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Abstract The task of aspect sentiment triplet extraction (ASTE) mainly detects aspect terms and their corresponding
opinion terms and sentiment polarities from sentences. However, when extracting multi-word aspect terms and
opinion terms, it is impossible to accurately extract all words. The existence of repeated aspect terms and opinion
terms makes it difficult for previous studies to capture all the correlations between aspect terms and opinion terms in
word pairs. In response to these problems, we propose a framework based on syntactic enhanced multitasking learning
to perform the task of end-to-end sentiment triplet extraction. The syntactic structure of a sentence reflects syntactic
attributes and dependency or association information, therefore having a positive effect on the extraction task and the
sentiment classification task. The proposed model utilizes dependency syntactic embedding graph convolutional
network to fully mine syntactic features in sentences, and then transmits these features to 3 sub-tasks including aspect
terms extraction, opinion terms extraction and sentiment analysis, thus realizing the effective fusion of syntactic
information and multi-task joint learning framework. The model is evaluated in the sentiment analysis task upon 4
English datasets and 1 Chinese dataset. The experimental results show that the proposed model is effective and
significantly better than other baseline models. At the same time, the results of specific case analysis prove that the
method solves the problem of multiple words and repeated words to a certain extent.
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KERRAF S, ToIE B U i i —Jo 4, (Han 2R A
RIIEARAE I ZR, it nT DL PE i 6] A 4 ) DT i A FR
P e DA Ot B X b3 (), 4 T — A T )
SR 1) 1 JR% = T A il IO 28, I R R B S o T HE AR,
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A BT 22 8] (9 AR AR DG R AT A

WE 10 78, “beef noodles were great but the
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Fil“service”, WAF7E Z A TEAH i8] B [7] 1 17 80t 1a]
F 1 P RIR I 1 AR G RS L S
11 “noodles” & J& 4 1] B9 — & 4, MR K AFE G R
“compound” 7] DL 15 2| “beef "5 “noodles” H KBk, 41
AR — AR JE PR A, SO AR AE O R “nsubj” AT
A W 32 s A4 1) X A PE A 1) great”, DT 43
BTt AR A 1) Sy BRI AN ) 2 38 A E A bR
(19 77 ¥ Al B T R R RN VA TR, (] I R 2R 0
PEA 1) e e 1) 22 [ A 9 T DG 3R LA R T o o 114 17 /%
BT 171, 5 J R A5 4000 BE 1 17 J8% = T 2H 43 BT 45 2R - “ beef

noodles-great-positive” F1 “ service-dreadful-negative” .

- - punct .
nsubj /cop “yconj J&@ 1]
noodles were dreadful !
lcompound A
nsubj | cc cop
beef service but was
ldct
the

beef noodles were great but the service was dreadful |!

Fig. 1 Dependency parse tree case
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Table 1 Type of Dependency Syntactic Relationship
F1 IRFAEXRER

AR X
conj HH 2 IFHIRIE
nsubj FATES
compound W
cc FHFIRFR
cop ESIG
det PSE ]
punct bREATS
ASCI TR EZA 3 AN

1) 0] rh A7 78 B 52 5 22 ) 1Y J M 1R AP
T], AR SRR T R T ) R Y AR A R =
TG il OB AL, G2 A AR R ) kA R R 1 o i 1 1)
B, P AR ) e ORI AR AR 53 BT X 3 A FAE S5, A
M4 w1 = o2 BT 55 A o 1

2) f# K 3% LW 4% (graph convolution network,
GCN) 5 4R A7 A 7L B > A Wl P15 s i A A 2, T AT
PR B T ) b R TR AR AR

3) FEAH IR = u AR 55 1Y 4 A5 FH 9 SOBUR 4R
1A SO L, T T AR SORE AR B 5 ol AR A (1Y
XL SE gy, IR T T A S5 X L S g ok i — 20 IR
BRI RE, SC 90 45 RR W T A SCREAY By A 5 k.

1 #HxIE

I AF SR AE AHORL BE % A A B pE R R R 2 AR
55, Q0@ PR GG AT S L T R TR A L T A T
T IR I 25 S = o AT 55 55

BT JE P R AT ST, R B e
PEIR A 215 43 2. N, Dong A T A
3 7 P 3 U 4 22 ) 4% (adaptive recursive neural network,
AdaRNN), ‘& AR #f B3 A #36) 2 8] 19 1 F SCRK A7 4]
PAE B, B I N R PR B 1 A% 38 45 H AR Yang 55
NPT — B DATE B T o8 A 4 XU LSTM (long
short-term memory) J5 ¥ 2K #F 17 3 F H 5 9 18 Jf 43 2%
1155 Tang 25 N EF X 2 Sy AL A9 Bl o5, R T —
Fvd i 2 B W R A Ok, AU AT R
PR N SR A S 0, 7 8 VR R I HLEL. Ak, Song A
N Sy i AL B R I 22 R 2% (recurrent neural network,
RNN) I B 770 >k 9 [a) @, 4 1 — B i 2 00 gt
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) B gm A AR oR EA L R SCRT E AR OC R, T
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o 24 7 IR VR B AL, O 4 I P el AT 5%
SR T 50 B 5 AT 55

ZJa, R EATT R R ORI B 2 A
FAL 55 AT 454, Phan 458 A1 SR K £ 19 05 2
il I R P T PR A R A3 S A e A BT SR
AR F AR5 05 5, BERL A A IR 4K, Ik, Ma
A NP AR B 2 2T J ) i RN A5 SR 4 2R AT 55
Bt T 2R R HER L ] $E 06 35 50T (hierarchical multi-
layer bidirectional gated recurrent units, HMBi-GRU ) 1
AU, (] B B R I 000 R SRR A . 2 T A 1 R
YRR S T RN AR B S, kA T £
M2 EVEA 18] RN 43 AT 55 Z [ A SQER G R Z e, bF
FEE VAR T R A BB, B He 25 A1 42
H B3 B AT 5527 > 4% (interactive multi-task learning
network, IMN) #5810 UL [6] 15 328 47 2 AT 55 B9 B A2
M BRI R BT — R B AR B ALE, AT LA E
RVEA ) 3 38 0 A SR 1 5 SUAR RO

Bi, Peng 25 A" $H T B MRS I = o4 MO
P O R K R 0 e U 1k 1 -
T AR PR AT 3], 2 )5 3 2 3 2S48 X T A ) A E
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Fig. 2 Our model structure
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W WD, BER bloP T 2 5 iy AL T A 22
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) F HAEAEIXP A B8 R ) 2 A Y 1)
XF, PRt 00 BB AT X g — TR X AT A3 AT Ak b2 )
) TCAR B, T X 22 1) 74 B %) Jag e ) R T AN dm] B, 4 R
X B T — N R AT 2 . B B ]R8 A
AIPE oAl i 2 (13) T3R5
§iju = [WOR™ 4+ p®1, (13
H s R BRI [, v 1056k AMRIR RIS 4, WO
FBOFRIRE kAR AY By 7] 2 2] KR A 2% .
SRIG , B softmax RECK H#EATIH—1k, si 0w
ﬁiﬂﬁ[xi,y;]ﬁﬁ%%ﬁ?é%%ﬂﬁ%%%.
8; jx = softmax(§; ;). 14
PRI, 7 SRS 43 A B 488 2 | X (15) s . Horp
8. A1) X ) L ST SRR ARE A, ke RN kA
PO G R A AL
Lo = —# g‘ Zk: 8. i In(si 0)-
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—JCH RS2
FEAAT B 18] L VT 1) R A I R O &R
J& » CAVES3 2545 2 1 IO S BE i, #E47 = sl
fr i, Wi 1 r7s, ] F “beef noodles were great but the
service was dreadful !”, J& 4 i $h Bt 25 & o (B,1,0,0,
0,0,B,0,0,0) 3 #it il il it 45 2R 24 (0,0,0,B,0,0,0,0,

(15

(16

252

B,0), 1% B AR M 43 B 45 2 4 (1, 3, POS), (6, 8, NEG),
Forp g7 R OR 8 VeI AT A ) R S — S BRI R
. DRt 30 2o 1 SR AR R 4 T 285 R B 1) ki I Je P )
ZAVEH IR bR 2, A AT R 58 B 0 = O, B 4 Y 1 IRk
=Je4H M ((0,1),(3,3),POS) FI((6,6), (8,8),NEG),
Hoip (0, 1) 3R 19 2 & 1417 “beef noodles” 1Y FF 4 117
BRSSO E, (3, 3) FR IS PR 1) “ great” 1Y TT 46
{0 B RSG5 H AL E, POS R i Ja 1 1) 14 17 80T 1) A
T

3 ;& g

3.1 ZRHIES

£ Peng 45 N "W 4 () ASTE-DATA-V1 % 45 4
1 Xu %5 AU R 9 ASTE-DATA-V2 $¥fs 4 1 % %
THAR AL AT VAL, X 2 DB R AR T 3 R
JT 45 A A B R 1 A FE AR S R Bl 4R, B
A+ lapl4, restl4, restlS, rest]6. X 2 NEUHEEE 1) BAKIE
BLUNE 2 R 3 TR, 3K 2 M EE SR AR A 3 A i
] BB . W A% . P M. ASTE-DATA-VI $U#5 48 v fikt
RT — o SN IR ] () = oA, Hrb s T
MR B =J04, ., “good food and service” iX 1) i
HEEA R “ good” ¥R T 2 A& PETR) “ food” T “ service”,
B AR 24> = J0 4, B /2 ¥4 5 ASTE-DATA-VI
A ARTE R HR 4. 10 Xu S A" RNFE T8 4
i — 20X B AR A T 58 3%, 75 3 — TR BE 48 ASTE-
DATA-V2. 3% 2 A58 B2 19 4 > St B4 4 48 ok |
SemEval-2014 task 4", SemEval-2015 task 12", SemEval-

Table 2 Statistics of Four Datasets from ASTE-DATA-V1
% 2 ASTE-DATA-V1 thi) 4 PER&EST

) lap14 restl14 restlS rest16
Bl
#S #+ #0 #- #S #+ #0 #- #S #+ #0 #- #S #+ #0 #—
Train 920 664 117 484 1300 1575 143 427 593 703 25 195 842 933 49 307
Dev 228 207 16 114 323 377 32 115 148 179 9 50 210 225 10 81
Test 339 335 50 105 496 675 45 142 318 291 25 139 320 362 27 76

TE: #S FORMTHRCE; #+, #0, #0RIFORBUL, ik, TR = o B

Table 3 Statistics of Four Datasets from ASTE-DATA-V2
% 3 ASTE-DATA-V2 Hfj 4 MIBES T

» lap14 rest14 restl5 rest16
Hitlitk
#S #+ #0 #— #S #+ #0 #— #S #+ #0 #— #S #+ #0 #—
Train 906 817 126 517 1266 1692 166 480 605 783 25 205 857 1015 50 329
Dev 219 169 36 141 310 404 54 119 148 185 11 53 210 252 11 76
Test 328 364 63 116 492 773 66 155 322 317 25 143 326 407 29 78

e #S FoRAITFHE; #+, #0, #rBIFOREWL . k. TEAR A = oo .
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2016 task 5.

BEAh, SRy ik — 20 RS 7R %) A R M, AR Sl R
PP 0 P18 TR S vb SO 2% O3 B $iis 4, B
AT SCH R IR = oo AL BUE 4, TR, SR A AR
T 0 77 2O e SO A A AT A 3L KR AR B A Y
Nk 4 fiow.

Table 4 Statistics of Chinese Datasets
F4 RS

A BRI TS
LSS
#S #T #+ #0 #—
Train 411 1568 832 67 669
Dev 82 336 249 8 79
Test 114 422 305 5 112

e #S FORF TR #T IR ZJC8L BRI #+, #0, #RIF0RBUL

it TR = o R

32 ZWRSHIEE

FE AR SCHY SE 50, i A B0 2R GloVe
a1 £ EAT 00 LG Ak, TR A 4 BE R 300, BT ] 2 2
£ 300, & & BEA I ZR 00185 2 8 =1, IE L2 50
y=10", K T G f it 04, # dropout B Ny 0.5, Y &5
1 B A AR ) RSB R 0.003, B U I 2 G AR A B
BatchSize B & R 32, AL S5 (1 6 405 &R 10.
33 XfLEsEig

R T B UEAS SCRERY A A ROPE, ] 5 A R A
HEAT T L S5

1) Pipeline"™ 3R F it 7k 2k 1) 7 2Rk A7 = e 4 B,
IR 2 B Be: 55 1 AP B SR GON 317 8 1
i) 1) 1 IR A3 S RN IE A Bl b G 5 2 S B BOR BT A
1) 5 P R R AT X

2)CMLA+"" & 1 CMLA""(coupled multi-layer
attentions ) 5 Y Pl K 15 2 1Y, CMLAR" % JH i 3 S 4L
il 2% 27 Jeg P 1) R PE A 1] 22 18] i A B OG IR S e, DA
W B bR JE P AE A iR CMLA+ & 7655 1 B
BUEMA T — A ekt = o,

3)JET""(jointly extract the triplets) J& {2 ASTE 1T
55 08 U — D HE T 58— bR &0 7 S bR AR 55, R A
V7 B R HBR T2 T 35 ok S 3 o 3] i A B A = JC AL Al B

4)GTS™ J& 4 ASTE 145 & X b — 140 — 1
MEAREAE 55, SR FH A A 1 J7 12 552 30 oty 31 s 1) =T
YA EUAE 55, Sl IR H A B0 BN JER AR ] AR, SR
Ji R FH 33X SR AR A5 B 8 P 3] -3 ) R Y ) 1R
T AR 232, B S BTt T T AR 1Y i B SR e R
(EEIFE R

5) OTE-MTL""( multi-task learning framework for
opinion triplet extraction) & FJ Bk & 4l Mt 75 =0, % AE 42
Sefl AL AL 2ok 2 2 3 AT 55 KA R AE,
SRIG IR T — A2 S AT 55 2 ~J HE 2R 3L [) 52 3 I e 1)
FPEH 1) (4 356 A il LA B — 3 ) 1 B O BR R T, B
LA FH A A% i R AR AT S8 BE ) = O ..

34 ZWHERMSW
341 SIEREER

TE A 5] 0% B4 B R0 S 90 PR B T, AR SOBE AL b
LAY I 35 A7 B I R 6F P 45 R AN 3R 5 o, AR SO
R Ho L 2 B AL B 52 7%, GON AE Il ok e rh it 22
THFEAR A If [, PRI AR A 22, (H R A SO A T 1
PR B2, RE AR PE BE S 4

Table 5 Total Training Time Results Compared with the

Baseline Models
#5 SEZ&ERNIIGEBRERITEER
TR F BRI R B TRl
CMLA+ 8748
Pipeline 11232
JET 9539
GTS 10620
OTE-MTL 9288
ARSCHRIY 12816

5 RE LR AR [ XoF L S B 25 SR N 3% 6 PR, 7R RS
P A BIF R F1 53805 T T BE LB AL FI A
SCREAY 5256 2% AR I U e AR 1A

£ ASTE-DATA-V1 H4fs 5 b 7 SO AU % {4 P B
T OTE-MTL™ B R, 76 K5 5 % (P) . £ [ 5 (R) Al
F1 80X 3 A HERE LK £/ T OTE-MTL™ B, 2%
TR 26 W AR SO R BE % A7 2 s 1) AR A7 ) 325 4 B AR
GOCN K 4R U] =2 ] 1) R 96 R AT, $2 85 = JC 41 1 4l
R . Xt T ASTE-DATA-V1 $dii 4, A SCi 5 L 7E
ASTE-DATA-V1 5045 45 19 4 A B8 45 110 F1 2 5L
It OTE-MTL"" £ 8 43 51l $2 7+ 1 0.22, 0.44, 1.74, 1.07
ASE 4y AL {H i1 T ASTE-DATA-VI1 $tdi 4 P2 T
T4y BE, B LI AE ASTE-DATA-V2 $¥i 4 - fi M
[Fi) F 5 20 85 7R B A7 X L S5 AE FL Ap BUOPERE R, AR
SCHEAY A TR AT A, A 1 BE 4 T I = 1 lap14 4L
PE4E L, F1{H 1A 5] 48.70%, Hb 3 P I A #5841 OTE-
MTLE 2 T+ T 1.95 4~ & 43 45, 1ii 7 ASTE-DATA-V1
B d 21 lap14 B06 48 LA SCRERL IR = T 0.22 4
A 5T AL, AT LVE AR SCRIRIXT ASTE-DATA-V2 4
£ rh b TS Y T A VE M 1 A B R 5 AH EE rest14,
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Table 6 Experimental Results of Different Models for Triplet Extraction Tasks
F6 ZEHMBESHARRERNTIEERIILL %o
" lap14 $Hfide rest14 $HidE rest]5 $iifidE rest16 $HidE
i P R F1 Dif P R F1 Dif P R F1 Dif P R Fl1 Dif

CMLA+* 3260 3520 33.85 +13.6 39.13 4786 43.05
Pipeline* 4150 47.69 4438 +3.12 4334 6480 51.94
JET * 5433 3580 43.16 +4.34 68.09 4794 56.26
GTS* 51.60 43.28 47.08 +0.42 7572 5139 61.22
OTE-MTL* 4590 4873 4728 +0.22 69.47 5454  61.10

AR 5280 4312 47.50 0 70.11  54.83  61.54

+18.5 3450 3779  36.07 +174 4374 3991 4173 +179
+9.60 4390 51.56 4742 +6.08 4730 63.84 5433 +537
+5.28 59.32 4481 51.05 +2.45 66.24 5040 5724 +2.46
+0.32 64.83 4640 54.08 —0.58 60.70 5933 60.01 —0.31

+0.44 5930 4593 51.76 +1.74 63.81 5424 58.63 +1.07

0 57.11 5031 53.50 0 60.24 59.17 59.70 0

CMLA+ 30.09 3692 33.16 +15.5 39.18 47.13  42.79
Pipeline 37.38  50.38 4292 +5.78 4324  63.66 51.50
JET 5484 3444 4231 +6.39 66.76  49.09  56.58
GTS 58.02 40.11 4743 +1.27 71.41 53.00 60.84
OTE-MTL 5426 41.07 46.75 +1.95 60.90 5845 59.65

AHEAL 5585 43.17  48.70 0 6545 5806 61.54

+18.8 3456 39.84 37.01 +15.8 41.34 4210 41.72  +20.7
+10.1 48.07 5751 5237 4043 4696 64.24 5426 +8.18
+4.96 59.77 4227 4952 +3.28 63.59 5097 56.59 +5.85
+0.70 64.57 4433 5257 +0.23 70.17 5595 6226 +0.18

+1.89 61.76  43.30 5091 +1.89 66.52 55.87 60.73 +1.71

0 59.23  47.63 52.80 0 68.83 57.13  62.44 0

TE: POARTAR, RAHIAR, Dif A SCRAI LILAMAR F1 M SRTIEE ; a8 S AL 1T J2 ASTE-DATA-VI Bdlaf, A+ S aBRIH Y

J& ASTE-DATA-V2 $dladt ; RARBUE R S i RE.

rest15, rest16 B, A SCHRIVERA r i T, #H HL OTE-
MTLEY AR, A SO R T T30 2 AN 4 . KE2 4L
T B0, A% SCRE R AR RS B 2R 0 H R AR A0 T 0L
il LR BT 3% 638 & B, Wi K Z BT Pipeline Al
CMLATE A [0 58 |- B B4 (1 45 1, (H iy A 0 %
B, PR IR AR B R AR PR R A 25 X TS ASTE-DATA-
V2 BRSSO RLTE 4 BRI B9 PERE L OTE-
MTL #5802 542 T+ 1 1.95, 1.89, 1.89, 1.71 /N1 43 A4,
Lt 7E ASTE-DATA-V1 $d64E b ()27 B Dif #i s . ik
Ah, FE K Z B BUT, A Ll H: b 35 2R AR AR SR Y
f£ ASTE-DATA-V2 H#ia 4 I i $2 7+ B Dif #5 B 18 =
T ASTE-DATA-V1 #4848 I 942 7+ FE Dif, P A 3¢
R N6 5 A VT ) AT — o 5 B

b A U I PN (R R N S E S A T DO
B () 18 L R AT F AT 55 19 X L S 56, filiH] ASTE-
DATA-V2 50405 45 56 53 Bt J& 1 1) R A0 1l 4l LT 55 19
PERE, X L5280 45 B n 4 7 fir /. 5 OTE-MTLP 4544
XoF b AT A Y A R TR AT 55 (ap) T, A SCRE AL A
ASTE-DATA-V2 #4542 L4848 T OTE-MTL #15, #%
A 42 TF B 00 RTE lapld BUIE 4R T OFL 4y Bk B
76.41%, ¥E T+ T 2.95%. 1€ P i) 4 BUAT: 55 (op) Y, A%
SRR ER AL T OTE-MTL A5 5%, 4 BE $2 71 Fe 85 114 S
e lap14 BG4 I F1 5y B0GE 5 73.69%, $2T1 T 1.7%.
A R RE b, AR SCRERI K £ 8 T OTE-MTL B A,
IR SRR AR I RS I 3R R T OTE-MTL £2 Y,
HJ 7 B AR PERE F1 4350 b A SORE R 24 05 A 47 1

Table 7 Experimental Results of Aspect and Opinion

Extraction Tasks
*7 BHERMTEMRHMBESHKEERITEL %
R SCH

OTE-MTL

kST S
P R F1 P R F1

ap 73.70 7322 73.46 73.79 7922 76.41

lap14
op 7477  69.41  71.99 7143 7611  73.69
ap 75.03  80.78  77.80 76.75  81.56  79.08
rest14
op 77.28 83.26  80.16 82.50  79.02  80.72
ap 76.81  73.61  75.18 7599 79.86  77.88
restl5
op 72.59 7180  72.19 71.52 75770  73.55
ap 68.93 7854 73.42 67.96 81.19  73.99
rest16

op 80.66  82.53  81.58 80.28  85.68  82.89

T ap JEPERARAES, op SHHMIRANEITES , BAR(EIR Ry
TERE.

gL gE R 5] A B 22 A Y A AR AE G R R
e 1 i RN DF 3 il AT 45 35 A AR R T, A 2
PRI Sy 2 1T X 22 1) 20 B 1) Ja 1 ) APE A GRS T
A AT B, A SRR R AR L S 4 4SS D B A5 21 B v A A
EiHNES

FE TR 09 5 P36 P SCBUE 4R R, AR OB
FEER LI %) L S BG 45 S a2 8 . 7E = Ju AL it
1T 55 (triplet) H1, A SCHIRY AR L CMLA® 455 700 48 T 1R
K, M OTE-MTLP BRI T T 1.2 4 E 4345 768
P 1) 1 BUAT: 55 (ap) 1, 7R SCAE A A H OTE-MTL® £
R TE T 3.23 AN 43 55 26 PF A il il U 55 Cop)



X JRIR S+ T /) 1 R %) 2RO U = T 2 b BT vk

1657

AR SCHE T A [ OTE-MTLERE B4 T+ T 0.47 4~ 'H 43
A S 2 L SR W AR SO R X e SRR B A R R
T A = e 4L BLZE B F1E s B 43.29%, 548
TR A DN R A R SCROE S B 2 B Rk,
SO B S0 B 2 AR E S R ZE R, B
JE = T U 55 78 v SCBOE A T 3 T I 3 R Pk A

Table 8 Experimental Results of Different Models on
Chinese Datasets for Each Task

*8 BESPAEERERIHIEE FHTRERMLE %

1155 7%} P R Fl
CMLA+ 14.93 28.91 19.69
triplet OTE-MTL 43.90 40.43 42.09
AL 4597 40.91 43.29
CMLA+ 64.80 62.15 63.45
ap OTE-MTL 66.18 69.59 67.84
AL 76.33 66.49 71.07
CMLA+ 58.87 55.18 56.96
op OTE-MTL 62.16 59.76 60.93
AL 60.32 62.52 61.40

VE: triplet Jy —CAUMIRIES , ap WIRFERMRIES , op JiFHidfuR
(155, MARBIER R R,

F g o i
M2 6 AR 7 1 5290 45 S T LIS, AR SO
FE AN [R) B B4l 4 1 39 00T H A L 2. CMLA+A
Pipeline 1 78 5 ] 9 J2 i K 2 i 05 5K, i 26 6 T 153

342

IR 7 1 AR TE A R A B, H 2 e
FRORS i R AIG, TR ON K R R = e AT 55 0
R 2 AR AR AR I Gt B R A R BR b, W)
BRI R T R 2, T BUR A 45 AL JET, GTS,
OTE-MTL A5 Y J2& 5% R A I 25 1 5K, AR G i ik o
TR K e O R 1 ) R, BRSP4 AR AR SRR
R R G IR o7 38, IF iR 5l A T A) (5 B
SR 4 T ) TR AE, 7E X AN 1] B DR, AR SC
AR A P TR i B L DT 3] el BORT = o0 2 4l BUAT: 55
Hu] DLEUAS 5 25 L DR b nT LA AR SCHE )
BEARAE N FB R 48 % = S0 AT 5 — 2 1Tt
175 W0 2 )R DT A 3 A AT 55 v, 2 DX 22 R
JORC PR i A B R A ) B R £ S AT LA o ofe
Tl 1 A5 AT B4 5 15 5. A S M ) R F 4 3 A DT
B 1 3t R v, AR SCRE R R D AR AE AR B AT DL SRR
TGO A BE T 25 5%, DT 5 A 2 1) o it
3.5 EOIoH

R Y0 AR SR Y 0 R R R R = 0 2 il U
35 B R BE T BB, AR SCAS BB 15 BT ORELRL B 15 JE 4 BT RN
2T B A R BT A L. N 9 T, KUK BE A% B M
S O3 BT EEAN ) RN IR, An s 2 AN FES 4 4B
AR, 2R A 2 A A e B, R A R A
BT AS 6 A B b A5 30 43 A J 28 ) F 1o 19 19 J it o, e
ASBEAT B3 PR ) X N A A 3R] T AR SC ARG AR B
=70 2 A BURSE AR R LR R M S R ) v ) i

Table 9 Case Analysis

Fx9 RBIHH
HAA AT TRE
ZAIE L i) R P O
HULE AU CMLA+?" OTE-MTL"" S
15 &G b 151G b
EAT| Try green curry with POS ( green curry with ( green curry, Try, ( green curry with ( green curry with
Ja M1 vegetables . vegetables, Try, POS ) POS ) x vegetables, Try, POS ) . vegetables, Try, POS )
After really enjoying (bar, enjoying, POS ) ,  (bar, enjoying, NEUx ) , ('dinner, enjoying, ('bar, enjoying, POS ) ,
HE ourselves at the bar we POS (table, enjoying, NEU ) , ( dinner, enjoying, POSx ) , (table, enjoying, NEU ) ,
PTHrin] sat down at a table and (dinner, enjoying, POSx) , <), (dinner, enjoying,
had dinner. NEU) . (x) . (x). NEU) .
friendly, P
( owners, friend Y 0S), (owners, friendly, POS ) ,
. ( owners, fantastic, POS ) ; .
The owners and ( owners, friendly, POS ) , ) (‘employees, friendly, ( owners, friendly,
e . . %, (employees, friendly,
HE employees are friendly (‘employees, friendly, POS) , POS,) , (employees,
o L POS POS) , (employees, . . .
JE kiR and their pizza is POS) , fantastic. POS ) . ( pizza (employees, fantastic, ~ friendly, POS ) , ( pizza,
fantastic . ( pizza, fantastic, POS ) . e ,dl POS,) f ’ POS) X, fantastic, POS ) .
riendly, , . .
f: P .
( pizza, fantastic, POS ) . ( pizza, fantastic, POS )
The pizza s delicious ( pizza, delicious, POS ) , . . ( Pizza, delicious, POS )  ( pizza, delicious, POS ) ,
they use fresh ( fresh mozzarella, fresh,  ( pizza, delicious, POS ) ,
. ; ( fresh mozzarella, ( cheese, cheap, NEG ) ,
e mozzarella instead of POS) , (pizza, shredded, NEG ) x, ..
EA-R 1o oh ; os ( cheese, cheap, NEG ) (x) delicious, POS ) x, ( cheese, frozen, NEG ) ,
iRy the cheap, frozen, P > P, ) ’ (x), ( cheese, shredded,

shredded cheese
common to most
pizzaria's .

( cheese, frozen, NEG ) ,
( cheese, shredded,
NEG) .

(x),

(x). N

(x).

NEG) ,
(x).

TE: xFoR ISR =il
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i) K JHEAH I 1) 22 15 SRt [ 0 DT X 2.

h T i — 2B A G P, R ER FLE 2 A
XF#E/INAY rest16 A AR B EB A3 AR AR AT 22 9 4 AT
G5 RANER 9 Frs.

4 181 % 22 1] @ 1 1) 3 R I 0 B, CMLA+AS R
it b Al S 438 J& 4 3], 1] OTE-MTL AR SCAR 7Y A
A I i 245

M2 A = IJoH A B IPH iE B, CMLA+AT OTE-
MTL #RASREHH R 2 4238 10 =, & £ R —&B5r, M
AR SO R AT DAl BRCH 4350 = Jn 2. 7 I PR Sy 1) A A
BB A ) IEARATE R R, TR 24 2 1 #2417 enjoying
& P 16) table =2 [R] 1941 15 5C REX R AN K.

YA 7E T B P B, CMLA-+¥ T A& Al g 1Y i
Xof 175 190 0 4t B 1 5, OTE-MTL J 45 % 158 10 Xof 1) 155
AR 2, (HJEARIBA 1 AN IR I = JC 2 T AR SO
TR BE o B HS 435 A9 IE 1 = oo 4l A 2 A B AR I
XF. 5 CMLA+I Ry A 2 2] J Pk 1) FF- A i) 22 (8]
1K 1 O R, = BOUC C 45 R 5% 22 85 K T OTE-MTL
AN A % A AR B, B0k JC O 1Y J& P n) -
PEAN )7 Xl 3B F . AR SCRERYANA 2% ) T A4 55
Z I BKHR O R, R BT AR AE R B = ool
()0 B, /) 3 D BB g ) % HE R o 2

> T — ] 3 AR TR 20 1% R 1) B A Y
J& P 1R A 17 L IR, CMLA+FT OTE-MTL 45 A3 4B % 45 il
B 480 0 = oo 4, Ho v 358 40 = o0 A1 %) 155 JE A ) Al
AR, R I CMLA+FI OTE-MTL # %1 75 [ %} &2 2%
(1) 22 17 8% /A - B, AR E A 24 b 27 > 31 3] % 22 (8] i 1
JRAGE [ Y DG B . T AR SO A AR T — A BT R 4
S R R B R AR /R 3 R AE J2 A 8 s )RR A
T SCRHE, R 22 3k AT 55 2 I T LR ) R AR
2 > B 1) Xof L TR AR OC R AR SCRERIBR T — A
ST A IR, R R B = on AR AR B T AR Y
SR XA FE R AR I B O i = e A AT
M i 2 S M ] (1 — 5 43, 1 AR SOR R A 5 R B X
i .

XF T Ja M 1 IR e Ay B, B 22 ) B A ik
5 A BT RO SR A A H AR A i AR SCER T
e ) 3 R 110 20K JEE A IR = n A U RSl T
Z 15 E 1) Ja W 1) FRF ) il IBCAE 55 B AR A A T
PR AP B IR AR Z A, I, $2 i T
— ol 3 TARAY R vk 8 1) 22 AT 55 o ST HE SR, K

A7) AR B A A BRI 45 7543 1 JH SR i) 22 (8] (1Y
A AT A2 TR R R RR R IR R A 9K 5 H A TR
EAEITEZ Sk AL S, 34 TAE 55 AT Bk & o T il
Mribi 58 8 =0l 15 4 I OB 14> SOl
B BB 7XF e Se g, AT SRR 1A SR R 4 A AL
M. SEER 45 R R W, 28 R A AR A R = o 2 4 B
AT B R A AR TR I 3R IR A R k£ S A B
Tl PR B, PPN R O = o BT S5 25
i 25 5827 2] DA 1) il U 55 R0 UK #0355 2
[ F) S IR A T, 451 G ) T SR A 3t ATL ) 4 4k BB 45 2R
4 5 A% 338 B I OB AT AT 55 P, BB TR 55 2
6] A 52 5.

EETMAER: X R ER B E S B E BT
E,AREBRHBERSERAL; THRERFEL
FGE FEH T TV R TR o 28
Keosh TAE; M ABF E I B B B A T F
i FRT R wEART.
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