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Cooperative Autonomous Driving in Diverse
Behavioral Traffic: A Heterogeneous Graph

Reinforcement Learning Approach
Qi Liu, Xueyuan Li, Zirui Li, Juhui Gim∗

Abstract—Navigating heterogeneous traffic environments with
diverse driving styles poses a significant challenge for au-
tonomous vehicles (AVs) due to their inherent complexity and
dynamic interactions. This paper addresses this challenge by
proposing a heterogeneous graph reinforcement learning (GRL)
framework enhanced with an expert system to improve AV
decision-making performance. Initially, a heterogeneous graph
representation is introduced to capture the intricate interactions
among vehicles. Then, a heterogeneous graph neural network
with an expert model (HGNN-EM) is proposed to effectively
encode diverse vehicle features and produce driving instructions
informed by domain-specific knowledge. Moreover, the double
deep Q-learning (DDQN) algorithm is utilized to train the
decision-making model. A case study on a typical four-way
intersection, involving various driving styles of human vehicles
(HVs), demonstrates that the proposed method has superior
performance over several baselines regarding safety, efficiency,
stability, and convergence rate, all while maintaining favorable
real-time performance.

Index Terms—Autonomous vehicle, decision-making, graph
reinforcement learning, heterogeneous graph neural network,
heterogeneous traffic.

I. INTRODUCTION

THE decision-making for autonomous vehicles (AVs) in
modern traffic is highly challenging due to the in-

tricate interactions with these heterogeneous traffic partici-
pants. Among these participants, human-driven vehicles (HVs)
present significant variability in traits and intentions [1]. Con-
sidering the Fig. 1 as an intuitive example. Aggressive HVs
often exhibit higher speeds and risk-prone behaviors, showing
little regard for other drivers during interactions, whereas
conservative HVs prioritize safety, maintaining slower speeds
and cautious maneuvers. Normal HVs, in contrast, display a
driving style that falls between these two extremes. AVs must
carefully negotiate with different styles of HVs to execute
reasonable driving behaviors, achieving a superior balance
between driving safety and efficiency.
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Cruising?

Overtaking?

Fig. 1. A schematic of scenario with different styles of HVs. The ego AV
(blue) must balance safety and efficiency, while comprehensively considering
interactions with the aggressive HV (red) and conservative HV (green).

A comprehensive overview of general decision-making
techniques for AVs is presented in [2]. Various studies have
addressed the challenges of modeling interactions among het-
erogeneous traffic participants. In [3], the driving styles of HVs
are inferred from prior knowledge, then a level-k cooperative
game is proposed to generate driving instructions. In [4],
interactions among heterogeneous HVs are directly modeled
through the self-attention mechanism based on their motion
features, then the actor-critic (AC) algorithm is utilized for
policy generation. A similar approach targeting the merging
scenario is explored in [5]. However, these approaches fail to
accurately represent the intricate interactions among diverse
HVs, limiting their decision-making performance in such
heterogeneous traffic.

For encoding heterogeneous traffic information, graph rein-
forcement learning (GRL)-based methods have demonstrated
significant potential. A notable approach in [6] models a
highway ramping scenario as an undirected graph, facili-
tating cooperative lane-change decisions for heterogeneous
AVs. Building upon this, a multi-view graph representation
technique is introduced in [7] to more effectively capture
vehicle interactions. In [8], scenarios involving heterogeneous
vehicles are represented using both a bird’s-eye view (BEV)
image and an undirected graph, with the graph attention
network (GAT) [9] encoding the information to generate AV
maneuvers. Moreover, in [10], an intersection with pedestrians
and vehicles of varying driving styles is constructed. Then, a
fusion framework consisting of spatial-temporal graph neural
network (STGNN), state inference, and trajectory prediction
is proposed for AV’s decision-making. However, these studies
depend on homogeneous technologies to process the features
of heterogeneous traffic, which limits the potential for further
improvements in decision-making performance.

In conclusion, current approaches still encounter several
limitations:
• Limitations on heterogeneous interaction modeling: Ex-
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Fig. 2. The schematic diagram of the proposed method.

isting studies fail to comprehensively and accurately model
the intricate interactions among diverse traffic participants,
limiting AVs’ understanding of heterogeneous traffic scenar-
ios and reducing decision-making performance.

• Limitations on policy generation: Most studies still depend
on homogeneous techniques for processing heterogeneous
features, potentially leading to suboptimal or unsafe deci-
sions and limiting the training efficiency of decision-making
models.
The objective of this paper is to tackle the above decision-

making challenges of AVs’ current technologies in such het-
erogeneous traffic by focusing on two critical aspects: 1)
Accurate and comprehensive modeling of interactions among
heterogeneous traffic participants. 2) Efficient encoding of het-
erogeneous traffic information and generation of expert-level
driving strategies that can well balance safety and efficiency.
Specifically, a heterogeneous graph neural network with an
expert model (HGNN-EM) is proposed to satisfy the above
demands. The main contributions are summarized as follows:
• A heterogeneous graph representation is presented to com-

prehensively characterize the mutual effects between the
ego AV and various styles of HVs, including driving risk
evaluation, acceleration difference, and relative distance.

• A HGNN-EM is proposed to effectively encode pertinent
features from heterogeneous traffic and generate refined
driving instructions. By integrating GRL-based policies with
expert model-based policies, this approach significantly en-
hances the decision-making capabilities of AVs.

• Comprehensive experiments are conducted on a typical
four-way intersection with heterogeneous traffic participants.
Results demonstrate that the proposed method outperforms
baseline approaches in terms of safety, efficiency, stability,
and convergence speed.

II. PROBLEM FORMULATION

The formulation of the decision-making process within
the GRL-based framework can be modeled as a Markov
Decision Process (MDP), formulated by tuple (S,A, P,R, γ).
Specifically, P is the transition probability, γ ∈ (0, 1] is the
discount factor. The other elements are described as follows:

1) State Space S: The intersection is modeled as a hetero-
geneous undirected graph, where the state space encompasses

features of all HVs and the AV within the intersection, gener-
ated through the proposed heterogeneous graph representation.
The construction process of the state space will be illustrated
in Section III-A.

2) Action Space A: The action space of the ego AV con-
sists of five high-level discrete driving commands, including
accelerate, slow down, cruising, change lane to the left, and
change lane to the right.

3) Reward Function R: A reward function is designed to
encourage the AV to turn left safely at the intersection as fast
as possible without collisions. Specifically,

R = rgoal + rcol + rvel (1)

where rgoal denotes the task reward, rgoal = 2 if the ego AV
successfully navigates the intersection, otherwise rgoal = 0. rcol
denotes the collision reward to ensure driving safety, rcol =
−2 if the ego AV collides with HVs, otherwise rcol = 0.
rvel denotes the dense velocity reward to encourage driving
efficiency; specifically, rvel = 0.04 ·min {vego/vmax, 1}, where
vmax is the maximum permissible longitudinal speed for AV.

III. METHODS

The proposed method comprises two primary components:
the heterogeneous graph representation and the HGNN-EM,
as shown in Fig. 2.

A. Heterogeneous Graph Representation

The intersection scenario is modeled as a graph G = {V, E},
where V = {υi, i ∈ {1, 2, ...n}} denotes a set of node at-
tributes (vehicles); E = {εij , i, j ∈ {1, 2, ...n}} denotes the set
of edge attributes (interactions); n represents the total number
of all vehicles. Then, the heterogeneous graph representation is
utilized to integrate diverse node and edge attributes, reflecting
the different styles of vehicles, to construct the graphical state
space at each time step t. For ease of description, the symbol
t is omitted in the following equation. Specifically:

G = [xAV, NA, NN, NC, DA, DN, DC] (2)

where xAV denotes the feature vector of the ego AV related
to basic motion, including longitudinal coordinate cx, lateral
coordinate cy , longitudinal speed vx, lateral speed vy , and
acceleration ax, i.e., xAV = [cx, cy, vx, vy, ax]. NA, NN, and
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NC denote the node feature matrix for aggressive HVs, normal
HVs, and conservative HVs, respectively. Similarly, DA, DN,
and DC denotes the adjacency matrix for aggressive HVs,
normal HVs, and conservative HVs, respectively.

1) Node Feature Matrix: The node feature matrix encap-
sulates the driving features of each vehicle. Feature vec-
tors of all HVs include basic motion characteristics x̃ =
[cx, cy, vx, vy, ax] and unique features specific to their driving
style:
• Aggressive HVs: The maximum acceleration amax is used to

highlight the vehicle’s aggressive driving styles, representing
its tendency for risk-prone behaviors.

• Normal HVs: The average acceleration over T time steps
aavg is selected to provide a stable view of its typical
behavior in traffic.

• Conservative HVs: The maximum deceleration adec =
−4.5 m/s2 is chosen to emphasize the vehicle’s avoidance
capability, showcasing its cautious driving manner.

Let δi ∈ {0 (aggressive), 1 (normal), 2 (conservative)} be the
category value of the ith HV, the final node features matrix
can be formulated as follows:

NA = [x1
A, x

2
A, ..., x

nA
A ], xi

A = [x̃i
A, a

i
max, δ

i]

NN = [x1
N, x

2
N, ..., x

nN
N ], xi

N = [x̃i
N, a

i
avg, δ

i]

NC = [x1
C, x

2
C, ..., x

nC
C ], xi

C = [x̃i
C, a

i
dec, δ

i]

(3)

2) Adjacency Matrix: The adjacency matrix represents the
mutual effects among vehicles through specific edge values
eij . To account for HVs’ varying driving styles, the ego AV
needs to focus on different interaction patterns based on each
HV’s unique characteristics to make informed and adaptive
decisions.
• Interaction model for Aggressive HVs
Given that aggressive HVs tend to exhibit higher risk-taking

behaviors, the ego AV must evaluate the potential for collisions
or unsafe situations resulting from their assertive maneuvers.
To assess these driving risks, a two-dimensional time to
collision (2D-TTC) model [11] is established, illustrated in
Fig. 3.
Then, the general pattern of the edge value eijA within DA can
be formulated as follows:

eijA =
di,j∣∣∣∆vi,j

p

∣∣∣ = di,j |∆pi,j |
∆vi,j ·∆pi,j

(4)

where di,j is the relative distance between the ith and jth
vehicle; ∆vi,j

p is the projection of velocity difference vector
∆vi,j in the direction of unit projection vector ∆pi,j . It should
be noted that if eijA is negative, it will be adjusted to 10 in
statistical analysis.
• Interaction model for Normal HVs
Normal HVs tend to exhibit stable driving behavior, making

it essential to evaluate the driving similarity between the AV
and these HVs to ensure smooth and predictable interactions.
Considering that acceleration is an important factor in reflect-
ing the driving styles, the difference of average acceleration
over T time steps is chosen to calculate the edge value eijN
within DN:

eijN =
∣∣ajavg − aiavg

∣∣ (5)
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Fig. 3. The schematic diagram of the 2D-TTC model.

• Interaction model for Conservative HVs
Conservative HVs generally exhibit cautious driving behav-

ior, the ego AV needs to focus on the potential influences of
its actions on these vehicles to adjust its decision-making style
dynamically. Given that distance is a direct indicator of driving
influence, the relative distance is selected to generate the edge
value eijC within DC:

eijC =
√
∆x2

i,j +∆y2i,j (6)

where ∆xi,j and ∆yi,j denote the relative longitudinal and
lateral distance, respectively.

B. HGNN-EM

The function of the HGNN-EM is to encode the heteroge-
neous graphical state space efficiently to generate reasonable
driving policies. The HGNN-EM consists of four key com-
ponents: pre-encoders including node and edge encoders, an
expert model, a relational graph attention network (R-GAT),
and a policy fusion model.

1) Pre-Encoders: The pre-encoders consist of a node en-
coder and three edge encoders. The node encoder projects
features of different vehicle types—AV, aggressive HVs, nor-
mal HVs, and conservative HVs—into a unified embedding
space using four separate FC layers with ReLU activation. The
embeddings x′

AV, N
′
A, N

′
N, and N ′

C for the respective vehicle
types are generated for the downstream processing.

The edge encoder uses FC layers to derive learned edge
values from node and edge features to offer greater flexibility
and adaptability in heterogeneous traffic, enabling the model
to more accurately capture intricate mutual effects among
vehicles and enhance its representation capability. Let Φedge
denote the edge encoder operator, the calculation of the learned
edge values can be described as follows:

EA = Φedge,A (Ncat,A, DA) , Ncat,A = [x′
AV ⊕N ′

A]

EN = Φedge,N (Ncat,N, DN) , Ncat,N = [x′
AV ⊕N ′

N]

EC = Φedge,C (Ncat,C, DC) , Ncat,C = [x′
AV ⊕N ′

C]

(7)

where ⊕ represents the matrix concatenation operator.
2) Expert Model: The expert model, designed to enhance

the GRL-based driving policy with domain-specific guidance,
is trained using supervised learning from interactions between
expert drivers who can perform highly reasonable driving
behaviors and a traffic simulator. The dataset includes the
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heterogeneous state space (equation (2)) as input and discrete
actions aEXP ∈ A as output. Moreover, the expert model shares
the same architecture as the HGNN-EM, excluding the fusion
weight generator component.

Initially, the output of the dataset is transformed into a one-
hot encoded vector Y = [y1, y2, ..., yna ], corresponding to the
action space, to serve as the target value, where na denotes
the dimension of the action space. Then, the cross-entropy loss
is utilized to ensure that the Q-value table generated by the
expert model continuously approximates the expert’s action
distribution during the training process. The loss function is
defined as follows:

L = −
na∑
i=1

yi log (ŷi) (8)

where ŷi = exp(Qi)∑n
j=1 exp(Qj)

represents the softmax probability
of each action, computed from the Q-values predicted by
the expert model. The detailed training setting is clarified in
Section. IV.

3) R-GAT: The R-GAT [12] is the core component of
the HGNN-EM, designed to aggregate heterogeneous features
information to generate driving policies. The R-GAT extends
the conventional graph attention network (GAT) by integrating
multiple edge types, which enables more effective processing
of heterogeneous graph structures.

First, attention logits ckij are computed for each relation type
k ∈ K = {0 (aggressive), 1 (normal), 2 (conservative)} based
on the corresponding node and edge features:

ckij =
[
W k

E · ekij
]
·
[
ak LeakyReLU

(
W k

N ·
[
xk
i ∥xk

j

])]
(9)

where ∥ represents the concatenate operator. For the kth
relation type, xk

i and xk
i denote the feature of the ith and jth

node, respectively; ekij denote the edge value between the ith
and jth node; ak denote the learnable vector; W k

N and W k
E

denote the learnable weight matrices for node feature and edge
feature, respectively. Then, the attention values are normalized
using the softmax function:

αk
ij =

exp(ckij)∑
v∈Vi

exp(civ)
(10)

Considering all the relation types within the intersection, the
feature aggregation process of the R-GAT can be expressed
as:

h
(t)
i = σ

(∑
k∈K

∑
v∈Vi

αk
ivW

k
Nh

(t−1)
v

)
(11)

where h
(t)
i denotes the newly generated feature embedding of

the ith node, derived from the features of other nodes h
(t−1)
v

at the preceding time step. σ denotes the activation function.
Finally, multi-head attention is introduced to further enhance
the model learning capacity:

h
(t)
i (P ) = ∥Pp=1h

(t)
i,p (12)

where h
(t),p
i denotes the feature embedding of the pth head.

Algorithm 1 The computing procedure of the HGNN-EM
Input: Original heterogeneous graphical state space G =

[xAV, NA, NN, NC, DA, DN, DC].
Output: Fused Q-values for AVs QFIN.
• Pre-processing for the original input

1: Calculate the fixed-dimensional node embeddings x′
AV, N

′
A, N

′
N,

and N ′
C through the node encoder.

2: Generate the learned edge values by equation (7).
• Processing of the R-GAT

3: Calculate attention logits ckij for each type of relations by
equation (9).

4: Calculate normalized attention values αk
ij for each type of

relations by equation (10).
5: Calculate the aggregated feature embedding h

(t)
i for each node

by equation (11).
6: Calculate the multi-head feature embedding h

(t)
i for each node

by equation (12).
• Processing of the policy fusion model

7: Calculate the fusion weight β through the fusion weight gener-
ator.

8: Calculate the QGRL through the policy network, taking the multi-
head feature embedding as input.

9: Calculate the QEXP through the well-trained expert model, taking
the heterogeneous graphical state space G as input.

10: Calculate the final Q values for AV by equation (13).
Return: QFIN.

4) Policy Fusion Model: The policy fusion model aims to
integrate the GRL-based policy QGRL with the expert policy
QEXP to enhance decision-making performance. It comprises
two main components: a fusion weight generator and a policy
network.

The fusion weight generator produces a learnable weight
value β ∈ [0, 1] based on the feature embedding generated by
the R-GAT. This mechanism allows the weight values to be
dynamically adjusted in response to the feature embeddings
of heterogeneous traffic, thereby enhancing the adaptability
and flexibility of the fused policy. The policy network further
processes the feature embedding from the R-GAT to generate
GRL-based policy. The final driving policy can be represented
as follows:

QFIN = β Softmax(QGRL) + (1− β) Softmax(QEXP) (13)

where QFIN denote the final policy. The role of the softmax
function is to ensure that the QGRL and QEXP are scaled con-
sistently before policy fusion. The complete feature extraction
procedure of the HGNN-EM is illustrated in Algorithm 1.

C. Policy Optimization

The Double DQN (DDQN) [13] algorithm is utilized as the
DRL model to train the decision-making model. Two instances
of HGNN-EM are initialized: the current Q-network θ for
action value generation, and the target Q-network θ̂ for guiding
policy updates. It is worth noting that the parameter of the
well-trained expert model is fixed during training.

Initially, a Tr-step random exploration phase is implemented
to broaden the exploration space of AV. Then, AV interacts
with the heterogeneous traffic based on the linear decay ϵ −
greedy strategy. The value of ϵ at each time step is determined
using the following equation:
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ϵt = −
(ϵi − ϵf )t

Te
+ ϵi (14)

where ϵi is the initial exploration rate, ϵf is the final explo-
ration rate, and Te is the max exploration step. Then, the
action-selecting strategy can be expressed as:

at =

{
random(A), P = ϵt
argmax QFIN(st, a; θ), P = 1− ϵt

(15)

After performing the actions, the interaction trajectory
(st, at, rt, st+1) is recorded in a replay memory pool D with
capacity ND. During the training phase, a random minibatch
B comprising transitions (sJ , aJ , rJ , sJ+1) is sampled from
D. Subsequently, the training loss can be calculated as follows:ŷJ = rJ + γQFIN(sJ+1, argmax

a
QFIN(sJ+1, a; θ); θ̂)

L(θ) = (ŷJ −QFIN(sJ , aJ ; θ))
2

(16)

Finally, the parameters of the two HGNN-EM instances are
updated, thereby solving the optimal driving strategies:{

θ ← θ − α∇θL(θ), t mod Tc = 0

θ̂ ← θ, t mod Tt = 0
(17)

where Tc and Tt denote the model update interval of the
current Q-network and target Q-network, respectively. α is the
learning rate.

IV. CASE STUDY

The proposed method is evaluated with a case study on a
typical four-way intersection. It describes the scenario con-
struction, basic settings, and experimental results.

A. Scenario Construction

Fig. 4 shows a four-way unsigned intersection constructed
based on the SUMO [14] simulator with six HVs, evenly
distributed across three driving styles: aggressive, normal, and
conservative. HVs travel straight from designated starting areas
to the opposite side. The AV’s goal is to safely and efficiently
navigate the intersection, accounting for varied HV behaviors.
Furthermore, a set of key rules is established: 1) AV can obtain
information on all HVs through its onboard sensors. 2) AV can
directly acquire the driving characteristics of HVs.

The intelligent driver model (IDM) [15] and the MOBIL
model [16] are utilized for longitudinal and lateral controls
after decision-making, respectively. Parameters are customized
to reflect varied driving styles among HVs, as detailed in
Table I. Furthermore, the distinct behavioral patterns of HVs
are incorporated to reflect varying levels of interactions at the
intersection. Specifically:
• The aggressive HVs exhibit higher speed and disregard the

right-of-way rules within the intersection, prioritizing speed
and assertiveness over safety in conflict situations.

• The normal HVs adhere to the right-of-way rules within the
intersection, striking a balance between safety and efficiency
when conflicts exist. Their behaviors provide a baseline for
interaction with the AV and other HVs.

Reference Path 

Conservative HVs

Normal HVs

Aggressive HVs

AV

Fig. 4. The schematic of the typical four-way intersection.

TABLE I
PARAMETERS OF IDM FOR DIFFERENT STYLES OF HVS

Symbols Description
Value

Agg. Nor. Con.

v (m/s) Longitudinal speed Variable
∆v (m/s) Relative speed Variable
s (m) Distance from leader Variable

amax (m/s2) Maximum acceleration 4.5 3.5 2.5
δ Acceleration exponent 5 4 4

v∗ (m/s) Desired speed 20 16 12
s0 (m) Minimum gap from leader 1.2 1.6 2.0
T (s) Safety time gap 1.0 1.5 2.0

bcomf (m/s2) Comfortable deceleration 2.0 2.0 2.0

• The conservative HVs prioritize safety and respond more
cautiously to other vehicles, tending to wait for other
vehicles to pass through the intersection first.

B. Experiment Setting

1) Implementation Details: The initial speed of all vehicles
is set to 0 m/s. The observation time length T for the average
acceleration is set to 5 time steps. The maximum permissible
longitudinal speed vmax for AV is set to 20 m/s. The hyper-
parameters for model training are listed in Table II.

2) Training Details of the Expert Model: A keyboard inter-
face has been integrated into SUMO to allow expert drivers to
maneuver AVs through intersections, generating a dataset of
(Gi, aiEXP) pairs representing heterogeneous states and expert
actions. The dataset consists of 5.5× 105 samples, with 70%
for training and 30% for testing.

The hyper-parameters for training the expert model are
listed in Table III. During testing, the model is tested for
50,000 times. The accuracy of action generation is calculated,
achieving a value of 99.23%, which underscores the effective-
ness and reliability of the trained expert model in replicating
expert-level decision-making.

3) Evaluation Metrics: For each episode, several evaluation
metrics are introduced to evaluate the performance of the AV,
specifically:
• Reward: The reward for each episode is recorded as the

effective evaluation of the overall performance of the AV.
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TABLE II
HYPER-PARAMETERS FOR MODEL TRAINING

Symbols Description Value

— Simulation time step 0.1 s
M Max training episodes 150
Ntest Number of testing episodes 50
TM Max time steps for each episode 300
Tr Random exploration step 9000
Tc Max exploration step 10000
ϵi Initial exploration rate 0.5
ϵf Final exploration rate 0.01
ND Replay memory pool capacity 1× 106

B Minibatch size 64
α Learning rate 0.0005
Tc Update interval for current Q-network 50
Tt Update interval for target Q-network 5000
γ Discount factor 0.99

TABLE III
HYPER-PARAMETERS FOR EXPERT MODEL TRAINING

Description Value

Number of training epochs 500
Training batch size 32

Max training batches for each epoch 100
Optimizer Adam

Learning rate 0.0005

TABLE IV
BASELINES FOR COMPARATIVE EXPERIMENT

Model Graph Representation Backbone

GCQ [6] Homogeneous graph GCN
HGNN Heterogeneous graph HGNN

STGCN [10, 17] Homogeneous graph GCN, TCN
Proposed Heterogeneous graph HGNN-EM

• Collision number: The count of collisions performed by
the ego AV is recorded as a safety assessment.

• Average speed: The average speed (m/s) of AV during
driving is computed to evaluate driving efficiency.

• Traveling time: The cumulative time (s) for the AV to exit
the intersection is recorded to evaluate the efficiency of task
accomplishment.

For model testing, one metric is additionally established,
specifically:
• Computational efficiency: The average computing time

(ms) per simulation step is measured to assess the com-
putational efficiency. The test device is a laptop with 32GB
RAM, i9-10980HK, RTX4070s.

C. Experimental Results and Analysis

1) Baselines: To assess the performance of our proposed
method, we compare it with several state-of-the-art baseline
models, all calibrated to match the decision-making problem
formulation in Fig. 2. Details of these models are summarized
in Table IV.

2) Results and Analysis: During training, reward curves
for three random seeds are plotted in Fig. 5(a), with final
results averaged after convergence (around 120 episodes).
Additionally, the convergent reward trajectories are recorded
to compute the standard deviation (STD) to reflect the model’s
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(a) Reward curves of all models.

Reward

STD
value

Collision
number

Average
speed

Traveling
time

GCQ
HGNN
STGCN
Proposed

0.0

0.9

1.8

2.7

3.6

4.5

1.5
1.2

0.9
0.6

0.3
0.0

0.3

0.24

0.18

0.12

0.06

0.0

0.0

2.4

4.8

7.2

9.6

12.0

25.0
20.0

15.0
10.0

5.0
0.0

(b) Training results of all models.

Reward STD
value

Collision
number

Average
speed

Traveling
time

Computing
time

GCQ
HGNN
STGCN
Proposed

0.0

0.9

1.8

2.7

3.6

4.5

0.9

0.72

0.54

0.36

0.18

0.0

0.3 0.24 0.18 0.12 0.06 0.0
0.0

2.4

4.8

7.2

9.6

12.0

21.0

16.8

12.6

8.4

4.2

0.0

4.03.22.41.60.80.0

(c) Testing results of all models.

Fig. 5. The results of the experiment. The shaded areas in the reward figure
show the standard deviation for 3 random seeds.

stability. These training results are displayed in Fig. 5(b). Dur-
ing testing, each model yields three decision-making instances,
and the averaged testing results are summarized in Fig. 5(c).

As shown in Fig. 5(a), all models finally converge to
relatively stable reward intervals, signifying the effectiveness
of the training process. As seen in Fig. 5(b), the traveling times
for all models remain within the max time steps limitation
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(TM = 300 steps = 30 s) after achieving convergence. This
demonstrates that all models are capable of successfully navi-
gating the intersection. However, the GCQ model exhibits in-
ferior performance across all evaluation metrics, underscoring
the limitations of relying solely on graphic techniques without
additional enhancements in heterogeneous traffic scenarios.

The HGNN model exhibits superior overall performance
compared to the GCN model, particularly evident in the lower
STD value. This emphasizes that the incorporation of hetero-
geneous technologies into the graph representation and the
GNN significantly optimizes the decision-making performance
and model adaptability in heterogeneous traffic. Nonetheless,
there is room for improvement in the driving safety aspect
of the HGNN model. Compared to the HGNN model, the
STGCN model performs better in STD value and driving
safety (zero collisions). This highlights the importance of
incorporating temporal networks, facilitating more consistent
and stable behaviors, thereby enhancing driving safety and
model stability in heterogeneous traffic.

Notably, the proposed method achieves zero collisions and
outperforms other models in terms of reward, average speed,
and traveling time, showcasing its strong ability to generate
safe and efficient driving strategies in heterogeneous traffic.
The lower STD value further underscores its adaptability to
the varied driving styles of HVs in heterogeneous traffic.

As seen in Fig. 5(c), the testing results align closely with
the converged training outcomes depicted in Fig. 5(b), further
validating the effectiveness of the model training process. The
STGCN model exhibits a noticeable increase in computing
time, highlighting that the integration of spatial-temporal tech-
niques significantly elevates data processing demands, thereby
reducing computational efficiency. In contrast, the computing
time of the proposed method remains comparable to that
of the GCQ and HGNN models while delivering superior
overall decision-making performance. This emphasizes that
the proposed method effectively balances performance gains
with efficiency consideration.

V. CONCLUSION

This paper introduces a combined approach of heteroge-
neous GRL and an expert system to enhance AVs’ decision-
making in heterogeneous traffic. Specifically, a heterogeneous
graph representation is proposed to capture intricate inter-
actions, while an HGNN-EM is established to encode the
heterogeneous information and generate expert-level driving
behaviors. Experiments on a typical four-way intersection
demonstrate the superior performance of the proposed method.
Future work will focus on predicting the driving styles of HVs
and validating our approach across a broader range of traffic
scenarios with diverse settings, thereby further enhancing the
adaptability and robustness of the proposed method.
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