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Abstract: Deep learning models have yielded impressive results in many tasks. However, the success hinges on the availability of a large
number of labeled samples for model training, and deep learning models tend to perform poorly in scenarios where labeled samples are
scarce. In recent years, few-shot learning (FSL) has been proposed to study how to learn quickly from a small number of samples and has
achieved good performance mainly by the use of meta-learning for model training. Nevertheless, two issues exist: 1) Existing FSL methods
usually manage to recognize novel classes solely with the visual features of samples, without integrating information from other modalities.
2) By following the paradigm of meta-learning, a model aims at learning generic and transferable knowledge from massive similar few-
shot tasks, which inevitably leads to a generalized feature space and insufficient and inaccurate representation of sample features. To tackle

the two issues, this study introduces pre-training and multimodal learning techniques into the FSL process and proposes a new multimodal-
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guided local feature selection strategy for few-shot learning. Specifically, model pre-training is first conducted on known classes with
abundant samples to greatly improve the feature representation ability of the model. Then, in the meta-learning stage, the pre-trained model
is further optimized by meta-learning to improve its transferability or its adaptability to the few-shot environment. Meanwhile, the local
feature selection is carried out on the basis of visual features and textual features of samples to enhance the ability to represent sample
features and avoid sharp degradation of the model’s representation ability. Finally, the resultant sample features are utilized for FSL. The
experiments on three benchmark datasets, namely, MinilmageNet, CIFAR-FS, and FC-100, demonstrate that the proposed FSL method can
achieve better results.

Key words: few-shot learning (FSL); multimodal fusion; image classification; representation learning
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X°E€ Dy, ilitEA :

X7€ Dy

B2 SHEAS S SR MR R 4
31 RIS

I 0 AN RE AR 2 3975 A AT N PR 4 SR S5 T L 0 B 2 5 K /R A 54 55
D = (D DLV (L, 7 2.2 A 762 T 27 TR, X A A5
PR 2% S R A ] P AL 22 0. Lol 2% 59 S S Y ER  26 RE AT 5 (R R g, 26 L
SRR R R 26 RE AR BIFE A0 RAL, T 26 25 2T 5P BT 26 R 0 0 T S5 M AR o5 T BRI,
FEREATANREA TE25 ST 152 BT SB35 M98 2K ST TS, AT O G 22 R ).

FUPH, B 50K B Dy £ 25K 1 ool AN 31 TR E A, 25 FEAY ph SR8 1) A1 K08
Foy ) PSS 4L, BT LR 1 T % 0 e B 75 7 1 5 SR 00 £ 2K 31

0~ argglinE(x,y)EDbm LWy 747 (x), )]+ R(O) )

b, @=(0,w,), 081w, 73 HIARGAHAEFL I S BN RS HL, y WUIZRFEA x K BLIRIBREE, Lo K28 S
PR BREL, R(O) AR IE M. 120 A%, T I 00 R B HCs i E AR 1B () € RO N ] 4 Jey it A6 A 1 i
i f7AP (), B 74P () = GAP (fy(x)) ; fESEEER 1, 320888 1 STREFE A 53 BE B0, JL00 AR 224 R IK S
AP BB Lo i AR RIA T
L = —log(p,(x)) (©)

e, py ) AR w £ (x) 223t Softmax 433 f5 I T y AR TG
3.2 MAZRSERNNMERES SR

TIN5 AR G AR 2 b b S B X T BT AT 23 2 B, (R4 R R AN 2 27 ) DA ) 2 A Y
Z IR 25, ARG SIHEAL RSN SRR AT 220 PR 20 0 B bt A SCAE N SR 3
fih BRI NMEAINZRAT 55 Dt XPRRREAT 7057 >, a2 (1) Jros. i FAER N K K FEAVIZAT S5 7, e D, /)

train *

Ti = (Do Diy) », ASCHR LT ZAASAF B 51 T (K0 J5 BURTELE 5 SR, IAFAS Joy SR AIE P I 8 A7 AU R MR 1K) Jo
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TEM AR IE R IR, I3 T A A ANRAAE R H 4R 3% 50 AR b T /AINREAC S STt by (8T 3%, T I SE xR 5% 5
RAFHATNH, RGN AP I T 2885 | 5 1 R AR 5 SR s
321 RIEIFRA

FELR I GO AT 5 (2R 3.1 719), 20 2888 LR A S MY, WK UIZRRE A 22 3] Retig ¥ H brk
TR 53 FF RN 53 FEE T 1. FE/NREAAE BT, XM S 2V 43 AR 3T VN 2R LU A, RERERAT /IR AR 27 3] T %
% K R THE U TE S 2 AR AT /REAR 4 28, 5 P 4 i bR 0 R BR B R 2 . ARSZAHALE L 5 G BE 2 45,
b, BET AR ARDUE B R A 9% 43 2588 (cosine classifier) #AIE W HE A% B 47l FH T/ A 2 =] 59601,

X TALEEEE N 2R K FEARNGALSS T = (D], D), RIZIFFERIE T MU AT R A 2 8] 1) R SZAH AL
KEBMARFEA TS, A @) Fior:

a4 — (x4 4
o =arg g, s @

S, pen) BHRBEA x € Dl i TR ¢ IPMER T, 22 X0:
exp(fe 7' /1)

exp(Fe 7+ Yy exe ST

S, FREIA A ROMRBAASERR, T, RIS, « UL FBIrfb A

SV S A 25 RS 5 S 1. U AR AT 55 B4 52 (S8 SRR 5 MU P A2 3]

R, WS AS (6) BT

pe(x?) = 5)

i i 1
LD 1Dy )= =57 Dy 108P X" ®)

oo, y AR x9 ISR AR, py(xh) AT po(x) FRFI A B T3 y 110 B O
322 ST DR LR

ST 5% W, T 58 3.2.0 A0 AR50 S0, PEA (URF I i BB o 5 3810 43 SR Chen 25 A B )
BT TR 4 1 A 0 P 4 it 75 80 O RE A 5 L B MR T 4 00K o 3
HOREAF AT INPEAR YK, A5 I TR AR B OSBRI v, 2 M AIIZAT 4 75 = (D DL,
TR A X0 € DY, RIS AE A x0 € D, 0[] 2 7%, 350 R T I R 0 8 M B I 7 0 o S s
Rl A MR XLV R R 553 1L, 2 M A e 2 R A RO MU SR S AT 45 3 B A 0 2 B
SR, B S A S L A I 2590 o OO 2 L FRO AT S, S5 s o B A 0 R £ 5155
SEIREAEAE, FI T ANPE A 42K

o SR HEHL LIV A xSy, BEHRUSERE R SC AR T 45 B4 VP = f(x%) € RSP TS € R | %
HEAS Bl A B T AV RO RS 2 b B 0 2 BRI GE

F' =[V* T (7)

o, [ W BB ST, REEF € ROP | J M ELERE d = c 41, AR (7) 1, FEAIRLSEAHE Vi b SR 2
H, S SCARR A 5 L TR TR Word2Veee 18 SCial [ SEMST 51— AN 55 10138 U2 rh 348 3 - JE bR
SEPRREA, 1 TREAK BB 00 T R, S0 AT 5 B0 A SURLSE S B0 5 1038 S o 3, B
T = g,(V9), g, () LS ERAL.

o S5 UVERE IR, 5t VIR A 1) 2 A T > € RO RGBS A< ) 2 B F B9 € ROP | 1 T
F P AR RE A I S AT, A AR A IR R 2 1) FLAT S8 G RS, A3 R4 S R BBt e SO 1 i i
R A F T € R0 i1 Y € Resw 2 i) (R e 52 S e

[F_]{F_) "
- el ) e

A4 vy € R AR INZFEARRIZR i e i k-5 WA A B A J) B AL 2 T8 AR S, D3 DN ZRREAAR R T
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AR AR R AR SR B e, S,
r’=(r,r3,..., r,), m=hxw 9)

AR, SRR A AR T YR A R B AR AH AERE I 19 = (e9)T . 2R AL Hou 45 AP, AR SCORHAR S R B I H 25
BUZRAN I mx Ux VIERRERAE £,() 13 BUBE— R FRRFAIE (AT DG R 2L, JFAAT Softmax 4TI (LAREE, ik

AT = (A, AL, AY) (10)
Hr,
exp(Wré/T
A5 = p(w'r;/7) . a
exp(wir}/7)+ st(l N exp(w' -1;/7)

FAOCZRE A F SR FRAR ). A DGR B FE A R AT SEBR B 58T DGR A AR R A 2[RI AH G (1 X 35K, A 5
WIS A (12) SFAFHIFEAGKFAE £ £ 2 [A]6] LT g .

f* = GAP((1+A*)OV¥)
£ = GAP((1+AY) 0 VY)

AL RINAE AT (12) S FIAE 5C R B BRI R HE AT AN A B AR AR HE SE AT ) T/ NEEAR S 3]
33 ZIREFESTTREE

152 ARG B b FEA SCARHE 13RO — AN LU AL F L (R D R, X T JRR 28 A I ZRAEA, FoAiTmT LA
LS SR8 (¥ 3 SCIA ) 2 (41 Word2Vec) SRAFIHLSUAKFIE R IR, AR TS 5bR 2 A S0 (60 B0aRE AR 2 e 52 L
SCAKEAEFEAN BB 15 I A 0 A, A SO HH A — A [ 1 22 ) 0 S 300 B e AN SO AR AR A T8 SO 5%, — HLFE 4%
I ZRA20 5 (R0 SO (DK R A NP ARG S AR HE R R,

FLARH, by 7 AE bR (] (1 2 TR)EAT A0 R AR SCACREAIE R 1 SO 5%, ASCHES 3.1 15 IR B SR 2R B A
HRGINZ XS FNZRIFE. R TAE R INGAEAR (X, ) € Dpase , HHL A O FI VN ZREE, 15 56 LA 5 AE S IO 3T
A HE B IR BIRE AR I RLSEARFAE £OAP (x) FITE SCIA [ 8 Word2Vec(y) 5 Joi 43 K A0S A 0E R S i) o Bt 38 1%
FERIZS [, R

12)

Vx,aligned = ga(ngAP(X))
ty atignea = 8¢(Word2Vec(y))
FL AL (14) LR EATZ N R FR:
@ — argmin B yyeny,. [L (Eignea Vxatigned: V)] (14)

Hrh, @ = (0,¢) W TR RS E, WU RE g,(), gs() F1X T BFEAE, tugnea FITH CHNZEN Coase 7675 [ ]
SCARFFER R, W LA B, A3 (14) B DERFAEFD SCAREAE NS 55 3 4 il 3 R I . i F2 b, AT T 2888
3.2.1 TABIIR LI IR, BT IXBE SON 55, ANFEAC 2 SIS ToAR 28 A A AT AT AR J7 (6 1 2 - oA AR
PRI 2 L SCARIREAE, DA 3.2.2 5.

4 SHHH

13)

4.1 TIOWIEE

R 3CHE MinilmageNet, CIFAR-FS #1 FC-100 1X 3 ANHEE 15 7k a2t gt AT 36 E. o

e MinilmageNet $(#;4E "2 ImageNet Zii 4 i — A4, 15 100 251, AR5 600 5K 5, R7E K
TGIFI T A 84 x 84. 100 NGBS 1 64 FSH TAIYIZR. 16 JEH TRIIGIFRIBESH0E RS 20 A FARLALINLR,

o CIFAR-FS #i#i4E M 36 T CIFAR-100' 7Ry G 11 /INFEA KA 42, A5 100 AR50, WA A5 600 5K &
1%, BRI EMR K S b 32 x 32 MR AER KI5 28 64 2R FRUBIZR. 16 0 TR UE A 24058 20 25
TR

® FC-100 %rdin 4 MB35 T CIFAR-100" Wy ZE () /NFEAR S 42, ©0KF CIFAR-100 ) 100 AN 515143 20
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AN, Tt 12 AN (60 AN000) T T RIS, 4 AN S (20 ANFE50) T T BEBYEG U R S 50 #, 4 Mk
(20 AN H TR X, Hictts 5 b A B R 1) RS CIFAR-FS s SEAH ), 24 32 % 32.
42 LWKE

AL Chen %5 A PSR ResNet-12 52 1T M8 347 /INEEAS 232 3] ResNet-12 45 1 4 iR 2R 41 ¥,
AR 3 NMERE, B MERZEH A 3x3 18R, — BatchNorm 3102 LUK —4 ReLU ¥#iG A
BN, 4 DR ZEA G AR B 64, 128, 256, 512, FEREANTRZEH G ] T 2 x 2 f 8 it A 2%
FEAUSAEHEAT FRFE. N AREAR IR LR R A — A 512 YERRRE 17 =

BRI TR G575 5 B0 AR (R IR AR 53 32 b W S8 AT USSR 40 82 30, 4 ) J IR BN 0.1, ikl
SGD, R & HE N 0.9. 7£ MinilmageNet. CIFAR-FS Fll FC-100 345 4E I, Y kit K/ (batch size) ¥ & 4 128,
WZRIE 100 IR, 5 >0 HAEH 90 RN RISk, kR T 0.1, TR F538 4, X4 52 58 v 25 v
Word2Vec $ZIAF 24554 300 13 S 0] 5, 545 R4 A 3G N R ERHE S5 v, ¥Ias i E R 10.

FER A 2SS B INEEAR 2 ST BE, FH T 5 ResNet-12 0 25 H146 P 5 AE B BCAS A1 42 JR A 5 43 25 850
g3 AR 4y HBE — EHIA AT AT B AL, 71/ EA S SRR AR AT 0K, BT MIINZREE 53 52 EBEHL
SRFE 72000 AN/MEAATSS EHEAT ISR, INZRIEAR 60 IR, BEIK 1200 MES. B XINZIEARL UG, 18 NRIFSE S
X EBENIRAEEN 2000 AS/NEARATS EXTEBS PR BEHEAT VT4, F 05 2470 IR A 43 32 EBENLRAE 1 2000 A~/ E
AATSS b XPREA 7 A BEIEAT U0 AE . BN R A SGD MAbgs, shiE K/ AMEE N 0.9. MR R E N 0.1 ZH
BLaE S B TR SR 30 JORAR. 40 UOEARFIEE 50 kAR G272 2 T2 T 2] 0.006. 0.0012 1 0.00024. /MEA
RILA DR FREAT T B I& B R AR S 5, MR & A 10.

# 1 MinilmageNet 2L 4 X LES2I6 45 51 (%)

. b _ MinilmageNet

ks ETR% SHIFEA SHSFER
MAML" ConvNet-4 48.70 + 1.84 63.11+0.92
MatchingNet"”’ ConvNet-4 43.56 + 0.84 55.31+0.73
ProtoNet" ConvNet-4 49.42 +0.78 68.20 + 0.66
RelationNet"™! ConvNet-4 50.44 + 0.82 65.32 £0.70
R2D2" ConvNet-4 51.20 £ 0.60 68.80 £0.10
AdaResNet®” ResNet-12 56.88 + 0.62 71.94 +0.57
TADAM! ResNet-12 58.50 + 0.30 76.70 £ 0.30
TEWAM! ResNet-12 60.07 + n/a 75.90 + n/a
MTL™ ResNet-12 61.20+ 1.80 75.50 + 0.80
Variational FSL*” ResNet-12 61.23+0.26 77.69 +0.17
DSNI®! ResNet-12 62.64 % 0.66 78.83 + 0.45
FBM+MTL' ResNet-12 61.41 +1.87 76.11 +0.92
ModelRegression™’ ResNet-12 (D) 61.94+0.20 76.24 +0.14
RFS™! ResNet-12 (D) 62.02+0.63 79.64 + 0.44
MetaOptNet"”! ResNet-12 (D) 62.64 %+ 0.20 78.63 +0.14
Meta-Baseline™ ResNet-12 63.17+0.23 79.26 +0.17
CANPY ResNet-12 63.85£n/a 79.44 + n/a
A ResNet-12 66.17 £ 0.20 81.84 + 0.15

43 EESLWHER
43.1 MinilmageNet $#i 4 E 45 R
AL HEAE MinilmageNet 45 b, SAHICHMEA BB BRI THERE LU, i 1 FizR. 3k [3,5,6,8,56]
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{EH 4 ZGRINGAE R E T M 4% S0k [14,48,50,51,63—67] f# ] ResNet-12 1 4 321 M 4% SCilik [9,23,68] I+
M 25 fF ResNet-12 JEll 1, 2% Sk [69] 18 /] Dropblock 1 4 IEMIALTR, 345 4 M5k 22 8 (5 B2 BIEHUN (64
128, 256+ 512) Sl (64 160, 320, 640). SEH /3 TI7E 5 FHAFEA (5-way 1-shot) F1 5 25 5 FEA (5-way 5-
shot) PiF/INEARAT 551 B FIHMT, IR A T —NEEX R 95% 09T B/MEAR U R (%), B I EFX
8] B0 EE T 94 “n/a” 2 7k, T LA, 7F MinilmageNet e I, A0 97732400 T B Bt o5 . 58 Bk
i, Ay IAE 5 RBAREATN 5 25 S FEA N SZEL T 66.13% £ 81.80% [ FIAIuERfME (Avg). 5524 I 54556 ) e
J7i5 (CAN) MHLE, ARSCITTE 5 EREAR/S 98 5 FEARDM) Avg 73l L% T 2.32%/2.40%.
432 CIFAR-FS #li4E Lk & q

7t CIFAR-FS B¥a4E L1928 45 A3k 2 iz, SCHk [6,8,56] 1 4 2B MM L1 £ M 4%, SR [5,14,65]
i F§ ResNet-12 45} =T RI2%; S0k [9,23,70] 1] ResNet-12(D) 1F K 1k £%. 9256 5 MinilmageNet 487 F AH 7] (1)
INFEARAR R, JES T 7 AE i 48 LB AR X R 95% PR /NFEAR S HHERI R (%), W U] B A X 18
(R0 L T A “n/a” 3878, T LAE B, 78 CIFAR-FS $dli € b, AR50 IR 5 RFEART 5 38 5 FEAT LI
T 74.30% F1 85.21% HIT-IIUERITE (Ave). S5 B I 058 K0 532 (DSN) AH B, RSCI AR 5 BHAREA NI
Avg TV 2.0%, 75 5 28 S HEAT I Avg HOZ 575 0.11%.

22 CIFAR-FS i 45 b At L s 25 5L (%)

CIFAR-FS
Jitk LT M4 N
SEIFEAR SHSFEAR
MAMLY ConvNet-4 58.90 + 1.90 71.50 £ 1.00
RelationNet"*® ConvNet-4 55.00 + 1.00 69.30 + 0.80
R2D2™ ConvNet-4 65.30 +0.20 79.40 +0.10
ShotFree™ ResNet-12 (D) 69.20 £ n/a 84.70 £ n/a
TEWAM!" ResNet-12 70.40 + n/a 81.30 + n/a
RFS® ResNet-12 (D) 71.50 + 0.80 86.00 = 0.50
MetaOptNet!”! ResNet-12 (D) 72.00 £0.70 84.20+0.50
ProtoNet™ ResNet-12 72.20 +0.70 83.50 +0.50
DSN'® ResNet-12 72.30 +0.80 85.10 + 0.60
AL ResNet-12 74.30+ 0.50 85.21% 0.30

433 FC-100 £4E L4 R

B, J5 7R FC-100 i 5 BRI SEI 45 Ak 3 Bros. SCHR [5,63] AH ResNet-12 1E 24 3= 2% Sk [9]
i /] ResNet-12 (D) f:24 =T 4. L5365 MinilmageNet 18 FAH R /MNEARATS 5 B, JEE T 7 1L4E FC-100 44
WA BRI R 95% K T35 /INEAR ) FEMERI 2 (%). SER 45 KW, 7F FC-100 B¥i4E FASL o AlfE 5 2 pE
AT S S FERBE T T 42.42% 1 57.24% [F°FIIUERITE (Ave). 5 M A5G IR LET7v2: (MetaOptNet) A
b, A SCHYJ7iEAE 5 25 REA B0 Avg LEiZ TR 1.32%, 76 5 25 5 FEAR B Avg tLiZ ik 1.74%. 1&
MinilmageNet, CIFAR-FS Al FC-100 3X 3 M #di b L0k EESEIGUE W] T B 7 i 1A Ak

%3 FC-100 H 4 b rnt b st 45 1 (%)

. > FC-100
ik S SEAEA SESFER
TADAM™! ResNet-12 40.10 £ 0.40 56.10 + 0.40
ProtoNet” ResNet-12 37.50 + 0.60 52.50 +0.60
MetaOptNet”’ ResNet-12 (D) 41.10 £ 0.60 55.50 £ 0.60
AL ResNet-12 42.42 +0.50 57.24 + 0.50
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4.4 HRLSCIG
441 BERTIGRBA A S RAIE

T WAL TR SR AR G R, AR SO R 22 A AS Al A AR, HE R h TR0t S 06 45 JR K s, a2
TNZ TN ZRAS R AW 52 BT 9 5 725 4E MiinilmageNet 3048 1 TEBEAE 4L (%). BEHLYIAA AR B ) 7 vk e e T
P J& M” (J& Pre-train J& Multi), HETRVIZAEBY (¥ 520 A P JG M. 5286 45 R WL J5 S0k 4.

WL 4 Frow, W M/NFEARAT 2B E T, IngETm il SRt 2L (% Jy v Lo BT U6 AR Y 1) 5 vETE - 3 ME i 1
(Avg) FAralr=tET 1.77% F1 1.58% HIMEGEIE 2. Hh b ] DAY T S A b 8 rm AR RUARRAIE R IA 16 03 46 W R A
F, TR TN, v LAk AT 5 v A/ NRE A S SRS B
442 ZREEEIEAR WA BIERAE

h TP IR 2R S BRI R, TR B A B TR SRR AR 2 B2 S BRI 7 16 A5 RE
AT AL LI AR, A SO TN SRR, 38 5 2 7548 2 A Rl -G Bk 42 i £ HH 1) 7 ¥2:/F MinilmageNet %
AR BRI PEREAR AL (%), MER 2 A RLA B T 20 A P JE M2, (] 2 SR A B r il ef P A
M. S 45 R LK 4.

W 4 Frow, TEPAINEEAAE S5 BB TR, A 2 B3 Rl G B 1) 7 VA0 L A 1 2 S Al BB W 7 iR
PRIMERITE (Ave) BT 0.55% F10.82% (V1P AESE . X B 18 2 BEAREL G B RS 1R T+ REAVREAE 1)
FILRE Sy, BUFEH T R BB T 2R R 5 2 B 2% SRR I 5280 2 RE M IR A5 e A SR 00 8.

4.4.3  RFERFIEXS IMEAR 23 2845 R0 52

K2 IFEAE ST 398 R AR AR R AE AT BG40 28, ASCB A IS, T A SCh BR AR SERFAE A1, 98
FSCAFFAE RN 2 BASHFAE, i T 90 UE HABRFAEXS AN A2 S0 15308, A8 SCAH 22 BEZSAH 56 SR BUE R 43 0 S0 A
FRIE PB4 DL RO B FRRAIE A J 110 22 B RRIEEAT IR, 1930 7 3 A I REASRIE. ARSCAE“H P A M
SEIG VR T, WEER 3 MANFEIREARFAE RS U5 A MinilmageNet £ 4 ERITEREAR ML (%), LR AR WL 5. JLh,
PV FH SCARFAE 1 7 208 Txe S, A8 AL A 16 5 10 Visual FEAE”, 1 F 22 SRS Rl & R AE 1) 7 32
R Multi 4FAE”.

F 4 BRENGH AL ZHEZSIHRE K5 7F MinilmageNet Z#4E I 3 FlFEAEFE
BRAPERALE (%) X LS 45 (%)

Ji SHIPFEA SHSPEAR WiReS SH PR SHSFEA
JEPEM 63.85 79.44 TxtFFE 63.44 79.96
HPEM 65.62 81.02 Multi$F ik 65.76 80.35
HPHIM 66.17 81.84 VisualfF 66.17 81.84

W 5 Jows, AERFINEARAT BB T, AR SO VA 5 AP RREAE B8 = (K P A HER M (Avg). BE B A4
UL, A R DEAFAE (R T VETE 5 ZREBEAS R I Avg PO T SCARFAEAN 2 BEASHRFAE 14 73 1 2.73% F1 0.41%, 18 5 2K
5 FEATT I Avg HUAE I SCACHR AE RN 22 B AR A0 A 77 15780 1.88% Al 1.49%. IXAIE W] 1 XS4 AiE AT AN A5 21 i
AL RENE T LT 3T N NREAR 43 RAT 55

5 B 4

BERT AT B0 I DT UM AE SR RRFIERIE AN 780 ANHER A5 1) 8, A SCHR HE 2 AR 5 3 10 R R AL i
PRANFEARZE 2] U8, FEXS TN ZRBAR TN 24525 2% S BoRTEAT T WF90. %076 8 5670 K& AN EdE B ik
ATTNZR; SRIGTETCE B B, B REAS A R E AN SRR DT Rl & T EAT R AR IE 3% 5 J5 0 I35 IFEA
FEAEEAT /FEA S 3] T8I ZE MinilmageNet. CIFAR-FS Fll FC-100 iX 3 ANSEHERRAE Bt b stgt 5 1, nf LA
BB IO A AR S PR AR AL T i RE 8 S TI AR I /IR AR 22 SRS . 5 B R) I, AR SC 23 Sl BeniE T P oA R 22 B 2
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