H51% 4 THRRXFEFFR (T FR) Vol.51 No. 4
20214E 7 H Journal of Jilin University (Engineering and Technology Edition) July 2021

FE T 5 Al o ) AT S AL RO 5 S
SCAR 5K % 3

REE R, KKkE, ER—

(B AF RN ZEHAR, F4& £ F 133002)

 EREIEANAEREBAFIMELS AARECEEAR T E % B AR &
BTXAREMAERT , RETAMEM AR RTEA K EWEE A # A (ID-Attention) #1 & K
45 M E & A (HS-Attention) , ID—-Attention 3% # 5 £ 448 % By &= % # 47 , 1 HS-Attention
ERAFRAAEEEM, AHEFHEATONEMLIZ DR FRE N AR ENFS P
Policy Gradient 52 3, 52 3 45 % % W . ID-Attention & 4% iR 5| # 4 & & & # 45 ; HS—Attention #
GBRITFHBREA FEM  EXA2XES EARSTHMER KN, BB, AR 84 RER
FEWARE R RFWHEB R

KBRAATIER REBAUFIEEANG XAEGWEAA ; HHEAREFALH
RESES . TP391.1  XEIRED:A  XEHS:1671-5497(2021)04-1387-09
DOI: 10. 13229/j. cnki. jdxbgxb20200358

Korean text structure discovery based on reinforcement learning
and attention mechanism
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Abstract: In this paper, attention mechanism is combined with deep reinforcement learning, and label
information is used to study how to learn effective Korean language text structured representation
independently. Two structured representation models are proposed, which are called Information Distilled
Attention (IDA) and Hierarchically Structured Attention (HSA). IDA selects the important words related to
the task, and HSA finds the phrase structure in the sentence. The structural discovery in both presentation
models is a sequential decision problem that can be implemented using Policy Gradient (PG) in
reinforcement learning. The experimental results show that the proposed IDA can recognize the important
words of Korean, and HSA can extract the sentence structure well, and have good performance in the task
of text classification. At the same time, the results of the two models have a good auxiliary effect on corpus
tagging.
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CNN 78.50 Self-Attention 82.91
LSTM 74.60 ID-LSTM 82.11
Bi-LSTM 78.14 HS-LSTM 83.65
MT 76.50 ID-Attention 84.84
T-BLSTM-CNN 81.68 HS-Attention 85.11
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Table 3 Examples of structures distilled and discovered by ID—Attention and HS—Attention
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