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Figure 1. Head-swapped images generated by our approach. Using the proposed method, HID, the head in the images of Head column
is seamlessly integrated onto the images of Body column, resulting in realistic and cohesive head-swapped images in the Swapped column.

Abstract

With growing demand in media and social networks for
personalized images, the need for advanced head-swapping
techniques—integrating an entire head from the head im-
age with the body from the body image—has increased.
However, traditional head-swapping methods heavily rely

on face-centered cropped data with primarily frontal-facing
views, which limits their effectiveness in real-world appli-
cations. Additionally, their masking methods, designed to
indicate regions requiring editing, are optimized for these
types of dataset but struggle to achieve seamless blending in
complex situations, such as when the original data includes
features like long hair extending beyond the masked area.
To overcome these limitations and enhance adaptability in
diverse and complex scenarios, we propose a novel head
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swapping method, HID, that is robust to images including
the full head and the upper body, and handles from frontal
to side views, while automatically generating context-aware
masks. For automatic mask generation, we introduce the
IOMask, which enables seamless blending of the head and
body, effectively addressing integration challenges. We fur-
ther introduce the hair injection module to capture hair de-
tails with greater precision. Our experiments demonstrate
that the proposed approach achieves state-of-the-art perfor-
mance in head swapping, providing visually consistent and
realistic results across a wide range of challenging condi-
tions.

1. Introduction
With recent advancements in media and social networks,
the demand for face-editing has increased, enabling users
to replace faces with those of celebrities or fictional charac-
ters. To this end, continuous developments has been made
in Face Swapping [8, 22, 29, 32, 49]. However, face swap-
ping only replaces the face identity (face ID) that included
eyes, nose, lip, eyebrow and skin, which limits its realism
in applications like virtual avatar generation, movie and ad-
vertisement synthesis, and social media content creation,
where differences in facial shape and hairstyle can make
the results less convincing. In these cases, head swapping
becomes essential.

Unlike face swapping, head swapping combines the en-
tire head, including the face ID, face shape, and hairstyle,
of the head image with the body image’s body, as their dif-
ferences are highlighted in Fig. 2. Therefore, while face
swapping only applies the face ID to the body image, head
swapping needs to seamlessly merge the entire head from
the head image with the body in the body image. Due to its
increased complexity, head swapping still faces numerous
unresolved challenges. 1) For a realistic head swap, it re-
quires seamless blending between the swapped head and the
original body. 2) Unlike face swapping, where only the face
ID features of the head image are extracted, head swapping
have to also handle the structural information of the head
that includes a hairstyle and a facial structure.

These challenges stem from the use of face-centered
cropped datasets with primarily frontal-facing views and
masking methods. As shown in Fig. 3(a), most head-
swapping methods [2, 14, 32] perform head swapping only
on face-centered cropped data, which may not fully con-
tain the hair. Additionally, the masking methods proposed
in [2, 14, 32] are optimized for these types of images and,
thus lacking the ability to create a seamless transition be-
tween the head and body. Therefore, if users require head
swapping in images that include the full head as well as the
body, previous methods need an additional phase to paste
the head back into the body, often resulting in inharmo-

Figure 2. Face swapping simply applies the head image’s face ID
to the body image. In contrast, head swapping requires applying
not only the head image’s face ID but also the hairstyle, face shape,
and skin tone.

Figure 3. Most previous head-swapping methods [2, 14, 32] rely
on datasets that require involving the zoomed-in, face-centered im-
ages as shown in (a). In this case, an additional step is needed
to merge the head-swapped images back onto the original body,
which can often result in mismatched or unnatural outcomes. In
contrast, our approach uses the dataset that includes the whole up-
per body, as shown in (b), enabling head swapping in more realis-
tic, real-world scenarios.

nious images. As this issue is clearly shown in Fig. 4, if the
original head in the body images has long hair beyond the
cropped area, remnants of the hair remain visible. Further-
more, datasets with primarily frontal-facing views lack ro-
bustness to diverse facial orientations. Although there have
been attempts to address this issue, such as HeSer, it oper-
ates in a few-shot manner [40] by utilizing a wide range of
view images extracted from video. This highlights the need
for a more challenging dataset that includes upper body im-
ages with diverse facial orientations and has only a single
image per person. To the best of our knowledge, no existing
method efficiently addresses these real-world complexities
in a zero-shot manner.

Therefore, we design a novel zero-shot head swapping
approach, named Head Injection Diffusion (HID), with
proposing Inverse-Orthogonal Mask (IOMask) and hair in-
jection module, which are components of our approach to
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Figure 4. When existing methods that use face-centered cropped
datasets [2, 14, 32] handle cases where the head-swapped image
need to be pasted back with the original body image, they could
generate inharmonious outcomes because the remaining parts in
the body image cannot be addressed. The original body image
(a) has brown hair, while the head-swapped image (c) has blonde
hair, causing the final image (b) to show a noticeable color incon-
sistency in the hair.

perform head swapping in real-world scenarios with this
challenging dataset. Our approach not only handles diverse
facial orientations in a zero-shot setting but also leverages
a SHHQ [12] dataset that showcases the entire upper body.
This approach combines the strengths of existing datasets
while addressing the limitations of previous head swap-
ping methods as illustrated in Fig. 3. To tackle the re-
maining challenges in ensuring that the head of the head
image blends naturally onto the body of the body image,
we propose our IOMask, which automatically generates a
context-aware mask. In head swapping tasks, automating
the mask generation process is essential for real-world ap-
plications. Aligning the orientation of the head of the head
image with head of the body image is crucial, but it is chal-
lenging for users to predict and provide such a mask man-
ually and existing automatic masking methods have limita-
tions as aforementioned. We address this issue by introduc-
ing the IOMask, extracted within HID, is obtained by lever-
aging the orthogonal component between the reconstruction
condition and the editing condition, both of which origi-
nate from the inverted latent. Furthermore, to preserve face
ID, face shape and hairstyle, we build our approach Pho-
toMaker V2 [1] 1, a state-of-the-art identity-oriented per-
sonalization model. Inspired by this method, we introduce
our hair injection module to transfer the hair information
more precisely.

Our main contributions are as follows:

• We propose a zero-shot head swapping approach, HID,
with introducing IOMask and hair injection module,
which ensures seamless blending and better preserving
intricate hairstyle details, leading to robust performance
in real-world applications by using challenging dataset.

• We introduce IOMask, a novel approach that automati-
cally generates realistic, context-aware masks for seam-

1The code has been released but the paper has not been published yet.

less head-body integration. This approach effectively
blends the head with the body and removes any remains
of the original body image, enhancing the practicality of
head swapping for real-world applications.

• Through experimental results, we demonstrated state-of-
the-art head swapping performance in handling complex
scenarios.

2. Related work

2.1. Head Swap
Although there is relatively sparse research on head-
swapping tasks, existing studies can be divided into two
categories: few-shot approaches [32, 40] and zero-shot ap-
proaches [2, 14, 43]. Few-shot methods, such as those pro-
posed by [32, 40], utilize videos to give a few shots of head
input from different views so that the head in the head im-
age is better aligned with the head in the body image. On
the other hand, HSDiffusion [43] is a zero-shot diffusion-
based method but just aligns the center points of the head
and body images and cutting and pasting the components
accordingly. In other words, it does not align the direc-
tion of the head in the head image with the direction of the
head in the body image. Therefore, HSDiffusion does not
precisely align with traditional head swapping task. Other
zero-shot approaches, like FaceX [14] and REFace [2], also
leverage diffusion models for head swapping. [14] is a uni-
fied method for handling diverse facial tasks and [2] is a
face-swapping method adapted to support head swapping.

However, most of these existing head swapping meth-
ods [2, 14, 32] has a critical weakness in that they rely
on face-centered cropped datasets with primarily frontal-
facing view. Since head swapping is type of an inpainting
task, generating an appropriate mask for the edited region
is essential, but the mask generation process in [2, 14, 32]
are optimized to these kinds of datasets. In practical appli-
cations, this often results in disharmonious outputs, espe-
cially when uncropped areas require adjustments for seam-
less head integration. Furthermore, even though HeSer [40]
is not exactly corresponding to this problem, it is a few-shot
based approach, which is less efficient than zero-shot. Our
proposed approach performs in a zero-shot manner and uses
dataset that contains upper body images with diverse fa-
cial orientations, enabling more practical and seamless head
swapping in real-world applications.

2.2. Diffusion Models
Diffusion models [19, 37, 42] have achieved impressive ad-
vancements in generating images based on text prompts [21,
35, 36, 38] drawing significant attention in recent years.
Their exceptional performance is largely due to the avail-
ability of high-quality, large-scale text-image datasets [5,
39], continuous improvements in foundational models [7,
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31], enhancements in conditioning encoders, and better
control mechanisms [3, 24, 28, 46, 47].

Additional condition. ControlNet [47] and T2I-
Adapter [28] improve diffusion models by encoding spatial
information, such as edges, depth, and human pose, to offer
more control over the generated content through spatial
conditioning alongside text prompts. ControlNet [47]
achieves this by cloning the base model’s encoder and
incorporating conditioning data as residuals into the
model’s hidden states, enhancing coherence with spatial
cues. IP-Adapter [46] further extends control by using
high-level semantics from a reference image, projecting its
embedding into the text encoder’s space to enable image
generation influenced by both visual and textual prompts.

Identity-oriented Diffusion Model. Identity-oriented
diffusion models [1, 25, 30, 44] enable efficient, high-
fidelity identity synthesis. PhotoMaker [25] achieves this by
fusing ID embedding with specific text embeddings. Pho-
toMaker V2 [1] improves upon PhotoMaker by utilizing
more data and introducing an improved ID extraction en-
coder. InstantID [44] employs a cross-attention-based in-
jection technique similar to IP-Adapter [46], applying it in-
dependently to text embeddings. Arc2Face [30] integrates
face recognition features from ArcFace [10], fusing them
before passing through the text encoder.

2.3. Image Editing
Recently, leveraging the strong generative capabilities of
diffusion models, several studies have aimed to facilitate
image editing that aligns closely with user intent [3, 9, 16,
21, 27]. One critical aspect of image editing is local editing,
where specific areas of an image are modified based on user
guidance. Many methods [9, 15, 27] address this by em-
ploying masks to define the regions requiring adjustment.

In general, masks for local editing within diffusion mod-
els can be obtained through two main approaches: one us-
ing difference between predicted noises and the other lever-
aging attention-based [6, 16] techniques. Using predicted
noise’s difference methods [9, 15, 27] use of the disagree-
ment in predictions of stable diffusion [37] with source and
target captions. This method is advantageous due to their
computational efficiency, providing faster editing capabil-
ities. However, they can suffer from inaccuracies, which
we aim to mitigate with our proposed approach. On the
other hand, attention-based techniques [4, 6, 13, 16] are
typically more precise but have the drawback of slower pro-
cessing speeds. Although segmentation masks could also
be used to delineate editing areas, they come with limita-
tions in certain transformations, such as changing short hair
to long hair, where they may lack adaptability. Our method

addresses these challenges by improving the accuracy, pro-
viding a balanced solution that enhances both precision and
speed in local editing tasks.

3. Method
We propose a novel approach, HID, that takes a body image
Ib and a head image Ih as inputs and outputs a swapped
image Io, where the head in Ib is seamlessly replaced with
the one in Ih. We also introduce IOMask for precise mask
extraction to guide head integration (Sec.3.2) and utilizes
hair injection module to generate heads that match the input
head images (Sec.3.3). Together, these components form
our cohesive head-swap method (Sec.3.4). Fig. 5 provides
an overview of our process.

3.1. Preliminary
Classifier-free guidance. In text-guided generation, a sig-
nificant challenge is managing the enhanced influence of the
conditioned text on the output. To address this, [18] intro-
duced a technique known as classifier-free guidance, CFG,
which combines an unconditional prediction with a condi-
tioned prediction to achieve the final result. Formally, let
∅ = ψ(””) represent the embedding of an empty or null
text, and let w denote the guidance scale parameter. The
CFG prediction is then formulated as follows:

ϵθ(zt, t, C,∅) = ϵθ(zt, t,∅)+w·(ϵθ(zt, t, C)−ϵθ(zt, t,∅)).
(1)

DDIM inversion. A simple inversion method has been
suggested for DDIM sampling [41], which relies on the
premise that the ordinary differential equation process can
be retraced in reverse if the step size is sufficiently small.

zt+1 =

√
αt+1

αt
zt+

(√
1

αt+1
− 1−

√
1

αt
− 1

)
·ϵθ(zt, t, C).

(2)
Put differently, the diffusion process follows a reversed tra-
jectory, going from z0 to zt rather than from zt to z0, with
z0 initialized as the encoding of a real input image. More-
over, DDIM Inversion uses CFG with w = 1 that means
text-conditioned predicted noise ϵθ(zt, t, C) is used.

PhotoMaker V2. Given a few ID images to be cus-
tomized, PhotoMaker V2 [1] generates a new photo-
realistic human image that retains the characteristics of the
input IDs. This capability is achieved by updating text em-
beddings. Specifically, the text embedding for a particu-
lar class is fused with the image embeddings extracted by
CLIP [34] image encoder and the ID embeddings extracted
by ID encoder [20]. In this paper, we refer the model that
creates the fused embedding, as ID Fusion model. The out-
put of ID Fusion model replaces the class text embedding
before it is input into the U-Net.
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Figure 5. Overview of HID. Our HID consists of two main stages (left and right). In the left stage (blue region), we obtain updated text
embeddings by fusing embeddings. These fused ID embeddings and fused hair embeddings replace the part of original text embeddings,
resulting in updated text embeddings. In the right stage (white region), the final output Io, a head swapped image, is generated. DDIM
inversion is performed to reconstruct the image while leveraging our IOMask to infer which parts of the body image should be removed,
thereby generating the head image. During this process, the updated text embeddings obtained in the left stage, along with the output from
ControlNet, serves as conditioning inputs for the diffusion model.

3.2. IOMask

For accurate head-swapping, obtaining a mask for head re-
gion is crucial to generate on the body image Ib. Inspired
by [9, 15, 27], we achieve this by extracting the mask
within our model. Given an body image Ib, we first ap-
ply DDIM [41] Inversion with our model, obtaining the
latent ẑt at a specific time step t. If we use DDIM In-
version with guidance scale w = 1, that provides a faith-
ful reconstruction when adapting the denoising guidance
keep the scale same. For specific time-step t, we can get
ϵθ (̂.zt, t, Cb) from denoising ẑt, where Cb means body im-
age’s text embeddings, and established this for a baseline.
The Inverse-Orthognal map, called IO map, is then deter-
mined by the areas that differ under head-conditioned pre-
dicted noise ϵθ(ẑt, t, Ch,∅), where Ch means head im-
age’s text embeddings with fused ID embeddings and fused
hair embeddings. Note that CFG is conducted for head-
conditioned predicted noise. For simplicity, we’ll omit no-
tation ẑt and t.

To obtain IO map, we compare ϵθ(Ch,∅) and ϵθ(Cb).
Using ϵθ(Cb) as the reference, we compute the mask by
isolating vector components of ϵθ(Ch,∅) orthogonal to the
body condition, rather than relying on absolute differences
ϵθ(Ch,∅) - ϵθ(Cb). We provide a visualization of this pro-
cess in vector form in Fig. 6. When adjusting normaliza-
tion and thresholding, the distribution of value magnitudes
is critical. Values aligned in the similar direction should be
smaller, while those in differing directions should be larger,

Figure 6. Visualization of obtaining ϵorthθ in vector form.

as the head area will be oriented differently and should be
emphasized. Therefore, we base our calculations on the
components orthogonal to the reference ϵθ(Cb). Thus, the
formulation is given by:

ϵorthθ = ϵθ(Ch,∅)− < ϵθ(Cb), ϵθ(Ch,∅) >

∥ϵθ(Cb)∥2
ϵθ(Cb) (3)

After normalizing the IO map between 0 and 1, we ob-
serve the presence of dotted artifacts. To address this issue
and improve robustness, we apply a Gaussian filter. The
Inverse-Orthogonal Mask, called IOMask, M is then com-
puted as follows:

M = 1(GF (|ϵorthθ |)≥τ), (4)

where GF denotes the Gaussian filter function, and τ ∈
[0, 1] is the threshold parameter.
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3.3. Hair Injection Module

While PhotoMaker V2 [1] can generate human images that
maintain a given identity to varying degrees, it cannot be
directly applied to the head-swapping task because it is fun-
damentally an image generation model, not an image edit-
ing model. To address this, we first introduce the IOMask
to provide the model with information about the region that
needs to be edited.

A remaining challenge is to generate hairstyles that ac-
curately reflect the hairstyle features in Ih. Since Pho-
toMaker V2 relies solely on text prompts for conditioning,
aside from ID, we inject hairstyle information from im-
ages specifically for the head-swapping task by training the
Hair Fusion model inspired by PhotoMaker V2. We train
the Hair Fusion model with text prompts that includes ’A
man/woman img with hairstyle.’ img serves as a trigger
word for ID injection, while the embeddings of hairstyle
is fused with the hair embeddings extracted from the pre-
trained Hair Encoder [50] and the hair image embeddings
extracted from the CLIP image encoder. The Hair Fusion
model comprises a Q-former and MLPs, and the text em-
beddings are updated such that the fused ID embeddings
and fused hair embeddings replace the corresponding origi-
nal text embeddings. This allows the model to learn a distri-
bution that enables these updated embeddings to condition
the UNet, facilitating effective head-swapping. Also, dur-
ing hair injection module training, SCHP [23] was used to
extract a mask for regions excluding the background, and a
masked loss was applied to reconstruct the person, allowing
for effective hairstyle integration.

3.4. Head Injection Diffusion Model

The Head Injection Diffusion model (HID) performs head
swapping by combining the hair injection module with
IOMask. Given a body image Ib and a head image Ih, the
method outputs a swapped image Io. To achieve this, Ih is
processed through the ID injection module and a hair im-
age is processed through hair injection module. Each mod-
ule outputs a fused embedding which replaces the corre-
sponding text embeddings to generate the head condition
Ch, used as input through cross-attention. Additionally, the
body pose is provided to the model via open-pose Control-
Net [47] to ensure alignment.

The denoising process begins with the inversion latent
ẑT , stored during IOMask generation. Starting with this
latent ensures that the masked region does not begin without
body details, thereby preventing mismatches in skin tones
or clothing artifacts. This inversion latent is continuously
blended with the mask during updates, promoting a more
natural result. Each denoising stage refines a noisy latent zt
to obtain zt−1.

During each denoising step, given the head conditionCh,

the latent zt is denoised to latent z̃t and updated as follows:

zt−1 = z̃t−1 ⊙M+ ẑt−1 ⊙ (1−M) (5)

By replacing the unmasked pixels with the inversion latent
of the input image, we prevent the generation process from
altering any pixels outside the mask. After iterative denois-
ing, the head-swapped image Io is obtained.

4. Experiments
4.1. Experimental Setup
Dataset. We use the SHHQ-1.0 dataset [12], consisting of
40K images, for training and evaluation. The original res-
olution of the dataset is 1024 × 512; however, to focus on
the head swapping task, we preprocess the images to 512
× 512 by cropping out the lower part of the body. Given
that the maximum resolution that SDXL [33] can generate
is 1024 × 1024, we upsample the images to this resolution
using GFPGAN v1.4 [45]. After image preprocessing, we
obtain a total of 39,804 images, which are split in a 9:1 ra-
tio. This results in 35,823 images for training and 3,981
images for evaluation. In addition, We generate image cap-
tions for training using the state-of-the-art image caption-
ing model, LLaVa-NEXT [26], which is based on LLama-
3-8B [11]. To incorporate ID and hairstyle information, we
modify the captions to include the phrase ’A man/woman
img with hairstyle.’

Baselines. To the best of our knowledge, there are no ex-
isting baselines that align precisely with our head swapping
task, which operates in a zero-shot manner, reenacts the
head in the head image to match the orientation of the head
in the body image, and does not require face-centered crop-
ping or alignment. Therefore, we compare our performance
solely with REFace [2], the only head swapping method
that has officially released its code between zero-shot head
swapping method, to demonstrate that our approach outper-
forms an existing method.

Evaluation. All images in the evaluation dataset are used
as head images, which are randomly paired with other im-
ages from the same dataset to serve as body images. We
use ’A man/woman image with hairstyle’ as a text prompt
for the evaluation. The evaluation is conducted using the
following metrics: Learned Perceptual Image Patch Simi-
larity (LPIPS)[48], CLIP-I [34] and Frechet Inception Dis-
tance (FID)[17]. To demonstrate the performance of our ap-
proach, we calculate LPIPS and CLIP-I using images with
masked hair or masked head regions, where the head mask
includes both hair and face. We first generate human pars-
ing masks using SCHP [23] and use these masks to iso-
late hair or head regions. After that, we measure LPIPS
and CLIP-I between the hair and head regions of the gen-
erated images and the corresponding regions in the real im-
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Figure 7. Qualitative comparison. The images in the Head row are combined with those in the Body row. The last two rows are the
head-swapped results produced by each method.

ages from the evaluation dataset. This allows us to more
closely compare the generated image with specific features
of the real image to make an assessment of how similar
and consistent the targeted areas are. Additionally, we use
FID to assess the quality of generated images. However,
since REFace [2] handles solely on face-centered cropped
regions, a fair comparison is difficult. To address this, we
crop the same region from our generated images to match
the face-centered area used by REFace.

4.2. Results
Quantitative results. As shown in Tab. 1, our HID out-
performs REFace [2] in both LPIPS and CLIP-I metrics
for the head and hair regions. This result indicates that
HID more accurately preserves ID and hairstyle in head im-
ages, which is essential for the head-swapping task. More-
over, we outperformed REFace on the FID score. This
demonstrates that our generated images have superior qual-
ity, achieving a more natural integration of head and body
features compared to existing methods.
Qualitative results. As shown in Fig. 2, the swapped
head must preserve key attributes of the head image, in-
cluding skin tone, hairstyle, identity, and face shape. Fig. 1
illustrates how our method effectively achieves these re-
quirements, performing the head swap task while maintain-

ing these essential characteristics. Additionally, thanks to
the IOMask, we can generate appropriate masks that al-
low the creation of long hair where needed, ensuring that
only the relevant head region is modified while leaving
other areas unchanged. In Fig. 7, we demonstrate that our
method outperforms REFace [2], particularly in challenging
cases where head orientation and gender differ significantly.
Unlike REFace, which suffers from limitations inherent to
the cropping approach—such as hair being cut off and not
blending well with surrounding areas—our approach over-
comes these issues, maintaining a seamless and coherent
appearance even under these challenging conditions. Fur-
thermore, unlike the mask used in REFace, our proposed
IOMask effectively removes only the necessary face and
hair areas from the body image, enabling a smooth and nat-
ural swap.

4.3. Ablation Study
4.3.1. IOMask
We demonstrate the effectiveness of our IOMask through
an ablation study, comparing the results of three configura-
tions: the naive IO map, IO map without orthogonal com-
ponents, and the full IO map. The naive IO map is defined
as ϵθ = ϵθ(Ch,∅) − ϵθ(Cb,∅), where the ID embeddings
of both head and body conditions are without further re-
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Figure 8. Ablation study on IOMask configurations. We com-
pare three variants: the naive IO map, the IO map without orthog-
onal filtering, and the full IO map. The full IO map demonstrates
improved focus and precision in identifying relevant areas for head
swapping, as indicated by regions of high values in red.

finement. The IO map without orthogonal components is
defined as ϵθ = ϵθ(Ch,∅)− ϵθ(Cb) , omitting the orthogo-
nal filtering step present in our full IO map. We visualized
the IO map by overlaying it on body images, with red indi-
cating regions of high values. As illustrated in Fig. 8, the
naive IO map introduces substantial randomness and often
covers irrelevant areas. In contrast, both the IO map without
orthogonal components and the full IO map provide more
relevant coverage. Notably, the full IO map focuses more
precisely on the regions that have to be swapped.

4.3.2. HID
We evaluate the performance impact of each element in the
HID to show the effect of our methods as shown in Fig. 9.
So, we sequentially remove the hair injection module and
IO Mask, while applying both model with ControlNet and
same input text, ’A man/woman img with hairstyle.’

Starting with the our full approach, which includes all
components, we achieved optimal results with high-quality
head swaps, including detailed hairstyle transfer and effec-
tive integration of the head with the body. When the hair in-
jection module was removed, the generated results showed a
noticeable reduction in hairstyle detail, as the method could
no longer fully transfer the hairstyle from the head image
onto the body image. This is because, while PhotoMaker
V2 effectively maintains faceID, it does not inherently en-
sure hairstyle preservation.

Finally, although generation began from the inversion la-
tent, removing the IO Mask resulted in retaining only a very
slight amount of the body image and losing its ability to
maintain regions of the body image outside the head. This
setup led to inconsistencies in other areas of the body image,
underscoring the importance of each component for achiev-
ing a natural and coherent final output.

Figure 9. Ablation study on components of our approach. We
conducted ablation experiments by removing each component of
our method individually. Without the hair injection module, the
model fails to retain the head image’s hairstyle, as seen in the first
row where the hair appears short. Additionally, removing the IO
mask results in a complete loss of body image information.

FID↓ Head Hair
LPIPS↓ CLIP-I ↑ LPIPS↓ CLIP-I ↑

REFace 40.7162 0.0770 0.7867 0.0658 0.8563
Ours 37.1879 0.0721 0.8512 0.0596 0.8686

Table 1. Quantitative comparison. Ours outperforms REFace [2]
across all metrics.

5. Conclusion

We propose the HID approach, an efficient head swapping
method aimed at real-world applications. Our approach al-
lows the head image to blend seamlessly with the body im-
age while preserving original details, resulting in a natu-
ral outcome. Despite these significant improvements over
previous approaches, there are still areas that require re-
finement. For example, regions beyond the head, like the
hands, neck, or other skin areas, may experience unintended
changes. In the Fig. 1, the second example from the right
shows a case where the hands were masked to adjust their
color, allowing them to match the skin tone of the head im-
age. However, while the skin tone was transferred success-
fully, the pose and fine details of the original body image’s
hands were not preserved, which highlights a limitation of
our approach. Unlike previous methods that rely heavily on
cropping or head-centric masking techniques, our approach
takes into account which areas should be edited when con-
ditioned with the head image, allowing for more flexibility
and potential for improvement. Nevertheless, our method
shows potential for further advancements, and future work
could focus on better preserving details of these regions
while still achieving seamless skin tone transfer.
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