[DRAFT]

O0obDOoDooooobgognvVoldr, No.2, pp.627-637, 20060 0 0000 0ODO
0000 DRAFTOOODO

gbooobboobuodoboobboobooo

gbboboooobbooaobooobooboboooboobbooooboboooboo
gbobooobobooboboboobobooboboooboobobaoboooo
gbboobboobuoobboobooboobboobooy



HEN

Juobogugbgdbootdbootgbotdd

Extracting Semantic Orientations using
Spin Model



ERN

gobbboooobobbooogbboboooobboboooobbbod
gbbodgbuodgbooobobboboobuodgboobuogbuooboobon
gobbboooobbbuoooobbbuoobbboooobbbooan
gobbobuoooobbobbooooobobuoooobooboobbboooan
gobbboooobbbuoooobbbuooobobboooobbbooan
O0b0o0boooooboobDog WodNetDOOOOOoOoooooooo
0000014 000000000000D0OO00000 8%U00000030000
O0000000Oooooooo9Y% o000 0oooooooooon
gobboooogn

Abstract

We propose a method for extracting semantic orientations of words: desirable
or undesirable. We construct a lexical network out of glosses in a dictionary,
a thesaurus and a corpus. Regarding semantic orientations of words on the
network as spins of electrons, we use the mean field approximation to compute
the approximate probability function of the system instead of the intractable
actual probability function and determine the semantic orientations of words.
We also propose a criterion for hyper-parameter selection. We conducted ex-
periments with English lexicon in WordNet and obtained approximately 80%
accuracy with 14 seed words and approximately 90% accuracy with about 3000

seed words.



1. O [

00000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000

0000000000000000000000000000000000
000000000000000000000000000000000000
000000000000000000000000000000000000
“000’0000000000“0070000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
0000000000000000000000Y99®0000% 00000
00000000000000000000000000000000000
00000000000000000000000000000000000
000000000000000000000000000000%®0

0000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
0000000000000 0000000000000000000000on
00000000000000000000000000000000000
0000000000000 000000000000000000000
0000000000000 000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
0D0000000000000000000000000000000000
0D0000000000000000000000000000000000
00000000000000000000000000000000000



gobbboooobbbuoooobbbuoobbboooobbbooan
gobobbbbouooooobbobooooobbobobbuooooobobbod
goooogobbbbbooooooobbobbouoooobobobbobd
gobbboooobbbuoooobbbuoobbboooobbbooan
gobbboooobbbuoooobbbuooobobboooobbbooan
gobboooobbobuoooob
gobboobbobooooobobooooobobboooobobobobod
gobboboooobbboooobobbbooodan

2. 0000

Turney 0 00 0000000000000 00O00O0O0O0OOOOOO
00000000000 0000 “word NEAR good” O “word NEAR bad” O
000000000 O0DO0o000DbO00o00wordOODODODOOODOOOO
“cood’ 0 “bad” D0 D O0DO0OOOOOODOODOODOODOODOOOOOODOO
0000000000000 o0obO0o0obOooDbooDoooooooon
0000000000000 0o0bO0o0bO0o0bOooDbOooDooooooDoon
000000000000000000000000000%0000 “good”
O bad” 0000000D0OD0DOOOOODODOOODOOODODODOODOOO
00000000000000000000000000 General Inquirer'®
00000039 00000000000General Inquirer 00000000
00000000000 000D0000 “Positivd D0 OO0 O “Negativ
00000000 00000trongd 000000070 “WeakDODOODOO
O00”’000000000000D0000O0O

Hatzivassiloglou 0% O O “simple and well-received” O “simplistic but well-
received” 0000000000 0DO0O0OO0OOOODOOODOOODOOODOODOOO
0000000000000 000O000bO0o0bO0oDOOoDoobOOoOooDOoon
0000000000000 DO000b000bO000DO0o0obOOo0obOo0oDOon
0000000000000 bO000b000bO000bO0o0obOOo0DbDO 20000
00000D0DO000O00b0o0bO00obObO0oDOO0oO0bOo0obOOoOoDDOon
gboboboooobooobobbooobobooobobooooboboo

000 000000000000000000000000000000
gboboboboboobooooboobos200b0obobobooooobon



00000000000000000000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
000000000000000000000000000000000000
Kamps 02 00 WordNet® 0 0000000000000 000D0O0OO
00000000%ood” 00 “bad” 00000000000 OOOOOOO
00000000000000000000000000000000000aQ
00000000000000000000000000000000000
00000000000000000000000000000000000
0000000000000 000HuO?00000KampsO0 OO OOO0O
00000000000000H00000000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000000
00000 0000000000000000
00000000000000000000000000000000000
00000000000000000000000000000000Wiebe??
00000000000000000000000000000000000
OO0Rieff0Y0000000000000O0O00O0O0O0O0OOOOO
000000000000000000000 Turneyd 0000 Kamps O
O000HWOO0OODDO00000000000000000000000000
00000000000000000000000000000
0000000000000000000000000000000000
0ooooooooooo

3. bouobouooooon

0000000000000 00O00000000000D0onononononono
0000000000000 DDD0OD0OO0OOoOooooOO»iLg
0000000000000 0O0O0O0O0O0DOOOO0O0oooooooono
00000000000 41000000000 —1000000000000
000000000000 00000000000000000000000
000000000000 00000000000000000000000
0000O0O0o00oooo?0



gobbooogbbobogo

1
E1<X7 W) = —§Zwija:ixj, (1)
%)

0000000000 2,02, 000000004i0;00000000x =
(z1,---,zy) D0000NDOOOOOOOOOOOOOOO W ={w,;}0000
000000000000000
0000000000000 x00000000
exp(—fE(x,IW)) )
Z(W)

00000000000000000Z(W) = Yxexp(—8E(x,W)) 0000
00000000000000040000000000000000000
00000000000000000000000000000000000
0000000000000000000000000000000000
00000000000000000000000000000000 “+170
“17020000000002Y000000000000000000000
00000000000000000000000000000P((x|W)0O
0000000 Q(x;¢)00000000000000QOO00O0000 46
00Q(x;0)00000 P(xW)00000000000000PO0QOOO0O
00000000QOO00000000000QODN000O0O0N0N0000D
0000000000000 FOOOOOO

Px|W) =

F(0) =73 Q(x;0)E(x; W)
(- L Q0 logQ(x:0) ). (3

00000000000000000000006¢00000000000 F
0000000000P0QOO000000000000000000000
0000000000000000%90

000Q(x:6) 00

Q(x;0) = HQ(Ii;Qi) (4)

b0, 0boooobobboobobobooboboobobbobon
gbgobooboobobbob



F(0) = —g%:wij:zi:ij (5)
—;(—;Qm;&) log Qa6
O00oo0doody; 0 ;00000
7= Y0t (6)

gooo
gobbooogbbobuoooobobobbbuooobbobod

) >z, Ti €XP <5$z > wij%’)

xT; =
>z, €XP (ﬁxi > wzﬂj)
ddoododdoodoobooooodgo oo o oo ooodgn

(7)

>z, Ti €XP (ﬁxz > wijxgld>

e = . (8)
>z, €XP (5%’ > wiji‘?ld>

Oo00ooo0oooooooooooooooooooooooooonon
O00oo00ooooooooooooooooooooooooooonod
—(B/Q)EijwijﬂDDDDDDDDDDDDDDDDDDDDDDDDDDDD
O00oo00ooooooooooooooooooooooooooonod
O00oo00ooooooooooooooooooooooooooonod

goboboboooobooobogo

4. JU0oobooooooobooada

gobbobooooobbbooodboobooodoboobobooooboboboa
goooood

gobbbooooobobobooodobobuooooobbobobobod
googbooboobobo. bobooobooboobooboboobon
gobboboooooooobbooooobbobooooobbbooon
gbgobuooboobooboobooobooboobooboobon
gbgobobbobooboobooboobobbobooboobon
gobooobooboooboboboobooboobobo0on “and”0000O0O



000000000000 00O0DO00DO0000D0O0DOoDODOobOOobOOooOoDgd
000000000000 00O0DO00DO0000D0O0DOoDODOobOOobOOooOoDgd
0000000000000 0DO0000D00DO00DO0DOD0bO000OO0DOD

000000000000 00O000D00bO0000D0DOO0oDOoDO0O0O0
000000000000 DO000000O0DODO0ooDO0obO0oDOooOoooooonDg
00ooogo

4.1 OO00O0O0OODOOOO

00000000000 00oOoO00bOoO00oooooooDoOooooOoog
000000000000 00O0O0OSLOsame-orientation linksO O 000 OO
0000 DL O different-orientation linksH O 0D OO0 0000000 O0OOO0O
000000000000 000000000000D0oDOooOOoobOoood
0000000000000 000000O00O0DoD0oDO0oDOOooOoooooog
0000000000000 0000DO0D0DDOO0DOOo0DOOg “cot"000O0
0000000000000 ooooooOOdbOo pLODODOODOOOOOd
oo0oosSLoooooon

00000000000 W=(w;;) 0000000000

1 l;; € SL
g (€50
Wij =4 ——— li; € DL) . 9
’ g (€ DL ®)
0 otherwise

o000, 000+:0,;0000000000d(:)000+:000,0000
gd.:00bd0dbboboooob. bbb booooobobuooo
00000000 b00o0obDbbU00o0oobDbb0oo0oobobbOooOd gloss
network (G)OODOOOOOO.

0000000000 GOo0oDbOOo,00b0o0b0bo0oooooboooag
godoooobbboooooobbbbuooooooboobbouoooo
gloss-thesaurus network (GT)OD DO O00. 00000000 DLOOOOOO
OO0o0O0ooOOoDbOobooo SLobobobooo.

0000000000000 ooguog200000000, Hatzivas-
siloglon 09 00 000000000000000000D00D000ODOOO0
0000 “ad”000000DOO0O0DOODOODOOD SLODOOODOOD
‘but” D0 ODO0OODOOOOOO0O DLOOUODODOO. DOObObOOODboDbDO



0000000 gloss-thesaurus-corpus network (GTC)DOOO0O0OOOO.

gobbooooobbuogguobboooobbuoooo,guobbbooo
gooobboddo. bbb uoooouobbbuooooobobbobooaoo
g, uodduooooooobnbobobobooog
gogdo.

ggooobooobobbbooooooooooobobbbbbooooooo
gogoouoboboobbbooooooououbobobbbobooooooo
gogoouoboboobbbooooooououbobobbbobooooooo
ggoooboboobobbbtboooooooooooo

4.2 000000

gobobobooodguobobouoooobbouo. obboouobobbuooo
gobobbooooouobobbuoooob. bbooooobobbobouoo
gogoouobobbbboboooooooououoboobobooooon.

D020000008ERXxW)000000000 HB,x,W)0D0000o

H(B,x, W)= —wax%—i—az i — a;)?

i€l
(10)
gboboroobobobotdg00obob:ob0ooboobo1bod —-10, 00
000000000000 0000000000. 0000 (i€ )0 ;00
gobbbogoboboboooon.
0000 HOOOOOO 0000« e l)D000000O0OO

> e Ti exp(ﬁxZ old — oz — ai)Q)
2, €XP <5$¢8§’ld —afz; — az‘)Q)

—new __

(11)
D0D00000000s=Y,w,z9000000,240 z*000000
000000 0000000000000000000owe!Y00000
0000000000000 00000000000000008000000
oooo
0000000000000 #000000000000000 0000

"000000000000o0oooUoooo.



gpooobooobooobon.

000000000000 00O000D00DbO0000D0DO0oDOoDO0O0O0
0000000000000 0000ODO000OO00000o0ooOoooDooDOog
000000000000 00O0D00DO00000O0DOO0oDOOoDbOO0bOOooOoDgd
00o0ooooobo30boboooooboooooobooooboooon
O000D0D0oooooog

4.3 0O00OOOOOOOOOO

00000000000 0000O000 000000 00DODO0O00OO0
00000000000 0DO00D00p000000000DOD00ODODO0O0OD

0000000 leave-one-out [ 0 0O

=1 2 laiw]] (12)

gbbogbogboobbuoobbuoobbuoooboooboboobbodab
O000[¢0t¢t000000 100000000000 o000OOOoUOoooO
00z,0000800000000 a(z;—a;)*00000000000000O
gobbboogobbobuoooobbbuooobobboooobbobooan
gboboboooboboboobOoboboobobd leave-one-out U O 0O O
ooo0oboobobooooooobob poobobogoo
gboboboboboobobobooobobubonog leave-one-out U
gobbboggobbboooooboboooooooomubbbg

l «
m = N;xz (13)

gbbodbbooggbboobbooobooooobodm=o0000Dd
gbbogbobodbbuogbobuoobooobboobboobbobboon
m#0000000000000O000DO00O0O0ODOOOODOODOOODOO
ggoboboobbobodooooooboboobbodoooobboobobbodd 1
U magnetizationU 0 OO0 000000000000 DOO0O0OO0O0OOO0O0
gobbobooooooboooooboobbobboooobbbboooon
gboboboooobobooobboobbobooobooobboobboon

O00000b0O00bo0oobooboobbD“geod”"00000O00OOOODOO
O00oboo0obooobooboD*sad”00000ODOOO0OO0ODOOODOOO
gbogobobboboobuoobuooboobobbobooboobon



gobbboooobbbuoooobbbuoobbboooobbbooan
ooooboooooooooooooboobooboboboboboboon p
ooboobooodmbbboobOoooobobobooboD pobboboobOoO
goooo

4.4 0O0OOO0O0OO0OOOOO

gobboboooobobbooogbboboooobboboooobobbog
gobboooobbobuoooobbbuooobbboooobbobooan
googooooobbobbbobbibodoooooooobboobbbobbod
gobbboooobbobuoooobbbuooobbboooobbobooan
gobbboooobbobuoooobbbuooobbboooobbobooan
gobbboooobbbuoooobbbuooobobboooobbobooan
gobboooogbon

gobbbooooobbbooodgbobobooodobboboooobobbod
gogbobboobbouooogoogboboobboaobobbbbooooooon
gobbboooobbobuoooobbbuoooobboooobbobooon
D000000OoOoOo©Y¥ooooz000000000000000000
gobbboogobbobuoooobobbuooobobboooobbobooan
gobbbogobbobuoogobobuoooobboooobobobooan
goooboboobooboobobooooboobuopobOobobobboo
gbbggobboobobugoboobuobboooboobuooboon
000000000000000000%00000000000000000
gobbboooobboboooobobbooooboboooobbobooon
gobbboooobboboooobobbooooboboooobbobooon
gobbbooobboboooobobbuooooboboooobbobooon
gobbbooobboboooobobbuooooboboooobbobooon
gobbbooobboboooobobbuooooboboooobbobooaon
gobbbooobboboooobobbuooooboboooobbobooaon
goodbooboobooboobuoobuooboobooboobnboobo
gobbooooboboboooobbboooooboboooobbbooon
gbgobobbobooboobgooboobobbobooboobon
gbgobobbobooboobgooboobobbobooboobon
gbgobobboboobuoobgooboobobbobooboobon



oobooobooboopgioboobobooooooboboobooboobobooboo
gobobooodn

gobboboooobobbooogbboboooobboboooobobbod
gobbboooobbbuoooobbbuoobbboooobbbooan
02000000000000000000000000000000000
gboggbodgbugz2-ggbouodgbouogoboobagboaoboobod
gobboboooobbobuoooobbbuooobbboooobbobooan
gobboboooobbobuoooobbbuooobbboooobbobooan
gbogbogboobbobodgbooboobobboobooboouoan
gobbboooobbbuoooobbbuooobbboooobobobooan
0000000000000 0000000000000O0oo®oooo
gobbboooobbobuoooobbbuooobobboooobbobooan
gobbboooobbbuoooobbbuogoobboooobbobooan
gobbboooobbbuoooobbbuogoobboooobbobooan
gobbbooobbobuoooobobbuoooobboooobbobooan
0Q-UbOObOoO0OboOoo

gobbboooobobbbooodgbboboooobooboooobobobod
0000Y000000000000000000000000000000
00000000 Qx)00000000D0oooooooooooooOoOoo
goooodg

5. U [

gobbboogoobbboooooo

000000000000000000000000000000O0WordNetf
00000000000000000000000000000 TreeTagger'™
gbob0oobooboooooobobobobuobDooooobog “pe” O
‘have” OO DO ODODOODOODO sO0000D0O0ODO0ODODOOO “not” 0 “never”
O0000000 “free from” 0 “lackof’ OO0 00000000 DOOODOOOO

P00000000000000000be, do, have, go, come, make, give, take, become,
anyway, anyone, anybody, anywhere, anything, here, where, when, whereby, sometime,
somewhere, someone, somebody, something, every, everywhere, act, very, off, word, as,
thing

10



9000000000000 bOobo3sgboboobooboooobooon
00 WordNet 000 00000000000000000000O0O00O000
000000000000OPennTree Bank!¥ O Wall Street Journal corpus 0
Brown corpusU D00 0O00O0ODO 1000000000 840000000000
O0DbOOooobooooobogo ssoooobooooooooooobooooo
00000 GoO12730GTOO 17.930GTCOO 1794000000000
O000000000000000GO 3.52%0 GT O 5.63%0 GTCO 5.63%0
oood

Turney D 000002 0000 General Inquirer'™ 00000000000
O00000“Positiv?O00O0 “Negativ’ OO DO ODOOOOOODOODO General
hhquirer 0000000000000 ODOOOOODOODOOOOODOODOOOO
O0O0DOboOgOecgdbObOOele0oonoooooosobonoonooon
000039 0000000000000000O0000O0 3000000
0000000000000 OooooOooDoooo

goobol1odboldb220000000p0DO0OO0ODOODOO4.3000
000000000000 00000000 DOO0O0OO00ODOOoDOoDOOooOoOg
000000000001.0x107°00000000000000000000O
00000000 00000000000 0ODO0ODOO0O0ODOODODODOOOOgd
000000000000000000000000000e0O0001.0x10°
00000000000 DO00DO000O000000D0DO000DbOebO00DO0
0000000000000000000 1.0x10°000000000000
00000000000 DO00DO00DO000000DODO0OD0DDbO0O0bD0ebDO0
OO0oO0ooooooooooo

g000looboboooooDooooooo32000b00boboooog
O00od0oooooooooOoO0oo0ooooooooooooooog
O0o0D0000o0o0o0oo0oooooooooooooooooooooooog
O0o0D0000o0o0o0oo0oooooooooooooooooooooooog

P00000000000000 free of, free from, rid of, short of, devoid of, incapable of,
unable to, lackd O O O of, deficiency of, decrease of, reduction of, lack] 00 O O in, deficiency
in, decrease in, reduction in, absense of, absense from, loss of, avoidance of, failure to,
damage to, compensation for, lackd 0 O O, destroy, compensate, reduce, relieve, prevent,
remove, deprive, abstain from, refrain from, deprive of, rid of, not, never, less, no, without

P Jo0000O0O0O0O0O0O0O0O0O0O0OO00000O0,000000000O0O0.

11



01 00000 0000000000000 0DOO00DOO0DOO0ODOO0
ooopoooooooo (%. boooOoOoOOOOOOpoOOOOOO
000000000 wOOOOODIOODODDOD pODOODODODO
goodoooooon

Table 1 Classification accuracy (%) with various networks and four different

sets of seed words. In the parentheses, the predicted value of [ is

written. For cv, no value is written for (3, since 10 different values are

obtained.
seeds GTC GT G
cv | 90.8(—) 909 (—) 86.9 (—)
14 |81.9(1.0) 80.2(1.0) 76.2 (1.0)
4 73.8 (0.9) 73.7 (1.0) 65.2 (0.9)
2 74.6 (1.0) 61.8 (1.0) 65.7 (1.0)
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Table 2 Actual best classification accuracy (%) with various networks and four

different sets of seed words. In the parentheses, the actual best value

of 3 is written, except for cv.

seeds GTC GT G
cv | 915 (—) 91.5(—) 87.0(—)
14 |81.9 (1.0) 80.2 (1.0) 76.2 (1.0)
4 74.4 (0.6) 74.4 (0.6) 65.3 (0.8)
2 75.2 (0.8) 61.9 (0.8) 67.5 (0.5)
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Fig.1 Example of magnetization and classification accuracy(14 seed words).
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Fig.2 Precision (%) with 14 seed words.
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Table 3 Precision (%) with the synonym network. Comparison between the

proposed method and the shortest-path method.

seeds | 0000 KampsOOODO
14 | 73.4 (1.0 70.8
4 71.0 (1.0) 64.9
2 |68.2 (1.0) 66.0
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Table 4 Precision (%) with the synonym and antonym network. Comparison

between the proposed method and the bootstrapping method.

seeds | 0OOO HubOOODO
14 | 83.6 (0.8) 72.8
4 |823(0.9) 73.2
2 83.5 (0.7) 71.1
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