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Abstract

We study large deviation principles for a model of wireless networks consisting of Poisson
point processes of transmitters and receivers. To each transmitter we associate a family
of connectable receivers whose signal-to-interference-and-noise ratio is larger than a
certain connectivity threshold. First, we show a large deviation principle for the empirical
measure of connectable receivers associated with transmitters in large boxes. Second,
making use of the observation that the receivers connectable to the origin form a Cox point
process, we derive a large deviation principle for the rescaled process of these receivers
as the connection threshold tends to 0. Finally, we show how these results can be used
to develop importance sampling algorithms that substantially reduce the variance for the
estimation of probabilities of certain rare events such as users being unable to connect.
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1. Model description and main results

We consider a stochastic geometry model for a wireless network consisting of a family of
transmitters and a family of receivers. Transmitters and receivers are modeled by independent
homogeneous Poisson point processes X and Y in R? whose intensities are assumed to be
nonzero and finite and will be denoted by At and AR, respectively. For instance, we may think
of transmitters and receivers as users participating in a device-to-device communication where
messages need not be routed via a base station. Itis believed that this form of communication will
be a central concept in next-generation wireless networks [7]. The most basic requirement in the
design of such networks is to guarantee satisfactory quality of service on average. Additionally,
it is desirable to control and quantify the probability of a low quality of service occurring. This
necessitates a more detailed probabilistic analysis and the theory of large deviations provides
the appropriate tools.

Let us now describe the communication model. In order to determine the connection quality
of messages sent out from a transmitter located at x € R4 to a receiver located at y € R,
the signal-to-interference-and-noise ratio (SINR) has been identified to be of fundamental
importance [3]. More precisely, we assume that signals are transmitted with some positive
powers Py and decay according to the path-loss function £(]x — y|), where ‘| - |” denotes the
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Euclidean norm in R? and £: [0, c0) — [0, 00) is a decreasing function satisfying £(r) €
o(r=%) for some o > d. In particular, ¢ is bounded and f £(]x])dx < oo. In addition to the
deterministic decay over distance, the signal strength is also influenced by random fading effects
that are encoded in a positive random variable Fy ,. Such fading effects can, for example, arise
from large obstacles in the environment or multipath interference due to moving reflectors [4,
Chapter 22].

Furthermore, considering a signal sent out from X;, the strength of the interference experi-
enced at a location y € R? is assumed to be of the form

[(Xi,y) =1(Xi,y. X) =w+ Y Px,Fx; y¢(1X; = y)).
J#i

In words, the interference strength at a given location y consists of a contribution from the
thermal noise w > 0 and the aggregated signal strengths coming from all other transmitters.
For notational convenience, we differ from the common convention [3] and include the thermal
noise w in the interference term. Hence, the SINR for the transmitter X; € X and the possible
receiver location y € R? is defined as the ratio of the signal strength by the interference, i.e.

Py, Fx, yC(1X; — yI)
I(X;,y)

We assume that a connection can be established between X; € X andY; € Y if SINR(X;, Y;) >
t for some fixed connectivity threshold 7. The importance of the SINR stems from Shannon’s
law in information theory, which provides an explicit formula expressing the maximum possible
data throughput in terms of SINR, see [4, Chapter 16].

In this paper, we analyze how connectivity properties of the SINR-based network model
described above behave in certain asymptotic regimes. First, we associate to each transmitter X;
the family of receivers YD that are connectable 10 X;, i.e.

SINR(X;, y) = SINR(X;, y, X) =

Y® =(¥; e Y: SINR(X;, Y;) > t}.

Anillustration of the transmitters together with their connectable receivers is shown in Figure 1.
The family Y can be used to express a variety of frustration events for the transmitter X;.
For instance, {Y(i) = @} describes the frustration event that the transmitter X; is isolated, in
the sense that it fails to communicate with any of the receivers. Similarly, if B, (X;) denotes the
open Euclidean ball with radius r centered at X;, then Y ® C B, (X;) encodes the event that X;
can only communicate with receivers at distance at most r.

Before we state our first main result, let us introduce the precise assumptions on the trans-
mission powers and fading variables. We assume that the transmission powers { Py}, crs form
an independent and identically distributed (i.i.d.) random field whose existence is guaranteed
by Kolmogorov’s extension theorem. Note that only the subset of powers { Py, };>1 is relevant,
but it is notationally convenient to work with the random field indexed by the full space R?.
A similar remark holds for the random fading field {Fy y}, yega. It can reproduce two different
kinds of fading effects. First, a contribution stemming from a suitable random environment
such as slow fading, which is typically spatially correlated. Second, effects such as fast fading,
that are idiosyncratic to the pair (x, y) and, therefore, do not exhibit spatial correlation. To be
more precise for the first contribution, we assume that Z is a homogeneous Poisson point
process with intensity Ag > 0 modeling the random environment. Moreover, we use an i.i.d.
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FIGURE 1: Realization of the network model. Transmitters (solid circles) are connected to receivers (open
circles) by solid lines when a fixed SINR-threshold is exceeded.

random field {Uy y},. yeRd consisting of random variables uniformly distributed on [0, 1] for
the idiosyncratic effects. Then the random fading field can have the following general form:

F)C,y = q)(y — X, Z — X, Ux,y)’

where @ is measurable and positive. In particular, the construction is such that the fading field
is spatially translation invariant, i.e. { x4 y4+.} is equal in distribution to { F y} forany z € RY.

The dependence of @ on its second component should be local in the sense that there exists
an increasing function seyy : [0, 00) — [0, 00) such that ®(z, ¢, u) = ®(z, 9N By, () (0), u),
where By, (|7) (0) denotes the Euclidean ball of radius seqny (|z]) centered at the origin. Moreover,
letting U be a single uniformly distributed random variable on [0, 1], we assume that there exist
N > 0, Smax > Smin > O such that for any z € R4 and any locally finite ¢ C R the distribution
function g, o : t = P(1/P(z, ¢, U) <1)

e is globally Lipschitz with Lipschitz constant N,
® gy (s) =0fors < smip and gy ,(s) = 1 for s > spax.

The second condition ensures that the fading variables have support bounded away from 0
and co. We assume the same for the power variables Py. Moreover the random objects X, Y,
Z, {Py}, and {Uy y} are independent.

We provide an example illustrating possible fading fields within the above framework.
For instance, a Boolean model & = | J ZieZ B1(Z;) can be interpreted as randomly distributed
obstacles in a city. If the line of sight between transmitter x and receiver y is blocked by some
building the signal propagation is diminished. That is, Fy y = eXp(—l{[x,y]mE#g})J_l (Ux,y)»
where J ! is the generalized inverse of a globally Lipschitz function J that is the distribution
function of a random variable which is bounded away from 0 and co. We note that for modeling
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urban environments it is important to take into account the effects of correlated fading variables
due to fixed obstacles [5].

Our first main result will provide a large deviation principle (LDP) for the empirical measure
of the family of all connectable receivers YW — X; such that X; is contained in the box A, =
[—n/2, n/2)¢ for large n. To make this precise, we first note that each Y ¥) is a random variable
in the measurable space (N, Nr). Here, Nr is the family of all finite subsets of R that is
endowed with the o-algebra N; generated by maps of the form evp: ¢ +— #(¢ N B) for any
Borel set B C RY. In fact, Nr is also a Polish space; see [9, Section A2.5]. Now, knowing the
distribution of the empirical measure

1
L, = Z Sy _x,
[Anl
X,‘EAH

we can answer questions such as:

e What is the probability that, when spatially averaged, a certain proportion of transmitters
in A, are isolated?

e What is the probability that, when spatially averaged, a certain proportion of transmitters
in A, have [ receiver in an r proximity?

Apart from these examples, L, can be used to describe more general events such as the average
number of connectable receivers per transmitter, i.e. |A,| ™! > X €A, #y @,

The empirical measure L, is arandom variable with values in the measurable space (M (N¢),
BY(Ms)). Here, Ms(Nr) denotes the family of all finite measures on Nf and B (My) is the
o-algebra generated by the evaluation maps p — @ (B), where B is any bounded Borel set
of Nr. Since our first main result provides a level-2 LDP, the t-topology on M; will play an
important role. This topology is generated by the maps u — w(B), where B is any bounded
Borel set of N¢. We refer the reader to [10, Section 6.2] for a detailed discussion of this
topological space.

The LDP allows us to quantify the decay of probability for events away from their ergodic
limit on an exponential scale. The exponential rate of decay to 0 is proportional to the volume
and the proportionality factor is called the rate function. In order to identify the LDP rate
function, we first recall the notion of specific entropy of point marked random fields. We follow
the presentation in [16] and also refer the reader to [15, Chapter 15] for further details. Let £
be a Polish space and write & for the corresponding Borel o-algebra. Furthermore, let Ng
denote the family of all configurations ¢ C RY x E whose projection to R? is injective and
with image forming a locally finite set. The space Ng is endowed with the smallest o-algebra
for which all evaluation maps ¢ — #(¢ N (B x F)) are measurable for any Borel sets B, F
of R and E, respectively. Any probability measure on (Ng, Ng) is called an E-marked point
random field. Let n > 1 and let P be an E-marked point random field whose realizations are
contained in A, with probability 1. Moreover, let Q be another E-marked point random field
that is absolutely continuous with respect to P, where f denotes the respective density. Then,
the specific entropy H(Q | P) of Q with respect to P is defined as

H(Q | P):= P(flog f),

where P(flog f) denotes the expectation of f log f with respect to P. This definition is
extended to random point fields Q that are not absolutely continuous with respect to P by
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putting H(Q | P) = oo. Finally, if P and Q are any E-marked point random fields, we
introduce the notation

h(Q | P) = sup
n>1 IAn|
where Py, and Q,, denote the projection of P and Q to Aj,.
In the following, we write $ for the family of all stationary E-marked point random fields
of finite intensity. Here, a stationary E-marked point random field is a probability measure
on N that is invariant with respect to shifts on R“. The intensity of Q is defined as

H(Qn, | Pa,),

/N #{(xi, e1) € 9 x; € (0,11} Q(dg).

We also need the notion of the Palm version of a stationary point random field as defined, for
example, in [20]. The (unnormalized) Palm mark measure Q° associated with Q € Py is
given by

0°(F) =/ B e e 9t (e € (0,11 x FIOWg),  F €&
Ng

In other words, after normalization, Q° describes the distribution of the marks of Q.

The concept of random marked point random fields is very flexible so that the probability
space associated with X, Y, Z, {P,}, and {U, } can be encoded in this framework, see
Section 2.2 for details.

Letus state the first main result of this paper, an LDP for the empirical measure of connectable
receivers associated with transmitters in a large box. Starting from a stationary point random
field Q of transmitters, receivers, and environment, we define Q* as the Palm mark measure of
the stationary Ny-marked point random field defined by {(X;, ¥ — X;)};>1.

Theorem 1. The random measures {Ly}n>1 satisfy an LDP in the t-topology with rate |A,|
and good rate function

I(Q) = ereiflé*zgh(Q | P).

That is, for all A € B (Ms),

lim sup loglP(L, € A) < — inf 1(Q)
n—o0o n| QecA
and
lim inf

logP(L, € A) > — inf I(Q),

minf = logP(Ly € 4) = — inf 1(0)

where A denotes the closure and A° the interior of A. Moreover, the function I is lower
semi-continuous and has compact level sets.

To prove Theorem 1, we make use of the level-3 LDPs established in [16] (see also [13] and
[14] for related results). However, the long-range dependencies induced by the interferences
prevent us from applying the contraction principle directly. Similarly to [1], we first have to
perform a truncation step and consider an approximate model with finite-range dependencies.
In order to deduce Theorem 1 from the level-3 LDP in the truncated scenario, we show that
by a suitable choice of the truncation range, the truncation error becomes arbitrarily small.
We note that a certain finite-range approximation has also been used in the proof of LDPs for
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stabilizing functionals [22]. Although functionals involving SINR do not fit into the framework
of stabilization, an alternative approach to proving Theorem 1 could be to try and extend the
arguments in [22], which are based on the notion of near-additivity [23], to the present setting.

In our second main result, we investigate how the connectable receivers associated with a
typical transmitter located at the origin behave as the connection threshold ¢ tends to 0. Since
this scenario turns out to be more complicated than the one considered in Theorem 1, we impose
stronger additional assumptions. To be more precise, we assume that £(r) = min{l1, r~*} for
some o > d, the transmission power at the origin is fixed (say equal to 1) and that there is
no random environment Z. That is, {Fx’y}x’yeRd are i.i.d. and we set g(a) = P(1/Fx y < a).
Moreover, we assume that there exist N > 0 and spin, > 0 such that

e ¢ is globally Lipschitz and globally Lipschitz in its first derivative, both with Lipschitz
constant N,

e g(s) =0fors < smip and g(s) > 0 for s > Smin.

To begin with, we provide some important preliminary observations: first, we note that the
receivers connectable to the origin; namely,

Y' ={Y; € Y: SINR(o, Y}, X U{o}) > 1},

form a Cox point process with random intensity measure M; given by

M, (B) =AR/BF(fle<|y|),y)dy,
where
[(a,y) =E(@@l(»)™") | X) fora>0andyeR" (1)

In other words, I' is an expectation with respect to the fading field in the interference. More
precisely, it is the conditional expectation on the transmitter process X = {(X;, P;)} that
also carries the transmission powers as marks. For instance, this observation implies that the
probability for the origin to be isolated is given by p, = Eexp(—M,(R?)) and tends to 0
as t tends to 0. The representation of the isolation probability provides a strong hint that the
Varadhan—Laplace technique from the theory of large deviations (see, e.g. [16]) could be a
useful tool in the analysis of the asymptotic behavior of p; as ¢ tends to 0. In particular, p;
should decay exponentially as ¢ tends to 0. The exact form of this decay is presented in
Corollary 1. In Theorem 2, we give a more general result describing the exponential decay of
unlikely numbers of connectable receivers in space. Throughout the entire manuscript, 8 = 1/«
denotes the inverse of the path-loss exponent. Furthermore, we set Aj = Ay, . -4, so that
gt e(yDI(y)™") =0ify ¢ A} and write ‘Poj’ for the stationary point random field induced
by a homogeneous Poisson point process with intensity s > 0.

Theorem 2. The random measures {|A} | =Y (t=P.)}, <1 satisfy an LDP in the weak topology
with rate |A}| and good rate function given by

[ n@onay i dpjar = esins
I(p) =1/7

00 otherwise,
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where
Iy(s) = Q}ggf) (h(Q | P) + h(Pos | Pos,qr(y|—«,0)))s (2)
o
and Q(I'(Jy|~%, 0)) denotes the expectation of T'(|y|™%, 0) for a stationary marked point
process X = {(X;, P;)} that is distributed according to Q.

In contrast to Theorem 1, the probability measures Q € % in (2) are distributions only of
the transmitters X and their transmission powers P. Setting ¢ = 0 gives the decay of isolation
probability, this is the content of the following corollary.

Corollary 1. We have

lim |A)| 7 log p; = lim [A]]7! 1ogIEexp(—,\R/ C@E'ey), y) dy)
t—0 t—0 R4

- / inf (R(Q | P) +ArQ(T'(IyI™%, 0))) dy.

A} QePo

Large deviation principles in SINR-based networks have already been considered in [12] and
[25]. However, the question treated in Theorem 2 is in a certain sense dual to the ones discussed
in [12] and [25]. In those papers a large deviation principle was derived for the interference at
the origin caused by the signals from other users. We investigate a scenario where the origin
sends out a signal and we are interested in the interference at the location of the other users.

To prove Theorem 2, we introduce a stationary point process that carries more information
than Y?. For this point process, we first establish a level-1 LDP based on the results of [16], and
then deduce a path-space LDP using the Dawson—Girtner technique. The proof is concluded
by applying the contraction principle.

In Corollary 1 we showed that p; decays exponentially in ¢ and provides a variational
characterization of the rate function. However, for the purpose of estimating the actual value
of p;, our asymptotic result has two drawbacks. First, in Corollary 1, we do not make any claims
asregards to how small ¢ should be for the asymptotic to be an acceptable approximation. Itisnot
at all clear from the variational formula how to compute (or even approximate) the asymptotic
rate function. Nevertheless, when estimating the isolation probability p, via Monte Carlo
simulations, our large deviation result can be used to devise an importance sampling scheme
that substantially reduces the estimation variance. In the field of stochastic processes, large
deviation techniques have emerged as a powerful tool to find suitable importance sampling
densities [2, Chapter 6.6], but so far have not found widespread use for spatial rare-event
problems.

As a notable exception, we mention [24], which deals with rare events arising from large
values of the interference measured at the origin. In that paper, it was shown that the asymp-
totically efficient importance sampling density is given by a certain inhomogeneous Poisson
point process. In our setting, the variational characterization in Theorem 2 suggests that the
asymptotically optimal density is not given by a Poisson point process, but by a collection
of location-dependent Gibbs processes. Still, in a first step, we provide simulation results
illustrating that using an isotropic Poisson point process already leads to substantial variance
reduction. Let us also note that importance sampling for Gibbs processes on the lattice has
been studied in [6].

The present paper is organized as follows. In Sections 2 and 3 we provide the proofs for
Theorems 1 and 2, respectively. Section 3 also contains the proof of Corollary 1. Finally, in
Section 4 we describe two importance sampling schemes and provide some simulation results.

—d/a
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2. Proof of Theorem 1

As mentioned in Section 1, in order to prove Theorem 1, we use the classical level-3 large
deviation result for Poisson point processes [16, Theorem 3.1]. However, the interferences
induce long-range interactions that are not immediately compatible with the topology t, of
local convergence that is used in [16]. To resolve this issue, we will proceed similarly to [1]
and show that a suitable truncation of the path-loss functions appearing in the interference
expression induces only a negligible error; see Section 2.1. After this truncation, we show in
Section 2.2 how the LDP for the stationary empirical field [16, Theorem 3.1] can be used to
prove Theorem 1.

2.1. Truncation of the path-loss function

First, we show that only an asymptotically negligible error occurs when disregarding trans-
mitters close to the boundary of A,. This is a well-known consequence of the Poisson
concentration property [8, Chapter 2.2], but for the convenience of the reader, we provide
a detailed proof.

Lemma 1. Let b, ¢ > 0 be arbitrary. Then,

1
lim —— log P(X (Ap \ Ap—p) > e|Ay|) = —o0.

n—00 |An|

Proof. Leté = 7(1—(1— b/n)d), m = én, and T = en?, then the Poisson concentration
inequality [8, Chapter 2.2] implies that

P(X(Ap\ Ap_p)) = 7) < (?) exp(t — n)

= 3~ exp((e — $)n)
< exp(and log(eSs_l)).
Since log(ede~") tends to —oo as n — oo, this proves the claim. (|

Next, we show that truncating the path-loss function in the interference at a finite threshold
only leads to a small error provided that the threshold is chosen sufficiently large. To be more
precise, forb > 1 we set £, (r) = £(r) if r < b and £;(r) = Oif r > b. Furthermore, we define

PX,' FX,-,y£(|Xi - yl)
Ip(Xi,y)

3

I(Xi.y) =w+ Y Px;Fx,y&(X; —y)).  SINRy(X;.y) =
J#
and )
b
Ln = TA Z SY(")vbe,"
1Anl

where YO» = {Y; € Y: SINR,(X;,Y;) > t} denotes the point process of b-connectable
receivers for the transmitter X;. We show that when using the total variation distance

drv(Ly, L% = sup |L,(B) — L2(B)|,
BEJVf

the random measures {Lz }n>1 are exponentially good approximations of the random measures
{Ln}n>1 in the sense of [10, Definition 4.2.14].
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Lemma 2. Let ¢ > 0 be arbitrary. Then,

n»

b—>00 p—soo |
Proof. To be specific and for notational convenience, let us assume that the support of the
power variables is contained in s, , ;1111] The definition of the total variation distance implies
that

D £y Dby

drv(Ln, L] =7 ! N
Next, by Lemma 1, we only need to con51der those X; that are contained in A,_»,,, where
ro > 01is chosen such that £(rg) < ws ~int. Then, almost surely, for X; € A, _»,, and Y; € Ay,
SINR,(X;, Y;) < tforallb > 1. Consequently, it suffices to bound the number of transmitter-
receiver pairs (Xi,Yj) € X x Y such that X; € Ay—2s, ¥Y; € Ay, and SINR(X;, Y;) < <
SINR (X, Y;). Infact, it suffices to focus on the receivers in these pairs. Indeed, let us call Y;
b-pivotal if there exists some transmitter X; such that the pair (X;, Y;) has these properties.
Then, since we assumed that g, »(r) = 0 for r < sy, for each receiver Y; there exist
K = [t71s2,. /52,1 transmitters, A(Y;, X) = {X;,, ..., Xi,} such that SINR,(X;, ¥;) < ¢
if X; ¢ A(Y;, X). Hence, it suffices to show that, for every & > 0,

11m lim su
b—00 p—soo | n|

{Y;j € Ay: Yjis b-pivotal} > g|A,|) = —

In order to do so, we use the exponential Markov inequality with s > 1 and estimate

P@#{Y; € Ay: Yjis b-pivotal} > ¢|A,|)
< exp(—se|A,DEexp(s#{Y; € A,: Y; is b-pivotal}).

Hence, it suffices to show that, for every s > 1,

) =0.

b—>00 psoco |

The point process of receivers that are b-pivotal form a stationary Cox point process with
random intensity measure

M'(B) = )\R/ P(y is b-pivotal | X, Z)dy, B e B([RY),
B

where we think of X = {(X;, P;)};>1 as amarked point process and we evaluate the probability
with respect to the fading variables associated with the pairs (y, X;);>1. Since g is assumed to
be globally Lipschitz with constant N, we arrive at
P(y is b-pivotal | X, Z)
=< Z P(SINR(X;, y) <1 < SINRy(X;, y) | X, Z)
Xi€A(,X)
< Y P(Fg',relPx (X —yDI(Xi, 07"
Xi€A(y,X)
Py, t(1X; = yD1p(Xis 1)~ '11 X, 2)
< > X —yDNspt T wTPEU (X, y) — (X, y) | X, Z),
Xi€A(y,X)
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which is at most SY,_ £(1X; — y]) — £,(IX; — y|), where S = K€(O)Nsp2¢~'w™2. In

particular, we obtain
M) =5 [ 31X = 5 = 60X - 3Dy,
B>

where S’ = ArS. Hence, using the formula for the Laplace functional of a Cox point process,
we obtain

Eexp[s#{Y; € Ay, : Y is b-pivotal}]
< Eexp[(ef - 1>S’/ D (X = yD) — (X — y|)dy}
A2n

i>1

- eXp[AT/ exp((es - 1>S’/ Q= yD) — €1 — ¥ dy) - 1dxi|.
R4 Aoy

Note, that we can bound the integral

/exp[r/ Ex — ¥ — €p(x — yDdy | — 1dx
R4 Aoy i

5/ exp[r/ €(|x—y|)dy] — ldx
Asy R\ By (x)

+/ exp[r/ £()x —y|)dy | — 1dx,
Rd\A4n Aoy .

where t := (e* — 1)S’. In the next step, we derive bounds for these expressions separately. For
the first, we have

1
— exp[t/ o(x — y|)dy] —1dx = 4d[exp<r/ e(|y|)dy) — 1},
n® Jay, R\ By (x) R4\ B (0)

which tends to 0 as b tends to co. For the second expression, we note that, for x € R4 \ Agn

and y € Ay,
x =yl +dlx — x—yl+ _
|x_y|:I Yl | yIZI Yl |y|z(1+~/3) Uxl.
1++d 14+ /d
Consequently, using the fact that £(r) € o(r’d), we have, for large n,
1
— exp|:t/ L(lx — y|)dy] — ldx
n ]Rd\Aétn Aoy
<— expltm)4e((1 +Vd) x| — 1dx
n Rd\A4n
5/ 20 + Vd) N x)) dx
Rd\A4n
:/ 2901 + Vd)e(x)) dx,
Rd\A4n(1+\/Erl
which tends to O as n tends to co. O
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2.2. Application of an LDP for the stationary empirical field

In order to apply [16, Theorem 3.1], we need to relate the empirical measure of connectable
receivers to the stationary empirical field considered in [16]. Here, the first task consists of
encoding the probability space carrying the point processes of transmitters X, the point process
of receivers Y, the random environment Z, the transmission powers { Py}, and the i.i.d. family
{Uy,y} in the framework of stationary marked point processes. To be more precise, we set
¥ = {E, R, T} and consider the mark space £ = ¥ x (0, co) x [0, l]N equipped with some
complete and separable metric. Furthermore, we let V denote an independently E-marked
homogeneous Poisson point process with intensity ) s A . The mark distribution on E is a
product of three distributions defined on the spaces X, (0, 0o), and [0, I]N, respectively. First,
on X, we choose the distribution assigning o € X the probability A, /) /5 Ao’. Second,
on (0, 00), we choose the distribution of the transmission power Py considered in Section 1.
Third, the distribution on [0, 1]N describes a family of i.i.d. random variables that are uniformly
distributed [0, 1]. The Poisson point process Z that generates the random environment is
represented by elements of V. = (v;, 0;, P;, (U;,j)j>1)i=1 with o; = E. Elements of V =
(vi, 01, P;, (Ui j) j>1)i=1 with o; = T are thought of as transmitters and are denoted by X.
Elements of V = (v;, 07, P;, (U; j) j>1)i>1 With o; = R are thought of as receivers and are
denoted by Y. We note that the power variables P; have no meaning if o; # T. The random
variables U,y should be thought of as being attached to the transmitters. Moreover, proceeding
as in [16, Section 1], let

ypern — U (VN Ay,) +ns)

sezd
denote the periodic spatial continuation of V N A,,. The stationary empirical field is defined as
R ! 1 d
, 174 = yper,n__ ”U’
T Ay,

where VPO — v = {(v; — v, e;)};>1 is the spatial translation of VP*" by v. Now, we let
ypernb. (@) denote the family of periodized receivers that have a b-connection to the transmitter
XY = (x;, T, P;, (Ui )i>1). More precisely,

- PiFy 5 (i — vi])
yreenb® = {Yj = (0] R Py (Uj)i1) € Y"1 < gy 2 0 }
W+ D gz PiFayy €(1xk — y1)
where
Fry; = @(vj — xiy ZP"" — X, U w(y;—xi yoern ),

and where the integer W (y; —x;, YP"" —x;) > 1is defined as follows. If k > 1issuchthaty; —
x; is the kth closest element in YP*"" —x; to the origin, then we set W (y; — x;, YP" — x;) = k.
This construction will ensure translation invariance for the periodized version. The empirical
measure LE"‘”’ of b-connectable receivers associated with transmitters in A, when the network
is based on periodized configurations can also be expressed as a function of R, y. Indeed, by
the same technique that was used to define the individual empirical field in [16], we arrive at

er,b 1
LE = Z Byper.n,b.(i)_xi -

| Al x;i€XPernnA,,

/
VPR _ ) dv,
A /o 8¢ )

where

g(VPer! —v) = > gV —xp),

X —vE(XPE—v)NA
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and where g is the Dirac measure concentrated on the family of b-connectable receivers from
the origin multiplied with the 1nd1cat0r function that the origin is a transmitter. Next, we prove
that the random measures {Lp },,>1 and {L }n>1 are exponentially equivalent (in the sense
of [10, Definition 4.2.10]), when using the total variation metric.

Lemma 3. Let ¢ > 0 be arbitrary. Then,

lim —— log P(dry (LY LP) > ) = —
n—o0 | Ayl
Proof. As in Lemma 2, choose r9 > 1 such that £(]x — y|) < wsmmt if |[x — y| > rp.
In particular, Y- C B, (X;). Furthermore, by the truncation of the interference, to decide
whether Y; € Y (@b it suffices to look at transmitters in Bp(Y;). As a consequence, the family
y®.b depends only on the network configuration in By p4s.,, () (X;). Hence,

b
drv(LE™7, L},’,) SHX N A\ Ap 209 +-btsenm ()5

and the claim follows from Lemma 1. O

Now, we are in a position to provide a proof for the LDP asserted in Theorem 1 when L,
is replaced by Lz . Let Q be the distribution of some stationary E-marked point process
V = (vi,0i, P;, (Uij) j>1)i=1. Then, we define @*’b as the Palm mark measure of the marked
point process (X;, Y 0.0 _ x i). Here, as above, X; € V are interpreted as transmitters and
Y-l = V as the b-connectable receivers.

Proposition 1. The random measures {LZ }n>1 satisfy an LDP in the t-topology with rate | A, |
and good rate function
": 0+  inf  h(Q]|P).
QePy, Q*P=0

Proof. First, we note that the map ®;: Q — Q*” is continuous with respect to the -
topology. Indeed, for Q,, — Q and B e Ny, the locality that is established after truncating the
interferences leads to |Q*?(B) — Q¥ (B)| — Oasn — 00. As ®p(Ryy) = L b , we can
apply [16, Corollary 3.2] and the contraction principle. Thus, the random measures {L}, r’b}nzl
satisfy an LDP with good rate function I;,. Finally, in Lemma 3 we show that {L})" b},,>1 and
{L }n>1 are exponentially equlvalent with respect to the total variant distance. This implies
the exponential equivalence of (LP® },,>1 and {L }n>1 when evaluated on an arbitrary Borel
subset of Nf. So the claim follows from [11, Corollary 1.10, Remark 1.4]. O

The same arguments also prove the following result, where we consider the marked point
process (X;, Yyb _ X, YD _ X,y at different truncation thresholds ¥’ > b > 1. Starting
from Q € Py, the associated Palm mark distribution is denoted by Q*?:*".

Le_mma 4. Let b > b > 1. Then, the random variables {(1/|A,)#X; € A,: y . #*
y®.b V=1 satisfy an LDP with rate |A,| and good rate function

5> inf h(@Q | ).
QePp, QubY (P £y ©1b)=s

Finally, we complete the proof of Theorem 1. In Lemma 2, we showed that {L }n>1 are
exponentially good approximations of {L,},>1 and, hence, an application of [11, Theorem
1.13] is natural.
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Proof of Theorem 1. As mentioned in the previous paragraph, [11, Theorem 1.13] implies
that it suffices to verify the following condition. For every ¢, K > 0 there exists b > 1 such
that SUPQepy, h(Q| Hpr xdrv(Q*, Q* b ) < &. We show that a slightly stronger statement holds,
where drv (Q*, Q") is replaced by Q*(Y @0 = y @),

In Lemma 2 we showed that there exists by > 1 such that if b > b > by then

limsup [A, |~ log PEHX; € Ay YO £ yDPy S g|A,]) < —K.

n—oo

Hence, the LDP from Lemma 4 yields

inf h(@Q|P)> K.
Qoes, Q" (YO £y @ b)>¢

In particular, if 2(Q | P) < K then @*’b/'b(Y(O)'b/ £ Y©by < ¢ as required. O

3. Proof of Theorem 2

The difficulty in proving Theorem 2 is that the connectable receivers associated with the
origin are not stationary, so that we cannot use LDPs for the stationary empirical field directly.
Therefore, we first consider a more general stationary marked point process from which the
connectable receivers can be reproduced by an application of the contraction principle. Since we
need a path-space LDP for this stationary marked point process, we proceed as in the classical
proof of Mogulskii’s theorem [10, Theorem 5.3.1] and use the Dawson—Gdértner technique to
deduce the path-space LDP from the finite-dimensional marginals.

In order to define a suitable auxiliary stationary marked point process, we consider the
random measure

M'() = g [ / 1{v,(ds) dy,
A Jo

where v, ([0, s]) =T'(s,y) = E(g(sI(y)™") | X); see also (1). Then, we let Z! = {(Y;, S)}
denote a Cox process with this random intensity measure. Writing

d

A 1/d ;
A —51_[[' ! }

define the two-parameter field Y*' = {Y*/(x, 5)},. $)eA] x[0,00) DY Y*H(x,s) = Z' (A (x) x
(0, s1). In particular, for any fixed (x, s)e A} %[0, 00), COIldlthIled on X the random variable
Y*!(x,s) is Poisson distributed with parameter Ag f A I'(s, y)dy. Moreover, Y*' is a
random variable with values in Liyc, the space of [0, oo)-valued, bounded, and coordinate-
wise increasing functions on A’ x[0, 00).

We set ug(s) = ARQ(I'(s, 0)) and note that the derivative (d/ds)ug(s) exists since g is
differentiable and (d/ds)q (s) is Lipschitz continuous with Lipschitz constant N.

Similar to [10, Section 5.3], we introduce the notion of absolute continuity for increasing
functions F: A’1 x [0, 00) — [0, 00), (x,s) — F(x,s). For the convenience of the reader,
we reproduce some of these definitions and observations. We define F as an additive set-
function on the set of cubes. More precisely, for A = (ay, b1] X (a2, b2] X -+ - x (ag, bg] %
(ad+1, ba+11, we will sometimes write F(A) := )", o (u)F(u) with o (u): = (—1)”, where
o = #{k: ur = ai} and the summation extends over all corners u# of A; see [18, Chapter 3].
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It follows from Carathéodory’s extension theorem, that any right-continuous F € L. induces
a unique measure i r on A’ x[0, 0o) with the Borel sigma-algebra satisfying

d 1/d
|AY
UF (H[— 12

i=1

,g:l} x [0, s]> =FE, ... &)

for any s > 0 and (51, R é';d) e A’; see [18, Theorem 3.25].

The function F is called absolutely continuous if F is right-continuous and p r is absolutely
continuous with respect to the Lebesgue measure on A’ x[0, 00). We write 9 F/dxds for its
Radon—Nikodym derivative. Let

A/ l/d
AC(I) = {F: F is absolutely continuous, F'(x, 0) = 0 and F(—%, 52, . ,Sd, s>

A |1/d A |1/d
=F<sl,—l,...,sd,s)=~-=F<sl,...,s"—1,—' ! ,s)zo}.

2 2

Later, we derive Theorem 2 by the contraction principle from the following result.

Proposition 2. The random fields {|A;|_1Y*”(-, }i<1 satisfy an LDP in the topology of
pointwise convergence with rate |A}| and good rate function given by

/ I*( oF ( ))d if F € AC]
—F— W, 14 s
rry = a " \ayas 7)Y

00 otherwise,

where T*(g) = infgep, h(Q | P) + f3° h(g(s) | (d/ds)pg(s)) ds.
3.1. Finite-dimensional result
In order to apply the Dawson—Gértner theorem [10, Theorem 4.6.1], we first derive the
finite-dimensional LDPs.
Proposition 3. Let —|A}|V9/2 = & < & < -+ < & < |A}|V9/2and 0 = 50 < 51 <
- < sy. Furthermore, set 8 = {&y, &1, ..., &} and S = {so, 51, ..., s;}. Then, the random
variables {(|A}] 'Y (x, $)) (x.5)e 8 x s 1 <1 Satisfy an LDP with rate | Aj|. Writing Aug(s;) =
no(si) — nqQ(si—1), the good rate function is given by

Tes(F)= ) Azl inf AQ | P)+Zh(
€Py

F(Az(x)x(si-1,si] | AMQ(SI')),
=1

[Ag(x)]

r
xegd i

where Ag (&, ..., &,) = H?;l(si_psi,-ﬁ—l] with (&,, ..., &,) € .

The basic idea of the proof for Proposition 3 is to apply the LDP for the stationary empirical
field [16, Theorem 3.1]. However, in order to cast our problem into a suitable framework, we
first have to perform a truncation and a periodization step.

3.1.1. Truncation of the path-loss function. In a first step, we show that truncation of the path-
loss function gives an exponentially good approximation. Leth > 1,5’ > s > 0,andx, x’ € A4
be such that all coordinates of x’ — x are positive. Then, we let Y*?7(x, x', 5, s’) denote a
random variable that conditioned on the independently marked Poisson particle process X
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is Poisson distributed with parameter )‘RfA,(x ) o, y) — b, y)dy, where (s, y) =
EsIP(;)™" | X),

d
A, xy =17 A, x) = 17 T [ (), me (),

i=1

and ;. : R? — R denotes the projection onto the kth coordinate. From now on let us again
. . . . —1

assume that the support of the power variables is contained in [0, s_. ].

Lemmas5. Letb > 1, 5" > s > 0, and x,x" € A|. Then, (Y*P!(x,x', s, Vb>1.1<1 are

exponentially good approximations of {Y*' (A, (x, x") x (s, 5 D}i<1.

Proof. Conditioned on X, the random variable |Y*2!(x,x’,s,s") — Y™/ (x,x',s,s)| is
stochastically dominated by a Poisson distributed random variable with parameter

Hy = AR/ (s, y) = T(s', ) + T2(s, y) — T(s, ) dy.
Ay (x,x")

Hence, using the Laplace transform of Poisson random variables, for any a > 1, the exponential
moments of a|Y*?!(x, x, s, s’) — Y*!(x, x’, s, s')| are bounded above by

Eexp(a|Y*?!(x,x,s,s") — Y™ (x,x,s5,5)]) < Eexp((e® — 1)Hp).
Now, similar to the proof of Lemma 2, H, can be bounded above by
MG+ 5)shu? [ ST X = 3D~ 601X — ) dy,
A (x) i>1
Using this observation, we can now conclude as in Lemma 2 since

Eexp(alY*P! (x, x',5,5") — Y™ (A, (x, x') x (s, 5'])])

< Eexp((e“ — IARN(s + s’)sn:?nw‘zf oy 2= 3D = €(Xi =) dy).
As(x,x’

i>1
This completes the proof. O

3.1.2. Periodization of the integration domain. Next, we show that replacing the quantity
Y*P!(x,x',s,s") by a periodized variant is exponentially equivalent. To be more precise, let
b>1,s">s >0,and x,x" € A} be such that all coordinates of x" — x are positive. Then,
XPe! denotes the periodization of X N A (x, x'), i.e.

Xper,t — U (lAt(.x,.x/)|l/dZ +X ﬂAt(X, _X'/))

zeZ4
As in Lemma 5, we let Y*Pe0:L (x x/ s, s) denote a random variable that conditioned on X is
Poisson distributed with parameter kaAt(x’x,)Fper’b(s’, y) — IPerb(s vy dy. Here, TP (s,

y) = E(g(sIPP(y)~1) | XPert) and IP"P(y) is the interference at y in the periodized
configuration computed using truncated path-loss functions.

Lemma 6. The random variables {Y*PP1(x x' s, s")},<1 are exponentially equivalent to
the random variables {Y*"'(x, x', s, s )}i<1.
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Proof. Since we consider truncated interferences, we have IP°"?(y) = I°(y) for all y €
A; (x,x’), where A; (x,x") denotes the subset of all y € A,(x,x’) such that By(y) C
A;(x, x). Inparticular, |Y*P-2- (x x/ 5, s") —Y*P!(x, x', 5, s")| is stochastically dominated
by a Poisson random variable with parameter 2AR |A;(x, x") \ A; (x, x")|. Now, using the
Poisson concentration property we can conclude as in Lemma 3. ]

3.1.3. Application of an LDP for stationary empirical fields. We have seen that truncating the
interference and considering a periodization does not have an effect on {Y*!(x, x’, 5, s")},<1 in
the LDP asymptotics. Now, we derive an LDP after these modifications have been implemented.
We set ufé(s) = Q% (s, 0)).

Proposition 4. The random variables {|A}| 7 #Y* P00l (x x' s, s")}; <1 satisfy an LDP with
rate |A}| and good rate function

x,x',s,s' _ / . a besN_ b
Iy 7 (a) = IMLMI&%(H@ | ]P’)+h<—|A(x,x/)| ‘MQ(S) MQ(S)>>-

Let us recall from [10, Equations 1.2.12 and 1.2.13] that if the random variable considered
in an LDP is measurable with respect to the Borel o-algebra on the underlaying topological
space, then the proof of the upper and lower bound can be carried out directly for closed and
open sets, respectively. We use this in the sequel without further mention.

We prepare the proof of Proposition 4 by a lemma. First, we note that [16, Theorem 3.1]
gives the following auxiliary result, where we set

Moy = My (x, X', 5,5") = Ar| A (x, x| 7 / [Pl (s’ y) — TP (s, y) dy.

Aq(x,x")

Lemma 7. Let F and G be compact and open subsets of [0, 00), respectively. Then,

1
lim sup ——— log E (—A X)) inf h(a | M )
11;1;(1)1;) A, Gy o8 texp [As(x X)UQF (a | May,x)

<— inf h(@Q|P)+hia|pugys) —uds),

QePy,acF
and

. 1 .
llglglfmlogIEexp<—|A,(x,x’)|alrel(f7h(a | Mav,f))

>~ _inf  h(@Q|P)+hia|pglsh) = ugs).
G

QePy, ac

Proof. In order to apply [16, Theorem 3.1], we need to check that the functions Q
inf,cp h(a | ,uQ(s/) — /,LQ(S)) and Q — 1nfaeG h(a | /LQ(S ) — /LQ(S)) are lower- and upper-
semicontinuous, respectively. First, Q — ,u (s") — pL (s) is continuous in the 7 topology,
since T'?(-, 0) only depends on X via X N By, (0) Now we conclude by observing that @’ —
infaep h(a | a’) is lower-semicontinuous as pointwise infimum of a two-parameter lower-
semicontinuous function over a compact set and a’+ inf,c; h(a | a’) is upper-semicontinuous
as infimum over a family of continuous functions. ]

Now, we can proceed with the proof of Proposition 4.
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Proof of Proposition 4. The upper bound for compact F is an immediate consequence of
Lemma 7, since [21, Lemma 1.2] implies that

P(A, Y P (v x5, 5") € F) < Eexp( —| A (e, x)] inf 7 ———— | Magz ) ).
aeF \ |A(x, x|

The proof of the lower bound is more involved. First, we may assume that G is an interval, i.e.
G =1[0,y) or G = (y—, y4+) for some y, y_, y+ > 0. Next, introduce the function f (k) by
f0) =1and f(k) = e /12k(/27k)~! for k > 1, and set G' = Z N (|A}|G). Then, by [21,
Lemma 1.3], P(|A) |71y =Pttt (x ¥/, 5, 5") € G) is bounded below by

Eexp(— inf —log £(k) -+ h(k| A, x| Mav.)

= Eexp(—A7I(A;I ™2 4 1ACe XD 0k May h (k]2 G, ) M),
€

where hi (k| A, (x, x")| 7' Mg = h(k| A, (x, x")| 7' Mg, | 1) is abbreviated notation. Now, we
distinguish between the cases where G contains 0 and where it does not. We claim that if
G =10,y) and ¢ > 0, then infycgr Myy (h(k|A;(x, x’)|_1M;,},) is at most

. 8 -1
f Myyth| ————M ,
& +gHEIG av,t (|A(x,x/)| av,t>
provided that ¢ > 0 is sufficiently small. Once this claim is proven, Lemma 7 completes the
proof of the lower bound for the G = [0, y) case. Let ¢ > 0 be arbitrary. Then, under the

event Myy; < &, we deduce that infycgr Mav,th(k|At(x,x’)l’lM;,}t) < May; < €. On the
other hand, if Mgy ; > ¢ then, for every g € G,

1A, X)) T My — k(@) A (e, X7 MG < 1A (e XD e

av,t

where k(g) > 1 is chosen as the element of Z N (|A}|G) such that k(g)|A(x, x’)|_1 mini-
mizes the distance to g|A(x, x’ )|_1. In particular, uniform continuity of 4(-) on the interval
[0, y|A(x, x")|"'e~!] implies that

a

inf My h(k|A, (e, X)) TIML) < & + inf My k(g AGx, X)) 7T ML)
keG! ) ’ g€G )

for all sufficiently small # > 0. Finally, we deal with the case when G = (y_, y4) and observe
that if M,y,; > ¢ then we can conclude as before. To be more precise,

Eexp(—IA;(r. )| inf May h(kIA (e x| M)
> Bexp(— 1A, (. )I(— + inf Ma h(gIA G201 1))

~ E(May < e exp(—1As0x, )| (—e + inf My h(IAGe )7 M) ) ).

Now, for any K > 1, there exists ¢ > 0 such that Mav,,h(y_|A(x,x’)|’1Me‘_V},) > K if
Mgy ; < e. In particular, we may complete the proof of the lower bound by noting that

exp(— 1A (e, ¥ (6 + inf Mavh(2M))) < exp(—IAs(x, )~ + K)).
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Since Y*Per0I(x x| s, s") is stochastically dominated by a Poisson random variable with
parameter Ag|A;(x, x")|, the random variables {|A;|_1Y*'Per’b’t(x, x', 5,5 )}t <1 are exponen-
tially tight. This implies both goodness of the rate function and the full LDP. (]

Next, using Lemma 4, we derive an LDP for the finite-dimensional marginals of ¥ *Per-2-1(. .,
In order to state this precisely, it is convenient to introduce some notation. Let —|A/| 1/d jp =
g <& < - <& <|A|IV9/2and0 =50 < 51 < -+ < 5, Then, forx = (&,,...,&,)
and s = s;, we set x4 g = (§,+1,...,&i,+1) and 54 g = s;11, where we use the conventions
Exy1 = |A}]V9/2 and sp41 = 00

Corollary 2. Let—lA’1|1/d/2 =& <€ << < |A’1|1/d/2 and0 =sg <851 < -+ <

s¢. Furthermore, set & = {&9, &1, ..., &} and S = {s0, 51, ..., s, }. Then, the random vectors
{(|A;|_1Y*’h"(x,x+,g, s, S+’S))(X’s)egdxs}t<] satisfy an LDP with rate |A}| and good rate
function

18 s((a) egavs) = Y IA(x, xy.8)] Jnf @ IP’)+Z (m ‘ Au@(si)).

xegd

Proof. First, we observe that (Y*Per-b.f(x X4,8))ycge defines a family of independent
random vectors, where we set Y* P00 (x x, z) = (VP01 (x, xy g, s, 51.5))ses. Indeed,
this is a consequence of the independence property of the Poisson point process X since by
the definition of the periodization, Y *P°"% (x, x, =) depends on X only via X N A, (x, xy z).
Hence, if, for any fixed x € 29, we can establish an LDP for Y*'per’b”(x,er,g) with a
certain good rate function, then [10, Exercise 4.2.7] allows us to deduce that the collection

(Y*Perbit(x xy g)) ez satisfies an LDP with good rate function given by the sum of the

individual ones. If |S| = 1 then the LDP for Y*P-?!(x x, g) is precisely the result of
Lemma 4, and an inspection of its proof shows that it also extends to the case of general
finite S.

In Lemma 5 we have seen that periodization replaces {Y*?!(x, x’, s, s')}z <1 by exponen-
tially equivalent random variables. Hence, by applying [10, Theorem 4.2.13] we are able to
complete the proof. |

In order to deduce Proposition 3 from Corollary 2, we need to undo the truncation approx-
imations. Before we start with the proof of Proposition 3, it is convenient to derive certain
continuity properties of ,ué’;p and (d/ds) ,uf’Q(s) with respect to b and Q. The technique of proof
is similar to the one used in the proof of Theorem 1.

Lemma 8. Lete, K > 0, and s > 0 be arbitrary. Then, there exists b > 1 such that if Q € Py
satisfies h(Q | P) < K then ,ug(’@(s) — uq(s) < ¢eand |(d/ds),u6(s) — (d/ds)ug(s)| < e.

Proof. We first deal with the part of the statement not involving derivatives. Letd’ > b > 1
be arbitrary. Proceeding as in Lemma 7, we see that {|A}|™ ! fA, Ib(s,y) =T (s, y)dy)i<1
satisfies an LDP with rate | A| and good rate function

ar—> inf / h(Q | P).
QePs. ugy(9)—ng)(s)=a

In particular, the proof is completed once we show the existence of by > 1 such that

limsup [A}| ™! 1og19>(/ AT (s, y) = TP (s, y) dy > e) <-K
t—0 A}

t
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for all ¥’ > b > by. Note that
P0G, 9) = T (5, y) = Nssgiw™ 3 1y = Xil) = &1y = XiD). 3)
i>1

Using this result, we may now conclude as in Lemma 2, since the formula for the Laplace
functional of a Poisson point process shows that, for any a > 0,

Eexp(a/ s, y) — Fb/(s, y)dy > 8)
A

< exp(AT /Rd exp(aNsmm -2 A/ L(x —y]) — €p(Jx — y|)dy) — 1dx>.

t

Considering the part involving the derivatives, note that the derivative of ug(s) is given
by ARQU (0)~1(d/ds)T (s, 0)). Essentially, this means replacing in the above arguments
the expression q(sl(y)_l) by I(y)_1 (d/ds)q(sl(y)_l). We conclude by observing that this
specific form only comes into play in the estimate (3), which can be replaced by

()~ 1 d q(sl »H =17 q(sl” M

<1b(!

—_ bey—1y _ b on—1
dsq(sl M) dsq(sl M)

d / ,
+ —q(slb O O =1 »m

< (Nssppw ™ + Nw =220 Y @y (1y — Xi) — 6 (1ly — Xi). D

i>1
Corollary 3. Let K > 0 and s > 1 be arbitrary. Then, in the T p-topology,

e as b — oo, the functions Q +— /L@(S) converge to ug(s) uniformly in {Q: h(Q | P)
< K}. In particular, Q — ug(s) is continuous on {Q: h(Q | P) < K},

e as b — o9, the functions Q — (d/ds)y,fé(s) converge to (d/ds)uq(s) uniformly in
{Q: h(Q | P) < K}. In particular, Q — (d/ds)uq(s) is continuous on {Q: h(Q | P)
<K},

e ifb, — 00, Q, = Q andlimsup,_,  h(Q, | P) < K, then ,ua’n (8) = nols).

Proof. Since the first two items are an immediate consequence of Lemma 8, we only deal
with the last item. Here, we may conclude, as before, by using the decomposition

|1g(s) — u ()] = 1uq(s) — n @]+ 1uly(s) — uly O+ lug ) —pd, (). O
Now, we have completed all preparations for the proof of Proposition 3.

Proof of Proposition 3. In Lemma 5 we have seen that truncation leads to an exponentially
good approximation. Therefore, combining Corollary 2 with [10, Theorem 4.2.16] shows that
the random vector {(| A} =Lyt (x, $)) (x5 emd x sti<1 satisfies a weak LDP with rate function

1% §((ax,s)(x.5)) = sup liminf inf 1% (@, ) x.s)-

m>1 b—o0 {(ax r)(\’ DR |(a¥ v)(x s) (aX ‘)()» v)|00<m !
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Since the random vectors {(|A;|_1 Y*I(x, s))(“)GEJX s}r<1 are exponentially tight, the proof
is completed once we show that I/E s(@x.5)(x,5)) = Tz ,5((ax,5) (x.5)), Where

Au@(m).

S((ax v)(x s))— Z |A(x, X4, )l lnf h(@Q | P)+Z <|A( X4 E 2)| ‘

xegd

First, we note that ¢ (sI?(0)~!) is decreasing in b and converges to g(sI(0)~!) as b — oo.
Hence, for any Q € 5 and x € E¢,

. : Ay, : Ay s,
lim |l ——— u(s): h<—" u(s)
p—o0 = (|A<x,x+ 2] ‘ o ; MG x|
In particular, I’E’S((axys)(x,s)) < Iz s((axs)(x,s)). Conversely, fix§ > O and x € E9. Then,
for m > 1, choose a sequence, (by n)n>1, such that lim,_, o by, , = 0o and write

/

. . a bm,n .
lim inf h(@HP’)—l—Zh(m Apug (s,))

=00 (QeHy, (%/(,S)(x,x)3 ‘(a)/(“y)x*(“x,x)s|oo§m_l}

= liminf inf h(Q | P)

b—o0 {QE?Q, (a)/(,g)(x.j‘): |(a)/;.5)xf(ax,x)x‘oofm_l}
r a

+ h(# ‘ A,ub (s»)).
,.:ZI AG, x|

Next, for each m,n > 1, choose Qx m.n € o, and for each m,n > 1, and s € S choose

@y smn € laxs —1/m, ay s +1/m] such that
r *
inf h@Q* [P+ h<—a“" Aplm" (si ))
(@€, (@},)s 7 1@k )s—(@rs)sloosm™) A x|

/
1 bmn
> 5+h(men|P)+E h(ﬁ AM@”M(,')).
g

If lim sup,, _, o, B(Qx m,n | P) = oo then

lim inf h(Q | P) +Zh(#ﬁ)| ‘ Au%””(s,))
i=l1

n—>00 {QePs, (@} Jr.s): 1@ 5)s—(@r s)sloo<m™1} [A(x, xy
= OO’

which is certainly at least as large as Iz s((ax,s)(x,s)). Otherwise, after passing to a subse-

quence, we may assume that lim,—oco Qx.mn = Q. for some Qy,, € Py by sequential

compactness. Furthermore, we may also assume, for each 1 <i < r, thatlim, @} g, ,, , =
/

ay s, for some a o, € [axs — 1/m,ays + 1/m]. In particular, lower semicontinuity
of h implies that liminf, oo B(Qx m.n | P) > h(Qxm | P). Moreover, by Corollary 3,
lim, 00 A ud’ " (si) = Apq,,, (s;). Hence, by another application of lower semicontinuity,

we have

s b a,
liminf A —=200 | Ap ™"  Gxsim Y
n—>00 <|A(x,x+,3)| HQ,,,, 51) A x1 0| Apq, ,, (i)
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Arguing as above, we may assume that Q, , converges to some Q, as m — oco. In order to
conclude the proof of the proposition, it therefore suffices to show that

liminf o —207 ‘ A (s')> > (L ‘ Ap, (i >
m—oo <|A<x x| OB AG )] | T
A final application of lower semicontinuity completes the proof. ]

3.2. Application of Dawson—Giirtner and identification of a rate function

In Proposition 3, we have shown that the finite-dimensional distributions of the random
fields {Y*},.1 satisfy an LDP. We have also identified the good rate function. Hence, the
Dawson-Girtner theorem [10, Theorem 4.6.1] implies that the random fields {Y*'},.; satisfy
an LDP with respect to the topology of pointwise convergence and that the good rate function
is given by I(F) = supg g Iz s(F), where the supremum is over all finite S C [0, o0)
and 8 C [—|A}|"9/2,|A1|"/4/2]. The proof of Proposition 2 now amounts to showing
I(F) = I(F). This is done using an adaptation of arguments appearing in the classical
derivation of Mogulskii’s theorem provided in [10, Theorem 5.3.1]. For the convenience of the
reader, we provide some details.

Proof of Proposition 2. Firstassumethat F e AC0 andlet f = dF/dxds denote the density
of F. By nonnegativity of Iz s(F), we can assume that § = A/ |1/d/2 Note that Ig s(F)
is of the form ), _za [Az(x)|infg f(F(x), Q), where f is convex in the pair (F(x), Q) by
linearity of ng. Hence, also G(F(x)) = infg f(F(x), Q) is convex in F(x) so that using
Jensen’s inequality, we have

k Si
Igs(F) < /A’. Jnf h@QIP)+ ; h(/ flx.s)ds | Au@xs,-)) dx

Again by convexity of 4 and Jensen’s inequality, we can further estimate

Si Si d
h(/ fx.5)ds | Au@(m) <[ h(f(x,s) ‘ au@m) ds.
Si—1 Si—1

This proves I(F) < I(F). For the other direction, we first consider the supremum over
partitions E and let some S-partition be fixed. The idea is to use a volume partltlon into equal
subcubes with side length going to 0 as a lower bound. More precisely, let { px (1)} 1— denote the
disjoint partition of A/ into cubes of volume |A|/ k% and equal side-length § (k) = IA] |14/ k.
Then,

kd

Ig s<F>>hmmfZ @ dnt h<@|P>+Zh(F(pk<z)x<s, 1sil) | Aug(s)
i=1

= lim inf f h P h A d
im in /,Qm Q| HZZ] (@) | Apg(si)) dx,
where each f; k(x) is constant on each of the cubes pr (1), 1 = 1, ..., k9. By Lebesgue’s theorem,

f; Fx) — f s f(x,s)ds for Lebesgue almost all x as k tends to oo. Therefore, by Fatou’s
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lemma and the lower semicontinuity of the rate function,
sup Iz s(F) > hmlnf/ inf h(Q | P)+ Zh(fk(x) | Apg(si)) dx
s A} Qe y

3/ liminf inf A(Q | P)+Zh(f/‘(x) | Apg(si))dx
A i=1

i’ k—o00 QePp

r si

= inf h(Q | P)+ h(/ f(x,s)ds | Au (s<)> dx
= Is(F).

For the supremum over S-partitions, we use the same approach and consider a partition of

intervals [0, k] for k € N with constant mesh size 1/k. Using Fatou’s lemma, we have

f(l 1/ f(x,s)ds
1k

AM@(l/k)> dx

sl;pIs(F) Z/ hmlanmf h(Q | P)+Z ( o

where we can look at k f 1/k S (x s)ds as a stepfunction fk on [0, k]. Similarly, for
klug(/k) — no(G — 1)/k)] = kf(l 1)/k(d/ds)u@(s)ds with gQ on [0, k], we have

. k
< / f(x,s)ds | kA/LQ(k)) =f0 h(fEer) | g!@(r))dr-
1

Now fix x € Aj and k > 1 and let Q; such that

k2

i=

k k
it v @I+ [ e | enar =h@t 1P+ [Chirto) |y

which exists since lower-semicontinuous functions assume their minimum on compact sets.
Let k, be the subsequence such that the limit inferior becomes a limit and for simplicity
write again k. Furthermore, we can assume that sup; #(Q; | P) < oo for Lebesgue almost
all x since otherwise there is nothing to show. Since A (- | P) has sequentially compact level
sets there exists a cluster point QF of (Qk)keN and by lower semlcontlnulty and Fatou’s
lemma, we have supg Is(F) > fA/ R(QF | P) + [o° liminf— o0 h(fX(r) | ng (r))drdx.
Note that by Lebesgue’s theorem for almost all s € [0, 00), liminfy_, o f (s) = f(x,s).
Furthermore, lim infj_, oo g@t (s) = (d/ds)uq:(s). Indeed, by the mean value theorem for

s € ((i —1)/k,i/k) there exists s’ € ((i — 1)/k, i/k) such that g@x (s) = (d/ds)u(@f (s") and

d
i (s") — FRL ()| +

d d
‘ — g (s) — FPALes ($)]-

d
‘g@\ () = oM@ ()] =

The second summand on the right tends to 0 as & tends to oo by Corollary 3. For the first term,
we have, by Lebesgue’s theorem,

d d
< ARQ} <E<£|S=S,q““0)]) - alszsqml(or‘) ‘ X))

d " d (s)
—_— X (.S —_—— x (.S
ds Ko ds Ha
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which is at most N w_2|s’ — 5| and, therefore, tends to O as k tends to co. Thus,

d
hrn 1nf ng (s) = —u@; (s).

Using the fact that the function 4 is lower-semicontinuous, we arrive at

likrigéfh(ff(s) | g{@f(s)) > h(f(x s) —u@:(s)>

as required.
Finally, let F' ¢ ACy. First, for any ¢ > 0, there exists Qs , € %5 such that

I(F) > p[Z |Az(®)|h@Qs.x | P)

S

m V’

xegd

d F(Az(x) x (si—1, si])
+Z|Aa(x>|h( T ‘ Au@s,xm))] —¢

F(A5() X (si-1,5:)
?[Z 2 1At )'h< Az ()] ‘A“QS*‘(”)H o

xe»-dl 1

F(Ag(x) x (si-1,5i]) o NIE
S[Z > Az <x>|sup[ A0 — (e —1)AMQS?X(s,)H £

xeBd i=1

m V’

m V’

using also the Legendre transform of the relative entropy. Furthermore, we have

[Qs., (5i) — Qg (Si—D)] < ARIQs.x(T'(si, 0) = T'(si—1,0)| < NARw ™ |s; — si_1],

and, hence, for p > 0,

I(F) > pgu}sa[z D IF(Az(x) x (si1,5i]) — (€ — DNARIA=()]]si —s,-lu} —&.
=0 byemd i=1

If F is not right-continuous, there exists a point (x, s) such that F(x,s) < lim,_ e F(x +
1/n,s + 1/n) = M. Consider a sequence of finite partitions (E,, S,),en Where the cube
(]_[‘;Zl(xj, x;j +1/n]) x (s, s + 1/n] is contained in (&, S,,) for all n € N. Then

(e’ — NIgl
nd+1 -

I(F)> ,o|:F<x + l, s + l)—F(x, s) —
n n

and letting n — oo gives I(F) > p[M — F(x,s)] — & which tends to co as p — oo.

If F is right-continuous but F ¢ ACy there exists § > 0 and a sequence of measurable
sets Ay, with vg41(Ax) — 0 and up(Ax) > 5. Using the regularity of the Lebesgue measure
there exists a disjoint union of countably many (d + 1)-dimensional cuboids such that Ay C
U qlk and vg1(J; qlk \ Ax) < 1/k. Then, for every p > 0,

I(F)=p Z F(g) = (” = DNirvas1 (U q,) —e

=1
1
> pur(Ax) — (€” — 1)NAiR <Vd+1(Ak) + E) —

Letting k tend to oo, we have I(F) > pd — & which tends to oo as p — 00. O
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3.3. Contraction principle and identification of rate function

In this section we apply the contraction principle to derive Theorem 2 from Proposition 2.
Consider the function W: KX — M(A)) given by

F() = F((-x[0,00) N{(y,s) € A} x[0,00): 5 < [y|™*}).

Then, the random measure \IJ(|A;|_1Y*”(-, -)) is exponentially equivalent to the random
measure | A} |=1y*(r=2.). Moreover, V¥ is continuous when restricted to the subset Linc,o(A/1 X
[0, 00)) of Linc(A] x [0, 00)) consisting of those F with 1 (dM) = 0, where

M ={(y,s) € A} x[0,00) : 5 < |y|™*}

and K C LinC(A/l x [0, 00)) denotes the family of all [0, co)-valued, bounded, increasing, and
right-continuous functions. Since the Lebesgue measure of d M is 0, the rate function from the
LDP of Proposition 2 is infinite on the complement of K. Hence, [10, Lemma 4.1.5] shows
that the random fields {|A; |=1Y*!(-, )};<1 also satisfy an LDP on . Hence, the contraction
principle applies and it remains to identify the rate function. That is, we need to show that

. o0 d
//] inf h(Q | P) +/0 h(f(y,s) ’ au@m) ds dy

inf
FeX,GO=F(1y) J A

= / i&fh(Q | P)+h(g(y) | noyl™))dy,

1

where f = 0F/0yds and g = 0G/dy denote the Radon—Nikodym derivatives of F and G,
respectively. Note that if G was not absolutely continuous, then neither could F be, so that
the left-hand side would be co. We show that the equality arises as a consequence of two
inequalities. First, we show that the left-hand side is at least as large as the right-hand side.
As in the proof of Proposition 2, an application of Jensen’s inequality implies that

™ d ¥l
/0 h(f(y,S) ’ aﬂ@(ﬂ) ds > h(/o

The right-hand side is equal to 2(g(y) | no(ly|™®)) if G(-) = F(-1y).

The other direction is more involved. First, we proceed as in the proof of Proposition 2
and note that the right- hand side can be approximated using a suitable discretization. To be
more precise, let { ,o(l)}l 1 be a subdivision of A/ into congruent cubes of side length 6 (k) =

—a

f,s)ds | MQ(IyI"‘)>.

[A] |1/d2=k  The point in the /th cube which minimizes the distance to the origin will be
denoted by yi ;. In the first step of the discretization, we replace the expression ug(|y|™%) by
pQUyeil ™).

Lemma 9. We have

2dk

limsupd > [ inf h(Q [ P)+h(g) | pglyed ™) dy
k— o0 =1 p)

< /A ngf hQ | P)+ k() | uglyl™™))dy.
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Proof. First, note that for every [ € {1, ...,29}, y € p(I), and Q € Py, we have

h(g) | poUykil™) — h(g) | no(yl™))
pno(yl™)
mQye,i1™%)
< lunUykil™) = noUyl™)l,

< g(y)log + nQUyr1 ™) — no(yl ™)l

where the last inequality follows from the choice of yi ;. In particular, the right-hand side is alw-
ays bounded above by 1. Moreover, fore > 0,welet A, = {l € {1, ..., 2dky minye, ) [y| <
¢} denote the set of indices of cubes that are close to the origin. Then, the Lipschitz assumption
implies that, forevery / ¢ A., y € p(I) and Q € Py,

LUyl ™) — no(y1™)] < Nealye ™y — yeyl < Nae ™ 1Wds (k)™

Hence, for sufficiently large k > 1, the difference

2dk

Y| nf m@QIP)+hgO) | oyl ™) dy
=1 /o) Qe

- (/A inf H(Q | P)+ h(g(y) | M@(Iyl_“))dy)

! QePy
is bounded above by | o (1) |[#A, + Nae™*"1/d§ (k) < 296 + Nae=*~1/dé(k), Since & > 0
was arbitrary, this completes the proof. ]

The next lemma is proved similarly to Proposition 2 using Jensen’s inequality and a dis-
cretization of the integral. We omit the proof.

Lemma 10. Letk > 1 and 1 <1 < 29 pe arbitrary. Then,

Ip(l)I‘I/ inf Q| P)+h(g() | nolykd ) dy
(1) QEPs

> inf W(Q | P)+h(pDI 'Gle®) | royrl™®)dy.
Qey

Now that we have discretized the integral, we can define approximations F® to the desired
function F. For this purpose, we first need to construct certain minimizers. Recall from
Corollary 3 that the function Q +— ug(Jyr,|™) is continuous on every set of the form
{Q: h(Q | P) < K} for some K < oo. Therefore, the function

Q> 2@ P)+ (oD Ge®) | po(yeil ™)

is lower semicontinuous, and we let Q¢ ; be one of its minimizers. Now, define measurable
functions f®: A} = [0,00],k > 1, by

o)~ G(p))(d/ds)ug,, (5)

R, s) = ‘ 1y, (Ve =)

aﬂ@k,l(@ ifyep()ands > |y 7.

ifyep)ands < |y17%,
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Here, we make the convention that the first line is equal to 0 if uq,, (|, 7% =G(p) =0
and is equal to oo if pq, , (Iyk1|™ ) =0, but G(p(l)) # 0. Furthermore, we let F® denote
the distribution function of the measure with density f ®)(y, 5). Then, for every y € p(l), the
expression infgep, 1(Q | P) + fo h(FO(y,s) | (d/ds)pq(s)) ds is bounded above by

Ly DI7LG(p))(d/d
h(Qes IIP’)+/ h(lp()l (pM)( /j)ﬂ@kl(s) k,(s))
0 MQk_,(|Yk,l| ) d

= h(Qis | P)+h(pDI' GlpM)) | gy, (yeal ™))

From the favorable rate function in Proposition 2, the functions (F (k))kz 1 have an accumu-
lation point, and from lower-semicontinuity, therefore, we have

/, i h@IP)+ [ (09 | g ds
< [ dnt W@ 1B+ hie) | walyl ) dy.
A} QePp

Hence, it remains to show that the measures induced by G(-) and F(-1,7) coincide. In order
to prove this claim, we first show that F (k)(M ®) \ M) tends to 0 as k tends to co, where
M® ={(y,5) € A} x[0,00): y € p(l) and s < |yx1| ™).

Lemma 11. The expression F ® (M ® \ M) tends to 0 as k tends to oc.
Proof. First, observe that F® (M® \ M) can be expressed as

2dk oy Y
FOMD\ M) =3 Glpm)lp0]™! / o Wil ) = b, VL)
I=1 p() By (k| ™%)

Now, for ¢ > 0, introduce the set

A, ={lell,.. 2‘”‘} min |y| < &or max |y|”% > wsmin — &}
yep(l) yep(l)

of indices whose associated cubes are far away from the origin and the boundary of the ball
B(ys,;)-1/2 (0). Hence, we arrive at

FOMON\ M) =ae™ 'NVds (k) Y _Ge®) ),
I¢A, MQk,,(|yk,l| ot)

where r (&) tends to 0 as & tends to 0. Since the sum above consists of at most 29 summands, it is
enough to consider those [ ¢ A that satisfy |p (/) I~1G(p()) > mQe, (yk,11™%). Now, note that
if | & Ae then up(|yk.1|~%) > 1/K for some sufficiently large K = K (¢) not depending on k
and /. We also claim that y,@k’,(|yk,1|_°‘) > 1/K. Once this is shown, the proof is complete.

Suppose that uq, , (|| ™%) < 1/K. First, if [o ()] G (p (D)) = pup(|yk,|™%) then

h(pDI'GlpM) | ne(lyeil ™)) < hlpDI™'GloM) | ey, (yeil ™)),

which contradicts the minimality of Q ;. Otherwise, set Q* = AP + (1 — A)Qx;, where
X € [0, 1) is chosen such that

(il ™) + (= Mgy, (el ™) =101 G D).
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Then, since the specific relative entropy 4 (introduced in Section 1) is an affine function,

h(@Q* | P)+ k(oM G(eMD) | e (Iyral ™)) = (1 = A(Qxs | P).

As the right-hand side is strictly smaller than

h(@Qui | P) +h(lpDI™'Go@) | iy, (el ™)),

this contradicts again the minimality of Qy ;. (]
Now, we can complete the proof of Theorem 2.

Proof of Theorem 2. By Lemmas 9 and 10, it suffices to show that G(f) = F(f1j) holds
for any f: A/1 — [0, 0o) of the form f =1,(,) forsome 1 <y < 2dko Now, we can argue
as follows:

IF(f1m) = G| < limsup |FO (f 1) = G(f)] +limsup FO(f1y0,)-
k— 00 k— 00

from Lemma 11 we see that the second summand is 0. Moreover, from the definition of F®,
we see that F®(f1,,0) = GR(f), where G®, k > ko, denotes the measure with locally
constant density g(k) (y) = |,0(l)|_1G(,0(l)). Hence,

GO (=60l = > Gph) =Gl =G,

ph)Cpdo)
as required. |
3.4. Proof of Corollary 1
Proof. The upper estimate is a direct consequence of the upper bound in Theorem 2,

lim sup |A}|~ 1logp, _hmsup|A |_1log]P(|A I~y ) = 0)
—0

t—0

< —/A/ inf (1(Q | )+ QT (] o) dy.

For the lower estimate, first note that p; = E exp (—Ar fA, 't~ (y), y)dy), whereI'(a, y) =
E(g(al(y)~ ) | X) is a nonlocal function of the transmitter process. In order to be able to
apply [16, Theorem 3.1], we need to establish a translation-invariant setting using discretization
of the integrand. To be more precise, we subdivide A} into 24" subcubes Al of side length
2177 | wsmint| ~# and let y; denote the corresponding element of the subcube Ai which is closest
to the origin. Then,

2dn 2dn
Pz Eexp(—xR Z/ T ey, y) dy) > Eexp(—xR Z/ TPa ey, v dy),
i=1 Ap i=1 A

where I'?(a, y) = E(g(al”(y)~") | X). Furthermore, let XP*"! be the configuration obtained
after extending the configuration of the marked Poisson point process X i 151 the subcube A peri-
odically in the entire Euclidean space R?. The error made in replacing Zl ) Al rea=ey), y)
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by Y2, f Ai TP (7 1e(y1), y) is negligible in the large deviation principle where TP (a,
y) = E(g(al®(y)™") | XPerh), indeed

f PG 20n), y) — TP (e ), )1 dy
A

i
1

< Nw?nH™! f [0, y, X) — 1% (0, y, XP"')]dy

< N(sfninwzt)_l[ > /i (X5 —yDdy
XjeX. X ¢n;. X eny,

¥ ) [ 6%, =]

X ;eXxperi X Ai X Ai At
JEXPELL, X N, XjeN, ,

< N(sZw?) X (AL, \ Al) + XP5 (AL, \ AD)] f RGO
By (o

where Ai’ b denotes the volume Aﬁ joined with its b-boundary. Hence, for all ¢ > 0,

2dn
Eexp(—xRZfFb(r—le<|yi|),y)dy>
i=1 VA
2dn

> e_“\;'Eexp(—kRZ/_ TP =Ly, y) dy)
i=1 Y0

odn

- P(AR Zf TPE ), y) = TP ), y) dy = s|A;|).
i=1 YA
By (4), the second line is bounded from below by
—2P<AR2N(s§ﬁnw2t)—1/ )Zb(|y|)dyX(A,1’b\A,1) > e|A}|>.
By (o

But this goes to 0 on an exponential scale infinitely fast by Lemma 1. Hence,

2dn
. _ b, —1
lim |A;] llogEexp<—/\R;/A;F (t E(yi),y)dy>
2dn
> lim | A/~ 1ogEexp(—kR Z/ TPl (1o (y), y) dy)
t—0 0 Ai

odn

=2~ E lim |A!| " logEexp( —Ar [ TP2¢e(y;), y)dy ),
— t—0 ! Ai
i=
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where we used the independence of the XP°"»/ with respect to i in the second line. Now we are
in the position to apply [16, Theorem 3.1] and write

odn
tlglg)m;mogz@exp(—mzlj /A TPl le(), ) dy)
i= !

odn

= =271 inf (@) +2RQI (il o).
i=1

using the continuity of ['P*"? ensured by the truncation of the interference. Note that

lim SUPQ}nf (@ | P) + ARQI P (|yi| ™, 0))) < (52;6(h((@ | P) + AR Q" (1yi| ™%, 0))).

b—oo QEPp

Indeed, let Qg be a minimizer of the right-hand side, then

limsup inf (h(Q | P)+ ARQC(1yi17%, 0))) < h(Qp | P) + Ag lim sup Qo (I’ (y:] ™%, 0))

b—oo € b—o00

and it suffices to show that

IQo(Cb(IyI™%, 0)) — Qo(T'(ly| ™, 0))] sN|y|—“w—2@o< > e(|Xj|>)

X;ZAp

tends to 0 as b tends to co. But this holds since Qy is a translation-invariant point process. In
order to perform the large-n limit, we have to show that

y > inf (h(Q | P) +ArQT(Iy|™%, 0)))
Qe
is continuous. But this also holds since
inf A(Q | P) +ARQ((Jy|™*, 0))) — inf A(Q | P) + ArQ((Ix|™%, 0)))
QePy QePy

< sup [ARQ((ly|™%, 0)) — ARQT(Ix|™%, 0))]
Qesy

< Nw™ Rlly™® — x]7%]. O

4. Importance sampling

In this section we show how the LDPs derived in Theorems 1 and 2 can be used to devise
an importance sampling scheme improving the accuracy of basic Monte Carlo approaches
for estimating the probability of observing unlikely configurations of connectable receivers.
Theorems 1 and 2 imply that such probabilities generally tend to 0 exponentially quickly, so
that basic Monte Carlo estimators perform poorly.

The general heuristic for devising importance sampling schemes is the following. Instead
of sampling the transmitters according to their true distribution, the simulation is performed
by using a modified law under which the considered rare event is more likely. An appropriate
reweighting using likelihood ratios ensures the unbiasedness of the new estimator. For a more
detailed discussion of the general technique of importance sampling, we refer the reader to [2]
and [19].
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In principle, Theorems 1 and 2 provide precise descriptions of the asymptotically exponen-
tially optimal change of measure, in the sense that the modified law of transmitters should be
given by suitable Gibbs point processes. However, as these distributions just arise as minimizers
of fairly complicated functionals, it is difficult to use them for computational purposes. Still, by
performing this minimization in the restricted class of Poisson point processes, we can achieve
substantial accuracy benefits.

We only provide a proof of concept for the use of importance sampling, and, therefore, assume
a specific parameter constellation in the following. First, we fix d = 2, w = AR = A1 = 1,
and assume that the path-loss function is given by £(r) = r~*. Moreover, we assume that
there is no random environment, and that transmission powers and fading random variables are
constant and equal to 1. Note that this choice is not covered by the assumptions for Theorems 1
and 2. Nevertheless, our simulation results illustrate that variance reduction through importance
sampling also hold under weaker conditions than the ones assumed in Theorems 1 and 2.

4.1. Importance sampling related to Theorem 1

Since we have assumed that there is no random environment and that transmission powers and
fading variables are constant, the minimization in the rate function of Theorem 1 is performed
only over stationary point processes of transmitters and receivers. As mentioned above, this
minimization is intractable in its full generality. Nevertheless, in this section, we show that
if minimization is performed only in the class of Poisson point processes, then the problem
becomes tractable. In fact, we provide an example problem, where the minimization can be
reduced to a standard two-dimensional constrained minimization problem, where the constraint
is given in terms of certain special functions. The disadvantage of this approach is that solving
the minimization problem in a restricted class of point process will not automatically lead to
good choices for the importance sampling. This will become apparent from the simulation
results discussed below.

We assume that # = 1 and consider events of the form

1 .
Apa = #Y® < gl
o=\ 2

i.e. the event that the (spatially) averaged number of connectable receivers associated with
transmitters in the cube A, is less than a. Now, we explain how to implement an importance
sampling scheme based on the LDP. A related importance sampling scheme for a Poisson point
process on the real line has already been considered in [17], but for the convenience of the
reader, we present some details in our situation.

In order to estimate the probability of the event A,, ,, we simulate the Poisson point processes
with new intensities ur > 0 and ut > 0 in A,. Then, the likelihood ratio of a Poisson point
process with intensity 1 with respect to these point processes is given by

exp(|Anl (R — 1) + |Anl(pr — 1))HEX(An)M¥Y(A,,)'

Hence, an unbiased estimator for P(A, ;) is given by

—~ —X(Ap —Y (A,
Prapre = XU AL (ur — 1) + [ Al (ur — D) A pp A1y, .

In order to take into account edge effects, we also generate transmitters and receivers with the
unmodified intensity in a small environment around A,. We can obtain estimates p and v of
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TaBLE 1: Comparison of the simulation results for the expectation and variance of the considered
importance sampling estimators with transmitter and receiver intensities (Ur, UT)-

o~

(MR, UT) D v
1,1 331x 1074 331x107*

(0.832,0.984) 3.12x107* 3.69 x 10~
(0.892,0.989) 3.29 x 10~% 5.10 x 107

the expectation and variance of P, 4, 1,z DY considering the sample average and variance of
N > 11i.1.d. copies generated using Monte Carlo simulation.

This leaves the question as of how to find good choices for ur and pt. In a first attempt,
choose these parameters to minimize the large deviation rate function appearing in Theorem 1. If
Q € $ is the distribution of independent Poisson point processes of receivers and transmitters
with intensities ur and pr, then the relative entropy 2(Q | P) is given by (ur log ur — ur +
D+ (ur log wr —pur+1). Hence, to determine the optimal intensities (AR, opt, AT,opt) according
to Theorem 1, we need to minimize this formula under the constraint Q*(#Y®) < a. Next,
we express this constraint in terms of certain special functions. First, by Campbell’s theorem,

|x |~
Q*#Y @) = HTMR/ Q*(— > 1) dx
B1(0) T+ X~

1
= WTHR2T / "P(Z 1Xi1 ™ < it - 1)) dr,
0

i>1

where in the last line we used that scaling by 1/,/ut transforms a Poisson point process
with intensity 1 to a Poisson point process with intensity pur. Moreover, Y ;. |X;: |74 is
distributed according to an inverse gamma distribution with parameters 5 and 73/4. In
particular, P(} ;. 1X; =4 <) = n_l/zy(%, —13 /4s), where y (-, -) denotes the incomplete
gamma function. Now it is easy to check that

1 3 3 3/2
1 b4 b4 b4
#Y @) = 271/ r <—> (—) dr = T ex (—)erf0<—)7
QE) = prpt ) 72 4ud(rt — 1) HRATTEXP 4 2pr

where ‘erfc’ denotes the complimentary error function. For instance, if we choose a = % then
(AR,opt> AT,0pt) ~ (0.832,0.984).

In order to assess the accuracy improvements that can be achieved with this importance
sampling scheme, we performed a Monte Carlo analysis. We fixed a = %, n = 25, and
performed N = 10000 00 simulation runs. We consider three different parameter choices for
the importance sampling intensities (1R, wt). First, we consider the case of basic Monte Carlo
simulation; thatis, (ur, ut) = (1, 1). Second, we take the intensities that are obtained from the
large deviation analysis performed above, i.e. (ur, ut) = (0.832,0.984). Third, we estimate
(uR, pt) from a simple cross-entropy scheme. That is, we performed a pilot run of 100 000
basic Monte Carlo simulations and determined the average intensities under the condition that
the rare event occurs. We obtain (ugr, ut) = (0.892,0.989). We refer the reader to [19] for
details on the general cross-entropy technique. The results for p and v are reported in Table 1.

In particular, we would like to draw the attention to an important observation: the estimator
that is obtained as the solution of the optimization based on our large deviation principle
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actually has a higher variance than the basic Monte Carlo estimator. Given the close relation
between the large deviation theory and asymptotically optimal change of measures, this might
come as a surprise at first sight. However, since we performed our optimization not in the full
class of stationary point processes, but only considered Poisson point processes, the simulation
output does not contradict this intuition. In fact, considered from a different perspective, the
simulation results provide evidence that the optimal change of measure is rather far (in the
Kullback-Leibler distance) from being a Poisson point process. In contrast, performing the
change of measure with the intensities obtained from the pilot run shows that for the considered
example, a more than seven-fold variance reduction can be achieved.

The discussion in the previous paragraph raises the legitimate question as to whether the
change of measures deduced from the large deviation result are of any practical use for
importance sampling. Indeed, in the example described above, the intensities that lead to
the seven-fold decrease in variance could be found without reference to the LDP; namely, by
an ‘educated guess’ (or rather ‘cross-entropy’). Nevertheless, when considering importance
sampling in the setting of Corollary 1, finding a good importance sampling change of measure
would involve ‘guessing’ a continuous family of parameters, which is substantially more
involved than what we have performed above. In contrast, a simple analysis of the large
deviation rate function provides immediately a useful heuristic for the shape of the curve.

4.2. Importance sampling related to Theorem 2

Finally, we investigate importance sampling techniques related to Theorem 2. We consider
the specific setting of Corollary 1, i.e. estimation of the isolation probability p; for small
values of 7. Similar to the situation considered in Section 4.1, the full minimization problem is
intractable, so that we restrict our attention to the class of homogeneous Poisson point processes.
However, the situation is slightly different from the one considered in Section 4.1. Instead of
globally optimizing a transmitter and receiver intensity, we now have the freedom to choose a
different intensity for each point in A. Due to isotropy, this reduces to the task of choosing
an optimal intensity Aop(r) for each r € [0, 1]. This optimal intensity must minimize the
following expression that can be derived from the variational characterization in Corollary 1:

Dopt () 10g Aopi (1) — Aopt(r) + 1 + P(r—“ > 1+ dopt(r)* Y |X; |‘4).
i>1

This is a standard minimization problem that can be solved by finding the roots of the derivative
with respect to Aopt (7). After some simplifications, we arrive at

log _ b4 n3kopt(r)2
0g Aopt(r) = mexp 4r4—-1)

This equation can be solved numerically; a plot of this solution is shown in Figure 2.

As in the previous example, in order to assess the actual accuracy improvements for the
estimation of p, that can be achieved with this importance sampling scheme, we performed
a prototypical Monte Carlo analysis. We fixed + = 0.002 and performed N = 1000000
simulation runs. See Table 2.

In contrast to the previous example, we see that the importance sampling estimator derived
from large deviation theory provides substantial benefits. Indeed, the variance is reduced by
approximately 78%. Furthermore, applying the cross-entropy technique for the present example
would be substantially more involved than in the previous example. Indeed, instead of simply
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FIGURE 2: Plot of the optimal density Aopt () at distance r from the origin.

TaBLE 2: Comparison of the simulation results for the expectation and variance of the basic versus the

importance sampling estimator.

~

D v
) =1 7.72x 1070 822 x 10710
M) = dopt() 770 x 1076 1.78 x 10710

estimating two parameters, we would need to extract an entire curve from the pilot runs, so that
proper statistical tools would be needed to estimate such a functional object from the data.
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