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Abstract

This paper focuses on the problem of medical image classification and proposes a multi-stage
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few-shot learning method based on deep meta-learning, combining the ideas of meta-learning and
transfer learning. By introducing a pre-trained vision transformer model as the feature extraction
model, the capability of extracting features from medical images is enhanced. Additional datasets
are used to train the prototype network to overcome the problem of insufficient medical image
data. We fine-tune the model for medical image classification tasks to improve its specificity and
make it more adaptable to medical image tasks. We conducted experiments on two medical image
datasets (hematology and pathology) and compared the results with related works. The experi-
mental results demonstrate that our method achieves leading performance with reliable recogni-
tion rates. For the hematology dataset, the accuracy rates of 3way 1-shot, 5-shot, and 10-shot are
68.06%, 91.55%, and 95.3% respectively, while for the pathology dataset, the accuracy rates of
3way 1-shot, 5-shot, and 10-shot are 78.50%, 91.84%, and 94.93% respectively.
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1. 5|8

BE R BE S ) PR R R, IR 2 R o B S R IR AR 2 9T IR BE 5 S [1]HR, ARG = 5 B
SR PTG RPRAR . X —FOR B 5] AEAG 2R B e 08 38 P HERE R BT, IR 5 ST R 2 R A7 40
K121, MITHE L ROR R B AR B AR A . R T S 1 = 2 BB 0 S ) IE R 2 T IR 2 ATk 1)
W TR R AE SR 22 BB R TT RO T T3 B R AR SR BN 73 4R (3], IR LT VRAE AR NI
FEG PRI A R RCR . TR FE 5 ) R @ i R RS R v E £ s F s R TR e /), Re B
P IR AR EUREE o7 STRFAE R s M 3 2R o IR B2 5 S BV BV 22 o 4% (CNIN) [410 B b #5155
OV ALE LR 5 EUR 4y AT 55 h AT 7 22 R o SR, 12 2 MR s B SRR AR A E — e Bk ik, & %,
T2 BUR IR RIE BT, AR REAR FE B MRS LR, R AR S .. Rk, —S50R KR
R, FEEIERRESRE MR, s, HTEZERGREARIAM, B s ZMEHZ 28—
S8 PRI o 3K i) 313 B2 2 UGB I B A IR HL A A APl . E BT HIRFE 22 IR, 7R 225 pE 3 R
LGB RE A IF 7R R A BRI AT B 2 R R 5. BRTARORHIT TS D248 T — 22
B 5 12 KA RAX A 6] 3, 045 3L T 705 5 (meta-learning) [6]F13E T-1T#% %% > (transfer-learning) [7]f757%,
I R R 2 G B AR Ead AT ol g, AL AT DL =) B)0d H R R R AR AL SR w788
() = 5 BB o3 AT 55 PRI A2 AL o 3% 5 20 AT LURI 7 R RS R 4 B PN 2R A AR e e
B, AR EGEARE ATHOE . R RS SRR R R B 1, ABAAFE—
Sea A PR . oG, JOAE ST E B B BB AR HEAT ol 4R, LA I =R AR AL . R
M, T 2 MR I SR ORISR VE A B, IR 21500 F T I EUR EA TR . X AT RERR T 1 % 107
LRI TG A ERE . FLIR, R G EOR (AR R M RN 2 AR AT AR 0 R 2 ) TS — Lo Bk R . EAN R =
STHA AR & 2 18], R EUR T Re AR AE AU E e, BT GREE BUAE B4R 55 e RE T R bk, PR
PG H BRS040 A AN P47 1 P B s 30 A% 2 ST RO RO, Rl e 7 K b R b — S8R 5 A
PRER T 2 Wi B2 ] (semi-supervised learning) [8]F1 3252 > (active learning) [9]55 )57, PAFIFH RAriE SIS
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FIE BR B ARV EOE SR AT 7 e o 1K 487732 n] DU it ) FH SR ARy B (043 JE R 3 S Y (132 A RE T,
FEUD 0 BRE B AR o R T 2R 2 BUR B R, AP BN 70 A 2 00 28 M B 2 2 D iR R 1 e
SN, DA TCHR AR AR 1) ot 2 A 2 2 R i B Y I SRR AR 77, fE 302 ) h i e # i AR B

P E IR AT AR 2 — R, BT DL B2 ST 2 30 % ST IR I AN AR

AV T — BB TR FE O S BT BURER FE 5 IR, 8] 1 2RI A2 . Bk
Ui, FRATAE B AN B A8 T 24457 (vision transformer) [10] [1 114 A—ANMEFAEFE B 3% RS2 R 1R BERFAE
PR AR T A 1A B i K IR SR I RE 7, SR 518 Mini-Imagenet 045 52 8 0 Bt B I 25 [ 121313847 Y1125,
Mini-Imagenet £ 45 £ 1 K f2 IR 5000 I 2545645 J5t 28 199 286 ] DA 5 FIRRE AR 4 A AN 35 4 1 ) s, 42 1 SR A A
logistic 73 A% [ 131N B I7 BUE AT T, DAPREOE BOF AR HUESS o X TUTAER DTlR nl V3400 -

1) AR T — M R0 5 BUR 2 AT S IR BE o5 I HESE, R T FIZ5R 0 o 48 e 28 85 28 (vision
transformer) F1 G 2% S AN B, AT DAAR o 5 2% BRAR 2 SRR AR s BRI 2 2T TR 5% o

2) A5 T #HME Mini-Imagenet 045 48 K 2% > £ 8 HISAIRHIE, LA B I S Fe 1t Az A0

3) ETWAAFFTHBE 2R GEIREE, Tk 7 IR R EI MR wBE) 7 R e, 5
Wk T AT R A R .

2. BUARE
2.1. PIELEH

AL A% JET ) 2% logistic/> 25 4%

Figure 1. Medical image classification algorithm framework based on deep meta learning

E 1. ETRETFINEFEG D EEEER

BT IR G IR 2 B o R EFAE R 1) 1 B, R BRI S, JRBIM L, s, =
oy R, A RRAE A RS A T R PR A A% e 2% (vision transforme) Y, J5L Y ) £% (Prototypical
Network) FH 1 B F AL & & LA BT R 22 S I X 43, logistic 7 s WX RN R 3#E4T 028, A 5¢
R 2 R oy KRBT

EEZFEUG KT, BT BGEdREE0D, SRS ET R, 55 5 EBEE A ARl &,
R T AR B BN B HT 4y AT DS o R AR AT O, Pl EEAAEIIANE 2 1) fEnsE
SR B s g, o o 0 7 N EFE B Y SR AR R, BIanBENLEEY . BEEsh . LR, ER
P02, 2) FERSAEHREEL WX 28 A0 5 A8 [ 2% (vision transforme) 8 FH Tl 5S4k, JHAE 2 )5 BN 2R ik 45
ZH. 3) {EJE AN 4 Al Mini-Imagenet R LN ZEOHATE W, 4) FHSEOZ D R 45 K80 I 2R
Ao T PR AN AT A
2.2. IR

FATAE R R I ot S s Bt AT — R S AR AN 78 R BOARR AT B 1 . 222 H 238l 2k
Bl i) 2 FErE, SRR AZARE . BATR A MR o e R RENL ST . Bt ah. RENLEE:, BE&
A—A[14]5 . REIERENE, BATBCA R ITA B 7 #REEAT Ba G5, TR HELL 90% R30S K gt
AT, PR TR AR, > T IS R
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2.3. TNZAYAR 5 2 E 88 (Vision Transformer)

= BB B E S MR 2 AR I S R AE, a0 . AR, A X AR R T 1
TRIFRE AR B A Pk o B2 PRSI 75 220 B2 2 RRA — & B AR AT SRR . AR N A7 22 1 i
ANED B R . AR SR 5E, DU AER AR BUR o 53 SNBSS I IR A | B R DR 1 22 SR Bl H At [A]
F T B 2 EUR B A DU A, 5 2% B EOHE 5/0N [°) 1) A 2 PR 1) AT T X ABE 28 P I SR AN P BB VR4
BN E W, N T RPRA RS, BATN T RME SR B 5 AR 2% (vision transformer) S T T
WNSSH, NGB AR R i T TSR, 22238 7 FEMEARERR . X ERHER] AN
AT &M NS, UNHTHROEESN, RFREEA A B AT S A O BE AT O . X FhIE R
B 77 RS AEEARE A R OL T, SFRIFEEF IR R, 18 7R RFESE e /7. AV T
meta 7 K] dino Tl £S5

2.4. TE I FRIWLK

Ji 24 ] 2% (Prototypical Network) @& —Ffai L, mit I/ MEARRZ 20720, BRI 5 2] —/N&E 4 1k
S AR AU B SR T A AR 2 (R AR AL B 22 e . BRI ] — NE M E R, SRR
A AR AR FE B T, AR AR AR R S . I ) SIE A E R A, TT DU G b e R A
AN AEAAE AN 22 e 1, DNTITAE 25 BB 28 22 SIAE 55 Hh SR A SE A g MR o T 2 I 2% 1) B AR LB ) 14—
NIk —NER KR IEEN T —ANTRESRMER, R 80 58 1) & 8 A s i P s
KHEATHE

Figure 2. Prototype network
B 2. REMLE

w2 fR, ARG, BAGH T N ARBS ={(x, ) (xy.py )} FIANSCRESE, i
AN x, e RP-—ARBIN D i, y, e{l, K} RXRRREE, S, Fmbifi K KI5, JFAR 4%
W EAE SIS g RN R f, - R” — RY SRS —KI M fERoRx ¢, e RY, WIEJRAL, &4
JRBSHR & T RN S A . R TR A 50D s
1
Ck _mZ(xi,y,v)eSkjr(ﬁ(xi) (1)
e B BRAL d : R xRY —[0,+00) , JFAI W25 5L T Bl N\ 23 18] b R AY R BE 25 1) softmax &) 5
x AR BRI A, A Q)R
exp(—d| f,;(x),c,
py(y=h)= dAGRY) @

Zk,exp(—d(ﬂ, (x),ck, ))
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FH T B2 2 MG B s SR 20D, HAE 5 DL h IE 7R AR 22 0K, 341148 F Mini-ImageNet
H A BT S I 2% 43T BB, Mini-ImageNet #4680 7k A 2RI EGFE A, o LIRS
IR ANFEAR Z R o B8 B X R B AR E AT S 80 By, AT DA Bl J5 28 10X 248 5 2 3y B A AN 8 o AN [
M TR RRAE 22 5, SR s AR A Iz A0 R 77, AT LASE 4 o B A 08 A FR AR 55, IR b i A ] Redt
FERM 2L Mini-ImageNet F3 52 58 35T (149 i 1 ) 28 2 B0RAT14E Ja SR IR0 vh 2 9 1R 45

2.5. RESYKRE

BB A RS D, MRS HIEMNSHER L, R 550G =2 R U W
iz —. A4, HTHEMSHERLZ, B2 SEONGR K. FRATER T 5 8 s 2 R R 2
BRGS0 B SRS 1) T 50T DAEA IR EER BRI C a2 5, Db id &0t
REEA AL RE ST . BATIEIL IR IN— logistic 43J548 /2 RN RE & 1 5= UG AT RO, IXFh 4514
HAERDMSE, FIER R B T MiAA 25N 2 MG R . B T E 3 s,

@ LA s 4% FERI%Z  logistics KA
MHZEBTINESH
(b) ?ﬂ,'H'IE%% TR 2 A 4% logistic/r K#%
trmngeNet e 0N %%?ﬁﬂe
AR
B EBRTINLGSH
(©) ML /\L B FRIM%  logistic/rHak
tﬂ* A=
TS

Figure 3. (a) shows the overall architecture of the model, where the parameters in the visual transformer are pre trained pa-
rameters using dino small [15]; (b) freeze the parameters of the visual transformer in and use the Mini-Imagenet dataset to
perform gradient updates on the parameters of the prototype network; (c) freeze the parameters of the visual transformer and
prototype network in, and update the parameters of the logistic classifier using specific medical image datasets to achieve the
goal of fine-tuning specific tasks

B 3. (a) RIRBAYEARZE, HPRTERPHSERER dino small [15|FNNESH; (b) RFRENCEERS
&%, €M Mini-ImageNet HIEE, MREMEZHNSHHITHEER; (o PRENARTEEFZMREMENSY,
R ERNEFEGEIEEST logistic 7 XB[/HSHAITENR, RBIRPHEEZHIER.

WK 3(a), BATTE JerERFAEPEHAR AL 5 A8 FE 28 B2 (vision transformer) F1 {5 FH A 52 48 F 48 TN 25 240,
TEETRMIIZGH, wE 30w, BATES THHMIERIE NS, THEASSFENSHEN, RE
BAEH Mini-ImageNet ZHEEE, X I 284 WX 28 (R S HOHATER BETE B, SRJG 703 T R0 B - UG BUR 4R 1)
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R, WK 3(e) R, UREE 1AL AR IR AR AR AL N 2% B0 2K, 8 HL S R A 4 IS i X BERT logiistic 732K
WIS, KRB B ER RAE S IO R XM SRR T i, AT BLAE R 2 R R
AR EREARARKEL T, FAHBIGERRHMER RS, BB SRR, e R4 L
ST O, DAE B BRI B2 22 B 5y AT 55 o IX P SR o] A B m B AL Ve, IR BRGS0 510

3. IRGERERR
3.1. BURENR

AR SCASE FH (0 Kl 6 A AN 23 T R (1 B 2 B A Sl B (B[ 161 i L1 7]y BEA Bt 56 2R
I BT R TRIUEAN T =873, VR i A I 3 400 M ) 58 AT R A S ), X e
JEBAH R\ N, RRBRARAG) E & U TRBCER AR “IG-" TFk), BN T
WA, M P AR, MR BEHLE R 600 TKIFMR, AT ICiIZRAnciilik. 2l HI R i
T2 P B e AL 3B (OAFE 2, I3 2 — MR AE(NCTCRC-HE-100K),  HA7K H Q41
FERGIARE S REIEH . 28R UM SRR U B, FRATRENLA IR S AL 600 5K EE KA
BRI 5. A SO T IS R S fh 1R ) il R R B A R O S IR L, IR o mIAE A
Heate BIUE 7 AT ERATNSLR T, EREERB RN 84 x 84, AN, FEMK/AIMEAZ S TR
g )2 A% F I AR ES  4045 25 Mini-ImageNet bt T PP 3RATI 7%

3.2. SELS4AYS

FAVE LS oot MR EAT 7 B s o, Bda iy sy O SR NLEET . Bitadts). BENLEE: . A
FREAIE— b XL — I EEE NGRS AR F BL 90% I BEZEBEALNFH T 5N BUE,  DAMS N () 2 FEk
IR FZ A RE T . FoAT1ME A drop_path Z3(H T4 DropPath [18]HI#2, H T BiLd G . EENIZ
T FE R DA — 8 B MRS BE L 25 7o 4 22 I 2 v () B 2 B A%, AT ek 2 B S 2% 1k o X T PR IR 2 58
8, BMNHE 3 KR5S, WEANSPRENLER: 1, 58010 18EGAENIIGREAR, WIHRR 15 REG
VERMARFEA . Bk, FRATTAT6 I H 8 K-shot (K = {1, 5, 10T 1177 2. 34118 A5k GTX3090
HATUNZR, FRAETTIZRI B BENLI R 2 5 < k sk B v, #E oS8 UE AN 70 K i I e 56 o BE AL 600
gk B A TS uE A T . FRATTS A B v v A e e AR T e . 6T A e AR 2R (vision
transformer), FATRH vit-small B8 IR meta 23 7 1) dinosmall 1ENTIIZSHL, 1EILBF I EL,
H AdaBelief MRALAS[ 1911254 AdaBelief AL P EUR E v 40, SIEHAT 100 MEIR. 222 HEY)
54N Se—5, drop path WEE N 0.1, 7EC M EL, T N B K-shot 145, 2= 2% EiEid AdamW
AR 201004, e EiEid AdamW SALERRAL R ERUE IR . RN, AdamW (1 J514R %% Sl 24 15 B
9 5e=5, A YR FEITR 2 Mo ), s RN 1, IIZR—3Ldk4T 100 MeREIF L.

3.3. SCIGHER

Table 1. Accuracy of 3-way, 1-shot, 5-shot, and 10-shot classification on blood datasets (%)
5= 1. MiRHESE /Y 3way, 1-shot. 5-shot F1 10-shot 53 FEHEFAE (%)

. il IR73
Fik
1-shot 5-shot 10-shot
MAML [21] 5437 +£0.89 56.54 £0.75 57.69 + 0.66
Proto Net [12] 574 +1.16 71.62 +0.95 73.23 +£0.55

DOI: 10.12677/csa.2023.1311211 2121 TR 5 R H


https://doi.org/10.12677/csa.2023.1311211

EONIIRE

Continued
Relation Net [22] 56.62 £0.99 61.14+£0.48 66.79 £ 0.66
Versa [23] 59.63 £0.79 62.79 £0.53 64.63 £0.49
R2D2 [24] 55.93+£0.79 68.06 £ 0.60 82.66 +£0.47
ANIL [25] 61.28 +0.81 72.62 £ 0.61 7436 £0.64
MTL [26] 59.07 + 1.04 69.36 + 0.65 70.55 +£0.55

Ours 68.06 +1.20 91.55 + 0.61 94.54 + 0.44

Table 2. Classification accuracy of 3-way, 1-shot, 5-shot, and 10-shot on pathological datasets (%)
52 2. FRIEHURE FAY 3way, 1-shot. 5-shot 1 10-shot 53 JEEFRE (%)

\ i

T

1-shot 5-shot 10-shot

MAML [21] 56.45+0.84 74.16 £ 0.62 75.71 £0.58
Proto Net [12] 60.03 £ 1.00 74.06 £ 0.57 79.30 £0.48
Relation Net [22] 63.70 £0.35 69.96 £0.57 70.65 £0.55
Versa [23] 63.04 £0.61 74.98 £ 0.66 75.55+£0.55
R2D2 [24] 61.71 £ 0.67 71.44+£0.54 74.35+0.54
ANIL [25] 48.24 £0.87 64.29+0.7 68.15+0.74
MTL [26] 57.55+0.93 66.43 £0.67 70.20 +£0.54
Ours 78.50 £1.11 91.84 £ 0.57 94.93 +£0.42

ol K2 A TR PRERECE AR A IR RN B A A AR A A R A A R
TRATITT LR 53 G BE o X EE PPl 285 S 56 T B fe s o B ik R 1k A B PR e K 4 SR . fEIX R
W, BEE SN RS L TE VAR shot BB N, MEEEIZWIARLT . (EE 1, BATITVES BISEE T BT
GRS RAEERE, Wt T BT, RO AR B TR IR RS, S s R e . 7
2, WAV TREEEAE R . NI, AT UGESE T RATWINER T KA. Ask, E5
Rl /D REA 2 3] il L, M 1-shot 4F45 3] 5-shot T 45 HI38 Nz e K T M 5-shot 1F45 %] 10-shot 1F45 )
. XERW, 4 shot BTN, AL S T B .

Table 3. Classification accuracy of 5 way, 1-shot, 5-shot, and 10-shot on the Mini ImageNet dataset (%)
%% 3. 7£ Mini-ImageNet 235 LAY 5 way. 1-shot. 5-shot F1 10-shot 53 FEHEFHE (%)

Mini-ImageNet $(#5 4

T3k F TP %%
1-shot 5-shot
Matching Net [27] 4 CONV 43.44 +0.77 5531 +0.73
Proto Net [12] 4 CONV 4942 +0.78 68.20 +0.66
MAML [21] 4 CONV 48.70 £ 1.75 63.11+£0.92
MAMLA++ [28] 4 CONV 52.15+0.26 68.32+0.44
Relation Net [22] 4 CONV 50.44 £0.82 65.32£0.70
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Continued
Meta-Baseline [29] ResNet12 63.17£0.23 79.26 £0.17
LEO [30] WRN-28-10 61.76 £0.08 77.59 £0.12
Trans Match [31] WRN-28-10 61.12+1.02 79.30 £0.59
MTL [26] ResNet25 61.54+£0.83 77.45 +0.60

Ours Vit-small 91.87 £1.35 97.38 £2.05

N T BB FRATT I 5 VA AR A G b A, FRATTIETE Mini-ImageNet 20855 B 7 IRAT 515
ghnge 3 fon, RITATE T HOI A0 50 48 e 25 (vision transformer) ¥ 77 A T ELE T
4, B4

. B85

EEXF B2 BB AT, ARSCEBUA KI5 S R R 48 SR 2k ik 1, 32 T —Fh &5 & BN A0
A R AR5 (vision transformer) I A5 175 45 2 40 1) D= 2 PB4 R IRE o A FH TV A58 TR0 g v o) I 2% SRR
JERFESR I BE Sy, B BR AL  s 2 BUR A [ 200 2 A 22 R DG ;. 51 NEE =77 Mini-ImageNet (4%
LTRSS H, BRI A 2R, SRS AT B ) Sk, &Xf
Bl T4 v SR A X 2 A VR REFIVZ AGRE T, RIS (O R AL I 7 s 5 R AR AL S OB D VR 45 5
Bk, ARG MR, Wb TR LG, 3 T AR i . SREER, SOl SR Ry
FBIILE MR HHE S b 1-shot, 5-shot, 10-shot #EfZE 5374 68.06%, 91.55%, 95.3%, fERERHHESE L
l-shot, 5-shot, 10-shot HERAZR/MHIN 78.50%, 91.84%, 94.93%, AEMsH 152 EUGE R IES T K.
IR, FRATT A SR SR AR A VR B 2 o) AR B BT R R AR A T — e I R .
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