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Abstract

Face recognition has achieved significant progress in recent
years. However, the large pose variation between face im-
ages remains a challenge in face recognition. We observe that
the pose variation in the hidden feature maps is one of the
most critical factors to hinder the representations from being
pose-invariant. Based on the observation, we propose an Ad-
versarial Pose Regression Network (APRN) to extract pose-
invariant identity representations by disentangling their pose
variation in hidden feature maps. To model the pose discrim-
inator in APRN as a regression task in its 3D space, we also
propose an Adversarial Regression Loss Function and extend
the adversarial learning from classification problems to re-
gression problems in this paper. Our APRN is a plug-and-
play structure that can be embedded in other state-of-the-art
face recognition algorithms to improve their performance ad-
ditionally. The experiments show that the proposed APRN
consistently and significantly boosts the performance of base-
line networks without extra computational costs in the infer-
ence phase. APRN achieves comparable or even superior to
the state-of-the-art on CFP, Multi-PIE, IJB-A and MegaFace
datasets. The code will be released', hoping to nourish our
proposals to other computer vision fields.

Introduction

Face recognition is one of the most challenging topics in the
computer vision field. Its performance has been significantly
improved with the help of large-scale datasets (Guo et al.
2016) and the Convolutional Neural Network (Krizhevsky,
Sutskever, and Hinton 2012). Even through top face recog-
nition algorithms (Deng et al. 2019; Liu et al. 2017; Duan,
Lu, and Zhou 2019; Kang et al. 2019; Liu et al. 2019a; Wang
et al. 2019) have surpassed human performance in several
evaluation datasets, Sengupta et al.(Sengupta et al. 2016)
showed that the large intra-person variations caused by their
poses degraded the performance of all state-of-the-art face
recognition algorithms. The Pose-Invariant Face Recogni-
tion (PIFR) is far from being solved.

In this paper, we observe and prove that the hidden fea-
ture maps of the face recognition network are prone to pose
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changes. It makes identity representations fail to be pose-
invariant. However, the existing algorithms for PIFR (Yin
and Liu 2017; Tran, Yin, and Liu 2017; Shen et al. 2018;
Peng et al. 2017; Cao et al. 2018a; Chen et al. 2016; Wang
et al. 2019; Zhao et al. 2018; Deng et al. 2018) only focus
on the final identity representations. Few of them have re-
searched the hidden feature maps. Besides, most of the exist-
ing works (Tran, Yin, and Liu 2017; Shen et al. 2018; Deng
et al. 2018) based on the adversarial learning defined pose
discriminator as a classification task and need to generate
synthetic faces. However, the pose estimation is contiguous
in its 3D space objectively, and generating semantic identity-
invariant synthetic faces is a challenging task that requiring
lots of computational consumptions in the training phase.

Motivated by our observation, we propose a plug-and-
play structure, which we name as Adversarial Pose Regres-
sion Network (APRN), to make the face recognition net-
works extract pose-invariant representations by reducing the
pose variation in the hidden feature maps. The architecture
of our proposal includes two modules, an APRN module and
a face recognition network module. The pose discriminator
in the APRN module employs the hidden feature maps of
the face recognition network as inputs to estimate the fa-
cial poses, while the face recognition network reduces the
pose variation to trick the discriminator and extracts repre-
sentations for identification. The visualization of our archi-
tecture is in the supplementary material. Because the APRN
module is removed in the inference phase, our APRN ar-
chitecture has no extra computational costs for its inference.
Besides, There is NO GENERATOR in our APRN, and it
does not need to generate any identity-invariant synthetic
faces. It makes our APRN much easier to be trained and
needs less computational costs in each training iteration than
other works (Tran, Yin, and Liu 2017; Shen et al. 2018;
Deng et al. 2018). What’s more, the APRN can be embedded
in other existing general face recognition techniques (Deng
et al. 2019; Kang et al. 2019; Wang et al. 2019) to improve
their performance additionally.

To model the pose discriminator as a regression task in its
3D space, we propose a novel Adversarial Regression Loss
Function and extend the adversarial learning from classifi-
cation problems to regression problems.

This paper makes the following theoretical contributions:

e We observe and prove that feature maps from the hidden
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Figure 1: The estimation landmarks (red dots) are predicted precisely to the ground truth (green dots) based on the Baseline
model’s hidden feature maps, which proves its feature maps are pose-variant. APRN disentangles the pose variations in the
hidden stages by transforming them into the frontal-view mean face ones (yellow dots).

layers are still prone to pose changes, which makes the
identity representations fail to be pose-invariant.

e We propose a novel plug-and-play structure named as
Adpversarial Pose Regression Network (APRN) for PIFR.
The APRN can be embedded in existing face recognition
networks to make the representations pose-invariant with-
out extra computational consumptions in the inference.

e We propose an Adversarial Regression Loss Function to
extend the adversarial learning mechanism from classifi-
cation task to regression task and to model pose discrimi-
nator as a contiguous regression network in the 3D space.

Because of the theoretical contributions above, given a
face recognition network, the proposed APRN consistently
and significantly boosts its performance. Our experiments
show APRN achieves state-of-the-art performance on the
CFP-FP, Multi-PIE and 1JB-A evaluation protocol. As far
as we know, we get the best single model without the private
large-scale training datasets in MegaFace Challenge 1.

Related Work

Face Recognition. Face recognition is one of the most
broadly researched topics in computer vision fields. Sun et
al.(Sun, Wang, and Tang 2014) proposed a Convolutional
Neural Networks for the face recognition problem. Be-
sides, some novel loss functions (Deng et al. 2019; Schroff,
Kaleni ko, and Philbin 2015; Wang et al. 2018b; Wen et al.
2016; Duan, Lu, and Zhou 2019) were proposed to make
the learned representations compact in intra-identify and dis-
persive in inter-identify. However, Sengupta et al.(Sengupta
et al. 2016) showed that most state-of-the-art algorithms de-
grade their performance dramatically from frontal-frontal
to frontal-profile face verification. The Pose-Invariant Face
Recognition is far from being solved.

Pose-Invariant Face Recognition (PIFR). Existing al-
gorithms for PIFR are clustered into three groups: 1) Face
synthesis on frontal view. Yin et al.(Yin et al. 2017a) pro-
posed a 3DMM conditioned GAN to frontal the large-pose
faces. Deng et al.(Deng et al. 2018) combined local and
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global adversarial CNNss to learn an identity-preserving fa-
cial UV completion model. 2) Pose-invariant feature extrac-
tion. Yin et al.(Yin and Liu 2017) learned different feature
extractors with Multi-Task Convolutional Neural Network
for different poses. Peng et al.(Peng et al. 2017) proposed
a new feature reconstruction metric learning to disentangle
identity explicitly and pose features. 3) An ensemble ap-
proach of the above two. Shen et al.(Shen et al. 2018) ex-
tended the Generative Adversarial Network to a three-player
game, which helped it generate faces of arbitrary viewpoint
and expression while preserving identity. Tran et al.(Tran,
Yin, and Liu 2017) learned both a face synthesis generative
and a discriminative representation based on the Generative
Adversarial Network. However, most of the previous works
only focused on the final representations. Few of them have
researched pose variation in the hidden feature maps.

Adversarial Learning. Adversarial learning achieves a
significant improvement in recent years. Especially the
Generative Adversarial Network (GAN) has been widely
used in many computer vision fields such as image syn-
thesis (Radford, Metz, and Chintala 2015), image super-
resolution (Ledig et al. 2017), and representation learn-
ing (Tran, Yin, and Liu 2017; Shen et al. 2018). In most
previous works, Adversarial Learning was modeled as a bi-
nary classification task or N+1 categories classification task.
Few of them have modeled adversarial learning as a regres-
sion task.

Inspired by the previous works, we propose an Adversar-
ial Pose Regression Network and a novel Adversarial Re-
gression Loss Function to disentangle the pose variations in
face recognition networks.

The Proposal: Adversarial Pose Regression
Network

In this section, we introduce our observation that the hidden
feature maps of deep face recognition networks are prone to
pose changes. Based on the observation, we formulate our
Adversarial Pose Regression Network (APRN). Finally, we
propose the Adversarial Regression Loss Function.



Observation

There are lots of works proved the facial poses can be esti-
mated from a set of specific facial landmarks and the poses
are by-products of facial landmarks (Gee and Cipolla 1994,
1996; Horprasert, Yacoob, and Davis 1996; Ruiz, Chong,
and Rehg 2018). Based on their works, we infer that a fea-
ture map of a face recognition network is variant with pose
changes if it can be used to precisely estimate the facial land-
marks.

In this sub-section, A ResNet-101 (He et al. 2016) with
the Softmax loss function is trained as the Baseline face
recognition network. Besides, we train five facial landmarks
regressive estimators respectively. The input of each estima-
tor is the hidden feature map (stem, stagel, stage2, stage3, or
stage4) of the Baseline face recognition network. We fix all
the learnable parameters of the Baseline network when the
estimators are training. The details of the network and the
estimators are shown in the Table 1. The training dataset is
MS-Celeb-1M (Guo et al. 2016). The ground truth of land-
marks is annotated automatically (Hu et al. 2018a).

Face Recognition Network APRN
Module | Layer [Output Size Conv/BN/Relu
Layer Number [[01 152 3% 3, stride 2
Input Image | 224*224 [256,512,
stem | 56%56 1024,2048]
stagel | 56*%56 |stagel[512,1024,2048] 3*3
Feature |stage2| 28%*28 [stage2 [1024,2048] |stride 2 2*M
[Extractor] stage3 | 14*14 |stage3 [2048]
stage4 77 staged] [2048]

Inputs Maxpool FC

stem

Identlty2 56 512 pose estimators: Ly Loss
Feature Loss pose discriminators:
Identification Adversarial Regression Loss
- N| N
Classifier

Table 1: The structure of the Pose-Invariant Face Recogni-
tion with Adversarial Pose Regression Network. N is the
number of identities. M is the number of facial landmarks.

Table 2 shows that the Baseline model achieves excel-
lent performance in all evaluation datasets, especially in the
CFP-FP dataset which is a frontal-profile evaluation dataset.
However, Table 3 shows the error range of its landmark esti-
mators is from 1.18 (stem) to 1.50 (stage4). It proves the hid-
den feature maps of the good performance face recognition
network have enough capacity to estimate facial landmarks
precisely. The landmarks visualization in Figure 1 also sup-
ports the conclusion because the estimated landmarks (red
dots) of the Baseline model are close to the ground truth
(green dots) on all three views, even though the feature maps
are extracted from the deepest layer (stage 4).

1JB-A Megaface
LEW (FAR=10"") CFP-FF | CFP-FP unclean\clean

99.37 86.66 99.70 | 96.24 | 77.58\91.59

Table 2: Face recognition performance of the Baseline.

Furthermore, we do t-SNE analysis (Maaten and Hinton
2008) in Figure 2. Based on the figure, it can be inferred

Inputs Stem Stagel Stage2 Stage3 Stage4
Ly Distance | 1.18 136 144 146 1.50

Table 3: Pose estimation performance of the Baseline.

that the representations of the same identity are not compact
because of the pose variation, even though the distribution
of identities is almost discriminative. More discussion about
t-SNE analysis is detailed in the ablation study.

Based on the experiments shown in Table 2, Table 3, Fig-
ure 1 and Figure 2, it is proved that even though the face
recognition network gets good performance in evaluation
datasets, its feature maps from hidden layers are still prone
to pose changes.

Adversarial Pose Regression Network

Based on our observation, we propose the Adversarial Pose
Regression Network (APRN) to extract pose-invariant iden-
tity representations by reducing the pose variation in the hid-
den feature maps.

The face recognition network with our APRN is formu-
lated as Equation 1:

L =aV(D,R) + Le(R) (1)

The L is the loss function of our architecture. The D de-
notes the pose discriminator in APRN, which is modeled as
a facial landmarks estimator. R denotes the face recognition
network, and R’ is a subset of R (R’ € R). The « is the loss
weight to balance V (D, R") and L¢(R).

The V(D, R') is an adversarial loss function. It can be
formulated as (Goodfellow et al. 2014) or (Tran, Yin, and
Liu 2017) if the pose discriminator is modeled as a discrete
task. However, the pose estimation is contiguous, and it is
better to be modeled as a regression task than a classification
one. To extend the V' (D, R’) as a contiguous regression task,
we propose the Adversarial Regression Loss Function in the
following section.

There is a crucial difference between our V (D, R’) and
the existing works based on GAN (Cao et al. 2018a; Deng
etal. 2018; Shen et al. 2018; Tran, Yin, and Liu 2017). There
is NO GENERATOR in our APRN. The R’ is not a genera-
tor but a part of the face recognition network. Our APRN
does not need to generate any identity-invariant fake faces,
which helps it easier to be trained and need much less com-
putational consumptions in each training iteration than the
previous works.

The Lc(R) is an identification loss function. It can be set
as Softmax loss function, Large Margin Cosine loss func-
tion (Wang et al. 2018b), Additive Angular Margin loss
function (Deng et al. 2019) etc. The identification loss func-
tion is not the scope of this paper.

Based on Equation 1, the architecture with APRN consists
of two modules, an APRN module and a face recognition
network module. The pose discriminator in the APRN mod-
ule employs the hidden feature maps of the face recognition
network as inputs to regress the facial landmarks (optimized
by the V (D, R’)). The face recognition network reduces the
pose variations to trick the discriminator (optimized by the



V (D, R’)) and extracts the representations for identification
(optimized by the Lc¢(R)). We visualize the architecture in
the supplementary material. There are no extra computa-
tional costs in the inference phase because the APRN mod-
ule is removed in the phase.

Adversarial Regression Loss Function

As the adversarial learning was treated as a binary clas-
sification or an N+1 categories classification in the previ-
ous works, the pose discriminator has to be modeled as a
classification network in (Tran, Yin, and Liu 2017; Yin and
Liu 2017), even though pose estimation is contiguous ob-
jectively. To model the pose discriminator as a regression
network in adversarial learning, we propose an Adversarial
Regression Loss Function and extend the adversarial learn-
ing from the classification task to the regression task.

As the face recognition algorithms have achieved an ex-
cellent performance in the frontal-view (Deng et al. 2019;
Kang et al. 2019; Liu et al. 2019a; Wang et al. 2019), we dis-
entangle the pose variations by transferring them to the same
as the frontal-view mean face. Our Adversarial Regression
Loss Function is formulated as the following:

Laduv feg(D, R') = argmin E[|| D(R'(x)) — ] +

. , @
arg min E|| D(R'(z)) — 1]

The =z is the input face image. The [ denotes the ground truth
facial landmarks of x, and the [ denotes landmarks of the
frontal-view mean face.

There are two parts in L gy geg(D, R'). The D and R’
are optimized respectively in different parts. In the first part,
the discriminator (D) is optimized to estimate the facial
landmarks (7).In the second part, the subset of face recog-
nition network (R') is optimized to cheat the D by making
its outputs close to the frontal-view mean face landmarks
(1). The targets of the D(R'(z)) are adversarial in different
parts of L ady_reqg(D, R’). It makes our formulation be an
adversarial learning mechanism.

Both parts in L g4y req(D, R’) are essential in our pro-
posal. The face recognition network would not be optimized
to be pose-invariant if the second part is absent. Removing
the first part and optimizing both D and R’ in the second
part leads D to output [ directly, even though the R’'(x) is
generated by random noise. The influence of each part in
Equation 2 is analyzed in the ablation study.

The Ladv_reg(D, R’) is optimized iteratively with the
Stochastic Gradient Descent (SGD). For the details on the
optimization, we refer to (Goodfellow et al. 2014).

Experiment
Datasets

In this paper, MS-Celeb-1M (MS-1M) (Guo et al. 2016)
and CASIA-WebFace(CASIA) (Yi et al. 2014) are used as
training datasets respectively in different experiments. The
ground truth of facial landmarks in both training datasets
is annotated automatically with the algorithms proposed in
(Hu et al. 2018a). In the MS-Celeb-1M, there are almost
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100 thousand global celebrities and 10 million images re-
leased. We clean the dataset with the automatic method
proposed in (Wu et al. 2018). The cleaned MS-Celeb-1M
dataset in this paper contains 74,974 identities and 4.8 mil-
lion images. The CASIA-WebFace consists of 494,414
near-frontal faces of 10,575 subjects from the internet.

Multi-PIE (Gross et al. 2010) dataset consists of 754, 200
images of 337 subjects. We follow the setting in (Zhao et al.
2018; Hu et al. 2018b; Yin et al. 2017b), 337 subjects with
neutral expression, 13 poses within £90° and 20 illumina-
tions are used. The first 200 subjects are used for training.
The rest 137 subjects are used for testing.

CFP (Sengupta et al. 2016), LFW (Huang et al. 2008),
IJB-A (Klare et al. 2015) and MegaFace (Kemelmacher-
Shlizerman et al. 2016) are used as evaluation datasets. The
CFP consist of 10 folders, each folder contains 350 same-
person pairs and 350 different-person pairs for both frontal-
frontal (CFP-FF) and frontal-profile (CFP-FP) experiments.
The LFW consists of 13,323 web photos of 5,749 celebri-
ties which are divided into 6,000 face pairs in 10 splits. In
this paper, we follow the standard protocols of LFW and
CFP and report their mean accuracy and the standard error
of the mean. The IJB-A dataset contains 5,397 images and
20,412 video frames split from 2,042 videos of 500 individ-
uals. We evaluate the performance with its standard verifi-
cation protocol. The true accepted rates (TAR) under vary-
ing false accepted rates (FAR) are reported. The MegaFace
dataset includes the probe and gallery set. The probe set is
the FaceScrub dataset (Ng and Winkler 2014), which con-
tains 100,000 images of 530 identities, and the gallery set
consists of about 1,027, 060 images from 690,572 differ-
ent subjects. We report its rank1@10° accuracy?. We report
both the performance tested on the original dataset and the
cleaned one by Deng et al.(Deng et al. 2019).

Implementation Details

For proving APRN can be embedded in different face recog-
nition networks, three backbones are trained in this pa-
per. They are CASIA-Net (Yi et al. 2014), ResNet-101 and
ResNet-152 (He et al. 2016). ResNet-152 use the ArcFace
loss (Deng et al. 2019) as L¢(R) while CASIA-Net and
ResNet-101 use the Softmax loss function simply. We train
two models for every backbone, one is the Baseline model
and the other one is our APRN. All three ARPN models
use our proposed Adversarial Regression Loss Function as
V(D, R'). Their pose discriminators employ the last con-
volutional layer of face recognition network as input except
for the ablation study section. The training details are the
same between Baseline models and APRN models, except
the APRN models are pre-trained by the Baseline models
and their learning rates are 10 times smaller than the Base-
lines. All the models are implemented on the publicly avail-
able PyTorch platform (Paszke et al. 2017).
Implementation details of CASIA-Net. For a fair com-
parison with other state-of-the-art works on the CFP dataset,
we train the CASIA-Net with CASIA-WebFace. The imple-

“http://megaface.cs.washington.edu
*https://github.com/deepinsight/insightface



mentation details of our CAISA-Net is the same as other
PIFR algorithms (Sengupta et al. 2016; Chen et al. 2016;
Tran, Yin, and Liu 2017; Peng et al. 2017). We randomly
sample 96x96 regions from the aligned 100x 100 face im-
ages for data augmentation. Image intensities are linearly
scaled to the range of [—1, 1]. The network is trained for
30 epochs. The learning rate of Baseline models is 0.1 and
decays 10 times at the 204y, 274, and 29;;, epoch. Momen-
tum is 0.9, weight decay is 0.0005, and « in Equation 1 is
0.2. The pose discriminator is detailed in Table 4.

For fairly comparing with other works on the Multi-PIE
dataset, we train another CASIA-Net with the same imple-
mentation details except includes the Multi-PIE as the train-
ing dataset. The protocol of Multi-PIE is the same as (Zhao
et al. 2018; Hu et al. 2018b; Yin et al. 2017b).

Inputs The last convolutional layer
3x3x%x320,stride 1
Conv+BN+Relu 3x3x%x320,stride 1

3x3x%x320,stride 1
Mx2

Fully Connected (FC) Layer

Table 4: Structure of the pose discriminator for CASIA-Net.

Implementation details of ResNet-101 and ResNet-
152. The details of the networks is introduced in the Table 1.
We import the ArcFace loss function (Deng et al. 2019) as
the Lc(R) of the ResNet-152 to proves our APRN can be
embedded in the state-of-the-art works to boosts their perfor-
mance. Furthermore, the ResNet-101 with the Softmax loss
function proves that the APRN works well in the complex
backbone with a simple loss function as Lc(R). The train-
ing dataset for both networks is the cleaned MS-Celeb-1M
datasets. We also train a ResNet-101 with ArcFace loss func-
tion in the the supplementary material. We randomly sample
224 %224 regions from the aligned 230x230 face images for
data augmentation. Image intensities are scaled to [-1, 1].
The networks are optimized with SGD for 20 epochs. The
learning rate of the Baseline models is 0.01 and decays ten
times at the 16,5, 18, and 19, epoch. Momentum is 0.9,
weight decay is 0.0005, and «v is 0.2.

Comparison with the State-of-the-art

Comparison on CFP. Table 5 shows that our APRN im-
proves the performance of the Baseline model from 90.46%
to 94.61% and outperforms the state-of-the-art method
(94.39%, Multi-task) in the Frontal-Profile protocol. Be-
sides, in Frontal-Frontal protocol, the APRN also improves
the performance of the Baseline model from 98.43% to
99.19% and surpasses the previous best model (98.83%, UV-
GAN) trained in the small-scale dataset (CAISA). Further-
more, our APRN needs much less computational cost than
previous methods (Tran, Yin, and Liu 2017; Yin and Liu
2017; Peng et al. 2017). It is because there are only three
convolutional layers and a single fully-connected layer in
our APRN. The extra module is much simpler than theirs.
The computational consumption analysis is detailed in the
supplementary material.

Comparison on Multi-PIE. Table 6 shows that our
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Training
Dataset | CFP-FF|CFP-FP
Sengupta et al.(Sengupta et al. 2016)| CASIA | 96.40 | 84.91
Sankaran et al.

(Sankaranarayanan et al. 2016) CASIA | 9693 | 89.17
Chen et al.(Chen et al. 2016) CASIA | 98.67 | 91.97
Peng et al.(Peng et al. 2017) CASIA | 98.67 | 93.76

DR-GAN(Tran, Yin, and Liu 2017) | CASIA | 97.84 | 93.41

Multi-task(Yin and Liu 2017) CASIA | 97.79 | 94.39
CASIA,

UV-GAN(Deng et al. 2018) UVDB 98.83 | 93.09

PIM(Zhao et al. 2018) MS-1M| 99.44 | 93.10

Co-Mining(Wang et al. 2019) CASIA, - 91.75

Ours: Baseline CASIA | 98.43 | 90.46

Ours: APRN CASIA | 99.19 | 94.61

Table 5: Performance on CFP (CASIA-Net).

APRN improves the Baseline model significantly. Espe-
cially in the large pose variations views, our APRN improves
the performance from 88.8% to 92.8% in the +75° view and
from 65.6% to 77.1% in the £90° view. The performance of
APRN is superior to the state-of-the-art.

Methods [:i:OO +30° £60° £75° £90°
Zhu et al. (Zhu et al. 2013) - 985 - - -
Zhu et al. (Zhu et al. 2014) 95.7 83.7 60.1 - -
Yim et al. (Yim et al. 2015) 99.5 88.5 61.9 - -
MvVDN (Kan, Shan, and Chen 2016)| - 99.1 89.7 81.0 70.7
DR-GAN (Tran, Yin, and Liu 2017)[97.0 90.1 83.2 - -
FF-GAN (Yin et al. 2017b) 95.7 92.5 852 772 61.2
CAPG-GAN (Hu et al. 2018b) - 99.6 90.6 83.1 66.1
PIM (Zhao et al. 2018) - 994 977 91.2 75.0
ours:Baseline 100 99.9 98.8 88.8 65.6
ours:ARPN 99.9 999 98.8 92.8 77.1

Table 6: Performance on the Multi-PIE (CASIA-Net).

Comparison on IJB-A. Table 7 shows that our APRN
improves the performance of the Baseline from 93.1% to
95.1% when FAR is 1073, It is superior to the state-of-the-
art which the AFRN gets. When the FAR is 101 or 1072,
the APRN also improves the Baseline model and achieves
comparable performance to the AFRN.

Comparison on MegaFace. Table 8 shows that our
APRN improves the rankl@10° accuracy of Baseline
ResNet-152 from 99.49% to 99.78%. In particular, L.(R)
of the ResNet-152 is the same as the ArcFace (Deng et al.
2019) and the performance of Baseline has been already su-
perior to the ArcFace (98.35%). It provides strong evidence
for the effectiveness of APRN. Because the Baseline that
exceeding state-of-the-art is much more difficult to be im-
proved, but our APRN did it. The improvement also proves
our APRN can be embedded in other state-of-the-art face
recognition network (such as ArcFace) to improve it addi-
tionally. Besides, The APRN is superior to the 4;;, perfor-
mance (99.42%) on the MegaFace leaderboard*. As far as

*http://megaface.cs.washington.edu/results/facescrub.html



Methods FAR=
10710 210 210 *
DR-GAN(Tran, Yin, and Liu 2017) - 774 539 -
Multi-task(Yin and Liu 2017) - 775 539 -
FF-GAN(Yin et al. 2017b) - 852 663 -
Contrastive CNN(Han et al. 2018) 953 84.0 639 -
DREAM(Cao et al. 2018a) - 89.1 764 -
VGGFace2_ft(Cao et al. 2018b) 99.0 96.8 92.1 -
PRN T (Kang, Kim, and Kim 2018) [98.8 96.5 919 -
FTL(Yin et al. 2019) - 953912 -
UniformFace(Duan, Lu, and Zhou 2019)| - 969 923 -
AFRN(Kang et al. 2019) 99.8 98.5 949 -
ours:Baseline 98.8 97.0 93.1 86.7
ours:APRN 99.1 98.2 95.1 90.1

Table 7: Performance on IJB-A (ResNet-101).

we know, our APRN is the best single model trained with-
out private large-scale training datasets.’

5
Methods rank1 @10
unclean/clean
topl: Sogou AIGROUP-SFace™ -/99.94
top2: SRC-Beijing-FR* -/99.89
Leaderboard top3: SenseTime PureFace™ -/99.80
top4: EI Networks™ -/99.42
CosFace(Wang et al. 2018b) | 84.26/97.91
IMDB-Face(Wang et al. 2018a)]  84.06/-
FairLoss(Liu et al. 2019a) 77.45/-
. UniformFace
Publications (Duan, Lu, and Zhou 2019) 79.98/-
Co-Mining(Wang et al. 2019) -/87.37
AdaptiveFace(Liu et al. 2019b)|  -/95.02
ArcFace(Deng et al. 2019) -/98.35
. Baseline 77.58/91.59
Ours: ResNet-101 APRN 79.21/93.91
. Baseline 84.76/99.49
Ours: ResNet-152 APRN 84.78/99.78

Table 8: Performance on MegaFace Challenge 1. The meth-
ods with * means the private large-scale dataset was used.

Ablation Study

In this sub-section, we prove our APRN boosts the perfor-
mance of Baseline models firstly.Secondly, we prove our
APRN disentangles the pose variations in the hidden fea-
ture maps. Thirdly, we study the influence of the input lay-
ers for our APRN. Fourthly, we compare the performance
of APRN trained with different « to study the influence of
loss weight in Equation 1. Finally, we prove that both parts
inour L agy_reg(D, R') are indispensable. All the models in
this sub-section are trained with MS-Celeb-1M. The archi-
tecture is based on the ResNet-101 shown in Table 1.

We also train a ResNet-101 with arcFace loss as L. (R). APRN
improve its performance to 98.59% and outperformance the (Deng
et al. 2019). More details are in the supplementary material.
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As a plug-and-play structure, our APRN boosts the
performance of Baseline models consistently and signif-
icantly. We compare all Baseline models and the APRN
models in Table 9. The table shows that our APRN always
improves the performance of Baseline models on all evalua-
tion datasets, no matter the Baseline model is a small-scale
network as CASIA-Net, a medium-scale network as ResNet-
101, or a large-scale one as ResNet-152.

Inference JB-A MegaFace
Backbone LFW@lO_4 CEP-FH CFP_FPunclean/clean
Baseling97.80[ 61.85 | 98.43 | 90.46 | 60.79/68.94
CASIA-Net ) prN 08.80( 64.72 | 99.19 | 94.61 | 61.01/70.12
ReSNet_IOIBaseline99.37 86.66 | 99.70 | 96.24 |77.58/91.59
APRN (99.50({ 90.10 | 99.80 | 96.84 | 79.21/93.91
ResI\Iet_lszBaseline99.59 91.29| 99.93 | 97.75 | 84.76/99.49
APRN (99.62| 93.62 | 99.94 | 97.89 | 84.78/99.78

Table 9: As a plug-and-play structure, the APRN consis-
tently and significantly boosts the performance of Baselines.

Our APRN disentangles the pose variations in the hid-
den feature maps. We do t-SNE analysis in Figure 2. We
get three observations based on the figure and prove the ob-
servations quantitatively in the following: 1) The first col-
umn (A) in the figure shows that inter-identity representa-
tions (denoted as different colors) are discriminative both
in the Baseline and our APRN. Their performance in Ta-
ble 9 also proves the observation. 2) The second column (B)
shows that the representations of intra-identity (denoted as
the same colors) are much more compact in the APRN than
in the Baseline. We calculate the cosine distance between ev-
ery representation and the centroid of the identity. Mean=std
of the distance in Baseline is 0.79240.122. The APRN’s is
0.804+0.14. The statistics result supports the observation in
the second column. 3) The third column (C) shows that our
APRN makes the representation of the same identity dis-
tributed uniformly in its discriminative local space regard-
less of their poses, but there is a margin in the Baseline to
separate the frontal-view (denoted as dots) from the profile-
view (denoted as circles). A linear Support Vector Machine
(SVM) is trained to classify the frontal face and profile face
to prove the observation. We sample 5000 images from the
CFP dataset to be the training dataset and 2000 images to be
the testing dataset. The pose classification accuracy on the
Baseline Model is 94.95%/95.48 % (val/train). The one on
the APRN is 85.20%/88.44% (val/train). The SVM classi-
fiers prove the APRN disentangles the pose variations.

The influence of the input hidden layer. We employ dif-
ferent hidden layers as the inputs of discriminators to study
the influence of the input layers for our APRN. The pose
discriminators for different hidden layers are shown in the
Table 1. The face recognition accuracy is shown in Table 10
and the landmark estimation is illustrated in Figure 1.

Based on Table 10, we find:

1) Except for the stem layer, the APRN improves the per-
formance of the Baseline network on all datasets no matter
which layer is employed as the input.

2) The performance is better when the pose discriminator
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Figure 2: t-SNE analysis for our ResNet-101 in the CFP dataset. The different colors denote different subjects. The dots are the
representations in frontal-view faces, and the circles are in the profile-view.

JB-A MegaFace
Inputs | LFW @10-* CFP-FF CFP-FP unclean/clean
None | 99.37 86.66 99.70 96.24  77.58\91.59
stem | 99.3  86.50 99.33 96.17  77.02\91.51
stagel | 99.43  87.76 99.70 96.33  78.01\92.07
stage2 | 99.38  87.74 99.80 96.61  78.34\92.30
stage3 | 99.47 8791 99.74 96.61 79.29\93.16
stage4 | 99.50  90.10 99.80 96.84 79.21\93.91

Table 10: The influence of the hidden layers to APRN. None
is the Baseline model.

is equipped to the deeper layers. Especially on the CFP-FP
and the MegaFace dataset, the performance is always im-
proved by employing the deeper layer as the input of pose
discriminator. It is because the pose variations are easier to
be disentangled in deep layers than in the shallow ones.
3)The performances on CFP-FP, 1JB-A, and MegaFace
datasets are improved more than on LFW and CFP-FF. It is
because the CFP-FP is a frontal-profile dataset, [IB-A con-
tains extreme pose variations, and the MegaFace is collected
in the wild with 1 million images.All of them have a stricter
requirement for pose-invariance than the LFW and CFP-FF.
The influence of the loss weight. There is a loss weight
o in Equation 1. We employ the stage4 layer as the input
of pose discriminator and use different « to evaluate the in-
fluence of a. As Table 11 shows our APRN improves the
performance of the Baseline model (o« = 0.0) when the « is
setto be 0.1, 0.2, or 0.3. It improves most when the « equals
to 0.2. However, the performance decreases when the « is
0.4. We think it is because a big o would lead the model to
ignore the Lc(R) and lose some capacity of identification.

JB-A MegaFace
a | LFW @104 CEP-FE  CFP-FP unclean/clean
0.0 | 99.37 86.66 99.70 96.24 77.58/91.59
0.1 199.45 90.42 99.71 96.61 78.07/92.96
0.2 199.50 90.10 99.80 96.84 79.21/93.91
0.3199.48 89.59 99.69 96.31 77.98/92.78
0.4 199.26 86.67 99.74 95.77 75.90/88.32

Table 11: The influence of .. & = 0.0 is the Baseline model.

The influence of the two parts in L g, geq(D, R'). To
analyze the influence of the two parts in Equation 2, we
reformulate the L gy req(D, R') to be L}%g(D,R’) and
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L%.,(D, R') as Equation 3 shows.

Ly (D, ') = arg win B[| D(R (2) ~ U]

, . , - 3)
L%eg(DvR ) = arg anlél, E[HD(R (.’E)) - l”l]

Liey(D, R') is the reformulation of the first part of
L Adv_reg(D, R'), and the L%eg(D, R’) is the reformulation
of the second part. The target of L}, o(D, R') is to estimate
the ground truth landmarks by optimizing both D and R’ si-

multaneously. L%, (D, R') attempts to estimate the frontal-
view mean facial landmarks.

JB-A Megaface
LEW @10~ CFP-FF CFP-FP (unclein/clean)

None [99.37 86.66 99.70  96.24 77.58/91.59
L}%eg 9943 8830 99.79 96.14 78.53/92.58
L%eg 99.37 87.81 99.79  96.46 78.64/92.42
L Ady_Reg |99.50 90.10  99.80  96.84 79.21/93.91

Table 12: The influence of the two parts in L qy_req(D, R’).
None is the Baseline model.

Table 12 shows that both L}, (D, R') and L%, (D, R')
have limited help to the face recognition. We hypothesize
the reason why L2, .. (D, R') doesn’t work well is that
D ignores the inputs (R’ (z)) and does not optimize the R’ to
be pose-invariant. To prove our hypothesis, we put one hun-
dred images whose pixels are random noise within [-1, 1] as
the inputs of the network. The L; Distance between the pre-
diction and the frontal-view mean face is 0.83 & 0.13 if the
model is trained with L%, g(D, R’). However, the distance is
4.12 £ 0.67 if the model is trained with L agy_peq(D, R').

Conclusion

In this paper, we proposed an Adversarial Pose Regression
Network (APRN) for Pose-Invariant Face Recognition. We
also extend adversarial learning from classification task to
regression task and presented the Adversarial Regression
Loss Function to model the pose discriminator of APRN
in its contiguous 3D space. As a plug-and-play structure,
APRN consistently and significantly boosts the performance
of state-of-the-art networks without any extra computational
costs in the inference phase.
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