HEN

Juobogugbgdbootdbootgbotdd

Extracting Semantic Orientations using
Spin Model



00 00 (000000) (000 #200000232]

0 00 (000000) (00 000000000000)
[0 0 O #200500320]

00 0 (0O00000)[000 4198316532

000
OO0 oo
[0226-8503 000000000 4259
000000 0oodooooan
TEL: (045)924-5295 FAX: (045)924-5295
email: takamura@pi.titech.ac.jp



g

gobboboooobobbboooobboboooobbboooobbbod
gbbogbuodgbooobobboboobodgbuoobuogobuooboobon
gobbboooobbbuoooobbbuoobbboooobbbooon
gobbobuooogbbobbooooobobuoooobobobbboooan
gobbboooobbbuoooobbbuoobboboooobbobooan
O0b0oOobooooobooboog WodNetDOOOOOOoooooooooQ
0000014 000000000000D000000 80%00000030000
O0000000Oooooooo9% o000 0oooooooooon
gobooboooon

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

sets of seed words. In the parentheses, the predicted value of (3 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)

e 40000 {good, superior, bad, inferior},

e 20000 {good, bad}.
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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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Table 3 Precision (%) with the synonym network. Comparison between the

proposed method and the shortest-path method.

seeds | OOOO KampsODOOO
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 | DOOO HubODOOO
14 | 83.6 (0.8) 72.8
4 82.3 (0.9) 73.2
2 83.5 (0.7) 71.1
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