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ABSTRACT

Collaborative perception aims to mitigate the limitations of single-agent percep-
tion, such as occlusions, by facilitating data exchange among multiple agents.
However, most current works consider a homogeneous scenario where all agents
use identity sensors and perception models. In reality, heterogeneous agent types
may continually emerge and inevitably face a domain gap when collaborating
with existing agents. In this paper, we introduce a new open heterogeneous
problem: how to accommodate continually emerging new heterogeneous agent
types into collaborative perception, while ensuring high perception performance
and low integration cost? To address this problem, we propose HEterogeneous
ALliance (HEAL), a novel extensible collaborative perception framework. HEAL
first establishes a unified feature space with initial agents via a novel multi-scale
foreground-aware Pyramid Fusion network. When heterogeneous new agents
emerge with previously unseen modalities or models, we align them to the es-
tablished unified space with an innovative backward alignment. This step only
involves individual training on the new agent type, thus presenting extremely low
training costs and high extensibility. To enrich agents’ data heterogeneity, we
bring OPV2V-H, a new large-scale dataset with more diverse sensor types. Ex-
tensive experiments on OPV2V-H and DAIR-V2X datasets show that HEAL sur-
passes SOTA methods in performance while reducing the training parameters by
91.5% when integrating 3 new agent types. We further implement a comprehen-
sive codebase at: https://github.com/yifanlu0227/HEAL.

1 INTRODUCTION

Multi-agent collaborative perception promotes better and more holistic perception by enabling mul-
tiple agents to share complementary perceptual information with each other (Wang et al., 2020; Xu
et al., 2022c; Li et al., 2021). This task can fundamentally overcome several long-standing issues
in single-agent perception, such as occlusion (Wang et al., 2020). The related methods and systems
have tremendous potential in many applications, including multi-UAVs (unmanned aerial vehicles)
for search and rescue (Hu et al., 2022), multi-robot automation and mapping (Carpin, 2008), and
vehicle-to-vehicle (V2V) and vehicle-to-everything (V2X) collaboration.

In this emerging field, most current works (Lu et al., 2023; Lei et al., 2022) make a plausible, yet
oversimplified assumption: all the agents have to be homogeneous; that is, all agents’ perception
systems use the same sensor modality and share the same detection model. However, in the real
world, the modalities and models of agents are likely to be heterogeneous, and new agent types may
continuously emerge. Due to the rapid iteration of sensor technologies and perception algorithms,
coupled with the various attitudes of agent owners (like autonomous driving companies) towards col-
laborative perception, it is inherently challenging to definitively determine all agent types from the
outset. When a heterogeneous agent, which has never appeared in the training set, wishes to join the
collaboration, it inevitably encounters a domain gap with the existing agents. This gap substantially
impedes its capability to fuse features with the existing collaborative agents and markedly limits the
extensibility of the collaborative perception. Thus, the problem of open heterogeneous collabora-
tive perception arises: how to accommodate continually emerging new agent types into the existing
collaborative perception while ensuring high perception performance and low integration cost?
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Figure 1: (a) homogeneous setting, where agents have identical modality and model. (b) hetero-
geneous setting, where agents’ modalities and models are distinct but pre-determined. (c) Open
heterogeneous setting, where new types of agents want to join collaboration with previously unseen
modalities or models. (d) HEAL holds the SOTA performance while minimizing the training cost
(model parameters here) when integrating a new agent type. The bullseye represents the best.

The designation open heterogeneous underscores the unpredictable essence of the incoming agent’s
modality and model; see Figure. 1 for an illustration. To address this issue, one viable solution is
late fusion. By fusing each agent’s detection outputs, late fusion bypasses the heterogeneity among
new agents and existing agents. However, its performance is suboptimal and has been shown par-
ticularly vulnerable to localization noise (Lu et al., 2023) and communication latency (Wang et al.,
2020). Another potential approach is fully collective training like HM-ViT (Xiang et al., 2023),
which aggregates all agent types in training to fill domain gaps. However, this approach requires
retraining the entire model every time a new agent type is introduced. This becomes increasingly
training-expensive as new agents continuously emerge.

To address this open heterogeneous collaborative perception problem, we propose HEterogeneous
ALliance (HEAL), a novel extensible framework that integrates new agent types into collaboration
with ultra-low costs. The core idea is to sustain a unified feature space for multi-agent collaboration
and ensure new agent types align their features to it. HEAL has two training phases: collaboration
base training and new agent type training. In the first phase, HEAL sets initial agents as the collabo-
ration base and undertakes collective end-to-end training to create a robust unified feature space for
all agents. It uses the innovative Pyramid Fusion, a multi-scale and foreground-aware network, to
fuse features and promote the learning of the unified space. In the next phase, when agents with a
new heterogeneous type aim to join the collaboration, HEAL designs a novel backward alignment
mechanism for their individual training. The inherited Pyramid Fusion module acts as new agents’
detection back-end, with only new agents’ front-end encoders updated. This prompts new agents
to align their features with the unified feature space. Such individual training eliminates the high
costs associated with collective retraining when adding new agent types, presenting extremely low
model size, FLOPs, training time, and memory consumption. Further, it preserves the new agents’
model and data privacy. As the backward alignment can be conducted locally, it protects new agents’
model details and allows agent owners to use their sensor data for training, significantly addressing
automotive companies’ data- and model-privacy concerns. Once the training is complete, all agents
of the new type can join the alliance with feature-level collaboration. By repeating the second phase,
the alliance can continuously incorporate new types of agents as they emerge.

To evaluate HEAL and further promote open heterogeneous collaborative perception, we propose
a large-scale heterogeneous collaborative perception dataset, OPV2V-H, which supplements more
sensor types based on the existing OPV2V (Xu et al., 2022c). Extensive experiments on OPV2V-H
and real-world dataset DAIR-V2X (Yu et al., 2022) show HEAL’s remarkable performance. In the
experiment of successively adding 3 types of heterogeneous agents, HEAL outperforms the other
methods in collaborative detection performance while reducing 91.5% of the training parameters
compared with SOTA. We summarize our contributions as follows:

• In considering the scenario of continually emerging new heterogeneous agents, we present
HEAL, the first extensible heterogeneous collaborative perception framework. HEAL en-
sures extensibility by establishing a unified feature space and aligning new agents to it.

• We propose a powerful Pyramid Fusion for the collaboration base training, which utilized
multiscale and foreground-aware designs to sustain a potent unified feature space.
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• To integrate new types of agents, we introduce a novel backward alignment mechanism to
align heterogeneous agents to the uni�ed space. This training is conducted locally on single
agents, reducing training costs while also preserving model details.

• We propose a new dataset OPV2V-H to facilitate the research of heterogeneous collabora-
tive perception. Extensive experiments on OPV2V-H and real-world DAIR-V2X datasets
demonstrate HEAL's SOTA performance and ultra-low training expenses.

2 RELATED WORKS

2.1 COLLABORATIVE PERCEPTION

The exchange of perception data among agents enables collaborative agents to achieve a more com-
prehensive perceptual outcome (Wang et al., 2020; Yu et al., 2022; Li et al., 2021; Hu et al., 2023;
Wei et al., 2023; Liu et al., 2020a; Li et al., 2023). Early techniques transmitted either raw sensory
data (known as early fusion) or perception outputs (known as late fusion). However, recent studies
have been studying the transmission of intermediate features to balance performance and band-
width. To boost the research of multi-agent collaborative perception, V2X-Sim (Li et al., 2022c)
and OPV2V Xu et al. (2022c) generated high-quality simulation datasets, and DAIR-V2X (Yu
et al., 2022) collects real-world data. To achieve an effective trade-off between perception per-
formance and communication costs, Who2com (Liu et al., 2020b), When2com Liu et al. (2020a)
and Where2comm (Hu et al., 2022) select the most critical message to communicate. To resist pose
errors, Vadivelu et al. (2021) and Lu et al. (2023) use learnable or mathematical methods to correct
the pose errors. Collaborative perception can also directly help the driving planning and control
task Chen & Kr̈ahenb̈uhl (2022); Cui et al. (2022); Zhu et al. (2023) with more accurate perceptual
results. Most papers assume that agents are given the same sensor modality and model, which is
deemed impractical in the real world. A contemporaneous work solving agent's modality hetero-
geneity is HM-ViT (Xiang et al., 2023), but it neglects the framework's extensibility and requires
retraining the whole model when adding new agent types. In this paper, we address the issues of
heterogeneity and extensibility together.

2.2 MULTI -MODALITY FUSION

In the �eld of 3D object detection, the fusion of LiDAR and camera data has demonstrated promis-
ing results (Chen et al., 2022a; Li et al., 2022d; Yang et al., 2022; Bai et al., 2022; Borse et al.,
2023; Li et al., 2022b; Xu et al., 2022d): LiDAR-to-camera (Ma et al., 2019) methods project Li-
DAR points to camera planes. By using this technique, a sparse depth map can be generated and
combined with image data. Camera-to-LiDAR (Vora et al., 2020; Li et al., 2022d) methods deco-
rated LiDAR points with the color and texture information retrieved from images. Bird's eye view
(BEV) (Liu et al., 2022a; Li et al., 2022a; Borse et al., 2023; Chen et al., 2022b) provides a spa-
tial uni�ed representation for different modalities to perform feature fusion. As stated in (Xiang
et al., 2023), in single-agent multi-modality settings, sensor types/numbers and their relative poses
are �xed, with most LiDAR-camera fusion algorithms (Chen et al., 2022a; Li et al., 2022d; Yang
et al., 2022) developed based on this fact. In contrast, heterogeneous multi-agent collaboration has
random sensor positions and types, differing fundamentally from single-vehicle multi-modality fu-
sion. However, the aforementioned BEV representation is a highly ef�cacious approach to facilitate
spatial alignment among agents of diverse modalities and models.

3 OPEN HETEROGENEOUSCOLLABORATIVE PERCEPTION

Multi-agent collaborative perception allows a group of agents to collectively perceive the whole
environment, exchanging complementary perceptual information with each other. Within this do-
main, open heterogeneous collaborative perceptionconsiders the scenario where new agent types
with unseen sensor modalities or perception models can be continually added to the existing collab-
orative system. Without loss of generality, considerN homogeneous agents in the scene initially.
These agents, uniformly equipped with identical sensors and perception models, have the capability
to observe, communicate, and compute, thereby fostering a homogeneous collaborative network.
Subsequently, some new types of agents with previously unseen sensor modalities or models, are
introduced into the scene sequentially to join the collaboration. Such dynamism characterizes the
attributes of deploying collaborative perception in the real world: agent types will not be fully de-
termined at the beginning and the number of types is likely to increase over time. It highly differs
from traditional heterogeneous frameworks, where agent types are predetermined and �xed.
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To tackle open heterogeneous collaborative perception, a straightforward approach is to conduct
training for both existing and new agents collectively. However, this approach is computationally
expensive with repetitive integrations over time. Therefore, an effective solution must balance two
primary goals: i) minimizing the training overhead associated with each integration, and ii) maxi-
mizing perception performances across all agent types post-integration. The pursuit of these twin
goals is fundamental to the successful implementation of open heterogeneous collaborative percep-
tion in diverse and dynamically changing real-world scenarios.

4 HETEROGENEOUSALLIANCE (HEAL)

Figure 2: Overview of HEAL. (i) We train the initial homogeneous agents (collaboration base) with
our novel Pyramid Fusion to establish a uni�ed feature space; (ii) We leverage the well-trained
Pyramid Fusion and detection head as the new agents' detection back-end. With the back-end �xed,
it pushes the encoder to align its features within the uni�ed feature. This step is performed on the
new agent type only, presenting extremely low training costs. (iii) New agents join the collaboration.

To address open heterogeneous collaborative perception problem, we proposeHEterogeneous
AL liance (HEAL). It is an extensible framework to seamlessly integrate new agent types into the
existing collaborative network with both minimal training overhead and optimal performance. As
shown in Figure. 2, HEAL includes two phases to realize a growing alliance: i) collaboration base
training, which allows initial agents to collaborate at feature-level and create a uni�ed feature space;
and ii) new agent type training, which aligns new agents' feature with the previously established
uni�ed feature space for collaboration. For every integration of a new agent type, only the second
phase is required. We now elaborate on each training phase in the following subsections.

4.1 COLLABORATION BASE TRAINING

In this phase, we designate the initial homogeneous agents as our collaboration base and train a
feature-level collaborative perception network. LetS[b] be the set ofN agents with the same base
agent typeb. For thei th agent in the setS[b], we denoteO i as it observation,f encoder[ b](�) as its
perception encoder andB i as its �nal detection output. Then, the collaborative perception network
of thei th agent works as follows:

F i = f encoder[ b] (O i ) ; i 2 S[b] . Feature Encoding (1a)

F j ! i = � j ! i (F j ) ; j 2 S[b] . Message Transmission (1b)

H i = f pyramid fusion
�
f F j ! i gj 2S [b]

�
; . Feature Fusion (1c)

B i = f head (H i ); . Decoding Feature (1d)

whereF i is the initial feature map from the encoder with BEV representation,� j ! i (�) is an operator
that transmitsj th agent's feature to thei th agent and performs spatial transformation,F j ! i is the
spatially aligned BEV feature ini th's coordinate (note thatF i ! i = F i ), H i is the fused feature and
B i is the �nal detection output obtained by a detection headf head (�).
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Figure 3: Pyramid Fusion uses multiscale and foreground-aware designs to fuse features and create
a robust uni�ed feature space. Foreground estimators produce foreground possibility maps at each
BEV position. These foreground maps are then normalized to weights for feature summation. Fore-
ground maps are subject to supervision during training. Blue and green represent different agents.

To provide a well-establish feature space for multi-agent collaboration, we propose a novel Pyramid
Fusionf pyramid fusion (�) in Step ( 1c), designed with multiscale and foreground-aware structure. Let
F (0)

j ! i beF j ! i , we elaboratef pyramid fusion (�) in detail:

F ( ` )
j ! i = R` (F

( ` � 1)
j ! i ); j 2 S[b]; and` = 1 ; 2; � � � ; L; (2a)

S( ` )
j ! i = H ` (F

( ` )
j ! i ); j 2 S[b]; and` = 1 ; 2; � � � ; L; (2b)

W ( ` )
j ! i = softmax (S( ` )

j ! i ); j 2 S[b]; and` = 1 ; 2; � � � ; L; (2c)

F ( ` )
i = sum(f F ( ` )

j ! i � W ( ` )
j ! i gj 2S [b] ); (2d)

H i = concat ([F (1)
i ; u2(F (2)

i ); � � � ; uL (F (L )
i )]) ; (2e)

where` indicates the scale,R` (�) is the`th ResNeXt (Xie et al., 2017) layer with a downsampling
rate of 2, F ( ` )

j ! i is encoded features at`th scale;H ` (�) is `th foreground estimator that outputs

the foreground mapS( ` )
j ! i , measuring the possibility of foreground object at each BEV position;

softmax (�) normalizes the foreground possibility to the weights for multi-agent feature fusion
W ( ` )

j ! i ; u` (�) is an upsampling operator for the`th scale.

The proposed Pyramid Fusion facilitates the establishment of a uni�ed feature space for multi-agent
collaboration by harnessing two key designs: a multi-scale structure and foreground awareness.
First, the multi-scale ResNeXt layers create a comprehensive uni�ed feature space by fusing features
at varying BEV scales. This not only promotes feature fusion in the collaboration base, but also
ensures adaptability for future new agents, allowing their alignment to this uni�ed feature space
with coarse and �ne grain. Furthermore, fusing at higher scales mitigates the discretization errors
introduced by spatial transformation, thereby enhancing the robustness of multi-agent feature fusion
and future alignment. Second, the foreground awareness design leverages foreground estimators to
obtain foreground maps, which will guide Pyramid Fusion to select the perceptually critical features
for fusion. It also enables the the model to learn how to differentiate between the foreground and
the background, leading to a more robust uni�ed space.

To train the collaborative perception model for the collaboration base, the overall loss is:

L = L det (B i ; Y i ) +
LX

` =1

S[b]X

j =1

� ` L focal

�
S( ` )

j ! i ; Y ( ` )
j ! i

�
: (3)

The �rst term is detection supervision, whereL det (�) is the detection loss, including focal loss (Lin
et al., 2017) for classi�cation and Smooth-L 1 loss (Girshick, 2015) for regression,Y i is the ground-
truth detections andB i is the detection output by our model. In addition to the supervision on the
collaborative detection, we design the foreground map supervision at multiple BEV scales, where
L focal refers to focal loss (Lin et al., 2017),S( ` )

j ! i is the estimated foreground map from Step ( 2b)
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andY ( ` )
j ! i is the ground-truth BEV mask of foreground object for each agent. The hyperparameter

� ` controls the effect of foreground supervision at various scales.

4.2 NEW AGENT TYPE TRAINING

Now we consider the integration of a new heterogeneous agent type, leveraging a novel backward
alignment. The core idea is to utilize the Pyramid Fusion module and detection head from the
previous phase as new agents' single detection back-end and only update the front-end encoder
module, prompting the encoder to generate features with the pre-established uni�ed feature space.

Speci�cally, we denote the new agent type asn1 and new agent set asS[n 1 ], and the full set of
current agents set becomesS = S[b] [ S [n 1 ]. For agentk in the agent setS[n 1 ], we de�neOk as its
observation andf encoder[ n 1 ](�) as its detector encoder. We keepf �

pyramid fusion (�) andf �
head (�) from

previous stage unchanged, where� denotes �xed, and trainf encoder[ n 1 ](�) on single agents:

F k = f encoder[ n 1 ] (Ok ) ; k 2 S[n 1 ]; (4a)

F0
k = f �

pyramid fusion (F k ) ; k 2 S[n 1 ]; (4b)

B k = f �
head (F0

k ) ; k 2 S[n 1 ]; (4c)

whereF k is the feature encoded from the new sensor and model,F0
k is the feature encoded by

Pyramid Fusion module andB k is the corresponding detections. Note that here we perform individ-
ual training for single agents; thus the input to the Pyramid Fusion is single-agent feature mapF k
in (4b) instead of multi-agent feature mapsf F j ! i gj 2S [b] as in (1c). With the pretrained Pyramid
Fusion module and the detection head established as the back-end and�xed , the training process
naturally evolves into adapting the front-end encoderf encoder[ n 1 ](�) to the back-end's parameters,
thereby enabling new agent types to align with uni�ed space.

Our backward alignment works well for two reasons. First, BEV representation offers a shared co-
ordinate system for varied sensors and models. Second, with the intrinsic design of Pyramid Fusion,
feature domain alignment can be conducted with high ef�ciency: i) The alignment is performed
across multiple scales, capturing and bridging the plausible feature scale differences between dif-
ferent modalities and models. ii) The foreground estimators are also retained, thereby preserving
effective supervision on the alignment with the most important foreground feature.

In addition to enabling new and existing agents to collaborate at the feature level with robust per-
formance, our backward alignment also shows a unique advantage: Training is only conducted on
single agents of the new type. This signi�cantly reduces the training costs of each integration,
avoiding collecting spatio-temporal synchronized sensor data for multi-agent collective training and
expensive retraining. Further, it prevents the new agents' model details from disclosure and allows
the owner of the new agents can use their own sensor data. It would remarkably address many
privacy concerns automotive companies might have when deploying the V2V techniques.

To supervise the training of new agent type with backward alignment, the loss is the same as Eq.
( 3), but we refer the detection bounding boxesB i and ground-truth bounding boxesY i to belong
to the single agents. The supervision on the con�dence score at different scales is also preserved.

4.3 HEAL DURING INFERENCE

Once the new agent of agent typen1 has trained its encoder, all agents of new agent typen1 can
collaborate with base agents in the scene. Mathematically, for Agenti in the setS[b] [ S [n 1 ], its

feature after multi-agent fusion is obtained asH i = f �
pyramid fusion

�
f � j ! i (F j )gj 2S [b] [S [n 1 ]

�
:

This is feasible because two training phases ensure that for alli; j , F j lies in the same feature space.

Following this, we can continually integrate emerging heterogeneous agents into our alliance by
revisiting the steps outlined in Sec. 4.2, creating a highly extensible and expansive heterogeneous
alliance. Assuming there are a total ofT new agent types, once training for each of these new agent
types is completed, the collaboration among all heterogeneous agents can be written as:

H i = f �
pyramid fusion

�
f � j ! i (F j )gj 2S [b] [S [n 1 ] [S [n 2 ] [���[S [n T ]

�
:

Then, we can decode the feature and obtain the �nal detectionsB i = f �
head (H i ).
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5 EXPERIMENTAL RESULTS

5.1 DATASETS

OPV2V-H. We propose a simulation dataset dubbed OPV2V-H. In OPV2V (Xu et al., 2022c)
dataset, the LiDAR with 64-channel shows a signi�cant detection advantage over the camera modal-
ity. Evaluations of heterogeneous collaboration on OPV2V may not truly represent the collaboration
performance between these two modalities since LiDAR agents can provide most detections (Xiang
et al., 2023). For this purpose, we collected more data to bridge the gap between LiDAR and camera
modalities, leading to the new OPV2V-H dataset. OPV2V-H dataset has on average approximately
3 agents with a minimum of 2 and a maximum of 7 in each frame. Except for one 64-channel Li-
DAR and four 4 RGB cameras (resolution 800*600) of each agent from original OPV2V dataset,
OPV2V-H collects extra 16- and 32-channel LiDAR data and 4 depth camera data.

DAIR-V2X. DAIR-V2X (Yu et al., 2022) is a real-world collaborative perception dataset. The
dataset has 9K frames featuring one vehicle and one roadside unit (RSU), both equipped with a
LiDAR and a 1920x1080 camera. RSU' LiDAR is 300-channel while the vehicle's is 40-channel.

5.2 OPEN HETEROGENEOUS SETTINGS

We consider the sequential integration of new heterogeneous agents into the collaborative system to
evaluate the collaborative performance and training costs of HEAL. We prepared four agent types,
including 2 LiDAR models and 2 camera models; see Table. 1:

Table 1: Agent type setting for open heterogeneous collaborative perception experiments.
Agent Type AgentSensorandModelSetup

L (x )
P LiDAR of x-channel,PointPillars (Lang et al., 2019).

C (x )
E Camera, resize img. to heightx px , Lift-Splat (Philion & Fidler, 2020) w.Ef�cientNet (Tan & Le, 2019) as img. encoder.

L (x )
S LiDAR of x-channel,SECOND(Yan et al., 2018).

C (x )
R Camera, resize img. to heightx px , Lift-Splat (Philion & Fidler, 2020) w.ResNet50(He et al., 2016) as img. encoder.

Implementation details. We �rst adopt L (64)
P agents as the collaboration base to establish the

uni�ed feature space. And then select (C (384)
E , L (32)

S , C (336)
R ) to be new agent types. Both PointPil-

lars (Lang et al., 2019), SECOND (Yan et al., 2018) and Lift-Splat-Shoot (Philion & Fidler, 2020)
encode input data with grid size[0:4m; 0:4m], and further downsample the feature map by2� and
shrink the feature dimension to 64 with 3 ConvNeXt (Liu et al., 2022b) blocks for message sharing.
The multi-scale feature dimension of Pyramid Fusion is [64,128,256]. The ResNeXt layers have
[3,5,8] blocks each. Foreground estimators are1 � 1 convolution with channel [64,128,256]. The
hyper-parameter� ` = f 0:4; 0:2; 0:1g` =1 ;2;3. We incorporated depth supervision for all camera de-
tections to help convergence. We train the collaboration base and new agent types both for 25 epochs
end-to-end with Adam, reducing the learning rate from 0.002 by 0.1 at epochs 15. Training costs 5
hours for the collaboration base on 2 RTX 3090 GPUs and 3 hours for each new agent's training,
while Xiang et al. (2023) takes more than 1 day to converge with 4 agent types together. We adopt
Average precision (AP) at different Intersection-over-Union (IoU) to measure the perception perfor-
mance. The training range isx 2 [� 102:4m; +102:4m], y 2 [� 51:2m; +51:2m] but we expand
the range tox 2 [� 204:8m; +204:8m], y 2 [� 102:4m; +102:4m] in evaluation for holistic view.
Late Fusion aggregates all detected boxes from single agents. Considering most scenarios in the test
set involve fewer than 4 agents, we initialized the scenario with oneL (64)

P agent and progressively
introducedC (384)

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

R agents into the scene for evaluation.

5.3 QUANTITATIVE RESULTS

Performance and training cost. Table. 2 compares the detection performance and training cost.
We see that HEAL surpassed all existing collaborative perception methods in perception perfor-
mances while maintaining the lowest training cost. This is attributed to our powerful Pyramid Fusion
structure and cost-ef�cient backward alignment design. Pyramid Fusion selects the most important
feature for fusion in a multiscale manner and sustains a potent uni�ed space. Backward alignment
further reduces the training costs of integrating new agents remarkably. This step does not involve
collective training, thus ensuring consistent and extremely low training costs. It presents signi�cant
advantages in model size, FLOPs, training time, and memory usage. In contrast, other baseline
methods necessitate retraining all models at each integration with a computational complexity of
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Table 2: We evaluate theperformance andtraining cost on OPV2V-H dataset when increasingly

adding 3 new heterogeneous agents to the scene for collaboration (starting with oneL (64)
P agent).

Every method requires retraining the whole model except for 'no fusion', 'late fusion', and HEAL.
Metrics related to the training cost are all measured with batchsize 1 on 1 RTX A40. Optimal values
among intermediate fusion methods are bolded. Percentage comparison is made with HM-ViT.

Metric AP50" AP70" Train Throughput (#/sec.)"

Based onL (64)
P , Add New Agent +C (384)

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

R +C (384)
E +L (32)

S +C (336)
R +C (384)

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

R

No Fusion 0.748 0.748 0.748 0.606 0.606 0.606 / / /
Late Fusion 0.775 0.833 0.834 0.599 0.685 0.685 3.29 5.75 4.75

F-Cooper (Chen et al., 2019) 0.778 0.742 0.761 0.628 0.517 0.494 2.41 2.93 2.54
DiscoNet (Li et al., 2021) 0.798 0.833 0.830 0.653 0.682 0.695 2.37 2.87 2.47
AttFusion (Xu et al., 2022c) 0.796 0.821 0.813 0.635 0.685 0.659 2.36 2.90 2.39
V2XViT (Xu et al., 2022b) 0.822 0.888 0.882 0.655 0.765 0.753 1.45 1.58 1.45
CoBEVT (Xu et al., 2022a) 0.822 0.885 0.885 0.671 0.742 0.742 1.94 2.27 1.99
HM-ViT (Xiang et al., 2023) 0.813 0.871 0.876 0.646 0.743 0.755 1.22 1.33 1.18
HEAL 0.826 0.892 0.894 0.726 0.812 0.813 3.27 5.44 4.59(" 2:88� )

Metric Model #Params (M)# FLOPs(T)# Peak Memory (GB)#

Based onL (64)
P , Add New Agent +C (384)

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

R +C (384)
E +L (32)

S +C (336)
R +C (384)

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

R

No Fusion / / / / / / / / /
Late Fusion 20.25 6.34 7.15 0.149 0.074 0.091 3.70 2.11 2.72

F-Cooper (Chen et al., 2019) 30.70 39.59 49.22 0.190 0.263 0.322 20.27 14.56 18.36
DiscoNet (Li et al., 2021) 30.80 39.67 49.29 0.194 0.270 0.332 19.92 17.10 15.95
AttFusion (Xu et al., 2022c) 30.78 39.60 49.22 0.190 0.263 0.323 20.18 13.88 19.77
V2XViT (Xu et al., 2022b) 36.17 44.99 54.62 0.315 0.352 0.393 25.92 21.25 21.00
CoBEVT (Xu et al., 2022a) 33.24 42.05 51.68 0.243 0.280 0.321 20.94 20.16 23.29
HM-ViT (Xiang et al., 2023) 47.71 65.08 83.34 0.236 0.331 0.442 35.53 26.55 26.88
HEAL 20.25 6.34 7.15(# 91:5%) 0.149 0.074 0.091(# 79:5%) 3.71 2.15 2.76(# 89:8%)

Table 3: Heterogeneous type agents are added in the order presented from left to right in each type
combination.

P
M.#P. represents the accumulation of model parameters for collaboration base

training and each integration. Percentage comparison is made with HM-ViT. HEAL holds the best
performance and the lowest training cost under various agent type combinations.

Dataset OPV2V-H (4 agents) DAIR-V2X (2 agents)

Agent Types L (32)
P +C (384)

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

R L (16)
P +C (384)

E +L (16)
S +C (336)

R L (40)
P +C (288)

E L (40)
P +L (40)

S L (40)
P +C (288)

R

Metric AP70"
P

M.#P.# AP70"
P

M.#P.# AP50"
P

M.#P.# AP50"
P

M.#P.# AP50"
P

M.#P.#

No Fusion 0.504 5.47 0.281 5.47 0.392 5.47 0.392 5.47 0.392 5.47
Late Fusion 0.639 39.2 0.457 39.2 0.344 25.7 0.376 11.8 0.341 12.6

F-Cooper 0.430 127.6 0.299 127.6 0.626 38.8 0.545 24.9 0.611 25.8
DiscoNet 0.612 127.9 0.420 127.9 0.576 38.9 0.634 25.1 0.621 25.9
AttFusion 0.571 127.7 0.394 127.7 0.649 38.8 0.661 24.7 0.623 25.8
V2XViT 0.688 149.2 0.498 149.2 0.654 49.6 0.709 35.7 0.669 36.6
CoBEVT 0.682 137.5 0.491 137.5 0.638 43.8 0.692 29.8 0.660 30.7
HM-ViT 0.696 216.3 0.506 216.3 0.638 67.8 0.538 53.9 0.677 54.8
HEAL 0.738 39.2(# 81:9%) 0.578 39.2(# 81:9%) 0.658 25.7(# 62:1%) 0.770 11.8(# 78:1%) 0.681 12.6(# 77:1%)

O(m) or even O(m2) (Xiang et al., 2023), wherem denotes the number of agent types. This limits
their scalability, especially when there are numerous and growing types. Here when addingC (336)

R
agent, HEAL outperforms previous SOTA HM-ViT by 7.6% in AP70 with only 8.3% parameters.

Agent type combination. We present the �nal collaboration performance and accumulated train-
ing parameters with different agent type combinations on OPV2V-H and DAIR-V2X datasets in
Table. 3. Speci�cally, we con�gure the LiDAR agent with lower channel numbers to show the
performance on degraded LiDAR scenarios. Experiments show that no matter what kind of agent
combination, HEAL always maintains the best performance and the lowest training cost.

Imperfect localization. Existing experiments hold the assumption that each agent has an accurate
pose. However, in real-world scenarios, due to the presence of localization noise, features between
agents might not align precisely. Consequently, we introduce a robustness experiment against pose
errors, adding Gaussian noise to the accurate pose, as depicted in Figure. 4. Experimental results
show that HEAL retains state-of-the-art performance even under various pose error conditions.

Feature compression.We use an autoencoder to reduce feature channels for bandwidth saving.
Using well-trained HEAL and baseline methods, we �netune the new autoencoder. The compression
ratio indicates the reduction in channels. Results in Figure. 4 demonstrate that even with a 32-fold
compression, we still retain exceptionally high performance, surpassing baseline methods.
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Figure 4: Robust Experiment to pose error and compression ratio. Pose noise is set toN (0; � 2
p) on

x, y location andN (0; � 2
r ) on yaw angle.

Table 4: Ablation study of multiscale pyramid,
foreground supervision, and backward alignment.

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

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

R

Multiscale
Pyramid

Foreground
Supervision

Back.
Align. AP50" AP70"

0.729 0.578
X 0.746 0.628

X 0.753 0.633
X X 0.764 0.662

X 0.841 0.732
X X 0.864 0.781

X X 0.879 0.782
X X X 0.894 0.813

Component ablation. We carried out ablation
experiments on HEAL's components and de-
sign, as shown in Table. 4. Results show that all
of them are highly bene�cial to collaboration
performance. Through multiscale pyramid fea-
ture encoding at various scales, HEAL is capa-
ble of learning features at different resolutions
and subsequently aligning new agent types via
backward alignment. Further, the foreground
supervision can help the HEAL distinguish the
foreground from the background and select the
most important features. These components
help to construct a robust uni�ed feature space
and realize the alignment comprehensively.

5.4 QUALITATIVE VISUALIZATIONS

HEAL makes features align within the same domain via backward alignment in Figure. 5 and
achieves the best detection results in Figure. 6. L1,C1,L2 refer toL (64)

P , C (384)
E , L (32)

S respectively.

(a) L2 Feature beforeBack. Align (b) L2 Feature afterBack. Align (c) Uni�ed Feature Space from L1
Figure 5: Visualization of HEAL'sbackward alignmentfrom L2 to L1's uni�ed space.

(a) HEAL (L1) (b) HEAL (L1+C1) (c) HEAL (L1+C1+L2) (d) HMViT (L1+C1+L2)

Figure 6: Visualization of open heterogeneous collaborative perception results on OPV2V-H. In
(a)(b)(c), we show the process of gradually adding new agents to HEAL. The features of the added
agent are displayed in the upper left corner. Note that the point cloud of the camera agent C1 is only
used to indicate the agent's position. We color the predicted and GT boxes.

6 CONCLUSION

This paper proposes HEAL, a novel framework for open heterogeneous collaborative perception.
HEAL boasts exceptional collaborative performance, minimal training costs and model-detail pro-
tection. Experiments on our proposed OPV2V-H and DAIR-V2X datasets validate the ef�ciency of
HEAL, offering a practical solution for extensible collaborative perception deployment in the real-
world scenario. The limitation of HEAL is that it requires BEV features, which requires extra effort
for some models (e.g., keypoint-based LiDAR detection) to be compatible to the framework.
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A A PPENDIX

A.1 REAL-WORLD SOLUTION DETAILS

Figure 7: Real-world solution illustration. Take the DAIR-V2X dataset as an example, which con-
sists of one vehicle and one Road-side Unit(RSU). We �rst trained the Pyramid Fusion using the
vehicle and the RSU's data as the collaboration base. Subsequently, we distributed the vehicle's raw
data and the Pyramid Fusion's weights to various companies, allowing them to train their respective
models locally.

Deploying collaborative sensing in the real world is not a trivial task, largely due to the challenges
in collecting training data. It necessitates the acquisition of multi-vehicle sensor data that has tem-
poral and spatial synchronization, which is often a formidable endeavor. Precisely for these reasons,
existing real-world collaborative perception datasets (Yu et al., 2022; Xu et al., 2023) typically en-
compass no more than 2 agents.

Given 2 agents in the scene, existing intermediate fusion methods is dif�cult to train three or more
heterogeneous agent types together. However, due to our extensible design, HEAL shows the poten-
tial to achieve collaboration between in�nite agent types even with the only 2 agent data. We think
this is a very ef�cient training paradigm in real-world practice for automotive companies to join
V2X collaborative perception, and it has great potential in the future. See Figure. 7 for illustration.

Take the DAIR-V2X dataset as an example, We can collectively train the Pyramid Fusion using
vehicle-side and RSU-side LiDAR data. To expand the alliance, we distributed the Pyramid Fusion
(and detection head)'s weights to companies that want to join the V2X collaboration. They can
integrate their own vehicle's model encoder with the Pyramid Fusion module and train their model
locally use their own data. After the backward alignment, they can collaborate with RSU at feature-
level for robust and holistic perception. It is noteworthy that thedata, model, and associated
training are all conducted locally. This approach signi�cantly safeguards the technical privacy of
autonomous driving companies while simultaneously reducing training costs.
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