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Abstract. Text-guided image style transfer enables stylization based on natural
language prompts and has garnered increasing attention. CLIPstyler pioneered
this paradigm by leveraging CLIP’s image-text alignment but suffers from con-
tent distortion and uneven style application due to random patch sampling and
weak structural constraints. To address these issues, we propose APRstyler, a
CLIP-based framework integrating two key modules: an adaptive patch
weighting strategy and a reverse generative network. The former evaluates the
semantic relevance of each patch to the content image, suppressing noisy regions
and enhancing local style fidelity. The latter reconstructs the content image from
the stylized output, enforcing structural preservation through bidirectional super-
vision. Extensive experiments demonstrate that APRstyler yields stylizations
with improved semantic consistency and content retention. For reproducibility,
all experiments are conducted with fixed random seeds and averaged over multi-
ple runs. Code will be released upon acceptance.

Keywords: Image processing, Text-guided Style Transfer, CLIP

1 Introduction

In recent years, text-guided artistic style transformation has emerged as a new type of
style transformation technology. By using natural language to describe styles, it elimi-
nates the need for reference style images.

CLIP (Contrastive Language-Image Pre-training) [1], as a cutting edge cross-modal
pre-training model, has its core in the construction of a unified embedding space to
jointly process image and text data. In recent years, the CLIP model has created a sen-
sation in fields such as image generation [2] and image editing [3]. Against this back-
drop, CLIPstyler [4], the first model to achieve text-guided image stylization, came into
being. Its achievements have drawn widespread attention in the field of image styliza-
tion and demonstrated remarkable stylization capabilities.

CLIPstyler [4] transforms the original image content by integrating a lightweight
convolutional neural network (CNN). At the same time, the method leverages the strong
representation abilities of the CLIP [1] model to assess the similarity between the gen-
erated stylized image and the textual description within the feature space, enabling the
production of images that reflect the intended textual style. This approach has opened



up a new era of text-driven style transformation. However, it also faces some chal-
lenges: CLIPstyler [4] adopts a patch-wise method to calculate the loss to improve the
consistency of the style. However, data augmentation through random cropping may
introduce low-quality image patches. These low-quality patches lack key semantics and
cannot accurately reflect the target style. Frequent learning of such patches can mislead
the model, resulting in uneven style transfer, loss of details, and poor results. Further-
more, when performing style transfer, CLIPstyler [4] often overfits the target text style
and damages the content structure of the original image.

To overcome these challenges, we introduce APRstyler, a novel style transfer ap-
proach guided by text and built upon the CLIP [1] framework. To avoid model training
being misled by poor quality patches, we propose an end-to-end adaptive patch adjust-
ment scheme. Specifically, we calculate the feature distance between the randomly
cropped patch and the original image and transform this distance into a weight to con-
strain the importance of the current image patch. The larger the feature distance of the
current image block, the smaller the language information of the original image con-
tained in the image block, so the weight of the current patch is smaller. This scheme
can adaptively adjust the weights of different patches without the need for manual pre-
setting. It makes the patches that are beneficial to style transfer have larger weights and
those that are not conducive to style transfer have smaller weights.

In addition, to maximize the preservation of the content structure during the style
transfer process and achieve the best balance between the details of the content and the
degree of stylization, inspired by CycleGAN [5], we propose a reverse generative net-
work. Through this, the image can be restored to the original image as much as possible
after style transfer. This indicates that the image after style transfer retains the structural
information of the original image to the greatest extent possible, enabling the model to
self-regulate how to achieve a better balance between style transfer and maintaining
structural integrity.

Experimental results indicate that our model generates artistic images which effec-
tively retain fine-grained content details while achieving a higher degree of stylistic
consistency with the intended style. Moreover, the resulting stylized outputs align more
closely with human aesthetic preferences.

The contributions of this paper are as follows.

— We propose an end-to-end adaptive patch adjustment scheme, which enhances the
model's ability to align with the target style and the stability of stylization.

— We propose a reverse generative network. Through the reverse loss, style transfor-
mation is achieved while better preserving the details of the content images.

— Extensive quantitative and qualitative experiments demonstrate that the model out-
performs current advanced methods. It can stylize images in the deep feature space
while better retaining the detailed information of the content images.
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2 Related works

2.1  Traditional style transfer

Style transfer focuses on merging the visual content of a source image with the charac-
teristics of a target style. Gatys et al. [6] pioneered the use of convolutional neural net-
works (CNNs) for style transfer by minimizing content and style losses through Gram
matrix representations; however, this approach demands substantial computational re-
sources.

To enhance efficiency, Johnson et al. [7] introduced a feedforward neural network
for rapid style transfer, achieving real-time performance at the expense of sometimes
compromising structural fidelity.

CycleGAN [5] introduces cycle consistency loss to enable unsupervised image trans-
lation, helping retain content during stylization. However, it often suffers from unstable
training and overfitting to high-frequency details, leading to excessive stylization and
content loss.

To support arbitrary style transformations, Huang and Belongie presented Adaptive
Instance Normalization (AdalN) [8], aligning the mean and variance of content and
style features. While efficient and flexible, it lacks spatial awareness and often misses
local textures.

2.2 Using text to guide style transfer

Unlike traditional methods [9-11], text-guided style transfer enables more flexible con-
trol using natural language. The introduction of CLIP [1] by OpenAl enabled multi-
modal contrastive learning, allowing style transfer guided solely by textual descrip-
tions.

CLIPstyler [4] proposed by Kwon et al. in 2022 is a pioneering work in style transfer
based on CLIP [1]. It utilizes the image-text matching feature provided by CLIP [1] to
guide style transfer based on text prompts. This approach applies multimodal contras-
tive learning of vision and language to image stylization, making style transfer more
flexible and no longer limited to fixed style images. CLIPstyler [4] performs outstand-
ingly in generating diverse styles. However, due to excessive reliance on the contrast
of global features, these methods are prone to damaging the original content during the
transfer process. In particular, they lack fine control over the details of local structures,
and the quality of the generated images needs improvement. Moreover, CLIPstyler [4]
aligns the source and target text-image pairs in the CLIP space based on the CLIP loss
of patches. A large portion of the image patches obtained by random cropping are of
poor quality and not conducive to model training, which seriously affects the output
quality of the model. Our adaptive patch selection and reversible generative network
address these issues, enhancing image quality.

In recent years, Diffusion Models [12] have also made remarkable progress in the
field of style transfer. Their applications in style transfer and image generation fields
demonstrate their powerful generative capabilities and flexibility. For example, models
such as stable diffusion [13] and DEADIff [14] have achieved efficient and controllable



image style transfer through technical means such as decoupled representation and se-
mantic guidance. These models not only improve the flexibility and controllability of
style transfer but also further promote the development of computer vision technology.

3 Method

3.1 Overall Architecture

This section presents the overall framework of the proposed APRstyler, which is com-
posed of two synergistic components: an adaptive patch weighting strategy and a re-
verse generative network.

As shown in Fig. 1, inspired by CLIPstyler [4], we adopt its CNN encoder-decoder
model G. The model is capable of extracting multi-level visual representations from the
content image and performing stylization within the deep feature domain to achieve a
more lifelike texture appearance. The process begins with computing semantic patch
importance using CLIP-based similarity, followed by stylization using a generator net-
work. To regularize the stylization and reduce structural distortion, a reverse generative
network F reconstructs the original image from the stylized output. Both modules are
trained jointly in an end-to-end fashion, with a comprehensive loss function combining
style, content, reconstruction, and smoothness constraints.

Input content image I,

N\
N,

Output stylized image I,

Fig. 1. Overall architecture of APRstyler. The left side represents the forward style transfer pro-
cess, while the right side depicts the reverse generation process.

3.2  End-to-end Adaptive Patch Weighting Strategy(EAPS)

The end-to-end adaptive patch adjustment scheme is a key innovation of APRstyler.
CLIPstyler [4] randomly divides the style image into many blocks and sends them to
CLIP [1] for calculating the loss function to ensure that the generated image can reflect
the style described in the target text in the local area. Random cropping of images is a
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commonly used data augmentation technique [15], aiming to improve the model's ro-
bustness to different viewpoints and partial occlusions.

However, this augmentation method may result in the cropped patches missing im-
portant target objects and sampling low-quality patches. These patches may not effec-
tively display the semantic information of the original image and are not suitable for
the target text style (such as solid-color areas, blurred parts, or irrelevant areas at the
edges of the image). During the training process, if the model frequently learns from
these low-quality patches, it may mislead the optimization direction of the model. As a
result, the model fails to correctly capture the required style features during training,
leading to problems such as uneven style transfer, inability to align with the target style,
and poor style transfer effects.

To address this issue, we introduce an End-to-end Adaptive Patch Selection (EAPS)
mechanism that dynamically adjusts the contribution of each patch based on its seman-
tic similarity to the original content image in CLIP [1] feature space.

Specifically, let I. be the content image, and I; be the stylized image at a given it-
eration. We randomly crop a set of N patches {P;} from I;. For each patch P;, we com-
pute its CLIP [1] feature f; and calculate its cosine distance to the CLIP [1] feature of
the original image f,. The similarity weight w; for patch P; is defined as:

1

Wi = Trcos (o) &
We normalize the weights using softmax:
L= exp (w;) )

- 2jexp (wj)
These weights are used to modulate the patch-wise CLIP loss:
Lgaps = ZIL W, - Leyip (P t) (3)

Here, L. p represents the loss obtained by comparing patches and text styles in CLIP
[1].

This weight mechanism ensures that patches conducive to style transfer have a
greater influence, while the impact of unfavorable patches is minimized. By reducing
the influence of low-quality patches on the overall loss, this adaptive weight mechanism
enables the model to focus on more informative patches during the learning process,
thereby reducing the interference of irrelevant or incorrect samples on contrastive learn-
ing. Theoretically, this weighted loss scheme can reduce the gradient contribution of
poor samples during the optimization process, stabilize the model training process,
avoid overfitting to meaningless regions, and better align with the target style.

During the experiment, we found that in the first round of training, the generated
images lack effective CLIP [1] guidance, resulting in poor style transfer and large fea-
ture distances. This can reduce patch weights to near zero, limiting gradient updates
and causing training bottlenecks.

To address this, we adopt a progressive weight adjustment:

(1) Fixed weights initially: For the first 20 rounds, all patches are assigned a high
fixed weight, allowing the model to learn global style features.



(2) Gradual weight introduction: As generated images approach the target style,
feature-based weights are progressively applied, ensuring stable training while refining
patch importance.

3.3 Reverse Generative Network (RGN)

CLIPstyler [4] enables text-guided style transfer without requiring reference style im-
ages, but traditional methods often overlook structural preservation, leading to content
loss or over-stylization.

To mitigate this, Inspired by CycleGAN[5], we introduce a Reverse Generative Net-
work (RGN) to reinforce structural retention. By incorporating reverse loss into train-
ing, we mitigate content degradation and excessive stylization. Unlike CycleGAN [5],
which addresses unpaired training, APRstyler focuses on balancing style adaptation and
content preservation, preventing overfitting to target text styles while maintaining
structural integrity.

Let G denote the stylization generator and F denote the reverse generator. The for-
ward path generates the stylized image I; = G(I,,t), while the reverse path attempts
to reconstruct [, = F(Iy).

To ensure accurate reconstruction, we apply a content consistency loss using both
pixel-wise L1 loss and perceptual VGG loss:

Lrev—pixel = ”[C - IC”l (4)
Lyey—vgg = ”V(Ic) - V(ic)”z ®)

where V (+) denotes features extracted from a pretrained VGG network.

This reverse pathway provides a strong regularization signal, promoting better con-
tent preservation in the forward stylization process. It also enables bidirectional con-
sistency, which is critical for applications requiring high structural fidelity.

34 Loss Funcitions

To optimize the stylization while maintaining content and structural integrity, we em-
ploy the following losses:

Adaptive Patch Style Loss (EAPS). This is the core patch-based CLIP style loss in-
troduced in Section 3.2. Each patch's contribution is adaptively weighted based on its
semantic similarity to the original content image.

CLIP Direction Loss (Lg;). StyleGAN-NADA [18] introduced a directional CLIP
loss, which aligns the CLIP-space direction between the source and the output text-
image pairs. This method has been proven effective, so we also adopt the directional
CLIP loss to achieve better results.
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AT = ET(tsty)iET(tsrc) (6)
Al = E/(f(I))-E() (7
Lair = 1~ Ty ®

In the equation, E7 and E; are the text and image encoders of CLIP; t,, and tg.. rep-
resent the semantic texts for the style target and input content. When using a specific
image as the content image, tg,.. is simply set to "Photo."

Content Loss (Forward). To preserve high-level structure during stylization, we add
a VGG-based perceptual loss between the I; and 1. .

Lcontent = ”V(Is) - V(IC)HZ (9)

This ensures that the forward stylization path does not overly. distort the original con-
tent

Reconstruction Losses (Reverse). Only the content loss during the forward style trans-

fer process is insufficient to improve the problem of content distortion. As described in

Section 3.3, the reverse generator reconstructs the original image. We include:
Lyey—pixer: L1 loss between I, and I,

Lyey—vgg: VGG perceptual loss between I, and I,

Total Variation Loss. To enhance spatial smoothness and reduce artifacts, we apply
total variation (TV) loss on the stylized image.

L, = Zw 1 (- 1;""))2 + (7 - 15""))2 (10)
n=

Final Loss. The overall objective combines all components.

Ltotal = ASLEAPS + Adeirection + Achontent + Ar (Lrev—pixel +
Lrev—vgg) + AtvLTV (1 1)

4 Experiments

4.1 Implementation details

Our model is trained on a single content image and supports arbitrary resolutions, but
we use 512x512 images for consistency and resource efficiency.

For the forward network, the loss functions include content loss L ,ptent, directional
CLIP loss Lg;;-, Adaptive Patch Style Loss Lg4ps and total variation loss L;,,. The cor-
responding weights are set to 1 X 10%,5 x 102, 9 x 103, and 2 x 1073, respectively,



balancing content retention, stylization, and smoothness. For the reverse generative net-
work, we apply Lyep—pixer and Lygy_y g4, With weight 1 X 102. Both content losses are
computed using VGG [16] conv4_2 and conv5_2 layers.

For image cropping, we use 128%128 patches, extracting 64 patches per image, as
this configuration yielded optimal visual quality.

The StepLR scheduler is employed to reduce the learning rate by half every 100
steps, aiding the model's stability in the later training phases. We utilize the Adam op-
timizer with a specified learning rate. The training process spans 200 iterations, with
the learning rate halved at iteration 100. On a single RTX 3080 Ti GPU, each text input
takes about 50 seconds to process.

Our dataset is sourced from Night2Day, Summer2Winter, MS-COCO, WikiArt, and
various online resources.

4.2  Qualitative assessment

Fig. 2 shows some representative style transfer results of our method. In the result im-
ages we present, the images generated by our method not only match the target text
style in terms of global color, but also undergo meticulous transformations in local tex-
tures. Whether it is complex textures or abstract artistic effects, high-quality style trans-
fer can be achieved while maintaining the structural information of the original image.
This qualitative evaluation demonstrates the excellent performance of our model in
handling delicate style transformations. For example, under the style text of "Oil paint-
ing", our method successfully simulates the rough brushstrokes and thick paint texture
of an oil painting. Even under complex style descriptions (such as "Post Impressionist
painting"), the model can still accurately capture the changes in color and light and
shadow while preserving the detailed structure of the original image.
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Fig. 2. The results of style transfer by APRstyler with various styles as text conditions

4.3  Comparison with Other Text-Guided Manipulation Models

To evaluate the effectiveness of our method, we qualitatively compared our method
with CLIPstyler [4], DiffStyler [13], LDAST [19], and Text2LIVE [20] using five style
prompts: "Snow," "Sketch with black pencil," "Mosaic," "Night," and "An ink wash
painting"

Our model, benefiting from the end-to-end patch selection scheme, generates high-
quality, detail-rich images that closely align with the target style. For instance, in the
"Snow" style, our method accurately renders winter hues and snow textures, preserving
fine details like textured grass and water reflections. In contrast, CLIPstyler [4] loses
structural details, becoming blurry; DiffStyler [13] struggles with water surfaces and
sky details; LDAST [19] maintains structure but produces grayscale images, failing to
reflect the target style; and Text2LIVE [20] merely shifts the color tone without adding
snow details, resulting in a less aesthetic output.
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Fig. 3. Comparison with Other Text-Guided Manipulation Models

4.4  Quantitative evaluation

In order to better prove the progressiveness of our proposed model, we use NIMA [21],
DISTS [22], LPIPS [23], and CLIPscore to evaluate the APRstyler framework. We ran-
domly selected 10 content images and defined text prompts containing 20 style descrip-
tions. Each method generated 200 stylized images.

NIMA [21]. NIMA [21] is a no-reference image quality assessment method that
evaluates both the physical and aesthetic quality of images, considering factors like
composition, color, and contrast to simulate human aesthetic judgment.

DISTS [22]. DISTS [22] is a full-reference metric that assesses structural and tex-
tural similarities, commonly used in image generation tasks like style transfer and su-
per-resolution.

LPIPS [23]. LPIPS [23] is a widely used metric for evaluating the perceptual simi-
larity between generated and real images. It better reflects human visual perception
compared to traditional metrics, where a lower LPIPS value indicates higher similarity.
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CLIPscore. CLIPScore quantitatively evaluates the alignment between images and
text by computing the cosine similarity between text embeddings and image embed-
dings from the CLIP encoder, measuring how well the stylized image matches the text
prompt.

Table 1 shows the results of the quantitative evaluation. In terms of the DISTS [22]
metric, LDAST [19] ranks second only to the APRstyler scheme. However, it has the
lowest NIMA [21] index, indicating that although LDAST [19] can restore the struc-
tural information of the content image relatively well, its visual perception effect in
style transfer is poor. Our approach outperforms other advanced models in terms of
NIMA [21] and CLIPscore metrics, demonstrating that the APRstyler approach can
better align styles and provide high-quality output. Although APRstyler achieved
suboptimal results in LPIPS [23], overall, our model is still the best.

All results are averaged over 5 independent runs with fixed random seeds. The re-
ported standard deviation reflects the robustness of each method under different style
prompts and content images. APRstyler consistently outperforms other methods across
most metrics, especially in CLIPScore and NIMA, indicating better alignment with the
target style and visual aesthetics.

Table 1. Quantitative evaluation results of different methods. The best results are presented in
bold, and the second-best results are underlined.

DISTS 1 NIMA 1t LPIPS | CLIPscore

CLIPstyler 0.370 +£0.013 6.35+0.21 0.590 +0.018 0.280 +£0.015
DiffStyler 0.332+0.017 528 +£0.19 0.512 +0.022 0.291+0.014
LDAST 0.410+0.012 4.56+0.18 0.760 = 0.020 0.214 +0.013
Text2LIVE 0.353 £0.015 5.96+0.16 0.682 +0.019 0.251+0.012
Ours 0.432 £ 0.010 6.72+0.14 0.519+0.016 0.321 +£0.011

4.5  Ablation Experiment.

To assess the effectiveness of our proposed method, we conducted ablation experiments
to analyze how each component affects the model's output, as illustrated in Fig. 4. As
can be seen from Fig. 4(b), when we remove the end-to-end patch selection scheme
(EAPS), although the structure of the original image can be retained (for example, the
mountain at the back of the second row is still clearly visible), from the perspective of
visual aesthetics, the effect is far inferior to that of our method (for example, an unex-
pected green tone appears when using "Sketch with black pencil" as the text guidance
in the first row).

After removing the reverse generative network scheme (RGN), as can be observed
in Fig. 4(c), it is very difficult to preserve the structural details of the original image
well when dealing with images with complex structural textures (for example, the de-
tails of the leaves in the upper left corner of the first row are completely lost, and the
outline of the distant mountain and the shape of the clouds in the sky in the second row
have become very blurred).
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Fig. 4. Visualization results of ablation study

Table 2 presents the quantitative evaluation results of the ablation experiment, further
validating the effectiveness of our proposed method. The ablation study demonstrates
that both the reverse generative network (RGN) and the adaptive patch selection
(EAPS) contribute to performance improvements. Notably, RGN improves content
preservation (DISTS, LPIPS), while EAPS enhances stylization alignment (NIMA,
CLIPScore). Their combination achieves the best overall performance.

Table 2. Quantitative evaluation results of different methods. The best results are presented in

bold.
DISTS 1 NIMA } LPIPS | CLIPscore }
Baseline 0.370 £0.013 6.35+0.21 0.590 £0.018  0.280+0.015
RGN 0.420 +£0.011 5.63+0.18 0.648 £0.019  0.290+0.013
EAPS 0.360 +£0.014 6.55+0.17 0.550 £ 0.021 0.270 £0.011
RGN+EAPS(ours)  0.432 +0.010 6.72 £0.14 0.519£0.016  0.321+0.011

From the results of the ablation experiments, it can be seen that different components
of APRstyler each play a role, and the reverse generative network scheme and the end-
to-end patch selection scheme have different advantages. The reverse generative net-
work scheme plays a significant role in retaining the content structure information,
while the end-to-end patch selection scheme focuses more on enhancing the aesthetic
feeling of the image, making the style alignment ability more excellent.

When the two are used in combination, it can ensure both the retention of the content
structure and the improvement of the aesthetic quality. Ultimately, the model performs
best in all indicators. This further validates the effectiveness of the method we pro-
posed, indicating that the combination of these two schemes can complement each other
in the image style transfer task and significantly improve the quality of the generated
images.
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5 Conclusion

In this paper, we introduced APRstyler, a novel CLIP-based text-guided style transfer
framework that addresses two major limitations of existing methods: the impact of low-
quality patch sampling and the loss of content structure during stylization. By incorpo-
rating an adaptive patch weighting mechanism and a reverse generative network, our
approach improves both the visual quality and structural consistency of the stylized
output.

Experimental results demonstrate that APRstyler produces aesthetically pleasing and
semantically aligned stylizations while effectively mitigating common issues such as
over-stylization, content distortion, and patch-level inconsistency.

In future work, we aim to explore more advanced patch weighting strategies and inte-
grate diffusion-based modules to further enhance stylization flexibility and detail fidel-
ity.

We believe that APRstyler offers a promising direction for controllable, text-driven
visual stylization, with potential applications in digital art, personalized image editing,
and multimodal content generation.
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