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Abstract: The core task of an input method is to convert the keystroke sequences typed by users into Chinese cha-
racter sequences. Input methods applying deep learning methods have advantages in learning long-range dependen-
cies and solving data sparsity problems. However, the existing methods still have two shortcomings: the separation
structure of pinyin slicing in conversion leads to error propagation, and the model is complicated to meet the demand
for real-time performance of the input method. A deep-learning input method model incorporating incremental word
selection methods was proposed to address these shortcomings. Various softmax optimization methods were com-
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