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Abstract

Multi-agent collaborative perception (MCP) has re-
cently attracted much attention. It includes three key pro-
cesses: communication for sharing, collaboration for inte-
gration, and reconstruction for different downstream tasks.
Existing methods pursue designing the collaboration pro-
cess alone, ignoring their intrinsic interactions and re-
sulting in suboptimal performance. In contrast, we aim
to propose a Unified Collaborative perception framework
named UMC, optimizing the communication, collabora-
tion, and reconstruction processes with the Multi-resolution
technique. The communication introduces a novel train-
able multi-resolution and selective-region (MRSR) mecha-
nism, achieving higher quality and lower bandwidth. Then,
a graph-based collaboration is proposed, conducting on
each resolution to adapt the MRSR. Finally, the reconstruc-
tion integrates the multi-resolution collaborative features
for downstream tasks. Since the general metric can not re-
flect the performance enhancement brought by MCP sys-
tematically, we introduce a brand-new evaluation metric
that evaluates the MCP from different perspectives. To ver-
ify our algorithm, we conducted experiments on the V2X-
Sim and OPV2V datasets. Our quantitative and qualitative
experiments prove that the proposed UMC outperforms the
state-of-the-art collaborative perception approaches.

1. Introduction
Single-vehicle perception has made remarkable achieve-

ments in object detection[20, 30, 31], segmentation[28, 32],
and other tasks with the advent of deep learning. However,
single-vehicle perception often suffers from environmental
conditions such as occlusion[38, 49] and severe weather[4,
16, 52], making accurate recognition challenging. To over-
come these issues, several appealing studies have been de-
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Figure 1. The SRAR versus the proposed MRSR mechanism.
(a) The existing single-resolution and all-region (SRAR) method
utilizes the coarse-grained feature with bandwidth inefficient all-
region transmission. (b) The proposed MRSR mechanism incor-
porates bandwidth-efficient entropy-based selection with multi-
resolution features.

voted to collaborative perception[1, 2, 7, 41, 48], which take
advantage of sharing the multiple-viewpoint of the same
scene with the Vehicle-to-Vehicle(V2V) communication[3].

To design a collaborative perception algorithm, current
approaches[39, 23, 44, 18, 43] mainly focus on the collab-
oration process alone, aiming to design a high-performance
collaboration strategy. Nevertheless, such a strategy ig-
nores intrinsic interactions with two critical processes:
communication[22, 12] and reconstruction[9]. This kind
of collaboration strategy will inherently cause suboptimal
performance because the quality of communication directly
determines the performance of collaboration[18], and the
reconstruction influences the quality of feature maps for
downstream tasks. Meanwhile, the collaboration can also
affect the design of communication and reconstruction.
Hence, failing to optimize these three processes will de-
grade the system.

In this paper, to the best of our knowledge, we are the
first to propose a unified collaborative perception frame-
work that optimizes the communication, collaboration, and
reconstruction processes with multi-resolution technique.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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As for communication, as shown in Figure 1, we propose a
novel multi-resolution and selective-region (MRSR) mech-
anism, which is different from the single-resolution and all-
region (SRAR) mechanism that is used by existing collab-
orative algorithms[18, 44, 39]. In MRSR, we replace the
coarse-grained feature in SRAR with multi-grain features,
which reflect the scene from a global to a local perspective.
The multi-grain features will have the complementary ad-
vantages of global structure information and local texture
details. Meanwhile, to reduce the burden of bandwidth,
unlike SRAR, which blindly transmits all regions, we im-
plement a trainable and region-wise entropy-based commu-
nication selection (Entropy-CS) module that highlights the
informative regions and selects appropriate regions for each
level of resolution. The proposed MRSR is adaptive to
real-time communication, reflecting dynamic connections
among agents.

We propose a graph-based collaborative GRU(G-CGRU)
module for MRSR’s each level resolution feature in collab-
oration. Compared to the existing collaboration strategies
that only focus on the present shared information without
considering the previous state, we redesign the GRU-cell[5]
to adapt the time series of collaborative perception, which
models the continuity of vehicle movement. In G-CGRU,
the collaboration depends not only on collaborators but also
on the last moment information of the ego agent. Mean-
while, we propose matrix-valued gates in G-CGRU to en-
sure collaboration at a high spatial resolution and allow the
agents to adaptively weight the informative regions.

To adapt the proposed multi-resolution collaboration
mechanism for reconstruction, we propose a multi-grain
feature enhancement (MGFE) module to strengthen the fea-
ture reconstruction process. In MGFE, the fine-grained
collaborative feature maps will give direct guidance to the
agents’ feature maps via a global pooling operation, and
the coarse-grained collaborative feature maps will again en-
hance the agents’ feature maps from a global perspective.
This design allows the agents to comprehensively recon-
struct the feature maps from local and global viewpoints.

The general evaluation metric (e.g., average precision)
can reflect the overall performance of multi-agent collab-
orative perception (MCP). However, the performance en-
hancement brought by the collaboration concept that MCP
introduced cannot be reflected directly. To address this is-
sue, we introduce a brand new evaluation metric that sys-
tematically evaluates the MCP from four aspects.

To validate the proposed framework, we conducted com-
prehensive experiments in 3D object detection on V2X-
Sim[17] and OPV2V[45] datasets. Our proposed uni-
fied, bandwidth-efficient and multi-resolution based col-
laborative perception framework (UMC) achieves a better
performance-bandwidth trade-off than the state-of-the-art
SRAR-based collaboration methods. Our contributions are

listed as follows:

• We present a unified, bandwidth-efficient framework
(UMC) for collaborative perception, which optimizes
the communication, collaboration, and reconstruction
processes with the multi-resolution technique.

• We propose a novel multi-resolution and selective-
region mechanism for communication and the graph-
based collaborative GRU for each resolution collabo-
ration and multi-grain feature enhancement module for
reconstruction.

• We present a brand new evaluation metric for 3D ob-
ject collaborative perception, which can evaluate the
performance from different perspectives.

2. Related Work
2.1. V2X Collaborative Perception

F-Cooper[1] is the first to apply feature-level collabora-
tion, which weights interaction information equally using
a max-based function. When2com[22] employs an atten-
tion mechanism to build a bandwidth-efficient communica-
tion group. V2VNet[39] proposes a spatially-aware mes-
sage transmission mechanism that assigns varying weights
to the different agents. DiscoNet[18] adapts the knowledge
distillation to enhance student model performance by con-
straining the teacher model, which is based on correspond-
ing raw data collaboration. V2X-ViT[44] presents a unified
V2X framework based on Transformer that takes into ac-
count the heterogeneity of V2X systems. Where2comm[12]
takes the advantage of sparsity of foreground information in
detection downstream task to save the communication band-
width of V2X collaboration. CoBEVT[43] generates BEV
map predictions with multi-camera perception by V2X.

2.2. 3D Perception for Autonomous Driving

Due to the declining price of commodity LiDAR sensors,
3D perception has become more prevalent in autonomous
driving. VoxelNet[53] pioneered utilizing 3D object detec-
tion in autonomous driving. More and more advanced al-
gorithms have been discovered. There are three branches of
3D perception input forms that have been widely adopted:
point-based methods[28, 36, 29] directly process raw cap-
tured point; and voxel-based methods[53, 46, 13, 35] divide
the points into a volumetric grid; and 2D projections based
methods[37, 47, 14] compact the input by projecting points
into images. In UMC, we utilize bird’s eye view projection
as input, which decreases the processing time and enables
the use of 2D object detection networks.

2.3. Multi-resolution Image Inpainting

Multi-resolution is a widely used image inpainting[50,
27, 40] technique to combine low-resolution feature
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Figure 2. The overview of the proposed UMC framework. i) Feature extraction stage, the agents obtain the F e,t
i by the shared feature

encoder Θe with the observation xt
i . ii) Communication stage, the ego agent (in blue) will broadcast compact query matrix Me,t

i in
each resolution to collaborators by V2X communication, and the collaborators will compute the transmission map by entropy-CS module
at local. Then the ego agents will receive the selected messages from the assisted collaborators. iii) Collaboration stage, the ego agents
will employ the G-CGRU module in each resolution for high efficient collaboration. iv) Reconstruction stage, the MGFE module will
reconstruct the ego agent’s feature by multi-resolution collaborative feature maps for different downstream tasks.

maps that contain global structure information with high-
resolution feature maps that are rich in local texture details,
such as, Lin et al. [20] firstly introduce FPN to improve
the scale invariance. PEN-Net[51] proposes the attention
map mechanism, which learns from high-resolution feature
maps to guide low-resolution features. Wang et al. [40] de-
sign a parallel multi-resolution fusion network that can ef-
fectively fuse structure and texture information. DFNet[11]
employs U-Net[33] based multiple fusion blocks to imple-
ment multi-resolution constraints for inpainting. In UMC,
we implement the multi-resolution technique for a new
application scenario: multi-agent collaborative perception.
The multi-grain collaborative feature makes it possible for
the agents to reconstruct the occlusion area from both a lo-
cal and a global point of view.

3. UMC
In this section, we present the technical details of the pro-

posed UMC. The overall architecture of the proposed UMC
is shown in Figure 2, which consists of three new modules,
entropy-CS, G-CGRU, and the MGFE. Entropy-CS extends
the traditional entropy theory to select the informative re-
gions of observations, reducing the heavy bandwidth burden
brought by multi-resolution. G-CGRU redesigns the GRU-
Cell to adapt the multi-agent collaboration, which models
the continuity of vehicle movement. MGFE introduces the
multi-grain feature enhancement to strengthen the feature
reconstruction process for different downstream tasks.

3.1. Problem Statement and Notation

We assume there are N collaborators with their cor-
responding observations Xt = {x t

n}n=1,...,N at time t.
Among those collaborators, the feature set of the i-th agent
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Figure 3. Illustration of entropy-based communication selection.
The entropy-CS filters out the lower quality regions, achieving
high efficient bandwidth usage.

is defined as F e,t
i = {F e,t

i,j}j=1,...,M ← Θe(xi,t), where
Θ(·) is the feature encoder shared by all the collabora-
tors and M represents the number of intermediate layers in
Θ(·). Note that because each agent has its unique pose ξt,
we need conduct feature alignment operation Λ(·, ·) across
agents for subsequent collaboration process, e.g., for the i-
th agent, the transformed feature map from the k-th agent
of the j-th intermediate layer is F e,t

k→i,j ← Λ(F e,t
k,j , ξ

t
k→i),

where the ξtk→i is based on two ego poses ξtk and ξti. Now
F e,t

k→i,j ,F
e,t
i,j are supported in the same coordinate system.

3.2. Entropy-based Communication Selection

The intuition of entropy-CS is low computational com-
plexity and high interpretability to filter out the lower-
quality regions. Based on above considerations, we extend
the traditional entropy theory[6] toward two-dimensional
communication selection. Hence, the entropy-CS is non-
parameter and high efficient to reduce the heavy bandwidth
burden brought by multi-resolution feature information.

To further compress bandwidth requirements, the ego
agent i and collaborator will first compress their encoder
features F e,t

i,j ,F
e,t
k→i,j ∈ RK,K,C along channels into the
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query matrix M e,t
i,j ,M

e,t
k→i,j ∈ RK,K through a trainable

1×1 convolution kernel W 1×1, which is supervised by the
downstream loss function. Then, we construct the two-stage
entropy-based selective-region communication mechanism:

Self-select stage We first let the k-th collaborator deter-
mine location Se,t

k→k,j itself, where potentially contains use-
ful information for later collaboration:

Se,t
k→k,j = Γ(Φ(M e,t

k→i,j ,M
e,t
k→i,j), δs) (1)

where the Γ(·, δs) is an element-wise function, zeroing out
elements smaller than the values of top-δs% in ·, and Φ is
the entropy estimation function, which measures the corre-
lation from K ∈ RK,K to Q ∈ RK,K at the location of L.
If L is not assigned, the Φ will compute all region of K,Q:

Φ(K,Q,L) = {pxy ∗ log(pxy)}x,y∈L,with

pxy =
1

M ∗N

M,N∑
j,k

σ(K(x+ j, y + k)−Q(x, y))
(2)

where σ(·) is Sigmoid function and we set M,N to 3 in later
experiments. Note that if ∥Se,t

k→k,j∥ ≃ 0, represents that the
k-th collaborator almost has no sufficient information. The
entropy-CS will close the later cross-select stage, which can
further reduce the bandwidth requirements.

Cross-select stage After the self-entropy selection stage,
we thus derive the cross-entropy selection to obtain the
communication location Se,t

k→i,j with the broadcast M e,t
i,j :

Se,t
k→i,j = Γ(Φ(M e,t

i,j ,M
e,t
k→i,j ,S

e,t
k→k,j), δc) (3)

As demonstrated in Figure 3, the entries of the de-
rived matrix Se,t

k→i,j indicate where to communicate, which
requires about 1

δsδc
bandwidth of existing SRAR-based

methods[39, 18, 22]. However, the transmission content
T e,t

k→i,j ← F e,t
k→i,j [S

e,t
k→i,j ] is sparse, with many positions

being 0. This could potentially harm further collaboration
process[24]. To compensate for this, after the ego agent re-
ceives, we spatially interpolate these positions from their
neighbors across all channels at local, using a similar ap-
proach in [42]: F

′e,t
k→i,j ← Interpolate(T e,t

k→i,j).

3.3. Graph-based Collaborative GRU

Once a requesting ego agent collects the information
from its linked supporting collaborators, it is important to
design how to integrate its local observation with the se-
lected multi-resolution feature maps from supporters[18].

We observe that the detected agents in perception area
change slowly over time in the urban low-speed collabora-
tive scenes[45, 17]. Hence, the collaborative feature maps
from last time are actually helpful to the present process.

However, the general RNN model[34, 10] can only pro-
cess one-dimensional features, which makes it hard to pre-
serve the spatial structure and local details of the agent’s
observation.

Based on the above considerations, we propose a novel
graph-based collaborative GRU module named G-CGRU
for each resolution collaboration process, as demonstrated
in Figure 2. The key intuition of G-CGRU is that the collab-
oration depends not only on supporters but also on request-
ing the ego agent’s previous information.

For the ego agent i of the j-th resolution intermedi-
ate feature maps, the inputs of G-CGRU are hidden states
he,t−1
i,j ∈ RK,K,C , the ego agent observation F e,t

i,j , and the

supporters’ selected feature maps {F
′e,t
k→i,j}k ̸=i. The mod-

ule mainly has three key gates as follows:
Update and Reset gates The Update gate is responsible

for determining where the previous information needs to
be passed along the next state and the Reset is to decide
how much of the past information is needed to neglect. The
Update and Reset gates share the same structure but dif-
ferent weights. Here we take Reset as an examples:

W ir = σ(W 3×3 ∗ ([he,t−1
i,j ;F e,t

i,j ]))

Rt
i,j = σ(W ir ⊙ ĥ

e,t−1

i,j + (1−W ir)⊙ F e,t
i,j )

(4)

where⊙, σ(·), [·; ·] represent dot product, Sigmoid function,
and concatenation operation along channel dimensions, re-
spectively. ∗ indicate a 3 × 3 convolution operation. The
Rt

i,j ∈ RK,K,C learns where the hidden features he,t−1
i,j are

conducive to the present.
Collab gate Based on the above Reset and Update

gates, we thus derive the Collab gate. To make better
collaborative feature integration, we construct a collabo-
ration graph Gtc(V ,E) in Collab gate, where node V =
{Vi}i∈1,...,N is the set of collaborative agents with the
real-time pose information in the environment and E =
{W k→i}i,k∈1,...,N,i̸=k is the set of trainable edge ma-
trix weights between agents and models the collaboration
strength between two agents. Let CGt

c
(·) be the collabora-

tion process defined in the Collab module’s graph Gtc. The
j-th resolution enhanced maps of ego i agent after collabo-
ration are Ee,t

i,j ← CGt
c
(he,t−1

i,j ,F
′e,t
k→i,j ,F

e,t
i,j ). This process

has two stages: message attention (S1) and message aggre-
gation (S2).

In the message attention stage (S1), each agent deter-
mines the matrix-valued edge weights, which reflect the
strength from one agent to another at each individual cell.
To determine the edge weights, we firstly get the conductive
history information from hidden features by Reset gates
through ĥ

e,t−1

i,j ← he,t−1
i,j ⊙Rt

i,j . Then, we utilize the edge
encode Π to correlate the history information, the feature
map from another agent and ego feature map; that is, the
matrix-value edge weight from k-th agent to the i-th agent is
W k→i = Π(ĥ

e,t−1

i,j ,F
′e,t
k→i,j ,F

e,t
i,j ) ∈ RK,K , where Π con-

catenates three feature maps along the channel dimension
and then utilizes four 1 × 1 convolutional layers to grad-
ually reduce the number of channels from 3C to 1. Also,
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to normalize the edge weights across different agents, we
implement a softmax operation on each cell of the feature
map. Compared with previous work[22, 12, 44] generally
consider time-discrete edge weight to reflect the static col-
laboration strength between two agents; while we consider
time-continuous edge weight W k→i. which dynamically
models the collaboration strength from the k-th agent to the
i-th agent from t− 1 to t. In the message aggregation stage
(S2), each agent aggregates the feature maps from collabo-
rators based on the normalized matrix-valued edge weights,
the updated feature map Ce,t

i,j is utilized by
∑N

k=1 W k→i ◦
F

′e,t
k→i,j , where ◦ represents the dot production broadcasting

along the channel dimension. Finally, the collaborative map
is Ee,t

i,j = Zt
i,j ⊙Ce,t

i,j + (1−Zt
i,j)⊙he,t−1

i,j . Note that the
Zt

i,j is generated by the Update gate.

3.4. Multi-grain Feature Enhancement Module

The final ego agent i collaborative feature maps
{Ee,t

i,j}j=1,...,M with different resolutions generated from
G-CGRU contain various visual context information, and
each of them can be used to yield the downstream task.

To make the best use of multi-grain feature maps, we
further propose a multi-grain feature enhancement (MGFE)
module, which utilizes coarse- to fine-grained collaborative
feature maps to guide the reconstruction process from a lo-
cal to global perspective, as demonstrated in Figure 4. The
MGFE consists of two stages:

Stage one A 1 × 1 convolution is applied to adjust the
feature space of the collaborative feature map Ee,t

i,j to the
ego observed feature map F e,t

i,j , then through global pooling
along channels to the adjusted collaborative feature to ob-
tain highlighted informative regions, following multiplied
with the local feature map. The output f1

s as follows:

f1
s = G(σ(W 1×1 ∗Ee,t

i,j + b)) ◦ F e,t
i,j (5)

where G, ◦ denotes global max pooling operation along the
channels and dot production broadcasting along the channel
dimension, respectively.

Stage two The coarse-grained, ego-observed feature map
F e,t

i,j−1 is upsampled to the same dimension as the high-
resolution map, and then concatenated with the f1

s,E
e,t
i,j .

The output of stage two f2
s as follows:

f2
s = [L2(upsample(F e,t

i,j−1));L2(f
1
s);L2(E

e,t
i,j )] (6)

where upsample denotes the deconvolution operation, L2

refers to the L2 norm layer[21], which is helpful for com-
bining two (or more) feature maps. To adjust the channels
dimension of f2

s, a 3 × 3 convolution is applied to f2
s:

F e,t
i,j+1 ← σ(W 3×3 ∗ f2

s + b).
After the reconstruction process of the MGFE module,

we can obtain the ego agent enhancement feature De,t
i . To

obtain the final detection outputs Ỹ t
i , we employ an output
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Figure 4. The architecture of multi-grain feature enhancement
module. The fine- and coarse-grained feature maps guide the re-
construction process from the local to global perceptive, respec-
tively.

header H(·): Ỹ t
i ← H(De,t

i ). To implement the header
H(·), we employ two branches of convolutional layers to
classify the foreground-background categories and regress
the bounding boxes.

To train our model, we employ the binary cross-entropy
loss to supervise foreground-background classification and
the smooth L1 loss to supervise the bounding-box regres-
sion:

L =

N∑
i=1

Ldet(Y i, Ỹ i) (7)

where Ldet denotes the classification and regression losses
and Y i, Ỹi represents the ground-truth detection and pre-
dicted detection in the perception region of the i-th agent,
respectively.

4. Experiment
4.1. Collaborative 3D Object detection dataset

To validate our proposed UMC on the LIDAR-based 3D
object detection task. Same as [18, 15, 19], we utilize
the multi-agent datasets of V2X-Sim[17] and OPV2V[45].
The V2X-Sim is built by the co-simulation of SUMO[25]
and CARLA[8], which contains 90 scenes, and each scene
includes 100 frames. The OPV2V is co-simulated by
OpenCDA[45] and CARLA, including 12K frames of 3D
point clouds with 230K annotated 3D boxes.

4.2. Implementation details

Experimental setting Same as [18, 15, 45], we crop
the point clouds located in the region of [−32m, 32m] ×
[−32m, 32m] × [0, 5m] defined in the ego-vehicle Carte-
sian coordinate system. The size of each voxel cell is set as
0.25m × 0.25m × 0.4m to get the Bird’s-Eyes view map
with dimension 256 × 256 × 13. The SRAR-based trans-
mitted collaborative feature map (TCF) has a dimension of
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Table 1. Detection comparison on V2X-Sim dataset. Key: [Best,
Second Best, Third Best]

Models ARSV50/70 ↑ ARCV50/70 ↑ ARCI50/70 ↓ ARTC50/70 ↑ AP50/70 ↑
No Fusion 76.90/72.35 4.62/3.45 2.30/1.27 7.85/4.62 51.87/45.05

Early Fusion 86.70/83.72 64.17/60.49 9.55/7.88 15.67/13.33 67.79/62.29
Who2com 74.60/69.30 4.70/3.95 1.80/1.30 7.58/7.25 49.77/42.30
When2com 75.10/69.69 4.79/4.08 1.83/1.28 7.58/7.25 52.06/44.21

V2VNet 80.13/75.17 44.66/32.00 1.33/0.97 10.70/6.83 58.51/48.98
DiscoNet 86.64/82.16 58.58/46.47 3.02/1.91 12.86/9.32 65.89/56.74

Where2comm 81.96/77.24 44.97/30.90 11.45/8.45 16.51/11.61 62.05/54.59
UMC(ours) 84.67/80.68 67.01/60.04 2.38/1.70 12.35/9.46 67.80/60.01

Table 2. Detection comparison on OPV2V dataset. Key: [Best,
Second Best, Third Best]

Models ARSV50/70 ↑ ARCV50/70 ↑ AP50/70 ↑
No Fusion 69.33/46.35 12.32/ 4.36 54.69/23.94

Early Fusion 64.62/46.95 45.00/24.39 55.88/25.89
Who2com 69.43/45.68 15.84/6.21 55.36/23.39
When2com 69.27/45.54 15.90/6.22 55.13/23.27

V2VNet 73.42/48.21 24.65/11.16 59.03/24.71
DiscoNet 72.04/46.94 37.25/22.57 55.46/23.04

Where2comm 69.79/47.60 13.89/6.09 56.02/25.38
UMC(ours) 76.56/47.68 47.82/25.06 61.90/24.50

(a) No fusion (b) Early fusion (c) UMC (d) (e) 
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Sparse measurement
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Agent 1

Agent 2
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Figure 5. Detection and communication selection for Agent 1. The green and red boxes represent the ground truth (GT) and predictions,
respectively. (a-c) shows the results of no fusion, early fusion, and UMC compared to GT. (d) The coarse-grained collaborative feature
of Agent 1. (e) Matrix-valued entropy-based selected communication coarse-grained feature map from Agent 2. (f) The fine-grained
collaborative feature of Agent 1. (g) Matrix-valued entropy-based selected communication fine-grained feature map from Agent 2.

32 × 32 × 256. Our proposed UMC’s TCFs have the di-
mension of 32× 32× 256, 64× 64× 128. We train all the
models using NVIDIA RTX 3090 GPU with PyTorch[26].
Baselines We consider the single-agent perception model,
called No Fusion, which only processes a single-view point
cloud. Also, we consider the holistic-view perception
model based on early collaboration, called Early Fusion.
We consider five collaboration methods: Who2com[23],
When2com[22], Where2comm[12], DiscoNet[18] and
V2VNet[39]. To ensure fairness, all the methods share the
same encoder and detection header architecture and collab-
orate at the same intermediate feature layer.
Evaluation Metrics We employ the Average Precision
(AP) to validate the overall performance of the model. To
systematically analyze the performance of the model, we
introduce new metrics from four aspects: i) ARSV de-
notes the Average Recall of agents that are visible from
Singe-vehicle View; ii) ARCV denotes the Average Recall
of agents that are invisible from single-vehicle view but
visible from Collaborative-View, which evaluates model’s
performance of collaborative process; iii) ARCI denotes
the Average Recall of Completely-Invisible agents, which
evaluates the performance of detecting agents with limited
information; iv) ARTC denotes the Average Recall of the
agents that were visible at the last time but not visible at
this time, which evaluates model’s performance of Time
Continuity. Note that more technical details are shown in
Appendix.1, and we employ all evaluation metrics at the
Intersection-over-Union (IoU) threshold of 0.5 and 0.7.
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Figure 6. Performance-bandwidth trade-off in log scale.

4.3. Quantitative evaluation

Overall performance comparison Table 1 of AP50/70 col-
umn shows the comparisons in terms of AP(@IoU=0.5/0.7).
We see that i) early fusion achieves the best detection per-
formance when AP@0.7, and there is an obvious improve-
ment over no fusion, i.e., AP@0.5 and AP@0.7 are in-
creased by 30.69% and 38.26% respectively, revealing the
effectiveness of collaboration; ii) among the SRAR-based
intermediate collaboration methods, the proposed UMC
achieves the best performance. Compared to When2com,
UMC improves by 30.23% in AP@0.5 and 35.71% in
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Figure 7. UMC qualitatively outperforms the state-of-the-art meth-
ods. The green and red boxes denote ground truth and detection,
respectively. (a) Results of When2com. (b) Results of DiscoNet.
(c) Results of UMC. (d)-(e) Agent 1’s coarse-grained and fine-
grained collaborative feature maps, respectively.

AP@0.7. Compared to the knowledge distillation (KD)
based DiscoNet, UMC improves by 2.9% in AP@0.5 and
5.76% in AP@0.7.
Proposed new metric performance comparison From the
rest column of Tabel 1, we see that i) the ARSV reflects
that collaboration can improve the performance of original
single-view based objects. The early fusion achieves the
best performance, and there is an obvious improvement over
no fusion, i.e., ARSV@0.5 and ARSV@0.7 are increased
by 12.74% and 15.72% respectively. Note that the DiscoNet
inherits the performance of early fusion through knowledge
distillation; ii) the ARCV reflects the quality of the collab-
oration process. The proposed UMC achieves the best per-
formance. Compared to the DiscoNet, UMC improves by
14.39% in ARCV@0.5 and 29.07% in ARCV@0.7. Note
that in when2com and who2com, the collaboration is sim-
ply integrated by stacking features along channels, resulting
in the low quality of collaboration; iii) the ARCI reflects
the detection performance under limited information. Thus,
a high ARCI may cause more false positives, reducing the
precision of the model; iv) the ARTC reflects the time con-
tinuity of the model, and the ARTC of existing methods is
relatively low, In that sense, our work may unlock the future
temporal reasoning in collaborative perception.
Performance-bandwidth trade-off analysis As demon-
strated in Figure 6, we comprehensively compare the pro-
posed UMC under different (δs, δc) values with the baseline
methods in terms of the trade-off between performance and
communication bandwidth. The no fusion model is shown
as a dashed line since the communication volume is zero.
We see that i) UMC achieves the best trade-off among the
other methods; ii) the detect performance of where2comm
is more stable than UMC when bandwidth is reduced. The
where2comm is specific for the detection downstream task,
which is based on the sparsity of foreground information
to reduce communication by filtering the background in-
tensively with a small performance sacrifice. And, our
entropy-CS aims to optimize not only detection but also
general downstream tasks based on the traditional informa-

Table 3. Detection performance with different grains selection.
F e,t

i,j (j = 1, 2, 3) denotes different grained collaborative features.
Note that the C. V. is the short for Communication Volume.

Multi-Grains Selection
F e,t

i,1 F e,t
i,2 F e,t

i,3

AP50/70 ↑ C. V. ↓

✓ ✓ 67.80/60.01 19.23
✓ ✓ 58.36/50.71 19.84

✓ ✓ 60.27/53.63 20.02

tion theory. Hence, when setting small value of (δs, δc),
the detection performance will degrade more easily than
where2comm, shown in Figure 6 (c)-(d).

4.4. Qualitative evaluation

Visualization of UMC working mechanism To under-
stand the working mechanism of the proposed UMC, we
visualize the detection results, different grains collaborative
feature maps, and the corresponding entropy-based trans-
mission maps; see Figure 5. Note that the proposed entropy-
based selection is matrix-based, reflecting the informative
regions in a cell-level resolution, which is shown as the 2D
communication map that is compressed along channels by
a sum operation. Figure 5 (a), (b), and (c) represent three
detection results of Agent 1 based on the no fusion, early
fusion, and the proposed UMC, respectively. We see that
with collaboration, UMC is able to detect objects in these
sheltered and long-range zones. To further explain the ratio-
nale behind the results, Figure 5 (d) and (f) provide the cor-
responding ego coarse- and fine-grained collaborative fea-
ture maps, respectively. We clearly observe that the coarse-
grained feature reflects the global structure information and
the fine-grained feature contains rich local texture details,
the proposed UMC complements their advantages. Figure 5
(e) and (g) show the coarse- and fine-grained communica-
tion maps from agent 2 to agent 1, respectively. We observe
that with the grains being finer, the communication map be-
comes more sparse, meaning the entropy-based selection
can more precisely find the informative regions relative to
ego agents, also, the entropy-based selection ensures lower
bandwidth under the multi-grain collaborative process.
Comparison with DiscoNet, When2com Figure 7 shows
two examples to compare the UMC with When2com and
DiscoNet. We see that UMC is able to detect more objects,
especially in edge regions with sparse measurement. The
reason is that both When2com and DiscoNet employ only a
single coarse-grained global feature map for collaborations,
which loses many details of the scene, while UMC com-
bines coarse- and fine-grained features for collaboration,
see the visualization in Figure 7 (d)-(e). Remarkably, com-
pared to knowledge-distillation-based DiscoNet, the UMC
does not need to pretrain different teacher models (early fu-
sion) when switching to different datasets, and the perfor-
mance will be influenced greatly when the teacher model is
not performing well, as shown in Table 2.
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Table 4. Quantitative results of ablation experiments on V2X-Sim.
Variants Entropy-CS G-CGRU MGFE ARSV50/70 ↑ ARCV50/70 ↑ ARCI50/70 ↓ ARTC50/70 ↑ AP50/70 ↑

(1) ✓ ✓ ✓ 86.67/80.68 67.01/60.04 2.38/1.70 12.35/9.46 67.80/60.01
(2) ✓ ✓ 87.67/83.29 67.88/62.17 2.87/1.66 12.01/9.55 65.72/58.78
(3) ✓ ✓ 79.38/74.90 40.35/34.14 1.49/1.28 3.79/3.52 56.73/49.22
(4) ✓ 87.72/82.13 60.58/46.53 3.13/1.43 12.78/9.98 67.30/56.19

(a) Early Fusion (b) UMC (c) (e) (d) 

Agent 1

Agent 2

Agent 1

Agent 2

(f) 
teE ,

1,1

teE ,

2,1
teD ,

1 1D

Figure 8. Detection and feature map visualization for Agent 1. Green/red boxes represent GT/predictions. (a) and (b) denote the results of
early fusion and UMC. (c) and (d) denote the coarse- and fine-grained collaborative maps generated from the G-CGRU module. respec-
tively. (e) and (f) denote the UMC and early fusion’s downstream features D1 for final detection output Ỹ1, respectively.

4.5. Ablation study

We validate several key designs of our framework, in-
cluding the entropy-CS, the G-CGRU, and the MGFE mod-
ule. The quantitative results are shown in Table 4.

Effect of grains selection In tabel 3 we investigate the de-
tection performance when employing different grain selec-
tions. Note that the shape of F e,t

i,j (j = 1, 2, 3) ∈ RW,H,C is
32× 32× 256, 64× 64× 128 and 128× 128× 64, respec-
tively. We see that i) applying collaborative feature maps
on the selection of (F e,t

i,1,F
e,t
i,2) has the best trade-off be-

tween performance and bandwidth; and ii) the selection of
(F e,t

i,1,F
e,t
i,3) for collaboration has the worst detection per-

formance. This is because the grains of feature difference
between the two is too large, resulting in deviation in fea-
ture fusion process; and iii) the performance of selection
of (F e,t

i,2,F
e,t
i,3) is slightly worse than (F e,t

i,1,F
e,t
i,2), because

both (F e,t
i,2,F

e,t
i,3) focus on the local texture details, result-

ing in the loss of global structure information; and iv) on
the premise of performance of (F e,t

i,1,F
e,t
i,2), the heavy band-

width of the (F e,t
i,1,F

e,t
i,2,F

e,t
i,3) selection makes the potential

performance improvement meaningless.

Effect of collaboration strategy Table 4 compares the dif-
ferent ablated networks. We see that i) the UMC (vari-
ants 1) achieves the best detection performance among the
other ablated networks; and ii) variant 4 reflects that the
redesigned graph-based collaborative GRU module has an
obvious improvement over no fusion, i,e, AP@0.5 and
AP@0.7 are increased by 26.66% and 24.72% respectively,
see the Figure 8 (c) and (d); and iii) variant 2 is com-
posed of variants 4 and multi-grain feature enhance module.

Compared to variant 4, variant 2 improves by 12.05% in
ARCV@0.5 and 33.61% in ARCV@0.7, showing the effec-
tiveness of the MGFE module. Meanwhile, as demonstrated
in Figure 8 (e) and (f), the MGFE module can enhance
the downstream feature map compared to the early fusion
method; and iv) from the results of variants 3 and 4, and
the results of variants 1 and 2, we observe that the MGFE
module can give positive guidance to the trainable entropy-
based communication selection module because the MGFE
module allows the entropy-CS to comprehensively select re-
gions from local and global viewpoints.

5. Conclusion
We propose a unified, bandwidth-efficient collaborative

perception framework named UMC. Its core concept is to
utilize the multi-resolution technique to cover the intrinsic
interactions among the communication, collaboration, and
reconstruction processes in MCP. To validate it, we conduct
experiments on the V2X-Sim and OPV2V datasets and
propose a brand new evaluation metric. Comprehensive
quantitative and qualitative experiments show that the UMC
achieves an outstanding performance-bandwidth trade-off
among the existing collaborative perception methods.
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