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Figure 1. Visual illustrations. (a) demonstrates the superior generative performance of our proposed K-LoRA using FLUX [3], where
the object reference is presented on the left, the style reference on the right, and the generated image is shown in the center. In contrast,
(b) compares our method with existing state-of-the-art methods, B-LoRA [7] and ZipLoRA [27], which tend to lose style or content
information due to alterations in the original weight matrix or underutilization of the network structure. Our approach enhances the
information captured by each LoRA matrix, thereby achieving superior fusion effects without requiring additional training.

Abstract

Recent studies have explored the combination of different
LoRAs to jointly generate learned style and content. How-
ever, existing methods either fail to effectively preserve both
the original subject and style simultaneously or require ad-
ditional training. In this paper, we argue that the intrinsic
properties of LoRA can effectively guide diffusion models in
merging learned subject and style. Based on this insight, we
propose K-LoRA, a simple yet effective training-free LoRA
fusion approach. In each attention layer, K-LoRA compares
the Top-K elements in each LoRA to be fused, determin-
ing which LoRA to select for optimal fusion. This selection
mechanism ensures that the most representative features of
both subject and style are retained during the fusion pro-
cess, effectively balancing their contributions. Experiments

demonstrate that K-LoRA can effectively integrates the sub-
ject and style information learned by the original LoRAs,
outperforming state-of-the-art training-based approaches
in both qualitative and quantitative results.

1. Introduction
Personalization and stylization are two well-established
tasks in computer vision and have been active research
fields for many years [4, 5, 8, 13, 18, 25, 29, 34, 37, 42].
The primary challenge in these tasks is preserving distinct
content or modifying the style of an image, typically guided
by textual or visual inputs. In this context, “content” refers
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Figure 2. Visual results of findings. (a) Results fine-tuned using only content LoRA. (b) Results only using style LoRA. In these
experiments, we test the differences between adding the LoRA layers in the initial and latter timesteps.

to the objects and structures within the image, while “style”
encompasses visual attributes such as color, texture, and
patterns. Manipulating image style is particularly challeng-
ing due to the subjective nature of style definitions and the
strong interdependence between style and content, which
complicates effective decoupling of these elements.

Recent techniques, such as LoRA [11], have gained more
and more attention for their ability to achieve efficient fine-
tuning in image synthesis. Although styles and objects
are trained separately, LoRA provides an effective solution
to the problems of decoupling style and content in image
generation tasks, which excels in controlling style transfer
by training style features independently from the content
features. With the growing popularity of personalized ap-
plications utilizing LoRA, numerous efforts have been put
to fuse objects and styles by merging LoRA weights [26].
These approaches aim to allow users to adjust each LoRA’s
contribution ratio through variable coefficients. There are
also methods, such as ZipLoRA [27], attempting to train a
fusion ratio vector to balance different LoRAs. More re-
cently, some approaches propose the periodic integration
of LoRA into models [41]. Additionally, the B-LoRA [7]
technique fine-tunes only two attention modules to facili-
tate style transfer.

In our experiments with these methods, we identify two
key issues, as shown in Fig. 1(b). First, style details often
lose in the generated images, and the object characteris-
tics are inconsistently maintained. Second, manual tuning
of certain hyperparameters and seeds is required, or addi-
tional training is necessary. For the first issue, we conduct
extensive experiments and observe that merging the atten-
tion layers of two LoRAs at the element level could lead to
a smoothing of style details and textures, or even the loss
of object characteristics. Given that element-level merg-
ing may lead to suboptimal results, we conduct experiments
by selectively removing certain elements to keep good per-

formance. For the second issue, inspired by the core ideas
in recent studies [21, 30, 35], we incorporate the attention
layers of LoRA into the model according to diffusion time
steps to assess their effects on performance. Through this
approach, we derive key conclusions. (i) Only a restricted
number of diffusion prediction steps are sufficient to retain
the original effect as illustrated in Fig. 2. (ii) When apply-
ing LoRA, the initial diffusion steps are responsible for re-
constructing the object and capturing larger texture details,
while the subsequent steps focus on enhancing and refining
the finer details of the object and the texture in style.

Based on these findings, we propose K-LoRA, which si-
multaneously addresses both issues identified in our experi-
ments, as illustrated in Fig. 1(a), leveraging our first insight
by incorporating a Top-K selection process within each for-
ward pass of the attention layers to identify the most suit-
able attention components at each position. Additionally,
we apply a scaling factor during the selection process, uti-
lizing our second insight to emphasize the distinct roles that
style and content play throughout the diffusion process.

Our method can effectively resolve the aforementioned
issues, ensuring that the merged LoRA captures both sub-
ject and stylistic features when faced with challenging con-
tent and style combinations. This results in stable genera-
tive outputs and significantly enhances the performance of
merged LoRAs. Furthermore, our approach is user-friendly,
as it requires no additional training. We summarize our con-
tributions as follows:
• We propose K-LoRA, a simple yet effective optimization

technique that seamlessly merges content and style Lo-
RAs, enabling the generation of any desired style for any
theme while preserving intricate details.

• Our method is user-friendly, eliminating the need for re-
training and directly applicable to existing LoRA weights.
It demonstrates superior performance across diverse im-
age stylization tasks, surpassing existing methods.

13042



2. Related Work

Diffusion models for customization. In the realm of
diffusion models [14, 24] for customized tasks [12, 42],
customization refers to the process by which the model
learns to interpret new definitions provided by the user.
Techniques such as Textual Inversion [1, 30, 40], Dream-
Booth [25], and Custom Diffusion [17] enable the model
to capture target concepts with only a few images through
token-based optimization. Specifically, Textual Inversion
fine-tunes embeddings to reconstruct the target, Dream-
Booth uses less common class-specific terms to expand
object categories, and Custom Diffusion focuses on fine-
tuning the cross-attention layers within the diffusion model
to learn new concepts. Additionally, there are methods that
do not require training when inferring [2, 28, 32, 33], but
their approaches to utilize pre-trained modules may per-
form suboptimally for certain specialized tasks. LoRA [11]
and its variants [10, 16, 23, 39, 43, 43, 44] are well-known
for their ability to fine-tune large models and deliver high-
quality results.

LoRA combination in image generation. In the field
of image generation, research on LoRA combinations has
primarily been advanced in two directions, including the
integration of multiple objects and the fusion of contents
with styles. For object integration, studies have mainly fo-
cused on enabling models to integrate diverse object con-
cepts encapsulated within multiple LoRAs [6, 9, 15, 19, 36].
By fine-tuning the subject LoRAs, these models can as-
similate various new concepts and manage object layouts
through masking techniques. Regarding content-style fu-
sion, several works, such as MergingLoRA [26], Mixture-
of-Subspaces [31], and ZipLoRA [27], have proposed ap-
proaches involving hyperparameter tuning and learning fu-
sion matrices to merge pre-trained LoRA weight layers.
However, these methods may face challenges, such as con-
cept dilution, blurring of fine details, and specific training
requirements. Recently, B-LoRA [7] has identified dis-
tinct roles for attention modules in the generative process,
thereby achieving object-style decoupling within LoRA by
training only two core attention modules. Additionally,
LoRA Composition [41] uses a cyclic update of the model’s
LoRA modules to allow multiple LoRAs to collaboratively
guide the model, allowing a variety of cross-concept fu-
sion. Despite these advancements, existing methods con-
tinue to face challenges, including insufficient control pre-
cision, loss of object style, and high training requirements.

3. Method
3.1. Preliminaries

LoRA is an effective method initially designed to adapt
large-scale language models. The core premise of LoRA is

that, when fine-tuning a large model and comparing it with a
baseline model, the parameter update matrix ∆W ∈ Rm×n

is typically found to contain small or near-zero elements,
exhibiting a low-rank structure. This property allows ∆W
to be factorized into two low-rank matrices, B ∈ Rm×r and
A ∈ Rr×n, where r represents the intrinsic rank of ∆W ,
and it is assumed that r ≪ min(m,n). This characteristic
enables us to freeze the base weight W0 and train only the
matrices B and A to replace ∆W , thereby achieving an ef-
ficient parameterization in the form ∆W = BA. Finally,
∆W is added to the base weight in the original model to
perform fine-tuning. The updated weights can be expressed
as W0 +∆W .

In our work, we adopt the same notation as used in
ZipLoRA [27]. Let D be a base diffusion model, and
W0 denote the pre-trained weights that need to be updated
with LoRA layer. The base model D can be adapted to
a specific concept simply by adding an additional trained
LoRA weight set ∆Wx to the model weights, resulting in
D′ = W0 +∆Wx. Given two independently trained LoRA
weight sets, ∆Wc and ∆Ws, associated with the base model
D, our objective is to fully leverage the weights of both
LoRA sets and enable their effective fusion. To achieve
this, we propose a method, called K-LoRA, to seamlessly
combine the two LoRA weight sets, expressed as

∆Wx = K(∆Wc,∆Ws),

where K denotes our method, which can efficiently in-
tegrate the contributions of the content LoRA and style
LoRA.

In what follows, we will explain the proposed approach
in detail. Our approach is based on two findings. (i) In the
diffusion steps, applying LoRA to only a subset of layers
per step can achieve comparable effects comparing to ap-
plying LoRA to all layers; (ii) Using the subject LoRA in
earlier diffusion steps tends to generate better subject infor-
mation, while using the style LoRA in later steps is more
effective for generating style and details without affecting
the construction of the content.

3.2. K-LoRA

It has been pointed out in [27] that using a smaller set of key
elements when finetuning with LoRA can achieve the same
generative results as the original approach. However, the
authors did not provide relevant experiments to explain this
in the field of image generation. We first attempt to leverage
this method by assigning zeros to the elements whose val-
ues are small following a similar approach to that of Mag-
max [20]. We found that the results obtained by modifying
the elements of the matrix in this way are similar to the ones
produced by [27, 31] because the model does not correctly
interpret the concepts it has previously learned, resulting in
a suboptimal quality of image generation.
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Figure 3. Experimental visualization results. (a) Generated im-
ages by randomly loading a portion of the LoRA attention layers
according to a certain ratio. (b) Visualization of LoRA data dis-
tribution from different sources: one trained locally and the other
one downloaded from a community repository.

Given the complexities and limitations involved in di-
rectly modifying attention elements, a question rises: Can
we exploit the sparse characteristics of the LoRA matrix
during the denoising process? The aim is to find an al-
ternative method that can identify a good weight selection
method and precise LoRA positioning for each step or layer
without modifying the original LoRA weights. Based on
Multi-LoRA Composition [41], we randomly apply the con-
tent LoRA attention layer to the diffusion steps, affecting
the object using x% of the attention layers to observe the
generated outcomes. As shown in Fig. 3(a), we found that
when x > 50, the results are virtually indistinguishable
from those of the original model. However, when x < 25,
the ability of the model to maintain the original personal-
ized concepts significantly diminished.

Inspired by recent studies [21, 30, 35], we further extend
the aforementioned experiments in Fig. 2 and found that ap-
plying the style LoRA in earlier timesteps has a significant
impact on the reconstruction of the original object, whereas
applying it in later timesteps preserves the style information
without affecting the original object. Additionally, we ob-
serve that for content LoRA, applying it in earlier timesteps
yields significantly better results than applying it in later
timesteps.

The above analysis motivates us to achieve the merging
of generated objects and styles by adaptively selecting the
LoRA module for each attention layer. According to finding
(i), the selection strategy should preserve the overall object
and style information. Furthermore, according to finding
(ii), the generation process should be achieved by arranging

the object and style components appropriately. That is in
the early diffusion steps, the model should focus more on
object reconstruction while introducing style textures, and
in later steps, it is better to refine the style with subtle object
details. Therefore, we present K-LoRA, as shown in Fig. 4,
which can adaptively select the appropriate LoRA layer for
merging learned subject and style.

First, we take the absolute value of each element in the
LoRA Layer to determine whether a particular value plays
a significant role in the generation process,

∆W ′
c = |∆Wc|, (1)

∆W ′
s = |∆Ws|, (2)

where Wc and Ws denote the content and style LoRA
weights, respectively. Because a small subset of dominant
elements can achieve the original generation effect while
the data distribution (see Fig. 3(b)) shows that smaller el-
ements occupy a large proportion of the positions, which
will influence the selection of the important elements, we
use a smaller number of the largest elements to represent
the importance of each layer.

Specifically, we select the top K elements with the high-
est values from ∆W ′

c and ∆W ′
s, respectively. By accumu-

lating the Top-K elements, we assess the importance of the
two matrices at a given attention layer:

Sc =
∑

i∈Top-K(∆W ′
c)

∆W ′
c,i, (3)

Ss =
∑

j∈Top-K(∆W ′
s)

∆W ′
s,j , (4)

where Top-K returns the indices of the largest K values.
For the selection of K, we note that the rank number in
the LoRA training process reflects, to some extent, the
amount of information contained within the matrix. Thus,
our choice of K is aligned with the rank of each LoRA:

K = rc · rs, (5)

where rc and rs represent the ranks of the content and style
LoRA layers, respectively. This formulation allows us to
determine the appropriate weights within an attention layer
by comparing the two sums

C(Sc, Ss) =

{
∆Wc, if Sc ≥ Ss

∆Ws. otherwise
(6)

To more effectively leverage finding (ii) and allow both
object and style to play their respective roles at differ-
ent stages while ensuring a smooth transition from object-
focused to style-focused representation, we introduce a
scaling factor S. This factor S is directly applied to the
Top-K selection process, enhancing object content in the
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Figure 5. Radio visualization. This image reflects the ratio results
after summing the Top-K elements, where the ratio differences at
each corresponding position are quite significant.

early stages of generation and gradually emphasizing style
in the later stages

S = α · tnow
tall

+ β, (7)

where tnow denotes the current step in the backward de-
noising process, tall is the total step number, and α, β are
hyperparameters.

To avoid excessive weight disparities when using com-
munity LoRA models from different sources, which may
make Top-K selection ineffective for attention allocation,
we introduce a new factor γ to balance the two weights

S′ = γ · S. (8)

Initially, we compute the sum of the absolute values of the
elements within each layer l, and then accumulate these
sums layer by layer to calculate γ

γ =

∑
l

∑
i ∆W ′

cl,i∑
l

∑
j ∆W ′

sl,j

. (9)

The introduction of γ addresses the significant numerical
discrepancy between the elements in the two LoRA compo-
nents, as shown in Fig. 3(b). This adjustment highlights the

useful components within the LoRA layers. With γ, the pro-
portional relationship between the content and style LoRA
weights in each layer is shown in Fig. 5. It can be observed
that, in each forward layer where LoRA is applied, there is
a significant difference in the proportions of the dominant
components’ sums. This highlights the significance of the
distinct LoRA weights within each layer, providing a solid
basis for selection.

We then apply S′ to the style LoRA and update Ss

S′
s = Ss · S′. (10)

By introducing S′, we can strengthen the influence of con-
tent during the earlier time steps, while amplifying the dom-
inance of style in the later steps. This adjustment can effec-
tively take advantage of finding (ii), optimizing the selection
of both object and style to maximize their contributions in
the image generation process. The final LoRA weights can
be attained by computing C(Sc, S

′
s). To clarify, we present

the pseudo code in Algorithm 1.
To better explain the weight selection process, we show

the selection proportions in Fig. 6, where the object and
style seamlessly interpenetrate and blend with each other.
The first portion primarily focuses on the object, with a
small amount of style incorporated, while the latter portion
predominantly emphasizes style, retaining a subtle presence
of the object which further substantiates our key findings.

4. Experiments
4.1. Experiment Setup

Datasets. Following the convention of ZipLoRA [27], for
the LoRA obtained through local training, we choose a
diverse set of content images from the DreamBooth [25]
dataset, each containing 4-5 images of a given subject. For
style, we select the previous dataset provided by the authors
of StyleDrop [29] and include several classic masterpieces
along with some modern innovative styles. For each style,
we only use a single image for training.
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Figure 6. LoRA selection during the generation process. This figure illustrates the selection within each forward layer. The vertical axis
represents the total 50 diffusion steps, while the horizontal axis indicates the number of LoRA layers. The color at each position denotes
the selected layer. Blue bars correspond to objects, and green bars correspond to styles.

Algorithm 1 Pseudocode in a PyTorch-like style.

# timestep: current timestep
# content_lora_weight, style_lora_weight: input

weights
# alpha, beta, gamma: scaling factors
# all_timesteps: total timesteps

# Set k based on rank
k = rank * rank

# Sum of TopK content values
abs_content_matrix = abs(content_lora_weight)
topk_content_values = topk(abs_content_matrix.fl(), k)
sum_topk_content = sum(topk_content_values)

# Sum of TopK style values
abs_style_matrix = abs(style_lora_weight)
topk_style_values = topk(abs_style_matrix.fl(), k)
sum_topk_style = sum(topk_style_values)

# Compute and apply scaling factor
scale = alpha + beta * timestep / all_timesteps
scale = scale * gamma
sum_topk_style *= scale

# Compare and return the result
if sum_topk_content >= sum_topk_style:

return content_lora_weight
else:

return style_lora_weight

fl: flatten;

Experimental details. We perform our experiments us-
ing the SDXL v1.0 base model and FLUX model and test
the performance of K-LoRA using locally trained LoRA
and community-trained LoRA. For the community-trained
LoRA, we use the widely available LoRA models from
Hugging Face for testing. For the locally trained LoRA,
we base on the method outlined in ZipLoRA [27] to obtain
a set of style and content LoRAs. For the hyperparameters
mentioned in Eqn. (7), we set α = 1.5 and β = 0.5. This
configuration was found to work effectively for nearly all
cases, yielding consistently good generation results.

4.2. Results

Quantitative comparisons. We randomly select 18 com-
binations of objects and styles, each of which consists of
10 images to perform quantitative comparisons. We use
CLIP [22] to measure the style similarity. We compute the
subject similarity through CLIP score and DINO score [38].
We compare our method with popular approaches in the
community as well as state-of-the-art methods, including

Method Style Sim ↑ CLIP Score ↑ DINO Score ↑

Direct 48.9% 66.6% 43.0%
Joint 68.2% 57.5% 17.4%
B-LoRA [7] 58.0% 63.8% 30.6%
ZipLoRA [27] 60.4% 64.4% 35.7%
K-LoRA (ours) 58.7% 69.4% 46.9%

Table 1. Quantitative comparisons. Comparison of alignment
results across different methods.

Method User Preference GPT-4o Feedback

ZipLoRA [27] 29.2% 5.6%
B-LoRA [7] 18.1% 11.1%
Ours 52.7% 83.3%

Table 2. User study results and GPT-4o feedback.

direct arithmetic merging, joint training, ZipLoRA [27], and
B-LoRA [7]. The results are shown in Tab. 1. It can be ob-
served that our method significantly improves subject simi-
larity metrics compared to previous approaches, while also
achieving satisfactory style similarity.

Qualitative comparisons. In order to ensure a fair evalua-
tion, all experiments at this stage are conducted using SD,
the result is shown in Fig. 7, the method for merging Lo-
RAs [26] struggles to preserve the original shape, color, and
stylistic features of the object when the fusion ratio is set
directly to 1:2 without extensive parameter adjustments or
seed selection. B-LoRA [7] mainly captures the color and
appearance of objects in the original image, often leading
to overfitting of the color, which makes it difficult to dis-
tinguish the original objects in the generated image. In Zi-
pLoRA [27] and joint training methods, while certain stylis-
tic textures are incorporated, the model tends to focus on the
background elements of the style rather than capturing the
style itself. Our method addresses these limitations by pro-
ducing higher-quality output images across a wide range of
seed variations. Additionally, our approach eliminates the
need for extra training or parameter fine-tuning.

We present a randomly selected set of 22 results to users
for comparative evaluation. Each set includes outputs from
ZipLoRA, B-LoRA, and our method, along with reference
images for both the training subject and the style. Users
were asked to identify which method best preserves both
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Figure 7. Qualitative comparisons. We present images generated by K-LoRA and the compared methods.

style and subject. The results, shown in Tab. 2, indicate that
our method is the most preferred. In addition, we consulted
with GPT-4o for a similar assessment. Our method shows a
significant advantage in GPT-4o evaluations, further reflect-
ing the superiority of our method.

4.3. Ablation Analysis

Top-K selection. We conduct two experiments to vali-
date the effectiveness of the Top-K selection method: fixed
selection and random selection. Finding (ii) suggests a

straightforward approach: If the scale factor is greater than
one, the content LoRA is selected; Otherwise, the style
LoRA is chosen. This approach, which we refer to as
“Fixed Selection” serves as a useful baseline to test the ab-
lation of the Top-K selection method. It can also be seen
as an extension and refinement of Multi-LoRA composi-
tion [41], which has shown promising results in certain sce-
narios. However, under specific LoRA style conditions, this
method may result in blurring of objects or alterations in the
appearance of the content, as shown in Fig. 9.
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Figure 9. Ablation of Top-K selection and scaling factor. We
compare different methods using six different LoRA sets. The top
four rows represent the results of SD, while the bottom two rows
present the results of FLUX, which include both locally trained
LoRA and community trained LoRA.

To ensure that our module performs consistently within
the specified forward layer arrangement rather than relying
on arbitrary configurations, we conduct a controlled exper-
iment termed “Random Selection” using a random seed. In
this setup, the model uses a random number with a 1/3 prob-
ability of selecting content attention and a 2/3 probability
of selecting style attention. As shown in Fig. 9, under these
random selection conditions, the generated images often re-
tain only a single object feature or style feature, or fail to
maintain either altogether. This outcome further validates
our finding (ii), highlighting the distinct roles played by ob-
ject and style components at earlier and later diffusion time
steps, respectively.

Furthermore, we evaluate the impact of different choices
of K on the generated images, as illustrated in Fig. 8.

Within the Top-K approach, we systematically vary the val-
ues of K. Our observations indicate that when K is rela-
tively small, neither the style nor the characteristics of the
object are sufficiently prominent. This issue gradually im-
proves as K increases. However, if K becomes excessively
large, the style may not be preserved, and the shape of the
object can undergo significant distortions.

Scaling factor. To evaluate the effectiveness of the scaling
factor, we remove it and focus solely on the original Top-
K approach. In the first experiment, as shown in Fig. 9,
our analysis reveals that while the exclusive use of Top-
K can produce satisfactory results under certain conditions,
expanding the experimental scope uncovers instances of ob-
ject distortion and style loss. To further assess the signifi-
cance of gamma within the scaling factor, we test the per-
formance of two LoRA models with distinct sources, char-
acterized by substantial differences in their element sums.
As illustrated in the bottom row of Fig. 9, it is evident that
Top-K selection fails to capture the style accurately, while
the fusion of object and style in fixed selection is noticeably
weaker compared to our approach. We also experiment with
an alternative scale. The detailed procedure is provided in
the supplementary material. In conclusion, the removal of
these two modules leads to a decrease in generative perfor-
mance, underscoring their critical contributions to the over-
all effectiveness of the model.

5. Conclusions

In this paper, we introduce K-LoRA, which can seamlessly
merge independently trained style and subject LoRA mod-
els. K-LoRA enables precise object fine-tuning while pre-
serving the intricate details of the original style. Our ap-
proach effectively leverages the contributions of both object
and style LoRAs at each diffusion step through Top-K selec-
tion and scaling factors, maximizing the use of the original
weights and allowing for accurate style fusion without the
need for retraining or manual hyperparameter tuning.
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