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Abstract

Multi-agent collaboration enhances the perception capabilities of individual agents
through information sharing. However, in real-world applications, differences in
sensors and models across heterogeneous agents inevitably lead to domain gaps
during collaboration. Existing approaches based on adaptation and reconstruction
fail to support pragmatic heterogeneous collaboration due to two key limitations:
(1) Intrusive retraining of the encoder or core modules disrupts the established
semantic consistency among agents; and (2) accommodating new agents incurs
high computational costs, limiting scalability. To address these challenges, we
present a novel Generative Communication mechanism (GenComm) that facilitates
seamless perception across heterogeneous multi-agent systems through feature gen-
eration, without altering the original network, and employs lightweight numerical
alignment of spatial information to efficiently integrate new agents at minimal cost.
Specifically, a tailored Deformable Message Extractor is designed to extract spatial
message for each collaborator, which is then transmitted in place of intermediate
features. The Spatial-Aware Feature Generator, utilizing a conditional diffusion
model, generates features aligned with the ego agent’s semantic space while pre-
serving the spatial information of the collaborators. These generated features are
further refined by a Channel Enhancer before fusion. Experiments conducted on
the OPV2V-H, DAIR-V2X and V2X-Real datasets demonstrate that GenComm
outperforms existing state-of-the-art methods, achieving an 81% reduction in both
computational cost and parameter count when incorporating new agents. Our code
is available at https://github.com/jeffreychou777/GenComm.

1 Introduction
In autonomous driving field, multi-agent collaborative perception has emerged as a promising
paradigm for enhancing environmental understanding by enabling information sharing among agents,
thereby effectively extending perception range and mitigating challenges such as occlusions and
long-range sensing limitations [1, 2, 3]. Recently, numerous studies have been conducted to advance
this field [4, 5, 6, 7, 8]. Most of these works are based on the assumption of homogeneous collabora-
tion, which limits their applicability in real-world scenarios, where collaboration typically involves
heterogeneous agents with diverse sensor modalities and model architectures.

Existing approaches for heterogeneous multi-agent perception are predominantly non-generative
and can be broadly categorized into two types: adaptation-based and reconstruction-based meth-
ods, illustrated in Figure 1 (a) and (b). Adaptation-based methods include using a single adapter
for one-stage transformation such as MPDA[9], employing two-stage adaptation with a predefined
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Figure 1: Comparison of heterogeneous collaboration strategies. (a) Adaptation-based strategy:
transform features via one or two-stage adaptation. (b) Reconstruction-based strategy: reconstruct
features on ego agent using indices of a shared codebook. (c) Ours (Generation-based): generate
features locally using collaborators’ spatial messages, requiring only lightweight extractor tuning to
support new agents without modifying the core module. (d) Our method shows superior scalability
over (a) and (b).

protocol semantic space such as PnPDA[10] and STAMP[11], or adopting the BackAlign strategy
such as HEAL[12], which can be viewed as a special form of adaptation that enforces the collabora-
tor’s semantic space to align with the ego agent’s semantic space. Reconstruction-based methods
CodeFilling[13], on the other hand, reconstruct features locally using indexing of a shared codebook
composed of encoded heterogeneous intermediate features. Despite their different mechanisms,
both types of methods suffer from common limitations that fail to support pragmatic heterogeneous
collaborative perception. For instance, PnPDA[10] and STAMP[11] rely on a predefined protocol
semantic space, but the diversity of agents and vendors makes reaching consensus on a protocol
space unrealistic. Similarly, methods like MPDA[9] and HEAL[12] require retraining the fusion
network or encoders, which disrupts the established semantic consistency among agents. When
accommodating new agents, these methods and CodeFilling either require relatively high com-
putational cost or introduce more parameters, thereby suffering from scalability constraints.
These shared limitations present fundamental barriers to the real-world application of collaborative
perception systems in heterogeneous environments, highlighting the core challenge of pragmatic
heterogeneous collaborative perception: How can we accommodate the emerging new agents into the
collaboration with minimal cost, while keeping the established semantic consistency among agents?

To address these challenges, we propose GenComm, a Generative Communication mechanism for
heterogeneous collaborative perception that facilitates seamless perception across heterogeneous
multi-agent systems through feature generation, without altering the original network, and employs
lightweight numerical alignment of spatial message to efficiently integrate new agents at minimal cost,
shown in Figure 1 (c). The key idea behind GenComm is that each ego agent locally generates features
for its collaborators using received spatial messages, ensuring that the generated features are aligned
with the ego agent’s semantic space while preserving the spatial information of its collaborators. To
train the GenComm framework, initially conducted in a homogeneous setting, the model learns three
key components: the Deformable Message Extractor, responsible for capturing spatial messages; the
Spatial-Aware Feature Generator, aimed at generating features based on the received spatial messages
from collaborators; and the Channel Enhancer, designed to refine the generated features along the
channel dimension before fusion. Although the spatial messages shared among agents may exhibit
a smaller domain gap compared to intermediate features, significant numerical discrepancies still
arise due to inconsistent spatial confidence estimations across heterogeneous agents. Therefore, in
the heterogeneous setting, each agent fine-tunes a lightweight message extractor specifically for its
receiver to address the impact of numerical discrepancies across agents. Our method meets all the
requirements of pragmatic heterogeneous collaborative perception simultaneously and reduces
transmission volume, thereby improving communication efficiency.

Accordingly, our contributions can be summarized as follows:

• We propose the first generation-based communication mechanism called GenComm for
heterogeneous collaborative perception, enabling seamless perception among heterogeneous
agents through feature generation without altering the original network, while leveraging
lightweight numerical alignment of spatial message to accommodate new agents at minimal
cost. Additionally, it brings the benefit of improved communication efficiency.
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• We design a Deformable Message Extractor to extract key spatial information, which is used
as conditions for a spatial-aware feature generator that generates features for collaborators
aligned with ego’s semantic space and preserving the spatial information of collaborators,
and a Channel Enhancer is designed to refine the generated feature at channel dimension
before fusion.

• Extensive experiments on the OPV2V-H[12], DAIR-V2X[14] and V2X-Real[15] datasets
demonstrate that GenComm outperforms state-of-the-art baselines in both simulated and
real-world heterogeneous settings. Moreover, the cost of accommodating a new agent is
reduced by over 81% and 62% compared to the leading adaptation- and reconstruction-based
methods, respectively, highlighting its excellent scalability, shown in Figure 1 (d).

2 Related Works

Collaborative perception. Collaborative perception breaks through the limitations of single-vehicle
sensing by extending the ego agent’s perception capability to occluded and long-range regions.
Among these, the most widely studied intermediate fusion approach[16, 17, 18, 19, 20, 21] enables
individual agents to obtain more comprehensive features for downstream tasks by sharing and
fusing intermediate features. Where2comm[4] and CodeFilling[13] have made efforts to balance
communication overhead and performance, while methods such as CoAlign[5] and CoBevFlow[6]
have been proposed to address feature misalignment caused by positional inaccuracies and temporal
asynchrony. V2X-Radar[22] and V2X-R[23] incorporated radar data, exploiting the modality’s
robustness to adverse weather conditions to enhance the resilience of collaborative systems under
challenging environments. While the above methods focus on enhancing collaborative perception
under homogeneous settings, increasing attention has been given to heterogeneous collaboration,
where differences in sensing modalities and model architectures introduce new challenges.

Heterogeneous collaboration. Many existing works have made significant efforts to address the
challenges of heterogeneous collaboration. Both BM2CP [24] and HM-ViT [25] leverage modality-
specific characteristics to enhance heterogeneous feature fusion. MPDA [9] adopts an adversarial
domain adaptation framework to transform features in 1 stage. PnPDA [10] and STAMP [11]
maintains a shared semantic space, enabling semantic feature transformation in 2 stage. HEAL[12]
proposes a BackAlign strategy to align collaborator’s semantic space to the ego agent’s semantic
space. CodeFilling [13] constructs a shared codebook by aggregating multi-domain features from
all collaborators. Both feature transmission and reconstruction are performed through indexing into
this shared codebook, which cleverly mitigates the domain gap among heterogeneous features by
representing them in a unified latent space. Although progress has been made, existing methods still
fall short of simultaneously meet the requirements of pragmatic heterogeneous collaboration due to
either intrusive design and limited scalability.

Feature generation. Diffusion models [26, 27] are applied for Bird’s-Eye-View (BEV) feature genera-
tion, leveraging their powerful denoising capabilities to enhance spatial representations. DiffBEV[28]
further exploits the potential of diffusion models to generate more comprehensive BEV represen-
tations, where condition-guided diffusion sampling produces richer BEV features for downstream
tasks. V2X-R [23] adopts robust 4D radar features as conditional inputs to denoise corrupted LiDAR
features, resulting in cleaner representations. CoDiff [29] projects BEV features into a latent space
and uses the projected representations as conditional guidance for diffusion-based sampling.

3 Pragmatic Heterogeneous Collaborative Perception
In a pragmatic multi-agent collaborative perception system, each agent collaborates with heteroge-
neous agents, while new agents continuously joining the collaboration. Assume there are currently N
agents, each equipped with a frozen pretrained perception network denoted as Ψi

θ′ . The method for
heterogeneous collaboration is represented by a learnable module Φi

θ. When a new agent joins the
system, increasing the number of agents to N + 1, it is essential to ensure that the integration incurs
minimal parameter and computational overhead. This is crucial due to the limited computational
capacity of each agent and the need to maintain scalability as more agents are integrated. The
objective is to optimize the parameters θ of the heterogeneous collaboration module Φi

θ, such that the
overall perception error and computational cost

∑N+1
i Comp(Φi

θ) of all N +1 agents are minimized.
Subject to the constraint that each agent’s perception network Ψi

θ′ remains fixed to preserve the
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established semantic consistency among agents, the optimization problem is formulated as follows:

min
θ

(
N+1∑
i=1

d
(
Oi,Ψ

i
θ′

(
Xi,Φ

i
θ ({Mj→i}j∈Gi)

))
,

N+1∑
i=1

Comp(Φi
θ)

)
s.t. θ′i ∈ Θfrozen, ∀i ∈ {1, . . . , N + 1}

(1)

Here, Oi denotes the ground-truth output for agent i,Mj→i denotes the message extracted from
agent j to agent i, and the evaluation function d(·) measures the discrepancy between the ground-truth
and the output predicted through collaboration, and Gi is the set of collaborators to agent i.

4 Methodology
In this section, we provide a detailed description of how the proposed GenComm is integrated into a
multi-agent perception system. We further elaborate on the underlying principles and the operational
workflow of this mechanism. Designed to enhance system scalability, preserve the the established
semantic consistency among agents, and enable efficient message sharing, our approach provides a
more practical solution for building pragmatic heterogeneous multi-agent collaborative perception
systems.

4.1 Framework overview

In a practical multi-agent collaborative perception scenario, we consider N heterogeneous agents,
among which one is designated as the ego agent. For each agent i, we define Gi as the set of
collaborators to ego agent i. Each agent i ∈ {1, 2, . . . , N} receives an input observation Xi, which
may consist of data from different sensing modalities such as images or LiDAR point clouds. To
extract representations from these observations, each agent is equipped with an independent encoder
f i

enc, which transforms the inputs into BEV features Fi.

Unlike previous methods that transmit full feature maps, our approach only requires the transmission
of spatially-aware compressed representations. Specifically, after extracting features Fi using a
dedicated encoder, each agent utilizes a Deformable Message Extractor f i→j

mes_extract to capture a spatial
message, which is then combined with the agent’s meta information for transmission. Upon receiving
messages from collaborators, the ego agent uses them as conditional inputs to generate features
that align to its own semantic space while preserving spatial information from the collaborators. A
Channel Enhancer refines the generated features along the channel dimension before fusion. A fusion
network is employed to integrate the ego features with the generated collaborator features, aiming to
obtain more comprehensive global representations. The fused feature is finally passed to the decoder
to obtain perception results. The following provides the mathematical representation:

Fi = f i
enc(Xi) (2a)

Mj→i = f j→i
mes_extract(Fi), ∀j ∈ Gi (2b)

{F̂j}j∈Gi = f i
generate

(
Fi, {Mj→i}j∈Gi

)
(2c)

Zi = f i
fusion

(
Fi, f

i
ch_enhance

(
{F̂j}j∈Gi

))
(2d)

Ôi = f i
dec(Zi) (2e)

whereFi ∈ RCi×Hi×Wi denotes the BEV feature of the ego agent i, with Ci, Hi, and Wi representing
the channel, height, and width dimensions, respectively.Mj→i denotes the message extracted from
agent j to agent i. The set {F̂j}j∈Gi

represents the features generated by agent i for its collaborators.
Zi is the fused feature of agent i, and Ôi denotes the final output obtained after decoding.

4.2 Model components

An overview of the system is presented in Figure 2, followed by a detailed description of the three
key components of GenComm. Additional detailed information about the model is provided in the
Appendix A.3.

Deformable message extractor. Extracting generalizable spatial information from features of differ-
ent modalities processed by distinct encoders is a critical component of our approach. The extracted
spatial information serves not only as the transmitted message for inter-agent communication but
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Figure 2: Framework overview of GenComm. The Deformable Message Extractor extracts spatial
messages, which serve as conditions for the Spatial-Aware Feature Generator. A Channel Enhancer
further refines the generated features before fusion.

also as spatial condition for the ego agent’s feature generation. The quality of this spatial information
directly determines the spatial fidelity of the generated features.

Intuitively, spatial information relevant to 3D object detection tasks can be represented by the
confidence at individual pixels of BEV features. However, confidence at a single pixel is insufficient to
capture foreground-background separation and contour information within BEV features. Therefore,
we design a Deformable Message Extractor incorporating deformable convolution[30], which not
only focuses on the pixel itself but also dynamically references surrounding pixels, thereby enhancing
the model’s capability to distinguish between foreground and background.

Formally, for an input feature map Fi ∈ RCi×Hi×Wi , an offset prediction network predicts a set of
sampling offsets ∆pi,k ∈ R2K×Hi×Wi . Given these offsets, spatial information is extracted using a
deformable convolution defined as:

Mi→j = Resizer

 ∑
pk∈R

w(pk) · Fi (p0 + pk +∆pi,k)

 ∈ RC′×Hj×Wj (3)

WhereR denotes the regular convolution sampling grid, k is the kernel size, and w(·) represents the
learnable attention weights. To guarantee compatibility across agents, a learnable resizer is introduced
to adapt the spatial information to the resolution of the receiver. In this context, C ′ denotes the
compressed channel dimension, whileMi→j corresponds to the extracted spatial message that serves
as the basis for downstream communication and generation.

Spatial-aware feature generator. The ego agent i upon receiving spatial messages {Mj→i}j∈Gi

from collaborators, then leverages a conditional diffusion model[31] to generate feature representa-
tions that align with its own semantic space while preserving collaborator’s spatial information.

Gaussian noise is progressively added to the initial feature Finit (where initialization from Fi) over T
time steps. Let Ft denote the feature at the denoising step t, then the diffusion process q can then be
expressed as:

q(Ft | Finit) = N
(
Ft |
√
ᾱtFinit, (1− ᾱt)I

)
(4)

Specifically, given the initial feature Finit, the noisy feature Ft at timestep t can be directly obtained
via the closed-form of the forward diffusion process:

Ft =
√
ᾱt Finit +

√
1− ᾱt z, z ∼ N (0, I) (5)

This perturbed feature Ft serves as the input to the denoising process, where a conditional U-Net ϵθ
generates the feature representation at the previous timestep. At each generation step, the received
message {Mj→i}j∈Gi is incorporated as a conditioning input, guiding the U-Net ϵθ to generate
features:

{F j
t−1}j∈Gi

= ϵθ ([Ft ∥ {Mj→i}j∈Gi
], t) , t ∈ T , T − 1, . . . , 1 (6)

After the final generation step T , the model generates features {F̂j}j∈Gi
that are aligned with the

semantic space of ego agent i, while preserving the spatial information received from collaborators.
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The generation process is directly supervised with the objective LGEN defined as the mean squared
error between the generated features and their corresponding ground truth:

Lgen =
∑
j∈Gi

∥∥∥F̂j −Fj

∥∥∥2
2

(7)

This design allows the ego agent to generates features aligned with the ego agent’s semantic space
while preserving the spatial information of the collaborators.

Channel enhancer. During the feature generation process, spatial information typically dominates,
while semantic representations along the channel dimension are often overlooked. To ensure consis-
tency between the ego features and the generated features in the channel dimension, we propose the
Channel Enhancer. Specifically, we introduce the PConv operation[32] to enhance the representa-
tional capacity of informative elements within the features. A gating mechanism[33] is incorporated
to suppress redundant information along channel dimension, while channel attention is applied to
emphasize critical features.

Firstly, we adopt PConv to reinforce the feature, then splits the reinforced feature into two parts along
the channel dimension: a modifiable part Fconv and a static part Fres. The modifiable part is refined
using a depthwise separable convolution and multiply by Fres. Following channel refinement, we
apply a channel-wise attention mechanism to suppress redundant channels and highlight informative
ones. We compute a soft attention score based on global context, the final refined feature is obtained.
This module improves the channel-wise expressiveness of the generated features, ensuring better
alignment with ego-agent representations:

F ′ = σ (LN (Convpw (Convdw(Fconv))⊙Fres)) (8a)

F̃i = F ′ ⊙ Softmax(FC2(σ(LN(FC1(GAP(F ′)))))) (8b)

Here, ⊙ denotes element-wise multiplication; GAP stands for global average pooling; FC denotes a
fully connected layer; LN represents a linear transformation; and σ is the activation function.

4.3 Training strategy

The training process of GenComm consists of two stages. In the first stage, the model is trained in a
homogeneous multi-agent perception setting, where each agent constructs its own semantic space and
learns three key components: a Deformable Message Extractor, a Spatial-Aware Feature Generator
and a Channel Enhancer. After this first stage, the Deformable Message Extractor effectively captures
spatial information, helping to avoid the domain gap issues commonly associated with intermediate
features. However, it still suffers from numerical discrepancies, such as inconsistent confidence
scores for the same pixels in the BEV map across heterogeneous agents. To mitigate this, in the
second stage, each agent is initialized with a lightweight extractor tailored to the specific agent with
which it will collaborate. Only the extractor is fine-tuned to align the spatial message, ensuring that
the data received by the receiver is more consistent in numerical distribution with its own extracted
spatial information. This alignment enhances the quality of the subsequently generated features.

4.4 Loss function

In Stage 1, we train our model in an end-to-end manner using a combination of losses: a focal loss[34]
for the classification loss Lcls, a smooth L1 loss[35] for the regression loss Lreg, and a mean squared
error (MSE) loss for the generation loss Lgen. The classification and regression losses are standard 3D
object detection losses, used to predict the confidence of each anchor and to regress the offset between
the anchor and the ground truth object. Each loss is weighted by a corresponding parameter α to
balance its contribution, and the total loss is defined as Lstage1 = α1Lcls+α2Lreg+α3Lgen. In Stage 2,
only the classification and regression losses are applied, resulting in Lstage2 = α1Lcls + α2Lreg.

5 Experimental Result
In this section, we evaluate the effectiveness of our approach using both simulated and real-world
datasets, showing that our method delivers superior performance while integrating new agents at an
ultra-low cost. Furthermore, we validate the contribution of each framework component through
ablation studies.
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Table 1: Performance on OPV2V-H and DAIR-V2X under various heterogeneous settings. AP is
used to evaluate detection performance, while communication volume measures communication
efficiency.

Fusion Network Method
OPV2V-H DAIR-V2X Comm.

Volume
(log2)↓L64

P -L32
S L64

P -CE L64
P -L40

S

AP50 ↑ AP70 ↑ AP50 ↑ AP70 ↑ AP30 ↑ AP50 ↑

AttFuse[16]

MPDA[9] 0.7668 0.5698 0.7369 0.5739 0.4246 0.3641 22.0
BackAlign[12] 0.7873 0.5841 0.6852 0.5240 0.4562 0.3727 22.0
CodeFilling[13] 0.7218 0.5364 0.6661 0.5097 0.3848 0.3189 15.0
STAMP[11] 0.7594 0.5689 0.7258 0.5605 0.4468 0.3913 22.0
GenComm 0.8043 0.6332 0.7525 0.6005 0.4593 0.3786 16.0

V2X-ViT[17]

MPDA[9] 0.8495 0.6595 0.6873 0.5023 0.4717 0.3786 22.0
BackAlign[12] 0.8553 0.6933 0.6907 0.5232 0.4902 0.3924 22.0
CodeFilling[13] 0.8597 0.6886 0.5600 0.4156 0.4446 0.3557 15.0
STAMP[11] 0.8442 0.6276 0.7508 0.5442 0.5421 0.4935 22.0
GenComm 0.8673 0.6991 0.7630 0.5759 0.5651 0.4665 16.0

5.1 Experiments setting

Datasets. We conduct experiments on three datasets: OPV2V-H[12], DAIR-V2X[14] and V2X-
Real[15]. OPV2V-H is an extension of the large-scale OPV2V[16] dataset, which was collected using
the OpenCDA[36] framework in the CARLA simulator[37]. OPV2V-H expands it by incorporating
additional sensor configurations, making it well-suited for heterogeneous collaborative perception
research. DAIR-V2X is the first real-world dataset, the RSU in it is equipped with a high-resolution
300-channel LiDAR and a camera, while the vehicle has a 40-channel LiDAR and a camera, enabling
exploration of cross-agent collaboration under heterogeneous sensor setups. V2X-Real is also a
real-world dataset but on a larger scale, consisting of 2 vehicles and 2 RSUs (4 agents in total), which
can be used to evaluate scalability in real-world scenarios.

Heterogeneous agents. Following prior work[11][12], four agents are considered on OPV2V-H: two
equipped with LiDAR and two with cameras. For the LiDAR-based agents, we adopt PointPillars[38]
and SECOND[39] as the respective backbones, denoted as L64

P and L32
S , where the superscript

indicates the channel size of the LiDAR sensor. For the camera-based agents, EfficientNet and
ResNet[40] are used as backbones, denoted as CE and CR, respectively. For the V2X-Real dataset,
we implement four agents with backbones of varying capacities (ranging from shallow to deep) and
employ the PointPillar encoder for all agents, aiming to investigate collaboration across different
levels of feature extraction capability. The detailed network architectures and configurations are
provided in the Appendix A.3. The substantial differences among these agents ensure the diversity
and richness of our experimental setup.

Baselines. We incorporate several adaptation-based methods, including the one-stage method
MPDA[9] and the two-stage method STAMP[11], as well as BackAlign from HEAL[12],which
enforces the alignment of collaborators’ semantic spaces to the ego agent’s semantic space. MPDA
requires retraining both the fusion network and the task head, whereas BackAlign retrains the encoder
to achieve feature alignment. STAMP introduces an additional protocol semantic space to facilitate 2
stage adaptation. In addition, we include the reconstruction-based method CodeFilling[13], which
reconstructs collaborator features using a shared codebook and the received indices.

Implementation details. For all baseline methods, we first train a base model for each agent in
a homogeneous scenario, and then extend it to heterogeneous collaboration using their respective
adaptation strategies. For our proposed GenComm, we train the entire system end-to-end in the
homogeneous setting, and enable heterogeneous collaboration by aligning a lightweight Message
Extractor for each newly introduced collaborator with respect to the ego agent. All methods, including
baselines and GenComm, are trained under the same settings for fair comparison on NVIDIA RTX
3090. Implementation procedures and specific configurations are detailed in the Appendix A.3.

5.2 Quantitative results

Heterogeneous Collaboration. We evaluate our proposed method on three datasets encompassing
both static and dynamic heterogeneous collaboration scenarios, covering two sensing modalities, four
distinct encoder architectures, and two classical fusion method. In static collaboration scenarios,
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Table 2: Performance comparison of different methods on two datasets as more agents are incorporated
into collaboration. #P and #F denote the trained parameters and FLOPs, respectively.

OPV2V-H

Method L128
P +CE L128

P +CE+L32
S L128

P +CE+L32
S +CR #P(M)↓ #F(G)↓AP50 ↑ AP70 ↑ AP50 ↑ AP70 ↑ AP50 ↑ AP70 ↑

MPDA[9] 0.7574 0.5497 0.6513 0.4786 0.6815 0.5123 5.75 51.93
BackAlign[12] 0.6975 0.5288 0.7238 0.5398 0.7252 0.5408 31.18 211.38
CodeFilling[13] 0.6891 0.5234 0.637 0.4658 0.5981 0.4316 0.81 12.91
STAMP[11] 0.7609 0.5878 0.7819 0.5995 0.7829 0.6002 1.64 3.084
GenComm 0.7538 0.5951 0.7873 0.6174 0.7866 0.6184 0.31 0.615

V2X-Real

Method L128
H +L128

L L128
H +L128

L +L128
M L128

H +L128
L +L128

M +L128
T #P(M)↓ #F(G)↓AP30 ↑ AP50 ↑ AP30 ↑ AP50 ↑ AP30 ↑ AP50 ↑

MPDA[9] 0.6344 0.5725 0.6323 0.5751 0.6211 0.5672 5.75 51.93
BackAlign[12] 0.6313 0.5822 0.6386 0.5878 0.6352 0.5896 31.18 211.38
CodeFilling[13] 0.6273 0.5826 0.6284 0.5799 0.6081 0.5571 0.81 12.91
STAMP[11] 0.6314 0.5881 0.6335 0.5893 0.6289 0.5882 1.64 3.084
GenComm 0.6848 0.6175 0.6961 0.6299 0.7144 0.6362 0.31 0.615
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Figure 3: Comparision of performance with baselines on the pose error and time delay setting.

as shown in Table 1, our method outperforms the baseline methods in the majority of cases while
reducing communication overhead by up to 64×. The performance improvement primarily stems
from the tailored Deformable Message Extractor, Spatial-Aware Feature Generator and Channel
Enhancer, which jointly enable precise spatial information extraction, high-quality feature generation,
and rich semantic preservation—effectively narrowing the semantic gap across heterogeneous agents.
In dynamic collaboration scenarios, illustrated in Table 2, we evaluate all methods on the OPV2V-H
and V2X-Real datasets. In this setting, more agents progressively join the collaboration. Notably,
GenComm, BackAlign, and STAMP maintain consistent performance gains as the number of collabo-
rators increases, whereas MPDA and CodeFilling do not. Moreover, GenComm achieves the highest
performance with the minimal computational and parameter cost. Importantly, only STAMP and our
approach are non-intrusive during heterogeneous collaboration.

Scalability analysis. We analyze the scalability of our method in Table 2 and Figure 1 (d). Thanks
to the lightweight numerical alignment mechanism, our approach can continuously accommodate
newly added collaborators with minimal computational overhead. In Table 2, we designate L64

p as
the ego agent and incrementally introduce three heterogeneous agents for collaboration. Our method
not only outperforms the baselines in terms of accuracy, but also reduces parameter and computation
costs by 80% compared to the latest state-of-the-art methods STAMP. This demonstrates that our
method maintains extremely low incremental cost as more agents join the collaboration, highlighting
its strong scalability.

Robustness analysis. In real-world applications, pose errors and time delays are as inevitable as
heterogeneous collaboration. To better assess the practicality of our method, we further evaluate
its robustness under pose errors and time delays. Specifically, we introduce Gaussian noise and
asynchrony input to simulate pose errors and time delays. Experimental results demonstrate that our
method exhibits superior robustness to both pose errors and time delay compared to state-of-the-art
approaches shown in Figure 3.
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Figure 4: Ablation study on the channel size of
the spatial message.

Table 3: Ablation Study on Message Extractor,
Channel Enhance, and Extractor Align

DME CE Align AP50 ↑ AP70 ↑
0.2850 0.1922

✓ 0.7555 0.5961

✓ 0.7805 0.4911
✓ ✓ 0.7877 0.5480
✓ ✓ 0.7514 0.5709
✓ ✓ ✓ 0.8043 0.6332

Ablation study. We conduct ablation studies to analyze the effectiveness of the proposed components,
as shown in Table 3 and Figure 4, which present the results of component-wise ablation and channels
of message ablation, respectively. The results indicate that the Channel Enhancer plays a crucial
role in refining the generated features, while the Deformable Message Extractor effectively captures
accurate spatial information to guide the generation process. Additionally, the lightweight numeric
alignment helps mitigate spatial message discrepancies across agents. As illustrated in Figure 4, we
conduct an ablation study on the channel size of the spatial message to investigate the trade-off among
model performance, communication volume, and inference time. The red line denotes the model
performance, the blue line represents the inference time of the diffusion model, and the red circles
indicate the corresponding communication cost. Overall, our message design achieves a balanced
compromise across these three factors.

5.3 Visualization
The visualization results demonstrate that the semantic space of the generated features is consistent
with that of the ego agent, while fully preserving the spatial information of the collaborators. In terms
of both feature quality and detection performance, our method surpasses CodeFilling.

(a) Collaborator j ’s feature (b) Reconstructed by CodeFilling (c) Detection ouput of CodeFilling

(d) Semantic space of ego agent i (e) Mj→i & Generated feature F̂j (f) Detection ouput of GenComm

Figure 5: Visualization result of our generation method, Compared to CodeFilling, generated
featureF̂i is more consistent with the ego agent i’s semantic space and preserving the spatial informa-
tion from collaborator j. The prediction and GT shown in red and green respectively.

6 Solution for Real-World Application

In real-world deployments, we assume three vendors: A,B,C, and five heterogeneous agent types:
A1, A2, B1, B2, B3, C, where each agent type refers to a specific combination of sensor and model
architecture. Below we describe how GenComm can be practically applied in such scenarios:

Stage 1: Homogeneous Pre-training. Each vendor trains their agents using GenComm in a homo-
geneous collaboration setting. For example, vendor A trains agent A1 in collaboration with other
instances of A1 using their private data belonging to vendor A independently. In this stage, the fu-
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Figure 6: Application rationale of GenComm.

sion network, generation module, and Channel Enhancer are trained effectively under a homogeneous
scenarios.

Stage 2: Heterogeneous Collaboration. If two vendors reach a collaboration consensus, they can
enable heterogeneous collaboration by training specific Deformable Message Extractors (DMEs)
between heterogeneous agents. For instance, if vendors A and B agree to collaborate, they train
DMEs such as: DMEA1→B1 , DMEA1→B2 , ..., DMEB3→A2 .

These lightweight modules enable heterogeneous collaboration by deploying corresponding DMEs to
each agent in a plug-and-play, non-intrusive style. When new agents join, vendors only need to
deploy the corresponding DMEs without further modifications, thereby preserving the established
semantic consistency among agents.

7 Conclusion
We propose GenComm, a generative communication mechanism designed to support pragmatic
heterogeneous collaborative perception. GenComm facilitates seamless perception across hetero-
geneous multi-agent systems through feature generation, without altering the original network, and
employs lightweight numerical alignment of spatial information to efficiently integrate new agents at
minimal cost. Comprehensive experimental results demonstrate that GenComm not only achieves
strong performance, but also exhibits excellent scalability and communication efficiency. These
advantages make GenComm a potential solution for large-scale deployment in real-world multi-agent
systems, contributing to enhanced safety in autonomous driving and a reduced risk of accidents.

Limitations. Although we assume a more realistic non-fully-connected communication graph in our
application rational, the approach still requires consensus among vendors, which may be hindered by
factors such as commercial competition and the potential risks of malicious attacks.
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A Appendix

A.1 Advantages in real-world applications

In Table A.1, we compare several heterogeneous collaboration methods with our proposed generative
approach in terms of their characteristics and capabilities. Specifically, "Multi-Mod." and "Multi-
Enc." indicate whether each method demonstrates the effectiveness of multi-modality and multi-
encoder settings, respectively. "Non-Intru." refers to whether the pre-trained models or core modules
remain non-intrusive. "Scal." denotes scalable, indicating whether the method can seamlessly
accommodate newly introduced agents at minimal cost. "Comm. Eff." reflects whether the approach
is communication-efficient. These merits are crucial for the real-world applications of multi-agent
systems. Among all existing methods, only GenComm simultaneously satisfies all these merits, which
demonstrates that our method is more practical than prior approaches and highlights the superiority
of our proposed framework.

Table A.1: Comparison of methods on key properties.
Method Publication Multi-Mod. Multi-Enc. Non-Intru. Scal. Comm. Eff.

MPDA[9] ICRA 2023 ✓
HM-ViT[25] ICCV 2023 ✓
HEAL[12] ICLR 2024 ✓ ✓
CodeFilling[13] CVPR 2024 ✓ ✓
PnPDA[10] ECCV 2024 ✓ ✓
STAMP[11] ICLR 2025 ✓ ✓ ✓ ✓
GenComm - ✓ ✓ ✓ ✓ ✓

A.2 Algorithmic Description of GenComm

Here, we present the algorithmic pipeline of the proposed method in Algorithm 1, which summarizes
the key steps and provides a clear overview of the overall mechanism.

Algorithm 1: GenComm: Overall Algorithmic Pipeline
Data: N : total number of collaborative agents; Gi: set of collaborators for agent i
Input: Xi: observation of agent i
Output: Ôi: prediction of agent i
for i = 1 to N do
Fi = f i

enc(Xi) ∈ RCi×Hi×Wi // ▷ Feature extraction
Mi→j = f i→j

mes_extrac(Fi) ∈ RCj×Hj×Wj , ∀j ∈ Gi // ▷ Message extraction
end
# The lightweight messagesMi→j are used in place of raw features Fi for communication.
for i = 1 to N do
Finit ← Fi // ▷ Initialization
z ∼ N (0, I)

Ft =
√
ᾱt F0 +

√
1− ᾱt z // ▷ Diffusion forward process

for t← T , T − 1, . . . , 0 do
{F j

t−1}j∈Gi
= ϵθ ([Ft ∥ {Mj→i}j∈Gi

], t) // ▷ Feature generation
end
{F̂j}j∈Gi ← {F

j
end}j∈Gi

{F̃j}j∈Gj
= f i

ch_enhance({F̂j}j∈Gi
) // ▷ Channel enhancement

Zi = f i
fusion(Fi, {F̃j}j∈Gj ) // ▷ Feature fusion

Ôi = f i
dec(Zi)

end

A.3 Implementation details

A.3.1 Component details

Figure A.1 illustrates the detailed workflow of the Channel Enhancer module. Here, PConv denotes
Partial Convolution[32], dwconv denotes Depth-wise Convolution, pwconv stands for Point-wise
Convolution, and LN represents a Linear Layer. The symbol ⊙ indicates element-wise multiplication.
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Figure A.1: Details of the channel enhancer

Table A.2: Configuration of the four heterogeneous agents
Symbol Sensor Encoder Backbone #Params (M)

OPV2V-H & DAIR-V2X

Agent 1 L64
P 64-Channel Lidar PointPillar[38] Deep 6.58

Agent 2 CE RGB Camera EfficientNet[41] Deep 21.25
Agent 3 L32

S 32-Channel Lidar SECOND[39] Shallow 0.89
Agent 4 CR RGB Camera Resnet101[40] Deep 8.15

V2X-Real

Agent 1 L128
H 128-Channel Lidar PointPillar[38] Deep 8.07

Agent 2 L128
L 128-Channel Lidar PointPillar[38] Medium 2.23

Agent 3 L128
M 128-Channel Lidar PointPillar[38] Shallow 1.06

Agent 4 L128
T 128-Channel Lidar PointPillar[38] Identity* 0.76

* Identity indicates that the backbone is implemented as nn.Identity().

Channel Attention refers to applying an attention mechanism along the channel dimension, followed
by weighting the features with the corresponding attention scores to obtain the enhanced feature
representation.

A.3.2 Heterogeneous agents details

For the OPV2V-H and DAIR-V2X datasets, four heterogeneous agents are designed by combining
three types of sensor data, four encoder architectures, and two backbone networks, supporting
heterogeneous collaboration, denoted as L64

P , CE , CR and L32
S , shown in Table A.2. Specifically,

the sensing modalities include a 64-channel LiDAR, a 32-channel LiDAR, and an RGB camera.
Point cloud data are processed using two different encoders: PointPillars[38] and SECOND[39].
Image features are extracted using EfficientNet[41] and ResNet-101[40]. For the V2X-Real dataset,
four agents are designed with varying feature extraction capacities, ranging from deep to shallow
backbones and even without a backbone. All agents adopt the PointPillar encoder and are denoted as
L128
H , L128

L , L128
M , and L128

T .

In these agents, BEV Backbones of different scales are employed to extract spatial features. The
shallow backbone consists of a single block with 128 output channels, designed to retain fine-grained
spatial information at minimal computational cost. The medium backbone includes two blocks with
256 output channels, providing a balance between efficiency and representational capacity. The
deep backbone adopts three blocks with 384 output channels, offering enhanced feature extraction
capability.

A.3.3 Experimental setting details

Collaborative perception settings. In our collaborative perception setting, the maximum commu-
nication range is set to 70 m. During training, the perception range for LiDAR-equipped agents
is set to [−102.4m, 102.4m] along the x-axis and [−51.2m, 51.2m] along the y-axis, covering a
total area of 204.8m × 102.4m. In contrast, agents equipped with camera sensors have a limited
perception range of [−51.2m, 51.2m] along both axes (i.e., 102.4m× 102.4m). During testing and
inference, the perception range is unified for all agents to [−102.4m, 102.4m] along the x-axis and
[−51.2m, 51.2m] along the y-axis.
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Figure A.2: Illustration of the training strategies used in baseline methods when new heterogeneous
agents join the collaboration.

The intermediate feature maps have spatial dimensions of [C,H,W ] = [128, 64, 128], corresponding
to the number of channels, height, and width, respectively. For camera-based agents, due to the
smaller perception area, the feature map size is reduced to [128, 64, 64].

GenComm settings We design the transmitted information to have a shape of [C ′, Hj ,Wj ], where
C ′ = 2 denotes the number of channels. The height Hj and width Wj are determined dynamically
based on the receiving agent’s spatial configuration. The diffusion model is configured with a total
time step T = 3, and the denoising network ϵθ is implemented as a U-Net with 2 layers. Within the
Channel Enhancer module, the channel dimensions of Fres and Fconv are both set to 64.

A.3.4 Training strategies between methods

Baseline training. We illustrate the training strategies of the baseline method in detail in Figure A.2.
The pipeline starts with training individual agents in a homogeneous setting, which serves as the
foundation for subsequent heterogeneous collaboration. The baseline model is then trained on top of
these pretrained models. End-to-end training requires retraining all modules of the heterogeneous
agents. BackAlign[12] achieves heterogeneous collaboration by aligning the collaborators’ semantic
space with that of the ego agent, which necessitates retraining the collaborators’ encoders. MPDA[9]
introduces a dedicated adapter for each collaborator and requires retraining both fusion network and
a decoder. CodeFilling[13] updates the codebook whenever a new collaborator joins, ensuring the
codebook includes representations for the new agent. STAMP[11] equips each agent with an adapter
that maps its own semantic space to a shared protocol space, as well as a converter that maps the
protocol space back to its native space. For all pre-trained model using AttFuse[16] as the fusion
network, we train for 20 epochs with an initial learning rate of 0.002, using the Adam[42] optimizer.
The learning rate is decayed by a factor of 0.1 at the 10th and 15th epochs. For pre-trained model
using V2X-ViT[17] as the fusion network, training is conducted for 30 epochs with the same initial
learning rate, which is decayed by 0.1 at the 15th and 20th epochs. Based on the pretrained base
models, BackAlign, MPDA, and CodeFilling are fine-tuned for 10 additional epochs with an initial
learning rate of 0.001, and the learning rate is decayed by a factor of 0.1 at epoch 5. For STAMP, we
follow its training schedule: the model is fine-tuned for 5 epochs with an initial learning rate of 0.01,
and the learning rate is decayed by 0.1 at epochs 1, 3, and 4.
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Figure A.3: Training strategy of GenComm

Table A.3: Robustness analysis on the real-world DAIR-V2X dataset with pose noise. Gaussian noise
N (0, σ2

l ) is added to the x and y positions, and N (0, σ2
y) to the yaw angle.

Noise level (σ2
l /σ

2
y) 0.0/0.0 0.1/0.1 0.2/0.2 0.3/0.3 0.4/0.4

Methods / Metrics AP30 ↑

AttFuse[16]

MPDA[9] 0.4296 0.4282 0.4214 0.3964 0.3522
BackAlign[12] 0.4560 0.4528 0.4435 0.4187 0.3688
CodeFilling[13] 0.3854 0.3840 0.3750 0.3526 0.3189
STAMP 0.4468 0.4449 0.4379 0.4162 0.377
GenComm 0.4608 0.4586 0.4476 0.4198 0.3726

V2XViT

MPDA[9] 0.4717 0.4708 0.4550 0.4257 0.3825
BackAlign[12] 0.4898 0.4874 0.4710 0.4367 0.3783
CodeFilling[13] 0.4443 0.4390 0.4266 0.3969 0.3521
STAMP 0.5421 0.5396 0.5327 0.5051 0.4586
GenComm 0.5624 0.5616 0.5438 0.5075 0.4398

Methods / Metrics AP50 ↑

AttFuse

MPDA[9] 0.3685 0.3591 0.3170 0.2372 0.1624
BackAlign[12] 0.3725 0.3628 0.3181 0.2374 0.1652
CodeFilling[13] 0.3185 0.3099 0.2697 0.2021 0.1495
STAMP 0.3913 0.3817 0.3383 0.2582 0.1899
GenComm 0.3801 0.3681 0.3195 0.2415 0.1653

V2XViT[17]

MPDA[9] 0.3779 0.3674 0.3178 0.2377 0.1702
BackAlign[12] 0.3940 0.3819 0.3253 0.2359 0.1591
CodeFilling[13] 0.3559 0.3483 0.2920 0.2161 0.1504
STAMP 0.4935 0.4822 0.4266 0.3275 0.2317
GenComm 0.4649 0.4534 0.3875 0.2913 0.1963

GenComm training. As illustrated in Figure A.3, we present the training pipeline of GenComm. In
the first stage, the three key components of our method, namely the Deformable Message Extractor
(DME), the Spatial-Aware Feature Generator (SAFG), and the Channel Enhancer (CE), are trained
in a homogeneous setting. After this stage, only the collaborator-specific Extractor is trained to
numerically align the transmitted messages with those of the receiver. This lightweight alignment
strategy enables efficient adaptation to newly joined agents at minimal cost, thereby supporting
pragmatic heterogeneous collaboration. The training hyperparameters for both stages are consistent
with those used in the baseline setup.
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Table A.4: Comparison of introduced latency across different methods.
MPDA BackAlign CodeFilling STAMP GenComm

Latency introduced (ms)↓ 69.918 0* 13.390 17.934 20.7
* Since BackAlign adopts an encoder alignment strategy without introducing extra modules, its introduced

latency is 0 ms.

Table A.5: Performance of GenComm on OPV2V-H when dynamically adding agents.

Method L64
P L64

P +CE L64
P +CE + L32

S L64
P +CE + L32

S +CR

AP50 ↑ AP70 ↑ AP50 ↑ AP70 ↑ AP50 ↑ AP70 ↑ AP50 ↑ AP70 ↑

GenComm 0.7381 0.5848 0.7538 0.5951 0.7873 0.6174 0.7876 0.6184

A.4 Additional experimental results

A.4.1 Robustness analysis on DAIR-V2X

We further evaluate the robustness of the proposed method on the real-world DAIR-V2X dataset by
simulating pose errors through the addition of Gaussian noise to agent poses. As shown in Table A.3,
our method maintains strong robustness under noisy conditions, demonstrating good generalization
capability to real-world scenarios.

A.4.2 Comparison of introduced latency among methods

In autonomous driving scenarios with tight real-time requirements, inference latency is a critical
factor that directly impacts system safety and responsiveness. We measured the introduced inference
time for all baselines, averaging over 100 iterations after a 10-iteration GPU warm-up to ensure
reliability. GenComm’s latency is compared to CodeFilling and STAMP and is smaller than the sensor
data collection interval (100 ms in OPV2V-H). We consider this latency acceptable and unlikely to
affect real-time performance.

A.4.3 Impact of dynamic agent participation

In real-world deployment, collaborative perception systems are often required to function under
dynamic collaboration settings, where participating agents may frequently join or leave the system. In
Table 2, we report experiments on OPV2V-H and V2X-Real by dynamically introducing additional
heterogeneous agents into the system, starting from a single agent and scaling up to four collaborating
agents. In Table A.5, We take GenComm on OPV2V-H as an example, the AP70 score is 0.585
with only L64

P . When progressively adding CE , L32
S , and CR, the performance increases to 0.595

(+0.010), 0.617 (+0.022), and 0.618 (+0.001), respectively. These results indicate that while adding
more agents consistently improves performance, the marginal gains diminish as the collaboration
scales up.

Conversely, if an agent leaves the collaboration, the performance drop is usually minor, especially
when multiple agents remain. Additionally, the performance change depends on the entered or left
agent’s capability. For example, camera-based CE and CR contribute less than LiDAR-based L32

S .

Table A.6: Performance under different degradation ratios.

Degradation Ratio L128
H + L128

L L128
H + L128

L + L128
M L128

H + L128
L + L128

M + L128
T

AP30↑ AP50↑ AP30↑ AP50↑ AP30↑ AP50↑
0 0.685 0.618 0.696 0.630 0.714 0.636
0.2 0.676 0.620 0.684 0.632 0.698 0.633
0.4 0.664 0.618 0.668 0.624 0.668 0.618
0.6 0.650 0.613 0.646 0.610 0.638 0.603
0.8 0.640 0.607 0.638 0.603 0.636 0.603
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MPDA

STAMP

BackAlign

CodeFilling

GenComm

Figure A.4: Visualization of detection results in four different scenarios. The comparisons illustrate
that our method delivers more accurate detections with a reduced number of false positives compared
to baseline approaches. L-P and C-E, denote the L64

P and CE respectively.

A.4.4 Impact of degraded information exchange

In practical communication scenarios, factors such as signal interference, bandwidth limitations, and
device reliability inevitably lead to partial message degradation during transmission. We further
evaluate the robustness of GenComm under message degradation scenarios by randomly applying
zero masks with different ratios on the V2X-Real dataset. The corresponding results are presented
in Table A.6. However, the degradation keeps in an acceptable range, as the ego agent’s perception
helps maintain a reasonable lower bound, with AP30 dropping by at most 0.078 and AP50 by 0.033.
When the missing ratio is ≤ 0.4, collaboration still improves performance. When the ratio becomes
larger, the messages lose most of their useful information and become closer to noise, potentially
harming performance.

A.5 Visualization

Figure A.4 presents additional visual comparisons of detection results across four different scenarios,
demonstrating that our method achieves more precise detections with fewer false positives.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Yes, the main claims made in the abstract and introduction accurately reflect
the paper’s contributions and scope. See Section 1
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: see Section 7
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: There is no any theretical result in our paper
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the messageion needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: see Section 5.1 and Appendix A.3
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: the code can be found in supplementary material.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: see Section 5.1 and Appendix A.3

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: We did not conduct multiple runs to obtain error bars, as 3D object detection
experiments on large-scale datasets are computationally intensive and time-consuming.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: See Section 5.1

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes, the reserch is conducted in the paper conform.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: See Section 7," ...contributing to enhanced safety in autonomous driving and a
reduced risk of accidents."

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our paper poses no such risks

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: See Section 5.1

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: Our code can be found in supplementary material.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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