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Abstract; Protein structure determines function,and the dihedral angles formed by N-C and C-C bonds in the protein backbone play an
important role in protein three—dimensional structure and spatial conformation. Starting from the protein primary sequence, prediction of
backbone dihedral angle can accelerate the effective sampling of low—energy structural conformational space and greatly advance the 3D
structure prediction, which can be used as an effective and rapid aid for biological experiments. With more protein biological samples and
improved computational performance, deep learning methods have been widely applied to protein dihedral angle prediction in recent
years. To deeply understand this work , what are detailed introduced are feature representations of protein residues ,computational methods
for dihedral angle processing, evaluation metrics and common datasets. And the recent research progress based on deep learning is
rigorously reviewed in terms of network structure design, input feature representation, model generalization performance, etc. The
effectiveness and shortcoming of each algorithm are also compared and analyzed. Upon above analysis, the future research field and appli-
cation prospect are presented.
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