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Abstract:

Generative adversarial networks (GANs) are commonly ap-
plied to example-guided identify preserving face synthesis. A bi-
nary classifier is used as style consistency discriminator in GAN
model in order to ensure the consistency of style. However, the
over-fitting problem of a binary classifier downgrade its discrim-
ination ability on style consistency. In this paper, we propose a
style consistency discriminator based on metric learning, which
performs better in keeping identity information and guaranteeing
consistency in style between input exemplar and result. Through
separating the positive pairs form the negative, metric learning
model can efficiently measure the similarity between the synthe-
sis face and the genuine face. The experimental results indicate
that the metric learning performs better than a binary classifier in
terms of preserving style consistency.
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1 Introduction

Image synthesis is a popular research direction in the field
of computer vision nowadays and has a wide range of applica-
tions, such as super resolution [1], image inpainting [2], video
prediction [3] and text-to-image synthesis [4]. Face synthesis
is one of these applications that focuses on manipulating the
attributes of human face [5]. Some related research directions
such as pose transformation [6], expression synthesis and trans-
fer [7], age progression and regression [8] have been proposed
for face data enhancement to alleviate the imbalance of training
data in deep learning model. Facial attributes are transformed
during face synthesis. The identity is usually expected to p-
reserve for the application in face recognition and verification.
However, there still remains difficult for most of the generated
models to achieve the purpose of identity preservation [9].

Recently Generative Adversarial Networks (GANs) [10]
achieve satisfying results in image synthesis applications [11,
12]. However, there is no way to control the types of images
that are generated. As a result, the conditional generative ad-
versarial network (cGAN) [13] is proposed to allow image gen-
eration can be conditional on a class label, i.e.the targeted gen-
erated of images of a given type. For example, pix2pixSC [14]
is a revised version of pix2pix [15] which is one of the pop-
ular example-guided image synthesis method. Different from
pix2pix, an additional style consistency discriminator is includ-
ed in pix2pixSC in order to determine whether the style of gen-
erated and real samples is consistent. Therefore, the quality of
synthesized image is improved.

Using a binary classifier as the style consistency discrimina-
tor of cGANSs [13] may cause a loss of identity information of
the input exemplar image as a binary classifier may not learn
the detail of features adequately. Although the training of a bi-
nary classifier is relatively fast, it is easily to suffer from the
over-fitting problem. Moreover, the background of the same
person is similar, a binary classifier may tend to focus on the
background as an important feature in classification rather than
the person. As a result, the output images synthesized with
pix2pixSC model are not highly consistent in style with the ex-
emplar. In this paper, we investigate whether the metric learn-
ing performs better than a binary classifier in serving as the
style consistency discriminator in cGAN for identify preserv-
ing face synthesis. We use metric learning based model [16] as
demonstration due to its excellent performance in dealing with
diverse feature similarities in face recognition [17] and person
re-identification [18]. Our revised model is evaluated experi-
mentally and compared with pix2pixSC. The results indicate
that our model performs better in keeping facial identity infor-
mation, synthesizing natural and realistic face images in the
task.

The rest of the paper is arranged as follows. Section 2 in-
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troduces the previous work related to our model. Our proposed
model is discussed in detail in Section 3. The experimental re-
sults and discussion are given in Section 4. Section 5 includes
the conclusion.

2 Related Work

The concepts related to this study are briefly introduced in
this section.

2.1 Generative Adversarial Networks (GANs)

GANSs contain the generator GG and the discriminator D. Dur-
ing the training, G aims to maximize the error of D while D
aims to minimize its error. By the army race between G and
D, GAN is able to generate a realistic sample, i.e.the syn-
thesized objects is similar to the real ones. Recently, GANs
achieve satisfying results in many applications of computer vi-
sion, e.g.face editing [19], image to image translation [20], and
representation disentangling [21].

Although GANs have many advantages compared with other
generation models, it is still impossible to generate images with
an expected mode. Therefore, a conditional GANs (cGAN-
s) [13] which employs prior information in image generation
is proposed. cGANs becomes a general solution for a series
of different image to image translation problems, in which in-
cluded synthesizing photos from label maps, e.g.pix2pix [15],
pix2pixHD [22], and pix2pixSC [14].

2.2 Metric Learning

The goal of metric learning is to minimize the intra-class
variations and maximize the inter-class variations. Due to the
success of deep learning, deep metric learning strategies have
been successfully applied to many computer vision related ap-
plication, e.g.landmark recognition [23] and pose estimation
[24] recently. Triplet losses is one of the commonly used ob-
jective function in metric learning. Triplet losses consider the
relative distance between the samples in the same and differ-
ent classes. There are some examples of combining deep met-
ric learning with GAN [25]. A triplet network is used as the
discriminator in GANs. This method makes use of the good
capability of representation learning of the discriminator to in-
crease the predictive quality of the model. A novel framework
to train GANs based on distance metric learning, which aimed
at improving the performance and stability of GANs [26].
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3 Proposed Model

Metric learning model separate the positive samples from the
negative ones in a distance space, which directly corresponds to
a similarity measurement. It maps images of each person into
a cluster with a distance from others. It is the reason why the
metric learning can be better to learn the discriminant charac-
teristics for person identification. Our work applies the met-
ric learning to pix2pixSC [14], which is example-guided image
synthesis aims to synthesize an image from a semantic label
map and an exemplary image indicating style. Pix2pixSC is
firstly introduced and then the metric learning based discrimi-
nator in our model is introduced.

3.1 pix2pixSC

Given an input label map = and a guidance exemplar I,
pix2pixSC synthesizes the result image y : (z,1) — y. y is
expected to be style consistent with the exemplar and seman-
tically consistent with the label map. pix2pixSC consists of
1) a generator GG, which takes label map z, exemplar [ and it-
s corresponding label map F'(I) as the input and syntheses y;
2) a discriminator Dy, for differentiating the real and fake im-
ages synthesized by G; 3) a discriminator Dg¢ to determine
whether y is style consistent with /.

The loss function of Dg¢ is defined as:

Lscaaw(G, Dsc) =Eys ,sllogDsc (7, 5 )+
Byx v llog(1 — Dsc(yr',y2'))]+

Y1 Y2
E(LI) [log(l - DSC’(I7 G($7I7 f(I))))]
ey

where y{ and y5 are a pair of style consistent real images, and
y¥ and y4 are inconsistent in style. Figure 1 illustrates an
example on the images with consistent and inconsistent style.

3.2 Contrastive and Triplet Loss in Metric Learning

Two commonly used loss, including contrastive and triplet
loss [27-29], of metric learning are applied to revise
pix2pixSC. Contrastive loss, shown as follows, maximizes the
distance between two objects if they belong to different classes.
Otherwise, their distance is minimized.

Lcontrastive(-TOa 131)
= 1/2y | f(w0) = (1)
+1/2(1 = yymaz(0,m — || f(xo) = f(1)]])"
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FIGURE 1. The style of the images is consistent in the first row but not
consistent in second row.

where g and x; are objects, f is the mapping function, y de-
notes the target label, and m is the margin which is the target
distance between two objects of different classes.

On the other hand, triplet loss takes a triplet including an an-
chor sample, a positive and negative sample. The positive (neg-
ative) sample means the sample belongs to the same class (dif-
ferent classes) as the anchor. It aims to maximize the distance
between the anchor and negative sample, and minimize the dis-
tance between the anchor and positive sample. The triplet loss
is defined as:

Ltriplet (maa xp7 l’n) =
maz(0,m + || (za) = f(2p)[5 = [1f(2a) = flan)l3)

where x,,7,,%,, are the anchor, positive and negative samples.

3

3.3 Our proposed style consistency discriminator

The metric learning based style consistency discriminator
is devised for pix2pixSC. Our proposed metric learning based
style consistency discriminator aims to maximize the distance
between objects with inconsistent style, minimize the distance
between the objects with consistent style, and maximize the
distance between the ones from exemplar and synthetic image.
The loss function Lgc,, 440 18 defined as:

Lscmade =

consistency discriminator, we expect the synthetic result to be-
come consistent with the given exemplar in terms of style.

4 Experiments

The method with our proposed metric learning based style
consistency discriminator is evaluated and compared with [14]
experimentally in this section.

4.1 Experimental setting

27 high definition videos are downloaded from YouTube.
Each video contains a single broadcaster who is Chinese and
between 20 - 60 year old. Face alignment algorithm of [30] is
applied to localize facial landmarks, which are used to create
face sketch as input label map. Facial regions are then cropped
and resized to size 256 x 256 pixels as in [14].

14 videos are randomly selected as the training set. Three
frames are randomly selected from each video as exemplars in
order to ensure the facial expression of the broadcaster in the
frames is different. A label map is generated for each exemplar
according to the method used in [14]. Two kinds of test sets
are used for evaluation. The first test set contains the persons in
the training set. Other four frames are extracted from each of
14 videos used in the training set. Another test set contains the
person who never seem in training. Four frames are extracted
from each of the rest of the videos (i.e.13 videos). Similarly, a
label map is extracted from each sample in test sets. Examples
of samples are showed in Figure 2. Our proposed style con-
sistency discriminator with the metric learning is implemented
by using convolutional-PReLU layers for encoding images into
embedding vector with the exception that PReLU is not ap-
plied in the last convolutional layer. All networks are trained
from scratch using the Adam solver with a batch size of 1 on a
computer with NVIDIA GeForce GTX 1080 GPU.

Photorealism is evaluated by Frechet Inception Distance
(FID) [31] which is widely used for implicit generative mod-
els. It calculates the FID between exemplars and synthesized
images distributions. A smaller FID is often favored by the hu-
man subjects. The method used in [14] is applied to evaluate
the Semantic Consistency by mapping the synthesized image

1/2(1 = y)maz(0,m — | Dscm(G(z, I, f(I)) — Dscm(I)],)?back to face sketch and comparing consistency with input label

+ maz(0,m + | Dscm(yf) — Dscm ()|, -

[Dsom(yt') — DSCm(yév)Hz)
“

where Dg¢y, denotes our proposed style consistency discrim-
inator based on metric learning. By using the proposed style

map. A lower value is better. A subjective human perceptual
study [32] is used to evaluate the style consistency.

4.2. Result and Discussion

Table 1 shows the quantification evaluation. FID of our
model is lower than that of pix2pixSC, which indicates our
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FIGURE 2. Examples of training samples. Each row represents one
Triplet. From left to right images are anchor, positive and negative
samples respectively.

Evaluation Metrics ours  pix2pixSC
FID 122 137
Semantic Consistency 0.0083 0.0129
Human Perceptual Study  82.6% 17.4%

TABLE 1. Quantification evaluation on the results of our method
and [14]

model performs better in generating photorealism face. Al-
though the semantic consistency is not intentionally optimized,
our method still gets better results (0.0083) than pix2pixSC
(0.0129). Also, in human perceptual study, 82.6% of people
agree that our results are better in identity preserving and clar-
ity comparing to 17.4% obtained by pix2pixSC.

Figures 3 and 4 show the results in the first and second test
sets. Each row represents one sample. From left to right, the
images are input style sample, input label maps, the real image
of label maps, the result of our model, and the result of [14].

Figures 3 shows pix2pixSC fails to generate a photorealistic
image in the first test set. The photos generated by pix2pixSC
are less photorealistic than those generated by our model. This
may be because the metric learning model learns better identity
discriminant features to constrain the style of the synthesized
image.

Figures 4(a), 4(b) and 4(c) show the results when the label
map, exemplar and both of them are not seem in training. Our
model generalizes well in the case of the input label map is

(c) Unseen label map and exemplar

FIGURE 4. Example of results when the label map, exemplar and both
of them are not seem in training. From left to right, the images are input
exemplar, input label maps, the real image of label maps, the result of our
model, and pix2pixSC

unseen in training. The performance of our method is better
than the one of pix2pixSC, shown in Figure 4(a). In the case
of the exemplar is unseen in training, pix2pixSC cannot get
correct results in terms of semantic consistency with input la-
bel map, while our model still output reasonable images. The
final scenario, both input label map and exemplar are not in-
cluded in training. The performance of both our method and
pix2pixSC drops significantly comparing to the previous ones.
However, the overall result of our model still slightly better than
pix2pixSC, i.e.our result has clearer facial outline.

5 Conclusion

This study aims to improve the style consistency discrimina-
tion ability of pix2pixSC, which is one of the commonly used
example-guided identify preserving face synthesis method.
Due to the limitation of a binary classifier, the metric learning is
used as the style consistency discriminator for pix2pixSC. The
experimental results suggest that the images generated by our
method is more photorealistic and also more style-consistent
than the ones generated by pix2pixSC, i.e.the metric learn-
ing improves the style consistency discrimination ability of
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(b)

FIGURE 3. Example of results with two different label maps on the training samples. From left to right, the images are input exemplar, input label maps,
the real image of label maps, the result of our model, and pix2pixSC

pix2pixSC.
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