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Abstract: Many deep learning algorithms have achieved satisfactory results on many supervised learning tasks, but they rely on a large
number of labeled samples, and the classifiers trained with specific categories can only classify these categories. Zero-shot learning
wishes that the computer can reason like a human, it uses historical knowledge to infer the characteristics of new objects and has the
ability to recognize novel categories without lots of samples. It is found that there are sparse matrix and “cold-start” phenomena in
zero-shot learning task, these phenomena are also in the recommendation tasks. Inspired by the recommendation tasks, the zero-shot
classification task is modeled as a matrix completion problem, hoping to learn from the collaborative filtering algorithms in the
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recommendation field, which regards the sparse labeled matrix as the product of the visual feature matrix and semantic feature matrix, and
then classifies the novel samples. In order to make the semantic representation of each category more accurate, a semantic graph structure
is constructed based on the semantic relations between categories and a graph neural network is applied on it for information transferring
between known and novel categories. Traditional zero-shot learning and generalized zero-shot learning experiments are performed on
three classic zero-shot learning data sets. The experimental results show that the collaborative filtering based zero-shot learning method
proposed in this study can effectively improve the classification accuracy, and the training cost is relatively small.

Key words:  zero-shot learning; collaborative filtering; matrix completion; graph neural network
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y; =argmax,, —— ®)

s Il * 1l a1l
4 FIGLEER

AT VAR AR SO 7R A R, T3 M AEAR G I ST S5 R IR S 5% b AT 5246 R AT 55
% TR B 5 A B E D7V R AT AR S 2 SR AR W A SR L R P ) o B X R 2k 2 20 (CR-ZSL) J7 VW] LLE R
JREL FA) VNN A T i) pAY S 3 2 i 5 55 1) 20 MR 2, BE 6 £E A [R) A B AT 55 1 e RF Ao HAR S i R
41 KEBEEMLEIRE

PATR 2 AR 3 T FA) S 56 B 46

o SUNP:AKLAE 7 5t R HoHa 45

o CUB-200-2011 Birds(CUB)P°L: 41 kit /& 1 25 [ 45 Hu s 4k

e Animals with Attributes 2(AWA2) 81K 1 2 1) 1] 15 S 4.

R LRR T BB A GE TR b & B SR R AR AL B A 2 A BN R LS 50 % 1 Ja8 M AR A, s A
FOWLEE 1 Ve B X 28 g M i N ARV BR R bR v 0 T 45 5 1 200, 0t M HH B AR IO 40 B B AWA2 #
P4 A B, MR ARG 1O B A BULA T R A R A IR i DX 23 AN [R) 2K 31 ) T S 0 2% B DY BRI A
e 2 U0 TS5 RORRHERI S HEN PS REAT IR R4 1 &) 23 (PS Kl 43 < 87 B RS R il IV IR A5
TR 2840 g 22 Uk 2 SRR TR I — 30 40 S 0] ImageNet % 0t SE BT HEAT TN 25,0 T GRAE S2 36 (1 24 71k, 4
PS 73 J& BN S0 B AN tH B AE ImageNet $ff 52 o).

Table 1 Statistics of zero-shot learning data sets
F 1 BRI BRSO RAE
Bt EYEdERE IR B R A R

SUN 102 645 72 14 340
cuB 312 150 50 11788
AWA2 85 40 10 37 322

PG A SR SCH 2 S IR 55 B B AN, ) O U S AT S5 A DR BUAL 35— 52 B i YN 2R 2 )
P, X I () UM G A AR PR ) 93 7 SN R, AR 3 s O LR 2 A B A% B0 2 U o 30 JUAT IR VN R A 4
R PR A, T BN G A B D IR, ) SO ) S AT PR R 1 2SR B
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Table 2 Data set partition
&2 HRENY

G RIRFE] 7N EREES
Hamde | gtEARE WRAREAR | AR WA mMEEN)  WBUEA &G 280)
SUN 12 892 1439 10 314 2578 1439
CuB 8814 2 966 7052 1762 2 966
AWA2 29 408 7913 23526 5 882 7913

S LT Ubuntu 16.04 #E R 48 ) —Ht GeForce GTX 1080 Ti GPU,{fi ] Pytorch ¥4 & 2% S KE AL S8l %) T
550 {9 KLl EDC 3 4, SR JT] 72 1 mageNet 54 45 1 931 21 47 ¥) ResNetS0 7 2 {1 Ay Lt 5 4 il U 2% T
858 A1 AN TR B A 1 (038 . B8 g, 7 el SRR AR 2 A, AT 5 O I 0 U R B AN R AT AU, LIS Y AT
5 B SURNAR R R 43, AR 30 39 T 5 2 PR 4 Rl 2 Do) 28 5 B IR b 0 S A 3t LB N AR 11 448 52 ok 8 53 (R 400 4 i ik
A B AR R B A 40 36 e 1) 2 00 V8 SO 2R A, R T G 2 4 35 D 8 5 5, i T OB R 11 48 5 O o, d=2048. 4 30K
T3 4.8 70T BIAR AP 28 I 45 (1) 25 00 B R AT o) LU S £ 1o 3 B HE PRI R i 426 I ¢ 2 0 O 2 1R DR R 5
W 254 A 2 R %50 0.5 ¥ Dropout J2 BA S b 2 U5 — A SV HEAT W 2 48, IR NN ReLU 300 o B b AT AR 26 1k
e, 32 3 O R TRIEUHE AR T HL AR [ 28 Y 4 4 ) AR Gt AR op I g8 BRI AT T Xavier v EAT WIUR AL,

22 S YR 0.005.7E 1000 KIEAR 2 5,24 S 3 5 0.001, 141 FH Adam BA 55 T BV AT B 58 B

Table 3 Architecture of graph neural network

3 I L
W 2% )2 SUN CcuB AWA?2
TNYERE:717x102 | fA AN 4EJ:200x312 iy N 4E FE:50x85
L1 AREEHIMETLT=T17 | AR4KE [4:200x200 AR F% 4 B :50x50
GCN,BN,ReLU GCN,BN,ReL.U GCN,BN,ReLU
B YERE717x256 | G 4ERE:200x512 | i 4k :50x128
NYESE 717256 | I AN4E]E:200x512 | i AN 4EfE:50%128
L2 SREEHIMETIT=T17 | ARHKE [4:200x200 AR B :50x50
GCN,BN,ReLU GCN,BN,ReLU GCN,BN,ReLU
Y P 717x2048 | L 4E S :200x2048 | i 4 1 :50x2048
it | BRRIEAEE:717x2048 | RRAEHIF4E:200x2048 | HEAEHIFE:50x2048

42 MLEE*
N T VA A ST 5 3 A R 3 M 2 A AR MR 28 22 02 50 S509 DL RO SR 31 Y BT S0 0047 L
B, A SR UE S AR L IR ) DL R T2 AR LR 4.

Table 4 Baseline algorithms

x4 LT

FEUE T RN T FE A

DAP/IAPFE! 2009 TR S S AT T 7 25, 5 ) — AL 25 ) e R 2 2 s
DEVISERY 2013 A5 FE I 5 10 T 1) e 5 PR %A B 04 A
CONSEM 2013 A1 AR 2 i) 52 K PR AR AT Bk N T S 1)

cMTH 2014 LK XU e 2 P 2 STHE 2 (Al et

ALEX 2015 P LTt 2 PR, TE A 2 HE T 1 T AN TE B0 285 1) e 250 v %

SJEM 2015 T 2 B2 (1) 8 AR BAH B AN 7R

ESzSLM 2015 F5 T JUA 0 N 2 st o vk vl x4 4 T A o R AT A
SSEM! 2015 H U AT E bR RO R A B T BT e S R
LATEMY ! 2016 {68 P 452 1 B RSORS00 AN [R) 2R3 1 30 s 56 e A 0 482 1 R S 7Y
synct? 2016 {6f FH B ) 24 27 =) 080 45 ) 0 SC8 M N 5 i) 22 T 1 ke S5
SAEM 2017 FIN G T 8 2 0 I N A B R AT e S AR () A 24
pSRI 2018 1 H g i 2% g5 e nt 1, 2 2 m A GE SRR Z IR 26 RATR
ZSKLET 2018 I P A 7 3 2 =) LB A D B P A 1) 22 1) R A 2 ek
MLSE-zsLI8 2019 P8 VB A0 U D 2%, 12 2 1) 4 ) FE R 6 A A0 R 9 /0 08 SRR AT 2% )
SABR! 2019 A5 2 RO B 9 24,27 3T — N BEAT 1X 9 T SOl SCARARL IR ik N 25 1)
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4.3 FMERAE
FETF 2RI 23 Ve % (per-class classification accuracy) &k 47 22 I 2 > S BURYEN 105 T 36, AR A5

S BB SR AR AN S 0 A A s SR = A s i o B0 DL 5K (9):
1 # correct predictions in ¢

ACC =——
‘cE # samplesinc

9)

G TR A 2K .
ST SRR SRS S E AT R (U)o A RIS () VLRI B 25 () i = 3 1 BE R I8
bR S SRR R H B ACC, ACCe 4 36 75 it 24 1% (9) 17 110 L 4 v W 4 A0 K B v o o

JHRHE R 255 B AL 24 2 (10):
_ 2x ACC, x ACC,,

= 10
€ ACC, + ACC, (10)

44 HEFREIEERBLER

955 Y ST 5 o1 R RN 40 M 36 U I 2 R0 00 R A 6 90 ME W B, 5 0 L 0
E SUN,CUB Fil AWA2 S 85I 0 24 4 5 0146 5 5. 4% SCIR MDA ) 056 1 B2 D45 500 K R L 2
AP R T UM SEE], A SCHREI T CF-ZSUL S 04 Sl 5 38 0 T 7 08 b B0 A e D )
S 5 7520 ST RS 15 JM U SR 2 0 0 0 X 3R 0 %5 U ) A MO 3T
ESITDES B

Table 5 Compare the classification accuracy under the traditional ZSL setting (%)

F5 R AEG TR TS5 5 R R (%)

Ji i SUN CUB AWA2
DAP 39.9 40.0 46.1
1AP 19.4 24.0 35.9
CONSE 38.8 34.3 445
CMT 39.9 34.6 37.9
SSE 51.5 43.9 61.0
LATEM 55.3 49.3 55.8
ALE 58.1 54.9 62.5
DEVISE 56.5 52.0 59.7
SIE 53.7 53.9 61.9
ESZSL 54.5 53.9 58.6
SYNC 56.3 55.6 46.6
SAE 40.3 33.3 54.1
PSR 61.4 63.8 56.0
ZSKL 70.5 61.7 51.7
MLSE 62.8 64.2 67.8
SABR 62.8 63.9 65.2
CF-ZSL 71.1 66.2 69.2

BE MG 71 AN R WL SE Kot S AT S0 e I, thy 2 68 2 U ) ST BE 0 1K) i % B O 52 220 ) 1 2 0 4 v 452
o) () 22 SR RESE 15 201 AWA2 i AR JEE S W el 4, 45 0 2 AN TR A SR R s ) (-1« ¥ 540 R0 i U 558, 48 4 2 1)
ZSBOR; T CUB 2 410 55 A £, 25 002 40 Ak 73 O AN ) 55 28 3R mhm LU 52 3108 38 2 AR MR P 2
P Al AWA2 38 & /1 AR £idis 5 SUN il CUB |, CF-ZSL Sk X vl ff 22 35945 W S 42 7 S 6 45 LR W AR L3
HH PR 5 ST e o 2 0 46 1) S 7 ek Tt RE A A A4 4l 21 ) W T SCSR IR, 32 28 S A FR) 5% Wi 452 /I8 7 2% L JRE 450
gk b ok i HLAR S i R
45 "XERFIEFSIURER

J7SCF YRR ST AR S (13 55, D R AN A 5 B SR AR A G 1 28 A SR DI R R )
() C RN SRR AR, FLAEASFEAS ) T e [ O 235 SN2 S A2 U i) I A3 20 AR 1 G % Ik 0 R AT 55,
I SR I AT 55 HME PR v, ZOR B AT B IR A2 AL RE 1 3R 6 o T ) LR IS5 IS 45 R P u,
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s,h 73BN AR RS 73 FEHETR A TN ) 7 S 5 LR R AR A 5 AT S8 B SR (U 0 A 8 % T >
FE55 2R P T SR ME SR B AT ) SCF U 255 I SR AR i mT LU H i A A R AR M £ 2 0 2031
AL 2 53] 1A R A b3k 80— AN S5 (1 L, I LB 000 (0 HE RS 2R th S8R T U AE AR G K 2 SIAE 55 I 45 R 1
W1:CONSE J5 kAt CLAIZ I 1R 53 FAE A 4 () A e b 3k EL A5 SO ) 7 SHME S % (u), L o B FAR, )L ek xt
B FEABEAT IE A TN I P L 52 o S 58 R 5 3 B, b T R SRR AR 02 i) BT A ) AN T 2 %0203
AN 2590 i RT BEAFAE AR R AMBLIR 2000, BL AWA2 Bt 24 91, 3 28 a1 m (1 3 it 5 01501 v 16 D8 50 A0 0 5 A1
I DAy AR AL 3 ol i B8 T T SIS R e, BTN 2% 6 S0 R AT RS A s DX 23 8 R SR AR 2 b 2 R N
HSLESE 5. CR-ZSL Ty ik ALK S0 Ve BT AR BT 25 S AR TR AT AT SR A5 g PR 44 R [ I 7 AR SR R A 2
EizE A O Sy AR WU R

Table 6 Compare the classification accuracy under the generalized ZSL setting (%)
F6 BT LTI 2RSS R & (%)
. SUN CUB AWA2
ik u S h u s h u s h
CONSE 6.8 39.9 11.6 1.6 722 3.1 0.5 90.6 1.0
SSE 2.1 36.4 4.0 8.5 46.9 14.4 8.1 825 14.8
DEVISE 16.9 27.4 20.9 23.8 53.0 328 17.1 74.7 27.8
SIE 14.7 305 19.8 235 59.2 336 8.0 73.9 14.4
ESZSL 11.0 27.9 15.8 12.6 63.8 21.0 5.9 77.8 11.0
SYNC 7.9 433 13.4 11.5 70.9 19.8 10.0 90.5 18.0
ALE 218 331 26.3 23.7 62.8 34.4 14.0 81.8 23.9
PSR 20.8 37.2 26.7 24.6 54.3 33.9 20.7 738 323
ZSKL 20.1 314 245 24.2 63.9 35.1 18.9 82.7 30.8
MLSE 20.7 36.4 26.4 223 716 34.0 23.8 83.2 37.0
CF-ZSL 29.4 45.8 35.8 36.3 72.9 485 33.3 82.0 474

46 ETREAFEMTRFILE

BUAT 2 U 21 7 10 20 Bk 1 A 5K P 3R RS 4 Jey R AU AR DA ML R A, (LA 4 Jm e 4 0 47 3 P £ o A A
157 S0, S T ) X S P 0 ) e 2 S AR ] HG AR 7 0K JRE TR T RE 2 S BUR L S5 R Z A LE, Jag 8 DX A 5
SRV BB B — S A DI, T RE 2 A R SR T SRR AT O ) B 2 JR) A SR R A BE R A ) 1k AE 4R RLE CUB
HOH A R X ER 2 A L SRAEAT AR ] 4 Dl CUB B 4R v bm i 19 J) 358 DX 3, — M TR O L kL B
P RS RS IBY AR B 7 A R A DX R A 5K R AR B AL SR

Fig.4 Local regions in CUB imaget®™
Il 4 CUB Hidia 4 Il 15 Jm 3 X 1)

AN S SR A P S AR B (1 JR SRR AT TR S S A R W R TAR SCAE X LA o6t B AR Y
S A P R SRR AIE 1 2 VR 2 30 0 R R AT R TR AE VT B B AT TR 4 45 W B B ARER M TAE A R oy LG
A A8 FH 4 SRS AE 1Y) CF-ZSL J7 9%, 5256 45 3 1h 66.29%4% T+ % 80.2%, 523 T 14% (1 HERH R 42 T 1 M4 T Hifth
A5 T JR3 R U PR S U B35 CF-ZS L ik i B 128 81 de vt RO MEAF SR AR b by K T 3 W % CUIB 3k R 41 3 H5c i 42,
TR PRSI I A FH I 4 AL P R R AR Sy G AE RE AL, YR30 280 SR B ok v
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Table 7 Compare the classification accuracy under the local

region feature based ZSL setting (%)
7 WRET RN E D S RUERE (%)
Jiik iRTIES

SGAPY (local) 75.3
SGMAL (local) 71.0
RGENP (local) 76.1
CF-ZSL (global) 66.2
CF-ZSL (local) 80.2

4.7 HmBER
4.7.1 WS R HS I 5y b

h T UE T S DA B P 28 0 4% 1) A B AR 1 5 A 22 2 B R 3 Al 248 G A TS 1) R AT X LG PR A
SR AEAH F 0SB0 E T % B EEAT 10 2 5250, FE 0] S 06 25 FLBUR KAR A O e 4 45 R S 0 5 SR WL 8T LU Hi:
A5 FH 1 25 AR s 22 D0 28 A7 S 1 SRR 7 BE R R A6 SR A5 B I 1) 43 R UE A % AR T b e A %S 0 24 45 TG 24 11
FFIE R 7 AR SC 43 B 4 S8 30 45 SRS 5 1R D DR 2t 1 B T 22 )2 e i 8 A 2R A 0 A 7R O ST ) 2 v 4% A 500 1 B o
FEAARELANSL AN S W (1, 20 S 590 05T S 500 (8] PR A5 R AN B AR Lo by 1B AT A2 328 7 €] 5 R 426 190 6 A IS) 45 g 0
I R, o] LA R BR A ) A HEAT T S A it b, T A AR i 42 ) 28 3 L LR 7 38 A 3071 0 4 T AT A A AR 2031
ELAFARBA R REAE R 7 A 19 05 25 49 745 T Ik Ay

Table 8 Comparative result between GCN and MLP (%)

% 8 GCN 5 MLP [HEff 50T L5 5 (%)
SRR SUN CUB AWA2
MLP 55.3 54.1 51.2
GCN 71.1 66.2 69.2

4.7.2 VI E R 2 RE 0 SE 5 53

N T UE 22 3(6) H I 45 K 249 SRIE DU I0GS I 56 445 SR RS S AT 6 LA TN T8 G5 48 240 TR 1 8 2 s 2] 52
56 (RT3 2K B8 B A 22 3K (B) 1Y L) R B AT VR P AL S50 AE AR TR] 1 2 08T R % FLBE4T 10 215250 I sk 4
SR KA A T R ER 3R 9 1 I B S5 M AR e SR 0 70 SRR REAT — e Re B3 T AEWT T 5L i 3L
25 1) T PR ) T S LL B 2 IR ¥ SCOR IO #AN1: SUANR & s 1 Rk 1) T 224 1

Table 9 Ablation study of graph structure constraint regularization (%)
RO PG R L RE IR R sk 5 (%)
IR E SUN CUB AWA2
TC AR AE 5 68.6 64.9 67.8
AL A )35 71.1 66.2 69.2

4.7.3 PEANE 04 45 0 o0 b
Sy T B TE LAY 2 T T S0 BRI A 45 X 2% 5 ) S R 2R AR T R 1) 5 W), A A T A (] 2 R R A 42 T 4% 5 7
EAT 506, T8 i 22 AS [R] (1) B 2 4 B R A0 [R)Z 50T m S AR (1 Ry e 2 45 51 L3R 10,

Table 10 Effect of graph neural network structure (%)

F 10 [EIPhL I 4 45 h s (%)
SLI R SUN CUB AWA2
1 2 GCLayer 69.8 54.1 70.8
2 |z GCLayer 711 66.2 69.2
3 ) GClLayer 66.3 63.4 66.1
4 2 GClLayer 57.9 60.8 64.0
5 ]z GCLayer 56.7 57.1 61.7
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S 25 LR B0 T CUB A1 SUN %5 4E 110 5, GCN Z 50T /> S 8UN RN AE R f b 38 ik B SR AL 4% (1 )2 GCN
L RERI T e i AR 41T 25 MR GCN 2 25008 i, Pl mp 4 st 2 [0 A% 3o 10 JRL P (0884 o, mT 2 3 88U 1 257
AT AT URURR R ) L [ ) 2 R B 38 0, 2 5 3 O P B T TN SR BT A AWA2 Bl 4 |, — 2 GC
Layer R0 P i JoU R AT BE A AWA2 (18 SCHFAE B4 (10 248 Sl 4 J55 0 I 12k 4 J5 408 85 /1N (50 85), Bt 5 GCN J2 %53
T AL T A R O R RS DR A AWA2 2 Ik — [APRLRL RS B a0 48, 2 1) 22 S AW K, GCNL 2 250384 i
0] i 3 BUR A 22 5 W] 5 1K 28 0 2R 15 A A
4.8 WHURE WS

Pl 5 2 45 2% bR BIOWC S R 2 A A AR 2 I I AR IR I N AR b AR R 958 2 R BRI FE Hh mT DA H Bt I 25 1)
HEAT 451 5% R B A8 T A I s 8. 46 %48 500 YN, AWA2,CUB, SUN 3% 3 AN $idi 42 b (Rl 43 S E T R 43 53 Ay
64.8%. 63.8%F1 67.8%,34 1% BT ALL I AL 1) IR 43 FSUE A 3. 8 43 BT A0 v 35 2252 3 (1 S 50 00 R v SCan
AL v 1 P ol 4 1 8, 2 B A/ R AR T R TR AL SO R K AR R A ST VA AE A BR AR R L SR A B
(1) 3 T A,

loss curve

0 100 200 300 400 500
epoch

Fig.5 Convergence curve of loss value
K5 40 2k e B0 Sk ith 2k
49 HENRHSEEK D
N T BE DR S AT R R AWA2 B S v AR 1% 43 S R B 0 RE A HEAT R A A P 6 TR, el —
Y2 REE A E A 2 R B AN =812 e g 2RI E

EWSRE N AR

Fig.6 Misclassified images
K6 ixnKEIR
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MNP AT DU A K 2 [ A5 AN REAR ) Sk b A BT s 2K 30 1) 0 P AR A, L 122 000 £ 0 P AR A A S
) Jet P 8 R S 22 S B, RIS 2 A SR B DA R A 5, 3K 8 8 A A iy Si2 AR A e 1 7 2

5 B %5

AR 1) I EG 3 FAT 55 Bt 17— Fof b ) 3o e 5 o 2 075 3k il s 4 0 b 1) b ) 3o 9 RS AR,

R 2 2] I RE A D — AN AR SRR ) 7L, A N7 T 2 T o A A AU A AR R S s R
R0 = T £ SR R T P 150 L SR PR G ik 3R s, DT A P A e A R0 o T SR A R o T ) e 8 A, S BT

TN FEAR I 73 28 e A1 A T A8 S 24 )3 S S st v IS i ) PR iSOG IR, e L R 2K ) 0 TR RS 2R 2 A, O R
P26 B o 2 90 % S0 1 s, A A A VY A A5 T L R R A 3R 7R AR S T v e vt 28 i P A A AR AR 1% 4% 300 YK ~500
YR B AT I BT A 5 P A I A 2R S 06 4 R W AE AR R LA LR B ST 55 L AR S
CF-ZSL Jj i1 AWA2,CUB Fll SUN IX 3 IR 4% 40l 48 E38REIE B8 e HARFE 1) S 45 5L 08 ik vk AN )
1453 2% bR 0 SR P A TR 1) 9 TRk 8 A 70, ] 8 2 B8 4 il 97 s ) 3o 908 5002 10 A0 A TR AV T AR A5 Rl 48 4 AT Sl R
TR BRI T 1) b A AR AR AR 2 0 A R 2.
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