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Abstract

Although face recognition and face generation have been growing in popularity, the privacy issues of using facial images in the
wild have been a concurrent topic. In this paper, we propose a face editing network that can reduce privacy issues by generating
face images with various properties from a small number of real face images and facial mask information. Unlike the existing
methods of learning face attributes using a lot of real face images, the proposed method generates new facial images using a facial
segmentation mask and texture images from five parts as styles. The images are then trained with our network to learn the styles
and locations of each reference image. Once the proposed framework is trained, we can generate various face images using only a
small number of real face images and segmentation information. In our extensive experiments, we show that the proposed method
can not only generate new faces, but also localize facial attribute editing, despite using very few real face images.
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The rise of face recognition and image generation has
been increasing over the past decades. With the use of
Generative Adversarial Networks (GAN)", image gen-
eration and editing have seen an increase in quality. More
recent GANs having great progress in synthesizing realistic

[2,3.4]

faces™*, such as face swapping™>®’, attribute editing™*'%,

and face frontalization™"'?

. Although these existing ap-
proaches have shown promising results, they still suffer
from issues needing large amounts of the real-world dataset
and considerable computational power.

However, in recent years, face datasets have been seeing
an issue with privacy concerns, with datasets getting re-
called due to problems in privacy with face recognition!'”
or face-swapping methods. Using whole image faces to
classify images or even generate synthetic images requires
the image to be in the public domain or curated, which is
agreed upon. While images in the public domain are avail-
able, they are frequently in-the-wild images; this causes
difficulty or tedious labor to perform annotations of labels
for tasks such as human parsing and segmentation.
Additionally, even though curated data can be gathered, the

lack of diversity becomes an issue.
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To address these concerns, we propose a method that can
use a limited amount of data to create a more significant
amount. Our key idea is to create a method that can limit
the amount of data used to preserve more privacy of the
people being used in the dataset. By utilizing segmentation
masks, we can use the masks as a tool to control the geom-
etry of the desired output. And by using segmented tex-
tured images, we can maintain the image’s textures. The
segmentation mask can also be used more than once, and
each combination of the geometry and textured images can
be used to create a larger dataset with limited data. Because
our method uses pre-existing segmentation masks, we can
control the annotations of the segmentations to perform hu-
man parsing or segmentation.

Our method is also able to perform visual editing tasks.
One such task is facial editing; we can do localized edits
in the task to change certain aspects of the face. Either by
changing the geometry and reconstructing the images, or
even changing the texture of the face.

Overall, our contributions are as follows:

1. We propose a generic method that utilizes a combina-
tion of masks and textured images from a limited da-
taset to create a more extensive dataset.

2. Our framework can be used to perform multiple tasks,
such as facial reconstruction, face synthesis, and tex-

ture swapping.

1. Face synthesis

Face synthesis is a topic that is still popular to this day.
Works such as StyleGAN™ have results that are high in
resolution and highly detailed. Even though StyleGAN has
excellent results, editing the latent space to get the desired
attribute is still being researched. Causes editing of minor

attributes or the control of attributes in the latent space to
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While noise-to-image face synthesis can work well, it is
difficult to control the geometry and predefined textures us-
ing noise-to-image methods. Conditional GANs"™, how-
ever, help solve the issue by introducing labels to allow
the generator to learn. But learning information from labels
generates images that are not easily edited to get the de-
sired attribute.

Similar to conditional GANs, which generate images
from masks, we propose a generic framework that utilizes
masks and segmented attributes for image generation and
editing. Though similar, our method takes in the geometry
and styles rather than labels. This allows us to create face
images from the segmented masks, reconstruct images
from the latent space, and even edit the segmentation mask

to perform image editing for more minor features.

2. Image-to-Image translation

The image-to-image translation is the method of trans-
lating a specific image from the source domain to the target

domain!">'%!

and using the source domain to control the ge-
ometry of the output image and using the target domain
to control the texture. With this, we can preserve the con-
tents required from the source domain.

We use this method to get our input images from the
domain of multiple-segmented attributes to combine them
into one singular image. Conventional image-to-image
translations use a source domain image and a target domain
image. Our approach differs by using the style transfer!'”
method of the Adaptive Instance Normalization to translate
the given geometry from a segmentation mask to the de-

sired attributes of our segmented attributes.

3. Image editing

Image editing has seen a lot of progress with the use of

neural networks. Face editing has seen its fair share of

progress’®'%l. These works are similar in that they use a
mask to control the regions in which they intend to edit
the facial parts —using style transfer to extract and inpaint
the textures according to the intended input.

Our approach is similar in that we use the mask to con-
trol the geometry of the image. However, our work takes
in segmented textures to maintain the desired textures of
the image, in the sense that the segmentation mask
should control the geometry. The textured images should
learn the location and textures to be put into the

geometry.

. ®etst= 7|

The key idea of our work is to limit the amount of data-
set needed, thus preserving most of the privacy of the peo-
ple used in the dataset. To do this, we use the segmenta-
tions from the CelebA-HQ!"! dataset to extract each of the
five attributes such as skin, hair, left eye, right eye, and
mouth. We use five individual VGG encoders for each to
learn the textures and one single encoder for the segmenta-
tion mask to learn the geometry. Using Inputting both ge-
ometry and texture into an Adaptive Instance Normaliza-
tion (AdaIn)!'®), we take the normalized feature into a de-
coder to get our synthetic image.

As seen in Figure 1, our method works by taking a real
image from the CelebA-HQ dataset and the segmentation
mask from the CelebA-HQ Annotated dataset. Using the
information from the annotated dataset we decompose the
real images into five separate textures. This method in-
volves transferring the style between a segmentation map
and multiple style attributes. By utilizing the segmentation
mask, we can control the geometry of the intended output
as seen in Figure 3, while the styles control the textures
as seen in figure 4. We input each image into a VGG net-
work and concatenate the style inputs into one feature

vector. We then utilize the Adaln to perform style transfer
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Fig. 1. Overall architecture of the proposed framework

between the segmentation mask and the style images.
While the first VGG encoder learns the geometry of the
image, meanwhile the other five learn the style textures of

each image as follows:

Adah(x,y) =a(y)(x;(7l;()x))+u(y)7 )

Where o( « ) is the standard deviation, and p( ) is the
mean and all operations are computed along the spatial di-
mensions of the norm. We then take the normalized feature
and input it into a decoder to get our synthetic image.
When using a decoder with upscaling features, the training
objective involves two losses. First, we utilize the L1 loss

as a reconstruction objective function:
Ly(e,2)=le—z], (2)

where z denotes the real image and z is the generated

image by the decoder. We also apply perceptual loss by
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summing all the squared errors between the feature-level

values between real and generated images as follows:

Ly, (x,2) = E,, (z,1), 3

Finally, we can define overall objective loss as follows:
L=1L,(z,2) + L, (z,z) 4

Our overall training schema is to split the dataset into
multiple attributes. Using the CelebA-HQ dataset, we take
the wj of the attributes. The textures are then decomposed
from the geometry of the annotated dataset to extract the
textures. This gives us both the geometry and texture need-
ed in our framework. We then have the real image, the full
segmentation mask, and the five different attributes. In our
framework, we use the segmentation mask as the original
style and the five attributes as the styles to feed into the
Adaln. When we get the fake image, we compare it with

the original real image using our losses.
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To demonstrate the effectiveness of the proposed meth-
od, we use CelebA-HQ as it is annotated with the same
colors without requiring other methods to generate the
segmentation masks. In training, we use 15,000 images
of the first half of the CelebA-HQ dataset with a di-
mension of 256256. We then use a subset of the
CelebA-HQ to validate our proposed method to evaluate
our networks on the same dimensions. The subset of the
dataset consists of 1,000 segmentation masks and 5,000
segmented images for a total of 6,000 images. The train-
ing and validation set are randomly separated from
Celeba-HQ, so there is no overlapping subject ID, but sta-

tistics (age, gender) are similar.

1. Experimental settings

We first use the segmented data from CelebA-HQ to ex-
tract the desired attributes. We then train our model using
a single RTX A6000 on a batch size of 16 with a di-

Reconstructed

T8 2. Mo 7|#E o|E8t Hof 7[Et of0|Xx| &M At
Fig. 2. Results of our work on paired image synthesis

mension of 256256 on attributes of the same person. We
call the data of a list attributes of the same person as paired
data. While attributes of a list of different people as
unpaired. We use a learning rate of 0.0002 using the Adam

optimizer for 50 epochs.

2. Reconstruction

To evaluate our model, we perform a paired re-
construction, meaning the data belong to the same identity
of our geometry and attributes. We can see in Figure 2 that
our model can reconstruct paired images synthesizing im-
ages to the ground truth image. Except for accessories, our
model can recreate images using the latents learned by each
encoder.

We can also edit the segmentation mask using any image
editing tools to reconstruct the image using a newly edited
segmentation image. This allows image editing to more mi-
nor details. As seen in Figure 3, we edit the segmentation
mask of the hair, allowing it to be shorter, the mouth to

be more pursed, and the eyes to be smaller.

Reconstructed
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Fig. 3. Image editing result according to the change of the facial segmentation masks

Table 1 shows our quantitative results, using Frechet
Inception Distance (FID) to calculate the distance score be-
tween the real dataset and our generated dataset. LPIPS is
used to calculate the similarity score between the reals and
reconstructed images, while MS-SSIM is used to calculate
the structural similarity of the images. As our evaluation
metrics. As our work is a conditional GAN that is able to
recreate images, we use LPIPS and SSIM to evaluate the
similarities of the image. We can see that although we have
high FID scores compared to other methods™, we do not
consider background while training our images; we have

low results on our LPIPS and high marks on our MS-

SSIM. QSNGAN™" works with unconditional GANS using
the Hamilton Product, ours use a more classic approach
with the Adaln, resulting in a lower FID score. Unfortuna-
tely as QSNGAN is unconditional, we are unable to get
LPIPS and MS-SIM scores.

E 1. Ciet ot X =0l ot Hak Z2at

o ©

Table 1. Quantitative results across various evaluation metrics

Evaluation metric FID| LPIPS | MS-SSIM 1
QSNGANZI 29.41 - -
Ours 25.98 0.285 0.745
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3. Texture Transfer

We then test our model on an unpaired segmentation
mask to transfer the texture between different attributes be-
longing to varying identities from the dataset. As seen in
Figure 4, our framework can successfully transfer the tex-
ture to edit the face. Transferring texture only requires the
segmented attributed of the required texture to be switched
with the original segmented texture. This allows our meth-
od to only change the location needed, interfering with the
rest of the attributes.

Our model can reconstruct images using paired
attributes. But it is also able to generate images with differ-
ent attributes. As seen in Figure 4, while the attributes of

the paired reconstruction work well, we can change specif

All Attributes

<

Skin Color Lips

Texture

Wi
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Fig. 4. Result of texture transfer where only desired target attributes
can be changed

ic attributes. Figure 4 shows the results of changing the at-
tribute to darker skin color and when we change the
attributes. We can see that we can edit specific attributes

while keeping the rest intact.

4. Unpaired reconstruction

We test our model on an unpaired segmentation mask
to transfer the texture between different attributes belong-
ing to varying identities from the dataset. This can be used
to create a more extensive dataset using unpaired attributes.
Figure 5 shows that while our method was trained on
paired data, our approach can achieve the unpaired image
reconstruction showing results of similar quality between

paired and unpaired data.

Geometry Random Attributes

Original
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Fig. 5. Unpaired image synthesis result (left: real image, center: seg-
mentation mask, right: fake image) where the specific attributes of the
input image can be changed to any arbitrary attribute
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Using unpaired data, we can see in Figure 5 that un-
paired image synthesis allows us to generate a larger
dataset. We can sample the attributes using the same geom-
etry and create new facial images. Since we can fill in the
geometry using our unpaired method, we can also use the
geometry to learn segmentation tasks. By reusing geometry
with different textures, we can use the data to learn tasks
that require facial geometry such as face segmentation and
face parsing. As a result, we are able to generate face im-
ages with varied attributes using a small number of real
face images and facial masks in an unpaired image-to-im-

age translation manner.

V.4 E

This paper proposes a generic framework using segmen-
tation masks and segmented textures. With interchangeable
inputs and facial masks, our framework can edit specific
attributes of the image. Concretely, we leverage Adaln to
transfer the style between geometry and texture. Our ex-
periments on face editing show that our method can learn
the location of the attributes well enough only to edit the
desired attribute. Additionally, although we trained using
paired images, our unpaired image synthesis can perform
well enough to generate new facial images by using only
a few numbers of training images. By only needing limited
amounts of data, the method learns where to map each tex-
ture to the corresponding geometry. And these results being
able to reuse geometry and randomly applied attributes to
generate a larger amount of segmentation data. Although
our method can work to generate new images based on seg-
mentation masks, it is also possible for our method to edit
images while keeping the textures intact, resulting in appli-

cations such as face editing to be possible.
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