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Aspect-based Sentiment Analysis Based on

Dynamic Attention GRU

LI Lishuang, ZHOU Angiao, LIU Yang, QIAN Shuang, GUO Yuankai

(School of Computer Science and Technology, Dalian University of Technology, Dalian, Liaoning 116024, China)
Abstract: Aspect-level sentiment analysis is a fine-grained task in sentiment analysis, which aims to identify the
sentiment polarity (i.e., negative, neutral, or positive) of a specific opinion target in its context. Since the sentiment
polarity of the target depends on the target itself and the semantics of the context, the target and the sentence
should be treated equally and modelled interactively. On this basis, in this paper, we propose: (1) a method to
encode the aspect and the sentence simultaneously. (2) a DAGRU (Dynamic Attention Gated Recurrent Unit)
based neural network for aspect-level sentiment analysis. The simultaneously encoding manner can generate the
target representation which contains more contextual clues; The dynamic attention mechanism can achieve the
attention values of contextual words and further generate the target representation dynamically. The experimental
results on SemEval 2014 dataset (Laptop and Restaurant) show that our approach achieves significant
improvement in the accuracy rates in comparison to standard attention based models.
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FHECZ R, PREEE 2T RE B B ALA R ZRHIETE BOE B 2% 1) S 2 RE, 8 5 K& N TRHIE S
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BAMEELIZAE (Memory) 5 SRIGFIHBIA DAGRU £ i = ML He BGCAZ 4R 1) 5 1845 B
FHRENSHAER RS f)a, TERRISHRRIR LT H bR S G 2

A RZE SemEval2014P K N $diE 4. Laptop F Restaurant b iEAT5206, SEibss ik
B, JETZE7EE ) DAGRU B AR E B T hrifkiE B ) pRE B 45 A & R
5L F] 76.33%71 81.96%.

2 HXIE

B H A E I K8 T AR S BT S, BAER AT rh i H AR Sz A5 AR 1
ARSCTAEEST SemEval2014 1) H bR SRS BAR MR AT S5 4T, AT 5 e A Fh i H
PRSEURI I A IER, BT 07— M iR B 82 ST TR AR B 2 51 s

MBS 3] 5 R F B U T 15 B ML 2 A 3R PSR ISRE, FE 45 B HLa% 2 o) Jki AT
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4.1 BiEESTALE
ACAE SemEval201411 /M Eid4E . Laptop. Restaurant bFiEATS2E6 . H AR S 1) 175 1K
WMo AR AR, S EEAE AR E ST IR IFTR .
®£1 HIBREFAEDR

. Laptop Restaurant
255 - -
Train Test Train Test
Positive 994 341 2164 728
Neutral 464 169 637 196
Negative 870 128 807 196
2328 638 3608 1120

TEHAT IR, X RS IR EEIAT 7 DR FlAb 2 .
(1) Restaurant £ 45 115 B R G JE  (conflict) , BT A SCHRER A FEIX
KA, A ST RR T IXBFEA,



(2) B %rin T B Keras [ 747 1) Tokenizer 4317 T ..

(3) H1id] 5 H bp SR b i B B AR AL B R, fESR 2 BN e, Sk )5
NIEAE .
4.2 {ERIRK

25 SR 1) SR IR0 1) GloVe?? i [ &, [ B4 FE LR L d=300; T ANLE 37 i £ 17
S riE], BN A IR [-1, 135 5) 43 AT 300 4EREbLA &, A B M= AR FE, ik
MI-L, 1351 AR BERLTAa 1k, 4ERE )y 50, KRS ob A AL B 4 B 0 R RN LT 2816 IR A
glorot 513 A M, A B EAHE N 0 A& .
43 BEHESHEE

ARSCHEAUEFH Keras SEBL,  SEIGH S FH 1B S EUE R 2FT7R .

54, BRI R MLP S5 s B0l et R B oh, LB R ReLU BUSMREG N T 8
fitlE, B DAGRU R — &34 BAIZEH RMSprop™ it Jyi%.

#2 BSERHER

ZH VgD
BiGRU [& /2 #. ot 64
DAGRU [& 2 #c % 128
dropout 0.5
recurrent dropout 0.5
DAGRU E# K 5
Batch size 64
E S 0.001
4.4 DAGRU E#i& M
I SN T AT RN DAGRU MHEYMIPER, w#id %k DAGRU Bi# %
DAGRU HJZHUIRR I, PP RIR VMRS (Accuracy) , 45 RATEIFIR.
#*3 DAGRU 251 g5
. Laptop (%) Restaurant (%)
A I A G Pan AT FL[F g 73 I i

0 74.92 56.27 80.09 67.50

1 75.70 72.57 80.80 80.18

2 76.02 72.88 81.07 80.18

3 75.86 72.88 81.16 80.80

4 76.49 73.04 81.25 81.61

5 76.33 73.51 81.96 81.07

SIS, X EEO-SHAT T RIS IR . EHCN0K R LB DAGRU BEHIIIFNL. B4k
IO EREE T I R gm b HE, nTLUE H
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(2) FERANEIREE b, M1~42, BEEZEEEm, S4REE0 FF. X Laptop id
£, mmsh B2 OV 1176.49%, HEHUARISER, 455 N76.33%, LEECNAR TR
0.16% . % Restaurant £ 48 , >4 )= 2A 5 15 31l #5 7:81.96% . X T X P M 4, £ )2 DAGRU
) Bt v A L B0 2 R 45 R0 TR T T 0.53%11.16% . 3 it BH B A4S 1 2 MLl R H BCE 22 ) 1
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N1 BRSNS DAGRU WIFER, ASCHBCE 17X 70l b i se i, 73 i dmht 2
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JINLEREFE R EIHRGE R, HEmg R HZ DAGRU 7 jl#£70.94%F11.43%. {HES
R, EHMEEESE L, 2% DAGRU fi /545 R 552 DAGRU MHHZEE R, 7
HiM%16.30%4112.68%. iXJ& K ATET DAGRU HEH TSN T, M2 T H i H SeAk £oR 251
TSRS, TE B IAE 55 75 BRI 25 8 ) 1 A1 H AR SAAR, ZA05 I T AH 24 T35 B8 H An sk,
BAEA ETFXE R, F Bl gmin gl s R IRIK.
45 IEYwESRM

SL[R Gt 5 53 0] G A R0 bE SR B0 45 R UK 3 R, AR e

(1) 7E¥% A DAGRU HEHIITEHL T, EWAEIESE L, ILE gAY L dmid e s 1
18.65%#4112.59% . X Ui H 3L [Fl g I SEAR TR EIINEI& T H)FEE, Catd 7 a9
—EfERE R

(2) 5|\ DAGRU 5, SLIRIgmts 5 45 il ghidh (1) 25 S 22 BB k)N . 7E Laptop #i4f
#£ I, 1F DAGRU HHUZEAE UZHA/NTLD WHBLT, WE SR EERFFE3%A L,
PR e 45 AR 7£2.98%; T E Restaurant %4 4E b, AH [F])Z H0m) 1) 22 BB R 4ERRAE IR — 7K
L EERAEZHONAR o Blgmin g R T R gD . AR EEESE LR BUX PR RS
AR THIEESI A8, Ak b, LERIBIMESR ST 20w, HRAER LR
FE [F] 2 I v B b0 53 4 A 7R 2.98% 8110.35% . 5 WA 3L Rl i SR 1) B F S5 BB S 1=
JINUEECHEE BB PAE 2., AT RS T8 L b 1) S A4 17 J%
4.6 SHEHFT ML

A5 HATLEE Laptop F1 Restaurant 34 b R LB HOERGHAT L,  ELZEW /N0
£ I DAGRU Z#4i—W5)Z, TFM s NHERiZ (Accuracy) , WIERAPR.

Fa EREARTERE R

AT Laptop (%) Restaurant (%)
Majority 53.45 65.00
Simple-SVM 66.97 73.22
Feature-enhauced SVM (Kiritchenko et al., 2014) ! 72.10 80.89
TD-LSTM (Tangetal., 2016a) " 68.13 75.63
AE-LSTM (Wang, 2016) 68.90 76.60
ATAE-LSTM (Wang, 2016) 68.70 77.20
MemNet (Tang, 2016b) 70.33 79.98
IAN (Ma, 2017) 07 721 78.6
RAM (Chen, 2017) [ 74.49 80.23
AOA-LSTM (Huang, 2018) 18 745 81.2
LCR-Rot (Zheng, 2018) 19 75.24 81.34
DAGRU (A3CHER) 76.33 81.96

MEHATE
(1) JRPFEZ BRI TE N CRAE RSO T SR AT 45 2R, AR SRR IR 45 B v Tk
JENLHE 2 S I vE I i A . IR 2 SRR TD-LSTMULR A N T4%4E, H7E Laptop A0
Restaurant 24 4 _E #ERf 2 70 7 15 $1175.63%F168.13%. 1M1 7% /Z L 885 3] 5 i k2 N\ T4
ERIRTHRIPERE, Lhdn, Kiritchenko 4542 H! ) Feature-enhauced SVM, & T n-gram,
FVEARATA DL S AR R BUSERHIE,  7E N EOR AR 200k 31172.1%F180.9% 1 HER 2%, & H
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ENEER, HEAFTEEDNEKRRE, HERD0HT74.49%H180.23%. AT [FE &
FZERIING], AR LR & SRR B RAM 252 F+1.84%H11.73%.

(3) AR ST AU AE T AT 8 2 ST B v 3k ) de i o T 258 A7 (0T P 2 ST AL Zheng™)!
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81.34%. A SCAREAYLE AN BdE A b AH L AZAR 2 43 ) e H 1.09%/110.62%
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TR MERRTE o
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