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Data Overview
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Fig. 1: COOPERSCENE sample data visualization. Left: Overlay of point
clouds from all agents (three connected autonomous vehicles (CAVs) in
red, green, blue, and infrastructure in purple) with global 3D object
labels (yellow). Middle: Individual agent sensor views in local frames.
Right: Real time C-V2X throughput measured between all agent pairs.

Abstract. Cellular vehicle-to-everything (C-V2X) enables cooperative
perception, prediction, and planning beyond the field of view of individual
agents. However, existing datasets often overlook the complexities of real-
world deployment, such as limited communication bandwidth and its dy-
namics, heterogeneous sensing modalities, and scalability beyond a single
cooperative partner. In this paper, we introduce COOPERSCENE, a high-
fidelity cooperative autonomy dataset with real-world C-V2X communica-
tion characterization. The dataset is organized into diverse scenes, includ-
ing intersections, highway ramps, and parking lots. These scenes involve
three connected and autonomous vehicles (CAVs) and one infrastructure
roadside unit (RSU), all equipped with multi-modal sensors and commer-
cial off-the-shelf C-V2X communication radios. All scenes are annotated
with globally consistent 3D labels at 10 Hz, totaling 344K objects across
59K frames, underpinned by tight sensor- and agent-synchronization,
centimeter-level localization and spatial alignment, precise cross-modality
calibration, and 3GPP-standard-compliant C-V2X communication. COOP-
ERSCENE establishes a rigorous benchmark for evaluating multi-agent
scaling and actual performance in real-world deployable settings. Project
website for data and benchmark: https://cisl.ucr.edu/CooperScene.
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1 Introduction

Today’s autonomous vehicles (AVs) [5,/7] rely on a combination of onboard
multimodal sensors to operate safely and efficiently. However, these autonomous
agents are deployed as solitary entities that often suffer from incomplete situation
awareness, making unilateral decisions, and stranding in long-tail events, waiting
for remote operation [48]. As AVs become increasingly deployed, these limitations
underscore the urgent need for a paradigm shift from individual to cooperative
autonomy [13}36,/45].

Cellular-vehicle-to-everything (C-V2X) technology breaks the solitary barrier
by enabling vehicles to communicate with other vehicles (V2V), infrastructure
(V2I) and vulnerable road users (V2P). V2X connectivity is estimated to prevent
up to 595,000 vehicle crashes annually in the U.S., resulting in an annual eco-
nomic savings of approximately $71 billion [12]. Recent V2X-enabled cooperative
perception [46}53}/67], prediction [47], and driving [20}/21,/60] techniques emerge
as a promising solution to address individual autonomy limitations. Driven by
public cooperative perception datasets and benchmarks [16,23}|43}|54,56], these
approaches have proven capable of overcoming occlusions, extending sensor range,
and improving robustness in dynamic and unstructured environments [37,/55].

Despite the success on benchmarks,

many models fall short in real-world deploy- 100 #Deployable
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its their applicability to only a subset of
traffic participants: those agents equipped with similar sensors. Meanwhile, a
majority of publicly available real-world datasets offer only one cooperative agent
(vehicle or infrastructure) besides the ego agent (see Table [l column Agent),
which also limits the benchmarking of multi-agent cooperation at scale.
To address these limitations, in this paper, we introduce CooperScene,
a multi-modal cooperative autonomy benchmark with C-V2X communication
characterization. The dataset is organized into diverse “scenes”, each involving
three connected and autonomous vehicles and one infrastructure roadside unit,
all equipped with multi-modal sensors and commercial off-the-shelf C-V2X
communication radios, interacting with each other across diverse real-world

Fig.2: Accuracy and Bandwidth

! Measured by off-the-shelf C-V2X radios compliant with 3GPP Release 14 [11]
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Table 1: Overview of real-world cooperative perception datasets in several key attributes,
including sensing configuration (agents and modalities), localization and synchronization
mechanisms, calibration availability, dataset scale, and supported benchmark tasks.
cells indicate full support or strong capability, denotes partial support, and
red marks missing features. COOPERSCENE uniquely integrates C-V2X communication
characterization into diverse multi-modal, multi-agent scenarios, establishing a rigorous
benchmark for evaluating deployable performance in real-world settings.

‘ Agent Modality Scenario Localization Synchronization Calibration Statistics Task

‘Veh. Infm.‘()am. LiDAR V2X‘J|mc. Ramp Lot‘ Method ‘Sensor Agent ‘Intr. Extr. ‘Pcd Img Seq Obj ‘Det. Mot.

Dataset

DAIR-V2X-Cfs8] 1 1 | v v - |V - | GPSSLAM vV |39K 39K 100 464K|
V2VAREALB4[ 2 0 | v v - | v GPS/IMU vV |20K 40K 41 240K| v/
V2X-Seq [59] 11| v v v - | GPS+SLAM - | v v |I5KI5K 95 10K| v v
TUM-Traf [69 1 1 |v v v RTK+ICP |ROS NTP | v v |2K 5K 30 30K| v
CooperScENE 3 1 | v v V| v / |RIKiSTICP|PTP GNSS | v v [59K 53K 24 344K| v v

traffic scenarios, including urban intersections, freeway, local street, and parking
areas, which introduce different traffic and occlusion patterns. To provide a
high-fidelity benchmark, CooperScene is built with tight sensor- and agent-
synchronization, centimeter-level localization and spatial alignment, precise cross-
modality calibration [61], and 3GPP-standard-compliant C-V2X communication.
All scenes are annotated at a frequency of 10 Hz with 3D bounding boxes in a
globally consistent frame of reference, totaling approximately 344K labels across
59K frames, along with synchronized pair-wise C-V2X throughput measurements.
CooperScene benchmarks both the performance and bandwidth of state-of-
the-art cooperative perception methods to raise awareness of the research gap
in both perception accuracy and communication efficiency. The summary of the
contribution is as follows:

— Unique integration of C-VV2X in realistic cooperative scenes. We
introduce high-quality multi-agent interactive scenes collected from three
vehicles and one infrastructure unit across diverse real-world scenarios. Each
scene contains synchronized C-V2X measurements (latency, throughput,
packet loss rate, and jitter) with multi-modal sensor streams (LiDAR, camera,
and GNSS-RTK) and globally consistent 3D object labels.

— Data quality refinement and validation. We build CooperScene with
careful system design to guarantee high-quality data in terms of localiza-
tion, synchronization, and calibration, using spatial-temporal ICP (ST-ICP),
Precision Time Protocol (PTP), and motion capture systems and eye-hand
calibration. We introduce a data validation procedure verifying the efficacy
of these methods and the quality of the data collected.

— Deployable cooperative autonomy benchmark. Using synchronous
C-V2X measurements, we provide the actual deployable performance bench-
mark for both detection and motion prediction tasks. In contrast to huge
performance gains with infeasible communication assumptions, our practical
benchmark raises awareness of the significant challenges in balancing model
efficacy and communication efficiency.

CooperScene serves as a cross-disciplinary benchmark to bridge the vision,
robotics, and networking communities, paving the way towards realistic field-
deployable cooperative autonomy.
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2 Related Work

Cooperative Perception Datasets. Table[[|summarizes real-world cooperative
perception datasets in contrast with CooperScene. V2V4REAL [54] provides
real-world cooperative perception benchmarks featuring multi-modal data from
two vehicles. While it demonstrates the clear benefits of vehicle-to-vehicle (V2V)
collaboration, it lacks infrastructure-side sensing. In contrast, DAIR-V2X-C [58|
and V2X-Seq [59] incorporate a roadside unit (RSU) but pair it with only a
single vehicle, thereby limiting cooperation to dual-agent settings. Furthermore,
projecting the 3D point cloud into the 2D camera frame in these datasets reveals
distinct spatial misalignments, where corresponding objects appear visibly shifted
between the two modalities. Crucially, all three datasets report a large inter-
agent synchronization error of 30-50 ms without providing a rigorous validation
procedure. TUM-Traf [68] introduces a relatively smaller vehicle-infrastructure
dataset but with high-precision localization; it incorporates an RSU with multi-
modal sensors and refined poses via GNSS RTK and the Iterative Closest Point
(ICP) algorithm [14]—a geometric registration method that iteratively minimizes
the distance between two point clouds to determine their optimal alignment.
Nevertheless, it remains limited to dual-agent settings.

While these datasets have significantly advanced cooperative perception
research, several open challenges remain. Most benchmarks involve only one or two
participating vehicles, limiting the study of multi-agent cooperation. Additionally,
the precision of calibration, synchronization, and localization in these datasets is
insufficient, potentially causing temporal drift and inter-agent and cross-modality
misalignment. Recent efforts have begun to address multi-agent scaling: UrbanIng-
V2X [41] collects data from multiple vehicles and infrastructure units across
several intersections, substantially increasing the number of cooperative agents,
though its multi-modal sensing remains limited. Most importantly, none of the
existing datasets record real-world C-V2X throughput, leaving open questions
about actual achievable cooperative gains due to latency, bandwidth, and packet
loss in practical deployment settings.

CooperScene addresses these gaps by providing three vehicles and one
infrastructure in the same scene, enabling richer multi-agent interactions with re-
alistic C-V2X communication characterization. The dataset includes multi-modal
sensing (LiDAR, camera, GNSS/IMU), precise time synchronization via PTP
and hardware triggering, and fully calibrated intrinsic and extrinsic parameters
for all sensors. CooperScene is, to our knowledge, the first real-world dataset
to provide synchronized C-V2X communication traces alongside multi-agent
multi-modal sensing, allowing joint analysis of perception quality and real com-
munication performance. The dataset supports cooperative 3D detection and
motion prediction, allowing comprehensive evaluation and benchmark.
Cooperative Perception Methods. Existing cooperative perception methods
can be broadly categorized by the type of feature fusion and the underlying
network architecture. Early fusion methods [18},/37}38}/64,/65] directly share raw
sensor data, such as point clouds or images, among connected agents, but they
have substantial communication overhead and require strict synchronization.
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Late fusion [39], on the other hand, aggregates the nal object-level detections,
which reduces communication cost but sacri ces spatial reasoning. Intermediate
fusion [31,40,46,53,67] approaches strikes a middle ground by sharing compressed
or encoded feature maps, enabling e cient collaboration with less bandwidth
requirements. For example, V2VNet [46] represents vehicles as nodes and dynam-
ically learns spatial message passing through edges, enabling agents to reason
about occluded regions using neighboring information. V2X-ViT [55] introduces

a hybrid transformer that alternates between intra-agent self-attention and inter-
agent cross-attention to capture both local and global dependencies across agents.
CoBEVT [53] further leverages Swin Transformers for multi-scale BEV fusion,
achieving ne-grained spatial alignment. V2VAM [30] integrates intra-agent
and inter-agent attention to dynamically weigh feature importance under lossy
communication. These transformer-based frameworks improve robustness and
scalability, at the cost of higher compute and data sharing volume.

The volume of these intermediate representations, while smaller than the
raw data, remains well beyond what vehicular networks can support in real
time. Figure 2 summarizes the performance and required bandwidth from these
approaches [17,30,31,46,53,55]. To address this bottleneck, recent communication-
e cient methods [25, 35] explicitly optimize the bandwidth demand through
feature selection: ERMVP [62] compresses shared features via Iter-and-merge
sampling, while CoSDH [52] performs supply-demand-aware region selection
within a hybrid fusion scheme. However, what exacerbates the problem is the
stringent decision deadline in these safety-critical autonomous systems. Extra
latency incurred by data compression [15, 53], selection [25, 35], or codebook
retrieval [26] further ages the stale data and risks missing the decision deadline.

Beyond perception, methods such as CMP [47], UniV2X [60], Coopernaut [20],
and CoopRe ect [21] extend cooperation to prediction and end-to-end driving.
They jointly learn perception and planning using shared multi-agent observations,
demonstrating the potential of cooperative gains in downstream autonomy tasks.

3 CooperScene Dataset

In this section, we present CooperScene, a multi-agent multi-modal dataset
with C-V2X communication characterization. CooperScene is collected across
diverse real-world tra ¢ scenarios. Speci cally, the dataset contains 16 intersection
scenes, 4 highway ramp scenes, and 4 parking lot scenes. The dataset features
four participating agents: three vehicles equipped with Cooperative Multi-Modal
Sensing platform (CMS) and one instrumented intersection infrastructure system.
CooperScene comprises 59K synchronized LiDAR frames and 53K image frames,
annotated with 344K 3D bounding boxes, alongside GNSS, IMU, and C-V2X
network traces. We provide details in sensing and communication platform setup,
synchronization and calibration procedures, spatial alignment methodology, and
data collection and annotation processes in this section.
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3.1 Platform Setup

Cooperative Multi-Modal Sensing (CMS). To collect multi-modal sensor
data, we design and build a CMS platform, a networked open-source portable
universal sensing hub [51]. CMS provides an extensible platform with streamlined
integration of multi-modal sensors, abstracting away the intricacies of calibration
and synchronization, and it is easily reproducible and replicable to jump-start
multi-purpose robot and multi-agent research.

Figure 3 shows CMS archi-
tecture. Speci cally, the var-
ious sensors are connected
to a central ROS node (e.g.,
running on a PC or lap-
top) via a power-over-ethernet
(PoE) switch. The PoE switch
not only redirects the sensor
stream via the ROS bus, but
also provides power to various Fig. 3: CMS Overview. CMS integrates LIDAR, cam-
sensors. Due to the massive era, GNSS with a power-over-ethernet (PoE) switch,
amount of data live-streamed, which forwards the data to a central ROS node (run-
a switch with Small Form- ning on a laptop). The laptop and sensors are syn-
factor Pluggable (SFP+) port chronized with GNSS time, and all intrinsic and
is used to support data trans- extrinsic parameters are calibrated for all sensors.
fer rates of up to 10 Gbps. TX/RX module communicates WiFh other CMS plat-
The GNSS module provides forms on both vehicles and the infrastructure.

microsecond-level accuracy pulse-per-second (PPS) signals to synchronize all
sensors (Y3.2). The transmitting/receiving (TX/RX) module enables CMS plat-
forms to communicate with other platforms using vehicle-to-everything (V2X)
communication technology. For CooperScene data collection, each CMS plat-
form is equipped with an Ouster 0S1-128 LiDAR [4], a Lucid Triton 5.4 MP
GigE camera [2], a TX/RX module (Cohda MK®6 [1]) with cellular, WiFi, C-V2X
transceivers and GNSS receivers, and a high-resolution Xsens MTi-680 RTK
GNSS/INS [8] module. The CMS platform can be mounted on the vehicle roof.

Infrastructure Instrumentation. To capture a complementary infrastructure
perspective, we deploy a similar CMS setup (except camera) at a busy intersection.
One LiDAR sensor is mounted on a tra c light pole, and a GNSS-disciplined
MK6 unit synchronizes the LIDAR clocks and communicates with vehicles.
The consistent setup allows us to use the same data collection and processing
procedures as those used by the CMS platform on the vehicle.

3.2 Sensor and Agent Synchronization

Synchronization is critical for data integrity and consistency, as asynchronous
data mismatches in time domain and confuses downstream processes. However,
depending on the available synchronization support from the sensors, the task
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can become non-trivial. We rst tackle onboard synchronization and then discuss
cross-platform synchronization.

Onboard Sensor Synchronization. Although ROS provides built-in time
synchronization by timestamping sensor data when the central node receives
published messages, it is inaccurate for multi-modal sensors due to network
overhead and operating system scheduling. Moreover, each sensor has its own
local oscillator o set, leading to asynchronous data collection. To address this
issue, we use PTP [9] to synchronize sensor clocks and apply hardware triggering
to ensure LIDAR and camera data are captured simultaneously. In CMS platform,
Cohda MK6 acts as the PTP master and disciplines all other devices, including
the LIDAR, camera, and the laptop. Beyond synchronizing the local clocks, to
further guarantee synchronized capture between the LiDAR and camera, we use
a General-Purpose Input/Output (GPIO) pin from the LiDAR to generate a
stable 10 Hz synchronization pulse that triggers the camera to capture images.
Speci cally, the camera captures an image upon detecting a rising edge of the
pulse, which is generated at the same time the LIDAR begins data collection.

Cross-platform Agent Synchronization. With onboard sensors synchronized,

the next challenge is to align time across multiple platforms. Achieving cross-
platform synchronization requires a common global time reference. Prior work has
explored both centralized signals (e.g., WiFi [24], cellular [49]) and distributed
protocols [22,33] in various contexts. For outdoor autonomous driving scenarios,
where GNSS signals are available, we use the GNSS signal to discipline the Cohda
MK6. Cohda MK6 then serves as a grandmaster clock to synchronize the local
clocks of onboard sensors with PTP support. Because each agent's grandmaster
clock is locked to the same global GNSS time, all sensors across all platforms
achieve accurate global time alignment.

3.3 Spatial Alignment

GNSS/IMU errors and noises in real-world

systems often lead to spatial misalignment

among LIiDAR frames collected from di er-

ent agents. ICP [14] is widely used to align

two point clouds to mitigate this prob-

lem. However, standard ICP cannot be

directly applied to the multi-agent scenar-

ios in CooperScene. To address this, we

propose a spatial-temporal ICP approach,

as illustrated in Fig. 4. First, we use GNSS

positions and IMU orientations to project

all LIiDAR frames from each agent's lo- Fig.4: Multi-agent Spatial-temporal
cal coordinate system into a global East- pose Alignment

North-Up (ENU) frame centered at the

intersection. This step computes the transformation matrix T2 . Next, for

local
each vehicle, we search its entire sequence to nd the frame with the maximum
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LiDAR overlap with the infrastructure's LIDAR. We run ICP on this single, opti-
mal frame pair to nd a coarse adjustment transform Tp girwiseicp - Finally, given
the high accuracy and temporal stability of GNSS-RTK positioning, the relative
distance changes within the same agent remain consistent across frames. We
therefore extrapolate the adjustment found in each vehicle-infra pair to a frame
where all agents are present and closest to each other; the frame that minimizes
the total inter-agent distance. In this extrapolated joint frame, we perform
another round of ICP to simultaneously align all vehicles and the infrastructure,
obtaining the global transformation Tjenucp . Each vehicle's nal spatial cor-
rection matrix is computed as: T = Tiginuce T paiwiseice T lg'g;k;a'. After
spatial-temporal ICP alignment, all vehicles are aligned with the infrastructure
and mutually aligned with one another.

3.4 Sensor Calibration

To better leverage the complementary nature of di erent sensing modalities,
one key insight in multi-modal sensing is to use the returns of di erent sensors
from the same object to enhance perception accuracy and con dence. The task
of sensor calibration is to gure out the intrinsic and extrinsic parameters of
all sensors, such that the downstream processing pipeline can understand the
correspondence of the data from each modality. The device intrinsic (e.g. camera
focal length and principal point) is unique to each sensor. The calibration methods
to obtain these intrinsics are well-studied [44, 66]. In this section, we focus on
extrinsic (relative pose) calibration [61] between multi-modal sensors. Existing
methods typically fall into two categories: target-based approaches [63] that
rely on prede ned geometries (e.g., checkerboards or AprilTags), and targetless,
data-driven approaches [27,61]. However, these conventional techniques either
focus on a single modality pair or fail to achieve su cient alignment precision.

To get groundtruth-level pair-wise calibration, one approach is to use a motion
capture system (MoCap) [3, 6], putting multiple markers on each device to get
the pose estimate. While MoCap gives millimeter-level accuracy, the limitation of
this approach is that the marker placement outside the sensor cannot represent
the optical model inside the sensor, hence making it di cult to calculate the
origin of each sensor's coordinate system. The issue can be recti ed by solving
eye-hand calibration [42]. For a particular sensor, we formulate the eye-hand
problem as solving forX in AX = XB, where A and B are the relative motions
between the markers' poses in MoCap Thepar ) and the transforms from a
ducial marker to the sensor. Eye-hand then yields TNakers  the transform from
a sensor's optical center to the markers, and we perform the following calculation
to nd the true pose of the sensor in MoCap: TIo%p =T moeaP T markers

After nding the true sensor poses, we can accurately calculate the extrinsics
between sensors. Given sensor poséds, and Ts, for sensorsS; and S, the
extrinsic from S; to S, is Tssf =(Ts,)! Ts,. With the extrinsics between
sensors, we can also leverage a few modality-speci ¢ pair-wise calibrations to
form a chain of relative poses. One possible chain of extrinsic parameters is
as follows: 1) GNSS-to-LiDAR/IMU extrinsic ( T§). 2) LiDAR/IMU-to-camera
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extrinsic (T). With this chain, one can calculate any pair-wise transformation
matrices. For instance, to nd GNSS and camera correspondence, we only need
to calculate TS =T§ T[C.

3.5 Data Acquisition

Scene Con guration and Data Collection. By leveraging CMS platforms

and the instrumented road-side unit, we can now stage diverse vehicle encoun-
tering scenarios, e.g. at intersections, highway ramps, and parking lots. In these
interactive scenarios, we record multimodal data, including LiDAR, images,
GNSS, and C-V2X network traces with busy background tra c. The data is
collected in multiple continuous takes. Each take spans from the vehicles' depar-
ture at various starting points to their convergence at a designated encounter
zone, concluding once all vehicles exit the area. To ensure scenario diversity, we
vary the initial positions and driving routes across takes, while coordinating the
vehicles to arrive at the target zone simultaneously.

Annotation. After data collection, each sensor frame is assigned a unique
frame identi er based on its globally-synchronized sensor timestamp. Frames
across di erent agents are synchronized using these identi ers. In cases of frame
loss, the most recent valid frame is reused to ensure that all frame sequences
remain temporally consistent and of equal length. To reduce manual annotation
e ort, we develop a semi-automatic labeling pipeline that integrates an object
detection backbone [32], an object tracking module [50], and a late fusion module.
Speci cally, the detection backbone rst generates coarse bounding boxésfor
each agent's data. The tracking module then re nes the bounding box positions
and orientations. Then all annotations from each agent are transformed in
globally consistent ENU frame, where the late fusion module is applied to re ne
box poses and remove redundant boxes based on the Intersection-over-Union
(loV) of detected objects. The fusion process is performed in two stages: in
the rst stage, overlapping boxes with high loU values are averaged to merge
their spatial information; in the second stage, overlapping boxes are further
Itered by retaining only those with the highest con dence scores. Finally, the
tracking module is reapplied to re ne object positions and orientations, producing
preliminary labels. These preliminary labels are then manually veri ed and re ned

by trained professional annotators using [29], producing the ground-truth labels.

4 CooperScene Benchmark

In this section, we present a comprehensive benchmark evaluation on Cooper-
Scene, focusing on object detection and motion prediction. In the benchmark,
the dataset is divided into train, validate, and test subsets with a ratio of 5:2:3. We
conduct all experiments on a uni ed cooperative perception pipeline developed
on top of MMDet3D [19] and OpenCOOD [56]. Our uni ed pipeline integrates

2 The initial release focuses on the Car class, future releases will expand object classes.
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a con gurable C-V2X network simulator and provides a consistent multi-ego
training and evaluation protocol. We retrained all perception and prediction
baseline models on the CooperScene dataset to allow them to adapt to the
characteristics and sensor con gurations, avoiding domain transfer gaps.

Metrics. For perception, we adopt the mean Average Precision (mAP) as the
primary metric, with 2D (BEV) and 3D loU thresholds of (0.3, 0.5, 0.7). For
motion, we use Minimum Average Displacement Error (minADE), and Minimum
Final Displacement Error (minFDE) evaluated at di erent horizons (1s, 3s, 5sS).
In our multi-ego pipeline, we iteratively treat each of the three vehicles as the
ego vehicle, with the remaining vehicles and the infrastructure as cooperators.
The evaluation reports results averaged over all ego vehicles.

Baselines. To build a comprehensive benchmark on CooperScene, we evaluate
state-of-the-art cooperative perception models, including graph-based, transformer-
based fusion algorithms and recent communication-e cient methods. All models
are retrained using consistent parameters, including voxelization size and de-
tection range for fair comparison. Furthermore, we benchmark the cooperative
motion prediction performance following the perception prediction (P&P) setting.
The baselines include:

V2VNet [46]: A graph-based intermediate fusion model. Vehicles share
encoded features through learnable edge connections.

V2VAM [30]: An attention-based transformer model, which captures intra-
agent and inter-agent attention, dynamically weights agent contributions.
V2X-VIiT [55]: A vision transformer-based BEV fusion architecture composed
of multi-agent self-attention and multi-scale window self-attention layers.
CoBEVT [53]: A Swin-Transformer-based BEV fusion architecture that
applies multi-scale window attention for spatial feature alignment.

CMP [47]: A cooperative motion prediction framework built on top of the
CoBEVT perception backbone, which aggregates predictions from multiple
vehicles using a transformer-based motion decoder.

ERMVP [62]: A communication-e cient and collaboration-robust model
that compresses shared features via lter-and-merge sampling and calibrates
pose induced misalignment with consensus sparse features.

CoSDH [52]: A communication-e cient model using supply demand-aware
region selection and an intermediate late hybrid fusion scheme to balance
accuracy and bandwidth.

Detection Benchmark Results. Table 2 summarizes the perception benchmark.

We benchmark each baseline over ve cooperative settings; 1) V+I: with only

infra, 2) V+V: with only one peer vehicle, 3) V+V+I: with one vehicle and

infra, 4) V+2V: with two peer vehicles, and 5) V+2V+I: with all three

cooperative agents. In addition to showing the mAP under C-V2X bandwidth

constraints, we also benchmark the performance with an unlimited network

assumption (in color) as done in other existing benchmarks [54, 69], to

show the original bene ts of fusing rich features from multiple vantage points.
Overall, all cooperative perception models bene t from information sharing

among vehicles and infrastructure. As the number of cooperative agents grows,
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Table 2: Benchmark of cooperative perception under C-V2X and (infeasible)
network, with increasing number of agents, in terms of accuracy (mAP), total data
sharing size per frame, and the latency if all data were to be transmitted over C-V2X.

Model | Agents | mAP (C-V2X) \ | Sharing Latency (ms)
| | @03 @05 @0.7 | |Size (MB) under C-V2X
V+I 0.43 0.33 0.20 10.0 64,349
V+V 0.35 0.25 0.15 10.0 64,038
V2VNet [46] | V+V+I 0.36 0.27 0.15 20.0 76,879
V+2V 0.32 0.23 0.13 20.0 72,773
V+2V+| 0.32 0.23 0.13 30.0 107,432
V+I 0.50 0.38 0.20 0.338 2,211
V+V 0.53 0.43 0.26 0.338 1,305
V2X-VIiT [55] | V+V+I 0.56 0.45 0.26 0.667 9,215
V+2V 0.60 0.53 0.33 0.667 7,022
V+2V+| 0.60 0.52 0.33 1.014 9,976
V+I 0.53 0.40 0.22 0.423 2,264
V+V 0.53 0.43 0.26 0.423 2,253
V2VAM [30] | V+V+I 0.58 0.47 0.27 0.846 10,301
V+2V 0.61 0.54 0.34 0.846 8,117
V+2V+| 0.62 0.54 0.34 1.269 11,302
V+I 0.48 0.39 0.20 0.500 2,707
V+V 0.50 0.41 0.26 0.500 2,393
CoBEVT [53] | V+V+I 0.54 0.44 0.25 1.000 11,059
V+2V 0.57 0.49 0.33 1.000 8,987
V+2V+| 0.59 0.50 0.32 1.500 12,381
V+I 0.61 0.46 0.24 0.346 1,730
V+V 0.61 0.49 0.30 0.346 1,730
ERMVP [62] | V+V+I 0.63 0.51 0.31 0.692 3,460
V+2V 0.66 0.57 0.37 0.692 3,460
V+2V+| 0.64 0.56 0.36 1.038 5,190
V+I 0.57 0.43 0.23 0.0595 298
V+V 0.63 0.47 0.29 0.0595 298
CoSDH [52] | V+V+I 0.68 0.53 0.32 0.1190 595
V+2V 0.74 0.61 0.40 0.1190 595
V+2V+| 0.75 0.61 0.41 0.1785 893

almost all (except V2VNet) methods achieve increasingly better detection perfor-
mance than non-cooperative settings (Table 3), under both C-V2X and unlimited
settings, across dierent loU thresholds. However, the mAPs under realistic
C-V2X bandwidth are upto 49% lower than the grayed-out numbers under an
unlimited network. This occurs because the required data transmission size ex-
ceeds C-V2X network capabilities, which results in late data delivery. The drastic
di erence shows the gap between idealized perception and bandwidth-constrained
real-world deployment.

Secondly, for non-communication-e cient methods (the top four), due to
the mismatch between the sharing volume and the limited C-V2X network
capacity, cooperation can only happen very infrequently, ranging from every 2
to 100s of seconds, while hundreds of frames in between the interval can not
bene t from cooperation. Consequently, agents receive outdated, stale data, which
fails to improve, but can actively harm, the perception accuracy. Furthermore,
adding more participants only exacerbates channel contention and increases
latency. Hence, the bene t of an additional vantage point may e ectively degrade
end-to-end performance due to the increased staleness (e.g. for V2VNet, and
CoBEVT at V+2V+I, where sharing size is large). In contrast, the communication-
aware baselines ERMVP [62] and CoSDH [52] su er less from this contention.
They transmit only the most informative features within a bandwidth budget,
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Table 3: Single agent perception perfor-  Table 4: Multi-modal multi-agent coop-

mance using di erent backbones. erative perception benchmark.

Agent Method mMAP@0.3 MAP@0.5 MAP@0.7 Agent Modality mMAP(BEV) mMAP(3D)
PointPillars [28] 0.24 0.09 0.04 0.3 @0.5 @0.7 @0.3 @0.5 @0.7

' sEcoND ] 920 o1 0.5 LiIDAR 0@73 ?56 ?31 @370 @038 @021
PointPillars [28]  0.37 0.20 0.08 v !

CAV A RCoND o] 06 e o LIDAR+Cam 0.80 057 0.33 0.72 0.42 0.23
PontPilars 28] 038 020 0.08 LIDAR 0.81 0.65 0.39 075 054 0.22

cAv B s‘.’;'go}\,%'s[s[n] Y 0 2n 013 V4V [iDAR+Cam 080 0.65 041 074 054 0.25

cavc PontPilars[28] 034 0.18 0.07 vazy LDAR 0.90 0.84 056 0.87 073 0.30
SECOND [57] 0.34 0.22 011 LiIDAR+Cam 0.90 0.83 0.61 0.87 0.74 0.35

substantially reducing the per-frame sharing size. While they achieve the strongest
deployable accuracy under C-V2X among all baselines, the latency does not scale
gracefully and is still too long for vehicles to make safety-critical reactions.
This result corroborates the value of bandwidth reduction research [25, 35] in
cooperative perception, motivating future research to further resolve the mismatch
between sharing size and network capacity.

Multi-modal Cooperative Perception. To benchmark multi-modal coopera-

tive perception, we developed a multi-modal cooperative framework based on top
of BEVFusion [32]. Table 4 compares the performance under LiDAR-only and Li-
DAR+Camera con gurations. The results show that when cooperative perception

is combined with multi-modal sensing, the performance gain becomes more sig-
ni cant, especially at higher loU thresholds, where the model bene ts more from
the complementary modality. This indicates that both inter-agent collaboration
and multi-modal feature fusion contribute to perception understanding.

Motion Prediction Benchmark Results. To further evaluate the capability

of CooperScene in supporting downstream tasks, we benchmark the coopera-
tive motion prediction performance of V2VNet [46] and CMP [47] following the
perception prediction (P&P) setting. In this setting, cooperative perception rst
aggregates multi-agent features, which are then used by the motion prediction
model to predict future trajectories. In the P&P setting, the communication
cost is dominated by the perception feature exchange, while the data exchange
in the subsequent prediction module (e.g. in CMP) is negligible. Therefore, we
omit the communication characteristics, and refer to those reported in Table 2
under di erent settings. The quantitative results are summarized in Table 5.
Overall, cooperative perception improves motion prediction accuracy, especially
for longer prediction horizons for both models. Between the two models, CMP
outperforms V2VNet across all evaluation horizons. This performance gap high-
lights the advantage of a transformer-based motion decoder in modeling complex
multi-agent interactions. V2VNet's short-horizon results are interesting, as it is
counterintuitive. We can only suspect that the additional information from peer
vehicles disturbs the intermediate fusion for short-horizon predictions. We believe
there is still a huge research space into cooperative motion prediction, as well as
other downstream tasks beyond detection.

C-V2X Network Performance Analysis. Figure 5 shows the variation of
throughput across frames. The C-V2X network exhibits highly dynamic behavior
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Table 5: CooperScene benchmark on cooperative motion prediction

Model |Agent |minADE@1s# minADE@3s# MiNADE@5s#  |minFDE@1s# minFDE@3s# minFDE@5s#
v 0.4895 2.1648 4.4538 0.9307 5.7344 10.6390

V2VNet [46] |V+V 0.5424 1.5611 3.5591 0.7528 4.4820 9.1667
v+2v 0.7610 1.3796 2.9096 1.0079 3.4762 7.3660
v 0.3851 0.8421 1.4022 0.5786 1.6125 3.0712

CMP [47]  |V+V 0.4076 0.9330 1.6416 0.6143 1.8492 3.7389
v+2V 0.3214 0.7252 1.2893 0.4723 1.4551 2.9716

Fig. 5: C-V2X Communication throughput variation across di erent frames. Pentagram
denotes the peak throughput.

due to vehicle mobility and channel contention among multiple agents. As a
result, no single agent can occupy the channel continuously, and the e ective
throughput uctuates signi cantly over time. These observations highlight the
need for careful spectrum sharing design and motivate the use of more adaptive
cooperation strategies [35]. In addition, we empirically evaluated the feasibility
of transmitting cooperative perception data using the baselines. The data size
and corresponding transmission time are summarized in Table 2. The data were
segmented into 2100 bytes chunks and transmitted sequentially over the C-V2X
radio, with each packet sent at a 1 ms intervaf. All models require more than
100 ms to deliver a single frame, resulting in outdated data and providing no
signi cant improvement in perception performance.

While bandwidth is the

dominant bottleneck, other Table 6: Evaluation under di erent network settings

Method AP 39 AP0 AP 70 Pkt. Loss Latency Tput

communication characteristics (%) (ms)  (Mbps)
also a ect end-to-end perfor- Local 0.18 015 0.04

- o C-V2X 021 019 005 3819 3146 072
mance. To isolate their impact,  Jnimied 024 021 006 0 1 1.5

we remove the bottleneck by
conducting an oracle-style ex-
periment: each CAV trans-
mits only the down-sampled
LiDAR points bounded by
ground-truth boxes, reducing
the data volume below the C-
V2X capacity. As shown in Ta-
ble 6, even when bandwidth is
su cient in both C-V2X and unlimited, packet loss and latency still degrade
detection accuracy relative to the unlimited setting. Figure 6 further shows that
such packet loss and latency uctuate over time and are inevitable in real-world

Fig. 6: Latency and packet loss rate under C-V2X

3 Corresponding to the minimum time resource in C-V2X standard [10]
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