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A method of data sampling from a huge data set is discussed. We introduce a generalized relative square error
to emphasize low probability events and figure out the best sampling weight to reduce the error. Our arguments
are based on the large deviation theory. Large reduction in the generalized relative square error was numerically
confirmed for the best sampling weight. We also propose to use Wang-Landau algorithm in data sampling. This
algorithm is not only efficient to estimate a distribution of the original data, but also useful in data sampling to
suppress the statistical errors.
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ν = 0 9.86E-4 1.10E-3 1.68E-3 1.65E-3

ν = 0 9.86E-4 1.10E-3 1.68E-3 1.65E-3

ν = 1/2 0.0993 0.0772 0.0987 0.844

ν = 1/2 0.0990 0.0772 0.0990 0.843

ν = 1 50.5 15.5 9.90 49.6

ν = 1 49.6 15.4 9.90 49.6

ν = 2 2.25E8 3.80E7 8.65E6 2.38E6

ν = 2 2.16E8 3.72E7 8.56E6 2.56E6
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