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Small sample spaces for Gaussian processes
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It is known that the membership in a given reproducing kernel Hilbert space (RKHS) of the samples of a Gaussian
process X is controlled by a certain nuclear dominance condition. However, it is less clear how to identify a “small”
set of functions (not necessarily a vector space) that contains the samples. This article presents a general approach
for identifying such sets. We use scaled RKHSs, which can be viewed as a generalisation of Hilbert scales, to define
the sample support set as the largest set which is contained in every element of full measure under the law of X
in the o-algebra induced by the collection of scaled RKHS. This potentially non-measurable set is then shown to
consist of those functions that can be expanded in terms of an orthonormal basis of the RKHS of the covariance
kernel of X and have their squared basis coefficients bounded away from zero and infinity, a result suggested by
the Karhunen-Loeve theorem.
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1. Introduction

Let K: T X T — R be a positive-semidefinite kernel on a set 7 and consider any Gaussian process
(X(2));er with mean zero and covariance K, which we denote (X(¢));e7 ~ GP(0,K). Let H(K) be the
reproducing kernel Hilbert space (RKHS) of K equipped with inner product (-,-) g and norm ||-||g. It is
a well-known fact, apparently originating with Parzen [28], that the samples of X are not contained in
H(K) if this space is infinite-dimensional. Furthermore, Driscoll [9]; Fortet [12]; and Luki¢ and Beder
[24] have used the zero-one law of Kallianpur [15] to show essentially that, given another kernel R and
under certain mild assumptions,

P[X€HR)| =1ifR>K and P[X€H(R)|=0ifR>*K,

where R > K signifies that R dominates K (i.e., H(K) c H(R)) and, moreover, that the dominance is
nuclear (see Section 4.1 for details). This Driscoll’s theorem is an exhaustive tool for verifying whether
or not the samples from a Gaussian process are contained in a given RKHS. A review of the topic can
be found in [13, Chapter 4]. Two questions now arise:

e How to construct a kernel R such that R > K?

e Is it possible to exploit the fact that P[X € H(R;) \ H(R;)] = 1 for any kernels such that R} > K
and R; > K to identify in some sense the smallest set of functions which contains the samples
with probability one?

Answers to questions such as these are instructive for theory and design of Gaussian process based
learning [11,40], emulation and approximation [18,41], and optimisation [3] methods. For simplicity
we assume that the domain 7 is a complete separable metric space, that the kernel K is continuous and
its RKHS is separable, and that the samples of X are continuous. Although occasionally termed “rather
restrictive” [9, p. 309], these continuity assumptions are satisfied by the vast majority of domains
and Gaussian processes commonly used in statistics and machine learning literature [31,35], such as
stationary processes with Gaussian or Matérn covariance kernels. Our motivation for imposing these
restrictions is that they imply that RKHSs are measurable.
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1.1. Contributions

First, we present a flexible construction for a kernel R such that R > K. For any orthonormal basis
® = (¢n);,_, of H(K) the kernel K can be written as K(t,#") = 3.7° | ¢u(t)$,(¢") for all ,#" € T. Given a
positive sequence A = (@y),, such that Yy ndn(t)? < oo for all t € T, we define the scaled kernel

Kao(tt')= ) andn(dén(t)). (1)
n=1

This is a significant generalisation of the concept of powers of kernels which has been previously used
to construct RKHSs which contain the samples by Steinwart [36]. We call the sequence A a ®-scaling
of H(K). If @,, — oo as n — oo, the corresponding scaled RKHS', H(K 4.¢), is a proper superset of
H(K), though not necessarily large enough to contain the samples of X. We show that convergence of
the series 3> | a;, I controls whether or not samples are contained in H(K. A0)-IE X0 ap, ! converges
slowly, we can therefore interpret H(K4_¢) as a “small” RKHS which contains the samples.

Main Result I (Theorem 4.3). Let ® = (¢,);,_, be an orthonormal basis of H(K) and A = (an);,_,
a O-scaling of H(K). If Ka ¢ is continuous and dg (t,t") = ||K(-,t) — K(-,t")||g is a metric on T, then
either

B[X € HKa0)] =0 and Y — =co or B[XeH(Kao)| =1 and > 1w
n=1 @n n=1 n

In Section 5, we use this result to study sample path properties of Gaussian processes defined by
infinitely smooth kernels. These appear to be the first sufficiently descriptive results of their kind.
An example of an infinitely smooth kernel that we consider is the univariate (i.e., 7 ¢ R) Gaussian
kernel K(1,1") = exp(—(t — t')?/(2£?)) with length-scale ¢ > 0 for which we explicitly construct several
scaled kernels R whose RKHSs are “small” but still contain the samples of (X(¢));er ~ GP(0,K).
In Section 6, Theorem 4.3 is applied to provide an intuitive explanation for a conjecture by Xu and
Stein [41] on asymptotic behaviour of the maximum likelihood estimate of the scaling parameter of the
Gaussian kernel when the data are generated by a monomial function on a uniform grid.

Secondly, we use Theorem 4.3 to construct a “small” set which “almost” contains the samples. This

sample support set is distinct from the traditional topological support of a Gaussian measure; see the
discussion at the end of Section 2. Let C(T') denote the set of continuous function on 7.
Main Result II (Theorems 4.8 and 4.11). Let ® = (¢,),_, be an orthonormal basis of H(K) and
suppose there is a ®-scaling A = (an),_| such that 37| ;! < coand K g is continuous. Let S(R)
be the o-algebra generated by the collection of scaled RKHSs consisting of continuous functions and
Sx(K) the largest subset of C(T) that is contained in every H € S(R) such that P[X € H] = 1. Suppose
that dg(t,t") = |[K(-,t) = K(-,t")||x is a metric on T. Then Sx(K) consists precisely of the functions
f =202 Jadn such that

liminf />0 and sup f* < co. (1.2)

n—oo n>1

Furthermore, for every H € S(R) such that P[X € H] = 1 there exists F € S(R) such that Sy(K) is a
proper subset of F and F is a proper subset of H.

I These spaces are not to be confused with classical Hilbert scales defined via powers of a strictly positive self-adjoint operator;
see [10, Section 8.4] and [20].
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The set Si(K) may fail to be measurable. The latter part of the above result is therefore important
in demonstrating that it is possible to construct sets which are arbitrarily close to Si(K) and contain
the samples using countably many elementary set operations of scaled RKHSs. At its core this is a
manifestation of the classical result that there is no meaningful notion of a boundary between conver-
gent and divergent series [19, § 41]. The general form of the Karhunen—Loeve theorem is useful in
explaining the characterisation in (1.2). If (¢,,);,_, is any orthonormal basis of H(K), then the Gaussian
process can be written as X(¢) = 3. | £,¢,(t) for all € T, where ¢, are independent standard normal
random variables. The series converges in LZ(P), but if almost all samples of X are continuous, con-
vergence is also uniform on 7" with probability one [1, Theorem 3.8]. Because || X (t)||%( =20 Z? and
E[£2] = 1 for every n, the Karhunen—Logve expansion suggests, somewhat informally, that the samples
are functions f =} | fu ¢, for which the sequence ( fn2 o satisfies (1.2).

1.2. On measurability and continuity

Suppose for a moment that 7" is an arbitrary uncountable set, K a positive-semidefinite kernel on T
such that its RKHS H(K) is infinite-dimensional, and (X(¢));er ~ GP(0,K) a generic Gaussian process
defined on a generic probability space (Q, A,P). Let R be the collection of real-valued functions on
T and B the o-algebra generated by cylinder sets of the form {f € RT : (f(t1),...,f(t,)) € B"} for
any n € N and any Borel set B" c R". Let ®x(w) = X(-,w). Then jix =Po CD; is the law of X on
the measurable space (R7,8B). Consequently, P[X € H] = fix({weQ: X(hw)e H}) for He B. Let
(RT,BO, fix o) be the completion of (RT,B, fix)and R: T X T — R a positive-semidefinite kernel and
H(R) its RKHS. The following facts are known about the measurability of H(K) and H(R):

e In general, H(R) ¢ B. For example, if T is equipped with a topology and R is continuous on 7 x 7,
then H(R) c C(T). However, no non-empty subset of C(T) can be an element of 5.

e LePage [21, p. 347] has proved that H(K) € B and fix o(H(K)) = 0, a claim which originates with
Parzen [27, 28]. A version which requires separability and continuity appears in [16].

e If the RKHS H(R) is infinite-dimensional and R 3 K, then H(R) € B, and fix o(H(R)) =0. This
result is contained in the proof of Theorem 7.3 in [24]. See also [13, Proposition 4.5.1].

e LePage [21, Corollary 2] has proved a dichotomy result which states that if G ¢ R is an additive
group and G € By, then either fix,0(G) =0or fix o(G) = 1. Furthermore, jix 0(G) = 1 implies that
H(K) c G. This is a general version of the zero-one law of Kallianpur [15, Theorem 2].

It appears that not much more can be said without imposing additional structure or constructing ver-
sions of X, as is done in [24].

Suppose that (7, dr) is a complete separable metric space, that the kernel K is continuous, and that
almost all samples of (X(1));er ~ GP(0,K) are continuous, which is to say that the (B, fix o)-outer
measure of C(T) is one. Define the probability space (C(T'), B, ux) as

B=C(T)NnBy and ux(C(T)NH)=jixo(H) for H € By. (1.3)

The rest of this article is concerned with (C(T'), B, ux) and it is to be understood that P[X € H] stands
for ux(H) for any H € 8. In this setting Driscoll [9, p. 313] has proved that H(R) € 8 if R is continuous
and positive-definite. By using Theorem 1.1 in [12] (Theorem 4.1 in [24]) one can generalise this result
for a continuous and positive-semidefinite R; see the proof of Theorem 7.3 in [24].
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1.3. Notation and terminology

For non-negative real sequences (ay);_, and (by);_ | we write an < by if there is C > 0 such that
ay < Cby, for all sufficiently large n. If both a,, < b,, and b,, < a,, hold, we write a,, < b,,. If a, /b, — 1
as n — oo, we write a, ~ by,. For two sets F and G we use F' C G to indicate that F is a proper subset
of G. A kernel R: T X T — R is positive-semidefinite if

N N
2> aajR(t) =0 (14)
i=1 j=1

forany N > 1, ay,...,ay € Rand 7q,...,ty € T. In the remainder of this article positive-semidefinite

kernels are simply referred to as kernels. If the inequality in (1.4) is strict for any pairwise distinct
t1,...,IN, the kernel is said to be positive-definite.

1.4. Standing assumptions

For ease of reference our standing assumptions are collected here. We assume that (i) (T,dr) is a
complete separable metric space; (ii) the covariance kernel K: T X T — R is continuous and positive-
semidefinite on T x T; (iii) the RKHS H(K) induced by K is infinite-dimensional and separable;
and (iv) (X(1));er ~ GP(0,K) is a zero-mean Gaussian process on a probability space (Q, A,P) with
continuous paths. The law ux of X is defined on the measurable space (C(T'), B) which was constructed
in Section 1.2. Some of our results have natural generalisations for general second-order stochastic
processes; see [24], in particular Sections 2 and 5, and [36]. We do not pursue these generalisations.

2. Related work

Reproducing kernel Hilbert spaces which contain the samples of (X(7));er ~ GP(0, K) have been con-
structed by means of integrated kernels in [23], convolution kernels in [5] and [11, Section 3.1], and,
most importantly, powers of RKHSs [39] in [17, Section 4] and [36]. Namely, let 7 be a compact metric
space, K a continuous kernel on 7 X 7', and v a finite and strictly positive Borel measure on 7. Then
the integral operator T, defined for f € L?(v) via

(T, f)(0) = /T K@) f()dv(e), @)

has decreasing and positive eigenvalues (1,,)}_,, which vanish as n — oo, and eigenfunctions (¥»);_, in
H(K) such that (v A,¥, o> | is an orthonormal basis of H(K). The kernel has the uniformly convergent
Mercer expansion K (¢,t") = 3| Apn(t)n(t’) for all £,¢” € T. For 6 > 0, the 6th power of K is defined
as

KO1") = Y A0ynOvn(t)). 22)
n=1

The series (2.2) converges if 3>, A%,(t)? < oo for all ¢ € T. Furthermore, H(K)) C H(K®)) if
6, < 6, and P[X € H(K@)] = 1 if and only if pI 1= < oo [36, Theorem 5.2]. When it comes to

ZMost famously, separable RKHSs are induced by Mercer kernels, which are continuous kernels defined on compact subsets of
R4 [29, Section 11.3].
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sample properties, the power kernel construction has two significant downsides: (i) The measure v is
a nuisance parameter. If one is only interested in sample path properties of Gaussian processes this
measure should not have an intrinsic part to play in the analysis and results. (ii) The construction is
somewhat inflexible and unsuitable for infinitely smooth kernels. Because H(K?) consists precisely
of the functions f =™, fn/l,ll/zt,bn such that 37 fnz/l,ll_(77 < oo and A, — 0 as n — co, how much
larger H(K?) is than H(K) = H(K“=V) is determined by rate of decay of the eigenvalues. Power
RKHSs are more descriptive and fine-grained when the kernel is finitely smooth and its eigenvalues
have polynomial decay n~¢ for a > 0 (e.g., Matérn kernels) than when the kernel is infinitely smooth
with at least exponential eigenvalue decay e >" for b > 0 (e.g., Gaussian): the change the decay condi-
tion ¥,o° | fi2 < oo for the coefficients (), to ¥ £2n~4170) < oo is arguably less substantial than
that from 3> | f2 <o to DI f2e (-0 < o Indeed, as pointed out by Kanagawa et al. [17, Sec-
tion 4.4], when the kernel is Gaussian every H(K(?)) with 6 < 1 contains the samples with probability
one, which renders powers of RKHSs of dubious utility in that setting because H(K¢=1) = H(K) does
not contain the samples. The relationship between powers of RKHSs and scaled RKHSs is discussed
in more detail at the end of Section 3. In Section 5 we demonstrate that scaled RKHSs are more useful
in describing sample path properties of Gaussian processes defined by infinitely smooth kernels than
powers of RKHSs.

To the best of our knowledge, the question about a “minimal” set which contains the samples with
probability one has received only cursory discussion in the literature. Perhaps the most relevant digres-
sion on the topic is an observation by Steinwart [36, pp. 369-370], given here in a somewhat applied
form and without some technicalities, that the samples are contained in the set

( BLA (T)) \ W3 (1) (2.3)

r<s

with probability one if H(K) is norm-equivalent to the fractional Sobolev space W2S *d] 2(T) for s >0

on a suitable domain 7 c R<. In the Sobolev case the samples are therefore “d/2 less smooth” than
functions in the RKHS of K. Because WJ(T) = U, >sWJ(T), the set in (2.3) has the same form as the
sample support set in (4.2). This observation is, of course, a general version of the familiar result that
the sample paths of the Brownian motion, whose covariance kernel K(z,#") = min{t,#’} on T = [0, 1]
induces the Sobolev space W21 ([0,1]) with zero boundary condition at the origin, have regularity 1/2 in
the sense that they are almost surely @-Holder continuous if and only if @ < 1/2. That is, there is C > 0
such that, for almost every w € Q, |X(f,w) — X(t',w)| < Clt —t'|* for all z,¢+’ € [0,1] and any a < 1/2.
However, Lévy’s modulus of continuity theorem [26, Section 1.2] improves this to [ X (z,w) — X(#/,w)| <
C+/hlog(1/h) when h = |t — 1’| is sufficiently small. Since the Sobolev space W3 (T') consists of those

functions f: T — R which admit an L2(R?)-extension f, : R¢ — R whose Fourier transform satisfies

/Rd (1+1€12)° 17o(&)” dé < o, (2.4)

Lévy’s modulus of continuity theorem suggests replacing the weight in (2.4) with, for example,
(1+ ||€]1%) log(1 + [|£]1) so that the resulting function space is a proper superset of W3 (T') and a proper
subset of W] (T) for every r < s and hence a proper subset of the set in (2.3). Some results and discus-
sion in [18, Section 4.2] and [34] have this flavour.

Finally, we remark that classical results about the topological support of a Gaussian measure are
distinct from the results in this article. Let C(T') be equipped with the standard supremum norm ||-|| .
The ropological support, suppery(tx), of the measure px is the set

SupPery(x) = {f € C(T) : px(B(f.r) > 0 for all 7 > 0},
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where B(f,r) is the f-centered r-ball in (C(T),||-||l)- It is a classical result [16, Theorem 3] that
suppcr)(px) = H(K), where H(K) is the closure of H(K) in (C(T), |||c0). In other words, the topolog-
ical support of ux contains every continuous function f such that for every € > 0 there exist g. € H(K)
satisfying || f — g¢lloo < €. Now, recall that a kernel R is universal if H(R) is dense in C(T) [37, Sec-
tion 4.6]. Most kernels of interest to practitioners are universal, including Gaussians, Matérns, and
power series kernels. But, by definition, the closure of the RKHS of a universal kernel equals C(T).
Therefore suppC(T)(pX) = H(K) = C(T) if K is a universal kernel. This result does not provide any in-
formation about the samples because we have assumed that the samples are continuous to begin with.
See [2, Section 3.6] for further results on general topological supports of Gaussian measures.

3. Scaled reproducing kernel Hilbert spaces

For any orthonormal basis @ = (¢,);”, of H(K) the kernel has the pointwise convergent expansion
K(t,t") =¥~ ¢n(t)pn(t’) forall £,+ € T. By the standard characterisation of a separable Hilbert space,
the RKHS consists of precisely those functions f: 7 — R that admit an expansion f =} | fu¢n
for coefficients such that 3, f? < c0. The Cauchy—-Schwarz inequality ensures that this expansion
converges pointwise on 7. For given functions f =} | fu¢, and g = 3> | g,¢, in the RKHS the

inner product is (f,g)x = 2| fu&n-

Definition 3.1 (Scaled kernel and RKHS). We say that a positive sequence A = (ay);,_, is a ®-scaling
of H(K)if 3, @ $n(1)? < oo for every t € T. The kernel

Kao(t.t)= ) andn(t)gn(t) 3.1
n=1

is called a scaled kernel and its RKHS H(K 4 o) a scaled RKHS.

See [30,42,43] for prior appearances of scaled kernels under different names and not in the context
of Gaussian processes. Although many of the results in this section have appeared in some form in the
literature, all proofs are included here for completeness.

Proposition 3.2. Let ® = (¢,);_, be an orthonormal basis of H(K) and A = (ay),;_, a ®-scaling of

H(K). Then (i) the scaled kernel Ka o is positive-semidefinite, (ii) the collection (\Jan$n),_, is an
orthonormal basis of H(K ), and (iii) the scaled RKHS is

[ee) (o) 2
H(K.0)= {f =3 b W= 3 2 < oo}, (3.2)
n=1 n=1 "

where convergence is pointwise, and for any f = 3 | fudn and g = 3.7 | gndn in H(Kp ¢) its inner
product is

an

(F-8)kno=, Jngn (3.3)
n=1

(o8]

Proof. By the Cauchy—Schwarz inequality and 37", anén (1)* < coforevery t €T,

00 00 1/2 , o 1/2
D landn(Dgn(t)] < (Zan«zsn(tf) (Zanasn(r')z) <o
n=1 n=1 n=1
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for any ¢t,¢t’ € T. This proves that the scaled kernel in (3.1) is well-defined via an absolutely conver-
gent series. To verify that K4 ¢ is positive-semidefinite, note that, for any N > 1, ay,...,ay € R, and
t,..., AN €T,

N N © N N oo N 2
Z ZaiajKA,cp(ti,tj) = Z an Z Zaiaj¢n(fi)¢n(tj) = Z a’n( Zai¢n(ti))
i=1 =1 n=l i=lj=1 n=l Vizl

is non-negative because each «;, is positive. Because

[se]

o sl 1/2 1/2
Z|fnm¢>n<r)|s(2fi) (Zan¢n(r>2) <oo forevery re7
n=1 n=1 n=1

if 3 fn2 < oo, the space defined in (3.2) and (3.3) is a Hilbert space of functions with an orthonormal

n=1
basis (van¢n),_,- Since Ka,o(t,1") = Yot Anén(t)pn(t’), the scaled kernel is the unique reproducing
kernel of this space [e.g., 25, Theorem 9]. O

A scaled RKHS depends on the ordering of the orthonormal basis of H(K) used to construct it. For
example, let @ = (¢,);-_, be an orthonormal basis of H(K) and suppose that a;, = n defines a ®-scaling
of H(K). Define another ordered orthonormal basis ¥ = (), by setting ¥2,,41 = ¢pon for n > 0
and interleaving the remaining ¢, to produce ¥ = (¢1,$3, P2, P5, Pa, P, P8, $7, P16, - - ). The function
f=2m ot = X0 fo.ndn isin H(K4 o) because

[se]

& fo 1
Il =D, 2= oo <00
A.® ap on
n=1 n=0

but not in H(Ka,y) because f =3 ¢on = 3> (¥onr1 = X" fe,nfn and therefore

©
I, =D
n=1

2 0

Y.n 1
:ZznzOO

(047} =0 n

In practice, the orthonormal basis usually has a natural ordering. For instance, the decreasing eigenval-
ues specify an ordering for a basis obtained from Mercer’s theorem (see Section 2) or the basis may
have a polynomial factor, the degree of which specifies an ordering (see the kernels in Sections 5.2
and 5.3).

The following results compare sizes of scaled RKHSs: the faster @, grows, the larger the RKHS
H(K4.0) is. A number of additional properties between scaled RKHSs can be proved in a similar
manner but are not needed in the developments of this article. Some of the below results or their
variants can be found in the literature. In particular, see [42, Section 6] and [43, Section 4] for a version
of Proposition 3.5 and some additional results.

Proposition 3.3. Let ® =(¢,),_| be an orthonormal basis of H(K) and A = (an);,_, and B = (Bn);,_,
two ®-scalings of H(K). Then H(Kp.o0) C H(Ka,0) if and only if B, < ay. In particular, H(K) C
H(K4.0) if and only if inf,>1 @, > 0.

Proof. If 8, < ay, then forany f = 3> | f.¢, € H(Kp o) we have

2 Ja Bn fu 2 Bn
= — = — —< sup — < oo, 34)
”‘f”KA,lD ,?:1 o ”f”KB,q, nzli o (

=l an Pn n
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Consequently, H(Kp o) C H(Ka,0). Suppose then that H(Kp o) C H(K 4 ¢) and assume to the contrary
that sup,,5; @,'Bx = o so that there is a subsequence (nm),,_, such that “;,L Bn,, =2™. Then f =

2 272\ B, bn,, € H(Kp.0) \ H(Ka o) since

0 2 0 0
IIfIIiB,q,:Z(%) ﬁi = 2" =1but £, , = szﬁn zz

m=1 m=1 m m=1

which contradicts the assumption that H(Kp o) € H(Ka,0). Thus sup,.; a;, 18, < co. The second
statement follows by setting 8, = 1 for every n € N and noting that then H(Kp ¢) = H(K). O

Two normed spaces F and G are said to be norm-equivalent if they are equal as sets and if there exist
positive constants Cy and C, such that Cy || f||r < ||fllg < C2 || f]| for all f € F. From (3.4) it follows
that H(K.¢) and H(Kp, o) are norm-equivalent if and only if ¢, < B,.

Corollary 3.4. Let ® = (¢y),>_, be an orthonormal basis of H(K) and A = (ay);_, and B = (Bn);_,
two O-scalings of H(K). Then H(K s ,0) and H(Kp o) are norm-equivalent if and only if an < fBp.

Proposition 3.5. Let ® = (¢y,),_, be an orthonormal basis of H(K) and A = (an),,_, and B = (Bn);,_,
two ®-scalings of H(K). Then H(Kg,0) C H(K4,0) if and only if sup,, - @B, =0 and B, < ay.

Proof. Assume first that sup,,.; .3, I = o and Bn = a,. Since B, < a,, Proposition 3.3 yields
H(Kp,0) C H(Ka,0). Thus H(Kp,p) is a proper subset of H(Ka.¢) if H(Ka,¢) is not a subset of
H(Kp,0). But, again by Proposition 3.3, H(Ka,¢) C H(Kp,¢) if and only if @, < §8,, which contra-
dicts the assumption that sup,, .| @,f3,! = 0. Hence H(Kp o) is a proper subset of H(Ka o).

Assume then that H(Kp o) C H(K4 0). Then 8, < @, by Proposition 3.3. If sup,, . ; anﬁgl = oo did
not hold, there would exist C > 0 such that @, < CB,, for all n € N, which is to say @, < 3,. But by
Proposition 3.3 this would imply that H(K4 o) C H(Kp, @), which would contradict the assumption that
H(Kp o) is a proper subset of H(K4_¢). This completes the proof. O

Remark 3.6. Let H(R) be another separable RKHS of functions on 7. The RKHSs H(K) and H(R)
are simultaneously diagonalisable if there exists an orthonormal basis (¢n);_, of H(K) which is an
orthogonal basis of H(R). That is, (||¢x |l ¢");o: | 1s an orthonormal basis of H(R) and consequently
H(R) = H(K4,) for the scaling with @, = ||¢n||1_e2-

We conclude this section by demonstrating that scaled RKHSs generalise powers of RKHSs. We
say that a @-scaling Ay, = (ay),._, of H(K) is p-hyperharmonic if a, = n® for some p > 0. The RKHS
H(Ka, o) is a p-hyperharmonic scaled RKHS. Recall from Section 2 that if 7' is a compact metric
space, K is continuous on 7' X T, and v is a finite and strictly positive Borel measure on 7', then the
integral operator in (2.1) has eigenfunctions (»),_, and decreasing positive eigenvalues (4,);_, and
Y= (\/_zpn | 1s an orthonormal basis of H(K). For 6 > 0 the kernel K@ (¢,’) = Ty /l‘)zpn(t)z//n(t/)
is the 0th power of K and its RKHS H(K?) the 6th power of H(K). These objects are well-defined if
30 A%0n(t) < oo for all t € T. We immediately recognise that K@ equals the scaled kernel K4  for
the scaling A = (4971)™_ because

Kaw(t,t) = ) A0 i@t = 3 A5un(Wn(t)) = KO 1,1").
n=1 n=1
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Polynomially decaying eigenvalues (4, < n™? for some p > 0) are an important special case. For ex-
ample, this holds with p = —2s/d if T c R and H(K) is norm-equivalent to the Sobolev space W3(T)
for s > d/2 [36, p. 370]. If A,, < n™P and p = p(1 — ), the p-hyperharmonic scaled RKHS is norm-
equivalent to the power RKHS H(K?) by Corollary 3.4 since n° A, < n~ =< 29.

4. Sample path properties

This section contains the main results of the article. First, we consider a specialisation to scaled RKHSs
of a theorem originally proved by Driscoll [9] and later generalised by Lukic and Beder [24]. Then we
define general sample support sets and characterise them for o--algebras generated by scalings of H(K).

4.1. Domination and generalised Driscoll’s theorem for scaled RKHSs

A kernel R on T dominates K if H(K) c H(R). In this case there exists [24, Theorem 1.1] a unique
linear operator L: H(R) — H(K), called the dominance operator, whose range is contained in H(K)
and which satisfies (f,g)r = (Lf,g)k for all f € H(R) and g € H(K). The dominance is said to be
nuclear, denoted R > K, if H(R) is separable and the operator L is nuclear, which is to say that

(L) = ) (Linsthn)g < o0 (@.1)
n=1

for any orthonormal basis (), of H (R).3

Define the pseudometric dg(t,’) = ||R(-,t) = R(-,t')||g = YR(t,t) = 2R(t,t') + R(¢’,t’) on T. If R
is positive-definite, dr is a metric. However, positive-definiteness is not necessary for dr to be a
metric. For example, the Brownian motion kernel R(#,t") = min{t,#’} on T = [0,1] is only positive-
semidefinite because R(z,0) = 0 for every ¢ € T but nevertheless yields a metric because dg(t,t’) =
\/t —2min{t,#’} + ¢’ vanishes if and only if r = #’. See [24, Section 4] for more properties of dg. Injec-
tivity of the mapping ¢ — R(-,t) is equivalent to dr being a metric.

By the following theorem, a special case of the zero-one law of Kallianpur [15,21] and a gen-
eralisation by Luki¢ and Beder [24, Theorem 7.5] of an earlier result by Driscoll [9, Theorem 3],
the nuclear dominance condition determines whether or not the samples of a Gaussian process
(X(®)ter ~ GP(0,K) lie in H(R). In particular, the probability of them being in H(R) is always ei-
ther one or zero.

Theorem 4.1 (Generalised Driscoll’s Theorem). Let R be a continuous kernel on T X T with separa-
ble RKHS and (X(t))rer ~ GP(0,K). If dr is a metric, then either

P[X€H(R)| =0 and R¥»K or P|X€HR)| =1 and R>K.
Proof. Theorem 7.5 in [24] is otherwise identical except that R is not assumed dr-continuous and the
samples of X are assumed dg-continuous. However, when R is dr-continuous, dr-continuity of the

samples, which one of our standing assumptions, implies their dg-continuity. O

Summability of the reciprocal scaling coefficients controls whether or not a scaled RKHS contains
the sample paths.

3A change of basis shows that tr(L) does not depend on the orthonormal basis.
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Lemma 4.2. Let ® = (¢,);_, be an orthonormal basis of H(K) and A = (ap);_ a ®-scaling of H(K).
Let R = K4 0. If dk is a metric, then so is dg.

Proof. Because di is a metric, dx (t,1')? = K(1,1)-2K(t,t")+K(t',t") = Sy [dn(t) - ¢, (t")]? vanishes
if and only if # = ¢’. Since dg(t,t')* = Yoy Unlpn(t) - #,(t")]? and a,, are positive, we conclude that
dr(t,t’)=0if and only if = #'. O

Theorem 4.3. Let ® = (¢n), | be an orthonormal basis of H(K), A = (an);_, a ®-scaling of H(K),
and (X(t))ier ~ GP(0,K). If K0 is continuous and di is a metric, then either

o 1 !
P[X € HKag)| =0 and » —=c0 or P[XeH(Kao)| =1 and Z — < oo,
ap n

n=1 n=1
Proof. Assume first that the scaling is such that H(K) ¢ H(Ka, ). It is easy to verify using Propo-
sition 3.2 that the dominance operator L: H(Ka,¢) — H(K)is givenby Lf = 3~ frnay ¢, for any
f =201 fnpn € H(Ka,0). Because (v/an¢n),_, is an orthonormal basis of H(Ka ) and L(vay¢n) =
1/+/a,, the nuclear dominance condition (4.1) is

(o)

[s+] [s+] 1
(L) = ) (V@ LbnNWndn) g, o= D ()K= D —
n=1 n=1

0%
n=1""

and the claim follows from Theorem 4.1 since Lemma 4.2 guarantees that dg for R = K4 ¢ is a metric.
Assume then that H(K) ¢ H(Ka, ). It is trivial that K4 ¢ > K. Thus P[X € H(K4,¢0)] = 0. If we had
%, ;! < oo, then it would necessarily hold that sup,,5 | @, < co and consequently H(K) C H(Ka,o)
by Proposition 3.3, which is a contradiction. Therefore 3> | @, = 0. ([

4.2. Sample support sets

Theorems 4.1 and 4.3 motivate us to define the sample support set of a Gaussian process with respect
to a collection of kernels as the largest set on the “boundary” between their induced RKHSs of prob-
abilities one and zero. Let R be a collection of continuous kernels R on T for which dg is a metric
and H(R) the corresponding set of RKHSs. Every element of H(R) is a subset of C(T'). By the gener-
alised Driscoll’s theorem each element of H(R) has ux-measure one or zero, depending on the nuclear
dominance condition. Define the disjoint sets

R(K)={ReR:R>K} and Ry(K)={ReR:R>» K}

which partition R. We assume that both R (K) and Ry(K) are non-empty and introduce the notion of a
sample support set.

Definition 4.4 (Sample support set). Let S(R) = o(H(R)) be the o-algebra generated by H(R). The
sample support set, Sp(K), of the Gaussian process (X(t));er ~ GP(0,K) with respect to R is the
largest subset of C(T') such that Sy (K) c H for every H € S(R) such that ux(H) = 1.

Proposition 4.5. It holds that

sw(K)=" () HERO\ |J HR)). 42)

R]E‘R](K) R()E‘R()(K)
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Proof. Suppose that there is f € Si(K) which is not contained in the set on the right-hand side
of (4.2). That is, we have either f ¢ Ng, ex,(k)H(R1) or f € Ug exykx)H(Ro). In the former case
there is Ry € M (K) such that f ¢ H(R;). But because ux(H(R;)) =1 and Sg(K) c H(R;) by def-
inition, this violates the assumption that f € Si(K). In the latter case there is Ry € Ro(K) such
that f € H(Ry). As ux(H(Ry)) = 0, we have for any Ry € R; that ux(H(R;)\ H(Ry))=1. But
since f ¢ H(R;) \ H(Ry), the assumption that f € Sy(K) is again violated and we conclude that
S(K) € MR, en; (k) H(R1) \ URryeo(x)H (Ro).

Since all elements of H(R) are either of measure zero or one, so are those of S(R). It is therefore
clear that Ng, ex,(k)H(R1) \ Ur,en,(k)H(Ro) is contained in every H € S(R) such that ux(H) = 1.
Consequently, Ng, e, (k)H(R1) \ Uryexo(x)H (Ro) C Si(K). This concludes the proof. O

The sample support set is the largest set which is contained in every set of probability one under the
law of X that can be expressed in terms of countably many elementary set operations of the RKHSs
H(R) for R € R. The larger R is, the more precisely Si(K) describes the samples of X. But there is
an important caveat. If R is countable, the sample support set is in the o-algebra B, defined in (1.3),
and has uy-measure one. However, when R is uncountable and does not contain countable subsets
R{(K) € Ry (K) and R((K) € Ro(K) such that

() H®R)= () HR) and | ] HER)= [] HR).

R1€‘R1(K) Ry E‘R’l (K) RQE‘R()(K) R()E‘.R(’)(K)

it cannot be easily determined if Si(K) is an element of 8.

We are mainly interested in sample support sets with respect to R which consist of all scaled kernels
(and will in Theorem 4.8 characterise this set). It is nevertheless conceivable that one may want to or
be forced to work with less rich set of kernels—scaled or not—and with such an eventuality in mind
we have introduced the more general concept of a sample support set. If R is a collection of scaled
kernels, the sample support set takes a substantially more concrete form. For this purpose we introduce
the concept an approximately constant sequence, which is inspired by the results collected in [19, § 41].

Definition 4.6 (Approximately constant sequence). Let X be a collection of non-negative sequences.
A non-negative sequence (an);”_, is said to be Z-approximately constant if for every (b,),"_, €  the
series 3, | b, and 3. | a, by either both converge or diverge.

We mention two properties of approximately constant sequences: (i) If (an),_, and (ay);_, are
two Z-approximately constant sequences, then so is their sum. (ii) The larger X is, the fewer Z-
approximately sequences there are. That is, if £; and Z; are two collections of non-negative sequences
such that X; C X, then a non-negative sequence is X-approximately constant if it is X -approximately
constant.

For the RKHS H(K) and any of its orthonormal basis ® = (¢,),", we let R(Z,P) denote the set
of all functions f = ¥ | fu#, such that the series converges pointwise on 7 and ( f,%);’l"zl is a -
approximately constant sequence. The following theorem provides a crucial connection between sam-
ple support sets with respect to scaled kernels and functions defined as orthonormal expansions with
approximately constant coefficients.

Theorem 4.7. Let © = (¢n),_, be an orthonormal basis of H(K) and Z¢ a collection of ®-scalings of
H(K) such that the corresponding scaled kernels are continuous. Suppose that di is a metric and let
R = {KA,(D tAe qu}. Then Sm(K) = R(Zcp,(b).
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Proof. Note first that, by Lemma 4.2, dr is a metric for every R € R. Because every scaling of H(K)
has an orthonormal basis that is a scaled version of (¢,)°_ |, every f € Sy(K) can be written as f =
Yoy Jn¢n for some real coefficients f;,. Let X1(K) and EO(K ) stand for the collections of (@), | € Zo
such that 37> ;! < co and P ;! = oo, respectively. Then, by Theorem 4.3, K4 ¢ € R;(K) if
AeX(K)and K4 0 € Ro(K) if A € Zo(K). Because, by definition, Sy(K) € H(Ka,p) forany A € X1 (K)
and S (K) N H(Ka,0) = & for any A € Zo(K) it follows that for every f € Sg(K) and any (ay),_| € Zo
we have

Z @ < and a < Z:: @ ,; a .

n=1 n=1

S0

That is, ( fn | 1s a Zo-approximately constant sequence and thus Sg(K) C R(Zg,P). Conversely, if
fe R(E(D,CD) then f € H(Ka,p) for every A € X1(K) and f ¢ H(Ka o) for every A € Zy(K). Hence
f € Sx(K) and thus Sg(K) = R(Zep, D). U

Next we use Theorem 4.7 to describe the sample support set more concretely.

4.3. Sample support sets for scaled RKHSs

Let X be the set of all positive sequences. Then the collection of Z-approximately constant sequences
is precisely the collection of non-negative sequences (a,);, such that

liminfa, >0 and supa, < oo. 4.3)

For suppose that there existed a X-approximately constant sequence (an);,_, that violated (4.3). If
liminf, e a, = 0, then there is a subsequence (ay,, );’221 such that a,,, <27 for all m € N. Let

(bn);'l":1 € X be a sequence such that b,, = 2‘”a,‘11 forn ¢ (nm);:1 and b, = 1 form e N. Then 37 | b,
diverges but

3 anb, = anb, + 3 an, b, < 27"+ 3 27m
2 2 D b <) 2
m=

=1 né(nm),, _| m=1 né(mm),,

3

which contradicts the assumption that (a,);_, is a Z-approximately constant sequence. A similar argu-
ment (with a,,, > 2™, b, =27", and b,,, =27") shows the second condition in (4.3) cannot be vio-
lated either; thus every Z-approximately constant sequence satisfies (4.3). A sequence satisfying (4.3) is
trivially Z-approximately constant because the conditions imply the existence of constants 0 < ¢ < ¢
such that ¢ < a, < ¢ for all sufficiently large n. This, together with Theorem 4.7, yields the following
theorem which we consider the main result of this article. The full proof is more complicated than the
above argument as we cannot assume that every positive sequence is a scaling of H(K).

Theorem 4.8. Let © = (¢,),_, be an orthonormal basis of H(K) and suppose that there is a ®-scaling
A =(an),,_, of H(K) such that oy a',_ll < o0 and K4 ¢ is continuous. Let Z¢ be the collection of ©-
scalings of H(K) such that the corresponding scaled kernels are continuous. Suppose that dg is a
metric and let R = {Ka,¢ : A € Z¢}. Then Sx(K) is non-empty and consists precisely of the functions

f =201 fadn such that
liminf f7 >0 and sup f; < co. 4.4)

n—eo n>1



Small sample spaces for Gaussian processes 887

Proof. By Theorem 4.7, Sp(K) = R(Zp,®) and the assumption that there is a scaling A = (ay);_
of H(K) such that 3’ I < oo implies that R(Zq, D) is non-empty. Hence we have to show that
functions in R(Ze,®) satisfy (4.4). Suppose that there is a function f =" | f.¢, € R(Zp, D) that
violates (4.4). If sup,,; 2 = oo, then there is a subsequence ( fnzm oy such that fnzm > 2™ for all

m € N. Define a sequence B = (f,),_, by setting By, =2" < fnzm for m such that fn2m < ap,, and
Bn = a; for all other n. Then B is a ®-scaling of H(K) since B, < @, and

oo (o) o0
DI AEDIARD I
n=1 n=1 m=1

Moreover, Proposition 3.3 implies that H(Kp.¢) C H(K,¢) and it thus follows from the continuity of
Ka,0 that Kp ¢ is continuous, so that B € X¢. However,

P 12 Fr Sr
PRI DI AP .

nef(nm)z:1 meN meN

fnzm 2, fnzm <n;,
2 2 2
_ o, D S D Joim
o} m
né(nm)_ meN m meN
- S 2, fr% <Qn,,
2
> In oy Z 1+ Z 1
ne(nm)%_, an meN meN
fan 2Qn,y, fnm <@n;,
i~
= S Z 1
n¢(nm) " m=1
=

which contradicts the assumption that (f? ney 1s Zo-approximately constant. On the other hand, if
liminf, .« f2 = 0, then there is a subsequence (f;,,, ~_, such that [} <27 for all meN. The
sequence B = (B,),_, defined as 3,,, =1 for m € N and 3, = a, f? for other n is a ®-scaling of H(K)
and Kp ¢ € Zo because we have proved that sup,, f2 < co. Clearly Yoy B !'= 0o but

> f2 f 1 D
25" X 5 Zﬁnm 2, it >

n¢("m)c:1,1 n¢("m):‘;l:1
which again contradicts the assumption that ( fn2 - | 1s Zop-approximately constant. O

Recall from Section 3 that a scaled RKHS depends on the ordering of the orthonormal basis of
H(K). However, the sample support set of Theorem 4.8 does not depend on the ordering because the
characterisation (4.4) is invariant to permutations. That is, let 7: N — N be any permutation. Then

f =20 Jabn = 2| fr(n)Pr(n) butitis clear that

sup f2 = sup fn(n) and  limjinf 2= lim inf fﬁ(n),

n>1

so that which of the bases (¢n);_ | and (¢ (), the function f is expanded in does not matter.
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Theorem 4.11 below demonstrates that the sample support set of Theorem 4.8 cannot be expressed
in terms of countably many elementary set operations of scaled RKHSs—and thus could be non-
measurable. The reason for this is that there does not exist a useful notion of a boundary between
convergent and divergent series, a result which is partially contained in Lemma 4.10. The lemma is a
modified version of a result originally due to du Bois-Reymund and Hadamard [19, pp. 301-302]. In
its proof a classical result by Dini [19, p. 293] is needed.

Lemma 4.9 (Dini). Let (ay,);_, be a positive sequence such that Yoy Gy < 00 and set

’
ai’l

an = —=—1—-
)

Then lim,,o(a},) " a, = oo and the series Yooy an converges if and only if 0 < ¢ < 1.

Lemma 4.10. For each m € N, suppose that (am.n);._, is a positive sequence such that 3.7°_,  n < co.
Then there is a positive sequence (ay),._, such that

[e+]

Zan<oo and  lim

n—eo Ay n

=oo foreverymeN.

n=1

Proof. For each m € N, define the sequence (@m,n);,_, by setting @, n = 221:1 ay . Therefore a,, , <
Amitn and X0 Gmon = 24y Xy Ak,n < oo for every m. Consequently, there is a strictly increasing
sequence (1), _, such that 37, G, < 27™ for every m > 2. Set a;, = a;,, when n < n and a;, =
am,n When ny, < n < npyy form>2. Then

0 np—1 00 M-l 0 00
Sa= S a5 e S 5o e
n=1 n=1 m=2 N=nm n=1 m=2

and, because Gy, < Am+1,n A0 @ = A, We have ay, > am,n 2 am,, for all m and n > ny,. Finally,
selecting a, = ap, /(X72, a; )1/2 yields, by Lemma 4.9, a convergent series such that

a a o -1/2
. n . n .
lim > lim — = lim E a, =00
n—0 Ay n n—o g, n—oo £

, -

for every m € N. This proves the claim. ([

Theorem 4.11. Let ® = (¢,);_, be an orthonormal basis of H(K) and suppose that there is a ®-
scaling A = (ay);_, of H(K) such that 3., ;! < 0o and K¢ is continuous. Let L be the collection
®-scalings of H(K) such that the corresponding scaled kernels are continuous. Suppose that dg is
a metric and let R = {Ka,0 : A € Zo}. For each m €N, let Ay = (am,n),,_y and By = (Bm.n),._, be
elements of X such that

- S|
; <oo and ;ﬂm’nzoo.

If (X())rer ~ GP(0,K), then there exists F € B such that ux(F) =1 and

Am,n

Sn(K) S F & () HKa,0)\ ) H(Kg,, 0).

m=1 m=1
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Proof. By Lemma 4.10, there is a positive sequence A" = (ay,),"”_, such that

o 1
Z — <oco and lim am,’n =oco forevery meN.
n=1 In "o
By Proposition 3.5, H(Ka',0) € H(Ka,, o) for every m. Therefore H(Kar,0) € N,,_,; H(K4,,,0)- Using
Lemma 4.9 and Proposition 3.5 we can construct a ®-scaling A = (@), such that 3 | @, I < coand
H(K4.0) C H(Ka.@). By Theorem 4.3, the set

F=H(Kaop)\ U H(Kp,, o) C ﬂ H(Ka,, o)\ U H(Kp,, o)
m=1 m=1 m=1

is of ux-measure one and thus Si(K) C F by definition. But Proposition 3.5 can be used again to
construct a set F/ C F such that Sg(K) c F’. Hence Sx(K) C F. This completes the proof. O

In Theorem 4.11 the set F was constructed by finding a scaled RKHS which is smaller than each
H(Ka4,, o) while still containing the sample set. A natural question is if we can also construct a scaled
RKHS that contains each H(Kp,, ) but not the sample support set. Although Lemma 4.10 has a
counterpart for divergent series, it seems difficult to guarantee that the resulting sequence is a scaling.
Namely, it can be shown that if (8,»);,_, in Theorem 4.11 are such that limy,—co Bm,n/Bm+1,n = 0 for
every m € N, then there exists B = (f,),,_, such that Yoy B !'= 0o and limy, e Bm.n/Bn =0 for every
m € N. Although there is a ®-scaling of H(K) such that 3\ | @, ! < oo, the divergence of I B!
does not have to imply that B is a ®@-scaling because a divergent series can have terms arbitrarily
larger than those of a convergent series [19, p. 303]: there is a positive sequence (yn);”_, such that
pIN y; ! < oo and liminfy, e 5 /By = 0. If (¥n)y- is a @-scaling of H(K), we cannot directly deduce
that so is B because §,, <y, fails.

4.4. On monotonely scaled RKHSs

A scaling A = (ap);,_, is monotone if (ay);”_, is a monotone sequence. In this section we demonstrate
that the characterisation (4.4) fails if only monotone scalings are permitted. Let Xy, be the collection of
monotone ®-scalings of H(K) and Ry the collection of corresponding scaled kernels. Then the sample
support set Sy, (K) is strictly larger than the sample support set Si(K) characterised by Theorem 4.8
because, as we show below, a Xy -approximately constant sequence can be unbounded, as long as it
does not grow too rapidly, and contain arbitrarily long sequences of zeros.

Let (gm),,_, be astrictly increasing sequence of positive integers and set ag,, = gm+1 — gm form =0
and a,, = 0 otherwise. Then

Z anb, = Z(gmﬂ - gm)bgm 4.5)
n=1 m=0

for any sequence (by);,_,. Schlomilch’s generalisation of the Cauchy condensation test [19, p. 121]
implies that, under the assumption g,,+1 — gm < C(gm — gm—1) for some C > 0 and all m > 1, for any
non-increasing positive sequence (b,)>_ | the series " by and ¥ _(&m+1 — &m)byg,, €ither both
converge or diverge. That (a,);,_, is Zy-approximately constant follows then from (4.5). The condition
8m+1 — &n < C(gm — m-1), or equivalently ag, < Cag, |, guarantees that ag,, does not grow too fast
in relation to g,,. The canonical example is obtained by setting g, = 2™ so that apm =2 and C =2
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and 3% (&m+1 = &m)bg,, = 25— 2" bam converges or diverges with 3 | b, by the standard Cauchy
condensation test. Note that, because

1R L=80 _ gmsl (1 +0)
8m = Em 8m 8m 8m
and
-1 k -1
the elements of the sequence (an)n:1 are, on average, constants:
1< 1 <
l}vrrggfﬁzan=1 and ;u>lalﬁz;ansl+C.
n= n=

This can be interpreted as a weaker form of (4.4).

Although X, contains unbounded sequences and sequences with zero lower limit, no sequence in
this set can have infinity or zero as its limit. This can be shown by using results in [19, § 41] which,
given a sequence such that limy,—, an = 0, guarantee the existence of a monotone sequence (c);,_,
such that 3 | ¢, <cobut 3, | anc, = co. Conversely, given a sequence such that lim,,,c a, = 0 it is
possible to construct a monotone sequence (dp,),_, such that 37 | d, = co but 3.7 | andy < 0.

4.5. On hyperharmonic scalings and iterated logarithms

We conclude this section with two general constructions before moving onto concrete examples. Recall
from Section 3 that scalings of the form A, = (n”)> | for any p > 0 are called hyperharmonic scalings.
Because > , nP < co if and only if p > 1, Theorem 4.3 implies that P[X € H(Ka, q;)] =lifp>1
and ]P’[X € H(KAp,q))] 0if p < 1. Therefore the samples are “almost” contained in H(K4, o), while
H(K4,,..0)is a “small” RKHS which contains the samples for any “small” & > 0. Thus the sample
support set in Theorem 4.11 satisfies

Sw(K) G (| H(Ka,,,.0)\ H(Ka, o),
k=1

where the set on the right-hand side is in 8 and has ux-measure one. But Theorem 4.11 also guarantees
the existence of a set F' € 8 which is a proper subset of (1, H(Ka,,, o)\ H(Ka, o) while having
px-measure one. One such set is F = H(Ka.0) \ H(Ka’,0) for the scalings A = (an)"" and A’ =
(@), defined by a;, = nlog(n + 1)? and @, =nlog(n + 1). This is because 3 I converges but
anl(an) ! does not and

P 1 +1
lim — = o for any p>1 and lim nognT ogn+ 1) = o0,
n—oo nlog(n + 1)2 n—oo n

which by Proposition 3.5 imply that H(Ka,¢) € N, H(KAHI/k,CD) and H(K4, ,0) C H(Ka,0).
But one can construct even smaller measurable sets which contain the samples by the use of iterated
logarithms. The iterated logarithm log,, x is defined recursively as log,, x = log(log,,_; x) for p € N and
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log) x = x. Let p € Ny and suppose that g > 0 is large enough that log ,(1 + g) is positive. For any p > 1,
define Ajog(p) = (an);,_; by an = (n +q)log(n+q)X---xlog,_;(n+g)log,(n+q)’ and Ajog = (ay,);_,

-1

by a;, = (n+q)log(n+q) X --- xlog,_(n + g)log,(n + q). It can be proved that Yoy @ < oo but

220:1(";;)_1 =00 [19, pp. 123, 280, 293]. Moreover,

lim nlog(n +1)? _
n—o (n+ q)log(n+q) X -+~ xlog,_i(n+q)log,(n+q)° B

and

y (n+q)log(n+q)x---Xxlog,_;(n+q)log,(n+q)
m =
n—o0 nlog(n+1)

if p > 2. Therefore iterated logarithms can be used to construct sets of ux-measure one which are
smaller than the set F' above. But Theorem 4.11 again demonstrates that for any set of ux-measure
one constructed out of scalings Ajyg(,) and Ajyg there is a smaller set which still has measure one (and
which contains the sample support set).

5. Examples

This section contains examples of kernels to which Theorem 4.3 can be applied to construct “small”
RKHSs that contain the samples and “slightly smaller” RKHSs that do not. For simplicity we let the
domain T be a finite interval on the real line and occasionally index the orthonormal bases starting from
zero. Note that to use our results one needs to have access to an orthonormal expansion of the kernel.
This rules out examples involving the popular Matérn kernels because, to the best of our knowledge,
no orthonormal expansions have been computed for these kernels. Previous results based on powers of
RKHSs and convolution kernels are easier to apply in this regard, but are less flexible and expressive.
See [17, Section 4.4] and [36] and for examples featuring powers of RKHSs (in particular for Sobolev
kernels and the Gaussian kernel) and [11, Appendices A.2 and A.3] for convolution kernel examples.
Lukié [23] has examples involving integrated kernels.

5.1. Iterated Brownian bridge kernels

Let T = [0, 1] and consider the iterated Brownian bridge kernel of integer order s > 2 [4, Section 4.1]:

Ko == 3 sinbm)sinan’) _ Z Du(D)n(t") 5.1)

ns
n=1

where ¢,,(1) = V2(n)~5/2 sin(znt). One can show that for even parameters the kernel is

t—t t+t
o5 55

where B, is the Bernoulli polynomial of degree p. For s =2 we obtain the Brownian bridge kernel
K2(t,t’) = min{t,t’} —tt’. For s > 1 and fixed ¢’ € [0, 1] the even-order translates K>*(-,1’) are piecewise
polynomials of order 2s — 1.

KZS "N _ 15~ 1223_1
)= (=) s

s
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Figure 1. Translates (left) and their second derivatives (right) at ¢ = 0.3 of the kernel K* and its three translates

o and K /SA o for s =4. The second derivatives have been scaled so as to have —1 as their minimum.
The scaled kernels were computed by truncating the series after 5,000 terms.
Iterated Brownian bridge kernels are natural candidates for hyperharmonic scalings because the p-
hyperharmonic scaling A, = (n°);>_ for p € N such that p < s — 2 gives

2 © 1
s A S—p ’
KAP’Q)(t,t )= prs E _,er (t.1"). (5.2)
By Theorem 4.3, samples of (X(¢));er ~ GP(0,K*) are in the RKHS of this kernel for any such p > 2

sin(znt)sin(mnt’)

. . 1 . .
because };° , n™¥ < co whenever p > 1. From the identity 2 fo sin(zrnt) sin(zrmt) dt = 85, we see that
the Mercer expansion with respect to the Lebesgue measure on [0, 1] of K¥ is

ns—p
n=1

K00 = " At OWn(t') with 1, = —
n=1

and Y, (1) = V2 sin(rrnt).
(mn)*

Therefore the 6th power of H(K®), with 8§ =1 — p/s, equals H(K Zp’q)) as a set. In this case the power
RKHS is recovered as an instance of a scaled RKHS. We can also consider logarithmic scalings (recall
Section 4.5), which do not correspond to power RKHSs, such as A = (@y,);_, for @, = nlog(n + 1) and
A" = (ay),_, for a;, =nlog(n + 1). These yield the scaled kernels

. 2 < sin(znt) sin(znt’)
N n_ =

KA’(D(t,t )= pr Z

and

s—1
n=1 n

log(n + 1)?

(5.3)

, 2 < sin(znt) sin(znt’)

KZ/,q)(l‘,l‘ ) = F Z ns—_] lOg(I’l + 1), (54)
n=1

which do not appear to have closed form expressions. Because >, 1/(nlog(n + 1)?) < o but

2imey 1/(nlog(n + 1)) = oo the samples from (X())rer ~ GP(0,K*) are located in H(K? ) but not

in H(K3, o)-

A,
Translates at 7/ = 0.3 of the kernel K* in (5.1) and the scaled kernels th o0 (5.2), K3 4 in(5.3) and
K3, o in (5.4) are plotted in Figure 1 for s = 4. Also plotted are the second derivatives of the translates.
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As noted, the samples from (X(7));er ~ GP(0,K?) are in H(K, ) but not in H(K?, ) or H(K;;l o)
Moreover, ’ ’

H(K®) S H(K}, o) G H(KY o) C H(KS ) (5.5)

by Proposition 3.5. The second derivative of K*(-,¢") is Lipschitz while those of the scaled kernels are
less well-behaved, though nevertheless continuous. How the second derivatives behave is indicative of
the inclusions in (5.5): the larger the RKHS, the more severe the non-differentiability at r = 0.3.

5.2. Gaussian kernel

The ubiquitous Gaussian kernel with a length-scale parameter £ > 0 is

"N o_ (t B t,)z _ t2 (t,)2 - 1 nn
K(t,t )—exp(— Y7 ) —exp(— ﬁ) exp(— 72 ) ;52%!(” ) (5.6)

and the functions
1, 12
on(t) = {n—\/,ﬁt exp(— E) for n>0 (5.7)
form an orthonormal basis of its RKHS [25,38].

The easiest way to proceed is to consider hyperharmonic scalings A, = (n”);> ) for p > 0 with the
convention 0¥ = 1. Then

”n t2 + (tl)z - n "nn
Ka,o(t1") =exp (— — |+ ,Zf )" (5.8)

For p = 1 we get a simple analytic expression for the scaled kernel:

2 "2 r I\ n
KAl,cD(t,t')=exp(_ﬂ)(l+ 1 1 (tt ) )

202 2 Lant\ 2
n=0

B 2 +(1')? . 1’ 1’
=exXp|— 2—f2 + f—zexp 5—2 .

Since the harmonic series 3>, n~! is the prototypical example of an “almost” convergent series, we
can informally say that the RKHS of (5.9) is only slightly too small to contain samples of the Gaussian
process (X (1));er ~ GP(0,K) with covariance kernel (5.6). For a few larger values of p we have

(5.9)

2 72
Ka, o(t,t") =exp (— %) [1+(a+ az)exp(a)],
, 2+ () 2, 3
Ka,.o(tt") =exp (— 7) [1+(a+3a” +a’)exp(a)],

2+ (1')?

Yz ) [1 +(a+7d*+6a> +a* exp(a)] ,

Ka, o(t,t") = exp (—

where a = 11’/¢*>. By Theorem 4.3, the RKHSs of the above kernels contain the samples because
Yo nP < coif and only if p > 1.
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Figure 2. The translates at ¢/ = 1 of the Gaussian kernel K in (5.6), the kernels Ka,,@in(5.8) for p e {1,1.1,2},
and the kernel in (5.10) with 7 = 1.1. The length-scale is € = 0.8.

Another example can be constructed using the scaling A = (72");":0 for some 7 > 0. Then

(5.10)
n!

n=0

2 "2 ) 2.7\ 10 2 72 247

t t 1 1t t t tt

Ay S L) —exp _ra@)” T’y
202 £2 202 £2

Ka,o(1,") =exp (—

The RKHS of this kernel contains the samples if and only if 3.7 772" converges, which is equivalent
to 7 > 1. Since K4 ¢ equals the original kernel if 7 = 1, this class of scalings is not particularly expres-
sive. Because the Mercer eigenvalues of the Gaussian kernel have an exponential decay this example is
reminiscent (but more explicit) of the power RKHS consruction for the Gaussian kernel in Section 4.4
of Kanagawa et al. [17]. Observe also that with the selection £2 = (1 —r2)/r? and 7> = 1/r for r € (0,1)
the kernel equals the scaled Mehler kernel

P22+ () =2\ o "
r N _ _ — ) _ 4
KM(t9t )_exp 2(1 _rz) ) - 1 r r;) n‘Hn(t)HVl(t )5

where H,, is the nth probabilists’ Hermite polynomial. The RKHS of the Mehler kernel is analysed
in [14].

A few of the kernels mentioned above are shown in Figure 2. By Proposition 3.5, their RKHSs satisfy

H(K) C H(Ka,.0) S HKa,0) S H(Ka, 0) C H(Ka0)
p=1 p=1.1 p=2 A=(r2n)>

and the three largest of these contain the samples of (X(¢));er ~ GP(0,K). All the kernels are qualita-
tively quite similar, being all infinitely differentiable.

5.3. Power series kernels

A power series kernel [44,45] is a kernel of the form

(n!)?

K@t)=) Wn_ ey (5.11)
n=0

for positive coefficients w, such that the series converges for all 7,¢” € T. These kernels do not appear
have seen much use in the probabilistic setting, but are useful in functional analysis and approximation
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theory because, for particular choices of the coefficients, they reproduce important classical function
spaces. For instance, the selection w,, = (n!)? yields the Szegd kernel

K(tt') = Z(n )yt = (5.12)

-t

which converges as long as T € (=1, 1) and whose complex extension is the reproducing kernel of the
Hardy space H% on the unit disc. The exponential kernel

K(t,t') = Z %(rt’)" =exp(rt’), (5.13)

n=0

obtained by setting w;,, = n!, is power series kernel that is convergent on the whole real line.
From the expansion in (5.11) we see that the functions ¢,(t) = t"\/w;, /n! for n > 0 form an orthonor-
mal basis of H(K) and therefore a scaled kernel is

Kao(t,t) = Z a",v)vf iy,

which itself is a power series kernel. By Theorem 4.3 the samples from (X (¢));er ~ GP(0,K) are in
the RKHS of a different power series kernel

K(t t) Z y)2

For example, samples from a Gaussian process with the exponential covariance kernel (5.13) are in the
RKHS of the Szeg6 kernel (5.12) if T € (=1,1) because 3> o wn /Wy = 2. n!/(n!)? < co. Its samples
are not in the RKHS of the kernel

ifandonlyif  » " <co,
n=0 Wn

K(tt)—l-i-z ')Z(n ' =1+ 1" exp(tt’),

where wo = 1 and wy, = n!n for n > 1, because X" wu/Wp = 1+ 277 n~! = co. Note that this is

essentially the same example as the one for the Gaussian kernel that involved the kernel (5.9).

6. Application to maximum likelihood estimation

Gaussian processes are often used to model deterministic data-generating functions in, for example,
design of computer experiments [32] and probabilistic numerical computation [6,8]. In applications it
is typical that the covariance kernel has parameters, such as the length-scale parameter £ > 0 in (5.6),
which are estimated from the data. Maximum likelihood estimation is one of the most popular ap-
proaches to estimate the kernel parameters; see, for example, [31, Section 5.4.1] or [33, Chapter 3].
This section uses Theorem 4.3 to explain the behaviour of the maximum likelihood estimate of the
kernel scaling parameter that Xu and Stein [41] observed recently.

Let K: T x T — R be a positive-definite kernel and K, = c>K a kernel parametrised by a non-
negative scaling parameter o. Suppose that the data consist of evaluations of a function f: T — R at
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distinct points #1,...,fy € T and that f is modelled as a Gaussian process (X (1));er ~ GP(0,Ky). It
is easy to compute that the maximum likelihood estimate & y of o is (see the references above)

T -1
o = fNKNfN
fs N

where fy = (f(f1),..., f(ty)) € RN is a column vector and Ky € RVXW is the positive-definite covari-
ance matrix with elements (Ky);; = K(#;,t;). Suppose for a moment that f is a zero-mean Gaussian
process with covariance o'gK . Then

X Er[fKntn]  Ep[e(nf Ky  tr(ogKnKy)
Ef[a—f2,N]= NNN — NN N — ()N N :0_5'

This suggests that 67y ought to tend to a constant as N — oo if fis a deterministic function which is
“akin” to the samples of (X(¢));er ~ GP(0,K). Theorem 4.8 can be interpreted as saying that functions
of the form f =} | fu.¢, for coefficients f, which are bounded away from zero and infinity are akin

to the samples. For example, the function f(r) = exp(—t%/(2£?)) Yoot/ (€"Vn!) can be thought of as
a sample from a Gaussian process with the Gaussian covariance kernel in (5.6).

When H(K) is norm-equivalent to the Sobolev space W; *d] 2(T) on a suitable bounded domain 7' C

R4, Karvonen et al. [18] have used results from scattered data approximation literature to essentially
argue that the maximum likelihood estimate decays to zero if f is too regular to be a sample from X
and explodes if f is too irregular in the sense that, assuming the points #; cover T sufficiently uniformly,

1\}1m a'f,N =0 if f € WS(T) and A}lm a'f’N =00 if f c W{(T) \ Wg‘—g(T)

for any £ > 0 and r € (d/2,s — ). Recall from Section 2 that the samples are contained in W (T) if
and only if r < s. This suggests the conjecture that, for any kernels Ky, K;, and K, such that P[X €
H(K()]=0,P[X € HK})] =P[X € H(K>)] =1, and H(K;) € H(K}), it should hold that

]\}im a'f,N =0 if fEH(K()) and A}im a'f,N = oo if fEH(Kl)\H(Kz) 6.1)

under some assumptions on 7" and the points #;. We now show that the behaviour of 67 observed and
conjectured by Xu and Stein [41] when K is the Gaussian kernel in (5.6) and f is a monomial agrees
with this conjecture if the kernels K, K|, and K, are obtained via hyperharmonic scalings.

Let K be the Gaussian kernel in (5.6). Let T = [0,1] and consider the uniform points #; = i/N for
i=1,...,N.Xuand Stein [41] used explicit Cholesky decomposition formulae derived in [22] to prove
that, for certain positive constants C¢ o and Cy 1,

o7y ~CeoN~'? it f=1 and 1§5§ng—‘/2&}, N=Coy if f()=1
as N — oo. Furthermore, they conjectured that
G2y ~CopNP2 a5 N oo 6.2)

if f(¢)=1P for any p > 0 and a positive constant Cy 4 In particular, the conjecture (6.2) implies that
0,y — 01if f is a constant function and &¢ y — oo if f(¢) =t” for p € N. Xu and Stein [41, p. 142]

4As pointed out by Dette and Zhigljavsky [7, Section 4.1], it appears that the constant C¢ ), = €2P/(V27r(p +1/2)) in [41] is
erroneous. By truncating the expansion (6.3) after N terms one arrives, after some relatively straightforward computations, to
the conjecture that the constant is C j, =2 22 [(Vr(p + 1/2)).
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lacked an intuitive explanation for these findings. We employ a technique similar to that used in [25] to
demonstrate that this phenomenon can be explained by the conjecture in (6.1).
Any monomial of degree p € Ny can be written in terms of the orthonormal basis (5.7) as

2 2 ) 2n+p ,/(zn +
t t t P
tpzexp(ﬁ)tpexp(— —) = EOWGXP( 252) E ———————honp(1). (6.3)
n=

202

Let A = (ay);_, be a @-scaling of H(K). If the pth monomial is to be an element of the scaled RKHS
H(K 4 0) it must, by Proposition 3.2, hold that

1 @n+p)

2n+p 22"(n‘)2 6.4)

From Stirling’s formula and lim,, (1 + 217_n)2n =eP we get

(2)’1 +[7)! 1/27.1.(2,/1 +p)2n+p+1/2 e—(2n+p) 1 (Zl’l +p)2n+p+1/2
22n(p1)2 ~ 27020 2n+1 g—2n " Varep (2n)2nn

A
\2rep 2n n
L2 i

=

as n — oo. Therefore (6.4) holds if and only if Zn 19, nP~12 < 0o, If we constraint ourselves to

2n +
hyperharmonic scalings this is clearly equivalent to @, = n” for p > p+1/2. Butsince },° | n™ < oo if

and only if p > 1, it follows that (a) if p < 1/2, then f(¢) = ¢P is an element of a hyperharmomc scaled
RKHS H(Ka,¢) such that P[X € H(Ka,9)] =0 and (b) if p > 1/2, then f(t) = t” is an element of a
hyperharmonic scaled RKHS H(K4 ) if and only if P[X € H(Ka,0)] = 1. These observations and the
conjecture in (6.2) are compatible with our conjecture in (6.1):

e If f is a constant function, then &y n tends to zero as N — oo and, for A = (n°)}°_; and any
pe(1/2,1], f is an element of the RKHS H(Ky) = H(Ka,¢) which is of zero measure.

o If f(1) =1t” for p €N, then &¢ n tends to infinity (or is conjectured to) as N — oo. Let H(K{) =
H(Ka,0)and H(K;) = H(K o’,¢) for hyperharmonic scalings A = (n°) > and A” = (n7)’>_, where
p>p+1/2ando € (1,p + 1/2]. Then both H(K) and H(K>) are ofmeasure one and f € H(K)\
H(K>).

In other words, the constant function is too close to H(K), or too “regular”, to be a sample while
higher-order monomials are too far from H(K), or too “irregular”.
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