
Supplementary Material

1. Methodology Details
1.1. Preliminaries: StyleAligned
As we discussed in the main manuscript, recent state-of-the-
art style alignment methods in image generation [4, 7] lever-
age the self-attention layers of T2I models during inference
to facilitate communication between images within a batch,
thereby aligning their styles. We will provide further de-
tails on the operations involved in these methods and the
underlying intuition, focusing on StyleAligned [4], which
our method builds upon.

StyleAligned employs an attention sharing operation be-
tween a stylistic reference image (typically the first one
within a batch) and the target images (other images within
the same batch). This operation is only applied to the self-
attention layers of the attention-augmented UNet backbone.
On such an attention layer of the model’s backbone, the
queries Qtgt and keys Ktgt of the target image are normal-
ized using the queries Qref and keys Kref of the reference,
with the adaptive instance normalization operation (AdaIN)
[6], which essentially aligns the target features with respect
to the first and second moments of the reference features.
Formally, we have:

AdaIN(X,Y) = σ(Y)

(
X− µ(X)

σ(X)

)
+ µ(Y)

Q̂tgt = AdaIN(Qtgt,Qref ), K̂tgt = AdaIN(Ktgt,Kref )

Then, to further promote sharing, the attention operation
is applied to concatenated versions of the keys and the val-
ues that include both reference and target features. This
way, the sharing is performed in a “natural” way, where
features from both reference and target images are mingled
together, essentially providing style context from the refer-
ence images to the target one. More specifically, the tar-
get queries are replaced by the normalized ones Q̂tgt, the
target keys are replaced by the concatenation of the refer-
ence keys Kref with the normalized target ones K̂tgt and
finally the target values are replaced by the concatenation
of the reference values Vref with the target ones Vtgt. The
concatenation is performed at a token level, duplicating the
context length in the attention layer. Following the notation
of [4], the substituted shared self-attention layer is denoted
as Attention(Q̂tgt,Krt,Vrt), where:

Krt =

[
Kref

K̂tgt

]
, Vrt =

[
Vref

Vtgt

]
Note that this concatenation does not affect the size of the
output, since the patch length of the queries is not affected.
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Figure 1. Content Leakage Control: Content leakage is miti-
gated by applying a weighting of the localized reference subject
Key representations Kref , in every self-attention module that is
used to align the style of a reference image with a target.

The concatenation of the target features with the refer-
ence ones at a token level allows a minimal contextual-
ization of the target image features with the reference, ef-
fectively aligning the two images. Meanwhile, applying
AdaIN to the target keys using the reference boosts the at-
tention similarity scores between the target features and the
reference, facilitating a smoother attention flow from the
reference to the target.

1.2. Extracting the Subject Mask R
As we discussed in Sec. 3.3 of the main manuscript, given
the subject map Âsub ∈ RH×W (illustrated in Fig. 2), we
aim to separate the patches into two distinct groups: one
that is semantically related to the reference subject (and is
the source of content leakage) and one unrelated.

Specifically, we consider the one-dimensional seman-
tic representations of the image patches in Âsub and use
a K-means clustering method with two centroids to sepa-
rate them, fixed across all of our experiments. Retrieving
the patches grouped in the cluster with the maximum value
centroid gives us the annotated subject of the image. This
is equivalent to a binarization approach with a threshold de-
pending on the image and its subject map Âsub [13]1, as
opposed to a fixed threshold approach across all images [9]
which typically under performs (see Suppl. Sec. 2.1). To
ensure that all the subject patches are obtained, we apply a
denoising morphological closing in the binary subject mask,
filling small holes and gaps in the foreground. The result-
ing binary mask R ∈ RH×W , takes true values if the cor-
responding patch is deemed relevant to the subject. The

1A similar mask extraction was employed in [13] to extract a subject
mask and then preserve the identity of this subject across multiple images,
following a “dual” direction of aligning subjects and not style.



Âsub 2-means clustering Closed mask (R)

Figure 2. Visualization of the intermediate results in the ex-
traction of mask R. We cluster the aggregated cross-attention
probabilities Âsub using K-means with two centroids and then ap-
ply morphological closing to fill small gaps in the foreground.

intermediate results of this process are illustrated in Fig. 2
Then, we use this binary subject mask to scale down

the influence of the reference key features Kref on the
shared self-attention layers. As outlined in Eq. 3 of the
main manuscript, we apply a uniform scalar value across
all subject patches for scaling, following a ”hard” decision
rationale instead of using a “soft” scaling via the cross-
attention probabilities Âsub for those patches. Such “hard”
choice allows the scaling parameter to be set to α = 1
when no leakage is detected, effectively replicating the base
StyleAligned [4] process in our implementation. In other
words, we wanted to keep the functionality of StyleAligned
as it is if no leakage is detected, rather than modifying the
subject contribution every time regardless the leakage.

1.3. Leakage Control over StyleAligned
The scaling of the content patches is performed using the
following equation, as it was derived in Sec. 3.3 of the main
manuscript.

K̂ref = (1−R)⊙Kref + αR⊙Kref (1)

This way, following the notation of [4], we effectively
control the self-attention distribution A, between Q̂tgt and
the updated K̂rt = [K̂ref K̂tgt]

⊤, thus controlling the
transfer of the value representations Vrt, and more pre-
cisely their subset that corresponds to the reference subject
patches, in the target image. Note that when α =1, we have
the exact same behavior with StyleAligned [4].

The proposed functionality of the scaling operation over
the shared attention mechanism of [4] is depicted in Fig. 1.

1.4. Extracting the Subject Description Mask M
As outlined in Sec. 3.4 of the main manuscript, we focus on
isolating a subset of the subject map Âsub to pool the repre-
sentations of image patches, thereby extracting a represen-
tation of the image’s subject. This is achieved again using a
binary mask Msub, which contains true values for patches
whose representations should be included in the pooling op-
eration. This subject description mask Msub, differs from
the previously defined subject mask R in its granularity.

Âsub 3-means clustering Msub ⊙ Âsub

Figure 3. Visualization of intermediate steps in extracting the
mask Msub. Using K-means clustering with 3 centroids, we seg-
ment the subject map Âsub to identify semantically rich subject
patches (yellow-labeled Msub). Cross-attention values from these
patches (third image) are then used to compute a weighted aver-
age of image representations during inference, yielding the subject
representation.

Here, we are interested in more fine-grained localization of
patches that are relevant to the subject and can help build
robust pooled representations.

To extract this mask we perform again a K-means clus-
tering of the subject map Âsub, using three clusters this
time, one grouping the background patches, one grouping
the poor semantic patches, and one grouping the patches
with rich semantic information. We only use the latter
to represent the respective subject, making sure that, the
patches do not exceed 10% of the total image patches in
order to retrieve a compact representation and not average-
out important semantic features. This is performed via per-
centile thresholding if the resulting cluster with the maxi-
mum value centroid exceeds the 10th percentile. Note that
if the number of subject patches exceeds the 10%, the clus-
tering operation is redundant, since one can apply percentile
thresholding directly on the values of Âsub. Nonetheless,
the clustering step is crucial in cases of small objects, as
the percentile thresholding would also annotate background
patches. Again, this is equivalent to a binarization with a
threshold dependent on Âsub, but following a “stricter” cri-
terion compared to R. The intermediate results of this pro-
cess are illustrated in Fig. 3. The proposed mask extrac-
tion was deemed helpful in practice, providing robust sub-
ject descriptions and thus helping the localization of content
leakage, and no further exploration was performed on alter-
native ways to extract Msub.

1.5. Extensions

Multi-Image Extension. To create a set of style-consistent
images using the same stylistic reference image, we follow
the StyleAligned [4] approach by extending the batch with
multiple target images. Specifically, the target images at-
tend to the first image in the batch, which serves as the refer-
ence. Our end-to-end method can be applied independently
to each target image by replicating the process described
in the main manuscript. This involves defining a unique



Reference StyleAligned [4] Leakage Only-Style

“A cat and a tree” “A train” “... in wooden sculpture.”

“A car and a house” “A bird” “... in isometric illustration.”

Mushroom city on a whale's back Sun�ower city on a turtle's shell

“An octopus holding a beer” “A cat holding a cup of coffee”

Figure 4.Examples including multi-reference and multi-target
subjects. Only-Style can be directly extended to remove content
leakage in multi-reference and multi-target subject scenes.

scaling parameter� for each target image and using a bi-
nary search algorithm to optimize the scaling by localizing
content leakage for each such image. Importantly, this ap-
proach preserves batch parallelism, as both content leakage
control and localization rely on tensor operations that can be
executed in parallel. An example of a stylistically aligned
image set is illustrated in Fig. 1 of the main manuscript.

Multi-subject Extension. In the main manuscript, we
analyzed the single-subject scenario, where both the refer-
ence and the target prompt contained one subject. Nonethe-
less, our method can easily be extended in multi-subject
scenarios.

For multiple reference subjects, our approach can be
generalized by replicating the process outlined in the main
manuscript. Here, we assume that each subject can have an
optimal scaling value independent of the values selected for
the other reference subjects - such an assumption stems that
in theory the subject masks should be disjoint and scale a
different part of the common reference image. Thus, ex-
actly as in the multi-image scenario, we duplicate the batch
and independently apply the end-to-end method to each
subject, disregarding the others. Finally, we combine the
optimal scaling parameters� for each reference subject to
generate the resulting image, ensuring that no subject ex-
periences leakage. It is important to note that this process

Metric SA [4] SDRP [12] B-LoRA [3] Only-Style
Text Align. " 0.276 0.2785 0.279 0.284
Set Cons." 0.298 0.245 0.228 0.282
CL # 0.242 0.228 0.223 0.209
Q1 Success" 0.490 0.683 0.723 0.767
Q2 Success" 0.607 0.733 0.777 0.843
Q3 Success" 0.860 0.907 0.927 0.947

Table 1. Quantitative comparisons on complex prompts.Only-
Styleachieves state-of-the-art performance even under complex
reference/target prompts.

requires extending the batch to include as many images as
there are reference subjects, as well as performing an ex-
tra �nal generation of the optimal scaling set. These op-
erations increase computational overhead, both time-wise
(the extra generation step leads to a� 6 overhead, includ-
ing the binary search, to the standard StyleAligned for this
batched multi-reference case) and memory-wise (memory
requirements are multiplied by the number of reference sub-
jects). We illustrate some indicative examples on Fig. 4.
Our experimentation with multiple subjects shows that usu-
ally only the visually dominant reference subject leaks in
the target image, as text-to-image models frequently focus
on one subject in multi-subject scenarios [2].

For multiple target subjects, we just need to perform
the content leakage localization (Sec. 3.4 of the main
manuscript) of the reference subject with each target one,
distinctly. Essentially we check if any patch of the gener-
ated target image contains more information about the refer-
ence subject than each of the target ones. It is worth noting
that this requires extracting a subject representation for each
target subject, which adds minimal computational overhead,
since it is only performed at the last iteration of the genera-
tion process (see Sec. 3.4 of the main manuscript).

We also create a prompt set of 50 complex refer-
ence/target subject prompts accompanied by a style descrip-
tor from our initial evaluation set and presenting quantita-
tive results in Tab. 1. The trends of our initial prompts also
hold here, con�rming that complex promptsdo not limit our
method. The subject tokens are manually annotated within
the complex prompt, but we note that some natural language
processing models can automate this process.

2. Additional Results

2.1. Additional Comparisons

To further highlight the effectiveness of the proposed ap-
proach, we additionally compare with the following state-
of-the-art methods for style consistent image generation,
namely IP-Adapter (IP) [16], CSGO [15], Visual Prompting
(VP) [7] and Dreambooth [11], using the LoRA [5] variant
(DB-LoRA). The �rst two are adapter-based methods that
introduce additional layers to condition the diffusion model
on the CLIP image representation of the stylistic reference,
similar to InstantStyle [14]. The third one utilizes a self-
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