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Figure 1. Given a style dataset, we train distinct LoRA modules for each individual style. Leveraging these specialized models, our method
enables regional control over multiple styles within a single image, allowing users to generate art pieces that not only reflect their intended
stylistic composition but also faithfully preserve the distinctive characteristics of each style.

Abstract

Diffusion-based text-to-image models have achieved re-
markable results in synthesizing diverse images from text
prompts and can capture specific artistic styles via style
personalization. However, their entangled latent space and
lack of smooth interpolation make it difficult to apply dis-
tinct painting techniques in a controlled, regional manner,
often causing one style to dominate. To overcome this, we
propose a zero-shot diffusion pipeline that naturally blends
multiple styles by performing style composition on the de-
noised latents predicted during the flow-matching denois-
ing process of separately trained, style-specialized models.
We leverage the fact that lower-noise latents carry stronger
stylistic information and fuse them across heterogeneous
diffusion pipelines using spatial masks, enabling precise,
region-specific style control. This mechanism preserves the
fidelity of each individual style while allowing user-guided
mixing. Furthermore, to ensure structural coherence across
different models, we incorporate depth-map conditioning

*Equal contribution.

via ControlNet into the diffusion framework. Qualitative
and quantitative experiments demonstrate that our method
successfully achieves region-specific style mixing according
to the given masks.

1. Introduction
Diffusion-based text-to-image (T2I) generative models [1,
2, 4–7, 23] have demonstrated impressive performance, en-
abling the creative generation of diverse images. Notably,
through T2I style transfer [25, 29], these models can learn
image representations with specific styles and generate de-
sired outputs based on textual prompts. In the field of art,
such models allow the learning of various artistic styles, fa-
cilitating not only creative expression but also the reproduc-
tion of traditional art aesthetics.

Despite the strong generative capabilities of T2I models,
applying distinct artistic techniques to image generation re-
mains a challenge. Artistic images often rely on clearly de-
fined painting techniques, and multiple techniques are fre-
quently blended in complex and user-intended ways. In par-
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ticular, traditional art requires adherence to specific styles
while integrating multiple styles naturally. However, con-
trolling natural blending of multiple styles is challenging
due to entangled latent space in diffusion models [11, 27],
unlike GANs [13, 14, 17, 18, 22, 28, 30]. As diffusion
models do not support smooth interpolation in the latent
space [8, 9, 20, 21], merging styles learned from separate
models is difficult. A naive approach of linearly combining
learned style embeddings often fails to provide controllable
outputs; users cannot precisely apply specific techniques to
the targeted regions, and one dominant style may overpower
others. For artistic applications, it is essential to incorporate
the artist’s intention by allowing explicit control over where
and how particular techniques are applied within the com-
position.

In this paper, we propose a zero-shot diffusion pipeline
that enables natural style mixing, which refers applying dif-
ferent styles to user-specified regions (e.g. applying style
1 to the certain regions and style 2 to others) in a visu-
ally coherent way without blending the styles, by lever-
aging the strengths of separately trained diffusion models
each specialized in a specific artistic style. We observe that
latents at lower noise levels in diffusion contain stronger
stylistic information, and that fusion is feasible even across
different diffusion pipelines. Based on this insight, we in-
troduce a method that performs style composition on the
noise-clean latents predicted during the denoising process,
enabling controllable multi-style synthesis. Also, for simul-
taneous generation with coherent structural content in vari-
ous diffusion models, we attach ControlNet [31] to the dif-
fusion model with depth map condition.

2. Related Work
2.1. Flow matching
Flow Matching [19] formulates generative modeling as
learning a continuous-time ordinary differential equation
(ODE) that transports samples from Gaussian noise to the
data manifold by directly regressing a velocity field vθ(x, t)
along a prescribed interpolation path. Concretely, the model
minimizes

L = Et∼U(0,1)

∥∥vθ(It(x0, x1), t
)
− ∂tIt(x0, x1)

∥∥2,
where It(x0, x1) = (1−t)x0+t x1 linearly interpolates be-
tween noise x0 and data x1. At inference, given the trained
velocity field vθ, samples are obtained by numerically inte-
grating the reverse-time ODE via an explicit Euler step:

ztk−1
= ztk −∆t vθ(ztk , tk),

where the step size ∆t = tk − tk−1 is set by partition-
ing [0, 1] into K steps, with t1 = 1 and t0 = 0. More
recent work integrates Flow Matching into latent diffusion

pipelines [1, 16] use a DiT architecture [21] to train their
flow matching models, thereby enabling Flow-matching
based high-quality image generation.

2.2. Style transfer

Style transfer re-renders a content image in the visual style
of a reference image. It transfers color palettes, textures,
and brushwork, while preserving the original scene’s struc-
ture. The IP-Adapter [29] framework injects style via
lightweight cross-attention adapters added in parallel to a
frozen U-Net [24], capturing and transferring color, tex-
ture, and composition cues from a reference image with
only 22 M extra parameters, and remains compatible with
existing control tools. Its plug-and-play adapters enable
efficient on-the-fly style adaptation without retraining the
entire diffusion network, significantly reducing computa-
tional overhead. Recently, RB-Modulation [25] has en-
abled high-performance, optimization-based style transfer,
dramatically reducing the required training time.

DreamBooth-LoRA [12, 26] specializes in style transfer
by binding a dedicated style token to just a handful of ref-
erence images and using DreamBooth’s prior-preservation
loss to maintain the integrity of the original content. Instead
of fine-tuning the entire model, it updates only a compact
set of low-rank adapter weights, so that each module cap-
tures the essence of a particular visual style. During infer-
ence, you simply swap in the appropriate LoRA [12] mod-
ule to transform any input subject into the target style, seam-
lessly transferring intricate artistic details while preserving
the underlying scene structure. However, these methods
were not inherently designed for the style-composition task
of applying distinct styles to user-specified regions. Adapt-
ing them by simply masking styles onto the output image
introduces unnatural artifacts and degrades overall quality.
In contrast, our novel approach produces results that pre-
serve natural coherence and visual fidelity.

3. Method

Unlike general images, traditional artworks often exhibit
highly distinctive stylistic characteristics that vary across
painting styles. Some artists aim to incorporate multiple
style into a single painting by regions. This objective goes
beyond conventional style mixing, which blends several
styles to create a novel style. Instead, our style composi-
tive sampling targets a more controlled generation process
in which distinct styles are selectively applied to the des-
ignated regions within a single image. In this paper, we
address the case compositing two distinct styles based on
the given depth map. The overview of the entire method is
provided in Figure 2.
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Figure 2. Method overview. Starting from a depth map D, two binary masks are extracted to define the target regions. Each mask guides
a separate LoRA [12]-adapted diffusion pipeline (styles s1 and s2) through independent “simple updates” for coarse structure, followed by
iterative “merging updates” that fuse per-style latents via Flow Matching scheduling and spatial masking. The result is a single image in
which distinct styles are coherently applied to their designated regions.

3.1. Style LoRA Training
To enable per-style training, we employ Low-Rank Adap-
ation (LoRA) [12] modules, each dedicated to a single tar-
get style. Following DreamBooth [26], we introduce a rare
placeholder token to indicate each style, thereby guiding the
LoRA training of the diffusion model. Since the joint opti-
mization of multiple styles within a single LoRA module
significantly degrades generation quality, our framework
adopts a one-style-per-LoRA module strategy. In fact, since
our style compositive sampling enables compositing two
distinct pipelines without any optimization of fine-tuning
procedure, any style personalization methods which are
able to be sampled through Flow Matching [19] can be in-
tegrated seamlessly to our framework.

3.2. Style Compositive Sampling
Given depth map D, we aim to generate an image in which
specific regions are rendered in style s1, while the remain-
ing areas are rendered in style s2, thereby achieving a co-
herent blend of two styles. To enable this, we extract two
binary masks from the depth map D by thresholding and use
them to generate each style in its designated region, which
are used to fuse the latents during inference. Empirically,
we observe that, as timesteps progress, the attention mech-

anism in model induces interactions between the regions
in the latent space. Consequently, employing soft masks
causes style-mixing issue, whereas binary masks yield the
higher-quality, more coherent outputs. We consider two dif-
fusion models, vs1θ and vs2θ each equipped with a LoRA
module [12] trained to generate images in distinct styles s1
and s2, respectively. To incorporate structural information
from depth map, we utilize ControlNet [31], conditioned
on a given depth map D. Specifically, we employ the DiT
model [21] combined with ControlNet, and we also adopts
a Flow Matching Scheduling [19] where a pure noise sam-
ple at time t = 1 is denoised into an image at t = 0 by
solving ordinary differential equation (ODE). In practical,
these timesteps are used discretely from t = T (t = 1) to
t = 0. For simplicity, we omit the notation for ControlNet
in the followings.

The image generation process is divided into two levels,
simple updates and merging updates. For the timesteps
t = T to t = t′, we apply simple updates that iteratively
denoise each style’s noise until a coarse layout becomes
apparent. We delay the merge until the latent representa-
tion has acquired sufficient structural cues, thereby miti-
gating excessive mixing that would otherwise compromise
merge fidelity. Specifically, at t = T , we sample pure noise
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and then, for each style-specific model, compute the corre-
sponding predicted velocity to iteratively update the latent
representation. This process is repeated until timestep t′.
Note that these denoising iterations proceed completely in-
dependently for each style.

From timestep t′, we perform merging updates by first
estimating, for each style si and current latent zsit , the con-
ditional velocity vsit,c = vsiθ (zsit , c) using the style prompt
c and the unconditional velocity vsit,uc = vsiθ (zsit ,∅) us-
ing the null prompt ∅. We then compute the total velocity
vsit by using classifier-free guidance [10]. Leveraging the
ODE formulation of Flow Matching, we then approximate
the clean latent ẑi0 from the current noisy latent zsit and its
velocity vsit . These per-style endpoints are fused via a spa-
tial mask to yield the merged latent ẑ0. To return to the
timestep t, we propagate ẑ0 through each unconditional ve-
locity vsit,uc for each model, which is computed ealier. No-
tably, since two styles co-exist in the merged latent ẑ0, we
use the unconditional velocity to avoid artifacts that would
arise from conditioning on mismatched style prompts. Fi-
nally, we compute the velocity for timestep t − 1 based on
the original estimate vsit and merge it again through mask.
We iterate this process until the denoising schedule com-
pletes.

Although latent mixing at timestep 0 was also proposed
in [15], our problem involves blending styles rather than
personalizing objects. As a result, no single prompt can ref-
erence two personalized styles simultaneously, and because
the mask covers a far larger region than an object person-
alization, the attention mechanism exerts a far more influ-
ence on the generated images. Therefore, we had to propose
an alternative novel approach as mentioned above to solve
style composition task. Further details can be found in Al-
gorithm 1.

4. Experiment

4.1. Traditional Dataset
We utilize an image dataset composed of Korean traditional
art drawing techniques. The dataset includes five distinct
styles, each with fifty images, where three for ink painting
and the other two for color painting. Examples of all five
styles are presented in Figure 4.

The ink painting techniques consist of Baekmyo,
Gureuk, and Molgol styles.
• Baekmyo refers to technique of fine line drawing. It is

a monochrome ink technique that emphasizes clean, pre-
cise outlines using fine brushwork without any coloring
or shading. It captures the essence of a subject through
contour lines alone, often used to depict figures or objects
with clarity and restraint.
• Gureuk involves outlining the subject in ink and then fill-

ing the interior with color, where in ink painting, gray

Algorithm 1 Style Composition via Clean Latent Fusion

Input:
i-th Style LoRA flow-based generative models vsiθ
Style-mixing timestep τ , noise schedule σt

Source prompt embedding c, guidance scale w
Mask for i-th styleMsi

Output: Final style-composed image Istyle
Sample initial noise zT ∼ N (0, I)
Initialize i-th style latents zsiT = zT , ∀i
for t = T to τ do

vsit = vsiθ (zsit ,∅) + w · (vsiθ (zsit , c)− vsiθ (zsit ,∅))
zsit = zsit − (σt − σt−1) · vsit

end for
for t = τ − 1 to 0 do

vsit = vsiθ (zsit ,∅) + w · (vsiθ (zsit , c)− vsiθ (zsiT ,∅))
ẑsi0 = zsit − σt · vsit
ẑ0 =

∑
i ẑ

si
0 · Msi

zsit = ẑ0 + σt · vsiθ (zsiT ,∅)
zsit = zsit − (σt − σt−1) · vsi

end for
z0 =

∑
i z

si
0 · Msi

Istyle ← Decode(z0)

color. It maintains structure clarity while enabling subtle
expression through fillings, balancing the strength of line
and the depth of hue.
• Molgol is a “boneless” technique where forms are ren-

dered directly with ink washes, without any prior outlines.
It produces soft, flowing shapes that emphasize spontane-
ity and the natural movement of the brush.
The color painting techniques include Ilpil and Gongpil

styles.
• Ilpil literally means “one stroke,” and refers to a paint-

ing style where an object or shape is expressed in a sin-
gle, bold brushstroke. It emphasizes fluidity, rhythm, and
the painter’s intuition, often used in expressive or abstract
works.
• Gongpil is a meticulous coloring technique characterized

by delicate lines and carefully controlled brushstrokes. It
prioritizes precision, often used for highly detailed sub-
jects such as court paintings or botanical illustrations.

4.2. Implementation Details
We adopted the recently proposed Flux-dev.1 model [16],
which integrates DiT [21] with Flow Matching [19]. For
LoRA [12] adaptation, we used trained each style for 3500
steps, and set the classifier-free guidance scale to 3.5. Dur-
ing inference, we set the number of inference steps as 28,
and initiate the merging updates at t′ = 8; i.e. after the
first 20 denoising iterations. We use threshold value as 0.5
for extracting binary masks from the given depth map in our
experiments. We conduct all experiments with four style
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on ControlNet [31] with a depth map condition to maintain
structural consistency across style-specific diffusion mod-
els. This dependency may limit flexibility in applications
where accurate depth maps are not available.
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