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THE INTEGRATION OF AUTONOMOUS

IMPORTANCE OF DRIVING TECHNOLOGIES IS CRUCIAL |IN
REDUCING TRAFFIC INCIDENTS AND

INCREASING EFFICIENCY IN URBAN MOBILITY.

AUTONOMOUS DRIVING INNOVATIONS IN ARTIFICIAL INTELLIGENCE
EMPOWER VEHICLES TO MAKE COMPLEX

TECH NOLOG I ES DRIVING DECISIONS, HERALDING A NEW ERA

IN TRANSPORTATION.

DECISION-MAKING IN AUTONOMOUS VEHICLES IS

COMPLEX, AFFECTED BY UNPREDICTABLE CHALLENG ES |N DEC'S'ON-

ENVIRONMENTS AND THE NEED FOR REAL-TIME
RESPONSES. THE PRESENCE OF HUMAN-DRIVEN VEHICLES

CREATES ADDITIONAL CHALLENGES DUE TO VARYING MAKING FOR AUTONOMOUS

DRIVER BEHAVIORS AND THE NECESSITY FOR DYNAMIC

TRAFFIC COORDINATION. VEHICLES
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Overview of Multi-Agent
Reinforcement Learning (MARL)

MULTI-AGENT REINFORCEMENT LEARNING (MARL) EXTENDS TRADITIONAL REINFORCEMENT LEARNING (RL) TO
ENVIRONMENTS WHERE MULTIPLE AGENTS INTERACT, COLLABORATE, OR COMPETE WITHIN A SHARED SPACE.

IT IS WIDELY APPLIED IN AUTONOMOUS DRIVING, ROBOTIC COORDINATION, AND COMPLEX DECISION-MAKING TASKS. BY
LEARNING FROM INTERACTIONS, THESE AGENTS CAN DYNAMICALLY OPTIMIZE THEIR BEHAVIORS, IMPROVING
COORDINATION AND DECISION-MAKING IN COMPLEX SCENARIOS.




@& CENTRALIZED APPROACH:

A central controller collects and processes
information from all agents.

Decisions are made globally, optimizing for overall
system performance.

Suitable for small-scale or structured environments.

Vulnerable to a single point of failure.

Centralized vs. Decentralized ™
Approaches

@ DECENTRALIZED APPROACH:

Each agent makes decisions independently based
on local information.

Reduces communication overhead, enhancing
scalability.

More robust to failures as agents can function
autonomously.

May struggle to achieve globally optimal
solutions.



CENTRALIZED TRAINIGN
DEGENTRALIZED EXEGUTION (CTDE)

WHAT IS CTDE?

A MULTI-AGENT REINFORCEMENT LEARNING (MARL) FRAMEWORK.
CENTRALIZED TRAINING: POLICIES ARE TRAINED USING GLOBAL INFORMATION.
DECENTRALIZED EXECUTION: EACH AGENT ACTS INDEPENDENTLY BASED ON LOCAL OBSERVATIONS.

KEY FEATURES

Centralized TRAINING:
= AGENTS SHARE EXPERIENCES DURING TRAINING.
= ASINGLE POLICY OR MODEL IS UPDATED USING AGGREGATED DATA.
= ENABLES LEARNING COORDINATED STRATEGIES.

DECENTRALIZED EXECUTION:
= EACH AGENT MAKES DECISIONS BASED ON ITS OWN OBSERVATIONS.
= NO COMMUNICATION OR COORDINATION DURING EXECUTION.
= SCALABLE AND PRACTICAL FOR REAL-WORLD APPLICATIONS.



THIS STUDY AIMS TO INVESTIGATE THE
APPLICATION OF MARL IN ENHANCING THE
COORDINATION OF AUTONOMOUS VEHICLES AT
UNSIGNALIZED INTERSECTIONS.

BY OPTIMIZING CONTROL STRATEGIES, THE RESEARCH
SEEKS TO ILLUSTRATE HOW MARL CAN IMPROVE
TRAFFIC MANAGEMENT AND SAFETY IN MIXED
ENVIRONMENTS.
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OBJEGTIVE OF THE STUDY

THE STUDY UTILIZES THREE PROMINENT REINFORCEMENT
LEARNING ALGORITHMS: PROXIMAL POLICY OPTIMIZATION
(PPO), ADVANTAGE ACTOR-CRITIC (A3C), AND DEEP
DETERMINISTIC POLICY GRADIENT (DDPG).

EACH ALGORITHM CONTRIBUTES UNIQUELY TO OPTIMIZING
AUTONOMOUS VEHICLE BEHAVIOR IN SIMULATED TRAFFIC
SCENARIOS, ENHANCING DECISION-MAKING AND
COORDINATION AMONG VEHICLES.



RL ALGORITHMS

PROXIMAL POLICY OPTIMIZATION (PPO)

PPO is a state-of-the-art algorithm known for its stability and sample efficiency. By employing a clipped objective function, it
helps prevent large policy updates during training, which is essential for maintaining stability in dynamic traffic environments.

ADVANTAGE AGTOR-GRITIC (R3C)

The A3C model employs multiple asynchronous workers to collect experience and improve training stability. It effectively learns both a
policy and a value function, optimizing agent coordination in real-time traffic scenarios by leveraging the advantage function.

DEEP DETERMINISTIC POLICY GRADIENT (DDPG)

DDPG is an off-policy algorithm used for continuous action spaces, especially useful in driving scenarios. It integrates a replay buffer
for sample efficiency, enabling the reuse of past experiences to refine control policies effectively across autonomous vehicles.




FRAMEWORKS

FLOW

The Flow library serves as an interface for integrating reinforcement learning with microscopic
simulator, facilitating structured traffic management. It enables the definition of varying traffic
scenarios and supports the optimization of vehicle behaviors in mixed-autonomy environments.

SIMULATION FRAMEWORK: SIMULATION OF URBAN MOBILITY
(SUMO)

SUMO is a microscopic traffic simulator, which explicitly models individual vehicles, pedestrians,
traffic lights, and public transportation. It supports urban-scale road networks.

RLLIB

Ray RLIib is a distributed framework for training and evaluating of RL algorithms. OpenAl gym is an
MDP interface for RL tasks.
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INTERSEGTION SGENARIO
CONFIGURATION

* Open Network.

* Mixed-Traffic Unsignalized Intersection.

[
* The intersection scenario simulates a four-way junction. E \

* The network topology is defined using the FlowNetwork API, creating a structured - — — — — —_. % —————

environment for simulations.

e 200 vehicles per hour entering the network.

* 30 m/s speed limit.




NETWORK TOPOLOGY

" EIGHT
B EDGES
TWELVE

ROUTES




AUTONOMOUS VEHICLES (AVS)

AVS EMPLOY REINFORCEMENT LEARNING POLICIES THAT DICTATE ACCELERATION
AND DECELERATION COMMANDS WITHIN THE INTERSECTION. THE AVS AIM TO
MAINTAIN SAFE DISTANCES FROM HDVS WHILE OPTIMALLY NAVIGATING THE
INTERSECTION TO ENHANCE OVERALL TRAFFIC FLOW, AVOID COLLISIONS AND
REDUCE CONGESTION.
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MINED-TRAFFIC SGENARIO

HUMAN-DRIVEN VEHICLES (HDVS)

HDVS ARE MODELED USING THE INTELLIGENT DRIVER MODEL (IDM), WHICH
ENSURES REALISTIC DRIVING BEHAVIORS SUCH AS ACCELERATION AND LANE-
CHANGING. THIS MODEL INTEGRATES RANDOMNESS, CAPTURING VARIATIONS IN
HUMAN DRIVING, ENHANCING THE REALISM OF TRAFFIC SIMULATIONS.




REINFORCEMENT LEARNING MODELED AS MARKOV DECISION PROCESS
(MDP)

 State (S): Traffic environment (positions, speeds, etc.).
e Actions (A): Acceleration decisions for AVs.
» Reward (R): Safety, efficiency, throughput.

STATE REPRESENTATION

Each agent (AV) observes:
* Own speed & position.
* Headway and relative speed to leading & following vehicles.
» Total state space size: 6 per agent.

MULTI-AGENT RL
ENVIRONMENT

REWARD FUNCTION COMPONENTS

» Speed deviation from target velocity.

Penalty for standstill vehicles.

Positive reward for forward progress.

Penalization for lane changes.

Encourages throughput efficiency while ensuring safety.
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ACTION SPACE

* Bounded acceleration control for each AV.
e Enforced failsafes via SUMO simulation constraints.

TERMINATION CONDITIONS

e Episode ends if:
 Time horizon is reached.
* Two vehicles collide.
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PERFORMANGE METRICS OVERVIEW

TRAFFIG EFFIGIENCY .. =9

= THROUGHPUT EFFICIENCY (H): MEASURES HOW EFFECTIVELY VEHICLES PASS THROUGH THE INTERSECTION.
m  AVERAGE SPEED (M/S): HIGHER VALUES INDICATE SMOOTHER TRAFFIC FLOW.

SAFETY METRIGS -

= COLLISION RATE: MEASURES THE NUMBER OF ACCIDENTS PER EPISODE.
= TIME HEADWAY VIOLATION RATE: PENALIZES TAILGATING TO ENSURE SAFE DISTANCES.

ENERGY & ENVIRONMENTAL IMPAGT )

" FUEL CONSUMPTION (L/KM): LOWER VALUES INDICATE ECO-FRIENDLY DRIVING.
= AVERAGE ACCELERATION & DECELERATION: MEASURES SMOOTHNESS OF DRIVING BEHAVIOR.

LEARNING & GONVERGENGE 2

= EPISODE REWARD MEAN: INDICATES HOW WELL THE RL POLICY IS OPTIMIZING DECISIONS.
®  POLICY LOSS & VALUE FUNCTION LOSS: EVALUATES TRAINING STABILITY AND CONVERGENCE.




TRAINING PROGESS

Table 3: Environmental Parameters for the Multi-Agent Simulation

Parameter

Maximum Acce
Maximum Deceleration
Target Velocity

Traffic Flow Rate
Initial Speed (Human)
Initial Speed (AVs)
Speed Limit

Horizon

N_Rollouts

Hyperparameter

DMseount Factor (=)
eneralized Advantase Estimation
Learning Hats ek |

Gradient Clipping

Fmtr Bk (ot end

Valwe Function Loss Coeffickent
Tra ninE Hatch Size

Policy Network Architecturne
Aetivation Function

Number of Workers

Sample Bavch Ske

Number of Evaluation Episodes

Training Batch Skee

3 m/s”
. i E
3 m/s

20 m/s

200 veh/h

10 m/s

5 m/s

30 m/s
1500
40

{0 (HH) | hiorison
|2,
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* THE MARL ENVIRONMENT WAS CONFIGURED WITH SPECIFIC
PARAMETERS.

Description
Upper bound on acceleration for AVs

* THE TRAINING LASTED FOR 50 ITERATIONS, WITH EACH
ITERATION CONSISTING OF 40 ROLLOUTS TO ALLOW THE
AGENTS TO LEARN FROM THEIR INTERACTION.

Lower bound on deceleration for AVs
Desired speed for AVs
Vehicles entering per lane per hour
Starting speed of human-driven vehicles
Starting speed of autonomous vehicles
Maximum speed allowed in the environment
Time steps per episode

* HYPERPARAMETERS TUNING TO IMPROVE PERFORMANCE.

Number of episodes collected per training iteration

Discount Factor (=) [).54
Generalized Advantage Estimation (M) 0.97
Learning Rate (o) 1.76 = 10—
KL Coefficient ()2
KL Target .01
Clipping Parameter () 0.3
Entropy Coeffici 0.05
Mumbe 1i)
fully connected layers
400504
2000
125

11"!. =

Hyperparameter

Discount Factor (+)

Actor Learning Rate (o

Critic Learning Rate

Target Network Update Rate (1)
Policy Network Architecture
Critic Network Architecture
Activation Function

Training Batch Size

Buffer Size

(125, 128) fully connected lavers
(125, 128) fully connected lavers
RelU
250
RN
O Moise
(0.115
0.157
0.176
i1
0.2

D Tterations
k Architecture

3 FY
32 32)

(32,
mumrallonts Replay
Explor
Tanh 0L Ne
] O Ne
i O MNoise
T Exploration Fraction
Target Noise
Target Noise Clip

Training Bat C

Sample Batch Size

SGD Minibatch Size

Use Generalized Advantage Estimation (GAE)
Value Function Loss Coefficient 1.0)
Value Function Clipping Parameter L0
Number of Worke 1

256) Mully connected Eyers

(L, (WD

Table 6: Best hyperparameters used for PPO training.

for AJC training
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A3C RESULTS
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Throughput Efficiency

Throughput Efficiency Across Training Iterations
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SIMULATION-BEST MODEL

A3C- CHECKPOINT 10 A3C- CHECKPOINT 50

- (D real world
L
(5
i g
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i — — e = e i - - e (S = e - - - - o
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[
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N

%-77.70, y:76.73

p/Mow/debug/cfg/A3C_Intersection_new_env_2_20250228-1353221740747202.7663882.5umo.cfg’ loaded. = 15| 1x122.30. y:276.73
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DDPG VS NON-AL

Metric DDPG _ckplD DDPG_cht 50

Avg Hpeed (m/s) 13.20) 14.9384 TO1T
Avg RL Speed (m/s) : 17.1923 1T-I 125
Avg IDM Speed (m/s) | - 13.030 12.8512
Avg Fuel Consumption | 0.00049 00007 36 000073

Avg Acceleration 1.2052 1.7064 16549
Avg number of vehicles | 10.6462 105431 11.658

Avg Collisions 0.5 0.5
Total Collisions 4 4
Avg Outflows 683. 710 1138.4712
Throughput Efficiency | 0.4083 (1.5833

Table 4: Comparison belween Non-IRL environment and DDPG-RL environment among 5 roll-

ouls and 1500 horizon



CONGLUSION

Each model presents trade-offs:

A3C delivers stable learning, high traffic throughput, and strong safety metrics, making it the best suited
for large-scale traffic coordination.

DDPG achieves the highest reward performance, the highest throughput, and the lowest collision rate,
but it lacks robustness in training consistency, requiring further refinements.

PPO, while effective, requires longer training time and suffers from traffic congestion issues.

Through the implementation of reinforcement learning-based control policies, the AVs demonstrated an
ability to navigate the intersection while improving throughput and maintaining safety.

The use of a shared policy allowed AVs to adopt similar behaviors, reducing variability and facilitating
emergent coordination
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FUTURE WORKS

GLOBAL REWARDS: DESIGNING REWARD FUNCTIONS THAT INCENTIVIZE COLLECTIVE OUTCOMES RATHER THAN INDIVIDUAL
PERFORMANCE.

INTER-AGENT COMMUNICATION: ENABLING AVS TO SHARE INFORMATION ABOUT TRAFFIC CONDITIONS OR INTENTIONS.

ADAPTIVE MULTI-AGENT POLICIES: DEVELOPING POLICIES THAT CAN DYNAMICALLY ADJUST BASED ON THE BEHAVIOR OF OTHER
AGENTS.

COMPARING SHARED VS. INDEPENDENT POLICIES:
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THANK YOU
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