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2 BERAR

2.1 Joint Sentiment-Topic Model

Lin & [5] 3XEFD MYy 7 LMD %% 2 74
%€ 7V Joint Sentiment-Topic (JST) Model % $2% L C
V5, FREITHTIC BT, HEEORMEIE X 2 SR
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TH Y., #Z1F Takamura 5 [10] IF A E Y EF L2
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2.2 Structural Correspondence Learning

Ando 5 |3 Structural Correspondence Learning (SCL)
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TT7NIY XLZMEKL T3, SCL % Amazon D L
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Algorithm 1 Structural Correspondence Learning
AB: BBITEO 7 U ETF =4 {(x,y),} LEELEEELD 7
L7 =% {x;}
WA s X Y
Step 1: il 7 ~v & OMAFERED G m HORMEZFERL, 2
1.5 % pivot feature & 3%, HiBIMEL L, & % pivot feature
% Z NI D feature THIH X 2 m O {5 FRTEZ 2
(Z ORIEIE T 2088 % pi(x) 2162 (=1, ,m)),
Step 2: 2T D pivot feature IZXf L CUATOEARY L ERKD
% (L HHEBE).,

W, = arg min (ZL w X,7p1( )+ Allwl| ))
J

w
Step 3: Step2 TROZLEARY FAZMEEL, W= (W, W)
E3%, 2O W IR L, SVD 2%453 5 (UDVT)T =
SVD(W)), fi4I53 L CTEATHD S5, U O i h A
DRFUHISNET 27 P v L eDTO=U], , LT 2.

Step 4: 7—% {((x,,(—)x;) ,y,);} WKL CRRBIER £ &R,

1 AT ) ZBDHM

ES [ %l
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D+ Dy)

F T D
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Wan X d D n HHOHE
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1. Foreach sentiment/ =1, ,S:
(a) Draw word probability ¢, ~ Dirichlet()
(b) For each domain f =1, ,F:

i. Draw word probability ¢, ; » ~ Dirichlet(f3)
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2. For each documentd =1, ,D:
(a) Draw domain dependent probability 8, ~ Dirichlet(a)
(b) Draw word sentiment probability y,; ~ Dirichlet(y)
(¢) For each word w,, in document d

i. Draw z,4, ~ Multinomial(6,)

ii. Draw Iy, ~ Multinomial(y,)
Multinomial(¢, )
Multinomial(¢,;, ¢

(lf Zdn = O)
(lf Zdn = 1)
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(d) Draw wg, ~ {

(e) Draw y; ~ Multinomial (

S(F+1)
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P(w7y7zal|f7a7ﬁv%n)
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D, {0430, ZMHMET I LIck D, UT2E2,
F(Za))D D2 T(Nyy + @)
P(zlot) = ' )
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