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Abstract

Collaborative perception can substantially boost each agent’s perception ability
by facilitating communication among multiple agents. However, temporal asyn-
chrony among agents is inevitable in the real world due to communication delays,
interruptions, and clock misalignments. This issue causes information mismatch
during multi-agent fusion, seriously shaking the foundation of collaboration. To
address this issue, we propose CoBEVFlow, an asynchrony-robust collaborative
perception system based on bird’s eye view (BEV) flow. The key intuition of
CoBEVFlow is to compensate motions to align asynchronous collaboration mes-
sages sent by multiple agents. To model the motion in a scene, we propose BEV
flow, which is a collection of the motion vector corresponding to each spatial
location. Based on BEV flow, asynchronous perceptual features can be reassigned
to appropriate positions, mitigating the impact of asynchrony. CoBEVFlow has two
advantages: (i) CoBEVFlow can handle asynchronous collaboration messages sent
at irregular, continuous time stamps without discretization; and (ii) with BEV flow,
CoBEVFlow only transports the original perceptual features, instead of generating
new perceptual features, avoiding additional noises. To validate CoBEVFlow’s
efficacy, we create IRregular V2V(IRV2V), the first synthetic collaborative percep-
tion dataset with various temporal asynchronies that simulate different real-world
scenarios. Extensive experiments conducted on both IRV2V and the real-world
dataset DAIR-V2X show that CoBEVFlow consistently outperforms other base-
lines and is robust in extremely asynchronous settings. The code is available at
https://github.com/MediaBrain-SJTU/CoBEVFlow.

1 Introduction
Multi-agent collaborative perception allows agents to exchange complementary perceptual informa-
tion through communication. This can overcome inherent limitations of single-agent perception, such
as occlusion and long-range issues. Recent studies have shown that collaborative perception can
substantially boost the performance of perception systems [1–5] and has great potential for a wide
range of real-world applications, such as multi-robot automation system [6, 7], vehicle-to-everything-
communication-aided autonomous driving[8, 9] and multi-UAVs (unmanned aerial vehicles) [10–12].
As an emerging area, the study of collaborative perception has many challenges to be tackled, such as
high-quality datasets [13–15], model-agnostic and task-agnostic formulation [16] and the robustness
to pose errors [17] and adversarial attacks [18, 19].
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Figure 1: Illustration of asynchronous collaborative per-
ception and the perception result w.o./w. CoBEVFlow.
Red boxes are detection results and green boxes are the
ground-truth.

However, a vast majority of existing works do
not seriously account for the harsh realities of
real-world communication among agents, such
as congestion, heavy computation, interruptions,
and the lack of calibration. These factors in-
troduce delays or misalignments that severely
impact the reliability and quality of informa-
tion exchange among agents. Some prior works
have touched upon the issue of communication
latency. For instance, V2VNet [4] and V2X-
ViT [5] incorporated the delay time as an in-
put for feature compensation. However, they
only account for a single frame without leverag-
ing historical frames, making them inadequate
for high-speed scenarios (above 20m/s) or high-
latency scenarios (above 0.3s) scenarios. Mean-
while, SyncNet [20] uses historical features to
predict the complete feature map at the current
timestamp [21]. Nevertheless, this RNN-based
method assumes equal time intervals for its input, causing failures when delays are irregular. Overall,
previous works have not addressed the issues raised by common irregular time delays, rendering
existing collaborative perception systems can never reach their full potential in real-world scenarios.

To fill the research gap, we specifically formulate a setting of asynchronous collaborative perception;
see Fig. 1 for a visual demonstration. Here asynchrony indicates that the time stamps of the collabo-
ration messages from other agents are not aligned and the time interval of two consecutive messages
from the same agent is irregular. Due to the universality and inevitability of temporal asynchrony
in practical applications, handling this setting is critical to the further development of collaborative
perception. To address this, we propose CoBEVFlow, an asynchrony-robust collaborative perception
system based on bird’s eye view (BEV) flow. The key idea is to align perceptual information from
other agents by compensating relative motions. Specifically, CoBEVFlow uses historical frames
to estimate a BEV flow map, which encodes the motion information in each grid cell. Using the
BEV flow map, CoBEVFlow can reassign asynchronous perceptual features to appropriate spatial
locations, which aligns perceptual features on the time dimension, mitigating the impact caused
by asynchrony. The proposed CoBEVFlow has two major advantages: i) CoBEVFlow can handle
asynchronous collaboration messages sent at irregular, continuous timestamps without discretization;
ii) CoBEVFlow better adheres to the essence of compensation, which is to move features to the desig-
nated spatiotemporal positions. Not like SyncNet[20] that regenerates features, this motion-guided
position adjustment fundamentally prevents introducing extra noises to the features.

When validating the effectiveness of CoBEVFlow, we noticed that there is no appropriate collabora-
tive perception dataset that contains asynchronous samples. To facilitate research on asynchronous
collaborative perception, we create IRregular V2V(IRV2V), the first synthetic asynchronous collabo-
rative perception dataset with irregular time delays, simulating various real-world scenarios. Sec. 5
show the experiment results and analysis on both IRV2V and a real-world dataset DARI-V2X[14].
Results show that CoBEVFlow consistently achieves the best compensation performance across
various latencies. When the expected latency on the IRV2V dataset is set to 500ms, CoBEVFlow
outperforms other methods by more than 18.9%. In the case of a 300ms latency with an additional
200ms disturbance, the decrease in AP@0.50 is only 0.25%.

2 Related work
2.1 Collaborative Perception
Factors such as limited sensor fields of view and physical environmental occlusions can negatively
impact perception tasks for individual agents[22, 23]. To address the aforementioned challenges,
collaborative perception based on multi-agent systems has emerged as a promising solution [2, 3, 5, 1,
24–26]. It can enhance the performance of perception tasks by leveraging the exchange of information
among different agents within the same scenario. V2VNet uses multi-round message passing via
graph neural networks to achieve better perception and prediction performance[4]; DiscoNet adopts
knowledge distillation to take advantage of both early and intermediate collaboration[9]; V2X-ViT
proposes a heterogeneous multi-agent attention module to aggregate information from heterogeneous
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agents; Where2comm[1] introduces a spatial con�dence map which achieves pragmatic compression
and improves perception performance with limited communication bandwidth.

As unideal communication is an inevitable issue that negatively impacts the performance and applica-
tion of collaborative perception, some methods have been studied for robust collaborative perception.
V2VNet[4] utilizes a convolutional neural network to learn how to compensate for communication
delay by taking time information and relative pose as input; V2X-ViT[5] designs a Delay-aware
Positional Encoding module to learn the in�uence caused by latency, but these methods do not con-
sider the historical temporal information for compensation. SyncNet[20] uses historical multi-frame
information and compensates for the current time by Conv-LSTM[21], but its compensation for
the whole feature map leads noises to the feature channels, and RNN-based framework can not
handle temporal irregular inputs. This work formulates asynchronous collaborative perception, which
considers real-world communication asynchrony.

2.2 Time-Series Forecasting

Time series analysis aims to extract temporal information of variables, giving rise to numerous
downstream tasks. Time series forecasting leverages historical sequences to predict observations of
variables in future time periods. Classical methods for time series forecasting include the Fourier
transform[27], autoregressive models[28], and Kalman �lters[29]. In the era of deep learning, a
plethora of RNN-based and attention-based methods have emerged to model sequence input and
address time series prediction problems[30–32]. The issue of sampling irregularity, which may arise
due to physical interference or device issues, calls for irregularity-robust time series analysis systems.
Approaches such as mTAND[33], IP-Net[34], andDGM2[35] employ imputation-based techniques
to tackle irregular sampling, which estimate the observation or hidden embedding of series at regular
timestamps and then apply the methods designed for regular time series analysis, while SeFT[36] and
Raindrop[37] utilize operations that are insensitive to sampling intervals for processing irregularly
sampled data. In this work, we consider each collaboration message as one irregular sample and use
irregular time series forecasting to estimate the BEV �ow map for asynchronous feature alignment.

3 Problem Formulation

ConsiderN agents in a scene, where each agent can send and receive collaboration messages from

other agents, and storek historical frames of messages. For thenth agent, letX t i
n

n andY t i
n

n be the
raw observation and the perception ground-truth at time currentt i

n , respectively, wheret i
n is thei -th

timestamp of agentn, andP t j
m

m ! n be the collaboration message sent from agentm at timet j
m . The

key of the asynchronous setting is that the timestamp of each collaboration messaget i
n 2 R is a

continuous value, those messages from other agents are not aligned,t i
m 6= t i

n , and the time interval
between two consecutive timestampst i � 1

n � t i
n is irregular. Therefore, each agent has to encounter

collaboration messages from other agents sent at arbitrary times. Then, the task of asynchronous
collaborative perception is formulated as:

max
�; P

NX

n =1

g
�

bY t i
n

n ; Y t i
n

n

�
(1)

subject to bY t i
n

n = c� (X t i
n

n ; fP t j
m

m ! n ; P t j � 1
m

m ! n ; � � � ; P t j � k +1
m

m ! n gN
m =1 );

whereg(�; �) is the perception evaluation metric,bY t i
n

n is the perception result of agentn at timet i
n ,

c� (�) is the collaborative perception network with trainable parameters� , andt j � k+1
m < t j � k+2

m <
� � � < t j

m � t i
n . Note that: i) when the collaboration messages from other agents are all aligned and

the time interval between two consecutive timestamps is regular; that is,t i
m = t i

n for all agent's pairs
m; n, andt i

n � t i � 1
n is a constant for all agentsn, the task degenerates to standard well-synchronized

collaborative perception; and ii) when the collaboration messages from other the agents are not
aligned, yet the time interval between two consecutive timestamps is regular; that is,t i

m 6= t i
n and

t i
n � t i � 1

n is a constant, the task degenerates to the setting in SyncNet [20].

Given such irregular asynchrony, the performances of collaborative perception systems would be
signi�cantly degraded since features from asynchronized timestamps differ from the actual current
features, and using asynchronized features may contain erroneous information during the perception
process. In the next section, we will introduce CoBEVFlow to address this critical issue.
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Figure 2:System overview. Message packing process prepares ROI and sparse features as the message for
ef�cient communication and BEV �ow map generation. Message fusion process generates and applies BEV
�ow map for compensation, and fuses the features at the current timestamp from all agents.

4 CoBEVFlow: Asynchrony-Robust Collaborative Perception System
This section proposes an asynchrony-robust collaborative perception system, CoBEVFlow. Figure 2
overviews the overall scheme of CoBEVFlow. We introduce the overall framework of the CoBEVFlow
system in Sec. 4.1. The details of three key modules of CoBEVFlow can be found in Sec. 4.2-4.4.
Sec. 4.5 demonstrates the training details and loss functions of the whole system.

4.1 Overall architecture

The problem of asynchrony results in the misplacements of moving objects in the collaboration
messages. That is, the collaboration messages from multiple agents would record various positions for
the same moving object. The proposed CoBEVFlow addresses this issue with two key ideas: i) we use
a BEV �ow map to capture the motion in a scene, enabling motion-guided reassigning asynchronous
perceptual features to appropriate positions; and ii) we generate the region of interest(ROI) to make
sure that the reassignment only happens to the areas that potentially contain objects. By following
these two ideas, we eliminate direct modi�cation of the features and keep the background feature
unaltered, effectively avoiding unnecessary noise in the learned features.

Mathematically, let then-th agent be the ego agent andX t i
n

n be its raw observation at thei -th
timestamp of agentn, denoted ast i

n . The proposed asynchrony-robust collaborative perception
system CoBEVFlow is formulated as follows:

F t i
n

n = f enc(X t i
n

n ); (2a)

eF t i
n

n ; R t i
n

n = f roi _gen(F t i
n

n ); (2b)

M t j
m ! t i

n
m = f 
ow _gen(t i

n ; fR t q
m

m gq= j � k+1 ;j � k+2 ;��� ;j ); (2c)

bF t i
n

m = f warp ( eF t j
m

m ; M t j
m ! t i

n
m ); (2d)

bH t i
n

n = f agg( eF t i
n

n ; f bF t i
n

m gm 2N n ); (2e)

bY t i
n

n = f dec( bH t i
n

n ); (2f)

whereF t i
n

n 2 RH � W � D is the BEV perceptual feature map of agentn at timestampt i
n with H; W

the size of BEV map andD the number of channels;R t i
n

n is the set of region of interest (ROI);
eF t i

n
n 2 RH � W � D is the sparse version ofF t i

n
n , which only contains features insideR t i

n
n and zero-

padding outside;M t j
m ! t i

n
m 2 RH � W � 2 is them-th agent's the BEV �ow map that re�ects each grid

cell's movement from timestampt j
m to timestampt i

n , fR t q
m

m gq= j � k+1 ;j � k+2 ;��� ;j indicates historical

k ROI sets sent by agentm; bF t i
n

m 2 RH � W � D is the realigned feature map from them-th agent's at

timestampt i
n after motion compensation;bH t i

n
n 2 RH � W � D is the aggregated features from all of the

agents;Nn is the collaboration neighbors of then-th agent; andbY t i
n

n is the �nal output of the system.

Step 2a extracts BEV perceptual feature from observation data. Step 2b generates the ROIs for each
feature map, enabling BEV �ow generation in Step 2c. Now all the agents exchange their messages,
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including eF t i
n

n and theR t i
n

n . Step 2c generate the BEV �ow mapM t j
m ! t i

n
m by leveraging historical

ROIs from the same agent. Step 2d gets the estimated feature map by applying the BEV �ow map to
reassign the asynchronized features. Step 2e aggregates the feature maps of all agents. Finally, Step
2f outputs the �nal perceptual results.

Note that i) Steps 2a-2b are done before communication. Steps 2c-2f are performed after receiving
the message from others. During the communication process, both sparse perceptual features and the
ROI set are sent to other agents, which is communication bandwidth friendly; and ii) CoBEVFlow
adopts the feature representations in bird's eye view (BEV), where the feature maps of all agents are
projected to the same global coordinate system, avoiding complex coordinate transformations and
supporting easier cross-agent collaboration.

The proposed asynchronous collaborative perception system has three advantages: i) CoBEVFlow
can deal with asynchronous collaboration messages sent at irregular, continuous timestamps without
discretization; (ii) with BEV �ow, CoBEVFlow only transports the original perceptual features,
instead of generating new perceptual features, causing additional noises; and (iii) CoBEVFlow
promotes robustness to asynchrony by introducing minor communication cost (ROI set).

We now elaborate on the details of Steps 2b-2e in the following subsections.

4.2 ROI generation
Given the perceptual feature map of an agent, Step 2b aims to generate a set of spatial regions of
interest (ROIs) for the areas that possibly contain objects. Each ROI indicates one potential object's
region in the scene. The intuition is that foreground objects are the only ones that move, while
the background remains static. Therefore, using ROI can enable the subsequent BEV �ow map to
concentrate on critical regions and simplify the computation of the BEV �ow map.

To implement, we use the structure of the object detection decoder to produce the ROIs. Given agent

m's perceptual feature map at timestampt j
m , F t j

m
m , the corresponding detection result is obtained as:

O t j
m

m = � roi _gen(F t j
m

m ) 2 RH � W � 7; (3)

where� roi _gen(�) is the ROI generation network with detection decoder structure, and each element

(O t j
m

m )h;w = ( c; x; y; h; w; cos�; sin � ) represents one detected ROI with its class con�dence, posi-
tion, size, and orientation. We threshold the class con�dence, apply non-max suppression, and obtain

a set of detected boxes, whose occupied spaces form the set of ROIs,R t j
m

m .

Based on this ROI set, we can also get a binary maskH 2 RH � W , whose values inside ROIs are 1

and the others are 0. We then get the sparse feature mapeF t j
m

m = F t j
m

m � H , which only contains the

features within ROIs. Then, agentm packs its sparse feature mapeF t j
m

m and the ROI setR t j
m

m as the
message and sends out for collaboration.

4.3 BEV �ow map generation
After receiving collaboration messages from other agents at various timestamps, Step 2c aims to
generate the BEV �ow map to correct feature misalignment due to asynchrony. The proposed BEV
�ow map encodes the motion vector of each spatial location. The main idea of obtaining this BEV
�ow is to associate correlated ROIs based on a sequence of messages sent by the same collaborator.
In this step, each ROI is regarded as an instance that has its own attributes generated by Step 2b. After
the ROI association, we are able to compute the motion vector and further estimate the positions
where the corresponding object would appear at a certain timestamp. The generation of the BEV �ow
map includes two key steps: adjacent timestamp' ROI matching and BEV �ow estimation.

Adjacent frames' ROI matching. The purpose of adjacent frames' ROI matching is to match the
ROIs in two consecutive messages sent by the same agent. The matched ROIs are essentially the
same instance perceived at different timestamps. This module contains three processes: cost matrix
construction, greedy matching, and post-processing. We �rst construct a cost matrixC 2 Ro1 � o2 ,
whereo1 ando2 are the numbers of ROIs in the two frames to be matched. Each elementCp;q is the
matching cost between ROIp in the earlier frame and ROIq in the later frame. To determine the value
of Cp;q , we de�ne the vicinity of the front and rear directions as a feasible angle range for matching.
We setCp;q = dp;q whenq is within the feasible angle range ofp, otherwiseCp;q = + 1 , where
dp;q is the Euclidean distance between the center of ROIp andq. We then use the greedy matching
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strategy to search the paired ROIs. For each rowp, we search theq with minimumCp;q , and match
p, q as a pair. To avoid invalid matching, we further post-process matched pairs by removing those
with excessively large values ofCp;q . Through these processes, we can get the matched ROI pairs in
adjacent frames. For a sequence of frames, we can track each ROI's multiple locations across frames.

Figure 3:The process of the BEV �ow estimation.

BEV �ow estimation. We now retrieve each
ROI's historical locations at a series of irregu-
lar timestamps. In this module, we use those
irregular tracklets to predict the location and
orientation of ROIs at the ego agent's current
timestampt i

n and generate the corresponding

BEV �ow map M t j
m ! t i

n
m . To formulate ther -

th ROI's irregular tracklet perceived bym-th
agent, we extract the motion-related attributes
(i.e. location and orientation) from ther -th
ROI's attributes set at each timestamp. Let

V m;r = f v t j
m

r ; v t j � 1
m

r ; � � � ; v t j � k +1
m

r g be a histor-
ical sequence of ther -th ROI's attributes sent by

them-th agent, wherev t j
m

r = ( x t j
m

r ; yt j
m

r ; � t j
m

r ),

with (x t j
m

r ; yt j
m

r ) is the 2D BEV center position

and� t j
m

r is the orientation. Note thatV m;r is an
irregularly sampled sequence due to time asyn-
chrony. Fig 3 shows this process.

Based onV m;r , we now predictv t i
n

r , which is the location and orientation of ther -th ROI at the ego
agent's current timestamp. Unlike the common motion estimation, we need to handle an irregularly
sampled sequence. To enable the irregularity-compatible motion estimation method, the information
of the timestamp should be taken into account. Here we propose to use traditional trigonometric
functions [38] for timestamp encoding, by which we map the continuous-valued timestampt into its
corresponding time codeu(t) through:

(u(t))2e = sin(
t

100002e=d
); (u(t))2e+1 = cos(

t
100002e=d

); (4)

wheree is the index of temporal encoding. The timestamp information now can be input into the
estimation process along with the irregularly sampled sequence and make the estimation process
capable of irregularity-compatible motion estimation. We implement the estimation process using
multi-head attention(MHA). The query of MHA is the time code of the target timestampt i

n , and
the key and value both are the sum of the features of the irregularly sampled sequence and its
corresponding time code setU k :

bv t i
n

r = MHA( u(t i
n ); MLP(V m;r ) + U k ; MLP(V m;r ) + U k ); (5)

wherebvt i
n

r is the estimation of ROI's location and orientationvt i
n

r , MLP(�) is the encoding function of
the irregular historical seriesV r

m , andMHA( �) is the multi-head attention for temporal estimation.

With the estimated location and orientation of ROIs in the ego agent's current timestamp along
with the ROIs' sizes predicted by Step 2b, we calculate the motion vector at each grid cell by
an af�ne transformation of the associated ROI's motion, constituting the whole BEV �ow map

M t j
m ! t i

n
m 2 RH � W � 2. Note that the grid cells outside ROIs are zero-padded.

Compared to Syncnet [20] that uses RNNs to handle regular communication latency, the generated
BEV �ow map has two bene�ts: i) it handles irregular asynchrony via the attention-based estimation
with appropriate time encoding; and ii) it facilitates the motion-guided feature warping, which avoids
regenerating the entire feature channels.

4.4 Feature warp and aggregation

The BEV �ow mapM t j
m ! t i

n
m is applied on the sparse feature mapeF t j

m
m , which implements Step 2d.

The features at each grid cell are moved to the estimated position based onM t j
m ! t i

n
m . The warping
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Figure 4:Comparison of the performance of CoBEVFlow and other baseline methods under the expectation of
time interval from 0 to 500ms. CoBEVFlow outperforms all the baseline methods and shows great robustness
under any level of asynchrony on both two datasets.

process is:eF t i
n

m

h
h + M t j

m ! t i
n

m [h; w; 0] ; w + M t j
m ! t i

n
m [h; w; 1]

i
= F t j

m
m [h; w]. After adjusting each

non-ego agent's feature map, these estimated feature maps and ego feature map are aggregated
together by an aggregation functionf agg(�), which implements Step 2e. The fusing function can be
any common fusion operation. All our experiments adopt Multi-scale Max-fusion.

4.5 Training details and loss function
To train the overall system, we supervise three tasks: ROI generation, �ow estimation, and the �nal
fusion detector. As mentioned before, the functionality of the ROI generator and �nal fusion detector
share the same architecture but do not share the parameters. During the training process, the ROI
generator and �ow estimation module are trained separately, and later the �nal fusion detector is
trained with the pre-trained two modules. Common loss functions in detection tasks: cross entropy
loss and weighted smooth L1 loss are used for the classi�cation and regression of ROI generation
and �nal fusion detector, and MSE loss is used for �ow estimation.

5 Experimental Results
We propose the �rst asynchronous collaborative perception dataset and conduct extensive experiments
on both simulated and real-world scenarios. The task of the experiments on the two datasets is point-
cloud-based object detection. The detection performance was evaluated using Average Precision (AP)
at Intersection-over-Union (IoU) thresholds of 0.50 and 0.70.

5.1 Datasets
IRregular V2V(IRV2V). To facilitate research on asynchrony for collaborative perception, we
simulate the �rst collaborative perception dataset with different temporal asynchronies based on
CARLA [39], named IRregular V2V(IRV2V). We set 100ms as ideal sampling time interval and
simulate various asynchronies in real-world scenarios from two main aspects: i) considering that
agents are unsynchronized with the uni�ed global clock, we uniformly sample a time shift� s �
U(� 50; 50)msfor each agent in the same scene, and ii) considering the trigger noise of the sensors,
we uniformly sample a time turbulence� d � U (� 10; 10)msfor each sampling timestamp. The �nal
asynchronous time interval between adjacent timestamps is the summation of the time shift and time
turbulence. In experiments, we also sample the frame intervals to achieve large-scale and diverse
asynchrony. Each scene includes multiple collaborative agents ranging from 2 to 5. Each agent is
equipped with 4 cameras with a resolution of 600� 800 and a 32-channel LiDAR. The detection
range is 281.6m� 80m. It results in 34K images and 8.5K LiDAR sweeps. See more details in the
Appendix.

DAIR-V2X. DAIR-V2X [ 14] is a real-world collaborative perception dataset. There is one ego agent
and one roadside unit in each frame. All frames are captured from real scenarios at 10 Hz with 3D
annotations. Lu et al. [17] complemented the missing annotations outside the camera view on the
vehicle side to cover a 360-degree view detection. We adopt the complemented annotations[17] and
set the perceptual range tox 2 [� 100:8m; +100:8m], y 2 [� 40m; +40m].

5.2 Quantitative evaluation
Benchmark comparison. The baseline methods include late fusion, DiscoNet[9], V2VNet[4],
V2X-ViT[ 5] and Where2comm[1]. The red dashed line represents single-agent detection without
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Table 1: Detection performance on IRV2V and DAIR-V2X[14] dataset with pose noises following
Gaussian distribution in the testing phase.

Dataset IRV2V DAIR-V2X

Noise Level� t =� r (m=� ) 0.0/0.0 0.1/0.1 0.2/0.2 0.3/0.3 0.4/0.40.0/0.0 0.1/0.1 0.2/0.2 0.3/0.3 0.4/0.4

Model / Metric AP@0.50"

V2X-ViT 0.641 0.626 0.627 0.625 0.619 0.693 0.692 0.545 0.685 0.681
Where2comm 0.510 0.411 0.411 0.411 0.411 0.702 0.693 0.679 0.658 0.643

Where2comm+SyncNet 0.654 0.653 0.652 0.651 0.648 0.711 0.692 0.583 0.579 0.671
CoBEVFlow (ours) 0.831 0.820 0.815 0.802 0.781 0.738 0.743 0.732 0.723 0.703

Model / Metric AP@0.70"

V2X-ViT 0.511 0.504 0.502 0.504 0.501 0.545 0.545 0.545 0.685 0.543
Where2comm 0.388 0.323 0.312 0.302 0.293 0.577 0.577 0.561 0.658 0.543

Where2comm+SyncNet 0.549 0.550 0.545 0.538 0.527 0.587 0.583 0.579 0.570 0.567
CoBEVFlow (ours) 0.757 0.730 0.686 0.628 0.570 0.599 0.593 0.579 0.571 0.560

collaboration. We also consider the integration of SyncNet[20] with Where2comm[1], which presents
the SOTA method Where2comm[1] with resistance to time delay. All methods use the same feature
encoder based on PointPillars[40]. To simulate temporal asynchrony, we sample the frame intervals of
received messages with binomial distribution to get random irregular time intervals. Fig. 4 shows the
detection performances (AP@IoU=0.50/0.70) of the proposed CoBEVFlow and the baseline methods
under varying levels of temporal asynchrony on both IRV2V and DAIR-V2X, where thex-axis is
the expectation of the time interval of delay of the latest received information and interval between
adjacent frames andy-axis the detection performance. Note that, when thex-axis is at 0, it represents
standard collaborative perception without any asynchrony. We see that i) the proposed CoBEVFlow
achieves the best performance in both simulation and real-world datasets at all asynchronous settings.
On the IRV2V dataset, CoBEVFlow outperforms the best methods by 23.3% and 35.3% in terms of
AP@0.50 and AP@0.70, respectively, under a 300ms interval expectation. Similarly, under a 500ms
interval expectation, we achieve 30.3% and 28.2% improvements, respectively. On the DAIR-V2X
dataset, CoBEVFlow still performs best. ii) CoBEVFlow demonstrates remarkable robustness to
asynchrony. As shown by the red line in the graph, CoBEVFlow exhibits a decrease of only 4.94%
and 14.0% in AP@0.50 and AP@0.70, respectively, on the IRV2V dataset under different asynchrony.
These results far exceed the performance of single-object detection, even under extreme asynchrony.

Figure 5: Trade-off between detection performance
(AP@0.50/0.70) and communication bandwidth under
asynchrony (expected 300ms latency) on IRV2V dataset.
CoBEVFlow outperforms even with a much smaller
communication volume.

Trade-off between detection results and com-
munication cost. CoBEVFlow allows agents
to share only sparse perceptual features and the
ROI set, which is communication bandwidth-
friendly. Figure 5 compares the proposed
CoBEVFlow with the previous methods in terms
of the trade-off between detection performance
(AP@0.50/0.70) and communication bandwidth
under asynchrony. We adopt the same asyn-
chrony settings mentioned before and choose
300ms as the expectation of the time interval.
We see: i) CoBEVFlow consistently outper-
forms the state-of-the-art communication ef�-
cient solution, where2comm, as well as the other
baselines in the setting of asynchrony; ii) as
the communication volume increases, the per-
formance of CoBEVFlow continues to improve
steadily, while the performance of where2comm and where2comm+SyncNet �uctuates due to im-
proper information transformation caused by asynchrony.

Robustness to pose error.We conduct experiments to validate the performance under the impact
of both asynchrony and pose error. To simulate the pose error, we add Gaussian noiseN (0; � t ) on
x; y andN (0; � r ) on � during the inference phase, wherex; y; � are 2D centers and yaw angle of
accurate global poses. Our pose noise setting follows the Gaussian distribution with a mean of 0m, a
standard deviation of 0m-0.5m, a mean of0� and a standard deviation of0� � 0:5� . This experiment
is conducted under the expectation of time interval is 300ms to simulate the time asynchrony. We
compare our CoBEVFlow and other baseline methods including V2X-ViT[5], Where2comm[1]
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