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Abstract Addressing the task of acquiring semantic relations between events from a large corpus, we first argue
the complementarity between the pattern-based relation-oriented approach and the anchor-based argument-oriented
approach. We then proposes a two-phased approach, which first uses lexico-syntactic patterns to acquire predicate
pairs and then uses two types of anchors to identify shared arguments. The present results of our empirical eval-
uation on a large-scale Japanese Web corpus have shown that (a) the anchor-based filtering extensively improves
the precision of predicate pair acquisition, (b) the two types anchors are almost equally contributive and combining
them improves recall without losing precision, and (c) the anchor-based method achieves high precision also in
shared argument identification.
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1 Two-phased event relation acquisition

£ 3 FAFREOME

TR-HR TR-F8

anc-strict anc-lenient anc-any anc-strict anc-lenient anc-any
prec | recall | prec | recall | prec | recall | prec | recall | prec | recall | prec | recall
token 0.80| 046|086 050|088 | 0.50]|0.82| 048 088 | 0.51|0.88| 0.51
arg-strict type 076 | 042|080 044|082 0.45(0.86| 0.50|0.88( 0.51|0.88| 0.51
combined [ 0.76 | 0.64 | 0.82| 0.69|0.83 070 0.83| 0.70|0.87| 0.73|0.87| 0.73
token 092! 053(093| 053094 054|092| 054|094| 055(094| 0.55
arg-lenient type 0.84| 047|086 | 048|087 | 048090 | 0.52|0.92( 0.53|092| 0.53
combined | 0.89 | 0.74|091| 0.76 | 092 0.76 | 092 | 0.78|094| 0.78|0.94 | 0.79
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