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Abstract

Conventional 3D style transfer methods rely on a fixed reference image to apply
artistic patterns to 3D scenes. However, in practical applications such as virtual or
augmented reality, users often prefer more flexible inputs, including textual descrip-
tions and diverse imagery. In this work, we introduce a novel real-time styling tech-
nique M?StyleGS to generate a sequence of precisely color-mapped views. It utilizes
3D Gaussian Splatting (3DGS) as a 3D presentation and multi-modality knowledge re-
fined by CLIP as a reference style. M2StyleGS resolves the abnormal transformation
issue by employing a precise feature alignment, namely “subdivisive flow”, it strength-
ens the projection of the mapped CLIP text-visual combination feature to the VGG style
feature. In addition, we introduce observation loss, which assists in the stylized scene
better matching the reference style during the generation, and suppression loss, which
suppresses the offset of reference color information throughout the decoding process.
By integrating these approaches, MZStyleGS can employ text or images as references
to generate a set of style-enhanced novel views. Our experiments show that M2StyleGS
achieves better visual quality and surpasses the previous work by up to 32.92% in terms
of consistency. For more visualization results and code, please refer to the project page:
https://nora202.github.io/MMStyleGS/
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Figure 1: Multi-modality 3D style transfer with M>StyleGS. Employing a set of 3D scene
images captured from various perspectives, M>StyleGS can effectively apply reference styles
described in arbitrary images or text.

1 Introduction

Style transfer has been a fascinating interdisciplinary research in computer vision. Transfer-
ring the artistic style in 2D painting is the predominant direction at the early stage, where
[6, 10, 12, 18, 21, 29, 32, 38] create visually stunning new images. After that, style transfer
approaches were extended to video and dynamic content [1, 3,9, 11, 37].

With the development of 3D data acquisition, virtual reality and augmented reality, style
transfer has been gradually adopted in various 3D applications [4, 5, 8, 13, 19, 25, 28, 41]. In
3D style transfer, the advanced methods are divided into two categories: implicit and explicit.
Implicit transformation edits the rendered images through Score Distillation Sampling (SDS)
loss [30] and adjusts the 3D space parameter through backpropagation. Explicit transforma-
tion utilizes neural networks [20, 31] to extract features of reference images, and applies
them to target 3D scenes with style transfer modules, such as AdaIN [21, 39]. Compared to
implicit methods, explicit methods show unique advantages in modeling the transformation
between reference and target features [2, 23], among which VGG [33] can better capture the
subtle semantic differences between artistic styles than other neural networks [36]. There-
fore, our proposed M?StyleGS focuses on VGG-based explicit transformation.

Existing 3D style transformation request a reference style image [13, 19, 20], while many
users also look forward to transferring the style through diversity description. To resolve this
limitation, ConRF [25] leverages the CLIP text-visual pair feature with an MLP network to
synchronize the CLIP text-visual feature to the VGG style feature. Nevertheless, due to the
ambiguity and diversity of CLIP feature distribution, we found that ConRF just implements
rough alignment. As a result, it transfers the abnormal colors and blurred textures, and
inconsistencies exist between the style image and the corresponding textual description.

In this work, we aim to overcome the color anomalies and smoothed textures issues,
thereby achieving high-quality multi-modality 3D-based style transfer to meet user descrip-
tions and expectations. Specifically, we introduce a novel feature alignment strategy to al-
leviate style transfer problems caused by inconsistent feature distribution, which we term
“subdivisive flow”. This approach finely tunes the flow direction of alignment between the
mapped CLIP text-visual features with the VGG-based style feature space. To further en-
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