Style-Friendly SNR Sampler for Style-Driven Generation

Supplementary Material

A. Experimental Details
A.1. Style Prompts

We conduct all quantitative evaluations using the 18 ref-
erence styles shown in the appendix of the StyleDrop pa-
per [17]. The style prompts for these 18 styles can also be
found in the StyleDrop appendix.

A.2. Evaluation Prompts

We present 23 evaluation prompts collected from StyleDrop
paper [17] used for our quantitative and qualitative compar-
isons:
* An Opera house in Sydney in {style prompt} style
* A fluffy baby sloth with a knitted hat trying to figure out
a laptop, close up in {style prompt} style
* A Golden Gate bridge in {style prompt} style
e The letter ‘G’ in {style prompt} style
* A man riding a snowboard in {style prompt} style
* A panda eating bamboo in {style prompt} style
* A friendly robot in {style prompt} style
* A baby penguin in {style prompt} style
* A moose in {style prompt} style
* A towel in {style prompt} style
* An espresso machine in {style prompt} style
* An avocado in {style prompt} style
* A crown in {style prompt} style
* A banana in {style prompt} style
A bench in {style prompt} style
* A boat in {style prompt} style
* A butterfly in {style prompt} style
* An F1 race car in {style prompt} style
* A Christmas tree in {style prompt} style
* A cow in {style prompt} style
* A hat in {style prompt} style
* A piano in {style prompt} style
* A wood cabin in {style prompt} style
In Fig. S1, we present the detailed style descriptions gen-
erated by GPT-40, which serve as text prompts for the GPT-
4o Prompt baseline. Specifically, for each of the 18 refer-
ence styles, we obtained comprehensive textual descriptions
using GPT-40. These detailed prompts were directly used
for text-to-image generation.

A.3. User Study

In this section, we provide detailed information about the
setup of our user study. Our user study aims to measure hu-
man preferences in two key objectives of style-driven image
generation: style alignment and text alignment. To assess
these preferences, we conduct pairwise comparisons be-

tween our method and each baseline for each objective. Par-

ticipants are shown the reference image, target text prompt,

and two generated images (one from each method) and are
asked to choose the image that better satisfies the objec-
tive. We collect three responses from each of the 150 par-
ticipants, resulting in a total of 450 responses for each com-
parison. The full instructions used in our questionnaires are
as follows.

For style alignment objective,

* Given a reference image and two machine-generated
images, select which machine-generated output better
matches the style of the reference image for each pair.

* Please focus only on the style including color schemes,
layouts, illumination, and brushstrokes.

 If it’s difficult to determine a preference, please select
“Cannot Determine / Both Equally”.

For text alignment objective,

* Given a reference image and two machine-generated
images, select which machine-generated output better
matches the target text for each pair.

* Please focus only on the text, without regard for the ref-
erence image.

 If it’s difficult to determine a preference, please select
“Cannot Determine / Both Equally”.

A.4. Implementation

To ensure reproducibility, we provide pseudo-code imple-
mentations of Style-friendly SNR samplers in Fig. S2 and
the addition of LoRA [7] parameters to MM-DiT for train-
ing in Fig. S3. All experiments are conducted on a NVIDIA
A40 GPU with 48GB memory.

Optimizer and Learning Rate. We use the Adam opti-
mizer [9] at a learning rate of 10 for 300 steps. The batch
size is set to 1, with gradient accumulation over 4 steps.

Guidance Scale and Inference Steps. During inference,
we use a guidance scale [6, 11] of 7.0. The number of de-
noising steps is set to 28.

Model-Specific Details. FLUX-dev [1] is a 12B
guidance-distilled model [11] that takes guidance scale as
input. For fine-tuning, we fix the guidance scale to 1.0 to
match standard diffusion training, enable gradient check-
pointing for memory efficiency, and use BF16 quantization
for both fine-tuning and inference. We use 8B parameter
model of SD3.5 [21] and Sana-1600M-1024px-BF16 model
of SANA [22]. We do not use gradient checkpointing when
fine-tuning these models.

Disabling Timestep Shifting. SD3 [3] uses a timestep
shifting mechanism. However, we disable this shifting for
our Style-friendly SNR sampler to isolate the effect of our



proposed SNR sampling strategy.

Baseline Implementation. We use the Hugging Face
Diffusers library (version 0.31.0) for consistent training and
inference across methods.

B. Baselines

B.1. Direct Consistency Optimization

Direct Consistency Optimization (DCO) [10] is a fine-
tuning method inspired by direct preference optimiza-
tion [14] commonly used in large language models (LLMs).
Instead of directly minimizing the diffusion loss, DCO aims
to ensure that the diffusion loss of the fine-tuned model is
lower than that of the pre-trained model on the reference
data. The objective function is defined as:

»CDCO (1’0) = Et,e — IOgU(—ﬂT
[lvg (e, t) = v(@e, O|* = [[vg (e, 1) — v(ze, O)*)], (D)

where v(x¢,t) is target velocity field, vy, is fine-tuning
model, and v is frozen pre-trained model.

In this objective, the parameter 87 controls the strength
of the preference towards the fine-tuned model over the pre-
trained model. DCO increases the relative likelihood of the
fine-tuned model over the pre-trained model, penalizing less
when the fine-tuned model’s loss is smaller. This helps pre-
serve the text-to-image alignment of the pre-trained model.

However, DCO requires computations involving both the
fine-tuned and pre-trained models, making it computation-
ally more intensive than directly fine-tuning using the stan-
dard diffusion loss. In our experiments, we observed that
using a large value of 57" = 1000 resulted in slower con-
vergence and suboptimal performance. Therefore, we set
BT = 1 to achieve better results.

B.2. IP-Adapter

IP-Adapter [23] is designed to enable text-to-image models
to generate identity-preserving images by training a com-
pact adapter that encodes CLIP image embeddings [13].
This adapter introduces the CLIP image embedding as an
additional input by concatenating its output with the text
embeddings. The parameter-efficient nature of IP-Adapter
allows for easy training and deployment across various text-
to-image models. However, a notable limitation is its re-
stricted style alignment due to the expressive constraints of
CLIP embeddings, which may result in generated images
that do not fully capture detailed stylistic characteristics. IP-
Adapter allows adjusting the conditioning strength by scal-
ing the embeddings with a factor between 0 and 1; we use a
scale of 0.6 in all experiments. Using a scale of 1 can lead
to content leakage beyond the style.

B.3. RB-Modulation

RB-Modulation [15] is a zero-shot approach using Stable
Cascade [12], a model accepting both CLIP image embed-
dings and text embeddings as inputs. During the denois-
ing process, RB-Modulation employs gradient guidance of
a CSD [18], a model fine-tuned from CLIP to measure style
similarity, resembling classifier guidance [2]. At each de-
noising step, CSD computes the similarity between the ap-
proximated z( and the reference image, guiding the genera-
tion process to enhance this similarity. RB-Modulation also
aggregates multiple attention features.

However, this approach relies on models that accept
CLIP image embeddings, limiting model selection. Addi-
tionally, using gradient guidance of CSD increases infer-
ence costs, making the generation process more computa-
tionally intensive.

B.4. Style-Aligned

Style-Aligned [5] generates consistent sets of images with
the same style by ensuring that features of each image at-
tend to those of a reference image through shared key and
value features in self-attention layers of image tokens. It
first maps the reference image to noise using DDIM inver-
sion [19] and shares self-attention features during denois-
ing. The fidelity to the reference style can be controlled by
amplifying the self-attention logits in the diffusion model.
However, Style-Aligned is not directly applicable to MM-
DiT [3] architecture that lacks image-only self-attention
layers. Moreover, artificially amplifying self-attention log-
its can lead to artifacts and lower-quality images due to con-
flicting attention features.

B.5. Offset Noise

Offset noise [4] is a method proposed to fine-tune diffusion
models for generating monochromatic images. During the
diffusion process, a constant offset noise—identical across
all pixel positions—is added to the standard Gaussian noise,
scaled by a small factor (e.g., 0.1). This introduces an ex-
plicit bias toward monotonic noise patterns, encouraging
the model to learn and reproduce solid colors. While offset
noise aids in learning monotonous patterns, it can hinder the
model’s capacity to learn more complex styles.

Here, we additionally experiment with incorporating off-
set noise into our training process in Tab. S1. Offset noise
with a scale of 0.1 improves the SD3 sampler’s results in
DINO and CLIP-I scores, as many reference styles from the
StyleDrop paper [17] have monochromatic backgrounds,
favoring this trick. However, it still does not reach the
performance of our Style-friendly SNR sampler. More-
over, when we combine our Style-friendly approach with
a smaller scale of offset noise (0.01), we observe a slight
improvement in the style alignment of FLUX-dev.




Soft washes of color with delicate shading and detailed
linework emphasize the texture and character of the
building. The use of light and shadow enhances depth,
creating a classic, timeless watercolor illustration.

4 A loose and fluid approach with vibrant color transitions,
=7 blending warm and cool tones in an organic manner. The
a soft edges and bleeding pigments create a dreamy, almost

ethereal effect.

Simple, playful strokes with bright, unmixed colors give a
naive and spontaneous feel. The use of bold outlines and
uneven brushwork adds to the charm of a carefree,
unrefined artistic approach.

Thick, visible brushstrokes with swirling, dynamic
patterns create a sense of movement and depth. The use of
bold, contrasting colors and a rich impasto texture gives
the image a highly expressive and emotional atmosphere.

Expressive and bold brushstrokes create a sense of
movement and texture. The use of vibrant yet earthy tones,
along with swirling background patterns, adds a dynamic
and emotional depth to the composition.

A simple and clean cartoon-like approach using bold
outlines and flat colors. The exaggerated, symbolic
composition conveys a strong message with minimal
visual elements, making it both modern and impactful.

A clean and modern aesthetic with soft color palettes and
smooth gradients. The absence of outlines and the use of
simple geometric shapes contribute to a polished and
contemporary design.

A monochrome composition created with flowing,
dynamic strokes. The expressive lines and rhythmic
movement give it an energetic and almost dreamlike
atmosphere, reminiscent of classic pen-and-ink studies.

Smooth, flowing, and ethereal ribbons of vibrant color set
against a dark background. The soft glow and gradient
blending create a futuristic and dynamic visual effect.

A glowing, bioluminescent effect reminiscent of an X-ray
scan, using bright cyan tones against a pitch-black
background. The high contrast and fine details emphasize
a surreal and otherworldly aesthetic.

Clean, modern, and minimalistic design using soft pastel
tones and geometric shapes. The absence of outlines and
the smooth gradients give it a polished, professional feel.

Bold, flat design with crisp, clean edges and a drop
shadow effect, making it appear like a sticker or cutout.
The smooth color transitions and simplified shapes add to
the playful and modern aesthetic.

A smooth, polished, and cartoonish 3D model with
simplified facial features. The soft shading, realistic hair
texture, and subtle lighting create a blend of realism and
stylization.

A simple, naive, and hand-drawn aesthetic with visible
crayon strokes and uneven coloring. The rough texture
and imperfect lines add to the charm of a playful,
unpolished artwork.

A highly reflective, gold-like surface with smooth, liquid-
like textures. The dripping effect and polished finish
create a futuristic and surrealistic feel.

A detailed and rustic carving with deep grooves and
textured patterns. The organic, handcrafted appearance
gives it an ancient, folklore-inspired look.

Bright, exaggerated, and glossy 3D modeling with a soft,
cartoonish aesthetic. The smooth reflections and bold,
saturated colors create a fun and whimsical atmosphere.

A high-gloss, semi-transparent glass effect combined with
a metallic base. The dramatic lighting and reflections
enhance the sci-fi and high-tech aesthetic.

Figure S1. Detailed style description. These descriptions serve as the input prompts for our GPT-40 [8] prompt baseline, which generates
images solely based on these textual style specifications.

# Inputs: mu, sigma, B, latent
# sample log-SNR

logsnr = torch.normal (mean=mu, std=sigma, size=(B,))

# compute timestep t

t = torch.nn.functional.sigmoid(-logsnr / 2).view (B,

# sample noise

noise = torch.randn_like (latent)

# diffuse latent

noisy_latent = (1.0 - t) x latent + t x noise

1,

Figure S2. PyTorch implementation of a Style-friendly SNR sampler.
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# Inputs: model_name, rank
# Configure LoRA for the specified model

if model_name == "FLUX":
target_modules = [
"to_k", "to_g", "to_v", "to_out.0",
"add_k_proj", "add_g proj", "add_v_proij", "proj_mlp", "proj_out"
]
elif model_name == "SD3":
target_modules = [
"to_k", "to_g", "to_v", "to_out.O0",
"add_k_proj", "add_g proj", "add_v_proj", "to_add_out"
]
else:

raise ValueError (f"Unsupported _model: {model_name}")

# LoRA configuration
transformer_lora_config = LoraConfig(
r=rank,
lora_alpha=rank,
init_lora_weights="gaussian",
target_modules=target_modules,

)

# Add adapter to the transformer
transformer.add_adapter (transformer_lora_config)

Figure S3. PyTorch implementation of LoRA integration.

Metrics
Method Model 56T CLIPTT CLIP-TT
SD3 Sampler [3] | SD3.5 0424 0670 0350
w/ offset 0.1 | SD3.5 0452 0678 0353
Style-friendly | SD3.5 0489  0.698  0.349
w/ offset 0.01 | SD3.5 0476 0697 0350

SD3 Sampler [3] | FLUX-dev | 0.373 0.645 0.350
w/ offset 0.1 | FLUX-dev | 0.451 0.679 0.349
Style-friendly FLUX-dev | 0.461 0.686 0.344
w/ offset 0.01 | FLUX-dev | 0.500 0.704 0.341

Table S1. Incorporating offset noise. Offset noise improves SD3
sampler but still does not reach the performance of our Style-
friendly SNR sampler; combining our Style-friendly approach
with Offset Noise at a smaller scale (0.01) slightly enhances the
style alignment of FLUX-dev. Here, we use ¢ = 2 for Style-
friendly.

This quantitative evaluation is based on the monochro-
matic backgrounds prevalent in the StyleDrop [17] refer-
ences. Our qualitative comparisons in Fig. S6 show that off-
set noise struggles with complex references, failing to cap-
ture intricate stylistic details. This indicates that while offset
noise can help with simple, uniform styles, it is vulnerable
to complex styles.



Metrics
DINO 1 CLIP-I1 CLIP-T 1
SD3 Sampler [3] | FLUX-dev | 0.373 0.645 0.350
w/ rank 128 FLUX-dev | 0.426 0.668 0.345
Style-friendly FLUX-dev | 0.461 0.686 0.344

Method Model

Table S2. Comparison to increasing LoRA rank.

Method ‘ DINO CLIP-I CLIP-T
Style-friendly | 0.489  0.698 0.349
w/o Text attn | 0.462  0.693 0.349

Table S3. Ablation study on trainable parameters.

C. Additional Results
C.1. Quantitative Results

CLIP Scores. In the main paper, we presented analyses
of the mean p, standard deviation o, and LoRA rank using
the DINO similarity score. In Fig. S4a, we provide the cor-
responding CLIP image similarity (CLIP-I) scores to fur-
ther validate our findings. The CLIP-I scores exhibit a sim-
ilar trend to the DINO scores, where decreasing i enhances
style alignment. Varying ¢ affects the CLIP-I scores consis-
tently with the DINO results. Our Style-friendly SNR sam-
pler with ;x = —6 and a rank of 4 still outperforms the SD3
sampler with a rank of 32 (dotted lines).

Effectiveness Compared to Increasing Model Capacity.
To demonstrate that our method is more effective than in-
creasing model capacity, we conduct an additional exper-
iment where we fine-tune the model using the SD3 sam-
pler with a higher LoRA rank of 128. As shown in Tab. S2,
our Style-friendly SNR sampler with a rank of 32 achieves
higher DINO and CLIP-I scores compared to the SD3 sam-
pler with a rank of 128. This indicates that focusing on the
critical noise levels where styles emerge has a more signifi-
cant impact than increasing the number of trainable param-
eters.

Trainable Parameters. To validate the importance of
fine-tuning both transformer blocks of MM-DiT [3], we
conduct an ablation study on SD3.5-8B, comparing the
results of training LoRA adapters on only the image-
transformer blocks versus training on both the image and
text-transformer blocks. As shown in Tab. S3, fine-tuning
both the image and text-transformer blocks leads to higher
DINO and CLIP-I scores compared to fine-tuning only
the image-transformer blocks, while the CLIP-T scores are
identical. This indicates that including the text-transformer
blocks in the fine-tuning process enhances the model’s abil-
ity to learn stylistic features without compromising text

alignment. These results suggest that to effectively capture
new styles, it is beneficial to fine-tune both the visual and
linguistic components of MM-DiT.

C.2. Qualitative Results

SD3.5 Samples. We extend our qualitative comparison by
evaluating our Style-friendly SNR sampler using the SD3.5-
8B model [21], comparing it against previous fine-tuning
methods, namely the SD3 sampler [3] and DCO [10]. As
shown in Fig. S5, the results are consistent with the quali-
tative comparisons using FLUX-dev presented in the main

paper.

Additional Comparison. We further demonstrate the ef-
fectiveness of a Style-friendly SNR sampler in learning
complex style templates, such as multi-panel images. As
shown in Fig. S6, our method captures the given multi-
panel style, generating images that closely resemble the ref-
erence. In contrast, previous fine-tuning approaches, SD3
sampler [3] and DCO [10], fail to learn the multi-panel
concept, producing images without the panel structure. The
offset noise [4] method attempts to reflect the style but
still generates images with a single panel or fewer pan-
els than the reference. Zero-shot approaches including IP-
Adapter [23], RB-Modulation [15], and Style-Aligned [5]
also attempt to generate multi-panel images but often pro-
duce outputs with structures different from the reference,
as shown in Fig. S7. This highlights the capability of our
method to handle challenging styles that other approaches
struggle with.

Object fine-tuning using Style-friendly SNR sam-
pler. We further evaluate whether our proposed Style-
friendly SNR sampler—designed specifically for style
learning—affects object-driven generation performance. As
shown in Fig. S8, our Style-friendly SNR sampler and the
original SNR sampler produce qualitatively similar results
when fine-tuning on object references. Our approach suc-
cessfully captures critical details, including shapes, col-
ors, and prominent text or patterns (e.g., on the bowl
and can). However, it occasionally omits subtle features,
such as the small teeth of the monster toy. These find-
ings support our hypothesis that distinct approaches are re-
quired for object-centric and style-driven fine-tuning; our
Style-friendly sampler, while slightly suboptimal for object-
centric fine-tuning, excels in capturing nuanced style char-
acteristics.

Additional Samples. We present additional samples us-
ing the FLUX-dev [1] to demonstrate the versatility of our
method. Fig. S9 shows that even when fine-tuned on square
reference images, our model can generate images with dif-
ferent aspect ratios while maintaining the reference style.



Log-SNR Mean Ablation (CLIP)

I
3
N

Log-SNR Standard Deviation Ablation (CLIP)

Rank Ablation (CLIP)

= FLUX mmm SD3.5 = FLUX mmm SD3.5 mmm FLUX  ---- FLUX+SD3 sampler

>0.70 0.70 0.70 mmm SD3.5 ---- SD3.5+5SD3 sampler
20.68 20.68 20.68
£ s s
& 2 2
©0.66 £0.66 £0.66
2 ©n )
£ . o
= 0.64 3 0.64 3 0.64
|
o

0.62 II 0.62 0.62

060 T80 60 -40 SD3  -20 0.0 0-60 o4 1.0 2.0 3.0 4.0 0.60 4 8 32

u Value o Value Rank Value
(a) Varying p. (b) Varying o. (c) Varying LoRA Rank.

Figure S4. SNR sampler analysis. CLIP-I similarities with FLUX and SD3.5-8B. Dotted lines in (c) indicate the results of SD3 sampler [3].

For each prompt, we show results from two different ran-
dom seeds to illustrate diversity across various aspect ratios.
Fig. S10 provides additional typography samples in differ-
ent aspect ratios, exhibiting our capability to produce styl-
ized textual content.

D. Limitations and Discussions

Style Prompt Design. As shown in Fig. S11, using a dif-
ferent style prompt during fine-tuning can lead to emphasiz-
ing different stylistic features, such as child-like elements
or background architectures (second row) instead of wa-
tercolor painting elements (first row), which may not align
with the user’s focus. Users should be mindful that varia-
tions in the style prompt can lead to different results. Never-
theless, our approach demonstrates effective style learning
for style prompts given by the users.

Computational Cost. While fine-tuning diffusion mod-
els remains the most promising approach for achieving style
alignment, it involves significant computational costs. Fine-
tuning for a new style typically requires around 300 fine-
tuning steps, and due to the iterative nature of diffusion
models, generating a single image during inference can take
several seconds. We anticipate that future work will explore
applying our Style-friendly SNR sampler during the train-
ing of zero-shot models [23] or integrating it with models
that offer faster inference speeds, such as Consistency Mod-
els [20] or Adversarial Diffusion Distillation models [16].
These developments could reduce both training and infer-
ence times, making style-driven generation more accessible
and efficient.

E. Broader Impact

Our Style-friendly SNR sampler makes diffusion models
successful in fine-tuning various style references. This ad-
vancement allows diffusion models to function effectively
as digital art previewers, benefiting artists and non-expert
users by simplifying the creative process. However, we note

that it is important to be careful of copyright when using ref-
erence images for fine-tuning. Practitioners should ensure
they have permissions to use reference images.
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Figure S6. Additional qualitative comparison. Our Style-friendly approach successfully captures complex multi-panel styles, generating
images that closely resemble the reference. The prompts used are “A fluffy baby sloth with a knitted hat trying to figure out a laptop,
close up in {style prompt} style”, “A banana in {style prompt} style”, “A Christmas tree in {style prompt} style”, and “A bench in {style
prompt} style”.
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Figure S7. Additional qualitative comparison. Our method effectively captures the multi-panel style, whereas zero-shot methods generate
images with different structures or introduce artifacts.
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Figure S8. Object fine-tuning comparison. We compare our Style-friendly SNR sampler and the standard sampler on object-driven fine-
tuning. Both approaches generate similar overall results, though our Style-friendly sampler occasionally misses minor details, such as the
small teeth of the monster toy. Nevertheless, the Style-friendly sampler reliably captures the object’s overall shape, color, and key details
such as text and patterns on the bowl and can. The object names are written at the top of the reference images.
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Figure S9. Additional samples. Each row shows images generated with the same random seed at a resolution of 1216x832, using the

prompts “a cute city made of sushi in {style prompt} style” and “mischievous ferret with a playful grin squeezes itself into a large glass
jar, in {style prompt} style”.
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