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Comparison with two Gradient Methods through the application
to the Vector Linear Predictor
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Abstract

Two gradient methods , steepect descent method

and conjugate gradient descent method , are compar

ed through application to vector linear predictors.

1t is found that the convergence rate of the conju
-gate gradient descent method iy much faster than

that of the steepest descent method.
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2. Conjugate Gradient Descent Method
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