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Abstract

Cooperative perception enhances autonomous driving by
leveraging Vehicle-to-Everything (V2X) communication for
multi-agent sensor fusion. However, most existing meth-
ods rely on single-modal data sharing, limiting fusion per-
formance—particularly in heterogeneous sensor settings
involving both LiDAR and cameras across vehicles and
roadside units (RSUs). To address this, we propose Ra-
dian Glue Attention (RG-Attn)—a lightweight and gener-
alizable cross-modal fusion module that unifies intra-agent
and inter-agent fusion via transformation-based coordinate
alignment and a unified sampling/inversion strategy. RG-
Atn efficiently aligns features through a radian-based at-
tention constraint, operating column-wise on geometrically
consistent regions to reduce overhead and preserve spa-
tial coherence, thereby enabling accurate and robust fu-
sion. Building upon RG-Attn, we propose three cooper-
ative architectures. The first, Paint-To-Puzzle (PTP), pri-
oritizes communication efficiency but assumes all agents
have LiDAR, optionally paired with cameras. The sec-
ond, Co-Sketching-Co-Coloring (CoS-CoCo), offers maxi-
mal flexibility, supporting any sensor setup (e.g., LIDAR-
only, camera-only, or both) and enabling strong cross-
modal generalization for real-world deployment. The third,
Pyramid-RG-Attn Fusion (PRGAF), aims for peak detection
accuracy with the highest computational overhead. Exten-
sive evaluations on simulated and real-world datasets show
our framework delivers state-of-the-art detection accuracy
with high flexibility and efficiency.

1. Introduction

The famous phrase “United we stand, divided we fall” by
Aesop aptly captures the essence of multi-agent cooperative
perception. Shared and fused perception information serves
as a crucial stepping stone—providing augmented environ-
mental awareness as illustrated in Fig. | —that enables more
informed maneuvering decisions, helping to prevent traffic
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Figure 1. A representative scenario where the aggregated Li-
DAR BEV features from the ego and cooperating agents are in-
sufficient to detect challenging regions. By fusing camera fea-
tures—particularly from the ego agent in this frame, where ob-
jects are clearly captured—into the BEV space, additional seman-
tic cues are introduced, leading to improved detection. This en-
hancement is evident in both the heatmap (brighter and with higher
contrast) and the final detection output.

accidents as shown in Fig. 2(a). By overcoming the limi-
tations of single-agent perception through the exchange of
processed sensing data among multiple agents, challenges
like non-line-of-sight (NLOS) occluded blind zones, partial
object detection and limited detection range can be signifi-
cantly mitigated. Typically, cooperative perception relies on
the integration of V2X wireless communication, sensor data
processing, and fusion modules to form a unified collabora-
tive framework. Beyond intelligent transportation systems,
cooperative perception also supports multi-robot use cases
like factory automation and panoramic imaging.

While our focus is on cooperative perception, advances
in single-agent perception continue to provide valuable
foundations—such as stronger vision backbones and atten-
tion mechanisms for feature extraction and correlation. A
persistent debate exists between single-modal and multi-
modal designs in autonomous driving, especially concern-
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(a) Traffic scenario requiring cooperative perception
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Figure 2. (a) A representative traffic scenario where cooperative perception enables agents to see through occlusions and prevent collisions.
(b) Homogeneous modality multi-agent setting for cooperative perception. (c) Heterogeneous modality multi-agent setting with a restric-
tion on single modality per agent for cooperative perception. (d) Heterogeneous full multi-modal multi-agent setting without restrictions
on the number or types of modalities for cooperative perception, partially covered by PTP/PRGAF and fully covered by CoS-CoCo.

ing the trade-off between cost and performance. Despite de-
ployment challenges, multi-modal approaches have shown
empirical advantages in accuracy, robustness, and detection
range, consistently outperforming single-modal baselines
across public benchmarks.

In contrast, most cooperative perception frameworks rely
on fusing a single sensor modality (e.g., LIDAR or cam-
era) across multiple agents, as illustrated in Fig. 2(b). Re-
cent methods like HM-ViT [24] and HEAL [16] have par-
tially enabled heterogeneous setups, where each agent con-
tributes only one modality (see Fig. 2(c)). However, fully
multi-modal, multi-agent cooperation shown in Fig. 2(d)
remains largely unexplored. In fact, naively combining
modalities per agent within these frameworks often leads
to degraded performance, mainly due to the unreliability of
camera-derived depth. This underscores a critical gap be-
tween current cooperative frameworks and the potential of
full multi-modal multi-agent collaboration. Furthermore, as
we aim to bridge this gap, it is equally important to ensure
compatibility with agents equipped with only single sensing
modality. This raises a central research question: How can
we fully leverage every available sensor on every participat-
ing agent for cooperative perception? While accuracy is the
primary goal, practical deployment also demands efficiency,
communication feasibility, and system-level scalability.

In this paper, we propose Radian-Glue Attention (RG-
Attn), a lightweight and effective module for multi-modal
feature fusion. RG-Attn samples the LiDAR-derived
Bird’s Eye View (BEV) feature map using radian divisions
aligned with each camera’s field of view (FOV), enabling
column-wise attention-based fusion. This allows seman-
tic enrichment of BEV features via projected camera cues
while maintaining high computational efficiency. Build-
ing on RG-Attn, we introduce three cooperative percep-
tion architectures: Paint-To-Puzzle (PTP), Co-Sketching-
Co-Coloring (CoS-CoCo) and Pyramid-RG-Attn Fusion

(PRGAF), designed to address diverse deployment needs.
PTP performs cross-modal fusion within each agent be-
fore a single-stage inter-agent fusion. It assumes LiDAR-
equipped agents and unifies sharing data format. CoS-CoCo
adopts a two-stage inter-agent fusion process: first fus-
ing LiDAR BEV features among LiDAR-equipped agents,
followed by camera feature enhancement from camera-
equipped agents. This structure supports heterogeneous
configurations, allowing participation from LiDAR-only,
camera-only, or multi-modal agents. PRGAF integrates
RG-Attn directly into the multi-scale pyramid structure of
cross-agent fusion, fully leveraging camera semantics at
multiple resolutions to enrich LiDAR features—albeit with
significantly higher computational cost. These designs re-
flect distinct trade-offs based on the aforementioned moti-
vations: PTP favors efficiency, CoS-CoCo balances gener-
ality and robustness, and PRGAF targets peak detection per-
formance. All three outperform existing approaches by ex-
ploiting available sensor modalities while supporting real-
time inference. In summary, our main contributions are:

* We propose RG-Attn, a novel and generalizable cross-
modal fusion module. RG-Attn supports both intra-agent
and inter-agent cross-modal fusion, delivering robust per-
formance with high computational efficiency.

* We design three cooperative architectures that integrate
cross-modal and cross-agent fusion, each tailored to dif-
ferent deployment scenarios and performance trade-offs.

* Extensive experiments on cooperative perception bench-
marks demonstrate the effectiveness of our fusion module
and architectures, achieving state-of-the-art performance.

2. RELATED WORKS
2.1. Single-Agent Perception

In single-agent perception, a wide range of single-modal ap-
proaches have laid the groundwork for both single-modal

ICCV
gprwins

089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108

109
110
111
112
113
114
115
116
117
118

119

120

121
122



ICCV
gprwenn

123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148

149

150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

ICCV 2025 Submission #****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

and multi-modal research. Benchmarks such as KITTI and
nuScenes [1] have driven advances in both the LiDAR and
camera tracks. For LIDAR, methods like PointNet [2], pillar
encoding, and voxel encoding have significantly improved
feature aggregation, enabling compact and accurate scene
representations. In the camera domain, performance has
rapidly advanced from monocular setups to multi-view in-
puts and depth-aware methods, notably with the introduc-
tion of Lift-Splat-Shoot (LSS) [18]. Transformer-based ar-
chitectures like ViT and Point Transformer [31, 35] have
further boosted both LiDAR and camera pipelines. Re-
cently, these two modalities have increasingly converged
under BEV-based frameworks [4, 37], which unify 3D ob-
ject queries and positional encoding across modalities.
Multi-modal approaches, in contrast, focus on bridging
LiDAR and camera data. Early work such as PointPainting
[22] injected camera semantics into LiDAR point clouds.
Later, DETR-style models [32] leveraged attention to model
cross-modality relationships. The rise of BEV-based fusion
methods [14, 29] further enabled cross-modality alignment
via attention, benefiting from BEV’s unified spatial repre-
sentation and query efficiency. A more recent trend [6, 33]
challenges the reliability of depth estimated from camera
data. Instead of relying on depth, these methods directly
project camera features into LiDAR-derived BEV space us-
ing attention mechanisms, achieving more robust fusion.

2.2. Multi-Agent Cooperative Perception

Multi-agent cooperative perception offers distinct advan-
tages by approaching perception tasks from a broader,
system-level perspective. With the emergence of rich
datasets [27, 28, 30, 36], the field has undergone multiple
waves of technical innovation. Early efforts explored early
fusion of raw sensor data [3] to retain signal fidelity and
late fusion of detection results [19] to reduce communica-
tion overhead. More recent methods [ 16, 24, 25, 34] employ
intermediate feature fusion to balance perception accuracy
and V2X bandwidth efficiency.

Various auxiliary advances have strengthened the co-
operative framework: Who2Com and Where2comm [7,
13] prioritized selective message transmission, FedBEVT
[20] introduced federated learning to preserve privacy, and
Coopernaut and ICOP [5, 9] demonstrated performance
gains in end-to-end autonomous driving. For practical real-
world deployment, studies such as CoAlign [15] and CBM
[21] have demonstrated significant advancements in min-
imizing relative localization errors—essential for reliable
coordinate transformations. Additionally, research in ve-
hicular communication [10, 12, 17] has enhanced protocol
efficiency to better support perception-layer demands. Fu-
sion techniques have evolved from simple concatenation to
transformer-based and pyramid-based designs. However,
most prior work remains limited to single-modality. Recent

advances such as HM-ViT [24], BM2CP [34], and HEAL
[16] have begun incorporating multi-modality. Yet, HM-
ViT and HEAL only allow one shared modality per agent,
and although BM2CP supports multi-modality per agent,
its performance still lags behind the LiDAR-only HEAL.
The existing gap is how much further can perception be im-
proved if all available multi-agent sensor sources are effi-
ciently fused, this paper aims to address this critical gap.

3. METHODOLOGY
3.1. Radian-Glue-Attention (RG-Attn)

Since the direct yet unreliable depth estimation originating
from camera data is discarded, the key to effective cross-
modal fusion lies in accurately projecting 2D semantic
features from camera views onto the BEV feature map
generated by the LiDAR backbone. Let the solid LiDAR
BEV feature map be denoted as FP* € RO
and the camera feature from camera k on agent ¢ be
Fgm ¢ ROXH2XW2 ' where j and 4 represent agent
indices and ¢k identify the camera k£ mounted on agent
i. To enable cross-modal fusion at both intra-agent and
inter-agent levels, we compute the transformation ma-
trix T;_,; from agent ¢ to agent j in BEV space, and
use the camera-to-agent transform t¢;;_,; to derive the
camera’s BEV coordinate location (x,y) on agent j as
tik—; = Ti-s; - tik—i. The rotation component R;_,; of
T;—; and the rotation matrix R;_,; of camera % to its
mounted agent ¢ form R, as R;_,; - R;—;, transform-
ing the horizontal FOV range [— %0+ fov] from the local

ik—j0 Vik—j
as [atan (R -u (%)) atan (Ruy - (%))
where u denotes the unit direction vector.

Once the relative transformation and horizontal FOV
range of camera k from agent ¢ are established on the
target BEV map of agent j as shown in Fig. 3, a geo-
metric projection relationship is constructed, determining
the angular span where the camera features will be pro-
jected. We discretize this angular span into W5 sub-sectors,
each aligned with a column in the camera feature matrix
Fgm ¢ REXH2xW2 - Each sub-sector is further radi-
ally divided into h segments, forming a polar grid. The
maximum projection radius R is set to half the diagonal
length of the BEV map to balance coverage and distor-
tion. The number of radial segments A to divide R, is set
to match BEV height H; in our setting. Bilinear sam-
pling is then used to project BEV features onto this po-
lar grid, extracting a sampled sub-BEV map centered at

camera frame to the BEV frame of agent j {95"““ gend

start end
eikaj ’ 0ik~>j ’

lution W5, radial extent R and radial resolution ~. This
defines a grid sector sampling configuration Set;,_; as:

(tik—sjs { j}fijﬁf,';d_}j} , Wa, R, h). Using this, a sector-

tik—;, With angular range angular reso-
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Figure 3. RG-Attn enables cross-modal fusion between LiDAR
BEV and camera features. Camera parameters (FOV, range, ex-
trinsics) define a polar grid sector for sampling a sub-BEV map
from the LiDAR BEV. Both the sub-BEV and camera features
are augmented with positional embeddings, from which queries
(sub-BEV) and keys/values (camera) are generated via the PL pro-
cess. Column-wise alignment along the width enables efficient
multi-head attention. The fused features are then mapped back
to the original BEV space via grid sector inversion and integrated
through element-wise addition.

shaped region is sampled from the BEV map and rescaled

into a rectangular tensor Ff,‘c‘zb;" € RO HIXW: 44

F3>*" = GridSectorSample(F®, Seti;). (1)

ik—j

The sampled LiDAR sub-BEV Fj>ev € RO HixWa
aligns with the camera feature map Fi™ € RC2*H2xW2
on width dimension. This column-wise alignment enables
fusion to be performed in C' x H spaces per column, instead
of the full C x H x W BEV space, thereby reducing the
complexity from quadratic to linear in .

Both features are first augmented with positional em-
beddings, with queries generated from the sub-BEV fea-
ture and keys/values from the camera feature via re-
shaping and linear layer projection, collectively de-
noted as the PL (Positional-embedding-reshape-Linear-
layer-Projection) process. Multi-head attention is applied
in parallel within the C' x H space of each column across
the W -dimension for cross-modal fusion:
hoy ) PLOFER™), PL(ER™). ()

ik—j

—fus-bev

The camera semantics are thus “glued” onto the sub-
BEV representation in a radian-aligned, column-wise man-

ner. Subsequently, grid sector inversion utilizing the same
geometric correspondence but reversing the bilinear sam-
pling direction, is applied to inversely sample the enhanced
but distorted feature back to the original BEV grid as:

- : —fus-b
fusbev — GridSectorlnverse(Fiy, s , Setin—j).  (3)

Finally, the enhanced feature map Fj*?¢" is element-
wise added to the original BEV feature map F}?e" to obtain

the fused output Ffustey ¢ RC1xHixWi aq:

j+ik
fus-bev __ gnbev fus-bev
Sk =I5+ Fh “)

The entire RG-Attn pipeline in Fig. 3—comprising grid
sector sampling, attention-based fusion, inverse sampling,
and feature integration—can be compactly expressed as:

fusber — RG-Attn(F, F5™). 5)

3.2. RG-Attn enabled Cooperative Perception
3.2.1. Paint-To-Puzzle (PTP)

The core idea of PTP is that each agent constructs the cross-
modal fused BEV feature map individually before engag-
ing in cross-agent fusion. As illustrated in Fig. 4(a), agents
equipped with both LiDAR and cameras first “paint” their
local environments and then “puzzle” these together in a
collaborative manner. Accordingly, the RG-Attn module is
applied solely within each individual agent in PTP, generat-
ing F5¢Y multiple times, once for each camera k onboard

agent ¢. These semantically enriched features are subse-
fus-bev

quently aggregated to produce Fi Y5 i3St
Fff‘zl’:egzl ik = RG-Attn(F>®, {F5™ | k=1,2,...,n}),
(6)

where i € AgentsSetr;pAR+camera- FOr collaborative

LiDAR-only agents, the original BEV feature map is re-

tained and directly used in the subsequent “puzzle” step.
The Pyramid Fusion module from HEAL [16] is adopted

as the backbone for the “puzzle” part, fusing all available

BEV feature maps into a richer global BEV space:

fus-bev bev
Fprp = fpyramid fusion ( i+r_ ik Fm ) 3 @)

where ¢ € AgentsSetripAR+camera and m €
AgentsSetripar.onty- The multi-scale architecture and
foreground-aware mechanisms of the fusion module en-
hance the integration of both semantically enriched and raw
LiDAR features from diverse perspectives. Camera-only
agents are excluded from this process due to their lack of
reliable, depth-grounded BEV features. Importantly, the
PTP design standardizes all shared perception into a unified
BEV-based payload format.
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Figure 4. Illustration of the PTP, PRGAF and CoS-CoCo architectures. In all designs, all vehicles are capable of executing the perception
pipeline independently, with or without cross-agent features. For illustration clarity, one vehicle (e.g., the ego) is shown as the receiver of
external features and performs the complete cooperative perception process.

3.2.2. Co-Sketching-Co-Coloring (CoS-CoCo)

As shown in Fig. 4(c), the CoS-CoCo framework is struc-
tured into two distinct fusion stages: Co-Sketching, which
fuses LIDAR BEV features among LiDAR-equipped agents
to construct a shared environmental “skeleton,” and Co-
Coloring, which overlays semantic information from cam-
era views onto this skeleton.

In the Co-Sketching stage, similar to the BEV fusion in
PTP, the Pyramid Fusion module is adopted to aggregate
all available LiDAR BEV features into a unified and robust
BEV representation F]',’;Vr € ROVUHLIXWL 44

b b
Fp;’» = fpyramid fusion (-Fl ev) 5 (8)

where [ € AgentsSetr;pag, indicating that each LiDAR-
equipped agent jointly “sketches” the spatial foundation.

During the Co-Coloring stage, all camera feature
maps—regardless of their source agents—are projected
onto the shared BEV skeleton using the RG-Attn module,
which provides robust cross-modality alignment in hetero-
geneous multi-agent settings. Based on the total number of
camera-equipped agents and their respective cameras, the
fusion process is expressed as:

Feos.coco = RG-Attn (F;;;\;ﬂ ,

{F5" | k=1,2,...,n}),

©))
where ¢ € AgentsSetcamerq and n is the number of cam-
eras per agent in the set.

A key advantage of CoS-CoCo lies in its ability to re-
integrate camera-only agents into the collaborative percep-
tion pipeline by deferring camera-to-BEV projection to a
centralized, skeleton-based stage. However, this approach
requires managing two distinct formats of cooperative pay-
loads—LiDAR BEYV and camera 2D features.

3.2.3. Pyramid-RG-Attn Fusion (PRGAF)

In contrast to the modular pipelines of PTP and CoS-
CoCo, we design a performance-driven variant that inte-

Pyramid Fusion
(cross-agent)

LiDAR o ;_ _
Gamers
M Prediction

A

7
P

TERRRE e

R

~

CoS-CoCo
(RG-Attn after

Figure 5. Structural comparison of PTP, PRGAF, and CoS-CoCo
architectures, highlighting where and how RG-Attn is applied in
relation to the cross-agent Pyramid Fusion module.

grates RG-Attn directly into the multi-scale pyramid fusion
structure, as illustrated in Fig. 4(b). Unlike PTP and CoS-
CoCo—where RG-Attn is applied either before or after the
pyramid at a single scale (as shown in Fig. 5)—this uni-
fied architecture performs RG-Attn at each resolution level
within the pyramid, enabling hierarchical cross-modal en-
hancement prior to cross-agent fusion.

Concretely, we extract multi-scale BEV and camera fea-
tures at three resolutions (e.g., widths W = 64, 128, 256),
and apply RG-Attn independently at each level to fuse cam-
era semantics into the BEV space per agent as Eq. (6) to
get Fiff%’i!ﬂ ik.(s)» Where s indexes the resolution level.
The resulting fused features are then passed to perform
occupancy-aware alignment and weighted aggregation at
each scale, followed by upsampling and concatenation to
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produce the final fused BEV representation. By embedding
RG-Attn throughout the entire pyramid, the integrated ar-
chitecture fully leverages multi-scale camera semantics to
enrich BEV features and maximize detection performance.

4. EXPERIMENTS AND RESULTS
4.1. Datasets

To evaluate the effectiveness of our multi-modal multi-
agent framework, we conduct experiments on the DAIR-
V2X and OPV2V datasets. Our model design is primar-
ily guided by the DAIR-V2X dataset, which presents real-
world cooperative perception challenges with data collected
in urban Beijing. DAIR-V2X contains 9K frames, each
consisting of raw sensor data from a vehicle agent and
a roadside unit (RSU), each equipped with a single cam-
era and a LiDAR of differing specifications. In contrast,
the OPV2V dataset, simulated in CARLA, includes over
11K frames across diverse traffic scenarios. Each OPV2V
frame involves 2 to 7 collaborating vehicles, each uniformly
equipped with one LiDAR and four cameras.

Across both datasets, we evaluate three agent config-
urations: LiDAR-only, camera-only, and LiDAR—camera
both. For OPV2V, camera-equipped agents utilize all
four 800600 resolution cameras, while LiDAR-equipped
agents use the default 64-beam 360° LiDAR. In DAIR-
V2X, both vehicle and RSU provide 1920x1080 camera in-
put; however, notable differences in camera height and in-
trinsic parameters exist between the two. The LiDAR con-
figurations also differ: vehicles use a 40-beam 360° LiDAR,
while RSUs employ a 300-beam LiDAR with a 100° FOV.

4.2. Settings

Implementation details: We adopt unified encoders for
raw data processing: PointPillar [8] for LiDAR point cloud
and the first five sequential layers of ResNet101 for cam-
era images. The LiDAR BEV map is down-sampled 2x
and further reduced to a shape of [64, 128, 256] using
3 consecutive ConvNeXt [23] blocks, with a grid size
of [0.4m, 0.4m]. The feature matrix for each camera
sensor after the encoder is in shape [8, 144, 256], as
we fix the target channel, width and height of the out-
put to deal with the different resolution specification in
two datasets. Multi-head attention is configured with cor-
responding learnable embeddings, attention heads of 8§,
and a dropout rate of 0.1. The pyramid fusion conducts
multi-level fusion with widths (i.e., the last dimension of
BEV map feature shape) at 256, 128 and 64 consequently.
For fair comparison with existing approaches, the detec-
tion range in both training and evaluation is set to x €
[—102.4m, +102.4m], y € [-51.2m, +51.2m|. A Non-
Maximum Suppression (NMS)-based object detection head
is added, which processes the outputs of the classification,

regression, and orientation predictions to generate final de-
tections. Average precision (AP) is then calculated at dif-
ferent intersection-over-union (IoU) thresholds.

Training configurations: Three loss functions—for
classification, regression, and orientation—are used, with
the foreground map incorporated into the loss calculation.
We adopt the Adam optimizer with an initial learning rate
of 0.002, which is reduced by a factor of 0.1 from epoch 15
to 25 for DAIR-V2X (30 epochs in total) and from epoch 35
to 40 for OPV2V (40 epochs in total). Training on a single
NVIDIA RTX 6000 Ada takes approximately 6 hours for
DAIR-V2X and 36 hours for OPV2V.

4.3. Quantitative & Visualization Results

As shown in Tab. 1, we compare our approach with the best
performances of existing methods [11, 16, 24-27, 34], each
evaluated under its optimal modality configuration as re-
ported in their original papers. For a fair and consistent
comparison, we re-implemented or reproduced all listed re-
sults under identical experimental settings. The number of
collaborating agents is fixed at 2 for DAIR-V2X and up to
5 for OPV2YV, with the same detection range applied. A key
distinction is that most compared methods (except BM2CP)
achieve their best results using only LiDAR data from all
agents, as documented in their papers.

We also evaluate our methods under varying numbers
and combinations of agents and modalities on both datasets,
as shown in Tab. 2, where “+” separates two agents, “L”
denotes LiDAR-only, “C” camera-only, and “LC” LiDAR-
camera-both. All models are trained only once with full
multi-modal multi-agent setting (i,e,. LC+LC), and directly
used for inference in all other configurations. The multi-
modal results of HEAL and CoBEVT marked with “*” in
Tab. 2, are achieved by their proposed BEV fusion modules
to fuse LIDAR-BEVs and camera-BEVs (with estimated
depth from camera data) from participating agents.

Notably, CoBEVT and HEAL show performance drops
when BEVs generated from camera data are included, as
seen in the AP30 column of Tab. | and the LC+LC col-
umn under DAIR-V2X (AP30) in Tab. 2, with decreases
of 5.6% and 19.9%, respectively. A similar degradation
appears on OPV2V, where HEAL and CoBEVT drop by
6.8% and 27.1% in APS50, as shown in Fig. 6 and the right
side of Tab. 2. In contrast, our approach fully exploits the
complementary strengths of camera data by fusing its se-
mantics directly into the robust LiDAR-BEYV, rather than
generating a separate camera-BEV. This advantage is es-
pecially clear when comparing HEAL with our method,
as our cross-modal fusion extends HEAL’s LiDAR-only
backbone. Moreover, our framework significantly outper-
forms BM2CP—another method designed for multi-modal
input—highlighting the strength of our design.

To assess the impact of the number of participating
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Dataset DAIR-V2X OPV2V
Method Modal | AP30 | AP50 | AP50 | AP70
AttFusion L 0.738 | 0.673 | 0.878 | 0.751
DiscoNet L 0.746 | 0.685 | 0.882 | 0.737
V2XViT L 0.785 | 0.521 | 0.917 | 0.790
CoBEVT L 0.787 | 0.692 | 0.935 | 0.851
BM2CP LC 0.802 | 0.743 | 0.935 | 0.896
HM-ViT L 0.818 | 0.761 | 0.950 | 0.873
HEAL L 0.832 | 0.790 | 0.963 | 0.926
CoS-CoCo LC 0.854 | 0.811 | 0.965 | 0.937
PTP LC 0.862 | 0.817 | 0.970 | 0.945
PRGAF LC 0.869 | 0.823 | 0.972 | 0.946

Table 1. Best performances of existing cooperative perception
methods and our proposed approaches across different datasets,
with identical modality setup per agent in each method.

Dataset DAIR-V2X (AP30) OPV2V (AP50)
Modality LC | LC+C | LC+L | LC+LC | LC | LC+C | LC+L | LC+LC
CoBEVT* | 0.146 | 0.553 | 0.589 | 0.588 | 0.472 | 0.604 | 0.647 | 0.643
HEAL* 0.237 | 0.574 | 0.692 | 0.776 | 0.581 | 0.636 | 0.733 | 0.854
BM2CP | 0.639 | 0.645 | 0.793 | 0.802 | 0.679 | 0.687 | 0.899 | 0.914
PTP 0.707 / 0.743 | 0.862 | 0.820 / 0.875 | 0.955
PRGAF | 0.711 / 0.842 | 0.869 | 0.825 / 0.941 0.957
CoS-CoCo | 0.705 | 0.712 0.848 | 0.854 | 0.821 | 0.837 | 0.946 0.952

Table 2. The performance comparison regarding the combination
of agents number and modality setting in different approaches.
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Figure 6. Comparison of AP50 scores on OPV2V with different
maximum agent counts across our methods and key baselines.

agents in cooperative perception on our proposed meth-
ods, we conduct a series of controlled experiments on the
OPV2V dataset. As illustrated in Fig. 6, these experiments
systematically evaluate how performance scales with vary-
ing numbers of collaborating agents, providing insights into
the effectiveness and adaptability of our approach under dif-
ferent cooperation levels.

Additionally, we evaluate the impact of pose errors, as
shown in Fig. 7, by adding Gaussian noise to the otherwise
calibrated pose data (position and rotation) of DAIR-V2X,
which is crucial for computing the transformation matrix
that aligns features. Results show that our methods consis-
tently outperform others under varying levels of pose noise.
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Pose Noise Std. Dev. (position in meters, yaw in degrees)

Figure 7. Comparison of AP30 scores on DAIR-V2X with pose
noise: NV(0, o2) for 2,y and NV(0, o) for yaw angle.

The communication budget for transmitting intermedi-
ate BEV feature in PTP is 4 MB per agent per frame (un-
compressed), but can be reduced to under 2 MB on aver-
age (47.56% compression) using lossless methods like zlib,
thanks to BEV feature sparsity. CoS-CoCo introduces a
flexible load by adding ~0.2 MB of uncompressed cam-
era data per agent to the base 4 MB LiDAR-BEYV, support-
ing LiDAR-only (4 MB), camera-only (0.2 MB), or both
modalities (4.2 MB, same as PRGAF) to adapt to differ-
ent bandwidth constraints. To reduce this substantial ~4
MB per-frame budget, an autoencoder can compress fea-
tures by shrinking channel dimensions for all three struc-
tures; tests show that a 32-fold compression (e.g., down to
0.125 MB for PTP) results in at most a 0.5% AP30 drop
on DAIR-V2X, with under 2 ms extra computation. The
proposed RG-Attn module introduces minimal latency, re-
quiring less than 4 ms per cross-modal fusion. The total
inference time—from raw input to final fused BEV—is ap-
proximately 40 ms for PTP and CoS-CoCo, and 65 ms for
PRGAF (measured in a two-agent cooperative setting).

In addition to quantitative results, we provide visual-
izations in Fig. 8 to demonstrate the effectiveness of RG-
Attn. Specifically, Fig. 8(a) illustrates a representative sce-
nario where cross-modal fusion helps resolve challenging
regions—areas where LiDAR-only BEV fails to support
correct detection, but RG-Attn enhanced BEV succeeds.
Fig. 8(b—c) further compare heatmaps from selected BEV
feature map channels (extracted from the classification head
and used as input to the NMS-based detection head) be-
tween the RG-Attn fused and LiDAR-only settings.

4.4. Performance Analysis

Fusion Effectiveness: As shown in Tab. 1, all three RG-
Attn-enabled architectures outperform existing methods,
benefiting from the module’s effective cross-modal fusion
capabilities. PRGAF achieves the highest accuracy on
both benchmarks, surpassing the previous SOTA method
HEAL by +3.7% AP30 on DAIR-V2X and +2.0% AP70
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R ooperating R

(a) RG-Attn enhances BEV features for improved detection

Cross-modal fused Cross-modal fused (zoom in)

LiDAR-only LiDAR-only (zoom in)

0.4
0.2
0.0

(b) BEV feature heatmap — Channel 2/6 (classification head output)
Cross-modal fused (zoom in)

Intensity

Cross-modal fused

LiDAR-only LiDAR-only (zoom in)

Intensity

0.0

(c) BEV feature heatmap — Channel 4/6 (classification head output)

Figure 8. Visualization of RG-Attn’s effectiveness in a representa-
tive scenario.

on OPV2YV, by fully exploiting the potential of RG-Attn in a
pyramid manner. This performance advantage remains con-
sistent across varying numbers of participating agents and
levels of pose noise, as illustrated in Fig. 6 and Fig. 7. The

gain stems from the intra-agent fusion stage, where camera
semantics are effectively “glued” onto the intact, sampled
LiDAR-derived BEV map—yielding enriched and coher-
ent representations. In contrast, during inter-agent fusion
in CoS-CoCo, aligning the BEV map with a remote agent’s
camera FOV can produce edge cases where the projected
area reaches the LIDAR BEV boundary or lacks valid over-
lap, leading to fragmented, distorted, or missing semantics
and reduced fusion effectiveness.

Generalization: As shown in Tab. 2, CoS-CoCo demon-
strates superior robustness and adaptability under hetero-
geneous sensor settings. Without any additional training
or fine-tuning, it maintains competitive performance when
integrating agents with different modality configurations,
highlighting its suitability for real-world deployment.

Ablation Component: We evaluate different positional
encoding strategies within RG-Attn in Tab. 3. Removing
positional encoding yields the poorest performance, though
it still outperforms the no-cross-modal baseline. In con-
trast, both learnable encoding and depth-height hybrid en-
coding achieve comparable results under the PTP setting.
In the hybrid scheme, the LIDAR BEV positional encod-
ing corresponds to the radial depth of the sampled grid (via
the GridSectorSample process), while the camera-side posi-
tional encoding reflects the vertical position (height) of se-
mantics within the camera’s 2D feature column. The learn-
able encoding consists of two shared tensors, independently
applied to the LiDAR BEV and camera feature columns
prior to the column-wise attention operation.

Dataset DAIR-V2X
Method AP30 | AP50 | AP70
No Cross-Modal attention 0.832 | 0.790 | 0.624
No positional encoding 0.855 | 0.812 | 0.634
Depth-height hybrid encoding | 0.861 | 0.817 | 0.645
Learnable positional encoding | 0.862 | 0.823 | 0.642

Table 3. Comparison of different positional encodings and a no
cross-modal baseline for RG-Attn in the PTP architecture setting.

5. CONCLUSION AND FUTURE WORK

This work marks an initial step toward comprehensive
multi-modal multi-agent fusion for cooperative perception,
with clear opportunities for future improvements. The RG-
Attn module can be further refined for improved cross-
modal alignment under noisy sensing, and the framework
could integrate the complementary strengths of all three
structures to balance flexibility, accuracy, and efficiency.
In summary, we demonstrate that our designs achieve high
perception accuracy and computational efficiency in coop-
erative settings. We hope this work fosters continued explo-
ration and discussion in the field of multi-modal multi-agent
cooperative perception.
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