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Feature-level fusion shows promise in collaborative percep- ; e
tion (CP) through balanced performance and communica- = «. - uObject

tion bandwidth trade-off. However, its effectiveness crit-
ically relies on input feature quality. The acquisition of
high-quality features faces domain gaps from hardware di-
versity and deployment conditions, alongside temporal mis-
alignment from transmission delays. These challenges de-

“(e.gn vehicle)

grade feature quality with cumulative effects throughout @

the collaborative network. In this paper, we present the t—1 L Misaligned !l o
Domain-And-Time Alignment (DATA) network, designed delay: 7 = o s &
to systematically align features while maximizing their se- -1 f,_  detection g '

mantic representations for fusion. Specifically, we pro- - ——oEp ——— ek =

pose a Consistency-preserving Domain Alignment Module ®)
(CDAM) that reduces domain gaps through proximal-region
hierarchical downsampling and observability-constrained
discriminator. We further propose a Progressive Tempo-

Figure 1. (a) Domain gap. E.g., different structured and scattered
foreground patterns of different agents. (b) Temporal Misalignment.
E.g., communication latency in the collaboration process and the fol-

ral Alignment Module (PTAM) to handle transmission de-
lays via multi-scale motion modeling and two-stage com-
pensation. Building upon the aligned features, an Instance-
focused Feature Aggregation Module (IFAM) is developed
to enhance semantic representations. [Extensive experi-
ments demonstrate that DATA achieves state-of-the-art per-
formance on three typical datasets, maintaining robust-
ness with severe communication delays and pose errors.
The code will be released at ht tps ://github.com/
ChengchangTian/DATA.

1. Introduction

Collaborative perception (CP) [2, 6, 19] has emerged as
a crucial solution to overcome the inherent limitations of
single-agent perception [27, 32], such as limited percep-
tion range and occluded areas. By enabling multiple agents
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lowed observation misalignment between agents.
to share their own perceptual information, CP facilitates a
more comprehensive understanding of surroundings.

For CP, intermediate fusion [10, 17, 20, 21, 26, 31, 35],
which operates at the feature level for information sharing
and integration, has been extensively studied due to its bal-
anced trade-off between perception performance and com-
munication bandwidth. However, it is difficult to maintain
high-quality input features for fusion. In real-world de-
ployments, obtaining high-quality features during the fea-
ture acquisition phase is fraught with significant challenges
[34]. Hardware heterogeneity [16, 18,31, 38] (e.g., LIDARs
with varying numbers of laser beams and diverse modes for
acquiring point clouds) and differences in agent conditions
(e.g., sensor mounting heights and angles) result in distinct
data distributions among agents. This divergence in data
among agents creates a domain gap in CP, as illustrated in
Figure 1(a). Furthermore, temporal delays [14, 27, 28, 39]
are introduced during communication transmission between
agents, as illustrated in Figure 1(b), causing the features of
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the same object to be misaligned. The domain and time mis-
alignment not only significantly degrades the quality and re-
liability of the acquired features, but also exhibits cumula-
tive effects throughout the collaborative system. Hence, do-
main and time alignment during feature acquisition is cru-
cial to the precision and robustness of CP.

Various attempts have been made to achieve domain
and time alignment during feature acquisition. For domain
alignment, DI-V2X [16] achieves domain-invariant repre-
sentations through a reference domain constructed by ran-
domly mixing instances from different sources. However,
this mixing approach compromises physical validity by dis-
rupting occlusion relationships between objects in the ref-
erence domain. For temporal alignment, the methods based
on global motion flow, like FFNet [39], model the entire
scene to construct future frame features. However, their
scene-wide optimization is biased by dominant background
regions, undermining the modeling of fine-grained fore-
ground motion patterns. In contrast, Rol-based methods,
like CoBEVFlow [28], employ localized motion prediction
for focused modeling. However, their reliance on region
proposals impairs occlusion handling and recall, limiting
the understanding of scene-wide motion dynamics.

To improve CP performance, we propose the Domain-
And-Time Alignment (DATA) network, generating high-
quality features for 3D object detection. Specifically, it fo-
cuses on learning domain-invariant and time-coherent rep-
resentation for robust feature acquisition. The DATA net-
work consists of three main modules: (i) A Consistency-
preserving Domain Alignment Module (CDAM) to reduce
domain gaps in the training stage. The domain gaps, within
a single agent and between agents, are minimized through
two complementary approaches: achieving the consistency
of distance-adaptive point density while preserving physi-
cal validity via proximal-region hierarchical downsampling,
and mitigating genuine domain gaps through feature-level
adversarial learning under consistent observation conditions
across shared regions; (ii) A Progressive Temporal Align-
ment Module (PTAM) to address temporal misalignment.
It hierarchically captures motion patterns using multi-scale
features and models complex motion through two-stage
compensation to achieve scene-wide representation, and the
multi-window self-supervised training strategy simultane-
ously enables effective foreground object motion learning
and maintains global scene coherence; (iii) An Instance-
focused Feature Aggregation Module (IFAM) to effectively
aggregate the aligned features from multiple agents. To val-
idate the effectiveness of DATA, we conduct extensive ex-
periments on three typical CP datasets: DAIR-V2X-C [38],
V2XSET [31], and V2XSIM [18]. Comprehensive exper-
imental results demonstrate that our method outperforms
existing state-of-the-art methods by 2.36% AP7; on DAIR-
V2X-C, and by 1.84% and 2.85% AP7y on V2XSIM and

V2XSET. DATA also exhibits exceptional delay robustness,

maintaining 75.58% APj5( under 500ms communication de-

lay, surpassing SOTA methods by 2.61%. The main contri-
butions of this paper can be summarized as follows:

* We propose DATA, which is a new CP framework
that primarily addresses challenges of feature acquisition
through domain and time alignment, complemented by
instance-level feature refinement to maximize the seman-
tic representations of aligned features.

* We design CDAM, PTAM, and IFAM to reduce domain
gaps, achieve temporal feature coherence, and sufficiently
exploit the semantic representations of aligned features.

2. Related Work

Object Detection in Collaborative Perception. Collabo-
rative Perception is a crucial section in autonomous driving
systems. Recently, various studies [3, 5, 15, 36, 37] have
explored diverse approaches to improve perception perfor-
mance. Where2comm [9] selectively transmits perceptually
critical features via confidence maps. CodeFilling [11] fur-
ther compresses features based on codebook-based encod-
ing to reduce transmission cost. HM-ViT [29] proposes het-
erogeneous 3D graph transformers to handle varying sen-
sor configurations between agents. HEAL [22] introduces a
backward alignment training mechanism to construct a uni-
fied feature space. MRCNet [8] tackles pose noise, percep-
tion noise, and motion blur through a motion-aware robust
communication framework.

Domain Alignment in Collaborative Perception. Ad-
dressing the domain gap issue [34] is a crucial step in
enhancing collaborative perception performance. Recent
approaches address domain gaps through different mech-
anisms. V2X-ViT [31] addresses domain gaps by en-
coding different combinations of agents through special-
ized embeddings in its heterogeneous multi-agent self-
attention module. MPDA [33] tackles domain gaps through
a learnable feature resizer and sparse cross-domain trans-
former. DI-V2X [16] proposes a distillation framework
with domain-mixing instance augmentation and progressive
distillation. In this paper, we propose density-aware and
region-aware training mechanisms to better bridge the do-
main gap between various heterogeneous agents.

Time Alignment in Collaborative Perception. Temporal
synchronization is also instrumental in determining real-
world deployment performance. Initial efforts to address
this challenge include V2VNet [27] and V2X-ViT [31],
which pioneer neural network approaches using convolu-
tional networks and delay-aware positional encoding for
delay compensation. Furthermore, SyncNet [14] extends
these approach by incorporating multiple historical frames
through a pyramid LSTM architecture. FFNet [39] intro-
duces a flow-based framework to predict future features
for aligned fusion. Meanwhile, CoOBEVFlow [28] com-
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Figure 2. Overview of DATA. Arrows indicate data flow: black arrows represent streams used for both training and inference, red arrows
are used only during training, and blue arrow is used only during inference. Notation table in supplementary materials aids understanding.

bines Rol-based matching with transformer-based meth-
ods for motion prediction. In this paper, we propose two-
stage compensation methods to capture both fine-grained
and global motion patterns. In Additional, we introduce
a multi-window self-supervised strategy to better learn the
motion patterns of each object within local regions.

3. Method

3.1. Problem Formulation and Overall Architecture

Our framework operates in a CP system with N agents,
where each agent simultaneously functions as both a data
receiver and a data provider. In the whole paper, we de-
fine the agents, which are currently receiving and transmit-
ting data, as the ego agent and collaborative agents. And
subscripts ¢ and j denote the ego agent and collaborative
agents, where ¢ # j. At the current time ¢, the ego agent
processes its latest data X;(¢), while integrating data trans-
mitted by the collaborative agents at timestamp ¢t — 7, where
T represents the transmission delay. To compensate for this
transmission delay, the collaborative agent processes its two
latest frames X; (t—7) and X; (¢t —7— AT') before transmis-
sion, providing both perception and motion information.
The overall architecture of DATA is shown in Figure 2.

(i) CDAM to Align Domain (Only in Training): First, the
point clouds of ego agent undergoes PHD of CDAM (red
part) to generate multi-scale features. In collaborative
branch, it processes point clouds to generate multi-scale
features for two timestamps. The features of both agents
are converted to BEV features, then inputted to the OD of
CDAM to facilitate domain alignment between both agents.
(ii) PTAM to Align Time (in Training & Testing): The multi-
scale features of collaborative agent pass through the first
stage of PTAM (blue part). Then the output feature, along
with the feature from the latest frame (¢ — 7) and motion in-
formation, are compressed and transmitted to the ego agent.
The ego agent decompresses the received data to recover

the multi-scale features and implements the second stage of
PTAM to further adjust the features based on the transmis-
sion delay 7, achieving complete temporal alignment.

(iii) IFAM to Fuse Features (in Training & Testing): The
temporally aligned multi-scale features are converted to
BEV features, subsequently fed into IFAM (green part) to-
gether with the ego’s BEV features to fuse the complemen-
tary information into a comprehensive representation. This
fused representation is served as input for the detection head
(decoder) to produce the final detection results.

3.2. Consistency-preserving Domain Alignment
Module (CDAM)

Domain gaps from hardware heterogeneity and deployment
variations manifest at raw data and feature levels. There-
fore, we introduce CDAM to address these through PHD
for raw data processing and OD for feature-level alignment.

3.2.1. Proximal-region Hierarchical Downsampling
(PHD)

Point clouds of a single agent exhibit significant density
variations with varying observation distances [34], biasing
the model learning toward high-density regions and affect-
ing the feature extraction. To address this issue, PHD is
proposed to balance the density distribution of point clouds
at the ego agent. PHD mainly consists of three steps.

Step 1: Proximal Object Selection. For the input scene,
we define the set of all objects observable to ego agent ¢ as
O, = {01,092, ..., 0 pwa }, where N!° is the total number of
the observable objeclts. Objects within the proximal region
are identified based on their distance to the ego agent as

Ogmx _ { o | di(ok) < dth7 k= 1,... ,N;Olal}’ (D)

where d; (o) is the distance from the ego agent i to the k-
th object and dyy, is the distance threshold. To maintain the
distribution similarity with the original scene after down-
sampling, we select Npro. objects from OF** for subsequent
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Figure 3. Pipeline of PHD. Point clouds processed by PHD simul-
taneously deliver contour preservation and density reduction.

processing. If |OF”|>Nyax, then Nproe =
are randomly selected from O,
05“0){
and Ny, is the predefined maximum number of objects.
Step 2: Region Partition. For each selected object, its
point clouds are partitioned into inner and outer regions by
using concentric bounding boxes with different scales. Let
out denote the oriented bounding box of the k-th object pa-
rametenzed by center coordinates (xk, Yk, zk), dimensions
(hi,wg, k), and orientation 0. We also define a scaling
factor & € (0,1) to adjust the height, width, and length
of the bounding box. This creates an inner bounding box
with the same center and orientation as Bf“};, ie., B;‘k =
{(zk, Yk, 2k, ahg, Qwi, aly, O;)}, where k = 1, . NlDrOC
Then the point sets in the inner and outer regions are

o =1{plpe BN}, R ={plp B\ BN} ()

This partition effectively separates the sparse interior points
from the dense points on the object contour.

Step 3: Density Balancing. Next, the Farthest Point
Sampling (FPS) [23] is applied with different ratios to the
partitioned regions. For the inner region, a high downsam-
pling ratio f3;, is used while a conservative downsampling
ratio Boy is applied to the outer region with more points
left, thus capturing the object contour and preserving its ge-
ometric details. The downsampling can be formulated as

mk - FPS(R;I}IC, ﬁin)ﬂ FPS( 0ut7 Bout) (3)

Finally, the point clouds of the k-th object, combining
both inner and outer regions, can be formulated as 751-, E =
R‘"k U R‘z’“,i, k = - Nproe. Through this hierarchical
downsamphng, PHD enhances density-consistent represen-
tations for varying distances and preserves critical informa-
tion of the original data, particularly occlusion relationships

and geometric structures.

max objects
otherwise, all objects in

out
ik T

> out
ik T

3.2.2. Observability-constrained Discriminator (OD)

In CP, the domain gaps between agents arise from both
sensor-intrinsic properties and observation characteristics.
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Figure 4. Pipeline of OD. ST&P denotes Spatial Transformation
and Padding and C.O.A.S. refers to Common Observable Area Se-
lection. Genuine domain gaps are located by common observable
areas, enabling intrinsic domain-invariant feature learning.

To align these domain gaps, it is crucial to identify the re-
gions where both agents maintain valid observations. To ad-
dress this issue, we propose an OD module to explicitly in-
corporate observability into the domain alignment process.

First, we define the observations of ego agent ¢ as the
ego domain, while the observations of N — 1 collaborative
agents are the collaborative domain. For domain discrimi-
nation, one collaborative agent is randomly selected for do-
main alignment. This enables diverse agent combinations
that facilitate domain-invariant feature learning.

Then, through a foreground estimator ®(-), the OD uses
Bird’s Eye View (BEV) features H; and H; of ego and
collaborative agents to generate observability maps M; =
®(F;) and M; = ®(F;), where M;, M; € RV>HXW for
indicating the observability at each spatial location.

Subsequently, we project the collaborative features onto
the coordinates of ego agent through spatial transformation,
creating H;_,; and M;_,;. However, this may potentially
produce void regions. Let V denote the set of valid grids in
the transformed feature map and the voids are filled as

H"™ =Ty - Hj i + (1 - Iy) - Hy, )

®)

where H"™ and M:°"™ represent the complemented fea-
ture and observability map, respectively, and the indica-
tor function Zy, equals to 1 for points in V' and O for the
others. To ensure the domain alignment focus on the re-
gions with shared observability of both agents, an observ-
ability weighting map W ¢ RY>H*W i computed as
W = min(softmax([M;, M;*"™])), where [-] denotes con-
catenation and all operatlons are performed along the first
dimension. Finally, the domain alignment objective is

spZ

ﬂat speES

M

=Ty Mjsi+ (1=1y) - M,

ﬂat ﬁBCE Dip(\llf’)’zsp)r

mg,xx min Edomain =
m

(0)
where S denotes the set of all spatial positions with sp de-
noting one position, Wy, denotes the flattened observability
weighting map, Wy is the feature extractor (point clouds as



input and BEV features as output), D, denotes the discrim-
inator, Lgcg is the binary cross-entropy loss, and Z is the
domain label (0 for ego agent and 1 for collaborative agent).
To jointly optimize this min-max problem, a gradient re-
versal layer (GRL) [4] is inserted before the discrimina-
tor. The GRL leaves the input unchanged in the forward
pass and applies a negative scaling factor v = —0.1 during
backpropagation. This allows the end-to-end adversarial
training, where the discriminator learns to distinguish do-
mains in the regions with shared observability and the fea-
ture extractor learns to generate domain-invariant features
that match physical constraints of multi-agent perception.

3.3. Progressive Temporal Alignment Module
(PTAM)

3.3.1. Kinematic Perspective of Temporal Alignment

Temporal asynchrony causes feature misalignment between
agents, presenting a fundamental challenge in multi-agent
CP. To compensate the temporal misalignment of collabo-
rative features at the historical time ¢ — At, we leverage a
kinematic perspective [41, 42]. The temporal evolution of
any-scale features at collaborative agent is formulated as

Fi(t,x +v(t — AL x)AL) = F;(t — ALx),  (7)

where At is a time interval (within the range of typical
transmission delay in CP [1, 13, 14]), F;;(t — At, x) denotes
the features at position x of time ¢t — At, and v(t — At, x)
denotes the velocity field describing the motion of features
at time ¢t — At. This captures that features of one position
at time ¢ can be obtained by tracing back along the velocity
field to the corresponding positions of time ¢t — At.
Following the kinematic formulation, the core mecha-
nism of PTAM realizes feature temporal evolution through
three essential components: motion field Ap € R2*HxW
representing v, temporal scaling factor £ corresponding to
At, and displacement compensation operation via bilinear
sampling. In the following, we omit x for simplicity.

3.3.2. Two-Step Implementation for Both Agents

Based on this core mechanism, the progressive temporal
alignment strategy of PTAM consists of a two-stage predic-
tion executed serially. Each stage corresponds to one agent.
(i) First Stage. The collaborative agent captures historical
motion patterns by utilizing its latest two frames of features
F;(t — 7 — AT) and Fj(t — 7) to predict an intermediate
feature F3M'.

(ii) Second Stage. The ego agent performs adaptive tem-
poral alignment based on received motion information and
transmission delay characteristics. Due to the potential
communication error between two agents, the received fea-
tures are defined as £(t — 7) and F}mer, which are used to

generate temporally aligned features F i(t). To capture hi-
erarchical motion patterns of varying granularities, PTAM
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Figure 5. Pipeline of PTAM. One spatial scale is illustrated here.
Three couples of ‘WiFi’ and ‘Radar’ symbols in different col-
ors denote transmitting and receiving information between agents.
Both historical motion tendency and scene dynamics are exploited
via two-stage prediction, enabling precise latency compensation.
processes features simultaneously at three spatial scales.
Each Stage Implementation. At each stage with each
spatial scale, we execute the core mechanism through two
steps, i.e., motion estimation and feature warping.

Step 1: Motion Estimation. This step shares the same
architecture for both stages. For a united representation of
both stages, we denote the input adjacent temporal features
as the latest feature Fjyes and its previous feature Fprey. The
motion estimation begins with computing the temporal fea-
ture difference, defined as AF = Flaest — Flrev, Which is
then separately concatenated with these two input features.
These concatenated features undergo a sequence of oper-
ations to generate the motion field Ap and the sampling
weight Wy, € RIXHAXW,

Step 2: Feature Warping. This step is slightly different
for the two stages. For the first stage executed at the col-
laborative agent, a unit temporal scaling factor, i.e., £ = 1,
is employed to maintain consistency with the sampling pe-
riod of sensor, e.g., LIDAR, generating an intermediate fea-
ture representation Fi™" = w3l © fuarp (F;(t—7), Ap®),
where s, indicates the first stage and fyarp () denotes the bi-
linear sampling operation. For the second stage at the ego
agent, an adaptive temporal scaling factor ¢ is required to
handle the variable time intervals resulting from transmis-
sion delays. The motion difference field AM is defined as

AM = (Ap™ O wiy) — (Ap™ O wi,),  (8)
where the superscript so indicates the second stage and the
element-wise product captures the effective motion at each
stage by incorporating Ap and the corresponding wWsamp.
Then, to obtain a global context vector fj;, we use cascaded
convolutional layers, residual blocks, and global pooling
operations to process AM. And a temporal encoding fr
is obtained by adding sinusoidal positional embeddings,
which capture transmission delay characteristics, to fj;. Fi-
nally, these features are concatenated and processed through
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a MLP to predict the temporal scaling factor as

§ = ReLUMLP([fum, fr]))- )

And the ﬁnal temporally aligned feature is acquired through
Fj (t) = gamp © fwarp (Flnter Ap51)
3.3.3. Multi-window Self-supervised Training Strategy.

To enhance the capability of PTAM in capturing diverse
motion patterns through progressive-parallel alignment, we
propose a multi-window self-supervised training strategy.

At each spatial scale s, the feature plane of size hs X wy is
partitioned using two complementary window partitioning
strategies. These two window sets are defined as

hs
Wi = {wm/p |0<m' < ==

=<0 < a0

Wy = {wy |O§p’<h7—1 0<q <— 1}, (11)
where Wy, and wy o denote windows w1th top-left cor-
ner at position (m’,n’) and (p’, ¢’) with size [ x [, respec-
tively. Herein, W, actually start partitioning features ex-
actly from boundaries while W5 has an offset of //2 com-
pared with W;. For each window w in both sets, we com-
pute the cosine similarity cos(, -) between predictions and
ground truth features F£'. The loss functions for intermedi-

ate and final predictions at scale s can be written as

1 .
Lier = 77— 1 — cos(F"®, F&22 (1)|l5, (12)
inter Nwindow wEM;JW2 || ( Jyw ],w( ))H2
s 1 s s
Lia = 37— Do It —cos(E5u (1), FEs ()3, (13)
WInAOW e W, UW,

where Nyindow denotes the total number of win-
dows.  Finally, the total temporal alignment loss is
computed across all three scales, given by Liemporal

23:1,2,3 (‘Cisnter + Egnal)'

3.4. Instance-focused Feature Aggregation Module
(IFAM)

Suppose that domain-and-time aligned features are obtained
by CDAM and PTAM, but how to fully exploit the se-
mantic information of these aligned features is still cru-
cial for improving perception performance. Herein, the
IFAM is designed to enhance the structural representa-
tion of foreground objects for robust CP. Suppose that
H, € RE*HXW i5 the BEV feature of the a-th agent,
its foreground and background features are identified as
Hf = H, © M,, H** = H, ® (1 — M,), where
M, = ®(H,) is the foreground mask and ®(-) is the fore-
ground estimator mentioned in Section 3.2.2 (OD module).
To strengthen the structural details in foreground regions,
a set of 3 x 3 convolution kernels is applied. Then we
have HS™ = StructConv(H® ), where StructConv con-
sists of one vanilla convolution to preserve basic feature
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Figure 6. Pipeline of IFAM. E.B. denotes fore/background. Struc-
tural enhancement benefits from F.B. separation, reducing noise
and improving detection via height-semantic verification.
intensity and four specialized convolutions: a central dif-
ference convolution, horizontal and vertical difference con-
volutions, and an angular difference convolution. Although
this strengthens the structural details, it may potentially oc-
cur false targets that interfere with subsequent detection.

To suppress these spurious foreground features while
preserving enhanced structural details, a foreground verifi-
cation mechanism is proposed based on the pillar-encoding
[12, 25] since its each channel dimension inherently con-
tains coupled height-semantic information, which can be
used to select the correct foreground features. Specifically,
given the original and enhanced foreground features (H ™
and H gnh), their concatenation along the channel dimension
is H = [Hle H™M) € R2O*HXW  Then spatial and
channel attention modules are employed in parallel. For
spatial attention W}, max- and average-pooling operations
are performed across the channel dimension followed by
concatenation and convolution. For channel attention W,
spatial average pooling is applied followed by two convolu-
tions. Then the initial attention weights Winit are derived as
Winit — W @ WE. And the verification weights are

Wyt = Sigmoid (GConv (CS ([HS™, W), (14)

where CS denotes channel shuffle [40] that promotes cross-
group information exchange, breaking fixed channel combi-
nations for comprehensive feature verification. And group
convolution GConv(-) [7] enables independent weight gen-
eration for different feature groups, allowing specialized
verification of height-semantic patterns. Through this veri-
fication mechanism, the regions exhibiting height-semantic
relationships (e.g., those consistent with typical vehicle
shapes and heights) are preserved, while the regions con-
taining unnatural representation combinations of spurious
foreground features are mitigated. Then the verified fore-
ground feature of the k-th agent ultimately is expressed as

Hvenf COHVl ‘1 ((ernf ® Hfore (
Fay Htore ey Henh) )

o Wgerif) ® H;nh)

5)
The individually refined BEV features are obtained by com-
bining background features as H°fined = fyverf ¢ ¢ fyback,
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Method || Metric(AP50/AP70) V2XSim V2XSet  DAIR-V2X-C
DiscoNet (NeurIPS’21) [17] 83.56/66.12 82.34/64.79 68.50/53.57
AttFuse (ICRA’22) [32] 81.70/66.24 84.37/66.27 67.36/52.96
V2X-VIT (ECCV’22) [31] 82.32/64.41 82.42/63.14 71.54/51.65
CoBEVT (CoRL’22) [30] 81.00/65.06 84.84/65.14 69.21/46.66
Where2com (NeurIPS°22) [9]  83.82/65.52 85.19/61.59 68.39/52.48
AdaFusion (WACV’23) [24] 78.89/58.62 86.28/57.06 71.16/47.74
HM-VIT (ICCV’23) [29] -/- -/- 76.10/ -
CoBEVFlow (NeurIPS’23) [28] -/- -/- 73.80/59.90
FFNet (NeurIPS’23) [39] 85.56/68.64 83.57/66.23 77.19/60.17
DI-V2X (AAAT’24) [16] -/- -/- 78.82/-
MRCNet (CVPR’24) [8] 85.33/69.82 85.00/66.31 -/-
CodeFilling (CVPR’24) [11] -/- -/- 79.90/61.06
HEAL (ICLR’24) [22] 88.67/75.85 88.40/72.13 79.00/63.12
DATA (Ours) 88.91/77.69 89.53/74.98 79.94/65.48

Table 1. Performance comparison without communication latency.

where ¢ is a learnable parameter balancing the contribution
of background features. And the refined features of all NV
agents are progressively fused through a shared 1 x 1 con-
volution to produce the ultimate CP representation.

4. Experiments

4.1. Datasets and Evaluation Metrics

Experiments are conducted on three datasets: DAIR-V2X-
C [38], V2XSET [31], and V2XSIM [18]. Detailed dataset
information are presented in Section 2.1 of Supplementary
Material. For evaluation, Average Precision (AP) is mea-
sured at Intersection-over-Union (IoU) thresholds of 0.50
and 0.70 for the car category on all datasets.

4.2. Implementation

The backbone employs PointPillar [12] architecture with
a grid size of 0.4mx0.4m. In CDAM, distance threshold
dipn = 50 m and Np,x = 2 vehicles are downsampled. The
two downsampling ratios are G, = 0.6 and Sy, = 0.8. For
PTAM, the multi-window self-supervised training adopts a
window size of [ = 16. The training procedure comprises
three sequential stages: detection model training, PTAM
training, and transmission module training, which are pre-
sented in Section 2 of Supplementary Material.

4.3. Quantitative Results

Performance without Latency. Table | presents per-
formance comparison with SOTA methods under zero la-
tency setting. DATA achieves 0.94% and 2.36% improve-
ments in AP5¢ and AP7y compared to HEAL [22] on real-
world DAIR-V2X-C validation set. For simulation datasets
V2XSIM and V2XSET, where Gaussian noise (fpos

0,0p0s = 0.2 m for position, po; = 0,00 = 0.2° for
orientation) is added to mimic real-world conditions, DATA
also demonstrates significant improvements. Specifically, it
outperforms MRCNet, by 3.58% and 7.87% in AP5y and
AP7¢ on V2XSIM, and by 4.53% and 8.67% on V2XSET.

FFNet <~ Cobevflow =0= CodeFilling <A~ DATA(ours) <{F DATA-C(ours)

100 200 3(‘)0 4(‘]0 5(‘]0
Latency (ms)

Figure 7. Performance with latency on DAIR-V2X-C.
These consistent improvements across both complex sim-
ulated and real-world scenarios demonstrate the effective-
ness of DATA, which first achieves domain-invariant feature
extraction through CDAM to enhance feature quality, then
leverages IFAM to effectively highlight foreground feature
semantics for improved CP system performance.

Performance with Latency. As shown in Figure 7, DATA
effectively maintains high-quality CP under temporal asyn-
chrony on DAIR-V2X-C dataset. Building upon the strong
feature extraction and fusion capabilities in zero-latency
scenarios, the PTAM further ensures reliable feature pre-
diction during transmission with varying delays, realizing
the minimal 3.46% APs( decrease as latency increases from
100ms to 500ms. And DATA maintains 75.58% APs5q at
500ms delay, while baseline methods, like FFNet (72.19%)
and CodeFilling (71.50%), present more significant drops.
Also, DATA achieves robust performance even with com-
pressed transmission (74.90% AP5q at 500ms of DATA-C).
These results demonstrate that DATA effectively addresses
temporal challenges in real-world CP by acquiring and uti-
lizing high-quality features.

Robustness to Pose Errors. To investigate the effects of
different pose noise components on CP performance, exper-
iments are conducted on V2XSET and V2XSIM. Gaussian
noise with varying standard deviations is separately applied
to collaborator positions and orientations, with localization
NOiSe Tjoqc1 Tanging from 0.2 m to 0.6 m and heading noise
Ohead Tanging from 0.2° to 1.0°. As shown in Figure 8,
the compared methods suffer from significant performance
degradation. Their APy, declines rapidly with increasing
noise magnitude, dropping by over 30% and 9% when 0ocq|
and opeyq reaches 0.6 m and 1.0°, respectively, on both
V2XSIM and V2XSET. This indicates that spatial feature
misalignment severely impacts their CP accuracy. DATA
demonstrates robust resilience against pose uncertainties on
both datasets: on V2XSIM, it maintains 66.53% AP,y at
Olocal = 0.6 m and 75.23% APrq at oheaq = 1.0°; similarly
on V2XSET, it achieves 67.22% APy at ojpca = 0.6 m
and 71.17% APrg at opeaa = 1.0°. This robustness stems
from two complementary aspects. First, the observability-
guided domain alignment learns domain-invariant features
from consistent observation, extracting essential geomet-
ric patterns from noisy observations. Meanwhile, the
instance-focused feature enhancement, through foreground-
background separation and semantic refinement, strength-
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Figure 8. Performance comparison with pose errors.

ens the structural completeness of object representations,
ensuring reliable detection under pose perturbations.

4.4. Ablation Study

Ablation on Domain Alignment and Feature Aggrega-
tion. To investigate the contribution of each module, ex-
periments are conducted on DAIR-V2X-C validation set
without latency. As shown in Table 2, compared with the
baseline model, incorporating IFAM brings significant per-
formance gains, i.e., 3.70% improvement in AP7q, since
its geometric-aware feature enhancement strengthens struc-
tural completeness and enables more precise object local-
ization. Adding OD further improves the detection perfor-
mance by 1.96% APs5y and 0.62% APz since it guides the
feature alignment to focus on regions where both agents
maintain comparable observation capabilities, fundamen-
tally addressing cross-domain feature discrepancies. The
integration of PHD yields 0.96% and 1.25% improvements
in AP5¢ and APrg. This demonstrates that maintaining con-
sistent distribution of point clouds across different spatial
regions, while preserving inherent scene structures, is cru-
cial for extracting reliable domain-invariant features.
Ablation on Proximal Region Threshold. The PHD mod-
ule aims to balance point clouds density across different
spatial regions while preserving scene structure. The results
in Table 4 demonstrate that the 50 m threshold achieves
optimal performance (79.94% APs), representing a good
trade-off between density balancing and distribution preser-
vation. Smaller thresholds (10 m, 30 m) provide insuffi-
cient coverage of proximal objects, while larger thresholds
(70 m, 90 m) may introduce excessive downsampling that
disrupts the original scene structures.

Ablation on Progressive Temporal Alignment. To inves-
tigate the impact of window size on temporal alignment
performance, experiments are conducted, comparing First-
Stage and Two-Stage models, on DAIR-V2X-C validation
set with 300 ms communication delay. Table 3 shows that
the Two-stage model outperforms the First-stage model for
all window sizes, where the Two-Stage model achieves op-
timal performance (77.81% AP5q) with window size 16,

Conﬁg AP5() AP?O Conﬁg AP50 AP70

Baseline  76.80 5991 +P+0. 7896716626877
+P 77.54T0 7 6216722 + P + 1. 78.301150 63.653 7
+0. 78521172 62.587267 L 0.+ 1 78.98 1218 64231432
+L 77.021°22 63,6177 + P+ 0. +1.79.94"3 1 65.487°57

Table 2. Comprehensive ablation study of CDAM and IFAM on
DAIR-V2X-C. P.: PHD, O.: OD, I.: IFAM.

w/o Window Size | (AP5¢ %)
PIAM ym. 32 16 8 4

First-Stage (Collab.) 71.65 76.23 76.68 76.80 76.62 76.54
Two-Stage (Ego & Collab.) 71.65 77.14 77.62 77.81 77.59 76.64

Model Type (APso %)

Table 3. Performance on 300 ms latency of Two model types
across different window sizes. “w.m.” represents whole map su-
pervision.

Distance Threshold d;;, 10m 30m 50m 70m 90m
Metric (AP5o %) 79.33 7944 7994 79.18 78.69

Table 4. Ablation of proximal-region distance thresholds (d:n).
surpassing the whole map supervision and the First-Stage
approach by 0.67% and 1.01%, respectively. The perfor-
mance degrades when increasing or decreasing the window
size, indicating that this intermediate window size optimally
balances local motion capture and contextual information
preservation. Especially with small window sizes, like
4, both models face challenges since small windows can-
not adequately capture the vehicle objects. And the Two-
Stage model shows more significant performance degrada-
tion (76.64% APsq at size 4) compared to the One-Stage
approach (76.54% APs5p) due to the additional impact of er-
ror accumulation through prediction stages. These findings
validate that Two-Stage progressive alignment can achieve
temporal coherence through intermediate prediction states
when trained with appropriate window partitions.

5. Conclusion

In this paper, we propose DATA, which is a novel frame-
work that addresses the fundamental domain and time mis-
alignment in feature-level collaborative perception. We
develop systematic solutions for feature alignment during
the acquisition phase. The proposed CDAM reduces do-
main gaps in feature extraction through density-aware point
cloud sampling and observability-guided domain align-
ment, while PTAM ensures temporal coherence during fea-
ture transmission through progressive motion refinement.
Building upon well-aligned features, IFAM further en-
hances their semantic expressiveness to maximize fusion
performance. Extensive experiments on both real-world
and simulation datasets demonstrate the effectiveness of
DATA, achieving SOTA performance under various chal-
lenging conditions, validating the robustness of our system-
atic approach on feature alignment and enhancement in CP.
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