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Preface

Random matrices are of central importance in many areas of probability theory, and
the analysis of their theoretical aspects has been the object of very active research
over the past 20 years and will certainly continue in the future because of many still
open questions. Applications can be found in, for example, mathematical statistics,
mathematical physics, random graphs, or telecommunications.

The present collection of research papers focuses on two of their most relevant
aspects:

* The spectra of high-dimensional random matrices
and
* Iterated random functions driven by random matrices

The contributions to this volume are based on talks given at the workshop “Random
matrices and iterated random functions” organized as part of the scientific program
of the Collaborative Research Center 878 from October 4 to October 7, 2011, at the
University of Miinster.

While the contributions to Random Matrix Theory are centered around questions
about universality of the limiting behavior of random matrices and their relation
to free probability, the (larger) section on iterated functions systems focuses on
questions concerning their long-time behavior (ergodicity) and information about
their stationary distributions (tail behavior).

Discussions among the participants of the workshop were also concerned with
possible connections between these two fields of probability. Such connections
would doubtlessly stimulate the research in both areas.

We thank all authors who contributed to this volume and hope that we have been
able to gather an inspiring collection of papers. We are grateful to the CRC 878 for
financial support of the workshop and to Olga Friesen and Sebastian Mentemeier
for helping us with the production of this book.

Miinster, Germany Gerold Alsmeyer
Matthias Lowe






Contents

Part] Random Matrices

On the Limiting Spectral Density of Symmetric Random
Matrices with Correlated Entries .......................ooooii 3
Olga Friesen and Matthias Lowe

Asymptotic Eigenvalue Distribution of Random Matrices and

Free Stochastic Analysis................coiiiiiiiiiiiii i 31
Roland Speicher
Spacings: An Example for Universality in Random Matrix Theory ....... 45

Thomas Kriecherbauer and Kristina Schubert

Stein’s Method and Central Limit Theorems for Haar
Distributed Orthogonal Matrices: Some Recent Developments ............ 73
Michael Stolz

PartII Iterated Random Functions

Large Deviation Tail Estimates and Related Limit Laws for
Stochastic Fixed Point Equations.....................oiiiiiiiiiiiiiiinn.. 91
Jeffrey F. Collamore and Anand N. Vidyashankar

Homogeneity at Infinity of Stationary Solutions of Multivariate
Affine Stochastic Recursions ... 119
Yves Guivarc’h and Emile Le Page

On Solutions of the Affine Recursion and the Smoothing
Transform in the Critical Case ..................... ... i, 137
Sara Brofferio, Dariusz Buraczewski, and Ewa Damek

Power Laws on Weighted Branching Trees ............................oo.L 159
Predrag R. Jelenkovi¢ and Mariana Olvera-Cravioto

vii



viii Contents

The Smoothing Transform: A Review of Contraction Results.............. 189
Gerold Alsmeyer

Precise Tail Index of Fixed Points of the Two-Sided

Smoothing Transform ......... ... ... 229

Gerold Alsmeyer, Ewa Damek, and Sebastian Mentemeier

Conditioned Random Walk in Weyl Chambers and Renewal Theory ..... 253
C. Lecouvey, E. Lesigne, and M. Peigné



Part I
Random Matrices



On the Limiting Spectral Density of Symmetric
Random Matrices with Correlated Entries

Olga Friesen™ and Matthias Lowe

Abstract We analyze the spectral distribution of two different models of symmetric
random matrices with correlated entries. While we assume that the diagonals of
these random matrices are stochastically independent, the elements of the diagonals
are taken to be correlated. Depending on the strength of correlation the limiting
spectral distribution is either the famous semicircle law known for the limiting
spectral density of symmetric random matrices with independent entries, or some
other law related to that derived for Toeplitz matrices by Bryc W, Dembo A, Jiang T
(2006) Spectral measure of large random Hankel, Markov and Toeplitz matrices.
Ann Probab 34(1):1-38.

1 Introduction

The study of random matrices started in the 1920s with the seminal work of
Wishart [16]. His basic motivation was the analysis of data. On the other hand,
Wigner used the eigenvalues of random matrices to model the spectra of heavy-
nuclei atoms [15]. Nowadays, random matrix theory is a field with many applica-
tions from telecommunications to random graphs and with many interesting and
surprising results.

A central role in the study of random matrices with growing dimension
is played by their eigenvalues. To introduce them let, for any n € N,
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4 O. Friesen and M. Lowe

{a,(p,q),1 < p < g <n} be a real-valued random field. Define the symmetric
random n x n matrix X,, by

1
Xn(qsp):Xn(pvq):Wan(pvq)v lfpqul’l

We will denote the (real) eigenvalues of X,, by /\(1") < /\é") < ... Let w, be
the empirical eigenvalue distribution, i.e.

Wigner proved in his fundamental work [15] that, if a,(p, q) are independent,
normally distributed with mean O and variance 1, for off-diagonal elements, and
variance 2 on the diagonal, the empirical eigenvalue distribution w, converges
weakly (in probability) to the so-called semicircle distribution (or law), i.e. the
probability distribution v on R with density

1
7 Va4 —x2 1ag(x) dx.

An important step to show the universality of this result was taken by Arnold
[1], who verified that the convergence to the semicircle law also is true, if one
replaces the Gaussian distributed random variables by independent and identically
distributed (i.i.d.) random variables with a finite fourth moment. Also the identical
distribution may be replaced by some other assumptions (see e.g. [8]). There are
various ways to prove such a result. Among others, large deviations techniques as
developed in [4] can be applied as well as Stieltjes transforms [2] (the latter method
can also be applied to obtain results on the speed of convergence, see [12]). A still
very powerful instrument is the moment method, originally employed by Wigner.
To this end, it is useful to notice that, if ¥ is some random variable distributed
according to this semicircle distribution, its moments are given by

0, if k is odd,

E[Yf] =
C%, if k is even,
where Cy, k € N, are the Catalan numbers defined by C, = (2k)!/(k!(k + 1)!).

Recently, it was observed by Erdos et al. [9] that the convergence of the spectral
measure towards the semicircle law holds in a local sense. More precisely, this can
be proved on intervals with width going to zero sufficiently slowly.

However, the assumption of the entries being independent cannot be renounced
without any replacement. Bryc, Dembo and Jiang [5] studied random symmetric
Toeplitz matrices and obtained a different limiting distribution. To be more precise,
they considered a family {X;,0 <i <n—1},n € N, of independent and identically
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distributed real-valued random variables, and assumed that Var(X;) = 1. Then,
the scaled symmetric Toeplitz matrix T, was defined by T, (i, j) = 1//n Xi—j|,
1<i,j <n,ie.

Xo X1 X2 ... Xuo2 Xum
X1 Xo X1 ... Xu3 X2

ey

Xno2 Xn3 Xnesa ... Xo Xy
Xp—1 Xn2 X3 ... X1 Xp

In this situation the empirical spectral distribution of T,, converges weakly almost
surely to some non-random probability measure yr as n — oo. This measure
does not depend on the distribution of X;. Moreover, it has existing moments of
all orders, is symmetric, and has an unbounded support. The aim of the present
note is, to investigate the borderline between convergence to the semicircle law
and the convergence to yr. To this end we will study random matrices with
independent diagonals, where the elements on the diagonals may be correlated. If
they are independent, we are, of course, back in the Wigner case, while for complete
correlation the matrix is a random Toeplitz matrix.

We will see that depending on the strength of the correlation, the empirical
spectral distribution either converges to the semicircle law, or to some mixture
of yr and the semicircle distribution. We hence have a sort of phase transition.
Similar results were obtained in [10] for the case of weak correlations and in [11]
for stronger correlations. A particularly nice example is borrowed from statistical
mechanics. There the Curie-Weiss model is the easiest model of a ferromagnet. Here
a magnetic substance has little atoms that carry a magnetic spin, that is either +1
or —1. These spins interact in cooperative way, the strength of the interaction being
triggered by a parameter, the so-called inverse temperature. The model exhibits
phase transition from paramagnetic to magnetic behavior (the standard reference
for the Curie-Weiss model is [7]). We will see that this phase transition can be
recovered on the level of the limiting spectral distribution of random matrices, if we
fill their diagonals independently with the spins of Curie-Weiss models. For small
interaction parameter, this limiting spectral distribution is the semicircle law, while
for a large interaction parameter we obtain a distribution which shows the influence
of yr.

The rest of this article is organized in the following way. In the two following
sections we will fix our notation. Section 2 contains a description of the measures yr
introduced above, while Sect. 3 describes the kind of matrices we will deal with in
a general framework. From here we follow two paths. Section 4 contains our results
for convergence towards the semicircle law, while Sect. 5 is devoted to the case of
strong correlations along the diagonals. The basic ideas of the proofs, however are
so similar, that we can treat them in a unified way. This is done in Sect. 6.
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2 The Measure yr

The limiting spectral distribution yr can be defined by its moments which are
described with the help of Toeplitz volumes.

Compared to [5], we will use a slightly different notation. This will make it easier
to understand the arguments of the following sections. Thus, denote by PP(k),
k € N, the set of all pair partitions of {1,...,k}. For any m € PP(k), we write
i ~; jif i and j are in the same block of . To introduce Toeplitz volumes,
we associate to any 7 € PP(k) the following system of equations in unknowns
X0y ooo s Xt

X1 —Xo+xp, —xp—1 =0, ifl~y;1,

Xy — X1+ x5, —Xp—1 =0, if2~; D,

2

Xi—Xi1+x; —x;1 =0, ifi~z1/,

Xk — Xgp—1 + Xp, — X[p—1 = 0, ifk ~; .

Since 7 is a pair partition, we in fact have only k/2 equations although we
have listed k. However, we have k + 1 variables. If m = {{i1, j1}. ..., {ik/2, jk/2}}
with i; < j; forany [ = 1,...,k/2, we solve (2) for Xjis-eesXj > and leave
the remaining variables undetermined. We further impose the condition that all
variables xo, ..., x lie in the interval / = [0, 1]. Solving the equations above in
this way determines a cross section of the cube 7%/2*!. The volume of this will be
denoted by pr (). To give an example, consider the partition 7 = {{1, 3}, {2, 4}}.
Solving (2) for x3 = xo — x1 + X3 and x4 = x| — X2 + X3 = X, we obtain a cross
section of I3 given by

{xo—x1+x2€el}N{xgel}.
This set has the volume pr () = 2/3.

Returning to the measure yr, it is shown in [5] that all odd moments are zero,
and for any even k € N, the k-th moment is given by

[arw= 3 preo

n€PP(k)

Since | pr ()| < 1 forany = € PP (k) and #PP (k) = (k — 1)!!, we have

’/ xKdyr(x)| < (k =D,
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In particular, Carleman’s condition holds implying that yr is uniquely deter-
mined by its moments. The results for the independent as well as the Toeplitz
case will follow directly from Theorems 1 and 2 in case we assume the uniform
boundedness of the moments of all orders.

3 Matrices with Independent Processes on the Diagonals

We want to study two different models of symmetric matrices with dependent
entries. Both models have the common property that entries from different diagonals
are independent while on each diagonal we have a stochastic process with a given
covariance structure. Therefore, consider for any n € N a family {a,(p,q),1 <
p < q < n} of real-valued random variables. Introduce the symmetric random
n X n matrix X,, with

1
X, (p,q) = Xulg, p) = ﬁan(p,q), l<p=<g=n.

Put a,(p,q) = a,(q, p) if 1 < g < p < n. Since we will resort to the method
of moments, we first of all want to assume that

(A1) Ela,(p.q)] = 0,E[as(p.q)*] = 1, and

My = sup max E[|an(p,q)|k] <00, keN. 3)

neN 1=p=<q=<n

Note that the assumption of centered entries can be made without loss of
generality if the family {a, (p,q), 1 < p < g < n} consists of identically distributed
random variables. Indeed, assuming E [a,(p,q)] = b, forany 1 < p < g < n,
n € N, and some sequence (b,),en such that b, = o(n) yields the same limiting
spectral distribution as in the centered case, if it exists. This follows from the rank
inequality for Hermitian matrices (cf. [3], Lemma 2.2). Changing the variance,
however, provides a different limit which is a scaled version of that we obtain with
assumption (A1). To make the condition of independent diagonals more precise, we
suppose that

(A2) For any n € N, j € {l,...,n}, and distinct integers ry,...,r; €
{0,...,n — 1}, the families {a,(p,p + r1),1 < p < n —ri},...,
{a,(p.p+7rj),1 < p <n—r;}areindependent.

So far, we know that if we also have independence among the entries on the
same diagonal, we will obtain the semicircle law as the limiting spectral distribution.
Although we will violate this assumption in our first model, the quickly decaying
dependency structure will ensure that nevertheless, we get the same limiting
distribution. In our second model, we will basically assume that the covariance is
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the same for any two entries on the same diagonal. If it is equal to the variance,
it is not surprising that the resulting limit is the same as in the Toeplitz case.
In general, we will find that we have a combination of the Toeplitz distribution
and the semicircle law.

4 Quickly Decaying Covariances

In our first model, the dependency structure within the diagonals is determined by
the conditions

(A3) The covariance of two entries on the same diagonal can be bounded by some
constant depending only on their distance, i.e. foranyn € Nand 0 < t <
n — 1, there is a constant ¢, (t) > 0 such that

|Cov(an(p.q).an(p +1.q + D)) =cu(x), 1=p=qg=n-z,

(A4) The entries on the diagonals have a quickly decaying dependency structure,
which will be expressed in terms of the condition

n—1

ch(r) = o(n).

=0

Theorem 1. Assume that the symmetric random matrix X, satisfies the conditions
(Al)—(A4). Then, with probability 1, the empirical spectral distribution of X,
converges weakly to the standard semicircle distribution.

Remark 1. Note that in order for the semicircle law to hold, it is not possible to
renounce condition (A4) without any replacement. To understand this, consider
a Toeplitz matrix. We clearly have c¢,(r) = O(1), and indeed, the empirical
distribution of a sequence of Toeplitz matrices tends with probability 1 to a
nonrandom probability measure with unbounded support.

4.1 Examples

We want to give some examples of processes that satisfy the assumptions of
Theorem 1. Obviously, this is the case if the entries {a,(p,q),1 < p < g < n} are
independent satisfying (A1). The following three examples deal with finite Markov
chains, Gaussian Markov processes and m-dependent processes.

(i) Assume that {x(p), p € N} is a stationary Markov chain on a finite state space
S = {s1,...,s5}, N > 2. Denote by o0 = (01,...,0n) the stationary
distribution, and suppose that



On the Limiting Spectral Density of Symmetric Random Matrices with. . . 9

N N
Elx(p)] = Y _s;0(j) =0, E[x(p)] =) sle(j) = L.

J=1 Jj=1

If {x(p), p € N} is aperiodic and irreducible, we have that for some
constant C > 0 and some « € (0, 1),

max [P(x(p) =si | x(1) =s;) — ()| < Ca?™', peN.
ije{l.,...N}

For more details, see [13], Theorem 4.9. In particular, we obtain

N

[Cover(p) x ()] = | D sisy (PCr(p) = si [ ¥(1) = 5,) = () Jo())| = Ca? ™.

ij=1

Now assume that the processes {a(p,p + r),p € N}, r € Ny, are
independent copies of {x(p), p € N}, and put a,(p,q) := a(p,q) for any
n €N, 1< p < g < n.Condition (A2) then holds by definition, and the
uniform moment bound in (Al) is given since we have a bounded support.
Furthermore,

|Cov(an(p.q).an(p + 7.9 + 1))| = ca(2),

where ¢,(7) = c¢(r) = CaF. This is assumption (A3). Finally, (A4) follows
since Y%, ¢(t) < oo, implying Y"Zf ¢(z) = o(n).

(i) Let {y(p), p € N} be a stationary Gaussian Markov process with mean 0 and
variance 1. In addition to this, assume that the process is non-degenerate in the
sense that E[y(p)|y(q),q < p —1] # y(p). In this case, we can represent

y(p) as
)4
y(p) = b,y d;E;,
j=1

where {£;, j € N} is a family of independent standard Gaussian variables and
bp,di,...,d, € R\{0}. We can now calculate

pte p 14
&(v) 1= Cov(y(p +1).y(P)) = bpscbp ) D did;ElEi&]] = bpachy ) df-
i=1j=1 j=1

Note that 1 = E[y(p)*] = b3 >°/_, d;. As a consequence, we have

ooy = zte o Doe Dpret | gy
bp bp+r—l bp+r—2 bp
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To see that |c(7)| < 1, we first compute ¢(1)y(1) = bzblzdf’& = byd &,
implying that y(2) = byd»& + ¢(1)y(1). Using this identity to calculate the
variance, we can take account of the independence of &, and y(1) to obtain

1 =E[y(2)4] = b2d? +¢(1)>.

Since by, d, # 0, we conclude that [¢(1)] < 1. In analogy to the first
example, we assume that the processes {a(p,p + r),p € N}, r € Ny, are
independent copies of {y(p), p € N}, and put a,(p.q) := a(p,q) for any
n €N, 1 < p <q < n.Conditions (A1) and (A2) obviously hold. Defining
¢(t) := |¢(z)]|, we further obtain

|Cov(an(p.q).an(p + 7.9 + 1))| = (7).

Since |¢(1)] < 1, we have Y22 ¢(t) < oo, implying Z’;;z) c(t) = o(n).
Thus assumptions (A3) and (A4) are satisfied.

(iii) Assume that {z(p), p € N} is a stationary process of m-dependent random
variables, i.e. z(p) and z(g) are stochastically independent whenever
|p —¢q| > m. Moreover, suppose that z(1) is centered with unit variance,
and has existing moments of all orders. Define

c(r) :== |Cov(z(1),z(r + 1))|. 7 € Ny.

Then, ¢(7) = 0 for any 7 > m. Thus, Zz;éc(t) =>" ,c(r) = o(n) for
anyn > m + 1. Let{a(p, p + 1), p € N}, r € Ny, be independent copies of
{z(p), p € N}, and a, (¢, p) := a(p,q) foranyn € N, 1 < p < g < n. Then,
(A1)—(A4) are satisfied.

5 Constant Covariances

For our second model, we assume that
(A3’) The covariance of two distinct entries on the same diagonal depends only

onn,ie. foranyl <t <m—1landl < p,g <n — 1, we can define

¢n = Cov(an(p, ), an(p + 7.9 + 1)),

(A4’) The limit ¢ := lim, .« ¢, €xists.

To describe the limiting spectral distribution in this case, we want to resort to
pair partitions. However, we need a further notion which proved to be useful in [5]
when considering the limiting spectral distribution of Markov matrices.
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Definition 1. Let k € N be even, and fix 7 € PP(k). The height h(x) of m is the
number of elements i ~, j,i < j, such that either j = i + 1 or the restriction of
mwtof{i +1,...,j — 1} is a pair partition.

Note that the property that the restriction of 7w to {i + 1,...,j — 1} is a pair
partition in particular requires that the distance j —i — 1 > 1 is even. To give an
example how to calculate the height of a partition, take 7 = {{1, 6}, {2, 4}, {3, 5}}.
Considering the block {1, 6}, we see that the restriction of 7 to {2,3,4,5} is a
pair partition, namely {{2, 4}, {3, 5}}. However, this is not true for both remaining
blocks. Hence, h(r) = 1.

In the following, we will say that a pair partition 7 € PP(k) is crossing if
therearei < j <! < m suchthati ~; [ and j ~, m. Otherwise, we call the pair
partition non-crossing. The set of all crossing pair partitions of {1, ..., k} is denoted
by CPP(k), and the set of all non-crossing pair partitions by N'PP (k). Recall that
for even k € N, the Catalan number Cy > is given by Ci/» = #N'PP(k).

We can now state the main result of this section.

Theorem 2. Assume that the symmetric random matrix X,, satisfies the conditions
(Al), (A2), (A3'), and (A4'). Then, with probability 1, the empirical spectral
distribution of X, converges weakly to a deterministic probability distribution v,
with k-th moment

C% + Z Pr (ﬂ)c%_h(”), if k is even,
/xkd])c (x) = T€CPP(k)
0, if k is odd.

Ifk is even, we can also write [ xkdve(x) = Znepp(k) pr(m)ck/?=him),

Remark 2. As for the limiting distribution in the Toeplitz case, we can verify the
Carleman condition to see that v, is uniquely determined by its moments.

Remark 3. If ¢ = 0, Theorem 2 states that the limiting distribution is the semicircle
law since h(w) < k/2 for any crossing partition 7 € CPP(k). This result can
also be deduced from Theorem 1. Indeed, choose ¢, (7) = |c,| for any 7 > 1, and
¢, (0) = 1. We then have forany 1 < p <g <n —r,

|Cov(an(p.q).an(p + 7.4 + D)) = ca(7).

Furthermore, we obtain ZZ;(I) cn(t) =14+ (n—1)|cy| = o(n) since lim, o ¢, =
¢ = 0. Consequently, (A3) and (A4) are satisfied.
5.1 Examples

We want to give some examples of processes satisfying the assumptions of
Theorem 2.
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Consider a symmetric Toeplitz matrix as in (1). The limiting spectral distribu-
tion can be deduced from Theorem 2 as well. Indeed, assuming that the entries
are centered with unit variance and have existing moments of any order, we see
that all conditions are satisfied with ¢ = ¢, = 1. Thus, we get

C%"' Z pr(m) = Z pr(m), ifkiseven,

/.xkdl)l(x) = n€CPP (k) 7€PP(k)
0, if k is odd,

as proven in [5].

Suppose that for any n € N, {x,(p),1 < p < n} is a family of exchangeable
random variables, i.e. the distribution of the vector (x,(1),...,x,(n)) is the
same as that of (x, (0 (1)),...,x,(c(n))) for any permutation o of {1,...,n}.
In this case, we can conclude that for any 1 < p < ¢ < n, we have

Cov(xu(p), xu(q)) = Cov(xa(1), x,(2)) =: ¢

Now assume that ¢, — ¢ € R asn — oo. Define for any n € N,
r € {0,...,n — 1}, the process {a,(p,p +r),1 < p < n —r} tobe an
independent copy of {x,(p),1 < p < n—r}. Then, all conditions of Theorem 2
are satisfied if we ensure that the moment condition (A1) holds. The resulting
limiting distribution for different choices of ¢ is depicted in Fig. 1.

An example for a process with exchangeable variables is the Curie-Weiss
model with inverse temperature 8 > 0. Here, the vector x,, = (x, (1), ..., x,(1n))
takes values in {—1, 1}", and for any v = (w(1),...,w(n)) € {—1,1}", we
have

" 2
P(x, = w) = ZLﬂexp % (Z a)(i)) ,

i=1

where Z, g is the normalizing constant. Since P(x,(1) = —1) = P(x,(1) =
1) = 1/2, we obtain E[x,(1)] = 0. Further, we clearly have E[x,(1)*] = 1.
It remains to determine ¢ = lim,,—. o ¢,. Therefore, we want to make use of the
identity

1
n—1

en = Cov(x, (1), %,(2)) = E[x, (1)x,(2)] = ’1’1—11E[m,3] S
where m, := 1/n Y '_, x,(i) is the so-called magnetization of the system.
Since |m,| < 1, we see that m, is uniformly integrable. Thus, m, converges in
#? to some random variable m if and only if m, — m in probability. In [6],
it was verified that m, — 0 in probability if 8 < 1, and m, — m with m ~
1/2 8y + 1/2 81 (p) for some m(B) > 0if B > 1. The function m(B) is
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Fig. 1 Histograms of the empirical spectral distribution of 100 realizations of 1,000 x 1,000
matrices X oo With standard Gaussian entries. (a) c = 0.25. (b) ¢ = 0.5. (¢) ¢ = 0.75

monotonically increasing on (1, 00), and satisfies m(f) — 0 as § \, 1 and
m(B) — 1 as B — co. We now obtain

0, ifg <1,
c= lim ¢, =

n=>00 m(B)*, if B> 1.

Thus, the limiting spectral distribution of X,, is the semicircle law if 8 < 1,
and approximately the Toeplitz limit if 8 is large. This is insofar not surprising
as the different sites in the Curie-Weiss model show little interaction, i.e. behave
almost independently, if the temperature is high, or, in other words, § is small.
However, if the temperature is low, i.e. B is large, the magnetization of the
sites strongly depends on each other. The phase transition at the critical inverse
temperature B = 1 in the Curie-Weiss model is thus reflected in the limiting
spectral distribution of X,, as well.
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6 Proof of Theorems 1 and 2

The proofs of both theorems start with the same idea. We need to distinguish them
only as soon as the covariances have to be calculated. The main technique we want
to apply is the method of moments. The idea is to first determine the weak limit of
the expected empirical distribution. Afterwards, concentration inequalities can be
used to obtain almost sure convergence.

6.1 The Expected Empirical Spectral Distribution

To determine the limit of the k-th moment of the expected empirical spectral
distribution w, of X, we write

E U Xkd,un(x)] = %]E[tf (Xﬁ)]

n

= —— > Ela(pi, pa(ps, p3)---alpe—i, pr)a(pi, po)l.

The main task is now to compute the expectations on the right hand side. How-
ever, we have to face the problem that some of the entries involved are independent
and some are not. To be more precise, a(pi,q1),...,a(p;,q;) are independent
whenever they can be found on different diagonals of X,,, i.e. the distances |p; —
qil,....|p;j — q; | are distinct. Hence, a first step in our proof is to consider the
expectation E [a(p1, p2)a(p2, p3) - - - a(pk—1, pr)a(pk, p1)], and to identify entries
with the same distance of their indices. Therefore, we want to adapt some concepts
of [14] and [5] to our situation.

To start with, fix k € N, and define 7, (k) to be the set of k-tuples of consistent
pairs, that is multi-indices (P, ..., Px) satisfying forany j = 1,...,k,

L. Pj =(pj.q;) € {1,...,n}2,
2. q; = pj+1, where k + 1 is cyclically identified with 1.

With this notation, we find that

%E[tr (x5 | =

Y Efau(P)---an (PO

M2 (P POET, ()
To reflect the dependency structure among the entries a,, (Py) . . . a, (Py), we want

to make use of the set P (k) of partitions of {1, ..., k}. Thus, take 7 € P (k). We say
that an element (P, ..., Py) € 7,(k) is a w-consistent sequence if

lpi—ail = |pj—q;| = i~i
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According to condition (A2), this implies that a, (P;,), ..., a,(P;) are stochas-
tically independent if iy,...,7; belong to [ different blocks of m. The set of all
m-consistent sequences (Py,..., Py) € 7,(k) is denoted by S,(;r). Note that
the sets S,(), m € P(k), are pairwise disjoint, and Uﬂep(k) Sp(m) = T,(k).
Consequently, we can write

T [ir (X)) _% > Y Em®yoa®) @

7 €P(k) (Pi,....Pr)ESy ()

In a next step, we want to exclude partitions that do not contribute to (4) as
n — oo. These are those partitions satisfying either #7 > k/2 or #7 < k /2, where
#m denotes the number of blocks of 7. We want to treat the two cases separately.

First case: #m > k/2. Since m is a partition of {1,...,k}, there is at least
one singleton, i.e. a block containing only one element i. Consequently, a, (P;)
is independent of {a, (P;), j # i} if (P1,..., Px) € S,(;). Since we assumed the
entries to be centered, we obtain

Efa(P) -+ a,(PO) = E[ [Tau(P) [E[a,(P)] = 0.
i #l
This yields
1 Z E[a,(Py)---a,(Pr)] = 0.

k
L
N2 (py....P)ES(7)

Second case: r = #m < k/2. Here, we want to argue that m gives
vanishing contribution to (4) as n — oo by calculating #S,(;r). To fix an element
(Pi1,..., Py) € Sy(w), we first choose the pair P = (pi,q;). There are at most
n possibilities to assign a value to p;, and another n possibilities for g;. To fix
P, = (p2,92), note that the consistency of the pairs implies p, = ¢q;. If now
1 ~5 2, the condition |p; — qi| = |p2 — ¢»| allows at most two choices for ¢;.
Otherwise, if 1 £, 2, we have at most n possibilities. We now proceed sequentially
to determine the remaining pairs. When arriving at some index 7, we check whether
i is in the same block as some preceding index 1,...,7 — L. If this is the case, then
we have at most two choices for P; and otherwise, we have n. Since there are exactly
r = #m different blocks, we can conclude that

#S,(m) < nin "Ik < ¢ ! (5)

with a constant C = C(r, k) depending on r and k.
Now the uniform boundedness of the moments (3) and the Holder inequality
together imply that for any sequence (P, ..., Py),

e

Elan(P) -+ (PO = [Elan(PI]" - [Elan(POF ] =mic ©)
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Consequently, taking account of the relation r < k /2, we get

kl Z |E [an(P1)---an(Pr)]| = C

#S, (1) 1
- <C = o(1).
n (P1oo, PL)ES, (1) :

nztl n

Combining the calculations in the first and the second case, we can conclude that

—E [tl‘ (Xk =I5 Z Z Ela,(P1)---a,(Pr)] + o(1).
nat neP(k) (Py,.... P)ES, (1)
#n—

Now assume that k is odd. Then the condition #7 = k /2 cannot be satisfied, and
the considerations above immediately yield

k
lim_ ;E [tr(X})] =

It remains to determine the even moments. Thus, let k € N be even. Recall
that we denoted by PP(k) C P(k) the set of all pair partitions of {1,..., k}.
In particular, #7x = k/2 for any = € PP(k). On the other hand, if #7 = k/2
but 7 ¢ PP(k), we can conclude that 7 has at least one singleton and hence, as
in the first case above, the expectation corresponding to the w-consistent sequences
will become zero. Consequently,

L[ (xt)] = S Y Y Elad)eaile). )

" ﬂ€7’7’(k) (Py,...,Pr)ES, ()

We have now reduced the original set P (k) to the subset PP (k). Next we want
to fix a w € PP(k) and concentrate on the set S, (7). The following lemma will
help us to calculate that part of (7) which involves non-crossing partitions.

Lemma 1 (cf. [5], Proposition 4.4.). Let S;(w) < S,(w) denote the set of
m-consistent sequences (Py, . .., Py) satisfying

i~p] == qi—pi=Ppj—4qj
foralli # j. Then, we have

#(Su(m\S* (1)) = 0 (n1+%) .

Proof. We call apair (P;, P;) withi ~ j,i # j,positiveifqgi—p; =q;—p; >0
and negative if ¢; — p; = q; — p; < 0. Since Zf;l qi — pi = 0 by consistency,
the existence of a negative pair implies the existence of a positive one. Thus, we can
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assume that any (Pi,..., Pr) € S,(w)\S, (;r) contains a positive pair (P, Py,).
To fix such a sequence, we first determine the positions of / and m, and then fix the
signs of the remaining differences g; — p;. The number of possibilities to accomplish
this depends only on k and not on n. Now we choose one of n possible values for
p1, and continue with assigning values to the differences |¢; — p;| for all P; except
for P; and P,,. Since 7 is a pair partition, we have at most n*/?~! possibilities for
that. Then, Zf:l ¢i; — pi = 0 implies that

0<2(qi—p)=¢qi—pi +4qm — Pn = E Di — 4i-
i€{l,...k},
i#lm

Since we have already chosen the signs of the differences |g; — pi|, i # I, m, as
well as their absolute values, we know the value of the sum on the right hand side.
Hence, the difference g; — p; = ¢ — pm 1s fixed. We now have the index py, all
differences |g; — pi|,i € {1,...,k}, and their signs. Thus, we can start at P; and
go systematically through the whole sequence (P, ..., Py) to see that it is uniquely
determined. Consequently, our considerations lead to

#(Sy(m)\S) (7)) < Cnt :0<n1+%). ]

A consequence of Lemma 1 and relation (6) is the identity

1 1
CE[r(X)] = D Y El®)aPl o). ®)
n2"" 2ePPk) (Py....P)ESH (n)

As already mentioned, the sets S*(r) help us to deal with the set N'PP(k) of
non-crossing pair partitions.

Lemma 2. Let 7 € N'PP(k). Forany (Py,..., Px) € S)(w), we have

Ela,(Py)---a,(Pr)] = 1.

Proof. Letl < m with [ ~, m. Since 7 is non-crossing, the number / — m — 1 of
elements between / and m must be even. In particular, there is [ <i < j < m with
i ~; jand j =i + 1. By the properties of S (), we have a,(P;) = a,(P)),

and the sequence (Py,..., P;,..., Piy, Piyo,..., Py,..., Py) is still consistent.
Applying this argument successively, all pairs between / and m can be eliminated
and we see that the sequence (P, ..., P, Py, ..., Py) is consistent, thatis g; = p,,.

Then, the identity p; = g, also holds. In particular, a,(P;) = a,(P,,). Since this
argument applies for arbitrary [ ~, m, we obtain
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Elay(P1)---an(PO]l = [] Elan(PDan(Py)] = 1. O

I<m,
I[~.m

By Lemma 2, we can conclude that

1+ 3 > Elfa,(P1)---a,(Py)] = ;Jrl

k
2

> #SF().

1
n TENPPK) (P).....PL)ES* (1) n2o" LeNPPk)

The following lemma allows us to finally calculate the term on the right hand
side.

Lemma 3. Forany m € N'PP(k), we have

#S*
lim P20 _

n—00 n%+1

Proof. Since m is non-crossing, we can find a nearest neighbor pair i ~, i + 1.
Now fix (Py,..., Px) € §¥(x), and write P, = (p1, pi+1), I = 1,...,k, where
k + 1 is identified with 1. Then the properties of S* () ensure that (p;, pi4+1) =
(pi+2, pi+1)- Hence, we can eliminate the pairs P;, P,y to obtain a sequence
(Pl(l), e, Pk(l_)2 = (Py,..., Pi_1, Pito,..., Py) which is still consistent. Denote
by 7’ the partition obtained from 7 by deleting the block {i, i + 1}, and relabeling
any [ > i 4+ 2 to ] — 2. Since 7 is non-crossing, we have 7’ € NPP(k — 2).

Moreover, (Pl(l), e Pk(l_)z) € S¥(n'). Thus we see that any (P, ..., Px) € S (w)

can be reconstructed from a tuple (Pl(l), cees Pk(l_)z) € S (x’) and a choice of p; ;.

The latter admits n — (k — 2)/2 possibilities since {i,i + 1} forms a block on its
own in . Consequently,

#SI(m) _#SIE) ©

n%"'l nz
Now if k = 2, we get Sy () = {((p.q).(q,p)) : p,q € {1,...,n}}, implying

#S*(r)/n® = 1. For arbitrary even k € N, the statement of Lemma 3 follows then
by induction using the identity in (9). O

Taking account of the relation #NPP (k) = C />, we now arrive at

—Cton Y Y Ea®)a®l+em.  0)

n 7€CPP(K) (Py....Pr)ES, ()
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with CPP (k) being the set of all crossing pair partitions of {1, ..., k}. At this point,
we have to distinguish between Theorems 1 and 2. Indeed, to obtain the semicircle
law, we need to show that the sum over all crossing partitions is negligible in the
limit. However, the limiting distribution in Theorem 2 indicates that we do have a
contribution.

6.2 Convergence of the Expected Empirical Spectral
Distribution in Theorem 1

The convergence of the expected empirical spectral distribution to the semicircle
distribution follows directly from relation (10) and

Lemma 4. For any crossing m € CPP(k), we have

Z Elay(P1)---an(Pr)] =0(n%+1).

(P1,..., P)ES,f ()

Proof. Let m be crossing and consider a sequence (Pi,..., Py) € Sy (). Write
P; = (pi, pi+1). Note that if thereisan [ € {1,...,k} with[ ~, [ + 1, where
k + 1 is identified with 1, we immediately have a, (P;) = a,(P;+1). In particular,

E[a,(P)an(Pr+1)] = 1.

The sequence (Pl(l), e Pk(l_)z) = (Py,..., P, Pi4a, ..., Py) is still consis-
tent, and

E[ay(P1)---a,(P)] = E [an(Pl(l)) e an(Pk(l_)z)] .

Define 71 € CPP(k —2) to be the pair partition induced by 7 after eliminating
the indices / and / + 1. In particular, (Pl(l), e, Pk(l_)z) e Sy (rM). Since there
are at most n choices for p;+; when (Pl(l), ce, Pk(l_)z) is fixed, we have for any

(O1,.... Qk=2) € SHxD),
#(Py,....,P) e S ) : (P, M) =(01,..., Qk2)} <n.

Let r denote the maximum number of pairs of indices that can be eliminated in
this way. Since 7 is crossing, there are at least two pairs left and hence, r < k/2—2.
Define 7"} € CPP(k —2r) and (P",..., P, ) € S*(x") to be the partition
and the sequence left after this elimination. By induction, we conclude that for any
(Q1,..., Qk=ar) € S¥(x"), we have the estimate

#(P1,....,P)eS ) (PO, ... PD, ) =(Q1,.... Qxa)} < 1.
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Since E [a, (P1) - an(Pt)] = Elay (P")--a,(P{",)], we obtain

Yo [Ela(P)-an (PO

(Pi,..P)ESH ()

<n' > B [a,(Q1) - an(Qi—2,)]| - (11)

(Q1.--.Qk—2r)ES,f (2 )

Choose i ~, i+ j suchthat j is minimal. For any sequence (Q1, ..., Qx—2,) €
S¥r ™), put Q1 = (q1,q1+1), L = 1,...,k — 2r. We want to count the number
of such sequences given that ¢; and ¢;;+; are fixed. Therefore, we start with
choosing one of n possible values for ¢;+;. Then, the fact that i is equivalent to
i + j ensures that we can also deduce the value of

qi+j = qi+1 —qi T qi+j+1-

Hence, Q; and O, ; are fixed. Since j is minimal, any elementin {i +1,...,i +
j — 1} is equivalent to some element outside the set {i,...,i + j}. There are n
possibilities to fix Q;4+1 = (gi+1,qi+2) because ¢; 4 is already fixed. Proceeding
sequentially, we have n possibilities for the choice of any pair Q; with [ € {i +
2,...,i + j — 2}, and there is only one choice for Q;;_; since ¢;4; is already
chosen. We thus made n/~2 choices to fix all pairs Q;, 1 € {i + 1,...,i + j —1}.
Forany Q; with [ € {1,...,k—2r}\{i,...,i + j}, there are at most n possibilities
if it is not equivalent to one pair that has already been chosen. Otherwise, there is
only one possibility. Since there were k /2 — r — j new equivalence classes left, we
have at most n¥/2~"~J choices for those pairs. Hence, assuming that the elements g;
and g; 4 j 1 are fixed, we have at most

nnd 2ns i = gl

possibilities to choose the rest of the sequence (Q1, ..., Qk—2,) € S¥ (™). Note
that [E[a, (Q)an(Qm)ll < (Elan(Q1)’D"*(Elan(Qm)’)'/> = 1. Since 7 is a
pair partition, we thus get

B [an(Q1) -+ an(Qi—20)]| = |Elan(Qi)an(Qi+ ).

By assumption (A3), the expectation on the right hand side depends only on the
absolute value of the difference

min{q;, gi+1} — Min{q;+;, Gi+j+1} = Max{q;, gi+1} — Max{Gi+j, qi+j+1}-

Now the definition of S¥(x") ensures that ¢; — gi+1 = Git+j+1 — Gi+j-
In particular, min{g;, ¢i 41} —min{qi+ ;. gi++1} = gi —qi+j+1 = ¢i+; —¢i+1, and

Ela,(Qi)an(Qi+;)] = ca(lqi — qi+j+11)-
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Consequently, estimating the term in (11) further, we obtain

n

> ElP)aPOll <nt Y allgivi —ai)

(P1.... PL)ESK () gigi+j+1=1
k iy k
<Cn2 ch(‘() =o0 (nf“),
=0
since ZZ;(I) ¢n(t) = o(n) by condition (A4). O

6.3 Convergence of the Expected Empirical Spectral
Distribution in Theorem 2

We again start with the identity in (10). Since we consider only pair partitions,
we know that the expectation on the right hand side is of the form

E [an(pls(h)an(pl + 11,41 + 771)] --E [an(prs (Ir)an(pr + 7.4 + Tr)] s

for r := k /2 and some choices of pi,q1,71,..., pr.qr, Tr € N. Inorder to calculate
this expectation, assumption (A3’) indicates that we only need to distinguish for
any i = 1,...,k, whether we have t; = 0 or not. In the first case, we get the

identity E [a,(pi,qi)a,(pi + ti,q; + ;)] = 1, in the second we can conclude
that E [a, (pi, qi)an(pi + ti,q;i + ©;)] = c,. Fix some pair partition 7 € PP(k),
and take (Py,..., Py) € S, (). Motivated by these considerations, we put P; =
(pi,qi), and define

m(Py,... P =#{1<i<j<k:a,(P)=a,(P;)}
=#Hl1<i<j=<k:(pi.q)=(q;.pj)}

Obviously, we have 0 < m (P, ..., Pr) < k/2. With this notation, we find that

k/2
1 1 k_[
— 2 @)
T 2 BlaP)aPl= ) ol #aP (. (12)
(P1. PESH () 1=0
where
AD () :={(P1,..., Pr) € S*() :m (Py,..., P) =1}
The following lemma states that if a pair P;, P; contributes to m(Py, ..., P),

then we can assume that the block {i, j} in 7 is not crossed by any other block.
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Lemma 5. Let 7 € PP(k) andfixi ~, j, i < j. Define
Sy(mii, j):={(P1..... Px) € Sy () : Pi = (pi.qi). Pj = (pj.q4j). i =4qj.qi = Pj}

Assume that there is some i’ ~, j' such thati < i’ < j, and either j' < i or
j < j'. Then,

#S) (i, j) =0 (n%H).

Proof. To fix some (P, ..., Pr) € S;(m;i, j), we first choose a value for p; = ¢q;
and ¢; = p;. This allows for at most n? possibilities. Hence, P; and P ' are
fixed. Now consider the pairs Pjy1,..., Piy—1. pi+1 is uniquely determined by
consistency. For g; 11, there are at most n choices. Then, p;y> = gi41. If i +2 ~,
i + 1, we have one choice for ¢; +». Otherwise, there are at most n. Proceeding in the
same way, we see that we have n possibilities whenever we start a new equivalence
class. Similarly, we can assign values to the pairs P;,..., P41 in this order.
Now P;s is determined by consistency. When fixing P;_1,..., P, Pr,..., P41,
we again have n choices for any new equivalence class. To sum up, we are left with
at most

k_
I’lzl’lz 2

[Nl

=n

possible values for an element in S (r; 7, j). O

Recall Definition 1 where we introduced the notion of the height h(r) of a pair
partition . Lemma 5 in particular implies that only those (Pi, ..., Px) € S (x)
with

0<m(Pr,...,P) < h(r)

contribute to the limit of (12). Indeed, if m(Py,..., Px) > h(xr), we can find some
i~z j,i < j,suchthat (Py,..., Px) € S¥(mw;i, ) and neither j =i + I noris
the restriction of w to {i +1, ..., j —1} a pair partition. Hence, the crossing property
in Lemma 5 is satisfied, and (P, ..., Py) is contained in a set that is negligible in
the limit. The identity in (12) thus becomes

h(rm)
1 1 k_j
- > Elaw(P)-an(Po)] = — > i #BP () + o(D),
M2 (P POESHE () n2rt sy
where
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In the next step, we want to simplify the expression above further by showing
that B,Sl)(n) = @ whenever 0 <[ < k(). This is ensured by

Lemma 6. Let & € PP(k). Forany (Py,..., Pi) € S (), we have

m(Py,..., Py) > h(m).

Proof. If h(xr) = 0, there is nothing to prove. Thus, suppose that (;r) > 1 and take
somei ~, j,i < j,suchthateither j =i + 1orj —i —1 > 2is even and the
restriction of 7w to {i + 1,..., j — 1} is a pair partition. Fix (Py,..., Px) € S;(7),
and write P; = (p;, pi41) forany [ = 1,..., k. We need to verify that p; 11 = p;.
If we achieve this, the definition of S, (7) will also ensure that p; = p;yi. As
a consequence, the m-block {7, j} will contribute to m(Pi, ..., Py). Since there
are h(sw) such blocks, we will obtain m(Py,..., Pr) > h(x) for any choice of
(P1,....P) e Sy(m).

If j =i + 1, we immediately obtain p; 1 = p;. To show this property in the
second case, note that the sequence (P;11, ..., P;_1) solves the following system
of equations:

Pi+2— Pi+1+pu+1—py, =0, ifi + 1~ 1,
Pi+3— Pi+2+ Po+1—pn, =0, ifi +2~; b,

Ditm+1— Ditm + Ply+1— D1, =0, ifi +m~y 1y,

pj—pPi—1+py_ 41— p_, =0, ifj—1~y li—icy.
Start with solving the first equation for p;, which yields
Pi+2 = Pi+1 — Pi+1 + Diy-
Then, insert this in the second equation, and solve it for p; 3 to obtain
Di+3 = Di+1 = Piy+1 + D1, — Ph+1 + Phy.

In the j — i — 1-th step, we substitute p; | = p;4(j—i—1) inthe j —i — 1-th
equation, and solve it for p; = p;(j—i—1)+1. We then have

j—i—1
pi=rpiti— Y (Pit1— i)
m=1
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Since the restriction of 7w to {i +1, ..., j — 1} is a pair partition, we can conclude
that the sets {/;,...,/;_;—1} and {i + 1,...,j — 1} are equal. Hence, we obtain

j—i—1 . .

me1 (PL,4+1= pi,) = pj — pi+1, implying p; = pj1. o

With the help of Lemma 6, we thus arrive at

#B,"" (1) k-him

1
- > Elan(Py)-an(P)] = — ci T+ o(l).
n s+l N5+l
(P1..... P )ES ()
Note that any element (P, ..., Py) € S, () satisfying the condition

ap,(P;) =a,(Pj), i <j = j=i+1lorm|gy,  j—1yisa pair partition,
(13)

fulfills the condition m (P, ..., Py) = h(r) as well. Indeed, (13) guarantees that
m(Py,..., Py) < h(r), and Lemma 6 ensures that m(Py, ..., Py) > h(x). Thus,
we can write

B () = {(Py,..., P) € S*(n) :

Now any element in the complement of B,,(h(") ) () satisfies for some i ~, j the
crossing assumption in Lemma 5. This yields

#(B )

=o(1).
L1

c
Since B,gh(”))(zr) U (B,gh(”))(n)) = S (w), we obtain that

#S* k_ s
2(”) 27 o). (14
R E+1

2. Ela(P)an(Po) =

2 (Pl POESK (M)

To calculate the limit on the right-hand side, we have

Lemma 7 (cf. [5], Lemma 4.6). For any w € PP(k), it holds that

. #SX(m)
nlggo N5+ = pr(m).

where pr () is the Toeplitz volume defined by solving the system of equation (2).
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Proof. Fix m € PP(k). Note that if P = {(p;, pi+1),i = 1,...,k} € SF(n),
then xg, x1,...,X; with x; = p;41/n is a solution of the system of equation (2).
On the other hand, if x¢, x1,...,xx € {1/n,2/n,...,1} is a solution of (2) and
pi+1 = nx;, then either {(p;, piy1),i = 1,...,k} € §F(xw) or {(pi, pi+1),i =
1,...,k} € S,(n) for some partition n € P(k) suchthati ~, j = i ~, j, but
#n < #m.

In (2), we have k + 1 variables and only k/2 equations. Denote the k/2 + 1
undetermined variables by y1, ..., yi/2+1. We thus need to assign values from the
set {1/n,2/n,...,1} to yi,..., Yk/2+1, and then to calculate the remaining k /2
variables from the equations. Since the latter are also supposed to be in the range
{1/n,2/n,..., 1}, it might happen that not all values for the undetermined variables
are admissible. Let p, () denote the admissible fraction of the n*/>*! choices for
Y1,..+, Yk/2+1. By our remark at the beginning of the proof and estimate (5), we
have that

#57 ()

k
s+

lim

n—o0

= lim p,(n),
n—>00

if the limits exist. Now we can interpret yi,..., yx/2+1 as independent random
variables with a uniform distribution on {1/n,2/n,...,1}. Then, p,(x) is the
probability that the computed values stay within the interval (0, 1]. As n — oo,
Y1s---» Yk/2+1 converge in law to independent random variables uniformly dis-
tributed on [0, 1]. Hence, p, (7)) — pr(w). O

Applying Lemma 7 and assumption (A4’) to Eq. (14), we arrive at

o §-hin
lim — > Elan(P)-an(Po)] = pr(m)e> ™.
n—>oo n§+l

(Py.....Pr)ESF ()

Substituting this result in (10), we find that for any even k € N,

lm B[] =C+ Y pr(met o,
e neCPP k)

To obtain the alternative expression for the even moments in Theorem 2, note
that the considerations above were not restricted to crossing partitions. In particular,
we can start from identity (8) instead of (10) to see that

. 1 . #S*(Jl') K—h(n) K
R I S LB L
nePPk) M2 rePPk)
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6.4 Almost Sure Convergence

The aim of this part of the proof is to show almost sure convergence in both
situations, that of Theorem 1 and that of Theorem 2. Therefore, we want to follow
the ideas used in [5], Proposition 4.9, to verify the same for Toeplitz matrices. This is
possible since the arguments only rely on the fact that the diagonals are independent.
The particular dependency structure can be neglected. We want to start with the
proof of a concentration inequality for the moments of the spectral measure. The
obtained bound will enable us to use the Borel-Cantelli lemma.

Lemma 8. Suppose that conditions (Al) and (A2) hold. Then, for any k,n € N,
E[ (o (x5) —E[r (X})])*] = € o
Proof. Fix k,n € N. Using the notation

P=(P,....P) = ((p1.q1), ... (Pk. qx)), ap(P) = a,(P)---a,(Py),

we have that
E (o (XF) — E [or (X5)]) ]
:n% 3 > E[li[(an(P(j))—]E[a,,(P(j))])]. (15)

7)o@ eP k) POES, (x0),  J=1

i=1,..4
Now consider a partition & of {l,...,4k}. We say that a sequence
(P(l), e, P(4)) is m-consistent if each P i = 1,...,4, is a consistent sequence
and
" = "] = |49 = p’| == 1+ —Dk ~x m+(j— Dk
Let S, () denote the set of all w-consistent sequences with entries in {1, ...,n}.

Then, (15) becomes
E [ (or (XE) — B [r (X5)]) ]
:}% 3 3 E[li[(an(P(j))—IE[an(P(j))])]. (16)

r€P4k) (PD,...PW)ES, () Jj=1
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We want to analyze the expectation on the right hand side. Therefore, fix a 7 €
P(4k). We call 7 a matched partition if

1. Any block of 7 contains at least two elements,
2. Foranyi € {l,...,4},thereisa j #iandl,m € {1,...,k} with

[+ =1k ~x m+(j — k.

In case 7 does not satisfy (i), we have a singleton {/ + (i — 1)k}, implying that
E[a,(P)] = 0. As a consequence,

4

3 E[ [T (@ (PY) -E [a,,(P(j))])] —0. (17)

(PD,....PMW)eS, (r) j=1

If 7 does not satisfy (i), we can conclude that for some i € {1, ..., 4}, the term
an(P)—E[a,(P?)]is independent of a, (PV))—E [a,(P))], j # i.Thus,(17)
holds in this case as well. To sum up, we only have to consider matched partitions
to evaluate the sum in (16). Let & be such a partition and denote by r = #m the
number of blocks of 7. Note that condition (i) implies r < 2k. We want to count
all w consistent sequences (P(l), e, P(4)). Therefore, first choose one of at most
n" possibilities to fix the r different equivalence classes. Afterwards, we fix the

elements pil) s p§4) , which can be done in n* ways. Since now the differences

|ql(i) - pl(i) | are uniquely determined by the choice of the corresponding equivalence
classes, we can proceed sequentially to see that there are at most two choices left

for any pair Pl(i) . To sum up, we have at most
¥k pdyr — C prté

possibilities to choose (P(l), e, P(4)). If now r < 2k — 2, we can conclude that
#S,(7) < C n?*2, (18)

It remains to consider the cases in which r = 2k — 1 and r = 2k, respectively.
To begin with, let r = 2k — 1. Then, we have either two equivalence classes with
three elements or one equivalence class with four. Since 7 is matched, there must
existani € {l,...,4} and an/ € {1,...,k} such that Pl(l) is not equivalent to
any other pair in the sequence P ). Without loss of generality, we can assume that
i = 1. In contrast to the construction of (P(l), e, P(4)) as above, we now alter

our procedure as follows: We fix all equivalence classes except of that Pl(l) belongs

to. There are n"~! possibilities to accomplish that. Now we choose again one of

nt possible values for pil), e p§4). Hereafter, we fix q,(,,l), m=1,...,1 —1,and

then start from q,({l) = pil) to go backwards and obtain the values of p,({l), cees p[(:_)l.

Each of these steps leaves at most two choices to us, that is 2k=1 choices in total. But
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now, Pl(l) is uniquely determined since pl(l) = ql(l_)l and q,(” = P/Ql by consistency.

Thus, we had to make one choice less than before, implying (18).

Now, let r = 2k. In this case, each equivalence class has exactly two elements.
Since we consider a matched partition, we can find here as well an / € {1,...,k}
such that Pl(l) is not equivalent to any other pair in the sequence P 1. But in addition

to that, we also have an m € {1,...,k} such that, possibly after relabeling, P,i,z) is
neither equivalent to any element in P! nor to any other element in P®. Thus, we
can use the same argument as before to see that this time, we can reduce the number
of choices to at most C n"+2 = C n?*2. In conclusion, (18) holds for any matched

partition 7. To sum up our results, we obtain that

E (i (X)) ~E[ir (X})])']
— n% > > E[ ﬁ (an(PY)) —E [a,,(P(j))])] <Cn?

n€P@k). (PO .. PW)ES, (1) j=1
7 matched
which is the statement of Lemma 8. O

From Lemma 8 and Chebyshev’s inequality, we can now conclude that for any
e¢>0andany k,n € N,

P (Htr X5 -E [%tr (Xﬁ)}

Applying the Borel-Cantelli lemma, we see that

- C
>¢e) < —.
e4n?

%tr (X5 -E [%tr (X’;)i| — 0, as. (19)

Let Y be a random variable distributed according to the semicircle law or
according to the distribution given by the moments in Theorem 2, depending on
whether we want to prove Theorems 1 or 2. The convergence of the moments of the
expected empirical distributions and relation (19) yield

ltr (X,/j) — E[Y¥], as.
n

Since the distribution of Y is uniquely determined by its moments, we obtain
almost sure weak convergence of the empirical spectral distribution of X, to the
distribution of Y.
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Asymptotic Eigenvalue Distribution of Random
Matrices and Free Stochastic Analysis

Roland Speicher*

Abstract This is a survey on some recent work on free stochastic calculus and
free Malliavin calculus. It is hoped that these theories will in the long run provide
us with tools for qualitative descriptions of the asymptotic eigenvalue distribution
of selfadjoint polynomials of independent Gaussian random matrices. The main
concrete results center around the free Fourth Moment Theorem, which says that for
a sequence of random variables which are constrained to live in a fixed free chaos,
the convergence to the semicircle distribution can be controlled by the convergence
of the second and the fourth moments.

1 Random Matrices

Our main interest lies in distributions of polynomials of free semicircular elements.
Since those distributions arise as limits of eigenvalue distributions of quite natural
random matrix models we will first look, to motivate the kind of questions, on those
random matrices.

1.1 Wigner’s Semicircle Law

Let Xy = (Xn(, j))ij=1 be an N x N Gaussian random matrix. This means
that
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Fig. 1 Eigenvalue distribution of a N X N Gaussian random matrix, for N = 10, 100, 1,000,
4,000; the solid curve is the semicircular distribution

* Xy is selfadjoint, X3 = Xy
e {Xy(@,j)|1<i<j < N}arei.id. random variables (say real-valued), with
normal distribution of mean zero and variance 1/N

Then, Wigner’s famous semicircle law [1, 15] says that, for N — oo, we
have convergence of the empirical eigenvalue distribution of X to the semicircle
distribution. The latter lives on the interval [—2,2] and has there the density
1/2m)~v/4 — x2dx.

Numerical simulations for this approximation of the semicircle are shown in
Fig. 1.

One way to capture the essence of Wigner’s semicircle law is the statement that
the moments tr[ X} ] of the Gaussian random matrices converge, for N — oo, almost

surely to the corresponding moments ﬁ f_+22 x"+/4 — x2dx of the semicircular
distribution. With tr we denote the normalized trace on matrices,

1 N
w((ay);=1) = N > ai.

i=1

We write Xy — s to indicate the above kind of convergence and say that Xy
converges in distribution to s. The limiting element s is a semicircular element
living in an abstract non-commutative probability space (<7, ¢), where <7 is a unital
algebra and ¢ : &/ — C a unital linear functional; s is determined by the fact that
its moments ¢(s") are the moments of the semicircular distribution. The notation
Xy — s means here, by definition, the almost sure convergence

i v = o(s" v .
Nh_t)nootr[XN] o(s") neN

See, e.g., [9, 14].

(Note that for the case of one random matrix the use of a non-commutative prob-
ability space is quite artificial; we can just take a classical random variable s with
semicircle distribution and put .2/ equal to the algebra generated by s, and take as
@ the expectation. Since the semicircular distribution is determined by its moments,
Xy — s is then the same as weak convergence of the empirical eigenvalue
distribution of Xy to the semicircular distribution. However, in the multivariate
case, where we consider several matrices, we will be leaving the commutative world,
and the above non-commutative frame will then be unavoidable.)
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Fig. 2 Eigenvalue distributions of p(x;) = x12 (left), p(x1,x2) = x1x2 + Xx2x1 (middle) and
p(xy, x2,x3) = x1x§x1 +x1x32x1 +2x, (right), where x1, x;, and x3 are independent 4,000x 4,000
Gaussian random matrices; in the first two cases the asymptotic eigenvalue distribution can be
calculated by free probability tools as the solid curve, for the third case no explicit solution exists

1.2 Polynomials in Independent Gaussian Random Matrices

Consider now m independent Gaussian random matrices X ](vl) . ¢ ](vm) . Then, by
Voiculescu’s multivariate generalization [12] of Wigner’s semicircular law, we know
that those converge, for N — o0, to m free semicircular elements sy, . . ., Sy, living
in some non-commutative probability space (<7, ¢). We will define later the exact
meaning of “freeness”’; for the moment it suffices to say that this means that it allows
in principle to calculate all mixed moments

' ” ‘
esicy - Sie) = lim Xy Xy,

In particular, for any selfadjoint polynomial p in m non-commuting variables we
have that

p(X(l),...,X](\,m)) — p(S1,. .. Sm).

(A selfadjoint polynomial p(xy, ..., X,) in m non-commuting variables x, ..., X,
is one for which we have p* = p, if we declare the variables to be selfadjoint,
x} = x;foralli = 1,...,m. This guarantees that the application of this polynomial

to any m-tuple of selfadjoint operators yields a selfadjoint operator.)

So, in principle, we know everything about the limiting eigenvalue distribution of
p(X o . ¢ ](\,m)). However, in practice, unless the polynomial is very simple (like
the sum of one-variable polynomials), we cannot say anything concrete about this
distribution. (For more information on the methods and results in the simple cases
one might consult, e.g., [2,9].)

In Fig. 2 we present histograms for eigenvalue distributions for various polyno-
mials. One dimensional cases like p(x) = x? can be calculated directly by classical
means, and some special multivariate cases like p(x;, x2) = x1x3 + xpx; are simple
enough to be calculated by free probability methods. However, for more generic
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polynomials, like p(xi, xz,x3) = xlxgxl + x1x§x1 + 2x,, there is no hope to
derive any explicit formula for the limiting eigenvalue distribution.

Where we have hope and what the following will be about, are qualitative
features of the distributions which arise in this way.

2 Distribution of Non-commuting Variables

2.1 How Can We Deal with Multivariate Situations?

Let us start with some general remarks on understanding the distribution of non-
commuting variables X1, ..., X,,? In particular, we want to point out that there is
quite a difference between the commutative and the non-commutative situation in
the multivariate case m > 1.

In the case of commuting variables, the distribution of one variable is a
probability measure on R, the distribution of m commuting variables is a probability
measure on R” — which is not so much of a difference.

In the case of non-commuting variables, the distribution of one variable is still
a probability measure on R, but the distribution of m > 1 variables is something
quite different: analytically, it is a state on the algebra generated by the variables; or
combinatorially, it is the collection of all their mixed moments, and there are much
more mixed moments in non-commuting variables than in commuting ones.

At the moment we are still lacking the deeper analytic tools to deal directly with
the distribution of several non-commuting variables. (Voiculescu’s free analysis is
aiming in this direction, see [13]; see also the Introduction of [5] for a discussion of
the problem of multivariate non-commutative distributions.) What we will consider
in the following is a kind of reduction to the one-dimensional classical case.
Namely, in order to understand our non-commuting variables Xy, ..., X,,, we will
be satisfied with understanding all selfadjoint polynomials in X,..., X,,. The
distribution of each such polynomial is just a probability measure on R, so we
might be able to use classical tools to deal with those. However, we should somehow
understand all such polynomials.

2.2 Conjectures on Distributions of Several Non-commuting
Variables?

There is no hope to have explicit formulas for the asymptotic eigenvalue distri-
butions of general polynomials p in independent Gaussian random matrices or,
equivalently, the distribution of polynomials p in free semicircular variables,

lim p(X\..... X)) = p(si.....sm).
N—o0
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However, from the one-variable case and numerical simulations we expect that
the distributions for such situations share some common qualitative features. In
particular, we believe that for an arbitrary selfadjoint polynomial p the following
should be true for the distribution of p(sy, ..., 8y).

It should have no atoms.
It should have a density with respect to Lebesgue measure.
* This density should also have some nice regularity properties.

There is at least one statement which we can infer from general operator algebraic
results. Namely, the facts that polynomials in semicircular elements can be realized
in the C*-algebra of the free group and that the latter has no non-trivial projections
imply that the support of the distribution of p(sy,...,s,) has to be an interval;
see, e.g., [7]. The above mentioned regularity properties can then be stated a bit
more precisely by conjecturing that the density is continous or even analytic on the
interior of this interval. (The example of the square of the semicircle, p(s) = s,

shows that the density can go to infinity at the boundary of the support. see Fig.2.)

2.3 A Side-Remark: The Linearization Trick

One possible simplification in this business is the following linearization trick.
Instead of looking on all polynomials, it might be enough to consider just linear
polynomials in X1, ..., X,,. In the commutative case this is actually enough; know-
ing the distribution of all linear combinations of the random variables Xy, ..., X,
is equivalent to the knowledge of the joint distribution of the random variables (and
thus to the knowledge of the distribution of arbitrary polynomials in the variables).
In the non-commutative case this is not true any more; what one needs there are all
operator-valued linear polynomials, i.e., matrices have to be allowed as coefficients
in the linear combinations. This is much more general than just scalar-valued
linear polynomials, but on the other hand for many calculations the nature of the
coefficients is not important, so much of the theory has still the flavour of the usual
linear theory.

A striking example of how far this linearization trick can be pushed is the
following result of Haagerup and Thorbjornsen [6] (see also [7]) about the largest
eigenvalue of any selfadjoint polynomial in independent Gaussian random matrices:

Amax(p(Xj(vl), o Xj(vm))) = lpGst, ... sm)l almost surely,

where || p(s1, ..., si )| denotes the operator norm of the operator p(sy, ..., s,) (for
example, in a concrete realization of sy, . .., s, as operators on some Hilbert space).

We will, however, not follow this direction, but will try to understand the
distribution of general polynomials p(si, ..., S,) in free semicircular elements by
invoking free stochastic calculus.
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3 Free Stochastic Calculus

Our approach to the question of qualitative features of distributions of polynomials
in free semicircular elements will rely on stochastic calculus, the rough idea being
to built a polynomial p(sy,...,s,) in a differential way and control the differential
changes along the way by free stochastic calculus and free Malliavin calculus. So,
in the following we will first recall a bit of free stochastic calculus before we come
back to our original problem.

As a general reference to basic free probability notions we refer to [9, 14]. Free
stochastic calculus was introduced by Biane and Speicher in [3], a good summary
can also be found in [8].

3.1 Freeness

Definition 1. Let (27, ¢) be a non-commutative probability space; i.e., o7 is a unital
algebraand ¢ : &/ — Cis a unital linear functional. Unital subalgebras (<% ); e (for
some index set ) are free if ¢(a;---a,) = 0 whenever foreachk = 1,...,n we
have a; € ) forsomei(k) € [ suchthati(k) #i(k+1)forallk =1,...,n—1
and such that p(ax) = Oforallk = 1,...,n.

Random variables x; € 7 (i € I) are free, if their generated unital subalgebras
are free.

3.2 Free Brownian Motion

Definition 2. A free Brownian motion is given by a family (S(¢));>o of random
variables S(z) € o7 (¢t > 0), living in a non-commutative probability space (<7, ¢),
where o7 is a von Neumann algebra and ¢ a faithful trace, such that

* S0)=0
e Eachincrement S(t)—S(s) (0 < s < ¢) is semicircular with mean 0 and variance
t—s,l.e.,

1
d _si(x) = ————/4(t —5) — x2dx
s (0)-S(s) (X) pTr— (t—s)
¢ Disjoint increments are free: for 0 < ¢; < t, < --- < t,, the increments S(,),

S(t) — S(t), ..., S(ty) — S(t,—1) are free.

A free Brownian motion can also be realized concretely: by the sum of creation
and annihilation operators on the full Fock space; and as the limit of matrix-valued
(Dyson) Brownian motions. This latter realization is as follows.



Asymptotic Eigenvalue Distribution of Random Matrices and Free Stochastic Analysis 37

Let (Xn(#))r>0 be a symmetric N x N -matrix-valued Brownian motion, i.e.,

Bll(l) BlN(t)
Xn(@) = : :
Byi(1) ... Byn(2)

where

Bj; are, for i > j, independent classical Brownian motions
o Bij(l) = Bji(l).
Then, (Xy(1)),., = (S(1)),. in the sense that almost surely

Nli_I)nootr(XN(tl)---XN(tn)) =@(S@) - Stn)) YO<t.th....ly

3.3 Stochastic Analysis on “Wigner” Space

3.3.1 Definition of Free Stochastic Integrals

Starting from a free Brownian motion (S (t)) we define multiple Wigner integrals

t>0

1(f)=/---/f(tl,...,tn)dS(tl)...dS(tn)

for scalar-valued functions f € Lz(Rl), by avoiding the diagonals, i.e. we under-
stand in the above that all times #; are different. The definition is made rigorous, by
first defining /( f) for step functions f which have no support on the diagonals; for
those one establishes an Ito isometry

H(Hl2 = I1f 2@y

and then uses this to extend the definition to all f € Lz(R’i). The integral 1( f) is
then an element in the L?-space of the free Brownian motion. The 2-norm on & is
as usual given by || A3 := ¢(AA*), and the L>-space is then the completion of &/
with respect to || - ||».

3.3.2 A Side Remark: Free Stochastic Integrals are Usually Bounded
Operators

We want to remark that free stochastic integrals are not just elements in the
L>-space, but usually are bounded operators and thus their distribution has compact
support. Note that the fact that all our S(¢) and their increments are bounded does
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not imply the same property for the integrals (as they are limits of sums), but one
needs the freeness of the increments as the essential input to prove this. More
precisely, we have the following estimate (which is the analogue of a Haagerup
inequality) [3,4]:

H/ﬂ../ﬂf(ﬁ,”.,%)dS(n)”.dSUHN|5(ﬁ-+1)nfﬂL%R@,

The operator norm in the above can be recovered from the moments of the
variables even without having the free Brownian motion concretely realized as
operators on a Hilbert space in the following way:

J4ll = tim ¥/p(Aa")).

3.3.3 Ito Formula and Multiplication of Multiple Wigner Integrals

The Ito formula shows up in the multiplication of two multiple Wigner integrals.
As first example, consider the product of two first order Wigner integrals.

/ F)dS(@) - / ¢(1)dS(t2) = // F(t)g(02)dS(11)dS (1) + / F(1)g(1) dS@)AS (1)

dr

- // F(t)g(0)dS()dS (1) + / F(0)g(0)dr.

We have invoked here the free Ito formula dS(¢)dS(z) = dr. This is the same
as the Ito formula for classical Brownian motion dB(¢)dB(t) = dt. In order to
see a difference between the classical and the free situation, we consider a more
complicated case, the product of a first order with a second order integral.

//f(tl,tz)dS(tl)dS(tz)-/g(t3)dS(t3) = // f(t1,12)g(23)dS (£)dS (12)dS (t3)

+ [ rangwasen sswaso + [[ remso aswaswaso.
———— N—

dr deg[dS(12)]=0

In the classical case, the last term would also contribute as dB(¢)dB(t;)dB(t) =
dB(t;)dB(t)dB(t) = dB(t;)dt, whereas in the free case this term vanishes
according to the general version of the free Ito formula

dS(t)AdS(t) = ¢(A)dt for A adapted.

(Adapted means here as in the classical case that A is only a function of the free
Brownian motion up to time 7.)
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3.3.4 Contractions
For a systematic description of the product of two Wigner integrals it is useful to

introduce the notion of contraction of functions. This is defined as follows. Consider
f € L*(R") and g € L*(R"). Then we define, for 0 < p < min(n, m), the p-th

contraction of f and g, f EN g e LZ(RT_'"_ZP ), by
4 .
f - g([ls cee vtm+n—2p) =
/f(tl,...,tn_p,sl,...,sp)g(sp,...,sl,t,,_,,+1,...,t,,+m_2p)dsl...dsp

With this definition we have the following general formula for the product of two
Wigner integrals.

min(n,m)

I(f)- 1= Y I(f*g (feLl’®R}).geL*RY))

p=0

3.3.5 Free Chaos Decomposition

As for classical Brownian motion one has now the canonical isomorphism
o0 o0
LS 1= =PL®y),  f=ED S
n=1 n=0
via
o0 o0
f=>1f) = Z/---/f,,(tl,...,t,,)dS(tl)...dS(t,,).
n=0 n=0

This decomposition of the L>-space of free Brownian motion as a direct sum of
Wigner integrals is called free chaos decomposition and the set {I(f,) | fu €
Lz(Rﬁ_)} is called the n-th free chaos.

4 Distributions in Chaoses

4.1 Conjectures on Distributions in Fixed or Finite Chaoses

Since free semicircular elements sy, . . ., 5,; can in this frame be realized as elements
in the first chaos (namely, as stochastic integrals over characteristic functions
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of disjoint intervals of length 1), polynomials in our free semicircular elements,
p(s1,...,sn), are then, by the Ito formula, realized as elements from finite chaos

N fe@Pr®y

finite

Thus our conjectures on qualitative features of the distribution of p(sy,...,s,) can
now also be rephrased as follows.

The distribution of selfadjoint elements from a finite chaos with no constant
(n = 0) contribution should have no atoms and they should have a density with
respect to Lebesgue measure.

Motivated by the corresponding situation from classical chaos decomposition
we conjecture also that selfadjoint variables I( /) and /(g) from different chaoses
cannot have the same distribution.

It might not be clear to the reader why our original problem (on densities of
polynomials in free semicircular elements) should be more accessible if reformu-
lated in the language of stochastic integrals. As an answer to this we can only offer
the observation that stochastic analysis offers some additional tools to attack this
question. In particular, it is our hope that free Malliavin calculus, when sufficiently
developed, should be able to answer our questions. It should be remarked that
classical Malliavin calculus is indeed answering the classical analogue of our
question — i.e., it allows to prove that selfadjoint elements from finite chaos of
classical Brownian motion (like polynomials in independent normal variables) have
a smooth density.

4.2 The Free Fourth Moment Theorem

Most of the above conjectures are still open, but we have at least some positive
results which show that looking on elements from a fixed chaos can give some
quite unexpected constraints. Namely, we have the following free analogue of a
striking classical result of Nualart and Peccati [11]. There, f*, for f € Lz(Rﬁ_), is
defined by

f ... ty) = [t ..., 1).

The condition f* = f just ensures that (/) is a selfadjoint operator.

Theorem 1 ([8]). Consider, for fixed n, a sequence fi, f2,-+- € LZ(R’L) with
S5 = fiand | fil. = 1 for all k € N. Then the following statements are
equivalent.

1. We have limi 00 @[I( )] = 2.
2. We have forall p = 1,2,...,n — 1 that
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lim fi X fi =0  in L2RY%)
k— k k= + ’
o0

3. The selfadjoint variable I1(fy) converges in distribution to a semicircular
variable of variance 1.

The striking direction of these equivalences is that (1) implies (3); i.e., if we
constrain our variables to live in one fixed chaos then, under fixed second moment,
the convergence of the fourth moment implies the convergence of all other moments.
The second condition is the key for the proof of this. Convergence of the fourth
moments implies the vanishing of the non-trivial contractions; but all moments
can be calculated in terms of contractions and the vanishing of the non-trivial ones
implies then that this calculations reproduces just the Catalan numbers, which are
the moments of a semicircular variable.

As a consequence of the above theorem we get that we can at least distinguish
elements from the first chaos (all of which are semicircular variables) from all the
other chaoses.

Corollary 1 ([8]). Forn >2and f € LZ(Rﬁ_), the law of I1( f) is not semicircular

4.3 Quantitative Estimates

In the classical case one can refine the qualitative statement of convergence to a
normal variable to quantitative estimates of the distance to a normal variable in terms
of differences of the fourth moments. Such estimates exist for various distances (like
Kolmogorov or Wasserstein distance). In the free case, those “classical” distances do
not fit too well with the non-commutative nature of the problem (i.e., even though
in the end one wants to compare just two single variable distributions, i.e., two
probability distributions, the constraint that they live in some fixed free chaos puts
them into a quite non-commutative context). The following distance seems to be
more appropriate for our free setting.

4.3.1 Distance Between Operators

Given two self-adjoint random variables X, Y, we define their distance
de, (X, Y) 1= sup{le[h(X)] — p[h(V)]| : A2(h) = 1};

where %, (h) is formally the norm ||0/’|| of the non-commutative derivative of the
classical derivative of /; the non-commutative derivative d is defined by

n—1
x" =Y xFex
k=0
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One way to make this rigorous is as follows. If / is the Fourier transform of a
complex measure v on R,

h =9 = l'XE d
(x) = D(x) /Re v(d§)
then we define
FH(h) = | € |v|(d¢).
2(h) /R%‘ [v[(d§)

The above definitions are motivated by the fact that 0k’ is essentially the Ito
correction term showing up in the free Ito formula applied to dA(S;).

4.3.2 The Free Gradient Operator

As in the classical setting we have a free version of a Malliavin calculus. The basic
definitions and properties were given in [3]; however, the more advanced features
of this theory still have to be developed.

Here is the definition of the free Malliavin gradient operator. Since it is related
with the non-commutative derivative, it will, like 9, also map into the tensor product.

Definition 3. For f € LZ(R?{_) we define the free (Malliavan) gradient VI( f') of
1(f) by

Vi (/ f(l‘l,...,ln)del "'dSt”) =

n
Z/ s tkmt b tigts o 12)dSy -+ dSy_, ® dSy,,, ---dS,,.
k=1

V,I(f) is to be considered as a function in ¢, taking on values in the tensor product
L*® L%

The adjoint of V is the free Skorohod integral, denoted by §. It maps bi-processes,
i.e., functions which take values in the tensor product into the L?-space of our free
Brownian motion.

4.3.3 Estimate of the Distance Against the Gradient

Let us denote by N the number operator, which acts just by multiplication by » in
the n-the chaos, i.e.,

NI(f) = nI(f), for f € L*(R").
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Since one has, as in the classical case, §V = N, one can derive the following
estimate.

Theorem 2 ([8]). Let F = F* be an element from a finite chaos with mean 0 and
variance 1. Then we have the following estimate for the distance between I and a
semicircular variable S of mean 0 and variance 1:

de,(F. S) < %(p ¢ (‘/ Vo (N F)E(V, F)*ds — 1 ® 1') .

The symbol f} denotes here the following product in the tensor product:
(a1 ® b)fi(az ® by) := ai1ax @ brby.

In the classical case one can estimate the corresponding expression of the above
gradient, for F living in some n-th chaos, in terms of the fourth moment of the
considered variable, thus giving a quantitative estimate for the distance between
the considered variable (from a fixed chaos) and a normal variable in terms of the
difference between their fourth moments. In the free case such a general estimate
does not seem to exist; at the moment we are only able to do this for elements F
from the second chaos.

Corollary 2 ([8]). Let F = I(f) = I(f)*(f € Lz(Rﬁ_)) be an element from the
second chaos with variance 1, i.e., || f || = 1, and let S be a semicircular variable
with mean 0 and variance 1. Then we have

diy(F. ) = %\/g JoF) —2.

4.3.4 A Multivariate Fourth Moment Theorem

In the long run, we are looking for multivariate versions of the above results. On the
qualitative level, this extension is quite straightforward and does not require new
ideas. Here we have the following result.

Theorem 3 ([10]). Let, forcachi = 1,....d, (f")xen be a sequence in L*(R"),
such that for all i, j
lim g[7(£") - 1(£7] = 8
k—>o00 k k v

The following statements are equivalent.

1. ((I(fk(l)), cee, I(fk(d))) converges in distribution to a free semicircular family
(s1,...,8q4) as k — oo. ‘
2. Foreachi =1,...,d, I(fk(l)) converges to s; as k — oo.
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3. Foreachi = 1,...,d, the fourth moments of I(fk(i)) converge to 2:

Jim o[7(f)] =2.

However, when it comes to quantitative results, nothing is known at the moment

for the multivariate situation. In particular, we still don’t know what a reasonable
multivariate version for the distance d+, should be.
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Spacings: An Example for Universality
in Random Matrix Theory

Thomas Kriecherbauer and Kristina Schubert

Abstract Universality of local eigenvalue statistics is one of the most striking
phenomena of Random Matrix Theory, that also accounts for a lot of the attention
that the field has attracted over the past 15 years. In this paper we focus on the
empirical spacing distribution and its Kolmogorov distance from the universal limit.
We describe new results, some analytical, some numerical, that are contained in
Schubert K (2012) On the convergence of the nearest neighbour eigenvalue spacing
distribution for orthogonal and symplectic ensembles. PhD thesis, Ruhr-Universitit
Bochum, Germany. A large part of the paper is devoted to explain basic definitions
and facts of Random Matrix Theory, culminating in a sketch of the proof of a weak
version of convergence for the empirical spacing distribution oy (see (23)).

1 Introduction

The roots of the theory of random matrices reach back more than a century.
They can be found, for example, in the study of the Haar measure on classical
groups [15] and in statistics [36]. The field experienced a first boost in the 1950s
due to a remarkable idea of E. Wigner. He suggested to model the statistics of
highly excited energy levels of heavy nuclei by the spectrum of random matrices.
Arguably the most striking aspect of his investigations was how well the random
eigenvalues described the distribution of spacings between neighbouring energy
levels. Even more surprising were the subsequent discoveries that the eigenvalue
spacing distributions are also relevant in a number of different areas of physics
(e.g. as a signature for quantum chaos) and somewhat exotically also in number
theory for the description of zeros of zeta functions (see [1, Chap.2 and Part III]
for recent reviews). Due to these developments Random Matrix Theory became
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an active area of research that was prospering for many years mainly in the realm
of physics. It was only about 15 years ago that random matrices started to attract
broader interest also within mathematics stretching over a variety of different
areas. The reason for this second boost was the discovery [3] that after appropriate
rescaling the length of the longest increasing subsequence of a random permutation
on N letters displays for large N the same fluctuations as the largest eigenvalue
of a N x N random matrix (from a particular set of ensembles). Again it turned
out that the distribution of the largest eigenvalue (in the limit N — 00) defines a
fundamental distribution that comes up in a number of seemingly unrelated models
of combinatorics and statistical mechanics (e.g. growth models, interacting particle
systems; see [11] and [19] for recent reviews).

In summary, we have seen that the statistics of eigenvalues of random matrices
display a certain degree of universality by describing the fluctuations in a varied list
of stochastic, combinatorial and even deterministic (zeros of zeta functions) settings.
In this paper, however, we will be concerned with a second aspect of universality
that is known as the universality conjecture in random matrix theory. It states that in
the limit of large matrix dimensions local eigenvalue statistics (see the beginning of
Sect. 3 for an explanation of the meaning of this term) only depend on the symmetry
class (cf. Sect. 2) of the matrix ensemble but not on other details of the probability
measure. We will discuss this conjecture in the context of the nearest neighbour
spacing distribution that has received much less attention in the literature than other
statistical quantities such as k-point correlations or gap probabilities. We focus on
the question of convergence of the empirical spacing distribution of eigenvalues.

Besides the standard monograph [25], a number of books have appeared recently
[2,5,6,12,30], which present nice introductions into various aspects of Random
Matrix Theory. An impressive collection of topics from Random Matrix Theory and
its applications can be found in [1]. However, in all these books the information on
the convergence of the empirical spacing distribution is somewhat sparse, except
for [5] and [18] in the case of unitary ensembles (8 = 2). It is one of the goals of
this paper to give a concise and largely self-contained update of [5, 18] w.r.t. spacing
distributions including also orthogonal (8 = 1) and symplectic (8 = 4) ensembles.

The paper is organised as follows. First, we introduce in Sect. 2 three important
types of matrix ensembles that generalize the classical Gaussian ensembles. In order
to define our prime object of study, the empirical spacing distribution (Sect. 3.2),
we first discuss the spectral limiting density for all three types of ensembles in
Sect.3.1. From Sects. 4 to 6 we only treat invariant ensembles. We first state how
k-point correlations are related to orthogonal polynomials and recall what is known
about their convergence (Sect. 4). These results are used in Sect. 5 to sketch the proof
of a first convergence result (23) for the empirical spacing distribution. Our main
new result Theorem 4, that is proved in [27], is stated in Sect. 6 together with related
results for circular ensembles from the literature. We close by mentioning numerical
results of [27]. They indicate that a version of the Central Limit Theorem, similar
to the one proved in [29] for COE and CUE, should also hold for the ensembles
discussed in this paper.
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2 Random Matrix Ensembles

Starting with the classical Gaussian ensembles we introduce in the present section
three different types of generalisations, Wigner ensembles, Invariant ensembles,
and B-ensembles. Together they constitute a large part of the ensembles studied in
Random Matrix Theory. Some references are provided where the reader can learn
about the main techniques to analyse these ensembles. The concept of symmetry
classes is briefly discussed.

We begin by defining one of the most prominent matrix ensembles, the Gaussian
Unitary Ensemble (GUE). GUE is a collection of probability measures on Hermitian
N x N matrices X, N € N, where the diagonal entries x;; and the real and imaginary
parts of the upper triangular entries xj = uj + ivix, j < k are all independent and
normally distributed with x;; ~ .4 (0, 1/~/N), up, vix ~ A(0,1/+/2N). GUE has
the following useful properties.

1. The entries are independent as far as the Hermitian symmetry permits.

2. The probability measure is invariant under conjugation by matrices of the unitary
group, i.e. under change of orthonormal bases. In fact, this explains why the
ensemble is called “unitary” (and the reference to Gauss is due to the normal
distribution). Moreover, one can compute the joint distribution of the eigenvalues

explicitly. The vector of eigenvalues (A;,...,Ay) is distributed on R"Y with
Lebesgue-density
Zyy [T =2, P [Te ™/ das, p =2, (1
j<k i

where Zy g denotes some norming constant.

Each of these properties comes with a set of techniques to analyse statistics of
eigenvalues. In turn, these techniques can be applied to a large number of matrix
ensembles that share this particular property. More precisely:

1. Wigner ensembles have independent entries as far as the symmetry of the matrix
permits. The distributions of the entries do not need to be normal or identical,
but must satisfy some conditions on the moments. Except for the Gaussian case,
Wigner ensembles are not unitarily invariant and the joint distribution of eigen-
values is generally not known. Many results for such ensembles (e.g. Wigner
semi circle law, distribution of the largest eigenvalue) can be obtained via the
method of moments, i.e. by analysing the moments of the empirical measure
of the eigenvalues (see e.g. [14], cf. Sect. 3). More recently, very powerful new
techniques have been introduced by Erdos et al. and independently by Tao and
Vu (see e.g. [10,31] and references therein).

2. Invariant ensembles keep the property of invariance under conjugation by unitary
matrices. The ensembles considered in this class all have in common that the joint
distribution of eigenvalues is given by a measure of the form
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Zyp l—[ Ak =251 Hd:U«N(Ai)a B=2 )

Jj<k

where py denotes some (positive) finite measure on R with sufficient decay
at infinity to guarantee finiteness of the measure on RY. As we explain in
Sect. 4 it is exactly the structure of (2), i.e. a product measure with dependencies
introduced by the square of the Vandermonde determinant, for which the method
of orthogonal polynomials can be applied. Note that such measures, with py
supported on discrete sets, were also central for proving the appearance of local
eigenvalue statistics in some of the models from statistical mechanics described
in the Introduction (see e.g. [19] for an elementary exposition in the case of
interacting particle systems).

Using these two types of generalisations of GUE we may already generate a great
number of matrix ensembles. These consist of Hermitian matrices only and we say
that they belong to the same symmetry class. By the universality conjecture we
expect that in the limit N — oo all these ensembles display the same local spectral
statistics.

If one replaces in the definition of GUE above the Hermitian matrices by
real symmetric resp. by quaternion self-dual matrices, keeping the independence
of the entries as well as their normal distributions (with appropriately chosen
variances), one obtains the Gaussian Orthogonal Ensemble (GOE) resp. the Gaus-
sian Symplectic Ensemble (GSE). These ensembles can be generalised as above,
yielding again Wigner ensembles or invariant ensembles and the only difference
compared to the discussion above is that in (1) and (2) we have to choose 8 = 1
resp. B = 4. In this way we have introduced two more symmetry classes which then
together constitute all classes from Dyson’s threefold way. As it was discovered
some 30 years after Dyson’s classification result from 1962, it is useful and natural
to enlarge this list to a grand total of 10 symmetry classes, thus providing a
significant increase in applications of Random Matrix Theory in physics, statistics
and mathematics alike (see [37] for a recent survey). It should be noted that from
the perspective of invariant matrix ensembles the resulting joint distributions of the
eigenvalues are of the form (2) with 8 € {1,2,4} for all ten symmetry classes.
As we will argue in Sect. 6 there exists a large class of invariant ensembles from all
ten symmetry classes for which the localised and appropriately rescaled empirical
spacing distributions (see Sect.3) converge to universal limits that only depend on
the value of B. The method of orthogonal polynomials mentioned above can also be
applied for 8 = 1, 4. However, it is more technical and its range of applicability is
less general than in the case § = 2, see e.g. [6].

There is a third property of Gaussian ensembles that leads to a different
type of generalisation. The basic observation is the following. If one applies the
Householder transformation to GOE in a suitable way, one obtains probability
measures on N x N Jacobi matrices (i.e. real symmetric, tridiagonal matrices
with positive off-diagonal entries). By construction they induce the same joint
distributions of eigenvalues as (1) with B = 1. For this ensemble, the entries are
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again independent (as symmetry permits) with normal distributions on the diagonal
and some y-distributions for the off-diagonal entries. General §-ensembles are now
generated by modifying the variances of the y-distributions on the off-diagonals.
For any f > O this can be done in such a way that the joint distribution of
eigenvalues is given by (1) with the prescribed value of 8. A key insight into
the analysis of these ensembles is that for large matrix dimensions eigenvalues of
the Jacobi matrices may be approximated by the spectrum of a specific stochastic
Schrodinger operator, see e.g. [26]. Note that the local eigenvalue statistics of
B-ensembles are different for each value of 8. Obviously, they reduce to the classical
Gaussian ensembles if and only if 8 € {1,2,4}.

3 The Empirical Spacing Distribution: Localised
and Rescaled

In this section we define the empirical spacing distribution as one prime example
for local eigenvalue statistics. By the latter we mean, firstly, that the spectrum is
localised by considering only some part of the spectrum and, secondly, that the
spectrum is being rescaled such that the average distance between neighbouring
eigenvalues is constant and of order 1 in the considered spectral region. In order to
perform such operations we must first understand the limiting spectral density of the
ensemble.

3.1 The Limiting Spectral Density

We denote the ordered eigenvalues of a matrix H from one of the ensembles
described in Sect. 2 by A(IN)(H) < A;N)(H) <...=< A%V)(H). The corresponding
N-tuple A™)(H) thus defines a point in the Weyl chamber that we denote by

Wy = {x € RV : x; < ... < xy}. Moreover, we abbreviate A&N)(H) by A;
from now on to keep the notation manageable.
We associate to each A € #)y its counting measure 3§, = % Z;V=1 83, which

defines a probability measure on R. By the limiting spectral density we mean a
function ¥ : R — [0, o) satisfying for all s € R that

EN,,g(/S dSA)—>/S Y(t)dt asN — o00.

It is known for ample classes of both Wigner ensembles and invariant ensembles
as well as for B-ensembles that the spectral density exists. For Wigner ensembles
one can show mainly by combinatorial methods that on average the moments of §;
converge to the moments of the semi-circle distribution (Wigner semi-circle law).
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The first steps of the proof are provided by the simple observation that for k € N
one has

Eng ( /R t* d(Sl(z)) = %]ENﬁ(tr (H*))

together with an expansion of the right hand side as a sum of expectations of
products of entries of H that can be simplified by using the independence of the
entries (method of moments, see e.g. [14]).

Next we turn to S-ensembles. Here the limiting spectral density is again given
by the Wigner semi-circle law. The proof, however, follows a different path. Recall
that the joint distribution of eigenvalues is given by (1). Its density can therefore be
rewritten in the form

2
Zihep[-AN*16)] with 10) = =5 [Toglx — yldvav0) + [ v,
xF£y
@)

We may think of 7 as a functional defined on all probability measures on R. It is a
well known fact in logarithmic potential theory that / has a unique minimizer that
is given by the semi-circle law. Since we have the factor N2 in the exponent in (3)
it is intuitively clear that for large N only those vectors A will be relevant for which
the corresponding counting measure §, is close to the minimizer of /. This idea
can be used to prove the Wigner semi-circle law for §-ensembles. Moreover, this
idea can also be applied to prove the existence of the limiting spectral density for a
large class of invariant ensembles (see e.g. [17]). Indeed, let us assume that in (2)
the measure du y has a Lebesgue-density of the form

Vix)

duy(x) = e VVOdx  satisfying m =
|x|—>00 10g|x|

“

in order to guarantee that the measure (2) is finite. Under mild regularity assump-
tions on V' one can proof that the functional

)= / log [x — yldv(x)dv(y) + / V)dv(x) . s)

#y

defined on the probability measures on R has an unique minimizer vy with a
Lebesgue-density ¥ = yy. As argued above, one can show that ¥ is the limiting
spectral density of the ensemble (see e.g. [5, Chap. 6] for an elementary exposition).
In the literature on invariant ensembles one also finds a slightly more general setting
where in the formula (4) for the density of duy the function V is replaced by
N -dependent functions Vy that converge to some function V satisfying the growth
condition (4).
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Note, that for invariant ensembles the limiting spectral density depends on V' and
is therefore not an universal quantity. This is not a contradiction to the universality
conjecture of Dyson since the limiting spectral density is a global quantity whereas
the universality conjecture only refers to local eigenvalue statistics.

3.2 The Empirical Spacing Distribution

We use the limiting spectral density in order to rescale the eigenvalues. Let a
denote a point in the interior of the support of ¥ where the limiting density
is positive, i.e. ¥(a) > 0. We assume further that a is a point of continuity
for . For eigenvalues A; that are close to a the expected distance of neighbouring
eigenvalues is given to leading order by (N (a))~!. Therefore we introduce the
rescaled and centred eigenvalues

A = (A —a)Ny(a). (6)

Considering only eigenvalues A; that lie in an (N -dependent) interval Iy that is
centred at a and has vanishing length [/y| — 0 for N — oo, we expect that their
rescaled versions A; have a spacing that is close to 1 on average. We introduce

Ay =Ny (@)(Uy —a) = {Ny(a)(t —a) | 1 € Iy}

and observe that A; € Iy if and only if ii € Apy. Therefore and by the expected
unit spacing of the rescaled eigenvalues we conclude that the length of Ay gives
the average of the number of eigenvalues A; that lie in / to leading order. For our
considerations we assume that this number and hence N |Iy| = |An|/¥ (a) tends
to infinity for N — oco. We summarize our assumptions on the length of /.

lIn] >0,  N|Iy| >oc0  for N — oo. )

Finally, we define our main object of interest, the empirical spacing distribution.
As above we denote the eigen\ialues of a ragdom matrix Hby A; < ... < Ay and
their rescaled versions (6) by A; < ... < Ay. Furthermore, let /) be an interval
centred at a and satisfying (7). Then the empirical spacing distribution for H,
localised in Iy, is given by

1
on(H) = Yo (8)

| NI Ai1.Ai €IN

Recall from the discussion above that the expected number of spacings considered
inoy (H) is given by |Ay|— 1. This explains the pre-factor 1 /| Ay| in the definition
of o (H), which is asymptotically the same as 1/(|Ax| — 1).



52 T. Kriecherbauer and K. Schubert

4 Universality of the k-Point Correlation Functions
for Invariant Ensembles

In this section we state results on the convergence of k-point correlation functions
for invariant ensembles, as well as their connection to orthogonal polynomials.

We recall that we consider invariant ensembles where the joint distribution of the
eigenvalues has a density of the form (see (2) and (4))

N
1
p,gﬂ’(xl,...,m:zZ—WHM,»—A,-W]"[w%’(Ak), rAeRY (9
’ k=1

i<j

with wg\',g)

x) = e NV In the proof of the main theorem (Theorem 4) we will

use asymptotic results for the marginal densities of Pj(vﬂ ) with respect to k variables.
The latter are called the k-point correlation functions, for which we will now give a
precise definition.

Definition 1.
() Fork e N,k < N,B €{1,2,4}and (A1,..., ;) € RF we set

N!
RY (A he)

= m/w PO AN dhisr ... dAy.

(i) Fork € N,k < N and B € {1, 2, 4} the rescaled k-point correlation functions
are given by

7 7 - ) )
Bl(\f])((/xl,...,/xk)i=(Nl//(a))kR%?{(a-i— ! a+ k)

Ny(@)' " Ny(a)

= (Ny(@) Ry, (At A

We observe that RE\],(;{ (t1,...,%) and BZ(\',B; (t1, ..., ;) are invariant under permuta-
tions of the indices {1, ..., k}.

We now sketch how the k-point correlation functions can be analysed using the
method of orthogonal polynomials. We start with the simplest case § = 2. Define
KN,2: R? - R with

N—1

Kya(x.y) =Y oM x)e" (). (10)
j=0

N N 2
o (x) = pM ()Wl (),
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(N)
g 2
polynomial with respect to the measure ng) (x)dxon R, i.e.

)

and p;N)(x) =y x/ +... with yj(.N > 0 denotes the j-th normalised orthogonal

[ 20 @n o) o = 8

The convergence of the appropriately rescaled kernel Ky »

= KZ(xv J’)
(11)

has by now been proved in quite some generality (see e.g. [23] and references
therein). Usually uniform convergence of (11) is only shown for x, y in bounded
sets. For our purposes it is convenient to extend this result for x, y in the growing
set Ay.

Theorem 1 (cf. [8,27]). Let V:R — R be real analytic such that (4) holds and
let V be regular in the sense of [8, (1.12),(1.13)]. Moreover, we assume a € R
with y(a) > 0 (Y being defined as the density of the minimizer of Iy, see (5)).
Let (cy)nen be a sequence satisfying cy — oo, 5 — 0as N — oo. Then we have
for N - oo

o y O\ sin(r(x — )
W Ny Y2 (“ T Nv@ T Nw(a)) e

1 X y . N
Ny@ 2 (" T Nv@ T Nvf(a)) B KZ(X’”‘ =(¥)

sup
x.ve[—en.en] N
(12)
su i(;K (a+ al a+ Y )—K(x ))‘—ﬁ(C—N>
cvem el Wy @ T Ny @ T Ny@ )T Y N
(13)
Remark 1.

(i) The estimate in (13) will be needed to treat the cases § = 1 and 8 = 4.

(i) The proof of Theorem 1 is essentially contained in [8] although not stated
explicitly (a formula somewhat close is presented in [8, (6.18)]). In particular,
there is no information on the derivatives in (13). Nevertheless the underlying
Riemann-Hilbert analysis also provides (12) and (13), where we use an
efficient path, which we have taken from [34]. A sketch of the required
refinements and the extension to unbounded sets can be found in [27].

(iii) To unify the notation with the cases § = 1 and 8 = 4 treated below we set

Kna(x,y) (14)

~ 1
Kna(x,y) = Nv(@)
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and hence (12) reads

A X y _
Kyo (H+W,G+W) = Ka(x,y) + O (kn) (15)

with ky = ‘WN — 0 as N — oo. The error term is uniform for x,y €
[—cn,en]

Theorem 1 can be used to derive some results about the rescaled correlation

. . . @ .
function, where one uses a well known determinantal formula expressing By in
terms of Ky, (see e.g. [5] and Lemma 1 below). Observe that in the considered
setting the term & (‘WN) in the asymptotic behaviour of Ky, (see Theorem 1) is
replaced by &(|1y|) in statement (iii) of Lemma 1.

Lemma 1. Let the assumptions of Theorem 1 be satisfied. Furthermore, let
a,y, Iy, An be defined as in Sect. 3. Then the following holds

(i) Forty,...,txy € Rwe have
@ —k li 1 ))
B t,...,tr) = (Nv¥(a det | K a+ ,a+ ,
O (i) = (VY (@) ( N,z( W@ @)

where Ky, is given in (10).
(ii) For N sufficiently large we have for allk < N

B 1)l <25 forn, .t € Ay

(iii) Forty,...,ty € Ay we have
Byt t)) = WPt ..ot0) + k! -k 280 (1 Iy)). (16)
with
sin(mw(t; — t;
W, ..., 1) = det (M) (17)
m(ti — 1) 1<i.,j <k
and the constant implicit in the error term in (16) is uniform in k, ti, ...t

andin N.

It should be noted that with Lemma 1 we have derived all information on the
convergence of the k-point correlation functions that is needed to prove the main
result Theorem 4 for 8 = 2.

We now turn to the cases § = 1,4. For technical reasons we restrict the
discussion of the case B = 1 to even values of N. Our presentation follows closely
the monograph [6]. Similar to statement (i) of Lemma 1 the k-point correlation
function for 8 = 1 and B = 4 can be represented in terms of functions Sy g,
which are related to Ky». It is convenient to express the correlation functions in
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terms of the Pfaffian. We remind the reader that for real skew-symmetric 2m x 2m
matrices the determinant is a perfect square. Consequently, the Pfaffian which is
defined to be the square-root of the determinant for such matrices can be expressed
as a polynomial in the entries. Indeed,

1
Pf(4) = o Z (3g10)d0,0,d0304 - - - Aosyy— 102+
0E€ESoyy
where S, denotes the permutation group on {1,...,2m}. See also [6] for an

elementary exposition on the use of Pfaffians in Random Matrix Theory. According
to [6, (4.128),(4.135)] the correlation functions can be expressed via

RV (A1, .. h) =PEK J),  with K = (Kng(hisA))ij=1...k (18)

and

J = diag(o. ....0) e RV o= (01 (1))

In (18) the terms Ky g(x,y), B = 1,4 denote 2 x 2 matrices with

Sna(x,y) %SNA(x,y)
Kya(x,y) =
— [V Sna(t,y)dt Sna(y,x)

and

Sni(x,y) %SN,I(XJ’)
Kni(x,y) =
— [} Sna(t,y)di— S sgn(x —y)  Sna(y.x)

The convergence of the (rescaled) matrix kernels Ky g is e.g. considered in [6],
but as in the case § = 2 the known results only apply to the convergence on compact
sets and need to be refined to uniform convergence on Ay (recall |[Ay| — oo
as N — o0). Before we can state Theorem 2 we introduce some more notation
(in analogy to (14) for § = 2). For § = 1,4 let I?]Zﬂ(x,y) € R*2 denote a
rescaled version of Ky g(x, y) given by

_ L JNv@ 0
= VN (a)
Knp(e. 3+ Ny (a) ( Nlﬁ(a)) Knp(x.7) ( 0 JNi//(a))

19)



56 T. Kriecherbauer and K. Schubert

We denote the components of the rescaled matrices I?N\ g(x,y) by

Snp(x.3) Dap. )\ _ =
(IN,ﬂ(x,y) SN,ﬂ(y,x)) = Knp(x, ).

Theorem 2 ([6, 27, 28]). Let V be a polynomial of even degree with positive
leading coefficient and let V be regular in the sense of [8, (1.12),(1.13)]. Moreover,
we assume a € R with yr(a) > 0 (Y is defined as in Theorem 1) and let K, be given
in (11). Let (cy)nen be a sequence satisfying cy — 00, — 0as N — oc.
Then we have

(i) For B =1and N even

3

T x Y _ (1
ML O L (“ Tyt Nl//(a)) ~ Ky ‘ = ﬁ(ﬁ)

i )8l o (L
IR (” @t Nwa)) - 51{2“’”‘ = (7(ﬁ)

—~ X y Y 1 ‘
su; 1 a—+ ,a+ —/ K,(t,0)dt — — sgn(x —
everd T ( Ny @ Nw(m) , 0= gsente=y)

()

(ii) For B =4 and N even

x,y€[—cn,en]

b ’ - —Kx(2(x — =0 —
vyelex (0 @ @) " ke | =0 (g5

1/\( b a2 ) /x_yK 1)t ﬁ’( CN)
su a .a — = N
cvem g VAT Ny @ TNy @) T b R IN

Remark 2. The proof of Theorem 2 can be derived from [6, 28] and Theorem 1
as follows (details will be given in a later publication): We use the notation X =
a+m, ﬁ=a+mandset

x y (1
M@ T Nw(a)) ~ Kl _y))‘ = ﬁ(ﬁ)

oo 1 © ooy ey d ey A
Ayp(x,y) = Nv@ (Snp(X. ) — Kna(R,9)) = Snp(X. 9) @ Kna(X, 9).
As V is a polynomial, we can apply Widom’s formalism [35] to derive a repre-
sentation of Ay g in terms of orthogonal polynomials. Together with the estimates
contained in [28] and [6, Sect. 6.3.1] (generalised to the case of varying weights) we

obtain
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A oA _1
sup ‘AN,ﬁ(x,y)‘ :ﬁ<N 2)
x,y€[—cncn]
=o(N7H).

1 ad N n
up o= Anp(X.))

The claim of Theorem 2 then follows from Theorem 1 and from the assumption

<L — 0 for N — oo, which implies & = & (#)

S ~
X, y€[—cn .cN]) Nl/f(a) ay
VN N VN

Finally, we introduce some more notation (recall that K, was introduced in (11)):

0
Si(x,y) == Ks(x,y), Di(x,y):= aKz(x,y),

x—y 1
Ii(x,y) = /0 K>(¢t,0)dr — 3 sgn(x — y)

d r-y
Sa(x,y) := K2(2x,2y), Du(x,y):= aKg(ZX,Zy), I4(x,y) = /0 K>(2t,0)dt

and

Kp(x,y) = (Sﬂ(xvY) Dﬂ(x,y)) _

Ig(x,y) Sp(y,x)

Remark 3. (i) With this notation the result of Theorem 2 reads: There exists a
sequence ky such that ky — 0 for N — oo and

—~ X y _
Knp (a + Nlﬂ(a)’a + NW(a)) = Kg(x,y) + O(kn) (20)

uniformly for x, y € Ay.

(i) Theorems 1 and 2 have been stated for invariant matrix ensembles satis-
fying (2) and (4) and do not cover all ten symmetry classes (cf. Sect.2).
Howeyver, the statements of Theorems 1 and 2 hold mutatis mutandis for all
invariant ensembles for which universality has been proved using a Riemann
Hilbert analysis in the analytic setting (see e.g. [9, 21, 34] for varying and
non-varying Laguerre-type ensembles, [20] for Jacobi-type ensembles and [7]
for non-varying Hermite-type ensembles). In this way all symmetry classes are
covered. The work of McLaughlin and Miller [24] shows that one can expect
that some finite regularity assumption on V' combined e.g. with the convexity
of V should also suffice.

From (20) one can deduce the analogue of Lemma 1 for 8 = 1,4 using e.g. the
formulae in [32]. In particular, one can derive the convergence of the rescaled
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correlation functions Bl(\’;}])C For B = 1,4 we set (analogue to (17) for 8 = 2,
see also (18))

WP ,....4) =Pi(K J) with K == (Kg(t;, 1)) 1<ij<k» 11r--. 1k € R
(21)

Lemma 2. Suppose that the assumptions of Theorem 2 hold. Then the following
holds for B € {1, 4}.

(i) There exists C > 0 such thatforalll <k <N, t1,...,ty € Ay we have
BW (1. .otr) = WPt i) + K- CF Oliey). (22)
The constant implicit in the O-term is uniform in k, N and in t,...,t; and

kny — 0as N — oo as in Remark 3 (i).
(ii) The function Wk(ﬂ) is a symmetric function on R¥ for all k € N.
(iii) Fork e N, ty,....tyandc € R: WP (ti+c,....ti+c) = WP, ... 0).

(iv) There exists a constant C > 1 such that for all 1 < k < N we have
‘B](\f])c(tl,...,tk)‘ <CYkY forti,....tp € Ay

W) = C kS forn, ek

(v) Forallt € R: Wl(ﬁ)(t) =1.

Remark 4. We note that for the results presented in Sect. 5.1 it is not necessary to
keep track of the k-dependence of the error in (22). However, this estimate is needed
in the proof of Theorem 4.

5 The Expected Empirical Spacing Distribution
and Gap Probabilities

The basic result that we want to explain in this section is the convergence of the
expected spacing distribution, i.e.

lim Eyg ( / doN(H)) - / Cdug (23)
N—o0 0 0

for some probability measures (g. The limiting spacing distributions pg depend
on B, but are universal otherwise (see Remark 5 at the end of this section). In
our exposition we restrict ourselves to prove the convergence of Ey g ( fos doy(H))
for N — oo. This is the content of Sect. 5.1. It is not entirely obvious to show that
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the limit actually defines a probability measure. One way to prove this is to make a
connection between Ey g ( fos doy(H )) and the gap probabilities and to use that the
latter can be expressed in terms of Painlevé V transcendents. We will discuss this
connection in Sect. 5.2.

5.1 Convergence of the Expected Empirical Spacing
Distribution

In this section we will show the existence of

ngnooENﬁ (/(; dO’N(H))

and derive a representation for this limit. As f(; doy(H) is a function of the ordered
eigenvalues of H the expectation is obtained by integration over the Weyl chamber
with respect to Bz(\égv (t)dt (see Definition 1).

The first step in the proof is the introduction of related counting measures
yn(k, H) for k > 2. Recall that the eigenvalues of the random matrix H are denoted
by A; <... < Ay andtheirrescaled versionsby A; < ... < Ay (see (6)). We define

1

ywlke, H) = T > Sa,-n, k=2 (24)
N i1 <..<lg,
/\l‘l ,/\l‘k ely
Observe that the normalizing factor ﬁ corresponds to the fact that we expect

|[An| = Ny (a)|ly| eigenvalues A; € Iy (see discussion below (8)). The measures
yn(k, H) are related to oy (see Lemma 3 below) and the main advantage of
fos dyn(k, H) over fos doy (H) is that it is a symmetric function of the eigenvalues
of H, if we replace i\,; — 171 in (24) by max<; <k /’X\,: —minj<; <k Z: This allows
us to calculate the expectation of fos dyy(k, H) by integration over RV (instead of

W) with respect to %B}f}v (t)dt (see (9)) . Thus we can exploit the invariance of

the k-point correlation functions under permutations of the arguments together with
their uniform convergence given in Lemma 1 resp. in Lemma 2.

By combinatorial arguments (see e.g. Corollary 2.4.11, Lemmas 2.4.9 and 2.4.12
in [18]) one can show the following connection between oy (H) and yn (k, H).

Lemma 3 (cf. Chap. 2 in [18] ).
(i) For N € N we have

s N s
_ _1\k
/0 doy(H) = kiz( 1) /0 dyy(k, H). (25)
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(ii) For N € Nandm < N we have

/S doy(H) = Y (=) / dyy(k, H) form odd
0 i 0

/S doy (H) <Y (=) / dyy(k, H) form even.
0 o 0

We can use Lemma 3 to prove the following theorem, which states the point wise
convergence of the empirical spacing distribution.

Theorem 3 (cf. [5] for § = 2). Suppose that the assumptions of Theorem 1
(B = 2) resp. of Theorem 2 (B = 1,4) are satisfied. Then we have for § = 1,2,4,
seRand WP asin(21) (B =1,4) resp. in (17) (B = 2)

N
lim E doy(H)) = S (=1 WP 0,2,....2)dza . .. dz.
Am Exg (/(; on( )) > =1 /(; e 0,22,...,27k)dzp . .. dzy

>0 S0 SH%SS
(26)

In particular, we claim that the series on the right hand side of the equation
converges.

Proof. The proofis in the spirit of [ 18, Chap. 5]. Taking expectations in (25) leads to

s N s
Eng (/0 dUN(H)) = Z(_l)kEN,ﬂ (/0 dyy(k, H)) : (27)
k=2

We start with the calculation of the expectation on the right hand side of (27).
Observe that we can rewrite

[Famem=— > i
0 A TC{l....N}IT|=k
with
A= (Ao hy) forT ={i,....ix}withl <ij <...<ip <N
and

k
X, ) = X0 (ig}axkt,- — iznllinkt,-) l—[XAN(ti)’

i=1

where y(o,) resp. x4, denote the characteristic functions on (0, s) resp. on Ay.
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Using the symmetry of the joint density of the eigenvalues with respect to
permutations of the variables (see (9) and Definition 1) we conclude

1 1
ENﬁ(/ dyn(k, H)) N'/RN TAx] Z x(tr) | BYN (1)t

TC{l,...N},|T|=k

:Wﬁ(k) /RN X, 1) BE), (0)dr

1

=il 2t ) B (.. t)dn .t
K NAN

(28)

It is straightforward to prove the following bound

1 skt

—_— oo lp)dt . dy <
|Ay| WkﬂA’j\,X(l e i = Gy,

which, together with the uniform convergence of Lemmas 1 (iii) and 2 (i), leads to

1
il 2t ) BY (. )dn .t
kNAY
1 ®)
:m ik X(ll,...,tk)Wk (11,...,lk)dt1...dtk+ﬁs,k(KN),
N N

where the constant implicit in the &-notation may depend on s and k as indicated

by the subscripts. Using the translation invariance of W, ® (see (17) for ,3 = 2 and
Lemma 2 (iii) for B = 1,4) together with the change of variables z; = t1,z; =
t; —t1,i = 2,...,k and the definition of y we have

1

m ek ){(1‘1,... ,l‘k)Wk(ﬂ)(l‘l,... ,tk)dtl ...dty
k N

=/ Wk(ﬁ)(O,zz,...,zk)dzz...dzk
0=<pp=<..=<z%=s

k
1
_m/ / W02,z | 1= T tay @1 +2)) | dza i | da
NI JAy 0<p<..<x=<s Jj=2

1
=/ Wk(ﬂ)(o,zz, oo z)dzn . dye + Oy ( )
0 5 [An]
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Hence we obtain
s
lim Eyg (/ dyy(k, H)) =/ Wk(ﬁ)(O,zz,...,zk)dzz...dzk.
N—o0 0 0<2<..<z<s
(29)

For later reference we observe that by the upper bounds on Wk(ﬂ ) provided in
Lemma 1 (8 = 2) and in Lemma 2 (8 = 1, 4) we have

s 1 k—1
. k k-1
1\/11—I>I<1>0EN’5 (/0 dyN(k,H)) <C"s ( k—l) . (30)

It remains to show that in (27) the limit N — oo may be interchanged with the
infinite summation over k. Taking expectations in Lemma 3 (ii) together with the
convergence in (29) implies for m odd

D (=DF lim Eyg (/S dyN(k,H)) < liminf Eyg (/3 daN(H)) (31)
v N—>o00 0 N—o00 0

s m+1 s
limsup Ey g (/ daN(H)) < Z(—l)k Nlim Eng (/ dyy(k, H)) . (32)
0 -0 0

N—>o00 k=2

Inequality (30) ensures the convergence of the series in (31) and (32) if we
take m — oo. Sending m — oo in (31) and (32) implies that the limit

N
Eng (/ daN(H)) exists for N — oo. We obtain
0

s © K
. _ ko1
Jim By (/0 dcrN(H)) = ;( 1* lim Eyp (/O dyN(k,H))
which, together with (29), completes the proof. O

Remark 5. In the above theorem we have obtained a representation for the limit of
the expected spacing distribution in terms of Wk(ﬂ ), which is hence universal in the
sense that the limit does neither depend on V' nor on the details of the localisations,
i.e. on the point a or on the interval Iy as long as the assumptions of Theorem 1
resp. Theorem 2 are satisfied.

However, formula (26) is somewhat complicated. In the next section we show
how it is related to the so-called gap probabilities that have an explicit representation
in terms of particular Painlevé V functions.
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5.2 Spacing Distributions and Gap Probabilities

A gap probability is the probability of having no eigenvalues in a given interval.
Observe that for finite N and 8 = 2 we have (see e.g. [5, p. 108])

- - 1
]P)N,z({kl, ... ,/XN} N (0,s) =0) = —/ Bl(vz,)N(tl’ oL ty)de L dty
(R\(0,5)N

N!
N
2
k=0

=det(l — Kn2|200.5))-

(_1)k s K
o det(KN,Z(tis[j))1<i.j<kdtl---dtk
Mo 0 ==

Here Ky2|;2(,) denotes the integral operator on L?(0,s) with kernel Ky, and
the last equality is just a standard expansion for the corresponding Fredholm
determinant. Recall that Ky, — K, for N — oo (Theorem 1). Furthermore, one
can also show that the corresponding Fredholm determinants converge (see [6] and
also [33]). This motivates that the large N -limit

Ga(s) := det(1 — Ka|12(0.5))

is called the gap probability (for 8 = 2). For § = 1 and 4 the gap probabilities
G are defined as square roots of determinants of operators on L*(0,5) x L?(0, s)
(see e.g. [6, Corollary 6.12]).

By the standard expansion of the Fredholm determinant we have

o (_1)k K s @
Gz(s):z a )] Wt ... t)dt . diy. (33)
k=0 ’

Using more involved arguments the analogue of Eq. (33) (with Wk(z) replaced by

Wk(ﬂ) and G, replaced by Gg) can also be shown for § = 1 and 8 = 4 (see e.g. [27,
Sect.7.1]). The following theorem relates the derivatives of the gap probabilities to
the limiting spacing distributions for all 8 € {1,2, 4} (see e.g. [5, p. 126] for 8 = 2).

Lemmad4. Forf = 1,2,4 we have

~Gj(s) =1~ lim Eyg (/0 doN(H))
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Proof. We introduce the function

o0 k ps s
~ -1
Gﬂ(s,s) = Z ( k!) /5 /8 Wk(ﬁ)(tl,...,tk)dtl LLdiy

k=0

ad s
:1—S+8+Z(—1)k/ (/ Wk(ﬁ)(l‘l,...,tk)dtz...dtk)dtl.
k=2 3 N=H<..<tk<s
(34

Here we have used Wl(ﬁ ) (t) = 1forallt € R (cf. Lemmas 1 and 2). Then the
translation invariance of Wk(ﬂ ) implies Gﬂ(s, s) = fG\;(O,s —&) = Gg(s —¢)

and hence a% L:oéﬁ (e,5) = —G/’B (s). Differentiating each term of the series
in (34) (which is absolutely convergent, see (30)) we obtain the desired result from
Theorem 3. O

Remark 6. As mentioned above there is a remarkable identity that allows to express
the gap probabilities Gg, 8 € {1,2,4} in terms of Painlevé V functions. More
precisely, let o be the solution of

(56")? + 4(so’ — 0)(so’ — o + (07)?)

with boundary condition

s s s 4
o(s) ~—=————+0(") fors—0.
T m o7

Then in the case f = 2 we have (see [16])

Gy(s) = exp (/Om @ dt) .

For B = 1 and B = 4 see [2] and [13] for analogue formulae.

We recall that Lemma 4 together with the Painlevé representations for Gg are useful
to verify that ug as defined through (23) is indeed a probability measure (see [27,
Chaps. 6 and 7]).

6 Results

In this section we state our new result (Theorem 4) for the expected empirical
spacing distribution for invariant orthogonal and symplectic ensembles. We include
a brief discussion of related results that can be found in the literature.
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Except for the point wise convergence for 8 = 2 presented in Theorem 3 (cf. [8])
the empirical spacing distribution has so far only been considered for circular
ensembles. In the case B = 2 the circular unitary ensemble (CUE) is given by
the unitary group U(N) with the normalised translation invariant Haar measure.
The joint distribution of the complex eigenvalues e'?', ..., e/ in the CUE and in
the related orthogonal and symplectic ensembles (8 = 1, 4) is given by

1 . ,
dPys(0) = =— [ | — e |" db,...doy, p=1.2,4. (35
ZNg T
<
As the expected spectral density is constant for these ensembles, the eigenvalues can
be normalised to have mean spacing one by the linear rescaling

~ NO;
0, = —.
2

Observe that we do not need to localise the spectrum in these cases.

Itis a result of Katz and Sarnak in [18, Chaps. 1 and 2] that for circular ensembles
with 8 = 2 the expected empirical spacing distribution converges to the same
measure i, that we have defined in (23). Moreover, they show a stronger version of
convergence, i.e. the vanishing of the expected Kolmogorov distance

/OS daN(H)—/OS djia

Here oy is defined as the (normalised) counting measure of the nearest neighbour
spacings between 6 ’s. The definition of oy is similar to (8) with the pre-factor
altered to 1/(N — 1) and without the restriction to / in the sum.

In [29] the convergence in (36) is sharpened, proving almost sure convergence,
and generalised to COE (8 = 1), but not to 8 = 4. Moreover, Soshnikov shows in
[29] for both CUE and COE a central limit theorem for spacings. For example, he
proves that the appropriately normalised random variables

i o (2 J=o o

Jo don(H) —Enp (Jy don (H))
VN

converge to a Gaussian process & with E(¢(s)) = 0 and for which E(&(s)&(¢)) can
be expressed in terms of the k-point correlations of (35).

Another interesting result [2, Sect.4.2] concerns the theory of determinantal
point processes. In [2] it is shown that for such point processes with constant
intensities generated by a suitable class of kernels (including in particular the
sine-kernel K») the linear statistics of the empirical spacing distribution converge
almost surely to the linear statistics of w, as the number of considered points tends to
infinity. This result does not deal with the distribution of the eigenvalues of random

En(s) =
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matrices for finite N. Nevertheless, it is conceivable that this result might be useful
for proving the convergence of the empirical spacing distribution.

We now turn to our recent results. We show in [27] that the analogue
version of (36) is valid for orthogonal and symplectic invariant ensembles
satisfying (2) and (4). In fact, we reduce the question of convergence of the expected
Kolmogorov distance of the empirical spacing distribution to the convergence of the
corresponding kernel functions. All information that is needed on the convergence
Ky g — Kg is summarised in the following

Assumption 1. We consider invariant ensembles with joint distribution of the
eigenvalues given by (2) and (4) for B € {1,2,4}. We assume that the limiting
spectral density exists and we choose a, Iy and the rescaling of the eigenvalues
as in Sect. 3.2. We assume that there exists a sequence ky such that ky — 0 for
N — o0, such that for the rescaled (matrix) kernels I%N,,g (see (14) and (19)) we
have

— X y _
KN,ﬁ (a+ Nl/f(a)7a+ Nl/f(a)) —K,g(x,y)-i-ﬁ(KN) 37

uniformly for x,y € Ay.
Our main theorem then reads

Theorem 4 ([27]). Under Assumption I we have
[ doy(H) —f duﬁD o, (38)
0 0

In particular, our theorem covers all invariant ensembles for which the convergence
of Kyg to Kg has been proved using a Riemann-Hilbert approach (see e.g.
Theorems 1 and 2). Observe that our formulation of Theorem 4 also includes all
ensembles for which (37) will be established in the future.

The proof follows the path devised by Katz and Sarnak in [18] for 8 = 2
and extends their methods in two ways. On the one hand, we have to consider the
additional localisation that is needed in our setting. We can use the same methods
as in [18] to express the expected empirical distribution of the spacings in terms
of the rescaled k-point correlation functions Bl(f])( (see (27) and (28)). On the other
hand, we generalise their methods to 8 = 1 and 8 = 4. Here the relation between
the matrix-kernel functions Ky g and the expected empirical spacing distribution is
more involved. Moreover, for § = 4 subtle cancellations have to be used to establish
convergence.

The proof of the main theorem comes in three steps: The first step is the point
wise convergence as shown in Theorem 3. This convergence is well known although

lim E
i P (2

where g is defined through (23).
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it seems that the details have so far only been worked out in the case § = 2
(see e.g. [2,6]). In order to obtain the convergence of

EN’ﬂ(/O dCTN(H)—/O dﬂﬁD (39)

for any given s € R, we bound the variance of f(; dywn(k, H) in the second step.
As stated above, this is the most challenging part in generalising the method of Katz
and Sarnak to 8 = 1, 4. Here we found the representation of the k-point correlation
functions in terms of Ky g as provided in [32] useful. Finally, the desired result is
obtained by controlling the s-dependence of the bound on (39) together with tail
estimates on j1g. Details of the proof can be found in [27].

7 Numerical Results

In addition to the analytical considerations that led to Theorem 4, the work [27]
also contains numerical experiments in MATLAB in order to determine the rate
of convergence in (38). We summarise some of the findings of [27] in the present
section.

We conduct our experiments for the three classical Gaussian ensembles GOE,
GUE, GSE and for general 8-ensembles with 8 € {7,15.5,20}. We also include
real, complex and quaternionic Wigner matrices with i.i.d. entries that are drawn
e.g. from beta, poisson, exponential, uniform or chi-squared distributions. Observe
(see Sect. 3.1) that in all these cases the limiting spectral density ¥ is given by the
Wigner semi-circle law. We may adapt the parameters such that the support of ¥ is
the interval [—1, 1].

A little thought shows that the localisation and rescaling procedure to define doy
(see (8)) will not lead to an optimal and natural rate of convergence. Firstly, the
rate will depend on the number of eigenvalues, i.e. on the length of /5. Secondly,
the linear rescaling (6) is not optimal since the density ¥ is approximated on all
of Iy by the constant ¥ (a). A far better rescaling in this respect (but less suitable
for analytical considerations) is the so-called unfolding, that we explain now. Let
I C [-1,1] = supp(¥) be an interval. Denote by

2 t
F(t) = — / V1-— sz)([_l,l]ds
7T Jo

the distribution function of the semi-circle law. The rescaling is then given by

% = NF(L,).
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551y = 0.4939 + 0.1838

45 u)_,,.‘e’)"

4r e

3.5F o

—log(Ey)

25r

sl ‘ ‘ ‘ ‘ . . ‘
log(N)

Fig. 1 Data set and best linear fit for S-ensemble with § = 4 and I = [—0.5,0.5]

Observe that in an average sense

- - 1
Aivi —Ai & NF'(A)Aiv1 — Ai) =~ Ny (L, )Nl//(k )

The spacing distribution corresponding to the unfolded statistics is given by

1

o

H):= 8 . 5

(H) = Withiel}|-1, ;EI Ait1=Ai
iAi41

We restrict our attention to intervals / = [-0.1;0.1], I = [-0.5;0.5], [ =
[—0.75;0.75] and some non-centred intervals such as I = [0.4; 0.6]

We provide numerical evidence for the claim that the leading asymptotic of the
considered expected Kolmogorov distance is CN ™12, i.e

sER

Ey = EN’/g (sup

for some constant C that depends mildly on the chosen ensemble and on the choice
of 7. In Figs. 1-3 we have plotted y := —log Ey against x := log N. We see in
all three cases that our numerical approximations to y, obtained by Monte Carlo
simulations, cluster impressively close to a straight line

y(x) ~ax +b, ie. Ey~e?N74.

In all our experiments [27] we found a € [0.48;0.53] and b € [—1,0.5], see also
Table 1.

One important issue in the numerical experiments is the approximation of the
liming measures jig resp. their densities pg. For 8 = 1,2, 4 we use the MATLAB
toolbox by Bornemann (cf. [4]) for a fast and precise evaluation of the related gap
probabilities. Then we obtain the limiting densities pg by numerical differentiation.
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55 = 0.5042° - 0.7474
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Fig. 2 Data set and best linear fit for S-ensemble with § = 20 and I = [0.4, 0.6]
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Fig. 3 Data set and best linear fit for real Wigner matrices with unfolded statistics and beta
(2,5)-distributed entries and / = [—0.5, 0.5]

Table 1 Best fit straight lines for 8-ensembles with unfolded statistics

Ensemble Interval 1 Best linear fir

=1 I = [0.7;0.9] y = 0.5077x — 0.9758
=2 = [-0.1;0.1] y = 0.4958x — 0.6325
=4 I [—0.75;0.75] y = 0.4965x + 0.3356
=7 1 =[-0.1;0.1] y = 0.4991x — 0.6357
B =155 1 =[—0.5;0.5] y = 0.4945x + 0.1765
B =20 1 =1[0.4;0.6] y = 0.5042x — 0.7474

For 8 € Ry \ {1,2, 4} no such precise numerical schemes for the evaluation of pg
are available. Instead, we use the generalised Wigner surmise (see [22]), which is
only an approximation to the limiting distribution. One may wonder how one can
test numerically a limiting law without knowing its precise form. Looking at (40)
one notes that the numerics will not detect the replacement of fjoo dug by an
approximation fj oo @ [Lp as long as their deviation is small compared to Ey. As it
turns out, the Wigner surmise approximates the true limiting law well enough to
confirm (40) for the range of N and f that we have tested. Moreover, since in all
our experiments Ey took values below 0.02 we may safely infer that the difference
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between the distribution functions of the Wigner surmise and the true distribution is
less than 0.01 for all values of 8 that we have investigated, i.e. 8 € {7, 15.5,20}.
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Stein’s Method and Central Limit Theorems
for Haar Distributed Orthogonal Matrices:
Some Recent Developments

Michael Stolz

Abstract Inrecent years, Stein’s method of normal approximation has been applied
to Haar distributed orthogonal matrices by several authors. We give an introduction
to the relevant aspects of the method, highlight a few results thus obtained, and
finally argue that the quantitative multivariate central limit theorem for traces
of powers that was recently obtained by Ddobler and the author for the special
orthogonal group remains true for the full orthogonal group.

1 Introduction

The observation that random matrices, picked according to Haar measure from
orthogonal groups of growing dimension, give rise to central limit theorems, dates
back at least to Emile Borel, whose 1905 result on random elements of spheres can
be read as saying that if the upper left entry of a Haar orthogonal n x n matrix is
scaled by /n, it converges to a standard normal distribution as 7 tends to infinity.
See [5] for more historical background. Borel’s observation may be seen as an early
result in random matrix theory, but it must be emphasized that from this point of
view it is rather atypical. In the best known random matrix models, such as the
Gaussian Unitary Ensemble (GUE) or Wigner matrices, the distributions of the
individual matrix entries are either known or subject to certain assumptions, and
one is interested in various global and local features of the eigenvalues of the random
matrix. On the other hand, for Haar orthogonal matrices or, more generally, for Haar
distributed elements of a compact matrix group, properties of the distributions of the
individual entries have to be inferred from the distribution of the matrix as a whole.
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Nevertheless, GUE matrices and Wigner matrices give rise to central limit
theorems in a different way: If M,, is an n x n GUE matrix, say, with (necessarily
real) eigenvalues A1, ..., A,, then the empirical eigenvalue distribution

1 n
Ly = La(My) = =3 8,
j=1

is known to converge to Wigner’s semicircular distribution o in various senses. Then
for suitable real valued test functions f the fluctuation

r(fo e (fom))

tends to a Gaussian limit as n — oo, see, e.g., [17].

This type of question also makes sense for Haar distributed matrices from a
compact group. For the unitary group, the uniform distribution on the unit circle
T of the complex plane replaces the semicircular distribution. If f : T — R is
continuous and of bounded variation, then the fluctuation on the unitary group has
a pointwise expression

n(Ly(f) = ELa())) = Q) + .. 4 fonn) —nf (0) (1)

=Y FTeM)) + Y F()Tr(M).
j=1

Jj=1

This expansion shows that if f is a trigonometric polynomial, a CLT for fluctuations
will be equivalent to a CLT for random vectors of the form

(Tr(M,), Te(M?), ..., Te(M%)).

This CLT was established in the famous paper of Diaconis and Shahshahani [7]
from 1994 that turned traces of powers into a popular subject in the theory of
Haar distributed matrices. It was used as a stepping stone for the treatment of more
general test functions by Diaconis and Evans [6] in 2001.

Diaconis and Shahshahani proved their theorem using the method of moments.
In the orthogonal case, in which the reasoning above remains true with some caveats,
it turned out that the moment

E ((Tr(M,)* (Te(M;)® ... (Tr(M,)*)

actually coincided with the corresponding moment of the Gaussian limit distribution
(to be described in Lemma 4 below) as soon as
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d
2n >k, = Zjaj (2)

J=1

(see [29] for the threshold given here). This led Diaconis to conjecture that the speed
of convergence should be rather fast. Subsequently, only a few years later, Stein [28]
proved superpolynomial, and Johansson [15] finally exponential convergence.
During the last decade several authors, certainly inspired by Stein’s paper,
have turned to the broader approach to normal approximation that bears the name
“Stein’s method” to investigate the speed of convergence in various CLTs for
Haar orthogonals (and Haar distributed elements of other compact matrix groups),
obtaining worse rates of convergence, but a wider range of results. It is the aim
of this survey paper to introduce the relevant techniques, present some results on
the linear combinations and traces of powers problems, and extend the multivariate
traces of powers result from the special orthogonal to the full orthogonal group.

2 Univariate Normal Approximation via Stein’s Method

Consider random variables W and Z, with distributions P and Q, respectively.
A useful recipe to quantify the distance between P and Q is to choose a family %
of test functions and define

dr(P.Q) = Sup [E(R(W)) —E(h(Z2))].

Well-known examples are 77 = {1} | z € R}, giving rise to the Kolmogorov
distance

dw(P, Q) =sup|P(W <z) —P(Z <2)|,
z€R

and 72 = {h : RY - R, Lipschitz with constant < 1}, which defines the
Wasserstein distance.

Stein’s method, developed by Charles Stein since the early 1970s (see [26]),
serves to bound distances of this type. Stein himself developed his method for
normally distributed Z, his student L.H.Y. Chen developed a parallel theory for the
Poisson distribution, see [1] for a monographic treatment. Nowadays, the methods
for normal and Poisson limits are still the best developed instances of Stein’s
approach, but progress has been made on other distributions as well (see, e.g., [3]
and [9]). In accordance with the nature of the limit theorems to be discussed in this
survey, we will focus on the normal case and start with a sketch of the case of a
univariate normal distribution. A much more detailed picture of the fundamentals
(and a lot more) of Stein’s method of normal approximation can be found in the
recent textbook [4].
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Write ¢ for the density of the univariate standard normal distribution. Since ¢ is
strictly positive, for # measurable and E|h(Z)| < oo we may define

1 X
A = s [0~ 6@ e0)
P(x) J-oo
Then it can be verified by partial integration that f, solves the Stein equation

J1(x) = xf (x) + h(x) — E(h(Z)).

For Z a standard normal random variable and W such that #(W) is integrable for
all h € A, this implies that

[E(h(W)) —EMh(Z)| = [E(f; (W) —EW fi(W)). 3)

So to bound the distance, defined by the class .7 of test functions, between the
law of W and the standard normal distribution, which is the law of Z, it suffices
to bound the right hand side of the last equation for all Stein solutions f;, where &
runs over #Z. Note that this right-hand side involves only W, not Z. A crucial fact
to be used in what follows is that estimates on f; and its first and second derivatives
are available that require only little information about /4. To be specific, one has that
if & is absolutely continuous, then

@ N falloo = 2[R |lco-
() 1Sy lloo = v2/7 (1A ]|co-
(iii) 11/} loo = 2[1Aloo-

Actually there are several approaches to bound the right-hand side of (3), see, e.g.,
[23]. The orthogonal group examples will use “exchangeable pairs”, a device that
was introduced by Stein in his monograph [27] of 1986. To illustrate the main ideas
of this variant of the method, we will extract a few steps from an argument that Stein
provided in his book.

An exchangeable pair is a pair (W, W) of random variables, defined on the same
probability space and taking values in the same state space, such that (W, W’) and
(W', W) have the same distribution. An elementary, but crucial, consequence is that

EgW.W')=0

for any antisymmetric function g defined on pairs of elements of the state space.
For concreteness, we assume for now that W and W’ are real-valued. In later
applications they will be elements of a finite dimensional real vector space.

One further condition that has to be imposed on (W, W’) is that there exist 0 <
A < 1 such that

E(W/|W) = (1 — )W.
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This “regression condition” is quite natural in the context of normal approximation,
since it is known to hold if (W, W') has a bivariate normal distribution. Actually, it is
desirable to weaken the condition to the effect that the regression property needs to
hold only approximately, and indeed this may be done, as shown by Rinott and Rotar
in [25]. But for our purely illustrative purposes, we assume the condition as it stands.
Since A is assumed to lie strictly between 0 and 1, W, W’ must be centered, as

EW) =EW') = EEW'|W)) =E((1-1)W) = (1-1EW).
Making the specific choice

glx,y) = (x—=y)(f(x)+ f(»)

of an antisymmetric function, where f is a function that will be specialized to a
Stein solution later on, one obtains that

0=E(W -W)(fW)+ f(W)
=E((W = W)H(f(W') = f(W)) + 2E(W — W) f(W))
=E((W = W)(f (W) = f(W)) + 2E(f(W)E((W — W)|W))
=E((W = W)H(f(W') = f(W)) + 2AE(Wf(W)).

From this one concludes that

E(WfW)) = %E((W - WH(fW) = fW')

1

r pW
= E _/W/ W —W')f (t)dt:|

1 [ 0 ! !
= ;B _/_(W_W/) W +DW-—W )dt:|

21

= LIE / fw+ Z)K(t)dti| .
| /R
where

K@) = (W =W (Li—w—w<i<oy — Lio<tr<—w—w")}) -

On the other hand, a similar argument yields

’ _ ’ 1 ’ 1 ’
BN = E| 7001 = 380 = w4 2| [ ronkoal.
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Assume / Lipschitz with minimal constant ||/’ ||, and choose the Stein solution f;,
in the place of f. Then it follows from the above that

[E(h(W)) —E(h(Z))| = [E(f; (W) —EWf1(W))|

IA

E

iow) (1= g = wm )
+ %IE [/R | (W) = fl (W + t)|K(t)dt} )
Observing that
|/ W) = OV + D1 < 1y lloolt] < 2017 oo 2]
and recalling the bound
I filloo < 2/m) IR lloo
on the solutions of Stein’s equation, one finally arrives at a bound

[E(h(W)-EM"(Z))|

17" ]l oo

E(W —W']%).
0 (I I”)

2 l 1 N2
< 28l B |1 - 3w W] +

Since this bound in particular holds for all 1-Lipschitz functions /, this means that
the Wasserstein distance between the distribution of W and the standard normal law
has been bounded from above by the expression

2 1 N2 1 73
nEﬂl ZA]E((W W) |W)‘:|+2/\ E(W — W'P). “)
This is a crude version of a bound. In the proofs of the orthogonal group results to
be presented in what follows, more elaborate results will be required. In particular,
in a situation which exhibits continuous rather than discrete symmetries, such as
in a Lie group context, it may be an advantage to consider a continuous family
of exchangeable pairs simultaneously, yielding theorems of the type given in
Proposition 1 below. Nonetheless, the proof of the present crude version illustrates
how the exchangeability condition and the regression condition fit together.

It should be noted that there is no guarantee at all that (4) will yield a reasonable
bound. The true challenge is to find an exchangeable pair such that the moments of
W — W’ which appear in (4) get small in the relevant limit, satisfying a regression
condition for which A does not become too small in this limit.
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3 Stein’s Method in the Multivariate Case

Against the backdrop of the sketch of univariate normal approximation that has been
provided above, it does not seem straightforward to extend Stein’s approach to the
multivariate case. For instance, it is not obvious which differential operator should
be used to construct a Stein equation. The most popular choice is the Ornstein-
Uhlenbeck (OU) generator L = A — x - V. To see that it serves this purpose, denote
by (T;) the operator semigroup corresponding to the OU process in RY, and by vy
the d -dimensional standard normal distribution. It is known that the OU process is
stationary w.r.t. v;. Hence, for f from a suitable class of test functions, one has that

d

z / Tfdvg = 0.
hence

/Lfdl)d =0.

This observation was exploited by Gotze [13] in 1991 in his treatment of the
multivariate CLT in euclidean space. On the other hand, a multivariate version of
the exchangeable pairs method is only a recent achievement. The handy version that
will be presented below, due to E. Meckes [20], builds upon her previous joint work
with Chatterjee [2] from 2008 as well as on a paper of Reinert and Rollin [24] that
appeared in 2009.

For a vector x € RY let ||x|, denote its euclidean norm induced by the
standard scalar product on R¢ that will be denoted by (-,-). For A, B € R4k let
(A, B)us := Tr(AT B) = Te(BT A) = Tr(ABT) = Y| Y°5_ ay;bi; be the usual
Hilbert-Schmidt scalar product on R?** and denote by || - ||us the corresponding
norm. For random matrices M,,, M € R¥*?_defined on a common probability space
(22, o/, P), we will say that M, converges to M in L!(|| - ||lus) if ||M, — M ||us
converges to 0 in L! ().

For A € R¥*? Jet |Allop denote the operator norm induced by the euclidean
norm, i.e., | A]lop = sup{||Ax|> : [x]> = 1}. We now state a multivariate normal
approximation theorem, due to E. Meckes ([20, Theorem 4]) that has been used
in [10] to treat the multivariate CLT for traces of powers of Haar orthogonals. Z =
(Z1,...,Z4)7 denotes a standard d -dimensional normal random vector, X € Rdxd
a positive definite matrix and Z s := X''/2Z with distribution N(0, X).

Proposition 1. Let W, W,(t > 0) be R?-valued L>(P) random vectors on the
same probability space (§2, o/ ,P) such that for any t > 0 the pair (W, W,) is
exchangeable. Suppose there exist an invertible non-random matrix A, a positive
definite matrix X, a random vector R = (Ry, ..., Rq)T, a random d x d-matrix
S, a sub-o-field F of <7 such that W is measurable w.r.t. % and a non-vanishing
deterministic function s : )0, co[— R such that the following three conditions are
satisfied:
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(t)]E[ _WF] 2 AW + Rin L' (P). (i)
%EKW, YW~ WY F] V24T S in L (|- lws). i)
tlg)l(l) EE [HWr w3 l{lth—WII§>s}] = 0 for each € > 0. (iif)

Then

_ 1 _
dy (W, Z5) < 14" oo (]E[IIRIIz]JrEIIE vy E[nSuHs]). ®)

It should be remarked that the more complete statement of this theorem given in
[20, Theorem 4] also treats the case that X' is only positive semidefinite.

4 Exchangeable Pairs and Quantitative Borel Type
Theorems

As mentioned in the introduction, the historical precursor of CLTs for Haar
distributed orthogonal matrices is Borel’s result about the first coordinate of a
random unit vector in euclidean space. This result is a special case (for A
specialized to a matrix with 1 in the (1, 1) coordinate and 0 elsewhere) of the
following result, due to D’ Aristotile, Diaconis, and Newman [5]:

Theorem 1. For n € N choose (deterministic) A" e R™ such that
Tr(A™(A™Y) = n and let M,, € O, be distributed according to Haar measure.
Then Tr(A™ M,)) converges in distribution to N(0, 1) as n tends to infinity.

Quantitative versions of this result, both with a rate of order —1 in total variation
distance and with only slightly different constants, have been proven by E. Meckes
in [19] and by Fulman and Réllin in [12]. In both papers the method of exchangeable
pairs is applied, but the specific exchangeable pairs are quite different. Meckes uses
a family (W, W;), where W = Tr(AM) and W, = Tr(AM_..) Here, for any € > 0,
the matrix M, is defined by M, = HB. H TM, where H is a Haar orthogonal

independent of M, and

V1 —e? €
—J1—-€2 0
B, = 1
0



Stein’s Method and Central Limit Theorems for Haar Distributed Orthogonal . . . 81

Fulman and Réllin, on the other hand, obtain a family (Tr(A M), Tr(AM;)) (t >0)
of exchangeable pairs from a Brownian motion on O, that is started in Haar
measure, which is the stationary distribution of this process. This construction will
be explained more carefully below in the context of the multivariate CLT for traces
of powers.

5 Exchangeable Pairs and Vectors of Traces of Powers

Let M = M, be distributed according to Haar measure on K,, = SO,, or K,, = O,,.
Ford e N,r = 1,...,d, consider the r-dimensional real random vector

W= W(d,r.n):= (fa—r+1(M), fa—ry2(M), ..., fa(M)),
where

Tr(M7), j odd,

(M) =
Ji(M) {Tr(Mj)—l, j even

Theorem 2. If K, = SO, andn > 4d + 1 or K, = O, and n > 2d, the
Wasserstein distance between W and Z 5 is

7/2
max{m’ d - r)3/2ﬁ}

n

dy(W,.Z5) =0

(6)
In particular, for r = d we have
d7/2
dew.z5)=0(%=).
n
and forr =1
d3/2
dyW,Zx) =0 (—) .
n
If1 <r=lcd] for0<c <1, then
d2
dy(W,Zg) =0 (—) .
n

For the special orthogonal group this result is proven in [10] (where the conditions
on 7 in the special orthogonal and symplectic cases have been interchanged in the
statement of the main result). The main steps of this proof will be indicated in Sect. 6
below, where it will also be shown how to adapt this strategy of proof to O,, in the
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place of SO,,. The univariate version of this theorem, including the construction of
the exchangeable pair that will be explained below, is due to Fulman [11].

Remark 1. In the case of a single fixed power, the rate of convergence in Theorem 2
is clearly significantly worse than the exponential rate that was obtained by
Johansson [15] in the context of limit theorems for Toeplitz determinants. The merit
of Theorem 2 may be seen in the fact that it is multivariate and that the powers under
consideration may grow with n. That the latter property yields practical benefits is
demonstrated by Dobler and the author in [8]. There this property is used to prove,
actually in the case of the unitary group, that the fluctuation of the linear eigenvalue
statistic in (1) will converge to a normal limit with a rate of O(n~(=9) for any € > 0
if the test function f is of class C*°.

6 On the Proof of the Multivariate Traces of Powers Result

The aim of this section is to summarize the main steps of the proof of Theorem 2, as
provided in [10], for the special orthogonal group, and indicate how this argument
can be supplemented to yield a proof of the full orthogonal case.

The overall strategy is to apply Proposition 1 to the traces of powers problem.
To do so, one has to find a suitable family of exchangeable pairs. The following
construction has been proposed by Fulman in [11] to treat the univariate case. See
[14, Sect. V.4] for the relevant facts about diffusions on manifolds.

Let (M,);>0 be Brownian motion on the compact connected Lie group K =
SO,, started in the Haar measure Ax on K, which is known to be its stationary
distribution. What is more, (M,) is reversible w.r.t. A¢. In particular, for any ¢ > 0
and measurable f, (f(Mo), f(M,)) is an exchangeable pair. Let (7});5¢ be the
associated semigroup of transition operators on C2(K) corresponding to (M,). Its
infinitesimal generator is the Laplace-Beltrami operator A, and the map (¢, g) —
(T; f)(g) satisfies the heat equation on K. Hence

d
L@ ="nfe+t o T, f(g) + O
t=0

= f(8) +1(Af)(g) + O, (7)
and basic Markov process theory yields an expansion that will be useful to establish

the regression property that is fundamental for applying the method of exchangeable
pairs:

E[f(M)|Mo] = (T; f)(Mo) = f(My) + 1(Af)(My) + O(?). (8)

To study traces of powers within this framework, it is useful to express them
via power sum symmetric polynomials. To this end, consider g € C"™" with
eigenvalues cy, .. ., ¢, (with multiplicities). Then
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Tr(g¥) = c{‘ + ...+ c,’f,
i.e., the power sum symmetric polynomial p; = X {‘ + ...+ X,’f evaluated at

(c1y...,¢cy) € C". As py is symmetric in its arguments, we may unambiguously
consider py as a function on C"*". For k,[ € N we write

pri(g) == pr(g)pi(g) = Tr(g")Tr(g"),

which is but a special instance of the general definition of power sum symmetric
polynomials, as in [18]. Recalling the notation introduced in Sect. 5, we have that

O
Setting
W= (fa—r1(M), fa—r2(M), ... fa(M))
and

W, = (fd—r-i-l(Mt)s fd—r+2(Mt)s ERR) fd(Mt))v

we see from the discussion above that for any ¢+ > O the pair (W, W,) is
exchangeable.

We will have to verify that this family of exchangeable pairs satisfies the
regression property in the refined form of (i), (if) from Proposition 1. Obviously,
the expansion (8) may be used to this end, as soon as one is able to describe the
action of the Laplacian on the polynomials p; in an explicit way. Fortunately, such
formulae are available from work of Rains [22] and Lévy [16]. The latter reference
provides a conceptual account of how they follow from an extension of Schur-Weyl
duality to the universal enveloging algebra of the Lie algebra of K, hence to invariant
differential operators on K. In concrete terms, we have the following lemma:

Lemma 1. For the Laplacian Asp, on SOy,

(n—l) I, s
Aso,pj = — j_zz 1j—1 + Ezpﬂ—j- @
=1 1

j—1
(=1 +k) J X k
Aso, pjk = T 5, PikTy Dk Zpl,;’—l 3P Zpl,k—l
I=1 =1
(i)
j j—1 k—1
—jkak + 5 Dk Zp;—zz + 5 pPj ZPk—ZI +jkpj—k‘
I=1 =1
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The expansion (8) and Lemma 1 make it possible to identify the vector R and the
matrices A and S in Proposition 1. By way of illustration, one may argue as follows:

Lemma?2. Forall j =d—r+1,...,d

E[W,,,-—Wﬂw=E[f,-(M,)—fj(M>|M1=r-( CED sy + s +0(z))
where
j j— j]
Rf:‘z pri—1(M) + EZ 2—j (M) if j is odd,
_1 . ] . ]
R = — (n )J _% prj—1(M) + %Z pa—; (M) if j is even.

Proof. First observe that always f;(M,) — f;(M) = p;(M,;) — p; (M), no matter
what the parity of j is. By (8) and Lemma 1

Elp; (M) — pj(M)|M] = t(Ap;)(M) + O(r*)

(n=1j J
=t| =5 pi(M) - 52 pri-1(M)

[\)|\..

i=
Z pai- j(M)) +0(1%),

and the claim follows from the definition of f] in the even and odd cases. O

From Lemma 2 and the compactness of the group K we conclude

1
7E[W, W|M] —AW + R almost surely and in L' (P) ,

where A = diag(("_%, j=d-r+ 1,...,d) and R = (Rg—r41,....Ry)T.
Thus, Condition (i) of Proposition 1 is satisfied, and we have identified A and R.
The verification of (ii), and identification of X' and S, is based on the following
lemma, which is proven along the same lines as Lemma 2.

Lemma 3. Forall j,k=d—r+1,...,d

El(p; (M) — pj (M) (pi(My) = pe(M))|M] = 1 (jkp; (M) — jkp ; 4 (M) + O(t?).

With Lemma 3 in hand, we obtain that
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SE[W, — W) Wose = Wi lM] = SB{(f; (M)~ £ (M) (e (My) ~ fi(M))|M]

1
= ;E[(Pj (M) — p;(M))(pr(M;) — pi(M))|M]
= jkp; (M) — jkp; 1, (M) + O(1%)

t—0 . .
— jkp;_ (M) —jkp; 1 (M) a.s. and in L' (P),

forall j,k = 1,...,d.Noting that for j = k the last expressionis j*n—j2p; (M)
and that 2AY = diag((n — 1)j>, j =d —r + 1,...,d) we see that Condition
(ii) of Proposition 1 is satisfied with the matrices ¥ = diag(d —r +1,...,d) and
S = (Sjk)jk=d—r+1...a given by

s, = )= P2y (M), j=k
Jk =3, ) .
Jkpj (M) — jkp; 1 (M), ] # k.

To proceed further, i.e., to verify Condition (iii) of Proposition 1 and bound the right
hand side of (5), one has to be able to integrate products of traces of powers with
respect to Haar measure. Such formulae are available from the moment-based proof
of the CLT for vectors of traces of powers given by Diaconis and Shahshahani in
[7], and subsequent work. A version for the special orthogonal group, due to Pastur
and Vasilchuk [21], is as follows:

Lemmad. I[f M = M, is a Haar-distributed element of SO,, n — 1 > k,,
Z1,...,Z, iid real standard normals, then

E( [Ty s | =B [[Wizi+np4 | =[] LG, O
j=1

j=1 Jj=1
where

1 ifaj =0,

if ja; isodd,a; > 1,

if jisoddand a; is even,a; > 2,
L4+ YL jd(@)@d — )11if j iseven,a; > 1.

. )0
Ja(j) = j“./‘/z(aj —-nn

Here we have used the notations 2m — )!' = Cm —1)2m —=3)-...-3-1,

1, if j is even,

k, = ia;, d = o
¢ Z]a’ and 1 0, if j is odd.

Jj=1
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Using Lemma 4, it is tedious, but straightforward, to complete the proof of
Theorem 2 in the special orthogonal case.

It should be evident from this sketch that an extension of Theorem 2 to the full
orthogonal group will be proven once one has extended the construction of the
exchangeable pair in a way that preserves the expansion (8), and verified the validity
of Lemma 1 for the full orthogonal group. Lemma 4 for the full orthogonal group is
due to Diaconis and Shahshahani [7], and the condition on n can be even weakened
to 2n > k, as a consequence of the invariant-theoretic proof given in [29] (which
does not directly carry over to the special orthogonal group).

In a nutshell, the arguments involving the Laplacian extend to the full orthogonal
group because the special orthogonal group is the connected component of the full
orthogonal group that contains the identity. Consequently, both groups share the
same Lie algebra, and the action of one-parameter semigroups, hence of differential
operators, can be extended from SO, to O, in a canonical way. Although this has
already been briefly discussed by Fulman and Réllin [12] in the context of linear
functions of matrix entries, it is perhaps useful to close this survey by expanding a
bit on this argument in the present situation.

The full orthogonal group has two connected components, consisting of orthog-
onal matrices of determinant 1 and —1, respectively. Writing J for the diagonal
matrix diag(—1,1,1,..., 1), the connected components of the group K := O, are
the cosets K+ := SO, and K_ := JSO,. For any f € C(K) denote by fi €
C(K4+) and f_ € C(K-) its restrictions to K4 and K_, respectively. Then we may
extend the family (7;) of transition operators from C(K 1) to C(K) by requiring that
for f € C(K) there hold (T; f)+ = T;(f+) and (T, f)— = T;(f= o 1s) 0 75, where
7y is the left translation (x +— Jx). To verify that the process that corresponds
to the extended semigroup is reversible w.r.t. Haar measure, one deduces from the
invariance of Haar measure under translations and from reversibiliy of the process
on the special orthogonal group that for f, g € C(K) one has

/ (T f)—(x) g—(x) Ax(dx) = / (T(f- 0 21)) 0 7)(x) g-(x) Ax (@)
K_ K_
_ / Lk, () (T (f- 0 7)) g—(x) Ax(dv)
— [ @ 0w g9 2xy
K+
— [ (fot)() Ti(g 0 t/)(x) Ax (@)
K+

- /K Fo() (Tu(g— 0 71)) 0 1) (¥) Ax (d)

- /K Fo() (Tyg)—(x) Ag (d),
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Since a Laplacian is invariant under translations, the action of A = Ag, on C*(K)
in particular satisfies

A(fory) =(Af)ory. (10)

So we have that for any x € K_

d d
2 1)) = 2 Ti(f~ 0 ) (Ux) = A(f- 0 7)) (x) = A(f)(x).

That Lemma 1 extends to the full orthogonal group is a direct consequence of (10).
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Part 11
Iterated Random Functions



Large Deviation Tail Estimates and Related
Limit Laws for Stochastic Fixed Point Equations

Jeffrey F. Collamore and Anand N. Vidyashankar

Abstract We study the forward and backward recursions generated by a stochastic

fixed point equation (SFPE) of the form V' L4 max{V, D}+ B, where (4, B, D) €
(0,00) x R, for both the stationary and explosive cases. In the stationary case
(when E[log A] < 0), we present results concerning the precise tail asymptotics
for the random variable V' satisfying this SFPE. In the explosive case (when
E[log A] > 0), we establish a central limit theorem for the forward recursion
generated by the SFPE, namely the process V,, = A, max{V,_y, D,} + B,, where
{(Ay, By, Dy) : n € Z4} is an ii.d. sequence of random variables. Next, we
consider recursions where the driving sequence of vectors, {(4,, B,,D,) : n €
Z4}, is modulated by a Markov chain in general state space. We demonstrate an
asymmetry between the forward and backward recursions and develop techniques
for estimating the exceedance probability. In the process, we establish an interesting
connection between the regularity properties of {V,} and the recurrence properties
of an associated £-shifted Markov chain. We illustrate these ideas with several
examples.
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1 Introduction

In this article, we consider stochastic fixed point equations (SFPE) of the form

v < rw), (1)

where f is a known random function and V' is an unknown random variable in
R, independent of f. Such equations arise in a variety of applications, ranging
from collective risk theory, queuing theory, financial time series modeling, and life
insurance mathematics, to problems in branching processes and computer science.
In these applications, it is often of interest to describe the tail behavior of the random
variable V in (1).

Early work on this problem can be traced to the celebrated paper of Kesten [22],
who considered the linear recursion

VLAV +B, (A B)eR? 2)

in a higher dimensional setting, and applied the results to describe the tail behavior
of certain martingale limits that arise in multi-type branching processes in random
environments. In this context, he showed that if E [log A] < 0 (hereafter referred to
as the stationary case) and appropriate regularity conditions are satisfied, then

P{V>ul~Cu™® as u— oo, 3)

where £ is the nonzero solution to the equation E[A%] = 1. This result was later
extended in R! to more general recursions by Goldie [19]; see Sect. 2.1 below.

Identifying and characterizing the constant C in (3) is much more of a delicate
affair compared to the problem of characterizing £&. While & only depends on the
multiplicative factor A of the given recursion, the value of the constant C depends
on the pair (A, B) in (2) or, more generally, on the function f in (1). For the linear
recursion (2), a nonrigorous approach—following earlier work by Yakin and Pollak
[34] on likelihood ratio testing and sequential change point problems in statistics—
was suggested in [32]. Quite recently, a rigorous solution was provided in [17] for
the linear recursion (2) and independent random variables A and B using a coupling
argument. A rigorous probabilistic solution—which holds for a general class that
subsumes the models considered in Goldie [19]—was recently developed by the
authors in [9].

In this article, we begin by giving a characterization of the constant C in the

stationary case for the SFPE V' Ly max{V, D} 4+ B and its extension to random
maps. Next, we study the forward recursion V,, := A, max{V,—;, D,} + B, in
the explosive case; that is, when E [log A] > 0. We show that (V,,/P,) — # as
n — oo w.p. 1 for a certain random variable P, and establish a central limit theorem
for V,. Finally, we provide a nontrivial extension of the results in [9] to the Markov
case; that is, the case when {(4,, B,,D,) : n = 1,2,...} is a Markov sequence
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and V,, := A, max{V,_1, D,,} + B, (or a related backward recursion as described
in Sects.2.1 and 3.1 below). While Markovian extensions of Goldie’s [19] result
have been considered in [30] for the linear recursion (2) and in [8] for a wider
class of backward recursions, a unified treatment encompassing an estimate for the
pair (C, £) has not been systematically given. Here we present a unified approach,
which builds upon work developed by the authors in [9] and earlier work of one
of the authors in [8]. A key idea that facilitates this unification is the observation
that, if the sequence {(A4,, B,) : n = 1,2,...} possesses a regenerative structure,
then the process {V, : n = 0,1,...} inherits this regenerative property and the
original forward recursion of the SFPE can be expressed as a forward recursion of
another SFPE (but belonging to the same class of SFPEs under investigation); i.e., a
forward recursion with a different driving sequence. A similar result also holds for
the case of backward sequences. Expectedly, the driving sequence will now involve
the regeneration times of the modulating Markov sequence.

We illustrate our results with a variety of examples drawn from insurance,
financial mathematics, branching processes, and statistical inference.

2 Recursions Driven by i.i.d. Sequences

2.1 The Stationary Case
Our starting point is the SFPE

VL rW)=F V), )

where Fy(V) = F(V,Y) for some deterministic function F : R x R — R,
assumed throughout the article to be measurable and to be continuous in its first
component. In this representation, the random function f is determined by an
environmental random vector ¥ and independent of V. Moreover, we implicitly
assume the shape condition

Fy(v) = Av+o0(v) as. as v — oo, 5)

where A takes values on the positive real axis. In the following discussion, we will
assume without loss of generality that Y = (log A4, Y’) for some Y’ € R~

To assure that (4) has a stationary solution, we need the multiplicative factor
A in (5) to be contracting; that is, E[log A] < 0. Let A(e) := E[A%] and
A(a) = logA(x) denote the moment generating function and the cumulant
generating function of the random variable (r.v.) log A, respectively, where o € R.
Also, let 14 denote the probability distribution of A. For any function g, let dom(g)
denote the domain of g. We assume

E[Af] =1, forsome £ € (0,00) Ndom A’. (6)
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To determine the tail behavior of V', one approach is to observe that the SFPE (4)
induces a renewal equation. Namely,

PV > e} = efv{P{V > eV —P{AV > e”}}+e5v / P{V > "™} py(dv).
R

Hence, setting Z(v) = ef'P{V > e} and z(v) equal to the first term on the right-
hand side of the previous equation, we obtain that

Z(v) =z(v) + Z * pag(v), where pue(dx) = eéqu(dx), (7

which is closely related to the renewal equation. Thus, if we knew that the function
z were directly Riemann integrable, then the renewal theorem could be invoked
to obtain that Z(v) — C as v — oo and, consequently, P{V > u} ~ Cu~¢ as
u — 00.

Typically, it is impossible to verify that z is directly Riemann integrable.
However, this assumption can be avoided by using a smoothing argument introduced
in [19]. This techniques yields the following very general theorem, proved by Goldie
([19], Theorem 2.3), building upon the previous work of Kesten [22].

Theorem 1. Assume that there exists a nonnegative random variable A which is
nonarithmetic and satisfies (6), and assume that

E H(f(V)+)E — ((AV)*’)EH < 0.

Then
1_i>rgou$P{V>u}=C, (8)
where
_ 1 3 §
€= g lUmD = (@], ®

While this estimate is easily obtained from the renewal theorem under weak
assumptions, this approach has certain limitations. For instance, it is not possible to
establish the finiteness and positivity of the constant C without further assumptions.
Furthermore, the expression for C in (9) is defined in terms of V' and, thus, is
not particularly fruitful in practical problems. A useful characterization in terms
of the forward process {V,} in (10) below would, in particular, facilitate statistical
inference and numerical procedures such as importance sampling.

To address the above difficulties associated with (9), an alternative approach was
recently developed in Collamore and Vidyashankar [9]. This approach is based on
the observation that the process V,, := Fy, (V,,—1) (obtained via forward iterations of
the SFPE, see below) is Markovian and behaves like a multiplicative random walk
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for large values of V,,_;. Thus, we may use nonlinear renewal theory to characterize
this process for “large” V,,_, and then adapt methods from Markov chain theory to
quantify the discrepancy between these two processes.

To describe this approach, we first need to introduce the forward and backward
sequences generated by a given SFPE. Let {Y,, : n = 1,2, ...} be an i.i.d. sequence
having the same probability law as Y in (4). The forward sequence {V,} is defined
by

Vo,(v) = Fy,0oFy,_,0---0Fy,(v), n=12,..., Vo=v; (10)
while the backward sequence {Z,} is defined by
Z,(z) =Fy,0oFy,0---0Fy (2, n=12,..., Zy=z (11)

The Furstenberg-Letac principle states that—although the sample paths of the
forward and backward sequences are manifestly different—the forward sequence
converges in distribution to a random variable V' provided that the backward
sequence converges a.s. to a random variable Z and is independent of the initial
value; furthermore, the distributions of V' and Z are the same [18,23]. This leads to
the issue of determining which sequence—the forward or backward sequence—is
more amenable for analysis, and this, of course, is problem-dependent. In Collamore
and Vidyashankar [9], it is suggested that the forward sequence is preferable for
understanding the tail behavior of V' described by Theorem 1, and this approach
also appears advantageous for the Monte Carlo simulation of these probabilities
(cf. [10]). Generally speaking, the advantage of the forward sequence is that this
process is a recurrent Markov chain and hence has useful ergodic properties (while
the backward sequence converges a.s., which is useful when analytic, rather than
probabilistic, methods are employed).

We now specialize to the quasi-linear recursion

VL F(V), Fy(v)= Amax{v, D} + B, (12)

where Y = (log A,B,D) € R3. This SFPE is often called “Letac’s Model E”
and, as we will see in Sect. 2.3, has wide applied relevance. This class of models is
roughly equivalent to the class considered by Goldie in [19].

First introduce the following regularity conditions.

Hypotheses:

(Hp) The random variable A has an absolutely continuous component with respect
to Lebesgue measure with a nontrivial density in a neighborhood of R.

(Hy) A(§) = 0 for some & € (0, 00) N dom (A”).

(H,) E[|B|f] < co and E[ (4| D|)* ] < oo.

(H3) P{A>1,B>0}>00rP{A>1,B>0,D >0} >0.
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Let Py denote the transition kernel of {V},}. Also, let ZZ(R?) denote the Borel
sets on R?, d > 1. Then under Hypotheses (Hy), (H;), and (H>), the forward
process {V,} is a Markov chain satisfying the minorization condition

Sy (W)v(E) < Py(v, E), veR, EeBR), (A)

where § is a positive constant, 4 a nontrivial set in R, and v a probability measure;
see [9], Lemma 5.1. Hence by a classical result of Athreya and Ney [4] and
Nummelin [28], it follows that the forward process {V,,} admits a regeneration
structure. More precisely, we can find a sequence of independent times 0 < Ty <
Ti < --- such that:

(i) 1 :=T; —T;—; is ani.i.d. sequence, i € Z4;
Gi) {Vr,_,,..., Vr,—1} form independent blocks, i € Z4;
(iii) Vr, ~ v, independent of its past.

Let t denote a typical regeneration time, that is to say, the first regeneration time

assuming that regeneration has occurred at time zero. Then by Nummelin [29],
p. 75, it follows as a consequence of the regeneration lemma that

E[N.]

P{V > u} = E[r]

—1
. where Ny := ) Luoo)(Va)- (13)
=0

In particular, N, counts the number of exceedances of {V,} occurring over a
single regeneration cycle, and this number tends to zero as u — co. Thus {N, > u}
is a rare event, and quantifying E [N,] for large u is a large deviation problem. It
is natural to characterize this probability using a change of measure of the driving
sequence {Y,} in (12).

Let u denote the probability law of Y = (log A, B, D), and let £ be given as in
(6), and define

pelE) = [ dutry.a). E € A (14)
E

Then p is itself a probability measure and, with respect to this measure, we easily
obtain that the process {V,,} is transient ([9], Lemma 5.2). Set ., = inf{n : Y,, > u},
and consider the dual change of measure:

E(log AnaBnyDn):{Hé fOf}’l:l,...,%v (15)

u  forn> 7,

Let Ep[-] denote the expectation with respect to this dual measure and E¢[-] denote
the expectation with respect to jig.

To estimate Ep[N,], it is helpful to observe that this expectation splits into two
parts, one describing the “short term” behavior over a regeneration cycle, and the
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other describing the “long term” behavior. By Collamore and Vidyashankar [9],
Proposition 6.1, conditional on V5 ~ v, we have that as u — oo,

_ Ve \
E[N,] ~E¢ [Wilpeoy| -4 *Ep Nu( u) , (16)

where W = lim,—oo V, /(A1 -+ A,). It is worth noting that in a wide variety of
examples, including all of the examples in Sect. 2.3 below, the random variable W
reduces to the perpetuity sequence

B B,
W=V,+—
0+A1+A1A2

+ - )

which, in (16), is killed upon regeneration of the transient process {V, }.

Notice that under the shape condition (5), the process {V,} resembles a multi-
plicative random walk when this process is far away from the origin. Moreover, the
exceedance probabilities for the multiplicative random walk are well-known from
classical risk theory (cf. [2]) and for perturbed random walks from nonlinear renewal
theory (cf. [33]). Trivially, in (16),

(Vr,/u)™ = exp {—£ (log V1, — logu)},

where the exponent on the right-hand side describes the overjump of the perturbed
random walk {log(V,, Vv 1)} over a barrier at level logu. Consequently, using
extensions of results from [33], the second quantity on the right-hand side of (16)
can be identified, as u — oo, as u‘EE[Nu*], where N,* denotes the number of
exceedances above level log u which occur for the random walk S, = >/_, log 4;
over its regeneration cycle, that is to say, over a cycle starting at the origin and
continuing until time t* = inf{n : S, < 0}. Thus, the first term on the right of (16)
describes the discrepancy between the decay constant arising for the process {V,}
and that arising for the corresponding multiplicative random walk.

To make these ideas rigorous, set Ap = 1 and By ~ v (where v is given as in
(A)). Now define the perpetuity sequence associated with {V,,} by

n

B;
2P =Y G =0, (17)

and define the conjugate sequence associated with {V,} by

n k—
D
Z© =min{ ZP, 0, /\ > : Z . (18)
N2y Ao Ar
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It is easily seen that both of these quantities are backward sequences in the sense of
(11); specifically, (17), resp. (18) are generated by the recursions

%) v, B ©_1 . [ B
FYp (U):Z+Z and FY :Zmln{D,v}—i-Z,
where Dvo := —Bp and Dv,- = —A;D; — B; fori =1,2,....

Our main result in this section is the following:

Theorem 2. Assume (12), and suppose that (Hy), (Hy), (H), and (H3) are
satisfied. Then

lim W¥P{V >u}=C (19)
u—>00

for a finite positive constant C. Moreover, C = lim,_,oo Cy,, where

1 onH\¢
G = WEE [((Z;P) - Z\) ) 1{r>n}} : (20)

andR,, .= C —C, =o0(e™ ") as n — o0, for some € > 0.

For the proof of Theorem 2, see [9]. In particular, nonnegativity of the constant
follows immediately from (H3) and the fact that zero is contained in the collection
minimized on the right-hand side of (18).

As demonstrated in [9], this method generalizes to a number of related problems.
For example, it is shown that the method yields a useful upper bound, akin
to the Lundberg inequality from insurance mathematics. Moreover, the method
provides a simple characterization for the extremal index of {V} (thus producing a
considerable simplification of that developed for the special case of the ARCH(1)
process in [15]). For details, see [9], Sect. 2.3.

Finally, the results can be generalized to a wider class of SFPEs. The main
assumptions needed are the presence of a cancellation condition, namely

Amax{v, D*} + B* < f(v) < Amax{v,D} + B,
together with the Lipschitz condition

|f() = fW)| _

L, Ellog L] <0,
vFEW IU - W|

where the approximating Letac models appearing in the cancellation condition are
assumed to satisfy (Hy)—(H3). Then we obtain a complete analog of Theorem 2,
although the constant C is now expressed recursively and hence does not assume a
simple analytical form. For details, see [9], Sect.2.4.
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2.2 The Explosive Case

While the previous section was concerned with the stationary case, namely when
E[log A] < 0, in this section we present new results for the case E [log A] > 0.
Note by Jensen’s inequality that E[A] > 1, and by the non-degeneracy of A it
follows that E [A] > 1. Our first result concerns the distributional behavior of log V,,
when 1 < E [A] < oco. In the following, we denote the variance of a random variable
A by Var(A).

Theorem 3. Let {V,} denote the forward process generated by Letac’s Model E, as
given in (10) and (12). Further assume that E[log(|B|/A)] < oo, E [log |D|] < oo,
and E [log A] > 0. Then:

(i) Vy, diverges to infinity w.p. I.

(i) Setting n = E[log A], 0* = Var(log A), and %, = n~20~{log(V,) — nu},
then {%,} converges in distribution to a standard normal distribution as n —
0.

Proof. Using the forward recursion, we can express V,, as follows:

Vi=(A;---Ay) max {J1,, Jou}, @D
where
n
B;
Jin = oA
L Z Ay A;
i=0

and

n n
B; Dy
Jon = » +
2, \/[ Ay A Al"'Ak—l:|

k=1 Li=k

n
\/lbﬁk-
k=1

Now, by taking logarithms on both sides of (21), we get that

g = Zi=(log 4j — ) | logmax{Jin, Jon}
n Jno Vno |

It is worthwhile to notice that the second term is well-defined since, by our
assumptions, V, > 0 and []_; A; > 0. To complete the proof, we need to show
that the second term converges to zero in probability.

To this end, we begin by noticing that

(22)

n

B; 1
Jin = _ . 23
b iz:; A Ay A 9
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Under our assumptions, J;, is a perpetuity generated by the driving sequence
(B/A,1/A). Also E[log (1/A)] < 0. Hence J; , converges to J; o With probability
one, by Theorem 1.3 of [1]. Furthermore, the random variable J; o, does not have
an atom at zero. Next consider the term J; ,. To this end, notice that

L o\ Bl | Dkl
Jz,n,k S Jz’n’k = Z: Al ...Ai + Al ---Ak_l

o0 o0
| Bi| | Di|
< + =J,

i=1 !
where J < oo w.p. 1 by another application of Theorem 1.3 in [1]. Then

sup Jr, < J. 24)

n€ly

One can strengthen this bound to a convergence result for J, , by utilizing

max {Joux —Jr00k} =0 w.p.l. (25)

1<k<n

That is, using standard arguments, one can show that J,, converges to J, oo W.p. 1,
where J3 oo = maxy Jy x and J, o does not have an atom at 0. Thus it follows that

logmax {J1,, Jan}

i SRR 0 as)
in probability, which completes the proof of the theorem. O

From the proof of the above theorem, we can extract the path properties of {V},}.
We state this as a theorem.

Theorem 4. Let {V,,} denote the forward process generated by Letac’s Model E, as
given in (10) and (12). Further assume that E[log(|B|/A)] < oo, E[log|D|] < oo,
and E [log A] > 0. Then

: Va

where the limit Vo, is nondegenerate.

The above theorem studies the asymptotic behavior of {V,} under a ran-
dom normalization instead of a deterministic normalization. Under further strong
assumptions, [20] studies the path properties of {V,} under a deterministic nor-
malization. (Consult [20] and references therein for further central limit theorems
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related to the explosive case.) Extensions of this idea for Letac’s Model E are
currently being investigated by the authors.
2.3 Examples and Applications

We now turn to a few examples.

Example 1. The simplest example is the reflected random walk,

Wy,=X,+W,_)", n=12,...., W,=0, (28)
where {X;} is an i.i.d. sequence of random variables, which is equivalent to the
multiplicative process V;, = A, max{V,_i, 1}, where A, = exp X, and V, =
exp W,.

Extremes of these processes play a prominant role in queuing theory (cf. [21])
and in collective risk theory. In the classical ruin problem of Lundberg [24] and
Cramér [12], one lets u denote the initial capital of the company, ¢ the constant rate
of premiums income, and {;} the i.i.d. claims losses, which are assumed to arise
according to a Poisson process, { N, }. Then the total capital of the company at time
t is given by

Ny
Yy =u+ct—) . (29)

i=1

Now consider the probability of ruin, namely ¥ (1) := P {Y; < 0, for some ¢ > 0}.
Using Sparre-Andersen’s random walk representation of the risk process together
with classical duality, this probability may be equated to P {W > u}, where W :=
lim,—c0o W, and X; := {; — ct; in (28). For details, see [2].

Example 2. Consider a modification of the previous example, where the insurance
company invests its excess capital, earning i.i.d. returns { R, } on these investments.
The total capital of the company is then the solution to the recursive sequence of
equations

Y, =R, Y,-1—L,, n=12,..., Yy=u, (30)

where L, := —(Y,, — Y,—) are the discrete-time losses of the insurance business,
governed by the Cramér-Lundberg process described in (29). Next, define the
discounted loss process at time n to be the perpetuity sequence

L L L
gn 1 2 n

=L R 31
R TrRR T TR R S
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Fig. 1 A sample path of the cumulative loss process. Ruin occurs when this negative-drift process
reaches a positive barrier at u, where u is the initial capital. This contrasts with the backward
process in Example 1, which is a multiplicative random walk process

Then by a simple argument, the probability of ruin is equivalent to U(u) =
P{%, > u, for some n}. The process {-%, } is illustrated in Fig. | and is a backward
recursion generated by the function Fy(v) = v/R 4+ L/R. In contrast with
the previous example—whose backward recursion can be shown to be a random
walk—the backward process appearing here has dependent increments and is
evidently not Markovian.

To determine the probability of ruin, we need to solve for the tail of the r.v. & =

supneZ+Z1. To this end, observe that R2_1L2 +-4+ (R Ryp1) 'Ly < L,

and hence by (31),

1 L
2 LB+ A%, |, where A= — and B = —L. (32)
R R

Now setting £ = (supnez N ipn) V 0 yields the SFPE
~ ~ +
ZL(4Z+B) . (33)

(Alternatively, by a slight variation of this argument, one can also show that .

satisfies the SFPE ¥ < Amax{.Z,0} + B. However, the tail behavior of .Z is
identical to that of .& )

As with the previous example, there exists an interesting duality in the sense of
Siegmund [31] or Asmussen and Sigman [3]. Namely the process {f’,,} is dual to
the forward process generated by the SFPE (33); cf. [3], p. 12. While the forward
process is Markovian, the process {Y,) is actually studied via the complicated
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backward process {.Z,}. As the forward process is simpler than this backward
process, it is convenient to first convert the backward process, via its SFPE, into
a forward process.

Example 3. Consider a single-type branching process in a random environment.
Then the population size at time » is given by

Zn—1
Z, = (Z nn,i) + O,

i=1

where {n,; :i = 1,..., Z,_} represents the number of children in the nth genera-
tion, and Q, represents the number of immigrants in the nth generation. Assume
that the probability laws of these quantities are random, modulated by an i.i.d.
environmental sequence {(,}. Thus 7n,; ~ p(¢) for all i, and Q, ~ q({)
independent of {n,; : i > 1,n > 1}. Let §, denote the o-field generated by
{¢o,...,¢,}, and let Foo denote the o-field generated by {{, {1, ...}, and consider
V, :=E[Z,| §ol- It is easily seen using the branching property that

Vi = E [, Foo] Va—1 + E[ Q| Too] -

Assuming that E [log E [1,.1|8x]] < 0 and letting n — oo in the above equation,
one obtains the linear recursion

VLAV + B, (34)

where V := lim, o V;,. A multidimensional extension of this model was the focus
of the well-known paper of Kesten [22].

The recursion (34) also appears in many other settings, including the ARCH(1)
and GARCH(1,1) processes used for financial time series modeling (cf. [5, 16]), or
the perpetuity sequences used for modeling the future liabilities of a life insurance
company. For details, see [8], Sect. 3.

It is worth noting that in all of the above examples, it can be shown that the
conjugate sequence in Theorem 2 may be taken to be zero, and thus the constant C
is determined solely by a perpetuity sequence which is killed in the event that {V,}
returns, in the £-shifted measure, to its regeneration set; cf. [9], Corollary 2.1.

We conclude this section by remarking that in several real applications in the
stationary case, simulation methods are typically used to obtain the tail probabilities,
and this can be computationally expensive. Thus, a precise description of the tails of
V facilitates inference concerning the extreme percentiles of the distribution of V.
Such estimates are of considerable interest in risk management. Estimation of &
has received much attention in the literature in risk theory, and detailed information
concerning the Edgeworth expansion is available (see for instance [6]). However,
inference concerning C and the pair (C, £) are not addressed in the literature. In
an ongoing work, we use the change of measure arguments developed in [9] to
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describe a method-of-moments approach to the joint estimation of (C, ). It turns
out that in finite samples, the correlation between estimates of C and £ is negative,
and a detailed mathematical description is currently being carried outin [11].

3 Recursions Driven by Markov-Dependent Sequences

Characterizing the constant C in the Markov case is much more challenging than
the i.i.d. case. As explained in Sect. 1, the values of the constant C depend on
the entire driving sequence {(log A4,, B,, D,) : n = 1,2,...} and their inherent
dependence structure. In the i.i.d. case, the recursions simplify, but in the Markov
case, an important asymmetry is introduced between the forward and backward
sequences, which we explain below in Sect. 3.1.

In spite of this complication, it is possible to adopt some of the principles from
the i.i.d. case by utilizing the regeneration technique of Athreya-Ney-Nummelin
[4,28], which states that the process contains independent blocks of random length
which are i.i.d. Using this observation, we may derive appropriate SFPEs for
Markov recursions and apply the results of the previous section. This is possible
since, somewhat unexpectedly, the k-step composition of a recursion driven by
Letac’s Model E refains the general form of Letac’s Model E, but with a new driving
sequence (which here will be indexed by the regeneration times of the Markov
chain {X,,}).

While the form of this constant will necessarily be complicated, we note in
Remark 1 below that this constant reduces to the same general form as in the i.i.d.
case in some important examples.

3.1 Forward and Backward Markov Sequences

Consider the forward and backward sequences associated with the SFPE Fy (v) =
Amax{v, D} + B, where Y = (log A, B, D). By (10), the forward sequence is
given by

Vi =Aymax{V,—1,D,} + B,, n=12,..., Vo=, (35)
while by (11), the backward sequence is given by

Z, = Aymax {Z\V

n—1°

Dl}—‘f_Bls n:1727---s Z():Zs (36)

where Z'"  is defined as Z,;, but with {Y1, ..., Y,_} replaced with {Y,, ..., Y,},
i.e., the driving sequence is shifted forward by one unit of time. In contrast to the
previous sections, we now assume that this driving sequence is Markov-dependent,
that is, Y, = g(X,), where {X,} is a Markov chain taking values in a state space
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(S,”)and g : S — R3. We will assume throughout this discussion that {X,} is
aperiodic, irreducible (with respect to its maximal irreducibility measure ¢), and
countably generated. Thus, we adopt the basic set-up described in [29] or [25].

Markov-dependent forward and backward sequences arise widely in applications.
Natural examples in the forward case include the GARCH(1,1) or ARCH(1)
processes or branching processes with Markov-dependent innovations. While such
examples are easily motivated in the case of the forward sequence (35), the utility
of the backward sequence (36) is less transparent but can be motivated by a couple
of elementary examples.

To this end, we return to the ruin problem with investments described in
Example 2. In that example, we observed that the probability of ruin is P {.Z > u},
where £ = sup,,¢; . %, and %, denotes the discounted losses of the company
which accumulate by time n. Now by iterating the sequence {.%,}, we obtain after
an elementary argument that

Ly = Amax {20} + AL,

where Dipn(l_)l denotes that the driving sequence has been shifted forward by one unit
in time; cf. the discussion following (33). Now if we set the initial state z = 0 and
(B, D) = (AL, 0), then this last equation assumes the same form as (36), and our
objective is to determine the maximum of the backward sequence {.%,}.

A second example is the classical ruin problem mentioned in Example 1. In that
example, the corresponding backward process is the multiplicative random walk
W, = A;--- A, (Where A; = exp X, is defined as in Example 1), and ruin can be
shown to occur when & > e", where

L= sup 2, and &, = max{#,..., ¥,}.

n€Z 4

By repeating the above argument, we obtain that
% 5(1)
%, = Amax {'21—1’ 1},

which has the same form as (36) after setting z = 1 and (B, D) = (0, 1).

In the above examples we see, rather generally, that forward sequences often arise
in problems involving the steady-state limit of a given recursion, while backward
sequences typically arise in problems involving maxima. Heuristically, these can
be viewed as dual problems in the sense of Siegmund [31] or Asmussen and
Sigman [3].

To analyze the processes (35) and (36), we again utilize the regeneration
technique of Athreya-Ney-Nummelin, applied to the Markov chain {X,} (rather
than to {V},}), to derive an SFPE having the same form as (12); thus, in particular,
Theorem 2 can be applied to describe the stationary limiting behavior, also in the
Markov-modulated case.
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Let P denote the transition kernel of {X,}, and introduce the minorization
condition

h(x)n(E) < P(x,E), xe8S, Ee.7, (Ap)

where h(x) = §ol«,(x) for some nontrivial set 6y and positive constant 8y, where
n is a probability measure on (S, .¥).

The regeneration lemma [4, 28] yields the existence of a sequence of stopping
times Ky, K, ... such that

(i) k; := K; — K;— is ani.i.d. sequence,i > 1;
(i) {(Xk,—»Yxi—))s---» (XK,—1, Yk,—1)} form independent blocks, i > 1.
(iii) Xk, ~ n, independent of the past.

A standard calculation shows that both the recursions (35) and (36) have a
nice compositional property, namely, if we calculate the k-step evolution of the
process, then it can be viewed as a recursion involving the function Fy(v) =
Amax{v, D} + B, but with ¥, = (log A,, B,, D,) replaced with a new driving
sequence. Specifically, after a tedious computation, we obtain that the k-step
evolution satisfies

Vi = max {,e/ Vo, 92} + B, kel 37)

where

A

,Qf:: Al"'Akv

k
B = Z Bi(Ajq1--- Ap),
i=1

k i,
92:: \/ |:Dj(Aj"'Ak)—ZBi(Ai+l"'Ak):|
j=1

i=1

(where Ay ---A;—; = 1 when j = 1). Next observe that (37) has the same general
form as (35), but with (A4, B, AD) replaced with (.;zf , %’, 92). A similar expression
is also obtained for the backward recursion.

This compositional property now carries over to the stopping times K; — 1. Thus,
in the case of the forward recursion, we obtain for % := Vk,_; that

Vi =max{H Vi 1,9} + B, i=12,.... (38)

In this recursion, the driving sequence %; := (log &, %;, %;) is defined as Y =
(log o7, B, P) in (37), except that the deterministic interval [1, k] in (37) must be
replaced with the random interval [K;_;, K;—;] in (38). (Wheni =0, K;_; = 1 in
these definitions.) Thus,
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i = Ak, Agi—1,

Ki—1
By = Z Bj(Aj+1“‘AKi—1)7
J=Ki—1
Ki—1 j—1
=\ |Dj(A; A= D Bi(Arsr---Ag—) [ (39)
J=Ki—1 k=Ki—

From (38), we obtain that ¥ := lim; ., ¥; satisfies the SFPE
¥ L max (Y, D} + B, (40)

where (o7, B, 2) 4 (<, B;, D), and, as we will observe more formally below,
{7;} has the same steady-state limit as the original process {V,} and, thus, this
steady-state limit is characterized as the solution to (40).

In the case of the backward sequence, the regeneration technique works similarly.
It is just a matter of writing down the iterates, but now backward in time, to obtain
for 27 ;= max{Z, : 0 <n < K; — 1} that

% =max (A ZD D+ B, i=12,..., (41)
where, following our usual convention, fz";(_l)l has the same distribution as %;_; but
with the relevant driving sequence shifted forward by one unit in time, and for each

positive integer i,

i = Ak, Agi—1,

Ki—1
Bi= Y (Ax,_,---A;1)B;.
J=Ki—
Ki—1 Ki—1
P = \/ (Ak,_,---Aj)D; — Z (A, - Ak—1)Br | . (42)
j=Ki_1 k=j+1

(Once again, when i = 0, K;—; = 1 in these definitions.)
Setting 2 = sup; Z in (41), we obtain the SFPE

7L max (A ¥, D) + B, (43)

where (o7, B, 9) £ (o', B;, D).

It is important to observe that we obtain different distributions for (£, 2) in the
forward and backward cases, even though we have started with the same recursion,
Fy(v) = Amax{v, D} + B, to generate the sequences (35) and (36). Thus, there
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is an asymmetry between the forward and backward sequences, although the
multiplicative term .2/—which determines the polynomial rate of decay—remains
the same. (We note that this feature appears even in the polynomial models with
i.i.d. recursions, as described in [9], Example 3.5).

We may now apply Theorems 2 and 3 directly to the SFPEs (38) and (43), but
before doing so we will need to verify that the required moment conditions are
satisfied. Since our random variables are formed over regeneration cycles, this issue
is somewhat subtle and we address it in the next section.

3.2 Characterizing Moments over Regeneration Cycles

3.2.1 Moment Properties of <7

Let g4(X,) = log A,, and for each o € R define

Pa(X,E) = / ¥4 p(x, dy) and 1301? =P, o 130](‘_1, k> 1.
E

Let (A(a))~! denote the convergence parameter of the kernel P, (for the definition,
see [29], p. 27), and let A(x) = logA(x). Set S, = >_/_, log A;, and define

1
() =limsup — logE[e**], «€eR.

n—oo N

Roughly, the convergence parameter measures the growth rate of }30’[‘ (x,E)ask —
0o, where E is a “small set” satisfying (.#(), while the “Gértner-Ellis” limit I" («)
measures the growth rate of this quantity when £ = S. It is well known that A(«) <
I'(«) for all o [8,27]. Now assume that

') =0, forsomeé € (0,00) Ndom A’. (44)

Then it follows after a short argument that A(§) = 0; see [8], p. 1426. Then by [27],
we have under appropriate conditions that 1 = E[(Ak,_, -+ Ax,—1)*| := E[#¢].
(See, in particular, Lemma 4.1 of [27] and its proof.) Thus, the solution £ to (44)
yields the polynomial decay rate in Theorem 2, provided that appropriate moment
conditions are satisfied.

Consequently, we obtain an explicit characterization of the decay constant in
the Markov case, which is now the solution to the equation A(§) = 0, but where the
cumulant generating function is replaced with the function A now derived from the
convergence parameter or, alternatively, with the Girtner-Ellis limit (as would be
expected from the large deviation theory for Markov chains).
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3.2.2 Moment Properties of (%, Z): Preliminary Considerations

For notational convenience, assume that regeneration occurs at time zero, and let
k denote the subsequent regeneration time. Then, using the above expressions for
(A, Z) we see that in the forward case, the required moment conditions (H,) will
be satisfied provided that E[%’i ] < oo, where

Kk—1
By = Zgi(Ai+1 -+ Ac_1),  Bi = |Bi| + |A; D] (45)
i=0

and in this expression, we take (Ao, By, Do) to have the distribution of this triplet
upon regeneration. Similarly, in the backward case, it is sufficient to verify that

E[%’g] < 00, where
Kk—1
By =y (Ao---Ai=)B;,  Bi =|Bi| + |4 Di. (46)
i=0

These last two equations are manifestations of nearly the same mathematical
quantity, as can be seen by constructing the time-reversed Markov process (whose
existence is assured by [26]). Thus we extend {V, : n € N} to a doubly-infinite
sequence {V,, : n € Z}, where these two sequences are identical for n € N. Then, by
comparing (45) to this same quantity but over its prior regeneration cycle—that is,
a cycle commencing at time k¥ < 0 and terminating at time 0—we obtain that

By izéi(Ai+l”'Al)- (47)

i=1

As with %), this quantity may be viewed as a perpetuity sequence, but now
computed backward in time (and shifted by one time unit compared with (46)).
Consequently, the mathematical analysis is similar for the forward and backward
sequences and, to avoid repetition, we will focus on verifying moment conditions
for backward sequences in the sequel.

3.2.3 The Moments of %, Under Some Simplifying Assumptions

Our next objective is to relate the moments of %, to the moments of the regeneration
times of the &-shifted Markov chain, whose finiteness would then be assured if the
Markov chain were (A(a))™!-geometrically recurrent with o« = £. In the interest of
simplicity, we will first develop this correspondence under a number of simplifying
assumptions and later indicate how these assumptions can be removed.

Assume, for the moment, that D; = 0 for all i and that {B;} is an i.i.d. sequence
which is independent of the Markov-dependent sequence {A4; }. Next, introduce the
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strong minorization condition
an(E) < P(x,E), xe€8, Eec.7, (A)

where a > 0 and 7 is a probability measure.

If the kernel P, is (A(@)™ !_recurrent, then there exists a right invariant function
1 satisfying the equation Pyry = A(a)ry. Otherwise, P, is (A(a))~!-transient and
there exists a right subinvariant function r, ([29], Sect. 5.1). For any o« € dom (1),
introduce the a-shifted transition kernel

e84 (y)
o, E)= | S22 p(x,dy), xeS, Ee.s.
QB =, Tt T

Then Q, is a probability kernel when Py is (A(@))~'-recurrent (and a subprobability
kernel in the transient case). Let E, [-] denote expectation with respect to this shifted
measure.

Observe that the minorization (.#) (or the stronger condition (.#})) induces a
minorization for Q,; in particular, using the definition of Q, together with (.#),
we obtain

he(X)Ne(E) < Qy(x,E), x€C, Ee, (M)

where, for some normalizing constant L,

Lh(x) 1
ho(x) = ————2—€* 4 A1 and  nu(dy) = — dy).
«(X) @™ Na(dy) = 7 ra(y)n(dy)
Here L is a normalizing constant, chosen such that 7, is a probability measure.
(We may assume that n has been selected in a suitable way so that L < co.) Thus, a
minorization exists, and hence a regeneration structure for the £-shifted chain. Also

set ﬁa(x) = h(x)e®1™ /1 ().
Lemma 1. Assume {B;} is i.i.d. and independent of {A;} with E[BI.E] < 0o, and
assume that D; = 0 for all i and (.#)) is satisfied. Then

E¢[k] < oo = E[#; | < 0.

Proof. For the proof, introduce the notation # ® n(x, dy) := h(x)n(dy).
Using the series representation for a regeneration cycle (as in [28], p. 313 or
Lemma 4.1 of [27]), we obtain

o0
E: [k — 1| Xo = x] = E;¢ [Zl{m} Xo = x:|
n=1

= Z/S (Q¢ — he ® ng)" (x.dy)

n=1
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1 o

> re(x) > (ﬁf ~hs ® n)” 75(x)
n=1
n=1

where S; := Y'_log A;. In the previous display, the inequality follows directly
from the definitions of /¢, hAg, Ne, 135, and Q¢ (and we obtain an inequality here due
to the additional term “A1” appearing in the definition of /¢).

Next observe that under the strong minorization (.# ), the function r¢ is bounded
below by a constant ([7], Remark 2.3). It follows that

00
E |:Z(A0 T An—l)sl{/c>n}
n=1

Xo = x:| < Mrg(x), forsome M < oo.

Using independence and the moment assumption on {B;}, we conclude that this
expression also holds with (Ag---A4,-1B,) in place of (Ag---A,—1) and M
replaced with some finite constant M. (Since { B;} is i.i.d. and independent of {A4;},
the B-sequence is independent of the regeneration times.) Consequently,

B[# ] < M [ reCon(@,

In the minorization (.#)), we may assume that the measure 7 has been chosen such
that the integral on the right-hand side of the last expression is finite. Thus we obtain

E[%i ] < 00, as required. O
3.2.4 The Moments of %, in the General Case
The previous argument can be modified to incorporate a nontrivial sequence

{D;} and Markov dependence in the entire driving sequence {(log 4;, B;, D;)}.
Following Collamore ([8], Sect. 6.1), one approach is to replace the kernel Ps in the

above argument with ﬁg, where for any «,
Ry(x,E) := / e FeNP(x.dy), x€S, Ee.,
E

for (fa(Xn). f5(Xn)) = (log A,.log (B, + 1)) and

F(x,y) = fa(x) + (f8(y) = f5(x)).
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If the minorization has been chosen so that By is deterministically bounded from
above by a constant, then the previous lemma can be repeated to obtain the same
result as before, although the Q -shifted measure is formed with respect to the kernel
l%g rather than 135. That is to say, we now define

5 aF (x.) 5
Ou(x, E) :/ W) piyidy). xeS. Ec.s

E Ae)Fy(x)

where 7, and ;\(a) are the eigenvectors and eigenvalues corresponding to the kernel
Rq. Let Eq['] denote expectation with respect to this measure. In addition, assume
that I'(§) = ' (§) = 0, where

~ 1 ~
I () := limsup - logE [¢*5" (B, + 1)*].

n—o0

Then we obtain:

Lemma 2. Assume (.#,). Then
E:[c] < 0o = E[# | < cc.

Finally, we observe that (.#)) may be weakened to (.#) by first introducing the
“augmented kernel”

P,(x,E):= P(x,E)+an(E),

and then computing the £-shifted measure using this kernel in place of P; cf. [7,8].
Under this construction, the right invariant function r¢, is uniformly positive, as
required in the proofs of Lemmas 1 and 2, and the eigenvalue A,(¢) | 1asa | 0.

3.2.5 Toward a Complete Result in the Markov Case

The moment assumptions in Lemmas 1 and 2, expressed in terms of the &-shifted
measures, are not particularly natural to verify in practice, where it would be
preferable to express these conditions in terms of the transition kernel of the original
process. Moreover, there is also a need to verify the further moment assumption on
2/ , equivalent to the assumption that E [ﬁ% §(log o )] < 0o. Now under appropriate
conditions, it is known ([27], pp. 581-582) that

E [«/*(log #)] = Eg [log /] = Eg¢ [] E¢[log A|X ~ 7],
where 7 denotes the stationary measure of {X,,}.

Roughly speaking, a sufficient condition for the above results to hold is the
geometric §-recurrence of the kernels P and R (cf. [29], Proposition 5.25). Thus, it
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is of some theoretical and applied interest to understand how geometric &-recurrence
relates to the underlying properties of the given Markov chain.

An effort to draw this connection has been given in [8]. Let h : S — [0, 00), and
define:

Zh={x€S:h(x)<a}, a=0;
S, ={log Ay +---+1log Ay} +1log(B, +1), n=12,...;
SP =h(X)) 4+ +h(Xy), n=12,..;

n

1 ~
Iy(a, B) = limsup logE[e“S’7+5S”h], (@, B) € R2.
n—>0o0

Assume the existence of a nonnegative h-function such that the following condition
holds.

Minorization:
(") For any a > O sufficiently large, there exist a constant §, > 0 and a
probability measure 1, on (S, .%) with 1,(:£,h) > 0 such that
8l (X)n.(E) < P(x,E), x€S, Ee€Y.

Also impose the following additional assumptions on the process.
Hypotheses:

(74) For the function b given in (901), there exist points & > r and 8 > 0 such that
Iy(a, B) < o0.

(%) Forany a > 0, there exist nontrivial sets E1, ..., E; C S, possibly dependent
on a, and a finite constant J, such that

1
P(x.E) < J,inf] > P(x.E)ix; € E. 1<i<lp., xeZbh Ec.
i=1

We also need to assume the usual regularity assumptions, now with respect
the random variables formed over a regeneration cycle. We collect these
assumptions as an additional hypothesis:

(74) Hypotheses (Hy) and (H3) hold with respect to (7, £, 9).

In Collamore [8], it is shown that if (9), (J4]), and (%) hold, then

E[e7%] < oo and E[%Z[]<oo, for some o > £.



114 J.E. Collamore and A.N. Vidyashankar

Moreover, E[%";‘,] < oo, provided that these conditions hold with respect to
the time-reversed Markov chain (which we implicitly assume in the following
development when the forward recursion is considered).

Note that the property described in (9Jt) always holds for Harris chains when P
is replaced by P*«; see [25]. Also, we note that a regeneration structure we need
would still exist if (.#,) were weakened to a condition on P¥ rather than P, that
is, to Harris recurrence; see [29], p. 134. Finally, it seems plausible that condition
(%) could possibly be removed, since this is mainly used in [8] to assure that the
relevant eigenvectors are bounded from above by a constant.

Combining the results of [9] and [8], we obtain an extension of Theorem 3.
First let {,,“z"j,(p ) } and {,,52’}1(0) } denote the perpetuity and conjugate sequences, defined
as in (17) and (18), but with (A4;, B;, D;) replaced with (<, %;, %;). Then set
2P = limyoe Z7 and 2©) = limy oo Z.°. Also, let { %, } denote the forward
process generated by the sequence { %, %;, %;} according to Letac’s Model E, and
set T = inf{i : ¥; € €}, that is, the first passage time of this Markov chain into its
C-set. (Vi = ¥ if it is a forward process we study, but not if it is a backward
process.) Finally, recall that A(«x) denotes the convergence parameter associated
with the kernel 13(01), as defined in Sect. 3.2.1.

Theorem 5. Assume that (44) holds and that (), (J4), (J6), and (F5) are
satisfied. Then

lim W’P{W > u} =C (49)
U—>00

for a finite positive constant C, where W = lim, o0 V;, in the forward case and
W := sup, Z, in the backward case. Moreover, the constant C may be identified as

_ ; (p) _ grle))é
C = . (S)E[t]Eg [(Z2P — 7)1, _oy]. (50)

Remark 1. In specific examples, the constant C can be identified more explicitly
and put into the same general form as in the i.i.d. case studied in Theorem 2. In
particular, if {V},} is obtained from the forward recursion V,, = A,V,—; + B, and
the sequence {B,} is supported on [0, o), then the conjugate term in (50) is zero
(since all nonzero terms in (18) would then be positive), and so it follows from (50)
and (39) that

B, B>
Qf(ﬁ) =V -t
o+ A, + A4

T (51)

where, as in Theorem 2, the initial distribution (corresponding to the distribution of
the random variable V}) is obtained from the regeneration measure of the Markov
chain {Vk, :i = 0,1,...}. We remind the reader that the sequence { K;} represents
the regeneration times of the Markov chain { X, }, and that (4,,, B,) is modulated by
this chain { X, }, that is, (4,, B,) = g(X,).
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Moreover, the stopping time 7 can also be viewed—as in Theorem 2—as a
first passage time. Specifically, in Nummelin’s split-chain construction [28, 29],
regeneration of the Markov chain {X,} occurs when Y, := (X,, y,) € % x {1},
where {y,} is an ii.d. Bernoulli sequence with P{y, = 1} = 3§y and (%o, do)
appear in the minorization (.#,) of the Markov chain {X,}. Now, {t = oo}
corresponds to the event that {V,} never returns to its ¢-set (namely, the interval
€ = [-M, M]); that is to say, {V,} never returns to ¥ at a regeneration time of
{X,}. But this is the same as the condition that {(V},,Y;) : n = 0,1,...} never
returns to the set € x %y x {1}.

Now if {V,} is a perpetuity sequence (thus obtained from backward recursion of
the SFPE f(v) = Av + B rather than forward recursion of this SFPE), then (42)
must be employed in place of (39), which does not simplify in the same way as
(51). However, in this case, it is plausible to employ [26] to obtain the time-reversed
process of {(V,,A,,B,) : n = 0,1,...}, and to observe that this time-reversed
process assumes the form of the forward sequence V, = /f,, Viey + l§n, where
(4., B,) = (A_,, B_,) for the extended process {(A,, B,) : n € Z}. Since the
limiting distribution of this forward process agrees with the limiting distribution of
the original perpetuity sequence, we expect an expression of the form (51), also for
the case of perpetuities.

Remark 2. In [8], Sect. 3, the conditions of Theorem 5 are verified for a variety of
problems which are of applied interest. One application considered in [8] is the ruin
problem with investments (described above in Example 2), but where the investment
returns are Markov-dependent, governed by any one of the following:

(i) A discrete-time Black-Scholes model under Markov regime switching, where
the regime switching is determined by an underlying finite-state or uniformly
recurrent Markov chain.

(i) The logarithmic returns {—log A;} are modeled as an AR(p) process or, with
slight modifications of the assumptions, an ARMA(p, g) process.

(iii) The insurance company invests a fixed fraction of its surplus capital in a stock
and a fixed fraction in a bank account, where the returns on the bank investment
are at a deterministic rate » > 1, while the returns on the stock investment
follow the stochastic volatility model suggested in [13, 14]. Specifically, the
investment returns are modeled as R, = 0,,{,, where {¢,} is an i.i.d. Gaussian
sequence and {log g, } is modeled, say, as an ARMA(p, ¢) process.

Another application considered in [8] is a GARCH(1,1) process with regime
switching, where the regime shifts are (as in (i)) modulated by an underlying finite-
state Markov chain.

The proof of Theorem 3.1 is a direct consequence of Theorem 2.1 of [9] and
Theorem 4.1 of [8]. In the forward case, it also needs to be observed that the limit
over regeneration cycles agrees with the steady-state limit of the original sequence.
But this equivalence is obtained along the lines of [8], p. 1428.
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Homogeneity at Infinity of Stationary Solutions
of Multivariate Affine Stochastic Recursions

Yves Guivarc’h and Emile Le Page

Abstract We consider a d-dimensional affine stochastic recursion of general type
corresponding to the relation

Xot1=Ap1 Xy + Buy1, Xo=x. S)

Under natural conditions, this recursion has a unique stationary solution R, which
is unbounded. If d > 2, we sketch a proof of the fact that R belongs to the
domain of attraction of a stable law which depends essentially of the linear part
of the recursion. The proof is based on renewal theorems for products of random
matrices, radial Fourier analysis in the vector space R?, and spectral gap properties
for convolution operators on the corresponding projective space. We state the
corresponding simpler result for d = 1.

1 Notations and Main Result

Let V = R? be the d -dimensional Euclidean space endowed with the scalar product
< X,y >= Z?:l x; y; and the corresponding norm |x| = (Z?:l |x: [2)/2. We
denote by G = GL(V) (resp. H =Aff(1)) the linear (resp. affine) group of V' and
we fix a probability measure w (resp. A) on G (resp. H) such that j is the projection
of A. We consider the affine stochastic recursion (S) on V' defined by

Xov1=Ap1 Xy + By, Xo=ux, S)
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where (4,,, B,) are i.i.d. random variables with law A, hence A4,, (resp. B,) are i.i.d.
random matrices (resp. vectors). We assume that (S) has a stationary solution R
which satisfies in distribution

R=AR'+ B

where R! has the same law as R and is independent of (A, B). We are interested in
the “asymptotic shape” of the law p of R. Our focus will be on the case d > 1. For
d =1, corresponding results are described in Sect. 4.

We denote by n * 6 the convolution of a probability measure n on H with a
positive Radon measure 6 on V i.e. 7% 0 = [ &, dn(h)df(x). Also " denotes
the nth convolution iterate of 7. With these notations, the law p, of X,, is given by
pn = A" % 8y, and a A-stationary (probability) measure p satisfies A % p = p.

We denote by £2 the product space H®Y, by P the product measure A%~ on £2,
and by E the corresponding expectation operator. Provided that

E([log[A][) + E(|log[B]]) < oo,

it is well known (see [12] for example) that a A-stationary measure p exists and is
unique if the top Lyapunov exponent

1
L,= nll)n;O;E(log|An...A1|)

is negative. For informations on products of random matrices we refer to [2, 5, 9].
Since the properties of 1 play a dominant role for the “shape” of p, we give now

a few corresponding notations. Let S (resp. 7') be the closed subsemigroup of G

(resp. H) generated by the support suppu (resp. suppA) of w (resp. A) and write

Sp = Ao Ar, k() = lim (B(S,)"" (s = 0).

Then logk(s) is a convex function on I, = {s > 0;k(s) < oo} and we write
Sco = sup{s > 0;k(s) < oo}.

We denote by S~ (resp. P/~!) the unit sphere (resp. projective space) of ¥ and
observe that in polar coordinates:

d—1
V\{0} =S xR}
If V denotes the factor space of V\{0} by the group {£1d}, we have also
y d—1
V=P"" xR}.

For x € V\{0}, g € G, we write ¥ (resp. X) for the projection of x € V on S¢~!
(resp. P?~1), g - X (resp. g - X) for the projection of gx on S?~! (resp. P~ 1).



Homogeneity at Infinity of Stationary Solutions of Multivariate Affine . .. 121

For some moment conditions on /i, the quantity y(g) = sup(|g]|.|g~"|) will be
used. The dual map g* of g € GL(V) is defined by < g*x,y >=< x,gy > and
the push-forward of u by g — g™ will be denoted p*.

From now on, we assume d > 1. An element g € G is said to be proximal if
g has a unique simple dominant eigenvalue 1, € R with |1, = lim,—c0 |g"["/".
In this case we have the decomposition V' = Rw, @ V,~ where w, is a dominant
eigenvector and V" a g-invariant hyperplane. We say that a semigroup of G satisfies
condition i — p if this semigroup contains a proximal element and does not leave
any finite union of subspaces invariant.

One can observe that, if d > 1, the set of probability measures ¢ on G such that
S satisfies condition i — p is open and dense in the weak topology. Also, condition
i — p is satisfied for S if and only if it is satisfied for the closed subgroup Zc(S),
the Zariski closure of S, which is a Lie group with a finite number of components.
Thus condition i — p is in particular satisfied, if Zc(S) = G.

It is known that, if the probability measure p satisfies E(|log|A||) < oo and
suppu generates a closed semigroup S satisfying condition i — p, then the top
Lyapunov exponent of w is simple (see [2]). In this case log k(s) is strictly convex
and analytic on [0, seo[ (see [9]). Also the set SP* of proximal elements in S is
open and the set of corresponding positive dominant eigenvalues generates a dense
subgroup of R . Furthermore, the action of 1 on P?~! has a unique -stationary
measure v and suppv is the unique S-minimal subset of P/ ~; the set A(S) = suppv
is the closure of {w,; g € SP™*} and has positive Hausdortf dimension.

Under condition i — p and for the action of S on S?=1 there are two cases
I, II, say, regarding the existence of a convex S-invariant cone in V. In case I
(non-existence), the inverse image A(S) of A(S) in S~ is the unique S-minimal
invariant set in SY~!'. In case II (existence), A(S) splits into two symmetric S-
minimal subsets A4 (S) and A_(S).

Returning to the affine situation, we need to consider the compactification
V U ST of V by the sphere at infinity S¢! and we identify A(S) (resp.
A4 (S), A—(S)) with the corresponding subset A%°(S) (resp. AS(S), AZ(S)) of
SZ1. We observe that S¢; ! is H -invariant and the corresponding H -action reduces
to the G-action.

If h = (g, b) is such that |g| < 1, then & has a fixed point x € V, and this point
is attractive, i.e. forany y € V, lim,—o 2"y = x. The set A,(T) of such attractive
fixed points of elements 7 € T plays an important role in the description of supp p,
for p A-stationary.

On the other hand, if for some s > 0 we have k(s) > 1 and condition i — p is
satisfied, then one can show the existence of g € S with lim, o [g"]|'/” > 1. This
implies that suppp is unbounded, if suppA has no fixed point in V.

We have the following basic (see [10], Proposition 5.1)

Proposition 1. Assume E(log y(A)) + log|B|) < oo and

1
L, = lim —E(log|S,|) <0.
n—oon
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Then R, = Z'f A1 ... Ag—1 By converges P-a.e. to

o0

R = ZAl ... Ay_ By,
1

and for any x € V, X, converges in law to R. If B € I, satisfies k(B) < 1,
E(|B|#) < oo, then E(|R|?) < oo.

The law p of R is the unique A-stationary measure on V. The closure A,(T) =
A (T) in V is the unique T-minimal subset of V and A,(T) = supp p. If the
semigroup S satisfies condition i — p and suppA has no fixed point in 'V, then
o(W) = 0 for any affine subspace W. Furthermore, if T contains an element (g, b)
with 1im, 0 |g" /" > 1, then Ay(T) is unbounded.

The first part of the proposition is well known (see for example [12]).

For s > 0, we denote by [* (resp. i*) the s-homogeneous measure (resp. function)
on R given by I°(dt) = t_(”'l?dt, 10 = [ (resp. h*(t) = t°). We observe that
the cone of Radon measures on V' which are of the form n ® /* with n a positive
measure on P/~! is G-invariant. Also g(n ® [*) = (p,(g)n) ® [* with

p(g)n = / xS ().

One can show that if the subsemigroup S associated to u satisfies condition i — p
and s € I,, there exists a unique probability measure v* on P?=! such that equation
wx (VP ®I1%) = k(s)v® @ [ is satisfied. Furthermore v* gives mass zero to any
projective hyperplane and supp v = A(S).

We denote by 7* the unique symmetric positive measure on SY~! with projection
v* on P“~! and (in case IT) by VY, b its normalized restrictions to AL(S), A_(S)
hence V¥ = %(ﬁi + v%). Then we have

nwx (@) =k(s)v'Q1°
and

pwx (0 @) =k()VL @ I°, pux(-®I") =k(s)v> @1
If there exists & € 1, such that k(a) = 1, the measures v* ® [, 1§ ® [%, V* ® [“
enter in an essential way in the description of the “shape” of p. We need first to
discuss the action of S on S, if supp p is unbounded. In this case Supp p N S¢;!
is a non trivial closed S-invariant set, hence three cases can occur, in view of the
above discussion of minimality.

CASE I: S has no proper convex invariant cone and A,(7T") D /i°° (S).
CASE II’: S has a proper convex invariant cone and A,(7) D A%®(S).
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CASE II”: S has a proper convex invariant cone and A, (7") contains only one of
the sets AP(S), AX(S), say AL (S) hence AX(S) N A,(T) = 0.

The push-forward of a measure 7 on V' by the dilation x — tx (¢ > 0) will be
denoted ¢.7. For d > 1, our main result in [10] is the following

Theorem 1. With the above notations, assume that S satisfies condition i — p,
that T has no fixed point in V, that L, < 0, and that there exists o > 0 with
k(a) = 1 and E(|A|*y®(A)) < oo, E(|B|*T?) < oo for some § > 0. Then supp p
is unbounded and we have the following vague convergence on V\{0}:

lim t™*(t.0) = C(0* ® %) = A,
t—0+

where C > 0, ¢ is a probability on S?~' and the Radon measure A satisfies
uwx A = A. Moreover,

v in Case I,
0% = (Cy% + C_V* for some C4,C— >0 inCasell’,
vy in Case II”.

The measures V* ® 1% (case I), V§ ® % and V* ® 1% (cases II, 11”) are minimal
w-harmonic measures.

The above convergence is valid on any Borel function f with c* ® [*-negligible
set of discontinuities such that |w|~*|log |w|'T¢| f(w)| is bounded for some € > 0,
hence

Jim ~E(f(1R)) = A(S).

The theorem shows that p belongs to the domain of attraction of a stable law, a
fact conjectured by F. Spitzer. It plays a basic role in the study of slow diffusion for
random walk in a random medium on Z (see [7]), and also in extreme value theory
for GARCH processes. The proof of the theorem shows that the above convergence
is valid on the sets H;f = {x € V;< x,w > 1} for w € V\{0} under the weaker
hypothesis E(|4|* log y(A) + |B|**?) < oo. Then, using [1], it follows that the
theorem is valid if @ ¢ N. Actually, [1] implies also the validity of the theorem
under the above weaker hypothesis, in the following situations:

CASE land o ¢ 2N,
CASEII” and o > 0,
CASEI’and Cy = C_, « ¢ 2N.

As observed in [14], the condition C;+ = C_ occurs if p is symmetric, in
particular if the law of B is symmetric (for example if B is Gaussian). In the
context of extreme value theory the convergence stated in the theorem says that
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p has “multivariate regular variation”. This property is basic for the development of
the theory for “ARCH processes” (see [14]).

The proof given in [10] (Theorem 6) is long. For a short survey of earlier work,
see [8]. Here we will give a sketch of a few main points of the proof.

2 Some Tools for the Proof of the Theorem

2.1 The Renewal Theorem for Products of Random Matrices
(d=>1)

We use the notations already introduced above: p is a probability measure on
G = GL(V), S the closed subsemigroup of G generated by supp u, L, the top
Lyapunov exponent of yt, v the p-stationary measure on P/~ etc. Under condition
i — p, the following is the d-dimensional analog of the classical renewal theorem
(see [4]) and follows from the general renewal theorem of Kesten [13] for Markov
random walks on R.

Theorem 2. Assume that the semigroup S associated with p satisfies condition
i —p, thatlogy(g) is u-integrable, and that L, = lim, oo % Jloglgldu"(g)>0.
Then, foranyw € V, Y ° uk 8, is a Radon measure on V and we have

> 1
li Fx8, = —°®1.
i 2pt e de = ®

in the sense of vague convergence. This convergence is also valid on any bounded
continuous function f on V with Y sup{| f(w)]; 2! < |w| <2/T1} < 0.

As proved in [10], if S satisfies i — p, s € I, and [ |g|* logy(g)du(g) < oo,
then the top Lyapunov exponent L, (s) = lim, e % [ 1gl* log|gldp"(g) exists,

k' (s=)
k(s)

function e* on P! such that v*(e*) = 1 and

is simple and satisfies L, (s) = < oo. Also there exists a unique positive

wx8,(ef @I) =k(s)(e® @ h)(w).

Then, using [13] again, we have the following result which includes information on
the fluctuations of S, w:

Theorem 3. Assume that L, < 0, o € I, exists with o > 0, k(o) = 1,
[ 1gl*logy(g)du(g) < oo, and S satisfies condition i — p. Then we have the
following vague convergence on v, foranyw € 14
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Iim ¢~
t—>0+

”‘Z,uk*é’,w = —(e ®h )(W)U“(X)l“.
) Lu(a)

This convergence is actually valid on any continuous function f on V such that
fuw) = |W|™% f(w) is bounded and 3> sup{ fo,(w); 2! < |w| <2/T1} < o0
In particular for some A > 0 and anyw € V

lim % P{sup [S,w| >t} = A(e® @ h*)(w).
t—00 n>1

The last formula is the so-called Cramér estimate of ruin in collective risk
systems if d = 1 [4].

For the convergence proof in Theorem 1, we will need an analogue of Theorem 3
with V replaced by V\{0}. For u € S¢~!, the function e®(u) can be lifted to S¢~!
and we have

/ |gul® ee(fi'g) du"(g) =1

for any n € N. Hence the family of probability measures |gu|* ﬂ—i’l’)‘)d w®"(g) with
g = g1 ...gn defines a projective system on the spaces G®" and one can consider

the projective limit Q% on G®". Referring again to [13], we get the following

Theorem 4. Assume y and o are as in Theorem 3. Then, for any u € S*~!, we
have the vague convergence

oo

1
lim ™ Zuk * 8 =
0

L, ()

o ~a o
e“(u) v “,
t—0+ () “®

where 1 is a probability measure on S¢~" and ¢ ® I is a p-harmonic Radon
measure on V\{0}. The convergence is valid on any continuous function f such
that fy(w) = |w|™* f(w) is bounded and satisfies

o0
> supf] fuw)l;: 2! < w| < 2/F1) < o0,
—00

There are two cases:

Case I: V7 =V has support A(S).
Case IlI: v = p§ (W)v§ + p%(w)v%, where pS (u) (resp. p® (u)) is the entrance
probability under Q% of S, - u into the convex envelope of AL(S) (resp. A_(S)).

These results improve earlier ones by Kesten [12] and Le Page [16].
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2.2 A Spectral Gap Property for Convolution Operators
(d>1)

As above we consider the operator P on V defined by P f(w) = (u%8,,)(f) and its
action on s-homogeneous functions. The Euclidean norm on V' extends to a norm
on the wedge product /\2 V:Forx,y,x',y" €V, we put
’ I
<xAy.X' Ay >:= det(<x’x,> < E Y >).
<y, x'><yy >

This allows to consider the distance § on PY~! defined by §(x, y) = |x A y|, where
x, y correspond to unit vectors X, y in SY~!. We will denote by H,(P“~") the space
of e-Holder functions on P?~! with respect to the distance §. We write

lo(x) — oI
[ple = sup ————. el =suple)l. lele = [¢]. + lo].
x#y ()C, y) X
and we observe that ¢ — |¢|, defines a norm on H,(P?™"). )
If z € C, z = s + it, and the z-homogeneous function f on V is of the form
f = ¢ ® h%, with ¢ € H.(P¢7"), the action of P on f defines an operator P*
on ¢ by

Pf =PoQ®h®, ie Pox)= /fp(g-X) lgx|® du(g).

Then we have the following (see [10], Theorem A)

Theorem 5. Let d > 1 and assume that the closed subsemigroup S generated by
supp p satisfies condition i — p. For s € I, assume [ lgl*v?(g)du(g) < oo for
some § > 0. Then, for any & > 0 sufficiently small, the operator P* on H,(P?~")
has a spectral gap, with dominant eigenvalue k(s):

P =k(s)(v' ® e* + Uy),

where v¢ ® e° is the projection on Ce® defined by v*,e* and U, is an operator
with spectral radius less than 1 which commutes with v¢¥ Q e*. Furthermore, if
Sz =1 # 0,z =15 4 it, then the spectral radius of P* is less than k(s).

If s = 0, P* reduces to convolution by 4 on P?~! and convergence to the
unique j-stationary measure v° = v was a basic property studied in [5]. In
this case the spectral gap property is a consequence of the simplicity of the top
Lyapunov exponent of p (see [2,9]). The spectral gap properties of P* are basic
ingredients for the study of precise large deviations for the product of random
matrices S, = A, ... A; (see [16, 18]). Here the theorem will be used for the study
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of s-homogeneous P-eigenmeasures on ¥ and ¥\ {0}. In the context of V\{0} we
need to replace P! by S?~! and to use an analogous theorem (see [10]).

2.3 A Choquet-Deny Property for Markov Walk

Here (S, §) is a compact metric space and P is a Markov kernel on S xR = Y which
commutes with the R-translations and acts continuously on the space C,(S x R) of
continuous bounded functions on S x R. Such a set of datas will be called a Markov
walk on R. We define for ¢ € R the Fourier operator P on C(S) by

Plp(x) = P(p ® ey)(x,0),

where e;; is the Fourier exponential on R, e;(r) = e Fort =0, P' = POis
equal to P, the factor operator on S defined by P. We assume that for ¢ > 0 P
preserves the space of e-Holder functions H.(S) on (S, §) and is a bounded operator
on H.(S).

We denote [p]. = sup,., %’?X;ﬂf)l, o] = sup, |px)| for ¢ € C(S).
Moreover, we assume that P and P satisfy the following condition D:

1. Forany ¢t € R, one can find ng € N, p(t) € [0, 1[ and C(¢) > 0 for which

[(P")"¢]. < p(D)[¢]: + C(0)|e].

2. For any ¢ € R, the equation P''¢p = e!%, ¢ € H.(S), ¢ # 0, has only the
trivial solution ¢’ = 1, t = 0, ¢ = constant.
3. Forsome § > 1: Ms = sup,cs [ |al’ P((x,0),d(y,a)) < .

Conditions 1 and 2 above imply that P has a unique stationary measure 7 and the
spectrum of P in H,(S) is of the form {1} U A, where A is a compact subset of
the open unit disk (see [11]). They imply also that for any ¢ # 0, the spectral radius
of P! is less than one.

If Y = V, P is the convolution operator by i on V =P ' xRy (d > 1),
hence S = P! and R% = expR. Theorem 5 implies that condition D is satisfied
if I, # 0 and condition i — p is valid.

Furthermore, for s € I, one can also consider the Markov operator Q on 1%
defined by

1

O f = k(s)e* @ h*

P(fe* @ ).

If for some § > 0, [ |g|*y®(g)dj(g) < oo, Theorem 5 implies that conditions D
are also satisfied by Q.
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We will say that a Radon measure § on Y = § x R is translation-bounded if for
any compact K C Y there exists C(K) > 0 such that (K + t) < C(K) for any
t € R, where K + ¢ is the set obtained from K by translation with z. Then we have
the following Choquet-Deny type property

Theorem 6. With the above notations if the Markov operator P on Y = S xR
satisfies the condition D. Then any translation-bounded P -harmonic measure on Y
is proportionalto w @ [ with | = dt.

This theorem can be used for Y = V and P = 0,if0 < o0 < Soo-

2.4 A Weak Renewal Theorem

As in the Sect. 2.3, we consider a Markov walk P on R with compact factor space
S, a probability v on S such that v ® / is P-invariant. A path starting from S for
this Markov chain will be denoted (X,,, V},) with X,, € S, V}, € R and the canonical
probability measure on the paths starting from x € S will be denoted by “IP,.. We
write also ‘P, = [ “P.dv(x).

For a non negative Borel function on S x R, we write Uy = Y ¢° Pkyr.
We observe that if (x,1) € S xR, ¢y = 1k, then Uy(x,1) is the expected
number of visits to K starting from (x,7) € S x R. In other words Uy (x,1) =
E. (3°5° ¥ (Xk.t + Vi)). Then we have the following weak analogue of the renewal
theorem.

Proposition 2. Suppose that  is a bounded, non-negative and compactly sup-
ported Borel function on S xR. Further suppose that the potential Uy = Y o° Py
is locally bounded and that, for any ¢ > 0,

Vi
lim“]P’U{ — =y >8} =0 with y<0
n—00 n
holds true. Then
1 [ 1 >
lim — ds/Ulp(x,s)dv(x) = —// Y(x,s)dv(x)ds.
t=>oo 1 Jo s ] -0

If ¥ is a non-negative Borel function on S such that lim; o U{(x,t) = 0 v-a.e.,
thenyy =0v ® [-a.e.

3 Elements of Proof of Theorem 1

3.1 Convergence for Radon Transforms

For a finite measure 7 on V we write (w) = n(H,") whereu = tw, t > 0, u €
S, HF = {x € V;< x,w >> 1}. We observe that #) can be considered as an
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integrated form of the Radon transform of 7. Observe that it * n(w) = (u* %8, (%),
hence convolution equations on G x V' can be transformed to functional equations
for Radon transforms.

We will not be able to apply directly the renewal Theorem 4 to the convolution
equation Axp = p correspondingto R = AR'+ B but rather to functional equations
for p and u*. We denote by p; the law of R — B and we begin with the

Proposition 3. With the hypothesis of Theorem 4, we denote by *V% the positive
kernel on S~ given by Theorem 4 and associated with u*. Then one has the
equations on V\{0}

p=2 1 x(p=p).  pOw) =D (W %806~ h).
0 0

Foru € S\ ifa €]0,500], k(o) = 1, the function t — t*~'(p — p1)(u,t) is
Riemann-integrable on 10, oo[ and one has, with ry(u) = fooo 17N(p — p)(u, t)dt

fe(u)
Ly, ()

Jim 1 p(u. 1) = by (ra) = C(0® ® I*)(H,}),

where C > 0 and the probability 6® on A(S) satisfies 1 % (0% ® %) = 0% @ [°.
There exists b > 0 such that P{|R| > t} < bt™*. Furthermore supp p is unbounded
and: In case I: * = V%, in case lI: Co® = C4v§ + C_v%, C4,C_ > 0.

Sketch of Proof
Since |g*| = |g|, the function k(s) is equal to the corresponding function for u*,
condition i — p is satisfied for u* and L,«(a) = L, (a). We observe that the

stationarity equation R — B = AR' can be written in distribution as p — p; =
p— W * p. Also p({0}) = 0, hence we get

p=2 1 x(p=p).  pO0) = (W %86~ )
0 0

on V' \{0}.
In order to use Theorem 4, we need to regularize p — p; by multiplicative
convolution on R% with 1y 1;, hence to consider

1 [ R
) = 1 /0 ¥ = pr) (s x)dx.
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Clearly |r%(u,t)] < o~ 't*~'. By using the conditions E(|4|*"%) < oo and
E(|B|**%) < oo, one can show the existence of §' > 0, ¢(§’) > 0 such that for
t>1,

IFr(u,0)| < c(8t™.

Then Theorem 4 can be applied to f,(w) = r*(u,t), whence, by a Tauberian
argument as in [6], we get the convergence of £* 5(u, t) towards Lul(a) *e(u)* 0% (rg)-
From the existence of « €]0, soo[ With k() = 1, one can deduce the existence of
g € S with |g| > 1, hence supp p is unbounded.

The above formulae and the description of *e%, ¢ in terms of v?, f)ﬂ‘_, VY give
the harmonicity equation u*(c*®[%) = 0*®/*. The boundedness of t* P{|R| > t}
follows from the convergence of t*5(u, t).

3.2 Homogeneity at Infinity of p

The boundedness of t* P{|R| > t} stated in Proposition 3 implies that the family of
Radon measures {t ~*(¢.p); ¢ € R4} is relatively compact in the vague topology.

Proposition 4. Given the situation of Theorem 1, assume that 1 is a vague limit
of a sequence t;%(t, - p) as t, — oo. Then n is translation-bounded and satisfies

wxn=mn.lfnandoc Q I satisfy
n(H,") = (o @ I*)(H),

for any u € S?7' and some positive measure o on S, then n = o @ I1*.

This proposition is based on the moment conditions satisfied by R, A, B, and on
Theorem 6. Using furthermore Propositions 4 and 3, we get the

Theorem 7. With the hypothesis of Theorem 1, we have the following vague
convergence

r1—1>%1+t (t.p) =A=C(c*R1%),

where C > 0.

The above convergence is also valid on any Borel function f such that the set
of discontinuities of f is (0% ® [*)-negligible and such that for some ¢ > 0, the
function |w|™%|log |w||'*¢| f(W)| is bounded.
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3.3 Positivity of C4+, C—

We need to consider processes (dual to X,,) and taking values in (V'\{0}) x R or
S9! x R and we write

S) = A .. AT

Let M be a S*-minimal subsetof SY~'i.e. M = A(S*)incaseland M = A, (S*)
(or (A_(S*)) in case II. We denote by AX(T) the set of u € S?~! such that the
projection of p on the line Ru(u € S?~!) is unbounded in direction u. The following
is the essential step in the discussion of positivity.

Proposition 5. With the hypothesis of Theorem 1, if A3 (T) D M, then for any
ueM

Cu () = lim 1*P{< R,u>> 1} >0,

In order to explain the main points of the proof, we need to introduce some
notations. We observe that R,, satisfies the recursion

< Ryt1,w>=< Ry,w >+ < Byi1,Siw >,

hence (S/w,r+ < R,,w >) is a Markov walk on V\{0} x R based on S~ x R. If
we write

! =r"" w=wu, p=rw|™!
with u € S~! this Markov walk can be expressed on (SY~! x R) x R* as

Pt < bl‘l+la Up >

|g;+1’4n|

— o¥ — ’ Y * —1\—1
Unt1 = &up1-Un, Pnt1 = s b1 = L (g1 tnl Putipy )

We denote by *P the corresponding Markov kernel. Since (S;w,r+ < R,,w >)
has equivariant projection S/ w on V\{0}, we have * P (Fe*®hY) =* e*®h, hence
we can consider the new relativized kernel * P, and the corresponding Markov walk
(ttn, pn, 1)) over the chain (u,, py) € X = M xR.

We denote
*e()t(g*.u)
* o _ * o
q%(u,g) =18 ul o)
and forh = (g,b) € H,
1
h'p = (p+ <b,u>);

lg*ul
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then the Markov kernel * Q“ of the chain (u,, p,) is given by
*0%(u, p) = /@(g* “u, b p)*q® (u. g)d A (h).

We have L,(x) > 0 and M is minimal, hence it is easy to show that *Q“ has a

unique stationary measure k on X, and with respect to the Markov measure *@Z‘ on
X x 2 we have E¢(log™ | p|) < oo and limsup,_, o |S/u|| pn| = co. We observe
that, since L, (o) > 0, the Markov walk (u,, p,,t,) on X x R* has negative drift,
in additive notation.

The condition AX(7) D M implies

k(M x]0, 00]) > 0, limsup |S,u|p, = oo,
n—>oo

for p > 0.
We now consider the following N U {oco}-valued stopping time t on X x §2
defined by

t=1Inf{n>1;p' < R,,u>>0},
and we observe that, by definition of p,, :
T =Inf{n > 1; p"" p,|Siul > 13},

hence p~!p. > 0. Hence 7 (resp. p~! p;|S’u||) can be interpreted as the first ladder
epoch (resp. height) of the Markov walk p~! p,|S!ul (see [4]).

Using Poincaré’s recurrence theorem and lim, o | S, u| = 00 *@‘L’f-a.e. we infer
that 7 < 0o *Q%-a.e.

Let* P, * QT be the stopped kernels of * P, * Q, respectively, defined by 7 and

let * ISJ , x Q“’T be the corresponding relativised Markovian kernels. Then we have
the

Lemma 1. Withtw = u € S, t > 0, we write on X x R*

Yw.p)=P{p ' <Ru>>1t}, Y (v,p) =Pt <p ' <Ru><t+p!

Y= (*e* ®h) Ty, Y = (Fe* @ %)y

< R;,u>}

Then y = 07" P) v, 9 = L5 P v

The proof is analogous to the first part of Proposition 3, in order to get the Poisson
equation ¥, = ¥ —* Py Since p~! p, > 0, the operator * Q7 preserves X =
M x]0,00[. If AZ(T) D M, then k(X4+) > 0. Since ]Eﬁ(log+ |pl) < oo, one can
show that the Markov kernel * Q% has an ergodic stationary measure 7 which is
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absolutely continuous with respect to 1y «. Also we have, using the interpretation

of t as a return time in the dynamical system associated with *@ﬁ and the bilateral
shift,

EG () = /]EZ(f)dKi(u, p) < oo, v =Eg (log(p™ pr|Syul)) €10, oof

with y& = L, («)E (7).

Now we can consider the Markov walk defined by * Iaof on X x R . In view of
the above observations we can apply Proposition 2 to * ISJ and k} ®1. We recall that,
in additive notation, this Markov walk has negative drift —y¥ < 0. If for some u €
M we have Cy (1) = 0,thenfor p > Oandu = tw (¢t > 0) lim;—e0 ¥*(w, p) = 0.

Using Proposition 3 we get lim; o0 ¥*(w, p) = O forany u = tw € M. In
particular, this is valid « -a.e., hence Proposition 2 implies 7 = 0k} ®[-a.e., i.e.

P{t<p '<Ru><t+p'<R,u>=0.

Since p~' < Ry, u >> 0, weget p~' < Rou><0« ®P-ae.,ie < Ru><
0 P-a.e. This contradicts A7(T) D M. One can show that A7 (T) = S?=1 in cases
LI and AX(T) D AL (S*) in case II”, hence C4 > 0.

4 The One-Dimensional Case

If d = 1, the notations and definitions introduced in Sect. 1 make sense. Then
G = R* and H = H, is the affine group “ax + b” of the line. Condition i — p is
always satisfied for any probability p on R*, and the analogue of Proposition 1 is
valid verbatim. For the analogue of Theorem 1 one needs to consider the possibility
that S resp. w are arithmetic, i.e. S is contained in a subset of R* of the form {£a"}
for some a@ > 0. The function k(s) has the explicit form

k(s) = / lal'dp(a).

Also L, = [loglaldu(a) = k’(0). Then, Theorem 1 has the following
analogue, with weaker moment conditions.

Theorem 8. Assume that the probability measure A on Hy and @ on R* satisfy the
following conditions

(a) E(log|A]) <0, k() = 1, for some a > 0.
(b) S is non arithmetic and T has no fixed point.
(c) E(|B|*) < oo and E|A|*|1og|Al]) < oo.
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Then one has the following convergences:
lim t*P{R >t} = C+
—>00

lim |¢|*P{R < —t} = C_.
—>00

Either suppp = R and then C+,C_ > 0 or suppp is a half-line [c,oo[ (resp.
] —o00,c¢]) and then C+ > 0, C— = 0 (resp. C— > 0,Cy = 0).

With respect to [6], the main new situation occurs for the discussion of positivity
of C4, if A, > 0 and the r.v. B, may have arbitrary sign. The proof [17] uses
only the classical renewal theorem and a spectral gap property for the Markov chain
pn on R. If suppA does not preserve a half-line | — oo, c], one considers 7 as the
entrance time of p, into ]0, co[. The spectral gap property gives the finiteness of
E%(z) for any p € R; using Wald’s identity for the random walk log|S,|, one
gets the finiteness and positivity of log |S;| and then one concludes as for d > 1.
Under stronger assumptions, the positivity of C+ has been obtained also in the more
general context of [3], using a complex analytic method for Mellin transform due to
E. Landau, and familiar in analytic number theory. The positivity of C+ 4+ C_ was
obtained in [6], using P. Levy’s symmetrisation method. For an analytic proof of
these facts, using also Wiener-Ikehara theorem, see ([10], Appendix). In contrast to
Theorem 1 and due to the Diophantine character of the hypothesis, the convergences
stated in Theorem 8 are not robust under perturbation of A in the weak topology.
From that point of view, the respective roles of stable laws and of the Gaussian law
are different for d = 1 and ford > 1.
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On Solutions of the Affine Recursion
and the Smoothing Transform
in the Critical Case

Sara Brofferio, Dariusz Buraczewski, and Ewa Damek

Abstract In this paper we present a new result concerning description of asymp-
totics of the invariant measure of the affine recursion in the critical case. We discuss
also relations of this model with the smoothing transform.

1 The Affine Recursion

We consider the random difference equation:
X =4 AX + B, @)

where (4, B) € R* x R and X are independent random variables. This equation
appears both in numerous applications outside mathematics (in economy, physics,
biology) and in purely theoretical problems in other branches of mathematics. It is
used to study e.g. some aspects of financial mathematics, fractals, random walks in
random environment, branching processes, Poisson and Martin boundaries.

It is well known that if E[log A] < 0 and E[log™ |B|] < oo, then there exists a
unique solution to (1). The solution is the limit in distribution of the Markov chain

X; =0,

(2)
X' =A4,X"_, + B,
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which is called the affine recursion (since the formula reflects the action of (4,,, By),
an element of the affine group, on the real line). To simplify our notation we will
write X, = X ,?.

The most celebrated result is due to Kesten [19] (see also Goldie [13]), who
proved that if EA* = 1 for some « > 0 (and some other assumptions are satisfied),
then

lim 1P| X| > 1] = Cy.,
—>00

i.e. if v is the law of X, then v(dx) ~ xl% at infinity.

We are interested here in the critical case, when Elog A = 0. Then, Eq. (1)
has no stochastic solutions. Nevertheless this equation can be written in terms of
measures:

L*V =, 3

where p is the distribution of (A4, B), and u * v is defined as follows

,u*v(f)://f(ax+b)v(dx),u(da,db).

In 1997 Babillot et al. [4] proved that under the following hypotheses
E[(|log A + log™ |B])**] < 0o, P[Ax + B = x] < 1 forallx e R and P[4 = 1] < I
“)

there exists a unique (up to a constant factor) Radon measure v, which is a solution
to (3). The measure v is an invariant measure of the process (2).

Recently we studied behavior of v at infinity and we proved that for any ¢, >
c1 > O,

lim v(cix, e2x) = Cy log(ea/er),
X—>00

for some strictly positive constant C, [5, 7]. In other words we proved that the
measure v behaves at infinity like C ‘i—". Unfortunately this result was proved under
very strong hypotheses. We assumed that exponential moments are finite, i.e.

E[4° + A7 +|B’] < o0 for some § > 0, (5)

moreover in [7] we needed also absolute continuity of the measure [, the law of
log A.

In this paper we consider the affine recursion (2), when B is strictly positive, that
implies also that the support of v must be contained in (0, co). It turns out, in these
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settings the assumptions of our previous results can be weakened and exponential
moments are not really needed. We restrict ourself to the aperiodic case, i.e. we
assume the law of log A is not contained in any set of the form pZ for some
positive p. Our main result is the following

Theorem 1. Assume that (4) is satisfied, the measure [ is aperiodic and the
following holds

E[(|log 4| + log" B)*™*] < o, (6)
and
E[|log B|] < oo, B >0, as. (7

Then for every function ¢ € C.(R™T)

du
lim / ¢ (uz"")v(du) = C4 / ¢ (u)—
z—=>+o00 Jp+ Rt u
for some strictly positive constant C.

Moreover for every c| < ¢,

lim v(u: ¢z <u < cz) = Cqlog e 8)
7—>00 C1

Notice that comparing with the main result of [5] we replace requirements
of exponential moments (5) by much weaker assumption (6) and we assume
additionally positivity of B. The integral condition in (7) is needed to control
behavior of B and of the invariant measure in some small neighborhood of 0, and it
is unnecessary if B > § a.s. for some § > 0.

A complete proof of this result will be given in Sect.3. The idea is the
following. First one has to find some preliminary estimates of the measure v
under the hypothesis (4). Here we will just deduce from results contained in [5],
that there exists a slowly varying function L(z) such that the family of measures
8 —1%v

L(z)
L(x)‘i—x (Proposition 1). Next applying the duality principle ([12], p. 609), thanks
to positivity of B, we prove that the measure v is indeed bounded by the logarithm,
more precisely we will show v(0,z) < C(1 + logz) (Proposition 2). Finally for an
arbitrary compactly supported function ¢ on R™ we consider the function

converges weakly to C fi—", i.e. the measure v(dx) behaves at infinity like

7o) = [ e wia,
R+
defined on R, as a solution of the Poisson equation

LR fo = fo + ¥y 9
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where ¥4 is defined by the formula above, i.e. ¥ = [ *r f3 — f4. Then knowing
already some estimates of the function f; (and our preliminary estimates are
sufficient for that purpose) one can describe its asymptotics. There are two different
methods. The first one bases on the classical results of Port and Stone [24, 25],
who just solved explicitly the Poisson equation in the case when 7t is absolutely
continuous. Nevertheless for our purpose much less is needed and the appropriate
argument was given in [5]. The second method was introduced by Durrett and
Liggett [11]. Thanks to the duality lemma they reduce the Poisson equation to the
classical renewal equation, i.e. to an equation of the form (9), but with 1 replaced
by a measure with drift and ¥4 replaced by some other function. In order to prove
Theorem 1 we follow here the arguments given in [5]. The second method in the
context of the affine recursion was considered by Kolesko [20] and in more general
settings of Lipschitz recursions by two of the authors [6].

2 The Smoothing Transform

The measure v described in Theorem 1 is not a probability measure, but only a
Radon measure. However it turns out that this measure appears in a natural way
while studying purely probability objects. Here we will shortly present how this
result and the methods can be used to study the smoothing transform.

To define the (inhomogeneous) smoothing transform take (B, A, A, ...) to be
a sequence of positive random variables and let N be a random natural number. On
the set P(R) of probability measures on the real line the smoothing transform is
defined as follows

N
,LLI—)Z(ZAJX]-FB),

j=1

where X1, X, ... is a sequence of i.i.d random variables with common distribution
W, independent of (B, A1, As,..) and N. Z(X) denotes the law of the random
variable X. A fixed point of the smoothing transform is given by any u € P(R)
such that, if X has distribution u, the equation

N
X =4) A;X;+B, (10)
j=1
holds true. Notice that if N and A;, B are constants, the equation above character-
izes stable laws as a particular case of (10).

We are interested also in a more specific case of (10). Taking B = 0 we obtain
the homogeneous smoothing transform, i.e.

N
X =4 ) AX. (1)

i=1
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Both stochastic equations described above are important from the point of
view of applications. Equation (11) plays it role in description of e.g. interacting
particle systems [11] and the branching random walk [1, 16]. In recent years, from
very practical reasons, the inhomogeneous equation has gained importance. This
equation appears e.g. in the stochastic analysis of the Pagerank algorithm (which in
the heart of the Google engine) [17, 18] as well as in the analysis of a large class of
divide and conquer algorithms including the Quicksort algorithm [23,26].

Although (10) and (11) look similar to (1), often they turn out to have completely
different properties. While studying Eqs. (10) and (11) main concern is to describe
the right hypotheses for the following issues: existence of solutions, characterization
of all the solutions and finally, description of their properties.

2.1 Homogeneous Smoothing Transform

We start first with description of the homogeneous smoothing transform. The
properties of fixed points of Eq. (11) are governed by the convex function

N
m(0) = E[ZA?}. (12)

J=1

To exclude the trivial case we make the assumption EN > 1. The first question that
can be asked here is about existence of solutions of (11) and if there are any, what
are all of them. The most important results are contained in the work of Durrett and
Liggett [11] and in a series of papers of Liu e.g. [21]. They proved that the set of
solutions of (11) is nonempty if and only if there is @ < 1 such that m(a) = 1
and m’(«) < 0. Moreover the parameter « describes the asymptotic of the Laplace
transform of solutions. Their proofs goes via the Poisson equation as described in
the previous section (of course some additional assumptions are needed). All their
results are formulated in terms of the Laplace transform, but applying the Tauberian
theorem for o < 1 they give the correct asymptotics of X, a solution of (11). Namely
they imply

o

tgn;o tPX >t]=C,ifm' () <0 and lim P[X > t] = Gy if m'(a) = 0.

t—o0 logt

Unfortunately the Tauberian theorem does not give the optimal answer when o = 1,
e.g. if m’(a) = 0 one can only deduce the weaker asymptotics

/J P[X > t]dt ~ C,logx as x — oo.
0

Thus, the results of [11,21] are sharp only fora < 1.
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It turns out that to study the case @ = 1 one has to reduce the problem to
the random difference equation (1). For reader’s convenience we sketch here the
arguments due to Guivarc’h [15], which work in the case when N is constant and A;
are i.i.d. For the general case see [8,22].

Let X be a solution to (11). We introduce probability measures: let 1 be the law
of X, 6 the law of Zf\[:z A; X;, p the law of A. We define new measures: v(dx) =
xn(dx), p(da) = ap(da). Then, it turns out that the measure v is u invariant for
w(dadb) = N p(da) ® 0(db) defined on RT x R*, i.e. u and v satisfy (3). Indeed
for any compactly supported function on R* we have

v(f) = /R v = A  fxn(@9) = B[/(0X]
N N N
= E[f(ZAiX,-) ZA,-X,} = NE[f(Ale + ZAiX,-)Ale}
i=1 i=1 i=2

=N / / / flax + b)axp(da)n(dx)6(db)
= // flax + b)(N p(da) ® 6(db))v(dx)

://f(ax+b)u(dadb)v(dx)

Assume now that m (1) = 1, m’(1) < 0 and there exists 8 > 1 such that m(B) = 1.
Then observe, that p is a probability measure and moreover

/loga,u(dadb) = N/logaﬁ(da) = N/alogap(da) =m'(1) <0,

/aﬂ_lu(dadb) = N/aﬂp(da) =m(B) = 1.

One can easily check also other assumptions of the Kesten theorem, thus v(dx) ~
C+ﬁ = C+X%, n(dx) ~ C+% and finally P[X > t] ~ C1t~P (we refer
to [15,22] for all the details).

Exactly the same argument is valid in the critical case when m(1) = 1 and
m’(1) = 0. In fact this is the case which appear in the literature in the context of
branching random walks [1, 16]. Then we reduce the problem to the affine recursion
in the critical case and applying Theorem 1 one proves that P[X > t] ~ Cyt~!
(see [8] for more details).

2.2 Inhomogeneous Smoothing Transform

The inhomogeneous smoothing transform has been studied for a relatively short
time. The problem of existence of solutions was investigated in recent papers of
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Alsmeyer and Meiners [2,3]. Their results are similar to those described above (and
also formulated in terms of the function m). They proved that if m(«) = 1 and
m'(«) < 0 for some « < 1 (the contracting case) or m(«) = 1 and m’(«) = 0 for
some o < 1 (the critical case) then the set of solutions of (10) is not empty.

To study asymptotics one cannot reduce the problem as in the homogeneous case
to the affine recursion. Nevertheless one can apply exactly the same methods, which
give results for the affine recursion. This problem was studied by Jelenkovic and
Olvera-Cravioto [17, 18] in the contracting case. Assuming that for some > «o:
m(B) = 1 and m’(B) > 0 and extending the Goldie’s implicit renewal theory [13],
they proved that P[X > t] ~ C4t~P. Positivity of the limiting constant C was
recently proved in [9]. The critical case is the subject of the forthcoming paper [10].

3 Proof of Theorem 1

3.1 Preliminary Estimates

In order to prove that the sequence §,—1 * v has a limit, one has to prove first that
divided by an appropriately chosen slowly varying function it is weakly convergent.

Proposition 1. Suppose that (4) is satisfied and log A is aperiodic. Let v be an

invariant Radon measure not reduced to a mass point at 0. Then there exists a
§ —1 %V

positive slowly varying function L on Rt such that the family of measures o

converges weakly to C ‘2—“ for some strictly positive constant C.

Proof. This proposition was indeed proved in [5] (Theorem 2.1). However the result
stated there was written in the multidimensional settings and for this reason was
slightly weaker than we need here. More precisely, it was proved in [5] that the
family of measures is weakly compact and all accumulation points are invariant
under the action of the group generated by the support of A. Nevertheless notice
that in our settings this group is just R*, thus any accumulation point  must be
of the form n(da) = Cn%. Moreover the slowly varying function is of the form
L(z) = 8,—1 * v(P), where @ a compactly supported Lipschitz function (for the
precise definition of L see [5]). Since

. b1 xv(D) L
e

the constant C,, must be equal ( @(a)‘i—")_1 and does not depend on 7. O
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3.2 Logarithmic Estimates

Proposition 1 implies in particular that the function z + v(0, z) is bounded by some
slowly varying function. Now we are going to prove that thanks to our addition
assumptions this function is bounded just by a multiple of the logarithm.

For this purpose, let us recall the following [4] explicit construction of the
measure v. Define a random walk on R

So =0,
(13)
Sy, =log(A;...A,), n>1,
and consider the downward ladder times of S,,:
Ly=0,
(14)

Ly =inf{k > L, ;S < SL,_,}
Let L = L;. The Markov process { X7 } satisfies the recursion
XZ” = M”XZ”_I + Qns

where (Q,,M,) is a sequence of i.i.d. random variables. Notice that {X,,}
is a contracting affine recursion possessing a stationary measure. Indeed since
E[log’4] < oo, we have —oo < ES; < 0. Moreover E[log™ (0,)] < oo (see
[14]). Therefore there exists a unique stationary measure v;, of the process {Xy, }.
Next we define the measure vy putting

L—1
w(H = [ B[Y o o, (1s)
n=0

for any continuous compactly supported function f.

One can easily prove that vy is u invariant. At this point we cannot deduce that
vg = Cv for some positive constant C, since we don’t know whether v, is a Radon
measure. However this will be proved below.

Proposition 2. Assume that (4) and (7) are satisfied. Then vq is a multiple of v.
Moreover there exists a constant C such that for every bounded nonincreasing
nonnegative function f on Rt

o0 d
/ f(u)v(du)<C(||f||oo+ / f(y)—y)
R+ 1/e y

In particular for every ¢ > 0
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1
——v({d 16
/;w log!t¢(2 + u)v( W) < 0o (16

andforz > 1/e
v(0,z7) < C(2 + logz). (17)

Proof. Notice that since X' > A;... A,x

L—1 L—1
win = [, E[;ﬂxm}vudm - [, E[;)f(es’w))}w(dx).

Define the stopping time 7/ = inf{n : S, > 0}, where S, = Y ;_,log A;.
Let {W;} be a sequence of i.i.d. random variables with the same distribution as the
random variable S7/ (recall 0 < ES7 < 00). Using the duality principle [12] we
obtain

L—1 9]
vo(f) < /RJr El:r;)f(esnx))}vL(dx) = /]R+ E[;f(er+"'+W"x)i|VL(dx)-
(18)

Let U be the potential associated with the random walk W} + ... 4+ W, i.e.
U(a,b)=E[#n: a<Wi+...+ W, <b].

By the renewal theorem U(k, k + 1) is bounded, thus we have

< .- Wi+ W,
wih) = [ E[;f(e 9@
< §A+ Uk, k + 1) f (e"x)v.(dx)

< 3 k X).
_C,;:)/w (e x)vi @)

Next we divide the integral into two parts. First we estimate the integral over (1, co)

Z/ eva(dx)<Zf Z/

k=—1

k+1

- /_ Sy = f(y)—

1/e



146 S. Brofferio et al.

Secondly, for 0 < x < 1 we write
[log x|

g)/olf(ekX)VL(dx)S/ (Z Z ) e*x)vy (dx)

k=0 k=|log x|

1 00
< C||f||oo/0 [og x|ve(dx) + 3 7 (e*
k=0

1 () d
scufnoo/O |logx|vL(dx>+/1/ <.

We will justify that the first term above is finite. Notice that if x,y € R™ and

x +y < 1then |log(x + y)| < |logx|. Observe also that X; < X; forx < y.
We write

1
/ |10gx|vL(dx)=/ E[|long‘-l{Xi<1}]vL(dx)
0 R+
< [ B[ l1o 0] 1i3g.p a0
A1Ay.. . ALB
= | og (B2

< E[IS.] + |log Bi| + [log A;|] < .

Therefore

© d
w(f) < C(ufnoo + f(y)—y).
1/e y

Taking f* = 1o« we prove that vy is a Radon measure. Since vy is also p invariant,
v must be just a multiple of vy (recall that in the class of Radon measures the solution
of (3) is unique up to a multiplicative constant, [4]). In particular the last inequality
is valid for v instead of v. Putting f(u) = m and next f(u) = 1jo4(u) we
complete the proof. O

3.3 Translation of the Invariant Measure v.

It will be convenient for our purpose to change slightly the measure v and to consider
the measure v defined by

5= [ o= e,
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The crucial property of ¥ is that its support is contained in (1, 00), so it does not
contain 0, that allows us to avoid some technical problems. Let fi be the law of the
random pair (4, A + B — 1), then ¥ is ji invariant:

fxd(f) = IE|:/R+ f(Ax+1) + B - l)ﬁ(dx):|

= IE|:/R+ f(Ax+ B — l)v(dx):| = /R+ f(x = Dv(dx) = v(f).

Notice that both measures v and v have the same behavior at infinite, and the family
of measure §,—1 * v and §,—1 * D converge to the same limit (of course assuming
that they really converge, what we still have to prove). Thus, for our purpose it is
sufficient to consider v. However notice that although both measures u and i are
similar they satisfy slightly different hypotheses. The projections on the A-part of
and [t coincide and one can easily prove that j fulfills hypotheses (4) and (6). But
the random variable 4 4+ B — 1 may happen to be negative with positive probability,
thus fi may not satisfy assumption (7). Nevertheless, we are only interested in
behaviour of v and ¥ at infinity, so we will use the fact, that we already know,
that v satisfies both (16) and (17).

From now we consider measures v and ji instead v and p, but to simplify our
notation we will just write v and . However the reader should be aware that we are
in a slightly different settings and from now instead of (7) we assume:

* Hypothesis (4) and (6) are satisfied;
e The measure v satisfy (16) and (17).

3.4 The Poisson Equation

In order to understand the asymptotic behavior of the measure v one has to consider
the function

fon) = [ gt i
that is a solution of the Poisson equation

xR fo = fo + ¥y (19)

for a peculiar choice of the function v, that is

Vo = W *r fo — fo-
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Under a number of assumptions concerning /4 one can describe asymptotic
behavior f;. Here we formulate the known results, based on the methods introduced
by Port and Stone [24,25], which we are going to use. For proofs we refer to [5,24].

Let it be a centered aperiodic probability measure on R with the second moment
02 = [ x*i(dx). The Fourier transform of 1z, £(8) = [; €™*’Ti(dx) is a continuous
bounded function, whose Taylor expansion near zero is ﬁ(@) = 14 0(6?) and such
that |1 —z(0)] > 0 forall & € R\ {0}. We consider the set .% (jt) of functions ¥
that can be written as ¥ (x) = % fR e_i"glﬁ(é?)d f for some bounded, integrable,

complex valued function Iﬁ verifying the following hypothesis

* Its Taylor expansion near O is

¥ (0) = J(¥) +i0K(y) + 0(6%)

for two constants J(y) and K(v),

e The function 6 — l‘”_(ﬁ_(?) - 1[—44) (0) is integrable for some a € R.

The following result was proved in [5].

Theorem 2. There exists a potential A, that is well defined on ¥ (i) and such
that Ay (x) is a continuous solution of the Poisson equation (19). Furthermore if

J(¥) = 0 then Ay is bounded from below and

AV
1m =

x—>Foo X

+o2J(Y). (20)

If additionally J(¥) = 0, then Ay is bounded and has a limit at infinity

lim Ay (x) = Fo 2K (). 1)

Corollary 1. If J() = O, then every continuous solution of the Poisson equation
bounded from below is of the form

f =4y + G

for some constant Cy. Thus every continuous solution of the Poisson equation is
bounded and the limit of f(x) exists when x goes to +00.

Conversely if there exists a bounded solution of the Poisson equation, then Ay
is bounded and J () = 0. In particular the first part of corollary is valid.

The next lemma describes a class of functions in .% (i) that we will be used later
on and that have the same type of decay at infinity as ft. In particular we see that if
I has exponential moment then .% (ft) contains functions with exponential decay.

Lemma 1. Let Y a random variable with the law i, then the function

r(x) =E[[Y — x| —|x]
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is nonnegative and

7o) — 1
oy =c O]

for 6 # 0. Moreover if E|Y |*T¢ < oo for some ¢ > 0 then

r(x) < ————,
()_1+|x|3+£

r is in (@) and for every function ¢ € L'(R) such that x*¢ is integrable the
comvolutionr *g C is in F ().

Proof. The first part of the Lemma follows from the formula

—2E[(Y 4+ x)1y4x<o] for x >0

22
JE[(Y + ¥)ly1rg] for x <0 22

rx) = {

and was proved in [5]. For the second part we just notice, that the last formula
implies for positive x:

reol=2 [ sl =20y [ ¥+ x[E(dy)
y<—x m=1""

(m+1)x<y<—mx

- _ - lr C
52'me H(dY)§2'me W#(@’)SXH_S-
m=1 |y|>mx m=1 R

It is clear that if E|Y|**® < oo thenr € Z (). If ¥ = r % ¢ with ¢ and
x2¢ in L'(R) then it is easily checked that both ¥ and x2v are integrable. Since

V= ff = C%f and f vanish at infinity then ¥ € % (it) O
Lemma 2. If ¢ is a continuous function on R™ such that for 8 > 2

Cc

| (u)| < m,

then the functions fy and [t x f4 are well defined. Furthermore if ¢ is Lipschitz and
B > 4, then

AL /R+ “ﬁ(e_x(au + b)) — (e Fau)|v(du)u(dbda)dx < co.  (23)
and

[Yp ()] < m,

for y =min{ — 1,3 + ¢}.
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Proof. Assume first x < —1. In view of (17) we have

fowl = [ el < [ e

o0

1
<c / L
nZ:: en<u<ent1 (N —x)P

0

C XI:I nlﬁ/ v (du)

e tx <y<entxtl

. 1
— v(du
2=: Z mﬁ|x|ﬁ /e\n+r§u<en+r+l ( )

ml|x|<n<(m+1)|x|

v(du)

IA

o~ 1 c X1
C _ vidn) < —— I
- mZ=1 mﬁ|x|f5 /u<e(m+1)\x| (du) = |x|f5—l mZ=1 mb—1
C
< T .2 1°
= x|t

To proceed with positive x notice that, by (17), for every y € R* and g/ > 2,
arguing as above, we obtain:

n=0"¢

1
o(du) < / () + EELEN
/1;‘1 1+ (10g+(J’|“|))ﬁ ylul<t Z r<ylul<ert 1+ ”ﬂ

o0
<C+Cllogy|+C Y < C(1 + |logy|)

n=1

THn T =
(24)

Hence | f3(x)] < C(1 + x)if x > 0.
Finally f, is continuous, hence for x € (-1, 0) is bounded. Thus

1
<C|l 1o+ ———1.<
T (T N e =y

Consider now the convolution of f, with . First if x > 0, then

T fy(0| < C /R (1+ x + y)E@y) < C(1 + |x]).



On Solutions of the Affine Recursion and the Smoothing Transform in the Critical Case 151

Next if x < —1, then since E|log A|*T¢ < oo, we have

@

C C
< ——————ﬂww+———/’ v [*Tdy)
/zy<|x| L+ [x + y[f! 1XI**¢ Japyizx

C
=< PR
— 1+ |x|X0

W*ﬁ@ﬂfé

for yo = min{f — 1,4 + ¢}. The function & * f, is also continuous, hence finally
we obtain

_ 1
5 £o0 = € (0 Db+ bz

Next we have

/0 // )d)(e_x(au—i-b))—q&(e_xau)‘v(du),u(dbda)dx
—00 JG JRE
< /O // |¢(e_x(au+b))|v(du),u(dbda)dx
—o0 JG JRY
+ [;LAd |¢(e_xau)|v(du),u(dbda)dx

< /_Ooo /Rd \qb(e_xu)\v(du)dx—i-/_(;o/G/Rd ¢ (e au)|v(du)pu(db da)dx

0 0
< [l [ [ foolas

and in view of our previous estimates both integrals above are finite.
For x > 0 we divide the integral of ‘q&(e"‘au) —pe™(b + au))‘ into several
parts and we use the following inequality, being a consequence of the Lipschitz

property of ¢:

1
—_— —_— 0 —_—_—
lp(s) —¢p(r)| = Cls —r| e T T Qo P

where 6 < 1—2/f and B/ = B(1 — 0) > 2. We denote by 14 the law of A.
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Case 1. First we assume || < e2. Then by (24)

/|b<e% Aﬁ }¢(e—xau) —pe™ (b + au))}v(du)u(db da)

1
sc/ / e—“|b|"( . :
bl<e3 JR+ 1+ (log™ (e=*alul))?

1
+
1 + (log™ (e=~|au + b|))#

) v(du)u(db da)

—0x/2 1
=Ce (/R+ /R+ [+ (log* (e—auyp @141

1
" /]R+ 1+ (log™ (e |ul))?’ U(du))

< Ce_ox/z[l +x +/ |10ga|uA(da)} < Ce b%/4,
R+

Case2. We assume au < 2|au + b| and |b| > e2. Notice first

C 44-¢ C
dbda) < ———— 1+ (log™ |b dbda) < ————.
/|b>e§M( a)_1+x4+S/R+( + (log™ |b]) )u( @) = T

and

/Ib\ 5 (|loga| + log |b|) pu(db da)
>e

C

+ 3+¢ + Cc
< W/(;(l—l—(ﬂogﬂ—l—log [b])""" (log™ |b|+|log al)u(db da) < TE o

x3te®

Then, proceeding as previously, we have

/ A“'dlawl )¢>(e‘“‘au) — e (b + au))‘v(du),u(dbda)

|b|>e2

< 2/%\u|<2\uu+b| max {|¢(e_xau) , |q§(e_x(b + au))\}v(du)p,(db da)

X
|b|>e?2
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1
: ¢ /|b>e% /Rd 1+ (log+(e—xa|u|))ﬁ V(du)ﬂ(dbda)

C
<C x + |loga| + )u(dadb) < ———.
[, (e ogal + Ntdaan) <

Case 3. The last case is a|u| > 2|au + b| and |b| > e2. Then |u| < 28l and we

. a
obtain

/ Au\zzwm ‘qﬁ(e"‘au) —pe (b + au)))u(du)u(dbda)

b|>e2
= C/ / v (du) i (db da)
[b|>e2 \u\<%
SC/ (1 +log|b| + [logal) u(dbda) < _c
lb|>e? 1+ e
We conclude (23) and the required estimates for v,. 0

Proof (Proof of Theorem 1). First, we are going to prove that the limit

lim / ue ™ )v(du) = T(¢) :== —20 2K(¥y) (25)
x—>+o00 Jp+

exists and is finite for a class of very particular functions, namely for functions of
the form

) = /R F(O)E(e ), 26)
where
F(t) = E[| — log A, — 1] — |¢] @7)

and ¢ is a nonnegative Lipschitz function on RT such that ¢(u) < e ?Hogll for
some y > 0.

For this purpose we are going to prove that v, is an element of .% (&) and
J(¥y) = 0. Then, by Corollary 1, the function f4(x), is a solution of the
corresponding Poisson equation, and thus it is bounded and has a limit when x
converge to +00.
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In view of (7),

1
<C gy
P = /R T+ o — log ]

- C / 1+ |t —log |u|>Te + |¢]3F¢
14+ |10g |u||3te 1+ |t —log|ul|?te

e_Vltldt

/(1 + [t r)eMar < <

< —_— e —
I+ |10g|bt||3+‘E T L+ [log ful [Pt

Thus by Lemma 2, fy, fr, & * fs and @t * f; are well defined. Furthermore since

¢ is Lipschitz ¥, is bounded, and x*(x) is integrable on R. We cannot guarantee
that ¢ is Lipschitz, but we can observe that

s = [ [ roge it = [ [ e+ ozendovan = r s g
and

o fo(x) =rsr (I fo)(x).

Hence

Vo = fo—W* fo=r*(fe—mx f) =r* Y.

Therefore, by Lemma 1, ¥4 € % ().
Furthermore J(/4) = 0. In fact,

/R Y (xX)dx = /G /R N /R |:§<e_x+10g(|au|)>—g',(e_"'HOg|““+h|>]dxv(du)u(dbda)
= // (/ g“(e_")dx—/ §(e_x)dx)v(du)u(dbda) =0.
G JrRT \JR R

Observe that we can apply the Fubini theorem since ¢ is Lipschitz and, by Lemma 2,
the absolute value of the integrand in the second line above is integrable. Hence

J(Wy) = AIW(X)‘ZX = /Rr * Yr(x)dx = /Rr(x)dx . /R Ye(x)dx = 0.
By Corollary 1, we have

Jo =AYy + Cy (28)

where Cy is a constant. Thus, f; is bounded.
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In particular the same holds for fo,, where

@, (1) =Ar(1)e—Y‘f+1°g‘“"dz.

Since zero does not belong to the support of v, lim,_,_o f(x) = 0 and by
Theorem 2

—Cp = lim _Ayy(x) = o 2K ().

Thus when x goes to —oo the limit of sy exists which is possible only if /g is
constant and is equal to —o 2K (V). Finally

lim fo(0) = lim_Ayy(x) = 0 2K(Yy) = —20 2K ()

x—>+00

and we obtain (25).
Fix ay > 0. Since @, > 0 for every function ¢ € C.(R™) there exists a constant
Cy such that |¢| < C4@®,. Thus the family of measures on R

00—, %6 V(@) = /R RGN

is bounded, hence it is relatively compact in the weak topology. Let 1 be an
accumulation point for a subsequence {x,} that is

lim 8= *G v($) = n(@) V¢ € C.(R). (29)
n—o0
The measure 1 is RT invariant [5], thus n must be of the form n(da) = CU‘%.

A standard argument proves indeed that for any continuous non negative function
such that ¢ < C4®,, not necessarily compactly supported,

n(¢) = nlggo S0.e—m) *G V().

In particular the last formula holds for @, (1) = fR r(t)e—l"’f +1°g‘””dt, since
r’(@)/) = C?] '/'Ri ¢y(u)% Then:

__TI@
! fR’; q)y(”)%u

does not depend on 5. Thus, finally, we deduce that the limit

lim / N ¢ (uz" v (du)
R

z—>+o00
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exists for every function ¢ € C.(RT) and defines a Radon measure A on R™.
This limiting measure must be R invariant, therefore is of the form C %, that by
a standard argument implies also (8). For the proof of strict positivity of C see [5]
(Theorem 5.1). O
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Power Laws on Weighted Branching Trees

Predrag R. Jelenkovi¢ and Mariana Olvera-Cravioto

Abstract Consider distributional fixed-point equations of the form

RZ f(0.Ci.R:.1<i <N),

where f(-) is a possibly random real-valued function, N € {0,1,2,3,...} U {oo},
{C;}ien are real-valued random weights and {R;};en are iid copies of R, inde-

pendent of (Q, N,Cy,Cy,...); Z represents equality in distribution. Fixed-point
equations of this type are important for solving many applied probability problems,
ranging from the average case analysis of algorithms to statistical physics. In this
paper we present some of our recent work from [26-28, 36] that studies the
power tail asymptotics of such solutions. We exemplify our techniques primarily

on the nonhomogeneous equation, R Z Z,N:l CiR; 4+ O, for which the power
tail of the solution, P(R > t), can be determined by three different factors: the
multiplicative effect of the weights C;; the sum of the weights Y C;; and the
innovation variable Q.

1 Introduction

Our recent work on the analysis of recursions on weighted branching trees is
motivated by the study of the nonhomogeneous linear fixed-point equation
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N
RZYCRi +0. (1)

i=1

where (Q, N, C1, Cy,...) is a real-valued random vector with N € N U {oo},
N = {0,1,2,3,...}, P(|]Q] > 0) > 0, and {R;};en is a sequence of iid random
variables independent of (9, N, Ci, C,, ... ) having the same distribution as R. This
recursion has been proposed as a stochastic approximation of Google’s PageRank
algorithm and possibly other ranking schemes of large information sets, e.g., the
World Wide Web (WWW); see [26, 46, 47] and the references therein. There it
is argued that the stochastic approach is helpful in understanding the qualitative
behavior of PageRank given the large scale nature of the WWW. These types of
weighted recursions, also studied in the literature on weighted branching processes
[42] and branching random walks [10], are found in the probabilistic analysis of
other algorithms as well [1,40,43]. The homogeneous (Q = 0) version of (1)
has been studied extensively in the literature of weighted branching processes and
multiplicative cascades, see [2,6,10,17,23,24,30,33, 34, 38,48] and the references
therein.

We now give some more details on the PageRank motivation that was mentioned
above. PageRank assigns to each page a numerical weight that measures its relative
importance with respect to other pages. We think of the Web as a very large
interconnected graph where nodes correspond to pages. The Google trademarked
algorithm PageRank defines the page rank as:

1—d R(p;)
R(p)=——+d _ T )
pjEM(pi) P
where, using Google’s notation, py, ps, ..., p, are the pages under consideration,

M(p;) is the set of pages that link to p;, L(p;) is the number of outbound links
on page p;, n is the total number of pages on the Web, and d is a damping factor,
usually d = 0.85. While in principle the solution to (2) reduces to the solution of
a large system (possibly billions) of linear equations, we believe that finding page
ranks in such a way is unlikely to be insightful.

In particular, the division by the out-degree, L(p;) in Eq.(2), was meant to
decrease the contribution of pages with highly inflated referencing, i.e., those
pages that basically point/reference possibly indiscriminately to other documents.
However, the stochastic approach reveals that highly ranked pages are essentially
insensitive to the parameters of the out-degree distribution, and high ranks most
likely occur either due to a pointer by a very highly ranked neighbor, or by pointers
of a very large number of neighbors. Hence, PageRank may not reduce the effects
of overly inflated referencing.

A stochastic approach to analyze (2) is to multiply it by n and consider a typical
node on the graph
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Rg(l—d)+d§:& 3)
D:’

i=1 !
where d > 0, dE[1/D] < 1, N is a random variable independent of the R;’s and
D;’s, the D;’s are iid random variables satisfying D; > 1, and the R;’s are iid ran-
dom variables having the same distribution as R. In terms of recursion (2), R is the
scale-free rank of a random page, N corresponds to the in-degree of that node, the
R;’s are the ranks of the pages pointing to it, and the D;’s correspond to the so-called
effective degrees of each of these pages. The experimental justification of these
independence assumptions can be found in [45]. This stochastic setup was first intro-
duced in [47], where the process resulting after a finite number of iterations of (3)
was analyzed. Further generalization of (3) leads to (1), which was recently analyzed
in [26,40].

Furthermore, in computer science, a well known divide-and-conquer paradigm
is used for designing efficient algorithms, where a problem is recursively divided
into two or more sub-problems, until the sub-problems become simple enough to be
solved directly. Such approach naturally leads to a recursive analysis, which in the
case of randomized algorithms, often results in stochastic recursions of the type in
(1). Among these, the most widely analyzed algorithm is Quicksort, whose analysis,
after an appropriate normalization introduced in [41], reduces to the stochastic fixed
point equation

RZUR +(1-U)R + 0,

where U is uniform, Q = Q(U), {R;, Ry} are independent copies of R and
independent of (U, Q); for recent work see [18, 39] and the references therein.
Similar binary equations also appear in the analysis of sequential absorption
(packing) problems on a line, see Eq.(19) in [9]. Such problems are used for
modeling memory fragmentation, advance reservation, particle absorption, e.g.,
see [15] and the references therein. Multidimensional versions of the fixed-point
equation (1) have been considered in [39,40] and more recently in [13].

In general, many applied probability problems, appearing in the average case
analysis of algorithms and statistical physics, reduce to distributional fixed-point
equations of the form

RZ f(Q.Ci,Ri,1<i <N +1), (4)

where f(-) is a possibly random real-valued function, N € N U {oo}, the {C;};en
are real-valued random weights and {R;};en are iid copies of R, independent of
(Q,N,Cy,C,,...). For example, as discussed in [27], one can study the following
distributional equations
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N N N
R 2 (\/CiRi)VQa R 2 (\/C,-R,-)—i—Q, R Z (ZCiRi)VQ- Q)

i=1 i=l1 i=l1

The solutions to equations of this type can be recursively constructed on a weighted
branching tree, where N represents the generic branching variable and the {C;};en
are the branching weights. For this reason, we also refer to (4) as recursions
on weighted branching trees. The maximum recursion, the first one in (5), was
previously studied in [5] under the assumption that 0 = 0, N = oo, and the {C;}
are real-valued deterministic constants, and the case of Q = 0 and {C;} > 0 being
random was studied earlier in [25]. Furthermore, these max-plus type stochastic
recursions appear in a wide variety of applications, see [1] for a recent survey.

Special cases of the preceding recursions are important in many applied prob-
ability areas. For example, selecting N = 1 in (1) yields the fixed-point equation
satisfied by the first order autoregressive process. When Q = 1, C; = 1, the steady
state solution to (1) represents the total number of individuals born in an ordinary
branching process. Similarly, by setting N = Q = 1 and X; = log C; in the first
equation in (5), one obtains the well studied supremum of a random walk and in
particular the waiting time in the GI/GI/1 queue. By choosing the distributions of
N, Q or C; appropriately, all of these recursions can lead to heavy-tailed solutions.

In this paper we present some of our recent work from [26-28, 36] that studies
the power-tail asymptotics of the solution R to the preceding distributional fixed-
point equations; all the omitted proofs can be found in these references. We will
exemplify our techniques primarily on the nonhomogeneous equation (1), for which
the tail of the solution, P(R > t), can be determined by three different factors:
the multiplicative effect of the weights C;; the sum of the weights > C;; and the
innovation variable Q. In addition, to simplify the exposition, we only present the
results for the case where (Q, N, Cy, Cy, .. .) is nonnegative and, when appropriate,
we comment on the corresponding real-valued extensions.

First, we study the multiplicative effect of the weights by extending the implicit

renewal theory of Goldie [19], which was derived for equations of the form R 4
f(Q,C,R) (equivalently N = 1 in our case), to cover recursions on weighted
branching trees. The extension of Goldie’s theorem is presented in Theorem 1 of
Sect. 3, and it enables the characterization of the power-tail behavior of the solutions
R to many equations of the form in (4), e.g., those stated in (1) and (5). One of the
observations that allows this extension is that an appropriately constructed measure
on a weighted branching tree is a renewal measure, see Lemma 1.

Then, in Sect. 4, we develop the necessary large deviations techniques that will
enable us to study the tail behavior of P(R > ¢) when it is determined by the sum
of the weights, Y C;, or the innovation variable Q. The key technical contribution
is the derivation of uniform bounds (in # and x) for the distribution of the sum of
the weights in the nth generation of a weighted branching tree, P(W, > x), given
in Propositions 1 and 2. These uniform bounds are used to establish the geometric
rate of convergence of the iterations of the fixed-point equation (1) to the solution
R constructed in Sect. 5.
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Next, we exemplify the techniques we have developed on the nonhomogeneous
linear recursion (1). In this regard, in Sect. 5, we first construct an explicit solution
(13) to (1) on a weighted branching tree and then provide sufficient conditions
for the finiteness of moments and the uniqueness of this solution under iterations
in Lemmas 5 and 6, respectively. However, the fixed-point equation (1) can
have additional stable solutions that do not satisfy Lemma 6, as it was recently
discovered in [3]. Earlier work for the case when {C;}, Q are deterministic real-
valued constants can be found in [4, 42]. Furthermore, it is worth noting that our
moment estimates are explicit, see Lemma 4, which may be of independent interest.
Our first main result about the constructed solution R to (1) is given in Theorem 2,
where through the extension of the Implicit Renewal Theorem it is shown that the
multiplicative nature of the weights can lead to a power-tail behavior. Informally,
our result shows, under some moment conditions, that

H
P(R>x)~— as x = oo,
x(){

where « is a solution to E vazl Ci"] = 1. In addition, for integer power

exponent (¢ € {1,2,3,...}) the constant H can be explicitly computed as stated in
Corollary 1. Furthermore, for non integer o, we will explain how Lemma 2 can be
used to obtain an explicit bound on H.

When the conditions for the Implicit Renewal Theorem fail, the tail behavior

of R can be determined by P (Zf\':l Ci > x) or P(Q > x). Using our work on
the large deviations of weighted random sums we give the corresponding results in
Theorems 3 and 4, respectively. In particular, it is shown that if P (Zf\;l C > x)

or P(Q > x), are regularly varying with index « > 1, and certain moment
conditions are satisfied, then, respectively,

N
P(R > x) ~ HgP (ZCi>x) or P(R>x)~ HoP(Q > x)

i=1

as x — oo, for some explicit constants Hg, Hp > 0. Lastly, we point out that we
focus here only on the heavy-tailed solutions to (1), but it is known that (1) can also
have light-tailed solutions, see [20] for the N = 1 case and the discussion after
Theorem 2.2 in [34] for the general branching case.

We conclude the paper with a brief analysis of other non-linear recursions, e.g.,
those stated in (5), that could be studied using the extension of the Implicit Renewal
Theorem. The main difficulty in applying Theorem 1 is in verifying the conditions
of the theorem for a specific fixed-point equation. In this regard, we argue that the
two technical lemmas, Lemmas 7 and 8, can be helpful for this purpose.

The rest of the paper is organized as follows. Section 2 contains the construction
of the weighted branching tree. In Sect. 3 we present the extension of the implicit
renewal theorem to trees and, in Sect.4, we derive the uniform large deviation
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bounds for P(W, > x). Section 5 exemplifies our techniques on the nonhomo-
geneous linear equation (1), and Sect. 6 briefly discusses how the developed tools
can be applied to other fixed-point equations, e.g., those in (5).

2 Weighted Branching Tree

First we construct a random tree 7. We use the notation @ to denote the root node
of .7, and A,, n > 0, to denote the set of all individuals in the nth generation of
T, Ao = {@}. Let Z, be the number of individuals in the nth generation, that is,
Z, = |A,|, where | - | denotes the cardinality of a set; in particular, Zy = 1.

Next, let Ny = {1,2,3,...} be the set of positive integers and let
U =2 (N4)* be the set of all finite sequences i = (i1, ia,...,i,), Where
by convention NS)F = {0} contains the null sequence @. To ease the exposition, for
asequence i = (iy,i,...,ix) € U we write i|jn = (i1, i3,...,i,), provided k > n,
and i|0 = @ to denote the index truncation at level n, n > 0. Also, fori € A4,
we simply use the notation i = iy, that is, without the parenthesis. Similarly, for
i=(y,...,iy)wewilluse (i, j) = (i1, ..., iy, j) to denote the index concatenation
operation, if i = @, then (i, j) = .

We iteratively construct the tree as follows. Let N be the number of individuals
born to the root node @, Ng = N, and let {Nj}icyixp be iid copies of N. Define
now

Ay={ieN:1<i <N}, A, ={(i)eU:icd,1.1=<i, <Ni}. (6)

It follows that the number of individuals Z, = |4, in the nth generation, n > 1,
satisfies the branching recursion

Z,= Y M.

i€Ad,—

Now, we construct the weighted branching tree 7y ¢ as follows. We start by
assigning the vector (Qg, Ng, Cg,1), Cw2),...) = (Q,N,Cy,Cy,...) to the root
node @. Next, let {(Qi, Ni, Ci.1y, Ci2), - - - ) Yieuizp be a sequence of iid copies of
(Q,N,Cy,Cs,...). Recall that Ny determines the number of nodes in the first
generation of .7 according to (6), and assign to each node in the first generation
its corresponding vector (Q;, N;, Ci 1), C 2), . . . ) from the preceding iid sequence.
In general, for n > 2, to each node i € A,_; we assign its corresponding vector
(0i. Ni, Cii,1), Ciiy, - - . ) from the sequence and construct A, = {(i,i,) € U :i e
An—1,1 <i, < Nj}. For each node in 9 ¢ we also define the weight I1(;, ;) via
the recursion

i, =G, g, iy = Cain iy, 1> 2,
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Fig. 1 Weighted branching tree

where IT = 1 is the weight of the root node. Note that the weight I1;, ;. is equal
to the product of all the weights C. along the branch leading to node (i, ..., i,), as
depicted in Fig. 1. In some places, e.g., in the following section, the value of Q may
be of no importance, and thus we will consider a weighted branching tree defined by
the smaller vector (N, Ci, C», ... ). This tree can be obtained from .7 ¢ by simply
disregarding the values for Q. and is denoted by 7¢.

The objective of this paper is to present a variety of results that analyze recursions
and fixed-point equations embedded in this weighted branching tree.

3 Implicit Renewal Theorem on Trees

In this section we present an extension of Goldie’s Implicit Renewal Theorem [19]
to weighted branching trees. The observation that facilitates this generalization is the
following lemma which shows that a certain measure on a tree is actually a product
measure; a similar measure was used in a different context in [11]. Throughout the
paper we use the standard convention 0% log0 = 0 for all « > 0, and the notation
xT = max{x, 0}, x~ = —min{x, 0}.

Lemma 1. Ler J¢ be the weighted branching tree defined by the nonnegative
vector (N,Cy,Cs,...), where N € N U {oo}. Foranyn € Nandi € A,, let
Vi = log IT;. For o > 0 define the measure

un(dt) = e E | Y 1(Vied) |, n=12,...,
i€4,

and let n(dt) = wy(dt). Suppose that there exists j > 1 with P(N > j,C; >
0) > O such that the measure P(logC; € du,C; > 0, N > j) is nonarithmetic,
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E [Z,N=1 C,-V] < oo for some 0 <y < a, and E [Zf\;l C,-“] = 1. Then, n(:) is a

nonarithmetic probability measure on R that places no mass at —oo and has mean

o) N
ué/ un(du) = E | Y C%logC;
0 j=1

Furthermore, ,(dt) = n*™"(dt), where n*" denotes the nth convolution of n with
itself.

Note that £ [Zf\;l C,-V] <ooand E [Z,N:l C,-“] < oo for 0 < y < « implies

E [Z:N=1 C*(log C,-)_] < 00, and therefore the mean of 7(-) is well defined.

We now present Theorem 3.1 of [27], which is a generalization of Goldie’s
Implicit Renewal Theorem [19] that enables the analysis of recursions on weighted
branching trees. Note that except for the independence assumption, the random vari-
able R and the vector (N, Cy, C5,...) are arbitrary, and therefore the applicability
of this theorem goes beyond the recursions that we study here. When this theorem
is applied to specific recursions, one can use the nature of the recursion to verify
the conditions of the theorem. Typically, it is the absolute integrability in (7) that
requires the most work. Throughout the paper we use g(x) ~ f(x) as x — oo to
denote limy— 00 g(x)/f(x) = 1.

Theorem 1. Let (N, Cy, C,,...) be a nonnegative random vector, where N € N U
{oo}. Suppose that there exists j > 1 with P(N > j,C; > 0) > 0 such that the
measure P(logC; € du,C; > 0, N > j) is nonarithmetic. Assume further that

0 < E[X) CilogC] < oo E[L) c] = 1 E[2) €] < oo for
some 0 < y < a, and that R > 0 is independent of (N, Cy, C, ...) with E[RF] <
oo forany 0 < B < a. If

/oo P(R>t)—E il(CjR>t) 17t < o0, (7
0 =t
then
P(R>1t)~ Ht™, t — o0,
where 0 < H < oo is given by
1 N

oo
H = / v P(R>v)—E | Y 1CR > ) | | dv.
E[Zyleflong] 0

Jj=1
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Remark 1. (i) As pointed out in [19], the statement of the theorem only has content
when R has infinite moment of order «, since otherwise the constant H is zero.
(ii) This theorem was recently generalized in Theorem 3.4 of [28] to incorporate
real-valued weights {C;} and real-valued R. The proof utilizes the matrix analogue
of the renewal theorem from [44]. (iii) When the {logC;} are lattice-valued, a
similar version of the theorem was derived by using the corresponding Renewal
Theorem for lattice random walks, see Theorem 3.7 in [28]. (iv) To see that

the condition E [Z?’:l C }/] < oo for some 0 < y < « is needed, consider

the following example. Fix k > 2 to be such that 4 = Y22, 1/(j(logj)*)
and B = Y 72, (logj + 3loglog j)/(j(log j)’) are both smaller than 1/2, and
choose C = e where X is exponentially distributed with mean (1 — A4). Now
set C; = C/(j(logj)?) for j > k and C; = 0 otherwise (N = 00). Then,
E[X52,6] = 1and B[S, CilogC | = 471 = 4= B) > 0, but

E [Zj’;k C}/] = oo forany 0 < y < 1. (v) As noted in [19], the early ideas
of applying renewal theory to study the power tail asymptotics of autoregressive
processes (perpetuities) is due to [31] and [22].

Sketch of the proof of Theorem 1. Let J¢ be the weighted branching tree defined
by the nonnegative vector (N, Cy, Cy,...). Foreachi € A, and all k < n define
Vik = logll; note that ITy; is independent of Njj but not of N for any
0<s <k—1. Also note that ijn = isincei € A4,. Let %, k > 1, denote
the o-algebra generated by {(Ni, Cin.Cip,...) i€ d4;,0<j <k— 1}, and let
Fo=0(9,82), [Ty = 1. Assume also that R is independent of the entire weighted
tree, J¢. Then, for any ¢ € R, we can write P(R > e') via a telescoping sum as
follows

P(R>é")

n—1
= Z E Z I(IlkR > ¢') | — E Z 1(ITy 41 R > €")
k=0

(ilk)e Ay (ilk+1)€Ar 4

+E| ) 1UL,R>e)

(iln)€A,
n—1 Nijk
=Y E Z 1(ITyk R > e') — Z 1(ITy Cipe )R > ')
k=0 (ilk)e Ay j=l1

+E| Y 1U,R>e)
(iln)€A,
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n—1 Nl
=Y E| X E[1R> &7 = 3G R > €| 7
k=0 (ilk)e Ay j=1

+E| > 1(T,R>e")
(iln)eAl'I

Now, define the measures p, according to Lemma 1 and let

N

va(dt) = pi(dn). gty =e* [P(R>e)—E|> 1(C;R>e) ||,
k=0 j=1

r)=e"P(R>¢") and  8,()=e"E| Y 1(Ty,R > e
(iln)eA,

Recall that R and (Ni., Cejk.1), Cijk2), - - - ) are independent of %, from where it
follows that

Nijk
E| 1(R> €)=Y " 1(ChppyR > &™) | F | = Vg (1 — V).

J=1

Then, forany f € Randn € N,

n—l1
r@) =Y E| Y kgt = Vi) | +8,(0) = (g% va-)(0) + 8, (2).

k=0 (ilk)e Ay

Next, using the assumptions of the theorem, one can show that §,(t) — 0 as
n — oo, and furthermore,

r(t) =g *v(t),

where v(df) = Y po, n*k(dr); see [27,28] for more details. Now, the result would
follow from the key renewal theorem for two-sided random walks if it were not
for the fact that g is not necessarily directly Riemann integrable. To overcome this
difficulty one can introduce a smoothing transform, similarly as it was done in [19],
and apply the two-sided key renewal theorem [8] to the transformed equation to
show that

r

e_t/ v*P(R > v)dv — H, t — oo.
0
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Finally, by a version of the monotone density theorem (see Lemma 9.3 in [19]), one
derives

P(R>1t)~ Ht™, t — o0,

where

1 o0
H = —/ g(t)dt
I A

N

1 o
:-/ v ' P(R>v)—E E:I(CjR>v) dv
" Jo :
Jj=1

and p was defined in Lemma 1.

4 Large Deviations Analysis

In this section we give the main technical result that allows the analysis of the
solutions to recursions on weighted branching trees when the conditions for the
Implicit Renewal Theorem do not apply, but either the sum of the weights, Z,N:l G,
or the innovation, Q, has a heavy-tailed distribution. The analysis in these cases is
based on a uniform bound for the tail distribution of the sum of the weights on the
nth generation of a weighted branching tree, which we formally define below.

Let {W, : n > 0} be the process constructed on Jp ¢ via

Wo=0, Wy=) Ol n=1l ®)

ic4,

Since the tree structure repeats itself after the first generation, W, satisfies

N
2
Wy =Y CiWaiyk. ©)
k=1

where {W—1x} is a sequence of iid random variables independent of
(N, Cy, Cy, . ..) and having the same distribution as W,,_;.

We now proceed to compute explicit moment bounds for W,. The next lemma
is the key to this analysis; a generalization to real-valued random variables can be
found in [28].

Lemma 2. Foranyk € NU {oo} let {C; }f-‘zl be a sequence of nonnegative random
variables and let {Y,-}ff:l be a sequence of nonnegative iid random variables,
independent of the {C;}, having the same distribution as Y. For B > 1 set
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p=1[B1€42,3,4,...}, and ifk = oo assume that y ;= C;Y; < 0o a.s. Then,

k Bk
(ch.yi) _Z(Ciyl.)ﬂ E(E[Ypl ﬂ/(p l)E (ZC)

i=1 i=1 i=1

Remark 2. Note that the preceding lemma does not exclude the case when
B B
E [(Zﬁ;l GY.) } = cobut E [(ZL cm) —Zi;l(c,-n)ﬂ} < o0

We now give estimates for the S-moments of W, for § € (0,1] and 8 > 1 in
Lemmas 3 and 4, respectively; their proofs can be found in [27]. Throughout the

rest of the paper define pg = E [va:l Ciﬂ] forany 8 > 0, and p = p;.

Lemma 3. ForO < g <landalln >0,

EW/] < E[Q]p}.

B
Lemma 4. For > 1 suppose E[Qf] < o0, E |:(Z,N=1 Ci) i|< oo, and pV pg < 1.

Then, there exists a constant Kg < oo such that for alln > 0,
EW/[] < Kg(pV pp)".

The main technical result of this section provides a uniform bound (uniform in n
and x) for P(W, > x) under the assumption that either P (Z:N=1 C; > x) € Xy

or P (Q > x) € #—,, where %—, is the family of regularly varying functions with
index —«. For completeness we give the definition below.

Definition 1. A function f is regularly varying at infinity with index A, denoted
f € %, if f(x) = x*L(x) for some slowly varying function L; and L : [0, c0) —
(0, 00) is slowly varying if limy_,oo L(¢x)/L(x) = 1 for any ¢ > 0.

We now state the two main results of this section; their proofs are given in [36].

Proposition 1. Let Zy = vazl C; and suppose P(Zy > x) € %—_q witha > 1.
Assume further that E[Q%T¢] < 00 and py1e < 00 for some € > 0. Fix p\V py <
n < 1. Then, there exists a finite constant K = K(n, €) > 0 such that foralln > 1
and all x > 1,

P(W, > x) < K" P(Zy > x). (10)

Remark 3. Note that we can easily obtain a weaker uniform bound by applying the
moment estimate on E[W,,ﬂ] from Lemma 4, i.e., P(W, > x) < E[W,,ﬂ]x_ﬁ <
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Kg(p v p,g)”x_ﬂ for some 0 < B < «, so the tradeoff in (10) is a slightly
larger geometric term for a lighter tail distribution. However, the assertion in (10) is
considerably more difficult to prove.

The corresponding result for the case when P(Q > x) € Z—, is given below.

Proposition 2. Suppose P(Q > X) € %—q, witha > 1, E[ZR‘,“] < 00 for some
€ > 0,andlet pV py < n < 1. Then, there exists a finite constant K = K(n,€) > 0
such that for alln > 1 and all x > 1,

P(W, >x) = Kn"P(Q > x).

5 The Linear Recursion R = YNGR, + 0

This section focuses on the analysis of the linear nonhomogeneous equation (1),
and it is further divided into the three possible sources of power-law tails of
the solution R. Before we proceed with the analysis, we give below an explicit
construction of R on the weighted branching tree .Jp ¢ and show that, under
appropriate conditions, this solution is the unique limit under iterations of (1).
Recall that throughout the paper we assume that the vector (Q, N, Cy, Cs,...) is
nonnegative.
Define the process {R"},>¢ according to

R™ = Z Wi,  n>0, (11)
k=0

that is, R" is the sum of the weights of all the nodes on the tree up to the nth
generation. It is not hard to see that R satisfies the recursion

Ny N
R =3"CopR'™ " +0s=) CR'"+0. n=z1 (12
j=1 j=l1

where {R;"—” } are independent copies of R”~1 corresponding to the tree starting
with individual j in the first generation and ending on the nth generation; note that
© _
R;" = 0Q;.
Next, define the random variable R according to

oo
RE lim R™ =3 "W, (13)

n—00
k=0
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where the limit is properly defined by (11) and monotonicity. Hence, it is easy to
verify, by applying monotone convergence in (12), that R must solve

Ny N
R=Y "CopR™ +05=> C;R™ + 0.

Jj=1 Jj=1

where {R;oo)} jen are iid, have the same distribution as R, and are independent of
(O,N,Cy,Cy,...).

The derivation provided above implies in particular the existence of a solution in
distribution to (1). Moreover, under additional technical conditions, R is the unique
solution under iterations as it will be defined and shown in the following section.
The constructed R, as defined in (13), is the main object of study in the remainder
of this section. Note that, in view of the very recent work in [3], (1) may have other
stable-law solutions that are not considered here. The lemma below gives sufficient
conditions for the finiteness of moments of R, see [27] for a proof.

Lemma 5. Assume that E[QP] < oo for some B > 0. In addition, suppose that
cither (i) pg < 1if0 < B < 1, or (ii) (o v pp) < 1 and E [(ZL C,-)ﬁ} < o0
if B = 1. Then, E[RY] < oo forall 0 < y < B, and in particular, R < o0 a.s.
Moreover, if B > 1, R™ ﬂi R, where Lg denotes B-norm convergence.

Remark 4. 1t is interesting to observe that for 8 > 1 the conditions pg < 1 and
E (Zf\':l C,-)/3 < oo are consistent with Theorem 3.1 in [2], Proposition 4 in

[24] and Theorem 2.1 in [34], which give the conditions for the finiteness of the
B-moment of the solution to the related critical (p; = 1) homogeneous (Q = 0)
equation.

Next, we show that under some technical conditions, the iteration of recursion (1)
results in a process that converges in distribution to R for any initial condition Rj.
To this end, consider a weighted branching tree .7 ¢, as defined in Sect.2. Now,
define

R £ R"D L W, (RY), n=>1,

where R”~V is given by (11),

Wau(RY) =Y Ry, I, (14)

ic4,

and { R, }ieu are iid copies of an initial value Ry, independent of the entire weighted
tree Jp c. It follows from (12) and (14) that, forn > 0,
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N
Ry, = ZCJR?_I) + Q0 + Wuri1(Rg)

j=1
N n

=GR+ > R5 T Cioinr | + 0. (15)
j=1 €A, k=2

where { R;-"_l) } are independent copies of R”~" corresponding to the tree starting
with individual j in the first generation and ending on the nth generation, and A4, ;
is the set of all nodes in the (n + 1)th generation that are descendants of individual
J in the first generation. It follows that

N
Ry = ZCJR:,j + 0.
i=1

where {R; ;) are the expressions inside the parenthesis in (15). Clearly, {R; it
are iid copies of R, thus we have shown that R is equal in distribution to the
process derived by iterating (1) with an initial condition R. The following lemma
shows that R} = R for any initial condition R} satisfying a moment assumption,
where = denotes convergence in distribution; see [27] for a proof.

Lemma 6. For any initial condition R} > 0, if E[QP], E[(R})P] < oo and pg =
E [ZIN=1 Cl-ﬂ] < 1 for some 0 < B < 1, then

R; = R,

with E[RP] < oo. Furthermore, under these assumptions, the distribution of R is
the unique solution with finite 3-moment to recursion (1).

Remark 5. (i) Note that when E[N] < 1 the branching tree is a.s. finite and no
conditions on the {C;} are necessary for R < oo a.s. This corresponds to the second
condition in Theorem 1 of [12]. (ii) In view of the same theorem from [12], one
could possibly establish the convergence of R = R < oo under milder conditions.
However, since in this paper we only study the power tails of R, the assumptions of

Lemma 6 are not restrictive. (iii) Note that if £ [Z,N= I Ci"] = 1l witha € (0,1],

then there might not be a 0 < 8 < « for which E [Zf\;l C,-ﬂ] < 1, e.g., the case of
deterministic C;’s that was studied in [42].
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5.1 The Case When the Weights {C;} Dominate

In this section we characterize the tail behavior of the distribution of the solution
R to the nonhomogeneous equation (1), as defined by (13), when its power-law tail
behavior is due to the multiplicative effect of the weights {C;}. The main result is
given in the following theorem, which is an application of Theorem 1; see the proof
of Theorem 4.1 in [27] and the remark at the end of this subsection. A generalization
to real-valued weights can be found in Theorem 4.6 in [28].

Theorem 2. Let (Q, N,Cy,C,,...) be a nonnegative random vector, with N €
N U {oo}, P(Q > 0) > 0, and let R be the solution to (1) given by (13). Suppose
that there exists j > 1 with P(N > j,C; > 0) > 0 such that the measure
P (log Cjedu,C; >0, N > j) is nonarithmetic, and that for some a > 0,

0<E[L/, CrlogCi| < o0, E[ XL, CF| = 1, and E[Q%] < oo. In addition,
assume

L E[LY G <tand E[(TV, C,-)a] < oo, ifa > 1; o,
) E [(va=1 C’-a/(1+€))l+€:| < oo forsome0 <€ < 1,if0 <a < 1.
Then,
P(R>1t)~ Ht™, t — o0,
where 0 < H < oo is given by
N

H = ! ]/wv“—l (P(R>v)—E[Zl(C,-R>v):|) dv
0

E I:ZzN=l Clog C; i=1

E[(ZLi Gk +0) - DGR
o [T, ¢ log Ci | '

Remark 6. (i) The nonhomogeneous equation has been previously studied for
the special case when Q and the {C;} are deterministic constants. In particular,
Theorem 5 of [42] analyzes the solutions to (1) when Q and the {C;} are nonnegative
deterministic constants, which, when vazl C¥ = 1,a > 0, implies that C; < 1
for all i and ), C¥logC; < 0, falling outside of the scope of this theorem.
As previously mentioned, the additional stable-law solutions found recently in
[3] for Q and {C;} random also fall outside of the scope of this theorem and
do not satisfy the conditions of Lemma 6. (ii)) When o > 1, the condition

E [(Z,A; ! C,-)a] < oo is needed to ensure that the tail of R is not dominated

by Z,N:l C;. In particular, if the {C;} are iid and independent of N, the condition
reduces to E[N%] < oo since E[C%] < oo is implied by the other conditions; see
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Theorems 4.2 and 5.4 in [26]. Furthermore, when 0 < « < 1 the condition
o o
E [(Zf\;l C,-) ] < oo is redundant since E [(Z,N=1 Ci) ] <E [Z:N=1 Ci‘"] =1,
. . N e/t T .
and the additional condition £ (Zi:l C; ) < oo is needed. When the

{C;} are iid and independent of N, the latter condition reduces to E[N'*€] < oo
(given the other assumptions), which is consistent with Theorem 4.2 in [26].
(iii) Note that the second expression for H is more suitable for actually computing
it, especially in the case of « being an integer, as will be stated in the forthcoming
Corollary 1, after which we will also explain how Lemma 2 can be used to derive
an explicit upper bound on H when « > 1 is not an integer. Regarding the lower

o
bound, the elementary inequality (Zle x,-) > ch: (xF fora > 1and x; > 0,
(see Exercise 4.2.1, p. 102 in [14]), yields

e El0]

T wE I:ZzN=l C# log c,-] -0

Zf:l x}for0<a <1,x; >0, weobtain H < E [Q“]/(aE [va:l C! log C,-]).
(iv) Let us also observe that the solution R, given by (13), to equation (1) may be
a constant (non power law) R = r > 0 when P(r = Q +r Zf\;l C) = 1.
However, similarly as in remark (i), such a solution is excluded from the theorem
since P(r = Q +r Z,N:l C;) = 1 implies E[Y_; C¥log C;] < 0, > 0. (iv) The
strict positivity of the constant H for the real-valued case has very recently been
established in [7], and a version where the weights {C; } are positive matrices and Q
is a positive vector can be found in [35].

o
Similarly, for 0 < « < 1, using the corresponding inequality (Zf;l xi) <

As indicated earlier, when o > 1 is an integer, we can obtain the following
explicit expression for H .

Corollary 1. For integer o > 1, and under the same assumptions of Theorem 2,
the constant H can be explicitly computed as a function of E[R], 0 < k < a —1,
and the mixed moments of order up to o of (Q,N,Cy,C,...) according to the
following expression

N
. ! ]E{Q“Jr > ( ’ )Qf'°ﬂc,-""E[RffJ]

- 0
o [T/ € log C; jeByvy SO T2

where j = (jo, j1. ja.--. ), Bp(n) = {(jo. ji. jo....) e N e 30 _ ke =p. 0 <
Ji < p}. In particular, for o = 1,
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E[Q]

"= E [Z,N:l C; log Ci]’

and for o = 2,

L WO+ 2ERE[0 Y0, G |+ 2B IRIPE [V S G
- 2B L)L, CPlog G

)

E[Q]

E[R] = m

Proof. Using the multinomial expansion we obtain for any k € N

[(Sonso) -Sien]

i=1 i=1

N
= E Qa + Z ( (04 )Qjo H(CiRi)ji

ses— vy \Jos s Jos e

Next, condition on .% = o (Q, N, Cy, C,,...) to obtain

N
E Z ( o )Qjo H(Ci Rl.)ji

i€Bart (N) JOs J1s J25 - - el

:E_ Z( * )QJOﬁCij"E[R{""JGZ]
i=1

| j€Ba1(N) Jos J1s J2,s -

N
- E Z ( o )Qjol_[CijiE[Rji] ) O

L i€Ba—1(N) JOs J1s J2s .- Pl

For the case when o > 1 is not an integer, the same arguments used in the proof
of Lemma 2 (see Lemma 4.1 in [27]) lead to

N « N
E [(Z CiR; + Q) = Z(CiRi)a]
i=1

i=1
o/p

N
<E|Q"+ Z( P )Qf"l_[(CiRi)/f
i=1

jEBp(N) ]03]13]23--'
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where j and B, (n) are defined as in Corollary 1 and p = [«]. Then condition on
F =0(Q,N,Cy,C,,...) and use Jensen’s inequality to obtain

N a/p
H < 1 ]E Q“+( > ( ! )Qf°1'[ciffE[Rff])

) [Z,N:l C*logC; €B, () Jos JisJas - i=l

Note that the moments E[R/], j; < [a] — 1, can be computed recursively as in
Corollary 1. For the case N = 1 the recent work in [16] provides a computable
expression for H.

Two results that facilitate the verification of the conditions in Theorem 1 are
given below in Lemmas 7 and 8 (Lemmas 4.6 and 4.7 in [27]). The first of these
results transforms the integral conditions in Theorem 1 into an expression that
can be verified by using the specific recursion being analyzed. These lemmas can
be directly applied to analyze other max-plus recursions as well, such as those
mentioned in (5). We illustrate the use of these results by giving a heuristic proof of
Theorem 2 at the end of this section.

Lemma 7. Suppose (N, Cy,Cs,...) is a nonnegative random vector, with N €
N U {oo} and let {R;}ien be a sequence of iid nonnegative random variables
independent of (N, Cy,Cs,...) having the same distribution as R. For « > 0,
suppose that Z,N:l(C,-R,-)“ < o0 a.s. and E[RP] < oo forany 0 < B < a.

I+e
Furthermore, assume that E |:(ZlN=l Cia/(HG)) :| < oo for some 0 < € < 1.

Then,

N

o0
05/0 (E [Zl(C,R, > z)} P (lgliagv CiR; > z))z dt

i=1

N o
1 o
= ;E |:E (CiR)" — (lrﬁr}egv CiRi) :| < 00.

i=1

Lemma 8. Let (Q, N, Cy,Cs,...) be anonnegative vector with N € NU {oo} and
let {R;} be a sequence of iid random variables, independent of (Q, N, Cy,Cs,...).

o
Suppose that for some o > 1 we have E[Q%] < oo, E [(Zl]\’:l C,-) ] < 09,
E[RP] < oo forany 0 < B < a, and ZIN=1 CiR; < o0 a.s. Then

N o N
E [(Z CiR; + Q) —Z(C,-R,-)“] < 0.

i=1 i=1
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We now give some of the key high-level heuristics behind the proof of Theorem 2.
The first technical condition to check is that E[R?] < oo forall 0 < B < «a,
which follows from the assumptions in the theorem and our moment estimates from
Lemmas 3 and 4. The majority of the work in the proof goes into verifying the
absolute integrability condition (7). In order to do this, we first observe that

N N
P(R>1)=P (ZC,R,- +0 >z) ~ P (ZC,-R,- >z)

i=1 i=1

for large ¢ since E[Q%] < oo and the weighted sum Y C; R; is expected to have
o
infinite @-moment. Then, under the condition E [(ZINZI C,-) ] < oo (x> 1) we

expect the weighted sum to behave as the maximum according to the well-known
heavy-tailed one-big-jump principle, i.e.,

N
P (ZC,-R,- > t) ~ P (llfr}agv CiR; > t).

i=1

The last observation is that

N
P (llfr}agv C:R;, > t) ~ FE |:Zl(C,-Ri > t):|,

i=1

for large ¢, which is made rigorous in Lemma 7. Hence, the proof is enabled by
adding and subtracting the term P (max;<;<y C; R; > t) inside the integrand in
(7). The rigorous justification of these ideas is quite involved, in part because one
has to understand the second order properties of the preceding approximations, i.e.,
the error term; we refer the reader to [26—28] for the details.

5.2 The Case When the Sum of the Weights Zﬁ\;l C;
Dominates

In this section we focus on the case where P(Zy > x) € #_, for some o > 1,
and p Vv p, < 1. The approach we follow is to first describe the asymptotic behavior
of finitely many iterations of (1), those given by R, and then use the uniform
bound given in Proposition 1 to control the difference |R — R™)|. The first lemma
given below is based on the use of some asymptotic limits for randomly stopped and
randomly weighted sums recently developed in [37].

Lemma9. Let Zy = Z,N=1 C; and suppose P(Zny > x) € ZB—y witha > 1,
E[Q%T€] < 00, pyte < 00 for some € > 0, and p < 1. Then, for any fixed
nef{l,23,...}
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o n—1
_(E[9) 3 k(1= ") P(Zy > x) (16)

P(R™ > x)
(I=p)* =

as x — 0o, where R™ was defined in (11).

Remark 7. In terms of the ranking example given in the introduction, Q usually
refers to a nonnegative personalization parameter that determines what page to go
to in case the algorithm reaches a page with no outbound links (see [46] for more
details).

From Lemma 9 one can already guess that, provided pV p, < 1, the tail behavior
of R will be

(EQ)

P(R > x) -
k=0

oEP(Zy > x)

as x — oo, assuming that the exchange of limits is justified. As mentioned above,
this exchange represents the main technical difficulty. This result was proved in [26]
for the case where Q, N, {C;} are all independent and the {C;} are iid using sample-
path arguments, and in [46] for the case where (Q, N) is independent of {C;} and
the {C;} are iid, using transform methods and Tauberian theorems. A version of the
results presented here that can be applied when Q is a real-valued random variable
can be found in [36].

The uniform bound given by Proposition 1 is the key to establishing that |R —
R™| goes to zero geometrically fast, which is more precisely stated in the following
lemma.

Lemma 10. Let Zy = vazl C; and suppose P(Zny > x) € H%—y with a > 1,
E[Q%T€] < 00 and pgie < 00, for some € > 0. Assume p V py < 1, then, for any
fixed0 <6 < 1,ng€{l,2,...}and pV py < n < 1, there exists a finite constant
K > 0 that does not depend on § or ny such that

. P(JR—R™|>8x) Kprot!
lim < .
X—>00 P(Zy > x) 8°‘+1}10

Combining Lemmas 9 and 10 one can obtain the following result. The proofs of
all the results in this subsection can be found in [36].

Theorem 3. Let Zy = Z,N=1 C; and suppose P(Zy > x) € %—, witha > 1,

E[Q%T€] < o0 and pyie < 00, for some € > 0. Assume p V pg < 1, then,

PR > x) ~ wP(ZN > X)

(1 =p)*(1 = pg)

as x — 0o, where R was defined in (13).
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Remark 8. (i) For the case where the {C;} are iid and independent of N, and
P(N > x) € #Z—y, Lemma 3.7(2) in [29] gives

P(Zy > x) ~ (E[C1])*P(N > x) as x — 00.

(ii) Given the previous remark, it follows that Theorem 3 generalizes both Theo-
rem 5.1 in [26] (for Q, N, {C;} all independent and {C;} iid) and the corresponding
result from Sect. 3.4 in [46] (for (Q, N) independent of {C;}, {C;} iid, E[Q] < 1
and E[C] = (1 — E[Q])/E[N]). (iii) In view of Lemma 9, the theorem shows that
the limits limy_ oo lim, 0o P(R"™ > x)/P(Zy > x) are interchangeable.

5.3 The Case When Q Dominates

This section of the paper treats the case where the heavy-tailed behavior of R arises
from the {Q;}, known in the autoregressive processes literature as innovations. This
setting is well known in the special case N = 1, since then the linear fixed-point
equation (1) reduces to

RZCR+ 0,

where (C, Q) are generally dependent. This fixed-point equation is the one satisfied
by the steady state of the autoregressive process of order one with random
coefficients, RCA(1) (see [12,19,21,31]).

That the innovations {Q;} can give rise to heavy tails when the o mentioned
above does not exist is also well known, see, e.g., [21, 32]; the main theorem
of this subsection provides an alternative derivation of the forward implication in
Theorem 1 from [21] (see also Proposition 2.4 in [32]) for O, N > 0.

The results presented here are very similar to those in Sect. 5.2, and so are their
proofs, which can also be found in [36] and include the case where Q is real-valued.

Lemma 11. Suppose P(Q > x) € #—y, witha > 1, and E[Zj‘(,“] < 00, for some
€ > 0. Then, for any fixedn € {1,2,3,...},

P(R™ > x) ~ Zp]; P(Q > x)
k=0

as x — oo, where R™ was defined in (13).

As for the case when Zy = Zf\':l C; dominates the asymptotic behavior of R,
we can expect that,

P(R>x)~(1=p)" P(Q > x),
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and the technical difficulty is in justifying the exchange of the limits. The same
techniques used in Sect. 5.2 can be used in this case as well. We point out that even
though the condition p < 1 is not necessary for the proportionality constant in
Lemma 11 to be finite, it is required for the finiteness of E[R].

The corresponding version of Lemma 10 is given below.

Lemma 12. Let Zy = Zf\;l C; and suppose P(Q > x) € Z—_o with o > 1,
E[Zj‘(,“] < 00 for some € > 0, and E[QP] < oo forall 0 < B < a. Assume
oV py < 1, then, for any fixed 0 < 6 < 1, ng € {1,2,...}andpV p, <n <1,
there exists a finite constant K > 0 that does not depend on § or ngy such that

. P(JR—R™|>8x) Kprot!
lim < .
x—>00 P(Q > x) §etlng

The main theorem of this section is given below.

Theorem 4. Suppose P(Q > x) € #—,, witha > 1, E[QP] < oo forall 0 < B < a.
Assume pV p, < 1, and E[Z%T€] < oo for some € > 0. Then,

P(R>x)~(1=p) ' P(Q > x)

as x — 0o, where R was defined in (13).

Remark 9. (i) This result generalizes Theorem 1 in [21] for the case N = 1 (the
forward implication, o > 1) to the weighted branching tree when QO > 0. It also
generalizes the results in [26,46] in the same way as Theorem 3 does for the case
where Zy dominates. (ii) It is also worth pointing out that the same sample-path
techniques used here can be used to study the intermediate case where P(Q >
x) ~ KP(Zy > x) for some constant K > 0, which is also analyzed in [46] under
stronger conditions than those stated above.

6 Other Recursions

In this section we show how our techniques can be applied to study other recursions
on trees, e.g., those stated in (5). In particular, we start with the following non-linear
equation

N
R 2 (\/ C,'Ri) Vv Q, (17)

i=1

where (Q, N, C},C,,...) is a nonnegative random vector with N € N U {oo},
P(Q > 0) > 0 and {R;};en is a sequence of iid random variables that have
the same distribution as R and is independent of (Q, N, Cy, C,,...). Note that
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in the case of page ranking applications, where the {R;} represent the ranks of
the neighboring pages, the potential ranking algorithm defined by the preceding
recursion, determines the rank of a page as a weighted version of the most highly
ranked neighboring page. In other words, the highest ranked reference has the
dominant impact. Similarly to the homogeneous linear case, this recursion was
previously studied in [5] under the assumption that 0 = 0, N = oo, and the {C;}
are real-valued deterministic constants. The more closely related case of @ = 0 and
{C;} = 0 being random was studied earlier in [25].

Using standard arguments, we start by constructing a solution to (17) on a tree
and then we show that this solution is finite a.s. and unique under iterations (under
some moment conditions), similarly to what was done for the nonhomogeneous
linear recursion in Sect. 5. Our main result of this section is stated in Theorem 5.

Following the same notation as in Sect. 5, define the process

Vi=\/ @il n=0, (18)

ic4,

on the weighted branching tree Jp ¢, as constructed in Sect.2. Recall that the
convention is that (Q,N,Cy,C,,...) = (Qp, Ng,Cg,1), C2),...) denotes the
random vector corresponding to the root node.

With a possible abuse of notation relative to Sect. 5, define the process { R}, >0
according to

n
R™ = \/ Vi, n>0.
k=0

TJust as with the linear recursion from Sect. 5, it is not hard to see that R®™ satisfies
the recursion

Ny N
R =|\/CopRI ™| vos=|\CR'"|VoO. (19)
j=1 j=1

where {Rﬁ."_l) } are independent copies of R~ corresponding to the subtree
starting with individual j in the first generation and ending on the nth generation.
One can also verify that

Ny n N
2
Vi = \/ Cwi \/ O k....in) l_[ Cik...ijy = \/ CiVin—1)k»
k=1 (Kooorin) €An j=2 k=1

where {V(,—1)x} is a sequence of iid random variables independent of (N, Ci,
C,,...) and having the same distribution as V;,_;.
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We now define the random variable R according to

R 2 lim R™ = \/ V. (20)

n—00
k=0

Note that R™ is monotone increasing sample-pathwise, so R is well defined. Also,
by monotonicity of R™, (19) and monotone convergence, we obtain that R solves

Ny N
\/ C(@J)Rﬁ»oo) Vv Q@ = \/ CjR;oo) Vv Q,
Jj=1 Jj=1

where {Rﬁoo) }jen are iid copies of R, independent of (Q, N, Cy, Cs, . ..). Clearly
this implies that R, as defined by (20), is a solution in distribution to (17). However,
this solution might be co. Now, we establish the finiteness of moments of R, and in
particular that R < oo a.s., in the following lemma.

Lemma 13. Assume that pg = E [Z:N=1 Ciﬂ] < 1 and E[QP] < oo for some
B > 0. Then, E[RY] < oo forall 0 < y < B, and in particular, R < 00 a.s.

L
Moreover, if B > 1, R™ 2 R, where Lg stands for convergence in (E| - |By1/B
norm.

Just as with the linear recursion from Sect. 5, we can define the process {R} as
R ER"DVV(RY, n=>1,
where

Va(R) = \/ R3:ITi, 1)

ic4,

and { R, }iev are iid copies of an initial value Ry, independent of the entire weighted
tree Jp c. It follows from (19) and (21) that

N
n+l \/C R(n 1)\/ \/ Rgll—[C(f """ %) VQ: \/CjR;’k’jVQ’

i€, ; j=1

where {R;"_l)} are independent copies of R”"~! corresponding to the subtree
starting with individual j in the first generation and ending on the nth generation,
and A, ; is the set of all nodes in the (n + 1)th generation that are descendants of
individual j in the first generation. Moreover, {R* } are iid copies of R, and thus,
R is equal in distribution to the process obtalned by iterating (17) w1th an initial
condition Rj. This process can be shown to converge in distribution to R for any
initial condition Rj satisfying the following moment condition.
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Lemma 14. For any Ry > 0, if E[Qf], E[(R})?] < oo and pg < 1 for some
B > 0, then

R; = R,

with E[RP] < oo. Furthermore, under these assumptions, the distribution of R is
the unique solution with finite B-moment to recursion (17).

We now state the main result of this section; see Theorem 5.1 in [27].

Theorem 5. Let (Q, N,Cy, C,,...) be a nonnegative random vector, with N €
N U {oo}, P(Q > 0) > 0 and R be the solution to (17) given by (20). Suppose that
there exists j > 1 with P(N > j, C; > 0) > 0 such that the measure P(logC; €
du,C; > 0,N > j) is nonarithmetic, and that for some o > 0, E[Q%] < oo,

0< E [Z:N=1 C! log Ci] <ooand E [Z:N=1 Ci“] = 1. In addition, assume
o
L E[(ZG) ] <o ifa>150n
N ~a/(4e) TE ,
2 E (XL /) T < ooforsome0 < e < 1if0<a <1,
Then,
P(R>t)~ Ht™, t — o0,

where 0 < H < oo is given by

1 o N
H = ]/ vt (P(R>v)—E|:Zl(C,-R>v):|) dv
0

E I:ZzN=l CilogC; i=1

E[(VIL GR) v 0* = XL (G R
oE [YIL, Ctlog G| ‘

As an illustration of the generality of the developed techniques, we now discuss
another example that is closely related to recursion (17), which is given by

N
RZ(qu)+Q (22)

i=1

where (Q, N, Cy, C3,...) is a nonnegative vector with N e NU {oo}, P(Q >0) >
0, and {R;};en is a sequence of iid random variables independent of (Q, N, Cj,
C,,...) having the same distribution as R. Its analysis could follow very closely
the steps used for the linear and maximum recursions, except that the constructed
solution R would be less explicit. More specifically, one could iterate (22), similarly
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as it was done in (19) for the maximum recursion. To this end, an iteration R could
be constructed as a function of the weights of the first n generations of the tree, and
would solve

N
R =|\/ R | +0.

J=1

where {R;"_l)} is the corresponding iteration obtained on a subtree that starts on

node j in the first generation and ends on the nth generation; clearly {Ryl_l)} isa

sequence of iid random variables. Furthermore, it appears that R is monotonically
increasing in n, see Eq. (37) in [1], and thus its limit R = R = lim,_,00 R™ is
properly defined. In addition, by using monotonicity arguments, one can show that

N
(00)
R =[\/C;R | + 0.
j=l1

where {Rﬁoo) } is the corresponding iterative solution constructed on the infinite
subtree that starts at node j in the first generation. Hence, such a constructed R
is a solution to (22). Also, since R is bounded from above by the solution (13) to
the nonhomogeneous linear equation, sufficient conditions for the finiteness of its
moments can be obtained from the corresponding results for the solution in (13).
Recursion (22) was termed “discounted tree sums” in [1]; for additional details on
the existence and uniqueness of its solution see Sect. 4.4 in [1].
Similarly one could study the third equation from (5),

N
RZ (Z C,-R,) VO,

i=1

by first constructing iteratively an endogenous solution on the weighted branching
tree and then develop the conditions for the finiteness of its moments, etc.
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The Smoothing Transform: A Review
of Contraction Results

Gerold Alsmeyer

Abstract Given a sequence (C,T) = (C,Ty,T,,...) of real-valued random
variables, the associated so-called smoothing transform . maps a distribution F
from a subset I of distributions on R to the distribution of Zi>1 T; X; + C, where
X1, X5, ... are iid with common distribution F and independ_ent of (C,T). This
review aims at providing a comprehensive account of contraction properties of .&
on subsets I" specified by the existence of moments up to a given order like, for
instance, 27(R) = {F : [|x|? F(dx) < oo} for p > 0 or Z'(R) = {F €
PPR) : [x F(dx) = ¢} for p > 1. The metrics used here are the minimal £ -
metric and the Zolotarev metric {,, both briefly introduced in Sect. 3.

1 Introduction

Any temporally homogeneous Markov chain on the real line or a subset thereof may
be described via a random recursive equation with no branching, viz.

Xy = ¥ (Xy1) ey

for n > 1 and iid random functions ¥, ¥,, ... independent of X,. Namely, if P
denotes the one-step transition kernel of the chain and

G(x,u) := inf{y e R: P(x,(—00,y]) >u}, xeR uc(0,1)

its associated pseudo-inverse, then one can choose ¥, (x) := G(x,U,) forn > 1,
where Uy, Uy, ... are iid Unif(0,1) random variables. Provided that the ¥, have
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additional smoothness properties, for instance, to be (a.s.) globally Lipschitz
continuous and contractive in a suitable stochastic sense, stability properties of
(X)n>0 may be studied within the framework of iterated random functions, see [17]
for a survey and [16, 34] for two more recent contributions of interest. Moreover,
any stationary distribution  of the chain is then characterized by the distributional
identity

x £ w(x) )

where X has law 7, ¥ denotes a generic copy of the ¥, independent of X, and

£ means equality in distribution. Equation (2) is called a stochastic fixed-point
equation (SFPE) and 7 (and also X)) a solution to it. The case when ¥ is a random
affine linear function and solutions are called perpetuities has received particular
interest in the literature, see e.g. [5, 20,44] and further references therein.

A random recursive equation with branching occurs if the right-hand side of (1)
involves multiple copies of X),_i, i.e.

Xn = lpn (Xn—l,lv Xn—l,Zs .. )

for n > 1, where (X,—1x)k>1 is a sequence of iid copies of X,—; and further
independent of ¥,. Again, of particular interest and also the topic of this article
is the situation when the ¥, are random affine linear functions, a generic copy thus
being of the form

U(x1,Xx2,...) = ZTkxk +C
k>1

for a sequence of real-valued random variables (C, Ti, T3, ...). This leads to the
so-called (going back to Durrett and Liggett [ 18]) smoothing transform(ation)

S Fe LY TiXe+C 3)
k>1

which maps a distribution F € Z(R) to the law of ), Tx X + C, where
X1, Xs, ... are independent of (C, T1, T3, ...) with common distribution F. It has
been studied by many authors due to its occurrence in various fields of applied
probability: probabilistic combinatorial optimization [1], stochastic geometry and
random fractals [21,33,37], the analysis of recursive algorithms and data structures
[22,36,39,41] and branching particle systems [10, 25].

On the event where

N = Z Lz 0y

k>1
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is infinite, the sum Y k>1 Ty Xy in (3) is understood as the limit of the finite partial
sums Y, _; T X in the sense of convergence in probability. Then . (F) is indeed
defined for all F € Z(R) if

P(N < o00) =1, (A0)
but exists only for F from a subset of &(R) (always containing &) otherwise.

Subsets of interest here are typically characterized by the existence of moments of
certain order, viz.

PP(R) = {F e Z(R) :/|x|p F(dx) < oo} ,

for any p > 0 or, more specifically, the sets of all centered, respectively centered
and standardized distributions on R, that is

Py(R) :

{Fe@l(R):/xF(dx)zo},

Z5(R) {F € PR): /x F(dx) = 0 and /x2 F(dx) = 1} )

Section 4 will provide conditions for .7 to be a self-map on some I” € Z?(R), and
these do not necessarily include (A0O). Under the standing assumption that

P(N >2)>0, (A1)
our goal is then to give a systematic account of conditions under which .% is, in

some sense, contractive on I with respect to a suitable complete metric p and
therefore possessing a unique fixed point in I", characterized by the SFPE

X £3 X+ C )
k>1
when stated in terms of random variables, where X, X», ... are iid copies of X

and independent of (C, Tj, T3, ...). Three types of contraction on (I, p) will be
discussed:

* Contraction, i.e. p(.-(F),.#(G)) < ap(F,G) for all F,G € I and some
a € (0,1).

e Quasi-contraction, which holds if .#” is a contraction for some n € N.

 Local contraction,i.e. p(."(F), " T (F)) < ca" forsome F € I",a € (0,1)
and ¢ € R..

The metrics to be considered here because of their good performance in connection
with . are the minimal L?-metric £, and the Zolotarev metric ¢, for p > 0, both
briefly introduced in Sect. 3.
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Our review draws on results in [35, 38, 40, 42] supplemented by a number of
extensions so as to provide a more complete picture. The last two references may
also be consulted for multivariate extensions not discussed here. Further information
on the set of solutions to (4), especially for the homogeneous case (C = 0), has
been obtained by many authors, see [2,3,6,9, 11, 14, 15, 18, 26, 31], but will not
either be an issue here. The same goes for results on the tail behavior of solutions,
see [7,23,27-30,32].

The rest of this paper is organized as follows. In Sect. 2, a brief introduction of the
weighted branching model associated with .% is given. It provides the appropriate
framework to study the iterates ." of . (Sect.2). As already mentioned, Sect. 3
collects useful information on the probability metrics £, and ¢, and Sect. 4 gives
conditions for . to be a self-map of Z?(R) or subsets thereof. An auxiliary
result on the behavior of the mean values of .#*(F) for F € Z'(R) and as
n — oo is stated in Sect.5. After these preliminaries, all contraction results for
. are presented in the main Sect. 6, with proofs for some of these results included.
Finally, an Appendix provides a short survey of some useful results in connection
with Banach’s fixed-point theorem, the latter being stated there as well. It also
lists some well-known martingale inequalities which form an essential tool for the
proofs of the contraction results and are included here to make the presentation more
self-contained.

2 The Iterates of . and Weighted Branching

In order to study contraction properties of .7, a representation of (" (F)),>1, the
sequence of iterates of . applied to some F € & (R), in terms of random variables
is needed. The weighted branching model to be introduced next and taken from [40]
provides an appropriate framework.

Consider the infinite Ulam-Harris tree

T := N, N:={g}.

n>0

of finite integer words having the empty word & as its root. As common, we
write Vi ...V, as shorthand for (vi,...,V,), |v| for the length of v, and uv for the
concatenation of u and v. If v = v ... v, put further v|0 := @ and v|k := v, ...V,
for 1 < k < n. The unique shortest path (geodesic) from the root & to v, or the
ancestral line of v when using a genealogical interpretation, is then given by

V=2 - V|l »>...> vVvjn—1 —> vn=v.

The tree T is now turned into a weighted (branching) tree by attaching a random
weight to each of its edges. Let 7; (V) denote the weight attached to the edge (v, Vi)
and assume that the 7'(v) := (7;(v));>1 for v € T form a family of iid copies of
T = (T;)i>1. The number of nonzero weights 7; (V) is denoted N (V), thus
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d
NW) = ) Lz = N

i>1
Put further L(@) := 1 and then recursively
L(vi) := L(V)T;(v)
forany v € T and i € N, which is equivalent to
L) = Ty, (@) T,(v|1)-...- Ty, (vin — 1)

forany v =v;...v, € T. Hence, L(V) equals the total weight of the minimal path
from & to v obtained upon multiplication of the edge weights along this path.

With the help of a weighted branching model as just introduced, we are now able
to describe the iterations of the homogeneous smoothing transform in a convenient
way. Namely, if . is given by (3) with C = 0, X := {X(v) : v € T} denotes
a family of iid random variables independent of T' := (7T (V))ver With common
distribution F', and

Y, == ) LWV)XV)

[vl=n

for n > 0, then "(F) = Z(Y,) holds true for each n > 0. We call (¥),>0
weighted branching process (WBP) associated with T @ X := (T'(V), X(V))ver. In
the special case when X(v) = 1 forv € T, it is simply called weighted branching
process associated with T.

It is not difficult to extend the previous weighted branching model so as to
describe the iterations of .# in the nonhomogeneous case when P(C = 0) < 1.
To this end, let C @ T = (C(Vv), T(V))ver denote a family of iid copies of (C, T),
T := (T;)i>1, and X be independent of C ® T. Then defining Y (&) = X (<) and

n—1
Yo o= ) Y LWCW) + Y LV)X(V)

k=0 [v|=k v|=n

for n > 1, it is readily verified that .#"(F) = £ (Y,) holds true for each n > 0.
In this case, we call Y := (Y,)n>0 the weighted branching process associated with
CRTR®X :=(C(v), T(V), X(V))ver-

We proceed to a description of the recursive structure of WBPs after the
following useful definition of the shift operators [-]y, V € T. Given any function
Vof CT®XandanyV € T, put

WCRTR®X) = ¥ (Cvw), T(VW), X(VW))yer) ,

which particularly implies

WCeTRX)) = ¥(C’RTRX],).
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If we think of C ® T ® X as the family of random variables associated with T, then
[C ® T ® X], equals its subfamily and copy associated with the subtree T(v) rooted
at v which is isomorphic to T. Obviously, L := (L(V))yer is a function of T, and
one can easily verify that [L]y = ([L(W)]v)wer With

[LW)]v = Tw, (V) Tw,(VW1) - ... Ty, (VW ... Wy—p)

if w = wy...w,. Hence, [L(W)]y gives the total weight of the minimal path from v
to vw. Notice that, for all v,w € T,

Lvw) = L(v)- [L(W)]v

and therefore

L(vw)

LWl = o

for all w € T if L(v) # 0. For later use, we put
Fn =0 (T(V): V[ =n—1) ®)

for n > 1 and let .%; be the trivial o-field. Observe that .%, D a(L(V) : |v| < n)
foreachn > 0.
Finally, we define

m@) = E|Y || 6)

i>1

for & > 0 which plays an important role in the study of .. For instance, it is well-
known that, if C = 0 (homogeneous case), T > 0 and N is bounded, then .¥ has
nontrivial fixed points in (R ) iff m(«) = 1 and

m'(@) = E[Y T 10g|T;] | <0

i>1

for some « € (0, 1], see [18]. The function m is convex on {6 : m(0) < oo},
satisfies m(0) = EN and possesses at most two values @ < B such that m(x) =
m(B) = 1. If this is the case, then m’(a) < 0 and m’(8) > 0. The value « is called
characteristic exponent of T, owing to its role in connection with the existence of
fixed points of .. Under appropriate regularity assumptions, the value f determines
the tail index of fixed points of ., see [7,27-29]. As for the contractive behavior of
& on ZP(R) or subsets thereof, we will see that m(p) < 1 constitutes a minimal
requirement.
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3 Probability Metrics

3.1 The Minimal LP-Metric

Given a probability space (£2, 2, P), let L?(IP) = L?($2,2,P) for p > 0 denote the
vector space of p times integrable random variables on (£2,2(, P). Then || X |, :=
(E|X|?)'"1/P) defines a complete (pseudo-)norm on L?(P) if p > 1, but fails to do
s0if 0 < p < 1. On the other hand,

(X Y) = |IX =Y,

provides us with a complete (pseudo-)metric on L? (P) for each p > 0.

A pair (X,Y) of real-valued random variables defined on (£2, %, P) is called
(F,G)-coupling if £(X) = F and Z(Y) = G. In this case, we will use the
shorthand notation (X, Y) ~ (F, G) hereafter. For a distribution function F on R,
let F~! denote its pseudo-inverse, thus F~'(u) := inf{x € R : F(x) > u} for
u € (0,1). Then F~(U) has distribution F if £ (U) = Unif (0, 1). Now, for each
p > 0, the mapping £, : Z7(R) x Z?(R) — R, defined by

F.G) :== _inf [IX-Y 7
E(F.G) = ol Il ©)

is a metric on Z?(R), called minimal L?-metric (also Mallows metric in [40]).
Moreover, the infimum in (7) is attained, namely

L, (F,.G) = |[F7'(U) -G (U,

for any Unif (0, 1) random variable U. The following characterization of conver-
gence with respect to £, is easily verified.
Proposition 1. Let p > 0 and (F,)u>0 be a sequence of distributions in 27 (R).
Then the following assertions are equivalent:

¢
(a) F, = F, i.e. limy o0 £, (Fy, F) = 0.
(b) F, > F andlim, e [ |x|7 Fy(dx) = [ |x|? F(dx) < oo.

w
(¢) F, — F and x — |x|? is ui with respect to the F,, that is

a—>00 ;5

lim sup/ |x|? Fy(dx) = 0.
(=a.a)

Moreover, the space (7 (R), L,) is complete for each p > 0.

For any distribution F € 22!(R) with mean value EF := [ x F(dx), let F°
denote its centering, thus F°(t) := F(t +EF) fort € R. The next lemma provides
information about the relation between £,(F, G) and £,,(F°, G°) for p > 1.
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Lemma 1. Given p > 1, distributions F,G € Z??(R) with mean values EF,EG
and a Unif (0, 1) random variable U, it holds true that

€,(F°,G" = |(F7'(U)—EF) - (G™'(U) —EG)||). (8)
£,(F,G) = |(F)™(U) + EF) — (G°)"'(U) + EG)| . )

and therefore

|€,(F.G) — €,(F’.G")| < [EF —EG|. (10)
If p = 2, then furthermore

(3(F,G) = (3(F°,G° + (EF —EG)>. (11)
Proof. For (8)and (9), it suffices to note that F(¢) = F(¢ +EF) obviously implies

(FO)7'(t) = F7'(t) —EF forallt € R.If p = 2, then (9) with X := (F%)~'(U)
and Y := (G°)~'(U) yields

(3(F,G) = E((X —Y) + (EF —EG))’
= EX -Y)*+2EF -EG)E(X —Y) + (EF —EG)?
= B3(F°,G% + (EF —EG)?,
where EX = EY = 0 has been utilized. O

3.2 The Zolotarev Metric

We now turn to an alternative probability metric which is better tailored to situations
where . is contractive on subsets of Z?”(R) with specified moments of integral
order < p.

Let 4 °(R) denote the space of continuous functions f : R — R and €™ (R)
for m € N the subspace of m times continuously differentiable complex-valued
functions. For p = m + o withm € Npand 0 < @ < 1, put

Fp = AL €C"®R) S x) = ()] < |x—y|* forall x,y € R}.

which obviously contains the monomials x xk fork = 1,...,m as well as
x > sign(x)|x|?/c, and x — |x|?/c, for some ¢, € R.. Finally, if p > 1 and
thus m € N, then denote by PPR), 2= (z1,...,2m) € R™, the set of distributions

on R having k' moment z fork = 1,...,m.
Zolotarev [46] introduced the metric {, on £*(R), defined by
5p(F.G) = sup E(f(X) = f(1))] (12)
SE€Fp. (X.Y)~(F.G)
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and nowadays named after him. Via a Taylor expansion of the functions f € §, in
(12), it can be shown that {,(F, G) is finite for all F,G € Z?(R)if 0 < p < 1,
and for all F,G € 22f(R) and z € R™ if p > 1. On the other hand, in the last case
{p(F,G) = oo for distributions F', G € &”(R) that do not have the same integral
moments up to order /. We thus see that {, defines a proper probability metric on
2P(R) only for 0 < p < 1and on 2/ (R) for any z € R™, otherwise. Here we
should add that {,(F,G) = 0 implies F = G because €;"(R) := { f € €"(R) :
£ is bounded} is a measure determining class for each m € Nj.

Given a probability space (§2, 2, P), {,, can also be defined on L? = L?(P), viz.

Ep(X.Y) = ;;gIE(fLY)—;fUU), (13)

and constitutes a pseudo-metric there if 0 < p < 1. If p > 1, then this is true only
on L} = LY(P) := {X € LP(P) : EX* = gz fork = 1,...,m} forany z € R".
Recall that a pseudo-metric has the same properties as a metric with one exception:
{p(X,Y) = 0 does not necessarily imply X = Y (here not even with probability
one: just take two iid X, Y which are not a.s. constant).

A pseudo-metric p on a set of random variables is called simple if it depends only
on the marginals of the random variables being compared, and compound otherwise.
It is called (p, +)-ideal if

plcX,cY) = |c|’ p(X,Y) (14)
forall ¢ € R and
p(X +Z.Y +2) < p(X.,Y) (15)

for any Z independent of X, Y and with well-defined p(X + Z,Y + Z). Obviously,
{p is simple, namely

Ep(X.Y) = §p(F.G)

for any random variables X, Y with respective laws F, G, whereas the L?”-pseudo-
metrics £, are compound. It will be shown in Proposition 2(a) below that {,, is also
(p. +)-ideal on any L} for z € R™. As for the minimal L”-metric, one can easily
see that it is (r, +)-ideal forr = p A 1.

In the following, Z2%(R), L stand for 227(R), L? if 0 < p < 1, and for
2P (R), LY for arbitrary z € R™ if p > 1. The subsequent propositions gather
some useful properties of {,. For a proof we refer to Zolotarev’s original work [46]

Proposition 2. Let p = m + o for somem € Ny and 0 < a < 1. Then {, defined
by (12) or (13), has the following properties:

(a) ¢pisa (p,+)-ideal pseudo-metric on LY.
(b) Forany X,Y € LY,
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1+
£)(X.Y) < H

where ©,(X,Y) :=L,(X,Y)if0<p=0a <1, and

O,(X.Y), (16)

Op(X.Y) 1= L(X. V)X |7 +mLy(X.Y) (Cp(X.Y) + [ Y]|,)"

ifs > 1.

Convergence with respect to the Zolotarev metric is characterized by a second
proposition which may be deduced with the help of the previous one. It particularly
shows that {,-convergence and £ ,-convergence are equivalent.

Proposition 3. Under the same assumptions as in the previous result, the following
properties hold true for ¢ p:

(a) ¢p(Fy, F) — O implies £,(F,, F) — 0 and thus particularly F, = F for any
F . F,F,...€ QZ:(R)

(b) Conversely, L,(F,, F) — 0 implies ©,(F,, F) — 0 and therefore, by (16),
{p(Fu, F) —> Oforany F, Fy, F»,... € 2L (R).

(c) The metric space (2% (R),{,) is complete.

4 Conditions for .7 to Be a Self-Map of &77(R)

In order to study the contractive behavior of . on 7 (R) for p > 0, we must first
provide conditions that ensure that . is a self-map on this subset of distributions
on R. In other words, we need conditions on (C, T') = (C, (T;);>1) such that

ZT,-Xi—l-C e L?

i>1

whenever the iid X, X5, ... arein L?. Choosing X; = X, = ... = 0, we see that
C € L7 is necessary, so that we are left with the problem of finding conditions
on 7 such that Zi>1 T; X; € L7 if this is true for the X;. The main result is
stated as Proposition 4 below and does not need N = Y i>1 Lz 20y to be ass.
finite. Therefore, ) ;. , 7;X; € L7 is generally to be understood in the sense of
LP-convergence of the finite partial sums > '_, T: X;, which particularly implies
convergence in probability. Before stating the result let us define

ZPR) = {Fe@”(R):/X F(dx)zc}

andalso LY :={X e L? :EX =c}forp > landc € R.
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Proposition 4. Let T = (T;);>1 and (X;)i>1 be independent sequences on a given
probability space (82,20, P) such that X1, X», ... are iid and in LP. Then each of
the following set of conditions implies Zizl TiX; e L?:

(i) O<p<land¥, ,|T;|” € L.

(i) 1<p<2 Y0, Ti € LP and ¥, |Ti|? € L.
(iii) 2<p <00, ;s Ti € LP andy ;. T? € LP/%.
(i) 1<p<2 Y, IT|" € L' and EX, =0,

(v) 2<p <00, Y2 T € LP? and EX,| = 0.

Conversely, if 1 < p < oo, then

(a) Y ;o TiXi € L? for any choice of T-independent and iid X, X, ... in L?
implies Yo Ti€LPandy ;. T} € LP/%

(b) > ;o T;X; € L? for any choice of T-independent and iid Xy, X»,... € L}
implies i TP € L7

It should be observed that, in view of (iii) and (v), the implications in the converse
parts (a) and (b) are in fact equivalences if p > 2. It is tacitly understood there that
the underlying probability space (§2, %, P) is rich enough to carry T -independent
iidd X1, X3, ... with arbitrary distribution in &”(RR), which is obviously the case
if it carries a sequence of iid Unif (0, 1) variables. Our proof will show that it is
even enough if there exist T-independent iid X, X, ... taking values £1 with
probability 1/2 each.

Proof. (i) If 0 < p < 1, the subadditivity of x — x? for x > 0 immediately
implies under the given assumptions that

P
E(XITX|| < D EITX|” = BXi|” ) EITi|” < oo

i>1 i>1 i>1

and thus the almost sure absolute convergence of ) ;- 7; X; as well as its
integrability of order p.

(i) Here we argue that (3_;_, 7; X;)n>1 forms a Cauchy sequence in (L (P), ||-| )
and is therefore L”-convergent. First note that E(} ;. , |T3|7) = >, E|Ti|?
implies 7; € L? for eachi > 1, which in combination with X; € L” for
each i > 1 ensures that Z;;m T;X; € L? foralln > m > 1. Denoting by u
the expectation of the X;, we have that (Zf:m T: (Xi — 1)) m<k<n conditioned
upon 7 forms an L”-martingale, for 7 and (X;);>; are independent. Since
1 < p < 2, the even function x + |x|? is convex with concave derivative on
R which allows us to make use of the Topchii-Vatutin inequality (see (44) in
the Appendix). This yields

al

ZTi(Xi )

p n

T) < 2E[X, —pl? Y ITi? as.

i=m
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and then by taking unconditional expectations

1/p

n
DTl

i=m

< 201X = ullp

ZTi(Xi )

P 1

Since Y ., |T;|? € L', the right-hand side converges to zero as m,n —
oo. By using the second assumption ) ;.,7; € L7, we infer that
limy, o0 | Yoi,n T3l » = 0 as well, whence finally

> TiX;
i=m

asm,n — oo.

n

2T

1=m

DY T(Xi—

i=m

< + || —- 0 a7

p

p p

(iii)) Here we use the same Cauchy sequence argument as in (ii), but make use of

Burkholder’s inequality (see (18) in the Appendix). This yields

“(

D Ti(Xi—p)

)4 n r/2
T) < bE (ZTf(Xi—,u)z) T| as.

i=m

for a constant b, € R. which only depends on p. Next, put X,,., :=
Oor_,, TAH)V? forn > m > 1. Given T and X,,., # 0, the vector

T? T?
(Er%:n"”’ Erzn:n)

defines a discrete probability distribution on {m, . .., n}, which in combination
with the independence of T and (X;);>1, the convexity of x — xP/ 2 forx >0
and p > 2 and an appeal to Jensen’s inequality yields

T

T

n T2 P/2
E (Z S5 T (Xi —u)z)

i=m m:n

i=m

n
T?
= (2£;n > 2%) E|X| — pl”

i=m

n p/2
E (Z T (X — mz)

i=m

T?
Eé 2;{1):an1' - /‘Llp

TP EIX) —p|? as.on{X,., >0}
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But if ¥,,., = 0, the inequality is trivially satisfied. Since, by assumption,
EZ‘,Z,,, — 0 as m,n — o0, we now obtain by taking unconditional
expectations and letting m, n tend to infinity that

p
lim E

m,n—00

< BPEIX, —ul’ lim EX), = 0.

Z T:(X; — )

The remaining argument via (17) is identical to the one in the previous case
and thus not repeated here.

@iv), (v) If u = EX;| = 0, the assumption in Zizl T; € L? can be dropped because
then the second term on the right-hand side in (17) vanishes.

The converse part:

(a) By choosing X; = 1fori > 1, we find that >, 7; € L? and are thus left
with a proof of }_,_, T € L?/2. Let now X, X, ... be iid random variables
taking values +1 with probability 1/2 each. Then EX; = 0, X; € L” for any
p > 1,and (Z?:l T; Xi)n>o0 conditioned on 7 forms a L?-bounded martingale.
By another appeal to Burkholder’s inequality (49) (lower bound) and observing

X} =1, it follows that
n p/2
T) > aj (Z le) a.s.

E(
i=1

for a constant @, € R. which only depends on p. Consequently,

p

Xn:TiXi

i=1

p/2 P
1
2
EETI SEEET"X" < 0

i>1 i>1

which proves the remaining assertion.
(b) Here it suffices to refer to the last argument. |

In the following, we say that the smoothing transform . exists in L?-sense if ./
is a self-map on &?”(R). As a direct consequence of Proposition 4, one can easily
deduce:

Corollary 1. The smoothing transform . exists

e InLP-sensefor0<p<1ifC e LPand) ;. |T;|? € L".

o InLP-sensefor1 <p<2ifC, > ..\ T € L? and Yoy TP e L.

o From PV (R) — PP(R) for1 < p <2ifC € LP and Y ., |T;|? € L.
« From ZJ(R) — PV (R) for1 < p <2ifC € L} and ¥, |Ti|” € L.
* InLP-sensefor2 < p <ooiff C,> ;o Ti € L? and Yy ;. T} € LP/2.
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« From Z§(R) - ZJ(R) for2 < p <ooiff C € L{ and ) -, T? e L7,
s From ) (R) > PP(R) for2 < p < iff C € L? and dis1 T? € LP/2.
Conversely, if & exists
* InLP-senseforl < p <2 thenC,y ;o T; € L? and ), T} € LP/%.
« From Z§(R) - ZJ(R) for1 < p <2,thenC € L and ) ;. T} € L2,
In the particularly important case when 77, 75, . .. are nonnegative, a necessary

and sufficient condition for .# to exist in L”-sense can be given for all p > 0 and
follows directly from the previous result if p > 0.

Corollary 2. Let Ty, T3, ... be nonnegative and 0 < p < oo. Then the smoothing
transform ./ exists in L?-sense iff C, Y ;o Ti € L”.

Proof. We must only consider the case 0 < p < 1 and verify that C, Zizl T, eL?
is necessary for . to exist in L”-sense. But choosing X; = 0, we find C € L7,
while choosing X; = 1 for all i > 1 then further implies Zizl T, € L?. O

5 Convergence of Iterated Mean Values

By Theorem 15 in the Appendix, the convergence of .#"(F) to a fixed point in
(£P7(R), £,) follows if . is a continuous locally contractive self-map of this space,
thus

Lp(S"TUF), " (F)) < cd” (18)

for suitable ¢ > 0, @ € [0, 1) and all n > 0. In order to infer uniqueness of the fixed
point, one may consider expected values if p > 1, which provides the motivation
behind the subsequent lemma (see [40, Lemma 1]). Recall that EF := f x F(dx)
for a distribution F € 2! (R).

Lemma 2. Suppose that . exists in L -sense for some p > 1 andlet F € 27 (R).
Then

(a) E(Zizl T;) € (=1, 1) implies

EC

li ESY(F) = ————,
A EE) = s o

and the convergence rate is geometric.
(b) [E(C0) T > 1and EF + (E(Y2, T;) — 1) EC # 0 imply

lim |EZ"(F)| = oc.
n—od
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(¢) |[EQ 5, T)| > 1land EF + (E(Y;5, Ti) — )™ EC = 0 imply

EC

lim E4"(F) = EF = ———
n—00 (F) 1 _E(Zizl T;)
(d) EQ ;s Ti) = 1and EC # 0 imply

lim |[EZ"(F)| = oc.

n—od
(e) E(Zizl T;)) = 1and EC = 0 imply E"(F) = EF foralln > 0.
(f) EQ ;s Ti) = —1implies

ES*(F)=EF and E*"t'=EC —EF

foralln > 0.

Proof. Fixanyn > landlet (C,T), X1, X2, ... beindependent such that Z(X;) =
" 1(F) foreachi > 1. Since Yus1Ti € L' by Corollary 1, we infer upon setting
B :=EQ s, Ti) that

i>1

19)

and then inductively

n—1
ES"(F) = EC Y B+ p'EF.
k=0
All assertions are easily derived from this equation. O

6 Contraction Results for .¥

In view of the results in Sect. 4, Banach’s fixed-point theorem (see the Appendix
for a statement of this result along with some generalizations) ensures existence and
uniqueness of a fixed point of .’ on any of

o PPR) for p >0,

o 2} (R) (aclosed subset of 27 (R)) for p > 1,

. 3”51 (R) (a closed subset of 227 (R)) for p > 2,

e {P-neighborhoods of a fixed distribution F € Z(R),

o Z/R)forp=m+a>1(meN,aec(01])andz € R",

provided that .7 is contractive there with respect to £, (or {,, in the last case).
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Conditions on (C, T') for this to happen will now be presented in a systematic
way. Section 6.1 provides a condition on 7, different for the cases 0 < p < 1 and
p > 1, under which . is a contraction on &?”(R) for p > 0 (besides the canonical
assumption C € L7). Situations when . is still a quasi-contraction on #”(R) or
PP(R) for p > 1 and ¢ € R are discussed in Sect. 6.2. An even weaker property,
namely local contractive behavior of ., which still entails existence and uniqueness
of a geometrically attracting fixed point, is studied for the case p > 2 in Sect. 6.3.
All results presented this far are based on the minimal L?-metric and mainly based
on [40]. In Sect. 6.4, £7-neighborhoods of a fixed distribution F € Z(R) to be
defined there are considered. Drawing on [42], we provide conditions ensuring
contraction or quasi-contraction of .’ on such neighborhoods, an interesting feature
being here that F does not need to be an element of &7 (R). Finally, Sect. 6.5 deals
with the contractive behavior of . with respect to the Zolotarev metric {,, p > 1,
on subsets of &7 (R) with specified moments of integral order is shown under a
simple condition on 7. The contraction lemma used there is from [38, Proposition 1]
(see also [35, Lemma 3.1] for an extension).

6.1 Contraction on &?(R)

Suppose first that 0 < p < 1. Due to the fact that the function x +— x? is then
subadditive on R, this case is the simplest one.

Theorem 1. LetO < p < 1. If
Cel? and wm(p) <1,
then 7 defines a contraction on (#?(R),{,) and has a unique geometrically

attracting fixed point Gy in this space.

Proof. By virtue of the subsequent lemma, . forms an m(p)-contraction. Hence,
the assertions follow from Banach’s fixed-point theorem (Theorem 13 in the
Appendix) in combination with (20). O

Lemma3. LetO < p <1,C e L’and} ;. |T;|” € L'. Then
(S (F), 7(G)) = m(p)L,y(F,G) (20)

forall F,G € &7 (R).

Proof. Pick any F,G € Z?(R) and let (X1, Y1), (X2, Y2),... beiid and (C, T)-
independent random variables with £ (X,) = F, Z(Y1) = G and | X; = V1|, =
£,(F,G). We note that . exists in L”-sense by Corollary 1. Since x +— x” is
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subadditive for x > O and (3_,o, T: X; + C, >, TiYi + C) ~ (Z(F), 7 (G)),
we infer

P
(L (F),L(G) < Y TXi =Y TY;| =R T(Xi—Y)
i>1 i>1 i>1
P
< IXi=NlL,E| D ITI7 | = m(p)L,(F.G).
i>1
which is the assertion. O

Turning to the case p > 1, the result corresponding to Theorem 1 is due to
Rosler [40, Theorem 8] (for the case p = 2, see also [38, Proposition 3]).

Theorem 2. Let p > 1. If

Cel” and | |T|| <1,
i>1
P
then 7 is a contraction on (Z* (R), £,) and has a unique geometrically attracting
fixed point in this space.

Since m(p) < || Y_,~, |Til|ll, for p > 1, we see that in general it takes a stronger
condition for contraction of . than in the case 0 < p < 1.

Proof. Pick any F,G € Z?(R) and then as usual iid and (C, T')-independent
random variables (X1, Y1), (X2, Y2), ... such that (X,Y;) ~ (F,G) and | X; —
Yill, = £,(F,G). Setting X, := Y 7_, |T;|, it follows by a similar argument as in
the proof of Proposition 4(iii) that

]E((Zn:ITi(Xi—Yi)I)p

i=1

T) < SPEIX, - Y|? = ) UL(F.G) as.

for all n > 1 and therefore upon taking expectations, letting n — oo and using the
monotone convergence theorem

L(S(F).7G) < D IT(Xi=1l| < DI €,(F.G).

i>1 i>1
p p

which proves that .# is a contraction on (#”(RR), {,) and thus possesses a unique
geometrically attracting fixed point in this set by Banach’s fixed-point theorem. 0O
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6.2 Conditions for Quasi-contraction if p > 1

Having settled the case 0 < p < 1 with just one condition, viz. m(p) < 1, giving
contraction of .’ and a unique fixed point on (Z?(R),£,), thecase 1 < p < oo
exhibits a more complex picture as shown by three subsequent theorems, which for
p = 2 are all from [40]. The afore-mentioned contraction condition, which figured
in the previous subsection, is now replaced with

p/2

p(T) == m(p) VE| > 17 1)

i>1

p/2

which is still m(p) if 1 < p < 2, butequals |, 77| o

conditions collapse into one if p = 2.

if p > 2. Plainly, the

Theorem 3. Let p > 1. If
Cell and ¢,(T)<]1,
then . defines a quasi-contraction on (2§ (R), £ ,) and has a unique geometrically

attracting fixed point Gy in this space.

Theorem 4. Let p > 1. If

C.Y TieL’. €,(T)<1 and [E|> Ti||l<1.

i>1 i>1
then .7 defines a quasi-contraction on (7 (R), £ ,) and has a unique geometrically
attracting fixed point Gy in this space.

Theorem 5. Let p > 1 andc € R. If

C € Lg’ ZT'I € LP’ (gp(T) < 1, Clnd E ZT'I = 1’

i>1 i>1

then . defines a quasi-contraction on (2! (R), £ ,) and has a unique geometrically
attracting fixed point G. in this space. Moreover, if even Zizl T; = 1 a.s. holds
true, then the G, form a translation family, i.e. G, = 8. * Gg for all c € R.

We proceed to the statement of two contraction lemmata, treating the cases

« p=2and%,(T) =m(p) = | X5, IV < 1.
e p>1and%,(T) < L.
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The proofs of the previous theorems require only the last of these lemmata, but we
have included the other one because the provided contraction constant is better for
p = 2. Recall that F° denotes the centering of F if F € 2! (R).

Lemma 4. Assuming C € L* and )., T? € L', the following assertions hold
true:

(a) & exists from Wg(R) — 2%(R) and

G (F), 2(G%) < | 17| BF’.G (22)

i>1 1

forall F,G € 2*(R).
(b) If also Zizl T; € L?, then .¥ exists in the L*-sense and

2

B (F).7G) < |Y. T} GF.6+|> 1| (EF-EG)’

i>1 i>1

1 2

(23)

forall F,G € 2*(R).
Proof. See [40, Lemma 2] |

The corresponding lemma for p > 1, which appears to be new to our best
knowledge (however, see [38, Eq.(2.10)] for part (a) in the case 1 < p < 2),1is
technically more difficult to prove because p'" powers of sums can be written out
term-wise only for integral p.

Lemma5. Let1 < p < oo, C € L and )", |T;|? € L'. Then the following
assertions hold true:

(a) .7 exists from 2§ (R) — 2P (R) and
L (S (F0), "(G) < by %,(T)"'7 £,(F°,G°) (24)

forall F,G € ZP(R)andn > 1.
(b) Ifalso ) ;o T; € L?, then .7 exists in LP-sense and

Ep(F(F), 7(G))

< b, [%(T)”/l’ £,(F°,G%) + ni i [EF — EG\] (25)
by

< b, (”K—f’ T z) K6, (F, G) 26)
P

forall F,G € 2”(R) andn > 1, where
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kp = [E[D T || ve,()”

i>1

i>1 i>1

and X, = | > (T, —ET)| +b," > T
V4

p

If1 < p <2, we can choose b, = 217 in both parts.
Proof. The existence of .# in the claimed sense is again guaranteed by Corollary 1.

(a) Given any F,G € ZP(R), let (X(v),Y(V))yer be a family of iid random
vectors which is independent of C @ T = (C(V), T (V))ver (having the usual
meaning) and satisfies (X(v),Y(v)) ~ (F° G°) and | X(v) — Y(V)|[, =
£,(F°, G°). Consider two WBP (Z!),>¢ and (Z]),>¢ associated with CQ® T ®
X = (C(v), T(V), X(V))ver and C @ T ® Y, respectively, so that £ (Z)) =
S"(F° and £ (Z!) = .#"(G°) for each n > 0 (see Sect. 2). Furthermore,

Z, = Z,=Z) = Y LWXWV) -Y(V). n=0
|v|=n
defines a WBP associated with T ® X — Y = (T'(v), X (V) — Y(V))ver such that
Ep(L(F°), (G < 1Zy = ZM Ny = 1Zallp

forall n > 0, because (Z),, Z!) ~ (L (F°), " (G")). Write Z, as
k
Z, = LP- 1i L) (X(V) = Y(V/
kggo; (V)X (W) =Y (/)

for a suitable enumeration v!,v2, ... of N” and observe that, conditioned on
T, the right-hand sum forms an L”-martingale in k > 1. As in the proof of
Proposition 4, we must distinguish the cases 1 < p <2 and p > 2 to complete
our argument.

Casel: 1 < p < 2. Then we infer with the help of the Topchii-Vatutin
inequality (44) in the Appendix that

k
E(1Z,|7IT) = 2 lim L7 EIX (W) = Y ()|
j=1
=2 ) [LO)IPEIX(W) = Y(v)|?

Jj=1

= 20,(F°.G")" Y [LW)|” as.

Iv|=n
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One can easily verify that E(}_,—, [L(V)|?) = [ 22,5, IT:|” |} Hence, we
obtain (24) by taking unconditional expectation in the previous estimation.

Case2: p > 2.Put X := Y .., T;(2)> By proceeding as in the proof of
Proposition 4(iii), but with X (i)—Y (i) instead of X; —pwandm = 1,n = oo,
it then follows by use of Burkholder’s inequality and Jensen’s inequality that

P
E( D Ti@)(XG)-YG)| |T
i>1
p/2
< DE[| D T@XG)-Y@O) | |T
i>1
. p/2
= stE| (X ’(212) XD -Y()?| |
i>1
< b ZVE[X(1) - Y(D)]?

< b UH(F’.G%) as.

and thereby

(L (F), (G < | Ti(X@O) =Y@D)| < byl Zll, £,(F°, GO,

i>1
P

where b, only depends on p. This proves (24) for n = 1. But in the same
manner, we obtain for general n

L (L(F),S(G) < | Y LIX (V) =Y (V)

V=
vi=n )

< by IZull, €, (F°, G°),

where X7 := 3" ,,_, L(v)*. Hence, the proof of (24) will be complete once
we have shown that

1 Znll, = 111, 27

for all n > 1. To this end put X(v) := } . T;(v)? for v € T and recall
from (5) that %, = o(T(v) : |[v| <k — 1) fork > 1. Then
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E(Z7 [ F 1)

3‘\}1—1

r/2
E ( > L(V)ZE(V)Z)

v|=n—1

p/2
L E (Z ’;Tv)zz(vf) T

v|=n—1 Tl

fg.n—l

< E,f_l]E( 3 ;(;’)zz(v)ﬂ

v|=n—1 “n—1

ZroIEly as.
for each n > 2, which clearly gives (27) upon taking expectations and
iteration.

(b) Let us first note that it suffices to show (25) because then (26) can be easily
deduced with the help of (10) and the obvious inequality |[EF — EG| <
{,(F,G), namely

Gp(T)"7 £,(F°,G%) + nd ks~ |EF —EG|
A
< Cp(T)'"7 L,(F.G) + ("—” + 1) Ky |EF —EG|
Kp

ni,

< (F +2) KZ@I,(F, G)

forall F,G € Z7(R).
Similar to the proof of part (b) of the previous lemma, we obtain with the
help of part (a) and Minkowski’s inequality that

L(S"(F)."(G) < | Y L(v)((X(v) —Y(V)) + (EF — EG))

Ivl=n

P
< D] LW(XW) -YW)| +IEF —EG| | > L(v)
|v|=n » [v|=n »
= IZull, + [EF =EG]| | > L(v)
|v|=n »
< by Gp(T)"/7 £,(F°.G%) + [EF —EG| | Y L(v) (28)

Vv|=
vi=n )
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for all n > 1, where b, can be chosen as 2P if 1 < p =< 2. This leaves
us with the task to give an estimate for a, = || ZM=" L(V)||p, which will
be accomplished by another martingale argument involving the Topchii-Vatutin
inequality if 1 < p < 2, and the Burkholder inequality if p > 2.

Casel: 1 < p <2 WeputU) =Y ,.,Ti(v), a = €,(T)/?, B :=
EU(v)andy := [[UNV) =B, = | 2251 Ti =Bl . Since 3 ;- T; € L” and
p > 1, we have | 8| < a; < oco. By a similar argument as in (a), we see that
Z|U|=n L(v)(U(v) — B) conditioned on .%, is the limit of an L”-martingale
(use that U(v) is independent of .%,), whence the Topchii-Vatutin inequality
yields
4

E[|D LU =B)| |Za]| < 2y" Y ILWI” as.

vl=n Ivl=n

Asa consequence,

a1 = | Y LWVUWV)

v|=
vi=n )

< | D LU =B +IBlax
[v|=n »
1/p
<27y |3 ILWIP|  + |Blan
[v|=n 1
= 27y " + |Blay (29)

for all n > 1, which leads to

IA

n—1
2177y 3 1Bl R + Bl ay

k=0

n+ DRy +a)(Blva) = (n+ 12771,k (30)

an+1

IA

for all n > 1. Since this inequality trivially holds for n = 0, we finally obtain
the asserted inequality (25) from (28) and (30).
Case 2:  p > 2. In this case, we obtain with the Burkholder inequality that

p

Fn

> LWUM —B)

|v|=n

IA

|v|=n

p/2
bIE ( > LWAUW) — ﬁ)z)

IA

bhy? X as.
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which upon taking expectations on both sides and using (29) provides us with

STLWMUW =B < byIZl = byya”

V=
vi=n )

and thus (see also (29))

a1t < | Y LWDMUM =B)| +IBlan < bpye” +Bla,  (BD)

Vv|=
vi=n )

for all n > 1. For the remaining arguments we can refer to the previous case.
O

Now we can turn to the proofs of the theorems stated above.

Proof (of Theorem 3). As EC = 0 is assumed, .7 defines a self-map of 22} (R) by

Corollary 1. It is also an a-contraction on (2} (R), £,) with & := || Zle(Ti)ZHL//g
if p = 2 [by Lemma 4(a)], and an o,,-quasi-contraction with o, := b, a™ for

suitable m > 1 if p > 1 [by Lemma 5(a)]. Therefore, the assertion follows from
Banach’s fixed-point Theorem 13 or its generalization Theorem 14 in combination
with the contraction inequality (22) or (24), respectively. O

Proof (of Theorem 4). The existence of . in LP-sense follows again from
Corollary 1, while contraction inequality (26) shows that .# is a quasi-contraction
on Z?(R), viz.

L,(S"(F), S (G)) < ck"L,(F,G)

for any k € (0,kp), F,G € ZP(R),n > 1 and a suitable ¢ = c(x) > 0. All
assertions now follow from Banach’s fixed-point Theorem 14 for quasi-contractions.
|

Proof (of Theorem 5). First note that EC = 0 and E(} ;. 7;) = 1 entail
EZ(F) = EF = ¢ forall F € 2F(R). Hence, .7 is a self-map of Zf(R)
for any ¢ € R. Moreover, (25) simplifies to
n/2
(S (F).2"(G)) < by | T2 €,(F.G)

i>1

= r/2
foralln > 1 and F,G € 2! (R) because £,(F,G) = £,(F° G°). Hence .% is

also a quasi-contraction on 27 (R) and therefore has a unique fixed point G, by
Theorem 14. It remains to verify that G, = §. * Gy in the case when Zizl T, =1
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a.s. By the uniqueness property of G, it suffices to verify that . (6, x Go) = 8. * Gy.
Choose iid (C, T')-independent random variables X, X», ... with law Gy. Then

S xG) = LY. TiXi+0)+C| = LD TiX;+c+C

i>1 i>1

Sex LY TX; +C| = 8%5(Go) = 8 xGo

i>1

yields the desired conclusion. O

6.3 Conditions for Local Contraction if p > 2

If p > 2 and Zizl T; € L7 is replaced by the generally stronger condition

>".o1|Ti| € L?, then we can trade in the contraction condition || ;o 77|l 52 < 1
for a weaker one and still obtain local contraction in the sense that

lim p~"L,("(F)..#"(G)) = 0
n—oo

for some p € (0,1) and all F,G € Z7(R) or € P (R). As a consequence,
existence and uniqueness of a geometrically attractive fixed point in these sets still
holds. For integral p > 2, the following two theorems are again due to Rosler [40,
Theorems 9 and 10]. Note that m(g) v m(p) < 1 for0 < g < p < oo implies
m(r) < 1 for any r € [g, p] because m is convex on [2, p].

Theorem 6. Let p > 2. If

CelLl. Y |T|eL’ and m@)vm(p)<l,

i>1

then & is a self-map of 2} (R) with a unique geometrically {,-attracting fixed
point Gy in this set.

Theorem 7. Let p > 2. If
C.Y ITilel’, m@vm(p)<1 and [E|Y T;||<1.
i>1 i>1

then & exists in LP-sense and has a unique geometrically £ ,-attracting fixed point
Gy in (PP (R), L,).
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Proof (of Theorem 6). Here we will proceed in a different way than before and prove
that . is locally contractive on (22} (R),{,) in the sense of Theorem 15 (see (32)
below). In particular, we will not make use of the Contraction Lemma 5. The first
step is to show the result for integral p > 2 (as in [40]).

So let 2 < p € N. We prove by induction that, for each g € {1,..., p}, there
exists p; € (0, 1) such that

(" (F), S (G)) < ¢4 p) (32)

forall F,G € 96’ (R), n > 1 and a suitable ¢, € R, which may depend on F, G.
Observe that this corresponds to (42) when choosing F = .#(G).

Hereafter, K € R. shall denote a generic constant which may differ from line
to line but does not depend on n. Recall from above that m(2) v m(p) < 1 entails
m(g) < 1forallg € [2, p].

If g = 1 or = 2, we may invoke Lemma 4 to find

G(S"(F), S"(G)) < &(S"(F),7"(G)) < m(2)"63(F.G)

foralln > land F,G € 9&(]1%), which clearly shows (32) in this case. We further
see that .# forms a contraction on (Z2(R), £») and hence possesses a unique fixed
point Gy in this space. Since 9&(]1%) D 95 (R), it follows that Gy is also the unique
fixed point in &2” (R) once (32) has been verified for ¢ = p.

For the inductive step suppose that (32) holds for any r € {1,...,q — 1} and
let (U;)i>1 be a sequence of iid Unif(0, 1) random variables which are further
independent of (C,T). Fixing any F,G € 2](R) throughout the rest of the
proof, put

Y, = S(F) '(U)—-"(G) " (U), n>1
and note that || Y, |, = £, (Z"(F),."(G)) foralli > 1,n > O0and r € [1,q].
Since
q m q
L"), S"NG) = By TiYai| = mlgme(Z|ﬂYn,il)
i>1 i=1

we will further estimate the last expectation for arbitrary m € N by making use of
the multinomial formula which provides us with

m q m m
q! )
. . — . .14 . T
E<IZ=1|T’Y”"|) - E<Z|T’Y’”| )+E 2 rl!-,..-rm!]I=11|TJYn’J|j

i=1 0=rp..cs rm<q,
ri+..trm=q
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The first term on the right-hand side obviously equals m(q) €2 (" (F), %" (G)),
while the second may be further computed as follows by conditioning upon 7" and
using the fact that the Y,, ; for any fixed n are iid:

m
q! ,
E Z rl!,.”.rm!jl:[llTan,jl./

0=rp ey rm<q.

rit.trm=q
m
QUE[Ya|" - E|Y, .
=E| ) [T
rileo o)
0=<ry..... rm<q. ] =1
ritetrm=q

- rj n n —q' - T
= |[Te .76 el ¥ s [Tm
j=1 0=<ri...rm<q. o m: j=1

r+..trm=q

IA

Kp"E(im)q

i=1

where the inductive hypothesis has been utilized to give the last estimate with p :=
maxj<s<¢—1 Ps. Lhe reader should notice that the constant K is not only independent
of n but of m as well. Hence, by taking the limit m — oo, we find that

L TUEF), S"THG)) = mig) L(S"(F),.7"(G)) + K p"

for all n > 0 and thereupon

m(g)" T EU(F.G) + K Y pfm(g)"*
k=1

(e4(F.G) + Kn) (m(q) v p)"*!

Kg(yn-l-l(F)’ yn-l—l(G))

IA

IA

for all n > 0 which implies (32) for any p, € (m(q) Vv p,1). By an appeal to
Theorem 15, we conclude that, for any F € 2} (R), " (F) converges to a fixed
point in this set which must be unique by what has been stated above.

We turn to the second step which aims at an extension of the assertion to general
p > 2 with integer part p, say. Let r € N be such that 2" < p < 2"t! and
s := p/2"*t! € (0,1]. From the first part of the proof, we know that (32) holds
true for every ¢ € {l,..., p}, and since €, (-, -) is nondecreasing in «, this readily
extends to all ¢ € [1, p]. We will show hereafter that (32) is also true for ¢ = p
(and thus for all ¢ € [1, p]) which finally proves the theorem in full generality.

Let us introduce the following operator A and its k-fold iterations A*: For any
nonnegative random variable W define
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AW = (W —EW)?, AW = ((W _EW)? — Var W)Z, etc.
and A°W := W. Naturally, AW = oo is stipulated if EW = oco. We note that
EAYW < E(A'W)? < 2E(AF2W)* < ... < 2 lEWY (33)
holds true for any & > 1.
By repeated use of the Burkholder inequality (49) (in the by now familiar manner

after conditioning on 7') and the subadditivity of x > x* forx > 0and 0 < @ < 1,
we now obtain

1/2
ZTiYn,i =< K ZTI‘ZYnz,i
i>1 » i>1 /2
1/2 1/2
<K ZTiz(Ynz,i _EYnz,i) + (IEYnz,l)l/2 ZTZZ
1/4 1/2
< Kk [[Xmtavz]  +@v2)"” Y m)
i>1 i>1
p/4 r
1/27+1 o 1/2
= k(| Xrtay] s e m
i>1 j=0 i~1
s P
1/2r+1 - 1/2
< K| Imrarydy +Z(]EAJ‘Y,3J)”2'+1 > oIT
i>1 1 j=0 izl
P
1/2r+1 1/2
ron 1720t ! o \ 17271
< K [Jaryi | | o ime +) (BATY]) > IT]
i>1 | j=0 i>1 p

for all n > 1. Use (33), the definition of Y, ;, and (32) for p to infer

J+1

. 1/2/+1 . j 1/2
EaY2)" = (TERET) T = 2l

IA

2[Yaills = 2€5("(F), " (G)) < 2¢; 0
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forany j € {0,...,r — 1} and n > 0. By combining this with || Zizl |T: 17|l =
m(p) < 1, the above estimation finally provides us with

Ep(yn-‘rl(F)’yn-‘rl(G)) < ZT}YH,[ < Kpn+l
i>1
- p

for all n > 0 and a suitable p € (0, 1). O

Proof (of Theorem 7). We are now in a more comfortable situation because the
bulk of work has already been carried out in the previous proof. First note that all
assumptions of Theorem 4 with p = 2 are fulfilled which allows us to infer the
existence of a unique fixed point Gy € Z%(R). By Lemma 2(a), its mean value
equals ¢ := EGy = (1 — B)"'EC with B := E(}_,., T;). One can easily check
that, if F € 27(R), then ES"(F) = ¢ for all n > 0 and that this further implies
SM(F)¢ = ."(F°) (recall that F¢ = F°(- — ¢)) and thereupon

Cp("HUFO), S (F)) = L,(S"HF) .S (F))

(34)
EP(Y"—H(F)O, R (F)O)

forall F € ZP(R) andn > 0.
Now fix any F € Z?(R), define Y, ; as in the previous proof, but for the pair
(FL(F°), F¢). Then (32) for ¢ = p can be shown as in the previous proof, giving

P
P E)SFY) < [TV < cpl

i>1
p

for all n > 0 and suitable constants ¢, € R. and p, € (0, 1). Note further that
Es"TYF)—-ES"(F) = p" (E#(F)—EF)

for all n > 0, as has been shown in the proof of Lemma 2 (see (19)). By combining
these facts with (10) and (34), we finally obtain

Lp(S"TUFC), S (FO))

L ("), 7" (F)°) + [ES"H(F) —ES"(F)|
= L,(S"TN(F), S(F)") + [ES"TH(F) —ES"(F)|
= L,(S"TN(F), S (F)) + |[ES" T (F) — ES"(F)|
< ¢))Pp}/? + B" [ES(F) —EF|

IA
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foralln > 0, that is geometric contraction of every iteration sequence in &7 (R). By
invoking Theorem 15, we conclude that Gy is the unique geometrically £ ,-attracting
fixed point in this set. O

6.4 Contraction on { ,-Neighborhoods of Fixed Distributions

A somewhat different approach than before is taken by Riischendorf [42] who
provides conditions for contraction of . in £ ,-neighborhoods of a fixed distribution
F € Z(R), namely

UP(F) = {G € P[R): L,(F,G) < oo}
for p > 0, and
UP(F) := {G € P (R): L,(F,G) < o0}

for p > 1 and ¢ € R. He embarks on the observation that, for £,(F, G) to be finite,
it only takes to find an (F, G)-coupling (X, Y) such that X — Y € L” but not that
X,Y are themselves in L?. Of course, if F € ZP(R), then Z?(F) = Z?(R).
Besides the contraction condition 6,(7T) = m(p) < 1, familiar from previous
results, he requires a bounded jump-size condition, namely

€, (F..(F)) < o0, 35)

which is quite common in the study of iterated function systems on complete
separable metric spaces. In that context, F is an arbitrary reference point and .
a generic copy of the iid random Lipschitz functions to be iterated, see e.g. [19,
Theorem 3]. Here the condition serves to ensure that . is a self-map of Z 7 (F) as
the following proposition shows.

Proposition 5. Let p > 0 and F € P (R) be such that (35) holds true. Then .
defines a self-map of %P (F). Moreover, if F € Z'(R), C € L' and p > 1, then
 defines a self-map of %" (F) for any ¢ such that ¢ = c¢E(}_;., T;) + EC,
thus for all ¢ € R ifk := E(3,;o,T)) = 1 and EC = 0, and for c = (1 —

E(Y,s, T)'EC ifk # 1.

Proof. The following choices of random variables may take to enlarge the
underlying probability space. Let (X,Y) be a (F,.”(F))-coupling such that
L,(F,”(F)) =||X—=Y|,. Then pick iid copies X1, X», ... of X which are further
independent of (C, T) and put Y’ := > "._ | T; X; + C. Finally, let X’ be such that
the conditional law of X’ given Y’ = y is the same as the conditional law of X
given Y = y forall y € R, thus (X’,Y”) is a copy of (X, Y). Now, if G € Z?(R),
we can choose the X; along with iid Z;, independent of (C, T') and with common



The Smoothing Transform: A Review of Contraction Results 219

distribution G, such that the (X;, Z;) are iid as well and p := || X; — Z; ||, < o0. It
follows that

6(F, 7(6))

IA

Ep(F, 7 (F)) + £p,(S(F), 7(6))

IA

L(F.S(F)) + | Y Ti(Xi — Zi)

i>1
p

L(F.Z(F) + | T n < oo
p

i>1

and therefore that . is a self-map of %7 (F). The second assertion follows in a
similar manner. O

The following results, containing those for 0 < p < 2 and N a fixed integer
stated in [42], are the “local” counterparts of Theorems 1 and 3-5 and proved in
the same way once having observed that Contraction Lemma 3 remains valid for
F,G € %' (Fy) with Fy € Z(R), and the Contraction Lemmata 4, and 5 remain
valid for F, G € % (Fy) with Fy € Z'(R) and ¢ € R (see also [42, Lemma 2.1]).
We therefore refrain from giving proofs again.

Theorem 8. If0 < p < landm(p) < 1, and if F € P (R) satisfies (35), then ./
is a contraction on (% (F), L) with a unique geometrically attracting fixed point.

Theorem9. If p > 1, C € L} and €,(T) < 1, and if F € P'(R) satisfies
(35), then . is a quasi-contraction on (% (F),{,) with a unique geometrically
attracting fixed point.

Theorem 10. If p > 1,C € L', Yis1 i € LP, 6,(T) < land |[E(Y;5, Ti)| <
1, and if F € 2'(R) satisfies (35), then . is a quasi-contraction on (% " (F),{,)
with a unique geometrically attracting fixed point.

Theorem 11. Ifp > 1,C € L}, Yus1 i € LP,6,(T) < land B} Ti) = 1,
and if F € 2 (R) satisfies (35), then . is a quasi-contraction on (%" (F),{,)
with a unique geometrically attracting fixed point for any ¢ € R.

If 1 < p < 2, then €,(T) = m(p) should be recalled. Moreover, if N is a
fixed integer, then 3, 7; = Y., T; € L” follows from m(p) < 1. With these
observations, one can readily check that the results in [42] are really contained in
the ones stated before.

Validity of the bounded jump-size condition (35) is usually difficult to check.
In fact, it trivially holds whenever F is fixed point of .. Since, furthermore,
UP(F) = %P(G) for all G € %7 as well as %' (F) = %"(G) for all
G € 77, the previous results may also be interpreted as follows: Under the
respective conditions on p and (C, T'), condition (35) holds true for some F only if
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F is in finite £7-distance to a fixed point of .#. In contrast to the results from the
previous subsections, this fixed point and thus F' do not need to be elements of L”.
Let us finally note that Riischendorf, as an interesting consequence of his results,
provides conditions which entail a certain one-to-one correspondence between the
fixed points of a nonhomogeneous smoothing transform .’ and its homogeneous
counterpart .y (same 7', but C = 0), see [42, Theorem 3.1] for details.

6.5 Contraction on Subsets of &P (R) with Specified Integral
Moments (p > 1)

Let p = m + o > 1 hereafter, where m € N and o € (0, 1], and assume that .%
exists in L”-sense so that, by Corollary 1, C, Zi>l T; € L?. This final subsection
is devoted to situations when .7, while not necessarily an £ p-(quasi-)contraction on
ZP(R), turns out to be contractive with respect to the Zolotarev metric £, on subsets
with specified integral moments. Recall that &2} (R) forz = (z1,...,2n) € R”
equals the set of distributions F € 22”(R) such that [ x¥ F(dx) = z fork =
1,...,m.

In order for . to be a self-map of 2/ (R), we must have that, given any iid
X1, Xo, ... with law in 2 (R),

k
% = ZTiXi +C
i>1
= Y H [Tz |E{CP]] 7
Jotji+..=k '>01’ i>1 i>1
= 3B TF|+EC"+ ) [Tz |E{CP]]7"
i>1 jot+i1+..=k 1_[’>0 ]l i>1 i>1
JOV 1V <k

fork = 1,...,m, because X1, X», ... and (C, T') are independent. In other words,

z must satisfy a — for m > 2 nonlinear — system of equations, and one can easily see
that this system may have a unique solution as well as infinitely many.

Theorem 12. Suppose that m(p) < 1 and that . exists in L?-sense. Then . is a
¢p-contraction on P} (R) for any z € R™ such that . is a self-map of 2} (R). In
particular, it has a unique geometrically { ,-attracting fixed-point in this set.

Proof. Since (2 (R), ¢,) is a complete metric space (see Proposition 3), the result
follows directly with the help of the Contraction Lemma 6 below and Banach’s
fixed-point theorem. O
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Lemma 6. Let (C,T) = (C,T,T,...), (Xu)n>1 and (Yy)n>1 be independent
sequences of real-valued random variables in L? such that

(Al) X1, X, ... are independent with £ (X,) = F, forn > 1.
(A2) Y1,Y,,... are independent with £(Y,) = G, forn > 1.
(A3) Foreachn > 1, F,,G, € 2! (R) for some z € R™.

(A4) > .o T Xi+C, Y, T.Yi+C e L’

Then
G D TiXi+C.Y TY,+C | < Y BT L(F.G).  (36)
i>1 i>1 i>1
In particular, ifz € R, then
{p(L(F), Z(G)) = m(p)§p(F,G). (37

forall F,G € 27 (R), whenever ./, the smoothing transform associated with
(C,T), exists in L?-sense and is a self-map of 2 (R).

Proof. Firstnote that £,(3 "o, T; X; + C,Y ., T;Y; + C) < oo because (A3) and
(A4)ensurethat ) ., I; X;+C,Y ., T:Y;+C € L% . Denote by A the distribution
of (C,T) and let t = (t1,15,...) in the subsequent integration with respect to A.
Then, by multiple use of properties (14) and (15) of {,, (in lines 5, 8 and 9), we infer
for each n € N that

$p (Xn:TiX,'-l-C,Xn:TiYi-FC)
i=1 i=1

IE(f (Zn:TiXi+c) —f<zn:TiYi+C))'

i=1 i=1
/f;ggpp E(f (gtiX,» +C) —f (,Z:;tiYi +c))
= [gp (Zn:t,»xi +c,zn:zm +c) A(dc,dt)

i=1 i=1

/gp (Zn:zix,»,zn:rin) A(de, dr)

i=1 i=1

sup
f€3p

IA

A(de, dt)

IA

n n k—1 n k
/Zé'p ZtiXi+Z[ijs Z liXi—f-leYj A(dc,dt)
k=1 i=k Jj=1

i=k+1 J=1
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= / pr (te X + Sk, te Yi + Sk) A(dc, dt)
k=1

n k—1
where Sy 1= Z LXi + th Y; and is independent of Xy, Y
i=k+1 j=1

IA

/ Z Cp (e Xk, 15 Yy) A(de,dr)
k=1

/ S 10el? &, (Xe i) A(de. di)
k=1

Y EITi1? §,(Fi, Gi)

i=1

which proves (36) by letting n tend to infinity and using

1im ¢, (inxi+c,inn+c> =X TXi+CY TV +C

i=1 i=1 i>1 i>1

The second inequality (37) follows from the first one when choosing F; = F and
G; = G foralli > 1. O

7 Concluding Remarks

Having provided a comprehensive account of results describing the contractive
behavior of the smoothing transform on &??(R) or subsets thereof for p > 0, we
would like to finish this review with some remarks on what has not been covered.

Naturally, other metrics than £, and ¢, could have been studied as well. For
instance, with F (1) := [e™ F(dx) denoting the Fourier transform of F, the
Fourier metric

o A .
F(t) —

r,(F.G) ::/ Mw, F.G € Z"(R)
0 e

for p € (1,2) was introduced and shown to be complete on Z2f (R) by Baringhaus
and Griibel [8, Lemma 2.1]. For homogeneous . with a.s. finite N, they further
showed that it is a contraction on (2 (R),r,) if m(p) < land E(}_,., T;) = 1.
The result was later extended by Iksanov [26, Proposition 6] to the case of general
N (see also [8, Sect.]). As one can easily see, the result further extends to the
nonhomogeneous case with C € L(l).
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Since contraction (with respect to £, or {,) on subsets I of &7 (R) for some
p > 0 particularly entails that, for some fixed point of ., the set I is attracting with
respect to weak convergence, one may ask about more general results describing
such sets without moment assumptions, thus within &?(R). As an example in this
direction, we mention the following result obtained by Durrett and Liggett [18,
Theorem 2(b)]: If C = 0, T > 0, N is a.s. bounded and 7 has characteristic
exponent ¢ € (0, 1] (see at the end of Sect.?2), then, given any fixed point F €
Z(Rs) of .7 with Laplace transform F,."(G) converges weakly to F whenever

1—F(1)
m———- =1
30 1 —-G(t)
An extension of their result under relaxed conditions on N appears in [31,
Theorem 1.3]. Results of this type could also be formulated for the general
smoothing transform and fixed points on the whole real line when substituting

Fourier transforms for Laplace transforms. However, we refrain from supplying any
further details.

8 Appendix

8.1 Banach’s Fixed-Point Theorem

Let f : X — X be a continuous self-map of a metric space (X, p) and denote by
f" = fo...of (n-times) its n-fold composition for n > 1. If there exists an initial
value xy € X such that the sequence x, := f(x,—1) = f"(x0), n > 1, converges to
some Xoo € X, then the continuity of f implies that x is a fixed point of f, for

Yoo = lim x, = f( lim x,1) = f(¥oo). (38)

n—o0

The map f is called a contraction or more specifically «-contraction if there exists
a € [0, 1) such that

p(f(x), f(y)) = ap(x.y) (39)

for all x, y € X. If (39) holds true when replacing f with f” for some n > 2, then
f is called quasi-contraction or «-quasi-contraction.

Under a contraction, the distance between two iteration sequences (f”(x))n>1
and (f"(y))u>1 is therefore decreasing geometrically fast, viz.

p(f"(x), f"(¥) = " p(x,y)
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foralln > 1.If the space (X, p) is complete, then this entails geometric convergence
to a unique fixed point of f* as the following classic result shows.

Theorem 13 (Banach’s fixed-point theorem). Every contraction f : X — X on
a complete metric space (X, p) possesses a unique fixed point £ € X. Moreover,

al‘l

pEf"(X) = 7=

p(f(x), x) (40)
o

holds true for all x € X andn > 1, where o denotes the contraction parameter of f .

The next result shows that Banach’s fixed-point theorem essentially remains valid
for quasi-contractions.

Theorem 14 (Banach’s fixed-point theorem for quasi-contractions). Every
quasi-contraction [ : X — X on a complete metric space (X, p) possesses a unique
fixed point £ € X, and

n

pé. ["(xX) =

] max p( "% (x), [ (x)) (41)
— o 0<r<m

forsomem > 1,a € [0,1)andall x € X, n > 1.

Proof. Pick m, « such that f” forms an «-contraction on (X, p) with unique fixed
point £. Writing n € N in the form km +r with unique k e Ny and r €{0, ..., m—1},
we infer with the help of (40)

p(. f1(x) = max o, S () < 1L max p(f"* (x), f7(x))
<j<m — o 0<j<m

and thus (41), in particular p(&, f"(x)) — 0. Since f is continuous, the latter
implies that £ is also the (necessarily unique) fixed point of f. O

Replacing the global by a local contraction property along an iteration sequence,
existence of a fixed point still follows, but it needs no longer be unique.

Theorem 15. Let (X, p) be a complete metric space and f : X — X an arbitrary
self-map. Suppose there exist xg € X and constants ¢ > 0 and « € [0, 1) such that

p(f" T (x0), f"(x0)) < ca” (42)

foralln > 1. Then & = lim,_oo f" (x0) exists and it is a fixed point of f if the map
is continuous. Moreover,

ca”

1-—

p(. f"(x0) = (43)

foralln > 1.



The Smoothing Transform: A Review of Contraction Results 225

Proof. Putting x,, := f"(x¢) and using (42), we obtain

m—+n—1 m—+n—1 ca
k
p(-xm-l—n’xm) 5 Z p(xk+l7-xk) 5 Z ca f 1 o
k=m k=m

for all m,n > 1, that is, (x,),>0 is a Cauchy sequence in X and thus convergent to
some £ € X, for (X, p) is complete. If f is continuous, then f(§) = & (see (38)).
Finally, (43) follows from (42) when observing that

p(E, " (x0) = pE xn) < Y pOxk, Xic1)- o

k>n

8.2 Convex Function Inequalities for Martingales and Their
Maxima

Let (M,,),>0 be a martingale with natural filtration (%, ),>0 and increments D, =
M, — M,—; for n > 1. In the following, we list some powerful martingale
inequalities that provide bounds for the ¢-moments E¢(M,), when ¢ : R — R>
denotes an even convex function with ¢(0) = 0 and some additional properties. This
includes the standard class ¢ (x) = |x|? for p > 1. Setting Moo := liminf, 0o M,
all provided upper bounds remain valid for n = oo when observing that Fatou’s
lemma implies

E¢(Moo) = liminfE¢(M,).

We begin with the class of ¢ that have a concave derivative in R. and thus
encompasses ¢ (x) = |x|? for 1 < p < 2. The subsequent result is cited from
[4] and an improvement (with regard to the appearing constant) of a version due
to Topchii and Vatutin [43]. In the more general framework of Banach spaces
of a given type, the inequality (with a non-specified constant) is actually due to
Woyczynski [45, Proposition 2.1].

Theorem 16 (Topchii-Vatutin inequality). Let ¢ : R — R be an even convex
function with concave derivative on R and ¢ (0) = 0. Then

E¢(M,) —Ep(Mo) < c ) E¢p(Dy), (44)

k=1

foralln € Ny and ¢ = 2. The constant may be chosen as ¢ = 1 if (M,)n>0
is nonnegative or has a.s. symmetric conditional increment distributions, and the
same holds generally true, if $(x) = |x| or ¢(x) = x?, in the last case even with
equality sign in (44).
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We continue with two famous convex function inequalities by Burkholder, Davis,
and Gundy [13] which are valid for a much larger class of convex functions ¢.

Theorem 17 (Burkholder-Davis-Gundy inequalities). Let ¢ : R — R be an
even convex function satisfying $(0) = 0 and ¢(2t) < y ¢(¢t) for all t > 0 and
some y > 0. Put E,(¢) := E (maxo<k<n ¢ (Mx)). Then

1/2

n 1/2 n
a, B¢ (Z Di) < E(¢) < byEg (Z Di) (45)
k=1 k=1

and

" 1/2
E@) < ¢ |Eo (ZE(Dilﬁé‘k_l)) 8 (max p00) | @0

0<k<
k=1 -

for all n € Ny and constants ay,b,,c, € R, depending only on y. The last
inequality actually remains valid if, ceteris paribus, ¢ is merely nondecreasing
instead of convex on Rx.

Of special importance in connection with the smoothing transform is the case
when M, is a weighted sum of iid zero-mean random variables and ¢(x) = |x|”
for some p > 0. We therefore note:

Corollary 3. If ¢(x) = |x|” (thus y = 27) for some p > 0 and M, = >} _, tx X
forty,tr,... € Randiid X, X, ... € Lg, then (46) takes the form

n p/2
Ex@) = ¢ [ IX15 (};:ﬁ) +E(1§5§n|zkxk|f’) SN

forall n € Ny and a constant c¢p only depending on p, giving in particular

n p/2 n
EIM,|” < ¢, | X1} (Zrz) F X5 " ul? |- (48)

k=1 k=1

Finally, we state the classical L”-inequality by Burkholder [12], valid for p > 1
only. The case p = 1 is different but will not be considered here.

Theorem 18 (Burkholder inequality). Let p > 1. Then

1/2

n 172 "
a (ZD;%) < M., < b, (ZD,%) (49)
k=1 k=1
)4 )4
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orn € Ny and constants a ,, € R. only depending on p. Admissible choices are
f Ny and »Bp eR lyd d Ad ble ch
a, = (18p%2/(p — 1))~} and b, = 18p%2/(p — )'/2 (see [24, Theorem 2.10]).
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Precise Tail Index of Fixed Points
of the Two-Sided Smoothing Transform
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Abstract We consider real-valued random variables R satisfying the distributional
equation

N
REY TuR + 0,
k=1

where Rj, Ry, ... are iid copies of R and independent of T = (Q, (Ti)k>1). N is
the number of nonzero weights 7} and assumed to be a.s. finite. Its properties are
governed by the function

N
m(s):=EY |Ti|".
k=1

There are at most two values ¢ < B such that m(a) = m(B) = 1. We consider
solutions R with finite moment of order s > «. We review results about existence
and uniqueness. Assuming the existence of B and an additional mild moment
condition on the 7T}, our main result asserts that

lim t’P(|R| >1) = K > 0.
—>00
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the main contribution being that K is indeed positive and therefore B the precise
tail index of |R|, for the convergence was recently shown by Jelenkovic and
Olvera-Cravioto [10].

1 Introduction

Given a sequence T := (Q, Ty )r>1 of real-valued random variables such that

N ="l (1)
k=1
is a.s. finite and (w.l.o.g.) |T1| = ... > |Tny| > 0 = |Tn+4i1| = ..., we consider

the associated two-sided smoothing transform (homogeneous, if Q = 0, nonhomo-
geneous otherwise)

N
Y:FHX(ZTkRk-i-Q) ()

k=1

which maps a distribution F on R to the law of ZIJ(VZI Ty Ri + Q,where R|, R,, ...
are iid random variables with distribution F and independent of T. If (F) = F,
then F as well as any random variable R with this distribution is called a fixed point
of .. In terms of random variables the fixed-point property may be expressed as

N
RE Y TR+ 0 3)
k=1

where £ means equality in distribution. (3) is called a stochastic fixed point equation
(SFPE).

It is well known that properties of fixed points of . are intimately related to the
behavior of the convex function

N
m(s) :=E (Z |Tk|“) . 4)

k=1

There are at most two values 0 < o < f such that m(«) = m(f) = 1. Assuming
that both values exist, we are interested in nonzero solutions R to (3) with finite
moment of order s > «. For a statement about existence and essential uniqueness
of solutions with finite ®-moment see Lemma 4 below. On the other hand, there are
in general also solutions which have infinite @-moment. For the case of nonnegative
weights, they were first studied by Durrett and Liggett [7]. In the case of the
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two-sided smoothing transform, they are studied in recent work by Meiners [15]
containing also a characterization of the complete set of fixed points.

For the particular solution with finite moment of order s > «, the main result of
the present paper is that, under natural assumptions,

lim tPP(|R|>1) = K > 0, (5)
—>00

the main contribution actually being that the constant K is positive and thus f the
precise tail index of |R|. The convergence was recently derived by Jelenkovic and
Olvera-Cravioto [10] via an extension of Goldie’s implicit renewal theorem [8] to
the branching case (P(N > 1) > 0), see Theorem 1 below. In the homogeneous case
with nonnegative i.i.d. weights, (5) was first shown by Guivarc’h [9], see also [14]
and the references therein.

Our result is obtained by extending r — E |R|" as a holomorphic function and by
showing that it has a singularity at § if and only if K > 0. This technique was first
used in [5] in the study of solutions to multidimensional affine recursions. We are
grateful to Mariusz Mirek (personal communication) for drawing our attention to it
in the context of the branching equation (3) considered here.

We have organized this work as follows. Section 2 introduces notation and basic
assumptions, provides information about the chosen setup and reviews preliminary
results. Our main results are stated in Sect. 3. Proofs are given in Sect. 4 with some
more technical calculations deferred to Sect. 5.

2 Preliminaries

2.1 Notations and Assumptions

For m(s) defined in (4), note that m(0) = EN may be infinite. We put
D :={s>0:m(s) <oo}, sp:=inf® and s :=supD.

If ® is nonempty, then m is a convex function on ®. Since m can be seen as
the Laplace transform of an intensity measure (see [3, (1.8)]), we further have the
following result (with iz denoting the real part of a complex number z):

Lemma 1. Suppose ® = {s > 0 : m(s) < oo} has inner points, i.e. so < s1. Then
the function m extends holomorphically to the strip sy < Rz < s1.

Our standing assumption throughout this paper is that
dso<a<f<si: m=mp)=1. (A)

Then m’ () < 1 and m’(B) > 1 (Fig. 1).
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Fig. 1 Three distinct cases for the values of « and f

The existence of a solution R to the SFPE (3) with finite moment of order s > «
and a power law behavior of type (5) imposes some restrictions on the range of « to
be discussed below. Our assumptions are:

e I <a<2ifQ =0a.s. (homogeneous case),
s 0<a<2ifP(Q =0) <1 (nonhomogeneous case).

Next are further moment conditions imposed on Q and Z,ﬁ’:l Tk. There are
situations, in which these quantities govern the tail behavior of R, see [12] for a
detailed discussion and references. The condition on Q is quite obvious,viz.

E|Q' <oo foralls < sy. (B)
We will impose conditions on the weight sums Zi\;l |Tk|* and (Z,i\;l |Tk|)* by

introducing two functions that dominate m(s) for s > 1 and s < 1, respectively.
Define

N N
ju(s) :=E (Z |Tk|) (6)
k=1

and, fore > 0,

N 1+¢
me(s) :=E (Z mr) : )

k=1

Then m(s) < u(s) fors > 1, while m(s) < 1 + mc(s) for s < 1. These functions
appear quite naturally in existence theorems for solutions, see below and [1]. Put

Dy =520 1 u(s) <00}, oo 1= SUPDy

De:={s=0:m(s) <oo}, 8 :=supD..
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Our analysis will often require the study of certain moments of order s > f and the
distinction between the cases when s > 1, = 1, < 1. Corresponding to these cases
are three different sets of assumptions we introduce now, namely:

B < Soo: ©
[B — 80, B] C D¢, forsome g, e > 0; (D)
[B—d0,1] C D, forsome dy,ep > 0. (D¥*)

Since ®,, C D, for€; > €;, we may define
Seo :=1A !E,% Se
and then note that condition (B) implies
E|Q]' <oo forall s < max{seo,Soo}- (8)

Finally, if @ > 1, we have to assume that the mean version of the SFPE (3) has a
solution, viz.

N
r:rE(ZTk)—}-IEQ (E)

k=1

for some r € R. Note that r is unique, unless E(Zi\;l Ty) =1land EQ = 0.

2.2 Discussion of the Restrictions on o

The afore-stated restrictions on the range of «, called characteristic exponent of T
or % in [2-4], will now be justified by a number of lemmata. The first one settles
the restriction @ > 1 in the homogeneous case.

Lemma 2. Suppose that < 1, Q = 0 and let R be a solution to (3) with finite
moment of order s > a. Then R = 0 a.s.

Proof. Plainly, we may assume s € («, 1) and m(s) < 1, for such s exists by (A).
Then (3) in combination with the subadditivity of x + x* for x > 0 provides us
with

S 00
EIR’ = E < Y EITkRi*
k=1

N
Z T Ri
k=1

o0
E|R|* Y EITt|* = E|R| m(s)
k=1

and thus E|R|* = 0. O
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Lemma 3. Let R be a nonzero solution to (3) with finite moment of order s > 2.
Then m(2) < 1 and thus a < 2.

Proof. Let Er and Vary denote conditional expectation and conditional variance
with respect to T. Introduce i.i.d. copies Rj, Rj, ... of R, which are independent of
T and defined on the same probability space. Put R* := Z]]C\;l Ty R + Q. Then

R* = R, for R is a solution to (3), and R* satisfies (3) not only in distribution,
but even a.s. Since the results we obtain are distributional properties, we may w.l.o.g.
assume that R itself satisfies (3) a.s. Then

VarR = E(VarrR) + Var(ErR). )
Moreover,
N N
VarpR = Varp [Z Te Ry + Q:| = > T? Var(R), (10)
k=1 k=1

whence, upon taking unconditional expectation, we obtain

N
00 > VarR > E(VarrR) = IE|:Z T,f] VarR = m(2)VarR > 0 (11)
k=1
and thus m(2) < 1 as claimed. O

If « = 2, then (10) implies EVary R = Var R and thus, by (9), Var(EyR) = 0.
Consequently, Et R is a.s. constant, in fact

N
ER = ErR = ) TiER+Q Pas.
k=1

or, equivalently,

N
0 = (1—ZTk)IER P-as.

k=1

In the homogeneous case, we infer that ER = 0 or Zi\;l Tr = 1 a.s. must hold.
The first subcase, studied by Caliebe and Rosler [6], leads to mixtures of centered
normal distributions, the mixing distribution being the law of a positive constant
times the nonnegative, mean one solution to the SFPE

N
w LS TP (12)
k=1
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The latter solution exists and is unique if p(s) < oo for some s > 2 (see also
[3, Theorem 2.1]). In the second subcase, viz. Z,i\;l T = 1 a.s., we have that if R
is a solution, then so are all R + m, m € R. Consequently, all shifts of solutions
in the first subcase are solutions in the second subcase. If m(s) < 1 for s € (2, 3],
then [1, Theorem 6.16] gives that there is a unique solution with fixed first and
second moment whence, under our standing assumption (A), solutions are mixtures
of normal distributions.

The following result provides the extension to the nonhomogeneous case
(see also [3, Theorem 2.3] for the case of nonnegative Tk).

Proposition 1. Suppose that P(Q # 0) > 0, « = 2 and that, for some s > 2,
m(s) < 1 and pu(s) < oo. Suppose further that

N
0=r(- Z T) P-a.s. (13)
k=1

for some r # 0. Then, for any v > 0, there is a unique solution R to the SFPE (3)
with mean r and variance v It is symmetric about r and has characteristic function
given by

2.2
or(t) = E|:exp (m— v tzw)] (14)

where W is the unique mean one solution to (12).

Proof. If m(s) < 1, u(s) < oo for some s > 2, then the smoothing transform is a
contraction with respect to the Zolotarev metric {; as defined in [16] on the subsets
of probability measures with fixed first and second moment. This fact is easily
derived from (a straightforward extension of) Lemma 3.1 in the afore-mentioned
reference. Hence we conclude that .% has a unique fixed point with mean r and
arbitrary variance v?> > 0. Therefore, it remains to verify that R with characteristic
function given by (14) does indeed solve our SFPE (3). To this end, let F' be the
law of R. Then, with Ry, R;,... and Wi, W,, ... being i.i.d. copies of R and W,
respectively, and also independent of T, we obtain

- N
) (1) = E|exp (ilz Tk R + Q):|
L k=1

N
= E | exp(irQ) Er (l—[ exp(itT Rk)):|

k=1

N
= E | exp(itQ) l—[ ¢R(lTk):|

L k=1
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- N N 2,272
t°T-W
= E|exp (itr (l — kE_l Tk)) kl_l1 Ey [exp (irtTk — v—2/</<):|]

B N N UZIZ N

= E|exp (m (1 - Z Tk) + mz T — — Z Tszk)}
L k=1 k=1 k=1

2

i ) V2t W):|
= E|exp|irt— 5

where we have used assumption (13) on Q in line four and the fixed-point
property (12) for W in the last line. O

= ¢r(1),

Summarizing the situation in the case @ = 2 and P(}0_, T = 1) < 1, the law
of R in (14) is a W-mixture of normal laws with some fixed mean r € R and
variance v2w. It exhibits a power law behavior only if this is true for (the law of)
W which in turn is a fixed point of the smoothing transform pertaining to (Tkz)kzl,
the latter having characteristic exponent 1. With regard to (5), it is therefore no loss
of generality to assume o < 2 hereafter.

2.3 Existence and Uniqueness of a Fixed Point with Finite
a-Moment

The following lemma compiles results about existence and uniqueness of a solution
to (3) with finite moment of order ¢ and may be deduced from results in
[17, Sect.3] and [16, Sect. 3]; see also [1] for a review. Our Lemma corresponds
to [1, Theorem 6.16].

Lemma 4. Assume (A), (B) and a < 2.

(a) If o < 1, then there exists a unique solution R to (3) such that E|R|’ < oo for
all s < B. It is nonzero iff P(Q # 0) > 0.

(b) If « > 1 and (C), (E) are valid, then there is a unique solution R to (3)
with ER = r (determined by (E)) and E |R|' < oo for all s < B. For the
nonhomogeneous equation R is always nonzero, and for the homogeneous one
R is nonzero iff r # 0.

Remark 1. Since for the homogeneous equation two nonzero solutions with distinct
means are proportional, we may in fact speak of the unique nonzero solution with
the property E|R|* < oo for s < 8 when stipulating E R = 1.

The following lemma sheds some light on the role of the function w(s).
As before, Er denotes conditional expectation with respect to T = (Q, (Ti)k>1)-
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Lemma 5. Lets > 1 and ju(s) < co. Then E|R|® < oo implies

N N N S
Er (me) <C <Z|Tk|) E|R[* (15)
k=1

k=1

for some C > 0 which only depends on s.

Proof. This follows by an application of one of the Burkholder-Davis-Gundy
inequalities (see e.g. [1, Theorem 8.5]) when observing that, given T and with
r=ER,

N
ZTk(Rk -r) = ZTk(Rk =) lysny
k=1

k>1

is the limit of the zero-mean martingale (ZZ: 1 T (R — 7))n>0, Which in fact
consists of finite weighted sums of i.i.d. random variables; see also the proof of
[1, Proposition 4.1]. |

Note that for s < 1, we have the bound

N $ N
Er (Z|TkRk|) < (Z|Tk|S)E|R|S (16)
k=1 k=1

due to subadditivity of x — x* for x > 0. Taking unconditional expectation in (15)
and (16), we arrive

N s
E (Z |TkRk|) <
k=1

Cu(s)E|R|*, ifs>1,

A7)
m(s)E|R|*, ifs <1.

2.4 The Implicit Renewal Theorem by Jelenkovic
and Olvera-Cravioto

Our analysis embarks on the following result about the tails of fixed points of
two-sided smoothing transforms due to Jelenkovic and Olvera-Cravioto [10]:

Theorem 1. Suppose that (A) holds, that P(T; < 0) > 0 for some j > 1 and that
P(log|Tk| € -, N > k) is nonlattice for some k > 1. Further assume (C) if 8 > 1,
and (D) if B < 1. Let R be the unique solution to (3). Then

K(p)
m'(B)’

lim PP(|R| > 1) =
—>00
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where
K(B) ;:/ IP’(|R|>t)—Z]P’(|TkRk|>t) =1 ar.
0 k>1

Proof. As will be explained at the beginning of Sect. 5, conditions (C) and (D) imply
the finiteness of

o
/ P(R>1)— > P(TtRe > )| 1P ar (18)
0 k>1
and
o0
/ P(R < —1) = Y "P(TiRe < —1)| 1P ar. (19)
0 k=1

respectively. Taking this for granted here, the stated result is [10, Theorem 3.4]. O

3 Main Result

We are now ready for our main result which, loosely speaking, asserts that either R
has power tails of order 8, or a finite moment of order s > f.

Theorem 2. Under the assumptions of Theorem 1, the following assertions hold
true:

(a) If B > 1 and (A), (B), (C) hold true, then either K(B) > 0, or E|R|’ < oo for
all s < Seo.

(b) If B < 1and(A), (B), (C), (D¥) hold true, then either K(B) > 0, or E |R|’ < o0
forall s < $o.

(c) If B < 1 and (A), (B), (D) hold true, then either K(8) > 0, or E |R|* < oo for
all s < Seo.

The following proposition provides a sufficient condition for K(8) > 0.

Proposition 2. Keeping the assumptions of Theorem 2, let k € N be such that
P(log |Tx| € -, N > k) is nonlattice and assume that E|T|" = 1 for some 8 <
Y < Seo In parts (a), (b), resp. B <y < Soo in part (c). Then

N
KB) >0 iff }P’(rZTk+Q=r) < lforallr #0,

k=1
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the latter condition being equivalent to

N
P (Z Ty = 1) <1
k=1
in the homogeneous case.
Note that the existence of y is only a mild condition because

IP’( max |Ty| > 1) = P(|Ty|>1) > 0.
I<k<N

Namely, if the latter failed to hold, then m(s) would be decreasing function and thus
m(s) < 1for all s > «. But this is impossible as m(8) = 1.

Note further that P(r Z]]Ll Ty + Q = r) < 1 is obviously necessary for heavy
tail behaviour, for otherwise R = r would be the unique solution with ER = r.

4 Proof of the Main Theorem

We start with two lemmata about holomorphic functions, the first one giving a
basic property of the so-called Mellin transform of a measurable function and being
proved in the Appendix.

Lemma 6. Let f : Rs — R be a measurable function such that

/oot“l | f(1)]dt < o0
0

fors € {09,01} C Rs. Then its Mellin transform

g(2) = /0 7 f(t)dt (20)

is well defined and holomorphic in the strip oy < Nz < 07.

The next lemma, a proof of which may for instance be found in [18, Theorem
IL.5b], will play a crucial role in the proof of our main result and is historically due
to Landau. Its first application in the given context appears in [5].

Lemma 7. Given the situation of Lemma 6, suppose further that f is monotonic.
Let o := sup{s > 0 : g(s) < oo} denote the abscissa of convergence of g . Then
g cannot be extended holomorphically onto any neighborhood of 0.
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Defining G(s) := s 'E|R|' and 0 := sup{s > 0 : G(s) < oo}, we have as an
immediate consequence:

Corollary 1. The function G cannot be extended holomorphically onto any neigh-
bourhood of 0.

Put

K(s) = /OOO (]P(|R| > 1) = > P(TcR| > z)) £ ar 1)

k=1

and suppose that (C) is valid. In order to show with the help of Lemma 6 that K
has a holomorphic extension onto a neighborhood of 8, the following proposition is
crucial. Its proof will be given in Sect. 5.

Proposition 3. Assuming (A), (B) and o > B, it follows that K(o + §) < oo for
some § > 0 provided that, furthermore,

e (O) holds true and o0 < s if 0 > 1,
e (O), (D*) hold true and o < seo if 0 =1,
e (D) holds true and 0 < 5o if 0 < 1.

Proof (of Theorem 2). Our proof consists of two steps (tacitly assuming the
respective assumptions of the theorem for the cases f >, =, < 1):

Step 1. K(B) =0iffo > B.
STEP2. If K(B8) =0ando > B, then 0 = Soo, resp. = Soo

Before proceeding with these steps, we make the following observation (under
the assumptions of the theorem): Lemmata 4 and 5 ensure that £ Z]](V: 1 | Tk Ri|" and
E |R|’ are both finite for &« < s < B. Therefore, we may compute

/oo (]P’(|R| > 1) = Y P(TkRe| > z)) =V dr
0

k=1

K(s)

o] oo ©©
/ P(|R| > t)r* Vdr — / Z]P’(|TkRk| > ) dt
0 0 k=1

1 1 [&
—~E|R|' — -E T Ry |’
SBR[ — < [Zlkk|]

k=1

1
—(1=m(s)EIR]
s

giving

K(s)
T—mG) G(s) (22)



Precise Tail Index of Fixed Points of the Two-Sided Smoothing Transform 241

for all s € (&, B). By Lemma 6 (with f(1) =P(|R| > 1)+ Y o, P(TkRx| > 1))
and Lemma 1, both sides extend to holomorphic functions onto the strip o < Rz < f,
and (22) remains valid in this strip by the identity theorem for holomorphic
functions.

STEP 1. Notice that (1 —m(z))~" has a pole of order 1 at 8, for m’(8) > 0, but is
holomorphic otherwise in a neighborhood of 8. By Proposition 3 and Lemma 6,
K(z) is holomorphic in the strip « < Rz < B + § for some § > 0. Hence,
if K(B) = 0, then the left-hand side (LHS) of (22) has a holomorphic extension
to a neighborhood of B, and this is also an extension of the RHS, giving 0 > f.
On the other hand, K(8) > 0 entails G(8) = oo, i.e. 0 < f.

STEP2. Now assume K(8) = O and o > B, but 0 < Seo, resp. 0 < 5o0. Then,
for all 8 < Rz < o, we have

whence by another appeal to Proposition 3 together with Lemmata 1 and 6,
the LHS extends holomorphically onto 8 < %z < ¢ + § for some § > 0, giving
an holomorphic extension of the RHS. But this is a contradiction to Corollary 1.

0
We finish this section with the proof of Proposition 2.

Proof (of Proposition 2). First of all, if K(B) > 0, then the uniqueness of R as a
solution to (3) implies that P(r Z]]C\;l Ty + Q = r) < 1 forany r # 0. In order to
show the converse, suppose that K(8) = 0 and thus E|R|® < oo for any s < Seo,
resp. < Seo. W.lo.g. let k = 1, so that E|T;|” = 1 is assumed. Putting B :=
Z,ﬁ;z Ty R + Q, the random variable R satisfies the SFPE

R L TR + B (23)

Since E|R]" < oo, m(y) < oo, and (if y > 1) u(y) < oo, we find that the
following conditions are fulfilled:

E|B|” < oo (by Lemma 5);

E ITl |}/ = 1;

P(log |T}| € -) is nonarithmetic;
E|Ty|" logt |T\| < oo.

These conditions render uniqueness of R as a solution to (23) and allow to invoke
the results by Kesten [13, Theorem 5] and Goldie [8, Theorem 4.1] to infer that
E|R|” < oo and thus t” P(|R| > t) = o(1) as t — oo can only hold if

Tir + B =r as. forsomer € R
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or, equivalently, R = r a.s. (by uniqueness) which in turn is equivalent to

N
rZTk+Q=r a.s.

k=1

This completes our proof of the proposition. O

5 Bounds for K(s)

We proceed to a proof of Proposition 3. This proof with 7 = f and (-)* instead of
|| also shows the finiteness of (18) and (19), thus completing the argument in the
proof of Theorem 1.

Proof (of Proposition 3). By using [8, Lemma 9.4] (in corrected form), and upon
defining

s

N s N
H(s) == E||Y TeRe + Q| —|Y_ TiR«| |.
k=1 k=1
N $ N
I(s) = B||>_TeRe| — Y |ITkR’|.
k=1 k=1
N
J(s) == E| > |TiR|' = sup |TkRk|S:|,
Lk=1 k=N

we obtain the following estimate for K(s):

00 N [od)
K(s) = / s P(ZTkRk+Q >t)—Z]P’(|TkRk|>t) dt
0 k=1 k=1
00 N N
5/ st*7! P(ZTkRk+Q >t)—]P’(ZTkRk >1)| dt
0 k=1 k=1
oo N
+/ P> TeRe|>1t)—P| sup |TiRe|>1]| dr
k=1 1<k<N

Sts—l
0
o0 o0
+ [ st (ZP(ITkRk| > 1) —P( sup |Tx Ri| > Z)) dt
0

=1 1<k<N
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N s

Z T Re

k=1
< H(s)+ I(s) +2J(s).

= H(s) + E — sup |TkRi|

1<k<N

+ J(s)

As for the second to last line, we note that the appearing integrand is indeed
nonnegative because it is equal to st*~!' ", P(Yy > ) where (Y)>1 denotes
the decreasing order statistic of (|7 Rx|)x>1. Then use Fubini’s theorem as in
[11, Lemma4.6] to see that the pertinent integral equals J(s). The proof is
completed by the next three lemmata which will show that, for some § > 0, H(s),
I(s) and J(s) are bounded forallo < s < o + 6. O

Lemma 8. Suppose that (B) holds and o > B. If 0 > 1, suppose further (C) be
true and 0 < Soo. Then

s s

H(s):=E <00

N
Y iR+ Q
k=1

N
Z Ty Re
k=1

forallo <s <o+ § and some § > 0.

Proof. If s < 1, then (recalling (8))
H(s) < E|Q]' < oo.

If s > 1, choose § € (0,1] such that o + § < so0. Now for 1 < s < ¢ + §, use the
inequalities

la® — b’
(a+b)y

IA

s(a Vv b)Y Sla—bl|°,

2s—l(as 4 bS)7

IA

valid for a, b > 0, to infer (witha = | Y r_, T Ry + Qland b = | Yo, T Ri|)

s—68

H(s) < s(Iv2™HE| Q] + oI’

N
Z Ty Ry
k=1

The last expectation is finite because, by Lemma 5 and Hoélder’s inequality,
s—§ ]

lof°

N
> Ik

k=1

C u(s)* @[

E 0| CE|R'E

IA

N
Z Ty Re
k=1

IA

for some constant C € R, |
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Lemma 9. Let 0 > . Suppose that (C) holds and 0 < Seo if 0 > 1, that (D¥)
holds if o = 1, and that (D) holds and 0 < S« if 0 < 1. Then J(s) < oo for all
0 <s <o+ 68 andsomes > 0.

Proof. If 6 < 1, pick § € (0, 8p) such that % <l+eg(ando+6§ < o ifo < 1).
Ifo > 1, pick§ > Osuchthat [0 — 8,0 + 8] C (1, 5c0)-
If0 <s <o —34,then J(s) < oo follows from the obvious estimate

J(s) < Y BT E[R] = m(s)E|R]'.
k>1

Solets € (0 —46, 0 +38) hereafter. Then one can follow the proof of [11, Lemma 4.6]

(replacing («, B) and C; R; there with (s, 0 — §) and | Tk R |, respectively) to obtain
the bound

J(s)

IA

/(0=5) al e
S/(0—
C(IE|R|”_8) E <Z|Tk|"_8) <

k=1

/(0—9)
C<E|R|"_8)S ™ e, (L) < o0
1+ ¢

for some constant C € R.. Here we should note that, if 0 — § < 1, the second
expectation on the right-hand side is indeed finite because s/(0 — §) < 1 + ¢ and
0 — 8§ < Soo ensures mg, (0 —8) < oo. If 0 —§ > 1 then we arrive at the same

conclusion, for Yo, |Te|”™" < (X0, | Tk| )0_8. O

Lemma 10. Let 0 > B. Assume (C) and 0 < seo if 0 > 1, (D*) if 0 = 1, and (D)
and o < Seo if 0 < 1. Then I1(s) < oo forall0 < s < o + § and some § > 0.

Proof. The first part of the proof follows the argument given for [10, Lemmata 4.8
+

and 49]. Put § := YN Ty R, §* = (ZL TkRk) LSt = YN (T R*

and S1(s) := Z,]{vzl ((TkRk)i)s. Then

1(s)

E||S|’ — S4(s) — S—(s)|
= E|(51)° + (S7) = S+(s) — S—(s)|
E|(S1) = S4(s)| +E|(ST) — S-(s)].

IA

whence it suffices to show E |(S ) — Sy (s)| < oo and, by an obvious reflection
argument, only E |(S+)“ -S4+ (s)| < 00. As in [10], we estimate

E|(ST) = S(9)] < ES4(9)1gs,<s_y + E(SE — (S+—S2)*) Lgs, o5y

+ E|S% — S4.(s)]
(24)
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The first two expectations on the right-hand side can be bounded by a constant times

1+e€

N
I+e
(EIRIS/(1+6)) E (Z |Tk|3/(l+s))
k=1

ifo < 1(choosea = s/(1+¢)and b = se/(1+¢) in the proof of [10, Lemma 4.9]),
and by a constant times

N S
E[R|E|IR''E (Zml)

k=1

if o > 1. These bounds are finite if 0 < s < o + § for sufficiently small § > 0 and
€ < ¢y with ¢y given by (D) or (D*).
It remains to show finiteness of the final expectation in (24), viz. of

L(s) :=

N $ N
E (Z(TkRk)+) - > ((TR*Y)
k=1 k=1

forall 0 < s < o + § and some § > 0. We will do so by distinguishing the cases
o<1, @G)o=1, ((i)l<oc<2 and (@(v)o > 2.
(i) If o < 1, then foreach 0 < s < 1 (see also [10, proof of Lemma 4.9])
N

L(s) = E| Y ((TkRO)T) (Z(TkRm”

Lk=1

IA
=

N
> ((TeRO)T) -  max ((TkRk)+):|

Lk=1

IA
=
Mz

| Tk R |* - pax (T R)™)’ - max, ((TkRk)_)S:|

| k=1

I
=
M=

|Tx Ri|" — max |TkRk|S:| = J(s),
1<k<N

Lk=1

and the latter function is finite by Lemma 9.

(i1) Next,leto = 1.Fix ¢ suchthat 1 —§y < ¢ < 1 and (1 4+ €p)¢ > 1, where &g, €
are given by condition (D*). Then choose § < min{(1 +€y){ —1,¢,2¢—1} =
(1+e€)¢—1.Letl <s < 14§ andnote thats — < 1. Applying Lemma 11
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to f(x) = x* (thus £ = s — 1) and the ¢ chosen above, we infer for a suitable
constant C € R,

L(s) = E

N SN
(Z(TkRk)+) = ((TkRTY

k=1 k=1

(N—1 /) =t
CE (me) T 1R 41/

=<
=1 \im
N1 j =t

= CE|) Er <Z|TkRk|) T 41 R 41l
| j=1 k=1

N— s=¢
= CE|R'E Z ,+1|4ET(Z|TkRk|)

k=1

M N—1 9Y44
< CE[RFE| ) ITjnl (ET(Z |TkRk|)§)

j—l k=1

(s—8)/¢
< CEIR]E Z T 41 (ETZ |TkRk|§)

k=1

N s/¢
= C(E|RI'E (Zmﬁ) < oo

k=1

where Jensen’s inequality and then subadditivity have been utilized in line 5.
Finiteness of the final expectation is guaranteed by (D*).

(iii) Turning to the case 1 < o < 2, we proceed in the same manner. Applying
again Lemma 11 to f(x) = x® for 0 < § < So0 A 2, but now with { = 1,
we obtain for some C € R..

[~ N =17
L(s) < CEIR|E| > |T;|Ex (me)
j=1 k=1 i
[~ N s=17]
< CE[R|E | ) |T;] (ETZ|TkRk|)
L /=1 k=1 |
=

N s
C(E|R|)'E (Z |Tk|> <

k=1

where finiteness of the last expectation is guaranteed by (C).
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(iv) Finally left with the case 0 > 2, we fix again § < 1 sufficiently small such that
§ + 8 < Soo. For s € (0,0 + §) and small § > 0, define

o __p@O) o~ 6 =2)
»(0) := __9 and q(9)-—p(9)_1_2+29—(s—0)_

As one can readily check, limg_,o p(f) > 1 and 1 < limg—¢¢(f) < o. So we
may fix 6 > 0 so small (depending on §) that p = p(6) and ¢ = ¢ () for this
0 satisfy

l<p<oo, l<g<o and (s—2)p <o.

In the following estimation, C denotes a generic finite positive constant which
may differ from line to line. Using Lemma 12 from the Appendix with
f(x) = x*, we obtain

N §s—2
L(s) < CE (Z(T,R,-)*) > (TR)T(TkRT
i=1 1<j#k=N
<cC ITRI Y TR ITeR
1<j#k<N
s—2
= Z'TR|) > TR |ITkR]
I<j#k=<N
N §s—2
= > Er (ZlTRl) T Re| ITi R |
1<k#I<N i=1
N pls=2\ /P
q q Va
<cel 3 (X ImR] (Ex ITeR | ITRIIY)
1<ks#I<N i=l1
i N Ps=2) 1/p
§— 2
<CE| > (Zrm) EIRPC™ ) (BRI Tl 73]
1<k7él<N i=
s—2
C (EIRI"?) 7 (EIRI)E (Zm) S mdim
1<k#I<N
<C

C (BIRI") 7 (& |RI /B (Z ) (i‘T"')

Jj=1

N 5
C (EIRI"™) " (®|R)E (Z |Tk|) < 00
k=1

where Lemma 5 has been used for line 6. O
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The previous proof gives rise to a Corollary which may be interesting in its own
right:

Corollary 2. Let (Ri)i>1 be a sequence iid random variables independent of the
random weights (Ty )k>1. Let 0 > 1, 0 < § < 1 and suppose that E|R,|* < oo for
s <o and E(Z,]{vzl |Ti[)°+® < oco. Then

E < 00

N s N
(Z(TkRkﬁ) =Y (TR
k=1 k=1

forallo <s <o+ 6.

Proof. If 0 > 2 or 0 +§ < 2, then the result is contained in the proof of Lemma 10.
Ifo < 2,buts := 0+6 > 2, then observe that case (iv) also works wheno < 2 < s.
O

Remark 2. In the case when 0 > 1 is not an integer, the finiteness of L(s) for
0 < s < o0 + § and some § > O sufficiently small may alternatively be inferred by
the same arguments as in [10, Proof of Lemma 5.2].

Appendix

Proof (of Lemma 6). We have the uniform bound

/Oo |7 f @) de = /oo N f @) dr
0 0

1 e’}
5/ oot |f(t)|dt+/ 7N f(0)] dt < 0.
0 1

In order to show holomorphicity, take any closed path c in the strip oy < Rz < o7y,
then we may use Fubini’s theorem to infer

/Cg(z)dz = [ (/Oootz‘lf(t)dt) dz
:/000 (/Ctz“dz) f@)dt = 0.

In fact, g is the Mellin-Transform of the measure f(¢)dr. O

Lemma 11. Let f : R> — R be a differentiable function such that f(0) = 0
and ' is Holder continuous of order £ € (0, 1], i.e.

1f' ) = ') < Clay = xoff



Precise Tail Index of Fixed Points of the Two-Sided Smoothing Transform 249

for some C € R, and all x,,x; € Rx. Then

’f(sn)—Zf(xk) < CZs“E x5 (A1)
j=1
forany <§<1andx1,...,x,, € Ry, where s, 1= Z'}:lxj.

Proof. We will use induction over n > 2. For n = 2, use f(0) = 0 to obtain

< Cxfy,
(A2)

for all x, y € R> which gives the result if { = 1. Otherwise, pick any 0 < ¢ < 1.
Then (A.2) provides us with

1
| fx+y)=f) = fO)] = VO [/ +sy) = f(sp)] v ds

(CxPy) e (Cxy)' ™

— C2yU+o)+i—o

|fOe+y) = f) = fODP

IA

y§(1—0)+1+a’

which proves (A.1) for n = 2 with { =
n —1 — n, we note that

w. For the inductive step

n n—1
Fln) =Y FOp| < 1) = flsn) = SOe)| + | [lsa1) = Y F(x))
j=1 J=l1
< c s f+zsl+é S

- czwé S
which proves our claim. O

Lemma 12. Let f : Rs. — Rs be a twice continuously differentiable function
such that f” is nonnegative and increasing. Then

< f' (sn)zxz-xj (A3)

‘f(sn) - Z f(xe)
i#]j

forall xy,...,x, € Rs, where s, := Z';:lxj.
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Proof. We will use induction over n > 2. Forn = 2, use f(0) = 0 to obtain

1
Fa ) — f0) — f() = /0 [£/Gc + 53) — f(sy)] v ds

1 ld
:/0 (/0 Ef’(rx-l—sy)dr)yds

1ol
= / / [ (rx + sy) xy dr ds
o Jo

By assumption f”(rx 4+ sy) < f”(x + y) forall r, s € [0, 1], whence
0= fx+»—f)—fO) = f'"x+y)xy
as asserted. For the inductive step n — 1 — n, we note that

n—1

L) =Y fQ)| = 1fGn) = flsnmt) = F@+ | flsam) = Y f(x))
j=1 J=l1
= f//(sn)xn Sp—1 + f”(sn—l) Z Xi X j
I<i#j<n—1
< " (sn) Z XiX;.
I<i#j=n
which proves our claim for general n > 2. O
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Conditioned Random Walk in Weyl Chambers
and Renewal Theory

C. Lecouvey, E. Lesigne, and M. Peigné

Abstract We present here the main result from [8] and explain how to use
Kashiwara crystal basis theory to associate a random walk to each minuscule
irreducible representation V' of a simple Lie algebra; the generalized Pitman
transform defined in [10] for similar random walks with uniform distributions yields
yet a Markov chain when the crystal attached to V' is endowed with a probability
distribution compatible with its weight graduation. The main probabilistic argument
in our proof is a quotient version of a renewal theorem that we state in the context
of general random walks in a lattice [8]. We present some explicit examples, which
can be computed using insertion schemes on tableaux described in [9].

1 Introduction

1.1 The Pitman Transform for the Brownian Motion

Let (B(?)):>0 be a standard Brownian motion on R starting at 0. We denote by
m(t) the minimum process defined by m(¢) := 0inf B(s). The Pitman transform
<s<t

of (B(t)):>o is given by
PB(t) := B(t) —2m(t).

The reader will find a proof of the following statement in [11] and references therein:
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Theorem 1. The process P B(t) is a 3-dimensional Bessel process; in particular, it
has the same law as the Brownian motion on |0, +00| conditioned to stay positive.

e WW ™
\\.'\”\.’-"'\rq/“"\"\_; Pl ¥ am "\f"“v""-.-’mﬂ
AU
0.00 0.25 0.50 0.75 1.00
B(t) m(t) and —m(t)

A Brownian motion trajectory B(t) and its Pitman transform

There exists a multi-dimensional generalization of this theorem, called the
generalized Pitman transform (see [1]): it corresponds for instance to the motion
of the eigenvalues of some Hermitian Brownian motion in SU(2).

1.2 The Pitman Transform for the Simple Random Walk

We consider the simple random walk Sy = X; 4+ --- + Xj on the set Z with
increments +1:

P(Xie=1)=P(X; = —1) = %

The Pitman transform of this random walk is the process (Py := Sk — 2my)ik>0
where m; = min(0, Sy,---,S,); it is a Markov chain on N with transition
probabilities
a—+?2 a
Ya e N , )= ——— and a—1)=——.
¢ plaa+ =077 plaa=1=52"10

By a straightforward computation, one gets

VaeN p(a,a:l:l)zklir_ir_l PSi=a+1/So=a,5>0,---,8 >0).
—> 100
To obtain this equality, one may notice for instance that for any a, k > 0 one gets

Pimg—1 > —a -1

P(S = a+1/Sy=a,S,,S; >0) =
(Sr=a+1/5 =a.$ k20 = B T S - D)+ P > —a £ 1)
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and use classical estimations of the probability P(m;—; > —a — 1) for the simple
random walk.

We may represent the process (Pr)r>0 as a process in the plane. We fix the
standard basis {7 7} in R?; the vector 7~ corresponds to the step +1 and 7 to the
step —1. We consider for instance the following trajectory

time k 0 1 2 3 5 7
X 1 1 1 1 1

Sk 0 -1 0 1 0 1 1
path in Z? 0| 7 [r+7|2v+7]2r+27 |27 +37| 2r+47 |30+ 47

my 0 -1 -1 -1 -1 -1 -2

P.=5.-2m; | 0 1 2 : 2 1 3
Pitman path in N° 0 T 27 ar +7 |3T+2 \T4 27 | 5T+ 27

and its geometrical representation in the plane
C

2 The Ballot Problem in R”,n > 2

The Pitman transform of the simple random walk on Z can be seen as a transform
of some process on N, the so-called “Bertrand’s ballot problem” in combinatorics.

We generalize here this correspondence in any dimension.

2.1 Cones and Paths

We fix a basis B = {?1, e ,_e),,} of R” and introduce the following cone

C={xeR"|x;>-->x, >0}




256 C. Lecouvey et al.

]
we denote by C := {x € R" | x; > --- > x, > 0} its interior. We will consider
n

the collection of paths in Z" = @Z?i starting at 0 and with increments in
i=1
(C1,.... 7T}

A path of length £ in Z" will be a word w = x; - - - x¢ on the alphabet {1,...,n}
and its weight the n-uple wt(w) = (i1, ..., iby) Where y; is the number of letters
i in w. We are interested with (infinite) paths which remain inside C, that is to say
(infinite) words w = x1x,--- such that, forany £ > 1 andi € {1,---,n — 1} the
number of i in {xi,..., X} is greater or equal to the number of i + 1.

Example. The word w = 112321231 has weight (4, 3,2) and the corresponding
path remains in C.

2.2 The Simple Random Walk on N"

and p; +---+ p, = 1) and consider a sequence (X¢)¢>; of i. i. d. random variables
defined on a probability space (§2, 7, P) such that

We fix a probability vector p = (py,---, p,) in R” (thatis p; > Oforany 1 <i <n

Vie{l,---,n} P(X,=7¢;)=p.
The random walk (S¢ = X + - -+ + X¢)¢>0 has the transition probability matrix

Di if ,B—Ol:_e)iEB,
0 otherwise.

(e, ) =

ffi=a+,¢,+ 4L, witha € N, £, --- £, > 0, all the paths joining
o to  have length £ = £; 4 --- + £, and the same probability pf‘ x -+ x pln; then

14

Hl(a,ﬂ)ze pf‘x---xpn”.

el

2.3 The Conditioned Random Walk in C

Let Il be the restriction of [T to the cone C. One gets the

Proposition 1. Ifm := E(X;) € ¢ (or equivalently py > --- > p,) then

Viec PA(S(EC,V620)>O.
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Moreover, the function h : A +— P, (Sg eC, VL > O) is I[1c-harmonic.

The transition matrix P¢ of the random walk (S¢)¢>0 conditioned to stay inside C is
the #-Doob transform of I given by:

h
Viuec Pca,u):%ncu,m.

The aim of this work is to explain how to compute P¢ and the value of (1), A €

C,whenm = (p1,-++,pn) € C. Following N. O’Connell [10], we will use the
representation theory and generalize the Pitman transform in this discrete context.

2.4 The Representation Theory of sl,(C)

2.4.1 Weights of s(,(C)

We consider the weight lattice P := 7" = @;‘;1 Z?,-; the cone of dominant

weights is P, 1= @ N ;. The roots of sl,(C) are the vectors +(¢; — ¢ ;) with
i=1

1 <i < j < nm; the set of positive roots is R4 = {?,- —?j,l <i < j <}and
the simple roots are the n — 1 vectors 7,- —?i+1, 1<i<n-1.
We denote by Z the set of irreducible finite dimensional representations of sl, (C).
It is a classical fact that the elements of Z are labelled by the dominant weights: for
any A € P4, we denote by V(A) the corresponding irreducible finite dimensional
representation and the map A <— V(1) is a one-to-one correspondence between
Py and Z. For instance, the natural representation C" of sl,(C) is labelled
V(1,0,---,0), or simply V(1).!

N— —

n—1 times
We now introduce some usual quantities in representation theory: the multiplicities
Ju and f,/; related to the decompositions of the representations V(1)® and V(L) ®
V(1)®Z, £ > 1,A € P4, in direct sum of elements of Z. Namely, for any £ € N and
A € P4, one has the decomposition

V(e = P vw® and V()@ V1)® = P V(w)®r
HEP HePy

This leads to the

lin order to simplify the notations, we will omit the (last) coordinates 0 which appear in A € Py
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Proposition 2. Forany A = (A1,--- ,A,) and ;o = (1, , n) in P4 such that
A< u(i-e i < uiforanyi = 1,---,n), the number of paths between A and
which stay inside C is equal to f,,; in particular, the number of paths between 0
and p which stay inside C is equal to f,,.

Consequently, the representation theory is a powerful tool to compute the exact
number of paths staying inside C; it will be also useful to estimate the probability
of the set of such trajectories for a large class of random walks.

2.4.2 The Notion of Crystal

One may associate to each V(1) € Z its Kashiwara crystal B(1). This is the
combinatorial skeleton of the U, (sl,(C))-module with dominant weight 1 € P, : it
has a structure of a colored and oriented graph (see [3, 6]).

Example. The crystal of V(1) = C" is

B):1 52333 ... 315 5
The crystal B(1) ® B(u) associated with V(1) ® V() may be constructed from
B(4) and B(); its set of vertices is the direct product of the ones of B(A) and B(u),
the crystal structure (that is the choice of the arrows between vertices) being given
by some technical rules presented for instance in [8], Theorem 5.1. One important
property of the crystal theory is that the irreducible components of V(1) ® V(u) are
in one-to-one correspondence with the connected components of B(1) ® B(u).

Example. The crystals B(1) and B(1)®? for sl3(C)
The crystal B(1) of V(1) = C3is 1 LoZs

The crystal B(1)®? associated with V(1)®? is

1 11
1l

b

4
3 323
The two connected components are labelled by their source vertex, namely 1 © 1

and
The letters which appear in the source vertex 1 © 1 are both equal to 1, this vertex
corresponds to the irreducible component 1/(2,0,0) ~ 1/(2); in the same way, the

source vertex corresponds to 5 SO

V(N®2 ~ V) e V(,1).
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This corresponds to the fact that the two words (11) and (12) are the only ones
“allowed” paths of length 2 which remain inside C C R.

2.4.3 Relation Between the Crystal and the Set of Words

The word w = x; - - - x; on the alphabet {1, ..., n} may be identified with the vertex
hb=x® - ®x; € B(1)®

We denote by B(b) the connected component of B(1)®¢ which contains b.
The Pitman transform will be the map P defined by

P B(H® ¢

b — weight of the source vertex of B(b).

2.4.4 The Probability Distribution on the Crystal

The probability of the letter i is p;; it will be the probability of the vertex i € B(1).
The word x; - - - x¢ has probability pi” -+ ph" where (u1,--- , ) is the weight of
this word; this is also the probability of the vertex b = x; ® --- ® x; € B(1)®".
Finally, we have fixed a probability p on B(1), endowed B(1)®Y with p®N and
set (S¢) := the sequence of weights of the corresponding process on B(1)®N.
The Pitman process (Hy), is the sequence of weights defined as the images by P of

the k-vectors (S¢)1<¢<k, k > 1.

2.4.5 The Character and the Schur Functions

Let h be the sub-algebra of diagonal matrices of s/, (C); any representation M of
51, (C) may be decomposed in weight spaces

M =P M,

HEP

with M), := {v € M/h(v) = u(v)v for any i € h}. The character function of M
is the Laurent polynomial sy, defined by

Vx e C" sy (x) := Z dimM,, x"
HEP
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When M is an irreducible representation V(1), the character function is called the
Schur function and denoted s, .

Example. The Schur function of the natural representation of sl (n, C).
Forany A = (Ay,---,A,) € Py and x = (x1,---,x,) € R", we denote by
a) (x) the Vandermonde function

Al A2 n
XXy X
Al A2 An

4 (x) == detxy = |

For§ =(n—1,n—2,---,0), one gets
i xn=2.

l_[ (X,' —Xj).

1<i<j=<n

XX
as(x) := S

For any A € P4, the Schur function s, of V(A) is given by

ay+5(x)
as(x)

s (x) =

ey

in particular, the Schur function of V(1) = V(1,0,---,0) = C" is

x’f x?_z e 1
ag o x 1 Xy X5l
(1,0, ,O)+8( ) _ 2 2. l=x 4+ x. (2)

as(x) ~as(x)

s1(x) =

x”; xn_z...l

One may now state the following
Theorem 2 ([10]).

* The process (Hg)e>o is a Markov chain on C with transition probability

sx(p1, s Pn)

Pr(A,pn) =
H( M) S/L(pls"' 7pn)

Ip(p —4).

* The transition matrix Pc of the rw. (S¢)e>0 conditioned to stay inside C is equal
to Py.
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e [In particular, one gets

]P’O(SgeC,VﬁzO)zl_[(l—p‘“)z l_[ (1_ﬁ),

@€Ry 1<i<j<n Pj

3 The Probabilistic Argument

We present here the probabilistic ingredients which allow to link up the random walk
conditioned to stay inside C and the Pitman process. The details are given for the
ballot problem, as in [10], and remain valid in a more general context (see Sect. 4).

3.1 The Markov Chain (H¢)¢>0

Using the crystal basis theory, one may check that (H;)¢>o is a Markov chain with
transition matrix

su(p)

Pr (A, ) = fu/xm

with f,,/x € {0, 1}; for the ballot problem, we have s,(p) = p1 +---+ p, = 1 and
50 Pre(Aj0) = fu/as(p)/52(p)-

We denote by I1¢ the restriction of 7 to the cone C; the matrix Py is the y-Doob
transform of the substochastic matrix ITe with ¥(1) = “p#. We are going to
prove that ¥ coincides up to a multiplicative constant with the function % given in
Proposition 1.

3.2 The Doob Theorem

Let E be a countable set and ( sub-stochastic matrix transition on E. Let G
be the Green kernel associated with Q. Fix an origin x* € E such that
0 < G(x*,y) < 4ooforany y € E and let K be the Martin kernel defined by

G(x.y)

Vx,ye E K(x,y) = ——"-.

X,y (x,y) G )

Let h be an strictly positive and Q-harmonic function on E, let Oy be the

h-Doob transform of Q and consider a Markov chain (Y, [h)(z() on E with transition
matrix Qp. One gets the classical following result:
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Theorem 3 (Doob, [3]). Letf: E — R such that
Vxe E lim K(x,Y'w)) =f(x) P(dw)—as.
{—+o00

Then there exits ¢ > 0 such that £ = ch.

In our case, we take £ = C with origin x* = 0, the sub-stochastic matrix Q is I1¢
and h(A) = h(X) = P, (S, € C,V{ > 0). By the Strong Law of Large Numbers,
one gets

S¢~€m+o0() P—as.

N. O’ Connell directly checks, using the explicit expression of the Schur function
sy given in (1), that for m inside the cone C and any sequence ¢y = €m + o(£)

o S N sx(p)
fw Pk

Unfortunately, such an explicit formula for the Schur function does not exists in the
more general situation we want to consider and we avoid his approach as follows:
using the theory of crystal bases, we may decompose the Martin kernel and write

KA, ) =p { — +o0.

GO, e —y)

1
Kdpo=—3 3, fupxr' < —gaos

p y weight of V(1)

for any A and ¢ = €m + o(£) € C with £ large enough. It remains to prove that,
forany y € C

GO, e —y)

— 1 when £ — +4o0.
G(0, o)

3.3 A Quotient Renewal Theorem in the Cone

We consider here a sequence (X¢);>; of independent and identically distributed
7" -valued random variables with law u and set Sy := X +---+ X, forany £ > 1.
The central argument of our approach is the following:

Theorem 4 ([8, 91). Assume that the law W is aperiodic on 7", its support is
bounded and the mean vector m := E(X/]| lies inside the cone C. Let &« < 2/3
and (e)e, (he)e be two sequences in 7" such that im£~%|| e — €m| = 0 and
lim £=V/2||\hy|| = 0. Then, when £ tends to infinity, we have
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Y P(S1€C.... Sk €C. Sc=pi+h)~)» P(Si€C.....S €C.S=pu).
k>1 k=1

The first ingredient of the proof is the following

Lemma 1 (R. Garbit (2008) [4]). Under the same hypotheses as above, for any
o > % there exists ¢ = ¢, > 0 such that, for all £ large enough and u € C

PSS —meC,...,S¢—€tmeC,S; =4L€m+ p) > exp(—cl®).

The second ingredient is a version of the renewal limit theorem due to H. Carlson
and S. Wainger [2]. We assume that m := E(X,) is nonzero. Let (€7, .. e,,__T) be
an orthonormal basis of the hyperplane m=. If x € R”, denote by x’ its orthogonal
projection on m* expressed in this basis and let B be the covariance matrix of
the random vector X;. Let N be the (n — 1)-dimensional Gaussian density with
covariance matrix B and V' be the n-dimensional volume of the fundamental domain
of the group generated by the support of the law of X,. The following result may be
deduced from [2], the proof of the present statement is detailed in [7]:

Theorem S. We assume the random variables X, have an exponential moment.
Fixa < 2/3 and let (ju¢) be a sequence of real numbers such that vy = m{+o0(£%).
Then, when £ goes to infinity, we have

V 1
P8 = o)~ oG (o)
g ml "\

We will apply this result along the sequences ()¢ = (S¢(w)), for almost all
w € £2, which is possible since, for any € > 0, one gets Sy ~ {m + o(ﬁ“) a.s.

4 Generalization: The Pitman Transform for Minuscule
Representations

We consider in [8] a representation V() of a simple Lie algebra g over C and endow
the associated crystal B(8) with a probability distribution p = (pp)per(s) Which is
compatible with the weight graduation of B(§). We consider a random walk (S¢)¢>0
with independent increments of law p and transition matrix I7; this random walk
will take values in the weight lattice P associated with g, we will have P C },Z”
for some € N* depending on g (see the table below).

As in the previous section, we construct a Markov chain (H;), in the Weyl
chamber C C P, with transition matrix Py, which will play the role of the Pitman
process. We prove that (H;), coincides with the yr-Doob transform of the restriction
to C of the transition matrix of (S¢), (for some explicit function ¥ expressed in terms
of characters) if and only if V(§) is minuscule, that is when the orbit of § under
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the action of the Weyl group of g contains all the weights of V(§). The minuscule
representations are given in the following table

Type Minuscule weights N Decomposition on the basis B

A, wi,i=1,..., n n+1 wi=¢e + - +¢

B, Wp n wn=%(81+"'+8n)

Cy o n W] = €

D, w1, Wy—1, Wy n a)1=81,w,,+,=%(81-I—"'—}-s,,)-l—ls,,,le{—l,O}
Es o1, w6 8 w1 = (68 — &7 — &), w6 = §(e3 — £7 — £6) + &5

E; w7 8 w7 = g6 + 3(e5 — 7).

When V' (§) is minuscule, we also prove that for any m in the interior é of C, one
may choose the probability p = (ps)pep(s) on the crystal B(§) (and so the random
walk (S¢);>0 on Z") in such a way its drift is m.

The main result of [8] and [9] may be stated as follows

Theorem 6 ([8,9]). If the representation V(8) is minuscule and m = E(X) € é,
then the transition matrix of the rw. (Sp)¢>0 conditioned to stay inside C is equal to
Pyy. In particular, for any A € Py, one gets

Pi(Sce C.VE=0)=psi(p) [ 1=p™).
aER

Furthermore, when n© = {m + o(£*) with < 2/3, one gets

flo

. n® /A

th — = su(p).
—00 p,(l),l

The same result holds for direct sums of distinct minuscule representations and also
for some super Lie algebras, for instance g(m, n) (see [7]).

Example. Case of a C; representation: sp(4, C).
We consider the representation V' = V(w;). The corresponding crystal is

Bw):15253471
The probability p = (p3 . p_2,. P2, P—,) is such that
bz XP_2, = P2, XP_72,
In this case, one fixes 0 < p, < p; < 1 with p; 4+ p, < 1 and sets

4
Pz, =prandp o = —

C
P, =Pv,P_p, = —
P1 P2

with ¢ = p1p2(55; — 1) (so that py + pr + = + = = 1).



Conditioned Random Walk in Weyl Chambers and Renewal Theory 265

L] L]
L

A random path in the plane and its Pitman transform, for the vectorial representation
of sp(4,C)

]P’O(Sgec,‘v’ﬁzl)z (1—&) (1— ¢ )(1—i) (1—i).
D1 Pi1D2 P1 D2
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