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A 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 noise N (0, o) on z,y and (0, 0;.) on 6 during
the inference phase, where x, i, 6 are 2D centers and yaw angle of accurate global poses. Our pose
noise setting follows the Gaussian distribution with a mean of Om, a standard deviation of Om-0.5m,
a mean of 0° and a standard deviation of 0° — 0.5°. And this experiment is conducted under the
expectation of time interval is 300ms to simulate the time asynchrony. We compare our CoOBEVFlow
and other baseline methods including V2X-ViT[7]], Where2comm[2] and SyncNet[4]. Table shows
the results on IRV2V and DAIR-V2X]8]] dataset. We see that CoOBEVFlow still performs well
even when both pose errors and time asynchrony appear. CoBEVFlow consistently outperforms
other methods across all noise settings on IRV2V dataset. In the case of noise levels of 0.4/0.4, our
approach achieves 0.133 and 0.043 improvement over SyncNet.

Table 1: Detection performance on IRV2V and DAIR-V2X][8]] dataset with pose noises following
Gaussian distribution in the testing phase.

Dataset \ IRV2V \ DAIR-V2X
Noise Level o¢/0,.(m/o) ‘ 0.0/0.0 0.1/0.1 0.2/0.2 0.3/0.3 0.4/0.4 ‘ 0.0/0.0 0.1/0.1 0.2/0.2 0.3/0.3 0.4/0.4
Model / Metric ‘ AP@0.50 1
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 0411 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 1
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

B Visualization

Fig. E] shows compares detection results of Where2comm|2], V2X-ViT[7]], SyncNet[4], and
CoBEVFlow at three asynchrony levels on the DAIR-V2X]8] dataset. The expectations of time
intervals are 100, 300, and 500ms. The red boxes represent the detection results and the green boxes
represent the ground-truth.
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Figure 1: Visualization of detection results for Where2comm, V2X-ViT, SyncNet, and our
CoBEVFlow with the expectation of time intervals are 100, 300, and 500ms on DAIR-V2X dataset.

Red and boxes denote detection results and ground-truth respectively.
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Figure 2: Data distribution of IRV2V dataset. (a) shows the speed distribution of moving vehicles;
(b) shows the vehicle numbers distribution.

C IRegular V2V (IRV2V)

To facilitate the research on asynchrony for collaborative perception, we use CARLA [1]] (under
MIT license) to simulate IRregular V2V (IRV2V) dataset, which is the first collaborative perception
dataset with multiple asynchronies.

Asynchronous data collection. The number of collaborative vehicles in a scene ranges from 2
to 5. Each collaborative vehicle is equipt with 4 cameras for 360° view, a 32-channel LiDAR,
and GPS/IMU sensors. The ideal sample interval of the sensor is 100ms. Due to different asyn-
chronous factors, collaborative messages have asynchronous timestamps. There is a time offset
ds ~ U(—50,50)ms at the sampling starting point of non-ego vehicles. And all non-ego vehicles’
collaborative messages are sampled with time turbulence §4 ~ U(—10,10)ms. Sensing information
at each timestamp of each agent contains 4 camera images with resolution 600 x 800, and 32-channel
LiDAR points.

Data size. Assuming the model requires the use of information from the past 10 frames, our dataset
consists of a total of 8,449 collaborative samples, Evhich include 8,449 point cloud inputs and 33,796
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Table 2: Performance of CoOBEVFlow and other baseline methods under the expectation of time
interval from 0 to 500ms on IRV2V dataset. CoBEVFlow outperforms all the baseline methods and
shows great robustness under any level of asynchrony.

Expectation of interval (ms) \ 0 100 200 300 400 500

Model / Metric \ AP@0.50 1
Single \ 0.647
Late Fusion 0.828 0.638 0.478 0371 0.324 0.308
V2VNet 0.811 0.747 0.710 0.663 0.626 0.591
V2X-ViT 0.781 0.737 0.692 0.641 0.598 0.575
DiscoNet 0.742 0.728 0.704 0.673 0.647 0.625
Where2comm 0.864 0.758 0.609 0.510 0.455 0.431
Where2comm+SyncNet 0.864 0.721 0.672 0.654 0.649 0.625
CoBEVFlow (ours) 0.864 0.841 0.834 0.831 0.812 0.815
Model / Metric \ AP@0.70 1
Single \ 0.535
Late Fusion 0.751 0385 0.285 0.235 0.219 0.223
V2VNet 0.744 0.607 0.540 0.480 0.439 0.408
V2X-ViT 0.630 0.577 0.545 0.511 0.489 0.479
DiscoNet 0.624 0.612 0.586 0.559 0.537 0.519
Where2comm 0.827 0.613 0.458 0.388 0.362 0.359
Where2comm-+SyncNet 0.827 0.602 0.555 0.549 0.545 0.536
CoBEVFlow (ours) 0.864 0.781 0.761 0.757 0.714 0.687

RGB images. We have split the dataset into training, validation, and testing sets, which contain 5,445,
994, and 2,010 samples, respectively.

Data analysis. Figure 2] presents some statistical analysis results regarding the IRV2V dataset. The
IRV2V dataset contains a total of 1,564,033 vehicles, with an average of 48.302 vehicles per scene. It
should be noted that the figure only displays the distribution of vehicles with speeds greater than 1
km/h. Considering real-world scenarios, there are around 1,203,793 moving vehicles in the dataset.
Plot (a) illustrates the distribution of moving vehicles with different speeds across all samples, ranging
from 1 to 105 km/h, with an average speed of 25.586 km/h, which achieves around 15km/h faster
compared to the majority of vehicles in the V2X-Sim[3]]. Plot (b) shows the distribution of the total
number of vehicles per sample in the dataset, with the maximum number of vehicles being 113.

D Detailed information about experimental settings

Implement details. We conduct experiments on LiDAR-based part of IRV2V and DAIR-V2X]§]]
dataset. Our feature encoder is PointPillars[3]] based. And our backbone follows the setting in
CoAlign[6]. The difference is that we change the fusion method from self-attention to max-fusion.
We conduct training for a total of 60 epochs, starting with an initial learning rate of 2e-3. Subsequently,
at the 10th and 20th epochs, the learning rate decreases to 10% of its previous value. For IRV2V
dataset, we set the lidar range as x € [—140.8,4140.8)m, y € [—40, +40]m. The voxel size is
h = w = 0.4m. The feature map’s size is H = 200, W = 704. For DAIR-V2X dataset, we set the
lidar range as € [—100.8,+100.8]m, y € [—40, +40]m. The voxel size is h = w = 0.4m. The
feature map’s size is H = 200, W = 504.

Communication volume. Our communication volume is the same as Where2comm|[2]. For
CoBEVFlow, we control the communication volume by adjusting the maximum number of generated
ROIs. Specifically, the average number of voxels contained in each ROI region is 40, and we limit
the maximum number of generated ROIs to K. Correspondingly, we modify the information
exchange in Where2comm to include the top 40 x K|z || blocks based on their scores on the spatial
confidence map. In practical scenarios, the actual communication volume is influenced by factors
such as the feature dimension and floating-point precision. To simplify the expression, we uniformly
represent the communication volume using the logarithm to the base 2 of the voxel count. The
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Table 3: Performance of CoOBEVFlow and other baseline methods under the expectation of time
interval from 0 to 500ms on DAIR-V2X[8] dataset. CoBEVFlow outperforms all the baseline
methods and shows great robustness under any level of asynchrony.

Expectation of interval (ms) \ 0 100 200 300 400 500

Model / Metric \ AP@0.50 1
Single \ 0.674
Late Fusion 0.709 0.664 0.616 0.600 0.595 0.593
V2VNet 0.626 0.623 0.622 0.617 0.612 0.608
V2X-ViT 0.725 0.714 0.704 0.693 0.681 0.681
DiscoNet 0.645 0.630 0.620 0.606 0.597 0.590
Where2comm 0.807 0.739 0.603 0.698 0.686 0.676
Where2comm+SyncNet 0.807 0.719 0.706 0.695 0.687 0.679
CoBEVFlow (ours) 0.807 0.765 0.749 0.738 0.728 0.726
Model / Metric \ AP@0.70 1
Single \ 0.587
Late Fusion 0.538 0479 0467 0464 0466 0.465
V2VNet 0.556 0.555 0.554 0.552 0.548 0.548
V2X-ViT 0.556 0.553 0.550 0.545 0.541 0.541
DiscoNet 0.553 0.537 0.530 0.523 0.519 0.518
Where2comm 0.662 0.603 0.587 0.577 0.569 0.566
Where2comm-+SyncNet 0.662 0.602 0.588 0.587 0.584 0.580
CoBEVFlow (ours) 0.662 0.621 0.601 0.599 0.592 0.588

communication volume is
10g2 (40 X K”RH) y @))

where K| is the maximum number of generated ROIs, and 40 is the average number of voxels in
each ROL

E Benchmarks

We conduct extensive experiments on current collaborative perception methodologies. Table [2]and
Table [3| present the detection performance under the expectation of time interval from 0 to 500ms on
IRV2V and DAIR-V2X|8] respectively, which correspond to the numerical results shown in Figure
4 in the main text. We see that COBEVFlow consistently achieves significant improvements over
previous methods on both datasets and the leading gap is bigger when the expectation of the time
interval is higher.
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