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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.
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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

Table 1% BERTS] 92| dugell Ao 912 AHld
I A 9] gy 12]3 HTDEES 283 Heo 4
& dlolH Alg £33t 7H4x(Shard)oll wet v]wsto]
Hoj2 1 Q). ojnf A= 427} 9 1o}~ A2 Y o 1
EE gt &2 37|12 e AYAE Uit =2
5 o A2 49 HolEE ahset A2 nitt XW
AA A 71 A9 A= 471 128Y ©f EM M4
oF 15.00, F1 4 21.728 71591 A= =71 329
o EM s 9F 26.72, F1 F5 9F 33.825 71=2H
g 912 g 7Y A A= =71 1289 W] EM
A4 9F 21.25, F1 A5 9F 27.062 71231 A= 71
32¢ W EM 4= 9F 30.50, F1 H oF 37.02& 712
Ut B R4 A|9kst HIDE= A= 47} 128 1
EM 4= 9F 23.75, F1 H& oF 28.682 7|EFL A=
71 329 o EM A4 9F 33.64, F1 F=7F 2k 39.33
< 7|23tk HTDE 7182 AF= 527} 1289 wf Hof $
2] Awg et EM A7t F 58.3%, F1 A7 <F 32%
=3 A YA AWgETE EM F47t 9F 11.7%, F1 &
$7F 9 5.9% =2 2IE 7IEF. ol HTDEZ} o
AHE 7ol s A& HolH = shgsie HTML
EA] tis] axtEoz stiths AL HoEt
S ARE £71 324 off A 93] g R EM M7t

rlm

oF 25.9%, F1 A7t oF 16.2% =1L Al 9% dw|d
B}k EM A7t 9F 10.2%, F1 A7} oF 6.2% =2 2
s 7153} olF B9 dolEel o] FUtetEE
oAs] B3 7THYS YEHC

Training loss per steps

Training loss
S = N W s W

25 58 75 180 125 150 135 200
Steps

[Fig. 6] Training loss per steps
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