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Abdgtract : A learning strategy based on Newton method and conjugate gradient method is proposed in this paper to
solve the nonlinear support vector regresson (SVR) training problem, which is able to accelerate not only the model
selection process but aso the training speed. By applying it into gas furnace data set modeling and Mackey- Gass
chaotic time series prediction, the smulation results indicate the eff ectiveness of the proposed learning strategy.
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