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Abstract

A complex system refers to a collection of interconnected components or agents that interact

with each other in nonlinear ways. Reinforcement learning (RL) is an optimization technique

where an agent learns to make decisions through feedback signals obtained by interacting

with its environment. It is well-suited for real-world problems as it can learn without

needing a model of the environment. Although, as the number of agents in a system grows,

centralized control with RL becomes impractical due to scalability limitations.

This scalability issue prompts the need for decentralized control with multi-agent re-

inforcement learning (MARL). However, MARL faces a deep-rooted challenge in coordin-

ating actions of multiple agents to achieve common objectives in partially observable non-

stationary environments. Some complex multi-agent systems (MAS) in nature like ant

colonies, bee swarms or bird flocks can self-organize and exhibit emergent coordinated be-

haviour. For example, during foraging of food, ants can emit chemical pheromones that serve

as an indirect form of communication (known as stigmergy) and influence the movement of

other ants perceiving this chemical, displaying collective swarm behaviour.

To address the challenge of coordination in MARL for partially observable and non-

stationary environments, this thesis proposes Pheromone-Enhanced Reinforcement Learn-

ing (PERL), an approach that adopts stigmergic communication mechanisms from Swarm

Intelligence (SI) methods like Ant Colony Optimization (ACO). PERL integrates digital

pheromones and stigmergy with MARL. Stigmergic mechanisms, like evaporation, ensure

the assimilation of new information, while diffusion facilitates the transmission of pher-

omones throughout the entire system, promoting self-organization at a systemic level. This

results in emergent behavior arising from individual agent interactions, enabling coordina-

tion amidst partially observable and non-stationary conditions.

To tackle the challenges of a real-world complex system characterized by partial observ-
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ability and non-stationarity, demanding effective coordination, we conducted evaluations, we

evaluated PERL in managing traffic with Connected and Autonomous Vehicles (CAVs). Our

assessment covered a range of traffic scenarios, including multi-CAV navigation involving

lane changes amidst dynamic obstacles on multilane highways, as well as the negotiation

of single and interconnected four-way intersections with conflicting unidirectional unilane

flows. The diversity of tested applications demonstrates that PERL is application-agnostic.

Our baselines include two distinct rule-based or heuristic approaches, and MARL without

the use of communication strategies (referred to as Independent RL or IRL). Empirical stud-

ies demonstrates that PERL outperforms all baseline approaches. The time taken for all

agents to complete the simulation and mean waiting time is better than baselines by atleast

∼ 13% and ∼ 24%, respectively, in the intersection scenario. Additionally, PERL’s mean

recovery time after perturbations is also better by atleast ∼ 18% in highway lane-changing

scenarios with dynamic blockages.

The feedback signal proposed by PERL incentivizes minimizing deviation in local pher-

omone levels. Empirical results show that this translates to an objective to achieve a system-

wide equitable distribution of pheromones, through stigmergic mechanisms integrated into

PERL, and emerges as a self-organizing behavior that aims to redistribute traffic, which is

seen to improve overall traffic flow. Furthermore, the evaluation results demonstrate that

PERL exhibits a tendency to approach global pheromone equilibrium ∼20% earlier than its

baseline counterparts.
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1 Introduction

This thesis explores the fusion of swarm intelligence with multi-agent reinforcement learn-

ing (MARL) to instigate self-organization (SO) [9] within multi-agent systems (MAS). SO

(discussed in Section 2.4) is the spontaneous emergence of order, structure, pattern, or be-

havior within a complex system without requiring external intervention or explicit behavior

definitions.

The proposed approach, Pheromone-Enhanced Reinforcement Learning (PERL), integ-

rates the indirect communication capability of stigmergy in ACO with MARL, enabling

MARL to learn policies that can effectively coordinate in partially observable and non-

stationary environments. PERL does not require any global information, since the actions

performed by local agents gives rise to emergent coordinated behaviour through SO. We

evaluate PERL in the context of traffic management, a prime example of real-world prob-

lem exhibiting partial observability and non-stationarity. It has demonstrated its superiority

over traditional rule-based approaches and MARL that lacks communication capabilities in

multi-agent scenarios (Independent RL or IRL).

This chapter serves as an introductory overview of the research, delving into funda-

mental concepts within Swarm Intelligence (SI) [10], notably stigmergy and Ant Colony

Optimization (ACO) [11, 12], challenges in MARL, as well as introducing our proposed ap-

proach, PERL. Furthermore, it outlines the primary contributions of the thesis and presents

a roadmap for the subsequent chapters, drawing upon any information used in the confirm-

ation report [13].
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1.1 Limitations of MARL

The nature of MARL is complex and dynamic due to continuously changing states and

strategies of multiple entities, and as such, it brings with it a whole new set of challenges

such as non-stationarity and partial observability (explained further in chapter 2). Essen-

tially, partial observability refers to situations where agents have incomplete information

about the environment or the state of other agents within the system. On the other hand,

non-stationarity refers to environments where the underlying dynamics or conditions change

over time. These changes can occur due to various factors such as shifting traffic patterns,

evolving weather conditions, or the introduction of new obstacles or blockages. In par-

tially observable non-stationary environments, coordination in MARL becomes challenging

since agents must adapt to changing conditions and make decisions based on incomplete

information.

In addition to those discussed, MARL faces further challenges such as the curse of dimen-

sionality, sparse feedback signals, consensus issues, and emergent complexity (see Chapter

2). The "curse of dimensionality" refers to the exponential rise in computational demands

as the state or action space expands, often necessitating decentralized control in MARL

systems. Sparse feedback signals mean agents receive limited or infrequent feedback on

their actions’ outcomes. Consensus presents the difficulty of reaching agreement on optimal

actions among multiple agents with conflicting objectives. Emergent complexity describes

the phenomenon of system-level behavior emerging or arising from simple individual agent

interactions.

To tackle the challenges posed by partial observability and non-stationarity, our ap-

proach draws inspiration from Swarm Intelligence (SI) principles, notably communication

and behavioral feedback using digital pheromones akin to Ant Colony Optimization (ACO)

(discussed in Chapter 2). PERL leverages the phenomena of emergence in complex systems

to enhance coordination between self-organizing MARL agents. However, PERL in this

thesis, does not directly address the consensus limitation inherent in MARL.
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1.2 Problem Statement

A longstanding challenge in MARL lies in addressing the lack of coordination between

agents interacting in partially observable [14–16] and non-stationary [17–19] environments,

particularly at scale. Centralized MARL [20–23] lacks scalablity with the number of agents in

the system. Hence, we draw inspiration from decentralized multi-agent systems in nature like

ant colonies or bee swarms or bird flocks. These complex systems exhibit self-organization

that leads to emergent behaviour. In ACO (see section 2.5.1) for example, ants use stigmergy

as an indirect form of communication to influence swarm behaviour. SI techniques such as

stigmergy in ACO represent a viable indirect communication mechanism capable of fostering

coordination within partially observable and non-stationary environments. One pertinent

real-world problem that vividly exhibits non-stationarity and partial observability within

its environmental dynamics, thereby emphasizing the critical need for effective coordination

is traffic management.

1.3 Research Question

How can stigmergic communication mechanisms, such as Ant Colony Optimization (ACO)

from Swarm Intelligence (SI), enhance coordination in Multi-Agent Reinforcement Learning

(MARL) for environments characterized by partial observability and non-stationarity? Fur-

thermore, how efficiently can emergent behaviors resulting from local interactions coordinate

the actions of multiple agents to achieve system-wide objectives in real-world application

domains?

1.4 Hypothesis

We hypothesize that integrating stigmergy principles from ACO with MARL will induce

self-organization, resulting in emergent coordinated behavior in partially observable and

non-stationary environments. Specifically, our approach, PERL, can achieve this by integ-

rating digital pheromones and stigmergic processes into the state representation of MARL

agents. Alongside a novel positive feedback signal promoting minimal deviation in locally
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perceived pheromone levels, this integration facilitates emergent coordination among CAVs.

Through mechanisms such as evaporation and diffusion, the feedback from local interac-

tions is expected to influence global objectives, fostering self-organizing behavior aimed at

redistributing traffic and ultimately enhancing traffic flow in the system.

1.5 Pheromone-Enhanced Reinforcement Learning (PERL)

Our innovation, Pheromone-enhanced Reinforcement Learning (PERL), represents a sig-

nificant departure from traditional approaches. At its core, PERL leverages the concept

of stigmergy, wherein agents communicate indirectly through environmental signals rather

than direct communication. In our context, vehicles are assumed to utilize vehicular ad hoc

network (VANET) technology to sense and respond to pheromone signals left behind by

their counterparts.

Unlike conventional methods that rely on storing and processing sequential data frames,

the pheromone representation of the environment offers a dynamic and simplified snapshot

of the state. This pheromone-enhanced state, continually updates in response to changes in

the environment. Processes such as evaporation play a crucial role in PERL by gradually

removing old or outdated information from the pheromone field. This mechanism helps

prevent the accumulation of irrelevant data, ensuring that agents focus on the most relevant

and recent information available.

The evaporation factor ranges between 0 and 1 and is a representation of how much of

the old information will disappear. For example, if the evaporation factor is set to 0.3, then

30% of the old data will vanish.

Similarly, diffusion facilitates the spread of information from local areas to a more global

scale within the environment. This ensures that individual agent experiences are shared and

utilized effectively across the entire system, enhancing global coordination.

The diffusion factor also ranges between 0 and 1 and is a representation of how much of

the information contained locally will spread to surrounding areas. For example, if diffusion

factor is set to 0.7, then 70% of the local information will spread.

In our implementation, we adopt a strategy of discretizing (see Chapter 4) the pheromone
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field into zones. This approach serves to minimize computational overhead [24] and maintain

simplicity and interpretability of the pheromone field values during evaluation. This enables

us to effectively investigate the core concepts and principles underlying our hypothesis, while

mitigating potential computational challenges that may arise from attempting to model

complex, continuous environments.

1.6 PERL in Traffic

An extensively visible phenomenon in road networks today is traffic congestion. Charac-

terized by delays in travel time, road rage and accidents, increased fuel consumption and

carbon emissions, and longer waiting times [25], congestion is widespread on a global scale

[26]. There are two main categories of congestion - recurring congestion and nonrecur-

ring congestion. Recurring congestion is the expected congestion that occurs regularly, due

to vehicle density overwhelming the road capacity due to inadequate road provisioning or

sub-optimal technology to manage dynamic traffic flow; nonrecurring congestion includes

congestion caused by special events like concerts or sports events, construction work, and

other unpredictable events like the weather or road incidents [25]. Research indicates recur-

ring congestion forms only 45% of congestion, while nonrecurring congestion is responsible

for 55% of the overall congestion [27] (Figure 1.1).

Figure 1.1: Sources of congestion as detailed in [1]

Minimization of congestion is essentially an optimization problem. Reinforcement Learn-

ing (RL) as discussed further in chapter 2, a behavioural learning methodology based on
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trial-and-error in an environment that provides feedback, is known to work well for op-

timization problems [28]. Existing traffic flow optimization methods include intersection-

centric methods, both using centralized [20–23, 29–33] and decentralized architectures [34–

40]. Intersection-centric approaches usually refer to Urban Traffic Control (UTC) methods.

The central point of control in independent intersections is a junction controller that only

relies on local junction information and does not take into account any data from the other

intersections in the system. In coordinated intersections, a centralized control approach like

the Split cycle offset optimisation technique (SCOOT) [41], explained further in chapter 2),

optimizes signal timings for coordination of multiple intersections with the data from all

of them. Meanwhile, in the decentralized approach, every intersection has its own junction

controller for decision making, which also considers data from other intersections to best

coordinate system-wide traffic flow. However, UTC is more adept at dealing with the pre-

dictable (recurring) side of traffic congestion and often finds it difficult to quickly recover

from unpredictable changes in the system that cause congestion. Running individual single-

agent RL algorithms in a distributed manner for each vehicle-agent does not guarantee a

convergence to a system-level objective [35] and hence will not bring about system-wide level

of coordination. With the entry of CAVs, there was also some work based on the coupled

control of intersections and CAVs [42–44], including platooning work [45–48]. This type

of infrastructure-centric system that can exercise control over individual vehicles would be

quite useful for the transitionary period from the reliance on traffic-light control to fully de-

centralized CAVs depending on their penetration rate. As the adoption of CAVs in the real

world increases in the coming years, the natural course of action would be to replicate the

successful architectures in UTC for the new and improved CAV-based data in real-time. The

extrapolation of centralized approach used in UTC, however, will not scale with the number

of vehicles in real-world scenarios due to the curse of dimensionality (discussed in Chapter

2). This encourages the possibility of a distributed control approach to the vehicle-centric

coordination problem.

The advanced communication technology found in CAVs enables much more accurate

sensing of data that can be used to generate an accurate traffic state representation [49–51],

and the control of traffic flow could also be made more fine-grained and precise by virtue of
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Figure 1.2: Levels of autonomy detailed in [2]

autonomy of individual vehicles in real-time. An intuitively simple approach to coordinating

CAVs in a multi-agent setting can be derived from nature itself [9]. To do this, we must

conceptualize this system as a system that organizes itself without any external control.

Formally, it is referred to as a self-organizing system [52]. Due to the flexible re-structuring

seen in self-organizing systems, it is proposed to be much more effective in tackling the

larger non-recurring congestion problem. In this thesis, efforts are focused on evaluating

PERL in the context of traffic flow optimization, primarily during non-recurring congestion

scenarios.

Hence, we evaluate the effectiveness of PERL in multilane highways with dynamic block-

ages, negotiation at single intersection and multiple connected intersections.
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1.7 Thesis Assumptions

When designing and assessing PERL, this thesis makes several assumptions regarding the

deployment environment. These design assumptions serve to delineate the scope of the thesis

by defining the specific issues that PERL aims to address. Simultaneously, the assumptions

about the evaluation environment are dictated by the capabilities and constraints of the

simulation testbed utilized.

1. Failure-Free Agents: In our research, we assume that the agents, representing

entities within the system, operate without encountering failures. This means that

they are capable of maintaining consistent communication with their neighboring

agents and reliably receiving accurate information throughout the simulation. By

assuming failure-free agents, we can focus our analysis on the behavior and interac-

tions of the agents themselves, without having to account for potential disruptions

or communication breakdowns that may occur in real-world scenarios.

2. Homogeneous Agents: All agents in our system are assumed to be homogeneous,

meaning they share identical characteristics and capabilities. This includes uniform

acceleration and deceleration capabilities, ensuring that all agents behave in a consist-

ent manner. By assuming homogeneity among agents, we can simplify the modeling

and analysis process, as we do not need to account for variations in behavior or cap-

abilities among different agent types. This allows us to focus on understanding the

collective behavior of the system as a whole.

3. Synchronized System Time: We assume that system time is synchronized across

all agents in our simulations. This means that all actions and interactions within

the system occur simultaneously at fixed time intervals or multiples thereof. By syn-

chronizing system time, we can ensure that agents make decisions and execute actions

in parallel, facilitating coordinated behavior and interactions. This synchronized tim-

ing also allows for more efficient simulation and analysis of the system dynamics, as

it eliminates potential discrepancies in the timing of events between different agents.

4. Absence of Consensus Consideration in PERL: Since PERL relies heavily on

emergent coordination through self-organization, PERL in this thesis, not directly
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address the limitation of the lack of consensus building in MARL.

5. Simple grid-based networks: The experiments in this thesis are conducted exclus-

ively on simple grid-based networks. This choice allows for a controlled environment

to isolate and analyze the effects of self-organization and MARL without additional

complexities introduced by real-world topologies. However, this presents a potential

limitation, as real-world road networks exhibit irregular structures. The implications

of this limitation should be considered when extrapolating the results to practical

traffic scenarios.

Applying PERL to more realistic traffic scenarios would require relaxing several key

assumptions made in this study. The following challenges must be addressed for such an

extension:

• Network Complexity: Real-world road networks have varying intersection types,

irregular road lengths, and asymmetric lane structures, which may require additional

modifications to the environment representation in PERL.

• Heterogeneous Traffic: Unlike the homogeneous agents in these grid-based net-

works, real-world traffic consists of diverse vehicle types with different acceleration

profiles and route preferences, requiring more sophisticated learning dynamics.

• Scalability Concerns: Larger, real-world networks introduce computational chal-

lenges, as MARL algorithms must efficiently scale to thousands of interacting agents.

This may require distributed computing techniques.

• Realistic Data Integration: Extending PERL to real-world networks would ne-

cessitate integrating real-world traffic data (e.g., from city traffic sensors) to ensure

policy learning remains applicable in real deployment.

1.8 Contributions

• Development of Conceptual Framework for integrating stigmergy with

MARL: This research advances the conceptual framework by integrating principles

from swarm intelligence with MARL. Specifically, it implements methodologies for

merging stigmergic mechanisms, inspired by ACO, with MARL to address coordina-
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tion challenges within partially observable non-stationary multi-agent systems.

• Integration of Digital Pheromones with MARL: The research explores different

ways of integrating digital pheromones with MARL, including the embedding of pher-

omone within the state representation of the MARL agent, adding pheromone-based

exploration noise or direct action noise, and pheromone-based feedback signals.

• Novel feedback signal for system-wide objective: Our research introduces a

novel pheromone-based feedback signal incentivizing minimal deviation of local pher-

omone levels. This signal is designed to propagate throughout the system, promoting

global equalization in pheromone levels through stigmergy. By encouraging equalized

traffic redistribution, the system tends to converge towards a state consistent with

equilibrium-like behavior [53], which we regard as an attractor state for self-organizing

systems. This redistribution towards equilibrium-like states has been theoretically as-

sociated with improved traffic flow [54].

• Features for Pheromone Calculation: This research introduces application-specific

features for the calculation of pheromones, and their computation, requiring under-

standing of the application domain.

• Empirical Evaluation and Insights: Empirical evaluations conducted across vari-

ous traffic scenarios demonstrate the effectiveness of PERL in improving coordination,

establishing that PERL is application agnostic. It also provides theoretical insights

into the mechanisms of swarm intelligence and their applicability to multi-agent sys-

tems, shedding light on the potential of decentralized coordination mechanisms in

addressing complex real-world challenges.

1.9 Roadmap

The structure of the remainder of the thesis is as follows. Chapter 2 presents background

material and related research in the field, introducing measures of road traffic congestion,

adaptive traffic signal control, connected and autonomous vehicles, and self-organization

in nature, including concepts of swarm intelligence and Ant Colony Optimization (ACO),

as well as RL techniques with a focus on MARL. It also discusses evaluation criteria for

selecting algorithms. In Chapter 3, the state of the art is explored, justifying the choice
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of MARL over game theory in traffic management, reviewing existing literature on MARL

applications in cruise control, collision avoidance, and intersection management, and sum-

marizing any preliminary experiments if any, conducted in the field. Chapter 4 details the

methodology, including the design of self-organizing systems for traffic management, the

design of pheromone-based communication mechanisms in PERL, and our integration of

MARL with pheromone signals for decentralized control in different scenarios. Chapter 5

covers the implementation and simulation environment, providing an overview of the imple-

mentation process, software frameworks, and the simulation environment used for testing

and evaluation. Chapter 6 focuses on evaluation and results, presenting results from exper-

iments evaluating the proposed methodology, analyzing the performance of the integrated

MARL and pheromone-based approach, and discussing implications and areas for improve-

ment. Finally, Chapter 7 concludes the thesis, summarizing key findings and contributions,

reflecting on the significance of the research, and suggesting future research directions.
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2 Background

This chapter details the concepts and contextual information required to be able to digest

the rest of the document conveniently. Some of this information was also present in the

confirmation report [13] submitted earlier. It starts with the core problem of congestion

and how it is measured, goes on to detail how traffic signal control came about to what it

is today, then moves to the rise of disruptive CAV technology which encourages the idea of

self-organizing them. The section after that introduces self-organization as a concept and

how it is observed in nature and traffic flow. We then discuss communication in swarms as

an example of ways to induce self-organization. Finally, we move to the effectiveness of RL

as an optimization algorithm and then ponder over the use of MARL as a framework to

induce self-organizing behaviour in CAVs as a way to minimize congestion.

2.1 Measures of road traffic congestion

The term flow reminds us of a stream of steady flowing water from one point to another.

The flow of water can be measured as the volume of water passing through a point in a

given amount of time. If we compared this to traffic flow, it is not too different. Instead

of the volume of water, we measure the number of vehicles that pass per unit time. The

most predominantly apparent problem caused by poorly optimized traffic flow is the global

phenomenon of congestion. Congestion can be characterized by an increase in travel delay

and waiting times, higher chances of road incidents and accidents, road rage, inefficient fuel

usage leading to excessive costs of maintenance, and carbon emissions harmful to the en-

vironment. It is classified into two types, recurring and nonrecurring congestion. Recurring

congestion occurs when the demand for the usage of the road exceeds its capacity especially
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when there are excessive numbers of vehicles during peak hours, and it forms 45% of the

total traffic congestion. On the other hand, nonrecurring congestion is caused by uncertain

events like changes in weather, road incidents, construction work, and large sports or music

events. It contributes to 55% of the total congestion.

Some ways to measure congestion [25] in road traffic are by the vehicle speeds, the time

taken for travel, the delay caused by congestion, and a combination of these. For example,

the Speed Reduction Index (SRI) calculates a ratio between the average speed of vehicles

in a congested setting and the average speed of vehicles under free-flow conditions.

SRI = (1− v

vff
)× 10

where v is the actual average speed of vehicles and vff is the average free-flow speed. The

ratio is multiplied by a factor of 10 to keep the value between 0 and 10. Only a value

less than 4 would indicate non-congested flow. Another similar measure using the speed

of vehicles is the Speed Performance Index (SPI), which computes the ratio between the

average speed of vehicles to the maximum allowed speed on the road.

SPI =
vavg
vmax

× 100

where vavg is the average velocity of vehicles and vmax is the maximum possible speed (often

the speed limit). The range is shifted between 0 and 100 by multiplying it with a factor of

100. Values less than 25 indicate heavy congestion, less than 50 but more than 25 indicate

mild congestion, less than 75 but more than 50 indicate smooth conditions, and any value

above 75 indicates very smooth road traffic conditions. Measuring the time taken by a

vehicle to cover a specific segment of the road for the actual length of that segment gives us

a measure called travel rate, which could alternatively also be calculated from the inverse

of the average speed of vehicles.

Travel rate =
T

L
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OR

Travel rate =
1

vavg

where T is the time taken to cover a road of length L at speed v. Other measures that are

based on the travel rate and the time delay caused by congestion are delay rate and delay

ratio. Delay rate is simply the difference between the actual travel rate and the acceptable

travel rate, which is defined arbitrarily.

Delay rate = Actual travel rate−Acceptable travel rate

Delay ratio extends this measure to compute the ratio of delay rate to that of the actual

travel rate.

Delay ratio =
Delay rate

Acceptable travel rate

A popular measure used by the Highway Capacity Manual [55] is based on the Level

of Services approach. From the characterization of congestion itself, we can derive a ratio

between the occupancy of a given road segment to the capacity of vehicles it can hold,

called the Volume-to-Capacity ratio. This value classifies the congestion into 6 possible

classes from A to F, A being free flow condition and F being breakdown of flow.

V

C
=

Nv

Nmax

where V is the occupancy of the road and C is the capacity of vehicles that can fit on the

road, Nv is the mean volume while Nmax is the maximum number of vehicles that a road can

hold. More commonly used in urban areas is the Relative Congestion Index (RCI), which is

a ratio of the delay in travel time of vehicles and travel time under free-flow conditions. A

branch of this measure called the Road Segment Congestion Index utilizes the SPI measure

defined previously to measure congestion on a specific road segment. It ranges between 0

and 1, where 0 means heavy congestion.
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RCI =
(T − Tff )

Tff

where T is the actual time taken for travel, Tff is the time taken for free-flow travel.

Federal congestion measures are those used by the DOT-FWHA including congested

hours, travel time index and planning time index. Congested hours are simply the number

of hours during specifically identified intervals in a day when the average speed of vehicles

in the congested network is less than 90% of the possible speed in free-flow conditions.

Similarly, a travel time reliability measure known as the travel time index (TTI) compares

the average time taken by vehicles to travel in free-flow conditions with respect to average

travel time during the specifically identified peak hours when there are more vehicles in the

flow.

TTI =
Tpp

Tff
=

vff
vpp

where Tpp is the peak period travel time, Tff is the free-flow travel time, vff is the free-flow

travel speed,and vpp is the peak period travel speed. The planning time index (PTI) is

yet another measure of travel time reliability based on the travel time index. It is a ratio

between the 95th percentile travel time to the free-flow travel time.

PTI =
T95th

Tff

where T95th is the 95th percentile of time taken by vehicles for travel and Tff is the average

time taken by vehicles in free-flow settings. The percentile quantity here is used to represent

one of the worst-case scenarios for travel time. For example, if the PTI value is 2.5, it

indicates that vehicles will take 150% more time than the free-flow travel time to reach the

destination, and hence should plan to leave that much earlier to be on time for 95% of the

trips.

From the above-mentioned measures for congestion, the relevance of TTI and travel rate
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to the optimization objective, i.e., minimization of congestion for urban road traffic are valid

reasons to choose these as primary metrics to be evaluated.

2.2 Adaptive Traffic Signal Control (ATSC)

The core of Urban Traffic Control (UTC) systems is the actuation of traffic lights at junc-

tions either manually, based on fixed times, or in response to newly acquired data of the

traffic flow state [56]. The origin of traffic lights was a simple manually-operated and gas-

powered 2-light signal (red and green) indicating to vehicles to stop or go on a particular

lane. This was later replaced by electricity-powered traffic lights. The next stage in the

evolution of traffic lights was the introduction of fixed-time plans, that had fixed time in-

tervals for the passage of vehicles through a lane. The problem was that these plans could

cause delays in light traffic flow conditions due to the unnecessary waiting involved. They

also needed to be constantly updated by traffic engineers for it to be of any use, thus also

piling additional costs on top of that. A widely known example is the Traffic Network Study

Tool (TRANSYT).

Inductive loops installed in the roads at the junction entry points gave rise to vehicle-

actuated junctions relying on vehicle presence to change traffic signals. One of the earliest

data-driven UTC systems is the microprocessor optimized vehicle actuation (MOVA) that

uses data from the inductive loop detector for each lane and controls traffic signals based

on its analysis. Systems like MOVA were not considering the effect of decisions made at

one junction on the other adjacent junctions. So, it called for the coordinated version of

the vehicle-actuated junctions which gave birth to the most commonly used UTC system in

the world - Split cycle offset optimisation technique (SCOOT) [41], a centralized approach

that detects vehicle presence very frequently making over 10000 optimizations to the split,

cycle and offset time for 100 junctions. It also offers flexibility in overriding parameters

manually. Other UTC approaches that are in common use include the Sydney Coordinated

Adaptive Traffic System (SCATS) [57], Urban traffic optimisation by integrated automation

(UTOPIA), Real-time hierarchical optimised distributed and effective system (RHODES),

and method for the optimisation of traffic signals in online controlled networks (MOTION).
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SCATS is the next most common UTC system in the world. It combines the use of fixed-

time plans with data collected from inductive loops built into the pavement at intersections

to sense the passage of vehicles and collect information like speed and spacing between

vehicles (calculated from the timestamps between two successive detections of vehicles) to

dynamically update signal cycle and phase split timings. It primarily operates with many

distributed controllers but also has a manual override to switch to centralized control for

local junctions. The optimization algorithm responsible for dynamic signal time changes

is weak at optimizing the offset time at individual intersections [56] which was needed to

manage the effect of change in signal timings on the offsets for the neighbouring junctions.

Since then, more innovative methods of UTC have been researched. [58] used an algorithm

inspired by the Oldest Job First (OJF) job scheduling algorithm for traffic signal control

using data from vehicular ad hoc networks (VANETs) in connected vehicles. It was done

for a single or isolated intersection with no consideration for the effect on other junctions

in the network.

2.3 Connected and Autonomous Vehicles (CAVs)

Figure 2.1: Future of CAVs [3]

The emergence of CAVs is a combination of two ground-breaking advancements; one in
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autonomous vehicles (AV) technology, which turns vehicles into intelligent agents capable of

acting on the environment on their own and the other in connected vehicle (CV) technology,

that allows transmission of real-time data between these intelligent entities. This combina-

tion favours the idea of decentralized vehicle control by offering highly precise vehicle state

data which was not available before and the means to act on that data. It is clear from the

forecasted predictions for the coming years in Figure 2.1 that CAV technology is here to

stay.

To convert an ordinary vehicle to an autonomous vehicle, it is fitted with a few additional

modules that allow it to perceive and act. The perception module used for sensing the

world around them can consist of sensors like Radio Detection and Ranging (RADAR),

Light Detection and Ranging (LiDAR) and camera.

Vehicular Ad-Hoc Networks (VANETs) [59, 60] is the technology that encapsulates

Vehicle-to-Vehicle (V2V) communication, Vehicle-to-Infrastructure (V2I) communication

and Vehicle-to-Everything (V2X) communication used in CAVs. Inter-vehicle or V2V com-

munication enables the exchange of information between the vehicles. They could be single-

hop for short-range communication or multi-hop systems for long-range communication.

Roadside-to-vehicle communication or V2I enables the interaction of vehicles with Roadside

Units (RSUs). RSUs can be installed in traffic lights, parking meters, traffic cameras or

lane markers. An example of this interaction is the dynamic setting of the speed limit by

the RSU. V2X communication involves interaction with relevant components that are not

included in either V2V or V2I. For example, V2X powers communication for entities such

as pedestrians, by warning them about potential collisions on their smartphones.

With advancements in wireless technologies, conventional vehicles were enhanced with

VANET technologies, which made data exchange between vehicles, with the infrastructure

and even pedestrians possible. The short-range communication technologies for VANETs

include Bluetooth, Bluetooth Low Energy (BLE), Ultra-Wideband (UWB) communication,

and ZigBee.

Unlike short-range communication, medium-range communication technologies are espe-

cially useful for V2V and V2I interactions. These include Dedicated Short-Range Commu-

nication (DSRC) or wireless access in vehicular environments (WAVE). The scalability issue
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in DSRC communication is tackled in a long-range communication technology released by

the 3rd Generation Partnership Project (3GPP) called Cellular-V2X (C-V2X) technology,

which is based on the Long-Term Evolution (LTE) standard. It excels in reliability and

speed while supporting both short-range and long-range communications between vehicles

and RSUs. This was further improved upon on a later release by utilizing the 5G-new radio

interface and radio access technology (5G-NR) standard for 5G-NR V2X, which has close

to perfect reliability and low latency, advanced security and can be operated in unison with

LTE-based C-V2X technology transmissions so vehicles can access both. From the above,

5G-NR V2X communication technology seems to be the most promising in powering CAVs

for traffic flow optimization solutions.

2.4 Self-organization

The origin of the term self-organization lies in the fields of physics and chemistry. It was used

to explain the formation of macroscopic structures (molecules) or arrangements (physical

phenomena) from microscopic processes observed in out-of-equilibrium systems [9] attempt-

ing to reestablish equilibrium. The term self-organization is made up of two sub-terms - self

and organization. The word organization suggests the concept of change in internal struc-

ture or arrangement. And in this case, the word self is referring to the exclusive influence

of internal factors or local interactions between constituent parts of a system.

The ingredients required to call a process self-organizing [9] are as follows:

1. Positive feedback: The positive feedback can be thought of as a signal that com-

municates to the entities that a certain action or state leading from the action is

beneficial.

2. Negative feedback: Conversely, negative feedback is like a signal that communicates

undesirable states or actions that lead to undesirable states, like a penalty of sorts.

Both kinds of feedback are important as they will determine what kind of behaviour

or structural arrangement may emerge in the form of stable equilibrium. An everyday

occurrence of this kind of feedback can be seen in how parents instil morals in their

young person’s malleable mindset.
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3. Amplification of fluctuations: The randomness in a system is just as essential an

ingredient of self-organization since it helps explore new states of the system and

new opportunities to discover better arrangements or possible equilibrium states. A

simple example would be to imagine 3 people trying to walk through a small opening

at the same time. They fail constantly because there are no changes to the arrange-

ment and the same result is obtained as many times as they try the same pattern.

The amplification of positive and negative feedback signals for fluctuations assists in

bringing the system closer to equilibrium from a randomly discovered starting state

that acts as a seed.

4. Multiple interactions: A minimal density of entities to enable them to use not only

their own activities but also other’s activities as experience. A loose example of this

would be study groups, where deriving experience, both things to do, and not to do,

from your peers who may have already gone through the same experience before.

From the above-mentioned ingredients, we can say that self-organization can be defined

as a âset of dynamical mechanisms whereby structures appear at the global level of a system

from interactions among its lower-level componentsâ [9]. Self-organization can be charac-

terized more accurately using the following properties [61]:

1. Autonomy: Autonomy is the ability of a local entity to perform or act by itself

with the complete lack of external control on the system or any of its entities.

2. Global order: The global order describes the arrangement or structure that is

exhibited by the system as a consequence of the local internal interactions.

3. Emergence: Emergence is a phenomenon where the global properties and behaviour

that is observed in a system cannot be deduced just from looking more closely at

the properties and behaviour of individual components of the system. Emergent

behaviour is a consequence of the interaction between local entities of the system.

This behaviour is sometimes also simply known âas a whole that is more than its

partsâ [62]. Self-organization does not always lead to an emergent phenomenon, but

their coexistence in a complex system is quite common.

4. Dissipation: The dynamic nature of self-organizing systems with so many moving

parts stabilizes at some point to some equilibrium state. This is because there is a loss
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of energy in the system after continuously changing states initially. It is analogous

to how hot water slowly cools down as the energy that agitates the molecules starts

to dissipate into the surroundings.

5. Instability: The sensitivity of a self-organizing system to even the slightest of

changes in initial conditions and environmental factors can cause large modifications

in overall system behaviour. This implies that studying only individual behaviour

will not be able to explain the overall system properties that emerge.

6. Multiple equilibria: There is more than one possible state where the system is

stable, and the structure hardly changes. These states are also called "attractors".

7. Redundancy of components: Having a few replacements for the same entity and

its behaviour and function in the overall system, makes the entire system robust to

local failures of some individual entities. It is like having multiple backups of the

same data so losing one data point does not mean total data loss.

8. Adaptation: Adapting to any sudden variations in the environmental factors and

re-organizing the system to better tackle the situation is an essential property of a

self-organizing system.

9. Complexity: The complexity of the system comes from the fact that the global

properties and behaviour of the system cannot be reduced to a combination of its

local constituent properties.

10. Simple component interaction rules: The interaction rules between local entities

of the system are simple yet cannot be mapped to the global behaviour that it causes,

since it was not implied by the description of the interaction rules, i.e., the global

interactions are not explicitly clear from the local interaction rules.

11. Hierarchical pattern: Two noticeable hierarchies that are formed in a self-organizing

system is the level that describes internal interactions or local behaviour, and the

level which describes the emergent properties and global behaviour of the system.

Therefore, self-organization can be defined as a mechanism that allows a sys-

tem to move towards one of its possible stable states, i.e., reaching a state of

equilibria, by continuous rearrangement or reordering caused by interactions

between its constituent parts without any explicit external influence.
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A further classification of self-organizing systems [62] reveals that there are two types.

Weak self-organizing systems are those in which the re-organization of local components is

done by a centralized internal controller. This is sometimes seen in termite colonies where

the queen may act as the internal centralized controller. Strong self-organizing systems, in

which there is no explicit internal or external central control, are the ones that are usually

referred to whenever the term self-organizing system is mentioned. Ant colonies that go out

foraging for food form a path to any source of food that is found, and this is a valid example

of a strong self-organization system.

Self-organizing systems require the local entities to share information and interact with

each other. The mechanisms employed by these systems can be classified using 3 simple

factors. Firstly, the type of information that is exchanged between the local entities could

either be direct and explicit (marker information) or indirect and implicit (sematectonic

information). Secondly, if we consider the flow of information, the relevant information

could either be stored in a common information exchange area where all entities come to

collect it or the information could be diffused in the environment, analogous to transmission

of a broadcast signal. The last factor that can help in this classification is the way the

information received by the entities is used. It can be either used to trigger (trigger-based

or event-driven) the local entity that received the information or instruction to perform a

specific action or to imply (follow-through) multiple ordered actions to be performed by the

receiving entity.

2.4.1 In nature

Self-organization is a phenomenon prominent in nature and the real world. The most com-

mon examples of self-organization found in nature [61] are shown below.

There are many examples of self-organization in nature (see Figure 2.2). Based on

indirect interactions (stigmergy), the food foraging in ants is a prime example of self-

organization. They leave pheromones on paths and other ants follow this pheromone signal

based on a probability that increases with how strong the concentration of the pheromone

is. This reinforces the path to the food until the source is depleted. This mechanism was

termed ’Swarm intelligence’. The nest building in termites is also based on indirect
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interactions, where termites use pheromone signals to interact with other termites and

increase the chances of placing a brick (which is made of small objects and trash) on top of

one that already exists to form columns. The columns that are close to each other pull the

termites towards each other due to the proximity of the pheromones and serves to creates

an arching shape of the structure, which turns into a dome. Some simple plants and

bacteria use gradient fields of the pheromone they produce to form clusters (a single

supercell) and look for scarce resources in the environment. Gradient fields are based on

the concentration of pheromones and the stronger it is, the more individuals are attracted

to the point of the supercluster where the concentration is the strongest. This process is

formally called Molding. Most cells in biology undergo a process called Morphogenesis,

where the use of the gradient field of a substance called morphogen comes into play. During

this process, another cell can tell how far it is from the source of a morphogen by its gradient

concentration and can determine its own position (head, abdominal region) in the developing

embryo.

Figure 2.2: Self-organization in ants from [4]

The way spiders beautifully weave webs is actually because of a very simple process

of sematectonic interactions. Individual spiders prefer to walk on draglines (web fastened

between two points) instead of the ground, so they have a better chance of fastening the

web at the end of another dragline. There is also a small chance for them to move to a
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different node and create a new dragline. The balance between these two actions ensures

that a web is built. If the probability of walking on a dragline is too high, then the spider

is just walking along a dragline without really weaving a web-like structure. If itâs too low,

then there will be a lot of nodes and segments scattered without any real connection, so no

web is built.

Another type of mechanism seen in ants is based on sematectonic interaction. It ensures

that similar objects are placed on the same pile, for example, to sort eggs. Individual ants

walk randomly at first and collect objects at random, but place them in bunches where the

other objects look like the ones they want to place. This process is called Brood sorting.

The flocking of birds, schooling of fish and herding of livestock are three common

phenomena seen in nature all governed by the same 3 simple interaction rules, namely, to

maintain a certain distance, a common speed, and centre. In each of these groups, there is

at least one sentinel entity that is slightly more sensitive to environmental factors including

to the approach of predators. This means they react faster than the other individuals. So

when the sentinel entity moves, the other entities follow due to the interaction rules. It is

based on sematectonic information. In yet another type of mechanism as seen in lightning

bugs, there is a tendency of the individuals to copy the behaviour of the majority of the

individuals in the group. It is formally called the Quorum Mechanism. When a minimum

(critical) number of entities behave similarly, this phenomenon occurs when the lightning

bugs in a system all start to glow using their internal luminescence.

2.4.2 In traffic

Real-world problems in various fields like economics, ecology, and even management of

state-funded infrastructure (including urban road infrastructure), have a lot of features in

common. They are all large scale and have several autonomous entities in the system.

The relations between entities may change as and when they leave and reenter the system

at any point in time, i.e., the environment is open. The environmental dynamics and

that of its components are not predictable due to each local entity holding virtually no

or extremely limited knowledge of each other and the system. In all the above-mentioned

fields, the entities could be mobile. This means that they are constantly moving, and their
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communication range varies continuously. These similarities between different problem areas

imply that the challenges that arise from them will also be similar; challenges that are well-

suited to be tackled by self-organizing mechanisms.

The self-organizing phenomenon is prominent in multi-agent systems (MASs) since a

lot of the requirements for self-organizing systems are satisfied by them. âAn agent is an

encapsulated computational system that is situated in some environment and that is capable

of flexible, autonomous action in that environment in order to meet its design objectivesâ

[63]. In a MAS, there are multiple constituent entities or agents that are autonomously

acting upon the perceived environment to try and achieve either individualistic goals or one

common objective. They can interact with other agents and have a means of communicating

and coordinating certain types of behaviour as a whole. Hence, MAS offers a framework for

self-organizing mechanisms to be built into software. So, combining the multi-agent system

paradigm with self-organizing systems is a reasonable direction to pursue with the hope of

solving real-world problems.

For example, [64] use Ant Colony Optimization [65] (ACO) for traffic flow optimization

on a simulation of a real-world network in which the traffic model is not dynamic, which

means the flow rates are fixed and do not change with time. ACO draws inspiration from

ant colonies where the ants rely on pheromone concentrations to signal checkpoints and

self-organize a path of ants towards the food source (discussed further in section ??). [66]

tackle a dynamic traffic model with vehicles whose destinations are tagged by colours and

the concept of stench pheromones which prevents every vehicle from choosing the same

best route and causing congestion. The control of vehicles is based on Model Predictive

Control and raises scalability concerns. Similarly, [67] add in the coordination aspect with

some additional rules depending on the size of the platoon and availability of road after the

intersection in order to maximize the efficiency of green light phases. The self-organization

of traffic lights is supported by a dynamic coordination mechanism that allows for green

waves across multiple adjacent intersections at close proximity. In [68], it was implied

that self-organizing mechanisms are well-suited for decentralized completion of tasks by

agents and for the formation of clusters or groups of agents that have a common task or

goal. Similar to molding in nature discussed previously, one of the emergent behaviours
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in multi-agent self-organizing traffic systems is the platooning of vehicles [48], which is

when clusters of vehicles form groups and maintain lateral and longitudinal speed. Detector

data passed in communication between neighbouring intersections in [69] helps prediction

of arrival times of vehicles to the next intersection which in turn, makes it easier to find

the optimal signal timing. Another example of self-organization used for Urban Traffic

Control (UTC) [70] is derived from gradient fields of pheromones used in nature [71]. The

concept of co-fields, or computational fields is analogous to how objects move towards other

objects based on gravity fields. Self-organizing multi-agent systems are scalable and robust

to failures of individual components. They learn to adapt to the changing environment and

local interactions. However, a large chunk of current research in self-organizing multi-agent

systems was quite theoretical [72].

The scalability of the above examples can be called into question when considering real-

world traffic situations. The inter-vehicle communication technology powering CAVs now

encourages proposed research to go a step further for distributed vehicle control supported

by information exchange that can potentially induce self-organization in individual vehicles

for traffic flow optimization.

2.5 Swarm intelligence

The problem of coordinating multiple self-organizing entities using a decentralized manner

of control in a system gave rise to a group of methods capable of guiding the entities to

attain a global objective. These were called Swarm Intelligence (SI) methods [73]. Two well-

known methods that draw inspiration from natural systems are Ant Colony Optimization

(ACO) and Particle Swarm Optimization (PSO).

2.5.1 Ant Colony Optimization (ACO)

In ant colonies, the concentration of pheromones left by fellow ants causes ants to follow and

reinforce the shortest path towards a food source. ACO [65, 74] works on the same basic

principle of stigmergy, an indirect method of communication by making local modifications

to the environment only perceivable by other individuals in the same local area. To explain
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the working of ACO, the task chosen is distance optimization of the path to the food source.

For example, if the given path has only a single decision point between two different

routes, then given a choice between two different paths, in the presence of no pheromone

signals in either of the paths, i.e., no other ant has ever traversed through either of the

other paths, the ant is forced to choose randomly between the two. This means that the

first ant to traverse through the scenario will randomly pick between the two possible paths.

Out of these, the path chosen gets pheromone deposited to attract other ants. In the

case of differently sized paths, the pheromone deposited on the shorter path by stochastic

fluctuations in behaviour (Figure 2.3), due to its shorter length, has larger concentrations

of pheromone deposited earlier in the process since the ants return to the nest faster, and

the other ants are encouraged to traverse it more often than the longer path. Ant System

(AS) is the earliest example of an ACO algorithm. Improvements focused on the update of

the pheromone signal over the AS algorithm have lead to better algorithms like MAX-MIN

Ant System (MMAS) and Ant Colony System (ACS). Though all ACO algorithms work on

the basis of the same principle, there are minor differences between them as examined in

Table 2.1.

Algorithm Pheromone Update Equation
AS (1− ρ) · τij +

∑m
k=1∆τkij

MMAS [(1− ρ) · τij +∆τ bestij ]τmax
τmin

ACS

{
(1− ρ) · τij + ρ ·∆ρij if (i, j) is the best
τij otherwise

Table 2.1: Differences in pheromone update equations for ACO algorithms

τij is the pheromone concentration on the edge connecting points i and j, ρ is the

evaporation rate of the pheromone that mimics the same behaviour as observed in natural

ant pheromones, m is the number of ants, and the amount of pheromone deposited by the

ant k can be calculated based on the inverse of the length of the route. This means that the

smaller the route, the larger the concentration of pheromone deposited. MMAS improves

upon AS by making pheromone updates only on the knowledge of the best ant (∆τ bestij ),

and by bounding the pheromone update using a minimum and maximum value that are

tuned based on the problem. ACS goes further beyond and improves upon the algorithm by

introducing a local pheromone update which helps to expand the search for possible paths
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Figure 2.3: ACO process in Ants
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and encourage individual entities to explore during an iteration by reducing the probability

of individuals to exploit what another individual may have already explored. This is done

using the pheromone decay coefficient (φ) which updates the pheromone values offline as

follows:

τij = (1− φ) · τij + φ · τ0

where τ0 is the initial value of the pheromone concentration and φ ∈ (0, 1]

Particle Swarm Optimization (PSO)

According to the sociobiologist in [75], the advantages gained from individuals utilizing

experiences/discoveries of other individuals in the group outweighs the disadvantages of

induced competition between them for unpredictable distributions of resources. The core

of PSO [76] lies on the principle that each particle (individual) of the swarm (group) holds

a possible solution to the optimization problem. The particles then use globally available

information to iteratively update their individual behavioural properties until the desired

behaviour or goal is attained. PSO was inspired by the natural system observed in the

process of flocking of birds. It started as a simple simulation of the social environment in

which these animals interact to locate a food source. The movement was constrained using

a rule that matched the velocity of the closest neighbouring bird or agent. The concept of

craziness, analogous to the stochastic fluctuations in self-organizing systems was introduced

to allow a more natural rate of synchronization of the movement of the flock instead of the

quick and abrupt unanimous movement caused by hardcoded rules. As the concept of a

roost or an objective point was introduced, it was seen that the craziness variable became

obsolete since the roost location was a sufficient motivating factor for individual birds to

choose their best velocities. The roost location symbolized a food source like a cornfield.

Vectors (cornfield vectors) called pbestx and pbesty held a list of the x and y coordinates that

were thought to be the best according to each agent in the system. An additional variable

called gbest that held the index of the agent that had the best coordinates compared to all

other agents with respect to the cornfield was also added. Though previously the updates

to velocities were made using only the inequalities of the coordinates, it was realized that

taking the difference between the present and best coordinates yielded better results. Both
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the craziness factor and the velocity matching rules were dropped since the search seemed

better off without them.

The simplified version of PSO for a multi-dimensional problem looks like

vx[][] = vx[][]+2∗rand()∗(pbestx[][]−presentx[][])+2∗rand()∗(pbestx[][gbest]−presentx[][])

For example, if a particle’s velocity behaviour is to be updated on the x-axis, the equa-

tion above shows that it uses a combination of global knowledge from the best-known

x-coordinate globally (pbestx[][gbest]) and the best-known x-coordinate locally by the agent

(pbestx[][]). The double square brackets are to indicate a multi-dimensional vector. A SI

approach is possible in situations where certain principles are followed. Firstly, the swarm

should be able to carry out simple computations (proximity). Secondly, they should be

responsive to factors in the environment (quality). Thirdly, the response of each particle in

the swarm should not be nearly the same and should display some level of diversity. Lastly,

the behaviour of the swarm should change only when it steps closer to the global objective.

Like ACO algorithms, PSO is also an iterative algorithm. A qualitative analysis [73]

of the two has proven the superiority of the ACO algorithm in the distance optimization

scenario so frequently referenced.

2.6 Reinforcement Learning (RL)

The term ’Reinforcement Learning’ (RL) has many definitions and explanations, as per-

ceived by people from different areas of the scientific community. The intelligent entities

capable of perceiving and acting on their surroundings are called agents. The surroundings

that the agents act on is the environment. The virtual representation of the environment

as perceived by the agent is the state or observation. The next state that the agent would

end up in, along with the reward signal for the action taken or state the agent is in is

provided to the agent by the environment. The process of an agent learning in an

unknown environment by trial-and-error of actions making use of the reward

signals provided to formulate a plan that can help make better decisions in time

is called reinforcement learning. For example, even a baby learning to walk can be

modelled as a reinforcement learning process.
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Figure 2.4: MDP for RL as described in [5]

Formally, an environment in RL can be better visualized as a Markov Decision Process

(MDP). An MDP is a framework for defining a problem that can be solved using RL. It is

based on the Markov property which enunciates that the next state is only dependent on

the current state of the environment, and all the states leading up to it are irrelevant. A

visual representation of the process can be examined in Figure 2.4. "The MDP framework

is a considerable abstraction of the problem of goal-directed learning from interaction" [5].

The behaviour of the agent in the environment is controlled by a policy or a plan that

tells the agent how to act in any given situation of the environment. It will always try to

improve its policy to collect more rewards and eventually maximize them. For the agent

to learn and start choosing better actions, it needs to update its policy. While using the

immediate reward signals as the basis for these updates sounds like a good idea, it works

even better when the policy is tuned using an estimate of what the total reward collected

from that state would be, assuming it follows a certain policy. This is what the value

function does as represented in equation 2.1.

vπ(s) = Eπ[Gt|St = s],∀s ∈ S (2.1)

where vπ(s) denotes the predicted total value that an agent will collect in rewards from

state s onwards if it follows the policy π defined by

π(a|s) = P [At = a|St = s], ∀a ∈ A(s), s ∈ S (2.2)

where P [At = a|St = s] is the probability distribution of actions given the state.
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The expected return Gt in equation 2.1 can be computed as

Gt = Rt+1 + γRt+2 + γ2Rt+3 + · · ·+ γkRt+k+1 =
∞∑
k=0

γkRt+k+1 (2.3)

in which γ is called the discount factor which can vary from a scale of 0 to 1 depending on

how much importance the agent wants to give to future rewards for value calculation, and

Rt represents the immediate reward at time t. The discount factor is inspired by animal

behaviour that shows a higher preference for immediate rewards.

An optional constituent in RL is the model that predicts the dynamics of how the envir-

onment would react to the actions of the agents, in terms of what state will be observed by

the agent when it performs a certain action. This is called the state transition probability

function. The presence or absence of this component creates a split between two broad

classifications in RL methods; model-based and model-free methods. Model-based RL al-

gorithms can make use of the transition probability function and make it sample-efficient.

However, model-free algorithms avoid the complexities of learning a model and instead learn

just by interacting with the environment. It is quite difficult to generate a perfect model

of the environment in real-world problems, and as such model-free algorithms are more

popular.

A policy that can select actions such that it maximizes the expected return is the optimal

policy. "There is always at least one optimal policy that is better than or equal to the other

policies" [5]. There could also be more than one, and they all will have the same value

function. The optimal value function is obtained using the recursive Bellman-optimality

equation:

V∗(S) = max
a

[Ra
s + γ

∑
S′

P a
SS′V∗(S

′)] (2.4)

where V∗(S) is the optimal value for a given state S observed by the agent, Ra
s is the

immediate reward obtained by the agent upon taking an action a in state S, γ is the

discount factor, P a
SS′ is the probability transition function for state S to state S′ by taking

an action a, and V∗(S
′) is the optimal value function for the next state S′. A policy
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π ≥ π′ ⇐⇒ vπ(s) ≥ vπ′(s)∀s ∈ S. This means that the optimal policy π∗ is the one who’s

value function is v∗(s) = maxπ vπ(s) (optimal).

RL algorithms are sometimes also classified on the mechanism by which the actions are

picked. In policy-based methods, an explicit policy that maps a state to action is built and

stored in memory. Conversely, in value-based methods, a value function is stored and the

policy is derived by choosing the actions greedily based on the value. Though storage of these

values and policies was done using a tabular-based method earlier, most algorithms have

moved to use function approximation owing to its cheap computation and memory resource

usage even with increasing state and action dimensions. This function approximation is often

done using neural networks and leads into the area of Deep Reinforcement Learning (DRL).

Algorithms that combine the strengths of the value-based and policy-based mechanisms

are called actor-critic methods, where the actor-network represents the approximation of

the policy and the critic-network represents the value function predictions. REINFORCE

[5] is a policy gradient algorithm, while Deep Q-Networks (DQN) [77], Double DQN [78]

and Dueling DQN [79] are common examples of value-based methods showcased in multiple

Atari games to beat human-level performance. Some notable examples of astonishing results

achieved using actor-critic methods are displayed in simulated experiments involving robot

locomotion, walking, and even navigating 3D mazes from visual input using Proximal Policy

Optimization (PPO) [80], Trust-Region Policy Optimization (TRPO) [81] and Asynchronous

Advantage Actor-Critic (A3C) [82]. All the above-mentioned algorithms are model-free. The

most notable examples of model-based algorithms are AlphaZero [83] for chess gameplay

good enough to beat a world-champion, AlphaStar’s [84] multi-agent RL algorithm that

reached the rank of grandmaster (among the top 0.2% of human players) in a real-time

strategy game called StarCraft II, and the recent groundbreaking AlphaFold [85] for protein

folding with biological applications including medicine. RL has been a successful approach

to many real problems, even UTC.

Deep Q-Networks (DQN) [28], a reinforcement learning algorithm was used by [21] to

reduce travel time at an urban intersection. Similar research was done in [29] where the

traffic state is detected using a convolutional neural network (CNN) [86] that then merges

into the DQN layers. However, all the above-mentioned work was done on a single or isolated
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intersections and do not consider the effects of signal changes in the said intersection on other

intersections in the network, i.e., it lacked coordination between multiple intersections. [35]

uses a centralized DQN controller for multiple (4 intersections with 4 possible phases = 44 =

256 possible actions) intersection signal control. It uses a CNN on the images of the traffic

states at said intersections. The CNN extracts relevant features and feeds them into the

DQN as input. The centralized controller, though not requiring any explicit communication

for coordination, will not scale as the number of intersections increases. Another ATSC

method [31] uses the YOLO (You Only Look Once) [87] object detection algorithm to

generate traffic density state information from a static image, which is fed into the Q-

Learning algorithm as input to select the green phase timing for the intersection. Similarly,

[33] used Actor-Critic methods (A2C and A3C respectively) [82] to select phase timings for

traffic lights in order to reduce waiting times and delay of vehicles at the intersection. All

the work done so far is either focused on isolated intersections without any coordination

with adjacent intersections or use a centralized approach for control, which won’t scale with

the number of CAVs as agents in the real world. This is why a framework that integrates

the learning techniques of RL into systems with multiple entities is required.

2.6.1 Offline RL

In Offline RL, the collection of data/experiences and the learning happen on different

threads. The focus lies on leveraging past experiences to inform decision-making processes.

This stands in contrast to traditional RL techniques that rely on continuous interaction

with the environment to learn and refine strategies. The challenge with offline RL is ensur-

ing that the policy derived from past experiences remains applicable and effective in novel

situations.

2.6.2 Online RL

In Online RL, both the collection of experiences and the learning happen simultaneously.

The primary focus shifts towards learning and refining decision-making strategies through

continuous interaction with the environment. Unlike Offline RL, which relies on pre-existing

datasets, Online RL algorithms actively engage with the environment in real-time to gather
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information and adapt their policies accordingly. The challenge lies in striking the right

balance between exploring new possibilities and exploiting known strategies to maximize

long-term rewards.

Features Online RL Offline RL
Speed Slow (✗) Fast (✓)

Memory Usage Low (✓) High (✗)
Learning Efficiency High (✓) Low (✗)
Sample Efficiency Low (✗) High (✓)

Real-time Feedback Yes (✓) No (✗)
Batch Processing No (✗) Yes (✓)

Exploration Continuous (✓) Fixed (✗)
Scalability Limited (✗) High (✓)

Data Collection Simultaneous (✓) Pre-collected (✗)
Suitability for MARL Low (✗) High (✓)

Table 2.2: Comparison of Online and Offline RL for Self-Organization in MARL

2.6.3 Model-free RL

In Model-free RL, the learning process occurs without explicit knowledge or modeling of the

underlying environment dynamics. Instead, agents directly learn optimal policies through

trial-and-error interactions with the environment. This approach is particularly suited for

scenarios where the environment is complex or poorly understood, making it challenging to

construct an accurate model. Model-free RL algorithms, such as Q-learning and SARSA,

focus on iteratively improving policies based solely on observed experiences without the

need for a predefined model. However, one of the main challenges with model-free RL is the

potential for inefficient exploration and slow convergence, especially in high-dimensional

or complex environments. Additionally, model-free RL may struggle to generalize well

to unseen situations, limiting its applicability in certain real-world settings. This is also

currently the more popular type of RL today.

2.6.4 Model-based RL

In contrast to Model-free RL, Model-based RL involves explicitly modeling the dynamics of

the environment. Agents use these learned models to simulate possible future scenarios and

plan actions accordingly. By incorporating a model of the environment, Model-based RL
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algorithms can potentially achieve more efficient and effective decision-making compared

to their model-free counterparts. However, constructing accurate models of complex en-

vironments can be challenging, especially in scenarios with high uncertainty or non-linear

dynamics. This also means that model-based algorithms may suffer from computational

complexity and require significant computational resources for model learning and plan-

ning. Despite these challenges, model-based RL offers the advantage of improved sample

efficiency and the ability to make informed decisions even in situations where direct explor-

ation is costly or impractical.

Features Model-Free RL Model-Based RL
Flexibility High (✓) Low (✗)

Sample Efficiency Low (✗) High (✓)
Computational Efficiency High (✓) Low (✗)

Planning Horizon Short-term (✗) Long-term (✓)
Accuracy Not always accurate (✗) More accurate (✓)

Robustness Sensitive to noise (✗) More robust (✓)
Realistic Closer to real-world problems (✓) Not realistic (✗)

Learning Stability May suffer from instability (✗) More stable learning (✓)

Table 2.3: Comparison of Model-Based and Model-Free RL

2.7 Evaluation criteria used to select algorithms

2.7.1 Learning efficiency

Learning efficiency measures how rapidly an agent can learn optimal policies or value func-

tions from interactions with the environment. A highly learning-efficient algorithm can

effectively utilize available data to make informed decisions and adapt its strategies in re-

sponse to changes in the environment. Evaluating learning efficiency involves assessing

factors such as convergence speed, computational complexity, and the ability to generalize

learning across different scenarios.

2.7.2 Sample efficiency

Sample efficiency reflects how well an agent can derive meaningful insights and make in-

formed decisions with minimal interaction with the environment. An algorithm with high
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sample efficiency requires fewer samples or experiences to achieve comparable performance

to algorithms that demand larger datasets. Evaluating sample efficiency involves examining

the trade-off between the quality of learning and the amount of data required, as well as

assessing techniques for effective exploration and exploitation of available information.

2.7.3 Exploration

Exploration refers to the strategy employed by an RL algorithm to discover new states or

actions in the environment. Effective exploration is crucial for discovering optimal policies

and avoiding premature convergence to suboptimal solutions. Evaluation of exploration

strategies involves assessing the algorithm’s ability to balance between exploiting known

information to maximize immediate rewards and exploring new possibilities to uncover po-

tentially better solutions. Factors such as exploration-exploitation trade-offs, exploration

strategies (e.g., epsilon-greedy, optimistic initialization), and the ability to handle explora-

tion in high-dimensional or complex environments are considered.

2.7.4 Scalability

Scalability measures aspects such as computational efficiency, memory usage, and algorithmic

complexity. Evaluating scalability involves analyzing how well an algorithm can handle lar-

ger datasets, more complex environments, or increased computational demands without

sacrificing performance or efficiency. Factors such as parallelization, distributed computing,

and algorithmic optimizations are considered.

2.7.5 Realism

Realism evaluates how accurately the algorithm captures real-world environment dynamics

and complexities (model-based vs. model-free argument). Evaluating realism involves com-

paring the algorithm’s behavior and performance in simulation or real-world environments

to expected real-world outcomes and assessing its ability to generalize beyond training data.
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2.7.6 Hyperparameter Sensitivity

Hyperparameter sensitivity assesses how significantly an algorithm’s performance is affected

by variations in its hyperparameter settings. Some require precise tuning of hyperparameters

such as learning rate, exploration-exploitation parameters, or network architectures. Highly

sensitive algorithms may suffer from instability or degraded performance if hyperparameters

are not optimally configured. In this research, we prioritize algorithms with low hyperpara-

meter sensitivity, as our primary focus is on analyzing the integration of pheromones with

MARL to induce self-organization.

2.7.7 Ease of Use

Ease of use considers factors such as ease of implementation, configuration, and integra-

tion into existing systems. Evaluating ease of use involves examining documentation, code

readability, availability of libraries or frameworks, and support for common programming

languages. Additionally, user-friendly interfaces, tutorials, and examples contribute to the

overall ease of use of an RL algorithm. Factors such as flexibility, modularity, and compat-

ibility with standard development tools are also considered when evaluating ease of use.

Table 2.4: Comparison of Selected Algorithms Based on Evaluation Criteria

Algorithm LE SE EX SC RE EU HS
Q-Learning Mod Low Basic Poor Low High High

DQN High Mod Imp. Mod Low Mod High
PPO High High Adv. High Mod Mod Mod
TD3 High High Soph. High Mod Mod Mod

Legend: LE = Learning Efficiency, SE = Sample Efficiency, EX = Exploration, SC = Scalability,
RE = Realism, EU = Ease of Use, HS = Hyperparameter Sensitivity. Low = Poor, Mod =

Moderate, High = Strong, Basic = Simple exploration (e.g., ϵ-greedy), Imp. = Improved (e.g.,
experience replay), Adv. = Advanced (policy-based), Soph. = Sophisticated (e.g., twin critics).
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2.8 Algorithms used

2.8.1 Q-Learning

Q-Learning [88] is a fundamental algorithm that learns the optimal action-value function

directly from observed experiences. It iteratively updates estimates of the quality of actions

(Q-values) based on the observed rewards and transitions between states. Q-Learning is

known for its simplicity and ability to handle discrete action spaces efficiently. However, it

may struggle with large or continuous action spaces due to the need to maintain a separate

Q-value estimate for each action.

2.8.2 Deep Q-networks (DQNs)

Deep Q-networks (DQNs) [89] represent a significant advancement in RL, specifically in

handling high-dimensional state spaces encountered in complex environments. Unlike tra-

ditional tabular methods like Q-Learning, which store Q-values for each state-action pair in

a table, DQNs leverage the power of deep neural networks to approximate the action-value

function.

The key innovation of DQNs lies in their ability to learn a mapping from raw sensory

inputs (such as images or sensor readings) directly to Q-values, without the need for ex-

plicit feature engineering. By utilizing deep neural networks, DQNs can effectively process

complex and continuous state spaces, making them suitable for tasks with high-dimensional

observations.

However, training DQNs poses several challenges. One significant issue is the instability

and divergence that can occur during training. This instability often stems from the non-

linear nature of neural networks and the correlations present in consecutive observations.

As the neural network parameters are updated during training, the Q-values may fluctuate,

leading to suboptimal or divergent behavior.

To address these challenges, researchers have proposed various techniques and improve-

ments to stabilize DQN training. These include experience replay, where past experiences

are stored and sampled uniformly during training to break correlations between consecut-
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ive observations. Additionally, techniques such as target networks and double Q-learning

have been introduced to mitigate the divergence issues by stabilizing the Q-value estimates

during training.

Despite these challenges, DQNs have demonstrated remarkable success in various do-

mains, including video games, robotics, and autonomous driving. Their ability to learn

directly from raw sensory inputs and handle high-dimensional state spaces makes them a

powerful tool for tackling complex RL problems.

Figure 2.5: DQN architecture [6]

2.8.3 Proximal Policy Optimization (PPO)

Proximal Policy Optimization [90] (PPO) is a policy optimization algorithm that aims to

maximize the expected cumulative reward by iteratively updating the policy parameters.

Unlike value-based methods such as Q-Learning and DQN, PPO operates directly on the

policy function, adjusting the policy parameters to improve performance. PPO is known for

its simplicity, stability, and sample efficiency, making it a popular choice for training deep

RL agents, especially in environments with continuous action spaces.

The core idea behind PPO is to iteratively update the policy parameters while ensuring

that the updates are "proximal" to the current policy. This means that the updated policy
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remains close to the current policy, preventing drastic changes that could lead to instability

during training. By controlling the magnitude of policy updates, PPO aims to maintain

stability and improve sample efficiency. Despite its simplicity, PPO has been shown to

achieve competitive performance across a wide range of RL tasks, including continuous

control and robotic manipulation.

Figure 2.6: PPO architecture [7]

It is known for its stability during training, which is crucial for effectively learning com-

plex policies in high-dimensional state and action spaces. By constraining the magnitude

of policy updates and incorporating techniques such as clipped surrogate objectives, PPO

mitigates issues such as policy oscillations and divergence, ensuring smooth and efficient

learning. Another advantage is its sample efficiency, meaning it can achieve good perform-

ance with fewer training samples compared to other RL algorithms. Overall, PPO is a robust

and effective algorithm for training RL agents, especially in environments with continuous

action spaces.

2.8.4 Twin Delayed DDPG (TD3)

Twin Delayed DDPG [91] (TD3) is an improved version of the Deep Deterministic Policy

Gradient [92] (DDPG) algorithm that addresses several limitations and challenges. TD3

introduces twin critics and delayed policy updates to enhance stability and robustness during

training. By using two separate critic networks to estimate the Q-value, TD3 reduces

the overestimation bias and improves the quality of value estimates. Additionally, the
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delayed policy updates in TD3 help stabilize the learning process and prevent premature

convergence, leading to more robust and efficient training.

In TD3, the main focus is on learning the Q-function (action-value function), which

estimates the expected return for taking a particular action in a given state. The algorithm

aims to improve the accuracy and stability of the Q-function estimates by using twin Q-

functions and delayed updates. These enhancements help mitigate overestimation bias and

improve the performance of the value function approximation.

While TD3 primarily focuses on learning the Q-function, it still utilizes a deterministic

policy, similar to DDPG. The policy in TD3 is learned alongside the Q-function, but it

is used mainly for exploration purposes rather than being the primary driver of action

selection. Therefore, despite having a policy component, TD3 is fundamentally a value-

based algorithm.

Figure 2.7: TD3 architecture [8]

In summary, TD3 is classified as a value-based reinforcement learning algorithm, but it

incorporates elements of policy learning to improve exploration and learning stability.

Based on the evaluation of the listed criteria, PPO and TD3 were selected as the most

suitable algorithms for this research.
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Algorithm Offline/Online Model-based/Model-free Value-based/Policy-based
Q-learning Online Model-free Value-based

DQN Online Model-free Value-based
PPO Online Model-free Actor-Critic
TD3 Offline Model-free Value-based

Table 2.5: Classification of algorithms used

2.9 Multi-agent Reinforcement Learning

Multi-agent Reinforcement Learning (MARL) is an extension of RL that deals with scen-

arios where multiple autonomous agents interact with each other and their environment.

Unlike single-agent RL, MARL involves coordination, competition, and collaboration among

agents, making it applicable to a wider range of real-world problems such as multi-robot

systems, autonomous vehicles, and cooperative gaming environments.

Decentralized MARL presents a promising approach for coordinating autonomous agents

in complex environments. However, there are several challenges that must be addressed to

realize its full potential:

2.9.1 Curse of Dimensionality

The exponential growth of state and action spaces with the number of agents poses signi-

ficant computational overhead, limiting the scalability of MARL algorithms. This is often

addressed through the Centralized Training Decentralized Execution (CTDE) paradigm,

which involves training a single centralized policy that is shared among multiple agents.

During execution, each agent operates autonomously with its own copy of the policy. This

approach helps to mitigate the computational complexity associated with the exponential

growth of state and action spaces as the number of agents increases.

2.9.2 Partial observability

Partial observability refers to the scenario where an agent does not have complete informa-

tion about the environment or the actions of other agents. This lack of complete information

can pose challenges in decision-making and learning for the agent. Partial observability com-

plicates the learning process as agents must reason about the hidden information and infer
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the intentions and behaviors of other agents based on the partial observations available to

them. This need for coordination in partially observable environments is mostly addressed

by strategies for communication [14, 15] between the agents or belief state estimation [16].

2.9.3 Non-Stationarity

The actions and policies of other agents continuously change as they each perform their

own actions. Adapting to dynamic and evolving environments while maintaining stable and

effective policies presents a challenge [17] for decentralized MARL algorithms.

The standard approach for addressing non-stationarity in MARL involves considering

information about other agents and reasoning about them. However, existing approaches

are not always able to effectively handle sparse good experiences in a scalable manner

[18]. Information-theoretic constraints on methods for MARL in mixed cooperative and

competitive games have been explored to address non-stationarity in [19].

Some research on the integration of optimal transport theory with MARL has been

explored as a means of addressing non-stationarity [93].

[94] explores combat scenarios within MARL where agents adapt to non-stationary en-

vironments.

To improve MARL performance in the face of reward sensitivity and non-stationarity, a

hybrid framework called RACE has been proposed, utilizing Evolutionary Algorithms (EA)

[95]. Overall, addressing non-stationarity in MARL remains a key focus of research, with

various approaches and frameworks being developed to tackle this challenge.

2.9.4 Learning from Sparse Rewards

Delayed or infrequent rewards, or feedback only for specific actions, pose challenges for

learning effective policies in both single-agent RL and decentralized MARL. Agents may

struggle to learn informative gradients or signals for updating their policies, leading to slow

convergence and suboptimal performance. A popular way this is addressed is Hindsight

experience replay [96], where the key idea is to leverage failed experiences encountered

during training by relabeling them to turn them into learning opportunities.
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2.9.5 Coordination and Consensus

Achieving coordination and consensus among decentralized agents with conflicting object-

ives or limited communication capabilities is a fundamental challenge in MARL. Designing

mechanisms for resolving conflicts, negotiating agreements, and achieving global convergence

poses significant technical and algorithmic challenges.

Current MARL methods primarily focus on improving individual policies, neglecting

group-level policies and resulting in weak cooperation. To address this issue, a novel

Consensus-oriented Strategy (CoS) has been proposed, emphasizing both group and in-

dividual policies simultaneously [97]. Distributed cooperative MARL frameworks typically

assume undirected coordination graphs and communication graphs without utilizing any

consensus algorithm [98]. These attempts highlight the importance of addressing coordina-

tion and consensus in MARL to enhance cooperation among agents.

2.9.6 Emergent Complexity

Decentralized MARL can give rise to the emergence of unintended behaviors or conflicts

among agents. Understanding and guidance of this emergent behavior in the system requires

coordination mechanisms to ensure stability and effectiveness.

MARL is being used as a key tool in addressing emergent complexity in decentralized

systems, particularly in the context of distributed intelligent systems [99]. [100] discuss

techniques for centralized training of MARL using DQN as the baseline model, highlighting

the importance of communication between agents, as a means of coordination.

Decentralized signal control in multi-modal traffic networks [101] may use direct com-

munication strategies to address emergent complexity. On a similar thread, [102] achieves

multi-agent cooperation through unsupervised learning of joint intentions.

There is also research that focuses on explainable Artificial Intelligence (AI) [103] to

gain insights into agent behavior in cooperative MARL, highlighting the importance of

understanding agent training behavior in addressing the phenomenon of emergence.

The existing indicates a growing interest in addressing emergent complexity in MARL

through various approaches and frameworks, emphasizing the importance of communication,
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coordination, and understanding agent behavior in multi-agent systems.

2.10 Summary

This chapter provided a comprehensive background on key concepts relevant to this research.

It covered measures of road traffic congestion, adaptive traffic signal control (ATSC), and

the role of connected and autonomous vehicles (CAVs). The discussion on self-organization

and swarm intelligence introduced decentralized decision-making mechanisms inspired by

natural systems. Reinforcement Learning (RL) was presented as a foundational approach,

alongside an overview of different RL paradigms and the unique challenges associated with

multi-agent reinforcement learning (MARL).

To evaluate RL algorithms for this study, several criteria were considered, including

learning efficiency, sample efficiency, exploration strategies, scalability, realism, ease of use,

and hyperparameter sensitivity. Given the complexity of multi-agent systems, it is benefi-

cial to control certain variables to better isolate and analyze the impact of specific factors

involved in self-organization. Based on these considerations, Proximal Policy Optimization

(PPO) and Twin Delayed DDPG (TD3) were selected as the most suitable algorithms for

further investigation Based on these factors, Proximal Policy Optimization (PPO) and Twin

Delayed DDPG (TD3) were selected as the most suitable algorithms for further investiga-

tion.

The next chapter reviews the state of the art in the intersection of stigmergy and MARL,

examining how indirect communication through the environment can influence learning and

coordination to induce self-organization in multi-agent systems.
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3 State of the Art

The pursuit for efficient optimization solutions in complex systems has led to the explor-

ation of various methodologies, including traditional rule-based models [104], game theory

approaches, and fuzzy logic systems. However, these methods often struggle to adapt to

dynamic changes and fail to fully optimize outcomes in real-time scenarios.

Rule-based systems rely on predetermined sets of rules and heuristics. While effective in

certain controlled environments, they struggle to adapt to dynamic changes in environments

and fail to optimize in real-time. Game theory based approaches like [105], [106] [107], [108],

[109], [110], [111], [112], [113], which model complex systems as strategic interactions among

rational agents, are constrained by assumptions of perfect information (full observability),

since most real-world problems are partially observable (see section 2.9.2).

Moreover, fuzzy logic systems like [114], [115], [116] which employ linguistic variables

and fuzzy rules to model decision-making processes, face challenges in accurately capturing

the nuanced interactions and behaviors.

In contrast, Reinforcement Learning (RL) algorithms have emerged as a promising

paradigm for optimization [117–119], leveraging principles of learning and adaptation to

dynamically adjust strategies based on feedback and environmental cues. By treating op-

timization problems as sequential decision-making tasks, RL algorithms can continuously

refine their strategies to improve outcomes.

RL’s adaptability and learning capabilities make it well-suited [120] for addressing the

complexities of real-world optimization challenges, where traditional methods often fall

short. As optimization challenges evolve, the limitations of conventional approaches be-

come more apparent.
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While RL has been primarily applied in contexts such as Traffic Signal Control (TSC)

[121], there is growing interest [122, 123] in extending its capabilities to more complex

scenarios through Multi-Agent Reinforcement Learning (MARL). MARL extends traditional

RL approaches to scenarios where multiple agents interact within a shared environment,

offering promising solutions for holistic and adaptive optimization strategies.

One of the key challenges in applying MARL to optimization problems is non-stationarity

(section 2.9.3), which can be addressed through mechanisms for coordination and communic-

ation among agents. By fostering cooperative behavior and information exchange, MARL

systems can adapt to dynamic changes in the environment and optimize outcomes more

effectively.

In this review, we explore the state-of-the-art work done in Swarm Intelligence (SI)

and MARL, applications of MARL in various areas of traffic management, the mechanisms

for coordination and communication, and decentralized control strategies that foster self-

organization. Highlights of the related state-of-the-art work is presented in Table 3.1.

3.1 Limitations of Existing Approaches and Motivation for

PERL

Many works, such as [124] and [125], successfully demonstrate some form of self-organization

through pheromone-inspired mechanisms. However, they are limited to fully cooperative en-

vironments, which makes them unsuitable for real-world traffic, where vehicles must balance

cooperation (e.g., platooning, merging) and competition (e.g., lane changing, intersection

priority).

Other works, such as [127] and [132], explore competitive routing strategies using pher-

omones. These approaches, inspired by Ant Colony Optimization (ACO), allow vehicle

agents to dynamically reroute and decongest traffic. However, they are either rule-based

([132]) or rely on a centralized architecture ([130]), limiting their ability to generalize across

varying traffic scenarios.

A fundamental challenge among most existing approaches is that they are not simultan-

eously decentralized, simple to implement, and interpretable for the chosen problem domain,
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Table 3.1: Comparison of Self-Organization and MARL Approaches

Work Summary State Space Action Space
[124] Self-organization in MARL via stigmer-

gic communication using pheromones in
a particle environment.

Discrete Discrete

[125] PooL: pheromone-inspired communica-
tion using standardized Q-values for
MARL in a particle environment.

Discrete Discrete

[126] Pheromone-based communication frame-
work using Navier-Stokes equations for
robot collision avoidance (Gazebo).

Continuous Continuous

[127] Repelling pheromone (inspired by ACO)
for vehicle routing, reducing trip duration
and fuel consumption.

Discrete Continuous

[128] PCDQN: combines DQN with stigmergic
communication in a partially observable
environment for minefield navigation.

Discrete Discrete

[129] ACO-inspired stigmergic rule-based
algorithm combined with hierarchical
MARL for scalability.

Continuous Discrete

[130] MARL vehicle routing for CAVs using
ACO-inspired pheromones in SUMO; re-
duces trip time.

Discrete Continuous

[131] MARL with stigmergic communication
for emergent platooning in vehicles.

Continuous Discrete

[132] CAV routing in SUMO using inverse
pheromones inspired by ACO to distrib-
ute traffic and reduce congestion; no
learning.

Discrete Continuous

[133] Independent RL (IRL) in a multi-agent
setting using stigmergic communication
for collaboration.

Continuous Discrete

PERL Integrates zone-based pheromone in
MARL to induce self-organization
in environments, using pheromone-
dependent reward signals and
pheromone-enhanced states.

Continuous Discrete

which involves a mixed environment of cooperation and competition.

• Decentralization: Some methods ([128], [130]) incorporate centralized learning, cre-

ating bottlenecks that hinder the potential for real-world scalability.

• Simplicity: Works such as [126] and [125] introduce complex CNN-based processing

pipelines or require advanced fluid dynamic modeling ([126]), making real-world de-

ployment challenging.
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• Interpretability: Several approaches ([128], [133]) leverage black-box reinforcement

learning models, making decision-making opaque and harder to analyze for real-world

adaptation.

To illustrate these gaps, Table 3.2 presents a comparative analysis of existing approaches

based on key criteria relevant to the problem domain.

Table 3.2: Comparison of Existing Approaches Based on Key Criteria

Work Type of Environment Decentralized Simple Interpretable Observability
[124] Coop ✓ ✓ ✗ P
[125] Coop ✓ ✗ ✓ P
[127] Comp ✗ ✓ ✗ F
[132] Comp ✓ ✓ ✗ F
[128] Coop ✗ ✗ ✗ P
[126] Coop ✓ ✗ ✗ P
[129] Coop ✓ ✓ ✗ F
[130] Comp ✗ ✓ ✗ F
[131] Coop ✓ ✓ ✗ P
[133] Coop ✓ ✓ ✗ P

PERL Mixed ✓ ✓ ✓ P

Key: Coop = Cooperative, Comp = Competitive, Mixed = Both, F = Full, P = Partial

Given these limitations, to take a step in the direction of MARL in real-world mixed

environments, there is a need for an approach that:

• Supports both cooperative and competitive behaviors, reflecting real-world traffic con-

ditions.

• Is fully decentralized, allowing each agent to learn independently without bottlenecks.

• Is simple to implement provided domain knowledge is available to some extent.

• Ensures interpretability, allowing insights into the decision-making process.

This motivates the development of the Pheromone-Enhanced Reinforcement Learning

(PERL) algorithm, which integrates pheromone-based stigmergic communication with de-

centralized MARL in mixed environments.

3.2 Swarm Intelligence and MARL

[124] draws inspiration from the natural phenomenon of Slime mold aggregation, a self-
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organizing concept observed in biology. They leverage the local pheromone-based commu-

nication used by mold cells to collectively organize into a single organism, particularly in

times of food scarcity. This biological concept serves as the foundation for their approach,

which integrates it into an Independent Q-Learning algorithm. In their algorithm, the state

space is defined as the cell patch exhibiting the highest concentration of pheromone depos-

ited by individual slime agents. This choice of state representation enables the algorithm

to capture the collective behavior of the slime mold effectively. To ensure effective learning,

they carefully design the reward function, taking care to avoid directly encoding the learning

objective of moving the agent towards the highest concentration of pheromone. Their work

proves that pheromone-based communication can be learnt. [125] introduces a pheromone-

based communication framework called PooL that draws inspiration from pheromone-based

systems, incorporating standardized Q-values from the output of the policy network (acting

as pheromone) into the state representation. This framework is evaluated across multiple

competitive particle environments, including predator-prey scenarios. Agents in this frame-

work perceive a pheromone field, which is characterized by three key domains: the Influence

Domain, representing the range within which pheromones released by agents can exert in-

fluence; the Observation Domain, indicating the partial observation of the agent within the

environment; and the Perception Domain, defining the range of pheromones that agents

are capable of perceiving. Information processing involves the use of Convolutional Neural

Networks (CNNs) for extracting relevant information, while pheromone reception is facilit-

ated by another CNN dedicated to pheromone perception. Additionally, a virtual medium

is employed for the propagation of pheromones.

[126] introduces the PhERS (Pheromone for Every RobotS) framework, which aims to

augment the versatility of pheromone-based communication in the field of robotics. The

PhERS framework is built upon a sophisticated understanding of pheromone dynamics,

leveraging principles from fluid dynamics, particularly the Navier-Stokes equation. By in-

corporating factors such as wind effects, evaporation, diffusion, and injection impact size into

their model, the authors provide a comprehensive framework for simulating and analyzing

the behavior of pheromones in robotic environments. To evaluate the performance of their

framework, they conducted experiments in a Gazebo robot collision avoidance environment,
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featuring both static and dynamic obstacles. The results of these experiments highlight the

superior performance of their Proximal Policy Optimization (PPO) controller compared to

traditional hand-tuned controllers. [127] investigated a decentralized green traffic optimiza-

tion framework, integrating swarm intelligence principles into Connected and Autonomous

Vehicles (CAVs) to mitigate congestion. This framework introduced dynamic traffic routing

methods based on Ant Colony Optimization (ACO) as a technique for traffic routing op-

timization. Modeled after real ants’ behavior, ACO leverages digital pheromones to guide

vehicles dynamically. Notably, the study proposed the concept of repelling pheromones that

push vehicle agents away from each other for self-organization, thereby reducing congestion

and improving overall traffic flow. Their evaluations suggest significant improvements in

fuel consumption, emissions, and trip duration.

[128] introduces a novel communication framework termed Pheromone Collaborative

Deep Q-Network (PCDQN), which integrates DQN with a stigmergy-based approach driven

by pheromones. Unlike conventional methods that rely on predefined communication pro-

tocols or additional decision modules, PCDQN harnesses stigmergy as a dynamic commu-

nication mechanism among independent reinforcement learning agents. Through experi-

mentation in partially observable environments, particularly in minefield navigation tasks,

PCDQN demonstrates superior learning productivity for multiple agents compared to stand-

ard Deep Q-network (DQN) approaches. [129] combined ACO-inspired stigmergic rule-based

algorithm with hierarchical MARL for scalability in box environment, where agents must

collaborate to achieve common objectives, such as object transportation and obstacle navig-

ation. Hierarchical MARL added another layer of organization to the system by structuring

agents into hierarchies or layers. Each layer had its own set of objectives, with higher layers

overseeing the actions of lower layers. The work employed a diverse array of pheromones to

facilitate communication and collaboration among agents, including a distance pheromone

for information regarding the distances between different nodes and goal nodes within the

environment, a box pheromone that provided insight into the presence and state of boxes

within the environment, a hole pheromone that conveyed information about the presence

of openings or holes to avoid within the environment and an exploration pheromone that

incentivized agents to explore new areas within the environment.
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Another ACO-based vehicle routing work [130] employs a variety of pheromones includ-

ing traffic density pheromone, road length pheromone, travel time pheromone and colored

pheromones. Each Connected Vehicle (CV) is treated as an ant that leaves pheromone traces

along its path. To differentiate between different traffic flows, a concept called colored CVs

is introduced. CVs with the same destination leave a specific type of pheromone, known

as colored pheromone. Only CVs heading towards the same destination can interact with

this colored pheromone, allowing for the distinction of multi-source multi-destination traffic

flows during the routing process. Their evaluations in SUMO show reduced trip time when

compared with shortest path routing. [131] is an interesting work that introduces stigmergic

communication in MARL for emergent platooning in vehicles. They adopt the conventional

messages used in platooning like Gap and Maneuver (Join and Exit) messages for pher-

omones. Empirical evaluation shown indicates that the emergent Join and Exit maneuvers

using pheromones has better recovery from disturbances in the string stability of the platoon.

Similar to the work seen in [127], [132] shows a distinction between traditional ACO-

based routing methods and Inverse Pheromone-based routing (IPR). The conventional

method guides the vehicles to move to the road segments with perceived lower travel time.

The problem arises when many vehicles move to the same road segment at the same time,

because now that new road segment is observably congested. Instead, in [132], the IPR

method detects congested segments by using occupancy rate, then reroutes vehicles to al-

ternative path with a lower inverse pheromone value. There is no learning involved in IPR,

and the evaluation results were slightly mixed, but overall the IPR method appeared to

have better average trip duration times. In the work of [133], Stigmergic independent rein-

forcement learning (SIRL) is introduced as an algorithm for IRL with stigmergy in a pixel

particle environment. They divide the process of stigmergy into 4 components, namely,

medium, trace, action and condition. It is implied that the medium is the one holding this

pheromone-based information. They employ a federal training method, which means that

each agent adjusts the weight of its neural network from both its own experience and the

policy weight update gradients from other agents. They evaluate the results on a partic-

ularly interesting application of particles; to form desirable shapes like numbers or letters.

The results indicate comparable level of performance to another similar method.
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There are also some highly notable older approaches. [134] introduces Phe-Q, a novel

adaptation of Q-learning that incorporates pheromone-based communication to enhance

learning in multi-agent environments. This approach draws inspiration from stigmergic

systems in nature, particularly ant foraging behavior, where pheromones serve as a decent-

ralized means of communication. In traditional Q-learning, agents update their value func-

tions based on direct environmental feedback, but Phe-Q extends this by allowing agents

to deposit and perceive artificial pheromones that encode useful information about past

experiences. These pheromone traces provide an additional layer of guidance, influencing

exploration and exploitation decisions dynamically. Unlike conventional approaches that

rely solely on immediate rewards, Phe-Q leverages these environmental markers to shape

long-term strategy formation, promoting more effective coordination among agents. The

authors evaluate their approach in a multi-agent grid world environment, demonstrating

that Phe-Q accelerates learning convergence by reinforcing successful trajectories while re-

ducing inefficient exploration. Their results highlight that pheromone-based communication

enables agents to collectively adapt to dynamic environments more efficiently than standard

Q-learning.

Expanding upon their initial work, [135] presents an improved version of Phe-Q, re-

fining the role of synthetic pheromones in reinforcement learning. In this enhanced ap-

proach, pheromone signals not only guide agent movement but also undergo controlled de-

cay, ensuring that older, potentially obsolete information does not mislead decision-making.

The introduction of pheromone reinforcement mechanisms enables agents to amplify useful

signals while diminishing the influence of less relevant ones, thereby optimizing the bal-

ance between exploration and exploitation. The updated framework also integrates a more

structured approach to pheromone diffusion, preventing excessive environmental saturation

that could lead to suboptimal decision patterns. Through a series of experimental evalu-

ations, the authors demonstrate that the improved Phe-Q achieves superior performance in

multi-agent tasks, particularly in scenarios requiring adaptive coordination and decentral-

ized problem-solving. Their findings suggest that synthetic pheromone-based reinforcement

learning provides a viable alternative to traditional methods, particularly in environments

where direct agent-to-agent communication is limited or impractical. The implications of

PhD Thesis Hriday Nilesh Sanghvi



3.3 Cruise control 57

this work extend beyond simple multi-agent coordination, offering insights into how bio-

inspired principles can enhance autonomous decision-making in complex, dynamic systems.

3.3 Cruise control

Cruise control systems, particularly adaptive cruise control (ACC) is about the control

over acceleration or deceleration of a vehicle. [136] conducted experiments to assess the

string stability of seven 2018 model year ACC-equipped vehicles, providing insights into the

behavior of these systems in car-following scenarios. Building on this work, [137] developed a

data-driven approach to calculate string stability using field data from a 2015 luxury electric

vehicle, further enhancing understanding of ACC systems. Towards safety-critical control,

[138] revisited the classic Adaptive Control Lyapunov Functions (aCLFs) formulation in the

context of ACC, demonstrating the framework’s ability to achieve stability and safety in

simulations. [139] proposed a personalized ACC system based on driving style recognition

and model predictive control (MPC), highlighting the importance of catering to individual

driving preferences while optimizing car-following performance. [140] focused on measuring

the response time of ACC-enabled vehicles in car-following conditions, shedding light on the

practical implications of these systems on road capacity.

[141] addressed the challenge of synthesizing string-stable controllers for cooperative

adaptive cruise control, highlighting the importance of choosing appropriate control para-

meters for ensuring system stability. [142] introduced a multi-agent reinforcement learning

approach for networked system control using a novel reward function and parameter shar-

ing, showcasing the potential of decentralized control policies in scenarios such as adaptive

traffic signal control and cooperative ACC. Finally, [143] compared Deep Reinforcement

Learning (DRL) and Model Predictive Control (MPC) for ACC design, offering insights

into the effectiveness of different control methodologies in car-following scenarios.

3.4 Collision Avoidance

We can think of collision avoidance as another function of cruise control. Apart from

ensuring the most efficient possible acceleration in vehicles, it must enforce a strict no-
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collision policy. They go hand-in-hand. In the context of aerial traffic control, [144] proposed

a collision avoidance method based on DDPG to ensure conflict-free conditions for aircraft.

Similarly, [145] presented a decentralized on-demand airborne collision avoidance framework

for urban air mobility, allowing unmanned aircraft systems (UAS) to independently plan

and execute missions.

Back on the ground,[146] developed a new safe lane change trajectory model and colli-

sion avoidance control method for automatic driving vehicles, while [147] demonstrated the

effectiveness of trained controllers for collision avoidance in highway traffic merging scen-

arios using deep multi-agent reinforcement learning. In the domain of autonomous vehicles,

[147] proposed a risk assessment-based decision-making algorithm for collision avoidance in

multi-scenarios, and [148] presented an inter-vehicular communication strategy for avoiding

critical collisions on Indian roads. [149] proposed a fuzzy-logic based intelligent conflict

detection and resolution algorithm for collision avoidance in multiple ship encounters in

marine traffic.

Reference Summary
[150] Reinforced Cooperative Autonomous Vehicle Collision Avoid-

ancE (RACE); novel Co-DDPG algorithm; relative distances in-
stead of locations; 65% less collisions in varying traffic densities

[151] Multi-agent centralized control of CAVs for travel efficient and
safe car-following

[152] Multi-agent A3C for cruise control to simulate varied aggression
human driving

Table 3.3: Highlights of learning collision avoidance

There is also some work on bio-inspired collision avoidance. Some of these strategies

using virtual pheromones have been explored in the context of swarm systems, with [153]

proposing a bio-inspired collision avoidance strategy using virtual pheromones for autonom-

ous vehicles operating together on roads. Finally, [154] presented an environment-centric

navigation policy that learns a set of traffic rules to coordinate a large group of unintelligent

agents with basic collision-avoidance capabilities. Overall, we note the diverse applications

of RL in collision avoidance across air traffic control, autonomous driving vehicles, marine

traffic, and swarm systems.
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3.5 Lane-changing

[155] applied a DQN-based method combined with rule-based constraints for autonomous

driving lane change decision-making tasks. [156] introduces the ’CM3’ architecture for

multi-goal cooperative lane changes in SUMO by combining function approximation and

cooperative actions. A harmonious lane changing approach [157] was presented in MARL,

where agents exchange strategies to reach a zero-sum game state.

[158] proposed a hierarchical reinforcement learning approach for multi-agent coopera-

tion, focusing on high-level decision-making and low-level individual control by decomposing

an overall cooperation task into a hierarchy of discrete sub-tasks. For example, a high-level

lane-change operation consisted of a slow-down, an accelerate and a lane-change low-level

actions. [159] revisited the lane-change problem and introduced a bi-level lane-change be-

havior planning strategy using MARL with right-of-way collaboration awareness.

Reference Summary
[160] MARL with vehicles as agents; information from a vehicle acting

as Road Side Unit (RSU) for local and global performance
[161] Multi-agent advantage actor-critic (MA2C) method; multi-

objective reward design and parameter sharing for safe and com-
fortable lane-changing

[162] Lane change process subdivided into lane-change process in ori-
ginal lane and subject lane; evaluated in MATLAB

[163] High-level decision making using Dynamic Coordination Graphs
for multi-lane lane-changing and over-taking in highway scenario

[164] Centralized multi-agent PPO control for lane-changing man-
euvers in highway scenario

Table 3.4: Highlights of learning vehicle lane-changing

Among the recent research in lane-changing vehicles using MARL, [160] claims to be the

state-of-the-art in all aspects of traffic flow and efficiency. They use information from the

Road Side Unit (RSU) to improve traffic flow in a highway scenario locally and globally.

[165] formulated lane-changing decision-making for AVs in mixed-traffic environments as a

MARL problem, considering neighboring AVs and Human-Driven Vehicles (HDVs). [166]

addressed high-conflict driving scenarios requiring negotiations between agents with equal

rights and priorities.
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3.6 Platooning

From [13], in platooning, a group of vehicles follow a certain platoon leader and attempt

to maintain similar vehicle state properties. For example, they maintain the same velocity

and unnecessary lane-changing is minimized unless required. A platoon of vehicles could

potentially rearrange itself like a flock of birds. So we can think of platoons as smaller local

self-organizing groups.

In [167]’s highway setting, by constraining platoons to a special lane, they reduce inter-

platoon interactions with other vehicles so that platoon level control changes can be made

without disturbing the rest of the flow. The first decision that is taken is which agent from

the system should merge into a platoon, and the second control decision for each agent is

the selection of the platoon that it wants to join and from which side. Again, this shows

decent results but does not scale as well as a completely decentralized approach would

with the availability of CAV technology now. In [168], a real-world scenario is simulated to

reduce fuel consumption and travel time in different levels of congestion. It uses a Predictive

cruise control (PCC) algorithm based on information collected from the vehicle in front of it

(position, velocity, acceleration) and the Signal Phase and Timing message (SPaT) from the

infrastructure through V2V and V2I technology respectively to enable reference velocity of

the platoon to be set in such a way that the platoon does not have to stop at the intersection.

The vehicle platoon leader is controlled at the intersection to reduce travel time and fuel

consumption. Communication is unidirectional. Though there is cooperation by learnt

communication among the vehicles within the platoon in [169], there is no coordination

between the different platoons that use a MARL-ACC controller based on REINFORCE to

maintain the velocity of vehicles in a platoon. Only a platoon of 3 vehicles and 5 vehicles

was used for evaluation, which was also not realistic due to discrete state and action spaces.

Platooning approaches, as outlined in Table 3.5, encompass a spectrum ranging from

decentralized to centralized methodologies. At the heart of platooning behavior lie the

pivotal maneuvers of joining, exiting, and maintaining safe gaps within the convoy. These

maneuvers serve as fundamental building blocks.

To sum up, the missing links in all the approaches discussed above come from continued
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Reference Summary
[167] Multi-agent centralized coordination of vehicles desiring merging

with a platoon and decentralized vehicle lane-changing optimiz-
ation

[168] Coordination between platoon and intersections based on V2I
and V2V communication to enable non-stop movement of pla-
toon through intersection

[169] Learning communication between platoon vehicles in a mixed-
highway scenario for cooperative cruise control

Table 3.5: Highlights of learning platooning in vehicles

use of centralized controllers, unrealistic evaluation scenarios or simulation software, lack

of effective communication explicitly for coordination, unsuitable state representations or

rewards and even unrealistic discrete actions instead of continuous actions.

3.7 Intersection management

When we talk about traffic, one of the first visuals that pop into mind is that of traffic at

intersections or junctions. The management of traffic at intersections, characterized as UTC

is a significant challenge in traffic management. [170] proposed a Q-Learning approach for

TSC at urban intersections. Similarly, [171] proposed a centralized coordination scheme of

CAVs at an intersection without traffic signals using PPO to improve computation efficiency

when compared to model predictive control (MPC). [172] focused on controlling traffic flow

within a network of multiple signalized intersections with traffic ramps using Q-learning,

which provides flexibility to change traffic signals according to traffic conditions. [173] also

proposed a traffic signal control system using Q-learning to maximize the number of vehicles

crossing an intersection and balance signals between roads.

In addition to TSC, forecasting traffic flow at intersections is crucial for advanced trip

planning and traffic management. [179] developed a two-layer stacking model for intersection

short-term traffic flow forecasting by integrating different modeling methods from Machine

Learning (ML) along with RL. The integration of RL and ML techniques has shown potential

to further improve the performance of traffic signal controllers. [180] focused on real-time

intelligent autonomous intersection management using RL to adjust time and speed for

collision-free passage through intersections.
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Reference Summary
[174] Attention mechanism in Multi-agent Actor-Critic networks to

enhance arterial traffic information extraction
[175] Multi-Objective Multi-Agent DDPG with locally rewarded and

globally rewarded agents using age-decaying weights
[176] SocialLight learns cooperative policies by assigning credit to

agents locally
[177] Uses Max-Pressure concepts to enhance state for TSC, combined

with graph attention mechanism (GAT) to learn state represent-
ation

[178] MARL with spatio-temporal feature fusion; correlations between
timesteps and between subnetworks are taken into account in the
state

Table 3.6: Highlights of learning intersection management or junction control

3.8 Motivation

Existing studies demonstrated previously, the potential of RL in traffic management, but

they often overlook the complex interactions and emergent behaviors that arise from the

coordination of decentralized agents. Traditional optimization methods and RL techniques

have shown limitations in optimizing performance in partially observable and non-stationary

environments.

To address these limitations, there is a need to explore innovative approaches inspired

by swarm intelligence concepts like stigmergy, which induce emergent behavior through self-

organization. By leveraging principles of self-organization and collective intelligence, MARL

algorithms can facilitate decentralized coordination among agents. In the context of traffic,

integrating MARL techniques with advanced sensing and communication technologies from

Connected and Autonomous Vehicles (CAVs) can enable real-time information exchange

and decision-making among decentralized CAV agents.

Building upon existing research, our work is motivated by the use of digital pheromones

that leverage stigmergic mechanisms from Ant Colony Optimization (ACO). We aim to

induce global self-organizing behavior from the local interactions of Multi-Agent Reinforce-

ment Learning (MARL) agents. We will evaluate this approach in multiple traffic scenarios

that exhibit both partial observability and non-stationarity.
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4 Methodology

In this chapter, we delve into the proposed methods for integrating MARL with stigmergy

mechanisms from nature. We choose traffic as our problem domain for evaluation, because

traffic environments are complex systems characterized by partial observability and non-

stationarity. Throughout this chapter, we aim to elucidate the rationale behind our design

choices, introduce the key components or concepts underpinning the design, and elucidate

its functionality alongside any references to substantiate its validity.

4.1 Requirements for the self-organizing system

To reiterate, the essentials required for a system to be self-organizing [9] as mentioned in

chapter 2 are as follows:

1. Positive Feedback: Positive signals reinforces actions or states perceived as favor-

able or beneficial. This feedback signal communicates to entities within the system

that certain behaviors or conditions are conducive to system stability or performance

enhancement.

2. Negative Feedback: Discourages undesirable actions or states. By communicating

the undesirability of certain behaviors or conditions, negative feedback mechanisms

act as a regulatory force. Negative feedback discourages deviations from desired

equilibria and encourages the exploration of alternative states or arrangements. For

example, if multiple vehicles decide to move to a lane with high pheromone concen-

tration, that lane is now congested and negative feedback will help repel some of

these vehicles to other lanes.

3. Amplification of Fluctuations: Fluctuations refer to random perturbations caused
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by the system’s entities or interactions. These create a cascading effect of one en-

tity’s behaviour over another. These fluctuations can compound over time, creating

amplified feedback signals that push emergence of complex patterns in self-organizing

systems. An example is the cycles of population growth and decline in rabbit and

fox populations, driven by fluctuations in predator-prey interactions.

4. Multiple Interactions: The presence of multiple interactions among entities is

a critical component. This entails a minimal density of entities, allowing them to

leverage the experiences and behaviors of others. A simple example are study groups

where individuals learn from each other’s experiences and multiple interactions fa-

cilitates collective learning within the system. This process enables entities to gain

insights, strategies, and feedback from their peers, contributing to the system’s over-

all adaptability and resilience.

These components together foster the proliferation of beneficial behaviors or arrange-

ments, driving the emergence of stable equilibria in a system. These emergent behaviours

do not have to be cooperative, but they are usually the ones that stand the test of natural

selection [9].

4.2 Self-organizing system design

A characteristic feature of self-organizing systems is the emergence of complex global pat-

terns from multiple local interactions in the system [74]. This theory was further supported

by [133], stating that stigmergy [181] can serve as a potential solution to the decomposition

of a global objective. We take inspiration from Dorigo’s ACO [11] that demonstrates the

potential for bio-inspired algorithms to solve challenging optimization problems.

We propose to leverage stigmergic communication via digital pheromones to induce

self-organization in our MARL environment, guiding the emergent behavior to a robust

global attractor state (through evaporation and diffusion mechanisms) that aligns with agent

objectives through appropriate feedback signals. The various components of our system and

the underlying processes involved are:

• Pheromone Field
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• Zones

• Pheromone perception range

• Pheromone design and computation

• Stigmergic processes

– Evaporation

– Diffusion

4.2.1 Pheromone Field

In nature (as explained previously in Chapter 2), ants deposit chemical pheromone [182]

trails along their paths when searching for food. These pheromone trails serve as a form of

communication, allowing ants to exhibit a phenomenon known as stigmergy [181], wherein

their actions modify the environment, influencing the behavior of other ants. As ants find

food and return to the colony, they reinforce the pheromone trails, making them more

attractive to other ants. The shorter trail, being shorter, is more likely to accumulate a

higher concentration of pheromone since ants can traverse it faster, resulting in a higher

rate of pheromone deposition compared to evaporation (see Figure 2.3 in section 2.5.1).

This positive feedback loop causes the pheromone trails to intensify over time, guiding more

ants towards the shortest trail to the food source. We will emulate this pheromone behavior

for our CAV agents, encoding useful information as detailed later in Section 4.2.5.

The pheromone field provides a comprehensive view of all pheromone concentrations

throughout the system, with agents accessing only the portions relevant to their local sur-

rounding. It operates as a virtual representation of pheromone concentrations across desig-

nated spatial regions called zones (see section 4.2.2) within the environment. The primary

role of the pheromone field is to manage parallel computational updates, such as pheromone

deposition, evaporation and diffusion, to prevent race conditions between zones.

The initialization process involves generating the pheromone field from a random uniform

distribution. With a mean of 0 and a standard deviation of 1, each zone in the field

is initialized with a random number from this distribution. The selection of a uniform

distribution ensures that each value within the distribution has an equal probability of

being chosen, for different random seeds and experimental replicability.
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4.2.2 Zones

A zone is a predefined local spatial region on the environment which maps onto some value

of pheromone concentration in the pheromone field. In our implementation, we discretize

the pheromone field into zones rather than using a function approximator that deals with

continuous values for the sake of:

• Simplicity and Efficiency: Discretizing the environment into zones simplifies the

pheromone update mechanism and reduces computational overhead [11, 12]

• Interpretability: Discretization often enhances the interpretability of algorithms by

providing a more structured and understandable representation of the environment.

In RL, discrete representations facilitate easier interpretation of learned policies and

behaviors [5].

• Robustness and Generalization: When data is discretized, it tends to smooth

out variations and fluctuations in the original continuous data. By aggregating in-

formation within discrete zones, algorithms can better generalize across similar states

[183].

Each zone maintains its unique pheromone levels, updated by the actions of agents local

to that zone. It is through these zones in the pheromone field that we realize the process

of pheromone deposition by local CAV agents, evaporation and diffusion into surroundings.

The size of these zones are predefined, often selected for interpretability of agent behaviour.

To optimize network connectivity and minimize potential inconsistencies in pheromone rep-

resentations, we define smaller zones (ranging from 200 to 300 meters) within the broader

5G-NR [184] framework, despite its capability to span up to 5000 meters. This approach re-

duces the likelihood of vehicles being out of range from each other, ensuring more consistent

pheromone data until they re-enter each other’s range.

In our highway scenarios, these zones are discretized spaces along the length of the lanes.

For example, if the number of zones on a 3-lane 1000m road is 4, then each lane on the

road is divided into 4 parts, of length 250m each. In intersection scenarios, each leg of an

intersection is considered a zone.
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4.2.3 Pheromone perception range

The environment being partially observable means that agents would not have full visibility

of the state, or the pheromone field. The pheromone perception range describes the num-

ber and location (or direction) of zones, for which the agent is able to perceive pheromone

concentrations in at any given time. Limiting the perception of pheromones (partial observ-

ability) enables the investigation of local interactions of agents with the pheromone field in

the environment leading to an emergence of system-wide behaviour.

In lane-changing scenarios, the perception range of pheromones is set to the current

zone, and immediate adjacent zones on the left and right of the CAV agent. In intersection

scenarios, for an agent at the incoming leg of any intersection, the perceived pheromones

include the pheromone concentration on its own leg, those in the adjacent incoming leg, and

the 2 other outgoing legs. This means that an agent on the outgoing leg does not perceive

any pheromones other than its own. However, in an interconnected intersections scenario

with multiple intersections, we can see that the agent on the outgoing leg of an intersection

can also be considered on the incoming leg of an adjoining intersection.

4.2.4 Pheromone design

Ants use stigmergy (section 2.5.1) to find the shortest path to food. They do this by following

pheromone trails that have higher concentration. Since we want to integrate MARL with

digital pheromones, we can use it as an additional learning signal to guide the policy of the

agent to self-organize.

The mean absolute deviation (MAD) [185] is a measure of the average absolute deviation

of a set of values from their mean. It quantifies the average distance between each data

point and the mean of the data set, regardless of the direction of the deviation.

We use a novel feedback signal that scales inversely with MAD as e−βMAD . β is the

MAD multiplier, set mostly to 1 arbitrarily for all experiments. This ensures that the reward

is highest (+1) when the local pheromone levels are perfectly equalized, i.e., when MAD = 0.

In the example (Figure 4.1), we see a lane changing scenario where CAV agents are moving

from left to right on a 3-lane highway. The perceived local pheromones of the ego agent
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Figure 4.1: Mean absolute difference (MAD) of pheromone levels in the pheromone field for feedback
signal

captures pheromone concentrations in its current zone, the immediately adjacent zones, and

all the immediate upcoming zones in each lane. The closer the pheromone concentrations

are to each other, or the more equalized they are, they higher the MAD reward.

In our other example (Figure 4.2), each leg of the intersection acts as a zone. In this

case, the rewarding of distribution of pheromone propagates to other connected intersections

due to the process of diffusion. These ACO-inspired digital pheromones act as a conduit for

indirect communication among agents operating within the decentralized system. Hence,

the feedback received by agents for equalizing pheromones in their local vicinity translates

to a global behaviour that strives to equalize pheromone levels in all zones. This leads to a

emergent behaviour that coordinates equal redistribution of traffic.

Nash equilibrium

In multi-agent systems, a Nash equilibrium represents a stable state in which no agent

can unilaterally improve its outcome by changing its strategy [53]. In this context, Nash
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Figure 4.2: Mean absolute difference (MAD) of pheromone levels in the pheromone field for feedback
signal

equilibrium would correspond to a scenario where each vehicleâs decision-making process

results in an equilibrium state where no single vehicle benefits from deviating from its learned

policy, assuming all others continue following theirs.

However, computing Nash equilibria explicitly in this system presents several challenges.

The continuous state spaces, the stochastic nature of vehicle arrivals, and the decentralized

decision-making structure make analytical derivation of Nash equilibria intractable. Tra-

ditional game-theoretic approaches often require simplifying assumptions, such as discrete

action spaces or perfectly rational agents, which do not align with the reinforcement learning-

based approach used in this study. As a result, no closed-form Nash equilibrium solutions

are available.

Despite the inability to explicitly compute Nash equilibria, the learned policies can still

be shown to align with the general intuition behind Nash equilibria, where agents reach a

steady-state interaction pattern that does not incentivize unilateral deviations, for example,

through equalization of pheromone levels on each zone/leg of an intersection.
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4.2.5 Calculation of pheromone

To describe digital pheromones, we have described its functionality or any related concepts

like the pheromone field and the zones within that field. Now we describe the content of

the pheromone in detail. The information that is propagated by the pheromone signal is

intended to guide the appropriate actions of an agent as a signal. Our aim is to encapsulate

the degree of congestion through these pheromone signals, telling us how good or bad it is

to be in a certain zone in the environment (in terms of congestion level).

To quantify, we explored different combinations of features of vehicles that characterize

congestion, including speed, maximum speed, acceleration, waiting time, and others [25].

The pheromone also depends on the type of scenario we are applying the digital pheromones

for. In lane-changing scenarios, it’s essential to accurately represent dynamic blockages

through pheromone signals. Two key indicators of reduced road capacity on a lane are the

speed and acceleration of vehicles.

Speed serves as an indicator of traffic fluidity [186], while acceleration or deceleration

provides insights into vehicles’ instantaneous behavior. For instance, deceleration signals the

number of vehicles slowing down and the extent of their deceleration, representing the flow

of traffic opposing the desired direction. Both in lane-changing and intersection scenarios,

we leverage vehicle speed and acceleration to determine pheromone concentration within

a zone. However, in intersection scenarios, we also incorporate the waiting time at the

intersection as an additional measure of congestion level within the zone.

Features such as agent speed and acceleration contribute positively, while waiting time

inversely correlates with heightened pheromone concentration in the surrounding environ-

ment.

The combining of features from agents is done using a standardization function (4.1) [187]

and min-max normalization (4.2) [188] to bring them to a comparable scale for aggregation

or summation.

To elucidate, the purpose of standardization is to rescale the features such that they have

the properties of a standard normal distribution with a mean of 0 and a standard deviation

of 1. Generally, to standardize a feature, you subtract the mean of the feature from each
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value and then divide by the standard deviation of the feature. But since we only know the

range of values the features can take, these are done using the minimum and maximum.

The standardization formula is given by:

z =


X−Xmax+Xmin

2
Xmax−Xmin

if Xmax ̸= Xmin

X − Xmax+Xmin
2 otherwise

(4.1)

where:

z is the standardized value of X,

X is the original value,

Xmin is the minimum value of the data set, and

Xmax is the maximum value of the data set.

The standardized values now have mean 0 and standard deviation 1. To ensure that

these standardized values are within a fixed range, we use normalization.

To expand, the purpose of normalization is to rescale the features into a fixed range,

usually between 0 and 1. This is useful since the selected features have different units or

scales, and we want to bring them to a similar scale. We have opted to choose min-max

normalization since we have minimum and maximum available for our data.

The min-max normalization formula is given by:

Xnorm =
X −Xmin

Xmax −Xmin
(4.2)

where:

Xnorm is the normalized value of X,

X is the original value,

Xmin is the minimum value of the data set, and

Xmax is the maximum value of the data set.
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Once we possess a set of standardized and normalized features from each agent, the

contribution of each agent is determined by aggregating (summing) these values.

C =

n∑
i=1

Featurei (4.3)

where:

C is the agent’s contribution ,

F eaturei is the standardized and normalized feature from the agent (e.g., speed, acceleration) ,

Considering that multiple agents can contribute to a single zone, we take the average

over these individual contributions (4.3) from all agents in a zone. Cmean represents the

overall pheromone concentration merged into the pheromone field representing the existing

digital pheromone in the environment. This incorporation of new signals into the pheromone

field is done along with the evaporation and diffusion mechanisms for efficiency.

Moreover, the calculation of pheromone concentration is not a static process; rather,

it evolves dynamically over time as agents move and interact within the environment. As

agents deposit and sense pheromones, the distribution and concentration of pheromones

within the environment change, leading to shifts in agent behavior responsive to changing

environments.

4.2.6 Stigmergic Processes

This section elucidates the stigmergic processes entailed in the merging of pheromone in-

formation into the relevant part of the pheromone field as perceived by agents. The key

processes discussed are evaporation and diffusion. Evaporation aids in the elimination of

outdated data, while diffusion facilitates the dissemination of information to the surround-

ings, fostering global coordination through the phenomena of cascading (discussed in [189]).
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Evaporation

In nature, ants use pheromones to communicate and navigate. When an ant finds food, it

leaves a trail of pheromones for others to follow. Ants sense these pheromones using chemo-

sensory receptors, similar to smelling in humans. As ants move, they detect pheromone

concentrations in the air and follow trails with higher concentrations. However, pheromones

naturally evaporate over time, dispersing into the environment. This evaporation process

ensures that old trails fade away, encouraging ants to explore new paths and adapt to

changing conditions.

Similarly, we adopt this evaporation process (Figure 4.3) as a mechanism that causes the

gradual reduction or decay of pheromone trails over time. After being deposited by agents

as they traverse the environment, pheromones continue to dissipate with the passage of

time. Evaporation is a crucial aspect of our approach, as it helps prevent the accumulation

of outdated or misleading information and encourages exploration of new states. Adjusting

the rate of evaporation allows for fine-tuning the balance between exploiting well-established

paths and exploring new possibilities in the search space. We control this rate of evaporation

using the evaporation factor (j).

During the learning process, after we calculate the mean contribution from agents in a

zone, a part of the existing pheromone is evaporated before being integrated with the new

computed pheromone signal as follows:

P ′ = (1− j)× P + j × Cmean (4.4)

where:

P ′ is the new value of the pheromone,

P is the existing value of the pheromone,

j is the Evaporation factor/coefficient, and

Cmean is the mean of contributions of all agents in a zone.
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The evaporation rate significantly influences the persistence of pheromone signals, which

in turn regulates agent behavior by affecting the durability of pheromone trails. By adjusting

the rate at which pheromone signals diminish, we strike a balance between locally preserving

critical information and encouraging exploration of new paths. This control is governed by

the evaporation factor (j), which ranges inclusively from 0 to 1, covering both ends of the

spectrum. Figure 4.3 illustrates the pheromone evaporation mechanism, where, for example,

j = 0.1 or 10

Figure 4.3: Pheromone evaporation mechanism (eg. j = 0.1 or 10%)

An intriguing aspect of evaporation (Equation 4.4) in our approach lies in its nature. As

the concentration of pheromone increases, the evaporation process now dissipates a larger

portion of the concentration compared to before. This is due to the percentage-based nature

of evaporation. Therefore, for pheromone signals associated with favorable actions in specific

states to persist, local agents must continually interact with the environment and deposit

pheromone in that zone.
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Diffusion

In natural systems, diffusion also plays a crucial role in facilitating coordination from local

to global scales, similar to how ants utilize pheromones for communication and navigation.

Just as ants deposit pheromones to guide their colony members, molecules in a diffusive

system spread from regions of high concentration to regions of lower concentration, allowing

information to propagate across the system. This spreading of molecules enables the syn-

chronization of behaviors and the emergence of collective actions, promoting coordination

among agents at both local and global levels. As molecules diffuse, they contribute to the

exchange of information and the alignment of behaviors, ultimately facilitating harmonized

responses and adaptive behaviors across the entire system.

A similar diffusion (4.5) process occurs between zones for the purpose of spreading the

pheromone signal to surroundings zones:

Paffected = (1− k)× Paffected + k × Pinfluencer (4.5)

where:

Pinfluencer is the value of the pheromone in the influencing zone,

Paffected is the value of the pheromone in the affected zone,

k is the Diffusion factor/coefficient, and

This diffusion happens between the zones of the pheromone field, computed in parallel

to avoid race conditions. In a highway setting, anterior zones are regarded as influencing

zones for posterior zones, which are impacted by alterations occurring ahead of them. For

example, a vehicle on a the freeway will be affected by any disturbances on the road in front

of him, not behind him. So the zones in front will affect the zones in the back.

Conversely, within intersection scenarios, incoming zones influence outgoing zones, and

any changes in the conditions of incoming zones impact the dynamics of outgoing zones.
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Our goal is to accurately capture fluctuations in congestion levels through our pheromone

model.

Figure 4.4: Localized Pheromone diffusion from anterior to posterior zone (eg. k = 0.1 or 10%)

The diffusion mechanism (Figure 4.4) is a supporting mechanism that entails the gradual

spreading or dispersion of pheromone across a medium (environment). This diffusion process

occurs as agents interact with their environment, releasing or absorbing substances that then

propagate through the surroundings. Factors such as environmental conditions and agent

actions influence the rate and extent of diffusion.

Similar to evaporation, diffusion plays a pivotal role in shaping the dynamics of our

learning agents. It facilitates the distribution of information, by cascading [189] a local

interaction into a system-wide influence. Specifically, in our pheromone-based approach,

diffusion leads to the transfer of pheromone concentration from one zone to another, with

closer zones receiving a larger share of concentration compared to those farther away. This

concept can be visualized by considering each intersection as a miniature diffusive unit, high-

lighting how localized diffusions contribute to broader global diffusions across intersections

(see Figure 4.5).

In our interconnected intersections scenario, where multiple intersections are linked,

a new insight into the relationship between incoming and outgoing legs emerges. This
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Figure 4.5: Pheromone diffusion between junctions for global feedback signal

observation, previously unattainable in single-intersection scenarios, helped make a design

decision. In single intersections, agents on outgoing legs remain unaffected by pheromones

from other legs. However, in interconnected intersection scenarios with multiple junctions,

outgoing legs also serve as incoming legs for adjoining intersections. Consequently, agents

entering any intersection are influenced by activity across all four legs.

Fine-tuning agent behavior hinges on adjusting the diffusion rate, which governs the

dispersion of local pheromone values. By precisely defining the rate and direction of dif-

fusion, we exert control over the spatial and temporal propagation of pheromone signals

within the environment, balancing local exploration with global information dissemination.

This diffusion process is regulated by a parameter called the diffusion factor (k), spanning

inclusively from 0 to 1.

4.2.7 Lane-changing

In a highway scenario, vehicle agents have a restricted set of actions, which include lane

change or maintaining their current lane position. To illustrate how pheromone signals

facilitate indirect communication between agents, we delve into a straightforward example

as seen in Figure 4.6.
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Figure 4.6: Highway pheromone process
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Initially, the highway experiences no road blockages, and traffic flows smoothly across

all lanes. Suddenly, an unpredictable road blockage materializes in zone 3, leading to a re-

duction in road capacity and potential traffic congestion. This road blockage could simulate

anything from construction work to a vehicle accident. The vehicle agents deposit pher-

omones into their respective zones at regular intervals. These pheromone values represent

the perceived goodness of each zone based on factors like traffic flow and lane availability,

which could characterize congestion level. Over time, old pheromone information dissip-

ates into the environment through evaporation, allowing room for new information to be

incorporated. To foster coordination among vehicles, a feedback mechanism is established,

enabling information from later zones to be communicated back to earlier zones through dif-

fusion. As vehicles continually deposit and sense pheromone signals, they learn to coordinate

their actions effectively to minimize overall travel time and navigate around road blockages.

Vehicles navigate through different zones of the highway, depositing and sensing pheromone

signals as they move. As road conditions change, such as the occurrence of a road blockage,

the pheromone dynamics adapt accordingly, guiding vehicles’ decision-making processes to

optimize traffic flow and minimize congestion.

4.2.8 Intersection management

In an intersection scenario, we consider agents to either yield or take right-of-way at the

intersection. To illustrate how pheromone signals facilitate indirect communication between

agents, let’s delve into the example as seen in Figure 4.7.

Let’s consider an unsignalized junction. Initially, traffic flow at the intersection is evenly

distributed, with equal levels of pheromone signaling from all incoming roads converging at

the junction. As vehicle demand intensifies at one of the incoming zones (zone 1), pher-

omone signals indicate its reduced desirability. Consequently, the distribution of deposited

pheromones alters between entering and exiting zones, establishing a pheromone gradient.

This differential combined with our reward for equalization of local pheromone 4.2.4, should

push vehicle agents to autonomously redistribute pheromone concentrations. Over time,

the dissipation of old pheromone data occurs through evaporation, creating room for the

integration of new insights. To enhance coordination, diffusion transpires from incoming
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Figure 4.7: Junction pheromone process
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to outgoing zones, conveying the heightened pressure or demand from incoming zones to

their respective outgoing counterparts. Specifically, pheromones diffuse from zone 1 to zone

2 and from zone 3 to zone 4. Decision-making authority resides exclusively with vehicles

in incoming zones, such as zone 1 and zone 3. These vehicles evaluate the pheromone val-

ues across all incoming zones, including their own, to determine whether to maintain their

position or proceed through the junction.

A similar process occurs in interconnected intersections, however the diffusion process

there is a distinct since the outgoing leg of a local intersection may be the incoming leg of

another connected intersection. When focusing on a single intersection within a network of

interconnected intersections, let’s consider a specific incoming leg of the junction. Depending

on the diffusion factor (k), a portion of the pheromone originating from the zones associated

with the neighboring (or conflicting) incoming and outgoing legs, as well as the outgoing

leg connected to the incoming leg, is diffused into the zone of this particular incoming leg.

This process takes place across all 8 out of the 12 legs of the intersection that are regarded

as incoming legs to certain intersections.
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4.3 Integration of MARL with pheromones

Table 4.1: Pheromone Integration Methods

Method Result Simulation Behavior
1 Exploding gradients -
2 Exploding gradients -
3 Learning stable Random

3 + 4 Learning stable Visual pattern noticed
Key: 1 = Directly in Output Actions, 2 = Indirectly via Exploration Parameters/Noise, 3 =
Directly in State Representation, 4 = Directly in Reward Function

Integrating pheromone signals directly into the output actions (Method 1) led to explod-

ing gradients. This occurred because even minor fluctuations in pheromone levels resulted in

disproportionately large changes in the selected actions. Since the policy network directly

maps states to actions, these sudden variations caused unstable updates during training,

leading to uncontrolled gradient magnitudes and divergence in learning.

Similarly, modifying exploration parameters or adding noise based on pheromone sig-

nals (Method 2) also resulted in exploding gradients. This method introduced a feedback

loop where exploration behavior fluctuated excessively based on the external pheromone sig-

nal. If the signal varied too aggressively, the induced noise caused extreme policy updates,

disrupting convergence and preventing stable learning.

Given these behaviors, it is logically concluded that any combination involving Methods

1 or 2 (direct action modification or pheromone-based exploration noise) would consist-

ently lead to unstable or diverging learning behavior. The fundamental issue with these

approaches was their direct influence on action selection, which caused excessive sensitivity

to pheromone fluctuations and resulted in volatile gradient updates. Consequently, combin-

ations such as (1 + 2), (1 + 3), (1 + 4), (2 + 3), and (2 + 4) would inherit these unstable

properties, leading to either gradient explosions or vanishing updates. Extending this reas-

oning further, combinations involving three or more of these methods, such as (1 + 2 + 3),

(1 + 2 + 4), (2 + 3 + 4), and (1 + 2 + 3 + 4) would compound these issues, making stable

learning unlikely.

In contrast, integrating pheromone signals directly into the state representation (Method
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3) maintained stable learning. By treating pheromones as part of the environment’s state,

the network could process them through multiple layers, mitigating abrupt changes in policy

updates. This structured incorporation allowed for more controlled learning dynamics.

However, upon visual inspection in SUMO, the vehicle agent behavior remained random

when pheromone information was provided in the state alone. This suggests that merely

supplying pheromone information did not guarantee its effective use unless the agent had a

mechanism to interpret and leverage it within the learning process.

To address this, incorporating pheromone signals into the reward function (Method

4) created a feedback loop that reinforced the agentâs ability to utilize the pheromone

information. Since the reward function shaped long-term behavior rather than immediate

actions, this approach could avoid extreme gradient updates. The gradual reinforcement

will allow the policy to adapt without destabilizing the training process. The combination of

Methods 3 and 4 emerged as the only viable solution, where pheromone information in the

state representation can be used through pheromone-dependent reward signals for feedback.

4.3.1 Directly with output actions

A policy network generates a vector or list of action probabilities. We attempt to integrate

pheromone information with this vector as a form of additional noise associated with the

action. To elaborate, the policy network’s output of actions led to adjustments in neural

network weights, though the actual actions were altered by the pheromone noise. These

mixed messages destabilized the learning process.

An alternative approach was to modify the exploration parameters or noise introduced

during action selection to incorporate pheromone cues indirectly. By influencing the explora-

tion parameters based on pheromone signals, agents could adapt their exploration strategies

dynamically in response to changing environmental conditions. We explore this in the next

section.

4.3.2 Indirectly with exploration parameters/noise

Integration with the action selection mechanism involves modulating exploration noise para-

meters based on calculated pheromone contribution of the vehicle agent and can change the
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Figure 4.8: Pheromone guided action by directly combining with output action vector from the
policy network

output of the action from the policy network. So exploration noise based on the calculated

pheromone contribution of each vehicle agent would guide action selection. In practice,

however, this approach often introduced instability into the training process, hindering

overall learning performance. As a result, alternative strategies were explored to leverage

pheromone information more effectively.

4.3.3 Directly with state

Integration with the state proves to be the most stable way to incorporate the information

contained in the digital pheromones with the existing state in our MARL system. The

pheromone operates differently from other state variables, as it continuously updates the

state of the relevant part of the system. Unlike appending full state information from

previous time steps to understand the history of state changes, the pheromone mechanism

is simpler and more direct. Furthermore, the two primary processes of evaporation and

diffusion facilitate the removal of outdated information and the dissemination of information

across the system, fostering collaboration from local to global scales.

Incorporating pheromone information into the state representation within the Multi-

Agent Reinforcement Learning (MARL) framework is a critical aspect of enabling agents to

perceive and respond to environmental cues effectively. Unlike traditional approaches that

rely solely on historical state information, the inclusion of pheromone data offers a dynamic,
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Figure 4.9: Pheromone guided action by influencing exploration noise or parameters using pher-
omone vector to affect the output action vector from the policy network indirectly

Figure 4.10: Pheromone guided action by simply appending the pheromone vector as part of the
state
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real-time perspective on environmental conditions and agent interactions, leading to more

informed and context-aware decision-making.

The integration of pheromone information into the state representation begins with the

collection and synthesis of pheromone data from the simulation environment. As agents

move and interact within the environment, they deposit and sense pheromones, leading to

changes in the distribution and concentration of pheromone signals over time. By incorpor-

ating this pheromone data into the state representation used by agents within the MARL

framework, agents gain access to valuable insights into their surroundings, enabling them

to make more informed and adaptive decisions.

Moreover, the integration of pheromone information into the state representation enables

agents to perceive and respond to environmental cues dynamically. As pheromone signals

evolve over time in response to agent activities and interactions, agents can adjust their be-

havior accordingly, leading to more responsive and adaptive behavior within the simulation

environment. The refined state representation empowers agents to coordinate their actions

in response to real-time environmental changes, thereby enhancing coordination towards

system-wide objectives.

Furthermore, the integration of pheromone information into the state representation en-

ables agents to leverage the processes of evaporation and diffusion to refine and disseminate

pheromone information effectively. Through this integration, agents can effectively self-

organize and adapt to their surroundings, fostering dynamic behavior within the simulation

environment.

In summary, the integration of pheromone information into the state representation

within the MARL framework is a critical aspect of enabling agents to perceive and respond

to environmental cues effectively. By incorporating pheromone data into the state repres-

entation, agents gain access to valuable insights into their surroundings, leading to more

informed and adaptive decision-making. Through this integration, agents can effectively

coordinate their activities and optimize their performance based on real-time environmental

conditions, leading to more efficient and adaptive behavior overall.
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4.3.4 Directly in rewards

Figure 4.11: Pheromone guided action by rewarding balancing equilibrium of pheromones values

Integration with rewards involves engineering rewards for certain patterns of pheromones

that can be seen as desirable. This sets a stable equilibrium state for the system to strive

for. After evaluation (section 6.2), it proved to work well in conjunction with appending it

to the state.

The integration of pheromone information into reward structures within the MARL

framework represents a strategic approach to shaping agent behavior through targeted

incentivization. By receiving positive feedback for desirable distributions of pheromone

levels, agents can self-organize their actions towards achieving those local pheromone levels.

Through evaporation and diffusion, these local interactions induce an emergent behaviour

through self-organization, that redistributes traffic. It has been shown that redistributing

traffic can potentially optimize traffic flow [54]. It creates a situation where the performance

of the system is optimized as a whole, and no individual agent can find another action that

can improve the system any more from that point [53]. The pheromone signals emitted by
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CAV agents in zones are meant to guide the actions of fellow agents. We design a feedback

signal that rewards the equalization of pheromones in zones that are locally perceivable by

the agent. This does three things:

• The establishment of an objective for agents to equalize local pheromone levels pro-

motes self-organization within the system.

• Through processes such as evaporation and diffusion, local interactions between agents

result in emergent global dynamics, fostering a collective objective of achieving pher-

omone equilibrium across the system.

• Individual agents autonomously self-organize to optimize pheromone distribution,

leading to the redistribution of traffic and consequent improvement in traffic flow

efficiency.

In our approach, the reward system aims to stabilize pheromone levels towards equi-

librium. Thus, a positive reward is assigned when the pheromone levels reach a state of

equilibrium or balance. In a highway scenario, this translates to rewarding uniform pher-

omone levels across all lanes, while in an intersection scenario, it signifies equal pheromone

levels across all legs of any intersection in the environment.

4.4 Induction of self-organization through digital pheromones

To seamlessly integrate our pheromone signals with the MARL algorithm, we opt to directly

include them as part of our state representation. Additionally, we augment our approach by

introducing rewards modeled after pheromone dynamics, enhancing the integration of the

signal across multiple dimensions. The integration of pheromone within a generic MARL

algorithm (Figure 4.12) is elaborated on in the following algorithmic description.

The Multi-Agent Pheromone-Enhanced Reinforcement Learning (PERL) algorithm (see

1) is designed to facilitate self-organization leading to emergent coordination for multiple

agents within a partially observable non-stationary environment. At each time step, agents

sense the pheromone levels in the environment and incorporate this information into their

observations of the current state. Using a policy network, agents determine their actions,

receiving an reward based on how close the perceived pheromone is to equalization. Rewards
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Figure 4.12: Pheromone guided self-organization

and next states are computed, and policy weights are updated accordingly. Additionally,

the algorithm periodically updates the pheromone field based on the agents’ contributions,

adjusting for evaporation and diffusion effects to propagate information across the environ-

ment. By integrating MARL with indirect pheromone-based communication, PERL enables

agents to collectively optimize their behavior towards achieving system-wide objectives.

At the beginning of this chapter, we discussed the essential components required for

the self-organizing system. We have successfully accounted for positive and negative feed-

back mechanisms stemming from pheromone concentrations, capturing the notion of level

of congestion. We have also addressed the amplification of fluctuations through pheromone

deposition, evaporation, and diffusion processes, alongside acknowledging multiple interac-

tions arising from the involvement of numerous agents/entities within the system. Thus,

theoretically, our approach is poised to induce self-organization, yielding desirable emergent

behaviors guiding by the reward for local equalization 4.2.4 of pheromone levels.
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Algorithm 1 Multi-Agent Pheromone-Enhanced Reinforcement Learning (PERL)
1: Initialize policy network π
2: Initialize pheromone field pf
3: for each step t do
4: for each agent i do
5: Agent i senses pheromone p in the environment
6: Observe state si in the environment and append p to si for enhanced

state Ei

7: Apply action ai using policy network π
8: Reward r ← r + e−βMAD(p) , where β is the MAD multiplier (4.2.4)
9: Compute reward r and next state s′

10: Update policy weights π

11: s← s′

12: if t mod pheromone_update_frequency then
13: for each agent i do
14: xi ← Features(agenti)
15: xi ← Standardize(xi)
16: xi ←MinMaxNormalize(xi)
17: contribi ←

∑n
i=1 xi

18: Mean contribution µi ← 1
n

∑n
i=1 contribi

19: Update with mean contribution and evaporate old values pf ← (1− j) ∗
pf + j ∗ µ, where j is the evaporation factor

20: Diffuse values to surroundings paffected ← (1−k)∗paffected+k ∗pinfluencer,
where k is the diffusion factor, p is pheromone in an influencing/affected
zone

4.5 Assumptions and Scope

The collision avoidance of our approach is handled by rule-based safety constraints. Since

including it would make this a multi-objective reinforcement learning (MORL) problem,

which can introduce additional complexity and challenges to the learning process [190]:

• Trade-offs between Objectives: When optimizing multiple objectives simultaneously,

there often exists a trade-off between them. In our traffic scenarios, an agent might

aim to minimize both travel time and collisions. However, actions that minimize

travel time might increase collisions and vice versa. Balancing these trade-offs can

make learning more challenging or unstable.

• Non-Convexity: The presence of multiple objectives often leads to non-convex op-

timization landscapes, where the objective function has multiple local optima. So

our MARL algorithm may convergence to suboptimal solutions or oscillate between
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different policies. For example, a vehicle may face uncertainty about the relative

importance of different objectives, making it challenging to learn a stable policy.

There are works that address these challenges [191], however they also claim that the

solution is computationally expensive [192]. So collision avoidance is not discussed in this

thesis as it is out of scope. Additionally, PERL relies on emergent behaviour from self-

organization of its agents and cannot guarantee consensus of agents in all situations. Lastly,

the practical implementation of decentralized pheromones falls beyond the scope of this

research as well; however, there is potential to use Vehicle-2-Vehicle (V2V) communication

technologies like Vehicle Ad Hoc Network (VANET) technology [59, 60]. Digital pheromones

can be stored in both, a centralized or decentralized manner [193].
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5 Implementation and simulation environ-

ment

This chapter presents the implementation of agents and the simulation environment across

all scenarios. We provide a comprehensive overview of the modules used to facilitate the

development of pheromone-enhanced RL agents (PERLs) with integrated indirect com-

munication using pheromones. The chapter begins by justifying the choice of simluation

environments and algorithm frameworks used, followed by a description of the modules,

agent implementations, their relationships, and any communication protocols employed, if

any.

Specifically, we outline the key methods and functionalities implemented by the agents

to enable pheromone-based communication. These methods are essential for the agents

to interpret and respond to pheromone signals effectively. The simulation environment

functions as a collection of sensors and actuators, facilitating the collection of data from

the environment that agents require for decision-making. Additionally, we elucidate the

interface between the agents and the simulation environment, which enables agents to affect

their surroundings through the execution of actions. This chapter provides crucial insights

into the technical aspects of the implementation process.

5.1 Simulation environment

Simulation of Urban MObility (SUMO) [104] is an open-source microscopic traffic simula-

tion package designed to model and simulate traffic flows in urban environments. SUMO

employs a microscopic simulation approach, wherein individual vehicles and pedestrians
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are modeled and simulated in detail, allowing for accurate representation of traffic dynam-

ics, interactions, and behaviors. The software supports a wide range of features, including

vehicle routing, traffic signal control, lane changing, vehicle following models, and emission

modeling. Additionally, SUMO provides an extensive set of APIs [194] and interfaces for

integration with external tools and libraries, enabling advanced customization and analysis.

A lot of the research presented in Chapters 2 and 3 use SUMO as their simulation

software for evaluation.

5.2 Algorithm Frameworks

In this section, we present the frameworks used for implementing customization to MARL

in our proposed approach.

5.2.1 RLLib

RLlib [195] is an open-source reinforcement learning library developed by Ray, a distributed

execution framework for Python that enables high-performance and scalable applications.

It includes various state-of-the-art RL algorithms, such as DQN, PPO, and A3C, as well as

support for custom algorithms. RLlib’s architecture is less user-friendly and the document-

ation is more complex compared to other RL frameworks. As a result, navigating RLlib’s

features and understanding its inner workings requires a significant investment of time and

effort. Because of this, we opt to use another framework for our evaluation.

5.2.2 StableBaselines3 and PettingZoo

StableBaselines3 (SB3) [196] is another open-source reinforcement learning library built

on top of PyTorch. It is designed to provide a stable and easy-to-use implementation of

state-of-the-art reinforcement learning algorithms. It provides a straightforward interface

for training and testing RL algorithms.

PettingZoo (PZ) [197] is an open-source software library that provides a collection of

diverse and customizable environments for studying multi-agent interactions. Since PZ

environments are compatible with SB3, we opt to use PZ along with SB3.

PhD Thesis Hriday Nilesh Sanghvi



5.3 Design requirements 95

5.3 Design requirements

When designing the simulation and implementation framework for our research, it’s crucial

to ensure that the environment is suitable for conducting experiments and validating the

hypotheses effectively. Our design considerations:

1. Scalability: The implementation framework should be scalable to accommodate a

large number of agents or entities.

2. Flexibility: The implementation framework should be flexible and configurable, al-

lowing us to easily modify parameters, settings, and rules to simulate different scen-

arios and conditions. For example, using .YAML (Yet Another Markup Language)

[198] files.

3. Modularity: The implementation framework must be modular, allowing different

components or modules to be easily integrated, modified, or replaced.

4. Interoperability: We must ensure that our implementation framework can interact

seamlessly with other tools and libraries such as SUMO, SB3, PZ and PyTorch.

5. Observability and Monitoring: The implementation framework must have mech-

anisms for monitoring and logging the state of the environment, including behaviour

of agents, performance metrics and any data relevant for analysis.

6. Reproducibility: The implementation framework must have mechanisms (e.g., ran-

dom seeds) that enable reproducibility of results.

7. Performance: Implementation must consider performance of the local system on

which training and evaluation is to be performed. Performance can be improved

using parallelization or distributed computing.

8. Documentation and Support: The implementation must have comprehensive

documentation and versioning control, including function docstrings, clear comments,

and versioning. Proper documentation and versioning are essential for understanding

and maintaining the implementation, or even re-purposing it for a different applica-

tion.
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5.4 Modules

The class diagram (Figure 5.1) summarizes the structure of the implementation for our

Pheromone-Enhanced RL (PERL) approach.

5.4.1 SUMOConnector

SUMOConnector is a base class that defines all the internal SUMO functions to connect, and

control the simulation externally. The SUMOSim expands on it’s functionalities.

5.4.2 SUMOSim

The SUMOSim class serves as a wrapper for interacting with the SUMO simulation. It inherits

functionalities from the SUMOConnector class and extends them to provide specific simulation

initialization and metrics computation.

Simulation Initialization

The class overrides the _initialize_simulation() method to define specific simulation

initialization steps. It subscribes to various simulation constants and vehicle types, allowing

for real-time monitoring of simulation parameters such as colliding vehicles and vehicle

attributes like speed and acceleration, which we use for pheromone calculation (as specified

in Chapter 4).

Metrics Initialization

Similarly, the _initialize_metrics() method is overridden to initialize relevant metrics

for monitoring the simulation. For example, average number of lane changes per lane, or

per vehicle may be captured so the result of a training or evaluation run may be plotted

or analysed later. It maintains a list of episode rewards to track the performance of the

simulation over time.
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Figure 5.1: PERL class diagram
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Simulation Steps

The step() method executes simulation steps until a condition is met. It interacts with the

SUMO simulation environment by calling the simulationStep() method and performing

default step actions specific to the simulation.

Additional Functionality

Additional methods such as get_vehicles_at_intersection() and spawn_blockage()

provide functionalities for querying vehicle information and simulating blockages within the

environment. These methods contribute to the flexibility and extensibility of the simulation

framework.

The class also includes methods for logging and formatting subscription results obtained

from the SUMO simulation. This allows for comprehensive monitoring and analysis of

simulation data, aiding in debugging and performance evaluation.

The SUMOConnector class serves as a connector for interacting with the SUMO (Simula-

tion of Urban MObility) simulation environment. It provides functionalities for initializing

the simulation, executing simulation steps, and ending simulation. It also initializes the

TraCI or libsumo APIs which help control actions in the environment later on.

Overall, the SUMOSim class encapsulates the functionality required to interact with the

SUMO simulation environment, providing a robust and customizable framework for our

traffic simulation.

5.4.3 MultiAgentEnv

This is practically the same class, but with slight variations depending on what type of

scenario is being run in SUMO:

• MultiAgentJunction

• MultiAgentHighway

These classes implement a parallelized version of our environment for MARL using

Petting Zoo (PZ). It manages the interactions between multiple agents (vehicles) and SUMO,
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with the primary purpose of defining components of the RL cycle: step, reset, action,

reward

Initialization

Upon initialization, the class sets up the environment parameters and initializes pheromones

to guide agent actions. It configures the SUMO simulation environment and initializes

internal variables to keep track of simulation steps and episodes.

Simulation Control

The class includes methods for resetting the simulation environment (reset()) and ad-

vancing simulation steps (step()). It handles agent entries and exits, updates pheromone

information, and computes rewards based on agent actions and environment state.

Observation and Action Spaces

Methods like observation_space() and action_space() define the observation and action

spaces for the agents in the environment.

Table 5.1: Observation and Action Spaces for MultiAgentHighway and MultiAgentJunction

Component MultiAgentHighway MultiAgentJunction

Observation Space
Pheromones Pheromones

Locations (one-hot encoded matrix) At Intersection (boolean)
Agent Velocities Decided to Yield (boolean)

Has Foes (boolean)
Is Stopped (boolean)
Foe Yielded (boolean)

Action Space Vector of size 3 (left, right, stay) Vector of size 2 (yield, right of way)

The reason MultiAgentHighway has a simpler observation space is because the vehicle

agents did not have to take actions to control their speed since that was controlled directly

by SUMO’s rule-based Krauss model [199].
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Agent Interactions

The class manages interactions between agents and the SUMO simulation environment,

including handling agent entries and exits, updating agent states, and computing rewards

based on agent actions. It provides functionalities for observing the environment, selecting

actions with masking, and receiving rewards with masking.

Null and Illegal Actions

In our MARL framework, the challenge of addressing null and illegal actions arises when

agents encounter situations where they are unable to execute the actions prescribed by

their policy due to logical inconsistencies. Null actions occur in instances where the policy

predicts actions for agents that are either non-existent or inactive within the environment.

This happens when a vehicle has not yet been inserted into the simulation or when the

vehicle has already left the simulation, but is in the list of active agents that PZ requires to

identify all agents that will be part of an episode at the beginning of the episode.

On the other hand, illegal actions encompass actions that attempt to break the pre-

defined rules or constraints of the environment. An example of this would be attempting to

transition to the right lane when a vehicle is already occupying the rightmost lane, violating

the traffic regulations.

To address these challenges, we employ action masking techniques. Null action masking

ensures that inactive or non-existent agents do not take any actions, thereby preventing

them from influencing the environment. On the other hand, illegal action masking restricts

agents from taking actions that violate the environment’s rules or constraints, maintaining

the integrity of the simulation.

By implementing these masking strategies, we can mitigate the instability in learning

caused by allowing illegal actions to be part of the training loop.

Helper data structures and functions

Various helper functions are implemented to facilitate environment management, agent in-

teractions, and simulation control.
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A useful data structure common in all our scenarios is the vehicles_map dictionary of

sets. It holds the global information mapping each zone of the pheromone field with the

set of vehicle agents that are in that zone in any timestep. We use this data structure to

make pheromone aggregation (deposition) updates to our zones. The sets are useful since

no duplicate can exist in these structures.

There are also helper functions that handle tasks such as creating and destroying agents,

updating the vehicles_map at every step, and resetting the simulation environment.

5.4.4 Vehicle

The Vehicle class encapsulates functionalities and attributes pertinent to individual vehicles

within the simulation environment. It serves as a crucial component for managing vehicle

behavior and interactions.

Initialization

Upon instantiation, the class initializes various parameters such as vehicle identification (ID

as in SUMO), simulation context, and configuration settings.

Speed Mode Configuration

Method set_speed_mode() configures the speed mode for the vehicle based on specified

parameters, ensuring adherence to predefined speed constraints and intersection regula-

tions. This functionality primarily serves to grant complete control over the vehicle’s speed,

ensuring that SUMO does not intervene in the speed management process.

Action Execution

Methods such as yield_way() and right_of_way() implement the execution of specific

actions by the vehicle, such as yielding or asserting right-of-way at intersections in the

SUMO simulation.

Since there is no built-in SUMO function to perform the yield or right-of-way actions, we

write helper functions to mask illegal actions with reward penalization for situations where:
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• the vehicle selected is in the middle of crossing an intersection when it decides to yield

(and stop).

• the vehicles from conflicting flows both yield or assert right of way simultaneously.

Information Retrieval

The class provides functions to retrieve essential vehicle information, including position,

speed, acceleration, and lane details.

Lane Change Control

Functionality for changing lanes (change_lane()) and monitoring lane change decisions

(get_lane_change_decision()) is implemented to facilitate lane navigation and decision-

making.

Visualization

The highlight_vehicle() method allows for visual highlighting of vehicles within the

simulation environment, aiding in the visualization and analysis of vehicle behavior.

The Vehicle class plays a pivotal role in enabling the simulation and interaction of

vehicles within the MARL framework, facilitating the execution of actions, retrieval of

information, and visualization of vehicle behavior for analysis and decision-making.

5.4.5 Agent

Vehicle Initialization

The JN_Agent or LC_Agent class is responsible for managing the behavior of individual

vehicles in the simulation environment. Upon initialization, an instance of Vehicle is

created to represent the vehicle being controlled by the agent. Additionally, the available

actions for the agent are defined based on the provided configuration.
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Resetting the Agent

The reset method is invoked to reset the agent’s state at the beginning of each simulation

episode. This method subscribes the vehicle to relevant simulation variables, ensuring that

it receives updated information from the environment.

Action Selection

The act method is responsible for selecting an action for the agent based on the cur-

rent state of the environment. This method computes the desired action using a com-

bination of the provided action space and environmental observations. Additionally, the

apply_action_masked method is employed to ensure that the selected action adheres to

the constraints imposed by the simulation environment.

Reward Computation

The reward function computes the reward for every step that an agent takes in the envir-

onment. Since we evaluate on multiple scenarios, we have varied reward functions for each

scenario as described in Chapter 6. However, some commonalities can be observed.

• There is always a penalty for an illegal action, which is also always masked in the

environment. The masking is a process by which we execute a neutral or no-action in

the environment if the action selected by the agent’s policy is impossible to execute.

For example, an agent that is attempting to change lane to the right when it is already

present at the rightmost lane. In this case, we penalize the agent as though it has a

performed a "bad" action in a state, but continue the simulation by executing a null

action or stay action for the vehicle representing the agent.

• Our proposed reward is calculated as e−βMAD (see Chapter 4), where MAD is the

mean absolute deviation of local pheromone distribution as observed by the agent.

This is also a common part of the reward in all scenarios.

• Another mostly common part of the reward is the "existence-is-pain" or "floor-is-lava"

penalization of the agent, which can help mitigate the spare nature of the rewards
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[200] in some cases, i.e., penalizing an agent at every step because it has not completed

it’s task or route can help with sparse rewards.

Observation Generation

The observe method generates observations of the environment for the agent. These ob-

servations include information such as the vehicle’s current speed, acceleration, distance

traveled, and the presence of obstacles or junctions in the vicinity. The observations are

structured as an ordered dictionary to facilitate further processing by the agent.

Agent Destruction

The destroy method is provided for any necessary cleanup or resource deallocation required

when the agent is no longer active.

5.4.6 Pheromones

The Pheromones class manages the pheromone field within the simulation environment. It

offers methods for initializing, updating, and visualizing the pheromone distribution. Key

functionalities include:

• __init__(): Initializes the pheromone field with parameters such as evaporation rate,

diffusion rate, and initial values.

• reset(): Resets the values present in the pheromone field to either default values or

random values within specified ranges (at episode reset).

• update(): Updates the pheromone field based on contributions from vehicle agents,

implementing processes for evaporation and diffusion.

• show(): Displays the current state of the pheromone field for inspection.

The class also provides utility methods for min-max normalization of pheromone values

to ensure consistency across different ranges.
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6 Evaluation

In this chapter, we present an evaluation of PERL as a technique for cultivating coordination

between MARL agents from local interactions in partially observable and non-stationary or

dynamic environments. We outline the evaluation’s objectives and the metrics employed

to gauge PERL’s performance. Additionally, we elucidate the experimental scenarios and

parameters utilized in this evaluation. Finally, we report and analyse the results of the

evaluation.

6.1 Evaluation Objectives

The goal of the evaluation of PERL presented in this chapter is to establish how well the

stigmergic mechanism integrated with our MARL agents can contribute to learning a policy

that leads to an emergent state of equilibrium by self-organizing in a partially observable

non-stationary environment. The primary objective behind designing PERL was to offer

a decentralized, self-organizing, multi-agent optimization technique that enhances system

performance by fostering global coordination through local stigmergic interactions.

In Chapter 4, we outlined how the design of PERL meets these criteria. However, the

significance of PERL as a technique for enhancing MARL hinges on its performance across

various evaluation scenarios.

In the first scenario, we simulate multi-CAV navigation through dynamic obstacles or

blockages on a multilane highway, further contributing to the non-stationarity of the environ-

ment. Subsequently, we simulate multi-CAV negotiation through a single 4-way intersection

with two adjacent conflicting unidirectional unilane flows, and four interconnected 4-way in-

tersections, each presenting two adjacent conflicting unidirectional unilane flows. All these
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scenarios exhibit non-stationarity due to the non-linear interactions between multiple agents

in the system, along with partial observability as CAV agents can only observe their local

vicinity.

PERL can be deemed successful if it fulfills the following performance criteria:

1. PERL demonstrates superior performance compared to rule-based methods, show-

casing its ability to surpass simple heuristic strategies.

2. PERL exhibits enhanced performance compared to MARL approaches that lack stig-

mergic mechanisms, highlighting the efficacy of integrating stigmergy for achieving

better coordination among agents in a partially observable, non-stationary environ-

ment.

3. The emergent behaviour arising from PERL balances pheromone levels across the

system and therefore redistributes and equalizes traffic flow on a system level.

4. PERL demonstrates its effectiveness by improving the performance of system policies

across various environmental conditions, such as dynamic blockages. Moreover, it

proves adaptable to different policy characteristics, whether off-policy or on-policy,

showcasing its versatility.

In the next section we present the evaluation baselines we use to assess the performance

of PERL.

6.2 Baselines

In this section, we describe the baselines against which we evaluate PERL. As part of the

evaluation, we will deploy the simulator’s [104] built-in heuristic policies, custom heuristic

policies, and Independent RL (IRL or MARL without communication).

6.2.1 SUMO’s built-in heuristic policy

Depending on the type of scenario, we use two distinct heuristic policies from SUMO. In

scenarios where CAV agents must change lanes to traverse through a multilane highway

with obstacles, we use the SL2015 lane-changing model [201]. In scenarios where CAV

agents on unilane roads must negotiate at intersections, the CAVs are controlled by a set of
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junction model parameters [202]. In both these types of scenarios, the Krauss car-following

model [199] contributes to controlling longitudinal actions of CAVs like acceleration and

deceleration.

Lane-changing scenarios

The SL2015 lane-changing model [201] controls the lane-changing behaviour and lateral

dynamics of vehicles. CAVs are driven by a combination of rules and parameters [203]

designed to mimic real-world driving behavior:

1. Gap Acceptance: CAVs assess the availability of suitable gaps in adjacent lanes

before initiating a lane change, aiming to find a gap that allows for smooth merging

without causing disruptions to the flow of traffic.

2. Speed Adjustment: CAVs may adjust their speed to create or utilize gaps in traffic,

ensuring safe and efficient lane changes.

3. Speed Gain: CAVs may choose to change to a specific lane for the reason that they

estimate they can have a higher speed on that lane.

4. Safety Considerations: The SL2015 model prioritizes safety by incorporating

factors such as lane occupancy, lane curvature, and the presence of obstacles. Vehicles

are programmed to prioritize safe maneuvers, avoiding risky lane changes that could

lead to accidents.

5. Traffic Fluidity: This involves balancing the need for vehicles to change lanes

to reach their destinations with the overarching goal of maintaining overall traffic

fluidity.

Junction negotiation scenarios

The negotiation at an intersection without traffic lights in SUMO is primarily governed by

the following rules [202]:

1. Right-of-Way: CAVs approaching the intersection typically yield to vehicles already

within the intersection or to vehicles approaching from the right.
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2. Gap Acceptance: CAV wait for a sufficient gap in the conflicting traffic stream

before proceeding at intersections

3. Speed Adjustment: CAVs may adjust their speed as they approach the intersec-

tion based on the presence of other vehicles and their own priority to ensure safe

negotiation.

4. Turning Behavior: CAV negotiate turns at intersections according to predefined

turning rules, such as giving way to vehicles going straight or vehicles in the opposing

lane turning left.

These rules collectively govern how vehicles negotiate intersections in SUMO’s junction

models, even in the absence of traffic lights. The specific parameters and configurations for

these rules can be adjusted in SUMO’s configuration files to simulate different intersection

behaviors and traffic scenarios, however we use the default parameters [202] for it.

6.2.2 Custom rule-based policies

Depending on the type of scenario, we use two distinct custom heuristic policies. In scenarios

where CAV agents must change lanes to traverse through a multilane highway with obstacles,

they use a predefined probabilistic rule-based policy based on local pheromones (see Chapter

4), and in scenarios where CAV agents on unilane roads must negotiate at intersections, they

use a conditional rule-based policy based on the max pressure concept [120].

Lane-changing scenarios

As detailed in Chapter 4, CAV agents perceive pheromones within their current zone as well

as the immediately adjacent lateral zones in adjacent lanes. In highway scenarios, we use a

probabilistic rule-based policy. Action selection involves computing the softmax over locally

perceived pheromone levels, followed by selecting the action with the highest probability for

execution.

action_idx = argmaxi

(
epi∑n
j=1 e

pj

)
(6.1)
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pi : Perceived pheromone level associated with action i

pj : Perceived pheromone level associated with action j

Junction negotiation scenarios

As discussed in Chapter 4, CAV agents detect pheromone levels on the legs of the local

intersection they are navigating. In scenarios where agent actions are limited to yield and

right-of-way actions, we employ and adapt the concept of max pressure [120] to select

actions. Basically, this concept states that the incoming flow on the leg of the intersection

with the highest pressure must be allowed to pass first, with pressure determined by the

number of vehicles present on a leg. However, since our pheromone concentrations indicate

the desirability of a location (see Chapter 4), we give right-of-way to the incoming flow of

traffic on the leg with the lowest local pheromone concentration:

Action =


Right of way (go) if agent is on leg with least pheromone

Yield (stop) otherwise
(6.2)

6.2.3 IRL (MARL without communication)

Independent Reinforcement Learning (IRL) represents MARL that does not rely on commu-

nication mechanisms between agents. In all our evaluated scenarios, CAV agents will make

decisions independently without influencing each other through indirect communication via

pheromones. During our evaluation, we use PPO for lane-changing scenarios and TD3 for

intersection negotiation scenarios (see chapter 2) as our base RL algorithms for IRL (and

PERL).

In the next section we present the metrics we use to evaluate the performance of PERL.
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6.3 Evaluation Metrics

To assess PERL’s performance, we utilize a set of metrics tailored to the specific task for

applications in traffic management:

Table 6.1: Evaluation metrics

Common Lane-changing Junction negotiation

Cumulative mean Gini index
(ratio)

Mean recovery time after per-
turbations (s)

Mean waiting time (s)

Cumulative mean Shannon en-
tropy (bits)

Mean number of lane-changes Mean number of stops (halts)

Total simulation time (s)
Mean travel time (s)

We utilize the Gini index [204] (see section 6.3.1) to assess the uniformity of the dis-

tribution of pheromones or agents within the traffic environment. This metric reflects the

emerging coordinated behavior achieved through self-organization, indicating the proximity

of the system to equilibrium (see Chapter 4 for discussion on Nash equilibrium [53]). In

addition to the Gini index, we support these investigations with Shannon entropy [205],

which serves as a measure of the disorder or randomness within a system. Here, equilibrium

corresponds to maximum entropy, as it signifies a system that has achieved balance and no

longer exhibits spontaneous change tendencies. We also derive the rate of change of Gini

index and Shannon entropy for pheromone and agent distribution in the system, helping us

understand how fast the system is striving moving towards equilibrium. We go into detail

about calculation in further sections (6.3.1 and 6.3.2).

Congestion metrics (see section 6.3.3) provide an insight into the congestion levels in

traffic. For lane-changing scenarios, the mean recovery time (section 6.3.4) helps us see

how well an approach adapts to additional non-stationary conditions like blockages. Addi-

tionally, excessive number of lane-changes (section 6.3.5) or halts (section 6.3.6) can create

bottlenecks that affect traffic fluidity, making it an insightful metric.
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6.3.1 Gini index

We introduce Gini index [204], a measure based on the Lorenz curve [206], used to quantify

the degree of economic inequality within a population or distribution. A higher Gini index

indicates greater income or wealth inequality, while a lower index suggests more equitable

distribution.

The Gini index provides valuable insights into the distributional patterns of resources.

Mathematically, the Gini index is calculated using the Lorenz curve , which plots the cumu-

lative share of income or wealth against the cumulative share of the population. The Gini

index (or ratio) is equal to the area between the Lorenz curve and the line of perfect equality,

divided by the area under the line of perfect equality. In our evaluation, we calculate Gini

index using the mean absolute deviation (MAD) [185]:

MAD =
1

n

n∑
i=1

|xi − x̄| (6.3)

Where: n is the number of data points

xi is the value of the ith data point

x̄ is the mean of the data points

So following from the formula in (6.3), we calculate Gini index [204] as:

Gini Index(G) =

∑n
i=1

∑n
j=1 |xi − xj |
2n2x̄

(6.4)
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Where: n is the number of data points

xi and xj are the values of the data points at positions i and j.

x̄ is the mean of the data points.

0 ≤ G(X) ≤ 1

The Gini index (6.4) is always in the range 0 (perfect equality) and 1 (perfect inequality),

inclusive. Since Gini index can only work with positive values, we normalize our pheromone

values in the range 0 to 1 (from -1 to +1) [188].

6.3.2 Shannon entropy

Shannon entropy [205] quantifies the uncertainty or randomness in a distribution. In the

context of evaluating resource distribution equality, it provides a quantitative measure of

the dispersion or concentration of probability mass in a distribution, making it a useful tool

[207] for assessing the equality of pheromone or CAV agent distribution (see Figure 6.1) in

the environment. We also use it as an additional metric to further support the Gini index.

According to the second law of thermodynamics [208], a system at equilibrium has

achieved maximum disorder or randomness. At this state, energy and matter are evenly

spread throughout the system, eliminating gradients and potential for spontaneous change.

In simpler terms, equilibrium represents the system’s most disordered state, where all pos-

sible arrangements of its components have been explored, resulting in maximum entropy.

In the context of evaluation of approaches, a distribution with high Shannon entropy

indicates that pheromone concentrations or CAV agents are evenly distributed across the

environment. Conversely, a distribution with low entropy suggests that pheromone concen-

trations are concentrated in specific segments of the environment. Shannon entropy [205] is

given by:

H(X) = −
n∑

i=1

pi log2(pi) (6.5)
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Figure 6.1: Shannon entropy to measure agent distribution

Where: H(X) is the Shannon entropy of the system

pi is the probability of event i

x is the total number of events or states in the system.

0 ≤ H(X) ≤ log2(n)

6.3.3 Congestion Metrics

Metrics like total simulation time, mean waiting time and mean travel time collectively

provide an assessment of congestion levels within the traffic environment [25].
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6.3.4 Mean recovery time

The goal of mean recovery time [209] is to evaluate the adaptability of CAV agents to dy-

namic disturbances like blockages in scenarios with lane-changing. Specifically, it measures

the time difference between the moment a disturbance occurs, causing a perturbation in

pheromone levels across lanes, and the point at which the distributed pheromone levels

return to the similar Gini index values (±0.1) observed before the disturbance.

6.3.5 Mean Number of Lane Changes

This metric quantifies the frequency of lane changes performed by CAV agents in scenarios

with lane-changing. It provides insights into the level of traffic fluidity and stability, as

excessive lane changes may contribute to congestion [210].

6.3.6 Mean Number of stops (or halts)

Halting and waiting at an intersection causes delay [211]. The mean number of stops by

CAV agents provide insights into the level of traffic fluidity and congestion.

6.4 Evaluation Scenarios

In this section we describe the scenarios that we used to evaluate the suitability of PERL

for partially observable (see section 2.9.2) non-stationary (see section 2.9.3) environments.

Some parameters and details are consistent across all evaluations:

Simulation Termination

The simulation concludes when either all inserted CAV agents reach the end of their route

or a maximum of 3600 simulation steps is reached.

Experimental Reproducibility

To ensure reproducibility, we assess the scenario by averaging the outcomes from 5 evaluation

runs. Each evaluation run employs the parameters we will discuss further, but with different
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random seeds.

In our simulations, the behavior of vehicles, including their route selection, starting

positions, and destinations, is predefined. This means that we specify these parameters

for each vehicle before the simulation begins, rather than allowing them to be determined

dynamically during the simulation. By defining the behavior of vehicles in advance, we can

control and manipulate specific scenarios within the simulated environment. This predefined

behavior also allows for more reproducible and consistent experimentation, as the same

scenarios can be recreated and analyzed repeatedly.

Varying parameters

For our evaluation, we conducted 10 trial runs, each with a different set of parameters, such

as vehicle starting speed at insertion and the total number of vehicles in the system. This

variability is why we report both the mean and standard deviation of the results.

In the lane-changing scenario, the number of vehicles is capped at 100, as this represents

the maximum capacity of the selected road segment. Each vehicle is approximately 5 meters

in length, and the simulation incorporates safety gaps and vehicle-following dynamics that

create additional spacing. Increasing the number of vehicles beyond this limit would not

alter system behavior, as excess vehicles would be unable to enter the simulation, leading

to repeated behavioral patterns within a single run.

To ensure a representative range of traffic conditions, each trial varies both the total

number of vehicles and their starting speeds, in addition to accounting for blockages. The

maximum speed is capped at 20 m/s (72 km/h) to align with typical real-world driving con-

ditions. Since vehicle starting speeds influence how quickly the road reaches saturation, they

indirectly affect traffic density. By averaging results across 10 runs with varying parameters,

we capture a spectrum of traffic densities, from sparse to dense. This approach provides a

more comprehensive evaluation of PERLâs performance under diverse traffic conditions.
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Hyperparameter choices

The hyperparameter values used in our experiments are primarily based on the default set-

tings provided in the original papers for each corresponding algorithm. These default values

have been established through prior research and extensive testing, ensuring a reasonable

balance between performance and stability.

The selection of these algorithms was motivated by their relatively lower sensitivity to

hyperparameter tuning, as discussed in a prior chapter. This property makes them well-

suited for our study, as it reduces the need for extensive manual tuning and allows for a fair

comparison across methods. While some minor adjustments were made to account for the

specific characteristics of our traffic environment, such as scaling factors for reward signals

and minor modifications to learning rates to improve convergence, the overall hyperpara-

meter configurations remained consistent with their original implementations.

By relying on well-established defaults and selecting algorithms with lower hyperpara-

meter sensitivity, we mitigate the risk of overfitting to specific scenarios and ensure that our

results reflect generalizable learning behavior rather than fine-tuned optimizations.

We present the simulation environment and parameters, and then describe the specific

details of each scenario used.

6.4.1 Scenario 1 : Unidirectional Multilane highway with dynamic blockages

Figure 6.2: Learning lane-changing on a multilane highway

In this scenario, multiple CAV agents navigate through dynamic disturbances (blockages)
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on a unidirectional multilane highway. The blockage location, start time, duration were

randomly selected (based on random seed) for evaluation runs. The objective of the CAV

agents is to get to the end of the straight road by learning to change lanes in non-stationary

conditions. Scenario related parameters are set for various experiments:

Parameter Values

Road Length (m) 1000, 1500
Number of Lanes 2, 3, 5
Maximum Number of agents 20, 100
Maximum possible speed (m/s) 20
Maximum possible acceleration / deceleration (m/s2) ± 4

Table 6.2: Scenario parameters for evaluation in highway scenario

State Space

The state space includes location of the ego CAV agent and pheromone concentrations in

zones within the range of perception (see section 4.2.3). This means that the CAV agent

can perceive pheromones in its current zone, and zones on its immediate left and right on

adjacent lanes. Location is a one-hot encoding that helps agent know which lane it currently

is on, so it can correspond it with the perceived pheromone values.

Table 6.3: State space for evaluation in highway scenario

Feature Unit Size Range

Pheromones Floating-point vector 1 x 3 [-1,1]
Locations One-hot vector 1 x number of lanes 0 or 1

Pheromone calculation

The pheromone contribution (see section 4.2.5) from CAV agents is the mean of standardized

and normalized (between -1 and +1) sums of velocity and acceleration of each agent in that

zone. This is because mean speed and acceleration are among the factors [25] that represent

traffic flow and characterize the congestion level of a zone.

Hriday Nilesh Sanghvi PhD Thesis



118 6. Evaluation

Action Space

A CAV agent on a multilane highway road can execute one of 3 actions:

• Change lane to the left

• Change lane to the right

• Stay in the same lane

The speed of the CAV agent is controlled by SUMO [199], since we want to focus on

learning effective lane-changing to navigate around blockages or similar dynamic disturb-

ances.

Blockages and Obstacles

Blockages are virtual obstacles on the road with set parameters like size, location, and

duration. CAV agents must learn to navigate around them or wait for clearance.

Table 6.4: Blockage Parameters for evaluation in highway scenario

Parameter Values

Number of blockages 1
Size of blockages (m) Randomly chosen from (200, 300)
Location in lane (m) Randomly chosen from (750, 1000)
Blockage on lane (lane index) Randomly determined at start of simulation
Duration of blockage (s) Randomly chosen from (10, UNTIL END)

Since we train the system with a mixed blockage parameter scheme, where each episode

during training has a randomized number, location, size and duration of the blockages, we

also evaluate it in the same way.

Reward System

We use the mean absolute deviation (MAD) [185] of pheromone levels on zones within the

CAV agent’s perception (current zone and zones on immediately adjacent lanes to the left

and right) to calculate a reward proportional to how equalized the distribution is. The

closer the MAD is to 0, the closer the reward is to +1. CAV agents do not receive any
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reward for reaching the end of the highway (since there are no learnable actions to go faster

longitudinally), but they receive a constant negative penalty for every second that they have

not made it to the end. This is to encourage them to accumulate lower number penalties

by completing their route faster. The reward at every step for a CAV agent is designed as:

Reward =


e−βMAD for every step

− 1 for every step that agent has not reached the end

− 0.1 for each intended illegal action

(6.6)

β is a parameter that acts as the multiplier for equalizing locally perceived pheromone

distribution. We set it to 1 for all our experiments. Masking of illegal actions (as discussed

in 4) is the prevention of execution of such actions, overriding the actual behaviour with a

masked action, while also penalizing the agent for intending to do so. In practice, we mask

actions by executing a neutral action (no-action) in the environment.

Zones and Pheromone Field

The pheromone field is divided into zones, and CAV agents contribute to the pheromone

field within the zone in which they are based. The evaporation and diffusion factor are both

set to half their maximum value to balance out the processes of incorporation of new data

(both from diffusion from other zones and aggregation within current zone) and removal of

old information.

Table 6.5: Pheromone Parameters

Parameter Values

MAD multiplier (β) 1
Number of zones 4
Evaporation Rate 0.5
Diffusion Rate 0.5
Pheromone update frequency (simulation steps) 1
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Algorithm and Hyperparameters

For this particular scenario’s evaluation, PPO (refer to section 2.8.3) is used as the primary

RL algorithm over which we build our stigmergic mechanisms for training the CAV agents

in our MARL system. Specific hyperparameters for PPO used during evaluation of highway

scenario:

Table 6.6: PPO Hyperparameters

Hyperparameter Value

SGD minibatch size 128
SGD iterations 30
Learning Rate (α) 5e-5
Train batch size 4000
PPO Clipping parameter 0.3
Discount factor (γ) 0.99

We run this algorithm for 1000000 training steps or until convergence based on no mean

reward improvement in 5 evaluations done during training. The frequency of evaluation is

every 100000 training steps.

6.4.2 Scenario 2 : Negotiation at single intersection

In this scenario, multiple CAV agents interact at an unsignalized intersection. The inter-

section consists of two incoming legs from the left and bottom directions, and two outgoing

legs leading to the right and top directions. Each leg of the intersection is unilane and uni-

directional, with a length of 100 meters. The goal of the CAV agents is to navigate through

the junction and minimize the time taken for all agents to reach the end of the straight

road. This task involves learning to coordinate among themselves at the intersection, which

introduces non-stationary dynamics. Various experimental parameters are configured to

conduct different experiments within this scenario.
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Figure 6.3: Learning negotiation at an intersection
Table 6.7: Scenario parameters for evaluation in single intersection scenario

Parameter Values

Road Length (m) 100 for each leg
Number of Legs 4
Number of Lanes 1
Maximum Number of agents 100 on each leg
Maximum possible speed (m/s) 20
Maximum possible acceleration / deceleration (m/s2) ±4

State Space

The state space comprises the perceived pheromones from the agent’s perspective, supple-

mented by a series of boolean checks aimed at fostering consensus among agents.

The boolean checks provide information on various aspects of the agent’s situation.

These checks determine if the agent is in the midst of crossing an intersection, has already

opted to yield, encounters any foes within range in the conflicting direction, is currently

at a standstill, or if the foe has yielded in the conflicting leg. Unlike the pheromones,

which primarily influence agent behavior based on environmental cues, these additional
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Table 6.8: State space for evaluation in single intersection scenario

Feature Unit Size Range

Pheromones Floating-point vector 1 x 4 [-1,1]
At Intersection Boolean 1 True or False
Decided to Yield Boolean 1 True or False
Has Foes Boolean 1 True or False
Is Stopped Boolean 1 True or False
Foe Yielded Boolean 1 True or False

features serve to support the learning process by enabling agents to gauge consensus among

themselves. This additional information supplements the pheromone signals, helping to

enhance the overall coordination and decision-making of the agents.

Pheromone calculation

The pheromone contribution from CAV agents, outlined in Section 4.2.5, is determined

as the average of standardized and normalized sums of velocity, acceleration, and waiting

time observed within a particular zone or incoming leg of the intersection. These metrics,

influenced by congestion levels [25], are intended as improved proxies for estimating the

traffic pressure experienced by each leg of the junction [120].

Action Space

A CAV agent negotiating at a single intersection only has 2 actions:

• Yield (stop, and let the conflicting leg pass)

• Right-of-way (Go, and take right-of-way)

Reward System

Here, we also utilize the mean absolute deviation (MAD) [185] of pheromone levels within

the perceptual range of CAV agents (including the current zone and adjacent lanes) to

compute a reward that reflects the equality of pheromone distribution. A MAD closer to 0

corresponds to a reward closer to +1, indicating a more balanced distribution. In addition
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to a small reward for reaching their destination, CAV agents incur a constant, minimal

negative penalty for every second they spend without completing their route. This penalty

incentivizes agents to minimize their overall penalty accumulation by completing their routes

swiftly.

Furthermore, agents face penalties for being stationary (speed = 0), discouraging strategies

that involve balancing positive rewards from pheromone equalization with minimal penal-

ties from prolonged simulation participation. The reward at every step for a CAV agent is

designed as:

Reward =



e−βMAD for every step

+ 5 for every step that agent reaches the end of their route.

− 0.5 for every step that agent is at rest

− 0.1 for every step that agent has not reached the end

− 0.5 for each intended illegal action

(6.7)

The parameter β serves as a multiplier for equalizing locally perceived pheromone dis-

tributions, and in our experiments, we consistently set it to 1. We also explain masking of

actions in the previous scenario description.

Zones and Pheromone Field

In our approach, the pheromone field is partitioned into zones, with CAV agents contributing

to the pheromone field within their respective zones, each corresponding to a leg at the

intersection in this case. To maintain consistency, we maintain the practice of setting the

evaporation and diffusion factors at half of their maximum values just as before.

Algorithm and Hyperparameters

For this particular scenario’s evaluation, TD3 (refer to section 2.8.3) is used as the primary

RL algorithm over which we build our stigmergic mechanisms for training the CAV agents in
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Table 6.9: Pheromone Parameters

Parameter Values

MAD multiplier (β) 1
Number of zones (and legs) 4
Evaporation Rate 0.5
Diffusion Rate 0.5
Pheromone update frequency (simulation steps) 1

our MARL system. Specific hyperparameters for TD3 used during evaluation of intersection

scenarios:

Table 6.10: TD3 Hyperparameters

Hyperparameter Value

Replay buffer (experiences) 1000000
Learning starts (steps) 18000
Learning Rate (α) 1e-3
Minibatch size 512
Discount factor (γ) 0.99

We execute this algorithm for 1000000 training steps (consistent with PPO in lane-

changing) or until convergence, determined by no mean reward improvement in 5 evaluations

conducted during training. Evaluations occur every 1/10th of the total training steps,

resulting in an evaluation frequency of every 100000 training steps.

6.4.3 Scenario 3 : Negotiation at multiple connected intersections

We expand the single intersection scenario to include four interconnected intersections,

where multiple CAV agents negotiate conflicts at each junction. These junctions exhibit

different directional conflicts, including flows from left to right, bottom to top, top to bottom,

and right to left, creating distinct conflict scenarios at each intersection. Notably, turns are

not considered in this setup, as the primary focus is on negotiating and resolving conflicts

at the junctions.

Each leg of the intersection is unilane and unidirectional, spanning a length of 100 meters.

The objective for CAV agents is to navigate through the interconnected intersections while

minimizing the time taken for all agents to reach the end of the straight road. Achieving

this goal requires learning to coordinate among themselves at multiple intersections, thereby
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Figure 6.4: Learning negotiation at interconnected intersections

promoting non-stationary dynamics. Various experimental parameters are configured to

conduct experiments within this scenario.

Table 6.11: Scenario parameters for evaluation in multiple interconnected intersections scenario

Parameter Values

Road Length (m) 100 for each leg
Number of Legs 12
Number of Lanes 1
Maximum Number of agents 100 on each incoming leg of the system (4)
Maximum possible speed (m/s) 20
Maximum possible acceleration / deceleration (m/s2) ±4

State Space

In both the single intersection and multiple interconnected intersections scenarios, we util-

ize pheromone signals from each leg of every intersection, supplemented by additional in-

formation conducive to achieving consensus among agentsâdetails that are absent from the

pheromone signals alone. This approach remains consistent across both scenarios. The

perception range encompasses the legs of the intersection that the agent currently occupies

as an incoming leg. As a result, the state space for multiple interconnected intersections

closely resembles that of the single intersection scenario.
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Table 6.12: State space for evaluation in multiple interconnected intersection scenario

Feature Unit Size Range

Pheromones Floating-point vector 1 x 4 [-1,1]
At Intersection Boolean 1 True or False
Decided to Yield Boolean 1 True or False
Has Foes Boolean 1 True or False
Is Stopped Boolean 1 True or False
Foe Yielded Boolean 1 True or False

It’s worth noting that the absence of consensus encoding in the pheromones is significant,

as this multiple interconnected intersections necessitates a stronger emphasis on achieving

consensus among agents due to increase in complexity of interactions. The included variables

encompass boolean checks that provide insights into various aspects of the agent’s situation.

These checks ascertain whether the agent is currently traversing an intersection, has opted to

yield, detects foes within range in the conflicting direction, remains at a standstill, or if the

foe has yielded in the conflicting leg. While pheromones primarily influence agent behavior

based on environmental cues, these additional features serve to augment the learning process

by allowing agents to assess consensus among themselves. This supplementary information

complements the pheromone signals, thereby enhancing overall coordination and decision-

making among the agents.

Pheromone calculation

The pheromone calculation is done exactly the same way as it is done for the single intersec-

tion scenario. But the diffusion process is modified a bit (see Chapter 4). The pheromone

calculation follows the same procedure as in the single intersection scenario. However, there

are modifications to the diffusion process (detailed in Chapter 4). Unlike in the single inter-

section case, where values are diffused from the zone for an incoming leg to the corresponding

outgoing leg, here, values from zones representing every other leg of the local intersection

are diffused into the zones for incoming legs. It’s important to note that out of the 12 legs

in the scenario, 8 of them serve as incoming legs. This occurs because there are outgoing

legs that also function as incoming legs for adjacent connected intersections. Essentially,

these legs comprise all segments shared by two consecutive intersections.
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Action Space

The action space is the same as it was in the single intersection version:

• Yield (stop, and let the conflicting leg pass)

• Right-of-way (Go, and take right-of-way)

Reward System

The rewards also remains unchanged from the single intersection scenario:

Reward =



e−βMAD for every step

+ 5 for every step that agent reaches the end of their route.

− 0.5 for every step that agent is at rest

− 0.1 for every step that agent has not reached the end

− 0.5 for each intended illegal action

(6.8)

The parameter β serves as a multiplier for equalizing locally perceived pheromone dis-

tributions, and in our experiments, we consistently set it to 1. We also explain masking of

actions in the previous scenario description.

Zones and Pheromone Field

In our methodology, we divide the pheromone field into zones, with each zone correspond-

ing to a leg at the intersection. CAV agents contribute to the pheromone field within their

respective zones. To ensure consistency, we continue the practice of setting the evapora-

tion and diffusion factors at half of their maximum values, as in previous iterations. The

pheromone update frequency refers to how often the operations of aggregation (deposition),

evaporation, and diffusion are executed relative to the simulation time steps, which is set

to 1 for all experiments.
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Table 6.13: Pheromone Parameters

Parameter Values

MAD multiplier (β) 1
Number of zones (and legs) 12
Evaporation Rate 0.5
Diffusion Rate 0.5
Pheromone update frequency (simulation steps) 1

Algorithm and Hyperparameters

Continuing the extension from the single agent intersection, we choose TD3 (refer to section

2.8.3) as the primary RL algorithm over which we build our stigmergic mechanisms for

training the CAV agents in our MARL system. Specific hyperparameters for TD3 used

during evaluation of single intersection scenario is the same as before.

Table 6.14: TD3 Hyperparameters

Hyperparameter Value

Replay buffer (experiences) 5000000
Learning starts (steps) 180000
Learning Rate (α) 1e-3
Minibatch size 512
Discount factor (γ) 0.99

We execute this algorithm for 5000000 training steps or until convergence, determined

by no mean reward improvement in 5 evaluations conducted during training. Evaluations

occur every 1/10th of the total training steps, resulting in an evaluation frequency of every

100000 training steps.

6.5 Results and Analysis

In this section we analyze the performance of PERL with respect to the evaluation objectives

outlined in Section 6.1. We evaluate the performance of PERL when compared to the

performance of our baselines (section 6.2).
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Table 6.15: Highlights of PERL vs. baselines for blockage on multilane highway

Metric SUMO HP PPO-IRL PPO-PERL
Simulation time (s) 192.5 ± 0.2 329.8 ± 1.6 274.2 ± 0.8 183.2 ± 0.9
Mean recovery time (s) 39.7 ± 1.76 119.97 ± 7.85 ± 85.91 ± 5.43 33.19 ± 2.1
Mean travel time (s) 33.15 ± 0.44 40.98 ± 0.28 38.77 ± 1.17 32.59 ± 0.36
Mean pheromone distribu-
tion Gini

0.67 ± 0.03 0.69 ± 0.02 0.67 ± 0.04 0.59 ± 0.02

Mean pheromone distribu-
tion entropy (bits)

1.54 ± 0.01 1.61 ± 0.02 1.57 ± 0.03 1.64 ± 0.01

Mean agent distribution
Gini

0.58 ± 0.02 0.61 ± 0.02 0.63 ± 0.09 0.56 ± 0.01

Mean agent distribution en-
tropy (bits)

1.86 ± 0.01 1.48 ± 0.03 0.97 ± 0.05 1.92 ± 0.02

6.5.1 Lane-changing on highways with dynamic disturbances

In this section, we compare chosen performance metrics for a multilane highway scenario,

with upto 100 inserted agents. Blockage placements are determined at the start of the

simulation, randomly from a list of choices as outlined in Chapter 4. For our evaluation,

the randomly chosen predefined parameters set a blockage at between 450m - 750m on the

1000m length of the road, on the right most lane. The blockage persists until the end of the

simulation. We have 4 zones which divides the road into 250m segments for representation in

the pheromone field. PERL performs better than the baselines in terms of simulation time,

mean recovery time and mean travel time. We investigate the distribution of pheromone

levels on lanes (Figure 6.5) and it shows the cumulative mean of gini index of pheromone

distribution over time during the evaluation. The distribution of pheromone seems to be

closer to equilibrium in the case of PERL (refer to Table 6.15)

Results (Table 6.15) also indicate that PERL performs better than SUMO, in terms

of simulation time and mean travel time, by ∼ 5% and ∼ 2%, respectively. Another in-

teresting result is the mean recovery time, which shows that PERL adapts to blockages

placed dynamically, ∼ 18% faster (Figure 6.8) than the second best (SUMO). The entropy

(Figure 6.6) also supports the idea of equalization of pheromone levels being good for the

overall performance of the CAV agent. The higher the entropy, the closer the system is to

exploring all possible organizations of its entities (explained in section 6.3.2). The system is

moving towards a situation in which no agent has an incentive to unilaterally deviate from
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Figure 6.5: Gini index for pheromone distri-
bution

Figure 6.6: Shannon Entropy for pheromone
distribution

their chosen strategy, given the strategies chosen by the other agents. This follows from the

concept of Nash equilibrium [53], where no individual agent has a tendency to change the

actions they have been executing at equilibrium. It also supports the results for Gini index

of pheromone and agent distribution.

Figure 6.7: Mean number of lane changes in
multilane highway with blockages

Figure 6.8: Mean recovery time in multilane
highway with blockages

Additionally, the mean number of lane changes (Figure 6.7) tells us that the Heuristic

policy (HP) we used performed the worst with the excessive lane-changing maneuvers. The

reason for this phenomenon lies in the frequency of lane-changing actions performed per

second within the simulation environment. Additionally, the occurrence of every agent

selecting the same action is more likely in the case of the Heuristic Policy (HP). This results

to an instantaneous alteration in pheromone levels as a result of a widespread reorganization

of vehicle behavior. This leads to a cycle of non-stationarity in states and actions. Similarly,

PERL also exhibits comparable behavior in specific edge cases, particularly when the initial
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pheromone values are set to 0 instead of being randomly distributed. In such cases, the

absence of initial pheromone variations can lead to a more synchronized agent response,

where multiple vehicles select similar actions simultaneously. This synchronization may

cause abrupt shifts in pheromone levels across the environment, triggering cascading effects

on lane-changing behavior. The resulting fluctuations contribute to the overall instability

observed in traffic patterns, particularly during the early stages of learning, before the policy

has sufficiently adapted to diverse traffic conditions. While PERL demonstrates improved

adaptability over time, these edge cases highlight the sensitivity of pheromone initialization

and its influence on emergent agent behaviors.

Furthermore, the mean recovery time (Figure 6.8) shows that PERL is ∼ 18% better

than the next best performing baseline (SUMO). As described in Section 6.3, the recovery

time denotes the duration from the moment a CAV agent encounters a disruption (such

as a blockage) to the onset of a notable decline in the Gini index of the global pheromone

distribution, signifying disturbance. This duration extends until the Gini index of the

distribution returns to its original value or diminishes further, signifying stabilization or

redistribution of traffic.

Figure 6.8 indicates that PERL exhibits a relatively high standard deviation, suggesting

variability in its recovery consistency compared to the SUMO simulator. This discrepancy

is likely attributable to the discrete nature of action selection in MARL, where agents

make decisions at fixed intervals (once per second) rather than continuously adjusting their

behavior in real time. This discretization may introduce fluctuations in recovery efficiency, as

agents lack the ability to make fine-grained corrections between decision steps. In contrast,

the SUMO simulator, which relies on predefined traffic dynamics, demonstrates more stable

and predictable recovery patterns.

6.5.2 Negotiation at single intersection

In this section, we compare chosen performance metrics for a single junction scenario, with

upto 100 agents each for the 2 incoming legs in the intersection, i.e., 200 agents. Figure

6.9 shows the cumulative mean of gini index of pheromone distribution over time during

evaluation. SUMO performs the worst in terms of pheromone distribution over the legs of
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Figure 6.9: Gini index for pheromone distri-
bution

Figure 6.10: Single junction; Mean number
of stops

the intersection. Note that Gini index closer to zero represents closeness to perfect equality

or equalization of distribution of pheromones on all legs of the intersection.

On closer inspection, we can also note that among the other approaches, PERL seems

to start decreasing at 190 steps, while the other approaches take until the 240th step to

start equalizing. This indicates that PERL is 2̃0% faster to tend to bring the system to

equilibrium.

In Figure 6.11, we see the random initialization of pheromone concentrations on each

leg of the intersection. The values are randomly sampled from a uniform distribution with

mean 0 and standard deviation 1 (see Chapter 4).

As time goes on, in step 100 (Figure 6.12), you can see the behaviour of agents being

influenced by the pheromone concentration in the leg. The white dots are CAV agents that

are choosing to take the right of way (or go), and the black ones are CAV agents that

are intending to stop or yield. Note that PERL does not contribute to consensus in agent

actions.

As the pheromone changes with time (Figure 6.13), so does the behaviour of agents with

it. Very similar to our previous scenario, the higher concentration of pheromone attracts

agents to that zone. Agents are compelled to go (or leave) only when their zone (or leg in

this case) starts to decrease in concentration relative to it.

In chapter 4, we talk about the notion of redistribution of traffic to improve flow [54].

We also examined Figure 6.9 and concluded that PERL shows a higher tendency to move to-
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Figure 6.11: Single junction; pheromone levels and agent behaviour (step 1)

Figure 6.12: Single junction; pheromone
levels and agent behaviour (step 100)

Figure 6.13: Single junction; pheromone
levels and agent behaviour (step 150)
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Table 6.16: Highlights of PERL vs. baselines for single intersection

Metric SUMO HP TD3-IRL TD3-PERL
Simulation time (s) 407.1 ± 1.0 371.6 ± 1.4 389.2 ± 2.33 356.5 ± 1.0
Mean waiting time (s) 147.25 ± 0.5 121.97 ± 1.28 ± 144.82 ± 4.98 115.28 ± 2.67
Mean travel time (s) 32.45 ± 0.01 37.38 ± 0.22 34.12 ± 1.84 32.37 ± 1
Mean pheromone distribu-
tion Gini

0.19 ± 0.02 0.18 ± 0.05 0.22 ± 0.02 0.17 ± 0.03

Mean pheromone distribu-
tion entropy (bits)

1.79 ± 0.02 1.85 ± 0.03 1.82 ± 0.06 1.88 ± 0.02

Mean agent distribution
Gini

0.68 ± 0.01 0.56 ± 0.02 0.61 ± 0.09 0.54 ± 0.04

Mean agent distribution en-
tropy (bits)

0.98 ± 0.01 1.05 ± 0.13 1.02 ± 0.08 1.09 ± 0.04

wards an equilibrium state. The mean Gini index and Shannon entropy of the methods show

that PERL spent the longest time in a state closer to equilibrium in both pheromone and

agent distribution. From the point of view of a single CAV agent in a partially observable

non-stationary environment, the stigmergic pheromone mechanisms helped PERL to co-

ordinate actions with other agents and guide the system to an attractor state, charactersitic

of self-organization. PERL’s constant objective is to move towards a state of pheromone

equilibrium, resulting in a more uniform traffic distribution, ultimately improving traffic

flow [54].

It follows that PERL outperforms all our baselines (see section 6.2) in simulation time

taken for all vehicle agents to complete their routes, by being∼4-13% lower than the best and

worst performing among the baselines respectively. It also claims the least mean waiting time

and mean travel time among the baselines. The mean waiting time is ∼6-24% (Table 6.16)

lower than the best and worst performing among the baselines respectively. In particular,

this experiment shows there is significance in the traffic performance metrics with respect

to the pheromone and agent distribution results 6.16). This is in line with the idea that

striving for a equalized distribution of traffic improves traffic flow [54].

Halting is the action or intention to stop. This does not include the time a CAV agent

may spend waiting at a stopped state, after it has already come to a stop. Excessive

halting can result in a break of traffic fluidity [211]. But halting too less can indicate a

lack of coordination or selfish behaviour by agents as apparent in our results in Table 6.16

(Figure 6.10). Notably, PERL exhibits a relatively high number of halts when compared
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to the SUMO policy, reinforcing the critical role that action step discretization plays in

real-time decision-making. This discrepancy arises because MARL-based approaches like

PERL execute actions at discrete time intervals (e.g., one action per second), whereas

SUMO’s built-in policies operate in a more continuous manner, responding to dynamic traffic

conditions with finer temporal granularity. As a result, PERL agents may not always react

swiftly to sudden traffic changes, leading to temporary halts as they adjust their decisions

in subsequent steps. This limitation becomes particularly evident in mixed environments

such as this one. Thus, while PERL demonstrates adaptive decision-making capabilities,

the constraints of discrete action execution may contribute to increased instances of halting,

especially in complex traffic interactions.

Additionally, it is also interesting to note that the difference in metrics like simulation

time (or total system completion time) are not as exaggerated when the number of agents

are lower. At a maximum of 40 agents (20 agents per leg), the system travel time was 88

for PERL compared to 84 in SUMO. This could indicate that the strengths of PERL are

magnified with an increasing scale of agents.

6.5.3 Negotiation at multiple interconnected intersections

Figure 6.14: Gini index for pheromone dis-
tribution

Figure 6.15: Multiple interconnected junc-
tions; Mean number of stops

In this section, we analyze the performance metrics of multiple interconnected intersec-

tions, each with upto 100 agents for every incoming flow, totaling 400 agents.

Figure 6.14 illustrates the cumulative mean Gini index of pheromone distribution over

time during evaluation. The Gini index near zero indicates a perfect equality or uniform
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distribution of pheromones across all intersection legs. Figure 6.15 shows us that the mean

number of stops for all methods is much higher compared to the single intersection scenario.

However, the number of mean stops for PERL is higher (∼ 5%) than that of SUMO as in

the case of the previous scenario, continuing that trend in results.

Figure 6.16: Multiple interconnected intersections; pheromone levels and agent behaviour (step 1)

Figure 6.16 depicts the random initialization of pheromone concentrations across the

12 legs of interconnected intersections. These values are randomly drawn from a uniform

distribution with a mean of 0 and a standard deviation of 1 (see Chapter 4).

As time progresses, by step 50 (Figure 6.17), the influence of pheromone concentration

on agent behavior becomes apparent. In the figure, white dots represent CAV agents opting

to proceed, while black dots denote agents intending to yield. Notably, agents on the incom-

ing left leg of the bottom left junction and the incoming right leg of the top right junction

accumulate a large portion of negative pheromone. This accumulation and the observation

that the agents are starting to convert from yielding to taking the right of way as their

optimal action suggests that PERL has learned that at a certain distribution threshold of

PhD Thesis Hriday Nilesh Sanghvi



6.5 Results and Analysis 137

locally perceivable pheromones, it becomes optimal to take the right of way. However, if con-

flicting incoming legs of both junctions fail to share the same strategy, consensus issues may

arise. It’s essential to emphasize that while PERL promotes coordinated emergent behavior

through pheromone evaporation and diffusion processes, it does not actively contribute to

consensus in agent actions.

As the pheromone levels change over time (Figure 6.18), we observe the delayed effect

of the accumulation of negative repelling pheromone from step 50. It’s only by step 250

that we witness the decision to take the right of way being executed with consensus among

the participating CAV agents. Similar to the previous scenario, higher concentrations of

pheromone attract agents to their respective zones. Agents tend to proceed or yield only

when the concentration in their zone (or leg in this case) diminishes relative to others.

Figure 6.17: Multiple interconnected inter-
sections; pheromone levels and agent beha-
viour (step 50)

Figure 6.18: Multiple interconnected inter-
sections; pheromone levels and agent beha-
viour (step 250)

Comparing the results to the single junction version, we observe less pronounced differ-

ences between PERL and the next best baseline (SUMO). This is attributed to the increased

prominence of consensus among multiple agents across interconnected intersections, where

PERL maintains a slight performance advantage.

We only increase the scale factor by a small margin, expanding from a single intersection

to four interconnected intersections. Even with this modest increase in complexity, we

observe that PERL exhibits greater variability in its results compared to SUMO’s policy, as

indicated by the higher standard deviation (Table 6.17) across key metrics such as simulation

time, mean waiting time, and mean travel time. This inconsistency likely stems from the
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absence of a direct consensus mechanism among agents; instead, PERL relies solely on the

emergent effects of stigmergic processes to shape decision-making at the individual level.

As the system grows in scale, the indirect nature of this coordination introduces additional

uncertainty, making it more challenging to maintain stable performance. The problem is

already demonstrating signs of increasing complexity, suggesting that further scaling could

exacerbate these inconsistencies. Future work should explore methods to enhance PERL’s

scalability while preserving stability, potentially by introducing complementary mechanisms

that refine coordination without undermining the decentralized nature of the approach.

Overall, PERL demonstrates better performance compared to baselines, albeit by smaller

margins, even in scenarios with multiple interconnected intersections.

Table 6.17: Highlights of PERL vs. baselines for multiple interconnected intersection

Metric SUMO HP TD3-IRL TD3-PERL
Simulation time (s) 435.1 ± 0.8 613.23 ± 3.4 562.78 ± 1.93 432.3 ± 1.0
Mean waiting time (s) 137.26 ± 1.32 201.46 ± 3.11 209.43 ± 4.78 136.98 ± 2.19
Mean travel time (s) 38.66 ± 0.06 61.73 ± 0.34 49.32 ± 0.17 37.45 ± 0.09
Mean pheromone distribu-
tion Gini

0.44 ± 0.03 0.55 ± 0.04 0.50 ± 0.07 0.42 ± 0.03

Mean pheromone distribu-
tion entropy (bits)

2.11 ± 0.04 2.12 ± 0.03 1.78 ± 0.05 2.23 ± 0.02

Mean agent distribution
Gini

0.62 ± 0.02 0.65 ± 0.03 0.69 ± 0.08 0.58 ± 0.05

Mean agent distribution en-
tropy (bits)

1.59 ± 0.02 1.36 ± 0.12 1.53 ± 0.07 1.68 ± 0.05

6.6 Scaling Up to Real-World Environments

While this study does not use real-world network topologies in SUMO, there are several key

reasons for this choice, rooted in the need for conceptual clarity, computational feasibility,

and methodological rigor. Although SUMO provides real-world network topologies, using

them directly is not straightforward, as they often require manual adjustments in NetEdit

to ensure proper connectivity and functionality within the simulation.

• Focus on Conceptual Validation: The primary focus of this research is on the

fundamental principles of self-organization and multi-agent reinforcement learning

(MARL) itself. Using simplified environments allows for clearer analysis of algorithmic
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behavior without interference from real-world complexities. This ensures that in-

sights gained are directly attributable to the proposed method rather than external

confounding factors.

• Computational Constraints: Real-world traffic networks are computationally ex-

pensive to simulate, particularly when training MARL models that require thousands

of iterations. High-fidelity simulations with large-scale networks demand significant

computational resources, making experimentation and iterative improvements infeas-

ible within a reasonable timeframe. By using controlled environments, we ensure the

feasibility of extensive experimentation without excessive computational overhead.

• Controlled Experimentation: Real-world traffic networks introduce numerous un-

controllable factors, such as irregular road layouts, traffic light configurations, weather

conditions, and unexpected disruptions like road construction. These external vari-

ables make it challenging to isolate the effects of the proposed approach. By designing

controlled synthetic environments, we are able to systematically test, analyze, and

compare different methodologies under consistent and reproducible conditions.

• Challenges with SUMO’s Real-World Networks: While SUMO provides real-

world network topologies, these networks often require significant preprocessing before

they can be used effectively in a MARL framework. Many of these networks are

imported from OpenStreetMap (OSM) and other datasets, but their raw format often

includes disconnected road segments, missing priority rules, or improperly defined

lane connections. As a result, these networks must be manually refined in NetEdit,

SUMO’s graphical network editor, to ensure correct connectivity, realistic traffic flow,

and compatibility with reinforcement learning agents.

Given the computational cost and additional manual effort required to preprocess

these networks, we opted for controlled synthetic environments that allow us to focus

on the core problem of MARL-based traffic self-organization.

• Lack of Standard Benchmarks for Comparison: Unlike other domains in rein-

forcement learning, there is no universally accepted standard for evaluating MARL-

based self-organization in real-world traffic networks.

• Future Work Consideration: While this study focuses on conceptual validation

in synthetic environments, future research can explore the scalability of our approach
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in real-world network topologies. One possible direction is refining and validating

PERL in preprocessed SUMO networks where connectivity issues have been resolved

in NetEdit. Extending PERL to urban mobility scenarios with real traffic data would

be a logical next step in evaluating its practical applicability.
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7 Conclusion and Future Work

This thesis explored the integration of stigmergic communication mechanisms, specifically

Ant Colony Optimization (ACO), within Multi-Agent Reinforcement Learning (MARL)

to enhance coordination in decentralized traffic systems. The research was guided by the

following key question:

• RQ: How can stigmergic communication mechanisms, such as Ant Colony Optim-

ization (ACO) from Swarm Intelligence (SI), enhance coordination in Multi-Agent

Reinforcement Learning (MARL) for environments characterized by partial observ-

ability and non-stationarity? Furthermore, how efficiently can emergent behaviors

resulting from local interactions coordinate the actions of multiple agents to achieve

system-wide objectives in real-world application domains?

To address this question, we proposed and evaluated PERL, a novel MARL-based frame-

work that incorporates digital pheromones and stigmergic processes into agent decision-

making. Our hypothesis posited that this integration would induce self-organization, allow-

ing emergent coordinated behavior to arise naturally from local interactions. By leveraging

mechanisms such as pheromone evaporation, diffusion, and positive feedback, PERL aimed

to guide Connected and Autonomous Vehicles (CAVs) toward more efficient traffic flow

redistribution without explicit global coordination.

Findings and Contributions

The experimental results presented in this thesis provide evidence that supports the core

premise of our hypothesis while also highlighting key limitations and areas for improvement.

Below, we summarize the main contributions and findings:
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• C1: Demonstrating Self-Organization through Stigmergy. The results indic-

ate that pheromone-based reinforcement learning can induce decentralized coordin-

ation in traffic scenarios characterized by partial observability and non-stationarity.

Agents successfully adapted to environmental conditions using only local stigmergic

cues, validating our hypothesis that self-organization can emerge from the integration

of digital pheromones with MARL.

• C2: Performance Analysis of PERL vs. Baselines. Compared to heuristic and

MARL-based baselines, PERL demonstrated competitive performance in terms of

traffic flow optimization, lane-changing efficiency, and intersection throughput. How-

ever, it exhibited higher variance in certain metrics (e.g., waiting time and recovery

time), particularly in complex multi-intersection scenarios. This suggests that while

stigmergy enables decentralized coordination, its stability and convergence properties

require further refinement.

• C3: Limitations and Challenges. While PERL successfully leveraged stigmergic

communication, several limitations emerged. The absence of explicit agent consensus

mechanisms resulted in inconsistencies in performance across trials. Moreover, the

sensitivity of the framework to initialization conditions (e.g., pheromone distribution

at the start of training) introduced variability in outcomes. These findings highlight

the trade-offs between flexibility and stability in purely decentralized MARL-based

approaches.

• C4: Pathways for Future Work. To further develop PERL, future research should

explore hybrid approaches that combine stigmergic cues with direct inter-agent com-

munication. Additionally, applying PERL to real-world traffic networks, refining pher-

omone update rules, and investigating domain-agnostic calculations of pheromones or

learned pheromones remain important directions for extending this work.

Overall, this research contributes to the field of decentralized traffic management by

demonstrating how stigmergic communication can enhance coordination in MARL systems.

While PERL shows promise as a self-organizing traffic control mechanism, additional work

is required to ensure stability, scalability, and real-world applicability. The insights gained

from this study provide a foundation for future advancements in multi-agent coordination
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for intelligent transportation systems.

Impact on Swarm-Based Reinforcement Learning and Connec-

ted Autonomous Vehicles

The findings of this research have significant implications for both swarm-based reinforce-

ment learning (RL) and the field of connected and autonomous vehicles (CAVs). By demon-

strating how stigmergic communication mechanisms, such as pheromone-based signaling,

can facilitate decentralized coordination in MARL, this work bridges the gap between biolo-

gically inspired swarm intelligence techniques and multi-agent decision-making in dynamic

environments.

Swarm-Based RL: Traditional reinforcement learning approaches often struggle with

non-stationary environments due to the shifting policies of other learning agents. By in-

corporating stigmergic communication, this work offers a mechanism for agents to influence

their environment in a persistent yet adaptive manner. This contribution lays the ground-

work for new RL paradigms where agents modify their surroundings as an implicit means

of coordination, rather than relying solely on direct agent-to-agent communication. Future

research in swarm-based RL can build upon this principle to develop more robust strategies

for decentralized problem-solving in various domains, including robotics and distributed AI

systems.

Connected and Autonomous Vehicles (CAVs): The application of stigmergy

to CAV coordination presents a novel approach to addressing mixed environments like

traffic. Unlike conventional centralized traffic management systems, PERL enables self-

organizing traffic behavior without requiring extensive infrastructure or explicit vehicle-to-

vehicle (V2V) communication. This aligns with the broader vision of scalable, decentralized

traffic control systems capable of adapting to real-time conditions with minimal reliance on

external coordination. However, for practical deployment, additional refinements in pher-

omone update mechanisms and robustness to initialization biases are necessary. Future

extensions could integrate PERL into hybrid traffic control architectures that leverage both

local stigmergic signals and global optimization techniques to enhance efficiency and safety
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in urban mobility systems.

In summary, this research contributes to the evolution of swarm-based RL by demon-

strating how biologically inspired coordination mechanisms can enhance multi-agent learn-

ing. Additionally, it opens new avenues for decentralized traffic management in CAV net-

works, paving the way for more adaptive and scalable solutions in intelligent transportation

systems.

Adapting PERL to Other Applications and Designing the Pheromone Signaling

System

While this research focuses on the application of PERL in connected and autonomous vehicle

(CAV) coordination, the underlying principles of pheromone-based reinforcement learning

extend to a variety of domains where decentralized coordination is essential. The stigmergic

communication mechanism employed in PERL is highly adaptable and can be leveraged in

other multi-agent systems, such as robotic swarms, warehouse automation, and distributed

sensor networks.

Potential Applications Beyond CAVs:

• Autonomous Drone Swarms: In environments requiring decentralized UAV (un-

manned aerial vehicle) coordination, such as search-and-rescue missions or environ-

mental monitoring, pheromone signals could be used to mark explored regions or

indicate areas of high interest. The evaporation and diffusion mechanisms would

allow the swarm to efficiently allocate resources to unexplored or high-priority areas.

• Warehouse and Factory Automation: Autonomous robots in warehouse settings

often require efficient path planning and task allocation. A pheromone-based system

could guide robots toward tasks with high urgency while ensuring load balancing to

prevent congestion in busy zones.

• Internet of Things (IoT) and Smart Grid Management: In distributed IoT

systems, digital pheromones could be used for load balancing in smart grids, optim-

izing energy distribution based on real-time demand. Similarly, in networked sensor

systems, pheromone trails could help prioritize data routing to prevent congestion in

high-traffic nodes.
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• Pedestrian Flow and Crowd Management: Pheromone-inspired signaling could

be used to optimize pedestrian movement in large-scale events, such as concerts or

evacuations, by dynamically guiding individuals based on congestion levels.

Designing the Pheromone Signaling System:

• Pheromone Representation: The pheromone should encode information relevant

to decision-making. For example, in CAVs, it represents congestion levels, while in

drone swarms, it might indicate search coverage or obstacle density.

• Evaporation and Diffusion Rates: These parameters determine the persistence

and spread of pheromone signals. A high evaporation rate ensures rapid adaptability

but may lead to information loss, while excessive diffusion may dilute important local

information. Application-specific tuning is required to balance responsiveness and

stability.

• Agent Interaction with Pheromones: The decision-making process should integ-

rate pheromone signals effectively. This could be done by incorporating pheromone

levels into the agent’s state representation, influencing reward functions, or modifying

exploration strategies. The chosen approach depends on whether the goal is react-

ive adaptation (e.g., obstacle avoidance) or long-term optimization (e.g., traffic flow

management).

By carefully adapting these principles, PERL’s stigmergic approach can be extended

beyond traffic coordination to a wide range of multi-agent domains. Future work could

focus on refining these adaptations and validating them in real-world testbeds across various

industries.

Key Limitations of PERL

While PERL demonstrates promising results in multi-agent coordination through stigmergic

reinforcement learning, there are several limitations that should be acknowledged. These

limitations highlight potential areas for future research and improvements.

• Dependence on Simulation Assumptions: The experiments are conducted in a

SUMO-based traffic simulation, which, while widely used, still abstracts many real-
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world complexities such as human driving unpredictability, imperfect communication,

and varying road conditions. The effectiveness of PERL in real-world deployments

remains to be validated.

• Scalability Challenges: While PERL successfully coordinates multiple agents, its

performance consistency decreases as the number of intersections increases. This

suggests potential limitations in scalability when applied to large-scale urban envir-

onments without modifications to the pheromone update mechanisms.

• Requirement of Domain Knowledge for Pheromone Calculation: The cur-

rent approach requires a domain expert to handcraft pheromone calculations to ensure

they reflect specific aggregated information over time. A potential improvement could

be allowing the pheromone signals to be learned dynamically from reward signals, such

as for finding states not seen before, rather than being manually designed. This could

make the system more adaptive and capable of generalizing to different environments.

Additionally, it could be argued that PERL demands a deeper understanding of the

problem domain to design a successful agent compared to traditional reinforcement

learning methods. This is because, aside from standard RL components (such as state

representations, reward functions, and exploration strategies), PERL also requires a

well-thought-out pheromone signaling mechanism that meaningfully encodes relevant

environmental information. While this additional complexity may introduce chal-

lenges in designing agents, it also provides a structured way to inject prior knowledge

into the learning process. This trade-off means that although PERL may require more

upfront effort in defining the pheromone system, it has the potential to achieve super-

ior coordination and faster convergence in complex multi-agent environments where

traditional RL struggles. Future work could explore ways to automate or simplify

pheromone design, making PERL more accessible to a wider range of applications

without requiring extensive domain expertise.

• Lack of Direct Agent-to-Agent Communication: PERL relies purely on in-

direct communication via pheromone updates, which can be beneficial for decentral-

ized control but may limit the speed and precision of coordination in high-density

traffic conditions where explicit communication (e.g., V2V messaging) could improve

decision-making.
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• Fixed Hyperparameter Settings: Although hyperparameters were chosen based

on prior research, there was limited exploration of hyperparameter optimization. More

adaptive approaches to adjusting parameters such as pheromone decay rates or learn-

ing rates could enhance robustness across different environments.

• Potential Sensitivity to Initial Conditions: The initialization of pheromone

levels influences early agent behavior, which could introduce variance in system per-

formance. A more detailed study on initialization strategies could help improve con-

sistency in learning outcomes.

Despite these limitations, PERL provides a novel approach to integration of pheromones

with MARL, laying the groundwork for future work where we could enhance its applicability

to real-world autonomous systems.

Future Work and Consideration of Assumptions

While this work demonstrates the potential of integrating stigmergic principles into MARL

for coordination in multi-agent systems, several assumptions were made to maintain a con-

trolled experimental setting. Future work should explore relaxing these assumptions to

better align with real-world complexities and assess the robustness of PERL in more dy-

namic environments. Below, we discuss each assumption and potential avenues for future

research:

1. Failure-Free Agents: The assumption that all agents operate without failures sim-

plifies the analysis by removing concerns related to communication breakdowns or

hardware malfunctions. However, real-world autonomous systems are prone to fail-

ures, such as sensor noise, intermittent connectivity, or mechanical issues. Future

work could explore how PERL adapts to agent failures by incorporating fault toler-

ance mechanisms, such as redundant communication channels, adaptive pheromone

decay rates, or agent-based error correction strategies.

2. Homogeneous Agents: In this study, all agents share identical characteristics,

including uniform acceleration and decision-making processes. While this assump-

tion aids in isolating the effects of pheromone-based coordination, real-world systems

involve heterogeneous agents with varying speeds, priorities, and objectives. A po-

Hriday Nilesh Sanghvi PhD Thesis



148 7. Conclusion and Future Work

tential research direction is extending PERL to heterogeneous environments, where

agents learn to interpret pheromone signals differently based on their individual prop-

erties, leading to more adaptive and flexible coordination strategies.

3. Synchronized System Time: The assumption that all agents operate under syn-

chronized time steps ensures smooth coordination and prevents conflicts in decision-

making. However, real-world systems often operate asynchronously, with variable

delays in sensing and actuation. Future extensions could investigate the impact of

asynchronous decision-making in PERL, perhaps by introducing event-driven up-

dates or using reinforcement learning techniques that adapt to time delays while

maintaining coordination.

4. Absence of Consensus Consideration in PERL: PERL relies on self-organization

rather than explicit consensus-building among agents. While this approach facilitates

emergent behavior, certain applications may require consensus mechanisms to ensure

global stability, particularly in safety-critical scenarios such as autonomous vehicle

platooning or emergency traffic rerouting. A promising direction for future work is

hybridizing PERL with explicit consensus methods, such as graph-based communic-

ation protocols or decentralized voting schemes, to improve stability while preserving

scalability.

5. Simple Grid-Based Networks: This thesis evaluates PERL within structured,

grid-based networks, which provide a controlled environment for studying emergent

coordination. However, real-world traffic networks exhibit irregular intersections,

varying road widths, and dynamic lane structures. Future research should extend

PERL to more complex, real-world topologies, possibly integrating SUMO’s real-

world network datasets with automated connection corrections via NetEdit.

By addressing these limitations, future research can further refine PERL’s applicability

in large-scale, real-world environments, improving its adaptability and robustness in dy-

namic, uncertain settings. Expanding PERL to handle heterogeneous agents, asynchronous

decision-making, and real-world road networks will be crucial for its deployment in intelli-

gent transportation systems and beyond.

In conclusion, this thesis explores the integration of Swarm Intelligence (SI) methods
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with Multi-Agent Reinforcement Learning (MARL) to address coordination challenges in

partially observable and non-stationary environments such as traffic scenarios. This integ-

ration is achieved by augmenting agent states with pheromone information and rewarding

states with equalized local pheromone levels. Due to the nature of diffusion, this local

tendency transmits globally and incentivizes collective behavior among agents, promoting

self-organization for emergent coordination to redistribute traffic, which has been shown

to improve traffic flow [54]. Based on the outcomes across all scenarios, we conclude that

PERL exhibits the ability to encourage coordinated emergent behavior within partially ob-

servable non-stationary environments. Additionally, our pioneering feedback signal for local

pheromone distribution implicitly induces self-organization by creating a global objective

through cascading [189] of feedback signals, and aids in improving traffic flow by facilitating

its redistribution.

While promising results have been obtained, there remain areas for improvement and

future exploration. In the real world, Connected Autonomous Vehicles (CAVs) neither emit

pheromones nor allow for their storage in the environment. Thus, alternative technolo-

gies such as decentralized Vehicle-to-Vehicle (V2V) communication in VANETs and Mobile

VANETs (MANETs) [59, 60] could be explored. Establishing a framework for agents to in-

terpret the current representation of the pheromone field in their local environment is crucial

for these systems. The direction of diffusion plays a pivotal role in coordinating emergent

self-organization, emphasizing the need for a standardized approach if an optimal direc-

tion can be identified. Lastly, real-world traffic systems comprise heterogeneous entities,

suggesting a shift from homogeneous to heterogeneous agents for further exploration.
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