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CenterCoop: Center-Based Feature Aggregation for
Communication-Efficient Vehicle-Infrastructure

Cooperative 3D Object Detection
Linyi Zhou , Zhongxue Gan , and Jiayuan Fan

Abstract—Vehicle-Infrastructure Cooperative (VIC) 3D object
detection is a challenging task for balancing communication band-
width and detection performance. Intermediate fusion is recently
studied to reach a better balance by transferring feature maps.
Existing works mainly perform spatial-wise fusion and adopt fea-
ture compression to alleviate bandwidth cost by high-resolution
feature maps, which would inevitably lead to information loss.
Besides, overlapping observations between the two sensors would
lead to near-duplicate detections, making trivial improvement to
cooperative task while causing unnecessary bandwidth cost. To
mitigate these problems, we propose a novel feature aggregation
framework called CenterCoop, which first encodes the informative
cues from the whole Bird’s Eye View (BEV) context into compact
center representations, enabling feature aggregation at sequence-
level to significantly reduce the communication cost. Furthermore,
to tackle the redundancy of transmitted data, we incorporate
communication-aware regularization which enforces the network
to extract complementary and beneficial cues for collaboration
task. From an information-theoretic perspective, the proposed aux-
iliary constraints facilitate cooperative-view independence mining,
resulting in enlarged perception range within the limited band-
width. Extensive experiments on the DAIR-V2X dataset demon-
strate the superior performance-bandwidth trade-off of Center-
Coop, which achieves the state-of-the-art detection performance
with less than 10% bandwidth cost.

Index Terms—Computer vision for transportation, sensor
fusion, object detection, segmentation and categorization.

I. INTRODUCTION

R ECENTLY, autonomous driving has unarguably been a
trending topic which has drawn much attention from the

community. With the rapid development of deep learning tech-
niques, single-vehicle perception has achieved great improve-
ments [1], [2], [3]. Nevertheless, its performance still suffers
from limited perception range, occluded and sparse observa-
tions, decreasing the robustness and safeness of the perception
system. To enhance the perception capability of each vehicle
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Fig. 1. Compared with previous fusion strategies for cooperative detection, the
proposed CenterCoop performs finer-grained feature aggregation and interaction
while achieving better bandwidth-efficiency. To avoid directly fusing high-
resolution feature maps, previous works mainly adopt feature compression at
first, which would inevitably lead to information loss. As a contrast, CenterCoop
first globally aggregates multi-level cues from BEV grids into compact center
embeddings, then performs message fusion at sequence-level.

individual, roadside infrastructure emerges as a powerful col-
laborator [4], which provides a broader viewpoint with less oc-
clusions, enlarging the perception range and covering more blind
spots. However, incorporating infrastructure data is non-trivial
due to specific problems such as bandwidth cost and temporal
asynchrony. As a key challenge, reducing communication cost
between individuals is desired for less time delay and potentially
supports more agents to participate in collaboration. Thus, some
works dive into the bandwidth-constrained problem to design
bandwidth-efficient collaboration strategies [5], [6], [7].

To achieve a balance between performance and bandwidth, in-
termediate fusion is recently explored by [5], [6], [8] as a promis-
ing strategy. However, fusing intermediate features both effi-
ciently and effectively remains a challenging problem. The rea-
sons are twofolds. 1) High-resolution feature maps are required
to preserve fine-grained cues for accurate prediction, resulting in
huge bandwidth consumption. To reduce the bandwidth, existing
works [5], [6], [7], [8] mainly perform feature compression
before fusion. However, compression would inevitably lead to
information loss in BEV representations (see Fig. 1). 2) Noisy
factors already exist in single-view observations, and could
aggravate spatial misalignment in cooperative-view fusion due
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to motion shift, sensor heterogeneity, projection errors, etc [6].
How to maintain the spatial correspondence while filtering
sensor-related distractions has not been well investigated.

Apart from data fusion strategy, there exists another chal-
lenging factor which would cause unnecessary communication
cost, i.e., the mutual redundancy between collaborators. As the
perception range of vehicle and infrastructure sensors are usually
partially overlapped, the extracted BEV features would share
similar representations, resulting in near-duplicate predictions.
Intuitively, this can be problematic under bandwidth-constrained
scenarios. There are two underlying reasons. First, redundancy is
not supposed to be transmitted where noisy cues may entangle
with task-relevant features. Second, overlapping features may
not contribute to performance gain when single-view features are
already deterministic, thus causing unnecessary bandwidth cost.
Recently, some work [8], [9] have verified that suppressing the
redundancy is critical for good perception results. Nevertheless,
how to exploit the mutual relationship to reduce communication
cost remain untouched.

To tackle these challenges, we present CenterCoop, a novel
feature aggregation framework for communication-efficient fu-
sion, which consists of two key components. 1) Center-based
Feature Aggregation (CFA) first performs single-view ag-
gregation to initialize center embeddings and then conducts
cooperative-view interaction to capture point-wise correlations
between views. Specifically, for single-view aggregation, we
exploit deformable attention to holistically accumulate spatial
and long-range cues, which selectively samples multi-level BEV
grids as attending keys, with less tendency to attend to noisy
and task-irrelevant factors brought by each sensor. Subsequently,
aggregated query sequences are fused by cooperative-view inter-
action, which utilizes bi-directional attention to enhance center
representations. 2) Communication-aware regularization (CR) is
further proposed to mitigate near-duplicate predictions caused
by overlapping sensor observations. Mutual Information (MI)
minimization is introduced to encourage mutual exclusiveness
between views, assisted by another information-theoretic con-
straint to guarantee improved performance. These two terms
jointly enable the model to achieve better detection performance
with less communication cost.

In a nutshell, our contributions are three-fold:
� We propose a novel center-based feature aggregation

framework for VIC 3D object detection task, which
leverages center representations to inherently reduce the
bandwidth. Specifically, it extracts compact yet informa-
tive center features through single-view aggregation and
cooperative-view interaction.

� We propose a communication-aware regularization via
mutual information minimization and an information gain
constraint, which jointly facilitate complementary feature
aggregation and guarantee the performance gain through
collaboration. By encouraging the mutual exclusiveness of
center heatmaps, communication cost is further reduced
without performance degradation.

� The proposed CenterCoop achieves the state-of-the-art de-
tection performance with less than 10% bandwidth cost on
the real-world dataset DAIR-V2X, outperforming previous
state-of-the-art works by a large margin.

II. RELATED WORK

In this section, we first navigate LiDAR-based 3D detection
methods designed for single-vehicle. Next, we compare fusion
strategies for cooperative perception and discuss intermediate
fusion which have a better performance-bandwidth balance. Fi-
nally, we introduce mutual information estimation as a potential
to tackle data redundancy.

1) LiDAR-based 3D Object Detection: LiDAR-based 3D
object detection methods can be mainly divided into point-
based [10], [11], voxel-based [12], [13], point-voxel-based [14],
[15] and projection-based [12], [16], [17]. PointRCNN [10] uses
a bottom-up strategy to generate 3D proposals and learn seman-
tic cues, which avoids using predefined boxes. PointPillars [12]
converts voxels into pillars, and projects feature onto a BEV
plane. [16] and [17] learn 3D representations from range image
view. Recent works [2], [18] have shown the effectiveness of
center-based 3D detectors on point cloud data. CenterPoint [2]
detects objects using a center heatmap and performs bound-
ing box regression using center feature representation. Center-
Former [18] is motivated by [2] and uses deformable attention
to fuse multi-frame features. However, the success of these
single-vehicle detectors has not been extended to collaborative
detection task. We use center-based representations to design
cooperative 3D detectors.

2) Intermediate Fusion: Fusion strategies for cooperative
perception can be divided into input-based early fusion [19],
[20], [21], output-based late fusion [22], [23] and feature-based
intermediate fusion [5], [6], [7], [8]. As early fusion consumes
large bandwidth for transmitting raw data and late fusion suf-
fers from sharing noisy detection results, intermediate fusion
emerges as a promising strategy to better balance the perfor-
mance and bandwidth cost. V2X-ViT [6] uses transformer to
fuse intermediate features, where compression is performed
on the channel dimension using 1×1 convolution. To alleviate
the large bandwidth cost, CRCNet [8] uses a convolutional
autoencoder to compress feature maps into lower resolutions.
Where2comm [5] proposes to use a spatial confidence map
for selectively transmitting feature in high-confidence regions
to reduce the huge communication cost by spatial-wise fusion.
These methods mainly focus on designing compression strate-
gies for spatial-wise feature fusion, while we leverage center-
based representation to enable sequence-level feature fusion,
which essentially mitigates the communication cost.

3) Mutual Information Estimation: Mutual Information (MI)
is a measure of the relationship between two random variables
that has drawn increasing attention in various research top-
ics [8], [24], [25], [26], [27]. A majority of works exploit MI
maximization by estimating its lower bounds to achieve en-
hanced complementary information [25], [26], [28]. [25] adopts
mutual information maximization to align temporal features
for video-based human pose estimation, which maximizes the
task-relevant cues mined from supporting frames. MI minimiza-
tion, which requires an upper bound, is also studied in various
fields such as information bottleneck [29] and disentangled
representation learning [24], [30]. [26] uses MI minimization
to reduce the information redundancy for alleviating the ar-
tifacts in Pan-sharpening. Zhang et al. [27] introduce mutual
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Fig. 2. Overview of the proposed CenterCoop. It achieves communication-efficient VIC 3D object detection via Center-based Feature Aggregation (CFA) and
Communication Regularization (CR). Firstly, paired LiDAR inputs from infrastructure-side and vehicle-side are processed into high-dimensional BEV feature
maps Fveh and Finf of shape (C,H,W ). Secondly, CFA performs single-view aggregation on multi-level BEV grids to initialize compact center queries Qveh and
Qinf of shape (C,K). These queries are exchanged as messages followed by fusing cooperative-view interaction to achieve bi-directional feature enhancement.
In the training stage, the proposed CenterCoop engages CR to further reduce the bandwidth cost, where the heatmap supervision is jointly regularized by mutual
information minimization LMI to suppress the cooperative-view redundancy and the information gain constraint Lgain to enforce complementary aggregation for
beneficial collaboration.

information minimization to facilitate the multi-modal feature
fusion by enhancing the complementary cues between RGB
image and depth data. CRCNet [8] utilizes mutual information
minimization in the cooperative perception task to suppress the
redundancy and noisy factors between agents. Nevertheless, how
to use mutual information to reduce the communication cost for
efficient cooperative perception has not been investigated.

III. METHOD

In order to achieve better performance-bandwidth trade-off,
we present CenterCoop (as shown in Fig. 2), which consists
of two main components: Center-based Feature Aggregation
(CFA) and Communication-aware Regularization (CR). Given
LiDAR frames input Iveh and Iinf, CFA exploits center queries to
facilitate feature extraction, transmission and interaction under
bandwidth limit. CR works in the training stage to encour-
age complementary distribution of center heatmap proposals,
contributing to less bandwidth consumption. Note that in the
inference stage, only center features are needed for bounding
box regression thus heatmaps are not transferred. CFA builds on
CenterFormer [18], which provides details on the DETR-based
pipeline and center-based detection. We tailors CenterFormer to
work on cooperative task with two distinctive aspects. 1) CFA
performs sequence-level fusion on cross-view features while
CenterFormer performs spatial-wise fusion on multi-frame fea-
tures. 2) CFA integrates bi-directional feature interaction to
better capture fine-grained relationships between views.

A. Center-Based Feature Aggregation Network

CenterPoint [2] is a pioneering work which detects objects as
centers from point cloud data, without the handcrafted anchor
design. Although center representations have been adopted, the
predictions are generated from 2D feature map, making it im-
practical to fuse sequence-level features. Existing methods use

FPN-like architectures to fuse spatial features [5], which will,
however, lead to extra communication cost. CenterFormer [18]
makes it practical for directly predicting boxes from center em-
beddings, however, its data fusion scheme is still spatial-wise. As
designed for multi-frame detection, features of previous times-
tamps are concatenated then fused by 3 × 3 convolution. Thus
2D feature maps of supporting frames still need to be transmitted
for message fusion. To make it practical for sequence-level
fusion, a straight-forward solution is to directly concatenate
center embeddings for prediction. However, this will lead to
suboptimal results for lacking the interaction between views.

The proposed CenterCoop uses single-view aggregated center
embeddings to initialize compact yet informative queries for
cooperative-view interaction. Spatial correspondence is encoded
into center embeddings in the first stage, then sequence-level
fusion is performed to capture global pair-wise dependences
between views.

1) Single-view Feature Aggregation: Given BEV feature maps
Fveh ∈ R

C×H×W andFinf ∈ R
C×H×W obtained from the pillar-

based feature extractor [12], we aim to extract finer-grained
features for each side with less noisy factors included. As
mentioned in Section I, high-resolution feature maps are re-
quired to preserve fine-grained cues for accurate detections.
Besides, long-range and multi-level cues are also critical for
sparse observations near the overlapped perception boundaries.
Those far and sparse objects are desirable to be improved by
the supporting view. Inspired by the recent proposed deformable
attention [31] which can naturally aggregate multi-level features,
we leverage this sparse attention to perform single-view feature
aggregation. The benefits are: 1) View-specific distractions,
such as sensor heterogeneity, projection errors and motion shift
can be alleviated by adaptively sampling multi-level BEV grid
locations as attending keys. 2) Long-range and multi-level cues
are gathered from whole BEV context, contributing to compact
yet informative center queries for feature fusion.
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Similar to CenterFormer [18], we take top-K centers from the
predicted heatmap as the initialized center queriesQveh ∈ R

C×K

and Qinf ∈ R
C×K for each side, attending to keys sampled from

multi-level BEV feature grids. Here C represents feature chan-
nels and K refers to the number of queries. Given a reference
center location p at all heads and feature levels, deformable cross
attention uses a linear layer to obtain 2D sampling offsets Δp.
The feature at p+Δp will be extracted as the attending key
through bilinear sampling. Positional encodings are obtained by
a linear layer to encode center locations. Formally, the output
embeddings are enhanced through multi-level deformable atten-
tion for each single-view:

DeformAttn(p) =
M∑

m=1

Wm

[
L∑

l=1

K∑
k=1

σ (WmlkC(p))

xl (p+Δpmlk)

]
(1)

where m indexes the attention head, l indexes the input fea-
ture level, and k indexes the sampling point. xl represents the
multi-level BEV feature at level l, C(p) is the center feature, and
σ(WmlkC(p)) is the attention weight.

2) Cooperative-view Feature Interaction: After single-view
aggregation which extracts informative features from the
whole BEV context, we obtain compact query sequences from
infrastructure-side Qinf and vehicle-side Qveh of shape (C,K)
along with their positions Pveh and Pinf of shape (1,K), rep-
resenting the top-K BEV locations of highest-confidence score.
These compact queries and positions are packed as messages for
the cooperative-view interaction module. Since the single-view
enhanced features contain less noisy cues, it is beneficial to
perform pair-wise interaction to capture complementary features
of both sides. Motivated by attention mechanism in [32], where
each element of the query sequence attends to all elements of the
key-value sequence, we adopt this global attention to aggregate
complementary information from both sides.

As is shown in Fig. 3, CenterCoop performs bi-directional
interaction to progressively enhance cooperative-view represen-
tations. In contrast to single-vehicle detector DETR [1], where
queries are initialized with learnable parameters and attending
keys are taken from the whole feature map, CenterCoop makes
two adjustments for cooperative detection. First, bi-directional
interaction is performed via inf-to-veh cross-attention and veh-
to-inf cross-attention. Second, for each cross-attention module,
queries are initialized with center features from one side (e.g.,
Qveh) and attending keys are comprised of center features from
the other side (e.g., Qinf).

To get mutual augmented representations, CenterCoop first
performs infrastructure-to-vehicle (inf-to-veh) attention, then
the intensified center queries Qveh are used as the key for
vehicle-to-infrastructure (veh-to-inf) attention. Formally, we use
Qi to denote the set of query sequence, Ki and Vi for key and
value sequence, where i and j are the indices. For inf-to-veh
cross-attention, i indexes theK-dimensional query featureQveh,
j indexes theK-dimensional source featureQinf, and vice-versa.

Fig. 3. Detailed network structure of the proposed cooperative-view interac-
tion module. Given messages of center queries and their positions, it performs
bi-directional feature fusion to capture complementary cues via inf-to-veh
cross-attention and veh-to-inf cross-attention.

Let fq and fk be the query and key feature. For inf-to-veh atten-
tion, fq = Qveh and fk = Qinf, or vice versa. We adopt a linear
layer to encode Pveh and Pinf into position embeddings, denoted
as Vpos and Ipos respectively. Formally, Vpos = Linear(Pveh)
and Ipos = Linear(Pinf). To refer to specific elements within
embeddings, we introduce the notations Epos

i and Epos
j . Here,

Epos
i denotes the ith element of Vpos, and Epos

j denotes the jth

element of Ipos. The multi-head attention is formulated as:

Attn(Q,K, V ) =

M∑
m=1

Wm

⎡
⎣∑
j∈Ωj

σ

(
QiKj√

d

)
· Vj

⎤
⎦ (2)

Qi = fq
i W

m
q + Epos

i ,Kj = fk
j W

m
k + Epos

j , Vj = fk
j W

m
v

(3)

where m is the head index, σ is the softmax function, d is the
feature dimension, and W is the learnable weight. Ωj is the
the set of key elements, comprised of center features from the
supporting view. Finally, augmented Q′

veh and Q′
inf are concate-

nated for bounding box regression. Note that in our experiment,
K � HW thus the global attention would not lead to heavy
computational cost.

B. Communication-Aware Regularization.

As the perception range of collaborators are usually partially
overlapped, single-view enhanced queries Qveh and Qinf may
contain geometrically nearby features. This would lead to re-
dundant detections and cause unnecessary communication cost.
Hence, CenterCoop further incorporate auxiliary constraints to
facilitate complementary feature learning.
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1) Mutual Information Minimization: Mutual information is
widely studied [24], [25], [27] to measure the nonlinear statis-
tical independence. Different from previous works that use MI
to maximize the complementary cues, we use MI minimization
to explicitly encourage the cooperative-view independence, i.e.,
learning features that are positionally mutual exclusive. As a
cooperative learning task, each collaborator should provide sup-
plementary cues rather than focusing on salient but dupilcated
objects that are already covered by the other view. Ideally,
center heatmap serves as a probabilitic distribution reference
to measure the geometrical complementarity of two BEV rep-
resentations. Given the predicted heatmap Hinf and Hveh, the
Mutual Information (MI) is formulated as:

MI (Hveh, Hinf) = S (Hveh) + S (Hinf)− S (Hveh, Hinf) (4)

whereS(.) represents the Shannon entropy,S(Hveh) andS(Hinf)
are marginal entropies, and S(Hveh, Hinf) is the joint entropy
of Hveh and Hinf. Intuitively, we have the Kullback-Leibler
divergence (KL) of the two latent variable (or the conditional
entropies) as:

KL (Hveh‖Hinf) = SHinf (Hveh)− S (Hveh) , (5)

KL (Hinf‖Hveh) = SHveh (Hinf)− S (Hinf) , (6)

where SHinf(Hveh) = −∑
x Hveh(x) logHinf(x) is the cross-

entropy. Summing over (4), (5) and (6), we obtain:

MI (Hveh, Hinf) = SHinf (Hveh) + SHveh (Hinf)

− S (Hveh, Hinf)− (KL (Hveh‖Hinf) +KL (Hinf‖Hveh)) .
(7)

Given the data from infrastructure and vehicle-side,
H(hveh, hinf) is nonnegative, then MI objective is given
by:

LMI = (SHinf (Hveh) + SHveh (Hinf))

− (KL (Hveh‖Hinf) +KL (Hinf‖Hveh)) . (8)

In the context of vehicle-infrastructure collaboration,
MI(Hveh, Hinf) reflects the dependence between vehicle-side
and infrastructure-side data (Hinf). Intuitively, MI(Hveh, Hinf)
measures the reduction of uncertainty in vehicle-side predictions
when infrastructure-side data is observed, or vice versa. By
minimizing MI , we explicitly encourage the positional
complementarity to generate proposals from different regions.
Since overlapped centers is reduced to make the most of the
query number K (which represents the allocated bandwidth),
the perception range can be effectively enlarged within limited
bandwidth.

2) Information Gain Constraint: Although MI minimization
can encourage the mutual exclusiveness of cooperative-view
heatmaps, extracted features may not guarantee the improved de-
tections by incorporating the infrastructure data. Inspired by the
minimal sufficient statistics and the Information Bottleneck the-
ory in [33], we further integrate an information gain constraint
to keep task-relevant information sufficient when reducing the
mutual information.

Given single-view heatmap Hveh and Hinf, we fuse them
to get the cooperative heatmap Hveh_inf using dot product
self-attention. Denote the cooperative ground-truth heatmap
as HGT , classification loss Lcls(·) is measured between the
predicted heatmap and HGT . We enforce the cooperative loss
Lcls(Hveh_inf) is smaller than vehicle lossLcls(Hveh)by a thresh-
old δthr. Formally, the information gain constraint is:

Lgain = Lcls (Hveh)− Lcls (Hveh_inf)− δthr (9)

Given vehicle’s data, Lgain enforces a performance gain can be
achieved by adding infrastructure-side data. After feature fusion,
the resulting heatmap Hveh_inf should lead to decreasing loss,
indicating higher detection performance. With a controllable
number of query K, CenterCoop simultaneously reduces the
bandwidth cost and improves the detection performance via
mining the cooperative-view independence.

3) Overall Optimization: Focal loss [34] and L1 Loss are
utilized for heatmap classification and box regression, denoted
as Lcls(·) and Lreg respectively. Single-view heatmap losses
Lcls(Hveh) and Lcls(Hinf) are also incorporated, serving as a
guidance for learning task-relevant cues to enhance perception
of each side. The total heatmap loss is:

Lhm = Lcls(Hveh_inf) + wvehLcls(Hveh) + winfLcls(Hinf)
(10)

where wveh and winf are balancing factors for single-view losses.
Finally, the overall optimization is formulated as:

L = λhmLhm + λregLreg + λMILMI + λgainLgain (11)

where λhm, λreg , λMI and λgain are the trade-off factors for
each term.

IV. EXPERIMENTS

A. Setup

1) Dataset: DAIR-V2X [4] is the first real-world dataset for
VIC 3D cooperative detection task, with all frames captured
from real scenarios with 3D cooperative annotations. In this task,
ego-vehicle receives and fuses information from infrastructure
to enhance the detection result around itself. Infrastructure side
data is collected by 300-beam LiDAR and vehicle-side data is
collected by 40-beam LiDAR. DAIR-V2X provides VIC-Sync
and VIC-Async dataset for cooperative task. We study the
synchronous scenario and use the VIC-Sync dataset, where the
timestamps between frame pairs are less than 30ms. VIC-Sync
is split into train/val/test part as 5:2:3. Previous works [4], [5]
report results on the publicly-available validation set. For fair
comparison, we use the same training set (4811 pairs) and
validation set (1789 pairs).

2) Evaluation metric: VIC 3D object detection task is formu-
lated as integrating infrastructure-side information to enhance
the perception capability of each vehicle individual via message
communication. The task has two primary goals: 1) better de-
tection performance, i.e., higher Average Precision (AP); 2) less
communication bandwidth, i.e., lower Average Byte (AB). The
official evaluation metric is AP with BEV IoU threshold 0.5 for
cars. We follow [4] to evaluate the communication AB.
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TABLE I
COMPARISON WITH THE SOTA METHODS ON DAIR-V2X DATASET

3) Implementation Details: The perception range is [0 m,
99.84 m] for the X axis, [−40.32 m, 40.32 m] for the Y axis, and
[−3 m, 1 m] for the Z axis. “x” direction is only front since [4]
does not label objects outside the camera’s view. In the training
stage, objectives in (10) are balanced through trade-off factors
wveh and winf, which are both set to 0.5 empirically. For the
balance factor of regularization, λMI and λgain is set to 0.3 and
0.2 respectively. δthr in (9) is set to 0.5. We have not heavily
tuned these parameters. The feature channel of queriesC is set to
256. For detailed architecture, we get multi-scale BEV features
using PointPillars backbone [12] with a grid size of (0.24 m,
0.24 m). Single-view Aggregation consists of one transformer
layer using deformable cross-attention setting heads M = 3 in
(1). Cooperative-view interaction consists of two transformer
layer using vanilla cross-attention setting heads M = 4 in (2).
Center-based detection head is the same as [18]. We train all
models using NVIDIA GeForce RTX 3090 GPU.

B. Quantitative Results

To validate the effectiveness of the proposed CenterCoop,
we conduct experiments on the real-world DAIR-V2X dataset
(VIC-Sync) and the results are shown in Table I.

In Where2comm [5], metric AB is not reported, we calculate
the corresponding value following the [5] and [4], which is given
by volume = log(AB/2). Apart from center features and their
corresponding indices (as mentioned in Section III-A), messages
of CenterCoop also include class labels and scores for bounding
box regression, both areK-dimensional vectors of shape (1,K).
Thus the total communication AB is (C + 3) ∗K ∗ 8. Note that
queries only need to be transferred from infrastructure to the
vehicle since the task is defined to enhance the ego-vehicle
perception [4].

As compared with other methods, CenterCoop achieves the
best detection results as well as the communication AB, demon-
strating its superior performance-bandwidth trade-off. In terms
of detection results, CenterCoop surpasses all previous methods
on both 3D and BEV AP (64.72% and 75.24% respectively). As
for communication AB, CenterCoop only costs less than 1/10
bandwidth compared to [5]. When allocating smaller bandwidth
(598088.73), the detection performance of Where2comm sig-
nificantly drops to 58.46%. In contrast, our model maintains

Fig. 4. Sensitivity analysis on λreg , λMI and λgain. (K=100).

TABLE II
COMPARISON WITH DIFFERENT INTERMEDIATE FUSION STRATEGIES

good detection performance with a smaller decline (75.24% →
72.28%), while saving 70% bandwidth (207200 → 62160).

We also conduct sensitivity analysis for trade-off terms in
(11), setting λhm to 1 and K to 100. Results in Fig. 4 indicate
that the performance of CenterCoop is not sensitive to these
hyper-parameters within a reasonable range.

C. Ablation Studies.

1) Effect of Fusion Strategy: To demonstrate the effectiveness
of CFA, we implement several center-based detection methods
with different fusion strategies. 1) CenterPoint-FPN: use [2]
and adopts dot-product self-attention fusion in feature pyramid
network. 2) CenterFormer-VehOnly: use single-frame Center-
Former [18] with only the vehicle-side data. 3) CenterFormer-
MTF-3 × 3: use multi-frame CenterFormer [18], where multi-
frame spatial features are concatenated then fused by 3×3
convolution, transferring HW attending keys for feature fusion.
4) CenterFormer-MTF-1 × 1: the same configuration as 2)
except using 1 × 1 convolution. 5) CenterCoop (w/o CFI): we
replace the cooperative-view feature interaction (CFI) module
with direct concatenation of Qveh and Qinf for box regression.
6) CenterCoop: the proposed model with both CFA and CR.

Results are shown in Table II. CenterPoint-FPN achieves a
moderate performance through directly fusing features via grid-
wise attention. The multi-level fusion has the largest AB cost.
CenterFormer-MTF-3 × 3 has a high detection performance,
indicating the effectiveness of deformable attention. However,
AB is still large due to the spatial-wise fusion scheme. Note
that when we replace the 3 × 3 convolution with 1 × 1, the
performance has a significant drop, revealing that the spatial mis-
alignment exists in cooperative-view and larger perception field
is necessary for effective fusion. By virtue of single-view aggre-
gation, the misalignment can be naturally alleviated since multi-
level features are gathered to initialize the center queries for ef-
fective fusion. Without fine-grained feature interaction, Center-
Coop (w/o CFI) has lower performance than CenterPoint-FPN,
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Fig. 5. Performance-bandwidth trade-off comparison for the ablation on CR
module. Bandwidth cost is proportional to K.

TABLE III
ABLATION ON THE EFFECTIVENESS OF LMI AND Lgain

validating the effectivess of CFI. CenterCoop achieves the best
performance-bandwidth trade-off with sequence-level fusion.
For K = 100, it achieves best 75.24% BEV AP within 207200
AB. ForK = 30, it achieves 72.28% BEV AP within only 62160
AB. It achieves comparable detection performance (64.72% 3D
AP) compared to CenterFormer-MTF-3×3 (64.74% 3D AP),
while consuming much smaller bandwidth.

2) Effect of Communication-aware Regularization: To vali-
date the effectiveness of CR, we evaluate the detection perfor-
mance variance of within different bandwidth limit, setting K to
10, 30, 50 and 100 respectively. Results are shown in Fig. 5. It
indicates that CR helps CenterCoop achieve better performance-
bandwidth trade-off. We further decompose CR to verify the
effectiveness of each constraint, setting K = 100. Results are
shown in Table III. Several conclusions can be drawn. First,
when MI is incorporated, the detection performance is signifi-
cantly boosted (3D AP +2.92%, BEV AP +3.65%). This can be
ascribed to the promoted mutual exclusiveness and suppressed
redundancy for effective collaboration. When integrated with
Lgain, the model performance is also improved by guaranteeing
the cooperative-view information gain. Jointly optimizing these
constraints yields significantly better detection performance (3D
AP 59.28%→64.72%, +5.44% and BEV AP 69.83%→75.24%,
+5.41%), revealing the complementary effect of two losses. In-
tuitively, mutual information minimization serves as a guidance
for mining complementary cues for improved detections.

D. Qualitative Results

1) Detection Visualization: We visualize our results in Fig. 6.
Sparsity and occlusion of point cloud can be observed from
each view, as well as misalignment caused by view-specific
distractions. Note that label noise also exists in VIC-Sync
dataset. With the proposed strategy, CenterCoop can achieve
accurate detections on these challenging cases (see Fig. 6(a)).

Fig. 6. Detection results on DAIR-V2X. White and yellow points represent
LiDAR input from vehicle and infrastructure. Ground truth and predicted bound-
ing boxes are marked as green and red. (a) shows results on challenging cases
and (b) compares with the DAIR-V2X baseline.

Fig. 7. Heatmap visualization of CenterCoop model. (a): Effective col-
laboration by leveraging complementarity between two views; (b): Abla-
tion on Cooperative-view Feature Interaction (CFI) and (c): Ablation on
Communication-aware Regularization (CR).

Moreover, compared with DAIR-V2X baseline [4], Center-
Coop predicts more complete and accurate detections for sparse
and occluded objects, while generating less noisy predictions
(see Fig. 6(b)).

2) Heatmap Visualization: We further analyze the intermedi-
ate heatmap predictions. Results are shown in Fig. 7. When com-
paring Hveh, Hinf and Hveh_inf, we observe that complementary
cues of each view are effectively captured to achieve more com-
plete detections (see Fig. 7(a)) with enlarged perception range.
Moreover, we analyze the challenging case where fast-moving
objects lead to center shift (see Fig. 7(b)). Directly concatenating
single-view features (w/o CFI) causes near-duplicated detec-
tions, while CFI captures this relation and achieves more robust
result in Hveh_inf through bidirectional enhancement. We further
examine the effect of CR. Results in Fig. 7(c) show that when
incorporating CR, 1) more complementary cues are captured
and less redundancy is observed; 2) uncertainties are suppressed
and less noisy predictions are observed. This validates the effec-
tiveness of CR which aims to suppress mutual redundancy and
encourage beneficial aggregation.
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V. CONCLUSION

VIC 3D object detection is challenging for balancing per-
ception performance and bandwidth. We propose CenterCoop
to tackle this problem by transmitting compact center features
as queries instead of the whole feature map. The proposed
CenterCoop achieves the SOTA detection result and saves more
than 90% bandwidth. Specifically, it consists of 1) center-based
feature aggregation and 2) communication-aware regularization.
Center-based representations are first leveraged to tackle the
restricted bandwidth limit, through single-view feature aggre-
gation and cooperative-view feature interaction. Moreover, we
explicitly encourage the mutual exclusiveness as well as col-
laborative task-relevant cues through jointly optimizing the two
communication-aware regularization terms, i.e., mutual infor-
mation minimization and the information gain constraint.
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