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Fine-grained Sentiment Analysis Based on Combination of Attention and Gated Mechanism
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Abstract The fine-grained sentiment analysis is one of the key problems in the area of natural language processing. By learning
contextual information of the text to conduct sentiment analysis on specific aspects,it can help users and businesses to better un-
derstand the sentiment information of specific aspects of users” comments. Aiming at the task of fine-grained sentiment analysis
on users’ comments,a text sentiment classification model combining BiGRU-attention and Gated Mechanisms is proposed. By in-
tegrating existing sentiment resources, HOWNET evaluation sentiment dictionary is used as the seed sentiment dictionary to ex-
pand the user comment sentiment dictionary through SO-PMI algorithm, the negative dictionary and part of speech information
are combined to expand the user comment sentiment knowledge as the users’ comment sentiment characteristic information. In-
troducing word,character and sentiment characteristics as the model of input infotmation,and using BiGRU to extract deep text
features,then combined with gated mechanism as well as the attention mechanism,according to the acquired aspect word informa-
tion to further extract the contextual sentiment characteristics related to aspect words,the final sentiment polarity is obtained by
the softmax classfier. Experimental results show that the proposed model achieves better experimental results on the Alchallenger
2018 fine-grained sentiment analysis Chinese data sets,the Macro_F1_ score value reaches 0. 721 8,and the performance exceeds
the baseline system.

Keywords Deep learning,Sentiment analysis, Attention mechanism,Gated mechanism, BiIGRU
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Fig. 2 Embedding layer concatenated word vectors with character vectors and combined sentiment feature information
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> macro_precision;
) :i:l
Macro_precision 20 30)
20
> macro_F1,

Macro_F1_score 20 (31)
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4.2 HESHIEE

R SCA] [a) £ R A Word2Vee JFIR T. B H Y Skip-gram #%
RUHEAT I 4 B B 9 100, F4RAE h Bi-GRU B Ba & 2
Yt BV E O 100, 7 2 W %A T I 2 1 2o B v 1) 1] £ DL &
Al I RRAE ] B S R WA S R, 4t )2 Bi-GRU e & 2
YL BN =64, FEYILL P, BARUR Al Adamax™®
VERARAL 28,2 S R E N 0,001, %25 % 4L B, batch-
size WEH N 32, MGt L5, dropout B H N 0.5, epoch &
BN 100, earlystop=2, I Macro_F1_score #EZE 3 IRIKA
FFE S 5 R R i s e R 19 epoch s PR A7 B PRAR Y,
4.3 LHERBHH

Wk A TR 5 SVM, CNN, ATAE, HEAT DI &
GCAE 558 F i B w1 455 78 J5 3k A7 X e, AR SCIR il T
JUA i 250,V S ASE 0 B X L SE 86 19 2 % L e s b AT A R LE
THELSL 5 .

SVM : HLAR 2 208 FH Y 43 54 A SO 1E AL 3 4 C ik
BN L0, B R % RBE A% R 8k, R A B R T R A .
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T A .
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Table 3 Experimental results
Method Macro-Precision l\é:z:l){ :/llif‘:;
SVM 0.1709 0.25 0.2010
CNN 0.6564 0.5898 0.6213
ATAE 0.6647 0.6617 0.6632
HEAT 0.6673 0.6749 0.6728
GCAE 0.6717 0.6864 0.6790
BiGRU-ATT+w 0.6175 0.6762 0.6438
BiGRU-ATT+c¢ 0.6381 0.6806 0.6561
BiILSTM-ATT (asp) +w&.c 0.6603 0.7142 0.6822
BiGRU*ATT(asp)#’W&»C 0.6685 0.7136 0.6872
OUR MODEL 0.7217 0.7239 0.7218

BiGRU fEA AT 45 A T BILSTM, 78 K @l A 11 #5541
il A0 R AR B A BIGRU L BILSTM A 25 % i i —
6 %k HEAT 5 BiGRU-ATT+w W] LAF i . %& T 77 1fi 17
R B T ML A R B 2 S HLD 2 A A D ik 1A AR
SN AL AR R 43 BT A AR R B AR s X L ATAE Al BILSTM-
ATT(asp) +w&c A LIF . BILSTM B W4k T 815 LSTM;
X BIGRU-ATTH+w #1 BIGRU-ATT+c 1] L& H , F 4R 1E
AT St U R AR TRl R A . — B RAOR  NLP 1T 55 v #f 2 fifi
Fﬁﬂ‘kﬁﬁiﬁﬁﬁ R AN J2: Foe /NI 8 5 BT ' 2 FR S 4
B BT A K H RO TE SO, R - A RT AR b i S A
OO0V (Out of Vocabulary) B4 2,
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A SCRERL Y Macro-F1 score {5 X 535 19 Macro-
F1 score fH AT HLHE  IFE W] T A% SCS2 50 0 A R0 L 85 51 A
TR AR AR B DL R T A AL 5 R Dy HU B T LU b
HATHOT HE B 5 L FUERGE R

T2 AR ST vk BT il S 38 D)5 ) b i AR
f) Macro_Precision, Macro_Recall VL & Macro F1_ score {H
HEAT AT B A5 AN 3 4 BT A . mT LR B, 4350 2 e A SO T
B B AE A5 B L TT 4 AL L B3 2 1 PLl , Macro_ Preci-
sion, Macro_Recall DA % Macro_F1_ score {H#8 <> T &, X 7¢
3B E T AR SCRERY A A R

4 WS Macro_F1_score fH 9% H 45 5
Table 4 Comparison of Macro_F1_score values of ablation

experiments

Macro- Macro-F1
Method Macro-Precision acro acroti-

Recall score
Our model 0.7217 0.7239 0.7218

Our model without feature _
X X 0.6971 0.7177 0.7051

in formation

Our model without gated 0.6895 0.7180 0.7035
Our model without attention 0.6853 0.7096 0.6968
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Fig. 4 Macro_Precision, Macro_Recall, Macro_F1_ score values

of 20 fine-grained elements in this model
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Fig. 5 Comparison of Macro_F1_ score values of different models
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Fig. 6 Data proportion ranking of fine-grained sentiment polarity

of hot mention in dataset
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