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Final Industrial Content Production Results (with Chroma Keying)

Figure 1. Illustration of our CHANGER pipeline. After acquiring the actor’s frames (source), we can seamlessly blend acting scenes
into the desired scenes with our CHANGER. Chroma keying ensures high-fidelity backgrounds. Here, both of the source and the target

actors are virtual humans.

Abstract

We introduce an industrial Head Blending pipeline for
the task of seamlessly integrating an actor’s head onto
a target body in digital content creation. The key chal-
lenge stems from discrepancies in head shape and hair
structure, which lead to unnatural boundaries and blend-
ing artifacts. Existing methods treat foreground and back-
ground as a single task, resulting in suboptimal blending
quality. To address this problem, we propose CHANGER,
a novel pipeline that decouples background integration
from foreground blending. By utilizing chroma keying
for artifact-free background generation and introducing
Head shape and long Hair augmentation (H? augmen-
tation) to simulate a wide range of head shapes and hair
styles, CHANGER improves generalization on innumer-

able various real-world cases. Furthermore, our Fore-
ground Predictive Attention Transformer (FPAT) module
enhances foreground blending by predicting and focusing
on key head and body regions. Quantitative and qualita-
tive evaluations on benchmark datasets demonstrate that
our CHANGER outperforms state-of-the-art methods, de-
livering high-fidelity, industrial-grade results.

1. Introduction

In the realm of modern digital content creation, Head
Blending, the seamless integration of an actor’s head onto
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Figure 2. Motivations of our work. We propose CHANGER to consider the real-world application. As shown in (a), the existing work
(H2SB [15]) shows severe artifacts on inpainting regions. To inpaint the background flawlessly, we propose to introduce chroma keying in
the head blending framework. However, it still shows low-fidelity results to inpaint the body, which is hidden due to the head shape and
hair difference described in a red box of (b). CHANGER generates the high-fidelity foreground with H? augmentation and Foreground
Predictive Attention Transformer (FPAT), which is explained in Section 3.2 and 3.3, respectively. CHANGER removes artifacts as shown
in the blue boxes of (b) and (c), and easily changes various high-fidelity real-world backgrounds. All backgrounds in the figure are from

the benchmark dataset [11].

a body filmed in separate takes or contexts is a critical yet
under-explored task. We focus on a such process, which
is essential for various applications such as visual effects
(VFX) post-production, digital human creation, and virtual
avatar generation. In these scenarios, integrating an actor’s
head with footage where the body and surrounding environ-
ment may differ significantly is often necessary.

The main challenge of Head Blending arises from the
discrepancies between the actor’s head and the target body,
including differences in head shape and hair structure.
These discrepancies often lead to unnatural boundaries or
blending artifacts, which can be particularly problematic
in professional applications where high fidelity and visual
coherence are ultimate. The existing method, Head2Scene
Blender (H2SB) [15], approaches this task by treating the
foreground and background generation as a single process.
H2SB shows unsatisfactory results (Figure 2(a), (b)), espe-
cially around the boundary regions. Although the gener-
ation region has two distinct background and foreground
parts, H2SB considers the region at once, which results
in an unclear border of a human and artifacts. Moreover,
H2SB lacks in mimicking the cross-identity head blending
and fails to cover large inpainting regions.

To this end, we propose CHANGER, a novel pipeline for
Consistent Head blending with predictive AtteNtion Guided
foreground Estimation under chroma key setting for in-
dustRial applications. We decompose the problem into two
distinct sub-tasks: background integration and foreground
blending. This decomposition allows for a more focused
treatment of each aspect of the task, ensuring higher fidelity
in both the background and foreground.

The background integration challenge is addressed by in-

corporating chroma keying [ 3], a widely used technique in
content production where a uniformly colored background
(e.g., a green screen) is replaced with the desired scene.
This allows for flawless background generation, eliminating
the artifacts that arise when the foreground and background
are blended simultaneously. By decoupling the foreground
blending from the background, we ensure that the visual
integrity of the scene is preserved, even in complex envi-
ronments.

For the foreground blending, we tackle the problem of
seamlessly integrating the actor’s head onto the body of the
target, particularly in cases where significant differences ex-
ist in head shape and hair structure. To generate the high-
fidelity foreground, we devise two contributions, one from a
data-centric and the other from a model-centric perspective.

First, we propose a novel data augmentation technique
called Head shape and long Hair augmentation (H? aug-
mentation), which simulates a wide range of head shapes
and hair styles in the self-supervised training. This enables
our model to better generalize to real-world variations and
handle the significant visual discrepancies that often arise
in professional content production.

Second, we introduce the Foreground Predictive
Attention Transformer (FPAT), a novel architecture de-
signed for foreground blending. FPAT predicts the exact re-
gions of the head and body that require attention and apply
targeted attention to these areas during the blending process.
By explicitly restricting the attention to these key regions,
FPAT enhances the blending quality, particularly in areas
where head shape and hair differences pose a challenge.

To summarize, we propose the first comprehensive solu-
tion for the Head Blending task in industrial content produc-
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tion. Unlike the previous approach that treats this process
as part of general head or face swapping, our method fo-
cuses explicitly on the seamless blending of an actor’s head
with the target body, ensuring realistic and high-quality re-
sults. Our method, CHANGER, significantly outperforms
state-of-the-art techniques, as demonstrated through both
quantitative metrics and qualitative evaluations on bench-
mark datasets.
In summary, our main contributions are as follows:

* We propose CHANGER, a novel pipeline that utilizes
chroma keying for the first time to decouple back-
ground integration from the head blending process, ad-
dressing the common artifacts seen in prior methods.

» We introduce H? augmentation, a data-centric ap-
proach designed to handle significant variations in
head shape and hair structure, enhancing the robust-
ness of the Head Blending process.

* We present the FPAT module, which uses predictive
attention to focus on key regions of the head and body,
resulting in high-fidelity blending with minimized ar-
tifacts.

* CHANGER significantly outperforms existing meth-
ods on benchmark datasets, both quantitatively and
qualitatively, showcasing its effectiveness in industrial
content production scenarios.

2. Related Work

Head Blending. Head Blending aims to replace the head in
a target image with a source head, ensuring that the result is
seamless and maintains the consistency of the skin color of
the target image. To address this problem, H2SB [15] pro-
poses a semantic-guided color reference creation module
based on [20] for re-coloring the head and filling the neck
and the background at once. However, we empirically find
that H2SB results in inadequate generation results which is
unsuitable for real-world application. H2SB [15] relies on
a single feature correspondence matrix, which is proposed
for image translation [20] and has a simple U-Net structure.
In contrast, we propose a novel approach that manages the
background with chroma keying for high-quality and effi-
cient background changes.

Mask-Aware Transformers. Transformer [17] is a model
that processes a sequence of tokens with an attention mech-
anism. The original attention in the transformer computes
the similarity between the query and the key, where all to-
kens have participated. On the other hand, there are lines
of work that restrict the region of computing attention using
the pre-defined masks that reflect the prior knowledge of the
task. Transformer decoder block [17] uses causal attention
in a transformer decoder to block that later tokens affect the

previous tokens to be generated. Swin Transformers [8] and
ConViT [5] restrict or prioritize the attention region in spa-
tially closed patches to inject the spatial inductive bias to
the model, and OAMixer [6] reweighs the attention with a
soft mask to strengthen the relationship between semanti-
cally related tokens to improve generalization and mitigates
with background bias. In this work, we design a novel fore-
ground predictive attention transformer (FPAT) by leverag-
ing a neck and body region prediction module. FPAT differs
from previous mask-aware transformers in that the mask for
attention is not given, but we predict the foreground mask
implicitly within training our head blending pipeline.

3. Method

In this section, we present the detailed methodology be-
hind CHANGER, our novel framework for Head Blending.
CHANGER addresses the primary challenges of blending
an actor’s (source) head onto a target body by decompos-
ing the task into two key sub-tasks: background integration
and foreground blending. CHANGER handles the back-
ground integration via combining chroma keying. We detail
the network input and output preparation for chroma key-
ing in Section 3.1. To generate high-fidelity foregrounds,
we propose new data augmentation and model design. To
address the constraints of self-supervised training that uses
the same images for both source and target, where cross-
identity settings lack ground truth, we propose a novel aug-
mentation method called H? augmentation. This technique
broadens the diversity of the input X, enhancing the ability
of the model to adapt to various identities. Further details
on this approach can be found in Section 3.2. In Section 3.3,
we detail our Foreground Predictive Attention Transformer
(FPAT) which enhances foreground blending. The overall
network of CHANGER is shown in Figure 3.

3.1. Chroma Keying for Head Blending

We propose a chroma key setting for a head blending
task to divide the labor of generating the background region
to chroma keying. To this end, we modify the input of the
network X to have a green background, ensuring the out-
put of the network Y also maintains this green background
as shown in Figure 3(a). To do so, we first paint the back-
ground of the target image I7 as green and acquire I5°" by
finding the foreground with the state-of-the-art face parsing
network [19]. Then, we extract the head mask of the source,
Mge“d, and the target head mask Méﬂead. We obtain a union
mask of the source head mask M%°¢ and the target head

mask M2¢? as follows:
whead _ Miead @ Mprged  (train), W
union M}éead @ M%ead’ (test),
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Figure 3. Network overview of CHANGER. (a) We visualize how we conduct the input of the network (X) at the train (blue) and the
test (red). We apply H? augmentation during the training to improve the fidelity of the generated image by improving the diversity of the
input. (b) We visualize the network of CHANGER. The head colorizer colorizes the gray head of X, and the body blender inpaints the
hidden body with a foreground mask-aware attention mechanism. Please refer to the detailed explanations of H? augmentation and FPAT

in Section 3.2 and 3.3, respectively.

where @ is a union operation. Note that we use M'$%%,

which is the output of H? augmentation during training to
obtain M"¢4¢ since the M2ea? and MEeed is identical in
the self-supervised setting. Finally, we formulate input X
as the following equation:

X = I8 4 I g (1 - Mhead ) 4+ Treen v, (2)
where the gray-scale source head, I = g(Is @ Miead),
where g(z) indicates a gray-scaling function and ® is the
pixel-wise multiplication, and an inpainting mask M’ =
Mhead - Miead  Dyring test environments, any targets are
acceptable in our pipeline. If the target is filmed on a green
screen, we directly apply our CHANGER.

3.2. H? Augmentation

Since we train the model in a self-driven manner dur-
ing training, the target image is generated from the source
image. We propose a simple but powerful H? augmenta-
tion that manipulates the input X during the self-identity
head blending training to simulate the various cross-identity
blending scenarios, especially the settings where the fore-
ground blending region is large. Existing methods lack vari-
ation in inpainting regions, critical for self-driven training.

To tackle the issue, we carefully designed promising com-
puter vision techniques and the stochastic sampling method.
Since the head shape and the hair difference between the
source and the target generates a large mismatch region, H2
augmentation includes a head shape and a long hair aug-
mentation.

Head Shape Augmentation. Since an outline of a source
head differs from a target head in the cross-identity blend-
ing scenarios, an empty region between a source head and a
target body is quite diverse. To mimic possible mismatches
appearing in the blending procedure under a self-supervised
manner, we randomly augment the region by transform-
ing the source head mask with a head shape augmentation
Theads Which includes an affine transformation, squeezing,
expanding, and varying dilation widths. Therefore, from
the source head mask M2, we obtain the augmented head
mask as following:

MHE = Theaa(M**?). 3)

Long Hair Augmentation. To mimic the hair differences in
the cross-identity setting, we randomly sample an identity
whose hair is long enough to cover its clothing and body.
With the hair mask of the sampled identities Mfo‘:f;, we ap-
ply the long hair augmentation 7}, to the augmented head
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Figure 4. Visualization of attention mechanism of our Foreground Predictive Attention Transformer (FPAT) block. The Foreground-
Prediction module predicts the foreground mask M of the body and the neck region, and the attention is reweighted according to M.

mask M¢%¢, and get the final head mask as follows:

MZ«lead D Mhair

long? if p Z €
Mpged,

MZ;:ad = Eair(MZfad) = { .
otherwise,

“)

where p is sampled from uniform distribution and € €

(0,1) is a fixed threshold. With the augmented head mask

MZS”, we obtain the union mask with the source head mask

Mpead M;;gad @ Mge“d then produce the input X with Eq.

union
(2).

Our proposed H? augmentation creates various union
masks from the source head and enables diverse neck and
body completion regions in a self-supervised manner. H?
augmentation is a delicate solution that addresses unique
characteristics during head blending training. The ablation
study in Table 4 and Figure 6 demonstrates the novelty of
H? augmentation.

3.3. Foreground Predictive Attention Transformer

The network architecture for the foreground blending is
divided into two components: (1) Head Colorizer that trans-
fers the color of the target to the gray-scaled source head,
and (2) Body Blender that generates the body for a seam-
less connection between the source head and the target body
via our novel Foreground Predictive Attention Transformer
(FPAT).

Head Colorizer in Figure 3(b) transfers the color from
the head of the target image into the head of the source im-
age. Since the input of the network X has a gray head, the
model should colorize the head of the input by referring to
the conditioned target image. Head colorizer is composed
of cross-attention transformer blocks with a query from the
embedded features of the input X using the encoder £ and
the key and the value from the target head 17:°*? using ..,
which is a conditional projection embedder [3, 4, 12, 17].
The head colorizer outputs the intermediate hidden repre-
sentation z, € RE*"*% where C is the number of chan-
nels and (h, w) is the resolution of the feature.

The Body Blender in Figure 3(b) generates the occluded
body region by incorporating our novel FPAT. Here, the

body blender aims to ensure coherent edge continuation
and seamless head-body connection, while avoiding inap-
propriate influences from background or mismatched re-
gions. Therefore, the body blender requires a sophisticated
attention mechanism that computes region-selective atten-
tion: for occluded clothing, exclusively from other cloth-
ing regions; for the head-body junction, solely from the
facial area. To address these distinctive requirements, we
introduce the Foreground Predictive Attention Transformer
(FPAT), a novel architecture that redefines masked attention
in the context of head blending.

FPAT computes the masked attention between tokens
from the intermediate feature of the colorized head (z.) to
the feature of the target body I5°". Here, the masked at-
tention is applied within respective regions, i.e., foreground
to foreground and background to background, respectively.
FPAT starts with the output of the head colorizer z., and
predicts a foreground region as a binary mask M € R"*v,
as shown in Figure 4. Then, FPAT patchifies the mask M
with N patches; M; fori € {1,...,N}.

With the patchified mask, FPAT computes the binary at-
tention mask M as following:

0
My =<7 ,
—00, otherwise,

if M; and M; are the same type of patches,

®)
where ‘the same type of patches’ refers to pairs of patches
that are either both classified as foreground or both as back-
ground, and Mf’] is the (i, j)-th element of M?.
FPAT masks the attention between a query from the la-
tent representation 2%, key and value from the target head
feature 27, as follows:

QiK{
Vi

where Q; = 22 - WP, K; = 20, - WK and V; =

K2

FPAT(Q;, K, Vi) = softmax( + M%) Vi, (6)

Zhody WY The dimension of learnable projection param-

eter matrices [17] is WLQ € RV*Px WK ¢ RNXDPx and
WY € RNXDv respectively.
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Method PSNRT LPIPS| L:}] SSIM?T | FPS1t MACs| Param. |
H2SB [15] 12.397 0.134 0.125  0.743
H2SB[I5]+CK 12974 0.086 0.119  0.737 2810 122.07G  24.37M
Ours 27.845 0.011 0.014  0.950 60.57 81.73G 8.92M

Table 1. Quantitative comparison with H2SB [

] and our CHANGER. “CK” is an abbreviation of chroma keying.

Method BG 1T ID 1 Natural 1 Holistic 1
H2SB[15]  0.696 1.234  1.035 0.725
H2SB [15] +CK 0.720 1.188 0.847 0.642
Ours 1.110 1.300 1.226 1.091

Table 2. Quantitative comparison from the user study. “CK” is
an abbreviation of chroma keying.

Note that FPAT updates the body and the neck parts of
the hidden representation zZ by only referring to the body
and the neck parts of z}_ ay- Our proposed FPAT generates
high-fidelity foregrounds by restricting the attention region
with the predicted regions.

3.4. Training Objectives

We formulate z by channel-wisely concatenating the out-
put of the head colorizer 2z, and the output of the body
blender z,. z is the input for the decoder D: Y = D(z),
where Y contains spatial information of the colorized head
from IZ"™*? and the the body completion.

We define the final output Y by utilizing I as follows:
Y =Y @ued 4 [ (1 —Mread ) We use five loss
functions, (1) L,cc. = ||Y®Mge“d7IT®Mge“d| 1, the recon-
struction loss for the final output head and the ground truth,
(2) Lo = ||Y —IEke||1, the reconstruction loss for the output
of ToRGB block, (3) Liask = ||[Mge — M]||1 [9], the loss
for the output of the Foreground-Prediction module where
My is the ground-truth full body mask, (4) perceptual loss
Lper = S5 ||®:(Y) — ®;(I7)||1, and (5) adversarial loss
Ladv- Ith‘ is a target image without neck, and body comple-
tion and @ is a pre-trained VGG19 network [16].

The final objective function is as follows:

ﬁtotal = )\recﬁTec + Ahcﬁhc + )\7n,ask£mask
+Ape'r£per + Aadv['atﬁn (7)

where Arec, Ahes Amasks Apers and Aqq, are weights for the
1088 Lrecs Lhes Lmask> Lpers and Lgg,, respectively.

4. Experiments

We combined three different benchmark datasets with
training and testing our CHANGER and the state-of-the-art
model H2SB [15]: (1) VoxCelebl [10], (2) VoxCeleb2 [2],
and (3) HDTF [21]. Due to the limitations of GPU re-
sources, the experiments were conducted on 256-resolution

images. However, the core components of CHANGER, H?>
augmentation and FPAT, are inherently resolution-agnostic.
This design ensures that our CHANGER can seamlessly
scale to higher resolutions for future applications.

4.1. Comparison with the State-of-the-Art

Quantitative Comparison. In order to provide a clear
benchmark for advancement in the specific domain of head
blending, we quantitatively compared our method with
H2SB [15], the only existing method designed for the head
blending task. Moreover, we generated the self-blending
results and prepared a ground truth to evaluate the perfor-
mance quantitatively.

Table 1 shows that our CHANGER outperforms both
H2SB and H2SB + C'K quantitatively. In addition, we an-
alyzed the computational efficiency of our method and the
baseline method in terms of inference time. Our method
achieved comparable speed performance (2.2 times faster
FPS than H2SB) to the baseline methods while requiring
only a fraction of the computational cost (33% less MACs
than H2SB) and 64% fewer parameters (Param.). These
findings demonstrate the practical feasibility of our method
for real-world applications.

To assess perceptual quality of the results, we conducted
a user study referring to the state-of-the-art network [15],
which rates (1) the fidelity of background regions (BG), (2)
the identity similarity according to the head skin coloriza-
tion fidelity (ID), (3) the naturalness of generated neck and
body (Natural), and (4) overall perceptual qualities of head
blending images (Holistic).

The user study results from 21 human evaluators rating
of 0 to 2 for various criteria are shown in Table 2. In the
blind test between our CHANGER with H2SB and H2SB
+ C'K, most of the users ranked our head blending results
highest as depicted in the table, even though duplication
pick was allowed. Ours outperformed the baselines regard-
ing identity preservation and the fidelity of the head and
background region with overall user satisfaction.
Qualitative Comparison. Qualitative comparisons were
conducted more extensively, encompassing a wider range
of comparative face swapping methods.

Figure 5 shows the head blending results of various
source and target images against the state-of-the-art head
blending and face swapping frameworks. As shown in Fig-
ure 5, our CHANGER shows high-fidelity head blending
results with high-quality backgrounds. H2SB shows poor

6193



Source Target

Figure 5. We compared qualitative results between CHANGER with the state-of-the-art head blending and face swapping models:
H2SB [15], SimSwap [1], RAFSwap [18], BlendFace [14], and E4S [7]. “CK” represents inference on the chromakey configuration.

background results. Although H2SB with our chroma key-
ing (H2SB + CK) shows slightly improved background
outcomes, it still suffers from low-fidelity results on body
blending. The body blending results are improved signif-
icantly in Ours due to the proposed H? augmentation and
FPAT.

4.2. Ablation Study

In our ablation study, we examined the respective effi-
cacy of the CHANGER components by removing or alter-
ing the key components. Table 3 and Table 4 show the per-
formance of the possible variants of CHANGER based on
our main proposal and the details on H? augmentation, re-
spectively.

Quantitative Results. We explored the effectiveness of
our key components by removing H? augmentation (model
“A”) and FPAT (model “B”) as shown in Table 3. We
replaced FPAT with a conventional cross-attention trans-
former for model “B”. Quantitative results show that our
full model achieves the best performance in overall metrics.

We evaluated the components in our proposed H? aug-
mentation: (1) the head shape augmentation (“Head”) and
(2) the long hair augmentation (“Hair”’) in Table 4. Model
“C” (without the long hair augmentation) showed better per-
formance than model “D” (without the head shape augmen-
tation) in terms of SSIM and PSNR. For LPIPS, model “D”
shows better results. These results imply that head shape
augmentation leads the better accuracy in the reconstruc-
tion of the image, while long hair augmentation allows the
better perceptual quality.

Type | FPAT H?Z |[PSNR1 LPIPS| L;| SSIM7
A v 16965 0.122 0.067 0.863
B v | 27199 0012 0.015 0.949
Ours| v v | 27845 0.011 0.014 0.950

Table 3. Ablation study on our proposal. Quantitative results
when excluding the proposed H? augmentation and FPAT, respec-
tively.

Type | Head Hair | PSNR{ LPIPS| L;J| SSIM?T
C v 26437  0.023  0.020 0.948
D v
Ours | VvV v

25.037  0.018 0.020 0.932
27.845 0.011 0.014 0.950

Table 4. Ablation study on H 2 augmentation. All combinations
made by the two components of H? augmentation were re-trained
and evaluated. “Head” is the head shape augmentation. “Hair” is
the long hair augmentation.

Qualitative Results. We also qualitatively analyzed the ef-
fect of each component by conducting cross-head blending
to examine the large differences in head shape and hair, i.e.,
v-chin to u-chin and short-hair to long-hair as depicted in
Figure 6. The head shape augmentation allowed the gener-
ation of a more acceptable neckline (see top results of mod-
els “B” and “C” compared to models “A” and “D”). On the
other hand, the long-hair augmentation tended to the better
generation of hidden regions due to the long hair of the tar-
get (see bottom results of models “B” and ours compared
to models “A” and “C”). Without H? augmentation or em-
ploying either one, both head blending quality and fidelity
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Figure 6. Ablation study on model designs. Both the head shape
augmentation and the long hair augmentation are crucial compo-
nents for high-fidelity head blended images. FPAT allows fine-
grained foreground generation.

Zoom-in

Figure 7. Limitations. When the target has certain extreme at-
tributes such as too rich hair or pinkish hair, CHANGER suffers
artifacts on generated body regions.

deteriorate (see models “A”, “C”, and “D”’). With FPAT, the
model showed better foreground blending compared to ours
and model “B”. The proposed H? augmentation and FPAT
contributed significantly to performing head blending in the
chroma key setting.

4.3. Discussions

Limitations. As shown in Figure 7, CHANGER encoun-
ters challenges under certain extreme conditions where the
target image has too rich hair so that the body region is
largely hidden. Also, CHANGER sometimes fails to gen-

Figure 8. Various industrial application examples. By leverag-
ing chroma key technique with our proposed CHANGER pipeline,
we can obtain various high-fidelity head blended videos in the wild
environments. The red boxes represent the source images.

erate high-fidelity head blending results when the target has
extreme attributes, e.g., pinkish hair. Despite these imper-
fections, we emphasize that across all rows in Figure 5,
the results of CHANGER consistently surpass the achieve-
ments of H2SB, the state-of-the-art of head blending.
Social Impacts. As shown in Figure 8, our CHANGER
pipeline can achieve various high-fidelity industrial content
productions in the wild. However, due to its high perfor-
mance, our technology might cause cultural, political, and
ethical social problems, such as indistinguishable deep fake
videos, invasion of privacy, or even defamation.

5. Conclusion

In this work, we presented CHANGER, a novel head
blending pipeline for high-fidelity industrial content pro-
duction within chroma key settings for the first time. Our
approach, proposing H? Augmentation and Foreground
Predictive Attention Transformer (FPAT) led to realistic
and seamless foreground blending. Through various ex-
periments and comparative analysis, we demonstrated that
CHANGER offers significant qualitative and quantitative
improvements over the state-of-the-art model. We believe
that the superiority and cost-effectiveness of CHANGER
pave the way for its adoption in real-world applications,
offering robust solutions for generating high-quality head
blending contents.

6. Acknowledgements

This work was supported by the National Research
Foundation of Korea (NRF) grant funded by the Korea gov-
ernment (MSIT) (No. 2710018251), and Korea Planning
& Evaluation Institute of Industrial Technology (KEIT)
grant funded by the Korea government (MOTIE) (RS-2024-
00444344), and in part by the IITP grant funded by the
Korea Government (MSIT) (Artificial Intelligence Inno-
vation Hub) under Grant 2021-0-02068, and by the IITP
grant funded by the Korea government (MSIT) (No.RS-
2022-00155911, Artificial Intelligence Convergence Inno-
vation Human Resources Development (Kyung Hee Uni-
versity)).

6195



References

(1]

(2]

3

—

(4]

[5

—

(6]

(7]

(8]

(9]

[10]

(1]

[12]

(13]

(14]

Renwang Chen, Xuanhong Chen, Bingbing Ni, and Yanhao
Ge. Simswap: An efficient framework for high fidelity face
swapping. In Proceedings of the 28th ACM International
Conference on Multimedia, pages 2003-2011, 2020. 7

J. S. Chung, A. Nagrani, and A. Zisserman. Voxceleb2: Deep
speaker recognition. In INTERSPEECH, 2018. 6

Prafulla Dhariwal and Alexander Nichol. Diffusion models
beat gans on image synthesis. Advances in Neural Informa-
tion Processing Systems, 34:8780-8794, 2021. 5

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, et al. An image is worth 16x16 words: Trans-
formers for image recognition at scale. In International Con-
ference on Learning Representations, 2020. 5

Stéphane d’ Ascoli, Hugo Touvron, Matthew L Leavitt, Ari S
Morcos, Giulio Biroli, and Levent Sagun. Convit: Improv-
ing vision transformers with soft convolutional inductive bi-
ases. In International Conference on Machine Learning,
pages 2286-2296. PMLR, 2021. 3

Hyunwoo Kang, Sangwoo Mo, and Jinwoo Shin. Oamixer:
Object-aware mixing layer for vision transformers. arXiv
preprint arXiv:2212.06595, 2022. 3

Zhian Liu, Maomao Li, Yong Zhang, Cairong Wang, Qi
Zhang, Jue Wang, and Yongwei Nie. Fine-grained face
swapping via regional gan inversion. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 8578-8587, 2023. 7

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng
Zhang, Stephen Lin, and Baining Guo. Swin transformer:
Hierarchical vision transformer using shifted windows. In
Proceedings of the IEEE/CVF international conference on
computer vision, pages 10012-10022, 2021. 3

Fausto Milletari, Nassir Navab, and Seyed-Ahmad Ahmadi.
V-net: Fully convolutional neural networks for volumetric
medical image segmentation. In 2016 fourth international
conference on 3D vision (3DV), pages 565-571. leee, 2016.
6

A. Nagrani, J. S. Chung, and A. Zisserman.
a large-scale speaker identification dataset.
SPEECH, 2017. 6

Ariadna Quattoni and Antonio Torralba. Recognizing indoor
scenes. In 2009 IEEE conference on computer vision and
pattern recognition, pages 413-420. IEEE, 2009. 2

Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Bjorn Ommer. High-resolution image
synthesis with latent diffusion models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 10684—10695, 2022. 5

Shigeru Shimoda, Masaki Hayashi, and Yasuaki Kanatsugu.
New chroma-key imagining technique with hi-vision back-
ground. /[EEE Transactions on broadcasting, 35(4):357-361,
1989. 2

Kaede Shiohara, Xingchao Yang, and Takafumi Take-
tomi. Blendface: Re-designing identity encoders for face-

Voxceleb:
In INTER-

(15]

(16]

(17]

(18]

(19]

(20]

(21]

6196

swapping. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 7634-7644, 2023. 7

Changyong Shu, Hemao Wu, Hang Zhou, Jiaming Liu,
Zhibin Hong, Changxing Ding, Junyu Han, Jingtuo Liu, Er-
rui Ding, and Jingdong Wang. Few-shot head swapping
in the wild. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 10789—
10798, 2022. 2, 3,6,7

Karen Simonyan and Andrew Zisserman. Very deep convo-
lutional networks for large-scale image recognition. arXiv
preprint arXiv:1409.1556, 2014. 6

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszko-
reit, Llion Jones, Aidan N Gomez, Fukasz Kaiser, and Illia
Polosukhin. Attention is all you need. Advances in neural
information processing systems, 30,2017. 3,5

Chao Xu, Jiangning Zhang, Miao Hua, Qian He, Zili Yi, and
Yong Liu. Region-aware face swapping. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 7632-7641, 2022. 7

Changgian Yu, Jingbo Wang, Chao Peng, Changxin Gao,
Gang Yu, and Nong Sang. Bisenet: Bilateral segmentation
network for real-time semantic segmentation. In Proceed-
ings of the European conference on computer vision (ECCV),
pages 325-341, 2018. 3

Pan Zhang, Bo Zhang, Dong Chen, Lu Yuan, and Fang Wen.
Cross-domain correspondence learning for exemplar-based
image translation. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
5143-5153, 2020. 3

Zhimeng Zhang, Lincheng Li, Yu Ding, and Changjie
Fan. Flow-guided one-shot talking face generation with
a high-resolution audio-visual dataset. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 3661-3670, 2021. 6



	. Introduction
	. Related Work
	. Method
	. Chroma Keying for Head Blending
	. H2 Augmentation
	. Foreground Predictive Attention Transformer
	. Training Objectives

	. Experiments
	. Comparison with the State-of-the-Art
	. Ablation Study
	. Discussions

	. Conclusion
	. Acknowledgements

