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Fig. 1: Teaser of UniCSG on text-guided and reference-guided style transfer. Given a
content image, UniCSG transforms it into user-specified styles under both text prompts
and reference exemplars, showing faithful content preservation and style alignment. In
the reference-guided rows, each triplet shows (left to right) the reference image, the
content image, and the generated result.

Abstract. Style transfer must match a target style while preserving
content semantics. DiT-based diffusion models often suffer from con-
tent–style entanglement, leading to reference-content leakage and unsta-
ble generation. We present UniCSG, a unified framework for content-
constrained, style-driven generation in both text-guided and reference-
guided settings. UniCSG employs staged training: (i) a latent-space se-
mantic disentanglement stage that combines low-frequency preprocess-
ing with conditioning corruption to encourage content–style separation,
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and (ii) a latent-space frequency-aware detail reconstruction stage that
refines details via multi-scale frequency supervision. We further incorpo-
rate pixel-space reward learning to align latent objectives with percep-
tual quality after decoding. Experiments demonstrate improved content
faithfulness, style alignment, and robustness in both settings.

Keywords: Style transfer · Diffusion models · Content-style disentan-
glement

1 Introduction

Style transfer [11] is a core controllable generation task. Text-guided style trans-
fer applies a language-specified style to a content image, whereas reference-
guided style transfer transfers the visual appearance of a reference image to the
target content. In applications such as art creation, advertising, and game devel-
opment, the goal is to preserve content semantics while achieving high-fidelity
style alignment [51].

Most diffusion-based style transfer systems rely on either SDXL-style UNets
[26] or DiT backbones [8, 14, 25]. UNets benefit from local inductive biases [49,
52] and often yield better empirical content–style separation [36, 50], yet their
scalability and global modeling capacity can limit performance at high resolution
and in complex scenes. DiT architectures scale better, but they typically lack
fine-grained disentanglement mechanisms [51]. As a result, they can suffer from
style overfitting [18], reference-content leakage [2,39,42], and instability such as
checkerboard artifacts [18,19,53].

We attribute these issues to three factors. First, latent diffusion models are
often trained with a single reconstruction objective, which biases learning toward
low-level textures and under-emphasizes high-level semantics such as contours
and layout [43]. Second, frequency coupling further entangles content and style,
reducing controllability and fidelity. DiT backbones tend to model low-frequency
structure more effectively than high-frequency textures [22]. Third, optimization
occurs in latent space whereas evaluation is performed in pixel space. Latent-
optimal solutions can diverge from perceptual optimality after decoding.

To address these challenges, we propose UniCSG, a unified framework for
high-fidelity, content-constrained, style-driven generation. UniCSG follows a staged,
progressive paradigm. In latent space, two sequential stages with decoupled ob-
jectives handle semantic disentanglement and frequency-aware detail reconstruc-
tion, respectively. A pixel-space perceptual alignment module further bridges the
latent–pixel objective gap.

Latent-space Stage 1 (Semantic Disentanglement): we combine low-frequency
preprocessing with conditioning corruption to encourage the model to rely on
high-level cues, improving content–style disentanglement and reducing content
leakage.

Latent-space Stage 2 (Frequency-aware Detail Reconstruction): we introduce
multi-scale frequency decomposition and a frequency-weighted objective to refine
high-frequency textures.
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Pixel-space Reward Learning (Reward-guided Perceptual Alignment): we in-
corporate pixel-space reward learning to improve perceptual quality after decod-
ing.

Through this disentangle–reconstruct–align pipeline, UniCSG jointly improves
controllability, detail fidelity, and perceptual quality.

Our contributions can be summarized as follows:

– We introduce a semantic disentanglement strategy based on low-frequency
preprocessing and conditioning corruption, which effectively separates style
from content and prevents reference-content leakage.

– We propose a frequency-aware detail reconstruction mechanism that
leverages multi-scale frequency decomposition and frequency-weighted su-
pervision to enhance high-frequency texture recovery upon the semantic
scaffold.

– We introduce a reward-guided learning mechanism in pixel space that
bridges the gap between latent-space optimization objectives and perceptual
quality after decoding.

2 Related Work

2.1 Content-Constrained Style-Driven Generation

Early CNN-based style transfer defines separate content and style losses to con-
strain structural and textural similarity, respectively [11]. Later methods add
attention [6,28] and multi-scale fusion [13] for finer local control. With diffusion
models, the focus shifts to imposing precise content constraints on powerful back-
bones. IP-Adapter [44] injects reference features via cross-attention for disentan-
gled control. ControlNet [47] conditions on spatial cues (edges, depth) to pre-
serve structure. However, most approaches still operate at the pixel or shallow-
feature level without explicit high-level semantic constraints, causing structural
distortion and content-style entanglement in complex scenes. Frequency coupling
further limits fidelity and visual quality. These limitations motivate stronger se-
mantic constraints and frequency-aware optimization for robust, high-fidelity
style transfer.

2.2 Semantic Disentanglement

In image generation, pixel-level reconstruction alone often drives latents to over-
fit textures and noise while under-capturing high-level semantics [43]. Yet latent
semantic capacity correlates strongly with generation quality. Prior work ad-
dresses this gap by strengthening encoders (e.g., VAE–ViT hybrids or unified
encoders [43]), aligning latents with semantic features via DINOv2 [23], or em-
ploying asynchronous denoising such as SFD [24]. In contrast, we retain the
standard encoder and decouple objectives via staged training. Stage 1 learns
semantic disentanglement under degraded inputs. Stage 2 refines details guided
by the learned scaffold.
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2.3 Frequency Disentanglement

Diffusion Transformers have popularized high/low-frequency separation. DeCo
[22], DiP [3], PixelDiT [46], and JiT [20] assign different components to low-
frequency semantics versus high-frequency textures, aligning with Transformers’
strengths in low-frequency modeling. Common strategies employ heavy down-
sampling [22,46] or embedding bottlenecks [20] to constrain the backbone to low
frequencies. Lightweight decoders [22] or auxiliary paths [46] then restore high-
frequency textures. Another line decouples frequencies in latent space [33, 41],
exploiting early denoising for low frequencies and later steps for high frequen-
cies [45]. We deepen this perspective with a two-stage paradigm. Stage 1 con-
centrates on low-frequency structure and content–style integration. Stage 2 tar-
gets frequency-aware detail reconstruction, yielding stronger disentanglement
and higher fidelity.

3 Methodology

We build UniCSG on top of a pretrained image-editing model (Qwen-Image-Edit-
2509 [37]). We unify text-to-image and image-to-image settings with a four-tuple
input ⟨text, ref_img, source_img, gt_img⟩. Both text-guided and reference-
guided stylization follow the same content-constrained generation framework,
differing only in the source of style information: text-guided transfer uses the
text prompt to specify the desired style, whereas reference-guided transfer uses
the reference image as the style exemplar. We structure the methodology descrip-
tion into three core sections. Semantic Disentanglement (Stage 1) is covered in
Sec. 3.1. Sec. 3.2 addresses Frequency-aware Detail Reconstruction (Stage 2).
Pixel-space Reward Learning is then presented in Sec. 3.3. An overview is shown
in Fig. 2.

3.1 Semantic Disentanglement

This stage targets semantic entanglement between content and style. We com-
bine low-frequency preprocessing with conditioning corruption to increase the
difficulty of the conditioning inputs. This encourages the model to learn disen-
tangled content–style representations and a stable semantic scaffold that reduces
content leakage.

Diffusion denoising naturally follows a coarse-to-fine trajectory: early steps
primarily recover global contours and semantic layout [45]. Accordingly, we apply
low-pass filtering [16, 17] to the input images before VAE encoding, retaining
only frequencies below a threshold τ (default τ=0.2) for the target Itarget and
the conditioning images Icontent and Istyle:

Ilowtarget = Flow_pass(Itarget),

Ilowcontent = Flow_pass(Icontent),

Ilowstyle = Flow_pass(Istyle).

(1)
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Latent-Space Stage 2：Frequency-aware Detail Reconstruction
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Fig. 2: Overview of UniCSG. We use staged semantic–frequency disentanglement in
latent space and reward-guided perceptual alignment in pixel space. Stage 1 (semantic
disentanglement): low-frequency preprocessing plus conditioning corruption builds a
robust content–style scaffold. Stage 2 (frequency-aware detail reconstruction): multi-
scale frequency supervision refines high-frequency textures atop the scaffold. Pixel-
space reward learning further matches latent objectives to perceptual quality after
decoding.

This operation encourages the model to focus on low-frequency structure early in
training, supporting stable semantic learning before high-frequency refinement
[10].

To achieve precise content–style disentanglement, we introduce conditioning
corruption under a unified timestep. Specifically, we keep a single timestep con-
dition per training step and apply different corruption strengths to the content
and style conditionings. This yields an information hierarchy: the target is the
least corrupted, content is moderately corrupted, and style is the most corrupted.

To remain fully compatible with the pretrained noise schedule, we sam-
ple a unified timestep t at each training step and use the scheduler-provided
noise coefficient σ(t) ∈ [0, 1] (denoted σt). For clarity, we denote the clean tar-
get/content/style latents by ztarget, zcontent, and zstyle, and use the superscript
(t) to indicate the noised latent at timestep t. Under this unified timestep, the
target latent follows the standard convex-combination noising process:

z
(t)
target = (1− σt)ztarget + σtϵtarget, ϵtarget ∼ N (0, I). (2)

Rather than using different timesteps, we express the desired information hi-
erarchy by applying stronger corruption to the conditioning branches under
the same timestep. Specifically, we introduce noise amplification factors γi for
i ∈ {content, style}, where γstyle > γcontent > 1. These factors are implemented
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via higher-variance Gaussian noise. For a given amplification factor γi, we con-
struct the amplified noise as:

ϵγi
= ϵ+

√
γ2
i − 1 ϵ′, ϵ, ϵ′ ∼ N (0, I), independent

⇒ ϵγi
∼ N (0, γ2

i I).
(3)

Under the same timestep t, the noised content and style conditionings are defined
as:

z
(t)
content = (1− σt)zcontent + σtϵγcontent ,

z
(t)
style = (1− σt)zstyle + σtϵγstyle .

(4)

Consequently, under the same timestep t, the style conditioning is more cor-
rupted than the content conditioning, while the target branch remains the least
corrupted. This γi-controlled information hierarchy encourages the model to ex-
tract global style cues from heavily corrupted style inputs and structural seman-
tics from less corrupted content inputs, suppressing reference-content leakage
within a single-timestep training framework [?].

To improve generalization, we introduce a probabilistic replacement mech-
anism: with probability p, we replace the content or style conditioning with
pure noise, forcing the model to generate plausible structure under partial in-
formation loss. To smoothly transition from Stage 1 disentanglement learning to
Stage 2 full-detail reconstruction, we apply a progressive decay schedule to the
corruption strength during training.

The objective in this stage combines a base reconstruction loss Lbase with a
semantic loss Lsem that guides content–style disentanglement:

Lstage1 = Lbase + Lsem. (5)

The base loss is the standard velocity-prediction objective:

Lbase = w(t) · E
[∥∥vθ(z

(t)
target, t, z

(t)
content, z

(t)
style)− (ϵtarget − ztarget)

∥∥2
2

]
. (6)

The semantic loss uses CLIP [27] image features ϕ(·) to define three complemen-
tary signals. The target-faithfulness term Lcont

target aligns the generated output
with the ground-truth target at a semantic level. The content-preservation term
Lcont

content enforces the core objects and scene layout of the content image. The
content-style repulsion term Ldiss

style reduces semantic similarity with the style
image, mitigating unintended content transfer from the style reference:
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Lsem = λcont
target · E

[
1− simCLIP-I

(
ϕ(Î), ϕ(Itarget)

)]
︸ ︷︷ ︸

Lcont
target

+ λcont
content · E

[
1− simCLIP-I

(
ϕ(Î), ϕ(Icontent)

)]
︸ ︷︷ ︸

Lcont
content

+ λdiss
style · E

[
simCLIP-I

(
ϕ(Î), ϕ(Istyle)

)]
︸ ︷︷ ︸

Ldiss
style

. (7)

In summary, conditioning corruption and semantic supervision promote con-
tent–style disentanglement and provide a semantic foundation for Stage 2.

3.2 Frequency-aware Detail Reconstruction

This stage focuses on high-fidelity reconstruction of fine-grained textures after
the model has learned a stable semantic blueprint. We guide detail synthesis
through multi-scale frequency decomposition and a carefully designed objective
emphasizing high-frequency refinement.

Once the model has learned the basic structure, we remove the low-pass
constraint and train with full-spectrum information. The key is to introduce
frequency-domain losses as explicit guidance. Since the denoising objective is
defined in latent space, we perform frequency decomposition directly on latents
for consistency with the training target. Specifically, we apply a DoG (Difference
of Gaussian) pyramid to decompose the predicted latent ẑ and the target latent
ztarget into multi-scale components [33, 41]. This separates low-frequency parts
ẑ
(k)
low, z

(k)
target, low and high-frequency parts ẑ

(k)
high, z

(k)
target, high, where k denotes

the scale level. Any perceptual gap introduced by operating in latent space is
subsequently addressed by the pixel-space reward learning (Sec. 3.3).

Low-frequency components correspond to transferable global structure with
relatively uniform error distributions. We therefore use MSE to provide strong
gradients for accurate global reconstruction. In contrast, high-frequency compo-
nents are inherently mixed: they include both stylistic fine textures to be trans-
ferred and irrelevant noise or incidental details. For high-frequency terms, we do
not enforce strict pixel-wise matching. Instead, we aim for a weaker consistency
that preserves beneficial stylization while filtering meaningless interference.

To reduce the influence of outliers introduced by noise and irrelevant details,
we adopt LogMSE for high-frequency components. LogMSE down-weights large
errors while remaining sensitive to small-to-moderate discrepancies, which helps
refine transferable textures [21].

We therefore construct a weighted composite objective by augmenting the
base reconstruction loss with a frequency-domain supervision term:
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Lstage2 = Lbase + λfreq ·
∑
k

(
wlow ·

∥∥ẑ(k)low − z
(k)
target, low

∥∥2
2

+ whigh · log
(
1 +

∥∥ẑ(k)high − z
(k)
target, high

∥∥2
2

))
. (8)

Here, w(t) is the timestep weight given by the scheduler during training. λfreq
controls the overall strength of frequency supervision. wlow and whigh balance
low-frequency structure preservation against high-frequency detail reconstruc-
tion. We typically set whigh > wlow to prioritize fine-grained high-frequency
refinement.

This staged design, together with multi-scale frequency supervision in Stage
2, improves high-frequency detail reconstruction while preserving global struc-
ture.

3.3 Pixel-space Reward Learning

Even after learning a content–style mapping in latent space through seman-
tic–frequency disentanglement, a key challenge remains: latent-space optimiza-
tion is not perfectly aligned with human perception in pixel space [10]. Latent
reconstruction objectives do not fully capture pixel-level perceptual quality. A
solution optimal in latent space may therefore not yield the best decoded per-
ception in terms of content faithfulness, style consistency, or detail sharpness.

To bridge this gap, we incorporate a reward-guided learning mechanism
throughout training. A set of multi-dimensional reward models operates on de-
coded images in pixel space. These models evaluate generated outputs and pro-
vide perceptual feedback signals, enabling direct and fine-grained optimization
of visual quality and content–style alignment.

Reward-guided learning runs alongside the main training process. Let Stotal
denote the total training steps and Swarmup the number of Stage 1 steps (default
Swarmup = 0.6·Stotal). For each mini-batch, we determine the current stage based
on step index s and compute the corresponding latent-space loss Llatent(s).

Llatent(s) =

{
Lstage1, if s ≤ Swarmup,

Lstage2, otherwise.
(9)

In parallel, the reward module is activated. We define a multi-dimensional
reward function in pixel space, R(Î, Itarget, Icontent, Istyle), to evaluate the de-
coded image Î. The reward aggregates several specialized signals. The content-
faithfulness reward Rc measures semantic similarity between the generated image
and the content reference via CLIP-I [27] image encoder, encouraging preserva-
tion of key content. The style-alignment reward Rs measures stylistic similarity
between the generated image and the style reference via CSD [29], encouraging
accurate capture and transfer of artistic style. The total reward is a weighted sum
of these core rewards together with auxiliary signals including an LPIPS-based
perceptual reward and a discriminator-based adversarial reward:
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Rtotal = ωcRc + ωsRs +
∑
i

ωiRi. (10)

Reward learning remains active in both stages: outputs from either Stage 1 or
Stage 2 are decoded into pixel space, scored by the reward models, and optimized
with a policy-gradient-style objective. To avoid confusion with timestep t, we
denote the step-wise advantage by A(s). The pixel-space reward loss is:

Lpixel = −E
(z

(t)
target,t,z

(t)
content,z

(t)
style)∼D

[
A(s) · log πθ

(
Î
∣∣∣ z(t)target, t, z

(t)
content, z

(t)
style

)]
.

(11)

Here, πθ(·) denotes the conditional generative distribution induced by the de-
noiser (without committing to a specific noise parameterization). The advantage
is defined as:

A(s) = Rtotal

(
Î, Itarget, Icontent, Istyle

)
− b

(
z
(t)
target, t, z

(t)
content, z

(t)
style

)
. (12)

b(·) is the baseline function. Finally, we combine the latent-space loss and the
pixel-space reward loss with a weighting coefficient to form the overall training
objective:

Ltotal(s) = Llatent(s) + λpixel · Lpixel(s). (13)

4 Experiments

4.1 Experimental Settings

Setup. We adopt Qwen-Image-Edit-2509 [37] as the pretrained model. Through
the data generation pipeline detailed in the appendix, we construct a training
dataset containing 40,000 high-quality four-tuples for model training. Training
is conducted on NVIDIA A100 GPUs in two stages: Stage 1 fine-tunes for 12,000
steps on 2 GPUs with a learning rate of 5× 10−6 and batch size 1. Stage 2 fine-
tunes for 8,000 steps on 2 GPUs with per-GPU batch size 1 (total batch size 2),
using the same learning rate.

Benchmark. For fair and comprehensive evaluation, we construct the CSG-
Bench benchmark by sampling and augmenting public datasets such as Omni-
Consistency [31] and OmniStyle [34]. The test set contains 1,922 content images
spanning portraits, architecture, landscapes, cartoons, objects, food, and ani-
mals. For styles, we randomly select 6 out of 20 predefined style types, including
3D Chibi, American Cartoon, clay, Ghibli, Paper cutting, and Vector and cu-
rate 100 high-quality, clear reference images for each style. Evaluation results on
OmniConsistency-bench are provided in the appendix.



10 J. Yang et al.

Table 1: Quantitative results for text-guided style transfer on CSG-Bench.

Method Style consistency Content consistency

FID ↓ CSD ↑ CLIP-T ↑ CLIP-I ↑ DINO ↑ DreamSim ↑

OmniConsistency [31] 117.079 0.503 0.266 0.705 0.487 0.712
OmniStyle [34] 134.415 0.275 0.247 0.737 0.620 0.715
flux1.Kontext-dev [15] 120.649 0.430 0.251 0.772 0.588 0.741
Nano-banana [4] 128.162 0.534 0.249 0.792 0.644 0.791
DreamOmni2 [40] 120.697 0.388 0.252 0.757 0.531 0.704
OmniGen2 [38] 121.355 0.448 0.260 0.733 0.547 0.733
BAGEL [5] 132.504 0.525 0.265 0.696 0.425 0.638
Ovis-U1 [32] 136.033 0.573 0.275 0.702 0.400 0.653

Qwen-Image-Edit [37] (Base) 120.329 0.489 0.251 0.772 0.617 0.761
UniCSG (Ours) 113.940 0.541 0.267 0.797 0.701 0.816

Table 2: Quantitative results for reference-guided style transfer on CSG-Bench.

Method Style consistency Content consistency

FID ↓ CSD ↑ CLIP-T ↑ CLIP-I ↑ DINO ↑ DreamSim ↑

OmniConsistency [31] 91.140 0.635 0.269 0.666 0.408 0.679
OmniStyle [34] 129.775 0.393 0.256 0.732 0.615 0.670
flux1.Kontext-dev [15] 91.785 0.560 0.255 0.690 0.498 0.685
Nano-banana [4] 127.868 0.522 0.250 0.745 0.586 0.748
DreamOmni2 [40] 112.960 0.420 0.242 0.784 0.606 0.748
OmniGen2 [38] 90.270 0.622 0.271 0.624 0.409 0.624
BAGEL [5] 72.070 0.511 0.266 0.503 0.212 0.500
Ovis-U1 [32] 101.215 0.703 0.277 0.552 0.274 0.555

Qwen-Image-Edit [37] (Base) 87.922 0.577 0.253 0.570 0.328 0.565
UniCSG (Ours) 87.320 0.731 0.271 0.760 0.597 0.762

Evaluation Metrics. To comprehensively evaluate generation performance, we
adopt a multi-dimensional metric suite covering two core aspects. For content
consistency [2], we report CLIP-I [27], DINO [23], and DreamSim [9] as comple-
mentary measures. For style consistency [30], we use FID [12], CLIP-T [27], and
CSD [29] to assess style alignment from multiple perspectives.

Baselines. We compare UniCSG against eight representative and state-of-the-
art baselines: OmniConsistency [31], OmniStyle [34], flux1.Kontext-dev [15],
Nano-banana [4], DreamOmni2 [40], OmniGen2 [38], BAGEL [5], and Ovis-
U1 [32].

4.2 Experimental Results

Quantitative Evaluation. In all tables, we highlight the best value in red
and the second-best in blue in each column. Quantitative comparisons are sum-
marized in Tables 1 and 2.
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Fig. 3: Qualitative results for text-guided style transfer on CSG-Bench.

In the text-guided setting, UniCSG achieves a favorable trade-off between
style consistency and content consistency. Although style-consistency metrics
are slightly lower than Ovis-U1 [32], it consistently preserves content structure
while maintaining competitive stylization strength. Moreover, the FID score of
113.9397 outperforms multiple baselines (e.g., OmniConsistency [31]), indicating
that the distribution of generated images is closer to the target style distribution.

In the reference-guided setting, UniCSG likewise achieves a strong style-
content trade-off. A high CSD score indicates effective style transfer, and a high
DreamSim score indicates improved content preservation with reduced reference-
content leakage. DINO and CLIP-T scores are comparable to leading models,
suggesting competitive visual quality and semantic content retention even when
some baselines achieve lower FID at the cost of weaker content control.

Qualitative Evaluation. Representative visual comparisons are shown in Fig. 3
and Fig. 4.

In the text-guided setting, UniCSG preserves content well and produces
strong details. Fine-grained inspection shows better preservation of hairstyle,
semantic identity, object count, and background layout consistency, while still
maintaining clear stylization. We observe slightly weaker stylization strength
than OmniConsistency [31] and Ovis-U1 [32] in some cases, which may con-
tribute to the lower style-consistency scores.

In the reference-guided setting, our results differ substantially from the text-
guided outputs, indicating that the model can learn style characteristics from
the reference image. Meanwhile, BAGEL [5] suffers from severe reference-content
leakage, making its style distribution closer to the original content distribution.
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Fig. 4: Qualitative results for reference-guided style transfer on CSG-Bench.
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Fig. 5: Ablation study results. The first row shows the Ghibli style and the second row
shows the 3D Chibi style. Left: text-guided setting. Right: reference-guided setting.

OmniStyle [34] and DreamOmni2 [40] exhibit transfer failures in some cases,
producing results closer to the original content images. Compared with these
baselines, UniCSG better preserves semantic identity and scene structure while
reducing the unintended transfer of reference-specific content.

User Study. We conduct a user study to further demonstrate UniCSG’s ad-
vantages. Thirty evaluators assess 48 image cases covering both text-guided and
reference-guided tasks. For each case, evaluators select the best result among
nine models in terms of content consistency and style consistency. This human
evaluation complements automatic metrics, which may not fully reflect subtle
structural drift or reference-content leakage under fine-grained inspection. The
preference statistics are reported in Table 3, where UniCSG receives higher user
preference in both settings.
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Table 3: User preference rates(%) for content and style consistency across methods.

Method Text-guided Reference-guided

Content ↑ Style ↑ Content ↑ Style ↑

OmniConsistency [31] 6.9 9.9 3.2 5.6
OmniStyle [34] 1.8 1.2 2.0 2.0
flux1.Kontext-dev [15] 26.6 22.0 11.5 7.1
Nano-banana [4] 25.8 22.8 30.4 24.2
DreamOmni2 [40] 4.0 3.6 11.3 8.7
OmniGen2 [38] 3.4 5.8 0.2 3.2
BAGEL [5] 0.6 1.8 0.0 0.8
Ovis-U1 [32] 1.4 2.8 3.2 3.8

UniCSG (Ours) 29.6 30.2 38.3 44.6

Table 4: Ablation results for text-guided style transfer on CSG-Bench.

Method Style consistency Content consistency

FID ↓ CSD ↑ CLIP-T ↑ CLIP-I ↑ DINO ↑ DreamSim ↑

UniCSG (Ours) 113.940 0.541 0.267 0.797 0.701 0.816

w/o Stage 1 121.855 0.524 0.258 0.748 0.590 0.763
w/o Stage 2 124.718 0.516 0.255 0.755 0.630 0.770
w/o Reward 123.331 0.521 0.255 0.758 0.622 0.775

Table 5: Ablation results for reference-guided style transfer on CSG-Bench.

Method Style consistency Content consistency

FID ↓ CSD ↑ CLIP-T ↑ CLIP-I ↑ DINO ↑ DreamSim ↑

UniCSG (Ours) 87.320 0.731 0.271 0.760 0.597 0.762

w/o Stage 1 90.708 0.645 0.266 0.716 0.417 0.691
w/o Stage 2 92.317 0.619 0.262 0.714 0.452 0.701
w/o Reward 92.335 0.661 0.264 0.723 0.451 0.706

Ablation Study. We visualize ablation trends in Fig. 5 and report detailed
numbers in Tables 4 and 5. We conduct ablations on three components: Stage
1, Stage 2, and the reward model. Removing Stage 1 (low-frequency training
with conditioning corruption) significantly degrades content-consistency metrics:
in the text-guided setting, content becomes uncontrolled with hallucinations,
while in the reference-guided setting, severe reference-content leakage occurs,
demonstrating the importance of learning low-frequency structure for content
constraints. Removing Stage 2 (frequency supervision) reduces style-consistency
performance, including weaker geometric deformation and less accurate color
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Fig. 6: Qualitative results on unseen styles during training.

Table 6: Quantitative results under seen and unseen settings on CSG-Bench.

Task-Style setting Style consistency Content consistency

FID ↓ CSD ↑ CLIP-T ↑ CLIP-I ↑ DINO ↑ DreamSim ↑

Text-Seen 113.940 0.541 0.267 0.797 0.701 0.816
Text-Unseen 118.303 0.541 0.259 0.734 0.546 0.726

Reference-Seen 87.320 0.731 0.271 0.760 0.597 0.762
Reference-Unseen 113.532 0.701 0.257 0.728 0.536 0.718

tones, suggesting that high-frequency refinement improves stylization by recov-
ering fine-grained textures and geometric cues. Removing the reward model
yields a smaller but consistent drop, consistent with its role in perceptual align-
ment, particularly refining background and clothing details. Gains are larger in
the reference-guided setting, indicating that UniCSG is particularly effective for
reference-based stylization.

5 Discussion and Limitations

We discuss the generality and limitations of UniCSG from three perspectives:
generalization, style transfer granularity, and efficiency.

Generalization to unseen styles. Our staged training explicitly separates
semantic consistency (Stage 1) from texture stylization (Stage 2), and randomly
sampling from the style pool during training exposes the model to diverse styles.
Together, these design choices improve generalization to unseen style. Fig. 6 and
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Fig. 7: Qualitative results across diverse style categories.

Table 6 show that performance degrades on unseen styles, which is expected
because the unseen setting provides a harder transfer scenario without exposure
to that style category during training. Nevertheless, UniCSG retains relatively
strong content-related metrics, suggesting that it learns transferable content-
preservation capability rather than merely overfitting to seen-style distributions.

Image-level vs. category-level stylization. Our style pool covers diverse
artistic categories, including atmosphere and palette changes, stroke- and texture-
driven rendering, and geometric or shape-deforming stylization. This diversity
highlights a key distinction from image-level transfer, which is often closer to
atmosphere or appearance translation tied to a single reference image. In con-
trast, UniCSG targets category-level stylization: beyond color tone and render-
ing patterns, it also learns transferable stylistic transformations shared across
a style category, including geometric deformation and structural restylization,
while preserving the content semantics of the source image. As a result, the
method is better suited to content-constrained stylization settings where avoid-
ing reference-specific leakage is as important as achieving strong visual style
transfer. Fig. 7 illustrates representative results across different style categories.

Efficiency. UniCSG is built on the Qwen-Image-Edit-2509 backbone and fur-
ther accelerated with Qwen-Image-Lightning, reducing per-image inference la-
tency to approximately 4s for text-guided tasks and 10s for reference-guided
tasks at 1024 resolution.

6 Conclusion

We propose UniCSG, a unified training framework for high-fidelity, content-
constrained, style-driven generation. With a staged design semantic disentangle-
ment, frequency-aware reconstruction, and pixel-space reward learning. UniCSG
improves style-transfer stability and fine-detail quality while preserving content
structure and substantially mitigating reference-content leakage. Future work
will explore stronger cross-domain generalization and more efficient reward mod-
eling to further improve controllable generation in complex scenes.
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