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Abstract
Translating face photos into portrait drawings takes hours for a skilled artist which makes automatic generation of them
desirable. Portrait drawing is a difficult image translation task with its own unique challenges. It requires emphasizing
important key features of faces as well as ignoring many details of them. Therefore, an image translator should have the
capacity to detect facial features and output images with the selected content of the photo preserved. In this work, we propose
a method for portrait drawing that only learns from unpaired data with no additional labels. Our method via unsupervised
feature learning shows good domain generalization behavior. Our first contribution is an image translation architecture that
combines the high-level understanding of images with unsupervised parts and the identity preservation behavior of shallow
networks. Our second contribution is a novel asymmetric pose-based cycle consistency loss. This loss relaxes the constraint
on the cycle consistency loss which requires an input image to be reconstructed after transformations to a portrait and back to
the input image. However, going from an RGB image to a portrait, information loss is expected (e.g. colors, background). This
is what cycle consistency constraint tries to prevent and when applied to this scenario, results in learning a translation network
that embeds the overall information of RGB images into portraits and causes artifacts in portrait images. Our proposed loss
solves this issue. Lastly, we run extensive experiments both on in-domain and out-of-domain images and compare our method
with state-of-the-art approaches. We show significant improvements both quantitatively and qualitatively on three datasets.

Keywords Portrait drawing · Unsupervised part segmentations · Unpaired image translation · Cycle consistency adversarial
networks

1 Introduction

Image-to-image translation has been a popular topic and sig-
nificant progress has been achieved (Isola et al., 2017; Park
et al., 2019; Yi et al., 2019; Dundar et al., 2020; Liu & Tuzel,
2016; Yi et al., 2017; Liu et al., 2017; Mardani et al., 2020;
Liu et al., 2022), especially in the area of translating face pho-
tos (Choi et al., 2020; Shen & Liu, 2017; Xiao et al., 2018;
Zhang et al., 2018; Li et al., 2021; Huang et al., 2021; Yang
et al., 2022; Dalva et al., 2022). Image translation of face
photos into portrait drawings is one of them which requires
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detecting semantic parts of a face so that the drawing can
exhibit abstraction of the face with an artistic touch.

Portrait drawing methods should capture the feelings of
the person as well as the key facial features that define the
identity of the person. On the other hand, irrelevant details
in the input images (e.g. rich background, high-frequency
details, color information) should not be transferred to the
portrait. Such a drawing requires experience and skill where
artists use a unique set of lines to represent the subject. Since
portrait drawing requires hours of a skilled artist, automatic
generation of them is desirable (Yi et al., 2019, 2020b, a).

The abstractness of portrait generation requires detecting
important key features in the input image to translate and
ignoring the rest of the features. These requirements make
this task more challenging than the other image translation
tasks, e.g. changing the painting style. Because of that neural
style transfer networks (Gatys et al., 2016) and cycle con-
sistent adversarial networks (cycleGAN) (Zhu et al., 2017)
which are pretty successful at style transfer, fail on this task
(Yi et al., 2020a). Previous methods for portrait generation
require either paired data (Yi et al., 2019, 2020b) or part seg-
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mentations of faces and portraits to train local discriminators
(Yi et al., 2019, 2020b, a). In this work, we are interested in
learning a portrait generation method in a completely unsu-
pervisedwaywith unpaired data and no annotation of images.

We base our method on cycle-consistent adversarial net-
work (Zhu et al., 2017). Thesemethods use cycle consistency
by minimizing the reconstruction loss between input images
and images that are translated twice, translated to a differ-
ent domain, and then back to their original domain. This
regularizes the network to preserve the content of the input
image. However, that is not enough to translate images with
the content preserved since deep networks have the capacity
to encode the details of the input image content in a non-
recognizable way for humans in the translated images and
achieve cycle consistency without translated images follow-
ing the correct content. For example, in the portrait generation
task, with cycle consistency training, the network can take
an input image with eyeglasses and translate it to a por-
trait without glasses, and translate it back to the input image
with eyeglasses. Even though visually it may seem that the
information that carries the eyeglasses is erased when the
translation happens, the network finds a way to encode such
information and can translate the portrait back to the origi-
nal image. This will result in satisfying the cycle-consistency
constraint while changing the content. Therefore, researchers
adopt another completing ingredient for content preserva-
tion which is to use shallow network architectures (Zhu et
al., 2017; Liu et al., 2017; Huang et al., 2018; Yi et al.,
2020a; Choi et al., 2018). Shallow networks cannot make
drastic changes to the input images and this helps to preserve
the identity of the photos. However, for high-quality portrait
generation, the network should have the capacity to differen-
tiate key facial features from irrelevant features. To achieve
that we combine the advances in unsupervised part detection
(Jakab et al., 2018; Lorenz et al., 2019; Dundar et al., 2021)
with the cycle consistent adversarial networks.

Another challenge of learning portrait drawing is that
while cycle consistency loss encourages content preserva-
tion, it also forces the portrait image to encode all the
information of the face photo. However, portrait drawings
should carry less information than their face photo coun-
terparts since colors and many details are supposed to be
removed. To relax this constraint, Yi et. al. (Yi et al., 2020b)
propose a relaxed cycle consistency loss where cycle con-
sistency is calculated between the edge maps of input photo
images and reconstructed ones. Even though this removes
color information, it still requires theportrait image to include
many high-frequency details (all the edges). To solve this
problem, we propose a novel asymmetric pose-based cycle
consistency loss and with that, we encourage alignment
between the high-level features of faces in photos and por-
traits.

Our contributions are as follows:

1. We propose amethod for portrait drawing that only learns
from unpaired data with no additional labels. Previous
methods either require paired data or part labels.

2. We propose an image translation architecture that com-
bines the high-level understanding of images with unsu-
pervised parts and identity preservation behavior of
shallow networks.

3. We propose a pose-based cycle consistency loss. This
loss does not force the network to preserve the color and
background information while converting an image to a
portrait.

4. We extensively run experiments both on in-domain and
out-of-domain images and compare our method with the
state-of-the-art. We show significant improvements both
quantitatively and qualitatively.

2 RelatedWork

Image to Image Translation Methods Image translation
methods powered with adversarial losses have shown suc-
cessful applications in image resolution (Yuan et al., 2018),
dehazing (Engin et al., 2018), texture expansion (Mardani et
al., 2020), and 3D inference (Bhattad et al., 2021; Dundar et
al., 2022) to name a few. Many of those image translation
methods require paired data (Isola et al., 2017; Wang et al.,
2018; Park et al., 2019; Dundar et al., 2020; Mardani et al.,
2020). However, for many tasks, paired training data may
not be available. For example, one may want to learn a map-
ping function that can convert a photograph into a painting.
Whereas it is not easy to capture a photograph that has the
same content and layout as a painting, it is easy to collect
unpaired images of photographs and paintings. For this rea-
son, researchers propose to train image translation methods
with unpaired data (Liu et al., 2017; Yi et al., 2017; Zhu et al.,
2017) which are referred to as unsupervised image-to-image
translation methods. This problem is inherently ill-posed
since there is no guidance for one-to-one mapping. There-
fore, researchers propose various regularizers and structures
to the image translator training to achieve plausible results.
Regularizers include shared-latent space assumption (Liu et
al., 2017), weight-sharing (Liu & Tuzel, 2016), contrastive
learning (Park et al., 2020), and most popularly cycle con-
sistency constraint (Zhu et al., 2017; Yi et al., 2017; Liu et
al., 2017).

For cycle consistency constraint, two image translators are
trained simultaneously between two domains. If the image
translators preserve the underlying representation, it should
be possible to map an image from one domain to another and
map it back to the original domain and to the original image.
In terms of loss function, two reconstruction losses that force
cycle consistency are added to the training. These recon-
struction losses are implemented as either pixel-level L2 loss
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or higher level VGG loss. The translation methods trained
with cycle consistency achieve successful image translation
on many domains (Zhu et al., 2017; Yi et al., 2017; Liu et
al., 2017; Kim et al., 2020; Zheng et al., 2020). However,
portrait drawing is more challenging than many other image
translation tasks since it requires high abstraction and expres-
siveness. Because of that, researchers propose methods that
are specialized for portrait drawing. We review those next.

Portrait DrawingMethods Portrait drawing of face pho-
tos is an image translation topic. APDrawingGAN (Yi et al.,
2019, 2020b) is oneof thefirst image translationmethods that
is specialized in artistic portrait generation.APDrawingGAN
sets an encoder-decoder architecture and trains a model with
adversarial and image reconstruction losses. Image recon-
struction losses are possible since the model is trained on
paired data. However, finding paired data for portrait genera-
tion is difficult and because of that, there is extensive interest
in methods that can learn from unpaired data. Later on, Yi
et al. (2020a, 2022) proposes an architecture that is able to
learn from unpaired training data. Their method is based on
cycle constraint but an asymmetric one; when a portrait is
translated to a photograph and translated back to a portrait,
a cycle consistency is applied such that the input and out-
put portraits are the same. Whereas when a photograph is
translated to a portrait and then back to a photograph, since
the portrait translation lost details, a one-to-one reconstruc-
tion between the first and last photograph is not expected.
Instead, a cycle consistency between the edge maps is used
to guide the networks. This relaxes the cycle consistency con-
straint but still requires portrait translation to keep all the edge
information.However, realistic portraits do not have crowded
backgrounds and only key features of faces are translated
while many details are ignored for abstraction. Therefore,
the relaxed cycle consistency on the edges does not solve
the issue completely. All these models that are proposed for
portrait translation use local discriminators to preserve the
facial structure of the drawings and these local discrimina-
tors require part labels of faces. Without local discriminators
(e.g. a discriminator for nose, hair), the generated images
contain defects around the eyes, nose, andmouthwhichmake
the portraits look unrealistic. Previous works relying on dif-
ferent annotations are given in Table 1. In addition to these
annotations, UnpairPortrait++ (Yi et al., 2022) also requires
human annotation to rank the quality of portraits and obtain
a quality metric for training.

Different from these works, our work, to the best of our
knowledge, is the first one that achieves portrait transla-
tion without requiring any annotated part labels. Our image
translation architecture is different from previous methods
as we combine the high-level understanding of images with
unsupervised part maps and identity preservation behavior
of shallow networks. Also different from previous works,
we use a novel asymmetric pose-based cycle consistency

Table 1 Summary of methods that require supervision in the form of
paired data or part labels. Our proposed method does neither require
paired data nor part labels

Methods Paired data Part labels

APDrawingGAN (Yi et al., 2019) � �
APDrawGAN++ (Yi et al., 2020b) � �
UnpairPortrait (Yi et al., 2020a) ✗ �
UnpairPortrait++ (Yi et al., 2022) ✗ �
Ours ✗ ✗

loss. With these contributions, we achieve significantly bet-
ter results than the previous works both on in-domain and
out-of-domain images.

3 Method

Ourmethod sets a carefully designed image translation archi-
tecture for this task. The image translator should have the
capacity for high-level understanding of facial features and
additionally should not have so much freedom to change the
content completely. By freedom here, we mean it should not
be a deep architecture as we show in our ablation study, they
change the content drastically. For this design, our method
consists of learning an unsupervised part detector and an
image translator which are explained next.

Unsupervised Part Detector. Recently, there has been
significant success in unsupervised part and landmark learn-
ing research via image reconstructions (Jakab et al., 2018;
Lorenz et al., 2019; Dundar et al., 2021; Sardari et al., 2021;
Hung et al., 2019). To learn an unsupervised part detector,
also referred to as pose encoder, we set an encoder-decoder
pipeline as shown in Fig. 1. Encoders’ job is to encode poses
(parts) and appearances and the job of the decoder is to recon-
struct the input image from those information.Before feeding
images to the pose and appearance encoders, we perturb
the input images. For the pose encoder, by color jittering,
we obtain appearance-transformed image Tcj (x). For shape
transformation, we use thin-plate-spline warping to create
synthetic pose-changes Ttps(x). The pipeline is forced to
learn pose and appearance because while trying to recon-
struct the input, neither the pose encoder nor the appearance
encoder is ever given direct access to the original image x .
Not enabling direct access to the original image is the first
information bottleneck that encourages learning parts and
learning disentangled pose and appearance features.

Following Lorenz et al. (2019), the pose encoder is exe-
cuted on both the pose-perturbed and color-jittered input
images to map the localized appearance information. Note
that both pose and appearance encoders have the encoder-
decoder architecture. Via the convolution blocks that down-
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Fig. 1 Unsupervised part segmentation learning pipeline (Pose
encoder). To learn a pose encoder, we learn an appearance encoder
and an image decoder jointly to enable training. To achieve pose and
appearance disentanglement, we perturb the input image before feed-
ing it to the encoders. For the pose encoder, by color jittering, we
obtain an appearance-transformed image while preserving the pose.
For shape transformation, we use thin-plate-spline warping to create

synthetic pose-changes while preserving the appearance. The pipeline
is forced to learn pose and appearance because while trying to recon-
struct the input, neither the pose encoder nor the appearance encoder is
ever given direct access to the original image. The overall framework is
trained with image reconstruction loss. Network architectures are taken
from Dundar et al. (2021)

sample the features, our encoders increase their receptive
field to have a more global view of the image. However, in
the end, we want poses to be encoded as heatmaps that are
in the same resolution as the input image to provide us with
segmentation parts of objects. Therefore, we add convolution
blocks with upsampling layers to reach to the same resolu-
tion as the input. We also want appearance information to
be encoded to the same dimension so that we can pool the
appearance features based on the predicted parts which will
be explained next, more in depth. The details of the architec-
tures are given in Sect. 4.

The other bottleneck that encourages learning parts is the
Gaussian bottleneck. We fit the encoded pose into a Gaus-
sian distribution in order to capture the key facial features.
Following Lorenz et al. (2019), we fit a 2D Gaussian to each
activation of the K activation maps by computing the mean
over activation locations and using either an estimated or
predefined covariance matrix. Each part is then written as:
˜�

pose
k = (μk, �k), where μk ∈ R

2 and �k ∈ R
2×2. The

2D Gaussian approximation forces each part activation map
into a unimodal representation. This results in limiting the
information flow from the encoder to the decoder. This bot-
tleneck results in the keypoint-like or part-segmentation-like
interpretation that each part appears in at most one location
per image.We learn K number of distinct heatmaps after this
process which corresponds to K number of parts.

The appearance encoder �app = Encapp(x;Encpose(x))
extracts local appearance information. The encoded appear-
ances should be projected to the correct locations to recon-
struct the final image. This happens as follows; given an input
image x , the pose encoder first provides K×H×W part acti-
vationmaps�pose. The appearance encoder then projects the
image to aC ×H ×W appearance feature map Mapp. Using
the pose activation map to compute a weighted sum over the
appearance feature map, we extract the reduced appearance
vector for the kth part as:

�
app
k,c =

H
∑

i

W
∑

j

�
pose
k,i, j M

app
c,i, j for c = 1...C, (1)

giving us K C-dimensional appearance vectors. Here, each
activation map in �pose is softmax-normalized.

The appearance vectors and encoded poses are fed to the
image decoder. Our training procedure as depicted in Fig. 1
can be expressed as follows:

�
pose
cj = Encpose(Tcj (x)) (2)

�app = Encapp(Ttps(x);Encpose(Ttps(x))) (3)

x̃ = Dec(˜�pose
cj ,�app). (4)
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Fig. 2 Examples of unsupervised part activation heatmaps. Here, we
use a different color for each channel of the pose encoder. As can be
seen, parts are specialized to detect certain parts (e.g. forehead, eye,
nose) in face photos to achieve reconstruction and they are consistent
among examples

where Encpose, Encapp correspond to pose and appearance
encoders, respectively. The image decoder, Dec takes the
encoded pose and appearance codes and tries to reconstruct
the original image. Our reconstruction loss between x and x̃
is a VGG perceptual-loss (Zhang et al., 2018) same as the
previous works (Jakab et al., 2018; Dundar et al., 2021) with
pre-trained ImageNet weights.We take the network architec-
tures from Dundar et al. (2021) and the parameters are given
in Sect. 4. Some examples of the part detections are shown
in Fig. 2. The parts learn to track visually-consistent facial
features across warps since parts are suited to represent them
for reconstruction. As shown in Fig. 2, heatmap activations
are consistent across examples.

We use the pose encoder in the image translator to pro-
vide the network with a high-level understanding of our
input photos. Additionally, the same pose encoder is used for
pose-based cycle consistency loss. Both are described in the
next subsection. Not that the appearance encoder and image
decoder from Fig. 1 are only trained to enable learning of the
pose encoder via image reconstruction loss and discarded in
the rest of the framework.

Image Translator for Portrait Drawing. For our image
translator, we use the previously described pose encoder that
has a deep architecture that can provide high-level under-
standing and a translation architecture that has a shallow
architecture that can prevent drastic changes to the content
as shown in Fig. 3. We use the pose encoder with frozen
parameters in this pipeline and learn the parameters of the
translation architecture. In our ablation study, we show why
the image translator architecture should not be deep as it will
not preserve the content.

In our setting, the image translation architecture has 2
downsampling and 2 upsampling layers. Before each down-
sampling and upsampling layer, there is a convolution block
that consists of convolution, relu, and instance normaliza-
tion layers. After 2 consecutive downsampling blocks, there
are 9 convolutional blocks and then 2 consecutive upsam-

pling blocks. Since there are only 2 downsampling layers,
the receptive field of the architecture is small. On the other
hand, the pose encoder has 4 downsampling and upsampling
blocks which provides the network with a larger receptive
field and a higher understanding of the content. Additional
architectural details are provided in Sect. 4. We provide this
high level of understanding extracted from images to our
translator by concatenating the encoded poses with the input
image and feeding them to the image translation network as
shown in Fig. 3. We do not tune the pose encoder during
image translation training.

For training the translation architecture, we use cycle con-
sistent adversarial network training pipeline. Specifically, we
follow the asymmetric CycleGAN training (Yi et al., 2020a)
as our baseline.We set two image translators;Gp to translate
face photos into portrait photos and Gr to translate portrait
photos into face photos. These two translators are trained
jointly with each having a discriminator, Dp and Dr , to guide
the networks for translating images to correct domains.Mod-
els are trained with adversarial and cycle consistency losses.
The adversarial losses are given as follows where a discrim-
inator and a generator play a min-max game:

Ladv = min
Gp

max
Dp

λadv �adv(Gp, Dp)

+min
Gr

max
Dr

λadv �adv(Gr , Dr ) (5)

Additionally, we use a cycle consistency loss between por-
trait photos as follows:

Lcyc = ||xp − Gp(Gr (xp))|| (6)

where xp is a portrait drawing. This loss regularizes the net-
work so that a portrait image when translated to a face photo
with Gr can be translated back again with Gp. The final
translated image should be the same as xp, the very input
image.

On the other hand, the same cycle consistency from face
image to portrait to face image is too demanding for the task
since when a face image is translated to portrait, there is a
considerable loss of information. Because of this reason, Yi
et al. (2020a) propose to use a relaxed cycle consistency as
given in Eq. 7.

Lrel−cyc = ||E(xr ) − E(Gr (Gp(xr )))|| (7)

E is a deep learning based edge detector (Xie & Tu, 2015).
The relaxed cycle consistency is calculated by only applying
reconstruction loss between the edge information of the input
and output RGB images since translating an image to portrait
results in removing color information from the input image.
In our first experiment, we use this loss as well. However,
this relaxed cycle consistency still requires translated portrait
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Fig. 3 Portrait drawing pipeline takesRGB image and outputs a portrait
image (a). It includes a pose encoder and a shallow translation architec-
ture. Pose encoder has a deep architecture that can provide a high-level
understanding. It is trained with the pipeline given in Fig. 1 and its
parameters are kept frozen in this pipeline. The image translation net-
work is shallowwhich prevents drastic changes of the content. Encoded
poses are concatenated with the input image and are fed into the image
translation network. The portrait drawing pipeline is guided with adver-
sarial (b) and pose-based cycle consistency losses (c). For adversarial
guidance, we train a discriminator which learns to discriminate gen-

erated portraits from real portraits. For pose-based cycle consistency
loss, the L2 loss is calculated between the encoded poses of input and
the reconstructed image. This provides a relaxed cycle consistency con-
straint such that from a portrait, the original input image is not expected
to be reconstructed perfectly since going from an RGB image to a por-
trait, information loss is expected (e.g. colors, background). Losses are
highlighted with red arrows. We still expect the content of the input
image to be preserved and achieve that with pose-based cycle consis-
tency loss

images to preserve all the edge details from the input photo
which can cause portrait images to be noisy with a lot of
details.

Pose-based Cycle Consistency Loss. We propose to
replace the relaxed cycle consistency introduced by Yi et al.
(2020a) with pose cycle consistency loss as given in Eq. 8.

L pose−cyc = ||Encpose(xr ) − Encpose(Gr (Gp(xr )))|| (8)

We use the same pose encoder that we use in the image
translation architecture. With this loss which is calculated
across the encoded features from the pose encoder, the trans-
lation from photos to portraits does not need to preserve
edge details. Instead, it is encouraged to preserve the facial
pose details. This can be seen in Fig. 3 where portraits are
not forced to encode the writings on the background which
would make the portrait very noisy. Since we do not force
the output image to match the input image at a pixel level,
the reconstructed image Gr (Gp(xr ))) does not look realis-
tic but it is not important because our final goal is to obtain
an accurate Gp and not Gr . We only learn Gr to facilitate
cycle-consistent adversarial network training.

Combining all of the loss components described, we reach
the overall objective for optimization as given in Eq. 9.

min
Gp,Gr

max
Dp,Dr

λaLadv + λcLcyc + λrLpose−cyc (9)

with λa = 0.5, λc = λr = 5. We use these hyper-
parameters following Yi et al. (2020a). We do not tune
the hyperparameters and obtain improvements with our
proposedmoduleswithout any tuning. In our experiment pro-
vided in Ablation Study, first, we only update the translator
and keep using the loss defined as Lrel−cyc. In our final set-
ting, we replace that relaxed loss with Lpose−cyc.

4 Experiments

Set-up. We use the portrait drawing images of APDrawing
set (Yi et al., 2019). There are 140 portrait images and we
use them for training. For RGB images, we use CelebA train-
ing images (Liu et al., 2015) which includes 27000 images.
Example images of these datasets are shown in Fig. 4. This
setting is referred to as training with unpaired data and is
considered to be very challenging (Liu et al., 2017; Yi et al.,
2020a).

We report Frechet Inception Distance (FID) (Heusel et
al., 2017) metric which looks at the realism and diversity by
comparing the real and generated data distributions. To cal-
culate FID scores, we use an Inception-v3 network (Szegedy
et al., 2016) that is pre-trained on the ImageNet dataset
(Deng et al., 2009). Inception features are extracted from
the real and generated datasets via the Inception-v3 network
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Fig. 4 Example samples from our training dataset. For portrait drawing
images, we use APDrawing set (Yi et al., 2019) and for RGB images,
we use CelebA training images (Liu et al., 2015). This setting is referred
to as training with unpaired data

and multi-variate Gaussian is fitted to compute the mean and
the covariance matrix of these feature sets. Frechet distance
is calculated by the mean and covariance matrix of features
extracted from real and generated sets. The smaller distance
corresponds to a better match of real and generated data dis-
tributions.

We calculate FID between the translated CelebA valida-
tion images and portrait images. We refer to this evaluation
as in-domain results since the training and validation images
even though are different come from the same dataset. We
also run evaluations on two challenging datasets, Metface
dataset (Karras et al., 2020) and Fantasy image dataset (Yang
et al., 2022). They are out-of-the-domain images since they
exhibit domain gaps with the CelebA training set. These sets
are not used during training and they test the generalization
of our method to other domains.

Network Architectures and Training Parameters. We
train our model with an input size of 128 × 128. Our image
translation architecture has 2 downsampling convolutional
blocks. Each block contains convolution, relu, and instance
normalization layers. The channels of convolutional layers
of these two blocks are 64 and 128, respectively, kernel size
is 3, padding is 1, and downsampling is achieved by a stride
of 2. After 2 consecutive downsampling blocks, there are 9
residual convolutional blocks. In these residual blocks, there
are skip connections from input to output at each convolu-
tional layer in the form of summation. Their channel sizes
are 256, kernel sizes are 3, and padding sizes are set to 1.
After that, there are two transposed convolution blocks that
bring the features in the same spatial dimension as the input
image. The channels size are 128 and 64 and their strides
are set to 2. We concatenate the input image and encoded
pose and feed them to this image translator. Therefore, the
input channel of the first layer is 13. The first three channels
are RGB images and the rest 10 channels are unsupervised
heatmaps. The output channel of the last layer of the image
translator is set to 3 to output an image. We set the number

of landmarks to 10 following previous works (Lorenz et al.,
2019; Dundar et al., 2021).

For the pose encoding, we train the pose encoder together
with the appearance encoder and image decoder to enable
the training with reconstruction loss as shown in Fig. 1. We
use U-net architectures (Ronneberger et al., 2015) for the
pose encoder and appearance encoders complete with skip
connections. The pose encoder has 4 blocks of convolutional
downsampling (strided conv) modules. Each convolutional
downsampling module has a convolution layer-Instance
Normalization-ReLU and a downsampling layer. At each
block, the number of filters doubles, 64, 128, 256, 512.
The upsampling portion of the pose encoder has 3 blocks
of convolutional upsampling, and the number of channels
is halved at every block, 512, 256, 128. The appearance
encoder network has one convolutional downsampling and
one convolutional upsampling module. The image decoder
has 4 convolution-ReLU-upsample modules. We first down-
sample the appearance feature map by a factor of 16 in each
spatial dimension. The number of output channels for each
convolution-ReLU-upsamplingmodule in the image decoder
is 256, 256, 128, 64, and 3 respectively. Each layer also has
an adaptive instance normalization layer. We also provide
the output of encoded pose to the decoder via those adaptive
normalization layers similar to SPADE architecture (Park et
al., 2019). The encoded poses are scaled to match the size of
the features at each layer of the decoder.

To train the image translation andpose encodingnetworks,
we use an Adam optimizer with a learning rate of 0.0002.We
train our model for 20 epochs on a single GPU with a batch
size of 16.

Baselines.Weset state-of-the-art baselines to compare our
methodwith.We comparewithCycleGAN (Zhu et al., 2017),
Asymmetric CycleGAN (Yi et al., 2020a), Image2StyleGAN
(Abdal et al., 2019), and DualStyleGAN (Yang et al., 2022).
We trainCycleGANandAsymmetricCycleGANonour data.
CycleGAN is proposed for general image translation tasks
and Asymmetric CycleGAN is proposed specifically for por-
trait generation. Image2StyleGAN is proposed to embed a
face image to StyleGAN latent space and further shows a
style transfer application by latent swapping; transferring a
style between an embedded stylized image and other face
images.We follow their proposed setup and replace the latent
code of the last 9 layers of the base image with the embed-
ded portrait image (style). The latent codes are estimated
with IdInvert (Zhu et al., 2020). We also train DualStyle-
GAN on our portrait data which performs style transfer via
a pre-trained StyleGAN model. DualStyleGAN additionally
includes trainable style paths that feed features to the pre-
trained StyleGAN architecture. Face photos and portraits are
encoded to the latent space by a pSp encoder (Richardson et
al., 2021). An encoded face photo is used as content and an
encoded portrait photo is used as style.We follow the training
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Table 2 Quantitative results of
our and competing methods on
CelebA (Liu et al., 2015),
MetFace (Karras et al., 2020),
and Fantasy datasets (Yang et
al., 2022)

Methods CelebA MetFace Fantasy

CycleGAN Zhu et al. (2017) 70.57 99.28 105.84

Asymmetric CycleGAN Yi et al. (2020a) 70.40 141.11 131.97

Image2StyleGAN Abdal et al. (2019) 93.35 250.53 136.59

DualStyleGAN Yang et al. (2022) 67.06 92.07 94.79

Ours 62.33 88.57 89.16

We highlight the best results in bold and the second-best results with underline. Our method achieves better
scores than competing methods on all datasets

Fig. 5 Qualitative comparison on CelebA validation dataset (Liu et al.,
2015). We compare our method with CycleGAN (Zhu et al., 2017),
Asymmetric CycleGAN (Yi et al., 2020a), Image2StyleGAN (Abdal
et al., 2019), and DualStyleGAN (Yang et al., 2022). All methods are

trained using the same training dataset. DualStyleGAN suffers from
semantic alignment, whereas CycleGAN, Asymmetric CycleGAN, and
Img2StyleGAN suffer from artifacts on the faces. Our method achieves
significantly better portraits
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steps given in the author’s released code. During translation,
for each content image, we randomly sample from the por-
trait training images to generate styles.

Results. We show quantitative and qualitative results of
our model and competing models in Table 2 and Fig. 5,
respectively, for the CelebA validation dataset. Since mod-
els are trained on CelebA training images, these experiments
represent the in-domain results. CycleGAN and Asymmet-
ric CycleGAN both achieve reasonable output quality where
the results preserve the content. However, the portrait results
also contain a lot of irrelevant edges from the background
making the portraits look noisy. Additionally, there are
many artifacts around the facial features for both models
while CycleGAN has more than Asymmetric CycleGAN.
Image2StyleGAN even though is not proposed for portrait
generation showcases applications that include style transfer
with portraits. It is impressive that portraits can be trans-
lated with StyleGAN without any training, even though the
results are not on par with the image translation methods
that are trained end to end for this task. DualStyleGAN
takes the Img2StyleGAN approach for portrait generation
one step ahead and trains an intrinsic style path of StyleGAN
and benefits from StyleGAN’s ability to synthesize high-
quality face images. DualStyleGAN shows very successful
results for anime, cartoon, and caricature translations. On the
other hand, for portrait drawing, the results again suffer from
semantic alignment. Such weak alignment presents no issue
when the style transfer is from a face photo to a cartoon or
anime image since they are not expected to be aligned with
facial features in detail. On the other hand, portrait genera-
tion requires a high resemblance to the input image and this
makes portrait generation a difficult task where DualStyle-
GAN is not as quite successful.

Our results achieve the best FID score among the mod-
els that preserve the content as given in Table 2. Our
model improves FID from 70.40 (Asymmetric CycleGAN)
to 62.33. Visually, the results are significantly better than
the others. The portraits are semantically aligned with their
input images. The focus is on the face portraits and not on
the irrelevant features such as the background.

Domain Generalization Results. Deep neural networks
show reduced performance when trained on one domain (e.g.
synthetic images) and tested on a different domain (e.g. real
images) (Dundar et al., 2020; Zou et al., 2020; Shyam et al.,
2021; Altindis et al., 2021; Xu et al., 2022). However, in the
real world, test images may come from different data distri-
butions and the robustness of the network is important for its
usability. Tomeasure, the robustness of theproposedmethods
to different domains (domain generalization), we run infer-
ences on the Metface dataset and Fantasy image datasets.
Metface dataset (Karras et al., 2020) includes face images
extracted from the collection of the Metropolitan Museum
of Art. The fantasy image dataset is a collection of images

Fig. 6 Qualitative comparison onMetFace dataset (Karras et al., 2020).
We compare our method with CycleGAN (Zhu et al., 2017), Asym-
metric CycleGAN (Yi et al., 2020a), Image2StyleGAN (Abdal et al.,
2019), and DualStyleGAN (Yang et al., 2022). CycleGAN and Asym-
metric CycleGAN suffer from artifacts on the faces. Img2StyleGAN
does not output images with the portrait style. DualStyleGAN suffers
from semantic alignment, Our method achieves significantly better por-
traits

generated by Stable diffusion and provided by Yang et al.
(2022).

We show the quantitative and qualitative results of our
model and competing models in Table 2 and Fig. 6, respec-
tively, for the MetFace dataset. As can be seen from
input images, this dataset shows a domain gap with the
CelebA images. CycleGAN and Asymmetric CycleGAN
again achieves reasonable output quality but with more arti-
facts on the faces. MetFace images do not have a rich
background and therefore, during translation, we do not
observe the noisy background generations of CycleGAN
and Asymmetric CycleGAN on these images. However,
these images have different hairstyles, and these methods
poorly translate those parts. Img2StyleGAN also performs
poorly andDualStyleGANagain suffers fromsemantic align-
ment even more dramatically on this dataset. Our method
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Fig. 7 Qualitative comparison on Fantasy dataset (Yang et al., 2022).
We compare our method with CycleGAN (Zhu et al., 2017), Asymmet-
ric CycleGAN (Yi et al., 2020a), Image2StyleGAN (Abdal et al., 2019),
and DualStyleGAN (Yang et al., 2022). DualStyleGAN suffer from
semantic alignment, whereas CycleGAN, Asymmetric CycleGAN, and
Img2StyleGAN suffer from artifacts on the faces. Our method achieves
significantly better portraits

achieves significantly better than others both qualitatively
and quantitatively improving FID from 141.11 (Asymmetric
CycleGAN) to 88.57.

Next, we show quantitative and qualitative results of our
model and competing models in Table 2 and Fig. 7, respec-
tively, for theFantasy imagedataset. This dataset also shows a
domain gap with the CelebA dataset. The faces have unusual

coloring and illumination. The hairstyles are also different
and unusual. We observe that CycleGAN and Asymmetric
CycleGAN show even more artifacts on these images as can
be seen from the second-row example of Fig. 7. Especially,
the results for the second-row examples have black spots
on the portraits which make the resulting portraits look not
realistic. Img2StyleGAN also performs poorly and Dual-
StyleGAN again suffers from semantic alignment on this
dataset. Our results do not generate such artifacts as Cycle-
GAN and Asymmetric CycleGAN do. Our results improve
FID from 131.97 (Asymmetric CycleGAN) to 89.16 and
achieve significantly better portraits.

Ablation Study. In this section, we provide an ablation
study. We base our framework on Asymmetric CycleGAN
which is also proposed for portrait generation. We refer to
theAsymmetric CycleGANas our baseline. Next, we replace
the baseline image translation architecture with our transla-
tor. As shown in Table 3, FIDs improve consistently on all
datasets with our translator. Our translator combines deep
feature extraction of pose encoders and shallow translation
networks.We observe that portrait generation requires a deep
understanding of an image which can also be achieved with
a deep network architecture. Therefore, we also experiment
with deep network architectures that will be presented later
in this section.

Next, we experiment with different cycle consistency
losses. We add our pose-based cycle consistency as given
in Eq. 8 to our training. As shown in Table 3, this improves
themetrics on all datasets consistently. Instead of pose-based
cycle consistency,we also experimentwithVGG-based cycle
consistency. As shown in Table 3 and Fig. 8, VGG-based
(Zhang et al., 2018) cycle consistency loss even harms the
performance. That is because it causes a strict consistency
whereas ours is a relaxed one that only expects the face
parts/pose to be preserved from the input image and not
the background or color information. In the training phase,
VGG-based cycle consistency loss has retained the encoder
from learning different poses compared to the pose-based
cycle consistency. In Fig. 8, we provide comparisons of our
translator trained with and without pose-based cycle con-
sistency. The pose cycle consistency further improves the
removal of the background and provides high-quality portrait

Table 3 Quantitative results of
Ablation Study on CelebA (Liu
et al., 2015), MetFace (Karras et
al., 2020), and Fantasy datasets
(Yang et al., 2022)

Methods CelebA MetFace Fantasy

Baseline (Yi et al., 2020a) 70.40 141.11 131.97

w/ Baseline + pose-based consistency 75.28 104.80 103.56

w/ Our Translator 66.31 95.34 100.23

w/ Our Translator + VGG-based consistency 72.77 94.98 112.50

w/ Our Translator + pose-based consistency 62.33 88.57 89.16

We highlight the best results in bold and the second-best results with underline
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Fig. 8 Qualitative results of Ablation Study. The first three column
input images are from the CelebA dataset and the last one is from the
MetFace dataset. Deep Arch. refers to the experiments of baseline with
deep architecture translator. Ours (T) is the setup of baseline with our
proposed translator. Ours (T + VGG) set-up is trained with our archi-
tecture but with VGG-based cycle consistency loss. Ours (T + P) refers
to our final model which is also trained with pose-based cycle consis-
tency. Adding pose cycle consistency further improves the removal of
the background and outputs more complete parts, e.g. the hair of the
second and fourth columns. Overall, it achieves better results

results. Especially it improves hair completion in examples
of columns two and four.

We also run experiments with the baseline architecture
trained with pose-based cycle consistency. We find that it
does not improve the scores on CelebA images but improves
on MetFace and Fantasy images. Our translator combined
with pose-based consistency constrain achieves significantly
better scores. This is because pose-based consistency can
better guide the networkwhen the expected poses are given as
input to the network. Because the original network is shallow,
it does not have the capacity to extract the parts and so the
pose-based consistency loss does not guide the network as
well.

We further experiment with different architecture choices
in the image translation network as shown in Fig. 9. Themain
motivation of our image translator is to combine deep feature
extraction of pose encoders and shallow translation networks
to preserve the content. Our pose encoder has 4 downsam-
pling and upsampling blocks and has the capacity to extract
high-level features. Because it is trained on a large number
of CelebA images in an unsupervised way, it does not over-
fit and is able to encode poses. On the other hand, both our
translation network and Asymmetric CycleGAN only use 2
downsampling and upsampling layers and convolution lay-

Fig. 9 We provide the architectures of the pose encoder and different
variants of image translation networks with different depths that we use
in our Ablation Study. We define depth as the number of downsampling
layers. Each convolution layer is followed by instance normalization
and ReLU layers which we remove from the figure for brevity. Details
of each block are given in Sect. 4 for the pose encoder and our image
translation network

ers in the middle. We also run experiments with 3 and 4
downsampling - upsampling layers as shown in Fig. 9. The
quantitative and qualitative results of these experiments are
given in Table 4 and Fig. 10, respectively. In these experi-
ments, we also use our improvements by both guiding the
training with pose-based cycle consistency loss and combin-
ing input images with pose encodings. Downsampling of 4
layers becomes similar to our pose encoder in terms of com-
plexity. We observe that the FID score becomes worse as we
use a deeper architecture in the image translation network.

Looking at the qualitative results in Fig. 10, the portraits
do not resemble the input images especially when there are
4 downsampling layers. They try to generate samples close
to the training portrait images but the outputs are not seman-
tically aligned with the input images. This also shows that
the cycle consistency we set in poses alone is not enough
to preserve the identity when the translation network has a
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Table 4 Quantitative results of Ablation Study on the depth of image
translation network. Methods use our translator and pose-base con-
sistency with different depths of the network in the image translation
architecture

Deep CelebA MetFace Fantasy

2 (Ours Final) 62.33 88.57 89.16

3 93.01 111.80 109.78

4 106.78 114.91 116.47

The number in the first column corresponds to how many downsam-
pling/upsampling layers there are in the image translation network

Fig. 10 Qualitative results of Ablation Study as we increase the
complexity of image translation network by increasing the depth of
downsampling and upsampling layers of the encoder-decoder architec-
ture. The first three column input images are from the CelebA dataset
and the last one is from theMetFace dataset. The deep architecture with
4 downsampling layers does not achieve semantic alignment with the
input images. This misalignment becomes even more severe on out-of-
domain images like the MetFace image in the last column. Our final
model can achieve content preservation by keeping the image translator
shallow and combining it with a deep understanding of the pose encoder

large capacity. Even though we provide the encoded pose
information to the network, when the network has a deep
architecture, it tends to make drastic changes to the content
to better match the target distribution on the training images.
This translates to poor results on the validation images. That
is themotivation of our translator to employ a shallow transla-
tion architecture. We also observe that the model with deep
architecture does not generalize well to the out-of-domain
images. It can be seen that the outputs look similar for the
third and last columns in Fig. 10 for the deepest architecture
even though the input to the last column looks completely
different and is from the MetFace dataset.

5 Conclusion

In this paper, we propose amethod for translating face photos
to portrait drawings that learns to perform this task only from
unpaired data and with no additional labels. Our architecture
while having the capacity to process images for high-level
understanding does not change the identity of the photos
while translating. This is achieved by the proposed image
translation network which combines a pose encoder and a
shallow translation network. Our pose-based cycle consis-
tency regularizes the network to preserve facial details in the
portraits and does not require the image translator to encode
unnecessary information from face photos.

We provide an extensive ablation study and set vari-
ous strong baselines to compare our method with. These
baselines include general image translation method like
CycleGAN, style transfer methods like Img2StyleGAN and
DualStyleGAN, as well as image translation method that is
proposed for portrait drawing like Asymmetric CycleGAN.
Compared to a number of strong baselines, ourmethod shows
significant improvements both quantitatively and qualita-
tively and on both in-domain and challenging out-of-domain
images.
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