to shared space).

Deployment on Humanoid Robots: Adapt and deploy the learned navigation
policies on humanoid platforms to address scenarios requiring expressive motion,
better human-robot interaction, or operation in structurally complex 3D
environments.

Policy Interpretability Tools: Integrate attention visualization, saliency maps, or
rule extraction methods to enhance transparency and facilitate debugging, safety

verification, and user trust.
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