DFEW:— P KR E LI R e SR IEHIRE

LA

SRR OHSCH JEfERE HZTTM

HERG KR

{jiangxingxun,xhzongyuan,wenming_zheng } @seu.edu.cn

IR R

HE

Wk, @A R ERBTKERE
FTaIRA, #aAEHRTRHN—IFH &
élJJ-FTkJﬂiE‘k SEEN, AP, AMNRETX
AR H ARG AR, R E = R Tak. AL,
BMEZT—ARABEG ARG ZHESRIERE
B, M ARDFEW# %2, ¢ A EF3REH Pl
2| 69 AB T 16000 ALIA P B4R o X AL K FLEL 36
TAFA TP EAARBAIEG T T, Flde: WY
AR, BIEREXEHOGEST. Lk, &KMNE
T —ANBAREC-STFLAESR, RAHAFEHZT
WA EFRANENAE, F=, %M'I]EDFEW 3 A B
EHITT KEFER: S DAYE R LR AR
A9EC-STFL. % %45 R & ¥, DFEW — /N5 AR
EARARE Bk K A RIE B R PTR G EC-STFLT ik
TAE QR FAHESRFRAEAY, B RKE
AP LA AE . RAVGIRKIEER TR, T WA
FEhttps.//dfew-dataset.github.io/ F o

jillls

1. 5|

WAREE, R AATH & AETE P EAS R R 5 2R
7Nz — [3]. WRHLAS Rt BARE AA TR, T8
AN RGO BREMAR . BnALr. Bh
AR, TR R A N AN B S 2 i
o HT R AR R R L, A
4 7V 2 Tl RS R a7, JF R,

*ZRCMM 2018 3 [16]1849 7 S B BERR -

XL IRAE SR = g T AR T A R A A AR
TR PERE [ lo #RTM, R0
M AR IS R AR, 5 SEBR R A ARz . &
Wz —fE TS S5 5 KSR N M sue 25
BK. AP ANREESZBERS. RS
ZE S I AR AN A S TR L PR M B P 2% AR 5
Mo 31X SE R DX 2R A A5 AT CA AR T R A )
R, ALY SRR N E. e, 2
W E ATt ﬁhﬁniﬁﬁﬁkﬁﬁﬁmEXE
KA ) o —— E 2R3 5% T I R A R, X
%Q%%%E%TWxﬁﬁﬂﬁﬂ%&m#%ﬁi
M8

H AR 3% 5T I TR 2 A7 R P 427 3040 BRF 2«
—RREERE R, %TMT%@%%A%EH
R RIE R H—REERE I, BIEMN
AT R B sl I e 17 9 AR SR I . TR 2 ) e —
ﬁ%%kiﬁﬁ%@%ﬁ&,ﬁmzﬁﬁmaiﬁ
F IS T . S II R N AR A SR A R
%ﬁﬁ,ﬁﬁ%M%%MEﬁm¢ﬁmﬁﬂ%%ﬁ
W, M E R R 5 T ORI 17 Hdh
#1451, Benitezquirozs5 A 1A\ B3k W I U 4E 1 38
FTHEE R, A8 T — A S EmotioNetf] K I H 28
W H NG F BB E.  EmotioNetf 5 1,000,0005K
MR B A, Hd25,0005K B K F TErE 7114
A2 3 ¥ JG(AUs). E#: %, Mollahosseinids: A
[O1M 8 T — AN TR EHE 2, iy % JyAffectNet.
Affectl £7450,0009K M FL P _E 58 U A7 40 b5 v 1)
B hH. fw&ilt, LA 1# 51 7 —A~% NRAF-
DB ¥ (1) & 2 £ 1% %095 £, RAF-DB3(#E & 6


https://dfew-dataset.github.io/

1. A B 5 SRE B P R SR

5 e FEAZYL b/ FRiEZI FREREL n] AR 3R
Aff-Wild [18] 298 Web WO P - M R 8 Yes
AFEW 7.0 [4] 1,809 543 TR AR 2 Yes
AFEW-VA [19] 600  AFEWXIEZE 350 B - figt i 2 Yes
CAER [20] 13201 79%EHMAE]  TRIEAR 3 Yes

DFEW 16,372 1500852 TRHIEARRLS 10 Yes

BT H130,0005% M EBEW RS NG B .
5 EmotioNet$ 35 JEE fll AffectNet$ 3% JZE #H tb, RAF-
DB A HAE THR7E: RAF-DBJEH 7315 AfE
NFRENGL, Bk E T EEbRE T K240k, BAER
UEARVE AT SEME

SR, SHAY R THESREHL, 4R
AWMAERI AR = ERELIBEA . £ L
fE [5]%, Dhallf N L T — M Z LR s A W
RGO E, BIAFEW. #HATMNIE, AFEWCD
L HE B HTANRA, ETAFEW7.0 [4]. AFEWH 4
T K B 54 HL R 1R 18094 T R AB AL v B i
K, Lee5 N [201# 5L 7 — AN CAERR H %8 1 5¢
IAREBIEE. CAERILEE T 5K H 794 d A 41
ARI13,20 10N B RS RRATH B E 3 b i
Hor bk . JEIRATATAL, CAREARZE —MEEK
BRI S AN A RIGEAE . BT B> KRR
i, E SR Sl A R AE R R R B A ) Ui
Ve 23 7 e EHAS . Er i, (E2019FE 28 AR
FEEmotiW2019(ACM ICMIZ W TAEY) &, & ZELi%%k
N 231 T — RO Al & 77, B4R B AN RIS
R TN o 45 . (B, A1/ NREE
T AL 362.8% (TRRIEHFAEHL) . EAH
AIHER A, Tovas T 9.

NT IR H FEREEAN SN BRI REIEX
BRI m, Ad, WATES T —1HK
TR RS O AR VE I B A R AEEE P, fii#KDFEW
DFEW ] LU AL EATHER . PG 3l A& R A 5
IR I

BMNER B HTHEFEAERY RS
X B ¥E E A AT FDFEWELHE B, DL iE — 4B

N IRDFEWHLHE E. A& 1+, AT BLE 3,
DFEW#; 2 Bl 6 ¥4 FE(Aff-Wild [18], AFEW [4],
AFEW-VA [19], CAER [20D#if = KAk . 1%,
DFEWHL 45 & H i i K1 H AR R ah & R 1
oA e, 1A 8 160004 #E40 B B Hk,
TDFEW A B A S 4R H A [R] B 28 0 #E i 15005 i
5, AR DURGF B L S 2 1 R IR 2 FE L )
BP0 o eid. Bl MmR S
RIS, BE, DFEWH RAFEAR, #E
HEEIEST, B0, SharbrEid 107k,

Bribz 4b, FATIESE H T EC-STFLAE 42 5k kb 21
H AR5 N B AR RSB A 8. BEC-STFLAESL ]
PUINAE ANC3D [38]. P3D [3312 2K AR FE M 48 fH 2%,
8 9 26 BT DA 25 30 56 B P A0 R E . T ahds
RIEWRMN. &5, RATEDFEW LI T AT Xt
MISEIR P, IR T 2 AN IR 2 X 45 (1 1 e
iR, IR LSRR, AL H IMEC-STFLAE 4L R
1E H R 3% 53R AE 1R 31 n) 80 2 0 LA B A
D 265 1) 1

?k @ [ ]
L
2 o [ am -
=, = ] = =
b crawler Crowd: ing Crowd: ing “im
= a— pEEEEE L ——=—
video platform thousands of challenging multi-label

movies expression clips expression

1. DFEW Hu#ls P o S 4 X v (¥ B R il 7

2. DFEW#3EE
2.1. B sE

HURZRIE T2, IFBT SR AETs . JATAN,
LY R R ATT X R AN 2 Q)RR B H S


https://ibug.doc.ic.ac.uk/resources/first-affect-wild-challenge/
https://sites.google.com/site/emotiwchallenge/
https://www.baidu.com
https://caer-database.github.io/
https://dfew-dataset.github.io/

>
Q
Qo
(1] W 4
I
he)
©
0
= B s s
= N | é’
Ll

=
[}
P
2
(=]
c
<
Q
(7]
=
[}
=

=
wn
Ll
7]
=]
o]
o+
o
©
(5}
[

" ] Y. | ‘ z
\
t

- (. / ([ ([ m

2. DFEW HU#fs /3 b s 1 42 8 40 (MIAE AR < 51

TP AR Bk, AT LU ECKR B R
ARG IS B, SRES H AR = FBIEAR
TEEE . e LSS, BRI g T
T AFEW-Wild [ 18], AFEW [5, 4]FICAER [20]1Z 825
FAEHIEE . AT T AR R TR
TR . ASCrb, RATFREFI A B R, Wtk
ARG B A RN, B IRATHDFEWE #5
JE .

DFEWH 4 i L A2 i 1 s B 4%, &
132 F W 28 T€ e 4 R, AN EC I Ui 48 7 8
15003 m o BRI . SR VMM ERE, ¥
FAR AR AN ARG A B RiR . B
FEEFEA: SR, BRL R BEEE. A5,
LAV T H 424, ARAAT R0 A BT 45 4 1k
Fohm i N A L EARE M B, K
TR A S T AR B, PURUES]
MFEARANEL, FER, RATEE T L0,
TRIUF B FE AR R Z R BT H R R i 87 AN
H20MEA [ —AN ANTERI— DN R BT R A,

RE A R D REARBE A, 0 B4R

Pl BARSEDREARRE I BRI Y, T8
IR CGRIE TR, IR SRR .

2.2. BlEbrit

NSRBI EHRIT LR R R AIARRE, R
JREE R A — KB S, AR R O R
ﬁﬁﬁ%+%ﬁﬁ%,%%ﬁﬁﬁﬁﬁkﬁgﬂ
Hk, BAR 0B 5P, Ekmanih g LG B2
—HL HICHHEFEAMKN (6], ElT AR
SR ZS, WIS NS LRI A
U BAREH MR b 2 E, AT S sURM L
(—FK LW ERB AR BElE, BT 24T
NG, FFORAIEA AT IR AR AT, #3321 Rk
AR ZR. AR Oy b 2D 3RS B AL A
FBUT EE-EMEARE OFL. fid. ik 15
B RS FID MRS, mTh
E2AAREE B AR T Ash2abnii s —
DS a Y i V22 e /NS P A N W YA % T
FEA . AR, BRI ARE 710K
WX AT 2 BATERIE] 11637240 $L8 F1 B

"http://weigong.jd.com/




FEA R -CYES IR &, SRR R A bnit . 3Al

FIL, = (Dol Iy )RR S A LB B
BT AE, KL, 1R SRR I 0 b T

. k€ {1,2,3,4,5,6,7}, 2 HIXF NI O A0
e U, B POBAIF X BRI .

R 2. DFEW i i bR a8 7 A S 7 B AE 12

o MU Bt ,
%
e 0-2FF 2-5F SEb+ /it FIF (%)

R0 852 1252 384 2488 20.63
5 440 915 653 2008 16.65
R 832 1335 542 2709 22.46
& 762 1091 376 2229 18.48
iF 691 648 159 1498 12.42

K& 71 58 17 146 1.22
E 408 435 138 981 8.14

/Nt 4056 5734 2269 12059 100.00

SR, AR RIS O AT, IR AR B
w AR st o R AR —. R, N TR
BB ARRENE AR IO AR i, AR 2L >
ri SRR, (ERR B A R RREE . AL 3
IIBEEr = 6, RIGEIE — 2 AIARVEH ISR LAh i i
RONFEARIbRSE . I8 I AR5 3, FAT/EDFEW L
A B P H1 120594 Fr BUE N AR 2 T4 (R Ry
NERRATIRZ — A . BATHDFEW Hds 1%
HIBEAAE B A5 R 2R, JFER 29 JEos 1 #bs
BT HEMEA R, AR R 52 fEDFEW H 45
HI-CYENE ARG B, MEBEFRSARERER .

2.3, — Al

AFEdr, A1 T Fleiss’s Kappa Test [10]1 1845
2. Fleiss” s Kappa Testn] DU ARy HH 1 — 2K
T3 e 5 S ARSRD 2, RE AR I T Ak R 25 1
FEEPEA BT & . AT n RORARIEF AT N Fif
FEAR S PG AR I, BEAMFRIEAE S
S AR VE L ilp, A

L X
Dj = Nxn - 1nij

7

K (1
>pi=1
=1

HATHNR R T BAEA R SRR RIAR
EHn = 10, PRERFRERNBE = 7. A
AT RATE SR AT B0 S AL BOPRTE A TR ) A2
JEP;.

1

P=——
nx(n—1)

1 X
B k
Po=) p} )
j=1
NN R £iLi
K= ©)

JH I Fleiss’s Kappa Test, AT 5 tHDFEW4L
I P S e B bR 25 3 o 1) — B4R A 0 il Ak =
0.70Mk = 0.63. 4G R 3MERIRATAT LA,
PREFA TN AR S5 R — Bk, o RARyE: B &

i
3. RIBERENFIEFES]

BRI 5T s AR, 232|205
TR JGHR, RA . MR R b % b A
o BRI 5T B2 G W5 B i 15 ) Bk kA2 -
] 5 > 80 Y DA 3 1 748 50 285 2 A 1008 e 1 0 ) 1
B IR o I 75 40 22 00 265 L AT SRR i o o 4
oAz, e HERE T H M ALHURE AS ) I 23 35 b 3 FE 3
SNRERIZENE S B egiTrin, S s



%% 3. Fleiss’s Kappa Test™ 35 bxx I ffEFE

K fife R

<0 M5
0.01-0.20 R —E
0.21-0.40 NP2
0.41-0.60 b — 2k
0.61-0.80 SE M2

0.81-1.00 I F5EEM—E

W2 T2k, tRBLH WaRm & . R,
T HRG R TRABRREN T &, ARERE
X AR I SRR I . R T AR B R = 1
ARG, AN [F) A 6 L (1 47 E 58 0 375 i
BARE T “RIERENN SRFIE]” HEL,
FREC-STFL. EC-STFLf#% TLDAM AR, wrLL$E
i [ R R R AE AR S, FRARAS [F) R A% 4R 1 (R A
M, FERT 5 RN B 25 e i 45

. Pijp(zi, ;) 6

mml/n; Qz‘jéf)(%,%‘) ©

A sE S ME M SHCRIW s B R

AER 5N FF A (1) B 22 R AE 1 8RB 22 (2, ) =

|z: — ;)]s = € RENME M43 K EZ i )5
FHIE ) & o ARABUREHE B PAIQE X IR

P. = 0, = x; KR AR o
’ 1, HAt

0, M Mz, FARR
ng = (8)
1, HAh

Al LLVE F, EC-STFLjiE I £ /Mb 8 F£ 4 1
REAIE [ 5 A0 e KA A R R B HIRFAE AT BE, SRY™ K
RIEFHEIAEER . ZRTEAAKRAN, NTEINER
Hiufd FHEC-STFL, ATKEC-STFLA 5 /5 £ mini-
batch1 58 . 7 4b, BATE R B H R ER TR
S R T R R AN ST ) R (23, 24, 15, 916 2K

TSP B, A AR R (1) 27 2] i R 72 2R i i ——
TR B A ] K A AR TR A B R A 2 B IR
[FRE () ), {EDFEWLHE B h A7 7E. Frbl, &
AT EC-STELAR 2% bR B BN A& AL, LA AE #6465 2% pRy
BT F I R AT AN [ R A S B O R 2. FRATD
HEC-STELY J& A

lzi—=;|l

Tq

1<i,j<n,x;eEN{z;}

Lgc_srrr = llwi—a;]] ©)

Ny .
1<4,j<n,x;¢N{@i} ’

PATE s N{x; } Rt BHT I mini-batch 1 5
SN RE AR [ R iE 2, B A A [ A5 25 10 B AR SRR AE 1 4R
A5 Np, RaREAEN {2 P IR AR nR/"mini-
batchff) K/ EC-STFLI@IE N, FIN,,, (5 25 AL,
AN R R AE IR R AL, ATTE — e R R
THT SR 7 R3] P 110 288 B AN S 188 )

BATRABA IR 775 FE I Zsoftmaxdbi
K R BAEC-STRL 2% o 3. Al S L, %
7~softmax 125 pRAL, S BNFR N1 2K B #softmax
lossFIEC-STFL loss 2 [AIAUH F 4. BEARE 2K o 23R
™N: L=L+NLpc_srrre V£, MLpo_strilt
& X B mini-batch R AL & — R 5R G, AT A
TR I

4. LIH

AEAFECHE: BT SR N
W48 br. FATEDFEW L#EAT 7 K& 22K
2% KEC-STFLIIAH RS2 5. JFizs FIE s, Joik
T DFEW $4f5 J27 H. 46 9 058 37 55 (0 T A 22 155 1R 0 52
LR HIT R FIRIIRE /). KeDFEW 4 b2t
TN ZRA Y I A% B AFEW L 2, AR REOL K 3h
YRR e B I 234 R 72 S AFEW SR 22 _E i) 7E
AE -

4.1. S50 IR

HARFWIL. DFEWEE 1 bR 28 7 S 8 0 4t
A 12059 M Fr Bro 9 T SELF M PP A X A o3 icdls
AR LT 58 SIS UE A P FRATTRE P A R RE A
RAEER A, MR R ~S I



&, Hrp—IrfEoeilildE, AR ERl 2R,
K DI P00 45 R kR, 5 SR LE, 15
BRI

FAbIB. e, FATHOpenCVAIS AR A0 B HURk B F
Wi, Flface++ [341ZHBLATAPT, SRIREUA M X A A
JRE DG o WP AR NG, BATTHE AR,
HRUT PR A BB el 85, FRATEER
A R BN T 50% I FE AR ——3E 362N LA
BB, ok, AR SRECE N S5 mi S
H flSeetaFace [26]31T T AN#HFIE. Hja, FRATH

NN EEG RSN 1, B KRN RIE R
A% R 161
VRN dERR. FATPRE T MBI A HF (%

FEUERH L 2 MBR AR, TEIFRUAR) AUIIAL I~ 25
Al E AR A FE AR B AR AL, R FRWAR)
KA RS [35SHE AV HE bR, HIX AR5 K
WM EAY S TS REHR LT 5 EEN.
UARFE 5 B 1 AN [R]85 R A5 (1) 1 35 AR B2, i
G T REARA P S 7. WARFB bR RN TR
i AR R 2. RANA B S ) B8, R
FEWARFIUAR A k.

SEMELRTS.  FRATIEEU2GH Titan XpfE AT &,
{8 FIPyTorch#E 48 [3215k S2BLFT $2 75 9% 3l i W %
HWRANS, FATH GE W6 1 2 31 R A UE A
B, R E %R UBUR R AR, %)
RRI0M5. 1%, A4 HDFEWHEUE & L3 v
P2 TR EE R ATV IR e 2 N 48 2
Mk (FD) FUEIIZM, HbatchI 3R K/ e 24
(IX fEC3DE AL N Titan XpAE 25 44 ¥ i Kbatch % & K
/N i FEC-STFLMlcenter lossf Z 80X B : Al
¥ Softmax it 2 B8 #1 HEC-STFLIY AL 2 BN B N
10; FFBM [41], FFsoftmaxFii 5% ik %1 S center loss
U R E N 1 x 1074, Hk, FATEEC3DE
AUFI3D Resnet1 8B AL, 3t — 5 XTEC-STFLfIbatch K
INF AU RBNHEAT T B HE . =, RATHETT
i K5 S S 6 ——FRA 102 F At 7 SR A

PR, R EEMPIIat 2%, il
WA, 3X B 2507 35 SE LR v 22 R 2% (1)
TSRS

4.2, SzHG 4

B R JA A LUK N 8 M SRGBI 1)
23 22 2% 4y S 3 3D AR M & W 4%
MICNN-RNNW 4%, AT Hk & 1 7 #3DG F1 #
2 W 4%(C3D [38]. I3D-RGB [2]. R3DI8 [39].
3D Resnetl8 [12]. P3D [33])AT F FICNN-RNN#f
% MW 4%(VGG11+LSTMAFIResnet18+LSTM),  fE

ADFEW] 3 v # & 45 B, H J1, VGGl
[36]FIResnetl8 [I13]/2 & & 1 & &%, DL &

Ri112 x 1120 B % N R ~Fe S 25 Bk
4R

i 4015, P3D [331/EWARSE R LA R T Hcdf
(45 B, H54.47%; 3D Resnet]1 87EUAR ik 3| T B if
MR, N44.73%. TE-LREREF, 3IDGRIE W
HAETF O 0. BUEE. HIFAENRRTE 152
TRUFITERE; CNN-RNNAE Y LE Al PR R 5
HRE] T AR RS, WERAFTLUE H, A
STRFAE 22 2] S iAo (HEART 5, BATERIFTF
ORGSR 2 N, RO R G 2 A R
1o BATN X ] BE 2 B R O IRIE RN T 2K
fiK, T PR RER A T ZEOR: A X T ae
BN PROER G R AS R B> S 8. PROBEERE
e b FHANRNS, FIRAES e T BN ™
PR A AT S PEIRATAT A, PROERE R
o] R S22 [ AR s A TR Hh I — R R

EC-STFL. N 7 i 2% ) B REAE 2 50 0% 5 i, 3R
11 i+ TEC-STFL. EC-STELA H () 1 fil 52 56 1
x SHiN. WAV, B AEC-STFLAY 11 4L,
FLME ) M e B A T AN s HEC-STFLI AL Y, &5
F W, AR H MEC-STFLEUARAMIWARIYE #7 _E °F
7 BEH 1.614 B 4 £ F102.084 F 4 M Kk ig. 5
Gb, M SHIRATR I, 5 AEC-STFLAL Ht 13D
Resnet 1814 I f/EUARFIWARTE b I it 35 B 3 5 47 1)
2R,



F 4. ZRHE BT DFEW S E /) BbR s 745 E-ERh AR 02t B, BRI $5:C3D, P3D, R3D18, 3D Resnet18,
I3D-RGB, VGG11+LSTM, Resnet18+LSTM. FFNFEFREFEUAR AN T4 B 12 ) FIWAR CIIALA T H |15 .

e fh 1 PR
b Gt PRE B i B EIH UAR WAR
C3D [38] 75.17 39.49 5511 6249 4500 138 20.51 42774 5354
P3D [33] 74.85 43.40 54.18 6042 5099 0.69 23.28 43.97 54.47
R3D18 [39] 79.67 39.07 57.66 5039 4826 345 21.06 4279 53.22
3D Resnetl8 [12] 73.13 4826 50.51 64.75 50.10 0.00 26.39 44.73  54.98
I3D-RGB [2] 78.61 44.19 56.69 55.87 4588 2.07 20.51 43.40 54.27
VGGI11+LSTM [36, 14, 11]  76.89 37.65 58.04 60.70 4370 0.00 19.73 4239 53.70
Resnet18+LSTM [13, 14, 11]  78.00 40.65 53.77 56.83 4500 4.14 21.62 42.86 53.08

5. A JTCEC-STFLAR HL i 5541 22 WX 4% 4 74 /E DFEW 5048 22 -

PEBY] 7.40 834 7.61 0.74 0.20 053 yER:Y) 8.10 8.02 6.79 0.74 0.12 0.37

IR I RE — M

*ﬁ@ w :j 6.97 11.28-8k13.11 10.72 0.49 2.32 :: 6.;59 11ao 13..49 9:32 0:34 3..15
UAR WAR o681 543 1763 027 025 s08| o, |63 7.35 16880 aco oos ses
C3D 4274 53.54 sur{259 7.08 30,97 524 P 0.07 6.06| o, |279 7.83 25,80 a5 [ 0.34 871
C3D,EC-STFL 4510 5550 o e Y <= o R oo - o
P3D 1397 5447 e e e e .
(a)C3D (b)C3D,EC-STFL

P3D.,EC-STFL 45.22 56.48
R3DIS 9279 5322 T =
R3D18,EC-STFL 45.05 56.19 oo |57 0BG 1045 007 500 o, 509 16/ ia0s 006 00 21
3D Resnet18 4473  54.98 o |89 876 SRRERY 400 000 600 g 658 501 R 435 005 315
3D Resnet18 EC-STFL 4535 5651 R S -
I3D-RGB 4340 54.27 Fea| 443 14.4113.97 17.4123.39 0.00 26.38| 1., |5.10 12.75 18.29 18.18 23,61 0.5 2151
I3D-RGB,EC-STFL 45.05 56.19 o 3D Resnetis " (@)3D Resnet18, EC-STFL
VGGII+LST™M 4239 53.70 &l 3. 47 FEC-STRLAHe I 4 i 2 [ £ 1 At 1) TR 97 46
VGG11+LSTMLEC-STFL ~ 44.78 56.25 (2)C3D, (b)fi HEC-STFLA 5t fIC3D, (c)3DResnetl8, (d)iff
Resnet] 8+LSTM 42.86 53.08 HEC-STFLAEH 13D Resnet18.
Resnet18+LSTMLEC-STFL 43.60 54.72

K 3 R R 1 2 C3DAE 2 13D Resnet1 845 7Y
A JTEEC-STFLAS He i () VR 18 R P . MR I L F o,
TATA LA B & KRN MR 0 Re. Wi Bl 30T
7, BC-STFLAE A 232 mC3DAI3D Resnetl 845 1 7
FFo 0 RERE LR A%, EC-STFLJT
O o WF. ROEMEMN MRS RN E L
SR TE 70.7% 9.77% 0.95%. 2.07%F14.32%:

EC-STFL{#3D Resnet187E H 0o+ 50>+ H PEFI IR
W RAE 1R B R E i 4 T 76.05% 0.79%-
7.34%H12.76% o

Nt — 5 W % HEC-STFL: £l (9 R 1iE,  FRATT
FHtSNE [28, 40](—FhIELRPE ML 777), #4221 31
AR R A B RSP b, DU ATk, B 4R
NI AE VS INEC-STFLEL B/ J5, % > B [F R4k
AV I IMEC-STRLA B J5 2= B M RpAiE,  F K]
PR B BOR S INEC-STRLAS i 5N i &2, iX R W13k



1 1

5 + Happy Surprise b3 + Happy Surprise
0.8 o o Sad Disgust 0.8 5 © Sad o Disgust
> Neutral ¢ Fear )df Neutral ¢ Fear
Q0
Angry 06 Angry
L L. 4 e i
0.4 1 + 04 e th» =+, +#:._E&##H*
o o
0.2 02¢ & g o
[oYorang=t
G40
0 0%
0 0.2 0.4 0.6 0.8 1 0 0.2 04 0.6 0.8 1
(a)C3D (b)C3D,EC-STFL

B 4. %2 W 445 TCEC-STELA H I FH eSNE 7 15 [ 4 (1) =
MEASME.  (a) C3D, (b)) AEC-STFLEH (C3D. & Fiw,
STFLA BT 2% X B 5 B35 M 4 AE

AT H2 EC-STRLAR B B8 % {2 A A5 74 2% ) ) 57 47 1)
REIE

N oiE — 3 B IFEC-STFLI 2 %, & i1 #k
1EC3DMI3D Resnetl 8P /™ I} 7% i 48 W 4% A 3=+
W 2%, FEEC-STFL-5 HAt 58 2 AH ¢ 1R 458 2K R Z50HH B
B, tncenter loss [41], 53 6. HATKIN,
EC-STFL Flicenter loss# 8 LG B 28, DLk $1 58 4711
4yKtefe. JFH, EC-STFLAEZR L Ecenter loss 5
I HIPERE, REME AR Y EUARFIWARSE b bk 31 B
T B o

BESITe. WATHIE, B R B Fbatchff 41 &
K /N XTEC-STFLAZ % & # Z . Fr L, FRAITHk
1EC3DAI3D Resnet1 8P /MR, 7E 58 — £ s b
AT TS HUR R . St d, RAE
HOWARVE NIEM AR %6, AT batch 3= K
INEEE M = 24, BAHEZSN (LRUETEEAN €
{1,3,5,10,15,20,30,50,80,100}). ATLAEH], $hik
EMMNE B TEC-STFLIEEREMIIE T . 25, FATK
BSEN [Ee RN = 10, BlilESm (LREEHE
Hm € {18,24,30,36,42,48}) . AN[FFE S X} N (1) 45
Rl SFE 6F~. WLUESR], A EC-STFLEH
PR, FEECK batch B G I, HAERER N
iE o

4.3. iR

AN UDFEWHE et 47 Bh T H sk jh &
TE R T AL S 1. AIRIERATRSE AR, FATHk
W A I A R e ) 4 S HL T AT EC-STRL I A AR ok

10

% 10" 0 x
0.1 03 05 1152 3 5 810 0.1 03 05 1152 3 5 810

(b) 3DResne¢1 8,EC-STFL

Bl 5. EC-STFLA ¥ [ 18 & W7 & F0id it 5L 3.
(a) 7 AEC-STFL £ FJC3DME ! (b) 77 HEC-STFLA it
3D Resnetl8tR A, W RBESHHBHEN N <
{1,3,5,10,15,20, 30, 50, 80, 100} .

A
(a) C3D,EC-STFL

65 65

6 60 N

5 sy——0—O—6—¢
50 <5
R s X5
(_>>-40 EAO
2% €%
EH 8%
< s <15
10 10
5 5
0

18 24 30 36 42 48 18 24 30 36 42 48
batch

atcl
(a) C3D,EC-STFL (b) 3DResnet18,EC-STFL

Kl 6. EC-STFLAX $t ) 8 Z Him(batch K /M) it 5L 5
(a) 7 HEC-STFLAE it JC3DAE 2 (b) 7 HEC-STFLAR Bt
FJ3D Resnet18#E 7,  batch K /NI BHEEAN m ¢
{18, 24, 30, 36, 42, 48} .

BAERATHIRE R : C3D. A EC-STFLAL B [1)C3D.
3D Resnet18. 7 A EC-STFLAXH[¥)3D Resnet18. &
1153 990 K 3 V8 B e FIDFEW £ 48 2w 7l Il 2k 1
B IT #8 BIAFEWHUE & [51.L, JF#EAT e, 3L
t, SIEEEEASS: UCF101 [37]. SportsIM [17].
Kinect700 [2]f1Moments In Time [30].

IR B 7 TH,  FRATTHEE DFEW 4 FE 5 —
1 H s A0S AT B R TN R Y, 5 Ak e ORAIE
AP, FRATE FH AR 78N 5B A 1R S 1 S0 T
IZRBEA . FRATTFH TV 25 e 1) CIDAS 2R A FE SR 4] 46
{bC3DAE R F1 47 A5 EC-STELEE B [rIC3DRE AL, 337
FH A8 ZE Pk B0E 2 20 3R, B0 1l 28 X 45 119 B
B2, PLSRIIER Y] RATEIWARIE NIEAN T
b, IEBRISERWE TR, AT, HDFEWTR
WG B G5 10T 7% B AFEW S e b iR AY 12k R,
T FH N ESEE FEVIIG LIRS . 54k, FRATIe%
TR g RS HAh B AT L0 77238047 T 1
5. g 8PN, 4 HIDEEWTIIZ5 13D Resnet 1844
R, Bz Hofh 5k, fEWARMEREFE AR b oA
gy e BRI, BAVIGUE T IRATEAE: AT AR



% 6. EC-STFL Mcenter losstTEDFEW %3 £ F RN L4 R .

pim 15 /e ARIEELD

JRe o il bR B Wi RE FiA UAR  WAR

C3D 75.17 3949 5511 6249 4500 138 2051 4274 53.54

C3D, center loss 75.62 44.67 54.18 63.14 4221 207 2217 4344 54.17
C3D,EC-STFL 75.87 4926 5481 61.53 4595 345 2483 4510 55.50
3D Renset18 73.13 4826 5051 6475 50.10 0.00 2639 4473 54.98

3D Resnet18, center loss  78.49 4430 54.89 5840 5235 0.69 2528 4491 55.48
3D Resnet18,EC-STFL  79.18 49.05 57.85 6098 46.15 276 21.51 4535 56.51

F 7. AFEW7.0538 % _ERHER IR

Tl Zx

Tl ) Ao A

C3D (C3D,EC-STFL 3D Resnetl8

3D Resnet18, EC-STFL

Sports 1M 41.78 4491 - -
UCF101 41.25 42.34 - -
Kinect700 - 49.35 49.61
Kinect700+Moments In Time - 49.35 49.35
DFEW, fd2 4491 45.56 53.00 53.26
DFEW, fd5 49.87 49.87 49.61 49.66

# 8. 3D Resnetl8HIIE B 4 R 5 B ar H fh & ft 77 %
1EAFEW7.0%08 FE _E I L

R WAR
Luetal. [27] 45.31
Fan et al. [9] 45.43
Huetal. [15] 46.48
Fan et al. [7] 48.04
Liu et al. [24] 51.44
3D Resnetl18,DFEW fd2 53.00

3D Resnetl18,EC-STFL,DFEW fd2 53.26

(KIDFEW %idis o 2 A3 A+ I il S AR e Y
T SRR

5. REE5RE

AL, BATAA T —NAEZRZM T )
A1 0 % 15 S48 FEDFEW, 3 HAR 7 — R
TR FE I 725 4 28 ) 4% 2= S HEZEEC-STFL, RAb#E H

SR 37 5 T I TH B B A5 2R AF W0 ) . FRAT B A
DFEW 4R e /2 H A 5K 1 H 2837 5 30 4 =215 20l
B, e T MBI 15003 B2 B 4 E 163724
WA Br.  DFEWIER 4L 1R O b v (115 B 43 A
P 25— 45 AN FE A FB 4 Jh ST Mo AR 100K, FRAT
NDFEW U FE il 52 7 5F Eb s, 324t 7 KER
LR T R UMEW A X . BATBEDFEW L
P PE 34T TEC-STFLI MR . it 4h R, B
A A IDFEWHUE FE & — MEFH . dEZBR %A1 T
BN ARG HAE s FRATHTHE tH EC-STFLAE 22 g
5 A 255 50 20 A5 2R R 1 A8 R R S TR 485 1 1
FEARRM TAER, A4 ADFEW S [ 4k 22 i 5
HEMFEAR, BEEE NS, DMEE R E R
AU R -

M. AWHEHZH T EHKXE SR
%1(2018YFB1305200), X B R R
42(61921004, 61902064, 81971282), o Ju & A% 3t
AR 55 2 L T % 42(2242018K3DNO1) ) % Bl o



SE Mk

(1]

(2]

(3]

(4]

(5]

(6]

(71

(8]

(9]

(10]

(1]

[12]

[13]

(14]

C. F. Benitezquiroz, R. Srinivasan, and A. M. Martinez.
Emotionet: An accurate, real-time algorithm for the auto-
matic annotation of a million facial expressions in the wild.
pages 5562-5570, 2016. 1

J. Carreira, E. Noland, C. Hillier, and A. Zisserman. A
short note on the kinetics-700 human action dataset. arXiv
preprint arXiv:1907.06987, 2019. 6,7, 8

C. Darwin and P. Prodger. The expression of the emotions in
man and animals. Oxford University Press, USA, 1998. 1
A. Dhall. Emotiw 2019: Automatic emotion, engagement
and cohesion prediction tasks. In 2019 International Con-
ference on Multimodal Interaction, pages 546550, 2019. 2,
3

A. Dhall, R. Goecke, S. Lucey, and T. Gedeon. Collect-
ing large, richly annotated facial-expression databases from
movies. I[EEE multimedia, (3):34-41,2012. 2,3, 8

P. Ekman and W. V. Friesen. Constants across cultures in the
face and emotion. Journal of personality and social psychol-
ogy, 17(2):124,1971. 3

Y. Fan, J. C. Lam, and V. O. Li. Video-based emotion recog-
nition using deeply-supervised neural networks. In Proceed-
ings of the 20th ACM International Conference on Multi-
modal Interaction, pages 584-588, 2018. 9

Y. Fan, V. Li, and J. C. Lam. Facial expression recognition
with deeply-supervised attention network. IEEE Transac-
tions on Affective Computing, 2020. 1

Y. Fan, X. Lu, D. Li, and Y. Liu. Video-based emotion recog-
nition using cnn-rnn and c3d hybrid networks. In Proceed-
ings of the 18th ACM International Conference on Multi-
modal Interaction, pages 445-450, 2016. 5,9

J. L. Fleiss. Measuring nominal scale agreement among
many raters. Psychological bulletin, 76(5):378, 1971. 4

F. A. Gers, J. Schmidhuber, and F. Cummins. Learning to
forget: Continual prediction with Istm. 1999. 7

K. Hara, H. Kataoka, and Y. Satoh. Learning spatio-temporal
features with 3d residual networks for action recognition. In
Proceedings of the IEEE International Conference on Com-
puter Vision Workshops, pages 3154-3160, 2017. 6,7

K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learn-
ing for image recognition. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
770-778, 2016. 6,7

S. Hochreiter and J. Schmidhuber. Long short-term memory.
Neural computation, 9(8):1735-1780, 1997. 7

10

[15]

(16]

(17]

(18]

[19]

(20]

(21]

(22]

(23]

(24]

[25]

P. Hu, D. Cai, S. Wang, A. Yao, and Y. Chen. Learning super-
vised scoring ensemble for emotion recognition in the wild.
In Proceedings of the 19th ACM international conference on
multimodal interaction, pages 553-560, 2017. 5,9

X. Jiang, Y. Zong, W. Zheng, C. Tang, W. Xia, C. Lu, and J.
Liu. Dfew: A large-scale database for recognizing dynamic
facial expressions in the wild. In Proceedings of the 28th
ACM International Conference on Multimedia, pages 2881—
2889, 2020. 1

A. Karpathy, G. Toderici, S. Shetty, T. Leung, R. Sukthankar,
and L. Fei-Fei. Large-scale video classification with convo-
lutional neural networks. In Proceedings of the IEEE con-
ference on Computer Vision and Pattern Recognition, pages
1725-1732, 2014. 8

D. Kollias, P. Tzirakis, M. A. Nicolaou, A. Papaioannou,
G. Zhao, B. Schuller, I. Kotsia, and S. Zafeiriou. Deep af-
fect prediction in-the-wild: Aff-wild database and challenge,
deep architectures, and beyond. [International Journal of
Computer Vision, 127(6-7):907-929, 2019. 2, 3

J. Kossaifi, G. Tzimiropoulos, S. Todorovic, and M. Pantic.
Afew-va database for valence and arousal estimation in-the-
wild. Image and Vision Computing, 65:23-36, 2017. 2

J. Lee, S. Kim, S. Kim, J. Park, and K. Sohn. Context-aware
emotion recognition networks. 2019. 2, 3

S. Li and W. Deng.

locality-preserving learning for unconstrained facial expres-

Reliable crowdsourcing and deep

sion recognition. /EEE Transactions on Image Processing,
28(1):356-370, 2018. 1

S. Li, W. Deng, and J. Du. Reliable crowdsourcing and deep
locality-preserving learning for expression recognition in the
wild. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 2852-2861, 2017. 1
S. Li, W. Zheng, Y. Zong, C. Lu, C. Tang, X. Jiang, J. Liu,
and W. Xia. Bi-modality fusion for emotion recognition in
the wild. In 2019 International Conference on Multimodal
Interaction, pages 589-594, 2019. 2, 5

C. Liu, T. Tang, K. Lv, and M. Wang. Multi-feature based
emotion recognition for video clips. In Proceedings of the
20th ACM International Conference on Multimodal Interac-
tion, pages 630-634, 2018. 5,9

M. Liu, S. Shan, R. Wang, and X. Chen. Learning expres-
sionlets on spatio-temporal manifold for dynamic facial ex-
pression recognition. In Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition, pages
1749-1756, 2014. 1



[26]

[27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

[37]

(38]

X. Liu, M. Kan, W. Wu, S. Shan, and X. Chen.
VIPLFaceNet: An open source deep face recognition sdk.
Frontiers of Computer Science (FCS), 2016. 6

C. Lu, W. Zheng, C. Li, C. Tang, S. Liu, S. Yan, and Y.
Zong. Multiple spatio-temporal feature learning for video-
based emotion recognition in the wild. In Proceedings of the
20th ACM International Conference on Multimodal Interac-
tion, pages 646-652, 2018. 9

L. v. d. Maaten and G. Hinton. Visualizing data using t-sne.
Journal of machine learning research, 9(Nov):2579-2605,
2008. 7

A. Mollahosseini, B. Hasani, and M. H. Mahoor. Affectnet:
A database for facial expression, valence, and arousal com-
puting in the wild. IEEE Transactions on Affective Comput-
ing, 10(1):18-31, 2019. 1

M. Monfort, A. Andonian, B. Zhou, K. Ramakrishnan, S. A.
Bargal, T. Yan, L. Brown, Q. Fan, D. Gutfreund, C. Vondrick,
et al. Moments in time dataset: one million videos for event
understanding. [EEE transactions on pattern analysis and
machine intelligence, 42(2):502-508, 2019. 8

B. Pan, S. Wang, and B. Xia. Occluded facial expression
recognition enhanced through privileged information. In
Proceedings of the 27th ACM International Conference on
Multimedia, pages 566-573, 2019. 1

A. Paszke, S. Gross, S. Chintala, G. Chanan, E. Yang, Z.
DeVito, Z. Lin, A. Desmaison, L. Antiga, and A. Lerer. Au-
tomatic differentiation in pytorch. 2017. 6

Z. Qiu, T. Yao, and T. Mei. Learning spatio-temporal repre-
sentation with pseudo-3d residual networks. In proceedings
of the IEEE International Conference on Computer Vision,
pages 5533-5541, 2017. 2, 6,7

M. L. E research. toolkit. www.faceplusplus.com. 6
B. Schuller, B. Vlasenko, F. Eyben, M. Wollmer, A.
Stuhlsatz, A. Wendemuth, and G. Rigoll.

Variances and strategies.

Cross-corpus
acoustic emotion recognition:
IEEE Transactions on Affective Computing, 1(2):119-131,
2010. 6

K. Simonyan and A. Zisserman. Very deep convolutional
networks for large-scale image recognition. arXiv preprint
arXiv:1409.1556, 2014. 6,7

K. Soomro, A. R. Zamir, and M. Shah. Ucf101: A dataset
of 101 human actions classes from videos in the wild. arXiv
preprint arXiv:1212.0402, 2012. 8

D. Tran, L. Bourdev, R. Fergus, L. Torresani, and M. Paluri.

Learning spatiotemporal features with 3d convolutional net-

11

(39]

(40]

[41]

(42]

(43]

[44]

[45]

[46]

works. In Proceedings of the IEEE international conference
on computer vision, pages 4489-4497, 2015. 2, 6,7

D. Tran, H. Wang, L. Torresani, J. Ray, Y. LeCun, and M.
Paluri. A closer look at spatiotemporal convolutions for ac-
tion recognition. In Proceedings of the IEEE conference
on Computer Vision and Pattern Recognition, pages 6450—
6459, 2018. 6,7

L. Van Der Maaten.
algorithms.
15(1):3221-3245,2014. 7

Y. Wen, K. Zhang, Z. Li, and Y. Qiao.

feature learning approach for deep face recognition.

Accelerating t-sne using tree-based

The Journal of Machine Learning Research,

A discriminative
In
European conference on computer vision, pages 499-515.
Springer, 2016. 6, 8

G. Zhao and M. Pietikainen. Dynamic texture recognition
using local binary patterns with an application to facial ex-
pressions. IEEE transactions on pattern analysis and ma-
chine intelligence, 29(6):915-928, 2007. 1

W. Zheng, H. Tang, Z. Lin, and T. S. Huang. Emotion recog-
nition from arbitrary view facial images. pages 490-503,
2010. 1

W. Zheng, X. Zhou, C. Zou, and L. Zhao. Facial expres-
sion recognition using kernel canonical correlation analysis
(kcca). IEEE Transactions on Neural Networks, 17(1):233—
238, 2006. 1

Z.Zhou, X. Hong, G. Zhao, and M. Pietikdinen. A compact
representation of visual speech data using latent variables.
IEEE transactions on pattern analysis and machine intelli-
gence, 36(1):1-1, 2013. 6

Z. Zhou, G. Zhao, and M. Pietikédinen. Towards a practical
lipreading system. In CVPR 2011, pages 137-144. IEEE,
2011. 6


www.faceplusplus.com

