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ABSTRACT

ABSTRACT

Generally, facial expression recognition algorithms need a large amount of training
data, but the expression types and quantities of the existing databases are limited. To solve
the problem, a facial expression generation algorithm based on a single image is proposed
in this paper, which effectively expands the types and quantity of expressions.

Inspired by the structure and characteristic of various generation models, this paper
combines the GANimation and SinGAN models together to develop a new fully
unsupervised generation algorithm expression, called SinGANimation, which achieves
the generation of facial expression images via utilizing only one expression image. The
proposed method operates the single AU transformation, multiple AU continuous
transformation, multiple AU discrete transformation of GANimation, et al, and it expands
the expression types of the image and inputs the results to SinGAN for regeneration
operation to increase the number of images. In order to solve the problem that generated
face may be distorted by SinGAN, the proposed method adds the downsampling strategy
for input images, which effectively improves the problem of face distortion in SInGAN
and ensures the high facial structure information. Then, this paper makes qualitative and
quantitative analyses for the generated results obtainted by the proposed method.
Comparing with other classical generation models, it is found that the proposed method
can generate both continuous, natural expressions and discrete emotional expressions,
and the quality of pictures are more real and clear. The training on multiple data sets has
achieved good results and proved the robustness of the algorithm. Additionally, this paper
conducts the AMT true and false user test and FID measurement of a single image. The
confusion rate are close to 50%. The deviation between the depth feature distribution of
the generated image and the real image are close to 0.1, which indicates that the two
images are highly similar. Finally, this paper analyzes the advantages and disadvantages
of the algorithm, and plan to apply the algorithm to expand the facial expression database,

video sequence and other commercial and scientific works.

Key words: single image facial expression generation GANimation SinGAN
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L1 NHR T #EiE

NS RAG AL PO B 8, R R EIENAEFE. FES N
IR NS R IR A, T4 TR, Bois S M ARE 5 3T 220
FE1E T AL TR G RIA M . RS R SR N E S, B
A RAE L ARE S5 B AR IR IIZE IR, I B & HEWT 31 A =

NG RERAEBANREREEESMAAGRRRNEZE TR, BOEER
A.Mehrabia [{IBF 7R BN, 72 AR HE 2w A, @I85 A E BALEE B E
=1 7%, s AR LS NE L NE B AR 55%. JUH, 2iiiE ALE
BRI 5 N AETE 2B, THHB 215 R AT A 2 o2 BesUR ey Ml (0, & e i 1)
RS TIBENMMTAGE, BEARER, KRS, @RRESSE2ZHER
i R =P IE S iy v

fE 20 14, Ekman 1 Friesen % AR5 FATHH 7T, 159 H KM -EAN AN,
AR, W, U, 38, RUE, POBRIRNL. AhATESL T A FRRRER B A
T FR FAG R 22, RS T AP A5 AT 044G, LN & . W5 frrhr (25 3 (AL,
IXAFAZ 1976 FEAIE (1) <TH H 12 3 4mhS 2 41 (FACS, Facial Action Coding System) o
FACS 105 44 NHHENMEHIC (AU, Action Unit) , #liAm/EE. IRIEALLE
FIVES IR N THH S 3B R AE AR . AU BT LS HII B RA N TR, EHAR
FERISA R, FERTK, Bl ARE—AN RIS AU, HRERRE KIS 30 /-8R
] Fir DA, BLE A NG 2 A 508 122 1) SR B0t ORI T 34 2 A S AF 0 A R

12 MAEXESHK

414 NSRBI BOAR R I, N T 375 R 7 5 5RO T G i 8 2 A7 1R a1l
TERNEARAEAR P — A EEA R, M At ea, 2aBi. BWaeksr. I
VbR B IR S RAT IR R ML otk XA AR AT IR K BRI AU 3
tedn, fE2 e, @R RIHLIR AR, IR R P SOV INGS,
ikt asd, WL eRE; ERRET T, RIEEHENHERRS, b
BREAMEROINGS:  ERERE b, ZIa] DRSS B Ge R B Sk RS A B AT+



2 S BRI P R T P A SRR BT T

Rl PRMEMAAE R I R A TR 1, D974 N SR G R [R] 27 2 B =X
£

i ESCHTIR, BT NI RSB EA LR AL 55—, RIREEINAN
R, IFARFLSEIEL T 1) B ARRNG, M0 HLT AR 32 VF 2 R I IR, Bl in<i
Ve, PR, SECREMSER—, BRI, B, REEEEED, ML
Hor A 1 R S ) B Bl 755K o a4 BRI 27 SR B, VP2 NSRBI Skt %y
Gy R IR L 2 STMESE o TR 2 SN SRR 5 B K, i BULAE 1) i e I
HEAWR, A E LSRR STHE S N R AR 5%

BT UL N0 A6 Bt e PSR AN B AT IR ISR s, ASSORE AT FUAE 21 LI
MNIEREEIE T, LR, MREZ, Wi AR MRS T AR IR
B FAVERT T o

1.3 AEZHE

B FONEEREE Sy, BB IR A SR AR A ST F R S H
PR EEA RS T GAN AR, JF4 H—28% WL GAN 4%

it

FEEFEAANA SinGAN AHICHA, JRELE, SIS RIS SinGAN (1)
(URTI

55 VU % M\ GANimation FHICEER, HEHY B H 5 7% DL R AR SR 2 A 55 T LA B 3
BEATRER, NN B SR B E B R .

S EEEJHEIE T SinGAN Al GANimation f#) SinGANimation TH #7154
FRENESES, AT 2P SI0 s R, HOR AR 5 AR L, AT A E =
ST o

FNE AR 5 R AR SO TAEEAT B A4, IR %
Z )5 TSR At



B RTINS (GAND 3

FTE HBEHIME (GAN)

A U4, IFK GAN, & — R VR R 2 S AT AR GV B ik . P
LA, AR BEAES Z3AE SO T P 8 AT R [R5 4 S LA B 2 i L, {8 15 PR
RNV HH i 8 25 RSO B0 10 2% 10 B B it B L B 9 ST

2.1 AR 2 B EE S F A
2.1.1 Ay

AR (Generative Model) SEAL& 5 > G B 7 S48 5%, AT T4
F A LR AT RE AN SR AR B A TR A4S KRR B . 2.1 OR TG B A S R e
JHRAEE . BRI AT e Jol B S R A R M N AL & X, A AR
A Y o A W SRR AR, B B AR & x Al
FANFRRE Y o I FHEI A S A LAY DAASE it BE AR TRUS i S SR RS T

WAZTE |
(x,)
AT EX
e
AR
EEm ==
AR A nEE y*
__\Qﬁi/h_
(a) LB =2] (b)) HaE&=>]

K21 cEEI5FRBInER
A BB R I 25 x ALY IBKG o3 AT p(x, y) 8L, SR @I DLty A =R k15
Py | x), SRJEIEERRER v AE p(y, | x) ik, B
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1 ¥)p(ky)

argmax p(y | x) = argmax
y y p(x)

(2-1)
= arg max px|»)p(y)

AR BT FhaR DU, SR A BIUGMM, 37 5 /R ) AR
THMME

2.1.2 AR T X 4 R A

AP (GAN) 25 TUREE SIS .. — RIS, GAN 2HT
VIR OB AR TR B0, 5 L 1A Y T A PP A R P 2 ST AL . 2014 4E Tan
Goodfellow 55 N IR4 H T GAN 224401, GAN B SE M A HE I A>T AL . AR Rt
%% G (Generator) FIHAIMZE D (Discriminator) , ‘EATHIZHEEU R Fios:

o ERUMZE G BT — AN BENLI 2 RIS 2, RIEAEREBRAN G (2).
o FIBIML D 75BN BRI B . B m ANER, M D(m) &

BINEE m NERIRER . 25 D(x) N 1, Wm NEEEG; 2 D(m) N 0, Mm

AARESLEIR.

7E GAN R fE, A 48 G ik B AR R 52 1 VGRS 240 1 I 245 D
F 5 WA 2% D i B A i 2% G AR UK MR AN LS BB IX 4p Tk . ik, P4l
TR T ZAS K RFIEZE . 2 GAN B AFIRSES, A MEE G(z) 2 Ui D,
i D A LA G HEAE MR G (2) A, BT bl AR R O JSE ER 1 i
D(G(2) )=0.5, GAN [ R H N

minmaxV(D,G)=E,_, ,[logD@)]+E._, . [log-DGE)]  (2-2)

b x RRELENR, z RRBYIERS, TG (2) LRI G AR EE.
FIR R D o) Ros RN L D % G MMEER, HEERERET 1.
D (G2 AHARMEZ D ERENER G (z) HEELHIME.

A% G I EFR N D (G(z) R4k, BBV (D, G) 2787/, Fir LA T G K
/J\(me)o FnIM L DTEAR A D ()i, D (G(z) &/, Ikl V(D,G) &=

R, PTEARS T DRECK (max) o BAE GAN Hllghdfe, il 2.2 fros.



B RTINS (GAND 5

E%F@.___—{.ﬂﬂW%D}—a»ﬁwﬁg

A

PREERE . 4 RABG — AREGGE

K 2.2 GAN I Zid FEmfE

Stride 2 16

Project and reshape CENT 4

transpose CONV 2
transpose CONV 3

transpose G(Z)

K] 2.3 DCGAN F2E Rl W 2 25 4 P
2.2 AT 2% ) AR Y
22.1 REHBRA RTINS (DCGAN)

IR BRI (DCGAN) J& i Alec Radford %5 A2 H ) GAN #i
T, 1% W0 2% BE AR A R B 2 ST FP 1 CONIN R B 2 5T 7P 1) GAN 45 &5 78—k
DCGAN 1] 5 — R A EHR S AT Faow IS5, I SRV IR & o R AR RN 1 A
JARAL . DCGAN A R 2% 2546 I ] 2.3 Fr:

HARH, DCGAN 7E GAN RGBS 7 R LAzt (1) Rt = 5 R
BEAT B i, o, TR L DGR, fEA R S B b B
Wes (20 TEH LRI S 45 #48 FH batchnorm, 3X 45 B T A 46 1k 22 1 7]
B, OB AR R, IR IEA RN HE T R A SR ] — A . B
el BN NFARITA RS SRR G AT e, 18I 7E A 5 2 4 = A
F 255N JE AR BN AT LA i ix A 5 (3D MR 58 A it 4 1 Bl = LAt
ITHEIRBERIR RGN (4 TEARMSS R pTH 2 LAH ReLU G REL, (H
Wt BRAL, JEE M Tanh:  (5) FEHAMIME A )2 L8 LeakyReLU &

FT X pgit, DCGAN R T GAN Al 46 72 A o i Ul i 1), ELpk
TUERUT T -
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o BEBAIXT GAN HIR RESMHHATZIR, w] DUE AR sl 2R H B Tl
S

*  DCGAN JIZKEEA SN EGE, FAERIEEE AR XBERE T4
JSE X 28 T A 500 R 2% ( B FI N 2% ) o BT DCGAN H (4 RIRHESEHL,
En T ESPON R EAESS, BlanE &k,

* X GAN %> B filter #E47 1 5@ PRI 7347 6

* DCGAN MR 2 BA MR RETHERRE, W UL BRI SRR AR (1
UEAZDS ¢

222 AP (CGAN)

FAFAE BT BT 2B (CGAND A Goodfellow Tan 25 A\ 32 H (¥ —Fh iy 5 1
ZIHI GAN, TEZE R L8 RN 5L R 5l NEAFA By, ARIEANTEAE B y XM
ZHATEIR, R SAEROIRE . KRRy TUETZMER, ndobsss, HT
FRIEEE M EEE, RADFEBESMEIE, XFEAT UG CGAN R4 &
[ GAN BN E MBI . Wl 2.4 Fios, BIDRAN S B y (IR 45 28 B 2%
AL, AENFINZI—E5, A SEI A GAN. FEA M2, Bl
Pz FIAE(E B y BRE AL T G B ERAE « XTI ZRHESEAE R 2 RAE 4Ly 2
JITHAR M RIS . Zith, 24T GAN 1) B b bR U T AT 26 PR 1) oA/ MR
{5 1#2% (two-player minimax game) :

minmaxV(D,G) = E,_,_,[log D(x| »)]+E.., ,[logl-D(G(z| y)]  (2-3)

223 EAER BN (CycleGAN)

— M GAN A — M EEE, a4 CycleGANIISZIL ) /&
PIANIB B IE RS - CycleGAN /2 —A A—B HL[i] GAN il_E—/~ B—A H.[71] GAN,
P GAN LA i 4, SR S5 & B s — N 2%, BT LI Sk S 35 A
F P LEFIPEAN A SN 2% . CycleGAN A7 _E /& MG PRI GAN, HRL T —
ML 2%
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90000
00000 000 ®)
(o o QOOO@
00000
: Q0@ y
\{...OQJ [OOOOO]/
K] 2.4 CGAN W 42514

K 2.5 CycleGAN W& 45 #41&]

e 2.5 iR, HEG A S ERNE G, Fon B EIG B, #EEE B Wk
NEEEG B FEAE, KRG BSTAERMNEG,, £ NEER A, EEEE A
MAE N EE Ao

—/MELH] GAN MR, T CycleGAN JNER R A& A DU AN 2% R 2
T30 B A 2% A

L, =E

xeP,

logD,(x)+E,_, log(1-D,(x)) (2-4)

Xt T F 2% B:
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Ly, =E. ,logDy(x)+E,_p  log(l—Dy(x)) (2-5)
X T AE U 2% BA:
Ly, =E.p, 10gD,(x)+2E,p |x =Gy (G, (%)) (2-6)
XA R 4% AB:
Ly, =E.p,, 108 Dy(x)+AE, p [x =G (G, ()| (2-7)

X FLE R S AN A IR ZZ T, RN 52 >, RERS 51 T A2 e X 2% BE 4 4
SE BRI AT PR B4 55, 10 714 4 ol 19X 4% DU A ) 2 X G R 65 SRAT 5 A B XU
IR .
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H—Z SinGAN &8 K H W B

SinGAN: Learning a Generative Model from a Single Natural Image!”!, EJI J\ #5k
H ARG b2 ST I A s Y o MRS A F — R 1T 2 REEXRH IR T7 %8, %
ZARE 25 FRGHSEE . S5, €T DUFSRAE BOHT 138 B BB AR A, 7Et
HEHT N R BRI R T, R ER GG 1T BRI o A . AT FEA2H SinGAN
LR B SRR, ST S AL P A R ORI 23 S0 45 R

3.1 SinGAN #HIcE R
3.1.1  FRIGR B

BUA I JUIIURT U4 R IR AR R P A0 B BN INZR s i o, R, X885k
NS E ARSI (AN B 3, SOy FES5). Shocher 55 NPT S5y A
HREBRGIN T 2T A GAN R, 78 B8 € 17 108 5t AT 7] 28T,
AT A SR TR B, BIUR B R MU 20 ER, TASE R HIBEILAE A . AR
FEZ T SinGAN [UHEZGZ AU i, RIDRE R R AR B EHBAEAS, bd &V 2 A
I ) PR AL AT 55

il 3.1 s, oA R GANs (U SUHAE A B R R i . Xk
R RLAE X RSO B EAT IR, I A BEZE A B SURIREA . 17 SinGAN [ 715 JF
AJRIRT G, ] DUAREE ) B AR ER . SEBr b, TS0 A i R AR
RIGFAE M T2 AR EE, (ERASGHR A a UE R & K8 S AR 4
JREEFI SR BFEA .

3.1.2  EE AL BRI AR AR Y

TEVFZ ARG FAT S, HET GAN B8 A 78 CAUE R T itk 2
BT, Bt A2 SR R g B AN EA 5 T 2 IR R AR 55 . AR, A 5%
KE D #EAE BAR B E EIZE, B BsF s E N S — A E S, SinGAN
R WL, SInGAN JEAZE B TR H— A RIS BRI, 1238 A FSRIE K
B — R B AR R 2 R4 & B8 TR SinGAN JE7R 17— 58k
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Yk E1E

K 3.1 SinGAN 5 BN EUR SUHE AR Rl
AR B 2 v AN BRI b >, R T2 F G A AT S5, F e g
A2 SinGAN 7 (1) 36 A Ji B R, L7 A

3.2 SinGAN 5 7 f) FE A i 2

3.2.1 R

SinGAN FLA ) 2 H (12 2 3] — B A OB, B AT BL 3 AN I 2
BN ESHE R . RMEFSAMS ES5ESH GAN BLERML, X B Ik
FEARZ BB 7B, AR B e B A BB

SinGAN & FHEHBACA K, LB E 2R A 1) B AR KR . X7 ERERZ A
AR E AEUR R 0 A . N, SinGAN ARZHHIR AR @i, BBk
RV IHEF TR (TR R 2, AR, LR GRS ER. AT
SEHLZX — H A5, SinGAN A& aEiH, R 3.2 frs, B8 D2 R IRKTHR-
GANS (L 7R AT RABE R A 53 0 281 He SRS 7 ST AN RIS x 7B 2041 - GANs
RS2 BT BB, T R EA R, Xk s R e etz e — . [k, AU
2 REERIZAH — BLAER R LS GAN W, SinGAN 2% — M — &N
ARRE BRI,
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_ =

Mult-scale Patch L Mult-scale Patch Effective
Generator Discriminator Patch Size

Training Progression

3.2 SinGAN )£ R L3815

SinGAN F A2 i —4> GANs HJ<g IS5 2, Fo Il ZRomf s RO
REVNTT G ERENREE, RS G, 7 SRR AEA, FRIM 4% D, Tt
PR A B T BB B RS BRI R B x, X TToR. i
TR R EREh, A7RU ERBRST AN I (R R 46 AR T SR tsac L
V) A BIE NS G A REHLE S R 2, o X 22 1T RO X, AR B R BEAT EoR
FEE AT R (B T 20 iR KR o A R A SO R 8 I 21 Ay A=
R (G, -, G, } AR R (2,02, ) IS 5.

322 ZRELEWM

SinGAN [FBAY f— A G FERAE BRI ZE (G, -+, G L AR X x (1 UG 4 8
(Xgoresxy Y AT, HdSr>1, x &R T r 0 x 10 TR . 5L
28 7 53 A2 B SE IR EHERE AR, BIOG T30 R UG A K e A o @I il 25, 52
WG, %21, HRImAE AR N E% D, , FI5I 2% D, i B AR B A i 735 x,
R FERIX 23 oK o

T, BEUEREAI A SN R I RBEFF A, AR UG A A s 4%, B35/
(RIRUBE, FRTERES ROBE AR N 75 o T PR AR BRI 28 R 310 ) Do) 445 25 A [ ) Jak 52 B
PR P 7E A RS A e R 6 5 4 RS TR o TESORRUE b, AR il SR A A B
B Gy, 470 ) e 07 R 75 2, L 3 BB A &, D
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%, =G, (zy) (3-1)

-l

(ian)Tr

K 3.3 HABLEA
B E X R BRI B R R 172, B G, AT RV A
LA R A R A & SR i o BN AR AE TN RE Cn< N D _EASINZ AT
RPEERA LA B, Br 72 EEEES 2, 46, BRI G, B2 BAR
JEEMG R A, B

=Gz, )T, n<N (3-2)

SEbr b, B IR R 2% AR BAT SR 284, Wil 3.3 R ERAE]— R
GIERZZ 0T, Mz, BPIEER (R, )T . XER T GAN A2,
I BENL A AE 5 % rh & R A TSI . B A2 IR R A B a1y (%) T (%
Zer2]) U, A1 G, AT 40 T #AE

X, =G )1+, (z,+&. )T (3-3)

o, oy, A 5 ABBURIN5E S ERIN%. SinGAN ER AR E FM
SEANBRAY 32 A RTTIG, SRJG PGB AT 4 RN 2 8. BROAE 2 2 4
BRUNL, UL SinGAN T BAZE T RE 25 H AT 2k AN 5 1 PR (0 G g 0
7 IR (L)

TERAREE n b, W2 BR BRI T, 1 F SRR N 7 3 2 b, Hoss
RHINTE 5 NERUZ, Wit R — A 7e 8] (3,,,) 1 10521, BIAE RS G, 1
T
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3.3 SinGAN A5 FH

SinGAN fEVF 2 EHRALBAE S5 TR ARA N, NN e . 18 m 21 14
G E XGERE « PR, BRI o — R A lshim . B 3E T SinGAN Ji4h
B, A SinGAN A fe A4 il 5 I 2R G BAT AR 7 He oA i BR, Br Ll o i
fEn < N BB REERS MR (AT RERE T RAE URRAO)TE A B4 il 46 5 B v, il
T A S 4 K FLRT B, A B A S IR MR 1P H R ARV ED , M EAT A
ENGLBEVN S E S ENETIE e

K 3.4 SinGAN FEAY [y v fg o

3.3.1 PR

SinGAN K N\ EUZ I P48 5 T s « SinGAN 7R /3 HE 5 (LR) B4 LI 25
AR 15 BB AL @ = 100 FIZE RN 26 & TSI LI 7 r =45 ke N . 1E
AR FAFRES, NG R I, BRI, SinGAN @i —4
r 75 LR EHREHT ERFE, IR HE R BN EBE — MERN G, . SinGAN
B kIR ASAF A W m o et RIS RN 3.5 Fos. DA EESE R AT ELE
i, SinGAN @ (R o & 1 B A Se ik i AR AR B, R T AR
5 LN HARRIAN B AL BT 750 SinGAN R W i B — ik (%, (HE5 R AT LS 4
WZEH) SRGANIM VAR SE . 7E BSD100 HdE 4l |, 312k HAE E (RMSE) Ml
JREN T E(NIQE) PN EFRELEL 1 5 MOTIEIPERE, S5 RERER 3.1, 7. X
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3. 1Rt

T AT PN BRI 55 92
PEREFERR SRGAN EDSR DIP ZSSR SinGAN
RMSE 16. 34 12. 29 13.82 13.08 16. 22
NIQE 3.41 6. 50 6. 35 7.13 3.71

Input SRGAN 640) EDSR (28.367/8.083)  DIP(27.485/7.188)  ZSSR (27.933/8.455) SinGAN (26.068/3.831)

YIGFEA LN NST J7i% CTHZ% SinGAN /5 1%

_ I .ii -y s
=3 LG 35S ¢
S e e
LY
: { ¢

K 3.6 m XGER AT E

PANFEFR A AR BRI . M3 3.1 F RN R UIE H: SinGAN HEK
BN, H NIQE #fH I M& MK T SRGAN, {H RMSE #{H % 5 T SRGAN.

JiAh, M SinGAN BEISRE — /MR HER 1 UG LI, AT RAREAT 43 e b
1o X2 IR A Bk AT EARHEAT KA, IR H A Z] SinGAN 155/ REE IR A A
PIZERSEILKT . T, SinGAN KI5 &L T SOTA WM ERINZRT7i% ZSSR
DIP, 1 57EKMIBEE S LT AMTIZRT SRGAN Jrik Il gRas RAHIT . F5
ZoR T MR PSNR A1 NIQE I -

3.3.2 P 2 FEE 1 XGE RS

1 o 1) AR P RS % B B 0 1 2 ol Y R o 3K B e o B 0 i ]
BRI KAE, FER A — DN BORUZ WU N 180N —2) 2L BRI 28 R SC LR -
ME 3.6 ATLAE H, SinGAN R 1l (B AR 254, JSBh B 1 5 R UL RS
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DPHJ7i% SinGAN7J;j i

3.7 BRI b

SUAM S S . SInGAN F i XUE % 45 RAEAL 38 i &b ZAR T AL # (Syle
Transfer) 7%, 75 HAREIE EIZR SinGAN, FHEAE IR RTKE T SRAF 1) P 4\ 3145
RAE R 28, AR R R DR B 7 BN o (A7 Ry R — e ik, [N 2E e 5 1 2R B 1R DL
E FR) L S B R 25 47

333 EHEIEAN

PG R AN R R I o R 5 7 St MR L SR & 78 — . 7275 st BHE RIS
SinGAN, FHAEM B Fay N S AE R G & B T REEFEAS . SinGAN #24E i BIE 5 IR
RIS AL A . B 3.7 AT LLUE H, SinGAN RERY SR I R (1 SCRBEAT 1 8T LA
VLRCHS 5, JF H 5 HA RGN A L, B T R%EK. 762, 3. 4
FUBETR, R R S5 F RN 7% 15 St S 2 18] T AR BF 1R 47 . SinGAN A5 %Y
RENS DR FFRE MG R GEAE, [R]I RE L AN RUAN SR, 17 A e B 7 vk o FEE VR 06
FE5E R
334 BgmiE

P8 2 0 g PRV XIS 1) R I B A A B, BEAT oG8 M 5 . K5
TORFEREAY N BRI R RN o AR5, K g4 X381 SinGAN [ Hi 5 i

BEUG S A LR, W NEIFTR, SinGAN BT AR 7RISR, Jooaedkis: TG
N5ER43, 724E T EE Photoshop Ff) Content-Aware-Move J7 75 58 47 SR
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VIZRpEA EEEE PN

CAMJ5i% SinGANJ7 2

3.8 G gmiE R XT

PRI

Kl 3.9 NG EMERIIZR SInGAN HLRL A i )

3.3.5 MG AE RS

B B A sl Dy N\ B R AR R S RIS S AL . B PR BT
EREELNEY, KR A FF R -SSR R A PRI @, — SR EER L
A~ T —REMETA TEH). A SinGAN, wLLEE BRIk i G T R
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FERTEE, MR — R & s s . X FVF 2 8B EER, KSR 2 2
A A BE LIS D SEBL,  BIAE T A OREE R, 58—t i i 2" TR 2E A

3.4 ARG

SinGAN FE AL 1 A F 5k AR BRI SR RS AR AR IR . SinGAN
R A RCR H AT S22 T DRI DUEEL L, e ] DU OB 1 B A S B R
FEAS, FELREA T JEIR I BB A (R Al B, 838 13T A SN R A 454 . SinGAN
F R ELA R B AN A B B AR R R R I B R LSRR I RE T, )iz R AL
HAR SRR 5 RN T A .

ST, SinGAN MM AFAE — € (R IRIE, X n] BEIR T2 A2 HLak ARl
ZOIBOE, BARRIN: B, HEGRERECRN, BHPAEARLNIG,
TELFURGF R AT . W& 3.9 Piow,  f R B AR EZR IR SinGAN, A%
TR R ™ E o 3 ) 2 S S o T AT PR AR B SinGAN 2EAT St A
Kot ABGRAERIER A EHEM AR 5, SNSRI AL,
SinGAN £8P 2 > A i BRI 3 7538 CEAEVERZ 21 1 R, Biltn: Rl 2
ot — U, AR 2 A AN [ A A R RO REAS
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S BRI P R T P A SRR BT T




DU GANimation Fi7% K H W FH 19

$EMZE GANimation t&3Y & H v

YT SinGAN AR EGIE LR — B RIRYE, LA SO H RN TIRRMNE
R N i B A AT AR R 2 Pl SCEMB AR DGR 7T, DRIGFE 5 B8 SinGAN (1 [ R 5%
FER A —LE GAN BB, IR G, LT ARShER R HA
HERRIEES AR BONIE 4S50 GANimation BEZLE A SR 5 —Ff
ZHER . R, AT GANimation AHICHEA, AR AT % LR ALER fL70 Hr
AR HATIRIR, R — B ASCRR A A 41 B BRI R A

4.1 GANimation F&7 [)AH < FE At

4.1.1  AEVLECH G e e

#£ GANimation fE42H1, — L& TR T {8 F AR ILRC I ZRE0E 1 i) . 76 R
AT G A, RSN AR 2R R R BE AL 7 S 56 1 DL 37 A= e
B, AR R Z T R A2 53 F B9 As 48 SRS SR IG5 GANs. JaR, —LeiiRyR;
7 RS R Go A A e ke s 5 0 FEAR, T LI B R A SN RS 2
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ABSTRACT

ABSTRACT

Generally, facial expression recognition algorithms need a large amount of training data, but the
expression types and quantities of the existing databases are limited. To solve the problem, a facial
expression generation algorithm based on a single image is proposed in this paper, which effectively

expands the types and quantity of expressions.

Inspired by the structure and characteristic of various generation models, this paper combines th
e GANimation and SinGAN models together to develop a new fully unsupervised generation algorithm expr
ession, called SinGANimation, which achieves the generation of facial expression images via utilizing
only one expression image. The proposed method operates the single AU transformation, multiple AU con
tinuous transformation, multiple AU discrete transformation of GANimation, et al, and it expands the
expression types of the image and inputs the results to SinGAN for regeneration operation to increase
the number of images. In order to solve the problem that generated face may be distorted by SinGAN, t
he proposed method adds the downsampling strategy for input images, which effectively improves the pr

oblem of face distortion in SinGAN and ensures the high facial structure information. Then, this pape



r makes qualitative and quantitative analyses for the generated results obtainted by the proposed met
hod.

Comparing with other classical generation models, it is found that the proposed method can genera
te both continuous, natural expressions and discrete emotional expressions, and the quality of pictur
es are more real and clear. The training on multiple data sets has achieved good results and proved t
he robustness of the algorithm. Additionally, this paper conducts the AMT true and false user test an
d FID measurement of a single image. The confusion rate are close to 50% The deviation between the d
epth feature distribution of the generated image and the real image are close to 0.1, which indicates

that the two images are highly similar. Finally, this paper analyzes the advantages and disadvantages

of the algorithm, and plan to apply the algorithm to expand the facial expression database, video seq

uence and other commercial and scientific works.
Key words: single image facial expression generation GANimation SinGAN
ABSTRACT
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Abstract

The recent research of facial expression recognition has
made a lot of progress due to the development of deep learn-
ing technologies, but some typical challenging problems
such as the variety of rich facial expressions and poses are
still not resolved. To solve these problems, we develop a new
Facial Expression Recognition (FER) framework by involy-
ing the facial poses into our image synthesizing and classi-
fication process. There are two major novelties in this work.
First, we create a new facial expression dataset of more than
200k images with 119 persons, 4 poses and 54 expressions.
To our knowledge this is the first dataset to label faces with
subtle emotion changes for expression recognition purpose.
It is also the first dataset that is large enough to validate the
FER task on unbalanced poses, expressions, and zero-shot
subject IDs. Second, we propose a facial pose generative
adversarial network (FaPE-GAN) to synthesize new facial
expression images to augment the data set for training pur-
pose, and then learn a LightCNN based Fa-Net model for
expression classification. Finally, we advocate four novel
learning tasks on this dataset. The experimental results well
validate the effectiveness of the proposed approach.

1. Introduction

Facial expression [5], as the most important facial at-
tribute, reflects the emotion status of a person, and contains
meaningful communication information. Facial expression
recognition (FER) is widely used in multiple applications
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such as psychology, medicine, security and education [5].
In psychology, it can be used for depression recognition for
analyzing psychological distress. On the other hand, detect-
ing a student’s concentration or frustration is also helpful in
improving the educational approach.

Facial expression recognition mainly contains four steps:
face detection, face alignment, feature extraction and facial
expression classification. (1) In the first step, the face is de-
tected from the image with each labelled by a bounding box.
(2) In the second step, the face landmarks are generated to
align the face. (3) In the third step, the features that con-
tain facial related information are extracted in either hand-
crafted way, e.g., SIFT, [4] Gabor wavelets [3, 22] and LBP
[29] or learned way by a neural network. (4) In the fourth
step, various classifiers such as SVM, KNN and MLP can
be adopted for facial expression classification.

The recent renaissance of deep neural networks delivers
the human level performance towards several vision tasks,
such as object classification, detection and segmentation
[19, 18, 27]. Inspired by this, some deep network meth-
ods [15, 23, 35] have been proposed to address the facial
expression recognition. In FER task, facial expression is
usually assumed to contain six discrete primary emotions:
anger, disgust, fear, happy, sad and surprise according to
Ekman’s theory. With an additional neutral emotion, the
seven emotions compose the main part of most common
emotion datasets, including CK+ [20, 14], JAFEE [22],
FER2013 [26] and FERG [2].

However, one most challenging problem of FER in fact
is lacking of a large-scale dataset of high quality images,
that can be employed to train the deep networks and in-



vestigate the impacting factors for the FER task. Another
disadvantage of these datasets, e.g., JAFFE and FER2013
dataset, is the little diversity of expression emotions, which
cannot really express the versatile facial expression emo-
tions in the real world life.

To this end, we create a new dataset F2ED (Fine-grained
Facial Expression Database) with 54 emotion types, which
include larger number of emotions with subtle changes,
such as calm, embarrassed, pride, tension and so on. Fur-
ther, we also consider the influence of face pose changes
on the expression recognition, and introduce the pose as
another attribute for each expression. Four orientations
(poses) including front, half left, half right and bird view
are labelled, and each has a balanced number of examples
to avoid training bias.

On this dataset, we can further investigate how the poses,
expressions, and subject IDs affect the FER performance.
Critically, we propose four novel learning tasks over this
dataset as shown in Fig. 1(c). They are expression recogni-
tion with the standard balanced setting (ER-SS), unbalanced
expression (ER-UE), unbalanced poses (ER-UP), and zero-
shot ID (ER-ZID). Similar to the typical zero-shot learning
setting [16], the zero-shot ID setting means that the testing
faces of persons have not appeared in the training set. To
tackle these four learning tasks, we further design a novel
framework that can augment training data, and then train
the classification network. Extensive experiments on our
dataset, as well as JAFEE [22], FER2013 [26] show that
(1) our dataset is large enough to be used to pre-train a deep
network as the backbone network; (2) the unbalanced poses,
expressions and zero-shot IDs indeed negatively affect the
FER task; (3) the data augmentation strategy is helpful to
learn a more powerful model yielding better performance.
These three points are also the main contributions of this

paper.

2. Related Work

2.1. Facial expression recognition

Extensive FER works based on neural networks have
been proposed [15, 31, 36]. Khorrami et al. [15] trains
a CNN for FER task, visualizes the learned features and
finds that these features strongly correspond to the FAUs
proposed in [6]. Attentional CNN [23] on FER is proposed
to focus on the most salient parts of faces by adding a spatial
transformer.

Generative Adversarial Net (GAN) [9] based models
have also been investigated in solving the FER task. Par-
ticularly, GAN is usually composed of a generator and a
discriminator. In order to weaken the influence of pose
and occlusion, the pose-invariant model [35] is proposed
by generating different pose and expression faces based on
GAN. Qian et al. [28] propose a generative adversarial net-

work (GAN) designed specifically for pose normalization
in re-id. Yan et al. [34] propose a de-expression model to
generate neutral expression images from source images by
Conditional cGAN [24], and use the residual information in
the intermediate layer in GAN to classify the expression.

2.2. Previous Datasets

CK+. The extended Cohn-Kanade (CK+) database [20]is
an updated version of CK database [14]. In CK+ database,
there are 593 video sequences from 123 subjects. Of the 593
video sequences, 327 are selected according to the FACS
coded emotion labels. The last frame of the selected video
is labeled as one of the eight emotions: angry, contempt,
disgust, fear, happy, sad, surprise and neutral.

JAFFE. The Japanese Female Facial Expression (JAFFE)
database [22] contains 213 images of 256256 pixels reso-
lution. The images are taken from 10 Japanese female mod-
els in a controlled environment. Each image is rated with
one of the following 6 emotion adjectives: angry, disgust,
fear, happy, sad and surprise.

FER2013. The Facial Expression Recognition 2013
database [26] contains 35887 images of 48x48 resolution.
These images are taken in the wild setting which means
more challenging conditions such as occlusion and pose
variations are included. They are labelled as one of the
seven emotions as described above. The dataset is split into
28709 training images, 3589 validation images and 3589
test images.

KDEF. The dataset of Karolinska Directed Emotional
Faces [21] contains 4900 images of 562 x 762 pixels reso-
lution. The images are taken from 140 persons (70 male, 70
female) from 5 angles with 7 emotions. The angles contain
full left profile, half left profile, front, full right profile and
half right profile. The emotion set contains 7 expressions:
afraid, angry, disgusted, happy, sad, surprised and neutral.

2.3. Learning paradigms

Zero-shot learning recognize the new visual categories
that have not been seen in the labelled training examples
[16]. The problem is usually solved by transferring learn-
ing from source domain to the target domain. Semantic at-
tributes that describe a new object can be utilized in zero-
shot learning. Xu et al.[33] propose a zero-shot video emo-
tion recognition. In this paper, we propose a novel FER
task on the persons that are not in the training set. On the
other hand, class imbalance is a common problem, espe-
cially in deep learning [ 12, 8]. For the first time, we propose
a dataset that is large enough to help to evaluate the influ-
ence of unbalanced poses, expressions, and person IDs over
the FER task. To alleviate this issue, we investigate synthe-
sizing more data by GAN-based data augmentation inspired
by recent works on Person Re-ID[28] and Facial expression
recognition [35].
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3. Fine-Grained Facial Expression Database

To the best of our knowledge, we contribute the largest
fine-grained facial expression dataset to the community.
Specifically, our F?ED dataset has the largest number of
images (totally 219719 images) with 119 identities and
54 kinds of fine-grained facial emotions. Each person is
captured from four different views of cameras as shown
in Fig. 3. Furthermore, in Tab. 1, our dataset is com-
pared against the existing dataset — CK+, JAFFE, FER2013,
KDEF. We show that our F2ED is orders of magnitude
larger than these existing datasets in terms of expression
classes and number of total images.

3.1. The collection of F2ED

We create the F2ED dataset in 3 steps as in Fig. 1(a).
Data Collection. It takes us totally six months to collect
video data. We invite more than 200 different candidates
who are unfamiliar with our research topics. Each candi-
date is captured by four cameras placed at four different
orientations to collect videos for persons as shown in Fig. 3
(a). The four orientations are front, half left, half right and
bird view. The half left and half right cameras have a hori-
zontal angle of 45 degrees with the front of the person, re-
spectively. The bird view camera has a vertical angle of 30
degrees with the front of the person. Each camera takes 25
frames per second. The whole video capturing process is
designed as a normal conversation between the candidate
and two psychological experts. Totally, we aim at captur-
ing 54 different types of expressions [17], e.g., acceptance,
angry, bravery, calm, disgust, envy, fear, neutral and so on.
The conversation will follow some scripts which are cal-
ibrated by psychologists, and thus can induce/inspire one
particular type of expression successfully conveyed by the
candidates. For each candidate, we only save 5 minutes’

video segment for each type of emotion.

Data Processing. With gathered expression videos, we fur-
ther generate the final image dataset by human review, key
images generation and face alignment. Specifically, the hu-
man review step is very important to guarantee the general
quality of recorded expressions. Three psychologists are
invited to help us review the captured emotion videos. Par-
ticularly, each captured video will be labeled by these psy-
chologists. We only save the videos that have consistent la-
bels by the psychologists. Thus totally about 119 identities’
videos are preserved finally. Then key frames are extracted
from each resulting video and face detection and alignment
are conducted by the toolboxes of Dlib and MTCNN [36]
over each frame. Critically, the face bounding boxes are
cropped from the original images and resized to a resolu-
tion of 256 x 256 pixels. Finally we get the dataset F2ED
of totally 219719 images.

3.2. Statistics and Meta-information of F2ED

Data Information. There are 4 types of face information
in our dataset, including person identity, facial expression,
pose and landmarks.

Person Identity. Totally we have 119 persons, including 37
male and 82 female aging from 18 to 24. Most of them are
university students. Each person expresses his/her emotions
under guidance and the video is taken when the person’s
emotion is observed.

Facial expression. Our dataset is composed of 54 types of
emotions, based on the theory of Lee [17]. In this work,
it expands the emotion set of Plutchik by including more
complex mental states based on seven eye features. The
seven features include temporal wrinkles, wrinkles below
eyes, nasal wrinkles, brow slope, brow curve, brow dis-
tance and eye apertures. The 54 emotions can be clustered



dataset #expression | #subject ‘ #pose ‘ #image | #sequence | Resolution Pose list Condition
CK+ 8 123 1 327 593 490 x 640 F Controlled
JAFFE 7 10 1 213 - 256 x 256 F Controlled
FER2013 7 - - 35887 - 48 x 48 - In-the-wild
KDEF 7 140 5 4900 - 562 x 762 | FL,HL,EFR,HR | Controlled
F2ED 54 119 \ 4 \ 219719 5418 256 x 256 HL,EHR,BV Controlled

Table 1. Comparison F2ED with existing facial expression database. In the pose list, F : front, FL : full left, HL: half left, FR: full right,

HR: half right, BV: bird view
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Figure 3. (a) Cameras used to collect facial expressions. (b) Dis-
tributions of subject ID and images over poses.

into 4 groups by k-means clustering algorithm as shown in
Fig. 1(b). We also compute data distribution in Fig. 2.

Pose. As an important type of meta-information, poses of-
ten cause facial appearance changes. In real world appli-
cations, facial pose variations are mainly introduced by the
relative position and orientation changes of the cameras to
persons. In F2ED, we collect videos from 4 orientations:
half left, front, half right and bird view. Fig. 4(a) gives
some examples of the F2ED of different poses. In F2ED
we have 47053 half left, 49152 half right, 74985 front and
48529 bird view images. The distributions of subject ID and
image number over poses are compared in Fig. 3 (b).

Facial Landmarks. Facial landmarks define the contour of
facial components, including eye, nose, mouth and cheek.
First we extract the facial landmarks with 68 points into po-
sition annotation text files by the Dlib. Then we convert the
landmark position text file into images in a mask style. The
example landmark images are shown in Fig. 4(b).

Tab. 1 shows the comparison between our F?ED with
existing facial expression database. As shown in the ta-
ble, our dataset contains 54 subtle expression types, while
other datasets only contain 7 or 8 expression types. For
the person number, CK+, KDEF and F?ED are nearly the
same. The current public facial expression datasets are usu-
ally collected in two ways: in the wild or in the controlled
environment. The FER2013 is collected in the wild, so the
number of pose can not be determined. The rest datasets
are collected in a controlled environment, where the num-
ber of pose for CK+ and JAFFE is 1, KDEF is 5 and F2ED
is 4. Our F2ED is the only one that contains the bird view
pose images which is very useful in real world scenario. For
image number, F2ED contains 219719 images, which is 6
times larger than the second largest dataset. All datasets
have a similar resolution except FER2013 which has only a
48 x 48 resolution. CK+ and F?ED are generated from 593
video sequences and 5418 video sequences.
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4. Learning on F2ED
4.1. Learning tasks

In the F2ED, we consider the expression learning over
different types of variants as shown in Fig. 1(c); and further
study the influence of different poses and subjects over the
FER. To the best of our knowledge, this is the first explo-
ration on this type of tasks. Particularly, we are interested
in the following tasks for this dataset.

Expression recognition in the standard setting (ER-SS).
The first and most important task is to directly learn the
supervised classifiers on F2ED. Particularly, as shown in
Fig. 3(b) and Fig. 2, our dataset has balanced number of
pose and emotion classes. We thus randomly shuffle our
dataset and split it into 175000, 19719 and 25000 images for
the train, validation and test set, respectively. The classifiers
should be trained and validated on the train and validation
sets, and predicted over the test set.

Expression recognition with unbalanced expression dis-
tribution (ER-UE). We further compare the results of
learning classifiers with unbalanced facial expressions. In
real word scenario, some facial expressions are rare, e.g.,
cowardice. Thus it is imperative to investigate the FER in
such an unbalanced expression setting. Specifically, we take
20% of total facial expressions as the rare classes. Among
these rare classes, 90% of the images are kept as the test-
ing instances, the rest 10% are used as the train set. The
other 80% classes are treated as the normal emotion classes,
and all of them are used for training. Thus, totally we have
178989 and 140730 images for the train and test set, respec-
tively. For expression type analysis, there are 54 expres-
sion types in train set and 11 expression types in test set.
On average, the occurrence frequency of testing expression
class is only 1/10 of that of training classes. In our setting,
we assume that the model works with the prior knowledge
that there are 54 rather than 11 expression classes in testing,

which makes the chance of ER-UE task keep 1/54.
Expression recognition with unbalanced poses (ER-UP).
The learning task is further conducted with unbalanced
poses. In this setting, we assume that the half left pose is
rare in the train set. Thus the 10% of the half left pose im-
ages are used as the train set, and the rest 90% are used as
test set. The other three types of poses — the half right, front,
bird view pose images are used as the train set. Thus we get
177372 training images and 42347 testing images. For pose
type analysis, there are 4 poses in train set and 1 pose in
test set. This task aims to predict the expressions with rare
poses in training set.

Expression recognition with zero-shot ID (ER-ZID). We
aim at recognizing the expression types of the persons that
have not been seen before. Particularly, we randomly pick
the images from 21 and 98 persons as train and test set, re-
spectively. This results in 189306 training and 30413 testing
images. The task is to recognize expressions with zero-shot
ID, referring to the disjoint subject ID in train and test sets.
This enables us to verify whether the model can learn the
person invariant feature for emotion classification.

4.2. Learning methods

We propose an end-to-end framework to address the four
learning tasks in Fig. 5. Particularly, to tackle the issues of
learning unbalanced number of images, our key idea is to
employ the GAN based models for data augmentation to
produce balanced training set. Our framework has the com-
ponents of Facial Pose GAN (FaPE-GAN), and Face clas-
sification Networks (Fa-Net). The former one is an image
synthesis network, and the latter is a classification network.
FaPE-GAN. It is trained by a combination of the training
images and synthesized face images of new poses. The fa-
cial poses are normally represented by a landmark set. As
shown in Fig. 5, this network firstly takes the face image
I, and the pose image Ip as input, then the generator pro-
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duces the fake image I; of the same person with the pose of
Ip, ie., I; = Gropr (I;,Ip), and the discriminator tries
to differentiate the fake target image I, from the real input
image I;. Despite the pose may be changed in 1;, our FaPE-
GAN still aims to keep the face identity of I,;. Critically, we
introduce the adversarial loss as,

mGinmgx Lean = Exmp,,) [log D (1;)] M
+[log (1 = D (Grore (1Ii,Ip)))]  (2)

where pg (I;) are the distributions of real images I,. The
training process iteratively updates the parameters of gen-
erator G, pp and discriminator D. The generator loss can
be formulated as,

LGpeps = Laan + AL, 3)

L~ 1|], 1, is the
real target image and I, = Gpee (Ggne (I;,Ip)) is the
reconstructed image, with the input image I, and facial
pose Ip. [24]. The hyperparameter A is used to balance
the two terms. The discriminator loss is formulated as,
Lp = —Lgan. The training process iteratively optimizes
the loss functions of Lg,,,, and Lp. Fig. 6 shows two
examples generated by FaPE-GAN .

Fa-Net. The same classification network is utilized to ad-
dress all the four learning tasks in Sec. 4.1. Particularly, the
backbone network is LightCNN [32]. The G g, pg can syn-
thesize plenty of additional face images in alleviating the

where we have L1, = Ey,,,1,) [
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Figure 6. GAN output examples

issues of unbalanced training images. The augmented faces
and original input faces are thus used to train our classifica-
tion network.

5. Experiments

Extensive experiments are conducted on F2ED to eval-
uate the learning tasks defined in Sec. 4.1. Furthermore,
the tasks of facial emotion recognition are also evaluated on
FER2013 and JAFFE dataset.

Implementation details. The A is set to 10, and the Adam
optimizer is used in learning the FaPE-GAN with the learn-
ing rate of 2e — 4. The (5, and (5 are set as 0.5 and 0.999 re-
spectively. The training epoch number is set to 100. For the
facial expression classification network, We use the SGD
optimizer with a momentum of 0.9 and decrease the learn-
ing rate by 0.457 every 10 steps. The max epoch number is



Model | Acc.
Bag of Words [13] 67.4%
VGG+SVM [7] 66.3%
GoogleNet [8] 65.2%
Mollahosseini et al [25] | 66.4%
DNNRL [10] 70.6%
Attention CNN [23] 70.0%
Fa-Net \ 71.1%

Table 2. Accuracy on FER2013 test set in supervised learning set-
ting

set to 100. The learning rate and batch size varies depend-
ing on the dataset size. To train the classification model, we
set the learning rate/batch size as 0.01/128, 2e — 3/64 and
5e — 4/32, on F2ED, FER2013 and JAFFE, respectively.

5.1. Results on FER2013 dataset

Settings. Following the setting of ER-SS, we conduct the
experiments on FER2013 by using the entire 28709 train-
ing images and 3589 validation images to train/validate our
model, which is further tested on the rest 3589 test images.
The FER classification accuracy is reported as the evalua-
tion metric to compare different competitors.

Competitors. Our model is compared against several com-
petitors, including Bag of Words [13], VGG+SVM [7],
GoogleNet [8], Mollahosseini ez al [25], DNNRL [10] and
Attention CNN [23]. Classifiers based on hand-crafted fea-
tures, or specially designed architectures for FER, are inves-
tigated here. These methods can achieve the state-of-the-art
results on this dataset.

Results on FER2013. To show the efficacy of our dataset,
our classification network — Fa-Net is pre-trained on our
F2ED, and then fine-tuned on the training set of FER2013
dataset. The results show that our model can achieve the ac-
curacy of 71.1%, which is superior to other state-of-the-art
methods, as compared in Tab. 2. Tab. 4 shows that the Fa-
Net pre-trained on F2ED can improve the expression recog-
nition performance by 8.8% comparing to the one without
pre-training. The confusion matrix in Fig. 7 shows that
pre-training increases the scores on all expression types. It
demonstrates that the F2ED dataset with large expression
variations from more persons can pre-train a deep network
with good initialization parameters. Note that our Fa-Net
is not specially designed for FER task, since our Fa-Net
is built upon the backbone — LightCNN, one typical face
recognition architecture.

5.2. Results on JAFFE dataset

Settings. For the setting of ER-SS, we follow the split set-
ting of the deep-emotion paper[23] to use 120 images for
training, 23 images for validation, and keep totally 70 im-
ages for test (7 emotions per face ID).
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Figure 7. (a) The confusion matrix on FER 2013 for Fa-Net with-

out pre-training. (b) The confusion matrix on FER2013 for Fa-Net
pre-trained on F2ED

Model | Acc.
Fisherface[ 1] 89.2%
Salient Facial Patch[11] | 92.6%
CNN+SVM[30] 95.3%
Attention CNNJ[23] 92.8%
Fa-Net | 95.7%

Table 3. Accuracy on JAFFE test set in supervised learning setting.

Competitors. Our model is compared against several com-
petitors, including Fisherface[!], Salient Facial Patch [11],
CNN+SVM[30] and Attention CNN [23]. These methods
are tailored for the tasks of FER.

As listed in Tab. 3, our model achieved the accuracy of
95.7%, outperforming all the other competitors. Remark-
ably, our model surpasses the Attention CNN by 2.9% in
the same data split setting. The accuracy of CNN+SVM is
slightly lower than our model by 0.4%, even though their
model is trained and tested on the entire dataset. This
shows the efficacy of our dataset in pre-training the net-
work. Tab. 4 further shows that Fa-Net pre-trained on the
F2ED has clearly improved the performance by 12.8%. The
confusion matrix in Fig. 8 shows that the pre-trained Fa-Net
only makes 3 wrong predictions and surpasses the one with-
out pre-training on all expression types.

5.3. Results on F2ED

Results on our dataset. We conduct the four different
learning tasks on our dataset, namely, supervised (ER-SS),
unbalanced expression (ER-UE), unbalanced pose (ER-UP)
and zero-shot ID (ER-ZID) by the data split setting de-
scribed in Sec. 4.1. Note that, since our Fa-Net is built upon
the general face recognition backbone — LightCNN, it can
thus be served as the main network in our experiments.
ER-SS task. Our model has achieved the accuracy of
73.6% as shown in Tab. 5. It shows that our F?ED is well
annotated so it can be used for classification task. Consider-
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Figure 8. (a) The confusion matrix on FER 2013 for Fa-Net with-

out pre-training. (b) The confusion matrix on FER2013 for Fa-Net
pre-trained on F2ED

Predicted label

Dataset \ Pre-trained \ Acc.

62.3%

FER2013 7 T11%
82.9%

JAFFE v 95.7%

Table 4. Results of the Fa-Net model with and without pre-trained
on our F2ED.

ing the large scale of the facial expression dataset, this per-
formance is already very good and difficult to obtain which
demonstrates that LightCNN is a good backbone for facial
recognition. By using FaPE-GAN for data augmentation,
the performance of our model is further improved by 0.9%
comparing to the Fa-Net without GAN, which means that
GAN is useful to generate more diversified examples for
training.

ER-UE task. The accuracy of direct classification is 30.8%
as shown in Tab. 5. This shows that the propose ER-UE
task is very difficult, as the FER task greatly suffers from
the unbalanced emotion data. Particularly, in our setting,
only 10% examples from the 11 facial expression types ap-
pear in the training set, and the classifiers are thus confused
by the other 43 emotion classes in the training stage. Fur-
thermore, we also show that the data augmentation strategy
endowed by our FaPE-GAN can indeed help to improve the
performance of FER: the performance is improved by 3.5%
which is larger than the 0.9% improvement in supervised
learning setting. This indicates that the data augmentation
is more effective in the data sparse condition such as unbal-
anced learning.

ER-UP task. Towards this task, our Fa-Net can hit the ac-
curacy of 39.9% as shown in Tab. 5. Again, we argue that
the proposed ER-UP is a very hard task, since this accuracy
is only slightly better than the performance of ER-UE. This
shows that the unbalanced pose data may also negatively
affect the performance of FER task. Essentially, there are
54 types of expressions which are more diversified than the

model/acc | ER-SS [ ER-UE | ER-UP | ER-ZID
Fa-Net 727 [ 2713 [ 363 6.7
FaPE-GAN+Fa-Net [| 736 | 308 | 399 7.1

Table 5. Accuracy on F?ED for Fa-Net with and without data aug-
mentation in supervised(ER-SS), unbalanced expression(ER-UE),
unbalanced pose(ER-UP) and zero-shot ID(ER-ZID) setting

pose. Our data augmentation can still work in such a set-
ting, and the synthesized data can help to train the Fa-Net,
and alleviate the problem of unbalanced poses. As a result,
it improves the performance of Fa-Net by 3.6%.
ER-ZID task. Surprisingly, the learning task proposed in
this setting is the most challenging one compared with the
other learning tasks. As shown in Tab. 5, we notice that our
model only achieves an accuracy of 7.1% while the chance
in factis 1.9% (5—14 as described before), since the zero-shot
task is much more difficult than the unbalanced task. This
indicates that the generalization ability of FER is subject to
other persons that the model has never seen before. Actu-
ally, this is the most desirable property of the FER model,
since one can not assume the faces of test persons always
appear in the training set. In our ER-ZID task, only 21 per-
sons in the test set are never seen in the training set. Inter-
estingly, our FaPE-GAN based data augmentation still con-
tributes a 0.4% performance improvement over the baseline.
This suggests the data augmentation may be still a potential
useful strategy to facilitate the training of classification net-
work.

Overall, our classification model with FaPE-GAN based
data augmentation has clearly surpasses the one without
FaPE-GAN on all 4 task types.

6. Conclusion

In this work, we introduce F2ED, a new facial expression
database containing 54 different emotion types and more
than 200k examples. Furthermore we propose an end-to-
end deep neural network based facial expression recogni-
tion framework, which uses a facial pose generative adver-
sarial network to augment the data set. We perform super-
vised, zero-shot and unbalanced learning tasks on our F2ED
dataset, and the results show that our model has achieved
the state-of-the-art. Subsequently, we fine-tune our model
pre-trained on F2ED on the existing FER2013 and JAFFE
database, and the results demonstrate the efficacy of our
F2ED dataset.
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SinGAN: Learning a Generative Model from a Single Natural Image
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Figure 1: Image generation learned from a single training image. We propose SinGAN—-a new unconditional generative
model trained on a single natural image. Our model learns the image’s patch statistics across multiple scales, using a
dedicated multi-scale adversarial training scheme; it can then be used to generate new realistic image samples that preserve
the original patch distribution while creating new object configurations and structures.

Abstract

We introduce SinGAN, an unconditional generative
model that can be learned from a single natural image.
Our model is trained to capture the internal distribution of
patches within the image, and is then able to generate high
quality, diverse samples that carry the same visual content
as the image. SinGAN contains a pyramid of fully convolu-
tional GANs, each responsible for learning the patch distri-
bution at a different scale of the image. This allows generat-
ing new samples of arbitrary size and aspect ratio, that have
significant variability, yet maintain both the global struc-
ture and the fine textures of the training image. In contrast
to previous single image GAN schemes, our approach is not
limited to texture images, and is not conditional (i.e. it gen-
erates samples from noise). User studies confirm that the
generated samples are commonly confused to be real im-
ages. We illustrate the utility of SinGAN in a wide range of
image manipulation tasks.

1. Introduction

Generative Adversarial Nets (GANs) [19] have made a
dramatic leap in modeling high dimensional distributions
of visual data. In particular, unconditional GANs have
shown remarkable success in generating realistic, high qual-
ity samples when trained on class specific datasets (e.g.,
faces [33], bedrooms[47]). However, capturing the distribu-
tion of highly diverse datasets with multiple object classes

(e.g. ImageNet [12]), is still considered a major challenge
and often requires conditioning the generation on another
input signal [6] or training the model for a specific task (e.g.
super-resolution [30], inpainting [4 1], retargeting [45]).

Here, we take the use of GANSs into a new realm — un-
conditional generation learned from a single natural image.
Specifically, we show that the internal statistics of patches
within a single natural image typically carry enough infor-
mation for learning a powerful generative model. SinGAN,
our new single image generative model, allows us to deal
with general natural images that contain complex structures
and textures, without the need to rely on the existence of a
database of images from the same class. This is achieved by
a pyramid of fully convolutional light-weight GANs, each
is responsible for capturing the distribution of patches at
a different scale. Once trained, SinGAN can produce di-
verse high quality image samples (of arbitrary dimensions),
which semantically resemble the training image, yet contain
new object configurations and structures (Fig. 1).

Modeling the internal distribution of patches within a
single natural image has been long recognized as a pow-
erful prior in many computer vision tasks [64]. Classi-
cal examples include denoising [65], deblurring [39], su-
per resolution [18], dehazing [2, 15], and image editing
37, 21, 9, 11, 50]. The most closley related work in
this context is [48], where a bidirectional patch similar-
ity measure is defined and optimized to guarantee that the
patches of an image after manipulation are the same as the
original ones. Motivated by these works, here we show
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Figure 2: Image manipulation. SinGAN can be used in various image manipulation tasks, including: transforming a paint
(clipart) into a realistic photo, rearranging and editing objects in the image, harmonizing a new object into an image, image
super-resolution and creating an animation from a single input. In all these cases, our model observes only the training image
(first row) and is trained in the same manner for all applications, with no architectural changes or further tuning (see Sec. 4).

how SinGAN can be used within a simple unified learning
framework to solve a variety of image manipulation tasks,
including paint-to-image, editing, harmonization, super-
resolution, and animation from a single image. In all these
cases, our model produces high quality results that preserve
the internal patch statistics of the training image (see Fig. 2
and our project webpage). All tasks are achieved with the
same generative network, without any additional informa-
tion or further training beyond the original training image.

1.1. Related Work

Single image deep models Several recent works pro-
posed to “overfit” a deep model to a single training example
[51, 60, 46, 7, 1]. However, these methods are designed
for specific tasks (e.g., super resolution [40], texture ex-
pansion [60]). Shocher et al. [44, 45] were the first to in-
troduce an internal GAN based model for a single natural
image, and illustrated it in the context of retargeting. How-
ever, their generation is conditioned on an input image (i.e.,
mapping images to images) and is not used to draw random
samples. In contrast, our framework is purely generative
(i.e. maps noise to image samples), and thus suits many dif-
ferent image manipulation tasks. Unconditional single im-
age GANSs have been explored only in the context of texture
generation [3, 27, 31]. These models do not generate mean-
ingful samples when trained on non-texture images (Fig. 3).
Our method, on the other hand, is not restricted to texture
and can handle general natural images (e.g., Fig. 1).

Training Image PSGAN

Dee Texture Synthesis

S LR

Figure 3: SinGAN vs. Single Image Texture Generation.
Single image models for texture generation [3, 16] are not
designed to deal with natural images. Our model can pro-
duce realistic image samples that consist of complex tex-
tures and non-reptititve global structures.

Generative models for image manipulation The power
of adversarial learning has been demonstrated by recent
GAN-based methods, in many different image manipulation
tasks [61, 10, 62, 8, 53, 56, 42, 53]. Examples include in-
teractive image editing [01, 10], sketch2image [8, 43], and
other image-to-image translation tasks [62, 52, 54]. How-
ever, all these methods are trained on class specific datasets,
and here too, often condition the generation on another in-
put signal. We are not interested in capturing common
features among images of the same class, but rather con-
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Figure 4: SinGAN’s multi-scale pipeline. Our model consists of a pyramid of GANs, where both training and inference are
done in a coarse-to-fine fashion. At each scale, GG,, learns to generate image samples in which all the overlapping patches
cannot be distinguished from the patches in the down-sampled training image, x,,, by the discriminator D,,; the effective
patch size decreases as we go up the pyramid (marked in yellow on the original image for illustration). The input to G,, is a
random noise image z,,, and the generated image from the previous scale Z,,, upsampled to the current resolution (except for
the coarsest level which is purely generative). The generation process at level n involves all generators {G ... G, } and all

noise maps {zy, . .

Gn
& %

Figure 5: Single scale generation. At each scale n, the im-
age from the previous scale, T, 1, is upsampled and added
to the input noise map, z,,. The result is fed into 5 conv
layers, whose output is a residual image that is added back
to (Z,+1) 1". This is the output Z,, of G,,.

(j’jn?l )TT

sider a different source of training data — all the overlapping
patches at multiple scales of a single natural image. We
show that a powerful generative model can be learned from
this data, and can be used in a number of image manipula-
tion tasks.

2. Method

Our goal is to learn an unconditional generative model
that captures the internal statistics of a single training im-
age x. This task is conceptually similar to the conven-
tional GAN setting, except that here the training samples
are patches of a single image, rather than whole image sam-
ples from a database.

We opt to go beyond texture generation, and to deal
with more general natural images. This requires capturing
the statistics of complex image structures at many different
scales. For example, we want to capture global properties

., Zn } up to this level. See more details at Sec. 2.

such as the arrangement and shape of large objects in the
image (e.g. sky at the top, ground at the bottom), as well
as fine details and texture information. To achieve that, our
generative framework, illustrated in Fig. 4, consists of a hi-
erarchy of patch-GANs (Markovian discriminator) [3 1, 26],
where each is responsible for capturing the patch distribu-
tion at a different scale of . The GANs have small recep-
tive fields and limited capacity, preventing them from mem-
orizing the single image. While similar multi-scale archi-
tectures have been explored in conventional GAN settings
(e.g. [28, 52,29, 52, 13, 24]), we are the first explore it for
internal learning from a single image.

2.1. Multi-scale architecture

Our model consists of a pyramid of generators,
{Go,...,Gn}, trained against an image pyramid of x:
{zo,...,zN}, where x,, is a downsampled version of x by
a factor ", for some r > 1. Each generator G,, is responsi-
ble of producing realistic image samples w.r.t. the patch dis-
tribution in the corresponding image x,,. This is achieved
through adversarial training, where G, learns to fool an as-
sociated discriminator D,,, which attempts to distinguish
patches in the generated samples from patches in z,,.

The generation of an image sample starts at the coarsest
scale and sequentially passes through all generators up to
the finest scale, with noise injected at every scale. All the
generators and discriminators have the same receptive field
and thus capture structures of decreasing size as we go up
the generation process. At the coarsest scale, the generation
is purely generative, i.e. Gy maps spatial white Gaussian
noise zy to an image sample Z
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Iy = Gn(zn). (D

The effective receptive field at this level is typically ~ 1/2
of the image’s height, hence Gy generates the general lay-
out of the image and the objects’ global structure. Each of
the generators GG, at finer scales (n < V) adds details that
were not generated by the previous scales. Thus, in addition
to spatial noise z,,, each generator G, accepts an upsampled
version of the image from the coarser scale, i.e.,

Ty = Gn (20, (Tns1) 1), n < N. (2)

All the generators have a similar architecture, as depicted
in Fig. 5. Specifically, the noise z,, is added to the image
(Zn41) 17, prior to being fed into a sequence of convolu-
tional layers. This ensures that the GAN does not disregard
the noise, as often happens in conditional schemes involv-
ing randomness [62, 36, 63]. The role of the convonlutional
layers is to generate the missing details in (Z,,+1) 1" (resid-
ual learning [22, 57]). Namely, G,, performs the operation

Tn = (jn—i-l) Tr + Yy (Zn + (in+1) Tr) s 3)

where 1, is a fully convolutional net with 5 conv-blocks
of the form Conv(3 x 3)-BatchNorm-LeakyReLU [25]. We
start with 32 kernels per block at the coarsest scale and in-
crease this number by a factor of 2 every 4 scales. Because
the generators are fully convolutional, we can generate im-
ages of arbitrary size and aspect ratio at test time (by chang-
ing the dimensions of the noise maps).

2.2, Training

We train our multi-scale architecture sequentially, from
the coarsest scale to the finest one. Once each GAN is
trained, it is kept fixed. Our training loss for the nth GAN is
comprised of an adversarial term and a reconstruction term,

Héin I%&X Eadv(Gfu Dn) + ol (G'rl)' “)

The adversarial loss £,4, penalizes for the distance between
the distribution of patches in z,, and the distribution of
patches in generated samples Z,. The reconstruction loss
L. insures the existence of a specific set of noise maps
that can produce z,,, an important feature for image manip-
ulation (Sec. 4). We next describe L,qy, Lrec in detail. See
Supplementary Materials (SM) for optimization details.

Adversarial loss Each of the generators G, is coupled
with a Markovian discriminator D,, that classifies each of
the overlapping patches of its input as real or fake [31, 26].
We use the WGAN-GP loss [20], which we found to in-
crease training stability, where the final discrimination score
is the average over the patch discrimination map. As op-
posed to single-image GANs for textures (e.g., [31, 27, 3]),
here we define the loss over the whole image rather than
over random crops (a batch of size 1). This allows the net to
learn boundary conditions (see SM), which is an important
feature in our setting. The architecture of D,, is the same
as the net 1, within GG,,, so that its patch size (the net’s
receptive field) is 11 x 11.

Reconstruction loss We want to ensure that there ex-

ists a specific set of input noise maps, which gen-

erates the original image x. We specifically choose

{8, 2% ..., 28 = {2%,0,...,0}, where z* is some

fixed noise map (drawn once and kept fixed during train-
~Irec

ing). Denote by Z-° the generated image at the nth scale
when using these noise maps. Then forn < N,

»Crec = ||Gn(07 (‘i'rrfil) TT) - l’nHQ, (5)

and forn = N, we use Lic = ||Gn(2*) — zn]?.

The reconstructed image Z,-° has another role during
training, which is to determine the standard deviation o,
of the noise z, in each scale. Specifically, we take o, to
be proportional to the root mean squared error (RMSE) be-
tween (Z5;5 ;) 1" and x,,, which gives an indication of the
amount of details that need to be added at that scale.

3. Results

We tested our method both qualitatively and quantita-
tively on a variety of images spanning a large range of
scenes including urban and nature scenery as well as artistic
and texture images. The images that we used are taken from
the Berkeley Segmentation Database (BSD) [35], Places
[59] and the Web. We always set the minimal dimension at
the coarsest scale to 25px, and choose the number of scales
N s.t. the scaling factor r is as close as possible to 4/3. For
all the results, (unless mentioned otherwise), we resized the
training image to maximal dimension 250px.

Qualitative examples of our generated random image
samples are shown in Fig. 1, Fig. 6, and many more ex-
amples are included in the SM. For each example, we show
a number of random samples with the same aspect ratio as
the original image, and with decreased and expanded di-
mensions in each axis. As can be seen, in all these cases,
the generated samples depict new realistic structures and
configuration of objects, while preserving the visual con-
tent of the training image. Our model successfully pre-
servers global structure of objects, e.g. mountains (Fig. 1),
air balloons or pyramids (Fig. 6), as well as fine texture
information. Because the network has a limited receptive
field (smaller than the entire image), it can generate new
combinations of patches that do not exist in the training im-
age Furthermore, we observe that in many cases reflections
and shadows are realistically synthesized, as can be seen in
Fig. 6 and Fig. 1 (and the first example of Fig. 8). Note that
SinGAN’s architecture is resolution agnostic and can thus
be used on high resolution images, as illustrated in Fig. 7
(see 4Mpix results in the SM). Here as well, structures at all
scales are nicely generated, from the global arrangement of
sky, clouds and mountains, to the fine textures of the snow.

Effect of scales at test time Our multi-scale architecture
allows control over the amount of variability between sam-
ples, by choosing the scale from which to start the genera-
tion at test time. To start at scale n, we fix the noise maps up
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Training image

Random samples from a single image

Figure 6: Random image samples. After training SinGAN on a single image, our model can generate realistic random
image samples that depict new structures and object configurations, yet preserve the patch distribution of the training image.
Because our model is fully convolutional, the generated images may have arbitrary sizes and aspect ratios. Note that our goal
is not image retargeting — our image samples are random and optimized to maintain the patch statistics, rather than preserving
salient objects. See SM for more results and qualitative comparison to image retargeting methods.

Figure 7: High resolution image generation. A random sample produced by our model, trained on the 243 x 1024 image
(upper right corner); new global structures as well as fine details are realistically generated. See 4Mpix examples in SM.

to this scale to be {2}\°, ..., 2)75, }, and use random draws

only for {z,,...,20}. The effect is illustrated in Fig. 8.
As can be seen, starting the generation at the coarsest scale
(n = N), results in large variability in the global struc-
ture. In certain cases with a large salient object, like the Ze-
bra image, this may lead to unrealistic samples. However,
starting the generation from finer scales, enables to keep the
global structure intact, while altering only finer image fea-
tures (e.g. the Zebra’s stripes). See SM for more examples.

Effect of scales during training Figure 9 shows the ef-
fect of training with fewer scales. With a small number of
scales, the effective receptive field at the coarsest level is

smaller, allowing to capture only fine textures. As the num-
ber of scales increases, structures of larger support emerge,
and the global object arrangement is better preserved.

3.1. Quantitative Evaluation

To quantify the realism of our generated images and how
well they capture the internal statistics of the training image,
we use two metrics: (i) Amazon Mechanical Turk (AMT)
“Real/Fake” user study, and (ii) a new single-image version
of the Fréchet Inception Distance [23].

AMT perceptual study We followed the protocol of
[26, 58] and performed perceptual experiments in 2 settings.
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n=N n=N-1

Random samples

Figure 8: Generation from different scales (at infer-
ence). We show the effect of starting our hierarchical gen-
eration from a given level n. For our full generation scheme
(n = N), the input at the coarsest level is random noise. For
generation from a finer scale n, we plug in the downsampled
original image, x,,, as input to that scale. This allows us to
control the scale of the generated structures, e.g., we can
preserve the shape and pose of the Zebra and only change
its stripe texture by starting the generation fromn = N — 1.

(i) Paired (real vs. fake): Workers were presented with a se-
quence of 50 trials, in each of which a fake image (generated
by SinGAN) was presented against its real training image
for 1 second. Workers were asked to pick the fake image.
(i1) Unpaired (either real or fake): Workers were presented
with a single image for 1 second, and were asked if it was
fake. In total, 50 real images and a disjoint set of 50 fake
images were presented in random order to each worker.

We repeated these two protocols for two types of gener-
ation processes: Starting the generation from the coarsest
(N'th) scale, and from scale N — 1 (as in Fig. 8). This way,
we assess the realism of our results in two different variabil-
ity levels. To quantify the diversity of the generated images,
for each training example we calculated the standard devia-
tion (std) of the intensity values of each pixel over 100 gen-
erated images, averaged it over all pixels, and normalized
by the std of the intensity values of the training image.

The real images were randomly picked from the “places”
database [59] from the subcategories Mountains, Hills,
Desert, Sky. In each of the 4 tests, we had 50 different
participants. In all tests, the first 10 trials were a tutorial
including a feedback. The results are reported in Table 1.

As expected, the confusion rates are consistently larger
in the unpaired case, where there is no reference for compar-
ison. In addition, it is clear that the confusion rate decreases

Training Image 2 scales

4 scales

5 scales

Figure 9: The effect of training with a different number
of scales. The number of scales in SinGAN’s architecture
strongly influences the results. A model with a small num-
ber of scales only captures textures. As the number of scales
increases, SiInGAN manages to capture larger structures as
well as the global arrangement of objects in the scene.

Ist Scale | Diversity | Survey Confusion
N 0.5 paired 21.45% + 1.5%
unpaired | 42.9% + 0.9%
N -1 0.35 paired 30.45% + 1.5%
unpaired | 47.04% + 0.8%

Table 1: “Real/Fake” AMT test. We report confusion
rates for two generation processes: Starting from the coars-
est scale N (producing samples with large diversity), and
starting from the second coarsest scale N—1 (preserving
the global structure of the original image). In each case,
we performed both a paired study (real-vs.-fake image pairs
are shown), and an unpaired one (either fake or real image
is shown). The variance was estimated by bootstrap [14].

with the diversity of the generated images. However, even
when large structures are changed, our generated images
were hard to distinguish from the real images (a score of
50% would mean perfect confusion between real and fake).
The full set of test images are included in the SM.

Single Image Fréchet Inception Distance We next quan-
tify how well SinGAN captures the internal statistics of x.
A common metric for GAN evaluation is the Fréchet In-
ception Distance (FID) [23], which measures the deviation
between the distribution of deep features of generated im-
ages and that of real images. In our setting, however, we
only have a single real image, and are rather interested in its
internal patch statistics. We thus propose the Single Image
FID (SIFID) metric. Instead of using the activation vector
after the last pooling layer in the Inception Network [49] (a
single vector per image), we use the internal distribution of
deep features at the output of the convolutional layer just be-
fore the second pooling layer (one vector per location in the
map). Our SIFID is the FID between the statistics of those
features in the real image and in the generated sample.

As can be seen in Table 2, the average SIFID is lower for
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(26.068/3.831)

B

trained on a dataset trained on a single image

Figure 10: Super-Resolution. When SinGAN is trained on a low resolution image, we are able to super resolve. This is
done by iteratively upsampling the image and feeding it to SinGAN’s finest scale generator. As can be seen, SinGAN’s visual
quality is better than the SOTA internal methods ZSSR [46] and DIP [51]. It is also better than EDSR [32] and comparable to
SRGAN [30], external methods trained on large collections. Corresponding PSNR and NIQE [40] are shown in parentheses.

Training Example Input Paint Neural Style Transfer SinGAN (Ours)
- . h

Contextual Transfer

-

Figure 11: Paint-to-Image. We train SinGAN on a target image and inject a downsampled version of the paint into one of
the coarse levels at test time. Our generated images preserve the layout and general structure of the clipart while generating
realistic texture and fine details that match the training image. Well-known style transfer methods [17, 38] fail in this task.

Table 2: Single Image FID (SIFID). We adapt the FID met-
ric to a single image and report the average score for 50 im-
ages, for full generation (first row), and starting from the
second coarsest scale (second row). Correlation with AMT
results shows SIFID highly agrees with human ranking.

generation from scale /N —1 than for generation from scale
N, which aligns with the user study results. We also report
the correlation between the SIFID scores and the confusion
rates for the fake images. Note that there is a significant
(anti) correlation between the two, implying that a small
SIFID is typically a good indicator for a large confusion
rate. The correlation is stronger for the paired tests, since
SIFID is a paired measure (it operates on the pair x,,, Z,).

4. Applications

We explore the use of SinGAN for a number of image
manipulation tasks. To do so, we use our model after train-

Ist Scale | SIFID | Survey | SIFID/AMT Correlation ing, with no architectural changes or further tuning and fol-
N 0.09 | paired —0.95 low the same approach for all applications. The idea is to
unpaired —0.22 utilize the fact that at inference, SinGAN can only produce

N -1 0.05 | paired —0.56 images with the same patch distribution as the training im-
unpaired —0.34 age. Thus, manipulation can be done by injecting (a pos-

sibly downsampled version of) an image into the genera-
tion pyramid at some scale n < N, and feed forwarding it
through the generators so as to match its patch distribution
to that of the training image. Different injection scales lead
to different effects. We consider the following applications
(see SM for more results and the injection scale effect).

Super-Resolution Increase the resolution of an input im-
age by a factor s. We train our model on the low-resolution
(LR) image, with a reconstruction loss weight of o = 100
and a pyramid scale factor of r = {/s for some k € N.
Since small structures tend to recur across scales of natu-
ral scenes [18], at test time we upsample the LR image by
a factor of r and inject it (together with noise) to the last
generator, Gy. We repeat this k£ times to obtain the final
high-res output. An example result is shown in Fig. 10. As
can be seen, the visual quality of our reconstruction exceeds
that of state-of-the-art internal methods [51, 46] as well as
of external methods that aim for PSNR maximization [32].
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External methods Internal methods

SRGAN | EDSR | DIP | ZSSR | SinGAN

RMSE 16.34 12.29 | 13.82 | 13.08 16.22

NIQE 3.41 6.50 6.35 7.13 3.71

Table 3: Super-Resolution evaluation. Following [5],
we report distortion (RMSE) and perceptual quality (NIQE
[40], lower is better) on BSD100 [35]. As can be seen, Sin-
GAN’s performance is similar to that of SRGAN [30].

Interestingly, it is comparable to the externally trained SR-
GAN method [30], despite having been exposed to only a
single image. Following [4], we compare these 5 methods
in Table 3 on the BSD100 dataset [35] in terms of distortion
(RMSE) and perceptual quality (NIQE [40]), which are two
fundamentally conflicting requirements [5]. As can be seen,
SinGAN excels in perceptual quality; its NIQE score is only
slightly inferior to SRGAN, and its RMSE is slightly better.

Paint-to-Image Transfer a clipart into a photo-realistic
image. This is done by downsampling the clipart image
and feeding it into one of the coarse scales (e.g. N —1 or
N —2). As can be seen in Figs. 2 and 11, the global struc-
ture of the painting is preserved, while texture and high fre-
quency information matching the original image are real-
istically generated. Our method outperforms style transfer
methods [38, 17] in terms of visual quality (Fig. 11).

Harmonization Realistically blend a pasted object with
a background image. We train SinGAN on the background
image, and inject a downsampled version of the naively
pasted composite at test time. Here we combine the gener-
ated image with the original background. As can be seen in
Fig. 2 and Fig. 13, our model tailors the pasted object’s tex-
ture to match the background, and often preserves its struc-
ture better than [34]. Scales 2,3,4 typically lead to good
balance between preserving the object’s structure and trans-
ferring the background’s texture.

Editing Produce a seamless composite in which image re-
gions have been copied and pasted in other locations. Here,
again, we inject a downsampled version of the composite
into one of the coarse scales. We then combine SinGAN’s
output at the edited regions, with the original image. As
shown in Fig. 2 and Fig. 12, SinGAN re-generates fine tex-
tures and seamlessly stitches the pasted parts, producing
nicer results than Photoshop’s Content-Aware-Move.

Single Image Animation Create a short video clip with
realistic object motion, from a single input image. Natu-
ral images often contain repetitions, which reveal different
“snapshots” in time of the same dynamic object [55] (e.g. an
image of a flock of birds reveals all wing postures of a sin-
gle bird). Using SinGAN, we can travel along the manifold
of all appearances of the object in the image, thus synthe-
sizing motion from a single image. We found that for many
types of images, a realistic effect is achieved by a random
walk in z-space, starting with 2™ for the first frame at all
generation scales (see SM video).

(a) Training Example

(b) Edited Input

w T

Figure 12: Editing. We copy and paste a few patches from
the original image (a), and input a downsampled version of
the edited image (b) to an intermediate level of our model
(pretrained on (a)). In the generated image (d), these local
edits are translated into coherent and photo-realistic struc-
tures. (c) comparison to Photoshop content aware move.

Input SinGAN (Ours)

Deep Paint. Harmonization

-~ =
E=

Figure 13: Harmonization. Our model is able to preserve
the structure of the pasted object, while adjusting its appear-
ance and texture. The dedicated harmonization method [34]
overly blends the object with the background.

5. Conclusion

We introduced SinGAN, a new unconditional generative
scheme that is learned from a single natural image. We
demonstrated its ability to go beyond textures and to gen-
erate diverse realistic samples for natural complex images.
Internal learning is inherently limited in terms of semantic
diversity compared to externally trained generation meth-
ods. For example, if the training image contains a single
dog, our model will not generate samples of different dog
breeds. Nevertheless, as demonstrated by our experiments,
SinGAN can provide a very powerful tool for a wide range
of image manipulation tasks.
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