AR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

Journal of Software, 2018,29(Suppl.(2)):16-29 http://www.jos.org.cn
O [ Fh 2 e BT 5L P RSP A Tel: +86-10-62562563

— AT ERA BN TR A 5%
B AAR 253 #EE

((PEARKY FRE%05,1E50 100872)
R TSR TS SR s E ARKH),A6E 100872)
JEIAER: 28 %¢, B-mail: xirong@ruc.edu.cn

H OE: BRI RNEFE I BRI E SRS B RSE FREw AR a"\ﬁ'uéélﬁfﬂu;ézrﬂ
89 K A5 L2 & AT LA AR F 5] B 69 4m a2 3545 B R LK, I A LA RG99 K325 28 T —A 2 T
HFARLE M2 0 BAAEARF 3] 77 ik R R R AR 608 7 KMt 7= 4 K B R LA ARG 45 48 H5 RAE R 5] ) AR 40 A7
B MRS K P LIZF RN T AL GBI L 2 20064 T AFE- B X AR, A0k, 44
R AFARIRIE B A VT LA AR B AR E 5 B b B A AR 4 09T B K F oA R AFAE- B i X A B AL A AR 6 404
M a7 X, 7 A R ILEFB) 5| A EALER T AT IR 38 R A2 00 R L R AR 6] 38 o F B4R AR R3S o Ae B IS B4 42
BAE R, IR LKA 0 X3 77 A B 300 R LR ARG A 3 ARSI £ (AWA, AWA2 F= SUN)_E &) 52354
R BTG T EBAMAR, IR R AWA ERIFT LAY Top-1 5K EH1F 82.6%. 5234t RIEMA T iZ 7 ik 09H
Rt Ae e M

KR BHARF I B E E AT ST

rC G S R BRI 4 R, 2R R VR . — P R T A R 2H A M6 0 AR AR A 5 T R R 4 ,2018,29(Suppl.(2)):
16-29. http://www.jos.org.cn/1000-9825/18014.htm

5| %3 Yang G, Liu JL, Li XR, Xu JP. Visual feature combination approach for zero-shot learning. Ruan Jian Xue
Bao/Journal of Software, 2018,29(Suppl.(2)):16-29 (in Chinese). http://www.jos.org.cn/1000-9825/18014.htm

Visual Feature Combination Approach for Zero-Shot Learning

YANG Gang', LIU Jin-Lu', LI Xi-Rong'?, XU Jie-Ping'

'(School of Information, Renmin University of China, Beijing 100872, China)
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Abstract: Zero-Shot learning is an important research in the field of machine learning and image recognition. Zero-Shot learning
methods normally use the semantic information among unseen classes and seen classes to transfer the knowledge which is learned from
examples of seen classes to unseen classes, so as to recognize and classify the examples of unseen classes. In this study, a zero-shot
learning approach based on construction of visual feature combination is proposed. The approach generates many examples of unseen
class on visual feature level by the way of feature combination, which is first proposed, and thus transforms zero-shot learning problem to
be a traditional classification problem solved by supervised learning. The approach mimics human cognition process of associative
memory, and includes four steps: feature-attribute relation extraction, example construction, example screening, and domain adaption. On
training examples of seen classes, the relationship between class attributes and dimensions of feature is extracted; on visual feature level,
examples of unseen classes are generated by visual feature combination; dissimilarity representation is introduced to filter the generated
examples of unseen classes; semi-supervised and unsupervised feature domain adaption are proposed to linearly transform the generated
examples of unseen classes to be more effective. The proposed approach shows superior performance on three benchmark datasets (AwA,
AwA2, and SUN), especially on dataset AwA, it obtains 82.6% top-1 accuracy which is the best result as far as we know. Experiment
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results demonstrate the effectiveness and superiority of the proposed approach.

Key words:  zero-shot learning; image classification; dissimilarity representation; data preprocessing
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Fig.1 Flowchart of the visual feature combination approach for zero-shot learning
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ML 7 (dissimilarity representation)’ ,ViFC J7 iR 2KR-JB S R A FERJBMEE K b M8 R WL 2R A1E i 45
FIEZS 8] 1) 25 [A) B 0 3R 7 R B 78 A S AR5 E J2 UK B T2 B 26 77 A2 10 A L 2R 48 R 6T T DL I A e (14 225 1 B8
F A RUVE AL 7% 18] BR B R 5, VSRR AR A0 B0 SRR J2 ok B 72 8] R B 3R R 5 T8 1 J2E Ok b 7 T B B 3 O R R Ak
JEE BT BB dly, T2 3 s S A AR PR 451, O B3 R AL PR AR 451

2% 7] P B 2 7 28U T JE A AL 2 7R (dissimilarity representation), A& S F 24 BUAE(] 5 C S0 FE B 2 18] i AR ALLRE 25
TR R 7R, B 2 7 P 15 B T 2% 18] R B8 3R 7 I 5 38 7 i PR 2 () v 32 R IX — 28T DA <2 R 5 HoAth
AT L2 B AR AL 25 2R ok 38 o B 4 ) B 39 7] 5:(0.20,0.80,0.70); ZE ML BEAFAIE 25 (B 58 2.2 F P2 AR R L8
PR IR AT LA R 55 AT LSS A rh O (R R ABL R B9 R 2 R 3R 7, B 2 [R] R 9 [ £2(0.20,0.85,0.72). 7 A B =X
FEBSTHELSRAR B AN R B AR ABLRE A R AT 2 8] o AR ARLRE /N T BB PR dyy <22 BRI 48 O B AR R L 26
IR RUFEAR.
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3 X B

31 IPHEEMLINKE
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Xt A B IR GG B TRIRE SR 85 4 & 1tk ROk 50 2830, L 37 322 KB A SUN L4 T 717 Mg
F A 102 487 M R R OR, B 2R A 20 5K B A BTG EAR A ST M6 E 7 SR, AWA R AwA2 SR 40/10
{9 AT DL/ L2 B SR UG 2 0 K1) 43 PR SUN B4 25K T 707 A3 5628 A ml WL, 10 AR & W22 el F
AwA. AwA2 FI SUN i & (4l 73 2 TR A 2% 10t 5 rhos B i &l 43 O 2.

TR 7 % B AR 5 S B AT A 0 B R AE 3R 7R e, Co vz B A T GRS R BB A 2R R VIFC
J7iEAE F VGG19 4% FC2 2R HLIK 4 096 4ERFAEIO5R R B A, 75 903 5 A J2 T 1 403 2R WL 2SR 431 R B, VIFC
510 HR 0 S M A A 4 [0, 117G 18 P, T 3R 7 5 28 o Ja o R IO PR R 2R, 5 ) - T P 2K R i 2

St v B S2 5 A, VIFC J732 % F Euclidean BE 55 1 SRR AH B0 14 28 18 14 4 55 40 D 10 AN IX )L R 2 28 32
FE ) B ML (multi-class SVM)SE I B A T PEAR 1 5000 F DEAPM (35 46 57 (evolutionary algorithm)fE Il 5
B LARAK H AR R H S I 1 R A0 B SR AR ) AR AR - S M O R B TERE BRI B B VIFC VAR S T 3
ol B ¢ SR W 00 6 R A0 5 AE A RS AIE SRE BB B, VIFC 73243 A S 58 7 R b S (3] 10 5 A S8 o7 7 2 M B el 3 7
rh, 2% 18] 45 44 (1 UG BL Ak [FDBE SR DEAP B A6 S 7R
32 EWMHERILBESHH

ARSI T VIFC J5 ki ok AR AR 2 51 10 LA g RS A T B R R VIFC J7 3 1093 2828 g A S
INT ZA AT et (B AR AR S 5] SR S0 B 4 1 0 3 2R 45 51 6 L VIFC 5 R 0 4 2R 485 B I A o R AR
B2 T A

1T VIFC J5 AU TT 2 A4S0t 10 TR AR 25 3] VR AE 3 MRS 1Y Top-1 0 RIERIR R 1 1)
U 5% 45 50l B LA A/, BB ) TR 4R S B, 3R s SR A SC R R A A B AR ) R IEH R, R AT G — X L
T, 18 5 S 56 48 SR 1) AT b DEMIPSIZ%: 4 s 3k 1035 T VGG 19 M4 SR B HRRAEAE 3 NSt 45 E R R BLL: R
WHINE LEUEEFNSHS RGES AT -50R 1 PR, 5S4m0 mr B REARS% 5k
Et,VIFC J7¥:1/E AwA,AwA2 F1 SUN di4E FHFEE T IR B9 40 2R 45 R

TC W5 BHRFHE A& BE ) VIFC 757 (VIF Conguper-adap) 76 AWA F1 AWA2 $E 48 B0 I SEIL T 82.6% 1 81.4% )
Iy B R4 2545 BRI T 2480 T M 5E#E B9 VIFC 7 i RENS BT 3E B AwA R AwA2 B 82, 1 5[5 2
TX PR A B0 B2 1 J 1 S B 3 0 B X ) R IR X — R 5 VIFC 7 VR IR R 20 & M i R S &
M SUN ¥4 1R 2 J& 1t 2 5t B R B AR 3 5t i 38 0 43 1 3 7R 102 il 5 00 W0 2 4 2, 491 40 J& 2k “Coold”
“Digging”,iX L& J& P4 5 B 5K [ A BI04 4 #8216 5 2R B0 s 2 A VIFC J7 3 B3k B8 170 . IR Ik, VIF C 7 ¥
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B R e Z2 B A 1l A A SEVE AR BE, VIFC 5 1:4E SUN $dis 4 B3R BT Ak 57,1 GAZSLP®, CLSWGANDPHZ5 5
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Table 1 Top-1 accuracy (%) comparison of ViFC with the state-of-the-art zero-shot learning approaches
R 1 VIFC J7 iRl 2 ik 10 Z R AR 27 20 T 125 1 B (Top-1 70 SR IE T % (%)

ik L AWA AWA2 SUN
JLSERH VGG19 80.5 — 82.8
JLSER4ii VGG19 79.1 — 83.8
SSEINT VGG19 71.5 — 82.2
SSEWR3I-RELU VGG19 76.3 67.5° 82.5
MLzSC? VGG19 71.3 - 84.4
DAP!Y VGG19 57.2 58.7% 72.0
SynCos-ol3 VGG19 64.0 _ -
SynC VGG19 64.8 = -
SynC struett3] VGG19 62.8 7128 -
ESZSL* VGG19 75.3 75.6° 82.1
DEM!** VGG19¥/ResNet101 72.1/68.4 78.4/67.1 27.0/—
GAZSLP VGG19*/ResNet101 60.3/68.2 51.2/69.0 27.5/61.3
CLSWGAN! VGG19%/ResNet101 21.1/68.2 22.7/— 18.0/60.8
ViF Cron-adapt VGG19 74.6 75.3 75.5
ViF Cunsuper-adapt VGG19 82.6 81.4 82.0
ViFCemi-adapt VGGI19 94.2 94.8 415

#:AEH VGG19 W 28 4 U RFAIE S B 1% 07 ¥ T 15 IE i 3¢
§:Xian 25 APUE F] ResNet101 [0 24§ B (¥ R 5 BUAZ 7 15 B 43 I 1 2 )

i T B R IE B, VIFC D5 iR AE 3 N0 £ B R0 70 SR IR SR AR A 2 35 B3 T, U B 7 A R LSRR
228 3 AT % Ji5 8 4R A 380 1) A ST T SRR LSRR 14 23 A1 BT AR 328 I B A 91 e 5 BE 4 M AR B R L
IR s, TR TC M R R S0 I 5 V% B AE — s R el ) i 82 1) R e T R P SR AL R R B S S A
PR AR [ SR A AN [ S5k 2 TR AT A7 6 4 A2 , DR 182 1) e R AV T A

FERIERE B FE p FEHE S 25 R 1) 55 FARAE 51 10 22 55 a8 A1 9 X 2 P 460 A0 4 2 2 0t 9 e, DR 22 S JR 1 0
e Fp R LR A R T RE S 7 A — S HISEH. B 3 JEIR T VIF Cooneadape /7 125K 1 5 B AL 14 85 46 10 1 B £
AWA 1RSI 45 R SE I 25 R W AE G S R b B e U0 (KA ), 0 20 SR 45 R AS & 7 A SR B IR I 5, 73 2K I
0 22 3 AN R L 3% 5 J9 24 P2 F) 1 R 6 DR IR A 36 R 491 ) 22 A0 Ak, AT A8 K0 3 HE SR AR B2 5 AIE 7 110 )2
T b DR R 3 b 7 5 R DL A Je P T X 2 B R AE 3R R . VIFC 73R R T BE ALV e 1) Ja P 75 4.

75

: ?3_9________74-4 7 S .~ Y— Y
73t
7t
69|
67}
65
2 3 4 5

Five random orders of attribute replacement

Classification accuracy (%)

Fig.3  Accuracy comparison of 5 random orders of attribute replacement in ViFCiqn_adapt

B3 ViFChon-adapt 7715 5 N BEHL R V5 B # 0FP O IR T 3 LA

S WS B AR A& LA VIFC 5 15( 1 ARIE N VIFCoeomicagap) = A5 1 TN TEH 143 28 485 L A 5236 v, LAA
25 10 AN BEATL IR FE AR T i — N B N AE AwA FIT AWA2 BB 48 b2 W BRI 480& R VIFC 43 B3R 18 T 94.2%
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H1 94.8%I] Top-1 73K IEMA#; M 7E SUN £#i £ b R3RA T 41.5%01 Top-1 43 38 IR 2 3did 43 7 i s 365
TR 236 46 R, W] PR I FEAS R Sl 4 b 73 R IER AR 10 BOR 22 7, 3 20 b 2 R Bl 1) SR 2B BCR AR 2 2
£ AWA 1 AwA2 #i 45 b AN B9 I A A BE % 4 K-means SR BRI LB L G- A RS LRIk
SR RE A5 2 5 — S0 TR G ZE. VIFC 7 V5 IR R AE 38006 2 By B v, SR % v 0o AT 2R 031 o0 RS TE T DL ISC, VIFC U
I IR R WA R 22 10 A% B B SE IR R AR S A B IR A AS AR X Se 9] IR SVM R BUSR1G 55005 14 43 2K
IEM% AL SUN H¥a4E b A5 00 A AA N [R]. B T 00l AR HE AR fc TR 1) B8 28 45 IR A 49 R0 AR 10 R IS, 44 3
1) R R A1) R O 2, 38 A S 45 SR AR 72 S B 45 SRR . I B RRAE & B2 VIFC 5 2 Re % 1 R A7 58 11
AR, 7 A R TR AR 2 21 43 S8 45 IR (R A7 75 38 F 1 22 1R Bk .

A 2 W B AR AR S0 B IR bt B N R AR A B X 4 R IE W R AR E R LR 2 B/R T E S R NI A
I FE AR ISR AN R B REA I OL T VIFC JTVESRIF I 70 R IER N 2 7T LA 1, 22K DAFEALIY 50 A FE
At BN VIFC J5i54E AwA Fll AwA2 $di £ E3R1G 1 95.1%AM1 94.9% () 70 R IEH . th T SUN Hidf S 45
MR WERZ EH 20 DMFEAR,FAE TN AT S 518 5N, VIFC JriEIR15 143 28 IR 3 505 (62.0%).
2 B AR AR I0E S FR) DR A S8R AR T B4l B R A 23 A AR A FE AwA M AwA2 HY 25 2R IR A 08 AN 3 1A] 20 Afi B
ECRAL AR B R I & S8 0 A, 9T 55 2 0 1 A s 1 2 ) 2 T 3 AT AH W) . TR] LG 7 2 W B AR AR B0 R
FCIR S b i 23 ) 4 A K5 28 ) Ja M 27 0 2 [ 4 A 8 9% AH B DT ISC, N TTT 3R 45 18 RO RFAE ST 72 1 H AR 4
I SUN #5405 45 1O 175 L MG 46 A B, B — 280 20 DM REAS BEA B /D 28 W BE AR AIE 22 57t K, TC T2 T8 A R 3R
8,0 T 10 o o ) B4 2 500 72 T 43 AT 5 T 1 2 7 1) 2800 745 8] 43 A1 S R AT 28 UL e, DA TG 3 ol ¥ e B AR A1E B0 2
I K8 38 181 T A% B 4 UR 1) H AR U, 7 AR T T R AR WL SR IRE A8, 43 S 45 A 22 TR i, 2 M B AR L 480 R )
ViFC JREANE G HEAR N Z . FEAFEA Z FEIE R B A SR D 15 00

Table 2 Classification accuracy comparison of ViFCiemiadapt With different category sizes as input
F2 HEEEFMARFEFEREEE I T VIFCoomiadap /75 5 FE IR W LLEL

HE RN RS A NEAE (%)

EAEITES

10 20 50 ALL
AwWA 94.2 93.3 95.1 94.1
AwA2 94.8 93.1 94.9 94.2
SUN 41.5 62.0 — 62.0

TE ViFC J5VE  BE 1558 BRI T R0 I 8 1) R B dyy 3 K, AN T 1 SR L 28 308 43 A (1)
FEGBE A W I e A dyy 3 /NI 38 S AR A e A T b A IR MR 3 S 0008 104 3 A0 e A A A5 4 3 491
KE T LR, LR PR LS TEVE R O B ) RO B B R LR 3 A T EANFERIBIE dy WE T, VIFC
JIEAE AWA FI 2545 B 36 3 1, maxValue. minValue. meanValue. mediumValue 3 7~&F— 25438 H R (K FE
) FE AR SRR AR 25 18] AR PR B (W i KB /MBS CFIIE HRME. R 3 UL BME dg, FIEREXS VIFC LM
B R BRI 5, 3 190 R0 A2 43 I S AT DA R $E AR AR 388008 9L 1) 25 5R AR SR F & 36 A 188 19 5 2,0
3 A 5 FhEAE v E J7 2k R ) A

Table 3 Classification accuracy of ViFC on AwA dataset with different threshold dy, values
F 3 AwA HHEEF VIFC fEAFBME dy TR 2R IERR

wE T wEA 2 wEA3 wE T 4 wEAS
B d meanValue mediumValue max Value — meanValue max Value — mediumValue meanValue — minValue
I th
2 2 2
IEH (%) 80.0 80.4 78.2 80.5 82.6

Bl 4 JB7R T VIFC HIETE AwA BHE4E BAFT AR WM 4 545 R ROC 4k Bl 4 7T LUE W, VIFC 7
T BB ST 1 7 A AKX 10 R WA A I 47 43 28 it LK T SRR A R <R Sk f 1 2K (1) 43 28, VIF C i 43 2
AUC{EA LR /EIL T VIFC 7 A . 0 —J7 T, B 4 B R 7250 AUC 1E 9 0.93, 162893 28 TE A 22 11K
1 JE R FL A HE S5 28 5 o E B BOR AR IR B ME 2 B FEGIR 5 7= AR R B RE A LA T A 28 1
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HES 2R A BB E T 0.099 8, K b o A M5t 5 HL 3 #E 2525 Ui 0 () B 15 0.044 3, H 200 Jm 1k 1 1) 22 5
F LR D, DR IR Y <2 AR A A S < O A 91 X PR AR R 38 B T B2 1) AUC 528
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s — scal (area=095)
0.0 k=
00 02 0.4 0.6 08 1.0

False positive rate

Fig.4 ROC curves of ViFC on the dataset AWA
Kl 4 VIFC J7i:7E AwA ¥4 LY ROC i 2k K

T I VIFC J5 V57 A2 [ A WL SR ] (%) 43 Ak 47, B 5 J8 I +-SNE ATAL LR IR T VIFC 7 i i ok
SR A5 A0 S L P S B AR L SR A 1) 4 A7 [ AE B 5 v K 7 2R R R LSRR R R T Ao, S B
(K R L 2B AR [ T2 A 7, [ R 0 €8 3 7 () A S50 AR 5 T BAFR il e i R 95 5 VIFC 77 32 T R & (1
P81 2 Ho i T S B R LS AN (1) 75 5 XK. X 6 Ky 3 91 08 AT 280 F) 287 AR L2, O T DA EL B I 50 26488 T B
BEXT R W1 73 B X B — 3B R T VIFC JNVEIE BRE A2 SRS A R SR

o chimpanzee

e giant+panda

e leopard

© persiantcat

® pig

o hippopotamus

o humpback+whale
© raccoon

e rat

® scal

Fig.5 T-SNE visualization of the real test examples (circles) and the generated examples (stars) of
ViFC on AwA dataset
5 AwA BUHEE I VIFC #4345 A B sl R 91 1) t-SNE ] #4443 A1 [

VIFC J7 354 1E BRG] 5 S R SRR B AT — AR 4 FUH T AwA BUBE&EM A AR 2K
FLVIFCronadapt /TVECEHE )5 VIF Cunsuper-adapt /7 V5 CLH J5 A4 128 [RFE 5] 1) 2 00 55 SEBR 2R LR 1R 28 0 (R BR =X
PH # (Euclidean) 5 £ 5% i B (Cosine). 38 4 7R, 7E 1 W BRFEI0E B2 IIAE F R, VIFC ynsuper-adape 12138 FRIFE 51 76 %8 14
S ESE R W S8 0B B BT, I R AR SZ R B, 3K BB VIFC ynguper-adape 14118 [RIFE 451 £ 7% [8) 45 ¥4 50 030
o3 b5 B IR AR BN, R B U6 B VIFC J7 32 — i 280 R U S8 A4 2 3] B BRI 72 A V.
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Table 4 Distance between centers of constructed examples and real centers of unseen classes
R4 GRS 0 5 BRI L BE
IEF£ i (Euclidean) iL#% J5 (Euclidean) IE# Hi (Cosine) IL# )5 (Cosine)

chimpanzee 0.568 1 0.5829 0.264 1 0.2670
giant+panda 0.8009 0.752 4 0.559 6 0.482 4
leopard 0.678 0 0.696 0 04132 04325
persiantcat 0.717 5 0.682 7 0.478 2 0.4522
pig 0.559 2 0.490 2 0.376 6 0.3010
hippopotamus 0.479 8 0.484 9 0.2323 0.227 5
humpback+whale 0.188 9 0.202 2 0.032 6 0.0379
raccoon 0.690 0 0.615 4 0.399 6 0.349 1

rat 0.484 7 0.505 2 0.260 8 0.255 4

seal 0.489 1 0.484 5 0.265 5 0.252 1

Ei‘i%ﬁ}i’o\iﬂ’ﬁﬁu&%ﬂﬁﬁjUJ&?WJL#W E%Fﬁﬂwﬂéi‘izﬁ%ﬁu&ﬁ%,})\ﬁﬁ# liﬁﬁk*ﬂﬂﬁ’]%iﬂif .
5] 6 7 1 AE SUN Hfis 4 A9 K I A b, 5 M A 1 A BL ) Top-5 R IET 6 oh 0 T TR A0 SE B RS L B
RFAIE 55 A2 3 AR 81 R 1 ) R B 10, 0 €6 30 A D T 3 o I 8 UE P ) ) 288 Ly ¢ € T A 1) 1T 3 v IR UL
FiC () B B 6 BT BA HH, VIFC T35 AR OREGT (AR IS AE B X, ,%a,%a) 5 E AT P TR B0 A AL 25 16 SE2 B A 2
AR ERY 0T R UG C B RE ] (AR IERE ] xp), Hedm DL BE ) SE PR PR A AE AR UL Lt 2 Ak NATTIRVE P R B iR 20 2R X
HE— B T VIFC 753 RE WS BN I AEIA 0T 0 A1y B2 HH A M 3 R LSRR 451 BT B T 6 M 325 PR AR R A ot

PR FHRIR T VIFC J7 VI Ak

Generated example
X
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Generated example ey

X5 "
of a.art_school
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Generated example
X
of a.art_school

156.9 157.4 161.7 162.3 165.8

Fig.6 Top-5 most similar test images to an example generated by ViFC

Ko fEMRENS VIFC P ARG S AH LR Top-5 KA Skl

2% b, SRR UG AE T VIFC TPVAAE FREA 2 ST 55 B R 5By R0 RE R AT A B 11k 1 Py 948 S 2L, O BE AT RO A
NS AR HEH D) )L 72

4 Z i

52 BN FEBAT K0 R W HPIBAR KN BE JI 10 JR R A ST 7 — e T AL SRR 2 5 R 1R R A 2
2 J5(VIFC 75182 AR J 00 & M A5 BBl B AE F N VIFC J5 1 B 3R A9 J 1 15 e AE 4 2 R 1 R TR 3%, 0
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it 3o AR 2L () 7 2R 3 IR L S B8 (K R A R A 2 3 ) e A DA A 8 1) B 5 30 93 SR e i, DA T SR B
ARIFEFEAR A R R I VIFC 57,855 58 Bt 56 b, I8 B e A0k 300 2 A0 2 B AR 30 [ 40 e A ok
FEAS 7 51 B IGE RS 1) 8L, 5 L W B R AR 3808 N8 7% 1 7R 0 RE AR 27 5T 7 OR LSRR A A A8 WY 1 1D 3R 2R 0 A
FRRE LI ORI FE AR SR 13RI R R AE 3 A2 st i B B s 45 SRR WL, VIFC 752 — Mol i ot
REAE 2H G BT AR R 22 R A 2 2 ) R A 077 2, HLTE AwA MR 35 A T 2 i s e 1 43 28 45 SR 7B 5 20 7 L
TR A 2 S NRRAEBERE, T 70 5 AT R R LS 91 3oL D S s, 7 2 BN ARF 5 S B R L SRR AR R i IR 51 R AL
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