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A Study on Reliability Analysis According to the Number of
Training Data and the Number of Training
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Abstract

The range of problems that can be handled by the activation of big data and the development of hardware
has been rapidly expanded and machine learning such as deep learning has become a very versatile
technology. In this paper, mnist data set is used as experimental data, and the Cross Entropy function is used
as a loss model for evaluating the efficiency of machine learning, and the value of the loss function in the
steepest descent method is We applied the Gradient Descent Optimize algorithm to minimize and updated
weight and bias via backpropagation. In this way we analyze optimal reliability value corresponding to the
number of exercises and optimal reliability value without overfitting. And comparing the overfitting time
according to the number of data changes based on the number of training times, when the training frequency

was 1110 times, we obtained the result of 92%, which is the optimal reliability value without overfitting.
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Figure 1. Concepts of artificial intelligence, machine learning, and deep learning

2.3. M E 22 (Tensorflow)
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Figure 2. General guidance learning procedures

3. &lf & A

3.1. Mot

A eE MEY P59 LHE'E UEUE XIEZ, el dEY 0| ZHOI0IEHE HotLt & #E[sHK]
‘RSH=LFE LIEtHCH &4 40| SREE B ME QA2 uit EZ T A, O|LHIR| SH& 0| EXY

31



Kim, Oh, Yoon, & Kim / Korean Journal of Artificial Intelligence,5(1), pp.29-37

gtot 2 =EO0IAE Saito(2017) ollAel & At SUsHH 25t xt st= CIOIE{S| MBI E TR AER
I %8 0l83t0d AL DA NERT| 0| £42 CHET ZTh,
= — > tilogyi )
k
#7] Fomula 12 Cross Entropy A2 MZAYO| &3 F, £ /2 UEtUHH MY 2lo|=2 LtEHACH
MEoolE2 HEY 42 §aol o1, 2EY A2 02 F&tn Ue B-FIY EI|IHE AISE
(Saito, 2017). £ =20ME 0|2t Z2 Tl YEZ T QA WHES PythonQ 2 75510 AZT E4 A

mo

TI>st 1, Overfitting 2’ dS HEst04 2[X 9| ¥ & O|O|Ef -8 2 A etst At Btot.

& % 7

w

2.

=

AlE BZHOZ Intel(R) Core(TM) 15-4200u 1.60ghz(4CPUs)~2.3ghz2| CPU%t 13z940FI2| MIQIE
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glxlols E8t 7, 27, 1 kol 2 o|dlx|7t A elOlstE =At7t Bllo|E 2 HIoIE 7t +/4ElCH(Saito,
2017).
Table 1. Configuration of mnist data
Data set Matrix Data Source Remark
mnist.train.images 55000 x 784 Learning image data
mnist.train.labels 55000 x 10 Learning label data
mnist.test.images 10000 x 784 Tested image data
mnist.test.labels 10000 x 10 Tested label data
mnist.validation.images 5000 x 784 Confirmed image data
mnist.validation.labels 5000 x 10 Confirmed label data

3.21. EH ol MHE AEE BN AY

2 =E20M Fetet 23 o mE AURE A™
mnist.train ClO|E{& &3 & &35t mnist test H|O|E
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Figure 3. Index conversion of number of training
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<Figure 4> Overfitting index according to training frequency
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Figure 6. Change of reliability according to number of training data(1000 training standards)
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Figure 7. Change of reliability according to number of training data(150 training standards)
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