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Few-shot Learning Method Based on Multi-graph Feature Aggregation

ZENG Wu' and MAO Guojun'*

1 School of Computer Science and Mathematics, Fujian University of Technology,Fuzhou 350118, China
2 Fujian Provincial Key Laboratory of Big Data Mining and Applications, Fuzhou 350118, China
Abstract Few-shot learning can learn the characteristics of various samples from fewer samples, but due to the problem of low
data,that is,the number of samples is small,how to more accurately extract the important feature information in the image,and
how to better learn from the image. The characteristics of the target object and the more accurate judgment of the similarity be-
tween the unlabeled samples and the support set category become the key. A few-shot learning method MGFAN based on multi-
graph feature aggregation is proposed. Specifically, the model expands the original image through various data enhancement me-
thods,and then uses a self-attention module to obtain important feature information between the original image and different ex-
panded images,so as to obtain more accurate features vector about the image. Secondly, the self-supervised learning task of pre-
dicting different augmentation methods of images is introduced into the model as an auxiliary task to promote the feature learning
ability of the model. Finally,multiple distance functions are used to calculate the similarity between samples more accurately. Ex-
periments in 3 standard datasets minilmageNet, tieredlmageNet and Stanford Dogs using 5-way 1-shot and 5-way 5-shot experi-

mental settings show that the MGFAN method can significantly improve the classification performance of the classifier.

Keywords Few-shot learning.Deep learning, Self-supervised learning,Feature aggregation.,Data augmentation, Self-attention
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Fig.1 Task description of few-shot learning using 5-way 1-shot
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TE R AL ) 2 0 HLRD 0 D6 1 ke phe s 3 5K IR Y 8]
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BRI 1) o R A 8 7 o A R — S8 T P B0 R E 1) L AR
T 399 B2 T A 2 AR F R 0 R A AR AE T 45 2) X LS T
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Fig. 2 Few-shot learning method based on multi-graph feature aggregation
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Tidk. AL T34 J5 i ProtoNet, £ Convd-64 ¥ 2% th, AR 3C
Jir 8 B 7 R 7E 5-way 1-shot #l 5-way 5-shot ¥ B H A 1 %
SR T 8. 20 %0 1 6. 692 . 7E ResNet-12 [0 £ L 43 5] 4
BT A.27% M 2.85% , 1E Conv4-64 P21, 7F 5-way 1-shot
LI X 5-way 5-shot % & o, MGFAN #f [t F & 8 #& 1
IEPT, 43 i) #2 = 1. 36% Al 0. 98% ., ik 4, 3k A1 1 &% 2 7
Conv4-64 W & vh , A SCJ5 2 /) 5-way 1-shot [ 5-way 5-shot
B4R T 17,27 %0, R S B A SR 4R I g i, o AR
1A PRT Aot 22 DA B A ) T 28 4 (B AR AR 1 o A 3R L (AR /)
FEA 43 25 1) X 1B B /N
# 1 MGFAN Jy A7 minilmageNet |- ffy 52 5 25 5t
Table 1 Experimental results of MGFAN method on minilmage

Net dataset

(AT %)

7k EFFH4% 5-way 1-shot 5-way 5-shot
MatchingNet- 7! Convi-64 43.56+0. 84 55.314-0.73
ProtoNet! % Convi-64 19.4240.78 68.20=0. 66
MAML2" Convi-64 18.7041. 84 63.10=0. 92
Relation Net-'® Convd-64 50.04+0. 80 65.30+0. 70
MpL30] Convi-64 49.600. 80 68.1040. 80
DN4b Convd-64 51.2440.74 71.0240. 64
DN PARN'#?! Convi-64 55.2240. 84 71.55240. 66
DSN-MR#3 Convd-64 55.8840. 90 70.504+0. 68
Neg-Cosinel > Conv4-64 52.8440.76 70.4140. 66
IEPTH?6! Convd-64 56.2640. 45 73.9140. 34
MGFAN Convi-64 57.62+0.78 74.89+0. 64
ProtoNet! % ResNet-12 60.37+0.83 78.0240. 15
TADAM7) ResNet-12 58.50740. 30 76.7040. 38
SNAILLS ResNet-12 55.7140.99 68.8840.92
DN4 ResNet-12 54.3740. 36 74.4440. 29
MetaOptNet ResNet-12 62.6474-0.61 78.6340. 46
MTLH ResNet-12 61,2041, 80 75.5020. 80
CANMY ResNet-12 63.85-+0. 48 79.44-+0. 34
Shot-Freel %) ResNet-12 59.0440. 43 77.6420. 39
MGFAN ResNet-12  64.64+0. 86 80.87+0.55

¢ PR AR T FROR TE A RN S 46 1 R Y A A

4.4.2 J& tieredImageNet L & 52 35

1E tieredImageNet 095 4 1, K Ji§ Conv4-64 1E H FF ™
2SRk 2 P A, AR U AE 5-way 1-shot DL K 5-
way 5-shot W1 HE B R A0 T HoAth 3%, AL T34 ik
ProtoNet 7} 5485 T 1. 990 #1 2.55% .

2 2 tieredlmageNet S5 £ AY 52 56 25 1

Table 2 Experimental results on tieredlmageNet dataset

B2 %)

7k EFFH% 5-way 1-shot 5-way 5-shot
MAML 2" Convi-64 51.67+1.81 70.30=0. 08
ProtoNet! % Convd-64 53.3340.50 72.1040. 41
Relation Net-18] Convi-64 54.484-0.93 71.3240.78
1mMpLso Convi-64 53.6340.51 71.8940. 44
MGFAN Convd-64 55.32+0.94 74.65+0.93

T SRR T RO 7E AR S0 00 3 BN M A g R

4.4.3 & Standford Dogs Lt # 9 35

2 3 frdl, 78 Standford Dogs Et#E 5 v, {fi il Conv4-64
TR A LT HoAb 7 s, MGFAN 5 vk MU e e 19 43 28
HEBM R U H 2 7E 5-way 1-shot Hll 5-way 5-shot & & H . A&
J7 AR F T 34 5 % ProtoNet HER R 4> B4R F 1 12. 06 % Fl

20.86% ., Z5HFE M, 7E Stanford Dogs FUHE &, A< SC 7 i fig
i i 3 P R FE L T Y A S UME R R
2 3 Stanford Dogs U 5 it 52 56 25 5

Table 3 Experimental results on Stanford Dogs dataset

AT %)

ok T W% 5-way 1-shot 5-way 5-shot
MatchingNet-'7 Convd-64 35.8040. 99 47.5041.03
MAML2 Convi-64 44,8140, 34 56,6840, 31
ProtoNet-13] Conv4-64 37.59+1.00 48.19+1.03
Relation Net!!) Convd-64 43.3340.42 55.2340. 41
DN4b31] Convid-64 45.4140.76 63.5140.62
pcMbt Convi-64 28,7842, 33 46.92+2.00
MGFAN Convi-64 49.65+0.90 69.05%0.75

T« SRR 2R 1 1 A ST B T Y R A 4 R

UL 3 AR EP ARG S RER AN EAE RS
BE T UL T A M, BLAR SCOT R TT LUFE 2 b 4R T
FELR TV 4> 2 M RE L LB MGFAN J7 ¥ 1] DL 47 b 3l 412 %]
15 b 0 T ELRRAE A5 S, FL 20 05 B pR AR AR T LT RS
H T 5 R AR 0 R A 5 O A R A B R i — A5 R R NRE AR G
Kt
4.5 SHELICLS
4.5.1 B ¥ E LG w

AT O T 90 A SCHR A 22 AR AE 3 A B e h R
] 9 47 38 P o 28 MR BE B Wi L R T T 5 A S B8 Sk 0 A7 I IE
SH A E TR Conva-64, Hip, MGFAN®!' %R H
fifi R L Y B s MGFAN*2 25 i i 1 A R I A 7K
By S B s MGFANT® £k (il Y B 1] | J5E 181 7K SF 8 6 D
& I B0 5% s MGFANT R R & L R LK O B 5 LR
[l 3 B B0 B DL BRI 180 B iE s MGFAN % 7w fifi I i
&L | AL B KT 0 4 D el i B L JRIE] 180 g e LA B H i
47 ER8 7 # BT . 7E minilmageNet 20 4 5 | A9 52 56 45
me 4 frol,

o4 YIRS R R R Y S 55 45
Table 4 Experimental results of effect of extended graphs on

classification performance

CHLAL: 20)
VS 5-way 1-shot 5-way 5-shot
MGFAN#1(H=1) 54.83+0. 85 72.16+0.72
MGFAN#2(H=2) 55.0340. 87 72.4940.71
MGFAN#3 (H=3) 55.70+0. 86 73.1940.70
MGFAN#4(H=4) 56.32+0. 82 73.2240.67
MGFAN(H=5) 57.62%0.78 74.91%0.61

T« PR R TE B LI BN A SR A4 A

HH 2% 4 AT A5 A LE TS Dt B4 22 b S [ LA A% 6 556
AT — kX & BEAT 848 % 3% 19 MGFAN BUS 7 5 K1Y
WERRAR T, TTLUR I BEE B 58 R B35 n , 5 25 v iff %t 7
AW HLAR 5 B2 N MGFANT 2 fdofin 17— 3 38 70 2 3 10
YK 2 5. TE 5-way 1-shot i% & ', MGFAN 1y 1 i % &
MGFAN®' $2 & 1. 31%, T $2& 7+ 3 B HE 4 55 = {7 1 MG-
FAN#*—>MGFAN*" ff #f % R4 T+ T 0. 62% ; £ 5-way 5-
shot B &, MGFAN®* >MGFAN MR TF T 1. 69% . 1M
WERN AL TFHE 4% 45 — 19 MGFAN®? > MGFAN®? H 7} T
0.70% o BT LAUEE , AH Lb 48 4% 48 1 JLAa] A8 46 19 47 18 O
TR A R B A PR o R R BE AT 4y & 5L T B
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Rt 20 B A — B TR 1 W Y ok B R BT B TR A 2 )
W B X A3 B A AR AR L T LA G b 4 A AL 1 4y 2 i
3+ AT AR e 5 R0 1y 43 26 e i 2245 B4R
4.5.2 FHBHAE S AR AT AL F R

T B UEA SO A B W 2 SR 2R M RE Y 52
Wi, ) 22T M 2% Conva-64, Bt T PIARSE 56« 1) A A i B
AT 55 P s ) FE/INVREAR 2 3] v I A B AT 55 A

2 5 %t T 7& minilmageNet 0984 i, 52586 1 Al 2 (952
W,

F5 FHONIE S 04 2 P RE B0 B

Table 5 TImpact of auxiliary tasks on classification performance
CHLAL: 00D
ooy L. L, 5-way 1-shot 5-way 5-shot
1 N/ 56.14+0.86 73.66+£0.67
2 N/ N/ 57.62%0.78 74.89%0.64

T PR ORI SR B T A R AR

1 5-way 1-shot Al 5-way 5-shot F& & A, il A&l B AT
55 R SIS 2 1) B R A B R T R I A B AT 5 B

BOSEH 1,40 MR TF T 1,48 %5/ 1.23% . SCIRah RUdm . /W
BRI BEYCA B T /NE A X AR AR 1 2 ST B R AR 2 o) b
WBHE B Rl A B AR S A NREAR 2 S h
AL BE A R R A5 BT 5 Y 3 SRR
4.5.3 3 IE B BHE TR TG YR

TEA T T, g T B IE A SO M 1 2 R R R AT B
Sof 43 2 45 BBy B0, A Conva-64 158 EF M4, 78 3 A4
BAEE LR, 6 PIHETARNw /w NE R
By e RE R . B3R 6 AR, B P Jr BRIC BE B
BRI B AT T GE A DL RE EE O T Al T 2 e B B R B
A&, fEw =0.8,w, =0.2 L Fw, =0.6,w =0, 4 Af
AR 4y S P Be 2 00 T BT AP 7 BRIGBE s Y L u Bl 2
B oR O SR 1 RE AR 5 DR R AN BE B E AT U O O HE .
TR LR, R AHEL FHEHw =0.6,w, =0.4
PEREJE T T = 0. 85w, = 0. 2 (4, (R I A 3C 3% BLax 4 35
PR BEAT R 4r S0 80 . 53 4 AR R 9 AE 55 L W] DUAR 4
1T 55 B¢ B A E B AL TR LU B 2R B, DA ke i B B 2K T 4 1Y
SR TERE.

6 2 HH S e HUBUEL 2R RO 43 ST E Y R T

Table 6 Influence of weight coefficients of multi-distance functions on classification performance
CAT 2 %)

, minilmageNet tieredImageNet Standford Dogs
e 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot
w; = 1,w, =0 57.38=x0.79 74.61£0.63 55.01£0.95 74.29+£0.95 49.49+0.91 68.70£0.78
w; =0.8,w,=0.2 57.26+0.78 74.51+£0.63 54.93+0.98 74.0140.97 49, 2540.90 68.66+0.78
w; =0.6,w,=0.4 57.62+0.78 74.89£0. 64 55.3240.94 74.65+0.93 49.6540. 90 69.05+0.75
w; =0.4,w,=0.6 57.42+0.77 74.91+0.61 55.09+0.95 74.40+0.97 49.75+0.89 68.88+0.77
w; =0.2,w,=0.8 57.12=x0.79 74.57+0.65 55.03+0.96 74.14+0.98 49.3240.92 68.74+0.77
w; =0,w, =1 56.89+0. 81 74.46+0.66 54.75+0.98 73.85+1.01 48.9540.93 68.52+0.82

T« PRAAT e R 70 B b S 00 0 B T 00 R U 4 R

TGS R - A Al iR B L I bR R b A X R
FTE L 51 28 40, AT LA R 8 BT Sy o 4 b ) 8 R AR 0 REAS 5 D
FE0 V) 1 P AL L DT 2 5 4S8 1) 43 2R
4.5.4 ¥ ¥ E SN A TR 09 Y ok

TEAS SCH )RR DL DR i S TR A 3 TR R g i S
TERBWFERBRE S, AT R Z AR AE 0] & 7] X K
PR M L3 T 40 F 256 7F minilmageNet £ 35 £ .
i Fl Convd-64 fEH F T M 4, 4 5l 3k 56 FIRE M 3 4l
FEAE 1] 3 AT S92 38, 43 00 Sy D IRL T L K ST R A R D [
HEEE AT AR B MGFANT! (45 4F 1) B0 ¥ N
Je L D B KT B A L D T I R D O MGFAN? (Jg [
FE M KE R MGFAN® OKE 8% 5 & % H
W) MGFAN™" (K °F B ¥ . & B 8 % . i B . MG-
FAN'? (3 1 B 8% 5 K #8%) . MGFAN® (3 5 #
B KO- BIEE RED . SRR mE 7 . NFE T A
DL SR, 45 41 50 00 45 B #2305 L JB F 16 % 19 52 46 3k B0 L 1)
o HE B Uk X A A B G R A /N L X T AR A X R —
A G R AE T o 14 B2 B AR W] 16 S 38 ] i A8 H i 5] it
P o B A B2 e L RS AE A B B, I L A B S R R At R X
AH 7] 4 B2 (5] R AF o 09 25 18, B0 1) 2 ok 6 1 BB Y Y
M35 O A B . S I L AE TR I S K o L AR E TR 1) i Y HE
21N /95

T YREHES U X432 Bl R R A S 4 2 R

Table 7 Experimental results on effect of extended graph arrangement
order on classification performance
CHLL 6D
7k 5-way 1-shot 5-way 5-shot
MGFAN " ! 55.70£0. 86 73.1940.70
MGFAN *? 55.6140.87 73.2240.70
MGFAN *3 55.83+0.85 73.10+0.71
MGFAN "1 55.30+0.89 73.29+0.69
MGFAN*® 55.4840.89 73.0840.73
MGFAN * 6 55.73+0.87 72.91+0.72
HERE AN —F 4 MGFAN W /NFEAR 32505

5 1207 W S S 2 R RO 3 5 07 R 3R BOC T &b B
ML SAAYIEE, 2R A EENERRE 2
70 PR B0 R AT 1) 2, LA I SR R BT g o 1 ) PRI (SRR AT 2 358 L 4%
ERR TIE/NEEAR 73 FAT 55 H A S T 0 P 45 6 2R AT b 3
IR AR A 1 M O A A o A 3 K M B R T B 8 TIE
T 2B RBON e 4 R AE R R SR A5 R ER W,
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