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Abstract Presented in this paper is a language modeling approach to the sentiment classification of text. It
provides the semantic information beyond topic in text summary when characterizing the semantic
orientation of texts as “thumb up” or “thumb down”. The motivation is simple: “thumb up” and “thumb
down” language models are likely to be substantially different: they prefer to different language habits.
This divergence is exploited in the language models to effectively classify test documents. Therefore, the
method can be deployed in two stages: firstly, the two sentiment language models are estimated from
training data; secondly, tests are done through comparing the Kullback-Leibler divergence between the
language model estimated from test document and those two trained sentiment models. The unigrams and
bigrams of words are employed as the model parameters, and correspondingly maximum likelihood
estimation and smoothing techniques are used to estimate these parameters. Compared with two different
classifiers, i.e. SVMs and Naive Bayes, on movie review corpus when training data is limited, the
language modeling approach performs better than SVMs and Naive Bayes classifier, and on the other hand
it shows its robustness in sentiment classification. Future works may focus on finding a good way to
estimate better language models, especially the higher order n-gram models and more powerful smoothing

methods.
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1.1 1ERE4 ZEH A Kullback-Leibler Divergence

ARG p(x)F q(2)2Z [A# Kullback-
Leibler Divergence, D(p || q)E XK

D(pllq) = EPr(:c)log(%), (2)

BEGEI D pl ) BRIFERH, WRIO,HH
LY p=gq. RE KL-Divergence /I X FrEFf =
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M FHBEE, B 2 KL-Divergence 18 “FE 8" 5k
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L d Blop oy WEERR K. 0, MOp(0y)ZIH
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O FE SR 0 WA THERY, Pr(n-gram | 0) R 4%

TR 08F n-gram BHEE. A G)HTARO)
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o(ds0p,0y) = D(0, | 6p) — D(0, |l 0y) =
Pr{(n-gram | éN)

EPr(n—gmm | @d)log

n-gram

Pr(n-gram | 6p)
(4)

KA n-gram FR—BEXTHEE. F
5L b, AU R B iAE B unigram 1 bigram 1E R
BB XRENTEENE n-gram TH, BEH
ERHFEETENRERBEE, if LRATEAF T
=3 WEN. ANER EXRF BENKNESE
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7T unigram fl bigram B & B E T LA AR R
ER(4)RBERBENH n-gram BRI,
1.2 #HESHMET

HNTREETEETENRES, RATE AR
7 ¥ fh 1 unigram Fl bigram #9437 : B KR Al 11
(MLE); %} unigram Fi bigram & 5 B B B E & {4
WWREREME, R TR HFEEW unigram
1 bigram fE R B4

1) unigram F bigram )& XL/ 4k i+

MLE 7RI fh i i AR 2, Br AR AT A
FENBBEmMEERS B ITE(S), I H L.
#(w;in s)

Pryne(w; | 5) = F(r ms)’

s € {d,P,N}, for unigram,

#(w,_yw; in s)
PrMLE(wi ? Wi-1s 5) = #(w_ll* ins)’

s € {d,P,N}, for bigram.
ERG)PRANFTEHEHAMRE BT URR—
AR A (D), “ B XA E(P) B E“HIF A&
#£(N). # (n-gram) g n-gram ¥ XN 045 (A
d,P BN EZR)FHIAKHRE. “« "RELE -
W AR HKB I XEHFEH G L —B

SN FEHE P A F E A R S EOE T
BB/ BRMUAMITAR— BRI ®EFE L —
MREREBN n-gram BESBE—1 0 MEER
AN AER. T 1 B LR — R B AR R 4 BC LU
FRBERBMEB AR,

2) X unigram W Dirichlet Prior ¥

Dirichlet Prior 3310V 24+ %+ 0 #F 5 ) &2 % A
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Bl e X

if word w is seen,

Pr(w]|s),
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aPrye(w | C), otherwise,

(6)
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Pr(wl|“s”). ERAW TEFHERT T EMLE

E
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H(x ins) + p 105,
#H,
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a, = Lrlcl
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a1).
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D BB ME R A bigram E—/EENEEID,

n

Ney % A& D:n1+2n2' mH:
N, (- w;
Prin(w;) = ﬁl:l(—(w—z:)—)’ (11)
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2 XBRHER

2.1 NAREMFUHZE

Turney[s’mﬁﬂ%%iyi@‘%'fﬁ@ﬁ;ﬂf%m%
TaE P RMER—1. ffE 120 XKL b EE
FIFLH EHER 65.83% (RN ER M IEHER
50% ), 3X J& AT 2k B e B R0 1R o B 5T ST R
HW. #4789 B B B Internet Movie Database
(IMDB) X A%, FEA LR ATX BT A B 2000 7§ XA
PSEAE T 1 TE K6 SR A 1A B 2 B

R EMEATET 3/IXEEMNESYIE
BERITFUNEENER. Ao RERWE  FER
MER, BT EhR ERHE I ER
TWIFE , REEHFHE. EHRSROUEHMEL,
BI4E—ANSEhr B R B4 (H %) "B UM BRI K 3]
TH(MIE)”. BPAEHBALIEXINT :

A+ D

(A+D)+ (B+C)’

HP AMDRETEBPRKFFIEL, T B A
CUMRRTHBRSLHAMEL. FTHERERE
FIMXXRIENFHEL EMIEHE.
22 £ B

AT T 3 MERRATRNB T EURM
XREEEN M RBHOLE. FE14AZTEMN
linear, polynomial, RBF #I sigmoid # 5 % — &
EERAXEEHEER. F2 M LREUE TR
I % SVMs. DUt B i KSR, B s — 1
SLIGE S AW MY GBI R F N AEE T8

(12)

Accuracy =

SEBETENEEYE. MRIELRERLASEANR
—HMSEREMA RS, X3 ATRAMEET
2000 XAKE FZEDHIF KL LB unigram
bigram fERFFAESE , FFIE B2 H IS E.

BMETAN LR , RATIEX 2000 B EIFR
4y B 1200 Y R HE A (600 4~ “H45 7 #1600 4“3t
) #1800 AW X A (400 4N “ B $77 400 A4 “it
W) ERE—-1TEBEEIRS  RINEAN IS
FEHBE M 120 430 (60/60) 2 1200 (600/600) , i
REACSE R [E 5E 1 800 1~ 3C A< (400/400) , A T 10 4
AHRBE KPEBIAHRIREERHTEYERE,
BIRER A B RS — BB R AR 45035

1) SVMs £

SVMs M) 3£ 5 Xt tb 7 A linear, polynomial,
RBF I sigmoid 1€ % M s Kt g8, RATERA
Joachim f SVMleht T A& 61014 3 1| gk Al i, X4 K )
BEBHNEMSERBRENRERAE. XL H
HWEMEEERINTERBEESHERSLRMES.

R 14 HTE IDMBER EARFEZ B
REBNERBREAARFTEELETIM/EXER
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Table 1 Comparison of Four Kernel Functions on the IDMB
Corpus
®1 IDMBEM L4 MRRZEWES LR LR
Radial Basis

Features # of Features Linear Polynomial Sigmoid

Function

50.09

unigram 13693 78.21 59.59 49.25

18602 73.42  51.46 51.19 62.00

bigram

ERNMFIEE BT R R A M BB
BH, BT AR B TR SR &M
Bl SVMs #4977 HL .

2) BEEETEXR

EXTERPRIVFVTESEENFE, R
2/ T IMDB £ LR EER

Table 2 Comparison Between Language Modeling Approach and SVMs, NB on Word Unigram and Bigram
x2 EEEEHEN SVMs N4> L E A unigram 0 bigram AL E LA LR

LM-MLE(% ) LM-Smoothing( % ) i
f VM ekt Naive Ba; %
Features # of Features (Uni-MLE/Bi-MLE) (Uni-DP/Bi-KN) SVMEh( % ) aive Bayes( %)
unigram 13693 82.02 84.13 78.21 71.31
bigram 18602 61.62 73.80 73.42 68.76

% 2 ™ Uni-DP(unigram ) ERD)ERE R
unigram fFEE F MR EFFEERFPREN
(84.13% ), MLt SVMs B #F IS5 R (78.21% )t fE

FHRBT 7.57% ; HEABENHFHNRGER
(1.3 %)HREEHRET 17.98% . & HH Uni-
MLE #3818 T Atk SVM H1 Naive Bayes % i B 45
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B, % —FH,7 bigram - EE FESBEEN T B
Bi-KN H. Naive Bayes It BEIF 1R £, f1 SVMs #
%, {82 Bi-MLE #HEREAR1E.

HFBBEARTE : © Dirichlet Prior ERE S
1 =450 M ERY 1 XF unigram BEHTT TR, FE
Xf unigram BB MM ER — RS, MAERES
RYRBHFH. REETRARURMGITHEFTHEE
AR ERERFMBEELEE BERFERE—
EREEHELAEE, BAXENRESRAR, R
A 2.57%. RETRERTE B ANiE R R 5 K,
X} unigram &Y {35 IR T4 1 OR A2 MR 7S VR R U 4F
fE. XFMARULRIMNEBETIEHREL M HED
AR FEXBSH (BB EREHHF RS L
Mtk 86 . @ Kneser-Ney ¥ 1 M it — M B F W
bigram 1% 5 B BI1E T R K# FT#K, X MLE %
19.77% . Kneser-Ney FHE R G, E T A SVMs
TR PR RE . IR B R 0A AT DL R s A X B
bigram R ¢ LI EA G BIEELNIET FL,
Bl FEERAFSHEMA TR GEEARLERB
uingram B RGBS £ , BT LA R F MLE #J bigram
BAEDKEEM, T—18E W FRILHE B
PAT= 4 B & B B0

3) BEMLE

AT B2HEMEEIETEE T BN, AT
BB L BENGHER T, MEEFTEEN
7 1 (robustness) , BP Il 5 %5 458 71 W 1 o0 B 1) &
B i TANR W M gE A BARSF , B n LR A48
MARIH X BB, TUXANEREEM
SVMs 1 7 X th.

FATE R (R A 1) 1 R 04 She T 52 1 R A
XEE BRI LM SVMs M. B 1 ME2RRT
R M INGREFEE MWL (LRTHEM R ).

85 T T T T ——

[e.2]
S

Average Accuracy

—+— BiKN
B5 b S VM'B DI .‘
q
60 Lo o " . . . "
120 360 600 840 1080
Training Corpus Size

Fig. 1 Uni-MLE, Uni-DP and SVM-Uni on unigram.
B 1 7 unigram £ &) Uni-MLE, Uni-DP it SVM-Uni.

Average Accuracy

120 360 600 840 1080
Training Corpus Size

Fig. 2 Bi-MLE, Bi-KN and SVM-Bi on bigram.
B 2 7E bigram £ # Bi-MLE, Bi-KN #l SVM-Bi

B 1 REREE, Uni-MLE # Uni-DP #87E
IERNGHEE L RBTEENTEHERE. R
I 8B SVMs I E 2 1 5 K MR, BE R
HEINGER BB/, MAZEE2 B, FBEH
bigram A8 & 7E /N LA (120, 240) OISR 8048 e
SVMs HEREST.

B1FME2ERAHT A AR IEFEH
MR E NG IER Mg N RE T 8Ok BT w
g8 RE SVMs thiA B T X f a8 [HR B HEREIHF
ARBEVGHREE IMBEL K, MELRET ik
%. 7EE 1 % ,SVM-Uni B H 45 F(80.0% ) H B
VNG H R 840 MG AR, 7£E 2 P ,SVM-
Bi BIFMIZER(75.5% ) M BE N %5 4R 2 1080 4
BARN. XHHRKLAEHESTEEN T EEEYE
HEaR—uk,

EAXHPRIBHE T -ITHWETEEN T &
R ARG B4 2 [R) R, DA B E 91 0 4B B9 SC A 4
AT ANE S B, AR R R
R, HaE— N AN, LRENIES
A5 R 3] 3 15 AR B 0 B B DR 2k SE B OB 1)

MEZBEERATUB BN TE L . XSGR ER
FRETIE S EE A 648 Bl b SVMs. I M3 43 26
WEFHMRE. B —FE, PR BAMESL bigram
R TTERAR K, {81458 B K18 #1 SVMs 724 R 4 1E
£ EATHBEHER, W8 TR 52K8 0 ERE.
FEM SVMs M, 15T BRI 5 515 A 7 H 8
BEF - HMRFNSRERMEGEE. XELUTP
RERIESEEMN B E R KA S 22—/
AHRENFE. FERHME, AIRRET4£ REE
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M DL A KB AL, i TALSIASZ BB, X
FhETAMERNEERFE AN,

BREARWEEELR B WS L E . “HIEHIF
WHA SRR RGN n-gram , BHEX A PF
WH BRI A E W A R E S H .
FrAREKX LB RS ARG XA EE. IESEET
S RREBIT B AR a R A, B2 R AT B
HBHNBEERE FHIERFHBEALBET AR
MBI ESEE, RN UG S5 A —% ngram
ZIAHE E R R MR SRR, LRLIES
BITEIE X W RABRES.
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Research Background

Traditional wisdom of document categorization lies in mapping a document to given topics that are usually sport, finance,
"politics, etc. Whereas, in recent years there has been a growing interest in non-topical analysis, in which characterizations are sought
by the opinions and feelings depicted in documents, instead of just their themes. This method of analysis is defined to classify a
document as favorable (positive) or unfavorable (negative), which is called sentiment classification. Labeling documents by their
semantic orientation provides succinct summaries to readers and will have a great impact on the field of intelligent information
retrieval. In this paper, we present a new language modeling approach to sentiment classification. With respect to this generative
model, we represent the “thumb up” and “thumb down” semantic orientation with their corresponding language models estimated
from positive and negative collections. When classifying a test document, the distances of its language model from these two sentiment
models are computed to determine its sentiment class. In terms of our experimental results, we conclude as follows: when training
data is limited, the language modeling approach performs better than SVMs and Naive Bayes classifier. On the other hand, the
language modeling approach shows its robustness in sentiment classification. Thanks to the NSFC Major Research Program

60496326 Basic Theory and Core Techniques of Non Canonical Knowledge for supporting this study.
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