2019 % 9 A PPN X i AQ- =5/ Sep. 2019
o6k o Journal of Sichuan University (Natural Science Edition) Vol. 56 No. 5

doi: 10. 3969/j. issn. 0490-6756. 2019. 05. 008

ETEFHEENRERICICMEZRLEHIERER

X\, R, GNE, SEER
CHR PRI TR A BURL S 5 T . OB 400054)

o OE. AP A KPR By AT G B R B A S B de 1R AR VA B E SR R R R AR, 4 —
AR TEEAAA L B R W L4 AEF T 0 B oA A TWE-ANN. XA & F CBOW 7 X
# word2vec AR A+ B4 4R 8 @ F L8N @ B 1 W9 A B 42 A 2L T Gibbs R A£ 49 LDA
Bkt R XA My A 4R, 2k midit Bk LSTM AV 2 M &I E A 28 e) TR L F 45
BN BB IR B AE W S A 4B MR AR A AR A U2 ) AU BB SAS AR AE L KT 5
IR K. FIsE R A 3 d6s TWE-ANN A2 £ TSA, HAN #27 5 % 2 R4 4, £
Yelp2015,IMDB, Amazon ## % &g F A A 3HA T 1.1%.0. 3% . 1. 8% . f Yelp2015 F=
Amazon # 3% Eo9 RMSE A4 #1424 7 1. 3%.2. 1%.

KR XA K BRI BRILILAY%; 2EANE; AeE

hESEES. TPl XHERFRIRAD . A XERS . 0490-6756(2019)05-0833-10

Document sentiment modeling based on topic attention hierarchy memory network

LIU Guang-Feng , HUANG Xian-Ying, LIU Xiao-Yang , FAN Hai-Bo
(College of Computer Science and Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract: To the problem of prior knowledge and lack of semantic understanding in the traditional model
of document level sentiment analysis, this paper proposes an sentiment analysis model called TWE-ANN
(Attention Neural Networks based on Topic-enhanced Word Embedding), which is based on attention
mechanism and hierarchical network feature representation. The word2vec model based on CBOW is
used to train the word vector for corpus and the sparsity in the word vectors is reduced, the document
topic distribution matrix is computed with LDA algorithm based on Gibbs sampling, the more complete
text context information are obtained through hierarchical LSTM neural network and the deep sentiment
features are finally extracted. The document topic distribution matrix is used as the model attention
mechanism to extract the document features and the sentiment classification is thereby implemented.
The experimental results show that the proposed TWE-ANN model has better classification results,
compared with the TSA and HAN models. The F values on the Yelp2015, IMDB, and Amazon datasets
is increased by 1. 1%, 0. 3%, and 1. 8%, respectively, and the RMSE values on the Yelp2015 and Ama-
zon datasets increased by 1. 3% and 2. 1%, respectively.
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Fig. 6 Performance comparison between traditional
model and deep network model
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Tab. 4 Experimental results and comparison
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