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Multi-attention LSTM Networks Enhanced for Aspect-level

Sentiment Classification
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(1.School of Computer & Information Technology, Shanxi University, Taiyuan, Shanxi 030006, China;
2.Key Laboratory of Computation Intelligence and Chinese Information Processing, Shanxi University, Taiyuan,
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Abstract: In order to mine user fine-grained sentiment expression, aspect-level sentiment analysis has attracted
the attention of researchers. The existing research methods mostly use pipeline working mode to separate the task
of aspect discrimination from the task of sentiment analysis, and conduct sentiment analysis on the basis of given
aspect. In addition, most of the review data are mostly unlabeled for aspect. Therefore, for a given review text, it is
necessary to judge the aspect and its sentiment polarity at the same time. This paper uses multiple classifier ideas
to simultaneously predict the categories of the aspects and sentiment of the review. Two layers of Long Short-Term
Memory networks are used to encode the context information and aspect information of the review, the minus
attention mechanism is used to consider the sentiment information of relevant aspects in the review, and multiple
attention modules are superposed to obtain the final text representation, which is finally used to predict the aspect
and sentiment. Experimental results indicate that the proposed method obtained the better performance on
SemEval and BDCI12018 car reviews for aspect-level sentiment analysis.

Keywords: Aspect-level sentiment analysis; Long Short-Term Memory Network; Multi-attention
mechanism
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MR, 8, HPR TR oE SRR LN, B, 77 mg s &,
A PATEAAT S5 J5 S 0 B AW A0 TR 15 AR o T o D T 28 AR R AE S RS
] BB 25 T PO 83 o 77 TR IR U Dy A R R ] SR 3 DA SCAS R o RS T 7 THT IS
& AT, 5 T S BN GRS AL, 0 BAT i 1 o AR ST 2 BT T3 T S s B A
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) 1: BRARNEISNE, WA, SR MRS b o AN i DU 3K Az i@ i v BN 1Z 23 b GLC
SR—s, R REARTEAE E O EAT A

BRI N, B0, FaE, HERARIES N L Ik, Ik

BUA BT FUTET, K2 2AE T AR 2E 8L 75 T UK A5 2 QORI At AT 15 & B
LB, BT IR EOR B R B T bR, AR HARE T AR KR A I BRI
DRI, A SCET X PP IR A& J2 T T SR B A O M AR 55, 3R — ST KIE A2 M
MZERIER, B LSTM fife B35, ARG SmIE B0 Al ATl
fJa A8 FVE LI 2% B A7 TS (5 B TR, M InbUs 2R R G 3R . (R
Sl b, vt T B ANER IR AN Ry 1 S (R A5 B NGk . @it {E BDCI
A SemEval ##atE RIS, Kk 7 AN IERIA R

2 HXIE

FESCAKE AR5 vh, 5 A7 A0 8 o A — R 2K R . LR vk K %
FIFVE 5T 4% 1 BRI M SR BT A RUNRHE, SRR R MG S Geit 2 S BEIEAT
T . SCHER[5-81 3 T-Suit iy, FERIFH N TR —LeRAE, a0, HeE s
BRI n-gram AUKAE(S B85, X7 AR 7R B B H I RHME LARFR = 1IE 5 R,
FE AR AR B FH 7 T 5 bR SO (A1 B B 1R ORI B

PR BE AR B 2 ST TR R, ORIER 22 (0 4 B AR HE O 1 1 3 2 D) A PR T
Foome SCHRL11-20] 48 HI K4 13042 M 4% ™ (Long Short-Term Memory, LSTM) M i fik A [ & v
TRBUIB RS ., TR A AL e TS AT O, 13 BIMII SCA R R, el
J7 T 15 & T Tang 25 AR T TD-LSTM BERY,  JEA JE K25 A LSTM A7 %}
TI IR HIAZ 5 ) BRSO @A, K7 E )y LSTM e — M AT, IF7s)
I FH 77 THI T3 )1 AT S 5 AT S 2 4 W FCAR i ) . TD-LSTM BUARZE & T 7 T IR
{EL 3504 7843 7 T8 SR B AR I 1) b R S0 IR RT3 I8 . Waing 25 N 3R T 26
JIFLH BT I AZ N 25 1) ATAE-LSTM A5, 2435 KO [F 75 TR, X /MEE Y se g i & 2
FIF AN RRR 7 AR AR N JZ A BREZ 70 A I 7 THAS &, 185 v = AL o) 7
TR FE I HAR 25 T B AR, HIMBCRANG B0 73R, AT SEENHR IAR M FR L 1 43
o Cheng 25 N H T — A HEAT A5, A4 7 THIVE B /RS IR 7% 1. 5 T A s F 4R I
5I7HAHRIE R, 5] 318 BOE S ) i e A 330K 577 AR R Bdi] . 534k, 5IAH
BRI R IINLH, AfHZ AR AR () AL B 22 AN T THI R A S84 o bR T B W LRI E X {E
SRR T R R, W0 E AR 2 2 B I HLR BB R RHE. Tang
5 NS R FE AT 48 E 5 T AT IS 2, B 2 E S ORI HE M.
JEE R IET BN ORI By R T R RY, ] DS RS BN SRR 2 ) B R ACE, I HLF
FIX (5 B HEAT CA K R . Chen 2 NI T RAM RS, KRR LSTM 77 A2 B I i) 25 B
RESAERIEIZER TG,  HFa R B 75 T AR BN, 6 [ — 5] F R BN R 5 T H 5 S
BIAZ . RO BB A2 e AT T 2 B, MR IS RAEH GRU %ifid, 4
A48 SRR TR H o Zhu 22 N"HR H T — R B HBNRCIZ MR 22 %S . s T
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BROR B AR FLAL 7 T AN T, R AR A T 28102 . 9 38 A LA F R RIS =7
2377 T MM BRFE .

FET7 TR 1% I WA 55, AR 22 WF T U\, B 0 T S P ] IS s v AR AL
Rk, 1R 20 AL B A B S IN T T O, Gu S N HH T PBAN BRAL, fEHA
N —ATT U BUE — AN, 5 A QAR ] b F A A 2 B F ] S8 51 AR R AR Y
AR SR J5 T I Aoz A S T L3 X )3 S LA A L5 T 0 R L2 TR AR
He % N"HEH — AN ET AR IOTE RS B, 2B AR IR A7 o R ) FHHAT b, %
JE& A AN 5 75 T I ) EE MR AE RS TR AN T SO R B — AN TR B EE TR R, BAE
K2 HERIERTE.

I A GE RS R poflg Jy TG TR B R SCAr R AE, Mia % A R FHE R WL i T S50R
BRSO AR MEE VORI 8 & AR5, i B SOz B HAE,
B bR SCNAZ AR T I, 7 I N AZ AR E T R SO BRI, R R b
S A G, Huang %/ 7 A AOA WG4 . Lh—Fhik4 K177 2Ux 7
TIOR3 A, B I AOA BB Uy T TR 1 34T 22 LRI [ 2 2] 5 T A A 1 (R8s
FHAZRER TR EZR . SERRVILNA T LA T LSTM fIHESRES .

Foh, BT E AR L R 4 (CNN)FH T 7 R BT S H. Li 55 A f
CNN EAUHET RNN 3 R UL 25 5 HUCE B 70 SRR ik o ARATT 3T T — AMRFIE AR B 4Lk
RS pAs BB NB AR R RS o AR IER SO R rT R = BN SUE B &K, Prid
SCHRGEH TR C BT SCORBE 7 HLLL R BTN SOE B AS e 2 JE RIS Al ok, Rl
CNN XPRFIEEAT R Xue 25 NS T — AT CNN AT TR HUBI ISR, 2 AR 1]
PENLE, AR 20 € 1R 7 T 5 A RO P 15 1S B AR, PG R 20 3% 7 AT 1S Ja
E B AT, 453200020 TR R & AR IE

LA_E (O IF FE T3 92 A8 AR AR 5 T AR 5 B T3 T U A5 S5 20 € IR Atk B b AT R it RIS
T 172 73 T PR ) 156 A BT e T2 5 107 T SR PR 1 T i AR D o AR S5 7 T SO ) 1
MRS, T LSTM S R pU], B I 55 ) 2 4 RO bt S 2 (105 2 ik
TR, IR 7 SIS A R E

3 ETF LSTM ZEEHRIMLEIRE (LSTM-Matt)

9T R bR S0 7 TR (] R I O ERRR FE R AT S, FRATTRA LSTM+attention
PERRRI R AREL, FET 20 AR AT, 3 — AT RN 2 3 & s A
(LSTM-Matt) . BB 1 froR.

A LSTM A B UEBIRAMERR, FN@ETHEE, 232 MNEE
JIREPG i 6] FRATIHE, EaERZHTEME, BE MRS S RRHE R 25 softmax
GrIRASETH,  DASEBINEEA J7 T AR Bl v . AR HE AR 7y Sy = AN

(1) A

Uyl — )T S={we W, Wik, FRATERAEAN W B — AN ELE B2 H e, €RVY, v
NIRRRAN, d AR LERE . 6] a8 -5 77 R R ER B — MR AR~ . TT SRR
N ASP={ay,ay,....am}> ASCAEHBENLAIAG I 7 V2060 75 T A AT W R R R -

(2) H—ZLSTM

LSTM S WA IR — Rkt b R S0/ Rk BRI A R i 207 R, st o — 2
Bi-LSTM 753 2| (¥ Bl ZRAS1E A B R SR ARIFFIR R . TBATE AT LSTM HITTE w; B
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1 LSTM-Matt A7 45
B R B BN B R R R hi(l)e R i R AR (1) s

h® —[LSTM (w);.LSTM (W)] i<[Ln] (D

(3) E_JZ LSTM
TEJT RGBS M, TR N PER SCARER AT Be ) 2 N7 TG 86, T AS [R5 T8
ATREA A E R . BRI, FEXA) 7 I 38— 7 T B AR 447 40 2R, 7T B RARICA
HE, N T HEIFHRIRH TG S, FREREZATIH, B2 7 N YRR, mA&H
FE 1% T I B AAR S CHBE SCAR AR R 7 TR A 8 8 Null #57328) . AT 26— = LSTM

ot h O S AT R ) i o AT . B Bi-LSTM k= SOy T2 1A g Py

ARG T AR, RO TS 25 B SUE SR A IR AR R h, (Z)ERS" A (2 P

7No
h® =[LSTM(Ih";a, :LSTM(Ih®;a, )] i [Ln], j e[Lm] (2)

4 FEENZ
PR Bi-LSTM #5781 J AN G A5 F= AN 7 THI 1) %ﬁxﬁﬁ?%ﬁﬁr TSR BT R A
Gre ARCHIN T EBEMNLHIH T e e R E B . ERENRAZES )2
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h,a
L exp(score(h;,a,)) (3)

| iexp(score(hij a,))

z, :Zn:aihij 4
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b, 155358 score() EM M THE ITIE" 45 LS =0

h;a, dot
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Hrb, WASHOERE.
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ARHIRR. R8I Ax (6) P,

score(h;,a;) =V tanh(W (h; -a,) +b) (6)
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RN E AR (1D NERZAH H R R
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N T IRUESRE R TERE, AT SRR 2 PR R I 22 0 K R R R A R, i
BCEXS LS . BRI R AE S MU & I S0 E

4.1 BIEEE

SemEval 2014 taskd" PEIIFHRE T 4 NTAES, AR TAEE T taskd 1)
subtask3 F1 subtask4, B 5 T 28 750 40 50 A 75 T 28 3 1 8o B . 164 Restaurant 2014 8z 1E N
SCEGHECRE AR . SCHR[3IE I A I 2014-2016 E =AE RTINS, A MK IEIESE,
PR A Restaurant-Large, FRATTFIFELE LA EE EXFIRATI 7323047 0 b -

IR GG Bk 1 FoR:

£ 1. BEREIEESIER

N L \ o . Positive Negative Neutral
A EITE S T | | BRAK . . -
Train Test Train Test | Train | Test
Restaurant 2014 5 3 69 2179 657 839 222 500 94
Restaurant-Large 8 3 69 2710 1505 1189 680 757 241

HHOCERE AR S B0 ) CCF BDCI 2018-73ZEAT Ml 7 W st 3 S A B | B 4, Itk
PN PERE WIS PR EM RN B VE . IZREEE S B PR AN 40 10655, )
ROAKE N 128 M. PP A SEE 10 28, AdE: 3. k. Wi, BlE. %4
PEV AU, g, R, AL BRdEtE. HAREEIEAIA-2. -1, 0. 1, lERoR A Ty
M. s or, Er. F—& PRt & 2N . mT3RE RS CH, 4
WEEARMATIRE, Bl FRAVEFHXSIIGREEHAT 5 9758 XEAIE, SLI045 N 5 HrififE.

4.2 N ERE

ASEIG IR TSR IRAIEEAISE R GEE IEMD T AN, FER ISR
PR REAL S I ZAS 7T o SIS SRR T A XEAE, FR P. AREE R LU FLE
WA (12)-(14) Fion.

P= P 12
T, +F (12)
= (19
T, +F
* *
F1=2P"R (14)
P+R

Te: FIWIEBIROECE: X “Orm+EE" BAIWEs R e 2 BRI Te;

Fo: FIBHEHR B FIHCE: I “Tri+1E e B2 T IS HA SRt &
fdcE, BHREBETEA Py WX “O5T 7 B “CREEME T AOHIWTA SRR T Fps

Fa: IWFIECE: PUNHE 7 m+ERME” B D> TS A sebr i & e, 5
AR FEA MR A SR8 A5 R, D RIBETEA Py

4.3 IR RER D

1http://alt.qcri.org/semeva|2014/tasl<4/
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4.3.1 BBt
N T SEBUER 3R I, B R S BB E LR 2 P

®2: BSHWE

HEH ()
embedding size 300
LSTM hidden dim 300
batch size 32
learn rate 0.001
optimizer Adam
dropout 0.5
random_state 10

4. 3.2 FETANENE R SIAUH 7 T A A% b s
AN T ELE AR LSTM-Dot-Att. XU LSTM-General-Att. $f#% LSTM-Concat-Att
LK 7 LSTM-Minus-Att PYFpiE: 7705 307 5 A GE,  LREseas 4t LR 3 Fios.
2 3: FET AR R I 5 T ) b s i 4 B

models P R F
LSTM-Dot-Att 88.946 87.178 88.053
LSTM-General-Att 88.241 87.743 87.991
LSTM- Concat -Att 88.612 87.830 88.220
LSTM-Minus-Att 88.714 87.846 88.278
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Kl 2 v, FEEI P R BRI Y “MFE” , {H2 Dot. General. Concat =y i /146
HARMERRT ‘W7, N TEEESHE T RM P EARZ, LSTM-Dot-Att 1
LSTM-General-Att XT38 F ¥ 77 T AR S A e TR0 25 & th B4R 1%, 1 Minus T 5 THI 1)
WA HER .

4.3.3 BT [RE B SIHLE I 75 T 0550 B A B o A bl e

N T EE SR LSTM-Dot-Att. M £k LSTM-General-Att. #£4% LSTM-Concat-Att LA &
7 LSTM-Minus-Att DYy i 7 75 28 75 T ) ) 5 18 86 o A 07 Thi Ve R, e AT TiEAT 1 585,
HERNE 4R,

R4 AN[ERER I 7 TH ) 50 B A B b S 56 45

models P R F
LSTM-Dot-Att 63.987 83.847 72.583
LSTM-General-Att 64.381 83.111 72.557
LSTM-Concat-Att 64.401 83.987 72.902
LSTM-Minus-Att 64.849 84.085 73.224

HIZE 4 W1, T 05 GG O, 2233 0 R AT AU B R R A A 5 5 T A
KM, AT T 75 T AR AR RO - BATFEIFELE T DURNE R 107 AL 7 1 I Hr
FERBE A RTOUEREE], nE 3 FrR.

B3 4 FARIRER 77300 7 Je “A38)7 75 g BT I E 3 BR

Wl 3 s, G R R BN T AR B TR DU RT3 U5
BEAT T IEWROR A, R AR AR R R E T L TR . ORI R AR RIS AR 2
0,0, WM& NG RIRHEIRZE N 0,1, PHEEEIRRINEEIRZEN 0,1, (UGS L2
T T ITRIN, ARG AT IR T . 250 R AR B RIFRZEN-1,1, X 5 T B 1 I
BEAT T IR

4.3.4 ZIERIIRBRCR L

ZE R IR RN AR MR — N R B R R, AT E T 1 3] 4 MEEHKR
KM PERE, SLIss Rk 5 Fiax. HAd, LSTM-CNN-Att*n, n=1, 2, 3, 4 733w
fHH 1,2,3,4 NMER S HH,



K5 BIER BRI EE R

LSTM-CNN-Att*n $# P R F
LSTM_Minus_Att*1 64.849 84.085 73.224
LSTM_Minus_Att*2 64.628 85.010 73.431
LSTM_Minus_Att*3 65.446 83.571 73.406
LSTM_Minus_Att*4 64.701 84.704 73.363

1% 5 AJ 1, MEAEF 2 B 3 N R IR SIS PR R i o (2R RIS
— SE SRR T X VLA AE B AR RS DL, 233 e n] DU 4 58 245 84S 1L . 55— 71
PERE AN I B 2 I U 38 I S 3 . [RUABE AR s 52 2% B 3 0, ASEARY ) )1 G d
FEXEIN, JZARE S PR
4.3.5 5 HARASRY (1 LA s 56

NT BAEBRATTIERA RN, FAT8H T LR XS EESESS, 43 7I7E SemEval F1 BDCI £/
£ LI TIRE .

(1) XA A 24

A, B 735124 BDCI ¥R 2 1955 — A e TR EE A, B B LIRSS 5, HAf F KL m T
PE = SR T, BRI K E . BT 3E G, DU RSHE NS %,

TDLSTM A SCHR[8]HE H (0 181 H K HHIEAZ 4% s AE-LSTM, AT-LSTM ASCER[12]42 H
) — PR MemNN S SCRR[14138 H 1 —Fh 2 E 1012 4%

ATAEM: —ANEET LSTM 33 /B0, e NI Rl & 7 T 4w 15 B, 78 LSTM %
H I BRGBCIRES JE U m 7 3 =& 0L

HEATM™, S e 4 92 75 11135 JE SR 7 B B T 78 7 T ER R A 2., AT T T 2 15
TSI HT (R HERR 2

GCAERL: [T B B2 %, FEEBILRE PN T (5 8, FSRE A R i 7 T ik
115 ISR 2K

LSTM-CNN-Att: A TR — N8R, 7255 2 LSTM {EA] 7 CNN A&, FIH CNN
A AR EREEAE, AVER MR . BRE DR EA 1 BTSRRI se i 4 3

LSTM-CNN-Att*n: Jy LSTM-CNN-Att $f#:2 M1 & i,

FRTTEA, GTASE SCES AR A A SLIR A R, AT AR, JER “x”
Frid. XfT ATAE, HEAT, GCAE 3 LStk i Al s A7 7R S0 25 B 45, A1k
117 2.

(2) 4557 J5 T2 A 15 B A3 BT S 56

UL SESS H bR AARYE 45 2 PV AN 5 TS BIAR 2, TRINAZ VS 78 7 T 1 A v, PR
PR RHER R, SRIRLs FansR 6 Fivk.

F 6 5 77 T A A R LS Bs

models Restaurant 2014 Restaurant-Large CCF BDCI 2018
TDLSTM 82.6%
AE-LsTMI 82.5%
AT-LSTM! 83.1*
MemNNH 84.28*
ATAEM 84.0% 83.91+ 0.49* 73.52
HEAT! 85.1* 85.12+0.42 73.56
GCAE® 84.6 85.92+ 0.27* 73.52
Our-model 84.89 86.48 1 0.34 73.81

https://ww.datafountain.cn/competitions/310/ranking?sch=1356



M2 6 MSEIe 4 T LLE Y, Restaurant 2014 FIBIRER N, AXKITENTRZES
BOR, BRACT HEATISI)yVE:. 7F Restaurant-Large ¥R b, ASCrsE —E g, &
CCF BDCI 2018 ##a4E |, FATA 3 NS SR J7 54T 7 B ISR, 45 R R PFRATIIAR
R A AR I

(3D J5 T AR A3 BT S 56

WG SIEES ) H AR A% € — VPR SCAS, JRATT F B & 7 T BA B 7 T BT ) I () Jebi 1 i34 7
T, FERARIER 4.2 FTE M FLE. AR BRITEIMME R, X e st ik
7.

R T AE = FIEE S b 17 T SRR BT R S

models Restaurant 2014 Restaurant-Large CCF BDCI 2018
A - - 70.491
B - - 70.849
ATAEM 80.41+ 0.46 76.06 + 0.40 71.975
HEATH! 81.08 % 0.62 78.03+0.23 72.323
GCAEF! 79.97+0.48 78.02+0.26 71.366
LSTM-CNN-Att 80.32+ 0.40 77.57+0.18 72.708
LSTM-CNN-Att*2 80.43+0.19 77.72+0.18 73.275
LSTM-CNN-Att*3 80.3340.37 77.75+0.16 73.200
Our-model 80.72+0.19 78.38+0.17 73.431

HI2 7 SEI0 45 A M, 78 Restaurant 2014 £ 8548 I, BT H3E LB, A ZA 457,
ZFERER I A KFE, FEE PR L BE 5 B 25 B2 . /E Restaurant-Large
L CCFBDCI 2018 ##a % b, FEEHHREMIG A, AT ORI E, MEREIZETAL LT

LSTM-+attention 1 &5 F4 7E 28 48 EEUAT T3P RIZCR, 171 CNN (25 AH b 2 T R ILmE
ik,

LSTM-CNN-ALtt )z CNN i F (P2 18 & B, A2 0 [ e i 1 0 R s As B 7
—UGEREAR A, fH CNN Vo B 1) B R SUE BT @, S vFerh il AR J7 T AN ]
TR, VT & OAMAOME BT A S, SRS BN R .

LSTM-CNN-Att*n ) 3 MR ZERFZI, H 72 MEm s, BT Dhdn 2
73 B AT S AN 8] 7 25 1) (0 450 AF 3 AT 3 B8, AT I i e g T B R R R ) R B, R
LSTM-CNN-Att A 7 IR 52T, FUGEY 1 20 S Hea 2ok .

5 &HRiB

RGBT Z BN LSTM-Matt #5816 7 T 22 1% B 8 4T 1
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