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Figure 1. Domain generalizable portrait style transfer. By training on the CelebAMask-HQ dataset with only 30K portrait photos, our
method allows for high-quality semantic-aware style transfer between any two portraits from a wide variety of domains including photo,

cartoon, sketch, animation, etc.

Abstract

This paper presents a portrait style transfer method that
generalizes well to various different domains while enabling
high-quality semantic-aligned stylization on regions includ-
ing hair, eyes, eyelashes, skins, lips, and background. To
this end, we propose to establish dense semantic correspon-
dence between the given input and reference portraits based
on a pre-trained model and a semantic adapter, with which
we obtain a warped reference semantically aligned with the
input. To ensure effective yet controllable style transfer,
we devise an AdalN-Wavelet transform to balance content
preservation and stylization by blending low-frequency in-
formation of the warped reference with high-frequency in-
formation of the input in the latent space. A style adapter is
also designed to provide style guidance from the warped
reference. With the stylized latent from AdalN-Wavelet
transform, we employ a dual-conditional diffusion model

TEqual contribution.
*Corresponding author.

that integrates a ControlNet recording high-frequency in-
formation and the style guidance to generate the final re-
sult. Extensive experiments demonstrate the superiority of
our method. Our code and trained model are available at
https://github.com/wangxb29/DGPST.

1. Introduction

Portrait style transfer has gained popularity as an advanced
image editing technique, providing an automated way to ap-
ply the visual style of a reference portrait to an input por-
trait. This task is particularly challenging as it requires pre-
cise local tone adjustments across different facial regions,
such as the skin, lips, eyes, hair, and background, to faith-
fully replicate the reference style while preserving the por-
trait identity and facial structure details. As illustrated in
Figure 1, this technique is expected to enable a wide range
of transformations, such as converting a human portrait into
various artistic styles, modernizing old photographs, and
adding color to sketch images, allowing casual photogra-
phers to effortlessly transform their photos into stunning
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masterpieces inspired by their favorite artworks.

To enhance the efficiency of portrait style transfer, sev-
eral prior works [1, 7, 28, 29, 32, 34, 38, 41, 48] have
demonstrated compelling results. However, these meth-
ods are not easily adaptable for generating portraits across
multiple domains. More recently, diffusion models have
been leveraged for various applications, including seman-
tic matching [15, 33, 43] and style transfer [2, 3, 5, 10, 35,
36, 39, 47]. While techniques such as those proposed in
[1, 16,28, 29] aim to achieve stylization by aligning seman-
tic regions, they are effective only when the structural dif-
ferences between the input and reference portraits are min-
imal. When applied to portraits with significant structural
variations, these methods struggle to transfer style effec-
tively between corresponding semantic regions.

In this paper, we propose a novel domain-generalizable
diffusion model for portrait style transfer. Our approach
first warps the reference portrait using correspondences
learned from diffusion models, producing a high-quality
warped style reference. To generate realistic and visually
coherent portrait, our framework is designed to integrate
a dual-conditional diffusion model, leveraging ControlNet
to extract high-frequency details from the input image for
structural guidance, while an image adapter utilizes the
warped reference to provide style guidance.

Unlike previous diffusion-based methods [2, 3, 5, 36,
47], our approach establishes dense semantic-aligned corre-
spondences to enhance the quality of style transfer. Specifi-
cally, we introduce a semantic adapter, comprising a frozen
diffusion U-Net and a CLIP encoder to extract image fea-
tures from both the content and style reference images.
As naively using these extracted features for correspon-
dence estimation can result in incomplete semantic regions
due to misalignment, we introduce mask warping loss and
cyclic warping consistency loss for optimizing the semantic
adapter to encourage semantic consistency in the extracted
features. With this refined representation, our method en-
ables accurate semantic-aware style transfer while ensuring
the visual coherence in the generated portraits.

Color tone plays a crucial role in defining artistic style
during portrait style transfer. If the generation process starts
from the latent representation of the input image, the result-
ing portrait tends to retain its original color tone, limiting
the effectiveness of style transfer. To better integrate struc-
ture and style, we propose a novel AdaIN-Wavelet Trans-
form for latent initialization. Specifically, we first com-
pute the latent representation of the warped reference im-
age using DDIM inversion, as initializing from this latent
naturally enhances color transfer effect. However, since the
warped reference image may lose some fine-scale content
details, directly using its latent representation may result
in blurred portrait. To mitigate this, we blend the low-
frequency information of the warped reference latent with

the high-frequency information of the input latent, achiev-
ing a balance between stylization and content preservation.

With the aforementioned designs—Ilearning domain-
agnostic semantic correspondences for portraits and the
AdaIN-Wavelet latent initialization—our model enables ef-
fective portrait style transfer across various different do-
mains. Through extensive experiments, we demonstrate the
effectiveness of our approach in various artistic styles, mod-
ernizing old photographs, and colorizing sketch images.
Our key contributions can be summarized as follows:

* We present a portrait style transfer framework that can
robustly process portraits from various different domains
by training on a small-scale real-world portrait dataset.

* We propose to utilize pre-trained diffusion model and also
a semantic adapter for robust dense correspondence ex-
traction. In addition, we develop a AdaIN-Wavelet trans-
form to balance stylization and content preservation.

» Extensive experiments show that our method significantly
outperforms previous methods in both visual quality and
quantitative metrics.

2. Related Work

Diffusion-based Style Transfer. Diffusion models have
been explored for style transfer, with a common approach
leveraging cross-attention layers in text-to-image diffusion
models. These methods can be broadly categorized into
three groups: (i) directly using text prompts [37], (ii) map-
ping the reference image into textual embeddings [46, 47],
and (iii) incorporating an additional cross-attention mech-
anism with image prompts [24, 35, 42]. Beyond these ap-
proaches, training-free methods have also been developed
based on pre-trained text-to-image diffusion models. These
methods inject features into self-attention layers [3, 5, 17]
during the generation process to guide stylization. Addi-
tionally, StyleDiffusion [39] fine-tunes a diffusion model
for a given reference image using a CLIP-based style dis-
entanglement loss. However, most existing diffusion-based
methods are designed for artistic style transfer that does not
need to consider semantic correspondence, and thus basi-
cally struggle to deal with portrait style transfer involving
strong semantic relevance, especially when the portraits are
from different domains.

Portrait Style Transfer. Significant progress has recently
been made in this field. Shih et al. [28] pioneered pho-
torealistic portrait style transfer by first warping the refer-
ence portrait to align with the input portrait, followed by a
multiscale local contrast transfer. Concurrently, Shu et al.
[29] redefined portrait relighting as a mass transport prob-
lem and proposed an algorithm to address it. With the ad-
vent of CNN-based neural style transfer [0, 21], specialized
methods for portrait style transfer emerged, including pho-
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Figure 2. Framework overview. (Left) Illustration of the proposed portrait style transfer method. We first feed the input and reference
portraits into Stable Diffusion and the Semantic Adapter. Next, we extract diffusion features and compute a correlation matrix, which is
used to warp the reference portrait. During sampling, we provide structure guidance by extracting the high-frequency information of the
input portrait using Discrete Wavelet Transform and feed it into ControlNet. For style guidance, the warped reference is input into the style
adapter. To obtain the initial latent, we perform DDIM inversion on both the warped reference and input portraits, followed by applying
AdalN between them. The final initial latent is obtained by combining the low-frequency information of the warped reference latent with

the high-frequency information from the input latent after AdaIN.

torealistic [8] and artistic styles [27]. Among them, Guo
and Jiang [8] enhanced spatial transformations by maxi-
mizing the cross-correlation of features within segmented
regions between the input and reference images. GAN-
based methods have also gained popularity in face styliza-
tion due to their ability to generate high-quality, highly de-
tailed images [1, 7, 34]. Notably, some approaches leverage
semantic masks to enable style transfer for specific facial
regions [7, 34]. Moreover, StyleGAN [11, 12], known for
its impressive high-resolution face synthesis and hierarchi-
cal style control, has served as a foundation for several re-
cent artistic portrait style transfer methods [30, 40, 41, 48].
However, these methods are unsuitable for our task, as they
inevitably alter portrait identity.

3. Preliminary

Diffusion model is a class of generative models consisting
of a T-step forward process and a T'-step reverse process.
Here, T represents the total number of steps in the forward
process. At each timestep ¢ , the forward process adds Gaus-
sian noise to the input according to a predetermined noise

schedule ay;:

2t =+ag 20+ V1 —ap-e,e ~N(0,1). (1
A corresponding reverse process involves predicting the
added noise € using a network €y, which takes z; and
timestep ¢ as input, and then samples z;_1 from z; using a
formula, such as DDPM [9] and DDIM [31]. The ¢y is usu-
ally parameterized as a U-Net for image generation. The
added noise is progressively removed, ultimately resulting
in a clean image. In this paper, we implement our method
using Stable Diffusion (SD) [26], a large-scale pre-trained
text-to-image model. The training objective of SD is de-
fined as:

L= Ezt,t,y,ewj\f((),l) |:||6 - 69(2,5, t, y)”%] ) 2

where y is the embedding of text prompts generated by a
pre-trained CLIP [25] text encoder.

4. Method

Our method aims to achieve semantically aligned portrait
style transfer while preserving content details. Since our
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Figure 3. Qualitative comparison with SOTA portrait style transfer methods.

focus is on detailing the proposed method within the dif-
fusion process, we denote the content image as z§ and
the style image as zj. As illustrated in Figure 2, our ap-
proach first warps the portrait style image using the corre-
spondence learned from diffusion models to obtain a high-
quality warped style reference z;- (Section 4.1). To gen-
erate a realistic portrait, our framework incorporates a dual-
conditional diffusion model (Section 4.2). This model uti-
lizes the ControlNet eg, which extracts high-frequency in-
formation from the content image z§ to provide content
guidance, while an image adapter leverages the warped ref-
erence z;™ to offer style guidance. Additionally, we intro-
duce a latent initialization strategy (Section 4.3) to achieve a
better balance between stylization and content preservation.

4.1. Semantic-Aware Style Alignment

Different from previous diffusion-based methods [33, 43]
for correspondence extraction, our approach focuses on es-
tablishing dense correspondence across portraits to achieve
high-quality portrait style transfer. By ensuring style trans-
fer between semantically aligned regions, we enhance both
accuracy and visual coherence. This section details our
method for constructing robust semantic correspondence to
enable precise and effective style alignment.

Correspondence Extraction. We first utilize a semantic
adapter and a pre-trained CLIP image encoder to extract
image features. Specifically, we obtain features from the
penultimate layer of the encoder, which consists of a to-
tal of 16 x 16 + 1 = 256 tokens with one class token
and 256 tokens corresponding to individual image patches.
These tokens are then processed through a projection net-
work and fed into Stable Diffusion U-Net for decoupled
cross-attention [42]. Next, we feed z§ and 2§ into the Stable
Diffusion U-Net and extract features from the third upsam-
pling block of the U-Net, represented as 5 € R7"W*C and
Fy € REWXC forimages 2§ and 2§ (H and W represent the
feature spatial sizes, while C is the number of channels), re-
spectively. Then, the element of ¢;;, row and j;;, column in
the correlation matrix is computed as:

(FS(Z) - MFg(z‘)) : (F(S)(J> - MFg(j))
1F6 () — preciyll2 16 () — prsill2”

M(i, j) = 3)

where pipe € RZW and JOS RZW are mean vectors of
F§ and F7 along the channel dimension.

Semantic-Aware Image Warping. With the semantic cor-
respondence, we perform a differentiable warping of the
reference portrait 2z toward the input 2§, resulting in z§-.
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Each pixel of 23" is computed as a weighted average of z§:

7 (1) = ZsoftjmaX(M(ivj)/T) 2(7), @)

where 7 is set to 0.01 to make the softmax curve sharper. To
further enhance the accuracy of semantic correspondence,
we introduce a mask warping loss during training, defined
as:

Loinask = ||]\4C - MSiw”ly (5

where M ¢ represents the semantic mask of z§, and M- is
obtained by warping the mask M? of 2§ following Equation
4. Besides, we introduce a cyclic warping consistency loss
to reinforce style preservation during the warping process:

Lewe = Lrprps(25, 25y, (6)

where 2% is obtained by warping z°- using the trans-
posed correlation matrix M . By incorporating these two
losses, the dense correspondence learned from diffusion
models is further refined and enhanced. Figure 4 compares
the effect of replacing the correspondence in our method
with two alternatives [33]. As shown in the warped refer-
ence, output, and visualized correspondence map, the cor-
respondence in our method is more accurate. This accuracy
enables our method to generate portrait images that faith-
fully replicate the reference style while preserving the por-
trait’s identity and facial structure details.

4.2. Dual Conditional Diffusion Model

The proposed dual-conditional diffusion model leverages
both structure guidance and style guidance to generate re-
alistic portrait images. This novel architectural design en-
ables the integration of high-frequency structures and se-
mantically aligned style references, enhancing the quality
and coherence of the generated images.

Structure Guidance. Unlike the previous method [36],
our model utilizes the high-frequency information from
the content image z; through ControlNet to provide style-
independent structural guidance. To achieve this, we apply
the Haar Discrete Wavelet Transform (DWT) to extract the
high-frequency components of the content image. Specif-
ically, the Haar wavelet transform performs a depth-wise
convolution with four kernels, {LLT LHT HL"T HH'},

whereL:%[l l}T,H:%[—l 1]T. Among these,

LLT acts as a low-pass filter, while LH',HLT, and HH'
serve as high-pass filters that capture high-frequency infor-
mation in the horizontal, vertical, and diagonal directions,
respectively. We use the outputs from the three high-pass
filters LH", HLT and HH' as the corresponding input to
ControlNet, which can be formulated as:

t
M = [20ms 20 2] (7N

= Conv([LH' ,HL" ,HH ], 2§). (8)

Reference

L\

Sd4match
Figure 4. Effect of our semantic correspondence. For a query
point (yellow point in input), the first row shows the similarity
map computed by different methods. The second row displays
the warped references. The third row shows the outputs generated
using these different warped references. As seen, our correspon-
dence achieves higher similarity in the semantic region of the ref-
erence, demonstrating its superior accuracy.

Note that the original spatial size of ¢! is half that of 2.
Therefore, we upsample ¢! using bilinear interpolation
and use the upsampled ¢“"** as input to the ControlNet.

Style Guidance. We employ a style adapter consisting of
a text encoder and an image encoder [42], integrated into
the cross-attention layers for style guidance extraction and
injection. The text prompt is fixed as “a photo of a por-
trait,” while image features is extracted from the penulti-
mate layer of CLIP. The extracted latent representation is
then passed through a projection layer to obtain the style
guidance c*% = [c!, '], where ¢! represents the text feature
and ¢’ represents the image feature. These features are then
fused with the main Denoising U-Net. Specifically, we per-
form decoupled cross-attention operations on both text and
image features, injecting them into the corresponding lay-
ers of the Denoising U-Net. The decoupled cross-attention
mechanism can be illustrated as:
t i
VAR softmax(Qi)Vt +A- softmax(Q—K)Vi,

Vd Vd
)

where ) is a weight that balances the contributions of text
and image prompts. @Q, K¢, V! represent the query, key,
and value matrices for text cross-attention, while K* and
V' correspond to image cross-attention. Given the query
features Z from the main denoising UNet, we define (Q =
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IW,, K = dWi, Vi = éWi, K* = W} and V* =
c!WE, where only W} and W are trainable weights.

4.3. Initial Latent AdaIN-Wavelet Transform

In portrait style transfer, color tone plays a crucial role in
conveying style information. If sampling begins from the
latent z% of the content image, the generated image will
largely retain its original color tone. To achieve an ini-
tial latent representation that preserves the structural details
of the input image while enhancing local color style trans-
fer, we propose a novel AdaIN-Wavelet transform for la-
tent initialization. First, we compute the latent representa-
tion of the warped reference image 25~ using DDIM inver-
sion, denoted as z7*. Since initiating the denoising process
from 27" strongly enhances color transfer, directly using it
may result in a blurred output. To address this, we propose
blending the low-frequency components of 27" with the
high-frequency components of the content latent, striking
a balance between effective stylization and content detail
preservation. We first apply AdaIN between z7%* and 27,
formulated as:

)(Z% — N(Z%)

TGry ) HEE, 0

258 = g (a5
where o() and p() denote channel-wise mean and standard
deviation, respectively. We then apply the wavelet trans-
form to integrate the high-frequency information from zfﬁ/
and the low-frequency informatoin from 27", which is ob-
tained as:

cs s.w cs’ cs’ cs’
AT = IDWT(ZT,LUzT,LH7ZT,HLaZT,HH)a (11)

where IDWT denotes the inverse wavelet transform.

To control the strength of stylization, we introduce a pa-
rameter . Since stylization is influenced by both the latent
initialization and the style adapter, ~y is applied in two key
areas. First, we interpolate between the input latent 2% and
stylized latent 2%:

27 = x 27 + (1 —7) x 25. (12)

Similarly, v is used in style adapter to interpolate between
the feature embeddings of the warped reference image and
the input image. In this paper, we set v = 1.0 by default for
best stylization effects.

4.4. Training and Implementation Details

We implement our method using Stable Diffusion 1.5 and
follow a two-stage training strategy. In the first stage, we
train the semantic adapter while freezing the other param-
eters of the pre-trained diffusion model. To ensure the
features encode meaningful information, we incorporate a
noise prediction loss during this stage:

Esem = ]Ezt,t,lﬂc,(-:rv./\/((),])||E - 69(2t7t71w)||§7 (13)

Method Gram loss| LPIPS| IDJ

Shih et al. [28] 0.376 0.187  0.093
Chen et al. [1] 0.287 0.156  0.344
Zhou et al. [48] 0.688 0.393  0.657
Wang et al. [38] 0.208 0.181 0.106
IP-A[42] + C.N.[44] 2.835 0.245 0.774
Deng et al. [5] 1.745 0.162  0.393
StyleID[3] 0.505 0.198  0.222
InstantStyle + [36] 0.557 0.294  0.272
Ours 0.274 0.116  0.057
Ours (w/o ControlNet) 0.236 0.333 0.450
Ours (w/o style adapter) 0.548 0.145  0.086
Ours (w/ Init AdaIN) 1.196 0.151 0.062

Table 1. Quantitative comparison on CelebAMask-HQ.

Method Gram loss| LPIPS| 1IDJ

Shih et al. [28] 0.802 0.156  0.105
Chen et al. [1] 0.926 0.169 0.316
Zhou et al. [48] 0.827 0.423  0.669
Wang et al. [38] 1.488 0.119  0.096
IP-A[42] + C.N.[44] 4.211 0.375 0.763
Deng et al. [5] 1.493 0.178 0.331
StyleID[3] 1.343 0.149  0.165
InstantStyle+ [36] 0.723 0.192  0.203
Ours 0.657 0.083  0.087

Table 2. Quantitative comparison on a mixed dataset with por-
traits from multiple domains.

where I” represent an arbitrary input image. The total loss
at this stage is:

L= Esem + /\cﬁcyc + /\77L£77Lask7 (14)

where A\, and )\, are set to 1 and 10, respectively.

In the second training stage, we train the ControlNet and
style adapter. Due to the absence of paired training data for
our tasks, we train the model to reconstruct images condi-
tioned on both the style and content inputs. The loss func-
tion at this stage can be formulated as follows:

£Tec = Ezt,t,ccm,cs”y,ew./\f(o,[) HG — €9 (Zt7 ta Ccnta CSty) ||§7
(15)

cnt and ¢ are both extracted from a single input

where ¢
image.
Our method is implemented in PyTorch [23]. We uti-
lize 2 Nvidia RTX 4090 GPUs with a batch size of 1 per
GPU for training. The AdamW [20] optimizer is employed,
with a learning rate of le-5. The first stage of training
runs for 500K iterations, while the second stage is trained
for 300K iterations. The training process requires approxi-
mately 24GB of memory, and testing necessitates 16GB of
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memory for images with a resolution of 512 x 512. For
testing, we use the DDIM sampler [18] with 10 timesteps
for inversion and 30 timesteps for sampling.

5. Experiments

5.1. Datasets and Evaluation Metrics

Datasets. We evaluate our method on CelebAMask-HQ
[13], FFHQ [11], and AAHQ [19]. CelebAMask-HQ con-
tains 30K high-resolution portrait images, each paired with
a facial segmentation mask covering 19 facial semantic cat-
egories. FFHQ consists of 70K high-quality images de-
picting a wide range of human faces. AAHQ includes ap-
proximately 25K high-quality artistic images with varied
painting styles, color tones, and face attributes. To demon-
strate the generalization ability of our method, we train it
solely on the 28K training images from the CelebAMask-
HQ dataset [38].

Metrics. To evaluate the stylization effects for semantically

corresponding regions, we follow Wang et al. [38] to com-
pute the Gram loss between the input image and the warped
reference. Additionally, we use LPIPS [45] to measure con-
tent preservation performance and adopt the Identity Dis-
tance (ID) [4], as used in [14, 22], to quantitatively assess
identity preservation.

5.2. Comparison with State-of-the-art Methods

Baselines. We compare our method with two types of state-
of-the-art style transfer methods: (i) conventional portrait
style transfer methods, including Shih et al.[28], Chen et al.
[1], Zhou et al. [48], and Wang et al. [38], and (ii) diffusion-
based style transfer methods, including IP-Adapter (IP-A)
[42] + ControlNet (C.N.) [44], Deng et al. [5], StyleID [3],
and InstantStyle-Plus (InstantStyle+) [36]. For learning-
based methods, we retrain them on CelebAMask-HQ us-
ing the publicly available training code provided by the au-
thors, with the recommended parameter settings. For meth-
ods with pre-trained models only, we fine-tune their models
on CelebAMask-HQ.

Quantitative Evaluation. Tables | and 2 present the quan-
titative comparison results on the CelebAMask-HQ dataset
and a mixed dataset from multiple domains, including por-
traits from CelebAMask-HQ, FFHQ, and AAHQ for a more
comprehensive evaluation. As shown, on CelebAMask-
HQ, the Gram loss of our method is comparable to the
state-of-the-art method [38], while our LPIPS and ID scores
are significantly better, demonstrating superior content and
identity preservation. On the mixed dataset, our method
achieves the lowest Gram loss. Furthermore, our method
outperforms other style transfer techniques in both LPIPS
and ID, highlighting its strong domain generalizability.

Qualitative Evaluation. Figure 3 compares our results
with those of previous style transfer methods [3, 5, 38,
42, 44].  Our method achieves more faithful stylization
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Figure 9. Results of adding color to grayscale and sketch por-
traits.
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Figure 10. Results of modernizing old photographs.
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Figure 11. Results of transferring real portraits to sketch style.

effects by effectively transferring styles across semanti-
cally aligned regions, such as skin, lips, hair, and back-
ground. Additionally, our method demonstrates superior
performance in content preservation, unlike artistic meth-
ods [5, 42, 44], which often alter facial identity. Please see
the supplementary material for more visual results.

5.3. More Analysis

Ablation Studies. Figure 5 investigates the effects of Con-
trolNet and the style adapter. Our high-frequency Control-
Net preserves content details more effectively than using a
canny edge detection map or the input image. Moreover,
with the style adapter, the accuracy of stylization is further
enhanced, surpassing the performance of the common IP-
Adapter with 4 tokens. Figure 6 compares results using dif-
ferent initializations of latent noise. Initializing latent by
adding noise of different levels to input, or using the in-
version input latent as the initial tend to preserve the orig-
inal color style. Performing AdaIN between the input and
reference latents [3] improves overall stylization effects but
doesn’t ensure local style similarity. Using the latent of the
warped reference yields strong stylization effects, but the
output becomes blurry. In comparison, our AdaIN-Wavelet
initialization strikes a better balance between stylization and
content detail preservation. Quantitative results in Table 1

Metric ‘Deng etal. StyleID InstantStyle+ Ours

Time | (sec) ‘ 24.18 9.12 67.40 6.97

Table 3. Comparison on inference time.

further support this conclusion. More results can be found
in the supplementary material.

Controllable Region-specific Style Transfer. As shown in
Figure 7, our method generates natural results by transfer-
ring the style of specific semantic regions, such as hair, face,
or lips. Given the mask of a specific region, we achieve
this by simply replacing the corresponding regions in the
warped reference with those from the input portrait.

Style interpolation. Figure 8 demonstrates that our method
supports continuous style interpolation, allowing for control
over the stylization strength by adjusting the parameter v as
described in Section 4.3.

Portrait Style Transfer across Different Domains. Fig-
ure 9 demonstrates that our method can colorize grayscale
and sketch portraits using reference portraits from different
domains. Figure 10 showcases the ability of our method
to restore the color of old photos. Finally, Figure 11 illus-
trates that our method can replicate a sketch style. Note, by
adjusting the ControlNet conditioning scale, our method al-
lows for controlling the level of detail preservation for better
stylization effects. Please see the supplementary material
for more visual results.

Inference time. Our model processes images at a res-
olution of 512 x 512 in approximately 6.97 seconds on
an NVIDIA RTX 4090 GPU, making it more efficient
than other diffusion-based methods, as shown in Table 3.
The efficiency comes from two factors: (i) our AdalN-
Wavelet module is robust to the number of DDIM inversion
steps—only 10 steps are needed to achieve high-quality re-
sults; (2) our content guidance is delivered via ControlNet,
which helps remove the necessity for intermediate feature
extraction [3, 5]. These advantages collectively contribute
to the accelerated inference.

6. Conclusion

We have presented a portrait style transfer framework that
excels in domain generalization and produces high-quality
results. By leveraging pre-trained diffusion models and a
semantic adapter, we get reliable dense correspondence be-
tween portraits, enabling semantically aligned stylization.
Besides, we develop an AdalN-Wavelet transform to bal-
ance stylization and content preservation, and also intro-
duce a style adapter as well as a ControlNet to offer style
and content guidance. Extensive experiments demonstrate
that our method outperforms existing approaches.
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