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E R HRRLF S (HES: 61672126) #HhIIH

WE HEEFRBERSEE—AREKENES, HEWEHE L TXER T XL LR RANE
B BT EARZERAERRBT R A S AR T XM, &5 Keth iz B B # &4 F 5 B AF
SR, FEFEREMREHRE T XEX#HATRSNES. B, AR H s
FH 77 ik (2) 2T 3 AEE A DAGRU (dynamic attention gated recurrent unit) #Y4F 5 B A7 1§ & 2
WAk BARE s 1r CATREREREAELGS. | BREREPLTCRL B
_Ab‘ A5 2 % 4 A o AN AR R, /. T R O R B BT

XIERAFAE, EEA R A TR B R ERER. AXEAE SemEval2014 B 338
% Laptop, Restaurant #4755 S48 R KRB, XT3/ FE & /7 DAGRU A ARt & T 4708
ERNNERAERARERS

K EEAAA, GRU, EROAT, BE¥ T, BRABEAE

1 51§

K2 BARTEIE 7 JE (aspect-based sentiment analysis, ABSA) A& 1 B2 BT sk i S REAT 55 1~3)) &
FERI Y B 2815 5 AL BEOR 70 M 4 58 X 28 Je SO (R I e, 35 B AT T AR S VA8 9 Ja B s A
& ABZAES T, B — AT UL TP R E HARSEAAE (aspect), Herp i H AR SRR G 51
T, (RSS9 H LA HE T S F AR SR BB AR (BRI Y. ). 3R 1 B TR R
TR E) T, BN E) TS S T HARSEHR, RPEE 2 509 HARSEAR, 265 3 Bl H AR SR A 17 Bk
PE. DR 1 )T (a) B, HARSEAR “food” HITEREIRAIE NN (positive), T “service” MK
1 (negative).

1A e — MR P 2 TR AR 2 2 J5 3 U0 RIVR B2 2% 3] U732 B, Kiritchenko 55 191 I &
JENLER 2 2] vt T — BN LRHE (B O SR AeNS S iESORRE < ), ) X sy

S| =X, B2, X, & BFaSEREN GRU 1FeE BARE &2, FERE: 5 ERE, 2019, 49: 1019-1030, doi:
10.1360/N112018-00280
Li L S, Zhou A Q, Liu Y, et al. Aspect-based sentiment analysis based on dynamic attention GRU (in Chinese). Sci
Sin Inform, 2019, 49: 1019-1030, doi: 10.1360/N112018-00280
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Table 1 Examples of sentimental classification

Sentence Target entity Sentiment polarity
. Food Positive
(a) Great food but the service was dreadful
Service Negative
(b) Except Patrick, all other actors don’t play well Patrick Positive

AR YNGR SCHF AL (SVM) REATIH IR AT, BBV ) TR EE K& B AR R SR 4 s Y
PERE, HRHME R TH R AT R EN I 7).

FECZ T, BRI ST e H 3N H G IR ZRHETE i 52 2% 1) R AR AR, 3 4o oK B N AR R . 94,
Tang %5 ") FIFH P~ LSTM (long short-term memory) X _FSCHIUR SCHEE 543 A 3E 4718 L gmig #5219
ANE SO, TR AN S S A AT 8. R E R LSTM M) 71 B R 3UE
B AH LSTM XK AR IAEE, IX b0k nT e 25 2k 1zt #F 295 18] (1) 15 18445 .

N T R B R ) IR RS SRR R, R R ML (attention mechanism) B 5] A AT AESS
. i, Wang 55 B R A LSTM 38453 %A 5l i) ESUE B, FER R I0LRInBCR A3RAE4)
TR, %A PR AT I IO, HARAE R in) @ 3 2 AN (1) #m) LSTM A BERI F S
B, BRI SUE R, (2) TS e LR S 0 T LSRR ARG R, HE S5
NI B . Tang 25 01 YONRFIE T 7 2 E N AZFIRRAE R 5 B AR SSAR IR AR X P 8 0%, TR R )
HUHTHIIN T AR R B A5 R, T B 2 7 B WL i A SR R, [ % SR s Tt
THIER. XA 20 R UL RESR = 1 B BAE SEAR R AU LU R, S5 00 A5 OS2, ELRO A) 7B il
SUIEAT AL, Chen % 'O #0317 RAM (recurrent attention on memory) Mt b S0 SUCHREUNIE &
J353 B, S 22 T R AL R K e ) R BEUAREAE, JFIEIY GRU (gated recurrent unit) &%
TERAIHIGER, H B AR I R A v a1 B, 5 PR TR 1 B T s S A R

R T AR ) 2 R UL AR BRI 2 R B, BRI R AR FE B R IIH)
ARER. WA, ZEE VR E—00E S R0 0 5 FERR R 1) — L85 8., 2 Be AT RO X Lt
15 BIRD AR GE R E B B A = i 45 SRR SE Al w. B, T3 1 AT (b),
HLiA] “except” FILHE “don’t play well” —#Xf HARSEAR “Patrick” P2 AR I1H B, RN E 1Ml
il b — R E R “all other”, IBAARUERE IR LR RS Bt Ees> “all other” fEAIK
R

AT 8 NSRS R PSS S HIINDAGRIEN (dynamic attention
gated recurrent unit) (A7 Iy BT AR ﬁf‘ﬁ, _
WA i), 79 B SL AR RN AR, X, U GRU FRAAREEA) 0 BT S5 S, TR £ 4 B 542
REIESAR RS ETRSUE R, I TSR RoR. RE, KA RRMENIALE (memory), FIFZ)
A DAGRU ZVERIMLBIFEHUCIZ A I A5 BIFRA SRR . 5, R SRR I H
PRAA R,

ASCHE M BhATER AL AT A AR I DAGRU S UG BURTIE B A R SR RS, A
PNt B0 A0 B B A UHERA B I 1BE B.. Chen %5 101 SR GRU HtH &2 KIERE IR, HRF
B ER AR MR R, I ESHRAE] T, b — e RA B TR s A ot 2 ) 45 R v
it MUEA SO BRI B D G5 R, R 2 2 AL T ERERE B,

ZAETIAE SemEval2014 B PN EdE4E: Laptop Al Restaurant b4 5286, SpoG 45 LR, JLT
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BAER T DAGRU RUB AU B bRifii B ) R 45 R AT 8 e mr, 1HERR 338 21 76.33% Al
81.96%.

2 HMExXIE

R € H AR IR K8 T 4R 1% i W55, & e RS AR 4~ T/
EEX SemEval2014 ) H AR ST B PUNAESTHEAT BB, 2L 5510 52 A0 7 rh > B A S 4 ) 175 b
P, WEFCITE— B IR JE AR 5 S T3 AR 52 2 T3 .

WL 22 S TR IR oM 7 Rn] S A AR BR PRI ARFAE, 145 B HL & ) FEHEAT I R Bt
ELan, Kiritchenko &5 1 F| 1A 4SR5 BOW . fh 1A i, DL 8 SUREHT &6 A8 B3 U5 A - P ALE, e i)l
ZRCHFFENL (SVM) SREEATIE B 28, XK TT VLR BUEE, (A45 A TR BoH S, 7204
KENIYI.

NGO R ERGR i, AR SRS S TTVE AR B St 22 s 2 X 23t Aol FH] T 3K e SR SR A — T2 A
B bl B4 (recursive neural network) M~131 | JEIRHZE 2% (recurrent neural networks) [14]
FIBTEZ LSTM (tree-structured LSTM) (191 &%, X e F-4h 22 4 25 (1) 7y EANRI A 7 B R SUE R, KFHE
P T DG 8E — H ARSI AA.

Jiang 45 1161 & iR 71 R4 28 H AR sz i i) S 22, DR R 0 R e
|EPRSERERSE. 7 N BARSEAR RIS B, Tang 25 7 21 TD-LSTM, 8 H# 4~ LSTM 43515 H
FRESRI BRSO ARHEAT L, DL fE Sk, Wang 25 8] $2 HIFE T attention [ LSTM, i#id LSTM
i) 5, FIH attention i 3RGmAYJ5 B F) 3 R H B ZAE B

H T M7 B R MU S T A0, — 2R % attention AL IR ITERENSE ) it T —

ANRBECIZINZS, e 2 ANICE H RS B attention THEZ AR, i@t 26077 N A X ULE B, GE
T attention [JAER . NI A7 AN attention 2548 FLHA IR H AR SRS T SCE B 1 /&
FEIFE RS B AL BN, i A A2 B R AT R T, (ORER 5 10 42 R B3 attention
SERTERIG B R, JFIEIE GRU Xt attention 45 FiEATARLRIEAL &, AL 5 4 SRS 4 SUAR 1
MG .. EEngEs ) {5 B2 B B AR TP Y attention over attention (AOA) ML AR 7 5 43l 4k HX
B SURIE UE .. ERengiEsl® 12 H {# ] rotatory attention mechanism (LCR-Rot) $&¥iH N H A5
SRS BRSO EAE B, PAEREAT 5 I& 28, A ROt 7 ik ek Bn R i E B

ANy 2 PR E AR SR LA SR SE D Ay B L. SR T — AR TR AER ) DAGRU [T /&5
BRI, BT Soid I 5 g A [R5 R H AR Sk S R Ui BN & B AR BLAROR, FREd DAGRU ¥
) L EE B RN H AR SRR IR U H AR SR TR R RS 2 2 I G5 B R A RN, f)a
FH Softmax 7y &R#EAT 73K

3 ETF@EEESN DAGRU gyiEHR

AT T3 2 ) DAGRU BEALGRREZL I an & 1 fos, FEMULT 5 &7 H A
(1) N, AFZAR SN (B33 7 AR B 7 41)), PASOG IX Sy N AT ) R N R A
(2) 2. XA GRU, XA ZEAT B S0 Ugms.

(3) ILIZAE (memory). Jitdh )= FT A B 2R .
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Softmax

Output layer Q00

Dynamic DAGRU DAGRU DAGRU o
attention layer K 2 1 O Term,
- @)
|
Memory : @
I

Pooling

(
}—@80
)—[»fo_o_o_}:rir{ooo]
} jessiess

Forward
GRU

A 4
A

A 4
A 4
A 4

Encoding layer

H_JH_J

— = = = = =
B B - B B - B Backward
< « « GRU
=) (7)) ) =) (7)) 7\ (7)) (T
I X I Xl I Xl (D= I = =\ I X X Word
=0 10 i I L I 1 | embedding
Input layer D) &) I &) &) X)) &) &)
I | [ | I | [ | I | I I [ | I | Position
| | [ | I | I | I | I | [ | I | embedding
== = = = =7 = = =7
I
Target entities
B 1 (MEMmEE) ETa755EEHN DAGRU RESFELE
Figure 1 (Color online) The architecture of DAGRU model
(4) BRI EII)Z. AL N attention, [F [a] SHAKRE IR A REAANF attention {8 4] (5
B, 15 3 R A SRR,

(5) ¥ 2. FIFHshAEE I Z R, BIR) & SR R R HEAT 175 .
3.1 HWAE

SR, — AR IR FE A, I A B 7 A SR AR E AR SRR B A B
TARRPE R SRS, HERA T S AN RIS, IR RGN P SE SRR AE. () Ik
WHEENRRN S = {w,we, .. wi, . wn}, FH w; € RS NRIFHE ¢ A IR F 1 ERR
(i € [L,n]), n AETREE, do AiATAEYERE. X7 HArgedk (HARSEAR AT REA I —MA), i
Term = {Wy 11, Wry2, .. Wrpm }, T, m NESREAKEL, 7+ 1 A ARSEARER PRI E. (L8
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FIRNIGIRINN P = {p1,p2, - sDjy- s Pn}s T pj € R SNEE 5 ANERIES B AR SEARAE XS A7 B 1 )
BEN (5 € [1,n]), d, FOLE R REYERE. KX P A&7 I T HEE, 1E RIS E M.

3.2 EBMHRBESIEIZA memory

PEIEINZE (recurrent neural networks, RNN) J& H 2A1E 5 A HEH F (#4285 B 7E Ab 3 S
AP H) 7 A MEFL S . (A58 RNN A DG B AORE. £1X X — i), Cho &5 29 §£1H T GRU, i@
RERRIR R 1T S5 R A AR 7] /L. GRU ZhRE KA A PP A S 1 — N BT PR 31, RSB SI e 8
R XER. BUERATFIIN X = (21,20, zr], WHFIIN H = [hy, by, ..., hel, Hb T OAFPFIK
B, W GRU mrdn i 2 At Hid:

= U(WT[xta htfl] + b’r‘)7
2 = o(W.[we, he—1] + bs), (1)
hy = act(Whp[xe, e © he—1] + b2),
he=(1—2)@hi—1+ 2 © hy,
Hp o, NEE], 2 NFEHI], hy MR, o N sigmoid FREY, act A GRU HIBIHEREL, FAR ¢
REFEHIAF ), ¢ — 1 AAE E—1 %

{HE R GRU R AE3RMG A7 B (1 130 S AR EI N S0E X, BT PAAS SO St J2 R A W
i) GRU (BiGRU) #ifidh #uii] 7 41 i bR SCiE C, By AT IR GRU MG 1R GRU $HER 3. N T I7 8
For, K HE SUFF) X IE GRU A BiGRU 15 4% AU T

h¥ = GRUx (b |, z¢), h¥ = BiGRUx (h* ,2). (2)

AR R )T SAREE it BRI I A B SN B bR SEAE, TT 2 B BN 0] 198 X fd

eI BRI Skt B e A AL B AIREAT B, SRS Rl BiIGRU, 307 F R

hts = BIGRUS(hf—lv [wt7pt])a (3)
S, wy, po YRS ¢ ARG BN ¢ AR (¢ € L)) bf € B2 K
ATt ¢t ANBREIRAS, d WM GRU FR)ZHocsiE.

EAEERE, X (3) CATM T AT KRB EHRID, iGN — BIGRU, C44iSH H bz
TR A T, SRR BT, K, AR A TR IR M, SR
G B TR, BLBUR GBS B IEILHE M 15 FARSEtbAen T st ik T s

M:{hfvhgaahfaahf}v T:{hf+1ahf+2avh£+m} (4)
3.3 ET DAGRU #i&EEAR

£ BB R ) attention ] HE G ADAHRIME B, AR HINA attention H1H], 18t =% R LLAT
attention {5 &, HEER LRI R 2 BT YU, b LR R b iR S 32T H AR S22 37 B HET)
PE, (IS BT BE AR R, 1] 1 TIERHIA 7 shaE R I ERSRREE. E G, R B AR SRR S AT AL,
HERAE IR SHE LR Termg € R, SHIALHIER JIME oo —EIEAN DAGRU. &3 K X
DAGRU J5, 3 3R A IARKIR Termy. AR U T Fios:

Termg = Pooling(T), [Termy, ar] = DARGUrerm (M, [Termy_1, ax—1]), (5)

1023


局外人
Squiggly

局外人
Highlight

局外人
Highlight


BUAEE: FET LR GRU KIRFE Hbrfg o3

(
@5
t ¢ 1 f t

Softmax ]

?

A

2
ak

)

Term,

@)
@)
@)

& 2 (MEhEFE) DAGRU #tE
Figure 2 (Color online) DAGRU unit

HA Pooling NI EREL, Termy, oy, N k X DAGRU BIBAMNRERSHE (k € [1, K]). ALK
WIEAE oo I, o =1/n,i=1,2,...,n.

DAGRU WSS 2 AT 45 DON PU SRR A H Bl 72, K 2 #5487 DAGRU W
HRSCHLAATT. B Termy 1 5 apy — @ —NZ 2 AWML (MLP), 1520145 F—i 2 sSeiRfyE &
FIUE R R v, AR AT

r = MLP([Termy_1, a—1]). (6)
A SIS IS MLP BARRIECA
MLP([TeI‘Ink_l, Oék—l]) = actM(WM [Termk_l, Oék_1] + bM), (7)

Fort, Wy NFTUIZALE, by NIRE R, acty N2 JEEEEIL IS R L.

BEL re 5 M = {h3hS,... hY, ... hS} —iLiEid Dense 215 FNCAZAA R A IR 5
st, &1k softmax JH—3RT oy, BIFTHIE S J0ME; BRI S 1 EXE IR A TR 34T Bk
AR EFACAZ AR R RN my; BOFHIAN GRU, BH I BT 3UE BN Termy_; 153 Termy:

Sli = actD(WD[hf,rk] +bp), O‘;c = neXLSk)j,
Zj:l exp(sy,)
u (8)
ar = {ag,ai, .. aph, mi = Zaihfv Termy, = GRU(Termy_1, mg),
i=1
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Table 2 The statistics of the datasets

Sentiment polarity Laptop Restaurant
Train Test Train Test
Positive 994 341 2164 728
Neutral 464 169 637 196
Negative 870 128 807 196
Total 2328 638 3608 1120

Hrp, Wp NA[YIRALE, bp MW E &, actp N Dense 2 HIFE R4

23t K X DAGRU J&, 13 2| SRR ER R Termy MERZER A ap, HH Termg 1E MR
T AL
3.4 WMHESERNIZ%

B = 0 AR iR A SER FRom NS I, A A sl SERE R 2 — Termy,. BBERT
S o, HFRSEAR Term MIHERMER v E’J*E%?—jj p(ylS, Term), JIFHHITTE A A9 TH5 22 T

p(y|S, Term) = Softmax(Ws - Termg + bg),

(9)
g = argmax, e o {p(y[S, Term)},
Hdr, We ATTIIGIE, bs AME E, C = {positive, negative, neutral} NIFHEFEHNES.
AU AS A8 SO0 % RO AT )1 25, R B A
ZZyﬂlog = j|S, Term)), (10)

Hoerb i BB i MEARTAR (i€ [1,N], N AREAREED), j WEEEER TR (€ O), s NE i MEAR
HSEARZE.

4 SRS
4.1 HEESTLE

AR AE SemEval2014 BIPANEHESE: Laptop, Restaurant F3EATSZE.  H bR SR B F BARYE 5 A
M YA, &8RS E RS ES TR 2 k.

FEIEAT SCIGRT, X A ER AR AT T DUF TAL 2.

(1) Restaurant ZLHE5E PI1E BIPEIEEFE T JE (conflict), HTAHH IR SCHRERA B FEIX Fe i 2%, [RIHEAS
R 7K EFEAR.

(2) FAEEER A L H R H Keras H i) Tokenizer 431 T H.

(3) HIRl5 H bR A B 0 B S0 A AR 7 BP9, (R SR 2 B UE, SeR 2 G N IEA.

1025


局外人
Underline


PUWAE: FET TR GRU KIS E Hbrts 2K

*3 BEHRER

Table 3 Hyperparameter configuration

Parameter Value
BiGRU hidden units 64
DAGRU hidden units 128

Dropout 0.5
Recurrent dropout 0.5
DAGRU layers K 5

Batch size 64

Learning rate 0.001

% 4 DAGRU BH¥5iENHRBEME
Table 4 The impacts of DAGRU layers and encoding®

Layers Laptop (%) Restaurant (%)
Joint encoding Individual encoding Joint encoding Individual encoding
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

a) The blod number represents the highest result.
4.2 REWEL

A [ R BN ZREF Y GloVe 22) el ) &, [l BE4E LI HN d = 300; I ASFE ] [ 8 1] i rp )
], BEHLRIAR RN [—1, 1] #9210 A5 (5 300 ZEREHLIAI &, 7 & A R HFERE, AR [-1,1] #9352
o ARRENLTAR L, HEIED 50. B B BCE R MR AR BN LA AR LN IR glorot #2510 IKIME, BT T
mEEEWEN 0 FE.

4.3 HREBBHLE

ASCHEIAE A Keras S, SL38H 8 IS HE R 3 Bk,
FIAh, BRI R MLP 30 R 250 B 281 pR 2o, oAt R ReLU B0E BR 2L N 1t e id #4
i DAGRU fii fil[A— &S, BRI F RMSprop 23 4L 7514

4.4 DAGRU B# M

S E IR T A A E R N DAGRU XML /ER, Eid 2Bk DAGRU 83 % DAGRU
[ ZHAR R I, YEM EAONHERT R (accuracy), 45 R UIFE 4 AR,

SERGH RN 0 B 5 3T T SRR LI EHCH 0 Ron LB DAGRU BB, B R E2
BT A gD s, T LG
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(1) FERNEAREE L, WIn—2 DAGRU, #EE DM 74.92% F1 80.09% &% 75.70% Fl
80.80%, 3 AlHEFt 1 0.78% A 0.71%, X 15 B FH 533 2 A ML RE 3RS K E A (S .

(2) TEWNEAREE 1, N1 31 4 2, b5 E 38N, 4R B30 FIE. 5 Laptop £l 4E, s R
REHUCN 4 WY 76.49%, H)ZH0XF] 5 JE, G558 N 76.33%, LLEECN 4 I R % 0.16%. X Restaurant
e, MEHCN 5 B E 81.96%. X TIXHANEELE, 22 DAGRU K mE LB E 45 R
SFEFET 0.53% F 1.16%. X AN B NG Re PR BUE 2 PGS B, [ELh KB, A
PERELL Bk DAGRU BEEE 23 il 4 1.57% F 1.87%.

NT PRSI DAGRU FIVER, ASCH i B 7 X7 g i (05256, JkST 2 i) A2 6 FH 7 A
BiGRU 437X HAR SR A A) 7 4. Sk b 5ECE gt 450 — 80, RIBhAHE B ILH REFR IR &
RS R, Ha s RELHZE DAGRU 2054 TF 0.94% A1 1.43%. (EAEBER M52, £ EdE 4 b,
2B DAGRU 545 R 5 )2 DAGRU MAHZEECR, 75K 16.30% 1 12.68%. X &K RTET
DAGRU BEEEBL T, AH 24 T B 3 A SRR 25 FUIE K, 1175 18 43 2841 2% 75 ZE RIS 25 8 4] T A H
FRSZR, 2 B0 A 2 A B B AR SEAk, AR LN SUE R, Bk sr gnfd gt F s R IR(K.

I BT, BARSARERE S SRR, et s A RER, FHEEE — 2
DU SN, 45 B AR, Kk, TR E: (1) 3h&EE 16— ZEReE AT IZ & A H i
HEEGER; 2) BISEBENAFAZE DL ER —EREE LITBEIRRANERE R, ARZEREZEIEREAN
6. SR, Seid it — B st R, sha&EE 712 BARAE IR I 2h A TH 5y B U ECE FH H s B 2 fik
NSRS R (HEH0E 2 e BRREE R, X ATReA UL ISR L (1) B EE R TR S g 1a
AN E MRS (2) 25 T AR 2 CIRELT KA E R, WSS ERE EN R &R
SRR IR G NS

4.5 B EHwIEEN

A G A0 5 S G 5 b SEER 45 ik 4 FoR, AT LLE H:

(1) /£ A DAGRU HHMIEALT, WA EIESE b, BREHREIMSIgmLIES T 18.65% Fl
12.59%. X YLHERE Gmig ) SR RORFIN B T A TE R, Cead T A FHl—iEEYE E.

(2) 5l N\ DAGRU #EHE, BEA Gilis 5 80T gt 1 45 5 22 BEE /. 7E Laptop #UfE4E I, 76
DAGRU HEHZHAHF (ZHEA/NT 1) IEOLT, P e R ZIRREFE 3% ifa, W i 4 R Al 22
2.98%:; MIfE Restaurant FHEE L, A A 2 H0 B 2Z FE - R QR R — KT, BEAEZECN 4 WAL
Mg R THCE i, AR A AR 45 b H LI B A A [R5 0] R e T 0 42 o A A — 2 (A
b, A GRAG 45 S m TAOT Ghs, HLE A AR I A A e e LU ST G D iy 2.98% A 0.35%. Ut
BTG A gty SR 0 B R 303 B S E B MU B E R BIME 5., AT RE 58 b ) 31 Sk 1) 15 1K

4.6 SHMEHTIERIXTEE

A3CH HHTAE Laptop M1 Restaurant £dfadE ERIAELF R R HEAT LLEL, HAE M EdE L DA-
GRU E# G —HL 5 2, TP RIR AHERI % (accuracy), WIF 5 Fras. WERHATE H:

(1) IREE 2 IR o N TRFE RS B0 T S REIRAG B 45 R, A ST i 45 R v TR B LA 2% )
JHEN B A, R TD-LSTM [ RAEH N THRE, HAE Laptop Al Restaurant 4 L
HEW R 73 )L 2 75.63% M 68.13%. MERJZALER 5 > IT VAU B N TAFER ST B I g, Lo,
Kiritchenko %5 1® #2H11¥] Feature-enhauced SVM, 14 T n-gram. A)VEAREMT R, LUK I 8¢ 1A] 81 S5 HFE
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Table 5 Performance comparison of the models

Model Laptop (%) Restaurant (%)
Majority 53.45 65.00
Simple-SVM 66.97 73.22
Feature-enhauced SVM (Kiritchenko et al.) (%] 72.10 80.89
TD-LSTM (Tang et al.) [7] 68.13 75.63
AE-LSTM (Wang et al.) [ 68.90 76.60
ATAE-LSTM (Wang et al.) (8] 68.70 77.20
MemNet (Tang et al.) [ 70.33 79.98
IAN (Ma et al.) (7] 72.10 78.60
RAM (Chen et al.) [19] 74.49 80.23
AOA-LSTM (Huang et al.) [18] 74.50 81.20
LCR-Rot (Zheng and Xia) [19] 75.24 81.34
DAGRU (proposed model) 76.33 81.96

TEAN B L ik 3] 72.1% 1 80.9% MIHERAZE, & H BTk ZHLE % ) iE s & 3. ALK
TRBE 5 SRR R SR AT AT N CARAE, HERR 2 LU IR Z ML 52 2] ik il 72.10% 11 80.89% 43 Ml i
4.23% F1 1.07%.

(2) ARSCHALERET 290 B AU R R rh 25 B . 3R 5 PR T 2 B MU AY A Tang
2 O SR AR MemNet P Chen 55 101 £ H3 (11518 RAM. MemNet A5 528 1ok ] B2 ¥ 2R PR AR 40
AARFEER SIS R R, AR D58 70.33% F1 79.98%. RAM AR GRU {EAEMA, HEA
[FVER S R B, HaE BN 74.49% 1 80.23%. A SCHERIFIRER T 2 1L = JIHLH, L athfe
b B A e AE R R AR RAM 23 HI42 T 1.84% 1 1.73%.

(3) AR SCHETITE FT A IR 2 SR rp ok B fe . B A S AT VR 2 SRR Zheng %5 D91 $21H
f) LOR-Rot #%Y, #£ Laptop il Restaurant #4558 FIARIFEE R, 70518 75.24% 1 81.34%. A
FETRAE YA E s 4 _EAH Iz 2 il &t 1.09% A 0.62%.

5 HS5RE

FEE B ARG I ZR A T 1 23 S AT 55, B R fE bR OB SR 3 e SR By 04 1 15 k.
ASCEFZAR SR (1) A) 7 BARSERBC G gt 751k, (2) BT 3h#& 72 /1 DAGRU HI%FE Hbrlh
AT JT%. 1E Laptop, Restaurant b HISEIGSE LRI, BT 2h A7 E R /1 DAGRU AR AH LE AL T3
MR RS A B2 R, R 08 2] 76.33% M 81.96%, & B AT e K. T ELE R
wmr:

A A RAEAE NN A ik B e m, (HIE A V2 AT LB FE OB S N, AR SO R R 5 8

1028



HEB FERE B 49E 8

U P J5 TH IR TT: (1) BT A0 rp LA SR 7 [ 2 R 24 I SRR SR AR P, AL RT DA% RE R
Brf) 7 HASER R R S (2) BRARASKIRAFAE TR 7o, AW DB AR A HRh 56T, H
B FEE SEAR (A F) 7 HEAT 1 I

SEHk
1 Pang B, Lee L. Opinion mining and sentiment analysis. Foundations and trends in information retrieval, 2008, 2:
1-135
2 Liu B. Sentiment analysis and opinion mining. Synth Lect Human Lang Technol, 2012, 5: 1-167

3 Pontiki M, Galanis D, Pavlopoulos J, et al. Semeval-2014 task 4: aspect based sentiment analysis. In: Proceedings of
the 8th International Workshop on Semantic Evaluation, Dublin, 2014. 27-35
4 Wagner J, Arora P, Cortes S, et al. DCU: aspect-based polarity classification for semeval task 4. In: Proceedings of
the 8th International Workshop on Semantic Evaluation, Dublin, 2014. 223-229
5 Kiritchenko S; Zhu X D, Cherry C, et al. NRC-Canada-2014: detecting aspects and sentiment in customer reviews.
In: Proceedings of the 8th International Workshop on Semantic Evaluation, Dublin, 2014. 437-442
6 Vo D, Zhang Y. Target-dependent twitter sentiment classification with rich automatic features. In: Proceedings of
IJCAI, Buenos Aires, 2015. 1347-1353
7 Tang DY, Qin B, Feng X C, et al. Effective lstms for target-dependent sentiment classification. In: Proceedings of
COLING, Osaka, 2016. 3298-3307
8 Wang Y Q, Huang M L, Zhao L, et al. Attention-based Istm for aspect-level sentiment classification. In: Proceedings
of Conference on Empirical Methods in Natural Language Processing, 2016. 606—615
9 Tang DY, Qin B, Liu T. Aspect level sentiment classification with deep memory network. In: Proceedings of Conference
on Empirical Methods in Natural Language Processing, Austin, 2016. 214-224
10 Chen P, Sun Z Q, Bing L D, et al. Recurrent attention network on memory for aspect sentiment analysis.
In: Proceedings of Conference on Empirical Methods in Natural Language Processing, Copenhagen, 2017. 452-461
11 Socher R, Pennington J, Huang H, et al. Semi-supervised recursive autoencoders for predicting sentiment distributions.
In: Proceedings of Conference on Empirical Methods in Natural Language Processing, Edinburgh, 2011. 151-161
12 Dong L, Wei F R, Tan C Q, et al. Adaptive recursive neural network for target-dependent twitter sentiment classifica-
tion. In: Proceedings of the 52th Annual Meeting of the Association for Computational Linguistics, Baltimore, 2014.
49-54
13 Qian Q, Tian B, Huang M L, et al. Learning tag embeddings and tag-specific composition functions in recursive neural
network. In: Proceedings of the 53th Annual Meeting of the Association for Computational Linguistics, Beijing, 2015.
1365-1374
14 Mikolov T, Karafi’at M, Burget L, et al. Recurrent neural network based language model. In: Proceedings of the
Interspeech, Makuhari, 2010. 1045-1048
15 Tai K S, Socher R, Manning C D. Improved semantic representations from tree-structured long short-term mem-
ory networks. In: Proceedings of Annual Meeting of the Association for Computational Linguistics, Beijing, 2015.
1556-1566
16 Jiang L, Yu M, Zhou M, et al. Target-dependent twitter sentiment classification. In: Proceedings of Annual Meeting
of the Association for Computational Linguistics: Human Language Technologies, Portland, 2011. 151-160
17 Ma D H, Li S J, Zhang X D, et al. Interactive attention networks for aspect-level sentiment classification.
In: Proceedings of IJCAI, Melbourne, 2017. 4068-4074
18 Huang B X, Ou Y L, Carley K M. Aspect level sentiment classification with attention-over-attention neural networks.
2018. ArXiv:1804.06536
19 Zheng S L, Xia R. Left-center-right separated neural network for aspect-based sentiment analysis with rotatory atten-
tion. 2018. ArXiv:1802.00892
20 Cho K, Merrienboer B V, Gulcehre C, et al. Learning phrase representations using RNN encoder-decoder for statistical
machine translation. In: Proceedings of Conference on Empirical Methods in Natural Language Processing, Doha,
2014. 1724-1734
21 Xiong C M, Zhong V, Socher R. Dynamic coattention networks for question answering. 2017. ArXiv:1611.01604v3

1029


局外人
Highlight

局外人
Highlight

局外人
Highlight

局外人
Underline


BUAEE: FET LR GRU KIRFE Hbrfg o3

22  Pennington J, Socher R, Manning C D. Glove: global vectors for word representation. In: Proceedings of Conference
on Empirical Methods in Natural Language Processing, Doha, 2014. 1532-1543

23 Tieleman T, Hinton G. Lecture 6.5-rmsprop: divide the gradient by a running average of its recent magnitude.
COURSERA: Neur Netw Mach Learn, 2012, 4: 26-30

Aspect-based sentiment analysis based on dynamic
attention GRU

Lishuang LI", Angiao ZHOU, Yang LIU, Shuang QIAN & Haopeng GENG
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Abstract Aspect-level sentiment analysis is a fine-grained task that aims to identify the sentiment polarity
(i.e., negative, neutral, or positive) of a specific target opinion in its context. Since the sentiment polarity of a
target depends on the target itself and the semantics of the context, the target and the sentence should be treated
equally and modeled interactively. For aspect-level sentiment analysis, we propose (1) a method to encode the
aspect and sentence simultaneously, and (2) a neural network based on a dynamic attention gated recurrent unit.
The simultaneous 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. Experimental results achieved on a SemEval 2014 dataset (Laptop and
Restaurant) show that our approach achieves a significant improvement in the accuracy rates over the standard

attention-based models.

Keywords attention mechanism, GRU, sentiment analysis, deep learning, natural language processing
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