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ABSTRACT

Makeup transfer involves transferring makeup from a ref-
erence image to a target image while maintaining the target’s
identity. Existing methods, which use Generative Adversarial
Networks, often transfer not just makeup but also the refer-
ence image’s skin tone. This limits their use to similar skin
tones and introduces bias. Our solution introduces a skin
tone-robust makeup embedding achieved by augmenting the
reference image with varied skin tones. Using Graph Neu-
ral Networks, we establish connections between target, ref-
erence, and augmented images to create this robust represen-
tation that preserves the target’s skin tone. In a user study,
our approach outperformed other methods 66% of the time,
showecasing its resilience to skin tone variations.

Index Terms— Graph Neural Networks, Generative
Models, Style Transfer, Feature Disentanglement
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Fig. 1. Sample results using our approach on MT Dataset [1]:
Our model excels in preserving skin tone for both dark-to-
light (top) and light-to-dark (bottom) cases.

1. INTRODUCTION

Virtual try-on of makeup allows for quick and easy explo-
ration of a wide range of products, creating a seamless dig-
ital shopping experience. Of these virtual try-on techniques,
makeup transfer is among the most popular, which involves
extracting facial makeup components from a reference im-
age and applying them to a target image. These components
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Fig. 2. Makeup Graph: Using a graph and GNN processing,
we create a skin tone-robust style embedding for the reference
image and a content embedding for the target image. The
Style node (4) aggregates messages from nodes with match-
ing makeup but diverse skin tones to capture the robust style.
Meanwhile, the Content node (6) retains the target’s identity
by observing its original version (1) and a version with the
reference image’s makeup applied through face warping (5),
despite some artifacts.

are often composed of eyes, lips and skin makeup such as
blushes. The quality of the transferred image is evaluated
based on how well the texture and color of the makeup are
transferred, how well the non-makeup components of the tar-
get image are preserved and how accurately the makeup is
applied to the correct regions of the target image.

While prior Generative Adversarial Networks (GAN)
based works [2] show varying levels of performance in terms
of transferred makeup accuracy, they struggle to disentan-
gle facial makeup color from skin tone. More specifically,
when the target and reference skin tones do not match, the
target image takes on the reference’s skin tone. In this paper
This study aims to disentangle skin tone in makeup transfer
between unpaired images using a specialized Graph Neural
Network (GNN-MT) illustrated in Fig. 2. Graph-learned style
and content embeddings drive end-to-end training for makeup
image transfer. This streamlined approach enhances the ef-
fectiveness of our makeup transfer framework. Since our
reference style embedding is robust to skin tone, GNN-MT’s
transferred images affect the target image’s skin tone consid-
erably less than prior works while accurately transferring the



makeup components.

In summary, our main contribution is a novel framework
for 2D makeup transfer that improves skin tone preservation
by incorporating GNNs and synthetic histogram matching
into GAN-based makeup transfer.

2. PRIOR WORKS

Li et al. [1] introduce BeautyGAN, a makeup transfer frame-
work that relies on a component-wise makeup objective func-
tion where the lips, eyes and skin area of the reference and
target images are extracted before histogram matching these
components to produce pseudo labels. LADN is another work
that focuses on transferring facial patterns and makeup from
a reference image onto a target image by using local patch-
wise discriminators [3]. Jian et al. [4] enhance makeup spa-
tial accuracy in PSGAN by incorporating pixel-wise attention
based on the relational position of pixels with facial land-
marks. Similarly, SSAT [5] uses a semantic attention mecha-
nism along with multi-scale feature fusion to combine content
and semantic information, while Yang et al. [6] introduce an
attention mechanism to capture the correspondence between
the target and the reference at both high and low resolutions,
capturing high-frequency pattern information as well as low-
frequency textural information. In SCGAN, Deng et al. [7]
use a dual branch network where one branch extracts a pose-
invariant embedding from the components of the reference
image, while the other branch extracts a content embedding
from the target image. CPM [8] extracts color information
in the UV space to be pose-invariant. Recently, Li et al. [9]
employs transformers for this task, while Xiang et al.[10]
computes attention masks to transfer makeup from the corre-
sponding regions of the reference image to the target image.

While these prior works show varying levels of success
for makeup transfer accuracy, they struggle to keep the target
image’s identity when the skin tone of the target and reference
image differ. In this work, we aim to address this shortcom-
ing by extracting a skin tone-robust embedding from the ref-
erence image via constructing a graph structure and learning
its node embeddings using GNNs.

3. METHOD

3.1. Problem Formulation

We assume that our makeup dataset is unpaired, meaning
that the images in the makeup category are not associ-
ated with the images in the non-makeup category on a be-
fore/after makeup basis. Consequently, we denote the set
of non-makeup images with X € RH*W>3 and the set of
makeup images with Y € RH>*W>3 where H and W are
the height and width of the RGB images. At each training
iteration, we create a pseudo pair by sampling z; € X and
y; € Y where ¢ and j are uniformly sampled from [1, | X]|]

and [1,]Y]], respectively. Our goal is to learn a function
g ¢ {REXWS REXWX3Yy o RHEXWXS that transfers the
makeup components of the makeup reference image onto
the non-makeup target image while preserving the target’s
identity including its skin tone.

3.2. Graph Construction

One of the main components of our framework is how we
construct a graph that enables obtaining a skin tone-robust
embedding for the reference and target images. As shown
in Fig. 2, the graph is constructed such that a style node is
connected to skin tone-augmented versions of the reference,
while a content node is connected to the original and a face-
warped version of the target image. This way, the style node
receives information from images that have the same makeup
but different skin tones, while the content node receives infor-
mation from images that have the identity of the target image
but with different styles.

More formally, let us denote this graph with Gmakeup (V, E)
where V' is the set of nodes in the graph and E is the set of
edges such that if there is an edge fromv; € V tov; € V,
then (v;,v;) € E. |V| denotes the number of nodes in this
graph which is equal to 5 + |Vim|, where the five nodes con-
sisting of the target, warped target, content, style and the
original reference are fixed, but the number of histogram
matched reference nodes denoted by |V | is variable and set
by a hyperparameter.

3.2.1. Reference Image Histogram Matching

To generate the skin tone augmented versions of the reference
image from Fig. 2, we first generate a number of synthetic
portrait images where the depicted subject’s skin tone varies
from light to dark. As illustrated in Fig. 3, for each augmented
reference image, one of the synthetic images are randomly
chosen. A BiSeNet-based face parser [11] is then used to seg-
ment the synthetic and the original reference images. Using
the segmentation map, the skin area of both images is ex-
tracted. Lastly, the skin area of the original reference image
is histogram matched to that of the synthetic image before
mixing the resulting skin image with the original reference
image. Note that the adoption of synthetic faces for skin tone
diversification allows us to generate a large variety of shades
(38 in our experiments), which is difficult to collect through
natural image datasets.

3.3. Graph Representation Learning

GNNss efficiently capture graph-structured data and can be
used for a variety of tasks including node, edge or graph
classification and regression [12]. We use a GNN to enable
message passing [13, 14] among the nodes in the Makeup
Graph and learn the embeddings of the Style and Content
nodes, which are used as inputs to separate style and content
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Fig. 3. Reference Image Skin Tone Augmentation: Synthetic
images are used to augment the reference images and generate
a wide variety of skin tones via histogram matching.

branches shown in Fig. 4. More formally, for each tar-
get/reference pair, multiple GNN layers are used to process
the node features in the Makeup Graph G pakeup as:

hl+1 = RCLU(GNNZ(Gmakeup), hl), l e [1, L}, (D)

where L denotes the number of layers in the network, and
ho € RIVIXHxWx3 i the initial node embeddings. Addi-
tionally, for the GNN layers, while we use the general frame-
work of Graph Convolutional Networks (GCN) [15], we mod-
ify their message function to use a two-layer Convolutional
Neural Network (CNN) that preserves the spatial dimension
of the input features.

3.4. Overall Model Architecture

As shown in Fig. 4, we build GNN-MT’s generator as an ex-
tension of SCGAN’s generator [7]. After creating the Makeup
Graph for a target/reference pair, we use GNNs to obtain em-
beddings for the nodes in the graph. The embedding for the
Content node is then fed into the content branch, while the
learned embedding for the Style node is fed into the style
branch. These embeddings are then combined via feature fu-
sion before being decoded into the output image.

Generator

Makeup Transfer’s (MT) Generator (like SCGAN’s)
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Fig. 4. GNN-MT Model Architecture: Building on SCGAN’s
generator, we enhance it with a Makeup Graph processed by
GNNs. This yields target content and reference skin tone-
robust embeddings. These embeddings then drive SCGAN’s
content and style branches for makeup transfer. During train-
ing, the PatchGAN discriminator [16] ensures realistic image
generation.

3.5. Objective Functions

For conciseness, we skip the details of most commonly used
loss functions in the GAN-based makeup transfer literature
and summarize them in the list below. The details for the more
specialized loss functions are provided in the subsections that
follow.

» To train the GAN, we use the adversarial loss from [2],
which we denote by L2 and LS, , which are the dis-

adv adv>
criminator and generator losses, respectively.

» To encourage accurate transfer of makeup, we use the
component-wise makeup loss first introduced by Li et
al. [1], in which histogram matching of facial compo-
nents is performed to produce pseudo makeup labels.
We denote this by Liakeup-

* To enable learning without paired data, we use the cy-
cle consistency objective function introduced by [17],
which we denote by Lcyce.

* To further improve the preservation of the target’s iden-
tity, we minimize a perceptual loss (Mean Squared Er-
ror (MSE) between intermediate VGG [18] features)
and a pixel-wise reconstruction loss (MSE) between the
original target image and the output transferred image.
We denote the sum of these losses by Lyeconstruction-

3.5.1. Style Node Consistency Loss

In the Makeup Graph illustrated in Fig. 2, we expect the Style
node to capture a skin tone-robust style embedding using the
messages it receives from the augmented versions of the ref-
erence image. Therefore, we expect this learned embedding
to be equally close to the original reference image and its aug-
mented versions in the Euclidean space. To enforce this, we
introduce the Style Node Consistency Loss as shown in Equa-
tion 2.

leyle,node = ||E(hstyle) - F‘l(y}]fm)HQ’ (2)

with &k € [1,|Vim| + 1], and where Fj(.) is the [-th layer
feature of a pre-trained VGG [18] model, hgyie is the learned
embedding for the Style node, and {ynm} is the set of aug-
mented versions of the reference image.

3.5.2. Content Node Loss

To ensure that the Content node embedding matches the iden-
tity features of the target image, we use the term:

Fi(z)ll2, 3)

LCOntCnLHOdC = ||E (hcoment) -

where hcongent 18 the learned embedding of the Content node,
and z is the original target image.



3.5.3. Total Loss

Putting it all together, the final objective is defined as:

D _ D
Ltotal - /\adeadv
LG = MaavLEy + Aeyete L A L
total — NadvLl/ady + cycleucycle + style_node Lustyle_node ( 4)
+ /\contem,nodeLcontent,node + /\makeumeakeup

+ )\reconslructionLreconstruclion7

where A terms are the weights given to each term.

4. EXPERIMENTS

4.1. Dataset

To train and evaluate our framework, we use the Makeup
Transfer (MT) dataset [1], which is an unpaired dataset con-
sisting of 1,115 non-makeup and 2,719 makeup images. We
use the same training and test splits as [1] and [7]. Addition-
ally, to further showcase the generalize-ability of GNN-MT,
we use the Facial Cosmetic Content (FCC) dataset [19] as
an independent test set. This dataset consists of 13,112 light
makeup, 4,422 strong makeup, and 4,148 non-makeup images
extracted from online YouTube videos. For both datasets,
we down-sample the images to a fixed size of 256 x 256 for
fair comparison with prior works that follow the same down-
sampling strategy.

4.2. Qualitative and Quantitative Results

In Figs. 5 and 6, we qualitatively show that for both dark to
light and light to dark cases, GNN-MT preserves the skin tone
of the target image more than prior works. Additionally, we
see that while the skin tone is preserved, facial makeup fea-
tures such as blushes are preserved by our model (e.g. bottom
row of Fig. 5). Moreover, we see that our model performs
better in terms of hair color preservation compared to prior
works as most evident by the first two rows of Fig. 1. It
must also be noted that all models perform relatively worse
on the FCC dataset compared to the MT-dataset, and we at-
tribute this to the domain shift between the two datasets where
the FCC dataset includes frames of lower quality videos with
more in-the-wild image variations not seen during training.
Nonetheless, our model still performs better in terms of skin
tone preservation on the FCC dataset.

Additionally, as shown in Table 1, we quantitatively com-
pare GNN-MT’s performance to prior works. We include 4
prior works in a user study where we randomly choose 50 tar-
get and reference images from the MT dataset. 20 users are
asked to select the best picture based on the image’s realism,
resemblance to reference makeup looks, and preservation of
target’s skin tone. We also employ other evaluation metrics
including FID and the identity preservation metric used by Li
et al. [9] on a randomly selected subset of MT Dataset.

Reference Target
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Fig. 5. Qualitative results on the MT dataset. We see that
the GNN-MT model is more robust to cases where the skin
tone of the target and reference do not match and preserves
the skin tone of the target better than prior works.
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Fig. 6. Qualitative results on the FCC dataset for models
trained on the MT dataset. While all models perform rela-
tively worse when compared to Fig. 5, GNN-MT does a better
job of preserving the skin tone of the target.

Table 1. Quantitative results show our model is preferred over
prior works in the user study (User Pref.) while also showing
better FID and identity preservation performance (ID Pres.).

Model User Pref | FID | | ID Pres. 1
(%] T
SCGAN 2 64.23 0.8153
PSGAN 10 59.25 0.6348
BeautyGAN 22 56.59 0.8980
SSAT excluded 60.65 0.5889
EleGANt excluded 62.32 0.6626
GNN-MT (Ours) 66 50.12 0.9425

5. CONCLUSION

We presented a GNN-based method to transfer facial makeup
from a reference image to a target image, which improves skin
tone preservation of the subject by disentangling skin tone
from makeup. While our model outperforms the state of the
art in terms of skin tone preservation for the task of makeup
transfer, it has some shortcomings that will be addressed in
future works. For one, while our reference image augmenta-
tions are suitable for skin tone preservation, we still need a
mechanism to preserve the illumination of the target.
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