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Problems & Ideas

Implicit Discourse Relation Classification is challenging due to the limited training
data. A potential solution is to expand implicit discourse relations from explicit
discourse relations. However,
— There is linguistic dissimilarity between explicit and implicit argument pairs.
— Dropping the discourse connective between explicit argument pairs could lead to
ambiguous and wrong labels, resulting in problematic synthetic implicit data.
ldeas:

— Can we select explicit argument pairs that are similar to natural implicit argument pairs
for data expansion?

— Can we adopt the label-smoothing strategy to reduce noise during sense assignment?
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Main Contributions

e Contributions: we propose

— A discriminative explicit instance selection method based on argument
pair type classification, reducing inappropriate argument pairs.

— Asimple label-smoothing method for reducing noise during automatic
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Our method gains obvious improvements on the minority
relations, while Expansion (Exp) is most frequent.



