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Abstract

Text sentiment analysis has long been a hot research topic in natural language processing, and in
recent years, deep neural networks have achieved good results in text sentiment analysis tasks.
Despite the progress made, the proposed models do not make use of statistical information from
the whole corpus, nor do they incorporate knowledge of the architecture of the documents into
the models. To address these issues, this paper proposed a model for text sentiment analysis that
combines thematic and hierarchical attention hybrid networks. Firstly, a topic model is used to
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extract the topics of the dataset and combine the word embeddings and sentence embeddings of
the text to enrich the feature space to solve the problem that traditional neural networks cannot
incorporate statistical information from the data; then, a convolutional neural network is used to
reduce the dimensionality of the feature space while learning key topic information; finally, the
model is trained using a hierarchical attention network with topic awareness to focus on more im-
portant words and sentences in the text. The experimental results show that the proposed model
has better classification performance and can better reveal the sentiment of the text.
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(MR SCAR I BGHEAT 0 T o IX R ITVEAFAEARE R A R 1 F SCOCARRIESAE B . Tk, IR
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BRI E M2 GRU U4 H AP 17X — il @, Al DU BROIC RIEAT @B, Kim [6]42 H@d —4E%
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). T CNN A1 RNN BIE AL ATHAEER R IX ML N & 45 & . Behera Z5[9]FFH2 2 CNN 1%
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TE R W 4% N FER K AR . THAHNN (Topic-Aware Hierarchical Attentional Hybrid Neural Networks).
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Figure 1. THAHNN model structure
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fRGE1) LDA AR A4S I 7 vk, W SOy — AN v &, 38 I o SCRS B, Hliie
HEAI B AR, 2 GRS AT SOR 2K B ARSI VR BT 25 1A 51 2 R T, 53X
BERURBE R SCA | RSB o ASCHEH —Fhof 32 R S5 W 2 N 4S5 BB A ISR P, BRERIE T 4)
FHIFHIE S, SO TE X FEEBE R, RORH T ORI ETaEE .
XFF R, R LDA BRI 5 SOR AR OGP v 1) 3 ], 2 J5 T 279 31 25 /8 - A 40 AR
B tw = (tw, tw, -« tw ) BSOS - £ AN HERE dt = (dt, dt,, -, dt, ), tw REEER T A&, T RIIZ
AERI I, BMERZE R m AN ORI, dt A mAT BERE, 6T AN SORY 1 T R R
I3AT .
BT B RES , N7 K tw R dt HE R AR, 7R RN B 8 - 1A 4 A R R A embedding
J2 R A5 31 3 RN 0 (twey, twe, -+ twe, ) 5 [RIES, A)F R AN 3R] (W, Wy, -+, W, ) FEFEC glove T
S (9., 0,000, 0, ) EAREEA A FHIHRN we,, R N:
wey, =twe,, ® g, @

Hrr, @ fR3& Concatenate #:1E, ik, FEAMEIANIES] (we, ey, we, ) BERR A n*k FHERE. [FIEE,
dt, SR R 28 AL ) SCR R N EAT Concatenate #:4F, Z R AR 038R, FRITMLIR . w10
TR SR GeiHE RS A Mg B GK, AR T ORI BTA E R
2.2. EREFWLK
BT 51N LDA 3 M E R ST £, N 7 MU R R BORRAE, A SCR BRI Z M 2%
KEEACFERIAERE, AR, 77 LOE kA SRR AL B 2% ST SR ) £ S B
KBRS RAE —JEER T, e A h FEA D RERIEREW e R, EEMHTHA LG
SRR NFE B A A B . EUA, RS T T we,, FRATRT AAS BBTRE M, -
M, = f (W *we,,,, +b) )
b, AR RELU BOE R E BALEE A0S R BUH THNTERE, b RImE . X TKEN n M8 T4
I IE R ECR T REE 1A {Wey,, Weyy e Wy i b o FHIEF AR RRE LSy M:
M =[M; M, M ] ©))
AR )Z AT DA B B SR I SO (1 B SRR, A T2 RS B B2 58 RO IBE B A 5 S e 2 Ak,
2, M AR Y R R AT B . ASCR SRR, e R R P AR A RS R )RR P R
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M = Max{M} 4)
BORAEGERZ N AR KNIZ R, RAERZ MFIEBS, e EA Rt R £Rm N M:
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R U A SR G50 SR ORI, T DASRIE B I M A FE B A Bm AN ) 1, RIS BB TR -
TR A, RN R AL, AR AT IR S P AUTE SR %, SUAM S SCAS K A

ARSORRAE SCRA R Z5 K J2 IRy AN AN R E 70 58— 83 R 1A P g s AR SE R, 3 =8
R P SRR RIE R Z . ARG+, A BIGRU KX AR #EAT SRS, FIF 1 AT A A1E A
EFXEE WTEEMNAT s, AR EEE SRR (e, we,, -, we, ), T GRU Z13
B 17 (%) by, AF IR By, -

h,; =GRU (we,), ie[1,n] (6)
h,; =GRU (we, ), ie[n,1] @
B 14 (T RARR 25 D, 260 - (AU 2 M wee, B2 8 we, , T Tl 1 b, 5260 - (KU /2 A we, 251 we,
4 I 1 BRGHCIR &5, RS 1R B EOIRES by, BB E h, = (h—wI ; h—WI) , B VBN TIMEER. AN
XA IR M AN R 1Y, RIS R DAL R B A AR 0 ) R B, BRI,
u,; = tanh(W,h,; +b, ) (8)
. exp(uwium) )
% ep(uL,)
Sh = zawi P (10)

REARLEE 2R R B h, FIFRR R U, > TS0, SRRSO R ) BRI ABLRE SR DR A B3] )
TR . R Softmax EAFEIH LK REENE o, ZFEEMBEFRIR TR, o i B3
B u, UL PRI A (IR &2 5
RALhity, BIREA] BIGRU Xt ) T HEAT 4, 3 T45 1A T [ s, MOCH#OR D, REIAIT&
RN
h; =GRU (s;), ie[Lh] (1)
h; =GRU (s,), ie[h1] (12)

i B B BCIRAS Dy B 1 BBOIRAS hy BB RS n, = (h: : h:) o hg MG 1RSSO BT 3R
To ARG A A RO S SO B L) A

ug =tanh(W,h; +b, ) (13)
exp(ugu
ay = M (14)
> exp(ugu, )
d = Zasi hsi (15)

£ LA, d SRR IS BRSO R . O 1R RS B R k2, B
THAHNN R I 2R LDA TR R4S BRSOk - T80 A0 dt 5 d AHEESR, % A\ 21 sigmoid JZ45 2 Tl

iR,
B THAHNN FI38 25 BRI binary_crossentropy, b § 2 HSEhras, vy, i §, br 2 (i

loss =3 9, log y, +(1- 9,)log (1- 5, (16)

i=1
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3.1. WiEE

RN ATF BRI AT L5, [ 80%MIELR AT II4:, 10%MI%0HE F TG 18, 10%11)
A T AR R R R AT

SemEval-2019 Task 4 [13]: IX & —AMar il =BG i WL B R 68, AT 55 72 1 o 9 1) SC 3 (1 155 It )
M EA IR N, EERERAE, AL E 37 R ERER TSR N SRR R E . FEARE
TR BLEE AR E R, AR UE T SCEERER SR . ©aE 645 RIZEE, WS MBI A X ST
JH BT DA B — S A D VP A SR AT A

Amazon Review [14]: ZEHE 4 H B W S i s PRI ZE VR, BEE T 2065 MR IR .

TR T FRBIRIFEAER, 5 2 IR T SemEval-2019 Task 4 H 4 i SCR K FE 43 AT

Table 1. Statistics for the dataset
1. BIRENSGITER

Dataset classes documents positive negative
SemEval-2019 Task 4 2 645 407 238
Amazon Review 2 2065 1000 1065

0-500
500-1000
1000-1500
1500-2000
2000+

Figure 2. SemEval-2019 Task 4 dataset document length distribution
2. SemEval-2019 Task 4 BIBE LK E 5

32. BHRE

BT HAE R SO RN ERIR, AT RATRE 2 Rk A FRIR N2, BA) 16 R £ % 100
R, BRSO % 30 M. ERIRIRANZE T, BT A BLALEE A TR BRI 2R Glove i A &
VERARER , 1] [H) & (1 4E FE 2 300 4 . LDA 3= @A A (1) 3= 4 R ) — SO RSk 52 , 78 SemEval-2019
Task 4 F1 Amazon Review PFi& H4 46 4, 43 2 £ M0 32 8L 5l 4 425 F1 625, A2 ff FH Gensim LDA
B A= B AR 23 AT A SCRS E A A . X T CNN 2, A 1 32 MRS 289 Bl 1R/ il 4, 5,
6. XFia AA) T 4mbis i) BIGRU HIAFE4ERE BB v 50, 43288 {fi ] sigmoid Bi% R . 7EIIZRid e,
A5 B4 42 1 batch_size % & N 64, Dropout ¥ 0.2, l% 8 > epoch, E 22> % 4 0.001 ) adam 1
e B AT I AL IR 25, 515K BN binary_crossentropy, £ UCHE PEAL 4 rR IR IE LAY (PR RE, IR ARAE
eSS TE a0 Rt
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A FE CA DA R B b 28 X 4% 48 TR R S vE AT B M 4328, IS T BRI RIRUR . FLRhR EE &
P 28T AR B

CNN [6]: i FH—4EE R RS A A .

LSTM [15]: KATHIIZ RIS, W] LU =3 3 SCA Fe 41 B KOs E 1

HAN [8]: I FH SCRA IS5 FIRFAE, 3 D0t 1] R ) F- AT G R SR i Iy 5= AW, mT DA GV 1) SOk Hh okt
oy A EEAE NIRRT s,

Transformer [16]: /&—~> sequencetosequence (WAL, 1 B 3= IHLG], (RIS R AL B IR AR SRR
BT BT, A5 FH 2 3k B BIE = AIWLHISREARRTE LR SCHIE S TEIRZ NLP AT & AR I

AC-BiLSTM [17]: fdf FIAF 2 M i) i) 2 B B v G 0l IR B 3R, TR IR LSTM A5
Sk [ B 2% FE AT ) A0S 1) RN, AT BB R B A) 7 Hh L3R 2 T S R .

4. BERVTR

SRR AR EE(Pr) . A A1 (Re) F1 B2 & (F1)FIHER B (ACC) S5 DU AR PR RV B, X DU EFR
B Z H TR AR S T, eI EIE T
TP

Pre = (18)
TP+ FP

Rec=— " (29)
TP+FN

Flo 2*PrexRec (20)
Pre + Rec

Acc — TP+TN 1)

TP+FP+TN+FN

Hr, TP, FP. TN M EN 3 SIMCER EIEZE., HIESE, EFCEAE 2L, 0¥ THAHNN 5 Fik 5 Fpd
ML AT AT T HLE .

Table 2. Comparison of results under the SemEval 2019 Task 4 dataset
% 2. SemEval 2019 Task 4 #iiEEE THILE RELER

SemEval 2019 Task 4

Method -
Class Accuracy Precision Recall F1

Pos 0.7222 0.6192 0.6667

LSTM —_— 67.69
Neg 0.6359 0.7528 0.6894
Pos 0.6549 0.7999 0.7201

CNN 75.07
Neg 0.8146 0.7024 0.7543
Pos 0.6285 0.8799 0.7333

Transformer e — 73.85
Neg 0.8527 0.6678 0.7490
Pos 0.8571 0.7199 0.7826

HAN 78.96
Neg 0.7245 0.8762 0.7931
. Pos 0.8083 0.7454 0.7755

AC-BiLSTM 79.82
Neg 0.7968 0.8123 0.8044
Pos 0.9019 0.7729 0.8324

THAHNN —_— 81.53
Neg 0.7544 0.8825 0.8134
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Table 3. Comparison of results under the Amazon Review dataset
%% 3. Amazon Review B THIL R LS

Amazon review

Method
Class Accuracy Precision Recall F1

Pos 0.7279 0.8099 0.7667

LSTM 75.16
Neg 0.8245 0.7128 0.7645
Pos 0.8228 0.7806 0.8011

CNN —_— 79.22
Neg 0.7514 0.7925 0.7714
Pos 0.7181 0.7899 0.7523

Transformer e — 79.23
Neg 0.8227 0.7678 0.7943
Pos 0.7747 0.8199 0.7966

HAN 79.87
Neg 0.8314 0.7825 0.8062
Pos 0.7899 0.8099 0.7997

AC-BiLSTM 80.87
Neg 0.8354 0.7915 0.8128
Pos 0.7962 0.8397 0.8173

THAHNN —_— 82.03
Neg 0.8412 0.8042 0.8222

56, 7E SemEval 2019 Task 4 £#i 48 TR SLIn 25 Rk 2 fizn, B THAHNN g m 1
1.71%, X1 FLAETESRE, 1ERME0H N 4.98%, TSN 0.9%, 1E57SEZ BRI R R 32 22 ik
BAREA P, IERMBIEEL . aTLLEZR], LSTM M Transformer B! RN 2, i T80
WA KERR, LSTM A BT EE W H)1, 1 Transformer S/ X] 7 51 A5 BT AR LA LT o Sk
M, AC-BILSTM HIZCR &I, BRI HEE] T RS R . AT THAHNN 77
HA R AN FL g B b v J TS AR T oAt 5 MBS, X otk 3 TG 5 T £ MU AL 45 5y IR G5 E B TR
18], RN T CNN SR HEH % 5 4 1E

7t Amazon Review #¥E4E T B SLIe&5 Wk 3 Fian, B! THAHNN R85 7 1.16%, Xt
T FL frsEdsife, IERMSGHER 1.62%, HFRMSGHER 0.94%, MEERTTUUE H, THAHNN 7E#ERf 2 A
FL 1 A v J T [F)RE A4 T FoAth 5 MR RY, (R, o0t BB A T SemEval 2019 Task 4 £ &2 /b
F B R VE IR B R I SCAR BE AR ZE /N, X T80 SCASK U, THAHNN A B35 1o, B
BURH T 0 ZHA0A GRU JZHEATHafith, IXAN BT RT LA 3K 1 48
5. &g

ARSCHEH T — i 2 G 2 RS ZRY IR P 0 0 285 1) SRS 1 I A TR THAHNN, 1% 774544 LDA 430 AT
ARG A M2 5y E BB EE Aok, AT SCAS A . T8 7E RN 2 A SCAR R JE AR AN S
B, SRR I TSR MR Z IR, X R T e ERE R Rz A, SRR 2 0 2%
BB 5 ) SCRE ) 15 S, SR IR ST S B R AR AR . AR SO K R BRI PN R S, AT
X EORERY , ARSC RSB E AR T IR GF (25 2R
& H

REETT H AR 42 (19JCYBJIC18700)
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