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Abstract
Hairstyle transfer is a challenging task in the image editing
field that modifies the hairstyle of a given face image while
preserving its other appearance and background features. The
existing hairstyle transfer approaches heavily rely on Style-
GAN, which is pre-trained on cropped and aligned face im-
ages. Hence, they struggle to generalize under challenging
conditions such as extreme variations of head poses or fo-
cal lengths. To address this issue, we propose a one-stage
hairstyle transfer diffusion model, HairFusion, that applies
to real-world scenarios. Specifically, we carefully design a
hair-agnostic representation as the input of the model, where
the original hair information is thoroughly eliminated. Next,
we introduce a hair align cross-attention (Align-CA) to accu-
rately align the reference hairstyle with the face image while
considering the difference in their head poses. To enhance the
preservation of the face image’s original features, we lever-
age adaptive hair blending during the inference, where the
output’s hair regions are estimated by the cross-attention map
in Align-CA and blended with non-hair areas of the face im-
age. Our experimental results show that our method achieves
state-of-the-art performance compared to the existing meth-
ods in preserving the integrity of both the transferred hairstyle
and the surrounding features.

Introduction
With the recent advancement of generative models (Rom-
bach et al. 2022; Saharia et al. 2022), image editing tech-
nologies (Zhang, Rao, and Agrawala 2023; Yang et al.
2023a; Hertz et al. 2022) have shown impressive results.
The task of hairstyle transfer is one of the most challeng-
ing image editing tasks, focusing on modifying an input face
image’s hairstyle to the reference hairstyle. This technol-
ogy can offer users a preview of how different hairstyles
would look on them, enhancing customer satisfaction. The
key challenge of hairstyle transfer is to transfer the reference
hairstyle to the face while preserving other features (e.g.,
identity, clothing, and background) in the face image.

Recent hairstyle transfer (Kim et al. 2022; Khwanmuang
et al. 2023; Wei et al. 2023; Nikolaev et al. 2024) allows
users to manipulate hairstyles using StyleGAN2 (Karras
et al. 2020), which can generate high-fidelity face images.
However, such GAN-based approaches still suffer from sev-
eral challenges. First, since most of them rely on StyleGAN2
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pre-trained on FFHQ dataset (Karras, Laine, and Aila 2019),
they often fail to generalize to face images with various head
poses or focal lengths that lie outside the latent space of
StyleGAN2. This hinders its application to real-world sce-
narios (Yang et al. 2022, 2023b) (see Fig. 5). Moreover,
previous latent optimization methods have limitations in
preserving fine-grained details of reference hairstyles (e.g.,
curl), especially under extreme pose variations.

On the other hand, recent diffusion-based image editing
demonstrates superior performance in manipulating human
images compared to GANs. Thanks to the powerful genera-
tive prior of text-to-image diffusion models, there has been
success in image editing based on human poses (Hu 2024;
Kim et al. 2024b), depth (Zhang, Rao, and Agrawala 2023),
reference images (Yang et al. 2023a), and clothing (Kim
et al. 2024a; Choi et al. 2024). However, it is still under-
explored to leverage diffusion models for hairstyle transfer.

To address the above-mentioned challenges, we propose a
novel hairstyle transfer diffusion model called HairFusion,
which generates a high-fidelity image with the reference
hairstyle while faithfully preserving the surrounding fea-
tures such as head shape, clothing, and backgrounds. We de-
sign a one-stage diffusion hairstyle transfer model building
upon a pre-trained diffusion model (Rombach et al. 2022) to
enhance generalizability on various face images. Inspired by
recent literature on virtual try-on (Choi et al. 2021; Lee et al.
2022; Kim et al. 2024a), we posit that hairstyle transfer can
be conceptualized as a process of filling in the hair region
of a face image, conditioned on the reference hairstyle (i.e.,
exemplar-based image inpainting). Adapting the diffusion-
based image inpainting for the hairstyle transfer, we intro-
duce a hair-agnostic representation and a hair align cross-
attention (Align-CA). We first obtain a hair-agnostic repre-
sentation by thoroughly eliminating the original hair infor-
mation in the face image. Next, the Align-CA aligns the ref-
erence hairstyle with the hair region of the face image by
learning the correspondence between them. Dense pose rep-
resentations (Guler, Neverova, and Kokkinos 2018) are pro-
vided to the Align-CA to encourage the model to indicate
the relative pose difference between reference hair and face.

Nevertheless, when editing the hairstyle via diffusion-
based inpainting, challenges remain in effectively preserv-
ing essential original features such as identity, clothing, and
background of the source face image. To solve this issue,
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Figure 1: Generated results by HairFusion using in-the-wild images. Given a pair of a face image and a reference hairstyle
image, our method can generate high-fidelity images. These results show our model’s generalizability to diverse face images.

we introduce adaptive hair blending. We exploit a cross-
attention map to identify hair regions in the output and seam-
lessly blend them with non-hair areas of the face image dur-
ing the inference. Our extensive experiments demonstrate
that our method significantly outperforms the existing ap-
proaches in terms of synthesized image quality both qual-
itatively and quantitatively. Also, our method achieves su-
perior performance than the existing diffusion models for
exemplar-based image inpainting, even when applied to di-
verse, real-world images, as presented in Fig. 1. We summa-
rize our contributions as follows:
• We present HairFusion, the first one-stage diffusion-

based hairstyle transfer framework, capable of generaliz-
ing across arbitrary face images in real-world scenarios.

• We propose a hair align cross-attention module (Align-
CA) that aligns the reference hairstyle with the face im-
age by accounting for differences in head poses.

• Our novel adaptive hair blending effectively preserves
the original features in non-hair regions by blending the
estimated hair regions of the generated image with the
non-hair regions of the face image during inference.

Related Work
Diffusion-based Image Editing. Text-to-image diffusion
models (Saharia et al. 2022; Rombach et al. 2022) have
demonstrated remarkable success in generating high-fidelity
images based on textual descriptions. Several approaches
have been proposed for image manipulation under diverse
conditions, incorporating conditions such as pose (Hu 2024;
Kim et al. 2024b), reference images (Yang et al. 2023a;
Chen et al. 2024), and multiple conditions (Zhang, Rao, and
Agrawala 2023; Kim et al. 2023) like depth maps and edge
maps. Furthermore, several studies have extended to im-
age inpainting based on the reference images, including ob-
jects (Yang et al. 2023a; Chen et al. 2024) or clothing (Kim

et al. 2024a). However, hairstyles, compared to other objects
like clothing, involve more diverse inpainting regions due to
the high variability in hair width and length across different
styles. This study seeks to broaden the applicability of diffu-
sion models by using them to transfer the hairstyle from the
reference image to a source face image.

Hairstyle Transfer. The existing hairstyle transfer ap-
proaches exploit GANs to apply the reference hairstyle to
the face image. MichiGAN (Tan et al. 2020) employed con-
ditional generators incorporating hair attributes such as hair
shape and appearance. LOHO (Saha et al. 2021) and Barber-
shop (Zhu et al. 2021) introduced latent optimization tech-
niques based on pre-trained StyleGAN (Karras et al. 2020)
to preserve the overall structure of the face image while
reflecting the reference hairstyle. To broaden the scope of
hairstyle transfer applications, HairFIT (Chung et al. 2021),
StyleYourHair (Kim et al. 2022), StyleGANSalon (Khwan-
muang et al. 2023), and HairFastGAN (Nikolaev et al. 2024)
have developed the pose-invariant hairstyle transfer, accom-
modating significant differences in head pose between the
face and reference images. Moreover, HairCLIP (Wei et al.
2022) and HairCLIPv2 (Wei et al. 2023) interactively edit
hairstyles based on multiple conditions, such as text de-
scriptions, reference images, masks, and sketches. On the
other hand, HairNeFR (Chang, Kim, and Kim 2023) lever-
ages neural rendering to geometrically align target hair in
the volumetric space. However, due to the capability of pre-
trained StyleGAN, most previous methods still have limita-
tions in generalizing to the face images with various head
poses or focal length and preserving fine-grained details of
reference hairstyles (i.e., texture and curl). In this paper, we
introduce a novel diffusion-based hairstyle transfer model
performing on multi-view images, enhancing the applicabil-
ity of hairstyle transfer in real-world scenarios.
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Figure 2: Overall pipeline of HairFusion. (a) HairFusion consists of a pre-trained U-Net, a hair encoder, a hair align cross-
attention (Align-CA), and a pose encoder. We first preprocess hair-agnostic image xagn using a hair mask mhair and a face
outline image fagn. Then, we provide xagn, a hair-agnostic mask magn, a hair image xhair and dense pose images pagn, phair
as inputs to the model. (b) To inject xhair into xagn, we leverage the Align-CA, which aligns the hair features with the face
features via cross-attention. Here, the pose features are added to the query (Q) and the key (K) as additional guidance.

Method
Preliminary
Large-scale diffusion probabilistic models have shown
promising performance in image generation. Diffusion mod-
els (Ho, Jain, and Abbeel 2020) learn to generate images
from a target data distribution by progressively denoising a
normally distributed variable. Stable Diffusion (SD) (Rom-
bach et al. 2022) is a latent diffusion model (LDM) that per-
forms the denoising process in the latent space of an autoen-
coder. To be specific, a pre-trained encoder (E) first trans-
forms an input image x to latent feature z0 = E(x). Then,
a forward diffusion process is performed with a pre-defined
variance schedule βt, following denoising diffusion proba-
bilistic models (Ho, Jain, and Abbeel 2020):

q(zt|z0) = N (zt;
√
ᾱtz0, (1− ᾱt)I), (1)

where t ∈ {1, ..., T} and T denotes the number of steps in
the forward diffusion process. αt is defined to be 1− βt and
ᾱt to be Πt

s=1αs. SD is trained with the following loss:

LLDM = EE(x),y,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, τθ(y))∥22

]
,
(2)

where ϵθ(·) is a denoising U-Net (Ronneberger, Fischer, and
Brox 2015) and τθ(·) is a CLIP (Radford et al. 2021) text
encoder that embeds the text prompt y.

Overview
We address hairstyle transfer from the perspective of
exemplar-based image inpainting. HairFusion aims to newly
generate the masked hair region of a source face image

x ∈ R3×H×W according to the reference hairstyle xhair ∈
R3×H×W . As presented in Fig. 2(a), we first preprocess a
hair-agnostic image xagn ∈ R3×H×W that faithfully re-
moves the original hair and potential hair regions for various
reference hairstyles while preserving the regions that need to
be reconstructed. Then, HairFusion takes xagn, xhair, and
face outline image fagn ∈ R3×H×W as the input during de-
noising. Following Paint-by-Example (Yang et al. 2023a),
we inject the class token of xhair extracted from a pre-
trained CLIP image encoder into the denoising U-Net as
an exemplar condition. Additionally, HairFusion leverages
a hair encoder to extract detailed spatial features of xhair.
We align the features of xhair with xagn via a hair align
cross-attention (Align-CA). The Align-CA is designed to
consider the relative difference of head poses, focal lengths,
and face shape between xagn and xhair based on their dense
pose features. We obtain dense pose features by injecting
pagn and phair into a pose encoder Ep. During the infer-
ence, our newly proposed adaptive hair blending enhances
the preservation of the original features in the source face
image, which are largely occluded by magn.

Hair-Agnostic Representation
To apply various reference hairstyles, all the potential hair
regions in the source face x need to be masked as an in-
painting region. Also, the remaining hairstyle information in
x can harm the model’s generalization ability at inference.
To address this issue, we design a hair-agnostic representa-
tion xagn that eliminates potential hair regions for xhair and
the original hair of x while preserving the regions that need
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to be maintained. As illustrated in the top-right of Fig. 2, we
first zero out the hair region of x according to its hair seg-
mentation mask mhair. Next, we remove the potential hair
region based on the face outline image fagn. To be specific,
we remove the area above the eyebrows and the region ex-
tending from the leftmost to the rightmost coordinate along
the jawline with additional margins. We preserve the face
region that needs to be accurately reconstructed. Note that
we also preserve the neck and body beneath the chin, where
hair typically does not exist. More details are illustrated in
the supplementary material. Our hair-agnostic representa-
tion enables the model to process a wide variety of reference
hairstyles while maintaining the core identity features.

Hair Align Cross-Attention
We leverage the cross-attention (CA) to align the reference
hairstyle xhair with xagn. As shown in Fig. 2(b), our Align-
CA exploits reference hairstyle features as the key (K) and
value (V), where the output of the followed self-attention
layer is given as the query (Q). We extract intermediate fea-
tures of the reference hairstyle using a trainable hair encoder
whose initial weights are copied from the denoising U-Net.

Since xhair can vary in face shapes and head poses, it is
challenging to accurately determine the hair shape or length
based solely on xhair. For example, even if the hair in xhair
appears to be long, it would be short hair if the reference’s
face shape is elongated. Hence, we add the features of dense
pose images, pagn and phair, to Q and K in Align-CA:

Align-CA = softmax(
(Q+ Ep(pagn)) · (K+ Ep(phair))

T

√
d

)·V,

(3)
where Ep is a pose encoder consisting of a stack of convolu-
tional layers and d indicates the dimension of the feature. In
this way, we can assist our model to accurately approximate
the hair shape and length in the generated image in relation
to the face based on the correspondence between xhair and
xagn. We replace a few CA layers in the denoising U-Net
decoder with our Align-CA.

Training Strategy
For training, we use a multi-view dataset to encourage the
model to learn hair alignment across various head poses.
Ideally, training samples consist of pairs with the same iden-
tity but different hairstyles and head poses. Since no existing
datasets include such pairs, we utilize a multi-view dataset
as an alternative to obtain pairs with the same identity and
hairstyle but different head poses. During the training, one
pair is given as x, and the other’s hairstyle is given as xhair.

We train the hair encoder, Align-CA, and pose encoder
(Ep) of HairFusion with the following objective:

LLDM = Eζ,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(ζ, t, τϕ(xhair), E(xhair)∥22

]
,

(4)
where

ζ = ([zt; E(xagn);R(magn); E(fagn)] , Ep(pagn), Ep(phair)),
(5)

τϕ is a CLIP image encoder, andR indicates resize function.

Figure 3: Overview of adaptive hair blending. We obtain
mblend using mca extracted from CA maps in Align-CA
and the source hair mask mhair. mblend blends the gener-
ated hair features with the other features in the source.

Adaptive Hair Blending
One major challenge in hairstyle transfer is to preserve the
original features in the source face image except for hair.
However, the occluded region in xagn inevitably changes
due to the autoencoder’s reconstruction error, degrading per-
formance. As a naive solution, one can apply latent blending
as in Blended Diffusion (Avrahami, Lischinski, and Fried
2022) using a hair-agnostic mask magn as a blending mask.
However, since magn is designed to eliminate all the poten-
tial hair regions of the generated image, using magn as a
blending mask unnecessarily loses useful information of x.

To address this issue, we propose an adaptive hair blend-
ing that maximally preserves the original features in x. Since
our Align-CA learns to align xhair with xagn, the aligned
hair regions of the generated image are expected to be acti-
vated in the CA maps of Align-CA. With this motivation, we
derive an adaptive blending mask (mblend) by leveraging the
CA mask (mca) which indicates the hair region of the out-
put and the source hair mask (mhair) as illustrated in Fig. 3.
Specifically, mca is computed by normalizing and thresh-
olding the CA maps extracted from the Align-CA layers. We
obtain mblend with the union of 1 −mca and 1 −mhair,
indicating the regions to preserve in x as 1. Finally, we per-
form the adaptive hair blending with mblend, and update zt
at timestep t with the blended feature before proceeding to
the next timestep (t− 1) as follows:

zt ← zxt ⊙mblend + zt ⊙ (1−mblend), (6)

where zxt indicates the noisy latent of x at timestep t, and
mblend is a binary mask, where the regions to be preserved
are 1. We apply adaptive hair blending during the final N
timesteps of the denoising process, and N is set as 10 in the
entire experiment. In this way, we can faithfully preserve the
features of the source face image x, minimizing the recon-
struction error of the autoencoder.

Experiment
Experimental Setup
Dataset. We utilize two multi-view datasets, the K-
hairstyle (Kim et al. 2021) and the CelebV-Text (Yu et al.
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Figure 4: Qualitative comparison with the diffusion-based baselines.

Figure 5: Qualitative comparison with baselines using web-crawled images.

2023) datasets for the experiments. The K-hairstyle dataset
consists of 500,000 high-resolution face images with vari-
ous focal lengths and head poses with more than 6,400 iden-
tities. Following the Style Your Hair (Kim et al. 2022), we
excluded the images whose hairstyle or face is significantly
occluded. Due to the privacy issue, we blur the face of the
images from the K-hairstyle dataset. Also, the CelebV-Text
dataset is a large-scale facial text-video dataset that contains
70,000 in-the-wild face video clips with text pairs. For the
experiments, we randomly sampled 6,000 video clips with
different identities and sampled 20 frames from each video.
We remove images whose facial landmarks or hair masks
are not detected. All the images are resized to 512×512 in
the experiments. More details for dataset preprocessing are
described in the supplementary material.

Baselines. We first compare our HairFusion with state-of-
the-art diffusion models for exemplar-based image inpaint-
ing: Paint-by-Example (PbE) (Yang et al. 2023a) and Any-
door (Chen et al. 2024). For a fair comparison, we re-
place their input with our newly designed hair-agnostic rep-
resentation during the training and inference. Since Any-
door uses various multi-view datasets to train the model,
we fine-tune the Anydoor with our dataset instead of train-
ing the model from scratch. Also, we compare our method
with StyleGAN-based hairstyle transfer approaches, Style
Your Hair (SYH) (Kim et al. 2022) and HairCLIPv2 (Wei
et al. 2023). We apply StyleGAN (Karras et al. 2020)
trained on our dataset to StyleGAN-based approaches.
Since the methods based on StyleGAN pre-trained with the
FFHQ dataset (Karras, Laine, and Aila 2019) mainly tackle
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Figure 6: Qualitative comparison with StyleGAN-based methods using cropped and aligned images.

Dataset Method FID↓ SSIM↑ PSNR↑ LPIPS↓

K-Hairstyle

SYH 22.84 0.62 18.41 0.32
PbE 13.26 0.59 19.26 0.29
Anydoor 19.00 0.63 18.78 0.27
Ours 10.82 0.70 21.15 0.18

CelebV-Text

SYH 35.77 0.62 21.14 0.30
PbE 32.72 0.41 14.55 0.42
Anydoor 35.70 0.50 15.45 0.37
Ours 23.50 0.74 22.55 0.18

Table 1: Quantitative comparison to baselines, including
SYH, PbE, and Anydoor.

cropped aligned faces, we also compare our method with
StyleGAN-based methods using cropped aligned images.
Specifically, we crop and align the test images in the way
the FFHQ dataset is preprocessed for StyleGAN-based ap-
proaches. Also, we crop and align the results of HairFusion
in the same way for comparison.
Evaluation Metric. We evaluate our method on two tasks,
hairstyle transfer and reconstruction. Hairstyle transfer mod-
ifies hairstyle between two images with different identities
and hairstyles. We measure the fréchet inception distance
(FID) score (Heusel et al. 2017) to evaluate how similar the
distributions of the synthesized and the real images are. In
the reconstruction task, we utilize two images with the same
identity and hairstyle but different head poses. One pair is
considered the source face (i.e., the ground truth image for
the model to reconstruct) while the other serves as the refer-
ence hairstyle image. We measure SSIM, PSNR, and LPIPS
for the reconstruction task to evaluate if the model accurately
reflects the detailed features (e.g., shape, length, color, etc.)
of the reference hair in the result. For the evaluation, we ran-
domly sample 2,000 pairs from the test sets.

Comparison to Baselines
Qualitative Comparison. Fig. 4 presents a comparison be-
tween our model and diffusion-based image inpainting mod-
els, PbE (Yang et al. 2023a) and Anydoor (Chen et al. 2024),
using the K-Hairstyle and CelebV-Text datasets. PbE strug-
gles to reflect the shape or color of the reference hair in the
output. This is because PbE injects the reference hair fea-

Datset Method FID↓ SSIM↑ PSNR↑ LPIPS↓

K-Hairstyle
SYH 25.79 0.50 15.56 0.36
HairCLIPv2 24.36 0.48 14.45 0.38
Ours 15.41 0.55 19.26 0.30

CelebV-Text
SYH 35.69 0.65 22.09 0.28
HairCLIPv2 35.40 0.66 21.21 0.29
Ours 22.00 0.70 21.77 0.21

Table 2: Quantitative comparison to StyleGAN-based base-
lines using cropped and aligned dataset.

tures using only the class token extracted by the CLIP im-
age encoder, which results in a significant loss of detailed
hair shape and color information. While Anydoor preserves
the features of the reference hair, it fails to maintain the head
shape or clothing of the source face image.

Additionally, we conduct a comparison with web-crawled
images in Fig. 5 using ours and the baselines trained on the
K-Hairstyle dataset. Overall, SYH produces blurry outputs
compared to the diffusion-based models. Although SYH
employs StyleGAN trained on multi-view images, it fails to
preserve the source face’s identity and loses the detail of the
reference hair when applied to in-the-wild images contain-
ing diverse poses. Moreover, PbE and Anydoor struggle to
maintain both the hairstyle features of the reference hair and
the non-hair features in the face image.

Lastly, we compare our method to StyleGAN-based meth-
ods using cropped and aligned test sets in Fig. 6. The outputs
generated by SYH and HairCLIPv2 have blurrier hair com-
pared to ours. Also, SYH and HairCLIPv2 fail to align the
reference hair to a face when they have a large pose differ-
ence, even when the inputs are cropped and aligned.

Unlike the existing methods, HairFusion generates real-
istic outputs not only in both the K-Hairstyle and CelebV-
Text datasets but also in the web-crawled in-the-wild images
while preserving both the fine details of the reference hair
and the surrounding features in the source face image.
Quantitative Comparison. Table 1 shows that our model
achieves superior performance compared to the existing
methods, including SYH (Kim et al. 2022), PbE (Yang et al.
2023a), and Anydoor (Chen et al. 2024). For a fair compar-
ison, we apply our newly designed hair-agnostic representa-
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Figure 7: Visualization of estimated hair mask in Align-CA. The CA masks are obtained by normalizing and thresholding the
CA maps in Align-CA. The CA masks successfully indicate the hair regions of the output. t indicates the timestep of the reverse
denoising process, where the total timestep is 50.

Figure 8: Qualitative evaluation for the ablation study using
K-Hairstyle dataset. The red box indicates the reference hair.

tion to the diffusion-based baselines. PbE achieves inferior
performance in the reconstruction task (i.e., SSIM, PSNR,
and LPIPS), showing that it fails to reflect the detailed fea-
tures of the reference hair. Although SYH and Anydoor
achieve better reconstruction performance than PbE, they
produce unrealistic outputs, achieving higher FID scores.

Also, we compare our method to the existing StyleGAN-
based hairstyle transfer methods in Table 2 using cropped
and aligned images. Our method achieves superior perfor-
mance in both hairstyle transfer and the reconstruction task,
except for CelebV-Text PSNR. Since most non-hair regions
in face images are eliminated in cropped and aligned images,
our adaptive hair blending may show only a slight improve-
ment or comparable performance in the reconstruction task.

Ablation Study
We evaluate our method by gradually adding each compo-
nent of HairFusion to the baseline. As in Fig. 8 and Table 3,
we start from the baseline which only contains the denoising
U-Net, CLIP image encoder, and the hair encoder. Then, we
gradually add Align-CA and the adaptive hair blending. The
results show that the baseline struggles to estimate the exact
hair shape and length of the aligned reference hair, achieving
lower reconstruction performance. Although adding Align-
CA largely improves hair alignment performance, it still
fails to preserve detailed features in the non-hair region of

FID↓ SSIM↑ PSNR↑ LPIPS↓
Baseline 15.43 0.58 18.09 0.30
+ Align-CA 15.59 0.62 19.33 0.27
+ Adaptive Hair Blending 10.82 0.70 21.15 0.18

Table 3: Quantitative ablation study using K-Hairstyle.

the face image such as clothing. Our method with adaptive
hair blending achieves the best performance in both hairstyle
transfer and reconstruction. Fig. 8 shows that only ours suc-
cessfully maintains the reference hair features as well as the
clothing’ details of the face image.

Analysis of Adaptive Hair Blending
Adaptive hair blending leverages the CA mask mca in the
Align-CA to estimate hair regions of the output. Fig. 7 visu-
alizes mca extracted from Align-CA every 10 timesteps as
the 50 timesteps of the reverse denoising process proceed.
The first and the second row present a test pair from K-
Hairstyle and CelebV-Text, respectively. We visualize mca

from the 7-th CA map in Align-CA while we use the 6-th
and 7-th CA map in adaptive hair blending. The figure shows
that mca successfully indicates the hair regions of the gener-
ated image. HairFusion effectively reconstructs the original
features of x by blending the generated hair features and the
non-hair region features in x.

Conclusion
This paper proposes the first one-stage diffusion-based
hairstyle transfer model, HairFusion, conceptualizing
hairstyle transfer as an exemplar-based image inpainting.
HairFusion introduces Align-CA that aligns the target
hairstyle with a face image based on dense pose features,
accounting for their pose difference. Our novel adaptive
hair blending technique allows HairFusion to blend the
transferred reference hair features with the source face’s
other appearance and background features based on the hair
region estimated by CA maps of Align-CA. HairFusion
achieves state-of-the-art performance compared to the ex-
isting approaches, including StyleGAN-based methods and
diffusion models for exemplar-based inpainting. We also
demonstrate that HairFusion can generalize to in-the-wild
samples with diverse head poses and focal lengths.
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