®11% F5H 2 B8 it E M5 M A
Vol.11 No.5

2021 £5 A

Intelligent Computer and Applications May 2021

XEHS: 2095-2163(2021)05-0082-06 HhESES: TP391 MRS A

ETREZFINHSEEXRFTRTE

R
(BB ZIBEBBME B TR K E KX, AR i&FH 471000)

W OE. ORISR (XFRE AT ) |, =X 1 B ) 0 SCAR AT A3 A A3 IS SR B R AR SCHR S R
24 (CNN) FIBLU S AT e A2 M 28 ( Bi-LSTM) M4 &, /R A #- BUSCARHAE 09 77 2, T 5 WS 0 1 32 77 ( Self - Attention ) AL
TR MU S TR, B SAE B Y NAVER HUE IR B0 2 v 64T LU AL S8 | TR AS SCRE L A4 43 25 MERA 22 7T 35 90.32% , 38
SVM CNN LSTM ,Bi-LSTM B BUA B KA HERBER T o 107 AN AT LA 1l 5 )3 i 1 08 SCAR I 8% B, % L 38 G
PR BT S B B S B EEE XL,

IR . HHIE, KSR FastText; CNN; Bi—-LSTM; Self—Attention

Sentiment analysis of Korean text based on deep learning
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[ Abstract] Text sentiment analysis, also known as opinion mining, is the process of analyzing, processing, summarizing and
reasoning texts with emotional tendencies. The current process of using deep learning for sentiment analysis can be roughly divided
into training vector representation in corpus and using vector representation for text classification. This paper proposes to combine
CNN and Bi-LSTM as a way to extract text features, and then add a self—attention mechanism to form an sentiment analysis model.
Through comparative experiments in the self—built NAVER movie review database, it is proved that the classification accuracy of
this model can reach 90.32% , which has a greater performance improvement than SVM, CNN, LSTM, Bi—-LSTM. This method can
not only complete the sentiment analysis of Korean short texts, but also has reference significance for sentiment analysis tasks in

other non—universal languages.
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Tab. 1 Word Vector Semantic Similarity

i) ARTLAR L
0.475 757 032 632 827 8
0.405 774 623 155593 9
0.396 124 243 736 267 1
0.375 405 132770 538 3
0.368 692 517 280 578 6
0.359 301 805 496 215 8
0.355 432 569 980 621 3
0.354 354 232 549 667 4
0.352 682 709 693 908 7
0.343 380 123 376 846 3

22 BRWEME

BB 22 W 28 fe 90 7 FH TSR o sk Y
KB 26 A bR | R SOOI AT 55, 2 —Fh
& ERITR AT E R 22 W 2%, J5 22508 kB, H
TSGR iT IS BB I RCR . 2L 45
Bz Mt AJZ B BUZ i iZ | ek )2
kg ih 2, Ho B B2 X iy A B R AE HEA T R A £
B WA 20 S B0 5 B R AR R AT T SRR L D ia
A, s RO, MR R AR UE ; WAL 2 5
SRR AR 0 TR R BLE A R B IA
Dropout #24F , i 2@ /S a ik AT 025, B



84 B o /5 M5 MM

RS

B2 SR UNTET 1 7

Word embedding Filters Pooling

A2 ERZ R Gz

1 CNN Z#HE
Fig. 1 CNN Structure

ASCHHE CNN BB R/NEE N (3.4.5),
BRI B 5 B A E B0 B 2, X kR
CNN 7] A3l 3 Ol AR )5 A o ) 3—gram (4 —gram
yil| S—gram L1
2.3 WEHKERHEIZ Mg

1997 4F Hochreiter 2541 XSGR 4 4% (RNN)
V1R Afs 8 Y1 2 s 3 AR T S 1 AT, 7 ki o T K e
WCIZ M4 (LSTM) 5 JF R A9 RNN AH tb, LSTM il
AT 11 bl bl s B4, B s fig o 17 3¢
K K B B AR ) B, LSTM 3 A AT
(i) &1 mtilo,) 5—"1ige s
(C,). BARGEmE 2 Prs,

2 LSTM R ER&5HE
Fig. 2 LSTM Structure

IR B LSTM AR 7E b BE H AR5, H
ZIE T LSCTE SUE B 20 T R SUFE R, N TR
AR B, 1T LA R L] K S B A2 R 2% (Bi-
LSTM ) #5570 | Bi-LSTM 3 a5 44 £ X 5% [ U2 LSTM
BRG] HEAT A RS A S TG AR R Bi-
LSTM BRI E 4 A JZ BT %8 2 5 ml % 3 )=
Firdg 2, AS S I Bi-LSTM Z5 R 41 3 i .

Hir 2 H, H, H, H.
Wo
Je T A 38 )24 b, W/ZW”' b, b b
i )% 3622 W, fi Wi f £ £
W.
EHA'J)\% pal X2 X3 X4

3 Bi-LSTM ##EI£#
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Tab. 9 Comparison of Different Models
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