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Hybrid-semantic based Graph Neural Network for few-shot learning
FU Bingguang, YANG Juan, WANG Ronggui, XUE Lixia

(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

[ Abstract] Graph—based few—shot learning classification methods rarely pay attention to the semantic knowledge related to labels.

This paper proposes hybrid — semantic based graph neural network for few —shot learning. Supplementary vocabulary is used to

enhance the expression ability of label semantic features, and image features are aligned to semantic space and category semantic

features are mixed to generate instance—level hybrid semantic features. By combining image features and mixed semantic features

considering task context relations, the sample can be better described, and then the model classification results can be improved. The

experimental results on Mini—ImageNet datasets and Tiered—ImageNet datasets show that the algorithm can significantly improve the

image classification accuracy.
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Fig. 1 The model of hybrid semantic—based graph neural network
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Fig. 2 The hybrid semantic module
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FEFFAEE 500 000 4~ episode, % B Adam #] i 2% >
9 0.001, 45 20 000 4~ episode 427 ] FEEWH 0.1,
2.3 RIS FNS AR

AR SRR 5 H Al fefT P ISR R T SRS 1Y
INKE A 27 2] 7 15 7E Mini — ImageNet Fl1 Tiered —
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%1 251 T 7F Mini—ImageNet 20884 b, A S0
5 HA/INEAS T3 ¥ 7E 5—-way 1—shot Fll 5—way 5—
shot MIFPES5 T RYSLIRAE R, I SEg g )bl LURE
L ARSOT R BT M TR 2 B MEA = 2 T ik
AICTr k5 & N FE K % 3] J7 B Matching
Network'® | MAML! | Prototypical Network "
Relation Networks > A L, VERf A I WA T, 5

BT MR 2 P B/ NREAR T EE AR LG 1 1-shot i 5L
AT GNNE HER R &5 1 5.47%, TE S—shot
LN B 5.15% 15 TPNU AH B, AR SCHE 1-shot
LT R RE T 2.05%,5—shot 5L F R H T
2.13% ML AL, 5 R A A8 8 SCAR R TriNet"™ A
Lo, AR SCR I FE 1 —shot B0 1t 0.82% , (HJEAE
S5—shotfif 5 T, TriNet' "> B UERf % 5 AR SCHLRD [
FEAE FH Conv4 47 fiE £ MM 2% | 55 30T 4F 5K d50 8 1Y
FEAT™' MELR'™' 55 Y X Lt , A SC A6 B B 4% 75
5—shot fIEHL T HERG AR, (H7E 1-shot 150 T e
B RATH R a2 R ABE A
%1 7 Mini-ImageNet £#E & _E R E B ERE

Tab. 1 Accuracy of different models on the Mini—ImageNet dataset

Model backbone  S5-way 1-shot  5-way 5-shot
Matching Network [ '*] Convd  43.56(£0.84) 55.31(£0.73)
MAML!3! Convd  48.70(+1.84) 63.11(£0.92)

Prototypical Network ! Conv4 49.42(+0.78) 68.20(£0.66)

Relation Network "] Convd  50.44(+0.82) 65.32(£0.70)
PN+IFSM 2] Convé N/A 66.98( +0.68)
GNNLe Conv4  50.33(£0.36) 66.41(20.63)
TPN 7] Convd  53.75(+0.86) 69.43(£0.67)
STANet-S [ Convd  53.11(£0.60) 67.16 (£ 0.66)
FEAT!?4 Conv4  55.15(x0.70) 71.61(£0.63)
MELR[?! Convd  55.35(£0.43) 72.27(20.35)
TriNet! ') ResNet18  58.12(+1.37)  76.92(+0.69)
STANet—S'! ResNet12 58.35(%0.57) 71.07(£0.39)
ARSI Convd  55.80(+0.81) 71.56(£0.77)
ARICTT ResNetl12 58.94(+0.91) 73.62(£0.72)

% 2 7£ Tiered—ImageNet #{#E £ _F R REEE M AR
Tab. 2 Accuracy of different models on the Tiered — ImageNet

dataset

Model backbone  S5-way 1-shot  5-way 5-shot

Matching Network '] Convd  54.02(+0.00) 70.11(£0.00)

Prototypical Network 2 Convd ~ 53.31(0.89) 72.69(+0.74)
MAML (3! Convd  51.67(%1.81) 70.30(£0.08)
Relation Network [2'] Convd  54.48(+0.93) 71.32(=0.70)
Soft k—means| 2! Convd  52.39(+0.44) 69.88(+0.20)
GNNLe! Convd  43.56(+0.84) 55.31(20.73)
TPN!7] Convd  57.53(+0.96) 72.85(x0.74)
AT Convd  57.13(£0.96) 73.21(£1.22)

ARSI ResNet12 59.78(+0.92) 74.91(+1.25)

T2HEHTIE Tiered—ImageNet AR L, A3
AR IR 5 A /INEEAR 7 74 7E S—way 1-shot Fl 5—way
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A HRER 1R 3, RO 2 R AT B
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RORA VRIS (HARA T 5 R A8 TAE , AW
IR Z BRSPS TR 1) 73 2 e 2, [REAS
SCAEHABTA S8 B R BOE Jy 3, RERETS 24 =
(RSS2 ER R, (R o T30 2B TR

BEAE , HARGTIR & TF R AE BRI 25 vp K 45
AR, R 3R 5 1 SCASE B R 47 T il 52 56, Mini —
ImageNet £ 4 [, 1R & FRAEAH IH Fill 5 45 25 5 UL
3, R 3 AUENR” R AU A S Y 1 b
LTINS, “ARETE L7 RRIRGHE X
RRH A AR 28 1 SO Z2m Hofl i AF B, “ b
B SCHILIE RS S5 S AR R Rb e UM B H
Je A FE I S FITE 0 2% R B P IR BN 25, DA
SERERAT LU, 5l U B RE S s /MR AR ]

BRI RIMRIBOR . MAh A FHIR & 1 SURRAE 5-
way 5—shot 155 T e Z 142 = 2 (L F S—way 1-
shot 1555, EE A ZAE S—shot THIL T , IG5 ¥
BN e SUE BARARCR A TR A R

57
3580 55.37
54.92 54.85
55
S 53
g 51.29
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49
47
1 2 3 4 5
B3 5-way 1-shot E & T, & E B R BEHREHITER 5 K4
HERZN

Fig. 3 Influence of image information transfer module layers on
model classification accuracy under 5—way 1-shot task
% 3 Mini-ImageNet #[#F5% LR S EESERMIINER
Tab. 3 Ablation experimental results of hybrid feature module on

Mini-ImageNet dataset

Al 5-way 1-shot  5-way 5—shot
IAEEES 53.34(£0.45) 69.88(0.58)
PRZETE L 54.42(£0.78) 70.73(£0.72)
PRt L+#bFaiE X 55.46(+0.88) 71.21(0.82)

PR TE X+ BB 57 i X
PREIE S+ FEIE L HLEXT 518 L 55.80( +0.81)

55.14(+0.80)  70.97(+0.74)

71.71( +0.77)

3 HRiE

ARSCH SRR T R TIRAG T SR R 22 25 /)N
BEARIYRITIE o %07 175 RS MR AR AEFNTE SCHR
fiE2Z 8] B EAMAE P A 2 A Rl RRAIE , A BE A T 4
RSLAIE R, o filf b 2 ) 2% R 25 5 25 T
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