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Figure 1. Style-personalized image generation results produced by our method. Given style reference images and text prompts, our method
generates images with consistent style and diverse content.
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troduce two lightweight control modules: Principal Fea-
We present a training-free framework for style-personalized ture Blending, which enables precise modulation of style
image generation that operates during inference using a through SVD-based feature reconstruction, and Structural
Scale_wise autoregressive model. Our method generates a Attentlon COrreCtiOn, Whlch Stabilizes Structural COnSiS'
stylized image guided by a single reference style while pre- tency by leveraging content-guided attention correction
serving semantic consistency and mitigating content leak- across fine stages. Without any additional training, exten-
age. Through a detailed step-wise analysis of the gener- sive experiments demonstrate that our method achieves
ation process, we identify a pivotal step where the domi- competitive style fidelity and prompt fidelity compared to
nant singular values of the internal feature encode style- fine-tuned baselines, while offering faster inference and

greater deployment flexibility.
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1. Introduction

Text-to-Image (T2I) models [6, 16, 38, 41, 42, 45, 50] have
rapidly transformed the creative landscape, enabling artists,
designers, and casual users alike to generate high-quality
visuals from natural language prompts. Fueled by massive
image-text datasets [4, 7, 30, 46], these models now support
an unprecedented range of content diversity and stylistic ex-
pression. As creative tools become increasingly democra-
tized, users are seeking more than just visually plausible
outputs—they desire personalized generation that reflects
specific visual identities [27, 29, 43, 44, 57] or preferred
artistic styles [18, 31, 44, 49, 64]. These emerging demands
call for generation systems that are not only high-quality
but also customizable, efficient, and responsive to individ-
ual preferences.

Existing solutions [1, 13, 31, 47] have made progress in
this direction, often relying on fine-tuning mechanisms to
encode style-specific characteristics. However, such meth-
ods typically involve training a new model instance per
style, posing scalability challenges in real-world applica-
tions. Additionally, most systems are built on diffusion-
based T2I architectures [26, 38, 45]. Although these models
produce high-quality results, their iterative denoising pro-
cess leads to slow inference, which makes them less suitable
for real-time or interactive applications.

Motivated by the limitations, we propose a novel style-
personalized image generation framework that combines ef-
ficiency, flexibility, and stylistic fidelity. Our method gener-
ates high-quality images guided by a single reference style
image during inference without any additional training. To
achieve this, we leverage a large-scale text-to-image model,
specifically a scale-wise autoregressive model [16], which
offers significantly faster inference compared to diffusion
models while maintaining strong visual fidelity.

To better understand and maximize the capabilities of
this scale-wise autoregressive model, we conduct a detailed
analysis of its generation process. Our analysis reveals that
a specific step in the generation process plays a crucial role
in determining both content and style. At this step, the dom-
inant singular values of the feature play a key role, as they
effectively capture and separate the style-related compo-
nents. Building on this insight, we develop a Principal Fea-
ture Blending mechanism that enables precise control over
style, leveraging a specific step feature and allowing the
model to faithfully reflect the stylistic traits inherent in the
style features of a reference image. Additionally, we intro-
duce a Structural Attention Correction strategy, which sta-
bilizes the generation process by leveraging content-related
information to preserve structural consistency. By integrat-
ing these components, our training-free framework achieves
high-quality image generation, as illustrated in Fig. 1. It
also achieves competitive performance in both quantitative
and qualitative evaluations, while maintaining significantly
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faster inference time.

In summary, our contributions include:

* We present a training-free inference framework for style-
personalized image generation from a single style ref-
erence, achieving competitive results with significantly
faster inference.

* We conduct a detailed step-wise analysis of the scale-wise
generation process and identify a key step that governs
both content and style.

* We observe that style-related components can be effec-
tively extracted from the feature at this step through an
SVD-based analysis of its dominant singular values.

* We propose two lightweight control modules—Principal
Feature Blending for precise style modulation and Struc-
tural Attention Correction for stabilizing structural coher-
ence in generation.

2. Related Work
2.1. Neural Style Transfer

Image stylization, which alters the visual style of an im-
age, has become an active research area. A major break-
through came with Neural Style Transfer (NST) [14], which
used a pre-trained CNN (VGGNet) to separately extract
content and style features. While effective, NST required
costly per-image optimization. To tackle this issue, [20] pro-
posed Adaptive Instance Normalization (AdalN), aligning
the mean and variance of the content features to those of the
style features for faster style transfer. Building upon this,
subsequent works [28, 33] introduced the Whitening and
Coloring Transform (WCT), which aligns the full covari-
ance structure of the features, resulting in more detailed and
higher-quality stylization. With the rise of attention mech-
anisms in neural networks [11, 55], recent models further
advanced stylization quality by utilizing attention to achieve
remarkable stylization results [10, 15, 19, 32, 35, 61]. Paral-
lel to this, vision-language models such as CLIP [40] have
enabled text-driven style transfer [2, 24, 36], allowing intu-
itive control via natural language, without requiring explicit
style images. This expands the scope of style transfer be-
yond traditional image-based paradigms.

2.2. Text-to-Image Generation

Recent advances in large-scale image-text datasets [4, 7, 30,
46] have greatly enhanced the ability of models to bridge
the gap between natural language and visual modalities,
fueling progress in conditional image synthesis. This has
spurred the development of large-scale Text-to-Image (T2I)
generation frameworks—including diffusion-based models
[26, 38, 41, 42, 45], GAN-based approaches [22], and vi-
sual autoregressive (AR) models [6, 16, 50]—which can
generate diverse, high-quality images from natural language
prompts. Diffusion-based models have become the domi-



nant T2I paradigm due to their superior image quality and
success in downstream tasks like style transfer and image
editing [3, 9, 17, 21, 25, 39, 52, 60]. However, their high
inference latency poses challenges for real-time applica-
tions. Meanwhile, visual AR models have evolved from
traditional next-token prediction [12, 54] to more efficient
masked token prediction [5, 6, 23]. The recent introduction
of the next-scale prediction paradigm [51] has further accel-
erated inference without compromising output quality, es-
tablishing next-scale AR models [16, 50, 56] as promising
alternatives to diffusion-based methods.

2.3. Personalized image generation

Recent advances in personalized image generation have led
to methods that adapt novel visual concepts to user intent
using pre-trained T2I models. These methods are gener-
ally categorized into content-oriented and style-oriented ap-
proaches. Content-oriented methods [27, 29, 43, 57] aim to
capture object-specific or identity-preserving features from
a small set of user-provided reference images. By fine-
tuning pre-trained models or injecting learned embeddings,
they generate images that maintain a high degree of fidelity
to the target subject. Building on the technical foundations
of these content-oriented personalization methods, recent
work has extended similar principles to style-oriented per-
sonalized generation [1, 13, 18, 37, 44, 47, 49, 64]. In this
paradigm, the objective shifts from preserving content iden-
tity to consistently controlling the visual style across di-
verse generations. Despite their effectiveness, these meth-
ods predominantly rely on diffusion-based models and often
require fine-tuning, which introduces high computational
costs and long inference times. In contrast, we propose a
training-free, scale-wise autoregressive model that achieves
fast style-personalized image generation based on a com-
prehensive analysis of the scale-wise autoregressive model.

3. Preliminary

Infinity Architecture. In our work, we leverage Infin-
ity [16], a state-of-the-art T2I framework that employs the
next-scale prediction paradigm introduced by [51] to gen-
erate high-fidelity, text-aligned images. During inference
time, the Infinity architecture is composed of three key com-
ponents: a pre-trained text encoder £ based on Flan-T5 [8],
an autoregressive transformer M that performs scale-wise
feature prediction, and a decoder D that reconstructs the fi-
nal image from accumulated residual feature maps.

At each generation step s € S, where S = {1,2,..., S}
denotes the set of all generation steps, the autoregressive
transformer M iteratively predicts a s-th scale quantized
residual feature map R, conditioned on the input text
prompt 7" and the previously generated feature Fs_;. The
process begins with initial features F{y corresponding to the
start-of-sequence (SOS) token. The prediction process is
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defined as:

Rs - M(Fs—lng(T))
= Mca(Msa(Qs—1,Ks-1,Vs-1),Ep(T)), Vs € S,
(D

where QQs, K, and V are the query, key, and value at s-
th generation step projected from feature F respectively.
Here, Mg (-) and Mca(-) denote the self-attention and
cross-attention mechanisms within the transformer.

Each predicted residual R, is upsampled to the res-
olution H x W using a bilinear upsampling function
upy,w(-), and the resulting features are accumulated
across scales to form the next-step input:

Fy= upguw(Ri), R, e RMXv ()
=1

where hs and wg denote the spatial dimensions of the resid-
ual features at step s, ¢ denotes the channel of the quantized
feature. The final image I is produced by decoding the ac-
cumulated representation Fs at the final generation step:

I = D(Fs). 3)

4. Analysis of Scale-wise AR Model

(1) Step-wise analysis. We investigate the internal mecha-
nisms of each step in the scale-wise autoregressive model’s
generation process, focusing on its influence over two key
visual attributes of the generated image: confent and style
representations. To facilitate this analysis, we construct two
sets of prompt pairs (7,7) € T U T* from 100 base

prompts generated using ChatGPT, motivated by [13]:

* Content pair set T°°": This set contains 100 prompt pairs
(Teem, T“OH) € T", each formed by randomly selecting
two distinct object-centric base prompts (e.g., “A photo
of a donut”, “A photo of a truck”).

* Style pair set T*Y: For each of the 100 base object
prompts, a style pair (T°%,7"%) € TSY was created by
assigning two different colors (from a set of 10 prede-
fined colors) to the same object, while keeping object cat-
egory fixed (e.g., “A photo of a red truck”and
“A photo of a green truck”).

Then, for both T®" and T*¥, we generate modified im-
ages I, as shown in Fig. 2, by replacing the original text
prompt 7" with an alternative prompt T ata specific genera-
tion step s € S in Eq. 1, while keeping all other components
unchanged. A substantial change in the resulting image in
response to this step-specific prompt injection indicates that
the corresponding step plays a critical role in shaping cer-
tain visual attributes.

To assess the impact of each generation step, we compute
the CLIP similarity [40] between alternative prompt T and
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Figure 3. Key step feature analysis. Content and style similarity are
measured for Baseline, Full replacement, and SVD-guided outputs
using prompt pairs T, with results averaged across all pairs.

its corresponding generated image as shown in the bottom
row in Fig. 2. We observe that step § = 2 consistently pro-
duces the highest similarity with T across all 200 prompt
pairs. This result suggests that step 2 plays a key role in
shaping both content and style attributes. Consequently, the
third feature F3, generated after this step, plays a crucial
role in determining the final output image.

(2) Key step feature analysis. As discussed in the previous
section, the third feature F3 plays a pivotal role in shap-
ing both content and style. Building on this observation,
and supported by prior studies [34, 37] showing that early-
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step features in scale-wise autoregressive models often en-
code strong stylistic cues, we hypothesize that the principal
components of F3 are predominantly shaped by stylistic at-
tributes.

To analyze this, we first construct a set of 100 prompt
pairs T, where each pair (T,7") differs in both object cat-
egory and color (e.g., “A photo of a red truck”
and “A photo of a purple cat”).Foreach prompt
T, we apply singular value decomposition (SVD) to the
third feature, yielding F3 = UXV T. We then construct a
modified diagonal matrix Y’, obtained by zeroing out all
singular values except the largest one ;. Using this ma-
trix, we reconstruct the dominant singular component as
Fg"d = UY'V T, The corresponding residual is defined as
Fie = Fy — F3¥4. We perform the same decomposition for
the feature F} obtained from the prompt T'. For each prompt
pair (T, T), we evaluate the effect of manipulating the dom-
inant singular component by generating three outputs:

 Baseline output I, generated using the original prompt T
without any feature manipulation.

« Full replacement output /™P, obtained by directly sub-
stituting the entire feature F‘g with Fj. (Fg +— F3)

* SVD-guided output ¥4 obtained by replacing only the
dominant singular component of F; with that of F, while
preserving the residual component. (Fy + F svd FgeS)

As shown in Fig. 3, the full-replacement output Irep dis-
plays a substantial increase in CLIP similarity to both the
object (e.g., “bunny”) and the color (e.g., “blue”) de-
scribed in the substituted prompt 7. In contrast, the SVD-
guided output Iv4 shows a pronounced increase primarily
in color-related CLIP similarity, while changes in object-
related similarity remain much smaller. This result suggests
that modifying only the dominant singular component pri-
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Figure 4. Overall pipeline of our model. The text encoder processes an identical text prompt 7" for both the content and generation paths,
providing their embeddings to the autoregressive transformer. At stage s = 3, Principal Feature Blending is applied to extract the principal
style representation from the reference style image and seamlessly integrate it into the features of the generation path. Starting from s = 3
(the fine stage), Structural Attention Correction aligns the generation path’s attention maps with those of the content path, ensuring stable

and consistent structural guidance during refinement.

marily affects stylistic attributes, with minimal influence on
content. Together, these observations suggest that the first
principal component of the third feature F5 predominantly
captures style-related characteristics, with limited contribu-
tion from content-related information.

5. Method
5.1. Overall pipeline

In this paper, we aim to generate a style-personalized image
15" by injecting a principal style feature into the final gen-
eration image, while preserving semantic consistency and
suppressing content leakage.

As illustrated in Fig. 4, our method employs a dual-
stream generation architecture composed of a content path
and a generation path, both conditioned on the same
text prompt 7' (“<content> in <style>”). Using an
identical prompt prevents semantic mismatch between the
two streams and enables consistent structural communi-
cation during inference. The content path operates as the
standard inference branch of the pre-trained model with-
out any modification and follows the iterative update rule
in (1), producing a sequence of content features { Fe"}5_, .
Its role is to provide structurally stable and semantically
aligned guidance throughout the generation process. In par-
allel, the generation path follows the same update formu-
lation but produces its own feature sequence {F£™}9 ,,
which is subsequently modulated by our proposed style-
blending mechanism. This path synthesizes the final styl-
ized output while leveraging structural cues from the con-
tent path and incorporating style information in a controlled
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and targeted manner.

Building upon this dual-stream iterative process, we
introduce two complementary modules—Principal Fea-
ture Blending (PFB) and Structural Attention Correction
(SAC)—which operate exclusively on the generation path
while leveraging cues from the other stream. PFB (Sec. 5.2)
selectively injects principal style representations from the
style reference image into the generation features, with a
targeted intervention at the third step (s = 3) to prevent
style-unrelated feature leakage. Following this style injec-
tion, SAC (Sec. 5.3) is applied across the subsequent steps,
where it incorporates content path signals to stabilize struc-
tural alignment and maintain semantic consistency through-
out the refinement process.

5.2. Principal Feature Blending

Our process begins by extracting the style features Fi~
using a pretrained multi-scale image encoder £; from the
baseline Infinity [16], as follows:

(FS R, Y} = (1), *

Among these multi-scale features, the step-wise analysis in
Sec. 4 identifies the third feature F: ;ty as a pivotal represen-
tation that strongly influences both content and style during
generation. Motivated by this observation, we focus on Fj"”
as the primary carrier of style information and use it as the
basis for our style modulation mechanism.

To effectively incorporate style information while sup-
pressing irrelevant cues from the reference image, we intro-
duce Principal Feature Blending, a mechanism that selec-

tively transfers the principal components of the style fea-



ture into the generation process. This design is grounded
in two analyses from Sec. 4: (1) the Step-wise analysis,
which pinpoints F3 as the most influential feature for stylis-
tic control, and (2) the Key step feature analysis, which
reveals that the dominant singular values of F~ encode the
core stylistic characteristics. Guided by these insights, our
method extracts the principal style representation from F;ty
and blends it into the generation path with minimal disrup-
tion to the original content structure.

To achieve seamless blending in the feature space, we de-
sign a style extractor function ®, which prioritizes the domi-
nant contribution of the leading component while smoothly
incorporating residual style representations. Based on the
observation that the first singular value of F3” acts as the
primary carrier of style information, we enhance its influ-
ence while retaining minor contributions from the remain-
ing components to preserve stylistic continuity. Accord-
ingly, ® applies exponential reweighting to the singular val-
ues based on their spectral order, gradually reducing the im-
pact of lower components:

®(F) £ UWXZV',
where F =UXV ',

eXp—(r—l)-a)’

®)

-1«

—0-«
, €Xp e

W = diag(exp
where r denotes the rank of the feature matrix, and o > 0
controls the exponential decay rate along the singular spec-
trum.

To substitute the generation path’s style representation
with the one extracted from the style feature, we incorporate
the refined style via ® and update the generation feature:

gen hgen
F37 « 5,

Fgen N en en (6)
B = ®(F3Y) + (5 — o(F5™)).

This formulation preserves the original structure informa-
tion of the generation path while seamlessly injecting style
information derived from the reference.

5.3. Structural Attention Correction

While PFB effectively integrates style cues into the gen-
eration path, we observed that its feature-level modulation
can unintentionally disturb the structural coherence of gen-
erated results, sometimes causing spatial misalignment or
shape distortion. To stabilize the generation process, we
leverage the attention map of the content path as a structural
prior, inspired by the self-attention mechanism in diffusion-
based architectures [48, 53], where the interaction between
Queries and Keys preserves spatial and structural relation-
ships. Building on this, we introduce Structural Attention
Correction (SAC), which aligns the attention map of the
generation path with that of the content path to ensure con-
sistent structural guidance throughout the generation pro-
cess.
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SAC is applied to all subsequent steps following the ap-
plication of Principal Feature Blending (PFB), denoted as
Stine = {3,4,...,S}. These steps correspond to the stages
where content and style representations continue to interact.
Formally, SAC injects the content queries and keys at each
step s € Sgiye as follows:

Q%en % QZOTI’
ngn — WQFSCOH7

gen con
K&« K",

KCOH — WK FCOH (7)

Here, Wg and W denote the linear projection matrices
that transform input features into query and key representa-
tions in the self-attention layers. Q<" and Q%™ denote the
content and generation queries at step s, and K" and K5
denote the corresponding keys.

6. Experiments

6.1. Implementation Details

We implement our method using a pre-trained Infinity 2B
model [16] with all parameters frozen, which performs
scale-wise prediction across 12 steps. The baseline employs
a codebook of size 232, with quantized feature maps of res-
olution 64 x 64 x 32. The exponential decay rate « for Prin-
cipal Feature Blending is set to 1.0.

Based on our analysis, our method operates in a step-
wise manner with targeted interventions across the genera-
tion process. At s = 3, we apply Principal Feature Blend-
ing, and at the fine stages (Sfne = {3,4,...,5}), we apply
Structural Attention Correction. Generating a 1024 x1024
style-personalized image takes approximately 3.58 seconds
on a single NVIDIA A6000 GPU.

6.2. Evaluation Setup

Benchmark. We follow the evaluation protocol introduced
in FineStyle [64], synthesizing images by combining a fil-
tered subset of prompts from Parti [63] with 10 represen-
tative styles from the evaluation set (see Appendix for de-
tails). The Parti subset consists of 190 prompts, each de-
scribing a subject and its superclass to reduce semantic am-
biguity (e.g., A cat, animals, in watercolor painting style).

Evaluation Metrics. Following FineStyle, we evaluate gen-
erated images using two CLIP-based metrics: Sy, (CLIP
Text score) and Sin, (CLIP Image score). S measures
the similarity between each generated image and its corre-
sponding text prompt to assess prompt fidelity, while Sjng
measures the similarity between the generated image and
a reference style image to assess style fidelity. However, a
higher Sime does not always imply better stylization qual-
ity, as excessive similarity may result from content leakage
or mode collapse, as mentioned in FineStyle. To provide a
more balanced evaluation, we additionally report the har-
monic mean of the two scores, denoted as Shamonic (Har-
monic score), which jointly reflects both prompt and style



Table 1. Quantitative comparison with state-of-the-art style-personalized image generation models. The symbols 1 and | indicate that
higher and lower values are better, respectively. The inference time is measured as the time required to generate a single image. For tuning-
based methods (StyleDrop, DreamStyler, DB-LoRA, and B-LoRA), we present the combined inference time, which accounts for both the
tuning phase (given the reference style image) and the inference time required to produce a single output.

Metric \ Ours \ IP-Adapter ~ StyleAligned  StyleDrop  DreamStyler =~ DB-LoRA  B-LoRA CSGO  StyleAR
Training-Free ‘ v ‘ X v X X X X X X
Harmonic score (Sharmonic) T | 0.437 0.433 0.438 0.386 0.403 0.420 0.410 0.421 0.434
Prompt fidelity (Sixt) T 0.334 0.302 0.315 0.273 0.304 0.323 0.324 0.318 0.314
Style fidelity (Simg) T 0.630 0.763 0.716 0.657 0.599 0.602 0.559 0.623 0.701
Inference time (seconds) | \ 3.58 \ 10.13 64.58 520.07 698.98 342.01 630.42 15.87 346.68

Style Reference  Text Prompt IP-Adapter

StyleAligned

A cat
reading a
book”

“A pick-up
fruck”

“A beneh”

StyleDrop

DreamStyler DB-LoRA

Figure 5. Qualitative comparison with state-of-the-art style-personalized image generation models.

fidelity. Formally, it is computed as:

2StxtSimg
S armonic == . a 8
" Stxt + Simg ( )
6.3. Comparison with state-of-the-art style-

personalized image generation models

To demonstrate the performance and efficiency of our
model, we compare our method against eight state-of-
the-art style-personalized image generation models: Style-
Drop [49], StyleAligned [18], IP-Adapter [62], Dream-
Styler [1], DreamBooth-LoRA (DB-LoRA) [44], B-LoRA
[13], CSGO [59], StyleAR [58].

In Tab. 1, we quantitatively compare our method
with state-of-the-art baselines. While StyleAligned and IP-
Adapter show relatively high style fidelity (Sim,), they ex-
hibit noticeably lower prompt fidelity (Si), indicating lim-
ited semantic alignment with the input text. As highlighted
in [64], high Sy, scores can be misleading due to issues like
content leakage or mode collapse, where the model mimics
the reference style image instead of transferring style. This
effect is evident in the qualitative results shown in Fig. 5,
where models with high Sy, scores, such as StyleAligned

and IP-Adapter, frequently exhibit content leakage (first and
second row). In these cases, structural details from the style
reference are unintentionally transferred into the output im-
age, leading to degraded content fidelity. These findings em-
phasize that high style similarity alone is insufficient to en-
sure faithful and semantically aligned image generation.

In contrast, DB-LoRA and B-LoRA achieve relatively
high scores in prompt fidelity Si. However, they require
additional fine-tuning for each new style reference, which
limits scalability in practical applications. Moreover, all
training-based methods suffer from long inference times,
ranging from tens to hundreds of seconds per image, due
to the overhead of iterative denoising or fine-tuning. Our
method, by contrast, is fully training-free, up to 195 x faster,
and achieves competitive results, making it well-suited for
real-time and interactive use cases. As illustrated in Fig. 5,
DB-LoRA and B-LoRA tend to better preserve the seman-
tics of the input prompt, reinforcing that Sy, is a reliable
indicator of semantic alignment, even when Sj;,, alone may
be misleading. However, despite their strong prompt adher-
ence, both methods tend to show relatively weaker style fi-
delity compared to ours, suggesting that the reference style
may be only partially reflected in some cases. In contrast,
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our method reliably preserves both the intended content and
the reference style. Despite being the fastest, it still achieves
a strong balance between prompt fidelity and style fidelity,
underscoring its practical advantage for high-quality, real-
time style-personalized generation.

6.4. Ablation study

The quantitative results in Tab. 2 highlight how each pro-
posed component contributes to a balance between style fi-
delity and prompt fidelity. To clearly demonstrate the effect
of our PFB module, we compare two variants: a direct fea-
ture replacement strategy (REP) and our Principal Fea-
ture Blending (PFB). As shown in Tab. 2-(a), the baseline
attains the highest prompt fidelity (Sx,) but exhibits limited
style fidelity due to the absence of explicit style modulation.
In contrast, directly replacing the style feature in (b) yields
the highest style fidelity (Simg), but causes severe prompt
degradation, indicating significant content leakage from the
style reference. The SVD-based blending in (c) provides
a more favorable trade-off: it mitigates the prompt-fidelity
drop observed in (b) while still offering substantial im-
provement in style fidelity, consistent with our observation
that the dominant singular component primarily captures
stylistic information. Finally, the full model in (d), integrat-
ing both PFB and SAC, achieves the most balanced per-
formance across all metrics, yielding the highest harmonic
score (Sharmonic)- This demonstrates that the proposed mod-
ules effectively complement one another, enhancing style
fidelity with minimal sacrifice of prompt fidelity.

The qualitative comparison in Fig. 6 further supports
these trends. In Fig. 6-(a), while the baseline produces
clean and coherent images, it fails to reproduce the stylis-
tic characteristics of the reference. Direct replacement in
(b) enforces strong style transfer but also introduces un-
intended content elements from the reference, resulting in
clear prompt mismatch. The SVD-guided variant in (c) suc-
cessfully captures the intended style while retaining the tar-
get content, though its prompt adherence is still weaker than
the baseline. In contrast, the full model in (d) preserves the
style of the reference and simultaneously generates images
that align closely with the prompt, achieving the most bal-
anced and desirable output—consistent with the quantita-
tive trends observed above.

6.5. User study

We conduct a user study with 30 participants (ages 20s—
50s) to further support our evaluation. Participants evaluate
two key aspects: prompt fidelity and style fidelity. We se-
lected comparison models based on their quantitative per-
formance: StyleAligned [18] and IP-Adapter [62], which
achieved the highest style fidelity, and DB-LoRA [44]
and B-LoRA [13], which achieved the highest prompt fi-
delity. Our method achieves a clearly superior preference
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Table 2. Ablation study on Principal Feature Blending (PFB) and
Structural Attention Correction (SAC). REP denotes replacement
using the style feature F§'y . The symbol 7 indicates that higher is
better. The best and second-best results are highlighted in bold and
underline, respectively.

# ‘ Method ‘ Slxt T Simg T Sharmonic T
(a) | Infinity 0.348  0.559 0.429
(b) | Infinity + REP 0.279  0.696 0.398
(c) | Infinity + PFB 0.321 0.631 0.426
(d) | Infinity + PFB + SAC | 0.334  0.630 0.437

K W

Text Prompt: “ dragow perched on a ciff”

Style Reference

Figure 6. Qualitative ablation study on proposed method. (a)-(d)
correspond to the component in Tab. 2.

in prompt fidelity (35.3%) while maintaining competitive
style fidelity (32.0%), compared to the other models’ scores
of 4.3%, 5.0%, 26.7%, 28.7% (prompt) and 30.7%, 23.3%,
8.3%, 5.7% (style). An example of the interface used in the
study is in the Supplementary material.

7. Conclusion

In this work, we introduced a training-free framework
for style-personalized image generation that operates on a
single reference image and leverages the efficiency of a
scale-wise autoregressive model. Through a detailed step-
wise analysis of the model’s generation process, we iden-
tified a pivotal feature that jointly governs content and
style, and further demonstrated—via an SVD-based spec-
tral study—that its dominant singular component captures
style-specific variation. Building on these insights, we pro-
posed two lightweight yet effective modules: Principal Fea-
ture Blending, which provides precise and interpretable
style control, and Structural Attention Correction, which
stabilizes structural consistency during generation. Our
method achieves high performance while preserving prompt
fidelity, offering a favorable balance. Quantitative and qual-
itative evaluations confirm that the proposed components
operate as intended, enabling faithful style personalization
without additional training and with significantly faster in-
ference than existing models.
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