This CVPR paper isthe Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Unified Customized Generation by Disentangled Reward Modeling

Shaojin Wu'!
Jiahe Tian'

Mengqi Huang!+?

*

Yiming Luo! Fei Ding!f

Yufeng Cheng!  Wenxu Wu?
Qian He!

ntelligent Creation Team, ByteDance, >University of Science and Technology of China

{wushaojin, chengyufeng.cbl, tianjiahe.00, luoyiming.lym, dingfei.212, hegian}@bytedance.

%
L

... riding a bike in
the street.

-. dressed in a 1990s
)| brown plaid jacket ...

Subject/ldentity Driven Generation

| stﬁe}

A duck, with words read
"USO", "inspires creativity".

Multi-style Driven Generation

style 'of work, cubism.

4 | llustration sfyle,a

“
Subject/Identity Driven Stylization

Style-subject Driven Generation
(Layout-preserved)

Transform to Picasso’s|

=\ o
Small boat
in the Take.

\-

dog on the beach.

The woman gave an
impassioned speech ...

(Layout-shifted)

Figure 1. We propose USO, a unified model that jointly optimizes for subject and style, enabling customizable generation with high subject

consistency and style fidelity.

Abstract

Existing literature typically treats various customized gen-
eration tasks (e.g., subject-customized generation, style-
customized generation) as distinct and disjoint problems,
with each task focusing solely on customizing a specific as-
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pect of the reference image. However, we argue that the
objectives of these different customization tasks are inher-
ently complementary and can be mutually enhanced within
a unified framework, as they fundamentally involve the dis-
entanglement of multiple feature aspects from the refer-
ence image. To this end, we introduce USO, a Unified
Simultaneous Optimization framework to simultaneously
unify different customized tasks (i.e., subject and style).
Specifically, USO introduces a cyclical data-model frame-
work that connects these two tasks by a subject-for-style
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data curation pipeline and a style-for-subject model train-
ing pipeline. The subject-for-style data curation pipeline
leverages a state-of-the-art subject-customized model to
generate high-quality triplet data comprising content im-
ages, style images, and their corresponding stylized content
images. Building on this foundation, the style-for-subject
model training pipeline introduces an auxiliary style reward
to simultaneously align style and content features, thereby
reinforcing the model’s ability to extract the desired style
or content features from the reference image. Extensive ex-
periments demonstrate that USO achieves state-of-the-art
performance among open-source models, excelling in both
subject consistency and style similarity. Code and model:

1. Introduction

The significant advancements in image generation [15, 22,
24,27, 29] over the past years have greatly improved gener-
ative controllability, fundamentally changing how humans
create images, i.e., whether through abstract textual descrip-
tions, specific visual reference images, or both. Research on
leveraging both textual and visual conditions has attracted
increasing interest, giving rise to numerous real-world tasks
such as style-driven generation and subject-driven genera-
tion. While textual conditions are typically explicit, visual
conditions are inherently noisy, as images intrinsically em-
body a rich spectrum of features (e.g., style, appearance), of
which only a specific one is relevant to a specific task. For
instance, style-driven generation requires only the style fea-
ture from the reference images, whereas other features con-
stitute noise. Therefore, a fundamental and long-standing
challenge in these tasks is to accurately include all required
features from the reference image while simultaneously
excluding other noisy ones, e.g., including only the style in
style-driven generation or only the subject’s appearance in
subject-driven generation.

Extensive efforts in the literature have been dedicated
to disentangling different features in visual conditions (i.e.,
reference images). On the one hand, in the realm of
style-driven generation, DEADIff [26] employs QFormer
to selectively query only the style features from refer-
ence images. CSGO [40] constructs content-style-stylized
triplets to facilitate style-content decoupling during train-
ing. StyleStudio [17] introduces style-based classifier-free
guidance (SCFG) to enable selective control over stylistic
elements and to mitigate the influence of irrelevant features.
On the other hand, subject-driven generation methods pri-
marily focus on disentangling subject appearance features
or constructing more effectively disentangled paired data.
For example, RealCustom [12, 20, 21] proposes a dual-
inference framework that selectively incorporates subject
features into subject-specific regions. UNO [37] leverages

the in-context capabilities of DiT to progressively improve
both the quality of paired data and the model itself. To
conclude, existing methods primarily focus on fask-specific
disentanglement by designing tailored datasets or model ar-
chitectures for each individual task, thereby performing dis-
entanglement in an isolated, single-task context.

We argue that a more comprehensive and precise disen-
tanglement approach should fully account for the coupling
and complementarity between different generation tasks.
Each task should not only learn which features to include,
but, more importantly, also learn which features to exclude,
i.e., features that are often required by other tasks. There-
fore, learning to include certain features in one task in-
herently informs and enhances the process of learning to
exclude those same features in a complementary task, and
vice versa. For example, style-driven generation aims to in-
corporate stylistic features while excluding subject appear-
ance features, whereas subject-driven generation does the
exact opposite. The ability to learn and include subject ap-
pearance features in subject-driven generation can, in turn,
help style-driven generation more effectively learn to ex-
clude these features, thereby improving disentanglement for
both tasks. In conclusion, we believe that jointly modeling
complementary tasks enables a mutually reinforcing disen-
tanglement process, leading to a more precise separation of
relevant and irrelevant features for each task.

Based on the above motivation, we propose a novel
cross-task co-disentanglement paradigm to unify subject-
driven and style-driven generation, and, more importantly,
to mutually enhance the performance of both tasks. Specif-
ically, this co-disentanglement paradigm is implemented
through a subject-for-style data curation framework and a
style-for-subject model training framework. The subject-
for-style framework first utilizes a state-of-the-art subject
model to generate high-quality style data, while the style-
for-subject framework subsequently trains a more effective
subject model under the guidance of style rewards and dis-
entangled training. Technically, on the one hand, for the
subject-for-style data curation framework, we build upon
a state-of-the-art subject-driven model [16, 37] and fur-
ther develop both a stylization expert and a de-stylization
expert to curate stylized and non-stylized images. This
process ultimately constructs triplet data pairs in the form
of <style reference, de-stylized subject reference, stylized
subject result> for subsequent model training. On the other
hand, for the style-for-subject model training framework,
we propose a Unified Simultaneous Optimization frame-
work, which introduces task disentanglement training and
auxiliary style reward.

Our contributions are summarized as follows:

Concept: We point out that existing style-driven and
subject-driven methods focus solely on isolated disentan-
glement within each task, neglecting their potential com-
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Figure 2. Illustration of our proposed cross-task triplet curation framework, which systematically generates layout-preserved and layout-
shifted triplets.

plementarity and thus leading to suboptimal disentangle-
ment. For the first time, we propose a novel cross-task
co-disentanglement paradigm that unifies style-driven and
subject-driven tasks, enabling mutual enhancement and
achieving significant performance improvements for both.

Methodology: We present a novel cross-task triplet
curation framework that bridges style-driven and subject-
driven generation. Building on this, we introduce USO,
a unified customization architecture that incorporates task
disentanglement training and auxiliary style rewardto fur-
ther promote cross-task disentanglement. We further re-
lease USO-Bench, to the best of our knowledge, the first
benchmark tailored for evaluating cross-task customization.

Performance: Extensive evaluations on USO-Bench
and DreamBench [28] show that USO achieves state-of-the-
art results on subject-driven, style-driven, and joint style-
subject-driven tasks, attaining the highest CLIP-T, DINO,
and CSD scores. USO can handle individual tasks and their
free-form combinations while exhibiting superior subject
consistency, style fidelity, and text controllability as shown
in Figure I.

2. Related Work

2.1. Subject-Customized Generation

Subject-customized generation refers to generating images
of the same subject conditioned on a text instruction and
reference images of given subjects. Dreambooth [28] and
IP-Adapter [42] turn a UNet-based text-to-image model
into a subject-driven model by parameter-efficient tuning
or a newly introduced attention plug-in. Recently, popu-
lar image-generation foundation models have shifted from
UNet-based architectures to transformer-based ones. The
inherent in-context learning capabilities of transformers
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have greatly enriched research on subject-driven generation.
ICLoRA [11], OminiControl [31], UNO [37], UMO [2],
and FLUX.1 Kontext [16] use shared attention between
the generated image and reference image to train a text-to-
image DiT into a subject-driven variant. It is worth not-
ing that some of them have extended the reference subject
to other types. OminiControl [31] supports layout control
image as a reference, UNO [37] supports multiple refer-
ence images input, and DreamO [23] can work for sim-
ple style transfer. They have indicated that various types of
reference-guided generation can be unified within the DiT
in-context framework. This further prompts the question
of whether jointly addressing different tasks in this setting
could lead to mutual benefits across them.

2.2, Style-Customized Generation

Style-customized generation aims to apply the style in the
reference image to the given content image or fully gen-
erated image. Early work like adaptive instance normal-
ization [13] achieved impressive style transfer results with
layout-preserved results by simply using a pre-trained net-
work as the style encoder and well-designed injection mod-
ules. The recent powerful text-to-image generation base
models, like Stable Diffusion [5, 24] and FLUX [15], along
with style transfer plugins built upon them, have signifi-
cantly improved the convenience and effectiveness of per-
forming this task. Several are even training-free, like
StyleAlign [38] and StylePrompt [14] which transfer the
style via simple query-key swapping in the specific self-
attention layers. Other training-based methods can the-
oretically achieve better fitting and style transfer perfor-
mance, but they also raise concerns of content leakage.
IP-Adapter [42] and DEADIff [26] demonstrate the style
transfer ability with a new decoupled cross-attention layer
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trained with coupled data, and overcome the content leak-
age by decreasing the injection weights in inference-time.
InstanceStyle [32], StyleShot [8] and B-lora [6] provide
more detailed time-aware and layer-aware injection strate-
gies to disentangle the style and content feature injections.
However, those disentanglement analyses are tied to the
specific model architecture and hard to migrate.

3. Methodology
3.1. Cross-Task Triplet Curation Framework

This section details the construction of cross-task triplets for
USO training. Although prior works [33, 40] have explored
triplet generation, they retain the original layout, preventing
any pose or spatial re-arrangement of the subject. To jointly
enable subject-driven and style-driven generation beyond
simple instruction-based edits, we curate a new USO dataset
expressly designed for this unified objective.

Figure 2 provides an overview of USO dataset. Our
co-disentanglement paradigm starts from a subject-for-style
data curation framework. Among many possible tasks,
subject-driven (i.e., UNO-1M [37]) and instruction-based
editing (i.e., X212 [36]) datasets are comparatively easy
to collect at scale, enabling targeted task-specific corpora.
In particular, subject-driven data emphasizes learning from
content cues while preserving subject identity and consis-
tency; instruction-based editing bridges styles by preserv-
ing spatial layout and transferring appearance between re-
alistic and stylized domains in both directions. These re-
sources naturally support training domain-specialist models
and, through deliberate dataset design, induce the capabil-
ities we care about (e.g., extracting task-relevant features
conditioned on image type). Guided by these insights, we
curate 200k stylized image pairs sourced from publicly li-
censed datasets and augmented with samples synthesized
by state-of-the-art text-to-image models.

Then, we formulated two complementary experts on top
of the leading customization frameworks UNO [37] and
FLUX.1 Kontext dev [16]:

Stylized expert model. We fine-tune a UNO-SFT model
using curated stylized data-pairs. This enables style-driven
generation conditioned on a style-reference image, produc-
ing a new subject rendered in the target style (13; from Iig).
As shown in Figure 2, after supervised finetuning, after su-
pervised fine-tuning, UNO-SFT produces results of high
style similarity without content leakage. These results are
further refined using VLM.

De-stylization expert model. To implement this, we
leverage the frozen FLUX.1 Kontext dev for its powerful
instruction editing capabilities. This allows inversion of
stylized images into photorealistic counterparts, supporting
either flexible layout shifts or preservation (I from Iig).

Each curated stylized image serves as the target [i,. We
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Figure 3. Ilustration of the training framework of USO.

synthesize its style reference I;}; via the stylization expert

and its content reference I, via the de-stylization expert.
Following [37], a VLM-based filter enforces style similar-
ity between Iig and I%; and subject consistency between Ig
and IZ;. This yields two kinds of triplets, shown in Fig-
ure 2: layout-preserved and layout-shifted. Unlike prior
work [33, 40], which focuses solely on style-driven gen-
eration and confines itself to layout-preserved triplets, our
cross-task triplets achieve deeper content—style disentangle-

ment across tasks and are used to train USO.

3.2. Unified Customization Framework (USO)

To learn how different customization tasks complement and
mutually enhance each other within a unified framework,
we treat the subject-driven task as the primary task and the
style-driven task as auxiliary. We then unify the two tasks
using a single model. We train USO on two kinds of triplets
from Section 3.1. Critically, in addition to layout-preserved
triplets, we introduce layout-shifted triplets, which involve
changes in spatial configuration. These are essential for
building a robust unified model because they force the net-
work to inject desired stylistic features while maintaining
subject consistency across diverse stylized scenarios and
various text prompts.

3.2.1. Task Disentanglement Training.

Disentangled conditional encoder. As illustrated in Fig-
ure 3, We start from a pre-trained text-to-image (T2I) model
and fine-tune it into a text-image-to-image (TI2I) model.
We use different encoders to process different types of
conditioned images. For the style-driven task, we employ
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Figure 4. Qualitative comparison with different methods on subject-driven generation.

the semantic encoder SigLIP [43] to process the reference
style image I.;. While subject-driven or identity-preserving
tasks typically emphasize high-level semantics, style-driven
tasks must simultaneously handle two extremes: high-level
semantics to accommodate large geometric deformations
(e.g., 3-D cartoon styles) and low-level details to reproduce
subtle brushstrokes (e.g., pencil sketches). Following recent
works like [9, 44], we introduce a lightweight Hierarchi-
cal Projector Mpy;(-) to project multi-scale, fine-grained
visual features z, from the extracted SigLIP embeddings
{e;}N.,, where N represents the layer indices of SigLIP.
This process can be formulated as:

2z, = Concatenate(Mpwi({ci 1Y), (1)

Then we introduce subject conditioning as shown in Fig-

ure 3. Following recent paradigms [31, 37], the content
image I2; is encoded into pure conditional tokens z. by a
frozen VAE encoder £(-). We formulate USO as a multi-
image conditioned model, yet explicitly disentangle content
and style features via separate encoders.
Stochastic conditioning dropout training. During train-
ing, we unfreeze the Hierarchical Projector and fine-tune
the DiT with LoRA as shown in Figure 3. With probability
p we randomly drop either the style or the subject reference,
forcing the model to solve pure subject-driven generation
or pure style transfer tasks. This strategy preserves single-
task capability while simultaneously exposing the network
to a multi-task regime, enabling end-to-end learning of dis-
entangled representations. The final multimodal input se-
quence 29 is therefore expressed as:

z9 = Concatenate(zs, ¢, 2, 2c), 2)

We set p = 0.25 during training. Style tokens z; are
assigned the same positional indices as the text tokens c,
while content tokens obtain their positions via UnoPE [37]
using its diagonal layout. Consequently, USO can seam-
lessly handle both subject-driven and style-driven tasks on
the proposed triplet dataset.

3.2.2. Auxiliary Style Reward

Although the above pipeline already formulates a unified
customization model, one of our key insights is that learn-
ing to include desired features for one task helps the com-
plementary task suppress those undesired features, thereby
improving overall performance. To this end, we introduce a
auxiliary style reward (ASR) for auxiliary style-driven task
to boost style similarity and observe how it contributes to
subject consistency. ASR alternates between computing a
reward score and back-propagating the reward signal. Un-
like traditional ReFL [41], which in text-to-image genera-
tion primarily considers text fidelity or visual appeal, ASR
is tailored for the reference-to-image setting. It focuses on
reinforcing the model to extract desired features from a ref-
erence image by directly computing a reward between the
online outputs and the conditioning image. As shown in
Figure 3, we define the reward score as the style similar-
ity between the reference style image I%; and the generated
stylized image I, measured by either a VLM-based filter
or the CSD model Mgm(-) [30, 40]. The reward loss is
defined as:

Lasg = E[p(Mrm(I3s, Io))] 3)

where ) = {y; }_, is the prompt set, ¢» maps reward scores
to per-sample loss values, and I, denotes the image gener-
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Figure 5. Qualitative comparison with different methods on style-driven generation.

ated by the diffusion model with parameters 6 correspond-
ing to prompt y.

To mitigate potential reward hacking, we jointly opti-
mize the model by including the original Flow-Matching
training objective, which is computed as:

ACPre = Ewo,t,e[w(t)nve - thQ] (4)

where w(t) is a weighting function, vy denotes the neural
network parameterized by 6, and the sampling process is
from t = T with &7 ~ N(0,I) to ¢t = 0, by solving
the PF-ODE via dx; = wvg(x,t)dt. The final objective
combines both losses:

L= £Pre+A£ASRa

S)

As shown in Appendix Algorithm 1, we present the de-
tailed ASR algorithm.

4. Experiments

4.1. Experiments Setting

USO unified benchmark. To enable a comprehensive
evaluation, we introduce USO-Bench, a unified benchmark
built from 50 content images (20 human-centric, 30 object-
centric) paired with 50 style references. We further craft 30
subject-driven prompts that span pose variation, descriptive
stylization, and instructive stylization, along with 30 style-
driven prompts. We generate four images per prompt for
both subject-driven and style-driven tasks, and a single im-
age for the combined style-subject-driven task. This yields
6000 samples for subject-driven generation, 7040 for style-
driven generation, and 29500 for the combined task; full

A = 0 before step S, A = 1 thereafter.
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construction details are provided in the supplementary ma-
terial.

Evaluation metrics. For quantitative evaluation, we assess
each task along three dimensions: (1) subject consistency,
measured by the cosine similarity of CLIP-I and DINO em-
beddings following [37]; (2) style similarity, reported via
the CSD score [30] for both style-driven and style-subject-
driven generation, following [40]; and (3) text—image align-
ment, evaluated with CLIP-T for all three tasks.
Comparative methods. As a unified customization frame-
work, USO is evaluated against both task-specific and uni-
fied baselines. For subject-driven generation, we bench-
mark RealCustom++ [20], RealGeneral [19], UNO [37],
OmniGen2 [36], BAGEL [4], FLUX.1 Kontext dev [16],
and Qwen-Image Edit [35]. For style-driven generation,
we compare StyleStudio [17], DreamO [23], CSGO [40],
InstantStyle [32], and DEADIff [26]. For the joint style-
subject-driven setting with dual conditioning, we compare
OmniStyle [33] and StyleID [3].

User study. We further conduct a comprehensive user study
in Appendix Section 6.3.

4.2. Experimental Results

Subject-driven generation. As shown in Figure 4, the
first two rows demonstrate that USO simultaneously satis-
fies both descriptive and instructive style edits while main-
taining high subject consistency. In contrast, competing
methods either fail to apply the style or lose the subject. The
last two rows further illustrate USO’s strength in preserv-
ing human appearance and identity; it adheres strictly to the
textual prompt and almost perfectly retains facial and bod-
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Subject-driven generation

Style-driven generation

Style-subject-driven generation

Method
CLIP-IT DINOfT CLIP-Tt CSDt CLIP-TT CSD?T CLIP-Tt

RealCustom++ [12] 0.314 0.615 0.303 - - - -
RealGeneral [19] 0.485 0.732 0.275 - - - -
UNO [37] 0.605 0.789 0.264 - - - -
BAGEL [4] 0.516 0.741 0.298 - - - -
OmniGen?2 [36] 0.475 0.723 0.302 - - - -
FLUX.1 Kontext dev [16] 0.579 0.775 0.287 - - - -
Qwen-Image Edit [35] 0.544 0.756 0.302 - - - -
DreamO [23] 0.588 0.787 0.280 0.454 0.278 - -
DEADI(ff [26] - - - 0.462 0.274 - -
InstantStyle-XL [32] - - - 0.540 0.276 - -
CSGO [40] - - - 0.452 0.272 - -
StyleStudio [17] - - - 0.348 0.282 - -
StyleID [3] - - - - - 0.407 0.230
OmniStyle [33] - - - - - 0.365 0.229
USO (Ours) 0.647 0.804 0.287 0.556 0.286 0.492 0.283

Table 1. Quantitative results on USO-Bench. We highlight the best and second-best values for each metric.

ily features, whereas other approaches fall short. When the
prompt is “The man is reading a book in a cafe”, FLUX.1
Kontext dev [16] achieves decent facial similarity but car-
ries copy-paste risks. As reported in Table 1, USO signifi-
cantly outperforms prior work, achieving the highest DINO
and CLIP-I scores and a leading CLIP-T score.

Style-driven generation. Figure 5 shows that USO out-
performs task-specific baselines in preserving the original
style, including global color palettes and painterly brush-
work. In the last two rows, given highly abstract references
such as material textures or Pixar-style renderings, USO
handles them almost flawlessly while prior methods strug-
gle, demonstrating the generalization power of our cross-
task co-disentanglement. Quantitatively, Table 1 confirms
that USO achieves the highest CSD and CLIP-T scores
among all style-driven approaches.

Style-subject-driven generation. As illustrated in Fig-
ure 6, we evaluate USO on both layout-preserved and
layout-shifted scenarios. When the input prompt is empty,
USO not only preserves the original layout of the content
reference but also delivers the strongest style adherence.
In the last two rows, under a more complex prompt, USO
simultaneously preserves the subject and identity consis-
tency, matches the reference style, and aligns with the text,
while other methods lag markedly and merely adhere to the
text. Table | corroborates these observations, showing USO
achieves the highest CSD and CLIP-T scores and substan-
tially outperforms all baselines.

4.3. Ablation Study

Effect of auxiliary style reward (ASR). As shown in Fig-
ure 7(a), the middle column reveals a clear boost in style
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Model Subject-driven Style-driven Style-subject-driven
CLIP-If CLIP-Tt CSDt CLIP-Tt CSDt  CLIP-T}
USO (Ours)  0.647 0.287 0.556 0.286 0.492 0.283
w/o ASR 0.619 0.283 0.491 0.281 0413 0.280
w/o DE 0.594 0.269 0.491 0.280 0.382 0.277

Table 2. Ablation study of different components proposed in USO.

similarity for both style-driven and style-subject-driven
tasks, with the identity of the woman and the painting style
closely matching the reference images. Removing ASR
leads to a sharp drop in the CSD score and simultaneous
declines in CLIP-I and CLIP-T, as reported in Table 2. We
further visualize the reward curves in Figure 7(b) and Fig-
ure 7(c); our method yields improvements in both identity
and style similarity. Notably, we rely solely on style re-
ward signals and introduce no identity-specific supervi-
sion; nevertheless, the unified model gains in identity con-
sistency. By sharpening the model’s ability to extract and
retain desired features, ASR brings overall improvements
across all tasks, validating our motivation.

Model Subject-driven Style-subject-driven
CLIP-It CLIP-Tt CSD{  CLIP-T{
USO (Ours)  0.647 0.287 0.492 0.283
UNO* 0.596 0.278 - -
OmniStyle* - - 0.382 0.277

Table 3. Quantitative results on USO-Bench. * denotes models
reproduced on our USO dataset.

Effect of disentangled encoder (DE). Replacing the disen-
tangled encoders with a single shared VAE to encode both
style and content images degrades nearly every metric ( Ta-
ble 2). We provide a qualitative comparison in Figure 10 of
Section 6.3.3.

Effect of curated dataset. As shown in Table 3, we repro-
duce two representative task-specific methods, UNO [37]
and OmniStyle [33], on our dataset to validate the effec-
tiveness of the curated dataset. The reproduced OmniStyle
even outperforms the original baseline, particularly in terms
of CLIP-T, thanks to the layout-shifted triplets in the new
dataset. Training UNO solely on the new dataset yields par-
tial improvement, further confirming that both our method
and the dataset contribute to the overall performance of
USO.

5. Conclusion

In this paper, we present USO, a unified framework
capable of subject-driven, style-driven, and joint style-
subject-driven generation. We introduce a cross-task co-
disentanglement paradigm that first constructs a system-
atic triplet-curation pipeline, then applies task disentangle-
ment training on the curated triplets to formulate a unified
customization model. Additionally, a auxiliary style re-
ward learning paradigm is proposed to further boost per-
formance. To comprehensively evaluate our method, we
construct USO-Bench, which provides both task-specific
and joint evaluation for existing approaches. Finally, ex-
tensive experiments demonstrate that USO sets new state-
of-the-art results on subject-driven, style-driven, and their
joint style-subject-driven tasks, exhibiting superior subject
consistency, style fidelity, and text controllability.
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