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Abstract

We present a novel approach to bridging the gap be-
tween style transfer guided by reference styles and faith-
ful content preservation in text-to-image generation. First,
we introduce StyleReward-Dataset, an expert-annotated
benchmark with over 300k adversarial image pairs span-
ning diverse real-world and virtual styles. Each example
is constructed to contrast a faithful result with targeted
counterexamples, enabling preference learning over style
consistency, content preservation, and perceptual qual-
ity. Leveraging StyleReward-Dataset, we propose Style-
Score, an end-to-end multimodal reward model that inte-
grates visual and semantic understanding to provide reli-
able, human-aligned evaluations of generated images. Ad-
ditionally, based on StyleReward-Dataset, we develop a
two-stage training framework for style transfer, consist-
ing of supervised fine-tuning on StyleReward-Dataset fol-
lowed by reinforcement learning with Group Relative Pref-
erence Optimization that converts relative preferences into
stable policy updates. Extensive experiments on both pub-
lic benchmark and proposed benchmark show that our pro-
posed method achieves substantial improvements in style fi-
delity and content preservation over strong baselines, with
human studies further validating its superior visual realism
and alignment with human preference.

1. Introduction
Recent advances in flow-based diffusion models [10, 29,
58] have led to remarkable progress in Text-to-Image (T2I)
generation [5, 7, 14, 25, 32, 44–47, 64, 67, 72], achieving
high-quality and diverse image synthesis. Building upon
this, diffusion models are increasingly being extended to
image editing tasks [30, 36, 57–59], which demand both
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fine-grained control over style and semantic preservation
of the input image. However, when tackling style-aligned
image generation, which requires the generated image to
adhere to a reference style while maintaining the semantic
integrity of the content, existing methods face significant
challenges in decoupling style from content images.

Despite this progress, image style transfer remains a
challenging task in editing. In this context, the generated
image must align with a reference style prompt while faith-
fully preserving the semantics of the input image. Exist-
ing editing models struggle to effectively disentangle global
style from content, often resulting in style leakage and se-
mantic drift, especially with complex, compositional in-
structions [34, 60, 71]. While supervised fine-tuning (SFT)
can offer partial solutions, it often overfits to dataset biases
and fails to generalize reliably to diverse style representa-
tions.

In this work, we incorporate explicit style and con-
tent considerations into the editing objective to reduce
the gap between intended and realized outputs. We in-
troduce STYLEREWARD-DATASET, an expert-annotated
dataset comprising 300k adversarial image pairs that span
diverse styles (cyberpunk, ink-wash, etc.) and include both
real-world cultural and virtual game aesthetics. Each exam-
ple is collected in an adversarial setup with one image con-
sistent with both the content image and the style prompt,
and the other counterexamples that violate realism in com-
plementary ways (style-only, content-only). All annotations
are reviewed by vision-language model(VLM) and human
experts with reference to authoritative sources to ensure
consistency and accuracy.

Building on STYLEREWARD-DATASET, we further pro-
pose STYLESCORE, an end-to-end VLM reward model
leveraging diverse expert-level knowledge. StyleScore is
designed to evaluate generated images in a manner analo-
gous to a human rater, jointly assessing style consistency,
content preservation, and perceptual quality. Our prelimi-



nary results show that STYLESCORE signi�cantly outper-
forms general-purpose VLMs [2, 42]. This is because such
models often con�ate general aesthetic appeal with true
style �delity, failing to penalize results that sacri�ce content
preservation for visual quality. In contrast,STYLESCORE

provides a holistic, task-aligned reward by jointly assessing
style consistency, content preservation, and perceptual qual-
ity, offering a more accurate measure of human preference
for this speci�c task.

To achieve high-�delity style transfer, we introduce
STYLE-GRPO, a novel two-stage training pipeline. The
�rst stage is a crucial domain adaptation step, leverag-
ing supervised �ne-tuning (SFT) on the general-purpose
FLUX.1[Kontext] [30] model with our STYLEREWARD-
DATASET. This SFT stage adapts the model to the nuances
of the style transfer task, thereby establishing a stable initial
policy that is essential to ground the subsequent reinforce-
ment learning phase and ensure training stability. Building
upon this adapted model, the second stage employs Group
Relative Preference Optimization (GRPO) [19]. In this re-
�nement phase, STYLESCORE serves as the reward model,
providing feedbacks on style consistency, content preserva-
tion, and perceptual quality to guide the policy updates.

Our main contributions are summarized as follows:
• We present STYLEREWARD-DATASET, an expert-

annotated benchmark with over 300k adversarial image
pairs and 150k prompts spanning diverse real-world and
virtual styles, enabling preference learning for style con-
sistency, content preservation, and perceptual quality.

• We introduce STYLESCORE, an end-to-end VLM-based
reward model that serves as a language-guided veri�er for
reference-driven style transfer, providing reliable signals
for style, content, and quality without reliance on prompt-
engineering-heavy pipelines.

• Extensive experiments on public benchmarks demon-
strate consistent gains over strong baselines in style con-
sistency and content preservation, with improvements
con�rmed by both quantitative metrics and user studies.

2. Related Work

2.1. Image Style Transfer

Image style transfer has been widely studied by researchers.
It involves the process of applying stylistic representations
to content images in order to generate images with speci�c
styles. Early approaches [15, 16, 24, 26, 49] based on CNN
and GAN separate and recombine content and style repre-
sentations to achieve basic style translation. Although ef-
fective for simple artistic effects, these methods often strug-
gle to capture complex or high-�delity style patterns. Re-
cent diffusion-based models [11, 12, 20, 31, 34, 39, 54,
61, 69] and autoregressive model (AR) [60] enable �exible
transfer from minimal references such as a single image or

text description, signi�cantly improving visual quality. Ad-
ditionally, Omnistyle [57], StyleBooth [20], DiffStyler [23]
and StyleShot [12] introduced high-quality datasets for
style transfer, providing diverse reference–content pairs that
signi�cantly improve model training and evaluation. How-
ever, achieving a balance between global style alignment
and content preservation remains challenging, as models
trained for local or text-guided edits often suffer from style
leakage, inconsistent stylization, and semantic drift. Our
method builds upon these advances with the GRPO frame-
work with the style veri�er that explicitly optimizes both
style consistency and content �delity.

2.2. Instruction­guided Image Editing

Image editing aims to modify visual content according
to instruction guidance while preserving the consistency
of unedited regions. Typical editing tasks include ob-
ject removal, object addition, inpainting, outpainting, and
style transfer [27]. Early diffusion-based image edit meth-
ods [5, 51, 68] focus primarily on local editing, where the
model modi�es only speci�c spatial regions while maintain-
ing the original context. Recent works like Flux.1 [Kon-
text] [30], Qwen-Image Edit [58], Hunyuan-Image [7] and
others [9, 37, 59] show strong controllability for region-
aware manipulations but often require detailed textual cor-
rections and struggle to handle complex, compositional ed-
its with suf�cient data. This pro�ciency in local edits, how-
ever, does not readily extend to tasks demanding global
transformations, with style transfer being a prime exam-
ple. Unlike local adjustments, style transfer requires holistic
consistency across the entire image to maintain both stylis-
tic coherence and semantic �delity. Consequently, methods
optimized for localized edits frequently lead to style incon-
sistency and content drift, highlighting the unresolved chal-
lenge of decoupling style from content.

2.3. Reinforcement Learning in Diffusion Models

Recent advancements in Reinforcement Learning from Hu-
man Feedback (RLHF) algorithms have demonstrated re-
markable ef�cacy in aligning models with human prefer-
ences in image synthesis [13]. Reinforcement learning al-
gorithms such as PPO [3] and DPO [55], originally de-
veloped for large language models, have been success-
fully adapted to diffusion-based generation, improving task
alignment and controllability. Building on this trend, Flow-
GRPO [40] and others [21, 25, 33, 56, 63, 73] integrate
GRPO-style policy updates into �ow-matching models with
T2I task, transforming deterministic ordinary differential
equation (ODE) sampling into stochastic stochastic dif-
ferential equation (SDE) formulations to introduce explo-
ration noise for group-based optimization. Beyond pol-
icy optimization, the success of RL depends on a high-
quality reward signal [17, 28, 32, 35, 38, 62]. Recent meth-



Figure 1. Data distribution and statistics. (Left) STYLEREWARD-DATASET is organized into two primary stylized �elds: real style and
virtual style . Each �eld is divided into speci�c categories, with the numbers indicating the volume of implicit prompts collected for each
category. (Right) Word cloud of structured prompt in STYLEREWARD-DATASET.

ods [18, 36, 41, 70] employ or �ne-tune visionlanguage
models as reward models, utilizing pairwise or pointwise
comparisons to evaluate generation quality. Building upon
these advancements, we extend the visual GRPO algorithm
with a semantic-aware reward model for image style trans-
fer, offering the reward signal of style consistency, content
preservation, and perceptual quality.

3. Dataset: StyleReward-Dataset

We introduce STYLEREWARD-DATASET, a novel dataset
speci�cally designed to facilitate style-content decoupling
in image style transfer models. Unlike conventional
datasets, STYLEREWARD-DATASET leverages a large col-
lection of adversarial image pairs to provide �ne-grained
supervision for human preference.
Dataset Overview. STYLEREWARD-DATASET is con-
structed to provide large-scale, �ne-grained supervision for
image style transfer, focusing on both style consistency and
content preservation, as illustrated in Figure 1. These tasks
are inspired by existing research such as StyleBooth [20]
and Style-Tokenizer [34] as well as new concepts developed
for this study. Each task is meticulously designed with the
following objectives:
• Comprehensive Style Diversity. StyleReward-Dataset

covers a broad spectrum of visual domains, from real-
world aesthetics (e.g., oil painting, ink-wash, watercolor,
photography) to �ctional and digital styles (e.g., cyber-
punk, cel-shading, 3D render). This diversity allows
models to generalize across stylistic domains and to learn
domain-invariant representations of style. Further expla-
nations and examples can be found in Appendix.

• Adversarial Pair Construction. Each instance includes
the faithful stylized image and contrastive negative image
that intentionally violate style or content alignment (e.g.,
correct content but wrong style, correct style but wrong
content or vice versa). This design supports preference-

based supervision and enables �ne-grained evaluation of
model alignment across multiple dimensions.

Reference Style Curation. To ensure diverse and rep-
resentative reference styles, we categorize all styles into
two major types: real-world styles and virtual-world styles.
For data acquisition, we adopt two complementary strate-
gies: real collection and synthetic generation. For the real-
world branch, we integrate authentic style images from ex-
isting datasets including Style30K [34], Omnistyle [57],
and WikiArt [43]. For styles that are dif�cult to obtain, we
employ a T2I generation pipeline [7, 29, 58]. Speci�cally,
we de�ne several high-level style categories and leverage
GPT-5 [1] to automatically produce structured templates
and style-speci�c prompts. These prompts are then used
to guide T2I models to synthesize high-quality styles.

To ensure data reliability, both real and synthetic style
images are �ltered using aesthetic score [6], GPT-4o [1] and
Gemini 2.5 [8] evaluation, focusing on global image quality,
watermark detection, and stylistic coherence. Only images
exceeding a prede�ned quality threshold are retained.
Content Data Curation. For content images and
text prompts, we adopt the high-quality text-to-image
dataset GenRef-wds [74], which contains over 1M curated
text–image pairs. We randomly sample 20k pairs as the base
content set for constructing style transfer examples.
Stylized Pair Construction. Each content sample is ex-
panded into two complementary types of stylized pairs.
To ensure the quality and correctness of these constructed
pairs, we employ a hierarchical �ltering pipeline. First,
for scalable initial screening, we leverage a suite of ad-
vanced open-source VLMs (from the Qwen2.5-VL [2], 7B
to 72B) to programmatically identify and remove clear fail-
ures. Subsequently, pairs that pass this �lter undergo a more
re�ned assessment by proprietary models, GPT-5 [1] and
Gemini-2.5 [8], for more nuanced judgment. Finally, all
ambiguous cases �agged by models, along with randomly



Figure 2. Data curation pipeline. Our process begins by sourcing rigorously �ltered Reference Styles and Content Data. These are then
used to generate and construct stylized pairs with a contrastive objective: each validated Perfect Pair is contrasted with Imperfect Pairs
designed to isolate speci�c failure modes, namely style inconsistency and content inconsistency.

sampled subsets, are subjected to manual veri�cation by hu-
man experts to ensure high quality and resolve edge cases.
• Perfect Pairs. High-quality stylized images are gener-

ated using state-of-the-art models (e.g., Omnistyle [57],
StyleID [31]) and validated by expert annotators for con-
sistent stylistic and semantic �delity.

• Imperfect Pairs: These pairs, which align with common
failure modes, are categorized into two types:
1. Content-aware but Style-Inconsistent: Samples re-

taining correct content but failing on style, exhibiting
discrepancies in color tone or texture.

2. Style-aware but Content-Inconsistent: Samples
with correct style but deviating content (semantic
drift). These are generated by altering the content
prompt with the style images.

This contrastive construction scheme allows the dataset
to explicitly encode style–content disentanglement, sup-
porting both supervised and preference-based training ob-
jectives. It also re�ects the realistic challenges faced by
modern diffusion models, where achieving global style co-
herence often comes at the cost of semantic accuracy. The
complete curation pipeline is illustrated in Figure 2, with
additional details provided in the Appendix.

4. Method: StyleScore

Developing a reliable reward signal for style transfer
uniquely presents a signi�cant challenge, requiring si-
multaneously assessing style �delity and content preser-
vation. Existing general VLM reward models [2, 42]
fail in this speci�c task, struggling to capture the �ne-
grained style-content decoupling trade-off unique to style
transfer, often relying on complex, hallucination-prone
prompt engineering. StyleScore is explicitly trained on the
STYLEREWARD-DATASET's adversarial pairs to function
as a semantic-level veri�er, providing a single, uni�ed re-

ward signal that precisely quanti�es this trade-off. We detail
the model's architecture, based on a frozen VLM backbone
with multilayer perceptron reward head, in § Section 4.1,
and optimization on preference data in § Section 4.2.

4.1. Reward Model Design

Reward Formation. Reward models are a key component
for aligning model outputs with human preferences. Typi-
cally, a reward model starts with a pretrained LLM/VLM �
and where the LLM head hi is replaced with a linear reward
head li , enabling the model to output a scalar reward value.
These models are trained using human-provided pairwise
comparisons and using a binary cross-entropy loss based on
the Bradley-Terry [4] model,

P (yw � y l jx) = �(r � (yw jx) � r � (yl jx)) (1)

where � is the sigmoid function. Given a query x = (c; xc)
which c is the instruction and xc is the content image, a
preferred response yw and a less preferred response yl , the
reward model is optimized to assign higher rewards to pre-
ferred responses:

L Reward(�) = E x; y w ; y l [� log �(r(y w j x) � r(y l j x))]
(2)

Architecture. VLMs are widely used in downstream tasks
such as image classi�cation and tagging, owing to their
powerful representational capabilities [42]. Thus, we em-
ploy Qwen2.5-VL-7B [2] as the backbone. To evaluate
a given response, the model jointly processes the query
x = (c; x c) and the response image y. These multi-modal
inputs are tokenized and fed into the backbone to extract a
�nal hidden state representation h�nal 2 Rd.

To produce a scalar reward, we replace the model's orig-
inal language modeling head with a custom reward head.
Inspired by BaseReward [70], we design the reward head as



Figure 3. Overview of the post-training pipeline. In each iteration, we employ the �ne-tuned model based [30] to sample multiple stylistic
candidates. These are then adjudicated by our frozen StyleScore reward model, and the resulting scores are normalized into advantages to
drive the policy update. This online reinforcement learning cycle allows the model to directly learn the nuanced trade-offs between style
consistency and content preservation, moving beyond the supervision of the SFT stage.

a two-layer multilayer perceptron (MLP). Speci�cally, the
�rst linear layer projects the hidden state l�nal into an inter-
mediate space, followed by a SiLU activation:

lact = SiLU(W 1h �nal + b 1)

r � (y j x) = W 2lact + b 2
(3)

where W1 2 R k�d and W2 2 R1�k are the weight matri-
ces, k is the intermediate dimension, and b1, b2 are the bias
terms. During �ne-tuning, only the parameters of this MLP
reward head and other lightweight components are updated,
while the backbone parameters are kept frozen.

4.2. Reward Model Training

For developing StyleScore, we employed a �ne-tuning
approach on the Qwen2.5-VL-7B with LoRA [22] using
STYLEREWARD-DATASET. Each training instance is struc-
tured as a tuple (c; xc; yw ; yl ), where c is the edit instruc-
tion, and xc is the content image, respectively. Correspond-
ingly, yw and yl denote the perfect and degraded images.

Reward Calculation and Objective. The training pro-
cess involves two independent forward passes through the
reward model � for each instance. The chosen pair (x; yw )
is processed by the model to produce a sequence of token-
level reward scores, Rw 2 RL w . The rejected pair (x; yl ) is
processed to produce Rl 2 RL l . As de�ned by our architec-
ture (§ 4.1), these scores are the output of the MLP reward
head. We then extract the �nal scalar reward for each se-
quence by taking the score associated with the last token:

r i = r � (yi j x) = R i [�1]; for i 2 fw; lg (4)

The model's trainable parameters � are then optimized by
minimizing the Bradley-Terry preference loss, as de�ned in
Equation 2. This objective maximizes the margin between
the chosen and rejected rewards:

L Reward(�) = E (x; y w ; y l )�D [� log �(r w � r i)] : (5)

Reward Calculation and Objective. Our training objec-
tive is to optimize the reward model � such that it assigns
higher scores to preferred responses over less-preferred
ones, consistent with the collected human preference data.
This is achieved by minimizing the Bradley-Terry prefer-
ence loss, as previously introduced in Equation 2.

5. Two-Stage Fine-Tuning: Style-GRPO

5.1. Supervised Fine­tuning

Recent post-training algorithms, such as PPO [3, 50] or
DPO [55], have substantially improved model alignment
and �ne-tuning ef�ciency. However, these methods inher-
ently assume that the optimization objectives remain within
the pre-trained model's distribution. While this assumption
holds for tasks like aesthetic ranking, it becomes restrictive
for style transfer, where the target distribution spans diverse
and unseen artistic domains. Our preliminary experiments
con�rm that existing edit models have a limited under-
standing of style semantics, stemming from a pre-training
paradigm reliant on limited descriptive text–image pairs
rather than explicit style-conditioned supervision. Conse-
quently, the model struggles to generalize to novel or com-
posite styles, often resulting in style leakage and inconsis-
tent stylization. This shortcoming presents a signi�cant ob-
stacle for subsequent RL-based post-training.

To address this fundamental distribution gap and es-
tablish a viable starting policy for RL, our approach be-
gins with supervised �ne-tuning on the STYLEREWARD-
DATASET. This initial stage is designed to adapt the pre-
trained model to the speci�c domain of style transfer, en-
hancing its understanding of diverse artistic styles. We
adopt FLUX.1[Kontext] [30] as our base model, and the
SFT objective is formulated as:

L SFT = E t; z�p t (z j c)

h


 v� (z; t; c) � u t (z j c)




 2

2

i
; (6)

Here, z denotes latent variable sampled from the interpo-
lated distribution pt (z j c), t 2 [0; 1] is diffusion time step,



and ut (z j c) represents the target velocity �eld that guides
the sample toward data distribution conditioned on c.

5.2. Post­training with GRPO

While the SFT stage adapts the model to the target style do-
main, it struggles to achieve the �ne-grained style–content
disentanglement necessary for high-�delity stylization. To
overcome this limitation, we introduce Style-GRPO, the
second stage of our pipeline. This online RL framework
re�nes the SFT model by optimizing for a more nuanced
objective, using STYLESCORE as the reward function to
quantitatively evaluate both stylization quality and content
�delity.

To implement this framework, we �rst follow [40] and
adopt an ODE-to-SDE conversion strategy. This reformu-
lates the deterministic ODE sampler into a stochastic one,
yielding a policy �� suitable for exploration. Given this
policy, we then apply group relative policy optimization
(GRPO) [19] to optimize the policy using rewards from
STYLESCORE. This approach notably improves memory
and sample ef�ciency by forgoing the need for an auxiliary
value network. For each editing prompt c, we sample G
trajectories fxi

0gG
i=1 from the policy and compute the cor-

responding rewards R(x̂0; x0; c). Group-normalized advan-
tagesÂ i

t are calculated as:

Â i
t =

R(x̂ i
0; x i

0; c) � mean(fR(x̂ j
0; x j

0; c)gG
j=1 )

std(fR(x̂ j
0; x j

0; c)gG
j=1 )

; (7)

The policy is then updated using a clipped objective:

L Style-GRPO (�) = E

"
1
G

GX

i=1

1
T

T �1X

t=0

�
min(r i

t Â
i
t ; clip(r i

t )Â
i
t )

� �D KL (� � k � ref )
�i

;

clip(r i
t ) = clip(r i

t ; 1��; 1+�):
(8)

where rit (�) =
p� (x i

t�1 jx i
t ;c)

p� old (x i
t�1 jx i

t ;c) is denotes as the probability

ratio. The KL term ensures that the policy �� remains close
to the reference policy �ref, preventing over�tting to the re-
ward signal or reward hacking [13]. Furthermore, recogniz-
ing that early denoising steps are more critical for diverse
global styles, we adopt a timestep-aware reward weight-
ing strategy inspired by [21, 33]. We apply an exponen-
tial decay w(t) = � t=T to prioritize the reward signal dur-
ing these initial and style-critical timesteps, which enhances
style-content disentanglement and improves image quality.

6. Experiments

6.1. Experimental Settings

Implementation Details. For our proposed reward model,
STYLESCORE is trained by �ne-tuning the Qwen2.5-
VL-7B-Instruct [2] backbone with LoRA [22] on our

STYLEREWARD-DATASET. This stage uses a learning rate
5e�5 with a batch size 32 and the LoRA rank is set to 64.
To enhance the generative model's style transfer capabili-
ties, we �ne-tune the base model Flux.1[Kontext] [30] in
two phases. First, the SFT stage is conducted on the 'perfect
pairs' subset of our dataset using the LoRA rank 128 with a
batch size of 32 and the batch size is set to 32. Second, for
the online reinforcement learning, we follow [40] and uti-
lize a GRPO setup where we adopt LoRA-based �ne-tuning
for GRPO training, with a LoRA rank of 128, a learning rate
of 5e�4 , an importance clipping range of 1 � 10�4 , a group
size of 16, and a KL-penalty coef�cient of 0.01. We employ
STYLESCORE, CLIP Score [48] and Aesthetic Score as the
reward signals in the RL stage and the resolution of all in-
put image is 1024 � 1024 in the whole training pipeline.
All models are trained and evaluated on 8 � NVIDIA H200
GPUs. Further details are provided in the Appendix.
Evaluation Baselines. We compare our approach to ex-
isting instruction-guided style transfer methods, including
image editing models such as InstructPix2Pix [5] and Flux
Kontext [30], as well as text-guided style transfer methods
like StyleBooth [20], Omnistyle [57], and DiffStyler [23].
Evaluation Metrics. The stylization quality of our method
is assessed on the ImgEdit [65] and AnyEdit [66] bench-
marks. ImgEdit employs a GPT-4o-powered score evalua-
tion of content preservation, style consistency and aesthet-
ics. AnyEdit offers quantitative metrics, using CLIP [48]
and DINO [52] as metrics utilized in prior works [51, 53].

6.2. Quantitative Experiments

As shown in Table 1, it demonstrates that our Style-GRPO
framework achieves state-of-the-art performance across di-
verse benchmarks. On the LLM-judged ImgEdit bench-
mark, our method surpasses all baselines under both GPT-
4o and Gemini-2.5-Pro evaluations, indicating superior
overall quality and human preference alignment. The re-
sults on AnyEdit offer a more granular insight into our
model's core strengths. Notably, our method achieves the
lowest L1 Distance and highest DINO similarity by a sig-
ni�cant margin, showcasing its exceptional ability to pre-
serve content structure and semantic �delity which is a crit-
ical challenge in style transfer. This is achieved while si-
multaneously attaining the highest CLIPimg score, con�rm-
ing top-tier style application. It is worth noting that our
CLIPtext score is slightly lower than some baselines. This
is an expected behavior and highlights a favorable trade-
off: our model prioritizes �ne-grained visual cues from the
reference image over generic textual descriptions. Unlike
baselines that may over�t to broad text priors at the cost of
speci�c style details or content structure, our approach en-
sures that the generated result faithfully mirrors the unique
artistic traits of the reference style. This balanced excel-
lence validates the effectiveness of our two-stage pipeline,



Table 1. Quantitative comparison with the state-of-the-art methods on the public and proposed benchmarks. We highlight the best
scores with the bold, and second-best scores with underlined, respectively.

Method
ImgEdit [65] AnyEdit (Global style transfer) [66]

" StyleScore
" GPT-4o [1] " Gemini-2.5-Pro [8] " CLIP img [48] " CLIP text [48] # L1 Distance " DINO [52]

InstructP2P [5] 3.55 2.65 0:8260 � 0:1461 0:1717 � 0:0369 0:1550 � 0:0756 0:7104 � 0:0952 3.21
DiffStyler [23] 1.51 1.65 0:4900 � 0:0788 0:1889 � 0:0221 0:2395 � 0:0697 0:5875 � 0:0612 2.03
StyleBooth [20] 4.33 3.88 0:8221 � 0:1037 0:1986 � 0:0346 0:2075 � 0:0604 0:7230 � 0:0845 3.46
Omnistyle [57] 3.77 2.38 0:7590 � 0:0689 0:1797 � 0:0242 0:1907 � 0:0497 0:6981 � 0:0755 2.96
FLux.1 Kontext [30] 4.55 4.29 0:8215 � 0:1319 0:1857 � 0:0351 0:2457 � 0:1255 0:7311 � 0:0832 3.77

Ours 4.74 4.46 0:8452 � 0:0608 0:1664 � 0:0257 0:0944 � 0:0285 0:7583 � 0:0912 3.91

Figure 4. Qualitative comparison on the prompts with different styles.

Table 2. Reward model preference accuracy.

Qwen2.5-VL [2] ImageReward [62] Ours

Accuracy " 65.2% 48.7% 98.6%

Table 3. The user study for style transfer tasks.

Method Omnistyle DiffStyler StyleBooth InstructP2P Flux Kontext Ours

Rank 1 0.2% 0.1% 1.1% 0.8% 10.3% 87.5%

where the GRPO stage, guided by STYLESCORE, mas-
terfully navigates the trade-off between style �delity and
content preservation. Finally, our model predictably earns
the highest score on our internal STYLESCORE benchmark,

con�rming its strong alignment with our target objectives.
To validate STYLESCORE, we evaluate its preference ac-

curacy on 500 test pairs split from the propose dataset. As
presented in Table 2, STYLESCORE achieves 98.6% accu-



racy, demonstrating a signi�cant advantage over general-
purpose VLMs like Qwen2.5-VL [2]. This superiority
stems from its specialized training on our constructed
dataset, enabling it to discern subtle style and content de-
viations that generalist models overlook. This con�rms
STYLESCORE's reliability as a reward signal for our Style-
GRPO framework.

6.3. Qualitative Experiments

The qualitative results in Figure 4 compellingly illustrate
how our Style-GRPO framework resolves the central trade-
off between style �delity and content preservation, a chal-
lenge where competing methods consistently falter. Base-
lines typically fail at one of two extremes: DiffStyler and
OmniStyle, sacri�ce structural integrity for style applica-
tion, leading to catastrophic content corruption (e.g., the
'Watercolor' castle). Others like InstructP2P, error in the
opposite direction, preserving content but exhibiting only
weak or insuf�cient stylization. Even stronger methods like
StyleBooth and Flux.1 Kontext struggle to �nd a balance,
often succumbing to semantic drift where the subject's iden-
tity is subtly altered to �t the new aesthetic (e.g., the 'Pop-
Art' chair). In contrast, our method consistently excels.
By leveraging STYLESCORE, Style-GRPO learns to decou-
ple these competing objectives, simultaneously rendering
the target style with �ne-grained precision while rigorously
maintaining the semantic and structural integrity of source
images. The visual results strongly corroborate our quanti-
tative �ndings, validating our approach as a principled so-
lution to the style-content disentanglement problem. How-
ever, to formally validate these qualitative observations and
mitigate potential author bias, we conduct a comprehensive
user study, detailed in the following section.

6.4. User Study

We conducted a large-scale blind user study to assess hu-
man preference. 36 participants ranked the outputs of our
method against baselines on 50 diverse prompts, evaluating
for style consistency, content preservation, and overall qual-
ity. As shown in Table 3, our Style-GRPO was the clear
winner, selected as Rank 1 in 87.5% of cases. This result
provides strong evidence that our method better aligns with
human perceptual standards for high-�delity style transfer.

6.5. Ablation Study

Effect of SFT and Post-Training Stages. To dissect the
contributions of each component in our pipeline, we con-
ducted an ablation study with results in Table 4. We ob-
serve that applying either the SFT stage or the GRPO post-
training stage individually yields signi�cant improvements
over the original Flux.1 [Kontext] baseline, con�rming that
both are highly effective optimization strategies.

Table 4. Ablation study on different training variants and stages.

Method
ImgEdit [65]

StyleScore
GPT-4o Gemini

Flux.1 [Kontext] [30] 4.55 4.29 3.77
+SFT 4.67 4.34 3.82
+SFT + Post-Training 4.74 4.46 3.91

+Post-Training (only) 4.68 4.30 3.85

Figure 5. The performance on different training stages.

More revealingly, applying GRPO directly to the base-
line can achieve comparable or even superior performance
to the SFT-only stage, highlighting the power of direct pref-
erence optimization guided by our STYLESCORE. How-
ever, our full pipeline, which sequentially combines SFT
with post-training, consistently achieves the best overall
performance shown as in Figure 5. This key result demon-
strates that while GRPO is a potent tool, its effectiveness
is maximized when initialized from a domain-adapted pol-
icy. The SFT stage provides a more stable and knowledge-
able foundation, enabling the subsequent GRPO phase to
explore more effectively and converge to a superior �nal
model. Therefore, these results validate our two-stage de-
sign as the optimal con�guration, where the strategic com-
bination of domain adaptation and preference re�nement
unlocks state-of-the-art performance.

7. Conclusion

This work introduces a novel framework that sig-
ni�cantly advances reference-guided style transfer by
addressing the core challenge of style-content disen-
tanglement.Our solution is built upon three synergis-
tic contributions:the large-scale, adversarially-constructed
STYLEREWARD-DATASET, which provides the necessary
�ne-grained supervision; STYLESCORE, a reward model
trained on this dataset to accurately re�ect human judg-
ments on this speci�c task; and the Style-GRPO pipeline,
which leverages STYLESCORE to effectively re�ne a pow-
erful generative model. Extensive experiments validate
our approach, demonstrating improvements in both style �-
delity and content preservation over strong baselines. While
the current work focuses on text-guided style transfer, a key
direction for future research is to extend our framework to
accept reference images as style prompts. This would not
only enhance the model's versatility but also expand possi-
bilities for detailed artistic control and creative use cases.
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