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BERT(Bidirectional Encoder Representations from Transformers) 2@o] HTML #A4] #x9] Zlo]& &34 0o
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Abstract Recently the massive amount of data has been generated because of the number of edge
devices increases. And especially, the number of raw unstructured HTML documents has been increased.
Therefore, MRC(Machine Reading Comprehension) in which a natural language processing model finds
the important information within an HTML document is becoming more important. In this paper, we
propose HTDE(HTML Tag Depth Embedding Method), which allows the BERT to train the depth of the
HTML document structure. HTDE makes a tag stack from the HTML document for each input token in
the BERT and then extracts the depth information. After that, we add a HTML embedding layer that
takes the depth of the token as input to the step of input embedding of BERT. Since tokenization using
HTDE identifies the HTML document structures through the relationship of surrounding tokens, HTDE
improves the accuracy of BERT for HTML documents. Finally, we demonstrated that the proposed idea
showing the higher accuracy compared than the accuracy using the conventional embedding of BERT.

Key Words : Natural Language Processing, Machine Reading Comprehension, Embeddings, HTML, BERT

B =202 20220 WSHO| MU FTUTMTIO XU RO} 43S X|KHH|-HEH #2217 X|HEA AF(2021RIS-004), 7|7<°‘|—_rL
A2I(NRF-2021R111A3061020)2 W5l7|&HESALO| HAUCR st ATl X|2(NRF-2021R1C1C2012843)S ot S3E(QL
m),k_ﬁxr : 0|88 (hyunseob@bu.ac.kr)

He 20224 7€ 18Y MU 20224 9 2 Atz 20224 9¥ 6



18  MEQENESE==X HM8H 53, 2022

1. M2

T AEIEY 7)), AREEDR 22 T A
(Edge Device)2] 71 Z7Fskal L #H A7t X138
= Qth(1, 2, 3] ol¢h B2 F FXE2 HlvolEl=t
I HE2E= BeE 9 blolHE Atk dFoME
HTML} o] #2314 74 Hlolel7t 4514 S71st
I e} o]t 741 tHlolEl= HAE(Text) #Rt oft
2} Hj1(Tag)et &3(Attribute) FEE E3stal 7]
wj 7o) 71A7}F AEoE AEskal o|sfstr] Aol Ao
A9 9] gt HoRjl 714 FoiY Fo =7t ASsta Sl
71A Edl= 71A Ty BEo] FolXl AES HiE R
A 9] -3H(Question Answering)& $-dk= AL Hof
2 7R a7t &ds] AP QUekl4, 5, 6, 7]

A9 g0l gt AdFoA =& 5= EoF=
F2?l 2d= BERTI8)7} 3. BERT= & AR
& Bd= oy HAaTox HEHoR £2 P52 B
37| H2el A9 SF 5L T AT A+
Eopol|A] theFstA 8= Qirk. BERTY] 14| AHF
AT 9]el w2H BERTY 912 dH9 7192 Ad 9
2 g¥lld  71H(Absolute Position Embedding
Method)#} At 94 AHIF 7I"H(Relative Position
Embedding Method)°] 312 At 91X Ad#d 7H
< AT o F9 SHoIA B £2 452 Ui Aol
PSEH AU

49 9 dlojg Al fEgoz J& 29| 3¢ o
olg] Al?l SQuAD(StanfordQuestion Answering
Dataset)[10] 2} HotPotQA(Hot Pot Question Answering
Dataset)[11] 5°] $loH g=o] A 3o dolg Al
oZE= LG CNSolA 7Hist  KorQuAD(Korean
Question Answering Dataset) 1.0[12]%} KorQuAD
2.0[13]°] 9lt}. KorQuAD 1.0 <F gt &t Zojo] &
2 BE F49 A2 do SEeE F4H Holg Al
ot} 18] KorQuAD 2.0 HTMLZ ®&EH 971
HoKWikipedia) 418 ©l&sto] 49 39Z st
£ Hlolg Ao g Ho] oA HIFIsH AMgEE= 9@
A x| tis] Zdo] A2 mdo| a5 &= Sl Tl
oJg| Alojct.

LG CNS& KorQuAD 2.0 Hlo]&l Aloj tigt 39
712 mds Al A duidel HEH BERT
multilingual-base—cased(°]3} BERT) Rd-S AR
o} J3u 71E 222 dyl 917 g 7Rte s gt
52 AFPstEE HTML BA 2 festr] ojgohe

fer

A7 et wEbA & =E2olAe a9l HTML &
A T2 sk flsh o 1A dHlgell HTML #1 2
o] ZEE T’k HTML HIZ Zlo] 4¥g 7IH(HTDE)S
ARt & =2olA Atk HTDE= 9Y AldA
o] z B2 gt HTMLH] ZolE 3f U2 dHI3
of Agste] Ao} 1A AP A&t BERT 2 &
g opuEh A AR AHEE ARG BERT R EGHE
F2 e HolErh

A2 KorQuAD 2.0 HloJg Moz = 7]&
zdol A g¥igS A8 2d 121 49 3¢ 2
Ao £ 55 Hole A dHidS 288 2l
‘de< vlaLsto] AR 7] avkE SHATh

i)

2.

i

o7

2.1 Bidirectional Encoder Representation
from Transformers(BERT)
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[Fig. 1] The hisory of NLP model based on attention
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[Fig. 2] The architecture of BERT
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(Table 1) Comparison between HTDE and other
embedding types for EM and F1

Shard Embedding Type EM F1
APE 15.00 21.72
128 RPE 21.256 27.06
HTDE 23.75 28.68
APE 26.72 33.82
32 RPE 30.50 37.02
HTDE 33.64 39.33
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