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Graph Neural Network Few Shot Image Classification Network Based on Residual and
Self-attention Mechanism

LI Fan'.JIA Dongli' s YAO Yumin® and TU Jun'
1 School of Information and Electrical Engineering, Hebei University of Engineering, Handan, Hebei 056000, China

2 Hunan Technology Innovation Center of Blockchain, Changsha 410000, China

Abstract Few shot learning is proposed to solve the problem of small size of data set required for model learning or high cost of
data annotation in deep learning. Image classification has always been an important research content in the research field, and
there may be insufficient annotation data. In view of the lack of image annotation data,researchers have put forward many solu-
tions sone of which is to classify small sample images by using graph neural network. In order to better play the role of graph neu-
ral network in the field of small sample learning,aiming at the unstable situation of graph neural network convolution operation,
residual graph convolution network is used to improve the graph neural network,and residual graph convolution network is de-
signed to improve the stability of graph neural network. Based on the convolutional network of residual graph, the self-attention
mechanism of residual graph is designed in combination with the self-attention mechanism,and the relationship between nodes is
deeply mined to improve the efficiency of information transmission and improve the classification accuracy of the classification
model. After testing,the training efficiency of the improved Res-GNN is improved. The classification accuracy in 5way-1shot task
is 1. 1% higher than that of GNN model,and 1. 42% higher than that of GNN model in 5way-5shot task. In the 5way-1shot task,
the classification accuracy of ResAT-GNN is 1. 62% higher than that of GNN model.

Keywords Few shot learning.Image classification, Graph neural network,Residual network, Self-attention mechanism

_— ZAG AR BT R B9 3 B3R . (H R 2 e T 5 4 G 1
35 B 5 H0 B A Bl B A R MO AR TE AR i T

BEE KRB AR B IR I B AL B B Bt iy TR AR MBI N S i i B LR 5 B A AE i A
PR AR ABICSIRY)Z R R AR SER, BFSE A BUE S ANV AS A 2] U5 i Al R T R A B
— PR EE R R AR i 0 B S HE AT U S, DL g IS AL 1Y SRR MU BT IR IR . RS SR T AL BE 1Y

ill!

B4 T F LW 5 G R BUT BT AR R AR 5 145139 B (2020GK2005)

This work was supported by the Science and Technology Innovation Leading Plan Project of High Tech Industry of Hunan Provincial Department
of Science and Technology(2020GK2005).

WEVEH - BIAR L (Gwdsli@163. com)

220500104-1



Com puter Science FFEHLEI2: Vol. 50, No. 6A, June 2023

FERHAF T N2, FE0F 98 S0 B0 A5 3 5 1) i (o RN 98 2 3L, /D
FEAEMR A3 25 B TR o 2 8 T EH . TFoE A B BB
PR EBEIMITES 3 A ME N EMINEA %S
[7] R,

BT 348 A S 38 o AR R BT R 4% A O SO0 SR SR AT
FEM AT DUSE Ao 4 R A R AR s ) e i, TR A SRR
V450355 RN A 400358 1Y) 5 B8k S B A o i — b ok X A 2R 5 43
B RO S HEAT A 3T 3T H 2 ST B IR R IE RS BGE RS
) H bR A5 A 24 > T

T 2 2 A 2 23 10 HUR A AR 47 8 4E 45 i) A 4R
T Hp b TEREINITF I R M EEN TR, E ¥
) B ARAR (8 43 2 AT AU BE 2 30 AR Bk v AR X R Y
WA AR . S0k — e A, 1 5 2 5l A R AE 4R R
50 2% 52 )8 XoF R A 54 1 A E 2 BB, 9K i o i BB ) 114 R AR B i
s ) v o8 R AR F B . B, Koch 280 48 i iy 25 4
) 445 3 5k 9 A1 56 4 A ] %) 26 B0 446 5 ko PR 1Y) AR AIF 42 B
3 I b A A 22 R A IR G IR S Sk W e e L {5 R 5 TR T
— AN, VT 0 £ 3t 2 AR R L B T
T3 535 DT T AR AR LB . Cai %0 i A i 42 DL AT
9 24 S s 30 P45 B4 SR IE 4R BRI 45 v 1 2 50 AT 2R T LTI
b1 B R AE SR B 46 P i) S8, SRR R 4505000 A
JE ) B i a3 (] v A AE — A T Y R A A A i TR AR
S B B s A] v S8 A VB R s ) b A i TR B D A S Y
BEES ORTF AR RUE . 3¢ R M40 2l 5 b A 22 N 46 ok
S AREAR Z 0] Y AR SR HE S R R AR B

B A B 28 I 24 1% T2 o S ik T A 28 T 8% 11 /N R AR
22 BB AR S — N E R J5 . Garcia
ST o R AR AIF B B 46, 4 EBC IR A 1 R AOE 1) k4 SRy D o 5
27T A5 LR R 2 0 5% 1) A AR B T AR S T AR B
A8 328 B TCAR 25 BT A i T SRR AE A S 58 R TS RR 2 T AR
R AE TN, Kim 4507 00 38 a2 %o 32 1E A7 2 2T L 0 1 s )
26 TN A AR T T TR — 28 00, ok S i G 2 v T
X T Aot 228 ) 246 /N AR A 3 S A AR ) o0 30— Sl D 384 5 R A 418 T AL
B4 BAE A At 25 90 4% vy SE S AL 4K BE ) By T
K, R R AIE £ IS B R IR U O T, Lin AT i 45
U B 0 DL 4R O LA R B A R AE DT 4R T T s
BAEHERE S . Wang S0 3 of 1 52 77 AL R BURRAE , 32
&1 46 R AR 115 BAG IR A3, S = A 43 25 B8 ) s FE 38 v Rl
Z W45 55 B AR IERE 1 5 0, Yang 2502 B2 T — R XA
iz I 2%, filE s T A0 43 A B 43 ) B BRURE A 22 18] AR AR 1) 43
A 2Z 0] 1 OC R L 3 3 06 I 2 380 4 R AR 55 B AR 22 8] 43 A3 1 6 &
HHRLA BT B b2 I 5 MR .

2 HXTITIE

2.1 HEME

PO 4% )22 50 14 1 T L i i A 2 0 4% 1) 400 RE 0 L (EL7E S
B 1o FH T bl 22 O 2% ) Ak BB A A A TR O e B R,
BV JE2 i 2 0 64 265 38 Al 1R 880, T 2 ) 222 ) 5 o, ) o R i
SEI IR . B LA O ) E S H — A R E A R R T —
SE TR JEE BN G At o T % 22 T 245 ) B L 0 ok 2 IR 4 T i D B I

TH 2R ) 8 OAS T B R BT, Bk 2 I 4% BT L o 1 )2
T4, SIS TR J2 0 A B AR 3 DA (o 19 4 3R Ak ) B AR
PR . NI A4 A1 BRSO A5 5 T LA T 4 22
o 2% A IR o DATTT 30 B 1 60 2% b g o R 2 ) R,
2.2 BEEANH

TE 22 09 205 1) i A T L B A T 2[R AT RE S AR AE — E 1Y
DRFR TG — P T Aot 28 IO 4% 2 220 W Ko G P 11 O R EAT B B, 3 A
—ERERRIRIRE. HEE VR AEET Transformer H
RIBF Ay S g BN 0T fE A ARIE S B, Trans-
former i3 T4/ 2 /5] - r B3] 7 166 R L O EL SE I U T 4R U A
AL 22 [ Y 1B 28 RAH 5G4
2.3 BEHRME

W A A B 0 S I Al BR G R0H0 &t B A R e
B WSS T 2% 25 ) 43 - G AR S IO A5 . RIS A
W R R . TR B T A A H S RRRAE T R
ZIA] BRI R 4 T T PRT A S5 R AR AR . AR 0 285 3 e P 5 A 1Y
SRR SIS B X T RS R ok B TR A BN 4 7
25 [H) 35 A ] DAGE g 1B A B AR X 4R JE T AT R B R A
20T URRAE AN AR A T S5 A B RRAED s B R Y O 2l i
R 06 B SO TR AR U 1 2 BUE 2o [ i
L350 5 R T (9 R N R ALE 1] R S L IR R AR
2.4 PIFHALE

Wk 2 AR | OO L 5 R & 28 AR 45 G DL AR
T o3 FEAE R /INRE A 53 AT 55 oP I o o R A LA R e

F2 AT & 2 1) Sy 1 A b 8 I A T A B T
b AR P R E T L 45 Gk 25 TEUREL A TR A 2 ) % (1 4T 4 o B T
AR I — 2 B Y L 2 A R R 5 2) Ay e LM 28 I 4
A R R AR S AL R AR ) TR R BURME I A A
HOHLH S AR B Z R R,

3 REBEBEENME

Xof PP 22 ) 46 AT 0 . AL 1 BT R TE B B 28 T 4% T
ST A AR R A B 22 REUARL 7 A8 B B T I A — 5 L
Wil bR AR H AR L LA o oy R R R . TR IR RN
25 1 3R 25 R B BRUARAE IS L A B TR 3L X Y sl AT
o A P A 22 I 45 A B 2 SR AR R 1Y) A3 AR SE LRk 2
[ 45 B 26 (Res-GNND 5 18] Bl 28 1 25 i A 5% 22 VAR R B
TEE LG B 7y 4> 8 BE AL E SC OBk 22 18 B B ) M 2%
(ResAT-GNND ,,

o

o ® cxun O

nil, &0

P15k 22 A R R 2 B
Fig.1 Node update of ResAT-GNN
BRZE A TR M mE 2 iR, RSB 5
IR 2%, FE/NREAR SR 264 55 b R R 2R 31 B 5 AN REA KL
F8 108 3o 4 AR 46 9 5 AU b A 48 A E AT R AR 4R IR, 45 AR
F PG B9 128 2 1 £ 5 b5 48 PF e, b 2 ) AR AR AR A
el a R K TN e T L I F W R 1T PO 5
22 VBN A W 0 HL ] AF AR AT T A5 R B L

RERF

‘im =( —a)/i‘“ +M1MJO'

220500104-2



2 LSRR EE A R HLE A B UM AR B8 28 R 4

58 X 28 ) B 28 0 04 B

%
| #(x)  h(l)
B 4 48
x HFAE 2 B
ZE3
V(nodes) pY 1)
=
i
¥
Fin

B2 gk v 4
Fig. 2 ResAT-GNN

3.1 HREBEERIRE

A T 5 BRI 245 4 Sy R AU 35 B0 2%, 382 B A ISR AE 1] 4
VB Ay PR T 2 7 A, 7 U RRAE 22 18] (9 B R B B 4 S i A — A
AR, Hitam= PR,

@, (x,x" ) =MLP; (abs(x" —x{"')) D)

e 3 iR, #d 48 HEHE B (Adjacency Matrix) , 55 & 2
£ 40 B2 R [ A0 A LA T4 HE AT AR L T ELIMA T — & 1
1Bl 1 1 2 S84 B AR AR AR R R UM B R R e B4

AP =g (XP, X" (2)

AP =U—a)AY +aA* " (3)
HorP a8 e BT RTINS INA _I J2 408 A 1 L )

a
(1-a)A(k)

3 sk 22 AR R

Fig. 3 Residual adjacency matrix

T 4 AP A S 40 4 A I A 55 % 7 65 1T 2 2k A 9 L 3
b IR b BN % S A L M AR M i A5 B R — 2R IE R IR R R
B, Rk K= (O iR

H '=6(D TAYD T H'W*) 0
Horh D S8 FE AT A — A AL BIORBIA A B 09 B W R
G MR 5o 0 T BRI B A O A 1 00 B 5 e Oy Dl 2 R 4

V] 4 R 19 245 05 ) 408 22 40 I o) 1 et AT B30, 73 ok
5 BRI S AR H B L 58 R S A fE B AR EETE
X9 A HEAT BT P RE 43 32 B AR R R 1Y L 1 AT 4 A
P 5 ) D 22 o DA T 32 W £ L A R I 802, . B 22 L B TR M
23 o E AR I T SR AT A — 8 A Y B )R B
BRI L ok DR TIE 151 45 BRI 46 41 1) 140 46 R AR R AT 35 S5 B 1% 3
I Fe g M

W A 5K 2 FE AR X BT 22 T 4 AT B e S Bk 2 R
LM,

3.2 EBEEENIRE

R 22 1 A T ) 4R 1 5 22 P AR R 4% 1 kLA
FUREE S HLE . 4 77 1B b 22 00 25 AR 4 408 2 4 1 A 4
FRARAE HEAT 35 A0 A0 SE T SRS K BB T R e B A R
BLH P kS8 47 5 B B B . 70 ok 19 11 B T = 0 M 4%
WL RRE R B A TE R AL 2 AL 1 AR LU
JL,

CI e AT e B A BT A 1], 0T L 2 I 455+
B — AR S R R w W ow MR E gk
3 AN B4 SR M Query s Key, Value, 4 B 2 500 B HL
D06 A0 B 7 o 22 T 40558 B 1) ot R op 23 R I S L 3
A RmRG) R,

qg=w-a (5a)
k=w'+a 5b)
vV=w""+a (5¢)

Hob,a AT AT S m A s w,wh w23 A X R R AL
B RBOUE M v KR A RRAE 09 17 & g0 k J2 R IHSE atten-
tion A BYRFAIE 1] £

OHHESEUE, AEZ IO s A — D08
1B A3 B 8 T T A 1) I 0 A 48 Y A e
BISCTERRAE . g k JH R T 55 W0 AN i AT R ) & 22 [ 04 AR DG
P, /I attention B {H . 38 & H &1 3 09 5 =X 1735, W
K (6) F7R :

a.,;,=0qg)" kK (6)
Horfr e, Wik A o] 38 2 18] 19 43 808, B attention BY{E, 4>
fo i DGR ORI - BB RO .

i FH 4 B 03 — 4k, B BR DL R BV d, il 15 25 Ak
TERARAN B RT3 softmax #4E 15 B A M 5UE o,
W= (D PR

@) (7

(4) JINAUAR 3Fe . 1) F 75 30 14 45 4 S AT 3 09 43 801 o, A
v B TH A A 2 a XN Y sell-attention J2 B ) i
b, =X (8 PR .

o
o= softmax(

b= a, (8
=1
B AN AM BN A EREIER,

4 Bz A R L
Fig. 4 Self-attention mechanism in graph neural network
564 K 4230 Res-GNN 5 B 1R 5 R A d b — 4>
FEAIE o A R 28 2o O e A0 B Ak AR R R T 2R
I HER

4 KBWHWH

41 B S
INFEAS AR 43 VE A 36 A — Bk FR 8 N-way K-shot,

220500104-3



Com puter Science FFEHLEI2: Vol. 50, No. 6A, June 2023

W E RGO Bk B C A28, A2 Rk B K SRR
AR AR R R . A C SR A B Hp B BIL g R — e S
VB g TR RE AR B0 o 28 3 U 2 B e AR 00 I & )5 7 DA
Z5 Hp oA PR SRR AR I A5 20 A0 R, o 7 B I 004 A ) BB R
AR BEAT T A 5 28 L A9 B A R AE R

# Sway-1shot 28 24T 45 b, T MBIOHE 46 b ik 8 5 25 %
A RSB 2 BREA Hrh SR AR iy 1 B S I 2R
BRI 1 BRI 4E . R BEFE Sway-5shot 1145 £ 5
P REAS B ISR 6 BREA o p g AP Yy 5 )
VE RN, T4 1 BI1E Rl 48 .

R RS DR R RN A B AR . R AT
K (D s

o TP+TN
accuracy = Tp L EN+FFP+FTN

Hr, FP 2y B A i Bl 43 288 4 5 1% T 0W O 1F B A B9 A 5L
TN 2y TEFE A rp g 43 28 4 6 8 S0 8 R AR B S8 FN Ry
TAREA gl 4326 % TE A 000 Dy SRR AR B9 A% TP O IEREA
Fh Bl o3 28 A T RN O TR AR A BN

F R MR = (10) FrR

error=1—accuracy (10)
4.2 Mini_ImageNet £ #E &

Mini_ImageNet £4ls % J& ImageNet H 45 8 1) 14 . &%
BT /A EUR 5r 2 AL . Mini_ImageNet %4 45
43 100 JERE ARG R 2 KA 600 5K IFIMER. 4t
— b B AR BRI B0 84, % 100 ZE iy 20 2 4R S ik
£E,16 BAE NI IESE, 64 25/E MU %4 . 78 Mini_ImageNet
347 T 5way-1shot fll Sway-5shot A 5L 46 .

4.3 REMERESW

V5 25 W 4% 45 A 6 42 I 4% B ifE B9 Res-GNIN 43 28 4
LN P cy AN e o R = g = e =W | Wi . i
Res AT-GNNZ 2B 1Y 1 5] i 28 ) £ 43 S 50 18 4 ) g 47 )11 24
F s,

WE 5 iR .78 Sway-1shot {145 1, Res-GNN #5574 (%) ]
RIRZFAE 0~5000 iteration, I FfH . GNN B AT B, 5
kUt LT MM 4R b GNN BB T pe i, 2 A
RPN ZRi 22 3T Bt 4k B0k A 228 K, HUJE GNN il 46
18000 iteration ZJFHRGE K . X UL 5% 22 AH A — 2
FE B T M S BRI R e PE R T SRR T

(€D}

G Ti=m = e e s s e e e
T GNN
-
753 -\ ~ - _ ResGNN,2=03
= test error
* LAY
60 s
N e e .
g - * IR = T
A L
30 i
train error vastey
15 T T T T 1
0 4 8 12 16 20
iter/ k

K 5 S5way-1shot fF4 1 5 /2 RessGNN 5 GNN #5555 2% 5K T [ il 2k
Fig. 5 Decline curve of 5-layers Ress-GNN and GNN model error

rate in Sway-1shot task

R 6 fF 28, 7 Sway-1shot /£ 55 A, # Bl ResAT-GNN

R GNN BEELFE 20 000 iteration Z J5 Y SCH B G . 2 &
it £ B4 0 38 15 22 S A R I S 38 B TS TR AR B B PR
HEAR I Res AT-GNN 5 & (40 3 % 22 26 b GNN B &Y [ 22
/N, Res AT-GNN B iy 1] #5152 22 S4B 12 & T GNN £ 8,
XU B VR R AL AR A% 3 R B S TR T SR 22
SR R B AR AR I 2 1) 43 S U AT B4R L A B

i=|
AR )1
60 T - - - - ——m——m————— o ———m——— oo
test error
54
B T T N e =
48 - -
< 24
N .
N 36 T GNN
S 4 2 ResAT-GNN,2=03
.
4] mm e train error
et lee e .
18 TEe Ll egee
eIl eee
12 R T

% 28 s % 40 44 48
iter/ 'k
& 6 5Sway-1shot {£55 1 5 JZ2 ResAT-GNN 5 GNN #5734
1R 2R TR M2
Fig. 6 Partial decline curve of 5-layers ResAT-GNN and GNN model

error rate in 5way-1shot task

WE 7 FioR 78 Sway-5shot {55 7, xF 5 2 181 25 M &%
1 S 56 B R AT AT

N
75 7\ ~._GNN
27 ResGNN, a=03

60 N\ test error ResAT-GNN,a=03
8
N
S 45
N

30 -

i S train error
a,
I
15 i S
0 T
0 4 8 12 16 20

7 Sway-5shot fE 45 5 J2 ResAT-GNN,Res-GNN 5 GNN
RO 528 4 F e i
Fig. 7 Error rate decline curve of ResAT-GNN,Res-GNN and GNN

models in 5way-5shot task

TEAE ] 2 48 R B Res-GNN [ 30 328 £ 45 2 B AIX T Res
AT-GNNFI GNN BER . JA 3 A4 43 A48 70 110 0 0 4 18 5% F o
iy £ S W R RE SR B . GNIN 20 0 ) 3k 12 22 3R R I il 2k 72
8000 iteration Ji H B — &2 it HE 1) FR 355 . A28 (10 A i ok 22 3 32
M , Res-GNN 1 Res AT-GNN #5714 111 i 15 22 2 T % il 22 41
PORS IR I

ResAT-GNN {4 Il 5 i 22 5l e 76 32 48 b 5 2 W s T
Res-GNN £k , X Fh L 5 7% Sway-1shot £ 55 i #ad , (AR
A 9 )& ResAT-GNN WL 45 132 % it & WA IR T Res-GNN ifi
2, XA AR T/ Sway Sshot E ST W HA S EEKZ,
AT AR TR o AR T 56 MR M S R Ll
BRI fE T M. AE 3 ALY A YN 4% 2% K 2 L Res
GNN A5 2 [if) 28 T W st A A L 0 A o 4 e o P 0 L U] T ok 2
SEARAE — B RE T b ] AR R A R E T

FE Sway-5shot 1145 v, Il A B 22 AR ] T 45 80 & e 1k
B T, T ELAE — s AR LA R R R A R 0 oy R 4y
KAeh.

BRI FE Sway-5shot 145 5 Sway-1shot 1T 45 i, i i

220500104-4



2 LSRR EE A R HLE A B UM AR B8 28 R 4

GIAFE 22 A E A9 Res-GNN R R 8 1 I 25 5 2R 35 44
LW . 7E Sway-1shot /T 45 W, A B 7 2 1 ML itk (9
ResAT-GNN #E1 /3 25 58 118 B4 .
4.4 SHEEWHEILLLE

MR 1 P Y 52 50 04 v] 0, Mini-ImageNet %485 45 1,
5way-1shot Fll 5way-5shot 4145, &5 & T 4% 25 P 4 i 24 )
50 265 1) 3% 22 R 1 T T 7 A 4% 1) 43 288 o T SR A b Gt 43 S A5 R
EERIE Y

1 R EUER X L

Table 1 Accuracy comparison of classification algorithms
Algorithm Sways-1shot Sways-5shot
MAML! 48.70+1. 84 63.1140, 92
Prototypical Network " 49.42+0.78 68.20+0. 66
Matching Network "] 13,5640, 81 55.310.73
GNNL® 50.3340. 36 66.41+0. 63
Relation Network!" 50. 4440, 82 65.3240.70
Res-GNN 51.43+0.59 67.83+0.57
ResAT-GNN 51.954+0.62 66.11+0.67

Res-GNN {9 &5 422 5 P4 /2 45 5 11 1 22 0 4% Y i 5 07 ) 1y
STTT S AT 1 40 482 P R ok T A P 1) 408 e B im A
Ao M B S AR LA R Y A R L T AR A A L 1
B 2= JE B o I 1) AT B A B /N T R R R 2R R AR R 1 S
AT 43 ZEA5 A0 B B ME AT B R L Sy MR RE AT B — s AR
FHETE. B Res-GNN 58 (1) 73 J5 i i 2 7E 5way-1shot {F:
S A GNN AR & T 1. 1% . 76 Sway-5shot /£ 45 F 4
Fe GNN B0 KR R & T 1. 42%

ResAT-GNN 7 % J2 1 B & AR AR 5, B 4% b 44 i
AT S R B R AL R T A B T
VAR 4 Y s RN R, #EAT A5 B A% 338 ST, AT 48 =i 15 2 1%
BAUR ., (E Sway-1shot £ 55 P, Ho A3 2 i o % 16 GNIN 8 4l
T 1.62%.

GRIE N T TR S WG TENEAR BUR R R
PETT R AE P 30 o A B 22 SR E 4 1, 4R i T o BT Y R
SEMERYIGRa R, e —E R LI e TR 4 2568 77,
TE 5% 22 B 5 B 45 1 Sl A B R AL 2R T R 2
I 1) A DG A5 B, o 76719 IR AT SE A A A B AL B L A 4 A
RUGAF U0 4 28 1. 2 M, Btk () Res-GNN B AU (1)
S MR A Sway-1shot /T 55 A b GNN R B4 & T
1.1% , 7% 5way-5shot fF 4 A8 Lk GNN FEAI 5 T 1. 42 %5
M ResAT-GNN BRI 7E 5way-1shot 1T 55 o 19 43 25 1 i R A1
o GNN B4R 2 T 1. 62 %,

2 £ x o

[1] SHI Y X,AN K,LI Y S.Few-shot Communication Jamming
Recognition Technology Based on Data Augmentation[ ] ]. Radio
Communications Technology,2022,48(1):25-31.

[2] ZHU K F,WANG G J.LIU Y ]. Radar Target Recognition Al-
gorithm Based on Data Augmentation and WACGAN with a
Limited Training Data[ J]. Acta Electronica Sinica,2020,48(6) ;
1124-1131.

[3] KOCH G,ZEMEL R,SALAKHUTDINOV R. Siamese neural
networks for one-shot image recognition[ C] // Proceedings of
32nd International Conference on Machine Learning. Lille,

France:International Machine Learning Society,2015.

[4]

(5]

L6]

[7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

220500104-5

VINYALS O.BLUNDELL C,LILLICRAP T,et al. Matching
networks for one shot learning[ C]//30th Conference on Neural
Information Processing Systems(NIPS 2016). Barcelona, Spain:
NIPS Foundation,2016:1-9.

CATI Q,PAN Y,YAO T,et al. Memory Matching Networks for
One-Shot Image Recognition[ C] /2018 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Salt Lake City,
UT,USA:IEEE,2018:4080-4088.

SNELL J, SWERSKY K, ZEMEL R S. Prototypical networks
for few-shot learning[ C]// 31st Conference on Neural Informa-
tion Processing Systems (NIPS 2017). Long Beach, CA, USA:
NIPS Foundation,2017:1-11.

SUNG F,YANG Y,ZHANG L,et al. Learning to compare: Re-
lation network for few-shot learning[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Salt Lake City,UT,USA:IEEE,.2018:1199-1208.

GARCIA V.BRUNA ]J. Few-shot learning with graph neural
networks[ C] // Proceedings of the International Conference on
Learning Representations. Vancouver, BC,Canada,2018.

KIM J,KIM T,KIM S,et al. Edge-Labeling Graph Neural Net-
work for Few-Shot Learning[ C] /2019 IEEE/CVF Conference
on Computer Vision and Pattern Recognition(CVPR). Long
Beach,CA,USA.IEEE.2019:11-20.

LIU Y.CHE X. Few-shot Image Classification Algorithm Based
on Graph Network Optimization and Label Propagation[ ] ]. Sig-
nal Processing,2022,38(1):202-210.

WANG X R.ZHANG H. Relation Network Based on Attention
Mechanism and Graph Convolution for Few-Shot Learning[ ] ].
Computer Engineering and Applications,2021,57(19) :164-170.
YANG L.LI L,ZHANG Z,et al. DPGN: Distribution Propaga-
tion Graph Network for Few-Shot Learning[ C]// 2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR). Seattle, WA, USAIEEE, 2020.:13387-13396.

LIU Z X,ZHU C J,HUANG J,et al. Image Super-resolution by
Residual Attention Network with Multi-skip Connection [ ] ].
Computer Science,2021,48(11) :258-267.

YANG Q.ZHANG Y W,ZHU L,et al. Text Sentiment Analy-
sis Based on Fusion of Attention Mechanism and BiGRU[ J].
Computer Science,2021,48(11):307-311.

LIU H C,WANG L. Graph Classification Model Based on Cap-
sule Deep Graph Convolutional Neural Network[]]. Computer
Science,2020,47(9) :219-225.

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. 2017.

LI Fan, born in 1998, postgraduate. His
main research interest is intelligent in-

formation processing.

JIA Dongli, born in 1972, Ph. D, asso-
ciate professor, graduate supervisor.
His main research interest is intelligent

information processing.



