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Abstract

Few-shot learning aims to efficiently recognize new categories with a limited number of annotated
samples. However, existing methods still face limitations in addressing issues such as data scarcity,
the precision of relational modeling, and the generalization capability of graph structures. To this
end, this paper proposes a few-shot classification method based on a Graph Convolutional Label
Propagation Network (GCLPN) that incorporates Swin Transformer and dual-focus similarity.
Firstly, the Swin Transformer is utilized to extract both global and local features from input samples,
alleviating the issue of insufficient features caused by data scarcity. Secondly, the dual-focus simi-
larity integrates global and local feature relationships to construct an accurate graph structure,
which is then fed into a Graph Convolutional Network (GCN) to capture local neighborhood features.
Subsequently, the output of the GCN is passed as input to a Label Propagation Algorithm (LPA),
which efficiently propagates label information through the global graph structure, enhancing the
classification generalization capability. Finally, the model parameters are optimized by calculating
the cross-entropy loss between the predicted labels and the true labels of the query set. Experi-
mental results demonstrate that the proposed method significantly outperforms current main-
stream methods, with improved classification accuracy on the minilmageNet dataset for both 5-way
1-shot and 5-way 5-shot tasks. This method effectively addresses the challenges of feature insuffi-
ciency, imprecise relational modeling, and limited generalization capability in few-shot learning,
providing an efficient and robust solution for few-shot classification tasks.
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1. 5|15

B ML 2% (Convolutional Neural Network, CNN)ZE LI 6 AU B /S T sk st |32 BT
BG4y 25[1] 18 XAy EI[2] R3] R BUG 5 A R[4 5T 55 o AR, X B T7 3 1) R 38 5 M T K
BEEAE, Gl ERE R TAEAR XFERE T RAFERT HoliA s &, XA
L2 590 PR B A B A LS, A BR F R 25 S BORAE S By s b )32 N 1) R R A . R T ARk
X[, /NFEAS2E 3] (Few-Shot Learning, FSL)Z# AR 78 #4 o /NEEA S ST ) H b 2 T8 i /D B brivE A
AR (AN SN 1~5 AMEEAS) FIMFEREZE A IR I AR, SBT3 288 31 1 v 2l

INEEAR S ST SRBRAE TREA G R A AT A A S g . it 2R AR X 4 e i Tl ZR R iR e
5 A AR R (AR ABAPE[S] s DG IC Do 28 3 2 IR B 5 ST AR R AN S SRR TERE AR Z R DG R [6]; R 4Y
o9 264 388 3ok 7E RN 25 (R R T SRR AR B B 58 R 2K [7], TE/NFEAR S AT S h I T RAFIIRCR . SR, 1X
ST EAE A B IR ARG R, DL A R REA Z RIS ME R, SBUNRESRCERBAL, AR
H T EAER R s IS R k.

IRk, 3T B4 M 4 (Graph Neural Network, GNN) I /NREAS 2 3] J7 725 P8 e sl 2R SR A BE T
ZFTE. GNN BERLIE I 7E S5 M A5 ., A RCR & SR ERE AR AR, RIRE S /IMEARS 3]
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5% . BUA 720 E K GNN FIEAR SRR A2 O, died [ 45 R S 4 s s i) 4 25 Tt [8], 5
RRAE RN WX 28 ip (R A0 ASR T 23 R e R o SRTT,  FRAEAE 3% I 2% (Transductive Propagation Network, TPN) [9]
TEBNAS B G M AR 2 M B3 e R IA PR 0T [ P A 45 M R AR P 5 SO7E [ 5 1) AR AT 1 e W 3
TR [FE, REMETTSAIEBTEG BRI AR, RGN T HAEARSM5is 5= 2568

N EIR A, ARBEFREH T — R R B IMEAR Sy K7k ——FE T Swin Transformer FTXUR £EAH
ABLEE (1) RS FR X 48 /NKE AR 23 K50 0 %07 ¥ 8 Sl ik BRI N A 1) 4 S R e 3R AIE , AN T A o v o o
PIRFER N B S, R SEREEARLRE T, MR HER R 4R 5 /R e R R EI 54 . 528,
% B 25 F ol i O\ 31 [ 2587 X 4% (Graph Convolutional Network, GCN) AT, 38 i 58 2 483k Y s 4 fE 4 3K =) B 45
PR R IFA R R R AT IR ROR . B, K GCN B VeI, A&16 BIhR 214 7% 595 (Label Propa-
gation Algorithm, LPA)H, 183 4 &) Bl 4554 S i RUIIAR B4 3%, AT 78 70 ) FH AR A AR AR A AR 2 T]
(IR R TR FATSS . EXF B GCN RMFHER A RE /1S LPA 4R {E BB 1AL &,
AT T /IFEARSE 2] 5y PR RE AN AL RE

SEIGSE K, {E minilmageNet 2545 () 5-way 1-shot £ 5-way 5-shot 1T-55 1, %5 157 2 Uk
RERE, RERTUMERTIE, WIE T LR,

ARSI F B TR ELE

1) 7R K GCN A1 LPA HI4E &, 7870 R GCN i3k (1 /5 5B AT s 45 #1580 LPA /3% 14/
KIgikE R, 2T 4R 5 R A BN & . GCN 7374 Bim B I SRR R, 17 LPA MI7E4
JR VG AR AR RS, JLHAERA T AU ARIE T SIS BRI T M RE

2) RMREMUE T INELEE T AR R R AR (42 R 58 £8) 5 R SRR AE AR AL (R 0 B ), Al
R RE RN B AREAR I Z IR R BB X R AU FE IR IO, M T &3
BIZEE, TN G S B G AR R E AR S AL FR SR it 1 T 5 1) At

3) Swin Transformer )51 ABG58 7 RFAESE BRI RE 77, a8 M4 Je A a3 A0 AR A B 000 77 1)
FHIERIR, AR T /IR S P R EAS R 0 ) 8. JLER IR IR U £ AH AL E 1) 1 B0 0 P 5 40 1)
MBI T S AT IR SR

2. FHXTIE
21 ETEEFINNMERES

FEANFEA S ST IOATUEN » P 2 51 TR ) A A AR AR 1 2 ) b2 ST ARACLE 70 2R3 R 244 [10], Hgk
DT B R R BT IER IR AL, R8T B AR 55 A 2 I 21 12884 . ULIC I 2% (Matching Network) R
P Y 3 20 AT R AL AR 5%, R D AR ICAEA (B SRR (52 S BRCR U AR AR IC R A (B & i £2)
(K135 B A4 2% (Prototypical Network) ik — 0 & i€ 11X — s, Il e RS 0 I SR R s Rt AT 7
F. KA (Relation Network)id i — i 5L 11 #2480 2 Sk 2 S AR 2R PR RS B2 i, 1 AN S Al A2 41
I 2 PR R R, IR 52 BB LA PR R o TR i A /LR 0 ) R et ol s 81 i ) 26 32 AT
Wk, BRI R AR P3RS AR AL T LU RO ARSI o f P A 22 X 2% 27 5] AR LRV B 2 FE B 240
TSR LEBEEL G, DRSPS BN, o] DU e b5 B8 2 R AR g, e
HoRAE R m

22. BTERNPMEERES]

FENFEAR S ST FUAIR, 2T B A5 R N LR 22 ST (0 — MRk 2 32 X BRI 2 BoX K07
RO T8 P 22 1 17 i R B0 (RBF) (1 AR H 0 [ R B IAT - DAIHOR Al 28 A 28 BORFAIE 1) A% 3 o 12,
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Satorras 45 A\ [11]iH3d 78 SCRFAR AR R ICHHE 2 AR SR ANAE RS, SEIL 1 AR2E 1A 2 76 - wDAEGNN [12]
A B 22 0 22 (GNIN) AR Jil 70 SRR, 45 & 2508 B 302 15 4 (DAE) UE NIAKRFIE R 7R - BEAh, IRAAL %
HITNEAUAETEIR RS, ICAERRIRAAR S, DU RN ER R, TR w0 RAERATE[13]. SR E RIS G R AL
W T NGRS, HA BG4 (GCN)H N I T SEI AL IX R £ 5 B £ 5 (1 B8 2 [14] .

23 FHEBIEXFES

TR B IR ST, B T SRR R SRRSO ARPRC R EE, BBHX AR AR LS
&5 BRI BA ML A, (Htha] getd & — LIRS AEA . £ LST [I5]MImE 7Ty, BN ol
i E B ICAERE BB KRR IO AT B AL ], 85 A bric B 22 B brid BoE 21T R R Ak .
FAUT LST (9753, Ren 55 A [16]H H R AL R 541 4R1L 1 K-means IS AORTEFZRANE R, IfAEALBE R AR
KR I PR AR L ] RE A & T H AR A I T IUREAS 52« Simon 25 A [17]1 0383 Hbm 28 A% BRI I R
PRICHEA . BEAL, Saito S5 A[L81HR 1 - Wi B /MFE AT B 1 W ) 17 Ao 48 AR ST P [19], P22 2%
N T B FSL B, DM HEARICARARICAEAR B R5 R IE . E TPN AR, ol P 3 I 4 SR T
FrE RS, TR IE FSL AR LIRS . Liu 55 N [20145 R B R0R 5 FRAE SR 2 8] 1) s 22,
FESRH T — bk TS M) (B 1A ] B SRS R 21 13 Ao v 22

3. F&
3.1. FREEX

INEEAR G R BIEFN I R G WD BONGREAR A T 222 i . Bk, BAVPERDRMES T
BFE DR S (—HOH T - 2R, PLER—DEWEE Q (H TV Iy 7 K R inid &
o XFE S NEE N AMAFZIHEAE K A Chric AR, XFIEHAEFRE N-way K-shot 42 i .

AR, Ju ) CRONMR P /INFEAR 73 2 B bR AE S o BRI B, ZINREAR 2 ) ] USRS T1F
BB BESCHEE, NG REENEME DM BCRNAREE . SR, A BRI CAR I SRR AR SR
AR LIS REE 78 73 S IR SR [ FO S P 22 e (A2, S 300 Rk Re AV . J8 i R Rl R B2 X
AT AR, JoEE IR T X MR, SR RRE SCRFAE BT B S A NREAR S ), IR R )
A AR AT 32

ARICKH T SNGAE R TTFE IS 80TE, 1 SN ZRIZ O AR R AE AR BRI A I 2R 80dE
LA 3 H I ZAE S5 (RIS 50), B0 55 1D B Sk 5 S BRI . BT IR 25 B o A A o 5
WAL AL, @I B PRI BAT 55 LRI €0, v DU IR 55 I M it

HARH, 15 SR BN ZRATINR AT 55 #5242 18 N-way K-shot i) 2 ) % 2R e 1) -

r=suQ @)

Horb: TRFESS S={(0y)] e FIQ={(x v )} o AP AR RIS, N KRR, K2

MBS AR AR SO, TRERREAREE. X,y €{C,-.Cy}=C, x My, 72 HZH i 1M
NEHE S H R 28 C 2 I ZRB Bl 4R 1 T A S B B o IV IR AT 55 249K B AR [ FRAE 55 0 A1
HENTIFRE T e AR, Bl Cpyy NCoq =@ « FMESPIISCIFE S RATHICHIIIZE, &
RS BTG, HERE/METIRIESE Q MBHL. XM NGE R ERHT, HEMRISL.
N X K ASSTRFFEA AR AE R FRICREA, 3% o R PR A~ BB MRE A 73

3.2. ER
AW A 1 PR, B4, id Swin Transformer $2 mi A nt 4 N BRI BRI 8~ fE 11, 2B

NxK+T
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4 SRS B AL 1 v BRI N R [21] . HR, FEERE B R, R XCR AU 25 6 42 R AL AR
PRRFAIE AT G AR B BORS HE IR T R R A AL, R IS5 i, DA SRR I 2 R R . A,
Rty 1 B 5 A B\ 2 BB AR 2% (GCN) H e S8 AT T U RpAE A 1l R A AN RO, IR
Bt ARG L (LPA), SEIUASCRFEE S B4R Q MM bnastedh. &a, 7ERHURA MM, il
MRS 5 A Q LRSARZEZ RIS UMK, HIRUBAS . FEREIIZGHER S,
SCRHUR 51 S RRUAE STRAE M A AR B AURHIE RS AR S5 A% F BOR AT 52 7T -
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Figure 1. Model architecture diagram

1. HRBIZE

3.3. Swin Transformer P& V43R B4R

SKH Swin Transformer 1y #2420 £ 7E /INEAS B 53 A 55 vh AR AE SR BB S, o th i) BRI
REAEAE 9 B 28 I 265 (1)1 R REAIE . Swin Transformer (5w 2 fior, EEAFHEGRE. 42 Patch
Merging #{F. Block. Eﬁféﬁ?&%?ﬂléﬁi‘i}g B, MANEGEE SRR R ORI 4 x
A MAESEIGY, fE, SRR Téﬂk)\):%&%%ﬁ#—irﬁfhﬂ 7E4A Block 1, FIFH HEFEE
JINLHI SR IR IR, 4S5 R E 5 4 RS S it Patch Merging #:4F, Xﬂ#ﬁ BIHEAT T KA
DAZF ok o RO i 5, [ B 3 b £ . 7E 22 4K Block 7FD Patch Merging #:{EIMERT, BB HEHLEAR 1)
RIZFHE. o, A4 A1 20 1 SRR AT il o 380 28 (PR AE 23 [A] iR Swin Transformer 1F 9 &]
BARFESR IS , B ENS S0 AT ROl P MR 4 S e, AN T S 25 16 it PRl A 20 DX 28 1 70 RURFIE R BE D

Block M5 f Il 3 fiw, A& U CEERIH: k)5 —1k(Layer Normalization, LN). & 1N 23k H i
& J1(Window-Based Multi-Head Self-Attention, W-MSA). % M#3)% 3k HF & J1(Shifted Window Multi-
head Self-Attention, SW-MSA) 1 2 %14 L(Multi-Layer Perceptron, MLP). Hrr, LN Rt NAFAE ik
ATHEA—AGACER, R ORAS [F1EE I RFIE 20 A0 — 25k, AT A JE 2R AR AR E N . W-MSA #idudid it
HE N2k BERE S, RIHEBEJIBENFFEIATINBCER G, (EdEA R B 8 P RHE A B 515 BA%
i% SW-MSA il 51N & R sh L], 72 R &6 DX A SR REAT PR B A, AT — 2D B SRR AIE

BRI E RN E N R, MLP B E RN e, 2 24 2 AR v 0 s B
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Figure 2. Swin Transformer structure diagram
[&] 2. Swin Transformer Z544[&

B! h1+11
P N
MLP MLP
LN LN
hAz & P
W-MSA SW-MSA
LN LN
H B!

Figure 3. Block structure diagram
3. Block Z5#[&

JEiF LN. W-MSA. SW-MSA il MLP B [EAE ], Block AMYUA RGEREE T & 1N EHMER R, B4R
BT 1 Z R A AL B A S, I SE T2 REERHE IR S5 E, AR ST S 0E T F & M ERIL.
Block Ayt & T2 N

A —w —MSA[LN (h"l)]+h"1
h' = MLP[LN (ﬁ' )}rﬁ'
R 2
A" = SW — MSA[LN (n' )J +h

" = MLP| LN (R") |+
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P, AR

3.4. MR RR

1E Swin Transformer $2EUF)4 B MR EEFE A F, At 7 OREMBERE, BELZEER
FFIEFN SR S IE 2 (B 2 JZ2 IR ZR, DR B S0 RS AE M I S5 0 . XUR AR AL 1 ik &5 & 4 R ARABLRE )
TRARCLE , AT ZE AL A A R AR R, N Ja S AP EE X 25 1T SR IE SRR FIRR AL SR 2 4L T vl 58 3

341 £RMEMETE

A Jr ARG E A (R SR FE A B AR AE Z (R OG R, SO T AT vy AR AT 225 1] o [ BE AT SCAH B o
fE Swin transformer JEEUI 42 JRRHEN Fygpy € RV, Hooht N FORFEASCR, d NWRHEASE . 4 RHHIEA
B W, g IV SEIL AR  :

) o
Flo al FJO al
Woiopa (i j)exp{"g'b'z—zg”"] o

(oa

Fobs [Pl — oo | FREAR T RUBEA | IBKIRBESS, o ALEHIEE BERTHILURER I T S

3.42. BEAELETE
Je P FEE 7 B 2 P A S5 X 80 O AT AL, B SR A B (KB AT55 R o Swin Transformer
SRR M oy e RS, SR K BORRIBIK BB . R MRS R W, , S A

) o2
(i.k) (ik)
I:Iocal - l:Iocal ]

kZK:E'Xp - 4

2

x|+

Wlocal (I' J) = 26

Horr: A28 RFIRIB T SRR ARSI, JFxS A ) B DA LS AT P 2. RS RmFEAR
FEHS kA5 B DR AR -

343 WRLMECERME
NEEE A SR AL BE AN R B ARABAEE (R0 5, AR SCHR 1 R A AR AL R 5 S o il A AH & 10 77 =X,
2 R AR AR AR AL R — AN g — WAL EAERE W, it A A8
W(ivj):a'ngobal(i’j)+lB'WIocaI(i’j) (5)

Horb, o A1 A ONRTRAOBCE 24, 73 55035 ] 2R R B E A1) AALL FSE X d5 28 45 SR (4 Dk
R FEALLEE AR R 5 SRS B O/ 7 REAC IR S R A AxThi e, BRRE I &R iE UE R, R A=
PR IE A AIRLIEE 22 57, AN T ) 2 B TR A FR AR ABL A P

35. EERMEMARIILIBRIR

E 58 OW R AEA AR HERE W IR 5, A SO T BB R 2 BN SR b, 3 3 PR A6 AR I 25 01 sk
AEHEAT 2 2] SO0, SR HCE s R B SRR o BEJG AR ZEAL R S0 RARIERE A AT R 2815 4
M R AT, SER/INEAR 73 AT S5

R XCR AR, £58 42 R R AR BLE AR PR A ARABLE , R ARDUSERE R W W R0 715
Z IR, FAE R T REAR T AR . N RIIE B SRR, ASCRA k-EAR 5, IR
R G kAR SL, X EREREAT X AR AR, DURY A i A AR DUEE B 4544

3.5.1. EEFAMLERIVIZ
TER R S, AR SO RS AR X 4 6 PR AR AE R AT 22 ST AR A . B AR I 45 it 3 JE A 3
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ML (Message Passing) 5 515 s A IER N, HIEARTH A X N:
H 0 _ G(D—l/ZWD—l/ZH (|)W(|)) (6)

o VPR WO E SRR | B AR, B R MR, HO R | R AR WO
R VRTS8 o SR A

L R R BUR A, BUED A A SRE, RN R AR AR I B HE E, MiTE
AR TR AR

3.5.2. IREIEIBEE

TESAR 25 FB R M4 B3 BT s R IE IS, SRR AR S RAREREAR B AT AR TR . AR A%
R H Ar 2R CAREREARRIARSS, @i E K LR BAERE, TRAMEREAR AR R 0. & X
FA—MEEEFITEN (NxK+T)x N FHEFEES . TEARSHERE Y b, Y FRBUERA:

:{]0. Xies, yIIJ (7)
otherwise
PrREAE R T BB IE AR B S U Q S I ARFIFREE . SRR AR AL HE A 0A
F=(1-aS)"Y )

i AE AR bR ARt R, A
F(t+1) = aSF (t)+(1-a)Y ©)

Horbr o 9T RH Y R OAREREAS 1 HSEHRAE
2 2 UGENJE, PR F IS, RAREREABIRRZE A B a] 20 28455

3.6. MKEH
AT ATV BE T AR SAE TR 45 B S B SRR 5, A X T B AR E, DT E bR
BAL R IR AT F SPREREAR B SERRE Y Z B ZE R A R AR B FAE N EERR B ES .
PO CEENE S Wl
L=-2 iY log F, (10)

Horbre LRORREREARISES: CRIGIEE: Y, A 1725 ¢ JE B SRS, R 2,
Fe RFEAR I LR35 ¢ K ERTRIIRE S .

RS RS, B E N & R RR LR SR T A BRI S 5, SRR LIRS (Swin Transformer).
PG Z(GCN)IRIAL L, DLRAHBLRERR R W A4 3E 07 3. TR 21 i (1 D0 A 7 i DRAS 2R g % 78 70 )
MIPREREARRGER, HREARIRERAR 73R IERE

4. KL
4.1. BHEEE

SEIGHCR A T =N 2 AT FSL RHESESE: minilmageNet. tieredimageNet A1 CUB-200-2011.
minilmageNet 37 100 255, &EANZR514 600 5k EE, %M Vinyals 5 A\ (2016) [6]/r A AR HES N 64
AN, 16 DEIEZEAT 20 MR . tieredlmageNet /& ImageNet ILSVRC-12 ()5 k745, 4% 608
I 779,165 k&, 438 351 MRS, 97 MERAEISAN 160 MRS . 5 FHoAh g N £ AR, CUB-
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200-2011 & —/NHk B AR E, B9 200 FR SR 11,778 K A, 438 100 MRS, 50 NG UESR
150 N Fr B4 b i G R b AL A 84 x 84 KN

42. B

552 HAREET CNN PSR AT S5 840, AINREAR 5 ST o 3 S — A g K IRRFAE RN PR 2%, 77
T 2% BB B M B A A R R . T AP S A 7T B, SRIR PSR T T AT
ResNet-12 F13& T Swin Transformer FJRHEFEIER/E AT . ResNet-12 F T & PUAMGRZES, H R4 Hi
HAFEAEECN 640, 2 RZ UL FSL BAIMIPRUHERL B . 52 ALK, Swin Transformer #2417 —Fp 5 R %
H#k ) SR AR SR AU, 85 2 2 IR R S 4 JRIRAE AR, i — I BR T HRON SRR R 4 e
Swin Transformer (¥4 H RFAE AN BE I 42 J53 350 X I AR FE AR X, IR REd It 3 11 A s L 3 & 4 Jey i X
FE, MRS BRI 2 AL B AL S T B 1 RO . A SEER YR A Adam AL RS, k-S4l
KIS kK BN 20, PRBAEREIFIESE o BN 0.99, WA 2IHN 108, EXEAFEELE,
IR B E W R : 4T minilmageNet 1 CUB-200-2011 $dE4E, 4&Fi)I1%% 10,000 VX5 K 2% > 3Rk %
T tieredimageNet (455, BT HINHET L, HENKNETHREARET R, AT EEZRIEN
DUk BI% I RCR, B ARRIZR 25,000 YOG K 27 2T 28kt o SR P BEA (A1 BR 1) 27 o S R BE S, mT DABE 78y
HuFH tieredimageNet Z#E 4 £ & FIFEARE S

4.3. SKHEER

431 FEHR

ATCRHR AR S 2 Rt R M RE T Tt AR TR 7, 40 TPN [11]. DPGN.
EGNN[19]. HGNN [22], LA K FET BRI 7772:, 40 RelationNet [10]. MatchingNet [6]. ProtoNet [7]. MAML
[23]. MetaGAN [24]. SNAIL [25]. Meta-Transfer [26]. TapNet[27]. CloserLook [28]. FEAT [29]. E3BM
[30]/1 MetaOptNet [31].

# 1 e AFIFIEAE minilmageNet 2054 123645 5 . HE/R T minilmageNet $0E 5 _F AR 721
5-way 1-shot #1 5-way 5-shot {55 [HHERfI% . ATLAE ), ST-GCLPN 7E ResNet-12 {05 3+ MK HITH LT,
1-shot Fl1 5-shot 155 HIHERAZE 73 BIIL S T 64.329% 1 78.55%, iR T 4 H I 759%, 1 TapNet (61.65%/76.36%)
F1 Meta-Transfer (61.20%/75.53%). 4% F Swin Transformer 5=, ST-GCLPN 7£ minilmageNet _I [
1-shot 1 5-shot /=55 HIHERR I — B4R T & 67.45%7F11 80.44%, HHE:T ResNet-12 427 1 3.13% (1-shot)Fll
1.89% (5-shot), B Swin Transformer Fef 5 A B EBR RS2 REE, MMTRTHFIERREETT.

% 2 RANFSEIEAE tieredlmageNet HdR 4 FRsEIRsE . HJE R T ST-GCLPN 1t tieredimageNet %
PEAE EASzab st B, AHEL T minilmageNet, tieredimageNet EoA B K (25045 [a), PRI P A 704 03 AL R
Peth T H 2K . /£ ResNet-12 /N FEF SN T, ST-GCLPN HUf53 7 71.84% (1-shot) I 86.64% (5-
shot) (42T, A% T E3BM (70.00%/85.00%) 1 ProtoNet (69.63%/84.82%), SZHIL T AR/ KR, #E—
5K F Swin Transformer /£ 53T J5, ST-GCLPN [¥] 1-shot 1 5-shot 1T 4% [ A 2 43 il $2 i 1) 73.28%F11
87.35%, HHLL ResNet-12 73 A&7+ T 1.44% (1-shot) 1 0.71% (5-shot), K] Swin Transformer §E 5 47 Hh
R KA EAE S, R A SRR 2 A RE

% 3 BAAEEAE CUB-200-2011 i 4E Frysegnssi . Hg/R 1 ST-GCLPN 7 CUB-200-2011 4
FIEr AT 55 ERSEE6 45 B . 5 minilmageNet 1 tieredimageNet #H Et, CUB-200-2011 3= %56y E4ikiL i 2k
Ay, DRI A T B ) S SRR AE SR L AE /7. 7E ResNet-12 {E 43 F, ST-GCLPN [ 1-shot 1 5-
shot 1£ 45 FIHERHZ 23 5]~ 81.54%F11 88.06%, AHLL ProtoNet. DPGN [32]. CTX & 7B AT, 24
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KH Swin Transformer 183 T, ST-GCLPN fE 1-shot F1 5-shot £4% FIMERE R4 1A 3| 85.78%F
92.46%, FWI Swin Transformer BJ& IKVE R JIHLHIGENS B A S S /A5 B, WIIRFMEAR
2RI

Table 1. Accuracy of the 5-way 1-shot and 5-way 5-shot tasks on the minilmageNet dataset
%2 1. minilmageNet #(#Z% _t 5-way 1-shot 1 5-way 5-shot {F & B EFAEE

Method Backbone 5-way 1-shot 5-way 5-shot
MatchingNet [6] Conv4 43.56 + 0.84 55.31+£0.73
ProtoNet [7] Conv4 49.42 +0.78 68.20 + 0.66
MAML [25] Conv4 48.70 + 1.84 55.31+£0.73
DPGN [10] Conv4 53.22 £0.31 65.34 £ 0.29
EGNN [20] Conv4 51.65+£0.55 66.85 £ 0.49
HGNN [24] Conv4 55.63£0.20 72.48 £0.16
MetaGAN [27] ResNet12 52.71 £ 0.64 68.63 £ 0.67
SNAIL [28] ResNet12 55.71 £ 0.99 68.88 £ 0.92
Meta-Transfer [29] ResNet12 61.20 + 1.80 75.53 £ 0.80
TPN [11] ResNet12 59.46 £ n/a 75.65 + nfa
TapNet [30] ResNet12 61.65£0.15 76.36 £0.10
ST-GCLPN ResNet12 64.32 £0.23 78.55+0.14
ST-GCLPN Swin transformer 67.45 +0.36 80.44 £ 0.39

Table 2. Accuracy of the 5-way 1-shot and 5-way 5-shot tasks on the tieredimageNet dataset
5% 2. tieredimageNet ##E%& L 5-way 1-shot #1 5-way 5-shot {ESSHIERRE

Method Backbone 5-way 1-shot 5-way 5-shot
MatchingNet [6] Conv4 54.02 £ 0.00 70.11£0.00
ProtoNet [7] Conv4 50.89+0.21 69.26 £ 0.18
MAML [25] Conv4 5167181 70.30 £ 0.08
DPGN [10] Conv4 53.99+£0.31 69.86 £ 0.28
EGNN [20] Conv4 47.40 £0.43 62.66 = 0.57
HGNN [24] Conv4 56.05+0.21 72.82+£0.18
TPN [11] ResNet12 59.91 + 0.94 73.30 £ 0.75
TapNet [30] ResNet12 63.08 £ 0.15 80.26 £ 0.12
Meta-Transfer [29] ResNet12 65.62 £ 1.80 80.61 +0.90
MetaOptNet [31] ResNet12 65.81£0.74 81.75+0.53
ProtoNet [7] ResNet12 69.63 £ 0.53 84.82 +0.36
E3BM [30] ResNet12 70.00 £ n/a 85.00 + n/a
ST-GCLPN ResNet12 71.84 £0.16 86.64 £ 0.12
ST-GCLPN Swin transformer 73.28+0.14 87.35+0.28
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Table 3. Accuracy of the 5-way 1-shot and 5-way 5-shot tasks on the CUB-200-2011 dataset
%% 3. CUB-200-2011 ##®&E _k 5-way 1-shot 1 5-way 5-shot {F S HIEFRE

Method Backbone 5-way 1-shot 5-way 5-shot
MatchingNet [6] Conv4 61.16 + 0.89 72.86 +0.70
MAML [25] Conv4 55.92 £ 0.95 72.09£0.76
RelationNet [12] Conv4 62.45 + 0.98 76.11 +0.69
CloserLook [31] Conv4 60.53 + 0.83 79.34 £ 0.61
FEAT [32] ResNet12 68.87 £ 0.22 82.90 +0.15
ProtoNet ResNet12 81.02£0.20 91.93+0.11
CTX ResNet12 80.39+£0.20 91.01+0.11
DPGN ResNet12 75.71 £ 0.47 91.48 £0.33
ST-GCLPN ResNet12 81.54 +0.46 88.06 + 0.39
ST-GCLPN Swin transformer 85.78 £0.35 92.46 * 0.45

4.3.2. jHREASCLS

EF %} minilmageNet Z4E 4, 47 T PI4L A s 5 LAKGAIE ST-GCLPN [ &t . 55— 5t, Wi T
RS A FEABL R T 55 (25 4 4 R R0 R 045 J2) AR T A% Gu AR AL T B 07 2 (Un BR L L 75 B8 3 R AR s AR ABLE ) 1
s BB ZHSNES, JOUE T GCN 2 M Aets A B3R 1 SURFE . 3R 2K68 01, LAR LPA RTBREW 75
FIH 2 RS B4R, RmE RO,

F—HSEIRERWE 4 PR, LIRS R, AUE AR LA IE B BR SZAH IR TR, B 4y
KRR R4, £ 5-way 1-shot {45, ZMoBUREEARBURE, (XA I KK L BLAPE B8 b AT AR AL 15
I, 7 ZEUERAR 2T % 4.54% (M 67.45% % % 62.91%). 3t M1 RN, AL 4 J5 M AL B ) & AR DL B
RS S KR TR, 7E 5-way 1-shot (E55H, AU 4 RAHMLRE v BRI 2 T % 1.23% (M
67.45%[% % 66.22%), 1AM H R EARLRE THE B HERR 22 R 1% 4.41% (M 67.45%F% 2 63.04%). fE 5-way
5-shot f£45 H, 3X PRl 5 5 O HE AR 2 50 531 F % 2.08% K1 4.29% . iX K1, 4= RHFIEAE S R LA A (5 2,
EAEGIRLE AT 45 e Z R 30 A1 1S s T e R R AE RE S AR B 2, (HEVD 2R ERSC, iz
AR

2R, BOREAME R RN 456 7 2 RAREREE R, A83ET 7 odtat. mT2RM
ALLFE S BEARARFALE 3 A1 » 171 5 3R AL 8 20 1 b FEE 45 M4 U5, 1993 FR) i 06 A e SRS VEE I AR P2 L
B DR e R . B2, XURFEAALLEAE 5-way 1-shot A1 5-way 5-shot T 55 H i HER 2 53 A 2
67.45%71 80.44%, #HLLT H AL AR R

BTSSR R 5 fun. TELBR GCN [fEHL R, 5-way 1-shot £T-55 {17 JHERA 2 T[4 5.11%,
5-way 5-shot 1145 173 K UERI R T % 4.51%, i GCN ERALTT AR E S ) 1 OCB/EH, 7T LA &
HIRAARIERGE S, T SRR T . 2D H, 7E B LPA J5, 5-way 1-shot fF45 4 S UER =
NB& 2.35%, 5-way 5-shot {155 43 R UERG R N % 2.89%, 18 LPA R 780 FI 4 R fs BAL %, IRER
PREFEAI) 7 R RE, SB[ AR ). 1X KW, GCN Ml LPA 7£ ST-GCLPN HAHE. i E], A 3
FE T INEEAR G AT 55 (R E

2R BRTR, T Rh SIS 25 RIS IE TSR AL EE T GCN LL Az LPA 7£ ST-GCLPN HESE i i 25,
HEBIHLTE minilmageNet 24545 F (173 B PEREAS 8 T BT
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Table 4. Ablation experiment 1: classification accuracy on the minilmageNet dataset
2 4. SERRSCIS 1: 7E minilmageNet $IBEE RS 2EmE

minilmageNet

Similarity
5-way 1-shot 5-way 5-shot
KL FE AR B 62.91+0.34 75.30 £ 0.25
4 R AH AL 66.22 + 0.26 78.36 £ 0.32
JRFAH AU 63.04 £ 0.16 76.15 + 0.19
BURAE AR 67.45 + 0.36 80.44 + 0.39

Table 5. Ablation experiment 2: classification accuracy on the minilmageNet dataset
2 5. JEARSCIS 2: 7E minilmageNet $IBEE RS 2EmE

Method minilmageNet
GCN LPA 5-way 1-shot 5-way 5-shot
N 65.10 £ 0.25 77.55%0.29
N 62.34 £ 0.30 75.93 £0.27
N N 67.45+0.36 80.44 £ 0.39

43.3. HNEmMSNES BB EEWES BRI

NPl SR A AR DA il & SN Hh S8 o R B K B SR BB (W 520, AR SCHE minilmageNet £ 4k
AT T SO S AT SE 5 AR TSI AT, W o+ B =1, IR o IEUE, IR E f=1-a .
SEYGALE 5-way 1-shot I 5-way 5-shot PAFH AL/ NFEAR 73 RAF 55 T AT, o HIHUETERH]9{0.0, 0.2, 0.4, 0.6,
0.8, 1.0}, XFI B HIE 4> ~{1.0, 0.8, 0.6, 0.4, 0.2, 0.0}.

WIGEE R 6 Fin, Ma=06. =041, AL 1-shot fl 5-shot L35k B ERE, VLRARL G
EEARE LSRR B E AR R, MRS KMERE. M2, UEHRE—H
BUE(a =0.0 8 =1.0)0F RILAHXTEZE, FRIFHH HAMER R

Table 6. Hyperparameters « and B accuracy on the minilmageNet dataset
52 6. 5% o« M B 7E minilmageNet #iBE _EHERE

a B 5-way 1-shot 5-way 5-shot
0.0 1.0 64.28 78.90
0.2 0.8 65.73 79.46
0.4 0.6 66.89 80.01
0.6 0.4 67.45 80.44
0.8 0.2 66.23 79.72
1.0 0.0 64.97 78.88

TERE T RPN 28 1)/ INFEAR 2 2] D7 i, k=Bl AR R PR A5 A0 ) O S 4, OBV B e T 49
ANFEARTT TSR AT R AR, TSI B R g S A, R AR AL R AR . R, AR S
— B M AN E] KAEXT ST-GCLPN AU RE RS2, DAVE Al AL X %68 S 40 1 Uk

7£ minilmageNet ##5 4 b, FRATME E A B AL, ¥ kBN {1,3,5,7,9}, fE 5-way 1-shot 5 5-
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P, AR

Way 5-shot P T4 RN R, S RN 7 Fim, mrss RATLIE . 2 k=5 MR
AMES EFIBSIRA RS, 4 K BN k = 1), FIEERIBOMEE, BRI T (5 B T ko ks
(1 k=9), L3I NTELTKBMALLE, ST AL SEC R BB, 0B FRE . SRR,
k=5 JEAEAAT 5 LS P HR A ) 5 B MO R RO B LA 7 DI 20 T ST-GCLPN A K AL fy i
B R MR R

Table 7. Accuracy of different k values in the minilmageNet dataset
%2 7. 7E k {EZE minilmageNet HiR&E R ERRE

k 5-way 1-shot 5-way 5-shot
1 60.32 75.18
3 64.74 78.02
5 67.45 80.44
7 66.90 79.89
9 65.81 79.47

434, AR

N T k2B B BT AR R TR 5N [ RRAE 2 () P 15 BB S 2 ) B XA PR IE 40 A, AR TR
FA 2SI A 77 72 (Grad-CAM)BEAT 30T« ELAART 5, FATTA minilmageNet. tieredimageNet 1 CUB-200-
2011 = AN/ NFREAREUG A FEEAR AL BEALIE R 6 5K BMGEAT 5258, JRil Grad-CAM DL B (1 3 m 41
ARSI (10 30 50 e DX 3

Wi 4 JE7n T Swin Transformer 5 ResNet-12 76 /MEAREME 73 AT 55 Bl iifegs B Horp, 25 147
NIRIEEME, 55 2 479 ResNet-12 Al 1, 5 3 1779 ST-GCLPN ZE ity il . AN TRl s3],
FHELT ResNet-12 $2 I UG RFAE 2 BEIAZAE H 50 DX R 43 B 1), ST-GCLPN Bt 8 5E A v b 5%
TR X 45k

Original Image

ResNet-12

ST-GCLPN

-
Figure 4. Visualize the results
4. AIRILEER
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LIRSS KRN, PriE T ERE A A A . RS HUE A X PR RS S T iR A A
BIRESIMRFIERALRE /). Grad-CAM W MLAL IR N T3t — 2R R T TSR A AR R ARRAIE 2 ) AN G B DX Aoz |-
MIfLs, R N HAE DA B I SAF 55 v (AT R E AN I F03R BE 1 ELLI 28 o

5. &g

Frde 75 10 B R 22 M 4% (GCN) 5 Swin Transformer #1454, N T /NMEAREUS 73 F4E 55 . @i F]
F Swin Transformer 58 KFIRHESEELAE 77, ALY R B 00 = & (0 2 R RHIE AL R S0REAE, AT 384 A A
RAERE ST N T DR TH R e M, FRAT T T XCR M T B, A E AR
TEAB AL AN 5 SRR AE AR ACLRE ,  HE4 & P A R BERE A AR DL RS RE R, DASE im0 R AR (R R OR &R o 7E
ARABURE A B ) S Rt L, FRATTA 2 T BB A 4% (GCN), LR A IE R IR, FE45 B PR AL 3B B (LPA)
AT G BAL, RN CAWREREARSRIREREAR KRR, R BRERTEN. Prighmik
7£ minilmageNet. tieredimageNet 1 CUB-200-2011 = AN/INEA I RE 45 BT T SRIGI0E, SR 4h
KW, ST-GCLPN REFM T HANITE, EMEARY IES IS TSm0 K s, PRk 7 A
T Bz AL e

SE ik
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