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Abstract Supervised and semi-supervised sentiment classification methods need label corpora for classifier
training. To solve this problem, an unsupervised topic and sentiment unification model (UTSU model) is proposed
based on the LDA model. UTSU model imposes a constraint that all words in a sentence are generated from one
sentiment and each word is generated from one topic. This constraint conforms to the sentiment expression of
language and will not limit the topic relation of words. UTSU model is compeletly unsupervised and it needs
neither labeled corpora nor sentiment seed words. The experiments of sentiment classification show that UTSU
model comes close to supervised classification methods and outperforms other topic and sentiment unification
models. UTSU model improves the F; value of sentiment classification 2% than ASUM model and 16% than JST
model.
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Name: Generative model for UTSU

//“topic plate”

for all topics k €[1,--+, K] and sentiments j €[1,--, L] do

sample mixture components ¢, ~ Dir(/)

end for
//“document plate”

for all documents d €[1,---,M] do
for all sentiments j €[l,---,L] do
sample mixture proportion 6, ~ Dir(@)
end for
sample mixture proportion @, ~ Dir(y)
//*“sentence plate”
for all sentences s €[l,---,Nds] in document
d do
sample sentiment index m_ ~ Multi(¢g,)

//“word plate”
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Fig. 1  Graphical model for UTSU
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Table 1 Meanings of the notations for UTSU mode
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for all words n €[1,Ns] in sentence s do

sample topic index z_, ~ Multi(@,,)

sample term for word w, ~

Multi(¢(z’m)\ ) )
end for
end for
end for

Y EFTE S8, UTSU AU T A W e 2% 1 A n)
W27 B RS HE R Ky

Pem,, )P ((Z’ m)s,n

i )z

mS,Hd)j (1)

iz

Hirp Nds 278 CRS d WA T4, Ns #anm)+ s N
I %K .
2.2 UTSU #&=E K fi#

i RFRICIL S RGNS, i=(d,sn), i
CACS w, = w, , FoR 5O E . AT A0 B AR e 1

SRR

W, s, FR A w B T m, FRiA
VB w, B T RN R GM L, m | SR R S A
5 U A T A A 3 T T A ) T B R
Bi. 2, FARAIC A0S w A, 2, R
I A G H A AT I i R A A



LR (A SR B2 R

W= {wl. =t,w_l.} ,Z= {zl. =k,z_,.} ,m= {ms’ =/, m_ }o
FIHT Gibbs RAEFIEVEATRAE, HHTIHILIC S w, 1Y
FHEHR ke, AERECY j R () 2
P 2

_ p(z,m,w)

p(Z?l- s m,Sl s W)
_ p(w|z,m)p(z,m)
pOv. |z m ) p(w)p(z_m.,)

" B(n,w. +,B) B(nd +Z) B(”d,‘,- +C()
B(nkij_l. +/) B(ndﬂ,’ + ) B(nd‘jﬂ‘ +a)

I(n) +p) r(nd+yx,)
F(Zy:(n,i'i +ﬂ,)j F(ZL:(”;/) +Z’)J
rw%%>r@kﬁﬁmj

()

r[i(n(k) +ak)j r(nk.i.—i +181)

d,j
L ) K
r(So o] (S va)
Jj=1 k=1
IO, vr) Tl ra) )
k
[17 )
H ' B(a) & Beta %, Bla)=""——, I' N

r¢la)

i=1
Gamma PR#, I'(x)= J‘we"t"_]dt o
0
KR C(x+1)=xI(x), x>0,
Jir LA
m .+,

14
Z("I(c’,;,—f +5)
t=1

p(z, =k.m :j|zﬂ.,m w) oc

50
S

)
nd,fsl + Ij

L K
Z (”r(llix +7,) Z (n) i +a,)
=) k=1

) FRORBRCYETRNLIC S8k, HoAl S w, 2 AR [F]
B3] w Y RN IR 51 R kA BRI e S A
B, Y FoRER Y HTRNCIC S e A A SRS o
IR j A TR, nl) FORBR Y ETRNCIC S Ab,
SCRY o IR G RN kRN A

MA@ ITLLF B, WEIC S w & m, =,
Tz, =k ARAEER R 3 FdLk, A2 2P Xt
N w, 1 F R kR R, b IR o X B
R jESCRS d BSOS, A 2R

(k)
ny i +a,

> (3)

G3 R TESCRY d B YR FE U, R E
RN kAR . FEREAS SO AR, IR — A
1] AR Z2 3R 105 43 WO 7R 32 RV a0 R 2
e, R XA B ) HARAT Al — AN R 5 o B AE
F RGBSR 2 A RS G . an 2R
TR G FER —SCRh Z2 W R, B ATE 2% SCR
I AEAT ) o BL 45 1 8% A SR 2 1 . (W) 3,
TR F 8k AR — SR TR 2B, IR A TE SO
rh A A ] B R 43 L 25 R & AR A 233

HFilac s, How RoRmME—1EiE, 0. o flg
A Ak T T

(k)

A n,.+a
Ouajh = —F——— 4 d R
(k)
2.y +ey)
=1
)
A ny + y.
P, =T, 4)
Sz,
=
(w
A N nk’wj) +p,
¢k,j,w ~ vy )
(w)
Z(”ij +5)
t=1

0, ,, o SCRY d (S ET AR, R k 1
Sy j IBLIOMERE, @, FR IR j A5 SCRY d i I
SR ESRAG T, 4, TR w4 e 3 A
A3 2 R j B BRESRAG T, 0l FOR 3R d
ML L BT, n) R 30k d hy
B R kIR R, n) R w 4 L
16 MR kR BIYOR

3 XWERS5HW
3.1 SLEHEEE

MRARSVER T80Tk . Beks i pFie
BT, Ik E R B TR I 1R A A Y 56 T
THABLA I A A B 4, L 5] 9180 43¢
Ao IEZE(Pos) CARKRE M = B VL FiFig ke
Y, R Neg) UAHE N = B HLL T IFigH &
PRAF BN o R PR EICHE 4 19 /N RN IE B 47 8R40 A 2=
2 7N o

x2 BIEE
Table 2 Dataset
b P Beks P L
] (Corpl) (Corp2) (Corp3) (Corp4)
Pos 1150 910 1130 1270
Neg 1140 1230 1200 1150




PIVHE S ST U R S A Y Y TG I SO R A

TUAL PEAHE AR 1) XF A e fHE <nl
SR IRN A AT Y 4, IR AT AN B 7 43 R R
A5 2) Gt SLge BT i SCRY R 2R EUE B, Hh s
Ay ia) R FH P E B 2EBE ) ICTCLAS JFUR T B AL, 4%
THEE SR A5 ], (RS AR B AN B, <ER XTI
TR T 7= A 5 M F 1]

32 FHE-BRALN

AR SC S0 1 B L TR SCRTI U, R
e B, FIT] UTSU #6807 3 S01% ik 30,
ZHAE BT a=1, y=1, =001, L=2, LI
SR ALBRREIE, FERK =4, ERKE
N =1000, 75 21 [ 3 80— 8% i) #c R AR SCRY 4 P iy
RN, HEFIINER 3 PR, BRFZm, JAHT
A 39 AN 56 T E LAY 3 B4 & B .

FE 3 LUE Y, IE G R 7 iR OR
B3 04 P B S, AN 3 R R W S AR I A <A
fof 18 HE L A, A RN S B A R
B LIRSS N BFIR RSO AR B AR
[] B HH B A P S SR A, X TR AT LR
R A LFRIA N SO, s i dR T, HE R 2,
SR R R 32 15 R AR 45 5 B PR 8L B, JF HL
HEANT G0, JEHLET AR v < K 11 1 Jak
SEAA o

ik X A R R AT T, RBLARZ L
F TR B A B i AR, X ] T LA 1 J
SRR R T, 7R MRRAEME R, xS

®3 FEBBREIVALCE
Table 3 Example topic-sentiment words discorved by UTSU
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Table 4 Example topic-sentiment words discorved by UTSU
after denoising
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Fig. 2 Sentiment classification performances
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