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Abstract

Generating images in a consistent reference visual style
remains a challenging computer vision task. State-of-the-
art methods aiming for style-consistent generation struggle
to effectively separate semantic content from stylistic ele-
ments, leading to content leakage from the image provided
as a reference to the targets. To address this challenge, we
propose Only-Style: a method designed to mitigate content
leakage in a semantically coherent manner while preserving
stylistic consistency. Only-Style works by localizing content
leakage during inference, allowing the adaptive tuning of a
parameter that controls the style alignment process, specifi-
cally within the reference image patches containing the sub-
ject. This adaptive process best balances stylistic consis-
tency with leakage elimination. Moreover, the localization
of content leakage can function as a standalone component,
given a reference-target image pair, allowing the adaptive
tuning of any method-specific parameter that provides con-
trol over the impact of the stylistic reference. In addition, we
propose a novel evaluation framework to quantify the suc-
cess of style-consistent generations in avoiding undesired
content leakage. Our approach demonstrates a significant
improvement over state-of-the-art methods through exten-
sive evaluation, consistently achieving robust stylistic con-
sistency without undesired content leakage. Project-Page

1. Introduction
State-of-the-art text-to-image (T2I) models [3, 7, 31, 33, 37]
demonstrate impressive results in transforming text into
compelling visual outputs. However, such models do not
hand the user control over specific visual stylistic results,
often producing widely varying interpretations of the same
textual descriptor, as shown in the first row of Fig. 1.

For this reason, several works aim to provide visual the-
matic consistency across different generated concepts, as
they were created or performed in the same manner or
technique (e.g., from the same artist). Even though these
methods achieve the desired stylistic alignment of a refer-
ence image with a target one, they frequently exhibit con-

“A car...” “A bear...” “A circus tent...” “A tiger...”

Initial stylistic
alignment

Content leakage

Only-Style

Figure 1. Only-Style: The top row shows images independently
generated by a text-to-image model using the style descriptor “in
vintage poster style”. Applying a state-of-the-art method (here
StyleAligned [13]) to align these images stylistically with the first
image (the car) leads to unintended content leakage, causing vi-
sual elements of the car to infiltrate the other images. Only-Style
addresses this by first localizing the semantic content of the refer-
ence subject in the target images (third row) and then guiding the
alignment process to eliminate this undesired effect (fourth row).

tent leakage. In other words, unintended semantic elements
from the reference image subject, appear in the target im-
age. Such cases are evident in the second row of Fig. 1.

The main motivation of this work is to find a semanti-
cally meaningful way to remove this content leakage while
preserving consistency in style. To achieve this, we intro-
duce a method to control the transfer of the reference sub-
ject patches in the target image, through a simple scaling of
their representations. This scaling operation is adaptively
tuned via the localization of the reference subject in the tar-
get image to determine whether the transfer of the reference
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subject features should be further restrained (see third row
of Fig. 1). The final stylistic alignment, exhibiting no con-
tent leakage, is illustrated in the bottom row of Fig. 1.

Additionally, we present two novel evaluation methods
to measure the impact of content leakage in style consis-
tent image generation, both coarsely via an encoder-based
metric (CL) and fine-grained via Large Vision-Language
Models (LVLMs). The former quantifies the semantic cor-
relation between the target image and the reference subject,
thereby assessing content leakage, while the latter detects
even subtle leakage cases by prompting LVLMs. We bench-
mark many state-of-the-art methods, showing that content
leakage is a main challenge shared across all of them. To
our knowledge, although content leakage has been recog-
nized as an issue in stylistic consistency, no prior work has
proposed a way to measure the appearance of content leak-
age cases — a very useful tool to understand the efficacy of
methods that promote stylistic consistency.

Our main contributions are: • We introduce fine-grained
control over the leakage of reference semantic elements
to the target image, tailored for attention sharing ap-
proaches [13]. • We propose a novel method for subtle
leakage localization, applicable to any style consistent gen-
eration approach. • We design an end-to-end method that
achieves style-consistent image generation by adaptively
scaling down the contribution of the reference subject, ad-
dressing the problem of content leakage. • We propose an
evaluation framework that quantifies content leakage using
two distinct metrics (coarse and fine-grained version). We
release this benchmark to serve as a standardized baseline,
addressing a notable gap in the community and facilitating
more consistent comparisons of style alignment methods.

2. Related Work

Text-to-Image diffusion models. Diffusion models [15,
38, 40, 41] have transformed the field of image genera-
tion, producing highly diverse and visually striking outputs.
Further, text-conditioned diffusion models [27, 34] enable
the generation process to be guided by natural language
prompts, leveraging these powerful generative capabilities.
Controlling the attention in T2I diffusion models. The
attention mechanism is the common underlying ingredient
within neural network backbones in T2I diffusion mod-
els. Recent works have explored how the self-attention
and cross-attention layers can be harnessed to define both
the layout and semantic content of text-generated images
[4, 12, 29, 42]. Additionally, attention mechanisms have
been widely applied for editing text-generated images [1, 6,
26, 30, 43]. Building on insights from these methods, we
utilize the attention layers to disentangle content and style,
addressing the challenge of style-consistent generation.
Style Transfer. Style transfer is a long-standing challenge

in computer vision [5, 14] that refers to the process of trans-
forming the visual style of an input image while preserving
its content. Neural Style Transfer leverages deep features
from pretrained networks to alter the style of a target im-
age based on a reference [10, 18]. Moreover, GAN-based
techniques have been developed to transfer images across
different stylistic domains [16, 19, 28, 49].
Consistent style Generation. With the advent of diffu-
sion models stylization research has focused on generat-
ing target text-specified concepts using either real or syn-
thesized stylistic reference images. Different approaches
have emerged to tackle this task: • One family of ap-
proaches involves training diffusion models to incorporate
conditioning from the output representation of a pretrained
image encoder [45–48], such as CLIP [32]. However these
methods require significant computational resources to train
this conditioning and tend to drive the model away from
its training distribution. Following this paradigm and con-
ceptually close to our work, InstantStyle [45], in a coarse
attempt to reduce content leakage, injects the CLIP im-
age embedding of the stylistic reference, subtracted by the
CLIP text embedding of the reference subject, into specific
blocks within the diffusion model. • Another line of re-
cent works developed optimization techniques over one or
more images that let the model capture certain visual fea-
tures [8, 9, 11, 20, 36, 39] such as a style interpretation. For
example B-LoRA [8] trains specific LoRAs within the dif-
fusion backbone to capture separately the content and style
of an image. • Closer to our work, to circumvent the com-
putationally intensive pretraining or fine-tuning process per
instance, recent approaches utilize self-attention layers of
the model’s backbone to allow communication between im-
ages within a batch, and thus the transfer of stylistic features
from a single reference to other images [13, 17]. Build-
ing upon these state-of-the-art approaches, our method ad-
dresses the persistent challenge of content leakage.

3. Proposed Method: Only-Style
3.1. Overview of Only-Style
In the forthcoming analysis, we consider the following
setup1: • The goal is the generation of two images Iref and
Itgt with visually “aligned” style, but driven from different
prompts Pref and Ptgt. • The considered prompts have a
specific structure of {subject} + {style}. Specifically, we
have the textual descriptions of the reference subject Sref

(e.g., “a cat”) and the target subject Stgt (e.g., “a train”),
which are combined with the desired stylistic description
Pstl (e.g., “in realistic 3D render”).

Content leakage occurs when attributes of Sref visually
“leak” into patches of Itgt leading to unwanted semantic

1Our method can be easily extended to support multi-image and multi-
subject generation (see Suppl. Mat. and Fig. 7)
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Figure 2. Overview of Only-Style: By localizing semantic con-
tent leakage, we adaptively tune a scaling parameter α that con-
trols style sharing in image patches containing the reference sub-
ject (subject map Âsub), resulting in the optimal value that elimi-
nates leakage while preserving stylistic consistency.

content overlap. The core idea behind Only-Style is to detect
these image patches associated with the reference subject
and adaptively reduce their contribution to the shared style
generation, as shown in Fig. 2. The algorithm consists of
three main steps that are performed at inference time:
• Content Leakage Control (Sec. 3.3): First, we identify the

patches in Iref that are relevant to the reference subject.
This way, their contribution to the shared style generation
can be reduced by simply scaling them down.

• Content Leakage Localization (Sec. 3.4): Next, we detect
the patches in Itgt that are more relevant to Sref than to
Stgt, denoting content leakage.

• Adaptive Scaling (Sec. 3.5): Finally, we combine the
steps above to determine the optimal scaling, eliminating
content leakage while retaining the stylistic alignment,
via a binary search process.

3.2. Preliminaries
Attention in T2I Diffusion Models. State-of-the-art T2I
diffusion models [3, 31, 37] typically use a U-Net [35] ar-
chitecture as the backbone2. These image-to-image archi-
tectures are augmented with transformer blocks, each one
of them consisting of a self-attention layer followed by a
cross-attention layer. The latter contextualizes the deep im-
age features with the text token embeddings. The proposed
method is employed on these transformer blocks.

Following the typical attention layer conventions [44],
deep features are projected into queries Q ∈ Rn×dk , keys
K ∈ Rm×dk , and values V ∈ Rm×dv . The output of the
attention layer is computed as:

Attention(Q,K,V) = softmax
(
QK⊤
√
dk

)
V = AV, (1)

where A ∈ Rn×m is the output of the softmax operator,
referred to as the attention probabilities and essentially de-
scribing the correlation between Q and K. In self-attention,

2some models, such as [7], use a Transformer [44] backbone - which is
in line with the proposed framework since it relies on attention layers

Q, K, and V are all derived from the same image features
F, while in cross-attention, Q comes from the image fea-
tures and K, V come from the text token embeddings.

3.3. Content Leakage Control
The first step in mitigating content leakage is to regulate
the influence of the reference image. Most existing ap-
proaches incorporate hyperparameters that serve this pur-
pose (see Fig.5 and the relevant discussion). Moreover, such
approaches provide coarse control over the reference image
conditioning, which frequently ruins style alignment or se-
mantic integrity of the target (see also Fig.5 and our relative
ablation on sec. 7.3 of Suppl. Mat.). Aiming for a finer
control, Only-Style builds upon an attention-based method
that achieves consistent style generation, StyleAligned [13].
Our objective is to leverage the attention mechanism to se-
lectively scale down reference subject patches while main-
taining style consistency, even under scaling adjustments.

Specifically, this control module consists of two steps:
1) detection of image patches in Iref that correspond to the
subject Sref , and 2) scaling down the contribution of these
subject patches only, according to a given scale parameter a.
The first step requires the inference of the reference image
Iref according to the reference prompt Pref = Sref +Pstl,
and is performed within the cross-attention layers of the
transformer blocks. The second step is then performed on
the self-attention layers, by scaling down the reference keys
Kref of the shared attention mechanism employed in [13]
(see suppl. material).

Detecting Subject Patches. As evident in Fig. 1, con-
tent leakage in Itgt originates from the transfer of patches
in Iref that are semantically close to the reference subject
Sref . Our key observation is that cross-attention layers,
which serve as a semantic explanation in T2I models[12],
can be leveraged to annotate these patches in Iref .

Thus, to access and control the “leakage” of a subject,
an aggregated attention visual map asub ∈ Rn ≡ Âsub ∈
RH×W is required, referred to as subject map, where asub is
the flattened version across all the patches, while Âsub is re-
shaped to match the image’s spatial structure. Specifically,
we use the cross attention probabilities (Al,t, see Eq. 1) at
iteration t and in the layer l. The considered layers are the
bottleneck layers of the U-Net backbone, known to contain
rich semantic information [21, 29].

Given a set of bottleneck attention layers B and itera-
tions t ∈ [1, T ], we compute the averaged cross attention
probabilities with respect to the subject token Sref as:

asub =
1

T |B|

(∑
t

∑
l∈B

Al,t
)
es (2)

where es isolates the column corresponding to the subject.
The output of this step is a binary mask R ∈ RH×W ,

identifying patches relevant to the subject. Thus, given
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the subject map Âsub, we aim to separate content-related
patches (source of leakage) from unrelated ones. Since it
is impossible to a priori specify a good thresholding value
across all cases (slightly different text prompts lead to dif-
ferent attention values, even for the same subject token),
we perform the separation via a K-means clustering method
with two centroids. See Suppl. Mat. for details.

Controlling Content Leakage. Following [13], content
leakage can be mitigated by reducing the contribution of
reference key features Kref in shared self-attention layers.

However, scaling all the patches is not optimal, since
style contribution can be affected too (see ablation on Suppl.
Mat.). Instead, we selectively scale only the key features of
“content patches,” as determined by the subject mask R.
Using a single scalar parameter α ∈ [0, 1], we scale the key
features at each iteration t and layer l ∈ B as:

K̂ref = (1−R)⊙Kref + αR⊙Kref (3)

Intuitively, by reducing α, this weighting makes the at-
tention distribution on the reference subject patches more
uniform, resulting in a global stylistic alignment rather than
a polarised local “semantic” transfer. As shown in Fig. 2,
decreasing α progressively reduces content leakage in a se-
mantically explainable manner.

3.4. Content Leakage Localization
Reducing the influence of reference subject patches may
lead to stylistic misalignment, as shown in Fig. 4. This ne-
cessitates finding a scaling parameter high enough for ac-
curate style transfer yet low enough to minimize content
leakage. To achieve this, we must measure content leakage
in target images to establish a lower bound for scaling.

To this end, we introduce a patch-level content leakage
localization method at inference, applied in two consecutive
diffusion iterations. Our method relies on a simple premise:
determining whether a target image patch contains more
information about the reference than the target subject. To
implement this, we need to define the following: 1) how to
extract robust and faithful representations v for both sub-
jects, 2) how to use them to detect leakages.

Extracting Subject Representations. The CLIP to-
ken embeddings that guide the generation via the cross-
attention, are not expressive enough to localize subtle ref-
erence subject that overlap with the target. To improve this,
we use cross-attention maps Âsub (Sec. 3.3), averaged on a
single iteration, to pool one representation per subject be-
fore each self-attention layer. Since directly using Âsub

does not reliably localize the most relevant features to the
subject, we refine this via clustering and percentile thresh-
olding, forming a binary mask Msub of subject-relevant
patches3. The refined subject-relevant attention map Ãsub

is then extracted as:
3Check Suppl. Mat. for more details on this step.

Itgt Cref Ctgt L⊙(Cref −Ctgt)

Figure 3. Similarity maps of the original reference subject (cat)
and the target subject (train). By combining these maps we can
effectively localize content leakage in the target image.

Ãsub = (Msub ⊙ Âsub)/
∑

(Msub ⊙ Âsub) (4)

In the iteration following the extraction of Ãsub, each
layer l uses the feature map Fl before the self-attention
layer to extract a per-layer visual representation vl ∈ Rd

that best describes the subject in layer l:

vl
sub =

∑
i

∑
j

[Fl ⊙ Ãsub]ij (5)

This gives us two sets of representation vectors: {vl
ref}

corresponding to Sref in Iref and {vl
tgt} for Stgt in Itgt.

Detecting Leakages. The semantic relevance of each
patch in Itgt to the subject can then be computed using the
cosine similarity scores between the target image features
Fl

tgt and the subject representations vl
sub. For each subject,

we aggregate this similarity across bottleneck layers {B},
resulting in the similarity map Csub ∈ RH×W . Formally:

[Csub]ij =
1

|B|
∑
l∈B

cos([Fl
tgt]ij ,v

l
sub), (6)

where i ∈ [1, H] and j ∈ [1,W ] denote spatial patch po-
sitions, and cos is cosine similarity. Thus, we obtain the
similarity map Cref of Sref and Ctgt of Stgt (see Fig. 3).

A patch pij is marked as content leakage (binary value
Lij) if it contains more of Sref than Stgt:

Lij =
(
[Cref ]ij ≥ [Ctgt]ij + tleak

)
∧(

([Ctgt]ij ≥ trel) ∨ ([Cref ]ij ≥ trel)
) (7)

where tleak determines the minimum difference for leak-
age detection, and trel filters out irrelevant/background
patches.

Finally, we can obtain the overall leakage value as the
logical addition of Lij : Lo =

∨
ij Lij . Both thresholds

remain fixed across all experiments (tleak=0.1 & trel=0.4).
A key property of generative diffusion models is that

structure and semantics emerge early in the process [29].
Since content leakage is inherently semantic, we can apply
the proposed process early in the denoising stage, bypassing
full generation. Thus, to increase efficiency, we perform the

7003



Reference Adaptive α α = .9 α = .5

“A shoe” “A phone” “... in pop art style.”

“A house” “A lion” “.. in stickers style.”

“A cup” “Beans” “... in cafe logo style.”

“A spoon” “A knife” “... in melting golden 3D style.”

Figure 4. Adaptive vs Fixed Scaling: Fixing the scaling param-
eter that controls shared attention does not yield consistent results
across all instances, often failing to prevent content leakage or ac-
curately align the desired style with the target subject.

proposed localization approach at t = T/2, as our experi-
ments indicate that leakage is observable by this stage.

Generalization. The proposed localization approach
can be applied in the output of any style consistency dif-
fusion pipeline, used as a standalone component. Specifi-
cally, given the images Iref and Itgt along with their sub-
jects Sref and Stgt we can use DDIM inversion to obtain la-
tents zT , zT−1 for each image. Then, we simulate the final
two diffusion steps to localize content leakage as described
in this section. This has minimal computational overhead
and can serve as a post-processing step for any style consis-
tency method.

3.5. Adaptive Scaling

As mentioned before, we would like to choose the maxi-
mum value of scale α that resolves content leakage, as faith-
fully aligning the style of the reference “subject” with the
target one is also necessary in many cases, and it is intu-
itively natural that lower values of scale, lower that align-
ment. To avoid a linear search, we exploit the monotonicity
of α with respect to the binary leakage indicator Lo, which
answers the decision problem: “Is there any content leak-
age on Itgt?”. Given this property, we apply binary search
on α to efficiently minimize leakage. This process has a
multiplicative computational overhead of Θ(| log(p)|), re-
quiring | log(p)| style aligning generations, where p is the
enforced precision of α.

Reference β = 0.875 Content Leakage Adaptive
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“A wave” “Cherries” “...in Japanese Ukiyo-e style.”

Figure 5. Hyperparameter tuning to mitigate content leak-
age. We apply the leakage detection of Sec.3.4 to adaptively tune
hyperparameters presented in B-LoRA[8] and InstantStyle[45].
While these methods reduce leakage, they distort the reference
style. Only-Style preserves both style and content integrity.

4. Experiments and Evaluation

4.1. Experimental setup
Implementation. We implement our method on top of
StyleAligned [13], using SDXL [31]. The proposed leak-
age control process (for a single scale α) takes 31 seconds
in a NVIDIA GeForce RTX 3090, only 2 seconds more than
the base StyleAligned generation. We set a fixed precision
value of p = 0.03125 for the binary search of Sec. 3.5,
which means that the whole process involves 4 half gen-
erations (see Sec. 3.4), each one of them determining the
binary indication of leakage, and one whole, for the final
style-consistent pair. Thus, our method runs for approxi-
mately 1.5 minutes per style alignment instance. Details on
time requirements of sota in the Suppl. Mat.

Evaluation prompt set. We create an evaluation set of
100 prompts, by extracting the 100 creative style descrip-
tors used in the evaluation set of StyleAligned [13], and
then employing ChatGPT to generate diverse objects (4 per
style) that could appear in this specific style. The unified
style prompt looks like the following: {‘A clock’, . . . , ‘A
cupcake’} in abstract rainbow colored flowing smoke wave
design. The textual descriptions of the objects are kept min-
imal without modifiers such as adjectives and prepositional
phrases, as the linguistic identification of the subject text
tokens within a prompt, that is necessary for the leakage lo-
calization, is out of the scope of our work. However, we
provide quantitative and qualitative comparisons with more
complex prompts in sec. 6.5 of Suppl. Mat.

Comparison with state-of-the-art methods. We com-
pare our work with the following state-of-the-art style-
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Figure 6. Text Alignment vs Stylistic Set Consistency: We com-
pare three state-of-the-art methods (blue marks), a baseline with-
out stylistic alignment (grey mark), our two ablation variants (or-
ange marks) and Only-Style (green mark) in terms of text align-
ment (CLIP similarity) and set consistency (DINO similarity).

consistent generation methods, implemented on top of
generative diffusion models. Apart from StyleAligned
(SA) [13], we considered InstantStyle (IS) [45] as an
adapter-based method that focuses on avoiding content
leakage, B-LoRA [8] and StyleDrop (SDRP) [39], as two
optimization-based baselines that yield state-of-the-art re-
sults. For B-LoRA [8] we utilize only the style adapta-
tion and employ it for text-based style consistent genera-
tion. For the first three we utilize their official implemen-
tations, while we implement SDRP on top of SDXL. All
methods use SDXL as their base model. Comparisons with
additional baselines can be found in the Suppl. Mat.

4.2. Ablation study
Adaptive vs Fixed scaling. To highlight the critical role
of adaptivity in style alignment, we fix the scaling param-
eter α into distinct values, essentially performing only the
approach presented in Sec. 3.3. Specifically, we select two
different fixed values (α = 0.9 and α = 0.5) and qual-
itatively compare the results with those of Only-Style, as
shown in Fig. 4 - quantitative results with these fixed value
alternatives will be presented in upcoming sections. It is ev-
ident that in both cases, the fixed scaling parameter is either
unnecessarily low, ruining stylistic alignment, or not low
enough to erase the effect of content leakage. On the con-
trary, Only-Style faithfully removes content leakage while
maintaining the desired stylistic alignment. More ablation
studies can be found in the Suppl. Mat.

4.3. Comparisons
Qualitative Comparisons.Fig. 7 presents qualitative com-
parisons between Only-Style and the considered baselines.
The first four rows showcase results from our evaluation
prompt set, the fifth row depicts an example of a multi-
subject (reference and target) scene, while the bottom three

rows include real stylistic reference images, a common ap-
plication paradigm. Concerning the case of real images, we
employ a DDIM-based inversion technique to transfer the
style of real images to the generated images of different tar-
get prompts, following the paradigm of StyleAligned [13].
Please refer to the Suppl. Mat. for details on the multi-
subject extensions, as well as more qualitative results.

Tuning method-specific hyperparameters. Many
methods that tackle style-consistent image generation have
introduced hyperparameters to control the impact of the
stylistic reference to the target. For example B-LoRA [8]
introduces a scalar β ∈ [0, 1] to reduce the influence of the
style-LoRA adapter δW : W = W0 + β · ∆W . On the
other hand, InstantStyle [45] addresses leakage by modu-
lating the subtraction of the subject CLIP text embedding
from the reference image CLIP embedding using a scalar
σ ∈ [0, 1]: CLIPimg(Iref) − σ · CLIPtxt(Sref). We com-
pare the effects of these parameters with our approach in
Fig. 5. Additionally, we apply the proposed adaptive tun-
ing algorithm—leveraging the generalized leakage localiza-
tion method presented in Sec. 3.4—to determine the max-
imum values of these parameters that prevent content leak-
age. While this effectively eliminates content leakage, we
observe that such parameters degrade the stylistic alignment
with the reference. In contrast, Only-Style preserves the in-
tended stylistic alignment while mitigating content leakage.

Text Alignment and Stylistic Set Consistency. Fol-
lowing [8, 13, 17], we use CLIP [32] cosine similarity to
measure the text alignment between each target image Itgt
and the text description of the target subject Stgt, while as
stylistic set consistency we measure the cosine similarity
between DINO [2] embeddings of the generated target im-
ages Itgt with their reference Iref . The results prompt set
can be seen in Figure 6, where we compare our method to
the four state-of-the-art baselines we mentioned, a baseline
generation method without any stylistic alignment (Stan-
dard T2I [31]) and the two fixed scale variants of Sec. 3.3.
Only-Style exhibits a notable balance between retaining the
style of the reference image (set consistency) and faithfully
depicting the target subject (text alignment). Despite an
expected drop in set consistency compared to StyleAlign,
which generates aligned images at the cost of exhibiting
leakages, our method achieves almost identical text align-
ment with standard T2I, supporting our claim on keeping
the semantics of the target subject intact. On the other hand
InstantStyle [45] and B-LoRA [8] preserve alignment with
the target subject but compromise stylistic consistency.

Additionally, we observe that fixed scaling results in
lower stylistic consistency, as it indiscriminately scales in-
stances that might not exhibit any leakage, while the text
alignment can be negatively affected by a high scale value
(0.9) that allows leakage cases. Even though this experi-
ment offers a strong indication of the effectiveness of our



Reference B-LoRA [8] InstantStyle [45] StyleDrop [39] StyleAligned [13] Content Leakage Only-Style (Ours)

“A rollercoaster” “Balloons” “...in retro amusement park style.”

“A suitcase” “A map” “...in travel agency logo style.”

“A heart” “Cotton” “...in pixel art style.”

“A mouse” “A laptop” “...in digital glitch style.”

“An austronaut on a roaring lion” “A knight on a dragon” “...in medieval fantasy illustration style.”

“A man” “A cup” “...in oil painting style.”

“A house” “An apple” “...in isometric illustration style.”

“The Tower of Babel” “The Taj Mahal” “...in Bruegel’s painting style.”

Figure 7. Qualitative results. We compare Only-Style against StyleAligned [13], InstantStyle [45], B-LoRA [8]. and StyleDrop [39]. In
the next-to-last column we also highlight the content leakage observed in StyleAligned, which is localized and effectively mitigated by our
method. First four rows are examples from our evaluation set, fifth row showcases an intricate multi-subject case, while the last three rows
correspond to real reference images.



Table 1. Content Leakage (CL) Metric Results. We calculate CL scores across various methods, quantifying content leakage as the
cosine similarity between CLIP embeddings of the target image and the reference subject’s text description. Lower is better (less leakage).

full leakage SA [13] SDRP [39] IS [45] B-LoRA [8] Ours (α = 0.5) Ours (α = 0.9) Only-Style no leakage

0.28 0.231 0.227 0.220 0.223 0.214 0.219 0.215 0.21

Table 2. Content Leakage Measurements using LVLM-Based Prompting. Our method shows very low content leakage, closely
matching the performance of standard T2I. For all questions, the numbers denote success rate.

Question SA [13] SDRP [39] IS [45] B-LoRA [8] Ours (α = 0.5) Ours (α = 0.9) Only-Style Standard T2I [31]

“Are there any {Sref} visual features in this {Stgt} image?” (Q1) 0.470 0.553 0.647 0.643 0.663 0.603 0.683 0.703
“Is there any {Sref} in this image?” (Q2) 0.583 0.687 0.793 0.786 0.823 0.770 0.830 0.833
“Is there any {Stgt} in this image?” (Q3) 0.850 0.903 0.94 0.947 0.943 0.930 0.957 0.963

method, the capability to eliminate content leakage is not
captured properly by the above metrics. This is because the
cosine similarity of the image DINO embeddings is favored
by semantic content leakage (details on Suppl. Mat.).

Content Leakage. The aforementioned metrics fail to
quantify content leakage in a straightforward way. To ad-
dress this, we introduce a novel metric, called CL, which
is defined as the cosine similarity between the CLIP em-
beddings of the target image Itgt and the text description of
the reference image subject Sref , namely quantifying the
correlation of the reference subject with the target image.
Results of the CL metric can be found in Table 1. Standard
T2I is used as a lower bound for the metric, which denotes
the “no leakage” case, since no style sharing takes place.
Likewise, we use standard T2I to generate images of Sref

and compute CL again in order to define the upper bound,
denoting the “full leakage” case, when we expect to detect
the subject in the image. As we can see, Only-Style ob-
tains a score very close to the “no leakage” case, showing
minor bias towards generating the reference subject. On
the contrary, other methods exhibit considerably higher CL
scores, indicating non-trivial leakage of the reference sub-
ject. As expected, InstantStyle (IS) [45], that tries to address
the leakage issue, has the best performing score out of the
compared methods, but still is out-performed by Only-Style.

LVLM-based Quantitative Evaluation Protocol. The
aforementioned metrics are not adept in capturing fine-
grained details. For example, subtle content leakage may
not be penalized by the cosine similarity between the CLIP
representations. For this reason, we introduce a novel eval-
uation protocol based on Large Vision-Language Models.
Specifically, we employ LLaVA [22–25] in order to un-
veil content leakage by prompting the model to identify the
desired target subject and possibly the undesired reference
subject in the generated target image Itgt. Specifically we
provide the LVLM the generated images Itgt along with fol-
lowing questions. Q1: “Are there any {Sref} visual fea-
tures in this {Stgt} image?” - if the answer is positive, it
suggests the existence of undesired semantic features of the
reference subject. Q2: “Is there any {Sref} in this image?”
- a more robust question that naturally exposes only severe
content leakage cases. Q3: “Is there any {Stgt} in this im-

age?” - check if the desired target subject is not rendered at
all in the target image.

We present the results of the aforementioned evaluation
in Table 2. We explicitly ask the LVLM to “Choose one:
Yes or No” along with the question and the image sub-
jected in stylistic alignment in order to measure the success
rate of the respective method in the question we pose. We
observe, again, significant content leakage across state-of-
the-art methods and almost identical to standard T2I per-
formance from our method, suggesting almost no leakage.
Please refer to the Suppl. Mat. for qualitative examples in-
dicating the performance of the proposed framework as well
as benchmarking of additional methods that highlights the
presence of content leakage in style-consistent generation.

User Study. We conducted a user study where partici-
pants were shown randomized triplets consisting of a refer-
ence image and two target images generated by Only-Style
and one competitor method. Participants were asked to se-
lect their preferred image based on the following criteria:
stylistic alignment, text alignment, and overall image qual-
ity. An option “Cannot Decide” was also provided. We col-
lected 800 pairwise method comparisons across 100 users
and show the results in Table 3. Only-Style was signifi-
cantly preferred over all other baselines, indicating the ef-
fectiveness of resolving content leakage in terms of human
preference. More information provided in the Suppl. Mat.

Table 3. User study: ‘a/b’ indicates that Ours (left) was preferred
a times, while the competing method was chosen b times. Only-
Style was the preferred method by the participants.

StyleAligned [13] IS [45] B-LoRA [8] SDRP [39]

Only-Style 357/137 319/210 419/155 321/202

5. Conclusion
We introduced Only-Style, a novel approach designed to
pinpoint and mitigate unwanted semantic content leakage in
style-consistent generation. Extensive experiments demon-
strate that Only-Style prevents content leakage, ensuring
stylistic consistency in target images with the reference
style. Finally, we proposed a framework to quantitatively
assess this issue within style alignment methods, providing
a structured approach to evaluate their effectiveness.



6. Acknowledgment
This project was partially funded by the European Union
under Horizon Europe (grant No. 101136568 - HERON).

Funded by
the European Union

References
[1] Jingdeng Cao, Xintao Wang, Zhongang Qi, Ying Shan, Xi-

aohu Qie, and Yinqiang Zheng. Masactrl: Tuning-free mu-
tual self-attention control for consistent image synthesis and
editing. In Proceedings of the IEEE/CVF International Con-
ference on Computer Vision (ICCV), pages 22560–22570,
2023. 2

[2] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou,
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