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Figure 1. Fine-tuning text-to-image diffusion models on the style-friendly noise levels enables learning novel styles from reference images
and text prompts. We present ‘A kangaroo holding a beer, wearing ski goggles and passionately singing silly songs’ in various styles
including painting, flat illustration, and 3d rendering styles. References are shown in the red insert box.

Abstract

Recent text-to-image diffusion models generate high-quality
images but struggle to learn new styles, which limits the per-
sonalized content creation. In response, style-driven gener-
ation has become a popular task, wherein users supply ref-
erence images capturing the target style, complemented by
text prompts that specify stylistic cues. Fine-tuning is a com-
mon approach, yet it often blindly utilizes pre-training con-
figurations without modification, especially for noise sched-
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ules defined in terms of signal-to-noise ratio (SNR), which
determines the amount of image information available at
each denoising step. We discover that stylistic features pre-
dominantly emerge at low SNR range, leading current fine-
tuning methods using regular noise schedules to exhibit sub-
optimal style alignment. We propose the Style-friendly SNR
sampler, which focuses the fine-tuning on low SNR range
where stylistic features emerge. We demonstrate improved
generation of novel styles that cannot be described solely
with a text prompt, enabling high-fidelity personalized con-
tent creation.



1. Introduction

Recently, large-scale text-to-image diffusion models [2, 7,
35] have achieved remarkable progress in visual content
creation. In particular, open-weights such as Stable Dif-
fusion series [7, 35] and FLUX [2] have been among the
most notable for their photorealistic image quality and lan-
guage understanding capabilities. Behind this strong per-
formance lies the advancement of the diffusion and flow
matching frameworks [27, 28, 47] by noise level schedul-
ing [15, 20], loss weighting [5, 21], and architectural im-
provements [7, 30, 51]. These advances have largely tar-
geted overall image quality and text-image alignment.

Motivated by the success of text-to-image models, there
is a growing need for style-driven generation [24, 37, 43],
where the generated samples capture styles desired by indi-
vidual users or artists. Here, “style” refers to visual proper-
ties such as color schemes, layouts, illumination, and brush-
work [6, 9, 25, 43]. The most accessible way to request
style-driven generation is to write a text prompt describing
the target style, but prompts alone rarely suffice when the
target style was absent from the model’s pre-training data
or is hard to describe verbally.

To address this challenge, To address this challenge, re-
cent approaches have explored methods that generate out-
puts reflecting the style of a user-provided reference im-
age, which fall into two main categories: fine-tuning meth-
ods [24, 43] and tuning-free methods [12, 37, 52]. Among
these, fine-tuning has remained promising due to its abil-
ity to directly adjust model parameters using provided style
reference images [38]. Yet existing fine-tuning approaches
blindly leverage the noise-sampling schedule that was cho-
sen during pre-training to optimize performance on generic
text-to-image benchmarks [10, 18] rather than style-driven
generation. This schedule can be expressed by signal-to-
noise ratio (SNR) [22]: a value that indicates, at each de-
noising step, how much of the image is still clean signal
and how much is noise. We empirically show that high
SNR range contributes to sharpening object details and low
SNR range contributes to broad color schemes, lighting, and
other stylistic cues emerge. Since the pre-training sched-
ule prioritize on high SNR range, using such schedule often
fails to reproduce the desired personal style.

We therefore introduce a Style-friendly SNR sampler. 1t
prioritize fine-tuning in low SNR range (roughly the first
10% of denoising steps), maximizing exposure to stylistic
cues without changing the loss or architecture. With this
single modification, diffusion models faithfully learn novel
styles while preserving their original text-image alignment.

Through extensive evaluation, we show that our Style-
friendly SNR sampler achieves superior performance in
capturing novel styles compared to both existing fine-
tuning approaches and tuning-free approaches. Compari-
son against tuning-free baselines confirms that fine-tuning,
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Figure 2. Probability distribution of Log-SNR. We bias the fine-
tuning towards the shaded SNR range where style features emerge.

when guided by our novel SNR-based insight, remains sig-
nificantly more effective for accurately capturing stylistic
details. Furthermore, our analysis provides deeper insight
into why existing methods excel at object-centric generation
but consistently fail in style-driven contexts. Our method
is compatible with diverse backbones such as FLUX [2],
SD3.5 [48], and SANA [50], and can be integrated into ex-
isting fine-tuning pipelines [24, 40] to provide consistent
improvements.

2. Training Diffusion Models

2.1. Diffusion Process and SNR Formulation
Diffusion models [14, 27, 28, 42, 47] are based on the for-

ward process that progressively degrades data x into pure
noise x; as time ¢ progresses from 0 to 1, following the uni-
fied formulation below:

6]

Ty = QT + O4€,

where «; and o; are predefined noise schedules, and € ~
N(0, I) represents standard Gaussian noise.

Recent state-of-the-art flow matching frameworks, such
as Stable Diffusion 3 (SD3) [7], FLUX [2], and SANA [50]
utilize the noise schedule from rectified flow [27, 28], where
oy = 1 —t and oy = ¢, with ¢ varying continuously in the
range [0, 1]. This choice is effective due to straight diffusion
trajectories.

Instead of parameterizing the diffusion process using the
timestep ¢, VDM [22] characterize the noise level using the
log signal-to-noise ratio (log-SNR), which offers a more in-
tuitive measure of the noise at each step:

(@)

In flow matching frameworks, the log-SNR is simplified as
A = 2log (1) using timestep ¢.



2.2. Diffusion Training and SNR Sampling

Recent flow matching frameworks predict the velocity field
vg(x¢,t) by minimizing the following training objective:

Lem(z0) = Etwp(t)[Hf—iUO—Ua(xt,t)HQ], (3)

where p(t) is the timestep sampling distribution, e—x is the
target velocity derived from Eq. 1. The representative text-
to-image models utilizing flow matching, such as SD3 and
FLUX, introduce an SNR sampler for training. This sam-
ples the logit of t, defined as log (ﬁ) from N (u,0?),
where the parameters p and o are chosen as 0 and 1 to op-
timize CLIP [33] and FID [13] scores on COCO-2014 vali-
dation set [26].

In addition, they propose shifting timestep ¢ to ¢,y by &
for high resolution training:

kt
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which is equivalent to shifting A\; by —2log k as follows:
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where £ is defined as 3. Following the above formulation,
resulting log-SNR sampling distribution p(\;) in training
time is represented as N (—2log 3,2?), as visualized by the
yellow curve in Fig. 2. This curve demonstrates that pre-
training SD3 and FLUX focus on particular SNR values.

3. Method

3.1. Observations

Diffusion Models Struggle to Capture Styles. To un-
derstand the fine-tuning capability of recent diffusion
model [2], we first revisit the commonly-studied object-
driven setting, i.e., DreamBooth [38]. For object-driven
generation setting, the standard pre-training configuration,
such as SNR schedule, is promising: the generated images
exhibit high-fidelity of images of the target object such as
a backpack (Fig. 3a). However, the standard pre-training
configuration is inadequate for style references. In Fig. 3b,
when fine-tuned with a “glowing style” reference, the model
only applies glowing effects to specific object details (such
as the fur of a sloth), neglecting global stylistic elements
like the dark background and blue lighting of the original
reference. Similarly, with a Van Gogh oil painting style
reference, the model manages to replicate the blue color
tone but fails to accurately reproduce distinctive brush-
stroke characteristics. These indicate that capturing an ob-
ject’s identity and capturing an artistic style require differ-
ent treatment during fine-tuning.
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(a) FLUX Object (b) FLUX Style (c) Our Style

Figure 3. Fine-tuning capability. (a) While FLUX succeeds in
learning objects, (b) it struggles to capture styles, demonstrating
that learning novel objects and styles requires distinct strategies.
(c) We enable FLUX to learn styles. References are shown in the
red insert box.

Styles Emerge at Low SNR Range. To better understand
why diffusion models struggle to learn new styles, we an-
alyze at which diffusion timestep stylistic features emerge
during generation using a pre-trained FLUX [2]. Specifi-
cally, we switch from a prompt without style descriptions
(Ywio style) to one including style descriptions (Y style) at dif-
ferent points in the denoising process. Fig. 4 presents the
qualitative examples and quantitative curves showing the
averaged CLIP similarity [33] between each generated im-
age and a text describing the target style (e.g., “watercolor
painting style”).

As shown in Fig. 4c, omitting the style prompt in the
initial 10% of generation steps significantly reduces style
alignment. Fig. 4g shows that as we increase the portion of
early generation steps where the style prompt is omitted,
the CLIP score drops sharply, indicating that style informa-
tion lost in these early steps cannot be recovered later in the
generation process.

Conversely, omitting the style prompt at later denois-
ing steps minimally affects style alignment (Fig. 4d, e). In
Fig. 4, as we increase the portion of early steps where the
style prompt is included, the CLIP similarity rises steeply
and quickly saturates.These results demonstrate that styles
are predominantly determined at early denoising steps, cor-
responding to low log-SNR ), values (shaded region in Fig.
2).

3.2. Style-Friendly SNR Sampler

Our earlier observations show that styles primarily emerge
during early denoising steps, characterized by low SNRs.
However, existing fine-tuning methods use the SNR schd-
ules from pre-training, optimized mainly for object-centric
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Figure 4. Prompt switching during generation. ). indicates log-SNR. The bar graphs above each image represent the denoising steps,
illustrating when each prompt is applied and at what point the prompt switch occurs. The style prompts are ‘minimalist flat round logo’,
‘sticker’, ‘cartoon’, and ‘detailed pen and ink drawing’, clockwise from top left. Styles emerge in the initial 10% of denoising steps;
therefore, (c) and (f) fail to capture target styles. In contrast, omitting style prompts in later steps (d, e) still preserves styles well, similar
to the fully styled baseline (a). (g) and (h) quantify these observations, showing the average CLIP similarity across 5 prompts and 5 styles
when omitting (g) or including (h) the style prompt in earlier steps.

benchmarks [10, 18], as indicated by the yellow curve in
Fig. 2. Consequently, standard fine-tuning procedures place
insufficient emphasis on SNR range crucial for capturing
styles, failing to achieve alignment with reference styles.

Building upon this motivation, we propose to rectify the
fine-tuning of diffusion models by biasing towards lower
log-SNR )\ values where stylistic features emerge. Specifi-
cally, we sample log-SNR from a normal distribution:

)\t ~ N(,U’IOW7 O—lirge)7 (6)

with a lowered mean 1oy, and large ojae to increase fine-
tuning density at extremely small log-SNR values critical
for learning stylistic cues (shaded region in Fig. 2).

The newly sampled log-SNR )\; is mapped to its corre-
sponding diffusion timestep using ¢ = (1+exp(\;/2))~},
and this timestep is directly plugged into the standard fine-
tuning objective Eq. 3 as shown in the pseudo code of Ap-
pendix.
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Trainable Parameters. We fine-tune FLUX-dev [2],
SD3.5 [7, 48], and SANA [50] by applying LoRA [16] to
the attention layers of their underlying transformer architec-
tures. FLUX-dev and SD3.5 employ Multi-Modal Diffusion
Transformer (MM-DiT), which contains separate attention
modules for text tokens and image tokens; we train LoORA
adapters on attention layers of both modalities.

4. Experiments

We compare our method for style-driven generation against
baselines from several categories, including both fine-
tuning and tuning-free methods.

* Fine-tuning: SD3 sampler [7], Direct Consistency Op-
timization (DCO) [24], and StyleDrop [43] are selected
as representative fine-tuning methods. The SD3 sampler
utilizes a flow matching loss [27, 28] with timestep shift-
ing in Eq. 5, whereas DCO is based on preference learn-
ing [34] and employs a regularized loss. For StyleDrop,
due to the lack of official open-source implementations,
we adopt the unofficial implementation provided by [1].



Reference u=-4,0=2 SD3 sampler
Figure 5. Effect of varying p and o. Diffusion models start to capture the reference glowing style when p is lower and o is larger. The
prompt is ‘a hybrid creature that is a mix of a waffle and a hippopotamus, in glowing style’. Samples are generated with the same seed.
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Figure 6. SNR sampler analysis. DINO similarities of varying SNR sampler parameters with FLUX and SD3.5-8B. Dotted lines in (c)
indicate results of SD3 sampler [7]. Unless specified, we use ¢ = —6, 0 = 2, and rank 32. CLIP scores are shown in Appendix.

» Image variation: IP-Adapter [52] and RB-Modulation 4.1. Analysis of Style-Friendly SNR Sampler
[37] generate image variations using CLIP [33] or
CSD [44] image embeddings respectively. IP-Adapter re-
constructs images to best reflect the information con-

In Fig. 5 and Fig. 6, we analyze the impact of varying the pa-
rameters of our Style-friendly SNR sampler—specifically,
. ) . . the mean (1) and the standard deviation (o) of the log-
tained in the CLIP image embedding, whereas RB- SNR sampling distribution, as well as the LoRA rank. SD3

Mo'dulanor'l abp l{es gradient guidance at test time to max- sampler denotes the pre-training setting used by FLUX and
imize the similarity score evaluated by CSD. SD3 5

» Editing: Style-Aligned [12] with DDIM inversion [45]
edits images by manipulating self-attention weights to en-

force the style consistency. Effect of Varying ;1. We experiment with y values rang-
* Detailed prompt: We name this baseline GPT-40 prompt, ing from 0 to —8 for both FLUX-dev and SD3.5-8B. As
where we utilize GPT-40 [19] to generate detailed style .show.n in Fig. 5, Increasing /i (towards zero) progresswel'y
descriptions from reference images and apply these in impairs the model’s ability to capture reference styles. This
text-to-image generation. trend is quantitatively confirmed in Fig. 6a, where DINO

similarity scores decrease with increasing u, clearly indi-

cating poorer style alignment. Conversely, in Fig. 5, when

1 is set to —6, the models begin to capture and reflect the
Following StyleDrop [43], we select 18 reference styles as reference styles effectively.
our fine-tuning targets. For each style, we use 23 evaluation
prompts, generating 2 images per prompt, which results in
a total of 828 images per experiment. We fine-tune FLUX-
dev [2], SD3.5-8B [7, 48], and SANA [50] with LoRA [16]
at rank 32 (except where noted for rank ablation). Follow-
ing [12, 43] we measure style alignment via human evalu-
ation, DINO ViT-S/16 [3], and CLIP ViT-B/32 [33] image
similarity (CLIP-I), and alignment to the text prompts via
CLIP text-image similarity (CLIP-T). Implementation de-
tails are in Appendix. Pre-training configuration uses pt = —2log3.

Effect of Varying o. We also investigate the effect of
varying the standard deviation o of the log-SNR sampling
distribution in Fig. 5 and Fig. 6b. When o < 2, the fine-
tuning does not sufficiently cover the style-emerging region
as shown by green curve of Fig. 2, leading to lower style
alignment. In Fig. 5, o > 2 reflects the ‘glowing’ style suc-
cessfully. Also, in Fig. 6b, style similarity remains low for
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Figure 7. Qualitative comparison. We show ‘A fluffy baby sloth with a knitted hat trying to figure out a laptop’, ‘A christmas tree’, and
‘An espresso machine’ in various styles. Reference images and target style prompts are shown in row 1. Our method (row 2) effectively
captures the styles indicated by both reference images and their accompanying text prompts. Both fine-tuning methods (row 3 and 4) and
tuning-free methods (row 5-8) often miss stylistic nuance.
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o < 2 but improves when o > 2.

Effect of Varying Rank. In Fig. 6¢c, we examine the im-
pact of model capacity by varying the LoRA rank. Notably,
with low © = —6, a rank of 4 achieves higher DINO simi-
larity compared to the SD3 sampler at rank 32 (dotted lines).
This demonstrates focusing on lower A; has a more pro-
nounced effect on style learning than model capacity alone.

4.2. Qualitative Results

We compare our Style-friendly SNR sampler against re-
cent state-of-the-art methods, including the SD3 sam-
pler [7], Direct Consistency Optimization (DCO) [24], and
IP-Adapter [51, 52], which use FLUX-dev as the back-
bone model; RB-Modulation [37], which uses Stable Cas-
cade [31]; and Style-Aligned [12], which uses SDXL [32].

In Fig. 7, our Style-friendly SNR sampler accurately
captures the styles of reference images, reflecting stylis-
tic features including color schemes, layouts, illumination,
and brushstrokes. In contrast, fine-tuning FLUX-dev with
the standard SD3 sampler often fails to capture key stylis-
tic components, such as layout (column 1), color scheme
(columns 2-4), and illumination (column 5).

Fine-tuning FLUX-dev with DCO struggles to learn
the reference styles due to strong regularization that pre-
vents significant deviation from the pre-trained model. IP-
Adapter with FLUX-dev and RB-Modulation rely on em-
beddings of CLIP [33] and CSD [44], which may not cap-
ture fine stylistic details, leading to inaccurate style repro-
duction. As seen in column 4 of the IP-Adapter results, a
woman in the reference appears, indicating content leakage.
Style-Aligned shares self-attention features within the dif-
fusion model, which can cause artifacts such as destroyed
structure (columns 1-3) when attention features conflict.
While GPT-40 prompt utilizes the detailed style descrip-
tion, it often fails to reflect key stylistic features such as
color scheme, highlighting the necessity of image guidance
for effective style-driven generation.

4.3. Quantitative Results

We conduct a user study to quantify human preferences
using Amazon Mechanical Turk. Following previous work
[43], we compare our method to each method with two sep-
arate questionnaires: style alignment and text alignment.
According to the reference style image and target text
prompt, users are asked to select which of the two gener-
ated images is more similar to the style in the reference im-
age (style alignment) and represents the text prompt better
(text alignment). We obtain 450 answers from 150 partici-
pants for each comparison, and the results are presented in
Tab. 1. Our method outperforms in both aspects (p < 0.05
in the Wilcoxon signed-rank test), indicating that it provides

Style Alignment
Method ‘ Model ‘ win tie lose
Style-Aligned [12] | SDXL 61.0% 7.1% 31.9%
RB-Mod [37] Cascade 556 % 12.6% 31.8%
IP-Adapter [52] FLUX-dev [ 592 % 8.0% 32.8%
DCO [24] FLUX-dev | 56.0 % 10.2% 33.8%
SD3 sampler [7] FLUX-dev | 56.0% 92% 34.8%

Text Alignment
Method ‘ Model ‘ win tie lose
Style-Aligned [12] | SDXL 60.7% 1.5% 31.8%
RB-Mod [37] Cascade 543% 63% 39.4%
IP-Adapter [52] FLUX-dev | 56.0% 4.6% 39.4%
DCO [24] FLUX-dev | 53.2% 10.0% 36.8%

SD3 sampler [7] FLUX-dev | 56.5% 14.0% 29.5%

Table 1. Human evaluation. User preference comparing style and
text alignments between ours and the baselines.

superior style alignment without deterioration in content fi-
delity. More details are provided in Appendix.

In Tab. 2, we measure DINO [3] and CLIP image (CLIP-
I) similarities to assess style alignment, and CLIP text-
image (CLIP-T) similarity for target text alignment. For
SD3.5 and FLUX, we use the SD3 Sampler as the baseline;
for SANA, we use uniform timestep, following the respec-
tive pre-training configurations. Our method consistently
improves both DINO and CLIP-I scores across all tested
backbones and losses, confirming its effectiveness for cap-
turing styles from reference images. Notably, our approach
improves DCO, indicating that the key factor in fine-tuning
is not the loss function itself, but rather which SNR range is
emphasized during training.

While our CLIP-T is slightly lower compared to some
methods, we already showed superior text alignment in hu-
man evaluation (Tab. 1). This discrepancy arises because
textual style descriptions alone can be inherently ambigu-
ous. Consequently, methods that accurately reflect unique
styles may deviate from these typical appearance, lead-
ing to lower CLIP-T scores despite better alignment to the
intended reference styles. Overall, our quantitative results
confirm that our method accurately reflects both styles and
texts.

4.4. Applications

While Dreambooth [38] paper demonstrates generating
multi-panel comics by generating each panel with a fine-
tuned diffusion model, we define the entire multi-panel
comic itself as a unique style. Our method treats multiple
panels as a single image during fine-tuning, enabling the
generation of coherent multi-panel comics from only a sin-
gle reference (see the first row of Fig. 8). By specifying a
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Metrics
Method Model - SNGT LT CLip-T T
Style-Aligned [12] | SDXL 0.410 0.675 0.340
RB-Mod [37] Cascade | 0.317 0.647 0.363
IP-Adapter [52] FLUX 0.361 0.656 0.354
GPT-40 Prompt FLUX 0.299 0.621 0.338
StyleDrop [43]" MUSE 0.465 0.665 0.325
Uniform [50] SANA 0.368 0.645 0.359
+Style-friendly | SANA 0.384 0.655 0.359
SD3 sampler [7] SD3.5 0.424 0.670 0.350
+Style-friendly | SD3.5 0.489 0.698 0.349
DCO [24] SD3.5 0.399 0.661 0.355
+Style-friendly | SD3.5 0.478 0.695 0.351
SD3 sampler [7] FLUX 0.373 0.645 0.350
+Style-friendly | FLUX 0.478 0.691 0.343
DCO [24] FLUX 0.373 0.643 0.353
+Style-friendly | FLUX 0.488 0.698 0.341

Table 2. Quantitative comparison. Style alignment (DINO and
CLIP-I) and text alignment (CLIP-T) with 18 styles from [43].
Our Style-friendly exhibits superior style-alignment scores. Rows
1-3 show tuning-free baselines. f: Unofficial implementation [1].

Multi-Panel

Typography

Style References Generated Samples

Figure 8. Multi-panel and typography. First row demonstrates
generating multiple coherent panels as a single image. Second row
shows customized typography with a unique style.

new subject in the target prompt, the model consistently
places that subject across all comic-style panels. Beyond
comics, our method also extends to typography, leveraging
the spelling capabilities of recent models [2, 48]. As shown
in the second row of Fig. 8, this flexibility allows users to
effortlessly generate a broad range of customized textual el-
ements in unique styles.

5. Related Works
5.1. Diffusion Models

Diffusion models encapsulate score matching [20, 46, 47]
and flow matching [27, 28]. The performance of diffusion
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models is significantly influenced by the noise level distri-
bution during training. Prior studies have improved model
quality by carefully adjusting noise schedules [15, 29] or
weights [5, 20, 21], achieving strong results on estab-
lished benchmarks [10, 13]. However, these prior meth-
ods predominantly target improving generic image quality
and object-centric fidelity. In contrast, our work provides
the empirical validation demonstrating that a style-specific
SNR distribution has been overlooked.

5.2. Style-Driven Generation

With advancements in text-to-image models, practition-
ers have increasingly sought to generate images featur-
ing personal styles [24, 37, 43, 52]. Fine-tuning meth-
ods [24, 38, 43] have been particularly prominent in this
area. StyleDrop [43], a study closely related to our work,
utilizes a masked generative model [4] and involves human
data selection through multi-stage training. Some works fo-
cus on learning multiple concepts simultaneously [17, 23]
or merging several fine-tuned models [24, 41], while oth-
ers analyze the diffusion model’s U-Net [36] layers to iden-
tify those most effective for learning styles [8]. However,
several existing methods have not yet been validated or ap-
plied to recently released large-scale models [2, 7]. In con-
trast, our method provides an adaptable fine-tuning strategy,
which we validate on up-to-date diffusion models.

As an alternative approach for style-driven generation,
zero-shot approaches have been proposed [12, 37, 49, 52],
but these methods still fall short in style alignment com-
pared to fine-tuning and are often limited to specific do-
mains [11, 39]. Furthermore, some methods [12, 37] re-
quire extra inference-time gradient guidance [37] or inver-
sion [12], increasing inference cost. Due to these limita-
tions, we focus on fine-tuning in our work, aiming to pro-
vide insights into the behavior of diffusion objectives to
make fine-tuning more accessible and effective. While fine-
tuning is not the only option, our results show that it is a
promising approach.

6. Conclusion

In this paper,we analyzed that stylistic cues in diffusion
models primarily arise at lower SNR ranges, which clar-
ifies why conventional schedules in tuning-based style-
driven generation often struggle to capture stylistic cues.
Motivated by this insight, we proposed the Style-friendly
SNR sampler, which biases the SNR distribution towards
style-emerging SNR regions. Extensive experiments across
diverse backbones and fine-tuning methods demonstrate
that our approach consistently provides promising improve-
ments in style alignment and fidelity. We hope this work
will serve as a stepping stone toward using diffusion mod-
els as digital art previewers.
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