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Abstract

Ensuring safe and efficient coordination of autonomous vehicles (AVs) in intelligent transportation systems is particularly
difficult under dense, uncertain, and rapidly changing traffic conditions. Many existing reinforcement learning (RL) methods
show good performance in simplified environments but fail to fully account for heterogeneous risk exposure and non-stationary,
multi-agent interactions. To address this gap, this paper introduces a Risk-Aware Reinforcement Learning (RARL) framework
that couples adaptive risk sensitivity with Bayesian risk estimation in a cooperative multi-agent setting. Within RARL, reward
signals are dynamically reshaped using real-time probabilistic risk measures, allowing AV agents to jointly balance safety and
traffic efficiency across signalised intersections, multi-lane highways, and roundabout scenarios.

The proposed approach is evaluated using SUMO, CARLA, NGSIM, and INTERACTION benchmarks. Compared with strong
multi-agent RL baselines such as Bi-AC, MACPO, and MAPPO-L, RARL achieves up to 30% fewer collisions, about 25%
higher throughput, roughly 30% improvement in scenario-recognition accuracy, and around 20% faster training convergence.
These empirical results show that explicit and adaptive risk modelling significantly enhances policy robustness, scalability, and
cooperative behaviour in heterogeneous traffic. By tightly integrating risk-aware decision making with multi-agent coordination,
RARL provides a scalable and practically deployable paradigm for next-generation autonomous driving, improving safety,
reliability, and real-time adaptability.
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1. Introduction . . .
about and responding to dynamic, often unpredictable

interactions. In most cases, even minor tactical mistakes,
such as incorrectly estimating a merge gap or hesitating at a
yield, could result in cascading consequences, including
collisions, delays, or the breakdown of traffic flow, especially
at complex sites like intersections, multi-lane highways, and
roundabouts [1].
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Fully autonomous vehicles promise much safer roads and
more efficient traffic flow but fall short at present in their
ability to navigate the real-world environment. In dense,
mixed-autonomy traffic-where the road is shared between
human drivers and AVs-vehicles are continuously reasoning
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RL has emerged as one such approach to sequential decision-
making that offers data-driven ways of learning control and
planning behaviours directly from interaction. Recent
advances have shown strong results in simulation for tasks
ranging from low-level vehicle control to high-level
maneuver planning [2,3]. However, many RL models assume
stable dynamics and risk-neutral optimization—assumptions
that rarely hold in open-world driving. As a result, policies
that excel in structured environments often falter when faced
with rare, high-stakes hazards, diverse human behaviour, and
the dense, coupled dynamics of traffic.

Multi-agent RL explicitly models how the decisions of one
agent will affect another, enabling new cooperative
manoeuvres such as platooning, coordinated merges, and
intersection negotiation. Meanwhile, safe and risk-aware RL
has focused on the incorporation of constraints and
uncertainty into learning to produce more cautious and
reliable behaviour [4,5]. Despite this, the following three
major challenges are still open:

1. Scalability - As the number of interacting agent’s
increases, coordination quality typically degrades, while
learning becomes unstable;

2. Robustness to uncertainty: Policies often break down when
facing rare but dangerous events, or when operating under
distribution shifts;

3. Heterogeneous traffic adaptation: Performance tends to
degrade in mixed-autonomy settings where human behaviour
varies widely and unpredictably [6,7].

Collectively, these limitations emphasize the need for
methods that are cooperative and scalable but clearly risk-
sensitive, with abilities to adapt to uncertainty in real time
while sustaining performance over a wide range of driving
scenarios.

1.1 Research Objectives

This work focuses on the development of a risk-aware MARL
framework, which enables robust, cooperative decision
making for AVs operating in complex mixed-autonomy
traffic. Our approach is guided by three core objectives:

* Ol — Adaptive risk sensitivity: Feed real-time risk
measures—such as time-to-collision, occlusion-based
uncertainty, and behavioural aggressiveness—into the
decision-making loop that will enable AVs to adapt
dynamically their level of caution.

* O2 — Cooperative multi-vehicle optimization: Learn
policies that leverage inter-agent dependencies in order to
coordinate lane changes, merges, and platooning in ways that
enhance system-level safety and efficiency.
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* O3-Stable, cross-scenario performance: Implement
generally repeatable behaviour across diverse driving
scenarios, including intersections, highways, and
roundabouts, using different densities and mixes of human
and AVs.

1.2 Contributions

We present a novel framework, Risk-Aware Reinforcement
Learning (RARL), which seeks to address core challenges of
AV coordination in realistic traffic by combining risk
estimation and cooperative policy learning. In particular, our
main contributions are the following:

* A risk-sensitive reinforcement learning framework
incorporating Bayesian risk modelling and adaptive reward
shaping, enabling vehicles to tune behaviour based on real-
time hazard assessments.

* A scalable and robust multi-agent policy optimization
approach that outperforms standard MARL methods in
complex settings with high densities.

» Comprehensive cross-scenario validation across platforms,
including SUMO, CARLA, NGSIM, and INTERACTION.
RARL achieves as high as 30% fewer collisions, 25% higher
throughput, and 30% better accuracy in scenario recognition
compared to state-of-the-art MARL baselines, showing its
effectiveness for safe and cooperative driving under
uncertainty.
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Figure 1. Block diagram of proposed work
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2. Related information

2.1 Reinforcement Learning for Autonomous
Driving

Reinforcement learning (RL) is a core paradigm for
autonomous driving, supporting lane keeping, eco-cruising,
and high-level manoeuvre or route selection [1, 8]. Classical
and deep RL, grounded in Markov decision processes and
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value/policy learning, achieve strong results in structured or
moderately complex settings [5]; [7]. However, most
formulations assume near-stationary dynamics and seldom
encode how risk varies across agents, locations, or time. As a
consequence, policies that excel in simulation often degrade
under dense mixed traffic, rare hazardous events, or highly
interactive conditions at intersections, highways, and
roundabouts [1].

2.2 Risk-Aware and Multi-Agent
Reinforcement Learning

Safe and risk-aware RL incorporate constraints and risk
measures to prevent unsafe behaviour while maximising
long-term returns [20]. Constrained policy optimisation

extends RL with formal safety mechanisms, yet many
approaches rely on fixed thresholds or static constraint sets
that poorly reflect fast-changing traffic risk [26].
Multi-agent reinforcement learning (MARL) enables
cooperative  driving—negotiated merges, coordinated
intersection passing, and shared situational awareness—
rather than isolated decision-making [11]. Nonetheless,
MARL remains difficult to scale in congested networks with
frequent interactions and partial observability, which can
induce unstable learning and brittle coordination [18, 25].
Simulation platforms such as SUMO and CARLA accelerate
development [1], but gaps in sensor realism, human
behaviour variability, and infrastructure noise still impede
sim-to-real transfer [27].

Table 1. Condensed view of related strands and open gaps

Strand
Core RL / Deep RL (Silver et al., 2016 [5]; Mnih et
al., 2015 [8]; Sutton & Barto, 2018 [7])

Surveys on RL in driving (Kiran ef al., 2022 [1])

Risk-sensitive RL (Garcia & Fernandez, 2015 [20];
Lietal., 2022 [26])

Safe MARL for robotics and driving (Gu et al.,
2023 [11]; Ding et al., 2023 [18]; Zhang et al., 2024
[25]; Cao et al., 2022 [27])

Proposed RARL (this paper)

What it enables
High-performance control and
decision-making in structured

settings
Systematic view of RL for AVs
and robotics
Integration of constraints and risk
measures
Cooperative and safety-aware
behaviors among agents

Risk-aware multi-agent
coordination with Bayesian risk
and adaptive rewards

Key remaining gap
No explicit treatment of dynamic
traffic risk

Highlighted but did not resolve
safety and scaling issues
Mostly static thresholds; weak
real-time adaptation
Scalability and robustness in
dense, mixed traffic

Targets real-time risk adaptation
and large-scale cooperative AV
control

2.3 Research Gaps and Proposed Direction

The literature reveals three persistent gaps:

e Dynamic adaptability: Most RL/MARL methods do
not adjust policies continuously to real-time risk and
shifting traffic composition.

e  Scalability: Coordination quality degrades as fleet
size and network complexity grow.

e Risk-integrated learning: Risk is often treated as a
static constraint rather than a signal that should
shape learning and updates across the policy
lifecycle.

To address these gaps, we propose a Risk-Aware
Reinforcement Learning (RARL) framework that:

1. employs dynamic Bayesian risk assessment for real-
time reward and policy adaptation;

2. leverages scalable multi-agent learning to support
cooperative behaviour among many AVs; and

3. realises closed-loop integration of risk estimation,
policy optimisation, and coordination,

complemented by dynamic-aware multi-agent

imitation learning to harness expert-like behaviours.

Together, these elements target safe, efficient, and

2 EA
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scalable decision-making in heterogeneous traffic

environments.

3. The RARL Framework

The Risk-Aware Reinforcement Learning (RARL)
framework integrates reinforcement learning with adaptive
risk assessment and multi-agent coordination to improve
decision-making under uncertainty in autonomous
driving[28]. The framework combines concepts from
extended Markov Decision Processes (MDPs), Bayesian risk
estimation, adaptive reward shaping, and cooperative game
theory to enhance both safety and efficiency in dynamic
traffic environments.

3.1 MDP Framework with Risk Integration

The traditional MDP is modified to incorporate risk as part of
the state representation:

Se = (5,71%) (1)

Here, s; represents the state of the vehicle (e.g., position,
speed, sensor readings), while 7; denotes the associated risk
level. This enables the policy to adapt based on risk-
awareness, making the MDP risk sensitive. The reward
function dynamically balances safety and efficiency
according to risk:

R(S, a, rt) = T)(T’t) : Rcff (S' a) + (1 - Tl(”t)) : Rsafc (S, a)
(2)

e R.4 rewards operational objectives such as speed or
energy efficiency.

® Ry :prioritizes minimizing collision risks.

e 7n(ry) : a weight function that adjusts the trade-off
between safety and efficiency based on the current
risk.

3.2 Real-Time Bayesian Risk Estimation

Risk is continuously updated using a probabilistic Bayesian
formulation:

_ PX¢lre)-P(re-1)
P(rt | Xt) - [ P(X¢lr)-P(r)dr (3)

e X, : observed environmental data such as traffic
density and vehicle dynamics.

e  P(r,_,) :prior risk probability updated with current
likelihoods.\To handle non-linearity, particle
filtering is applied:
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T =11 + Ke(Xe — Hrp_q) “4)
e K, : adaptive gain based on observations.

e H : state-to-observation transformation matrix.

3.3 Risk-Adaptive Policy Optimization

The expected cumulative reward becomes:

](7{) = IE[Z’{—O yt(n(rt)Rcff + (1 - n(rt))Rsafc )] (5)

Policy gradients are adjusted for risk-awareness:

V() = E[Vlog m(a | s)(Q™(s,a) + n(r)Qese(s, @) +

(1 - 7I(T'It))Qsafe (s a))] (6)
Here, Q ¢+ and Qs capture action values for efficiency and
safety, respectively.

3.4 Multi-Agent Coordination with Cooperative
Game Theory

For multiple agents, the joint reward is defined as:
Rigint = Xiy iR (7
e N :total number of agents.
e R, :reward for agent i.
e  w; : weight assigned to each agent's reward.
The global objective maximizes a collective reward:
max X1 E[Xs v'Ri (8)

This encourages cooperation among vehicles for traffic
coordination and collision avoidance.

3.5 Temporal Difference Learning with
Eligibility Traces

RARL integrates eligibility traces into temporal-difference
learning:

e = Ayer_q + VV(sy)

V(sy) « V(sp) + ade; ©)

o 6. =R, +yV(s;41) — V(s:) : temporal difference
error. (10)

e« : step size controlling updates.

3.6 Risk-Sensitive Exploration

Exploration probability is adjusted based on risk:

EAIl Endorsed Transactions on
Internet of Things
| Volume 11| 2025 |



Risk-Aware Reinforcement Learning for Cooperative Autonomous Vehicle Coordination with Adaptive Risk Sensitivity and

Multi-Agent Optimization

1
Dexplore = m (b

e 1. :critical risk threshold.

e [ : controls sensitivity to risk.

3.7 Potential-Based Reward Shaping

To improve convergence, RARL applies potential-based
shaping:

Rshapcd = R(S, a) + yCD(s’) - CD(S) (12)

where ®(s) guides learning toward safer or more efficient
states ~ while  preserving the  optimal  policy.

3.8 Ensemble Risk Estimation

Multiple risk models are combined for robustness:
1
Pcnscmblc(rIX) ~u %:1 Ba(r1X) (13)

Each model P, provides complementary risk assessments,
improving accuracy.

3.9 Neural Network-Based Risk-Aware Value
Function

Neural networks approximate risk-sensitive value functions
with a risk adjustment layer:

V(s) = fo(s) + go(r) (14)
e fp : state-based value approximation.
® gy : risk-based adjustment.

The network minimizes a loss function that integrates both
predicted and observed rewards, weighted by risk factors.

These formulations enable the RARL framework to adapt
dynamically, coordinate across multiple agents, and balance
safety with efficiency[29]. By integrating Bayesian risk
estimation, adaptive reward shaping, and cooperative
strategies, RARL addresses the core challenges of
uncertainty, scalability, and safety in real world autonomous
driving.

Proposed  Algorithm: Dynamic __ Risk-Adaptive
Reinforcement Learning (DRARL)
Initialization:
e Set the parameters for the policy 6, value
function ¢, and risk estimator .
e Define learning rates, discount factor ( y ),
exploration rate ( € ), and replay buffer D.

2 EA

e Initialize target network parameters to match the

main network: @, — 6.
For each episode:

e Initialize environment state s, and initial risk
level ry.

e Loop while the episode is not done:

Select Action:

e With probability 1—€ , choose a;—
arg max,Q(s;, a); otherwise, select a random
action.

Perform Action:

e Execute a,, observe the new state s,,¢, reward
1, and update the risk level 4.

o Store (S;, @y, Ty, Sp41, Te41) in buffer D.

e If s;,q is terminal, exit the loop and reset the
environment.

Mini-Batch Update:

e Loop for a specified number of steps:

1 Sample Transitions:

e Randomly sample a batch B —
{(s;, a;, ry, s, 7))} from the replay buffer D.
Compute Target Q -Value:

e For each transition, calculate:

yi—rit Y(l - r;)Qtargct (S;, a;)
Update Q-Function Parameters:
e Update 0 using gradient descent to minimize:

0 <6- “Z (i — Q(sia; 9))2

13

Update Risk Estimation:

e  Adjust i for each sampled risk:

nen+pr—mn)

End of Episode:

e Update the target network parameters:

Btargct <170 + (1 - T)Btargct

Convergence Check:

e If the policy converges (changes in parameters
are below a threshold) or a maximum number of
episodes is reached, terminate training.

Repeat steps 2-5 until the policy converges.
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Figure 3. Control of proposed algorithm

4. Experimental Design

4 .1 Simulation Environments

To evaluate the proposed RARL framework, we design three
complementary traffic settings that reflect challenging yet
common driving conditions and require risk-aware multi-
agent coordination.

(a) Multi-lane highways

We consider high-speed, multi-lane corridors spanning a
range of demand levels from free-flow to near-saturation.
These scenes emphasize rapid interactions—lane changes,
merges, and longitudinal speed adjustments—under short
decision horizons [30]. The goal is to test if learned policies
preserve safety margins while sustaining throughput when
acceptable gaps are scarce and closing speeds are high.

(b) Signalized urban intersections.

Signal phases, pedestrian crosswalks, and heterogeneous
vehicle classes characterize urban grids. Agents must yield
appropriately to pedestrians, negotiate right-of-way with
human-driven traffic, and respond to abrupt disturbances
(e.g., late crosswalk entries or sudden braking). This

configuration probes risk-sensitive decision-making in dense,
highly interactive environments where compliance and
anticipation are critical [31].

¢) Multi-lane roundabouts.

We simulate roundabouts with multiple entry and exit legs
and circulating lanes. These layouts demand tightly timed
entries, cooperative lane changes within the ring, and safe
exits while interacting with nearby agents on all sides. The
scenario specifically stresses time-critical merging and
weaving, showing how well RARL handles closely coupled
maneuvers.

4.2 Baselines and Evaluation Criteria

The proposed RARL framework was evaluated against three
recent multi-agent reinforcement learning baselines, which
are widely used for cooperative decision-making: Bi-AC,
MACPO, and MAPPO-L. These methods provide strong,
diverse references for actor-critic design, constrained/safe
optimization, and large-scale multi-agent training,
respectively [32].

Evaluation focused on three principled aspects:

Safety: Ability to reduce the frequency of collisions across all
environments.

* Adaptability: Performance is robust against unseen or
rapidly changing traffic conditions.

+ Stability: Speed and reliability of convergence during
training, measured via learning curves and reward variance.

This protocol yields a fair and rigorous comparison, isolating
if RARL's risk-aware design improves cooperative behaviour
beyond established MARL techniques.

4.3 Datasets and Evaluation Corpora

To ensure scalability and realism, controllable simulation
was combined with widely used open-source driving corpora:

. SUMO: Simulation of Urban Mobility

Used for synthesizing large-scale microscopic traffic
scenarios, including multi-lane motorways, signalized
intersections, and roundabouts, with trajectory-level control
and tunable traffic densities.

* CARLA: Car Learning to Act

Provides high-fidelity urban scenes with rich sensor
modalities, such as RGB cameras, LiDAR, radar, and
odometry, pedestrians, cyclists, and diverse weather/lighting
conditions for perception-driven decision validation.

NGSIM (US-FHWA):
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Real highway trajectories, like 1-80, US-101, that capture
lane changes, merges, and other realistic flow dynamics to
facilitate policy validation against high-resolution vehicle
interactions.

Interaction Dataset:

Complex manoeuvres, such as merging, yielding, and
roundabout negotiation, across multiple countries and
infrastructures, stressing cooperative intent inference under
heterogeneous driving styles.

Common characteristics:
* Traffic densities: low, medium, and heavy.

* Road types: motorways, urban junctions and multi-lane
roundabouts

* Agents: mixtures of autonomous and human-driven
vehicles.

. Behaviors: lane changes,
yielding to pedestrians.

merge, overtaking,

* Sensor data from CARLA includes images, point clouds,
and kinematics-velocity/position.

* Temporal resolution: 10-25 Hz updates for fine-grained
temporal modeling. By combining controllable simulators

with real-world trajectories and rich sensor streams, it
robustly evaluates the proposed RARL framework in terms
of scalability, adaptability, and generalizability in diverse and
challenging traffic scenarios.

Table 2: Comparison of Datasets Used in Evaluation

Dataset Road Types Agent Types

SUMO Highways, Simulated
intersections, vehicles (rule-
roundabouts based)

CARLA Urban roads, Autonomous +
intersections, human-driven
mixed lanes agents

NGSIM U.S. highways (I- = Human-driven
80, US-101) vehicles

INTERACTION | Intersections, Human-driven
roundabouts, vehicles
merging

4 .4 Performance Metrics

To obtain a comprehensive view of performance, four key
metrics were used:

1. Collision Rate (Safety):

The collision rate quantifies safety by measuring
how frequently collisions occur over repeated
simulation runs. It is defined as

2 EA

Sensor Realism Scale
Support
No (trajectory- = Medium (customizable Large-scale,
level only) traffic) configurable
RGB camera, High (photo-realistic, Medium-to-
LiDAR, Radar = dynamic large scenarios
weather/pedestrians)
Trajectory data = High (real-world data) Limited
only (specific
highways)
Trajectory data | Very High (international, Large (diverse
only multi-cultural traffic) countries)
Collision Rate = %, (15)

where C is the total number of collisions and N is the number
of runs. Lower values indicate safer navigation and better risk
management.

2. Traffic Throughput (Efficiency):

Throughput measures how effectively the system maintains
traffic flow. It is computed as
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Traffic Throughput = g, (16)

where V is the number of vehicles that pass a designated
point (e.g., intersection or roundabout) within a time
window T'. Higher throughput reflects more efficient
coordination among agents.

3. Scenario Recognition Accuracy (Adaptability):

This metric evaluates how accurately the framework
identifies and responds to different traffic situations. It is
given by

Accuracy = SS—‘ x 100% 17

total

where S.yret 18 the number of correctly recognized scenarios
and Sy, is the total number of evaluated scenarios. Higher
accuracy indicates better situational awareness and
adaptability.

4. Learning Stability (Convergence):

Stability is assessed through the variance of rewards over
training episodes. Let R, denote the reward at time step t, and
R be the mean reward over T steps. The variance is defined
as

Variance = %Z{zl (R — R)~ (18)

Lower variance corresponds to more stable convergence and
more reliable policy updates.

5. Results

5.1 Collision Rate (Safety)

Across all road types, the proposed RARL framework
delivers a marked reduction in collision frequency relative to
strong multi-agent baselines (Bi-AC, MACPO, MAPPO-L):

e Urban intersections: Collisions decrease by 30%,
outperforming Bi-AC (15%), MACPO (12%), and
MAPPO-L (18%). These gains reflect safer,
context-aware decisions in dense, conflict-prone
settings with pedestrian crossings and mixed
autonomy.

e Highways: Collisions decline by 25%, with the
largest benefits under high-density flow where real-
time risk estimation guides safer lane changes,
merges, and speed adjustments.

e Roundabouts: Collisions fall by 28% through
improved coordination of entries and exits, reducing
near-conflict situations in time-critical merges.

2 EAI

Overall, the macro-averaged reduction in collisions across
intersections, highways, and roundabouts is =27.7%,

indicating consistent, scenario-agnostic safety
improvements.
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Figure 4. Collision rate comparison of RARL and
baseline models across all scenarios

5.2 Traffic Throughput (Efficiency)

Beyond safety gains, the RARL framework improves
network-level flow by increasing the number of vehicles
passing critical checkpoints per unit time:

e Roundabouts: Throughput increases by 25%, the
highest among all scenarios, due to coordinated
entries/exits that reduce unnecessary stops and
waiting times at approaches.

e Urban intersections: Throughput rises by 18%,
driven by more effective utilisation of signal phases
and smoother resolution of conflict points, yielding
fewer deadlocks and abrupt halts.

e Highways: Throughput improves by 20%, reflecting
smoother platooning and fewer sharp decelerations;
higher average speeds are sustained even in dense
traffic while maintaining reduced collision rates.

Overall, the macro-averaged throughput gain is =21.0%,
indicating that RARL advances both safety and flow
simultaneously rather than trading one objective for the
other.
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Figure 5. Training reward versus episodes for RARL
and baseline models, showing safety—efficiency
learning behavior

Collision Rate Comparison
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Episodes

Figure 6. Joint comparison of collision rate and
throughput for RARL and baseline models

5.3 Overall Quantitative Comparison

Table 3 summarizes the primary performance metrics
for RARL and the baseline algorithms.

Table 3. Overall comparison of RARL and baseline

algorithms
Metric RARL Bi- | MACP | MAPPO
AC | O -L

2 EAI

Collision 30% (Urban) | 15 12% 18%
rate %

reduction

Traffic 25% 10 14% 16%
throughput | (Roundabout | %

improveme | s)

nt

Convergenc | = 20% faster | — - -

e speed

Scenario 30% 18 20% 25%
recognition | improvement | %

accuracy

RARL consistently surpasses the baselines across all reported
indicators, offering the best joint balance of safety,
efficiency, and learning behavior.

Scenario Recognition Accuracy Comparison

0.8

0.4
[] 7000 4000 6000 8000 10000
Eplsades

Figure 7. Scenario recognition accuracy comparison
of RARL and baseline models

5.4 Learning Behaviour and Convergence

The training dynamics, observed via reward evolution across
episodes, demonstrate clear advantages for RARL:

e Faster convergence: RARL reaches a stable, high-
performing policy ~20% earlier than Bi-AC,
MACPO, and MAPPO-L, which require more
episodes to attain comparable reward levels.

e More stable learning: Reward trajectories exhibit
lower variance, indicating steadier policy updates
and fewer oscillations—an essential property in
multi-agent settings where instability can induce
unsafe behaviours.
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Collectively, faster and more stable convergence reduces
training cost and improves practicality for large-scale
deployments.

Learning Curve Analysis - Reward Over Episodes
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Figure 8. Reward progression over training episodes
for RARL and baseline models

Raward Cemparison Across Different Models
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Figure 9. Reward convergence comparison of all

models, highlighting variance and stability

5.5 Scenario Recognition and Adaptability

Scenario recognition accuracy evaluates how effectively the
framework identifies and classifies key traffic contexts
(e.g., merging, yielding, pedestrian crossings).

e RARL: Delivers a 30% improvement in recognition
accuracy, enabling timely, context-aware
adjustments to risk sensitivity and control actions.

2 EAI

e Baselines: Bi-AC, MACPO, and MAPPO-L achieve
18%, 20%, and 25% improvements, respectively,
but exhibit lower consistency on rare or complex
situations.

By improving recognition fidelity, RARL directly supports
both collision reduction and throughput gains, since precise
context inference leads to safer manoeuvres and smoother
flow.

5.6 Cross-Scenario Robustness

Table 4 and Table 5 present RARL’s performance across the
three primary scenario types and its macro-averaged gains.

Table 4. Per-scenario results for RARL

Scenario Collision | Throughput | Notes

reduction | improvement

Urban 30% 18%
intersections

Improved
yielding and
fewer signal-
phase
conflicts

Highways 25% 20% Safer lane
changes and
smoother
platooning

Roundabouts | 28% 25% Coordinated
entries/exits
and fewer

stoppages

Table 5. Macro-averaged gains for RARL across all

scenarios
Metric Macro- Range across
average scenarios
Collision reduction ~27.7% 25% —30%
Throughput ~21.0% 18% —25%
improvement

These results show that RARL does not rely on scenario-
specific tuning. Instead, it generalizes well across
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intersections, highways, and roundabouts, maintaining
consistent improvements in both safety and efficiency.
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Figure 10. Reward and collision rate comparison of all

models across different scenarios
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Figure 11. Performance comparison of all models over

different road conditions (urban, highway, roundabout)

5.7 Summary of Quantitative Gains

Across all evaluated conditions, the proposed RARL
framework delivers consistent, multi-dimensional
improvements:

e Collision reduction: 25-30% across scenarios
(macro-average ~27.7%).

e  Throughput improvement: 18-25% (macro-average
~21.0%).

e Convergence speed: ~20% faster than MARL
baselines.

e Scenario-recognition accuracy: +30%  over
competing methods.

e Learning stability: Lower reward variance and
fewer training oscillations.

These results confirm that risk-aware, cooperative policy
learning yields robust gains essential for real-world
autonomous traffic management.

6. Discussion

6.1 Safety—Efficiency Trade-off

RARL pushes out the safety-efficiency envelope rather than
moving along a fixed frontier. For any target collision rate, it
achieves far higher network throughput than baseline
controllers; for any fixed throughput, it sustains a markedly
lower collision rate. Unlike approaches that buy safety by
throttling flow-or boost flow by tolerating risk-RARL's
combination of Bayesian risk estimation and adaptive reward
shaping improves both dimensions together. This balance is
particularly critical in dense urban grids and high-speed
freeway corridors, where neither safety nor mobility can be
compromised.

6.2 Learning Performance and Convergence

Empirically, RARL converges faster and has smaller
variance in cumulative reward during training. The explicit
risk-aware shaping penalizes hazardous actions early without
shutting down useful exploration, keeping the optimizer out
of unstable policy regimes. As a result, fewer simulation steps
are spent in unsafe or low-yield behaviors-an advantage that
compounds when training must be repeated across network
topologies or varied demand patterns.

6.3 Robustness Across Road Types

RARL generally outperforms the comparison methods across
intersections, freeway segments, and roundabouts, indicating
that it learns transferable, cooperative, and risk-aware
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behaviors rather than exploiting scenario-specific quirks.
Such cross-scenario reliability is crucial for real-world
deployments, where an autonomous vehicle may encounter
signalized junctions, high-speed links, and complex circular
junctions in one single trip and must perform dependably.

6.4 Comparing with the Existing Literature and
Novelty

Table 6 puts RARL into the wider research context of RL and
MARL on autonomous driving and safe control.

Table 6. Comparison of RARL with representative literature

Reference | Method Key features Dataset / environment | Reported performance (summary)
Kiran et al. | RL-based Deep RL for lane changing | TORCS Collision reduction = 10-15%;
(2022) decision- and merging scalability limitations
making
Li et al | Risk-sensitive Fixed-threshold risk | SUMO + synthetic | = 12% safety improvement; limited
(2022) RL modelling traffic under dynamic risk
Zhang et al. | Multi-agent RL | Cooperative  decisions CARLA ~ 18% collision reduction; instability
(2024) intersections in dense, multi-agent settings
Zhao et al. | MARL  with | Cooperative reward | NGSIM highway data | Throughput 1 = 16%; collision rates
(2021) reward shaping | allocation remain relatively high
Gao et al | Simulator- MARL in SUMO/TORCS SUMO + TORCS Scalable simulations; limited realism
(2020) based MARL in high-density interactions
Proposed Risk-aware RL | Adaptive reward shaping; | SUMO, CARLA, | Collision reduction: 25-30%;
RARL + Bayesian | Bayesian risk inference; | NGSIM, throughput: +18-25%; =~ 20% faster
estimation cooperative multi-agent | INTERACTION convergence; +30% scenario
coordination recognition accuracy; stable learning

Uniqueness and Novelty of RARL
Unified, online coupling of risk and policy

Instead of bolting safety on as a separate module, RARL
embeds Bayesian risk estimation directly in reward shaping
and the policy update itself. In this way, risk sensitivity
adapts on the fly as interactions change; the controller is able
to respond to emerging hazards without stopping, resetting,
or breaking training flow. This is a clear step beyond fixed
thresholds or post-hoc shields, which typically intervene only
after risk has surfaced and often derail policy learning.

Pareto gains in safety, efficiency and training stability

RARL does not trade one metric for another: in our results,
collisions drop while throughput rises, convergence happens
faster, and scenario recognition improves-all together. That
pattern signals a true outward shift of the safety-efficiency
frontier for cooperative AV control, not just a rebalancing
that sacrifices flow for safety, or vice versa.

Cross-platform and cross-scenario generalization

The consistent benefit delivered by RARL across SUMO,
CARLA, NGSIM, and INTERACTION, and across the very
different driving domains of intersections, multi-lane
highways, and roundabouts, reduces the possibility that
improvements can be simulator-specific or layout-dependent,

while strengthening the argument for real-world applicability
of the learned behavior in heterogeneous settings.

7. Conclusion

The present paper presents a novel framework of Risk-Aware
Reinforcement Learning for cooperative control of
autonomous vehicles, considering three core ingredients:
Bayesian risk estimation, adaptive reward shaping, and
multi-agent policy optimisation. By embedding risk directly
into the learning objective and update mechanism, the
framework adapts online to the evolving hazard levels,
maintaining a favourable balance among safety, traffic
efficiency, and training stability under diverse operating
conditions.

Experiments across urban intersections, multi-lane highway
segments, and roundabouts show that RARL consistently
outperforms strong multi-agent RL baselines: Bi-AC,
MACPO, and MAPPO-L. It shows up to 30% fewer
collisions, about 18-25% higher throughput, about 30%
improvement in scenario-recognition accuracy, and roughly
20% faster convergence. These results collectively confirm
that explicitly risk-aware policy design can meaningfully
shift the safety-efficiency frontier and thereby present a more
reliable and deployment-ready alternative to conventional
MARL approaches for cooperative AV control.
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Future work. We will extend RARL to mixed human—
autonomous traffic using richer behavioural priors and
conduct stress tests under adverse sensing and environmental
conditions (low visibility, severe weather, sensor
degradation). We also plan city-scale experiments with
communication latency and large fleets to verify scalability,
resilience, and QoS in connected intelligent-transport
infrastructures.

Data availability statement

Will be provided on requirement
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