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Facial Expression Transfer Method Based on Deep Learning
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Abstract In order to solve the problems of low image quality.long training process and slow generation speed of face
expression transfer,this paper proposed a facial expression transfermethod based on generative adversarial network to
make expression transfer faster and more natural. Firstly, the facial features are extracted by using convolutional neural
network,and the images are mapped from high-dimensional space to shallow space. In the shallow space, the facial ex-
pression features are discriminated by using the Generative Adversarial Networks. Then the nearest neighbors up-sam-
pling and convolutional neural networks are used to mapthe image from the shallow space to the high-dimensional
space,and in this process,the face expression is changed by adding the facial expression feature maps into neural net-
works. Compared with Fader Networks, the network model parameter amount of the proposed method is reduced by

43.7% and training time is reduced by 36 %. The experimental results show that the proposed method can effectively

improve the quality and the speed of generated images.
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Convolution 4X4 64-+1 64 X64X65
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Convolution 4X4 3241 128X 128X 33
Up Scale 16+1 128 X128 X17
Convolution 4X4 3 256 X256 X3

2.2 HEHAITI M
Al 2 X Bt MW 4% (Generative Adversarial Networks,



252 R OB R

2019 4F

GAN) J& Goodfellow 25 #F 2014 4F $& M Y — B 2B o 2 A8 780
A T 45 3 T 2R e b B R 2R () ARl 25 2>
MR FE,— I BAR S o — 7 B 20D ol — A A A% A 0 3 2%
UL AL - A LS A 2 0 S BOHE R AR 00 W AE 43 O L AR SRR 9 2
PR J) ) e — A 2 4%, 0 00 i A 0 3000 ok B S
FEAR TR S Az R REAS . A 338 00 S8 1T AR FH 45 R B
2 W 5 AR kAT 2 0 L A e i 4 1 R Ak o R R —
ASHz /NFE K ZE (Minmax Game) 8] 830, (46 o B e A 75 2L a8
AT YA A A A A R A B Y A A L O AR T R R
BEAR

m(in max V(D,G)=E.-p, [logD(x) ]+ E.~p. s
[log(1—D(G()))] (3)

M=) T, W 53 R4 G F1 D K 43 3 7w A R4
ANFNBIES T TR S A ST PSSR o A0 H R T AR R A
R4t 2 RV AE 1] & 2 s G i B G AR BRI 4t 23 [8]Re 41T 1) &2
D (¥ E AR J2 J SR 2 23 18] 45 A0F 1] 42 %0 7 1 KR 2845 BT G 1
B sl {2 AR R G (o FE D EREM D(G)) M
HAHARTE D A 3R — B, AR U A0 25 A B XL, e
2] 5 #4800 R A A A R I RR A D) A R I 5 o
A

AR SCHE AR RS A E] 3 T K R e S 2 I S S
FRAE R A O T 0 2% 14 A RS R A B A A Y AR 4 23 1R 1)
oo AR HIBIER A . FIBIEE— A 3 AR AR
B9 4325 I 45, B 40 50 A 4 22 [ 1 Sk 6 IO 09 A 25 £ 8, s 2B
5 0 ) 590 28 A G, e 2 A0 S0 % T VR 0 T eR AR RS A R
R Y2 8] 1] it = AOAR AR BT R A AR 2 5 B A I 4k 25 18] )
T T T I B A 240 Y A D A e 6 2 T T R Y

T AR

ﬂ'

P 3 A Al aOu 47 19 265 4 1 R 5 R

2.3 BMEEH

A% SCT AR AL (1 45 2% oA ECR FR BE A G A AR A X
U2 PIAER 3 o ARG R 25 R A G i 8% Ear
0 O 5 Z AR B AR 4 2 ) R R o (IR i AR R
&% D o33 bR FE RIS B 4G R 5 2 W S 3 i 4k 25 ),
5IE G EHE /MR 20 R TR0 EHR .

TR F g b5 2% % H 38 7 1% 22 R A (Mean Square Error) E
AR R PR, DA R A 2R RS S R MR R 2200 By
15 22 T A = (O B R

L().\'.\‘M:LZ | Dap (Ere () sy —x |l 5 4)

Y975 U8 2% B BUTIZ BT T IR BE 2 ) T 2R AR v AR SR A
A I 00 45 A58 R B 45 5% PR R TR AR J"rﬂﬁ%ﬁlzﬁ‘]’”‘ﬁ?%ﬁ‘

28 25 R E MBI, AR SCR 4 07 1% 22 oR AR S B A 2k
By —#80Yy . S 5B MR RN L.

A R EOGTE I 460 = S I ) e = EAT AR R, B R T

D [5) B4 Sy 25 12X 0 09 45 09 A )l #5  F) 51 4% Doan R 43 28
W25 5 ol 2 A ) 1A R = B bR A A L. BT LA SCoR A
softmax pREAE A Az =X BT 1 6 40 59 45 09 450 2% pR B, soft-
max PR EL AN (5) T -
exp(@ z)

P(i)= (5)
Zexp(ﬁ‘z)
FIBES Dot HIR B S R IE M & = TEAE y B9
P (Y Eae (), FIAN 203K R BT LLFRIR N
Lossy. = — i Slog Pa. (y| Exs () 6

*%*”B’J'ﬁﬁib 2K BRBCHT IR BE B G T s G BT A B ) 2%
PP 798 7 L R T 9 3 45 2 BRI KT I e R v %o e 4 45 2R )

W) AS TR] , 5 2 15 8 S B0 WIS 43 5 2R eR B0 BL 9 AT R Y
WM (D s .

Losstow = Loss.. +pLossas (7)
LA, FH RV 5 458 2K BRI BT S A B b . R eR AR Y R A
B A= (8) frs -

Losstor =$2 | Do (Eae () sy)—x || 5 —

12210 Py (y| Epp (1)) ®

255 g R VR T A R BT R 2% 7 B A I 26 v ) 52 1
FRIE e BB 7R A BN T 190 205 X A= s 18] 5% 64 5 Wi e
A L DR Y AR i N R PR B R AN AR L T DA

i S 46 A i R AR 2 RO AR

3 ZWESMN

TR A 28 X 45 1 I 5 B0 4 0K R F CelebA B4 477,
CeleA $u#E4E th #3200 000 5K 178 X 218 Ky s 2 K14 4
B BRI FR 5 40 2. B %M R/ 178 X218 11
JEIE R 0T 2 178X 178 By EIM& . B2 3 45 e d Kol 256 X
256 KNI EME . Tl F R BE 4 4 9 45 00 0 2 Bl i, B A
B A 43 0 YN 5 B0 A R R 4 P N R R S

1800003&I’§IH,°WIE§HEQ§@/§ZOOOO§KIZIH B R 1 B
R — AR L — 1, 1], i i oA V45 W s 32 458 R A7 40 40 e

[ E

A 3 Tensorflow JF YR I BE 2% ) HE 28 5 #2545
R BEAT N 2 DI i R AL 45 3 BB

DFE e RO URBE A 2 i 45 3647 I 25, A =200 Ht M 2%
Z 50 %, # 5r R B S 5 2% O EHR B &R (Image-to-
Image) (4 E 26 M B

DK B SR p B R — BN AE AR SCR A 00001,
i A 0 BT R 46 5 IR BE A G B # 2L R EAT U 25 B S 80
B 55 /N T LAARAIE W) i B B 1A 11 25 10 e 1k A X Bt
PO 6% 3% 4 A A R ) 582 00 5 O 2 3 AR PR B R R

DEHBSE p B ER—DBRKRINME . AR 0,01, LU
TR Az R T 19 4 %) A AR B S, e 405 B R 1E
EBMEIR,

AR Kingma 50 42 1 19 Adam £ 16 8% 3E 47 VI
24 ,batchsize BB N 32,24 2 R EHN 0. 01, H7E By B &5
HF SEATIR BRI RO 0. 1, I S B A B B A
BEAT 100000 RIEAL, T AT 300000 IR IEAL , 1 258 MU B 1Y
I,



5 6A Y bl

G5 T VRS 3T (10 A F 0 TR 7 253

55 22 A R o e 5 R L, AR SO Y A RS R
TR LR RS BUZH AR BRI HEBUH
THA— L2, BEF R THA SR, WE 4 PR T
Fader Networks, 4 3C ST 4@ 80 1) S4B WD T 43, 7%,

12 000

10 000
8 000
6 000
4 000
2000

0

Fader Networks AXHA

P4 BERLS R B0 L

B 1S B T L PR B g I 25 O B 5 TR
B RAER N G AR T T 36 26 ANE 5 TR .

Fader Networks
— AXHE

15

10

ik B YA

2 4 6 8 10 12 14 16 18
YL B E /b

&5 BT I SR ] Y X L
A SCHRE 0 D A /D B B B L R i I B Y T
B B2 TE T A R R B S RO BR T i A RUZE AR R Y
HEREAS SO W8T 6 BT .

() JFL iR R

(b)Fader Networks
Tl 6 BA A B A SR A X L

Pl 6 rh Ca) S R i A TR L (b) g A6 4R 3% A Fader
Networks Z i A\ 2145 T8 5745 21 09 B, (o 2 A LRk
BRI 25 B . Fader Networks Y 2R 521 A R 15 T
BORIEAW B, A R/NY AR . 522 A SCHE Y Y 18 4
NI ZRAG E R BOR T &,

GRIE X HAT AR R T AR i EG  AR A
T R A A ) AL, AR SR T — b et Y 3 T AR R B
R 4% B A0 2% 1 SR RS AR TR Ll 2 Rt 9 — Ak )2, B RS
MERZE G B ERZE. 5 Fader Networks W 2%

(AR %

LU AR SO K T 2% A58 100 2 d /b 43, 706 Il g ) i 2
3600 5 55 I IR I, A 0 PG ) o B A BT AR R . AN SCRT R Oy A
NI IR J5 1 BEAT 1B 9 220K, 9F BLTE R ML AR L 0l 1
S NAHILAE T A5 AT R AT R A S PR R S

£ % 3

[1] IOFFE S,SZEGEDY C:Batch Normalization: Accelerating Deep
Network Training by Reducing Internal Covariate Shift[]]. ar-
Xiv:1502.03167v3,2015.

[2] ISOLA P,ZHU J Y.ZHOU T H,et al. Image-to-image transla-
tion with conditional adversarial networks [ ] ]. arXiv: 1611.
07004,2016.

(3] EHEBHE, EwR. 5T TR 1 W0 A% {7 A 75 M 400N o i1 1z
MO S E . 2014,31(2) :329-334.

L4 . MRS 3 5 RS WA BT FE LD, AR . 76 i 22 i@
K,2014.

[5] 2R, 58 X, HH. Kinect 38 3h 19 A I 3h | & & £ R B 5%
(I ST/ . 2015,41(3) :237-241,

[6] ZHANG H,XU T,LI H,et al. Stackgan: Text to photo-realistic
image synthesis with stacked generative adversarial networks
[J]. arXiv:1612. 03242,2016.

[7] ZHANG Z,SONG Y.QI H. Age progression/regression by con-
ditional adversarial autoencoder[ C] // The IEEE Conference on
Computer Vision and Pattern Recognition ( CVPR). IEEE,
2017.

[8] ZHAO J,MATHIEU M,LECUN Y. Energy-based generative
adversarial network [ C] // 5th International Conference on
Learning Representations (ICLR). 2017.

[9] LAMPLE G.ZEGHIDOUR N. Fader Networks: Manipulating
Images by Sliding Attributes[]]. arXiv:1706. 00409v2,2017.

[10] HINTON G,KRIZHEVSKY A, WANG S. Transforming auto-
encoders[ C]// Artificial Neural Networks and Machine Learning
(ICANN 2011).2011:44-51.

[11] PERARNAU G, VAN DE WEIJER J,RADUCANU Bi,et al. In-
vertible conditional gans for image editing[J]. arXiv: 1611.
06355,2016.

[12] RATLIFF L J,BURDEN S A,SASTRY S S. Characterization
and computation of local Nash equilibria in continuous games
[C]// Proceedings of the 51st Annual Allerton Conference on
Communication, Control, and Computing ( Allerton). Monticel-
lo,IL,USA,IEEE,2013:917-924.

[13] ARJOVSKY M, OTTOU L. Towards principled methods for
training generative adversarial networks[C]//ICLR. 2017.

[14] SHEN W,LIU R. Learning residual images for face attribute
manipulation[ C] // The IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). 2017.

[15] ANTIPOV G,BACCOUCHE M,DUGELAY ] L.Face aging
with conditional generative adversarial networks [ J]. arXiv:
1702.01983,2017.

[16] LIU Z W,LUO P,WANG X G.et al. Deep learning face attri-
butes in the wild[ C] // Proceedings of International Conference
on Computer Vision (ICCV). 2015.

[17] GLOROT X,BENGIO Y. Understanding the difficulty of train-
ing deep feedforward neural networks[ CJ// AISTATS. 2010.

[18] KINGMA D,BA J. Adam: A method for stochastic optimization
[J]. arXiv:1412. 6980,2014.





