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Abstract

Makeup transfer is a challenging task, involving the transfer of a reference makeup style onto the source face while preserving
the original appearance. Current GAN-based methods, representing makeup styles through reduced-dimensional matrices,
often generate smooth high-frequency attributes and imprecise images. Additionally, these models are difficult to train and
prone to model collapse problems. This paper introduces MakeupDiffuse, a diffusion-based model adapting a foundational
diffusion model pre-trained on large-scale image datasets for makeup transfer. Fine-grained makeup transfer is achieved
through a novel double image controller, controlling the identity process and adjusting the makeup style. To address the lack
of paired data, we include another pre-trained makeup transfer network as a teacher module to supervise model training. Due
to the flexible architecture, our model efficiently trains and generates faces with high perceptual quality and the expected
makeup style. Unlike subjective evaluations based on user studies, we propose a new objective and comprehensive quantitative
metric: Makeup Transfer Score, improving the current evaluation system. Extensive experiments demonstrate our approach’s
ability to generate natural makeup faces with exquisite details, achieving state-of-the-art performance.

Keywords Makeup transfer - Diffusion model - Controllable generation - Teacher module

1 Introduction

Makeup can enhance a person’s appearance significantly, but
Feng Liu’s as Co-first author. it could be a time-consuming process to apply. Finding the
right makeup products that work well for each individual will
also take longer. Therefore, an automated system to transfer
makeup styles from reference images onto our expected faces
would be more practical.

Recent advances in makeup style transfer can be broadly
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structing a deep neural network model that takes both a
non-makeup face image and a reference makeup face image
as input and utilizes this network to generate makeup-
transferred results through direct training. Compared to
traditional image processing methods, deep learning-based
approaches are more resilient and can transfer makeup in
complex scenarios with changing styles without requiring
an accurate image decomposition. Traditional methods may
occasionally fail to produce satisfactory outcomes, hence the
current preference for deep learning methods.

GAN-based makeup transfer models primarily adopt
the CycleGAN framework [17], trained on unpaired non-
makeup and makeup images with additional supervision.
This includes makeup loss to guide the reconstruction of
specified makeup on the source face and identity loss to pre-
serve the identity information of the source face. Despite their
demonstrated exceptional makeup transfer ability, existing
methods generally consider makeup styles as color distribu-
tions and often overlook details. Most GAN-based methods
represent makeup styles using reduced-dimensional matri-
ces, potentially resulting in smooth high-frequency attributes
and imprecise generated images. Furthermore, GAN-based
models are challenging to train and are frequently associated
directly with model collapse problems.

Recently, the development of diffusion-based models has
marked a breakthrough in image and text-to-image syn-
thesis [18-22]. These methods typically involve two steps:
diffusion with gradual noise addition in the forward direc-
tion and denoising in the subsequent term. The objective
of these models usually revolves around learning the noise
of the current diffusion step using a U-Net-like architecture
[23]. Diffusion-based models have demonstrated an ability
to capture semantic information [24] more easily and gen-
erate images with better sample quality than GANs. This
superiority stems from their foundation in maximizing like-
lihood [25], which effectively avoids the mode collapse
problem associated with GANs [16]. Such models have
also achieved state-of-the-art performance in various com-
mon vision tasks, including super-resolution [26], image
inpainting [27], sketch-based image translation [28], image-
guided translation [29], predicting meningioma grade [30],
etc. However, few works have concentrated on extending
diffusion-based models for makeup transfer, a task that
necessitates instance-level facial identity and makeup style
controls rather than single-condition generation. This speci-
ficity underscores the need for our task to be more granular
and detailed than a mere visual representation.

To address the aforementioned issues, we propose a
novel diffusion-based [18] model named MakeupDiffuse
for exquisite makeup transfer. Our model is constructed
based on a foundational diffusion model pre-trained on large-
scale image datasets. During training, we employ a Double
Image Controller to preserve identity information and adjust
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the makeup style. Additionally, due to the lack of paired
data, we have introduced a teacher module to supervise the
model training. With a flexible design, our model can train
efficiently, and, more importantly, it can generate high per-
ceptual quality face images with the desired makeup style
(Fig. 1).

Moreover, the existing evaluation of the makeup trans-
fer task’s effectiveness mainly falls into two types. The first
is qualitative evaluation, where the makeup transfer perfor-
mance is assessed manually. The second category is quantita-
tive evaluation, akin to a user study, where several researchers
are needed to distinguish the final generated facial makeup
images. Both methods are inherently subjective. Hence, we
propose a novel, objective, and comprehensive quantitative
evaluation metric based on background consistency, global
structure maintenance, and facial makeup style transfer,
named Makeup Transfer Score (MT-Score).

By investigating the above ideas, the main contributions
of our work can be summarized as follows:

e We propose a novel double image-controlled diffusion
for exquisite makeup transfer, enabling fine detail con-
trol through a simple model. To address the challenge of
missing paired data, we integrate a teacher network into
our model to facilitate training and transfer.

e To the best of our knowledge, this is the first work
that integrates the diffusion model with makeup transfer.
Compared to the previous controllable diffusion model,
this task requires ensuring content and style, significantly
reducing randomness. Furthermore, our model genera-
tion is also faster and can be generated even in one step.

e This paper introduced a novel quantitative metric, MT-
Score, designed to comprehensively measure the three
crucial aspects of the makeup transfer task: background,
face, and makeup. This index improves the evaluation
system in the current research field to some extent.

e Our model can take full advantage of the pre-trained
big model and teacher network, achieving state-of-the-
art performance in makeup transfer.

The rest of the paper is organized as follows: We first
briefly summarize Makeup Style Transfer, Controllable Dif-
fusion Model, and existing Makeup Transfer Metrics that are
related to our work in Sect. 2. Then, Sect. 3 describes the pro-
posed MakeupDiffuse method and Makeup Transfer Score
(MT-Score) evaluation metrics. Section4 shows the experi-
mental results and analysis. The conclusion of the paper is
given in Sect.5. Finally, we concisely analyzed and intro-
duced the limitation of MakeupDiffuse and the following
work plan in Sect. 6.
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Fig.1 Given some
source-reference frontal image
pairs (columns 1 and 2), our
proposed method is qualitatively
compared with the
state-of-the-art methods.
MakeupDiffuse could generate
the most natural colors,
shadows, and fewest artifacts,
transferring results with the
desired makeup style and
high-quality details

reference

source

2 Related work
2.1 Makeup style transfer

Facial makeup style transfer has become a topic of growing
interest. This particular form of image-to-image translation
has been the focus of research using GAN-based [16] meth-
ods to examine how makeup details can be extracted from
reference images and transferred to target images. Typically,
a separate encoder is employed to learn style representa-
tion and is concurrently optimized with a generator to apply
makeup styles to target faces.

Inspired by Cycle-GAN [17], BeautyGAN [3] was pro-
posed using an unsupervised manner for dealing with the lack
of paired data, which incorporated a perceptual loss, a cycle-
consistent loss, and a novel-designed makeup loss, resulting
ininstance-level makeup transfer and improved refinement of
the makeup image. The same concept is also reflected in [13,
31], which emphasizes inter-domain differences and could
transfer various local makeup styles such as eye shadow, lip-
stick, and foundation. Additionally, the end-to-end transfer of
face makeup [14, 15] was found to be effective using a similar
method. Jiang et al. [7] proposed a pose and expression robust
spatially-aware GAN (PSGAN), which included an AMM
module to extract the makeup matrix and control makeup
shade. Although the results were not entirely satisfactory, this
approach overcame the challenge of large pose and expres-
sion differences. Huang et al. [6] introduced IPM-NET, a
face automatic makeup network based on the real world,
which can automatically apply makeup while maintaining
the character’s identity and image background information,
resulting in an authentic generated image. Nguyen et al. [§]
addressed not only the color-changing of traditional makeup,
such as eye-shadows and lipsticks, but also the migration of
patterns, such as stickers, blushes, and jewelry, achieving the
effect of in-the-wild makeup transfer. Deng et al. [9] proposed

LADN]

4] BeautyGAN[3] SCGAN[9] EleGANt[11]DiffuseIT[29] Ours
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SCGAN, which divided the makeup transfer network into
three components: target style-code encoding, face identity
feature extraction, and makeup fusion. Sun et al. [10] focused
on putting the makeup style to the corresponding semantic
position of the target image and incorporated semantic corre-
spondence learning to achieve makeup transfer and removal
simultaneously.

Most of the above methods are based on GAN, which is
difficult to train and often associated with model collapse
problems, while we use another diffusion-based framework.

2.2 Controllable diffusion model

Jascha et al. [32] first propose the diffusion probabilistic
model, which consists of two processes, a forward diffu-
sion, and a reverse sampling process. The forward process,
which sequentially samples the latent variables x; for t =
1,2,3,..., T, canbe conceptualized as a Markov chain that
gradually introduces noise to the data. Each step is a Gaus-
sian transition: ¢ (x;|x;—1) € N(J/o;x,—1, (1 — o;)I), where
{oz,}tT:0 is the hyperparameter that decreases over the step 7.
Utilizing the reparameterize trick, the step t diffusion variable
X can be expressed as:

Xy = \/57tX0 +

where @; := [[i_; .

Since then, some methods, for example, the probability
density diffusion model (DDPM) [25], the implicit density
diffusion model (DDIM) [24], and the score-based diffu-
sion [33], have been proposed to improve the primitive
model and speed up the model’s training and sampling.
Regarding image generation, compared to previous GAN-
based methods, diffusion models can be trained and sampled
directly at the RGB pixel level [25], the training is sta-
ble and the generated images are realistic. However, as the

1—ale, €eN@O,T) 1
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image resolution increases, the generation efficiency of this
method decreases significantly. To solve this problem, many
researchers have carried out related research [20, 24, 34].
Among them, inspired by the latent image [35], the latent
diffusion model (LDM) [18], including its upgraded version
of stable diffusion (SD), was proposed and achieved state-
of-the-art performance.

Given an image as a condition, many researchers focus on
making the model controllable and producing the expected
results [26, 27, 36, 37]. For instance, SRDiff [37] uses the
diffusion model to realize the super-resolution of a sin-
gle image. Adv-Diffusion [38] utilized strong inpainting
capabilities of the diffusion model to generate impercep-
tible adversarial identity perturbations in the latent space.
RePaint [27] employs a pretrained unconditional DDPM as
the generative prior to implementing free-form inpainting.
The diffusion model can accomplish the traditional image-
to-image translation task well due to its friendly training and
realistic generation. However, compared to these tasks, our
study needs to meet two conditions simultaneously: facial
identity and makeup style are guaranteed. The transferred
results require more refinement and determinism without
too much randomness. For example, although methods such
as DiffusionClip [36] have proved in experiments that the
makeup task can be achieved, its purpose is only to make
up, not to specify what kind of makeup. The purpose of our
makeup transfer task differs from those mentioned above
and is more like a one-shot image-to-image translation.
The closest research to our work is DiffuselT [29], which
implements image-guided style transfer and achieves state-
of-the-art results. However, this task is domain level and the
result of the transfer is more global. Our target is instance
level, which requires more refined local details. Furthermore,
our method is based on learning, while DiffuselT can be
regarded as optimization-based.

More recently, the quality of diffusion models for text-to-
image synthesis and editing has reached previously unheard-
of levels when big models are trained on pairings of text
and images [18-20]. Control in these methods is usually
achieved by encoding the prompt into latent vectors using
pre-trained language models such as CLIP [39]. For instance,
SDEdit [40] assumes that images in different domains can be
mapped to the same diffusion step and edited from it. Con-
trolNet [41] proposes a new conditional control framework
and achieves conditioned control, edge maps, segmentation
maps, keypoints, etc. Unlike the application scenarios of the
above methods, makeup transfer can also be driven entirely
by text. However, compared to having a makeup image as a
reference, it is difficult and unnecessary to directly describe
the makeup style in words and guide the source image for
transfer.
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2.3 Makeup transfer metrics

Like most generation problems, how to evaluate the quality of
its generated results is still a problem worth exploring. Cur-
rently, the evaluation indicators of the effect of the makeup
transfer task are mainly of two types. The first type is qual-
itative evaluation, that is, makeup transfer performance is
judged manually. The second category is quantitative eval-
uation, similar to user study, meaning several researchers
are selected to distinguish the final generated facial makeup
images.

Qualitative evaluation The human eye is directly used to
assess the results of the makeup transfer immediately [3, 4,
11]. This evaluation method is more subjective and focuses
primarily on how well the overall makeup is natural and the
local structure is managed. With the naked eye, details can
be compared.

Quantitative evaluation User study refers to the selec-
tion of several researchers to evaluate the final produced
facial makeup transferred images [7, 10]. This approach
generally considered generated image quality, realism, and
resemblance. This is the most popular evaluation technique
used in the makeup transfer field.

The realization of the above two methods depends on
the subjective judgment of people. Earlier studies [5] also
proposed to compare the difference between the reference
image and its cycle reconstructed one, such as structural
similarity (SSIM), peak signal-to-noise ratio (PSNR), and
mean-squared error (MSE). However, there is an extreme
case of this method: when the network outputs the origi-
nal input image without learning any makeup information, it
instead achieves the best score.

3 Proposed method
3.1 Formulation

Let X and Y be the source domain and the reference domain,
where {x/}¥ , x' € X and {»/}1L,, y/ € Y donate the
sample of non-makeup and makeup domain, respectively.
The makeup transfer aims to learn a transfer function f:
given x and y, xy = f(x,y), where x, is the generated
image with the face identity of x and the makeup style of y.

3.2 Network architecture

The architecture of double image-controlled diffusion (Make-
upDiffuse) is so simple yet effective, as shown in Fig.2,
which mainly consists of four components: Source Face
Encoder Eg, Reference Makeup Encoder E g, Teacher Mod-
ule T and Controllable Stable Diffusion D. Next, we will
introduce these components in detail.
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Fig.2 The network framework

of the MakeupDiffuse model.
The source x and reference
image y first pass through the H =

(o —

fixed Teacher Module (T) to X
obtain a preliminary makeup

prompt & time

transfer image x, then diffuse it
and obtain latent x;. Finally, we
input the x; and the content and
style conditions (c;, ¢;)
extracted by the trainable
Source Face Encoder and
Reference Makeup Encoder

forward

X

(Eg, ER) into the Controllable
Stable Diffusion Module >

Controllable D

(Controllable D) for a precise
and controllable generation

/_

o

: Makeup Loss I‘—/

3.2.1 Teacher module T

A significant problem in this makeup transfer is the lack
of paired data, making it almost impossible to use fully
supervised methods for learning effectively. The pre-trained
teacher module 7" with fixed parameters can generate a pre-
liminary transfer image x, to solve the problem to a certain
extent of no ground truth as follows:

xp=T(x,y) (2)

Although the generated x, is imperfect, it can provide
certain guidance for our model training. On the other hand,
introducing this module can improve the generation speed of
the next diffusion module. Our experimental design mainly
chooses SCGAN [9] as our teacher module. But it should
be noted that the teacher network is only used to quickly
assist in generating x,, and its choice is not unique from
later experiments Sect. 4.4.

3.2.2 Feature encoder

The output of the teacher network may have problems such
as information loss, artifacts, and low image quality. To make
the final result not dominated by the teacher network, at the
same time, to obtain additional original information supple-
mentation, we increase the control of face and makeup.

In our method, E s encodes the source non-makeup facial x
into the facial content condition feature map cs, which only
contains the facial ID information of the image, while Er
extracts the makeup control condition ¢, from the reference
image y. These two encoders Eg and Exr have the same
structure with [42], including three convolution blocks and
six ResNet blocks. The kernel size of the first convolutional
layer is set to 7, and the following two layers have a kernel

size of 3. All of the strides in the convolutional layers are set
to 1.

The above two conditional encoding processes can be for-
mally described as follows:

cs = Es(x), ¢ =ERr(®) 3)

3.2.3 Controllable stable diffusion module D

It is not easy to control the image operation directly in the
original RGB space. At the same time, the final transferred
image and the preliminary migration image have a certain
degree of similar ID and makeup style characteristics. There-
fore, we assume that x,, and x, will be mapped to the same
space, or even the same diffusion image, after t-step diffu-
sion, which processing can be described as Eq. (4).

X = \/(;t-xp + v 1— &[IG[. (4)

where ¢€; is noise sampled from a standard Gaussian distri-
bution, &, is the time-dependent diffusion coefficient, which
detailed definition could refer to [25, 43].

Finally, facial content condition ¢y and makeup style
condition ¢, jointly guide pre-trained Controllable Stable
Diffusion module D [18] to complete the denoising of after ¢
step diffused latent image x; and generate makeup transferred
image x,, as expressed by:

€ = D(x;, c5, cp\ 1), (5)
Xt — A/ 1-— &tlél‘

6
NG (6)

.Xy =

where € is the output of the Controllable Stable Diffusion
module. We hypothesize that it represents the noise in x;
obtained by diffusing x,, for ¢ steps.
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Stable Diffusion
block(locked)
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Fig. 3 Controllable stable diffusion block. The gray blocks represent
stable diffusion modules that do not require training; in contrast, the
blue module needs training

We adopted a network structure similar to [41], as shown in
Fig. 3; each block contains a locked block and a replica train-
able body of this block. Specifically, this paper only copies
the image encoder and middle blocks of the stable diffusion
model for training. Others such as the image decoder, prompt
encoder, and time encoder remain fixed. Among them, the
zero convolution module makes it possible to generate mean-
ingful results even at the beginning of training. It makes
the whole training process smooth until the convergence is
completed. Different from previous work, our framework
achieves double control of content and style. In addition, we
do not expect the final result to have too much randomness.
Hence, our MakeupDiffuse directly utilizes DDPM [25] to
predict the noise and generate the image in one step without
using the image generation process of DDIM [24, 36, 40].

3.3 Loss functions

Due to the solid generative ability of SD models trained on
large-scale data and the help of the teacher module, our model
differs from previous methods with many constraints and
losses—instead, MakeupDiffuse only with Diffusion, ID, and
Makeup loss.

Liotal = AarLpF + Aid LD 4+ Amk LMK @)

where Agf, Aid, Amk control the relative importance of these
three losses.

3.3.1 Diffusion loss
Since our model is based on the diffusion model, and the

teacher network provides us with preliminary ground truth,
we used the Diffusion loss in [25] to predict the noise in the
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diffused image x; as defined as follows:
_ A2
Lpr = |l&; — &ll3 (®)

Optimizing this loss will produce images close to the
output of the teacher network, which is slightly off for our
purposes. Hence, we also need ID and makeup loss to guar-
antee the face and makeup so that the final result meets the
makeup transfer task.

3.3.2 ID Loss

Inspired by the use of the reconstruction loss in the face iden-
tity disentanglement task, as discussed by Nitzan et al. [44],
we adopt ID loss to constrain the final transferred result xy,
to persist the ID information of the source image x.

Lip = |lx, — x|I3 )

To avoid the generated image only learning facial identity
information and ignoring makeup style, we only use this loss
when the reference image y and source image x are the same
(y = x) as expressed in Eq. (9).

3.3.3 Makeup loss

This loss is utilized to ensure that the generated image has
the style of the reference makeup as defined as follows:

Lvk = )»lLlips + )»eLeye + As Lskin (10)

where Lijps, Leye, and Ly, Tepresent the lip, eye, and skin
makeup transfer loss, respectively, defined in EleGANt [11].
AL, de, Ay are the weight values of these three losses, and
following the settings in [11], their values are 10, 1, 0.5.

3.4 Makeup transfer score

The previous evaluation metrics are somewhat subjective,
whether qualitative or quantitative analysis based on a user
study. For this reason, this paper proposes the Makeup
Transfer Score (MT-Score) evaluation method, which can be
regarded as a valuable supplement to the existing research
system. Before introducing the methodology, we need to
answer a few questions. First of all, what is the purpose
of makeup transfer? Analyzing the definition of makeup
transfer, we expect the generated image to have the same
background, structure, and facial identity as the original
image and makeup as the reference image. What is the
essence of makeup style that needs to be answered next?
We think that the so-called makeup is a color distribution
highly related to the structure of the face. For example, eye
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Fig.4 Schematic diagram of
the calculation of MT-Score.
The description metrics are
considered from five aspects of
the generated image:
background, makeup, structure,
facial, and quality

Structure

makeup is the distribution of color around the eyes. Blush is
a distribution of color around the cheekbones.

Perhaps it is slightly more complicated to describe the
color distribution related to the structure directly. Fortu-
nately, evaluating work does not necessarily mean finding
a sufficient condition. To make the evaluation method more
accessible, we can define the requirements that must be met
for “excellent makeup transfer.” That is, we only need to find
the necessary conditions. As shown in Fig. 4, we will describe
these necessary conditions separately below.

Background consistency In the makeup transfer task, the
background of the source and generated image should be
consistent. The ideal situation is precisely the same. Further-
more, since this item has genuinely ground truth, we expect
the closer to the excellent score, the larger its gradient. Hence,
we use the following formula to evaluate the background.

Aj = MSE <x O™, xy O x;"> (11)
Sp=1—2%0 (log (s * Apack)) (12)

where x™ and x7' represent the background mask obtained
by x and x, through the semantic segmentation network,
respectively; s is a scaling factor less than 1, here we specify it
as 0.5; © represents element-wise multiplication; MSE(-, -)
represents the MSE function; o (-) represents the sigmoid
function.

Makeup style transferring As previously described, we
only evaluate the prerequisites for makeup. That is, whether
the facial color distribution of the generated image is con-
sistent with that of the reference image. Here, we employ
the distribution histogram of the face color to express the
makeup style without considering its relationship with the

MT-Score

bl

Quality

Facial

face structure. Evaluation can be formalized as follows:

Am = Lhist (h (yo(1=y")).h (xy 0 (1 - x?))) (13)
Sm=1- Amakeup (14)

where y™ represents the background mask obtained by ref-
erence image y through the semantic segmentation network;
h(-) can calculate the histogram of the input image; Lp;s (-, -)
is the histogram loss, which detailed definition could refer to
[45].

Structure maintenance The generated image’s global
structure needs to be consistent with the source image. We
utilize SSIM to measure this consistency. At the same time,
avoiding generation without change is best. We propose the
basis of the following metric on its significance will decrease
when SSIM reaches a certain threshold.

Ay =1—SSIM (x, xy) (15)
s
Ss = cos (5 Astructure) (16)

where SSIM(-, ) represents the SSIM function.

Facial persistence Like other face editing algorithms [12,
46], facial identity information should be preserved after
makeup transfer. The measure of identity preservation is
implemented by the cosine similarity of identity features,
which are extracted by the pre-trained state-of-the-art face
recognition model FaceNet [47]. It can be expressed formally
as:

=
1 - 11 1l
xf = F), x{ = F(xy) (18)
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where F(-) represents the output of the trained FaceNet,
which is the feature vector.

Quality goodness A good image after makeup transfer
should satisfy a high quality overall, which should meet the
requirements of both look and feel. In CLIP-IQA [48], the
authors introduce human perception into the no-reference
image evaluation system. Specifically, they input images
described as good or bad to the evaluation model for training
to make the model have good aesthetic perception ability.
Finally, users can use the trained model to evaluate and score
the input image. A higher score means higher quality and
better feeling.

In our approach, we use CLIP-IQA for reference-free eval-
uation of image quality. It can be formally described as:

Sy = M(xy) (19)

where M (-) is the output of the CLIP-IQA model, which is
the CLIP-IQA score.

Generally, the above five sub-evaluation indicators can be
divided into two levels of pixel and perception. Background
Consistency, Makeup Style Transferring, and Makeup Style
Transferring are evaluated at the pixel level. For the pixel-
level score, we have the following definitions:

)MbSb + )\mSm + )\'SSS
Spixel = 20
pixel A+ A + A (20)

where Ap, Ay, and A, control the relative importance of these
three local pixel-level sub-metrics, we set them to 2, 3, 1,
respectively.

Facial Persistence and Quality goodness belong to a higher
level of perception evaluation. For the perceptual score, we
have the following definition:

ArSy+ApSpy

21
Af+Ap @h

Sperception =

where A ¢ and A, control the relative importance of these
two global perception-level sub-metrics Sy and S, and we
set them to 2 and 1, respectively.

Based on satisfying the primary conditions, we believe
the makeup transfer task pays more attention to the evalua-
tion at the perceptual level. In the end, our MT-Score can be
expressed as:

S = V Spixel . Sperception (22)
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4 Experiments
4.1 Experiment setup
4.1.1 Implementation details

In our experiments, Adam is used to optimize the Make-
upDiffuse model for 20 epochs, and the learning rate is
initialized to 1e—5. The hyperparameters in Eq. (7) are fixed
at Aig = 1, Amx = 10, Ag¢ = 1, diffuse steps are set to
t € (100, 1000) and ¢ € (100, 700) in the training and test-
ing phase, respectively. Each test sample was taken three
times for quantitative comparison, and the average value was
recorded. All images are resized to 256 x 256 before train-
ing, and the prompt is set to “makeup transfer” to ensure that
its variation does not impact the experiment and opens up
the possibility for future text-driven makeup transfer scenar-
ios. We implement our network using PyTorch and train it
on CPU: E5-2609V4*2 @1.70 GHz; GPU: Nvidia GeForce
RTX 3090 GPU*1; RAM: 128 GB; Ubuntu 20.04. For more
details,please refer to our source code. !

4.1.2 Datasets

Consistent with the previous approach, the MT (Makeup
Transfer) dataset [3], which contains 1115 non-makeup
images and 2719 makeup images, including variations in
poses, races, etc., is used to train our model and follow the
strategy of [9] to split the train/test set. Moreover, to fur-
ther validate the effectiveness of MakeupDiffuse for handling
source and reference images with large poses and expres-
sions, we incorporate the Makeup-Wild dataset [7] as an
additional test set. This dataset contains facial images with
various poses and expressions as well as complex back-
grounds to test methods in the real-world environment. It
is important to note that our network is exclusively trained
using the training part of the MT dataset to ensure a fair
comparison.

4.2 Comparisons with state of the arts

We conduct comparisons of MakeupDiffuse with some state-
of-the-art makeup transfer methods: LADN [4], BeautyGAN
[3], SCGAN [9], EleGANt [11]. Furthermore, we also com-
pare our method with the diffusion-based style transfer model
DiffuselT [29]. For a fair comparison, the models of all these
methods come from their official implementations, and we
only test on this basis.

! https://github.com/jiean001/MakeupDiffuse.
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4.2.1 Qualitative comparison

As demonstrated in Fig. 1, we show qualitative comparison
results with baselines of frontal facial makeup transfer cases.
We observe that although LADN [4] maintains certain face
information and transfers part of the makeup, it produces too
many artifacts, resulting in low-quality results. For example,
the cheeks in the first image and the eyes in the second image
have noticeable artifacts; the third image seems to transfer
the color of the background sea to the face; the fourth image
makeup transfer is not apparent; and the overall comparison is
blurred. BeautyGAN [3] could produce images with makeup
on; however, the result may have partial artifacts, obviously
abnormal shadows, etc. For instance, the first image seems
to transfer the shadow of the reference image along with the
makeup; the second image has an abnormal shadow on the
left side of the face, and its background has also changed from
red to dark red. Due to its design dependence on the mask, the
makeup transfer of SCGAN [9] in some details is not clear
enough, e.g., the eye makeup of the third image rectangle,
etc. DiffuselT [29] may be better at dealing with domain-level
style transfer tasks, which leads to its insufficiency in dealing
with the need to focus more on local instance-level makeup
transfer tasks. It generates results that look like they keep the
face and transfer the makeup, but the result seems unreal,
with obviously machine-generated artifacts, like a robot face
or a human face in a game. Compared to the above methods,
EleGANTt [11] could produce relatively realistic and desired
images. However, this method is implemented step by step,
which needs to crop the face, perform makeup transfer, and
finally utilize post-processing to obtain the final image. This
operation tends to change the structure of the source image.
The third and fourth images, such as image size changes,
can prove this point. The generation of structural changes is
inconsistent with the goal of style transfer. In addition, it also
has a few artifacts, e.g., the right jaw in the first picture and
the left side of the face in the second picture.

‘When compared to the above state-of-the-art methods, our
method produces high-quality images with the most exact
makeup styles, regardless of whether the comparison s in eye
shadows, lipsticks, or foundations. In the third row, for exam-
ple, only our result transmits the reference image’s makeup
style. The results suggest that MakeupDiffuse preserves other
makeup-insignificant components such as hair, clothes, and
backdrop as the original non-makeup images.

Figure 5 shows some non-frontal makeup transfer results
in MT test datasets. The experimental results show that
our method has achieved the most natural makeup transfer,
miniature artifacts, and solid background and facial per-
sistence, whether on the left face, right face, decorative
glasses, or artificial occlusion. Combining the qualitative
evaluation of the front and non-front makeup transfer, our

method’s effectiveness, generalization, and robustness are
demonstrated.

We also compare results on the Makeup-Wild test set,
where both source and reference images feature larger poses
and expressions, as illustrated in Fig.6. Current methods
often lack a clear mechanism to guide pixel-level transfer
direction or rely on face parsing methods and also overfit
on frontal images. Consequently, in a real-world environ-
ment, makeup may be applied in the wrong region of the
face. For instance, in the third row of Fig.6, the lip gloss
from an open-mouthed face is transferred to the skin. In the
first row, other methods struggle to transfer makeup onto side
faces. However, our proposed method, leveraging the robust
prior ability of the pre-trained diffusion model, accurately
assigns makeup to each pixel, resulting in visually superior
outcomes.

4.2.2 Quantitative comparison

Following previous works, we conduct a user study to quan-
titatively evaluate the makeup style transfer precision and
face identity persistence. We randomly selected 30 generated
images from the test split of the MT dataset. Table 1 shows
the results of 50 people to evaluate, where “ID”, “Style”,
“Detail”, and “overall” donate the four aspects: ID persis-
tence”, “makeup style transfer”, “detail processing”, and
“overall performance”. Our MakeupDiffuse method outper-
forms the others in “ID”, “Details”, and “Overall” respects,
especially in exquisite detail generation.

In addition, we also quantitatively compare these meth-
ods using MT-Score. We randomly select 100 non-makeup
images and three makeup reference images of each non-
makeup face for comparison. The experimental results are
shown in Table 2. This table shows that our proposed method
achieves state-of-the-art performance in the two sub-items,
e.g., “Background Consistency” 95.58, and “Facial persis-
tence” 90.34, respectively. In terms of “Face Preservation”,
only our MakeupDiffuse is greater than 90, and itis nearly 4.8
points higher than the second place. In several other aspects,
our method comes second, but the gap with the first place is
not apparent. Especially in terms of “Structure Maintenance”
and “Quality Goodness”, the gap is less than 0.3. And even
in “Makeup Style Transferring”, which has the most signifi-
cant gap, the gap is only less than 1.3. The results of the one
pixel-level terms prove that our method can maintain the orig-
inal background better than other methods. The evaluation
indicators of the two perceptual-level are better than other
methods, which proves that our method complies with the
requirements of face preservation and the final result makes
people feel good.

In the end, the MT-Score of our MakeupDiffuse method
is 63.32, which is significantly better than other methods,
and 1.56 higher than the second-place EleGANt method.
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Fig.5 Qualitative comparisons source
with some state-of-the-art ‘
approaches in the non-frontal
cases. MakeupDiffuse is more
robust and could generate the
desired makeup transfer results
regardless of side faces,
decorations, or occlusions

Fig.6 The qualitative source
comparison was conducted on
an additional Makeup-Wild test
set, revealing that the
performance of MakeupDiffuse
is even more impressive when
handling source and reference
images with larger poses and
expressions

reference

reference

Table 1 User study results(ratio

(%) selectod as the boat LADN [4]  BeautyGAN[3] SCGAN[9]  EleGANt[11]  DiffuselT [29]  Ours
D 2.20 21.87 22.40 24.93 1.53 27.07
Style 2.07 21.40 24.13 26.47 0.73 25.20
Detail 127 22.53 23.40 24.73 0.54 2753
Overall  1.73 22.00 2333 25.20 0.94 26.80
The bold items indicate the best results achieved under the corresponding evaluation indicators

Table 2 MT-Score results of LADN [4] BeautyGAN [3] SCGAN[9] EleGANt[11] DiffuseIT [29]  Ours

our MakeupDiffuse and existing

state-of-the-art methods Sp 92.62 94.31 94.41 91.53 82.71 95.58
S 64.40 76.68 78.60 82.97 68.39 81.69
S, 92.22 97.74 97.27 92.41 71.04 97.53
Sy 72.66 77.48 82.35 86.56 53.83 90.34
S, 31.83 49.43 49.46 55.82 38.82 55.54
MT-Score  40.24 5453 56.36 61.76 37.60 63.32

The bold items indicate the best results achieved under the corresponding evaluation indicators
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Fig.7 Interpolated makeup source referencel — interpolation e — reference2

transfer. Our proposed
MakeupDiffuse could achieve
smooth makeup interpolation
transitions no matter in the case
of a normal front face, partial
face, occlusion, and obviously
makeup style gap between
reference and source face

Fig.8 In the training phase, the source reference t=10 t=20 t=50 t=100 t=600
influence of the selection of |
diffusion step ¢ on the
experimental results. Too small
step t will lead to unnatural
generated results, we set

t € (100, 1000) in this phase

Fig.9 Different diffusion step t source reference t=100 =600 t=900

choices in the generation stage ! r ‘ E' '
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results. Overall, the
experimental results show a
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By comparing the evaluation of MT-Score in Table 2 to the
assessment of humans in Table 1, it is found that the two
are compatible. This proves the feasibility of our proposed
MT-Score evaluation metrics.

4.3 Extended experiments
4.3.1 Controllable makeup transfer

Since we use an extracted makeup style vector ¢, and prelim-
inary transfer image x, to control the makeup style result of
the transferred image, it can easily control fusing the styles
from multiple reference images with linear interpolation.
This interpolation process can be described as followings:

xXp = otx;} + 1 - a)xlr}, (23)
o =act + (1 —a)c)?. (24)

where @ € (0, 1) is the interpolation coefficient, r; and r;
represent two different referent images.

We randomly select two makeup styles, perform linear
interpolation on their style features and preliminary transfer
images, and then use the interpolated features to control the
target makeup. The experimental results are shown in Fig. 7,
demonstrating that our method can achieve smooth makeup
transitions flexibly and controllably no matter in the case of
a normal front face, partial face, occlusion, and obviously
makeup style gap between reference and source face.

4.3.2 The selection of diffusion step

We tested the effect of diffusion step t on makeup transfer in
two phases, as shown in Figs. 8 and 9. Overall, combined with
the MT-Score evaluation in Tables 3 and 4, the experimental
results show a trend of suitable first and then bad. The smaller
t is, the richer makeup colors can be displayed, but it will
affect the ID information and generate some artifacts. With
the increase of t, it becomes more and more difficult for the
face to learn the target information, and the generated image
does not look realistic enough. In theory, there is an optimal
training and sampling step t. But to achieve simplicity, result
flexibility, and generalization of the method, this paper limits
the range of it to (100, 1000) in training and (100, 700) in the
transfer phase.

4.4 Ablation studies
4.4.1 Effects of teacher module
To further evaluate the teacher module, in addition to choos-

ing the SCGAN network [9] as the teacher module, we also
adopt the pseudo-ground-truth method proposed in EleGANt

@ Springer

Table 3 MT-Score results of the different train diffusion step ¢

t=10 t =20 t =50 t =100 t =600
Sp 94.10 94.53 95.19 95.49 94.97
Sm 72.04 74.16 78.82 81.70 80.89
S 91.66 9291 94.11 97.73 94.80
St 80.43 80.82 85.31 89.26 87.68
Sy 45.09 47.82 52.62 55.42 55.21
MT-Score 51.71 53.93 59.19 62.92 61.91

Table 4 MT-Score results of the different test diffusion step t

t =20 t =50 t =100 t =600 t =900
Sp 94.20 95.37 95.55 95.51 91.50
S 72.76 77.42 81.69 79.42 64.16
S 91.42 96.24 97.50 97.20 93.50
Sy 82.47 83.41 89.97 88.21 81.41
\ 52.07 53.13 56.05 55.65 40.45
MT-Score  56.67 58.81 63.52 62.30 47.83

[11] as the teacher module for experiments. The experi-
mental results are shown in Fig. 10 and Table 5. Compared
to the preliminary makeup transfer image generated by the
teacher module (e.g., the third and fifth columns), our transfer
results (e.g., the fourth and sixth columns) are more natural
and aligned with expectations. For instance, SCGAN gener-
ated rectangular eye makeup, more artifacts, less accurate lip
makeup, etc. With our method, the generated eyes are more
natural and the makeup color is more in line with the require-
ments. The result of PGT obviously feels like the face is
masked and the part of the face is obviously in sharp contrast
to the background. It does some color migration, but it does
not look natural overall. In contrast, our results clearly over-
come the above defects. Quantitative analysis also proves
our analysis; as can be seen in Table 5, our final MT-Score is
six to seven points higher than the original makeup transfer
model. When the teacher network has a certain enough gen-
erative ability, the results generated by our MakeupDiffuse
are hardly affected by the choice of teacher module; even if
the teacher module is different, our model can still produce
similar results.

Furthermore, to demonstrate the necessity of the teacher
network, we also tested the model without this module and
used the source image as a surrogate for the preliminary
makeup transfer image. Its qualitative results are shown in
the last column of Fig.10. We observe that although the
background and face can be generated with a relatively cor-
rect structure and has a little makeup when this module is
removed, its overall makeup information is lacking. The
quantitative evaluation of the last column in Table 5 also con-
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Fig. 10 The influence of source reference T/SCGAN  Ours/SCGAN T/PGT Ours/PGT w/o T
different teacher modules and :
ablation study by removing this
module on the experimental
results. Compared with the
artifacts of the teacher network,
inaccurate colors, fine details,
and masked faces, our model
results are more accurate and
natural. After removing the
teacher network, although the
background and face can be
generated with a relatively
correct structure and has a little
makeup, overall makeup
information is lacking

Table5 MT-Score of the

. T/SCGAN Ours/SCGAN T/PGT Ours/PGT w/o T
different teacher modules and
abl;“i“‘l’“ study by removing this ¢, 94.38 95.57 99.32 95.59 95.99
module
Sm 78.40 81.53 85.95 81.73 63.23
S 97.20 97.48 99.41 98.51 97.96
St 82.91 90.25 83.21 91.52 90.63
Sy 49.18 55.76 44.59 54.93 51.86
MT-Score 56.32 63.40 55.31 63.38 57.92
source  reference w/ocs w/oc, w/oc w/o Lip w/oLyg w/oL wj/oc&L  ours
Fig. 11 Ablation study by removing control module and loss one by the final build, possibly with some unwanted consequences; for exam-
one, where c;, ¢, and ¢ represent the face control module, the makeup ple, the facial is not persistent enough (more obvious ones are columns 3,
control module, and the simultaneous face and makeup control module; 6, 7), or the makeup is missing (columns 3, 5) or mismatched (columns
Lip, Lvk, and L represent the ID loss, the makeup loss, and the simulta- 2,6,7)

neous ID and makeup loss. Removing different components will affect

Table6 MT-Score of the

L L L L
ablation study wlocg  wloc,  wloc  wloLp  wloLvk  w/o w/lo c& Ours

Sp 94.06 94.36 94.06  94.28 94.36 94.26 94.05 95.49
Sin 80.17 77.72 76.68  79.87 76.76 76.64 76.52 81.23
Sy 95.68 95.97 9570 95.83 95.94 95.82 95.68 97.72
Sy 7171 83.80 77.12  80.81 83.18 80.58 76.55 89.78
Sy 54.34 54.37 5347 5428 54.15 53.34 53.01 55.88
MT-Score ~ 58.08 59.62 56.78  58.99 59.13 57.79 56.29 63.28

Removing the face control condition ¢; or ID Loss Lip will affect the “Facial Persistence” of the final
generated result. Removing the makeup control condition ¢, or Makeup loss Lyk will affect the “Makeup
Style Transferring.” As the two control modules ¢, the two losses L, and both the control module and the loss
c&L, are removed one by one, the resulting MT-Score gets lower and lower
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w/o control

w control

Fig. 12 Ablation study by removing the control modules for testing.
This blurred image and unrefined makeup show from the side that when
the image is generated, the face and makeup information is injected

firms this. The score of the “makeup style transfer” subitem
is only 63.23, and the result lags far behind.

In summary, it can be concluded that our results depend on
the teaching network. Still, the teacher network cannot dom-
inate the entire generation, and our results are significantly
better than the initial output of the teacher network.

4.4.2 Effects of controller module

Since the generated preliminary transfer image is imperfect
and may lack information, we could not allow the teacher
module to dominate the result. In addition, we increase the
control of face and makeup to obtain additional information
supplementation. To verify our idea, we performed the fol-
lowing ablation experiments: (1) removing the ID control
module ¢y while keeping losses; (2) removing the makeup
control module ¢, while keeping the losses; (3) removing
both ID and makeup control module ¢ while keeping the
losses.

The qualitative and quantitative evaluation of the experi-
ment is shown in Fig. 11 and Table 6, respectively. No matter
which module is removed, the experimental results will be
reduced, but the degree of reduction is different. The absence
of the ID module significantly reduced the “Facial Persis-
tence” sub-metrics. Its value suddenly dropped from 89.78
to 77.71. The lack of the Makeup module significantly low-
ered the “Makeup Style Transferring” evaluation of the final
result, and its value dropped by 3.51. The absence of a con-
trol module means that the final generation results depend
entirely on the teacher network. The evaluation of each
subitem has dropped significantly, and the final MT-Score is
only 59.62. It should be noted that this score is higher than the
scoring output by the teacher network itself because the pow-
erful diffusion model will significantly improve the “Quality
Goodness” sub-metrics score of the generated results.

To prove the necessity of the control module on the other
side, we removed Eg and ER for testing. The experimental
results are shown in Fig. 12, which demonstrates the compar-
ison of our results with the removal of the control module. It
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through the control module. It confirms the necessity of our control
module, and the teacher network cannot dominate the generation

can be seen that the generated images are blurred, the back-
ground and makeup are not clear, and the mosaic effect is
noticeable. This suggests that the teacher module cannot fully
provide the information we want. It is also confirmed that the
Source Face Control and Reference Makeup Control mod-
ules can effectively constrain the generated images.

4.4.3 Effects of loss functions

Compared with the original diffusion model, we introduce ID
and Makeup loss for the makeup transfer task. We performed
the following ablation experiments to demonstrate their
effectiveness: (1) removing the ID Loss Lip while keeping
the double controls; (2) removing the makeup control Loss
Ly while keeping the double controls; (3) removing both
ID and makeup losses L while keeping the double controls.
Moreover, we add (4) we are fine-tuning the corresponding
Stable Diffusion blocks without condition injections to prove
our modules and losses.

Observing the quantitative evaluation Table 6 and quali-
tative analysis Fig. 11, it is found that after removing the ID
loss, its “Facial Persistence” sub-metrics dropped by nearly
nine points. When the makeup loss is removed, its “Makeup
Style Transferring” sub-item score drops from 81.23 to 76.76.
When both losses are deducted, the final result falls by 5.49.
Only fine-tuning the corresponding Stable Diffusion blocks
achieves the worst performance, which is also lower than the
output of the teacher network itself.

5 Conclusion

In this paper, we employ the diffusion model for makeup
transfer for the first time and demonstrate it can achieve
both content and style control. We propose the MakeupDif-
fuse model with two pre-trained modules and two dependent
conditions control, e.g., Source Face and Reference Makeup
control. The Teacher Module could generate a preliminary
makeup transfer image, which eases the lack of paired data
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and accelerates the generation processing. The Controllable
Stable Diffusion module can control the transferred image’s
ID and makeup style. With the help of stable diffusion power
generation capabilities, our transferred results are more natu-
ral, exquisite, as expected, and have almost no artifacts. There
is a difference between the previous method of the step-by-
step denoising generation. After predicting the noise of our
model, we can directly generate the final image in one step.
Moreover, we propose a novel objective and comprehensive
Makeup Transfer Score quantitative metrics to improve the
existing evaluation system.

6 Limitation and future work

We believe that the double image-controlled diffusion frame-
work would be helpful for other controllable generations and
tasks. Besides, similar to introducing the Teacher and Con-
trollable Stable Diffusion Modules, many trained models
will also be applied to future model design in a plug-and-
play manner. While our model has demonstrated successful
makeup transfer, it currently encounters challenges in han-
dling very large poses, exaggerated expressions, and partial
makeup transfer in real makeup trial scenes. Consequently,
our next research endeavor aims to incorporate text control to
enhance the applicability of the makeup transfer algorithm in
complex real-world scenarios . In addition, inspired by some
other work related to face synthesis [49, 50], we will also
strive to achieve makeup transfer conditioned on sketches or
heterogeneous face images.
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