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Abstract

With the advancement of industrial automation, motor fault diagnosis has become a key technology
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to ensure the normal operation of industrial equipment. Traditional fault diagnosis methods often
rely on large amounts of labeled data for training. However, in practical applications, motor faults
are varied, and fault data is relatively scarce, making data insufficiency a major bottleneck for fault
diagnosis. To address this challenge, this paper proposes a fault diagnosis method based on Gener-
ative Adversarial Networks (GANs) to solve the data issue and improve model performance. In this
study, we introduce GANs to enhance data and alleviate the problem of data insufficiency. Specifi-
cally, we first convert vibration data into spectrograms, which are then used as input to the GAN.
The generator generates additional data to expand the dataset. The generated data not only pos-
sesses good time-frequency features but also retains the diversity of faults, thereby improving the
generalization ability of the few-shot learning model. The enhanced data is then processed through
the LKA (Large Kernel Attention) module for feature extraction. Finally, after processing by a global
branch and a local branch, the data is classified. Furthermore, to further improve diagnostic accu-
racy and training efficiency, we combine KL divergence and Wasserstein distance, and propose dy-
namic weight adjustment and learning rate adjustment strategies. These strategies make the train-
ing process more stable and accelerate optimization. Extensive experiments on the public CWRU
dataset demonstrate the effectiveness of the proposed model.
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1. 5|8

Tl A iSRS N S 4 e — AN EERE . At BdE BoR, 78R TR R A Bk
AR T, & A A YEAP A I A B T SCHE Y 15%~60%, 1642 RA il BE 2 &k 50%~60%
[1]o EE AR EALH Wb S 5136 B — BNLALUR AR kR, 5 0 s i AT LEFL IR 77 i A B AN A P 2R I R e 1, B
W32 1 5 KPR 28 5 40 2 ™ E R 22 A i 2] [3]e

TEARZ WML, JHG ol g il o (LR 1) 40%~50% [4]0 SR 0 il FRERZS W] DB 22 B
FALREATIRA, HRINE 5 A S Wl AR B AR E 1) fe ELRE AN B &, @I SR BE 54T 704
A LORS B R B 2R Y | AL BRI AR BE[S]. SCE[6)EAs 13T IRBNE 5 A0 75 0 & 1) il K i s 2 b
AR, F8 HIRSNE 5 B H i R WP AEAE B A2 Wi sh il i B iR e o o 38 170 el 2 AR 3 24
55 N H L2 W ) AR VR . (H R T BE R, B DU T 0 1 A A U AE R SR LR A5
M A EEL

GG SR S LS5 S BORFEAL B AR L B A5 5 07 A R, TR B 5 2] L9 R IR
TEALIR e Sy RIS RE 77, ETUIN . BMGALHE . Wb iR i 558 2 AU R B BRI . A SCRR AR
X7 X % (Generative adversarial networks, GAN) [7]% $0dEHEAT IN5% . GAN 7EEUE 2F 7 TH B A JURE R
RN, AT PLORANECHE AN R R A, 9 TR I2 W IR X S AN A [ R AL TR R BR (8] AR AR G
GAN 1AERL U BH(Mode Collapse) [9155 il i,  H 6 5 2% 1B 5 500 I RRAIE S ORI A= B RE 0 A PR o k4,
Transformer [10]7EACER S 455 S RMER TF BANE Ry, PR AR AREE 08K, it DUE A8 /INRE AR i) v )2
ERESI[ 1A

Z PR TAESR R, ARSCHH T —FhE: T GAN FIZDFEAR S ST I X8R, FF 8 ORZ AR 5] N ik bs iR

DOI: 10.12677/5ea.2025.142017 177 BAE T AR 58


https://doi.org/10.12677/sea.2025.142017
http://creativecommons.org/licenses/by/4.0/

El2:540

AR, AR FAE G A g ) A g 45, A0 5]\ Kullback-Leibler (KL) A K 5842 %28, 51\ Was-
serstein GAN (WGAN)K B #r #7345, 5k AN 8 152 B dropout JZ R MR E R @, thah, FRATIEH
T FhEh SR RS . R, FRATSIN T 2 S RN, L oA o B 45 (GAN)TE LML R 2
RS R TRTE . ARSI FEE TR T

1) fEZAURGIN T —FH i E &R 454 Wasserstein P A KL #0U%, FIH Wasserstein 20 554
PR AR S SR A AR 22 5, RIRNE T KL B RS 4n s, A A2 o i 44 (GAN) 7E HL L
V2 W 1 B A B 4 TR RORS 7

2) SIN T EARCE SR EZad e d, WP EAR S SRR Z R, BiE % KL
BRI Wasserstein #H B FRIACE,  SEIL 1 AR pas F1 D 0 38 B0 AP 4, 4R T 1R e S50

3) SIS F IR RG] EYIZd R, MR KL S Wasserstein FE 25 B E 372 2406 K 3
DRSS R, FRMIGHERE, BEES.

4) FEAFFHHRE CWRU AT 7 REWRSEE, UEFRA I 7 vk B e .

2. EAISMATIIR

ITECAF SRR FE S S R &, W B T S s Wrids . IRBES: ST IEM L TR G ik, Rk T
— G [A) R SAS F R 1) R, R R 0 AN SR TSR — KR, 04 e X 48 5 7 T8 T A 1 48 TR 8% 2
Al LS A B 0 A, 5 B S — AR BB AN, AT R AN S AN R R R . RIS 2D
AKEE R —Mon 207k, WalH T RS e .

TE R R BS540k, A %) 19 4% (Generative adversarial networks, GAN)I¥) 51 N\ 45 e ] f R ft
THEBIMIIT R B, Mirza FEA[12]38H TH GAN M THR3NE S A RRMBAL, 8T 5] A% GAN,
ST AN AR SRR BN T 2k A AR G, LY R B A AT I 2 R . Ak, Zhao 58 A [13]% GAN &5
GRS G, Wit 7 —Fh AR s s B0 I E 0047 o 3oy Wi B 2 S AR . AR A R SR A T A
AR R, RS 7RSO T 2 e .

TERARFFAE S 21 J7 10, Zhang 58 N[ 1414 H 1 —Fhor it g ik AL He28(FTGAN),  FH] F #2825 X 25
B AR g AT AR, I Rk R e 2 > MBS Sk B AR e F B o 5 KRS, Gulrajani 58 A\ [15]803 T
Wasserstein GAN (WGAN), I IIABEEERST I, M 74258 GAN YIZRANEEE [ ial @, Jf 523l 1 76 98
M P P2 AF T BT SR AR . R GAN 7R B2 W 5 R 51 v i B AR TAE S 7 v, B2 A s
A LRIFEAS T B AT A AE B D DR A BB A B e 3 S 40 A R s ALIE AT AR e v, YR 2R E T
URERZR AR A AR HE R AL RROAS, T Song ZE N[ 16132 H T 782 -GAN F1 WGAN [IHLISHESE, JRTELL
HEZER, R 7 KL #% 5 Wasserstein BHE 455, RN H 1 S i A4 o bt H AR 2, kR 1 KL-
WGAN 74 B S FE s 2 A PE A B 2R . IXMRESE B A IR B B2 W s ot HLH 32 22
K KL BREEARAL, AT 00 28 i AERR I, R n] RS2 BIRCE fh TH i 22 082N . H AT FE A2 S 16
BB AR —E R, (HESTH ZER R AR, IHAE BB AR 22 I 2% 5 Transformer JyBEfili B Y HE 42
AT ISR, X RN F T A D B AR O 4R .

3. BiFgit
3.1. HEHAESS

W TSRS Wb, AN [ AR S R A R A AL T I P AR 2 R, TR P S 23 089, R
AIHIE P e — S AN F B REAE, B DAAR SC 56 R FH A ) 7 B A2 46 (Short-Time Fourier Transform, STFT)
K i 7 e I A, AR 9P iR GAN BEHI N, SXREAT ) T AR i 27 =) B R B 20 A1 A1 R IR 35T 2%
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P, JFOR B IR A Bd 1O R IE . A O A BIURE I o O T RN B B D I BRI, AR T S A ahas
AUEE T/ B MG R 27 > R BEHLH 9 KL WGAN B, Hdls22d GAN sz Ja, SRV BEAR S 51 7 i3
17338, MRS ERME I, NMSCFES ERE P IRDUFE, RA 72T LKA (Large Kernel Attention)
(2 BAFAE SRR o |1 T JRAT 75 Z SO SR A W AR (Rl A S, ASCRIX T Transformer HEZEK
KPR A R B A S AR S, SRAT Vu S8 N [17] T4 10 Ja) 3 5 B B OR AL BE SR £ 1A R AR ARFALE 5 SR
VER WK B 2> FRE TR, o 42 RS AR A5 S 45 A R SE IR 70 2K o A ST S A F) BE A HE 2 2

1 s
Y8/ (5L .
Dynamic-KLWGAN
|Few—shot E237)
V SciE s V i
LKA f5tR LKA #ile
]
‘1’ Fs Fq
o one &8
D |5 Ry
| | Diag (X~LyLocelx)
Encoder *N Decoder *N T
'\l/*' —. ) i i ﬁl S
2 )
42 J5) Transformer f54 ¥ Ryl PRASR
1
Vv
[ CrossAttentionMetric }%@B@&{W <
E&
e
Figure 1. The overall architecture of Model
& 1. EBEEELEE
3.2. BEALE

TEARSCH, FRATRAFEAR S 5] 55 AL B ZRGs A (10 7 728 R AT B R kb T iEWCER K B W e B 4R
ARG o HH T b AR R s S DA U4, FRATTK A Meta Learning [ Few-shot /1%, AR #E—L85C
BRI IT, R A T AR FEAR S ST I N K “episode YIZRALE” o Few-shot Ik A& TIRZ
Fol, ENZER B, ML ZRE R LG EL C AN, B EMEE K MFEARGE CK AN ),
Kt l— meta-task, FH{ESCRFEE(supportset) S = {(X,i",Y,.“' )}: G, o, =CxK)HMEAN, FRTERSE
TPBREALILEL g MFEAH TR A EE(Query set).

o={(x7.17)}, O
Hrr, n, =g*K o TR episode #ERFEAF A K meta-task, XFHLH S5 AT DL 3] F)AE meta-

task HAIFEE,  RREXS AFE SCRRE T IO TCAE S5 AT B 2 20 A REA S ST S A B AR 24 2] — M
LY R K, JE P A ) B A SO R 2 TR (R BLSE R B 2 0 5 rh 2 — A A T S Rp AR IO — 2031
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3.3. R EUER

AN} R Uk A G 3T 2 E B B L (fLFE Conv2d. Maxpooling. LayerNorm F1 GELU ¥#i%
R, HRIERIR SR, BIREREHIRERE R AERBIE BRI FRRE, R T
AEBRZ KD BB

TR SR B B, FRATTLL K A% 2 (Large Kernel Attention, LKA H A FERY, X AMEHUE KAZ TR
IIRIVIREE . 5 RIRE B LB B, ARG TS, TSR KIS S R . BT LKA
J& T e FO B SR A 7k, TR A R 2R ) ARG, 7RI A B R A R E R, BTLE
AT E TAFRER LKA, 00 THEBUR SRR 4 R AFE, A R SeE R A ik 2 0k
TNERIZ DY KRB L RERIZ . Ry iR R AT IR, i@ 722 EHOR Ok B R Hdl a5 5 5.,
REAIRE R R NBERFHERL G 2 550 0 Fr b s e E 1 55, 18 F s B AR R FE B AR AT e ik b
A .

3.4. Dynamic-KLWGAN

A T BT 45 (GAN, Generative Adversarial Network) 4% 0 B AH B Goodfellow 28 A\ [12]7E 2014 F$2
W, R EER AR R A 0l A 0 B AT S B AE N 2, i R4, mTRATS EE A A .
JRE GAN FEXHPUA S 2R U B RS, (R 2 I 2R 75 224 B A0 ) 35 AR R, R 01 258 )k
AR I 55 2 R BTN ZR RN, FE[14] P EF IR TR H Wasserstein PEESACEALGE IS B, 3%
TilgAfemtt. Bl THEGES ARG 2, WGAN tHIEEM & B SLEUR M 2 FetE, FrbAASCEIAN
7 Kullback-Leibler (KL)EXES WGAN 255G R G2 Af A5 208 30 10 L. [R5 N 17 2l A5 A 3 1 2 SR 2 )
RAEENLH], FrIRH Dynamic-KLWGAN HIRRL It 4] 2 Fios .

Latent Space
Generator Wasserstein Discriminator
Loss(w)
Gradient Penal .
KL Divergence v ‘Wasserstein
(GP) L tss)
Loss(kl loss) oss(w loss
‘ Generator Loss

( Dynamic Weight adjustment ]

[ Dynamic Learning Rate J

Figure 2. The architecture of Dynamic-KLWGAN Model
[# 2. Dynamic-KLWGAN #2 2 EZ52[E]
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A. GAN
GAN IR BT IR T DARESS R M - SR A H A5 ek 4
me max V(D,G)=E,_, [logD ]+ B, [10g(1 D(G( )))] )
Hrr, P oRRFSHAR G, P, RAEREEE G, D(x) R H G IEREARRIME, G (2) RS
HERUIREA o
B. KL #J#

ASCHIN KL #UEAE RGBS HRIESHR— B E RS S, KL B0 &— N EE R E
5, ATEEWMEI A P (x) M P, (x) ZZESR, MRS P (x) A TIEMUN 0 P, (x) BIASH
FME B, HaEgp Ui e Lk
() 4

(3)

P, (x)
Hh, P (x) AESEHE AT, P, (x) AAEREHE A, KL BUEH TSRS fIl, AmE P, (x)
EINESE T P (x) o % f-GAN [16]PHELR S5 K, A TH KL #UEH T WGAN 1, Wasserstein #H 5§ 8 5
AR AR, T KL R MR X ) 25 7 o NG, (R RT LR Kb Wasserstein 25 7E J5 &840 A 40715 I
PIA 2 o KL #B7 % s ] AR R

Ly =B, , [logP,(x)]-E, , [logP (x)] (4)

E¢,X~D%p(ﬂml%%ﬁ P LA Z 5 0 H A B ME B, [log P (x) ] #6545, BUAT R f02:
FIREAR M5
C. Wasserstein ff 5
J9PEAk GAN I ERREREL, AR uebbE i S5 M, SR T Wasserstein B8, E&K— i i
Tk WO BH AR MR
W(E.P,)= fnf B 3 Ll =1] )

}/EHP P

DKL(})r”P) IP log

Hor, H(R,Q)%Fﬁﬁﬂﬁﬁﬁ@ﬁ%ﬁﬁﬁﬁ@%é\ PP, S ANPGRS, |x— y| Rnks i x #3)
By Fraa . Wasserstein FF B2 IELE R, RIS 508 o0 A7 R0 A 5o AT I B 8 (BRI 2 AT 2 1A ZE BR AR
R), WATBIAR A 2 SCHBRE, AT ORIE AR RS A 2 8. WGAN 1) B AR B % T Kantorovich-
Rubinstein ¥ #{E, 0 PUEIS LT AKIE:

w(B.P)= s B, [F()] B, [/(x)] ©

= ¢

Hrr, f&—> 1-Lipschitz B, fENZRFET, FI2E Pt — M0 1-Lipschitz %% BT 1-
Lipschitz AIREGIAMAL M RR, HAE IR T77ES SEREEHARRE, GEBITEEE /N, 58]
REME DA S 77 21 B BG40 A7, Bt AR SCR F RS B 75 511 (Gradient Penalty, GP)SKSEE Lipschitz 25144, F 548
ERINTRAE AR

D(3), —1)2} )

E¢_%mﬂﬂvam-ﬁ}%ﬁggﬁm,m%@ﬂﬂ%%%ﬁgmﬁmﬁl,g%giﬁﬁﬂi
AR 2 BB, & R

Ly =B,, [D(x)]-B,_, [D(x)]+A,B; [( \%
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%=ex, +(1-€)x,, €~ Uniform(0,1) 8)

D. Dynamic-KLWGAN

KL-WGAN J&—F45 4 KL #U% 1 Wasserstein 87 B F12E ST PTIN 4% . 400 WGAN EZARAL Was-
serstein JA &, X BIA TN T T 4F (R HE BIBAR /A0 2 181 (0 22 5, SE L I B B0 S o A 5 AR LA A I 22
I T f-GAN HEZE[16], SN KL HUZA/E NI L, AR, AWTFRAE KL-WGAN FIEAl 5 1
BNASBUE BRI FNZN A5 S BN, 3 TRV A% SRR AL o

Xof TR SN, A SCHRHE KL B A1 Wasserstein P12 (128 b 60 AL LU G 3E47 A0 B8, KL BUEEAL
R~ N PR

mln(WKL + AKL s WKL,max ) lf KL > KLthreshold
WkL = ©)

max (WKL —Ays WKL,min) if KL <KL hoia

Horb, Ay KL BUERPEA, FHEHERL, Wi o M W e 2 KL BRI MU, KLy 00 N
KL #U% FI1E
Wasserstein #2580 F F 5T A U0 R Fros:

min (WW + AW b WW,max ) lf W > VVthrcshold
Wy =

max(ww = Ay s Wy min ) W < Wirespola

(10)

b, Ay N Wasserstein 1 ERCE R, FSHIEETEI,  wy o M Wy i, 9 Wasserstein B2 ) B K
I, W, poa /9 Wasserstein BR B HIRIME . ASSCHRAE KL HUZ A1 Wasserstein PR 2 AR A0 25 SR AL R,
SRR 2 KL BB BRI, BN SR, smAb AR seds X KL BUBERIRALAEE 77, 4 KL SUBEECRI, %
INFRCE, BRRAT KL 200, P Wasserstein #5525 040 . 24 Wasserstein £ 855 R Ui B A2 2 5 4
B8 2 TR A0 A0 25 SR, TR BN Wasserstein AUEE, PR B RN, FRARHACE DLt 4 .

Nt — BRI R I SRR AR EVE, A G 3 A B RIS 51\ T %% 2] % (Learning Rate, LR)i
L], F S R BRI E A (I, I, | » JFRA Pytorch #1%) LambdaLR, & %0 EAEREE A
5E S g, (¢) BB BOAREE ZDASHCE (A4 ELGIR NS TR 7 2J 5, SAUE SR, 27 5] Zng i b,
ANIIR/: RAok ) P 1 =R AN R 2 X X €2 ) VN1 ) s G 5 A | 75 2 SN N ) B Wt e e oy
YR FIR AT I, (¢) BB R PR

l+a ifw,>6,and w, >0,

It e (t) =<1-p ifw, <6, orw, <6, (1
1 otherwise
(G VSR
It e (t) = (1 +0- Aw) (12)

Hob, o pAIS BT, w, M e, 5515 KL BRI Wasserstein B85 HURLE , RIS R 45 1),
VR TR, 60, F10, 51 w, Bl o, (B, SERHIELRE RN 0.5, 4w, Al o, IR K,
BRI AT LB oD 2 5] B L BRFAE, AT RLE AN 21 3, InbRilesl, 58— iR E KRS, i AR
MR —HHE IR R, TERRY 1%, N iiil. Sebry S Z 85 A 0.

n=n._ ~(1+5~Aw) (13)

Horb, Aw FORBUEAAGEEG], o FRARTEEDR 7o AT 0 501 85 53 2K bR 0T DA E 3R 8 SR8 9
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L,=-o, 'Ex~P, [D(x)] +Ex~Pg I:D(x)] + ﬂ“gp "Cgp (14)

Hrr, o, 7% Wasserstein FiESKIZNAAE, A, ARG UALE, £, ABREAGTI0, s ik i
KL B, mTBLH U R ik

L;=-E, , [D(x)]+ @y, L (15)
H, o, NEE KL E, L, WA T ESL0 A0 KL 8UE . B LAERATI 526 s 0e SUh -
ﬁl‘otal = ‘CD + [’G (16)

X BATE UK KL_WGAN HESE A T s L i s, 7EIXAMEEHIZRr, FoATT e wIaa i Ak ik
A A B OO L A ) RIS . FAEREN ISP T 5 Wasserstein B 25 F1 KL #U8, $6 ff
FH 3R 4 21 (1) 2 25 H EE TR 4 SR AN 5 ) SR BN SR SR E A 2 21 28, R KL B 45 2K ek 250R]
Wasserstein 5 K&,  F T SR IO AR BEAS AR 2%, DRI UIZR S IR, H5e i AR G B 3 52 7 A 1) AR
Ha, 5RIHEE—EIEN Fewshot BRI, MG % il BBz 12 T i 1) /INREAR [ R, 8 i IS 28U T
AR IR BE Jy, HETO— S TV AR B v . B S Wi T . RIRE, ZhAAE
TGN S ZA LR o 1 B AR A R I ()0 R, 8 S A SEPR N = R I 2 AR T R

4. LI SHHIE
4.1. BIRESLHILE

RISUEAR SO A R, SR 354 1) CWRU 2 58 SE RS 47 U1 ZRoF DA -

CWRU Hf 4542 5¢ Tl R i b i B4 42, il 7K 35 22 1 79 Bl (Inner Race). 41l (Outer Race) FIVR B4
(Rolling Elementsz)Z i, X =AM 2 PRI EZ R, AR SO Hn IRty ol Bk iis
HRAMPAT 2, BARNAR |, SR R G045 Py Rl R . AR . TR BRSO AT E HOIRAS s Bl 1730
rmp. 1750 tmp~ 1772 rmp~ 1797 rmp, FARSEERAEIE 5Z35 73 RS0 K 1 = A/ N Ball. InnerRace
OuterRace. AR 3N & LT E0ME S 8IGHEAT V) v A58, SR BER R AT Mg, 5
I E S IAEE, INGRFEACK A 2048 S sh & LU, W8P Ko 80 MINAREA R AR R B K1 3 &
AP AT . TSR A R, ASCRENUERL T 750 MHAFEAS . R ORIE I Zhid 72 1 b
BUEFI P, DL IR K2 A e 70, FRATAESEIR rhoR B 347 1 T BLIEAE M R AN T g s

Table 1. CWRU Dataset description
F* 1. CWRU BUR&ERER

R R [0 4= AR
0.007 1
Ball 0.014 2
0.021 3
0.007 4
InnerRace 0.014 5
0.021 6
0.007 7
OuterRace 0.014 8
0.021 9
Health 0
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PRI E . fEATIR AR SR IUBEER, JRATEE T 3 A LKA Bk, BRYEE N 64, FABERER
KANFI 52735083, 3)~ (5,3)s (7,3), FHAEELEEE B E N 4096, 4 )58 4t 2% (Global Transformer)
FIgmAL 2% - ALY 2 BB LN N=10. S8 alphal 1 alpha2 73552 R #E70 SC fl4e J5 2 S0 7 e &t vp
FIELA, AR T Rl S £ 2% %6 £ alphal = 0.7, alpha2 = 0.3. AR4EHESCIGALIEZLK, GAN W% % H
Adam b2, H dropout ZSHIE N 0.5, FIIHFIZN 0.0002, FhE5 )2 ¥(0.0001, 0.001),
KL BUEE o, BH81EH 9(0.1,0.5), Wasserstein 1B E o, S1A5VEH9(0.5,2.0), BREEIIE 4, B
EH 10,

4.2. TN iEIRSHE

AWFFCH, AR B AL RE IR S H A VA A IO, AR THER%E. A FIE (Recal)1EN
PR TEAR . A B TV R T, BOR RS TN D IEAE AR 1 B0 (TP) 5 55 bR IEFE A = (TP + FN) 1 U fH
FEAEFL R, 1 Jeil i A B 2 BOR T B R A 200, 5 SEBRPR AT L, 0 IR A4~
TR A R, e T EAS R E RIRAEE, 8 W

]l «c TP
Recall = — £ 17
C 2021 TP, +FN, (17

Hr, CRZENEHL, TP (True Positive, ¥ IEZR)RRPIEHF TN A IERIIFEAEE . FN (False Negative,
47 28) 2 A 92 B o TE AR B B 3R TR0 A R A AR B
£ Few-shot 1551, Ao THRAR S AN h A AW AR FEAS I T 25 3, o6f T B A R R HEf
HMHE, AR A 4 8, RABRCRME R BRG], H5 L hrbr 2 AT R b,
MHEAS 2R R %, TFHE AT
S (argmax (scores, ) = target, )
N

Ho, NONEWRAEASEL 1TONFEREREL AT R A — BN IR [ 1, AR E 0.

N T INGRASCHE B RY, FRATAIREZ R ] Adam fRALBERARAL ISR, 2 S R IEIR ALK W E N 0.001,
FHRNGRIECE, BEA 0.000001 2 J55 S A2 EAE . ARSI AAYIZR epoch ¥ E A 100, GPU {4 A
RTX 2080 Ti x2 (22GB), CPU f#H] 9 vCPU Intel(R) Xeon(R) Platinum 8255C CPU @ 2.50GHz.

43. EWHERE S

AR J s T R AR Y 5 HCABAN 55 X5 Bt A S 6% 1) /DA AR AR Y R 0] B 25 SR o P B2 B2 31 Eucline 9B IR ER
2, cov NPT Z & (cov, covariance metric), CA A& X i /1% & (cross-attention metric), EMD it
BRA% B #E 2 5 B (Earth’mover distance metric, EMD). (1) Shen %5 A\ [ 18] B #4d F R 4GRS0 15 5 A (5 5
PERRN, AT A2 X 28 SRS HIURRAE , A58 FH D s DX 4 2% 50 5 S e 2508 R RRFAE , >R FH RR PR BE B A R
sy RINEER . (2) Hao S8 A[1915& H T — Rl Sl 58 S R ) I 48 SR AL B AR FN 0 I /L, FE4th 746
PR S DL AR EAE 10 /. (3) Li 55 A [2015€ L T — M IR )7 24865, H T B ke A S8
IR AT — Bk, (4) Chang S8 N [211f U TR H B R SUE Bk SR AR DX 6 R IFB . (5)
X. Wang 55 N [22]51 % DR A 22 ST A% O o] A2 T B4R - SCRFAE Transformer #5278 (Query-Support
TransFormer model, QSFormer), Jf4&tH 1 — Rl (185 )% H 3R fEF2 L % (Cross-scale Interactive Feature
Extractor, CIFE). (6) Manh-Hung Vu 28 \[17]5t/MEA 43250 @ 5] Fl T Transformer 4 )543 > A G =
T IRER B 73 3o AT FHH 42 R 43 SRR 40 SO SR, IR TE B 2% 2 o AR SCH T /S PV

(18)

Accuracy =
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SIS RBIRA17].

2 FTRIARI R TR S AR R XS L 2R, o, T DR A BRI E R, S CRAA
B ST RIRR IR B 9 R i R D R AR R SR IR 72, 30 FEARETAY 61.13%, 300 FEAET X 78.77%. covaMNet
[20]F1 MF-Net [21]RFH P75 22 B S AR B A 1B 5 2 D REAR 22 ST B AE RE AR /D I R IR 22, FEAR
BUDEAG RIREESRTE, v LAY SR EO Al 50 1 A SR KR AE AN R SRR AR IR AL T DU AR T HE R %, R
LA 30 BEASHS HERR 2R 43 TN 72.17%M1 83.21%, 600 FEASH MR 243 7N 96.51%F1 97.51%. QS-Former
[22]#1 Fewshot-cross-Mah [ 172k T Transformer &5 K384 R {5 2, 0 LAE HR A 5 KRR 25 3k B
JRERRFE T IEARRAEREA D IR & 2 IS U0 R #REE T EMD. #£ CWRU $E4E I, A A o
THAR ST, AHLCEL[ 17 BIARAY, A ST B AAERE A 30, 600, 19800 B 73742 F 1 17.20%- 0.09%-
0.04% o X AIF B R F A2 BOG B0 IR 28 0T S g AT 38 5, ANTTA 28 FRIZRAE, A A B /N AR 2 SR R 2
> BHAE 2 1) B R AL AR 22 Sk, BETT 3R T T 40 SR UERAE

%3 FTRERIRASC AT RAE AL 517]H BToR B RE AT I TR L o AT DA H 358 It e A s Do 8% 114 A
RURT L LR /D 1 250 8 3 B s i kB, /b T NRIEE], R T B e & 0d STRT g K v %
AT DA AS AR R B8 S B R, A1 SR BR 8 PUd SR A T BRI, I PRI 2R . R ol
A FH Az Bkt 0000 268 (0 AT AR R BB IO RE ), A 8ORI FH 2 A% 0 388, SR EI R 300% .

Table 2. Comparison of Proposed model accuracy (%) with other methods

2. FTRIEEAERER(%) SR AN

Sk BEETTR eSS i
& HE R R 30 600 19800
ProtoNet [18] Eucline unenhance 61.13 96.61 97.62
CrossAttentionNetwork [19] CA unenhance 72.17 96.83 99.29
CovaMNet [20] cov unenhance 79.73 98.91 99.62
MF-Net [21] cov unenhance 83.21 99.58 99.63
QS-Former [22] CA + EMD unenhance 79.88 99.06 99.63
Fewshot-cross-Mah [17] Cross + Mah unenhance 84.87 99.78 99.89
A SCTIRAR R Cross + Mah KL-WGAN* 99.47 99.87 99.93

Table 3. Comparison of Proposed model training time (min) with other methods

5= 3. FRRRBH9IE TR 8] (min) 5 H At /555 XTEE

NE Y%
s it
30 600 19800
Fewshot-cross-Mah [17] 203.45 190.63 220.71
AR 182.85 191.57 207.92

4.4. HRASELE

N T BT R P AR A A BN B B O A R, AT TR S . AT PR KL-WGAN A2
R MR ARSI RO, PLIFS S VE R » FEERRL AT T GAN Wi, 1% /4% i A= eas A1) )
A, JFTI N Wasserstein FEES/E AAT ] 2 A1 BB & . AT SOH G B WGAN &5 & (179 BT i i
Transformer 4= R 8 A1 5y (R B Jm SR H A SO BB i Wi AL . BAR TR . ARSI N KL BUEAR
A RS, 4 BN AL A B SR g DL R 2 ST RN . CERORAA BRI D0 4 & 1 v S F0 7 ] 26
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El2:540

FHPEAK T 12178 ]

T4 R EA 1 RERMUEH GAN BIHTEHR T 0, EfF) 2 A KL-WGAN, 5|\ 7T KL #E M
Wasserstein 5 20040 AE i AS AN EI A28 . 241 3 78 KL-WGAN FIERE FE5IN T KL SIS E FEFg . &
il 4 #£ KL-WGAN Fy5Efli B4 H T ZhaSBE 4 Hms AN 2 o) S B, BT PR A AR e x40 A8
4. AT R, fEAUREARMEN T, HEREMERE. £ 2%, H KL-WGAN X4
PEHEAT NG, TEREACH 30 FITEALT, BEEY IHER R A A [FIRIEE] T 99.06%F1 99.20%. [FIFF H & 5 A A0
FUEAT I [BLERE A 22 F LU BRI K BT A . FE R M 3 AN I NS BUE NS, ik 4 Fk 6 v]
DUE HHFEASCH 600 I, A B2 FIHER 26 /NE LT, FEARECHN 30 I, AERR AR T FE 2580 43 il
T 7 16.57%. FHELEL KL-WGAN TEAERZ A [21 22 E#E B A, 10 IO KL AU 3T i R 20 4
VAR LRGN B R TR K 43 FREBE, (H 32 6 AT TE TI84T /0% . Ibah, W 7E KL-WGAN L5\
BN B SR AN 5 ) 2B, ) 4 PR, ASCH AN TR =AM A 1T, AL
FELRRERL, UERGRIE 30 1 600 FEAKF 23 BT T 17.19%. 0.08%. SRS, 45 BRI AT AR
PIHE R AN . FELE 30 FEAH 600 FEAR 15 2] T 5 51(99.46%H11 99.86%), I&ATHS [A]& /i 18 434k .

Table 4. Ablation study of the accuracy and recall rate (%) of the proposed Dynamic-KLWGAN variant models
% 4. PfE Dynamic-KLWGAN & 2R B E R R0 2 515 (%) A HRL KL

FERB R Z)
Baseline KL-WGAN Adaptive Dynamic
30 600
Al v 84.87 99.78
A2 R R 99.06 99.73
A3 v Y v 98.93 99.86
A4 R R N 99.46 99.86

Table 5. Ablation study of the running time (min) of each variant model of the proposed Dynamic-KLWGAN
% 5. PfE Dynamic-KLWGAN & ZE R B A IE 1 TR (8] (min) K HER SC L0

Sk eSS i
30 600
Fewshot-cross-Mah [17] 203.45 190.63
KL-WGAN 197.91 197.40
Adaptive-klwgan 179.23 188.12
Dynamic-KLWGAN 182.85 191.57

Table 6. Ablation study of recall rate (%) of the proposed Dynamic-KLWGAN variant models
% 6. Fi#Z Dynamic-KLWGAN & ZEHHREIAY 7 [2] 2=(%) BOHRL L3

o HAH(HEE)
30 600
KL-WGAN 99.20 99.87
Adaptive-KLWGAN 98.93 99.67
Dynamic-KLWGAN 99.13 99.93

5. B4

ICN=A

FEABEFE A, FATTIN T —FH 1) M 25457 Dynamic-KLWGAN, 5 7E fif it HL AL sk B2 W v i i 20
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AR S RIBAE AN ) o XN R A TR . R IRSV B A s 2 5, MR
AR 2 () LR HAE , AT TR TUINGRER, B IR B A i 2 5] B RFAE . %, Dynamic-KLWGAN
PR L 5] NBhASAUE RS, ARG KL #U% A Wasserstein 2025 F LB SR B EATHIREE, MImE
73 A2 B ANl B AR A SE NP A = 8. O Ttk — B R THE R N SRR ARG E I, AR T %)
FHCHALH], RV R AR E S AR B ST 2, XM 45 A T L T K RN
Wasserstein #F 25 [ TR, 18 G A% Goisi B ool B ANAR S I 1) 3, TG 2802 v ke o 1.2 W 28 ) ) A o
ASFEAIS (1) 53 SRS T A SASE RS SIOR T o 399 J5 B i — P i 2> LKA BEERBHTRHESR I, Hand
Transformer BLHUH HE 1) b K < (A1 A8 R BR B 0O G 27, 1 DR 8 DU 2 ) S AR A 2 ) PR AR AL i
TR 28 . FRATEEASLEAEE CWRU _FBEAT 7 ORE SN, S5 RRN], AT P A s A4 1)l
PR sk b PERE S AE, LT HAh— LTk

TEARNRM TAEF, RSOt JUA AT et 2 &b, B2 g i, nr LG 3 — e A 2R A
AR AT 773, AT i B R0 i B AR AR () AR AR RE 7T bk, B KR B S2ARFAE 23 A B M K, ] D&
YN E &AL R, 38 R AR R i — AP i 38 H At i e 45
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