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Abstract

This paper introduces an automatic method for editing
a portrait photo so that the subject appears to be wear-
ing makeup in the style of another person in a reference
photo. Our unsupervised learning approach relies on a
new framework of cycle-consistent generative adversarial
networks. Different from the image domain transfer prob-
lem, our style transfer problem involves two asymmetric
functions: a forward function encodes example-based style
transfer, whereas a backward function removes the style. We
construct two coupled networks to implement these func-
tions – one that transfers makeup style and a second that
can remove makeup – such that the output of their succes-
sive application to an input photo will match the input. The
learned style network can then quickly apply an arbitrary
makeup style to an arbitrary photo. We demonstrate the ef-
fectiveness on a broad range of portraits and styles.

1. Introduction
Digital photo manipulation now plays a central role

in portraiture. Professional tools allow photographers to
adjust lighting, remove blemishes, or move wisps of hair.
Whimsical applications let novices add cartoon elements
like a party hat or clown nose, or to turn photos into
drawings and paintings. Some tools like Taaz [2] and
PortraitPro [1] can digitally add makeup to a person in a
photo, but the styles are limited to a collection of preset
configurations and/or a set of parameters that adjust specific
features like lip color.

This paper introduces a way to digitally add makeup to a
photo of a person, where the style of the makeup is provided
in an example photo of a different person (Figure 1). One
challenge is that it is difficult to acquire a dataset of photo
triplets from which to learn: the source photo, the reference
makeup photo, and the ground truth output (which preserves
identity of the source and style of the reference). Previous
work on style transfer avoids the need for such a training
set by defining the style and content loss functions based on
deep features trained by neural networks [8, 16, 18]. While

those approaches can produce good results for stylization
of imagery in general, they do not work well for adding
various makeup styles to faces. A second challenge, specific
to our makeup problem, is that people are highly sensitive
to visual artifacts in rendered faces. A potential solution
is to restrict the stylization range so as to define a specific
color transformation space (such as affine transformations),
or so as to preserve edges [18, 19, 16]. Unfortunately, this
approach limits the range of makeup, because many styles
include features that would violate the edge preservation
property such as elongated eyelashes or dark eye liner.

Inspired by recent successful photorealistic style trans-
fer based on generative adversarial networks (GANs), we
take an unsupervised learning approach that builds on the
CycleGAN architecture of Zhu et al. [26]. CycleGAN can
transfer images between two domains by training on two
sets of images, one from each domain. For our applica-
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Figure 1: Three source photos (top row) are each modified to
match makeup styles in three reference photos (left column) to
produce nine different outputs (3× 3 lower right).
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tion, CycleGAN could in principle learn to apply a general
make-you-look-good makeup to a no-makeup face, but it
would not replicate a specific example makeup style.

Thus, we introduce a set of problems where the forward
and backward functions are asymmetric. Another example
application would be transferring patterns from an example
shirt to a white shirt, where the paired backward function
could remove patterns from a shirt to make it white. Such
forward (style transfer) functions require a source image
and reference style as input, whereas the backward function
(style removal) only takes the stylized image as input.

Our approach relies on two asymmetric networks: one
that transfers makeup style and another that removes
makeup (each of which is jointly trained with an adversary).
Application of both networks consecutively should preserve
identity of the source photo (Figure 2). Finally, to encour-
age faithful reproduction of the reference makeup style, we
train a style discriminator using positive examples that are
created by warping the reference style face into the shape
of the face in the source photo. This strategy addresses the
aforementioned problem of a ground truth triplet dataset.

The principal contributions of this paper are: (1) A feed-
forward makeup transformation network that can quickly
transfer the style from an arbitrary reference makeup photo
to an arbitrary source photo. (2) An asymmetric makeup
transfer framework wherein we train a makeup removal
network jointly with the transfer network to preserve the
identity, augmented by a style discriminator. (3) A new
dataset of high quality before- and after-makeup images
gathered from YouTube videos.

2. Related Work
Makeup Transfer and Removal. Makeup transfer is

a specific form of style transfer that demands precise se-
mantic understanding of the face to generate photorealis-
tic details. Several previous work addressed the challenges
of makeup transfer. Tong et al. [23] tackled the prob-
lem of automatic transfer of makeup from a makeup ref-
erence to a new portrait. Similar to image analogies [10],
their framework requires as reference a pair of well-aligned
before-makeup and after-makeup photos of the same per-
son. Guo et al. [8] proposed a method that requires only
the after-makeup photo as reference. They decompose the
reference and target portrait into three layers, face structure,
skin detail and color, and transfer the makeup information
for each layer separately. A major disadvantage of the ap-
proach is the need of a pre-processing step to warp the ex-
ample makeup to the target face based on detected facial
landmarks. Similarly, Li et al. [15] proposed to decom-
pose the source portrait into albedo, diffuse and specular
layers and transform each layer to match the optical proper-
ties of the corresponding layers of the reference. Different
from previous work that transfer makeup from one refer-

ence, Khan et al. [14] introduced an approach to transfer
local makeup styles of individual facial components from
multiple makeup references. corresponding facial com-
ponents in the target. Inspired by the recent success of
neural-based style transfer techniques, Liu et al. [18] ap-
plied optimization-based neural style transfer models lo-
cally on facial components.

Other than makeup transfer, researchers have also at-
tempted to digitally remove makeup from portraits [24, 4].
All previous work treat makeup transfer and removal as sep-
arate problems. We propose a single framework that can
perform both tasks at the same time and we show that by
alternating the improvement of transfer and removal pro-
cesses, better results can be obtained for both tasks.

General Style Transfer. Researchers have investigated
the general style transfer problems extensively. Gatys et
al. [6] studied artistic style transfer. They proposed to
combine the content of one image with the style of another
by matching the Gram matrix statistics of deep features
using optimization. Johnson et al. [13] later proposed a
feed-forward network to approximate the solution to the
optimization problem when the goal is to transfer a single
style to arbitrary target images. The above methods are
designed for painterly or artistic style transfer. When both
the target and the style reference are photographs, the output
exhibits artifacts reminiscent of a painterly distortion. In
order to transfer photographic style, recent work [19] added
semantic segmentation as an optional guidance and imposed
a photorealism constraint on the transformation function to
avoid edge distortions in the result.

Style transfer can also be considered as image analogy
with a weak supervision, as described in [16, 9]. Liao et al.
assume the input image pairs have similar semantic struc-
ture and use PatchMatch to calculate the dense correspon-
dences in deep feature space. Their approach works well
for both artistic and photorealistic style transfer, but is com-
putationally expensive. The follow-on work by He et al. [9]
improves the formulation for color transfer tasks. Both ap-
proaches showed good makeup transfer results by treating it
as a color transfer problem. However, we argue that makeup
transfer is more than color transfer. Sophisticated eye make-
ups require the generation of new edges to imitate the exam-
ple eye lashes. Lip makeup alters not only the color, but also
the textural appearance, e.g. shininess, of the lip. We resort
to feed-forward neural networks to learn these complicated
transfer behaviors from data.

Image Domain Adaption. Style transfer can also be
posed as a domain adaptation problem in the image space.
Image domain adaptation methods learn a mapping func-
tion to transform images in a source domain to have sim-
ilar appearance to images in a target domain. Taigman et
al. [22] first formulated the problem and adopted generative
adversarial network (GAN) [7] and variational autoencoder




