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i B RER,IMAFIAEHRFRAR) AR, L EFEEAEL THERARD NE
RTRBE— R TS, BEMETEEFINTFILEEH S ZNA T AIARERET +, K
XHAEBEFIMEBER IR TEEFIELRA NEHTHRSE BRETEEN LT
ZRABME, &, W mAER B Z L 4,48 B IBN-Resnet]2 1F N FFAE R B & # 4,
ERERBEREMANT ZEAEE A ES, ARG RT HHFE KRR XMy 2%
BEENRANEESI XS RRT A EGEEE B A ENERE, KXAEPERES
ZHUBEE T HTLE IH TRANARE, ARAHTTAENRIB, THTER

Bk AN E B R U
Kol

BEAE TR 27 > R, R U BRI 3 TR
HAYFED  FEREAE ST B8 or3E  H R |
T S E SF RIS T B R RCR . YRR
1 BRVE R Z BT B TR 22 M 2% ( convolutional
neural networks, CNN) , i 25 il {415 25 O 26 AR T3,
FEVN St 2 8% T3 R, CNN B A B HURR AIF 2
PR SRR AE AR A — R AL, MR X LB A
CNN Z# U T 15 50 RN o AN AR TE 3R
CRFAE Y 71, T2 N PG S 403 AR
MR A LI, BUATRYEET ONN TR 7 ) Bk
B R I AR ) 22 A S T AR, VR
A2 2] (few-shot learning) i5 7 4 2R B0 1)
TEOLT A AR SC 581 58 O S ML o 40 Y 251>
1155, I SEAE R 2T IR TS AL B ST i) F 5 B
M2z

I A /IR A 22 2] [ R 5 ¥ R E0AT 734 A
TIURR FETIuaE T B/ AR 7 2] S R TS

© Wb A SREREFES (F2020203003) HEEITHH

IERZES]; TEEFA; zih; ZREES; AT EEE

2T/ INREAR 22 ] S L T P f 22 I 2% 10 /MR AR 2
SIS AEN L Hoh BT T AR 2] I/ INRE AR A 2] i
ROz H BRI R 22 0 2% 27 22 DAAE Y
2o AR A o | O ), I SRR R D I AR
(test set) E/{I%’S%Uﬂ{]ﬁlléﬁk%(train set)}J\ﬂ%W_,ﬁ_’E@%ﬁ
Ze. MFET IO > B/ IVREAS 7 2] SRE 3T LAY o 2
TR TC A B TR 1 T 7 ) Sk bk
TRERE AT T R

BT R R ou e o S A R B 5 1 | W) AR
ZABARE FARIRAS T B R RCR | kT b B
IVEA S S W B R R — R T AU
[], 56T B2 A 707 ~J 70 A I A I R A B Al T
SEFRRE RS AU TR T E R TR
LR TR S/ AR 7 ) B B SRl | 2t T
FEF B 2 7 25 1 )R RS X 2 (attention-based
class covarance prototypical network, ACCPN), B
9, IR R )iz AL BE T, R AE R AR 7E IBN-
Resnet ) [R3EAY |- 21 T IBN-Resnet12 ; [A] i A i
SR R AL, TEAFAE S BUAS S T I T 25 ) 7 7 g A
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B (spatial attention model ,SAM) . Xf T 432285457,
AR S W T 22 BB Ry /IR AR 2 o) JiE iy 2R A%
R s e iy, SEIRTE R %05 L RS TE AN B N
BN HRIHTER T, JETH/ AR RS 73 S B MR %

1 X ITHE

1.1 BB

IINEREAR 2 ] SRR TR 45 5 W SRR A /D (R T 4
T, 58 A G B AL 4 R 43 2 (1 SCor L B ARG
AT 55 H B AR A AR 2 N 25, G D i
MFEA I RE PR A T B2 S e vl 43Sy ool
BB D, FOCHEY B D, 0 DX T3 38 1Y 1]
B INEAR 25 ) DL“AT 557 T, B — AT 557
MNALE SRR D, AR D, HAPAN 8 bR
C-way N-shot, R} 7E & 33 w5 B Bt D, 21 “AT:
%" kit e , AE TR BE D, FISCHFSE D, i
—AAESTH CASN, A N AFEAT
IINEEARZE ] I R A B SURTE D, TH R8I D, 1Y)
DEREAGBERBI D, PR,

1.2 INERFEIFENR

A B /INEE AR 2 2] Z2 F) F JT 2 2T 1 JEARL T
BT I0 2 W/ INREAR 2 2] B T L) 3 S BT
(TC2E 2] ik FE AR 024 o) S RN 1
S TR ) R A,

BT A TTaE ) k) B bR S — N
IR AL SEL, A B B 5 (0T st 8 {0l 19 45 75 1
X A D 22 19 3807 A 74 ) g B AR TR = 48 21 B O 0 s
{H, SCHR[8]7E 2017 4E4& i T —Fh SR T 1T
24 5B (model-agnostic meta-learning, MAML) , 1%
AR BT IE O T S Bk R RS
WA BRI AT LA ) BE TR S S5, Be
D FC AT A i PR BE T BRI DN ZRAG R

BT BRI I ) Bk BT E R R AL T Y
3N, 8 TR T I LA R S48, - RE
PRYINZRIE B SCRR[9 ] 78 2017 45l J1 45 B s 45 )
LK1 T —Fh T M 2% ( meta networks, Meta-Nets ) ,
HIEARUR 22 2] — P ST 55 I e g2 2], R AR
NCAEHRAT AR A2 50 % L AN A5 8RR AE (R 8,

— 802 —

FIFHIZAF B AT, 25 R 3R 1% 07 i RE e DR ki
B2 0% [ B X B 55 S BRGS0k
ETEENITY I EREE TERFINE
RS, HAA B m B HERR %, 2015 4F Koch
SR NV BRI INREAR 2 3] B T VR B A AR A 4
RN G — A28 A I 286 X A A R A7 AR B
R A A 380 o 2 4 AH ) 1Y R 28 2544, A1 B X R
B AEAS v o] S 0 REAE HE AT AR BL I B2 1 AR 4R
2 2] B A FR AR S X B UE AR AT 4325, )5 Snell
2 NI B SRR ) 2 ( prototypical networks, PN) |
PORS Ry €/ I i RS R S Bl ER (S eI
A IR, I U SR IR R IE 5 45 2 1 2 i Y
ZIRIMHEBS HE 4328 . Sung 5 N2 HE 2018 4FE4HY
T i 3 3 A AH € Y 2% (relation network, RN) | AH2¢
W 285 e ABEHR TN OC ZR B HR2H I, ik AR R P T 42
IR BARIE , 5 R TR AR S EAS 43, A HIAH
KA IAT AT S, TARSE NI 78 6 5 0 45 114 3
filh I+, @l inception B AR AZ BF B | 46t T —Fh 2t
TR R M B/ IMEAR 2 2] Tk, SCHR[14 ] 78
DR EG B 8 () SR b 1 5 T R PR B A0 A 3 i )
ST — R A T /NREAR 2 o] G 2R AR TP B
B Ry 2, T A A A R SR AR R A B
ZA) ) Ee AR VL AN SR e =35 Z TR AU RR JEE
BEAN I SBAESE B T X 51T o2 2T I/ NEEAR
S 2J W5 SCHERL 15 4 AT B B 0y 7 3 ik
INEEA A, SCERL 16 ] 5 HIANRY e AR Bl 24

2 MR

AT T IO 5 ) /MR A 2 D AR5 T
TR GETR L~ > B 4 i 45 JZ AT N B 8 (9 7 2405 i 3k
FES R BN B By i U5 i B B 54 /s
FEAR S Al R T SORE T 0 T [
E B B Y R AR TR E R A R, T
IFi 5 B 0 1 32 22 i M IR I 2% (PN ) ) SEVARL, 75
A FHRAE SIS RAR B RS D, BURAFAE 5 1015
A — RSB I R R AR B, X T
55 n R C, AT AFIR A

1 k
C. = g Lfolx) (1)
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R KRR n 2 K AVREAS, £, R H IR
i, x, FORE 0 DRGNS | DA, WS X T A
WIAE D, TREAS x, , SRIBCLAFAE £, (x,) , PRS2
SHJER LR B AR YRR B softmax PRELSE IR
B 53

exp( - d(f,(x), C,))
2exp<—d<f9<xi>, )
Ko d(mon) F m Fln 2 FBEES, P 507 xR
T n MR, C FRBMESA € 2%, HTk
S N AR 3] B (O A AR U B 2y 4 RSB
25 M 2% 8 Resnet BYZEIK Resnet-12 , 3R i 28 A4 %
S LK) SR BB TE A e BRI DL BT 4 BB
fE A AARINRE AR 2 T h g UL 2 AL R ) 22 2%
A0, L Pl T S MR AU 1 D 4 2
R 1 A %2 BLTE A2 5 [l
LT 1 /IBE AR 3] Sk 22 5% R 65 84 9 Ry B
B LR A B B A Ay A A B S 420 T X
PRI 159 1 A 7 3 22 T RE AR R 24 FE i) (0 A O
P 7R B 0 RN TR R B By 22 L
A —EbE, WIS AT 45 I — S i 4
FE LA 120 JE AT S | XA 20k A SC P BB RE AR

P/ll =

(2)

Support set

IBN-Resnet12

network

embedding o4

RAFRRE FERTH/INREAR 2 2] B UHERf %

Ry L3R ) 1, AR SCMVRRAIE B2 B A3 26 4
P TR AL R 2% (PN 64T 1 et 3200 TR )
FK Iy 22 A 4 (ACCPN)

X TRAESRICES , A SCH T IBN-Resnet12 1
FARRAE SRR 4% | FF7E IBN-Resnet12 J5 RN T 25 [A]
FER A (SAM) M7 AR HBURFAE 11 ] s 346
TR AR ST FEREAE D G LT BN e
FEAYRAE 62888 ARSI I b iy 25 15 B
VE Ry B 43 S 4 1 I g 1 iy =, A A Tk T PN
4 B et 432 e T BRI B A7 7 B 1) B, L 85 [
WET R, X T—AMERSE LS T, 55
YIRS 73 O 3454 (support set) FIAE 1) £ ( query
set) ,lF support set Fl query set G5 A B EFIEH2HL
FPRBIRE Ug KL U, FIHZ(1) 15 support
set IR C 5 #EK U, 5 ¢ 1724
Wy 22 B B T A softmax PREUE B e 28 (14 5>
HEER,

AR SCAE/NREA BG4 Miniimagenet'"® F1 Tiere-
dimagenet' "' L HEFT T S5 UEH T 4SS (A (14 45 5%
P 5 [ BAR SCAR M T LTS Al S5 TR T 41843
A BECPE

® ea®
+ e
® z, SRWTT
® — EML I’Max,“——l
Pt
©
® > &
Ve

Queryset

E 1 ACCPN Bk E

2.1 45{EIRBUERR
TE/NEAR2ZS T support set > I
AT RN AR 25 5 Bl 0L 6 7 5 12 fbRE 1 22 |

JEy TR AR AN B A S R R, A R IR R, AR SO T
FE G /INEAR 22 2] (P R AR SR OB B 35 HY T IBN-Res-
net12 VE R RRIEF2 R 4% | 5 1 R 1 72 fh fig
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[Fi) Bof 7 A AU 2 BRI 8% Ji5 i AT S J) T T A
(SAM) , A 853858 T )R FFFAE . IBN-Resnet12 DA K
SAM FE[FIF AL T AR SCARRIE SR U B

IBN-Resnet12 Z5¥ 40 &] 2 B/, Hise it e
SN A —1E ( batch normalization , BN) P 152415
—A4k (instance normalization, IN) *"' 454 IN Fl BN
FEAR T AR T — Ak O i IN X B — i ER
1 BN £ 5% — Mk i EMR . Pan 55 A $2H IN Xt
PG AN A (b B A AR AR BN 1] LA A P4 28 A1 26
15 8 T IN F 8 FH T R RS G275 45 IS SR AT 55
e, T BN DU T HAR U 432K 45 R AT 55
Hr, WAUKE IN F BN 25 Gk e D) ] i i vy 1 ASE A
Mz ALRE T FI2E S e 1 . AR SCHE IR )2 R B A IN
A BN, M 7E M 45 5 2 2 AHE ] BN, 42 HH T IBN-Res-
netl2, STUGUERA , I M4 X /INEA RS 03 2530 A
—E T

3 X3 conv, 64

IN, 32 BN, 32

ReLU

v

3 X3 conv, 64

BN, 64

ReLU

v

3 X3 conv, 64

BN, 64

ReLU

v

1X1 conv, 64

BN, 64

& 2 IBN-Resnetl2

Y RTR ZHEE T RE i 1/ IMEAR 7 2] R 2 i AR
SR IR0 28 J5 B RIE i A B AR RIE B2 AR T
— 804 —

M TR R AR R %7 5543 B 19 28
FUFFARIZR EIE RS A SR 2 [ 1 0 A
e (SAM) $ 58 Jmy T RFAE , %) B 8 2 1Y J) B R AR K
SEOR AL, (i 285 AR 41 BORE B 1545 21 Y 26
JE RSN 4 AT LS A 28 SRR, s TR R A B
K 37

ZEEB SRR

ERAE

HONHEE  [MaxPool, AvgPool]

B3 =EEEIER

(18S9 = WA PR B i 1: B BWAT (I i B (N
SAM BYHFIE , 1 Sei— T8 1E 1) Max pooling Fl
Average pooling, X5 TR 1A 4E BF ik 4T & IF, &
i — G REELE N — 3808, i )5 AT Sigmoid B
BUEBMNE o, (ie (1,h),je (1,w)), HidfnT
H(3) &R,

M (F) = o(conv” ([ AvgPool(F) ; MaxPool(F)]))

= o(com™ ([ F; Fi, 1)) (3)
Hirp conv R — 2B E ML 7 xT FmFN
EERU DU

WE—K RS H x W AR A, Zead 2.1 /)
) IBN-Resnet]2 FRAE S BUBLEL 15 5] T K/ K
hxw x d PFFE R U, b b w FoRK %, d
FORMIEEL, WA AT LK U BAE b xw DR de
TER AN, B SRR AL & d A5, R — sk R
Lot BB A b xw A~ d Qe JRRRERAE AR
SCAE IBN-Resnet12 $FES2 UG ] SAM 532 4k )= 75
FRAE, 280d IBN-Resnet12 B B A4FIE R U =
Lultut? e e ] e R
LR (i, j),ioe (1,2, h}, e (1,2,
wi, MEZE M (4) FR SAM 372,15 2] E%
FEAEH A R R AR B AU, B J5 4 JERHE 5 AU
FHAE AR SAM SRALJS I EMRRHE Us,y o

a [ 50-i,juivja'“ sa-ll,wuh!w} (4’)

Usy = [0'1,1u

FHEE T 2 F JH IBN-Resnet12 452 B B 1E U,
U,,, REAT R 5 o B B A Je 3R A1 T AR 110328
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JEAIR , TR — AR D R Uy, R4S
A2 SRR B P2 T XSS A B R JRRL 2 SR IE
B, SAM BB TR I, A S5 48 T T/ NRE A ESR
FI TR
22 EKMAEHEBEES

JEUIR I 45 (PN) SR FH I8 2 I s 2y =, L0
SAETHRAESR G 3 . FERE 0 S A i 4% |l
I P R B R Ay 2 M B, e A T R LG
VBN B R A S M B R e e AR K G B 8 7
JFE R RRIE Z (R R R S e, A7 DA a5, (1) BRIGHER 2§
AR FERFAE 2 22 1R SC I 5 (2) IR PGB B R
N T A RRAE IR A TR — 34 | T/ VR AR 2 2 e %f
SRR T AR R A A AR TS P R

ARSCHE e 2 M s R A, o R 251
BN ST A b 7 2205 B AR, B 220 B
JEA RO S A BEAR AR B (4 5 3 s X T — A M
A = (g oy, om,) ', PIIT 2R Q Y2784
x = (0,05, , T EIEE MR (5) PR,

D(x) = V(x -p)"(Q) ' (x ~p) (5)

P OT 22 R B R TR R FR S AT M A
o > TP SRR AR 288 JEURY R A ) B R R A L R BT Y ke
Mo ARG, V7 22 B R A R ik I o P O 28 R
R B T RFARAERE 18] ) SR | HLSI R o TR G
BN T2 AR AR RHS T SR 1) 0 A A BB X — ikt
MBS W 2 B RS R LG B 1 LLBE AN 4 7R

‘
.

v O,

S

o,

(a) BKIGHEEY (b) WhJ7 M
B4 FHHESLER

RTINS % T, i AR 2 4
AESRHURESE 50 2 FF A D, ORHAE £, (x,) R4
D, BIFFIE £, (x,) . SRERIIE (1) FHEE R e
KIGH €, K TR K% WASMEATRAR Ty
POy A (2 )587) = softmax( - d, (ff (7 5C,))
(6)

X, d, FoRUIT IR, b T 255l 0F ,
TR TFAT S T A K (b7 225 0, ot
T U 7 2 A R S, il TR AR 2 5
T 7 A AR AR B /N TR 23 ) 2k R
AHIE AT 536, (ff FH— i IE U6 7 2 2 Q1

Qi = MM+ (1 -2 )M" +BI (7)
ST R ISR I s BN R I 4 2R M, AR A R fiE
M R/NIE ARSI B = 0550 HFIANP s 2248
PEMALAL Ao, Horh My 22K By 2250 0, MT
SR I7 A A XA x, e SEBRRAIE (A
£y (xp) AR THAS 3] My

M= T () —e) U e
KT M) esk
()

o Sy FORIRE DR T 20 K REAS  FE 50
ASHE K My 8 SCRERRE, XF M, AR5
5 M A RRISE M 53T S" i a EEAR
FESCRHAESS T A R0V 7 206 0, el R0 Ay
H1=0(9) 35,

AL =1 SEL /(S +1) (9)

XtFC-way N-shot FJ/NEEARSTIES T, ¥ N
= 1}, QF =0.5M" +BI, it QF HAK#T M" Fn
B; X N KT 11, Qp &#lfith My M" | B =3[R
P, BN RO 2P 2255 B My X Qy BRI
R,

THERIG D, Zext IBN-Resnet]2 A4 AE 2 B
PLK SAM 35 Ry BRAFAE J5 , 459 B 28 3 FRIE 1 5k Ay 1]
PBAFAE Uggyyy s XFT56 0 28, FIHIEN(D) IR 26
JEA C ., ARG D, [FIFE 25 FRAE S BB L
Fe SAM HEHAGEI L R I FHE U g, 5 BG4 SCHE
RPN RMER ¢, 5&RES B RAE
U i X AFURRUME BE SR8 F AR 53 4
AWERIR D, #EA7502E, HOR R InaL 1 s,

rA 1 n] LIFS 3] ACCPN Y2k 4 3bim e 1
FeRI B . B BE B o IR AE | 30 kA AT
8 BONREE D, I8 H R T AL, BT
HISCRFAE D, AT ISR D, AU, He8 450 M0 i A
55 A B FAE SR U e SR SRR R R R AL €,
M EAWLE D, Thas A SRR C b
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J5 208 d, BR A d B E A 2], R
SRR BRBOH SRR G, &0t R UGEAR, 74 21
ZRUPIRAY F*, ACCPN S22 PN M 2% i el itk i
TIHANAT W IIHUR SO S 1) 4% 5 o 75 22 24K
SIS T CNN A SAM , {115 ACCPN 7 I [f] &2
&I EWGE T PN {H SAM Hfu & B RUZ iz
AT LA B[] 52 4% B A 40 BBOHE ff 3 1 SR s LA ]
ik,

ikl
HiA
YL D,
155 T WE0e T
55 SRR IR ©
TR SR N
AELRE S
BAREER
L
55 R BRI pr
F =CNN + SAM
WIRALERL F' 280 0 LA ) K o

r=1

Repeat
For i, batch in YIZR4E D, :

BERLIESE C x N DRI SR D,
BERLIESE C x S MEAM A RIS D,
A1) T D, KR ¢
AR (8) i1 ML M"
AR (9) I BIR B AL
Mg (7) TR 20 QF
WA (5) IR D, 15 C 2P I7 2068 D,
AR (6) MR LM P

End for
IR TR RIS ¢ 60 .«
r+1

Until r %F R

Return CNN + SAM #5%] F*

IR RS B A M, AR SCHE/NRE AR A 2]
2 MK P5 42 Miniimagenet Fl Tieredimagenet [ E47
PN e
— 806 —

3.1 HBIEENA

Miniimagenet & M KB AL B8 £ Tma-
genet' ™) I 4T & (9B 40 £ g . 2016 4 DeepMind
BA Miniimagenet %4542 1 T /MEAR BG4 5, H
W EAE AR R T /INREZR 27 2] TR 5 1) BB 4
Miniimagenet £ % 100 4~28, & — 211 600 >+
A BESREUR RN 84 x 84 1B K, A SCKiZBdnsE
Fi26 2 : 200 LBl 43 AN ZRAR i A2 A4 |

Tieredimagenet 42 M\ Imagenet W 4f5 £ 16 B
BB , B SCRR[ 17 ] F 2018 AF4R 8, I8 H T
IINEEARAE 2] Y, H— I 34 AR BAKRE
XA 10 ~30 A~/ A3t 608 N2, 779 1655K
K ;¥ 608 A5 H) 732 351 DINZREE, 97 N5
TR 160 MIAAE | BARRI BB anE 1 s

%1 Tieredimagenet HIEE XI5 I1ER
YgdE urdkE kg AR
KA~ 20 6 8 34
INGE/A 351 97 160 608
BGEE/E 448 695 124 261 206 209 779 165

3.2 EREE

ASE 5 1 WK P & J2 7E Nvidia TITAN Xp
(GPU 12 GB) , 42154 4 Python 3. 6, i F AR 2
I HESER Pytorch ; PLALAREERE Adam IEALAS >R
e 2% 2] %0 0. 001, XF F/NEAR 2% S {155, A 3L
PE#E 5-way 5-shot Fl 5-way 1-shot 2 DPEAH5 45, Bl
DU B 1) SRR R B LR B 5 AN 250, B R 2531 43
BRI 5 A LLK T ASREAS 5 e 2 3 Hh I B B
A AR5 P MER R AR 2, IR B, 2
FREE B2 5EL ( support-way ) FIFEAEL (support-shot )
23 FLARSE ARSI e %) 47 R e 2 ) AR % X T
Miniimagenet Fl Tieredimagenet 2 %4 4 | A SCi%
BINSEIEAR —E, 5-way 5-shot HARSLH B & AN
22 FT7R ,5-way 1-shot SEE I E W 3 Fios,

F query-shot £ 1) 4 B — B AR,
max-epoch F7R L1 EFEL, save-epoch TR PR-AF
TR A FE %L, task-num RS R
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£ 2 5-way 5-shot SLIGIRE

YRR B Mipr B
support-way 15 support-way 5
support-shot 5 support-shot 5
query-shot 20 query-shot 20
max-epoch 200 task-num 1000
save-epoch 20
task-num 100

&3 5-way l-shot LG E

YIZRRBe WL RBe
support-way 20 support-way 5
support-shot 1 support-shot 1
query-shot 20 query-shot 20
max-epoch 200 task-num 1000
save-epoch 20
task-num 100

3.3 ZWHERNW

AR SCHE SRR P 45 St 1B M T TR O R
Py 22 R AL 45 ( ACCPN ) |, FR7E/INEEA BG4 2
2 MK P5 4E Miniimagenet fl Tieredimagenet [ #E17
R a5 e R I AR B3 ok ) A A8 [ s A A O
T Rl S 30 LAGIE A 25430 20 O A Rk
3.3.1 Miniimagenet SZ56 %} H

Ry BIE AR AR R 1) A R, AR SCFF ACCPN 5
2B/ AR 2 ) L HEA TR L, LS I 2 R 5k 4
B, HEERTAL AR SCH HE T Matching Networks'™ |
PN (4-conv) """ PN(Resnet12) "’ MAML"® Relation
Networks'?'  AdaResnet' ™’ Fil SNAIL"™" &5 /MR AR 2
ML ARSCEE I ) 775 ACCPN £ S-way 5-shot Fl
5-way 1-shot {155 AR T & 3 IRICR , Hir AC-
CPN 7£ 5-way 5-shot {155 UG T i3 % b A3 v
IR, X T 5-way S-shot /145, ACCPN A Lt
TR L PN(4-Conv) LI PN (Resnet12) i1 fiE
PT35I 6. 73% F1 3. 06% ; % T 5-way 1-shot 1T:
% ,ACCPN A It T~ JE 55 % PN (4-Conv) L) Sz PN
(Resnet12) (UPERESE T+ 6. 64% F1 3.09% , MiE
BN ORI A3 A 0, AR SCHEAT T K 9 TH
Fl S A5 RN 5 s, FEERIALA PN (Res-
netl2)

HI S 4TI AH T HAB I /AR 5 2] SR AR
SCHEH Y s ACCPN FE/INEEA RMG r 2 p LA T
WEEWRCR, Wi 5 AT, A SCHE Y IBN-Res-
net12, SAM UL} 2 W J7 2% & & ( class covariance,
CC) X T/ IEARBUR P R RA — & RCR . X T
5-way 5-shot 1T: 45, IBN-Resnet12 45 #4 #f L T+ Res-
netl12 Z5F ARG BEHE TR 0. 70% 2247 A T SAM
Y PN AH G T80 PN AUAS BE& 201 0. 72% 5 AL
PSP T 25 B (CC) T iR ZOK5 B 1 $E 738
A A ), AT PN i B R T 2. 6%
747, %T S-way 1-shot 1145, IBN-Resnet]2 444
Fo T Resnetl2 5 F B9RE FE42 TH 4 0. 71% 5 IMA T
SAM f PN A L T2 uE PN AORS BE R TH29 0. 50% |
KWy 22 FEHE (CC) AHXF T HEE PN 427+ T 1. 58%
FAAB R B

F 4 Miniimagenet [ #E 1488 LB/ %

i 5-way 5-shot S5-way 1-shot
Matching Networks'®’ 55.31 43.56
PN (4-conv) "M 66. 40 48.42
PN(Resnet12) " 70.07 52.48
MAML™! 63.11 47.70
AdaResnet ™’ 71.94 56.88
SNAIL™ 68. 88 55.17
Relation Networks!'’ 70.20 52.19
ACCPN 73.13 55.57

%5 Miniimagenet ;§ RS E R/ %

FEMET N PN 5-way 5-shot 5-way 1-shot
Resnet12 70.07 52.48
Resnetl2 + SAM 70.78 52.94
Resnet12 + CC 72.62 54.06
IBN-Resnet12 70.75 53.19
IBN-Resnet12 + CC 72.80 54.02
IBN-Resnet12 + SAM 71.01 53.96
IBN-Resnet12 + SAM + CC 73.13 55.57

3.3.2 Tieredimagenet SZ5 %} H
AT IR AR Miniimagenet Y S8 X b ik
1E Tieredimagenet b [RIFEFEAT 1 K& 19 5250 LA K IH
FhS2E, 0k T ACCPN BRI YA &L, 45 R Nk 6
— 807 —
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Fi7R . 75 SCAE Tieredimagenet 48 4 5 PN (4-
conv) " PN (Resnet12) " Relation Networks ™’ X
R/ NREA2E S BL AT T e, 3R 6 151,
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IBN-Resnet12 78. 81 57.49
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IBN-Resnetl12 + SAM 79.02 57.92
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Few shot learning based on spatial attention and class covariance metrics

LI Guogiang, WANG Tianlei, GONG Ning, WANG Junyan
(School of Electrical Engineering, Yanshan University, Qinhuangdao 071000 )

Abstract
In recent years, few-shot learning has gradually been widely studied in academia, which aims to make models
accomplish a series of tasks with a small number of given samples. At present, metric-based meta learning algo-
rithms are widely used in few-shot learning. The idea of metric learning is used to improve the prototype network of
benchmark metric learning algorithm and the attention class covariance prototypical network ( ACCPN) is proposed.
First, IBN-Resnetl2 is proposed as the feature extraction part to increase the generalization ability of the model ;
then, the spatial attention module is added after the feature extraction module to effectively enhance the local fea-
tures; finally, the class covariance metric is used as the final metric classifier to complete the modeling of correla-
tion among image feature dimensions. The experiments are conducted on the few-shot learning classical datasets to
prove the effectiveness of the model; also, a large number of ablation experiments are conducted in this paper to

prove the effectiveness of each part of the model improvement.
Key words: few-shot learning, metric-based meta learning, generalization capability, spatial attention, class

covariance metric
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