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Abstract

As a potential application of Vehicle-to-Everything (V2X)
communication, multi-agent collaborative perception has
achieved significant success in 3D object detection. While
these methods have demonstrated impressive results on stan-
dard benchmarks, the robustness of such approaches in
the face of complex real-world environments requires ad-
ditional verification. To bridge this gap, we introduce the
first comprehensive benchmark designed to evaluate the ro-
bustness of collaborative perception methods in the presence
of natural corruptions typical of real-world environments.
Furthermore, we propose DSRC, a robustness-enhanced
collaborative perception method aiming to learn Density-
insensitive and Semantic-aware collaborative Representation
against Corruptions. DSRC consists of two key designs:
i) a semantic-guided sparse-to-dense distillation frame-
work, which constructs multi-view dense objects painted by
ground truth bounding boxes to effectively learn density-
insensitive and semantic-aware collaborative representation;
ii) a feature-to-point cloud reconstruction approach to bet-
ter fuse critical collaborative representation across agents.
To thoroughly evaluate DSRC, we conduct extensive ex-
periments on real-world and simulated datasets. The results
demonstrate that our method outperforms state-of-the-art col-
laborative perception methods in both clean and corrupted
conditions.

Code — https://github.com/Terry9a/DSRC

Introduction
Perceiving environment accurately is crucial to ensure the
driving safety of autonomous vehicles. With recent advance-
ments in Vehicle-to-Everything (V2X) communication tech-
nology and intelligent transportation systems, multi-agent
collaborative perception has emerged as a promising so-
lution. By exchanging perceptual information, agents can
achieve a comprehensive understanding of their surround-
ings and overcome limitations inherent in single-agent per-
ception, such as limited perception range and obstructed
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Figure 1: Visualization of typical corruption types in our
benchmark. Point cloud from different agents are shown in
different colors.

field of view. Recent researches (Wang et al. 2020; Xu et al.
2022b; Hu et al. 2022; Zhang et al. 2024a) have drawn
widespread attention to collaborative perception, particu-
larly in autonomous driving. Notably, LiDAR sensors have
emerged as a primary focus of state-of-the-art collaborative
perception methods (Xu et al. 2022a; Yang et al. 2023; Li
et al. 2021) because of their convenient information fusion
advantages.

Collaborative perception methods must operate reliably in
different geographical locations and different natural envi-
ronments to ensure the safety of autonomous driving. While
some works (Xu et al. 2022a; Wang et al. 2023a,c; Gu et al.
2023) achieve efficient multi-agent feature fusion through
well-designed mechanisms to enhance performance within
a single domain, the methods often fail in scenarios outside
of clean evaluation sets. Natural corruptions like adverse
weather and sensor malfunctions cause issues such as occlu-
sion, signal attenuation, and unpredictable reflections in Li-
DAR data, leading to loss or misinterpretation of perceptual
information. Furthermore, LiDAR’s inherent limitations in
capturing color and texture details hinder its generalization
capability. Corruption-induced beam loss or data jitter exac-
erbates semantic perception difficulties, such as object shape
and density. These impairments not only affect each agent’s
ability to accurately perceive the surrounding environment
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but also lead to error accumulation in multi-agent percep-
tion systems due to the sharing of high-noise perceptual in-
formation. Consequently, collaborative perception methods,
when exposed to such corrupted scenes, confront risks that
are correlated with critical safety concerns.

To address research gaps, we develop a series of common
corruption scenarios and establish the first benchmark to
comprehensively and rigorously evaluate the corruption ro-
bustness of current collaborative 3D object detection meth-
ods. Visualization of typical corruption types is shown in
Figure 1. These scenarios encompass three distinct corrup-
tion sources likely to occur in real-world deployment: 1)
Adverse weather conditions, such as fog or snow particles,
which obstruct the line of sight of the LiDAR, resulting in
sparse object perception and shape degradation (Ren, Pan,
and Liu 2022); 2) Internal sensor failures, such as crosstalk
between multiple sensors, which often creates noisy points
within the mid-range areas; 3) External disturbances, such
as dust and insects, which cause the LiDAR beam to be
missing. It is essential to proactively address these com-
mon corruptions in order to ensure the reliability and robust-
ness of collaborative perception systems. To achieve this,
we propose an innovative distillation framework DSRC to
learn Density-insensitive and Semantic-aware collaborative
Representation against Corruptions for robust collaborative
perception. It comprises two key aspects: i) A sparse-to-
dense approach is designed to address point sparsity issues
in 3D detection under adverse environments. By construct-
ing multi-view dense objects and single-view sparse ob-
jects, we establish a sparse-to-dense distillation framework
to learn reinforced 3D features in latent space effectively.
ii) A semantic-guided approach is designed to tackle the
problem of object semantics degradation in 3D detection un-
der adverse environments. Utilizing ground truth bounding
boxes to paint teacher point cloud with category semantics,
the student model is guided to explore rich semantics effec-
tively, enabling perception of sparse and incomplete objects.
Additionally, we design a feature-to-point cloud reconstruc-
tion to regularize feature learning and better fuse critical col-
laborative representation across agents. Our method requires
training exclusively on clean data and retains only the stu-
dent model during inference. Thus, it does not create any
additional computational burdens. To validate the effective-
ness of DSRC, we conduct extensive experiments on two
collaborative 3D object detection datasets OPV2V (Xu et al.
2022b) and DAIR-V2X (Yu et al. 2022). Comprehensive ex-
perimental results demonstrate that our method outperforms
previous state-of-the-art methods under any corruption set-
ting. The main contributions can be summarized as follows:

• To the best of our knowledge, we conduct the first study
on the robustness of multi-agent collaborative perception
systems in various corruption scenarios and establish two
corruption robustness benchmarks.

• We design a sparse-to-dense and semantic-guided distil-
lation framework to enhance the robustness of collabora-
tive perception methods. Additionally, we devise a point
cloud reconstruction module to better fuse critical collab-
orative representation.

• We conduct extensive experiments on both real-world
and simulated datasets. The results demonstrate that
DSRC outperforms state-of-the-art collaborative percep-
tion methods in both clean and corrupted conditions.

Related Works
Collaborative Perception
Collaborative perception enables multiple agents to share
complementary perceptual information, promoting a more
holistic perception. Based on information transmission and
collaboration stages, collaborative perception modes can
mainly be organized into early, intermediate, and late fu-
sion. Among these, intermediate fusion has garnered in-
creasing attention for its optimal balance between per-
formance and transmission bandwidth. Several intermedi-
ate fusion methods for collaborative perception have re-
cently been proposed. F-Cooper (Chen et al. 2019) uses an
element-wise maximum strategy to aggregate shared fea-
tures. V2VNet (Wang et al. 2020) introduces a spatially
aware message-passing mechanism for collaborative percep-
tion. CoBEVT (Xu et al. 2022a) designs a fused axial at-
tention module to capture sparsely local and global spa-
tial interactions across views and agents. CodeFilling (Hu
et al. 2024) achieves efficient communication by transmit-
ting integer codes instead of high-dimensional feature maps.
UniV2X (Yu et al. 2024) integrates all key driving modules
in a multi-agent system into a unified end-to-end network.
Although these methods show significant performance in
multi-agent perception, they are primarily evaluated us-
ing standard benchmarks under clean conditions, neglecting
common corruptions. This paper addresses this gap by con-
sidering the impact of corruptions on multi-agent perception
systems.

Knowledge Distillation
Knowledge distillation was initially proposed in (Hinton,
Vinyals, and Dean 2015) for model compression, aiming
to transfer the knowledge learned by a complex teacher
model to a simpler student model. Knowledge distillation
includes not only label knowledge but also intermediate
layer knowledge, parameter knowledge, structured knowl-
edge, and graph representation knowledge, among other
forms. Due to its effectiveness, knowledge distillation has
been extensively studied in various computer vision tasks,
such as object detection (Wang et al. 2023b; Huang et al.
2024) and semantic segmentation (Wang et al. 2024; Zhu
et al. 2024). Ju et al. (Ju et al. 2022) leverage the seman-
tic information hidden within objects to map semantics onto
auxiliary supervisory signals, conveying guiding knowledge
to enhance the performance of pure LiDAR models. Wang et
al. (Wang et al. 2022) propose a multi-frame to single-frame
distillation framework that uses multi-frames to generate
dense features as guidance, reinforcing the sparse features of
the point cloud in the latent space. RadarDistill (Bang et al.
2024) considers the sparsity and noisy nature of radar data
and develops knowledge distillation to improve the repre-
sentation of radar data by leveraging LiDAR data. This paper
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Figure 2: The overall architecture of the proposed framework DSRC. It contains two branches with identical network structures:
Student (Bottom) and Teacher (Top). The framework employs a three-stage distillation strategy: distillation after encoding
(DAE), distillation after fusion (DAF), and distillation after prediction (DAP) to achieve effective knowledge transfer and
a point cloud reconstruction module to better fuse crucial collaborative representation across agents. During inference, the
teacher model and point cloud reconstruction are discarded; only the student model (blue data flow) is retained.

proposes a three-stage distillation strategy to learn density-
insensitive and semantic-aware collaborative representation
against common corruptions.

Methods
In typical driving scenarios involving collaborative percep-
tion, corruptions are common. Addressing these corruptions
is crucial to ensure the safety of collaborative perception
systems. This study aims to achieve robust collaborative 3D
object detection through density-insensitive and semantic-
aware representation learning. This section introduces the
overall architecture, followed by details of each phase.

Overall Architecture
As illustrated in Figure 2, our method employs a teacher-
student distillation framework to learn density-insensitive
and semantic-aware representation for the student model.
Considering M agents in the scenario, we first fuse the
multi-view point cloud of all agents to obtain a dense point
cloud, representing an overall perspective. Next, we replace
object regions in the single-view sparse student point cloud
PS with corresponding multi-view dense object points to
obtain the dense teacher point cloud PT . We then paint the
input point cloud with ground truth labels and use these
painted point cloud as input to train the teacher model.
Specifically, the point cloud are encoded into Bird’s Eye

View (BEV) features using a 3D detector with PointPil-
lars (Lang et al. 2019) for feature extraction. A multi-scale
feature attention fusion method (Hu et al. 2022) is then
employed to fuse features of all agents. Lastly, the detec-
tion heads predict the classification and regression results.
The classification output is the confidence score of the fore-
ground or background, while the regression output is a
seven-element tuple (x, y, z, w, l, h, θ), where (x, y, z) de-
notes the object center, (w, l, h) defines the 3D box dimen-
sion, and θ represents the heading orientation, respectively.
The student model shares the same structure as the teacher
model, including the feature encoder, multi-scale feature at-
tention fusion, and detection head. During training, we em-
ploy a three-stage distillation strategy to facilitate effective
knowledge transfer between the teacher and student models.
Additionally, point cloud reconstruction is used to enhance
feature extraction and fusion. During inference, only the stu-
dent model is retained.

Teacher Point Cloud Generation

Due to variations in the locations and viewpoints of multiple
agents, significant diversity exists in the observation density
and quality within the same spatial region. For a specific lo-
cation in world coordinate, we represent its feature distribu-
tion D as containing all possible features of this specific lo-
cation as observed from different angles, with F o denoting
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the optimal observable feature. Our objective is to achieve
an optimized feature distribution D, defined as follows:

min
∑

F j∈D

∥F j − F o∥2 . (1)

In this context, optimal feature is defined as those derived
from a multi-view high-density point cloud painted using
ground truth bounding boxes. This process ensures that fea-
tures extracted at low point densities exhibit similarities to
those extracted at high point densities, while also guiding
towards better semantic information capture and facilitating
the convergence of features towards improved representa-
tion. Subsequently, we will introduce the multi-view con-
struction of object point cloud and point cloud painting.

Multi-view Construction of Object Point Cloud. To ob-
tain the teacher point cloud supervision, the raw point clouds
of individual agent are aggregated to generate a compre-
hensive multi-view point cloud. Then, the object regions
in the single-view sparse point cloud are replaced with
dense object points derived from multiple views to gen-
erate the teacher point cloud. Specifically, given the raw
3D point cloud Pi collected from the ego agent i, and the
3D point cloud of all collaborative agents {P j}j∈Ni

where
Ni denotes the neighbors of the i-th agent, we initially
transform the 3D point cloud from collaborative agents to
the coordinate system of the ego agent {P j→i}j∈Ni

=
Γj→i{P j}j∈Ni

, where the transformation Γj→i is based on
the poses ξti and ξtj of two agents. Then, we aggregate each
individual point cloud to construct a multi-view 3D scene:
P̃ = ∥({P j→i}j∈Ni

,P i), where ∥ represents the aggregate
operator. Finally, we replace the object regions in the sparse
point cloud P S with the corresponding dense object points
from the multi-view 3D scene to obtain the dense point cloud
P T .

Point Cloud Painting. Although LiDAR excels in de-
termining the 3D positions of objects, its monochromatic
nature limits the acquisition of color and texture informa-
tion. Additionally, adverse environmental conditions lead to
sparse object perception and semantic information degrada-
tion, exacerbating the difficulty of object detection. To ad-
dress this challenge, we propose a semantic-guided method
to mitigate object semantic degradation in 3D detection un-
der adverse environmental conditions. The method guides
the student model in extracting richer semantics for the ef-
fective perception of sparse and incomplete objects by paint-
ing teacher point cloud using ground truth bounding boxes
to assign category semantics. Specifically, considering the
original teacher point cloud P T ∈ RN×4 , where N denotes
the number of points and the 4-tuple (x, y, z, r) represents
the coordinates and the reflectance intensity. We enhance the
teacher point cloud by incorporating a semantic indicator s.
Given a point pi, if it lies within the ground truth bound-
ing box, the semantic indicator is set to 1, indicating it as
an object point; conversely, the semantic indicator is set to
0, representing a background point. Consequently, we ob-
tain the painted teacher point cloud P T ∈ RN×5, where the
5-tuple is (x, y, z, r, s).

Density-insensitive and Semantic-aware Distillation
We employ a three-stage distillation strategy to achieve ef-
fective knowledge transfer: distillation after encoding, dis-
tillation after fusion, and distillation after prediction. This
strategy forces the student model to match the output rep-
resentation from the teacher model at various granulari-
ties during the encoding, fusion, and prediction processes,
thereby reducing the disparities between the two models.

Distillation After Encoding. Effective feature extraction
is pivotal for accurate perception. Thus, we conduct the first
stage distillation to align spatial features generated by the
teacher and student models, facilitating the student model
to produce dense high-quality features. Given the i-th ve-
hicle local observations P S

i , the extracted features are rep-
resented as F S

i = Φenc(P
S
i ) ∈ RH×W×C , where Φenc(·)

denotes the feature encoder and H , W , and C stand for the
height, width, and channel of the feature map, respectively.
Similarly, the features extracted from the dense teacher point
cloud P T

i are F T
i . Then, we perform feature constraints by

minimizing the l2 distance between the two feature maps.
To mitigate the effect of background noise, we use labels
to create a foreground binary feature mask M i ∈ RH×W ,
ensuring that the loss computation focuses only on the fore-
ground region. The loss function can be formulated as:

Ld =
∑

j∈Ni∪{i}

M j ·
∥∥∥F T

j − F S
j

∥∥∥
2
. (2)

Distillation After Fusion. By fusing perception fea-
tures from all agents, we aim to achieve a highly capable
fused representation. High-quality feature fusion is the first
step towards holistic perception. Therefore, we perform the
second-stage distillation to align the intermediate fused fea-
tures HS

i with HT
i , effectively ensuring consistent integra-

tion of each agent’s perception throughout the learning pro-
cess. The distillation loss is formulated as:

Lh =
∥∥∥HT

i −HS
i

∥∥∥
2
. (3)

Distillation After Prediction. Prediction discrepancies
intuitively reflect significant information that distinguishes
the student model from the teacher model, and our final goal
is to decode the classifications and 3D bounding boxes from
the fusion features. Thus, ensuring alignment at the predic-
tion level further contributes to the consistency and accuracy
of results. To this end, we employ Kullback-Leibler (KL) di-
vergence loss to compute prediction discrepancies between
the teacher and student, aiming to transfer deep knowledge
by minimizing prediction differences between them. Given
the class decoding outputs {CT

i ,C
S
i } and regression decod-

ing outputs {RT
i ,R

S
i } for the teacher model and the student

model. The prediction level distillation can be formulated
as:

Lp = DKL

(
CT

i ,C
S
i

)
+DKL

(
RT

i ,R
S
i

)
. (4)

In summary, the total loss of distillation is formulated as:

Lkd = α · Ld + β · Lh + γ · Lp, (5)

where α, β and γ are balance hyperparameters.
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Figure 3: Illustration of the proposed point cloud reconstruc-
tion module. It provides additional supervision to better fuse
critical collaborative representation across agents.

Point Cloud Reconstruction
While distillation between the teacher and student models
facilitates knowledge transfer, it achieves suboptimal per-
formance because the model relies solely on task-specific
losses to indirectly learn collaborative representation fusion.
Therefore, we supervise the student model on a feature-to-
point cloud reconstruction to better fuse critical collabora-
tive representation across agents.

As illustrated in Figure 3, our primary insight is that if
the agent successfully acquires a reliable fused feature af-
ter message exchange and fusion, the fused feature should
be able to reconstruct the complete point cloud scene in re-
verse. This reconstruction idea is task-agnostic and provides
an explicit and sensible supervision of collaboration. How-
ever, directly reconstructing large-scale dense point clouds
is challenging. Inspired by (Wang et al. 2022), we imple-
ment a voxel-level reconstruction strategy, which decouples
the point cloud reconstruction task into two subtasks: occu-
pancy mask prediction and point offsets prediction for non-
empty voxels. The occupancy mask prediction generates a
soft voxel occupancy mask Vm, representing the probability
of a voxel being non-empty. For non-empty voxels, the point
offsets prediction estimates the point offset set Op for each
voxel, representing the offsets from the voxel center Vc to
the average input points of the voxel. Therefore, the recon-
structed point can be expressed as follows:

Pc = (Op + Vc)× Vm. (6)
The occupancy mask prediction loss Lm and point offsets
prediction loss Lo can be expressed as follows:

Lm = −Nb

Nf

H×W∑
j=1

(yj log(pj) + (1− yj)log(1− pj)) , (7)

Lo =
1

|Nf |

Nf∑
i

∣∣(Opi
+ Vmi

)−Ogti

∣∣ , (8)

where Nb and Nf represent the numbers of background and
foreground voxels, pj and yj stand for the predicted value
and ground truth of the voxel mask, H and W stand for the
height and width of the mask, and j indexes the voxels in
Vm. The reconstruction loss Lrec is defined as Lm + Lo .
During training, the overall loss function is:

L = Ldetect + Lkd + Lrec, (9)
where Ldetect is the detection loss.

Experiment
Datasets and Evaluation Metrics
Datasets. We validate the proposed DSRC in the LiDAR-
based 3D object detection task using two main datasets:
OPV2V (Xu et al., 2022c) and DAIR-V2X (Yu et al., 2022).
OPV2V is a large vehicle-to-vehicle collaborative percep-
tion dataset collected by Carla (Dosovitskiy et al. 2017) and
OpenCDA (Xu et al. 2021). This dataset comprises 11,464
frames of annotated 64-line point cloud and RGB images
with 3D annotations. The training/validation/testing splits
include 6,764, 1,981, and 2,719 frames. DAIR-V2X is a
real-world dataset for vehicle-to-infrastructure perception.
It samples 9K synchronized vehicle and infrastructure Li-
DAR frames from 100 representative scenes at a frequency
of 10Hz. The RSU LiDAR is 300 lines, while the vehicle’s
LiDAR is 40 lines. The ratio of training/validation/testing
sets is 5:2:3.

Evaluation Metrics. We adopt the average precision
(AP) at the intersection-over-union (IoU) thresholds of 0.5
and 0.7 to evaluate the detection performance. Meanwhile,
we also use the mean Corruption Error (mCE) as the primary
metric to compare the model robustness following (Dong
et al. 2023; Kong et al. 2023). The mCE represents the per-
centage of performance drop as:

CEi =
AP clean −AP i

AP clean
, mCE =

1

N

N∑
i=1

CEi, (10)

where APclean denotes the average precision on the clean
evaluation set and N is the total number of corruption types.

Experiment Setup
Due to lacking a suitable robustness evaluation benchmark,
existing 3D perception models tend to overfit clean data dis-
tributions rather than realistic scenarios. This paper aims to
enhance the perception performance of multi-agent systems
under unknown corruptions and establish a benchmark for
evaluating the robustness of collaborative perception. As-
suming a point in a LiDAR point cloud, with coordinates
and intensity, we simulate a corrupted point through a map-
ping, where the mapping rules are constrained by physical
principles or engineering experience. We simulate six com-
mon types of corruption, including beam missing, motion
blur, fog, snow, crosstalk, and cross sensor.

Implementation Details
We implement the proposed and comparative models us-
ing the PyTorch framework (Paszke et al. 2019) and train
them on a single RTX 3090 24G GPU using the Adam opti-
mizer (Kingma and Ba 2015). The cosine annealing learning
rate scheduler is used with an initial learning rate of 2e-3. All
models are trained for 40 epochs with a batch size of 2 on the
original dataset, employing early stopping to identify the op-
timal epoch. All detection models utilize PointPillars (Lang
et al. 2019) as the backbone to extract 2D features from the
point cloud, and 0.4 m width/length is used for each voxel.
We assume that all agents have a communication range of
70 m following (Xu et al. 2022b). All the agents out of this
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Corruptions Clean Beam Missing Motion Blur Fog Snow Crosstalk Cross Sensor
Model/Dataset OPV2V

No Collaboration 78.85/65.05 63.50/48.01 61.99/36.79 59.88/49.38 57.56/45.48 73.73/58.47 60.64/44.00
Late Fusion 87.48/80.41 80.40/69.36 76.68/51.84 82.91/69.48 69.60/58.87 82.47/71.98 77.43/63.75

F-Cooper (Chen et al. 2019) 87.40/79.40 75.65/65.91 73.44/48.30 63.76/53.52 59.60/53.21 63.76/53.52 75.65/65.91
V2VNet (Wang et al. 2020) 92.29/83.20 83.30/70.35 83.87/65.17 68.22/57.06 73.90/66.93 90.33/77.68 81.40/67.53
V2X-ViT (Xu et al. 2022b) 91.49/83.27 82.31/70.88 80.97/61.18 70.97/60.97 64.96/56.87 78.07/66.42 80.47/68.02
CoAlign (Lu et al. 2023) 91.08/84.61 83.00/74.31 77.46/58.48 70.29/64.49 66.10/59.95 82.28/74.68 80.87/71.36

ERMVP (Zhang et al. 2024b) 92.03/85.41 81.85/69.77 84.02/67.42 73.62/65.21 68.95/63.63 85.85/80.12 79.52/72.78
Mrcnet (Hong et al. 2024) 91.73/83.28 83.42/71.88 85.71/68.20 70.17/59.86 67.54/62.85 81.25/76.47 74.29/62.06
CoBEVT (Xu et al. 2022a) 91.39/86.18 82.07/74.53 84.78/67.21 75.04/68.63 68.83/63.00 87.35/80.55 80.23/73.04

DSRC (Ours) 92.58/88.45 85.82/79.59 86.20/69.41 83.54/69.84 74.14/67.25 90.76/84.57 85.77/77.64
Model/Dataset DAIR-V2X

No Collaboration 54.19/42.43 43.11/33.62 38.74/24.53 26.19/19.75 35.75/26.82 47.83/35.05 30.01/22.70
Late Fusion 56.33/43.47 41.35/30.37 43.41/23.04 37.14/25.09 45.04/28.01 52.18/33.80 33.32/19.95

F-Cooper (Chen et al. 2019) 58.23/41.74 40.11/27.76 33.71/17.36 27.03/18.64 20.88/11.69 50.78/33.97 26.29/17.48
V2VNet (Wang et al. 2020) 61.89/44.63 46.69/31.05 54.68/33.77 36.69/25.80 48.25/32.40 60.80/42.07 31.48/19.67
V2X-ViT (Xu et al. 2022b) 59.70/43.67 41.73/29.67 44.15/29.53 31.19/23.32 37.43/29.05 56.29/39.72 26.30/17.86
CoAlign (Lu et al. 2023) 68.23/55.08 54.31/41.33 57.46/41.39 41.40/32.15 43.31/31.97 61.64/49.54 39.31/28.10

ERMVP (Zhang et al. 2024b) 61.02/46.39 46.59/34.64 49.40/31.80 35.09/26.94 42.36/31.37 56.64/41.56 28.10/20.00
Mrcnet (Hong et al. 2024) 58.15/43.93 44.51/31.82 49.67/30.78 35.81/26.65 37.72/24.63 54.29/39.64 30.67/20.82
CoBEVT (Xu et al. 2022a) 61.77/45.18 46.38/31.93 43.16/24.32 35.39/24.15 36.72/24.00 58.31/40.31 32.35/20.73

DSRC (Ours) 69.51/56.54 55.62/42.62 59.76/42.81 42.83/33.65 45.41/33.52 63.99/51.26 39.81/28.50

Table 1: Overall performance on OPV2V and DAIR-V2X datasets under clean and corrupted conditions. The results are reported
in AP@0.5/0.7.

broadcasting radius of ego agent will not have any collabora-
tion. The balance hyperparameters α, β, and γ are 1, 1, and
0.5. Following existing work (Lang et al. 2019), we adopt
the smooth L1 loss for regression and focal loss (Lin et al.
2017) for classification.

Quantitative Evaluation
Comparison of Detection Performance. Table 1 presents
the 3D detection performance comparison results based on
two datasets. We use the No Collaboration method as a base-
line, which relies solely on the LiDAR point cloud from
the ego agent. Additionally, we compare this with the Late
Fusion approach, where detection outputs from all agents
are merged, and non-maximum suppression is applied to
generate the final results. Furthermore, we evaluate several
state-of-the-art methods for the intermediate fusion strat-
egy: FCooper (Chen et al. 2019), V2VNet (Wang et al.
2020), V2X-ViT (Xu et al. 2022b), CoAlign (Lu et al. 2023),
and CoBEVT (Xu et al. 2022a). We see that DSRC: i) un-
der clean conditions, all methods achieve acceptable perfor-
mance, with our method outperforming state-of-the-art col-
laborative perception methods on both datasets, thus show-
casing the superiority of the DSRC collaboration paradigm;
ii) our method exhibits strong robustness under adverse con-
ditions, surpassing state-of-the-art collaborative perception
methods across all types of corruption. For instance, it shows
a performance improvement of 4.9% in cross sensor cor-
ruption at AP@0.5 and 4.02% in crosstalk corruption at
AP@0.7 on OPV2V dataset.

Comparison of corruption types. Table 1 and Figure 4
indicate that all types of corruption lead to a decline in
model performance, with weather-related corruption hav-
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Figure 4: The average performance of all models under dif-
ferent corruption types.

ing the most significant impact. For example, snow and fog
conditions result in an average drop in AP@0.7 of over
20% across all models, highlighting the threat of adverse
weather to collaborative perception methods. Notably, un-
der fog conditions, our model achieves 8.5% higher AP@0.5
than the state-of-the-art on the OPV2V dataset, demonstrat-
ing its robustness. Additionally, motion blur poses a substan-
tial challenge to all models, likely due to noise offsets ex-
ceeding the grid size. In contrast, most models show minor
performance degradation under crosstalk corruption. This
is mainly because the multi-agent environment of collabo-
rative perception makes such corruption ubiquitous in the
training dataset, increasing the models’ resilience to it.

Comparison of corruption robustness. Evaluation of
model robustness under various corruption scenarios is cru-
cial for achieving practical perception. To this end, we em-
ploy the mean corruption error (mCE) and the mean av-
erage precision (mAP) to assess the model’s robustness.
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Figure 5: Benchmarking results of all models on the six ro-
bustness sets. The figure shows the mean corruption error
(mCE) vs. the mean average precision (mAP).

The mCE represents the average percentage of performance
drop across different types of corruption, while the mAP in-
dicates the average precision under these corruptions. As
shown in Figure 5, F-cooper exhibits the poorest model
performance due to its simple maximum element selection
method. In contrast, the Late Fusion approach demonstrates
better model robustness by avoiding the accumulation of er-
rors from multi-agent perception features. Notably, DSRC
achieves the highest accuracy and the least performance
drop across both datasets, underscoring its superior robust-
ness. The reasonable explanations are: (i) the proposed dis-
tillation framework effectively learns enhanced collabora-
tive representation in the latent space; (ii) the point cloud re-
construction module achieves a better fusion of crucial col-
laborative representation across agents.

Ablation Studies

SDD PCP REC OPV2V DAIR-V2X
79.75/70.54 53.11/40.12

✓ 83.42/73.92 53.84/40.98
✓ 84.04/74.33 53.97/41.02

✓ ✓ 84.83/75.99 54.28/41.37
✓ ✓ ✓ 85.54/76.67 54.84/41.98

Table 2: Ablation study results of the proposed core designs
on the both datasets. SDD: Sparse to Dense Distillation;
PCP: Point Cloud Painting; REC: Point Cloud Reconstruc-
tion. The results are reported with average precision under
all corruptions at IoU thresholds of 0.5 and 0.7.

Effect of Core Designs. Table 2 details the contribution of
each core design in our DSRC framework. The base model is
a student model supervised solely by detection loss. We then

assess the impact of each design by sequentially introduc-
ing: i) Sparse to Dense Distillation (SDD), ii) Point Cloud
Painting (PCP), and iii) Point Cloud Reconstruction (REC).
The consistent improvement in detection results across both
datasets demonstrates the effectiveness of each introduced
design. Notably, integrating all three components boosts de-
tection performance by 5.79% and 6.13% on the OPV2V
dataset for AP@0.5 and AP@0.7, respectively.

(a) Point cloud (b) Baseline

(c) Teacher (d) Student

Figure 6: Visualisation of raw point cloud with features ex-
tracted by different models. Red 3D bounding boxes repre-
sent the ground truth.

Qualitative Evaluation
The qualitative results are shown in Figure 6. We visualize
the original point cloud alongside the corresponding feature
maps of three types of models: baseline, teacher, and stu-
dent. Here, we use a student model supervised solely by
detection loss as the Baseline. The observations are as fol-
lows: (i) the sparse-to-dense distillation framework success-
fully compensates for the sparse features of occluded or dis-
tant objects (circled in yellow), enabling the student model
to produce denser and more robust features; (ii) compared
to the Baseline, the student model exhibits a more distinct
separation between the background and object regions. This
improvement is attributed to the semantic-guided approach
that allows the student network to extract meaningful seman-
tic information and focus on perceptually critical features.

Conclusion
This paper proposes DSRC, an innovative collaborative
perception framework to enhance robustness against com-
mon corruptions. It considers a semantic-guided sparse-
to-dense distillation framework to learn density-insensitive
and semantic-aware collaborative representation effectively.
Meanwhile, a feature-to-point cloud reconstruction ap-
proach is introduced to fuse critical perceptual information
across agents better. Our method conducts supervised learn-
ing from multiple dimensions, including the original point
cloud, latent features, and predictions, to stimulate more
effective collaboration. Extensive experiments demonstrate
that DSRC outperforms state-of-the-art collaborative per-
ception methods in clean and corrupted scenarios.
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