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precond, means

*1 Sakaji

*2 http://wordnet.princeton.edu/
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cause, effect,

WordNet*?
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Step 1: Uni 85.6 82.2 | 83.9
Step 2: Bi 89.2 84.5 | 86.8
Step 3: Uni, Bi 89.6 85.2 | 87.3
. Uni, Pair 89.1 83.2 | 86.0
Step 4- Uni, Class 89.4 85.8 | 87.6
e Bi, Pair 91.2 82.5 | 86.6
* Bi, Class 90.7 86.8 | 88.7
* Uni, Pair, Class 91.3 86.1 | 88.6
Step 5: Bi, Pair, Class 92.4 84.5 | 88.3
. [ All | 915 85.5 | 88.4 |
[ ]
null
Step 6
[ ]
o “ ”
null
Step 7: ( )
SV M Eight
5
REFRR | I—l 10
[E10| (B3] [EBEELEEERID] [FBET. | 23
I 2 B 2 10
FEREI g : i
: X > l | |
[(zRmExEnIo|[EsraE|[#ork.] — =
I T mwom . - ass
) 0.267719 - Class
OFRIERENZE (KX Hil % B BNE) O ERBNG (BAXEICHSENE) 0.264473 | ( , ) Pair
&, M = 0.247823 Uni(Cause)
0.228851 Uni(Cause)
OBIFEDNART (RiEREE & % ERBFADEEE) 0.202575 Bi(Cause)
(F%=), (h%x) 0.197765 Uni(Cause)
s 0.197167 Bi(Cause)
0.182212 Bi(Cause)
6 0.159440 Uni(Cause)
302,837 1990
3 10
2005 16 Sakai
139,666
« ” 7 546 -0.395677 Uni(Eﬁect)
' -0.346811 | ( , ) | Pair
-0.324537 Uni(Cause)
1,200 -0.219866 Bi(Cause)
- -0.219866 Uni(Cause)
600 S07 -0.166597 Uni(Cause)
303 204 -0.165695 Bi(Cause)
-0.159959 Bi(Cause)
Liohts3 -0.148275 Uni(Cause)
SVM™e -0.127912 | (null, ) | Pair
1 Uni
Bi Pair 9 3 5
Class (Cause) (Effect)
1 F

*3 http://svmlight.joachims.org/
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