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Figure 1. Given a single style reference, our method can be effectively trained with unpaired portrait images to learn style information to
synthesize high quality stylized portrait images, and even images not in training data, such as full body photos, animals and scenery.

Abstract

Portrait stylization casts vivid artistic style drawn from
style examples to portrait photos. Although recently exten-
sively studied with machine learning algorithms, existing
methods still face challenges in stylizing portraits from a
single style reference, severely limiting their potential for
real-world applications. In this paper, we propose a por-
trait stylization method that learns style reference from a
single artistic portrait image. Unlike previous StyleGAN
based methods that heavily rely on the quality of GAN in-
version or diffusion based methods that introduce compu-
tational expensive operations and fall short of precise con-
trol, our method achieves high-quality stylization with small

computation and parameter budget. Specifically, we employ
geometric alignment to build spatial correlation between
content images and style reference. A geometry LoRA and a
style LoRA are then jointly optimized based on a pre-trained
diffusion backbone respectively, with orthogonal adapta-
tion used to disentangle the geometry and style informa-
tion. During inference, the style LoRA is integrated into the
diffusion backbone and ControlNet is further combined to
facilitate better spatial and identity control. We illustrate
abundant stylized portraits with multiple styles. Qualitative
comparison, quantitative validation and user study prove
that our method outperforms existing methods, and ablation
study demonstrates the effectiveness of each components.
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1. Introduction

Centuries ago, artists created immortal artworks such as
Mona lisa and Girl with a Pearl Earring with pigments and
canvas. Today, everyone can apply artistic styles to their
selfies with camera filters and post them on social media.
The creation of artwork is often inspired by an existing
piece of art. For example, Vincent Van Gogh created a se-
ries of works based on Japanese Ukiyoe style. Can we also
create artistic portraits with a given style reference? This
long-standing question makes one-shot portrait stylization
a highly demanding task.

Recently, machine learning methods have been widely
explored for one-shot portrait stylization. Styel GAN and its
derivatives [3, 15, 16] achieved good performance by em-
ploying StyleGAN inversion and style mixing to generate
paired dataset from a single style reference and fine-tune a
generator network for one-shot stylization. However, syn-
thesizing and manual cleaning paired datasets is time con-
suming and labor intensive, and data quality is suscepti-
ble to the inversion algorithm. Diffusion models [9, 24]
have since emerged as powerful tools for image synthesis
and also widely adopted for stylization. InstantStyle [30]
relies on empirical attention adjustments, inherently lim-
iting precise control due to its adapter-based design. OS-
ASIS [2] incurs a significant training burden by fine-tuning
the entire model with auxiliary modules. Furthermore, Pair-
customization [14]’s reliance on paired images compro-
mises its practical applicability.

To address these issues, we start from our observation
that the persistent challenge of portrait stylization lies in
the vast diversity in the geometry of human faces. Addi-
tionally, style references often feature exaggerated artistic
effects, leading to significant discrepancies in the position
and shape of facial characteristics compared to actual hu-
man portraits. These geometric gaps make it difficult for
models to disentangle the identity information and the style
information of the style reference, deteriorating the styliza-
tion process. Specifically, we propose to combine geomet-
ric alignment with the powerful Stable Diffusion backbone
[24] and LoRA (Low Rank Adaption) [! 1] optimization to
facilitate stylization. Given a single artistic portrait image
as the style reference, we employ Thin Plate Spline (TPS)
to warp each randomly sampled portrait image for train-
ing and the style reference to the average facial landmarks
to eliminate the geometry gap and simplify the following
stylization process. Orthogonal adaptation [21] is then em-
ployed to disentangle the style information and the geome-
try information, enabling corresponding LoRA weights to
be jointly optimized. During inference, the trained style
LoRA is merged into the diffusion backbone to synthesize
stylized images, and ControlNet [39] is integrated into the
pipeline to provide spatial guidance and preserve spatial and
identity information for portrait stylization.

Experiments show that our method can be trained for
only a few hundred steps with a single style reference, and
synthesize high-quality portrait images loyally representing
the referenced artistic styles. Our results show superior syn-
thesis quality and fidelity, as well as better identity preser-
vation over existing methods in the qualitative comparison,
and also achieve better performance in quantitative evalua-
tion. In user study, our method is also subjectively preferred
by most candidates. The ablation study demonstrates the ef-
fectiveness of each component in our framework.

In summary, our contributions are as follows: 1.We in-
troduce a geometric alignment mechanism to bridge the do-
main gap between style examples and portrait images, fa-
cilitating robust geometry-style disentanglement. 2. We
jointly optimize geometry LoRA and Style LoRA modules
built upon a diffusion backbone to extract respective infor-
mation. This forms a novel and effective portrait styliza-
tion framework. 3. Through qualitative evaluation, quanti-
tative comparison, and user study, we demonstrate that our
proposed method generates high-quality results and outper-
forms existing works. Code, dataset, and trained weights
will be publicly available upon acceptance of the paper.

2. Related Works
2.1. Non-photorealistic Rendering

Non-photorealistic rendering (NPR) transforms photo-
graphic images into artistic styles. Early approaches relied
on iterative optimization to simulate artistic textures such
as pencil drawings [19, 36], oil paintings [8], and example-
based 2D stylizations [29]. The advent of deep learning,
particularly Convolutional Neural Networks (CNNs) [5,13],
significantly advanced stylization quality and efficiency.
Image-to-image (I2I) translation frameworks [12,13,32,42]
became prominent in NPR, employing trained transforma-
tion networks for flexible inter-domain stylization, and had
been applied on various styles [33,37,38,40].

While stylization can introduce distortions, incorporat-
ing spatial alignment has been explored to improve out-
put quality. For example, [!] integrated spatial relation-
augmented modules into VGG-based architectures for
structural coherence , [6] performed rigid alignment in fea-
ture space by treating feature maps as point clouds. Never-
theless, these techniques primarily exploit spatial informa-
tion implicitly via unsupervised attention mechanisms. This
lack of explicit semantic supervision limits their effective-
ness, thereby constraining the fidelity and controllability of
stylization outcomes.

In this paper, we employ the semantic information inher-
ent in highly structured human faces to enhance the styliza-
tion process. Geometric alignment is explicitly applied to
facial images and the style example through the use of dif-
ferentiable TPS transformations to align them on the same
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geometric position. This enables the geometry information
and style information in the style example to be disentan-
gled and learned by the joint optimization of two LoRA
weights, realizing single shot portrait stylization with low
computational budget.

2.2. Diffusion Models

Diffusion Probabilistic Models [9] are a class of gen-
erative models inspired by nonequilibrium thermodynam-
ics [27] and have achieved great success in image synthesis
and editing. The denoising process is learned by revers-
ing the forward diffusion process g, . . . ,7, Where image ¢ is
progressively diffused to random noise 7 over 7' timesteps
following ; = /@y, + /1 — ae for timestep ¢t € [0, 7).
Noise € ~ N(0,1) is randomly sampled, and @; controls
the noise strength. The training objective is to denoise in-
termediate noisy image ; via noise prediction:

Ee et [welle — eo(xe, e, )] (1)

where w; represents a time-dependent weight, e () rep-
resents the denoiser that learns to predict noise, and c de-
notes the conditioning inputs, such as text prompts. In infer-
ence, the denoiser €y gradually denoises random Gaussian
noise into images. The model is trained to generate images
that approximate the distribution of training data [9]. In this
work, Stable Diffusion XL [22], a large-scale text-to-image
diffusion model built on Latent Diffusion Models [24], is
used as the diffusion backbone.

2.3. Portrait Stylization

Portrait stylization is a persistent problem in computer
vision, driven by its artistic and practical value. Tradi-
tional exemplar-based methods [7, 26, 28] typically follow
an align-and-transfer pipeline, where local statistics from a
style exemplar are mapped to a target portrait. However,
this approach lacks generalizability across diverse styles, as
it does not learn from a dataset. Recent StyleGAN based
approach [3] exploits its powerful generative capabilities,
yet the results are highly dependent on precise inversion
and often suffer from artifacts. Diffusion-based methods
[2,4,30,31] excel at high-quality synthesis, but they face
challenges in maintaining consistency from a single style
reference. Yet a critical limitation of these approaches is
their frequent failure to preserve spatial structure and iden-
tity, which are paramount in portrait stylization.

In this work, we propose a novel approach that leverages
a powerful pre-trained diffusion backbone and integrates
geometric alignment with disentangled representations to
optimize Low-Rank Adaptation (LoRA) weights for styl-
ization. Our method enables efficient one-shot stylization,
requiring only a single style reference and minimal compu-
tational resources. Specifically, stylization can be achieved

with low computational budget involving just a few hundred
steps and a small set of trainable LoRA parameters.

3. Method

Given a random artistic portrait as a style reference, our
goal is to learn a model that captures its style and trans-
fers them to arbitrary portrait images. To achieve this, we
first leverage readily accessible facial landmarks from both
the style reference and randomly sampled unpaired training
portrait images to establish geometric alignment between
them. Subsequently, we apply orthogonal adaptation to a
pretrained Stable Diffusion XL (SDXL) model [22] to dis-
entangle geometry and style representations. Specifically,
we jointly optimize a geometry-specific LoORA and a style-
specific LoRA with the geometrically aligned data.

In the inference phrase, the optimized style LoRA is in-
tegrated into the diffusion backbone and employed as a re-
placement for the standard classifier-free guidance to steer
the generation toward the desired style. Using the same
random seed, we can synthesize paired outputs: a photo-
realistic portrait generated by the base SDXL model and its
stylized counterpart produced by the SDXL model with the
style LoRA integrated, as illustrated in Figure 4.

To stylize existing portrait images, we incorporate the
style LoRA with SDXL backbone and pair it with Con-
trolNet for image-to-image translation. We provide an
overview of the training pipeline in Figure 2 and the in-
ference process in Figure 3. Detailed descriptions of each
component are presented in the subsequent sections.

3.1. Geometric Alignment

Learning style information from a single reference image
is challenging and easily leads to overfitting [4,25]. Particu-
larly, training a stylization LoRA and employ it on the same
domain can easily result in copying content [14]. In the
proposed method, a random artistic portrait image is given
as the style reference, which poses additional challenges to
the model to distinguish style information and geometry in-
formation from non-relevant content-style pairs. To address
this issue, we propose to geometrically align content images
and the style example to simplify the stylization process.

In the training phrase, the style reference is paired with
different content images randomly sampled for each train-
ing step. For each content-style image pair, we extract the
facial landmarks of both images. Affine transformation is at
first used to align them, then Thin Plate Spline (TPS) trans-
formation is employed to warp both images to the mean
landmarks.We show in the Experiments section that, instead
of warping one image to the landmarks of another, warp-
ing both images to the mean landmark positions guarantees
high-quality warping and thus enhances stylization quality.

Equation 2 shows the TPS based geometric alignment,
where /¢ and I° represent content image and style image,
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Figure 2. Training process of the proposed framework. We extract the facial landmarks of content image and style example and warp them
to the mean geometric shape, then jointly optimized a geometry LoRA and a style LoORA with orthogonal adaptation for disentanglement.

and P°¢ and P? represent the landmarks of content image
and style image respectively.

c(z:lign = TPS(IC7 Pc,Pmean)
ign = TPS(I*, P*, Prean) )

align
SLPM — 05 P+ 05« Pf, i=1,2... N

3.2. Stylization with Orthogonality Adaption

Geometric alignment helps establish spatial correspon-
dence between content-style image pairs, facilitating the
model’s learning of stylistic attributes from image pairs. To
better extract style information from the reference, we pro-
pose to disentangle the geometry information and style in-
formation from the style example and jointly train a geome-
try LoRA and a style LoRA. The geometry LoRA is tasked
with reconstructing the portrait geometry, as the content im-
ages and the style reference are warped to identical geome-
try represented by landmarks. The style LoRA is combined
with geometry LoRA and utilized for synthesizing the styl-
ized image.

During the training phase, the geometry LoRA is condi-
tioned on a geometry-specific text prompt “Tgeomerry”” aUE-
mented by a random rare token *6. The combined LoRAs
are guided by a style text prompt, formed by appending a
style suffix, such as ”in disc style” (e.g., ”’in oil paint style”
or “’in sketch style”), to the geometry-specific text.

Following [21], we further exert orthogonality adaption
to facilitate the disentanglement of geometry and style in-
formation for better stylization. For each layer in the origi-
nal diffusion model with an initial weight W € R™*™ we
use Wyeometry and Wiy to denote the modified weight of
geometry LoRA and style LoRA respective, and both Lo-
RAs are used to reconstruct the image. The LoRA learning
process is formulated as:

Wgeometry = WO + BgeomelryAgeometry
Wstyle =Wy + BstyleAslyle 3)
Wcombined = WO + BgeomeLryAgeometry + BstyleAstyle

where B € R™*", A € R™*", and r < min(m,n). Es-
pecially, Bgeometry and By are initialized from zero matrix
and Ageomeiry and Agyie are from an orthonormal basis. Dur-
ing training, Ageometry and Agyie are fixed and only Beeometry
and Byl are updated. This enforces the geometry LoRA
and style LoRA to be optimized responding to orthogonal
inputs, facilitate the disentanglement of geometry and style
information to improve the quality of stylization.

To optimize two different LORA weights, we also pro-
pose two loss fuctions as learning objectives. When recon-
structing the content image, we adopt the standard train-

ing objective for diffusion models to optimize the geometry
LoRA:

Lasometry = Ee xyneay t [0e]1€ — €03y (¥ somety: Pycomerys 0]
“
where €., r€presents the denoising model with ge-
ometry LoRA integrated, X;geomewry IEPIesents a noisy
content image at timestep ¢, and Pgcometry TEPrEsents the
geometry-specific text prompt with the rare token *6.
When synthesizing the style image, we use the com-
bined weight with both geometry LoRA and style LoRA
integrated into the model. During training, the weights of
geometry LoRA are fixed and we only update the weights
of style LoORA with the following formula:

[zcombined = ]Eevxstylevt I:wt ”6 ~ €0combined (xtyslyle7pstylc7 t) H2} (5)

where €g, ... Tepresents the denoising model with both
geometry LoRA and style LoRA integrated, and py. rep-
resents the text prompt “{Pyeomery} in {disc} style”, with
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{disc} describing the specific style (e.g., “oil paint”). The
LoRA weights are jointly optimized by the combination of
the two losses:

min Lgcometry + Lecombined
Aegenmelry ’ Aeslyle & Y (6)

3.3. Style Guided Image Stylization

Classifier-free guidance (CFG) [10] is a common tech-
nique to improve the synthesis quality of text-to-image
model. We use é(x:,p,t) to represent the new noise pre-
diction, & denotes no conditioning, and A controls the
amplification of text guidance, and omitting the timestep ¢
for notation simplicity, then the CFG is formulated as:

€o(xs,p) = €o(xy, D) + Aerg(€9(X1,p) — €9(x1,2))  (7)

To preserve the content information and improve the
quality of stylized results, we propose to add weighted style
guidance while preserving the original denoising path dur-
ing inference, where style guidance is referred as the differ-
ence in noise prediction between style LoRA and the pre-
trained model:

geOveslyle (xt7p7pstyle) = €, (X1, D)
+ Acfg(eﬂo(xtyp) - Eeo(xh@)) (8)
+ >‘51}’1°(69>1er (xt7pslyle) — €0 (xivp))a

Astyle 18 used to control the style guidance strength. When
Asyle = 0, it is equivalent to generating original content.

During inference, we can generate paired photo-realistic
and stylized portraits by using a fixed random seed to en-
sure correspondence. The photo-realistic portrait is syn-
thesized by the SDXL backbone conditioned on a baseline
text prompt that encodes the content.To obtain the stylized
counterpart, we integrate the trained style LoRA into the
SDXL backbone and use the same baseline prompt aug-
mented with a style description, thereby guiding the gen-
eration toward the desired artistic appearance. We show the
results of synthesized image pairs in Figure 4

To enable stylization of existing portrait images, we fur-
ther incorporate ControlNet [39] guided by Canny edge

Style Reference

A portrait of a girl: iA portra.lt Of,a gl
atercolor st

SDXL Baseline

portrait of a boy:
nimation style

Figure 4. Leveraging the pre-trained SDXL backbone and SDXL
backbone with trained style LoRA, the proposed method is capable
of synthesizing paired photo-realistic image and stylized image by
using the same random seed respectively.

maps into our pipeline to perform image-to-image transla-
tion. As illustrated in Figure 3, this design effectively pro-
duces high-quality stylization results while faithfully pre-
serving the subject’s identity.

4. Experiments

Implementation Details. In this paper, we use SDXL [22]
as the backbone diffusion model, and LoRA weights for all
styles are trained with AdamW optimizer [18] at learning
rate 1 x 10~° and batch size=1. We first train the geometry
LoRA on the content images for 250 steps, and then jointly
train geometry LoRA and style LoRA for another 250 steps.
Training takes ~10 minutes on a RTX6000 GPU. During
inference, we employ a VLM [35] to extract detailed de-
scription of input images as text prompts for the diffusion
backbone, and integrate ControlNet with canny edge into
the framework for image-to-image translation.

Dataset and Pre-processing. We collect style examples
from the internet and use FFHQ [15] dataset as content im-
ages, with image number 0-999 for test and image num-
ber 1000-9999 for train. All images are firstly resized to
544*544 resolution, after alignment and TPS warping, they
are center-cropped to 512*512 size to avoid the artifacts
near the edge area caused by warping. 28 facial landmarks
are used for image alignment, 8 edge points of the rectangle
images are combined with landmarks for warping.
Baselines. We compare our proposed method with Jo-
JoGAN [3], InstantStyle [30], InstantID, OSASIS [2], B-
LoRA [4], ZePo [17], and K-LoRA [20]. All the compared
methods are tested for one-shot stylization. The comparison
is shown in Figure 6. We use the official implementation for
each method and test with released weights or train with de-

4968



Oilpaint Watercolor Inkpaint Animation Caricature Sketch

Sculpture

fault settings and the same dataset used for our method.
Evaluation Metrics.

We employ Art-FID [34] and VGG style loss [5] to eval-
uate the stylization quality, and ArcFace cosine similarity
[23] and LPIPS [41] to evaluate the content preservation.
Ilustration of Stylization Results in Various styles. We
show the stylization results of the proposed method in
sketch style, caricature style, animation style, inkpaint style,
watercolor style, oilpaint style and sculpture style in Figure
5. Our method consistently generates high-quality outputs
across these styles while effectively handling portraits with

diverse facial features and attributes.

4.1. Qualitative Comparison

We present qualitative comparisons between our method
and several existing approaches in Figure 6. JoJoGAN in-
troduces artifacts in the eye regions of the animation style
and omits key elements, such as the hat in the caricature
style, highlighting the limitations in structural preserva-
tion inherent to StyleGAN inversion-based methods. In-
stantStyle exhibits weak stylization effects for animation

Figure 5. The proposed method synthesize high quality stylized ortrait images across various styles.

style and severe artifacts for caricature style, suggesting
limited effectiveness for styles with strong geometric defor-
mation or non photo-realistic references. InstantID retains
identities but alters facial position and geometry, which un-
dermines its suitability for stylization tasks where structural
fidelity is essential. OSASIS produces high-quality results
for watercolor and oil painting, yet fails to effectively learn
and replicate the characteristics of caricature and animation
styles, indicating difficulty in handling non photo-realistic
domains. B-LoRA synthesizes rich textures but struggles
to preserve the structural integrity and cases geometric dis-
tortion, such as losing the hat in caricature style and fail-
ure in reconstructing human faces in watercolor style re-
sults shown in the supplementary material. ZePo synthe-
sizes high quality stylized textures and colors, but fails to
maintain the person’s age in animation style and identity in
watercolor style. K-LoRA generates distorted textures in
animation style and caricature style, and fails to maintain
the face pose of oilpaint style.

In contrast, Our method demonstrates clear superiority
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Figure 6. Qualitative comparisons of our method and existing methods. Our method synthesizes high quality results that represent clear
and pleasant style and meanwhile loyally preserve the identity and structural information of content images.

Table 1. Quantitative comparison of the proposed model and existing methods. We use ArtFID] and VGG Style Loss] to evaluate
stylization quality and ArcFace cosine similarityf and LPIPS Loss| to evaluate the content preservation compared to the content portrait
images. red and blue represent the best and second best performance. The results are calculated across Animation, Caricature, Oilpaint
and Watercolor styles. Our proposed method achieves the best performance in most of the comparison.

Style JoJoGAN | InstantStyle | InstantID OSASIS B-LoRA ZePo K-LoRA Ours
ArtFID] 232.64 255.08 243.14 261.19 230.93 191.43 202.17 188.71
VGG Style Loss| 4.6738 54716 5.1897 5.9371 4.9371 4.2736 4.5083 4.4619
ArcFace similarityf 0.6877 0.6747 0.6392 0.7017 0.6828 0.6904 0.7005 0.7293
LPIPS| 0.5895 0.6169 0.6907 0.4778 0.7125 0.4841 0.4996 0.4652

over all existing baselines by synthesizing high-quality styl-
ized results that not only convey the intended style through
vivid colors and textures, but also faithfully preserve the
identity and geometric structure of the original content im-
ages. This performance can be attributed to the incorpora-
tion of geometric alignment, which establishes precise spa-
tial correspondence between each content-style pair. This
alignment facilitates the orthogonal adaptation process, en-
abling effective disentanglement of content and style rep-
resentations. As a result, the model can jointly optimize
separate LoORA weights, allowing it to learn style-specific
characteristics while keeping the content information intact.

4.2. Quantitative Evaluation

Art-FID measures the distance of distributions in style
feature space of a network pre-trained on art dataset, while
VGG loss calculates the style gaps between the results and
style references in style transfer tasks. ArcFace similar-
ity compute the cosine similarity of image embeddings ex-
tracted by ArcFace network of image pairs, and LPIPS ac-
cesses the spatial similarity of images in the feature spaces
of pre-trained image recognition network. In this work, we
use Art-FID and VGG style loss to assess stylization qual-
ity and ArcFace cosine similarity and LPIPS loss to evaluate
the preservation of structural and identity-related informa-

tion. Lower Art-FID, VGG loss, LPIPS, and higher Arc-
Face similarities indicate better performance.

We perform quantitative comparisons across four quanti-
tative creteria on caricature style, and summarize the results
in Table 1. Our method achieves the best performances on
ArtFID, ArcFace similarity and LPIPS and ranks the second
on VGG style loss. These results quantitatively demonstrate
that our approach effectively renders vivid and faithful styl-
ization while preserving the structural and identity of the
original portraits.

4.3. Ablation Study

Ablation study on training techniques are shown in Fig-
ure 7. Ablating orthogonality adaption causes severe arti-
facts and color shift in column A. This validates the im-
portance of disentangling content information and style
information, as the trainable LoRA weights fail to learn
any meaningful information without orthogonality adap-
tion. Ablating geometric alignment causes distorted month
of the girl and color artifacts on the man’s face in column
B, using one-way geometric alignment to warp content im-
ages to style landmarks reduces artifacts in column C, but
the qualities are still inferior to the full model in column D,
which features distinct and pleasant animation style, bright
color, fine textures, and free of artifacts. The comparison
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Figure 7. Ablation study of training techniques. We show quali-
tative results and qualitative results of ArtFID and ArcFace simi-
larity of A: Ablating geometric alignment; B: one-side geometric
alignment; C: Ablating orthogonality adaption; and D: full model.

| R
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Figure 8. Ablation study of baseline and prompt. We show qual-
itative results and qualitative results of ArtFID and ArcFace simi-
larity of A: SDXL backbone; B: Ablating style prompt; C: Simple
content prompt and D: Detailed content prompt.

of column B, C and D validates the effectiveness of ge-
ometric alignment: the geometric discrepancies between
content-style pairs hinder stylization. The stylization effects
improves when content-style pairs become more similar in
geometry, as the LoRA effectively learns style information
from aligned corresponding regions.

We also show the ablation study of SDXL baseline and
prompts in Fig 8. The SDXL fails to synthesize results with
proper style in A, indicating the stylization ability does not
come from the backbone but the trained LoRA weights. Ab-
lating style prompt causes stripe artifacts and wired color
in B, showing that the LoRA weights need to work with
style prompts. Using simple content prompt (”’a portrait of
a person”) results in suboptimal results such as gender ob-
fuscation in C, while detailed content prompt ("a portrait of
a mid-aged white women with blonde hair”) leads to visu-
ally pleasant stylization results with structure and identity
unchanged, validating the combination of VLM extracted
detailed prompts and ControlNet is compelling in preserv-
ing structure and identity information of the content image.

4.4. User Study

We utilize an user study to demonstrate how people eval-
uate the proposed method and existing methods. 40 partic-

:JoJoGAN JInstantStyle JInstantID :OSASIS
:B-LoRA :ZePo :K-LoRA :Ours
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Figure 9. Results of user study. Our method is preferred across all
methods in stylizaiton quality and identity preservation.

ipants are invited to select the best results with two criteria:
the overall stylization quality and the preservation of iden-
tities information. We prepare 48 images with 12 images
for each style, and randomly choose 8 images in each style
to show a candidate. For each image, participants are pre-
sented the stylization result of the proposed method together
with results generated by six existing methods.

We present the results of the user study in Figure 9. Our
proposed method has received the highest number of pref-
erences compared to all the baseline illustrated. To fur-
ther support the comparison, we employ the Kruskal-Wallis
test for statistical test. The results clearly demonstrate that
the proposed method significantly outperforms all existing
methods in terms of user preference with a significance
level of p <0.05. The statistic results clearly show that
our method receives distinctive preference by users inves-
tigated. All images shown in the user study are presented in
the supplementary materials.

5. Conclusion

We propose a portrait stylization method that learns style
information from a single style reference. We employ geo-
metric alignment to align content images and the style ref-
erence to the mean landmarks and orthogonality adaption to
disentangle the geometry and style information. A geome-
try LoRA and a style LoRA are jointly optimized with the
aligned content-style pairs. During inference, we use style
guidance to replace the standard classifier-free guidance and
combine the diffusion model with ControlNet for image-
to-image translation. The model can be trained for only a
few hundred steps and synthesize high-quality stylized por-
traits with a single style reference. Qualitative comparison,
quantitative evaluation and user study demonstrate that our
proposed method outperforms existing methods. Ablation
study shows the effectiveness of each component.
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