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Hierarchical Document Classification Method Based on Improved Self-attention Mechanism and
Representation Learning
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School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100080, China

Abstract An essential task of document classification is to study how to effectively represent input features,and sentence and
document vector representations can assist in downstream tasks in natural language processing,such as text sentiment analysis
and data leakage prevention. Feature representation is also increasingly becoming one of the keys to performance bottlenecks and
interpretability of document classification problems. A hierarchical document classification model is proposed to address the pro-
blems of extensive repetitive computation and lack of interpretability faced by existing hierarchical models, and the performance
effects of sentence and document representations on the document classification problem are investigated. The proposed model in-
tegrates a sentence encoder and a document encoder that fuses input feature vectors using an improved self-attention mechanism,
forming a hierarchy to enable hierarchical processing of document-level data,simplifying the computation while enhancing the in-
terpretability of the model. Compared with the model that only uses the special token vector of pre-trained models as sentence
representation, the proposed model can achieve an average of 4% performance improvements on five public document classifica-
tion datasets,and an average of about 2% higher than the model that uses mean attention outputs of word vector matrix.
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A 118 35] [6] 2k AR AF Rl G D7 9 ok 18] 3 A= il n) o) o 2 — A 4R
U R TE R H UL 0 B0 B3 L 4 8 ] PLMs 19 [CLSIA T hif
{9 71 1k 271 o U1 DocBERT sl 5 {1 JH1 7 34 3] 1) 45t 4 24 ) 7
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DF& il T — b 23 2 1 3 J1 88 8 (Hierarchical Attention-
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B T HANCUREAL 248 R SR F 43 23 465 4 0 1 3 T L
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M+ BERT & B Il 25 i & 5% 8 XF 0 A K B2 i BR il
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4.1 HIEE

ZRICHE AG_NEWS, DBPedia, IMDB, YelpReviewFull Fl
5 AU AR BT HAM BEAL Y 1

YelpReviewPolarity iX

it IF 5 AR BRI PEREHEAT TS LE .
TESZY5TT UG T X X LE R0 SR HE AT T — 28 583 AR .
#1751,

#£1 5 PMEIRENGIHER

Table 1  Statistical information of five datasets
B9 HERMA % 3 ks FHATH
Train Test INTF 4 ATET 4

AG_NEWS 120000 7600 4 118428 1572 1.32
DBPedia 560000 70000 14 464485 95515 2.39
IMDB 25000 25000 2 1929 23071 10. 80
YelpReviewFull 650000 50000 5 127952 522048 8.50
YelpReviewPolarity 560000 38000 2 110516 49484 8. 49

4.2 HER

R T UE A T 4 A A B 0 AR W 1 0 A % B I O R $ T
e, SLUF 5 NEKIT T LR L,

DCLS:BERT 41 () PLMs #1452k [ CLSTHRIC 19 B
R )2 )l AR T RR . AR SO A CCLS ] 1) 6t 1 SC
4 2 T 45 3K 2 B 43 2 B R, O ik A B 2R A iy 44 O CLS,
CLS #1815 HAM XU Y 5 F 4 5 &5 A [8] 5 B ik ] DL ik
HAM A5 5 /i < 4 40 25 19 A 200 .

2)mean-embed : — F 5 F i ] F /R 7 i & X PLMs i
WA R AT . SR CLS [a & —R X R o ik g
B ILT B AR B % SR AR FR R mean-embed.,

3)sentBert: Sentence-bert J&—Fh % 1Y 2k 14 7] T #x A i
YILRBITY AP & A i L1 VR S ] o) e, D04 8 5 SO 2 B 4%
AR A R LR Y, B sentBert, R T B fR A F E R
FEARZHA AR, H 5 HAM H A [E 19 Ro-
BERTa-base £ i it AJZ .

4)mean-attn: XF WU LR85 ARG iy S H 28 5 =
TIHLH S — AN N XN BYAE R, o N A
FPHIREE . S TR 8 A T ROR T B MR AT, A
SCALCKE AR SR AT A A L 5 SR G R 2 S T R R Y
#X N mean-attn,

SYHAN: & 3t fff | HAN fE 34k, B4 HAN 2
2016 4EEE Y K IH B A ARS8 W3 4 1. i F§ GLOVER
P HAN BB 9 18] ik A JZ . 091 25 A & SC 4 GLOVE.
6B. 50d,

4.3 A E %

JTER AR B NLTK™" 42 4t ) 43 4] 2% (Sentence Toke-
nizor) ¥ SCRY VI 43 A AT O T IR B 12 Ak BE T L S
B rh A T UE s iR I BN AT Ak TR B S R W ] Y
fiiH .

JUT AR ASE A 1) ] F G T 25 R SCAY 4 AT 2% B Bi-LSTM
o) 245 FRClE P LT B dropout™ B E Ol 0. 3548 2%
A 3 )2 L2 W% I8 — 2 A Layernorm™ 3 f4
dropout ¥ HJy 0.2, WL LI EKOV G T EA
Bl i PR AL (g A SIOTRE B 7 A AR I R G A 2 3] ik
H7 0.5 8RS FE N Zr i B v 494 epoch B 0. 85 1 3 el 28 B 1K
)Rl W B AR ST ok YNl G T 4R AR RL, O i BE AL B

TR (Stochastic Gradient Descent, SGD) 3 At 4k 38 XU 2% .

TR R RN R, AR A B R
Y2k 20 4> epoch. TEYIZRIT . 245 T RoBRETa #9241, H il
Zx HAM BRI 2% 1A 50 19 2 80, R X PLMs BEAT30M
4.4 EWHH

o T R A SR Y )2 UK Ak ) T G B R SR G B g Y
AR 5 A B AT TN IEZE AR AT Tk
RRITAL . AN RIBETY AE AN [) B4 4 b0 4 2 v R 2 2 3 0 0
Mt HR . SCIREE R K 2 Ry, R R S 5 WS I A
05 10 0 R A JEUE A

2 fE 5 AR L AITAL S5 R (O U )

Table 2 Evaluation results on 5 datasets(accuracy)
%)
Methods ~ AG_NEWS DBPedia IMpp ) CPReview  YelpReview
Full Polarity

CLS 90. 23 97.93 90. 09 60. 54 93. 84
mean-embed 91.16 98.32  90.63 61.88 94. 67
sentBert 91.79 98. 67 83.01 56. 74 91.07
mean-attn 92.67 99. 06 89.13 65.49 96.72
HAN 91.45 98. 64 88. 94 60. 68 93.76
HAM(Ours) 94.22 99.52 94. 40 67.31 97.25
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Table 3 Performance comparison of HAM without LSTM
%)

YelpReview  YelpReview

Methods AG_NEWS DBPedia IMDB .
Full Polarity
HAM,4 lstm 93.83 99.13 93.79 66.26 96.98
HAM 94.22 99.52 94. 40 67.31 97.25
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Table 4 Ablation experiment of document encoder

%)

YelpReview  YelpReview

Methods AG_NEWS DBPedia IMDB .
Full Polarity
CLSean 89. 21 93.03 87. 34 52.61 92.17
CLS 90.23 97.93  90.09 60. 54 93.84
mean-embed e 90. 83 98.00 89. 21 59.13 93.93
mean-embed 91.16 98. 32 90. 63 61.88 94. 67
sentBerty,can 89.99 98.56  82.78 54.62 89.92
sentBert 91.79 98. 67 83.01 56.74 91.07
mean-attng .., 92. 24 98. 50 87.96 63. 46 96.23
mean-attn 92.67 99.06 89.13 65.49 96.72
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Sentences in neg-91-1:
Irented - movie about 3 years ago , and l -- out in my mind as the - movie ever made .

1[0 § think 1 ever FiliSHEH .

It l- than a home video made by a high school student.

l_ them -l- to 1970 something and in the -- - I man with a pol o

shirt, oak ley sunglasses and I- SUV, like I Toyota Rav - I or something (I - I remember ).
l- I understand how they could have possibly said B to be in the . s.
He might have had a cell phone too , I Bl remember, It -- -

l-l to the video store and - them why they even carry the - and if I could get the -
of my life - &

To this day it I the - movie I have ever seen, and I have seen some pretty - ones.
Document items of neg-91-1:
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Fig. 3 Visualization of attention weights
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