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[Abstract]

The biggest problem in the Al field, which has become a hot topic in recent years, is how to deal
with the lack of training data. Since manual data construction takes a lot of time and efforts, it is
non-trivial for an individual to easily build the necessary data. On the other hand, automatic data
construction needs to handle data quality issue. In this paper, we introduce a method to automatically
extract the data required to develop Korean speech command recognizer from the web and to
automatically select the data that can be used for training data. In particular, we propose a modified
ResNet model that shows modest performance for the automatically constructed Korean speech command
data. We conducted an experiment to show the applicability of the command set of the health and daily
life domain. In a series of experiments using only automatically constructed data, the accuracy of the

health domain was 89.5% in ResNetl5 and 82% in ResNet8 in the daily lives domain, respectively.

» Key words: Korean Speech Command, Speech Recognition, Automatic Data Construction, ResNet, CNN

(2 of
Ao S B3 g AlRoRIA 4 2 BANE G0 PE BAS #S 5 Ak
% dole] %oﬂL B ARk} x2lo] 285719 Ale] £4A WL HloHE FEIE vS-
Ak WA, £ dolE FEe| ws ABOE THIE AL & FAS FH3HE o] Blo]
T R A e
SHrUolEE L8R 4 Qi HelHE ABoR Adels wEe Aldt 53, A% 7EE @
Fol &4 HolHE tgoR 58 4% Mot ReNet/|WHe] 54 BUL Jwow, % 2
DgAEole] BHo] A4S thdow AekEAE nol] A% A9L AL AFow
T vole e ALgE ARe] Aol A AR ResNetlsol A 89.5%, ATl A
= ResNe8ol4] 82%¢] LS w0 @M, AF 4 dolHel 8 ArHe AEHA:

> 0] oh=0f BZO] AN, SYUM, Aks Tl 15, &2, e EeldT

« First Author: YeonSoo Lim, Corresponding Author: Yuchul Jung

*Yeonsoo Lim(yslimé168@kumoh.ac.kr), Dept. of Computer Engineering, Kumoh National Institute of Technology
*Deokjin Seo(406023@naver.com), Dept. of Computer Engineering, Kumoh National Institute of Technology
** Jeong-sik Park(parkjs@hufs.ac.kr), Dept. of English Linguistics & Language Technology, Hankuk University of

Foreign Studies

*Yuchul Jung(jyc@kumoh.ac.kr), Dept. of Computer Engineering, Kumoh National Institute of Technology
* Received: 2019. 11. 26, Revised: 2019. 12. 18, Accepted: 2019. 12. 20.

Copyright © 2019 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



18 Journal of The Korea Society of Computer and Information

I. Introduction
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II. Preliminaries

1. Related works
1.1 Data Construction for Speech Recognition
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1.1.1 Manual Data Construction
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1.1.2 Automatic Data Construction
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1.2 Data Augmentation of Speech Recognition
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1.3 Algorithms of Automatic Speech Recognition
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III. The Proposed Scheme

1. Data Construction
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2. Data Refinement
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Table 1. Generated data & Preprocessing data

YouTube API | STT Filtering Final Data
Domain CMD | Files | CMD | Files | CMD | Files
Healthcare | 4026 | 20172 | 354 2044 15 550
Daily lives | 4558 | 21853 374 2039 15 552
CMD: Numbers of Speech Commands
Files: Number of Raw Files
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Table 2. Details of final experiment data

Healthcare Daily lives

Speech Commands | Files | Speech Commands | Files
vitamin 128 naver 131
virus 80 calender 68
painkiller 61 e-mail 53
diet 38 camera 44
suddenly 37 youtube 37
side-effect 28 service 31
protein 25 image 26
magnesium 23 story 23
aspirin 23 fine dust 23
energy 20 navigation 20
tylenol 20 coffee shop 20
caffeine 19 mic 20
stress 17 kakao 20
hypertension 16 message 18
endoscope 15 internet 18

3. Feature Extraction
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4. Data Augmentation
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5. Model Architecture
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5.2 Basic Convolutional Neural Net (CNN)
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Table 3. Speech Command Recognition Results of
“Healthcare”

Model Pure Mixup
CNN1 25.0% 27.0%
ResNet8 77.0% 43.7%
ResNet15 89.5% 52.0%

Table 4. Speech Command Recognition Results of
“Daily Lives”

Model Pure Mixup
CNN1 14.0% 8.0%
ResNet8 82.0% 48.0%
ResNet15 80.0% 34.0%
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IV. Discussion
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V. Conclusions
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