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A Local Gaussian Regression Algorithm Based on Probability Association

XTAO Wen-Xin' ZHANG Wen-Wen?

Abstract Gaussian regression is a common method in machine learning tasks for control and robotics, with the ad-
vantage of being a parametric learning technique. However, it has the disadvantage of being computationally intens-
ive when faced with a large amount of training data, and thus is not suitable for the case of updating the model in
real time. In order to reduce this amount of computation and realize the continuous updating of the model using a
large amount of data generated in real time, this paper proposes a local regression algorithm based on probability
correlation. Compared with other local regression models, the algorithm uses the tightly supported probability dis-
tribution to divide the data in the local model by smoothing the boundary of the multi-dimensional local space
model and obtains better prediction accuracy. In addition, the calculation method of updating the prediction vector
is improved, and the k-d tree nearest neighbor search is used to reduce the time of data allocation and prediction.
Experiments show that the proposed algorithm improves the computational efficiency while maintaining the global
regression prediction accuracy, and the prediction accuracy is much higher than other local regression models.
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