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Abstract
We propose a novel approach for 3D Semantic Style Transfer in 3D Gaussian Splatting (3DGS) that applies style transfer to
specific segments of a 3D scene using 2D style images. Our method leverages a finetuning of 3D Gaussian splats and fast 2D
class-based style transfer to achieve targeted stylization with superior fidelity and multi-view consistency compared to existing
state-of-the- art methods. By incorporating a semantic understanding, our approach ensures precise, context-aware stylization,
aligning the visual characteristics of segments with their intended style. The application of 3D Semantic Style Transfer in
cultural heritage preservation and restoration holds significant potential. By accurately capturing and transferring styles onto
specific segments of cultural heritage objects, our approach demonstrates the potential of providing more accurate and visually
appealing stylization results that preserve the integrity and historical significance of cultural heritage artifacts.

CCS Concepts
• Computing methodologies → Rasterization; Artificial intelligence; Image manipulation;

1. Introduction

The conservation and preservation of cultural heritage rely on cap-
turing digital heritage objects in terms of various media items such
as photos, videos, text, or 3D reconstructions. Semantic systems
[CD17] in cultural heritage utilize semantic technologies to or-
ganize and analyze cultural heritage items. Iconography[Tay20],
a key discipline in art history, is essential for comprehending
the connections between representations, their historical context,
and social significance, making it integral to the development of
a system facilitating research, clustering, and comparison of vi-
sual items in digital heritage. In the field of cultural heritage al-
ready proposals have been presented for using digital analogues
for re-colorization and restoration of 3D objects [Øst19]. Neu-
ral style transfer [GEB15] is a powerful technique that combines
content and style images to create high-quality artistic representa-
tions. Style transfer can play a vital role in digitally restoring and
preserving cultural heritage by faithfully recreating unique artis-
tic styles, textures, and colors. Moreover, incorporating historical
image styles into 3D presentations enhances the immersive experi-
ence, surpassing traditional representations and promoting the ex-
ploration and appreciation of history through VR/AR technologies
[ZGMJ23].
The advancements in radiance fields [MST*20] for 3D reconstruc-
tion have opened up new possibilities for immersive exploration
of the 3D world. Radiance fields, which map 3D coordinates to
color and density values, can be implemented using implicit MLPs,
explicit voxels, or a combination of both. Recently, 3D Gaussian

Splatting (3DGS) [KKLD23] has been demonstrated to surpass ex-
isting implicit neural representation methods in terms of both qual-
ity and efficiency, thereby representing the current state-of-the-art
in novel view synthesis. Improved 3DGS methods like Gaussian
grouping [YDYK23] support open-world and fine-grained scene
understanding, enabling a variety of downstream scene editing ap-
plications with improved flexibility and effectiveness. The objec-
tive of 3D style transfer is to generate stylized representations of
novel views in a 3D scene while maintaining consistency across
multiple viewpoints. While 3D Gaussian Splatting based stylization
methods, such as StyleGaussians proposed by Liu et al. [LZX*24],
have shown success in achieving zero-shot style transfer and main-
taining multi-view consistency, there are still limitations to con-
sider. These methods often struggle to transfer style in a semantic
manner, meaning that the stylization may not align with the under-
lying semantic content of the scene. Additionally, the geometry is
not reconstructed based on the new styles, which can lead to a lack
of preservation of style distortions.
We propose a 3D style transfer algorithm based on 3DGS that can
transfer style to specific regions of the scene segmented by seman-
tic Object-IDs. Although not representing a zero-shot approach, our
method yields semantic stylization results that is not possible with
the current state-of-the-art zero-shot methods. Moreover, our re-
sults are more faithful and consistent across multiple views, as sup-
ported by our quantitative and qualitative analyses. We incorporate
an advanced shading function and differentiable environment light
map for more accurate and realistic stylization.
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Figure 1: Training pipeline for semantic stylization of Gasussian splats using our network

2. Related work

2.1. Learning based methods and scene understanding

3D Gaussian Splatting (3DGS) [KKLD23] has emerged as a pow-
erful technique for real-time 3D scene rendering, known for its
fast reconstruction and high-quality results. It employs rasteriza-
tion for rendering, enabling real-time performance and surpassing
previous ray casting-based radiance field methods [MST*20]. Ad-
vanced methods like Gaussian grouping [YDYK23] and LangSplat
[QLZ*23] go beyond appearance and geometry modeling, sup-
porting open-world and fine-grained scene understanding. These
methods outperform NeRF-based approaches [MST*20; ZLLD21]
in terms of scene modeling capabilities. However, Gaussian-based
methods struggle with scenes that have specular and reflective
surfaces, as they do not explicitly model appearance properties
like specular highlights. Recent methods, such as GaussianShader
[JTL*23], have made progress in enhancing neural rendering for
scenes with reflective surfaces while maintaining efficiency.

2.2. Neural Style transfer

Gatys et al. [GEB15] introduced neural style transfer, which sepa-
rates and recombines content and style to create high-quality artis-
tic images. Subsequent advancements, including feed-forward net-
works [JAF16; HB17; LLKY19], improved the speed of the opti-
mization process. Style transfer has also been extended to the 3D
domain [HTS*21; MWWL22], but many methods lack generaliz-
ability to new styles [NLX22; WJC*23]. Gaussian splatting-based
models like StyleGaussian [LZX*24] achieve real-time transfer but
do not support semantic style transfer or preserve stylization distor-
tions.

3. Methodology

We present a method to semantically stylize a 3D representation
in terms of Gaussian splats using the semantic object-IDs gener-
ated during the optimization process. As illustrate in Figure 1, we
employ a fast 2D style transfer in combination with a semantic seg-
mentation of a scene represented in terms of 3DGS to achieve a
semantic style transfer for the Gaussian splats using fine-tuning in
the selected region of interest.

3.1. Preliminaries

Gaussian splatting: In 3DGS [KKLD23], the scene is represented
using a set of 3D Gaussians, with parameters including the cen-

ter position, size, opacity, and color. These properties are differen-
tiable and can be projected to 2D splats for scene optimization. Our
implementation incorporates recent advancements in 3DGS algo-
rithms to enhance scene understanding [YDYK23] and appearance
modeling [JTL*23].
Semantic scene understanding: In our work, we utilize the Gaus-
sian grouping method [YDYK23] to generate consistent mask iden-
tities across views of the scene and group 3D Gaussians with the
same semantic information. The Segment anything model (SAM)
[KMR*23] in combination with a zero shot tracker [COP*23] is
used to automatically generate masks for each image, ensuring that
each 2D mask corresponds to a unique identity in the 3D scene.
Gaussian grouping introduces an additional attribute called Iden-
tity Encoding to each Gaussian, which efficiently distinguishes dif-
ferent objects in the scene. The final rendered 2D mask identity
feature is computed as a weighted sum over the Identity Encoding
of each Gaussian. A grouping loss to group the 3D Gaussians based
on their object mask identities is utilized, which includes a 2D Iden-
tity Loss λ2d and a 3D Regularization Loss λ3d . The total training
loss (Lrender) is represented as a combination of these losses, along
with the conventional 3D Gaussian Loss, in the following equation:

Lrender = (1−λ)L1 +λ ·LD−SSIM +λ2dL2d +λ3dL3d (1)

where λ, λ2d and λ3d are weighting factors.

Appearance modeling: In our stylization framework, we incorpo-
rate an enhanced representation of appearance by utilizing spheri-
cal harmonic coefficients to capture reflections, similar to the ap-
proach employed in Gaussian shader [JTL*23]. We compute the
appearances of the 3D Gaussian spheres using a shading function
that incorporates various factors such as diffuse color, roughness,
specular tint, normal vector, and a differentiable environment light
map. This approach allows us to achieve a more realistic and elab-
orate stylization of the scene.

2D class-based style transfer: Our objective is to achieve real-
time stylized image generation by employing the fast stylization
method (FSM) [JAF16]. FSM trains a fully convolutional neural
network (FCN) to produce a stylized image TS = M(I) that har-
monizes the content of the input image I with the desired style S.
Notably, this approach eliminates the need for optimization during
inference and hence was the choice of algorithm for 2D semantic
style transfer. The loss function given by

L(I) = 1
C2H2W2

||F2(M(I))−F2(I)||22︸ ︷︷ ︸
content loss

+
L

∑
l

1
Cl

||G(M(I), l)−G(S, l)||2F︸ ︷︷ ︸
style loss

(2)
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Figure 2: Qualitative Analysis: (a) comparison with the state-of-the-art methods (b) Stylization of cultural heritage asset (Statue
dataset[MAD*23]) using different stones.

with

Gi, j(X , l)︸ ︷︷ ︸
gram matrix

=
1

HlWl

Hl

∑
h=1

Wl

∑
w=1

Fl(h,w,i)(X) ·Fl(h,w, j)(X) (3)

where, Fl(·) is a feature extraction network (typically chosen as
VGG16 [SZ14]) that outputs a feature map at the l-th level. The
dimension of the level l feature map (in VGG16 it is 4 levels) is
given by Cl ×Hl ×Wl , where Cl represents the number of channels,
Hl represents the height, and Wl represents the width of the feature
map at level l. The content loss preserves the spatial structure of the
input image, while the style loss preserves the style defined by the
style image. By combining these losses, the input image undergoes
a style change while retaining its structure. To achieve a semantic
style transfer in 2D [KVL19], we use the object-ID from Gaussian
splats to get the object mask (Om) and then apply it to the style
image (TS) to get the ground-truth stylized image (GS) according
to:

GS = TS ∗Om +(1−Om)∗ I (4)

where I is the input image.

3.2. Semantic stylization of splats

The steps involved in our proposed method for semantic 3DGS styl-
ization are:

• Training the 3DGS with semantic scene understanding
[YDYK23] and appearance modelling [JTL*23] as explained in
Section 3.1

• Using the style images to train the fast neural transfer algorithm
[JAF16]

• The 3D stylization process is achieved using the architecture de-
picted in Figure 1. The object ID of the segment to be stylized
is used to identify the corresponding 3D Gaussian IDs associ-
ated with that object. These Gaussian IDs determine the set of
splats belonging to the specified object. The region of interest is
removed, and the subset Gaussian model, including the region to
be stylized, is optimized. Finally, the new splats are generated us-
ing the semantic stylized 2D multi-view images as ground truth.
During the fine-tuning process, only LPIPS [ZIE*18] loss is em-
ployed for the region to be stylized while using L1 loss outside
this region.

4. Evaluation

In our evaluation, we present both a quantitative and qualitative
analysis of our method, including cpmparisons to state-of-the-art
methods. For the comparison, we utilize results directly taken from
the respective papers.

Dataset For both the quantitative and the qualitative analysis, we
utilized the statue dataset [MAD*23]. Additionally, for qualitative
analysis, we used datasets from the Mip-Nerf 360 dataset (truck
and train) [BMV*22] and style images from Wikiart ([Wik]).

Implementation details Our training process were conducted on
an Nvidia RTX 3090 graphics card for 30,000 iterations for the
Gaussian splatting model. During the stylization process, fine-
tuning was performed for 10,000 iterations.

Quantitative analysis

Methods
Short-range
Consistency

Long-range
Consistency

LPIPS RMSE LPIPS RMSE
HyperNet [CTT*22] 0.036 0.043 0.076 0.078
StyleRF [LZC*23] 0.050 0.045 0.123 0.098

StyleGaussian[LZX*24] 0.026 0.031 0.072 0.073
Ours 0.019 0.042 0.028 0.055

Table 1: Quantitative results. We evaluate the performance of our
semantic stylization method against the state-of-the-art in terms of
consistency, using LPIPS (↓) and RMSE (↓).

The absence of a standard quantitative metric for evaluating 3D
style transfer quality has been acknowledged in previous research
[LZC*23; ZKB*22]. To address this limitation, our evaluation fo-
cuses on several key aspects, including multi-view consistency and
transfer quality as shown in Table 1. For assessing multi-view
consistency, we adopt a similar methodology to previous studies
[LZX*24; LZC*23; CTT*22], employing optical flow [TD20] and
softmax splatting [NL20] to warp one view to another. We then uti-
lize the masked RMSE score and LPIPS score [ZIE*18] as metrics
to measure the consistency of stylization across views. In our ex-
periments, we perform style transfers using six style images and
the generated results (see Figure 2b) are compared only in the se-
mantic stylized regions between the first and second frames for
short-range consistency, and between the first and end frame for
long-range consistency. As can be seen from Table 1, our method
outperforms the other methods in terms of long-term consistency
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and demonstrates some improvement in the LPIPS score for short-
term consistency.

Qualitative analysis Our method demonstrates the ability to gen-
erate plausible results when compared to other style transfer meth-
ods (Figure 2a), and works also well on cultural heritage assets
as shown with the Statue dataset [MAD*23], in the Figure 2b).
By applying semantic style transfer to 3D Gaussian splats, our
method accurately transfers style to individual segmented splats. In
contrast, the other methods[CTT*22; LZC*23; LZX*24], although
zero-shot, are unable to transfer styles to specific segments.

5. Conclusion and Future work

In this paper, we propose a method for semantically stylizing a
scene represented by Gaussian splatting from a 2D style image.
This technique has potential applications in digital restoration of
cultural heritage objects by re-colorizing 3D objects like statues us-
ing iconographic evidence. By seamlessly integrating artistic styles
into 3D environments, it enhances the transformation and repre-
sentation of cultural heritage artifacts, providing immersive digital
experiences. Future work can focus on developing an end-to-end
architecture that integrates the training of style images directly into
the training pipeline to improve efficiency and effectiveness.
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ment 101061157).
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