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Abstract

Vehicle-to-everything (V2X) collaborative perception has re-
cently gained increasing attention in autonomous driving due
to its ability to enhance scene understanding by integrat-
ing information from other collaborators, e.g. vehicles or
infrastructure. Existing algorithms usually share deep fea-
tures to achieve a trade-off between accuracy and bandwidth.
However, most of these methods require joint training of all
agents, which results in privacy leakage and is impractical
and unacceptable in the real world. Sharing prediction re-
sults seems to be a direct solution, but its performance is
suboptimal and sensitive to localization noise and commu-
nication delay. In this paper, we propose a privacy-preserving
collaborative perception framework, where each agent is sep-
arately trained with its own dataset and the ego vehicle needs
to integrate with completely unknown collaborators. Specifi-
cally, we propose MSD, a multi-scale feature fusion method
combined with deformable attention, to better fuse features
of different agents. We also propose PLDA, a plug-in do-
main adapter to align the features from unknown collabora-
tors to ego-domain. Extensive experiments on the challeng-
ing DAIR-V2X and V2V4Real demonstrate that: 1) MSD
achieves remarkable performance, outperforming others by
at least 2.8% and 6.7% on DAIR-V2X and V2V4Real, re-
spectively; 2)After domain adaptation, it significantly outper-
forms the No Fusion, Late Fusion scenarios and can approach
or even surpass the performance of joint training. We truly
achieves privacy-preserving collaboration, providing a new
paradigm for the study of collaborative perception, which is
crucial for practical applications.

Introduction
Perceiving the complex driving environment is crucial for
the safety of autonomous driving. Recent advancements in
deep learning have improved the performance of modern
perception systems on many tasks, such as object detection
(Lang et al. 2019; Zhou and Tuzel 2018), semantic segmen-
tation (Pan et al. 2020), tracking (Fan et al. 2022b), etc.
Despite the remarkable progress, challenges remain. Single-
agent perception systems are still subject to many limitations
due to single-view constraints. For instance, autonomous
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Figure 1: Domain gap across datasets and backbones. (a)
feature map by PointPillars trained on DAIR-V2X, (b) fea-
ture map by VoxelNet trained on DAIR-V2X, (c) feature
map by PointPillars trained on DAIR-V2X with differ-
ent weights, (d) feaature map by PointPillars trained on
V2V4Real.

vehicles often encounter occlusions, which are difficult to
handle due to lack of sensory observations of the occluded
area, which can also potentially lead to catastrophic conse-
quences.

One solution to this challenge is by sharing information
between different agents, which is known as multi-agent
perception or collaborative perception (Liu et al. 2023). De-
pending on the fusion strategy, it can be divided into data-
level early collaboration (Chen et al. 2019b), feature-level
intermediate collaboration (Hu et al. 2022) and output-level
late collaboration (Rawashdeh and Wang 2018). Early col-
laboration aggregates the raw measurements from all agents,
promoting a global perspective. It can achieve better perfor-
mance but requires a lot of communication bandwidth. On
the contrary, late collaboration aggregates each agent’s per-
ception outputs, although it is bandwidth-efficient, the shar-
ing of possibly poor perception outputs of a certain vehi-
cle may results in unsatisfying fusion results, and its per-
formance degrades rapidly with the presence of localiza-
tion noise. Intermediate collaboration aggregates intermedi-
ate features across agents, achieving better trade-off between
performance and bandwidth. Due to its robustness to noises
and the compressibility of features, it is gradually becoming
the mainstream choice for collaboration.
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Although existing intermediate collaboration algorithms
(Wang et al. 2020; Hu et al. 2022; Xu et al. 2022b,a) have
achieved significant performance improvements, they are all
based on an assumption that all agents are equipped with
identical models with the same parameters. However, this is
impossible in the real world, especially in autonomous driv-
ing. Vehicles and infrastructure products produced by dif-
ferent companies are usually equipped with different detec-
tion models, and even vehicles from the same company may
have different versions, depending on the vehicle type and
updating frequency. In reality, there is a large domain gap
between the shared features extracted from heterogeneous
agents, which might lead to a dramatic performance drop in
collaborative perception.

Collaboration between heterogeneous agents has always
been a difficulty. HM-ViT (Xiang, Xu, and Ma 2023) de-
signs a heterogeneous 3D graph transformer for inter-agent
and intra-agent interactions to efficiently fuse features from
multi-view images and Lidar point clouds. DI-V2X (Li et al.
2024) proposes a progressive domain-invariant distillation
module to encourage student models from different domains
to gradually learn a domain-invariant feature representation
towards the teacher and a domain-adaptive fusion module to
fill domain gaps. However, all these methods need to be im-
plemented through joint training of all agents on the same
dataset, which may cause privacy leakage and bring security
risks, so it is almost impossible to meet in the real world.
HEAL (Lu et al. 2024) proposes to sustain a unified fea-
tures space, and new agents align their own features to it
through backward alignment to join the collaboration. But
it is not easy to establish a unified standard that could be
generally accepted by everyone, and backward alignment is
time-consuming, it will change the weight of its own model,
which may affect single-agent perception. MPDA (Xu et al.
2023a) proposes a learnable feature resizer to align features
in multiple dimensions and a sparse cross-domain trans-
former for domain adaptation. Although it can realize in-
dependent training of backbones, the weight changes of the
fusion module and the detection head could still weaken the
performance of self-perception, which may lead to terrible
consequences when there is no collaborator in reality.

In this paper, we consider the actual deployment of collab-
orative perception, that is, each agent trains its own model
separately with its own dataset, the ego vehicle needs to in-
tegrate information from completely unknown collaborators.
At the same time, when there is no collaborator in the actual
scene, the ego vehicle should maintain its ability to com-
plete self-perception. Individual training can avoid any form
of information leakage, regardless of the data or model used.
However, since the collaborator is trained independently
thus completely unknown, there is inevitably a domain gap
between the collaborator and the ego vehicle. As can be seen
from Figure 1, there is a clear gap between the features ex-
tracted by different backbones, and the same is true for back-
bones with the same structure but different weights. It can
also be found that the inconsistency of the training dataset
will also increase the gap between features. In this regard,
as shown in Figure 2, we propose a privacy-preserving col-
laborative perception framework with two training stages:

single-agent training and adaptation training. In the first
stage, each agent uses its own data to train its own detec-
tor, and in order to achieve collaboration, the ego vehicle’s
detector also includes a fusion module. In the second stage,
each agent first runs its detector on the same public dataset
to generate an adaptation dataset, which contains shared fea-
tures. Then each agent uses this dataset to train its own fea-
ture domain adapter. This individual training design not only
ensures the independence of each agent in achieving single-
agent perception, but also eliminates automotive companies’
concerns about information leakage. Furthermore, the de-
sign of the adapter as a plug-and-play module enables it
to better adapt to the high update speed of each automo-
tive company’s detectors today. By retaining a new version
of the adapter, efficient collaboration can be continuously
achieved.

To evaluate the proposed method, we conduct extensive
experiments on two real-world datasets, DAIR-V2X and
V2V4Real. Results show MSD’s remarkable performance,
outperforming all compared SOTA baselines. Through our
framework, after feature domain adaptation, the perfor-
mance can be close to or even exceed that of joint training.
Our contributions can be summarized as follows:

1) We propose a privacy-preserving collaborative per-
ception framework that enables individual training of each
agent. This is a framework that is truly suitable for practical
deployment and can ensure the information security of all
agents, providing a new paradigm for the study of collabo-
rative perception.

2) We propose a multi-scale feature fusion method com-
bined with deformable attention (MSD), which is highly ro-
bust to various noises and achieves remarkable performance.

3) We propose a lightweight plug-and-play adapter
(PLDA), which exhibits strong cross-model and cross-
dataset domain adaptation capabilities, and can be easily
combined with many popular fusion algorithms.

Related Work
3D Lidar Detection
3D detection is a prerequisite for the success of autonomous
driving. Compared to other sensors, Lidar based 3D detec-
tion can offers superior performance. 3D Lidar detection
methods can be divided into three categories: point-based
(Yang et al. 2020), voxel-based (Yan, Mao, and Li 2018),
and point-voxel-based (Yang et al. 2019). Point-based meth-
ods can extract more detailed features but have a larger com-
putational overhead. PointRCNN (Shi, Wang, and Li 2019)
adopts a two-stage strategy. The first stage generates some
proposals and the second stage finetunes and optimizes them
through feature aggregation. Voxel-based methods have high
computational efficiency, but information loss occurs due to
discretization operations. VoxelNet (Zhou and Tuzel 2018)
uses 3D convolution to extract voxel features and compress
them into BEV features for detection. PointPillars (Lang
et al. 2019) directly uses 2D convolution to process pillar
features, further improving computational efficiency. Point-
voxel-based methods aim to combine the advantages of both,
which can take into account both speed and accuracy. SA-
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SSD (He et al. 2020) deeply mines the structural informa-
tion of the target through auxiliary learning. PV-RCNN (Shi
et al. 2020) combines the efficiency of 3D sparse convolu-
tion with the flexible receptive field of PointNet (Qi et al.
2017) to extract more discriminative point cloud features.

Collaborative Perception

Due to the limited field of view, the performance of single-
vehicle perception cannot break through the limitations of
occlusions and long distance issues. Collaborative percep-
tion studies how to use the information of neighboring
agents to enhance the perception ability of the ego vehi-
cle itself. V2VNet (Wang et al. 2020) is a pioneering work
that generate motion forecasts by sharing intermediate fea-
tures. AttFuse (Xu et al. 2022c) uses self-attention mecha-
nism to fuse features while F-Cooper (Chen et al. 2019a)
adopts the maxout operation. Where2comm (Hu et al. 2022)
implement spatial location selection to save communica-
tion bandwidth by introducing spatial confidence map and
How2comm (Yang et al. 2024) extend the selection to the
element level to further achieve for more efficient collabora-
tion. At the same time, there are some transformer (Vaswani
et al. 2017; Dosovitskiy et al. 2020; Liu et al. 2021) based
methods. V2X-ViT (Xu et al. 2022b) uses window-based at-
tention to fuse features of multiple agents while CoBEVT
(Xu et al. 2022a) designs a fused axial attention module
which captures sparsely local and global spatial interactions
across agents to efficiently fuse features. HM-ViT (Xiang,
Xu, and Ma 2023) combines the two to achieve multi-modal
collaboration. HEAL (Lu et al. 2024) and UMC (Wang et al.
2023) both propose multi-scale feature fusion methods and
achieve good performance.

Domain Adaptation

In deep learning, the inconsistency of data distribution and
downstream tasks can cause domain gaps and thus affect the
performance of the model. Domain adaptation is a transfer
learning technology that can efficiently reduce the domain
gap by adaptively adjusting the source domain to the target
domain. Domain adaptation has been widely used in vari-
ous tasks of computer vision (Fan et al. 2022a; Xu et al.
2021; Du et al. 2021; Shao et al. 2021). (Yosinski et al.
2014) comprehensively explores feature transferability of
deep convolution neural networks, and then several works
of feature domain adaptation emerged. DLID (Chopra, Bal-
akrishnan, and Gopalan 2013) trains a joint source and target
CNN architecture with two adaptation layers. DDC (Tzeng
et al. 2014) applies a single linear kernel to one layer to
minimize Maximum Mean Discepancy (MMD) while DAN
(Long et al. 2015) minimizes MMD with multiple kernels
applied to multiple layers. ReverseGrad (Ganin and Lem-
pitsky 2015) adds a binary classifier to explicitly confuse
the two domains. In V2X collaborative perception, there is
a large domain gap between the features of different agents.
Therefore, inspired by this, we use domain adaptation to per-
form feature alignment for better collaboration.

Proposed Method
In this paper, we explore the feasibility of collaborative per-
ception in real-world deployments, where different agents
train their own model independently using their own dataset.
We mainly focus on the task of Lidar-based 3D detection in
autonomous driving, but the methodology can also be ap-
plied to other autonomous tasks as long as they broadcast
features for collaboration. Our goal is to build a robust col-
laborative perception framework that fully preserves the pri-
vacy of all vehicles. Figure 2 shows the overall architecture
of our framework.

Overall Architecture
For simplicity, consider a scenario with two agents, an ego
vehicle and a collaborator (vehicle or infrastructure), both
of which are equipped with Lidar and have the ability to
perceive, communicate and detect. The ultimate goal is to
improve the perception performance of the ego vehicle by
integrating the information from the collaborator. In reality,
for the protection of privacy and intellectual property rights,
different agents usually train their own models separately
on their own datasets. Therefore, we propose a privacy-
preserving collaborative perception framework, as shown in
Figure 2. Let Oe/c denote the raw observation, where sub-
scripts e and c denote the ego vehicle and collaborator, re-
spectively, our framework works as follows:

Fe = fbackbone,e(Oe), (1)

Fc = fbackbone,c(Oc), (2)
Mc→e = {Fc, Pc}, (3)

Fc = falign(Fc, Pc, Pe), (4)
Fc→e = fadapt(Fc), (5)

F
′

e = ffusion(Fc, Fc→e), (6)

De = fhead,e(F
′

c), (7)
where Fe/c is the feature extracted from backbone
fbackbone,e/c, Mc→e is the message transmitted from the
collaborator to the ego vehicle, which contains its feature
Fc and pose Pc. Then, according to the poses Pc, Pe of the
two, Fc is aligned to the ego vehicle’s coordinate system
through feature alignment falign. After domain adaptation
fadapt and feature fusion ffusion, the fused feature F

′

e is
obtained, and finally it is passed through the detection head
fhead to get the detection results De. Note that single-agent
detection only includes step (1) and (7) with F

′
= F .

Unlike existing methods that require agents to share
model information and conduct joint training, in our frame-
work, all agents’ detectors, including backbone and detec-
tion head, and fusion module for ego vehicle, are trained in-
dependently on their own datasets. This undoubtedly avoids
any form of information leakage. At the same time, the train-
ing of the domain adapter only requires all agents to run
their detectors on the same public dataset to obtain feature
pairs, so our framework protects the privacy of all partici-
pants well. Our framework has two training stages, single-
agent training and adaptation training, which are introduced
in the following sections.
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Figure 2: The overall architecture of the privacy-preserving collaborative perception framework. The left part is the training
phase, which include two stages, while the right part is the inference phase. In our experiments, fusion and adapter are the
proposed MDS and PLDA, respectively.

Figure 3: (a) the architecture of MSD. (b) the architecture of deformable attention block (DAB).

Single-agent Training
In this stage, we need to train separate detectors for all
agents participating in the collaboration. Since the ego ve-
hicle needs to fuse the features of all agents during the final
inference, the ego vehicle’s detector should also contain a
feature fusion module. To promote better feature integration,
we propose MSD, as shown in Figure 3(a).

Due to the presence of positioning noise and transmission
delay, the features of the collaborator after spatial transfor-
mation will inevitably have discretization errors and mis-
alignments, so we apply a multi-scale pyramidal fusion to
enhance its robustness. This is because each BEV grid in
the higher-scale features has a larger actual receptive field,
allowing for larger positioning errors. At the same time,
combining fusion at different scales can also promote bet-
ter global and local interactions. Specifically, we use con-
volution for downsampling and transposed convolution for
upsampling.

In driving scenarios, the scope of the vehicle’s response

to various road conditions and events is often limited. It is
crucial for the vehicle to understand the surrounding road
conditions within a certain range, and in most cases this is
enough for the vehicle to make a sufficiently wise decision.
Therefore, we adopt the deformable attention block (DAB)
based on deformable cross attention (Zhu et al. 2020) to fuse
features of each scale, as shown in Figure 3(b).

We take each grid in F l
e, where the superscript l indicates

the lth scale, as a reference point and extract the correspond-
ing feature as the initial query, and encode the locations of
reference points into a position embedding through a lin-
ear layer. The attention scores are learned from the initial
queries via a linear layer and the softmax function. Subse-
quently, a linear layer is used to learn the offset maps, which
provides the 2D spatial offset {△qs|1 ≤ s ≤ Ns} for each
query q. We sample the keypoints based on the learned off-
set maps and extract keypoints’ features to form the attend-
ing feature. After the cross attention layer, DAB outputs the
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enhanced feature for each query q as:

DAB(q) =
A∑

a=1

Wa[

Ns∑
s=1

ϕ(WbF
l
e(q))F

l
e(q +△qs)

+

Ns∑
s=1

ϕ(WcF
l
e(q))F

l
c(q +△qs)],

(8)

where a index the attention head, Wa/b/c are the learnable
parameters and ϕ is the softmax function. Finally, we con-
catenate the features of different scales to generate the fused
feature F

′

e .
We use the smooth l1 loss for bounding box regression

and a focal loss for classification. Thus for the basic object
detection task, we minimize the following detection loss:

Ldet = λregLreg + λclsLcls, (9)

where λreg and λcls are the hyperparameters to control the
weights pf regression loss and classification loss.

Adaptation Training
After the first stage, all participants have acquired and pos-
sessed the ability to perceive the environment independently.
In this stage, we consider how to achieve efficient collabo-
ration between the ego vehicle and the collaborator. Since
the first stage is carried out independently, the collabora-
tor is now completely unknown to the ego vehicle, and
there is definitely a large domain gap between the features
Fe ∈ RHe×We×Ce and Fc ∈ RHc×Wc×Cc of the two.
Therefore, we design a plug-in domain adapter (PLDA) to
align the feature of the collaborator to the ego domain, as
shown in Figure 4.

Figure 4: The architecture of PLDA.

The process of domain adaptation is as follows:

Fc = freshape(Fc), (10)

K,X,B = fK(Fc), fX(Fc), fB(Fc), (11)
Fc→e = KX +B, (12)

where freshape, fK , fX and fB are all convolution blocks.
First, we use convolution to align the shape of Fc to Fe,
that is, Fc ∈ RHc×Wc×Cc → Fc ∈ RHe×We×Ce . Then,
we use convolutions with three kernel size of 7 × 7, 5 × 5,
and 3× 3 for feature enhancement, further refine the resized
feature, and finally generate a more robust feature represen-
tation X ∈ RHe×We×Ce . Next, we try to model the adapta-
tion process between the two feature domains. Specifically,

by learning a scaling factor K ∈ RHe×We×Ce and a trans-
lation factor B ∈ RHe×We×Ce for each element, we finally
combine translation and scaling, that is, KX +B, to obtain
the adapted feature Fc→e. It is worth noting that compared
with traditional linear transformations, neural network based
methods have stronger modeling capabilities, thereby learn-
ing more complex and accurate transformations. Compared
with MPDA (Xu et al. 2023a) which adopts many cross-
attention blocks, we only use a small number of convolu-
tions, which greatly reduces the computational overhead. At
the same time, PLDA can be used as a plug-and-play mod-
ule without changing any part of the original detector, thus
not sacrificing the performance of self-perception.

To train the adapter, the ego vehicle and the collabora-
tor need to run their respective detectors on the same pub-
lic dataset to generate a training set containing shared fea-
tures, as shown in Figure 2. Specifically, we adopt the mean
squared error to supervise the training, as follow:

L = Lmse(Fc→e, Fe), (13)

where Fe and Fc→e are the features of the ego vehicle and
the features of the collaborator after adaptation, respectively.

Experiments
Dataset
DAIR-V2X We employ the challenging DAIR-V2X (Yu
et al. 2022) for evaluating our method and other SOTA
approaches. DAIR-V2X is the first large-scale, multi-
modality, multi-view dataset from real scenarios for vehicle-
infrastructure cooperative autonomous driving. It has 9000
frames featuring one vehicle and one road side unit, both
equipped with a Lidar and a camera. The original dataset
does not provide annotations outside the camera’s view, so
we use the full-view annotations provided by CoAlign (Lu
et al. 2023). In our experiments, we merge the four cate-
gories of car, van, truck and bus into one category.

V2V4Real V2V4Real (Xu et al. 2023b) is the first large-
scale real-world dataset for vehicle-to-vehicle cooperative
perception in autonomous driving. It is collected by two ve-
hicles simultaneously in the same scene, providing multi-
view multi-sensor datastream, covering various road sec-
tions including city roads, highways and freeways. It sup-
ports multiple tasks such as 3D object detection, object
tracking and sim2real domain adaptation. Our experiments
only focus on Lidar-based 3D object detection.

Implementation Details
On the dataset DAIR-V2X, the maximum communication
distance is set to 100m, and on V2V4Real it is 70m. The
evaluation range in x and y directions are [-102.4m, 102.4m]
and [-38.4m, 38.4m], respectively. During training, we ran-
domly select an agent as the ego, while during inference, on
the contrary, a fixed one is selected. All models are trained
end-to-end for for 60 epochs on RTX 3090. Adam (Kingma
and Ba 2014) is used for optimization. An initial learning
rate of 0.001 is selected, and is multiplied by 0.1 every 20
epochs during training. Early stop is used to find the best
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SDS SDD DS DD

AP0.5 AP0.7 AP0.5 AP0.7 AP0.5 AP0.7 AP0.5 AP0.7 Inference time(ms)
No Fusion 71.7 60.4 71.7 60.4 71.7 60.4 71.7 60.4 /

Late Fusion 69.2 50.1 72.5 59.3 69.1 50.0 72.9 57.6 /
Intersame 81.1 68.0 81.1 68.0 81.1 68.0 81.1 68.0 /

Interbefore 68.3 57.6 68.2 58.0 66.6 56.1 68.0 57.5 /
MPDA(Xu et al. 2023a) 81.0 67.9 81.0 67.7 81.2 68.0 81.0 67.9 34.02

PLDA(Ours) 81.2 68.1 81.1 67.9 81.5 68.5 80.9 67.8 10.18

Table 1: 3D detection performance. SDS, SDD, DS, DD are the four scenarios introduced before. ’Interbefore’ represents the
direct fusion of the features of the ego vehicle and the collaborator without domain adaptation. ’Intersame’ means that the ego
vehicle and the collaborator have exactly the same backbone, which is equivalent to joint training. Inference time only includes
the adapter.

DAIR-V2X V2V4Real

AP0.5 AP0.7 AP0.5 AP0.7
No Fusion 69.1 58.7 53.1 37.8

Late Fusion 67.1 48.5 67.0 40.2
Fcooper(Chen et al. 2019a) 77.0 57.6 70.7 38.4
AttFuse(Xu et al. 2022c) 75.0 58.1 67.2 40.8

Where2comm(Hu et al. 2022) 77.2 61.7 68.6 43.2
V2X-ViT(Xu et al. 2022b) 80.8 65.2 68.9 42.0
CoBEVT(Xu et al. 2022a) 77.5 62.3 69.3 36.7
V2VNet(Wang et al. 2020) 79.4 62.8 68.4 41.8

MSD(Ours) 81.1 68.0 72.2 49.9

Table 2: Performance Comparison on DAIR-V2X and
V2V4Real datasets. The bold ones are the highest, and the
underlined ones are the second.

epoch. In all experiments, λreg is set to 2, λcls is set to 1 and
Ns is set to 9.

Experiments Setup
When evaluating the adapter, we consider the following four
scenarios according to the backbone structure, weights and
training set:

• SDS: Same structure, different weights, same training
set. That is, the ego vehicle and the collaborator are
equipped with backbones with the same structure but dif-
ferent weights trained from the same dataset;

• SDD: Same structure, different weights, different train-
ing set. That is, the ego vehicle and the collaborator are
equipped with backbones with the same structure but dif-
ferent weights trained from different dataset;

• DS: Different structure, same training set. That is, the ego
vehicle and the collaborator are equipped with backbones
with different structures, but the training set is the same;

• DD: Different structure, different training set. That is, the
ego vehicle and the collaborator are equipped with back-
bones with different structures, and the training set is also
different.

In all experiments, the backbone of the ego vehicle is all
PointPillars, while the collaborator is PointPillars or Voxel-
Net in different scenarios.

Quantitative Evaluation
Performance Benchmarking Table 2 compares the de-
tection performance of the proposed MSD with various
models on three datasets. We consider two typical baselines.
No Fusion means single-agent detection without any col-
laboration. Late Fusion is to transmit the proposals and get
the final detection results through non-maximum suppres-
sion (NMS). As for intermediate approaches, we consider
six state-of-art methods Fcooper, AttFuse, Where2comm,
V2X-ViT, CoBEVT and V2VNet. It can be seen that all col-
laborative methods exceed the No Fusion beseline, except
for Late Fusion on DAIR-V2X, probably due to the pose er-
ror. This fully demonstrates the advantage of collaboration.
MSD outperforms all previous methods on both real dataset
and virtual dataset, which proves its superiority and robust-
ness to real-world noises. Specifically, on DAIR-V2X, the
AP0.7 of MSD is at least 2.8% higher than that of others,
while it is 6.7% on V2V4Real.

Adaptation Performance
Table 1 depicts the performance comparison of various
methods in the four scenarios of SDS, SDD, DS and DD
mentioned above. It is worth noting that in all experiments,
the detector of the ego vehicle is trained on DAIR-V2X.
In adition, to verify the cross dataset adaptation ability
of PLDA, the detector of the collaborator is trained using
V2V4Real in both SDD and DD scenarios. Similarly, due
to the pose noises, the performance of Late Fusion has de-
creased compared to No Fusion. It can be seen that when
domain adaptation is not performed, the AP0.5 and AP0.7
of the intermediate fusion, denoted by Interbefore, are lower
than the No Fusion baseline. This performance degradation
also reveals the negative impact of the domain gap. It can be
seen that compared with MPDA, both can achieve perfor-
mance close to joint training, while PLDA can even surpass
it, and the inference time of PLDA is only about 1/3 of that
of MPDA, which proves that PLDA is is lightweight and
more suitable for actual deployment. After domain adapta-
tion, the performance can match or even exceed the results of
joint training. Specifically, in the DS scenario, after domain
adaptation, PLDA’s AP0.5 and AP0.7 exceed Intersame by
0.4% and 0.5%, No Fusion by 9.8% and 8.1%, Late Fusion
by 12.4% and 18.5%, respectively.
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Figure 5: Robustness to localization error on DAIR-V2X and V2V4Real.

Figure 6: Qualitative comparison results from DAIR-V2X.
Green and red boxes denote ground truths and detection re-
sults.

Figure 7: 3D detection visualization. Green and red boxes
denote ground truths and detection results.

The experimental results verify the feasibility of the
framework we proposed. When the collaborative partici-
pants are trained independently and thus unknown to each
other, offline domain adaptation can achieve the same per-
formance as joint training. At the same time, the adapter as
a plug-in will not affect the original self-perception. This
privacy-preserving collaborative perception framework is
more in line with actual deployment and provides a new
paradigm for the study of collaborative perception.

Qualitative Results
We conduct a qualitative analysis of MSD’s performance
by visualizing typical samples from the DAIR-V2X dataset.
Figure 6 shows the detection results of No Fusion and all
compared intermediate approaches. MSD predicts more ac-
curate bounding boxes while other approaches exhibit larger
displacements. We sum the values of all channels to visual-
ize the features. As shown in Figure 8, before domain adap-
tation, there is a clear visible gap between the features of the
ego vehicle and the collaborator. After domain adaptation,
the two are visually closer, which proves the effectiveness
of PLDA. Moreover, we visualize the detection results in the

Figure 8: Visualization of features before and after domain
adaptation. The left is the ego vehicle’s feature, the middle
is collaborator’s feature before domain adaptation, the right
is collaborator’s feature after domain adaptation.

DS scenario in Figure 7. Obviously, without domain adapta-
tion, there are many missed and false detections, while after
domain adaptation, the bounding boxes are more accurate
and significantly better than those of No Fusion and Late
Fusion.

Ablation Study
Robustness to Localization errors We verify the perfor-
mance of MSD at different levels of localization error on
both DAIR-V2X and V2V4Real datasets. Specifically, we
add Gaussian noise with a variance of 0 and a mean ranging
from 0 to 0.5 meter to the collaborator’s pose. As can be seen
from Figure 5, as the pose error increases, the performance
of all models decreases due to the misalignment of the fea-
tures. On DAIR-V2X, when the error reaches a large value,
the AP0.7 of Fcooper, AttFuse, CoBEVT and V2VNet are
even lower than the No Fusion baseline. Noticeably, MSD
outperforms all other models and No Fusion at every error
level. This comparison demonstrates the robustness of MSD
against collaboration pose noises. A reasonable explanation
is that the deformable fusion way can adaptively select and
focus on the key areas, and it also benefits from the multi-
scale setting.

Conclusion
We propose a multi-scale deformable attention fusion mech-
anism that achieves good performance with less computa-
tional overhead. We also propose a privacy-preserving col-
laborative perception framework, which is a realistic frame-
work and provides a new paradigm for the study of collabo-
rative perception. Experimental results show that offline do-
main adaptation can achieve or even exceed the performance
of joint training. We hope that our work can accelerate the
actual implementation of collaborative perception. In the fu-
ture, we will expand our work to domain adaptation between
different modalities like RGB cameras.
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