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ABSTRACT

Crowd simulation plays a crucial role in a wide range of fields, from digital media

to urban planning. However, traditional particle-based algorithms often lack essential

information to present realistic human bipedal locomotion. This research aims to pro-

pose a more realistic and efficient steering model for crowd simulation by combining

Multi-Agent Reinforcement Learning (MARL) with bipedal locomotion modelling.

This study explores the advantages of MARL and analyzes a mathematical approach

to simplifying complex bipedal locomotion. The approach utilizes the Proximal Pol-

icy Optimization algorithm and trains the model in adjustable randomized maze-

like environments. Assessment results of the model indicate that the model learns

goal-reaching behaviours and learns to avoid static and dynamic obstacles. Further-

more, the agents can simulate complex steering behaviours such as side-stepping and

turning-like behaviours with two feet. This research contributes to the advancement

of the field of crowd simulation through a flexible and realistic approach to modelling

human steering behaviours in complex and dynamic environments.
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Chapter 1

Introduction

Crowd simulation is a widely used technique across a variety of fields, designed to

simulate complex dynamic crowds through computer animation as an alternative to

the time-consuming and expensive manual labour. We can observe the scenes with

large synthetic human crowds in digital media creations such as video games and

films. On the other hand, in urban road and architectural designs, this technique is

also introduced to guarantee safety and identify potential risks.

To emulate the complex crowd behaviours, researchers have developed agent-based

steering algorithms, which model each individual in the crowd as an autonomous agent

who behaves according to its perceived surroundings and predefined principles of ac-

tion. However, the increasing demand for realistic human crowd synthesis reveals the

limitations of major traditional steering algorithms. Most of the agent-based algo-

rithms compute steering behaviours based on the premise that agents are particles,

relying on limited information such as velocity, acceleration, and position of individual

particles. Consequently, they fail to capture essential details such as the orientation,

position, and velocity of their feet, thereby lacking the ability to accurately indicate

bipedal actions like side-stepping and turning around with the movement and coor-

dination of the feet. In media like movies, this problem may reduce the immersion

of the audience as they enjoy it. For example, two human models that are actually

particles may not be able to get too close together, and may appear as though they

are hitting a wall of air when they are still some distance away. For urban designers,

particle-based agents that are not sufficiently close to the actual reality may lead to

simulated crowds walking along the wrong paths. Even minor deviations may af-

fect the design and make it difficult to thoroughly investigate safety hazards. There

have also been steering algorithms in recent years that are specifically applicable to
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bipedal agents, but the actions and trajectories of agents with two feet or even a

torso are much more complex than those of a single particle. For such algorithms,

computational efficiency and model accuracy remain very challenging.

The main objective of this research is to develop a more realistic and efficient steer-

ing model for crowd simulation by integrating Multi-Agent Reinforcement Learning

(MARL) and bipedal locomotion modelling. To achieve this goal, this study will ex-

plore the following research questions: What are the advantages of introducing MARL

over other types of algorithms and how can it be integrated with bipedal locomotion

modelling? In what ways can human bipedal locomotion, which is so complex, be sim-

plified and computed to approximate real human trajectories? In what ways does this

model enhance the realism of agent behaviour compared to traditional particle-based

algorithms?

As a means of addressing these research questions and advancing MARL applica-

tions in crowd simulation, this study proposes a novel framework that utilizes bipedal

locomotion modelling with MARL to generate steering algorithms. This approach

offers several key advantages. First, MARL opens up new possibilities for crowd

simulation because with the behavioural policy adjustments based on rewards and

penalties, agents optimize their policy through interactions with the environment.

This adaptability extends to scenarios that are not anticipated by the predefined for-

mulas or existing datasets. Second, to maintain stable training process, the research

incorporated the Proximal Policy Optimization (PPO) algorithm, a state-of-the-art

reinforcement learning technique. Third, domain randomization is employed in this

study to enhance policy generalization to diverse, unseen scenarios by adjusting the

density and complexity of the generated environments. Last but not least, by in-

tegrating bipedal locomotion modelling, especially the 3D inverted pendulum the-

ory, this framework aims to more accurately simulate human steering behaviours in

crowds that are subject to biomechanical constraints, including complex actions like

side-stepping and turning.

This research seeks to expand the field of crowd simulation by offering a more

realistic and effective approach to synthesize human behaviour in complex, dynamic

environments. To detail the approach proposed in this research from the elementary

to the profound, this thesis is organized in the following manner:

Chapter 2 gives a comprehensive review of related works in the field of agent-based

steering algorithms and analyzes the research gaps between previous works and this

research.
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Chapter 3 explains the theoretical foundation of MARL, introduces the main cat-

egories of different MARL algorithms as well as their advantages and disadvantages,

and paves the way for the later introduction of the PPO algorithm used in this study.

Chapter 4 presents theoretical knowledge about biomechanics, starting from the

concept of the human gait cycle to the mathematical derivation of 3D inverted pen-

dulum theory.

Chapter 5 details how the theoretical knowledge mentioned in the previous two

chapters was applied in this study. This chapter describes the construction of the

agent model, the design of the state space, action space, reward function, as well as

the selection of the RL algorithm (PPO) and the design of the training environment,

the training hyperparameter settings and finally, the results of the training.

Chapter 6 provides an assessment of the trained model with quantitative and qual-

itative metrics, comparing it with two traditional steering algorithms. The chapter

discusses the advantages of this model over the traditional models, and summarizes

the limitations and future work of this study.
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Chapter 2

Literature Review

This chapter provides the background on crowd simulation and offers a comprehensive

overview of the existing studies and knowledge in the areas of agent-based steering

algorithms, aiming to outline the gaps in the field and emphasize the prospective

impact and value of this research.

In the following sections, this chapter presents some representative agent-based

steering algorithms in the sequence of the development of crowd simulation algo-

rithms. Over time and as technology evolves, researchers have been working to im-

prove the accuracy and realism of simulations: from early, crude rule-based methods

to more advanced models that introduce machine learning and include actual crowd

data, and finally, the use of Multi-Agent Reinforcement Learning (MARL). Building

upon this trajectory of development, this research integrates bipedal motion mod-

elling with MARL with the goal of addressing existing gaps in the field and further

enhancing the quality of crowd simulations.

2.1 History of Simulation

As its literal meaning implies, a simulation is a reproduction of how a system or pro-

cess might function in the real world. From the perspective of entertainment demand,

simulations are widely applied in movies, games and other recreational activities in-

cluding virtual elements, allowing people to achieve immersive experiences. On the

other hand, from the perspective of analytical and decision-making needs, simula-

tions are employed to replicate scenarios for studying complex issues that would be

expensive, unsafe or impracticable to execute in the real world, such as emergency
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evacuations and urban planning in the field of crowd simulation. It is necessary to

make the behaviours of humans in the crowd as close to reality as possible, so there

has been extensive research on steering algorithms over the years.

The research that laid the groundwork for the development of today’s crowd simu-

lation algorithms can be traced back to von Neumann’s Self-Reproducing Automata[59],

which was the foundation of cellular automata theory. This theoretical model was

made up of an array of cells that resembled a 2D grid. Each cell followed a set of

rules that determined the state of the cell based on the state of neighbouring cells.

Based on the theory of cellular automata, John Conway developed Game of Life in

1970[10], which used simple rules to simulate the evolution of cells on a 2D grid. In

this model, each cell had the potential to be either alive or dead, and the conditions

of its eight adjacent cells determined its state in the next generation. This is similar

to movements in a crowd that each person is an independent thinker who decides

where to move based on their own set of rules of behaviour, which include how they

respond to the actions of those closest to them. The concept of cellular automata

subsequently gave rise to agent-based modelling, such as in the analysis of the dynam-

ics of segregation[46], where small individual preferences resulted in significant group

division. In agent-based modelling, each individual in a simulated system is repre-

sented as an agent, encapsulating its rules of actions, decisions and reactions, along

with its current state and knowledge of the environment. With this approach, we can

clearly simulate, observe and analyze how different or even emergent behaviours in

massive and complex systems are generated by the combination of local interactions

and individual actions, which is suitable for the research of crowd simulation.

2.2 Rule-based Algorithms

Early studies on crowd simulation mainly focused on studying the animation of ani-

mal crowds. One of the earliest and most famous models, a distributed behavioural

model (usually referred to as the ”Boids” model) developed by Reynolds in 1987[44],

simplified each bird in a flock into particles and their behaviours were based on three

rules: avoiding collisions with, matching velocity with and staying close to other

nearby particles. Although it was a model for bird flocks, it laid the basis for further

research in the field of agent-based crowd simulation for human agents.

In 1997, Musse and Thalmann applied this rule-based approach to human crowds,

focusing on inter-group relationships and collision detection [38]. Their model de-
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fined rules based on sociological principles, with agents responding to others accord-

ing to individual parameters that represented their emotional status, dominance,

group relationships, etc. For collision detection, the model used simple mathematical

equations that predicted collisions with line-line intersections. Additionally, a multi-

resolution collision avoidance system based on the observer’s distance from the agents

was presented in the research, striking a balance between computing efficiency and

behavioural realism. Specifically, if the agents were close enough to each other, they

used the most computationally expensive and detailed way, i.e., changing the angular

velocity, to avoid collisions. If the distance was moderate, the agents chose to stop

and let others pass first, and if they were far enough away then they did not consider

taking collision avoidance actions at all.

2.3 Force-based Algorithms

In force-based models, agents’ steering is under the influence of various repulsive and

attractive forces. This technique was initially proposed in 1995 to describe the forces

of social attraction and repulsion during locomotion, referred to as Social Forces

[19]. This model was further developed in 2000 to simulate panic behaviour during

emergency evacuations, helping people develop more effective evacuation strategies

[18].

The Predictive Avoidance Model (PAM) proposed in 2009 [26] was also a kind

of force-based approach. In this model, agents continuously calculated their future

trajectories based on their current velocity. If their paths intersected with others’,

then an evasive force would be computed and applied to the agents to change their

velocity to avoid the predicted collision. This model considered and planned in both

temporal and spatial dimensions. It predicted where the agent would arrive and how

long it would take to get there, and could plan in advance for the agent to either

change direction to reach a different area, or to change its speed to avoid arriving in

the area at the time when a collision might occur. With space-time planning, PAM

allowed the agents to avoid sudden changes of direction, making the simulation of a

dynamic crowd more realistic.
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2.4 Velocity-based Algorithms

The velocity-based approaches introduced the concept of velocity obstacles (VO)

[12, 13]. A VO is an abstract obstacle consisting of a set of velocities, where velocities

within the region will cause a collision to occur, and the agent needs to choose veloc-

ities outside the region to avoid the collision, gradually adjusting its current velocity

and changing it to the new one.

This strategy has been expanded to incorporate reciprocal collision avoidance

(RVO) [58] and optimal reciprocal avoidance for several agents (ORCA) [57]. In

RVO, all agents are supposed to make collision avoidance decisions simultaneously

and symmetrically. Rather than incrementally modifying their velocities, which may

result in jagged trajectories, all agents move directly towards the predicted, collision-

free path. ORCA is a further extension of RVO in which the optimal velocity was

derived from solving an optimization problem based on the assumption that the agents

cooperatively adjust their velocities.

These algorithms, which depend on behavioural guidelines that have been prede-

fined, provide highly generalized depictions of agent behaviour, endow these types of

models with simplicity and computational ease, thereby enabling the output of the

models to be predictable and controllable. On the contrary, the behavioural guide-

lines may be too simplistic to account for all the complex real-world behaviours, and

since the rules are fixed, the agents are unable to improve their movements when they

are faced with new situations that they cannot handle using these guidelines.

2.5 Potential Field-based Algorithms

With potential field-based algorithms, agents’ behaviours can be more adaptive by

optimizing their movements in response to dynamically defined potential fields. By

defining a potential field [61, 62] in the global environment, agents adjust their trajec-

tories based on potential gradients, which can be related to the positions or velocities

of obstacles and the distance to the targets. Traditional potential field approaches,

however, have drawbacks, such as a high dependence on environmental complexity

and problems with resolution and scale. To overcome these obstacles, the Egocentric

Affordance Field framework has been proposed [25]. The framework, representing an

egocentric approach and enabling dynamic scaling, not only ensures that computa-

tional cost is unaffected by the complexity of the environment, but also facilitates
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efficient space-time planning. While agents are able to adapt to new conditions by

changing their actions to maximize the potential utility, these algorithms are more

computationally expensive, and to design appropriate potential functions can be chal-

lenging.

2.6 Data-driven Algorithms

In comparison with traditional algorithms, the data-driven models exploit Artificial

Intelligence and enable the agents to learn to optimize their behavioural policy dur-

ing the training process. Data-driven models take advantage of machine learning,

allowing the agents to learn from datasets [30, 31] and capture temporal dependen-

cies in the data [1]. Both real-world crowd data, such as [49, 11], and synthetic

crowd data, such as [60], enable the agents to handle a wide range of different cases

and perform more complex and realistic behaviours. However, ideal outputs rest on

properly tuned hyper-parameters such as the structure of neural networks and the

learning rates. Additionally, using large amounts of data is a double-edged sword:

such methods are heavily dependent on the quality and quantity of the data, not to

mention the high computational cost of generating datasets and training.

2.7 MARL Applications

As another option, Reinforcement Learning relies less on data because agents learn

optimal policies through interactions with the environment. In the context of Multi-

Agent Reinforcement Learning (MARL), a group of agents, given predefined reward

functions, is in a constant state of trial and error to maximize their long-term rewards

when they interact with not only the environment but also other agents [66]. As a re-

sult, the principle of MARL makes it possible for agents to learn complex behaviours

and adapt to dynamic environments. Several studies have already demonstrated the

potential of applying MARL in the field of crowd simulation. For instance, Godoy

et al. [14] presented ALAN, an adaptive learning approach that modelled navigation

problems as multi-armed bandit action selection problems, dynamically adjusting

agent motion based on recent observations using offline Markov Chain Monte Carlo.

The approach was proven by experiments to be more time-efficient than models such

as ORCA. Additionally, there have also been studies introducing policy parameteriza-

tion techniques indicating the application of MARL enables more generalized policies
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[21, 41].

2.8 Bio-mechanical Steering in Crowd Simulation

Traditional crowd steering algorithms usually oversimplify characters as particles.

While simplifying computations, problems also occur. For example, particle-like

agents may slide while real humans don’t perform the same behaviours. As a re-

sult, researchers incorporate biomechanics to ensure that synthesized human crowds

are more realistic.

Beacco et al. [2] proposed a dynamic footsteps planning algorithm in 2013. They

generated a set of animation clips of human walking which were either extracted from

the motion capture database or manually created. By analyzing the clips, individ-

ual step motions were extracted, annotated and formed into a basic library for the

algorithm. The planner first used the A* algorithm for high-level path planning, and

then sought the optimal sequence of actions of each agent through real-time plan-

ning algorithm based on minimal energy consumption. For dynamic obstacles with

predictable trajectories, the planner took them into account in the planning phase.

While for unpredictable dynamic obstacles, multi-resolution collision detection was

applied so the trajectories were re-planned in real-time. Additionally, for more pre-

cise collision detection, the high-resolution model used five cylinders to enclose the

agent’s head and four limbs. Finally, the planned footstep trajectories were delivered

to the animation engine to generate fluent walking animations with the pre-processed

animation clips.

Singh et al. [52] also harmonized space-time planning and biomechanics to se-

lect the optimal route for the agent based on energy functions and using a heuristic

algorithm. Furthermore, the model used a mathematical model of a 3D inverted pen-

dulum to compute the body’s trajectory, rather than applying predefined animation

clips. The model also used five circles to track the positions of the torso and limbs

for collision detection, which allowed for closer proximity between agents compared

to a single sphere radius as was the case of particle-like agents. Experimental results

showed that the model allowed the agents to produce predictive cooperation and make

side-step-like movements to avoid collisions.

There have also been studies on full body simulation with the application of MARL

such as [17], but these are more related to the future work of this research because

this research focuses more on the steering layer.
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2.9 Discussion

This chapter details the evolution of agent-based crowd simulation algorithms, from

early simple rule-based methods to more sophisticated approaches that combine ma-

chine learning and real crowd data. Researchers have been working to improve upon

earlier algorithms in order to simulate crowds that are more realistic and adaptable

to changing environments. The use of MARL stands out among these developments

as it overcomes the limitations of data-driven algorithms, which are influenced by

database quality while maintaining the flexibility of machine learning. On the other

hand, this review also reveals a significant research gap in bipedal locomotion sim-

ulation within crowd models. This gap highlights the potential value of this study,

which aims to combine MARL with biomechanics-based bipedal locomotion mod-

elling. These two key points will be covered in depth in the next chapters, along with

how this innovative method may contribute to the field of crowd simulation.
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Chapter 3

Theoretical Foundations of

Multi-Agent Reinforcement

Learning

This chapter explains the theoretical basis for MARL, laying the foundation for the

introduction of the methodology in the following chapter. As mentioned in Chapter

2, with the high demand for realistic crowd simulation, it is difficult for traditional

particle-based steering algorithms to meet the needs of synthesizing bipedal loco-

motion for human characters. On the other hand, bipedal locomotion involves the

orientation of the two feet, the velocity and the duration of each footstep, which, while

allowing more information to be expressed compared to particles, also makes some

simple movements require more complex computations, making real-time rendering

difficult when computing power is insufficient. Thus, the introduction of artificial

intelligence has greatly improved the efficiency of real-time computing. Pre-trained

models enable faster and more accurate processing of information under dynamic

conditions, reducing barriers for users to implement complex algorithms effectively.

3.1 Introduction

This study uses MARL based on the characteristics of crowd simulation, which in-

volves an algorithm where multiple agents improve the model through constant in-

teractions with the environment and trial and error. Since in crowd simulation, each

person is an agent, and their behaviours continuously alter the environment from
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the perspective of other agents, influencing each other’s decision-making, the MARL

algorithm is suitable for use. Moreover, since it does not rely on a static, limited

dataset, MARL eliminates the tedious step of collecting and filtering data to avoid

noise affecting the training results, while also allowing the model to be more flexible

and applicable to a wider range of scenarios by adapting to the training environment

rather than restricting itself to the scenarios covered by the dataset.

In order to give the reader a basic understanding of the principles of the MARL

algorithm and some of the basic concepts, this chapter will present them in a step-by-

step manner. First, the concept of a Markov Decision Process (MDP) is introduced,

which serves as the foundational framework of the RL model. Next, RL algorithms

in single-agent scenarios are presented to explain the fundamental concepts involved,

as well as common ways of categorizing the algorithms and the scenarios they are

applicable to, such as model-based and model-free algorithms. These concepts also

apply to the multi-agent scenario, although the framework of MARL is more complex

because multiple agents interact with each other and affect each other’s decisions and

policy updates. Therefore, the following subsections first introduce the concept of

stochastic games, which apply to MARL, and then formally introduce the concept of

MARL, explaining how it differs from single-agent scenarios and listing algorithmic

categorizations that would only be found in multi-agent scenarios, such as cooperative

or competitive settings. Finally, the chapter discusses the challenges that often need

to be faced when solving problems with MARL.

The theoretical background presented in this chapter is crucial for understanding

the rationale behind selecting the Proximal Policy Optimization (PPO) algorithm as

the algorithm for this study in subsequent chapters. The different classifications of RL

algorithms are explored in this chapter to pave the way for the detailed presentation

of the PPO algorithm and its application to the training of steering algorithms for

bipedal locomotion in subsequent chapters, so that the reader can more clearly com-

prehend the advantages of the PPO algorithm in later chapters, within the context

of this research.

3.2 Markov Decision Process Framework

Suppose there is an empty plane as the ground, where a human-like agent can walk

on it and is assigned a target area to reach. The agent can walk towards any direction

and at different speeds, and can also stop moving. In other words, the agent can take
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any possible action as long as the actions are limited by biomechanics. Additionally,

the agent can sense any information about the whole environment such as the distance

between itself and the target area, the direction from itself to the area, etc.. While

there seem to be unlimited ways to reach the target area, optimal solutions exist if

the agent is asked to finish the task with minimum energy and time. To learn how

to act optimally through trial-and-error, the agent first tries to take an action based

on what it has just sensed, and then according to a predefined criteria, a reward or

penalty is given to the agent so that it understands whether such an action under

that circumstance is good or bad. The larger the reward is, the more likely the agent

will take the same action the next time it is in the same state. With this process

repeated, the agent will eventually learn how to reach its target at an appropriate

speed.

The illustrated case can be likened to a Markov Decision Process (MDP). In the

MDP framework, the agent mirrors the player who tries to achieve its goal. Everything

in the environment, including the status of the agent, constitutes a “state” in MDP.

By taking different actions, the agent can transition from one state to another, and

according to the criteria, the agent will be rewarded or penalized for this transition.

An MDP can thus be defined as a 5-tuple: < S,A, P, R, γ > [66]. State space

S includes all possible states s of the environment, and action space A contains

any action a that an agent can take in any state. Both S and A can be discrete

or continuous. With a discrete state space and action space such as a tic-tac-toe

problem, there are countable possible states or actions in the spaces. By contrast,

problems like robotic arm gripping objects have continuous ranges of actions and

states. The transition probability function P : S×A → ∆(S) indicates the likelihood
of transitioning between states, where P (s′, r | s, a) implies the probability for the

player to transition from one state s to another state s′ and receive a reward r when

taking an action a. The reward function R : S × A × S → R computes a specific

reward for the player when a transition happens. γ is a discount factor in the range

[0, 1], which determines how important the future rewards are.

In some cases where the agent does not have full access to the current state of the

environment. For example, a human player only knows information within its field

of vision. We define such an MDP as a partially observable MDP (POMDP) with a

7-tuple: < S,A, P, R,O, O, γ >. The observation set O includes all the observations

o that the player can get at a specific timestep, while O : S × A → ∆(O) indicates
the observation function, with O(o | a, s′) denoting the probability of having the
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observation o when the agent takes the action a and transitions to the new state s′.

3.3 Core Concepts in Reinforcement Learning

As a branch of machine learning, reinforcement learning is an approach used to solve

MDP problems, where the agent aims to learn a policy that can maximize the cumu-

lative rewards it receives through interactions with the environment. Before delving

into the major concepts of RL, it is necessary to clarify that an agent may either fully

observe the state of the environment, where Ot = St, with Ot denoting the observa-

tion of an agent at time t, or it may only get a partial observation of the state. In the

context of this research, to avoid repetitive explanations, unless otherwise specified,

we will use state (s) to represent the information that an agent can get from the

environment at a time step, which can either be the actual state or correspond to the

partial observation in different scenarios.

3.3.1 Concepts and Terms

A policy π is a rule that determines how the agent acts [53]. Depending on the design

of the problem, a policy π can be deterministic, represented as π(s) = a, so that for

each state there will only be one available action, while a stochastic policy returns a

probability distribution over some actions, with π(a | s) = Pr(a | s) representing the

probability of taking action a in the state s.

As an MDP problem, the current state and the action taken by the agent include

all information needed to provide the next state[32], so the agent transitions to a new

state st+1. The state transition can also be deterministic or stochastic.

Then the agent receives a reward signal rt = R(st, at, st+1), a real-number value

determined by the reward function, which is an immediate feedback from the en-

vironment after a state transition, telling the agent whether the action is good or

not.

The policy will be updated based on the gained rewards and the agent repeats

this procedure to learn a policy that maximizes the cumulative reward over time. We

define the sequence of states and actions as the trajectory of the agent:

τ = (s0, a0, s1, a1, . . . ) (3.1)



15

and the cumulative reward is called return, denoted as Gt, indicating that the return

is computed after the time step t. When the number of steps is finite, it is easy to

compute a return by summing up the rewards received after every step:

Gt = rt + rt+1 + · · ·+ rT (3.2)

where T is the final step. This type of return can not only be applied to the case

where finite steps are required to finish a task, but can also be used to analyze the

short-term performance of a policy. While there is no certain endpoint in an MDP

problem, simply adding reward signals together may lead to an infinite result. To

make the return converge, the discount factor γ is introduced, such that:

Gt =
∞∑
k=t

γk−trt+k (3.3)

Since γk decreases as k increases, the formula indicates that immediate rewards are

more important than future rewards.

With the definition of trajectory and return, the goal of reinforcement learning

becomes more specific: to find a policy that maximizes the expected return. To

calculate the expected return during training, major RL algorithms take the value

function into consideration, denoted as V π:

V π(s) = Eπ[Gt|st = s], s ∈ S, (3.4)

where Eπ refers to the expected value when the agent acts following policy π. This

function indicates the value of state s, the expected return at time step t when the

agent is in the state s and will always use π as its policy in the future. Similarly, an

action-value function, also referred to as the Q-function, is defined to estimate the

value of a state-action pair:

Qπ(s, a) = Eπ[Gt|st = s, at = a], s ∈ S, a ∈ A. (3.5)

The Q-function computes the expected return when an agent is in the state s, takes

an action a (which may not be derived from the current policy π), and then always

follows π in the future.

According to Equation 3.2 and Equation 3.3, it is evident that Gt can be written in
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a recursive form. The recursive relationship between the current return and the next

return is helpful when calculating V π and Qπ, especially in infinite-horizon problems.

Taking the infinite-horizon return 3.3 as an example, we can expand V π as follows:

V π(s) = Eπ[Gt|st]

= Eπ[rt + γrt+1 + γ2rt+2 + · · ·+ γkrt+k + · · · |st]

= Eπ[rt + γ
(
rt+1 + γrt+2 + · · ·+ γk−1rt+k + · · ·

)
|st]

= Eπ[rt + γGt+1|st] (3.6)

To calculate the expected value, we need to take all possible cases into consideration.

If the policy is deterministic, then there is only one possible set of at, st+1 and rt,

while with a stochastic policy, the probability of taking action at = a in state st = s

is π(a | s), and with an arbitrary a, and the probability of transitioning to state

st+1 = s′ and receive a reward r is P (s′, r | s, a). So the expectation of rt is:

Eπ(rt) =
∑
a

π(a|s)
∑
s′

∑
r

P (s′, r|s, a)r (3.7)

Similarly, every possible Gt+1 is determined by which at is taken, which st+1 is reached

and which rt is received. So the expectation of Gt+1 is also weighted by the proba-

bilities of taking action at = a and the transition probability P (s′, r|s, a):

Eπ(Gt+1) =
∑
a

π(a|s)
∑
s′

∑
r

P (s′, r|s, a)Eπ[Gt+1|st+1 = s′] (3.8)

As a result, the value function with infinite-horizon can be expanded as:

V π(s) = Eπ[rt+1 + γGt+1|st = s]

=
∑
a

π(a|s)
∑
s′

∑
r

P (s′, r|s, a)[r + γEπ[Gt+1|st+1 = s′]]

=
∑
a

π(a|s)
∑
s′,r

P (s′, r|s, a)[r + γV π(s′)] (3.9)

In the Q-function, given st = s, at = a, when the policy is stochastic, the prob-

ability to transit from state s to s′ by taking action a and receive a reward r is

P (s′, r | s, a), while the probability to take an action a′ in state St+1 = s′ is π(a′ | s′).
On the other hand, in the case of deterministic policy, either P (s′, r | s, a) or π(a′ | s′)
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simply equals to 1. So the Q-function with infinite-horizon of a stochastic policy can

be expressed as:

Qπ(s, a) = Eπ[Gt|st = s, at = a]

= Eπ[rt + γGt+1|st = s, at = a]

=
∑
s′

∑
r

P (s′, r|s, a)[r + γ
∑
a′

π(a′|s′)Eπ[Gt+1|st+1 = s′, at+1 = a′]]

=
∑
s′,r

P (s′, r|s, a)[r + γ
∑
a′

π(a′|s′)Qπ(s′, a′)] (3.10)

The Equation 3.9 and Equation 3.10 are the Bellman Equations for vπ and qπ,

which directly represents the relationship between the state value or action value of

a state and its next state.

Lastly, in some algorithms like Policy Gradient methods and Actor-Critic methods[35],

we introduce the concept of the advantage function to evaluate how much better or

worse it is to take a particular action a in the specific state s compared to a randomly

chosen action, according to the policy π:

Aπ(s, a) = Qπ(s, a)− V π(s). (3.11)

Since it measures an action’s relative benefit above the average action in a particular

state, the advantage function is a common tool in reinforcement learning. By using

this differential value in further computations, the variance of estimates is greatly

decreased, improving the stability and effectiveness of learning algorithms.

With the knowledge of the basic concepts of RL, we can now better understand the

categorization of RL algorithms. It is noteworthy that these categorizations reflect

multiple dimensions, indicating from various perspectives what types of problems an

algorithm is suited for. These categorizations are not mutually exclusive, meaning

an algorithm can fall into multiple categories simultaneously. The next paragraphs

will focus on a few of the more fundamental categories, laying the groundwork for the

subsequent section on the algorithm used in this research.

3.3.2 Model-based Methods vs. Model-free Methods

One of the major distinctions in RL algorithms is whether there is a model of the

environment. Model-based and model-free methods are the two main groups of RL
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techniques that result from this divide.

Model-based methods incorporate an environment model, which can be used to

estimate the result of taking an action without directly interacting with the envi-

ronment. For stochastic state spaces, model-based methods often have a predefined

transition probability function P such that based on the current state s and action

a, we can sample the next state s′ and derive the associated reward r from the prob-

ability distribution P (s′, r | s, a). In cases where the state space is deterministic,

this transition probability function simplifies to directly mapping each state-action

pair to a single next state and reward. By being able to compute values of differ-

ent possible options before actually taking an action, model-based algorithms enable

agents to plan ahead of time and thus increase learning efficiency. In some approaches

such as the AlphaZero algorithm[50], the environment model is given to the agents,

while in scenarios where the environment model is unknown, agents have to learn the

model[16], which is a tough task when the environment is complex, especially when

the environment is not stationary.

In contrast, algorithms that do not rely on environment models are referred to as

model-free methods. These algorithms, including approaches like Deep Q-Networks

(DQN) [36] and Trust Region Policy Optimization (TRPO)[47], cannot directly use

transition probabilities and rewards from an environment model to calculate values

of the returns as described in Equations 3.9 and 3.10 do. Instead, they implicitly use

the Bellman equation to estimate the values and update these estimations by rewards

received when interacting with the environment.

There are advantages and disadvantages to both model-based and model-free

methods. Model-based methods enable prediction and planning ahead, which can re-

sult in more effective learning. However, such efficiency is often based on the premise

of having an accurate model of the environment, which is difficult to obtain or learn

especially when the environment is complex. Otherwise, the reliance on an envi-

ronment model may be counterproductive. For example, an inaccurate environment

model could provide incorrect predictions of values and lead to poor decision-making.

Then, one bad decision after another can snowball an agent’s performance further

off track. Additionally, generalization to different environments may be restricted by

dependence on a particular model.

On the other hand, with model-free methods, although the learning process may

be less efficient without a model, the agent learns directly from its interactions with

the environment rather than trying to first learn or act according to a model that
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is not necessarily perfect. This makes it easier for the agent to avoid errors and be

more flexible in adjusting its policies as the environment changes, making model-free

methods more suitable for complex environments.

3.3.3 On-policy Methods vs. Off-policy Methods

Another way to classify RL algorithms is by making a distinction between on-policy

methods, which directly learn a policy that makes decisions, and off-policy methods,

which learn a policy based on experience generated by a separate policy or from other

kinds of data sources.

On-policy approaches such as State-Action-Reward-State-Action (SARSA) [45]

use the feedback from actions taken by the policy to update that policy itself. For

example, with SARSA, the action values are updated in the following way:

Qπ(s, a)← Qπ(s, a) + α [r + γQπ(s′, a′)−Qπ(s, a)] (3.12)

where π is the current policy, s and a are the current state and action, s′ and a′

denote the next state and action, r is the reward received, α is the learning rate, and

γ refers to the discount factor.

In contrast, off-policy algorithms such as the Q-learning method [63] train the

target policy with actions that are either taken from another policy defined as a

behaviour policy, or that come from different forms of data sources, as the definition

of the Q-learning algorithm shows:

Q(s, a)← Q(s, a) + α
[
r + γmax

a′
Q(s′, a′)−Q(s, a)

]
(3.13)

where maxa′ q(s
′, a′) refers to the maximum Q-value among all possible actions a′ in

the next state s′, regardless of the current policy π. This equation illustrates the

essence of off-policy methods, which use data from a greater variety of sources to

optimize the target policy, allowing for a wider range of exploration. For instance,

let us use the behaviour policy as an example to explain off-policy methods. The

behaviour policy is not a perfect one, otherwise there is no need to learn a target

policy. As a result, such a policy can take sub-optimal actions which enables the

target policy to learn how to deal with more possibilities.

Both on-policy and off-policy approaches also have merits and demerits in terms

of training efficiency, accuracy and stability, and storage space requirements. For on-
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policy algorithms, directly updating the policy that makes decisions leads to a simple,

coherent and efficient training process. However, as the policy gradually improves, it

may lose opportunities of exploration. Specifically, when the policy performs better,

it may learn to avoid taking actions that seems to be less optimal in the short term,

but such actions may actually be part of an optimal trajectory from a long-term

perspective.

Although off-policy algorithms improve this by separating behaviour policy and

target policy, the fact that the behaviour policy which makes decisions cannot be

affected by reward signals gives birth to other problems. When the target policy

uses the feedback to improve itself, the next action derived from the behaviour policy

may be less favourable that it is unlikely, if not possible, for the target policy to take

such an action. This leads to the instability of training. Besides, off-policy methods

also suffer from problems such as the need for more memory to process gathered

experience and the possibility of overfitting data sources.

3.3.4 Value-based Methods vs. Policy-based Methods

Last but not least, RL algorithms can be categorized by whether they are value-based

or policy-based. As mentioned in previous paragraphs, value functions can be used

to represent how good a state or a state-action pair is. Value-based methods then

aim to learn optimal value functions. For example, in the Q-learning method[63],

an estimation of the action-value function, denoted as Q̂π(s, a), is updated when the

agent interacts with the environment and receives rewards, and the estimation is

expected to converge to the optimal Q-function, Q∗:

Q∗(s, a)
.
= max

π
Qπ(s, a), s ∈ S, a ∈ A, (3.14)

indicating the expected return when an agent is in state s and takes action a, and

then always takes actions based on optimal policy. There are also approaches such

as the Value Iteration algorithm [53] that learn an optimal state-value function V ∗:

V ∗(s)
.
= max

π
V π(s), s ∈ S, (3.15)

which calculates the expected return when the agent is in state s and then always

acts based on the optimal policy.

Policy-based methods aim to approximate the optimal policy π∗ with a parameter-
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ized policy function πθ, where θ represents the set of parameters. Most policy-based

methods such as REINFORCE [65] and TRPO [47] update the policy parameters

using the widely adopted policy gradients theorem[54], which is based on the concept

of gradient ascent:

θt+1 = θt + α∇θJ(πθ)
∣∣
θt

(3.16)

where θt denotes the current policy’s parameter vector, θt+1 refers to the updated

parameter vector, and α is the learning rate. ∇θJ(πθ) is referred to as policy gradi-

ent, which is the gradient of the performance measure J with respect to the policy

parameter, and
∣∣
θt
indicates that this policy gradient is evaluated based on parameter

vector θt. A simple metric can be the expected return of the agent’s trajectory Gt.

Assuming that the policy πθ is stochastic, then we can compute the policy gradient

as follows:

∇θJ(πθ) = ∇θEτ∼πθ
(Gt) (3.17)

= ∇θ

∫
P (τ |θ)Gt dτ (3.18)

=

∫
∇θP (τ |θ)Gt dτ (3.19)

=

∫
P (τ |θ)∇θ logP (τ |θ)Gt dτ (3.20)

= Eτ∼πθ
[∇θ logP (τ |θ)Gt]. (3.21)

Since there are multiple possible trajectories, we compute the expected return value

for all trajectories, Eτ∼πθ
(Gt), to ensure that the policy can cope with the changing

environment. In Equation 3.18, we expand E by the mathematical definition of

expectation value, where P (τ |θ) indicates that the probability distribution over all

possible trajectories depends on the policy parameter θ. In typical reinforcement

learning scenarios where neural networks are used to approximate policy functions,

we can assume that P (τ |θ) is well-behaved. This means that P (τ |θ) is continuous

and differentiable with respect to θ, and the rewards and probabilities are bounded.

Given these conditions, we can apply the Linearity of Differentiation to move the

derivative inside the integral from Equation 3.18 to Equation 3.19. Then, to facilitate

the subsequent calculations, we use the log-derivative trick such that ∇θ logP (τ |θ) =
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1

P (τ |θ)
∇θP (τ |θ), which results in Equation 3.20. Finally, Equation 3.21 is derived

again by the definition of the expectation value. The following problem is then to

compute ∇θ logP (τ |θ):

∇θ logP (τ |θ) = ∇θ log[P (s0)
T∏
t=0

P (st+1, rt|st, at)πθ(at|st)] (3.22)

= ∇θ[logP (s0) +
T∑
t=0

[logP (st+1, rt|st, at) + log πθ(at|st)]] (3.23)

= ∇θ logP (s0) +
T∑
t=0

∇θ logP (st+1, rt|st, at) +
T∑
t=0

∇θ log πθ(at|st).

(3.24)

Since the derivation is computed with respect to θ and the probability of any state

only depends on the environment, the derivatives of logP (s0) and logP (st+1, rt|st, at)
are 0. As a result, the policy gradient can be written as:

∇θJ(πθ) = Eτ∼πθ
[∇θ logP (τ |θ)Gt]

= Eτ∼πθ
[

T∑
t=0

∇θ log πθ(at|st)Gt] (3.25)

We can use a function other than Gt to compute the performance of the policy and

come up with results similar to (3.25). Thus the general form of the policy gradient

can be written as:

∇θJ(πθ) = Eτ∼πθ
[

T∑
t=0

∇θ log πθ(at|st)Φt] (3.26)

where Φt can be any function such as Q-function Qπθ(s, a) and advantage function

Aπθ(s, a).

There are also some methods that do not rely on policy gradients, such as Evo-

lutionary Strategies (ES) [4] which optimize policies with mechanisms similar to bio-

logical evolution.

Depending on how the action space is designed, value-based approaches and

policy-based approaches are suitable for different types of scenarios and also have
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their own advantages and disadvantages. In the cases where the action space is dis-

crete and finite, value-based methods are simpler and can be utilized to their full

advantage. Imagine an algorithm whose goal is to learn a q-function, and given a

state, if the available actions are finite, then it is convenient to compare the value

of each possibility by means of the estimated q-function. In contrast, when the ac-

tion space is continuous and deriving values for all possible action choices becomes

computationally prohibitive or even difficult to realize, policy-based algorithms turn

out to be a better choice. However, applying policy-based methods also means that

training may become more unstable. With value-based methods, the value update

for a state or a state-action pair relies on the existing return estimation of subse-

quent trajectory and the actual reward received by the agent when it transits to this

state (and takes a certain action), allowing the estimated value function to gradually

converge towards the optimal one, so the policy is also incrementally and implicitly

updated. On the other hand, with policy-based methods, since the policy function

directly computes the next action or probability distribution of the action,, adjust-

ments to the policy parameters may affect the choice of a subsequent series of actions,

and significantly different trajectories in turn cause the policy to make more changes,

leading to training instability.

3.4 Extension to Multi-Agent Systems: Stochastic

Games

The previous section introduced the definition of RL and some common categoriza-

tions of algorithms, and compares the strengths and weaknesses of different catego-

rizations of algorithms in various situations. These concepts also apply to multi-agent

scenarios, which will be introduced in this section.

Similar to the example at the beginning of section 3.2, now imagine a plane with

two agents, A and B, starting from different locations and each with a goal area to

reach. For agent A, the walking strategy used in the case of single agent may no

longer be optimal, as it will then have to avoid not only obstacles to reach the end

point, but also agent B. Thus how agent B acts will affect agent A’s actions, and vice

versa.

As an extension of the MDP to a multi-agent scenario, MARL is more like a

Markov game [33] that each agent’s actions affect not only the environment but also
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other agents. A Markov game, also known as a stochastic game, can be defined by a

tuple < N,S, {Ai}i∈N , P, {Ri}i∈N , γ >, where N denotes the number of agents and

each of them has their own set of actions Ai, so the action space can be represented

as: A = A1 × A2 × · · · × AN . Similarly, Ri refers to the reward function of agent

i. S is the state space containing all possible states observed by all agents, and P

denotes the transition probability between any states, given any joint action a ∈ A
of all agents. γ denotes the discount factor that is similar to the one in an MDP.

In the case where partial observations make up the complete state space when

put together, this type of Markov game can be defined as a Partially Observable

Stochastic Game (POSG). Besides the tuple mentioned in the last paragraph, we add

{Oi}i∈N to describe the game, which denotes the observation set for each agent i and

where the joint observation set is represented as O. As a result, each agent has its

own policy : πi ∈ Πi : O → ∆(A)i, which means that for all possible policies for agent

i in the set Πi, the policy πi maps every possible observation from O to a probability

distribution over the action space Ai [66].

As introduced in the previous section, RL algorithms can also be categorized

in different dimensions when applied to multi-agent scenarios. However, in MARL,

multiple agents make the structure of the training and the strategy of the agents’

actions more complex, thus introducing more categorization dimensions that need to

be decided on a case-by-case basis. The next few subsections list three categorization

settings that are relevant for scenario design.

3.4.1 Cooperative Settings vs. Competitive Settings

When a group of agents share a common reward signal and act with the objective of

maximizing it, such a scenario can be described as having a cooperative setting [53].

For example, if several agents simulating farmers aim to learn how to finish sowing

a plot of land quickly, they have no conflict of interest at this point, and shortening

the total elapsed time is their common goal. In a competitive scenario, on the other

hand, the agents each receive different reward signals and learn to maximize their

own reward signals, turning the scenario into a game. Maximizing their own interests

may be at the expense of other agents [53]. For instance, in the example of two agents

walking towards their destinations mentioned earlier in this section, agent A needs to

reach its destination as fast as possible while avoiding bumping into B. In order to

go around B, A needs to predict B’s possible behaviour and adjust its route, and the
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same is true for B. There are also scenarios where the two paradigms are mixed, such

as a soccer game where teammates on the same team are in a cooperative setting,

while two competing teams are in a competitive setting with one another.

3.4.2 Centralized vs. Decentralized

When categorized in terms of who makes decisions for the individual agents, the

learning procedure can usually be divided into centralized and decentralized settings,

and each of these methods has its own merits and demerits. Figure 3.1 depicts the

differences between these two types of algorithms. In centralized learning, a central

controller has access to the states and observations of all agents, and determines

policies for all agents [67]. The controller has a comprehensive view of the entire

environment, which allows it to obtain policies quicker given more necessary informa-

tion, but as the number of agents grows, the computational complexity also increases.

Furthermore, agents do not always communicate with each other, especially in many

real-world scenarios such as human crowds. In contrast, with decentralized setting,

agents train their own policies independently without exchanging information. Al-

though decentralized methods enable agents to adapt to changes quicker without

waiting for others, and the framework is more relevant to some cases in reality, the

problem of non-stationarity cannot be ignored. While an agent treats other agents as

part of the environment and try to learn based on its local observation, those other

agents are also changing the environment and learning. The policies of each agent

which determine their actions can update frequently so the training process becomes

complex and may even have the problem of non-convergence [55].

There are, of course, ways to compensate for the lack of stability while retaining

the advantages of decentralized learning. This research uses an approach called pa-

rameter sharing [56]. Each agent learns a policy independently, but all policies share

parameters, i.e., each agent has an identical neural network. In this way, each agent

only needs to deal with its own observations, and the whole training process only

needs to learn the number of parameters for one neural network, which alleviates the

non-stationary problem while reducing the overall computational cost.

3.4.3 Homogeneous vs. Heterogeneous Agents

There is another categorization that depends on whether the agents are identical or

not. For homogeneous agents, they usually have the same state space, action space,
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Actions Observations

Actions Observations

π
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Agent 1 Agent 2 Agent N

Actions Observations

π1 π2 πN
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Figure 3.1: Differences between centralized learning and decentralized learning. Fig-
ure (a) shows the framework of centralized learning, where the central controller
makes decisions for every agent based on shared observations. Figure (b) illustrates
the framework of decentralized learning, where there is no central controller and every
agent makes decisions based on its individual observations and its own policy. In the
case of a parameter sharing model, all agents share the same set of policy parameters,
which means that π1 = π2 = · · · = πN .

and reward functions, which means that they will react in the same way to the same

environment, such as soldiers in a formation at a military parade. Heterogeneous

agents, on the other hand, may have different action spaces or reward functions,

as they literally do. For instance, a synthetic crowd of people of different ages or

personalities may have various average walking speeds and stride lengths [66]. When

agents are homogeneous, they are relatively easy to train, whereas heterogeneous

agents are more likely to be flexible in different scenarios, despite the complexity of

their training.

3.5 Key Challenges in MARL Implementation

Although there is a large body of literature that continuously improves the algorithms

of RL to cope with various complex problems, there are still unavoidable challenges

in the field of RL today.
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3.5.1 Reward Engineering

One of the benefits of RL over supervised learning, which necessitates the preparation

of a large amount of accurate data to be used as criteria for judging, is that the

engineer designing reward signals does not need to be an expert on what makes a

correct action. To train a bipedal agent to walk toward its destination, for instance,

it is not essential to know the precise orientation and speed of the agent’s body or feet

at each moment. Instead, the agent is guided to gradually master the laws of action,

or the policy, by generating rewards based on the amount of time spent, the ability to

reach the destination and many other factors. However, with this advantage comes

the challenge of reward engineering.

One of the difficulties is that it is not easy to design rewards that match the

designer’s desire and ensure the agent do what it is supposed to do. In the case of

this study, if the agent is a particle that can only move in four directions at a fixed

speed, and there are no obstacles or multiple agents in the environment, training it

to reach the goal in the fastest possible time would only require considering a time

penalty and a reward for reaching the goal. However, a bipedal agent in a multi-agent

scenario requires much more complex considerations. How an agent moves its body

and feet, and whether it stops, slows down, or walks around an obstacle depends

not only on how much time it takes, but also on how much energy it consumes to

perform the action. Thus, its energy consumption, time, penalties for colliding with

obstacles and rewards for reaching its destination need to be balanced in order for the

agent to learn the desired decision-making policy. Otherwise it may obtain rewards

in unexpected ways. For example, when the penalty for collision is too small and the

reward for reaching the destination too large, the agent may prefer to hit the wall or

other agents in order to reach its destination.

Another problem is properly assessing the progress in reaching the goal. Assume

that an agent reaches its destination and receives the corresponding reward signal.

Although the last state-action pair when it arrives at the destination directly triggers

the reward signal, it is clear that the whole trajectory which contributes to this

result. However, since the agent is assigned random destinations, an agent may

spend different amounts of time and travel different distances to receive the reward

signal for reaching its target. This leads to the target reward being too sparse to

judge whether the agent’s progress toward the goal has improved.

To address these challenges, Sutton and Barto [53] proposed a number of ap-
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proaches, most of which were also utilized in this research. For example, we can tune

the reward function with a trial-and-error search until we get an ideal result. We can

also automate this search process by using an optimization algorithm to evaluate a

set of candidates with an objective function which represents the designer’s actual

intent. Admittedly, the large amount of computation required for trial and error is a

drawback of this approach.

One way to make the reward signal less sparse is to set rewards for sub-goals. For

example, in this project, a reward signal can be set for “the agent is closer to the

destination than it was a moment ago”, which is triggered at some point along the

way, so that the agent can learn the process of approaching the goal. The specific

design will be introduced later. However, there is a risk that the agent may focus

too much on the reward of the sub-goal and completely disregard the final goal. One

solution could be to set the reward value of the final goal to be significantly larger, so

that even if the reward can be obtained along the way, the agent still learns to obtain

the larger reward.

Another way to mitigate the problem posed by sparse rewards is reward shaping,

where some more frequent reward signals are added at first to speed up the training

process, and then the reward function is gradually changed back to the original one.

Although it can improve efficiency, designing these extra rewards in a reasonable way

poses a new challenge, and an improper design may slow down the training.

Last but not least, there is an approach to fundamentally avoid the dilemma of

reward engineering called imitation learning, i.e., mimicking the behaviours of the

expert. Although it sounds a bit like supervised learning, imitation learning involves

learning a policy to make a sequence of decisions, so it is still a form of RL. The

advantage of this approach is its efficiency and its ability to reduce the cost of trial

and error in designing the reward function, but it also means that the learned policy

will be limited by the performance of the expert. The agent will not be able to explore

better solutions than the expert’s behaviour, and it may not be flexible enough to deal

with different scenarios because the actions given by the expert are not generalized

enough.

3.5.2 Balancing Exploration and Exploitation

Another challenge that RL must face is balancing exploration and exploitation. As

mentioned in previous sections, in RL the agent learns a policy through interactions
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with the environment, so the agent needs to explore new actions to discover poten-

tially better options than those previously experienced. After accumulating sufficient

knowledge through exploration, the agent exploits this information to refine its pol-

icy by taking actions it believes will obtain the highest reward signals. If the agent

spends too much time exploring, training becomes inefficient. On the other hand, fo-

cusing too much on exploitation without adequate exploration may result in training

converging at local optimal solutions.

One of the common approaches to balance exploration and exploitation is the

epsilon-greedy algorithm[53], in which the agent spends most of its time exploiting

experience, with only a small probability ϵ that it will choose to explore. Another

widely used algorithm is softmax selection[53], where the agent chooses which action

to take based on the Boltzmann-distributed probability of the estimated state-action

value:

P (a) =
e

Qπ(s,a)
τ∑

b∈A e
Qπ(s,b)

τ

(3.27)

where τ refers to a parameter that determines the tendency to explore. High values

of τ lead to a more uniformly distributed probability across actions, indicating that

the agent tends to explore more, while low values of τ mean the agent is inclined to

choose the action with a high estimated state-action value.

3.5.3 Non-stationary Problem in MARL

The problem of non-stationarity in a multi-agent scenario has already been introduced

in section 3.4.2. As each agent adjusts its policy, it simultaneously changes the

environment’s dynamics for other agents. Every agent attempts to adapt to the

changing strategies and actions of other agents, and this type of behaviour leads to

further adaptations by others. In this vicious circle, agents are unable to converge

on a stable policy, which affects training efficiency. In addition to parameter sharing

mentioned in section 3.4.2, there are several more commonly utilized approaches to

mitigate non-stationary problems.

One method is Centralized Training with Decentralized Execution (CTDE) [34].

As the name suggests, a central controller is used in the training process to synthesize

the observations, actions and rewards from all agents to optimize a shared policy.

During the execution phase, each agent makes decisions independently based only on
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its own observations and the policy learned during training. The advantage of CTDE

is its operational efficiency during the execution phase. Compared to centralized

execution, this approach is more suitable for real-time scenarios that require quick

decision-making. However, centralized training still requires complex computations.

Furthermore, if information essential enough to influence decision-making can only

be obtained through a global view, the decentralized execution of the agent may not

be able to achieve excellent performance based on its own observation alone.

Another way to address this is to adjust the learning rate during training. Learning

rate, usually denoted as α, is a hyper-parameter that controls the speed at which

newly acquired experience changes existing policies. Traditionally, a higher learning

rate is used at the beginning of training to allow the agent to learn faster, and as

training proceeds, the learning rate can be decreased by linear decay, exponential

decay, etc., to slow down the policy updates, prompting a gradual convergence of

the policy. There are other ways of adjusting the learning rate, such as applying

Adaptive Moment Estimation (Adam)[27], which adjusts the learning rate for each

parameter in the policy according to the estimation of the first and second moments

of the gradients. While adjusting the learning rate can significantly mitigate the

problems associated with non-stationary environments, designing learning rates that

can accommodate both policy updates and stable learning remains a challenge.

3.6 Discussion

This chapter starts with the concept of an MDP, provides an introduction to the

nature of RL and the categorization of common algorithms, and then extends to

the multi-agent scenario, further introducing stochastic games and MARL, as well

as enumerating a number of categorizations in multi-agent scenarios in terms of the

dimensions of training architectures and decision-making strategies.

In order to address these problems, careful consideration and selection of appro-

priate algorithms and training structures are needed during the research process. In

this study, we chose to use the PPO algorithm, designed a competitive framework,

and used a shared-parameter training method, which will be described in detail in

the subsequent sections.
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Chapter 4

Biomechanical Modeling of Human

Bipedal Locomotion

This chapter introduces the biomechanical modelling of bipedal locomotion. By in-

troducing the concept of the 3D inverted pendulum model, it provides an intuitive

and straightforward to calculate the trajectory of the feet and centre of mass (COM)

as the agent takes each step, ensuring both realism in the synthesized crowd and

computational efficiency.

4.1 Introduction

The use of a bipedal model as an agent is one of the primary focuses of this study.

The analysis of human walking gait has been well studied, and bipedal movement

is far more complex than particle movement. When an agent is modelled as just

a particle, it is possible to easily determine its direction, speed, and duration of

movement, but that is the extent of the information. For instance, when a person

wants to change their orientation, it is nearly impossible to rotate in place without

moving their feet. At this point, a biomechanically-based model of bipedal locomotion

can compute how the movement of the two feet corresponds to the movement of the

body’s centre of mass (COM). However, for a particle-based agent, it either rotates

in place—which significantly reduces realism—or it simulates only the trajectory of

the body (i.e., the centre of mass), without accounting for other parts, like the feet,

potentially complicating the computation. For example, in a scenario where two

crowds of people meet and go in different directions, or where people meet head-on at
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a narrow entrance/exit, there may be a scenario where one foot of person A is located

between the feet of person B. In this case, A’s foot may be located beneath B’s body,

but they do not collide. The scenario described above cannot be accurately modelled

using a particle-based agent. In conclusion, the bipedal model contains much richer

information compared to the particle-based model and can more realistically simulate

human walking trajectories. This increased realism allows for more accurate decision-

making in gait planning.

It is important to understand the basic concepts of the human gait cycle, as

this will aid in comprehending the principles involved in constructing the bipedal

locomotion model required for this study. Human walking consists of a series of

repeated gait cycles, during which each foot alternately touches and leaves the ground.

One foot remains on the ground to support the body while the other swings forward in

the direction of walking, then touches the ground. At this point, both feet support the

body until the initial supporting foot leaves the ground, and the body once again relies

on a single foot for support. During this process, the human body, or COM, moves

vertically in the sagittal plane, laterally in the frontal plane, and with slight rotation

in the transverse plane, all coordinated with the lower limb movements. Although

the bipedal locomotion model used in this study simplifies the actual human walking

process, understanding the major phases of the gait cycle is crucial for recognizing

why the 3D inverted pendulum can be employed for analogy and analysis.

The biomechanical model used in this study, the 3D inverted pendulum model,

provides a simplified yet effective representation of the trajectory of the COM when

supported by a single foot. It assumes that the human centre of mass and this leg form

an inverted pendulum during the phase when the person is supported by a single leg.

Furthermore, as the centre of gravity shifts to the left and right sides of the body in the

horizontal plane during walking, the trajectory of the centre of mass during a segment

of inverted pendulum motion is projected onto the horizontal plane. This results in

a parabolic segment, which is approximated using a second-order Taylor expansion.

Simplified computation using a local coordinate system then provides the formula for

the COM trajectory in this study. To simplify the calculation while preserving the

basic characteristics of human gait, this study makes several assumptions, such as a

fixed distance between the COM and the feet, a fixed COM height, and the use of a

unified modelling framework to analyze the COM trajectory.

In the following sections, we first introduce the basic concepts of the gait cycle and

describe its main phases. Next, we present the concept of the 3D inverted pendulum,
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discuss the assumptions required to reduce computational complexity, and provide

a detailed derivation of the formulas used to calculate the COM trajectories in this

study, laying the foundation for practical applications in the later sections.

4.2 Fundamental Principles of Human Gait Cycle

The process of human walking can be summarized as a repetition of the gait cycle,

which refers to the time duration from one certain walking event to the next time

when it is repeated. As shown in the Figure 4.1, for instance, suppose a gait cycle

begins when the left heel just touches the floor, which can be defined as an initial

contact [64]. With the left foot fully on the ground, the right foot pivots on its front

and lifts. After the right toes leave the ground, the right limb swings toward the

direction of movement and strikes the ground with its heel. Following this, the right

limb replicates the movements of the left one and vice versa. Finally, the gait cycle

ends right before the left initial contact happens again.

Left Stance Phase Left Swing Phase

Left single support
Double 
support

Double 
support

Right single support
Double 
support

Right Swing Phase Right Stance Phase

Left initial contact

Right initial contactRight toe off Right toe off

Left initial contactLeft toe off

Left leg

Right leg

Figure 4.1: Normative human bipedal gait cycle.

The gait cycle includes two major phases: stance, when the foot touches the

ground; and swing as the foot moves forward [6]. The COM is supported by two

feet when they are both on the ground, while in the single support phases, one of the

limbs swings in the air.



34

Figure 4.2 depicts terms describing foot placements in the field of gait analysis.

Stride Length refers to the distance between two consecutive placements of the same

foot, while Step Length is the distance between two successive placements of different

feet.

Step Length

Stride Length

Left

Right

Figure 4.2: Step length and stride length in normative human bipedal gait cycle.

4.3 Mathematical Framework for 3D Inverted Pen-

dulum Model

The locomotion of an agent in this study is formulated on the idea of a 3D linear

inverted pendulum[24]. This section will explain the definition of a gait cycle and the

inverted pendulum model, and go into depth about the math.

4.3.1 Model Simplification and Key Assumptions

Before delving into the concept of the 3D inverted pendulum model, it is important to

emphasize a few assumptions that this research introduces to reduce computational

complexity.

Firstly, this study presupposes that the length of the leg stays unchanged. People

frequently bend their knees in the gait cycle, leading to slight adjustments in the
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length between their COM and feet. Following the analogy of the inverted pendulum

model, we ignore the change in leg lengths based on a small-angle approximation.

Secondly, this research assumes that the COM remains at a fixed height. During a

gait cycle, the COM, which is approximately aligned with the height of the hip from

the ground, fluctuates when the walking posture changes. As the variation in height

is relatively small, the trajectory of the COM is calculated by projecting it onto a 2D

horizontal plane, and for the purpose of simplifying both agent movement animation

and computations, this assumption is made in this study.

Thirdly, the 3D inverted pendulum model only analyzes the COM trajectory dur-

ing the single support phase, whereas the trajectory during the short period of double

support phase may be smoother and would need to be calculated in some other way.

In this research, we use a unified modelling framework that ignores the mathematical

expression for the double support phase and use only the formulas derived from the

3D inverted pendulum model.

4.3.2 Derivation of the 3D Inverted Pendulum Dynamics

The inverted pendulum model is an appropriate analogy to represent the dynamics of

bipedal locomotion [29]. As shown in Figure 4.3, in this model, when the pelvis is in

a single support phase, the stance leg is comparatively straight, so the COM can be

considered as oscillating around the stance foot like an inverted pendulum when the

opposite foot swings. As the COM rises and falls, its trajectory in the sagittal plane

resembles a sequence of circular arcs [42]. Furthermore, from the perspective of the

transverse plane, when one foot initially contacts the floor, the COM begins to move

laterally toward that side and reaches maximum lateral displacement at the midpoint

of that foot’s stance, then starts to shift toward the other side. The movements

repeats, so the COM trajectory appears as a sinusoidal curve [39].

As a result, combining the trajectories from these two planes indicates that the

actual COM trajectory is a multidimensional curve. In this study, the movement of

COM is considered as a 3D linear inverted pendulum model[24], and this curve will

be projected onto the 2D horizontal plane and approximated by parabolas.
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Single Support Phase
Beginning
Middle
End

COM Trajectory on the Sagittal Plane

Figure 4.3: COM movements on the sagittal plane during the single support phase
based on the inverted pendulum analogy. The black horizontal line represents the ball
of the foot, while the long vertical lines in red, black, and blue indicate the beginning,
middle, and end of the leg during the single support phase. The yellow dotted line
represents the COM trajectory, which moves up and down like an inverted pendulum
as the leg rotates.

Suppose a limb is in its single support phase, and construct a 3D coordinate

system originating from its foot, then the leg can be treated as a mass-less pole with

length r, and the point p = (x, y, z) on its tip is considered as the COM with mass m.

As the inverted pendulum rotates around the origin, the position of p is determined

by a set of state variables s = (θ, ϕ, r), as shown in Figure 4.4.

x = r sinϕ (4.1)

y = −r sin θ (4.2)

z = rD (4.3)

D =

√
1− sin2 θ − sin2 ϕ (4.4)

The Jacobian matrix J , describing how small changes in s would affect p, is then

defined as:

J =
∂p

∂s
=

 0 r cosϕ sinϕ

−r cos θ 0 − sin θ

−r cos θ sin θ/D −r cosϕ sinϕ/D D

 (4.5)

Accordingly, J−1 indicates how small changes in position p in Cartesian coordinates

would change the state variables s.
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Figure 4.4: 3D inverted pendulum

Then, consider (τθ, τϕ, f) as the actuator torques and force corresponding to s =

(θ, ϕ, r), which would affect the acceleration of COM in a Cartesian coordinate system.

With these torques, force, and gravity, the equation of motion is:

m

ẍ

ÿ

z̈

 = (JT )−1

τθ

τϕ

f

+

 0

0

−mg

 (4.6)

where ẍ, ÿ and z̈ denotes accelerations along x, y, z axes and g is the gravity acceler-

ation.

For ease of calculation, both sides of Equation 4.6 are pre-multiplied by JT :

m

 0 −r cos θ −r cos θ sin θ/D
r cosϕ 0 −r cosϕ sinϕ/D
sinϕ − sin θ D


ẍ

ÿ

z̈

 =

τθ

τϕ

f

−mg

−r cos θ sin θ/D−r cosϕ sinϕ/D
D


(4.7)

For the first row in Equation 4.7, multiply both sides by D/ cos θ and we can get:

m(−rDÿ − r sin θz̈) =
D

cos θ
τθ + r sin θ −mg (4.8)

Using Equations 4.2 and 4.3 to substitute some of the terms in the equation, the
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dynamics along the y-axis can be summarized as:

m(−zÿ + yz̈) =
D

cos θ
τθ −mgy (4.9)

Similarly, using the second row in Equation 4.7 with Equation 4.1 and Equa-

tion 4.3, we derive an equation that describes the dynamics along the x-axis:

m(zẍ− xz̈) =
D

cosϕ
τϕ +mgx (4.10)

In this study, the agents are constrained to walk on a flat plane. Based on the

assumption in Section 4.3.1, suppose the movement of the COM is on a plane with

a normal vector (kx, ky,−1), and the plane intersects the z-axis at z = z3, then the

plane can be represented as:

z = kxx+ kyy + z3, (4.11)

and the second derivatives of (4.11) is:

z̈ = kxẍ+ kyÿ. (4.12)

With these constraints applied to Equations 4.9 and 4.10, and defining:

µtheta =
D

cos θ
τθ, (4.13)

µphi =
D

cosϕ
τϕ, (4.14)

for input-nonlinearity compensation, we get:

ÿ =
kx
z3

(ẍy − xÿ)− 1

mz3
µθ +

g

z3
y (4.15)

ẍ =
ky
z3
(xÿ − yẍ) +

1

mz3
µϕ +

g

z3
x (4.16)

In this study, the agents walk on a horizontal plane, so kx = ky = 0. Additionally,

there is no torque applied to the COM because the agents move using passive dynam-

ics, so τθ = τϕ = 0, and correspondingly, µtheta = µphi = 0. Finally, the assumptions in

Section 4.3.1 indicate that z3 = r. As a result, the updated Equations 4.16) and 4.15

are:
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ẍ =
g

r
x (4.17)

ÿ =
g

r
y (4.18)

We can observe that Equations 4.17 and 4.18 are homogeneous second-order dif-

ferential equations, which can be solved by solving their characteristic equation. Con-

sider Equation 4.17 as an example: the solutions of its auxiliary equation a2 − g
r
= 0

are a = ±k, where k =
√

g
r
. Thus, the general form of the solution to x(t) is:

x(t) = c1e
kt + c2e

−kt (4.19)

and its first derivative describing velocity:

ẋ(t) = c1ke
kt − c2ke

−kt (4.20)

Along x-axis, given an initial position x(0) = x0 and related velocity ẋ(0) = vx0 , c1

and c2 can be solved and the solution of x(t) is:

x(t) =
(kx0 + vx0)e

kt + (kx0 − vx0)e
−kt

2k
(4.21)

By using a second-order Taylor approximation, it is simplified to:

x(t) = x0 + vx0t+
1

2
x0k

2t2 (4.22)

and we can get y(t) in a similar way:

y(t) = y0 + vy0t+
1

2
y0k

2t2 (4.23)

Equations 4.22 and 4.23 approximate a parabolic curve on 2D plane in the form of

parametric representation. To make it easier to calculate and analyze, and meanwhile

retain the characteristics of a 2D parabola, we set up a local coordinate system and

express this curve with the simplest parabola formula, as mentioned in [52]:

x(tl) = vlxtl (4.24)

y(tl) = αt2l (4.25)

ẋ(tl) = vlx (4.26)
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ẏ(tl) = 2αtl (4.27)

where α is a non-negative coefficient defining the parabola’s curvature, and the super-

script l denotes parameters in the local coordinate system. The local time parameter tl

represents the re-parameterized time in this coordinate system. Figure 4.5 illustrates

how this local parameterization relates to the world space trajectory for consecutive

left and right steps. The original curve is transformed and re-parameterized as a

canonical parabola in the local coordinate system, allowing efficient computation of

global positions through coordinate transformation.

World Space Local Space

y=αt2 (x, y)
(ẋ, ẏ)

(a) (b)

Figure 4.5: Step trajectories in world and local space [52]. (a) World space represen-
tation showing foot positions and COM trajectories for consecutive steps. The dashed
line indicates the COM trajectory during the left step, and the solid line during the
right step. (b) Local space representation of the right step.

4.4 Discussion

This chapter presents a biomechanical model for bipedal locomotion based on the

3D inverted pendulum concept. The model simplifies the complex human gait cy-

cle by projecting the trajectory of the centre of mass (COM) onto the horizontal

plane, representing it as a curved segment approximated by a parabolic equation.

This approach provides a biomechanically sound and computationally efficient way

to simulate human-like movement. The integration of this model with the MARL

framework, which will be discussed in the next chapter, forms a vital component of

this study.
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Chapter 5

Learning to Step in Multi Agent

Environments

Building on the theoretical foundation established in the previous chapters, this chap-

ter transitions into practical application by detailing the creation of the agent model

for this study, the algorithms used to generate the training environment, the selection

and application of the PPO algorithm within the MARL framework, and the con-

struction of a function to compute the agent’s bipedal locomotion using the neural

network’s output.

5.1 Introduction

In this work, many agents were dropped into a randomly constructed maze and in-

structed to navigate in the direction of a specified destination point while learning

to avoid collisions. Every agent in this study has the same body size, activity plan,

and biomechanical limitations. The introduction of diversity, such as considering

agents with mobility disabilities, will be discussed in a future study. In this study,

the mean height and weight values for Canadians were used for the agents, along

with corresponding mean values for the proportions of major body parts, such as

shoulder width and leg length. For natural walking, the mean step speed was used as

mentioned in [64]. The training environments in this study were randomly generated

mazes, with complexity and density controlled by two parameters. New environments

were randomly generated as the training progressed to prevent overfitting.

The decision to use the PPO algorithm in this study is based on its robustness
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in handling dynamic environments and continuous action spaces. According to the

taxonomy of RL algorithms introduced in Chapter 3, PPO is a model-free, on-policy,

policy-based algorithm. For a study like this, where there is no existing model ref-

erence and both the environment and action space are complex, these properties

make PPO highly suitable. In addition, this study uses the decentralized learning

framework mentioned in Section 3.4.2 and implements parameter sharing, meaning

all agents share the same set of policy parameters, but each agent has access only to its

own observations of the environment and makes independent decisions. This frame-

work reduces computational requirements compared to centralized learning, which

relies on a central controller to consolidate the observations of all agents to make de-

cisions. Moreover, it enhances the stability of policy updates by sharing parameters.

In addition, the tuning of the reward function is a major challenge in the field of RL.

In this study, alongside considering rewards and penalties for time spent, collisions

with obstacles, and reaching the destination, we also incorporate the energy formula

proposed in [52] when designing the reward function, ensuring that the agent’s policy

adjustments are as realistic as possible.

The platform used for training in this study is Unity, and the ML-Agents toolkit

was utilized [22]. This toolkit conveniently allows the selection of the PPO algorithm,

adjustment of hyperparameters for training, and configuration of the observation and

action spaces for each agent. The output of the neural network obtained using this

toolkit is a vector representing the agent’s actions. The values of the individual

elements in this vector need to be linearly transformed to obtain the variables required

for this study, such as the agent’s speed, step duration, and so on. After obtaining

the variable values through the AI model, the 3D inverted pendulum model is used

to calculate the specific movements of each agent’s feet and COM, which will be

explained in detail in this chapter.

This chapter will first introduce the modelling of the agents, including the dimen-

sions of the main body parts, the simulation of the field of view, and the biomechanical

constraints. Next, it describes the mathematical formulation of steps in our frame-

work, introducing the model parameters and derivation methods needed to generate

agent locomotion. Then, it details how these parameters are used to compute tra-

jectories for both the agent’s COM and feet movements. After explaining the agent

model construction, this chapter discusses the training methodology in depth. First,

the Proximal Policy Optimization (PPO) algorithm and its integration with param-

eter sharing are presented, along with the rationale for its selection. This is followed
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by a description of the procedurally generated training environment and maze algo-

rithm, and then a detailed explanation of the observation space, action space, reward

function, and hyperparameter settings used in this research.

5.2 Agent Physical Model and Constraints

This section begins with a description of the agent’s body size and the colliders that

constitute the model, followed by a biomechanical explanation of the constraints on

speed, footfall amplitude, and foot orientation during walking. Finally, the agent’s

field of view, which is a straightforward system with multiple resolutions, is intro-

duced.

5.2.1 Anthropometric Parameters and Body Structure

In this study, all agents share the same physical model size, which means that their

height, weight, shoulder width, leg length and the structure of the field of view are the

same. In future works, when diversity is introduced in further study, these elements

may vary.

Since FootStepRL emphasizes the trajectories of agents’ bodies and feet, the phys-

ical model of an agent is concisely composed of three main parts: body, left foot and

right foot. As shown in the Figure 5.1, the body of an agent is a capsule with a

collider equal in size to its appearance. The cuboid located on the upper side is only

a decoration for indicating the orientation of the agent, so it does not have a collider,

and its position is not crucial.

The centre of the capsule is treated as the agent’s COM; therefore, the leg length

is the distance from the centre of capsule to the ground. Since the centre of the

capsule representing the torso is to be used to correspond to the COM, the distance

from the highest point of this capsule to the ground does not equal the actual human

height. The length of this capsule does not affect the training results because the

agent’s field of view does not start at the position of the “human eye”.

According to the latest data available provided by NCD Risk Factor Collabora-

tion (NCD-RisC)[7], in 2019, the average height of 19-year-old males in Canada was

178.7 cm, while Canadian females at the same age are 164.7 cm tall on average. So

the agent height h is determined by the approximate mean value of the two, that

is, 1.7m; in the program, it corresponds to 1.7 units. According to the Body Mass
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COM

90 cm 90 cm 90 cm

170 cm 170 cm

θ

Figure 5.1: Human 3D model and agent representation, as well as the colliders of the
human agent. The body consists of a capsule with a radius of 0.17m. The centre
point of the capsule represents the position of the COM, which is 0.9m above the
ground. The cube on the capsule body are used to cue the agent’s orientation, and
do not represent the actual eye positions. The feet of the agent are represented by
two capsules. The rightmost figure displays the three capsules that form the agent’s
collision body.

Index (BMI) range (18.5 kg/m2 − 24.9 kg/m2) for normal weight defined by World

Health Organization[40], this research uses the average of the range to get a reason-

able weight, which is approximately 62 kg.

In accordance with the general body proportions for males and females in relation

to their height, calculated by Renato Contini[9], some body segment sizes can be

derived. The proportion for each segment differs slightly between males and females,

so this research takes their average. For the capsule relative to the human body, the

cylinder radius corresponds to the shoulder radius, which is about 0.1× h = 0.17m.

Similarly, distance from COM to the ground is equal to 0.53× h ≈ 0.9m. As for the

agent’s feet, the capsules used to represent them have a cylinder radius of 0.02× h =

0.034m long and the total length of a foot capsule (calculating by adding the cylinder

height and twice the cylinder radius) is 0.15 × h = 0.255m. When an agent is in a

standing position, the distance from the centres of both capsules representing the feet

to the body’s mid-line equals the radius of the capsule representing the body.

In this research, agent movements are expressed by parabolic segments and cor-

responding foot placements. For example, a parabolic segment protruding to the

right side of the body depicts the trajectory of the COM during the stance phase
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of the right foot, and vice versa, so the terms from gait analysis, such as stride and

step, cannot precisely describe these curves. Therefore, we define s as a step unit

representing one parabolic curve, where sL and sR denote left and right step units,

respectively, indicating which foot is in its stance phase.

Vinit Φ

Φf

-d

A

Vinit Φ

-d

C

VinitΦ

-d

BD

Φf

(a) (b)

Figure 5.2: Left and right step in local space. (a) For sR, the COM trajectory begins
at point A and ends at C. (b) For sL, the COM trajectory begins at point B and
ends at D.

Figure 5.2 shows right and left steps in the local space. Regardless of the shape of

the parabola, the related foot is always placed at (0,−d), where d equals half of the

shoulder radius, which in this research refers to the cylinder radius of the agent body.

ϕf represents the foot orientation measured measured between the foot’s midline and

the x-axis.

5.2.2 Biomechanical Movement Constraints

The research focuses on agents walking at their free speeds. The study models agents

based on typical adults, and to generalize across genders, the parameters such as

weight, height and body size are determined by averaging data from human adults.

The related biomechanical constraints are thus also affected by average values within

genders.

Speed Range

The Principle of Least Effort (PLE)[15], which assumes that an organism would nat-

urally choose to take actions that involve the least amount of energy expenditure,
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serves as the basis for the walking speed limits in this study. In line with previous

studies on human gait analysis[64], the average walking speed on a flat, obstacle-free

terrain for an adult without mobility problems is established at 1.33m/s. Consider-

ing the different situations in the real world that human crowds have to deal with

when walking, and the dynamics of the corresponding MARL training environments,

the agents are supposed to be capable of modifying their speeds according to their

walking strategies. Therefore, the scalar value of the initial speed of each step, vinit

in Figure 5.2 (a), is set in range [0, 2×1.33 = 2.66]m/s to accommodate situations in

which agents might need to stop or accelerate. The benchmark of 1.33m/s represents

the horizontal speed on a macroscopic perspective, abstracting away the details of the

rise, fall and tilt of the COM, which is similar to the motion of an inverted pendu-

lum. On the other hand, this research approximates COM trajectory by projecting

it onto the horizontal plane as segments of parabolas, simplifying the minor velocity

fluctuations caused by the up-and-down undulations. Although the microscopic ve-

locity of COM, i.e., the slope of the parabola, varies from moment to moment at each

location, the macroscopic average speed is closely related to this established average,

which explains why this research sets vinit in this way.

Angle Between Legs

When walking naturally, humans maintain a relatively stable step length that may

decrease when slowing down or stopping. Therefore, agents in this study need to learn

to keep their step lengths within an appropriate range. The length of each step in

this study is defined as the span of its parabolic trajectory - specifically, the distance

between the start and end points of the parabola segment. According to [64], the

average step length ls for young adults is 0.73m. Hence, if a step length exceeds ls,

the agent receives a penalty.

Foot Orientation

The foot orientation angle ϕf is signed, considered positive when the foot rotates

outward from the midline of the body, and negative when it rotates inward. Figure

5.2 shows examples of ϕf for a right step and a left step in the local space. This study

assumes that during casual walking, the foot orientation aligns with the direction of

body movement - that is, parallel to the x-axis of the local coordinate system.
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5.2.3 Multi-Resolution Synthetic Vision System

The human eye recognizes objects in the environment by capturing light, while the

agent in this study emits rays outward from an egocentric perspective to detect any

obstacles. Let Ω represent the set of all such rays that constitute the field of view

(FOV), consisting of rays in both transverse and longitudinal directions. Although

the FOV simulates human vision, it is not strictly equivalent, so the rays do not

emanate from a human-eye-like position.

The horizontal rays are supposed to sense distant, large items. For the purpose

of this study, such entities include the bodies of other agents and walls that are

taller than the agent’s COM, ensuring that they are detectable even when rays are

projected from the agent’s COM. The set Ωh consists of 18 rays, each 3m long and

evenly spaced, assembling into a sector shape that spans 160◦. For each ray r ∈ Ωh,

two values are stored: its direction vector vr and a normalized distance to obstacle

ηh:

ηh =
do
rf

(5.1)

where do denotes the distance from a ray’s starting point (COM) to the obstacle, and

rf is the full length of the ray. If there is no obstacle detected, ηh = 1.0.

Accordingly, the task of the vertical rays is to discern obstacles closer to the

agent, which in the context of this research are other agents’ bodies and feet. In

comparison to Ωh, the set of vertical rays Ωv produces more detailed results through

denser arrangement. For each ray in Ωh, there are four vertical rays aligned along

its length. Given how Ωh splits the sector-shaped field into 17 equal intervals, the

distance between vertical rays along one horizontal ray is determined by dividing the

sector radius by 17, ensuring a consistent and logical spacing. Furthermore, these

rays originate from a position higher than the agents and shoot downwards, ensuring

that they can detect other agents’ bodies. Using the projection of an agent’s COM

onto the x-z plane as the origin of a local coordinate system, the local positions of

the projections of each vertical ray onto the same plane are recorded. For each ray

r ∈ Ωv, the normalized distance ηv is calculated:

ηv =
do
dg

(5.2)

where dg denotes the length of the ray to the ground. Moreover, to simulate human

vision, for rays aligned with the same horizontal ray, if a vertical ray closer to the



48

agent encounters an obstacle with a height of ho, and a farther ray either detects no

obstacle or catches one with a height less than ho, the corresponding ηv for the farther

ray is set to zero, reflecting the blind spot in human vision.

Figure 5.3: The field of view (FOV) extent is represented by a sector with a white
border. Rays are shown in red when they detect an obstacle. The image on the left
displays several horizontal rays detecting walls, while the image on the right shows
vertical rays close to the agent detecting obstacles. When no obstacles are detected,
only the starting point of the ray is displayed as a white dot. If a tall obstacle is
detected, its height is evaluated to determine if it creates a blind spot by blocking
the view of objects behind it. In such cases, the area behind the obstacle becomes a
blind spot in the agent’s field of view, indicated by a red dot.

The whole FOV is rendered in real time in the program. As shown in the Fig-

ure 5.3, the outline of the sector is drawn with white line, and the starting points of

vertical rays are plotted in white. Rays that hit an obstacle are drawn in red, and for

a vertical ray in blind spot, its starting point turns red.

5.3 Bipedal Motion Parameterization

Building on the 3D inverted pendulum model and the parabolic approximation of

gait trajectories introduced in Chapter 4, this section presents the mathematical

framework for generating agent steps. It introduces two key components: the step

parameter set s that defines the agent’s state during each step, and the motion spec-

ification µ that determines how the step is executed. The section then details the

algorithmic process that computes these parameters.
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5.3.1 Footstep Parameter Space

The trajectory of each step is defined by a set of parameters that describe the agent’s

state, motion characteristics, and coordinate transformations. Table 5.1 presents the

complete parameter space.

Table 5.1: Footstep Parameter Space

Parameter Description

State

Parameters:

p Position vector of COM at step end

v Velocity vector of COM at step end

σ ∈ {L,R} Step side indicator (Left or Right)

pf Position vector of stance foot

df Direction vector of stance foot

Motion

Parameters:

v0 Initial speed of COM

ϕ Angle between initial velocity and x-axis

ttotal Step duration

∆ϕf Change in foot orientation from previous step

Auxiliary

Parameters:

vlx Initial x-velocity in local space

α Parabolic trajectory coefficient

T = (xT , yT ) Translation vector for local-world conversion

ϕw World space orientation angle

ttrans Orientation transition duration (1
5
ttotal)

Let st represent the parameter set for step t. The next step st+1 is computed as

a function of the current step st and motion parameters µ:

st+1 = f(st, µ) (5.3)

For the initial step s0, this study defines default parameters with the agent starting
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from rest:

s0 = {p = p0,v = 0, σ = R,pf = pf0,df = 0, α = 0,T = 0, ϕw = 0, ttrans = 0}

where p0 is the initial COM position and pf0 is the initial right foot position.

5.3.2 Asymmetric Step Parameterization

The computation process varies slightly between left and right steps. As shown in

Figure 5.2, while the parabolic segments are equivalent, their parameterizations differ.

Both share the same duration ttotal, angle ϕ between initial velocity and x-axis, and

initial speed magnitude v0. In the local coordinate system, with the stance foot at

(0,−d), the trajectories are defined as follows: For a right step (σ = R) starting at

point A and ending at C, the initial velocities are:

vAx = v0 cosϕ (5.4)

vAy = −v0 sinϕ (5.5)

For a left step (σ = L) starting at point B and ending at D, initial velocities are:

vBx = −v0 cosϕ (5.6)

vBy = −v0 sinϕ (5.7)

While both steps share the time interval [0, ttotal], their local time parameterization

tl differs on the step type. For actual time ta, the local tl for right steps is:

tl = ta −
ttotal
2

(5.8)

while the local tl for left steps is:

tl =
ttotal
2
− ta (5.9)

5.3.3 Step Generation Implementation

Given the asymmetric parameterization described above, this section presents the

algorithm for generating successive steps. While the process varies slightly between
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left and right steps, the right step generation is described as a representative example.

Algorithm 1 details how a right step st+1 is computed from a left step st and motion

parameters µ.

Algorithm 1 Compute Next Step Parameters

Require: Previous step velocity vt, initial speed v0, orientation angle ϕ
Ensure: Next step parameters st+1

1: Calculate initial velocity in world space:
2: vinit ← f(vt, v0)
3: Compute initial velocity in local space:
4: vl ← (v0 cos(ϕ),−v0 sin(ϕ))
5: Set vlx ← vlx
6: Calculate parabolic coefficient α using Equation 4.27
7: Compute initial COM position in local space:
8: pl ← f(α)
9: Determine world orientation:
10: ϕw ← f(vl,vinit) ▷ vinity constant on horizontal plane
11: Compute translation vector T:
12: Using:
13: • ϕw (new orientation)
14: • pl (initial COM position)
15: • px, pz components of pt+1

16: Calculate endpoint parameters in local space:
17: pend

l ← (−plx , ply)
18: vend

l ← (vlx ,−vly)
19: Transform pend

l and vend
l to world space

20: For right foot:
21: Compute position pf

22: Calculate direction df using previous orientation and ∆ϕf

23: Update step parameters:
24: Set σ ← R
25: Set ttrans ← 1

5
ttotal

26: return st+1

5.4 Motion Synthesis System

This section examines how the position and orientation of an agent’s COM and feet

are updated during simulation, using a right step as an example. Consider consecu-

tive steps sLt and sRt+1 representing a left step followed by a right step, with motion

parameters µ such that sRt+1 = f(sLt , µ).
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5.4.1 Center of Mass Trajectory Generation

The COM position p(s, tl) in 3D world space is computed as a function of the current

step parameters s and local time tl. The local time is derived from actual time ta and

depends on the step side σ:

tl =

ta − 1
2
ttotal, if σ = R

1
2
ttotal − ta, if σ = L

(5.10)

The COM position in local coordinates is calculated as follows:

xl = vlx · tl (5.11)

yl = α · t2l (5.12)

These local coordinates are then transformed to world space using:

pw =


xw

yw

zw

1

 =


cos(ϕw) 0 sin(ϕw) xT

0 1 0 0

− sin(ϕw) 0 cos(ϕw) yT

0 0 0 1



xl

yw

yl

1

 (5.13)

where yw is kept constant to maintain horizontal COM movement. The world coor-

dinates are thus:

xw = xl cos(ϕw) + yl sin(ϕw) + xT (5.14)

zw = −xl sin(ϕw) + yl cos(ϕw) + yT (5.15)

5.4.2 COM Orientation Control

The agent’s orientation changes gradually to align with its movement direction, de-

fined by the vector from the parabola’s start to end point. his reorientation occurs

through linear interpolation, beginning when 20% of the step duration remains in

step sLt (at tLtrans) and completing at tRtrans in step sRt+1, as shown in Figure 5.4a.

5.4.3 Foot Placement and Orientation Updates

To maintain computational efficiency while focusing on trajectories, foot translations

are implemented using linear interpolation, omitting detailed leg animations. For
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20% of
left step

20% of
right step

World Space

World Space

(a) (b)

Figure 5.4: Figure (a) shows that the COM begins a reorientation of facing with 20%
of the total time remaining in the previous step sLt and completes the facing shift just
after the next step sRt+1 has travelled 20% of the total time. Figure (b) shows that
the agent collects a set of observations at the beginning and the middle point of a
left step, and the beginning and the middle point of the next right step, marked with
stars.

example, the right foot maintains its position until 50% of the duration of step sLt

has elapsed, then linearly interpolates to its new position pf and orientation df , as

defined by sRt+1, by the end of step sLt .

5.5 MARL Training Implementation

5.5.1 Proximal Policy Optimization Algorithm Configuration

The choice of RL algorithm largely determines the accuracy, stability and efficiency

of the training process. This research employs the Proximal Policy Optimization

(PPO) algorithm [48], which is a model-free, on-policy algorithm that extends policy

gradient methods. Standard policy gradient approaches often encounter frequent or

excessively large updates, which results in unstable training. To address this issue,

PPO introduces a clipped surrogate objective function:

LCLIP(θ) = Êt

[
min

(
ρt(θ)Ât, clip (ρt(θ), 1− ϵ, 1 + ϵ) Ât

)]
(5.16)

where LCLIP(θ) refers to the clipped objective function corresponding to the policy

parameter θ, Êt[. . . ] denotes the empirical expectation of a set of sampled data at
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time t. Ât is an estimator of the advantage function at time t, indicating how much

better or worse an action is compared to the average action in that state. We use

estimators for Ê and A since it would be computationally impossible and inefficient

to calculate these values precisely across potentially infinite states and actions. The

ratio ρt(θ) is defined as:

ρt(θ) =
πθ(at|st)
πθold(at|st)

(5.17)

which equals the probability of taking action at in the state st under the new policy

πθ compared to the probability under the old policy πθold . ϵ is a hyperparameter that

limits the policy update extent, and the function clip() bounds the value of ρt(θ)

in the range [1 − ϵ, 1 + ϵ]. The policy gradient is the derivative of LCLIP(θ) with

respect to θ, and the policy πθ is updated through stochastic gradient ascent (SGA)

[5]. Specifically, data collected from the agent’s interaction with the environment is

strategically divided into n mini-batches. For each mini-batch, the PPO algorithm

computes the clipped surrogate objective function and the corresponding policy gradi-

ent. Then, these gradients are aggregated—typically through averaging—to produce

a single gradient that is used to update the policy parameters. This aggregated gradi-

ent reflects the overall best direction for adjusting the policy parameters, considering

all available sampled data under the current policy. Using this mini-batch approach

improves the stability of policy changes and makes computing enormous datasets ef-

ficient. It also guarantees diversity in the training process because each update is

derived from several batches of data.

PPO limits the magnitude of each update to the policy with a simple clipping

mechanism, which improves stability and lessens the possibility of abrupt changes.

Moreover, the use of an advantage function in the objective function ensures that

the update is related to the relatively optimal action under the current policy. Fur-

thermore, the objective function’s minimization aspect balances exploration with ex-

ploitation. According to the experiments in the paper [48], PPO is proven to perform

better than other online policy gradient methods.

5.5.2 Procedurally Generated Training Environments

The study uses a maze algorithm with density and complexity parameters that can

be adjusted to generate different types of environments in a way that affords domain

randomization in the navigation problem. Henceforth, we shall designate this gener-
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ated space as the training environment. It is essential to note that all objects in the

training environment, such as the walls and the agents, are non-physical and only have

collision detectors that are the same shape as they are. Because of this design decision,

the agents are not able to physically adjust their routes upon collision, which might

cause unintended behavioural changes during training and complicate the training

process. Rather than being prohibited from passing through these objects, agents are

rewarded negatively each time they collide with obstacles, which encourages them

to develop avoidance strategies. Nevertheless, as there are no physical barriers to

prevent the agents from wandering out of the training environment, this could lead

to unpenalized exploration, confusing the training process. To address this issue, a

thick, virtual barrier encircles the environment’s edge. Even if this barrier is still

passable and non-physical, it has a collision detector that can constantly penalize the

agents for trying to cross it, thus gradually teaching the agents to stay inside the

environment’s bounds and reducing the risk of interference with the training process.

The algorithm is a variant of Prim’s algorithm [43], which is a greedy algorithm

for determining a minimum spanning tree for a weighted, directed graph. In this

algorithm, the environment dimensions are modified to guarantee that the width and

length of the environment have an odd number of cells each. Such an arrangement

makes it easier to calculate and build the walls and paths inside the environment.

The algorithm begins by converting user-defined density and complexity, which are

floating-point numbers within a range of [0, 1], into practical integer values, denoted

as n and p. Here, n represents the number of distinct sections within the environment,

which we also call islands. p corresponds to the number of wall sections within each

island, with each section consisting of three connected cells.

The training environment is structured as a 2D array M , with each cell initially

set to zero, indicating open paths. The exterior wall of the environment is represented

by the perimeter cells of the array, which are set to one. To avoid confusion during

training, additional thick walls are manually added adjacent to these borders in the

training environment, ensuring that the agents will be penalized accordingly if they

walk out of the environment.

A sequence of steps that define the islands and their enclosures comprise the inte-

rior structure of the environment. For each island, an initial cell with even coordinates

is randomly selected as the starting point of a wall section. Then the algorithm locates

potential “neighbouring cells”, which are two steps away in each cardinal direction.

One of these “neighbours” is randomly chosen, and it becomes the endpoint of the
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Figure 5.5: An overview of the training environment, which is a 101 × 101m2 with
complexity of 0.1 and density of 0.03. The picture in the lower left corner shows the
A* path and the waypoints of an agent.

wall section only if its value is zero, otherwise it may result in duplicate wall genera-

tion or the formation of an impassable closed space. Once a valid endpoint has been

found, the values of this cell and the cell between it and the starting point become one,

after which the process is repeated with this endpoint as the new starting point. This

procedure is done p times for each island, and after completing this cycle n times, the

environment will be filled with islands of a particular density and complexity. The

pseudo-code for this maze-like training environment generation approach can be seen

in Algorithm 2.

As shown in Figure 5.5, the training environment is constructed on a 101×101m2

flat plane, which is divided by 101 unit cells, each of which is of size 1×1m2. The walls

in the training environment are 3m high and 0.2m thick. Each piece of the wall is

built from the centre of a unit cell. According to the training environment generation

algorithm, one wall segment occupies 3 unit cells, so the narrowest corridor is 1.8m

wide. At the beginning of a training episode, a training environment with user-defined
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Algorithm 2 Generate Maze-like Training Environment

Require: width, height, complexity, density
Ensure: Maze grid M as a 2D array

Note: Borders are not initialized here as they are manually added to ensure
thickness.

1: shape← ((height//2)× 2 + 1, (width//2)× 2 + 1)
2: p← int(complexity × (5× (shape[0] + shape[1])))
3: n← int(density × ((shape[0]//2)× (shape[1]//2)))
4: Initialize environment array M of dimensions shape with zeros
5: Fill borders of M with 1
6: for i← 0 to n− 1 do
7: x, y ← random even position within shape
8: M [y][x]← 1
9: for j ← 0 to p− 1 do
10: neighbours← empty list
11: if x > 1 then
12: neighbours.append((y, x− 2))
13: end if
14: if x < shape[1]− 2 then
15: neighbours.append((y, x+ 2))
16: end if
17: if y > 1 then
18: neighbours.append((y − 2, x))
19: end if
20: if y < shape[0]− 2 then
21: neighbours.append((y + 2, x))
22: end if
23: if neighbours ̸= empty then
24: y , x ← random element from neighbours
25: if M [y ][x ] == 0 then
26: M [y ][x ]← 1
27: M [(y + (y − y )//2)][(x + (x− x )//2)]← 1
28: x, y ← x , y
29: end if
30: end if
31: end for
32: end for
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complexity and density is generated on the plane. After that, 60 agents are randomly

placed in different locations in the environment, each assigned a distinct, randomly

located endpoint, which is a circular area with a radius of 0.25m. For convenience of

visualization while debugging, these target areas are indicated by spheres coloured to

match the associated agent. Since the study focuses on developing steering algorithms

rather than high-level route planning approaches, the agents are only required to learn

how to walk with two feet and perform actions like pauses, diversions and backtracking

in response to obstacles. As a result, the A* path-finding method is used to map

routes from each agent to their assigned endpoint region, and each corner of the path

is marked as a temporary target area that agents need to pass through one after the

other. This area is also a circular region with a 0.25m radius. When an agent reaches

the last target area along the A* computed path, a new random endpoint is selected

for the agent to continue the training. This cycle repeats continuously until a training

cycle is completed. To provide a dynamic training environment and avoid overfitting

of the agents to a specific layout, each training episode begins with a randomization

of the environment layout, agent starting positions and endpoints.

5.5.3 Agent Observation Space Design

Each agent’s policy decision is based on observations collected during a consecutive

pair of left and right steps (sLt and sRt+1). To replicate realistic human behaviour,

agents operate with partial observability of their environment. The observation space

includes both constant parameters and dynamic measurements. The constant pa-

rameters comprise six physical properties: agent mass (m), COM height (hc), body

radius (rb), maximum stride length (lmax), and maximum initial velocities for left and

right steps (vLmax, v
R
max). While these parameters are uniform across all agents in this

study, they can be varied in future work to investigate different walking policies by

altering body size, stride length, and mobility.

In addition to this information, agents also collect data that humans may notice

when they walk. Dynamic observations are collected at four points during the step

pair: at the start and midpoint of both sLt and sRt+1, as shown in Figure 5.4(b). At

each observation point, the agent’s field of view measurements Ω are first collected,

comprising 18 horizontal ray distances ηih, where i = 1, . . . , 18 and 72 vertical ray

distances ηjv, where j = 1, . . . , 72 (4 vertical rays per horizontal ray). As introduced

in Section 5.2.3, since the FOV geometry relative to COM is constant across agents,
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these measurements sufficiently capture environmental conditions without requiring

additional ray position information. The agent then records a target vector vt ∈
R2 from COM to the current target location, representing relative position on the

horizontal plane. Next, relative foot positions pL
f ,p

R
f ∈ R3 with respect to COM are

measured. Finally, two step parameters are recorded: a step indicator σ ∈ 0, 1 (0 for

left, 1 for right) and the elapsed time ∆t since the last observation.

Each observation point thus yields 100 measurements: 90 for FOV (18 + 72), 2

for target position, 6 for foot positions, and 2 for step parameters. The complete

observation space consists of 406 dimensions: 6 physical constants and 4 sets of 100

measurements. The usage of relative positions ensures that this information is not

affected by environmental changes. Furthermore, by making multiple observations

during step pairs, it is possible to implicitly infer the relative velocity between the

agent and an obstacle or target, thus allowing the agent to respond flexibly to dynamic

environments.

5.5.4 Action Space Parameterization

The PPO algorithm produces a continuous action vector with components in [0, 1],

which we linearly transform to match our motion parameters. The action vector

a ∈ R8 contains motion parameters for both left and right steps, where a1:4 and a5:8

correspond to left and right motion parameters µL and µR, respectively. Based on

the biomechanical constraints described in Section 5.2.2, each motion parameter set

contains four values within specific ranges, as shown in Table 5.2.

Table 5.2: Motion Parameter Ranges

Parameter Range
v0 [0, 2.66]
ϕ

[
0, π

2

]
ttotal [0.5, 1]
∆ϕf

[
−π

4
, π
4

]

5.5.5 Multi-Objective Reward Function Design

There are fixed-value reward signals that are used to reward agents for passing through

the target area or penalizing collisions with obstacles. However, these rewards are
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too sparse, so in order to evaluate the walking process before the agent receives these

reward signals, a multi-objective reward function is used to guide agents’ behaviour:

R = Rg +Rd +Re +Rp +Rs + Pt + Pc (5.18)

where each term is explained in detail below.

The goal reaching reward Rg is a fixed-value reward applied every time the agent

reaches the waypoint or the goal. To encourage the agent to approach the goal, a

continuous reward related to the distance between the agent and the goal is applied

at every timestep:

Rd = wd · e−β·dt (5.19)

in which dt refers to the distance from the agent to its current target, either a waypoint

or the final goal, and β is a scalar set to 0.2 that controls the decay rate of the

exponential function. If the agent is close to the target, the proportion is close to

zero and Rd becomes larger.

Re promotes energy-efficient movements, which relate to the work of ground re-

action force, as shown in Figure 5.6:

Re = we · e−
m
2 |(v0)2−(vprevcos(2θ))

2| (5.20)

where vprev denotes the velocity of the centre of mass at the end of the previous

step, and v0 represents the desired velocity at the beginning of the next step. In

this footstep model, the loss of momentum at the beginning of a step leads to the

result that the agent’s speed reduces from vprev to vprevcos (2θ). Then, to choose

an ideal speed for the next step, additional work is required and is computed as
m
2

∣∣(v0)2 − (vprevcos (2θ))
2
∣∣. his value with a smaller magnitude indicates that the

agent uses less effort to execute its next step, and the more natural its behaviour

looks. It is worth noting that these analyses of energy are based on biomechanics

and are estimated with simple trigonometry, so v0 and vprev in this case are not

horizontally oriented, just as they are in reality when a human walks. However, based

on the assumptions in Section 4.3.1, when these velocities are applied to compute the

COM’s movement, they still remain horizontal.

Rp discourages rapid changes of the momentum P over the length of the step:
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Rp = wp · e−
dP
dt

·L = wp · e−ma·larc (5.21)

where larc refers to the length of the curvature, so ma · larc grows when the agent is

walking along the trajectory of high curvature.

Rs is used to limit the step length of the agent’s walk:

Rs =


ws · (lstep − ls)

2 if lstep > ls

0 otherwise

(5.22)

where lstep is the current step length, and ls denotes the average step length for young

adults, set to 0.73,m. This piecewise function evaluates to zero if the step length

is within the allowed limit, but it becomes a penalty if the step length exceeds this

limit. The excess length is calculated as lstep − ls and weighted by a negative weight

ws.

In addition to these rewards, penalties are implemented in this study to encourage

faster target finding and collision avoidance. To incentivize quick goal finding we

consistently penalize time with Pt:

Pt = wt (5.23)

where wt is a negative float that represents the weight of this penalty. With Pt, the

agent will be penalized less if it can find the quickest route to reach the goal. The

agent receives this reward signal at every time step.

Above all, the agent is penalized with a collision penalty Pc, a fixed-value penalty

applied whenever the agent collides with a wall or other agents.

5.5.6 Training Hyperparameter Configuration

Most of the hyperparameters used for training in this study are based on standard

configurations that are commonly used for PPO.
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Figure 5.6: The pendulum model of a walking human, which is used to compute Re,
is described in [52].
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Table 5.3: Hyperparameters for PPO Training Configuration

Parameter Description

Trainer Type Indicates algorithm that is being used; in this

case, PPO.

Batch Size The number of training cases considered in one

iteration, set to 2048.

Buffer Size The size of the buffer used to store training data,

here 20480.

Learning Rate The rate at which the algorithm updates its

weights in the network, set at 0.0003.

Beta A hyperparameter for the optimization

algorithm, set at 0.01.

Epsilon Used for the PPO clipping mechanism, set at 0.2.

Lambda Factor for trade-off between bias and variance in

the Generalized Advantage Estimation algorithm,

set at 0.99.

Number of

Epochs

The number of times the learning algorithm will

work through the collected batch of data, here 3.

Learning Rate

Schedule

Determines how the learning rate changes over

training epochs, set to linear (the learning rate

decreases linearly over the training).

Normalize Whether to normalize input variables for the

network, set to true.

Hidden Units Number of units in each hidden layer of the

neural network, here 512.

Number of

Layers

The number of layers in the neural network, set

to 3.

Gamma The discount factor for calculating the future

discounted reward, set at 0.995.

Strength A parameter for adjusting the strength of the

reward signal, set at 1.0.

Maximum

Steps

The total number of training steps before ending

the session, set to 3500000.

Continued on next page
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Table 5.3 – continued from previous page

Parameter Description

Time Horizon The number of steps in the future to look while

calculating returns, set to 1000.

Seed The seed for random number generation to

ensure the training can be reproduced, set at 20.

5.6 Training Results

After iterative training and tuning of the reward function, the resulting model from

this study is presented below. Table 5.4 lists the weights of each continuous compo-

nent in the reward function, along with the discrete reward values.

Table 5.4: Reward Function Settings

Symbol Value
Rg 100
we 0.005
wp 0.005
wd 0.06
ws −0.005
wt −0.06
Pc −3.25
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Figure 5.7: Training process for the agent (part 1). The plot of cumulative reward
over training episodes shows how the agents’ performance and learning progress have
improved over time.

Figures 5.7 and 5.8 illustrate the training process. Figure 5.7 shows the cumu-

lative reward during training, reflecting the agents’ performance improvement over

time. There is a period of rapid growth in the early stages, followed by a levelling

off that remains upward-trending, suggesting a stabilization of policy updates. Fig-

ure 5.8a represents the policy loss during training. In PPO, policy loss measures the

extent to which the agent’s actions deviate from the previous policy, with clipping

employed to prevent excessive updates, balancing exploration and stability. The pol-

icy loss graph fluctuates over time, showing a slight downward trend in the middle

and late stages of training. This indicates that the agent is continually exploring and

adapting during training. However, the relative stability suggests that there may be

room to fine-tune hyperparameters or adjust the reward function structure to achieve

smoother convergence. Figure 5.8b represents the value loss, which measures the er-

ror in estimating the value function based on the expected reward. The graph shows

a rapid decrease in value loss early in training, followed by an increase and eventual

stabilization. This reflects that the agent quickly approximates the reward in the

early stages, then fine-tunes its performance for more complex situations in the later

stages of training.

Figures 5.9 and 5.10 represent the average value of each reward or penalty received

by an agent during a training episode. Figure 5.9a shows the change in rewards
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(a) Policy loss

(b) Value loss

Figure 5.8: Training process for the agent (part 2). (a) Policy loss during training,
which illustrates the variations that occur when policy updates are implemented to
enhance the stability of decision-making. (b) Value loss during training, which reflects
the adjustments in the value function’s estimate of expected rewards. The graph
indicates that value loss initially converges quickly and then tends to stabilize.
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the agent receives for reaching the target, which rises rapidly in the early stages

and then levels off, indicating that the agent’s strategy for reaching the destination

has stabilized. Figure 5.9b, Figure 5.9c, Figure 5.9d and Figure 5.10a represent the

average values of Re, Rp, Rd and Rs obtained by an agent during each training episode.

They all show rapid growth at the beginning, followed by levelling off, indicating quick

adaptation by the agent in the early stages of training, with continuous fine-tuning

thereafter. Figure 5.10b shows the time penalty, which is applied at every time step

except during program initialization or when the agent requests a decision from the

neural network. This penalty reflects the time cost of regular actions, explaining why

the average Pt value varies in each training cycle. Figures 5.10c and 5.10d depict

the penalties received by the agent for colliding with walls and for colliding with

other agents. These values fluctuate over time without a clear tendency to decrease,

indicating that the reward function structure still has room for adjustment to better

achieve the goal of collision avoidance.

5.7 Discussion

This chapter describes the integration of a biomechanical bipedal locomotion model

with the MARL framework, which forms the core of the new approach to crowd sim-

ulation proposed in this study. By detailing the construction of the agent model,

the mathematical framework for computing step trajectories, and the design of the

training environment, observation space, action space, and reward function in MARL

training using the PPO algorithm, this chapter demonstrates the model’s considera-

tion of biomechanical constraints and model flexibility and robustness. In the next

chapter, a comprehensive evaluation of this model will be presented in conjunction

with comparisons with traditional models.
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(a) Average goal reaching reward (b) Average Re

(c) Average Rp (d) Average Rd

Figure 5.9: Average rewards and penalties for an agent across training episodes (part
1)



69

(a) Average Rs (b) Average Pt

(c) Average wall collision penalty (d) Average agent collision penalty

Figure 5.10: Average rewards and penalties for an agent across training episodes
(Part 2)
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Chapter 6

Experimental Validation and

Comparative Analysis

This chapter aims to assess the walking efficiency, collision avoidance, and the abil-

ity to simulate behaviours specific to bipedal actions, such as side-stepping, during

walking of bipedal agents trained in a simulated maze using the PPO algorithm, and

to compare their performance with existing algorithms.

6.1 Introduction

Designing a fair and reasonable evaluation framework to analyze and compare the

performance of steering algorithms is challenging. In general, steering algorithms

can be evaluated using two main approaches: data-driven methods such as [23] and

synthetic comparative methods like [51].

One approach is to use real-world data by analyzing the group behaviour of peo-

ple and comparing it with the results generated by the algorithms. This method

has several drawbacks. Real populations are difficult to predict and reproduce accu-

rately. While studies indicate that human walking behaviour tends to follow certain

patterns, such as the Principle of Least Effort (PLE)[15], it is also influenced by

numerous internal and external factors, such as physical condition and environmen-

tal disturbances. As a result, reproducing group behaviour perfectly in reality is

challenging, and discrepancies between simulated results and real-world data do not

necessarily indicate poor algorithm performance. Additionally, real-world data may

not encompass a sufficiently diverse range of scenarios to comprehensively evaluate
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the algorithm.

On the other hand, the synthetic comparative method evaluates algorithms solely

through simulated scenarios. While this approach avoids the drawbacks of the data-

driven method, it remains challenging to design scenarios that are representative

enough to produce convincing evaluation results, i.e., ensuring that the agent’s be-

haviour in these simulations accurately reflects real-world situations.

In addition to selecting the evaluation method, tuning the parameters of each al-

gorithm is crucial to ensuring fairness in the evaluation process. Different algorithms

operate on distinct computational principles, resulting in varying model structures

and parameter requirements. For example, the force-based Social Force model re-

quires tuning the magnitude of repulsive forces exerted on the agent by different

types of obstacles, such as other agents and static objects. Similarly, the velocity-

based ORCA algorithm requires tuning parameters such as the minimum reaction

time for the agent to respond to an obstacle. Previous studies have explored this

issue, and SteerFit [3] has proposed a set of parameter optimization methods that

ensure fair model comparisons by aligning parameters with real-world benchmarks.

The evaluation framework proposed in this study aims to provide a fair perfor-

mance assessment using commonly employed conventional models and typical syn-

thetic scenarios. The first baseline model selected for this study is the modified Social

Force model[37], a classic force-based steering algorithm widely used in urban design,

emergency evacuation planning, and the entertainment industry. The second baseline

model is the velocity-based ORCA algorithm[57], which is widely applied not only in

the aforementioned fields but also in robotics and autonomous driving. To select test

scenarios, this study employs five typical scenarios from SteerBench[51], a compre-

hensive evaluation framework, to assess the model’s performance ranging from simple

one-to-one situations to complex many-to-many interactions. To ensure parameter

fairness, the evaluation sessions uniformly tune the internal parameters of each model

to optimize agent effort. Finally, this study will analyze and evaluate the test results

from both quantitative and qualitative perspectives, focusing not only on local nav-

igation performance—such as obstacle avoidance and walking efficiency—but also

on whether the bipedal locomotion exhibited by this model offers richer human-like

walking behaviours compared to particle-based agents and algorithms.

This chapter outlines the evaluation process and presents the analyzed results in

the following order. First, the baseline models and the rationale for their selection in

this study are discussed, along with the internal parameter values they use. Next, the
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selection of experimental scenarios for the assessment is explained. Following that,

the quantitative metrics selected for the assessment are introduced. The chapter

then presents the statistics and analysis of the test results for each model in each

test scenario from a quantitative perspective, followed by a qualitative performance

analysis of the proposed model. Additionally, the computational efficiency of the

model is evaluated. Finally, based on the evaluation results, the chapter discusses

the experimental failures of the model, the potential reasons for these failures, the

model’s shortcomings, and possible directions for future work.

6.2 Baseline Models and Metrics

This section will first introduce three baseline models, then the five test scenarios,

and finally the quantitative metrics for each scenario.

6.2.1 Baseline Models

This research uses two representative steering algorithms as the baseline models. The

first one is an improved version of the Social Force model[37], a traditional force-

based approach that steers agents to avoid collisions by applying social attraction

and repulsion to agents. The second algorithm is ORCA[57], which according to

Section 2.4 is a velocity-based algorithm that computes new velocity for each agent

by solving optimization problems and assuming that all the other agents will do the

same thing. In the following sections, I will use SF2 and ORCA to represent the first

two models.

Although all of these algorithms are steering algorithms, their performance de-

pends on the tuning of their internal parameters. To standardize the analysis criteria,

this study assumes that all three algorithms, including the FootStepRL model, aim to

optimize walking energy consumption. For SF, since the original paper [37] optimized

the SF algorithm using walking data collected from real-life volunteers, following the

Principle of Least Effort (PLE) [15]—which suggests that people tend to walk with

minimal effort—this study adopts the ideal parameters derived from the original pa-

per, as shown in Table 6.1. For ORCA, this study uses the parameter settings derived

from SteerFit [3], which represent the optimal parameters for optimizing PLE Qual-

ity, as shown in Table 6.2. For the FootStepRL model, as discussed in Section 5.5.5,

energy consumption has been considered in the design of the reward functions.
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Table 6.1: Parameters Settings of SF2

Parameter Name Value
DesiredSpeed 1.29
RelaxationT ime 0.54
RelativeMotionDirectionWeight 2
A 4.5
γ 0.35
n 2.0
n′ 3.0

Table 6.2: Parameters Settings of ORCA

Parameter Name Value
MaxSpeed 1.52
NeighborDistance 12.08
TimeHorizon 2.72
TimeHorizonObstacles 11.81
MaxNeighbors 15.03

6.2.2 Experimental Setup

In this experiment, five typical scenarios from SteerBench [51] are selected to verify

whether the training model can flexibly cope with occasions that may occur in reality.

In addition, we use other algorithms in the same scenarios for comparison. As is shown

in Figure 6.1, circles represent agents, each assigned a final goal location marked by

a cross. In scenarios with only two agents, the agent and its target location are

represented by the same colour. In scenarios with multiple agents, colours are not

carefully distinguished to avoid confusion caused by excessive colours.

One on One: two face-to-face agents are placed in one closed environment without

obstacles. Each agent’s target is set at the initial location of the other agent.

One on One Obstacle: based on the One on One scene, there is a wall obstacle

between the agents.

Diametric Goals : 8 agents are placed in a closed environment with no other

obstacles. They are divided into two people a group, and each agent in one group

is assigned a target at the initial location of the other agent. The path they are

supposed to walk through is in the shape of a cross.

Two Way Crowd : based on the One on One scene, there are 10 agents on both

sides of the environment.
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One Way Bottleneck Egress : a hallway-like environment, where 10 agents are

initialized on the left side and their targets are on the right. There is a bottleneck

egress between the agents and the goals.

In the test scenarios, all objects have no physical entity and can be passed through.

Each agent’s A* route to the assigned final target area is marked with a straight line

of the same colour as the agent, and when the agent passes through its current target

area, the line up to that relay point is no longer displayed. Furthermore, the path

of the agent COM will be drawn as the agent moves, to study the actual trajectory

of the agent. The test program will record the position of each agent’s feet and the

point in time when the position was changed, the number of times the agent was

penalized by collisions, the actual distance travelled, and the time elapsed.

6.2.3 Quantitative Metrics

This section will explain the definition of each quantitative metric. Since each test

scenario has a different focus, the metrics used in each scenario are not the same.

Flow Rate: How quickly agents accomplish their final goal during the simulation.

This metric enables us to compare the time taken to reach the goal and the completion

rates across different models. In this study, the flow rate is defined as:

F (A) =
|A|
Tf

(6.1)

where F refers to flow rate, A represents the set of agents, and Tf is the total time of

the simulation, from the beginning of the simulation to the time when the last agent

reaches its assigned target area.

Path Efficiency : Actual length of agent’s trajectory divided by the desired tra-

jectory length when collision avoidance is not required. For agents with FootStepRL

model, the actual length of trajectory is the summation of each step length (i.e. for

each parabolic segment, the distance between the starting point and the ending point

of the parabola). This criterion enables the study of the extent to which the agent de-

viates from the desired route, particularly when it encounters unexpected situations,

such as obstacle avoidance.

Effort : Metabolic expenditure of the agents during walking. This computation

reflects the extent to which the agent attempts to optimize its effort consumption

during the walk, similar to how humans do. This metric is calculated by the sum of

all agents’ effort over the integral of their path:
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Figure 6.1: Five scenarios for evaluation. From (a) to (e): One on One; One on One
Obstacle; Diametric Goals; Two Way Crowd; One Way Bottleneck Egress.
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E(A) =
∑
a∈A

ma

∫ (
es + ew|va|2

)
dt (6.2)

where ma is the mass of each agent, which is standardized to 62Kg in this study.

The biological constants es and ew are empirically averaged to be 2.23J/Kgs and

1.26Js/Kgm2 for human walking. va is the velocity of the agent at time t.

Number of Collisions : Total number of collisions. This metric describes the agent’s

ability to avoid obstacles.

6.3 Results

This section analyzes the performance of the baseline and FSRL models using both

quantitative and qualitative metrics.

6.3.1 Quantitative Results

In the One on One scenario and Diametric Goals scenario, a significant observation

surfaced. ORCA demonstrates deadlock behaviour when the initial placements of the

agents are completely symmetrical, spinning about a vortex for long periods of time

before discovering feasible dispersion paths, and slowing to a near-stop around the

centre of the circle. To get useful comparison measurements, this requires adding a

tiny amount of position noise to the experimental setup.

Table 6.3 records the flow rate for the three models in each scenario, along with

the average effort per agent, average path efficiency, and total number of collisions

for all agents. Figures 6.2 through 6.6 display box plots for the time to goal, effort,

path efficiency, and number of collisions for the ORCA, SF2, and FootStepRL models

across the five test scenarios. Because flow rate is an aggregate metric that cannot be

represented by a box plot, it is depicted using the time to goal for each agent. The

flow rate for each steering model in each scenario is displayed using a bar chart, as

shown in Figure 6.7.

To evaluate the differences between models, I conduct a statistical analysis using

the Kruskal-Wallis test [28] and Conover’s post hoc test [8] with Holm’s correction

[20]. The significance level for the p-value is set to 0.05. If the Kruskal-Wallis test

indicates significance (p < 0.05), the post hoc test is performed to identify specific

pairs of models with significant differences. In the figures, the level of statistical
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Table 6.3: Quantitative Metrics for Different Models Across Test Scenes

Metric ORCA SF2 FootStepRL
One on One

Flow Rate 0.151704 0.13409 0.108712
Effort 4162.4515 3913.091 5021.985

Path Efficiency 0.9976333 0.99820715 0.85235697
Number of Collisions 0 0 0

One on One Obstacle
Flow Rate 0.153135 0.13441 0.0728
Effort 4144.381 3771.114 6233.833

Path Efficiency 0.9967443 0.998041 0.717511617
Number of Collisions 2 1 2

Diametric Goals
Flow Rate 1.15942 1.06667 0.046118
Effort 2015.0775 1862.3595 3044.125875

Path Efficiency 0.99310795 0.982755113 0.726413618
Number of Collisions 17 0 43

Two Way Crowd
Flow Rate 0.095433 0.09069 0.029118
Effort 4830.7579 4531.74805 6696.9768

Path Efficiency 0.996117005 0.977486435 0.789009348
Number of Collisions 0 0 229

One Way Bottleneck Egress
Flow Rate 0.09434 0.0795 0.027676
Effort 3100.2912 2793.6844 5585.0599

Path Efficiency 1.0387385 1.01495895 0.672187661
Number of Collisions 0 4 162

significance between models is marked by asterisks: ∗ indicates p < 0.05, ∗∗ indicates
p < 0.01, and ∗ ∗ ∗ indicates p < 0.001.

Results are follows:

One on One: The Kruskal-Wallis test reveals no significant difference in Time

to Goal among the models (H = 4.706, p = 9.509× 10−2), as p ≥ 0.05. As a result,

no post hoc test is conducted for this metric.

Similarly, for Effort, the Kruskal-Wallis test indicates no significant difference

(H = 4.571, p = 1.017× 10−1).

For Path Efficiency, the Kruskal-Wallis test also shows no significant difference

(H = 4.571, p = 1.017× 10−1).

For Collisions, all values are identical across models, making it unsuitable for
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the Kruskal-Wallis test.

One on One Obstacle: The Kruskal-Wallis test reveals no significant difference

in Time to Goal among the models (H = 4.571, p = 1.017× 10−1).

For Effort, the Kruskal-Wallis test also indicates no significant difference (H =

4.571, p = 1.017× 10−1).

Similarly, the Kruskal-Wallis test for Path Efficiency shows no significant dif-

ference among the models (H = 3.714, p = 1.561× 10−1).

Lastly, for Collisions, no significant difference is found (H = 2.000, p = 3.679×
10−1).

Diametric Goals: The Kruskal-Wallis test reveals a significant difference in

Time to Goal among at least one of the models (H = 21.256, p = 2.422 × 10−5).

Using Conover’s multiple comparisons post hoc test, it is identified that the model

FootStepRL differs significantly from both ORCA and SF2 at the p < 0.001 signif-

icance level. Specifically, significant differences are observed between the following

pairs: ORCA and FootStepRL (p = 9.24× 10−13), ORCA and SF2 (p = 1.65× 10−7),

and SF2 and FootStepRL (p = 1.65× 10−7).

Effort: The Kruskal-Wallis test also reveals a significant difference among at least

one of the models (H = 20.480, p = 3.571× 10−5). Conover’s post hoc test identifies

that FootStepRL differs significantly from both ORCA and SF2 at the p < 0.001 level.

Significant differences are found between the following pairs: ORCA and FootStepRL

(p = 3.61 × 10−6), ORCA and SF2 (p = 3.61 × 10−6), and SF2 and FootStepRL

(p = 4.49× 10−11).

Path Efficiency: The Kruskal-Wallis test indicates a significant difference among

the models (H = 20.525, p = 3.492 × 10−5). Conover’s test shows that FootStepRL

differs significantly from both ORCA and SF2 at the p < 0.001 level. The following

pairs show significant differences: ORCA and FootStepRL (p = 3.72×10−11), ORCA

and SF2 (p = 3.12× 10−6), and SF2 and FootStepRL (p = 3.12× 10−6).

Collisions: the Kruskal-Wallis test reveals a significant difference among models

(H = 15.742, p = 3.817 × 10−4). Conover’s post hoc test shows that FootStepRL

differs significantly from SF2 at the p < 0.001 level. The significant pairwise differ-

ences are as follows: ORCA and SF2 (p = 2.84 × 10−4), and SF2 and FootStepRL

(p = 5× 10−6).

Two Way Crowds: The Kruskal-Wallis test reveals a significant difference in
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Time to Goal among at least one of the models (H = 27.388, p = 1.129 × 10−6).

Using Conover’s post hoc test, it is identified that FootStepRL differs significantly

from both ORCA and SF2 at the p < 0.001 significance level. Specifically, significant

differences are observed between the following pairs: ORCA and FootStepRL (p =

9.45 × 10−9), ORCA and SF2 (p = 4.1 × 10−3), and SF2 and FootStepRL (p =

3.55× 10−4).

Effort: The Kruskal-Wallis test reveals a significant difference among the models

(H = 31.067, p = 1.795× 10−7). Conover’s post hoc test indicates that FootStepRL

differs significantly from both ORCA and SF2 at the p < 0.001 level. Significant

pairwise differences are found between the following pairs: ORCA and FootStepRL

(p = 1.45× 10−7), and SF2 and FootStepRL (p = 1.79× 10−9).

Path Efficiency: The Kruskal-Wallis test indicates a significant difference among

the models (H = 49.616, p = 1.683× 10−11). Conover’s test shows that FootStepRL

differs significantly from both ORCA and SF2 at the p < 0.001 level, with significant

differences observed between ORCA and FootStepRL (p = 6.41× 10−24), ORCA and

SF2 (p = 1.01× 10−10), and SF2 and FootStepRL (p = 5.98× 10−13).

Collisions: the Kruskal-Wallis test reveals a significant difference among the

models (H = 52.152, p = 4.734 × 10−12). Conover’s post hoc test shows signifi-

cant differences between ORCA and FootStepRL (p = 9.28 × 10−25), and SF2 and

FootStepRL (p = 9.28× 10−25), both at the p < 0.001 level.

One Way Bottleneck Egress: The Kruskal-Wallis test reveals a significant

difference in Time to Goal among at least one of the models (H = 25.568, p =

2.805 × 10−6). It is identified with Conover’s post hoc test that FootStepRL differs

significantly from both ORCA and SF2 at the p < 0.001 significance level. Specif-

ically, significant differences are observed between the following pairs: ORCA and

FootStepRL (p = 1.49 × 10−13), ORCA and SF2 (p = 1.93 × 10−7), and SF2 and

FootStepRL (p = 1.93× 10−7).

Effort: The Kruskal-Wallis test reveals a significant difference among the models

(H = 22.888, p = 1.071× 10−5). Conover’s post hoc test indicates that FootStepRL

differs significantly from both ORCA and SF2 at the p < 0.001 level, with significant

pairwise differences found between the following pairs: ORCA and FootStepRL (p =

3.88 × 10−6), ORCA and SF2 (p = 5.04 × 10−4), and SF2 and FootStepRL (p =

4.42× 10−10).

Path Efficiency: The Kruskal-Wallis test indicates a significant difference among
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the models (H = 20.493, p = 3.548 × 10−5). Conover’s post hoc test identifies that

FootStepRL differs significantly from ORCA and SF2 at the p < 0.001 level, with

significant differences between the following pairs: ORCA and FootStepRL (p =

7.62× 10−8) and SF2 and FootStepRL (p = 6.50× 10−6).

Collisions: the Kruskal-Wallis test reveals a significant difference among the

models (H = 23.371, p = 8.414× 10−6). Conover’s post hoc test indicates significant

differences between the following pairs: ORCA and FootStepRL (p = 2.95 × 10−10),

ORCA and SF2 (p = 0.017) at the p < 0.05 level, and SF2 and FootStepRL (p =

6.62× 10−8) at the p < 0.001 level.

According to the Kruskal-Wallis test and Conover’s post hoc test, the test results

are not significantly different in the test scenario One on One and One on One Ob-

stacle, while in the remaining three scenarios (Diametric Goals, Two Way Crowds,

and One Way Bottleneck Egress) which are more crowded and complicated, the per-

formance of FootStepRL is significantly different from the other two baseline models

in terms of flow rates, effort, path efficiency and number of collisions. It can also

be observed in Figure 6.7 that the FootStepRL model has a lower flow rate than

the other two models in every scenario, and is significantly lower than them in scene

Diametric Goals.
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Figure 6.2: Boxplots of time to goal, effort, path efficiency, number of collisions in
One on One scenario

Figure 6.3: Boxplots of time to goal, effort, path efficiency, number of collisions in
One on One Obstacle scenario
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Figure 6.4: Boxplots of time to goal, effort, path efficiency, number of collisions in
Diametric Goals scenario

Figure 6.5: Boxplots of time to goal, effort, path efficiency, number of collisions in
Two Way Crowds scenario



83

Figure 6.6: Boxplots of time to goal, effort, path efficiency, number of collisions in
One Way Bottleneck Egress scenario

Figure 6.7: Group bar chart of flow rates for each model in each scenario

6.3.2 Qualitative Analysis

This section will analyze the navigation patterns and bipedal locomotion characteris-

tics of agents with FootStepRL model. Figure 6.8 shows the screenshots of the 5 test

scenarios with the COM trajectories of each agent.
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Throughout the test scenes, the FootStepRL model demonstrates unique traits

in both bipedal locomotion and navigation behaviours. Agents exhibit anticipatory

behaviour in navigation by modifying their paths subtly and early before they come

into direct contact with obstacles. This is especially noticeable in the One on One and

One on One Obstacle scenarios when agents avoid collisions by maintaining arc-like,

smooth trajectories.

In multi-agent scenarios, the model shows emergent crowd behaviours similar to

human pedestrians. In the scene of Diametric Goals, in addition to early deviations

from desired paths, the agents perform circular movement patterns around the centre

of the circle and then tend to walk towards their assigned goal areas. In the Two

Way Crowds scene, lane formation can be observed that the larger crowd is divided

into smaller ones, passing between the gaps of the oncoming crowd. In addition, in

the scenario of Bottleneck Egress, if the ideal path for the agents is a straight line

through the egress, they pass through the egress earlier, while the agents on either side

of them gradually slow down and take shorter steps as they walk closer to the wall,

performing collision avoidance behaviours for both the wall and the agents beside

them. It is worth noting that in crowded spaces, the waiting behaviour of the agents

is not a complete stopping of movement, but rather an adjusting of their orientation

or position with very small footsteps.

In the test scenarios mentioned above, the agents also exhibit traits of bipedal

locomotion. When the agent is in the state of naturally walking towards its current

goal area, its walking speed, footstep length, and foot orientation are essentially

unchanged. It can be observed from the COM trajectory that the parabolic shape

of the curve segments is approximately the same shape. The model also learns to

perform more complex bipedal steering behaviours such as turning around. The agent

performs a large turn by making large footsteps with its outside foot while having

compensatory small steps with inside foot. During this process, the orientation of

the feet also goes through several changes. In addition to this, in scenarios with

limited space such as near a wall or corner, the agent will demonstrate a side-step-

like behaviour to steer, as is shown in Figure 6.9.

To summarize, the experiments evidence that the FootStepRL model performs

space-time planning and collision avoidance behaviour for both static and dynamic

obstacles, as well as keeping the speed of movement as consistent as possible. More-

over, the agent using this model can perform behaviours that are characteristic of

bipedal locomotion, which is not possible with particle-like agents.
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6.4 Computational Efficiency

The computational efficiency of the model is also in this study. The experimental

environment is a 1000 × 1000m2 plane. A specified number of agents are spawned

at random locations within the plane and assigned a randomly located target. The

agents are allowed to walk freely for one minute, and the average frame per second

(FPS) is calculated over this time period. In this study, FPS is tested across sce-

narios with varying numbers of agents, ranging from one to 5000. As is shown in

Figure 6.10, the model maintains interactive frame rates (> 30 FPS) with up to 3000

agents, indicating that while the absence of rigid body reduces collision accuracy, it

significantly improves computational performance.

6.5 Limitations and Failure Cases

Although the present model has now demonstrated the possibility of incorporating

bipedal locomotion and MARL, this research still has limitations in the design of the

agent model and the design of the training schemes, resulting in some deficiencies in

the training results.

First, the simplified agent model design resulted in unexpected training outcomes.

Since this study focuses on the bipedal steering algorithm, the legs were not repre-

sented to avoid adding computational complexity to the agent’s movements. The

absence of a collider at the leg positions caused some training models to exhibit

undesired behaviour, where agents avoiding collisions bypass each other by passing

through the gaps between their torsos and feet instead of making the expected detour.

Second, while the agent performs reasonably well in simple scenarios such as One

on One and One on One Obstacle, it encounters issues with navigating decisions in

crowded scenarios. For example, in Figure 6.8 (b), the blue agent observing the wall

and the oncoming agent near the obstacle chooses to avoid the obstacles by imme-

diately making a small detour in the direction of the open space, resulting in the

circle-like trajectory on the figure. In the scenario of Diagonal Goals, the agent’s

circling behaviour around the centre is not 100% collision-free. After a collision, the

agent’s decision-making becomes confused, causing the trajectory to lose its desired

shape formation, and the agent may circle around the area near the target area before

entering it. Furthermore, in Bottleneck Egress scenario, when walls only detect col-

lisions and have no physical properties, we can observe that the agents which cause
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congestion near the exit may either remain in place for a short period or attempt

to walk through the wall. These failure cases may be due to the agents being too

spread out in the maze environment during training, resulting in a lack of experience

in handling dynamic obstacles. Another possibility is that the continuity reward Rd,

which is related to the distance between the agent and the goal area and was intro-

duced to avoid sparse rewards for reaching the target region, is too large compared

to the time loss penalty Pt. This imbalance may have led the model to adopt an

unexpected strategy, such as circling very close to the target region to compensate

for earlier collision penalties.

In the training design, the reward function of this model consists of multiple

weighted components, making the tuning of the reward function particularly chal-

lenging. As mentioned in Section 3.5.1, the training process of RL is often like a

black box, where simply adjusting the weight of an individual component in a com-

plex reward function does not immediately result in the desired outcome and may

even worsen the performance. This has led to a long training cycle in this study, and

complete collision avoidance, as seen in heuristic algorithms such as [2, 52], has yet

to be achieved.

6.6 Discussion

This chapter provides a comprehensive assessment of the FootStepRL model, com-

paring its performance with baseline algorithms in several common crowd simulation

scenarios. Quantitative metrics including success rate, path efficiency, and number

of collisions demonstrate the potential of this approach which combines MARL and

bipedal locomotion. Compared to traditional particle-based models, the FootStepRL

model allows the agent to exhibit richer steering behaviours with both feet, such as

turning around and side-stepping, as well as slowing down movement by reducing

stride length. However, there are still limitations in performance in dense crowds.

The reward engineering remains a challenge due to the complexity of bipedal loco-

motion, which is a problem to be tackled in future research. Despite this, the overall

performance of FootStepRL suggests that it has the potential to advance the field of

crowd simulation by providing a more nuanced representation of human movement

in complex, dynamic environments.
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(a)
(b)

(c)

(d)

(e)

Figure 6.8: Screenshots of COM trajectories in each test scenario. From (a) to (e):
(a) One on One (b) One on One Obstacle (c) Diametric Goals (d) Two Way Crowds
(e) One Way Bottleneck Egress
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Figure 6.9: Screenshots of a sidestepping behaviour during the test scenario. The
purple agent takes a lateral step with the right foot to get within range of the exit,
followed by a step with the left foot to fully enter the exit.
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Figure 6.10: Mean frame per second (FPS) of FootStepRL with a different number
of agents. The dashed line indicates an FPS of 30. The figure shows that the model’s
FPS drops below 30 as the number of agents approaches 3,000.
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Chapter 7

Conclusion

This research has introduced a new method for simulating human crowds that blends

biomechanical modelling of bipedal movement with Multi-Agent Reinforcement Learn-

ing (MARL). By overcoming the drawbacks of conventional particle-based algorithms

and preserving computational viability, the study sought to create a steering model

that is more realistic and effective by combining the PPO algorithm with the 3D

inverted pendulum model.

7.1 Summary of Findings and Contributions

The major findings and contributions of this research can be summarized from the

following perspectives.

First, from the standpoint of integrating theoretical frameworks, this research has

illustrated the possibility of combining MARL with biomechanical modelling, espe-

cially the 3D inverted pendulum theory, for crowd simulation. The study demon-

strates that this combination can capture intricate bipedal movements like turn-

ing and side-stepping, which are challenging to do with conventional particle-based

methods. Although previous studies have proposed steering algorithms for mod-

elling agents based on 3D inverted pendulum theory[52], their heuristic computations

present challenges for efficient real-time rendering and do not always result in op-

timal solutions. The introduction of MARL helps address this problem. Through

policy exploration during training, the agent can respond more flexibly to diverse

environments.

Second, the research has implemented several technique components to design the
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crowd simulation system. A multi-resolution synthetic vision system has been used

in the study to help agents observe their surroundings. Horizontal rays provide a

rough view of the slightly distant environment, while denser vertical rays are used to

more accurately detect obstacles directly ahead. Such a way to simulate the field of

view is computationally efficient. Additionally, this study has developed a compre-

hensive reward function that considers both biomechanical efficiency and navigation

objectives. Moreover, the research has implemented randomized mazes as training

environments that are procedurally generated and have adjustable density and com-

plexity. The complexity and randomness of the training environment ensure that

agents can explore and update policies across multiple environments, reducing the

risk of overfitting to a single scenario.

Third, the research has provided empirical evidence for both the strengths and

weaknesses of this approach. Quantitative and qualitative analysis of the FootStepRL

model indicates that the agents manage to learn goal-reaching behaviours and local

space-time planning strategies to avoid collisions. It demonstrates the feasibility

of tuning reward functions to enable agents to learn obstacle avoidance, making a

physics-free modelling setup possible and significantly reducing the program’s running

cost. The model also learns to generate complex bipedal steering behaviours, such as

turning and decelerating by narrowing its stride and slowing its foot movements. As a

result, this model simulates bipedal movements with greater fidelity than traditional

particle-based agent algorithms.

7.2 Limitations and Future Work

Even though the study has made great strides in integrating MARL with biomechan-

ical modelling, a number of drawbacks and potential topics for further research have

been identified.

Despite the fair performance in simple scenarios, the model’s performance de-

grades significantly in highly crowded situations. Furthermore, the absence of leg

modelling in the agent’s body affects the training results, potentially allowing agents

to discover unintended avoidance strategies, such as passing through gaps between

legs. Additionally, the complexity of the reward function makes it difficult to tune

for optimal policy.

Based on the assessment results of this model, several intriguing avenues for further

investigation have been suggested.
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First, improvements can be made to the agent’s model and animation. For ex-

ample, biomechanical modelling of the entire body can be integrated into the model,

particularly the legs and hands. Modeling the legs prevents the agent from learn-

ing unintended behaviours, such as crossing through gaps between the legs to avoid

obstacles, while the oscillation of the hands during walking influences the agent’s

obstacle-avoidance strategy. Additionally, the accuracy of the FOV can be enhanced.

Current multi-resolution FOVs use rays that leave gaps between them, potentially

leading to incorrect obstacle perception. Future research could explore replacing

these rays with adjacent 3D colliders, such as cubes. Future work could also intro-

duce heterogeneous agents. This involves not only varying the agents’ body sizes but

also diversifying their physical attributes, such as maximum walking speed and stride

length. Furthermore, the heterogeneous setup can be parameterized, enabling the

steering model to flexibly simulate diverse populations based on user requirements,

thereby adapting to more complex scenarios and promoting accessible design.

On the other hand, improvements could be made to the training process. The re-

ward function can be further optimized to explore strategies that enhance the agent’s

obstacle avoidance performance. Additionally, curriculum learning can be introduced,

enabling the agent to gradually adapt to increasingly complex environments in a step-

wise manner. Furthermore, although data-driven algorithms depend on both data

quality and diversity, combining them with MARL could be beneficial to incorporate

imitation learning from human motion data.

7.3 Conclusion

This study has shown that MARL and biomechanical modelling may be used to create

crowd simulations that are more realistic while still being computationally feasible.

The framework created in this study offers a strong basis for further research in crowd

simulation and related topics, even though there are still obstacles to be addressed.

An important advancement in the field of crowd simulation is the capacity to handle

intricate environmental interactions and produce more realistic human movement

patterns.
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