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Few-shot SAR image classification: a survey

Wang Ziqi, Li Yang, Zhang Rui’, Wang Jiabao, Li Yunchen, Chen Yao
Command and Control Engineering College , Army Engineering University of PLA, Nanjing 210007, China

Abstract: Few-shot synthetic aperture radar (SAR) image classification aims to use a small number of training samples to
classify new SAR images and facilitate subsequent vision tasks further. In recent years, it has received widespread atten-
tion in the field of image processing, especially playing a crucial role in tasks such as environmental monitoring, target
reconnaissance, and geological exploration. Moreover, the growth of deep learning has been promoting deep learning-
based few-shot SAR image classification. In particular, the improvement of few-shot learning algorithm, such as the atten-
tion mechanism, transfer learning, and meta learning, has led to a qualitative leap in few-shot SAR image classification
performance. However, a comprehensive review and analysis of state-of-the-art deep learning-based few-shot SAR image
classification algorithms for different complex scenes need to be conducted. Thus, we develop a systematic and critical
review to explore the developments of few-shot SAR image classification in recent years. First, a comprehensive and sys-
tematic introduction of the few-shot SAR image classification field is presented from three aspects: 1) overview of early

SAR image classification methods, 2) the existing dataset, and 3) the prevailing evaluation metrics. Then, the existing
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few-shot SAR image classification methods are categorized into four types: transfer learning, meta learning, metric learn-
ing, and comprehensive methods. The main contributions and the datasets used for each method are summarized. There-
fore, we test the classification accuracy and runtime of 16 classic few-shot visible light image classification methods on the
moving and stationary target acquisition and recognition (MSTAR) dataset. In this way, the evaluation benchmark for few-
shot SAR image classification methods is supplemented for future research reference. Finally, the summary and challenges
in the few-shot SAR image classification community are highlighted. In particular, some prospects are recommended fur-
ther in the field of few-shot SAR image classification. First, starting from the classification criteria, SAR image classifica-
tion methods can be divided into four categories based on the feature information used, whether manual sample labeling is
required, technical methods, and processing objects. These traditional SAR image classification methods lay the founda-
tion for subsequent few-shot SAR image classification methods. We briefly introduce the popular public datasets and pre-
vailing evaluation metrics. The existing datasets for few-shot SAR image classification include MSTAR, OpenSARShip,
COSMO-SkyMed, FuSAR-Ship, OpenSARUrban, and SAR-ACD. Among them, MSTAR is the most commonly used stan-
dard few-shot SAR image classification dataset. The evaluation indicators for method performance in few-shot SAR image
classification tasks mainly include classification accuracy, precision, and recall. Precision and recall represent two differ-
ent indicators, which is why intuitively reflecting the performance of the model is difficult. Therefore, the harmonic mean
of these two indicators has become a direct indicator for judging the performance of the model. In addition, few-shot learn-
ing commonly uses top 1 and top 5 as evaluation indicators. Second, few-shot SAR image classification methods based on
deep learning can be divided into three categories: transfer learning, meta learning, and metric learning. Transfer learning
methods quickly adapt to the new class image classification by using the association between similar tasks to assist the
model after completing the pre-training on a large number of base class data. This type of method can effectively overcome
the problem of insufficient training samples in the field of SAR images. Meta learning methods aim to enable models to
learn by training a meta learner to evaluate the dataset learning process and gain learning experience. Then, the model uti-
lizes the acquired learning experience to complete relevant classification tasks on the target dataset. Metric learning meth-
ods are an end-to-end training approach that utilizes data from each K-shot category to learn a feature embedding space. In
this feature embedding space, the model can more effectively measure the similarity between samples. This type of method
relatively reduces the difficulty of training feature extractors, making the structure of the model more flexible and able to
quickly adapt to the task of identifying new classes. As a result of the different imaging principles between SAR images and
visible light images, some comprehensive methods guided by physical knowledge and domain knowledge have also been
used in SAR image classification tasks and achieved great results. Therefore, in addition to the above three classification
methods, some methods that combine deep learning and SAR image characteristics have been applied to solve the problem
of few-shot SAR image classification. We summarize the limitations of different few-shot SAR image classification algo-
rithms and provide some recommendations for further research. Third, we tested the classification performance of 16 vis-
ible light dataset methods migrating to SAR image datasets within a unified framework and comprehensively evaluated the
transfer effect of few-shot learning models from two aspects: classification accuracy and runtime. This work can effectively
supplement the evaluation benchmark for few-shot SAR image classification tasks. The experiment found that the few-shot
learning method based on metric learning achieved good performance in the field of SAR image classification without com-
prehensive methods. Finally, the review summarizes the future development trends and challenges of few-shot SAR image
classification based on a summary of existing methods.

Key words: few-shot learning; SAR image classification; transfer learning; meta learning; metric learning
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Table 1 Overview of early SAR image classification methods
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Table 2 Summary of common datasets
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Fig. 1 Examples of common dataset ((a) MSTAR;
(b) FuSAR-ship; (¢) SAR-ACD; (d) OpenSARUrban)
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Table 3 Overview of existing few-shot SAR image classification methods
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Fig. 2 Structure of transfer learning
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Frikha %5,2021) . 40181 3 iz i 2605 kil I 2k —
A TCEE A SRR VAL B s A o Sk R BRI SR A
2295 (Xu 25, 2021b) o SRJA  BEBUM HIZRAT 1927 ~) 48
5y 20k HARECIG 4R 5¢ AR &0 2R 55 (Li 55, 2021) .

Wang Fll Zhang(2020) &1t T —Fh oo > 5 e
AR5 HE i (amortized variational inference, AVI) #H 45
BRI, P& 2R S BOR E T 55 1
ZH Oy kil e IR A R 28, AT AL
BT TR 53 RAT 55 Z 1R I 1 2 SRR AR S AR 5 T
1 AVIHEWT R T 55 10 S 880, AT 2 2 1
YINEARE G 15 BT B /MEAS SAR MR 43 K41 55 . 1%
TG I A AVIA B s> 11 S A A, 12
Th T BT I 2 5 i 3 26 R B
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Fig. 3 Structure of meta learning

Fu 58 A (2022) & 11 T —Ff i — 4> g0 > #5 Fl
— O3 S A A N R AR SAR B 4y 2K U5
MSAR. [a] i}, 3% J5 ¥ %] 73 T MSTAR %45 % H T
MSAR BN 5500, IFH 53 15 0 5cdls 4L am 24 h
NIST-SAR. MSAR FIHH 3 Fpif 2% 2] Jr ikfigtik 17 o0
) s AR ) INEEAR IR, IR T — R AT 5542
POT IR S T I A M . LR R, MSAR 7E
NIST-SAR %4l 5 b (1% 43 05 B2 A B A3 52 IR e
FE B394 BT dE Tt o AE S-way 1-shot L4554 TH T
1. 7%, 7E 5-way 5-shot{L55 12T+ T 2. 3%.

Sun 55 A (2022) 31 T —F0 A H SAR U FEE
SYRTR 2T EE B T HUR R SR BT 45 (scatter-
ing characteristics analysis network , SCAN) . % ™ 2%
BB T — B SR OB Z R B AR U
P 5 ARZE & o 456 5 NS A ZOR T T =X
Wedss | DT 2 =) AR A B AR 08 B A 80 A A
L. BEAh, SCAN % JE 5] SAR H bR iR 248 544,
BT T FR A BE 3 I 32 i RO 3 i A B HR2H g

!

SRS = {x,x, %)

HIESR IR 2

S

A X

(pve 3 N S X S Bl i e S LIS S
A AR B AR A IEREAKT, B8R ik A U Ok
ik A% 5% AR e 5 X 45 1 rad AR A RO 2 A —
LIS B . %7 A e A SAR EHLE R 42
SAR-ACD FHUE T R 255000 . A —EK
&, SCAN £ X U R HEA T 20 BT, DT i e /R AR
SAR CHLIEMG 3 25 M, 2 B 2 e 1 LA R UR P
2 ) R IEAT AR I R BR , FETe 2% T B AT B
PRV R 1) SRS S AR SR i DR 2 ) (B A 25 1
ke

FARIE T I02 2] (IR AR THDN /IR AR 2 ] ) 5
IRF, AT DL 2 J6 2% ) % RT3 2 Bk S A —
= H bR, T A O TR R Bz A e
AR T AR Bl & St s A . (H
JE YYNGREA R DI, 70 ) 28X L4 B 50 5
YRR, 25 S FE VNGt it B A A Bl . TRl T
2] HA YR EEIH S A B, RO BE S AT 55 25 (R 4 i
(3G TN, o6 2% ST BARAE RON 2 r s R S et 2
Bl 3G, XSO 2 B LT 55 RIS
RS RIHE ) BB AT 45 LB, 20 2R0KG B 0 B0 A o A &
1R R
2.3 ETEEFINFE

BT R i 2] (7 VR SR — P R AN T
AT 55 A7 8 3 1 43 28 LB (Li 55, 2022a; Feng
Fil Chaspari, 2023) . W& 4 Frs , BE 2 2] Je—Fh i
i U 2505 =X 22805 R A 251 K-shot 1Y
B, 2 2] — N ERE A 25 18] (Li 48, 2023¢) . FEIE
FRAE A 55 (] v A5 BB T A S50 b B e A AR 22 ]
F AR AL BE (Pan %5 ,2019; Jiang %5 ,2021) . %2505 ik
FEXT AR T R AE S RS I I M, i A A R0 (1 25
PN R 3 , AT AR U S AT 55 (L1 45
2019b; Dong %5 ,2022)

Sx)

B4 Elkess) 4R

Fig. 4 Structure of metric learning
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Wang %5 A (2019) 3 F Conv-BiLSTM J& %1 [%] £%
Wt T —M/NEAR SAR KR40k . ke
SN ZRJi 80 ) 25 4 SAR RS L5 21— 38 9 RRAE
25 [, SR 5 R FH R CG IR 25 19 0 2 a8 3R A5 0 2R 45 21

Lu %8 N (2019) B3 7 —Fh 5| A = JC2H 461 2k bR
B TR EE M2 2% o 128 I = Jo 2l 2k ok 2 2]
BA BRI LU R AE i A 2S [8] bk 3 AR A H
PR USRI 1Y o SER 45 Rk B, 2 M 28 76 R
AR LRI T R r o 25t fe .

Tang % A\ (2019) 2tk T Siamese [ 2% F T /]NEE
A SAR EUE 58 % M 256055 CNN Fiiidh v AR B
YN g RSy 2EAs . 5 EA Siamese P28 AN R Y A2, 2k
HERY Siamese W45 H AR50 o 432 as 4 i A& i
AEARU: S 00 s s o s T A A A ORI P B e )
PRI TR B 340 Jod 25 R AT 17 R 5 2 2 R AR ) Tt
DB [R] V4 FE

Liu 5 A (2020) 331 7 —Fp 38 T REAE 54 7% 19 i
RIR 26 11T /NVFEA SAR BB 4326 . ol T s il SAR
G I3 2 v i 22 I 28 I R A /0 1 R) R, 32 I 4%
I T BFEAR 22 2 (one-shot learning, OSL) J5ik . 48
I SERUE R AE H AR IIZREA AN R HA &
K& B 5 B U288 B B 0 R, 51 A OSL 1 Ji 284 1) 4%
SIRVERBIL T TR TR 7 I T .

Wang %5 A (2021) &% 11 17 — Fl iR & #i 22 1 2%
(hybrid inference network , HIN) ] T /NEEAS SAR K]
B2, Mo A BB 7E5 1 BB, Rk
A 25 K SAR IR W 31— A~ i A 25 ] 5 7E 56 2
BB, SR FH U1 290 i 38UR 1 122 4 B AE 445 6 i TR 5 4 2
TR WE R ik A S (A i B REA R AT 4328 . AR A AN HE R
R, FLIN S Ao G G B 8 R A e 7 3 RN AR A
TE ELAEAERET | BT A FEAS BNy — R iR L
TIE S AR 2 AT 4028 s T FE TR B P I
WP AR S B B R A oy R a8 R . ()
B, R T A A X HIN #4725 i O ik g il 17—
FERT 01 2% RAR, PROMSE SRIR Gk o i R T LA
i L FR AR A, DU 4548 A 25 8] B T 4 i 2 )
Ao

Zhao 55 N (2021) B3 T —Ff B T Ji Y [ 2% 11
Z )7 0 SAR B R B 732507 i o %7 il i 24T
%527 2 N 2 2 UCRE & 55 071 Ao & T 7R
DN GFEA TS LT 19 SAR BUE 43 K5

XHEAE N (2022) 11 T —Fpdt T 12 R IT

et IO 28 118 /INBE AR SAR S A3 205 1 %07 1R A O
T 2 RIEFHESRBU I SRR TR $o0, ZRE
FRAE R BB BE B X DT C X 45 ()R [  BUZ 201 7
2 OB FRAE S I, AR 1] 4 BROT RB A X AN [R) 19 43
FAL S T HRAEA R AEE . 785 3R /IMEA
75 R R/ NEEAS SAR RIS 432505 2Ly e
ZOTIERAS T — 2 PRI

R IE T B ) (1 I A 50 |, AR R AT
TR R AN GRXERE o (ER R il T
TR AE S, R AL SR ) T B, R o) Hgs
2 ) B AT B REAS  ME ALK 5 5 24 R FE S T
RIMERT , 25 BRSNS AIS, 5 2 g A 1)
[, (AR, 35 1 B i ) () T e — AR Lk
Z ] R R, BRI LAARE A5 WE S U RS 1 D )
HEAT AR (B B A3 28 0 P R AE TR 2 I 282 > 3|
(AR A 25 T8) R A 0% T ] e S A 2 ] v
(AR AEATY A2 1 A i e A A, PRI, ey s — 25 4
TR s ) Tk (s MR e — 2 5%
(A IR
2.4 ZEYFE

T SAR B4 5 0] WG BHE BUG RBEANTR] , —
L6 B A BRI N AU R AR R B | R I EE B 1
W T SAR R 43 284155, HHHUS T R RO RCR
(Guo&%,2017; Li 55 ,2022¢) . [HILER T LA L 3 Fli 4y
KRB VIAN, — oL 5 T VR 2% 2] R SAR UG R
(9 77 ¥ AL A5 DAY FH T i e /SR A SAR B 43 2 1]
AL AR 4 PR

Lin 28 N (2017) i1 T —Fl 45 S 4 A5 i 1\ I
5T (convolutional highway unit) B9 8 4244 H /)N
FEACSAR EMG /AT 55 IZ 22 A mT LU BR Y SAR
EUSBHE N ZR B TR Z IR M 4% . R A B 5T
HRE A B 5 AR R A B )2 L B KL AR 2 RN drop-
out JZ= A1, AT LA 1o HE S BT A0 R 5T HukG) 1 o3
FEM L, 4 LAY 45 T A SR O T R A TR
FRIEZRIR , T T/ IMEEAS SAR R 40 JEHG 2

TEMLEE N (2020) 31 T — PR EE G T B 465 1)
2% % W LR AE B AR 2 2R I SR BN T A S
ar T /A SAR BB 93 AT 55 o TR EE S B H 4
1% 19 2% & S F JH 2D Gabor 38 3 % i A9 SAR 144
PEATHESE R J5 I IG5 J5 00 BUR N G 2%, B Je 44
H/NFEA SAR BB S B AL . % N 2% 7T LLAT 350k
Gaad LA AL, 42 2 o b g
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Table 4 Overview of comprehensive few-shot SAR image classification methods
Tk Pl Fy o KA EETTHR LGRS DLk A
Bt — 44 o 4 AR A
o IEEE Geoscience and Remote ZEETE HLITHY TR A, AT LA AL
Lin %5 A (2017) Sensing Letters 2017 Tk RBUH T 2R W R AR VMISTAR
# \
Gt RSB A T
, R — PR EE A Sl 4 IRIAE RS
VAN (2020)  C Sei 2020 AITTE DML B MSTAR TS %
RN ) omputer Science D AR LA AR SAR [
BB Y 2 S SR (81 SPREHESS /1
5 . LT e . N
Cao %5 AN (2021)  Remote Sensing 2021 o CERURIE BETTE I T/MEEAS MSTAR FJo i
T AR g% s« B T 82
. _ . VOB 9 7
Yang % A (2022¢) IEEE Transactions on. Geosci- 021 n P R ABUR B MY MSTAR L 50, 535
ence and Remote Sensing ViR B T R A
IEEE Transactions on Geosci- R BT LSBT 5 S 0 SR Z AL BE 1 A T
Soge \
Zhang %\ (2022) ence and Remote Sensing 2022 Ik REMY MSTAR 3
oy T TR
N E 44 A (2023)  Journal of Signal Processing 2023 (/];;?f By /NEE A SAR B8R 5] MSTAR
Tk

Cao %5 A (2021) Beit 1 —Fh AL Ry e 3 SEREA
Az M B8 DTV TR AR — AR R AR A — A
AL PR o AR SR PR P A BRI I 2% A i e 5 52
HARFEAS , 2 SR AF A 24 SCRe 1) AL 2] A [
4 SAR H b kEAAE | DI 32 B Oh AR 25 ke I 2R Y
M T 2B

Yang %5 A (2022¢) ¥ 11 TR G401 % FE R T W
2 (mixed loss graph attention network, MGA-Net) , %
W25 1 73 28 R AL 4 3 B B, e, i B a1
SEAS R AT 55 HR R AT BE Z AUAEAS s HR BT T
H AR W ) FLAT 8 288 AR RIS 18] ke I B9
AZ ] e A T 2 2 EE R Mg R T
FR A IUR KRG L5 . MGA-Net T £ 2
P 2 0 P 288 s ok 2 g ML VR A Al A A 22 ) 1Y)
KR RIS 40 2 e 1 2 ] a] M s ie s
R I , 1 N 25 7E MSTAR 1 OpenSARShip ¥ B T R
Ui 2R R RE

Zhang 5 \(2022) B3t T RLSURCRITR S| 5 XL
R B X 4% (domain knowledge-powered two-stream
deep network , DKTS-N) , iZ M5 455 T 44007 0 A
I M FAF 57 80805 25 SAR SRR A B /MEEAS SAR
B 53 24T 55 . DKTS-N 3 o 42 BUs A~ G ORE NS
patches [FFE , AR T SAR S8 111 . [RIRT,
DKTS-N e i 1 #E £ 5 2 (earth mover’ s distances,

EMD ) A 2 77 40 ) 4 oy 4R 1E R sy SRR A1 22 ) 1 285
P {5 EHE B, S BT OO IR I 4% B R A A
DKTS-N i | FH 5 3 48 43 28 4 A QR 5 4 Ak 1) 4 3% 4
JZ AT K-shot 4328, itk T R [A 5 A R [l — H bx
() SAR MR AFFE 22 S A MERT . )5, DKTS-N 7843
FIH SAR Z 50 355 8 A M 2 (P AV 2 K 4 5 B TR
M AR S  E E A KON E A 25 555,
FHEBR BT S5 A AT T /VEEAR SAR ZE4 432
KR

B AN (2023) BETT T — Rl T28 4 1 B
2 2] B /INEEA SAR MG i o B A %0 ik
1o 25 A R A AR RO 2 X6 o AR A SAR MR AT E
L N (T VAN SRR = o7 G N R T B e 0a oy = A% =3
f PR R F X e 2T ik RISk B N 46 AR A
TC WX 2 20 ik X O BRBCRITRRAE (5 04T
Wk RBGEATRE A AL . 2R BEA Ik )5, B
G2 S AU RAERE S . a8 FUF 4%
Hon R W T 2 90 45 AR, PR FH A8 UM R R
52 ST U N 2% B /NEEAR SAR M UM 55 . 1%
J5 0 A TO bR TR B AR AR B R AE AR T, BT X
ANFEZAR SAR MG 31 Hh A 3t 40045 Tl ARt 1 A 4K
(A R 58

FARZGEA T L TR MU T SAR 19 U FRAE
AU, A AR TE T R 4T A /NEE AR SAR
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KGR ITERE . B2, TR BON OB T3t
F BBl 1 8 D 1 A S R, M B Y Y T
BAS o (R, R U IR 5 3 1 4 2K iz A e
T A it — Rk

LR AT LA L 4 28/ NVREAS SAR IR 3 2053k
BT TR BTk BT o S WA FE T
o ) T IE R TR 7k M ZR G T ik
TIGIAT SAR UG R U 45 22 R A B/
FEAS SAR UG 2R AT 55 o LR M7 1 AR BRI B
AT AE— 8 MR e MR A R, (EUR thy T
S54% SAR EUR F B YRR , A SCA %207 ik fe B
KBTS AGFFRE— BT SRR

3 IMEFERFEIRBEIBURS

A5 FF MSTAR 8 £ 3L T 3 28 16 Fh &
INFEAR 2 ) T B A3 2SR RE . X B/ IREAR 22 2] T ik
AR AT DS G AT U 25 AT, 9 o 1 88 2
SAR B4 13 H 43 2 208 (5 B 45, 20225
Zhang 55 ,2023b) . K I, A SCH] FH/INVEEA 22 2]
WEAE (library for few-shot learning, LibFewShot )
PEAT S0, FE G — M HEZR N TN T 16 28 Ly 1
() 53 25 OKS BE AN iz 47 B 8] (Li 55, 2023a) , W3 5
s

R5 IMNERFIHEREMSTAR LS EFBE

Table 5 Classification accuracy of few-shot learning model on MSTAR
IIRREE % B AT [H] /min
WIRZS E 3 A M
S5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
Baseline(Chen%5,2019) ICLR 2019 iF#2%>] Conv64F 54.44 83.13 0.90 2.18
Baseline++(Chen %,2019) ICLR 2019 iFB2:>]  Conv6dF 59.98 86.37 5.85 15.27
SKD_Model(Rajasegaran 55,2021)  BMVC 2021 iT#2%>)  Conv64F 57.92 78.39 0.48 0.52
MAML(Finn %,2017) ICML 2017 JG6%:2]  Conv64F 19.87 60.67 0.10 0.18
Versa(Gordon %¢,2019) ICLR 2019 JG2:2]  Conv64F 66.96 68.01 0.72 0.76
R2D2(Bertinetto 25, 2019) ICLR 2019  JG%:>]  ConvodF 63.99 68.88 0.58 0.68
MTL(Sun%,2019) CVPR 2019 JG%:>)  Conv64F 18.13 47.07 0.08 0.10
Leo(Rusu%¢,2019) ICLR 2019 JG2:2]  Conv64F 36.00 44.00 0.08 0.10
ANIL(Raghu%,2020) ICLR 2020  JG2%:2]  Conv64F 20.99 61.91 0.62 0.84
Boil (Oh%,2021h) ICLR2021  JG%>]  Conv64F 43.94 54.50 0.38 0.52
Proto_Net(Snell %,2017) NIPS 2017  JEHE2%2]  Conv64F 39.68 42.72 0.46 0.52
Relation Net(Sung%5,2018) CVPR 2018 JFfE2%2]  Conv64F 64.84 77.51 0.64 0.78
DN4(Li%,2019b) CVPR 2019 B3] Conv64F 67.37 85.15 0.64 0.80
CovaMNet(Li%,2019c¢) AAAL2019  JELE*2>]  Convb4F 58.75 45.75 0.62 0.76
Feat(Ye % ,2020) CVPR 2020 JEH%:>] Convo4F 46.11 56.36 0.60 0.74
ATL_Net(Dong % ,2020) IJCAT 2020 JE&E*>] Conv6dF 72.03 88.81 0.63 0.76

IR T R T ARy ) s B2 T I A SO B I R 45 2R 5 SKD_Model : self-supervised knowledge distillation model ;

MAML: model-agnostic meta-learning; R2D2: ridge regression differentiable discriminator; MTL: meta-transfer learning; LEO: latent

embedding optimization; ANIL: almost no inner loop; BOIL: body only update in inner loop; Proto_Net: prototypical networks; DN4:

deep nearest neighbor neural network; CovaMNet: covariance metric networks; FEAT: few-shot embedding adaptation transformer;

ATL_Net:adaptive task-aware local representations network o
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3.1 HEBESH

25 ARG I B 43 ] e 7R 7E S5-way 1-shot
F1 5-way 5-shot {155 11 16 Fp 7 ik Y 40 K UEwf PR . 3%
T BT R R 2 B /INREAS D 1250 #5 31 SAR ]
B A TR I T B R RCR s B T ooE )
(8 7 VR B ARG FE A0 2% 5 JE T 1A 2 T Yy A BE A
TR FIT ) Z (A

BT IR 2 (0 5 Bl i 7R SAR R B s 4R
BT WG R I R4 2 A0 4 S HOR 52 8L
T (Pan A1 Yang, 2010;Zhangg‘fr ,2017 ; Zamir &,
2018) . {EESETRE AR, SAR G HOR BERS
FNREF R F T, BT WA S B0 5 KRB I
IINEEARS SAR EIME 530 254T: 55 (Zhong 45,2019 ; Geng 55,
2020), (Hth, BARITERS = T T e —E R Bl
DR AR AN JE 7 DR A R, (HL 2 2 U S H ARl
R 22 S BRI, BT i R 2 ~ W 7 EE MR REXE LUAS:
Ff£FE (Lang %5 ,2022) .

BT o A B Jr s T e ) f e 2 3
(RS MRS 2 fa 22 2k, T3 1 SAR B8
PN GRbE AR /D (Singh 45 ,2021) . [FIE, 3301
YIAEAME IR U b SRR o027 ) s 1977 2, ki &
HOEETIT 2 W B RS MR T e GBI 55
2021) o ZFEITE BARAR4F iz ] T “learning to
learn” Y JELAEL , {ELJE A (AT /D B SAR EHR I ZRkE A
MIEOL T , o0 ) Ak LUZ 3 SAR B8 50 64T 55 1)
R (Li 55 ,2022d) o 724 BT 58 AR, anif g
12580 Wi K= QI DI s e N1 253 1~ S BT o
R /IEEAS SAR B8 73 287 IR VERE A 1R it — 242
Pt A R

WA, B B 2 2 (R 7 AR IS T
MG . T BAD T RS HR AR
i, RAR G Az T X L2 2] i SEAR ARG i e 1
SR SAR MR 73 AT 55 h I e AR e = 1) 1)t (Li
85 ,2020; Yuan 55 ,2023) o MAh, TEILK I,
ATL_Net (Dong %%, 2020) F1 DN4 (Li 45, 2019b) 43 3
WAS T AR NG B . 4568 BAK DT ok ,
R IX PR T v B A T R AR (local represen-
tations) . SAR IR B K¢ iR E 1 G H R AR R
AT HETH 2RI LR 0 2R BE (Cai 55, 2022) o Hi%
J5, ATL_Net(Dong 45 2020) 7E 5-way 1-shot fll 5-way
5-shot {155 ¥ UG TR AR MG BE o %07 it
T I A TR AL L A 2 R

SR ] — T 55 B F S B (E . S T
PIAREA [F)AF: 55 #0218 1 X patches R4 THJ7 1%
AURERVERE , T2 1 H AT A BRI 2EKG o []
B}, 7T LA 2I7E 5-way 1-shot 4145 1, AUAH U 7% H &
07 P9 185 S T8 B ST AL A ATL_Net K5 8 88 2:F 70% , 76
5-way 5-shot {F:55 H1 ATL_Net L HU15 T e 4 1) 7028
PERE . P, al RAAEN 5 R A4 1 S5 TR 0 P g
S b b i e/ INRE A SAR FEIMG 4 2 ) i, (R, H
S T B 2 2] B 7 AR A AN T S fel T P — 1Y
TR ML, 208 T SAR BURFEA Y 2 R R
P, Beita B 2 RS TR R AL BB 9% SN 584
Mo BRI ZAEAS 1) 22 ROBEAFAE , AT 7E— E R |
FETHZI T LMk Re

3.2 EBETHHESHT

5 1 8 e 3 53 ) J€ 7 7E 5-way 1-shot FI
5-way 5-shot f£:45 1 16 # Jr i iz A g [A] o LG43
NG BEAR VI — A I 1k 0 S SRt 1 i, 72— 28
5T Xk s AT RCR A B B 20K .
W, A SCGR NN T 16 Fh )5 125 35 47 I TR] R 4 20 4 e
ENTIBFTRER . BT IR A I EBOE T
[F1# epoch , KR I B1s 4TI TR #EA T HE AL

AR B BT IR ) I IR 32
T B K BB AT I E] . X AR B4 04 i PR A g
S 1T B 25 ) i B > T A A ISR UK BT 4 4 A5
B XA I Pl EARK s AT i ] . BT o A
T B B Ry s AT ) H o 2 B 22 . B
R BLG (1 )5 PR AT BE & MSTAR B4k 45 AR 0] U
JCBHR B AR . TEUIZRBY B, Juae S Ak
B~ B R 5 0 R X 5 B 2 A 08 IR
I HAH R s b 1 IR 1]

BT R R IR O 1 B R R s AT ] [
WZ T T LIS B B aF i 0 G e . PRt , 12
T R B B A /VEAS SAR MR A3 R I T ik
A LATESEBR B PR ) RAF R RCR . SR TR
A9 77 12 X9 b M A 255 28 v AR R B R S R A
RIS 531 7 AR R b fT Ak 5 AR S0l 1 3k
. $R9)JE ATL_Net(Dong %, 2020) F1 DN4 (Li % ,
2019b) RN T IEAERG L I 55 Tl # 7~ 1907 i d
PE A BEAH 24 |, {2 5 Baseline il Baseline++ (Chen %% ,
2019)AH L , B Fh 7 25 I8 A7 I [B] ROR L. 3% —
IGAEAT E— AR R AW ST, T 255 5 T iy
205 B LBt A )5 ¥
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4 BEESHK

A SCAR AR R 2% 2 7 RS T /MR AR SAR
UL AT 2 T7 75, R T 4 Fh O AT J5 1% 0 R S fn 32 22
DUk, ZetHE B, R IE SR/ IEAS SAR IR 4 2]
TAE R 22 X2ERE , BT s TR B (H R E
HARZEA PRI E B, R T % i
WS AELEL R AIE Ty o AR ZE X A ik i)
45 VA8 T /INEEAR SAR BRG] 8 A Sk & et
PR Pk

D) VR > AW PR S & i 2s Atk . /D
FEAS SAR BUE 3 25 B 2565 P Jr i B8R H i SR 9 S
SR R PRV 7, AR A0 el A R0 b R TR B 2 2] O ik (Li
4,2022e) 5 SAR BUGAR G PR LA &, 75
FRH L Z A (Huang 55 ,2022) o [R5 22 B9
BRENPURN SAR S R 51 5 19 43 25 05 WA B 45
PIZ ALRE T A I In) 8, 6 B0 B8 A I B 4 )
FNGE B TR UL, 572 0E SAR AU S8 BLIR S
=5 2 B T, WA 200 S W B & B 3 T IR 2
2T SAR PG A FE AR, BB A58 X — 28 2R
iFF 5% 77 18] (Shang 45,2022 ) o %7 )i 1<k 15 4 A 4
D AL RN T SIS AH DG H A | fl G Fi R B
TR B TR AR AL, AR5 T 1] 76 8 45 HL R JER R4
PR RE B 5 0k o I X U TR A
5%, AT DA TR BE 2 2 H2 R (SAR BRI Fn 4
SRR G | S 2R 78 NI A 0B A e /IR AR
SAR & 2 nl i

2) 855 2R SAR GBI I 70 vk . SAR K,
15 (/) Ik 18] 7 91 452 7 A ARRAE A [ i AR X B AR,
{5 AR 0] LAVE K SAR BHE 4 S MK 8 (Yang 55
2022b) . [RIET, B R A R S H AR A
— SE 1Y SRR AR o 9] 40 SAR TRAL B9 WL LA K&
MSTAR B4k 45 r 15 5 () M A5 0 45 , o 6 Sk
PR T LLAH Bh/IVEEAR SAR L4326 0 IR, anfal 72
G428 SAR BUAG RIRR 2 B A 0 GO
F 38 1 45 R PRI (AT T — 20 PR

3) 254 SAR B B Y ok 5 43 PR 8 i 1Y O
)5 ¥ . SCAN (Sun %5 ,2022) th 2 4% 55 138 3 Jité
25y S B 3 5 7 A Y SAR B  B S
HOZ S T B BEANAE T I 3RS AR 1 &
1N 2553 ZEAE R HE DRI B 2843 JE Mk RE Y [R],

FEPERE R T EPEBLE . AL, U S R A
RO AR T Z MR . 1 SAR B Y 5 HE
RPLEF) 0.3 m I, 7T A SAR EE h A 4 Kk £ 8
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