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The Problem Approximation Error for Random Directions Numerics
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with basis function F: [0, ) — R. it » Distance QMC points ~ » QMC(Sobol)-RFF for Gauss kernel
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MMD gradient flows, Stein variational GD for Bayesian inference :
Quasi Monte Carlo (QMC) on the Sphere Figure: Mean approximation error |F(||x]|) — %Z;Ij:l f((x, §p>)‘ for dimension d = 3

EX|Stlng approaChes Idea :dlmprove .Ithe eré%r_zate O(]—/\/E) e replaCIng random pOIntS gp by Gauss kernel on Letters (d =16) _ Matern (v = 3.5) on Letters (d = 16) Laplace kernel on Letters (d = 16)
The direct/exact computation of (1) is unfeasible. ~~ Complexity O(NM) a quadrature rule on | CEy NI ol e
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@ Only applicable for positive definite functions (not for Riesz F(||x||) = —||x||) lgll ys(ga-1y<1 Figure: Slicing Summation on CPU (Letters dataset with d = 16 and M = N = 20000).
Slicing Summation i HOW Smooth iS Our integrand gX Sd_]_ % R’ gx(g) — f(<€7 X>)? 10_1_§ G:usikernelwithN=M=960000,d=3O i 10_1_5 M:te)r(n(v=3.5)withN=M=960000,d=30 I ) Laplace kernel with N =M =960000, d =30
. s(Qd—1 | AN R S A ‘o
Idea: Construct f: R — R such that Theorem: We have g, € H*(S7) for Bie| AR T . BT B SR g ] T
Kernel S 3 O SRR W e R " T
F X — @ ~U f X . 2 = RFF nt . |2 I " a4 4 - Rt
(H H) g Sd_l[ (< 7€>)] ( ) GaUSS fOI’ a” S & RZO 310_3'; : gll\a\lllz:(Sobpl)RfF. - S * E 210_3; A ZI;FF - - ] E 2 A E)I;FF -
Insert (2) into the sum (1) and sample &, ~ Ugs1 (uniformly from S Matérn (smoothness /) for s < 2u 41 | e . || e S S N
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tD kernel sum (Computable) QMC Designs Application: MMD as Loss Function
g S h 0 I L d 0 - I t t | . | fd < t tl T Objective value vs time for the MMD flow on CIFAR10
e e pherical t-designs: Integrate polynomials of degree < t exactly » Minimize Loss(x) - MMD(X7 y) | —
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@ Hard to compute (numerically done only for d < 4) > use Riesz kernel F(x) = —||x]||
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Thin Plate Spline x* log(x) dx?log(x) + 4 (Hg/2 — 2 + log(4)) x? © Unclear whether the transformed sequences are QMC designs on oL



