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Abstract Causal and temporal relations of events are both important event relationships. The previous work regarded
the identification of causal and temporal relations of events as two independent tasks,ignoring the association between
them. This paper applied integer linear programming (ILP) to construct joint model of event based on identification of

causal and temporal of event. Based on classifier model, the joint model optimizes the recognition results through con-

straints. The experimental results show that this joint model significantly enhances the identification performance.
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Table 4 Performance of event relation identification
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Table 6 Experimental results after event relationship characteristics are added into reference system

BT 00)
. HRX % BT X &
cause before after overlap unknown
i 48 AR P R F1 F1 Fl Fl F1
HEZRGL 65. 66 63.97 64.81 63.09 63.39 52. 84 28.05
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