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Research on recurrent neural network
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Abstract: Recurrent Neural Network ( RNN) is a kind of very powerful neural network for processing and predicting
sequence data. The neural network of recurrent structure overcomes many limitations of traditional machine learning methods
on input and output, making it a very important model in the field of deep learning. RNN and its variants have been
successfully applied to a variety of tasks, especially with time-dependent data. Speech recognition, machine translation,
language model, text classification, word vector generation, information retrieval and so on, all need a model that can learn
sequence data. However, Learning with RNN has long been considered to be difficult, the gradient tends to vanish in most
cases, and there are less cases where exploding will occur when backpropagating errors across many time steps. Due to
problems in practical application of RNN, LSTM has been proposed for their long-term storage of information, and
improvements have also been made to the structure of LSTM. Then, the development of the neural network based on recurrent
structure was mainly analyzed. Several popular variants were discussed and compared in detail. Finally, the development trend
of neural network with recurrent structure was discussed.
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