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Abstract

A key challenge in fine-grained 3D-based interactive editing
is the absence of an efficient representation that balances
diverse modifications with high-quality view synthesis un-
der a given memory constraint. While 3D meshes provide
robustness for various modifications, they often yield lower-
quality view synthesis compared to 3D Gaussian Splatting,
which, in turn, suffers from instability during extensive edit-
ing. A straightforward combination of these two represen-
tations results in suboptimal performance and fails to meet
memory constraints. In this paper, we introduce SplatMesh,
a novel fine-grained interactive 3D segmentation and edit-
ing algorithm that integrates 3D Gaussian Splat with a pre-
computed mesh and could adjust the memory request based
on the requirement. Specifically, given a mesh, SplatMesh
simplifies it while considering both color and shape, ensur-
ing it meets memory constraints. Then, SplatMesh aligns
Gaussian splats with the simplified mesh by treating each
triangle as a new reference point. By segmenting and edit-
ing the simplified mesh, we can effectively edit the Gaussian
splats as well, which will lead to extensive experiments on
real and synthetic datasets, coupled with illustrative visual
examples, highlight the superiority of our approach in terms
of representation quality and editing performance. Code of
our paper can be found here: https://github.com/kaichen-
/SplatMesh.

1. Introduction

Editing the geometry and texture of 3D content is crucial
in the computer vision community, with applications across
various fields [7, 11, 17, 18, 20, 28, 39, 51, 52, 66, 69, 79].
In Virtual Reality (VR) and Augmented Reality (AR), en-
hancing 3D models allows for more immersive experiences
by refining object details, adjusting textures, or modify-
ing structures in real-time [47, 61]. Precise editing of 3D
anatomical models aids surgical simulations, enabling doc-
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Figure 1. Illustration. Our method enables high-quality interac-
tive 3D segmentation and editing for multi-view representations.
The top row displays the original images, while the row below
presents the edited results, where the target book has been enlarged
and stylized into a cartoon-like appearance.

tors to visualize and adjust structures before actual proce-
dures [4, 48]. Artists and developers leverage 3D editing to
refine character models, adjust animations, and create real-
istic environments in films, video games, and digital simu-
lations [14].

Despite the significance of 3D editing, modifying spe-
cific components within a 3D scene captured from multi-
view images while ensuring consistent rendering across
views and meeting memory constraints remains challeng-
ing. As illustrated in Figure [, the first row depicts an
indoor scene reconstructed from multi-view images, while
the second row demonstrates how the multi-view represen-
tations are updated after modification to accurately reflect
the change of a specific object,

Some previous multi-view editing methods rely on pre-
trained 2D models to perform style transfer on entire images
across different views, which makes them impractical for
this task [9, 10, 15,26, 27, 77]. Other previous works [2, 16]
encode 3D information into a feature volume and perform
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editing by modifying the 3D feature volume. However,
the low-resolution feature volume and implicit correspon-
dences between feature volume and 3D scene, limit their ap-
plicability for precise editing, while the voxel-based repre-
sentation makes them unsuitable for simulating real-world
physical phenomena.

Based on these concerns, recent work has begun incor-
porating meshes or point clouds into the 3D editing process
to achieve realistic and precise modifications. Their com-
pact and structured representation, along with their suitabil-
ity for Finite Element Methods (FEM), makes them well-
suited for this purpose. Recent work in 3D editing [12, 76]
first learns a 3D mesh representation and then integrates it
with a neural radiance field-like approach to achieve real-
istic image rendering. However, due to the limitations of
neural radiance fields, their resolution remains restricted.
More advanced methods, such as those based on 3D Gaus-
sian splitting [40], can only perform simple simulations due
to the nature of splatting. By combine mesh representation
with 3D gaussian splat, [ 18] enables more complex modifi-
cations. However, it has two main drawbacks: it can only
modify the entire image at once and requires high computa-
tional resources due to its dense sampling strategy.

In this paper, we propose a method that enables pre-
cise 3D editing while meeting specific memory require-
ments, which consists of representation construction stage
and editing stage. In the first stage, given multi-view infor-
mation of a 3D scenario, SplatMesh first learns a 3D mesh
from the input data. SplatMesh then applies an efficient
downsampling method that reduces the number of triangles
in the mesh to a specific target without compromising the
quality of subsequent steps. Using the downsampled mesh,
SplatMesh integrates 3D Gaussian splatting to achieve real-
istic rendering. In the second stage, SplatMesh segments a
specific part of the mesh from the scenario and applies tar-
get modifications, such as texture or geometry adjustments.
These modifications are then transferred to the Gaussian
splat using established correspondences, enabling the ren-
dering of realistic modified images.

Our constitution could be summarized as following:

* We propose a hybrid 3D representation that integrates 3D
meshes with 3D Gaussian splats. This approach achieves
robust performance across a range of editing tasks while
delivering high-quality view synthesis results, all within
the specified memory requirements.

* Building on this representation, we introduce a novel 3D
segmentation method that enables segmentation of both
meshes and Gaussian splats using input multi-view im-
ages and a vision foundation model.

* Building on the proposed methods, we demonstrate two
types of editing operations: geometry editing and texture
editing using multi-view information. Our approach also
outperforms existing methods in view synthesis and seg-
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mentation results across multiple datasets.

2. Related Work

Representation for Novel View Synthesis Novel view
synthesis generates photo-realistic images from new view-
points using a set of posed scene captures. Recent de-
velopments have integrated neural networks into the ren-
dering process, leveraging various representations such as
voxels [38, 55], point clouds [1, 13, 83], multi-plane im-
ages (MPIs) [34, 41, 81, 82, 84], and implicit representa-
tions [56]. However, these methods often produce lower
rendering quality. A notable advancement in this area is
the Neural Radiance Field (NeRF) [6, 36, 43, 45, 49, 53,
57,58, 62, 64,72, 75, 80], which uses a Multilayer Percep-
tron (MLP) to encode scenes into a volumetric field. Due to
the nature of latent representations, editing through NeRF
is challenging. Recently, 3DGS has gained significant at-
tention [5, 8, 30, 44, 59, 68] due to its high rendering qual-
ity. However, compared to 3D meshes, 3DGS lack explicit
3D structure and surface definition, making them less suit-
able for 3D editing tasks. Recent works [21, 25, 74] in-
tegrate 3DGS into mesh structures for mesh reconstruction,
enabling both view synthesis and mesh reconstruction capa-
bilities. While they focus primarily on mesh reconstruction,
they cannot guarantee comparable quality in view synthesis.
In this paper, we propose a representation that combines the
advantages of mesh and 3DGS to achieve realistic view syn-
thesis and enable diverse editing.

3D Editing Previous editing methods typically focus on
2D editing based on single images [31, 33, 35, 50, 54, 85].
The advancement of 3D computer vision has made 3D edit-
ing possible, encompassing both scene-level and object-
level editing. Scene-level editing involves modifying global
attributes such as lighting [22] and color palettes [32], while
intrinsic decomposition methods [23, 24, 46, 73, 78, 86]
enable more fine-grained adjustments. At the object level,
techniques such as Object-NeRF [70] and Liu et al. [37] fa-
cilitate manipulation within neural radiance fields, though
they are primarily restricted to rigid transformations. [7, 63]
integrate pretrained single-image editing models, such as
diffusion models, with 3DGS to achieve multi-view edit-
ing. However, their performance is constrained by the limi-
tations of the pretrained models and lacks precise editing ca-
pabilities. NeuMesh [12] represents a significant advance-
ment in object-level editing with its fine-grained control;
however, its mesh-based representation constrains its per-
formance in view synthesis. Despite these advancements, a
major drawback in the field remains the optimization for ef-
ficiency, with many methods requiring extensive optimiza-
tion and inference times for practical editing applications.
Concurrent works, namely GaMeS [17], Mesh-GS [18] and
Meshgs [11], rely on a relatively large number of splats



since their sampling process is performed on a per-triangle
basis via pre-computed mesh. Additionally, these methods
only associate the position of 3D Gaussian splats with the
mesh without offering an efficient interactive segmentation
mechanism. In contrast, SplatMesh is designed to deliver an
interactive system capable of supporting diverse and fine-
grained editing tasks.

3. Methodology

The user is provided with a set of multi-view im-
ages {I1,I5,...,Ix} captured from different viewpoints
{C1,C4,...,Cy}, depicting a 3D scene. The editing pro-
cess begins with the user selecting a random image I,, and
segmenting the region of interest using prompts. The user
then specifies editing instructions IS for the segmented re-
gion, enabling targeted modifications.

The goal of SplatMesh is to generate a set of modified
multi-view images {I{, I§, ..., I }, ensuring that the mod-
ifications applied to I are reflected consistently across all
views, resulting in a coherent and realistic set of modified
images. This methodology comprises four key steps:

1. **Integrating Mesh and Gaussian Splats**: We uti-
lize a state-of-the-art multi-view geometry estimation algo-
rithm to reconstruct a mesh representation M of the 3D
scene. Based on the geometric and texture features of M,
we downsample the original set of vertices {v;} to new set
{vi}. For each new triangle {v],v],,v; ,}, we sample
N? 3DGS. These 3DGS form the basis for subsequent view
synthesis and editing processes.

2. **3D Mesh Segmentation**: To facilitate accurate
editing, we construct a 3D mask M that corresponds to the
edited segmented image I;. This segmentation process en-
sures alignment between the user’s 2D editing inputs and
the underlying 3D representation.

3. **View Synthesis and Editing**: Leveraging the pro-
posed view synthesis model and 3D segmentation frame-
work, we demonstrate two editing modalities: geometric
editing and texture editing. These operations ensure the
edits applied to I are propagated consistently across all
viewpoints, maintaining coherence and realism.

3.1. Preliminary

In 3D Gaussian Splatting (3DGS), rendering is performed
using explicit 3DGS as the main primitives. A 3D Gaussian
point, represented mathematically, is defined as:

O(a) = oxp (—;@s WS (@ u)> LW

where x denotes a point in 3D space, p is the mean
position, and ¥ is the covariance matrix that governs the
spread of the Gaussian. Each Gaussian also has a view-
dependent color ¢ and an opacity value o, with the color
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typically represented using spherical harmonics (SH). X is
parameterized by a unit quaternion q and a 3D scaling vec-
tor s, where:X = RSSTRT. When rendering an image
from a specific viewpoint, the 3D Gaussians are projected
onto the image plane, transforming them into 2D Gaus-
sians. The resulting 2D covariance matrix is computed as:
Y = JWEWTJT, where W is the viewing transfor-
mation matrix, and J is the Jacobian of the affine approxi-
mation of the perspective projection. The means of the 2D
Gaussians are computed via the projection matrix, while the
pixel colors are obtained through alpha blending. For each
pixel in the image, the color C is derived by combining the
contributions of the NV ordered 2D Gaussians as follows:

i—1
C= Z Tiaici where Ti = H(l — Ozj), (2)
i€{N} j=1
Here, the opacity «; for each Gaussian is determined by
multiplying the opacity o with the probability based on the
2D covariance ¥’ and the pixel’s position in the image.

3.2. Mesh-based View Synthesis

In this section, we propose integrating 3DGS with a pre-
computed mesh. By manipulating the mesh, we enable
modifications to the 3DGS, which in turn affect the syn-
thesized frames. Unlike Sugar[21], which uses the mesh
solely to initialize 3D splats, our approach establishes both
color and geometric relationships between the mesh and the
3DGS. This integration involves two steps, as illustrated in
Figure 2. In step (A), we utilize the reconstructed mesh
and image information to generate a colored mesh. In step
(B), we downsample the original set of mesh vertices into a
smaller set and then sample 3DGS based on new set.

3.2.1. Mesh Coloring

To achieve mesh coloring, we follow the following steps:
(1) Given a frame I,, and the camera matrix C,,, we es-
timate the corresponding depth D), based on the mesh
M. This depth information is used to compute the corre-
sponding 3D point P for each pixel p using the equation
P = D/ (p)K,C,p, where K, represents the intrinsic
camera matrix. (2) By reprojecting all the pixel-wise color
information into the 3D point space, we obtain a set of col-
ored points { P, }N_,, where P, represents the 3D points
associated with frame I,,. (3) For each vertex v in the mesh
M, we find the K closest points from the colored points
obtained in the previous step. These closest points serve as
the neighboring points for vertex v:

{PEE = argming (v — P)%. 3)
By performing these steps, we can color feature vectors to
each vertex in the mesh, enabling the construction of the
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Figure 2. Illustration of Mesh Construction and Surface Rendering in SplatMesh. The SplatMesh involves 2 steps. In Step (1),
a multi-view approach is employed to reconstruct the mesh, followed by projecting the color onto the mesh to create the colored mesh
representation. In Step (2), the colored mesh is initially downsampled based on geometry and texture information, and 3DGS is then

sampled within the new set of vertices.

colored mesh representation M. The feature of vertice v
could be written as:

1

1P — v’

where wy, is the weight based on the inversed distance.

k=K k=K
c(v) = Y wilC(P)/ Y wi, wy = 4)
k=1 k=1

3.2.2. Geometry and Texture-Guided 3D Point Sampling

Given the colored mesh representation M. Instead of uni-
formly sampling N? splats for each triangle, SplatMesh
firstly downsample vertices into new set of vertices
{v!}N', . Then SplatMesh generate N* sample for each new
triangle.

Downsamplig: To achieve efficient mesh downsampling
and obtain the downsampled vertices {v!} ', from the orig-
inal vertex set {v;}}¥;, we employ Quadric Error Metric
(QEM), which enables accurate mesh simplification.

Traditional QEM is formulated as:

E(’U') — ,UITQ/,UI (5)
where Q' = Q1+Q)>, and Q7 and 5 represent the distance
metrics of vertices v; and vy to the corresponding triangle
planes. The error quadric ) for a given plane ax + by +
cz + d = 0 1is defined as:

Q=mnn", where n=la,bcd”. (6)

However, this method only considers geometric features
and does not account for additional properties such as color
and smoothness. Inspired by previous work [19], we extend
the color dimensions into the original coordinate space, re-
defining each vertex as v = (z,v, 2,7, ¢,b), and construct
the corresponding quadric matrix @) accordingly. Besides,

noting that QEM struggles to maintain high triangle quality
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and may weaken less prominent features [67], we introduce
a post-processing step using Taubin smoothing [60]. This
additional procedure ensures a more uniform distribution of
points across the mesh, enhancing both geometric and vi-
sual fidelity in the downsampled mesh.

Sampling: In this step, we aim to associate new triangle
{v], v |, v} o} with N* gaussian splats G. The core idea
is to leverage the local coordinate system of each triangle,
which is defined by three fundamental directions:

= [, = @ =) x (1 — )
[(vi 1 — i) x (vi, — V) -
vl —v!
di = ( T ,) ,d3 = d; x dy
||('Ui+1 v))||

The center of this coordinate system is given by

(1= /r)v] + (1 = r2)vl +/rirav] s, (8)

where r1 &y are randomly sampled from the interval [0, 1].
The color of this coordinate is expressed as

ci = (1—ﬁ)6(v£)+ﬁ(l—fa)0(v£+1)+\/ﬁr20(v£+(29))-

Hi

The scale of this coordinate is represented by
si = [[vip1 = vill, [lviys — vl [vie — 07l (10)

During the optimization process, the parameters of a
Gaussian splat are updated as follows:

Ri = RzRu

Si = 8i8i,

B = i + Rifi;,

L)

vzhere Ri, ;. S;, and ¢; are the optimizable parameters;
R;, [i;, 8;, and ¢; are the parameters for Gaussian splats.
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Figure 3. Illustration of 3D Segmentation Pipeline. The red and green stars represent prﬁihw and prﬁ’;{u, used for the SAM model.

3.3. 3D Mesh Segmentation

To enable precise 3D editing using the segmented frame I,
we extend the 2D mask to 3D. Accurate 3D segmentation
helps modify specific parts while keeping others static. Un-
like 2D methods like SAM, interactive 3D segmentation is
limited. Though SAM3D [3] exists, it struggles with fine-
tuning for prompt updates. We propose an efficient 3D seg-
mentation approach based on 2D supervision, as illustrated
in Figure 3.

* (a) 2D Mask Generation: The 2D mask m,,. =
{p;}, p; € {0, 1} forimage I, is generated using user-
provided prompts prgf% and prgﬁﬁ with a trained SAM.

* (b) 3D Masking: The 2D mask m,,,. is back-projected
to obtain 3D masked vertices M = {v; }.

¢ (¢) Next Frame Selection: The next frame is chosen as:

Ic = argmax Vo, M). (12)
c

where (z,y) denotes the overlap between x and y.
¢ (d) New Prompt Generation: Given accurate prior
prompts, new prompts should remain close to pry,.. We

: obj .
determine vy as:

obj _

voX = argmin (d), (13)

d= Z [|[Ve[Observed Part] — v;%

pre

I (14)

Similarly, we find v21" , project them to 2D, and generate

pixel-wise prompts pr°t” and prc% . The new mask

e 1S Obtained via SAM, updating mp,e = Myew,
and restarting from step (b).

For robustness, in step (b), direct replacement of 3D ver-
tices using m,,. may lead to segmentation errors. Instead,
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for each vertex v, segmentation results across prior frames
{M,,}_, are considered. If most frames classify v as 1,
it is marked as an ’object’; otherwise, as ’others’. This en-
sures consistent segmentation across frames. The final 3D
mask M is then projected onto each frame for precise seg-
mentation, enabling further analysis and editing.

3.4. 3D Editing

Building upon the previously proposed Neural Mesh Con-
struction and 3D Mesh Segmentation methods, we will now
focus on implementing two specific types of editing. It’s
important to note that although we only present these two
editing methods, our approach can be extended to other
editing operations, such as scaling.

Geometry Deformation. Our representation is primarily
based on an explicit mesh representation, which enables us
to achieve consistent multi-view geometric editing by ma-
nipulating the 3D neural mesh. In order to maintain local
consistency within the 3D representation, we have deviated
from the traditional volume rendering process, which relies
on global positions. Instead, we calculate local normals and
relevant distances between queried points and vertices. This
allows us to infer the structure and appearance information
of the 3D scenario. Our Experiment section includes several
examples that demonstrate these concepts.

In our proposed single-view-based 3D editing approach,
we first utilize a 3D segmentation method to create a mask
for vertices that are subject to deformation and vertices
that are intended to remain static. Next, we employ a
mesh deformation algorithm, such as ARAP (As-Rigid-As-
Possible), to transform the shape of the 3D mesh. Finally,
the 3D neural mesh is used to construct the 3D appearance
information.



Texture Painting. In addition to 3D geometry deforma-
tion, we introduce texture painting operations for 3D edit-
ing. This allows users to draw directly on a selected frame
I¢ from the provided frames I, Is, ..., Iy. Instead of mod-
ifying the UV mapping, our approach, called SplatMesh,
offers a more intuitive way to perform texture painting.

To begin the texture painting process, we start with the
edited frame IS. First, we segment the edited region m,
by comparing I with the corresponding original frame I,.
This segmentation helps identify the specific area that has
been modified. We then back-project the 2D mask m, into
3D vertices, resulting in the vertex mask M. This vertex
mask indicates which vertices of the colored mesh M are
affected by the edited region. Using the vertex mask M,
we modify the colored information of the mesh M for the
masked-out vertices. This ensures that the texture changes
applied to the edited region are reflected in the 3D represen-
tation. Finally, based on the edited mesh MC, we fine-tune
our 3D gaussian. By incorporating texture painting opera-
tions into our approach, we provide users with the ability
to directly manipulate and enhance the visual details of 3D
objects. This expands the range of editing possibilities and
offers a more intuitive and natural way to modify textures
without the need for complex UV mapping adjustments.

4. Experiments

To demonstrate the advantages of our method, we conduct
a series of experiments aimed at providing comprehensive
evidence of its capabilities in various aspects, including (1)
novel view synthesis, (2) 3D mesh segmentation, and (3) 3D
interactive editing. Detailed experimental settings and ad-
ditional visualization results are provided in the Appendix.

Datasets. Our experiments are conducted on various
datasets, including DTU [29] and NeRF Synthetic [42]. For
the DTU dataset [29], we used the IDR [71] configuration,
utilizing 15 scenes with images of 1600 x 1200 resolution
and accompanying foreground masks. To facilitate metric
evaluation for both rendering and mesh quality, we ran-
domly selected 10% of the images as a test split and used
the remaining images for training. For the NeRF Synthetic
dataset, we adhered to the official split guidelines. Due
to page limitations, the results of our method on the DTU
dataset are provided in the appendix.

4.1. View Synthesis

We first conduct an evaluation of view synthesis perfor-
mance across several surface rendering techniques. We in-
clude comparisons with Sugar [21]. The experimental setup
follows Xiang et al. [65], assessing each method on two
benchmark datasets, i.e., DTU and NeRF 360° Synthetic
with three metrics, namely PSNR, SSIM, and LPIPS.
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Results. As shown in Table 1, a comparison between
Sugar and Ours* reveals that our method achieves supe-
rior view synthesis results with significantly fewer points.
Specifically, using only 35% of the points, our approach
surpasses Sugar by 5% in terms of PSNR. Additionally,
Our* employs a geometry-texture fused mesh downsam-
pling method, reducing the point count to 12% of Sugar’s,
while still achieving superior performance. This demon-
strates that our method provides an efficient initialization
for Gaussian points, as increasing the number of points does
not lead to noticeable performance gains. The qualitative
results in Figure 4 further corroborate these findings, show-
casing that our method effectively preserves detailed geom-
etry and texture information in the generated images.

We also evaluated our approach with the DTU dataset,
as presented in Table 1 of the Appendix and Figure 1 of the
Appendix. On this dataset, Ours achieves a 10% improve-
ment in PSNR, a 10% improvement in SSIM, and a 60%
reduction in LPIPS compared to Sugar, while utilizing only
9% of the points. Our* attains comparable quality with only
1/3 of the points required by baseline approaches. Quali-
tatively, our results exhibit minimal blurring or unclear re-
gions, further emphasizing the effectiveness of our method.

4.2. 3D Interactive Segmentation

In this section, we present the results of our study on 3D
mesh segmentation, leveraging interactive user-provided in-
structions to guide the process. The primary goal is to eval-
uate the effectiveness of our proposed method in accurately
segmenting reconstructed 3D meshes based on 2D input
prompts. By integrating user input into the segmentation
pipeline, we aim to showcase the ability of our method to
bridge 2D annotations and 3D geometry, enabling precise
and context-aware segmentation.

As illustrated in Figure 5, our method demonstrates a
robust ability to propagate segmentation prompts provided
in a single 2D image to the corresponding 3D mesh. By
mapping user-defined masks from the 2D domain into 3D,
we achieve accurate and comprehensive segmentation of the
target object within the reconstructed mesh. This approach
ensures that the 3D mask faithfully reflects the user’s intent,
making it highly suitable for tasks requiring precision.

4.3. 3D Interactive Editing

Interactive Geometry Editing. In this section, we
demonstrate the effectiveness of our method in interactive
3D geometry editing. As illustrated in Figure 6 (specifically
in the first row), our approach enables users to manipulate
an object within a view interactively. This manipulation di-
rectly alters the corresponding 3D mesh, leading to coherent
and synchronized changes across different viewpoints. This
experiment highlights our algorithm’s capability not only in
generating realistic and visually appealing views but also
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Figure 4. Qualitative Comparison of View Synthesis on NeRF Synthetic Dataset. We conducted a comparative analysis with SuGaR,
evaluating the outcomes of extracting 3DGS from meshes and rendering test perspectives under identical fine-tuning iterations. Our*
denotes the configuration employing our mesh downsampling method with a 1/3 face retention ratio and Our denotes the configuration w/o
using downsampling. In contrast to SuGaR, our model demonstrates a significant reduction in artifact generation and yields results with
enhanced granularity.

Sugar (811K) Ours* (94K) Ours (284K)
PSNR 1 SSIM 1+ LPIPS | PSNR 1 SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |
chair 33.16 0979 0.023 3383 0980 0.020 34.87 0985 0.013
drums 2528 0946 0.048 2593 0953 0.041 2597 0954 0.039
ficus 3239 0981 0.019 3518 0986 0.013 35.11 0986 0.013
hotdog 36.22 0983 0.023 36.08 0980 0.030 36.77 0984 0.021
lego 33.67 0976 0.023 3472 0978 0.024 36.01 0983 0.015
materials 27.32 0940 0.048 2844 0948 0.055 28.81 0953 0.045
mic 34.61 0991 0.008 36.23 0992 0.007 36.51 0992 0.007
ship 29.18 0.883 0.111 3045 0.896 0.119 30.86 0.898 0.106

Average 3148 0960 0.038 32.61 0964 0.039 33.11 0967 0.032

Table 1. Quantitative Results for View Synthesis on NeRF Synthetic. Performance evaluation of Sugar and SplatMesh for novel view
synthesis, with all methods trained for 10,000 iterations. Our* denotes the configuration employing our mesh downsampling method with
a 1/3 face retention ratio, and best results are emphasized in boldface.

in maintaining the consistency of the reconstructed mesh applications requiring real-time 3D scene manipulation and
during dynamic geometry modifications. Such interactive visualization.
editing underscores the practical utility of our method in
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(Instruction) (Viewl) (View2) (View3) (Viewd)
Figure 5. Example of 3D Segmentation with SplatMesh. Our
approach enables interactive 3D segmentation using 3D prompts.
The first column displays the positions of 2D prompts, while the

remaining columns present the 3D segmentation results.

Geometry

(Instruction) (Edited Mesh) (View 1) (View 2) (View 3) (View 4)

Geometry

(Instruction) (Edited Mesh) (View 1) (View 2) (View 3) (View 4)

Figure 6. Example of 3D Interactive Editing with SplatMesh.
Our approach allows for interactive geometry editing (1st row) and
interactive appearance editing without fine-tuning (2nd row).

Base QEM (1/3)

32.53

QEM+ (1/3)
32.61

QEM+ (1/6)
31.92

QEM+ (1/9)
31.39

Average  33.11

Table 2. Quantitative Comparison of Geometry Compression
Strategies. Average PSNR results on NeRF Synthetic demonstrat-
ing the effectiveness of our quantization-enhanced methods (QEM
variants) versus the baseline approach. The suffix ratios denote pa-
rameter reduction factors.

Interactive Appearance Editing. We further demon-
strate the capabilities of our method in interactive surface
editing. Our approach enables users to modify an object’s
surface within a view. For example, in one of our exper-
iments, we modify the object’s surface by coloring half
of the mesh yellow, as shown in the second row of Fig-
ure 6. This modification is reflected in the corresponding
mesh, leading to changes in the reconstructed views from
new perspectives. The experiment showcases how our al-
gorithm facilitates not only the modification of the mesh’s
appearance but also ensures that these changes are consis-
tently translated across different views. The result is vi-
sually compelling and customized outputs, illustrating the
practical utility of our method in applications that require
detailed and personalized surface editing.

4.4. Ablation Studies

To further validate the effectiveness of SplatMesh, we con-
duct ablation studies focusing on two critical aspects: (1)
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GT Our-base Our*(1/3) Our*(1/6) Our*(1/9)

Figure 7. Qualitative Results of the Ablation Study. Compar-
ative evaluation of mesh downsampling with face retention ratios
(1/3, 1/6, 1/9) demonstrates effective preservation of visual fidelity
for both isolated objects and complex scene geometries under high
compression ratios.

the impact of integrating geometry-texture information with
smoothing (QEM+) , compared to geometry-only methods
(QEM), and (2) variations in the mesh downsampling ratio.
Quantitative results are presented in Table 2, and qualitative
outcomes are illustrated in Figure 7.

Several important observations emerge from this study.
First, incorporating texture information and smoothness-
aware optimization (QEM+) improves mesh downsampling
guidance compared to geometry-only QEM, enabling bet-
ter Gaussian initialization. Besides, thanks to its effec-
tive initialization, SplatMesh maintains comparable ren-
dering quality for both single objects and complex scenes
even after aggressive point reduction. Even when reducing
points to 1/9 of the base configuration, our QEM+ strategy
maintains rendering quality with < 2% PSNR degradation,
demonstrating remarkable efficiency.

5. Conclusion

In this study, we present SplatMesh, a highly efficient algo-
rithm for interactive 3D segmentation and editing, designed
to operate seamlessly without fine-tuning for user-specific
prompts. By integrating mesh representation with 3D Gaus-
sian splitting, SplatMesh enables accurate 3D segmentation
and interactive editing with remarkable precision.

This innovative approach not only enhances the accuracy
of scene reconstruction but also introduces novel capabili-
ties for geometric and appearance-based editing. Extensive
experiments demonstrate that SplatMesh consistently out-
performs existing methods in both quality and editing func-
tionality across diverse datasets. These results mark a sig-
nificant advancement in the domain of interactive 3D edit-
ing, setting the stage for future innovations and applications
in the field.
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