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Recent successful natural language processing (NLP) approaches are based on word representations and deep
neural networks. On the other hand, in bioinformatics, 3D protein structure prediction from amino acid sequences is
one of the important challenges. In this paper, inspired by recent machine learning techniques in NLP, we introduce
a transition-based protein structure prediction using word representations and long short-term memory (LSTM),
and evaluate the prediction using contact map. This transition-based approach, which uses polar coordinate
transitions in 3D space of each amino acid over the protein sequence, allows us to naturally model contact map
prediction compared to existing methods. In addition, we construct the model with LSTM which have the advantage
of capturing long dependencies of amino acids in the protein sequence. We evaluated our method with the dataset
of CASP11 which is a worldwide experiment for protein structure prediction.
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