BIRNIBZ AR FEEEFILEESA Vol.15 No.2 11-20 (Mar. 2022)

SN & 0 “FENC K B EAH 5 R G RO ER

KRB ALY R Y

2ftH 2021F9R13H, BZfIH 2021F1176H,
#5328 2021F11A26H

BEE PR 2 L B RIBIE ORI, I 7 NV ER W Bl D FEIC L o TiTh
L. LAaL, AEICXBEREOTNY v 70%, ZEIZE D OIZ% 0 23 bl AR % o gt
b, F, REIGLTEED 7 7 A%E ) BTEH I &Iddii 2 #6582 s Il itz h,
ETFUDEEOEGNEEFET LI LA TA. Z2TRBIE, RIEICHET 28 EREHVL 2L
%, BB SO B S NOREOREIFH #7562 L 2RO E L7z, ARTlE, M
B PRELFTHEIST L C2 BEOHERMEBETEAL, SHICFHTOLATERTAILICLD,
L% EOMP R IERE & AZRIBIFAEST 2 FEAIRRT 5. EBRTI, RIEDH L MERERE1T
W, BETEICL - THEE SN EOAMMTEZ RT.

F—T— RGBS ), MR BERBIE, RIEGEE, WA, Aot -t ra—5,
WO A A Y b —

Weakly Supervised Learning for Acquisition of
Continuous Facial Expression Features

YosHiuisa Kanoul'® ToMoHARU NAGAOZP)

Received: September 13, 2021, Revised: November 6, 2021,
Accepted: November 26, 2021

Abstract: Acquisition of facial expression features from images by machine learning is generally done with
supervision, such as using emotional labels that match facial expressions. However, in the supervised setting,
there are problems such as ambiguity of the label due to the subjectivity of the person to the facial expression
and the discrete treatment of continuous facial expressions by giving the label. To solve these problems, we
focus on acquiring continuous facial expression features without using information of facial expression for
training the model. In this paper, we improve the weakly supervised method proposed in “Separation of the
Latent Representations into Identity and Expression without Emotional Labels” to acquire more effective
facial expression features. The experimental result shows that the proposed method acquire effective facial
expression features and achieve better results than the previous method in each task of image generation and
facial expression recognition.
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Fig. 1 (a) represents overview of the model and (b), (c) shows training steps. (b) shows

the learning identity repsentation stage. In this stage, the ExpressionEncoder

is not update, and reconstruction error is calculated between randomly sampled

image from the same subject’s image set z,qnd,, (¢d is subject’s identity number)

and output. (c) shows the learning facial expression repsentation stage. In this

stage the IdentityEncoder is not update, and reconstruction error is calculated

between input and output same as VAE.
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Fig. 2 (a) represents overview of our model and (b) shows learning step of acquiring

facial expression representation. In the proposed method, Discriminator is in-

troduced into the model and two types of loss functions, Lgan and Lgwitch, are

added.
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Table 1 Structure details of encoder.

Type Ksize | Stride | Pad Output
Image data - - 3 x 64 x 64 (3 x 128 x 128)
convl_1 3x3 2 1 32 % 32 x 32 (32 x 64 x 64)
convl_2 3x3 1 1 32 x 32 x 32 (32 x 64 x 64)
conv2_1 3x3 2 1 64 x 16 x 16 (64 x 32 x 32)
conv2_2 3x3 1 1 64 x 16 x 16 (64 x 32 x 32)
conv3_1 3x3 2 1 128 x 8 x 8 (128 x 16 x 16)
conv3_2 3x3 1 1 128 x 8 X 8 (128 x 16 x 16)
conv4_1 3x3 2 1 256 x 4 x 4 (256 x 8 x 8)
conv4_2 3x3 1 1 256 x 4 x 4 (256 x 8 x 8)
(convb_1) 3x3 2 1 (256 x 4 x 4)
(conv5_2) 3%3 1 1 (256 x 4 x 4)
average pooling | 4 x 4 1 1 256 x 1 x1
fe_ p - - - 64
fc_ o - - - 64

® 2 FTI-5 Ok
Table 2 Structure details of decoder.

Type Ksize | Stride | Pad Output
latent variable - - - 128
fel - - - 4096
reshape - - - 256 x 4 x 4
deconvl_1 4x4 2 1 128 x 8 x 8
convl_2 3x3 1 1 128 x 8 x 8
deconv2_1 4x4 2 1 64 x 16 x 16
conv2_2 3x3 1 1 64 x 16 x 16
deconv3_1 3x3 2 1 32 x 32 x 32
conv3_2 3x3 1 1 32 x 32 x 32
deconv4_1 3x3 2 1 16 x 64 x 64
conv4_2 3x3 1 1 16 x 64 x 64
(deconv5_1) 3x3 2 1 (8 x 128 x 128)
(conv5_2) 3% 3 1 1 (8 x 128 x 128)
conv6 3x3 1 1 3% 64 x 64 (3 x 128 x 128)

64 x 64 x3 F7/1F 128 x 128 x 312 A4 A& N/zt%, €
TIWIZAIE NS,
ILrya—FerFa—yofErsnthik 1, £ 212
KT HENT/R L2 E, AV A X953 x 128 x 128
DESIZEMTHVWLLAY—, BT A XE2ELTWY
4. %72, ExpressionEncoder & IdentityEncoder ®{&1E
EEORKEZ ST E BT 64 XTCICFE%E L7z, Discriminator
DOfEIZH I £ T% Encoder & [EEEE L, HJiEOHT)
T A ZADHLRICICEH L2, TFNVDINT A — 51T He
SAIRE L 72Tk 23] T s, o b Tk
121 Adam [24] (B = 0.9, B2 =0.999, ¢ = 1.0 x 1078,
Ir =0.0005) /=, FERI Ry 7HIIFNZFNDA
7 — T 100epoch (1) & L5 21479 ¥5413 50 epoch)
EL, FERRIIRy 7 TEI12095 2l LIE LI
w7z, £, HWMEEK L, ©/8F A — 2 13FEERIC
a1 = 1.0x10%, ae; = 1.0 x 10°, ays = 0.01, o = 0.01,
=1, y=10 & L7

5.2 RRERBILUEER

5.2.1 FIEBH
Z OFEBETIX, ExpressionEncoder O i 1E 22 [ % F ]
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meams-++ [25]) 12 &k o TRIFEE#EZTO 2L T, #EE
EN-RIFHFHMOFMEZITS . REFHICLY, Expres-
sionEncoder 25 5# & 12 338 L 7- RIEIF OS2 MT 2 T
VLR, Walio 7o RIGOBAZEM L To—27 ) v Fif
B, RICHEBRE DR o TWABETHo THIEL R
57280, FRIERBOMRPEIFIC L2 LRI NS.
L O FEEETIL, kmeans++D 7 T A x k=9 & L,
JIGAIND Y T ADPFEIIZE Y b R 5L
KAV INOWED T XV EFIH L. F7- k-means++13
WOy bug FOREDNT ¥ ¥ Lifrbh, X

WESEDSE b A28, 79 A% ¥ 71E 100 il LEY &
W7,

WL LTE, I RX—RT4 VL% DIEE xR
TAH012, AV Y F NG VAE OFEEZERZ2FH L7
ErEmL. T, WBREERTAH L7226 0BRAET
PN L 2 RIGRBONEE LR T 5720, HEEID & 7
~NIVIEHE LTHIE L7234 @ C-VAE [26] O£ 221 %
Mwziag s, +9 Y F V7 VAE OBELERIH L TR
(6) TR &I ITHERE T L IS EL RO E LY, *
NENPLRET L2 LT, WA ALK 5 B
CHLER AN R 7256 DFEBR & FEhti L 7.

n
1
fsub; = Tij — . E Tk
k=1

1 : subject identity number

(6)

x;5 : the jth image in the subject set X;

K3 FENThOERKEEBROBREELEL TS, 22
T, train (ZETIVEEICHA L7-BRE DO 7 — %, test 13
FHICAAL TR WHBRED T -5 2K L Tnb 720,
SRR RIS train, test & HICHNIZ L TITbNIERTH
5. F72, O®IZ test DFERD L VEHIL, test 125\ T
WERE ID IR THD I L EHIIRELTWAY, Thb
DFETIIHERE D 2 ET VO AT L IIFHEOH
HICFIHLTWA 2D, FAMF—F Ik L TEMEOE
HWAMTR W20 TH 5.

REFHD@ LIERFHED, BLUOREFEEO@DODHH:
EHET 5 L, EFESRD SR ISR OR#EKEZITA T
WBLZ EWGhD. 2, Q@D ED S, Adversarial
loss D& %A L7234 Cld, IdentityEncoder % MEAR L
ExpressionEncoder & Decoder @ & TH[{E D TS AT H
N7z728, BERERER & RGO GHED ) £ AT T,
FEEEAER T & 0 IR RIT 7 o T 7225, Swich loss
REAT LI L TEOMENRILS I, KM LI L T
WAL EDRIDNZDH. S5, WETPTIE Adversarial
loss Z3EA L, W{ZOEEIALIZ X 2l A7 F B 0 JES
AT oTWh iz, AP A X% 6455 128 I2KE LT
28T, LM REEERE FEICFHT S 2 LA
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Table 3 Results of facial expression recognition.
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input size train test
(Dconventional method [9] 64 56.33 £+ 2.54% 49.95 + 3.58%
@add Lgan 64 53.46 + 2.66% 48.10 + 3.26%
®add Lgan& Lswiten 64 62.64 + 2.48% 59.95 + 4.31%
@add Lgan& Lswiten (iterate Stage) 64 64.28 +2.81% 62.83 +5.24%
®add Lgan& Lswiten (iterate Stage) 128 67.95 £ 3.711% 65.92 £+ 6.65%
®original VAE 64 38.08 £ 1.56% 22.07 £ 3.21%
(Doriginal VAE (subtract subject mean) 64 48.99 +2.76% -
®C-VAE 64 59.05 £+ 4.23% -

BEL ), FRIGHRIH L THE LA EETEITND
LW, OOFERTRENT VD,

FEAT VBV BRLOEEIIERT L L, QOERD
Qx LEl>TWwa 2N, FHEAT—TVO#MYELIZL
D, Encoder 2SHEWIIEEEZ 52 D0 FFINEAR, LD
R L REFEBOBERLZER L b nwz b, £/,
X 313 AT A XD 128 DIBEIZBIT S, FEAT—T D
BRI L BEBRBEDLILE R L7277 Thb.
IHh, BOBERLFEEITH) I ETHEAITEESM LT
WE, IRTEFRLEBALIVIEVEEZEHAL TS
ZEWGHAH. TNE, ENETNOFEEAT — T ELHIT
79 22 & ), Z2NFND Encoder BNH\WIHE % 5.2
LHROFHET LI ENUREE 2D, X0 BRI H R A
EERIEEBE DTS L) I BEPHEATZZOTH D L%
BLAND.

VLED#ERNS, RETHEOIT- 72 2 HHOHEL KD
BALFRAT = VOB LICEY, BB KA L2
WD) BRI R RIERHEOEEITR TV D 2 LD RS
nre.

5.2.2 EREIGERK

COFEERTIE, T 2PERE ] TORIFO AR (swap-
ping) &, 2FIHOKIEOHIM (interpolation) % 1TV, J#
1 S N7 R & SRAIBRE RO 70 Bl O RFAM & B IE
O BEHEOFMG 24T .

T3, RIEDOANEZ TIE, ExpressionEncoder Tl
SNTZRIEIB 2. 2 R DHWHBETANRZ 2 HE %
Decoder IZAJJ L, WIEERETITH. WERAIZLORWVE
IO ERITZ TV A G, RIGHREBOS R 5 HRE
MTANEDo72E LT, HIGLWHE DR NS
e K MBAERITRAHIETTHD. 4(a), (b)1¥#
NENFET =5, TAMT =5 IIT LR EANEZO
BREEKEL TS, Ik EEROWEZIIFRFELO AL G L
7 AWM, Sm ORI OALREOWBETH L. £z,
FNENOITIIIERTE, RETFE BVERLFELZL),
REFE BOVBELFEDY) OERFRERLTED,
FMDOPIR L 2B FEANOWBET A X TH L., £F
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Accuracy(%)
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S
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”
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Number of repeats of the stages

3 FEAT— UMK LI X B RRRR L AL
Fig. 3 Change in recognition accuracy depending on the num-

ber of times the learning stage is repeated.

(a) DIERTLEOMERITERT 5 &, AREIEAITRT T
W), RIEFHNTVWDLZ LR TE L, —F, 7%
TClE, ARG 2 Y, WA RIS 2
LRI R TOEGETHIHTETAZ LEPMHTE
. F7, BUVELFEHOEERTHERZLE TS L, B
B LR T AT L D G shTB Y,
HRLEHEO LD AERBZIZEHN TS Z D00 bh.
OIS, RETFEICHINAGRICED, MiraRED
BB TE 2 Cld R, MBI & RIEEH Y
I FELHEEL, WEREICL SR VEREHEEE L TESTE
TWb ZEDFEREIN. D) DT AMTF—=FIZEHT S
ETRTOFERIZONWT, HBREOFHFEHILILLTLE-
TWBZEDGND. ZEFEHOWERS 195 4 Tlawk
BB M OLREEIARIE L TBY, HEEEHoOFE
FIWATZ oozl eEz6NnA, LoL, FFIZOW
TETANT=ZIFLTH) FLANEZ LI EHNTE
TWBHEDPD, ETFVHPHEEREIZ LS R WERIER S« ES
L, #BRERS L RGPS N TV Z LR T
&5.

RIZ, RIGZEM Oz BEES 5 72012, Vv — AWiE
Ly =y NEGEHD SR S NI RG] 2., & 2, D
MEmETAZLICE), PHOREBEZOEKEIT .
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W

Conventional -
method(64)

Add Lgan&stitch
(iterate stages, 128)

(a) Swapping results for training data

Add 2 4
Lyan&Lowizen(128) &
— [

IS
e
L2
!-.‘iasi !T
Bl

(b) Swapping results for test data

4 R AR R WG A R R
Fig. 4 (a) and (b) show the result of facial expression replacement for the training and

test data. The first row shows the data sample for identity factor and leftmost

image represents the data sample for facial expression factor. Each line is the

result of swapping by each method.

Source Image

Target Image

Conventional
method(64)

Add
ngm &stitzh (1 2 8)

Add Lgan&stitch
(iterate stages, 128)

5 i A I (% S

Fig. 5 The result of intermediate facial expression image generation. This shows the

result of gradually bringing the facial expression component of the source image

closer to the facial expression component of the target image by each method.

b L, EFVANERH % ZERFBOEG S TThhTwild,
KGR ze,,, TRENDREDD 2, TERINDEEN,
FIERWBEEMARND 2 L 2 L2 12 L LT it
TThbH. K5 IEEHMEORTHY, K ERIEZY -
Wfg Ly =7y Mg, 2BRHURERER, 2hEnoFEIC
Lo THEBRINMEEGEERL TS, £F, [ERFE
CHEHT DL, EBEOHBIESIBETLZTVLLOD
FHEOANEZ OFF L AR, BBIZIEPTTLEST
BY, WOMICHEEARENL TS I LR TEL. —,
REFETIE, THOEBETH > T EE %G A K
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NTWBZENFERTE S, FERINLEED Bk
WAL LTHY, IR THEOERBRITERFIC S
WREHEC > TRAEI RGN DL., DF )V —AWED
2Ly =7y MNEfgOELAOREOMmIEIZ, HLZH
ICESTWAEREIIE-TWA., TDLHIT, Hiflicko
THER SN EOFRE;EEI S 2 Ro 72 F $HkEICE
L TWwa Z &b, ExpressionEncoder DIFFEAE & L
T, AN R RIS S N2 2 L SRR S L.
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6. F&&b

KEaTlE, EOLDLR ERGEEMHET L)X THETD
B, X FEMIZ RIGHEB A B LR LR T L %
HAgE LT, STk [9] TRESNLTFEOLR 7o 72§t
FeFyETIE, AREEDITRT S 2 L0 Mh 7 E 5%
PHEETETVRWI EATRIBER TV, 22T, #BE
FHECTIRAEREGEOEBILE B L L8R EA T
BT, REFEAHEBER CHBE L DIZRE
EHRBAME LAY FFICEATL I L EI2LD,
BRI & RGBT A G5 72b DI 5 Z L 2]
LoD, XUFEMZFRIBIEHMOBELTTERICLZ. 2512
FRAT Y TRIERTFHED 1 KO KT FR A S 80l
DR HRUETH S L LT, 2200 Encoder 2SH W5
Brb 2492 eniEl L, WBREM M L RIEHME X
DB 7IRRECTHEE TE L X YU R AT 72,

FEETIE, =20 v Fl iz Wi rs 725 ) v 7 F
B & B FRIER & WA (FIEOANE:Z - fil) %
TV, RIGEFECTIRIIERTENS 10 %L1 (test © 11.62%,
train : 15.97%) OFEEEM 2 FEH L, BEERKTIZLY
BEAA 2R B (R O AR & ) 7OV e I SR IE WIS 0 A 1K & B
L7.

A0, IRETHEICL o TS SN 2 RGOS
BEFH L7H 7 e RIGRBRFELRE Lo EE2 5.
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