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Abstract— Collaborative perception aims to extend sensing
coverage and improve perception accuracy by sharing infor-
mation among multiple agents. However, due to differences
in viewpoints and spatial positions, agents often acquire het-
erogeneous observations. Existing intermediate fusion methods
primarily focus on aligning similar features, often overlooking
the perceptual diversity among agents. To address this limi-
tation, we propose CoBEVMOoE, a novel collaborative percep-
tion framework that operates in the Bird’s Eye View (BEYV)
space and incorporates a Dynamic Mixture-of-Experts (DMoE)
architecture. In DMoE, each expert is dynamically generated
based on the input features of a specific agent, enabling it to
extract distinctive and reliable cues while attending to shared
semantics. This design allows the fusion process to explicitly
model both feature similarity and heterogeneity across agents.
Furthermore, we introduce a Dynamic Expert Metric Loss
(DEML) to enhance inter-expert diversity and improve the dis-
criminability of the fused representation. Extensive experiments
on the OPV2V and DAIR-V2X-C datasets demonstrate that
CoBEVMOE achieves state-of-the-art performance. Specifically,
it improves the IoU for Camera-based BEV segmentation by
+1.5% on OPV2V and the AP@0.5 for LiDAR-based 3D object
detection by +3.0% on DAIR-V2X-C, verifying the effectiveness
of expert-based heterogeneous feature modeling in multi-agent
collaborative perception. The source code will be made publicly
available at https://github.com/godk0509/CoBEVMOE.

I. INTRODUCTION

The perception module serves as the cornerstone of safe
autonomous driving operations, providing reliable environ-
mental priors for downstream tasks such as path plan-
ning [1]. Due to limitations in sensor coverage and viewpoint
constraints inherent in single-agent perception, multi-agent
collaborative perception has emerged as a key paradigm
for enhancing the environmental awareness of autonomous
driving [2]-[6]. Multiple intelligent agents, such as vehicles,
form collaborative perception systems by sharing sensory
information, enabling safe operation beyond visual range.

Due to the complex kinematic interactions among multi-
ple vehicles, the effective fusion of perceptual information
from diverse agents constitutes a core technical challenge
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Fig. 1. (a) Conventional attention-based fusion suppresses agent-specific
cues, causing missed perception (red box). Our DMoE-based fusion pre-
serves heterogeneous features and correctly segments the target. (b) Quanti-
tative comparison on OPV2V BEV semantic segmentation and DAIR-V2X-
C 3D object detection, showing consistent IoU and AP improvements.

in collaborative perception systems. Bird’s-Eye View (BEV)
represents 3D environmental information in a 2D planar
space [7]. The BEV spaces of different vehicles can be
aligned solely based on their relative poses, providing an ef-
ficient unified spatial framework for collaborative perception
systems. V2VNet [8] introduced spatial transformation to
aggregate BEV features from multiple agents. CoOBEVT [9]
utilized a Swin Transformer-based fusion backbone with
alternating window-grid attention to improve the spatial
granularity of multi-agent BEV feature fusion. V2X-ViT [10]
further incorporates Transformer encoders to model long-
range inter-agent dependencies. Although these methods
significantly enhance collaborative perception performance,
they primarily focus on shared semantic features among
agents while overlooking their individualized characteristics.

Agents with significant positional and orientational dis-
parities often observe unique or complementary features that
may be occluded or outside the field of view of other agents.
These viewpoint-specific cues can be highly informative for
improving perception, especially under partial occlusions or
sensor failures. As illustrated in Figure 1, when a target
is observed by one agent but neglected by another, current
similarity-guided fusion methods fail to detect this target.
Motivated by this, a successful multi-agent collaboration
method should account for both feature commonality and
heterogeneity, allowing agents to contribute uniquely based
on their observations.

In this work, we propose CoBEVMOoE, a novel collab-
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orative perception framework designed to explicitly model
both the similarity and diversity of multi-agent observations
in the BEV space. The similar features across different
agents can be effectively integrated using well-established
attention mechanisms. Simultaneously, this paper aims to
achieve parallel learning of differentiated features across
various agents using independent modules. Interestingly, this
concept is closely aligned with the Mixture of Experts (MoE)
paradigm [11] where each expert independently acquires
knowledge within its specialized domain, while a gating
network dynamically controls the contribution of each expert.
However, in traditional MoE systems, experts are initialized
randomly. This paper aims to specialize each expert in
learning the personalized information of individual vehicles.
To achieve this, we propose a Dynamic Mixture-of-Experts
(DMOE) module. It leverages the MoE principle to assign
each agent a dynamically generated expert. These experts are
conditioned on the local features of each agent and capture
distinct, agent-specific patterns. All expert outputs are then
adaptively fused through a gated aggregation mechanism that
accounts for reliability and complementarity. This formula-
tion allows our framework to go beyond uniform fusion,
enabling it to retain unique perceptual cues from different
viewpoints while still integrating shared semantics. To further
encourage expert diversity and prevent representational col-
lapse, we introduce a Dynamic Expert Metric Loss (DEML),
which promotes proximity between each expert and the fused
feature while pushing different experts apart.

We verify the effectiveness of our framework on two
challenging collaborative perception benchmarks. CoBEV-
MoE achieves notable gains across both camera and LiDAR
modalities, with up to +1.5% IoU improvement on BEV
segmentation and +3.0% AP@0.5 gain on 3D detection,
outperforming strong baselines such as CoBEVT [9] and
AttFuse [12]. These results demonstrate the advantages of
our expert-based heterogeneous fusion design.

Our main contributions are summarized as follows:

o We rethink the precise fusion of multi-source informa-
tion in collaborative perception from the perspective of
agent-specific diversity and propose a novel dynamic
mixture-of-experts-based framework, CoOBEVMOoE, to
improve collaborative perception accuracy.

o We design an expert kernel dynamic initialization Dy-
namic Mixture-of-Experts module, which guides the
learning direction of experts using the personalized
features of agents. Simultaneously, a Dynamic Expert
Metric Loss is designed to ensure the differentiation
among experts, thereby guaranteeing the effective learn-
ing of personalized features.

o We verify the proposed CoBEVMoE method on two
large-scale collaborative perception datasets. CoBEV-
MoE consistently outperforms strong baselines in 3D
object detection and semantic segmentation.

II. RELATED WORK
A. Collaborative Perception

Most autonomous driving perception systems are built
upon single-agent sensor data. While multi-sensor fusion
improves perception accuracy, it still suffers from blind spots
and a limited sensing range. Collaborative perception ad-
dresses these issues by enabling information sharing among
multiple agents, leading to more comprehensive environmen-
tal awareness [13]-[16]. According to the fusion stage, col-
laborative perception methods are generally categorized into
early, intermediate, and late fusion. Early fusion aggregates
raw sensor data [17], but incurs prohibitive communication
costs. Late fusion merges individual perception outputs [18],
which is often sensitive to noise and error accumulation.
Intermediate fusion performs collaboration at the feature
level, offering a favorable trade-off between performance
and communication efficiency, and has therefore become
the dominant paradigm in recent studies [8], [19]-[21].
V2VNet [8] and DiscoNet [22] introduced intermediate fu-
sion frameworks where BEV features were fused through a
graph neural network. Recently, HEAL [20] and STAMP [21]
addressed scalability and heterogeneity by pruning or learn-
ing dynamic communication graphs.

Subsequent research explored various feature fusion mech-
anisms to better handle spatial misalignment and inter-
agent redundancy. AttFusion [12] and V2X-ViT [10] in-
corporated attention-based modules to weigh features from
different agents adaptively. COBEVT [9] proposed a Swin
Transformer-based fusion backbone with window-grid al-
ternating attention, enhancing local-global spatial interac-
tions. Additionally, other works focused on robustness is-
sues such as communication delays [23]-[27], positioning
errors [28], [29], or adverse weather conditions [30]-[32]
that may occur during the collaborative perception process.
In practice, agents may observe the same scene from distinct
perspectives, yielding non-overlapping but informative cues.
Existing fusion strategies [8], [9] often suppress these subtle
differences through averaging or global attention, which
may degrade the final representation in complex, occluded
scenes. To address this, our method introduces dynamically
generated expert kernels that are initialized from unique
features of each agent, allowing the model to extract and
preserve unique perceptual cues during the fusion process.

B. Mixture-of-Experts Models

Mixture-of-Experts (MoE) [11] is a conditional computa-
tion architecture that assigns input samples to a sparse subset
of specialized expert networks via a gating mechanism. This
approach has proven effective in scaling deep networks while
maintaining diversity and efficiency. In NLP, models such
as GShard [33] and Switch Transformer [34] leverage MoE
to distribute computation and capture linguistic variation. In
vision, MoE has been applied to tasks like image classifi-
cation [35] and video understanding [36], showing strong
performance gains on heterogeneous data.

Recent studies have extended MoE to multi-modal
and multi-view perception. MetaBEV [37] incorporated
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Illustration of the proposed CoBEVMOE framework. Each agent first extracts BEV features from its raw sensory inputs, which are then spatially

aligned and transmitted to a central aggregator. A Dynamic Mixture-of-Experts (DMoE) module generates agent-specific expert kernels and performs
adaptive feature aggregation through a learned gating mechanism. The resulting fused representation is subsequently decoded for downstream perception
tasks, including semantic segmentation and 3D object detection. To encourage inter-expert diversity while maintaining consistency with the fused feature,
we introduce a Dynamic Expert Metric Loss (DEML), depicted in Lpgmr, in the figure. This loss promotes diverse yet coherent expert representations,

ultimately enhancing the quality of the final fusion.

an attention-based mixture of experts mechanism to learn
modality-specific weights, enabling the adaptive fusion of
reliable multi-modal features. MapExpert [38] used MoE
to decode various non-cubic map elements, improving map
accuracy and efficiency. MoE-Fusion [39] applied MoE to
infrared and visible image fusion, achieving superior results.

These approaches directly apply the classical MoE
paradigm to perception tasks, where each expert is learned
implicitly within the model without a predefined or spe-
cialized learning objective. In contrast, this paper aims to
anchor the learning objectives of the experts. To this end,
we build upon the MoE foundation and propose a dynamic
expert kernel, which leverages features from different agents
to guide and specialize the learning direction of each expert.

III. METHODOLOGY

A. Problem Formulation

Let A = {1,2,...,N} denote a set of N collaborating
agents. Each agent ¢ € A is equipped with multiple cameras
(or other sensors) to observe its surroundings and generate
local multi-view image features. These features are trans-
formed into a bird’s-eye-view (BEV) representation using a
shared image-to-BEV encoder, yielding a local BEV feature
map x; € REXHXW where C is the feature dimension and
H,W are spatial dimensions.

Each agent then transmits its BEV features to a central
fusion module (or to neighboring agents), which aligns the
features via spatial transformation using ego-pose informa-
tion. The aligned features from all agents form a set:

X = {x1,Xa,.. e ROXHXW, (1)

The goal of the collaborative perception system is to fuse
the set X' into a unified representation Fyyeq € RE*HTXW
that accurately describes the shared environment. This fused

'aXN}a X

representation is then used for downstream tasks such as 3D
object detection or BEV semantic segmentation.

The key challenge lies in effectively leveraging both
the redundancy (i.e., overlapping observations of the same
object) and the heterogeneity (i.e., complementary views and
occlusion differences) among agents. To address this, we
adopt an intermediate fusion paradigm, which provides a
balanced compromise between early fusion, where raw data
are directly shared, and late fusion, where only decision-
level information is exchanged, by transmitting intermediate
features among agents.

B. Overview

We revisit the collaborative perception problem from the
perspective of agent-specific diversity and propose a new
framework, CoBEVMOoE. The framework consists of an
image encoder, a BEV encoder, an intermediate collaboration
module, a decoder, and a task head. Specifically, the image
encoder (i.e., ResNet34) extracts multi-view features from
raw images, and the BEV encoder (i.e., SinBEV Trans-
former) transforms them into BEV features. The intermediate
collaboration module integrates our proposed Dynamic Mix-
ture of Experts (DMoE) with Dynamic Expert Metric Loss
(DEML) to fuse BEV features from all agents into a unified
representation that improves perception. The decoder then
processes the fused features, while the task head produces
either BEV semantic segmentation or 3D object detection
results. Our focus is on leveraging the diversity of agent
perception features during collaboration to improve accuracy.
To this end, we design the DMoE module with a DEML
optimisation constraint.

C. Dynamic Mixture-of-Experts Fusion

Although prior work has demonstrated that MoE archi-
tecture can enhance the integration of multi-source features,
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conventional MoE architectures are ill-suited for multi-agent
collaborative perception due to the divergent observational
perspectives of each agent. To tackle the challenge of fus-
ing heterogeneous features in multi-agent collaboration, we
propose a novel intermediate collaboration module dubbed
DMOoE. It is designed to explicitly model both inter-agent
relationships and agent-specific feature variations, thereby
further advancing performance. Motivated by these limita-
tions, we design a Dynamic Mixture of Experts (DMoE)
module tailored for multi-agent collaboration, which adap-
tively learns and emphasizes the key contributions from
each agent and explicitly models both the shared and agent-
specific features in collaborative perception.

a) Expert Kernel Generation: We first describe the
construction of each expert in the proposed DMoE module.
Unlike conventional designs where parameters are solely
optimized via gradient descent, the parameters of each expert
are dynamically generated conditioned on the input BEV fea-
tures. Specifically, following the principle of dynamic convo-
lution, each expert is instantiated as a dynamic convolutional
layer whose kernels are adaptively generated from the input.
After applying spatial transformation and feature aggregation
across agents, we obtain the aligned BEV representations
from the NV collaborating agents, denoted as:

X = {x1,%0,...,xn} € REXNXOXHXW (2)

where B is the batch size, N is the number of agents, and
C, H, W are the channel and spatial dimensions.

For each agent k, the BEV feature x is first subjected to
spatial global average pooling:

zr, = AvgPool(xy) € REXC 3)

where typically C' < C - H - W.
Then, the pooled vector z;, is processed by an MLP:

h;, = MLP(z;) € RP*4, 4)

and then decoded via a deconvolution block to generate a
convolutional kernel:

W, = Deconv(hy,) € RBXC*Cx3x3, 5)

b) Gating Mechanism: After the expert kernels are
generated, their contributions to the output are determined
through a gating unit. The gating unit is designed to generate
gating functions based on the input features and serves
as a fundamental component of the proposed DMoE. It is
responsible for coordinating the participation of each expert
and combining their outputs. Specifically, we apply global
average pooling along the channel dimension of the input
collaborative features F, € REXCXHXW " and then use a
softmax function to generate the weights a for each expert:

a = softmax (Gate(AvgPool(F.))) € RP*N_ (6)

To handle invalid agents, we apply a binary mask M &
{0,1}B*E to the gating weights:

& = softmax (a ® M + (1 — M) - (—o0)), @)

where © denotes element-wise multiplication.

c¢) Domain Expert Construction: In the proposed
DMoE module, we construct an expert for each agent,
enabling it to extract key features from its unique perspective
and organically fuse them for higher-quality collaborative
perception. Each expert is designed as a dynamic con-
volutional layer. When it receives a feature input F. €
RBXCxHXW it ytilizes the unique convolution kernel gen-
erated by the Expert Kernel Generation module to produce
the corresponding feature Ey:

Ek = Wk * Fc. (8)

Therefore, each expert acquires unique knowledge and
contributes distinctly to the feature fusion.

d) DMoE Fusion Module: The DMoE fusion module
is composed of an expert kernel generation unit, a self-
attention fusion layer, a gating mechanism, and a set of
experts. Specifically, the aligned BEV features X are fed
into the expert kernel generation module, and the generated
expert kernels are assigned to each expert. Then, the X is
directly input into the self-attention fusion layer to produce
the preliminary fused BEV feature:

F. = SelfAttn(X) € REXCXHXW, )

Here, we use the original SwapFusion module from
CoBEVT [9] as our baseline. Each expert applies its gener-
ated convolution kernel W, to the preliminary fused feature
F. to produce the expert output E;. All expert output
features are stacked as:

E = [E|,E;,...,En] € RBXNXCXHXW

(10)
Finally, the expert weights obtained from the gating unit
are combined with a residual connection to perform a
weighted summation over the experts’ outputs, enhancing
the stability and expressiveness of the MoE output feature.
This residual structure preserves both the shared semantic in-
formation and the expert-specific enhancements in the fused
representation. The overall process proceeds as follows:

L
Fuoe = Y - B (11)
k=1
Fres = Fc + FMoEo (12)

Unlike conventional fusion mechanisms [37], [39], the pro-
posed DMOoE not only captures spatial-temporal relationships
across agents but also preserves the diversity of individual
perspectives, enabling a more comprehensive and discrimi-
native feature representation.

D. Dynamic Expert Metric Loss

Although the DMoE module effectively captures hetero-
geneous agent features, the extracted features may still lack
sufficient regularization, potentially resulting in suboptimal
performance. To address this, we introduce a Dynamic Ex-
pert Metric Loss (DEML) that serves as an internal regular-
izer for the DMoE module, aiming to prevent expert collapse
by promoting functional diversity among agent-conditioned
experts while maintaining consistency with the fused feature.
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It differs from contrastive learning in that DEML operates
on intra-sample expert outputs rather than learning instance-
level representations.

a) Expert Triplet Construction: Contrastive learning-
based metric learning has shown strong performance in tasks
that require fine-grained feature representations, as it directly
optimizes the embedding space to preserve clear distinctions
among embeddings. Motivated by this, we construct a unique
triplet for each expert.

The initial fused feature F. output by the self-attention
fusion layer contains relatively complete semantic informa-
tion. We take F. as the anchor to ensure that the experts’
outputs do not deviate from the overall task objective. For
each expert, we select its own output Ej as the positive
sample, and choose the output of the most similar expert
(based on mean squared error) from the remaining experts
as the hardest negative sample E; This ensures that the
distance between positive and negative samples is sufficiently
large, encouraging diversity among experts while learning the
specific characteristics of each agent’s features:

Ty = (Fe, Ex, E;), (13)
E; = arg min MSE(E;, Ey,).
i#k
b) Expert Metric Loss: Based on the constructed
triplets, we define an expert-specific loss to guide the op-
timization process. Specifically, the Lo distance is employed
to measure the distances between the anchor, positive, and
negative samples. The objective is to minimize the distance
between the anchor and positive sample while ensuring
that the distance between the positive and negative samples
exceeds a predefined margin. This encourages the positive
sample to remain close to the anchor and the negative sample
to stay farther away. The triplet loss for expert k is then
defined as follows:

(14)

. 1
d’gos = BHEIC - Fc”%; (15)
1
neg ZI}QQBHEk - Ej3. (16)
‘ct]f‘iplet = max (Oa dl;os - dllfeg + m>7 (17)

where m>0 is a margin hyperparameter. And the overall
expert regularization loss is formulated as:

1
LppmL = - § (d];os +p- ﬁtliiplet)a (18)
Nvahd &

where Ny, represents the number of valid experts, and 3

is a balancing coefficient that weights the two terms.
Finally, we integrate the expert-specific DEML, scaled by

a balancing hyperparameter ), with the original loss objective

to obtain the total training loss:
Liotal = Lask + A - LpEML, (19)

where L denotes the task-specific loss corresponding to
different tasks, such as segmentation or detection.

IV. EXPERIMENTS
A. Datasets

To evaluate the effectiveness of the proposed method,
we conducted extensive experiments on both the simulated
dataset OPV2V [12] and the real-world dataset DAIR-V2X-
C [18] for comprehensive verification.

OPV2V is a large-scale vehicle-to-vehicle collaborative
perception dataset collected in CARLA and the cooperative
driving automation tool OpenCDA. It comprises 12,000
LiDAR point cloud frames and RGB images with 230, 000
annotations of 3D bounding boxes, with an image resolu-
tion of 600x800, providing a diverse set of scenarios for
evaluating perception algorithms.

DAIR-V2X-C is a widely-used real-world vehicle-to-
infrastructure collaborative perception dataset, consisting of
38,845 frames of image data and point cloud data, with
an image resolution of 1080x1920, covering diverse urban
driving scenarios for evaluation.

B. Evaluation Metrics

To ensure fair and comprehensive evaluation, we adopt
task-specific metrics for both BEV segmentation and 3D
object detection.

For the BEV semantic segmentation task on OPV2V, we
report the Intersection over Union (IoU) for each semantic
category, including vehicle, drivable area, and lane. The IoU
metric is defined as the ratio of the intersection to the union
between predicted and ground truth masks, which effectively
captures the overlap quality of semantic regions. Higher IoU
indicates better segmentation accuracy and robustness against
occlusion and viewpoint changes.

For the 3D object detection task on DAIR-V2X-C, we
employ the Average Precision (AP) at different Intersection-
over-Union thresholds, specifically AP@0.3 and AP@Q.5,
following standard practice in V2X perception. The AP
metric measures the area under the precision-recall curve, re-
flecting the trade-off between detection precision and recall.
The use of multiple IoU thresholds allows us to evaluate both
coarse and fine-grained localization accuracy of detected
objects in collaborative settings.

To quantify inter-expert diversity, we report Pairwise Co-
sine Diversity (PCD). Given expert outputs {Ek}ivz"l“ we
obtain compact vectors by global average pooling: v; =
GAP(E)) € RBXY We compute the average pairwise
cosine similarity

vy ®)

2
- - E, v J
WoaaNs 1) 2 [nvib’anvi-% +e

i<j

ES =

(20)
and define PCD = 1 — ES, where higher PCD indicates
stronger diversity among experts.

C. Experimental Setup

Implementation Details. Following CoBEVT [9], we
assume all the AVs have a 70m communication range, and all
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TABLE I
IOU oF BEV SEGMENTATION ON OPV2V DATASET CAMERA-TRACK.

Methods [ Veh. | DrArea | Lane
F-Cooper [19] 52.5 59.0 47.2
AttFuse [12] 51.9 60.5 47.9
DiscoNet [22] 52.9 57.6 43.4
V2VNet [8] 53.5 58.2 43.8
CoBEVT [9] 60.4 61.2 48.8
Ours (CoBEVMOE) 61.9 (+1.5) 61.8 (+0.6) 50.5 (+1.7)

the vehicles outside this broadcasting radius of the ego vehi-
cle will not have any collaboration. For the OPV2V camera-
track BEV semantic segmentation, we choose ResNet34
as the image feature extractor. The transmitted BEV in-
termediate representation has a resolution of 32x32x128.
For the DAIR-V2X LiDAR-track 3D object detection, we
select PointPillar [40] as the point cloud feature extractor
and set the voxel resolution as (0.4,0.4,4) on the X, Yy,
and z-axis. The architecture settings are the same as [40].
The MLP used in the dynamic kernel generator consists
of two fully connected layers with a hidden dimension of
128 and ReLU activation. The kernel generator employs a
transposed convolution with kernel size 3 x 3, stride 1, and
no padding, which maps a 128-dimensional latent embedding
to dynamic convolutional kernels of size 128 x 128 x 3 x 3.
For the Dynamic Expert Metric Loss (DEML), we set the
margin m = 0.5 and the weighting factor 8 = 1.0 for all
experiments.

We train the whole model end-to-end with the Adam
optimizer and the cosine annealing learning rate scheduler.
We train all models on a single NVIDIA RTX A6000 GPU
with 150 epochs and a batch size of 2.

D. Quantitative and Qualitative Evaluation

OPV2V camera-track results. Table I reports the per-
formance of our method and several strong baselines on the
camera-based BEV segmentation task. Compared to existing
methods such as AttFuse [12] and CoBEVT [9], our pro-
posed CoOBEVMOE consistently achieves higher IoU across
all categories. Compared to CoBEVT, our method improves
the IoU for vehicle, drivable area, and lane segmentation by
+1.5%, +0.6%, and +1.7%, respectively. This performance
gain can be attributed to the joint effect of our DMoE module
and the DEML. The DMoE module enables each agent
to dynamically capture both redundant and complementary
information, while the DEML encourages feature diversity
across agents, mitigating information collapse. As shown in
Fig. 3, different experts focus on diverse spatial patterns,
complementing each other and contributing to a more com-
prehensive fusion representation.

DAIR-V2X LiDAR-track results. We further evaluate the
3D object detection performance of COBEVMOE on the real-
world DAIR-V2X-C dataset, which provides LiDAR point
clouds under an infrastructure-to-vehicle collaboration set-
ting. As shown in Table II, our method outperforms CoBEVT
by +0.7% on AP@0.3 and +3.0% on AP@0.5. These results
confirm that our framework not only excels in camera-based
BEV segmentation but also generalizes effectively to geo-
metric perception tasks in realistic V2X environments. The

/‘.
l

(a) ground truth (c) expertl

(e) expert3

(b) predicted (d) expert2 (f) expert4

Fig. 3.  Qualitative comparison among different expert feature maps.
(a) shows the ground truth BEV semantic map. (b) shows the predicted
BEV semantic map, while (c-f) depict the activation maps of four different
experts in our DMoE module. The four experts focus on different spatial
patterns, indicating the diversity in feature extraction. This complementary
behavior contributes to a more comprehensive and robust feature fusion in
the downstream task. TABLE II

AVERAGE PRECISION (AP) OF 3D DETECTION ON THE DAIR-V2X
LIDAR-TRACK.

Methods | | AP@0.3 | AP@0.5
F-Cooper [19] 72.3 62.0
AttFuse [12] 73.8 67.3
DiscoNet [22] 74.6 68.5
V2XViT [10] 77.6 52.1
CoBEVT [9] 77.9 67.3
Ours (CoBEVMOoE) 78.6 (+0.7) 70.3 (+3.0)

improvements demonstrate that the proposed DMoE module
can handle sensor noise, occlusion, and spatial misalignment,
while the expert-based fusion strategy enhances adaptability
to diverse real-world deployment scenarios.

Qualitative comparisons in Fig. 4 further demonstrate that
CoBEVMOoE generates more complete and accurate BEV
segmentations than the baseline, particularly for distant or
occluded targets.

Moreover, Fig. 5 visualizes BEV feature maps before and
after DMoE fusion. The enhanced features exhibit clearer and
more focused activations, indicating that our expert-based
fusion improves feature quality and semantic alignment.

E. Ablation Studies

Ablation studies on hyperparameters. Table III reports
the ablation study on the loss weight A of the DEML,
conducted on the OPV2V camera-based segmentation task.
We vary A from 0 to 1.0 with an interval of 0.2. As shown
in the table, the performance remains relatively stable when
A ranges from 0.0 to 0.6, with the best results achieved at
A = 0.4, where vehicle, drivable area, and lane segmentation
reach their highest IoUs. This indicates that a moderate
loss weight provides sufficient regularization for the DMoE
module, encouraging feature diversity without overwhelming
the primary segmentation objective. In contrast, excessively
small weights (e.g., A = 0.2) fail to impose effective con-
straints, while overly large weights (e.g., A > 0.8) dominate
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(a) ego (b) cavl

Fig. 4. Qualitative results of collaborative BEV segmentation. From left to right: (a) ego vehicle’s front camera image, (b—c) front camera images from
two collaborating agents (cavl and cav2), (d) ground truth BEV segmentation, (e) result of the baseline fusion method, and (f) result of our proposed
CoBEVMOoE. Compared to the baseline, our method produces more complete and precise semantic segmentation, especially for distant or partially occluded

targets, demonstrating its ability to effectively integrate complementary views and retain agent-specific information.

(a) ground truth

(b) prediction (c) before DMoE (d) after DMoE

Fig. 5. Visualization of BEV feature maps before and after the DMoE
fusion module. (a) shows the ground truth BEV semantic map. (b) shows
the predicted BEV semantic map. (c) presents the feature activation of a
representative channel before DMoE fusion, while (d) displays the output
after fusion. The DMoE-enhanced feature map demonstrates clearer and
more focused activations, indicating that our expert-based fusion improves
feature quality and semantic alignment.

the optimization, leading to degraded semantic segmentation
performance. These results highlight the importance of bal-
ancing the expert regularization and the main task loss for
stable and effective training.

Component analysis. Table IV presents an ablation study
on the key components of COBEVMOoE. From the results,
we can see that each proposed component contributes in-
cremental improvements. Adding a Vanilla MoE improves
IoU by +0.4 on vehicles, while DMoE further boosts it
by an additional +0.5. Incorporating the DEML yields a
final gain of +0.6, leading to a total improvement of +1.5
in IoU over the CoBEVT baseline. We further quantify
expert diversity using PCD. As shown in Table IV, enabling
DEML significantly increases PCD from 0.10 to 1.53, which
consistently correlates with the performance gains, indicating
that DEML encourages agent-relevant expert diversity rather
than arbitrary dispersion. Here, the Vanilla MoE baseline
employs five static experts, which are randomly initialized
and jointly optimized during training, while sharing the

TABLE III
ABLATION RESULTS OF HYPERPARAMETERS A ON THE OPV2V
CAMERA-TRACK.

A | Veh. | DrArea [ Lane

0 61.3 61.6 50.1
0.2 61.4 61.8 50.2
0.4 61.9 61.8 50.5
0.6 61.4 61.7 50.2
0.8 60.7 61.3 49.2
1.0 59.8 61.0 48.7

same gating network as DMoE. We make the following
observations:

o Vanilla MoE vs. CoBEVT: Simply using a standard
mixture-of-experts module with static experts yields
only marginal improvements. This indicates that without
expert-specific design and regulation, the expert sys-
tem fails to effectively disentangle useful agent-specific
cues.

o« DMOE vs. Vanilla MoE: Introducing dynamic kernel
generation for each expert significantly boosts per-
formance, as the learned kernels are conditioned on
each agent’s local context. This dynamic adaptability
enhances the model’s capacity to capture heterogeneity
across agents.

« DMoE + DEML: The proposed Dynamic Expert
Metric Loss further regularizes the expert outputs by
explicitly encouraging diversity among experts while
maintaining alignment with the fused feature. This alle-
viates feature redundancy and improves discriminabil-
ity, leading to consistent gains across all segmentation
categories.

Together, these results demonstrate that our proposed

DMoE module and DEML are complementary and crucial
for high-quality multi-agent feature fusion.
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TABLE IV

ABLATION STUDY ON THE OPV2V DATASET. “DMOE” DENOTES OUR
DYNAMIC MIXTURE-OF-EXPERTS MODULE. “DEML” INDICATES THE

USE OF THE PROPOSED DYNAMIC EXPERT METRIC LOSS.

Method Veh. Dr.Area Lane PCD
Baseline (CoBEVT) 60.4 61.2 48.8 -

+ Vanilla MoE 60.8 61.2 49.1 0.10
+ DMOoE (Ours) 61.3 61.6 50.1 1.07
+ DMoE + DEML (Ours)  61.9 61.8 50.5 1.53

V. CONCLUSION

In this paper, we propose CoBEVMOE, a collaborative
perception framework that leverages a dynamic mixture-of-
experts module and a dynamic expert metric loss to capture
both shared and agent-specific features during intermediate
fusion. Experiments on OPV2V and DAIR-V2X demonstrate
that our approach consistently outperforms strong baselines
in semantic segmentation and 3D object detection, con-
firming its effectiveness across modalities and scenarios. In
future work, we aim to extend CoBEVMOE to bandwidth-
constrained settings and explore its integration with temporal
modeling for multi-agent prediction and planning.
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