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Abstract

Collaborative perception enables connected vehicles to
share information, overcoming occlusions and extending
the limited sensing range inherent in single-agent (non-
collaborative) systems. Existing vision-only methods for 3D
semantic occupancy prediction commonly rely on dense 3D
voxels, which incur high communication costs, or 2D pla-
nar features, which require accurate depth estimation or ad-
ditional supervision, limiting their applicability to collabo-
rative scenarios. To address these challenges, we propose
the first approach leveraging sparse 3D semantic Gaussian
splatting for collaborative 3D semantic occupancy predic-
tion. By sharing and fusing intermediate Gaussian primitives,
our method provides three benefits: a neighborhood-based
cross-agent fusion that removes duplicates and suppresses
noisy or inconsistent Gaussians; a joint encoding of geom-
etry and semantics in each primitive, which reduces reliance
on depth supervision and allows simple rigid alignment; and
sparse, object-centric messages that preserve structural infor-
mation while reducing communication volume. Extensive ex-
periments demonstrate that our approach outperforms single-
agent perception and baseline collaborative methods by +8.42
and +3.28 points in mIoU, and +5.11 and +22.41 points in
IoU, respectively. When further reducing the number of trans-
mitted Gaussians, our method still achieves a +1.9 improve-
ment in mIoU, using only 34.6% communication volume,
highlighting robust performance under limited communica-
tion budgets.

Code — https://github.com/ChengChen2020/VOGS-CP

Introduction
Multi-agent collaborative perception (CP), also known as
cooperative perception, significantly enhances transporta-
tion safety, mobility, and efficiency by enabling connected
vehicles to integrate multiple viewpoints through Vehicle-
to-Everything (V2X) communication, forming a compre-
hensive understanding of their environment (Huang et al.
2023a). Early CP studies primarily focused on established
single-agent tasks such as 3D object detection (3DOD) (Liu
et al. 2020; Hu et al. 2022; Ding et al. 2025; Zhang et al.
2024; Xu et al. 2022b, 2023) and 2D bird’s-eye-view (BEV)
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Figure 1: Comparison of shared representations. BEV and
tri-plane methods transmit implicit planar features as mes-
sages, losing geometric detail and complicating alignment.
We instead share explicit, interpretable 3D Gaussian prim-
itives that preserve 3D structure and enable straightforward
cross-agent fusion.

semantic segmentation (Wang et al. 2020; Li et al. 2021),
typically by fusing latent BEV features (Figure 1 top). His-
torically reliant on LiDAR point clouds for their precise geo-
metric measurements, recent advances in vision-only meth-
ods have shown competitive performance. For example,
CoCa3D (Hu et al. 2023) demonstrates that camera-based
3DOD can match or surpass LiDAR-based approaches,
highlighting cameras as viable, cost-effective sensors for
complex 3D scene understanding.

However, tasks like 3DOD and BEV segmentation sim-
plify the perception of the scene by omitting crucial 3D
semantic details, and BEV-based features inherently suf-
fer from information loss due to height compression. This
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limitation hinders holistic scene understanding and down-
stream decision-making. 3D semantic occupancy predic-
tion (SOP) (Roldao, De Charette, and Verroust-Blondet
2022; Tian et al. 2023; Li et al. 2024) bridges this gap
by predicting the occupancy status of each voxel in the
surrounding 3D space, thus delivering fine-grained seman-
tic and geometric scene information. Vision-centric SOP
methods (Cao and De Charette 2022; Song et al. 2017;
Chen et al. 2020; Li et al. 2023; Wei et al. 2023; Huang
et al. 2023b) have shown promising results on large-scale
datasets, yet extending SOP to collaborative scenarios re-
mains largely unexplored. CoHFF (Song et al. 2024) intro-
duced the first collaborative SOP framework, demonstrating
the benefits of V2X feature fusion. Nevertheless, it relies
on planar tri-plane features (Huang et al. 2023b; Fridovich-
Keil et al. 2023) (Figure 1 middle) which requires explicit
depth supervision, and employs complex multi-stage, multi-
task training pipelines, which introduces computational in-
efficiencies and complicates cross-agent feature alignment.
Inspired by advances in 3D Gaussian splatting (Kerbl et al.
2023), sparse, object-centric representations have emerged
as promising alternatives to traditional dense voxel or planar
encodings for SOP (Li et al. 2023; Wei et al. 2023; Huang
et al. 2023b). Driving scenes are highly sparse—most vox-
els are empty—so anisotropic Gaussians can shape and ori-
ent along semantic object surfaces, concentrating capacity
where geometry and semantics lie while keeping free space
compact, yielding an efficient 3D scene model. Gaussian-
Former (Huang et al. 2024b,a) represents scenes using sets
of 3D Gaussians, each defined by a mean, covariance, and
semantic label; these Gaussians are refined via deformable
attention and rendered to a voxel grid through Gaussian-to-
voxel splatting.

In this work, we propose the first Vision-Only Gaussian
Splatting framework for collaborative SOP that can be ef-
ficiently trained end-to-end in a single stage. Our method
leverages sparse 3D semantic Gaussians as intermediate
representations shared among vehicles, explicitly encoding
both geometric and semantic information. By transmitting
rigid transforms of Gaussians only within each ego vehicle’s
region of interest (Figure 1 bottom), our approach effectively
integrates multi-agent viewpoints, overcoming occlusions.
Additionally, we introduce a novel cross-agent Gaussian fu-
sion module that refines noisy, redundant, and conflicting
Gaussians through neighborhood-based fusion, enabling ac-
curate and realistic semantic occupancy prediction. To the
best of our knowledge, we are the first to utilize 3D Gaus-
sian splatting for multi-agent collaborative 3D semantic oc-
cupancy prediction. We summarize our contributions as:

• We propose the first vision-only Gaussian splatting frame-
work for collaborative SOP, which aggregates 3D Gaus-
sians across agents, improving robustness to occlusions
and viewpoint fragmentation.

• We employ a learned neighborhood-based fusion module
specifically designed to reduce noise and inconsistencies
across multi-agent predictions.

• Extensive experiments validate our framework’s effective-
ness and communication efficiency compared to single-

agent and existing collaborative SOP methods, achieving
robust performance in downstream tasks such as BEV se-
mantic segmentation.

Related Work
3D Semantic Occupancy Prediction. Semantic occu-
pancy prediction (SOP), also known as semantic scene com-
pletion (SSC), estimates per-voxel occupancy together with
semantic categories, yielding a volumetric representation of
geometry and semantics. Since Tesla described an occu-
pancy network for Full Self-Driving (Tesla 2022), research
on 3D occupancy for autonomous driving has steadily ac-
celerated. Methods differ by sensing modality: some use Li-
DAR point clouds (Zhao et al. 2025) or 4D radar tensors
(4DRTs) (Ding et al. 2024), while many recent systems are
vision-only and lift image features into 3D using learned
geometric priors (Cao and De Charette 2022; Song et al.
2017; Chen et al. 2020; Li et al. 2020; Huang et al. 2023b,
2024b; Wei et al. 2023; Zhang, Zhu, and Du 2023; Li et al.
2023). Most prior work addresses single-vehicle perception.
Extending SOP to multi-agent collaborative perception cen-
ters on two design decisions: the communication represen-
tation and the fusion strategy for processing aggregated in-
formation under bandwidth limits and field-of-view differ-
ences. Collaborative SOP is only beginning to be explored;
CoHFF (Song et al. 2024) reports clear benefits from shar-
ing but relies on multi-stage training and depth estimation,
which increases system complexity and complicates cross-
agent feature alignment.

Collaborative Perception. Collaborative perception for
connected autonomous vehicles (CAVs) uses V2X commu-
nication and data fusion to improve scene understanding.
Fusion is commonly grouped into early, intermediate, and
late (Huang et al. 2023a). Early fusion shares raw sensor
data (e.g., point clouds), which is bandwidth demanding and
raises privacy concerns (He et al. 2021). Late fusion ex-
changes object lists, which is lightweight but discards fine
details (Shi et al. 2022; Zhu et al. 2024). Most recent sys-
tems adopt intermediate fusion, which exchanges latent fea-
tures and retains more task signal while avoiding raw data
transfer (Wang et al. 2020; Hu et al. 2022; Xu et al. 2022a,b,
2024; Ding et al. 2025). While many works target LiDAR
or hybrid setups for 3D detection or BEV segmentation (Xu
et al. 2023; Ding et al. 2025; Zhang et al. 2024; Zimmer
et al. 2024; Li et al. 2021; Hu et al. 2022; Yang et al. 2023),
vision-only collaboration is increasingly practical for large-
scale deployment. CoHFF brought collaborative semantic
occupancy prediction into focus by demonstrating SOP ben-
efits from V2X feature sharing and fusion (Song et al. 2024).

3D Gaussians for Collaboration. 3D Gaussian Splatting
(3DGS) represents scenes with anisotropic Gaussians and
renders them by splatting for novel view synthesis (Kerbl
et al. 2023). Subsequent work adapts Gaussian splatting to
perception tasks, including object detection (Cao, Jv, and
Xu 2024; Yan, Zheng, and Duan 2024). For semantic oc-
cupancy, the GaussianFormer family splats Gaussians into
voxels (Huang et al. 2024b,a). Prior work treats Gaussians
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as an internal single-agent representation. We instead intro-
duce Gaussians as the communication medium for collabo-
ration. This choice provides compact messages, closed-form
rigid alignment across agents, region-of-interest culling, and
explicit geometry that reduces reliance on separate depth
supervision. Our method builds communication and cross-
agent fusion for Gaussian primitives.

Proposed Approach
Problem Formulation
We first define a general collaborative perception pipeline
at the feature level. Let S be the set of N connected au-
tonomous vehicles (CAVs) within a communication range
δ. For the ith agent in the set S , we denote Oi as its obser-
vation, fenc(·) as its perception encoder, ffusion(·) as a fusion
sub-network, fhead(·) as its task-specific head layers, and Bi

as the corresponding task-specific output. Then, the collabo-
rative perception network of the ith agent works as follows:

Fi = fenc(Oi), i ∈ S , (1)
Fj→i = Γj→i(Fj), j ∈ S , (2)
Hi = ffusion({Fj→i}j∈S) , (3)
Bi = fhead(Hi) , (4)

where Fi is the initial intermediate representation from the
ith agent’s encoder, Γj→i is an operator that performs spatial
alignment and transmits jth agent’s representation, Fj→i is
the spatially aligned representation of jth agent’s observa-
tion in ith agent’s coordinate frame, Hi is the fused aligned
representations from the all neighbor agents in the set S .

For vision-only semantic occupancy prediction, observa-
tion Oi is the RGB images captured by multiple surrounding
cameras mounted on the ith agent, and Bi is the holistic sur-
rounding environment represented as a 3D voxels with one-
hot embedding, i.e., Bi ∈ RX×Y×Z×C where X,Y and Z
are voxel grid dimensions and C denotes semantic classes.
Let B̂i represent the ground-truth of the semantic voxels,
and Φ represent the collaborative perception network (in-
cluding the encoder, fusion sub-network, and head layers)
parametrized by θ, the objective of collaborative semantic
occupancy prediction is defined as follows:

max
θ

∑
i

g
(
Φθ(Oi, {Fj→i}j∈S), B̂i

)
, s.t.

∑
j

|Fj→i| ≤ β ,

(5)
where g(·, ·) is the metric for optimization. For the seman-
tic occupancy prediction task, we adopt IoU and mIoU. The
size of transmitted messages is constrained by a communi-
cation budget upper bound β ∈ R+.

Considering practical bandwidth limits, extending voxel-
based single-agent SOP methods (e.g.,(Wei et al. 2023; Li
et al. 2023)) to collaboration is not viable: transmitting
dense voxel features in RX×Y×Z×D (where D is the hid-
den dimension) is too costly. Drawn inspiration from TPV-
Former (Huang et al. 2023b), CoHFF proposes to transmit
features from orthogonal planes Pxz and Pyz , with features
FPxz ∈ RX×Z×F and FPyz ∈ RY×Z×F . This reduces the
communication volume from XY ZD to (XZ+Y Z)D and
makes collaborative SOP feasible.

However, plane-based features (for example, BEV or tri-
planes) do not encode explicit depth or full 3D geometry, so
they need extra supervision. TPVFormer uses sparse seman-
tic LiDAR labels, whereas CoHFF trains a separate depth
estimation network. In addition, CoHFF adopts a two-stage
schedule: the occupancy predictor and the semantic seg-
menter are trained first, followed by the fusion model. This
increases training cost and reduces deployment scalability.

Scene as 3D Gaussian Representation
Inspired by GaussianFormer (Huang et al. 2024b), we opt
to represent a scene with a set of 3D Gaussian primitives
G = {Gi ∈ Rd|i = 1, . . . , P}. Distinct from Gaussian-
Former, we make the set of 3D Gaussian primitives serve
as a communication medium for collaborative perception.
Specifically, each Gi describes a local region with its mean
mi ∈ R3, scale si ∈ R3, rotation ri ∈ R4, opacity ai ∈ R1,
and semantics ci ∈ R|C|. These primitives are interpreted
as local semantic Gaussian distributions which contribute to
the overall occupancy prediction for any given 3D location
x ∈ R3 through additive aggregation:

ô(x;G) =
P∑
i=1

gi(x;mi, si, ri, ai, ci) , (6)

where gi(x; ·) denotes the contribution of the ith semantic
Gaussian primitive to ô(x;G):

g(x;G) = a · exp
(
−1

2
(x−m)TΣ−1(x−m)

)
c , (7)

Σ = RSS⊤R⊤ , S = diag(s) , R = q2r(r) , (8)

where Σ, R, S represent the covariance matrix, the rota-
tion matrix constructed from the quaternion r with function
q2r(·), and the diagonal scale matrix from function diag(·).

From a single-agent perspective, the pipeline first esti-
mates 3D Gaussian primitives with an image-to-Gaussian
module, then renders semantic occupancy via Gaussian-to-
voxel splatting. We adopt both components from Gaussian-
Former (Huang et al. 2024b). We use 3D Gaussian primi-
tives as a compact communication interface for collaborative
perception. A Gaussian packaging module transforms each
neighbor’s Gaussians into the ego frame and culls them to
the ego region of interest, reducing the transmitted data. A
cross-agent Gaussian fusion module then refines the ego set
by aggregating consistent multi-view evidence and down-
weighting noisy or low-opacity inputs. Collaborative seman-
tic occupancy is obtained by splatting the refined ego Gaus-
sians. The system is illustrated in Fig. 2.

Gaussian Packaging
Unlike dense voxel grid features (Wei et al. 2023; Li et al.
2023) or planar features (Song et al. 2024; Huang et al.
2023b), Gaussian primitives model ellipsoidal probability
densities in R3, which remain well defined under rigid trans-
forms (Kerbl et al. 2023; Huang et al. 2024b), and thus cross-
agent 3D Gaussian alignment and transmission are straight-
forward and interpretable. Specifically, let the known ex-
trinsic from agent j to agent i be Tij(x) = Uijx + tij

2798



Gaussian-to-Voxel 
Splatting

Cross 
Agent

Gaussian
Fusion

Image 
Encoder

Image 
Encoder

Image 
Encoder

Image
To

Gaussian

Image Features
& Initial 3D Gaussians

Semantic Occupancy 
Prediction

Single-Agent 
Gaussians

Gaussian 
Packaging

Fused Collaborative 
Gaussians

Transform

Transform

Figure 2: Overview of the proposed pipeline. An initial set of randomly initialized 3D Gaussians is refined by an Image-to-
Gaussian module (Huang et al. 2024b) that attends to multi-scale image features, producing single-agent Gaussians. Neighbor
agents (top and bottom) are rigidly transformed into the ego frame (middle) and culled to the ego region of interest; the blue and
yellow dashed box marks the Gaussians that lie within the ego ROI and are packaged and transmitted to the ego. A cross-agent
Gaussian fusion module aggregates these with the ego set. The fused Gaussians are then rendered to semantic occupancy via
Gaussian-to-voxel splatting (Huang et al. 2024b). For clarity, the figure shows the zero-shot variant.

with Uij ∈ SO(3), tij ∈ R3, and quaternion qij such that
q2r(qij) = Uij .

Rigid Transform of a Gaussian. If X∼N (m,Σ) in jth
coordinate frame, then Y = Tij(X) is Gaussian in i’th with:

m′ = Uij m+ tij , (9)

Σ′ = Uij ΣU⊤
ij =

(
UijR

)
SS⊤ (UijR

)⊤
. (10)

Equations (9)–(10) imply that a rigid transform rotates
the ellipsoid but does not change its axis lengths. In
(m, s, r, a, c) form, we have:

m′ = Uijm+ tij , s′ = s ,

r′ = qij ⊗ r , a′ = a , c′ = c , (11)

where ⊗ is quaternion multiplication. Because r and −r en-
code the same rotation, one may fix a sign convention (e.g.,
non-negative scalar part) without affecting the transform.

Transmission of a Gaussian. The jth agent only trans-
mits Gaussians whose transformed means fall inside the ith
agent’s region of interest ROIi (for example, a 3D volume
centered at agent i):

Gj→i = {G ∈ Gj | m′ ∈ ROIi } . (12)

which greatly reduces the payload compared with transmit-
ting all Gaussians |Gj | from the jth agent. On reception, the

ith agent stacks both its own and the received Gaussians in
the same coordinate frame:

Gstack
i = Gi ∪ {Gj→i}j∈S , (13)

and proceeds with downstream processing.
Even without joint training, zero-shot stacking—using

single-agent weights—improves collaborative perception;
collective end-to-end training yields further gains (see Zero
Shot and Naive Fusion in Table 1), demonstrating the bene-
fits of an explicit, interpretable representation.

Cross-Agent Gaussian Fusion
Despite the fact that stacking transformed Gaussians im-
proves the performance of collaborative perception for
CAVs in semantic occupancy prediction, single agent pre-
dictions could be noisy due to occlusions, and different
agents may output redundant or inconsistent primitives (Fig-
ure 3 last row). We therefore propose a light-weight learn-
able refinement module that update the ego Gaussians via
neighborhood interaction and aggregation.

Unlike the refinement step in the image-to-Gaussian mod-
ule of GaussianFormer (Huang et al. 2024b), our fusion
module decodes neighborhood-conditioned proposals, pools
them across nearby Gaussians to suppress noise and enforce
consistency, and then blends the pooled update with the ego
Gaussian attributes.
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Method Single-Agent Collaborative Perception

CoHFF GSFormer CoHFF Zero Shot Naive Fusion Learned Fusion

IoU (↑) 38.52 67.76 50.46 67.88 70.10 72.87
mIoU (↑) 24.81 29.20 34.16 30.54 36.02 37.44

Building 21.04 3.84 25.72 3.91 7.18 9.61
Fence 20.05 14.10 27.83 17.29 25.66 29.20

Terrain 43.93 68.97 48.30 72.00 76.05 74.51
Pole 31.66 5.94 42.74 8.44 12.67 12.19

Road 55.83 79.37 61.77 81.35 78.60 83.05
Side walk 17.31 70.55 39.62 68.91 75.88 78.22

Vegetation 14.49 12.54 20.59 13.72 16.42 20.43
Vehicles 58.55 49.25 63.28 49.56 57.14 60.49

Wall 33.30 30.79 58.27 30.49 35.25 36.45
Guard rail 1.54 15.01 1.94 20.78 41.00 32.50

Traffic signs 0 0 16.33 0 6.35 8.26
Bridge 0 0 3.53 0 0 4.35

Table 1: Comparison for semantic occupancy prediction. In the collaborative setting, our naive fusion and learned fusion variants
achieve better IoU and mIoU than CoHFF (Song et al. 2024). The best is in bold and the second best is underlined.

Neighborhood and Pairwise Features. Let Gi =
{Gk}Ni

k=1 be the ego Gaussians generated by the ith agent
and Gnbgr =

⋃
j Gj→i be received Gaussians (both in ith’s

coordinate fraome). For each ego Gk = (mk, sk, rk, ak, ck)
we form a radius-ρ neighborhood:

Gnbgr,k = {Gj ∈ Gnbgr | ∥mj −mk∥2 ≤ ρ } . (14)
For each pair of Gaussians Gk ∈ Gi and Gk,j ∈ Gngbr,k, we
build a pairwise feature by concatenating the ego attributes
with neighboring cues:
f egok =

[
m⊤

k , s
⊤
k , r

⊤
k , ak, c

⊤
k

]
,

f relk,j =
[
(mj−mk)

⊤, (sj−sk)
⊤, |⟨rj , rk⟩|, aj , c⊤j

]
,

zk,j =
[
f egok

∣∣ f relk,j

]
,

(15)
where the term |⟨rj , rk⟩| is the sign-invariant quaternion co-
sine; opacity aj and semantics cj are used in absolute form.

Pairwise Feature Refinement. A multi-layer perceptron
(MLP) maps zk,j to a refinement proposal from neighbor j
on ego Gaussian k:
uk,j :=

(
∆mk,j , s

⋆
k,j , r

⋆
k,j , a

⋆
k,j , c

⋆
k,j

)
= MLP(zk,j) ,

(16)
which are, respectively, a residual update to the Gaussian
center, a scale proposal, a quaternion rotation proposal, an
opacity proposal, and semantic logits.

Aggregation over Neighbors. We aggregrate pairwise
proposals with either mean pooling or attention pooling.
Mean pooling uses uniform weights wk,j = 1/|Gnbgr,k|. At-
tention pooling uses a learned softmax over neighbors:

wk,j = softmaxj

(
⟨Qxego

k , K xrel
k,j⟩√

d

)
, (17)

where Q,K are learned projection layers. The aggregated
proposal is:

ūk =
∑

Gj∈Gnbgr,k

wk,j uk,j . (18)

Update Rules. Let ūk = (∆mk, s⋆k, r⋆k, a⋆k, c⋆k). We
update the ego Gaussian as:

m̂k = mk +∆mk , ŝk = s⋆k ,

r̂k = r⋆k , âk = a⋆k ,

ĉk = αk ck + (1−αk) c⋆k ,

(19)

where the semantic blend uses a confidence weight:

αk =
conf(ck)

conf(ck) + conf(c⋆k)
, conf(v) = max

( v

1⊤v + ε

)
.

(20)

Experiments
Datasets. OPV2V is a large-scale collaborative perception
dataset collected in the CARLA simulator (Dosovitskiy et al.
2017) using the OpenCDA autonomous driving simulation
framework with Vehicle-to-Vehicle (V2V) communication,
with each sample containing multi-sensor data from 2-7 ve-
hicles. The original OPV2V does not provide semantic occu-
pancy labels, so we use the enhanced Semantic-OPV2V re-
leased by CoHFF (Song et al. 2024), which replays the simu-
lations with additional semantic LiDARs. Following the pro-
cedure in CoHFF, we aggregate the multi-agent ground truth
to obtain the collaborative semantic occupancy supervision.

Implementation Details. Following CoHFF (Song et al.
2024), we utilize a 40× 40× 3.2 meter detection area with
a grid size of 100 × 100 × 8, resulting in a voxel size of
0.4m3. Unless otherwise noted, each agent default utilizes
|G| = P = 25600 Gaussians as scene representation, and
neighborhood ρ is set to 0.4m with attention pooling. We
allow CAVs to transmit and share Gaussian primitives for
cross-agent fusion. Our experiment incorporates the anal-
ysis of 12 semantic labels plus an additional empty label.
For optimization, we use AdamW (Loshchilov and Hutter
2017) with weight decay 0.01. The learning rate warms
up for the first 500 iterations to 2 × 10−4 and then fol-
lows a cosine decay. We train for 30 epochs with batch size

2800



Approach # Agents Vehicle Road Others

CoBEVT 2 46.13 52.41 -
CoHFF 2 47.40 63.36 40.27
Ours 2 70.25 82.69 79.37

CoBEVT Up to 7 60.40 63.00 -
CoHFF Up to 7 64.44 57.28 45.89
Ours Up to 7 75.30 84.96 80.19

Table 2: Comparison of BEV semantic segmentation with
IoU (%) for Vehicle, Road, and Others classes.

Metric CoHFF # Gaussians

25600 6400

CV (MB) (↓) 0.78 1.07 0.27
IoU (↑) 50.46 72.87 72.42

mIoU (↑) 34.16 37.44 36.02

Table 3: Comparison of communication volume.

8 on a single NVIDIA A100 (40GB). Unless noted oth-
erwise, all components are trained end to end. Following
GaussianFormer (Huang et al. 2024b), we use voxel-wise
cross-entropy loss together with Lovász-Softmax (Berman,
Triki, and Blaschko 2018) loss, which directly targets IoU
improvement. The total loss is:

L = LCE + LLovasz . (21)

Evaluation Metrics. Following (Cao and De Charette
2022; Huang et al. 2023b; Song et al. 2024), we adopt
mean Intersection-over-Union (mIoU) and Intersection-
over-Union (IoU) to evaluate the performance of semantic
occupancy prediction. For evaluations in subsequent appli-
cations, following prior work (Song et al. 2024), we report
BEV segmentation using 2D IoU by projecting predicted
and ground-truth semantic voxels onto the BEV plane and
compute IoU for vehicles, roads and other general objects.

Results and Analysis
Table 1 compares semantic occupancy prediction perfor-
mance across CoHFF and our fusion variants.

Single-Agent Perception. We observe a large IoU gain
(+29.24) steming from explicit free-space modeling: one
large fixed Gaussian represents empty space across the
scene, while the remaining Gaussians model occupied re-
gions. This reduces confusion between empty and occupied
voxels and allows the network focus capacity on object sur-
faces. The model learns the empty-space primitive and the
occupied classes jointly, rather than using a separate occu-
pancy network as in CoHFF. We further observe an increase
in mIoU, driven chiefly by better performance on ground-
level categories such as sidewalk and terrian.

Collaborative Perception. In collaborative scenarios we
evaluate three variants of our approach. The zero-shot vari-
ant enables the ego vehicle directly concatenate Gaussians
received from its neighbors before occupancy rendering.

# Gaussians Radius ρ Attn. mIoU ↑ IoU ↑
6400 0.4 35.50 71.81
6400 0.8 36.02 72.42

25600 0.4 37.01 73.49
25600 0.4 ✓ 37.44 72.87
25600 0.8 36.81 72.28
25600 0.8 ✓ 37.06 73.03

Table 4: Ablation over number of Gaussians, neighborhood
radius ρ, and pooling method.

The naive fusion variant trains the entire multi-agent system
end-to-end starting from the zero-shot baseline. The learned
fusion variant applies the proposed cross-agent Gaussian fu-
sion pooling to combine neighboring Gaussians.

The zero-shot variant improves on the single-agent base-
line by a small margin, confirming that Gaussian mes-
sages convey useful, explicit 3D evidence. However, stack-
ing Gaussians from multiple agents without coordination in-
troduces noise and inconsistency (see Figure 3), which leads
to redundant and inaccurate occupancy predictions. When
the system is trained end-to-end on top of this baseline (i.e.,
naive fusion), the resulting fusion variant achieves larger
gains and surpasses CoHFF in mIoU, with performance on
more classes (e.g., fence, vegetation, vehicles) matching or
exceeding that of CoHFF. The learned fusion variant re-
fines the ego Gaussians by pooling neighbouring Gaussians
shared by other agents, leading to measurable accuracy gains
across most categories. Notably, the bridge class—missed
entirely by the naive-shot variant—improves from 0% to
4.35% IoU. Though the increase is modest, it shows that the
learned fusion helps capture structures that are both sparse
and difficult to observe from a single viewpoint.

BEV Segmentation. Table 2 illustrates improved IoU for
road and other semantic categories. Although the 3D mIoU
for vehicle is slightly lower than that of CoHFF, projecting
the predictions to the 2D plane yields a better BEV IoU,
indicating that our voxel occupancy provides more accurate
height estimates when mapping to ground level.

Communication Volume. Communication volume, mea-
sured by the size of transmitted messages, is critical for
cooperative perception because deployed systems must op-
erate under limited bandwidth. Our framework exchanges
variable-length sets of Gaussian primitives instead of fixed-
resolution feature maps, so the communication load rises
with the number of Gaussians that cover the overlapping re-
gions of interest among connected vehicles. We therefore
report the average message size over the evaluation set. As
shown in Table 3, the transmitted volume is roughly propor-
tional to the number of Gaussians. By reducing this count,
our method attains better occupancy prediction than CoHFF
while using only 34.6% bandwidth.

Ablation Study. Table 4 lists an ablation in which we vary
three factors: (i) the number of 3-D Gaussians, (ii) the neigh-
bourhood radius ρ, and (iii) the pooling rule (mean ver-
sus attention pooling). Increasing the Gaussian count leads
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Figure 3: Qualitative comparison of ego-only ground truth, collaborative ground truth, predicted Gaussians, predicted occu-
pancy, and the zero-shot variant. Red boxes highlight occluded object structure captured by Gaussian primitives in collaborative
setting. The zero-shot variant can look plausible but often shows clustered redundancy and noise; black boxes mark cases where
the neighborhood-based fusion suppresses redundancy and improves consistency. An opacity threshold is applied for display,
so the predicted Gaussians are not exhaustive.

to a rise in mIoU, reflecting the finer geometric detail that
a denser set of primitives can encode. Consistently high
IoU across all settings demonstrates the effectiveness of us-
ing separate Gaussians to model free and occupied space.
Changing ρ or switching between the two pooling rules pro-
duces only minor fluctuations, indicating that the method is
robust to these settings within the tested range.

Visualizations. Figure 3 presents qualitative results to-
gether with two reference annotations: (i) the ground truth
restricted to the ego vehicle’s field of view (Ego GT) and
(ii) the combined ground truth from all connected vehicles
(Collaborative GT). After exchanging Gaussian primitives,
our model reconstructs more complete instances of vehicles,
road surfaces, terrain, walls, and traffic signs than those vis-
ible in Ego GT, filling regions that were initially occluded.
In some scenarios our prediction is even smoother and more

continuous than Collaborative GT. Compared with the zero-
shot variant, whose direct stacking of Gaussians produces
cluttered occupancy maps (bottom row), the proposed cross-
agent Gaussian fusion outputs clean and coherent represen-
tations of the scene.

Conclusion
In this work, we demonstrate that explicit 3D Gaussian prim-
itives serve as a compact, interpretable medium for vision-
only cooperative 3D semantic occupancy prediction. Our
pipeline aligns neighbor Gaussians via rigid transform and
region of interest filtering, then refines the ego set with
a lightweight, neighborhood-based fusion module. Exper-
iments on Semantic-OPV2V validate that both naive and
learned fusion variants achieve notable IoU and mIoU en-
hancements over planar-feature methods.
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