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Learning Logic Program Representation from Delayed Interpretation Transition using Recurrent
Neural Networks
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Having a method to understand the interactions and delayed influences between components of dynamical systems
can provide useful applications to biological and other dynamical systems. In this paper, we present a method
relying on Recurrent Neural Networks (RNN) that can learn to distinguish the nature of different systems. This
method utilizes Long Short-Term Memory (LSTM) to extract and encode certain features from the input sequence
of time-series data. We also show that the produced high dimensional encoding can be used to represent different
time series that are resulted from the same dynamical system.
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