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Abstract

We introduce Style4D-Bench, the first benchmark suite
specifically designed for 4D stylization, with the goal of stan-
dardizing evaluation and facilitating progress in this emerg-
ing area. Style4D-Bench comprises: 1) a comprehensive eval-
uation protocol measuring spatial fidelity, temporal coher-
ence, and multi-view consistency through both perceptual and
quantitative metrics, 2) a strong baseline that makes an initial
attempt for 4D stylization, and 3) a curated collection of high-
resolution dynamic 4D scenes with diverse motions and com-
plex backgrounds. To establish a strong baseline, we present
Style4D, a novel framework built upon 4D Gaussian Splat-
ting. It consists of three key components: a basic 4DGS scene
representation to capture reliable geometry, a Style Gaus-
sian Representation that leverages lightweight per-Gaussian
MLPs for temporally and spatially aware appearance con-
trol, and a Holistic Geometry-Preserved Style Transfer mod-
ule designed to enhance spatio-temporal consistency via con-
trastive coherence learning and structural content preserva-
tion. Extensive experiments on Style4D-Bench demonstrate
that Style4D achieves state-of-the-art performance in 4D styl-
ization, producing fine-grained stylistic details with stable
temporal dynamics and consistent multi-view rendering. We
expect Style4D-Bench to become a valuable resource for
benchmarking and advancing research in stylized rendering
of dynamic 3D scenes.

Code — https://becky-catherine.github.io/Style4D

Introduction
Recent advances in 4D scene representations (Wu et al.
2024; Luiten et al. 2024; Duan et al. 2024) have enabled
high-fidelity modeling of dynamic environments, unlocking
new possibilities for immersive content creation in virtual
reality and film production. As applications become more
demanding, there is a growing need not only for accurate re-
constructions but also for controllable appearance and styl-
ization of dynamic 4D content. Users may wish to stylize a
4D scene to reflect specific artistic intents, emotional tones,
or narrative contexts—while maintaining both temporal co-
herence and multi-view consistency.

*These authors contributed equally.
†Corresponding authors
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Despite recent progress in related areas like 2D and 3D
stylization, the field of 4D stylization remains largely under-
explored, with no standardized datasets, evaluation metrics,
or task definitions. Existing methods adapted from 2D (Gu
et al. 2018; Kolkin, Salavon, and Shakhnarovich 2019; Liao
et al. 2017), 3D (Chiang et al. 2022; Liu et al. 2024; Saroha
et al. 2024; Zhang et al. 2024), or video (Lai et al. 2018;
Deng et al. 2021) stylization often fail to meet the unique
challenges of 4D settings, such as jointly preserving spa-
tial fidelity, temporal stability, and multi-view consistency
under complex motion and occlusion. Moreover, recent dy-
namic scene representations like 4D Gaussian Splatting
(4DGS) (Wu et al. 2024) offer strong rendering capabilities,
but have not yet been explored in the context of stylization.

To fill this gap, we introduce Style4D-Bench—the first
benchmark suite dedicated to 4D stylization. Our bench-
mark provides: 1) A curated set of high-resolution, complex-
background dynamic 4D scenes exhibiting diverse motions,
deformations, and view-dependent effects; 2) A compre-
hensive evaluation protocol, including both perceptual and
quantitative metrics, to assess spatial fidelity, temporal co-
herence, and cross-view consistency. Style4D-Bench is de-
signed to facilitate fair, reproducible, and scalable evaluation
of future 4D stylization approaches.

To establish a strong baseline within our benchmark, we
also propose Style4D, a novel 4D stylization framework
based on 4D Gaussian Splatting. Style4D consists of three
key components: a basic 4DGS scene representation for ge-
ometry modeling, a Style Gaussian Representation that in-
corporates lightweight per-Gaussian MLPs for time- and
depth-aware stylization, and a Holistic Geometry-Preserved
Style Transfer module to enhance spatio-temporal consis-
tency through contrastive learning and content-aware reg-
ularization.

Our contributions are summarized as follows: 1) We
present Style4D-Bench, the first benchmark suite for 4D
scene stylization, offering standardized datasets, tasks, and
evaluation metrics to drive progress in this emerging area.
2) We define core evaluation challenges in 4D stylization,
including spatial fidelity, temporal stability, and multi-view
consistency, and design comprehensive protocols to quantify
them. 3) We propose Style4D as a strong baseline method,
which leverages 4D Gaussian Splatting with a style-aware
representation and a holistic spatio-temporal transfer mod-
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ule. 4) Extensive experiments on Style4D-Bench demon-
strate the effectiveness of our method and reveal insights
into current limitations and future opportunities in 4D styl-
ization.

Related Works
3D Representations. Neural Radiance Fields
(NeRFs) (Mildenhall et al. 2021) represent 3D scenes
as continuous volumetric functions using MLPs, which
enables high-quality novel-view synthesis. Later work
introduced compact representations such as decomposed
tensors (Fridovich-Keil et al. 2023), hash tables (Müller
et al. 2022), and voxel grids (Fridovich-Keil et al. 2022)
to improve efficiency and quality. 3D Gaussian Splatting
(3DGS) (Kerbl et al. 2023) offers an explicit 3D Gaus-
sian representation that supports real-time rasterization
rendering. This explicit structure also makes scene editing
easier (Chen et al. 2024a; Haque et al. 2023; Liu et al. 2023;
Wang et al. 2022; Zhuang et al. 2023). However, 3DGS is
currently limited to static scenes.
4D Representations. Early works extending NeRF to dy-
namic settings (Pumarola et al. 2021; Park et al. 2021)
directly modeled temporal variations, whereas subsequent
methods (Cao and Johnson 2023; Shao et al. 2023) im-
proved efficiency via voxel-based decompositions. Despite
these advances, achieving real-time rendering while pre-
serving fine-grained geometry under motion remains chal-
lenging. 4D Gaussian Splatting (4DGS) (Wu et al. 2024;
Duan et al. 2024) addresses dynamic scenes by extend-
ing Gaussians into the temporal domain. In contrast to Dy-
namic3DGS (Luiten et al. 2024), which incurs linear mem-
ory growth by storing per-frame parameters, 4DGS employs
a deformation network for compact and efficient temporal
modeling. However, these 4D representations currently lack
mechanisms for stylization and temporal consistency, moti-
vating our benchmark and method for 4D scene stylization.
2D Style Transfer. Neural style transfer, pioneered by
(Gatys, Ecker, and Bethge 2016), demonstrated that CNNs
can effectively separate and recombine content and style
from images. The key insight that second-order statistics
of VGG features capture style information led to numerous
improvements. Feed-forward methods like AdaIN (Huang
and Belongie 2017) significantly accelerated stylization by
aligning feature statistics, while recent works have focused
on improving semantic consistency and texture preservation
(Gu et al. 2018; Kolkin, Salavon, and Shakhnarovich 2019).
To maintain temporal coherence across frames, MCCNet
(Deng et al. 2021) proposes a Multi-Channel Correlation
network. These foundational techniques form the basis for
our 4D stylization component, which we enhance with tem-
poral consistency mechanisms to handle dynamic scenes.
3D and Video Stylization. 3D style transfer has attracted
significant attention, with NeRF-based methods achieving
multi-view consistency via optimization (Wang et al. 2023)
or feed-forward networks (Liu et al. 2021; Chiang et al.
2022). With 3D Gaussian Splatting, StyleGaussian (Liu
et al. 2024) enables instant stylization by aligning VGG fea-
tures in Gaussians with style images, while GSS (Saroha

et al. 2024) and StylizedGS (Zhang et al. 2024) require per-
style optimization. Instruction-driven 3D editing methods
like Instruct-GS2GS(Vachha and Haque 2024) are also re-
lated. However, these static-scene methods fail to handle 4D
temporal dynamics (e.g., motion, deformation, occlusion),
causing view inconsistencies and temporal flickering. Exist-
ing video stylization (Chen et al. 2024b; Huang et al. 2022;
Wang et al. 2023) focus on 2D temporal coherence, lack-
ing 3D understanding, while 3D stylization methods ignore
temporal dynamics.
4D Stylization and Benchmark. Despite progress in 2D/3D
stylization, 4D scene stylization remains largely unexplored.
The core challenge is ensuring simultaneous multi-view
consistency and temporal stability. StyleDyRF (Xu et al.
2024a) stylizes dynamic NeRFs via a canonical style trans-
formation, but inherits NeRF’s high rendering cost and low
geometric precision. Concurrent work like 4DStyleGaus-
sian (Liang et al. 2024) attempts 4D stylization but is lim-
ited in content preservation, geometric fidelity, and tem-
porally adaptive control. Diffusion-based methods like In-
struct 4D-to-4D (Mou, Chen, and Wang 2024) apply 2D dif-
fusion per-view to pseudo-3D sequences, but suffer from
geometric distortion and high computational cost. CLIP-
Gaussian (Howil et al. 2025) guides 2D-4D GS styliza-
tion with CLIP/VGG, but modifies both color and geom-
etry, lacking explicit temporal modeling. Our baseline ad-
dresses these challenges by introducing per-Gaussian MLPs
for fine-grained, temporally-aware appearance modulation,
and integrating an enhanced 2D stylization module to pre-
serve spatio-temporal consistency.

Designing a benchmark for 4D stylization poses funda-
mental challenges. The absence of ground truth and the sub-
jective nature of style make quantitative evaluation inher-
ently difficult. Moreover, measuring temporal coherence and
multi-view consistency is non-trivial due to complex spatial-
temporal dynamics and the lack of reference sequences. Ex-
isting evaluation protocols from 2D, 3D, or video stylization
are insufficient for capturing these aspects, highlighting the
need for dedicated datasets and tailored metrics.

Style4D-Bench
Existing 4D stylization tasks lack a unified quantitative eval-
uation standard. Some studies (Liang et al. 2024) measure
consistency by calculating frame-wise PSNR, MSE, and
other metrics, using style loss to assess stylization degree. In
contrast, others (Liu et al. 2021) overly rely on user studies.
While these metrics simplify the evaluation process, they in-
troduce several issues. First, simple style losses like MSE
overly focus on pixel-level differences between stylized and
reference images, failing to accurately reflect overall simi-
larity in semantic and textural aspects. Second, 4D styliza-
tion is a complex and multidimensional concept where in-
dividual preferences may prioritize different aspects. For in-
stance, some emphasize stylization degree, considering blur-
riness of characters or objects as part of style, while others
prioritize preserving the structure and details of the original
scene. To address these challenges, we propose a decompo-
sition method that breaks down the evaluation of 4D styliza-
tion into multiple dimensions for a more comprehensive and
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nuanced assessment.
We divide the evaluation of 4D stylization into two as-

pects: 4D stylization quality and 4D stylization consistency.
For 4D stylization quality, we focus on assessing the frame-
by-frame quality of stylized videos rendered at arbitrary
times and angles, without considering similarity to a ref-
erence style. Regarding 4D stylization consistency, we dis-
tinguish between Temporal Quality and Stylization Quality.
Our evaluation method encompasses a total of six specific
dimensions, comprising 12 detailed metrics in total.

4D Stylization Quality
Frame-Wise Quality - Imaging Quality. Imaging quality
refers to the distortions (e.g., blurring, high noise, overex-
posure) present in each frame after 4D stylization. We as-
sess this quality using three metrics: UIQM, Clipiqa+(Wang,
Chan, and Loy 2023), and Musiq(Ke et al. 2021).

• UIQM: Integrates three dimensions of image qual-
ity—color, sharpness, and contrast—and computes the
overall image quality through a weighted averaging ap-
proach, aligning with human visual perception.

• Clipiqa+: A CLIP-based image quality assessor fine-
tuned using CoOp, designed to evaluate overall image
quality.

• Musiq: A multi-scale image quality assessor trained on
the KonIQ dataset , capable of capturing and evaluating
image quality at various granularities.

Frame-Wise Quality - Aesthetic Quality. Aesthetic qual-
ity refers to the artistic and aesthetic value of each video
frame, reflecting aspects such as layout, color richness and
harmony, photorealism, naturalness, and artistic quality. We
assess aesthetic quality using the Qalign(Wu et al. 2023) and
Musiq-paq2piq metrics.

• Qalign: A pre-trained large multimodal model (LLM) ca-
pable of simultaneously assessing both image quality and
aesthetic performance.

• Musiq-paq2piq: A multi-scale image aesthetic assessor
trained on the PaQ-2-PiQ dataset, capable of capturing
image quality and performing aesthetic evaluation at var-
ious granularities.

4D Stylization Consistency
Temporal Quality - Spatiotemporal Consistency. Tem-
poral consistency refers to maintaining continuity between
frames and consistency across multiple viewpoints as time
and perspectives change. We evaluate multiple helical tra-
jectory videos rendered for each scene using Dists and Warp
loss metrics to assess cross-frame consistency.

• Dists: Comprehensively measures both the structural and
textural similarity between two images to evaluate their
overall quality and perceptual consistency.

• Warp loss: Using RAFT to compute optical flow, map-
ping the next frame to the current frame, and calculating
the L1 error between the current frame and the mapped
frame effectively evaluates spatial and motion consis-
tency of images in a temporal sequence

Temporal Quality - Subject Consistency. For stylized
videos rendered from a fixed viewpoint, we assess whether
the appearance of a subject (e.g., a person, curtains, etc.)
remains consistent throughout the entire video. To achieve
this, we compute the inter-frame DINO(Caron et al. 2021)
feature similarity.
Stylization Quality - Style Consistency.Style consistency
refers to the degree of stylization in 4D stylization, evalu-
ated using CKDN(Zheng et al. 2021) and LPIPS metrics to
assess the similarity between video frames and style images,
representing the level of stylization.
• CKDN: Utilizes learned representations from degraded

images to assess style similarity, enabling comprehensive
evaluation of both image quality and style similarity.

• LPIPS: A metric based on features extracted from VGG,
measuring perceptual similarity between images, effec-
tively assessing similarity to style images.

Stylization Quality - Content Consistency. Content Con-
sistency refers to the semantic and content similarity be-
tween stylized 4D scenes and their original counterparts. We
employ SSIM and LPIPS metrics to compute the similarity
of each frame to the original scene.

User Study Design
To thoroughly evaluate our method, we conducted a two-
part user study with 34 participants (N=34). The first part as-
sessed 4D stylization, presenting participants with five video
pairs (approx. 10s, 300 frames each) rendered from test and
arbitrary viewpoints, along with four selected frames for de-
tailed qualitative assessment. The second part validated our
proposed HGST method for video stylization, featuring two
10-second video pairs (300 frames each) and six selected
frames for fine-grained evaluation.

Metric. For the extracted single frames, we evaluated two
metrics: stylization quality and image quality. Stylization
quality measures the extent to which edges and textures are
transformed to reflect the target style without compromis-
ing the original image structure. Image quality assesses the
clarity of object boundaries and facial details.

For the continuous long videos, we adopted three metrics:
stylization quality, spatiotemporal consistency, and video
quality. Stylization quality evaluates how well the video’s
style matches the reference while preserving the original
structure. Spatiotemporal consistency measures the coher-
ence of the video across temporal progression and viewpoint
changes. Video quality assesses the clarity of fine details and
textures, as well as overall visual preference.

Style4D: A Strong Baseline
Overview of Style4D. In 4D stylization, the direct use of
style transformation leads to low multi-view consistency
and significant blurry artifacts. To address these issues, we
propose Style4D, a new dynamic scene stylization frame-
work, based on the decoupling of geometry learning and
style learning. The framework of Style4D is illustrated
in Figure 1. Style4D consists of three key components,
a basic 4DGS representation, a Style Gaussian Represen-
tation, and a Holistic Geometry-preserved Style Transfer.
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Figure 1: Overview of Style4D. Style4D consists of three key components, a basic 4DGS representation, a Style Gaussian
Representation, and a Holistic Geometry-preserved Style Transfer. We first train a basic 4DGS representation with the content
image to obtain 4D scene geometry. Then we propose a new Style Gaussian Representation for 4D stylization. We also introduce
a Holistic Geometry-preserved Style Transfer module to improve consistency and quality of stylization.

We first train a basic 4DGS representation given multiple
views Icontent to obtain the static Gaussian sequence Gi =
{µi, ri, si, oi, c

sh
i } and the corresponding Gaussian Defor-

mation Field Network Fdef , capturing the geometry of a dy-
namic scene. To stylize a 4D scene represented by 4DGS,
we propose a Style Gaussian Representation method. It is
a novel type of Gaussian ellipsoid, with attributes defined
as Gi =

{
µi, ri, si, f

style
i

}
. We design a tiny MLP as part

of the style attribute f style
i . The design provides pixel-level

stylization mapping, and thus achieves finer color expression
while balancing local and global consistency, which signif-
icantly improves multi-view consistency. Finally, we intro-
duce a geometry-preserving style transfer approach that in-
tegrates an attention-guided 2D stylization module with con-
trastive coherence learning, enabling the generation of high-
quality and temporally consistent training frames.

Style Gaussian Representation. Inspired by SuperGaus-
sians (Xu et al. 2024b), which enhances 2DGS using bi-
linear interpolation and spatially varying features, we intro-
duce a Style Gaussian Representation for 4D scenes. Ex-
tending kernel functions to four-dimensional interpolation
does not effectively capture the four-dimensional variations
in scenes. Therefore, we introduce Gaussian MLP features.
It is worth noting that directly mapping intersection coor-
dinates to color and opacity can lead to overfitting. Thus,
we map color and opacity variations based on intersection
depth. Specifically, each Gaussian is assigned a tiny MLP
and a style code f style to modulate color and opacity over
space and time. Given the camera pose M = [R, T ], we
compute the ray-ellipsoid intersection point pt from pixel p
and time t, following (Yu, Sattler, and Geiger 2024). The

color is then rendered as:

c(p) =
∑

i∈N (p)

(ci + Fc(pt, t)) · F i
α

i−1∏
j=1

(1− αj(p)), (1)

where ci is the view-dependent base color, Fc(pt, t) is
the style-driven color increment from the MLP, and αj(p)
denotes opacity. All Fc and F i

α terms are predicted per-
Gaussian via MLPs, with pt as the ray-Gaussian intersection
depth. This formulation preserves 3D geometry, allows pre-
cise temporal control, and enhances multi-view consistency.
Holistic Geometry-preserved Style Transfer. Long video
stylization remains challenging, especially for high-
resolution sequences. Diffusion-based methods (Feng et al.
2024; Kara et al. 2024) often suffer from structural distor-
tions and temporal inconsistency. Optical flow-based con-
straints (Liu and Zhu 2021) improve coherence but are com-
putationally expensive and scale poorly. Self-supervised ap-
proaches (Kong et al. 2024; Wu et al. 2022) reduce flickering
but may introduce artifacts such as hollow textures and sharp
pixel boundaries due to lack of semantic guidance.

To address these issues, we propose a Holistic Geometry-
preserved Style Transfer (HGST) module based on an
encoder-transformer-decoder architecture. We fuse style and
content features using Multichannel Correlation to ensure
global consistency, and decode stylized outputs with better
structural integrity. However, the encoder-decoder pipeline
still leads to temporal instability, particularly on large un-
seen frames. Inspired by (Wu et al. 2022), we introduce a
dual constraint: an attention-guided local contrastive loss
Llcl and a global feature consistency loss Lcontent, which
jointly enhance local coherence and global structure, effec-
tively mitigating flickering and spatial artifacts. To enhance
local and global coherence, we extract multi-scale features
from Ics, Icontent, and Istyle via an encoder, denoted as f cs

i ,
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Method Dataset
Imaging Quality Aesthetic Quality Spatio-Temp Consistency Subject Consistency Style Consistency Content Consistency

UIQM↑ Clipiqa+↑ Musiq↑ Qalign↑ Musiq(paq2piq)↑ Dists↓ Warp Loss↓ DINO Score↑ CKDN↑ LPIPS↓ SSIM↑ LPIPS↓
AdaIN

cook spinach

1.2995 0.4209 49.4095 2.8665 60.2165 0.0114 0.0091 0.9309 0.2084 0.6913 0.4763 0.4898
AdaAttN 1.7240 0.3770 36.1325 2.1298 50.7028 0.0215 0.0117 0.9078 0.2173 0.6904 0.6444 0.2841

4DSGaussian 1.0834 0.4267 44.2200 2.7019 55.2280 0.0121 0.0053 0.9403 0.1978 0.7106 0.7646 0.2159
Style4D(Ours) 1.9290 0.4437 53.4681 3.2072 65.8520 0.0112 0.0058 0.9395 0.2290 0.6866 0.7771 0.1834

AdaIN

flame salmon

1.6918 0.3336 41.3119 2.8497 51.6363 0.0171 0.0141 0.9267 0.2193 0.7605 0.5201 0.4030
AdaAttN 1.2928 0.3120 39.9117 2.2357 54.5593 0.0271 0.0169 0.9072 0.1966 0.7861 0.6054 0.2944

4DSGaussian 1.5488 0.3218 51.3875 3.2182 61.4087 0.0140 0.0074 0.9402 0.1897 0.7701 0.5081 0.6051
Style4D(Ours) 1.7529 0.3962 55.2302 3.6030 63.5178 0.0138 0.0067 0.9415 0.2354 0.7602 0.6963 0.2704

AdaIN

sear steak

1.3544 0.3430 51.6330 2.6115 62.2037 0.0129 0.0078 0.9463 0.2352 0.7114 0.6000 0.2987
AdaAttN 1.1910 0.3996 43.6474 2.0062 63.0785 0.0234 0.0126 0.9021 0.3204 0.7050 0.5153 0.4768

4DSGaussian 1.3843 0.3613 42.1204 2.5841 56.5093 0.0131 0.0050 0.9530 0.2722 0.7161 0.6557 0.4819
Style4D(Ours) 1.6818 0.4176 53.3443 2.8820 68.0488 0.0108 0.0066 0.9564 0.3239 0.7014 0.7503 0.2146

Table 1: Quantitative comparisons of our proposed Style4D against state-of-the-art methods on Style4D-Bench.

f c
i , and fs

i for layers i = 1 to 5. For i = 3 to 5, we apply
CBAM (Woo et al. 2018) to enhance salient features and ran-
domly sample N locations Gx and their 8-nearest neighbors
Gx,y with small perturbations. Local differences are defined
as dgx,y = G

fcs
i

x − G
fcs
i

x,y , dcx,y = G
fc
i

x − G
fc
i

x,y . We employ a
contrastive loss to maximize similarity between aligned lo-
cal differences:

Llcl =
8N∑
m=1

− log
exp(dgm · dcm/τ)∑8N
n=1 exp(d

g
m · dcn/τ)

, τ = 0.07.

(2)
To mitigate artifacts and preserve global structure, we in-

troduce a global content loss:

Lcontent =
1

N

N∑
i=1

∥fcsi − fci∥22. (3)

The final consistency loss combines both terms:
Lconsistency = Llcl + Lcontent. (4)

Training Objective. We first train a 4D Gaussian Splat-
ting model using multi-view content images Icontent to re-
construct the scene geometry, yielding a static Gaussian se-
quence Gi and a deformation field network Fdef . We then
train a holistic geometry-preserved style transfer module
with the following overall objective:

Ltotal = λconsistencyLconsistency + λstyleLstyle

+ λidLid + λillumLillum + λinsLins,
(5)

where Lconsistency ensures spatio-temporal coherence (see
Eq. 4), and the remaining terms follow conventional styl-
ization objectives (Kong et al. 2024): Lstyle for perceptual
style alignment, Lid for content preservation, Lillum for il-
lumination stability, and Lins for intra-channel coherence.
See supplementary material for definitions. After obtaining
high-quality stylized frames, we train a Style Gaussian Rep-
resentation supervised by these frames. The optimization
objective is:

L =
∥∥∥Î − St(I)

∥∥∥
1
+ Ltv, (6)

where Î is the rendered image, St(I) is the corresponding
stylized frame, and Ltv denotes total variation regularization
for spatial smoothness.

Experiments
Datasets. We evaluate our model on the real-world Neu3D
dataset (Li et al. 2022) to benchmark its performance in
realistic scenarios. Neu3D comprises six dynamic scenes,
each observed by 15–20 static cameras distributed in space.
The dataset features long video sequences (300 frames),
with complex scene dynamics and nontrivial viewpoint vari-
ations. The videos are recorded at a resolution of 1352 ×
1014 pixels, with 300 frames per sequence.
Experiment settings. We build our implementation of
Style4D based on the publicly available 4DGS codebase
(Wu et al. 2024). During training, we adopt the Adam
optimizer with hyperparameters following those used in
4DGS. The batch size is set to 2, and each lightweight per-
Gaussian MLP consists of two layers. For each scene, we
train the model for up to 14,000 iterations. Both training
and inference are performed on a single NVIDIA A40 GPU
with 48GB of memory. In practice, training a single scene
takes approximately 2 hours, with peak GPU memory usage
around 10GB.

Evaluation on Style4D-Bench
Qualitative results. We compare our method with existing
4D stylization methods including 4DStyleGaussian, as well
as baseline 4DGS models trained with AdaIN and AdaAttN
stylized images, to assess stylization quality. As shown in
Figure 2, our method demonstrates stronger temporal con-
sistency compared to 4DGS with AdaIN and AdaAttN, ex-
hibiting fewer artifacts and blurriness on background ob-
jects. Moreover, compared to 4DStyleGaussian, our ap-
proach significantly enhances stylization effects while main-
taining consistency and effectively preserving structural de-
tails of the original scenes without excessive smoothing. Due
to space limitations, we only present results from fixed test
viewpoints here. Stylization results from spiral viewpoints
are provided in the appendix, where our method demon-
strates stronger consistency and enhanced stylization qual-
ity.

Meanwhile, we also compare our proposed Holistic
Geometry-preserved Style Transfer model (HGST), with
several state-of-the-art 2D stylization methods. As shown
in Figure 3, our method outperforms AdaIN, AdaAttN, and
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Figure 2: 4D Stylization Comparison: (a) Original scene image, (b) 4DGS with AdaIN, (c) 4DGS with AdaAttN, (d) 4DStyle-
Gaussian, (e) Style4D (Ours).

Method
Frame

Stylization Quality Image Quality
4DGS(AdaIN) 11.76% 2.94%
4DGS(AdattN) 14.70% 8.82%

4DStyleGaussian 11.76% 17.64%
Style4D(Ours) 61.76% 70.58%

Table 2: Single-frame image performance: results of user
study voting

Method
Video

Stylization Quality Video Quality Spatio-Temp Cons
4DStyleGaussian 23.52% 30.12% 44.11%

Style4D(Ours) 76.47% 69.87% 55.88%
4DGS(AdaIN) 20.58% 11.76% 14.70%
Style4D(Ours) 79.41% 88.23% 85.29%

4DGS(AdaAttN) 14.70% 17.64% 14.70%
Style4D(Ours) 85.29% 82.35% 85.29%

Table 3: User study results for video performance evaluation

MCCNet by improving temporal consistency while main-
taining stylization quality, without exhibiting the blocky
pixel artifacts observed in CCPL.
Quantitative Evaluation and Analysis. As shown in
Table 1, we conduct comprehensive quantitative com-
parisons across three dynamic 4D scenes (cook spinach,
flame salmon 1, and sear steak), evaluating multiple as-

pects of stylization performance, including imaging qual-
ity, aesthetic perception, spatial-temporal consistency, and
fidelity to both content and style.

Across all datasets, Style4D consistently achieves top per-
formance in most metrics. For imaging quality, we observe
clear improvements in UIQM, Clipiqa+, and Musiq scores,
suggesting that our method preserves structural clarity and
visual quality more effectively than all baselines. In particu-
lar, Style4D achieves a UIQM of 1.9290 on cook spinach
and 1.7529 on flame salmon 1, surpassing prior methods
such as 4DGS(AdaIN) and 4DStyleGaussian by a large mar-
gin.

In terms of aesthetic quality, our method attains the high-
est Qalign and Musiq-PAQ2PIQ scores across all scenes,
indicating better perceptual stylization aligned with artistic
intent. For example, on flame salmon 1, Style4D yields a
Qalign of 3.6030 and a Musiq-PAQ2PIQ of 63.5178, out-
performing the second-best baseline by significant margins.

Regarding spatial-temporal consistency, our model shows
robust performance with the lowest DISTS and Warp Loss
values, confirming its ability to produce temporally stable
and coherent results. On sear steak, Style4D reduces Dists
to 0.0108 and Warp Loss to 0.0066, improving both percep-
tual smoothness and geometric coherence.

Finally, Style4D also excels in content and style con-
sistency. It achieves the best DINO scores, CKDN accu-
racy, and LPIPS/SSIM metrics across scenes. These re-
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Figure 3: Visualization of HGST stylization method (Ours) compared with other 2D style transfer approaches: (a) Content
image; (b) AdaIN; (c) AdaAttN; (d) CCPL; (e) MCCNet; (f) HGST (Ours).

sults demonstrate our model’s ability to retain scene seman-
tics while applying stylization, balancing content preserva-
tion and stylized appearance. For instance, on cook spinach,
it attains a SSIM of 0.7771 and a content LPIPS of
0.1834—clearly outperforming other methods.

Tables 2 and 3 present the results of our user study. It
can be observed that our method is consistently preferred in
terms of both image quality and overall video quality, while
simultaneously maintaining strong stylization effects. These
findings align well with the quantitative results reported in
Table 1.

These results collectively confirm that Style4D delivers a
strong balance of style fidelity, spatial-temporal coherence,
and content preservation, establishing new state-of-the-art
performance in 4D stylization.
Further Analyses and Ablation Studies. We perform ex-
tensive ablations to validate the necessity and effectiveness
of each component in Style4D. We further evaluate our
method on synthetic data and the D-NeRF benchmark, and
include additional comparisons with Instruct-Pix2Pix–based
baselines and Instruct-4D-to-4D approaches. Extended re-
sults and discussions are provided on our project page.

Conclusion

We present Style4D-Bench, the first benchmark for 4D styl-
ization, featuring: 1) a strong baseline method, 2) a unified
evaluation protocol covering spatial fidelity, temporal coher-
ence, and multi-view consistency, and 3) a curated set of
high-resolution dynamic scenes. To establish the baseline,
we propose Style4D, a novel 4D stylization framework that
combines reliable scene representation, per-Gaussian MLPs
for appearance control, and a geometry-preserved stylization
module for spatio-temporal consistency. Extensive experi-
ments demonstrate that Style4D outperforms existing meth-
ods, delivering high-quality stylization with stable dynam-
ics and coherent multi-view rendering. We expect Style4D-
Bench to promote future research in 4D stylized scene syn-
thesis. In future work, we plan to further improve the quality
of stylization and broader user-controllable style manipula-
tion for interactive applications.

Limitation. Style4D achieves high-quality stylization
with strong spatiotemporal consistency, yet limitations re-
main. Its multi-stage pipeline and per-Gaussian MLPs incur
high training costs, and the framework supports only a single
style per scene, without fast style switching.
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