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In this article, we address the challenging makeup transfer task, aiming to transfer makeup from a reference

image to a source image while preserving facial geometry and background consistency. Existing deep

neural network-based methods have shown promising results in aligning facial parts and transferring

makeup textures. However, they often neglect the facial geometry of the source image, leading to two

adverse effects: (1) alterations in geometrically relevant facial features, causing face flattening and loss of

personality, and (2) difficulties in maintaining background consistency, as networks cannot clearly determine

the face-background boundary. To jointly tackle these issues, we propose the High Fidelity Makeup via

two-dimensional (2D) and 3D Identity Preservation Network (IP23-Net), to the best of our knowledge, a

novel framework that leverages facial geometry information to generate more realistic results. Our method

comprises a 3D Shape Identity Encoder, which extracts identity and 3D shape features. We incorporate a

3D face reconstruction model to ensure the three-dimensional effect of face makeup, thereby preserving the

characters’ depth and natural appearance. To preserve background consistency, our Background Correction

Decoder automatically predicts an adaptive mask for the source image, distinguishing the foreground

and background. In addition to popular benchmarks, we introduce a new large-scale High Resolution

Synthetic Makeup Dataset containing 335,230 diverse high-resolution face images to evaluate our method’s

generalization ability. Experiments demonstrate that IP23-Net achieves high-fidelity makeup transfer while

effectively preserving background consistency. The code will be made publicly available.
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1 INTRODUCTION

In recent years, more people have started sharing their selfie photos on social networks like In-

stagram and Facebook. Good-looking selfie photos can increase attractiveness and self-confidence

to people. Although cosmetics can enhance one’s appearance, they also prolong the time spent

on makeup application [9]. Over the past few years, deep learning techniques have gained rapid

momentum and are widely applied in various domains [6, 15, 16, 16, 29, 35, 37, 38, 42, 62, 63, 70].

This study focuses on an automatic makeup model that transfers makeup from a reference image

to a source image while preserving the original identity and makeup style. However, most existing

methods [2, 7, 10, 17, 21, 25, 27, 28, 36, 40, 43, 46, 60, 68] face challenges in preserving facial geomet-

ric information, distinguishing between facial foreground and background, and addressing the lim-

itations of current makeup datasets. To tackle above challenges, we introduce the two-dimensional

(2D) and 3D Identity Preservation Net (IP23-Net), an end-to-end learning framework compris-

ing a three-dimensional (3D) Shape Identity Encoder, a Makeup Style Encoder, and a Background

Correction Decoder. As shown in Figure 1, we can observe the above problems clearly.

First, previous works often lose facial geometric information during makeup transfer, resulting

in artificial appearances and the loss of the individual’s distinctive features. This issue stems from

existing methods not incorporating depth information and shadow representation, both crucial

for the face’s three-dimensional aspect. To address this challenge, we design a 3D Shape Identity

Encoder consisting of a Shape Encoder, an Identity Encoder, and a Content Style Encoder. The

Shape Encoder, based on a 3D face reconstruction model, introduces face depth information to

enhance facial contours and makeup shadow perception, achieving a visually three-dimensional

effect. In the Identity Encoder, a face recognition network extracts facial identity information,

maintaining the distinctiveness of individual facial features even after makeup application and

ensuring facial uniqueness preservation. Last, the Content Style Encoder extracts the face’s style

feature, supplementing detailed facial features. To augment the three-dimensional perception

of the synthesized images, we propose a 3D stereoscopic loss that utilizes the 3D average face

parameter derived from the 3D Morphable Model (3DMM). During this process, 3D face prior

features are independently extracted from both the source and generated images using the 3DMM.

Following this, the pixelwise L1 loss between the models is computed, effectively incorporating

facial depth information into the generated image and achieving an enhanced stereoscopic effect.

For makeup style extraction, our proposed Makeup Style Encoder obtains features from the

reference image. In contrast to conventional encoders [27, 36], our approach shifts input focus

from an entire image to specific facial regions based on the reference’s corresponding mask. This

enables IP23-Net to effectively perform makeup part selection and style blending.

Second, makeup transfer should differentiate between the facial foreground and background.

However, most existing methods overlook this issue and modify background styles, leading to

unrealistic artifacts. We gain inspiration from References [59, 69]. Our Background Correction

Decoder generates the output image by fusing features from the 3D Shape Identity Encoder and

Makeup Style Encoder and predicts an adaptive face mask using the source image’s 3D structure

feature. This mask explicitly delineates the boundary between the face’s foreground and back-

ground, maintaining end-to-end characteristics and ensuring a realistic outcome.

Furthermore, the makeup transfer task lacks an effective validation dataset. The current state-of-

the-art makeup MT dataset [36] comprises only 3,834 adult female facial images. As modern society

evolves, the makeup user demographic has expanded from young women to various age groups

and includes men. Consequently, makeup transfer techniques lack comprehensive evaluations for

children, older adults, and male subjects. To address this issue, we introduce the High-Resolution

Synthetic Makeup (HRSM) dataset, generated using StyleGAN2 [32] and comprising 335,230

facial images with diverse ages, poses, expressions, and backgrounds. This dataset enables a more
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Fig. 1. IP23-Net is capable of generating highly stereoscopic images while accurately restoring the back-

ground. We compare our output image to the ones produced by state-of-the-art existing methods, PS-

GAN [27] and SCGAN [10]. In addition to preserving the background, we also generate an output image

featuring highly stereoscopic facial components, particularly in the mouth, nose, and eyes.

comprehensive evaluation of model generalization and accuracy. Notably, the HRSM dataset serves

exclusively for evaluating the model’s performance. Our IP23-Net method surpasses other state-

of-the-art techniques in generating realistic images while effectively addressing existing methods’

challenges. The main contributions of our work are as follows:

— We introduce, to the best of our knowledge, a novel makeup network utilizing a 3D face

reconstruction model for high-fidelity makeup transfer, facial geometric information extrac-

tion, and face mask prediction to restore the background. A 3D stereoscopic loss based on

3DMM enhances the realism of the generated makeup.

— We present the HRSM dataset, comprising 335,230 diverse face images, which serves as the

largest makeup dataset available for evaluating the generalization and accuracy of automatic

makeup transfer models.

— Our extensive experimental results demonstrate that IP23-Net delivers competitive results

in preserving facial identity and ensuring makeup transfer quality.

2 RELATED WORKS

2.1 Makeup Transfer

Makeup transfer aims to transfer a specific makeup style from a reference image to a source image.

As one of the pioneering works, CycleGAN [72] investigates image style translation between

unpaired images, which can be directly applied to the field of makeup. However, CycleGAN is

designed for transferring global style between two pre-defined domains; thus, users are unable

to customize the makeup style. Similarly to eyeglass removal [22], PairedCycleGAN [2] further

refines the task of makeup. In this method, two translators are trained separately: one for facial

makeup and another for facial makeup removal. Notably, the two translator structures are

asymmetric. BeautyGAN [36] trains a semantic segmentation network for extracting masks from

different facial regions, such as skin, eyes, and mouth, to calculate the makeup loss. Consequently,

the color information of the makeup area can be restored in the source image. BeautyGlow [7]

employs a generative flow model to obtain latent vectors from a source image and a reference

image. The latent vectors are decomposed into facial features and makeup features, respectively.
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Then, the makeup feature and the facial feature are combined to obtain the source image latent

vectors with makeup. Ultimately, Chen et al. [7] apply the Glow model to invert the latent

vectors to the RGB source image with makeup. Local Adversarial Disentangling Network [17]

leverages multiple overlapping discriminators based on facial feature points for dramatic makeup

transfer. PSGAN [27] proposes the Attention Mechanism Module (AMM) to explicitly address

the spatial misalignment problem. Specifically, the AMM module aims to establish pixelwise

correspondences between source images and reference images to align faces. SCGAN [10] draws

inspiration from StyleGAN [31] to map makeup styles into an intermediate style space instead

of using linearly projected vectors. The research by Lyu et al. [44] details a new technique,

3DAM-GAN, that effectively shields facial images from unauthorized detection by recognition

systems. This innovation not only obscures personal identity but also proves to be highly effective

in evading diverse facial recognition algorithms. Additionally, it also yielded satisfactory results in

the task of makeup transfer. Although the aforementioned methods can achieve makeup transfer,

they fail to restore the face depth information and background of the generated images. In contrast,

our IP23-Net model can generate highly stereoscopic makeup images and accurately restore the

non-makeup area.

2.2 Style Transfer

In recent years, style transfer has emerged as a prominent research area. The underlying concept

of image style transfer involves extracting content and style features separately from source and

target images and subsequently recombining these features to reconstruct the source image with

the style of the target image. Certain methods [54, 57, 58, 71], aim to transfer a source image to var-

ious styles, such as plain and cartoon styles. Nonetheless, these methods are limited to transferring

the source image to a detailed style.

2.3 3D-aware Image Synthesis

In prior research, numerous studies have focused on multi-view and 3D perceptual networks to

enhance the fidelity in the image generation task [14, 19, 23, 48, 50, 53, 73], which is close with

the temporal consistency in video generation [56] and multi-round editting [64]. HoloGAN [47]

learns 3D features from rigid-body transformations to control the pose of generated objects.

Schwarz et al. introduce GRAF [52], a method for high-resolution 3D-aware image synthesis that

trains the model solely from unposed 2D images. PIGAN [1] achieves view-consistent, camera

angle-controlled, high-quality image generation by employing neural representations with peri-

odic activation functions and neural radiance field rendering. GIRAFFE [49] incorporates a com-

positional 3D scene representation into the generative model, improving the controllability of

generated images, while Zhang et al. [66, 67] further consider the pose consistency.

3 APPROACH

In this section, we introduce our 2D and 3D IP23-Net, including Generator (G) and Discriminator

(D). Given the source image x and the reference image y, our target is to learn a makeup transfer

function x̂ = G(x ,y), where x̂ preserves the identity of the source image x and the makeup style

of the reference image y. Figure 2 shows an overview of our network and the detail of Generator.

Our pipeline consists of three parts: 3D Shape Identity Encoder (E3D ), Makeup Style Encoder (EM ),

and Background Correction Decoder.

3.1 3D Shape Identity Encoder

The E3D is a vital component in our proposed makeup transfer framework, IP23-Net, designed

to preserve the geometric structure and facial identity information of the source image. By
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Fig. 2. Illustration of our IP23-Net workflow. Our pipeline comprises three components: the 3D Shape Iden-

tity Encoder E3D , Makeup Style Encoder EM , and Background Correction Decoder BCD. The 3D Shape

Identity Encoder is constructed from a 3D face reconstruction model [13], a face recognition network [12],

and a Content Style Encoder. These elements extract features fshape , fid , and fx from the source image x ,

forming fc . The Makeup Style Encoder retrieves style features fy from the reference image y. Finally, the

Background Correction Decoder fuses these feature types to generate the source face with the reference

makeup and restores the background.

incorporating 3D information, we aim to overcome the limitations of existing makeup transfer

methods that often fail to maintain the fidelity of facial geometry and identity. The E3D module is

comprised of three key parts: a Shape Encoder, an Identity Encoder, and a Content Style Encoder.

To enhance the robustness of our model, we utilize pre-trained Shape Encoder and Identity En-

coder with frozen parameters during network training. This approach allowed us to leverage prior

knowledge and optimize the network for specific tasks, without extensive training from scratch.

Shape Encoder. The Shape Encoder is designed based on a state-of-the-art 3DMM [13] that ex-

tracts the facial geometry information from the source image. The facial geometry information

consists of shape, texture, and depth information from the source image x . Depth information is of

particular importance, as it provides rich geometric information such as contours, shapes, and local

details. We define the facial geometry information extracted from the source image x as fshape .

Identity Encoder. The process of 3DMM for facial modeling typically involves fitting the input

face to the 3D average face model in the Basel Face Model (BFM) database [51] to predict the

face model of the input image. However, since the face texture information of the predicted 3D face

model is also sourced from BFM, the original details of the input image cannot be fully accurately.

To address this issue and retain the identity information of the source image, we propose the use

of a face recognition network [12] to extract the face identity feature fid from the source image x .

By using a face recognition network, we can better capture the individual differences and details

in the input image, ensuring that the generated face model is consistent with the input image.

Content Style Encoder. For the makeup transfer, capturing not only the shape and identity fea-

tures but also the style information of the face, such as skin color and lip color, is essential for
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generating realistic and natural-looking images. To supplement this information and incorporate

it into the generated images, we introduce the Content Style Encoder. It is designed to extract

and encode the style information fx from the source image x . The Content Style Encoder is com-

prised of multiple seven res-blocks and five downsampling convolutional layers, which enable the

extraction and encoding of the style information in the source image.

To generate the final makeup transferred image, we concatenate fshape , fid , and fx and feed

them into the decoder. However, since fshape and fid are obtained using pre-trained models, their

feature shapes cannot match that of fs . To ensure consistency, we adjust the feature shapes of

fshape and fid to match that of fx using a 1× 1 convolutional layer to adjust the number of channels,

and a transposed convolutional layer to adjust the spatial resolution of the features. The final

output of the 3D Shape Identity Encoder is denoted as f c , and the function is defined as

f c = Concat(Convshape (fshape ),Convid (fid ), fx ). (1)

3.2 Makeup Style Encoder

The Makeup Style Encoder is designed to extract features from the reference image using an

encoder-bottleneck architecture. While most existing methods obtain style codes by simply av-

eraging facial features in a reference image, numerous makeup styles exist for various facial com-

ponents, inevitably leading to entanglements between different facial makeups. In contrast to tra-

ditional approaches [27, 36], our Makeup Style Encoder adopts the SCGAN [10] strategy.

The first processing step of the Makeup Style Encoder decomposes each reference face into four

parts (lips, skin, eyes, and nose) using the face parser [34] as follows:

yi = y � Sy,i . (2)

In this step, we process each component of the reference face asyi , where i = {lip, skin, eyes,nose}.
Sy,i represents the corresponding mask of the reference image, and � denotes the Hadamard prod-

uct. After the initial processing, we concatenate these codes as input Y = [yl ip ,yskin ,yeyes ,ynose ]

for EM . The Makeup Style Encoder consists of multiple seven res-blocks and five downsampling

convolutional layers, facilitating the extraction and encoding of style information from the refer-

ence image. Ultimately, we acquire the localized makeup style features, represented as fy .

3.3 Background Correction Decoder

Our Background Correction Decoder reconstructs the source image with makeup, using the con-

tent feature fc and the style feature fy . Specifically, our decoder comprises eight res-blocks and

five upsampling convolutional layers. The Adaptive Instance Normalization (AdaIN) layer [24]

achieves style transfer by altering the data distribution of the feature map. We incorporate AdaIN

layers [24] and two upsampling convolutional layers in the first five res-blocks to facilitate makeup

transfer. The AdaIN layer is defined as follows:

AdaIN (fc , fy ) = σ (fy )
fc − μ(fc )

σ (fc )
+ μ(fy ), (3)

where σ (fc ) and μ(fc ) denote the mean and standard deviation of the source image features, re-

spectively. σ (fy ) and μ(fy ) represent the mean and standard deviation of the style image features,

respectively. In general, AdaIN performs makeup transfer by transforming the mean and variance

of specific channels in the feature map. We then employ another three res-blocks and upsampling

convolutional layers to further fuse the feature maps and generate higher-resolution results. Note

that these three res-blocks are all standard residual blocks without AdaIN layers. We incorporate

the source image x as a residual to the output of the final residual blocks, which enhances the

image restoration effect. Our approach is to ensure a balance between style transfer and content
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preservation. While AdaIN layers excel in transferring makeup style, using them excessively might

compromise content information. To avoid this, we limit the number of AdaIN layers. Res-blocks

without AdaIN layers play a significant role in refining and blending features after the primary

makeup transfer process.

Additionally, the background information of the generated image is susceptible to damage by

the reference image style during makeup transfer. To better preserve the background, we use the

decoder to learn an adaptive mask and accommodate the change in face shape. Specifically, we

predict a three-channel Iд and one-channel Mд after the upsampling. The Mд helps us identify the

facial foreground and background areas. We apply the generated face Iд and blend the background

of the clean source image x to create the makeup image using Mд , formulated as

x̂ = Iд � Mд + (1 −Mд) � x , (4)

where x̂ denotes the generated makeup image. Despite changes in face shape, this decoder remains

valid because the predicted mask Mд is deformable to follow the input source image.

4 OPTIMIZATION OBJECTIVES

Our IP23-Net aims to learn the corresponding relationships between the source image x and the

reference image y.

4.1 3D Stereoscopic Loss

Traditional approaches apply 2D landmark keypoints as geometric supervision to constrain

face shape [27]. To generate highly stereoscopic images, we introduce a 3D face reconstruction

model for obtaining facial depth information. Specifically, we use a pre-trained, state-of-the-art

3DMM [13] to accurately extract facial geometric information. First, we employ the regressing

3DMM coefficients model [13] to obtain the 3D face model and calculate the L1 loss as follows:

L3D
attr ibute = | | f x

shape − f x̂
shape | |1 + | | f

y

shape
− f

ŷ

shape
| |1, (5)

where f x
shape

, f x̂
shape

denote the 3D face attributes of the source image and generated makeup

image and f
y

shape
, f

ŷ

shape
represent the 3D face attributes of the reference image and generated

non-makeup image. Note that ‖·‖1 is the L1-norm loss function. Second, we project the 3D facial

vertices from the 3D model onto the 2D image to obtain landmarks. We then calculate the L1 loss

between these landmarks to enhance the effect of the 3D stereoscopic loss as follows:

L3D
landmark =| |k

x − k x̂ | |1 + | |ky − kŷ | |1, (6)

where kx , k x̂ denote the 2D landmarks of the source image and generated makeup image, while ky ,

kŷ represent the 2D landmarks of the reference image and generated non-makeup image. Finally,

our 3D stereoscopic loss is formulated as follows:

L3D = λ3D
attr ibuteL

3D
attr ibute + λ

3D
landmarkL

3D
landmark , (7)

where λ3D
attr ibute

= 2 and λ3D
landmark

= 0.2.

4.2 Adversarial Loss

The adversarial loss is applied to generate more realistic results. We employ discriminator Dx ,

which attempts to distinguish between fake and real makeup images. Additionally, we propose

discriminator Dy to differentiate between fake and real non-makeup images. Discriminators Dx

and Dy classify 70 × 70 image patches using the same architecture as PatchGANs [26] and do not
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share parameters. The adversarial losses LDx
and LDy

are defined as follows:

LDx
= E[logDx (y) + log(1 − Dx (G(x ,y)))],

LDy
= E[logDy (x) + log(1 − Dy (G(y,x)))].

(8)

Finally, the adversarial loss for the Generator (G) integrates the two terms LDx
and LDy

as

follows:
Ladv = −LDx

− LDy
. (9)

Note that the tasks of G and Dx , Dy are reversed.

4.3 Perceptual Loss

Our perceptual loss includes the global perceptual loss and the local perceptual loss. The global

perceptual loss [30] aims to preserve personal identity information. Specifically, we utilize the

VGG-16 [55] model pre-trained on ImageNet [11] to compare the activation of the source and

generated images in the hidden space, Lдlobal is defined as follows:

Lдlobal = ‖V (G(x ,y)) −V (x)‖2 + ‖V (G(y,x)) −V (y)‖2 , (10)

where V (·) is defined as the output of the VGG-16 model and ‖·‖2 is the L2-norm loss function.

Besides the global perceptual loss, we introduce the local perceptual loss [10] to preserve the non-

makeup parts. Specifically, the local perceptual loss is the same as the global perceptual loss but

changes the input from a global image to the non-makeup facial component parts, Llocal is defined

as follows:

Llocal =

N∑

n=1

[��V (G(x ,y) � Sx,n) −V (x � Sx,n)
��

2

]

+

N∑

n=1

[��V (G(y,x) � Sy,n) −V (y � Sy,n)
��

2

]
,

(11)

where Sx,n and Sy,n are the facial component mask of the source image and the reference image,

respectively. The unchanged non-makeup components N = {hair , eyeballs, teeth}, n denotes the

index of N . The final perceptual loss is defined as follows:

Lper = Lдlobal + Llocal . (12)

4.4 Cycle Consistency Loss

We utilize the cycle consistency loss [72] to train our network in an unsupervised way. If we

translate a non-makeup image to the makeup domain and back, then the cycle consistency loss [72]

helps us to reconstruct this non-makeup image. The cycle consistency loss is pixelwise supervision

to support our network produce high-fidelity results, Lcyc is defined as follows:

Lcyc = ‖G(G(x ,y),x) − x ‖1 + ‖G(G(y,x),y) − y‖1 , (13)

where ‖·| |1 denotes the L1-norm loss function.

4.5 Makeup Loss

The makeup loss [36] applies histogram matching to ensure that the generated makeup image and

the reference image have the same makeup color. We apply histogram matching on the same facial

regions (lip, eyes, skin, and nose) from x and y, which are extracted by the face masks [34] Sx and

Sy , respectively, and recombine them as HM(x ,y). The HM(x ,y) retains the content information

of the source image x and the makeup color distribution of the reference image y for a coarse

guidance. Finally, we calculate the L2 loss between HM(x ,y) and the generated makeup image x̂
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Fig. 3. Samples from the proposed HRSM dataset. The images displayed from (a) to (e), depict makeup faces,

females, males, children, and elderly individuals.

for each channel of the RGB image. In addition, we also calculate the makeup loss between the

generated non-makeup image ŷ and HM(y,x). The LH M is defined as follows:

LH M = ‖x̂ − HM(x ,y)‖2 + ‖ŷ − HM(y,x)‖2 , (14)

where ‖·| |2 denotes the L2-norm loss function.

Total Loss. The total loss Ltotal of our network is defined as follows:

Ltotal = L3D + Ladv + Lper + Lcyc + LH M . (15)

5 HIGH-RESOLUTION SYNTHETIC MAKEUP DATASET

We observe that the sample number of datasets YMU [4], VMU [8], MIW [3], and MIFS [5] is less

than 1,000 (see Table 1). The Makeup Transfer (MT) dataset [36] further enlarges the dataset size

to 3,834, which contains 1,115 non-makeup images and 2,719 makeup images. Most existing ap-

proaches train and test models on the MT datasets. However, it only includes adult female samples

with a relatively low resolution (361 × 361). As a result, the MT dataset lacks diverse samples (e.g.,

males and kids) to validate the generalizability of the model. To overcome the data limitation, we

propose a High Resolution Synthetic Makeup dataset. First, we deploy StyleGAN2 [32] model to

generate 500,000 face images with various races, poses, expressions, and backgrounds, and the res-

olution is 1024 × 1024. Second, we align the generated images with 68 landmarks. Last, we obtain

the gender and age labels through Open Source Computer Vision (OpenCV) libraries. We uti-

lize the MT dataset [36] to train a binary classifier to distinguish makeup images and non-makeup

images. In this process, we use different pre-trained models such as VGG-19 [55], ResNet-50 [18],

and Swin Transformer [41]. Then, we ensemble the classification results of the three models to-

gether to increase the accuracy of the labels. Most of the images with the correct classification

results. To further improve the label accuracy in the HRSM dataset, we set a confidence interval

scope to remove images with low confidence. As a result, we obtained 225,831 makeup images and

109,399 non-makeup images for a total of 335,230 images. The examples of the HRSM dataset are il-

lustrated in Figure 3. Figure 4 demonstrates the proportion and number of each label in our dataset.

To the best of our knowledge, the HRSM dataset is the first makeup transfer dataset with 1024

× 1024 resolution and contains 335,230 samples. The advantages of our collection method are

scalability and security. Scalability means our dataset can be expanded conveniently. Specifically,

we can harness StyleGAN2 [32] model to generate more face images and then use our classifier to

distinguish the makeup images and non-makeup images. For the advantage of security, the face

images we generated by StyleGAN2 [32] are not real-world images. Therefore, people using the
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Fig. 4. Attribute distribution of the proposed HRSM dataset. (a) Percentage of children, adults, and elders.

(b) Percentage of male and female.

Table 1. Comparison with Other Public Makeup Datasets

Dataet ID number
Total number

of images
Age label Gender label

YMU [4] 151 604

VMU [8] 51 204

MIW [3] 125 154

MIFS [5] 214 642

MT [36] 3,000+ 3,834

Ours 330,000+ 335,230 ✓ ✓

HRSM dataset are unable to violate the privacy of other people. The detailed comparison between

makeup datasets is in Table 1.

6 EXPERIMENTS

6.1 Implementation Details

For a fair qualitative comparison, we train IP23-Net on the MT dataset [36]. The input images

are resized to 256 × 256 for the low-resolution setting. We use the relu_4_1 feature layer of VGG-

16 [55] network to calculate the perceptual loss. The weights of different loss functions are set as

λ3D = 1, λadv = 10, λдlobal = 0.005, λlocal = 0.05, λcyc = 10, and λH M = 1. Our network is

optimized by Adam [33] with β1 = 0.5 and β2 = 0.999. The learning rate is 0.0002 and the batch

size is set to 1.

6.2 Qualitative Comparisons

We compare our IP23-Net with other image-to-image makeup translation methods, including

DIA [39], CycleGAN [72], PairedCycleGAN [2], BeautyGlow [7], LADN [17], BeautyGAN [36],

PSGAN [27], and SCGAN [10] as well as two recent makeup transfer methods CPM [45] and Ele-

GAN [61]. Figure 5 demonstrates the qualitative comparison of IP23-Net with other methods on

the generated makeup images. The results produced by DIA [39] show the abnormal color of the

hair, and the color of the lipstick is not transferred well. In addition, the background information

is affected by the reference image. Although CycleGAN [72] can be leveraged to transfer makeup,

the results are incomplete. BeautyGAN [36] performs well on the makeup transfer. Nevertheless,

we can find unnatural color changes in the hair part between the generated and source images. Be-

sides, BeautyGlow [7] transfers the makeup to the source images with an uneven color distribution

in the lipstick part. We use the released model from LADN [17] to obtain the generated makeup
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Fig. 5. Qualitative comparison with existing models. Both source and reference images are selected from the

MT dataset for a fair comparison. IP23-Net effectively transfers the makeup style from the reference image

to the source image. In addition, our method preserves the background as well as the original identity.

images. The background of the generated images is blurred, and some uneven color blocks appear

on the face. PSGAN [27] produces fewer artifacts in the generated images. However, there is a

problem of inaccurate color restoration. Specifically, the color of the lip between the generated

and reference images is inconsistent. SCGAN [10] can address the spatial misalignment problem.

For the CPM [45], we note that although it is able to achieve more satisfactory makeup transfer in

specific scenarios, it may be slightly limited when dealing with diverse makeup style transitions.

As for EleGAN [61], it performs well in localised makeup editing, but there is still room for further

improvement in the naturalness and detailing of full-face makeup. The above limitations can be

summarised in three points. First, the shadow information is lost in the generated image, resulting

in an unrealistic nose. Second, the texture information is not preserved well. For example, the size

of the lip in the generated image is smaller than the source image. Third, the background and the

hair color of the generated images are changed. Compared to these methods above, our IP23-Net

can generate a high-fidelity face and preserve the background accurately.

We evaluate the realism of images generated by IP23-Net using the Fréchet Inception

Distance (FID) [20], comparing it against BeautyGAN [36], PSGAN [27], and SCGAN [10]

under uniform conditions. We select makeup and non-makeup images from the MT dataset [36],

transforming non-makeup images into a consistent makeup style. Different reference images are

used to calculate the average FID. IP23-Net achieves the lowest FID score of 45.59, indicating

superior image quality. To validate the identity preservation when performing makeup transfer,

we use ArcFace [12] to calculate the similarity between the faces before and after makeup transfer.

Comparison tests with other methods indicate that IP23-Net obtained the highest score of 0.9743,

demonstrating better feature maintenance. Additionally, we incorporate the Natural Image

Quality Evaluator (NIQE) to gauge the visual quality of the images. NIQE is a non-referenced

measure that assesses the naturalness of an image based on the statistical properties of a natural,

undistorted image. As Table 2 shows, our IP23-Net scores 5.6377 in NIQE, outperforming others

in visual naturalness and reducing perceptual distortion, thus confirming the effectiveness of our

approach in maintaining image quality and fidelity.

To assess the preservation of expression and pose, we employed a pre-trained MTCNN model

to detect facial landmarks in source images. We then calculated the cosine similarity (CosSim

∈ [0, 1]) of these landmarks to evaluate our method’s efficacy in maintaining facial expressions and

poses. As Table 3 shows, IP23-Net and other baseline methods demonstrate effective preservation

of expressions and poses.

6.3 Computational Complexity Analysis

For the tests regarding the computational complexity of our IP23-Net, we also compared it to

previous approaches, and for a fair comparison, we used a single RTX6000 GPU uniformly in our

tests, and all models are evaluated using the test section of the MT dataset to ensure fairness.
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Table 2. Comparion between IP23-Net and Other Competitive Methods in

Terms of FID, NIQE (Lower Is Better), and Arcface (Higher Is Better)

Method IP23-Net SCGAN[10] PSGAN[27] BeautyGAN[36]

FID ↓ 45.59 47.78 51.78 57.43

Arcface ↑ 0.9743 0.9611 0.9721 0.9691

NIQE ↓ 5.6377 6.1762 5.7311 5.8729

The best results are highlighted in bold.

Table 3. Our Method Protects Expressions/Poses by Computing the Cosine

Similarity between Landmarks

Method IP23-Net SCGAN[10] PSGAN[27] BeautyGAN[36]

CosSim ↑ 0.9994 0.9971 0.9992 0.9992

The best result is highlighted in bold.

Table 4. Comparison of Time Efficiency of our Method with Other Competitors

Methods BeautyGAN PSGAN SCGAN Ours (IP23-Net)

Time (sec./image) 0.0156 1.1586 0.1272 0.0241

Table 4 illustrates that IP23-Net significantly outstrips competitors with an average inference

speed of only 0.0241 seconds per image. This compares favorably to the times recorded by PSGAN

and SCGAN. Such efficiency is maintained even with the inclusion of complex pre-trained models

like the 3D Morphable Model and Arcface in our encoder framework, which are highly optimized

for feature extraction and impose minimal computational burden. IP23-Net thus offers an optimal

blend of rapid inference and sturdy performance, essential for real-time processing scenarios.

6.4 Partial Makeup Transfer

IP23-Net supports partial makeup transfer. People are able to choose the area of makeup by them-

selves from different reference images. Given a source image x and two reference images y1 and

y2. We can use the lip part from y2 and other parts from y1 to obtain the new mixed makeup area

Y = [y1
skin ,y1

eyes ,y1
nose ,y2

l ip ], where [·, ·] denotes concatenation operation. The input to Facial

Component Style Encoder is the facial components, and we can select specific parts from any ref-

erence image. The partial makeup transfer results are presented in Figure 6. We can find that the

style of the lip in the generated image is from Reference2, and the others (eyes, nose, and skin) are

from Reference1.

6.5 Shade-controllable Makeup Transfer

Our model can control the degree of makeup easily. We use a style-code fall to represent the

input feature of Background Correction Decoder, consisting of content feature fc and makeup

style feature fy . We set a coefficient α ∈ [0, 1] to control the weight of fc and fy , which is defined

as fcombined = α fy + (1 − α)fc . Figure 7(a) shows the makeup degree from light to heavy. We can

see that the makeup degree of the source image gets higher when the coefficient α increases. In

addition, IP23-Net supports the makeup style fuse from multiple reference images. We can also use

the coefficient α to change the makeup style of the source image from Reference1 to Reference2.

The style features fy1 and fy2 are from Reference1 and Reference2, respectively. The style-code

fall is calculated by fall = (1 − α)fy1 + α fy2 . Figure 7 (b) shows the makeup style changes from
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Fig. 6. Results of partial makeup transfer. The lipstick style for the generated image is from Reference2, and

the other makeup styles are from Reference1. The source and reference images are from the MT dataset.

Fig. 7. (a) Shade-controllable makeup transfer results. The results are sorted from left to right according to

the degree of makeup from light to heavy. (b) The makeup style of the generated images gradually changes

from Reference1 to Reference2 from left to right. Note that the displayed source and reference images are

from the MT dataset.

Reference1 to Reference2 when the coefficient α increases. In other words, the makeup style is

closer to the reference image that contributes more style feature to fall .

6.6 Generalization to Unseen Images

In this study, we introduce, to the best our knowledge, the novel High Fidelity Makeup Transfer

Network via 2D and 3D Identity Preservation, termed as IP23-Net. For test the generalisability

of our IP23-Net. We train the model on the publicly available MT dataset [36] and test on the

unseen images from HRSM Dataset. Figure 8 demonstrates the efficacy of our method. Moreover,

to comprehensively assess the robustness of our model, we selected unseen male images from the

HRSM dataset for additional testing. Figure 9 illustrates the results of our makeup application on

male subjects. To further validate the performance and generalizability of our proposed IP23-Net
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Fig. 8. Results of makeup transfer. The source and reference images are from the HRSM (ours) dataset.

Fig. 9. Male makeup results. The source and reference images are from the HRSM (ours) dataset.

method, we have also conducted visualizations of makeup transfer effects on the Flickr-Faces-

HQ dataset [31] and EDFace-Celeb-1M dataset [65] (shown in Figure 10). In addition, to more

fully demonstrate the performance of our method in the transfer of different makeup styles, we

purposely add Figure 11 to visualise a randomly selected case. As you can see, the left part shows

the results of a heavier makeup transfer, while the right part shows the results of a more traditional

Asian makeup style transfer. By comparing the results of these two styles of makeup, we can see

the flexibility and efficiency of IP23-Net in handling different makeup styles.

From all the above evidence, it is evident that our model not only delivers high-quality results

across various makeup styles but also exhibits an impressive balance between transformation and

preservation. Notably, the backgrounds of the characters remain intact after the makeup transfer,

maintaining the overall integrity of the image.

6.7 Comparison of Facial Details

Figure 12 left part presents a detailed comparison of our IP23-Net with state-of-the-art methods

PSGAN [27] and SCGAN [10]. The makeup images generated by our network exhibit notable
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Fig. 10. Results of makeup transfer by IP23-Net. (a) The source and reference images are from the Flickr-

Faces-HQ (FFHQ) dataset [31]. (b) The source and reference images are from the EDFace-Celeb-1M

dataset [65].

Fig. 11. Results of makeup transfer by IP23-Net. The different source images are selected randomly, two

makeup styles with widely differing styles are selected as reference images.

superiority in retaining more character details and shadows, especially within the highlighted

regions. This is a significant improvement over the prior methods, enhancing the three-

dimensionality of the characters and making the makeup appear more realistic. A key feature of

our approach is its ability to enhance these aspects without compromising the unique personality

of the characters, thereby achieving a balance between transformation and authenticity that

previous methods have struggled to attain. This balance results in a more holistic and appealing

representation of makeup transfer, thereby pushing the boundaries of what is achievable in

this field. Furthermore, our approach not only excels in executing high-quality makeup transfer

but also demonstrates a strong commitment to maintaining the original image’s integrity. This

effectiveness is achieved by restoring the background of the characters and non-makeup areas, as

illustrated in an ID photo presented in Figure 12 right part. This figure offers a detailed comparison

with state-of-the-art methods PSGAN [27] and SCGAN [10]. In contrast to these previous meth-

ods, IP23-Net demonstrates high accuracy in reconstructing the character background, further

preserving the authenticity of the original image. The content within the black box accentuates

the superior capacity of IP23-Net for character detail preservation, enhancement of image three-

dimensionality, and maintenance of original image integrity. The effectiveness of our approach

in background restoration, combined with its proficiency in makeup transfer, marks a significant

advancement in the field. It establishes a balance between aesthetic enhancement and preservation

of the original image, ensuring a realistic and holistic representation in makeup transfer tasks.
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Fig. 12. Local detailed comparison. Both source and reference images are selected from the MT dataset [36].

From the left side of the figure, it is evident that IP23-Net is able to generate highly stereoscopic makeup

images with accurate background restoration, By comparing the content in the black box, we found that our

generated lipstick is plump and glossy. In addition, according to the right part of the figure, we can find out

that our method is also satisfactory for background reconstruction.

Table 5. Evaluation Results of Different Makeup Transfer Methods in User

Studies, Represented by the Ratio Selected as Best (RSB) in Percentage

Method IP23-Net SCGAN[10] PSGAN[27] BeautyGAN[36]

RSB ↑ 53.68 16.55 24.72 5.05

The best result is highlighted in bold.

6.8 User Study

We conducted plausible user studies to quantitatively evaluate the robustness and visual quality

of IP23-Net with three makeup transfer methods, BeautyGAN, PSGAN, and SCGAN. A total of 20

participants took part in these user studies. In the studies, we randomly selected 15 pairs of makeup

and non-makeup images. The aim was to investigate the completeness of the makeup migration

and whether the contours of the face were well preserved, in addition to whether the non-makeup

areas of the characters were affected. In all user studies, participants were asked to select the result

with the best visual quality and the most accurate transfer. Table 5 illustrates the results of the user

studies, where our IP23-Net outperforms all state-of-the-art methods. We have reason to believe

that this is due to the fact that we have introduced 3D face information reasonably well into the

training process of the model, thus preserving the depth information of the face well.

6.9 Ablation Study

6.9.1 Impact of 3D Stereoscopic Loss on Image Quality. To verify the effect of different losses,

we perform ablation studies on the MT dataset. Specifically, we first add losses one by one to train

different IP23-Nets under the same experimental setting. We then calculate the FID [20] between

the reference image and the generated makeup image. Table 6 demonstrates the impact of each

loss function in terms of the performance. The baseline model, which employed only adversarial

loss, has achieved an FID of 80.49. By incorporating cycle consistency loss, the FID significantly

decreased to 60.99, showing the importance of preserving the subject’s identity during makeup

transfer. The addition of perceptual loss led to an FID reduction to 59.06, implying that high-level

semantic information from pre-trained models contributes to the preservation of facial details and
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Table 6. Ablation Study for Different Losses

Loss Performance

Adversarial Loss ✓ ✓ ✓ ✓ ✓

Cycle Consistency Loss ✓ ✓ ✓ ✓

Perceptual Loss ✓ ✓ ✓

Makup Loss ✓ ✓

3D Stereoscopic Loss ✓

FID ↓ 80.49 60.99 59.06 48.06 45.59

The best result is highlighted in bold.

makeup style. With the introduction of makeup loss, performance improved further, and the FID

dropped to 48.06, emphasizing its effectiveness in preserving and transferring makeup attributes.

Last, the inclusion of 3D stereoscopic loss resulted in the lowest FID of 45.59, signifying the value

of 3D facial structure information for enhanced makeup transfer and more natural results. The ab-

lation studies clearly demonstrate that the combination of adversarial loss, cycle consistency loss,

perceptual loss, makeup loss, and 3D stereoscopic loss is crucial for achieving optimal performance

in our makeup transfer network.

6.9.2 Fixed-parameter Encoder Performance Evaluation. In our IP23-Net architecture, the design

of the 3D Shape Identity Encoder incorporates two distinct encoder components: the Shape En-

coder and the Identity Encoder. The Shape Encoder uses a 3DMM [13], which exists in a parametric

form and is primarily utilized for reconstructing 3D facial structures from 2D images. This model

reconstructs the 3D facial structure from 2D images by comparing the input facial data with the

average facial model in the BFM database. These parameters are pre-calculated based on extensive

detailed 3D facial scan data and are not obtained through training. Therefore, in the Shape Encoder,

we use a fixed 3DMM that accurately captures facial geometry, which is crucial for high-fidelity

makeup transfer. However, the Identity Encoder employs the Arcface model [12], an advanced

facial recognition network used to extract facial identity features. We added experiments to com-

pare the differences between using the fixed-parameter Arcface model and an Arcface model with

trainable parameters in the Identity Encoder. We compare two key performance metrics on the

test set of the MT dataset: Arcface Similarity (higher is better) and FID (lower is better).

In Table 7, the fixed-parameter(*) Identity Encoder demonstrates superior performance over

the trainable parameter configuration for identity consistency and image authenticity in makeup

transfer tasks. This is evidenced by the reduced FID from 47.23 to 45.59, indicating enhanced ef-

ficiency, and the increase in similarity from 0.9743 to 0.9631, highlighting its effectiveness. The

fixed-parameter approach, pre-trained on a diverse dataset, effectively captures facial features, en-

suring high-fidelity in makeup transfer. Its constant parameters during training contribute to stable

outputs across various makeup styles. This stability is crucial for accurately replicating reference

makeup styles while preserving the source identity.

6.9.3 Effects of Shape Encoder. We conduct additional experiments, selecting the seminal work

in makeup transfer, BeautyGAN, as the foundation for our study. On this basis, we integrate our

innovative feature, the Shape Encoder, and employ 3D stereoscopic loss as the supervisory mecha-

nism. In line with the method we describe in our article, we incorporate the features generated by

the Shape Encoder (fshape ) into the network through concatenation. We then apply a 1 × 1 convo-

lutional layer to adjust the number of channels, ensuring effective integration and functioning of

the features. To illustrate the enhancement’s impact more clearly, we provide a visual comparison
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Table 7. Performance Comparison of IP23-Net with Fixed

(*) and Trainable Identity Encoder Configurations in

Terms of FID (Lower Is Better) and Arcface Similarity

(Higher Is Better)

Configuration FID ↓ Arcface ↑

IP23-Net (Identity Encoder) 47.23 0.9631

IP23-Net (* Identity Encoder) 45.59 0.9743

The best results are highlighted in bold.

Fig. 13. Comparative Visualization of Makeup Transfer with and without the Shape Encoder.

that contrasts with the original BeautyGAN method in Figure 13. By observation, we can see that

although the overall difference between the two generated makeup images is not very large, if we

look closely at the lip part in the black box, then we can still feel that the resulting image with the

addition of fshape has a more defined facial contour.

Finally, we believe that despite the integration of the Shape Encoder in BeautyGAN, there are

some limitations in handling the interaction of fshape features as the framework does not include

our specially designed Background Correction Decoder. Due to insufficient feature fusion, the

potential of the Shape Encoder could not be fully utilised, resulting in a less than obvious enhance-

ment of the visualisation. Based on these observations, we conclude that Shape Encoder can be

useful in different approaches, but its value can only be maximised in the IP23-Net framework.

6.9.4 Evaluating the Impact of HRSM Dataset. Integrating the HRSM dataset with the MT

dataset is expected to improve our model’s robustness by diversifying its training data. The HRSM

dataset, with its high-resolution and varied synthetic facial images, complements the MT dataset’s

style and complexity. This integration aims to broaden the model’s understanding of diverse facial

features and makeup styles, potentially improving its adaptability to complex real-world scenarios

and its accuracy in makeup style transfer.

To test this hypothesis, we conducted a visual experiment, comparing models trained on the MT

dataset alone with those trained on both MT and HRSM datasets, focusing on real-world image

processing. The comparative results are illustrated in Figure 14. Crucially, all test images in our

experiment originate from real-world scenarios and are not part of the model’s training set, en-

suring unbiased performance evaluation. The comparative analysis revealed that models trained

with the HRSM dataset more accurately replicated the makeup styles from reference images while

preserving the identity of the source images. This finding supports the notion that integrating the

HRSM dataset into training enhances the model’s performance in real-world applications.

6.9.5 Impact of Face Shape Information on Image Quality. In our study, we extracted facial depth

information (fshape ) from the source images using a shape encoder. This is intended to enhance

the three-dimensionality of the facial contours while preserving the original identity features of

the subjects. An ablation study to validate the effectiveness of depth information in enhancing
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Fig. 14. Comparative results of makeup transfer models trained without (w.o. HRSM) and with (w. HRSM)

the HRSM dataset, using real-world source and reference images.

Fig. 15. This figure shows makeup transfer with (w.) and without (w.o.) facial shape feature fshape . The

source and reference images are from the MT dataset. We can observe that faces with fshape exhibit a

stronger sense of three-dimensionality in the nose and lip areas.

the three-dimensionality of makeup and preserving identity features is conducted. The results, as

shown in Figure 15, demonstrate that models utilizing fshape perform better in maintaining facial

contours and identity features. This proves the significant role of integrating depth information

in improving the overall performance and output quality of the makeup transfer process. This

discovery provides intuitive insights into the critical components of our method and their impacts.

Discussion. The importance of depth information cannot be ignored in the process of makeup

transfer. It allows makeup to be applied in a way that respects the natural profile and height of

the face. This means that makeup is not just adding layers of color to the face, but takes into

account the three-dimensional structure of the face, such as the height of the bridge of the nose,

the hollows of the eye sockets, and the curves of the cheeks. Such a makeup transfer not only looks

more natural, but also better adapts to the unique facial features of different individuals.

A key reason we chose to use 3DMM is its ability to efficiently apply this 3D depth information

in a 2D image. Despite the fact that the final output is on a 2D plane, the depth information ob-

tained through 3DMM can enhance the three-dimensionality and dynamics of facial features. This

approach overcomes the limitations in traditional 2D image processing, making makeup transfer

not just a simple migration of colors, but a more comprehensive artistic creation that takes into

account the 3D structure of the face. Therefore, 3DMM plays a crucial role in our makeup transfer

process. It not only provides precise information about the depth of the face, but also ensures a
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Fig. 16. Eyebrow Rendering Limitations: Although our method successfully transfers basic makeup, it strug-

gles to accurately depict eyebrow special effects in scenarios with extensive facial shadows.

natural and personalized makeup effect. For instance, we could observe the illumination on nose

are significantly different.

7 LIMITATION

Although our method can accomplish a satisfactory makeup migration effect, we still found some

noteworthy points in the process of experimentation, the makeup migration effect will be unevenly

distributed when there is a large shadow area on the character’s face, as shown in Figure 16. From

the image, we can observe that there is a significant difference in the color depth between the left

and right eyebrows of the subject, which diminishes the visual effectiveness of the makeup. We

utilized the 3DMM to extract three-dimensional facial information, emphasizing its proficiency

in capturing the geometry and surface details of the face. However, the model needs further en-

hancement in processing the complexities related to varying lighting conditions. In conditions of

intense or uneven lighting, these complex features may be amplified or distorted, resulting in a

misleading portrayal of makeup effects.

8 CONCLUSION

In this article, we propose a new makeup network called 2D and 3D Identity Preservation Net in an

attempt to overcome several limitations of the current makeup transfer framework. IP23-Net first

distills the facial geometric information and identity feature from the source image by 3D Shape

Identity Encoder. Then, we leverage Makeup Style Encoder to extract the local makeup style from

the reference image. Besides, a 3D Stereoscopic loss is proposed to provide structure supervision

to achieve high-fidelity makeup transfer. Background Correction Decoder utilizes makeup and

identity features for makeup transfer while restoring the background by distinguishing face and

background using the face shape extracted through 3DMM. Moreover, we introduce a High Resolu-

tion Synthetic Makeup dataset by StyleGAN2 [32], which is the largest makeup dataset. Extensive

experiments on the MT dataset demonstrate that our approach can achieve competitive makeup

transfer results and preserve the background accurately.
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