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Abstract—In autonomous driving, cooperative perception
through vehicle-to-vehicle (V2V) communication is considered
crucial for enhancing traffic safety and efficiency. However,
existing methods often simplify the handling of perception
data from multiple vehicles. In these approaches, the ego-
vehicle aggregates observations from all neighboring connected
cooperative vehicles (CCV), without considering the interac-
tions between the vehicles or making differentiated use of the
acquired sensing data. This approach can result in suboptimal
performance due to the increase of noise and large transmis-
sion delay. In this paper, we introduce a novel approach to
cooperative perception. By fusing both the road topology and
trajectory histories of neighboring CCVs, our model learns an
interaction score for each CCV. These scores prioritize vehicles
that are most relevant to the current driving scenario, offering
valuable guidance for selective fusion of sensor data, thereby
enhancing driving decision-making. The proposed method is
validated through experiments conducted on the CARLA simu-
lator. Results demonstrate that our approach surpasses existing
methods in terms of performance and robustness.

[. INTRODUCTION

With the assistance of Vehicle-to-vehicle (V2V) communi-
cation technologies, connected cooperative vehicles (CCVs)
can access shared observations and state information from
nearby vehicles, thereby enhancing their perception capabil-
ities and driving safety [1], [2], [3]. From the perspective
of an ego-vehicle, a naive way to maximize its field of
view is by gathering and aggregating sensor data from all
vehicles within its communication range. However, in prac-
tice, communication bandwidth is often limited, which can
result in longer transmission delays when dealing with high-
volume sensor data. Moreover, redundant data can introduce
additional noise that may affect the decision-making process
while driving [4]. Therefore, how to select the vehicles most
relevant to driving safety for cooperation poses a major
challenge.

Fig. 1 shows a typical traffic scenario with potential risk.
In this scenario, the ego-vehicle plans to turn left under the
control of a driving algorithm. The white truck obstructs the
ego-vehicles line of sight, making it unable to see the blue
vehicle approaching from behind the truck. While all CCVs
numbered 1 to 4 can communicate with the ego-vehicle,
only CCV1 and CCV2 have the ability to jointly detect
the impending collision. If the ego-vehicle, constrained by
limited bandwidth, chooses to communicate with only the
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Fig. 1: A traffic scenario in which cooperative perception helps
reduce collision risk. In the top-left corner, a vehicle is crossing the
intersection in a downward direction, unobserved by the ego-vehicle
and lacking a communication link with other vehicles. CCV1 and
CCV2 collectively identify the potential risk with their sensors, and
notify the ego-vehicle, enabling it to apply early braking. However,
the cooperative perception from CCV3 and CCV4 are irrelevant for
the particular traffic hazard.

two closest neighboring vehicles, CCV3 and CCV4, it would
expose itself to a significant risk of collision.

Existing V2V cooperation methods [5], [6], [7], [8] mostly
focus on expanding perception for tasks like 3D detection
or motion forecasting, without considering how to actively
select CCVs for cooperation based on an understanding of
inter-vehicle interaction. Non-selective fusion may impair
decision-making performance due to excessive redundant
information from CCVs and a lack of discriminability in
the fusion process. If we can take into account agent in-
teraction, cooperative perception can become more efficient
by prioritizing vehicles that are most relevant to the current
driving scenario. Our approach to capturing the interaction is
by extracting spatio-temporal information between the ego-
vehicle and surrounding environment, which includes the
nearby road network and neighboring vehicles.

We present a Spatio-Temporal Interaction Aware
Cooperative (InterCoop) perception method for the multi-
vehicle scenario considered. InterCoop can extract the
geometry information of the road network, as well as the
temporal information of the trajectories, in order to enhance
the ego-vehicle’s understanding of the environment. The
spatio-temporal awareness is then used to derive interaction
scores between the vehicles. Based on this, the ego-vehicle
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can identify the critical neighbors for data sharing. The
main contributions of this paper are three-fold:

o We propose a method to extract the spatio-temporal
information of neighboring CCVs and scene topology.
It generates a set of interaction scores for cooperative
perception fusion.

e We design an end-to-end cooperative driving model
based on V2V communication. The model learns fea-
ture representations and communication policies that
can enable the ego-vehicle to effectively utilize shared
information to improve driving performance.

o Comprehensive experiments are conducted on the pro-
posed CARLA autopilot benchmark to demonstrate the
superiority and robustness of our proposed method in
various scenarios compared with the state-of-the-art
methods.

II. RELATED WORK

A. End-to-end Autonomous Driving

In end-to-end autonomous driving, the final control signals
are directly generated based on sensor input, bypassing
the intermediate tasks [9], [10], [11]. The end-to-end ap-
proach is divided into two main branches: imitation learning
and reinforcement learning (RL). The imitation learning
method learns policy by imitating the collected expert driving
data [12], while RL generalizes a policy by self-exploration
and exploitation. In RL, an agent can optimize itself automat-
ically without expert data [13], [14]. RL is widely known to
be sample inefficient that millions of interactions are usually
needed even for simple problem settings [15]. In this paper,
we follow the end-to-end paradigm to learn driving policy.

B. Road Network and Trajectory Representation

Road network and trajectory representation learning play
a crucial role in traffic systems, as the acquired represen-
tations can be used in a wide range of downstream tasks
including autonomous driving [16], [17], [18], [19]. A road
network is typically represented by a graph, which contains
the topological and auxiliary contextual information of the
traffic scene, while a trajectory is a sequence of consecutive
road segments, which includes mobility information. In prior
works [20], [21], representations were learned separately
from the graph structure of road networks and the sequence
information of trajectories. These methods ignored the rela-
tionship between the road network and trajectory. The recent
study [17] has demonstrated that combining both road net-
work and trajectory can generate better representation than
learning each type of data independently. To improve on this,
some two-stage methods [22], [23] have been proposed. They
first learn representation for road segments, and then use it
as a basis for learning trajectory representations. Different
from these methods, we aim to learn the interactions between
the ego- and neighboring vehicles. We design a unified self-
attention mechanism, where the weights represent measur-
able interaction scores.

C. V2V Cooperative Perception

V2V cooperative perception enables the ego-vehicle to
utilize shared information from neighboring vehicles through
wireless communication, significantly overcoming the lim-
itations of individual vehicles. Early studies [24], [25] on
cooperative perception typically extended the sensing range
of the vehicles by exchanging raw sensor information with
neighboring vehicles. The complete sensor measurements
are kept but a large bandwidth is required. This potentially
increases the communication delay and affects real-time
performance of perception.

To trade off the bandwidth and fusion effectiveness, in-
termediate fusion has been widely investigated, where inter-
mediate features are transmitted through V2V channels [7].
SyncNet [26] proposed a latency compensation mechanism,
which actively adapts asynchronous perceptual features from
multiple agents to the same time stamp. [27], [28] employed
a handshake mechanism to determine which two agents were
selected to share information. In this work, we leverage
the road network and trajectory information to enhance
understanding of scene topology enable and more efficient
fusion.

III. END-TO-END V2V COOPERATIVE DRIVING
A. Main Architecture Design

We consider common driving scenarios in which there
are multiple nearby CCVs within the communication range
of the ego-vehicle. The objective of this architecture is to
directly acquire a control policy for the ego-vehicle utilizing
V2V communication. The control policy’s input signals are
encoded primary perspective observations, denoted as Ocgo,
from the ego-vehicle, as well as fusion features, denoted
as Ogysion, from the neighboring CCVs. The architecture
is trained end-to-end. The overall architecture comprises
four key components: 1) Point encoder, 2) Map and vehicle
history encoding, 3) Attentive Relation-based Scorer, and 4)
Control policy learning.

B. Point Encoder

Following the method proposed in [29], we utilize a
transformer-based architecture to extract concise point-based
representations from point clouds. By employing this archi-
tecture, the raw LiDAR inputs can be encoded as spatial-
aware representations on a per-vehicle basis, facilitating
perception fusion. These representations are compact and can
be efficiently over wireless channels.

C. Map and Vehicle Trajectory Encoding

To effectively capture the scene’s topology features, we
utilize the local map and historical state information of
vehicles. Since the road network can be represented as a
directed graph, we employ a GAT-based network [30], which
has been used for a wide variety of tasks [31]. Let us assume
a road network G(V, E), where V is the initial embedded
vectors of the road segment, and F the adjacency matrix. We
group the waypoints from the same map and aggregate their
features using max-pooling. The resulting map feature is then

14444



/ (a) Map Encoder \ | T 1x32 = .
Encoder 'i_’(b)g & AC) IR\ )
(1
=
: s
E T"aﬁ > ¢, © %, _Point / *_ Point  *_ Point
ncoder " 1g? ‘Ep_go_d_gr, Encoder, Encoder,
: @ %. i 1X128 X128 St eee -.:,'_.
weight-sharing 3 scores 4 pr
: S Cooptla-\rative Perception | perception - %
@D »
- e (c) ggregator (4
| T %, —Z>
Encoder State %, | ego
> -vehicle

(a) Map Encoder ; (b) Attentive Relation-based Scorer (c) Cooperative Perception Aggregator
® o) \{:)\ scores scores @+1)
af’y Aggregate : @_} : X128 X128 1X128 X128
H 7 |tanh) H -k Sel
® —® : ﬂiﬂi‘} : E l—» Best-k Selection[— == —> ~=—e
; \‘DJ/ WLP b ; o9, k=2 Voxel Pooling

® ®
Fig. 2:

1Xx32

InterCoop pipeline. We begin by extracting a scene representation of the road network using the Map Encoder. The vehicular

trajectories are obtained based on the road representation, which is further encoded into compact features for the Attentive Relation-based
Scorer (ARS). Within ARS, we attentively assign distinct scores to the neighboring CCVs. To aggregate information, we introduce the

Cooperative Perception Aggregator (CPA) to combine the point features of the best-k neighboring CCVs and the ego-vehicle. Finally, the

controller takes into account the neighboring states and cooperative perception to apply safer and more efficient actions.

reshaped into intermediate representations. Specifically, we
consider road features such as position, yaw, and length as
input.

The attentive interaction weight between segments ¢ and
7 is formally defined as

eij = (Wihi + Wihy )W,/ 1)
exp(LeakyReLU (e;;))
> ken, exp(LeakyReLU (eix))’

where h; and h; are representations of road segments i
and j, respectively, and W;, W;, W, are learnable weight
parameters. Then, we can further extract the aggregated
features of the road segment ¢ as

2

Ckij =

nitt = ELU( > W), (3)

JEN;

where W}, is a learnable matrix and ELU is the exponential
linear unit activation function. Given the GAT encoder, the
representation of road segments can be learned. The above
process is depicted in Map Encoder shown in Fig. 2.

After obtaining the road representations, we convert road
representations into trajectory representations and incorpo-
rate temporal information. We select road segments con-
tained in each trajectory to construct a spatio-temporal se-
quence. Specifically, for each vehicle, we use the encoded
road segment features incorporating temporal information
to denote its trajectory instead of the single sequence of
waypoints [19]. Thus the fused embeddings of the road
segment can be denoted as z; = Concat(r;,t;), where r;
is the road segment representations. Then we can obtain the

initial representation of the trajectory:
Xi = {.’L‘17...7.'I,‘t}. (4)

The historical state sequences are encoded using a shared
Long Short-Term Memory (LSTM) encoder [32]:

hi = LSTM(h;™", X[, W, b), )

where h denotes the hidden state and the weights are shared
for all vehicles to encode the temporal information of each
one in the scene.

D. Attentive Relation-based Scorer

Instead of broadcasting all information throughout the
entire network, a more efficient approach of utilizing shared
information is to select key vehicles from which to obtain
data.

After the unified road network and trajectory encoding, the
encoded features include the spatial and temporal informa-
tion about scene and the vehicles. The ego vehicle needs to
pay attention to specific neighboring vehicles, depending on
their past trajectories and the ego’s observation. The intuition
is, after obtaining the scene topology information, an ego-
vehicle is able to know where there is a lack of insuffi-
cient information. Thereby, the perception perspective of the
neighboring CCVs can be estimated based on the spatio-
temporal encoder. Fusing the shared data from CCVs in spe-
cific areas can significantly improve the ego-vehicle’s control
decisions. Therefore, we propose an Attentive Relation-based
Scorer (ARS) module, as depicted in Fig. 2, to effectively
discover best-k neighboring CCVs for cooperative driving.
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Specifically, CCVs first broadcast their encoded historical
information within the communication range, and the ego-
vehicle receives information and attentively computes the in-
teraction scores with them. Then, the ego-vehicle selects the
most critical k£ neighboring vehicles according to the scores.
To accomplish this, we utilize an additive attention layer [33]
to compute the interaction scores between vehicles:

Sij = (I)(ui, kj), (6)

where u;, k; are the state representations of the ego and
neighboring vehicles, respectively. W,,, W) and W, are
learnable parameters. The additive attention mechanism al-
lows for the query and key to be vectors with different sizes.

Based on the above cross-attention mechanism across all
queries and keys, we can derive the score vector:

Sego — O—{Silasi%"'vSiN}v (8)

where o is the Softmax activation function. Then, the se-
lected critical agents with the n highest scores will send
perception information to the ego-vehicle.

The ego-vehicle combines the perception information re-
ceived from neighboring CCVs with its observations. We
aggregate two types of features: shared perception informa-
tion and transmitted agent historical states. To accomplish
this, we use two separate representation aggregators.

Firstly, Cooperative Perception Aggregator (CPA) is pro-
posed as shown in Fig. 2. The points in the supporter
agents’ perpetual perspective will be spatially transformed
into the ego-vehicle’s coordinates. We use a voxel-pooling
layer to map the close points into the same voxel grids for
representations. This reduces data redundancy and preserves
sufficient spatial information. Then a point transformer block
is adopted to fuse the perception information received from
selected CCVs’ view. Secondly, all of the trajectories of the
CCVs will be aggregated into a fixed-shape tensor, to form
the input tensor of historical agent states for the Controller
module. Considering the historical states of each CCV have
been encoded as a spatio-temporal sequence, we concatenate
them and employ MLPs to capture inherent features in
the high-dimensional latent space. Then we utilize a max-
pooling layer to aggregate the representations.

E. Control Policy Learning

The control module employs a fully-connected neural net-
work that is specifically designed to make control decisions
based on the received messages. The output control decision
is a combination of throttle, brake, and steering, which are
denoted as 7', B, and S, respectively.

We train our model via imitation learning with the expert
policy. To eliminate the weakness of relying too heavily on
expert data in imitation learning, we employ DAgger [34]
to suit our specific experimental conditions. Specifically, the
training process for the control policy has two steps: behavior
cloning and data aggregation. Firstly, the policy 7 is trained

in a supervised manner using the collected dataset of state-
action pairs:

7 = argmin E(,« o« p)[L(a”, 7(s"))], 9)

s

where P* represents the state distribution provided by expert
policy 7* and the loss function £ is calculated by the L1
losses between the output signals and the expert policy’s
control signals:

L= |Tout - TEwp| + |Bout - BEwp‘ + |Sout - SE;E;D| .

throttle

brake steering

(10)

Then, by following the convention [35], we adopt a

modified DAgger as an on-policy sampling approach to select

critical states and utilize a replay buffer to minimize the
uncertainty associated with the learned model.

IV. EXPERIMENTS

A. Experimental Setup

1) Driving Scenario Configuration: To assess the effec-
tiveness of our approach, we created two common and
challenging driving scenarios utilizing the CARLA simula-
tor [36], as illustrated in Fig. 3. Two typical scenarios have
been carefully chosen from the crash avoidance research con-
ducted by the US National Highway Traffic Safety Admin-
istration [37], both of which involve potential collisions that
can be mitigated through cooperative perception methods.

o Jaywalking. Fig. 4a depicts a scenario where the ego-
vehicle is driving on a one-way road with two lanes,
while one of the lanes is blocked by a parked CCV. At
the same time, a pedestrian carelessly crosses the road
from the ego’s blind spot.

« Intersection. Fig. 4b depicts a scenario where the ego-
vehicle turns left without noticing the vehicle driving
downwards the crossroad. This is due to the presence
of a white vehicle in front of it, obstructing the ego-
vehicle’s view.

2) Metrics: We assess the decision-making performance
in terms of safety, stability and completion.

« Collision Rate (C'R) measures the percentage of gener-
ated traces where the ego-vehicle collides with any other
objects. It is typically used to evaluate driving safety.

o Hazard Frequency (H F') [25] measures the frequency of
events where the Time-to-Collision (T7'C') is less than
a predefined threshold (I'T'C}). The TTC represents
the estimated time it would take for two vehicles to
collide if they were to continue with their current control
signals. The threshold T'T'C); differentiates between safe
and unsafe events. HF' is used to evaluate stability.

« Success Rate (SR) measures the percentage of success-
ful completions among all evaluated traces. Successful
completion of the scenario is defined as the ego-vehicle
reaching a designated target location in a permissible
time without collision or prolonged stagnation.
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(b) The potential risk in the arterial intersection scenario. At time #10, CCV can detect a pre-colliding vehicle
and inform the ego-vehicle to apply brake in advance. However, when the ego-vehicle reaches to the middle of the
intersection at time #32, both vehicles detect each other, but it is too late to prevent the collision.

Fig. 3: The proposed scenarios highlight the importance of cooperative driving.

3) Dataset: Following the convention [9], we employ an
expert agent to generate an initial training set. Specifically,
our dataset is generated through simulation utilizing an oracle
driving policy. This policy leverages the precise privileged
information about the environment to accurately predict their
future trajectories. In our setting, we use the TownOl and
Town03 maps of the CARLA simulator. The A* search
algorithm is employed to determine the actions for the ego-
vehicle at each time step, ensuring its safe and collision-
free navigation towards the desired goal. Additionally, we
construct the road graph using map data of the scenario
provided by CARLA. We first sample waypoints from the
center trajectory of the lanes at intervals of 3m. Then we
can obtain a list of the road segments which includes several
waypoints. Since the map also provides the linkage and
direction information, we can connect the adjacent segment
and then obtain the graph of road segments.

4) Implementation Details: All experiments are con-
ducted on the NVIDIA GeForce RTX 3080 GPU. The policy
training consists of two stages: behavior cloning and dataset
aggregation. We initially train the model using expert policies
and then utilize Dagger [35] for interaction with the environ-
ment. To prioritize driving safety, we sample the deviation
in brake as the policy since we have observed inadequate
braking in most failure cases. To mitigate overfitting, we
construct a replay buffer with a size of 5, where the propor-
tion of expert and on-policy samples is initialized at 5 = 0.8
and decreases during training. To ensure fairness, we adhere

to the baseline method and conduct driving simulations
for each constructed scenario using 27 different attribute
configurations. Each simulation configuration is repeated 3
times to evaluate all methods consistently.

All neighboring vehicles send the spatio-temporal features
encoded by the local trajectory encoder to the ego-vehicle.
The ego-vehicle computes the interaction scores and selects
best-k (k = 3) crucial neighbors to connect. The point clouds
are encoded as compact features with the size of [128,128],
which preserve the position information. We aggregate both
the received historical states and shared perception informa-
tion.

B. Ablation Study

This section presents the empirical evaluations of the pro-
posed models in the three common but dangerous scenarios.

1) Overall Performance: We consider the following base-
line methods for comparison:

e No V2V Communication: The non-communication
baseline makes control decisions only based on the
onboard LiDAR data. This model uses the same point
encoder as our model.

o States Sharing: The States Sharing baseline makes con-
trol based on the received neighboring CCVs’ state in-
formation and onboard LiDAR data. This model shares
the same module as our model but does not include
cooperative perception.
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Models Jaywalking Intersection Average
CR| HF] SRt CR| HF|] SRt CR| HF| SRt
No V2V Commun. 386 11.7 439 556 152 405 471 134 422
States Sharing. 36.1 10.8 487 467 129 441 414 119 464
Coopernaut [9] 7.4 53 86.7 18.1 84 807 128 69 837
Handshaking Commun. [27] 7.1 4.5 86.2 164 8.1 813 11.8 6.2 840
InterCoop (Ours) 6.3 3.6 884 145 6.7 842 105 52 862

TABLE I: Quantitative results of different models for driving policies. (The best results are highlighted in gray background.)
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Fig. 4: Robustness capability in different scenarios with various traffic densities.

e Coopernaut [9]: Coopernaut is an end-to-end au-
tonomous driving framework that relies on V2V coop-
erative perception. Each CCV encodes its local point
cloud and transmits it to the ego-vehicle for aggregation.
To address bandwidth limitations, the method randomly
selects three CCVs to establish connections in dense
traffic scenarios.

o Handshaking Communication [27]: Who2comm em-
ploys a handshaking mechanism to learn driving poli-
cies. This approach is designed for collaborative ob-
ject detection and forecasting. The ego-vehicle encodes
the local point cloud and sends a request message to
neighboring CCVs. The ego-vehicle selects the best-
k candidates based on matching scores received from
the CCVs. The requested size is fixed at 32, and the
received data is encoded point data. The control module
then utilizes this data to generate control decisions.

Table I reports the performance in terms of all metrics on
two scenarios. The No V2V Commun has performed poorly
with the highest CR and lowest SR, and the States Sharing
method yields better performance, indicating that the pro-
posed spatio-temporal encoder provides critical information
about the traffic situation including road networks and other
CCVs. However, only state sharing cannot overcome the
limitation of the blind spots. All three cooperative perception
models achieved reliable SR scores as well as lower CR
and HF. Both of Handshaking Commun. and our model
outperform the Coopernaut baseline in two scenarios. Thus
we can confirm the reasonable selection of crucial CCVs
enables a more effective use of cooperative perception.

2) Robustness Analysis: Furthermore, we evaluate the
performance of our proposed method in different scenarios
with various traffic densities. As shown in Fig. 4, V2V tech-

niques may not yield substantial improvements in denser traf-
fic conditions due to their vulnerability to increased stochas-
ticity resulting from the variability of incoming messages
from neighboring vehicles. We observe that the performance
of the Coopernaut deteriorates and fluctuates under high
traffic densities due to increased uncertainty, which hinders
the obtaining of crucial information. In contrast, our method
exhibits superior robustness across different scenarios with
varying traffic densities.

V. CONCLUSION

In this paper, we presented a new cooperative driving
framework that leverages the V2V communication. We ex-
tract the spatial topology of the map, as well as the temporal
information of the trajectories to capture spatio-temporal
features. Then an attention mechanism is applied to learn
the interaction between neighbors and output measurable
scores. Thus the ego-vehicle can receive information from
crucial vehicles for fusion. The driving policy is trained
end-to-end. Experimental results demonstrate the robustness
of our method to traffic density in common potential risky
scenarios.
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