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ABSTRACT

Gaussian process regression (GPs) is an attractive probabilistic non-parametric regression method that not only provides output predictions but also output distributions. Its flexibility in modeling data patterns makes it highly appealing. However, GPs face limitations in computational complexity, particularly in operations involving inverse matrices, with computational complexity scaling as [image: image2.png]o(n?)



 with the number of training data points n. This can be prohibitively expensive for large n. In this paper, we introduce a partition resampling approach to reduce computational complexity. The dataset of size n is partitioned into m segments, and random sampling is performed on each partition to obtain a subset of data. This procedure is repeated [image: image4.png]


 times to obtain [image: image6.png]


 subsets of data (models). Predictions are made using the hyperparameter averages of these [image: image8.png]


 models. We apply this approach in a simulation experiment using stock price data with [image: image10.png]n = 2200



. Several sample sizes and replications were conducted, and the results demonstrated that larger sample sizes lead to predictions that closely match the real values. Notably, when the sample size is set to 60% (m=1320), the resulting predictions are on par with those obtained using the full model. This approach successfully reduces computational complexity from [image: image12.png]o(n?)



  when using the entire dataset to [image: image14.png]o(m?)



 with partition resampling (m<n).
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