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ABSTRACT

Despite the great progress of deep learning and generative ad-
versarial networks, face frontalization (i.e., profile-to-frontal
synthesis) and profile (i.e., non-frontal) face recognition still
remain challenging tasks under uncontrolled environments.
In this study, we propose three efficient practices to im-
prove the performance of profile-to-frontal face synthesis
and recognition. Firstly, the identity preserving module is
embedded to constrain synthesized frontal images similar to
true frontal faces in feature space. Secondly, facial consis-
tency loss is employed to reduce the artifact of the generated
frontal face in pixel space. Lastly, the multi-model embedded
scheme enhances the representation learning through diverse
facial features extracted by multiple facial feature extractors.
The proposed practices are general, though specifically de-
ployed to CR-GAN in this study for performance verification.
Experimental results on Multi-PIE and VGGFace2 demon-
strate that the proposed practices qualitatively generate more
realistic photography frontal faces and quantitatively obtain
better face recognition accuracy.

Index Terms— Face Frontalization, Face Recognition,
Deep Learning, Generative Adversarial Networks

1. INTRODUCTION
In recent years, the face recognition technology based on deep
learning has made great progress. In the ideal constrained
environments, the performance of state-of-the-art algorithms
has gone beyond the competence of human recognition. How-
ever, the recognition accuracy under unconstrained environ-
ments, such as low light, declines seriously. The recognition
accuracy of profile-to-frontal face decreased by nearly 10%
compared with accuracy of frontal-to-frontal face [1]. This
problem is becoming more and more important with the large-
scale application of face recognition in the wild.

Face frontalization is the process of synthesizing frontal
facing views of faces appearing in single unconstrained pho-
tos [2]. This, by transforming the challenging problem of
recognizing faces viewed from unconstrained viewpoints to
the easier problem of recognizing faces in constrained frontal
facing poses, may provide a possible solution for profile face
recognition. Recent methods [3, 4, 5, 6] have made great

breakthroughs on the synthesis of frontal faces.
In this study, we propose three efficient practices to im-

prove the performance of profile-to-frontal face synthesis and
recognition. Firstly, the identity (ID) preserving module is
embedded to the generator to restore personal ID feature. Sec-
ondly, facial consistency loss is used to force the symmetry
and reduce the artifact of the generated frontal face. Lastly,
multi-model embedded scheme is designed to enhance the
representation learning through extracting diverse facial fea-
tures by different facial feature extractors. The proposed prac-
tices are general and can be applied to any face frontalization
approach. In this study, to verify the effectiveness of the pro-
posed practices for profile face frontalizatoin and subsequent
recognition, the complete representations generative adver-
sarial network (CR-GAN [7]) is chosen as the base framework
to generate frontal face from profile.

The main contributions of this paper are three folds:
Firstly, three efficient practices are proposed to improve the
performance of face fractalization and face recognition. The
proposed practices can be generally deployed to any face
fractalization architecture. Secondly, the effectiveness of the
presented practices is verified by the extensive experiments
on Multi-PIE [8] and VGGFace2 [9] datasets. To the best of
our knowledge, we are the first to conduct face frontalization
on the VGGFace2 wild face dataset. Lastly, the source codes
of the implementation of the proposed practices are publicly
shared1, interested readers may re-use the source codes for
their face frontalization related tasks.

2. RELATED WORKS
Face frontalization and recognition has obtained extensive at-
tentions in past years. We briefly review the most used meth-
ods in this section.

3D based Methods Through local texture wrapping, 3D
based methods, especially 3D morphable model (3DMM
[10]) based methods, have achieved success in recovering
3D face shapes from single-view images. Hassner et al. [2]
propose the earliest works to explore the approach of using
a single 3D surface as an approximation to the shape of all
input faces and generate new frontal views. Recent 3D based

1https://github.com/HJ0Wang/Face-Frontalization-Algorithm



methods are generally combined with deep learning tech-
niques to further push the performance of face frontalization.
In HF-PIM [11, 12], a high fidelity pose invariant model
is proposed to bind 3D and 2D surface features to produce
photographic and ID preserving results.

GAN based Methods In past few years, deep learning,
especially GAN [13], based methods have been dominat-
ing the development of face frontalization. Occlusion-aware
GAN [14] learns to reconstruct original images from syn-
thesized images occluded with a limited set of objects. In
TP-GAN [15], a two-pathway (global and local) GAN is
proposed for photorealistic frontal view synthesis by simulta-
neously perceiving global structures and local details. While
CR-GAN [7] proposes two learning pathways (labelled and
unlabelled) to improve the performance of face synthesis
to “unseen” data. And recently DA-GAN [3] uses a self-
attention generator to yield better feature representations
and a face-attention discriminator to reinforce the realism of
synthetic frontal faces.

Compared to previous works, the proposed practices aim
at retrieving ID information as much as possible during gen-
erating frontal images. Three practices constrain ID infor-
mation from different perspectives: 1) In feature space, ID
preserving module is embedded to constrain the generator to
preserve personal ID feature. 2) In pixel space, facial con-
sistency loss is used to force the symmetry and reduce the
artifact of the generated frontal face. 3) In addition, multi-
model embedded scheme is designed to recover diverse facial
features from the input profile.
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Fig. 1. Diagram of Optimized CR-GAN Structure. The three
practices are highlighted by different colors. Zoom in for bet-
ter visualization.

3. METHODOLOGY

We choose CR-GAN [7] as the baseline to generate frontal
face from profile. In this section, we first brief the basic
idea of CR-GAN and highlight the potential problems of CR-
GAN, then present three efficient practices to improve the per-
formance of the baseline.

3.1. Brief of CR-GAN
CR-GAN introduces a generative sideway with reconstruction
path to maintain the completeness of the learned embedding
space, which can improve the robustness of the model to face
image generation task. This two-pathway framework solves
the problem that the generator lacks the ability to deal with
new data to some extent. However, CR-GAN lacks constrains
of face identity feature and prior knowledge (e.g., symmetry)
of the face, which declines the recognition performance of
generated frontal images. We propose three measures to im-
prove the weakness of CR-GAN and the quality of the gener-
ated frontal face.

3.2. ID Preserving Module
To ensure that enough identity information is retained dur-
ing the generation of frontal face, an ID preserving module
(brown-colored in Fig. 1) is embedded in the reconstruction
path. The module consists of feature extraction network Light
CNN-29 [16] and ID loss. As shown in Fig. 1, firstly, fa-
cial features of xj and x̃j are extracted by Light CNN-29.
Then, the feature distances in feature space are calculated by
ID loss. The loss function value is feedback to the generator
G in the reconstruction path for subsequent network’s param-
eter updating. We choose cosine metric as the ID loss, which
is shown as:

Lcos(xj , x̃j)=

{
1− cos (xj , x̃j) , if y=1
max (0, cos (xj , x̃j)−m) , if y=−1

(1)

If y is 1, it represents that xj and x̃j belong to the same person
and −1 represents they are from two different persons. The
m is a constant which usually is set to 0.5.

3.3. Facial Consistency Loss
The design of facial consistency loss (yellow-colored in Fig.
1) is based on the symmetry loss [15]. Facial symmetry is a
prior information in human faces. Each pixel of the image
relative to the central axis of the nose and mouth should be
consistent in principle in Laplace space [15]. Therefore, the
loss of facial consistency is the subtraction of the visible half
of the face from the blocking half in pixel space. This loss is
added to the generator of reconstruction path:

Lsym =
1

W/2×H

W/2∑
i=1

H∑
j=1

∣∣∣Ipredi,j − IpredW−(i−1),j

∣∣∣ , (2)

where W and H are the width and height of the input image
respectively. i and j are pixel coordinates, and Ipred repre-
sents the image generated by the generator G. During prac-
tice, adding a facial consistency loss to the generator helps to
produce a more realistic image and meanwhile can accelerate
the convergence speed of the network.

3.4. Multi-model Embedded Scheme
To retain as much facial information as possible from the in-
put profiles, a multi-model embedded structure (blue-colored



in Fig. 1) is designed, where multi-model refers to multiple
feature extractors to extract diverse face features. By using
the combination of multiple facial feature extractors trained
by different large datasets, facial features with wide diversity
can be extracted from the same face. In the process of encoder
E estimation view, facial features can be input to the gener-
ator G to a great extent, providing more identity information
for the subsequent generation of frontal faces.

Considering inference time, lightweight models with high
recognition accuracy and high speed are desirable. Mobile-
FaceNet [17] and Light CNN-29 [16] are therefore selected
as two feature extractors for the multi-model scheme. Since
the generator G shares weights between the generation path
and reconstruction path, an additional input with the same di-
mension as the extracted features should be input to G in the
generation path. In order to speed up the convergence, an av-
erage feature vector f̄ is calculated from 5 randomly selected
images and added to the generation path as shown in Fig. 1.

3.5. Losses
Generation path The generation path trains generator G and
discriminator D. The encoder E is not involved here since
G tries to generate from random noise [7]. G aims to gener-
ate a realistic image G(v, z, f̄) from a view label v , random
noise z and the proposed average feature vector f̄ . D tries to
distinguish real data from G’s output, which minimizes:

E
z∼Pz

[
Ds

(
G(v, z, f̄)

)]
− E
x∼Px

[
Ds(x)

]
+

λ1 E
x̂∼Px̂

[(
‖∇x̂D(x̂)‖2−1

)2]−λ2 E
x∼Px

[
P
(
Dv(x)=v

)]
,

(3)
where Px is the data distribution and Pz is the noise uniform
distribution, Px̂ is an interpolation between pairs of points
sampled from data distribution and the generator distribution,
G tries to fool D and it maximizes:

E
z∼Pz

[
Ds

(
G(v, z, f̄)

)]
+λ3 E

z∼Pz

[
P
(
Dv

(
G(v, z, f̄)

)
=v
)]
,

(4)
Dv(·) estimates the probability of being a specific view.
Ds(·) describes the image quality, i.e., how real the image is.
Reconstruction Path The goal of reconstruction path is to
synthesize the frontal face x̃j from xi, where the x̃j is the
reconstruction of xj . D tries to minimizes:

E
xi,xj∼Px

[
Ds(x̃j)−Ds(xi)

]
+

λ1 E
x̂∼Px

[(
‖∇x̂D(x̂)‖2−1

)2]−λ2 E
xi∼Px

[
P
(
Dv (xi)=vi

)]
.

(5)
E estimates views from xi and it aims to maximize:

E
xi,xj∼Px

[
Ds (x̃j) + λ3P (Dv (x̃j) = vj)−

λ4L1 (x̃j ,xj)− λ5Lv (Ev (xi) , vi)
]
.

(6)

Combined with the proposed Lcos and Lsym, the loss
function of the generator G in the reconstruction path finally

maximizes:

E
z∼Pz

[Ds(G(v, z))] + λ3 E
z∼Pz

[P (Dv(G(v, z))=v)]

+λ6Lcos − λ7Lsym.
(7)

The λ1 ∼ λ7 are weights of losses respectively, which are
experimentally set to be λ1 = 10, λ1 ∼ λ4 = 1, λ5 =
0.01, λ6 = 20, λ7 = 1.

4. EXPRIMENTS
We evaluate our network under both controlled and uncon-
strained settings for profiles recognition. For controlled set-
tings, we perform ablation studies and comparisons with other
methods on the CMU Multi-PIE database [8]. For uncon-
strained conditions, we show both qualitative and quantita-
tive results on VGGFace2 database [9]. For quantitative eval-
uation, we evaluate face recognition performance using the
learned facial representations by Light CNN-29 with a cosine
distance metric.

4.1. Datasets and Experiment Setup
We choose the CMU Multi-PIE database [8] and VGGFace2
[9] to train and test the proposed network. Multi-PIE is the
most commonly used database in profile-frontal transforming
task, which is made in well-controlled conditions with precise
labels of face angle. Similar to the CR-GAN [7], we conduct
experiments on Setting-1 which concentrates on pose, illumi-
nation and minor expression variations. The setting-1 uses
150 identities for training and 100 identities for testing.

To further verify the robustness of our proposed network
in unconstrained environments, we train our model on VG-
GFace2. The whole database is split to a training set (includ-
ing 8631 identities) and a test set (including 500 identities).
Due to the fact that VGGFace2 is collected from the Inter-
net, without view labels which is a must if training on the
proposed network. Therefore, we firstly estimate the view la-
bels of images in VGGFace2 database using FSA-Net [18].
FSA-Net estimates roll, pitch and yaw angles for each head
in VGGFace2. Then, we make view labels according to yaw
angles of faces and divide the images with view interval of 15
degree, keeping a same format with Multi-PIE database. In
order to promote convergence of the network, we filter the
initial VGGFace2 by filtering out the hard examples, such
as blurry images, sketches, images whose yaw angle is big-
ger than 60◦ and so on. Finally, the training dataset contains
125149 images of 8631 identities and the testing dataset has
8690 images of 500 identities.

4.2. Ablation Studies
To gain an insight to different components of our proposed
method, we compare variants of our model by combining
various practices with the base CR-GAN network. Fig. 2
and Table 1 respectively show the qualitative and quantita-
tive results of baseline (Light CNN-29), CR-GAN, CR-GAN



Table 1. Component analysis: rank-1 recognition rates (%)
under Multi-PIE Setting-1

Method ±60◦ ±45◦ ±30◦ ±15◦

Light CNN-29 [16] 73.30 97.45 99.80 99.78
CR-GAN [7] 74.12 77.15 78.42 78.58
ID 91.76 96.85 98.70 98.90
MM 85.59 94.78 94.50 96.00
Lsym 87.34 94.71 96.61 97.15
∗Ours 93.52 98.64 99.80 99.80

with ID module (ID), CR-GAN with Multi-model Embedded
(MM), CR-GAN with facial consistency loss (Lsym), and our
proposed network on the CMU Multi-PIE.

Fig. 2 shows synthesised frontal faces from different vari-
ants of our network. As expected, inference results with ID
improves the perceptual performance of synthesised frontal
faces most, no matter what the details of facial texture and
lights. And variants with MM and Lsym both learn more real-
istic facial features compared with CR-GAN. Rank-1 recog-
nition rates are compared under Setting-1 of the Multi-PIE
in Table 1. We can observe an improvement of 20.22% un-
der ±60◦ can be achieved with our proposed network. The
ID preserving module contributes the most for improving the
performance under large pose cases. For small view cases,
our proposed method is slightly better than Light CNN-29.

Profile ID MM Lsym *Ours GTCR-GAN

Fig. 2. Component analysis. Synthesized results of the pro-
posed network and its variants

4.3. Comparison with Other Methods
4.3.1. Evaluations on Multi-PIE Database
Table 2 shows the Rank-1 recognition results of our proposed
network with the baseline and other methods under Setting-1.
The proposed network achieves the best performance across
all poses (except compared with TP-GAN under ±30◦), es-
pecially for large yaw angles. Compared to TP-GAN [15],
our network has comparable results under ±30◦ and slightly
higher performance under other angles. The proposed net-
work outperforms the c-CNN [19] by 19.14% under ±60◦.

4.3.2. Evaluations on VGGFace2 Database
To explore the performance of the proposed network under
unconstrained conditions, we show the face recognition rates
on VGGFace2. At a given threshold, the evaluation system
measures the True Accept Rate (TAR), which is the fraction of
genuine comparisons that correctly exceed the threshold, and

Table 2. Rank-1 recognition rates (%) under Multi-PIE
Setting-1. ”-” means the result is not reported

Methods ±60◦ ±45◦ ±30◦ ±15◦

Light CNN-29 [16] 73.30 97.45 99.80 99.78
CPF [20] - 71.65 81.05 89.45
Hassner [2] 44.81 74.68 89.59 96.78
FV [21] 68.71 80.33 87.21 93.30
HPN [22] 61.24 72.77 78.26 84.23
FIP 40 [23] 69.75 85.54 92.98 96.30
c-CNN [19] 74.38 89.02 94.05 96.97
TP-GAN [15] 92.93 98.58 99.85 99.78
∗Ours 93.52 98.64 99.80 99.80

the False Accept Rate (FAR), which is the fraction of impos-
tor comparisons that incorrectly exceed the threshold. Since
the VGGFace2 contains so many images under unconstrained
conditions, it is very difficult to do synthesised frontal face
recognition task. Therefore, there is not so much results to
compare on VGGFace2. When FAR is 0.01, the TAR of our
proposed network is 75.92%. And under the same circum-
stance, the CR-GAN method with the weights file that the
author provides is only 10.33% on the same testing dataset of
VGGFace2.

Fig. 3 shows synthesised frontal images from profiles.
The VGGFace2 does not contain profile-frontal pairs. So, we
put the corresponding frontal image of input profile from the
same person here. The synthesised frontal images in Fig. 3
recover identity features and global face shapes, which well
verify that ID preserving module and Multi-model Embedded
scheme can effectively advance generalizability. Especially
considering a large varying in lights, background and poses,
improving the synthesis quality is much harder on VGGFace2
than on the CMU Multi-PIE benchmark.

Profile *Ours GT Profile *Ours GT

Fig. 3. Synthesized frontal faces on VGGFace2

5. CONCLUSION
The presented approach in this study combines three effi-
cient practices to improve the accuracy of profile recognition,
which transforms a profile face into a frontal face first then
performs recognition on the generated frontal face. Experi-
mental results on Multi-PIE [8] and VGGFace2 [9] database,
especially a leap of accuracy on VGGface2, show the effec-
tiveness of the presented practices.
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