Fast Distribution To Real Regression

Appendix

Details on Bound (24)

o -2

= ST 4+ Ep, [02(P0) ] v+ 5B, []
_ %¢T21p _Ep, [gOZ(ﬁO)T] SO
- %Epo [0 Z(P)T] 5*Ep, [s0Z(Po)]

< 2En, [] +En, [02(P)7 (v - +20)]

since ¥t is PSD. Let ¥ = USU~! be the eigen-
decomposition of 3; i.e. S is diagonal matrix of de-
creasing eigenvalues and U is a real unitary matrix and
U-'=UT. Then, ¥t =USTU!, where S is the di-
agonal matrix where (S*);; = 1/(9) if (S)i; # 0 and
(S7)i = 0 if (S)s; = 0. Furthermore, let r = rank(X),
and I,. be the diagonal matrix with (I,.); = 1 fori <r

and (I,);; = 0 for ¢ > r. Hence:
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where the last line follows from Jensen’s inequality.

GMM Figures

See Figure 5.
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Figure 5: Typical GMMs generated in our datasets as
well as their corresponding samples. One can see that
it would be hard for even a human to predict the true
number of components, yet the Double-Basis estimator
does a good job.

Density Estimation Details

Let My = {a : Ro(v,y) <t} ={a,...,as}. First
note that:
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Also,

E [(0(B) — a0 (B))?] = (B [au(B)] - aa(P))
+ Var [aa(ﬁi)} .

Clearly, aq(P;) is unbiased from (9). Also,
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First note that if we have a bound Vo € My, |a;] <
¢; then |My| < Hz 1(2¢; + 1), by a simple counting
argument. Let A\ = argmmzuf . For aw € M, we have:
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