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Experimental Results
e best estimation precision for up to six data dimensions
o best scalability with dimensionality (except sampling) Key |deas Qf D|g|tH|st
o tightest error bounds (100% confidence intervals)
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3. measure hist. precision with u-error [1] metric

43rd lnternationa' Conference on e minimize error bounds instead of skew inside buckets
e assume uniformly distributed queries (for sake of simplicity)
4= Very Large Data Bases

[1] Shekelyan et. al., VLDB'17; [2] Acharya et al., SIGMOD'99




