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Higgs 11M x 28 0.92 2.5GB 1.93 1.38
Census  2.5M x 68 0.43 1.3GB 17.11 6.04
Covtype 600K x 54 0.22 0.14GB 10.40 6.13
ImageNet 1.2M x 900 0.31 4.4GB 5.54 3.35
Mnist8m 8.1M x 784 0.25 019GB 4.12 2.60
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