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Abstract

Multi-agent collaborative perception as a potential ap-
plication for vehicle-to-everything communication could
significantly improve the perception performance of au-
tonomous vehicles over single-agent perception. However,
several challenges remain in achieving pragmatic informa-
tion sharing in this emerging research. In this paper, we
propose SCOPE, a novel collaborative perception frame-
work that aggregates the spatio-temporal awareness char-
acteristics across on-road agents in an end-to-end man-
ner. Specifically, SCOPE has three distinct strengths: i)
it considers effective semantic cues of the temporal con-
text to enhance current representations of the target agent;
ii) it aggregates perceptually critical spatial information
from heterogeneous agents and overcomes localization er-
rors via multi-scale feature interactions; iii) it integrates
multi-source representations of the target agent based on
their complementary contributions by an adaptive fusion
paradigm. To thoroughly evaluate SCOPE, we consider
both real-world and simulated scenarios of collaborative
3D object detection tasks on three datasets. Extensive ex-
periments show the superiority of our approach and the
necessity of the proposed components. The project link is
https://ydk122024.github.io/SCOPE/.

1. Introduction
Perceiving complex driving environments is essential for

ensuring road safety [23] and traffic efficiency [21] in au-
tonomous driving. Despite the rapid development in the
perception ability of intelligent vehicles through deep learn-
ing technologies [5, 6, 14, 41, 43], the conventional single-
agent perception paradigm remains challenging. Single-
agent perception system is generally vulnerable and defec-
tive due to the inevitable practical difficulties on the road,
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such as restricted detection range and occlusion [47, 48]. To
alleviate the inadequate observation constraints of isolated
agents, multi-agent collaborative perception has emerged as
a promising solution in recent years [17, 29]. With Vehicle-
to-Everything (V2X) oriented communication applications,
collaborative perception effectively promotes perspective
complementation and information sharing among agents.

Based on recent LiDAR-based 3D collaborative percep-
tion datasets [35, 36, 37, 46], several impressive works have
achieved a trade-off between collaborative perception per-
formance and communication bandwidth of Autonomous
Vehicles (AVs) via well-designed mechanisms. These re-
markable efforts include knowledge distillation-based in-
termediate collaboration [17], handshake communication
mechanism [20], V2X-visual transformer [36], and spatial
information selection strategy [10]. However, there is still
considerable room for progress in achieving a pragmatic
and effective collaborative perception. Concretely, existing
methods invariably follow a single-frame static perception
pattern, suffering from the data sparsity shortcoming of 3D
point clouds [47] and ignoring meaningful semantic cues in
the temporal context [49]. The insufficient representation of
the moving objects in the current frame potentially restricts
the perception performance of target vehicles.

Moreover, spatial information aggregation in collab-
orative perception systems has exposed several prob-
lems. For the collaborator-shared message fusion, the
per-agent/location-based fusion strategies of previous at-
tempts [16, 17, 20, 28, 36] fail to deal with feature map
misalignment from heterogeneous agents due to localiza-
tion errors. Consequently, misleading features from collab-
orators could lead to object position misjudgment of the
ego vehicle (i.e., receiver) and harm its detection preci-
sion. For the ego vehicle message refinement, existing ap-
proaches [10, 17, 20, 21, 28, 33] rely on fused representa-
tions with collaborator information to implement detection,
abandoning the natural perception advantages of the ego ve-
hicle and introducing the potential noises. The ego-centered
characteristics may contain locally critical spatial informa-
tion that is not disturbed by noise from collaborative agents
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Figure 1. The overall architecture of the proposed SCOPE. The framework consists of five parts: metadata conversion and feature extrac-
tion, context-aware information aggregation, confidence-aware cross-agent collaboration, importance-aware adaptive fusion, and detection
decoders. The details of each individual component are illustrated in Section 3.

with asynchronous sensor measurements. To this end, how
to effectively break the aforementioned limitations becomes
a priority for achieving robust collaborative perception.

Motivated by the above observations, we present
SCOPE, a Spatio-temporal domain awareness multi-agent
CollabOrative PErception approach to tackle existing chal-
lenges jointly. From Figure 1, SCOPE achieves effective in-
formation collaboration among agents and precise percep-
tion of the ego agent via three proposed core components.
Specifically, (i) for the data sparsity challenge in single-
frame point clouds, the context-aware information aggre-
gation is proposed to aggregate the ego agent’s context in-
formation from preceding frames. We employ selective in-
formation filtering and spatio-temporal feature integration
modules to capture informative temporal cues and historical
context semantics. (ii) For the collaborator-shared message
fusion challenge, the confidence-aware cross-agent collab-
oration is introduced to guarantee that the ego agent ag-
gregates complementary information from heterogeneous
agents. Based on the confidence-aware multi-scale feature
interaction, we facilitate holistic communication and miti-
gate feature map misalignment due to localization errors of
collaborators. (iii) For the multi-feature integration chal-
lenge of the ego agent, the importance-aware adaptive fu-
sion is designed to flexibly incorporate the advantages of
diverse representations based on distinctive perception con-
tributions. We evaluate the superiority of SCOPE on var-
ious collaborative 3D object detection datasets, including
DAIR-V2X [46], OPV2V [37], and V2XSet [36]. Exten-
sive experiments in real-world and simulated scenarios pro-
vide favorable evidence that our approach is competitive in

multi-agent collaborative perception tasks.
The main contributions can be summarized as follows:

• We present SCOPE, a novel framework for multi-
agent collaborative perception. The framework fa-
cilitates information collaboration and feature fusion
among agents, achieving a reasonable performance-
bandwidth trade-off. Comprehensive experiments on
collaborative detection tasks show that SCOPE outper-
forms previous state-of-the-art methods.

• To our best knowledge, we are the first to consider the
temporal context of the ego agent in collaborative per-
ception systems. Based on the proposed context-aware
component, the target frame of point clouds efficiently
integrates historical cues from preceding frames to
capture valuable temporal information.

• We introduce two spatial information aggregation
components to address the challenges of collabora-
tion heterogeneity and fused representation unicity.
These tailored components effectively perform multi-
grained information interactions among agents and
multi-source feature refinement of the ego agent.

2. Related Work
2.1. Multi-Agent Communication

Benefiting from rapid advances in learning-based tech-
nologies [18, 38, 39, 40, 42, 44, 45], communication has be-
come an essential component in constructing robust multi-
agent systems. Previous works [7, 25, 26, 27] typically
focus on centralized paradigms or predefined protocols to
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explore information-sharing mechanisms among multiple
agents. However, these efforts are potentially domain-
constrained and scenario-isolated. Recent methods [3, 9,
12] achieve effective communication strategies in diverse
scenarios. For instance, Vain [9] determines which agents
would share information by modeling the locality of inter-
actions. ATOC [12] introduces an attentional communi-
cation strategy to learn when communicating and integrat-
ing useful information to execute collaborative decisions.
In comparison, we focus on the more challenging 3D per-
ception tasks in complex driving scenarios. Based on the
proposed confidence-aware multi-scale information interac-
tion, SCOPE achieves an information-critical and holistic
communication pattern among heterogeneous agents.

2.2. Collaborative Perception

Collaborative perception investigates how to aggre-
gate complementary perception semantics across connected
agents to improve overall system performance. Current
works are mainly categorized as early [2], intermediate [1,
10, 17, 20, 28, 34, 36, 37], and late [24, 31] fusion, where in-
termediate fusion is more favoured due to its good trade-off
between performance and transmission bandwidth. In this
case, several remarkable works explore efficient collabora-
tion mechanisms. In DiscoNet [17], the teacher-student net-
work is trained to aggregate the shared information. V2X-
ViT [36] proposes heterogeneous multi-agent self-attention
to handle device heterogeneity, and Xu et al. [34] design an
axial attention module to capture sparse spatial semantics.
Furthermore, Where2comm [10] filters irrelevant semantics
by quantifying the spatial importance through confidence
maps. Unlike these single-frame methods, we propose an
information aggregation component to extract rich context
information from local historical observations. Moreover,
our cross-agent collaboration mechanism outperforms the
previous per-agent/location message fusion models, signif-
icantly mitigating the impact of localization errors.

3. Methodology
In this paper, we focus on developing a robust collabora-

tive perception system to improve the ego vehicle’s percep-
tion capability. Figure 1 illustrates the overall architecture
of the proposed framework. It consists of five sequential
parts, where the system input accommodates different types
of connected agents (i.e., infrastructures and AVs).

3.1. Metadata Conversion and Feature Extraction

During the collaboration, one of the connected agents
is identified as the ego agent (i) to build a communica-
tion graph, where other agents within the communication
range serve as collaborators. Upon receiving the meta-
data (e.g., poses and extrinsics) broadcast by the ego agent,
the collaborators project their local LiDAR point clouds
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Figure 2. (a) The architecture of the proposed CIA component, in-
cluding selective information filtering (left) and spatio-temporal
feature integration (middle). (b) The multi-scale convolutional
structure in the pyramid LSTM.

to the coordinate system of the ego agent. Similarly, the
ego agent’s previous point cloud frames are synchronized
to the current frame. Each agent k ∈ {1, ...,K} encodes
the projected point clouds into Bird’s Eye View (BEV) fea-
tures to extract local visual representations. Given the point
cloud X

(t)
k of k-th agent at timestamp t, the extracted fea-

ture is F
(t)
k = fenc(X

(t)
k ) ∈ RC×H×W , where fenc(·) is

the PointPillar [14] encoder shared among all agents, and
C,H,W stand for the channel, height, and width.

3.2. Context-aware Information Aggregation

Conventional 3D detection tasks [47, 49] have shown the
potential of temporal information in improving perception
performance. Unfortunately, current multi-agent collabora-
tive efforts [10, 17, 20, 21, 28] invariably focus on exploring
the current frame while ignoring context cues from previous
frames. The single-frame solution fails to effectively de-
tect fast-moving objects (e.g., surrounding vehicles) due to
the sparsity and insufficiency of point clouds. To this end,
we present a Context-aware Information Aggregation (CIA)
component to capture spatio-temporal representations of the
ego agent’s previous frames to fuse valuable semantics. As
shown in Figure 2(a), CIA consists of two core phases.
Selective Information Filtering. This phase aims to extract
refined information by filtering redundant features from the
target F (t)

i ∈ RC×H×W and distilling meaningful charac-
teristics from the previous F

(t−τ)
i ∈ Rτ×C×H×W , where

τ is the time shift. Concretely, the channel-wise average
and max pooling operations Ψa/m(·) are first utilized to
aggregate rich channel semantics, denoted as M(t)

a/m =

Ψa/m(F
(t)
i ) and M(τ)

a/m = Ψa/m(F
(τ)
i ), where F

(τ)
i =∑τ

n=1F
(t−n)
i . These refined feature maps are combined to

obtain a well-chosen spatial selection map. The procedure
is expressed as follows:

U = σ · ℵ(M(t)
a ∥M(t)

m +M(τ)
a ∥M(τ)

m ) ∈ RH×W , (1)

where σ is the sigmoid activation, ℵ denotes a convolu-
tional layer for fusion, and ∥ denotes the concatenation op-
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Figure 3. (a) The architecture of the proposed CCC component. (b)
CCC consists of two phases at each scale: reference point proposal
(middle) and deformable cross-attention module (right).

eration. Immediately, the information filtering strategy is
implemented via pixel-wise attention weighting to enhance
the salient historical features of H(τ)

i ∈ Rτ×C×H×W :

H
(τ)
i = (1− U)⊙ tanh(F

(t)
i ) + U ⊙ F

(t−τ)
i . (2)

Spatio-temporal Feature Integration. In order to inte-
grate the historical prototype to improve the perception abil-
ity of the current representation, we introduce a pyramid
LSTM [15] to learn the contextual dependencies of inter-
frame features F

(t)
i ∥H(τ)

i . The difference between the
pyramid LSTM and vanilla LSTM [8] is that the initial ma-
trix multiplication is replaced with a multi-scale convolu-
tional structure, as shown in Figure 2(b). Note that the in-
trinsic long short-term memory mechanism in the LSTM
is adopted, and please refer to [8] for details. In practice,
multi-scale spatial features are extracted by two succes-
sive 2D convolutions among different scales, followed by
batch normalization and ReLU activation. To achieve multi-
level spatial semantic fusion, the downsampled features are
progressively interpolated to deliver to the upsampled lay-
ers via lateral connections. The overall design facilitates
learning spatio-temporal correlations in historical contexts,
which benefits our multi-frame perception paradigm. Ulti-
mately, the final hidden state in the pyramid LSTM is used
as the refined context-aware feature H

(t)
i ∈ RC×H×W .

3.3. Confidence-aware Cross-agent Collaboration

The cross-agent collaboration targets to enhance the ego
agent’s visual representations by aggregating the comple-
mentary semantics from the collaborator-shared features.
Existing works [10, 11, 36, 37] propose attention-based per-
location feature fusion methods, which are vulnerable to
localization errors and ignore the sparsity of point clouds.
To tackle these issues, we implement a novel Confidence-
aware Cross-agent Collaboration (CCC) component. We
first obtain the confidence map S

(t)
k and binary selection

matrix C(t)
k of feature F

(t)
k , k ∈ {1, ...,K} following [10].

The filtered feature shared by k-th agent to ego agent is
F

(t)
k = F

(t)
k ⊙ C(t)

k . As Figure 3(a) shows, the CCC com-
ponent encodes the features and confidence maps into three
scales and performs feature fusion at each scale. F

(t)
k,l and

S
(t)
k,l denote the feature and confidence map at l-th scale. We

take two agents as an example to elaborate on the feature fu-
sion in Figure 3(b), including the following two phases.
Reference Point Proposal. To predict the spatial loca-
tions containing meaningful object information, we ob-
tain the element-wise summation of all confidence maps as
S

(t)
sum,l =

∑K
k=1 S

(t)
k,l . Since the confidence map reflects the

spatially critical levels, S(t)
sum,l presents the potential posi-

tions of the targets within the detection range, called the ref-
erence points. Accordingly, we apply a threshold-based se-
lection function fsel(·) to extract the reference points S(t)

re,l.
This design could actively guide the subsequent fusion net-
work to concentrate on the essential spatial areas.
Deformable Cross-attention Module. We extract the ego
agent’s feature F

(t)
i,l at the reference points as the initial

query embedding and apply a linear layer to encode the lo-
cations of reference points into a position embedding. To
resolve the misalignment of feature maps and acquire more
robust representations against localization errors, the De-
formable Cross-attention Module (DCM) aggregates the in-
formation from sampled keypoints through a deformable
cross-attention layer [30]. Concretely, a linear layer is lever-
aged to learn the 2D spatial offset ∆q of the reference point
q for sampling attending keypoints at q +∆q. We simulta-
neously select M keypoints and extract their features as the
attending features. The output of DCM at position q is:

DCM(q) =

A∑
a=1

Wa[

K∑
k=1

M∑
m=1

ϕ(WbF
(t)
i,l (q))F

(t)
k,l (q +∆qm)], (3)

where a indexes the attention head, Wa/b are the learn-
able weights, and ϕ(·) is the softmax function. Ultimately,
we derive a filling operation that fills DCM(q) into the ego
agent’s feature F

(t)
i,l based on the initial position q and out-

puts Z
(t)
i,l . The output-enhanced features under the three

scales are encoded into the same size and concatenated in
the channel dimension. We utilize a 1 × 1 convolutional
layer to fuse information of the three scales and get the final
collaboration feature Z

(t)
i ∈ RC×H×W .

3.4. Importance-aware Adaptive Fusion

Although previous works [17, 20, 21, 28, 36] have
achieved impressive performance through ego features that
aggregate collaborative information, they potentially suffer
from noise interference introduced by collaborators with
asynchronous measurements. A promising solution is to
consider purely ego-centered characteristics, which contain
the natural perception advantages of the target agent. To
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Figure 4. The architecture of the proposed IAF component.

this end, we propose an Importance-aware Adaptive Fu-
sion (IAF) component to fuse multi-source features based
on their complementary contributions. These informative
features include H

(t)
i ,Z

(t)
i , and F

(t)
i . From Figure 4, the

importance generator fgen(·) is used to generate the spatial
importance maps, which processes as follows:

H(t)
i ,Z(t)

i ,S(t)
i = σ ·Ψm(fgen(H

(t)
i ,Z

(t)
i ,F

(t)
i )), (4)

where H(t)
i ,Z(t)

i ,S(t)
i ∈ [0, 1]H×W . Then, these impor-

tance maps are concatenated to get the normalized attention
maps across distinct features by the softmax function ϕ(·):

E(t)
H = ϕ(H(t)

i ) =
exp(H(t)

i )

exp(H(t)
i ) + exp(Z(t)

i ) + exp(S(t)
i )

. (5)

A larger value in E(t)
H ∈ RH×W implies that the corre-

sponding feature position is more significant. Similarly,
E(t)
Z = ϕ(Z(t)

i ) and E(t)
S = ϕ(S(t)

i ). Finally, we adaptively
activate each feature map’s perceptually critical spatial in-
formation by a weighted summation. The fused feature map
F (t)

i ∈ RC×H×W is obtained as follows:

F (t)
i = E(t)

H ⊙H
(t)
i + E(t)

Z ⊙Z
(t)
i + E(t)

S ⊙ F
(t)
i . (6)

3.5. Detection Decoder and Objective Optimization

We leverage two detection decoders to decode the final
fused feature F (t)

i into the predicted outputs. The regression
output is Y(t)

i,r = fr
dec(F

(t)
i ) ∈ R7×H×W , representing the

position, size, and yaw angle of the bounding box at each
location. The classification output reveals the confidence
value of each predefined box to be a target or background,
which is Y(t)

i,c = f c
dec(F

(t)
i ) ∈ R2×H×W . Following exist-

ing work [14], we adopt the smooth L1 loss for regressing
the bounding boxes and a focal loss [19] for classification.

4. Experiments
4.1. Datasets and Evaluation Metrics

Datasets. We conduct comprehensive experiments on three
benchmark datasets for collaborative perception tasks, in-

cluding DAIR-V2X [46], V2XSet [36], and OPV2V [37].
These datasets provide annotated sensor data from multi-
ple connected agents for each sample. Concretely, DAIR-
V2X is a large-scale real-world dataset supporting collabo-
rative 3D object detection, containing 71,254 samples and
dividing the training/validation/testing sets as 5:2:3. Each
sample contains the LiDAR point clouds from a vehicle
and an infrastructure. During feature extraction, we trans-
form the point cloud into the BEV feature map of the size
(200, 504, 64). V2XSet is a public simulation dataset for
V2X collaborative perception, including 73 representative
scenarios and 11,447 frames of labeled point clouds gen-
erated by Carla [4]. The training/validation/testing sets are
6,694, 1,920, and 2,833 frames, respectively. The size of
each extracted feature map is (100, 384, 64). OPV2V is
a vehicle-to-vehicle collaborative perception dataset col-
lected by Carla and OpenCDA [32]. It includes 11,464
frames of point clouds and RGB images with 3D annota-
tion, splitting into training/validation/testing sets of 6,764,
1,981, and 2,719 frames, respectively. The 3D point cloud
is extracted as a feature map of the size (100, 384, 64).
Evaluation Metrics. Following [36], we leverage the Aver-
age Precision (AP) at Intersection-over-Union (IoU) thresh-
olds of 0.5 and 0.7 to evaluate the 3D object detection per-
formance. The communication results count the message
size by byte in the log scale with base 2 [10].

4.2. Implementation Details.

We build the proposed models on the Pytorch tool-
box [22] and train them on four Nvidia Tesla V100 GPUs
using the Adam optimizer [13]. The training settings of
the DAIR-V2X, V2XSet, and OPV2V datasets follows: the
batch sizes are {5, 3, 3} and the epochs are {30, 40, 40}.
The initial learning rate is 2e-3 and decays every 15 epochs
with a factor of 0.1. Our CIA module uses the previous 2
frames, the attention head in the CCC component is 8, and
the number of keypoints is 15. To simulate the default lo-
calization and heading errors, we add Gaussian noise with
a standard deviation of 0.2m and 0.2◦ to the initial posi-
tion and orientation of the agents. The voxel resolution of
the observation encoder fenc(·) is set to 0.4m in height and
width. The generator fgen(·) follows a detection decoder
from [14], and the summed confidence map S

(t)
sum,l is fil-

tered using a threshold of 0.1 in the function fsel(·). The
decoders {fr

dec(·), f c
dec(·)} are derived with two 1 × 1 con-

volutional layers. We provide results on the validation set
of DAIR-V2X and the testing set of V2XSet and OPV2V.

4.3. Quantitative Evaluation

Detection Performance Comparison. Table 1 shows the
3D detection performance comparison results on the three
datasets. We compare the following methods. No Fusion as
a baseline considers only the point cloud data of ego vehi-
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Figure 5. Collaborative perception performance comparison of SCOPE and Where2comm [10] on the DAIR-V2X, V2XSet and OPV2V
datasets with varying communication volume.
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Figure 6. Robustness to the localization error on the DAIR-V2X, V2XSet, and OPV2V datasets.

Table 1. Performance comparison on the DAIR-V2X, V2XSet, and
OPV2V datasets. The results are reported in AP@0.5/0.7.

Model DAIR-V2X V2XSet OPV2V
AP@0.5/0.7 AP@0.5/0.7 AP@0.5/0.7

No Fusion 50.03/43.57 60.60/40.20 68.71/48.66
Late Fusion 53.12/37.88 66.79/50.95 82.24/65.78
Early Fusion 61.74/46.53 77.39/50.45 81.30/68.69

When2com [20] 51.12/36.17 70.16/53.72 77.85/62.40
V2VNet [28] 56.01/42.25 81.80/61.35 82.79/70.31
AttFuse [37] 53.79/42.61 76.27/57.93 83.21/70.09

V2X-ViT [36] 54.26/43.35 85.13/68.67 86.72/74.94
DiscoNet [17] 54.29/44.88 82.18/63.73 87.38/73.19
CoBEVT [34] 54.82/43.95 83.01/62.67 87.40/74.35

Where2comm [10] 63.71/48.93 85.78/72.42 88.07/75.06
SCOPE (Ours) 65.18/49.89 87.52/75.05 89.71/80.62

cles without collaboration. Late Fusion allows agents to ex-
change detected results and utilizes non-maximum suppres-
sion to produce the final outputs. Early Fusion means the
raw LiDAR point clouds are shared to complete the percep-
tion view. Meanwhile, the existing state-of-the-art (SOTA)
models are fully considered, including When2com [20],
V2VNet [28], AttFuse [37], V2X-ViT [36], DiscoNet [17],
CoBEVT [34], and Where2comm [10]. Intuitively, the pro-
posed SCOPE outperforms No Fusion, Late Fusion, and
Early Fusion by large margins across all datasets, demon-
strating the superiority of our perception paradigm. More-
over, our method significantly outperforms previous SOTA
models in simulated and real-world (DAIR-V2X) scenarios.
In particular, the SOTA performance is improved by 3.63%
and 7.41% on the V2XSet and OPV2V datasets separately

in AP@0.7. Compared to single-frame and collaboration-
only based efforts [10, 17, 20, 28, 36], SCOPE proves the
effectiveness and rationality of simultaneously considering
the temporal context, collaboration, and ego characteristics.

Comparison of Communication Volume. Evaluating per-
formance at varying bandwidths plays an essential role
in achieving pragmatic perception. To this purpose, Fig-
ure 5 shows the perception performance of our SCOPE
and Where2comm [10] with various communication vol-
umes. Note that we do not consider communication meth-
ods that use any extra model/data/feature compression for
a fair comparison. We have the following observations:
(i) SCOPE achieves better performance than previous mod-
els [17, 20, 28, 36] on all datasets with less communi-
cation volume. (ii) Compared to Where2comm [10], our
method obtains a superior perception-communication trade-
off across all the communication bandwidth choices.

Robustness to Localization and Heading Errors. Follow-
ing the noise settings from [36], we perform experiments to
evaluate the robustness against natural localization noises
of existing methods. The noises are sampled from a Gaus-
sian distribution with standard deviation σxyz ∈ [0, 0.5] m,
σheading ∈ [0◦, 1.0◦]. From Figures 6 and 7, the overall col-
laborative perception performance consistently deteriorates
as errors continue to increase. For instance, When2com
and V2VNet fail even worse than No Fusion on the DAIR-
V2X when the localization and heading errors are over 0.2
m and 0.4◦, respectively. Noticeably, our method consis-
tently surpasses the previous SOTA models under all noise
levels, clearly displaying the robustness of SCOPE against
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Figure 7. Robustness to the heading error on the DAIR-V2X, V2XSet, and OPV2V datasets.

Table 2. Ablation study results of the proposed core components
on all the datasets. PL: pyramid LSTM; SIF: selective information
filtering; DCM: deformable cross-attention module; RPP: refer-
ence point proposal; IAF: importance-aware adaptive fusion.

PL SIF DCM RPP IAF DAIR-V2X V2XSet OPV2V
AP@0.5/0.7 AP@0.5/0.7 AP@0.5/0.7

60.31/40.35 76.04/62.41 77.22/65.51
" 61.75/44.58 80.36/65.74 81.19/69.02
" " 62.48/45.62 81.88/67.42 82.34/71.23
" " " 64.06/47.87 85.47/72.29 86.96/76.84
" " " " 64.74/48.45 86.33/73.27 88.01/78.57
" " " " " 65.18/49.89 87.52/75.05 89.71/80.62

pose errors. The reasonable explanations are: (i) the de-
formable cross-attention module facilitates capturing per-
ceptually critical information across agents; (ii) the pro-
posed multi-scale feature interaction alleviates the feature
map misalignment about collaborative agents due to noises.

4.4. Ablation Studies

We perform thorough ablation studies on all datasets to
understand the necessity of the different designs. Tables 2
and 3 show the following observations.
Importance of Core Components. We investigate the con-
tribution of each core component in SCOPE. A base version
(first row of Table 2) is provided as the gain reference. In
the base model, we use the same fusion pattern to aggre-
gate context information, collaborator-shared features, and
multi-source features, where features are concatenated on
the channel dimension and fused by a 1 × 1 convolutional
network. As Table 2 demonstrates, we progressively add
(1) Pyramid LSTM, (2) SIF, (3) DCM, (4) RPP, and (5) IAF
and present the corresponding detection precision. The con-
sistently increased detection results over the three datasets
reveal the effectiveness of each proposed component, which
all provide valuable performance gains.
Effect of Historical Frame Number. As shown in the top
half of Table 3, we evaluate the effect of integrating dif-
ferent degrees of the temporal context from the ego agent.
The interesting finding is that choosing a suitable historical
frame count (i.e., 2 frames) is beneficial in achieving bet-
ter performance gains. The potential reason is that adding
excessive historical frames may lead to accumulated errors
under the noise setting and degrade the performance.

Table 3. Ablation study results of candidate designs and strategies
on all the datasets. “w/” and “w/o” mean the with and without.

Designs/Strategies DAIR-V2X V2XSet OPV2V
AP@0.5/0.7 AP@0.5/0.7 AP@0.5/0.7

Full Model 65.18/49.89 87.52/75.05 89.71/80.62

Effect of Historical Frame Number

1 Frame 64.28/49.16 86.16/74.21 88.85/78.49
2 Frames (Default) 65.18/49.89 87.52/75.05 89.71/80.62

3 Frames 65.03/49.24 86.99/74.65 89.67/80.45
Effect of Keypoint Number

9 Keypoints 64.36/49.22 86.34/74.07 88.32/77.94
15 Keypoints (Default) 65.18/49.89 87.52/75.05 89.71/80.62

21 Keypoints 64.72/49.40 87.12/74.63 89.08/78.38
Importance of Distinct Features

w/o Ego-agent Featue 64.96/49.34 86.47/74.24 88.63/79.38
w/o Context Feature 64.14/48.81 85.93/73.88 88.26/77.18

w/o Collaboration Feature 52.35/44.46 63.91/45.34 71.36/50.94
Effect of Fusion Strategies

w/ Summation Fusion 63.65/48.91 85.81/72.64 88.05/76.13
w/ Maximum Fusion 64.92/49.27 86.28/73.61 87.95/78.17
w/ Average Fusion 64.85/48.96 86.55/73.46 88.24/78.73

Effect of Keypoint Number. We investigate the ratio-
nality of the keypoint number in the deformable cross-
attention. Noticeably, the DCM component with 15 key-
points achieves better detection performance than other set-
tings. This result shows that SCOPE mitigates the impact
of localization errors and fully extracts essential spatial se-
mantics by setting a reasonable keypoint number.
Importance of Distinct Features. We explore the impor-
tance of distinct representations by removing the ego-agent,
context, and collaboration features (i.e., F (t)

i , H(t)
i , Z(t)

i ).
There is a significant drop in the model’s performance when
the collaboration feature is removed, indicating that multi-
agent information sharing dominates various collaborative
perception tasks. Furthermore, the consistently decreased
performance suggests that ego-centered characteristics (i.e.,
pure ego-agent feature and corresponding context informa-
tion) provide an indispensable contribution.
Effect of Fusion Strategies. Finally, we demonstrate the
effectiveness of the proposed adaptive fusion strategy by
providing candidate fusion mechanisms. Summation Fu-
sion is a direct pixel-wise addition operation. Maximum
and Average Fusion select elements at corresponding po-
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Figure 8. Qualitative comparison results in real-world scenarios from the DAIR-V2X dataset. Green and red boxes denote ground truths
and detection results, respectively. Compared to the previous SOTA models, our method achieves more accurate detection results.
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Figure 9. Visualization of learned multi-scale deformable cross-attention. Green cross marker denotes the proposed reference point. The
sampled keypoints are represented by the brown dots whose colors reflect the corresponding attention weights.

sitions among features to retain the maximum or average,
respectively, and then reshape them into a fused representa-
tion. The poor results in Table 3 show that the above mecha-
nisms fail to tackle the complex multi-source feature fusion
challenge. In contrast, the superiority of our IAF module
is reflected in considering the complementary contributions
of each feature at different positions, adaptively assigning
higher importance to spatially beneficial semantics.

4.5. Qualitative Evaluation

Visualization of Detection Results. To intuitively illus-
trate the perception capability of different models, we pro-
vide a detection visualization comparison in Figure 8 un-
der two challenging scenarios. SCOPE achieves more accu-
rate and robust detection results than previous SOTA meth-
ods, where the predicted bounding boxes are well aligned to
ground truths. In particular, DiscoNet [17], V2X-ViT [36],
and Where2comm [10] fail to identify fast-moving objects
(i.e., more ground truth bounding boxes are not matched).
In contrast, our method achieves holistic perception across
heterogeneous agents by effectively aggregating the salient
information in the spatio-temporal domains.
Visualization of Attention Map. We visualize the multi-
scale deformable cross-attention in the CCC component.
As Figure 9 shows, our tailored module can dynamically
aggregate the semantics of multiple sampled keypoints at
different scales to enhance the visual representation of the

reference point. Concretely, the deformable cross-attention
learns to extract object-related valuable perception cues at
lower scales by sampling keypoints inside or around targets.
In comparison, it reasonably samples long-range features at
higher scales to capture spatially critical information.

5. Conclusion

In this paper, we present SCOPE, a learning-based
framework to address existing multi-agent collaborative
perception challenges in an end-to-end manner. Our ap-
proach is the first time considering the temporal semantics
from ego agents to capture valuable context cues through
the context-aware component. Moreover, two spatial infor-
mation aggregation components are introduced to achieve
comprehensive information interaction among agents and
refined feature fusion of ego agents. Extensive experiments
on diverse 3D detection datasets prove the superiority of
SCOPE and the effectiveness of our components. The fu-
ture work focuses on extending SCOPE into more complex
perception scenarios.
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