Poisson Point Process Convergence and Extreme
Values in Stochastic Geometry

Matthias Schulte and Christoph Thiéile

Abstract Let 7, be a Poisson point process with intensity measure tu, t > 0,
over a Borel space X, where p is a fixed measure. Another point process & on
the real line is constructed by applying a symmetric function f to every k-tuple
of distinct points of 7. It is shown that & behaves after appropriate rescaling like
a Poisson point process, as t — oo, under suitable conditions on 7, and f. This
also implies Weibull limit theorems for related extreme values. The result is then
applied to investigate problems arising in stochastic geometry, including small cells
in Voronoi tessellations, random simplices generated by non-stationary hyperplane
processes, triangular counts with angular constraints, and non-intersecting k-flats.
Similar results are derived if the underlying Poisson point process is replaced by a
binomial point process.

1 Introduction

This chapter deals with the application of the Malliavin—-Chen—Stein method for
Poisson approximation to problems arising in stochastic geometry. More precisely,
we will develop a general framework which yields Poisson point process conver-
gence and Weibull limit theorems for the order-statistic of a class of functionals
driven by an underlying Poisson or binomial point process on an abstract state space.

To motivate our general theory, let us describe a particular situation to which our
results can be applied (see Remark 4 and also Example 4 in [29] for more details).
Let K be a convex body in R4, d > 2, (that is a compact convex set with interior
points) whose volume is denoted by £,(K). For ¢ > 0 let 7, be the restriction to K of
a translation-invariant Poisson point process in R with intensity ¢ and let (6,),-¢ be
a sequence of real numbers satisfying 1>/, — oo, as t — oo. Taking 7, as vertex
set of a random graph, we connect two different points of 7, by an edge if and only if
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their Euclidean distance does not exceed 6,. The so-constructed random geometric
graph, or Gilbert graph, is among the most prominent random graph models (see
[25] for some recent developments and [22] for an exhaustive reference). We now
consider the order statistic & = {M,(m) : m € N} defined by the edge-lengths of
the random geometric graph, that is, M,(I) is the length of the shortest edge, M,(Z) is
the length of the second-shortest edge etc. Now, our general theory implies that the
rescaled point process 1>/¢£; converges towards a Poisson point process on R with
intensity measure given by B — fd |, B u?= du for Borel sets B C R4, where B =
kq4€q4(K)/2 and Kk, stands for the volume of the d-dimensional unit ball. Moreover,
it implies that there is a constant C > 0 only depending on K such that

< € max{ydt!, y2) 274

m—1 dni
2/d p (m) ) =By (By)
P (t M >y e ; i

foranym € N,y € (0,7*/96,) and ¢ > 1. In particular, the distribution of the rescaled
length 72/ dM,(l) of the shortest edge of the random graph converges, as t — 0o, to a
Weibull distribution with survival function y > ¢, y > 0, at rate 2/,

Our purpose here is to establish a general framework that can be applied to a
broad class of examples. We also allow the underlying point process to be a Poisson
or abinomial point process. Our main result for the Poisson case refines those in [29]
or [30] and improves the rate of convergence. Its proof follows the ideas of Peccati
[21] and Schulte and Thile [29], but uses the special structure of the functional
under consideration as well as recent techniques from [20] around Mehler’s formula
on the Poisson space. This saves some technical computations related to the product
formula for multiple stochastic integrals (cf. [ 18], in this volume, as well as [19, 32]).
In case of an underlying binomial point process we use a bound for the Poisson
approximation of (classical) U-statistics from [1]. As application of our main results,
we present a couple of examples, which continue and complement those studied in
[29, 30]. These are

1. Cells with small (nucleus-centered) inradius in a Voronoi tessellation.

2. Simplices generated by a class of rotation-invariant hyperplane processes.

3. Almost collinearities and flat triangles in a planar Poisson or binomial process.
4. Arbitrary length-power-proximity functionals of non-intersecting k-flats.

The rest of this chapter is organized as follows. Our main results and their
framework are presented in Sect. 2. The application to problems arising in stochastic
geometry is the content of Sect. 3. The proofs of the main results are postponed to
the final Sect. 4.
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2 Results

Let n, (t+ > 0) be a Poisson point process on a measurable space (X, Z") with
intensity measure i, := tu, where u is a fixed o-finite measure on X. To avoid
technical complications, we shall assume in this chapter that (X, .2") is a standard
Borel space. This ensures, for example, that any point process on X can almost
surely be represented as a sum of Dirac measures. Let further k € Nand f : X¥ — R
be a measurable symmetric function. Our aim here is to investigate the point process
& on R which is induced by 7, and f as follows:

1
& = X! Z 8f (et - M

[CIR TS

Here nf £ stands for the set of all k-tuples of distinct points of 1, and &, is the unit
Dirac measure concentrated at the point x € R. We shall assume that

wi(F ' ([=s.5])) <oo  forall s>0,

to ensure that & is a locally finite counting measure on R.

For m € N we denote by M,(m) the distance from the origin to the m-th point of &,
on the positive half-line Ry := (0, 00), and by M,(_m) the distance from the origin to
the m-th point on the negative half-line R_ := (—o0, 0]. If & has less than m points
on the positive or negative half-line, we put M,(m) = oo or M,(_m) = 00, respectively.

Fix y € R and for y;, y, € R define

1 _ _
@ (1.y2) ::E/]l{t < f e ox) < 2 )
Xk

We remark that, as a consequence of the multivariate Mecke formula for Poisson
point processes (see [18, formula (1.11)]), o;(y1, y2) can be interpreted as

1
o, (yi,y2) = EE Z W7y <flxr,...,x) <t 7y},

which is the expected number of points of & in (7 Vy;,t 7 y,] if y; < y, and zero if
y1 > y». Moreover, let, for k > 2,

2
n(y) = max / ( / 11{|f(x1,...,xk>|sr—Yy}u’;—%d(xm,...,xk»)

x¢ Xk—t
1y (dxr, . xe))

fory>Oandputr, =0ifk = 1.
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Theorem 1 Let v be a o-finite non-atomic Borel measure on R. Then, there is a
constant C > 1 only depending on k such that

m—1 i
‘P(ﬂMﬁ’"’ > ) =@ 3 MO 0,3 0301+ )

i=0

and

m—1 i
o = ) - 0 S MO < (0 - a0+ )
i=0 :

forallm € N andy > 0. Moreover, if

tl_l)rgo a(v1,y2) = v((1,y2]) for all y1,y2 € Rwith y; <y, (2)
and
lim r,(y) =0 for all y>0, 3)
—>00

the rescaled point processes (' &;)~o converge in distribution to a Poisson point
process on R with intensity measure v.

Remark 1 Let us comment on the particular case k = 1. Here, the point process
&, is itself a Poisson point process on R with intensity measure derived from «;, as
a consequence of the famous mapping theorem, for which we refer to Sect. 2.3 in
[16]. This is confirmed by our Theorem 1.

Remark 2 Theorem 1 generalizes earlier versions in [29, 30], which have a similar
structure, but where the quantity

)= sup (G, ) € XU
(&1, x)ext
1<l<k—1
[fGr, .. XXt )| S 7Y

for y > 0 is considered instead of ,(y). It is easy to see that r;(y) and 7(y) are
related by

r(y) < ing(xt(—y —e&,y)r(y) forall y=>0.
£>

In particular, this means that the rate of convergence of the order statistics in
Theorem 1 improves that in [29, 30] by removing a superfluous square root from
7:(y). Moreover and in contrast to [29, 30], the constant C only depends on the
parameter k.
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In our applications presented in Sect. 3, the function f is always strictly positive
so that & is concentrated on R.. Moreover, the measure v will be of a special form.
The following corollary deals with this situation. To state it, we use the convention
that o, (y) := «,(0,y) fory > 0.

Corollary 1 Let 8, t > 0. Then there is a constant C > 0 only depending on k such
that

m—1 T)i
oM > -t 3 P g o1+ criy
i=0 ’

forallm € Nandy > 0. If, additionally,
lim o;(y) = By° and lim r,(y) =0 for all y>0, 4)
—>00 —>00

the rescaled point processes (' &)~o converge in distribution to a Poisson point
process on R with the intensity measure

v(B) = Bt / ul'du, B C Ry Borel. %)
B

Remark 3 The limiting Poisson point process appearing in the context of Corol-
lary 1 is usually called a Weibull process on R, the reason for this being that the
distance from the origin to the next point follows a Weibull distribution.

If u is a finite measure, i.e., if ©(X) < oo, one can replace the underlying
Poisson point process 7, by a binomial point process £, having a fixed number of n
points which are independent and identically distributed according to the probability
measure p(-)/un(X). Without loss of generality we assume that £(X) = 1 in what
follows. In this situation, we consider instead of &, defined at (1) the derived point
process .f;, on R given by

A 1
&n = E Z Sf(xl ~~~~~ Xk) o

(1) ELE L

where ¢ 5 £ stands for the collection of all k-tuples of distinct points of {,. Form € N

let M and MS™ be defined similarly as M and M\™ above with £, replaced by
&,. For n, k € N we denote by (n), the descending factorial n- (n—1)-...-(n—k+1).
Using the notation

() = O / L7y < fGctse o) <m0} 1E@Cer - ox0))

Xk
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RO = max () z/( /11{|f(x1,...,xk)|sn—Yy}

1<{<k—
x¢ Xk—L

2
e ,m)) W@ x0)

for y1,y2,y € R, we can now present the binomial counterpart of Theorem 1.

Theorem 2 Let u be a probability measure on X and v be a o-finite non-atomic
Borel measure on R. Then, there is a constant C > 1 only depending on k such that

m—1 i
i .y o 0
1
i=0

< [v((0,y]) — @, (0,y)| + C(”n(}’) + (2 y))

and

‘P(nyl\?(_’"’ > y) — e V(30D Z V(( y’ 0]’ ‘

< (=, 0]) — (=, 0)| + C(rn(y) " M)
n

forallm € N andy > 0. Moreover, if
n11>nolo O{n(yl,yz) = U((yl,yz]) for all y1,y2 € Rwithy; <y,
and

lim r,(y) =0 for all y>0,
n—>oo

the rescaled point processes (n'§,),>1 converge in distribution to a Poisson point
process on R with intensity measure v.

As in the Poisson case, Theorem 2 allows a reformulation as in Corollary 1 for
the special situation in which f is nonnegative and v has a power-law density. As
above, we use the convention that «,(y) := «,(0, y) fory > 0.

Corollary 2 Let 8, t > 0. Then there is a constant C > 0 only depending on k such
that

m—1 T\i
Pty > ) - 3 BV < gy o) 4 C(n + 22)
i=0 ’
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forallm € Nandy > 0. If, additionally,

lim o,(y) = fy* and lim r,(y) =0 for all y>0,
n—>o00 n—>o00

the rescaled point processes (n'§,),>1 converge in distribution to a Poisson point
process on Ry with intensity measure given by (5).

3 Examples

In this section we apply the results presented above to problems arising in stochastic
geometry, see [11]. The minimal nucleus-centered inradius of the cells of a Voronoi
tessellation is considered in Sect. 3.1. This example is inspired by the work [5] and
was not previously considered in [29], although it is closely related to the minimal
edge length of the random geometric graph discussed in the introduction. Our
next example generalizes Example 6 of [29] from the translation-invariant case to
arbitrary distance parameters r > 1. In dimension two it also sheds some new light
onto the area of small cells in line tessellations. Our third example is inspired by
aresult in [31] and deals with approximate collinearities and flat triangles induced
by a planar Poisson or binomial point process. Our last example deals with non-
intersecting k-flats. The result generalizes Example 1 in [29] and one of the results
in [30] to arbitrary distance powers a > 0.

3.1 Voronoi Tessellations

For a finite set y # @ of points in R?, d > 2, the Voronoi cell v,(x) with nucleus
x € yx is the (possibly unbounded) set

v () ={zeR: lx—z|| < [¥ —z| forallx’ € y \ {x}}
of all points in R? having x as their nearest neighbor in y. The family
Vy={v,(x) 1 x €y}

subdivides R? into a finite number of random polyhedra, which form the so-called
Voronoi tessellation associated with y, see [27, Chap. 10.2]. For y = @ we put Vg =
{R?}. One characteristic measuring the size of a Voronoi cell v 4 (x) is its nucleus-
centered inradius R(x, y). It is defined as the radius of the largest ball included in
v, (x) and having x as its midpoint. Note that R(x, ) takes the value co if y = {x}.
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Define
R(V,) == min{R(x, x) : x € x}

for nonempty x and R(Vp) := oo.

In [5] the asymptotic behavior of R(V,) has been investigated in the case that
x is a Poisson point process in a convex body K of intensity ¢+ > 0, as t — oo.
Using Corollary 1 we can get back one of the main results of [5] and add a rate
of convergence to the limit theorem (compare with [5, Eq.(2b)] in particular).
Moreover, we provide a similar result for an underlying binomial point process.

Corollary 3 Let n, be a Poisson point process with intensity measure t{;|g, where
Lalk stands for the restriction of the Lebesgue measure to a convex body K and
t > 0. Then, there exists a constant C > 0 depending on K such that

‘P(tZ/d R(V,) > y) _ o2 kata(K)y < Cr¥4 max{y+! 2

forally > 0 and t > 1. In addition, if {, is a binomial point process with n > 2
independent points distributed according to £y(K)™" L4\, then

‘P("z/ TR(Vy,) > y) — ™2 Hald®| < € =2 maxfy?, )

fory > 0 and with a constant C > 0 depending on K.

Proof To apply Corollary 1 we first have to investigate o, (y) for fixed y > 0. For this
we abbreviate V,, by V; and observe that—by definition of a Voronoi cell—R(V,) is
half of the minimal interpoint distance of points from 7,, i.e.

| O
R(V)) = 3 rn1n{||x1 — x| : (x1,x2) € niyé}.

Consequently, we have

2 _
w® =5 [ [t -l =200 an
K K

7 7
=3 / La(K OV B, (x1)) dx; — ) / La(K OV By~ (x1)) dx1
R RIK
where BY(x) is the d-dimensional ball of radius » > 0 around x € R?. From

Theorem 5.2.1 in [27] (see Eq. (14) in particular) it follows that

2 2 _ _ _
) / Va(K N BS,—, (x1)) dx; = Eﬁd(K) ka(2yt ) =297 (K)kay' P77

R4
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Moreover, Steiner’s formula [27, Eq. (14.5)] yields

t2
5 [ knB,we

RI\K

IA

%" £yt ({z eRIN\K: inf ||lz 7| < ny_y})
€K

d—1
K _ _ s
?dtz(zyf Y aVi(K) @yt )
=0

where V((K), ..., V4—1(K) are the so-called intrinsic volumes of K, see [11] or [27].
Choosing y = 2/d, this implies that ¢, (y) is dominated by its first integral term and
that

o () = 27 eala(K)Y?| < €1 672/ max{y™™*!, y*)

for r > 1 with a constant ¢; only depending on K.
Finally, we have to deal with r;(y). Here, we have

2
n() = r3/ (/11{||x—y|| < 2yfy}dy) dx
K K

< LK) (171a2%7)? = La(K) 443y

In the binomial case, one can derive analogous bounds for «,(y) and r,(y), y > 0.
Since min(2/d, 1) = 2/d forall d > 2, application of Corollaries 1 and 2 completes
the proof. O

Remark 4 We have used in the proof that R(V,,) is half of the minimal inter-point
distance between points of 7, in K. Thus, Corollary 3 also makes a statement about
this minimal inter-point distance. Consequently, 2R(V,,) is also the same as the
shortest edge length of a random geometric graph based on 7, as discussed in the
introduction (cf. [25] and [22] for an exhaustive reference on random geometric
graphs) or as the shortest edge length of a Delaunay graph (see [11] or [6, 27]
for background material on Delaunay graphs or tessellations). A similar comment
applies if 7, is replaced by a binomial point process ,.

3.2 Hyperplane Tessellations

Let 3 be the space of hyperplanes in R?, fix a distance parameter » > 1 and a
convex body K C R4, and define as in [12, Sect. 3.4.5] a (finite) measure uonH
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by the relation

/ o(H) p(dH) = / / gt + puy LG + pu) N K # 0} " dpdur,
FH

sd—1 0

where ¢ > 0 is a measurable function on I, ut is the linear subspace of all
vectors that are orthogonal to u, and du stands for the infinitesimal element of the
normalized Lebesgue measure on the (d—1)-dimensional unit sphere S*~!. By 5, we
mean in this section a Poisson point process on J{ with intensity measure p, := tu,
t > 0. Let us further write for n € N with n > d + 1, ¢, for a binomial process on
H consisting of n € N hyperplanes distributed according to the probability measure
w(FH ™" .

If K = R4 in the Poisson case, one obtains a tessellation of the whole R? into
bounded cells. In this context one is interested in the so-called zero cell Z,, which
is the almost surely uniquely determined cell containing the origin. If r = 1, Z,
has the same distribution as the zero-cell of a rotation- and translation-invariant
Poisson hyperplane tessellation. If » = d, Zj is equal in distribution to the so-called
typical cell of a Poisson—Voronoi tessellation as considered in the previous section,
see [27]. Thus, the tessellation induced by 7, interpolates in some sense between
the translation-invariant Poisson hyperplane and the Poisson—Voronoi tessellation,
which explains the recent interest in this model [8, 9, 12]. For more background
material about random tessellations (and in particular Poisson hyperplane and
Poisson—Voronoi tessellations) we refer to Chap. 10 in [27] and Chap. 9 in [6] and
alsoto [11].

We are interested here in the simplices generated by the hyperplanes of 7,
or ¢,, which are contained in the prescribed convex set K. For a (d + 1)-tuple
(Hy,...,Hyy) of distinct hyperplanes of 7, or ¢, let us write [Hy, ..., Hyy] for

the simplex generated by Hy, ..., H;+| and define the point processes
1
§ = m Z Sea(iH ... Hd+1])]l{[Hls---st+l] - K}

d—+1
(H],...,H(H,I)EI’]L;

and

~ 1
& = m Z 54(1([H1 ----- Hd+1])]l{[H1"“’Hd+l] CK}'
(HyooHa ) €50E!

By M,(m) and ﬁ,(lm) we mean the mth order statistics associated with & and én,
respectively. In particular M,(l) and M." are the smallest volume of a simplex
included in K. Moreover, for fixed hyperplanes Hy, ..., H; in general position let
z(Hy,...,Hy) == H; N...N H, be the intersection point of Hy,...,H,. By Hs,
we denote the hyperplane with unit normal vector u € S¢~! and distance § > 0 to
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the origin. The following result generalizes [29, Theorem 2.6] from the translation-
invariant case r = 1 to arbitrary distance parameter r > 1.

Corollary 4 Define

1
ﬁ:m/ / ]l{Hlﬂ...ﬂHdﬂK?é@}IMTZ(Hl,...,Hd)V_I
'g.cdsdfl

x Lg([Hy, ... Hy,z(Hy, ..., Hy) + Hy )"V du p?(d(Hy, . . ., Hy)) .

Then 1“1tV and n@+VE, converge, ast — oo or n — oo, in distribution to a
Poisson point process on R4 with intensity measure given by

B+ E/u(l_d)/ddu
d
B

for Borel sets B C R.. In particular, for each m € N, td(dH)M,(m) and nd(d“)ﬁﬁm)
converge towards a random variable with survival function

m—1 1/dvi
yHeXP(—ﬁy‘/")Z(ﬁyi—,), y>0.

i=0

Proof Fory > 0 we have

1A+1
a(y) = ——— 1{[H,....H CcCK
0= [ e € K
:}fd+l
X Wy([Hy, ..., Hor]) <y ™ d(H L Hen))
For fixed hyperplanes H, . . . , H; in general position we parametrize H;4 by a pair

(8,u) € [0, 00) x S, where § is the distance of H; to the origin. Then ;(y) can
be rewritten as

1 o
a’(y)_z(d+1)!// /t 1{[H,...,Hs,Hs,] C K}

Fd §d—1 —00

x 1{€q([Hy. ... Hg, Hs,]) <yt 738" d8 du ! (d(Hy, ..., Hy)) .
(6)

Since the hyperplane Hj, has the distance |u’z(H;, ..., H;) — 8| to z(H. ..., Hy),
we have that

Ed([Hly e 7Hd7H8,u])
= |u"z(H, ... . Hg) = 8| Ca([H, ... . Hay2(H, . Ha) + Hiu)) -



266 M. Schulte and C. Thile

Lety = d(d + 1) and M := max{||z||""" : z € K}. For fixed H,, ..., H; € H? such
that Hy N ...NH;NK # @ and u € S*~! we can estimate the inner integral in (6)
from above by

o0
M/ A 2 (H .. Hy) — 8¢
—00
Kd([Hl, ..., Hy,z(Hy,...,Hy) + Hl,u]) < yt‘V}dé’
<2MUy([Hy, ... . Hy 2(Hy, ... Hy) + Hy)) "4y,

The hyperplanes H, — z(Hy,...,Hy),...,H; — z(Hy,...,Hy) partition the unit
sphere S into 24 spherical caps Si,...,8. Foreachu € §; (1 < j < 24y,
transformation into spherical coordinates shows that

La([Hy, ... Hg,2(Hy, ... Hy) + Hiu)) > cala(S)),

where ¢; > 0 is a dimension dependent constant and £,—(S;) is the spherical
Lebesgue measure of S;. Consequently, we have

M
Jd

x i/ (L)W du p?(d(H,, . . ., Hy))
ity \c Ca1(5))

= M/H{Hlﬂ...ﬂHdﬂK;é@}
Hcd
z y 1/d
| —— d
x;&i_l(&) (Cdﬁd_l(Sj)) pd(d(H, ... Hy)).

Since the last expression is finite, we can apply the dominated convergence theorem
in (6). By the same arguments we used to obtain an upper bound for the inner
integral in (6), we see that, for Hy,...,H; € H¢ and u € S !,

lim /ff“]l{[Hl,...,Hd,hn;,u]cK}]l{ed([Hl,...,Hd,Hgs,u])Syt‘y}ISI"l dé
—>00

—00
=20 {H\N...0HyN K # @} Lg([Hy.... . Hy.2(H. ... Hg) + Hy )7/
x [ul'z(Hy, ..., Hy)|""'yVe
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Altogether, we obtain that

lim o, (y) = By'/“.

—>00
By the same estimates as above, we have that, forany £ € {1,...,d},

r‘f/(f’“—‘ / W[H, .. Hass] C H Va(lHy, .. Har]) <y}
g.cl g.chrlfé

2
pati=t (d(H1£+1, o ,Hd+1))) ut (d(Hl, .. ,Hz))

Et‘Z/(Mr‘Z / /]]_{Hlm“'ﬂHde?éﬂ}yl/d

It gd—t §d—1
—1/d 2
Ca([Hys ... Ha z(Hyy oo Hy) + Hi )™ du N (d(Hesr,s - ,Hd)))

p(d(H,, ... Hy)) .

Hence, r;(y) — 0 as t — oo so that application of Corollary 1 completes the proof
of the Poisson case. The result for an underlying binomial point process follows
from similar estimates and Corollary 2. O

Remark 5 Although Corollary 1 or Corollary 2 deliver a rate of convergence, we
cannot provide such rate for this particular example. This is due to the fact that
the exact asymptotic behavior of o, (y) or «,(y) depends in a delicate way on the
smoothness behavior of the boundary of K.

Corollary 4 admits a nice interpretation in the planar case d = 2. Namely, the
smallest triangle contained in K coincides with the smallest triangular cell included
in K of the line tessellation induced by 5, or ¢, (note that this argument fails in
higher dimensions). This way, Corollary 4 also makes a statement about the area of
small triangular cells, which generalizes Corollary 2.7 in [29] from the translation-
invariant case r = 1 to arbitrary distance parameters r > 1:

Corollary 5 Denote by A, or A, the area of the smallest triangular cell in K of a
line tessellation generated by a Poisson line process 1, or a binomial line process
¢n with distance parameter r > 1, respectively. Then °A, and n°A, both converge
in distribution, as t — 00 or n — 00, to a Weibull random variable with survival
function'y — exp(—B y'/?), y > 0, where B is as in Corollary 4.
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3.3 Flat Triangles

So-called ley lines are expected alignments of a set of locations that are of
geographical and/or historical interest, such as ancient monuments, megaliths and
natural ridge-tops [4]. For this reason, there is some interest in archaeology, for
example, to test a point pattern on spatial randomness against an alternative favoring
collinearities. We carry out this program in case of a planar Poisson or binomial
point process and follow [31, Sect. 5], where the asymptotic behavior of the number
of so-called flat triangles in a binomial point process has been investigated.

Let K be a convex body in the plane and let u be a probability measure on
K which has a continuous density ¢ with respect to the Lebesgue measure £»|x
restricted to K. By 1, we denote a Poisson point process with intensity measure
W 1= ti, t > 0, and by ¢, a binomial process of n > 1 points which are independent
and identically distributed according to w. For a triple (x1, x2, x3) of distinct points
of 1, or ¢, we let O(x1, x2, x3) be the largest angle of the triangle formed by xp, x;
and x3. We can now build the point processes

1
&= g Z Sn—b(x112.15)

(CECES

and

,\ 1
& = s Z Sn—b(x112.15)

(1x.x3)€ss

on the positive real half-line. The interpretation is as follows: if for a triple
(x1,x2,x3) in 77 o or é‘ 3 the value 7w —6(x1, X2, x3) is small, then the triangle formed
by these points is flat i in the sense that its height on the longest side is small.

Corollary 6 Define

1
= / / / s(1—5) p(sx1 + (1 — ) [l — x> ds () e (dea).
K 0

Further assume that the density ¢ is Lipschitz continuous. Then the rescaled point
processes 3§, and n3§n both converge in distribution to a homogeneous Poisson
point process on Ry with intensity B, ast — 00 or n — 00, respectively. In
addition, there is a constant Cy > 0 depending on K, ¢ and y such that

m—l i
30 ,(m) By (By) -1
P(EM;™ >y)—e E o <Cyt
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and

m—1 i
]P’(n3M,(1’”) >y)—e P Z (,31_)'1) <G n!
i=0

forallt > 1,n>3andm € N.

Proof To apply Corollary 1 we have to consider the limit behavior of ¢, (y) and r;(y)
for fixed y > 0, as t — oo. For x1,x; € K and ¢ > 0 define A(xy, x2, ) as the set of
all x3 € K such that w — 0(x1, x2, x3) < &. Then we have

3
) = / / / L € A, 50y} 9(e) 9 (62) 0 (xs) ds dry di

K K K

Without loss of generality we can assume that x3 is the vertex adjacent to the largest
angle. We indicate this by writing x3 = LA(x, x»,x3). We parametrize x3 by its
distance 4 to the line through x; and x; and the projection of x3 onto that line, which
can be represented as sx; + (1 — s)x, for some s € [0, 1]. Writing x3 = x3(s, h), we
obtain that

1 oo
3
wt) =5 / / / / Lixa(s.h) € AGrxa,yi").xs = LA(x1. %2 x3)}

K K 0 —o©

X @(x1)@(x2)@(x3(s, ) [|lx1 — x2|| dhds dx; dx; .
The sum of the angles at x; and x; is given by

arctan(|h|/(sllx; — x2[1)) + arctan(|A|/((1 = s)[lx1 — x2[))) .

Using, for x > 0, the elementary inequality x — X% < arctanx < x, we deduce that

| n2
s(1=s)lxr —xa2f|  s2(1 = 5)?[lxy — x2|?
< arctan(|h|/(s[lx1 — x2|])) + arctan(|A[/((1 — s)||x; — x2]))
|h]

< —.
s(1 = s)[lx1 — x2|
Consequently, 7w — 0 (xy, x2, x3(s, h)) < yt~7 is satisfied if

Al < s(1 = s)|lxr —xa|lyr™”
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and cannot hold if
k] = s(1 = 9) [P — x| (7 + 2y°7%)
and ¢ is sufficiently large. Let A, ; be the set of all x;,x, € K such that
Bian—ry /21—l 1)+ Blanry 2y - (02) € K-
Now the previous considerations yield that, for  sufficiently large and (x1, x2) € Ay,

oo

1

A

E/ / 1{x3(s, h) € A(x1,x2, ¥ "), x3(s, h) = LA(x1, x2,x3)}
0

X |lx1 = xal| @(x1)@(x2)@(x3(s, h)) dh ds

1
=7 / (s(1 = 5)llvs — x2llyr ™ + Rt 52 9)) 1 —
0

X @(x)@(x2)@(sxy + (1 — s)xz) ds

1 oo
& _
+ E/ / 1{x3(s, h) € A(x1,x2, ¥ 7)), x3(s, h) = LA(xy, x2, x3) } |21 — x2]|
0 —oo

X p(x1)p(x2) (p(x3(s. 1) — @(sx1 + (1 = 5)x2)) dh ds

with R(x1, X2, s) satisfying the estimate |R(x1, X2, 5)| < 2s(1 —s)|Jx; —x2|[y*t~2. For
(x1,x2) & A, the right hand-side is an upper bound. The choice y = 3 leads to

lot: () — Byl

1
< / / s(1 =) = Py (e (e)p(sx1 + (1 —s)xa) dsd(xr. x2)

Kz\Ay.t 0

1
#2070 [ 5= =l pleptaen + (1 - 9x) dsdar.x)
K2 0

1 oo

/ / / Lin(s. ) € At x0 30 )1 — 6]l o))

K2 0 —oo

X @(x3(s, b)) — @(sx1 + (1 — $)x2)| dhds d(x1, x2) .

s

3
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Note that 6% (K \ Ay,) is of order 173 so that the first integral on the right-hand side
is of the same order. By the Lipschitz continuity of the density ¢ there is a constant
C, > 0 such that

lo(x3(s. h)) — @(sx1 + (1 = 9)x2)| < Cph.

This implies that the third integral is of order #~3. Combined with the fact that also
the second integral above is of order 173, we see that there is a constant Cy1 >0
such that

() = Byl = Cyar™

fort > 1.
For given x1, x, € K, we have that

/ll{x3 € A(xy,x2, ¥ V) }(x3) dxs < M/ 1{x; € A(xy,x2, ¥ V) }dxs
K K

with M = sup,cx ¢(z). By the same arguments as above, we see that the integral
over all x3 such that the largest angle is adjacent to x3 is bounded by

1
M / 51— 9)llxt —xallyr™ + 25(1 — )]l — xally2rOds
0

< 2Mdiam(K) (yr > + 2y%17%),

where diam(K) stands for the diameter of K. The maximal angle is at x; or x; if
x3 is contained in the union of two cones with opening angle 23y and apices at
x1 and x,, respectively. The integral over these x5 is bounded by 2Mdiam(K)?¢3y.
Altogether, we obtain that

/ 1{x3 € A(xy, x2, 9177 ) }o(x3) dx3
K

< 2Mdiam(K) (yr > + 2y*r %) + 2Mdiam(K)?*yr 3.

This estimate implies that, for any £ € {1,2},

2
¢ / (tH / Lixs € Aoy ) 1 (dKes . ,Ks)))u‘f(d(Kl, LKD)

K¢ K3—¢

< 7L MLy (K))~ (2Mdiam(K) (v~ + 2y%%) + 2Mdiam(K)?yi ) .
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Since the upper bound behaves like = for # > 1, there is a constant Cy» > 0 such
that

rt(y) = Cy,2t_1

for + > 1. Now an application of Corollary 1 concludes the proof in case of an
underlying Poisson point process. The binomial case can be handled similarly using
Corollary 2. O

Remark 6 We have assumed that the density ¢ is Lipschitz continuous. If this is not
the case, one can still show that the rescaled point processes 3£, and n3§n converge
in distribution to a homogeneous Poisson point process on Ry with intensity .
However, we are then no more able to provide a rate of convergence for the
associated order statistics M,(m) .

Remark 7 In [31, Sect. 5] the asymptotic behavior of the number of flat triangles
in a binomial point process has been investigated, while our focus here was on
the angle statistic of such triangles. However, these two random variables are
asymptotically equivalent so that Corollary 6 also delivers an alternative approach
to the results in [31]. In addition, it allows to deal with an underlying Poisson point
process, where it provides rates of convergence in the case of a Lipschitz density.

3.4 Non-Intersecting k-Flats

Fix a space dimension d > 3 and let ¥k > 1 be such that 2k < d. By G(d, k) let
us denote the space of k-dimensional linear subspaces of R?, which is equipped
with a probability measure ¢. In what follows we shall assume that ¢ is absolutely
continuous with respect to the Haar probability measure on G(d, k). The space of k-
dimensional affine subspaces of R is denoted by A(d, k) and for ¢ > 0 a translation-
invariant measure i, on A(d, k) is defined by the relation

/ ¢(E) j(dE) = 1 / / oL+ x) Luy () c(dL) ™
A(d k) G(d.k) L

where g > 0 is a measurable function on A(d, k). We will use E and F to indicate
elements of A(d, k), while L and M will stand for linear subspaces in G(d, k), see [11,
formula (1)] in this book. We also put . = ;. For two fixed k-flats E, F' € A(d, k)
we denote by d(E,F) = inf{||x; — x2|| : x1 € E, x € F} the distance of E and
F. For almost all £ and F it is realized by two uniquely determined points xp € E
and xr € F,ie. d(E,F) = |xg — xr||, and we let m(E, F) := (xg + xr)/2 be the
midpoint of the line segment joining xg with xp.

Let K C RY be a convex body and let n, be a Poisson point process on A(d, k)
with intensity measure u, as defined in (7). We will speak about 1, as a Poisson k-flat
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process and denote, more generally, the elements of A(d, k) or G(d, k) as k-flats. We
will not treat the binomial case in what follows since the measures w, are not finite.
We notice that in view of [27, Theorem 4.4.5 (c)] any two k-flats of n; are almost
surely in general position, a fact which from now on will be used without further
comment.

Point processes of k-dimensional flats in R have a long tradition in stochastic
geometry and we refer to [6] or [27] as well as to [11] for general background
material. Moreover, we mention the works [10, 26], which deal with distance
measurements and the so-called proximity of Poisson k-flat processes and are close
to what we consider here. While in these papers only mean values are considered,
we are interested in the point process & on R4 defined by

1
f1= 3 > Sugrye L{m(E.F) € K}
(EF)en; ,

for a fixed parameter a > 0. A particular case arises when ¢ = 1. Then M,(I),
for example, is the smallest distance between two k-flats from 7, that have their
midpoint in K.

Corollary 7 Define

14
=t / / (L. M](dL)s (M)
G(d.k) G(d.k)

where [L,M] is the 2k-dimensional volume of a parallelepiped spanned by two
orthonormal bases in L and M. Then, as t — oo, ?¥@=20E converges in
distribution to a Poisson point process on R4 with intensity measure

B+ (d— 2k)é / uld=2=ala gy, BCR, Borel.
a
B

Moreover; there is a constant C > 0 depending on K, ¢ and a such that

m—1 (,3 (d—zk)/a)i
P (2 (@20 Mr(m) > y) —exp (_ 'By(d—Zk)/a) Z Y

i!
i=1

<cC (yZ(d—2k)/a 4 yd—k+2(d—2k)/a) 1

foranyt>1,y>0andm € N.



274 M. Schulte and C. Thile

Proof Fory > 0 and ¢t > 0 we have that

t2
w) =5 / / L{d(E. F) < Y/, m(E. F) € K} w(dE)u(dF) .
A(dK) A(dK)

We abbreviate § := y'/?7/% and evaluate the integral

J:.= / / 1{d(E,F) <6, m(E,F) € K} u(dE)u(dF) .
A(d k) A(d k)
For this, we define V := E+ Fand U := VX and writt Eand Fas E = L + X1
and F = M + x, with LM € G(d.k) and x; € L+, x, € M*. Applying now

the definition (7) of the measure pu and arguing along the lines of the proof of
Theorem 4.4.10 in [27], we arrive at the expression

] ] frome (- (22)

G(dk) Gdk) U U

X L{|lxr — x2|| < 8} La—ox(dx1)la—2k(dx2) s (dL)s (dM) .

Substituting u = x; — x2, v = (x; + x2)/2 (a transformation having Jacobian equal
to 1), we find that

j:/ ///[L’W%(Kﬂ(V+v>)11{||u||55}
G(d k) G(dk) U U ®

La—x(du)ly—x(dv)s(dL)s(dM) .
Since U has dimension d — 2k, transformation into spherical coordinates in U gives

8

/ 10l < 8) du = (d — K)ican / P G = e 81
U 0

Moreover,

[ a0 v+ o) o) = tatky
U
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since V = U+, Combining these facts with (8) we find that
1= ks [ [ LMsans@m
G(d.k) G(d.k)
and that
1
) = 5 Lal®)aay 2002 [ [ pcanygam .
G(d.k) G(d.k)

Consequently, choosing y = 2a/(d — 2k) we have that

o (y) = By

For the remainder term r,(y) we write

2
r(y) =1t / (r / L{d(E,F)* <y, m(E,F)eK},u(dF)) (L(dE) .
A(dK) AWk

This can be estimated along the lines of the proof of Theorem 3 in [30]. Namely,
using that [-, -] < 1 and writing diam(K) for the diameter of K, we find that

r(y) < tiq_(diam(K) + 277 y)d* / (t / / T{x]|* <y}

Gb) Gk (L4
2
ey (diam(K) /2)* ed_Zk(dx)g(dM)) o(dL)

< tig—i(diam(K) + 2677 y) " (ticgox (v ) 420 e (diam(K) /2)*)

= kgt (diam(K) 4 2724/ @=20yyd=ke 2 2 (diam(K) /2)% y? @0 a1
where we have used that y = 2a/(d — 2k). This puts us in the position to apply
Corollary 1, which completes the proof. O

Remark 8 A particularly interesting case arises when the distribution ¢ coincides
with the Haar probability measure on G(d, k). Then the double integral in the
definition of 8 in Corollary 7 can be evaluated explicitly, namely we have

(d;k)Kc%—k

L M) c(dL)c(dM) =
[[ (@S = gt St

G(d k) G(d.k)

according to [13, Lemma 4.4].
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Remark 9 Corollary 7 generalizes Theorem 4 in [30] (where the case a = 1 has
been investigated) to general length-powers a > 0. However, it should be noticed
that the set-up in [30] slightly differs from the one here. In [30] the intensity
parameter ¢ was kept fixed, whereas the set K was increased by dilations. But
because of the scaling properties of a Poisson k-flat process and the a-homogeneity
of d(E, F)%, one can translate one result into the other. Moreover, we refer to [14]
for closely related results including directional constraints.

Remark 10 In [29] a similar problem has been addressed in the case where ¢
coincides with the Haar probability measure on G(d, k). For a pair (E, F) € ni £
satisfying ENK # @ and FNK # @, the distance between E and F was measured by

dg(E,F) = inf{|x; —x;|| : x1 e ENK, x, € FN K},

and it has been shown in Theorem 2.1 ibidem that the associated point process

1
£ = 3 Z Saper ENK # 0, FNK # 0}
(EF)en?

converges, after rescaling with 2/(¢=2X  towards the same Poisson point process as
in Corollary 7 when ¢ is the Haar probability measure on G(d, k) and a = 1.

4 Proofs of the Main Results

4.1 Moment Formulas for Poisson U-Statistics

We call a Poisson functional S of the form

S = Z f(xl,...,xk)

(X1 XK €Ny 2

with k € Ny := NU{0} and f : X* — R a U-statistic of order k of 7, or a Poisson U-
statistic for short (see [17]). For k = 0 we use the convention that f is a constant and
S = f. In the following, we always assume that f is integrable. Moreover, without
loss of generality we assume that f is symmetric since we sum over all permutations
of a fixed k-tuple of points in the definition of S.

In order to compute mixed moments of Poisson U-statistics, we use the following
notation. For £ € N and ny,...,n; € Ny we define Ny = O, N; = Z}:l nj, i €
{1,...,4£}, and

N,'_ 1,...,Ni s Ni_ <Ni .
gz Wit boNersNe g
a, Ni—1 =N;
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Let [1(ny,...,ng) be the set of all partitions o of {1,...,N¢} such that for any
i € {l,...,£} all elements of J; are in different blocks of o. By |o| we denote
the number of blocks of o. We say that two blocks B; and B, of a partition o €
I (ny,...,ng) intersect if there is an i € {1,...,£} such that By N J; # 0 and
B, N J; # §. A partition o € I1(ny,...,ny) with blocks By,...,B|y belongs to
I:I(nl, ..., ny) if there are no nonempty sets My, M, C {1,...,|o|} withM; "M, =
@ and My UM, = {1,...,|o|} such that for any i € M, and j € M, the blocks B;
and B; do not intersect. Moreover, we define

MNy(ny,....,ng) =10 €(ny,...,ng) :|o| > min{ny, ..., net}.

If there are i,j € {1,..., £} withn; # n;, wehave [T (ny,...,ng) = I1(ny,...,ng).

Foro € I1(ny,...,ng) andf : XM — R we define f, : XI°! — R as the function
which arises by replacing in the arguments of f all variables belonging to the same
block of o by a new common variable. Since we are only interested in the integral
of this new function in the sequel, the order of the new variables does not matter.
For f@ : X" — R,ie{l,...,}, let ®_ @ : XM — R be given by

L

(&1 M) @ oxw) = [ [F 20w 410w -

i=1

The following lemma allows us to compute moments of Poisson U-statistics (see
also [23]. Here and in what follows we mean by a Poisson functional ¥ = F(1,)
a random variable only depending on the Poisson point process 7, for some fixed
t>0.

Lemmal Forf e N andf(i) € Li (uy)y with k; € No, i = 1,..., 4, such that

/ (&L, /) lduf! <oo  forall o€ Mk,... k),

xlol

let

Il
—_
~

S; = Z f(i)(xl,...,xki), i

and let F be a bounded Poisson functional. Then

E[F.ljs"]: > /(®f=1f“’)a(%--~xwl)

o €I1(ky,....k¢)

xlol

lo|

<E[F[n+> 8 || w@Gr.....x00).

i=1
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Proof We can rewrite the product as

L
Fo [T D2 rPe.....x)

i=1 i

= Z Z (®i=1 f?), (x1,....xieDF (1)

o€l (ky,..., k¢) (x1

since points occurring in different sums on the left-hand side can be either equal or
distinct. Now an application of the multivariate Mecke formula (see [18, formula
(1.11)]) completes the proof of the lemma. ]

4.2 Poisson Approximation of Poisson U-Statistics

The key argument of the proof of Theorem 1 is a quantitative bound for the Poisson
approximation of Poisson U-statistics which is established in this subsection. From
now on we consider the Poisson U-statistic

Sa=— > L{f(x.....x) €A},

where f is as in Sect.2 and A C R is measurable and bounded. We assume that
k > 2 since S, follows a Poisson distribution for k = 1 (see Sect.2.3 in [16], for
example). In the sequel, we use the abbreviation

1
h(xl,...,xk) = E]l{f(xl,...,xk) EA}, Xiy..., X, € X

It follows from the multivariate Mecke formula (see [18, formula (1.11)]) that
sp = E[S,] = / h(xr, .. .ox0) idx, .. ) .
Xk

In order to compare the distributions of two integer-valued random variables Y and
Z, we use the so-called total variation distance dry defined by

drv(Y,Z) = sup |P(Y € B)—P(Z € B)|.
BCZ
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Proposition 1 Let Sy be as above, let Y be a Poisson distributed random variable
with mean s > 0 and define

2
0A ‘= max /( /h(xl,...,xk),ul,‘_[(d(xgﬂ,...,xk))) ,uf(d(xl,...,xz)).

1<{<k—1
x¢ Xk—t

Then there is a constant C > 1 only depending on k such that

1
dTv(SA,Y) < ISA—S| + len{l,s—} 0A - ©))
A
Remark 11 The inequality (9) still holds if Y is almost surely zero (such a ¥ can be
interpreted as a Poisson distributed random variable with mean s = 0). In this case,
we obtain by Markov’s inequality that

dTv(SA, Y) = P(SA > 1) < [ES; = s4.

Our proof of Proposition 1 is a modification of the proof of Theorem 3.1 in [21].
It makes use of the special structure of S4 and improves of the bound in [21] in case
of Poisson U-statistics. To prepare for what follows, we need to introduce some
facts around the Chen—Stein method for Poisson approximation (compare with [3]).
For a function f : Ny — R let us define Af(k) := f(k + 1) — f(k), k € Ny, and
A%f(k) := f(k +2) —2f(k + 1) + f(k), k € Ny. For B C Ny let f3 be the solution
of the Chen—Stein equation

1{k e B —P(Y € B) = sf(k + 1) —kf(k), keNp. (10)

It is known (see Lemma 1.1.1 in [2]) that f3 satisfies

) 1
il <1 and 4o < min 1,04 =1 an

where | - ||oo is the usual supremum norm.

Besides the Chen—Stein method we need some facts concerning the Malliavin
calculus of variations on the Poisson space (see [18]). First, the so-called integration
by parts formula implies that

Ef5(S0)(Ss — E[SA)] = E / D fo(Sa) (=DaL ™ S4) ja(dv) (12)
X

where D stands for the difference operator and L™ is the inverse of the Ornstein—
Uhlenbeck generator (this step requires that £ fx(DxSA)z 1(dx) < oo, which is a
consequence of the calculations in the proof of Proposition 1). The following lemma
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(see Lemma 3.3 in [24]) implies that the difference operator applied to a Poisson U-
statistic leads again to a Poisson U-statistic.

Lemma2 Letk €N, f € LI (¥) and

S = Z f(xl,...,xk).

Then

DS =k Z foxy, .0, 0—1), xeX.

&1t €N

Proof It follows from the definition of the difference operator and the assumption
that f is a symmetric function that

DS = Z flxr, .o, x0) — Z fOxr, e, xk)

= Z (f(x,xl,...,xk_l)+~-~+f(x1,...,xk_1,x))

1o Xk—1) €N

=k Z f(x’xl,...,xk_l)
G1im) €N
for x € X. This completes the proof. D

In order to derive an explicit formula for the combination of the difference
operator and the inverse of the Ornstein—Uhlenbeck generator of S4, we define
he : Xt >R, Lef{l,... k},by

he(x, ... x0) := /h(xl,...,xg,fcl,...,)Ack_g)uf_{(d(fcl,...,fck_g)).

Xk—t

We shall see now that the operator —DL™! applied to S, can be expressed as a sum
of Poisson U-statistics (see also Lemma 5.1 in [28]).

Lemma 3 Forx e X,

k
—DXL_ISA = Z Z he(x,x1,...,x¢—1) .

=1 exe—nen )
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Proof By Mehler’s formula (see Theorem 3.2 in [20] and also [18, Sect. 1.7]) we
have

1
_ 1
L 1SA://;E Z h(xl,...,xk)—sA‘n, P(l_s)m(d)()ds
0

(X1, Xk) E(1f )+X)k

where n, , 5 € [0,1], is an s-thinning of 7, and P_y),, is the distribution of a

Poisson point process with intensity measure (1—s)u,. Note in particular that 77, )+ X
is a Poisson point process with intensity measure sy, + (1 — s)u, = p,. The last
expression can be rewritten as

1

1 A A
—L_ISAZ//;E[ > hGr.. 80 = sa|n] P, (dy) ds

0 [Cp. xk)e)(;é

() [ =

=1 (X1.....x0) E(y

Z h(xl, . ,xl,)ACl, . ,&k_g)|7’),] ]P)(l—s)u,(d)() ds.

(}1 ..... }k_()exl;é_l

(?))é

By the multivariate Mecke formula (see [18, formula (1.11)]), we obtain for the first
term that

/ / R, ... %) = sa|me | Pa—gp, (dy)ds
’Ck)eX;e
N
~ ~ —S8) —
/ / ( h(Xy, ..., %) — SA) P—g, (dy)ds = / — ds s4 .
(X1 rk)e)(# 0
To evaluate the second term further, we notice that for an £-tuple (x1,...,x¢) € nf £

the probability of surviving the s-thinning procedure is s*. Thus

E Z Z h(xl,...,X(,)’El,...,fck_()’ﬂr

[T xg)e(nﬁ”)‘ [ETT . z)EX¢

= Z Z Xy, ooy Xg, X1y e vy Xp—t)

(X)) € Gt €25



282 M. Schulte and C. Thile

for £ € {1,...,k}. This leads to

1
1—s)k—1
= [
N
0

1
k

k B I A~
+Z(@)//34 IZ Z R(X1, e, X0, X1y ey X—t)
(=1 0 (Xls---sz)Enf# (T Qkf/g)e)(’;‘f

Pa—yu (d)) ds.

Finally, we may interpret y as (1—s)-thinning of an independent copy of 7,, in which
each point has survival probability (1 — s). Then the multivariate Mecke formula
([18, formula (1.11)]) implies that

1
1—s)k—1
—L_ISA :/ﬁdSSA

N

0
ko (k !
+ Z (ﬁ) /s[_l(l s)k_[ ds Z he(x1,..., %)
=1 0 (X yeens XZ)EW,¢
Together with
1 € — 1)k —0)!
/Sz_l(l s = (‘)k# Cefl,.. k,

0

we see that

1
_ 1—s)k—1 f1
—L ISA:sA/%ds—}—ZZ Z he(xy, ..., xp).
0

Applying now the difference operator to the last equation, we see that the first term
does not contribute, whereas the second term can be handled by using Lemma 2.
O

Now we are prepared for the proof of Proposition 1.

Proof (of Proposition 1) Let Y4 be a Poisson distributed random variable with mean
s4 > 0. The triangle inequality for the total variation distance implies that

drv(Sa, Y) < drv(Y,Ya) + drv(Ya, Sa) .
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A standard calculation shows that
drv(Y,Ya) < |s—s4]
so that it remains to bound

dTv(YA, SA) = Sup IP(SA S B) — P(YA (S B)I .
BCNj

For a fixed B C Ny it follows from (10) and (12) that

P(Sy € B) —P(Y4 € B) = E [saAfp(Sa) — (Sa — sa)fp(Sa)]

=E [ s4Afp(Sa) _/DxfB(SA)(_DxL_ISA) s (dx)

X
(13)

Now a straightforward computation using a discrete Taylor-type expansion as in
[21] shows that

D, fp(Sa) = f8(Sa + DxSa) — fp(Sa)

DSy
= > " (fs(Sa + ) —f3(Sa+k—1))
k=1
DSy
=D AfsSat+k=1)
k=1
D,Sp
= Afs(S)D:Sa + Y (Afs(Sa + k—1) = Afs(S)).
k=2
Together with (11), we obtain that
D,Sa
> (Afa(Sa + k= 1) = Afa(S)) | < 2] Aflloo max{0, DSy — 1}
k=2

<2¢&14 max{O, D.Ss — 1}

with

1
€14 := min {1, —} .
SA
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Hence, we have

D, f5(Sa) = Afp(Sa)DxSa + R,,

where the remainder term satisfies |R,| < 2g; 4 max{0, D, Sy—1}. Together with (13)
and —D,L~'S, > 0, which follows from Lemma 3, we obtain that

IP(Ss € B) — P(Y, € B)|

< E | sa Af(S0) — Afa(S) / DiSa(=DiL™' 1) ju(dv) "
X

+2e14 / E[max{0, DSy — 1}(—DL™'S4)] pt,(dx) .
X

It follows from Lemmas 2 and 3 that

E | Afs(S1) / DuSa(=DL™'$3) ju (dv)
X

=E AfB(SA(n,))/ ko > h(x..xe)
X

(X ey kal)Enf_;l

k
X Z Z he(x,x1, ..., x¢—1) | Me(dx)
(=1

(X ey xg_l)enﬁ;l

Consequently, we can deduce from Lemma 1 that

E | Afs(Sy) / D Sa(—DxL™'S4) 11,(dx)
X

lo|

k
—ky > [ Elan(s|ne 2

(=1 0€Mk=14=1) 7|4, i=1

(h(x. ) ® he(x.2))y (X1 -2 Xo) 17T (X1 X))
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For the particular choice £ = k and || = k — 1 we have

lol
/ E |:Af3 (SA (77; + ZSX,)):| (h(x,) ® he(x, .))U(x1 ..... Xiol)
lol+1 =l

Mlol-l-l d(x,xy, ..., Xio]))

k—1
=% E[Afs (sA (n,+zaxi))} h(xr, o) (A )
’ i=1

Xk
k—1
=k1! E[Afg (sA (n,+st,.))—AfB<sA(n,))] h(xr, ) pf (A, )
Xk i=1
+ 2 [ BLARE ] A x) @G 0)
J
1 k—1
=4 E[Afg (sA (n,+28xi))—AfB(sA(n,))] h(xr, ) g (A )
Xk i=1

1
+ HE[A]CB(SA)]SA .

Since there are (k — 1)! partitions o € I1(k — 1,k — 1) with |o| = k— 1, we obtain
that

E |:SAAfB(SA) — Afp(Sa) / D Sa(—=D:L7'Sy) Mt(dx):| '
X

Ll

(h(x, ) ® he(x, )y (1o X)) TG X1 X))

k—1
+ / E |:Af3 (SA (m + 25)) - AfB(SA(m))]
i=1

h(xi,..., x) o d(xys X))

Ské >

0 €M (k—1,6—1)

Xlol+1
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Now (11) and the definition of o4 imply that, for £ € {1, ..., k},

lo|

> / E| Afs | Sa|n+) 6

€M (k=1.6=1) 10 1 i=1

(76, ) ® he(x, ), (er. o) (@G x1 - 20)))
<epalHe(k—1,£—1)|0a.

Hence, the first summand above is bounded by

k
keva Y |Me(k—1.£—1)oa.
(=1

By (11) we see that

k=1
E |:Af3 (SA (ﬂt + Z 5x,-)) - AfB(SA('?t))]’
i=1

k-1
< 2e14E |:SA (ﬂr + Z&g) - SA(’?t):| :

i=1

and the multivariate Mecke formula for Poisson point processes (see [18, formula
(1.11)]) leads to

E [(SA(U, + 28)) - SA(’]r):|

k!
- Z N |1|)' > X, Y1, - Vi)

P#IC{l,..., Ol i m)e,]t#m

k!
= G e

PAICAL.....
where for a subset I = {i1,...,ij;} C {1,...,k— 1} we use the shorthand notation
xy for (x;,, ... ,x,}). Hence,

h(.x1, s ,-xk) Hl;(d(-xls ce ,.Xk))

/

Xk

k—1
E [AfB (SA (n, +> SX,.)) - AfB(SA(nt)):|
i=1
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<2614 / > ) = |I|)'h(x1,.. ) ks x)

sk BAICL. k—1}

<2614k — 1)oa .

This implies that

E SAAfB(SA) —_ AfB(SA)/DxSA(—DxL_ISA) p,,(dx)
(15)

k
< 51,A(kz [Ma(k—1,€ = D) +2k12" - 1)) 04 =:Cré1404-
=1

For the second term in (14) we have

2 / E[ max{0, D.Sx — 1}(—D:L™"Sx)] ftr(dx)

?T'Il\)

/ E[ max{0, D,Sx — 1}DxSa] p.(dx)
X

+2 | E[ max{0, DSy — 1} |D<L™"Sa + D, Sa/k|] pi(dx)

%\

??‘IN

<2 [ @51 - D083 e
X

+2

%\

E ,/DXSA(DXSA 1) DL Sy + DS /k|] 11:(dx)

<3 / E[(D:Sa — 1)DxSa ] pue(d) + / E[IDL™'Sa + DiSa/k?] i (d) .
X X

It follows from Lemmas 2 and 1 that

/ E[(D,Ss — 1)DyS4] 1 (dx)

X

— e > [t @, aud @ -k [ not

X o€M(—1k=D), <k
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Since there are (k — 1)! partitions with |o| = k — 1 and for each of them

1
(h(x,?) @ h(x,-))o (X1, ..., X|5) = Eh(x, Xty os X)) s

this leads to

/ E[(D.Ss — 1)D,S4] 1 (dx)

X

—2 Y[ [oe ®ne,an @)

CEML(k—1k=1 iy

< K|Mg(k—1,k=1)|oa.

Lemmas 2 and 3 imply that

D.L7'Sy + DySa/k = —Z Z he(e,xi, o xe-1)
=1 (x,..., xz—l)enf.;l

so that Lemma 1 yields

/ E[|D.L™"Ss + DuSa/k?] (@)
X

/Z > /(h (x2) @ Iy, ))o dus”! ()
ij=loel(i—1,j— l)xln\
k—1

<> G 1.j-1lea.

ij=1

From the previous estimates, we can deduce that

261 [ E[max{0. D53~ -DL™'50)] ()

X
k1

< 51(3k2|17¢(k— Lk—1)]+ Z [I1(i—1,j— 1)|)QA =: 281404 -
ij=1

(16)
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Combining (14) with (15) and (16) shows that

drv(Sa. Y) < |sa —s| + (C1 + C2)er 404

which concludes the proof. O

Remark 12 As already discussed in the introduction, the proof of Proposition 1—
the main tool for the proof of Theorem 1—is different from that given in [29].
One of the differences is Lemma 3, which provides an explicit representation for
—D,L™'S, based on Mehler’s formula. We took considerable advantage of this in the
proof of Proposition 1 and remark that the proof of the corresponding result in [29]
uses the chaotic decomposition of U-statistics and the product formula for multiple
stochastic integrals (see [18]). Another difference is that our proof here does not
make use of the estimates established by the Malliavin—Chen—Stein method in [21].
Instead, we directly manipulate the Chen—Stein equation for Poisson approximation
and this way improve the rate of convergence compared to [29] . A different method
to show Theorems 1 and 2 is the content of the recent paper [7].

4.3 Poisson Approximation of Classical U-Statistics

In this section we consider U-statistics based on a binomial point process ¢,
defined as

SA=l Yo L{f(n.....x) €A},

where f is as in Sect.2 and A C R is bounded and measurable. Recall that in the
context of a binomial point process £, we assume that ©(X) = 1. Denote as in the
previous section by s4 := E[S4] the expectation of S4. Notice that

54 = () / B o) @) (17)
Xk
with A(x ..., x) = (K) 7' L{f(x1, ..., x0) € A}

Proposition 2 Let Sy be as above and let Y be a Poisson distributed random
variable with mean s > 0 and define

1<{<k—1

2
04 1= max (n)Zk_zf( / h(xl,...,xk),uk_[(d(xul,.--,xk)))

x¢ Xk—t

pi(dxr, ... xe) -
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Then there is a constant C > 1 only depending on k such that

drv(Sa,Y) < |sA—s|+Cm1n{1 l}(g?/4+ 32)

Proof By the same arguments as at the beginning of the proof of Proposition 1 it
is sufficient to assume that s = s4 in what follows. To simplify the presentation we
put N :={I C {l1,...,n}:|I| =k} and rewrite S4 as

Sa= ) Lf(X) €A},

IEN

where X1, ..., X, are i.i.d. random elements in X with distribution x and where X;
is shorthand for (X;,,...,X;) if I = {ij,..., ix}. In this situation it follows from
Theorem 2 in [1] that

k—1
arv(s.7) <min {1, ST PG00 €42+ X X BUM) € ARG € 4)

IEN r=1 |IFJ\§\N=r
+mm{1 —} ZZ > P(f(X)) € Af(X)) € A).
IEN r=1 JeN
[INJ|=r

Since s4 = E[Ss] = (")" T P(f(X1,...,X;) € A), we have that

k—1
D IPUE) €A+ D P(f(X) € AP(f(X)) € A)
IEN r=1 JEN
[INJ|=r
e [ (K
S () 2 2 ()

[INJ|=r

“u (5 0)6)

(k; SA Zk(n— 1)k 1

- Zkk!sA

n
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For the second term we find that

k—1
D30 P(f(X) € Af(X)) € A)

IEN r=1 JeN
[1nJl=r

e A (k\ (n—k
=WZ , k—r ]P)(f(Xl,...,Xk)GA,f(Xl,...,Xr,Xk+1,...,X2k_r)EA)

r=1
_ Sk (n—k\ (k)2
= 2o

Putting C := 2¥k! proves the claim. O

4.4 Proofs of Theorems 1 and 2 and Corollaries 1 and 2

Proof (of Theorem 1) We define the set classes
I={I=(a,b]:a,beR,a<b}

and

V={v=|Jl:neNLeLi=1...n}

i=1

From [15, Theorem 16.29] it follows that (#'&;),~¢ converges in distribution to a
Poisson point process ¢ with intensity measure v if

lim P(§(77V) = 0) = P(§(V) = 0) = exp(-v(V)), VeV, (18)
and
,ETOP(E’(F”) >1)=PEJ) > 1) =1-(1+v{))exp(—v{)), IT€l. (19

Note that I C V and that every set V € V can be represented in the form

V=|J@.b] with aj<by <--<a,<b, and neN.

i=1
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For V € V we define the Poisson U-statistic

Sya=— Y WfG....x)erV},

which has expectation

E[Sv,] = %E Z 1{f(x1,...,xx) €7V}

[ETR xk)eﬂf;e
n 1 — -
=Y B X MfGnm) € bl = Y alanb).
i=1 (X ey Xk)Enf# -

Since £(V) is Poisson distributed with mean v(V) = >_I_, v((a;, b;]), it follows
from Proposition 1 that

n

Y aainb) =Y v((a; bi])' + Cri(Vmax)
i=1

i=1

drv(Sv., E(V)) <

with ymax := max{|a,|, |b,|} and C > 1. Now, assumptions (2) and (3) yield that
lim dTV(SV,t, ég'(V)) = 0
—>00

Consequently, the conditions (18) and (19) are satisfied so that (#'&;),~( converges
in distribution to £. Choosing V = (0,y] and using the fact that tVM,(m) > yis
equivalent to S, < m lead to the first inequality in Theorem 1. The second one
follows analogously from V = (—y, 0] and by using the equivalence of tVM,(_m) >y

and S(—yq, < m. |
Proof (of Corollary 1) Theorem 1 with v defined as in (5) yields the assertions of
Corollary 1. O
Proof (of Theorem 2 and Corollary 2) Since the proofs are similar to those of
Theorem 1 and Corollary 1, we skip the details. O
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