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Abstract:

can effectively extract information of topic and sentiment simultaneously and receives wide attention in the field of sentiment analy-

The topic and sentiment unification model (Reverse-Joint Sentiment/Topic Model; Joint Sentiment/ Topic Model)

sis, because it does not consider the relationship between the overall distribution and local distribution, so the classification perfor-
mance is not good and stable. This paper proposed the multi-grain topic and sentiment unification model (MG-R-JST; MG-JST) by
taking into account both grains on sentiment/topic distribution—document-level and local-level. MG-R-JST/MG-JST generated the
sentiment/topic of words on the effect of the document-level and local-level distribution. we used Gibbs sampling for model infer-
ence and showed the process. Experiments on the dataset of MR and MDS demonstrate the effectiveness of the proposed method,
and the classification performance is better and more stable than the topic and sentiment unification model.
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2 Reverse-JST 5 JST &%

LDA J&— B F 7257 2 SCRY B & 32 80 DL i S e
AL AN 1Ca) W7, LDA BB AE AT UL SCRY 2= Fi B ia] 2
AR — R & I B2, 0 SR e E R 2 304
A7, A RN S B R ) Z2 3503 A
Reverse-JST 5 SCRS H A7 B & 1% A5 8,
7E LDA W5 AT IRRZ 97 R B — 1> DU 2 1y DL it 34 g 245
Reverse-JST H , 4 i SCRY J2&: = LW Z2 30 43 A7, B4~ 3
JEAE IR T 43 A7 100 5 32 R J% I B 0] 1) 22 10 43
Ai . B 1(b) 5 Reverse-JST 1 HE 2R IR | HSCRY 1 A= Ji,
AR
(DX TR FEEIEXS (k, 5)
C 1) A B AU IR 1Y TR 43 A @), ~ Dir( B)
() F iR S0 d
1) AER I 0, ~ Dir(er)
CliOXTRA -k
O IR Ry G B A =y ~ Dir(y)
Clil )X T2 3CR B A B3] w,
OA R F B 2 ~ Multinomial (6,)
Q4 BRI 1 ~ Multinomial (7, )
@4 217 w, ~ Multinomial (?)
IST[FIFETE LDA H 5| AN IR)Z , A IFRTE T IST $e 45
T SCRY 7R N 15 B 22 T3 A, BRI O ERL 2
T3 A . JST 56 A6 A i SRS AR A5 SR8 A3 A, #4326 1l >
IR ) JRy F8 2 R AT, B i AR AR 155 J% T A X e g L]
O R AL R 1 BES T ARSI A S
X.

x1 HSRIEH
D SCRYEH 7 SCRYSESATRIY E LTS
K EEHH I SCRYBE IR i IOy L 41
L EHH £ SCRYGUIFERST i Y Dirichlet 2748
w U o) EE R (K, s ) HR I S A
I SORSRATRS] &y SRS d ISCRYZLIS IR () 40
7 R FMAETS v MY Dirichlet 244
0, SR d 1 FES A o FHSM Y Dirichlet 244
7, Bk AR A B PRIRISMAIY Dirichlet 24K

3 AXEE
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A7 T FE A SCORY H— 2 R A o R IR AR, AT
B2 17 B3] R 3K H AH R R 1 TR %, Hh IR I8 A 5
FIILG . Reverse-JST/JST 3 F il 4341 15 , 76 AE A& B30 1)
JRyER IR IR R, B T I 2 R SR R AR A A, Y
55 B A% 5 32 50 H %88 £ i (484> 32 00T 7 8 R AR 8
I AE R 1 9 2 ), O Jey 3 1 I8k 32 A T B AN i
PEZSIGI, DI 52 A 21 43 2880 SRR e

FET R, FRATEE ) 2R A AUE R A
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WEEE b BAF R/ 32 A A ——SCRY AN R BB R o A
P A 152 B SRS 43 A 1R 52 e AR T Jmy 8 40 A, SR
o3 TR AR ER SORY A B A SR AT 1), MG-R-JST/MG-
JST 388 358 SCRY G 53 Aii A= R 38 43 A1, AT LASE i X Jeg 3 1
JE/ U TT B R I, DT B T 0 FE R - i L
EME.
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PRI [ 22 1Y . MG-R-JST H SCRS ) A8 st B S 4 an F
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()X F AR SR d
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(V) AW T 8516 0, ~ Dir(a)

(VX FRA T k

O IR R Fs BAE =y ), ~ Dir(y)

(VDX FIZ SR H ) BEAS HL3] w,

O R EM 2 ~ Multinomial (8,)

@4 BRI BT B 1 ~ Multinomial (7, )

QA Jili i) w; ~ Multinomial ( (pi)

55 MG-R-JST N[\, MG-JST W) [7] B 2% 7 SR 2% 3=
FRFE /I3, MG-JST Je A4 i SRS 9 32 8o A, R
My AR SCRY R U, B A0 (2) T3 R 3=
B SGER o, SR B0 JST FIE /s, A i s SR B9 15
AT, AR U BRI JR 3 2 R AT di i AR R
JRR R AU HP (1) B R A3 A A B ]
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..’A* = 4 ’...’A* = 4 :I
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KOG, #5021, 1 R s 24 5 1

K6 M 5 3 ok DA T B, R UG R AT SR o A TR A

(Gibbs sampling) X e AR A, et gk T AL,

K v e, X 2, DAl

YA 11 2 ST T 2 RIE A R AT A

Bl = s MR,

, , [1 i,F“Vs,d +7) NGO te

Pl = s 11,1;,7,¢) o ﬂilp(’{g) Mffi) + Ie

(4)
Horfr, N FORSCRS d E s ILEIREL, v, Y 1)
s N, PAR - i FORBRINIE | AMRFS .
U R A E SRy, Rz, 1 ST
F U RN I ARIE 2=k, 1 = s LR,
P(z, = kI, = s 1w,z ;,l ;,a,B,7) =
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(1) 78 SCRY DN T 51 25 F JR 3 1 J e 4, B
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() MRHEZ(7) , BT a8 S A B S 56 v

) RRHE(S) , B s () 8 2 G IR 1

Gt AT RFESS  MG-R-JST %t ¢, 9,0, z A1t
.

4 Ns,d+€

¢.\',1l= Nd+ lﬁ (8)
Nt,k,x +ﬁ
(Pt,k,s - Nk,s+ V‘B (9>
N/c,d+ a
0u=\" Lk (10)
P _ Nk,s,d + ys (11>
kys,d —

Nia + 237,

& 2 g fefi 5 A W RAE XS MG-R-JST #EATHEFE 1 O
RS A .
Rz 2 MG-R-JST FEHEHITREMN TR

1. Initialize all variables and hyperparameters
2.For i =1 to max iterations

3. Ford=1t D

4 Count the values of the variable ¢ and update the priori r by Eq.7
5. Forn=11to N,
6 Read a word from the documentd
7 Calculate the probability of
assigning the word to topic-sentiment labels according to Eq.5
8. Sample the topic-sentiment label for the word
9. End for
10.  End for
11.End for
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L3k H AW RAE S, MG-JST %t @ B9 an=(9) fr
NG, 0,m fEHHIT
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b=y (14)
N, i o
Bs,k,d = soked u . (15)
Nc,d + Zak
_ Ns,(l+ V4 (16)

Td =N v Ly
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HEATIE IR A3 S, 55 T H 38 SORY v & 1 SR 2 s B
BIMEZR P(11d),Reverse-JST 5 MG-R-JST H P(l=s1d)

=
el

K
= 2,0, m., 2, JST 5 MGJSTH P(L=51d)=m, 4,

£ O 245 T T [ 30 4 B, 3 45 B LT
S A SR 0 P SR G 43 17 4025 B MG-R-
ISTH P(l=s1d) =¢,,,MG-JSTH P(l=s1d) =

D30+ 0,00 A BT B BT IE o )

SO B Y, A5 U2 T ] 1
4.1 SKENRTE

HiRE  FATEFEN R0 A I EE £ MR
(Movie Reviews ), MDS ( Multi-Domain Sentiment) . MR 3£
2000 > 3RS, 5 IE B 1) SCRS 451000 4>, MDS 1 5
book , dvd, electronic, kitchend ~2& M FYTPEIE , 225 4000 4~
TE 1] SCRY AT 4000 A7 1) SCRS . A SO — 3 04T PUAL 34«
Jo 2 BREE S P RO AR L BOE AR RS DL RS I
A, B B3R #E 47 A v 3R T 4k (Porter Stemming  Algo-
rithm) . 38 F 1% JE0A) L MPQA AR VE T 8221 A4 UL 1 175 /8%
L, AR SO0 HAE A AR ] T Ak, 7 25 B AL PR EG J  JE
WeEAR S i), St 4581 AT

JLEEE A SR Reverse-JST. JST. Dependency-
Sentiment-LDA V£ A%} b 815 . AR 48 SCHk A 9 gt 5
BOREWT (Do B AXIRIKA L E K, o« =50/K, B
=0.015(2) L 2 3, G fF1E ], faga], k. v SRS Frik
M 5E 7 SG 5, Reverse-JST H ¥ = (0.01,0.012,0.01), JST
Fy =(0.01,1.8,0.01). Dependency-Sentiment-1L.DA 1
Reverse-JST _I 25 [ 3% in] B} 5L 3A] |ij S AR 56 2R, HES 8K
B 5 Reverse-JST #H [F] . Dynamic Joint Sentiment-Topic
Model 7 JST |- 3= 2% 1§ 5= 0 5 1 R Bifd InF [] 11 728 Ak
B 15 FH A E a2 B P T) A8 AR 1, T A SC E 22 AR v
TEF IO R IROR b BOR 5 HXT L.
4.2 ML RRG

T BV 7R AR SO T SRS a3 A 1 A RO, 3%
3 KAGIMT Ko 10 A RIETE MR _EAAEL R JE
H R B ) 3R Dy TE BT SRR 48 ) A 43 A 4 ME 5 a2 e
RNESE

23 J1, MG-R-JST good, love, great, bad, kill s
JEIRI 57 B L Reverse-JST BE 5 if 46, 34 B 2] star, ef-
fect, horror %175 J&in] . % 4 1, MG-JST H JST #ili L £ fun-
ni, effect, fight, horror ZETE LI EGA L BARSEE A
SR AR ) 1 R 48 T R R A BB B R A S R
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% 3 Reverse-JST 5 MG-R-JST L R LR

i film, movi, time, make, charact, good, stori, anim, plai,
life, love, scene, year, peopl , work , great, show
Reverse-JST
‘ film, movi, alien, plot, comedi, war, make, scene, bad,
LAY
action, kill, plai, scream, charact, murder, killer, laugh
T film, time, good, charact, movi, make, stori, star, love,
life, plai, great, perform, work, effect , back, live
MG-R-JST
le movi, film, plot, scene, charact, bad, action, war, kill,
S
comedi, plai, make, end, thing, gui, horror, problem
R4 ST 5 MGIST HRERILER
T film, time, good, charact, stori, life, love, star, make,
great, back, year, plai, perform, live, interest , real
JST
‘ movi, film, scene, make, charact, plot, stori, end, thing,
UAS
bad, action, plai, comedi, director, watch,, work, long
- film, good , time, star, movi, effect, stori, love, anim, plai,
L
make, charact, year, origin, funni, great, perform
MG-JST
‘ movi, film, action, charact, comedi, alien, war, plai plot,
S
make, scene, bad,, kill, black, big, fight,, horror

4.3 ZEHHR

AR B8 e .9 M 0.01,MG-R-JST H1 2 4 100,
MG-JST H A 2 1000, HABZSE B 5 4.1 AT 48 3C
AN SECE N IR EUE, /£ 4.3.1 WHIH T MR |2,
7 SEEE , MDS 5 Z L, AR AR 4.1 vh
(A 42 (MR MDS) S X FL 125 1 2 805 0, W AR SCAE
P MO ERAE K M 1,10,30,50, 100 B FE47 10 4810
K, R AR AR B 2000 W, ST AT 5 U R
P ST IEAT 50 YR T A R A e T AL 1S (9 MPQA
X1 A A TR bR A
4.3.1 BHXW

AICHIE T MR _EAE K24 10,48 &, p AHaAEs 4
MHE 2 AT LAE 2 3 3R, M 3R AT . MG-
R-JST 1 A 24 100 B e ffE, MG-JST H1 4 24 1000 B F )G .
A K, REIRAE JRyF 4 A A ) T SRS 243 A1 ] 492 1l
VXS SCRY 3 A RAE A M. VR R P 28 4
p >> 1,0y 52 K, DA 52 0 3 XA AR 1) 27 2]
Aoy << 1, TR FEEER. e A N iEdE, 7E g
4°0.1,0.01,0.001 #3x, 7 2y 0.01 BOEREAE.
4.3.2 HEHRE

AR SCH AR AER RN B K E 35 T R AR S 1T
10 FE 25 R ME , & 3 58 4 FiR.

MR AL & B 5 PE 6, 2 R B — K 3 i sy 56 4
A7 A REAS Bt 9D, 38 0 T R AR B A T AN
fifi ¥, Reverse-JST. JST . Dependency-Sentiment-LDA _I [/ 73

FUER I K 934 KA T B K. MG-R-JST/MG-JST
Reverse-JST ., JST KR E 2%-6% , 24 K #5858 KT,
MG-JST H 8 SCRS 2 2 1853 A5 %o J s 1 JB%e A 1 1) 5 g v
RBHC/IN, B JST B SUR AN B s MDS 5 5 T 4 28
TS, R, K iDL RN 228900
FEAEL N K o K24 28 E AR, Ko
30 5% 50 A} Reverse-JST.JST & SR 4E, 17 MG-R-JST/MG-
JSTRRAIR T =B H W2 m, 42 /0 T /0 R R, 280
BTN T Dependency-Sentiment-LDA .
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F F
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Fi8 F
(@) ®)

E4 MDS_LEHEBR LB

BERRE , EREH R E] Reverse-JST/JST X} &)
5 %/ F Ak T HER R , RO T 55 42 3% 17 1 Dependen-
cy-Sentiment-LDA 1035 1 43 28800, T AR SCHE 2 A SC
B3 A R £ BE L R, AN RO AR 34 3], BEAIR T )R
15 8%/ RG34 X o SRR s, B T A [R] RV
H 53 2 A 58, DT S 7 B 53 T A R L Y
F S AH IR R 3 A R R
4.3.3 EBEME

A MR A6 ASSCH SRS KL 10 5800 R UERG &
FOBRIEZS , Bn i 22 8] , R T B, 25 R 3k 5 B .
ZHUE BT, MG-R-JST/JST [ 45 1 22 /N T Reverse-JST/
JST 5 Dependency-Sentiment-LDA . A% 3C3 i 2% & SCA4 2%
3T JRYEB A3 A B R 985S TR JR O R S A T
AN S M, g T o e Ae e k.
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x5 BEERBREMEILE
K |Reverse-JST| MG-R-JST | JST Mg | Pependeney-
Sentiment-LLDA
1 | 0.0039 | 0.0027 | 0.0034 | 0.0023 0.0030
10 | 0.0129 | 0.0089 | 0.0112 | 0.0052 0.0091
30 0.0107 0.0095 0.0039 0.0088 0.0036
50 0.0092 0.0050 0.0089 0.0041 0.0068
100 | 0.0046 | 0.0087 | 0.0146 | 0.0125 0.0050
5 ZiE

TS IR A Y (Reverse-JST; JST) Y% A % FE % {4
ISR MR, B RHCRAE R A TRE .
A [R5 B SCRS G A ARy R 43 A7, 32 Hh 22 0L B 1)
FHUE IR A R . MG-R-JST/MG-JST 5 A 1l SCA% 2% 15
JE F AR 3 A 6 SRS G B B RCR Ak T
SRRy A B AT AT R SR, A R BB AR a3 Ay
A, PR A A L T BT MG-R-JST/MG-JST R fy
AR EATAR 1A 3 i 1 B [B) &2 4% 8, AR SR R A
TR A THERT . 7E MR Bl 4 B EFT 5000, S0 4%
RFBBAA SR 0 JEROR A T 32 s B A A
LR e M

ARSCHFFE T TG W B 2 20 (A5 A A, M B S A
PR B TR AT AR I, Al A AR 2845 8 it MG-R-
JST/MG-JST #5 RY J2 — AN AT A7 5 7 1)

%30k
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