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Abstract— We introduce M3CAD, a comprehensive bench-
mark designed to advance research in generic cooperative
autonomous driving. M3CAD comprises 204 sequences with
30,000 frames. Each sequence includes data from multiple
vehicles and different types of sensors, e.g., LiDAR point
clouds, RGB images, and GPS/IMU, supporting a variety
of autonomous driving tasks, including object detection and
tracking, mapping, motion forecasting, occupancy prediction,
and path planning. This rich multimodal setup enables M3CAD
to support both single-vehicle and multi-vehicle cooperative
autonomous driving research. To the best of our knowledge,
M3CAD is the most complete benchmark specifically designed
for cooperative, multi-task autonomous driving research. To
test its effectiveness, we use M3CAD to evaluate both state-of-
the-art single-vehicle and cooperative driving solutions, setting
baseline performance results. Since most existing cooperative
perception methods focus on merging features but often ignore
network bandwidth requirements, we propose a new multi-level
fusion approach which adaptively balances communication ef-
ficiency and perception accuracy based on the current network
conditions. We release M3CAD, along with the baseline models
and evaluation results, to support the development of robust
cooperative autonomous driving systems. All resources will be
made publicly available on our project webpage.

I. INTRODUCTION

Cooperative autonomous driving (CAD) refers to the
paradigm where multiple autonomous vehicles communi-
cate and coordinate with each other to enhance driving
efficiency and safety. To advance research in this domain,
there is an urgent need for a comprehensive benchmark
that enables evaluation and comparison of CAD algorithms
and solutions. To fill this gap, we introduce a benchmark
with the following key features: (1) It provides scenarios
involving multiple vehicles, focusing on cases where they
can collaborate with each other. (2) It supports research
on a variety of cooperative driving tasks, e.g., cooperative
perception, collaborative mapping, joint motion forecasting,
and coordinated path planning. (3) It offers rich diversity,
including different sensor types, driving environments, and
ego vehicle trajectories.

A. Limitations of Prior Works

Recent advancements in autonomous driving have demon-
strated the effectiveness of end-to-end planning frameworks,
e.g., UniAD [1], VAD [2], and Drive-VM [3]. Meanwhile,
CAD has gained traction, with most efforts focusing on
perception [4], [5]. Comprehensive study of cooperative au-
tonomy, however, is still limited by several key factors. First,
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existing real-world datasets such as KITTI [6], nuScenes [7],
and DAIR-V2X [8] are either designed for single-vehicle
settings or constrained by limited sensor setups and small-
scale collaborations. For instance, the V2V4Real [9] dataset
involves only two vehicles, each with just two cameras and
one LiDAR. Such limitations restrict their scalability and
hinder comprehensive research on cooperative autonomous
driving across multiple tasks. Second, existing cooperative
perception methods mostly focus on bird’s-eye-view (BEV)
feature fusion [10], [11], where dense feature maps are
transmitted and aligned across vehicles. While effective,
this strategy incurs high communication costs and potential
redundancy, limiting the applicability under bandwidth con-
straints. Third, existing autonomous driving datasets [12],
[13] created in simulation do not provide a clear pathway
for transferring to real-world benchmarks. As a result, current
cooperative methods validated solely in simulation cannot be
reliably assessed for their effectiveness in real-world scenar-
ios. This sim-to-real gap not only hinders fair evaluation but
also limits the practical deployment of cooperative solutions.

B. Contributions

M3CAD. To overcome these issues, we introduce a
novel benchmark designed specifically to support research in
Multi-vehicle, Multi-task, and Multi-modality Cooperative
Autonomous Driving (M3CAD). By leveraging the advanced
rendering capabilities of the recently-released Unreal En-
gine 5 (UE5) in CARLA [14], we can simulate realistic
multi-vehicle interactions within diverse driving scenarios.
M3CAD comprises 204 sequences in total, offering over
30k frames and more than 267k annotated instances, along
with the ground truth data for multiple autonomous driving
tasks. Each sequence includes 10-60 collaborative vehicles
with their precise location and trajectory information at each
timestamp, as well as the map and occupancy details. This
comprehensive dataset supports a wide range of autonomous
driving tasks, including object detection and tracking, map-
ping, motion forecasting, occupancy, and path planning,
addressing the limitations in the single-vehicle end-to-end
benchmarks (e.g., nuScenes [7]) and cooperative non-end-to-
end datasets (e.g., OPV2V [12]). To the best of our knowl-
edge, M3CAD is currently the most comprehensive bench-
mark for both single-vehicle and cooperative autonomous
driving research, while supporting more realistic vehicle
movements and interactions in complex environments.

Multi-Level Fusion. While M3CAD provides the founda-
tion for evaluating cooperative perception in complex scenar-
ios, existing methods are mostly based on dense BEV feature
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TABLE I: Detailed comparison of M3CAD with existing benchmarks. Traffic: realistic and interactive traffic such as merging,
lane crossing and traffic jam. Human-like: human like non-playable characters (NPCs) instead of rule based simulation. MP:
Mapping, MF: Motion Forecasting, OCC: Occupancy Prediction, PP: Path Planning. Since perception tasks such as detection
and tracking are standard components across datasets, they are not included in this comparison.

Benchmarks 3D Labels Source
Diverse Scenarios Diverse Cooperation Multiple Tasks

Night / Rain Human-like Pedestrian Coop. Vehicles Coop. Range (m) MP MF OCC PP
nuScenes [7] 1.4M real ✓/✓ ✓ ✓ N/A N/A ✓ ✓ ✓ ✓

OPV2V [12] 232K sim ×/× × × 2–7 120 ✓ × × ×
V2X-Sim [13] 26.2K sim ×/× × × 2–5 70 × × × ×
V2V4Real [9] 240K real ×/× ✓ ✓ 2 200 × ✓ × ×
V2X-Seq [15] 10.45K real ✓/× ✓ ✓ 2–4 280 ✓ ✓ × ×
TUMTraf V2X [16] 29.38K real ✓/× ✓ ✓ 2–4 200 ✓ ✓ × ×
V2X-Real [17] 1.2M real ×/× ✓ ✓ 4 − × ✓ × ×
DAIR-V2X [8] 464K real ✓/✓ ✓ ✓ 2 200 × × × ×
V2XSet [18] 230K sim ×/× ✓ ✓ 2-7 280 × × × ×
V2X-Radar [19] 350K real ✓/✓ ✓ ✓ 2 200 × × × ×
WHALES [20] 2.01M sim ×/× × ✓ 8.4 200 × × × ×
M3CAD (ours) 267K sim ✓/✓ ✓ ✓ 10-60 200 ✓ ✓ ✓ ✓

fusion [10], [11], resulting in high communication costs and
poor scalability. To close this gap, we propose a multi-
level fusion method that adaptively balances communication
efficiency and perception accuracy. Specifically, our frame-
work explores three complementary strategies: BEV Feature
Fusion, which fuses dense feature maps to provide spatial
information; Query Fusion, which fuses compact, trajectory-
aware features that preserve temporal and sequence informa-
tion; and Reference Points Fusion, which shares only sparse
spatial to directly guide attention. By dynamically selecting
the appropriate fusion level according to network conditions
and system requirements, our framework enables scalable
and efficient cooperative perception, maintaining strong ac-
curacy while significantly reducing bandwidth consumption.

Transfer to Real-World Benchmark. While multi-level
fusion works well in simulations, it’s unclear how it performs
on real-world data. To explore this, we align M3CAD with
the nuScenes dataset and the cross-domain performance. Our
results show that UniAD [1], when pre-trained on M3CAD,
can be effectively fine-tuned with only 10% of nuScenes
data, leading to significant performance improvements in
real-world settings.

Extensive Evaluations. Finally, we conduct comprehen-
sive experiments to validate our framework. These include:
(1) systematic benchmarking across multiple cooperative
driving tasks, (2) analysis of communication bandwidth
requirements to assess the efficiency of the proposed multi-
level fusion, and (3) robustness tests under ego-pose and sen-
sor noises. These evaluations demonstrate the effectiveness,
robustness, and generalizability of our M3CAD benchmark.

II. RELATED WORKS

Benchmarks for A multi-Task Autonomous Driving.
Multi-task autonomous driving framework jointly optimizes
multiple modules for individual tasks while prioritizing the
ultimate planning objective, benefiting from enhanced safety
and interpretability [21]. To support multi-task research, the
nuScenes benchmark [7] is proposed and is recognized as the

most valuable resource in autonomous driving research, due
to its comprehensive and high-quality data that encompasses
a wide range of multi-task driving scenarios. Several end-
to-end autonomous driving solutions have been evaluated
using the nuScenes dataset, e.g., DiffStack [22], MP3 [23],
P3 [24], ST-P3 [25], and VAD [2]. Among them, a notable
example is UniAD [1], a unified framework that seamlessly
integrates perception, prediction, and planning into a sin-
gle architecture. While multi-task end-to-end autonomous
driving frameworks have shown promising performance by
jointly optimizing all modules, there remains a significant
gap in exploring collaborative strategies among multiple
vehicles for autonomous driving tasks.

Benchmarks for Cooperative Perception. Despite the
progress in end-to-end autonomous driving, multi-vehicle
collaboration has primarily focused on cooperative per-
ception, leading this field underexplored. To support this
direction, several benchmarks have been introduced, in-
cluding OPV2V [12], V2V4Real [9], V2X-Seq [15],
TUMTraf-V2X [16], DAIR-V2X-C [8], V2X-Set [18], V2X-
Radar [19], and WHALES [20]. However, these datasets are
largely centered around perception tasks (particularly object
detection), which limits their utility for more comprehen-
sive autonomous driving challenges such as object tracking,
motion forecasting, and ultimately, path planning. Table I
presents a comparative summary of existing benchmarks and
our proposed M3CAD, highlighting the differences in scale
of dataset, diversity of scenarios, cooperation settings, and
types of supported autonomous driving tasks.

III. THE M3CAD BENCHMARK

M3CAD is designed to serve as a versatile platform to
facilitate various cooperative driving tasks. To achieve this
goal, we deployed multiple vehicles in the Town01, Town02,
Town03, Town04, and Town10HD maps in CARLA. Each
vehicle is equipped with six 1920× 1080-pixel (110° FOV)
cameras, a 64-beam LiDAR, and GPS/IMU sensors to collect
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multi-modality sensor data during daytime, nighttime, and
various weather conditions.

Annotation. We annotate the collected data based on the
nuScenes format [7], enabling research on multi-vehicle,
multi-task and multi-modality autonomous driving. To sup-
port research on cooperative driving tasks, we provide in
M3CAD comprehensive annotations for object detection,
tracking, motion prediction, occupancy forecasting, and path
planning. All objects located within the 102.4m × 102.4m
BEV range centered on the ego vehicle are annotated, in-
cluding attributes: location, speed, bounding box center, and
extent (length, width, height). To support effective collabora-
tion between vehicles, M3CAD also provides transformation
matrices that align the ego vehicle with any collaborating
vehicles, enabling accurate information fusion.

For object detection and tracking tasks, only objects within
the BEV range are considered to reflect realistic constraints.
The dataset includes motion histories and future trajecto-
ries for vehicles, as well as binary BEV occupancy maps
generated from LiDAR point clouds to support occupancy
forecasting. Vehicle trajectories are also recorded to assist
the planning task. Additionally, the semantic map contains
multiple layers, e.g., drivable areas, lane dividers, and road
dividers, all aligned with the CARLA global coordinate sys-
tem and structured according to the nuScenes specification.

Dataset Split and Multiple Tasks. The M3CAD dataset
is divided into training, validation, and test subsets using
a 70/15/15 split. The rich data generated by these vehicles
allows for the exploration of various tasks. These tasks
include object detection, object tracking, mapping, motion
forecasting, occupancy prediction, and, critically, path plan-
ning. Fig. 1 shows the results of UniAD’s different tasks
performed on the M3CAD dataset.

Non-Cooperative

Avg. L2: 0.42m

(a) Non-Cooperative

Cooperative

Avg. L2: 0.29m

Ego

Sender

(b) Cooperative

Fig. 2: Qualitative comparison between cooperative and non-
cooperative path planning. All visualizations are shown in the
BEV, with each vehicle depicted as a uniquely colored box.
The blue-green curves represent the predicted trajectories of
vehicles over the next 6 seconds, showing only the top-1
predicted trajectories here. The red-yellow curves present the
planned paths of the ego vehicle within a 3-second window.
In the underlying semantic map, green areas indicate drivable
regions and yellow dots mark lane dividers.

One of the prominent features of M3CAD is its support
for multi-vehicle collaboration, enabling cooperative path

planning to enhance driving safety. Although cooperative
object detection has been extensively studied [26], [12], [10],
[27], [28], [29], other tasks such as cooperative mapping, mo-
tion forecasting, occupancy prediction, and planning remain
much less explored. Recent studies have explored coopera-
tive motion planning [30], [31]; however, a comprehensive
understanding of how different tasks interact and depend on
each other is still missing. As shown in Fig. 2, with the
assistance from the sender vehicle through a BEV fusion
method, the ego vehicle can obtain a better perception of the
surrounding environment, allowing it to follow a trajectory
much closer to the ground truth (with a L2 error of 0.29m).
Without M3CAD, it would be extremely difficult, if not
impossible, to systematically evaluate the benefits and trade-
offs of different tasks within cooperative autonomous driving
settings.

IV. MULTI-LEVEL FUSION

To better understand how cooperative perception improves
the ego vehicle’s performance, we now take a closer look at
what information can be shared between CAVs and how this
sharing happens. Unlike existing approaches, which are com-
monly divided into high-level, intermediate-level [26], [32],
[33], and low-level sharing [34], we propose a unified multi-
level information sharing framework to support both high-
and intermediate-level cooperative perception. As shown in
Fig. 3, the input to our framework can be multi-modal sensor
data. In this work, we instantiate it with camera inputs,
which will be processed by various perception modules e.g.,
BEVFormer [35] or MOTR [36], to obtain different types
of data: BEV features, query features, and reference points.
These outputs are then passed to the prediction model to
generate the final path planning results.

Relying on the BEVFormer, BEV features are extracted
to represent the spatial and semantic layout of the en-
vironment from a bird’s-eye view. These features can be
shared among vehicles to realize cooperative perception [10],
[11]. Although effective, it suffers from high communication
cost, limiting its real-world applications. To overcome this
issue, we explore another way to represent the information,
known as query features [37], [38]. Modern transformer-
based perception modules, e.g., UniAD-TrackFormer [1],
can generate detailed track-level outputs, including queries,
reference points, object indices, confidence scores, and pre-
dicted boxes. Among these, queries are the most informative
while remaining compact. They include not just spatial
information, but also capture important details about time,
motion, and object identity, making them especially useful
for tracking tasks. Queries from different vehicles can be
fused to realize cooperative perception, which uses much
less bandwidth than fusing BEV features. To further reduce
bandwidth requirements, we suggest that vehicles share only
reference point information to achieve cooperative percep-
tion.
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Path Planning

(a) CAM FRONT

Track & Motion Forecasting

(b) CAM BACK

Detection

(c) 3D View

(d) CAM LEFT (e) CAM RIGHT

Mapping and OCC

(f) BEV

Fig. 1: Illustrations of various autonomous driving tasks using the M3CAD dataset. (a) Demonstrates the path planning
(PP) results, where the ego vehicle’s predicted trajectory is represented by a dotted line. (b) Shows object tracking (OT)
and motion forecasting (MF) results where dotted lines represent predicted trajectories of other vehicles. (c) Presents object
detection (OD) results in 3D space. (f) Depicts mapping (MP) and occupancy prediction (OCC) results.
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Cooperative
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Model
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Multi-Modality 
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Fig. 3: Multi-level cooperative perception on CAVs. Sender
vehicles generate BEV features, queries, and reference
points, which are selectively packaged into a cooperative
message (C.M.) based on bandwidth and task requirements.
The ego vehicle receives these messages and performs multi-
level fusion to achieve cooperative perception.

A. BEV Feature Fusion (BFF)

In this paradigm, each vehicle transmits its own BEV
feature maps to the ego vehicle for alignment and fusion.
Assuming vehicle vj is selected for cooperation, it needs

to send its BEV feature Fj to the ego vehicle, along
with its pose Pj and location Lj information. Based on
the affine transformation function Tj = Ψ(Pj, Lj), the
transformation matrix Tj can be obtained. Then, the ego
vehicle transforms the received feature map to align with
its perspective, resulting in a transformed feature map Fj

′
.

The transformed Fj
′

is then fused into the ego’s as follows:

F∗ = Φ(Fe ∥ Fj
′
) ∈ RH×W (1)

where Fe is the ego vehicle’s BEV feature, H and W are
the height and width of the feature map, and Φ(·) denotes
the fusion function. A variety of methods can implement
the function Φ, e.g., those in F-Cooper [26], Attentive Fu-
sion [12], CoBEVT [10], V2VNet [27], Where2Comm [39],
V2VAM [40], V2X-ViT [18], CoAlign [41], and SiCP [28].
Within the M3CAD benchmarks, several above-mentioned
fusion strategies are provided, offering the flexibility of
selecting or extending them with new fusion methods.

B. Query Feature Fusion (QFF)

While BFF is effective, it requires sending a lot of data.
To reduce this cost, we propose query feature fusion (QFF),
which uses smaller query features to achieve cooperative
perception. Different perception modules produce queries
with different meanings, e.g., object queries generated by
DETR [42] represent potential objects in the scene, while
track queries produce by UniAD-TrackFormer represent
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tracked objects across time. Here, we use track query as
an example to illustrate how cooperative perception can be
achieved on the tracking task.

In UniAD-TrackFormer, each tracked object is represented
by a track query, which includes a learnable embedding,
reference points, a class score, and a bounding box. These
queries are passed from frame to frame using query inter-
actions, helping the model keep track of the same object
over time. To enable track query fusion, we first align the
sender’s track instances into the ego’s coordinate system,
using extrinsic calibration information. Next, we combine the
matching query embeddings using a Multi-Layer Perceptron
(MLP):

q̃i = MLP
(
[qi,ego ∥ qj,sender→ego]

)
, (1)

where [·∥·] denotes concatenation. Finally, the fused queries
q̃i are passed into the decoder on the ego vehicle to update
its tracking results.

Note that the QFF mechanism can also be used for
other perception tasks by fusing queries generated from
their corresponding transformer-based modules. QFF greatly
reduces communication compared to BFF; however, query
embeddings are still high-dimensional, making them costly
to transmit over current networks. To further cut down
bandwidth requirements, while keeping important spatial
information, we introduce reference points fusion.

C. Reference Point Fusion (RPF)

The key idea of RPF is is to move from sharing large
amounts of dense feature data to sharing smaller, more
meaningful, high-level information. The reference points
from UniAD-TrackFormer show where potential tracked
objects might be. By using reference points shared from
other vehicles, the ego vehicle can improve its own tracking
performance. Specifically, the ego vehicle combines its own
reference points with those received from senders. Formally,
let Rt

ego and Rt
sender→ego denote the ego’s and sender’s

reference point sets at frame t. The fused set is obtained
as

R̃t = Rt
ego ∪

(
Rt

sender→ego \ Rt
ego

)
.

This ensures ego preserves all self-derived reference points
while enlarging its search space (within BEV) with more
priors contributed by the sender. By transmitting only sparse
information reference point fusion thus yields the minimal
communication cost, making it highly practical for current
vehicular networks. By combining BFF, QFF, and RPF, we
build a progressive multi-level framework that adaptively
balances perception accuracy and communication cost.

V. EXPERIMENTS

To test how well our multi-level fusion framework works,
we evaluate it on multiple cooperative perception tasks using
the M3CAD dataset.
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Fig. 4: Comparison of cooperative tracking performance
of different multi-level fusion methods and the F-Cooper
method. It shows how much communication bandwidth each
method needs, using a log2 scale. QFF requires approxi-
mately 9,063 KB/s, BFF requires 200,000 KB/s, while RPF
requires only 53 KB/s. These values are based on float32
precision and a 5 FPS transmission rate.

A. Multiple Tasks for Cooperative Perception and Prediction

We compare the performance of several perception and
prediction tasks using no fusion, early fusion [26], and
our proposed multi-level fusion. The tasks include track-
ing, mapping, motion forecasting, occupancy prediction, and
planning. The detailed results for all methods are shown in
Table II, showcasing the different performances of our multi-
level fusion strategies. Since BFF sends the most data, it
achieves the best or second-best results in almost every task,
which explains why most existing cooperative perception
methods are BFF-based. Compared to no fusion, however,
BFF’s improvement is significant, showing how important
cooperative perception really is. Interestingly, we found that
RPF also performs very well, i.e., its L2 planning error is
only 8cm larger (0.300m vs. 0.221m) than QFF, which is not
a too big difference. Notably, RPF performs best in mapping
tasks, likely because reference points provide precise spatial
information, which is especially important for tasks that need
high accuracy like mapping.

B. Network Bandwidth Requirements

While the above results demonstrate the benefits of cooper-
ative perception across different tasks, real-world deployment
also needs to take communication costs into account. To
explore this, we compare how well different information
fusion strategies perform in cooperative tracking, based on
how much network bandwidth they require. As illustrated in
the Fig. 4, each fusion method has its own strengths. RPF
works best in low-bandwidth situations where it transmits
minimal amount of data, about 1/3800 of what BFF needs.
BFF gives the best tracking accuracy but uses the most
bandwidth, making it ideal when performance matters more
than bandwidth usage. QFF strikes a balance, offering strong
tracking performance while keeping communication costs
reasonable.

C. Benchmarking on Real-World Dataset

To demonstrate that models trained on M3CAD can trans-
fer effectively to real-world datasets, we evaluate the well-
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TABLE II: Comparison of multi-level cooperative methods performance on various autonomous driving tasks.

Tracking Mapping (%) Motion Forecasting (m) Occupancy Prediction (%) Planning (m)
Method AMOTA↑ AMOTP↓ Recall↑ IoU-Lane↑ IoU-Road↑ ADE↓ FDE↓ IoU-n↑ IoU-f↑ L2↓

No fusion 0.21 0.66 0.48 49.6 94.0 0.36 0.38 76.2 57.5 0.43
F-cooper 0.720 0.680 0.816 - - - - - - -

RPF 0.671 0.684 0.758 58.3 96.0 0.346 0.358 79.5 62.5 0.300
QFF 0.697 0.601 0.835 55.6 95.6 0.3490 0.3627 80.5 63.8 0.221
BFF 0.774 0.579 0.846 50.67 95.34 0.2797 0.2976 80.9 63.0 0.3109

known multi-task autonomous driving model UniAD on
the nuScenes benchmark after pretraining it on M3CAD.
We compare three training strategies to test the sim-to-real
transfer: (1) UniAD trained directly on 100% of nuScenes
data, (2) BEVFormer pretrained and then fine-tuned on 10%
of nuScenes data, and (3) UniAD pretrained on 100% of
M3CAD and then fine-tuned on 10% of nuScenes data.

As shown in Table III, the M3CAD pretraining approach
achieves significant improvements over the baseline BEV-
Former approach. Specifically, pretraining on M3CAD re-
duces the average trajectory error from 1.91m to 1.30m
(a 32% improvement) and lowers the collision rate from
1.3% to 0.57% (a 56% reduction) when fine-tuned with only
10% nuScenes data. These results demonstrate that our syn-
thetic dataset provides effective pretraining that substantially
improves performance in data-limited real-world scenarios,
validating the quality and transferability of M3CAD.

TABLE III: We evaluate planning performance of UniAD [1]
on the nuScenes dataset using different training datasets.

Training datasets L2 ↓ (m) Collision ↓ (%)

100% nuScenes 1.03 0.31
10% nuScenes 1.91 1.3
100% M3CAD + 10% nuScenes 1.30 0.57

D. Impact of Noise in M3CAD.

To make our M3CAD dataset more realistic, we introduce
two types of noise commonly seen in real-world autonomous
driving: localization errors and calibration errors. Specifi-
cally, we model the ego vehicle’s localization errors follow
a zero-mean Gaussian distribution. For the translational
component, we apply a noise with standard deviations of
σx = 0.1m, σy = 0.08m, and σz = 0.02m, which
reflects the typical accuracy characteristics of automotive-
grade localization systems. For the rotational component,
we introduce angular noise with standard deviations of
σroll = 0.2◦, σyaw = 1.0◦, and σpitch = 0.2◦. Similarly,
we introduce camera calibration errors by adding zero-mean
Gaussian noise to the sensor-to-LiDAR transformation. The
rotational errors have standard deviations of σroll = 0.1◦,
σpitch = 0.1◦, and σyaw = 0.2◦, while the translational
errors have standard deviations of σx = 0.01m, σy = 0.01m,
and σz = 0.02m. For the camera intrinsics, we perturb the
focal lengths (fx, fy) by ±2.0 pixels and the principal point
coordinates (cx, cy) by ±1.0 pixel.

As shown in Table IV, under only localization noise, our
cooperative perception solution remains robust. The mAP

decreases from 0.785 to 0.666 (a 15% drop), which is
acceptable given typical GPS accuracy limits. AMOTA falls
from 0.774 to 0.664 (a 14% drop), showing some impact
on tracking but still maintaining reliable performance for
safe operation. Most importantly, planning remains highly
resilient, with the L2 error rising only from 0.31m to 0.49m,
confirming that the system can still ensure safe navigation
under realistic localization uncertainties.

Sensor calibration drift shows similar impact patterns,
as shown in table IV, with mAP decreasing to 0.643 and
AMOTA to 0.628, representing an 18% and 19% degra-
dation, respectively. Interestingly, calibration errors have a
more pronounced effect on perception tasks than localization
errors, as evidenced by the slightly larger performance drops.
However, the planning module demonstrates consistent ro-
bustness, with L2 error increasing to only 0.39m, confirm-
ing that our multi-level fusion strategy provides sufficient
redundancy to maintain safe autonomous driving capabilities,
despite sensor calibration uncertainties.

When both localization and calibration errors exist, our
system experiences the expected cumulative effect with mAP
dropping to 0.609 and planning L2 error reaching 0.49m.
These results show that although individual error sources
cause some performance drop, our cooperative framework
still performs at an acceptable level. The relatively small
degradation under challenging conditions confirms the ef-
fectiveness of our approach for practical use in a real-world
setting.

E. Importance of Camera Data

While the previous experiments demonstrate the robust-
ness of cooperative perception under various noise condi-
tions, an equally important question arises: how critical is
environmental perception data for autonomous driving? Prior
research [43], [44] suggest that when datasets mainly contain
simple ego-vehicle trajectories, path planning can rely solely
on internal states, e.g., velocity, acceleration, and steering
angle, without using camera or LiDAR data. This happens
because existing real-world datasets, e.g., nuScenes, often
include oversimplified trajectories, where the ego vehicle
mostly drives in straight lines for easier data collection and
synchronization. We argue that this conclusion is misleading,
as real-world driving is far more complex. As shown in
Fig. 5, M3CAD contains more diverse ego-vehicle trajec-
tories, making sensor data essential for understanding the
surrounding environment and achieving safe path planning.

We compare UniAD’s performance on M3CAD with Ego-
MLP [43], a planning method that relies mainly on internal
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TABLE IV: Comparison of cooperative perception and planning performance on M3CAD with different types of noise. Type
1 noise: ego localization errors, Type 2 noise: sensor calibration drifts.

Object Detection and Tracking Mapping (%) Motion Forecasting (m) Occupancy Prediction (%) Plan (m,%)
Noise Type mAP↑ AMOTA↑ AMOTP↓ Recall↑ IoU-Lane↑ IoU-Road↑ ADE↓ FDE↓ MR↓ IoU-n↑ IoU-f↑ VPQ-n↑ VPQ-f↑ L2↓ Col.↓

Baseline (No noise) 0.785 0.774 0.579 0.846 50.67 95.34 0.2797 0.2976 0.0001 80.9 63.0 76.9 61.4 0.3109 0.02
Type 1 noise 0.666 0.664 0.803 0.749 47.46 94.24 0.3754 0.4097 0.0004 76.2 54.4 71.9 51.6 0.4906 0.13
Type 2 noise 0.643 0.628 0.846 0.709 48.25 94.48 0.3661 0.3982 0.0007 75.4 52.0 70.5 48.2 0.3910 0.08

Type 1+2 noise 0.609 0.623 0.888 0.710 47.41 94.22 0.4270 0.4579 0.0005 75.0 50.4 70.2 45.7 0.4914 0.0014

(a) M3CAD (b) nuScenes

Fig. 5: Directional distribution of ego-vehicle trajectories
in M3CAD and nuScenes. The polar plots show the normal-
ized distribution of ego-vehicle trajectory segments across
movement directions, with wedge length and color intensity
indicating the percentage of trajectories in each 15° angular
bin. Trajectory counts are normalized across both datasets
to ensure fair comparison. (a) M3CAD exhibits a balanced
distribution across directions, reflecting comprehensive sce-
nario coverage in simulation. (b) nuScenes displays a strong
concentration in specific directions, suggesting a dataset
bias toward straight-driving behaviors with fewer turning
maneuvers. The broader directional coverage in M3CAD
supports more diverse training conditions for autonomous
driving models.

states, e.g., speed, acceleration, steering, rather than percep-
tion data from cameras and LiDAR. As shown in Table V,
Ego-MLP performs similarly to UniAD on nuScenes dataset
(0.35m vs. 0.46m on average L2 error), but its performance
drops sharply on M3CAD dataset (2.04m vs. 0.46m on
average L2 error). This 4.4× gap highlights that when
trajectories show realistic and complex behaviors such as
lane changes, turns, and multi-vehicle interactions, effective
planning depends heavily on rich perception data. These
results confirm that M3CAD better captures the complexity
of real-world autonomous driving.

TABLE V: Path planning results of different solutions on
nuScenes and M3CAD benchmarks. † Results on nuScenes
are reported from [43].

Avg. L2 (m) ↓ Avg. Col. (%) ↓
Benchmarks Methods 1s 2s 3s Avg 1s 2s 3s Avg

nuScenes†
Ego-MLP 0.15 0.32 0.59 0.35 0.00 0.27 0.85 0.37

UniAD 0.20 0.42 0.75 0.46 0.02 0.25 0.84 0.37

M3CAD Ego-MLP 1.02 2.04 3.06 2.04 0.00 0.09 0.30 0.13
UniAD 0.34 0.46 0.58 0.46 0.00 0.00 0.07 0.02

VI. CONCLUSIONS

In this paper, we present M3CAD, the first comprehensive
benchmark designed for cooperative autonomous driving

that supports multi-vehicle, multi-task, and multi-modality
evaluation. Building upon this benchmark, we further intro-
duce a multi-level fusion method that adaptively balances
communication efficiency and perception accuracy by sup-
porting BEV feature fusion, query fusion, and reference point
fusion. Experiments demonstrate that our approach not only
advances cooperative perception within simulation but also
transfers effectively to real-world datasets such as nuScenes,
achieving strong improvements in data-limited settings. We
believe the M3CAD benchmark, together with the proposed
multi-level fusion method and benchmark evaluations, will
help drive further research in cooperative autonomous driving
and support its transition into real-world applications.
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