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Abstract: The existing open heterogeneous collaborative perception systems typically align diverse features to a fixed 
semantic space. This alignment process inevitably leads to information loss and suppresses modality-specific 
characteristics. To address this limitation， this paper introduces a novel decoupled heterogeneous collaborative 
perception （DeHCP） framework， which decouples the intermediate feature space into a shared branch and a specific 
branch. The shared branch extracts a modality-agnostic common representation， while the specific branch preserves 
modality-specific characteristics conditioned on learnable modality embeddings. A dynamic gate aggregation 
mechanism adaptively integrates these specific features with the common representation， based on the global semantic 
context and ego-agent identity. Furthermore， a decoupled supervision strategy with backward alignment enables the 
integration of unseen heterogeneous agents by updating only local encoders and lightweight adapters， thereby avoiding 
collective retraining. Extensive experiments on collaborative benchmarks demonstrate that DeHCP achieves improved 
three-dimensional object detection accuracy while maintaining the extensibility of open heterogeneous collaborative 
perception through backward alignment. The proposed approach supports the development of highly scalable 
autonomous driving systems. Code is available at https：//github.com/jurui-cloud/DeHCP.
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0 Introduction 

Multi-agent collaborative perception has 
emerged as a promising approach for overcoming 
the inherent limitations of single-agent perception， 
including occlusion and restricted sensing range［1-2］. 
By exchanging intermediate bird’s-eye-view （BEV） 
features via vehicle-to-everything （V2X） communi‑
cation networks， connected autonomous vehicles 
can achieve a more comprehensive understanding of 
complex driving environments［3］. Multi-agent collab‑
oration is not confined to autonomous-driving per‑
ception. It has also been extended to UAV swarm 
decentralized control inspired by starling flocking be‑
havior［4］ and UAV swarm task scheduling under lim ‑
ited communication ranges［5］. However， as illustrat‑

ed in Fig.1， most existing collaborative perception 
frameworks rely on a strict homogeneous assump‑
tion， assuming identical sensor modalities and per‑
ception models across all agents. In Fig.1， idealized 
homogeneous and realistic open heterogeneous sce‑
narios are compared. The existing unified-protocol 
paradigms force heterogeneous features into a fixed 
semantic space， inevitably causing information loss. 
The proposed decoupled heterogeneous collabora‑
tive perception （DeHCP） explicitly decouples the 
feature space into a modality-agnostic shared branch 
and a modality-specific branch. Unseen agents are 
efficiently integrated via backward alignment with‑
out collective retraining. Finally， a dynamic gate 
adaptively fuses these branches into a more effective 
representation.
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In real-world deployments， however， such a 
homogeneous assumption is often unrealistic. Vehi‑
cles from different manufacturers are typically 
equipped with diverse model architectures and sen‑
sor configurations， such as LiDAR sensors with dif‑
ferent numbers of channels and RGB cameras［6］. 
Moreover， practical systems must dynamically ac‑
commodate new and diverse agents that continually 
join the collaborative effort. Thus， effectively inte‑
grating these emerging heterogeneous agents into an 
existing collaborative system without retraining the 
entire network remains a critical open challenge.

To address the challenge of open heteroge‑
neous collaboration， several approaches have been 
proposed［7］. Although collective end-to-end retrain‑
ing can narrow domain gaps between modalities， it 
introduces prohibitive computational overhead when‑
ever a new agent type is added. To avoid collective 
retraining， recent methods， such as STAMP［8］， 
employ lightweight adapter-reverter pairs to trans‑
form features between agent-specific domains and a 
shared protocol domain. Similarly， extensible frame‑
works like HEAL［9］ establish a unified feature space 
for the initial agents and subsequently integrate new 
agents through a backward alignment strategy.

Despite these advances in extensibility， these 
frameworks predominantly align diverse feature rep‑
resentations into a fixed or unified semantic space. 
This alignment process inevitably leads to informa‑
tion loss by discarding modality-specific characteris‑

tics inherent in their original sensors. For instance， 
the aggregated representations may lose the fine-

grained textures captured by cameras or the precise 
geometric structures provided by LiDAR.

To balance unified feature alignment with the 
preservation of modality-specific characteristics， we 
propose DeHCP， as shown in Fig.1. Building upon 
an extensible architecture， DeHCP explicitly decou‑
ples the intermediate feature space into a modality-

agnostic shared branch and a modality-specific com ‑
plementary branch. The shared branch extracts a 
modality-agnostic common representation， while 
the specific branch preserves modality-specific char‑
acteristics conditioned on learnable modality embed‑
dings. Furthermore， we introduce a dynamic gate 
aggregation mechanism that adaptively fuses specif‑
ic features based on the global semantic context and 
the ego agent’s modality identity. To ensure high 
extensibility， DeHCP adopts a decoupled supervi‑
sion strategy during the backward alignment stage， 
allowing each new agent to be trained locally with‑
out requiring full-system retraining.

Our main contributions are summarized as fol‑
lows：

（1） We propose DeHCP， an open heteroge‑
neous collaborative perception framework that miti‑
gates information loss by balancing the unified fea‑
ture alignment with the preservation of modality-

specific characteristics.
（2） We design a decoupled shared-specific ar‑

Fig.1　Comparison of feature alignment mechanisms for open heterogeneous collaborative perception
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chitecture with a dynamic gate aggregation mecha‑
nism to adaptively integrate common representa‑
tions and modality-specific features.

（3） We conduct extensive experiments on the 
OPV2V-H dataset， showing that DeHCP achieves 
competitive performance.

1 Related Work 

1. 1 Collaborative perception　

Collaborative perception enhances scene under‑
standing by enabling multiple agents to share com ‑
plementary perceptual information， alleviating the 
limitations caused by occlusion and restricted sens‑
ing range. The existing methods are typically cate‑
gorized into three classes according to their informa‑
tion sharing strategies： Early fusion， late fusion， 
and intermediate fusion. Early fusion directly shares 
raw sensor data before feature extraction［10］. Prior 
studies have shown that exchanging raw LiDAR 
point clouds across connected agents can effectively 
extend the sensing range and improve detection per‑
formance. However， this strategy demands substan‑
tial communication bandwidth， as raw data are cost‑
ly to transmit［11］. In contrast， late fusion allows each 
agent to perform perception independently and to 
share only the final detection results. While this de‑
sign is highly bandwidth-efficient， the lack of shared 
spatial context causes information loss， often result‑
ing in suboptimal accuracy.

Intermediate fusion has become the most wide‑
ly adopted choice， as it offers a better trade-off be‑
tween communication bandwidth and detection accu‑
racy. Instead of transmitting raw data or final out‑
puts， agents exchange intermediate feature represen‑
tations that retain critical semantic and spatial infor‑
mation. Existing studies have continuously im ‑
proved this paradigm by enhancing cross-agent fea‑
ture interactions［12］， introducing adaptive fusion 
mechanisms［13-14］， and reducing communication over‑
head through selective communication［15-16］ and fea‑
ture compression［17-20］. Despite this progress， most 
existing methods still rely on homogeneous sensor 
and model settings， leaving a substantial domain 
gap when applied to practical systems with heteroge‑
neous agents.

1. 2 Heterogeneous collaborative perception　

Heterogeneous collaborative perception aims to 
bridge this domain gap， which arises from diverse 
sensor modalities and model architectures. To this 
end， recent research primarily focuses on feature 
alignment and domain adaptation. A mainstream so‑
lution is to transform heterogeneous features into a 
unified protocol domain using lightweight adapters［9］ 
or graph-based message passing mechanisms［21］. To 
address modality heterogeneity， techniques such as 
multi-scale feature distillation and cross-modality du‑
al-attention［22］， or length-adaptive fusion modules 
are frequently employed to capture spatial correla‑
tions and maintain semantic consistency.

Beyond static network configurations， practical 
systems must dynamically accommodate unseen het‑
erogeneous agents. To avoid the reliance on pre‑
defined protocol spaces， recent studies explore gen‑
erative communication mechanisms［23］ and dynamic 
common representation negotiation［24］. Particularly 
in open heterogeneous scenarios， extensible frame‑
works like HEAL［9］ and fast adaptation strategies 
using parameter-efficient fine-tuning［25］ have been in‑
troduced. By utilizing a backward alignment strate‑
gy， HEAL enables new agents to map their features 
into a unified feature space via local encoder up‑
dates， significantly reducing the computational cost 
of retraining the entire fusion network. However， 
most open heterogeneous frameworks still rely on a 
unified feature space for compatibility， which may 
suppress sensor-specific details and complementary 
modality cues from the original data.

DeHCP differs from existing open heteroge‑
neous collaborative perception methods， such as 
STAMP and HEAL， primarily in terms of repre‑
sentation design. STAMP［8］ focuses on transform ‑
ing heterogeneous features into a unified feature 
space through lightweight adaptation modules. 
HEAL enables open heterogeneous extensibility 
through backward alignment， allowing newly intro‑
duced agents to be incorporated without collective 
retraining. In contrast， DeHCP adopts a similar ex‑
tensible training paradigm to HEAL but introduces 
an explicit decoupling of the collaborative represen‑
tation into a modality-agnostic shared branch and a 
modality-specific branch. This design allows the 
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model to preserve complementary modality-specific 
cues instead of forcing all heterogeneous information 
into a single unified feature space. Moreover， De‑
HCP introduces modality-aware gate aggregation to 
adaptively control the contribution of modality-spe‑
cific information to the final fused representation. 
Therefore， the novelty of DeHCP lies in representa‑
tion decoupling and adaptive fusion， rather than in 
redesigning the open-agent training protocol.

2 Methodology 

Motivated by this trade-off between feature 
compatibility and modality-specific information pres‑
ervation， we propose DeHCP. Following the exten‑
sible training paradigm of HEAL［9］， DeHCP decou‑
ples the intermediate feature space into a modality-

agnostic shared branch and a modality-specific com ‑
plementary branch［26］. The overall framework is il‑
lustrated in Fig.2.

2. 1 Prerequisites　

Considering a heterogeneous collaborative per‑
ception system consisting of an ego agent i and a set 
of connected neighbors N i. Each agent k ∈ { i }∪ N i 
is characterized by a specific sensor modality （e.g.， 
LiDAR or camera） and a perception model， jointly 
denoted by a modality identity mk ∈ M. Given raw 
sensor data X k， the local encoder Emk

 extracts a 
BEV feature F k = Emk

( X k )∈ RC × H × W.
After sharing these intermediate features via 

V2X communication， the ego agent i warps the re‑
ceived features F j into its ego coordinate system us‑
ing the relative 6-DoF spatial transformation Γj → i， 
shown as

F͂ j → i = Γj → i (F j )  ∀j ∈ N i (1)
The core challenge in open heterogeneous col‑

laboration is effectively fusing the aligned feature set 
F͂ j → i despite severe domain gaps arising from dis‑
tinct modalities and model architectures mi ≠ mj. 
To bridge these gaps， DeHCP processes the 
aligned features through a decoupled shared-specific 
fusion mechanism.

2. 2 Modality⁃aware decoupled feature extrac⁃
tion

To avoid the loss of modality-specific character‑
istics caused by aligning diverse features into a sin‑
gle protocol space， DeHCP further decomposes this 
fusion process into a shared branch and a specific 
branch.

（1） Foreground estimation
Domain gaps in background regions often exac‑

erbate spatial misalignment and localization noise 
during heterogeneous collaboration. To mitigate 
this， a lightweight foreground estimator f fg predicts 
a spatial foreground mask M fg ∈ [ 0，1 ]1 × H × W from 
the aligned features， enabling subsequent networks 
to focus on perceptually critical objects

M fg = f fg ( F͂ j → i ) (2)
（2）Shared protocol branch
To establish a robust， modality-agnostic com ‑

mon representation， a shared projector P sh process‑
es the aligned features F͂ j → i， which are subsequently 
weighted by the foreground mask M fg via element-
wise multiplication. A shared pyramid fusion net‑
work U sh then aggregates these filtered features 
from all agents to generate the unified common fea‑

Fig.2　DeHCP framework overview
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ture H i
sh， shown as

H i
sh = U sh ({ P sh ( F͂ j → i ) ⊗M fg }

j ∈ { i }∪ Ni
) (3)

（3） Specific protocol branch
Parallel to the shared branch， the specific 

branch explicitly preserves modality-specific charac‑
teristics of heterogeneous sensors， particularly fine-

grained camera-derived textures. A learnable modal‑
ity embedding maps the discrete modality identity 
mj to a continuous dense vector e j. This vector is 
spatially expanded and injected into the aligned fea‑
tures via element-wise addition as a modality 
prompt. The prompted features are processed by a 
specific projector P sp， weighted by M fg， and finally 
fused by a specific pyramid fusion network U sp to ex‑
tract the modality-specific complementary feature 
H i

sp， shown as

H i
sp = U sp ({ P sp ( F͂ j → i ⊕e j ) ⊗M fg }

j ∈ { i }∪ Ni
) (4)

Both U sh and U sp follow the multi-scale fore‑
ground-aware pyramid fusion design of HEAL［9］. 
{⋅}j ∈ { i } ∪ Ni

 denotes the set of aligned features collected 
from the ego agent and its collaborating neighbors， 
while the actual multi-agent aggregation is per‑
formed inside U sh and U sp. Specifically， at each pyr‑
amid scale， the aligned features from different 
agents are first processed by the corresponding pyra‑
mid blocks. The foreground estimator comprises 
three scale-specific 1 × 1 convolutional heads， each 
attached to the shared pyramid features at a different 
pyramid level. These heads operate on feature maps 
with input channel dimensions of 64， 128 and 256， 
respectively， and predict a single-channel confi‑
dence map at each level. The resulting confidence 
maps are then normalized across agents via a soft‑
max operation to obtain fusion weights. The agent 
features are subsequently aggregated by weighted 
summation in the ego frame. The shared and specif‑
ic branches follow the same pyramid fusion design， 
while maintaining separate learnable parameters.

Collectively， the foreground estimator， togeth‑
er with the shared and specific pyramid fusion net‑
works， constitutes the foreground-aware shared-spe‑
cific pyramid fusion module， which forms the core 
feature extraction backbone of DeHCP.

2. 3 Gate aggregation　

To integrate the modality-agnostic common 
representation H i

sh and the modality-specific comple‑
mentary feature H i

sp， DeHCP introduces a dynamic 
gate aggregation mechanism. This enables the ego 
agent to adaptively evaluate the importance of spe‑
cific features based on the global semantic context 
and its modality identity， aggregating beneficial 
complementary information while suppressing mo‑
dality-specific noise.

（1） Gate generation
We apply global average pooling to the shared 

feature H i
sh to extract a channel-wise global semantic 

descriptor. To incorporate the ego agent’s modality 
prior， this descriptor is concatenated with the modal‑
ity embedding e i. The concatenated vector is then 
processed by a multi-layer perceptron and a sigmoid 
activation function σ to generate the channel-wise 
gate vector αi ∈ ( 0，1 )C，C is the number of channels 
in H i

sh and H i
sp

α i = σ (MLP ([ GAP ( H i
sh ); e i ] ) ) (5)

（2） Adaptive feature fusion
The gate vector α i modulates the modality-spe‑

cific feature H i
sp via channel-wise multiplication， 

highlighting informative modality-specific character‑
istics， particularly fine-grained camera textures. A 
residual-like fusion strategy then combines the gated 
specific feature with the common representation to 
construct the final fused representation F out

i ， shown 
as

F out
i = H i

sh ⊕ ( α i ⊗ H i
sp ) (6)

This asymmetric design uses H i
sh as a robust do‑

main-invariant baseline， while H i
sp serves as an adap‑

tive supplement. Finally， F out
i  is passed to the detec‑

tion head for 3D bounding box prediction.

2. 4 Decoupled supervision and backward align⁃
ment　

To integrate continually emerging heteroge‑
neous agents without retraining the entire network， 
DeHCP adopts a two-stage training paradigm. This 
strategy ensures high extensibility and stability of 
the unified feature space.

Stage 1 Collaboration base training. In the 
initial phase， a set of homogeneous agents is used to 
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establish the collaboration base. To ensure that the 
shared branch captures a modality-agnostic common 
representation while the specific branch preserves 
complementary details， we propose a decoupled 
multi-task loss function. The total loss for Stage 1 is 
formulated as
L total = L det (F out

i )+ λ aux L det ( H i
sh )+ λ fg L fg + λgate L gate

(7)
where λ aux， λ fg， and λgate are the hyperparameters to 
balance the corresponding loss terms； L det (⋅) repre‑
sents the standard detection loss， combining focal 
loss for classification and smooth L 1 loss for bound‑
ing box regression. An auxiliary detection loss，
L det ( H i

sh )， is directly applied to the output of the 
shared branch. This decoupled supervision enables 
the shared branch to maintain robust detection capa‑
bilities independently， preventing over-reliance on 
the specific branch. L fg denotes the binary cross-en‑
tropy loss for the foreground mask M fg， and L gate =
1
C
 α i 1

 applies an l1 sparsity constraint on the gate 

vector， encouraging only informative modality-spe‑
cific channels to remain active and suppressing re‑
dundant noise.

Stage 2 New agent type training. To sup‑
port open heterogeneous collaboration， DeHCP ac‑
commodates unseen agent types via a backward 
alignment strategy. When a new modality m new joins 
the system， we freeze the parameters of the shared 
branch P sh and U sh， the foreground estimator， the 
gate aggregation MLP， and the detection head. The 
training is conducted locally on each new agent of 
this type， updating only its local encoder Em new， the 
specific projector P sp， and the newly initialized mo‑
dality embedding enew， shown as 

min
Enew,P sp,enew

 L det (F out
i )+ λ aux L det ( H i

sh ) (8)

By fixing the shared branch and the detection 
back-end， the new encoder is optimized to align its 
feature distribution with the pre-established unified 
feature space， thereby supporting the auxiliary de‑
tection task. Simultaneously， the trainable specific 
projector and modality embedding act as lightweight 
adapters to retain modality-specific characteristics. 
This decoupled training mechanism minimizes the 
integration cost by avoiding collective retraining.

3 Experimental Results 

3. 1 Open heterogeneous settings　

（1） OPV2V‑H
To evaluate the proposed method in more real‑

istic heterogeneous scenarios， we utilize OPV2V-

H［9］， an extension of the OPV2V dataset［13］ de‑
signed specifically for heterogeneous collaborative 
perception. It provides diverse multi-agent sensor 
configurations， including 16/32/64-channel Li‑
DARs and cameras in the same driving scenarios.

（2） Sequential integration
Rather than assuming a static network， we sim‑

ulate a dynamic environment where unseen hetero‑
geneous agents continually join an established sys‑
tem. Following the protocol in HEAL， the collabo‑
ration base is initialized with 64-channel LiDAR 
agents using a PointPillars encoder L ( 64 )

P . After estab‑
lishing the unified feature space， three distinct het‑
erogeneous agent types are sequentially integrated 
via backward alignment： a camera agent with Effi‑
cientNet C ( 384 )

E ， a 32-channel LiDAR agent with 
SECOND L ( 32 )

S ， and a camera agent with ResNet50 
C ( 336 )

R . This process demonstrates DeHCP’s capabili‑
ty to integrate new feature distributions while adap‑
tively preserving modality-specific characteristics.

（3） Implementation details
For a fair comparison， we align our experimen‑

tal settings with those of prior work［9］. The input da‑
ta are encoded with a ［0.4 m， 0.4 m］ grid size， and 
intermediate features are compressed to 64 channels 
to reduce bandwidth consumption.

In DeHCP， both the shared and specific 
branches adopt a three-level multi-scale architec‑
ture， with the three levels processed by ResNeXt 
modules containing 4， 5 and 6 blocks， respectively. 
In our method， the modality embedding is represent‑
ed by a 16D learnable vector. The network is opti‑
mized with Adam using an initial learning rate of 
0.002， which is reduced by a factor of 0.1 at epoch 
15. In the Pyramid fusion module， we adopt a three-

level pyramid structure with channel dimensions of 
64， 128 and 256， where the three levels are pro‑
cessed by ResNeXt modules containing 3， 5， and 8 
blocks， respectively.
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The loss weights for foreground supervision， 
auxiliary shared-branch detection， and gate sparsity 
regularization are set to λ fg = 1.0， λ aux = 1.0， and 
λgate = 0.05， respectively. For the foreground super‑
vision loss L fg， the scale-specific weights are set to 
αl = { 0.4，0.2，0.1 } for l ∈ { 1，2，3 }. The model is 
trained for 25 epochs to establish the collaboration 
base， followed by another 25 epochs for each subse‑
quent integration stage.

3. 2 Quantitative results　

To quantitatively evaluate collaborative percep‑
tion performance， we compare the proposed De‑
HCP framework with representative baselines on 
the OPV2V-H dataset. These baselines include No 
fusion， Late fusion， and intermediate fusion meth‑
ods such as F-Cooper［27］， V2X-ViT［3］， CoBEVT［14］， 
HM-ViT［28］， and HEAL［9］. We employ average pre‑

cision （AP） at intersection-over-union （IoU） 
thresholds of 0.5 and 0.7 as our primary evaluation 
metrics， denoted as  AP0.5 and AP0.7， respective‑
ly. Table 1 presents the detection performance as 
three new heterogeneous agent types are sequential‑
ly integrated into the initial LiDAR-based collabora‑
tion base.

As shown in Table 1， DeHCP consistently out‑
performs HEAL across all stages of sequential inte‑
gration. When the final agent type C ( 336 )

R  is added to 
the system， DeHCP achieves an AP0.5 of 0.899 
and an AP0.7 of 0.822， compared with 0.894 and 
0.813 for HEAL， respectively. Although the numer‑
ical gains are modest in some settings， the improve‑
ment trend remains consistent across all sequential 
integration stages and becomes more evident under 
the stricter AP0.7 metric， which is more sensitive 
to localization quality.

DeHCP benefits primarily from the proposed 
foreground-aware shared-specific pyramid fusion 
module. Previous extensible frameworks， such as 
HEAL， typically project heterogeneous features in‑
to a single unified feature space. While this design 
facilitates compatibility， it may suppress valuable 
modality-specific details， such as rich appearance 
cues from cameras and precise geometric informa‑
tion from LiDAR. By explicitly decoupling the fea‑
ture representation， DeHCP enables the shared 
branch to learn modality-agnostic features for robust 
spatial alignment， while the specific branch pre‑
serves complementary modality-specific details. Fur‑

thermore， the gate aggregation mechanism helps 
prevent modality-specific noise from dominating the 
fusion process， allowing the ego agent to adaptively 
select more informative features. This enables the 
system to effectively integrate additional heteroge‑
neous agents while better leveraging their distinct 
perceptual strengths.

3. 3 Robustness analysis　

To further evaluate the robustness of DeHCP 
in practical collaborative perception scenarios， we 
conduct curve-based comparisons under two com ‑
mon deployment factors： Pose noise and feature 
compression. Pose noise reflects the localization un‑

Table 1　Quantitative comparison of 3D object detection performance on OPV2V⁃H dataset

Method

No fusion
Late fusion
F‑Cooper[27]

DiscoNet[11]

AttFusion[13]

V2X‑ViT[3]

CoBEVT[14]

HM‑ViT[28]

HEAL[9]

DeHCP(Ours)

AP0.5
+C ( 384 )

E

0.748
0.775
0.778
0.798
0.796
0.822
0.822
0.813
0.826
0.833

+L ( 32 )
S

0.748
0.833
0.742
0.833
0.821
0.888
0.885
0.871
0.892
0.895

+C ( 336 )
R

0.748
0.834
0.761
0.830
0.813
0.882
0.885
0.876
0.894
0.899

AP0.7
+C ( 384 )

E

0.606
0.599
0.628
0.653
0.635
0.655
0.671
0.646
0.726
0.733

+L ( 32 )
S

0.606
0.685
0.517
0.682
0.685
0.765
0.742
0.743
0.812
0.817

+C ( 336 )
R

0.606
0.685
0.494
0.695
0.659
0.753
0.742
0.755
0.813
0.822
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certainty during multi-agent feature alignment， 
while feature compression simulates the communica‑
tion bandwidth constraint in V2X collaboration. As 
shown in Fig.3， we report AP0.5 and AP0.7 curves 
under different pose noise levels and compression ra‑
tios to compare the performance stability of different 
methods.

As the pose noise increases， all methods show 
performance degradation because inaccurate relative 
poses disturb BEV feature alignment among collab‑

orative agents. Nevertheless， DeHCP maintains 
better robustness and shows a slower performance 
decline compared with representative baselines. Un‑
der feature compression， DeHCP also preserves sta‑
ble detection accuracy， indicating that the proposed 
shared-specific decoupled representation can retain 
effective collaborative information even when com ‑
munication is constrained. These results further 
demonstrate the robustness of DeHCP in open het‑
erogeneous collaborative perception.

3. 4 Ablation study　

To quantitatively evaluate the contribution of 
each core component， we present a component-wise 
ablation study in Table 2， covering the shared 
branch， the specific branch， the foreground estima‑
tor， and the gate aggregation mechanism. All vari‑
ants are evaluated under the final open heteroge‑
neous setting， in which C ( 384 )

E ， L ( 32 )
S ， and C ( 336 )

R  are se‑
quentially integrated into the initial L ( 64 )

P  collabora‑
tion base. As shown in Table 2， the full DeHCP 
achieves the best overall performance， demonstrat‑
ing the effectiveness of the proposed decoupled 
shared-specific representation design.

Removing the shared branch results in the larg‑
est performance drop， with AP0.5 and AP0.7 drop‑
ping to 0.843 and 0.762， respectively. This indi‑
cates that the shared branch plays a crucial role in 
maintaining a stable modality-agnostic collaborative 
representation. Without such a shared representa‑
tion， heterogeneous features induced by different 
sensors and model architectures remain difficult to 
align and aggregate consistently.

Removing the specific branch also leads to per‑
formance degradation， with AP0.5/AP0.7 decreas‑
ing from 0.899/0.822 to 0.886/0.811. This indi‑
cates that preserving modality-specific complementa‑

Fig.3　Robustness comparison under pose noise and feature compression on the OPV2V-H dataset
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ry information is important for open heterogeneous 
collaboration. Compared with relying solely on a 
shared representation， the specific branch helps pre‑
serve modality- and architecture-specific information 
that may be suppressed when heterogeneous fea‑
tures are mapped into a single unified space.

The variant without the dynamic gate achieves 
an AP0.5 of 0.886 and an AP0.7 of 0.810， demon‑
strating the necessity of adaptive gated aggregation. 
Without dynamic modulation， simply merging 
shared and specific features reduces the model’s ca‑
pability to filter out noisy or redundant modality-spe‑
cific responses. This result supports the design of us‑
ing the ego-agent modality and global semantic con‑
text to control the injection of specific features.

Finally， the variant without the foreground 
mask achieves an AP0.5 of 0.884 and an AP0.7 of 

0.809， indicating a clear performance decline. This 
performance drop demonstrates that foreground-

aware weighting helps the model focus on object-
centric foreground regions while mitigating the inter‑
ference caused by background domain gaps during 
heterogeneous feature fusion. Overall， these abla‑
tion results demonstrate that each component， in‑
cluding the shared branch， specific branch， dynamic 
gate， and foreground mask， contributes to the over‑
all performance of DeHCP. Their joint design en‑
ables more effective and robust open heterogeneous 
collaborative perception.

3. 5 Qualitative analysis　

Fig. 4 illustrates the feature alignment process 
of DeHCP， while Fig.5 presents its final 3D detec‑
tion results. 

Fig.4　Visualization of DeHCP backward alignment for the newly introduced L ( 32 )
S  agent

Fig.5　Visualization of collaborative perception results

Table 2　Component ablation study of shared branch, specific branch, gate, and foreground mask on OPV2V⁃H dataset

Variant

w/o shared
w/o specific

w/o gate
w/o FG mask
Full DeHCP

Agent types: L ( 64 )
P  + C ( 384 )

E  + L ( 32 )
S  + C ( 336 )

R

Shared branch
×
√
√
√
√

Specific branch
√
×
√
√
√

Gate
√
√
×
√
√

Foreground mask
√
√
√
×
√

AP0.5
0.843
0.886
0.886
0.884
0.899

AP0.7
0.762
0.811
0.810
0.809
0.822
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Specifically， backward alignment maps the 
newly introduced L ( 32 )

S  agent into the pre-established 
L ( 64 )

P -based shared representation space. Before align‑
ment， as shown in Fig. 4（a）， the feature distribu‑
tion of the L ( 32 )

S  agent exhibits dispersed activations 
and clear structural misalignment with the collabora‑
tion base due to heterogeneous domain gaps. After 
backward alignment， as shown in Fig.4（b）， the ac‑
tivations become more concentrated and spatially 
aligned with the modality-agnostic shared represen‑
tation， enabling the new agent to collaborate effec‑
tively with the existing collaboration base.

Fig.5（a） shows the HEAL method， while 
Fig. 5（b） shows our proposed DeHCP method in 
the same scenarios. From left to right， we progres‑
sively add new agents to demonstrate performance 
gains. DeHCP outperforms HEAL by generating 
predictions closer to the ground truth.

As unseen heterogeneous agents are sequential‑
ly integrated， DeHCP consistently produces bound‑
ing-box predictions that are better aligned with the 
ground truth than those of the HEAL baseline. 
These qualitative results suggest that DeHCP can 
better bridge heterogeneous domain gaps while pre‑
serving modality-specific characteristics， which is 
consistent with the quantitative improvements ob‑
served in Table 1. We note that the current evalua‑
tion is limited to the heterogeneity range covered by 
OPV2V-H. Extending the analysis to more extreme 
modality gaps， such as millimeter-wave radar or 
event cameras， remains an important direction for 
future work.

4 Conclusions 

This paper introduces DeHCP， a novel frame‑
work that mitigates information loss by explicitly de‑
coupling collaborative representations into a modali‑
ty-agnostic common representation and adaptive mo‑
dality-specific characteristics. Furthermore， through 
a two-stage decoupled supervision strategy with 
backward alignment， the framework efficiently inte‑
grates unseen heterogeneous agents without requir‑
ing collective retraining. Consequently， DeHCP 
provides an effective and scalable solution for open 

heterogeneous collaborative perception， improving 
3D detection accuracy and supporting the flexible ex‑
pansion of collaborative autonomous driving sys‑
tems. Future work will explore extending DeHCP 
to more diverse sensor modalities and real-world de‑
ployment scenarios.
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DeHCP: 面向可扩展开放异构协同感知的解耦框架

孙 远 1， 曹俱睿 1， 刘宇颖 1， 张 栋 1， 李佐勇 2， 杜少毅 1

（1.西安交通大学人工智能与机器人研究所人机混合增强智能全国重点实验室，西安  710049, 中国；

2.闽江大学计算机与大数据学院福建省信息处理与智能控制重点实验室，福州  350121, 中国）

摘要：现有开放式异构协同感知方法大多采用统一映射策略，将来自不同传感器和模型架构的特征投影至同一

语义空间。然而，该过程不可避免地引起信息损失，并削弱各模态所具有的特有细节。针对这一问题，本文提出

一种解耦式异构协同感知  （Decoupled heterogeneous collaborative perception， DeHCP） 框架，将中间特征空间划

分为共享分支和特定分支：共享分支用于提取与模态无关的公共表征，特定分支则在可学习模态嵌入的引导下

保留模态特有信息。进一步地，本文设计动态门控聚合机制，依据全局语义上下文和自车模态身份，自适应融合

模态特定特征与公共表征。同时，提出一种结合反向对齐的解耦监督训练策略，使新加入的异构智能体仅需更

新本地编码器和轻量化适配模块即可接入既有协同系统，无需对整个协同网络进行联合重训练。在协同感知基

准数据集上的大量实验表明，DeHCP 在保持开放式异构协同感知良好可扩展性的同时，进一步提升了三维目标

检测精度，为构建具备跨模态兼容能力的高可扩展自动驾驶协同系统提供了有效方案。代码已开源：https：//
github.com/jurui‑cloud/DeHCP。

关键词：协同感知；异构智能体；传感器融合；三维目标检测；自动驾驶车辆

研究亮点：

（1） 提出面向开放异构协同感知的 DeHCP 解耦框架，将协同特征显式划分为模态无关的共享表征和模态特定的

互补表征，在保证跨模态兼容性的同时减少因统一特征空间造成的特有信息损失。

（2） 设计动态门控聚合机制，联合全局语义信息与自车模态先验，自适应调节模态特定特征的通道贡献，从而增

强有效互补信息并抑制冗余或噪声响应。

（3） DeHCP 在连续引入异构智能体的开放场景下能够稳定提升三维目标检测性能，并兼顾异构协同感知的精度

与可扩展性。
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