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Abstract

Collaborative perception leveraging intermediate feature fu-
sion has emerged as a leading paradigm to significantly
enhance the environmental perception capabilities of au-
tonomous driving systems. However, existing methods typ-
ically rely on discriminative supervision guided by down-
stream tasks. This paradigm compels models to learn min-
imal, task-specific representations, which conflicts with the
goal of cooperative perception to capture comprehensive in-
formation, thereby limiting generalization. To address this
issue, we propose DiGS-CP, a novel two-stage generative
supervised collaborative perception framework. Specifically,
we introduce a diffusion-based generative task that condi-
tions on fused object-level features to generate representa-
tions of object-level point clouds. The proposed generative
supervision provides fine-grained, task-agnostic signals that
encourages the fusion module to learn comprehensive rep-
resentations beyond task-specific requirements. By preserv-
ing and integrating complementary information from collab-
orative agents, our approach overcomes the limitations of
task-specific learning and enhances the generalizability of the
learned features. Furthermore, our two-stage architecture re-
quires agents to transmit only object-level features, signifi-
cantly reducing communication overhead. Extensive experi-
ments on three benchmark datasets demonstrate that DiGS-
CP achieves state-of-the-art performance in 3D object detec-
tion, while maintaining low bandwidth requirements and ex-
hibiting excellent generalization ability.

Code — https://github.com/gkx7w/DiGS-CP

Introduction

Single-agent autonomous perception is limited by occlusion
and narrow field-of-view, which significantly compromise
driving safety (Fang et al. 2024; Hu et al. 2025). Collabo-
rative perception addresses these challenges by enabling in-
formation sharing among multiple agents (Su et al. 2024;
Zhang et al. 2025). Depending on when information is in-
tegrated, strategies are categorized into early, intermediate,
and late fusion. Early fusion (Chen et al. 2019b; Hu et al.
2022a) achieves high accuracy but has high communication
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overhead, making it impractical for real-world use. Late fu-
sion (Rawashdeh and Wang 2018) reduces overhead by shar-
ing only decision-level results, but suffers from lower per-
formance due to limited context. Intermediate fusion, bal-
ancing bandwidth efficiency and detection performance, has
become the dominant approach in recent studies (Hu et al.
2022b; Li et al. 2021; Xu et al. 2022a).

Current mainstream intermediate fusion methods employ
an end-to-end training paradigm, where the fusion module
is supervised by losses from the downstream detection task.
This approach aligns with the concept of discriminative su-
pervision. As defined by Ng and Jordan (Ng and Jordan
2001), discriminative models learn a direct mapping from
inputs to task-specific outputs. Existing cooperative fusion
methods exemplify this paradigm by training networks to
minimize detection errors. Previous studies (Borse et al.
2023; Su et al. 2024) further demonstrate that discrimina-
tive approaches operate on a principle of feature selectiv-
ity, retaining only task-specific features while filtering out
those lacking discriminative value for the target subset of
data. Consequently, this task-specific optimization often re-
sults in poor feature generalization across different scenarios
or datasets.

These characteristics present particular issues in multi-
agent collaborative perception. Effective collaboration ne-
cessitates integrating complementary information from di-
verse viewpoints, requiring fused features to preserve rich
semantic and spatial information beyond individual agent
capabilities. Conversely, discriminative supervision pro-
motes learning minimal feature sets optimized for specific
tasks, inevitably sacrificing complementary information cru-
cial for collaboration. Recognizing this conflict, prior works
have introduced auxiliary tasks such as semantic segmen-
tation or scene reconstruction (Xu et al. 2022a; Wang
et al. 2023a) to enrich feature representations, but these ap-
proaches remain within the discriminative paradigm with in-
herently task-specific supervision signals.

To address the inherent limitations of discriminative fu-
sion, we propose DiGS-CP, a Diffusion-based Generative
Supervision for Collaborative Perception framework. Un-
like discriminative methods that learn direct mappings from
inputs to task-specific outputs, our approach uses diffusion-
based generative modeling as supervision to guide feature
fusion. This approach requires the fusion module to preserve



sufficient information for data generation, thereby encourag-
ing comprehensive and generalizable feature representations
essential for effective collaboration.

Our framework introduces two key innovations. First,
we design a two-stage object-level feature transmission
mechanism. The first stage produces initial object propos-
als and obtains corresponding object-level feature repre-
sentations from the generated features. This design allows
agents to exchange compact object-level features instead of
large scene-level maps, significantly reducing communica-
tion overhead. The second stage clusters and fuses the trans-
mitted object-level features using IoU-based matching with
Distance-Weighted Fusion (DWF), which assigns higher fu-
sion weights to closer objects due to their greater reliability.

Second, leveraging the object-level fused features from
the first innovation, we introduce a generative supervision
mechanism to guide the fusion process. The object-level
design enables the diffusion model to focus on learning
fine-grained structural representations for individual objects
rather than global scene patterns. Fused object-level features
are used as conditioning inputs to a diffusion model, which
generates corresponding point cloud statistical feature maps
for each object. The diffusion loss is backpropagated to the
upstream fusion module, linking fusion quality to generation
performance and providing task-agnostic supervision that
promotes learning of generalizable feature representations.
The diffusion model is used exclusively during training and
discarded at inference.

We conduct experiments on three public benchmarks to
validate our approach. Results show that our method outper-
forms existing state-of-the-art approaches in both 3D object
detection accuracy and communication efficiency.

The main contributions of this work are as follows:

* We propose a novel generative supervision for collab-
orative perception framework. Our approach employs
a conditional diffusion model to provide fine-grained,
task-agnostic supervision, promoting rich feature repre-
sentations and overcoming the generalization limitations
of discriminative supervision methods.

¢ We design an efficient two-stage object-level feature
transmission and fusion architecture. Our approach
extracts and transmits compact object-level features in-
stead of large scene-level maps, reducing communica-
tion overhead, and introduces Distance-Weighted Fusion
(DWF) for reliable feature integration by prioritizing
closer detections.

* We achieve state-of-the-art performance across mul-
tiple benchmarks. Comprehensive experiments demon-
strate that our method outperforms existing discrimina-
tive fusion approaches on three mainstream collaborative
perception datasets while maintaining superior commu-
nication efficiency.

Related work

Collaborative Perception

Collaborative perception (Liu et al. 2020; Yu et al. 2025;
Wang et al. 2023b; Lu et al. 2023; Xu et al. 2025a; Xiang,

4267

Xu, and Ma 2023; Luo et al. 2022; Shao et al. 2025; Luo
et al. 2023) addresses the inherent limitations of single-agent
perception through inter-agent information sharing. Inter-
mediate fusion has emerged as the dominant paradigm due
to its ability to balance detection accuracy and communica-
tion efficiency, garnering significant research interest. The
supervision strategies for these intermediate fusion methods
can be broadly categorized into two main approaches. The
most common is single-task supervision, where the entire
networks is trained end-to-end using only the final 3D de-
tection loss (Chen et al. 2019a; Wang et al. 2020; Huang
et al. 2025). To enrich learned representations, some another
works explore multi-task supervision, which introduces aux-
iliary tasks such as semantic segmentation or motion pre-
diction to be jointly optimized with the primary detection
objective (Song et al. 2024; Wang et al. 2024). Whether em-
ploying single-task or multi-task learning, the training pro-
cess is guided by loss functions that focus on fitting deci-
sion boundaries for specific predictive objectives rather than
modeling the broader data distribution. This task-specific fo-
cus inherently leads to minimal feature representations that
limit generalization capabilities across diverse scenarios.

Diffusion Models

Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain,
and Abbeel 2020) are generative models based on chained
stochastic processes. The forward of this chain adds Gaus-
sian noise to data, called diffusion process. Reverse of this
chain leverages U-Net architectures (Ronneberger, Fischer,
and Brox 2015) to learn progressive denoising by optimizing
a reweighted variational lower-bound (Dhariwal and Nichol
2021). Conditional variants (Zhang, Rao, and Agrawala
2023; Ye et al. 2023; Ho and Salimans 2022) inject guidance
signals, such as class labels, text, or feature embeddings, to
guide the generative process, thereby expanding their appli-
cation scope. Due to their superior generation quality and
training stability, diffusion models have achieved remark-
able success across diverse computer vision tasks, includ-
ing image synthesis (Song, Meng, and Ermon 2020), super-
resolution (Shang et al. 2024; Rombach et al. 2022), and
image editing (Xu et al. 2025b). These applications demon-
strate that diffusion models not only generate high-quality
visual content but also effectively learn latent data represen-
tations. However, their potential for guiding feature learning
in collaborative perception remains unexplored.

Method
Overall Architecture

As illustrated in Figure 1, our framework addresses col-
laborative perception through a novel two-stage generative
supervision approach. The first stage maintains standard
single-agent detection to extract bird’s-eye-view (BEV) fea-
tures and generate initial proposals.

The second stage introduces key innovations by perform-
ing object-level feature fusion under generative supervision.
To handle overlapping detections from multiple agents, we
use loU-based matching followed by Distance-Weighted Fu-
sion (DWF). In LiDAR systems, point cloud density de-
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Figure 1: Overview of our two-stage generative supervision framework. Stage 1: Individual agents employ standard detectors to
generate initial object proposals from their respective sensor data. Stage 2: Object proposals are consolidated through IoU-based
matching followed by DWF, and corresponding object-level features are fused and input to a conditional denoising U-Net that
provides generative supervision for the fusion module during training and is removed at inference.

creases with distance, leading to sparse and noisy measure-
ments for distant objects that reduce detection reliability.
Our DWF strategy addresses this by fusing both bound-
ing boxes and object-level features from the first stage us-
ing distance-based exponential weights that prioritize closer
detections. This improves fusion accuracy and localization
compared to confidence-only methods. The fused object-
level features from the fusion module are then processed
using a generative supervision mechanism, where a condi-
tional diffusion model generates point cloud statistical fea-
tures. Unlike discriminative supervision, which targets task-
specific decision boundaries, our generative approach en-
courages the fusion module to capture broader geometric
relationships, resulting in more comprehensive feature rep-
resentations and improved generalization capabilities.

During inference, the first stage remains unchanged while
the diffusion model branch is entirely removed from the
second stage. The pre-trained and information-rich features
from the fusion module are then directly fed into the detec-
tion head for result refinement.

Two-Stage Cooperative Perception Pipeline

Stage 1: Single-Agent Object Detection We consider a
collaborative perception scenario with N agents equipped
with LiDARs. For each agent i € {1,..., N}, the LIDAR

4268

sensor captures raw point cloud data P;, which is processed
through a standard 3D detection backbone to extract BEV
features F; = Backbone(P;). The feature map is subse-
quently fed into a lightweight detection head to generate pre-
liminary object predictions. Each prediction result d; con-
sists of eight elements:

d; = (24, Y, 2is iy wi, by, 03, 84), (D

where (x;,y;, 2;) represents the bounding box center coor-
dinates, (I;, w;, h;) denote the length, width, and height re-
spectively, 6; is the rotation angle, and s; is the confidence
score. We apply confidence thresholding with 7 to filter pre-
dictions, retaining only detections satisfying s; > 7, fol-
lowed by Non-Maximum Suppression (NMS) to eliminate
redundant detections. After these operations, each agent ¢
produces a detection set R; = {d;,da,...,d,,} containing
m objects. These detection results R; and the object-level
BEV features f extracted using the detection boxes serve as
inputs to the second-stage collaborative fusion process.

Stage 2: Object-level Feature Fusion Since different
agents may detect overlapping objects, we use an loU-based
matcher to cluster all first-stage detections from multiple
agents and obtain unified scene-level boxes. Detection re-
sults are first projected into a common coordinate system.
The IoU-based matcher applies a greedy clustering strategy:



detection boxes with IoU exceeding a threshold are consid-
ered the same object and merged into cluster. This results in
M clusters, each containing detections of the same physical
object observed from different agent viewpoints.

Within each cluster C;, we apply Distance-Weighted Fu-
sion (DWF) to account for varying detection reliability. The
fusion weights are computed as:
wy = iuik

iy Wi
where d, is the distance from the originating agent’s sensor
to the center of detection k, sy is the confidence score, and
o > 0 is a decay factor that penalizes distant detections.

The fused bounding boxes (including position, size, and
rotation angles) are obtained through weighted averaging
of all detections in the cluster based on the normalized fu-
sion weights wj,. These fused detection results d; consti-

tute the unified scene detection list R = {d;, ..., d}. For
each detection, the corresponding object-level BEV features
transmitted from the first stage are fused using the same
DWF weights through weighted aggregation. The Object-
level Feature Fusion module follows the approach from
BEVFusion (Liu et al. 2023) to produce the final fused rep-
resentations. The fusion process can be expressed as:

?:g(fhf??"wfn;(b)a (3)

where f1,f5, ..., f, are the object-level BEV features after
DWF-based weighted aggregation, g(-; ¢) denotes the fu-
sion module parameterized by ¢, and f is the fused feature
representation from multiple agents.

@)

wy, = S - exp(—a - di),

Generative Supervision via Conditional Diffusion

Object-level Point Statistics Extraction To enable effec-
tive supervision of the fusion process, we utilize point cloud
statistical features that accurately capture the 3D geometric
structure of objects. Using the unified scene detection list
‘R obtained from the IoU-based matcher and DWF, we trace
each unified object d; back to its corresponding original de-
tection box cluster C;. For each cluster, we aggregate the
point clouds enclosed by all boxes in cluster across their re-
spective scenes to construct the complete object-level point
set: P; = Udkecj P(dy).

We perform voxelization on P; and compute four types
of statistical features for each non-empty voxel v containing
points {p1, p2, ..., P, with their centroid p,: (1) element-

. . . 1 —
wise mean absolute deviation -+ >~ | |p; — Py, (2) elemen-

twise second central moment + 37" | (p; — py)?, (3) point
count 7, and (4) maximum pairwise distance max; ; ||p; —
Pjl|2. The first two features are 3-dimensional (xyz), while
the latter are scalars, resulting in an 8-channel feature rep-
resentation per voxel. These features form a compact yet
information-rich statistical feature map that serves as the
ground truth xq for the diffusion model.

Conditional Denoising Diffusion Model Our generative
supervision is implemented via a conditional denoising dif-
fusion model. The framework comprises a predetermined
forward noising process and a learnable noise prediction
process.
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In the forward process, Gaussian noise is progressively
added to each sample xq from the statistical feature map
distribution ¢(x() via a predefined Markov chain with T'
timesteps. At any timestep ¢ € {1, ..., T}, the noisy sample
X is generated according to:

q(Xt|Xt71) = N(Xt; vV 1- 5tXt71,ﬁtI)7 4)

where {3;}1_, represents the noise variance parameters
controlling the noise magnitude at each step. For computa-
tional efficiency, we employ the reparameterization trick to
directly sample x; at any timestep ¢ from xq:

X = VayXo + V1 — que, @)

where a; = 1 — f;, a; = [['_, a;, and € ~ N(0,T) repre-
sents standard Gaussian noise.

In the noise prediction process, our goal is to predict the
noise € added during the forward process, which generates
noisy data x; from the original data xo. This is done using
a noise prediction network €g (%, ¢, f), where the condition-
ing signal f is generated by the object-level feature fusion
module as defined in Eq. (3), abbreviated here as f = g(¢).

This network adopts a U-Net-based architecture that in-
jects the condition f through cross-attention layers across
multiple resolution levels, including downsampling, bot-
tleneck, and upsampling modules. In each cross-attention
layer, the query matrix Q is derived from the intermediate
feature representations of the noisy input x;, while the key
matrix K and value matrix V are obtained by linearly pro-
jecting the conditional feature vector f using a conditional
adapter. The cross-attention mechanism is computed as:

QK )V, ©)

key
where dj.y is the dimension of the key vectors. This enables
the U-Net to dynamically attend to relevant parts of the con-
ditioning features f during the denoising process.

We optimize the noise prediction network €y and the fu-
sion module parameters ¢ jointly by minimizing the mean
squared error between the predicted and ground-truth noise.
The loss function is defined as:

Loie(0, F = 9(9)) = Bt xoe [leo(xi,t,E) —€l3], (D
The gradient of this loss with respect to the fusion module
parameters ¢, V4Lpigr, is computed via the chain rule. By
defining the noise residual as r = ¢y — ¢, the gradient can be
expressed more compactly as:

T

Attention(Q, K, V) = softmax <

869()5%, t,f) ? O ®
)

The gradient formulation in Eq. (8) reveals a direct feed-
back loop: it first measures how changes in the fused fea-
tures f affect the noise prediction (via the Jeg/Of term), and
then propagates this signal back to the fusion module pa-
rameters ¢. By optimizing the loss in Eq. (7), the diffusion
model is equivalent to pushing the reverse conditional dis-
tribution py(x:—1|X¢, f) to approach g(x:_1|x¢, Xo). Conse-
quently, the diffusion loss Lpig provides a powerful gener-
ative supervision signal, driving the fusion module to learn
high-quality, information-rich representations.

Vo Loit(0,F) = By xo,e |27



Method Publication opv2v DAIR-V2X
AP@0.5 AP@0.7 AP@0.5 AP@0.7
No Fusion - 79.78% 67.16% 66.51% 55.46%
Early Fusion - 95.05% 88.98% 74.52% 59.22%
Late Fusion - 94.70% 87.18% 67.86% 50.47%
When2com CVPR 2020 91.75% 81.77% 64.08% 49.14%
V2VNet ECCV 2020 96.66% 87.16% 66.63% 45.61%
DiscoNet NeurIPS 2021 90.93% 78.90% 73.58% 58.45%
Where2comm NeurIPS 2022 86.85% 78.58% 76.13% 60.16%
AttFuse ICRA 2022 94.31% 82.03% 73.80% 56.86%
FPVRCNN RAL 2022 85.80% 84.00% 65.50% 50.50%
V2X-ViT ECCV 2022 95.87% 89.88% 76.68% 57.57%
CoBEVT CoRL 2022 91.40% 86.20% 63.90% 51.70%
CoAlign ICRA 2023 96.63% 91.63% 75.26% 60.19%
ERMVP CVPR 2024 95.99% 89.14% 74.73% 60.75%
MRCNet CVPR 2024 96.55% 90.66% 73.10% 57.48%
CoSDH CVPR 2025 96.83% 92.99% 76.75% 63.85%
DiGS-CP - 96.75% 93.53% 79.18% 64.86%

Table 1: Main results on the OPV2V and DAIR-V2X datasets. We report Average Precision (AP) at IoU thresholds of 0.5 and
0.7. The best results are in bold and the second best are underlined.

Experiments
Experimental setup

Dataset. We conduct experiments on three large-scale
datasets. OPV2V(Xu et al. 2022c) is a joint dataset from
OpenCDA(Xu et al. 2021) and CARLA (Dosovitskiy et al.
2017), providing 12K frames of 3D LiDAR point clouds
and RGB images, with 230K annotated 3D bounding boxes.
V2XSet(Xu et al. 2022b) is a simulated dataset that includes
LiDAR data from vehicles and infrastructure across 73 sce-
narios with 2 to 5 connected agents, totaling 11K frames.
DAIR-V2X(Yu et al. 2022) is a comprehensive real-world
dataset with 9K cooperative frames, each featuring one ve-
hicle and one roadside unit.

Implementation details. We employ PointPillars (Lang
et al. 2019) as the backbone network for the first stage. The
U-Net architecture comprises three downsampling layers,
one bottleneck layer, and three upsampling layers. Cross-
attention modules are integrated into the last two downsam-
pling layers, the bottleneck layer, and the first two upsam-
pling layers. For the diffusion model, we set the total diffu-
sion steps to 7" = 1000 and adopt a linear noise schedule.
We optimize the model using AdamW (Loshchilov and Hut-
ter 2017) with an initial learning rate of 1 x 10~* and cosine
annealing scheduling with warm-up. The implementation is
based on PyTorch and trained on NVIDIA RTX 4090 GPUs.

Quantitative Results

Main results. We conduct comprehensive performance
comparisons of our proposed DiGS-CP against baseline
and state-of-the-art methods on two mainstream collab-
orative perception datasets, OPV2V and DAIR-V2X. As
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shown in Table 1, our method demonstrates superior per-
formance across most key metrics. On the challenging
real-world DAIR-V2X dataset, DiGS-CP achieves 64.86%
AP@0.7, significantly outperforming discriminative fusion
methods including CoAlign (60.19%) and CoSDH (63.85%)
by 4.67% and 1.01%, respectively. This validates the robust-
ness of our generative supervision framework when han-
dling complex real-world scenarios. On the OPV2V dataset,
while our method achieves marginally lower performance
than CoSDH on AP@Q.5, it reaches 93.53% on the more
stringent AP@0.7 metric, surpassing CoSDH by 0.54% and
demonstrating superior localization accuracy. These results
confirm that DiGS-CP achieves optimal detection perfor-
mance through generative supervision and object-level fu-
sion, with consistent advantages at higher AP thresholds
(AP@0.7) validating the effectiveness of learning high-
quality feature representations.

Performance-bandwidth trade-off analysis. Figure 2 il-
lustrates the relationship between AP@0.7 performance and
communication bandwidth requirements for various meth-
ods on the OPV2V and DAIR-V2X datasets. Late Fusion ex-
hibits minimal communication overhead but limited perfor-
mance; Early Fusion achieves better performance at the ex-
pense of extremely high communication costs; intermediate
fusion methods such as V2VNet and CoAlign demonstrate
performance improvements while still requiring transmis-
sion of high-dimensional BEV features, resulting in substan-
tial communication burden. Our proposed DiGS-CP method
is positioned in the optimal upper-left region across both
datasets, simultaneously achieving the highest perception
accuracy and low communication overhead. This demon-



Ours Y CoAlign 65 Ours Y
V2X-ViT
90 Early Fusi P Early Fusi CoAlign
arly rusion arly rusion
g 851 Late Fusion V2VNet ; 60} | Disz)th
Il g Where2comm A
250 P R T V2X-ViT]
@ Where2comm . @55 No Fusion
& DiscoNet a
<75 <
50|  Late Fusion
70 V2VNet
(NoFusion | ..
10 15 20 25 10 15
Communication Volume (log2) Communication Volume (log2)
(a) OPV2V (b) DAIR-V2X

Figure 2: Performance-bandwidth trade-off comparison be-
tween our method and existing approaches.

V2XSet OPV2V — V2XSet
Method
AP@0.5 AP@0.7 AP@0.5 AP@0.7

Where2comm 0.8918 0.7966 0.8256 6.62% 0.6754 12.12%
DiscoNet 0.8577 0.7263 0.8164 4.13% 0.5694 |15.69%
V2X-ViT 0.8903 0.7902 0.8213 16.90% 0.6329 |15.73%
V2VNet 0.8691 0.7675 0.8397 12.94% 0.5892 |17.83%
Ours 0.9040 0.8301 0.8953 j0.87% 0.8199 |1.02%

Table 2: Cross-dataset generalization results on V2XSet.
Performance drops (%) are shown for cross-domain results.

strates that our two-stage object-level feature transmission
strategy enables lightweight feature exchange to outperform
high-bandwidth methods.

Cross-domain generalization. To evaluate the contribu-
tion of generative supervision to feature generalization, we
conduct cross-domain experiments by training on OPV2V
and evaluating on V2XSet. Table 2 shows that baseline
methods exhibit substantial performance degradation dur-
ing cross-domain transfer. On AP@0.7, Where2comm, Dis-
coNet, V2X-ViT, and V2VNet experience drops of 12.12%,
15.69%, 15.73%, and 17.83%, respectively, indicating over-
fitting to source domain distributions. In contrast, our DiGS-
CP demonstrates superior generalization with only 0.87%
and 1.02% drops on AP@0.5 and AP@0.7, significantly out-
performing all baselines. This advantage stems from gen-
erative supervision encouraging the model to learn essen-
tial geometric relationships rather than task-specific deci-
sion boundaries, achieving enhanced generalization under
domain shift.

Qualitative Results

Qualitative analysis of generative supervision. Figure 3
presents a comparison between ground-truth statistical fea-
ture maps and the corresponding generated results from our
diffusion model. The visualization clearly demonstrates that
our model generates high-fidelity feature maps conditioned
on the fused features. As illustrated in the enlarged insets,
the generated results accurately capture complex geometric
structures of objects, including the L-shaped vehicle pro-
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Figure 3: Qualitative results of our generative supervision.

Configuration AP@0.3 AP@0.5 AP@(.7
Supervision Paradigm

SOTA (Discriminative) - 96.83% 92.99%

Ours (Discriminative Only) 96.22% 95.35% 89.07%

Ours (Generative Supervision) 97.16% 96.75% 93.53%
Conditional Guidance

w/ Mean-based Condition 96.00% 95.63% 92.39%

w/ Concatenation-based 96.12% 95.74%  92.63%

w/ Cross-Attention (Ours) 97.16% 96.75% 93.53%
Fusion Weighting Strategy

w/ Confidence-Only Weighting 96.95% 96.50% 93.12%

w/ DWF (Ours) 97.16% 96.75% 93.53%

Table 3: Ablation studies on our proposed components on
the OPV2V dataset.

file (left) and dense point distributions at vehicle front and
rear regions (right). The close correspondence between gen-
erated and ground-truth feature maps provides compelling
evidence for the effectiveness of our supervision mecha-
nism. This validates that generative supervision offers a re-
fined and structure-aware learning objective that encourages
the model to develop comprehensive understanding of ob-
ject geometry, thereby guiding the fusion module to pre-
serve essential spatial structural information and achieve
information-dense feature representations.

Qualitative analysis of detection results. We visualize
detection results on a challenging scene featuring distant ve-
hicles and partial occlusions, comparing our method against
several state-of-the-art approaches. As illustrated in Fig-
ure 4, baseline methods exhibit significant limitations when
handling such complex scenarios. V2XNet (b), DiscoNet
(c), and CoAlign (d) fail to detect multiple distant vehi-
cles, resulting in notable missed detections. V2X-ViT (a)
produces redundant detection boxes. Conversely, our DiGS-
CP method (e) successfully detects all vehicles in the scene,
including distant and closely clustered objects that pose de-
tection challenges. These qualitative results provide visual
confirmation that generative supervision enables the fusion
module to learn robust and precise feature representations.

Ablation Studies

Efficacy of generative supervision. We first conduct ab-
lation experiments to validate our generative supervision
effectiveness. As presented in the first group of Table 3,
we compare our complete method against two discrimina-
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Figure 4: Qualitative comparison of our method with state-of-the-art approaches on a challenging scenario from the OPV2V
dataset. Green boxes represent the ground-truth, while red boxes indicate the detection results.
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tive supervision’s advantages in both high-precision detec- 01 02 03 04 500 1000 1500 2000
tion and feature learning over discriminative methods. (a) Confidence Threshold (¢) (b) Denoising Steps (T)
Analysis of conditional guidance strategies. The second Figure 5: Ablation studies on key hyperparameters on the
group in Table 3 compares our cross-attention mechanism OPV2V dataset. (a) Impact of the confidence threshold (7)
with two simpler baselines: concatenation-based condition- for initial proposals. (b) Impact of the total number of diffu-
ing, which concatenates the conditional vector with U-Net sion timesteps (7).

intermediate features, and mean-based conditioning, which

computes the element-wise mean of the conditional fea-

tures and input features. Results demonstrate that while sim- provides the optimal trade-off between retaining valid de-
pler strategies yield some performance gains, cross-attention tections and filtering out noise.

achieves superior performance. This advantage stems from
cross-attention’s ability to dynamically query and leverage
the most relevant information from the guidance condition,
enabling more precise conditional generation and more ef-
fective supervision.

Impact of total diffusion steps 7. Figure 5 (b) illus-
trates the impact of diffusion steps 7" on performance. As
T increases from 500 to 1000, all AP metrics improve
substantially, indicating that more steps enable finer noise
scheduling and better capture of the data distribution. How-

Efficacy of Distance-Weighted Fusion. We validate the ever, performance plateaus or declines when 7T exceeds
effectiveness of our proposed Distance-Weighted Fusion 1000, suggesting an optimal range exists. Considering the
strategy. As shown in the third group of Table 3, com- performance-efficiency trade-off, we adopt 1" = 1000.
pared to a weighting scheme that uses only confidence

scores, our DWF strategy, which incorporates a distance- Conclusion

based penalty, achieves superior performance across all met-
rics. This demonstrates that DWF effectively down-weights
the influence of distant, less reliable bounding boxes during
the fusion process, leading to more accurate final proposals.

In this paper, we propose DiGS-CP, a two-stage collab-
orative perception framework. This framework introduces
a generative supervision mechanism that uses fused fea-
tures as conditions to guide a diffusion model in generat-

Impact of confidence threshold 7. Figure 5 (a) illustrates ing object-level point cloud statistical feature maps. This
the performance curves across three AP metrics as the con- provides fine-grained, task-agnostic supervision for the fu-
fidence threshold varies from 0.1 to 0.4. The figure clearly sion process, enabling the fusion module to generate com-
demonstrates that all metrics exhibit an initial increase fol- prehensive features for collaboration and improving their
lowed by a decrease, peaking at 7 = 0.2. This phenomenon generalization ability. Experimental results demonstrate that
reveals a balance: low thresholds (e.g., 0.1) retain excessive DiGS-CP achieves state-of-the-art performance across three
low-quality detections with noise and false positives, while benchmark datasets while maintaining low communication
high thresholds (e.g., 0.3 or above) over-filter detections, re- overhead. This work opens a new research direction for col-
sulting in the loss of valid detection boxes, particularly for laborative perception, demonstrating the significant poten-
distant or partially occluded objects. Therefore, 7 = 0.2 tial of generative supervision in multi-agent collaboration.
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