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Humor Recognition by Text Funniness Evaluation
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Abstract: In recent years, dialogue systems are spreading in society. These systems can talk about any
topic. However, they cannot recognize humor, so we lose the motivation to talk to them. Therefore, in
order to recognize funniness of a text, we use statistical methods. As a result, our method classifies
correctly if a text is humorous or not. We conclude that a computer is able to recognize humorous text or
not. In future, we plan to design a system that measures degree of funniness.
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