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Recurrent Neural Networks With Recursive Least Squares
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Abstract In recurrent neural networks (RNNs), the first-order optimization algorithms usually converge slowly,
and the second-order optimization algorithms commonly have high time and space complexities. In order to solve
these problems, a new minibatch recursive least squares (RLS) optimization algorithm is proposed. Using the inact-
ive linear output error to replace the conventional activation output error for backpropagation, together with the
equivalent gradients of the weighted linear least squares objective function with respect to linear outputs of the hid-
den layer, the proposed algorithm derives the minibatch recursive least squares solutions of RNNs parameters layer
by layer. Compared with the stochastic gradient descent algorithm, the proposed algorithm only adds one covari-
ance matrix into each layer of RNNs, and its time and space complexities are almost three times as much. Further-
more, in order to address the adaptive problem of the forgetting factor and the overfitting problem of the proposed
algorithm, two approaches are also presented, respectively, in this paper. The simulation results, on the classifica-
tion and prediction problems of sequential data, show that the proposed algorithm has faster convergence speed
than popular first-order optimization algorithms. In addition, the proposed algorithm also has good robustness in
the selection of hyperparameters.
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