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Theoretical guarantees
Assumption : p = g~ 0,9 € LAD), |a| <P
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3) Integrals on hyper-rectangles can be computed easily

1(Q) = J Ja(x) dx = ZAUK G;; where K;; = k. (X, X;) Conciseness : 1 > C, ;5 €

: —2d/3
Number of samples:n > C, ;5 €

3/19 O, dTV(p9 ]/?\)9 d(papp) S €

4
[GQ]Z-]- is computable using the erf function erf(r) = [ e du
0

‘-----------..



