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Abstract

Inter-document event relation extraction aims to identify relations between document-thematic events. Specifically, a
document-thematic event refers to the central event conveyed by a document, with the common assumption that each
document contains only one document-thematic event. Existing methods face the following challenges: (1) difficulty in
capturing event association cues. There is a lack of shared context between events, making it challenging to directly
obtain relevant cues that indicate their relations; (2) a lack of sufficient evidence for event relation judgment. When two
documents show no obvious content overlap, clear evidence to determine their event relation is often unavailable. To

address these challenges, this paper proposes a knowledge-augmented cue mining model for inter-document event
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relation extraction, termed KACM. The KACM not only mines association cues from within the document content but

also leverages external knowledge to assist in relation inference. Experimental results on the DTER dataset demonstrate

that KACM can effectively perform inter-document event relation extraction in terms of causal, temporal, and

coreference relations.
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ik, WSO BIRR R IE SC N A AT A
FIH Bk R Z MR R, BEE
Rl E BT R BRI R 2 Ak o

e Llama2-7b—chat™ 2 Meta # i [
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RoBERTa 54.8% 65.9% 59.9% 59.5% 59.5% 59.5% 25.8% 60.3% 36.1%
DVA 57.2% 64.6% 60.7% 68.9% 68.9% 68.9% 26.8% 61.3% 37.3%
HMAN 52.7% 73.0% 61.2% 60.4% 60.4% 60.4% 25.8% 66.7% 37.2%
TextFCG 55.1% 71.3% 62.2% 70.5% 70.5% 70.5% 27.6% 58.8% 37.6%
Llama2-7b~—chat 42.4% 54.4% A7.7% 29.3% 29.3% 29.3% 19.0% 54.4% 28.2%
Llama3-8b—instruct 30.5% 8.0% 12.7% 22.8% 22.8% 22.8% 73.3% 5.4% 10.1%
KACM 55.8% 76.5% 64.5%" 73.9% 73.9% 73.9%" 29.9% 61.3% 40.2%"

T ORISR A geit BT (p<<0.05)
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-A & -B 548% 65.9% 65.9% -4.6% 59.5% 59.5% 59.5% —14.4% 258% 60.3% 36.1% —4.1%
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GCN 54.5% 73.9% 62.7% 57.6% 57.6% 57.6% 25.3% 72.6% 37.5%
DCGCN 51.1% 81.6% 62.8% 61.8% 61.8% 61.8% 28.1% 66.7% 39.5%
GAT 55.8% 76.5% 64.5% 73.9% 73.9% 73.9% 29.9% 61.3% 40.2%
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