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Figure 1. VoteSplat integrates 3DGS and Hough Voting for 3D scene understanding: (a) 3DGS retains its original novel view synthesis
capability, (b) each Gaussian primitive encodes an offset vector which votes the point cloud to the instance center, (c) 3D vote clustering
enables instance segmentation, and (d) open-vocabulary 3D instance localization and click-based 3D object localization are demonstrated.

Abstract

3D Gaussian Splatting (3DGS) has become horsepower in
high-quality, real-time rendering for novel view synthesis of
3D scenes. However, existing methods focus primarily on
geometric and appearance modeling, lacking deeper scene
understanding while also incurring high training costs that
complicate the originally streamlined differentiable render-
ing pipeline. To this end, we propose VoteSplat, a novel
3D scene understanding framework that integrates Hough
voting with 3DGS. Specifically, Segment Anything Model
(SAM) is utilized for instance segmentation, extracting ob-
jects, and generating 2D vote maps. We then embed spatial
offset vectors into Gaussian primitives. These offsets con-
struct 3D spatial votes by associating them with 2D image
votes, while depth distortion constraints refine localization
along the depth axis. For open-vocabulary object localiza-
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tion, VoteSplat maps 2D image semantics to 3D point clouds
via voting points, reducing training costs associated with
high-dimensional CLIP features while preserving seman-
tic unambiguity. Extensive experiments demonstrate Vote-
Splat’s effectiveness in open-vocabulary 3D instance local-
ization, 3D point cloud understanding, click-based 3D ob-
ject localization, hierarchical segmentation, and ablation
studies. Our code is available at VoteSplat.

1. Introduction

Localization and instance-level semantic understanding of
3D scenes are critical objectives in the computer vision
community, especially with the rise of embodied intelli-
gence. Traditional point cloud-based methods for 3D scene
understanding have been widely explored, including clas-
sification [21], segmentation [22], and detection [23]. Re-
cently, 3D Gaussian Splatting (3DGS) [10] has gained pop-
ularity for its ability to achieve real-time, photorealistic
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novel view synthesis (NVS) at high resolutions. Unlike
implicit Neural Radiance Fields (NeRF) [20], which rep-
resent scenes as continuous volumetric functions, 3DGS
reconstructs scene appearance and geometry using point-
clouds-alike Gaussian primitives. Building on its success,
3DGS has been extended to various domains, including ren-
dering [6, 18, 39], surface reconstruction [4, 9, 40], gener-
ation [37], and scene understanding [24, 41]. Moreover,
scene reconstruction and semantic understanding can be
seamlessly integrated with 3DGS rendering pipeline, fa-
cilitating more advanced intelligent agent interaction and
decision-making.

Efforts have aimed to integrate learnable semantic infor-
mation into 3DGS, enhancing the language-grounded capa-
bilities of 3DGS. Current approaches can be broadly cate-
gorized into the following two types:
(i) The first approach [24, 25, 29, 36] directly embeds se-
mantic vectors into Gaussian primitives, project semantic
information onto images in the same way as rendering col-
ors. This enables cross-frame association through seman-
tics but has two key limitations [35]: (1) The high dimen-
sionality of CLIP-extracted features leads to excessive train-
ing overhead, while dimensionality reduction introduces se-
mantic ambiguity; (2) The object occlusion restricts them
to pixel-level segmentation, where embedded semantic vec-
tors are insufficient for point-level scene understanding.
(ii) The second approach [5, 35] adopts a point cloud clus-
tering strategy to improve instance differentiation and re-
duce ambiguity, following a multi-stage pipeline. 3DGS in-
dependently reconstructs the scene and embeds feature vec-
tors into the trained Gaussian primitives, using contrastive
learning for instance differentiation. The goal is to ad-
dress the spatial adjacency of primitives belonging to dif-
ferent instances, with additional features for better separa-
tion. However, contrastive learning adds significant compu-
tational complexity to the rendering pipeline.

To this end, we propose VoteSplat, that integrates Hough
voting with Gaussian splatting for 3D scene understand-
ing. VoteSplat defines a set of 3D Gaussians embedded with
additional three-dimensional spatial offset vectors to com-
pute spatial 3D votes. We expect 3D votes to be located
at the centroid of the instances so that clustering methods
can be directly applied to distinguish each instance without
the need for additional learned features for differentiation.
Given the Gaussian primitives forming a specific instance
and its centroid are unknown, we propose 3D-2D Votes As-
sociation Learning as the centroid may exists in multi-view
two-dimensional images.

Specifically, for each image, we first apply the Segment
Anything Model (SAM) [12] to obtain well-segmented
masks and compute their centroids with precise object
boundaries. The pixel coordinates of these centroids serve
as 2D ground-truth votes to supervise projection of 3D

votes, encouraging convergence toward the instance cen-
ter while ensuring multiview consistency. Since projection
transformations cause depth information loss, relying solely
on 2D vote supervision can introduce noise in spatial vot-
ing points. To overcome this, we introduce a depth distor-
tion regularization term to improve spatial vote aggregation
along the depth dimension.

In a trained VoteSplat scene, each Gaussian primitive
surrounding an object has an offset vector pointing to a 3D
vote near the instance centroid. Clustering these votes al-
lows us to effectively determine instance IDs to the Gaus-
sian primitives, which in turn establishes correspondences
between point clouds and image semantics, enabling ro-
bust 3D scene understanding. The contributions can be thus
summarized as

1. Hough voting is first considered into 3D Gaussian Splat-
ting (3DGS) to achieve spatial clustering of point clouds
belonging to the same instance. This enables point-
level segmentation without requiring additional high-
dimensional feature vectors, improving training effi-
ciency and scene understanding accuracy.

2. 3D-2D Votes Association Learning is proposed, incorpo-
rating a custom depth distortion loss to enhance spatial
aggregation of voting points along the depth dimension
for denoising.

3. An instance ID-based approach is introduced to asso-
ciate 2D image semantics with 3D point clouds, enabling
the linking of CLIP features to individual 3D instances,
and facilitating open-vocabulary scene understanding.

Therefore, VoteSplat enables efficient point-level segmen-
tation without requiring high-dimensional feature embed-
dings. Additionally, we introduce 3D-2D Votes Association
Learning and depth distortion regularization to refine spa-
tial clustering and improve localization accuracy. The rest
of the paper is organized as follows: Section 2 reviews re-
lated works in 3D Gaussian Splatting and Hough Voting.
Section 3 details our methodology, including 3D vote con-
struction and semantic association. Section 4 presents the
experimental setup and results across various tasks. Finally,
Section 5 concludes the paper.

2. Related Works
3D Gaussian Splatting for Scene Understanding. 3D
Gaussian Splatting has emerged as a promising method for
real-time scene rendering, offering superior visual quality.
Utilize 3DGS to jointly reconstruct the appearance and ge-
ometric information of a scene with instance and semantic
information, to better support downstream tasks.

NeRF, as an innovative 3D reconstruction method, has
inspired numerous works [31, 42] to develop 3D language
fields upon it. LERF[11] first integrated CLIP[3] fea-
tures into NeRF, constructing language embedded radi-
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ance fields to enable open-vocabulary 3D querying. Ad-
ditionally, DINO features were used to enhance bound-
ary accuracy. However, due to high computational costs,
NeRF-based methods face rendering performance bottle-
necks, leading to the adoption of 3DGS [10] with semantic
information. Building on 3DGS, LangSplat[24] employs an
autoencoder to reduce CLIP feature dimensionality, embed-
ding the compressed representations into Gaussian primi-
tives, while incorporating a semantic hierarchy. Shi et al.
[29] use VQ-VAE to quantize high-dimensional CLIP fea-
tures into discrete categories, converting semantic supervi-
sion into category-level supervision, thereby reducing com-
putational overhead. Similarly, Shorinwa et al. [30] con-
structs a 3D language field by mapping semantic features to
discrete categories.

These methods achieve multi-view training through
cross-frame semantic similarity. To reduce computational
complexity, CLIP feature needs to be either dimensionally
reduced or classified, which inevitably introduces semantic
ambiguity. Other methods [5, 16, 35, 36] rely on learnable
features to distinguish instances and ultimately assign com-
plete semantic information. These methods ensure seman-
tic accuracy; however, intra-class and inter-class contrastive
learning can be highly time-consuming.

Hough Voting for 3D Point Clouds. The Hough trans-
form (also, Hough voting), originates in late 1950s [8],
convert the detection of simple patterns in point samples
as peak detection in a parametric space. The Generalized
Hough Transform [1] extends this concept to image patches,
enabling the identification of complex objects. Hough vot-
ing has been widely applied in various tasks, including the
implicit shape model[15], plane extraction from 3D point
clouds[2], 6D pose estimation [32], and so forth.

Hough voting has been successfully integrated with ad-
vanced learning techniques. In 3D object detection, a com-
mon approach [13, 14, 33, 34] is to adapt mature 2D detec-
tion algorithms, such as Faster R-CNN[27] or YOLO[26],
to 3D point clouds by generating proposals at each input
point. However, a fundamental challenge arises: 3D sen-
sors capture only surface data, meaning the object center
often lies in empty space, far from the available points in
the input point cloud. As a result, there are typically no
input points near the object center, making it difficult for
surface-based networks to extract meaningful contextual in-
formation, leading to inaccurate proposals. To overcome
this, Qi et al. [23] introduced VoteNet, a Hough voting-
based method. VoteNet first samples seed points from the
input point cloud and votes for the target’s center, generat-
ing voting points near the object center. These voting points
are then used to generate bounding box proposals, effec-
tively addressing the issue of inaccurate proposals when the
object center is distant from the surface points.

3. Method
We now formally introduce VoteSplat, a 3D scene under-
standing framework for 3DGS representations, incorporat-
ing effective and distinctive voting mechanisms. We first
employ SAM’s automatic mask generation module to pro-
duce masks for training views of the scene. The resulting
multi-level mask information is then used to compute 2D
ground-truth votes (detailed in Section. 3.2). Next, we em-
bed offset vectors into 3DGS and train them to generate 3D
votes (Section. 3.3). To improve depth consistency across
different views, we introduce a depth regularization term,
ensuring vote point aggregation during training. Finally, we
establish a mapping between Gaussians and semantic infor-
mation (Section. 3.4). The complete VoteSplat pipeline is
illustrated in Figure 2.

3.1. Recap: 3D Gaussian Splatting
Compared to implicit Neural Radiance Fields (NeRF) [20],
3D Gaussian Splatting (3DGS) [39] constructs 3D scenes
using explicit 3D Gaussian primitives. These primitives are
represented as point clouds with associated attributes and
are rendered through a tile-based differentiable rasterizer.

Given a training set of K images I = {Ik}Kk=1 with as-
sociated camera poses, and an image resolution of H ×W ,
the goal is to learn a set of N three-dimensional Gaussian,
denoted as G = {gi}Ni=1. Each Gaussian gi is characterized
by quintet gi := {pi, si, qi, oi, ci} of trainable parame-
ters: the center position pi ∈ R3, the scaling factor si ∈ R3,
quaternion representing Gaussian’s 3D covariance qi ∈ R4,
opacity value oi ∈ R, and ci ∈ [0, 1]3 encodes RGB color
using spherical harmonics coefficients.

After projecting 3D Gaussians onto the 2D image space
under a given camera pose, 3DGS computes the pixel color
C using its differentiable rasterizer. The color is determined
via α-blending across N depth-ordered points overlapping
the pixel, given by

C =
∑
i∈N

ciαiTi, (1)

where αi is determined by evaluating the influence of each
projected Gaussian based on its splatted 2D covariance
Σ [38], opacity oi, and distance d to the pixel that reads

αi = oi exp(−
1

2
dTΣ−1d). (2)

The transmittance Ti :=
∏i−1

j=1(1−αj), represents the accu-
mulated visibility of i-th Gaussian, accounting for occlusion
from previously processed Gaussians in-depth order.

3.2. 2D Vote Construction
3D point clouds, such as those obtained from radar or
Structure-from-Motion (SFM) [28], typically exhibit a con-
centration of points on the surface of spatial instances,
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Figure 2. Three main steps in VoteSplat pipeline: (a) We first deploy SAM to automatically generate segmentation masks for all instances
independently across different views.(b) For each segmented mask, we compute the instance center to construct the 2D Vote Map. (c)
By projecting 3D votes into pixel space through splatting and computing the voting loss together with the previous 2D voting map, each
Gaussian primitive forming an instance is ensured to learn an offset vector pointing toward the instance center. For simplicity, we omit the
rendering process and density control of other Gaussian parameters, as these are inherited from [10].

with sparser distributions toward the instance centers. This
property persists during the densification process of 3DGS,
wherein the generated point clouds remain concentrated
on the instance surfaces. Consequently, directly cluster-
ing 3DGS point clouds can introduce boundary ambigu-
ity between instances, leading to clustering errors when in-
stance boundaries are in close proximity. Choi et al. [5], Shi
et al. [29] embed additional feature vectors into the Gaus-
sian Splatting framework to distinguish instances to avoid
this. While effective, these methods often rely on compu-
tationally expensive contrastive learning. In contrast, 2D
images inherently preserve structural information about in-
stances and consistently capture object centers (provided
the instance lies within the field of view). Exploiting this
advantage, we propose a method to infer 3D instance cen-
ters from their corresponding 2D instance centers. We then
detail the computation of the 2D centers (2D votes).

SAM effectively groups pixels belonging to the same in-
stance and segment images into multiple object masks with
well-defined boundaries. Following Lang-Splat, we utilize
SAM to obtain precise hierarchical object masks. To im-
prove the accuracy of 2D votes, we further filter out masks
whose boundaries extend beyond the field of view (FoV).

For a given instance mask at level l, denoted as Ml, we
compute the x-axis instance centroid clx by

clx = round

(∑H−1
y=0

∑W−1
x=0 x ·Ml(x, y)∑H−1

y=0

∑W−1
x=0 Ml(x, y)

)
, (3)

recall H and W are the resolution of the image and round(·)
is the rounding function and y-axis centroid cly is computed
similarly. the 2D vote V2d

i is thus defined as the doublet

V2d
i (x, y) := {clx, cly}. (4)

Each pixel within the mask is then assigned to its corre-
sponding 2D vote V2d

i , forming the ground-truth vote map,
that serves as supervision for subsequent learning stages.

3.3. 3D Vote Construction
3D Vote Splatting. In 3DGS, both the initial and densified
point clouds predominantly lie on instance surfaces, making
direct clustering-based instance separation challenging. To
overcome this, we introduce an offset vector ∆pi ∈ R3 for
each Gaussian primitive, allowing the point cloud to vote
toward instance centers. Consequently, the 3D vote reads

V3d
i = ∆pi + pi. (5)

The additional vector attributes V3d
i are typically optimized

using the same α-blending approach as color rendering, i.e.,

V3d =
∑
i∈N

V3d
i αiTi. (6)

While generally effective, this approach faces two key chal-
lenges when applied to spatial constraints:
(i) Unequal depth-weighting contribution: In 3D space,

all points forming an instance should contribute equally
to its center vote. However, the traditional α-weighting
mechanism disproportionately reduces the influence of
farther points, leading to biased voting.

(ii) Incorrect occlusion Handling: In 3DGS, points be-
hind an instance still affect the final color rendering but
should not be involved in the voting process, as they do
not belong to the instance.

We introduce a distinct voting transmittance model to over-
come this, applying uniform averaging in α-blending as

V3d :=
1

|M|
∑
i∈M

V3d
i , (7)

where M represents set of the depth-ordered points under
the voting transmittance T̂i and |M| as its cardinality. Next,
we project the blended 3D votes V3d into screen space:

Ṽ2d = HV3d, (8)
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Figure 3. Since projection results in-depth information loss, pro-
jected 3D votes may align correctly on the pixel plane but exhibit
significant depth deviations, as shown in the left subfigure. The
proposed depth regularization enforces spatial proximity along the
depth dimension, keeping voting points concentrated in 3D space
and enhancing overall voting consistency.

where H is 4-by-4 transformation matrix from world space
to screen space. Notably, blending is performed in 3D space
before projection, ensuring stable voting. Otherwise, dis-
tant votes would experience significant fluctuations, making
convergence toward the instance center less reliable.

The vote loss with respect to the precomputed 2D votes
V2d is defined as

Lvote :=
1

|P|
∑
i∈P

|Ṽi
2d

−V2d
i |, (9)

where P denotes the set of pixels within the mask that con-
tain 2D votes.1 Enforcing this loss ensures that offset vec-
tors effectively guide Gaussians toward instance centers,
while preserving the efficiency of the rasterization pipeline.
Depth Regularization. Projecting 3D votes to 2D votes in-
herently results in a loss of depth information. While train-
ing with multi-view images helps reduce depth uncertainty
and encourages the point cloud to collectively vote toward
the instance center, disturbances in the voting points may
still persist, as shown in Figure 3.

Inspired by depth distortion in 2DGS [9], which pro-
motes the concentration of Gaussian primitives, a parallel
strategy is applied to 3D votes to preserve their depth align-
ment around the instance center. The initial depth distortion
formulation in VoteSplat reads

Ld =
∑
i,j

ωiωj |zi − zj |. (10)

where z is the V3d depth in the camera coordinate system
with weight ωi := αiTi.

Recall that the votes of Gaussian primitives need to be
equally concentrated in-depth (av), the weight should not
be reduced, and the formula is modified as

L∗
d =

∑
i,j

|zi − zj |. (11)

1Throughout the paper, we adopted the notation | · | for ℓ1 norm.

by eliminating the weights from (10).
Reconstruction-Voting-Depth (RVD) Loss: Lastly, the

model optimizes the sparse point cloud, shifting it from its
initial positions in the posed images toward a more concen-
trated target with respect to the RVD loss, i.e.,

L = Lc + λvoteLvote + λLd
L∗
d, (12)

where Lc(L1,D-SSIM) is the combination of RGB recon-
struction loss L1 [10, Eq. 7] and D-SSIM term from [10,
Eq. 7]. The vote loss (9) and depth regularization loss (11)
penalized by their corresponding weights λvote and λLd

, re-
spectively, both depends on instances’ size in the scene.

3.4. Semantic Construction
By constructing 3D votes, spatially separated voting points
are obtained. To facilitate natural, open-vocabulary interac-
tions, effectively associating 3D Gaussians with language
features is essential. Thus, we propose an instance-level
3D-2D semantic association method based on voting points
and instance IDs. The approach can be detailed as follows.
- Background Filtering: Point clouds with an offset vec-

tor ∆p = 0 are removed, as they are considered back-
ground and do not contribute to instance construction,
receiving no gradient updates.

- Clustering and Instance Dictionary Construction:
The remaining point clouds are clustered using HDB-
SCAN [19] based on 3D votes, which performs density-
based clustering while filtering out outliers. A dictionary
is then built, where instance IDs serve as keys and the
corresponding point cloud IDs as values.

- Rendering Instance ID Maps: The 3DGS rasterization
pipeline is used to render the instance ID map. Combin-
ing this with the original RGB images, the pixel regions
corresponding to each instance ID are identified.

- Semantic Association with CLIP Features: CLIP im-
age features are extracted from the associated pixels, es-
tablishing a mapping between instance IDs and CLIP
features, with multi-view feature integration incorpo-
rated for improved consistency.

4. Experiments

4.1. Open-Vocabulary Object Selection in 3D Space
Experimental Setup. (i) Objective: Given an open-
vocabulary text query, CLIP extracts textual features, and
cosine similarity is computed with each instance ID’s lan-
guage features. The most relevant instances are selected,
and their Gaussian primitives are rendered into multi-view
images via the 3DGS rasterization pipeline; (ii) Base-
line: Our method is compared against LangSplat, Gaus-
sian Grouping, and OpenGaussian. VoteSplat follows the
method described in Section 3.4 to associate each instance
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Methods
mIoU ↑ mAcc. ↑

figurines teatime ramen waldo kitchen Mean figurines teatime ramen waldo kitchen Mean

LangSplat 10.16 11.38 7.92 9.18 9.66 8.93 20.34 11.27 9.09 12.41
OpenGaussian 60.11 65.80 31.01 22.70 44.90 82.14 79.66 42.25 31.92 58.99
VoteSplat 68.62 66.71 39.24 25.84 50.10 85.71 88.14 61.97 33.68 67.38

Table 1. Performance of semantic segmentation on the LeRF dataset compared to LangSplat and OpenGaussian based on text query.
Accuracy is measured by mAcc@0.25.

Figure 4. Click-based 3D object selection and scene editing results. VoteSplat enables complete 3D object selection without issues of
incompleteness or redundancy. Moreover, after removing the selected Gaussian primitives, the scene can be effectively edited.

Methods snacks figurines teatime ramen

LS(Level1) ∼ 67 ∼ 116 ∼ 87 ∼ 56
OG ∼ 114 ∼117 ∼ 104 ∼55
GG - ∼ 150 ∼122 ∼ 90
VS ∼ 57 ∼ 54 ∼ 43 ∼ 53

Table 2. The training time (in minutes) of LangSplat (LS), Open-
Gaussian (OG), GaussianGrouping (GG), and VoteSplat (VS).2

with a 512-dimensional CLIP feature and select the corre-
sponding Gaussian primitives for rendering. For LangSplat
and OpenGaussian, we adhere to their respective proce-
dures. In LangSplat, the 512-dimensional CLIP feature
is reconstructed from the low-dimensional language fea-
ture of each Gaussian. In OpenGaussian, cosine simi-
larity is computed to select the corresponding Gaussian
primitives for rendering. Since Gaussian Grouping does
not inherently support semantic queries on Gaussian primi-
tives and is limited to instance segmentation, it is excluded
from semantic query comparisons; (iii) Dataset and Met-
rics: Experiments are conducted on 3D-OVS[17] and Lerf-
OVS[11], with all datasets annotated by LangSplat. Perfor-
mance is evaluated using average IoU and segmentation ac-
curacy, measuring the alignment between rendered images
(from selected 3D Gaussian points) and ground-truth object
masks. Additionally, we report training time across differ-
ent methods and provide feature visualizations of the point
clouds.

Result. Table 1 shows VoteSplat outperforms other
methods in both mIoU and mAcc. LangSplat, with weaker
3D understanding, struggles to accurately associate 3D
Gaussian points with query text. This suggests that 2D im-
age semantics derived from α-blending fail to effectively

capture 3D semantics encoded by Gaussian primitives. Ta-
ble 2 reports the training time for each model, evaluated
over 60,000 iterations on NVIDIA RTX 3090 GPU. VoteS-
plat achieves the shortest training time among all methods,
benefiting from its efficient voting mechanism. In contrast,
OpenGaussian’s intra-/inter-class contrastive learning sig-
nificantly increases training time. Gaussian Grouping [36]
relies on KNN for feature consistency, leading to high com-
putational and memory complexity during training.

Qualitative results are presented in Figure 5. Given a
text query, VoteSplat selects relevant Gaussian points and
renders them into multi-view images. Due to the ambiguity
of 3D point features, LangSplat struggles to accurately rec-
ognize target objects, while OpenGaussian fails to capture
fine-grained details as effectively as VoteSplat. For exam-
ple, with the prompt “old camera,” VoteSplat successfully
clusters finer details, such as the rope. Additionally, Vote-
Splat outperforms other methods in rendering occluded ob-
jects. In the teatime scene, it reconstructs the bear’s lower
body, despite being partially obscured by the table. More-
over, VoteSplat generates images with fewer noise artifacts,
enhancing overall rendering quality.

Figure 6 visualizes the point cloud features, where Vote-
Splat assigns distinct colors to instance categories for clar-
ity. In OpenGaussian, colors are derived by applying PCA
to reduce feature dimensions to three, and then mapping
them to RGB. In contrast, LangSplat directly uses its three-
dimensional features as point cloud colors. The feature vi-
sualization for Gaussian Grouping is provided in the supple-
mentary material. The well-segmented instances in VoteS-
plat demonstrate its superior performance.

2The running time is measured in minutes, with seconds omitted, de-
noted by the symbol ∼.
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Figure 5. Open-vocabulary 3D object selection on the LERF dataset. VoteSplat outperforms LangSplat and OpenGaussian in accurately
identifying 3D objects corresponding to text queries.
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Figure 6. Comparison of point cloud feature visualizations. From left to right, the scenes correspond to figurines, teatime, ramen, and
snacks. The first three scenes are from LeRF, and the last scene is from 3D-OVS. Our proposed method, VoteSplat, demonstrates superior
performance in terms of feature granularity and accuracy.

4.2. Click-based 3D Object Selection and Editing
Given an image from any viewpoint, clicking on a 2D pixel
selects the corresponding 3D Gaussian points. The instance
ID associated with the selected Gaussian primitive is then
retrieved, enabling click-based object selection. Addition-
ally, removing the entire instance allows for scene editing
effects. Figure 4 demonstrates click-based object selection

and scene editing on the LERF dataset. The left image
highlights instance segmentation under occlusion, while the
right image focuses on small object selection.

4.3. Hierarchical Segmentation

In some cases, instance segmentation is sufficient, but cer-
tain applications require finer segmentation, such as part
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Horns Teatime

Figure 7. Using SAM, objects are divided into multiple parts, each assigned a 2D vote. After training, VoteSplat generates a corresponding
3D vote for each component. The rendering results of these components are then visualized.

S
ce

ne
_
0
0
0
7

S
ce

ne
_
0
0
2
4

GroundTruth OpenGaussian
VoteSplat

(a) (b) (c)

Figure 8. Instance segmentation in complex scenes. Compared with Open-Gaussian, VoteSplat can handle more complex scenarios, such
as instance overlap and contain each other.

(a) (b) (c)

Figure 9. Comparison of ablation experiments. (a) shows 3D votes
of VoteSplat are precisely located at the instance center. (b) reflects
the effects of w/o Ld and the consequence of projecting first and
then accumulating V3d

i . (c) illustrates the impact of using trans-
mittance T .

segmentation for more precise analysis. VoteSplat supports
this functionality by utilizing multi-level masks from SAM
to compute hierarchical 2D votes. These votes generate lay-
ered 2D voting maps, which then supervise 3D votes, en-
abling finer-grained segmentation. As shown in Figure 7,
hierarchical 3D votes and rendering results are presented
on the LLFF [20] and LeRF datasets.

4.4. Instance Segmentation in Complex Scenes
To evaluate VoteSplat in complex scenarios, experiments
is conducted on GraspNet dataset [7], where instances
are overlapping, adjacent, and contained. Despite in-
stances’ proximity, VoteSplat successfully segments them.
As shown in Figure 8(b), 3D votes remain well-separated,
demonstrating the method’s effectiveness.

4.5. Ablation Study
As discussed in Section 3.3, projection inherently leads to
depth information loss. While the projected points may
align with 2D votes on the pixel plane, they can exhibit sig-

nificant depth discrepancies. This issue is more pronounced
in forward-facing data compared to 360-degree captures, as
the absence of side-view images prevents voting points from
consistently converging toward the instance center. Figure 9
illustrates the impact of Ld on the 3D-OVS dataset. With-
out Ld, the point cloud appears dispersed along the depth
dimension, whereas with Ld, the points are more tightly
clustered. Similarly, applying projection before accumula-
tion results in 3D vote dispersion. Additionally, when using
transmittance T , background points participate in voting,
introducing clustering disturbances, as in Figure 9(c).

5. Concluding Remarks
We introduce VoteSplat, a novel 3D scene understanding
method that integrates Hough voting with 3D Gaussian
Splatting (3DGS). Utilizing SAM for image instance seg-
mentation, we generate 2D vote maps to supervise 3D votes,
which are computed through embedded spatial offset vec-
tors. To further refine clustering, we introduce depth dis-
tortion, constraining spatial offsets along the depth dimen-
sion, ensuring Gaussian primitives are well-clustered in 3D
space. Additionally, by projecting instance IDs, VoteS-
plat establishes a precise correspondence between Gaus-
sian primitives and 2D image semantics, effectively resolv-
ing semantic ambiguities. Experimental results confirm its
effectiveness across various tasks. The voting mechanism
encounters challenges when instances have projected sizes
that significantly exceed the field of view (FoV), leading to
inaccuracies in 2D votes. Additionally, it may also struggle
with instances enclosed in concave containers, where spa-
tial proximity makes precise separation difficult.
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