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Large pose face recognition with morphing field learning

Hu Lanqing, Kan Meina, Shan Shiguang “, Chen Xilin
1. Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China;
2. School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100049, China

Abstract: Objective Face recognition is currently challenging in the context of large variations in pose, expression, aging,
lighting and occlusion. Pose variations tend to large non-planar face transformation among these factors. To address the pose
variations, previous methods mainly attempt to extract pose invariant feature or frontalize non-frontal faces. Among them,
the frontalization methods can release discriminative feature learning via pose variations elimination. There are mainly two
kinds of face frontalization methods: 2D and 3D frontalization methods. 2D methods can generate more natural frontal faces
but it may lose facial structural information, which is the key factor of identity discrimination. 3D methods can well preserve
facial structural information, but are not so flexible. In summary, both 3D methods and 2D methods have information loss

in the frontalized faces especially for large pose variations like invisible pixels in 3D morphable model or pixel aberrance in
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2D generative methods. Method We propose a novel coarse-to-fine morphing field network ( CFMF-Net) , combining both
2D and 3D face transformation methods to frontalize a non-frontal face image via the coarse-to-fine optimized morphing field
for shifting each pixel. Thanks to the flexibility of 2D learning based methods and structure preservation of 3D morphable
model-based methods, our proposed morphing learning method makes the learning process easier and reduces the probability
of over-fitting. First, a coarse morphing field is learned to capture the major structure variation of single face image. Then,
a residual module based facial information extraction is designed to promote the coarse morphing field of those output con-
catenated with the coarse morphing field to generate the final fine morphing field for face image input. The overall frame-
work is for the pixel correspondences regression but not pixel values. The work ensures that all pixels in the frontalized face
image are taken from the input non-frontal image, thus reducing information distortion to a large extent. Therefore, the
identity information related to the input non-frontal face images are well preserved with favorable visual results, thus further
facilitating the subsequent face recognition task. To achieve more accurate morphing field output, our design of the coarse-
to-fine morphing field learning assures the robustness of learned morphing field and the residual complementing branch.
Result To verify the effectiveness of our proposed work, extensive experiments on multi pose, illumination, expressions
(MultiPIE) , labeled faces in the wild (LFW) , celebrities in frontal-profile in the wild (CFP) and intelligence advanced
research projects activity Janus benchmark-A (1JB-A) datasets are carried out and the results are compared with other face
transformation methods. Among these testing sets, MultiPIE, CFP and 1JB-A datasets are all with full pose variation. In
addition, 1JB-A contains full pose variations as well as other complicated variations like low resolution and occlusion. The
experiments follow the same training and testing protocol with previous works, i. e. , training with both original and frontal-
ized face images. For fair comparison, the commonly used LightCNN-29 is developed as the recognition model. Our method
outperforms related works on the large pose testing protocol of MultiPIE and CFP and comparable performance on LFW and
[JB-A. Additionally, our visualization results also show that our method can well preserve the identity information. Further-
more, the ablation study presents the feasibility of the coarse-to-fine framework in our CFMF-Net. In a word, the recogni-
tion accuracies and visualization results demonstrate that the proposed CFMF-Net can generate frontalized faces with identity
information preserved and achieve higher large pose face recognition accuracy as well. Conclusion A coarse-to-fine mor-
phing field learning framework frontalizes face images by shifting pixels to ensure the flexible learnability and identity infor-
mation preservation. To improve its accuracy, the flexible learnability yields the network to optimize face frontalization
objective without predefined 3D transformation rules. Moreover, the learned morphing field for each pixel makes the output
frontal face shifted from the input image only, reducing the information loss. Simultaneously, the design of coarse-to-fine
and residual architecture ensures more robust and accurate results further.

Key words: large pose face recognition; face frontalization; morphing field learning; coarse-to-fine learning; fully convolu-

tional network
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B AR, H H AR AR R — R % x gl

kIR C, R
S, = F'(I,) (4)
C, =F(S,) (5)
K, PP 2SS — RSN S
B WRIWE S, e R®™? 68 MR A&
SR B RN VR A I 25 4 B PR AR 2 7R R
T5 AR IR A 124 2 T3 B AR Y C, K AR
KRR b x w BIUIRLBETE AR S 1 v (R R
KL AS Yyt S FT T RAFIERE
C, BB T A S5 AR R B2 AR (0
C, ZWs T AL, N LA T 2t — 24 fe, 78
CFMF-Net 1, 7332 W% F¢ FRIBIUR MR EIZ 1, 19
MRHE G, = FE(I,) ,(Hrh FESECh we . 2
5,8 C, 5 G, PHELE—, H A B4R AR 17
2 Frp 25 31 55 TR 43 HE RO/ N ] 04 200 B T AR
%Dk e R _ R
D, = F'([C,,G,]) (6)
KA, FOORRERIN 4, T LU R B T AR 3 ik 1 7
FoREE HSHC W
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2.1.2 AR
2Ky D, Z )5 B2 T % D, fEHF
5 1, ARENEmEE ARG L B
I =T(1,.,D,) (7)
T i@ 82 D, ¥R R 1, AR R sl T
HAME L, XA BREA =TS E, R
D, = (A;, AL ) R8E I AT (L))
(AR Rk BRI A FIRE T, TP AT ARRR (i + A,
j+ AL EREER, M
UNTIER [SRTRRYS (8)
—JNERR, D, RIB(ON TR S A
ARG TR . W, I RREN G+
Ay + AL BB 4 MR SR FAE IR AL
e i =i+A),,,j=j+4Ar,
o= (= Lil-i) <= |Ljl-jl)x
I+ (U= Lil=il)y x (1= 1[[j1-j1)x
L+ (L= [[i]=0) x (1= |Lj]-jl) x
L+ (U= 1TiT=il) x (0= I[jT-71) x
Ik,(ﬂ,[ﬂ (9)
womaEm, L (8) X (9) MR KRN, N
K (8) M= (9) AT LLAE h, IE AL EIE 17 T i i
BEEER AR T, MR F S8 H i 4 AR
SUMBAS RN, B, I ORI, PR E R
2. 1.3 BN R
AR S 3 3 v B o 1) 27 20 O A SRS T AR
M 2% CFMF-Net & {F* F°,F* F¢} , Hbs 1T
a0 ARG I 5 B E R R 1 R A
A, Ep
L= min -3 g gz = min Lx

n
wd W8

Z (L, ,F'([F(F(I,)),F(I,)])) - I*[?

(10)

2.2 fifitiz

97 PR CFMF-Net f4 Ui 84, 1 4 9 JIl 2k
CFMF-Net FMHL 15 2 — 84 vl ir b 28K
PR (10) 2y B AR 2 7 2 o 1 1 25
2.2.1 THillg:

WIRGITAR R I AR 24 2] R i) B R 2 2]
NG E S, o AN ARG S XF P k17
oAl (5 TobR e B S T A %4 ) . B

s 1« ) o112

L= min -3 [F(1) -8, (D)

S, SE R TAREE A9 A S B AP 3 BT
F* 3 b B T AT AL, B % .

X
3 L%

w K
- % 4
B3 AR iR ]
Fig.3 Exemplars of facial landmarks
MUK IR A2 M 4% Fo ARG A8 S, N
AR AEY) €, o AR Bt
FAR BRI EE AR Y CF % P 3T RIGR L, B

.1 - R
L' =min -3 ¢, - €1l =

ol .
min—- [|F*(S,) - €1 (12)
k=1

oo, C Y g X AT B S R

XAl Z AR BT A A B, HEGH — iRt
ARG U, TR B — A5 — 1 CF L i NI
PG 1, FVHS R I 1 A I, A Bl o A% 1Y 5%
A5, R ARORE 259 {E (thin plate spline, TPS)
(Bookstein , 1989 ) FHLug i Al 5 i — S IE AL IE 22 37,
B TPS ToikEAb B 55853, Pk, Jy 1 ik e 3
PHIA) L, A Sy vk 2 — 20 ) FE N %5 R 4 b 55 3
PARIR i, NS B i 4G 5 € AR S B
FRUNE 4 Fin, [RRE, Foamad b6 B T b7

EERky LL(
e, B P

DU, £ Bh =R e B AS B 64 4867 B 1 F ke
A5 C8 ] LUK AR EE T AR 3 M 4% F* A0 43 3 )
% Fe —[RHEEATOIE N2, R

L' = min - |p, -D =
k=1

we wd 1L

min LZI IF'([C,,F*(1,)]) - DI} (13)

we wd TV _
5 ¢ 251, DY lRIEER TPS 53], R H K
INK R xw  ATLVEMUE: CF ) ERFE, TRIRE, FOOM

Fe A id s b B2 T R EAT O AL, 86 BE 20 31 ;‘ﬁ; Gl

aL”
OWE

o
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B — IO A1 B8 5 A B IE G R

HTPSTTik, ¥k
WL R (R A
BT WANEHTEALY)

FH SR BRI 2

AT UL AS Y

P sarm AT s A b

4  CFMF-Net T5I 200 RS A HCo 3t P

Fig.4 The estimating process of é,f' during pretraining

2.2.2  UE) i oL

TEFI 2 ) Fe i |, CFMF-Net LA (10) A H
T g D) £ 24 7 s 38 o PRI A o

M= (10) L BfR L T 1 B SECH

aL est t
al;i’,j = 2<Ik,i,j - Ii,i,j) (14)

h3t(9) , 17 S FIRAE D, 1S HO0 R 464
(02 SR S 9 Ky RS D7 T - 975 B

oL oI ‘
W%%@ﬁ“wﬁJyEWﬁ
k,i,j k,i,j
AL, I, a I,
aA;ﬁ,i,j o aAZ,i,j ot

(I d=7 1 =1 x (Lo = Logsy) +
(I T=71 =1) x (Lysy50 = Lrigs) (15)
or: (‘)IZN'L] “ 8} _ oI

kiij o _ ki _
oIy . . 9 oIy . ]

ClLid=dl =1) x (g5 = L) +
CITET =il =1) x (U 5y051 = Lerir) (16)
FEA~ CFMF-Net 22501 W' W W W |l
IR T R UEA TR, X6 I A AR B A A
oL oL _ oI aD,

= X X
oW’ ar oD, oW’

aL L oW
aWe  aw! T oW
alL oL oW
AW AW awe
oL oL XaW“ . W
oW aW! T oW T oW

(17)

3 % I

S IRAIEAR S5 2068 2 N PR3 [ 8 ) A %4
PETE 4 MRV RE S NN BG4 b i 758
55, A0 358 ARG B8 2 LEW (labeled faces in
the wild) £ 7% 5 25 B8 % o 28 2528 A0 1) 2R 6 4. Mul-
tiPIE ( multi pose, illumination, expressions ), CFP
(celebrities in frontal-profile in the wild) F1 IJB-A (in-
telligence advanced research projects activity janus
benchmark-A)

3.1 BiREETXKREE

1F MultiPIE B0 45 (Sim 45,2003 ) | #EA7 Al 45
Yt T B RZE SN RS SE 5, 7F 300 W-LP ( Zhu
4% ,2015) . Webface ( Yi %§,2014) . LFW ( Huang
Learned-Miller, 2014 ) . CFP ( Sengupta 4§ ,2016)
1JB-A(Klare 55,2015) b #EATIE AT 453 50T i K%
SNV SEL , FET AT S8 b, B el CFMF-
Net #EA7 A 1E W1k, 22 )5 3 51— AR 301 /9 4%
PAT AR, H,300 W-LP & CFMF-Net ¥ 4%
I 2R 4, Webface A7 AR5 255, LFW | CFP
A 1B-A g ARSI A o YR A 4R 1
BENOLANER 1 R SCHm ik 8 46, By 19
NG5 % 128 x 128 (2K, B EMEIH 1=
[ 1,1, BBARAREI — 4B [0,1] B8 H—
B -1,1], 5 R T ARSEE A CFMF-Net %
ZREEA TR BN A b B A

MultiPIE 53 £ (Sim 45,2003 ) 2 fi & Ay Al
BG5S NG 5, A5 337 A
TEARTRIZEAS DEIFRRE TRy . L8RS K
BN AR TAE (Cao 45,2018 ) #H A 1Y
SR, RUBCET 200 A~ BT A R AT AR T
AL AR U2k, FF 137 S N8 A BIR#ET
Wk, AEMKP B, 2R X 137 A ARIEEAS O
HEFI v R0 Y IR 4 O T U 4 (gallery ) , )T
72 000 7K A8 7 /5 & 14 (probe ) o 5 K 2 KO H
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F1 G EMNNEREE 1A
Table 1 Overview of training and testing datasets
. . PR
IS SPFR AT R KB ‘
IEmfL 1
MultiPTE I I MultiPTE MultiPTE
LFW w N 300 W-LP Webface
CFP i R 300 W-LP Webface
1JB-A i & 300 W-LP Webface + IJB-A
c8.9.4)| lca1283,1)| [c@s63,n| |ca923| |C(1283,1)| |[Fe@se) | | Foaze) ! FC(1024)| [FC(2048)| [FC(4 096)| |Fe2 048), i
BN BN BN BN BN BN Sigmoid |!||BN BN BN sigmoid | |
—1’ ReLU ReLU * ReLU | ReLU 1»{ReL.U > ReLU il -'h ReLU »{ReLU | ReLU Ll
MP(3,2) ﬁp(z,z) - MP(3,2) 2 i ! !
Fo WF
L [C(3232) C(32.32) f - [DC(64.4.2)] [DC2.4.2)! D
1 —[BN BN : +BN o TanH ] <D 1+
. [ReLU ReLU ! ! ReLU i
: F* i H i E ‘
P sxrmggmisrr T FHNG GBI ARSI E il

5 CFMF-Net 4525
Fig.5 Architecture of CFMF-Net

JriEARTE] AE MultiPIE B9 52560 H , A8 7 Rk A Light-
CNN-29 ( Wu % 2018) {1751 M4 .

LFW ( Huang #1 Learned-Miller, 2014 ) #l1 CFP
(Sengupta % ,2016) &=L HATAE T 53 5 T 1)
ISR ES A AR | 3 ofe Ul N i 3R 531 O v 1 1
ik, LFW 485 13 233 fiR4E A MG AR G, H
rhoE T ARSI R 23 3 000 X2k A T
[l — N B4 5 3 000 %)k H T A [N B EE
CFP A5k H 500 AR 7 000 i %, Hor A4 A
#A 10 BEAELE T (/N T 10°) BIGORT 4 IR %3 (R
F10°) WER . ARSI, LEW Al CFP HR i
A RAESC R, 78 LEW A9 IR FE A5 o A 56
HEER 2 ACC (accuracy ) 5 ROC (receiver operating
characteristic curve) fHZk T A9 AL AUC (area under
the curve) , 7E CFP b (13 A1 & 1F B —IE B 14
X (frontal-frontal , FF) 1 1E B — B A% % ( frontal-
profile , FP) B 43, H i F8 A S A 365 10 1 1ff %
ACC, [FI#E, 7€ LEW F1 CFP SE56 v A 3C 05 ¥
LightCNN-29 ( Wu 25,2018 ) 75 R iH 51 M 2%

1JB-A(Klare %5 ,2015) J& 5 KA A 50 F
AR BB AR | 3 S R R S 8 AN 1 )
TPk rvERE . TIB-A A3 5 AR 2ot i 28 2 RO BE S5
TR EHE A LG TR A 28 i A 4R, T
AP, TIB-A 4455k H 500 A5 396 i M 2%
I 20 412 1 45 P 266 40001 1) Tl 45, G 3k
PR 10 728 SUHIE, B 43 1 333 A R AR
RN A 167 AR ESAE RN AE | e 2 i)
W0 10 LI FEE R, 280D, o
SEHE— T REHE 4 (40 Webface ) EIIIZR—1~1R 51
R P UB-A /NI 2R 42 AT 10 (Klare 4,
2015) . M TFZ R AR 4 UB-A _E At
AN B — R BT L, T2 ERSEA Z BT L,
W EAEAN L taT DN 54728 IR 155 SN 52 a1 i ]

BhR R TE HE A48 28 B R 57 & (false accept rate,
FAR) T W IERG$E52 K (true accept rate, TAR) . A
T R AR F8 45 R 2 1 44 HERR R AT 5 44
R, FEZETA 79, UB-A LAl A 42
— MR R RS540, T 5 Z R k2
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SAEEES, OSSP, WSS, BRERR / MAAESARRZINIERCREGS>

FHOER AT R T P AN ] ) AU R 285
354 Fast AlexNet Fl LightCNN-29 ( Wu 45 ,2018)
H Fast AlexNet ;& %F AlexNet #E47 4046 J5 15 21 1)
BRL, 5 RZEC A Ik ERLRE 1A 24 (H ik SGH
JEE R, HARSS R 2 FiR,

32 Fast AlexNet P& 451
Table 2 Architecture of Fast AlexNet

ik 45

1 Conv 48 x9 x9, $4, BatchNorm/ReLU/maxpool 3 x3, S2
2 Conv 128 x3 x3, SI, BatchNorm/ReLU

3 Conv 128 x3 x3, SI, BatchNorm/ReLU/maxpool 3 x 3,52
4 Conv 256 x3 x3, SI, BatchNorm/ReL.U

5 Conv 192 x3 x3, SI, BatchNorm/ReLU

6 Conv 192 x3 x3, SI, BatchNorm/ReLU

7 Conv 128 x3 x3, S1, BatchNorm/ReLU/maxpool 3 x3, S2
8 FC 4 096/BatchNorm/ReLU

9 FC 2 048/BatchNorm/Rel.U
H S MBI K stride,

300 W-LP J& A1 )71 (Zha 25 ,2015)
Xt 300 W L HE 4 (Sagonas 45 ,2016) ¥4 J5 #2249
BT BRAE B 122 450 TRERNE, SE8erh, AN IE
T P55 % IO P JT A 388 0 e PR A A A 1 T A
YIRS , iz o 1E 1 G E VR N2k B bR (U248
P& 51 %2 UL https;//github. com/whobefore/MF-Net/
tree/master/Data/300 W-LP) . 3 H.,300 W-LP 1
Bl A R B 68 AN A GBS bR, AT DAE R
SiRF F AT IR,

Webface ( Yi 55,2014 ) J&—~ 18 AR 3911 2k
£ LA A 10 575 Y 494 414 (RIS, S2ieh,
fifiF] Webface YZ5AEAT #5514 T BRI
3.2 EWER

£ MultiPIE \LFW FI CFP 504 |, A8 3042
() CFMF-Net 5 2 J7 s E 47 52 30 % L, 40 46 24T
5524 2] 97 % (Yin Ml Liu,2018) LA K 5A SC )5 R
FUEA B2 A FE T GAN 197735 (Luan 58,2017 ; Yin
ZE 2017 ;Zhao 55 ,2018a,b; Cao 55,2018) , H.A Lu-
an %N (2017) 5 46 & —Fh B T GAN 19 2D
ANBGIEmEAL T, Yin %8 A (2017 ) 78 DR-GAN f) 3
fih EgE— 54l HC T 3DMM (3D morphable model ) 1)
FREAE N RRAE, AR AR R T AR Z5H 15 B Cao

N (2018) 1 SR B AR M T 5 1 15 31 1F T 4k
N B DAL Sy v (] 45 AR — 20 R

TE 1UB-A ¥ 4E b AUk SRR A T
AT T X E, AL G RRAE f# R 7 7% ( Crosswhite 55,
2017 ; Yang %% 2017 ; Zhao 45,2017 ) A4 7 i
(Zhu %% ,2016 ; Masi 55,2017 ; Chang 55,2017 ) I A
J6:1F 1 Ak 75 ¥ ( Luan %, 20175 Yin %, 2017 ; Zhao
4 2018a;Cao 25 ,2018) ,

HAA—4RAYIE 2019 4FLUS H B 5 1 22 A3l
FAABGAR S5 85, B A1 % K2 28 AR 51X — 45
FE L ST, A C S ArcFace (Deng 55,2019) 2k
JH ResNetSES0 P28 4548 (28 RE ) 5 A SCM 2% 25 A
%) W MU (https ://github. com/TreBleN/ Insight-
Face_Pytorch) #117 lL 5 .

7E MultiPIE (64 [ SCge 2 L ank 3 s, v
PIE AR SO A58 T HXT H o s A 25 58,
HRAE 75°~90° M KRB AR T A2 FH IR
BE W 4% [ Bh2f ) AR Y, Hu 25 N (2017) 195 ¥
TH5EM TR 76 3R 3 IRk I B8 & 26 B 4k 1T
AREU S, ELTEH /N $E8 32 x 32 [ MultiPIE -
()SF- 2 RE L CFMF-Net 1% 0. 4%

£ 3 AEFHEE MultiPIE $#55% iR 3=
Table 3 Face recognition accuracy of different
methods on MultiPIE dataset

/0()
] NS AR
ViRES
+90° +£75° +60° +45° +£30° =+x15°
Luan % A (2017) - - 83.20 86.20 90.10 94.00

Huang % A\ (2017) 64. 64 77.43 87.72 95.38 98.06 98. 68
Yin %8 A (2018)
Zhao 25 A (2018b) 86.73 95.21 98.37 98.81 99.48 99. 64
Cao % A (2018)
AR 94.00 97.76 99.36 99.94 99. 98 100. 00

TE MR R R 2 S B AL A5 2R, - 7 R 7 R 4y
4R

76.96 87.83 92.07 90.34 98.01 99.19

92.32 96.40 99.14 99.88 99.98 99.99

1E LFW Il CFP b RYSEERES RN 4 Fk 5
No ATRVE AR SO B AE I N & 22 5 I
5 YT O A P RE AR 2, A4 SR T B I 2R Bk
") Deng % A (2019) F ik, MR 4 7T LLFEF], 7
LEW B g b A SO A3 28] 7 R IR IR 15 B 1Y IE
T AL o NN ER 5 7T LR B, A SO A IE i —
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R4 AEFHZRELFW Hig5%E Er9 AREISHE
HEFE ACC 1 AUC
Table 4 Face verification accuracy and area under curve of
different methods on LFW dataset
/%

VRS ACC AUC
Zhu %5 \(2015) 96. 25 99. 39
Yin %5 A (2017) 96. 42 99. 45
Cao 55 A.(2018) 99. 41 99. 92
AL 99. 02 99. 92

TE L PR B SR A E R

x5 ARFGETE CFP HIFEE LR ARIIEAEMRE ACC
Table 5 Face verification accuracy of
different methods on CFP dataset

/%

Jrid IER—IER  ER—E P
Luan %5 A (2017) 97. 84 93. 41 95.63
Yin 45 A (2018) 97.79 94. 39 96. 09
Zhao %5 A (2018a) 99. 44 93.10 96.27
Deng 2 A (2019) 99, 62 95. 04 97.33
AL 99. 34 95.17 97.26

TE PR FR B SR ALER

0 B R0 L B T AR RE R IR SO I Y IE

ARG T RS RO 2 T AR

TE 1UB-A Bt L sem s Rk 6 s, 78
NI IE ARSIk v AR ST 5 Y i SR i 1 7 1
BORAHY . 6 1, ARSIk CFMF-Netl 2Ll K
A B S I T G 5 A A T ARG AR AU A H b,
4 ) IR 5 E Ak R Y A8 g, i ot 3 24 R
R AR IE mfb e R, SRUEA B S T AR R
#ok A &, Masi 48 A (2017 ) Luan 48 A (2017)
1 Yin %6 N (2017) W77 %5 CFMF-Netl HA A1
PN ZREE FNTEN 28 K e AT loxt L, AT RAE 31,
CFMF-Netl HU% 17 B4R AR RCR . o Masi 45
A (2017) 45 H 93T 3D AL AVRE I AT 1F T ALY
T, AR ) IE TR AN 38 B Luan %8 A (2017)
F1 Yin 8 (2017) $2 09 2D 194 i A 7
SR B R B A 0fF B . T CFMF-Netl 2546 T
3D F2D Jrik MRS BECR 5 T IR s B 5 8., X
PRUE T A B R 2 % 38 L, CFMF-Netl 7E LEW £l
IJB-A $CHR4E 09 IE Ak 45 SR 1 43 ) i & 6 Fx
7 Fi7Rs . ARSCITHE CFMF-Net2 23 1it f BA il I A5
Gyl AL AR, 5456 T GAN 5% EIEAEY,
(975 1% ( Zhao %5 ,2018a; Cao 25 ,2018) AL, 155 T
XA J 5 R RO

F6 AREFFETE 1IB-A HiEE LI IEFNIRA] AR

Table 6 Face verification and identification accuracy of different methods on I1JB-A dataset

/%

N se NI uE IN528 y”g}:\% —
FAR=0.01 FAR=0.001 Top-1  Top-5 PR AL DU

Crosswhite 55 A (2017)  FFAEfHE 93.9 83.6 92.8 97.7 - /VGGFace VGGNetl6
Yang 25 A (2017) FEHE AR 9.1 88. 1 95.8  98.0 ~/3M ims of 50K ids  GoogLeNet-BN
Zhao 45 A.(2017) FEAE AAS 97.6 93.0 97.1  98.9 300 W-LP/MS-Celeb EZ;gNL"ﬁftOBL
Zhu %5 \.(2016) N2 89.0 82.8 90.3  92.8 300 W-LP/MS-Celeb -
Masi 45\ (2017) Nz 88.8 75.0 9.6  96.6 —/Webface VGGNet
Chang %5 A (2017) N0 90. 1 85.2 91.4  93.0 - /MS-Celeb ResNet101
Luan % A (2017) NI IE Ak 77.4 53.9 85.5 95.7 MultiPIE/ Webface CASIA-Net
Yin 55 A (2017) N AN 85.2 66.3 90.2  95.4 300 W-LP/ Webface CASIA-Net
Zhao 55 A (2018a) NI IE T AL 93.3 87.5 94. 4 - MultiPIE/ — LightCNN-29
Cao % A\ (2018) NI IE i fk 95.2 89.7 96. 1 97.9 CelebA-HQ/ - LightCNN-29
CFMF-Netl (A<30) PN AR 90. 7 77.3 94.7 98. 1 300 W-LP/ Webface Fast AlexNet
CFMF-Net2 (A< 30) NEE Tk 95.3 86. 4 95.4 98. 4 300 W-LP/ Webface LightCNN-29
I FRR R SRR R, < - R AR G4
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(a) Il (b) xTTEALY; (o) IEIRIfREE R
Bl 6 CFMF-Netl 7 LFW () iE {645 5 1
Fig.6 Exemplars of frontalization results on LFW of

CFMF-Netl ( (a)original input images ;

(b) x-axis morphing field; (¢) frontalized results)

(a) J5UlA] (b) xFF ALY

(c) IEHLZE R

7 CFMF-Netl 76 1JB-A L 1IE i fb 45 R 11
Fig.7 Exemplars of frontalization results on [JB-A of
CFMF-Netl ( (a) original input images;

(b) x-axis morphing field; ( ¢) frontalized results)

{EAF— 4R A, 4 A A 2 19 A PR 22
ARARAE yaw J7 [a) , BIAS SCHRY & J5 1), —Ff A AR Y
REJEREA I8 T N5 « J7 [ B 28 7 I A R 4
THERE . SR 52 B _b 33k R AL X PEBE L B A
Wi, P2 CFMF-Net Al LA H 322 ) 2 A 3 1 %
ARAEAE x TT 1), BEAE, 4 x J7 1)1 A2 3 3 22 I 2R A
] BEXT AT A S DR D B R ) A M AR
AR ARy 18] 1B 252

3.3 H@AsCIe

T 531 CFMF-Net 558500t A 1F T 46 Fl
BN RS, 21T T — RSN IE RS, 7 300 W-LP
g L IH A SE I A nT AL SE SR AN 8 i, T LA
FH, L TPS 7 LIS 8 — B 1E i 45
R(E8(b)) ., EEM APHLE B AR 15 20 (0 A
IETR IS, i AR ) AR IR A e — e R Y
RE(K 8(c)), i Bhamk: I 28 37, nl LIS 5]
WE AR T A AR ER (B8 (d)) . XEIUE T
CFMF-Net 45343 %+ 1IE AL BAEH

i

(d) CFMF-Net 24k 4k

K8 CFMF-Net 75 300 W-LP | /il 5256 () 25 51
Fig.8 Ablation study of frontalization on 300 W-LP
((a) original input images; (b) results of TPS; (¢) results
of CFMF-Net w/o F¢ ,F" ; (d) results of CFMF-Net)

PSSR 0 A BE R, CFMEF-Net 15— 9843
X SR 591 ) o 1 R 8 LA H 24, CFMF-Net
75 1JB-A Bdladle LRTHBSE IR 4 Rk 7 P, al
DA FHE T A ZEAT AR IE T A B Fast Alex-
NetiEAT MR, A PR B2 IR 22 37 R A 1 T 4k
%7 CFMF-Net 7£ [JB-A EH)HRRSCH
Table 7 Ablation study of CFMF-Net on 1JB-A

/%
- PN Ry
FAR =0. 01 FAR =0. 001 Top-1 Top-5
w/0 CFMF-Net 85.2 66.0 90.9 97.1
CFMF-Net w/o F¢ ,F'l 88.8 70.7 92.1 97.2
CFMF-Net 90.7 77.3 94.7 98.1

TE L P RS & S R L4 24
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RETE— & B2 T AN A v 32, T I 40
IR AT NIRRT AL, BB #F— 2 2 THEUI Y
HERR R

T i BAIE CFMF-Net Xt K 245 A 1454
OB 1IB-A D3 AR e A KR /NGR O 3 A B[00,
£30°) . [ +30°, +60°) F1[ +60°, +90°) (W
https:// github. com/whobefore/MF-Net/ tree/ master/
Data/IJBA) . WL B L5 1IB-A A& R 531 00 X A
] (BB TR0 53y 3 R R A S e, R [ 0°,
+30°) ) THEAME N gallery, [0°, +30°) [ +30°,
+60°) [ £60°, £90°)E probe 73| #E4T AR
B, 7E B 2HEE b Se ] CFMF-Net #£47 A
o E AL, T3 Fast AlexNet #E47 ARG, LU
PUMNERG R, I8 55 B 208 H Fast AlexNet ¥E17
PUR A HERR A LA, 45 2R 3k 8 s, AT LLE
ARSI VR HE KU 5 7 ( Deng 45,2019)
TERE I AH 2 0 P 46 2548 TN JUAS 1 S5 5L Ui B
FEATFEAEX B FP R AL S S, D3 A0 TE RS
[ £60°, £90°) AyMlIX4E |, 1E 1k 5 ER B R0
RGN RFRT JE— LI T A SO E X KL
NI TR A 850

®8 LB-A LREEZTFEHR TOP-1 77 %
Table 8 Top-1 recognition accuracy in our self-defined

pose-subdivision test protocol on 1JB-A
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