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Intersections are critical nodes of urban road networks where heterogeneous
traffic flows converge. Yet, they are also major bottlenecks of efficiency and
safety, particularly under mixed autonomy where Connected and Automated
Vehicles (CAVs) and Human-Driven Vehicles (HDVs) coexist. Traditional
control schemes such as traffic lights or optimization-based scheduling often
fail to capture the complex and uncertain interactions in such settings. We
propose a Conflict-Aware Heterogeneous Graph-based Reinforcement Learn-
ing (HGRL) Framework for decentralized intersection management under
mixed traffic flows. In our approach, the traffic environment is represented
as a heterogeneous interaction graph, where edges encode both cooperative
relations and potential conflicts. Building on this representation, a heteroge-
neous graph-based reinforcement learning controller enables CAVs to make
adaptive and coordinated decisions while explicitly accounting for conflict
risks. Comprehensive simulations conducted in SUMO across varying CAV
penetration rates demonstrate the effectiveness, robustness, and scalability
of the proposed framework. Our method achieves consistent improvements
across all key performance indicators compared with strong baselines.
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of the proposed framework. Our method achieves consistent improvements
across all key performance indicators compared with strong baselines.
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1. Introduction

With the acceleration of urbanization and the rapid growth in vehicle
ownership, traffic congestion and accidents have emerged as pressing chal-
lenges for urban traffic management. According to INRIX (2020) [1], in New
York City, drivers lost 100 hours in 2020, costing 1,486 per driver and 7.7
billion citywide. PEP (Transport, Health, and Environment Pan-European
Programme) reported that transport-related congestion, crashes, and envi-
ronmental impacts cost Europe nearly €820 million in 2019. Intersections,
as critical nodes in urban road networks, concentrate large traffic volumes
and complex vehicular maneuvers, thereby becoming hotspots for conflicts
and accidents. Data from the U.S. Federal Highway Administration indicate
that over 2.8 million intersection-related crashes occur annually, accounting
for 44% of all traffic accidents [2]. Consequently, enhancing both the effi-
ciency and safety of traffic flows at intersections has become a central issue
in modern traffic management research.

In response to these challenges, national policies increasingly emphasize
the deployment of Intelligent Transportation Systems (ITS) and Connected
and Automated Vehicles (CAVs). Through vehicle-to-infrastructure (V2I)
and vehicle-to-vehicle (V2V) communication, CAV technologies offer the po-
tential to increase throughput, reduce collision risks, improve fuel efficiency,
and lower emissions [3]. For instance, since 2016 the U.S. National Highway
Traffic Safety Administration has required all new vehicles to be equipped
with internet connectivity [4]. Recent policy documents released by the State
Council [5] highlight the strategic importance the Chinese government places
on fostering the development of CAVs. Similarly, the U.S. ITS Strategic Plan
(2020-2025) underscores the importance of intelligent and connected traffic
control technologies, positioning the nation at the forefront of global ITS
innovation.

Despite policy advances and technological innovation, effective control
strategies for intersections with mixed traffic flows remain underdeveloped.
Real-world intersections are characterized by high traffic density, heteroge-



neous vehicle compositions, and frequent conflict points. In mixed traffic
scenarios, where CAVs and human-driven vehicles (HDVs) coexist, variations
in human driving behaviors, together with the limited penetration of CAVs
undermine the effectiveness of traditional traffic control strategies. Prior ap-
proaches—including reservation-based systems [6], predictive scheduling [7],
and machine learning-based adaptive controllers [8] have shown promise in
efficiency improvement, yet most are designed for fully connected environ-
ments or rely on overly simplified assumptions, thereby failing to capture the
complex conflict dynamics inherent in mixed autonomy traffic.

Against this backdrop, explicitly addressing conflict modeling at inter-
sections has become essential. While recent studies have begun to integrate
conflict analysis into control frameworks—recognizing that safety and ef-
ficiency must be considered jointly [9]—existing methods still struggle to
capture heterogeneous interactions accurately. Compounding this challenge,
the high risks and costs of field experiments render simulation platforms like
SUMO [10] indispensable for developing and testing such strategies [11].

Leveraging this simulation paradigm to tackle the core problem of inter-
action modelling, we propose a novel intersection management framework
that is developed and validated within simulation environments to explic-
itly account for conflict relationships in mixed traffic. Our approach cen-
ters on a heterogeneous graph-based reinforcement learning model, which is
trained and evaluated using detailed simulation data to capture the com-
plex interactions between CAVs and HDVs at intersections. In the proposed
framework, vehicles are represented as nodes in a dynamic interaction graph,
where edges encode both cooperative relations and potential conflicts. This
graph representation is then used to guide a multi-agent reinforcement learn-
ing controller, enabling vehicles to make adaptive, coordinated decisions. By
combining graph-based state representation with reinforcement learning, our
framework demonstrates significant improvements in intersection efficiency
and safety in a simulation environment.

The contributions of this paper are threefold:

e Modelling framework: We construct a conflict-aware heterogeneous
graph representation of mixed traffic intersections, capable of capturing
both cooperative and conflict interactions among heterogeneous vehi-
cles.

e Control strategy: We develop a heterogeneous graph reinforcement
learning (HGRL) framework, in which a heterogeneous graph neu-
ral network (HGNN) encodes interaction features via a heterogeneous
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graph attention network (H-GAT) and sparse attention mechanisms,
while a deep reinforcement learning (DRL) model learns adaptive poli-
cies under mixed traffic conditions.

e Simulation validation: We conduct simulations under varying CAV
penetration rates and show that our framework outperforms benchmark
methods in traffic efficiency and safety. We further perform ablation
studies to verify the effectiveness of the proposed design.

2. Related Work

2.1. Representation Learning for Traffic Intersections

As critical nodes where traffic flows converge and diverge, intersections are
highly susceptible to congestion and accidents. Statistics indicate that over
one-third of traffic congestion and more than half of traffic accidents occur
at intersections [12, 13, 14|. Therefore, effective intersection management
requires a precise quantification of their traffic states, which is the foundation
for alleviating congestion and reducing safety risks. Consequently, extracting
intersection-level features is essential for applications such as traffic network
partitioning [15], key node identification [16], speed prediction [17], and signal
control [18].

Traditional approaches generally transform road networks into graph struc-
tures and analyze them using centrality or connectivity measures [19, 20, 21,
22]. While useful, these methods capture only shallow structural information
and fail to uncover complex interdependencies between intersections. More
recently, network representation learning (NRL) has been introduced to ex-
tract latent features while preserving topological and attribute information
automatically [23, 24]. Classical methods such as DeepWalk and Node2vec
[25, 26] learn node embeddings via random walks, whereas Struc2vec [27] fo-
cuses on structural similarity. However, these approaches are limited in mod-
eling nonlinear or dynamic dependencies. Graph neural networks (GNNs),
including GCNs and GATSs, have since emerged to jointly leverage node at-
tributes and neighborhood structures |28, 29, 30].

In the transportation domain, GNN-based models have shown promise in
encoding vehicle interactions under uncertainty [31]. For example, [32] ap-
plied GNNs to cooperative autonomous driving, while [33] proposed a spa-
tiotemporal dynamic graph framework for ramp merging. Similarly, [34]
modeled trajectory conflicts via graph-based scheduling methods. These
studies highlight the potential of graph-based learning but also reveal the



need for more effective representations of conflict relationships in mixed traf-
fic flows.

In this context, our work models intersections through a conflict-aware
graph representation, which explicitly encodes both cooperative and conflict
vehicle interactions. This modelling formulation serves as the foundation of
our framework and ensures that key conflict structures are directly incorpo-
rated into the learning process.

2.2. Intersection Management Methods

Coordinating vehicle movements at intersections has traditionally relied
on hierarchical control frameworks, where a central controller schedules ar-
rivals and distributed controllers execute them [35]. Various methods, such
as fuzzy logic, model predictive control, and optimal control [6, 36, 37|, have
been explored. Reservation-based strategies, such as FIFO [38] and batch-
based release [39, 40|, attempt to avoid collisions but rarely achieve global
efficiency. Optimization-based methods (e.g., integer programming, dynamic
programming) can yield optimal schedules, yet the solution space grows ex-
ponentially with traffic volume, limiting scalability |7, 41].

Reinforcement learning (RL) has therefore been widely adopted as it cir-
cumvents explicit modeling of the scheduling problem. Deep RL further
addresses the curse of dimensionality and has shown strong performance in
mixed traffic environments [42, 43]. However, most RL approaches neglect
detailed vehicle interactions, leading to limited cooperative behavior. Recent
advances in graph reinforcement learning (GRL) attempt to overcome this by
embedding vehicle interactions into graph structures, enabling more effective
policy learning [44, 45].

Despite these advances, few studies directly address trajectory planning
for CAVs in mixed intersections. Existing works often treat vehicles individ-
ually [46, 47|, or optimize mixed formations [48|, but they largely ignore the
explicit conflict structures that drive congestion and safety risks.

Due to the expense and safety concerns of on-road experiments, simula-
tion methods have been widely adopted by scholars to examine the potential
of vehicle management at intersections. Zhang et al.[36] used SUMO to study
the platooning behaviors in fixed-time signalized intersection. Li et al. [49]
proposed a vehicle group behavior model based on acceptable gap theory and
evaluated collaborative control strategies, with extensive testing conducted
using VISSIM simulation software.



To address these limitations, we propose a heterogeneous graph-based
reinforcement learning strategy that leverages the structural properties of
the conflict-aware interaction graph. By integrating cooperative and conflict
relations into the policy-learning process, our approach achieves safe and
efficient coordination between CAVs and HDVs. Then, we conduct simulation
experiments in SUMO to validate the proposed strategy.

3. Problem Statement

3.1. Intersection traffic

This study considers a prototypical four-leg unsignalized intersection op-
erating under mixed traffic conditions, as illustrated in Fig. 1 (a). Each
approach (North, East, South, West) is divided into three dedicated lanes
corresponding to left-turn (L), through (C), and right-turn (R) movements.
For example, a northbound left-turn movement is denoted as N-L, a south-
bound through movement as S-C. Traffic demand is modeled stochastically:
vehicle arrivals on each lane follow random processes, and the type of each
arriving vehicle is also probabilistic, comprising either CAVs or HDVs. This
configuration captures the heterogeneity and randomness inherent in real-
world urban intersections.

In this study, conflicts are operationalized as potential interaction risks,
identified when the projected trajectories of two vehicle movements overlap
within the conflict area of the intersection. For instance, vehicles traveling
on N-S and S-L movements will cross paths in the center of the intersection,
thereby forming a conflict pair. Table. 1 lists, for each movement direction,
the set of other directions with which it conflicts. Conflicts among vehicle
movements are a primary source of congestion and accidents at intersections,
as they originate from contradictory action decisions between streams. While
reward-based penalties discourage unsafe decisions, conflicts may still arise
when reinforcement learning vehicles (RVs) attempt to enter the intersection
under competing traffic streams. To maintain both safety and flow stability,
we employ a conflict-resolution mechanism that post-processes RL outputs
before execution. Specifically, an RV may proceed only if the intersection
is clear of vehicles from conflicting directions; otherwise, its Go decision is
overridden to Stop. When multiple RVs from conflicting streams simulta-
neously choose Go, priority is given to the stream with the longest waiting
time, allowing those vehicles to pass first while others yield.
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Figure 1: Illustration of the intersection environment and conflict determination. (a)
Lane-level movement definitions for each approach, including left-turn (L), through (C),
and right-turn (R) movements. (b) Mixed traffic scenario with CAVs (blue) and HDVs
(black).

Table 1: Conflict set C: each movement and its conflicting directions (right-turns omitted
as non-conflicting).

Movement | Conflicting directions
N-L {E-S, E-L, S-S, W-L}
N-S {E-S, W-L, S-L, W-S}
E-L {E-S, N-L, S-S, W-S}
E-S {W-L, N-S, N-L, S-S}
S-L {N-S, E-L, W-S, W-L}
S-S {N-L, E-S, E-L, W-S}
W-L {S-L, N-S, E-S, N-L}
W-S {N-S, E-L, S-L, S-S}




The following assumptions are made regarding vehicle states and driv-
ing behaviors. (1) Full state observability and information sharing. We
assume that the positions, velocities, accelerations, and related kinematic
attributes of all vehicles are fully observable and shareable across the net-
work. Although HDVs lack onboard sensing and communication capabilities,
roadside detection infrastructure (e.g., loop detectors or LIDAR units) is as-
sumed to capture their instantaneous states and broadcast this information
to nearby CAVs. (2) HDV driving behavior model. The longitudinal and
lateral movements of HDVs are governed by human driving characteristics.
Specifically, their trajectories and car-following behaviors are modeled using
the Intelligent Driver Model (IDM) [50], which is widely adopted in traffic
simulation.

3.2. Decentralized RL for mixed traffic

We formulate the mixed-traffic control problem as a partially observable
Markov decision process (POMDP), defined by the following 7-tuple:

(S’ A7 O? T7 R7 Q?’Y) (1>

where S is the set of underlying states, A the set of actions, O the set of
observations, T the state-transition function, R the reward function, 2 the
observation function, and « the discount factor.

3.2.1. Action space

Since this study focuses on improving intersection throughput, the control
objective is to manage CAVs traversing an unsignalized intersection under
mixed traffic conditions. Accordingly, the action space of each CAV is re-
stricted to A = {Stop, Go}. The selected action determines whether the
CAV enters the intersection or remains stopped at the stop line.

In simulation, longitudinal acceleration is computed using the IDM. Out-
side the control zone, all vehicles follow standard IDM dynamics. Within the
control zone, if the CAV chooses “Go”, it accelerates at its maximum allow-
able rate a,,q.; conversely, if the action is “Stop”, it decelerates according to
IDM until it halts at the stop line. In the event of a potential collision, the
CAV’s emergency braking mechanism overrides the nominal control, applying
a deceleration greater than the standard requirement to avoid a crash.



3.2.2. Observation space

To enhance generalizability across intersections with different topologies,
we define the observation space by separating ego-level and global-level in-
formation.

Ego information. The ego state of each CAV is encoded as a 4-tuple:

Sego = {,y, speed, acc}, (2)

where x and y denote the vehicle’s center-point coordinates in a Cartesian
reference frame; speed represents the scalar magnitude of its velocity, and acc
represents the scalar magnitude of its acceleration.

Global information. The global information is characterized by two
lane-level indicators for each inbound lane of the intersection: the queue
length [; and the average waiting time w;. The value of [; is computed as the
number of vehicles lined up in lane ¢ before reaching the stop line, while w;
is calculated as the average waiting time of these vehicles. Together, {l;, w;}
quantify the spatial and temporal levels of congestion, enabling CAVs to
anticipate traffic pressure beyond their own trajectory.

The complete observation for each controlled CAV is thus:

0= {Segm Sglobal} (3)

This formulation ensures that each agent bases its decision not only on
its own kinematic state but also on the broader congestion context of the in-
tersection. In simulation, both ego and global features are directly extracted
from the microscopic states of all vehicles. In real-world applications, ego
information can be obtained via onboard sensors, while global information
may be estimated through V2V communication among CAVs.

3.2.83. Reward function

To balance traversal efficiency, emission, and safety, we define a composite
reward function for each RL vehicle as follows, inspired by prior designs in
[51]. But we merge jerk and fuel consumption into a unified eco-driving com-
ponent, which provides a clearer trade-off between smoothness and energy
efficiency.

(St Aty St41) = Wy Ty + Wy Ty + Wi D + Pey (4)

where w,,, w,, w; are weighting coefficients, and p. are penalties for con-
flict behaviors. The terms are defined as follows:
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Waiting-time reward (r,): Encourages vehicles to minimize exces-

sive idling. If the vehicle chooses to proceed, a positive reward propor-

tional to its reduction in waiting time is given; otherwise, a penalty is
applied.

—wtt | if af = Stop;

{ (5)

w!thi otherwise.

Speed reward (r,): Normalized instantaneous speed of the ego vehi-

cle,
Py = —— (6)

vmax

where v is the current velocity and v, is the maximum allowable
speed. This term promotes efficient progression through the intersec-
tion.

Jerk penalty (p;): Penalizes abrupt acceleration changes to encourage
smooth and fuel-efficient driving,
‘Clt - at71|
py = 1] 7)
! Jmax 7
where a; and a;_; denote current and previous accelerations, respec-
tively, and J,.x is a saturation constant.

Conflict penalty (p.): A fixed penalty of —1 is imposed if the vehi-
cle’s action results in a potential conflict with another vehicle in the
intersection control zone.

In our implementation, the weights are set to w, = 1.0, w, = 0.3, and
w; = —1.0, ensuring a balanced trade-off between efficiency, comfort, and
safety. The normalized structure of each component ensures comparability
in scale and enhances the stability of policy learning.

4. Methodology

This section provides a detailed exposition of the decision-making prob-
lem formulated using a heterogeneous graph-based reinforcement learning
within mixed autonomous traffic flows, including Basic Framework, Hetero-
geneous Graph Representation, Heterogeneous Graph Reinforcement Learn-

ing (HGRL).
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Figure 2: Framework of our method for mixed traffic control. It consists of three main
modules: (1) Scenario Construction module, where traffic situations are generated; (2)
Heterogeneous Graph module, which models cooperation and conflict relations between
vehicles; (3) HGRL module, where the HGNN model encodes graph embeddings and the
DRL model learns policies (Stop/Go) based on actor—critic structure.

4.1. Basic Framework

The basic framework of the GRL-based decision-making system for RVs is
illustrated in Fig 2. The basic framework consists of three parts: the scenario
construction module, the heterogeneous graph representation module, the
HGRL module, including the HGNN model and the DRL model. Specifically,
the scenario construction module provides the dynamic environment of mixed
traffic flows, including both CAVs and HDVs, which is defined in 3.1; the
heterogeneous graph representation module encodes vehicles as graph nodes
and their cooperative or conflict relations as edges, thereby transforming
raw traffic states into structured graph features; In the HGRL module, the
HGNN model serves as the core feature extractor, learning high-dimensional
embeddings that capture both local and global interaction patterns; the DRL
model leverages the extracted graph embeddings to train a policy network,
which outputs discrete driving decisions (Stop/Go) for each controlled CAV
through an actor—critic architecture.

4.2. Heterogeneous Graph Representation

Building upon the intersection environment defined in Section 3.1, we
represent the mixed traffic scenario as a heterogeneous undirected graph
G = {V,E}, where V. = {v;,i € {1,2,--- ,n}} is the set of nodes, each v;
encoding the state of the iy, vehicle; E' = {e;;, 4,5 € {1,2,--- ,n}} is the set
of edges, where e;; represents the pairwise interaction between vehicle ¢ and
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vehicle j. Specifically, n denotes the number of RVs in the driving loop. The
construction of this graph involves three components: node feature matrix,
edge attributes, and the adjacency matrix.

Node feature matrix. The node feature matrix encapsulates the kine-
matic observations of all RL vehicles in the control zone. Formally, it is
defined as:

N = [w1, 29, -+, 2,7, (8)

where each z; corresponds to the observation vector of the RL vehicle,
ensuring consistency with the reinforcement learning formulation described
in formulation 3.

Edge attributes. Edges encode pairwise interactions between vehicles
and consist of cooperation edges and conflict edges. The definition involves
both connectivity judgment (whether an edge exists) and edge values (what
information the edge carries).

e Cooperative edges. A cooperative edge is created if the Euclidean dis-
tance between vehicles ¢ and j does not exceed the communication
threshold p.:

9
“ 0, dij > pe, ©)

peom _ {dij7 dij < pes
where p. denotes the communication range of CAVs and d;; the Eu-
clidean distance between vehicle ¢ and vehicle j. This criterion implies
that any two CAVs within the specified communication range can es-
tablish a link and exchange information, thereby enabling cooperative

interaction. In our experiments, we set p. = 50m.

e Conflict edges. A conflict edge is established if the ego observation of
vehicle 7 identifies vehicle j as a potential conflict partner. Formally,

conf

62]

0o (10)

obs’ if vehicle ¢ conflict with vehicle 7,
0, otherwise,

In this case, the connectivity is determined by the conflict-detection
mechanism, while the edge weight is directly taken from the ego obser-
vation vector of vehicle i, described in formulation 2.

Adjacency matrix. The final adjacency matrix integrates both cooper-
ative and conflict relations:

D:DCOOp+DCOnf’ (11>
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coop\n
ij  Jig=1
tions, and Dy, s = {ef;nf }i'j=1 encodes conflict interactions derived from
ego observations. By jointly incorporating proximity-driven cooperation and
safety-critical conflict detection, the adjacency matrix provides a comprehen-
sive representation of inter-vehicle interactions, which is then processed by

the HGNN model.

where Do = {e encodes distance-based cooperative interac-

Sparse

H-GAT > Policy Network
Attention N
ction prob Q-value
G | p6
hw‘op > ConAcat - h“}"' Con‘cat - P * Py N>‘<l
| el R fetu Soft{nax \ Softmax Linear
h S
Top — K e W‘hk‘

s
‘ LeakyRelu | LeakyRelu 1 LeakyRelu

, Full connect N x 32
a((WhillW heone]) 4

(W Rl Wheogg)) | a(IWhiIW heond)

‘ Relu

2

i
i

i

1

1

|

i

i

1

i

i

! T Policy Value
1

i

i

| Global mean pooling N x 32
i

1

i
! 1
! 1
! 1
! 1
! 1
! 1
! 1
| :

I
I 1

Input | @' Su&lnax Softmax '@ i
! 1
! 1
! 1
! 1
! 1
! 1
! 1
! 1
i

Wheoop Wheoop Why Wheons | Wheons Wh; Wheons thon\f
by £ < i . i i
inear Linepr

Linear Linear |

Dcoop E‘RNXN N e waf Emnf E“ RNXN H e RNx128 Ecunf € RNXN ‘ H' e }SNXSZ
]

Figure 3: Detailed architecture of the proposed HGNN model, consisting of three compo-
nents: H-GAT for extracting cooperative and conflict features, sparse attention for refining
conflict relations, and a policy network for decision-making.

4.3. Heterogeneous Graph Reinforcement Learning (HGRL)
4.3.1. HGNN Model

The overall architecture of the proposed heterogeneous graph reinforce-
ment learning framework is illustrated in Fig. 3, which consists of three pri-
mary components: a heterogeneous graph attention network (H-GAT), a
sparse attention mechanism, and a policy network.

1) Heterogeneous Graph Attention Network (H-GAT): We represent the
mixed traffic scenario as a heterogeneous graph G = (N, D), where nodes
denote vehicles with kinematic states, and edges capture their cooperative or
conflict relations. The node feature matrix is denoted by N € RV¥*f  and
the adjacency matrices for cooperative and conflict relations are denoted by
Dcoop; Dconf < RNXN

To capture heterogeneous interactions, we adopt parallel graph attention
layers. For each edge (i, 7), the attention score is computed as:

Attention(e;;) = a' LeakyReLU (W - [h; || hy]), (12)

where W is a learnable weight matrix, h; and h; are the features of nodes
i and j, [ || -] denotes concatenation, and a' is a learnable attention vector.
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Separate GAT heads are applied to cooperative and conflict edges, and their
outputs are aggregated with residual connections H € RV*128,

This process allows H-GAT to jointly model coordination and competition
among vehicles, thereby providing rich contextual node embeddings.

2) Sparse Attention Mechanism: While cooperative edges provide stable,
low-risk interactions, conflict edges often represent safety-critical situations.
Directly aggregating all edges may introduce redundancy and noise. To ad-
dress this, we design a sparse attention mechanism applied exclusively to
conflict relations.

Given the node embedding H from H-GAT and the conflict edge set Do,
we apply a transformer-style attention mechanism:

_ exp ((Wyhy) T (Wihy))
2 keneens exp (Wohi) T(Wihy))'

h; = Z CkijWUhj, Qjj (13)

jeneons
7

where W,, Wy, W, are query, key, and value projections. To enforce
sparsity, only the most informative relations are retained, which emphasizes
safety-critical conflicts and reduces computational complexity. The resulting
conflict-enhanced embeddings are then pooled with a global mean pooling
layer to obtain a compact graph-level representation z € R5*32,

3) Policy Network: The pooled embedding z serves as the input to the
policy network, which follows an actor-critic design. The policy network
consists of fully connected layers and activation functions to output both
action probabilities and value estimates for each CAV. Let &, denote
the policy operator. The network first projects the aggregated embedding 2
into a latent representation through a fully connected layer (N x 64). This
representation is then divided into two branches: a policy head, which applies
a softmax to produce the action probabilities ps, p,, and a value head, which
outputs the state-value Q(s™7, a™) via a linear layer:

Q(s™", a") = Ppoicy(2). (14)
Here Q(s™7,a™) denotes the expected return of taking action @™ under
observation s™7. This value serves as a guiding principle for determining the

driving behavior of CAVs. Specifically, the formula is given as:

m(als) = Softmax(Wyz + b,), V(s) =W,z +b,, (15)
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where m(a|s) denotes the policy distribution and V' (s) is the value func-
tion. This dual-head design allows the model to jointly optimize safety-
oriented decision making and value estimation.

4.3.2. DRL Model

The graph embeddings generated by the HGNN model are integrated
into a reinforcement learning framework based on Proximal Policy Opti-
mization (PPO) [52]. PPO is an actor—critic algorithm that provides stable
and sample-efficient policy updates by employing a clipping mechanism to
constrain gradient steps. This makes it particularly suitable for large-scale,
multi-agent traffic environments.

In this architecture, the actor network corresponds to the policy network,
which maps HGNN embeddings into action probabilities (P, P,) for each
CAV, representing the decision to Stop or Go. The critic network estimates
the value of each state, thereby guiding the policy updates with a learned
baseline. To reduce variance in policy gradient estimation, we adopt Gener-
alized Advantage Estimation (GAE).

The clipped surrogate objective for the actor is defined as:

LEHP(9) = Ey[min(r(0) Ay, clip(ry(0),1 — €, 1 + €) Ay)], (16)

% measures the ratio of new to old policy proba-

bilities, A, is the estimated advantage at timestep t. The critic network is
trained by minimizing the mean squared error:

where 7,(0) =

Lcrz‘tic(¢) = Et[(Tt + 7V¢(5t+1) - V¢(St))2]a (17>

where r; is the immediate reward and ~ is the discount factor with a range

of [0, 1].

5. Experiment and results

5.1. Mized Traffic

Training and evaluation of RL algorithms require a suitable simulation
environment. We adopted SUMO, an open-source, microscopic traffic simu-
lator that not only incorporates well-established human driving models but
also allows for flexible configuration of traffic networks and flows. Moreover,
it ensures compliance with traffic rules, safety requirements, and physical con-
straints, thereby providing a reliable foundation for controlled experiments
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and reproducible evaluations. The built-in collision avoidance mechanism
and human driving model will act as the downstream modules of self-driving
software and the human driver, respectively. These mechanisms and mod-
els will ensure collision-free driving of a vehicle. This assumption has been
widely adopted by previous studies.

In this research, we conducted training in a typical unsignalized inter-
section measuring 30m x 30m. The entrance and exit lanes had a length
of 100m. The entrance and exit lanes of the four branches within the in-
tersection were included in the study area. To examine the intersection’s
performance in handling high-density traffic scenarios with frequent interac-
tions, the traffic volume for the entrance was randomly set between 900 and
1200 vehicles per hour. To evaluate the effectiveness of CAVs in this context,
we tested different CAV market penetration rates (MPRs): 50% to 100%.
The type of vehicle (CAV or HDV) for each vehicle was randomly assigned.
For HDV, the acceleration is computed using IDM. For CAV, when it is out-
side the control zone, IDM is used to determine the acceleration; when it is
inside the control zone, the decisions are determined by the policy, which is
computed by RL model. The overall simulation logic is shown in Fig. 4.

Road network files Traffic demand files

Load the rest of the simulation elements

l

Load IDM model for HDVs Generate S|mulat|onvenV|ronments
and collect vehicle states

l

Conflict detection and
heterogeneous graph construction

‘ Initialize HGRL algorithm ‘

l

Log training metrics H Calculate metrics from simulation data

Whether reward

TETEEEY Store memory to replay buffer

Output metrics, end of simulation

Figure 4: Diagram of the overall simulation logic.
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5.2. Ezxperiment set-up

Our evaluation metrics contain average waiting time, average travel time,
and average fuel consumption of all vehicles, which comprehensively reflect
both the operational efficiency of the intersection and the environmental
impact of traffic control strategies. These indicators are widely adopted in
the literature as they enable a balanced assessment of mobility performance
and sustainability outcomes.

We evaluate our method by comparing it to four baselines: (1) TL: the
default traffic signal program deployed in the intersection; (2) NoTL: no traf-
fic lights; (3) Wang [51]: the state-of-the-art RL traffic controller with 50%
~100% CAV penetration rate; and (4) Yan [53]: the state-of-the-art RL traffic
controller with 100% CAV penetration rate for unsignalized intersections.

5.3. Qwerall performance

To establish a benchmark for subsequent evaluations under varying pen-
etration rates, we first examine the overall performance of all models in a
fully cooperative setting where the penetration rate of CAVs is 100%. This
scenario represents the maximum achievable performance of each method
without interference from human-driven vehicles and thus provides a reliable
reference for later comparisons in mixed-traffic conditions.

Table. 2 reports the average performance of five representative approaches
across three widely adopted indicators: travel time, fuel consumption, and
waiting time. The baselines include conventional traffic light control (TL), a
no-traffic-light scenario (NoTL), and two representative learning-based meth-
ods (Wang and Yan), against which our proposed approach (Ours) is evalu-
ated.

The comparative analysis underscores the clear superiority of our pro-
posed approach. In terms of travel time, our model reduces delays by more
than 58% compared with conventional traffic light control and by nearly 64%
relative to the uncontrolled NoTL setting. Even against advanced learning-
based baselines, our method still achieves reductions of approximately 13%
(relative to Wang) and 29% (relative to Yan), highlighting its efficiency ad-
vantage. A similar trend is observed for fuel consumption, where our ap-
proach yields a 33% reduction compared with TL and a 30% reduction com-
pared with Yan, while also slightly outperforming Wang. With respect to
waiting time, our model delivers the most pronounced improvement, lowering
delays by over 70% relative to TL and more than 50% relative to Yan. These
results indicate that the proposed framework not only accelerates traffic flows

18



but also reduces unnecessary idling and fuel expenditure, thus delivering si-
multaneous gains in efficiency, sustainability, and traffic smoothness—a com-
bination rarely achieved by existing methods.

Table 2: Comparison of models under averaged metrics

Models (100% penetration rate)
TL NoTL ~ Wang Yan Ours

Metrics (Avg.)

Travel time 148.00  171.63 70.81 86.44 61.82
Fuel consumption 1111.22  1041.19  788.07 1068.02 745.44
Waiting time 15.61 27.87 6.21 9.28 4.41

Waiting time comparison (Overall) Wiaiting time comparison (Zoom-in)
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[ Wang =~ 40 [ Wang
. 80
L
) 30
£ 60
2
g 40 0 ﬂ
20 ﬁ 10 —- _T —
= _= . _—
0 0
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CAV penetration rate (%) and baselines CAV penetration rate (%) and baselines

Figure 5: The overall results in average fuel consumption at the intersection. The RIGHT
sub-figure displays a zoomed-in version of the LEFT sub-figure, excluding the Yan meth-
ods. Our method consistently outperforms the other four baselines.

5.8.1. Waiting time

Waiting time measures the average duration that vehicles remain idle
before passing through the intersection and serves as a direct reflection of
queuing and congestion. Figure 5 reports the waiting time distributions of
different methods under varying penetration rates.

The results show that waiting time decreases as the penetration rate
increases and gradually converges to a stable low level. The proposed method
achieves reductions ranging from 19.5% at low penetration to over 31.4% at
high penetration (0.9-1.0). This trend can be explained by the decreasing
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proportion of HDVs, which enables cooperative CAVs to coordinate their
decisions more effectively, thereby reducing hesitation and mitigating queue
spillback. Our method further amplifies this effect through its graph-based
modeling framework, which explicitly captures inter-vehicle interactions and
conflict relations. This design allows vehicles to negotiate shared space more
efficiently, minimizing idle periods. Consequently, our approach delivers not
only shorter but also more stable waiting times, highlighting its robustness
under mixed-traffic conditions.

Travel time comparison (Overall) Travel time comparison (Zoom-in)
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Model Model
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CAV penetration rate (%) and baselines CAV penetration rate (%) and baselines

Figure 6: The overall results in average travel time at the intersection. The RIGHT sub-
figure displays a zoomed-in version of the LEFT sub-figure, excluding the Yan methods.
When the RV penetration rate reaches or exceeds 70%, our method consistently outper-
forms the other four baselines.

5.3.2. Travel time

Travel time is a fundamental indicator of traffic efficiency. Compared
with delay, another widely used metric, travel time also reflects the overall
mobility of vehicles at intersections. Therefore, we adopt travel time as
the primary measure of efficiency. The distributions of travel time for the
different models are shown in Fig. 6.

As illustrated, our method achieves consistently lower travel times across
most penetration rates compared with Wang and other baselines. At pen-
etration levels of 0.5 and 0.6, the relative advantage over Wang diminishes,
with Wang occasionally achieving marginally shorter travel times. Never-
theless, the variance of our results remains significantly smaller, indicating
that the proposed framework provides more stable system performance in
mixed-traffic environments dominated by HDV-induced disturbances.
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At medium to high penetration rates (0.7-1.0), our approach demon-
strates clear superiority, yielding both lower mean travel times and reduced
variability. This suggests that the explicit modeling of cooperative and con-
flict relations enables more efficient coordination among vehicles and miti-
gates congestion at conflict points. When compared with traditional base-
lines such as TL, NoTL, and Yan, our method consistently achieves the
lowest travel times, underscoring its robustness and scalability across a wide
spectrum of traffic compositions.

1150 Fuel consumption comparison (Overall) 820 Fuel consumption comparison (Zoom-in)
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Figure 7: The overall results in average fuel consumption at the intersection. The RIGHT
sub-figure displays a zoomed-in version of the LEFT sub-figure, excluding the Yan meth-
ods. Our method consistently outperforms the other four baselines.

5.3.3. Fuel consumption

Fuel consumption is an important indicator of environmental sustain-
ability, as it reflects both energy efficiency and emissions reduction. Fig. 7
illustrates the distribution of fuel consumption across different penetration
rates for our method and the Wang baseline, with additional comparisons to
TL, NoTL, and Yan.

Overall, our method achieves consistently lower fuel consumption, with
reductions ranging from 0.9% at low penetration to 5.4% under full penetra-
tion compared with Wang. These improvements are less pronounced than
those observed for travel time, primarily because fuel consumption is influ-
enced not only by cooperation but also by idling and acceleration patterns,
which remain affected by HDVs in mixed traffic.

The relatively modest gains highlight that while higher penetration im-
proves coordination and reduces stop-and-go behavior, inefficiencies caused
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by HDV variability cannot be completely eliminated. Nonetheless, our model
delivers noticeable advantages due to the jerk penalty in the reward func-
tion, which discourages abrupt acceleration and deceleration. By promoting
smoother driving trajectories and reducing idling in queues, our method suc-
cessfully lowers unnecessary fuel use, achieving superior performance across
all penetration rates compared with Wang and other baselines.

5.4. Ablation study

To evaluate the contribution of each component in our framework, we
design a comprehensive set of ablation experiments, as summarized in Ta-
ble. 3. The ablated models differ primarily in three aspects: the use of graph
structure, the choice of graph encoder, and the inclusion of the conflict-aware
sparse attention mechanism. Each variant can thus be regarded as a different
version of the proposed HGNN model illustrated in Fig. 3.

Table 3: Ablation settings of different model variants

Model Graph Structure Graph Encoder Sparse Attention
DRL None - -
GNN Homogeneous GCN -
GRL Heterogeneous GCN —
GRL_A Heterogeneous H-GAT -
GRL_SAT Heterogeneous GCN v
Ours Heterogeneous H-GAT v

Several points about the adopted models should be emphasized as follows:

e The DRL model and GNN model are selected as the baseline mod-
els. The DRL model does not employ any graph structure; instead, it
aggregates raw observations from the environment as input for decision-
making. The GNN model, in contrast, replaces the heterogeneous
graph with a homogeneous one, without explicitly modeling conflict
relations.

e The GRL model replaces the graph neural network in our model with
a standard GCN, to examine the effectiveness of the H-GAT encoder
under the heterogeneous graph setting.
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e If the model does not incorporate the sparse attention mechanism,
which highlights conflict edges, it is replaced with a fully connected
layer.

5.4.1. Analysis of results

The training reward curve is plotted in Fig. 8. Moreover, the evaluation
metrics are averaged as the final training results when the model converges,
as shown in Table. 4.

The DRL and GNN models serve as preliminary baselines to evaluate
the effect of incorporating graph structure. Both models lag behind the het-
erogeneous variants in terms of convergence speed and final reward plateau.
The DRL model, which directly aggregates raw observations without any
graph representation, converges slowly and remains less stable throughout
training. The GNN model, which employs a homogeneous graph, performs
slightly better than DRL in terms of training dynamics; however, it still fails
to capture heterogeneous relations, such as cooperation and conflict. As re-
flected in the evaluation result, although its travel time and fuel consumption
are not markedly worse than those of GRL, it suffers from the highest waiting
time among all models. These results indicate that the explicit construction
of heterogeneous graphs is essential for effectively modeling interaction dy-
namics in mixed-autonomy traffic.

The GRL models exhibits notable deficiencies in stability and efficiency.
Although the mean episode reward increases progressively with training,
the curve remains characterized by substantial oscillations and fails to con-
verge within a narrow interval. This pattern suggests that a conventional
graph convolutional encoder lacks the representational capacity required to
adequately capture the intricate interaction structures present in mixed-
autonomy traffic, thereby constraining both robustness and decision relia-
bility.

Table 4: The Evaluation Result of Ablation Study

Metrics Models
(Avg.) DRL CGNN GRL GRL A CRL SAT Ours
Travel time 69.26 65.19 67.57 67.92 62.38 61.82
Fuel consumption 787.97 788.86 791.94 790.57 779.47 745.44
Waiting time 7.94 8.79 5.64 6.98 5.79 4.41
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Figure 8: The training reward curve of the implementation models in the ablation study.

Substituting the GNN with a graph attention network (GRL_A) yields
a steeper rise of the reward curve during the initial training phase and ac-
celerates convergence. This indicates that attention mechanisms over nodes
and their incident edges enable the policy to prioritize salient local inter-
actions and exploit structural cues more effectively. However, because the
attention weights are distributed densely across both critical and non-critical
neighbors, the influence of genuinely decisive relations is diluted. As a conse-
quence, fluctuations re-emerge in the mid-to-late stages of training, and the
efficiency improvements do not consistently extend to safety or stability.

In contrast, the GRL _SAT variant introduces a sparse attention mecha-
nism restricted exclusively to conflict edges. By concentrating model capacity
on those interactions that determine right-of-way and collision risk, this ap-
proach attenuates the influence of irrelevant neighbors and enhances discrimi-
native power. Empirically, the corresponding reward curve exhibits smoother
dynamics and convergence to a narrower plateau. The model tends to adopt
more conservative actions at potential conflict points, thereby sacrificing a
degree of instantaneous aggressiveness in exchange for greater reliability and
stability of traffic flow.
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Finally, the complete model (Ours) integrates the attentive graph en-
coder with conflict-aware sparse attention in a unified framework. The re-
ward curve rises rapidly and stabilizes at a higher plateau than all ablated
configurations, reflecting both faster learning dynamics and improved con-
vergence properties. Consistent with these observations, the model achieves
the most favorable trade-off across travel time, fuel consumption, and wait-
ing time. Collectively, these findings demonstrate that while attention is
essential for surpassing the limitations of basic GNNs, it is the conflict-aware
sparsification of attention that translates representational gains into robust,
safe, and efficient decision-making. The synergy of GAT and conflict-edge
SAT thus constitutes the critical factor enabling the proposed framework to
deliver state-of-the-art performance in mixed-traffic environments.

6. Discussion

This paper has introduced a conflict-aware Heterogeneous Graph Rein-
forcement Learning (HGRL) framework for managing mixed traffic flows of
CAVs and HDVs. By explicitly modeling both cooperative and conflict in-
teractions, our approach captures complex heterogeneous dynamics that are
often overlooked by conventional graph-based or rule-based methods. The
integration of a sparse conflict-aware attention mechanism enables the model
to efficiently pinpoint safety-critical patterns. Furthermore, embedding this
HGNN representation within a reinforcement learning policy network facili-
tates adaptive decision-making across varying CAV penetration rates.

Evaluation results demonstrate that our method significantly enhances
systemic utility. By adopting an individual CAV perspective, the algorithm
ensures not only local operational efficiency but also global intersection per-
formance. This reveals that with access to global information, agents can
achieve better coordination with both CAVs and HDVs, leading to more in-
formed decisions before entering conflict zones and a reduction in indecisive
or inefficient behaviors.

A key strength of our framework is its adaptability to diverse intersection
layouts, including non-orthogonal and signalized intersections. This gen-
erality stems from the model’s reliance on real-time dynamic states—such
as vehicle positions, queue lengths, and the conflict relations derived there-
from—rather than on a fixed intersection topology. Consequently, irregular
geometries do not pose a limitation, as conflict identification remains consis-
tent given basic positional data.
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This principle also underpins the method’s strong scalability to multi-
intersection networks. The model’s inputs—vehicle states and conflict defi-
nitions—are inherently independent of a single intersection’s physical bound-
aries. The agent-based design ensures that decisions remain local, while the
consistency of decision rules and the ability to incorporate broader global
information (e.g., adjacent intersections’ states) enable system-wide coor-
dination. This allows the framework to naturally account for network-level
phenomena, such as upstream-downstream coupling and congestion spillback.

Nevertheless, several limitations should be acknowledged. It should be
noted that HDV behaviors in this study were simulated using the Intelligent
Driver Model (IDM), which, while a standard baseline, may not fully capture
the uncertainty and diversity of real human decision-making. Furthermore,
we observed that the marginal gains in fuel consumption indicate a need for
refining eco-driving objectives within the reward structure. The current con-
flict resolution mechanism also relies on predefined priority rules, which may
not always align with real-world fairness or regulatory standards. Finally,
while the framework demonstrates scalability potential, its computational
efficiency and robustness in large-scale network deployments require further
validation.

Addressing these points provides a clear pathway for future work. Specif-
ically, we will focus on: (1) integrating real-world trajectory data to enhance
behavioral realism; (2) refining the reward function to better promote fuel
efficiency; (3) designing more flexible and fair conflict-resolution policies; and
(4) conducting large-scale network simulations to thoroughly assess perfor-
mance and computational demands.

7. Conclusion

Mixed traffic intersections present considerable challenges for safe and
efficient operation, as CAVs must coordinate not only with each other but
also with HDVs under complex and dynamic conditions. To address this, we
have introduced a conflict-aware Heterogeneous Graph Reinforcement Learn-
ing (HGRL) framework that explicitly models vehicle interactions to enable
cooperative and efficient decision-making.

Our main contributions are threefold. First, we introduced a conflict-
aware heterogeneous graph representation for mixed-traffic intersections, which
explicitly models both cooperative and conflicting interactions among hetero-
geneous vehicles. This representation provides a unified modeling framework
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for analyzing the complex dynamics between CAVs and HDVs. Second, we
developed an HGRL framework that integrates a heterogeneous graph neu-
ral network with a deep reinforcement learning policy, facilitating safe and
efficient multi-agent coordination. This design ensures that individual CAVs
enhance their own performance while simultaneously improving system-wide
efficiency and safety. Third, we conducted comprehensive simulations across
varying CAV penetration rates, demonstrating the superiority of our ap-
proach over established baselines. Ablation studies further validated the
necessity of each component within the proposed framework.

Despite promising results, several limitations warrant further investiga-
tion. The use of the IDM model for HDVs captures basic car-following behav-
ior but lacks the diversity and uncertainty of real human drivers. Moreover,
the computational overhead may increase in large, dense networks, poten-
tially affecting real-time performance. Future work will focus on integrating
more realistic human behavioral models, optimizing the computational effi-
ciency of conflict detection and decision-making, and validating the frame-
work’s scalability in real-world deployment scenarios.
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