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SDM-RNET Network Based on Small-sample Learning Fusing Stochastic Depth and
Multi-scale Convolution

LIU Xin-Yao, LIANG Jun, YU Jia-Lin
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: To solve the problem that it is difficult for neural networks to obtain enough information to,correctly classify
images by using a small amount of labeled data, this study proposes a new relational network, SDM-RNET, which
combines random deep network and multi-scale convolution. First, a stochastic deep network is introduced into the model
embedding module to deepen the model depth. Then, in the feature extraction stage, multi-scale depth-separable
convolution is adopted to replace ordinary convolution for feature fﬁsion. After the backbone network, deep and shallow
layer feature fusion is applied to obtain richer.image features and finally learn to predict the categories of images.
Compared with other small sample image classification methods on mini-ImageNet, RP2K, and Omniglot datasets, the
results show that the proposed method has the highest accuracy on 5-way 1-shot and 5-way 5-shot classification tasks.

Key words: deep learning (DL)S small-sample learning; image classification
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[ FRUBE FRVRFAE A U2, 384 IS 2R ot i N L () S B, A
T 5 A M A 4 RS AR 1 B S R

(3) BN, 2 RERHER & T DOEE A 2, |

A RBE IR AEAS 1B, B ot N\ P o 2 RS R T
PRAVBURE, SR BEE. ) -
2 SDMSCA-RNE ' 2% 5 1 1
A H ) SDM-RNET B 43 A LA T JLAN M B
A AL . EMGRFAE S R E AR O I & 5 HY
B L. BLARK BN 8 TR, 55 1 B BOW SR Hikk
B, OH R G GO AT IS Ve . B, BRATIA
P AT LR i VR G R EAET P E; 5E 2 B B AS
AEFR MY B, IX B BLALFESE T Stochastic Depth F%R
3G SR AL T MSCA WIRHIE Rl & P ANBEER, T X0 7
WA R EEUR AT IR 55 3 M BOARHIEE &,
F TR 3 UG B &R 48 SRR AR HEAT P82,

A AR BN SR SRR AR I Z I K S &, e Jm 9

B NEEDY 0-1 MbRE, Ron B WEMNSCFFEL (6]
FIARALLRE, FROMR R 1G53 RS0 B m R SCRF AR AR AR
FE N ARy A5 R

. B :
ﬁﬁﬂﬁ@ij“ﬁﬁf—» MSCA | i[HFAEREEE (ool 3%
| AT R A

'«@'\8 SDM-RNET kit

3 SEEREER S50
3.1 SLIEINE

A CAE mini-ImageNet'"”), Omniglot"”* f1 RP2K"*"!
X 3 A L IEAE T SDM-RNET W45, T A 6
T PyTorch HEZL, Python 3.8 & & SEHL. 7£ 64 /7 Ubuntu
16.04 LTS #1E %4t _Eik4T, GPU K H NVIDIA P100.
K H PyTorch HEZEHEAT PPAl. SEI6 A BAF AR L1 &
HISEBUE BAIER 1 .

F 1 BRI

5L it B
CPU Intel(R) Xeon(%) CPU E5-2630 v4
GPU NVIDIA P100
BAF s “ 16 GB
MAF ‘-., - 64 GB
Tﬂ%ﬁfgé}ﬁ Ubuntu 16.04
FRES Python 3.8

32 BHRE

A Adam A6 25 M Sk 21 I ZR A5 8L G
It episode YIZRHLHI/E SDM-RNET #2758 b 1722 2],
flEWIIR2 S R E N 0.001, 7 H AT 2000 4 episode
25 ) R/ — 2. 7 mini-ImageNet 4k 5 L (1)l 256
WEE N 500000, B episode=500000; RP2K %154
I, episode=100000; Omniglot ¥ #5 4 L, episode=
300000. MR FE, episode=600, B H{E 1F v il ik
gh g
3.3 xtEbitig

A3 SDM-RNET #5281 5 3/ Be 45 1) E i A
SR AL HEAT LU, EL R A 40 4% Matching Net!'’,
Meta Nets™, Meta-learn LSTM™!, MAMAL™. Siamese
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Nets!”, Prototypical Net*®!, Relation Network!*"/ Al
Baseline+**). CMD-MLY, 528645 B4 2 Fros.

%2 SDM-RNET (5% HLSLBe 45 3 (%)

5-way accuracy

ESOES e 1-shot 5-shot
Matching Nets 43.56 55.31
Meta Nets 49.21 —
Meta-learn LSTM 43.33 60.60
MAMAL 48.70 63.11

Prototypical Nets 49.42 68.20
Relation Network 50.44 65.32

mini-ImageNet¥{ #i 4

Baselinet++ 48.24 66.43
CMD-MLA 51.01 68.72
SDM-RNET (Ours) 53.07 68.78
MAMAL 93.04 95.18

Prototypical Nets 95.03 97.54

Relation Network 95.64 98.82
RP2K #ihi4E

Baseline++ 93.89 97:25

CMD-MLA 94.57 _ 96.98

SDM-RNET (Ours) | 97.03  99.34

SiameseiNets ‘ 97.3 98.4

Matching Network ~ 98.1 98.9

MAMAL 98.7 99.9

o Prototypical Nets 98.8 99.7
OmniglotHa 5 Relation Network ~ 99.6  99.8
Baseline++ 99.6 99.7

CMD-MLA 99.1 99.6

SDM-RNET (Ours)  99.8 99.9

B 2 WTLAE H, 7F mini-ImageNet $#5 4 |, 5
Relation Network 5% & W 4%/ Lt,, SDM-RNET 7£ 5-way
1-shot H1 5-way 5-shot 7 AT 55 (W HER 22 73 il B v 1
2.63% £ 3.46%; 1E RP2K ##E4E I, 5 Relation Network
KA ML AL, SDM-RNET 7£ 5-way 1-shot il 5-way

5-shot 73 FRAT 55 MHERR 73 Al FE = 1 1.39% F10.52%;

7E Omniglot #(#i4E I, 5 Relation Network #H L, SDM-
RNET %A 7E 5-way 1-shot fil 5-way 5-shot 7r /T 5%
FOHERHS %45 BB T 0.2% A1 0.1%. 1X72H] SDM-RNET
PR A I AT 45 REL o 8 4 1) 40 R, [ A 3 B
AR 3 AN RAE FAR R T —E R AT

EH U 150 B, 7F 20 28 I 465 PR AR A0 4 E T B o e P B
PLERBE W 2 O R I 245 Hh iR SR 11 4 AN AR Bk i
WX 285, [ B 75 8 ATV 5 X 285 1) ity b i 22 RO T 4y
BB MSCA, 5o ¥ 8 T W24 1) 2 SR L AT R &,
X 3 AN i, BOR bR TR ) LR
X B2 AR J0 48 B AR AL AT DI R WLt () S 201
HEATBF () 4325 DR Tl i 7 AR L i i 2 B4R, P
DAAEE TR 3 20 o i 2 1) 8 v R R B AT R A BE Tk

100 Z %% # System Construction

FH 5.
3.4 JHELSLIS

4 T AEE] SDM-RNET #5284 [ 45 — AN S 8 A7 3%
P, A0 SDM-RNET BRI EAT 1 b s gs. BAAdn
2 3 Fizn, RN ARFE KR R4 ; H1 fCE ¥ Stochastic
Depth & #:¢ R 251 4 NGB H2 AR HI 1Y
FAiti I, 7F Stochastic Depth & %) BasicBlock H43 7l
TN MSCA 2 RERE ] 75 85 R AT R AERL &
H3 fAFRAE H1 B2l B Stochagtie Depth f1% ¢
AEHEAT R (4 4 BasicBlock M MBHASIE M7 ALE):
H4 {RE 102 A it ) SDM-RNET K%, Bl ekt
Stochastic Depth 4 ek 7 [ (1) 4 BRI, SAJ5 76
Stechasfic Depth J5 P> BasicBlock A MSCA £
B TR BE AT 43 B G A AT R AE AL A, B )5 Stochastic
Depth Hi 4™ BasicBlock [ iR E S5 5 ARG T
MSCA £ JREIREE AT 73 B A1) BasicBlock %I H 4
TEEAT AR Z R R LA

# 3 SDM-RNET AU HEAT I Al (%)

" . ... Stochastic HTM%% 5-way accurac

et S o ST TR

Depth TS FFh4 1-shot 5-shot

RN — — — 50.44 6532

. HI \ — — 51.92 66.83
mini-ImageNet

g H2 S N — 52.60 67.72

H3 S — N 5235 67.26

H4 J v \ 53.07 68.78

RN — 8 L 8 95.64 98.82

H1 vy = — 95.89  99.08

RP2K ¥#E4E  H24 N N — 96.55 98.94

m . A — N 96.78 99.12

\ H4 v V 3 97.03  99.34

s RN — — — 99.6  99.8

. HI \ — — 99.6  99.7

Omniglot

S H2 N N — 99.5  99.8

H3 v — N 99.7  99.9

H4 v N N 99.8 999

35 ZEESW

it SDM-RNET #:54#E mini-ImageNet. RP2K.
Omniglot iX 3 N4 LA S2E6, v PA K B FE M LR
JE P 48 A1 22 RURE A AR 2 6 AU 50 3 I 4 R AR g BB B
1) 4 DNERRIG, M AEINREARBIE 73 BT 55 L
FAEW A BRI, ik 7 SDM-RNET A 2
P£. Stochastic Depth RJ LA izt B ML 25 8 — L2 TR (1)
JEURRAR AT 22 9 28 (R I 20t B2 A4 DX 28 7 15 B A0
{7 B R EC3R B R A ) S AR A PRMBCRRALE AN A 1 4R TR 4R
FEAE AT 8 — 20 £ 5 2 ) 5 1) S0 I 7. SIRBR e B, B

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 5533 % 4

http://www.c-s-a.org.cn

i H AR SN A

LVRBE7E SDM-RNET MU b 4% 7 3 S HO1F i, 4%
AT,

(1) T8 @R AE IR AL E 55 /2, %
AR /N, S S . X R 14 T LA SE bl
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