A Training-Free Style-Personalization via SVD-Based Feature Decomposition

Supplementary Material

A. Comprehensive analysis of our method

A.l. Role of step 3 in global feature formation

The choice of the 3rd step can be supported not only em-
pirically but also from a structural perspective based on its
spatial resolution (4 x 4). This resolution corresponds to the
minimum scale at which global image appearance can be
spatially expressed, as evidenced by prior image generation
frameworks [5, 6] , which adopt this resolution as the initi-
ating stage of the generation process.

Accordingly, the 3rd step can be interpreted as the earli-
est stage where globally expressive representations emerge,
while later steps mainly refine local structure conditioned
on this global representation. Variations at this step propa-
gate through subsequent steps, inducing large-scale changes
in the final image, consistent with our Step-wise analysis in
Sec. 4.

A.2. Additional results for Key step feature analysis

Although the 3rd step feature F3 encodes both content and
style, its coarse spatial resolution inherently biases it to-
ward low-frequency statistics. Prior works [8, 9] suggest
that early stages are critical in shaping image style. Consis-
tent with this perspective, our Key step feature analysis in
Sec. 4 reveals that stylistic variations at F3 are dominated
by the leading principal component.

Building on this observation, we further analyze the
structure of F3 using singular value decomposition (SVD).
In Sec. 4-(2), we showed that replacing only the largest sin-
gular component of F3 primarily alters stylistic attributes
while largely preserving content. To further validate this ob-
servation, we extend the SVD-guided manipulation experi-
ment by varying the number of preserved singular values.

We use the same prompt setup and intervention protocol
as in the main paper: we construct 100 mixed prompt pairs
(T, T), each differing in both object category and color
(e.g., “A photo of a red truck” vs. “A photo
of a purple cat”).For each prompt, we perform sin-
gular value decomposition F5 = UXV'T, and reconstruct
truncated variants that retain only the top-k components:

P =us®yT, (1)

where (%) is constructed by preserving only the largest k
singular values while zeroing out the remaining entries. We
evaluate k € {1, 2,4, 8,16, 32}, and for each k, we generate
SVD-guided outputs by replacing the corresponding portion
of ng
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Figure 7. Qualitative results of SVD-guided feature replacement
with varying top-k singular values. From left to right: the base-
line output generated from T, SVD-guided outputs with £ €
{1,2,4,8,16, 32}, and the baseline output generated from 7".

where 1) = By — F® preserves the remaining feature
components.

We measure object-related and color-related CLIP sim-
ilarity following the same evaluation protocol used for the
k = 1 experiment in the main paper. As shown in Fig. 7,
color-related similarity sharply increases at k = 1 and sat-
urates thereafter, demonstrating that the dominant singu-
lar direction primarily captures style. In contrast, object-
related similarity increases gradually as k grows, indicating
that higher-rank components encode structural information.
CLIP similarity values are not directly comparable to Sing
in Tab. 1, as we measure text-image similarity in our analy-
sis, while Tab. 1 reports image-image similarity, which typ-
ically yields higher scores due to the shared visual domain.

Qualitative examples in Fig. 9 show a similar trend: the
k = 1 output transfers texture and color while preserving
object shape, whereas larger k values begin to alter geom-
etry and object identity. These results further support our
main finding that the first principal component of Fj pre-
dominantly encodes style, also justifying our exponential
reweighting design in the main method.

A.3. Extended evaluation

We extend the evaluation with 10 additional style sets to
assess generalization across a wide range of artistic ex-
pressions, from impressionism to pixel art. This extended
benchmark further facilitates the assessment of perfor-
mance on highly abstract or non-textural styles, such as cu-
bism and minimalism art. We compare against the top four
models from our quantitative evaluation—StyleAligned [4],
IP-Adapter [17], DreamBooth-LoRA (DB-LoRA) [10], and
B-LoRA [2]-shown in Tab. 3-(a-d), as well as three recent
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(@) StyleAligned [4] 0314 0737 0.440 0.682 0.529 64.58
(b) IP-Adapter [17] 0303 0.775 0.435 0.600 0.603 10.13
© DB-LoRA [10] 0330  0.599 0.425 0.750 0.248 342.01
(d B-LoRA [2] 0330  0.568 0.417 0.734 0.209 630.42
(e) | Qwen-Image-Edit[I3] | 0328  0.634 0.432 0.776 0.394 246.27
(® Flux.1 Kontext [7] 0316  0.631 0.421 0.676 0.304 58.05
) USO [14] 0286  0.804 0.421 0.588 0.641 36.04
G | Ours | 0333 0.640 0438 | 0.808 0258 | 3.58

Table 3. Additional quantitative comparison on an extended style set, including top-performing models from the main evaluation and recent
training-free methods, evaluated on a total of 2000 images. The symbol 1 indicates that higher is better. The best and second-best results

are highlighted in bold and underline, respectively.
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Figure 8. Visualization of exponential decay rates o with respect
to the singular value index ¢ € {0,1,...,7 — 1}.

training-free models—Qwen-Image-Edit [13], Flux.1 Kon-
text [7], and USO [14]-shown in Tab. 3-(e-g).
Furthermore, we introduce two additional VQA-based
metrics to supplement Simg and Sy VQA,, which
detects whether objects from the reference style image
appear in the generated image (content leakage), and
VQA,;, which evaluates text alignment. For VQA,,, we
use the prompt “Does the image contain the
following object: {}? Please answer yes
or no”, where {} is populated with objects extracted
from the style reference, while VQA,,, uses the input text
prompt. Under this evaluation setup, our method achieves
comparable or superior performance with significantly
faster inference, demonstrating strong generalization across
diverse style domains. In particular, it shows substantially
lower content leakage (VQA,.,) than other models with
higher Sin,, while maintaining strong VQA,,, and Siy;.

A.4. Hyperparameter analysis

We conduct additional ablation studies on hyperparameters
in our method, using an extended style set of 20 images, as
used in Tab. 3.

Effect of the exponential decay rate a.. We first investi-
gate the impact of the exponential decay rate « in Principal

Table 4. Additional ablation study on exponential decay rate (o)
in Principal Feature Blending (PFB). The symbol 1 indicates that
higher is better. The best and second-best results are highlighted
in bold and underline, respectively.

alpha («) ‘ Stxt T Simg T Sharmonic T
0.2 0.321 0.651 0.430
0.6 0329  0.643 0.435

1.0 (Ours) | 0.333 0.640 0.438
2.0 0.333 0.636 0.437
5.0 0.333 0.634 0.437

Table 5. Additional ablation study on Structural Attention Correc-
tion (SAC). The symbol 1 indicates that higher is better. The best
and second-best results are highlighted in bold and underline, re-
spectively.

Method ‘ S[xt T Simg T Sharmonic T
w/o SAC 0.320 0.644 0.427
Step 3-7 0.331 0.636 0.435
Step 8-12 0.316 0.649 0.425
Step 3-12 (Ours) | 0.333 0.640 0.438

Feature Blending (PFB). As shown in Tab. 4, our method
remains robust across different values of «, exhibiting only
a minor trade-off between style fidelity and prompt fidelity.
Fig. 8 provides a visualization of how varying « controls
the exponential decay of weights across singular values.
Decreasing «, which increases the influence of the
higher-rank singular components, naturally elevates the risk
of content leakage during style injection, reducing prompt
fidelity. This behavior is consistent with our hypothesis that
the dominant singular value predominantly encodes style-
related information over the remaining components. We set
o = 1.0 as it provides the most balanced performance.
Effect of Structural Attention Correction (SAC). We fur-
ther analyze the effect of SAC by applying it at early steps
(3-7) and later steps (8—12) after PFB. As shown in Tab. 5,
applying SAC at early steps effectively corrects structural
distortions introduced by PFB, whereas applying it at later



Algorithm 1 Dual-path style-personalized image genera-
tion
Input: Style reference image 1%, text prompt T
Output: Stylized image /5"
1 {FSYYS_ |« E7(I°Y) # Multi-scale style features
2: Initialize F§°", F§°" # Same initial condition, same prompt
T
3: fors =1to S do
4 # (1) Dual-stream iterative update (Eq. (1), (2))
5. F — M(FeS, £0(T))
6:  FE" — M(FEY, Ep(T))
7.
8
9

s—

if s = 3 then
# (2) Principal Feature Blending (PFB)

o FET e B(FY) 4 (FE - B(FE)
10:  end if
11:  if s € Sgpe then
12: # (3) Structural Attention Correction (SAC)
13: Q§8n — ngn — WQFScon
14: K8 — K" = W F5on
15 end if
16: end for

17: 18" < Decoder(F§")
18: return /%"

steps has limited impact, as the global structure is already
established during the autoregressive generation process.
Accordingly, we apply SAC from early steps through all
subsequent steps to provide consistent guidance and achieve
the best performance.

B. Details of the dual-stream generation mech-
anism

We provide a detailed description of our dual-stream gen-
eration process in Algorithm 1. Both the content path and
generation path are conditioned on the same text prompt T’
(“<content> in <style>”) and are executed jointly
within a single inference batch. Using identical condition-
ing prevents semantic mismatch between the two streams
and ensures that both evolve under the same textual super-
vision.

The content path follows the original inference process
of the pre-trained model without modification, producing a
sequence of features { F<°"}°_,  which serve as a structural
reference. Meanwhile, the generation path produces its own
feature sequence { F£"}5_,, which is selectively modulated
by our proposed mechanisms (PFB, SAC). Throughout in-
ference, the content path provides structural guidance to the
generation path, enabling it to preserve spatial consistency
while integrating style information from the reference style
image.

C. Implementation details

C.1. Implementation setup of comparison models

We conduct extensive comparisons against existing style-
personalized image generation methods. To ensure fair and
reproducible evaluation, all baseline models are run using
publicly released implementations and their default hyper-
parameters, without additional tuning or prompt engineer-
ing unless explicitly required. We categorize baselines into
two groups: (1) tuning-based approaches, which require
style-specific fine-tuning before inference, and (2) training-
free or pre-trained approaches, which operate directly with-
out per-style optimization. For each method, we follow the
official configurations provided in their respective reposito-
ries unless otherwise stated.

Tuning-based approaches These methods require fine-

tuning a model for each reference style image. For each

style reference, we performed style-specific fine-tuning fol-

lowing the official instructions of each repository, and re-

port the total runtime consisting of both (1) training time

per style and (2) inference time per image in the main paper.

* B-LoRA [2]: Official implementation: https: //
github.com/yardenfrenl1996/B-LoRA

* DB-LoRA [10]: Official implementation: https: //
github.com/huggingface/diffusers/tree/
main/examples/dreambooth

* DreamStyler [1]: Official implementation: https: //
github.com/webtoon/dreamstyler

e StyleDrop [I1]: Unofficial PyTorch reproduction:
https://github.com/zideliu/StyleDrop-
PyTorch

Training-free or pre-trained approaches These meth-

ods do not require additional fine-tuning per style. Instead,

they operate either using a pre-trained style adapter or

through direct inference-time conditioning. We evaluate all

methods using their official inference settings and do not

perform retraining or additional dataset-specific tuning.

» IP-Adapter [17]: Official implementation: https: //
github.com/tencent—-ailab/IP-Adapter

» StyleAligned [4]: Official implementation: https: //
github.com/google/style—aligned

e CSGO [16]: Official implementation: https : //
github.com/instantX-research/CSGO

» StyleAR [15]: Official implementation: https: //
github.com/wuyi2020/StyleAR

* Qwen-Image-Edit [13]: Official implementation:
https : / / huggingface . co / Qwen / Qwen —
Image-Edit

* Flux.1 Kontext [7]: Official implementation: https :
/ /huggingface . co/black—- forest — labs/
FLUX.1-Kontext—-dev
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« USO [14]: Official implementation:
//github.com/bytedance/USO

https :

All models are evaluated under a unified hardware envi-
ronment using a single NVIDIA A6000 GPU with PyTorch.

C.2. Styles and prompts for generation

Fig. 10 presents the style prompts for the reference images
used in the paper. Images marked with * indicate those
used for the quantitative evaluation, for which we use the
same prompts as Finestyle [18]. The style prompts serve
as a high-level guide during the generation process, allow-
ing the model to better align visual features with the target
style. This provides a lightweight, training-free alternative
to methods that require additional training. Note that our
method does not rely on detailed prompts; simple, high-
level style categories (e.g., “oil painting,” “3d rendering,”
etc.) are sufficient.

C.3. User study details

To complement our quantitative evaluation, we conduct a
user study involving 30 participants (ages 20s—50s). Par-
ticipants compare results across two criteria: prompt fi-
delity (semantic alignment with text) and style fidelity (vi-
sual similarity to the reference style). Each comparison
presents participants with a reference style image, a target
text prompt, and outputs from multiple models.

We select comparison models based on their quantita-
tive performance: StyleAligned [4] and IP-Adapter [17],
which achieved the highest Siye (style fidelity), and DB-
LoRA [10] and B-LoRA [2], which achieved the highest
Sixe (prompt fidelity). This selection ensures that the user
study compares the strongest-performing baselines under
each metric.

As shown in Tab. 6, our method achieves the highest
preference in prompt fidelity (35.3%) while maintaining
competitive style fidelity (32.0%). Notably, prompt-tuned
baselines (DB-LoRA, B-LoRA) exhibit strong semantic
alignment but fail to preserve style, while style-focused
baselines (StyleAligned, IP-Adapter) preserve style but lack
semantic consistency. An example of the interface used in
the study is shown in Fig. 11.

Table 6. User study preference results (percentage).

Model Prompt Fidelity T  Style Fidelity 1
StyleAligned [4] 4.3% 30.7%
IP-Adapter [17] 5.0% 23.3%
DB-LoRA [10] 26.7% 8.3%
B-LoRA [2] 28.7% 5.7%
Ours 35.3% 32.0%

D. Generalization across scale-wise autore-
gressive models

Unlike diffusion-based models that operate at a fixed spa-
tial resolution, scale-wise autoregressive models generate
images progressively across multiple scales, resulting in
scale-dependent feature dynamics. This structural differ-
ence makes naive adaptation of prior attention-based meth-
ods ineffective in this setting, as directly applying such
methods to our scale-wise autoregressive backbone, Infin-
ity, without modification fails to yield meaningful results.

Our method is designed to be model-agnostic within the
family of scale-wise autoregressive generative models, as it
operates directly without modifying model weights or re-
quiring retraining. To validate its generalization ability, we
apply our method to two additional models beyond our pri-
mary backbone, Infinity-2B [3].

We first implement our method on Infinity-8B, a larger
variant of our baseline model with increased capacity and
parameter count. As shown in Fig. 12-(Top), our method
produces consistent and stable stylization effects across this
stronger model configuration, demonstrating robustness to
architectural scaling without additional tuning or adapta-
tion. We further apply our method to Switti [12], a dis-
tinct scale-wise autoregressive text-to-image model that dif-
fers structurally from Infinity. Despite architectural differ-
ences, our plug-and-play modules function reliably without
modification, producing coherent, style-personalized gener-
ations, as shown in Fig. 12-(Bottom). This result supports
our approach to generalizing across models that share the
scale-wise autoregressive generation paradigm.

E. Future work and limitations

Our work presents a training-free style-personalized image
generation framework grounded in a comprehensive anal-
ysis of a scale-wise autoregressive model. By identifying
a key step that significantly influences the output image
and demonstrating that dominant singular components of
its feature space effectively capture style information, we
establish a principled mechanism for style extraction and
injection. We believe that this analysis opens up several
promising future directions, enabling more precise and flex-
ible control over style, content, and other visual attributes in
personalized image generation systems.

Despite these strengths, our method faces limitations
when the style reference image contains heterogeneous or
conflicting stylistic attributes (e.g., mixed artistic media or
multiple visual motifs), as it lacks an explicit mechanism
to disentangle and selectively transfer specific sub-styles.
Since our style extraction relies on dominant singular com-
ponents, the injected style may reflect a blended represen-
tation of multiple styles rather than a feature representing
a single, isolated style. Future research could incorporate
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localized style decomposition, spatially variant basis rep-
resentations, or user-guided selection to enable more fine-
grained style control.

F. Additional qualitative results
F.1. Additional results

Fig. 13 presents additional qualitative results demonstrating
that our method faithfully transfers style-specific informa-
tion from the reference image while suppressing irrelevant
details, effectively avoiding content leakage or mode col-
lapse. This enables expressive and robust style personaliza-
tion that generalizes well across diverse scenes and artistic
styles.

F.2. Style-aligned image generation

Furthermore, we demonstrate that our model can perform
style-aligned image generation using only a style prompt,
without requiring a reference style image, by including a
dedicated style pathway in the same batch derived from
the style text prompt and leveraging its third feature as
the style representation. As shown in Fig. 14, our model
shows competitive performance compared to representative
style-aligned image generation models [4, 19], indicating
its capability in style-aligned image generation. These re-
sults validate that our method can operate effectively in both
image-guided and text-guided style-related generation sce-
narios in a unified and training-free manner.
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Figure 9. Qualitative results of SVD-guided feature replacement with varying k. From left to right: the baseline output generated from T,
SVD-guided outputs with k& € {1, 2,4, 8,16, 32}, and the baseline output generated from 7T'.
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impressionism art** ink wash painting** line art**

pixel art**

Figure 10. Style images and their corresponding prompts. The symbol * indicates those used for quantitative evaluation in the main paper,

and ** indicates those used for extended evaluation in this supplementary material.
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[Prompt Fidelity] [Style Fidelity]

Select which image better hes the ref text prompt below. * Given the reference image on the left, select which image better matches the %
style of the reference image.
Reference Text: A pick-up truck

Option 1 Option 2 Option 3

Option 2
LS. ]

”»

Option 3

Option 4 Option 5
(O option1
O Option 2
Option 4 Option 5 O .

Option 3

(O option 1 O option4

(O option2 (O option5
(O option3
O option4
(O option5

Figure 11. Example interface used in the user study. Participants selected the best-performing method among five candidates for each
evaluation criterion.
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Figure 12. Qualitative results of applying our method to other scale-wise autoregressive models.
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Figure 13. Various style-personalized results of our model.
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§ An astronaut, A diver, A carousel, Bowl of fruits } in celestial
artwork style.

Figure 14. Style-aligned image generation results with text-only style descriptions. Each row represents a different content prompt, and
each column applies a distinct style, as described in the text.
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