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Abstract Figurative expressions are one of effective approaches to lead readers to understand. In this paper,
we propose a selection method of a suitable figurative expression about an adjective in a sentence by using neural
networks (LSTM with attention). NNs usually need a large amount of training data for generating a model. We first
construct the training date set automatically by computing a simile-likelihood score of each figurative candidate.
Next, we select sentence-figurative expression pairs with high simile-likelihood scores as the training data. Then, we
generate a LSTM-based selection model by using the training data. We obtained sentences with some interesting
figurative expressions that cannot be selected by dictionary-based methods.
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