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1. Preliminary
1.1. Flow Matching
Flow Matching [9] learns a vector field to transport samples
from a simple prior distribution X1 to a complex data distri-
bution X0. We utilize Rectified Flow [11], which defines a
simple linear interpolation between a data sample x0 ∼ X0

and a prior sample x1 ∼ X1:

xt = (1− t)x0 + tx1, t ∈ [0, 1]. (1)

This path is characterized by a constant target velocity field
v = x1 − x0. A neural network vθ(xt, t, c), conditioned on
c , is trained to approximate this target field by minimizing
the flow matching objective:

LFM (θ) = Et,x0∼X0,x1∼X1 [||v − vθ(xt, t, c)||22]. (2)

The inference stage is performed by solving a deterministic
ordinary differential equation (ODE) for forward process:

dxt = vθ(xt, t, c)dt. (3)

A key challenge in applying reinforcement learning (RL)
to flow-matching backbone lies in its deterministic sam-
pling process. Flow Matching models rely on an ordi-
nary differential equation sampler, whereas RL requires
stochasticity for policy exploration. To bridge this gap,
we adopt the ODE-to-SDE conversion strategy from Flow-
GRPO [10], reformulating the deterministic ODE into an
equivalent Stochastic Differential Equation (SDE) that pre-
serves the marginal distribution pt(x) at all timesteps t. Us-
ing Euler–Maruyama discretization, the final update rule is
given by:

xt+∆t = xt +
[
vθ(xt, t) +

σ2
t

2t

(
xt + (1− t)vθ(xt, t)

)]
∆t

+ σt

√
∆t ϵ, ϵ ∼ N (0, I).

(4)
This reformulation defines the policy πθ(xt−1|xt, c) as

an isotropic Gaussian, enabling the stochastic exploration
during the online training process.

1.2. GRPO via Noise-aware Reweighting Strategy
Group Relative Policy Optimization (GRPO) computes a
group-normalized advantage, Âi, from the terminal reward:

Âi =
R(xi

0, c)− mean({R(xj
0, c)}Gj=1)

std({R(xj
0, c)}Gj=1) + ϵ

(5)

However, it applies this advantage uniformly across all
timesteps, a strategy that ignores the varying influence
of different generative stages—from high-impact early
steps defining global structure to late-stage refinements.
TemporalFlow-GRPO [6] rectifies this by introducing a
noise-aware reweighting. The core principle is to leverage
the noise magnitude σt as a direct proxy for a timestep’s
importance. This is implemented by weighting each step’s
log-probability by a factor λt ∝ σt, yielding the objective:

Jreweighted(θ) = E

[
T−1∑
t=0

λt · log pθ(xt−1|xt) · Â

]
(6)

2. Data Curation Process
2.1. Reference Style Curation
To build a comprehensive and high-fidelity reference style
benchmark, we implement a two-phase pipeline designed
to move from maximizing stylistic coverage to guarantee-
ing stringent data quality. The initial phase focuses on ex-
panding and structuring the stylistic asset space, which in-
volves both the meticulous cleaning of existing datasets and



As a strict AI style reference curator, you must evaluate an image's suitability as a style reference and extract its metadata.
Instructions:
1. Analyze & Tag: Generate a descriptive caption, content tags (subjects/concepts), and style tags (aesthetics/techniques).
2. Score Suitability: Rate the image based on these weighted criteria:
 - Stylistic Definition & Coherence (40 pts): Style is strong, clear, consistent.
 - Technical Quality (30 pts): High-res, no artifacts, good clarity.
 - Transferability & Versatility (20 pts): Style is broadly applicable.
 - Originality & Uniqueness (10 pts): Style is distinctive.
3. Identify Red Flags: Instantly REJECT for major watermarks, obvious AI errors, extreme low resolution, or conflicting mixed styles.
4. Provide Verdict: Output the full analysis in the specified format.

Required Output Format:
1. Metadata:

 Caption: [1-2 sentence descriptive caption of the image, need the global style description.]
 Short Caption: [EXACT format: "A {style} style"] ( Length: 3–8 words total, No explanations, no extra text, no punctuation)
 Content Tags: [ "tag one", "tag two", "tag three", "tag four" ](describe the main subjects/concepts in the image)
 Style Tags: [ "tag one", "tag two", "tag three", "tag four" ](describe the aesthetics/techniques of the style)

2. Suitability Score:
 Stylistic Definition: [Score]/40. Justification: [Brief reason]
 Technical Quality: [Score]/30. Justification: [Brief reason]
 Transferability: [Score]/20. Justification: [Brief reason]
 Originality: [Score]/10. Justification: [Brief reason]

3. Final Verdict:
 Red Flags: [List any found, or "None"]
 Total Score: [Total]/100
 Recommendation: [ACCEPT / CONSIDER / REJECT]
 Rationale: [One-sentence final summary]

 Filename: "s0005____0919_01_query_1_img_000011_1683443735026_03750905708554526.jpg.jpg": 
"1. Metadata:
Caption: Tiny pastel cafe/diorama with a cute storefront, presented in a soft, rounded 3D toy aesthetic.
Short Caption: A cute pastel 3D diorama style.
Content Tags: [ "Pastel cafe", "Miniature architecture", "Whimsical food-cart", \"3D render" ]
Style Tags: [ "Kawaii 3D", "Pastel palette", "Isometric/diorama", "Product-like rendering" ]
2. Suitability Score:

Stylistic Definition: 35/40. Justification: Distinctive cute-cafe vibe with coherent color language.
Technical Quality: 28/30. Justification: Clean, well-executed shading and materials.
Transferability: 17/20. Justification: Works for product concepts, branding, and scenes.
Originality: 9/10. Justification: Strongly unique cafe/diorama concept within the pastel toy space.

3. Final Verdict:
Red Flags: Watermark present (visible watermark in corner)
Total Score: 89/100
Recommendation: REJECT
Rationale: A compelling, high-quality pastel diorama with strong originality.",

Example

Figure 1. Reference Style Evaluation Protocol. The protocol structures style reference assessment through weighted scoring (Style,
Quality, Transferability, Originality) and a red flag mechanism to jointly ensure the rigor and high fidelity of our final curated benchmark.

the targeted construction of novel, underrepresented virtual
styles. The subsequent phase then applies a rigorous, multi-
faceted quality assurance protocol across the entire resulting
data pool, employing a multi-stage joint filtering strategy to
ensure uncompromising data fidelity and consistency.

Filter Existing Style Dataset. Existing large-scale style
datasets, such as WikiArt [13] and Style30k [5] suffer from
inherent noise, including corrupted images, pervasive wa-
termarks, and inconsistent stylistic representations. To es-
tablish a high-fidelity benchmark for reference style cu-
ration, we developed a multi-tiered filtering strategy that
leverages complementary AI capabilities and human exper-
tise for efficiency and precision. Our initial pass employs

Qwen2.5-VL-72B [2] for high-throughput coarse filter-
ing. This stage efficiently identifies and removes egregious
artifacts like watermarks, low-quality images, and samples
lacking clear stylistic prominence, culling approximately
61.2% of the initial pool. Subsequently, for the remain-
ing more complex cases, we utilize the advanced visual-
language reasoning of GPT-4o [1] for semi-automated re-
finement. This stage focuses on more nuanced stylistic at-
tributes, identifying subtle inconsistencies or lack of per-
sonalization/diversity in styles, filtering out another 25.9%
of the dataset. Then, the most challenging and ambigu-
ous 12.9% of the data undergoes meticulous human anno-
tation for ultimate subjective quality assessment and fine-
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Figure 2. Reference Style Visualization.

grained stylistic consistency, ensuring the final curated
dataset meets the highest standards for personalized and di-
verse style references. All processes use the same prompts
and rules to guarantee the consistency of data distribution.
Finally, we obtain 12.1k excellent samples with raw im-
ages, short/detailed captions, style types and comprehensive
scores as shown in Figure 1.

Prompt Design and Data Construction. While exist-
ing style benchmarks provide a foundation, they often ex-

hibit a cultural and historical bias, focusing predominantly
on global artists while severely lacking coverage of vir-
tual and emerging styles such as creative, anime, and game
art aesthetics. To address this gap, we devised a rigorous,
taxonomy-guided prompt generation methodology. We first
classify these underrepresented styles into 12 distinct cate-
gories. We then leverage powerful Large Language Mod-
els, GPT-5 and Gemini 2.5 Pro, to perform prompt
augmentation for each category, yielding structured outputs
including short/detailed captions and explicit style type la-
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Figure 3. An overview of the style pair design and evaluation protocol.

bels. This augmented data is then used to drive a suite
of State-of-the-Art text-to-image (T2I) models Flux [7],
Qwen-Image [19], and Hunyuan-Image [3], to generate
three candidate images per prompt using three different ran-
dom seeds to ensure maximal visual diversity. Finally, to
guarantee the integrity of this newly constructed dataset, we
subject the generated 18k images to a dedicated, multi-
tiered quality assurance protocol. This protocol precisely
mirrors the three-stage filtering strategy applied to the ex-
isting style datasets, employing Qwen2.5-VL-72B [2],
GPT-4o [1], and human annotators sequentially to ensure
the final collection is of uncompromising quality, stylistic
coherence, and diversity. We obtain 4.3k excellent sam-
ples with raw images, short/detailed captions, style types
and comprehensive scores. The visualization of the refer-
ence styles by class is shown as in the Figure 2.

2.2. Stylized Data Curation
Following the meticulous curation of our style references,
the next step is to construct a large-scale, high-quality styl-
ized data curation to capture the transfer dynamics across
diverse content. The goal is to generate a comprehensive
collection of challenging style-content pairs, which we then
subject to a rigorous, multi-level evaluation.

Content-Style Pair Match. To ensure rigorous evalua-
tion and maximize content diversity, we devise a systematic
pairing strategy comprising both positive and negative sam-
ples. For positive pairs, we align each style reference with
a specific content image from GenRef-wds [23] to establish
the target stylization task. To construct negative pairs, we

implement a bidirectional perturbation strategy: (1) we fix
the style reference while randomly sampling distinct con-
tent images from other pairs of GenRef-wds [23], and (2)
we maintain the content image while substituting the style
reference with different examples. This design explicitly
separates content structures from stylistic patterns, forcing
the model to learn robust disentanglement rather than over-
fitting to specific image combinations. Consequently, this
strategy yields a comprehensive dataset of approximately
600k pairs, ensuring a balanced distribution of challeng-

ing style transfer scenarios.

Style Transfer Methods. To prevent bias towards any sin-
gle style transfer mechanism and to capture the full spec-
trum of current SOTA capabilities, we intentionally employ
three diverse, state-of-the-art style transfer methods to gen-
erate the stylized results for every content-style pair. This
ensemble approach allows us to ensure that the final dataset
represents various levels of transfer fidelity and computa-
tional strateg=ies. We use Omnistyle[18], StyleID[8], and
StyleShot [5] as the base models of image synthesis.

Evaluation Protocol. The 600k raw pairs are subjected to
a comprehensive, multi-layer filtering process to distill the
final high-quality dataset of approximately 300k positive
and negative pairs. This protocol is critical not merely for
culling bad data, but for mining discriminative positive and
informative negative samples essential for robust training,
as shown in Figure 3. The process is structured as follows:

1. Initial Automated Culling : We first utilize quantitative
metrics to perform a high-throughput culling, immedi-



Evaluation Prompt of Style Pairs

Prompt (Style-Transfer Quality Judge). You are an expert judge for image style-transfer quality.
I will provide you with:
• One ORIGINAL content image.
• One STYLE DESCRIPTION (either an image or text that explains the target style).
• Three CANDIDATE STYLIZED IMAGES: CANDIDATE 1, CANDIDATE 2, CANDIDATE 3.
Your task is to:
1. Understand the content of the ORIGINAL image.
2. Understand the intended style from the STYLE DESCRIPTION.
3. Evaluate each CANDIDATE image on how well it transfers the STYLE while preserving the CONTENT.
Please follow this evaluation protocol and output format exactly.

EVALUATION DIMENSIONS
For each candidate image, score the following:

1) Stylistic Match (0–30)
• How well does the candidate follow the STYLE DESCRIPTION?
• Consider color palette, textures, rendering style, level of abstraction, lighting, and overall mood.
• 0 means “style is completely wrong”, 30 means “style matches extremely well”.

2) Content Preservation (0–30)
• How faithfully does the candidate keep the main objects, composition, and spatial layout of the ORIGINAL image?
• 0 means “content is lost or heavily changed”, 30 means “content is preserved almost perfectly”.

3) Technical Quality (0–20)
• Rendering quality: sharpness, lighting, shading, geometry, perspective, and absence of obvious artifacts.
• 0 means “serious technical defects”, 20 means “clean and professional-quality rendering”.

4) Overall Aesthetic & Usability (0–20)
• How visually pleasing and usable is this image as a final stylized result (e.g., for products, branding, or dataset)?
• Consider harmony, clarity, and how well style and content work together.
• 0 means “unattractive or confusing”, 20 means “highly attractive and usable”.
Total Score = Stylistic Match + Content Preservation + Technical Quality + Overall Aesthetic

OUTPUT FORMAT
Return your answer in the following structured format, and do not add extra sections:

1. Metadata
• Original Caption: <1--2 sentences describing the ORIGINAL content image.>
• Style Summary: <1--2 sentences summarizing the target style from the STYLE DESCRIPTION.>
• Content Tags: ["tag1", "tag2", ...] (for main objects / scene)
• Style Tags: ["tag1", "tag2", ...] (for style / rendering / mood)

2. Per-Candidate Evaluation For each candidate (1, 2, 3), output:
Candidate X:
• Stylistic Match: <score>/30. Justification: <1--2 sentences>.
• Content Preservation: <score>/30. Justification: <1--2 sentences>.
• Technical Quality: <score>/20. Justification: <1--2 sentences>.
• Overall Aesthetic & Usability: <score>/20. Justification: <1--2 sentences>.
• Total Score: <sum>/100.

3. Ranking & Verdict Ranking (Best → Worst):
• Candidate <id> (Total: <score>/100)
• Candidate <id> (Total: <score>/100)
• Candidate <id> (Total: <score>/100)



4. Final Recommendation
• If at least one candidate has Total Score ≥ 80 and no severe artifacts:

Recommendation: ACCEPT.
Comment: <1--2 sentences summarizing why the best candidate is suitable.>

• Otherwise:
Recommendation: REJECT.
Comment:<1--2 sentences summarizing what is mainly wrong and what should be
improved.>

Important:
• Always give concrete visual reasons comparing to both the ORIGINAL image and the STYLE DESCRIPTION.
• Be strict with scores: reserve very high scores (Total ≥ 90) only for truly excellent, near-perfect results.

ately rejecting samples with severe technical defects (ex-
treme distortion or oversmoothing).

2. Positive Sample Mining : Each result is designated as
a positive sample only if it achieves a stringent qual-
ity consensus across a hierarchical three-tiered system.
This protocol requires a successful pass through: (a)
Qwen2.5-VL-72B [2] for basic coherence and quality
gating; (b) Gemini 2.5 Pro [4] for nuanced seman-
tic style/content alignment; and (c) Human Annotators
for final gold-standard validation of aesthetic quality
and consistency. Only samples confirming strong style
coherence, high technical quality, and faithful content
preservation at all stages are retained.

3. Hybrid Negative Sample Mining : We adopt a dual-
source strategy to construct a robust negative set. First,
we directly utilize the Negative Buffer established via
the bidirectional perturbation strategy, where the gen-
erated images inherently represent mismatched content-
style pairs. Second, we mine hard negatives from the
rejected candidates in the positive buffer,specifically tar-
geting instances where state-of-the-art models failed to
produce satisfactory transfers (including style collapse
or content distortion). By combining these explicitly
mismatched pairs with challenging generation failures,
we provide crucial discriminative signals that prevent the
model from learning shortcut solutions.
This two-pronged mining strategy ensures the final 300k

dataset provides rich supervision, comprising successful ex-
amples and discriminative failure cases to maximize the
model’s learning capacity, as shown in Figure 4.

3. Experimental Details

3.1. Evaluation Metrics

For ImgEdit [21] benchmark, we use the VLM GPT-4o [1]
and Gemini 2.5 Pro [4] as the verifier (Success@4).
For AnyEdit [22] benchmark, we adopt four similarity met-
rics following prior works [15, 17]:
• CLIP image similarity (CLIPimg): measuring change be-

tween edited and input image with CLIP [14].
• CLIP output similarity (CLIPout): measuring edited im-

age similarity with output caption,
• L1 pixel-distance between input and edit image,
• DINO similarity between the DINO [16] embeddings of

input and edited images.

3.2. Training Logs and Generalizability
To verify the stability and effectiveness of STYLESCORE,
we visualize the training dynamics in Figure 6. The training
logs record the evolution of the average reward during the
post-training phase. As evidenced by the curves, the model
exhibits a consistent learning trajectory. In the early stages,
the reward scores rise sharply, indicating that the policy is
rapidly adapting to the semantic stylistic preferences de-
fined by STYLESCORE. Subsequently, the curve stabilizes
at a high reward level without exhibiting significant oscil-
lations. This stable convergence serves as strong evidence
for the effectiveness of STYLESCORE in guiding preference
alignment during the reinforcement learning phase.

4. Additional Experiment Results

4.1. Effect of Reward Model Choice
We next investigate the impact of the reward model choice
on the Post-Training stage. We compare the performance
of our full pipeline when guided by different reward mod-
els. Specifically, we fix the model trained with SFT as the
starting point and then apply GRPO using either our Style-
Score or other general, publicly available reward models,
such as ImageReward [20] and HPSv3 [12]. The results are
presented in Table 1. When using the general-purpose Im-
ageReward and Hpsv3 , the performance on ImgEdit only
improves marginally from the SFT trained score of 4.50 to
4.55 and 4.52, respectively. In contrast, using our Style-
Score significantly boosts the performance to 4.74. This
result demonstrates the superiority of our reward model.
General models fail to provide a precise gradient signal for
the specific task of style-content disentanglement, but Style-



Figure 4. Examples of positive and negative samples in our dataset. We show the original content images alongside their corresponding
positive stylizations and mined negative samples based on the text instructions.

Table 1. Ablation study on the choice of reward model for the
GRPO stage. All models use the same +SFT checkpoint.

Method ImgEdit [21] StyleScore
GPT-4o Gemini

SFT Only 4.50 4.34 3.82

+ GRPO (Hpsv3[12]) 4.52 4.12 3.65
+ GRPO (ImageReward[20]) 4.55 3.97 3.56

+ GRPO (Ours) 4.74 4.46 3.91
GRPO only (Ours) 4.68 4.30 3.85

Score provides effective and reliable reward.

4.2. Effect of Timestep-Aware Reward Weighting

Standard GRPO optimization applies the reward signal
uniformly across all denoising steps. However, Flow
Matching-based models inherently exhibit a coarse-to-fine
generation hierarchy: the early denoising steps dominate
the formation of global semantic structure and stylistic at-
mosphere, while the later steps focus on refining high-
frequency details. For our style transfer task, focusing the
reward signal on the early timesteps is more effective than
uniform weighting. Consequently, we introduce a timestep-
aware reweighting strategy that aligns the reward density
with the model’s intrinsic generation dynamics as described
in Sec 1.2. Specifically, we employ an exponential decay
function to prioritize the early timesteps, ensuring the re-
ward signal is most potent during the critical phase of style
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Figure 5. Failure case during the instruction-guided style transfer.

Figure 6. Training reward curves. The consistent upward
trend and subsequent convergence demonstrate that our proposed
method effectively optimizes the objective function, steadily im-
proving the generation quality on both backbone architectures.

injection. As shown in Table 2, comparing our approach
against the uniform baseline reveals consistent improve-
ments across both ImgEdit and StyleScore metrics. This
validates that concentrating optimization guidance on the
structural formation stage significantly enhances the robust-
ness of style-content disentanglement.

Table 2. The timestep-aware reward weighting strategy.

Method ImgEdit ImgEdit StyleScore
GPT-4o Gemini

w/o. reweight 4.69 4.37 3.84
w. reweight 4.74 4.46 3.91

4.3. More Qualitative Results
To further demonstrate the diversity and robustness of our
Style-GRPO framework, we present additional generation
results in Figure 7. Our method generalizes exceptionally
well across a broad spectrum of artistic domains defined in
our STYLEREWARD-DATASET. Crucially, the model not
only captures the textures of these styles, but also maintains
high semantic fidelity. This confirms that Style-GRPO ef-
fectively decouples style representation from semantic con-
tent, ensuring that the structural integrity of original images

is preserved while applying globally consistent stylization.

4.4. Failure Case Analysis
While Style-GRPO demonstrates robust stylization capa-
bilities across diverse scenarios, we explicitly analyze its
limitations in the field. As illustrated in Figure 5, failure
cases predominantly arise in scenarios involving semantic
conflicts or abstraction prompts. When the target style re-
quires a alteration of the geometric structure, the model
occasionally exhibits under-stylization. This occurs be-
cause the model retains a strong bias towards preserving the
fine-grained content details of the source image, which in-
herently contradicts the simplification required by abstract
styles. Second, distinct semantic gaps can hinder style in-
jection. In such cases, the strong visual priors of the content
may overpower the target stylistic textures, resulting in a hy-
brid output where the style is not fully dominant. These ob-
servations suggest that balancing rigid content preservation
with stylistic abstraction remains a significant challenge for
current diffusion-based approaches.

5. Broader Impact

5.1. Further Work
Beyond the current focus on text-guided style transfer, our
framework opens up several key avenues for future re-
search, leveraging the unique strengths of the StyleScore re-
ward model and the Style-GRPO pipeline. A primary direc-
tion is the extension to reference-image-guided style trans-
fer. This transition is non-trivial, requiring adaptation of
the StyleScore model to robustly extract style features from
an arbitrary reference image and training the Style-GRPO
pipeline to manage the complex feature alignment and long-
range dependencies inherent in image-to-image style guid-
ance. Success in this area would dramatically enhance the
model’s versatility and enable finer artistic control.

Furthermore, the StyleScore reward model can be uti-
lized to enhance controllability and interpretability in gener-
ative models. By analyzing the gradient of StyleScore with
respect to the generated image, the framework could be ex-



tended to identify regions of an image that contribute most
to the style score. This could enable novel applications such
as localized style editing, where the user can selectively
apply, refine, or remove a style based on the StyleScore-
derived sensitivity map.

5.2. Limitations
A fundamental constraint is the inherent confinement of
the system to static image stylization. The critical bar-
rier to generalization lies in extending this human prefer-
ence alignment to the more demanding domain of video
style transfer. Unlike independent image processing, video
stylization imposes stringent requirements for temporal co-
herence. The successful transfer of style must go beyond
aesthetic quality on individual frames to maintain seam-
less stability and suppress flickering artifacts across the en-
tire sequence. The core human preference learning en-
gine STYLESCORE operates exclusively within the spatial
domain of static images. Consequently, the model lacks
the architectural mechanism to perceive or evaluate inter
frame consistency, which is pivotal for natural cinematic se-
quences. Addressing this limitation by scaling the reward
model to enforce robust spatiotemporal coherence repre-
sents the crucial next step toward the fully generalized and
human centric generative systems.
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Figure 7. More qualitative results of the instruction-guided style transfer.
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