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Semantic representations based on logic have a potential to realize deep semantic analysis of natural language. We
propose a method of learning semantic textual similarity with features extracted by proving bidirectional entailment
relations between a sentence pair. For extracting logic-based features, we use natural deduction proofs with axioms

generated from distributional representations of words.

In this study, ccg2lambda, an integrated system which

converts a sentence into a higher-order predicate logic expression by syntactic analysis and semantic composition
based on combinatory category grammar (CCG), is applied to automated inference.
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1459 A man is exercising A man is doing physical activity Yes 4.5
3116 There is no man eating some food The man is eating No 3.3
3477 A person is dancing A man is thinking Unknown 1.1
3660 A woman is collecting tap water in a mug A woman is emptying the water from a mug  Unknown 3.8
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