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‘We propose a neural-network based method for sentiment analysis. In this study, we focus on aspects of sentiment
such as prices of food and quality of service in restaurant reviews. Our proposed method consists of two components.
The first component is a recurrent neural network that generates a feature vector at each token, and the second
one is a neural attention model that recognizes relationship between a given aspect and an expression in a sentence.
We empirically confirmed the effectiveness of the proposed method by SemEval 2015 datasets. The accuracies of
the proposed method are equivalent to or greater than those of the ranked first team.
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KX T, B SRS OWTHERT 5. BlAN
SRR ATk, BIZIX, Pizza here is good, but the service
is disappointing. £\ 5 L ¥ a—XWE5 2 5Nz, BX
YIOE (FOOD#QUALITY) IZRB WA, ¥ —E ADH (SER-
VICE#QUALITY) WA Y, KEDOBIRD S FEH i
BT 2R AT THS.

BRI X2 MRS B L, EROFH M & 0 EHAZ
BAL (Fdh, Y — YR, MRS TA-VoEAEASZ LA
TE5. £72, ZOHIE, Argumentation Mining 72 & DAt

53\%?’ WEISHT 2 ZENARETH S, HIRIE, HEEBSRE

THMX 2T 2L, BEIIHTIHEEDOERK - KD
J_ibj’iﬂﬂ SMIT B ENTES [Sato 15)].

ARFFETIE, Neural Network O —FfTdH % Neural Atten-
tion Model [Luong 15] % Fi\ 728 sifd E G D ik % £
KI5, BEOFHAN L BAROARX AT T, BIRICHIRT
LNHORBERET DI VB ETHD. KRFIETIE, BlA
E REDXn% L5 7217 Attention B2 5. £7-, 1 EH
TEHEREDXMREHFET 572012, Recurrent Neural Network
(RNN) 25, ABSA2015 F— Xt v N %AWzl Cl
WERORE @ EEZERH L 72F — L L RSN ENDL EOKE
EEBLL 7.
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SEEOERIZET 2 EEEY —2 > av 7 SemEval Tl, 2014
L 2015 1T Aspect-based Sentiment Analysis ¥ 7 X 22
DB I T2 [Pontiki 14, Pontiki 15]. AV i % X
HTVEF—LD% LKL, SVM HIZLBH b ¥ g’&ﬁﬁﬁ
LTH D, FEIZIE, Bag-of-words (BoW) 72 ¥ DRGLIZ
KT 2EDDIENT, AFTERFEINZHEEZHNTWS. %
D7z, HLWATITEH T BEIIE, T — X DIENITEED
RS BT D, TR PAKRE .

BUR D7 — 2 FH 4387 TlE, Recurrent Neural Net-
work (RNN) % Convolutional Neural Netwowrk (CNN) %
WPk [Tai 15, Kim 14] 7%, BoW ®#EIH O FE%
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ERZHKEEERLTWS. RNN ¥ CNN 2 W= FETIE
BEREDAFTHERLUZSHEERIIA VSN TE ST, %b
WHBADOHEANRGTH .

X517, BT EFRHIAORTEH CNNIZE DK FEMREX
NTW53 [Wang 15]. ZOFIETIE, B XHORIDOHIG
EWB 7D, £F, b=I T LIZBANEETS. TDHE,
BUSTEHAMIF SNAHFERT bLE, CNNIZAHL, ik
UL TCWS, BlEoEE, MR O 2 BB OHEE 2
BThH5720, BUSHEOR UE L MM O & I8 %
5.2 5. EEEFORE &M % RRHIZ 2T 2 HENE
Ihs.

TEHRE AT OREZ BHEIIZIT S HikE LT, HEMEIERTIE
Neural Attention Model 2AH\\5#1% [Cho 14, Luong 15].
ZDETIVIZ Attention JEERFFD Z LA TH D, Attention
@ik, XRicEhbETHE -2 VOEEERHETS. Zh
kD, XRiZhOEHENTES. RO 7L —AR—
ADHERE AL LOMREZ R LT WS, BETE, HME
% [Hermann 15] X FHEH [Rush 15] e Ehkc X A2 T
fibnTna.

YT D=8 D Neural Attention
Model

BT EFRHATIZ B VT, 2RO B DIZ%->T, Bl
FUTHNIRT 2 XHORBZRMT 22 LB ETH S, FRD
BITIE, Pizza here is good, 7 FOOD#QUALITY (ZXf)& L
but the service is disappointing 7¥ SERVICE#QUALITY IZ
WSS 5.

REFIETIE, Attention EIBUR & RHDAIEE ET VL
95, K112, ET % Neural Network DfiE% 9. ZD
Neural Network (&0 1 DA% f 2 RILL T\ 5.
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ZZT, ol $HEERS, elZT T4 T4, aldEEERL, v
345 (positive, negative, neutral) DHERTH 5. X 1 Tl
x 1& Pizza here is good ., e ¥ FOOD, a ¥ QUALITY T#
5. o ORI, BEETH, TvT 1T 1175, @M
#BHTHIET, BRI MU x, ORH, TVFA4 TR
7 MV ve, BUERT NV v, IZEMEI NG, 22T, BEET

y:



Fleid, 145551 DOHERITHIGT 247X M V& Rio 72155
Thd. TVTAT 4175, BETHISAMKTD 5.

x; DRFNE, WHM RNN (bi-directional Recurrent Neural
Network) [Schuster 97] (2 &k b, Bi&DOXHRZ B E 2 72, HiFE
DIRFER T b sy ITEHEIND.

%9, @HO RNN IZOWTHHT S, RNNIE, X20%
517, —DOHIORE h,_y & AT x; 2ZITIND, BIEDIREE
h, L st 2EET 5.

(2)

ZZT, B gs,gn 1E RNN vV EEKT. BARIZIZ, Long
Short-Term Memory (LSTM) [Sak 14] %, Gated Recurrent
Unit (GRU) [Cho 14] & < AWSN 5. K5 TIE GRU
AT 5.

KM RNN X &EA M5 RNN &, NGRS
72¥% RNN 5745, MI5E RNN O s, 13, NESED
st ERAAROH S § & %&KEE (concatenate) L7z~
7 MLVTHD.

TV T4 74O Attention J§TIE, £ b—2UfIETOTY
TAT4DEHE e, 23HT 5. £, b—2 ULt TO
st & ve DBERME e, 2 3 TEHET 5.
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EREIZ B D Attention B TH, & h—2 ViBETDEM:
DEHE a 2R 5 D& S ITEHETS.

Et =
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exp(az)

> exp(a;)

Wz, TVF4 T4 BEOENTNOEEE TEAMTIT X
NXRZ bLr 2R 6 THETS.

r= Z(atstﬂstst),
¢

ZZT, || ZZDoDRZ bLOFES (concatenation) &K T
gz, AT7TOHEAA— o v Ty, 2FHET 5.
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T
ar = Vg West,ap =
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y = softmax(tanh(Wr + b)). (7)

RETIZ2ETIVORT AR, Ny Tanr—vaviz
X 0#EET B, ZhiZiE, RNN % Attention EDIED, H
BT T VT 4 T 1478, BETASEENS. miEiC
¥ ADAM [Kingma 15] &, Stochastic Gradient Descent
(SGD) z W7z, FEEZLET 5720, HELDOMHEDRKAMH
Z 5.0 ICHIBRL7Z. £72, BISNKIZRONIZ L2 HEMLT %
W D720, M- rOEAEE 40 IHIRU 72, PAbMERE
® B 72%, Dropout [Srivastava 14] %, RNN O ASJ & H
JNZEA L, L2 ERIfE% Attention JB & I8 IZ# A U 72,
Attention D 1=y ML 300 & L7z, TV F 1 71475,
WHRETDILUT 4 T4 DEET HXDHGENT MILVOEE
EOAEE U7z, BYETSS, TV T 1 7 1175 & R4
LU 7.
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4.1 ERRETE

ABSA15 DJEFED Restaurants T — X & v b & Laptops
T =Xty N%&H\7z [Pontiki 15]. Restaurants 7— X & v
M, JT— 21315 X, TARNT =AM 685 Xbb. %
7z, Laptops T— &t v M, BT —2H 1739 3¢, TA b
F=ZNT61 XbHD. ARNTARFED D DORRT — &
ELT, T —20550 10% 2 AW, &b, £,
BROBEPE DY TOoNIBELDHS.

ABSA2015 O F — Xty ik, BlAw U OFEHSH
DF—REvy s T»H5 Stanford Sentiment Treebank
(SST) [Socher 13] DT —&X v b LHRB & T R)fFET—
ZOEMDIRN. SST 1, X7ZTTRL, 7L —XizH i
BEHLBTHNTED, 7L — XTI 239,232 D T AL
ETF—APEET S, ZD7=®, Neural Network D/8F X &
EHSICFETERVARELSH S, £ T, SST DRI N
WA & T — % & W THAFY (pretraining) 21757z, il
FED T N)VIE, positive/negative D _fH & U 7=,

HALEE & U T, Stanford Core NLP [Manning 14] IZ & D,
Xh 6 =2 V%1872, Word Embedding OHI#HfE L LT,
Google News Corpus % ‘Efk X #1172 300 (RITTD X2 hL *!
%\ 7z. Neural Network ®ZE3&121%, Tensorflow % i\
7= [Abadi 15].

FBRTHWAEZARNSTIAZDOREER LITRT. TV H A
Yo TV Uik, KT — X ORENRLRVEDERA
L7-. 728, REST IZ Restaurants 7 —&X+t v &, LAPT i&
Laptops T— &t v b %KL, (pre) XFHFIFEED L OGLE%
#&9. Dropout py (ZME%ZRIFT2HERTH 5.

4.2 fER

Restaurants ¥ — X £y b TOMEZ K 2 1TRT. fHI,
positive, negative, neutral % il 3 5 BEDIEE (Accuracy
[%]) THB. e LT, ABSA2015 DR—R 54 v FikE,
1MDOF—LDKEEELH L. R—AF 1 v F#lL, Bag-
of-words % Rl & 3 248 SVM IZ X 28 HfiA 0 F#ETH
% [Pontiki 15]. #RFEFHEE, FMFPHE2THLREVEATD,
R=2F74v&0H 9RA Y MEEBE-TWS. HAIFEE %
158, HIZT7THEA Y MU EOBEENR SN, ABSA2015 O
1D F — L DKEE % ol - 7=,

x1 https://code.google.com/archive/p/word2vec/



* 1:

PG ERR I W A RIST A AL

Parameter REST REST (pre) LAPT LAPT (pre)
Dropout pg 0.7 0.7 0.7 0.7
learning rate  2.2x107*  3.8x107* 14x107* 4.7x107?
RNN state size 64 256 128 128
minibatch size 16 32 16 16
max epochs 19 12 18 13
L2 coef 82x107% 3.7x10* 1.0x10° 9.6x10*
. Polarity Attention Text
# 2: ABSA2015 Restaurants 7 — X ¥ v » TO# A M
M E DR R negative FOOD Not cheap but very - .
Method Accuracy [%)]
baselin 6355 PRICES Not cheap but very yummy .
ranked 1st 78.69
proposed 72.07 Polarity Attention Text
d traini 79.28
proposed (pretraining) positive FOOD Not cheap but very -
. QUALITY Not cheap but ve -
% 3: ABSA2015 Laptops 7 — X t v M sUfF E M E D P -
e
Method Accuracy [%] 2: Attention J& % W] ik U 7= 4.
baseline 69.96
ranked 1st 79.34 5 &bYiZ
proposed 74.60 ) )
proposed (pretraining) 79.34 KX TlE, Neural Network & H\W 7z 3EH 458712 D\WT,

Laptops 7 — & v b TO#ER%E K 3 12777, Restaurants
TRty R, HFEEE LRV ETHIRETIRIT
R—=2AF7A4 V% EAl>7-, 72, FRiEFE23T52L7T, W5
FA Y N ORBEEESRA LN, 1 ALOFEL FKOKRENR S
nr-.

ZODT Xty MT, BEFEE, BoW PEEHICETL
TR L ERT, AEIrENI EOMREEZR L. 51T,
ABSA2015 DT —X v s ORELIZ ST A X &S 2720
W+ Tid <, HMFEEIZL > THREXN S o 7RIV
b & RIFIZINET 5 Z & 2ibh o7z,

T, Attention JEIZ & 28R & RELDHWIEDE T MLDE
BEIZDOWT, SHflEd ICET S, K21, Attention J&
TOEI—I VDIV T 1T 1, BYEOESE AL 7
DOHITHB. Not cheap but very yummy . EWVWI XD 5,
FOOD#PRICES & FOOD#QUALITY ® 2D #lIz D\
THMEZFART VWS, TNTNOBAIZOWT, EOfFTy
TATADEAERL, TOMFVEMEOEARZKT. TVT 1
TAEMA LS FOOD THE728, TVT 1T 1 DEATI
WTHD. R, BEDOEAZAS L, FOOD#QUALITY @
BEIZIE yummy (IZEF L TWEDIZXT L, FOOD#PRICES
DLGEITIE yummy DEMAIZNE K, Not cheap IZ& H KE74
HADRP P> TS, 2 ULEWIZE D, FOOD#PRICES
Tl& negative, FOOD#QUALITY I positive &, E-o7z
HR I N EZ NS, ZOHITIE, AD R THER % FIR
TELD, EANERIPLE, BED M= VDARITKE
WEADRPDDZREDHELZ N, 2, RNNIZE->T, %
b= UALEIZ S A DOEHAIM DA ENT VB 72D EE R
5Nh5.

BIZBEOETFILIZIEEH U TER L., KRR AZIE, Bl
DIRN— R FRE M & R T, AFARER T — & Ey D
BBDUNZ W, F— R OREEH S 72 D12 — i 722 504 o b
F—RIZIOEMFEEETEZ LT, ke -7, FliFER
TlE, ABSA2015 7 =&ty MZBEWTZ2DRH Ty 7
LARVOKSERMER U, SHOMBEL LT, HAFEEEDI:
ZEFENDISHAEZEZTWVS.

HHEE

AW ED BT H 7Y, HFEWEETH % EEKTRE
TZEAT N LRIREZE 2 v X — D HE— kv 2 —REhH

F—LRIZITHEMNAERZBL T, BEEAIERAZHEEL
7=, B LET.
SE Xk
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