Ultrahigh Dimensional Feature Screening via RKHS Embeddings -
Supplementary material

This document contains the statement and proof of Lemma 1 which is used to prove Theorem 4.1.

A Statement and Proof of Lemma 1

Lemma 1. Let kx and ky be measurable kernels satisfying assumptions Al and A2. Then for any 1 <r < p,, with
probability at least 1 — & over the choice of samples, {(acgl),y(i))},
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Proof. The proof technique is similar to that of Theorem 7 in (Sriperumbudur et al., 2009). Consider |&, — w,| =
[y (PXY [ PXPY) — o, (PXY PXPY)| < suppepe |[PRY b —PX Y k||gy +supper [|PXPY k—PXPYk| 2. We now bound
the terms 0 := supycc [|[PXY k—PXY k|3 and ¢ := sup, i [|PX"PY k—P*PYk||3. Since 6 satisfies the bounded differ-
ence property, using McDiarmid’s inequality gives that with probability at least 1—% over the choice of {(xff), Yy,

we have
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By invoking symmetrization for E supyc |[ParY k — PXY k|3, we have
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where {p;}, represent iid. Rademacher random variables and E, represents the expectation w.r.t. {p;} condi-

tioned on {(:107 ,y)}. Since E,suppex |2 00 1pik( (x )yt ) N satisfies the bounded difference property, by
McDiarmid’s inequality, with probability at least 1 — & over the choice of the random samples of size n, we have
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By writing
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we have with probability at least 1 — g, the following holds:
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Tying (1)-(5), we have that w.p. at least 1 — £ over the choice of {(a:r .y}, the following holds:
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Now we consider bounding ¢
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Now, ¢x = supyexc, | [ ka(2) dBY = PX)(@)llpn and by = supy ey, | [ ky(y) dB = PY)(y)|ln, can be
bounded by using Theorem 7 of (Sriperumbudur et al., 2009), which yields that probability at least 1 — %
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Using (7) and (8), with probability at least 1 — %‘S over the choice of {xff)} and {y(}, we have
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Combining (6) and (9) provides the result. O
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