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In nonlinear structural analysis for seismic design, it is very important to use an accurate hysteretic model. However, there
are some models for which the human development and application of a hysteretic model are too complex. For the solution to
these problems, we think that Recurrent Neural Network (RNN) system is available. RNN is one of the Neural Network (NN).
RNN has a characteristic to be able to change by a system depending on past hysteresis of input and output. In this paper, for
modeling of very complex non-linear hysteresis, applicability of RNN modeling to normal bi-linear model is confirmed. First,
we identify RNN model by training data consisted of bi-linear history data of displacement (input) and force (output). Then,
it is confirmed that identified RNN model can became the system which is equal to theoretical bi-linear model.
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Fig.1 Bi-Linear Model (kinematic hardening)

Table1 Parameters of Bi-Linear Model
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