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Abstract

Sentiment analysis has many important applications in public opinion monitoring and business. In
this paper, microblog comment text is taken as the research object. Word segmentation is carried
out on microblog comment text, stopping words are removed, and Word2vec is used for word
vector training to obtain the word vector. Attention mechanism is introduced in Bi-LSTM, and the
results of Bi-LSTM two-way processing are weighted and output. Experiments show that Atten-
tion-Bi-LSTM can effectively identify the important semantics of emotional statements and im-
prove the accuracy of prediction compared with Bi-LSTM.
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KEH P RG] T BN RS EIR EZE R . R A RS Mg . Al
BE ) TETFRBUHE, WESRIUER . BRI SE, TRE S IR FIIRBOCARRHE, (& 8hid
$7 EE XA FABE S AT AT IR BUE BYE B

SPFEER TR TSRl LS 22 21 1 SVM 7 AR 24 3] LSTM J5 3347 X6 Eb 0 #r, R B
LSTM fe % 5 47 0 () B B K I BE B, BRIHELFIACR . Subarno Pal [2]58 ATE L PR EIEER
A LSTM, FH#H LSTM M tbHES A A LSTM #E475%F LUAF 78, W 0 R ELAUR LSTM 1 I Hids 4 o v
WIE S Luong &8 N [3 15 H R#BE S AL, XN G N R AT 0 A N, 0 [ 8 RN
TR A T FRR A TR 5 . AUl word2vee 78 E Sk A BB R E kAR BN 2k, TR 2504
T ORI . SN T INERERE R, SRTHE R THERISR, 7E Bi-LSTM H15] A Attention ML N FHTE A
TS BT B S AT 15 BT, SEI6R I 51\ Attention AL (1) Bi-LSTM AL T34k Bi-LSTM 532,

2. BiEHA
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Figure 1. Structure of Attention Bi-LSTM
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Figure 2. Word2vec model
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Figure 3. Structure of LSTM model
[ 3. LSTM &R 51 [E

4R LSTM 544 115 21 A 2 (1)~(6):

£, =0(W, *x, + W, *h,, +W, ¢, +b, ) (1)

i = a(Wm. X, + Wy xh ) + W, =)+ b,.) 2)

€, = tanh (W, *x, + W, *h,, +b,) 3)

¢, =1, ¢, +i, *, &)

0, = a(wo *x, + W, *h | —W, ¥, +b0) (5)

h, = o, *tanh(c, ) (6)

Hrt oy sigmoid WUE PR %L, tanh 4 tanh BRI EL, w NAUEFRE, b AMWE DL, b, 2R 5ok S

LSTM AJ DGR S SCA P B 34T Ab B, A R T SCARAR @K/, 5 HAE 24 1 # e 18 2 A
JCZ R BIeHIE S, BRSOV RIS A BT 2 5 BT IS B [6]. B RE B LK% fE 75 RIS 27 ST R A A S
HEHE, #H T Bi-LSTM.

2.3. Bi-LSTM =&Y

Bi-LSTM #1ER AR LSTM &k, — M asiarmfE Bgs, — M RsiErEBA®E, WA
LSTM 15 B4, ENGHE, e T I0E KRG TE U .
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P77 RAE A R 7-9:

DOI: 10.12677/csa.2020.1012252 2383 TR 5 R H


https://doi.org/10.12677/csa.2020.1012252

XA

M = tanh (H) (7)

a= softmax(w’M) (8)

r=Ha' 9
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BERAR AT

h" = tanh(r) (10)
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Figure 4. Process of analysis

B 4. SHiRiE

3.2. #HimES

il R B B P BRI AR ST 6, AR Sk F 24 2R S O R 15 IR B SR VR HEAT W AT
BHREA 119,987 25, 47 ~NIEM 59,993 &A1 H] 59,994 2%, 43 A 1 A1 0 BEATARE, 1 NIEM R,
0 N AEEK, AR IE 1 fis.

Table 1. Partial comment data
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3.3. HiETmALE

K A B L 17 PRI AN G [ PRI jieba 7017 HEAT HOHE 50 17 AT K BR 15 RS A7 5 91 09— txt
MARRALE A, SR 2 R,

Table 2. Some results of word set A

2. 1A A BN

T A
1 SRR MY AR A I HY AR RIS /B OO
0 [ K/ J /W A S 2R V8 LT R R 4 1 AN 23 AT

Bt Python T. B gensim XJiAl#E A #1T Word2vec il [ il 2k, 752iA%E A HhFTA 1 O [ & .
3.4. A BRE

T Ab B 52 (R RS PR S AR R AL N Word2vec H 3R SCAS [RA] [) F w, R AR R & B il
RN E W ATT-Bi-LSTM RI%IN -

3.5. BTG REMR

RGN 2KA% o F LIl 7y M 36 IEmI(1), $R(0), FETHHE P TERR.
4. TWERRK I
4.1. SEIGIFEE

AREIGFAEEI TR : Windows10 #:/E £%; CPU Intel CORE i7-6500U; WfEK/NA 8 A G, GPU A
AMD Radeon R7 M360, H & ¥4 Tensorflowl.7, H &L E N Pycharm [3].

4.2. ERSH
SEISHOS TN Grgs RAEE IR KW, A G EE S ITES ATT-Bi-LSTM SH03H1T /%%,

AT NZ KN 200, #HR <] (batch-size) Ny 128, epoch A 8, EFFZH(Dropout)y 0.5, L2 ENNE N
0.2, BB AECh 128, Wi 3 Fiom.

Table 3. Parameters of experiments
#3. LWBH

ZH B
] [ R 200
3 | Skip-gram
L RST (batch-size) 128
Epoch 8
L4k 2% (optimizer) Adam
Z % % (Dropout) 0.5
L2 1EN 0.2
ERES 0.001
R Wl 8:2
R = T i 128
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AT SR 2 25 MBS BRI BRG], F AR ER A A R R RASME, 2= 10, BIA
Fl{H. AW,

_ TP an
TP + FP

R=—1P (12)
TP +FN
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Table 4. Confusion matrix

4. RIBEMN

Positive Negative
True True Positive(TP) True Negative(TN)
False False Positive(FP) False Negative(FN)
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Figure 5. Comparison of results of different epoch
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4.5. EiExte
AVHEES Bi-LSTM BT ELAE AR [F) B s 82 A [v) & b kAT SEIR X U B in <k 5 Fiom .

Table 5. Experimental results of Micro Blog sentiment dataset

5. MEIFREIEEINRER

Sk FEHEZR% HImlZR% F1 5%
Bi-LSTM 91.11 89.13 90.11
ATT-Bi-LSTM 95.65 93.62 94.62

JHIEXT L RIS Attention AL BEFE F X% T R ERE S AR, B HEZR . HRIZE, F1 A 754
THT 4.54%. 4.49%. 4.51%.
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A SCAE PRI 1% B4 2 6 Bi-LSTM 5|\ attention HLi, &ILE|I N attention AL 82> 2K 124
REM T Bi-LSTM, {HllZRAS (8] 1L Bi-LSTM A (a4 o fim 22X 1] M J0 F AR AR 3E 4T Mk, 58 38 1) S AT HE A
B, DR E I KRR

e HE
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