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Vector graphics style transfer guided by cross-modal style evaluation models
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2. School of Intelligence Science and Engineering , Qinghai Minzu University, Xining 810007, China

Abstract: Objective Style transfer is a popular research problem in computer graphics, aimed at applying one style to
another content to give it a new visual style. Since the introduction of the Gram matrix-based method for representing style,
many deep learning-based methods have emerged in the field of style transfer, which have achieved good results through
convolutional neural networks. However, these studies are limited to raster images and difficult to directly apply to style
transfer in vector images mainly because the basic elements of vector images are different from bitmap images and cannot be
convolved like pixels. lteratively updating network parameters through reverse traditional propagation is also impossible.
Vector graphics describe images using geometric shapes, which have the advantages of scale invariance, small data vol-

ume, and flexible editing. They are widely used in fields such as illustration and web design. Therefore, the style transfer
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of vector graphics is also one of the research hotspots in computer graphics. The existing methods face serious limitations :
they typically only extract specific low-level features (such as strokes or textures) from reference style images and cannot
capture the overall and multifaceted visual perception of style by humans (including color, texture, strokes, and thematic
elements). This can lead to inconsistent perceptual results, such as unnatural color shifts or distorted content. The depen-
dence on style images also limits control and expressiveness. Method CLIPVGStyler proposes a contrastive language-Image
pre-training (CLIP)-based cross-modal style scoring model to supervise vector graphics parameter optimization. The core
innovation lies in using CLIP s zero-shot style discrimination capability as a perceptual loss function. The method takes an
input vector graphic defining the content and a textual style description. Optionally, a small cache (4~16 images) repre-
senting a novel style (StyleCache) can be provided for few-shot style adaptation. The differentiable rasterizer called DiffVG
is used to render the current vector graphic state during optimization. The loss function consists of two key components.
The style loss measures the dissimilarity between the current rendered image and the target style. It primarily uses the
cosine distance between the CLIP encodings of current vector graphic and style. For few-shot adaptation, an additional loss
term (1-S_cache) is added, where S_cache is the average cosine similarity between the current vector graphic and the
CLIP encodings of the StyleCache images. The content loss ensures content preservation and is a weighted combination
(@ = 0.25) of the pixel-level 1.2 distance between current vector graphic and content image and the cosine distance
between their CLIP encodings. Crucially, the rendered current vector graphic undergoes robust image augmentation (multi-
scale random cropping with white padding and random perspective transformations ) before CLIP encoding to enhance geo-
metric invariance and prevent overfitting. Negative text prompts ( “bad image”, “low quality”, “blurry image” ) are also
incorporated to improve output quality. The combined loss (L_style’ + L_content) is minimized iteratively using gradient
descent to update the vector graphic’s path parameters (shapes, colors). An early stopping mechanism halts optimization
if the loss plateaus for 10 consecutive iterations, typically converging within 50—150 steps. Result Comprehensive experi-
ments demonstrate the effectiveness and efficiency of CLIPVGStyler. Quantitatively, using CLIP similarity scores as a
semantic-alignment metric, CLIPVGStyler achieved the highest score (0.256) compared with baselines (StyleCLIPDraw :
0. 241, VectorPainter: 0. 253, VectorNST: 0.239) when evaluating the semantic fidelity of the output to the textual style
prompt T_style. A large-scale user study (360 participants) employing a 10-point scale for blind A/B testing further con-
firmed the perceptual superiority of CLIPVGStyler. It received the highest average rating (7.5) , significantly outperform-
ing StyleCLIPDraw (3.2) and VectorNST (3. 86) , and slightly exceeding the well-regarded but inefficient VectorPainter
(7.14). Qualitatively, CLIPVGStyler generated results with more pronounced and holistic style transfer across diverse
styles (e. g. , watercolor, One Piece anime, ink wash, sketch) , successfully capturing complex stylistic elements such as
color palettes and thematic coherence without the distortions prevalent in other methods (e. g. , unnatural color bleeding in
VectorPainter, excessive contour distortion in VectorNST, or chaotic composition in StyleCLIPDraw). Crucially, it main-
tained superior content integrity compared with alternatives when using text-based style control. The proposed few-shot
style adaptation mechanism effectively enhanced the transfer of novel or rare styles unseen by CLIP during pre-training.
Ablation studies confirmed the critical role of the primary style loss based on text (S_Text) , which alone handled common
styles effectively. The S_Cache component proved essential for boosting novel style perception and provided marginal
refinement for common styles but was ineffective when used alone. While S_Text could operate independently, S_Cache
required the foundation of S_Text for optimal results. Performance-wise, CLIPVGStyler (avg. 19 min 10 s) demonstrated a
substantial speed advantage over the highly effective but impractical VectorPainter (842 min 32 s) and was faster than Vec-
torNST (24 min 14 s) , approaching the speed of the lower-quality StyleCLIPDraw (14 min 27 s). Conclusion CLIPVGSty-
ler presents a groundbreaking approach to vector graphics style transfer by introducing a CLIP-based cross-modal style scor-
ing model. This model leverages CLIP’s inherent human-aligned style recognition capabilities to supervise the optimization
of vector graphic parameters, leading to results that are significantly more perceptually coherent than prior work. Key con-
tributions include the novel formulation of style loss using CLIP encodings of textual style descriptions (T_style), enabling
precise, high-level control over the desired artistic expression. The method introduces an efficient few-shot adaptation
mechanism (StyleCache) that allows the system to handle novel or niche styles without any additional training, compensat-

ing for CLIP’ s limitations on unseen data. Extensive experimental validation confirms that CLIPVGStyler generates vector
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graphics with superior style transfer quality, achieving higher semantic alignment (CLIP score) and user preference ratings

than state-of-the-art methods such as StyleCLIPDraw, VectorPainter, and VectorNST. It accomplishes this task with high

computational efficiency, particularly compared with the high-quality but prohibitively slow VectorPainter. Limitations

include potential minor artifacts upon close inspection and the possibility of inadvertently transferring non-style features.

Overall, CLIPVGStyler establishes a new paradigm for perceptually guided, efficient, and controllable vector graphics

style transfer.

Key words: vector graphics; style transfer; cross-modal; few-shot; contrastive language-image pre-training( CLIP)
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