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As uncertainty continues to play an increasingly prominent role in a range of computations and as
programming languages move towards more support for random sampling as one way of dealing with
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Performance comparison on particular distributions
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Figure 4: Comparison of memory and runtime performance for sampling 500 random frequency distributions over n = 1000

dimenSiOnS With sum m :40000, USing FLDR al’ld SiX base].ine exaCt SamplerS. (a) ShOWS a SCatter plOt Of the Sa:mp].er Fig. 7. Comparison of wall-clock time per sample and order of growth of two implementations of the optimal
. . . . samplers (using Algorithms 7 and 8) with inversion sampling (using linear and binary search in Algorithm 2).

runtime (x-axis; seconds per sample) versus sampler memory (y-axis; bytes); and (b) shows how the sampler runtime

varies with the entropy of the target distribution, for each method and each of the 500 distributions.
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