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Answering Center-exam Questions on History by Textual Inference
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A great portion of Center-exam questions on history consists of fact validation, the task to decide whether a
natural language sentence states a historical fact. The distinction between historical facts and non-facts, especially
in exam qustions, is thought to be clear. However, to clarify the criterion and to realize it in a computer system, is
a challenging topic in artificial intelligence and natural language processing. In this paper, we propose a semantic
representation suited for natural language inference, which can be used to model such criterions; and we discuss
some preliminary experiments on answering fact validation questions by clear criteria.
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