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network structure and training algorithm. Afterwords, we introduce the extended model of the memory network
and its application in different fields and scenarios. Finally, the future research direction of the memory network

is prospected.
Key words
machine; natural language processing
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Background

Deep memory network is a general term for
neural network models with memory function, which
is mainly to solve the prediction problem of
sequence-dependent dependence, and can be predicted
by memorizing the effective information learned
before. Memory network usually have independent
memory modules or other structures capable of
memory function. The former stores important
information in an independently readable and writable
memory and reads it when needed;while the latter
method usually modify the internal structure of the
cell to retain the information that needs to be
remembered.

Deep memory network have achieved
unprecedented performance in a wide variety of
different application areas. For example,
classification, face recognition, human-level concept
learning, playing Atari games and AlphaGo.

Deep memory network combines the benefits of
memory network and deep learning. On one hand,
memory network has a wider scope of applicability
since it can enhance the memory of the model. On the
other hand, deep learning can extract a good
representation at different levels of abstraction, which
disentangles better the factors of variations underlying
the data.
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