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Abstract

In the domain of text-to-image generation, diffusion
models have emerged as powerful tools. Recently, studies
on visual prompting, where images are used as prompts,
have enabled more precise control over style and content.
However, existing methods often suffer from content leak-
age, where undesired elements of the visual style prompt are
transferred along with the intended style. To address this
issue, we 1) extend classifier-free guidance (CFG) to uti-
lize swapping self-attention and propose 2) negative visual
query guidance (NVQG) to reduce the transfer of unwanted
contents. NVQG employs negative score by intentionally
simulating content leakage scenarios that swap queries in-
stead of key and values of self-attention layers from visual
style prompts. This simple yet effective method significantly
reduces content leakage. Furthermore, we provide care-
ful solutions for using a real image as visual style prompts.
Through extensive evaluation across various styles and text
prompts, our method demonstrates superiority over exist-
ing approaches, reflecting the style of the references, and
ensuring that resulting images match the text prompts.

1. Introduction
Text-to-image diffusion models (T2I DMs) excel at syn-
thesizing images that correspond to given text prompts
[37, 38]. However, relying solely on text prompts may not
allow precise control over the desired output. Even with
highly detailed text prompts, controlling the exact style of
the resulting images remains a challenge because of the
modality gap between text and image. For example, from “a
red car”, different people imagine different variants of red.
Instead, “A dinosaur” drawn in the style of the reference
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Figure 1. Qualitative comparison with the same style. Competi-
tors face challenges in generating images with diverse layouts and
compositions, i.e., content leakage from the reference.

image in Figure 1 provides a more concrete specification of
the desired style.

However, using reference images as visual style prompts
comes with a fundamental challenge: a dilemma between
better reflecting style and preventing content leakage. Fig-
ure 1 shows that the pose of the reference horse appears
in the results of previous methods. The content leakage
may include poses, specific shapes, layouts or entire ob-
jects. Furthermore, content leakage reduces diversity and
text alignments as shown in Figure 1.

Approaches that involve training the model, such as
fine-tuning a diffusion model on a set of themed images
[21, 39], learning new text embeddings [2, 10, 13], or
adapting cross-attention modules to incorporate image fea-
tures [35, 52, 55, 59], come with significant drawbacks.
These methods not only incur high computational costs, but
also face an inherent trade-off between style and content.
Achieving a balance where the model faithfully captures the
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desired style without unintentionally preserving content re-
mains a challenge.

To address this, recent papers [1, 6, 16] have pro-
posed training-free methods by modifying feature swapping
mechanisms within the self-attention layers. Specifically,
they replace the key and value features in the original pro-
cess with those extracted from the visual style prompt. This
allows the query to preserve content while the key-value
pair carries the style, enabling promising style transfer per-
formance.

However, these methods struggle to fully eliminate con-
tent leakage [42]. Additionally, Hertz et al. [16] does not
support real images as reference inputs, while Chung et al.
[6] and Alaluf et al. [1] primarily focus on image-to-image
(I2I) tasks. When using real images as style references, they
often suffer from either poor style transfer or excessive con-
tent leakage, significantly limiting their effectiveness.

In this study, we propose a method to separately control
the strength of style and content from visual prompts such
that the results align with the text prompts. We design a
novel variation of classifier-free guidance (CFG) [17], em-
ulating images with undesirable content leakage as a neg-
ative guidance. To address content leakage, we introduce
negative visual query guidance, ensuring a clear separation
between content and style. We also show that stochastic
encoding achieves better style reflection with less artifacts
and computation, and incorporate color calibration to pre-
cisely match the final output to the reference image’s color
statistics leading to better style reflection.

We analyze where to apply swapping self-attention,
identifying the optimal layers for balancing style transfer
and content fidelity. Additionally, our method can effec-
tively remove content that is difficult to eliminate with key
and value swapping alone, working successfully even in
cases with significant structural gaps between the style im-
age and content text, as shown in Figure 1 (e.g., a complex
scene of “a horse with the vibrant colors of a Chinese ink
painting” and a single object “Dinosaur”). Our method is
well compatible with ControlNet for I2I style transfer, fur-
ther enhancing its flexibility. Qualitative and quantitative
evaluations show our method outperforms state-of-the-art
approaches, providing precise control over content and style
without content leakage. Our approach is both robust and
efficient, ideal for visual style prompting tasks.1

2. Visual style prompting

We propose StyleKeeper which receives a text prompt and a
visual style prompt to generate new images without content
leakage. The results contain the content and style speci-
fied by the text prompt and the visual style prompt, respec-
tively, with variations due to initial noises. The overview

1Our code will be released for reproducibility.

of our method is illustrated in Figure 2. First, we explain
the swapping self-attention in the aspect of style transfer
literature. StyleKeeper consists of classifier-free guidance
(CFG) with swapping self-attention, negative visual query
guidance (NVQG), optimal layer choice, stochastic encod-
ing of real visual style prompts, and generalization to Con-
trolNet for real content images. We explain the first three
components in text-to-image (T2I) scenario with generated
visual style prompt. Then we proceed to T2I with real vi-
sual style prompt and image-to-image (I2I) scenario.

2.1. Swapping self-attention in style transfer litera-
ture

Modern diffusion models consist of a number of self-
attention and cross-attention blocks [47]. Both of them
employ the attention mechanism, which first obtains an
attention map using similarity between query features Q
and key features K, then aggregates value features V us-
ing the attention map as weights: Attention(Q, K, V ) =
Softmax( QKT

√
d

)V . Opposed to the cross-attention layer,
self-attention layer receives key and values coming from
the main denoising process, which has spatial dimensions
with more freedom to represent spatially varying visual
elements. As our goal is to reflect style elements from
a reference image that are not easily represented by tex-
tual description, we opt to borrow key and values of self-
attention layers in the reference process to the original pro-
cess, namely swapping self-attention (Figure 2). In addi-
tion, swapping self-attention has a strong connection with
style transfer literature [8, 25, 32, 41, 58]. where the atten-
tion mechanism reassembles visual features of a style image
(key, value) on a content image (query). However, methods
[3, 16] utilizing self-attention operation often exhibit arti-
facts and content leakage since style elements are entangled
with content elements in the visual feature.

2.2. CFG sampling with swapping self-attention for
T2I

Previous works [1, 6] have not taken CFG into account
while manipulating features. We propose CFG combined
with swapping self-attention to reflect a visual style prompt
in the T2I results without artifacts. CFG [17] is a key
technique that steers generated images toward specified text
prompts. Given a score εθ(xt, c) conditioned on c and an
unconditional score εθ(xt, ∅), the CFG score is defined as:

ε̃θ = (1 + w)εθ(xt, c) − wεθ(xt, ∅), (1)

2 where w controls guidance strength. CFG with w > 1
enhances image quality and text alignment, but excessive w
may lead to mode collapse [5]. Notably, CFG has not been

2We omit the diffusion timestep t in the arguments and abuse xt instead
of zt from latent diffusion model.
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Figure 3. The effect of swapping self-attention across different
blocks. Swapping self-attention on the bottleneck and downblocks
causes content leakage, resulting in cat-like images despite a dog
prompt, while swapping on downblocks disrupts resulting images.
We only apply swapping self-attention in the upblocks to reflect
style elements effectively.

wneg:

εθ(xt, c, not c̃) = εθ(xt, c) − wneg(εθ(xt, c̃) − εθ(xt, ∅))
(4)

Although we design ε̈θ(xt, Qtext, KV visual) to predict the
score toward pθ(x0|hcontent

text , hstyle
visual), ε̈(xt, Qtext, KV visual)

still contain hcontent
visual . Assuming a hidden factorization

KV visual = {KV content
visual , KV style

visual}, Bayes’ rule induces

pθ(xt|Qtext, KV style
visual, KV content

visual ) ∝ pθ(xt)
pθ(xt|Qtext, KV style

visual)
pθ(xt)

×
pθ(xt|Q∅, KV content

visual )
pθ(xt)

.

(5)
Since εθ(xt) = εθ(xt, Q∅, KV ∅), we obtain the desired

conditional score of ĉ = {Qtext, KV style
visual}:

εθ(xt, ĉ) ←− wvisual(ε̈θ(xt, Qtext, KV visual) − εθ(xt))
− wcontent(ε̈θ(xt, Q∅, KV content

visual ) − εθ(xt))
+ εθ(xt).

(6)
where wvisual and wcontent regulate the strength of each

guidance. By leveraging query injection [1, 6, 46, 56], we
approximate ε̈θ(xt, Q∅, KV content

visual ) ≈ ε̈θ(xt, Qvisual, KV ∅).
Finally, inserting (6) into (2), and empirically replacing
εθ(xt) with ε̈θ(xt, Qvisual) results in similar performance.
This allows a simplified reformulation of diffusion sam-
pling using w′ = wvisual(w + 1): Since we can highly relate
the w′ε̈θ(xt, Qvisual) to the concept negation in (4) which
guides the negation of concept with a scale wneg, we named
the query term as negative visual query guidance.

2.4. Choosing blocks for swapping self-attention
In order to maximize the effect of NVQG in preventing
content leakage, we explore the depth of the self-attention
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Figure 4. The effect of CFG and the proposed negative visual
query guidance on image generation. The reference images pro-
vide the style for each generated output. Without NVQG, content
leakage occurs, and the generated images fail to fully capture the
intended content. In contrast, using NVQG ensures better align-
ment with both the reference style and the “Cat” prompt, reducing
content distortion and improving quality.

blocks to be swapped in the sense of granularity of visual
elements. Modern architecture of diffusion models roughly
consists of three sections in a sequence: downblocks, bot-
tleneck blocks, and upblocks. Given that the bottleneck
of diffusion models contains content elements of the im-
age [20, 22, 33], we opt not to apply swapping self-attention
to bottleneck blocks to prevent transferring contents in a ref-
erence image. Figure 3 shows that not swapping the bot-
tleneck blocks prevents content leaking from the reference
image. However, the synthesized images show disrupted
results with seriously scattered objects. Furthermore, while
swapping self-attention implements the reassembling oper-
ation, simply applying to all self-attention layers exposes
a content leakage problem, where the content of the ref-
erence image influences the resulting image, as shown in
the first row of Figure 3. I.e., the results contain cats even
though the prompts specify “a dog”. We conjecture that this
phenomenon happens because feature maps of downblocks
have unclear content layout [3, 27], so substituting features
based on this inaccurate layout causes the disrupted results.
To avoid injecting unnecessary features, we choose to swap
the key and value of self-attention only in upblocks.

We note that Hertz et al. [16] applies self-attention oper-
ation at all blocks and suffers content leakage. The last row
of Figure 3 shows the success of our strategy. Following
this, we proceed to search for a specific optimal layer in the
upblock in Section 4.2

3. Real images as references
So far, we have assumed a generated visual style prompt
xvisual

0 ∼ pθ(x0|cvisual). Here, we allow real visual style
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Low Diversity
Unaligned Text

Content Leakage

Weak Style

Figure 5. Analysis on the optimal range of upblocks for swap-
ping self-attention. We find the optimal range of upblocks for
a balanced trade-off between different aspects. The images on the
right illustrate the visual results for different upblock layer indices,
with the red cross indicating poor diversity and misalignment to
the text prompt, the red triangle indicating a lack of style similar-
ity, and the yellow star indicating the optimal results. Please refer
to Section 4.2 for details.

prompts by 1) stochastic encoding and 2) color calibration.
We propose stochastic encoding to obtain xvisual

t ∼
q(xt|xvisual

0 ) by adding a random noise on xvisual
0 following

the forward process of DMs [18]:

εt ∼ N (0, I), xvisual
t =

√
αt · xvisual

0 +
√

1 − αt · εt (7)

At each timestep, we sample εt to encode xvisual
t . It ensures

that xvisual
t lies on the learned trajectory and does not suf-

fer from accumulative numerical error due to iterative pro-
cess of DDIM inversion used by previous methods [6, 16]
as shown in Figure A1. Furthermore, it does not need to
store the intermediate latents as opposed to DDPM inver-
sion used by Alaluf et al. [1].

Although stochastic encoding performs better than
DDIM inversion, a subtle color discrepancy occurs between

the resulting images and the visual style prompts. We intro-
duce color calibration at xori

t in the original process to match
the statistics of predicted xori

0 to predicted xvisual
0 . In Gatys

[12], distance between channel-wise statistics is employed
as a style loss for style transfer. In Song et al. [43], pre-
dicted x0 (= xvisual

t −
√

1−αt·εθ(x̂t)√
αt

) allows to estimate x0 with
high probability at intermediate timesteps using determin-
istic sampling. Inheriting the advantage, we execute adain
operation to match mean&std of predicted xori

0 with those of
xvisual

0 . It allows precise color calibration rather than directly
matching xori

t to xvisual
t in Alaluf et al. [1], Chung et al. [6].

Furthermore, our approach differs from Chung et al. [6] in
that using predicted x0 at intermediate timestep t ∈ (0, T )
other than xT by reducing cumulative sampling error af-
ter the operation. Furthermore, Chung et al. [6] executes
AdaIN at timestep T, inducing lengthy cumulative error.

We provide supportive experiments that show the effec-
tiveness of the proposed method in Section 4.4 and a de-
tailed Algorithm in Appendix 3.

4. Experiments

In this section, we describe the effects of our proposed
methods: CFG with swapping self-attention, Negative vi-
sual query guidance (NVQG), stochastic encoding, and
color calibration. For swapping self-attention, we provide
a detailed analysis through experiments to determine the
optimal layers for swapping. The impact of NVQG is
demonstrated through qualitative results. Additionally, we
show why stochastic encoding outperforms DDIM inver-
sion when inverting real images, and we highlight the ben-
efits of color calibration through experimental results.

We also conducted both quantitative and qualitative com-
parisons of our method against various competitors, includ-
ing StyleAligned [16], IP-Adapter [59], Dreambooth-LoRA
[39, 40], StyleDrop [42], DEADiff [35], CSGO [55] and In-
stantStyle [50, 51]. The details of these comparisons, along
with the experimental setup and metrics, are described in
the Appendix 2.

4.1. Effectiveness of CFG and NVQG

This section analyzes the effects of Classifier-Free Guid-
ance (CFG) and Negative Visual Query Guidance (NVQG)
on image generation, with a focus on text alignment and
content leakage. Figure 4 shows the results of the three con-
figurations. In the 1st row, without CFG and NVQG, the
generated images suffer from severe artifacts. The absence
of CFG causes poor image quality resulting in significant
misalignment with the prompt. In the 2nd row, CFG with
swapping self-attention improves the text misalignment by
boosting image quality. Here, the “cat” in target text prompt
becomes clearer in the generated images. However, content
leakage from the reference image remains where unwanted
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Figure 6. Attention map visualization over late and early
upblock layers. The late upblock better focuses on the style-
corresponding region than the early upblock, leading to more free-
dom to reassemble small parts. The early upblock attends a larger
region leading to content leakage.

elements (layouts, structure, and composition) from the ref-
erence image affect the results.

In the 3rd row, NVQG releases the content leakage and
produces the best results closely matching the text prompt
while reflecting style reference.

Overall, Figure 4 demonstrates the critical role of NVQG
in reducing content leakage, enjoying the quality boosting
of CFG. Together, they ensure that the generated images
align to both the target text prompt and the visual style
prompts, resulting in high-quality, coherent outputs.

We qualitatively showcase diversity of results within a
text prompt in Figure A9 and text alignment with complex
text prompts in Figure A22.

4.2. Analysis for Swapping Self-Attention
Optimal layers in upblocks Since recent large T2I DMs
consist of many layers, we further analyze the behavior by
changing the start of the swapping while the end of the
swapping is fixed at the end. We use four key metrics as
shown in Figure 5, there is a layer where all four metrics
abruptly change (red line). Notably, this point remains con-
sistent regardless of the reference image. All the results in
the paper use only one fixed optimal layer.

We choose this layer as the optimal start of the swap-
ping for a balanced trade-off among all aspects. We provide
qualitative results with detailed split of layers in Figure A3
and A4.

Visualizing Attention maps Figure 6 compares average
attention maps from the late upblock and the early upblock
applying swapping self-attention. Using late upblock has
more freedom to reassemble the reference style elements
leading to more doggy results than early upblock which
produces some cat-like attributes. The right two columns
visualize the attention weight of query points marked as
red stars and yellow dots. Swapping self-attention on late
upblock reassembles features from a style correspondence,
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Figure 7. Comparison for content leakage. While StyleAligned
suffers from content leakage from the reference, our results clearly
align with the text prompts

e.g., texture and color. On the other hand, swapping self-
attention on early upblock reassembles features from a
wider area with different styles. This comparison clarifies
the reasons for using only late upblock. Please refer to Fig-
ure A6, A7 for a more visualization and a detailed analysis.

4.3. Comparison against competitors

Style & content control We provide a qualitative com-
parison in Figure 8, focusing on controlling style and con-
tent. Our method faithfully synthesizes content from the
text prompt with the style of the reference image. In con-
trast, other methods add elements like color or texture not
in the reference (e.g., feathers, bricks, iron, skin) and of-
ten suffer from content leakage (e.g., layout, screaming
person, castle), which compromises text prompt faithful-
ness. Quantitative results in Figure 9 support these find-
ings: IP-Adapter shows higher style similarity but neglects
text prompts significantly.

Diversity within a text specification Starting from dif-
ferent initial noises, the diffusion models trained on a large
dataset produce diverse results within the specification of
a text prompt. Figure 1, A19 shows that ours can syn-
thesize various poses and viewpoints while others barely
change, i.e., other methods limit the diversity of the pre-
trained model due to content leakage. We further support
our diversity in Figure A9.



Figure 8. Qualitative comparison across various styles and text prompts. StyleKeeper faithfully reflects style elements in reference
images without causing content leakage from the reference images.

Figure 9. Quantitative comparison. Ours achieves the best style
similarity while not compromising text alignment and being free
from content leakage.

Content leakage Content leakage refers to the phe-
nomenon where the content of a reference image appears
in a result. As evident in Figure A12, our model exhibits
significantly less content leakage when compared to other
models. We focus on a comparison against a runner-up
method, StyleAligned, particularly in terms of how con-
tent leakage can be an obstacle to controlling the content
using a text prompt. Figure 7a compares examples where
strong content leakage prevents the object from the text
from appearing in StyleAligned. We often observe famous
paintings in the reference easily leak into the results of
StyleAligned while ours does not struggle. Figure 7b com-
pares examples where the pose in the reference leaks into
the results of StyleAligned preventing the reflection of spec-
ified pose in the text prompt. On the other hand, our method
reflects the correct poses. Figure 7c compares examples
where the number of small instances in the reference leaks
into the result of StyleAligned. Contrarily, our method cor-
rectly synthesizes a single instance of the content specified
by the text. In Figure 9, we provide quantitative comparison
results. It supports that StyleKeeper achieves the best style

similarity while not suffering content leakage. We can also
observe that models with high content leakage exhibit poor
text alignment.

Preserving the content of the original denoising process
Figure A13 shows the results of ours and other methods
using the same initial noise in each column. Our method
precisely reflects the style in the reference with minimal
changes of contents in the original denoising process. On
the other hand, the other methods severely alter pose, shape,
or layouts due to content leakage. It is an important virtue of
controlling style to keep the rest intact. This also supports
that ours is free from content leakage during the denoising
process. We provide more results in Figure A14.

4.4. DDIM inversion vs. Our strategy

Figure 11 shows that StyleKeeper can take real images
as style reference with our strategies. As shown in Fig-
ure 11, stochastic encoding outperforms DDIM inversion
and color calibration improves text alignment and style sim-
ilarity. We provide more results in Figure A15. Moreover,
we show that our strategy can boost the performance of the
other self-attention variants [3, 16] in Figure A16, A17 and
color calibration can be used for generation settings in Fig-
ure A18. We provide an ablation study in Figure 12 for
each configuration (swapping self-attention, NVQG, and
color calibration) in both real reference and generated refer-
ence settings. In both settings, swapping self-attention and
NVQG improve style similarity and text alignment, while
color calibration helps improve style similarity. Addition-
ally, stochastic encoding outperforms DDIM inversion.



Figure 10. Qualitative comparison in I2I style transfer task. We compare our method for I2I style transfer task where the content image
is given. Compared to the previous methods, ours achieves the best style similarity.

Figure 11. Comparison of DDIM inversion vs. stochastic en-
coding and the effect of color calibration. Stochastic encoding
reduces artifacts in the resulting images, while color calibration
better reflects the colors of the reference image.
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Figure 12. Ablation study of four proposed methods with a
real reference and a generated reference setting.. We evaluated
performance by individually removing each of the four proposed
methods. In all cases, both generated and real images showed sim-
ilar improvements in style similarity and text alignment. More-
over, stochastic encoding outperformed DDIM inversion in all as-
pects, comparing purple and blue points.

4.5. Comparison for I2I style transfer

In Figure 10, we present a qualitative comparison between
our method using ControlNet and existing state-of-the-art
methods, CrossAttn [1] and StyleID [6], for the I2I style
transfer task where a content image is provided. Both
CrossAttn and StyleID inject the key & value obtained by
inversion from the style images.

CrossAttn often fails to transfer the detailed representa-

tion of the reference style, leading to a rough, blocky ap-
pearance. For instance, the center examples in Figure 10
show that the style details are absent or inaccurate compared
to our results. Similarly, StyleID suffers poor style reflec-
tion and color deficiency in the center and the rightmost ex-
ample. In contrast, ours effectively reflects the details of
the reference style image, with no noticeable transfer of the
color values from the content images.

5. Conclusion and Limitation

In this paper, we introduce StyleKeeper which faithfully
applies the style of real reference images without content
leakage in a training-free manner. CFG with swapping
self-attention captures the reference image’s style accu-
rately and allows for direct content generation from the text.
This integration with CFG enhances performance by bal-
ancing content generation and style transfer. To address
content leakage, we propose Negative visual query guid-
ance that ensures the reference image’s content does not
interfere with the text-specified content, enhancing diver-
sity and improving text alignment & style similarity. Addi-
tionally, Stochastic encoding efficiently maps real images
to suitable latents, removing artifacts. Color calibration
aligns the final output to the reference’s color statistics.

Our method shows both qualitative and quantitative im-
provements over existing approaches, providing a robust so-
lution for visual style prompting without complex training.
We also analyze where to apply swapping self-attention,
identifying optimal layers to balance style transfer and con-
tent fidelity. StyleKeeper outperforms prior methods and
works well with algorithms like ControlNet [60] and DB-
LoRA [40], as shown in Figure A20.

However, StyleKeeper is limited by the capabilities of
the pretrained diffusion models and cannot generate el-
ements outside their scope (e.g., “stone golem” in Fig-
ure A24a). Also, if visual and textual styles conflict, the vi-
sual style dominates (Figure A24b). Future work could ex-
plore extending our method to other domains such as video,
expanding its applicability and research potential.
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