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Abstract

Recently, the untact education system has emerged as a socially essential infrastructure and the need for
personalized learning has been on the rise. In this paper, a method of automatically classifying learning contents
using deep learning based on active learning has been studied and classified in order to build a personalized learning
platform. Uncertainty approach of active learning, where the approach to screening learning data is the key and
Core-set approach representative of diversity approach have been tested. Compared to the classification model using
machine learning, the performance of the classification model using deep learning is superior and active learning
applying the core-set approach showed an effect of 90.7% in reducing the time required to reach the deep learning
baseline accuracy of 97.5% or higher. Therefore, as possible to automatically classify learning contents accurately and
quickly using active learning-based deep learning, it is expected that it will be used as a core technology for
personalized learning platform services.
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Table 2. Active learing performance comparison

Base line Random Uncertainty Core-set
Test accuracy(%) 97.56% 96.16% 97.49% 97.85%
Convergence lteration - > 10lter =10 lter < 8 lter
Active learning time > 3 hours 30 Min | 2 hours 30 min~ 3 hours 1hour 45min™ 2 hours 10 min
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AL lteration (%) 1 2 3 4 5
Random sampling | 819 | 90.0 | 926 | 94.2 | %4.1
Uncertainty(Entroy) | 819 | 885 | 932 | 949 | 9%6.2

Core—set 815|937 | B5 | 95 | 970

AL lteration (%) 6 7 8 9 10
Random sampling | 94.3 | 948 | 947 | 953 | 9%6.2
Uncertainty(Entroy) | 96.3 | 968 | 97.0 | 96.8 | 97.5

Core—set 975 |975|979 | 975 | 975
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Baseline Random AL Baseline
Test accuracy(%) 9756 % 97.09 % 9751 %
Total amount of time 80hours 25hours 47minutes(32.2%) | 7hours 17minutes(9.1%)
3,800 1,200

Number of convergence(use) data 16,842
Total AL leamning time -

7hours 44minutes Thour 35minutes

Labeling data(use data)

2weeks x 8hours = 80hours

18hours 3minutes(22.6%) | 5Shours 42minutes(7%)
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