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I, Preliminaries
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Bidirectional Encoder Representations from Transformer
(BERT) [4] &&le oln] She muls 7[ho g A= taske]
& vl SeiFe F385 Ao} el(Pre-trained Language Model)
o). thEZ o2 Googledild B33+ Multilingual Model [5]¢]
glon, d=to] Zelzi= KoBERT [6], HanBERT, KoELECTRA

[7] o] It

lll, The Proposed Scheme

1. Suggestion Method

1.1 Dataset 7=

YoutubeAte] ZAfel= text Hlo[EE  AlE(title)y} A
(description) Z12]31 labelol] s@sk= A7} SJct. Youtubei=
202 155 sl o, AFexlals, &<, iehsE/ s
B, 2¥x ofgl/oMlE, A9, QBB nT, JEHIQIHE,
TS, W/ 2EY, 1S, AP, vgRlAksk-) ] A
(topicyZ 7HAIaL Qlek. SRR Fltopic)2] BEAd} wlolE] o] Bt
Y FAR F 8EFREAILS, 22, e EE, 2F= AR,
QEEIRJIME, F72/43], a)e] FA|(topic)E A4St

2k 7214 Youtube HofEIE Seleniume: 0183141 Crawling
sle] Z FA|(topic)d <F 5,000712] Ho[ElE &1 3l9la B
(Fig 1)7} (Table 1)} 2t}

Table 1. Statistics of Our Youtube Dataset

Num. of Average Max Train Test
) Length Length

Topic (# of (# of

Categories # of # of docs) docs)
o words) words)

8 147 1523 30964 10322

Number of samples for each class

0 5271 i
6000 [ o0 T ygs 5019 g3

5612
5098 | 5060
5000
A000
3000
2000
1000

Fig. 1. Numers of Docs, in Each Topic Category
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Scikit-learn2] SVM, NB2} LSTM HPHS- o83 $-el}t 7<=
Sl datasetS SiFAIA AYEE FRlslal, vlwsich

1.2.2 BERTZ[E} fine-tuning
T3t pre-trained® BERT modelg 7]9ko 2 9] dataset=
finetuninga}e] model S AL 1 A5 el

2, Experiment result & Analysis
2.1 Classic classifier techniques

2.1.1 Navie Bayes(NB)

precision recal | fl-score  support

Educat ian n.a2 0.82 0.87 732
Entertainment 0.0 0.83 0.89 784
Gane 0.e2 0.84 0.87 722

Husic 0.73 0.82 0.81 645

Hews 0.20 0.9z 0.91 a0

Fets 0.86 0.95 0.80 745

Sports 0.%6 0.94 0.95 708
Yehicle 0.40 0.g97 0.94 773
ACCUracy 0.89 5015
macro avg 0.e9 0.89 0.83 5015
yeighted avy 0.0 0.89 0.89 5915

Fig. 2. Results of NB Algorithm
NBE B ARIE0] S5jo] ohel SRlo g rFgslel g

At mElol). ofeish a7 wkzol] 7V vhe Aok} e
2 2,

212 Support Vector Machines (SVM)

precision recall  fl-score  support

Educat ion 0.9z 0.68 0.90 732
Entertainmnent 0.93 0.68 0.91 784
Game 0.93 0.89 0.9 T2

Music 0.84 0.90 0.87 645

Mews 0.94 0.94 0.94 50

Pets 0.90 0.9y 0.93 745

Sports 0.95 0.95 0.9 =9
Yehicle 0.9y 0.98 0.97 73
ACCUracy 0.93 5915
NECro avg 0.92 0.92 0.92 5915
weichted ava 0.93 0.93 0.93 5915

Fig. 3. Results of SVM Algorithm

SVM- 2 HloERE =2 HIeE Hofre mdlg 2 e
ok $2le] dataset= B2 o] HRE 7IRA] 9947 wlEel
o2 2Rt} SVMo| Juldoz o HIs HAFE Aoz
A7)
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2.1.3 Long-short Term Memory (LSTM)

precision recal | fl-score  support

Educat ion 0.87 0.g2 0.84 707
Entertainment 0.88 0.83 0.88 839
Game 0.86 0.90 0.88 678

Husic 0.87 0.81 0.84 647

News 0.24 0.93 0.89 748

Pets 0.92 0.91 0.91 750

Sports 0.94 0.9z 0.93 736
Yehicle 0.97 0.97 0.97 810
ACCUracy 0.89 5315
WACHo avg 0.69 0.69 0.89 5915
weighted ava 0.90 0.83 0.83 5315

Fig 4. LSTM 24 iz
LSTM2 AAERI A tlofElE a22fsle] vle) vielElE oI&st
] golgtd] $-2]e] dataset->- Blofel7} SHIFA| 27| wlzel]
BERT pre-trained model-& AMg3 AR Aert W U
Zolg} AzEct.

2.2 BERT finetuning techniques

Table 2. Experimental Results of BERT Fine—tuning

Learning | Vocab. Batch
Models Rate Size Size Accuracy
KoBERT 5e-05 8,002 32 0.8923
Bert-base= | 5 5 | 119,547 | 32 | 0.9400
Multilingual
KOELECTRA | oo 05 | 35,000 | 16 | 0.9388
-base-v3
KOELECTRA | 5. 05 | 35000 | 16 0.9232
-small-v3

SKTBrain®] KoBERT model 2 4318 74 A3k 3147
ol 7T} 7)) o7} Q= 0.8923- HH=t] o= vocab size7}
8,002712 71 W9k whel o]l Ao} v Ao R ol Hrk

Google®] Multilingual model-2 &f2] 7§2] Ao}E Blesgh melo]
3, 2P} 723} Youtube dataset-2 %30}E ¥ 33} dataseto]”]
el 0.940002 7P =2 d%s Bk

KoELECTRAT base9} small 7 7H1] 2R 858 28 Z =
d], small 2=le- base @0l H|3] Embedding Size2} Hidden Size,
heads®] =315 %2} 3 mdoltt. KoELECTRAL: &h=o]
Vocabulary data”} 35,0007 2 553} pre-trainedo] o] 1o,
base 0.9388 small 0.92329] A3 =S HoFck

IV. Conclusions
182¢] classifier 7"HE B} Pre-trained ¥ BERT modelS-
AMEE 797t ibEo g ATl e RS ERIEIh
e 1570e] A= LA )71 SEARE (Table 3)3) o]

ofe] 7he] FAlS 5o 7R e Sl7] whel] Yefe] 100742]
W testsl Hoks vl 95709] A 74| 2ol )ISk=T,
Silsl 2 At ] o5t 7] 5 Ih= Sl ol ofe] el Fltopio)
E 7R ol 23] wizel] AR A83S o A A=
L& Accuracy Bt F& IS A& 5 kS Zlow o

Table 3. Video containing various topics

. KoBERT

g AS Topic model predict
H Eln EEH fA--"
£=E50912 Adistctm?”
(2020.12.01/5% 284 | SPOrS News
3/MBC)
oAt HE FHS o
H FezH, 1dcH
B 11Al=sx (stolap | OO News
O[E)
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