2020 %5 A Wl K5 SR AR May 2020
5T B3 Journal of Sichuan University (Natural Science Edition) Vol. 57 No. 3

doi: 10. 3969/j. issn. 0490-6756. 2020. 03. 009

ETHRMENBNMBTES NNHE R TARSS EEE

EEM, MEER, BAR, B OH, HEX

(UNREE LA BE . R 610065)

W OE. LRARANREERWZME(CNNER LAy EES LIRFT RAFas I R
T, % B CNN A G TREMRKESRMXRZ. B TEEEL A EESFLOZR. [/
B RAE A B RO R AR A AR R AR A AR — A A e AR A e LAy AR
Word-CNN-Att, %4 A 4% I CNN 42 34 fEFefn B A3 8, AR B2 FE A MBI HIRKIEH
& #. £ AGNews, DBPedia, Yelp Review Polarity, Yelp Review Full, Yahoo! Answers % 5
ANTrar &£ £, Word-CNN-Att b #3528 36985 BE CNN B A E 5 HNIRSH T
0.9%.0.2%.0.5%.2.1%.2. 0%.

FEIF . LAy E; ERWEZENL; AEEANH; KIEBRH

RE S ES . TP39l X EkFRIRAD . A XEHS . 0490-6756(2020)03-0469-07

Text classification model based on convolutional
neural network and self-attention mechanism

WANG Jia-Wei, YANG Xu-Chen, JU Sheng-Gen, YUAN Xiao, XIE Zheng-Wen
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: The word-level shallow convolutional neural network (CNN) model has achieved good per-
formance in text classification tasks. However, shallow CNN models can’t capture long-range dependen-
cies, which affects the model's performance in text classification tasks, but simply deepening the number
of layers of the model does not improve the model’s performance. This paper proposes a new word-level
text classification model Word-CNN-Att, which uses CNN to capture local features and position infor-
mation, and captures long-range dependencies with self-attention mechanism. The accuracy of Word-
CNN-Att, on the five public datasets of AGNews, DBPedia, Yelp Review Polarity, Yelp Review Full,
Yahoo! Answers, is 0. 9%, 0.2%, 0.5%, 2.1%, and 2. 0% higher than the word-level shallow CNN
model respectively.
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Fig. 1 Architecture of Model. 3 convolutional layers with respective kernel window sizes

3,4,5 are used, and each of which has 2 filters
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Tab. 1 Statics of datasets
Dataset # Train/k # Test/k # Classes # Averagel.ength Classification Task
AGNews 120 7.6 4 45 English news categorization
DBPedia 560 70 14 55 Ontology classification
Yelp Review Polarity 560 38 2 153 Sentiment analysis
Yelp Review Full 650 50 5 155 Sentiment analysis
Yahoo! Answers 1400 60 10 112 Topic classification
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Tab. 2 Accuracy of model

Model AGNews/ % DBPedia/%  Yelp Review Polarity/% Yelp Review Full/ % Yahoo! Answers/%
bag of words") 88. 8 96. 6 92.2 58.0 68.9
ngrams' 7] 92.0 98. 6 95.6 56. 3 68.5
ngrams TFIDFL7] 92. 4 98.7 95. 4 54. 8 68.5
fast Text!25) 92.5 98. 6 95.7 63.9 72.3
char-CNNL7J 87.2 98.3 94.7 62.0 71.2
char-CRNNI26] 91. 4 98. 6 94. 5 61.8 71.7
char-VDCNNLE] 91. 3 98.7 95.7 64.7 73.4
Discriminative 92. 1 98. 7 92. 6 59. 6 73.7
L STM14) . . . ) .
Self-Attention 2! 92.6 98.7 95. 2 64.0 741
word-CNN 92.8 98.7 95.6 62.9 72.1
word-CNN-Att 93.7 98.9 96. 1 65.0 74.1
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Tab. 3 Examples of analysis

example

word-CNN  word-CNN-Att  label

The location of Redfin Blues is great! It overlooks the river, and makes for a lovely place to hang
out and have a few drinks... However, the food and service is sub par. Each time that I have

been here, whether it be an extremely bustling Saturday evening, or a slow weekday afternoon.,
the service has been poor. The food is average, and is way overpriced. There are many other great

positive negative negative

places in Pittsburgh to go if you want a yummy fish sandwich. Redfin Blues has the potential to be
such a great restaurant! But with the poor service and average food, it has a lot to yearn for.
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