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Small sample data-based meta-learning algorithm for equipment
quality prediction
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Abstract: To solve the difficulty of munition equipment quality prediction under small sample data, a
munition equipment quality prediction model based on meta-learning algorithm is proposed in this paper. Firstly,
the pre-processed ammunition equipment quality data is divided into multiple batches of task sequences to meet the
input requirements of the small sample data meta-learning model. Secondly, the munition equipment quality meta-
learning model is trained by a series of learning tasks to acquire the knowledge for predicting munition equipment
quality, and when dealing with the tasks that have never been encountered before, the knowledge learned can help
improve adaptability and generalization in learning these new tasks. Finally, the quality prediction validity of
munition equipment quality meta-learning model is verified by open data set and munition equipment quality
data set.

Key words: ammunition equipment quality; small sample data; multiple batches of task sequences; meta-
learning

N TR E SRR AR A AT SR, 2GRS
EWMTEENA TR, EETAZE 2K
TR E R AL S I BT B Y
EIRELHIGE RS T, SETIRE A3 %
JoRCE TN 7 v RS L% M B SR A6 8l R IR R R AR
JEIE, MIMTSEEL— RPN RBAERE ™, SR, (£ SE
PR fR)ZE A& T R, R R R 2 ST AR TR I 25 X A

Wk Hi: 2025-02-10
HEEUH: EEFEMEHHE (JCKY2022209A002)

EEAEE AWM. AR RAEER RN, 255
P RGE L M G H], BEATYEY, SRR AR
BB i B IR 2% BN 2R, Ry
T AE T B o B PPAS A, e A A PR
RN NGB TESRA TR, SRRy
RO IR DR

AT EZ B G ILATTTAEIF: AERG

EE R A, W, RGN, FEM SR SEL 55025560t & 7 I Mt 7.

*J#{51F# E-mail: ychencd@uestc.edu.cn



B4 1

ACE, S5 FET/NEATTS: 2 R RS R A R T 581

FRT 7 HAR G H e N 25 804 7 H Ymbd A
HEAR A P BRI R SRS ORI i
G S HSL YLD O BT AR HE R H
B TR 2530 X DL B 76 5 ST HEZR T 11 s i R AL
il o A R AR 4 70 A T A 0 B
AR Bt as, RENS A AU AL GER AT T K
IR IR I R, AR R R A 8 07V B A S
HESAHSE &, RERE W B AR T il ot & Il L 1Y) R AR B
1o EEXT IR ECE o A R AT Bk, BFRE TR T
ZRAS M FEACHESE, SCHR [8] SR R VLA T
EPEIVALTEC AP ASPIS = & d ks % N v/ i A R O
FUIR I O3 I B o S AR AL BET L, 4G 2
BENLHIFESRNE , A3 R AR 1 25 2% o 5 M I 204 v 1)
F AT 1 . AR OB HT RIS Tk 4% 6] R %
P PR E RNFE AL B AR, X 564 SLI0 5T
TSR TE B 3 X ). SCHR [9] R H T —Fb
FET I )& b B R R, ZBERF
FASCRFRRAE 2 8] A )ik RAE [ &AL (support vector
machine) 7328 2% K v il 3 4e M i) 7500 R R . [
I, FERCR AR AT R, A T0 3R S N E e
IR D BT R g g, @it
B R FE 2R s EA ) J s 2D AR U]
PRGN, R U I AR B [ O B AR,
HI B BB NAFER A, EERFS WA TS
()[R B ARAR T 77 =K o IR T VE 3 I WRHIE$R L
BIAS 2 ) AP RO, SR, AR RIRBE S 2]
JTVEAE B S B C AR 7 Mk 5 v T e /MR A S
PS5 T RZ AR JIAS R 10 R, HOR AR S AR L
A e L2 TR R

R T RS2 A P i RE AR R A AT B A ) R
JG¥ 2] (meta-learning) B “Z &% 27 KL
i, B A BRAE A PRS2 RS RN, N
/N FE A HOHE T 77 b o & T i) R AR T R
PRUSI ST M T B NN e,
WU AE T ST ASE AL A RE 77 LA AE B2 17 3 F B 7
AR . REAE TARAE N EE R AE T 2% ST B B
TG 2 RGBSRV AL R TR FRE, AE
HAMES B FR DB R EES . AT Im
SCIERAR R, TR U S R S R SR
U, H B A S HA IR A AL ) 38 I A R OURE 4y
B, BELEREARSRICIITE LT, tHAE AR Y 7E 32
WOHTAE S5 IO I, SIS A 55 66 55 B 7 P PRk i 7
REJTo HHTWT T QARSI SR A IREAEFE AT T
b R A . BT AS FL T T R

T, SCHR [12] $2 H 5T 05 o) 10 2 SRR 1Y 5
W2, BRI A A E AR T AR IERE s AT
i VAN 22 2 A P PR R R I A, SCR [13] 48
H T BGER T S HESE, 8IS H & N E 43 B L
SEHLT 98.7% (AL HERR A, 45 S YOLO 224
(1) 705 )RR I PR AR A = i R 4 R B S BRI T
FEARTE R, A, Ju% ) SR AP,
TR FEARAL 3 A AP i 2 2 S5 BRIl &
BE— D TR S T AL 5 3 TR IRIE B
pEUS A R, B EEIBERNEIAN
JCEE S ERAE T HR IR, JAE B AR AN SR U
BT T AT B T e, RS BUA 7 B
REERE, (BRI ERUSEIE CB, R
THURFEE FL ™ DS 2 B e FE v 4 2 12556
T A AR S5 7 T A E SRR o IR Fe 4 T
IE AR RS AR A Ve, BAERRIE— Sk
PRRF AP AT 55 3E B 7 TH U 280, EAE Tollkr= &
JRE TN S e S &R RN, IRIRER
AR TR R R k. R, T B
ZALRESIHI TS SIHELE, SEBUMEAR SRR T 2
V8 S R B2 5 S B RS v R R T, U5
HIT B A L1 D 1]

TE TN RGi b, T3 24 2 4% o o) 1) £ 4
AR R TP AE S, XS 2 AR T
VEZAT N B4 R R . AR, T 2%
BIREFEAAL, NEATIERMES5RT T,
MR B 2= o A5 B AR R . D T
S IXA ), T ) T LA T R UE R
DRI, FE A R /N A 5 T ) R0 32 1 L AE A ]
TAEZA T HE R, AR T — Rt
J5 iR S B 2 2 4% P R R T

1 |9)ER 9 AN B HE T AL R

FAR AN T ESHOE — MEREERE L,
FRIR T HRF AT 55 BB A A A5 I ) B B R bR . XL
S & XTS5 R TH AN Ty B DA K s 2800 78 24 1)
IR T R AR RT3 2R R i o
T, 5 A A PP A R T 59 242 4% 1 o KT
AR A HAE A 507 T R e B St A, e
25 46 o R TN R Y K L R W ik o R ) T DA
B A DL SR 2 e A A I AR SR A i . [
1M, A S 24 2 I T AL TR 20 ) 51 242 4% o R
KPS AT T AR AP R 24 e 45 o
DAERL ORI 0 3 B TR A 5], B R B ER



582 HL TR A AR

55 3%

JIE R ) JiR 2 5 247 2 % o B A P 4R BRURRAE Sk A 37
iR R . SR, RS A T AT
TEF SREARBAR B I )/, 72 S BRotf 2435 25 A2 e
HER = B U B P P E s . FEREAT R %
25 T B AN A 2 T, T S N 5 2 R A A
AT M A TIAL B, AR SR SE ) s e & A e
PR i aE A, 1940 KEHE, B
124 DM SRR 5 BRI T 254 N T B
I3 TR EE X e 5 s, K Z-score FRfEALIE X £L
PEIEATIH— AL A B . Z-score FRiEALIERT & —Fh
MBI A — 773, & nT DUR IR a5 A b
HEIER /Ao X A7k, AT DA 204 1 348
N0, FRAEZEN 1, AT B ESas T ) e 4 22 5«
X-u

z=""f (1)
g

A, Z3R0R 500245 3 4% o A0 A AL S A AR
XR R A TR RS s paRos R 2528 4%
BHAERAER T EME; o BRI 23R PR bR
HEMIPRIE 2 . 5B Z-score bRifEAL 715, T8I P4
B RN =R, LB E Fx E s AR A
FEHENE, Rt — B i g s R AR iR 4t
Al o

2 ETREXBKIOMTHEGREXHE

TZ2Hi=m

XS 2R A R T S HUAT IR, BAESKEL
5024 2 % AL BT AN A P I RE ) B RE AL P . AE
AT BRI, HH e 124 N T 22K
(EFERZ mrERE. K. 3BE%) MAEE, &
BV FE R BRI AL ANGE,  T HL 2 8 n i 55 52
JE. Ak, HARFTE T2 S H0 #2555 % i & 1)
SRR . DRI, REHEIR B R T 22402
HE S 24 2 25 SO B TS A 5 AR AL 2R R A%
Ao T2 ]I U R 2 B A AR 2 PP
ARERAR, A R IR O SRR L 7 TR, X
0 P AR REAT 2 YRR, KT E
S E LB . AT R BRI
BR RPN T RS

KRR TR K O R GBI A% O BT
H, il @ ale] LS R, el
U PEAT BN R GUHASE S AR BB SV . %07
R BE 8 18 7R 25U B 5 255 8 K 46 41 5 )
B, G TSR R FEEARS. RGE

AFER RIS Ol 1% 5 AR O AR i AT ok
WREEREA, KR T ZESH S 9 2455 % i 2 (8] 1Y
RIRAEEHAT B . ST K ERIR %, H
Pk L2 S BB BRI AT R 5. R
FE it 508

minmin y(k) - x;(k)] + pmax max y(k) - x; (k)]

1

&itk) = 2

[y(k) = xi (k)| + pmaxmax ly(k) = xi (k)

k) Ry (k) R i 24 2 B AR A58 | MR )
T ZZHbRA Hllln mkin [y(k)—x; (k)| ﬂlmlax max [y(k)—
xi (k)| 73 9] 3 78 AE AT B0 2 25 A I kAN BUE T
Iy (k) — x; (k)| BE 15 21 (1) fe NMEL A B KAB ;s p 9 K €858
BRRE &0 NRERIRE . EARCPREKA
KERRBON 0.5, Wp=05. AEHHEXKKEsSES
BESE A BRI R R &M BEAT LU . A SR SR IR L
ERT RO KRIKZBE e, WINE R T ZZHN
AR R G T 28 AU K GG
fHemn ey 0.9, Higmn = 0.9,

T T 55 24 2 A AR AR AR S (2) TR R 1R 2
124 N 3RZA 28 T2 S BN 215 % i & ) Ktk
PCRE o B R AR T ESHUN K OSRBE 5 K
ORI B BIE emin EL B, Heh KT AR 8 R I 2 A
AR T 28 84, 7l Bk, #
Z, . EEL RUKEH. 2R S
TR . EIRSHONRBU 2 & R T2
SR, e ST BT R R A R RS A I B

3 ETRFIFANEAREREMN

TR RIS I

BT IuiE S BRI R A R AR R —
Aot ) FH 2 I PR 22 6 R ARG T I 55 AR AR . At
R G T ouse A SR M 23 s R iR, B /EE
LA SRR 2R, BRI TR DA 33 22 45 1) 5
o UEARPR R INE, KA RE
MRSk B S 5ng,  iiE i ol 2
BT REP G NHESS . Bk T — Mo 2SS
AOPRE . R s, I8 ST 55 24 2] B
FIRKRIE A IR . A2 920 4 o R R R
H, T0sA ST B R 2 I TR AiE S AT O 22 350K
T2 R . B, BRI R
(5 24 2 HH , AR L — A 2 R R TR R
Feo SRJE, dIdT0a S AR XA RR AT I
g5, FIRE AP XA TR R AT LS



B4 1

ACE, S5 FET/NEATTS: 2 R RS R A R T 583

SN2 IO T 2S5 POl U 1225
R R o @R X AN B B FH 8 ) s 2
P, ATLAPUE . dERICPAE LT R, R IR )
A, FERE A B SO T

3.1 JTE3E#@

I 2 3 AT DL i — eI 2R 1ok 2 ST R A
e, ARG A 25 B 400 R AR BT 55 B 1) A
(RN S e

i 15 B8 24 2 T ok B R R R L T LR R
D ={(x1,y1), s (onsyn)}s  Fe H 2 N 1 5 24 2% 4%
TZZHEEE, yRMARKRKSENRE. FE
R B 2 ook A TN 1 U AL Y y = (0 B
/N, BP:

g = argmgin L(D;0,w) 3)

W, CRIRWURRKE wit s 2 Rg . 5Pl
SURNBARICIOREAR L, Je IR — R
AR5, BDUIZREHE N Dygin = (DY, DY, -
(Duain piesty), PREHE N Diege = (DT, DY, -,
(Dfin, Diesty) o 3K BEAT 55 43 ik T I ZRAT 25 A0 R
f£55 . fEIXEEAESS b, FE P — a0 AR

mvénTN]%(T)C(D ;W) 4

A, PRI 5 24 36 46 AR Y 2 2 rh i
FrEAESS s wRas o 2 i @i wHES PRI
gk, RB—MEHP T MR, RoRwa] DUE
ANRIE 55 147 2K R B 2 T /)N

TG SIHE B30 5 ) 8 S T 1) (R SR AR A 24
SEMEEAT S5 AR RS . FETT AR AR, A iE
S HCE AR AL R B R P AU R AR,
AR R I N A [FAE S5 (B S BB S .
FESSHAT 2 WL R B S B L], FER E AR S5
A AL I BE T IR B RRIE B G R 2GR R
FAESS RTINS TOAE 55 S Hh SCRP AR IR BN A5
RS HT o, IFd i 7 AR 50 Uk R T A 1 AL
PE. 7£ N-way K-shot 2= 25T, HATHEAE N4k
o3 287 [B) N e g 0 il ad A, G A A 2 ) B2 it
KA SCHEFEARBAT PSRV G640 . EASE R,
58 K3 3 A T R A S R BLE L 51 N BENLAE 5%
AR, AEPRUEAR S5 70 A1 2 FEPE R AT IR T SRl 24
TS IENAL LR o X TAE 55 40 A g dse oK
ORISR, S BAAEA FRFEA S5 T Re4E
FRRHE S B AN AR R 1

32 EIEBBREFIIEERT

BT o0 ) BE I 3 24 2 % Jo T R R AR R
(meta learning quality analysis, MLQA) % y% i i
WA S HOR E, ISR W46 1k
S, AR AE TG B A PR BT A 25 I RE 8 R
BN ZERZOE SR TR A S
REPER RSO E, AR TR D> S 250 BRED ]
BRI ZH . WFRITBMER, 1&ZEE
B EMERY AT S L S RHER R, b
PRSI, ANFTAECHSEIEM AT R,
RUATSEIL s A FNIRIE# . N TR B — A FEEW—
M N EBRAE, TERIRHAT ST, 753 TS50 5
B, 15 S5 FEPLBN R 5] K 401 5% oR B 1) 1 Bk
B, NS DFER S S b U R,
SESHUAE R R B U B O R, B RS R X
1R FFAE B A& B A i 3L g

MLQA & Al Zr 2%, BRI — Al 25
OURTE IR EL fy RN o ZMEFER I XZE R S H I =
2Ky, wRZHeFSERTWAMMULESR . J5E
et s oim il v SRR E ARSI B AR BRI
ST AT AT R, ERE NS, A
SO RN . WNIZITRZEM AR S0k
FES AN

0 = 0—aVoLr,(fp) Q)

X, o« RAWRINEFEAHE T
SMBIEI AR AT . IRIE AL S RIS
o/ FEFES EEBESUL, HEIFERYIG
SOOI o HNEIRIE M 2 AUE Z o B L B8
AW
0=0-pV >, Lrlfy) (©)
T -PT)
X, BRANZUNZRIZE B 1o FEFANAIEAR
WHEZR, 3L X 55 2 (8] 70 A1 p(T) BEAT 2 25 1H)
AORRBE P A 30, AT HE S Y Wi as B A 42 R e AL
fifto ZICUIZRZEMI % 0 HFRAE T @IS 240
AEST, IR AT 55 BRI R BB & T SE LA
R EEAR T, RIATS:
min 77;:(73 Lfor) = W;ﬂﬁ(foavgari( w) ()
N @i S E T NSE Y Gl (S btk NS
LR IR . 52 OB 2R bR B LA 27 ST AR
P2 2] H R A — R AR R TN 45 R 5 LS4 2R



584 HL TR KA AR

55 3%

ZIRZERWEETR, Y ZATaIAE5H, 5
RN . BACRYL, 22 OB o il
R 2 5 S N B IR i SN AR M R A S
BRbRaERIZE TR o 1% VAIE I DAL Ty 5 A
ERRZENRRL, M@ RE ELIR R, HAZ O
HIET M A R Gtk A 2 57, EALIRED
AL SRR LI R &R FEDRAESS T, &
WAL — ROy OGRS RS T ORISR H
SEHRAE o J A e e A S 8 AR PR 2 A e 4
M, FFERIMVENTRE 1, HMgEE RS
(EIRAS, AL REA RS BIURFE 2 8] AR B %
T o A SRR SR bR HCE S R AR TR R T 45 SR Sk
PREE IS AR EAT AR T AR, IR, 2R
JESRANRAT BB 28 AR KA . XA RE W] DUE R
XA (R T 45 SRABEAT T — R AT 1R, IF
PR L 5 LSRR 2 TR B ARALURE o e rp 2 SO 2 2%
IR FASIWAR

""" MO IR

TR ORI

E@OOOQ]@OQQQ .

v | S

| T2

: WS
| TR | [

itk ;%E' "

WELES

Lr(fy= D, Y logf(x)+

xD y D)~
(1-yM)log(1 - £,(x)) (8)

o, YO RIRFRAB R jIAREE: £, FR
G2 e A KRR TN TE SRR
33 ETRFIEZEMNBAREREMIRRE
I 3.2 TR 7R 2R B R A Y 8 %
WTZHREZSE: K. #2, dfE, 58, 85X
HoAH . A SO B, A, N T ESE
KT, ¥ 8K L EHEZH
X~ X2+ X3+ X4~ X5+ Xon X7~ XS TS/ o 1 ERT
TG S BN FH T 5 24 2 6 Jo - TN P R AR IR AR E
Beo WHRTLLE H, B S B 5 24 e % i B A 4
BEAT /iR, TS KI5y, ARSI A T 2 AT
A6 N T S ERE R AT IGO0, e 153
SR 2A 2 2% T B T R TR ARY

AN GRIBRE S HL 6,

6509 (60009 -

e

P O—0-BV, X L1(fi) Ly |

Ea
/O
L
Eom

(ciFh
‘000 @

Ll N e S AN
LG V7 27 O —— N — L

Lo |

L A
L 0=60—0V L7 fo)

B T oo S AR50 24 % 25 o R T

MLQA )% 21 an T

1) Xb/NFEAS T i R 46 B R 3E AT I3 — A A
HE, IR R B A 2 N 2% A R I A5 AR R TR 4%
g5,

2) B — A0S B R 5 D Nl gR g
Digain FIREE Dyest o

3D 53 FAE Dyggin M Diest T RENLRAF o M JITH %L
i 2K th BERLAEL N A2, AR O A
FEA, KRR BRI, HRT O-K FEARR
NEWE. FIE—P0FAES T A NK DA
EFMN RS THBMITAES P -

4) JEIT K bR HR S AR BN o B R
FETHT, 0% 0 RAE S UK R A T

L= Y, yPlogfx)+

*D yD~T77
(1=y)log(1 - f,(x7)) )

5) RN AT S 1 S 80d% 0 (5) 5T

6) RN EAT S SHR S, TR
i (6) EHBLI SN IME S S5

7 EEDES MK e , R TILY
S BEIE B 2 25 46 I T VB Y e o
4 ZBRHE

TEIX—HorH, N T K MLQA Fi A 75 A R
FOHE T SR T MR, 78 5 24 2 A I R A
LT T — RVIMSI0I0E . 524 %5 & i 2 50
LRI 1940 26508, 8 124 Mg 2dk %



B4 1

ACE, S5 FET/NEATTS: 2 R RS R A R T 585

RENLTZZH. NTRDITEERE, 52
HE S K O RHR T ERAT T 8 AN IRBRE 2 B T
T2 e ak, B2, JdhE. 58, &8
KECHPH . A5 UK HBE . B Rl —
FR AR PR X )RR, Hoh y FoRid
RRTTRKIRRE, XRRHARLN KRB LZE
SR, BIX = (o, x,x) e THSERERDT,
BRI SHORE . L0 45 FER @ 5k
3R
HiE1 MLQA
BN PR FTERHIEE D, JoE KN
o) R a AN 2 B
Bt R foder
§J\ %[J D— Dypain, Diest
ﬁ\@aDtrain,Dtest —P(T)
BEHLAI AR 250
while not done do
UL Ti~P(T)
for all 7; do:
FEA K ANEHE 2 D={x()» »()}RET
end for
for all 7; do
FEFIZ (5) F1 D HFM VoL (fo)
S FBR 2 BEE T B B N 2

end for
I (6) B 240
end while

41 XWSHKE

X TR g & B AR A, i T 2k
B0 UF MLQA fEA RIFEA & T BT w1 . fR 4
FREE, %k epoch BN EH 100, B> epoch
3% 100 MINZGAES 10 MNRAE S . e 375
B, MLQA BEiEp)% 1B AmE, NER
AW F N 0.04, SMEREE ST 0.001

ZALS 2 INERE R AL E E TN EIHATEA R
TEFRE, & AT 55 i i o i s 1) A% 5 P [R) A0 A A
MSEIME . B4 TR BT, XHELLE
T4 B BURFESRBUBLER, JE8IS ZAT SR BN AS
W S M AR ST . EAREREE 1 2R —
A 3x3 B 32 AN JEBEES, SRS SRR I
ReLU UG 2 fLEFFAEIE I 2x2 fe KA AF
i, B E — 2 % AR AR 75 A& N\ Softmax
BRHGIATE R T — 1k o IR RE A SR 28 1 0 3 45
P P i Do w6 1 TR I R v R Rl

Z RIS EE T, RELU KR IE 2P A7 s
eRA
42 HHRRRETN

TESRZ B2 R T, A ff R85 ) it
IT/INFERBAR T RN . A T S8 ) kit
ITHEE, Wt 7 3 NEAMNTGF RIS
o U gk, B AL (BP) #4R 4% B
EPY K (RBF) 4 M 4% 5L FIITE /% 2%
BV XT . R R T AR S, R
FAPRBY BEAR A SR B S i TVt s i AR et 3=
T 28 SRR AR TSR HO)I 25, B e s H R AR
AT SHANA R . 8 2 RO EE S I
R, AR EIE e S Wz eRe ) ER R
TR (GRS RESHD , L4 0TE
P55 A B 12 T R AR ZE A R AR BB R . BRI,
TE 2 ) B SI2 06 25 SR AT 8 T 0T A I 4 ) ki o
ORI, WA LS ER R — 8 ot
TR ) RIE RSN R BERT L@ ) 2k
RHAEHL, UREERT 6 )2, RS 6 JZ A& BRI 4y 5
AT SRR, N2 2EE EAE R
2%, 51\ Dropout Py bt A . SHkE L,
WEREWIUE 2= ST RN 53107 RIEVME - SR
N 1x107, PO 2 Al sk. EALasiE ] Adam,
BCE AN 0.01. #ER/ANINZRER 32, KiF
EH 64, ZEFIRE N 15. [FIN AT IuEA[E 5
EREINEA B B B BURREE , AE ISR 73 791 2R
FH 5-shot 1 6-shot [FJSLIHLNM, 2 1 J@R T ANFH
TE N 24 2 2% o B TN 1 45

®1 TREEMERERENTVNER

(=GRl PR R AR 5-shot 6-shot
HER 0.801 0 0.824 5

MLQA F11§4 0.797 7 0.801 4
L 0.820 5 0.864 7

LW S5 0.761 0 0.775 4

TR F1{34; 0.7423 0.746 8
b e 0.770 4 0.776 6

T 0.718 7 0.719 7

BPHZ N 4% F1434) 0.626 2 0.624 7
FEERE 0.653 3 0.648 7

HERfFE 0.720 6 0.7189

RBF £ 2% F115%r 0.648 7 0.657 4
FEERE 0.657 4 0.648 8

HE 1 PLEH, AR E M E L MLQA.
TR ], BP M4 M 2% Al RBF #4148 W 2% LV AE 5-
shot SZI6G 2 H0% BT B T 6/ 5 29 ) A 80.10%



586 TR R

76.10%- 71.87% H1 72.06%; £ 6-shot SZ4 2 ¥ %
BT TAER 050N 82.45% 77.54% 71.97%
M 71.89%. MUL EEIETTUUE H, ASCIRHEKE
% MLQA 7£ 5-shot F1 6-shot [1] 5256 2% 1F ¥ B T #P
T AR 3 ANEYE, XIE T MLQA fE/MEAREL
5T 5024 2 £ ot = T X PR A o TR (B AR R )
FE{E 5-shot Fl 6-shot SZ4 15 B T AN [F] 532 1 Tt v
RN T 2.35%. 1.44%. 0.10% F1-0.17%.
Al DL I MLQA S503 AT JH At 580355 50408 1)
Ve oA

TERRIPEAS R R, BRIEEREMER RSN, TEE
BHERE Fl LLEfRn g 2 44 . &R
REBA B ERAR G B, X — 48R R A A
K Erh o EE ., W F1 R A
PUFE R S E 2R, HECAREIuE 17 HX
“EREAYE” 5 RBATE” BIRER N BURMEE R,
JEIEH T2 7 A A AT S5, R R0k G e
— 4B FR G A T E VAN . IR 1 AT LA H MLQA
AN 3 24 25 £ JoT B T P AR A R v T A 3 AN
1%, F1 4350 FIORE 4 B2 s T HoAth 3 MR . did
DL E 3 AN AR AT BUOUE B 32 tH 1) MLQA 5L 51 24
e R T b 1A R R R

T E MLQA ftit:, K2 s
T MLQA FlIEF 2% SJ B E S-shot S5 26 7F R VI
Sk R BRI AR . N 2 TR BUE
MLQA FEH % S E /T 5 000 5 57 25 (1) 453 2% 2L A
i, fH2LEJSE 5000 BEHEH, MLQA BiEHH K
5 R EAL TR ], XHIE T H A MLQA
R LEYE . B 3 7R T MLQA 1E S-shot 5256
AT NGRS AR T AERA FE AR A, MBI AT LR
B3 1 7 MLQA % 3 24 2he 2% Jo 2 L0 ) 7 Al 52
T ], HHSIREE R 5 2 A0 2k sk Zoth
LRAHEL IR, HE—2BUEB T MLQA HIfilte

3.0
— MLQA
25 — transfer learning
2.0
8
a
LSMMMWMMMMM&&%W&ﬁEﬂ
1.0
0.5 . . . .
0 2 000 4000 6 000 8000 10000
Updata Step

B2 MLQA AT SN Zrid fe rb i35 ok ek B h 2%

555 4
0.7
— MLQA

06 | — transfer learning
% 05
<
g
Q
< 04 1

0.3 ff

0.2 : : : :

0 2000 4000 6000 8000 10000

Updata Step

3 MLQA FIEH 2 =) VI hict 2 v it v afe 1 it 48

4.3 MLQA #1458

24 %6 %% AR S e — P EUE SR, TR
iE MLQA #74 f¥yid B v, ff H KTH-TIPS FE{Z %L
PEEE (KTS) P47 %% . TIPS A A R E [ .
ARG L. KTS & — MRS, H
BIAL S T 10 AN X S b BE B . 1% 8088 AL s
810 Tk Ak BE M5 . 10 FhAS [R] 24 284 11 8 2 5% 1 Bk
% 81 akFEA . RN KTS B EA 10 MR
HIEE, DR AR S50 H R N-way, K-shot [#)/]s
FEAS S50 B () JEAR, YRt 72 ) MLQA FliE
STk B R & 4 Frs . W BLE HY MLQA
TOUIN ) HE B PR R AN B R W S S v T IS A )
B, X R B MLQA #2284 75 B R 508 b A B
e rteae. B 5 WoR 7 REE SRR G, i
MR MR, TUEH, KRB
MLQA £ 3t 5 25 5 5 503 ) Pl kg B il 2 USe 85
5 H A7 A b, MLQA #5784 BAT 5 v 1) 0 A
FEE 0T B il Ze W SICH B, aXUE B T MLQA 7ESE
B Tk A= 7= o BLA B8 A R A e R R GE R o

— transfer learning

0.6 |

05 t

Accuracy

0.4

0.3

0.2

0.1

0 2 000 4000 6 000 8000 10000
Updata Step

K4 MLQA AR 2 > I Zid R v A v aff L i 26

N T B AE MLQA #5780 3 P T B0 45 1) B B A
HEFIFHMLENYE, R2 MK 3IAH THRE



B4 1

ACE, S5 FET/NEATTS: 2 R RS R A R T 587

PEAE KTS EMSEsh g f. 105/ 155185 L5
SEEG 2 AHR] . 5 SEBRFAFEARTE AR K T I MLQA
HERZR A3 TN 79.20% 80.84% 79.63%- 80.75%,
6 KERFAFEARLEAF LK T I MLQA HEH 2 73 il
N 77.28% 78.04%. 77.06% 79.21%, I35 %5
THARTT . FRE, N7 EAEMPE, E5IANT
FEEEATFL 2040, DL ESEER g5 AR T MLQA
Rt P T B0 1A e, IRIE 7 MLQA 138
R, SFECLE PFAD KTS 345 EROsEiggs 3, M
T MLQA 1 B % £ 8 ) 7000 A% P2 42 =y 56 &6
¥, XIFW MLQA 7E KTS ERIEHL T 7 PF L
MIZREL, 18RI A LI R 2 — 7] RE 2 B A0
A RREE 2, n]DUE#E RRUIRELF . AL
mHRRIE . A — AR F AT RE A KTS A 10 M0,
BERAE YN o B2 v AT DASRAS 55 A R 2R BB
ERAL,

Accuracy

— MLQA
— transfer learning

0 2 4 6 8 0 12 14
Updata Step

5 MLQA AR 27 5T I ad 2 v A vHEAf L P 26

#z2 AREEETE S-way SEREH T KTS RER
FrimeE R

WAL EER . 1%, ZATSERG RIS )8
HIE TS TS E R, EEAE
2 BRI A 7 KU, T DU B BURFAE
PP G HLE— 1 S ERE A A, 1
BT RIS R e 1S AR, (AR X
SHLZA B0 R S I B RN RS B R R AR R
HERM GBI K, NANEF S 7 L]
(N2 0.04, 4MZ 0.001) Pl AL 558 7k 4
JRZHTE: NEREERNATS i Z 5, SN2
Ve I 1 R R AP S = S A, X — SR
TE/MEAR S N BT T SHCE RIIE RN PE,
Ab, BB BARARERE (TR Zhr A W 28 iR Jad
TRV R RN H bR E Mg b, Msh A4k
TR — 20 SRR T 22 AT 55 18] (1) B v 5% 1)
S EGEIE RO ERM IR, " REE T G &
YRR 25 (AR 2 AT S5 25 ST 4R T B 5 (W FE
3, T 24 5 () 5 R 0T D) 5 22 R 200 1) B
XF5F, 1K S MLQA S 5 A4 508 1R R A A 48 R
TR EER A .

=3 TNEEETE 6-way LIS EH T KTS JRER
M eE R

5 way
FRI 5-shot 6-shot
10 25 15 10 35 15
S 0.7270 0.7310 0.720 0 0.720 0
ML ' ' ’ '
MLQA
. 0.792 0 0.808 4 0.796 3 0.807 5
AL
T# 2
. 0.711 6 0.7212 0.704 4 0.703 8
F1{35;
MLQA 0.784 0 0.798 3 0.779 5 0.780 6
F1#34r ) ) ' '
iR 0.738 4 0.756 3 0.733 2 0.730 5
MLQA
o 0.8019 0.812 4 0.797 8 0.791 7
FEEE

6 way

Tk 5-shot 6-shot

10 154 10 26 15

TR
s
MLQA
HER L

iAo
F1{35)
MLQA
F135)

TR
e
MLQA

0.705 4 0.708 7 0.686 9 0.7177

0.772 8 0.780 4 0.770 6 0.792 1

0.6512 0.652 3 0.637 4 0.6719

0.7417 0.734 4 0.730 0 0.7513

0.664 6 0.667 2 0.646 5 0.682 4

0.7322 0.729 9 0.718 4 0.7317

MLQA F59%: 7 L 245 2 25 o & T A 1 5 Aol
& BRI DU PE TR T H 2 AR5 SRR S 70 R

5 ZERIE

ASCHEH T — Pk T ou 5 S BRI AR
S 2G4 £ R TN 77 3%, BT MLQA Bk . %07 1%
X /ISR AR AR 1) 9 2455 9% B E TN A R, IF R
eGP IS TR A MR 2 ST VA T BUR/S
ORI BT IRAT S 3245208 25 1) R B T Z S A0
MU RIEREE, IR B R T D R B
EEMVIIRESH, W T Rlonss > sk . il
51 2425 26 o R AU AR AN A T (1 BB 3 SR SR SR IE



588

HL TR A AR

55 3%

THSEME. SEIRERERY], IR AR5
Z A R T h BA R RS R . L e
FREST, PR AT T A A B R D 3R
HAERLHT SN . BEAh, W T onss S HIR R AR,
MLQA 343 1 %2 7€ ARG B PE o & A] DA A
RULEINFEAS B SR (0 SE A8 25 1 T SEBLR E T

(1]

(2]

R

AR SE, A, AR, L B S TR SRR e
7 ERATI]. FEAFIT T Z, 2022(5): 51-53.

Zhao Qian, Zheng Nana, Li Runwei, et al. Analysis on
methods of quality inspection of ammunition products
under the new situation[J]. New Technology & New
Process, 2022(5): 51-53. (in Chinese)

FH BUE, B, FATIREF I 6 0 21 R
REMEL W+ R AL £ I 8351k, 2023, 42(6): 20-
26.

Li Cong, Shi Yiguan, Huang Quan, et al. Fault diagnosis
expert system of small caliber ammunition assembly
equipment based on deep learning[J]. Ordnance Industry
Automation, 2023, 42(6): 20-26. (in Chinese)

BAEE. @ 200 EEHIEE A %k A LD A&
A FAHLKF, 2014,

Kang Chuanguo. Object-oriented weaponry Database
system[D]. Chengdu: University of Electronic Science and
Technology of China, 2014. (in Chinese)

F 7R, EER, B4R DTSN TSRS T T
& AR ] %4 5 F 5 & R, 2006, 26(1): 535-
536,541.

Huang Jingde, Wang Junbo, Wang Wei. A study of guided
ammunition reliability judging system based on little
lots[J]. Journal of Projectiles, Rockets, Missiles and
Guidance, 2006, 26(1): 535-536,541. (in Chinese)

Zhang Hongguang, Zhang Jing, Koniusz P. Few-shot
learning via saliency-guided hallucination of
samples[C]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Long Beach:
IEEE, 2019: 2765-2774.

Yao Huaxiu, Zhang Chuxu, Wei Ying, et al. Graph few-
shot learning via knowledge transfer[C]//Proceedings of the
34th AAAI Conference on Artificial Intelligence. New
York: AAAI Press, 2020: 6656-6663.

Vinyals O, Blundell C, Lillicrap T, et al. Matching
networks for one shot learning[C]//Proceedings of the 30th
International Conference on Neural Information Processing
Systems. Barcelona: Curran Associates Inc. , 2016: 3637-
3645.

Martin-Diaz I, Morinigo-Sotelo D, Duque-Perez O, et al.
Early fault detection in induction motors using AdaBoost
with imbalanced small data and optimized sampling[J].
IEEE Transactions on Industry Applications, 2017, 53(3):
3066-3075.

Mathew J, Pang C K, Luo Ming, et al. Classification of
imbalanced data by oversampling in kernel space of support

[10]

(11]

[13]

[14]

[15]

[17]

[19]

vector machines[J]. IEEE Transactions on Neural Networks
and Learning Systems, 2018, 29(9): 4065-4076.
Saufi S R, Ahmad Z A B, Leong M S, et al. Gearbox fault
diagnosis using a deep learning model with limited data
sample[J]. IEEE Transactions on Industrial Informatics,
2020, 16(10): 6263-6271.
Peng Peng, Zhang Wenjia, Zhang Yi, et al. Cost sensitive
active learning using bidirectional gated recurrent neural
networks for imbalanced fault diagnosis[J].
Neurocomputing, 2020, 407: 232-245.
TR, B R, £57, F.UF IMRACE $ TR R
I B AR R L], H1iE Ak Bh1k, 2025, 47(2): 59-
67.
Mao Wandeng, Yuan Shaoguang, Jiang Liang, et al.
Multi-feature
transmission and transformation defect detection based on

enhancement  network for  power
meta-learning optimization[J]. Manufacturing Automation,
2025, 47(2): 59-67. (in Chinese)

FR, EH,META, F A THRGEASF I 6 AR
5% K \ARG AR [J]. AT AT AR S 5 A, 2025, 61(13):
256-269.

Huang Y1i, Guo Jinmeng, Ren Ziyu, et al. Few-shot surface
damage detection of wire rope using improved meta-
learning[J]. Computer Engineering and Applications,
2025, 61(13): 256-269. (in Chinese)

FRE,BE, LK, F. AT AFEI it
YOLO 4R & & & # F4 ) A A4 M AL A []]. ALd, T A2,
2025, 42(5): 985-993.

Li Lingbo, Tian Yan, Jiang Xudong, et al. Improved meta-
learning YOLO-based few-shot object detecting model for
surface defects in steel tub[J]. Journal of Mechanical &
Electrical Engineering, 2025, 42(5): 985-993. (in Chinese)
R, %R AT AFE I FEEMIEEAIH )
BB & 7 k[T B ILAK, 2025, 15(5): 71-74.
Song A’long, Cui Xuerong. Small sample image retrieval
method based on meta-learning and lightweight attention
mechanism[J]. Internet of Things Technologies, 2025,
15(5): 71-74. (in Chinese)

fEARAk, X7, oHRA, . R TFAFE D g Rk &
A B 1l B A5 A M [T]. B BURF R, 2024, 45(10): 154-
167.

Zhong Linlin, Wu Qi, Ye Junjie, et al. Meta-learning-
based few-shot image detection of defects in substation
equipment[J]. Chinese Journal of Scientific Instrument,
2024, 45(10): 154-167. (in Chinese)

Finn C, Abbeel P, Levine S. Model-agnostic meta-learning
for fast adaptation of deep networks[C]//Proceedings of
the 34th International Conference on Machine Learning.
Sydney: PMLR, 2017: 1126-1135.

IE, Fobir, TR, 5. RRAUFE 3] AiE & ) AUE 635
IRAMEF FIE A IL[)]. T AU A, 2024, 41(12): 344-348.
Guo Jia, Zheng Shanhong, Chen Chuang, et al. Research
on cross-domain recommendation algorithm integrating
meta-learning and attention mechanism[J]. Computer
Simulation, 2024, 41(12): 344-348. (in Chinese)

Xu Zhixiong, Chen Xiliang, Cao Lei. Fast task adaptation
based on the combination of model-based and gradient-


https://doi.org/10.16635/j.cnki.1003-5311.2022.05.004
https://doi.org/10.16635/j.cnki.1003-5311.2022.05.004
https://doi.org/10.16635/j.cnki.1003-5311.2022.05.004
https://doi.org/10.15892/j.cnki.djzdxb.2006.s3.018 
https://doi.org/10.15892/j.cnki.djzdxb.2006.s3.018 
https://doi.org/10.15892/j.cnki.djzdxb.2006.s3.018 
https://doi.org/10.1109/TIA.2016.2618756
https://doi.org/10.1109/TNNLS.2017.2751612
https://doi.org/10.1109/TNNLS.2017.2751612
https://doi.org/10.1109/TII.2020.2967822
https://doi.org/10.1016/j.neucom.2020.04.075
https://doi.org/10.3969/j.issn.1009-0134.2025.02.008
https://doi.org/10.3969/j.issn.1009-0134.2025.02.008
https://doi.org/10.3778/j.issn.1002-8331.2401-0359
https://doi.org/10.3778/j.issn.1002-8331.2401-0359
https://doi.org/10.3969/j.issn.1001-4551.2025.05.018
https://doi.org/10.3969/j.issn.1001-4551.2025.05.018
https://doi.org/10.3969/j.issn.1001-4551.2025.05.018
https://doi.org/10.19650/j.cnki.cjsi.J2412999
https://doi.org/10.19650/j.cnki.cjsi.J2412999
https://doi.org/10.3969/j.issn.1006-9348.2024.12.061
https://doi.org/10.3969/j.issn.1006-9348.2024.12.061
https://doi.org/10.3969/j.issn.1006-9348.2024.12.061

B4 1

ACE, S5 FET/NEATTS: 2 R RS R A R T

589

(20]

(21]

(22]

(23]

(24]

[25]

[26]

[27]

(28]

based meta learning[J]. IEEE Transactions on Cybernetics,
2022, 52(6): 5209-5218.

Ren Chao, Jiang Bin, Lu Ningyun, et al. Meta-learning
with distributional similarity preference for few-shot fault
diagnosis under varying working conditions[J]. IEEE
Transactions on Cybernetics, 2024, 54(5): 2746-2756.
ER, FORT, b, F. S RE GRS HRT D
FERT]. A2k 42, 2024, 54(12): 2800-2819.

Yue Ling, Li Xiaoning, Han Nan, et al. Research on cross-
domain image spatial data few-shot learning[J]. Radio
Engineering, 2024, 54(12): 2800-2819. (in Chinese)

Chen Jianjun, Hu Weihao, Cao Di, et al. A meta-learning
method for electric machine bearing fault diagnosis under
varying working conditions with limited data[J]. IEEE
Transactions on Industrial Informatics, 2023, 19(3): 2552-
2564.

Jose S T, Simeone O, Durisi G. Transfer meta-learning:
Information-theoretic bounds and information meta-risk
minimization[J]. IEEE Transactions on Information
Theory, 2022, 68(1): 474-501.

BmiR. ST T OBRETHF I RBAR[]
12 8.5 W fi%, 2024, 36(22): 180-182.

Jian Liqiong. Research on cross-modal transfer learning
strategy in multi-modal intelligence[J]. Information &
Computer, 2024, 36(22): 180-182. (in Chinese)

Tian Pinzhuo, Li Wenbin, Gao Yang. Consistent meta-
regularization for better meta-knowledge in few-shot
learning[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2022, 33(12): 7277-7288.

7, RBIE, TR, & MBAR AT #2H EEH
R[] BEEAHL, 2022, 43(5): 29-34.

Niu Hui, Jia Yuci, Li Haocheng, et al. The equipment of
aerial bombs for shipborne aircraft[J]. National Defense
Technology, 2022, 43(5): 29-34. (in Chinese)

Kolarik M, Burget R, Riha K. Comparing normalization
methods for limited batch size segmentation neural
networks[C]//Proceedings of the 43rd International
Conference on  Telecommunications
Processing. Milan: IEEE, 2020: 677-680.
I, A=A, R 46, F. B TR &S
89 B R BRI IE[T]. ALK, 2023, 50(6): 67-73.
Zhang Jiangpeng, Fu Yunwei, Wu Chunzhi, et al

and  Signal

[29]

[30]

[31]

[32]

[33]

[34]

Improved grey correlation analysis method for fault
diagnosis of multi-mode equipment[J]. Machinery, 2023,
50(6): 67-73. (in Chinese)

Zhang Peng, Liu Chenbing, Chang Xingshuo, et al.
Metric-based meta-learning model for few-shot PolISAR
image terrain classification[C]//Proceedings of the CIE
International Conference on Radar. Haikou: IEEE, 2021:
2529-2533.

W&, RIE, R, F. KT RN Fo UG AL GG |
AMIE AR AR 7 ik []. & F 512 & F 4Rk, 2023, 45(6):
2144-2152.

Hu Lei, Zhao Hui, Nan Yi, et al. Unmanned aerial vehicle
path planning method based on search rule and cross
entropy optimization[J]. Journal of Electronics &
Information Technology, 2023, 45(6): 2144-2152. (in
Chinese)

I h, AR, A S, F R AN 2 W B A it
te SR AT A M 0TR[], Lk 38 K F F R,
2022, 56(10): 1341-1348.

Wang Zhuoxin, Zhao Haitao, Xie Yuehan, et al. Prediction
of modulus of composite materials by BP neural network
optimized by genetic algorithm[J]. Journal of Shanghai
Jiao Tong University, 2022, 56(10): 1341-1348. (in
Chinese)

MEL NNBE, AL F A TFHETREEGLF
Ab 2 45 R B A A (D], B T 5 Ot A, 2022,
39(12): 13-20.

Liu Meiyu, Liu Qifa, Cheng Yaling, et al. Research on the
performance of optical neural network based on gradient
descent algorithm[J]. Microelectronics & Computer, 2022,
39(12): 13-20. (in Chinese)

Minoofam S A H, Bastanfard A, Keyvanpour M R.
TRCLA: A transfer learning approach to reduce negative
automata[J]. IEEE
Transactions on Neural Networks and Learning Systems,
2023, 34(5): 2480-2489.

Fritz M, Hayman E, Caputo B, et al. The kth-tips
database[EB/OL]. Stockholm: KTH Royal Institute of
Technology, 2004[2025-03-20]. https://www.csc.kth.se/
cvap/databases/kth-tips/index.html.

transfer for cellular learning

RfEHmE M 5


https://doi.org/10.1109/TCYB.2020.3028378
https://doi.org/10.1109/TCYB.2023.3338768
https://doi.org/10.1109/TCYB.2023.3338768
https://doi.org/10.3969/j.issn.1003-3106.2024.12.007
https://doi.org/10.3969/j.issn.1003-3106.2024.12.007
https://doi.org/10.3969/j.issn.1003-3106.2024.12.007
https://doi.org/10.1109/TIT.2021.3119605
https://doi.org/10.1109/TIT.2021.3119605
https://doi.org/10.1109/TNNLS.2021.3084733
https://doi.org/10.1109/TNNLS.2021.3084733
https://doi.org/10.11999/JEIT220579
https://doi.org/10.11999/JEIT220579
https://doi.org/10.11999/JEIT220579
https://doi.org/10.3969/j.issn.1000-7180.2022.12.wdzxyjsj202212002
https://doi.org/10.3969/j.issn.1000-7180.2022.12.wdzxyjsj202212002
https://doi.org/10.1109/TNNLS.2021.3106705
https://doi.org/10.1109/TNNLS.2021.3106705
https://www.csc.kth.se/cvap/databases/kth-tips/index.html
https://www.csc.kth.se/cvap/databases/kth-tips/index.html
https://www.csc.kth.se/cvap/databases/kth-tips/index.html
https://www.csc.kth.se/cvap/databases/kth-tips/index.html

	1 问题分析和数据预处理
	2 基于灰色关联分析的弹药装备关键工艺参数提取
	3 基于元学习算法的弹药装备质量知识模型实现
	3.1 元学习问题
	3.2 元学习模型残差学习算法设计
	3.3 基于元学习算法的弹药装备质量知识模型

	4 实验仿真
	4.1 实验参数设置
	4.2 弹药装备质量预测
	4.3 MLQA通用性验证

	5 结束语
	参考文献

