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Survey on Few-shot for Malware Detection

LIU Hao, TIAN Zhi-Hong, QIU Jing, LIU Yuan, FANG Bin-Xing
(Cyberspace Institute of Advanced Technology, Guangzhou University, Guangzhou 510799, China)

Abstract: Malware detection is a hotspot of cyberspace security research, such as Windows malware detection and Android malware
detection. With the development of machine learning and deep learning, some outstanding algorithms in the fields of image recognition
and natural language processing have been applied to malware detection. These algorithms have shown excellent learning performance with
a large amount of data. However, there are some challenging problems in malware detection that have not been solved effectively. For
instance, conventional learning methods cannot achieve effective detection based on a few novel malware. Therefore, few-shot learning
(FSL) is adopted to solve the few-shot for malware detection (FSMD) problems. This study extracts the problem definition and the general
process of FSMD by the related research. According to the principle of the method, FSMD methods are divided into methods based on
data augmentation, methods based on meta-learning, and hybrid methods combining multiple technologies. Then, the study discusses the
characteristics of each FSMD method. Finally, the background, technology, and application prospects of FSMD are proposed.

Key words: network security; few-shot learning (FSL); malware detection; malicious behavior
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75 MG IR IATIE, O KB /NEEAS: 5] (few-shot learning, FSL) 7512 7% 3R Th R A TR B BEA 1 22 20, 4540
KAFHYIENG B2, BAR, DU FSL Bt 9 4 2% 7] 22 4 U (¥) FSMD 78 AT AT 28 %, 18 1 2R T Web of
Science $# 72 "I 2018-2022 4E (8] 1) FSMD 2% SCHR A S B 7], YR FE S 2]« R AE TRESEBAR A SCHR 471 % HE L.
H i B A7 AE X NRE A S 8 S A AR U (B TSR BR = X FSMID 7512 2 10 ik 45 R B30 7F 7l SR e 2
Rk, A7 0 ZE%F FSMD AT [, #4978 58 i 56 22 1) FSMD J7 i R, AR SCH) E ZE STk ELHE 4 AN 5T
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(1) 4T YdE FSMD H 55 0Bk S 304E4E, JE 845 T FSMD [ BR2ERY . 35 5040 H 4R, FSMD [ B 78 7] I 254
AREA D IS FR, MR 0T UG BORAANEEAR S G 01 B 2 5 1)

(2) MZFf FSMD J5: 7 s 5 H FSMD 1) — AR, fF%: FEARE AL, mERA . FEEA L, H
WERFIFEARIN. I BE TR MNRFEREM. 454 84501 FSMD —BRAE, 2047 7 FSMD 72E [ R A,

(3) R4l FSMD J7 92 [ BOGAH O SCRRBEAT 1 3 38, BARELRE: ST HORE MM T7E . BT n% Ikl R
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(4) B55 T FSMD AR, FR AR 5. HR K fE LS. e FSMD BRI J& 77 AT 1 fe B2

AE 1T TAAT FSMD R EE S — ML, S5 T I TR xR AR R4,
52 WA T T BRI TR B R AN ik, 5 3 IR TR Tu s S AL, B 4 T 2 ARG S IRE
FAT T A 5 S TN SR B R RS M RX 3 AN TR FSMD KR 1A3EHT TR E. REXTA
SCTARBHT T a4

1 FSMD #HAR

BRI BT N T RS 27 ) SRR, AL GRS A b g 75 B IR . 454 MMCC2015M"!
N FEHOR SR AN S MRS T, /NP AR 6 S R AR I T A WL, R B 42 O m U, oh
BB 21 Simda ZR 0 1 DA B e il 1k 5 1) £ 2 S0 T R i U AR 2 2 AN MR B P /N REAR SIS DA PR DA A 4
T ETCIE D BGRB8 BB R 2 e i, BRI, R AR A2 AN TR T FSMD f i 7 ik,
SR IN R G A AT IR, AS B M EE S — AR 5 120 JEX 3 AN 5 TH KT FSMD #E47 /4.
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SRR R, SVEAL A AR B bR 2 I W 1 S TR RS Y M B 5 =) S S FA A 2 ) DA 3R AR P A 2

EX 4. FSL. B2 S MIIGFEAR S NN, SRR S A8 K AR, FRX &5 TN N-way
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LDA [ 3 #5340 5 17 48 43 A7 A e SEAE top 8 T 1] 480 45 M PR 3 SRR 7 vk B B R, il n 2 -5
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5T DCT # iDCT i 5 s A= i 2 7] A 48 B2 T BRI /N AT 3Rl 7 v, 26 01 2 B S0k i
| (presentation attack detection, PAD) 777 FODAPY, FE#5iinl 41 &4 30 KL A () s BRI REAS BOAEGH0, 364 (R 57
TR SO 07 AR, TN ZR /AN A O i W PG R A AR . 12 773k ) 0 i T i L SR ) P
AR OR B S 2 D LSS B, X T2 T MR R B A R, 2 55 T R 3 MR O SRR 2k, e T e R
Z PGB & 1S BN DCT R R T FSMD F Il ff) = 2R 2 ] 73
2.2 EEFFED B R BIEIEIR

FEREAY BN ZR AR U I AR b, JEA B B4R R AR 1Y s ZRBY, T 2Kt s B NPT S BRI v, FREATIE—
HARAE. AE FSMD 1, | Vi, [FIARTHB T DUR & o, B8R TR ZRUS SR B2, B/ MR A TR AR R I ZRAE L. T
TFa) REAE 2 [0 () 5000 18 3 7 10 A 7 3 w (R 4%, FEARHE 2 1) S AR R Vi T8 0 R VK o SRR D525, 4
S HHE $48 58 ) ST R ARG ) i TV
2.2.1  FEHLERFE

BEALIERABE VOE T2 v A K BT E v, BN SRR JTERT Vi TFINEAS v AT BEALE 1, R Vi
AR v B B, WA A SR A B AR I SR A AR S R, BEALIE SR T VAR TR M AR Y
(K2 1 e 3, B G P AR A IR 7. J5 S0 9(a) FBAR T Viain FFIA v 235 5L, B 9(b) JE7R T 1 9(a) £23d BEHLIE
KFEIE I v At L.
222 HEHTRIE SRR

HFrdf 850 d KA H R (synthetic minority oversampling technique, SMOTE)* & —FhIE T LA v KA E v 11
Ji BRAE Viggin TIEFE—NIFER vy, 1455 vy Z AR E BTN kK DNNEA vy, v, v, 53 AIAE vy FIREA
I A A F) 3% 28 B BRI — AN B2 AN R0 3, o P I ER B 8 T s A 52 AR AL O B . A LE - BB LI SRR 7 9%,
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SMOTE A& B v EF'E. SMOTE H k {E 1 B 20 AL e A RUR, k3K, SMOTE 2 g /NREA Hh g 3
B kNS E v i TR RIGREAR, 24 kO~ 0, SMOTE 254 T-RE UL AE 773, B SMOTE (#id F2 7] %1, 7 &
v # A WS B LR A R, SR I 2R FE M BRI 9(c) JBOR T B 9(a) SR SMOTE A il B v RISE .
SMOTE E A £ fh#T4E 77, 4435 Borderline-SMOTE®™, K-means SMOTE®™, SVM SMOTE™ 1 SMOTE-NC"*"4%,

L] L] L] L ]
L Y L XY L XY L XY
= n x
x n
x t ]
* » " » »
x owx o am LI
o " x
= =
= =
® 3

o IEHFEAR « fHEA o EHEFEAR o (HEEA o EWFEAR « TEMAR o EWFEA « fEMAR
* NP * INFEA = /NFEA
(a) IR Z AT v 5340 (b) BEMLILRAR (c) SMOTE (d) Borderline-SMOTE

A )

% 4

o WA « fIEFEA o IEWHEA « JIEAEAR o IERFEAR « fIEAEA o IEHHA « fIEFEA
% INFEAS % NFEAS x /NFE » INFEAS

(¢) K-means SMOTE (f) SVM SMOTE (g) SMOTE-NC (h) ADASYN
9 FEFIREEER v

Borderline-SMOTE J&F %% [i] HH /N AR Y 5 HAMSK A (1300 X I3, FE B/ INREAS v B RIS 1Rl P ) w 2R B
B, fie H B 2 S /PR AR |5 P w AR I v, AUNAE FREAR T 1) v sk vy, A2 B v. B 9(d) JER
T B 9(a) {# Fl Borderline-SMOTE £ & HI1 3 v F 4 A 1.

K-means SMOTE i s (K/NEEA v, 18 ] K-means 5035 UG BTG v 50 NZ AN, 25 BIHE B /NEA &
Eb, AINEEAS (5 LG s iR i 3% vy 3EAT I RAE. B 9(e) 2 9(a) f#1H K-means SMOTE 7= A (¥4 5 v 43 4ii. SVM
SMOTE /& Borderline-SMOTE fJ4ft4k J57%.

SVM SMOTE ifiid Sz #[a) &ML (support vector machine, SVM)P Bk 532 45 v, 703035 v s B/ NREA v,
e SMOTE A pifii H v, B 9(f) FB7r 7 B 9(a) i1 SVM SMOTE A 11 5 v 115345

SMOTE-NC 1] 7= A= i & MUz B 4 P RG22 B4k FE 1Y) v, 1 SMOTE H & I AR 58 X — AT %, THEaTst
v IR 248 B A5 P kA (one-hot) S fidh 719 FE it sy 43 48 fF) 5, P I SMOTE B3k, f5e i Xt A5 B w AT PR 4E, 52
TS B S MO R E B 1) v ISR R IE] 9(a) MR ALBR T ) 45 FE R A Y, 8] 9(g) 7R T {31 SMOTE-NC 4
BRI v BIS3AR.
223 HIEMNE R ITE

38 N A KA 7575 (adaptive synthetic sampling approach, ADASYN)PLE —Fh3k T /NEEA v JiHiT v 2554 23 A5
TR AT v BRI 775 ADASYN B AW AN BUR TN Vigin TFI/INEEAR Y, 5 02 M B4R B AT B v
R, DLRAERRAS /R v BT 75 AR T B v (OB, [ SMOTE A2 il B v, R ZNEEE 5. B 9(h) JE/R
T 9(a) f#i 1 ADASYN AR\ E v (1190 4i. ADASYN FIVEARIRFE NI 10 Fiaw, H/NREARTAR K KN E IR
ADASYN 15453 3 [ H A AL = 1 2D

Vigain SOEE T FAEMRYS FSMD ZRABL Vg AN T4 T8 132 SR A O % FSMD HL A 15 4 2 3
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o ILHFEA

X x x
UEGS S 2 X X .
« INBEA 2, 3.'. «® 3.'. «°
(@) JGam A () WWHEAER (o) AR
e FEA

K10 FEFRAEEE R v

3 EFESIH FSMD 5%

Bt Sk b X 2R, (8 T2 2D D7 A SR T SR 22 2T 2 A ok FSMID [/ g — A BB RH AL T 1) B 2
21, JREA SR A SN 2 S IR, 0 A S A B R SR, SRR LA R

T S N SRAR P AN AL, ARG R b, G482 22 SMESS, 8 T 5o I Zrad RE AL A%
BEAT XG5, A5 SIE S5 T I ZREERR N SCRFEE (support set, Sgupport)s A5 2 HH IS FIOH B4R (query set,
Squery)- FEMRFE R, (UAFFE—A22 SHESS, TN E IR NREAR IR 757022 2T I ZRid 78 vp, A7 AE — A
JeiE A, T M A2 SRS TR e ot SRS, B 11 JoR T 705 2 I — .

JE2 St

US| S [TBOCY Vo [BEWER Y [ SBAY Vo E

2IES 2| Supon ) Vi %ﬂ%ﬁ5m%ﬁﬁ

L . )
JE2 S A AR

S3E% n SWH'TTX% Vi %@E@%m%ﬁﬂ_ﬁﬁﬂ\ V ey ik

BT Jos S Ainfs

BT 705 21 U7 FSMD A4 5T R R IE SRR SRR T 36 T2 SO Rk i VB DA R T
B R A ARABL B B 0 7 v AR 7 iR T R A 22 S I AR I S HOHAT TR, BIARRAEALE . FRAEE R, RIS
WS, BRIPEN Bt T R T /INEAS U0 10 25 ST . B2 8 D7 vk )l i 72 >0 0 R i — AN R P
R, LG B 24117 B0 = AR 4
3.1 ETHUESERSHRILNSGE
3.1 FERILE

TE R I O S 8 BEAS (REAE AT WAL (1 7 9. 5 AR R R R oL, U N SR IR 2 i — A4
FEWE BN, BIITA 4B CEEDY 1. v AUE R SE I 5036 T 2 o0 v BUE 751, IR TR E 7 41—
ANEFE IS B AT IR, T = AL AN B SRR 1 v 2 1), ANTEAR I v R BB A v A B, sk
AR v RN B 12(a) RS THRAERCE 751 AR G A2, B 12(0) 7R 1R IHLHIAE v RN B 15 .

IMC™* e I 3 4 #2322 11 (application programming interface, API) 551 P+ WE Sy 5, SER I 2 0 1E (kG
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TE v RN B, IMC 8 RN 5256 APL 7 81560 2 K0 v, ZEREBYYIZRI B, IMC 8 TR = ML R B 28
1) v BUE P . 7E s RrBY B, IMC SR v BEATIRAL, 185X RLE A v AT LLE, 38 I AR o2 AR LA 735 0 v
SR AR, S R

MBL* i — i 7 g W9 T i gl 6% 1k, 38 3k 90 46 0 AT 9 4 T P P 24 i I A6 7 1] A9 99 . MBL Bl
HASE FSMD J7¥%, B4 FSL 5 N MBL X 2 0l % FSMD 17 3K B 7~. B 56, MBL f# F K & (156 50 5E 14
BT AT HEREML (CNN) ORI v #ON, ST /NEEAS, MBL A 1 % W9 48 565 R ) 66 2 5 i)
53], ARSI R odE T BRI CNN I8 S48, SEOl v NS0, 388 7 I ZRake, Ik 7 RS 8Y I R .

s B S s B RER S A \
v U A1 52
B wisy By v
WAL E
E3PN
ﬁ ﬁ [ B v | ;summg>
Wy |
KILBLF
(a) v B I 2R3 R UIRE EITREIN

Bl 12 BETVERAIRER v iR

3.1.2 AL

H w4 (auto encoder, AB)!'2Ht —Ahk R 1 1k AE 0036 ) TR H 2R SR U 45 8 AE (contractive
AE, CAE). H TFRIEARZEHIIEN A AE (regularized AE, RAE) UL & T 4E i lal & #9248 /3 B AE (variational AE,
VAE). BB N R m e v 3 AN RYE v, FEORIES 10 v i RARBERIN v (115 52, BRAICT0 R0 4E X AT )1 25
FISZI. H SN EFE PN 4 g 2% (encoder network, EN) FIf#HS /X 2% (decoder network, DN). EN ¥4
NHI e v e 00 BBUZ FORLE v, DN K EGBUZ RORYE v 73 5 0t RO 4R v, B B L LU Ayt A A F)
AR AR AR AR, BT 2R EN F1 DN, 4% AT (AR LU 3 F3056 ¥ E 1R IAE, T 58 Il ZRid A2, 22 v HRN
R, KA ) S A v BN BV ZR 58 R B GRS AL A, IS BREUZR R AIRLE v, HAC4E v (EABERIZRA 5
I ) B N KA, 2 AL VI R AW SIGR JBE, I v RN BB TR Rl A O, T 13 () R T G B LAY (1) 1 ik
2, B 13(b) JB7R T1E v RN IR B .
o AR s Bk,
B v, B kv, RESH NE Y1 %556

" |
5

Vo, Vi HH 5 -E
] - P
vy, v, HERL E

(a) AE "' NE Il 25 72 (b) 18] AE fRfti A
13 #TF AE v 8RN

AEE-MSEPVAGI Linux “F &5 N /NEEASE R (0 572, DB RS HT RO AP NN, M=
AP B, (8 B D iU R 20 V8 15 5 A2 i) a4 v A7 184k, CABRGEZE v 1B SR BLIZRAN s R0 3.
SABM) T 123 A T /INFEAS IR B A ) FS-TDSY,
3.1.3 A% SH L

BRI RS HARAL AR B T o0 % 21 V0 ST VI Gl AR LA 7 3. MR T AR G Ma B 2 2 5 ik, BN S 3V ia A
REBEHLE, B A ), SRS 2 0k 2 AR, BRI S, 18 1R B 22 SRR b | iR 2 B A 4 AL 8 A
B ZHFR BB S 3, BRI GRS HR A v I B S 50 A A 03, SR RS T I 2ol FE . AR AN R A6 2 )
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(model-agnostic meta-learning, MAML)! U %3805 IR 2 —, MAML i K& 5636 B #4752 31, JHE o
SIS FE H Al B R B 22 ST A AR S8, (R u % SN A2 R, Je5s 3148 W B B B S B0 U 4B AN 75 2 /b
B IHAR G E RIS, SLBNREAR IR

T A N PO — R 3 T 50 2 ) 1 R R R M B AR /N AR B R R v ot N R
FRYEAR RIS SRR B 21k TR SI, T 45 RG22 ST AR, Fn i 4 058 Iz, DU A A3 2R R0 R e 22 ) /N AR 2 vp
B v, IIN T — 522 SESS Suppon 11 REETCINZRILRE, FFAETCA 2 S8 58 i, I8 FSL R AT IR0, AT T
R Wi-Fi i (1) META-WEFPRISCHR [34] 48 K 3 T35 IA4FAE 42785 (recursive feature pyramid, RFP)!' "1
R E AR T RIS H A,

3.2 ETFEINRBEITHAEE
321 iCfZHg RN 2%

TCAZ RN R 2% (memory-augmented neural network, MANN)OUg —Fhdik F S50 AZ IR BE N 2% . 76 EA TR
BN FE s, SN2 25 T 5 IR S 5, BRI ZRd RE R 1 v A7 BIAMIAERE T (i212), 155
FFE SR B, S5A A2 v, FETIMEARR BRI 2. W 14(a) BTs, HEFEESPLHI R, dEfmR G2
—ANEEAE k, CIZZR 51N k WEER AT SR, NS S8R E AT 5 2, A0 53R FA R 3  AL,
2B RHL (neural Turing machine, NTM)"7, #1118 14(b) Fizs, TERBO S5 LI b, B0 5] & — AN R BIERF 51,
B2 5] i FIEERAES, A KRR, FrA ZEIEEADN 1, RE R 5 HEIZ R Bra SdE AT 13 S A E.

e k BHEI | K| K| K | K
v v oV v v v
Al 1 2 | || k| A L] 1 2 | | k1| K
v v vV v vy v v v
T Ak - A
(a) HE 2 5 B (b) LB 5 AL

K14 PRI S AL At

NTM HIEER I 15 frs, B2 H] 8% (controller, C), i3k (read head, RH), 5 3k (write head, WH) F14h 517 fif
#% (memory, M). ZEVIZREREH, C 2= IR 51 A SN AT 43 8000 RH %2 >] MBS G, WH 23] M
PR B AN, 2 — e 12 A2 R, C AR v BB R 51 I K064 RH, RH AR HE ORI ORI A M. it B b
TBICNL Vyeaq FERIEL C, C N vyepq HIZETL, AE 9 v TN T, 72— IR B iEAZ M FE R, C ARk v IR R 51 5F
Rikes WH, WHARSE B 5 ALK M EHA My

Tran 55 N AL 7 MANN SEBL T 41305 2 B0 FEMR 0 FSMDY, Jf it — 25851 T MANNWARE"", i
F B ARG B MANNWARE, 77625 SN ZER B MANN IS BT 533, 52 8 1 1) 76 2 ST IR B
322 HEMNHE A ERME

FSMD %75 B 4% 3 5 1k S 1, T7 RRAE/IMEAR I 2088 BV ZR B AT R EFIZ A RE /7 (R AT,
FHOCHE 9T, CAIE R AP T TAR S B Iz AL e 1 B B YIC R, 5T BLEERU/INSE, IIZR B A R T 1)
ALRE ST, EE R B R A 5 /ML (adaptive sharpness-aware minimization, ASAM)! Vg 24 5 &t Sy Se T VEZ —,
LA 0 i 2 A RSP T e N B TR RTI VTR, h  UR B ) I S R RN T )N R X, T A AR A FSMD iR
R Bz AR
3.3 ETHREEENGE
331 ZREMZ

A5LE 4% (siamese networks, SNs)!' VR EE SN s Z AR ) NN SRR, B4 NN 19S55 AR, iR
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UEARAE S R 75, SNs H NN IS 80l s B 78 2 M F 5 M Ba R I 2R3 ). 9 pRiE A bk, 12k
SNs ] s H5/FEARSA s —F AE s RBIEFEH, SNs 1) NN RIS — A Sypin T sy M— DA 55, 25,
SNs 2%t = HIHRN vy Al vy BREHIFRAE 1) A0 1. A5 i 248 2 18] (O R DM P2 B D 925 L wy T vy (B4, 0 1) FAOAH
LA, 2 AR e T e BRI, AR s A s, BISETUARTR]. 18] 16 f&7R T SNs BERLIZRAN s P A2

TR, B
LU URDEAETTE S

Wk

] ] 0 5
N ] Jai T A%
N N R
NN RN ¢ HvERDL g
T—b v, T-» v, K <y | ]
»M| M, > H H lg
! g I ] g A — — o
k v k 1 vAKxv ] ] A
|| | 0 s (3K v) CY)
15 NTM K% B 16 SNs ] — IR FE

Hsiao 2 A\ Ui ] SNs, 7L CNN X #4ii& SNs, S5 /MR A FOW & 0 E MR A BLG s % B9 CNN #E4T 3
g5, B S g wipE g VO R A s SARE AN s ML, AT SEEL 1-shot K. FR T S2 646 A& M
VirusShare 3k "SR (I TCAR 2 B 4, HB 2 ot AR 25 o BRME 10F e 75 (average Hash, aHash)! ' HE75 1

Zhu %5 N\ WV SNs o B 2 BPR IR FEIEAT IR, S SNs FI A S 80— B0 VGG 16! MR, VGG16
BB 50 A FEHHEE ImageNet I ZiE i, 343t VGG16 AR A v, B0 2% (center loss)! 482757,
T s IR,
332 [LACMZ%

UTHAE R4 (matching networks, MNs)!' 'S —Fio 501 s T Syain 7 s JEATXT EL 075 15, SE RN s 3
AT B/, AR s WAL E R T v, FEETIER ST v M Spain P I s LRI EES Temp pain, SR s 5
Tempyan FTHTE s SHATHAMEE &, MNs R85 E 245 R A HIE RN s 2R3 /17 7R T MNs 1 s I 2.

il

T SEES

17 MNs [f— iR RE
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Tran 25 A O ] MNs 11 50 % 2 Bt B, 35 R A K 13012 (long shot-term memory, LSTM)! IRy
MNs B v #RAJ72:, 8 A s Eﬁkﬂﬁ?j{%jﬁmﬁﬂ (¥ LSTM, HIF/MREAR IS s BRI, ), 76 Mallmg" "l
MMCC2015" B A Ei 5 L AT T 50 0E 5256,

FSMCH i Hf MNs R 55 5% %2 st 8t APT i F 3 1. 3@t CNN #§ APT I I SN v, SR K- 48 (K-
nearest neighbor, KNN)!"*" 2/ [al i FUARI v 5 HARIUT v (IR, 228 FIBARIN v 2678,

333 AL

JER IS 2% (prototypical networks, PNs)[m] — o B 0 R A VT X 45 AN TR 4 G B 2 ST R BN AT V i
I ZRIERE, PNs X Vipgin BEATEFEVECR B, TR EA 10 v FRONJEAY. J8H PNs JEAN 2 EARORE Vigain THVRLG v, T2 LR
B G HER v FERIE Y v, WZE PR v 1P E S, ERIERE A, PNs A0 v 58N FEIE— LR, 2565
%ﬁﬁ% E’J*ﬁé l’é—] 18 E?T PNs E’JT%EU[I???%H*’*‘W‘J ‘Tﬁ Ho/h ﬁ%%? Vtram WA v, RIBITE R IR ZIEH

& 18 PNs f— MR fE

Tran 25 A YU Fl PNs 5230 T —ANEF RS0 (1 FSMD J572:. %07 155 1 S04 0 2 3 ki 3 9 U, v N T
208 NN, S INFEAS S 2 3, R 2t A — AN /INFEAR SIS S 2R, 4 P G K B 5 UV B v 54N R R 11
FEAATE, 007 2 7L,

SIMPLE! "Vt 57—k - PNs [0 0 0F APT Y2530 5 k. I8 I 1 e N K 5 JE 3R 1 APT B30y v, B o0
SJYNGr, f£ 765 2] 25 A Wi 2% >) PNs Hh i) J5 28 A plobii A, 7E 702 3 MR rh 45 5 PNs (A9 8 7%, 42 5 PNs o A i
(1 i
334 KRERML

R M2 PR —Fh AT T B3R 3 ROT ik R LT IR, SR RN LA I TR R, 5 EIRTIER R
(I, 2 2R 4% (267 7 v A2 T LA ST, i 5 Y, 36 AS 1R 55038 S S ) A B e ik, MRS T vk 2 ST RO P B
Tk, KRR ML KN s gz

FC-Net" & —Fh 3 F 3¢ R (R EATIHESE. th 4> FC I, AR P D MR s, iyl =
AR, FC W48 FRFAE SR UM 4% (F W46 R I 48 (C 4%) FJ, F IS BAS s AN v, C IZEKE A v
Pz, I o R N — 2. FC-Net 361702 SJ I 2R F2 A i FC W45 (11250, FC-Net J7 %18 R
VU1 5 28 P9 248 1) of PR A 0 T LASE A% 3136 T & 1) FSMID 5 7.

4 SEAREERRERNFE

FE FSMD Bt 7t b, — 85759509 1 SEBURANEEACKT G A ORISR 17 22 Fh s 1 58 7 ik B2 R oo 2 51 07 1.
Wi 19 Frow, AT AUE R — ORI FSMD 751, 2 H0RSE & IR SR 7 i 25 D R TP RBOR, #4138
RER/WIRP

CAD-FSLU'%5 & 1 MG AR e 75 A GANs A2 B 07 B/ AT R PF IR Sl 3l R R MR S R L
P45 BAE B0 R B K R, I S5 R R 0 BB B 0 DX 3 i AR 26 B A7 ARV B 8. CAD-FSL ]
BEBAEG. B EARE R BRIIZE GANs, A2 Te & 1007 F RS, A6 A B 2 1 7 i Se et R AR B
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BRAF AL

ConvProtoNet™ 45 & 1 FEAIEIE 55 AL AL T3 1 ) 705 51 J7 1. 856, ConvProtoNet 406 & 4 {4y )
B ER, FEAE SRR R IR SR HEAT e SRR, DAIB/INIZRE AR rh /N AR 2 ST 55 B R H B, AN iR
BEBZ T ERVRHE, S g —DNE R v IRANTTE, JHER] PNs AE 9 RERFEAHAUPE LY, 5 i A 1R 31
HE.

ZRRA 0
e P L
5 Vil BT IR Y
19 ZHAREEER FSMD J7 M) Y,

DPNS ALK T8 5 5 i A ) ST R 2 B, A R G 2 2D M it R 88 v B, JR45 B ST RE RN 02 ).
DPNSA [ v iR NI F2 5838 1 2 SR 55— 2, (BAE v SNF s IR 1T, DPNSA {8 SUFEA S S BUS R (dual-
sample dynamic activation module, DSDA) X} 2 5 LLEL B A v 34T T BCE %, DU ORI/ RIS v 2 8] 1) Z2 R,
IR 250 v Z B ZETE. A PNs HEAT 2 AMFEAR B B LU R, 185 702 ST U 2Rl 72, A83% DSDA HIMERE, &
LRI HE i/ EEAS s IR HERA 2R R

DMMal® V& —ANGE 4 02 ] b FE AT PN (038 2 1 AR R 500 J ik 8 2K RS IR, A8 40 525 43 it (variational
mode decomposition, VMD) P& U VR B 2V A B 3 NS, F Rk =@ IE EM%, 4k R PNs I MEEAR R 1)
JRAY, 78705 N FR v, g5 ) B ASAM AL A8 BB I 25 5 kAT 2% 2], JRR E S SR A Bt %
STAAAT 55w, F2 H BAG TR Rz AL R T IR AR AL

Bai %5 A Uil Fi] & s 30 (R PR, APT 8 R4 [A)38 4% (inter-component communication, ICC)™ "/ i 5 )
s, SN IR A 75 2 B . 1% % J2 IS B8 (multi-layer perceptron, MLP)!' 2L 4838 one-hot 2wt it 22 51 %k
RRIRLR, APT YA A1 1ICC ¥4 v, Fi8 1 Je 30 B0 I 2R IR R ) 45 5 BCEE V= JI ML, A [R50 v SEARRL, A
FIZEM v BEAH S 7 s AN FEA A T SNs BEERFI v AT ANSETY v 1 ARBLPE 1 52 JC B AR IR 3R AR 200,

TE Xof FEAth g PR RS T 9, AR SRR TE R R/ REAR R 7 v, B4 56 T3 = I HLHI AN PNs (1) /MREAR
S B A 7 2 UMVD-FSLP, 2F MAML H1 PNs [19/)NRf A 575 3t A 742 FCADIY UK Yuan %5 A 1142
HH R 2 T REAEE 2 R PNs BB ARSI 7772248, IR TTVENT FSMD #8E A i 2 3L

5 FSMD RE

18It FSMD 58 BRI S 44 307, AU IR T s, DR AR AR F 35 5% 3 N7 T FSMD 2t R 2.
51 EEER

1E LR FE R, few-shot H BT 2 Fp & . few-feature RaR| Sy |[BEKR, N v FIZERE D B/)N; few-label 7R
| Sirain IR, TR FI R E R D few-sample FRIN| Syain BN, 4R, 7F few-sample T 5t T, AT 5 10 M 5 A2 I
KW, A3CHE K1) FSMD J& T few-sample. H 57 FSMD 77 A58 HI RS SISk P 26 56 0 1R SR 95 55 /I A e 158 30 91| 5
MISEI, K22 B ETE K=20 BT Sl i S A PR 8. 251k, R 30E — 0 lim st ol A UL 48k 5 56 260 1 ) 436 R 1
ALHEAS P VZ A0 B Se SR B0, DA R A8 P BE /D (1) 36 i . [RIBTm Xt K p R, K FLBRHIZE 10 LATR. 38 R s X
B ASE IR AT R P BRI A 1) DV, 53 4%, TR S BR R s SR R R R v, A7 TR SO 1B B R A 2%
MK B R KA, FSMD ROZ BB X IR AR K 28 2, BRUONBE R BB R T e K, T DL B 42
R FH— I B 5 21 S5 07 VR AT - B AR
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52 XEERA

BFF FSMD J7 v #8 48 1 MRl i R 25 i e /N A0 73 30 A3 ) [0 8, (LA IR R R AT SR A7 A i Ao i
(R} ) .

05 BAE (07 5 s AU L vy B9AE 250IH BeAE [0) R 4504 19 5 07 v e 3o 28 07 LR S AR RS U 2RI N B, (R
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