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Sentiment analysis based on sentiment fusion and hierarchical
attention mechanism
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Abstract; For two antonyms converted into word vectors in similar contexts, the spatial distances are similar, which is easy to
cause loss of emotional information, and feature extraction methods such as recurrent neural networks can easily lead to network
dependence enhancement and it is difficult to fully extract local features. For the first question, this paper proposes a sentiment
embedding module, which adds emotion vector and semantic information as the input layer of the network in the process of word
embedding. Aiming at the second problem, this paper proposes a hierarchical attention mechanism to slice the fused word vector into
two subsequences. The word vector of the word is input into the bi—directional gating recurrent network, the attention mechanism is
used to perform weighting calculation on the hidden layer to obtain the subsequence text information, and the entire text sequence
information is obtained through multiple network layers. Finally, the sentiment polarity of the text is output through the softmax
function. Through experiments on the NLPIR Weibo corpus and the NLPCC2014 Weibo public data set, the accuracy of the
sentiment analysis model has been improved, which proves the effectiveness of the model.
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Fig. 1 GRU structure diagram
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Fig. 2 BiGRU structure diagram
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Fig. 3 E-HAN model structure
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Fig. 4 The process of establish the sentiment semantic matrix
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1) =~
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3 XWX

3.1 ZWHmESE
ASCR A NLPIR B RHZE Al NLPCC2014 1

NLPCC2014 H4 48 f — A5 Il i ) 0 0 102 1 SRR
B < PO R T ET
M BT PR OMC R 8 254545 NLPIR
T ARk I AR g SR SR B AT A T IR 2

H X 8 281 BARiC AR R A R K 22 51, IR ik
XA Mg w2 EET W EE
RBRAE AR 1 R R T E
MR RS R 2, e R AR S TR PERRIE 0,
LRSI HAE LR 1,

F1 ZREAIGEEEST

Table 1 Statistics of training data used in the experiment

Hllatk A Ttk ik
NLPIR 12 826 14 069 13 105
NLPCC2014 14 189 12 790 13 021

3.2 LIGME
3.2.1 HEESHE
TRBE 2 2] A SR B AR W OCHE, A UL
FESHESEENER 2, SR 8 - 2 B
53 N 2548 5 MASE , I 2888 FH T2 A0 i
AR 1 7 PR
*2 RRIESUSSHE

Table 2 Main parameters and parameter values of the experiment

e SRR SHUE
Learning_rate 2> # 0.001
Batch_size AR Ak B 128
Epochs_size BARE AL 20
Embedding_size Gl ke N 100
Hidden_unit Wi 2 BT A 128
dropout MR 0.5

3.2.2  SEEIEM RS

PEA 2 A B DD 8 AR T 2L TS IR 6% | A
MISPI K F1, B335 B0 R IE A REAS v 2L OE
(R IEREAS T (& B4 LR, T A TE A R AT R, — Fib
JERIEE M A IEZE ( TP) , 55— Rl 40 i 2 Fi
KIEZFE( FP)  IERRAT DL (24) KiK.

po TP
TP + FP

3 1] 3R AE R AR v IE g BN A A Y LR
PR, — 2 T A, B JEOR A 1 2
BAEZE( TP) |, o — PO 50 2 0, B4 Ik i 1E 28
TR e FN) ,3X(25)

(24)
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Step 7 XA TFIFINRGI R ARAZ, B
A BiGRU $EBUCATRZ I

Step 8  Hf 2 B F| (1) IR 2 K AF f A 2
Attention JZ , X AR 1a] 43 Be AH R A9 AL AH

Step 9 ¥ )% H 14 b DR A A B2 K
BiGRU $2IBURIFERE , FE3E A Attention 2 MALS 3|
BERIB N RHIERIR

Step 10 | FHI KM 42 X AR HEA T B0 0IE
3.4 XFEEsEIE

T HFFE E-HAN AR R X B 28 U, R
SCEETT T PIFR SR .

(1) 6 FIBERILE 2 AN W B 4 b dE A7 5050,
Xof A 5 FRRE LR E-HAN B8 440288000

(2) i E-HAN A8 75 J i) i b i 15 J )
WD A FSR I —2f | 2 5 518 A

A 3 3@ 3 5 CNN, LSTM ., BiLSTM . BiGRU -
Attention E—HAN F1 MHA-SSA 6 /ME ) SC 6 4%
HATXT AT, G5 03 3, B3R 3 AT E-HAN £
RS H AR L ER M PR TR, i
X PR CNN LSTM 1 BiLSTM %403 114 512 36 455 SR ]

1, BILSTM FH T4 T 5 mEAG SR e , T DA B 25
R SRR, S A R LSTM 4 HERf R
i % AR Y BILSTM i1 BiGRU—Attention 145K
ISZE AT AL, INATE R S AL AR A BE A R U 1
T2 G HERR AR, B R B R A HEB R A R A R
{8, FH#T BiGRU-Attention 157  E-HAN A7 (14 1
B A4 00 LR 5552 5 T 0.97% ,0.78% Fil
0.87% , o E-HAN A58 r i 4T 19 )23 k3 2 1 L
REWS LU AL e T WL IOCCAS T 2 1) SR ReAiE
T 3 % AR ) MHA -SSA I E-HAN f{) 5256 4%
AT, E-HAN BiR F1{E4R 5 T 0.41%, A K
E-HANAILE il fix A 24518 UAF B 51 185 B AH
ghb  AUR ML T ZIRERRIE I INEE T AT
R L | R I =2 A3l R )23 O = ML 3 7 43

HuAR IR R BB L
%3 NLPIR LB4ER
Table 3 NLPIR experiment results %

s P R Fl
CNN 79.32 72.68 75.85
LSTM 78.46 75.09 76.74
BiLSTM 80.02 75.78 77.84
BiGRU-Attention 80.46 77.67 79.04
MHA-SSA 81.12 77.95 79.50
E-HAN 81.43 78.45 79.91

6 MEAITE NLPCC2014 K b iz s 7, il
Fd, MEATLBHFT 3 FPe—pz 8RR
JEAY T A R AR TG , T B 8 BRI 5 A AR R ) i
Tli VR IR FI AL B SR R R A S A A
DR A 3 7 T AL T DA BE AN ) AN B (B 4R 4, 1A%
TIRE B b 3 48 T EARAE, MW HLZE SR LR
E-HANR AL 55 1 oft 25 0 45 4580 R R G B o 2
Tt 7E NLPCC2014 B4 I (1) 53 JS80CR L AE NLPIR
BRI AT AR S YRR P N NLPIR %4
PEAFHA A BT NLPCC2014 Bl i a

%4 NLPCC2014 LIEZER

Table 4 NLPCC2014 experiment results %

Ay P R F1
CNN 79.89 78.09 78.98
LSTM 80.46 78.98 79.71
BiLSTM 81.08 79.78 80.42
BiGRU—-Attention 81.78 80.33 81.05
MHA-SSA 82.25 81.02 81.63
E-HAN 82.76 81.35 82.05

TERITFE R BT IR ) 22 20X S8 1) 3 S8R ™ A
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Table 5 Experimental results of emotional words %
7Y P Fl
=4y 2z 1 86.96 88.74
— A ki) 87.29 88.83
AT 87.87 89.03
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