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Abstract

In recent years, there has been a lot of research focused on classifying the senti-
ment or polarity of reviews written by users. The task of classifying the polarity
of a review (polarity classification) is a type of document classification, which
is one of multi-class classification problems that predicts the polarity of a text.
In general, supervised machine learning methods are frequently used for polarity
classification, but there is a well-known problem that the performance of polarity
classification tends to be poor when the domains of training data and test data
are different.

To tackle the above problem, a technique called “domain adaptation” has been
studied to reduce the difference or gap of two different domains as much as possible.
Most of current domain adaptation methods on polarity classification of a user
review have generally focused on a genre or medium of a text as the domain, but
few studies have focused on an aspect. Aspect-based sentiment analysis is a task
to classify whether an opinion expressed by a user towards an aspect of a product
or service is positive or negative. However, since different labeled data is required
for each aspect, a similar problem of ordinary domain adaptation may occur in
aspect-based sentiment analysis, i.e., difference between training and test data of
different aspects may decrease the accuracy of polarity classification.

The purpose of this study is to propose a domain adaptation method where
an aspect is defined as a domain, and trains a model of polarity classification
for a certain aspect that is different from one in the training data. Specifically,
to automatically construct labeled data for a target domain, we combine two
methods: (1) a method that automatically determines labels by using Bidirectional
Encoder Representations from Transformers (BERT) trained from source domain
data, and (2) a method that automatically generates labeled data for the target
domain by replacing sentiment words and keywords in sentences of the source
domain with those of the target domain. Here, the source and target domain refer
to the domain of the training and test data, respectively. Finally, the automatically
constructed labeled data is used to train a classifier that determines the polarity
of the aspects in the target domain.

Labeled data of the target domain are constructed by the following two methods.
The first method fine-tunes a BERT model with labeled data in the source domain,
then uses it to annotate unlabeled reviews in the target domain with the polarity
label. In this process, review sentences are discarded when the probability of the
prediction of the label is lower than a pre-defined threshold, because the assigned
polarity label may be incorrect. It enables us to construct high quality labeled
data.

The second method builds labeled data of the target domain by the following



three steps: the extraction of domain specific sentiment words and keywords, the
generation of review sentences of the target domain, and the filtering of the gener-
ated sentences. In this study, we call this method Cross Aspect Review Generation
(CARG). For each source and target domain, we first extract the sentiment words
frequently used in the reviews of that domain, i.e., aspect. Sentences in a domain
corpus are split into words, then the polarity score for each word is calculated
using the part-of-speech tagger and the sentiment dictionary, SentiWordNet, then
words whose sentiment scores are greater than or equal to a threshold are ex-
tracted. Furthermore, “domain specific keywords”, which are defined as words
frequently appearing only in a certain domain, are extracted. Given a collection
of reviews of different aspects, a set of reviews about one aspect is regarded as a
single document, then the TF-IDF of a word is calculated. The words with the
highest TF-IDF values are extracted as the domain specific keywords. Next, a
new labeled sentence in the target domain is generated by replacing the sentiment
words and keywords in the labeled sentence of the source domain with those in
the target domain. We use the Masked Language Model (MLM) of BERT for
word substitution. Finally, for each generated sentence, we measure the pseudo-
log-likelihood (PLL) score, which evaluates the fluency of a sentence, then filter
out the sentences whose PLL scores are low.

We fine-tune the BERT model using the dataset constructed by the above two
methods to get a polarity classification model for the target domain. For fine-
tuning, Focal Loss is used as a loss function to alleviate imbalance of polarity
labels in the training data.

To evaluate the proposed method, we conducted experiments of domain adapta-
tion of polarity classification on the restaurant dataset and the laptop dataset. The
former consists of reviews of five aspects and the latter of four aspects. The per-
formance of polarity classification was measured when one aspect is chosen as the
source domain and another aspect as the target domain (called cross-domain set-
ting). For comparison, we also performed polarity classification where the source
and target domains are the same (called in-domain setting). The evaluation cri-
terion is the accuracy for cross-domain, and the micro-average of the accuracy of
five trials in five-fold cross-validation for in-domain. We compared the proposed
method with the baseline methods and the method of previous work with respect
to those evaluation criteria.

The results of the experiments showed that the proposed method outperformed
the baseline methods in terms of the accuracy for 17 of the total 20 pairs of the
aspects in the restaurant dataset. Compared with the previous work, the proposed
method achieved the better accuracy in 14 of the total 20 aspect pairs. Comparing
the systems with and without filtering of unnatural sentences, the accuracy of the



former was better for 12 of the 20 aspect pairs, indicating that the filtering was
effective. Comparing the systems using the Focal Loss and the ordinary cross-
entropy as the loss function, the accuracy of the former was the same or higher
for 15 of the total 20 pairs. The use of Focal Loss was effective in this experiment.
The average accuracy of the proposed method using both filtering and Focal Loss
was 0.658, which was 0.025 and 0.013 points higher than the two baseline methods,
respectively. It was the highest average accuracy among all the methods. Results
of the experiments on the laptop dataset also showed that the proposed method
outperformed the baseline methods. The best result among the compared methods
was achieved by the proposed method that did not use Focal Loss as a loss function;
its average accuracy of all combinations of the aspects was 0.801. It was better than
the two baseline methods by 0.011 and 0.007 points, respectively. Compared to the
restaurant dataset, however, the difference of the accuracy between the baseline
and the proposed method was smaller. As for the comparison with the in-domain
setting, for some pairs of the aspects, the accuracy of the proposed method in
the cross-domain setting was higher than the micro-average of the accuracy in the
in-domain setting. Since similar results were observed on two different datasets,
the proposed method is robust in the sense that it can be applied to any genres of
the review.
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DUREN R D ENZ L BR L 72,

HISE H)INE BERT EFVEREE T F R s DX F X bkt (BIGHHT) (2
WTW3 21]. £73, HAGEMO Wikipedia 77— &t v Mxt U CEd) 2 il %2
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TV, KB a— 2 Z2/ER L, #81k BERT E7 VOFHATFEEICHWS., X
BIZ, BETFAMIEINA TV HERUITT 27 Z2 HE T 572912, BERT
774 Fa—=r 735 BRIWEERVAYFvy—ilBaORNET—%tv b
Ao, Zo7—=2ty M2, BEXUCBERA (BT 4y F v —) IR L TT-
727 —FHBEDOHIETF X MIXL, =XV 4y F vy —DRHL TV RXUS
K32 HIMT (5 BRERHET TRV, TRV, TEDLS RV, oMy | M
W) EERTWS. ZOT7F—&%E2 7 X L26H], 28], 28NTHEIL, Zh
2RI T — &, MEET—&, FHfiT—X 2 LT, BERTETLAD7 7 A VF 22—
VMR T o 2. EEROFER, BERT T LOfHICE - T, TRV O
HEERE, MOLTDOIRNVIIBWTHEE, BHEX FEPEITMR L IEXT
WELZZRLE. BB TFAMENRE LEEDITICT 2 BERT €7
NDENEDTER SN,

2.2 MBHEFEEXNRE LICHEEERICE S 53T

AREITIX, % 2 UCitd 2MMHE 2 MR & U7 miisuE sz B3 2 s = 4
NI 5. TOXSBRIATHRIZEFEL TN 5.

Blitzer 513, Structural Correspondence Learning(SCL) &\ 5 FEIBGHE IS D Fik
ZRELTWVWS[9). Y—ARXAL Y ERXR=T Y FRRXAL WS 2DDRZZ 7
BOTXFANT—=XDBHIZERETS. V—ARXL VDT —XDAIERD 7N
AHBMFEINTOERIICENT, X—7v b KX A VDT — X OMIEHEDIEMR
Rem btz ZHNET 5. SCLOFETIHE, V—RARKXAfe&x—=Fy
FRXA VDT NUFFEINTOWRWT =X EZHWT, M XA @S 25
HEEEFHE TS, OF D, HEBD KX A4 Vibiz > THEICHE L2 OB
FUL TV AFRHEEEZFEA T 5. Blitzer 51X, ZOHET 2K#GFE% “pivot” LI
o, el $ 5. 2L T, pivot & 2L DZENMEE OFBEREfRIZ L - T pivot
TRBRVWERMEZEIRT 2. S, &=y b FX A YOMEHED D EET LV E
RO XS5 EET 5. £, 2200 FX A U THIIT % pivot ZHI 3 5. I,
20D FRAXAL VDTNV LT —RIZBU 3% pivot D HELE FHIT 28R pivot
THlIgR 22 5 Z & T, pivot Rl o2 TORHK & OHBE = D FHE T IVITHE
HXE5.

Books, DVD, Electronic, Kitchen D 4 DD KX A4 > DL ¥ 2 — & ZOMM: >
NP EENTT =2ty P HWTHHEiESRZ1To 7. EFLD SCL &, pivot
FEIRD & ZWHHEZ TR S HAEEHRE (Mutual Infomation,MI) $FIH3 % SCL-
MI & WS FEZHE LT, V—ARXAL e R—=F v b RXAL VDFERLTTHSA
Y RAXAL VOEBTIX, 40D R XL v DOFRZIICOWT, WMEHIEDIFRERIX
80.4%, 82.4%, 84.4%, 8T.TNTHole. BB F AL Y ZMRITLIZZ B A F X
AV DEFRTIX, Book %Y —RZX RXA Y, Electronic#X—%7 v F KXA e
BAALN O AE DEICEWT, SCL-MI % SCL & b @EWWIEfFRE R L /2.
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Rietzler 51, Y—=AFRXA VD IRNNUNETFT—XTBERT 27 74 >V F 2 —
ZUZTBENS, B—F 9 P EXAL VDTN LT F A NEHNTBERT 0%
BIEE 2 HETS (DUF, THHEREE ) CER) 2 CHEGEIL 1T S FIEEZIER
L7z [14]. %7, BERT €7 VOHHEFYE DBEOFE R T v TRDMMEHIE D%
BRICH X B8 0 LTz, ZZTO¥ERT v 7L, FAiFrE T —X2DXD
BX TRy 7R ERIN, FRIFEICHO S XORE (IENE) 22T, FEC
¥ SemEval 2014 D7 —&ty bEHWE. ZOTF—&Xty ME, Ty Ty IR
VAVELAFSIYD 20D KX AL L ZOWT, BN EI T —&
Thb. BEREEHIHES T—X+E vy MZX > TBERT-ADA Lapt, BERT-ADA
Rest, BERT-ADA Joint D 3 DDETIILZMHEEL /-, Z Z T, Lapt, Rest, Joint
X, Sy by, LAMIY, WADLE a— 2 HEREHICHWEZ L 2ET.

FHMEERR DA R, BERT €7 /VOBEERIFEEIE, MEHE X X7 OMREICKZ
REERBZ B eRbholz. FHAT Y TRPERICEZ 2B IOWT, L
A FT Y EXAL TIRFEEHRT v TED 250 HIEE DR T b MERED M | LAk®D
ZDEHL, v by T RXAL T, ERROKERE EZ2E2 7201213
KTH 1,000 FD2EERT v TP ETH 72, LALF T —XpFIfT — %
MeZy 7y AT 5358, BERT-ADA Lapt & 7LD IEERIX 77.92% T
BOEWIEBREZRLE. V—ARXA BTy Fhy FTE—F v P XAV
MLZAFZ D=, BERT-ADA Rest E 7LD IFMERIZ 83.68% & 72 b, FHIHE
5% 1Tk XLNet ¥ BERT ICEBAR—Z2F4 Y2 HRT 127 £ 3.61 4 >k
M L7, BERT-ADA Joint IZ2OWTIE, v 7 by T VLRI VORAFEE
HOETHIFT — & & L7254, BERT-ADA Lapt % BERT-ADA Rest & JERTE
WIEfRRNG SN,

H o, IGro&NZs UiEEEIC O FiE e LT, BERT OHGEH DAL OF]
%z A72 [16]. BERT IZ X o T & 2 HEEHDIAADFEER Y ML L D
FOREANT MUVEREL, hE2RMe 3208828355, BERT O
EATE D HEEHDIAARETIE72 L, 1 DO NOEOHGEHDIAARTE ZFIH L Tk
R MVRHER T 2 FERIER L. UL, BERTOBRENVEIDSH 1O RD
J&DIDIABRILD D F XA IZRHE U2 WHEE DI 72 BRI X 1T
W2 EWHIEZIHDL., T, XE AL T Bag of Words 7L & TF-IDF
PO LEDREANY ML, B1ES. R, dBHETLICHEIL, FOHEEY %
BERT IZANI L, HEEHDIAARIINZ1E 5. & A8 O BEEH DA AR )
SESGNBIEERT "Lk vy T3, & EMED 1 O TOREDHGERDIA
AREFNDSIESLNEFEIRT bLE v, 8T 5. v & vy BHEEE LIRS ML
[0p; Vo] ZXE d DRHERZ bLEL, T E AN T2 3OD=a2—F 1%y
P2 MEHED IR LTHEET S, 7, [u; v ZREANRZ bk
T AR TEER—A 74 2 L, IR T 3.

FHMEEBR T, Amazon DL ¥ 2 —EDTF -ty b2FEHLL. ZO7—
Ry MIFARS v Y ALDLE2a—%2ELH, ZD 55 Books(B), DVD(D),



Music(M) D 3DDY ¥ V% KX A4 e L., fEEOMAGDEE LTIE B
—-D, D>M, M—B, B>M, M—D, D>BD6#EHYDNH3. I TKH
DEFY —ZABRXAL Y, HiEZ—=09 P RXAL Y EROT (VY —ARNXAf V>&—
Fy M RXAY), EBROMFE, M—B, B—>M, D>BD32(26EH DM
AEDEDFEICH T2 2) DIHAEDLEICONWT, BEFEDOEMRIIRN—R 5 A4
YFiEEEAo. S0, REMEXID I DOFOREEID X HICMIOFED
HEEM 0IAARIY 2 W THEE SN B0 ZFH Lz, ZOME, M
—> B OMAGDOETIE LS 5 FHOMEDHGEH DAL Z W L ZITHRED
ERREIGF LNz, LaL, 6D D FX A Y OMAEDEDFHDIEMRTI,
BERT O FA 8O HEEH DAL L Wz & EDIEMEI RS EL, TOREIE
CIEfRRME T T 2 AR S .

Xi 1%, Category Attention Network(CAN) & WS ETFINLZERL, CAN &
Convolutional Neural Network(CNN) Z#i& L7z E 7L (CAN-CNN) ZHEXR L7
19]. Y—=A XA e &R—=7v b RXAL ZHBELTHEDLDNZIFEE X—F v
b RX A VICEBOREEEZR—W R T2V EHREE R L, 2oz HEN
WHIN S 5 Z & CHEEBGEICOEREZ A L X8 5. CAN & Category Memory Mod-
ule(CMM), Dynamic Matching(DM), Category Attention Layer(CA) D 3 DD %
Va— oI TNS.

% 1 @ Category Memory Module TlE, Y —ZA R XA VDI &7 —&Xp
SRRANC X > TAH TV EMEiEZ M3 5. F£72, CMM % domain-aware CMM
WHEBELT, =7y b RXA B2 73V EErmtis 5. 73V
JEMFEDIEMOHFER Y V% 7 Y XL, ETAVFEERCATIVE
MFEOEADDIER L R/IMET 2 Z L THEERY LR - B HiT5. 20
Dynamic Matching 1%, HFEHDIAAZERICBWT, HFEMOBLIE % HFER T b
NDaYy A YHELETHD, ANWXOEFELRHBEU L koA T3
JBMFEZEIIC~ vy F > 7 EH 5. 53 D Category Attention Layer TlE, AJIX
DFHENZ ML EGZEE, DMIZXo Ty FrrEnkhraVEgliEEr AN
MIHBAERHSET, #7323V (FXA4Y) ORIz RMEE2 X517 ML
RS 5. WMEHED AR LT, ®mEDORT M2 A L7 CNN ET L%
¥HET 5.

FHfSEERTlX, Customer Review, Amazon Fine Foods, Movie Review @ 3 O
DRXAL DL a—moflShsmEHEDT—&ty b2HHALE. 620D
KX A Y DMABEDEIIOWT, EBFEL L NTEHBDN—Z 5 4 ¥ FHROM
THIEDIEMRZ I L7z, ZDRGR, RETFED CAN-CNN IF, BED F X A4
YORIZONWT, R=ZXF 4 YFEIDDEVIEERIE ST,

Yu 513, Cross-Domain Review Generation(CDRG) & FEXAL 2 $ L W IEIEGE G
DFEERRELZ 20, ZOFETE, YV—RAFXAL Y TOINIUTEL L 2—
MHR—=79 P REXAL VDTN ELE 2 -2 HEINICERT 2. 75, V—
A RXA ZEEOBMRED L IREHEE~ R 735 Rk —2 >~ [MASK]



WETZ) Z2Ii2&D, Y=RXARXL DL Ea—% FXA IHKFELRZWL
LB 2 =3RS 5. R, SEETAERVT, 20 FX A VIKFLZW
LE2—XD [MASKIIZX =7y b FXA YOEBEDOEMED L  IXREEZ M
HDBEZELT, =7y FRAXAA VDL Y 2 —XIEHT 2. F#IT, End-to-End
Aspect-Based Sentiment Analysis(E2E-ABSA) & Aspect Extration(AE) X 2 71
BWT, Independent Training & Merge Training @ 2 DD 75 2 CHEBUEIS D FER %
179. Independent Training Tl&, HEIAEKREINIRX =7 P KX AL DL E2—
XDAZHMT —X &3 %. Merge Training TlX, Y —A KX A DI~} =
T—REEREINTZR—FT Y P RXAL VDL 2 —XOMGFZIIET—X 5 5.

FHEZEERCld, Laptop(L), Restaurant(R), Device(D), Service(S) D 42D K X
A DL Ea—D6BREINET—&ty bWk, HEBUESDFEBRE L L
TINH 42D KX A4 YDA EDEZIESEE, Laptop & Device (ZIFFIZEITW
b7z, FEENRPHERWZ. D R XA > DIAEDHEIZE VT, Independent
Training & Merge Training I & o THHMZFE L. FATHIE L ORNIERZRLL
D70, FHiifEREE Y LT Micro-F1 2 a7 2\, EEROMEER, Independent
Training Tl%, 37455 CDRGICXBEMRLIZIITBERT D7 74 ¥ F a—=
¥ T RIToIETIND Mirco-F1 22 71X, BHFONR—ZF 4 % L0252 e hb
ole. ZAUL, FXAVICEBOEMNRE - RIGEZERT L2 TX -7 v b
RAXAL DL Y a—X&4MT %5 CDRG DT Fu—FOFEMEREIET 2D DT
H%. F7z, MergeTraining, TROLBEMINIZX =7 P RXAL DL a—
EV—=RARAAL VDI E L2 =%~ —TF 5 Z 8T, Micro-F1 22 7»
HiZAETd2Z 2R

2.3 BERT

BERT (Bidirectional Encoder Representations from Transformers)[7] 1%, HAS
B DRR 2 72 X 2 7 AT Z 2 INHNR KRR EEET L TH 5. KHEITI,
BERT O#f#E 2 #/19 %. BERT O¥E X, HAFEL 774 VY Fa—=vrL
W) 2ODFE P HLMMENSG.

BERT OHHFAE L I1E, FANCKED IRV RLTF A M 2HVWTRED X 2
I E LB WHNARSHEET V2 FEET5 I8 THS. ZITONHNEZS
FEETNAEIE, XEREIXOMITHL, ZoEKERITMRERIL G525 ET L
7.

BERT O H[%# 121X, Masked Language Model & Next Sentence Prediction
D2DODRAT DB 5B. Masked Language Model T, ASITXD—H % [MASK]
EWVSKAL -2 VICBE#RAS. 2LT, BEMALX%E BERT IZANL,
[MASK] OfEBICHI T 2RNEHEZ THIT 2 WS XX 72 Z e THE
BETNERFETS. OFD, YR EINLHERED OHENLL THIT S W0
STMDHDR R THA. —7, Next Sentence Prediction X 27 TlX, 2 0DX
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BEZoNE, ZNO0EGE L THERT20E02HETERRA T 2L Z
Y CHHEREETVEEE T 2. BRICIX, 200 ANTXDOM% [SEP] &\ 5 %
PRy —2 o CHEfSEL, X 5ICHEIC [CLS] 8 WO S ORR N — 27 v 245 L
72 1T, BERT OHEBIC AN T 2. 200 A58k L7=35E13 IsNext ZH 1 L,
Z5TRHRIFUI NotNext ZH N T B X BRETNVEZEETE. TOXXZITLD,
BERT X2 2D X DOBFRMEEFETE 5.

BERT D7 74 v Fa—=rtiX, FEDRXRRAIZDVPED I AN EFT—X
ZHOWT, ZOXRA7 2R OO EREFET e THS. FlzX, B
NTBMEHEDRA T BREVWEE, ZOT7NUETFT—XEHEL, FHil
FEICE o THEONIPHASEET A ZEEHEICHELET VCEIRT 5. H
I EEAD BERT D85 XA — &R B X ZAZICHE LI HENCHE T2 22T, FD
RAZIHT 2 HRER M X823 2N TE S, BERT &, XEIEXOMDH
REBEF27-D0MEL, MERHAEZFRMEL LTREDXRAZ T 2%
B2 HEBOMEEN ORI NDED, 774V Fa—=V 7 TREEFORMGFDT
XRWEHFINS.

2.4 NOBASZHZME

FEPBIER, BHENER, WEES AT 2B 2IEEER LY, AT LN EH
BIAER T 2RI Z L ITbhTwa., BEERIN IR N IFBRLELT
H2HhEMND X, BARASENHICE T 2EELRERNMTH 2. 3.34HTH
N3 X9, ARETEE—F 9 P XL VD IRUfFE LY 2 — % HENAERK
L, TOMBEZS 2. 22T, RETIEIXDOBRE 22 AT % I
T 5.

XDAKRS 2R BHERDOMETIE, K (2.1) IR THEED n-gram €7 IVHHIH
INTE7-.

P(s) = P(w; - wy,) = ilog P(w;|wi—pi1 -+ - wi—1) (2.1)

i=1

P(s) i3 s DRa7 T, sidmEDHFEIE LTRSS, HGEw DEMTERIZ,
ZDEFNSHB L7 n — VEDBGES w; - - - wimy 5L T 2R ZHERT
AHT 5. Iabb, SETHA LRGSO ROEEE TS 2 &M S iR
DOMEILEOMEXDRa7 e L, XOHARIZHET 5.

Julian 5%, BERT|[7] %> RoBERTa[11] D & 5 7 Masked Language Model(MLM)
ETNVTXEDOAARS ZEIHE T 5720 D PLL X2 7 (pseudo-log-likelihood scores)
FRE L [15]. PLL 2a 71X, X (2.2)1RT &£ 518, XHDOFKHEE w, % BERT
O MLM TR L 72RO MBILE DM TH 5.



Wi

t=1
SCHR [15] DFHMESEER T, PLL 22725, HEHRETVICL S EHEET LD
2a7 L ARE, HEZWEZNLD bEVIERT, SEFEMCELWVWLTH 3 H
ZHMICE ISR Z 2B RL TS,

2.5 ZAFHHRDEE

2.2 fiCiNTz X 51z, MMEHIEZ MR e U B0 B § 2 SBTI%E T L,
LE2—DY v Y)b% RXA Ve UTHEEBEEICO FEDMRRE I N T W03, A
T, BEE R XA e L UHEEGEIGD FIEEZIRE T 5. 2 2 CTH
ZUBEEGEH 2 E, =7 Y P RAL VDTN EF—XBEEL RN R
RET 2 EEKTS. Yu bk b CDRG]20] ZILRL, X—F v b FXAL ¥
DB T 5 TN E T — X2 HEINCAERT 5. 72, =7 v b XA
YDINVBLT—RIIRL, V—ARXALVDIRAUNET—ZNET7 74~
F 2 —=r 7 &N/ BERT Z HWTHMEHIEZITV, US55 28
TR—=T Y P RRXA VDTN ET X EWERT 2 FEDIHT 5.
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F£35 RBREF;

3.1 HE

AETIE, BT 2WMEHED X A7 ICBNT, BEZ FX L2 LM
BOEICOFEZRET 5. IBEFEOMEZK 3.1 1TRT. 70U & F— X037
ET3EMEEY —ARXL Y, FHELEVELEEZZR—7 Yy P XLV ET3. K
HD(S),(T)ZZNZNY —ZARAAL Y, BR—=F v s AL YDF—RERT.

R—=T 9 N XA YD ITNNMMFE T =R %E2O0OFETHIERT 5. 121FH
B 7 T L BFE (K31 (A) THE. V—ARAAL VDTN EFT—X
FHWTBERT €7V %E 774 ¥ Fa—=v 755, ZOEFNEBERT(S) &id
T FNEHWTR =Ty P RXA VD IRAVELT—RIZH LTI IUIT %
75, #E 3.2 ficibr 3.

5 121%, CDRG[20] ZILRL, Y—ARX AL VDL 2 =X 5721 X —
Ty R FRA VD ITRANE T =22 BEART 2F% (K3.1 (B) TH 5. Aiff
ZLTIE 2% Cross-Aspect Review Generation (CARG) &ML, ¥£73, Y —R¢k
X—7y bDTFT =& UTIERE - FiEE e HERE L LTI L, YIERE -
FBOYZANEBERT S, K2, KEDINILKRLTF—X%fi->TBERT ® MLM
PHYEETE. BERIC, V—ARXA4 VDI NANZEDOITE TN B EIEE - &
#EE % [MASK] I2E 2#:2, BERT @ Masked Language Model(MLM) % F\T
[MASKJIZ& —%" v b X4 »ORKIGEE - FiEEEZ D 28T, X—r v P FX
4 >DTF—XEHEINERT 5. Z0FM%E 3.3 HiThN5.

&%, it 2 OOFETER LIZX—7y F KX A4 VDBEBHED 7 ~NLF & F—
Xl —%2 L, BERT IZED &=y b KX A4 vOmEHEE T VEFE
T 5. FHME 3.4 HiTRND.

3.2 BE#SANIFIFICLDIET—XEE

AREITIX, BERT ZHWAHEZ NAfHHHZE>TR =7 v b KX A DIl
TR EWRT L FREICOVTHENS.

£3, VAR RXA DI EFIIRRT — & 2 HWT, FHFiFEFEAD BERT
2774 vFa—=r L, WEHED DR EZES. ZOnMHRIEIN 3.1 D BERT(S)
WHHYT 3. BERTOD 7 74 Y Fa—=r7id, 23HTRNRE X512, Hii
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P it

BERT
(S) SRUAFE
____________________ F—5(T)
FNIIEL RUEE ﬁ%;’_\)ﬁl;
LEa— KSR
(M M ERX
T—%
INIAFE RRISE
o= KUE fine-
£ ) tuning
[
—
) BERT BERT
LEa— mazs
N BFE MLM 0
|

X 3.1: -RFIEDOE

BLENHASETS TV EREDZ A (2 2 TIEEEHIE) 2L 2ODET NI
T LZFMETHSD. 22T, HAFEEAD BERT E7 /L& LT bert-base-
cased[2] ZHHT 5. ZAUIFFBEUH A X 7 IZBWTIAL ATV 2 FRiFHY
BAETILD—DTH 5.

K2, 774 Fa—=r7FEADBERT(S) #FHHWTX =4y h KXA DX
W UTTHEMEHIEZITS. F72, 2RO LT, BERT IZ X 2t ¥F
AR AT 2. 2L T, FHlIEAMED FRIMERS T, L EDHDITH LT,
ZATHIET 20D 7 V(5T 5. — 5T, BEOFRIHERELS T, X DX
WIIZH L TR IANLENEGET, a—R20 5445 %. BERT(S)ZY —X F
AL VDITNNUFET =R EHOTHEEINTVWEDT, =7 v b XA UIC
A HEDEBRRIIZAIEELSBVWEEZILNS. ThbE, LIFLIE
MEDHEZRIES Z e D TFHEEIND. FHIERPEROLZRN T S22 T, &b
EREZRAFZNUNELE 2 - 2§52 2HS5. DU, BERT(S)I2&-5T
HEIMI NS X Nz T 0% TS~V 2 IER.

HE S ol 2R 311, 2RI, 418HTHRTZLANT Y -
FT—XEy POLE2—XIZHLT, EDOXIRELUINVEMNGT 20, 5
WIS LBRVWORERLTWAE. [V—ARX L) 2=y P RXL V] 137
NFNCZLST2EEZRL, BIED I ZXF— &5 6 BERT EF L2 %E
L, BEDLE 2 =W L2 RETS 5. [ THIIER) OFX 4 DMt >
FADZENFIIIT 2 FHEREZRLTED, KFE—BFSHWTHIEREELT.
NEME) OFNZ, %4 T 2L 2—XDFEEDINVTH 5. [HFEZ L) DI,
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RFERIC Lo TEHID Y ToHNMMET v, b L 3T L 2E D Y Twn
ZeERT. UV NET 5 TRIEROBME T, 13 0.8 ITRESIN TS L
ER-Y

£31: B—F Y FRAAL DL 2—1Z0F 2 HETS LT DA

FAdy v | THEE [ Mo~k
V=R | B=Fv negative | neutral | conflict | positive (T,=0.8)
service | food The sauce is delicious and the crust is perfect. 0.0062 0.0516 | 0.0042 | 0.9380 | positive | postive
service | price It’s true, this place is not cheap. 0.5107 | 0.0144 | 0.4697 |[0.0052 | positive | 5 LW
service | price Could be pricey without a prix fixe meal. 0.9904 | 0.0012 | 0.0078 | 0.0006 | negative | negative

People dress i it; rening gowns as well a
service | ambience €ople (eSS Inl SULLS O evening gowns as well as 0.0019 0.0031 | 0.0017 | 0.9933 | neutral | positive

shirts jeans.

food service Again, the waitress was awesome. 0.0002 0.0011 | 0.0005 | 0.9982 | positive | positive

You'll pay at least double at any other Italian

food | price 0.0317 | 0.7004 | 0.1307 | 0.1372 | positive | ff5 L&V

restaurant in the city, and most still don’t compare.

RAIDHITIE, food BHEDT =&ty DL E 22— “The sauce is delicious and
the crust is perfect.” IZXf L, service DT -2ty N TI7 74 ¥ Fa—=V 7
XN 72 BERT(S) 2o THiltE 2 HIE T 5. 2D FHIIERIE negative:0.0062,
neutral:0.0516, conflict:0.0042, positive:0.9380 Td 5. positive 77 7 & DT HlfifE
B—FEm <, POHANHRESNHME0.8 XD KZFWVDT, positive DEEILZ
NAVEMET S, ZDOLE 2 —XDEED I NIV positive DT, FHLLZ RLH
ELLfEERATVS.

2HHEDOHITIX, price BHEDL ¥ 22— “It’s true, this place is not cheap.” IZ
®3 % BERT O T HI#E313 negative:0.5107, neutral:0.0144, conflict:0.0144, pos-
itive:0.0052 TH 5. AD THIERZFOME S 7 X3 negative TH %25, HfE
0.8 X D/hSWVDT, HEDEHEMNMENE AL, BEMT V25 LR,

4 ZHDOHTIX, ambience JEBED L ¥ 2 —X “People dress in suits or evening
gowns as well asshirts jeans.” OMPEZHE L, positive D THITERDY 0.9933 & &
KTH5DT, positive DEELLTZ NIUDBffHEINTVWSE. ZEL, LE2—XDHE
BRD 7 ~XoUiE neutral DT, o HUUT NN E I itk 5.

3.3 Cross-Aspect Review Generation

AHITIE, Cross-Aspect Review Generation (CARG), 37&2bbX—7v kK
A4 VDL 2 —X%Z HEINCENRT 2 FEZHAT 5. 3.3.11HE 3.3.2IHTII,
zheh, BEED LIENEEEZ MM T 2 FEICOWTHIAT 5. 3.3.3HIEL
Y a2 —XDEBIZOWTIANS, 334HTIX, AR LEXDHLLFRERED D
EERNTE 7409 N2 OWTIRR S,
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3.3.1 RBEDHH

V—ZARXAL YR =T b FAL YDERZRICOWVT, ZORXA Y (B
MH)yorea—THHIN RGBT 5. BIEFE & 13 “excellent”, “bad” 72
CEZFORESLTHMEZRTHETH 5. RIEFEOHMHICIE SentiWordNet[5] %
W3, FfFEER, BEBEORENR=27 VA%l 3 -DDEEEHFETH 3.
SentiWordNet IZBEWTIE, ZRZNOHFEX, HEDRAT EHED R AT DT
HExpntws., BEMNRZRZAa 70505 1 DOHET, 1ISEWEE§ER T2
DI ERYT. BEMNRZA2T7BFERIC02S 1DOMET, 1ISIEWEEEER MR
Hr2Eo., ZhooRa7zHWT, HEEQORBEMMELZFMT 2 Z e TE 5.

BRI —ICHEBID R (GER) 2F5D. SentiWordNet T, IEREICIZHFETIX
2, BRIHLTEENR a7 E BEMNAAT7TRERINTWS., T T, b
MBI I N TWS. T2, ZRENOHGEICOWT, ERIGHBEE
DIEIZZ 7 iFEh TV 3.

AL TIX, SentiWordNet ZHIFH L, HFEDOZNZHDFERIIHT L THID 4T
LN TVWBERa7Z2HWT, HEOmMER a7 25E T2, BARICE, HiEw
DOMER 27 SS(w) 23 (3.1) DX I ITERT 5.

SS(w) = Zi - [pos(w, i) — neg(w, )| (3.1)
=1

NIFEROHBUEE D Z >~ 2, pos(w,i) & neg(w,i) 1FENENHGEw D i HHD
EBEOHELHEDRAT, nldHiEw DEBEOREEET. Thbb, EBHEEIC
HENRaA7 L BEMRA T DEDMMEZ KD, FERDOZ V7L C TEAR
EZTMET 2. HEBEED S Y I7REWVERIFEKREVWEAR, 7V 7KL
ERIFYRVWEARGZ S ZICLD, HIEORD —RAVRGEFRICN S S MR
ar7nkhERIN, BEOMER 72 XD EMICHHETZ 220w E 2 I1cH
DL BREINC, KX A ICEE OHEER M T 211X, SS(w) 3BEE T, MLk
DHFEZMH T 5.

BZEDOMMER a7 2R T 2 BARNRFRZICOVWTHHAT . £33, L a2—
XDENENDOHGED FEFZRET 5. R TIE, M NLTK(3] &
N34 77V 2HWSE. LE 22— 2 aEHE RO & 51217 5.

1. B2 F AL DL 2a—XEXTFHNE U TERBITHENT 5.

2. NLTK @ pos tag BIEUZ i U CERERMNT 2 EITT 5. pos tag BAEIE, X
FHITROI NI EZITID, ZNEHFEICHEIL, SHEEEICN LT M
R IMF LT AEREIRT.

3. pos tag BAR DT RER A EUNC 7 r—~» P L, Wil Z2oxXEH 13 5.

K, UFOFRHEIZ L2 - T, SentiWordNet ZF|fH L CHEEDOMIER a7
ZEtRE T 5.
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1. NLTK @ SentiWordNet @ API[4] ZF[H L, SentiWordNet @7 — &N — X
EHAIAL.

2. SentiWordNet D7 — XX —2121%, ZNFNDHFEIZN L THFANZIL T 7=
BEROFRERPEFFZRINT VS, fhaaldd & 71T S OB HEEIZOWT,
SentiWordNet 2R L, HEEDVE L TV 2 faaiZht 3 2 2T OER DM
R2a7 &85, b5, FEFRIIMNIGT MR 27 (Positive, Negative
D7 DifntE) 25t HE T 5.

3. oA ROMIER 2712, ZDFEEROHBIBEED Z > 7 D% EA
YLTHNT S, ZL T, @ TORERICOVWTEANEOMEZ a7 ZMEL,
HEEOMMER a7 2155,

7% 3.21%, SentiWordNet 1231} 5 HiGE “great” Dhhad), abze, B X MR o
TERLTWA. “great’ 3% L TERFAD 2 DD a2 £, Hill2id 1 DD
BODHD, WEFIIII ODERLH 5. EROHBMHEEDIEN X, n.01 —s.01
—35.02—8.03 TH5. K (3.1) I, i “great” Ot R 271338 (3.2), B
AaA “great” OMEER 2 713K (3.3) DX ICEIE I S.

1
SS(great.n) = T 0—-0]=0 (3.2)
1 1 1
SS(great.a) = 7 -|0 = 0]+ 3 -10.750 = 0] + 5 - [0.250 — 0.125 = 0.417  (3.3)

7% 3.2: SentiWordNet (281} % HiFE “great” DIHHR

HZE Wil BB | BEMNIRaY BEMRa7

great %@ n.01 0.000 0.000
A s.01 0.000 0.000
AR s.02 0.750 0.000
TG s.03 0.250 0.125

#3.31%, FXA Uhiservice L WIHEMED & X, ZD KX A VIZEE OKIEE
LT N -HEOHITH S, K (3.1) ICk > TRIHE I N 2 FHFEOMMEZ o
7HHELTWE., ZITREMET, 20 e &EL, Thl Lot R a7 2o
HEEEZMH LTV,

3.3.2 HEEOHH

FED F XA Y RRFICE b5 ek THEGEE ERT 2. BRI XA
v (J&1E) B3 food D & ZIZIZ “dinner” % “dessert” 72 ¥'23, service D & X “staff”
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& 3.3: service K X A4 VIZ[EHAF DRKEEDH]

]%% \&ﬁ \@ﬁx:7\
bring EE| 0.0173
understand | Bz 0.1752
friendly JEAE | 0.1900
happy e | 0.6950
attentive | JE&E | 0.3333
obviously R 0.5000
couple e2r| 0.0912

X “waiter” REMZD R XA VORHEEEL 185, V—AFX A e &X—=F v bR
XA VDENFRUIONWT, FD KX AL v OFRGEEEZ MBS 3.

W ODDREHIZOWT, ZOBHICOWTERINZL 2 —8EE50H 3L
REST2. BEEDOLE 2 —E82RENICOED2DXEEARL, BHallB
\} % 858 w @ TF-IDF 23 (3.4) I L7 o TR T 5.

TFJDF@ma):tﬁwfi@@::ﬁgﬂ-bgézj (3.4)
2T tfua E R XA Y aDa— 2B 3 HGE w OHBHE, df, & w O
SRS (w DSHBLT 2 R XA VOB, NIZRXA VORBTHE. HBFRXLVa
DL 2—BEBEDAIHEL, 2D TF-IDF(a,w) ® L0 T, O HGEE F X A >
DFHFEY LTt T 5.

R X4 > OREEOMHGIZ R 3.4 13, 23U, 418 THRETSZL AT
DLEa2—DF =Xty MZBWT, service, food, price, ambience, anecdotes
D5ODEEDFNFIUCH L, TF-IDF OEDBEWHEZRELZHDTH 3.
ZNZNDEN BEPFECHEEIRIEGEE L T I Z e R T E 5.

3.3.3 LEa2—XDER

V=ARRXA DT NNMFET—RIZBIFZEEED LIEFREEEE X —7 v b
FX A4 > ORIEES L IIREEECEZIMA S 2 IdD, =7 Y P FXAL VD
Z O IR 7 ICERRT 5. HEEDOE 2121213 BERT @ Masked Language
Model(MLM) ZF|fH 3 3.

Masked Language Model OFH BEFEE

2.3 TRz & 512, BERT OHH[¥E X Masked Language Model X X 7 &
Next Sentence Prediction X A7 @D 2 D% Z & TIiThHN 5. BERT IFARKIX

16



# 3.4 HiHEI N2 F X A4 ¥ OFEHEGEE D

’ JE % ‘ service ‘ food ‘ price ‘ ambience ‘ anecdotes
service fresh price decor trip
attentive | chicken | reasonable | music favorite
friendly | delicious | pricey atmosphere | friend
server sauce inexpensive | romantic recommended

FHHGE | slow food cheap cozy disappointed

manager | tasty steal outdoor stumbled
minutes | beef dollars cramped neighborhood
prompt | pizza bargain loud highly
helpful steak cost seating anniversary

X E I DI T 2 M Z fE < 7D b 5 ETIVTH 5D, Masked
Language Model Z 2 7 Zfgl 7diZfibh s 2 dH 5. $T7i2bb, [MASK] &
WS b= EELXEANL, [MASK| IZYTIXE2HELZTFHITAET L
LTfibhs. 22T, MASK| YT 2HELZTHTLETLEDDDR
Masked Language Model 2 WEMLM EFER. X—7v F R XA VDTN &
XERERT BB, V=R KX AL YD T~ & XDRKIEGERCREGEE [MASK]
WEZHZ, BERT ® MLMIZ LD [MASK] IZEM T2 X —7 v F RX A4 VDK
B PR EEEE THISE 5.

NI TW B HFEEEA BERT €7 /UK, M4 REEO T F 2 0 S
ENDLZKBE —RZADSEFXNEZETFLTHS. ZH%E MLM & LTHEHAT
256, RXA VIHKELRW—RIZHENTHENE. —FH, X7 DH
DIZEoTRAAVEBFEDOL Y 2 —XZ2AERT 272D121%, FX A IBEL &
HEEZFHIT2 MLM EZH WA HBRLEE LW, 22T, KFETIE, FXA>a—
R %HWT BERT ® MLM OHEHFI#EHZHETS 22T, 2O KX 4 VIZFRL
L7 MLM 2153 5. BRI, £F, HDEARXA DTNV KRLI— %
HEST2. ANFIE37 /77— ay2RB LERVWDT, KEERa— 2%
LR A ZIWCHER T Z 5. RIZ, REFEADERYE A BERT Z#HD 5 X
X LT, ZO7~ LR La—r2% HWT Masked Language Model % A 712 &
B E21TS. BRI, XD 15%DHEER 5 > & LISER LT [MASK]
WERLL, JTOHGEEZ TFHIEE X RV 2 22 TBERT O %7 X XREHEHT
%. LUF, ZoOFFix% BERT ® MLM OBEHERZE X, ZHUIK 310 e
va—#845 - TH¥Y) — [BERT MLMJ WS UHEOFRAUCENS T 5.
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XERDEFH

R—=0y F FXA Y DTN EEBBAERT 2 FIRORE»RILE DTN
ZLLFOED TH 5.

1. SRIUFEDY —ZA R AL YDLUZOWT, FOFIZY — A R XA ¥ DREIE
FECRHEGESHBL L TwiuR, £hk [MASK] ICEET 5.

2. [MASK] & L CTED BIEICL RO %2 5175 5.

(a) MLM IZ & - T [MASK] 123 2 N Z HigE% 3 5. BERT ® MLM
W2 KB TRIERE W BT, R OHGEEE 215 5. [MASK] ZZDH
FRICEIAL, T, HOH LW EG5.

(b) XOBIPHAEOBINIERT 2 Z L &l 2729, 2ffHLIED [MASK]
ZEMWT L EX, Ty X T HOXD 5 B2 7 p5E T, fl D % 5
RL, XD MASK] DUIIcFE . Z ZTOXDR 7L, EEEHD
[MASK] Z @& L 72 H5ED MLM 12 & 3 FHlfEROME 55, =720,
Z DI HRHED [MASK] @ & 2123 fTHF, BEHNICRKTT, X T;,
HOXZ2155.

3. Ty X T, DX D 5 5, [MASK] IZHED SN R TOHFEN KX -7 v b FX
A > DRKIERE - FEEDV A MIZE TN TV A EHERL, X—F v F FX
4O T 5. LROKRMFERSRWEES, ZOXIRNT 5.

4. R NERSUTH L, TTDY —ARX A4 VDL a—XOMET L
R 7LV EMNET 3.

Kz, LV a—XEROFM%Z Algorithm 11RS. ANEY—ZARXL D5
NIUFTELE 2 —XDEA R, V—RABLURXR—7v b KX4 VORIFEDES
P BXUP, FULHBEBOESE K BIXUO K THS. R IX (s, Ih) DEAT
HY, s 13, L, ZZFDOMMETNVERT. HAOEEX—=F7 Y P RXAL DIV
FELEL2—XDEER THA.
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Algorithm 1 Cross Aspect Review Generation

Input: R® = {(sy,ly)}, P%, P!, K° K'

Output: R'
1. Rt + ()
2: for (si, 1) € R® do
3:  ms < replace all words included in P* and K*® with [MASK] in sy
4 Rposit < GetMaskPosition(ms, [MASK])
5 Rpew + {ms}
6: fori=1tondo
7 R;Lew +— 0
8: for s; € R, do
9: PW < Unmask(s;j, [MASK],)
10: add all sentences where [MASK]; is replaced with w € PW to R,
11: end for
12: if i # n then
13: Ryey < Select(R!,.,. Tk)
14: else
15: Ryew < R,
16: end if
17 end for
18:  Riclect < 0
19:  for rep € Ryew do
20: validity-check-flag < True
21: for 7ppsit € Rposit dO
22: ry < GetPositionW ord(rmew, Tposit)
23: if r, ¢ K* U K" then
24: validity-check-flag < False
25: end if
26: end for
27: if validity-check-flag = True then
28: Rieteet < Rserect U {Tnew}
29: end if
30:  end for
31:  for r,ew € Raelect dO
32: R' + R'U{ (Thew k) }
33:  end for
34: end for
35: Function Unmask(s, M ASK], Ty)
36: PW <« PredictByM LM (s, [MASK))
37:  return Select(PW,T},)
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R DZNZND 5, ITDWVWT, ZAUIEEN 2 RIFECRHUEE T [MASK] (&
MR T ms 2T B (31TH). BI#L GetMaskPosition 1%, BE#Z7=XD
IMASK] OXHIC BT 2 M EOV X M 2R (417H). msiZ@&FEh s ZhzhD
[MASK] {ZDWT 6~17/TH DM Z# D K3 (n & [MASK] D). B Unmask
1, X s ND MASK| IZHD ZRNEZHFEZ MLIM Ik o TFH#IL, MLM Ik 3
THRIFERD @O B T, RO HEER A 2R TR TH 2. [MASK] 2B Unmask
TIEHEONIHFRICE MR, T, FoX2EMT 5 (1017H). ZoHFEEz2TO
[MASK] IZDWTH#ED IR D3, EMI N2 LB AEDOEINTERT 279,
U220 MASK] DILIELED 2 72 NS 2 3 7 55 E0L T, RO &3E RS % (1317
H). ZZTOXDRa 7 3EHEFTD [MASK] % Efi L7z HiED MLM I X 3 F
HEROMTH 2. 72721, WED [MASK] 2B 2132 0®IEEITTOT,
Ty x T, O 2135 (1561TH). X, BEMZONTHEN X —F v P FX AV
DIEBEEIRGECTH 2% F =v 73 5. B Get PositionWord \2 & - T,
AR E NI ey DR T DALE 1posir WIS 2 Hi3E 1, 2152 (2217H). 1, 23
R—=7w b RAL VORIEFEOERS K*, FEGEOERAS KN ITB8ENd2 2 F =y 7
L, &ENRW0E i3 validity-check-flag Z B3I ET % (23~25 1T7H). [MASK]
WHD LN TOHENZDF 29 ZITRA LT X, ZOLE 2 =% Reeet
BT % (2817H). 25 TRIFIE, ZOL Y 2—UIHIER (EH) Xhs. Y
FO#ET, IMASK] 2 X =%y + B X4 > ORKIEFEE 72 3 FFEEEICHE X 723
BB R IR T 2. RIRIC, HEAER L ZSUTITTDOLDOMIEZ NV 1), 2415
L, I8k RACIA % (3217H).

FREDO AL FEE CDRG20] #ITIC L TWA 23, CDRG TIIEMREL & s
BDICN L, AR TIIRGEE L BIRS 2 SRR %, %72, CDRGTlE 12D
DOR—=7y M RXA O % 1 DERT 2D L, RIFETEHEKT T, x T),
DXL EERT 2 EDPRLD. T AR T K> THBEK S 2 XOBZEHIfEHT
x5.

XERDH

CARGIZEoTE =7y XD TN EXZERT 261722 3.51TRF. Step
DFEFIL 18 R—I T L = fEEF ZOFSITMET 2. RPDUT>WT,
FE MLM 2 & o TPRl S [MASK] 12D s /- HiEE, KRFITHED & /- BEE
M=y b XA 2 DRIEE - FEEETH L L 2RT.

%3, V—ARXAL UHEMservice DEE, ZDORRXAL DL 2—3 “The
service was attentive and her suggestions of menu items was right on the mark” %3
Ezo=dDr 3 5. Stepl T, TOXHICHHELTWEY —ZA KX 4 VDK
THRE & RHUGE % [MASK] ICERLT 5. Step2(a) TlX, £ 5 1 &FHD [MASK] 15t
L, MLMIZ &> T T, FOHEEZTFHI L., ZDHFEZED T T, fFO 2 ERS
5. ZZTIE, “staff”, “service”, “food” 7% ¥ DHFENHD 5 TWS. Step2(b)
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&, £5 5 2%FED [MASK| 1Zxf UT BN T), RO HFEZ D, Gt T, x T DX
ZAHERT 5. “friendly”, “good” IR ¥ DHGENHDH SN TWS. ZLT, T) x Ty
DX DF NS X a7 RKE VLS T, FDOX 23 RT 5. Step3 1%, Step2 D
EZ#EDIR L TETO MASK] 23D 5 N7 REEZ KT, ZORFRTI Ty, x T, 18
DXEHRL TS, IhoDXDI5, BRINZEEOETHZ -7y b FX
4 Y DRIEESCREETH 255G, ZONEX—7 vy P RXLOXET D, Z
STRIFNE, ZOXIHIRT 5. %35 0BT, v D5 AT top6 DA
X “The food was good and her choice of menu items was right on the menu” &
FEROEHEREET T, XHE XM T WS topl~tops D IdSM % iz & 7
W, BRI, Stepd TlX, Step3 THEOLNZEMITY —ARXAL DL E 2 —X
oMMt Z L ENET 3.

7 3.5: CARG IZ X 2 XA D

service —> food

V—AFXAL ¥
Ly F ;f.( The service was attentive and her suggestions of menu items was right on the mark
2
Stepl The [MASK] was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]

topl:The staff was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]
top2:The service was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]
Step2(a) top3:he food was [MASK] and her [MASK] of menu items was [MASK] on the [MASK]

topk: -----

topl:The staff was friendly and her [MASK] of menu items was [MASK] on the [MASK]
top2:The service was good and her [MASK] of menu items was [MASK] on the [MASK]
Step2(b) top3:The food was good and her [MASK] of menu items was [MASK] on the [MASK]

tOpk: .....

topl:The staff was friendly and her choice of menu items was great on the menu()( )

top2:The service was good and her choice of menu items was great on the menu()( )

top3:The food was good and her choice of menu items was great on the inside(x )

top4:The staff was friendly and her choice of menu items was great on the inside()( )

Step3
P top5:The service was good and her choice of menu items was great on the inside(x )
top6:The food was good and her choice of menu items was right on the menu(v/ )
topk: -----
top6:The food was good and her choice of menu items was right on the menu(v/ )(positive)
Step4 .....

topm: ++eee (polarity)

3.34 EMXOT7aqIILR2YVT

3.33HDOFMETHEMSINL I FAARRD DS ZLEENS. 22T, &
R E N D HIRE Z RN ECLE X 27 PLL(pseudo-log-likelihood score)[15] 12
FoTHl3. PLLDEFEZI (3.5) ICHIBET 5. PLLIZ, ARSI XHDOKH
it w, % BERT ® MLM TPl L 72RO EEOMTH 5. HEER I hzL
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Ea2—XD5%, log Py (W) DBEMET, X D/NSWXEHIFRS 2. ZoFk
EEBIXDT7 4 VR VT LIRS,

144

t=1
3.3.4 1% “Food is delicious” ¥ W XD PLL Za 7 Z#HE T3 FIEZRL TV
5. XHOBHEEZ A7 L7 A1 L, BERT @ MLM iZ & - TH&HiFE
FTHUZE EDRMMNEHEREEZ. ZAZPNOMRONKERD, TO&5H%
BT 5., ZOWDREOPLLRaAT 5.

[ [MASK] is delicious ]
[ Food [MASK] delicious ]
[ Food is [MASK] ]

A 4 A ¢
e N
BERT
\_ Y,
i Linear + Softmax )

A 4 A 4 Y

'P(Food) | [P(is)] | P(delicious) ]

J

A 4 A 4 A 4

2log
| PLL |

X 3.2: 3 “Food is delicious” \2¥13 % PLL O E
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3.4 MWEHEETIOFE

3.4.1 BERT IC L3 MEH4HIE-DDHEEIRDFEY

3.2THY 33HTHEMR LIt EL Y 2a—%2HWT BERT £7F/LD5 e %
T7A4Fa—=v7L, =7 v XL vomEflEEr L E2155. 2
(3.1 ® BERT(T) &4 3 5. THEHVWTX =7y b FXAL VDL E 2 —i2xf
T AMMERHETS 5.

BERT I X 2MMHHED /=D DFHBRD 7 —F 7 7 F ¥ 2K 3.3 1T~ F. BHID
JETlX, ANV E 2—3UTR U THEEEDIAANRY bL%1G 5. Transformer & FE
Bhda=y brEAQZWO2OFBEZIET, XD [CLS] b—27 YO
AAZISS. BiZIC, BRKEE LT, ¥ 274 FERERW 288 % 0%17,
Hh%B2. Z2ToHNE, BESRLERERUTHED, — FThh, Zhrho
ftE 2 N DT RIFERNPHE XN, BRROTHIIERZROMME S U7X
LY LTEINXNS. BERTO 774 v F2—=r 27 TlE, BREROBHIRZ F L
WXL, Softmax 12 & % Cross Entropy B & > THEKZ KD 5. BRZHE/ME
FTA5XESWCBERT EFNADART AR EEHT 5.

(_[cLs] ] Token1 | Token2 ] - ( Token N |
BERT
J

[ Linear + Softmax ]

A

Prediction

3.3: BERT i & 2 #utHIE o 70 %8s
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3.4.2 Focal Loss DiEH

A1EITHIBT 2 X512, RMXOEBRTHWE F—X -ty Mk, it ~L
DR RO S, T OMBEICHNILS 578, ARBIFETIE Focal Loss[10] %
BERBEB e LTHAT 5. —fESHED L 2D Focal Loss DEFR%Z I (3.6) ITRT.
FL(pt) = —(1 = pt)7 - log(pr) (3.6)

ZIZT, pldd a7 7 AT 2 FHIER, yIgNAR=RNIXXTH5.

T—Xty FOPTRELREEELED DT 2D 7 XX, ZDTHllE

RKELRBMEAMDD 5. BEED cross entropy DFUZ (1 — p)? ZIMA S Z &IT X
S 247

b, ZROMMNS 7 ADERWNE KBNS, WP OMES 7 2125w
TIFHERPRESAE N, ZONHEL I - RESFHEZINS.

Z%Spt
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BAE  FH

ARETE, IBREFEOMEEEICOWTIANS. F3, 4.1 HiCHEMEEBICHL
57 —&ty bEWNMNL, 428 TEBROFEIZOWTHHET 5. 4.3HITIE, 4
VXA e 7R R4 VOFHMAEROMREEZIRE L, IREFIEOEIEICD
WTEET 5.

41 T—2tvk

FHfSEERICIZ 2 oD F — &ty P ERFEHTS. 41.1IHY 412 HTZERZEHROD
F—&ty bDOFEMERRS. 72, 4.1.3ETIXBERT ® MLM ZH¥E 3 37>
DD A= ZIWZOWTHENT 5.

41.1 LRALZY F=—REvYF

SemEval-2014 Task 4 Aspect Based Sentiment Analysis DL A b7 > D7 — &
v b [13] ZFHliERICHWS. Zo7F—&%ty M, LAMI VBT L Ea—
XIZNL, DA T 2RI A MmMES S AR EER TV, B
“service”, “food”, “price”, “ambience”, “anecdotes” D 5D TH D, AFEERTIZZ
NZRXAL T 5. WS Z & “positive”, “negative”, “conflict”, “neutral”
DADOTHS. T—Xty FrOFFEMZR 41 ITRT. 2 TOREBMIZOWT, positive
DL VY a—N—FZW. —7, conflict X neutral I&, anecdotes ZfRW\WT, 7 —X&
B Do, 2IEHNZ, positive DL E 2 —2HCZ L, Witk 2 5 2D 0 HICARY)
R ohs.

F£41: VAT —&ty FOFEH

service food price ambience anecdotes
positive 127 542 49 127 472
negative 55 138 46 55 167
conflict 33 54 7 33 24
neutral 18 62 6 18 326
total 336 796 108 233 989
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41.2 SvIFbhyFT - F—=a2tv

Laptop ACOS(Aspect-Category-Opinion-Sentiment) @7 — &+t v + [6] % 7
EBICHWS., 207 =&+t vy M, Amazon KKBEXN/T=7vy vy Sy a
VT ALY a0 L, FHENROBEMEEMmELI G I TWS. MitESs T
I VX “postive”, “negative”, “neutral” D3O THB. —F, [fHENTWVWB)ENHE
%, “keyboard”, “monitor”, “price” 72¥, XYV a v DEMERT BRI HGE
THs. KREBETE, 7—Xty MFEEINTWBENEZE “general”, “design”,
“performance”, “quality” ® 4 DIXAFTHHEHL, ZhZzBEDO XL AL
2. 7—Xty bOFEMZR42ITRT. TDT—X D neutral DL ¥ 2 — D Mtk
WZhwE WSS S ADRY BRSNS,

F£42: v T by F—Xtv b DM

general quality performance design
positive 194 285 156 85
negative 468 114 152 139
neutral 22 15 11 31
total 684 414 319 255

4.1.3 BERTOMLM OBZEEHI—/\X

LAY - T—=&ty MZOWTIX, CARG ZHW35EE, BERT @ MLM %
HYE T3 D Yelp DL AR YL a— 1| AL Z0a—
RZ2ZE, BTOLE 2 —THMtED LIt 5E I THRL. AEXATWS
BERT OHEHFFEET /L& LT bert-base-cased[2] Z W, THAZFHAD T X &
LT, Yelp DL b a—H5%HWT Masked Language Model X A 712 & % 5 Hi
¥EETo 7.

7y 7T by 7 F=&Ey MZOWTIE, MLM OFFAFIZE I, FATEE R
AD bert-base-cased Z MLM & L TZ D ¥ ¥ W=,

4.2 EHERFETE
4.2.1 EEEFIE

LRAMNIZY « T—REy eIy T TFT—Xty MZBWT, —HDJE
WrEY —ZAFXAL Y, 35—HOBEBWEEX—7y P RXA4 2L, 520%/iF4D
DEEDETOHABDOEIZOWT, WEHEDOEBECDEHR LTS, VY —2R
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RXA R =T s RXALUDRBRRZ7-0, ZOEBRKEER [7rARX V)
LR,

gDz, V—A R XA e X =47y b KX A4 UHE UGS OMmIEHEDIE
fREZHL. ZOEBRHREE T4V XA 2] EER. £V RX AL VOFRETIE,
T — R T AP F— &R ETRXA UDBRL 27 DIMHE D EFRRHME TR
TRV, DFED, 4 ¥ X4 2 TOMEHEIEDERRIGHEBGEGD IR
L AHED.

A Y RRXAL VDOFEBRTIE S DEIREMRAEZITS. K 41135 REIREMEDF
MEERLTVWS. £F, HEZ2EXA Y (BYE) DF—&2% 5 & LI1252127E|
35, IAHDOFEIT TR 1IBHOT —REELZT AN T =&, RYDT—2EE
T —2 5%, 2EHOFEITTCIE 2HHO T —LEEEZT AT —X&, EKbOD
F—RELEEIHT — & v F 3RS, 3EIEDS 5 FHD FRBEOFREE 21T,
TAN T =R EHIRT — X2 Z2ZEZ R0 M HEE T VOFE i iz TS5, 51
DT THE L NFHEEED <~ 4 7 0 THEE T VOMRERH 5.

1Bl 2@EB 3B 4@EAB s5[EEB

L R4
AR T

HR1 ER2 BR3 BR4 8BRS
\

J

Y
A0 T

X 4.1: 5 5 B3 ZEMREE

4.2.2 HBFE

AEETIE, AEDRERFEER, 2200R—R 5 4 VFER S RIZHATHED
FELHKT 2. £/, BEFEEHNT 22D 2 -V OEMER KT 5729,
RBEFEL LTWE3DDETFAERLKT 2. LINCEHEMEZIRRS.
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R—=Z54Y1 (BL1) Y—RZARAXL DT~ U EF— &% HWTBERT %7 7
AV Fa—=vrF5FE HEEALZ LROWFETDH 5.

R=2Z54>2 (BL2) 32HiTHBALHB 7 NI ko THONIZ =5y
FRXA DRI XA E T - X ZHWTBERT 27 74 Y Fa—=2 7
ERERE

CDRG FeATHIFED Yu 5 [20] DFHRICHET 2 FRC Lo TEREI N L L2 —X
2T — &2 LTCBERT 27 74 ¥ F a—= 27§ 2F% BRI,
V—=ARXALYD1IDODLE2—X0nHR—=7 v N XL DL a—X%
1 D72 FAKT 5 FIE.

CARG1 BL2 DEHUS NN E CARGIC X > TEREINZL ¥ 2 — %l —
Y LTBERT %7 74 vF a—=v 2§ 3FHE.

CARG2 CARGLIZHNZ, 33 AETHRREER XD 74 VR Y T 2iTo75 %
TBERT %27 74 v Fa—=V7F 3Tk

CARG3 CARG2IZMNZ, 3.4HHTHlAZ Focal Loss Zi#MH L CTBERT &7 7 A
YFa—=vI3 B FR

—%, A Y XA OFERTE, T —2ZHWTBERT 27 74 ¥ F 22—
=733 2 e TR HIED M ES 15 5. BERT OHERIZEET /L E LT bert-
base-cased Z FH\ 5.

4.2.3 FHEISIE

ATETIE, FEEOHEIGE 7V ORI DWW TR 3,

V—=ARXA e R=0y b XA VBRBZ 70 ARAAL Y ORBRTIE, IE
e (Accuracy) ZaHiifEiE e LT T 5. [EfgR e, 27X X7 OFHiCH
WHNLIERED O DT, THIXALMENES 72 L EEOMMES 2 XD —FeR e
ER/IND. 27 7 A07HMBEICEI) 2 I EMEOEREZ N (4.1) ITRT.

Zf\il%
E£V=1Z§V=10ij
cij \&, REITINCBWT, (FHODHESZ 7 ADBIEMTDH 27— X T U THHHE
TADjEHODEZ F X2 TR LR EZRS. 7FDc; X, 7EHETLOT
WDIERTH 0T T =X DB ZRT. RERTIX, 7EHIFADENIX, VAT
TV T—=Rty VDEEIZ4, T T by T TRty FOGEEIX3 LS.
A Y KX A VOEBRTHIERRTIHMEHEEREE 35, 2L, b DEIREMAEZITS
72, IEMEIZIX 5 MOFITOEMRRD < 4 7 v L2 iHiifais e 5 5.

Accuracy = ,N=3or4 (4.1)
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4.2.4 INTABADETE

3ETIRARE L 512, BEFIEICIIMA L AT X XBEET . AEBRTIX,
TXRERAZDIDICHKETS. TUNHEDRTIXARXIEBICIDIRELTWS
7272L, T, & TAZDWTIEI T X REEZ TEBEITY, 87 X XMIEHED
ERRICEZ 2 ERHET 3.

4.3 RTXRXOHE
| RTRAEK R

HEIZ XAAFICBT 2 THIERDOREMET,(LA 7 V) {0.7,0.8}
HEZ XUAFICEBT 2 TFHMEROBMET,(Z v 7+ v 7)) | {0.5,0.7,0.8}
W%ﬁ%ﬁ@@ﬁz:7@%ﬁT(yxb7/) {0,0.3}
BAFEMH OmMER a7 OBET,(Z v 7+ v ) 0
%ﬁa%ﬁ®W@#ﬂﬂi 100
CARG 2B 2 XA T, 100
BRI D7 4 V&Y 7D PLL ORBIE T, —30
Focal Loss D NA 28— F X X ~ 2

4.3 HRERFRCER

ARECIEFHMAEBR DGR ZME L, TR T 2ER RS, 43.1HTII,
AV RAAL VOEBEREZPRET 2. 4.32IHTIE, Z7RA XA YOEBERE
WET 5. 4.3.3HTIE, 287 X ZPEHIEICE X 22 DREBEICOVWTHRNS,
BRRIZ, 4.3.4JHTIE, CARGIZXBEBIZTOVWTEEL, =7 -7 E%L
U

431 AYFXAVOERRER

LRARNTY « T=Rty "RV EDA ¥ F XL VOEBGRER 4412,
9T by T TF—REy FEHWIEEEDA Y F XA VORBIERER 4.5 1R
T, INSDORIZ, 5 DEIREMIINCBT B 5 BOFITOZNERDIEMRE, 725
NZFD~ A4 7 EgERLTW5.

VANV - T—=&ty FOMEER S &, JEMD price ®° ambience D & %, 5
B DFITIC X o TIEBRIZESOENH 2 Z bbb o 7=, price D 2 FIHRITD
FESRDY 0.455, ambience @ 4 [BIH & 5 [BIHERTDFGRD Z 241 0.565 % 0.543 T
HY, MOFITEERTERERLR VK272, IS DFERI~ A 7 uf
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PRFBZ otz —7, JEIED service, food, anecdotes D& XX, 5 [HD
AATOEMRICRELRZZRONL D o 7.

FZv by T TRty FOKRER S, EMHED general D & X FiRITD
EfRIXZIEF CTh o7z, —F, oEHETIE, EMRENMEL R EEIT0L
Dol BEKNIE, Ty Ty T TF—ZEy FOflL DFITORIRITL R
PV e T=XELy PEADDBLELTED, A4 7S - 7.

F44: VAT UT =&ty bDA Y F XAV OEBRRER

’ ‘ service ‘ food ‘ price ‘ ambience ‘ ancdotes ‘

IREINE| 0.765 | 0.719 | 0.727 0.723 0.732
2[=H 0.806 | 0.805 | 0.455 0.745 0.768
3[EH 0.821 | 0.805 | 0.636 0.809 0.742
46 H 0.851 | 0.755 | 0.619 0.565 0.758
5= H 0.731 | 0.755 | 0.619 0.543 0.797
~A4 v | 0.795 | 0.768 | 0.611 0.678 0.759

Fd45 STy TTF—&REy FDAL Y R XA v OEEFER

’ ‘ general ‘ quality ‘ performance ‘ design ‘

1[HH 0.854 | 0.843 0.828 0.843
2 [ H 0.854 | 0.855 0.781 0.725
3MEH 0.876 | 0.940 0.875 0.804
4 Al H 0.854 | 0.880 0.938 0.725
5EH 0.912 0.817 0.810 0.686
~A4 Zva¥ | 0.870 | 0.867 0.846 0.757

4.3.2 JOXARXAUDOEERFER

LANF Y F—=&Rty bEHWLED IO AR X4V OEBEREER 4612
RY. IN-DIEA Y RAAL VOEBERTHD, R44IRLEEREDOY A 70
FHOBEETH S, KFIE, 4 ¥ FA4 VOMBEERNT, ZAFRD FRX A »
HEIEDMHICBWTIEMEIRD BN &2 KT.

N—2 74 Fik (BL1,BL2) LERFiE (CARGLI~3) 2T 5 &, 20D F X
A4 VDD S B 1THIZOWT, IREBEFEOHMENLTWS. ZOZehd, X—
79 b RXAL DTNV E T — 2 BEVERS 52 CARG OEMIEDHER T 5.
CARG1 & CARG2 Z L3 2 &, 220D 55 12 i DWT CARG2 D IEfiFHR
BENWZ 05, HEERINEXD S BERBERDBENLE T 4 LR ) VT3
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FEEIDHIEEENTHS S X2 5. CARG2 2 CARG3 ZHEK T2 2, 204D

955 15 IOV TIXZ CARG3 DIEERMNFE U D L L IE@EW. S 0FEERTIE Focal
Loss DEADPNENTH o72. 2 TOMDFEIIEMRTLHE T2 2, CARG3 D
SEEEfR#RIZ 0.658 TH D, BL1, BL2 & HERTENRZ410.025, 0.013 KA > ME
ferm Lxa, L 2FEOFTRD SEWEEIEREELZRLTWS. CARGI
% CARG2 O IEMER S BL1, BL2 X h@EWZ 25, CARG OFEMMEHER
TZ7.

FXA OMICHEH U TEBMREZER T 5. V— AR XA Vhiservice, price,
ambience DIGHE, ETOMITBWTIRETFIE (CARGL, CARG2, CARG3 DW\WF
np) OIEMRHFIE BLL, BL2 K h@EwWw. LAL, Y—=RARXAL P food DL X,
X =2y b KX A ¥ anecdotes DIFETIX, I#EFIELD S BL1 & BL2 D5
IEFEREN. VY —ZA R XA Uhanecdotes D& X, X—7 v b KX A ¥ hiservice,
ambience DA THIREFIEIXBLL & BL2 2 RAl5. ZDERE2 5, anecdotes
X, V—ARXAL 2R —F v F X4 CBb6T, HBANCHEIG LIS WE
HThHhzZerbhrsd.

CARG1, CARG2, CARG3 OFHEIEMRIL, SeATHZEDFE CDRGIZHR, Z
NZF40.002, 0.007, 0.010 KA ¥ FEd o7z, ZOERKE LT, CARG X CDRG
WHARTIDZLDE—FY P RAL DL 2a—XEBERTEIeHEZLNS.

CARG ¥ BL1, BI2WKXEREZEDZNE I DEMHERT 272D, 72 —HE
ZATo7z. R461ZBWVWT, ¥EBL1 AT, +1&BL2 & EEART, p<0.05 TH
BENDDLZ%2RT. ZOME, £20H0EYED CARG ET MIRN—R T A
VEEEEND L LR TET.

£46: LAMT Y - F—&ty MBI 3 MHEEGELDEBRRER

(source) S F P Am An T
(target) | F P Am An S P Am An |S F Am An | S F P An S F p Am

BL1 776 .667 687 .533 765 .574 .674 .607 | .679 .697 472 421 | .771 758  .620 .526 877 707 537 .614 | 633
BL2 795 676 .687 .537 | .771 .620 .687 .607 | .711 .735 459 446 | .762 .794 .639 .540 574 730 528 597 | .645

CDRG |.785 .676 .691 .547 | .798 .620 .674 .602 |.711 .747 433 .453 | .804 .784 .630 .533 586 730 .37 597 | .648

CARG1 .798i .694 .682 .540j<r .7831 .630* .704* 585 | .708 .731* 472 .461 | .786 .7894*r .630 .531J*r 571 .756* 546 597 | .650

CARG2 | .7917 .731 .691 .5417 | .802* .657* .691* .500 | .705 .754) .464 .433 | 7987 .794} .639 .558) | .563 .727 .574] .597 | .655

CARG3 | 7997 .713 .691 .5427 | .815% .657* .687* .602 | .717 .747) .476 .451 | .795] .795] .639 .556* | .574 .731* .574) .605 | .658

IN-D 768 .611 .678 .759 |.795 .611 .678 .759 |.795 .768 .611 .678 |.795 .768 .611 .759 795 768 611  .678

S: service, F: food, P: price, Am: ambience, An: anecdotes.
«: vs. BL1(p<0.05), +: vs. BL2(p<0.05)

T T by T TF—REy FOEBRERERLTIORT. LAIT Y - T—Xty
M DOFEREFRRIZ, "= T4 VXD YWEFEOAVBENTVS. 2L, #i
FHNCEEEND S RXA VOMIZLA TV - F—&tEy MZHRTH W, L
A7 VDERTIEYelp DL B 2a—%2HWTMLM ZHZEE LD L, Fv
T by FTCRFRFEINZMIMZ2Z0EFHVW 2 eRRERROO D2 LT
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ZZob. £z, CARG1 XD b CARG2 DB IEMRNEWVEFNZH 5 Z & H
MR T Z %23, CARG31Z CARG2 L EERTHZED LLIFRE 5. 2008 L3
T—REy bTEBXZRBOMENE NS, BEFENPED ISR
¥ UNDLE2—IHHMHATESZ L VWO EKRTONHANEE T2 2 EHIREX
ns.

WRIZIC, ZORAFR XA VOEBERL 4V F XL VOEBERZIK T2, &
W, 7BARXAL OMMEHEDIEMRERIIL VR XL 2 EDdE 50, LA
Ve F—&Ety FTIE, ZLDRXA YOMIZOWTIREFEDIEMRRN A VR
XA VDIEfERE EAloTnad., KT, =7 v N X4 U priceD & X, YV —
A R XA U anecdotes DG EZFRLE 2 TOREBMEIZOWT, CARG ODWINhlk
A Y FERXL VDEMRRE ERZ. R41ITRLIZE D1, price D F— X EZMho
JEMEIZEERT R D Dln, 5 BEIREMGEE Lz & 2Dl T — X D&ED 57T
372, ZO0THICEVIERRENMGFONR Lo/ e DNERE LTEI LN
L., FOMDEFAAL YOMHITOWTHZBRA R AL VDIEMBENA V F AL V%
b2 ZendsH, HEREFIZEAHER2 072, 70 A RX A VOMEIA
VERXAAL VOMERE FREIZFEEICOWTIE, SEBREENINETH S.

T Ty T TFT=REy MZOWTIE, 2K B X R X4 ORERIZA >~
RXA4 VDRI DBES. 720, =7 v b FXA UDdesign D & 21X, 12
RFEDEMRRIZA > F XA Y OIEfRHFE0.757 % EA5. £4212X% ¥, design
DTF—RXBIZADDENES b—FVhnwkED, LAY - F—Xty MIBITS
price B L AR, FIT —X BT 2ICZL BV EAERE LTEZLNS.

RA4T Iv Ty T F—Xty MBI 3 HEEGEDDEBRSER

(source) G Q P D ERZ)
(target) | Q P D G P D G Q D G Q P

BL1 807 784 765 141 837 769 | .789 .850 173 137 .821 .809 | .790
BL2 .804 .809 .757 731 .850 765 | 773 .862 788 756 .831 .803 | .794

CARGI | .807 .803 .780* | .744+ .850* .769 | .768 .865* .788 T70% .833*% 806 | .799

CARG2 | 812 800 .780* | .746+ .853* .765 |.779 .862*% .796* '7721 .829*  .815 | .801

CARG3 | .816 .800 .780* | .744+ .846 731779 855 788 768% .829*% 815 | .800

IN-D 867 846  .757 .870 .846 757 | 870 .867 157 .870 .867 .846
G: general, Q: quality, P: performance, D: design

x: vs. BL1(p<0.05), +: vs. BL2(p<0.05)

4.3.3 NFTRXRRICELDZDEZEDORE

AHTIE, REFIRICBIF 220087 XKITOWT, ZhHEHE D IER
RICHZ 2WEEHET 2.
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BIE T, DREBORS

¥3, BET, OB OVWTHET 5. 32T XSI1L, V=R KX4
YDTF—=RTT 74V Fa—=r7 L% BERT ZHWTX =7y b XA VDX
D7 NNUNFZIT OB, W7 7 XD FRIFERN T, L ED L DA T Lz fth
T3, T, RELFRETELE—F Y b FAXAL VDTN EXDORIFIEZ 273,
o T 7 NPT G XN T — XD Z 2 AREED B 5.

VARSIV T—=&ty b2HWRIBRTIE, T, %207 72308 ICRELL. T,
G EHES NOUNFIC K BFIRT — 2 O BEIMEEEICE T 2 89 X X THZDT, H
B 7 NI X BT — 2 DAEHWTCBERT 2 7 74 ¥ F a2 —A4 755
N—=R 74 ¥ 2(BL2) DIEfFERE IS L. Rz 2BME T, 12 X % BL2 OMIEHE
DIERFEER A8, T EMELZLE 2 —XOBERIIITRT. T,% 0.8
WKRRE LGS, T,2507D8 Z L HNT, 7NLEMNEXNIZXOBIELARBD
TN, ZORBOITNTHS. —), ERBRUEKT L, £20/HD55, T,
08D ZDMERPVBNTVEDIX4MTHD, T, 208 D& =D IEMRE
0.7 DFHEMBIDEN. LadoT, T,X08 KHELLAPHEYITHS.
D, 4A32HTBRNZLV AN Y - F—=Xty PERAWLERTIE, MET,
0.8 ITRE L 7-.

48 MMET, ZZZA T ZOMEHEDERE (VA MZ Y - T—&ky )

(source) S F p Am An T
(target) F P Am An |S P Am An |S F Am An |S F P An |S F P Am

BL2(7,=0.7) | .786 .657 .700 .532 | .762 .611 .665 .601 | .702 .667 .455 .437 |.807 .780 .630 .547 | .577 .720 .537 .614 | .639
BL2(T,=0.8) | .795 .676 .687 .537 | .771 .620 687 .607 | .711 .735 .459 .446 | .762 .794 .639 .540 | .574 .730 .528 .597 | .645

S: service, F: food, P: price, Am: ambience, An: anecdotes.

349 BET, ZZZ e ZD I XAMEXLDH (VAL F Y« T—&t v )
(source) S F P Am An
(target) F P AmAn |S P AmAn |S F AmAn |S F P An|S F P Am

BL2(T,=0.7) | 738 96 214 866 | 308 93 213 885 | 265 617 169 701 | 248 654 79 674 | 291 704 97 203
BL2(7,=0.8) | 690 91 202 818 | 284 89 204 818 | 216 534 123 549 | 210 583 60 552 | 276 669 92 189
S: service, F: food, P: price, Am: ambience, An: anecdotes.

Zv Ty T2ty FEHVEERTIE, T, %05, 0.7, 0.8 DWITLh
WEREL, N—ZX 74 Y 2DIE@RZHE L T-. B2 2T, 1< X 2 BL2 DMt
HIEDIEMAREZFR 41012, FNAVEMELIZLE 2 —XOBEELRLILITRT. T,
ZRdRET DIFEERE NS XOBIIEDT 205, YV —R F XA i general B
L < & performance DIGE, T, % 0.7H L IX08ICHRELTD, T,=05D Xt
LERT, XK ERETR Y. —F, Y—ARX A4 Udidesign D& ZWZT, %
0.7 £721% 0.8, quality D& EIZ T, % 0.8 ICEE L1235E, 1,505 Dk & & ik
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T2, IRNNVENGEINELXOBIDLL, ERRPMETNT2H K25, &
B, X410 0fER2R 2, LELORNTERRORERETOVHERTES. £
7o, IEfFROLETE, 212055, T,2050 TOMELIRLBEN TN
DIFIMTHD, T,2505 DL ZTOPEMED 0.7 72132 0.8 D & T DV IEME
REDEW., LEhoT, T, 305 CRELLTVHETITHS. TDD, 432
HTHNRZ2Z7 v 7T by 7 KX VERWEERTIE, BET, % 051 ELT
W3,

£ 4.10: BET, 2Z 2T ZOMEHEDIERR (Fvy by 7 F—=2Ev })

(source) G Q p D

(target) Q P D G P D G Q D G Q P E

BL2(7,=0.5) | .804 .809 .757 |.731 .850 .765|.773 .862 .788 |.756 .831 .803 |.794

BL2(7,=0.7) | .814 .781 .761 | .725 .784 .690 |.794 .853 761 |.684 .275 .476 | .700

BL2(7,=0.8) | .775 .755 .686 | .396 .489 416 |.791 845 .769 | .684 .275 476 | .613
G: General, Q: Quality, P: Performance, D: Design.

K411 BET, ZEZX e EDITRANEXXDH (Fy T by 7 F—XEv })
(source) G Q p D
(target) Q P D |G P D G Q D |G @Q P
BL2(T,=0.5) | 406 317 254 | 660 317 249 | 680 408 252|566 371 277
BL2(7,=0.7) | 355 297 221|501 245 188|597 377 222|252 83 110

BL2(7,=0.8) | 265 232 182|289 153 103 | 530 351 208 | 210 74 93
G: General, Q: Quality, P: Performance, D: Design.

BfE T, DEEEDRE

RIZ, CARG D %7 X & T, 5HE D IERIKIZTHEBIIOVWTHET
%. 331HTRAREZ L5112, FAAL VICEHABOKIEEZME T 28, HIEOMmM:
27 HME T, A EDOGEICEIEE LTHE T2, T, 2B &KETBIEY, £
DREIERERMH T 2. T, % 0F7/721303 1R EL, CARG1, CARG2, CARG3
DVANTY - T—=Rty MIBUJSIEMBRZHR L. EBMERETE 4.12 1R
T. 2B, v T by T e XA VIZOWTIEFRIBEOFHEIZ L TOARW,

9, FEHEMREIE T2, £4.12 D%, CARGL ¥ CARG31%, T, %0
WERE LA 0IICHRELLE XD FHEMBEIE V. ZDEIX, CARGI
T0.04, CARG3TO0.01 RS> THB. —F, CARG2TIX, T, 280D &¥
03D ETEYEMRIIFLL, 2HIC0655 2o TWVWE. ZDOIehd, K
THREHHOBIE T, %2 0 ICRE L ADRRWERBIE LN Zedbhrotz. Th
i, T,20IC522EDZLDR—F v b FXA vORBIEEI B XN, Zhic
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FERVWMLM I & 27227 DO7SEDTHEHD 5N 2 HEEORHRDIE X, BRe L
THEERINEZ XOBPEZ 2, THOBIBT —XOEPEZ 5720 E X
bbb,

CARGLIZDOWT, A4 DY =R+ X—=7 v b RXAL D
Y, £220HDSH 11 FHICOWT, T, 2 0ICKELEZTN03 LREL-L &
X DB IEEENEN. —F, 5T T,=0.3 ODFBEN, 4 HTIXEMELFE LT
TH3%. CARGI T, T, %2 0 2HRELEGEN 03 XV ENTWIHNIZNI L
MWDo 7=,

CARG2IZ2OWTIE, T,=0 & T,=0.3 DGEZET 3 &, FHEMFRRIIFE U2
B, To=0 DT IERRBENF A A4 VOIX 11 #, T.=0.3 DD IEMBRIIE N
DX 8, FERBFEICLRDIF1IHETH 7. FHERERIFE L TH, T,=0D)
MRV — AN T,=0.3 DFTHBEBWVWI— X XD 32 W, CARGL Ak, M
BT, 2 0ICKELIABDITLICRENI e bhr b

CARG3 IZ2W T, T,=0 DA DBIERERIE DI 11/, T,=0.3 D5 HIEM
RPENDIZ6H, FLRDIF3IHTH o7, T,=0 D7 — AWM IEFBERIE VFHD

DA DLEE R

BrZ v, PEBROHBTS T,=0 DFTHAT,=0.3 D $ 0.01 KA > FEL.
CARG3IZDOWVWTH, T, DMEHIF03 XD DO LHET L HPRVEFZ 2.
#4.12: BET, 2227 2OMEHEDERE (LA NF7 Y - F—=&t v )

(source) S F p Am An g
(target) F P Am An |S P Am An |S F Am An |S F P An |S F P Am
CARGL(T,=0) 798 .694 .682 .540 | .783 .630 .704 .585 | .708 .731 .472 .461 | .786 .789 .630 .531 | .571 .756 .546 .597 | .650
CARG1(7,=0.3) | .793 .685 .682 .543 | .783 .639 .682 .508 | .708 .740 .481 .458 | .786 .783 .620 .530 | .565 .735 .528 .588 | .646
CARG2(T,=0) 791 .731 .691 .541 | .802 .657 .691 .590 | .705 .754 464 .433 | .798 .794 .639 .558 | .563 .727 .574 .597 | .655
CARG2(7,=0.3) | .795 .704 .695 .538 | .798 .648 .682 .605 | .720 .735 .455 .433 | .795 .781 .667 .537 | .571 .751 .611 .571 | .655
CARG3(T,=0) 799 713 .691 .542 | .815 .657 .687 .602 | .717 .747 476 451 | .795 .795 .639 .556 | .574 .731 .574 .605 | .658
CARG3(T,=0.3) | .791 .704 .691 .541 |.792 .657 .691 .601 | .720 .739 .472 .442 | .801 .774 .639 .541 | .589 .747 .602 .597 | .657

S: service, F: food, P: price, Am: ambience, An: anecdotes.

4.3.4 CARGICEBERXDERE

AT, CARGICX o TERINT L — E/LFx4y@i®ﬁ 72BN
R—=7y F FXA4 O LTHEYIRSDPERIN20EEET

F£4131F, VANV TRty ]\k%b‘%i“(@bﬂ%/@ﬁtﬂ&:omf,
CARG IZ Ko THEMXI N ERLTWS., R TFiEL L TCARGL £ CARG2
ZERAL, BREBMHICBI) 2 HEEOMMER a7 OBIE T, % 0 £721% 0.3 IZE
LTW3. 7238, CARG2 ¥ CARG3 D&, Focal Loss BIEDEH D H#EA D
T, ARINEZXORIFATCTH . Fiz, LITHIED CDRG I X » TER XL
72X DB T
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AEHARLNZHIFRS 2 7 4 V&Y 7 %iTDW CARGL D5 CARG2 &0 %
ZLOXEERT 2 Z DR TE S, Fio, T, R 0ICEELSTH30.3 LiE L7
EEEHANT, FAAL VERORKRIEEZ XD Z MM L, £z fisT [MASK] %
HOTX2ERT 270, ERXDBNZL hoTW\Wb Z L biEETE 5. CARGL
TT,=0 D=, BXZ 1000 425 8000 fF & o /e T HEmD X EMI T
W32, CARG2 T Ty= 0.3 D ¥ 1% 100 fF22 & 1000 HFFEE E THAD 5 5.

YV — X R XA U9 food X anecdotes D&, MMOBHOEEIDBZL DL
P a—XHERENE ZhUE, RA46IWSRLEXIIIE, LAFI Y - FT—&ty
MZBWT, food X anecdotes DL ¥ 2 —HNZ W=D TH 5.

CDRG IZDWT, Y —RX KX A U7 anecdotes, X—7 v kb KX A 273 service,
food, ambience DFHAGHEZFRNT, ERINZ L E 2 —XOBIT—FD 0.
ZHE, CDRC TiX, 1 20DX2BEREINE X =7y b KX A YO T=072
M1IDOTHB1HDTH5.

# 413: CARGIREX > TERINTZL L2 —LDE (VAT Y - T—=&XE v )

Source Domain

Service Food Price Ambience Anecdotes

Target Domain | F P |Am | An S P AM | An S F | Am | An S F P An S F p Am
C;‘:Fi(o}l 1626 | 535 | 709 | 1723 | 5049 | 2019 | 2932 | 5668 | 802 | 1131 | 533 | 1143 | 1432 | 1451 | 393 | 1396 | 7437 | 8390 | 2505 | 5997
CARG1
T —03 1053 | 234 | 497 | 941 | 2623 | 1087 | 1854 | 3674 | 402 | 509 | 308 | 525 | 783 | 948 | 244 | 877 | 2662 | 3029 | 1005 | 2214
CARG2

T—0 822 | 299 | 491 | 1163 | 2076 | 1146 | 1470 | 3694 | 439 | 327 | 339 | 667 | 997 | 557 | 259 | 869 | 3045 | 2390 | 730 | 4343
CARG2
T —03 248 | 103 | 351 | 510 | 914 | 599 | 1041 | 1177 | 179 | 304 | 142 | 325 | 375 |[410 |98 |484 | 562 | 612 |455 | 465
CDRG 65 75 |92 | 196 | 524 | 388 |456 | 608 |80 | 112 |84 |124 | 116 |132 |61 | 128 | 648 | 768 | 303 | 604

S: service, F: food, P: price, Am: ambience, An: anecdotes.

RK4141F, v T vy T T2y MBI 522TD KX A4 YOMIZOWT,
CARG IZX o THERINZ=XDEERLTWE., ZOEBRTIXRMET, 1X0 23
EFLTW2, LALZY - FT—XEy FOMBRLFERIC, 740K 7 %iTH
720 CARGL D5 CARG2 & D dAEMINDE L Y 2 —XDOEHNZ W\ T & DHER
T%%. CARGI TEB X # 500 425 3700 4, CARG2 TIEB X Z 150 k25
1200 FOXDERTETWS. Fv by T F—=&ty FTIIEMED general T
HBHLE2—XDEPZ WD, YV —ARX AL Uhgeneral D FTWHRHZ L DX
PERINTWS.

CARG IZ X o TH I N=XDH %R 4.15 ¥R 416 ITRT. THHDETI,
V=2 DL a2—X%ETTI 2—=F v b DL 2 —XPERINTZ 2R
. FRRIIERIN-HELZRT. VA FRXAL DL VY2 —XDH%5 DI
F—Xty M EINTZEBDO IRV THS. CARG TlX, L2 —7
P RX A OIFTEDO X E R CHMEZ XU EINE D, X—F v b FXA
Y DX DFZDFEINEZ DMMEZ NV ERKT. X1, NEINMET UDIE
LWEEE V&, ELSBWEEE XERRLTWV 3.
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£ 4.14: CARGIZE > TEREINILE2—XDE (Fy Ty T FT—&Ev )

Source Domain General Quality Performance Design

Target Domain | Q P D G P D G Q D G Q P
C?Pi%}l 2205 | 3762 | 3222 | 1167 | 927 | 771 | 1353 | 1197 | 522 | 531 | 459 | 987
C?Ii%& 777 | 1257 | 1176 | 273 | 225 | 231 | 696 | 615 | 156 | 153 | 240 | 564

G: General, Q: Quality, P: Performance, D: Design.

K 41513 CARGIC L o THEYNIIR X =5y b F XA Y DOXHERE NI ZRL
TW3. B service TH B L ZTDL Y 2—X “The service was attentive and her
suggestions of menu items was right on the mark.” {Z®f LT, #FHfizEADY “good” %

“great” 72 ¥ food DFHIIC R b2 b DICEELZ N, 7z “service” 23 “food”
WKEBIREhTED, X—7 v h FXA ¥ (food) DL E 2—5 LWAER I TWY
%. 7z, food DL B 2 — “The wine list is extensive and impressive.” {22
WTC, “wine” & “list” &\ o7z food IZBEEH 3 2 HiGEDY “customer” ¥ “service” 12
BRI, “extensive” & “impressive” & W o7z food BIHEICE T 5 X Hib
N BIEAD servicee BIEICE M3 5 U2 & L LB AR “good” & “friendly”
WIERLX N, service BMEDS LWXDBERINTWS. [FRRIZ, EMHD ambience D
X “The decor is really blah and not at all hip or happening.” {22\ T, “decor”,
“hip”, “happening” &\ 7z HEEHS food IZBHE S 2 HAGE “pizza”, “salty”, “spicy”
WEE .

—7%, CARGICX o TAERIN/ZLE 2 —XORTHEYI DT TIERL, F
HIRIZSLR R XA VITBE LRV, £RIEHE G S Mt 2 v oMt
E=BLBOWDEZEBFHELTVWS. ZDX 5%V a—3mHEHEE T LM
BRIV E R 5 2 Z20[8EDH 5. £ 4.16 1372 D X 5 B AEYILE X DRI Z <L T
W5, @D food TH % L E2—X “The dinner menu is diverse and top-notch as
well.” 12X LT, food JEMEIZE M L7230 & { HH 2 HEE “menu” % service D
FHGE “table” ICEI L TXEREKR L. L, X2ROEKE H 5 ¥, service
BB T 2 X e 3ARER V. 2FBHOHITIX, B service THBHL B 2 —
X “All my co-workers were amazed at how small the dish was.” 12Xt LT, food J&
Mz & < fHHA 2 HEE “small” <2 “dish” 23, “good” % “service” &\ o 7z HGEIZE
s TXEAER LTz, TEOXTIE small & W5 FEERIIEE Y 72 B 2 £5O HigE DS
HB7=D, XOMPEY LT negative D 7 NADBEXNTWS. LaL, “smal”
B3 “good” & WD HEMNRERZ R OHFEICEI SN2, XOMEIT iy L
T positive (532X TH 55, JTTDOX E[F L negative LW H iR o727 L
B GENTWS

M Eo#ES #% CARG 1T &K B 3AEMTIRITIELA RO & 5 BRHEDORMAD D 5.

1. [MASK] I0}Bh 2 N & AR FHIT 2 & &, HIBOMMEEERET, Hic
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BERT ® MLM Z#H L TWa. Lo L, EXNHEENITOHEEDMmE
LRI BGE, MRE L TXX2ROMENZE ST 20[fetEDH 5. Lizdio
T, [MASK] 2% —7%"v b R XA ¥ ORIEEICET T 2B, JLOHGEL Ol
HO—HeBRTLIHLEND 5.

2. [AIRRIC [MASK] ICHD ZNEFHEEL LTX—5 v b FX A > & OBJE DMK
WHEENBIIND Z Db, ZHUX, RXA VDL E 2 —XDER DN
L EIZ, FXA VICEAOREEEZEYNICHETETWiRWZ EAERK e
2605, MHEE LT, [MASK]IZHD SN2 HFEN K XL VITET 5
ReatB T MR BINT 22 eNEZ6NS. DFD, [MASK| IZHD 5
NLBFERED R XA VBT 2002 HET SEEX BT 5.

3. LOBETIZARTVRWS, ElIn/zLCa—X0ekrlsy, 13F
FUEREROXDPEE L TERINTWS Z e DPERINTVS. T/,
BEHZ SNTREEEICZRMES RV (TR NREED A B X1
TW3) ZedERINTVS. 2, E—2aH3—F71aY XLITE-
T MLM 12 & % PHIFERPMBENEHFEANDBE ZMZ 2UIDET st L,
MLMIZ & o TFHIY 2 BFEDOBARIME T, THIRE N TWD (424THTRL
7o X2 ISHOERTITRA 100 4) Ze AL Bbihs. 713y X
LEHEL, 2L OHGEEHAWT MASK] #E XX TXEERT S 2
LIZ&D, ZORMENRRTZ ZA[REMEDLD 5.

3 4.15: CARGIC X o TERIN @YX —7 v b R XA DDA

RX A \VE;—Y

service The service was attentive and her suggestions of menu items was
(Y —2R) right on the mark. (positive)

food the food was good and her choice of menu items was great on the
(Z=7"v 1) menu. (positive\/)

food The wine list is extensive and impressive. (positive)

(Y —=A)

service The customer service is good and friendly. (positivey”)

(Z—=7v )

ambience The decor is really blah and not at all hip or happening. (negative)
(Y —2A)

food The pizza is really blah and not at all salty or spicy. (negativev’)
(Z—=2"v 1)
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£ 4.16: CARG I X o TAERI NN EY X —7 v v XA DDA

FXA > ‘VEJ~Y

food The dinner menu is diverse and top-notch as well. (positive\/ )
(Y —=2A)
service The dinner table is diverse and top-notch as well. (positive\/ , F

(B—% 9 1) | X4 VicB# L)

service All my co-workers were amazed at how small the dish was. (nega-
(Y—=2R) tivev”)
food All my co-workers were amazed at how good the service was. (neg-

(X=7"v F) | ativeX)
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EHE HbHDOIC

51 L&

Ak, BT 3MmMEHEICBWT, BR3BHO SN EF—&%
FIH U THBMHED IR 2 8 T 2 E0EICO FEZIRE L. MEREE L
T, V—ARXA YORBMHICHET AL E 2 — U2\ TIMMED 5 Rt 5 X
NFT—EZDPFHET B, X—7 v P RXA VOEEICEATELE 2 —XiZoWn
TRZEDEOI BT —RIFELRBVWEIRE L. 2—F v b FX A4 v OofmHHE
DAL E W EE T 272012, TOINIUNETFT— X% HEIMEEEL /-.

R—=79 M RAXL VDTN E T =22 HEEERES 5729, LIFD 2 0DFkL
ZHWE. 1 0HOFERREZ, BEIZ7 0NN X 2T —XDEBERTH - 7.
V—=ZARRXAL VDTN ET =X HOTHEHEDET LE BERT ITX - T
FEL, ThZ2HWT, =7 v P RXAL IZBIEZINVRLT—2Ey M2
Bt U THMED SRV BEIRICH S Lz, 2O, BEPHE X mE S ik
D EELAREMN D 2 728, BERT 12 & 2 HIEDEHEE D EWEH D AIZ TN
NG L.

2 DOHDFEIZ, Cross-Aspect Review Generation {2 & 237 — X DERTH -
7. 3, V—ARXALVER—FT Y N AL VDZRETIIONVWT, RXA UIZ
B DRIGE L REEERZ T L. RIS, V=R FRAXL VDI EL 12—
IZOWT, V=R FNXA IZEHEDRKIEE & REGEE 2 Rifk b — 27 >~ [MASK] ICE
iz 7-. 51T, BERT @ Masked Language Model IZ X =T [MASK] 1224 Tl
FLHFEZTHIL, ZOTHIMERNIKEL, »OX—7 v b KX A4 VIZEEDKE
D LREGEICHZ YT 2D DIREEIMZAT, =7y PRAXf VDL Ea—
XD EERAER L. &%, PLLERHWTERINZLE 2 —XDOHRX
ZHID, BATIEZR WX DERHZBRA L.

UED200FKRICE > THEIN 2T -2ty bEHWTBERT €T 1D 7 7
AV Fa—=V7RTV, WEHERDDNESREFE Lz, FEHORE, it —
RIZBT BT LD OHIRD 23D % &S BEICRLS % 72812, Focal
Loss & EH L 7=.

REFEOFMERZITo7z. 5 2DBMHICET 2L a—oflENs L R
FoveT—ZtEy e, 400BNHICET AL 2 -0 ENE Ty T by
T T=Rty VEFEBRIIHVWE. ZAFhOT -2ty MZOWVWT, Y—AF
XA R=F v N RAL YOZENFLEEEREID ST, £2TCOREEDOHAS
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DRI X ATHEBHEIEDEREITo72. N—ZX 54 YFHELBEFEICOVT, F
fRR R FHilifeRE » UC, MmMEHEMREER B L. AT Y - F—&E vy b
YT ry T e F—XEy FOMHFIZOWT, R—RA74 VX DEERTFEDS
PERTVWDE I Z2HERL. IRETEORSDOIEMERIE, £TDOFXA VDil
DY EMRRT, LAMT Y - T—XEy bT0658, v by FT—Xty
FTO080L 27D, W DOBDR—RAF A »%2BXZ0.005250.020 K4 > b k
Blo7z. 2200RLZET7—XtEy bTBBXZRKOMEEMNGEONTZ 0D, 172
BFEREDEI B ¥ ADLE 2—ICbHEHATE 3 2 VWS ERTONHAMES
B35 2ERL .

X512, CARG ICEkoTAEREINZL 2 —ZH LT, &b othziTolz. #
DGR, FXAVICHEELRZVWL Y 2 —X, RNEMR IR E3h, &
RINICEE T 2 AR IR T WD Z e DRI, ZAHBETNLOWREICE
WEBREZ DU D B Z e ibho 7z,

5.2 SHRORE

MR T, 2 TORMEDHICN L TRETFENIR—ZX T4 V% A0
FTER L, mEHEOERENA L o EEOMBEET L. 20Tk
FRNZ, BEFECI>TENINZLE 2 —XBFEICERTE 3D TIERWS
eI B,

ZZT, SBOMEL LT, LHOMEDREKZREEL, FED XA O
WKBWTHBAERT 2 XOME2A EXE23 FERERLEV. Hl2Z, B
B 235 L CREGEER I LTw 3, BHORE 2RI RT-EER T
THRABERINORTHESHE T2 22T, HEFEOV A NIRRT 22 2K
B35, £, [MASK| DBEHIUC L > TL B a—XEERT ZBUC, Bifixh 3
FED R XA VBT HMEREZHBE T Z2FELZEAL, LD FX A VicBET 55
BEBUDXEERTEL XTS5, AL a—XomtEr 5357
EDURDPRBETH 5. BIEORBZFETE, YV—AFXALDTF—XLy +T
DI EXNTVRIE T NNV EZDEEFHEERLZX—F v F FX A~
DXDWMEZ X)L LTWBD, MEN—H LN eRHE. DFhH, BIX
NBZHFEL TOHEOMMES - LW e ik, ML KEET 2 22 n
MBI TW3. LkoT, MESRALDIELXZRIFTI2MEBLEATS. Bt
W2, BEOFETE LY 2 —2HVICER L TWE 720, BT\ 3 XHEEAE
MENEZ 20D, FMULAEXPELGL THIBT —RICEENL XL
LAWY, LE2—DEKT7 LT XL E2RRE LT, BERMNCERL RV
BT 5.
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K ED BIH-D, BZLOZTIEEBLXUO I EVWEEE X L-FiEE
HETH2HHEBEBIZICER N 2L ET. £/, BHEEHE TH 3O
2, BHMHREDORX =120 X b E#H WL £ 7.
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