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Survey on Image Classification Technology Based on Small Sample Learning

LIU Ying"? LEI Yan-Bo' FAN Jiu-Lun'  WANG Fu-Ping"? GONG Yan-Chao“?> TIAN Qi*

Abstract Image classification is widely used in different fields. However in many scenarios, it is difficult to collect
sufficient data to train the model for classification. Small sample learning provides a solution to this problem. This
paper provides a comprehensive survey on recent small sample learning techniques for image classification. Existing
algorithms are divided into two categories based on different modeling methods: Convolution based neural network
model and graph based neural network model. The algorithms based on convolution neural network model include
four learning paradigms: transfer learning, meta learning, dual learning and Bayesian learning. The algorithm based
on graph neural network model was originally suitable for non Euclidean data, but some scholars applied it to solve
the image classification task of Euclidean data under small samples, which is relatively scarce. In addition, this pa-
per summarizes the existing data sets in literature and compares the performance of existing algorithms through ex-
periments. Finally, the challenges and research trends in small sample image classification are discussed.
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2 M 4 (Convolutional neural networks,
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FRAESEAT HR B, R 52 Bk, 90 R AN R AR
AR (Scale-invariant feature transform, SIFT)!,
J7 1Al B 5 B (Histogram of oriented gradient,
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ENR AR F S8 AN A A BERE AINREAS 2 STRORBEAT 1 9%
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et FPE LT K, FHFHIRE T KNN (K-nearest
neighbor) fl NCM (Nearest class mean) 733528,
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NGRS (] L = IR BT ROR ; SR [22]
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Fig.1  The procedure of small sample
image classification
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Fig.2  Generative adversarial networks +
siamese networks™
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CIRYSGEus a4l (Support vector machine,
SVM) #EA77p KL R LB 20 (Neigh-
borhood component analysm NCA)T R IHARZ
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Tiered-ImageNetP I CUB-2002". MEHE =1
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FIREIRE R ARSE BN 1 AE 3 B, /b
FEA BEMG 53 A58 FH 1 2 FH 00 £ S S 501 35008 31 51
AR 100 28, SRR 21T 10000, Tiered-Im-
ageNet (i EIAF] 77 £ 73, Omniglot Hd 4
CUB-200 #4517 528 WA A ECAR L F] 100,
Tiered-ImageNet ZHEEE K-35 W FEAEEEL 1000.
MASCE 3 T SEIR Tl E 2, KA ZE, KN
FEARBRZ | A R T BT IFEAREME 095, xR
A CT P NAN RN = NS s W S e i)

M.

F1 AN HBREENSERGR
Table 1  Quantitative information of small sample pub-
lic data sets
gk Hoptce REE CFHEARAE
Omniglot?? 32460 1623 20
CIFAR-100°% 60000 100 600
Mini-ImageNet"” 60000 100 600
Tiered-ImageNet®! 778848 608 1281
CUB-200"" 11788 200 58
vV L ﬂ ™
a) Omniglot ) CIFAR-100

ﬁﬁ&;;u,

) Mini-ImageNet (d) Tiered-ImageNet

(e) CUB-200

B3 VAR PR SR AR 1

Fig.3 Sample examples of small sample public data sets
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AINEE AR UG A3 28 S 1R S0 VRO 8 v 8 R R
N N-way K-shot". A f§H top-1 F top-5 K PF
Py MG o G FEPY. Noway K-shot: iEH N 2R {4
FEA, MR EMRIE L K ADNFEARBURE AN, — R,
N € {5,10,15,20}, K € {1,5} . BRI SRR B, #4%
TIN5 A5E Y AR e B NXK/I\#ZFKJZHZIKXTJU&
AT INER; AESSUE M B NHT B, X N RFEA
1) K MEARBGE FEART, AT N-way K-shot73
AR 55 HRLARE R0 25 SRt s Fo0i 2 01, FR0 2K 1) 5
SRR AR AT AR R BN PEAN FE bR, Top-1: 48T
WHEA 55— 200 5 SEBREs FARFT I HERR 2. Top-5:
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BTN 4% AT DA B /NFEAR R o SR Lk
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AT SIS AT
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W52 >), L AT 2 IR 55 T, 2 D, # Dy
BTy # Ty WRIERS = 2] o (IR EE AN H ARl A
(Al {EZ BATA PR, 75 22k — 2D A H. b, 4
I 22 P53 e SRR TN H AR R A AR 25,

el 4 o, WNFEAR BB RINTRERE,
TR 2 AR R R AL SR AU Bese B AR )T
¥ 5 SR LAy 2k TR RIE RS L B T I =240
IR T R A MR, WRAGILAE A,
P B RAE O BRI, DA SR HHE 28 R s 1
FIRIERE B, 3 THRFAE (I A2 A2 3k B S A
WIRAE 2 W) 3E R R AL, 8 R AR A i) Uy 0k
RMAE M RERBEATIER, TR SRR 22K, %
THEAFAERINE AT, — & TS HRE FUE 4
AL RAFAE, AR A A 7 SO R R AT IR 5
BT IR R DAL AT ST BB R R a2 TR
RENRPT | J8IXR 5¢ R U R BEAT 4 2] %
TR AT, — R g MU R &R, ot
TR SRS O & ST ICE S AN IR 5 2k B2
T RPN T W R R 2 R L =5
Al AR R RSB0 A, A HTX L8 2 50l e 5 oy
ATREAT FIRIE RS . 1205 VR B AR T e SR L =

AR E S 36 0 A . A8 SRR AN H Bnds A
A8 BOFE FIRFAE FR MRS 5 & DL KR R 3L 24
ANSELG 7> AT, 22 14 2 R A AR BB 5
L B 9 2 5 Ay DA R Y B RRAE A U 3. 7 AT
P HFEES ST AR, ANREASIE RS 2 5] AR E AR
UEAE A H AR 2, T HL I 26 RS AR A I
SRR AN F bR AT AN I 3 SRR

FRIEFEHL
B =
S mmm) | B+ R ::>
HIR Vi S
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e e
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K4 T

Fig.4 Transfer learning

2.1.1  ETHHENTIRFES
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HARKE, W A BN FEA, 1K /S T8
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XA AL AN ZE A PN BE A TA] [F) o 0 A 4 A5
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HoRE AL 5 2] B B BRI 6] M St
179398, 9 1 A o3 28 2 (R I 3k I SR 04k 0 7 S
i, (1) Fros, S —ASBr R  2k s 8, F R
ST
Loss = %12 Lp(p, W)+ ALM (o, W) (1)

TEFERAH R F2 g I Z R, Kb, Lp(o, W)
TONER B Bk, FITEE (Squared
gradient magnitude, SGM) #i’k LM (¢, W) Fow
FER G R R 2 5 it B 2k, 40 @i
AEXCAIERAE , LAORIER 3 — M EFE S RE R #dE
FHI153 2528, Choi Z51%) £5F Z 4 G H 28 BUZ 1)
ANFEAS S 3] ) AR T — b 5 R P AR S UL Y 4%
(Structured set matching networks, SSMN), F|H
()& FEAS (] (R AH DG 1. 2B I 2 AR5 R
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KEUNIMEZ AR ER 0 80 1. Tem HUE B
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SRR, I NAS 6L (P0G s . A A5 TR e 114 40
REHG AT S5, Tem JHEHL 1, B LR M 4 1E
Tt TOLIU ) DT k. R AR U A R AR ) S AR, T B
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T H B BTG L) 28 SIS IR 35, e H AR AE
S INAL R FOOR ) 3R B I 175 3R AR S 0T
R DTk, XX IRV B IR G L 21, A B
Tk 2 A O 24 o R A Sl 4 ) R A (B kS
T ELE YN B AR RO B E, LR ShR R A B
PRI HMEREAS . 5 Ak, 200 ) 286 F 4 BE P R 3 B4 T
S 2 A AR 5 U TG B AR BR ), PR T A A
MU SR B i R 22 0T ) 5% SR R R v, B
FITF A M1 2] . Kimura 2559 78 2018 £ H
T A [E T2 BB AR 2R T AN R A
DN R A AT LS BT . I b AT
1R BT R U GrRE A I 25— v e R (A AR A
RZOM P2 DL fiast #0046 )i, 825 o [R) ki 2%

em

TR — 1, R o ()RR I 8 31 2 A Y 2% R R
(A A5 75 5 U E D B B R AR, 3 2 A2 T
ZRBEAT IR, 20194F A BF 70N SRR Y 78 52 AR I 25 v
AN 1x 1 BRREM SCI AR ZE T 25 EE H
WA VGG 3i# ResNet S5 AF B 45,
TEFAE M2 TR 1x 1 BRE, #2501
HOR, ORISR AE WS RUBE AN AR 4 [ By 165 0 ) 2% 1) 9
2, A8 P dpe /s 3 [ VK L 0T R 2 4T 0 5
B 7 4 44 38AT 6 92 57, 263 I 4/ 19 51
B I 2.

213 ETHESHEHIRFS

Oquab £ SR HI ol Sems . iz 0%, X E&
BEAT 2 Yo R S BB 18 58, s 1R DUJR) B AR
AU EUE BIRE T, Oquab S5\ AR 4 X 45 112
B R RHAE e 0 BB EAT IR I 1O 2o, A HIAE
ImageNet £ 4 _F AUl 2R 8 X B G A 2 5E
AEBEAT SR, I HF A 70 282, M T I R 2% )
kK.

Qi ™ KT B 2 ST RN R ST AT 45
TR0 73 2 A A EE AT Ab B Ok S I BRI 45
2R B AR 2 I 2 AR R IE S E 38 ASL 5 2
L, BT AR BT RME R BUS, P E AN B
) B, K AT R HE TR ZR 1) 73 R A B, DL B
X HTREAS B 7 RAT 55

b VTR ) SR S TS S, AT
FRAE S AR 55 70 2 a5 ) 1) T S 5% 2R 3R AT J ST S A8
Qiao 55 7E 2018 442t E 42 B0 oR K02 T 73
KZH I (Predicting parameters from activa-
tions, PPA), —fkcih, &5 — ZBUGREZ S 7K
JE 1) AH N R AS B 2, R VO R HO 73 SR 2 2 1)
L — AN RSP A5, 7T DL SE I M6 7 S A 1Y
SHOIAT IR, VLT BURRHIE 5 7 S48,

2.2 TJTEI

TOEE S XA 2 5 3], LG S Uk — A
IR TCTT 17, AR R S AT 2 2T )
TGN 22 ST TR A FRIURS € AE 55 I KidiE
5, B XS AE ST IR I G B 28
117, AR LG SR AL 2288, X F2R A 4R
55 BUH FEVE AR S5 AT PR 2 2], IR RO N K
B> il 5 s, W SRAERF AR SR B AL
ARAEHURE R EoE SIS AR, B4 05 X Al 2
fEIXA AR, AR LA ) 2 S AR,
BV I 2SI 3RAG 22 S 2206, I RTX L8 2206 7 250 i
L0 HARAR S5 HEAT PRl — R WL s 31 05 5
B2 S R gL B B 2 N 2 b, B3R TR
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FERH T S TR e ). TR R
75 2 >0 K TR S5 3] — A P8 2 [ 0 P 2 Ao P
BRI EAFEEEANZESR, R A
S S PO (IR PR S Y 5% PR B B s e ) AN [
SE B RE R (B anfE A Sigmoid T SLER B4 ) );
TR ALK o o > B I R S e TR R R AT 2 06
RO PR IR S22 06 LA S A 2 RAEST. 5
— Ao 07 A TR A 2, TR Y
Te 2] H AL 2% BT — AN AT aR 4™

: 5
%
I | =

K5 ol
Fig.5 Meta learning

BE M4 ¢

221 HETEENMTES]

K H I 7€ #F 2 B & 7 2. 2015 4F Koch 4517
BEXTERER AR I TR A AR AL M 2%, 42 )
5 55 A8 45 G I 2R B0 4. RN SR — AN 2R A
28R FEASHEAT AHACME ) ok, B LA A o i ok 52 4 4
[F) PR IR 2 235 g, R FH R PGB 128 56 MR A 2 ) 211
REAEHEAT RRACM R B2 5, AR 27 >0 30 5 AE St ) 38
FEARHEAT 4025, BARZTT iR 52 A OB S8 50 R0 iR,
oy TR, (B B Se 50 AR H B E B, 18
BONE ARG 5 EEAT AR B 53 AT 55 I X
PLE BN UF B Vinyals S48 R 5ZEEE &, W
THIVLEC N 2% (Matching networks, MN)P 28 g 2
TR BEARFAE 1 5 2 ST RN A0 A7 it s 10 5t P o 42 P
25 JR R, AT LA/ E U B b bR o SR R
[ I 3 A R, G 0K B2 R 432K (Fine-gained
image classification) 1F55 A R [3& B, LR
2 KM “episode” W, B A JEIREE o KAE
WA SRS A, RIEMMESEE IR
AN H PR B TTAE 55, 18I SCRFER B IR, R
/MG H FREE B WRZE, IR 2 705 ) I SCE R s
BRI “episode” ML, 8L A FVE R T ML
AT B R SCHRN B8R KA 012 M 2% (Long-
short term memory, LSTM)™ %} EGRHIE# 1T 78
PRI THEINAREARR R e Rk =X (3),

k
9= a(@ )y 3)
i=1

Horbzg, g, RRELFFES = (2, y:)5, BFEAK
Honf Ribp2s, z ARMARREA. 7T LLAE ke A
PRAE B 2 SRR TP AR M A &, a 2 — A
VRSN, I A% B EAE ] Softmax SRSE
L, FIIA N2 T AR B IR R 8, FH R & S
S PN SRR AR A BURE A B A R A2 2. Bartunov
SEWTAE 2018 R T — A AE UL E M 25 (Gen-
erative matching networks, GMN), W\ BT A1
A2 UM RE — % A2 03 A, A 12 234 A2 OB R
ARBTG5, W0 T REA R Z AR, BRI
BORIIGEIE AT BA £ 8 K2R, D8
BRI BEAT NREA B 73 2RAT 55 . 5 2 RiTHDL E 9 2%
AN, ZITEA RS FEARBEAT AR IL R, 124
FEAS WS 3038 SN ZS (8], £E i A7 18] R 26 A
LA BRI BN FEAS B SURFAE 7] S 34T DL IS, o/ 1
RRALE 23 [R) RIS S5 (R 5 7). Cad S5 1 i 5
Ui R ICZ VLB M 4% (Memory matching networks,
MMN), J&— R A B A7 R BEAT 112 4 B O 70
)T, EOR PR IR BB R AR A2 S AT
R AL IZ AR, RS R TR S0 2] R, RIRL
[ () LSTM AHCAZ 8] BREEAT i, AR e 1 Bl
FRER R oRBE Ty, T B R IR R R L K &,
Foan O ARPRIEREAR RN )2, 1012 B NS 4%
TN SCRRER B RN ) B, R PR 2 ROl R Y
FRACLRE FE &, AHEC T R9Z0E &, v 2% FE T i
B Snell 3 H B R M 4% (Prototypical net-
works, PN § 15200 R 8. Jld 2] — AN
B, ERXANEEAE N, 728 ] DR A
B SR AR R B SRS REAR AT 0 2K, AR
RS, AT DU I AN 20 b BT REAAE
[FL) 1 1) SR 34 45 381 A FH K I 2 ok S0 I AR A e
Ja& 125,

Choi &% FH AR & #R 2 B2 &1, &0 3 F B
AR BRI DA BRI g T —Fh &
PEEE A ULHAC M 4% (Structured set matching net-
works, SSMN), MIATAE 55 1K BERE %718 T
T 2] AZBAUR ) RNN X B 8] ) A AR 25540
87 oy A5 B HEAT R AR RS TH 5, IR JR) B AE
A2 RRFEREAT 856, P 2 PR a5 2t 3 o R 1)
fE R, AEL[E] I3 N 1 AR R ) TR R AR
TEHE I S ) e, > ABORE AN [R] () S ik AT LU AR,
AR A XA B AR Sung 268 7F 2018 FE3 1Y
Uity 2] Sy FR A DS P 2% (Relation network, RN), & >]
— MR JEER B DL B T0 5 SRS A RIFEAS. FHR
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S 47 %

W 2% b P S B HR AL R, R NSRRI SC AR e RN
RO AN [F] (R A AT RFAE SR R, AH SR AN R
FEA IV RFAEREAT 3 1 T 45t A [RIASE AR ) (00 AH S 1
EEH. Zhou ZEP R T EE TR A AR 5
KECM LS, 7 SIARYE I R N A5 18], T AR N 25 []
7 ) B3 RS H BN R KL, XEBTSE I R, Ry
HrIREA L 5 2 BN FE RN RFAE EAT AR DS &
222 ETHREMTFES

— B, T ) AN B AT AEAS R
55 LR TC B AY (1) 180 27 ) FNPAT 7E B AME S5 T i)
FE VRS R R PR 27 2] 199 e R B H 2 5 )
ANTFAE S5 b B I RN, AR5 K FAR i 4 FE RS Y
K IEBAME % L)% 2], Munkhdalai 557
FE 2017 A FH B R 28 W 2% K it T — Moo I 4%
(Meta networks, meta-Nets), H T #5455 18] () %
2], A R AR, R TT 2 iR R PN B
B T BRI 2 TR R AR 2 2%
TR 55— AP 25 IS8, A B S 8O g PR
BUAE, TR R R 25 1) 2 1 38 5 38 38 1) = 1 B L
B & & (Stochastic gradient descent, SGD) ZE4
WIS EARR IS AUE. 1ZAE A I Sl o B Y
AN AR R SE [R) R AT, BLHE T0 A5 BRI SR, TRAL
A AR 1) SR, R AR LA 4 B
FEMERNTUE R, AR TS RIBUITE BT
TELEANE . TO AR AL 0] A7 i 72 A A7k 2% 1)
JUAE BEAT SR, FF R T A A AR R s [
4% >]. Zhou %P 1E 2018 4 H IRVR 70 % ST
7 (Deep meta learning, DML), B&#%7E A& 2 [H]
HHEAT 5 2], A R AEAE G B 25 ). A A
B =AM b MR 2 RS S To 5 > B AR & 1)
has. N Tk A —ANMFR R IER R, A
FS A A FH VR B 22 X %, DA 4R v 200 XOE S, 2R
J5 R FHRE G 1) e 28 204715 B R AR AL, R 42
BB B R AEAE 9 ME S F T 5 2] de it — A oy =)
ZITVEE R AETE SOMER b ()57 S 930D 7 AR e 7 | A
B SRR vy, S VR B Bk 22 I 2 SR Ay 2 BE N &2
R DU N 5 2% ) BE LS. Santoro 458 2
A RNN 2Ry g #4724k e 12 1 77 38, AhER A7
i PR 8 (B ABEZRKE 2SR AT 1 i, (ELJZ [R) Nt PRI
TR R RIS T KRB AR ], SunfE ™
RHMT — L% 2] (Meta-transfer learning,
MTL) F L R iR A R b A 8 S8 ) 24, [
I ) e B J2 U P T 5 H DA 2R 1) 52 2%

JC R A TV BN AR B D
[FRF i, Wang S5 £ 2018 R4 H 1 X TAEAT T
¢ SRR P B Kl 1 0 7 3, B0 AR R R il

PRI AR A R I — 0], 42 tH A FH A s Y ok
FRAEETRRE AR, IX L RE A ) LS AR AR e 75 )
HiET 3 B A Relu R4 MU o6 1) 2 2 80
ML (Multi-layer perception, MLP) /=41, F| A4
FRHIRE A AR A BORE A I [ AR RL BEAT I 5. 128
P35 77 R 25 S AR o S BIE AT A, th
TR FH A B 28 7 A R AR, DRI S5 25 SR AR 4 IR
H e T A B AEAR R i &, Wang Z509 2 17—
B [E[H 4% (Model regression networks), FJH
(A2 73 2R 2% 2 (R AR M. Z 7 TRV TE /MR Y
5 v 2 2 B 73 S8 8 RIE R A S o 27 2] B 1) 43
KA NAMFAE — M AR, AT DLIE i R i [ U X 5% 3
17520, [FI 2 AR /ey —Fh S 6 Fn AR mT LA B 7E
INFEAREE I AT 55

2019 FA B 7L WG & 2] 5 ou s 2 kT
e, P REE IR G MR (Attention at-
tractor networks, AAN) BIAUAAERT K R R
U, T HASBEAERSE FE T B AR, wiE 6,
MR B A, R B AT TN R 2 3] 4 2K
ZH W, , BrB B gia g IR A E =)
— MRS RS- W, , BB ¥ w, Fiw, 1E
NFELHUH I 73 RS Wy RN ToAF 55 1647
. T E MRS H = 2 — S8 w,, A&
ZAE B AEAT 73 RIS TR, (81550 2888 SN R
@, T HR AN TR A I 0 R NS 5.

223 ETMUMTES

B E/INKE AR B8 B (R B0 SR, SR FH IR 2 R A
RUE RS B T W2, SR JE e/ N R 4R bk
A7 T BGOSR T 285 TN R IO I AN RE DR AE XS
TR — MR W1 GRS 5. BT e
> RERS DRAIE WA 25 27 2] B — AN F ) a6 4k, AR B
WSS 5 5 T .

Finn M 7E 2017 48 7 —Fh 5 BIA TG K
(Model-agnostic meta-learning, MAML) [ 7G5 2]
FE. AR R R G O e ) Bk,
/b R LIS AP R AT LA o B5E F TR %5 1)
24y, RS UL AT AT 158 6 2 Bk I SR S AL
] B, an RAER A oI N AR 55, BN AN
AE S5 2= A R AR 2, R B AE AT 55 B i)
TR AT ZHAAL, AP B T8 10 7 AT 55
SRTIT MAML X 28 ) 24 25 1) 5 ek, 3801125
AT E, Antoniou T $2 HXF MAML #4740
b, #E—BHm T RERZAVERE, IR T Z 1)
WSSO FE, gk 1 T SEJF 8. Nichol S50 2 H 1y 2k
THALE JC2: 2T HE T Reptile, &l 27 5] 2% 2
HvIiHE, 5 MAML AN[F 12, Reptile 7E 54
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PRACIS ANZERAL FH 7> Ravi 00 42 5T 16
ARALEE, AR T LSTM o IR 252 5]
— ML RITIR AL, " RENS 1l 32 B B 55 LY
RN A AR 55 R AR, DUSE B8 47 5 BRURFAIE
FIF R 1A

HEF S

N T BEARHLE X K EAREFEA MO8, LR AE
SR A ST R R D LS 5 PR L IR, X
PE— R 5 23 sANs i 2. BUSEAETE , 1R
2 A SR B AN T REAE 95 A AT A2 OxT HY BL T,
Blhn, 78 BB AU, BGRB8 A Al A E 2

2.3

MR, J8 T RARAT S5 SRAR A X AT 55 5k I 2k
BRY I FIAE 25 BT 5% 10 ) IS S, 3t g e IR A Y
X A P AR i) .

REERRZ N 2% (1) H g fS L (Auto encoder,
AE) B2 XHE 5 2 1 — MR, BRI A e
T RO . AR (A SR B e 1 AT AL HE S A
SRR ATLI NS5y B gmAT ALY 45, N 3 B Hai
Fo M O B A DL R B AR . 7R AT N RE AR AR
I R, BT A D, S AT B Y R
1, AELJR HOH0E 8 9 B 2 7= 2R g S 0, v T A
BRI ZFEERRA R, A BEA 2 sk 57

SN, RG] NSNS SCRTR. il 7 R, Chen

B
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CNN | ¢
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SEOUALE 2018 AFEHEHLIE SCRFIERE I A (Semant- B iboe SRR A, HRRRT TR R R
ic feature augmentation, SFA) ResNet-18 + XJ{ 05 EMZHEIEE

. = =T =

TriNet M %%, FIFH IS — A HLHILE EHGRAE AN
T S () HEAT AR 4 SRR AR 3G I, 38 0 AR RRAIE B 6%
F & BURBE L2 FEPE, 5l NBAMEE SUE B AE
F ResNet-18 28 5%f G RFAE AT FR A, Jm i 2%
Encoder-Trinet 5 BT RFAE Bl 5 21038 23510, 78
T SR H SO SCRRAE TS I R S AT R B
s i S 18] HR AR AR O N R A S VR AE AR B
AT BRI T B AE [ 2R N AR 4, SR 5 K FH e i
#% Decoder-Trinet 5 SCRFE ST R 2 2 1) Res-
Net-18 FFAE~Z 8], RISEBURFEIS 0. 12 H 2% —A4
ity 1) v 1) P 28 HEZR ) B8 1E 22 J2 1 BB ARFAIE 25 ) A1
TS (A R A ST O R, TG T 2 PN 2 S5 ).

NS

IREE 5 ) 5T R i I 2 )2 N 48 S il 5
MRS B ER AR, SAR, HUiE BBk 2 HOSCR BT, ik
A4 2 B R EE Z ] BEAT i RS ) B XS
NI, BER A FHRI R, A AR Ll
FR, FRATTH B % HEO I PR IX A SRl DL 2
ST 7 A0 DL 2 =) 02 R 2 0 Je 58 43 A
H/NEARAS B BB G580 A0, EHESR H B AR1h.
DU 5] BEAR A MR 2 ROR P T AN €
P, I HE 2R R ) R S 2 ) N HE R AR BE HLAR
ke, DL 27 ) IR AN 2Rk i s L 2 50E 0, T
MRS O AT FFE T A0, AIZRAE P0),
b8 J5 1 F IR A4S B S AR 00 A1 P(X|0), ARHE
DU 2 SIRATME e SRAFFEA 1) R A1, a2k (4),
P(0)P(X|9)

P (4)

Horb P(X) NFEA X IR 236 4 DU 5] 5
TRPE 5 ) 856 O DU IR B 27 = LGS I 2% F BB
W, M B b E WAE AZ BE Al 70 4. Lake S5 4E
2011 & H )= X DU 7 4% 2 (Hierarchical
Bayesian program learning, HBPL), % ¥l & &
BEAT S5 R AR, ROk T A A VR0 FE) I @, (2 2
B [ARRM, R, SRR T —Fh i T4 5 A
TR ZRMJZ R ULt e B 90 ke 1 R E R AR 1)
WAL . AE 2015 4F 1) DU S HE 28 g2 HY 1 — Fob
Hr v SRR PSR BN SR 25 2] RE g2, [R] I
IO T 76520, AT LUONIRAT I -5 b il R L LA,
TR A [R5 10 8] SR O R B3 H i =45, AT
R E MRS, 2018 4F Kim S5 % DL 17 7 v 3
MAE ST CH) Ju s 2 S, K TR oy
A H5AESHAR RN Ak, A e ie

24

P(01X) =

TSI AR 3 R R O B v AT T DA b G R e A
B E G = (V, E)VE R — Mg, s v Al
W EWEGHK, EREERNBIERR. ££5
PINLES 5 2] VAR AL 3 B A 2 N 5 B, 42
P P b 2 B I e — TR A B RS, (E
R 22 AR, B B S IR FE 2 S AT R G o 1 —
TE R TAE. AR B Z ML (Graph
neural network, GNN) B2 CNN H T E#&
W2 b, X RRLHLAS N AR G 1247 52K

P4 22 W 45 7E 2005 8 B Gori 481 Al
Scarselli ! $& ) AL St 10 77 75 AL 3 B 25 M 2 s
SR H I Ay — AP ) &, SR T DAIX RO Ak B
s, EEMRIMEEATRE LR, GNN ¥ /& 114
U = SN ] SN2 N X E AV i
B 9 — ] I 25 i X 286 e ] 5 9 5T B 29 Sl
. Bruna 221 Fl Henaff 25007 37 2% 5] K] $ir
Wi it 1, ¥ CNN iZ AL B HERR K258 1
— R, 2 ot AN AR =, Defferrard 551
A Kipf G100 J8 ik 27 > B4 R B 1 22 I g e 1
THEAC I A, Li 451 F1 Sukhbaatar 55! —
AU AR (R, X X 2% 2 P IR A TR
PEH TG AT RS M 5 3T

FENREA S 2 T Oy 1R B 8 I 2 87 FH T R0
M RR 1L B 15 B4 #dE, Satorras 2517 7E 2018 4
P T — A0 v I B S RN 2% 454 (Graph con-
volutional network, GCN), H TH#i#e/L %+ L F
AAEVERIRRE. B2 SR e N A A
Rk, BRI 2 (17T S S A R I A B
K, WARE—AATNZRP) S R EE S AH AR AN 15 s A
A2, WK 8 Frow, ¥ 5 MA@ (5) #4)
8 H AR R B il B SRS B AU RN
)&, SR JE I (5) MR EE B, A AR B 1 A
RN, IR PR R T — AN TR B 1 A6 AR A 8 X 8%

v

Au0d yderr)

o

lg] 8 E%*ﬂ@%lﬁ]g@mn

Graph convolution neural network!
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Fig.8
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H i {8 FH A2 SO 1 K b B S B G AR 22 X 2% 0
A p.og(-) KR TE AN (6), ﬁiﬂ% MLP it

SEAR R RE AL, Hodr o) Fa ) gt A RE A
T FoRMN 2 S 2%

AM = s ) (5)

o2, 2y = MLPy(abs(z™ — ™)) (6)

SCHR [107] FIH BT SRS 5, BesCHbxs
A R AFARLPE TS (8] () AN AR AU PR 1R 4T 2455, 5 2 A1
S, Kim 1 78 2019 42 H 0 28 T bR 28 1) B 45
TFHZE N 2% (Edge-labeling graph neural network,
EGNN), HHHRE I/ AZ A TOAES, BIESCREEM
AR, T BRI N A AL A0 2 1) 1 AN AH
ABhHE: Sk 3% AR BT BT I AR RS AE R, 3 0 T A A Rk
FEAREAT B 2008 2E. Liu S50 F2 i 1 —Fhfe 32U
&M 4% (Transductive propagation network,

TPN), Z5A o se SRR AL R, @i xt
RFAEHR N 2 HIORT P 8 D 2% g B P S B0 AT R 2
2, KRR MAREFEAAL 8 BIRAREREA, 125
BRI RZ AL fE

3 SEIEXttE o

SRR B BT NREAR S ST BB 2R
VA VR 9 g A AP £ D 2% AR D R e 42 ) 2% A R 7
KK, BARmE 9 fros.

EMERELRABIES LRSS RS R

1) =FhEE T 2 /MR BB Iy 5%
AL, BN GRB R 22 3] (SR A R
AL Gy B RAIASE

Omniglot &R FAFEE, WHRA— AH
faj . MR 2 AT LLA ), 3T 705 ST VA SR

3.1

Pl 2 ) 2% A2 A

%T

HF
TR RHE

£T

%Eﬁ%ﬁl@
) .@ ®®

R 24 A A

LS4

®®

Ko MEAREG S FREEMN
Fig.9 Overview of small sample image classification algorithms
# 2 T I0% 38 Omniglot S5e 4R
Table 2 Experimental results of Omniglot based on meta learning
Omniglot
5way-1shot 5way-bshot 20way-1shot 20way-5shot

T E R TS MNV 98.12 99.63 94.40 98.78
SCHR [40] 90.80 96.70 77.00 91.00

MMN# 99.28 99.77 97.16 98.93

PN 98.80 99.18 92.11 97.57

RN®Y 99.48 99.60 97.67 98.97

BT BRI TS Meta-Nets!™ 98.00 99.60 96.90 98.50
FETARAH T MAML™ 98.79 99.48 93.43 95.33
SCHk [88) — — 97.65 99.33

Reptile™! 97.50 99.87 93.75 97.68
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1E1E Omniglot 3 4E F ) N-way K-shot 733845
RAEELF. SR, KA 2 FEARRD, 432830
RRAGT, K 20way-1shot [ 5256 45 B T HoAth
N-way K-shot 43245 R,
INFEAR UG S R BT R T IR
1£AE Mini-ImageNet 4 42 b5 5] 247 1) fF & %
() A R 2 SRR Wik 3 P, TR EM IS
SJEFEF, MMN A 7 d4Z 230U, e 1 EHR
FROERIZRIRAE ST, AT LA =) 31— N1 B 7 ).

*£ 3 HET 0¥ Mini-ImageNet 925645 5
Table 3  Experimental results of Mini-ImageNet based
on meta learning

Mini-ImageNet
Sway-1shot Sway-5shot

TR MNP 44.38 57.78
PN® 44.43 66.04

RNEY 50.13 64.33

MMN!* 53.37 66.97

TR T DML# 58.49 71.28
AANBET 54.89 62.37

MTL® 61.20 75.50

TR e > MAML™ 43.09 60.63
Reptile!®! 48.21 66.00

SCHR [90] 43.44 60.00

i [88] 52.15 68.32

INFEABIG r R B, BT R  SI
PRAE R 2] A B EURAE SURFAE S B /E Mini-Tm-
ageNet F#n 4 32k, Hh DML R IR 2
W 2 A 2 A s, AT DARE R K BE ) B8 K A
LG5, PR A BT R SURFAE.

INFEABIG R BEE BT e I R
FAAPES RS, ST oS S E
VEAHEL 3 2R 25 IR 22 18Il ) 48 S UM AT IR AL,
RGO T SR I 25 BN B, 1% R R RE g PR
XPEREABEAT IR, Fo 70 2RO T 00 S LA
JOS TR A N

2) B AR £t A e of 28 A AR A R AH SR AT

KIAIFEA R A KA, /£ Omniglot A1 Mini-
ImageNet £ bR = A2 547 (1) 43 S A5R.

W% 4 fi7n, GCNLTPN LLF EGNN £ Om-
niglot 4l 4 FHHUAT TARGF I 70 KK, fEH N
221 G $4 42 Mini-ImageNet I, EGNN )%
HFBRLFT GCN # TPN.

GCN A2 M FH A A 8] P AH DG 1 SZ AR, (H
RS T REARAELE M ZE 7 1. TPN XA 7 &
FIF 7 BEATE] AR S ME AU A 5GP, EGNN 1A H
2 A5 ) 288 o A A T) PR AH S PR AN AR S MR AT 27 2
BE— B R AL TR, RN R TR AR AL,
feim 7B R ILRE

3) H/MEA R Iy KEL R IE T = R
B SCRMIE B AERFAE SR IR 43 S 8 2 [R) T3 Bk
SRR, BB AR B IR 43 SRR

% 5 Jras, 73l A2 Bz ) P e A 4 Y
ST LR, 7E Mini-ImageNet #iE 4 55k
(1) bway-1shot 7> FAEE L T 60.0 %, 5way-5shot
(150 HAE FE BT 70.0 %, Horf SFA 1 EGNN ik
BT 76.0 %, X PUFhEEL 5 ml 2 ik 78 5 2] Bk
PPA. JG%: 2] 5% DML, Wl 2% 3] 5% SFA.L £ T
BRI W 45 (1 57 EGNN, HoH PPA HikiE
ok PO BR ORI 4 R A v 1) 0 K S8, M THHE
1 SV SURFIE AN 23 8 88 2 [ — AN BUR, (5 47 2R 4%
X T AN [ SCRFAE 08 35 52 S A ; DML 55958
FH R BB 5 22 I 2% 4 B 38 JE AR ) v 1 SRR AIE
SFA B5I8d Gn b — RS HLAR, X 2 f AL ISR 2145
A [A] P ) SEBRFAE SR SN, 1A S L A
(1 EURRFE. EGNN S0 2 Y AR AR 5 R AR A
KRR REAT AR, BE X EBAE BT A TR
8. ATRUE H, ) EHG e R SCRFE R,
S T NEA R RHIRE L.

IMFERF IR RS BIESR EHSSE
HR

NE— D WA MR B 9 KRR IR
B, AT LG AE VG 22 M K B 5 45 B AL LT 7T
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Table 4 Experimental results of Mini-ImageNet and Omniglot based on graph convolutional network

Omniglot Mini-ImageNet
Sway-1shot Sway-bshot 20way-1shot 20way-5shot 5way-1shot Sway-bshot
GCNU" 99.26 99.72 97.66 99.10 53.03 64.78
TPN! 99.26 99.44 96.48 98.59 54.44 67.05
EGNNI® 99.75 99.77 98.62 99.62 62.34 75.77
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Table 5  Experimental results of transfer learning, meta

learning, dual learning and graph neural network model
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Fig.10 Sample examples of tire patterns data sets
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Table 6  Test results comparison of various algorithms
on tire patterns data set
ik LY EE €T S PRI
Sway-1shot 5way-bshot
SCHR [79] Fm 67.09 85.55
FEIR 77.66 87.32
e 46.03 64.00
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FEIR 73.71 84.54
R 48.21 65.20
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Table 7 Comparison of small sample image classification algorithms
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