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Abstract

Deep learning is a collection of algorithms that are used to solve related problems such as image
and text. As an important algorithm for deep learning, convolutional neural network is especially
good at image processing field. The convolution neural network extracts the various features of
the image through the convolution kernel, and its orders of magnitude are greatly reduced by
weight sharing and pooling. In this paper, MINST handwritten database is used as training sample
to discuss the reverse propagation mechanism of weight value of convolutional neural network,
and the implementation method with MATLAB; In order to obtain the optimal correction parame-
ters and learning rate, the problems of gradient disappearance of activation functions tanh and
relu were analyzed and optimized, and the improved activation function was trained.

Keywords

Convolutional Neural Network, Deep Learning, Handwriting Recognition

ot

ETERHENENFEFRER ITEY

LA%

EHpRLERE, i
Email: 15000315026 @163.com

Weks . 20184F11H7H: FHER: 20184F11H19H; & A HI: 20184F11H26H

HE
BREFIARZEHEMBZIBRAZFEIHEBRER . IAFHRABREEEE. BREENEEN

NEF|IH: BRI, ST BN ) T 5 RIRE FE LD LR 5 R, 2018, 8(11): 1773-1781.
DOI: 10.12677/csa.2018.811196


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2018.811196
https://doi.org/10.12677/csa.2018.811196
http://www.hanspub.org

LA

REFLINERFAE, THEKEGOETE. BRHEMEETETHRRBREGR I EMRE, Bl
BUEFEZRMAAR KRR T % BE SRR ELK . ASCUAMINSTF B EEEE ERIGHRA, THRHER
PRE P28 B BUE R A& SN FIMATLABH) SEBL 77 1% X80 B $tanh A reludh BV 2% 1 BB BEAT 20 A A0
Petk, XFEcEt)E REE R EGEAT I 4%, BHBRIRIBIESHMETER,

K
EEMERLG, REES, TEERN, WERK

Copyright © 2018 by author and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

LRI M 26 f a2 Y Yann Lecun $2&H T FE I, I REE SR, HRES RISy
T, JEUAS BRI 1] 25 A48 I 28 10 AL G 48 0 4% (1 S At b, % 0 7B ) oMt 2 R I e o AU L =2,
HIPZE R HERREE 5 T MR IEH B (Feature Map)#JJi%[2]. EF4™ feature map B T & TG4 i,
ARG TRIE 1 EUGHRHE, XS 2 5018 i 7] — N B R BUE) B B M kAR, BRI L[] — 4™ feature
map 2 [F] — 4URUE , BUE L ZEHLH R R T 148 X 4 75 B2 00 S 30240, B Anii ) — A4S 1000 x 1000
WIEMR, EREEUES 1 MBI 10° /MGG, IBAL e M4 R A 4% 807 RTINS HA 0N
10° x 1000 x 1000, Bl 10" 2 G)M&H, DRI MIHEBERIEFE L. MRHERMZEM%, BikFE
BERERIZER 1| M AL TE, FMMEICRA 10 x 10 K/NERE B0 EG I E X, A
7 H BN B EON 10° x 10 x 10, B 10° (100 MYNSHL, BRI LR SR ERMHE, — 5 H %
KT RENGENSHER, 55— BEHFENRHES T EBGRm, BB, FRl4 R3],

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000%1000 image
1M hidden units
‘ 10'2 parameters It

1M hidden units
Filter size: 10x10
100M parameters

- Spatial correlation is local
- Better to put resources elsewhere!

“

Figure 1. Local perception schematic of convolutional neural network
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Figure 2. Calculation schematic of convolutional neural network
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Figure 3. The update process of the neural network weight
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for j = 1 : numel(net.layers{l}.a)
net.layers{l}.d{j} = net.layers{l}.a{j} .* (1 - net.layers{1}.a{j}) .* (expand(net.layers{l + 1}.d{j}, [net.layers{l +
1}.scale net.layers{l + 1}.scale 1]) / net.layers{l + 1} .scale " 2);
end

net.layers{1}.a N 1 241470, numel(net.layers{1}.a N Z A ICIKIANHL, X B netlayers{l}.a{j} .*
(1 - netlayers{l}.a{j}) @ X #iE K E f(z)>k T . expand(net.layers{l + 1}.d{j}, [net.layers{l + 1}.scale
net.layers{l + 1}.scale 1]) / net.layers{l + 1}.scale * 2 & L RAFEEAE .
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WAk Z P2 TC IR ZE/E MATLAB i SE3 7 08 :
for i =1 : numel(net.layers{l}.a)
7= zeros(size(net.layers{1}.a{1}));
for j =1 : numel(net.layers {1 + 1}.a)
z =z + convn(net.layers{l + 1}.d{j}, rot180(net.layers{l + 1}.k{i} {j}), 'full);
end
net.layers{1}.d{i} = z;
end
numel(net.layers {1}.a) Wit AL ZHE TCHI 4L, numel(net.layers{l + 1}.a) Atk 2 T — ZEIGERUZ 22
TGN, netlayers{l}.d{i} NHALESE 1 25 i ML IGIRE .
ARG ERZGIREMAETCIRZEG, T — 2 Z R R HON W 28 BUHE 15 4L
TR A AT RUE IR, O B Z HEAT BB R T 5
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J

GRUZ A B iR ZE THHAE MATLAB H S5 5008 :
for j = 1 : numel(net.layers{l}.a)
for i =1 : numel(net.layers{l - 1}.a)
net.layers{l}.dk{i} {j}=convn(flipall(net.layers{l-1}.a{i}),net.layers{l}.d{j},'valid')/size(net.layers{l}.d{j}, 3);
net.layers{l}.db{j} = sum(net.layers{l}.d{j}(:)) / size(net.layers{1}.d{j}, 3);
end

numel(net.layers{l}.a NEFZE 1 ML ITCHIANEL netdayers {1}.dk {i} {j} NEE 1 BB ki) IR ZE
net.layers{1}.db {j} NG E R Z
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Figure 4. Primitive function and derived function of the tanh
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Figure 5. Primitive function and derived function of the optimized tanh
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Figure 6. The influence of different k values on the calculation rate of error function
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Figure 7. Error reduction in different learning rates
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Figure 8. Primitive function and derived function of the Relu
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Figure 9. Selection of correction coefticient
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