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Abstract ; In machine learning, the K-fold cross—validation method often divides the data into multiple training and test sets for model e-
valuation and selection. However, the selection of the fold K is always an open problem. Note that one of the premises of the above cross—
validation data division assumes that the training set and the test set have the same distribution, but in actual data division, this is often not
the case. Therefore,the selection of the fold K can be performed by measuring the distribution consistency of the training set and the test
set in K—fold cross—validation. Intuitively, KL ( Kullback-Leibler) distance is a suitable measure because it measures the difference
between two distributions. However, when selecting K directly based on the KL distance, it is found from multiple data experimental
results that the KL distance also increases with the increase of K, which is obviously inappropriate. To this end,a selection criterion of the
fold K in K—fold cross—validation based on regularized KL distance is proposed, and the appropriate fold K is selected by minimizing this
regular KL distance. Multiple real data experiments in a recent step have verified the effectiveness and rationality of the proposed criteri-
on.
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