http: /www. jsjkx. com

4 A A 2
O tﬁ;m saj@? DOI: 10. 11896/jsikx. 200100078

—HERSREENREN I RBERSELTIE

B T2 FEE B OE  IER'
1 WEAFHENSEERAZER  KE 030006
2UWHAFHELAEEPXFEEAEARTHEALLE  KE 030006

(chengian@ sxu. edu. cn)

H E MRS ANBEAEZRA . AIPNE AEERSEFTHERAAAZTEZEANE. A ARBZREABWEZAA @,
BOREHFABRMT LT . Ol64 AR B3R L. MAFNWHNERNEEALERARERLTIAFSEFLAEE, X
A af AR Ae S AR R Ay AL R B — R EREE A B (LSTM-CNN-ATT,LCA) . & AR A F 2 & b kb %
FA4h 2 M % (Convolutional Neural Network, CNN) # B 3812 & 3 IR 4t 1 Fo 7 2R 4 2 M % (Recurrent Neural Network, RNN) #)
LERERBRIEN . OQIEARNE L TLATE AREREENE, X TEREHASEES . EEENE LW M EME
Bt —FHF SR EEMAOE AR, AR LA RMESE L F1 AR L E 82. 1%, 5% Lire R S £ A A
SRIEHEEL IDHEEETRLERBEA A, KHIEL Lo FL 547483 78.38% Bt AT LA A , 9] LCA # A A A &K
& 09 AL ST M e 45 3R Y 38 R M

KGR HEIRAY 22 W 23 BARAY 2 ) 265 12 T A ALH] R R

RERSES TP391

Recurrent Convolution Attention Model for Sentiment Classification
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Abstract Sentiment classification has important application value for downstream applications, including recommendation sys-
tem,automatic question answering and reading comprehension. It is an important research direction in the field of natural lan-
guage processing. The task of sentiment classification depends on global and local information hidden in context. However, exis-
ting neural network models can not capture the local and global information of context at the same time. In this paper,a recurrent
convolutional attention model (LSTM-CNN-ATT.LCA) is proposed for single label and multi-label sentiment classification
tasks. It uses attention mechanism to fuse the local information extraction ability of convolutional neural network and the global
information extraction ability of recurrent neural network,including word embedding layer, context representation layer,convolu-
tion layer and attention layer. For the multi-label sentiment classification task,the topic information is added to the attention layer
to further guide the accurate extraction of multi-label emotion tendency. The F1 index on two single label datasets reaches
82.1% ,which is equivalent to the frontier single label model. On two multi-label datasets, the experimental results on small data-
sets are close to the benchmark model,and the F1 index on large datasets reaches 78. 38% , which is higher than the state-of-the-
art model. It indicates that LCA model has high stability and strong universality.

Keywords Recurrent neural network,Convolutional neural network, Attention mechanism, Sentiment classification
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Table 1  Statistics information of four datasets
No.  Max . .
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Table 2 Comparative experiments on MR and SST-5 datasets

Model MR SST-5
Standard-RNN 77.4 46. 4
bi-LSTM 79.7 49.1
CNN 81.5 48
MVCNN - 49.6
Tree-LSTM 80.7 50.1
DSCNN 81.5 49.7
ID-LSTM 81.6 50.0
HS-LSTM 82.1 49.8
LCA 82.1 50.5
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Table 3 Comparative experiments on Restaurant 2014 and
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Model Restaurant 2014 Restaurant-Large
ATAE 80.414+0.46 76.06+0.40
HEAT 81.08%0.62 78.03+0.23
GCAE 79.97+0.48 78.02+0.26
LCA 80.7240.19 78.38%0.17
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