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Abstract

Despite the impressive generative capabilities of dif-
fusion models, existing diffusion model-based style trans-
fer methods require inference-stage optimization (e.g.
fine-tuning or textual inversion of style) which is time-
consuming, or fails to leverage the generative ability of
large-scale diffusion models. To address these issues, we
introduce a novel artistic style transfer method based on
a pre-trained large-scale diffusion model without any opti-
mization. Specifically, we manipulate the features of self-
attention layers as the way the cross-attention mechanism
works; in the generation process, substituting the key and
value of content with those of style image. This approach
provides several desirable characteristics for style transfer
including 1) preservation of content by transferring simi-
lar styles into similar image patches and 2) transfer of style
based on similarity of local texture (e.g. edge) between con-
tent and style images. Furthermore, we introduce query
preservation and attention temperature scaling to mitigate
the issue of disruption of original content, and initial la-
tent Adaptive Instance Normalization (AdaIN) to deal with
the disharmonious color (failure to transfer the colors of
style). Our experimental results demonstrate that our pro-
posed method surpasses state-of-the-art methods in both
conventional and diffusion-based style transfer baselines.
Codes are available at github.com/jiwoogit/StyleID.

1. Introduction
Recent advances in Diffusion Models (DMs) have led to
breakthroughs in various generative applications such as
text-to-image synthesis [30, 33, 35] and image or video edit-
ing [2, 4, 6, 14, 19, 41, 48]. One of these efforts is also ap-
plied to the task of style transfer [10, 18, 45, 47, 53]; given
style and content images, modifying the style of the content
image to possess the given style.
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(a) General usage of self-attention in DM

(b) Our adaptation of self-attention for style transfer
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Figure 1. Manipulation of self-attention features for style
transfer. (a) General self-attention (SA) deploys the query, key,
and value features from a single image in both the training and
inference phases. (b) At inference phase, we suggest that manipu-
lating features of self-attention of pre-trained large-scale DM is an
effective way to transfer the styles; injection of key and value of
styles into SA of contents is a proper way for transferring styles.
As a result, style-injected content zct−1 would maintain contents
while modifying its style to resemble the target style.

General approaches for diffusion model-based style
transfer leverage the generative capability of pre-trained
DM. Some of these works focus on explicit disentangling
style and content for interpretable and controllable style
transfer [45], or inversion of the style image into the tex-
tual latent space of a large-scale text-to-image DM [53].
However, these methods additionally require gradient-based
optimization for fine-tuning and textual inversion [34] for
each style image, which is time-consuming. Without this
issue, DiffStyle [18] introduces training-free style transfer,
but they are known to be hardly applicable to Latent Diffu-
sion Model [33] which is widely adopted for training large-
scale text-to-image DM such as Stable Diffusion [33], hin-
dering the users from taking advantage of the prominent
generative ability of large-scale models.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Desirable attributes of self-attention (SA) for style
transfer. (a) Visualization of query by PCA shows that query fea-
tures well-reflect similarities among patches. That is, style transfer
employing SA can preserve the original content, as content patches
with similarities tend to receive similar attention scores from a cor-
responding style image patch. (b) We visualize a similarity map
between the blue box (edge) query of the content image, and key
of the style image. Thanks to the features representation of large-
scale DM encompassing texture and semantics, a query exhibits
higher similarity to keys that share a similar style, such as edges.

In this paper, we focus on extending the training-free
style transfer to its application on large-scale pre-trained
DM. We start from the observation of recent advances
in image-to-image translation based on large-scale DM;
they uncover the image editing capability of attention lay-
ers. Notably, Plug-and-play [41] shows that the residual
block and the attention map of self-attention (SA) deter-
mine the spatial layout of generated images. Also, Prompt-
to-Prompt [14] locally edits the image by replacing key and
value of cross-attention (CA) obtained from text prompt,
while keeping their original attention maps. That is, all
these works suggest that 1) attention maps determine the
spatial layout and 2) key and value of CA adjust the content
to fill.

Inspired by the aforementioned methods, we newly ar-
gue that manipulating the SA layer is an effective way to
transfer the styles (Fig. 1). Specifically, similar to CA, we
substitute the key and value of SA and observe that the gen-
erated images are still visually plausible and naturally incor-
porate the elements of the substituted image into the origi-
nal image. This observation motivates us to propose a style
transfer technique based on self-attention, which combines
the styles (textures) of a specific image with the content (se-
mantics and spatial layout) of different images. Further-
more, we highlight that SA layer has desirable characteris-
tics for style transfer. First, as shown in Fig. 2 (a), in SA-
based style transfer, the content image patches (query) that
share semantic similarities engage with a similar style (key),
thereby maintaining the relationship among these content
image patches after the transfer. Next, thanks to the pow-
erful feature representation of large-scale DM [49], each
patch of the query reveals higher similarity to keys which
has similar texture and semantics. For instance, in Fig. 2 (b),

we can observe that the query feature of content within the
blue box exhibits a high similarity to the key features of
style with similar edge texture. This encourages the model
to transfer style based on the similarity of local texture (e.g.
edge) between content and style.

As a result, our method aims to transfer the textures of
the style image to the content images by manipulating self-
attention features of pre-trained large-scale DM without any
optimization. To this end, we first propose an attention-
based style injection method. The basic idea of it is substi-
tuting the content’s key and value of SA with those of the
style image, especially layers in the latter part of decoder
which are relevant to the local textures. As mentioned in
above paragraph, exchanged styles are well aligned with
the content and texture of original image, exploiting the
similarity-based attention mechanism. With the proposed
style injection, we observe that the local texture patterns are
successfully transferred, but there still are remaining prob-
lems such as disruption of original content and disharmo-
nious colors. To handle these problems, we additionally
propose the following techniques; query preservation, at-
tention temperature scaling, and initial latent AdaIN. Query
preservation makes the reverse diffusion process to retain
the spatial structure of original content by preserving the
query of the content image in the SA. Attention tempera-
ture scaling also aims to keep the structure of content by
dealing with the blurred self-attention map introduced from
the substitution of key. Lastly, initial latent AdaIN corrects
inharmonious color problem, referring that the color distri-
bution of style images is not properly transferred, by modu-
lating the statistics of initial noise in the diffusion model.

Our main contributions are summarized as follows:
– We propose a style transfer method exploiting the large-

scale pre-trained DM by simple manipulation of the fea-
tures in self-attention; substituting key and value of con-
tent with those of styles without any requirements of op-
timization or supervision (e.g. text).

– We further improve the naive approach for style transfer
to properly adapt the styles by proposing three compo-
nents; query preservation, attention temperature scaling,
and initial latent AdaIN.

– Extensive experiments on the style transfer dataset vali-
date the proposed method significantly outperforms pre-
vious methods and achieves state-of-the-art performance.

2. Related Work

2.1. Diffusion Model-based Neural Style Transfer

Neural style transfer [11, 24–26, 29, 31, 43, 44, 52] is an
example-guided image generation task that transfers the
style of one image onto another while retaining the content
of the original. In the realm of diffusion models, neural style
transfer has evolved by leveraging the generative capability
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of pre-trained diffusion models. For instance, InST [53]
introduced a textual inversion-based approach, aiming to
map a given style into corresponding textual embeddings.
StyleDiffusion [45] aimed to disentangle style and content
by introducing CLIP-based style disentanglement loss for
fine-tuning DM for style transfer. Also, several approaches
utilize the text input as a style condition or for determining
the content to synthesize [10, 47].

Conversely, DiffStyle [18] proposed a training-free style
transfer method that leverages h-space [23] and adjusts skip
connections for effectively conveying style and content in-
formation, respectively. However, when DiffStyle is ap-
plied to Stable Diffusion [33, 42], their behavior is quite dif-
ferent from typical style-transfer methods; not only textures
but also semantics such as spatial layout are also changed.

To address these limitations, we propose a novel algo-
rithm that harmoniously merges style and content features
within the self-attention layers of Stable Diffusion without
any optimization process.

2.2. Attention-based Image Editing in DM

Following the remarkable advances achieved by pre-trained
text-to-image DMs [32, 42], there have been numerous
image editing works [2, 6, 19, 37] utilizing these DMs.
Notably, Prompt-to-Prompt [14] proposed text-based lo-
cal image editing by manipulating the cross-attention map.
Specifically, they observe that cross-attention largely con-
tributes to modeling the relation between the spatial layout
of the image to each word in the prompt. Hence, they substi-
tute the original words and cross-attention map with desir-
able ones, obtaining edited images matched with text con-
ditions. Subsequently, Plug-and-play [41] introduces text-
guided image-to-image translation method. They found that
the spatial features (i.e. feature from residual block) and
self-attention map determine the spatial layout of the syn-
thesized image. Thus, while generating a new image with
the given text condition, they guide the diffusion model with
features and attention map from the original image for pre-
serving the original spatial layout. Recently, MasaCtrl [3]
proposes mutual self-attention control for consistent image
editing using text prompts. In detail, they retain the source
image’s key and value of the self-attention layers, while
conditioning the model with desired text prompts.

Along with these works, we recognize the potential of at-
tention maps in representing spatial information. However,
different from the aforementioned methods concentrating
on exploiting textual condition, we focus on conditioning
by style and content images composed of two images from
distinct styles. By combining the features in self-attention
layers of both style and content images with precise adjust-
ment of statistics in intermediate representations, we trans-
fer the texture of the content image to the given style.

3. Background

Latent Diffusion Model (LDM) [33] is a type of diffusion
model trained in the low dimensional latent space to fo-
cus on semantic bits of data and reduce computation costs.
Given an image x ∈ RH×W×3, the encoder E encodes x
into the latent representation z ∈ Rh×w×c and decoder re-
constructs the image from the latent.

With the pretrained encoder, they encode the entire im-
ages in the dataset and train a diffusion model on latent
space z, by predicting noise ϵ from the noised version of
latent zt at time step t. The corresponding training objec-
tive is

LLDM = Ez,ϵ,t[∥ϵ− ϵθ(zt, t, y)∥22], (1)

where ϵ ∈ N (0, 1) is a noise, t is the number of time steps
which uniformly sampled from {1, ..., T}, y is a condition,
and ϵθ is a neural network which predicts the noise added
to the z.

In our work, we utilize Stable Diffusion (SD) [33] which
is the only publicized large-scale pre-trained DM. In the
case of SD, y is a text, and ϵθ is a U-Net architecture
in which a block for each resolution comprises a resid-
ual block, self-attention block (SA), and cross-attention
block (CA), sequentially. Among these modules, we focus
on the SA block to transfer the styles, as discussed in Sec. 1.
Given a feature ϕ after the residual block, the self-attention
block performs as follows:

Q = WQ(ϕ),K = WK(ϕ), V = WV (ϕ),

ϕout = Attn(Q,K, V ) = softmax(
QKT

√
d

) · V,
(2)

where d denotes the dimension of the projected query, and
W(·) is a projection layer. Note that, we don’t use any
text conditions, so the variable y is always an empty text
prompt (“”).

4. Method

In this paper, we aim to solve artistic style transfer by lever-
aging the generative capability of a pre-trained large-scale
text-to-image diffusion model. Briefly, artistic style trans-
fer is the task of modifying the style of a given content im-
age Ic to that of style image Is. Then, the stylized im-
age Ics would maintain the semantic content of Ic while
its style (such as texture) is transferred from Is. For sim-
plicity, we skip the explanations about the encoding and de-
coding process of the autoencoder in the LDM. Instead, we
focus on elaborating the proposed method in the aspect of
the diffusion process. Thus, in the following sections, we
regard the content, style, and stylized images same as their
encoded counterparts zc0, zs0, and zcs0 .
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Figure 3. Overall framework. (Left) Illustration for the proposed style transfer method. We first invert content image zc0 and style image
zs0 into the latent noise space as zcT and zsT , respectively. Then, we initialize the initial noise of stylized image zcsT from initial latent
AdaIN (Sec. 4.3) which combines the content and style noise, zcT and zsT . While performing the reverse diffusion process with zcsT , we
inject the information of content and style by attention-based style injection (Sec. 4.1) and attention temperature scaling (Sec. 4.2). (Right)
Detailed explanation of style injection and initial noise AdaIN. Style injection is basically the manipulation of self-attention (SA) layer
during the reverse diffusion process. Specifically, at time step t, we substitute the key (Kcs

t ) and value (V cs
t ) in SA of stylized image with

those of style features, Ks
t and V s

t , from identical timestep t. At the same time, we preserve the content information by blending the query
of content Qc

t and query of stylized image Qcs
t . Finally, we scale the magnitude of the attention map to deal with the magnitude decrease

that the substitution of feature leads to. Initial latent AdaIN produces the initial noise zcsT by combining style noise zsT and content noise
zsT . Specifically, we modify the channel statistics of zcT to resemble the statistics of zsT and regard it as zcsT . We observe this operation
enables us to keep the spatial layout of content image while well-reflecting the color tones of a given style image.

4.1. Attention-based Style Injection

We start from the observation in previous image-to-image
translation methods, especially Prompt-to-Prompt [14].
The key idea of their method is changing the text condition
for cross-attention (CA) while keeping the attention map.
Since the attention map affects the spatial layout of output,
substituted text conditions determine what to draw in the
generated image, and these conditions are actually key and
value in CA. Inspired by them, we manipulate the features
in self-attention layer as like cross-attention, regarding the
features from style image Is as the condition. Specifically,
in the generation process, we substitute the key and value of
content image with those of style for transferring the texture
of style image into the content image.

To this end, we first obtain the latent for content and style
images with DDIM inversion [39], and then collect the SA
features of style image over the DDIM inversion process.
Specifically, for pre-defined timesteps t = {0, ..., T}, style
and content images zc0 and zs0 are inverted from image (t =
0) to gaussian noise (t = T ). During DDIM inversion, we
also collect query features of content (Qc

t ) and key and value
features of style (Ks

t , V
s
t ) at every time steps.

After that, we initialize stylized latent noise zcsT by copy-

ing content latent noise zcT . Then, we transfer the target
style to the stylized latent by injecting the key Ks

t and value
V s
t collected from the style into SA layer, instead of the

original key Kcs
t and value V cs

t , when performing the entire
reverse process of stylized latent zcst . However, only apply-
ing this substitution can lead to content disruption, since the
content of stylized latent would be progressively changed as
attended value changes. Hence, we propose query preserva-
tion to maintain original content. Simply, we blend query of
stylized latent Qcs

t and that of content Qc
t for the entire re-

verse process. These style injection and query preservation
processes at time step t are expressed as follows:

Q̃cs
t = γ ×Qc

t + (1− γ)×Qcs
t , (3)

ϕcs
out = Attn(Q̃cs

t ,Ks
t , V

s
t ), (4)

where γ is degree of blending in range of [0, 1]. In addition,
we apply these operations on the latter layers of decoder (7-
12th decoder layers in SD) relevant to local textures. We
also highlight that the proposed method can adjust the de-
gree of style transfer by changing query preservation ra-
tio γ. Specifically, higher γ maintains more content, while
lower γ strengthens effects of style transfer.
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Figure 4. Visualization of the standard deviation of attention
map before softmax. (a) Attention-based style injection reduces
the standard deviation of self-attention map. Original denotes SA
maps from the generation process without style injection. We use
both style and content images for generation. (b) We compute the
ratio between attention maps w/ and w/o style injection. For the
std of original image, we use averaged std. of content and style.

4.2. Attention Temperature Scaling

Attention map is computed by scaled dot-product between
query and key features. During training, query and key fea-
tures in the SA layer originate from an identical image.
However, if we substitute the key features with those of
style images, the magnitude of similarity would be over-
all lowered as style and content are highly likely to be ir-
relevant. Thus, the computed attention map can be blurred
or smoothed, and it would further make output images un-
sharp, which is detrimental to capturing both content and
style information.

To quantify this issue, we measure the standard deviation
of attention map, while ablating the attention-based style in-
jection. In detail, we calculate the attention map before ap-
plying softmax, which is scaled-dot product between query
and key. As shown in Fig. 4 (a), we validate that this style
injection tends to lower the standard deviation of the atten-
tion map over the entire timesteps. That is, attention maps
after softmax with style injection would be overly smooth.

To rectify the attention map sharper, we introduce an at-
tention temperature scaling parameter. In detail, we multi-
ply the attention map before softmax by a constant temper-
ature scaling parameter τ larger than 1. Thus, the attention
map after softmax would be sharper than its original values.
The modified attention process is represented as follows:

Attnτ (Q̃cs
t ,Ks

t , V
s
t ) = softmax(

τ Q̃cs
t (Ks

t )
T

√
d

) ·V s
t , τ > 1.

(5)
We use τ = 1.5 as a default setting, which is the average

ratio over entire timesteps. As reported in Fig. 4 (b), we
confirm that it effectively calibrates the standard deviation
of attention map similar to its original values.

4.3. Initial Latent AdaIN

In artistic style transfer, the color tone generally takes up a
significant portion of the style information. In this context,
we observe that the style transfer only with attention-based

(a) Generated results only w/ style injection (K! , 𝑉!)
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Figure 5. Generated results only w/ style injection. (a) We ob-
serve that generated images only with attention-based style injec-
tion do not harmonize with the given style in the aspect of color
tone. (b) To identify the effects of every feature in SA on color
tones, we additionally include query in the style injection process.
However, color tones still resemble those of content, concluding
features in self-attention have less effect on the color tones.

style injection often fails in terms of capturing the color tone
of the given style. As shown in Fig. 5 (a), textures and local
patterns are successfully transferred to the content image
while the color tone of the content image still remains. Fur-
thermore, even with injecting the query, key, and value of
styles, the resulting images still preserve the color tone of
the content, as shown in Fig. 5 (b).

As substituting the self-attention features has less effects
to color tone, we analyze the other vital part of DM; initial
latent noise. One of the recent discoveries in DM is that
the DM struggles to synthesize purely white or black im-
ages [13]. Instead, they tend to generate images of median
color as the initial noise is sampled from zero mean and unit
variance. Thus, we hypothesize the statistics of initial noise
largely affect the colors and brightness of generated images.

Based on this assumption, we attempt to use the initial
latent of style zsT for the style transfer process. However, if
we simply start to generate the image from style latent zsT ,
the structural information of synthesized results also fol-
lows the style image and loses the structure of the content.
To harness valuable information in both initial latents, we
consider that the tone information is intricately connected
with the channel statistics of the initial latent, following the
principle underlying Style Loss [11] and AdaIN [17]. Thus,
we employ AdaIN to modulate the initial latent for effective
tone information transfer, represented as:

zcsT = σ(zsT )

(
zcT − µ(zcT )

σ(zcT )

)
+ µ(zsT ), (6)

where µ(·), σ(·) denote channel-wise mean and standard
deviation, respectively. Based on this, the initial latent zcsT
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Metric Ours AesPA-Net CAST StyTR2 EFDM MAST AdaAttn ArtFlow AdaConv AdaIN DiffuseIT InST DiffStyle

ArtFID ↓ 28.801 31.420 34.685 30.720 34.605 31.282 30.350 34.630 31.856 30.933 40.721 40.633 41.464
FID ↓ 18.131 19.760 20.395 18.890 20.062 18.199 18.658 21.252 19.022 18.242 23.065 21.571 20.903

LPIPS ↓ 0.5055 0.5135 0.6212 0.5445 0.6430 0.6293 0.5439 0.5562 0.5910 0.6076 0.6921 0.8002 0.8931

CFSD ↓ 0.2281 0.2464 0.2918 0.3011 0.3346 0.3043 0.2862 0.2920 0.3600 0.3155 0.3428 0.6759 0.2819

Table 1. Quantitative comparison with conventional (3rd-11th columns) and diffusion model baselines (12th-14th columns)

preserves content information from zcT while aligning the
channel-wise mean and standard deviation with zsT .

5. Experiments
5.1. Experimental Settings

We conduct all experiments in Stable Diffusion 1.4 pre-
trained on LAION dataset [36] and adopt DDIM sam-
pling [39] with a total 50 timesteps (t = {1, ..., 50}). For
default settings for hyperparameters, we use γ = 0.75 and
τ = 1.5, if they are not mentioned separately.

5.2. Evaluation Protocol

Conventional style transfer methods typically utilize Style
Loss [11] as both training objective and evaluation metric,
so their results tend to overfit the Style Loss. Thus, for
a fair comparison, we employ a recently proposed metric,
ArtFID [46] which evaluates overall style transfer perfor-
mances with consideration of both content and style preser-
vation and also is known as strongly coinciding with human
judgment. Specifically, ArtFID is computed as (ArtFID =
(1 + LPIPS) · (1 + FID)). LPIPS [50] measures content
fidelity between the stylized image and the corresponding
content image, and FID [15] assesses the style fidelity be-
tween the stylized image and the corresponding style image.

Dataset. Our evaluations employ content images from MS-
COCO [27] dataset and style images from WikiArt [40]
dataset. All input images are center-cropped to 512 × 512
resolution. Also, for quantitative comparison, we randomly
selected 20 content and 40 style images from each dataset,
yielding 800 stylized images as StyTR2 [9] has done.

Content Feature Structural Distance (CFSD). In the
style transfer evaluation, the assessment of content fidelity
often relies on the LPIPS distance. However, since LPIPS
utilizes the feature space of AlexNet [20] pre-trained for
classification task on ImageNet [7], which is known as
texture-biased [12]. Thus, the style information of the im-
ages can affect the LPIPS score. To mitigate this style influ-
ence, we additionally introduce Content Feature Structural
Distance (CFSD) which is a distance measure that only con-
siders the spatial correlation between image patches.

In detail, we first define the correlation map between im-
age patch features as follows. For a given image I , we ob-
tain feature maps F ∈ Rhw×c, which is the output feature
of conv3 in VGG19 [38]. Then, we calculate the patch sim-

ilarity map M = F × FT ,M ∈ Rhw×hw, which is a sim-
ilarity map between every pair of features in F . After that,
for computing the distance between two patch similarity
maps, we model the similarity between a single patch and
the others as a probability distribution by applying softmax
operation. Finally, the correlation map is represented as
S = [softmax(Mi)]

hw
i=1, S ∈ Rhw×hw, where Mi ∈ R1×hw

is a similarity map between ith patch and the other patches.
Then, CFSD is defined as KL-divergence between two

correlation maps. In our case, we compute CFSD between
the correlation map of the content (Sc) and stylized im-
ages (Scs) as follows:

CFSD =
1

hw

hw∑
i=1

DKL(S
c
i ||Scs

i ), (7)

5.3. Quantitative Comparison

We evaluate our proposed method through comparison with
twelve state-of-the-art methods, including nine conven-
tional style transfer methods (AesPA-Net [16], CAST [52],
StyTR2 [9], EFDM [51], MAST [8], AdaAttN [28], Art-
Flow [1], AdaConv [5], AdaIN [17]) and three diffusion-
based style transfer methods (DiffuseIT [22], InST [53],
DiffStyle [18]), which have a style image as input. We em-
ploy the publicly available implementations of all baselines,
using their recommended configurations.

Comparison with Conventional Style Transfer. As
shown in Tab. 1, our method largely surpasses the conven-
tional style transfer methods in terms of ArtFID, which is
known as coinciding the human preference. In addition,
the proposed method records the lowest FID, which denotes
that stylized images highly resemble the target styles. For
content fidelity metrics, ours shows superior scores in both
CFSD and LPIPS. We point out that ours achieves much
lower CFSD compared to other methods, which is the met-
ric to only consider the spatial correlation.

In addition, we also emphasize that the proposed method
can arbitrarily adjust the degree of style transfer by chang-
ing the γ, and the proposed method significantly surpasses
all the other methods in terms of FID (style), when we
match the value of LPIPS (content) (Fig. 10).

Comparison with Diffusion-based Style Transfer. Our
method demonstrates the best performance in terms of
LPIPS, FID, and their combination (ArtFID) with a large
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OursStyleContent AdaAttN AdaINAesPA-Net CAST EFDM MASTStyTR2 DiffuseIT InST DiffStyle

Figure 6. Qualitative comparison with conventional (4th-10th columns) and diffusion model baselines (11th-13th columns)

Figure 7. Qualitative comparison with best ArtFID (AdaAttN)
and most recently proposed baselines (AesPA-Net) with additional
zooming details

Metric DiffuseIT InST DiffStyle Ours

Time (sec) 792.8 816.9 355.9 12.4

Table 2. Comparison of inference time of diffusion-based methods
for style transferring a given style and content pair

margin, as shown in Tab. 1. One significant factor for diffu-
sion models is their running times, since they require several
steps to synthesize a single image and it requires inevitable
time cost. Hence, we measure the inference time for a pair
of content and style images on a single TITAN RTX GPU,
as shown in Tab. 2. Our method requires a total of 12.4 sec-
onds, with 8.2 seconds for DDIM inversions and 4.2 sec-
onds for sampling costs. As reported, we validate the pro-
posed method significantly faster than other methods, even
exploiting large-scale DM. This faster speed comes from
the fact that the proposed methods can use the much smaller
steps of DDIM inversion, because we additionally utilize
the features collected during inversion steps, largely reduc-
ing the necessity for perfect inversion of content and style.

5.4. Qualitative Comparison

Comparison with Conventional Style Transfer. As
shown in Fig. 6, we observe that our method tends to highly
preserve the structural information of the content image,
while also transferring the style well. For instance, as
shown in the third row, ours retains the structure of the

bridge, but the baselines struggle to preserve structure or
transfer the style. We also provide the qualitative compari-
son with zooming details in Fig. 7 and Supplementary.

Comparison with Diffusion-based Style Transfer. We
also compare our method with recent diffusion-based style
transfer baselines [18, 23, 53]. As shown in Fig. 6, we ob-
serve the proposed technique transfers the style to the con-
tent well. On the other hand, baselines often lose the struc-
ture of content or fail to transfer the style, when an arbi-
trary content style pair is given. For instance, DiffuseIT and
DiffStyle suffer from generating shape and visually plausi-
ble images or drop the original content. Differently, InST
synthesizes the realistic images, while struggling to transfer
style (1st row) or change content of image (2nd, 3rd rows).

5.5. Ablation Study

To validate the effectiveness of the proposed components,
we conduct ablation studies in both quantitative and quali-
tative ways. As shown in Fig. 8 and Tab. 3, style injection
is significant for guiding the style and content of given im-
ages (Config. B). Besides, initial latent AdaIN has a large
portion of transferring the color tone of style (Config. D).
Attention temperature scaling is in charge of enhancement
of quality in synthesized results such as sharpening details
and resolving blurriness. For instance, this scaling jointly
reduces the FID and LPIPS (Config. A∗ vs. C in Tab. 3).
For more detailed analysis, we provide quantitative metrics
with the style-content trade-off, while changing the atten-
tion scaling parameter τ in Fig. 10 (b). As reported, atten-
tion scaling effectively reduces both FID and LPIPS, prov-
ing its effects on the preservation of content and capability
of style transfer (τ = 1.0 vs. τ = 1.5).

5.6. Additional Analysis

Content-Style Trade-Off. Our proposed method offers
flexible control of the trade-off relation between content and
style fidelity by adjusting the parameter γ, as discussed in
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Configuration ArtFID FID LPIPS
A Ours (γ = 0.75, default) 28.80 18.13 0.505

A∗ Ours (γ = 0.6) 27.97 17.21 0.535
B - Style Inject. (Sec. 4.1) 43.72 27.13 0.554
C - Attn. Scaling (Sec. 4.2) 29.02 17.81 0.542
D - Init. AdaIN (Sec. 4.3) 29.26 20.05 0.390

Table 3. Ablation study on proposed components

Figure 8. Qualitative comparison with ablation studies

Figure 9. Visualization of effects of query preservation ratio γ

Sec. 4.1. In detail, we compute the FID and LPIPS while
varying γ within the range [0.3, 1] with a step size of 0.1. As
shown in Fig. 10 (a), our method surpasses baseline meth-
ods across all ranges of content and style fidelity. This result
implies the proposed method significantly outperforms the
other methods, when we match style or content metric to
the compared model by adjusting the γ of ours. Note that,
dotted lines refer to our model reported in Tab. 1.

We also visualize the effects of the style-content trade-
off by synthesizing images by adjusting γ. As shown in
Fig. 9, the lower γ highly reflects the style while losing the
content of the given image, and vice versa. This characteris-
tic of the proposed method suggests that the users can adjust
the degree of style by following their personal preferences.

Study on the value of τ . We observe that the gradual in-
crease of τ enhances the performance of style transfer, al-
though its effects on enhancement become smaller as τ goes
larger, as shown in Fig. 10 (b). This result implies that the
attention temperature scaling effectively works with a sim-
ple modification of the magnitude of the attention map.
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Figure 10. Style-content trade-offs

Figure 11. Comparison with text-guided style transfer methods

Comparison with text-guided style transfer. We addi-
tionally compare the proposed method with the style trans-
fer methods [21, 41] which are conditioned on the textual
inputs. As text-guided methods tend to modify the style
largely, we use γ = 0.3 for this experiment. Since the text
condition hardly contains all the information in the style im-
age such as texture and color tones, the transferred results
less resemble the target style, as shown in Fig. 11. Dif-
ferently, we validate that the proposed method successfully
transfers the style with high fidelity.

6. Conclusion
Our work addresses the challenges associated with diffusion
model-based style transfer methods, which often require
time-consuming optimization steps or struggle to leverage
the generative potential of large-scale diffusion models. To
this end, we propose the method of adapting the pre-trained
large-scale diffusion model on style transfer in a training-
free way. Our method focuses on manipulating the features
of self-attention layers, akin to the cross-attention mecha-
nism, by substituting the key and value during the content
generation process with those of the style. Furthermore, we
propose the query preservation and attention temperature
scaling to mitigate the issue of disruption of content, and
initial latent AdaIN to handle the disharmonious color (fail-
ure to transfer the colors of style). Experimental results
show the superiority of our proposed method over state-of-
the-art techniques in previous baselines.
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