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Abstract

Goldman (2010) proved that the distribution of a stationary determinantal point process
(DPP) @ can be coupled with its reduced Palm version ®Y%! such that there exists a
point process 7 where ® = ®%' U 7 in distribution and ®*' Ny = @. The points
of 1 characterize the repulsive nature of a typical point of ®. In this paper we use the
first-moment measure of 1 to study the repulsive behavior of DPPs in high dimensions.
We show that many families of DPPs have the property that the total number of points
in  converges in probability to O as the space dimension n — co. We also prove that for
some DPPs, there exists an R* such that the decay of the first-moment measure of 7 is
slowest in a small annulus around the sphere of radius /n R*. This R* can be interpreted
as the asymptotic reach of repulsion of the DPP. Examples of classes of DPP models
exhibiting this behavior are presented and an application to high-dimensional Boolean
models is given.
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1. Introduction

Determinantal point processes (DPPs) are useful models for point patterns where the points
exhibit some repulsion from each other, resulting in a more regularly spaced pattern than
a Poisson point process. These models originally appeared in random matrix theory and
the formalism was introduced by Macchi [17], who was motivated by modeling Fermionic
particles in quantum mechanics. They have since been used in many applications; for example,
telecommunication networks, machine learning, and ecology; see [10], [12], [15], [16], and the
references therein. In this paper we describe the repulsive behavior of stationary and isotropic
DPPs as the space dimension goes to oo.

In the following, a ball with center at the origin and radius r in R” is denoted by B, (r). The £2
vector norm is denoted by | - | and the L?-norm on the space L2(R") by || - ||2. Now, consider
a sequence of point processes ¥, indexed by dimension, each with constant intensity p,.
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Determinantal point processes 761

If p, =" and R, = \/nR, with p € R and R > 0, then Stirling’s formula yields

1 [2me\"* |
VOl(Bn(Rn)) ~ ﬁ T Rn asn — oQ.

This implies there exists a threshold R* = 1/+4/2mee” such that, as n — oo,

*
E[®, (B, (Ry))] ~ exp(n(p + %log 2re + log R) + o(n)) — {Zo, 2 i 2* (1.1
This justifies the interest in considering this regime where the intensities grow exponentially
with the dimension and distances grow with the square root of the dimension. This regime also
naturally arises in information theory, and following [1] we call it the Shannon regime. In this
paper we study the effect of repulsion in this regime and quantify the range and strength at
which DPPs asymptotically exhibit repulsion between points.

These issues were discussed in [24], where the authors characterized a certain class of DPPs
by an effective ‘hard-core’ diameter D that grows as 1/, aligning with our observations. They
observed that for r < D, the number of points in a ball of radius r around a typical point
will be 0 with probability approaching 1, and for r > D, the number of points in a ball of
radius r around a typical point is 0 with probability approaching 0 as dimension n — oo. The
behavior for r < D is a result of the natural separation due to dimensionality as exhibited
in (1.1). However, the observation that D is the maximal such separation is due to the v-weakly
sub-Poisson property of DPPs as defined in [3], and is a feature of all DPPs, not just those
studied in [24]. This behavior is the same as a sequence of Poisson point processes in the same
regime and, thus, this separation of points in high dimensions is due to dimensionality and not
the repulsion of the DPP model. In this paper we provide a more precise description of the
repulsive behavior in high dimensions that is specific to the associated kernel of the DPP.

The measure of repulsiveness used in this paper is a refinement of the global measure of
repulsiveness for stationary DPPs described in the supplementary material to [15]; see [14].
In that work, the authors considered the measure

yi=p /(1 — g(x))dx, (1.2)

where p is the intensity, and (x, y) — g(x — y) is the pair correlation function of the point
process. A point process is considered more repulsive the farther g is away from 1; g = 1
corresponds to a Poisson point process. As observed in [13], this measure has the upper bound
y < 1 for all stationary point processes.

This measure can be refined in order to examine the repulsive effect of a point of the point
process across some finite distance. Goldman [7] proved that for a stationary DPP & satisfying
certain conditions, there exists a point process 1 such that

@g(bo’!Un and CDO’!ﬂnzﬁ,

where ®' denotes a point process with the reduced Palm distribution of ® and ‘2’ denotes
equality in distribution. Thus, 7 is the set of points that have to be removed from & due to
repulsion when a point is ‘placed at’ the origin. In the following, the first-moment measure of n
will be used as a measure of the repulsiveness of a DPP ®, and the repulsive effect of a typical
point over a finite distance R is quantified by E[7 (B, (R))]. Note also that

E[7(Bn(R))] = p vol(B,(R)) — E[®%'(B,(R))] = p[Kpoi(R) — Kppp(R)],
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where Kpyi and Kppp are Ripley’s K functions [20] for a Poisson point process and @,
respectively. Finally, note that the measure of global repulsiveness (1.2) corresponds to n
in the sense that y = E[n(R")].

Our main results describe the behavior of the first-moment measure of n in the Shannon
regime. Consider a sequence of stationaroy DPPs {®,} such that &, lies in R"”. For each n,
let ,, be the point process such that @ngfbn’! U n, and dJE,)’! N n, = . We consider the quantity
E[n, (R™)] and the probability measure E[n, (-)]/E[n,(R")] on R” that is defined to estimate
the strength and reach of the repulsiveness of a DPP in any dimension.

It is often the case that E[7,(R")] — 0 as n — oo. In this case, Markov’s inequality and
the coupling inequality imply that, in high dimensions, the total variation distance is small
between ®,, and CDS’!. Indeed,

1D, — @) [ty < P, (R") > 0) < Eln, (RM)]. (1.3)

Since &, and <I>2’! have the same distribution if and only if ®,, is Poisson by Slivnyak’s theorem
(see [4]), we see that such DPPs look increasingly like Poisson point processes as the space
dimension increases.

However, the effect of the repulsion can still be observed by examining the probability
measure E[7n,(-)]/E[n,(R")] on R" as seen in Propositions 3.1-3.3. Letting X, be a random
vector in R” with this probability distribution, we show that if | X, |//n S RYe (0, c0) then

o Eln(By(RYm)] _ |0, R <R,
n—oo B, (RM] |1, R> R,

where ‘2>’ denotes convergence in probability. Here, R* is interpreted as the asymptotic reach
of repulsion in the Shannon regime for these DPPs. This result implies that in high dimensions
a typical point has its strongest repulsive effect on points that are at a distance \/nR* away.

The parametric families of DPP kernels presented in [2] and [15] provide examples of DPPs
exhibiting a reach of repulsion R* and counterexamples where no finite R* exists, as well as
computational results on the rates of convergence when a threshold does occur. In Section 4
we study four classes of DPPs: Laguerre—Gaussian DPPs, power exponential DPPs, Bessel-
type DPPs, and normal-variance mixture DPPs. For Laguerre—Gaussian DPPs, the sequence
| X, |/+/n satisfies a large deviation principle; see Lemma 4.1. As a consequence, the reach of
repulsion R* becomes a phase transition for the exponential rate at which E[n,, (B, (R/n))] —
0 as n — oo; see Proposition 4.1. Power exponential DPPs are shown to have a finite reach of
repulsion in the Shannon regime for certain parameters; see Proposition 4.2. Bessel-type DPPs
are a more repulsive family that does not exhibit an R*; see Proposition 4.3. Finally, normal-
variance mixture DPPs provide additional examples of DPPs that exhibit an R*, including the
Whittle-Matérn and Cauchy models; see Propositions 4.4 and 4.5.

An application of these results is presented in Section 5. We show that some threshold
results of [1] for Poisson—-Boolean models can be extended to generalized Laguerre—Gaussian
DPP Boolean models in the Shannon regime using the rates of convergence computed for these
DPPs. Finally, concluding remarks and open questions are stated in Section 6.

2. Preliminaries

DPPs are characterized by an integral operator J with kernel K, and can be defined in terms
of their joint intensities, also known as correlation functions; see [10] and [15].
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Definition 2.1. A simple, locally finite, spatial point process ® on R” is a DPP with ker-
nel K: R" x R" — R (® ~ DPP(K)) if its joint intensities exist for all order k and satisfy

p®(er, . xp) = det(K (xi, X)) =i j=kn k=1,2,....

Note that the intensity function of ® is given by p(x) = K(x, x). The degenerate case
where K (x, y) = §{x=,} coincides with a Poisson point process with unit intensity.

The following conditions on K are imposed to ensure that & ~ DPP(K) is well defined.
Let K : R" x R" — R be a continuous kernel and assume that K is symmetric, i.e. K (x, y) =
K (v, x). The kernel K then defines a self-adjoint integral operator X on L?(R") given by
Kfx)= f K (x,y)f(y)dy. For any compact set S C R”, the restricted operator K5 given by

Jcsf(x>=/sl<(x,y>f<y>dy, res,

is a compact operator. By the spectral theory for self-adjoint compact operators, the spectrum of
K s consists solely of countably many eigenvalues {A,f }ken With an accumulation point possible
only at 0. See [21] for more on compact operators. These conditions imply that for any compact
S C R”, the kernel K restricted to S x S has a spectral representation

K,y =Y e e,  (x,y)eSxs,
k=1

where {¢,f Jren are the eigenvectors of K, and form an orthonormal basis of L2(S).

Theorem 2.1. (Macchi [17].) Under the above conditions, a kernel K defines a determinantal
process on R" if and only if the spectrum of K is contained in [0, 1].

If K(x,y) = Ko(x — y) then & ~ DPP(K) is stationary. In this case, the operator KX is the
convolution operator K (f) = Ko * f on L?>(R™). The intensity function p(x) is then constant
and satisfies p = Ko(0). For these stationary DPPs, there is a simple spectral condition for
existence.

Theorem 2.2. (Lavancier et al. [15, Theorem 2.3].) Assume that K is a symmetric continuous
real-\ialuedfunction in L2(R™). Let K (x, y) = Ko(x — y). Then DPP(K) exists if and only if
0 < Ko < 1, where K denotes the Fourier transform of K.

For the rest of this paper, when we state that ® ~ DPP(K) is stationary, we assume that
K(x,y) = Ko(x — y) for areal-valued K¢ € L%(R"), and K is used to mean K. There exist
stationary DPPs with kernels that are not of this form (see [10, Equation (4.3.7)]), but they are
complex-valued and not considered here. In addition, when we stated that @ is isotropic, we
mean that Kog(x) = Ry(]x|) and the distribution of ® is thus invariant under rotations about the
origin in R”.

The reduced Palm distribution of a stationary point process ® can be interpreted as the
distribution of ® conditioned on there being a point at the origin with the point at the origin
removed (see [4, Chapter 4]) and is denoted by P%'. A point process with the Palm distribution
PO! of & is denoted ®%'. The following theorem is a special case of a useful result about the
Palm distribution of DPPs.
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Theorem 2.3. (Shirai and Takahashi [23, Theorem 6.5].) Let ® ~ DPP(K) inR" be stationary
with intensity p = K(0) > 0. Then @Y is a DPP with associated kernel

K(x—y) K(x)

! 1 1

The nearest-neighbor function of a stationary point process ® in R” is defined as
D(r) == P" (®(B,(r)) > 0). (2.1)

If @ is Poisson, Slivnyak’s theorem yields D(r) = 1 — e EI®Bu()] For ¢ ~ DPP(K),
Theorem 2.3 implies that D(r) = P(®%!(B,(r)) > 0) with %' ~ DPP(K}).
As mentioned in the introduction, Goldman [7] proved the following result.

Theorem 2.4. (Goldman [7, Theorem 7].) Let ® ~ DPP(K), where K is continuous, and the
spectrum of the integral operator J with kernel K is contained in [0, 1). Then, there exists a
point process n such that

CDQCIDO’!UU and QDO'!ﬁn:@.

From this theorem we see that a point process with the distribution of ®°' can be obtained
from ® by removing a subset of points 7. This is a striking result since the procedure does not
include shifting any of the remaining points. The points in 7 characterize the repulsive nature of
the DPP @, since these are the points that are ‘pushed out’ by the point at zero under the reduced
Palm distribution. It also makes sense to compare the repulsiveness of DPPs using n. For two
stationary DPPs ®; and &, with the same intensity, @ is defined to be more repulsive than
®, if E[n(R")] > E[n2(R")]. This corresponds to the definition in [15] using the measure y
defined in (1.2). Note that the assumptions for Theorem 2.4 excludes the interesting case of K
with an eigenvalue of 1, corresponding to when K (x) attains a value of 1 for some x.

3. Main results

When considering the reach of repulsion of a DPP, it is natural to first consider the nearest-
neighbor function (2.1). The following threshold behavior was observed for stationary DPPs
in [24]. It is stated here for a sequence of DPPs in the Shannon regime. For each n, let
®,, ~ DPP(K,) in R" be stationary with intensity K, (0) = ¢" for some p € R. Then, for
R = 2me) 1/2er,

0, R<R,

- 3.1
1, R>R. -1

1im P(®," (B, (vnR)) > 0) =

A proof of this fact can be found in Appendix A.

From this result we see that there is a separation of points as the dimension n — oo for any
stationary DPP. However, the same threshold behavior occurs if the elements of the sequence
{®,} are stationary Poisson point processes, as a consequence of (1.1). Using this observation
we see that this separation is due purely to dimensionality and is not a result of the repulsiveness
of DPPs.

The point process 7, as defined in Theorem 2.4 can be used to provide an alternative
characterization of the repulsiveness of a DPP and can be used to measure the consequence of
repulsiveness in high dimensions that depends on the determinantal structure.
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Lemma 3.1. Let ®,, ~ DPP(K,,) in R" be stationary and assume that 0 < 12n < 1. Let n, be
the point process given in Theorem 2.4 and define the random vector X, in R" with probability
density Ky (x)? /| Ku 3. Then

_ Eln(B)]
Eln, (R)]’
In the following result we show that under certain limit conditions on the kernels of a sequence

of DPPs, the repulsiveness measured by the first-moment measure of 7, is concentrated at a
distance /nR* for some R* € (0, 00) as n — 00.

P(X, € B) B € BR").

Proposition 3.1. For each n, let ®, ~ DPP(K}) be a stationary and isotropic DPP in R",
and assume that 0 < K, < 1. Let X, be a random vector in R" with probability density
Kn(x)2/||Kn||%. Assume that, as n — oo,

X
Xnl = o (3.2)

Jn
Then

(3.3)

im E[n,(B(vnR))] |0, R < R*,
n—soo  E[n,(R"M)] |1, R > R*.

Remark 3.1. One way to prove (3.2) is to show that

X, |2
tim 2D 6 and gim
n— 00 n n— 00

E[1X,[*1\"?
(M) = R* € (0, 00),
n
and then apply Chebychev’s inequality.

Remark 3.2. For general vectors X, in R", the concentration of | X,,| for large n has been well
studied; see [6], [9], and [11]. Indeed, Fradelizi et al. [6, Proposition 3] proved that X,, is
concentrated in a ‘thin shell’, i.e. there exists a sequence {¢,} such that ¢, — 0 asn — oo and

for each n,
[ X,
P(‘Enxnmlﬂ Tz en) = en

if and only if | X,,| has a finite rth moment for r > 2, and for some 2 < p < r,

‘Enxnw/f’

W-l‘—)o asn — OoQ.

For random vectors with log-concave distributions, the deviation estimate can be improved
from the estimate obtained through Chebychev’s inequality; see Remark 3.1. The best known
estimate is given by the following theorem from [9].

Theorem 3.1. (Guédon and Milman [9, Theorem 1.1].) Let X denote a random vector in R"
such that E[X] = 0 and E[ X ® X] = I,,. Assume X has a log-concave density. Then, for some

C>0andc >0,
p(| Xy
Jn

This leads to the following result.

- t) < Cefc\/ﬁmin(t3,t).
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Proposition 3.2. For gach n, let ®, ~ DPP(K,) be a stationary and isotropic DPP in R",
and assume that 0 < K, < 1. Let X,, be a random vector with density K, (x)2/||Kn ||% and let
O’nz = E[| X% If K,f is log-concave for all n then there exist positive constants C and ¢ such

that for all § € (0, 1),

E[n,(Bu(0a(1 —6)))] < Co—cvs®
E[n,(R")] B ’
and for all § > 0,
Elnn (R" \ By(0n(1+ D] _ . e imints.
E[n, (R")] N

If, in addition,
. On *
lim — = R* € (0, 00), 3.4

n—o00 /n

then for this R*, the threshold (3.3) occurs, andforall R < R*, there exists a constant C(R) > 0

such that
| Elgn(By (SR
liminf - n EnBa RN C(R).

n=oo/n E[n,(R™")]
Remark 3.3. The final conclusion of Proposition 3.2 concerning the rate also holds for R > R*
if B,(,/nR) is replaced by R” \ B,(\/nR).

The assumption of a large deviation principle (LDP) concentration leads to an estimate of
the exponential rate of convergence with speed n and an exact computation of the reach of
repulsion R*.

Proposition 3.3. For each n, let ®, ~ DPP(K,) be a stationary and isotropic DPP in R",
and assume that 0 < I%,, < 1. Let X,, be a random vector with density K, (x)2/||K,, ||% and
suppose that | X, |/ /n satisfies an LDP with strictly convex rate function 1. Then, for R* such
that I (R*) = 0, the threshold (3.3) occurs. Also, for R < R*,

—inf I(r) < liminf—lnw < limsupllnw < —inf I(r),
r<R n—o0o n E[n, (R™)] n—soo N E[n,(R")] r<R

and if the rate function I is continuous at R,

1. E[n,(B R
i L B Ba(VARDY
n—oo n E[n,(R™")]
Remark 3.4. The second conclusion of Proposition 3.3 concerning the rate also holds for

R > R*if B,(y/nR) is replaced by R" \ B, (/nR).

If a sequence of DPPs in increasing dimensions exhibits a reach of repulsion R*, this means
that the points of 1, are most likely to be near distance /nR* away from the origin in high
dimensions. If R* is less than R from (3.1), points are most likely to be removed at a distance
where points of @, appear with probability decreasing to 0 as n increases, due to dimensionality.
If R* can reach past R, the points ‘pushed out’ by repulsion are most likely to lie at a distance
where points of ®,, appear with high probability. Thus, it is of interest to check whether there
exist DPP models such that R* is greater than or equal to Ié, ie. if]P’(cbg’! (B,(v/nR*) =0) — 0
as n — oo. In Sections 4.1 and 4.2 we provide examples of DPP models with this reach.

The above results have strong assumptions, and open up additional questions. The first
question is whether the points of 1, tend to lie at distances scaling with /7, i.e. is the Shannon
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regime the correct one to examine the repulsiveness between points of a family of DPPs in high
dimensions? By the radial symmetry of the density of each X, the coordinates {X,, x};_, are
identically distributed, and the sequence | X,,|? is the sequence of row sums of a triangular array
of random variables with identically distributed rows. If the coordinate distributions depend
on the dimension in such a way that E[| X, |21 # O(n) then a different scaling is needed.

4. Examples

In the following we examine specific families presented in [2] and [15] that illustrate both
examples of DPP models satisfying the above results, as well as examples that do not. These
examples provide a window into the wide scope of repulsive behavior that can be described
using this framework.

The first task is to determine the behavior of E[n,(R")] as n increases. For each of
the examples provided in this section, lim,_, s E[7,(R")] = 0, but each class exhibits this
convergence at different speeds. Then the goal is to determine if the DPP models satisfy the
conditions of Propositions 3.1, 3.2, or 3.3.

4.1. Laguerre—Gaussian models

For each n, let ®,, ~ DPP(K,,) in R" be a Laguerre—Gaussian DPP as described in [2] with
intensity K,(0) = e"?, i.e. forsome m € N, « € RT, let

2
x

o

K e (L ~lx/af/m R 4.1
n(-x) (m 1+,1/2) m—1 Z € s X € s ( . )

where sz, (r) = Z k= 0( _’2) (—r)k /k!forallr € R denote the Laguerre polynomials. From [2],
the condition 0 < K,, < 1 translates to a bound on ¢;,,, i.e.

1 —1 2\ /"
b (metn . 4.2)
e (mm)l/2 m—1

Direct calculations yield that the global measure of repulsiveness is
"ol mr \"/? " m—1+n/2\(m—1+n/2
Eln, R = ———=(—) Y :
m—l+n/2) 2 - m—1—k m—1—j
( m—1 k,j=0

(=D T2+ k+ ))
k!'j! 2kiT(n/2)

(4.3)

From (4.2), E[n(R™)] < 27"/2 f(n, m), where
. ’”Z‘l Crl O O F) (DM T2+ k4 )
f n,m)= = (m—l+n/2) k! j! 2k+/F(n/2)

m—1

(ml)'

It follows from [2, Equation (5.7)] that for fixed n, lim;,— oo 2’”/2f(n, m) = 1,and as o — 0,
K, approaches the Poisson kernel. Thus, this class of DPPs covers a wide range of repulsiveness
for fixed dimension n. However, for any fixed m, the dominant behavior as n increases is 2-1/2,

Since (m_mlffﬂ)]/n

allnis0 <a <e P(mm)”

decreases to 1 as n — 00, a sufficient condition for (4.2) to hold for
172 Note that this scaling for the intensity is the correct one for
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observing interactions between the parameters of the model since it provides a trade-off between
how large the parameter o can be and the magnitude of p. If the intensity does not grow as
quickly with the dimension, the upper bound on « depends less and less on changes in p as
the dimension increases, and if the intensity grows more quickly, the upper bound for o would
tend to 0 as n — oo.

Proposition 3.3 holds for this sequence of DPPs. Indeed, in the next lemma we show that
the sequence of R™-valued random variables | X, |/+/n satisfies an LDP.

Lemmad.l. Fixm € N, p € R, and let « € (0,e"(mm)~2). For each n, let X, be a
random vector in R" with probability density K, (x)?/|| K, ||%, where K, is given by (4.1). Then
the sequence {|X,,|/~/n}n satisfies an LDP with rate function

A*()—sz 1+110 oaZm
o T aZm 202 £ 4x2 )"

Using this lemma, Proposition 3.3 implies that an R* exists, and the exponential rates can
be determined. In addition, using (4.3), the exponential rate of decay of E[n, (B, (/7 R))] can
be computed.

Proposition 4.1. Fixm € N, p € R, and let a € (0, e_p(mﬂ)_l/z). For each n, let ®, ~
DPP(K ), where K, is given by (4.1). Then, for R* = %a\/ﬁ,

1 2R?
—p — =log2nre+ —— —logR, 0 < R < R*,
2 aZm

n—oo

. 1

lim —— log E[n, (B (ﬁR))] =
n 1 mi

—,o—logoc—zlog—2 , R > R*.

The rate decays as R increases to R* := %aﬂ, and then for R > R*, the rate no longer
depends on R. This coincides with our interpretation of R* as the asymptotic reach of repulsion
of the sequence of DPPs.

For a fixed «, a larger m will result in a farther reach, and for a fixed m, a larger o will
provide a farther reach. However, using the bound a < 1/e”(mm)!/2, the following upper
bound on the reach holds uniformly for all m:

* . a ]
R* = 5\/% < Sep12"

Note that the larger p is, the smaller the upper bound on R* can be. This follows from the
relationship between « and p: the higher the intensity, the smaller @ must be for the DPP to
exist. Since a larger o implies a larger value of E[#, (R")], the parameter « is associated with
the strength of the repulsiveness. The relationship with p showcases the following trade-off
observed in [15]: the higher the intensity of the DPP, the less repulsive it can be.

As mentioned in the previous section, it is of interest to know whether there is a range of
parameters such that R* is greater than R, the threshold for the convergence of the nearest-
neighbor function of ®; see (3.1). For Laguerre-Gaussian models, R* := %\/ﬁa is larger

than R and « satisfies the condition of Lemma 4.1 if
2\ 1/2
(—) <el/mra < 1.

€

Since the lower bound is strictly less than 1, there is a nonempty range for « such that the reach
of repulsion reaches past R.
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4.2. Power exponential spectral models

The power exponential spectral models, introduced in [15], are defined through the Fourier
transform of the kernel. For almost all these models, there is no closed form for the kernel K.
Using properties of the Fourier transform, a similar analysis of the repulsive behavior can still
be performed.

For each n, let ®, ~ DPP(K},) be a power exponential DPP with intensity K,(0) = e"?
and parameters v > 0 and ¢, > 0, i.e. let

C(n/2+ Dol

e N eR". 4.4
TP (v + 1)° 7 (44)

[en (x) = e
When v = 2, a closed-form expression for K), exists and is called the Gaussian kernel. The
condition 0 < K, < 1 implies the following upper bound on «,:

C'(n/v+ DH/ngl/2
el (n/2 + 1)/n

, 4.5)

n

and the asymptotic expansion for the upper bound on «;, as n — oo is

<F(n/v + 1)nn/2>1/n N <W(n/ve)n/vnn/2)l/n
e"I'(n/2 + 1) e /2rn/2(n/2e)"/?
1/v=1/2 (2me)'/?

(ve)l/”
= 0@n'/"12),

~e Pn

By Parseval’s theorem and a change of variables,
1 2
E[n,(R")] = eTp”K””2
122
= eTp”K””2
2
_ 1 o Fn/2+ Do) / e—2lanxl” g
ene a2Cn/v+1)) Jre

2
— altP (/2 + Day n” /oo p—le=2(n)" 4,
a2 (nj/v+1)) Tm/24+1) Jy

= e Fn/2+ 1)%2:" - foo /v =le=t 4y
20 (n/v 4+ 1) 2%V val

_ ynfogn €T 0/24 1)

"an/2T(nfv+ 1) (4.6)

Using the bound on «,, (4.5),
E[n,(R")] < 27"/,

For fixed dimension 7, the global measure of repulsion approaches its upper bound of 1 for
large v. Thus, this class covers a wide range of repulsiveness similar to the Laguerre—Gaussian
DPPs. However, for fixed v, the measure decays exponentially asn — oo. Note that forv > 2,
the rate is smaller than for the Laguerre—Gaussian models, i.e. the decay is slower.

In the following results we show that if the parameters «,, grow appropriately with »n, this
sequence satisfies the assumptions of Proposition 3.1.
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Lemma 4.2. Foreachn, let X, be avector in R" with density K,%/ | K, ||% such that 12,1 is given
by (4.4). Assume that o, ~ an!VU2 gopn — oo for a € (0, 00), and

(F(n/v + D"/?
oy _—

1/n
foralln.
e"T'(n/2 + 1)

Then, as n — 00,
1 Xul o @)Y
-« .
N 47

Now, applying Proposition 3.1, the following result holds for a sequence of power exponential
DPPs in the Shannon regime.

Proposition 4.2. For each n, let ®, ~ DPP(K,), where 12,1 satisfies the assumptions in
Lemma 4.2. Then, for R* = a((2v)'/" /4m),

im E[nn(Bn(«/ﬁR))] _ 0, R < R*,
nsoo  E[n,(R")] |1, R> R*.

For v > 1, the reach of repulsion R* for the power exponential models can also reach past
the nearest-neighbor threshold R. Indeed, for a,, ~ an!'/*=1/2) R* := a((2v)!/" /47) satisfies
P(®,(B,(0, /nR*)) =0) — Oasn — oo if

Qu)l/v 1
[07 > .
4 V2meer

By asymptotic equation (4.5) for the upper bound of o, @ < «2me/e” (ve)!/. Thus, R*
reaches past R when «, ~ an'/V=1/% and

4 2me

—_—— << —.
Qv)l/ver2me er (ve)l/v
The interval is nonempty since the upper bound is strictly greater than the lower bound forv > 1.

4.3. Bessel-type models

Another class of DPP models presented in [2] is the Bessel type. This class is more repulsive
than the previous two families of models. We show that while the Shannon regime is the correct
scaling to examine the repulsiveness of this class in high dimensions, a sequence of these DPPs
does not satisfy the conditions of Proposition 3.1.

For each n, let &, ~ DPP(K,,) be a Bessel-type DPP with parameters ¢ > 0 and o > 0,
and intensity K,(0) = ¢"” for p € R. That is, let

K,(x) = enpz(o—s-n)/zr(o +n+ 2) Jo4m2Q2lx/al/ (o + n)/Z)' wn
2 Qlx/a|/ (0 +n)/2)e+m/2
From [2], the bound 0 < K,, < 1 implies that
" (@ +m)"T(0/2+1) 4.8)

o, < .
"= e (2)2T (0 +n)/2 + 1)
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Similar to the previous examples, this family contains DPPs covering a wide range of repul-
siveness measured by 7,, and as n — oo they are more repulsive in the sense that E[n, (R")]
decays more slowly. Indeed,

1
El (R")] = - /R ) K, (x)*dx

Qa)"?a™  T((o +n+2)/2)*T(n/2)I' (e + 1)
(o +n)"2T(n/2) ['(6/2+ 1D2T(0c +n/2+1)

np Q)" ?a™ T'(o + DI (0/2 +n/2 + 1)?
T (04 m)"2T(6/24+ DT (o +n/2+ 1)’

— NP

and from the upper bound (4.8),

T+ DI (@/24+n/2+1)
[(/2+ DM@ +n/2+1)

Eln,(RM)] <

By Stirling’s formula,

o+ DI (e/2+n/2+1)

=0n % asn— .
T(0/2+ Dl (o +n/2+1)

These DPPs do not satisfy the conditions of Proposition 3.1, and so the concentration of the
first-moment measure does not occur, contrary to the first two families presented. However, the
repulsive measure does not reach past the 4/n scale in the sense of the following proposition.

Proposition 4.3. Letp € R, o > 0, and o > 0. For eachn, let ®, ~ DPP(K},) in R" with K,
given by (4.7). Then, for any B > % and R > 0,

E[n.(R" \ B,(Rn?))]
m =
n—00 El7n, (R™)]

4.4. Normal-variance mixture models

Another class of DPPs described in [15] are those with normal-variance mixture kernels.
Let &, ~ DPP(K,) be a normal-variance mixture DPP in R” with intensity e*” for p € R,
ie. let
]E[an/zeqx\z/zw]

]E[W_”/Z] ’

K, (x) =e™ x eR",
for some nonnegative real-valued random variable W such that E[W /2] < oo. From [15],
the bound 0 < K < 1 translates to the following bound on the intensity:

E[W—n/Z]

np
e < T

4.9

If /2W = «, this is known as the Gaussian DPP model. If W ~ gamma(v + %n, 20:2), this is
called the Whittle—Matérn model. This is the Cauchy model when 1/ W ~ gamma(v, 2a~2).
In both cases, v > 0 and o > 0 are parameters.

This family of DPPs does not cover a wide range of repulsiveness as in the previous families.
Indeed, for any random variable W in RT such that E[W’"/ 2] < 00, Parseval’s theorem,
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Jensen’s inequality, (4.9), and Fubini’s theorem imply that

Eln(R")] = — / Ro(r)? d
Rn

enp
2 2

_ L <enp_(2”)"/ - E[e—zﬂz""zw]) dx

e’ Jpn E[W—n/2]

Q)2 —4n?xPW
< W - E[e ]dx

(2m)"/? —n/2 /2 —Ax2x 2w
ZWE @ra W) M E| (4x W)" /ne T dx | W
— 27;1/2‘

It is difficult to make further general statements about this class because the behavior of the
sequence | X, |/+/n depends heavily on the distribution of the R*-valued random variable W.
In the rest of the section we will describe results for specific models in this class.

Consider a sequence of normal-variance mixture DPPs all associated with the same random
variable W. If W is a constant «, the random variables X, become multivariate Gaussian
vectors with mean zero and variance depending on «. The scaled norms of these vectors are
well known to satisfy an LDP since the coordinates are independent. This also corresponds to
a Laguerre—Gaussian DPP with parameter m = 2.

There is also a subclass of the normal-variance mixture models that satisfy Proposition 3.2.
In [25], it was proved that if W has a log-concave density then the normal-variance mixture
distribution is log-concave. This implies that K,f is log-concave and, thus, if condition (3.4)
holds, the conclusion of Proposition 3.2 holds. Since the gamma distribution for a shape
parameter v greater than 1 is log-concave and v + %n > 1 for large n, Whittle-Matérn DPPs are
an example from this subclass and exhibit an R* as we demonstrate in the following proposition.

Proposition 4.4. For each n, let ®,, ~ DPP(K,) be a Whittle-Matérn model in R" with
intensity €"° and parameters v > 0 and o > 0, i.e. let

217 Jx) |x]
Kn(x) = enpm o’ KU<7>, X € Rn, (410)

where
F(v)l/n

=T +n/2) 2 Jrer
and K, is the modified Bessel kernel of the second kind. Then, for R* := %a,

. E[n,(B.(v/nR)] _ |0, R <R*,
n—oo  E[n,(RMH] |1, R> R*

Remark 4.1. The upper bound on « needed for existence implies that for all v,

. C(v)l/n 1
R =—- < <
2 Tw+n/2)Vn4/mer = fomeer
since (C(v)/ T (v + %n))l/" <l and 4 > +/2e. Thus, for these models, R* never reaches past
the nearest-neighbor threshold R.

=R,
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Finally, in the following proposition we show that the Cauchy models satisfy the conditions
of Proposition 3.1 if the o parameter grows appropriately with n.

Proposition 4.5. For each n, let ®, ~ DPP(K,,) be a Cauchy model in R" with intensity e"?
and parameters v > 0 and o;, > 0, i.e. let
el

Kn(X): (1+|X/Oln|2)v+n/2’ x € R".

Assume a, ~ an'/? as n — oo for some a > 0 such that o, < T'(v + %n)l/”/ﬁepl"(v)l/"
for each n. Then, for R* = «,

im E[1.(B,(v/nR)] |0, R < R*,
nsoo  E[n,R)] |1, R> R*.

Remark 4.2. The upper bound on ¢, has the following asymptotic expansion as n — 00:
C(w+n/2)l/n nl/?
oy < ~ .
T JmerT(mn  Sareer
, the reach of repulsion has the upper bound
1
V2meer

This upper bound is precisely the threshold R for the nearest-neighbor function, and so unlike
in the case of Laguerre-Gaussian DPPs and power exponential DPPs, the reach of repulsion R *
for a sequence of Cauchy models with fixed parameter v cannot reach past R.

Thus, if o, ~ an'/?

R =a <

5. Application to determinantal Boolean models in the Shannon regime

Poisson—Boolean models in the Shannon regime were studied in [1], and the degree threshold
results can be extended to Laguerre-Gaussian DPPs using Proposition 4.1.

The setting is as follows. Consider a sequence of stationary DPPs ®,,, indexed by dimension,
where ®,, ~ DPP(K,) in R". Assume that for each n, K, is continuous, symmetric, and
0< 1%,1 < 1. Let the intensity of ®, be K, (0) = ¢"”. Let &, = Zk(STn(k) and R > 0. Then

consider the sequence of particle processes (see [22]), called determinantal Boolean models,

Cr=|JBu(T. 1 V/nR).

k

The degree of each model is the expected number of balls that intersect the ball centered at 0
under the reduced Palm distribution, i.e. E[CIJS’!(BH (v/nR))]. In the case when ®,, is Poisson,
E%'[®,(B(y/nR))] = E[®,(B(+/nR))] by Slivnyak’s theorem, and

.1 0.1 1
lim —InE%[®,(B,(v/nR))] = p + = log2me + log R.
n—-oon 2
To extend this result to DPPs, we need, as n — 00,

E[®% (B, (v/nR))] ~ E[®, (B, (v/nR))].

Note that this would be impossible for a repulsive point process such as the Matérn hardcore
process, since E[Cbg’! (B,,(Ry))] = 0 for all R, less than the hardcore radius.
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However, for DPPs, note that

B[P (By(ViRD] _ | Elnn(By(v/nR))]

E[®,(B,(VAR)] E[®,(B,(vnR)]
Thus, if
Bl By (WARD (0
E[®,, (B, (VnR))] ’

then the degree of the determinantal Boolean model has the same asymptotic behavior as the
Poisson—Boolean model.

In the case of Laguerre—Gaussian kernels, this is the case, and the earlier results even provide
the rate at which the quantity goes to 0, which exhibits a threshold at R* as expected.

Proposition 5.1. Letm € N and p € R. For each n, let ®,, ~ DPP(K,) in R", where

2
x )e—lx/alz/m’

o

e n/2 1
K - - I -
n(x) (m,m]ir?/z) m—1 m

and « is a parameter such that 0 < a < 1/ /mmeP. Then

1. E[n,(By(v/nR))]

li ——1
n=00 0 E[®y(By(ViR))]
2R?
—. 0 <R < ja/m,
= oa“m

%—{—logz —loga — %logm +1logR, R > %aﬁ.

6. Conclusion

By examining a measure of repulsiveness of DPPs, we have provided insight into the high-
dimensional behavior of different families of DPP models. Most of the families of DPPs
presented in this paper have a global measure of repulsion decreasing to O as the dimension
increases, indicating that they become more and more similar to Poisson point processes in
high dimensions as a result of (1.3). However, the reach of the small repulsive effect can still
be quantified. By making a connection between the kernel of the DPP and the concentration in
high dimensions of the norm of a random vector, we have shown under certain conditions that
there exists a distance on the /7 scale at which the repulsive effect of a point of the DPP model
is strongest as n — 0o. We have illustrated that some families of DPPs exhibit this reach of
repulsion and some do not. The results are summarized in Table 1.

Many questions remain concerning the range of possible repulsive behavior of DPPs in high
dimensions. First, the results can be extended to scalings other than the Shannon regime in
the following way. Assumption (3.2) in Proposition 3.1 can be generalized to the assumption
that for some sequence by, |X,|/b, — R* asn — oo. If b, # O (n'/?), the result holds
for a different scaling than the Shannon regime, and the repulsiveness is strongest near R*b,,
in high dimensions. While this is precisely what is shown not to happen for the Bessel-type
DPPs if o > 0, examples of this generalization for b,, = o(n) can be obtained from the power
exponential DPPs when «;, = o(n'/v=1/2) However, as noted in the introduction, any distance
scaling smaller than /n will not reach the regime where the expected number of points goes to
oo as the dimension grows. Thus, this scaling appears less interesting. It would be interesting
to find a family of DPPs that exhibits the concentration for b, > /n.

https://doi.org/10.1017/jpr.2018.49 Published online by Cambridge University Press


https://doi.org/10.1017/jpr.2018.49

Determinantal point processes 775

TaBLE 1: Summary of results.

DPP class E[n,(R™M)] R* Rate type R* > R
2\ 1/2

Laguerre—Gaussian < 2720 @n"~1) %a\/ﬁ LDP <€> <e’mma < 1

2 1/v 2 py,1/v
Power exponential <27n/v (2v) Chebychev =~ —— < i a <

4 21/ve 2me el/v

Bessel-type <0m°?) — — —
Whittle-Matérn <22 %a Log-concave —
Cauchy <27n/2 o Chebychev —

For all the DPPs studied in this paper, E[n,(R")] — 0 as n — oo. This is not always the
case. For instance, there exists a class of DPPs such that for ¢ € (0, 1), E[5,(R")] = ¢ for
all n. Indeed, let K, € L%(R") be such that its Fourier transform is

Kn(§) = /c1p,¢,)(E), & €R", (6.1)

where r,, € R is such that vol(B,,(r,)) = K,(0) and 1. is the indicator function. Then

! | s ooac -
K, (0) ./R K07 dx = K, (0) Jgn Kn(©)"ds = K, (0) vol(By(ra)) = c-

Efn,(R")] =

It would be useful to find a necessary and sufficient condition for E[#, (R")] to converge to 0.

There is an important class of stationary and isotropic DPPs that should be mentioned.
Recall that to ensure 1 is well defined, it is assumed that the kernel K associated with &
satisfies 0 < K < 1. However, & still exists when K is allowed to attain the maximum value
of 1. For the models studied in this paper, it is the case when the parameter achieves its upper
bound. In this case, we can still define the measure of repulsiveness (1.2) even though it may
not be interpretable as the intensity measure of a point process 1. Replacing E[5(B)] with
f (1 —g(x))dx for B eAﬁ(R"), the main results (Propositions 3.1-3.3) can be restated with
the condition that 0 < K < 1. In this case, the reach of repulsion R* is interpreted as the
distance on the /n scale at which the measure of repulsion is strongest.

A particularly interesting subclass of the DPPs described in the previous paragraph are the
most repulsive stationary DPPs, introduced in the supplementary material to [15]; see [14].
These DPPs maximize the measure of repulsiveness y, and have a kernel K such that K is
defined as in (6.1) but with ¢ = 1. For the most repulsive DPPs, y = 1 in any dimension.
In addition, for a sequence of DPPs {®,,},,cn, Where ®,, is the most repulsive DPP in R” with
intensity e, X, as defined in Proposition 3.1 satisfies

K, (x)?
BIIX P = [ P ax
n ||Kn||2

T(n/24+1) | |213/2(2ﬁr(n/2+ D/7eP|x)) .
—_— X
n/2

X
Rn |x|"

o0
= n/ rJ2n2Var (dn + 1) err) dr,
0

where J,, is the Bessel function of the first kind of order v; see [2]. By [19, Equation (1.17.13)],
this integral does not converge, i.e. | X, | does not have a finite second moment.
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In the recent work of Mgller and O’Reilly [18], it was proved that there exists a coupling
(P, ®%Y) such that n = &\ ®%! contains at most one point. In this case, E[n(R")] =
P(n(R™) > 0), and the random vector X,, with probability measure E[n(-)]/E[n(R")] has the
distribution of the point of 1 conditioned on n # &.

Appendix A

Proof of Equation (3.1). For each n, let ®, ~ DPP(K},) in R" be stationary with intensity
K,,(0) = e". From (1.1), there exists R := 1/+/2mee” such that
. 0, R < Ié,
lim E[®,(B,(v/nR))] = { ~
n—00 o0, R > R.
From Theorem 2.3,

E[®, (B, (v/nR))] — E[®%(B,(V/nR))] = L f Kn(x)? dx.
B, (/nR)

e'r

Then, using Parseval’s theorem and Theorem 2.2,
1 5 1 s 1 X
.Y K,(x)7dx < o K, (&) dé < o K, (§)dé = 1.
e’P Bn(\/;lR) ene Rn ene R~
Also, since (1/e”p)an (VAR K, (x)?>dx > 0, the following bounds hold:
E[®,(By(vnR)] — 1 < E[®) (B, (v/nR))] < E[®, (B, (VnR))].
Thus, the threshold remains the same for the reduced Palm expectation, i.e.
0 R <R
. 0’! _ ’ )

By the first-moment inequality and [3, Proposition 5.1], we have the following bounds:
1 — E[®) (B(/nR)] < P(® (By(v/nR)) = 0) < exp(—E[®)" (B(V/nR)))).

Thus,

R <R
lim P(®%!(B,(VnR)) > 0) = !O’ = O
n—00 1, R > R.

Appendix B

Proof of Lemma 3.1. From Theorem 2.3, for any B € 8(R"),
1 2

Ky (x)” dx,
Kn(0) Jp

i.e. the first-moment measure of 7, has a density with respect to the Lebesgue measure equal
to (1/K,(0) K, (x)%. Then, by the monotone convergence theorem,

E[n,(B)] = E[®,(B)] — E[®%(B)] =

K 2
Koo = IEl3
K, (0) Jgn K, (0)

Efn,(R")] = Rlime[nn(Bn(R))] =

Thus, for all B € 8(R"),

2
Pk, )= [ Kat2 g Em(®),
B ||Kn||2 E[n,(R")]
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Appendix C
We now present the proofs of our main results.

Proof of Proposition 3.1. The assumption |X,,|/s/n ~> R* means that for all & > 0,

IP’( I\?;%I

First, assume that R < R*. Then there exists ¢ > 0 such that R = R* — ¢. Thus,

— R*

>s)—>0 asn — 00.

B(IX,| < v/AR) =p<'j"ﬁ' e _8> 5 P( |j%| .

> e) — 0 asn — oo.
Second, assume that R > R*. Then there exists ¢ > 0 such that R = R* + ¢, and

>8>—>1.

— R*

(Xl (1%l
P(|X,| < V/aR) = 1 }P’(ﬁ>R +s)z1 P<ﬁ

Finally, by Lemma 3.1, as n — oo,

0, R < R*,
1, R > R*,

E[n,(Bn(v/nR))]

Eln,(RD] P(X,] < VnR) — {

completing the proof. |

Proof of Proposition 3.2. Since, for all n, ®, is isotropic, X,, as defined in Proposition 3.1
has a radially symmetric density. Thus, X, has the same distribution as the product R,U,,
where R, is equal in distribution to | X, |, U, is uniformly distributed on S"~! and R, and U,
are independent. Letting a,% = [E[|X,|?] for each n, (\/n/0,)X, then satisfies the conditions
of Theorem 3.1 for each n. Then, by Theorem 3.1, for any § > 0, there exist absolute constants
C, ¢ > 0 such that

A

Now, let 6 € (0, 1). By Lemma 3.1,

Bl (Buon(l =001 _ (1%l _ i
El, (B")] _< =1 S)ECC ’

On

| X5 |

-1

- 5) < Ce—cﬁmin(5,53)

On

since min(83, §) = 83 for § € (0, 1). Similarly, for any § > 0,

ElnaR" \ By(0n(1 + N1 _ P(M
E[n, (R™)]

> 1+5> < Cefc\/ﬁmin((ﬁ,é)'

On

Now, assume that 0,,//n — R* € (0,00) asn — 0o. For R < R*, there exists ¢ € (0, 1)
such that R = R*(1 — ¢). Then, for all large enough n, \/nR* /o, < (1 — %8)/(1 —¢&) and

E[nn(Bn(\/ﬁR))]
—————— =P(|X,| < R
El7,(R")] (1Xal = VR
_pfXal _ VR
- o, Oy
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Xol _ V/nR*(1—¢)
=)

< Ce—Vn(e/2)*

Thus, for all R < R*, there exists a constant C(¢(R)) = cs3/23 such that

lirninf—L In w > C(e(R)).

n—oo  \/n E[n,(R™")]

A similar argument can be used to show that for all R > R*, there exists C(¢(R)) such that

1 E[n[®R"\ By(/nR))]

liminf ——— In > C(e(R)).
n—>oo  \/n E[n, (R")]
This implies the threshold (3.3). O

Proof of Proposition 3.3. 1f | X,,|/+/n satisfies an LDP with convex rate function I then, by
definition,

| Xl .
<R)<—inf I(r).
n r<R

1 X 1
—inf I(r) < liminf—ln]P’<| 1l < R) < limsup—lnIF’(
r<R n—-oo n \/ﬁ n—oo N

Thus, using Lemma 3.1,

~inf 1) < i L1 B (Ba(VIRD] _ 1 Bl (By /i R)]

< —inf I(r).
n E[n, (R")] n—oo N E[n, (R")] r<R

By the assumption that the rate function / is strictly convex, there exists a unique R* such that
I(R*) = 0. Note that inf, < I (r) is then O for R > R*. Thus,

im E[1,(Ba(v/nR))] _ 0, R<R",
n—o  E[p,(RH] |1, R> R*

Let R < R*. If the rate function I is continuous at R then the above inequalities become
equalities and

. 1 E[n,(Ba(VnR)] _

Appendix D

Proof of Lemma 4.1. We show that the sequence of random variables satisfies the conditions
of the Girtner—Ellis theorem; see [5]. First,
21\ 2
)) dx .

2np 2 1
IE[eX'X'l'z] = © 5 / exp(—<2— - s>|x|2> (L:ln/fl <— al
(m*]‘l’l’l/z) ”K ”2 n o m m|o
m—1 nil2

1(s)
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Writing out the polynomial, the integral above becomes
"= 14 n/2\ (m—14n/2\ (=D
Is)= Y I
m—1—k m—1—j Jk!jl(ma?)kt

k,j=0
2 2 2k+2;
X exp| = —— — s ) IxI” ) Ix] dx.
n o m

A quick calculation shows that for a > 0,

el b dy — 7"? T(n/2+b/2)
" ath)/2  T(n/2)

(D.1)

Then

/2 — (m—=14n/2\(m—1+n/2
2/e?m = s)"*T(n/2) Z <m—1— )( m—1-—j )
I(s) = " (=D*T(n/2+k+))

: 2
k! j12 — sma2)kti ifs <2/a’m,

00 otherwise.

Foreach k, j € N,
m—14+n/2\/m—1+n/2 n .
' =+k
()G )

1 n 2m—2 n
- (m—l—k)!(m—l—j)!(§> F(E) asn — oo. (D.2)

So I(s) has the following asymptotic expansion for s < 2/a’m as n — 0o:

2/a2m — s)1/2\ 2 == Kjlm—1—=k)'(m—1—j)! (2 —sma2)kti’

From (4.3) and (D.2),

5 o mi n/2 n 2m—2 m—1 (_1)k+j 1
S 1Knl3 ~ ——— (- = Y e T s
( +/) 2 2 0k.].(m 1—k)!m—1—j )2

m—1 k,j=

D.3)
and, hence,
]E[eslxrt|2]

1 so’m —n/2 mz_:l (_1)k+j 1
? o KLt m =1 =1t m — 1= )12 — sma?)cts
m—1 ki 4
(=D 1
X|:k§0k!j!(m_l_k)!(m_l_j)!2k+j asn — oQ.

https://doi.org/10.1017/jpr.2018.49 Published online by Cambridge University Press


https://doi.org/10.1017/jpr.2018.49

780 F. BACCELLI AND E. O’REILLY

Thus,

1 sa’m .
(] = —Elog<1— 5 ) if s <2/a’m,

1
A(s) = nlgrgo . logE
o0 otherwise.

It is clear that 0 € (D(A))°, where D(A) = {s € R: A(s) < oo}. Thus, the Girtner—Ellis
conditions are satisfied. The rate function for the LDP can be computed with the optimization

A*(x) = sup[xr — A(A)] = sup[xA + %log( - %Aoﬂm)].
reR reR

Then, since

0 d et 11 | ralm a’m N 2 1
= — — 10 — = _—— = —= - —,
TN 2 T . Zm 2%

the rate function is

A ) 2 N Lo (1), 2 1.1 o’m
X)=x—5———]+= -l Jam||)|=———=+= — .
a?m  2x 2 8 2\a2m  2x 2m 22 8\ 4y

Then, by the contraction principle (see [5]), the sequence | X,|/+/n satisfies an LDP with rate

function
A*) 2x2 1 n 11 a’m
xX)=———=+ zlog| — ).
o’m 22 & 4x2
Note that A*(x) = 0 if and only if x = La\/m, implying | X,|/v/n — Say/m. O

Appendix E

Proof of Proposition 4.1. For each n, let X, be a random vector in R" with density
KZ2/|Kyl3. From Lemma 4.1, for R < So/m,

li 1 loe P | Xl <R 2R? 1 n 11 a’m
im —=1Io =— ——+ =-log| — ).
n—oo n & ﬁ - a’m 2 2 g 4R?

Then, using (D.3), asn — oo,

> a’mmu )"/ S, (— 1kt 1

1
E[n,(RM)] = — | K, |13 ~ 2
[ (ROT = S5 1Knly ( 2 KT Gn = T =Bl — 1 = )1 2FF)

k,

Thus, from Lemma 3.1,

lim —2 log E{n.(Ba(ViIR))]
n—o0 n

. 1 " . 1 [ Xnl
= lim ——logE[n,(R")]+ lim ——logP <R
n—0oo n n—oo n

S
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1 mw 2R 1 1 a’m
—p—loga—§10g<—)+(2———+—10g< )) O<R<%aﬁ,

. 2 arm 2 2 4R2
B 1
—p —loga — 3 log<%>, R > %a./m

1 2R? .
—p — 5log2re+ —— —logR, 0 <R < jzaym,
2 acm

1
_p—loga—zlog<%), R > Yaym,

and the proof is complete. ]

Appendix F

Proof of Lemma 4.2. Since, for all n, K n€C 2(IR”), Parseval’s theorem implies that

! /—M”@)Ié@ds (E1)
IKpl2 Jen @)% "0 '

E[|X,[?] = f 2K, (02 dx =

2
1 Knll3

To compute the Laplacian of K, we first note that for each i,

82 —lax|” 0 v v—=2  —lax|”
el = (g x| 2e ol
ax; 0Xx;
d
— _vale|l)—ze—|0tx|v _ Vav.x[' <_|x|\)—2>e—c{)€U + (va\)xi |X|U—2)2e—|0lx|v
i
— v — — —
=e 1 —pa|x P2 —v(v — 2)a”x?|x|” 44 vzaz"xiz|x|2" 4
=e I 22 X P — v (v = 2)a” |x ") — va|x]"72).
Then

n

82

Aol = 3" — el
L~ §x2
i=1 1

- Xn:e—lwl”(xf(v2a2”|x|2“—4 — v =2)a"x]"™ — va’|x|"7?)
i=1
— e—|ax|”(|x|2(v2a2v|x|2v—4 — v — 2)au|x|v—4) _ nvav|x|v—2)
=e 1 202X 1272 — (W (v — 2)a” + nva®) x|V 7).
Thus, from (4.6) and (F.1),
['(n/2+ Dal2"Y
4272 (n/v + 1)

E[|X,|*] =

X / e 2l " (v — 2)” 4+ nval)[x|"72 — v2a’ x| 72) dx
n

_ T(n/2+ a2y
© Ar2an2T(n/v + 1)

X |:(v -2+ n)/ x|V 2 2lenxl" gy — va, / e 2lanxl” | 2v=2 dxi|.
Rn Rn
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Then, using (D.1),

E[|X,)*] =

" ol tvon/vy _va;jl“((n +20=2)/v) W=24+mI((n+v—2)/v)
42T (n/v +1) p2(+2v=2)/v 1 +2v=2 V2(1+v=2) /v +v=2

22/"055 w—2+n) _(n-2 v _(n—2
=n r +1)--T +2
472 (n/v + 1) 2 v 4 v

220 ((n—2)/v+ D[n v 1
- 42T (n/v + 1) [_ ___}

4 4 2f

From the asymptotic formula for the gamma function, as n — oo,

]E[lX |2] 05322/\) v ve n/v 2n(n —2) (n —2 (n—=2)/v " . ; |
~n v (ve " v 1
n 472 2nn\ n » e Y173
@222V =2 N Ny
N (S SS— N R
oV ve

n
~ p22/v g2 @2v)*"
"ol6m?

173172

1/v—1/2

By assumption, o, ~ an for some constant @ € (0, oo). Thus,

. ENXa21 0 ,eu*Y
lim =« .
n—00 n 167‘[2

For the second moment of | X,,|?, Parseval’s theorem is applied again and we obtain

1 (AR, (§))?
1K I3 Jre Q)

1
1K 113

E[(1X.1P)%] = fR n(|x|21<n<x)>2dx = dé.

Then, by the above computation of the Laplacian of K , (4.6), and (D.1),

T(n/2 + D2V v2a2”
Qm)*a"/2T(n/v + 1)

E[(1X,[*)?] =

X / e—2|0tnX|v(va;l)|x|2V—2 _ (V -2 + n)|x|v—2)2 d)C
n

T(n/2 + Da'2"Vv2a2”
Qm)*a"/ 2T (n/v + 1)

— v —
X [(Ua;)zf e 2|Olnxl |x|4l} 4dx
Rn

—2va, (v —2+n) e 2lenx " | B4 qx
Rﬂ

+(v—2+n)2/

e—2|01,,x\” |x|2v—4 dx]
Rn
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. o222 T (val)?T((n +4v — 4)/v)
Qm)* T (n/v+1) v2("+4"—4)/"a,’l’+4”_4

2vay (v =24+ ((n+3v—4)/v)
- V2 (n+3v—4) /v 304

v —24n)2T((n+2v— 4)/v):|

p2(+2v—4) /v n+2v—4

wI((n—4)/v+4) 20 —=2+mT((n—4)/v+3)
24 - 23

w—2+4+n)T((n—4)/v+ 2)]
+
v22

2l -4 v+ D[ (n—4 n—4 n—4a

= Q) Ty + 1) [2_4< y H)( y +2>< v “)
v2(n+v—2) n—4 n—4
-y ( +2)( . +1)

vin+v—22/n—4
1
S ()
24at T((n —4)/v+ 1) <n3 nonl

_ roor ~ 3
=M amt  Tawtn \a Tz T tel )>

2t (= v+1) [ 1
_ 4 n -
T2t T T+ 1) (16 +0(1))

424/va;‘\/T ve\"" [2m(n—4) (n— 4D/
~n (=
162m)*Y 2nn \ n v ve
—4
o [T (Y ()
n n ve 16(2m)*
L @y 20)*Y
16Q21)%

n24vy2qct
~ @0 @/v+ 1)[

~ntn—4)
Again, since o, ~ anl/v=1/2

2y2 4/v
El(X, %] = 0¢?) and  lim —LXnlD7] 4 GV)

oo a2 Y16t

Note that this limit is exactly the square of the limit of the expectation of | X, |>/n, implying that

X2\ _ EL(Xa)?] (E[X,]
var n2 = —

n2

2
> — 0 asn — oo.
n

Thus, by Chebychev’s inequality,

1Xnl = Q)Y
>« . g
NG 4
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Appendix G

Proof of Proposition 4.3. First, for k > 0, we see that

/ Ix|FK (x)* dx
]Rn

_ f k( npry(o+1)/2 (a +n+ 2) Jotm2Qlx/al /(0 + 1)/ n)/i))2
= [x|*(e"’2 r dx
! 2 Qlx/al/(o +n)/2)etn/2
_ 2op(etmp <a +n+ 2)2 f [ Joxmp@lx/aly(o T m)/2 m/2)*
Rn

2 Qlx /el £ m )t
2
_ 2monotnp o+n+2 27/2
2 ['(n/2)

9 /°° =1k Jo+m2Q(r/a)/ (o +n)/2)* dx
0 Q(r/a)/(o +n)/2)@+m ’
and by the change of variables y = ((2/a)+/(c 4+ n)/2)r, we have
27" (0 4 n + 2)/2)?
I'(n/2)

« /"" 2 fotn\ T Joump0? (2 fo )T
0 \« 2 yot+i-k a 2 Y
2npHo+tn Znn/zr((a +n+ 2)/2)2ak+n /-oo J(o+n)/2(y)2
[(n/2)2(c +n) kw2 J, yori-k
Foro + 1 — k > 0, from [19, Equation (10.22.57)],

/°° Jornp O (/2 +k/2)0(0 +1—k)
o yorik T 20k (6 — k)2 + D20 —k/2+n/2+ 1)

ean 20 +n

= dy

and, thus,

znn/ZF((O. +n4+ 2)/2)2ak+n
T (1/2) 20 + ) &+n/2
y T(n/2+k/2)T (0 + 1 —k)
20k (0 — k/2 + D2T (0 —k/2 +n/2 + 1)
_onp @)L (0 40+ 2)/2)
—° (@ + M)W (n/2)
T(n/2+k/2T (0 +1—k)
T —k/2+ DT —k24n2+ 1)

/ Ix|*K (x)? dx = e*P20+"
]Rn

Then, foro > 0,
Bl = s [ 1K 0
Q)Mo 220 (6 +n +2)/2)*T (/2 + 1/2)I (o)
= (0 + 2T (/2)0 (o + 1)/2)2T (o — 1/2+n/2+ 1)
(0 +n)"*T'(6/24+ 1)’T(c +n/2+1)
Qm)2aT (o + DI (0/2 +n/2 + 1)2
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_ a2l/? T(n/2+1/2)T () (0/2 + 1)°T (0 +n/2+ 1)
T (0 +nm)!2C(n/2) T(6/2+41/2)2T (0 +n/2+1/2)T(c + 1)
a2l/? I'(n/2)(n/2)?T(0)T (/2 + 1)?T(n/2)(n/2)° !

- (c+m'2T(n/2)  T((o+1)/2)2T(n/2)(n/2)°+/2T' (o + 1)
a2'2 (n/2)T (o) (0/2 + 1)?
T O +mI2T (o +1)/2)T + 1)
i« T)l(e/2+ 1)2
2127 ((0 + 1)/2)°T (o + 1)
=0mn'"?).

Now, let 8 > % By Markov’s inequality,

E[7, (Bn (R1P)* E[|X
i EOBRADO) e i EDXa
n— 00 E[nn(R”)] n— 00 n—oo Rnb

Appendix H

Proof of Proposition 4.4. First, from [8, Equation (6.576.3)], we have, for all v > 0 and
k>2v—1,

00 2 —2+4k . k+1 2
2 1+k k+1 1 +k
/ (L) dr = (R e (2R ), @
0 o T(1+k) 2 2 2

where K, is the modified Bessel function of the second kind.
For the Whittle—-Matérn kernel (4.10),

22—2\) 2v 2
/ K, (x)*dx =/ e x| K, L} dx
0 n Fw)? o?v o
2 2-2 2
= 2"/ g2 2 2v2 /Oor"_lrz"Kv<£> dr
I'(n/2) Cw)“a= Jy o

_ 2

o 2nn/2 22 2v 00 1420 r

=W ——— r Kyt =] dr.
I'(n/2) T(v)2a? Jy o

Then, from (H.1),
2 _ 2
/00 r”_1+2”KU r dr = 27T r nt2v +v | nt2v r nt2v -V
0 o I'(n+2v) 2 2 2

2=3+n+2v ,n+2v n n 2 n
=— I (=+2v ' =4+Vv]) | = ).
I'(n+2v) 2 2 2
Similarly,

2 n/2 22—2v [ee) 2
/ X2 K, (x)? dx = > e / PR ) an
, T(/2) T2 Jy p

and also from (H.1),
1) 2 —14n+2v ,n+2+2v 2
2 o n n n
n+1+2vK i dr = I — 2 17| = 1 ry - 1
/0 r n(a) r Ft2+2v) 2+ v+ 2+v+ 2+
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Then
Jgo 1x12 Ky (x)* dx

2
BIIXP = e
Qa)2T(n + 20T (/2 4+ 2v + DI(/2 + v+ D2C(m/2 + 1)
- T(n+2+20)[(n/2 + 20)T (n/2 + v)2T'(n/2)
(2a)2(n/2 + 2v)(n/2 + v)*(n/2)
- 4+ 1+20)(n +2v)

Ol2
~ > n o asn — oo,

E[|X,1'? «
_— > — asn — oQ0.
N

Thus, since the Whittle-Matérn kernel is log-concave, the conclusion holds by Theorem 3.2
and the proof is complete. O

and this implies

Appendix I
Proof of Proposition 4.5. First, recall that the beta function satisfies
1 o]
r'x)r
B(x,y) = / AN = e = / FN )T dr = LT
0 0 F(x+y)

Then, for any k > 0,

2np

e

/ |x|k dx
re (L4 |x/a, )2

2nn/2 00 l"2 —2v—n
= e r”_H'k(l + —2) dr

/ Ix|* K, (x)% dx
Rn

['(n/2) Jo P
2
_ o2mp 4 ok /ootn/2—1+k/2(l+[)—(2v+n) dar
T(n/2) "
n/2 k k
=62"'°T[—ozﬁ+kB z—I——,2v—i—ﬁ—— .
T(n/2) 22 2 2

Thus, the expectation of | X, 12 is

E[|X,|*] =

”Kn”% /R" Ix|2K, (x)? dx

2 B(n/2+1,2v+n/2-1)
=TT B2, 20+ 1/2)
_ HT(m/2+ DI Qv +n/2 — DI (n + 2v)
ST T 420 (m/2)T 2v +n/2)

5 n
=0, —
"2n/2+2v —1)
_ n
S M4y =2
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and
BX [ = ot B2 2204 0/2=2)
" B(n/2,2v +n/2)
JTm/24+2)TQv+n/2 =2)T(n +2v)
T (4 20T (/)T (20 + 1/2)

o (/2 + 1)n/2
T 2 n2 -2 +n/2—1)
4 nn+2)

T Ay — Dt 4v—2)

Thus, by the assumption that or;, ~ an'/? as n — oo for some o > 0,

E[1X,|? X, |?
fim Xl o g m YA XAD

n— 00 n n—o00 n2

0.

Thus, by Chebychev’s inequality, | X, |/v/7 — c. O

Appendix J
Proof of Proposition 5.1. By Proposition 4.1,

1 2R?
. 1 —p—§10g2ne+%—logR, 0<R<%oe«/m,
Jim —— InEl, (B, (VaR))] =

1 14
—,o—logoz—ilong, R>%aﬁ.

Recall that lim,, o (1/7) InE[®,(B,(v/AR))] = p + % log2me + log R. Thus,

i 1. E[n.(B,(v/nR))]
im ——1In
n>o00 n  E[®,(B,(v/nR))]

_ lim —%mE[nn(Bn(ﬁR))H%mE[cbn(Bn(ﬁR))]

n—oo
1 2 1 |

—p— s log2re+ —— —logR + p + - log2re +logR, 0 < R < za/m,

— 2 a’m 2

1 mw 1 |

—p—loga—Elog7+p+zlog2ne+logR, R > 50./m,
2R?

I e 0<R< %om/m,

% +log2 —loga — %logm +1logR, R> %aﬂ,
and the proof is complete. ]
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