MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2022,31(10):15-24 [doi: 10.15888/j.cnki.csa.008707] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ET RIS IR ARRERAC
LV, DB, W, AR

(BT S R AR 7B, i 200433)

A%, il 528200)

JCERENLAE N ZE T TAERE A G, I 200433)

(EHEHRE AN TR RS ARG TR 7L, K 130703)

(F I BB R 5 TR A AL E, K& 132606) ,
IBAE1EH 5k 348, E-mail: lihuazhang@fudan.edu.cn :
B B AR VONES A ANAE B a2 KR, (ELE R AR S A7 R O T, I 1R A5 1R )5
TR AN ERAR, B0 A AR AR ), ACSCHRH T — PR TR R 1 = T (SPD-Attention) (14 /2% 4444, |
FRRTE % 2145 B A SRR B 77 1 Z B e 5 5 LI 506 205 40 15 RRAIE (1 27 20, 4 1 X 30 SRR AR X X 2
(IR RN, Xm0 kR e oy 3o B0 5505 SO0 B T SR MU, AR SR 1 AH I AR T T 24 SREAn sk (X 45 1A
SR A SCAE A TEFRAG VO HHR A LI § FOEACR, 5 VGG 4 MU UG T & 3% §8T7F, £ AffectNet.
CK+. FER2013. FER2013plus. RAF-DB. SFEW L IERiZ 735 4: 57.10%. 99.01%. 69.51%. 87.90%.
86.63%- 49.18%, JETERM . M4 HdE 5 L AH LT Covariance Pooling %5 H §i et k327 17 1.85%.

KA RAFRA; TG T IR I, BRI SR, BRI 4%

SRR R AL 00 B RS, 3k S e B TR B R R T N R A IR T L R SR, 2022,31(10):15-24. http://www.c-s-a.org.cn/1003-
3254/8707.html

Local-manifold Attention for Facial Expression Recognition

DU Yang-Tao', YANG Ding-Kang', ZHAI Peng'"’, ZHANG Li-Hua'*** :

'(Academy for Engineering & Technology, Fudan University, Shanghai 200433, China)

%(Ji Hua Laboratory, Foshan 528200, China) §

*(Engineering Research Center of Al and Robotics, Ministry of Education, Shanghai 200433, China)

*(Artificial Intelligence and Unmanned Systems Engineering Research Center of Jilin-Province, Changchun 130703, China)
>(Jilin Provincial Joint Key Laboratory of Intelligent Science and Engineering; Changchun 132606, China)

Abstract: Facial expression recognition (FER) has various applications in human-computer interaction scenarios.
However, existing FER methods are not that effective for blurred and occluded expression. To cope with facial expression
blur and occlusion, this study proposﬁes a novel network based on local manifold attention (SPD-Attention), which uses
manifold learning te obtain the second-order statistical information with a stronger descriptive ability for strengthening
the learning of facial expression details and suppressing the influence of irrelevant features in the occlusion area on the
network. At the same time, in view of the disappearance and explosion of gradient caused by logarithmic calculation, this
study proposes corresponding regular constraints to accelerate network convergence. The effect of the algorithm is tested
on public expression recognition data sets, which is significantly improved compared with those of classic methods such
as VGG. The accuracy is 57.10%, 99.01%, 69.51%, 87.90%, 86.63%, and 49.18% on AffectNet, CK+, FER2013,
FER2013plus, RAF-DB, and SFEW, respectively. In addition, compared with state-of-the-art methods such as Covariance

Pooling, the proposed method has an accuracy improved by 1.85% on a special blurred and occluded expression data set.
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convolutional neural network (CNN)

HBRE E & HA 8N R B
J7 2 —. W2 SRS, T A IR A mT LS Bl
WG R AR N R BAT A S N R E, £ AN
[N = b R b S 2y A S = Il o o R A = RS
AT DAFE KB40 50 KB ROR, B 2 X T 158 1k
SRR AR AR REIMET I
L, A BIEATR A — e .

— R, TR G IR ) T EAHE 3 N B, BRI
JI Rz W R AE 2 ORI R A 2. R N R B
DIib" 2 5 R B 2 i A s 11, AL pl T SE e e A
TR — %, B L MTCNNP! G A6 28 7588 4% 37 5
R AR . 2 R AR AT R4 A 7,
95 A9 TR REANGE T 2 18 SR GE. T TR E
F By NFET G R IA AT LT L5 KPS, 0 SIFTY),
HOG™!. LBP B 7K . Gabor /N #2348 T4
ML S PR IR RAE, RS RERAE T T, ]
i AT T ] R O B A PR AH DG J LT RFAE. B GPU S5 9F:
ATV & R R, VR B 2 2138 T R R 23 4
W 2 A ), (R T A 215 BRI 2 H TR
A5 A BB 90 7 6. Tang!”! ) FH 35 B b 28 W 2%
(convolutional neural networks, CNN) i {74 EFRE I
4325, Liu 2 N 32 7 — Rl 56 1 T 38 3h /6 5 I8 10
CNN 244 T3R5 5.

RERPBUSE A IR IE I A BRI REM. |

R B W R i) R G R LR AL, 582 AR Ss R 1
st S, [EII 93 5 AR 3 s B T e 2
WeRB. TR RS S O 8 R DU
B s E T R RAE L /D 2B 5 A R AR AE o,
AR A FRAE TCVE T 4 KA G AR R AT
fif etk 1) 5, Peng 5 ANV TR I MMEE, 4
i ImageNet Fiilll 2] ResNet101 W28 3Eal b, &1
HOAR ST VRSV A 25 Khor 25 AU b — 2042
R E K )9 SRR 2% (enriched long-term recurrent
convolutional network, ELRCN), 7£ K485 {1 12 X 2%
(long short-term memory, LSTM) &5 ¥4 2 fifi 5] A
CNN A5 5 78 BSORI 2215 5 471 B ARp AR 1) B 4 D, 3¢ i S
7324, Peng 25 A" Al Huang 25 AU i) FH 4% 17 51

16 % it +ZiiR Special Issue

FEAT A 38, 5ot B I P K 1 R 5
il b 5 — AR WA F RS AE B P45 L, 4 5 )
CNN 52 B 5, (R385 7 492K TE 3 45
BT AU BT LR

T BT A [ 88 K T 2
5125 AR 3 A LSt I, BT A X
ST LA 5 e PR, R T, TR0 S5 . Lim A
3R YR P Gabor B 75 B8 i ik BER 0 403 4%, 9 31 A
LGBRHS 77 At ¥, Cotter! ™15 45t 6 #5430 24 7+
A S e 7% 49 9K B SRR 25 0 1 L L 2 AU
VT T — AT AN T HE R %, BT R
FEN IR, TR &AL 1 85, Rudovie 2 A7 $H T
384 Lo T R IF) ) (CSGPR) B ) Sk i A — 1k,
Lai 2 A\ USRI GAN A\ B8 4524 1 IE 1 P49 R i
T 1] .

T2 RO S 0010 2 R 0 5 A0 e T 4
S S AR AN T D02 2 R AT 7 A ]
FO. RS 1 5L 0T 0 PG AT R BRI, S5 R
F 2 5 5 T 2 5 W 7, IS 24 0 2 322 0 24
T e E, T A0 T LA Ao g e 1 5 4 IR 22
WS4 X J ) T SRR, /0 PRSI T2 2 AU, N i
2R T DA R M P 4 5 5 e L e
R 58 T FUAE T 0 S B 2 BT IS R, IR
S L V7 45 35 T2 & J7 WL (attention) [OVRER: ] 77T,

VE LA 7E SR B0k 1 S | R R AR K I, (H
A2 N7 P TR 2 ST AT, 1 R A 3 £
Badanau 2 A\ (5B B8 FU5EE 25 % 5 BT %
TV 2 958 5, MATT A A R 2 o v 2 L
FH T WSS B, 3T S M s B B, v 2
TE VR 2 SR ST, A R RS T %
R R HLAIRE, B X LB B A0 LSTMBERL . HL
SRR [ % v SRR R4 260 v R S
WU 72 BN TSR, T 7 7t A T S5
TR, Wang 8 ALY ST — Rl UG RO
o4, 262 R4 S B TR 2 T AR IXBE. Yang 26\
PEH AL R A M 4% (neural aggregation network,
NAN)Y NAN A I 2 I AL — DR 42 &

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 5101

http://www.c-s-a.org.cn

i H AR SN A

(N IARFAIE 2R A B — A 58 B2 AR TR

IR TR BT R B A S 28 LT3R AR S
B Wik, LMK E. Yu & AT RN
RG24 (CNNs) B Z . HoRitife
BCOP S AR A R R R BRI — B gt &, TR
Gt B EEWINARLE -Gt E (WdE
B KB ST A B X i SRR 700, T % T AT
W 28 ¥ AR AIE SR BBURE B mT A 3R — i it i, SE 4 i) %)
1] PR Bl AR AE . A2 SCHR [25,27,28] 1, (EE LT
VGG W25 1 2 Bl R4 S A6 — B R AIE B9 & R 30CR, IR 7E
KGR o125 H bRl 25 s 4 b kAT se e, i 72 & 1
PSS, Acharya 55 NAESCHR [28] HE&H T — s
ZEh4k (covariance pooling) HITR B 2% ST 4244, 1% TAE 4>

BT T SEREAE SPD JIE i I S THRHE, 4G

PRI 45 20 R 17 22 AT 25 S 164, FSE 2
PE R WL E 55 R AT B 0O B R T 2 1k
FEAE R 4 e S FRAR 50 TG B 55, 0 T 2 s A
Jo B 25 R M, Rt A S 7 v, DA
O U I R 0 55 e L 00

[t 2 SCUA A B 5 AR T B B X 3
FHHL 2 2 AT 58 025 31 S8 3L, s £
WU S5 2 AR 2 5 2 05 R A 485
EAE. BRIEC AR SCR RIS 5 1 4 3R B8 X33 — B
G TR S LA R B B R HE N e 1
PR K, A3 — AN PR B R D B A
B s L ) AL, ELURFRAT R S, A SO 55— AP
o5 STHHR e A B ST X B 9 S B

s LA, AR TR

(1) AEE T T AR A JR) AR T 0 I 28 MG LRV

RS IHAE S AL AR 58 2 17 507 0 R AR N AT
0 SR D BT PR M ke ) 2 1
KA, AT 4w TR e ),

(2) $2 MR & A HLEI RS (SPD-Attention
module), #43E KR IF E 9B 7 2540 W 4 4 T W 2 1 I
£ 45 31 I G VR AE 20 R X 4% L 64 P, A L
TR AE AT BLSE I Ml %0 1, (IR 3 H T A
T D00 4 R 0 TE U A5 35 v i I

(3) 7f AffectNet. CK+. FER2013. FER2013plus.
RAF-DB. SFEW FIA FF IOk 8 $4 5 P 48 B adbAT 1
IE, FH 5 ResNet34. VGG19 2548 BLR & 2% 3] 71k
AU 3 TR, TR 5 E A 4 Ty v bt B
T AL EE A KT

1 BT RmEmeEE I EE R

IR 4 FE A R B 9 T R FE 2 S 245,
St T 2 A RIS 4 ) 4, A4 5T DX 246 45 g 0 8
R, 3T LI585 16, A% SCAy ST LU v 2
BILAR 1 20 Ml 3 SR /N 4 2 75 R AR S K 4
REFIE, FER) 2 — o 25 (end-to-end) FY R 2% 45 4 3¢
172 313144

R T8 2 A WU T DA R AR 7 7 00 2 445 440 ST,
AR JF 0 RFAE AR AR, 4 SCHR [3 13y Wang 45 AR
B A B E VI AR TR A i B St
% P T DA SR 30 T 2L O (T X
PR A 5 SR L s DR A S0 SR - £
BRI HLA, BB 1
B 1. 2T R T = 7 R R AE S
1) MAEG N BT imageraw BEAT — 00 ¥ TURN n 473 J53 3508 B 4 1 Py 4
S ={imageq,image| - image,};
2) K B ST — N FEEAUE 0 FE RS AP R 4% (CNN), FEHREL
A5 CASCHRIBIECR 2 J2) IR O=lowtputg outpu -
out puty VFIZ R4 5 J5 IRAHAIE [l B4R & F=(fea, fear -, fean);
3) B B REE B ourpur; FUVRFAE [7] B fea; 51 NI TETE B 711 B A B
(SPD-Attention module) FF 453 Z7iE 5= J11 j JR BREFAE 7] Evector;, i
Je A Vecior;
4) TSR AG FRRIE 7 N EIE R E o, TR AR B o R T 45 .

SR 47 40 AT 7 A4 (1) BB SS F A I —
B R AN — i G0 bR B S, T AR 53
SO (2) THT 0 B o S SR 1 N S
SOMRTRE, TE L AIERR TE S . A% S 14 5
Mt 1 Fraw.
LY BEEE NI

B0 1, S B 2 AAHE R B TR R
FEER AHLEIM R 40, LB 3 AP, 51 R
5 2 1 PR 0 B0 AR i S N B A MR 1 —
2 UL n 0y J) 0 5T 45 P 1 A4 B Ak i N IR R
S = {imageg,image,--- ,image,}, 2 ¥ FEREFE 2 I
T 2 (1% 9 2 0 S v AR A T8 AU 3152 79 5]
R ERRRAE 0 55 2 S5 R S5 1 25 13 B0 RHAE
PRI SRH 7 2 B, SR 2ok R B S A (SPD-
Attention module) 753 E7f7 VF & 77 1 BE A 70 KRARE 7]
b 55 3 25 IR R IR 2 0 1 43 SRR AE 16 B 4 i
BERHEAT S 25T, RATIEIESS 1.2 S5 VEAIA 29 SPD-
Attention L, AN FEANNEHER 1 JBAIES 3 2D,

A9 T AL 90 24 T L A5 39 T 40 26 175 14 SRR AE 1 A

Special Issue & itk 17

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F 55313 5103

JAIBRHIE R 2%, X T 5N B R imageraw, TATE L E
il A S 13 Bllimageo, SR8 J5 %5 FLEAT =y B B 3005 21 7 51
K14 7 5llimagey,images, - - - ,image, 2~ 3C K A HY J= &6 59
BOTVEF LAWY, 55 1 MR LB e BY 3 X i
TR 7 S AR BB 9 (A SCHL 7=0.75), 28 ) AL ik
EORH V7 T AR X 305 565 2 oo 1D 8 O B A BY e AR A
SEI 83 AN MG S A1, B S A el X 4k, B e
BRI E S = (imageo, imagey,- -+ ,image, Yl
A= MBUE L) CNN P28, AR ResNetl8
TERFERELR, BARMEREGHESO=

{outputy,

,output,} AN ¢ J5 FIRFE 7 52 & F = {feay,

————

outputy,---

B
“ 4

—— e — — e

feay,---, fean}.

R RFAE B AR 1) R A 0 SR AT VR B I ML
J5 T SRFA5 1) 5 28 (R 45 43 SR AIE 1) & Vector 3K 24
NG — 2R ER)ZFC S B RN 45 2R, T2
20y RAT 5%, A SR F 1) 43 2540 % of B0 A8 O 2R
(CrossEntropy), B A&z (1) Frx:

N
Lep == ) (prlogqp) (1)

k=1
oo, p AR, @ RO (A SBtimax J5 ) one-
hOt ﬁz:_ﬁt) !.( ‘ -

N
. m SPD-Net |
| (shared) J e ———~

ector| |
4 l

image,,, image, ____________:7 ________________________ /
Y Cov SPD-Net | SPD-Attention module
Matl 1‘(” ( shared) I
he =
> - X 1,
mage, | BESSN Ty ® 0, oo
| ( my cctor @ CrossEntropy 1
&L m. e TR
< . G
€_ ector|
o BN . A— s §
L m mh |
- -1 -e-E
- L Sy
- co gectorl
o I—‘* N ) —— =7
YL R
BT R M IR e
1.2 SPD R EFE LS .- 77 Z 5 R A (2):
e = [
LR JIHLH] (SPD: Attenhi)n ‘HOdHIJEZIKI Covmatrix; = L(xj -0 -5 )
[P AZ O BT 5 ﬁ[llg 1 fﬁéﬁﬂﬁ*ﬂ‘% LT 7N. X T CNN c-1
i ﬁﬁﬁﬁ‘ﬁ.’%ﬂcﬂﬁ% {outputy,outputy,--- ,outputy,} Horp, .
i RREA T K out put HEAT TR BRAE, ﬁaﬂa%ompmfﬂ@ HF R v e, ) AR ARAL T 3 AR

B 25, B JE R out put; KT 4E FE Awx hx ¢, $iL
VG 4 FE AR Bowh X c B AZ e AN & 20, HH AT LX) e
IR W5 2255 [ Covmatrix;, Tuzel %5 NPV (IHIF 7t 2 W
FHARFAETH S 1 B 7 ZE 30 B BE B 7 SPD iR b, HAH
BT —Wr gt S B nT DL S b e 3R X IR AE . AT —
PR AL, CNN iy H (R B B B a] DLk BUE — )=,
AL ResNet18 FIEIEES 2 JZ4E .
BCBRAE B S 45 2 B 1R = 9 X, xa, -+

X} € R*

18 it 4fiR Special Issue

Twhisy, Z W77 2256 FE PR I € FEFE (SPD), 1 A A
TEW 5 ZE 56 BRI &2 SPD i, B2 23T 1) SPD W 4%
SR 45 DU T B 2 R A X R, BR

P50 (3) T LLIEBA B 7 ZHFE Covmatrix;— € Y- 1E E.
BTCovB =TE[(X - (X - )18
=E[B" (X - (X — )" Bl

Hrp, g,

Al s AT DA i R R e 1 77 2 W 07 2 R R IR E AL,

=E[s’]1>0 (3)

© MEREEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 % 101

http://www.c-s-a.org.cn

i H AR SN A

Rl n=X (4) Fior:

Covmatrix; = Covmatrix+ Atrace(Covmatrix)I ~ (4)
Forpr, A9IEN R E, TR RE R

Huang % AP #2147 Bilinear Mapping JZ .

Eigenvalue Rectification /. Log Eigenvalue /Z 7] PATE
R EMIL A AT S 807 21, AR SCHE ALl B 55 B
£ SPD Wi BRI T ZZRAEAE R R AT T M Z8 N 2k, T
K TR, WO SRR ] 2 s,

Log

Eigenvalue
Eigenvalue

Rectification|

I
Elements in Riemanian Manifold
Flattened Space

Kl 2 SPD yiJE % ) Hifs
Fh1 - BB CNN i R Pl Py 22
SERE Cov, [KIIL CovedfE FE AIRESE K, T B AT e Aid
£ L G510 0 4% S22 P )5 2. 7 AR Bilinear Mapping
JEAR B e 5 1 D) 4 2 B 7 X, T AR ARG 2 E 1)
IR UE U 25 AN, Bk n X (5) A:
Xi = [ Xee1, Wi) = Wi Wy (5)

Hd, X, A%\ Bilinear Mapping JZ ) SPD i [%,
Wi ABUAERERE, X, % (1 SPD K.
fE4i 1) CNN 5 — Z B R AR & 2
hian ReLU 258305 s EUZ, T AEZR 2R TE T v LR H
Eigenvalue Rectification ZCE, H A& (6) fraw:
Xi = ff(Xi-1) = Uy max(eLow-)U_, - (6)

Hrf, X, 1 N%i N\ Eigenvalue Rectification /2 ) SPD 4

B, X N % i) SPD A5 B, e N BIME, Uiz N
Xy HORELEARSAE 10 T AR, I = U 36 U
m%%@%%ﬁ%ﬂﬁ%?ﬁ]ﬁ A B TH BRI HEA— 2L,
Ft AR BAE F Log Eigenvalue 222 2RI G &R
HA 2R R 25, o A B T DU P 3 HLmT BLRE A b
MR L A H. HAAm (7) ox:

Xi = ff(Xio1) = log(Xe-1) = Upot log(Z-)UL . (7)
Hh, X, NI\ Log Eigenvalue /Z ) SPD %555, X, A
B ) SPD HFE, U FIZm 1 A X RO FEARFALE [7) A
FAAEE, Bl Xy = Uk_lzk_lU,il.

1.3 EM#5%
WiEs 1.2 W X (7) B, BT R 2 R g ) 4 i

AW R B AT AR HE R B L L ARE 5, BT LR 2R
Log Eigenvalue JZ ¥4 73 1ii T- 3¢ 8 7% [H] 1] SPD 4 [ 4% 3|
KR G2 (Al . B4R Bigenvalue Rectification /ZfRIE T
S IEUE 75 A Log Eigenvalue JZ TR E S, {H2&
H T X BOS A G MR, 4G, 081 T 0 I E 5 &
BORh FERRNE, (i, i KI5 S ERREHR. N T
W WS AR, A ST AL 5N TE I, 29 S, 11 43
A, PRUE R 6 FE .

WRAEZE B — B R IT, FA1 T m) u%)‘é"ﬁm\ﬂi"]ﬂiﬂﬂﬁ ®)
Fr7s: 5"

-

. €
Liogreg = = ) (Silii) = 1=log(Zx(@.)  (®)

%E?E Log Eigenvalue /2] Backpropagation #IJP",
FATT LB EREE S (9) 25K (10).
6L(k) . TaL(kH)

ol =xU X, U ©)
aL(k) » TaL(k+1) 4

Horr, LONE k2K loss, 1A HRE.

2 SIS S54SR

T AR A S, AR SO e 2 ANl
RS ONEAREE E3258 TR, 75 VGG, ResNet
426 LR 2 51 731 Covariande Pooling™! 25
ST VAT LA BN T — 25 Tl A S ok
T 55 2 AL T R L AR T, E % R
U HORAE I T ROR, I EI R Sy AT
S b, AR SO LR RCRHEAT T R, X E A
T IE DTR3N8 R AR B 2 SRR .
2.1 LWHIEBSHTHNA

AIAE 6 DT EHEEEAREM 1 AN EH
MY BUBOR R AE B E S b SREe T AT ROIR; 6 ME A
FHE B )L Affectnet, CK+. FER2013.
FER2013plus. RAFDB Hil SFEW, % F 8424 sl A %
TEHARE R A Kai 25 AN TAER

AffectNet ZE 5. AffectNet & — N H BB K H
Hp TR E R SRR, HAREES TR BRI
Y RSN VA PR B, AffectNet B — NS 1)
YIZREE RN — NP1 ) MR L A, 72 AR SCSRse SR
B Hh g 8 AR ARG K0 (7 B,
R T S R Rk N TIN - 8 7  :

Special Issue & it£iik 19

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F 55313 5103

450k FKEARAE AR, 4k sRECIEAE A EE.

CKAHUE S CRAHUE 4 /2 28 L 1 52 00 = i 45,
1751 B R K R, B R R B J s T 31 i e 55 74
Mt e, Hrp T 8 Pl ARN. 5 H AT K Z 805k
Ak, A SCAE AL CRAJE I B s 3 Wik 15 B A
T2y, [A) AR A MTCNNY &5 5202 5t 18] A 384T A G
A, BRAERELER.

FER2013 #¥i#54. FER2013 ¥4l 42 ICML2013
(1 L ZE R A, — AN BRI IR S AR v PR B SR I 4
PEEE. FER2013 5 28 709 7K YIZR4E, 3 589 FKIGIUEHEAN
3 589 skl 4, ok B Fr ot 48x48 MK fr, SEA
7 MR

FER2013plus (45 4E. FER2013plus ¥4 /& %k
PE4E FER2013 4 JE 1 &, L5 1 10 Ff 25 Al 3245 b
%%. [A] Covariance Pooling TAF =3, FA 1B b
BT 8 Pl HE A2 0 NS MO (R R 1
FER2013plus S A4 il — S0 905, T2 A
T A bR E I F ik B R bR B, A SR BLE
TAE— B, MR 5 R S S U A 2 R 201,

RAFDB ##54E. RAFDB % 30 000 5K 5233 1)l
ZR10 40 PbRTE N A4 2 ER B E R, BE5R
R RIRR A5 L B A AR X o, 7E ARSI s 3e Y, 55 Covari-
ance Pooling TAF—2, SRR 12 271 KK AGIRE
B T4, 3 068 5K AE Ak,

SFEW #(#54E. SFEW %4 % 23 #i 4% AFEW 1
T, BF 958 KRS Kl v, 436 5K 4GRS K v Al
372 Sk MR A TR AR BRI AR TR, B LAIR]

DA TAE — 30, ASOR I ZREE ISR, SR IR R |

i SFEW it il /b, O T3 I ZRECR, AL
45 RAFDB $Hf £ 10 VI 2 85I SEEW B4 [ 2533
R, SRR AZ e 7). BT AffectNet S5 EHE 47
TE U 43 A7 A5 e 1 L, [ R+ 4 47 75 1 5
BEA AT/ ] 8, BT LAA SN T AffectNet 255504
H2 K TS BUER [ 93 2K 412K, BUER IE EL 5 T I SR 4R O R
ARG AR, TR XE CKAS5H005 R /KPRl . BEALET
S KA 3 5 T VAT RN R AR SR, B R RTS8 —
K 224x224. ASCAE PyTorch HEZE R EAT 5256, 4%
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