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Abstract

In this work, we adopt a Random Matrix Theory point of view to study the spec-
trum of large reversible Markov chains in random environment. As the number of
states tends to infinity, we consider both the almost sure global behavior of the spec-
trum, and the local behavior at the edge including the so called spectral gap. We study
presently two simple models. The first one is on the complete graph while the second
is on the chain graph (birth-and-death dynamics). These two models exhibit different
scalings and limiting objects. The first model is related to the semi—circle law and
Wigner’s theorem. It contains as a special case a natural reversible Dirichlet Markov
Ensemble. The second model is related to homogenization and also to asymptotics for
the roots of random orthogonal polynomials. A special case gives rise to the arc—sine
law as in a theorem by Erdés & Turan. This work raises several open problems.

Keywords: random matrices, random graphs, reversible Markov chains, random walks, random en-
vironment, spectral gap, Wigner semi-circle law, arc-sine law, tridiagonal matrices, birth-and-death pro-

cesses, spectral analysis, orthogonal polynomials, weak and strong limit theorems, homogenization.
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1 Introduction

The spectral analysis of large dimensional random matrices is a very active domain of re-
search, connected to a remarkable number of areas of Mathematics and their applications,
see e.g. [51, 24, 35, 29, 2, 10, 28]. On the other hand, it is well known that the spectrum of
reversible Markov chains provides useful information on their trend to equilibrium, see e.g.
[40, 15, 37]. In the present work, we propose to study the spectrum of random reversible
Markov chains with very large finite state space. The randomness of these chains, which
appears as a random environment, is constructed by putting random weights on the edges
of a finite graph. This approach raises a collection of stimulating open problems, lying at
the interface between random matrix theory, random walks in random environment, and
random graphs. We focus here on two elementary models, on the complete graph and on
the chain graph. These two models exhibit different scalings and limiting objects. The
study of spectral aspects of certain random Markov chains or random walks in random
environment is not new, see for instance [20, 9, 53, 14, 13, 11, 45] and references therein.
Here we adopt a particular Random Matrix Theory point of view.



More precisely, consider a finite connected undirected graph G = (V, E), with vertex
set V and edge set E, together with a set of weights, given by positive random variables

U= {Ui,ﬁ {Z,]} < E}

Since the graph G is undirected we set U; ; = U ;. On the network (G, U), we consider
the random walk in random environment with state space V' and transition probabilities

Ui
Pi

Ki,j == where pPi = Z Ui,j- (1)

j{ijreE
The Markov kernel K is reversible with respect to the measure p = {p;, i € V'} in that
pilkij = pjKj

for all 7,j € V. Positivity of the weights implies that K is irreducible and p; is its unique
invariant distribution, up to normalization. When the variables U are identically equal
this is just the standard simple random walk on G, and K — I is the associated Laplacian.

The construction of reversible Markov kernels from graphs with weighted edges as in
(1) is classical in the Markovian literature, see e.g. [15, 23]. As for the choice of the graph
G = (V, E), we shall work with the simplest cases, namely the complete graph or a one—
dimensional chain graph. Before passing to the precise description of models and results,
let us briefly recall some broad facts.

By labeling the n = |V vertices of G and putting K; ; = 0if {i,j} ¢ E, one can see K
as a random n x n Markov matrix. The entries of K belong to [0,1] and each row sums
up to 1. The spectrum of K does not depend on the way we label V. In general, even if
the random weights U are i.i.d. the random matrix K has non-independent entries due to
the normalizing sums p;. Note that K is in general non—-symmetric, but by reversibility,
it is symmetric in L?(p) and its spectrum o(K) is real. Moreover,

leo(K)C[-1,+1]
and it is convenient to denote the eigenvalues of K by
“1<A(K) << AN(K)=1.

Since K is irreducible, the eigenspace of the largest eigenvalue 1 is one-dimensional and
thus Ao(K) < 1. Moreover, since K is reversible, the period of K is 1 or 2, and this last
case is equivalent to A, (K) = —1 (the spectrum of K is in fact symmetric when K has
period 2). For all these Markovian spectral aspects, see e.g. [41]. The bulk behavior of
o(K) is studied via the Empirical Spectral Distribution (ESD)

1 n
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Since K is Markov, its ESD contains a probabilistic pathwise information on the corre-
sponding random walk. Namely, the moments of the ESD pug satisfy, for any ¢ € Z,

+1 1 1
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where rP (i) denotes the probability that the random walk on (G, U) started at i returns
to i after ¢ steps. The averaged version of (2) obtained by taking the expectation of both
sides is also at the heart of the so called trace-moments method in Random Matrix Theory,
see e.g. [2, 29].

The edge behavior of o(K) corresponds to the extreme eigenvalues Ao(K') and A, (K), or
more generally, to the k—extreme values \a(K), ..., A\gr1(K) and A\ (K), ..., Ap—p+1(K).
The geometric decay to the equilibrium measure p of the continuous time random walk
with semigroup (et(K -1 ))t>0 generated by K — I is governed by the so called spectral gap

gap(K —I) =1— M(K).

When the period of K is 1, the relevant quantity for the discrete time random walk with
kernel K is
¢(K)=1- max |\ =1—max(—\,(K), (K)).
A€o (K)
A£1
In that case, for any fixed value of n, we have (KE)L_ — pas { — oo, for every 1 < i < n.
The reader may find an introduction to such aspects in [40].

Complete graph model

Here we set V = {1,...,n} and E = {{i,j};i,j € V}. Note that we have self-loops at
any vertex. The weights U; j, 1 <7 < j < n are i.i.d. random variables with common law
L supported on (0,00) (with no atom at 0). The law £ is independent of n. Without loss
of generality, we assume that the marks U come from the truncation of a single infinite
triangular array (U;;)i<i<; of i.i.d. random variables of law £. This defines a common
probability space, which is convenient for almost sure convergence as n — oo.

Since all the entries of K are positive, the kernel K is irreducible and aperiodic (i.e.
the period is 1). As a consequence, A, (K) > —1 and thus o(K) is of the form

—1 <A (K) < -2 < Xg(K) < Mi(K) = 1.

As in the case of matrices with i.i.d. entries, the spectral properties of K will depend
mostly on the tail of £ at infinity. When £ has finite mean fooo x L(dz) = m we set m = 1.
This is no loss of generality since K is invariant under the linear scaling t — ¢t U, ;. If £
has a finite second moment we write 02 = [;*(z — 1)® L(dz) for the variance. The rows of
K are equally distributed (but not independent) and follow an exchangeable law on R".
Since each row sums up to one, we get by exchangeability that for every 1 <i,j # j' < n,

1
B(Kij) = and  Cov(Kij, Kij) = —

Var(K 1).
—— Var(K11)
However, the common variance of the entries of K may depend on £. When L is expo-
nential then the rows of K are Dirichlet distributed. The following theorem states that if
L has finite positive variance 0 < o> < oo, then the bulk of the spectrum of \/nK behaves
as in the case of Wigner matrices, i.e. as if we had truly i.i.d. entries. The ESD of \/nK is

1 n
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Theorem 1.1 (Bulk behavior). If £ has finite positive variance 0 < o < oo then
w
i =3, Wee
almost surely, where “” stands for weak convergence of probability measures and Way is

the Wigner semi—circle law with Lebesgue density

1

€T —
2702

40? — 2 L1-25+20] (). (3)

The proof of Theorem 1.1, given in Section 2, relies on a uniform strong law of large
numbers which allows to estimate p; = n(1 4 o(1)) and therefore yields a comparison of
v/nK with a suitable Wigner matrix with i.i.d. entries. Note that even though

M(VnK)=+yn—o00 as n— oo, (4)

the weak limit of p1 /5 is not affected since A1(y/nk) has weight 1/n in /. Theorem

1.1 implies that the bulk of o(K) collapses globally in a weak sense at speed n~1/2. This
result is too weak to provide the almost sure convergence of the extremal eigenvalues
An(vnK) and Ao(y/nK) to the edge of the limiting support [—20, +20]. We only get from
Theorem 1.1 that almost surely, for every fixed k € Z,

liygn i£f VvV, k(K) < =20 and limsup v/ngo(K) > +20.

- n—o00

The weak convergence stated in Theorem 1.1 is relative to continuous bounded functions
and cannot be used directly for polynomials. In particular the convergence of the moments
of the ESD p /s to the moments of Wh, is not provided immediately by Theorem 1.1.
Also, the identity (2) is useless for now. The control of the moments of the ESD p /p
requires the control of the extremal eigenvalues of /nK. Our next result below expresses
that the convergence of the extremal eigenvalues of /nK to the edge of the limiting
support [—20, +20] holds provided that £ has finite fourth moment (i.e. E(Uﬁl) < 00).

Theorem 1.2 (Edge behavior). If £ has finite positive variance 0 < 0? < 0o and finite
fourth moment then almost surely, for any fized k € 7.,

lim /n\, (K)=-20 and lim /n\po(K) = +20.

n—oo

In particular, almost surely,

gap(K—I)zl—%+o<%> and §(K):1—%+o<%>. (5)

The proof of Theorem 1.2, given in Section 2, relies on a rank one reduction (refered as

a “Wedderburn rank one reduction” [50, p. 69] by G. H. Golub in Matrix Analysis) which

will allow us to compare for instance \o(y/nK) with the largest eigenvalue of a Wigner

matrix with centered entries. The approach requires refined versions of the uniform law
of large numbers used in the proof of Theorem 1.1.

The edge behavior of Theorem 1.2 allows to reinforce the convergence of the bulk of

Theorem 1.1 by providing the convergence of moments. Recall that for any integer p > 1,



the weak convergence together with the convergence of moments up to order p is equivalent
to the convergence in Wasserstein W), distance, see e.g. [49, 39]. For every real p > 1, the
Wasserstein distance W), (1, ) between two probability measures p, v on R is defined by

Wyt =gt ([ ool iz, ) " (6)

where the infimum runs over the convex set of probability measures on R? = R x R with
marginals ¢ and v. Let i s be the trimmed ESD defined by

n 1

N 1 O
Pk = 7 l;5ﬁAk(K) = ——{HmK — 10

We have then the following Corollary of theorems 1.1 and 1.2, proved in Section 2.

Corollary 1.3 (Strong convergence). If L has finite positive variance and finite fourth
moment then almost surely, for every p > 1,

0 ifp<?2
lim Wy,(i g, Woo) =0 while  lim Wy(p g, Was) =41 ifp=2
oo if p> 2.

Recall that for every k € Z., the k" moment of the Wigner semi-circle law Wa, is
zero if k is odd and is o* times the (k/2)™ Catalan number if k is even. On the other
hand, from (2), we know that for every k € Z, the k" moment of the ESD Jnk writes

/}R P i) = T (VAEOF) =018 300000
i=1

where 7} (i) be the probability that the random walk on V with kernel K started at i
returns to ¢ after k steps. Additionally, from (4) we get

k _ 14k 1 k~
/]Rl“ tymi (de) =n"""2 + (1 n) /RCU [ (di)

where /i g is the trimmed ESD defined earlier. We can then state the following.

Corollary 1.4 (Return probabilities). Let 7",?(1) be the probability that the random
walk on V' with kernel K started at i returns to i after k steps. If L has finite positive
variance 0 < 0 < oo and finite fourth moment then almost surely, for every k € 7.,

Jirréon*1+% <Zn:n?(z) — 1) = {Oo_k ( i ) Wk is odd (7)
i=1

57251 2 if k is even.

The sequence of Catalan numbers appears in the enumeration of many combinatorial
objects. Here it is of particular interest that the r** Catalan number ﬁll (2;") is the number
of non—negative simple paths of length r that start and end at 0.



We end up our analysis of the complete graph model with the behavior of the invariant
probability distribution p of K, obtained by normalizing the invariant vector p as

p=(pr+--+pa) (P16 + -+ padn).

Let us denote by U = n~(6; + - - - +8,,) the uniform law on {1,...,n}. We recall that the
total variation distance ||p — v||+v between two probability measures p = Y ,_; g0 and
v=> V0 on{l,...,n} is given by

1 n
e =vlre =5 3 b =

Theorem 1.5 (Invariant probability measure). If £ has finite second moment, then
a.s.
lim (5 — Ul = 0. (3)
n—oo

The proof of Theorem 1.5, given in Section 2, relies as before on a uniform law of large
numbers. The speed of convergence and fluctuation of ||p — U||rv depends on the tail of
L. The reader can find in Lemma 2.3 of Section 2 some estimates in this direction.

Recall that for a Markov matrix, the law U/ is invariant iff the matrix is bistochastic,
and is reversible iff the matrix is symmetric. Also, from this point of view, the random re-
versible Markov kernel K behaves asymptotically like a symmetric (and thus bistochastic)
matrix. This is compatible with the Wigner-like behavior stated by Theorem 1.1.

Chain graph model (birth-and-death)

The complete graph model discussed earlier provides a random reversible Markov kernel
which is irreducible and aperiodic. One of the key feature of this model lies in the fact
that the degree of each vertex is n, which goes to infinity as n — oo. This property allows
to use a law of large numbers to control the normalization p;. The method will roughly
still work if we replace the complete graphs sequence by a sequence of graphs for which
the degrees are of order n. To go beyond this framework, it is natural to consider local
models (i.e. finite range models) for which the degrees are uniformly bounded. We shall
focus on a simple birth-and-death Markov kernel K = (K j)1<; j<n on {1,...,n} given by

Kiivi=0b,, Ki;i=a; K 1=c¢

where (ai)lgign, (bi)lgign, (Ci)lgign are in [0, 1] with ¢ = b, =0, b; + a; + ¢; = 1 for
every 1 <14 <mn, and ¢;11 > 0 and b; > 0 for every 1 < i < n — 1. In other words, we have

al b1
co az b
c3 a3 b3
K= 9)

Cn—1 Gp—1 bp_1
Cn, Qnp,



The kernel K is irreducible, reversible, and every vertex has degree < 3. For an arbitrary
p1 > 0, the measure p = p101 + - - + pnd, defined for every 2 < i <n by

= H e

Ck+1 C2

is invariant and reversible for K. In other words, for every 1 < 4,5 < n,
pilSi; = piK;,
For every 1 < i < n, the i row (¢;, a;,b;) of K belongs to the 3-dimensional simplex
Az ={v € [0,1]*v1 +vo+v3 =1}
For every v € A3, we define the left and right “reflections” v~ € A3 and v € A3z of v by
v_ = (v1 + v3,v2,0) and vy = (0,v9,v1 + v3).
The following result provides a general answer for the behavior of the bulk.

Theorem 1.6 (Global behavior for ergodic environment). Let p : Z — Ag be
an ergodic random field. Let K be the random birth-and-death kernel (9) on {1,...,n}
obtained from p by taking for every 1 <i<n

p(i) if2<i<n-1
(cisai,bi)) =< p(l)4 ifi=1
p(n)- ifi=n.

Then there exists a non-random probability measure p on [—1,+1] such that almost surely,

hm Wy (pk, i) =0

for every p > 1, where W), is the Wasserstein distance (6). Moreover, for every £ > 0,

+1
¢
| o ntda) = BlrF )
where r?(O) is the probability of return to 0 in € steps for the random walk on 7. with
random environment p. The expectation is taken with respect to the environment p.

The proof of Theorem 1.6, given in Section 3, in a simple consequence of the ergodic
theorem, see also [9] for an application to random conductance models. The reflective
boundary condition is not necessary for this result on the bulk of the spectrum, and
essentially any boundary condition (e.g. Dirichlet or periodic) produces the same limiting
law, with essentially the same proof. Moreover, this result is not limited to the one—
dimensional random walks and it remains valid for any finite range reversible random walk
with ergodic random environment on 7. However, and as we shall see below, a more
precise analysis is possible for certain type of environments when d = 1.

Observe that a random conductance model on the chain graph can be obtained by
defining K with (1) by putting i.i.d. positive weights U of law £ on the edges of the chain



graph. For instance, if we remove the self-loops from the chain graph, this corresponds to
define K by (9) with ay =---=a, =0, by = ¢, =1, and, for every 2 <i <mn —1,

Ui it1

bi=1—c=Vi=——btl
‘ ’ " Uiip1 + Ui

where (U; ;+1)i>1 are i.i.d. random variables of law £ supported in (0,00). The random
variables V1, ..., V, are dependent here. When L is exponential, the V;’s have a Beta law.

Let us consider now an alternative simple way to make K random. Namely, we use
a sequence (V;);>1 of i.i.d. random variables on [0, 1] of common law £ and we define the
random birth-and-death Markov kernel K by (9) with

bi=c,=1 and bj=1—¢=V; forevery 2<i<n-—1.
In other words, the random Markov kernel K is of the form

0 1
1-Va 0V
1=V3 0 V3

This is not a random conductance model. However, this kernel is a particular case of the
one appearing in Theorem 1.6, corresponding to the i.i.d. environment given by

p(i) = (1 -Vi,0,Vj)

for every ¢ > 1. This allows to state the following Corollary of Theorem 1.6, which can
be obtained alternatively by using the trace-moment method used in [38] for random
symmetric tridiagonal matrices with i.i.d. entries, see Section 3. If £ has no atom at 0
and 1, then K is irreducible, reversible, 2-periodic, with spectrum o(K) of the form

—1=M(K) <M1 (K) < < X(K) < M(K) =1, (11)
and moreover o(K) is symmetric with respect to 0, with 0 € o(K) when n is odd.

Corollary 1.7 (Global behavior for i.i.d. environment). Let K be the random birth-
and-death Markov kernel (10) where (V;)i>2 are i.i.d. of law L on [0,1]. Then there exists
a non-random probability distribution p on [—1,+1] such that almost surely,

Jim W (uke, 1) = 0

for every p > 1, where W, is the Wasserstein distance as in (6). The limiting spectral
distribution p is fully characterized by its sequence of moments, given for every k > 1 by

+1 +1 ) )
/ 2?7 y(de) =0 and / 2%k p(dr) = Z H E <VN”(Z)(1 - V)NV(FU)
-1
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where V' is a random variable of law L and where

D ={y=(0,---»72k) : %0 =2k = 0, and |y — vey1| = 1 for every 0 < £ < 2k — 1}
is the set of loop paths of length 2k of the simple random walk on 7. (walk bridge), and

2k—1

Ny (i) = Z Lt (v ves 1) =(ii4+ 1)}y
=0

is the number of times v crosses the horizontal line y =i + % in the increasing direction.

When the random variables (V;);>2 are only stationnary and ergodic, Corollary 1.7
remains valid provided that we adapt slightly the formula for the even moments of pu
(more precisely, we just have to put the product inside the expectation).

For the complete graph model, Theorem 1.1 states that the weak limit of the ESD ug
is trivial and that one has to consider instead the dilated ESD p /zp. In contrast, for the
models on the chain graph considered in Theorem 1.6 and Corollary 1.7, the ESD px does
not need to be scaled in order to converge to a non-trivial object.

Remark 1.8 (From Dirac masses to arc—sine laws). Corollary 1.7 gives a formula
for the moments of u. This formula is a series involving the “Beta-moments” of L. We
ignore how to explicitly compute these series when L is an arbitrary law on [0,1]. However,
in the deterministic case where L = 015, we have, for every integer k > 1,

- 2k S Ny (i) =3 Ny(i—1) ok (2K - ok dx
" p(dr) = E 27 2 ML BT = 97 = x
/—1 uld) <k> -1 V1l—a?

which shows that  is the arc—sine law on [—1,+1] (see also Figure 4). More generally, a
very similar computation reveals that if L = 6, with 0 < p <1 then u is the arc-sine law

on [—-24/p(1 —p), +2/p(1 —p)]. We give in figures 2-3-4 some simulations illustrating

Corollary 1.7 for various other choices of L.

YEDy

Remark 1.9 (Universality). The law p in Corollary 1.7 is not universal, in the sense
that it depends on many “Beta-moments” of L, in contrast with the complete graph case
where the limiting spectral distribution depends on L only via its first two moments.

We turn now to the edge behavior of o(K) where K is as in (10). The structure of
o(K) given by (11) suggest to seek for the almost sure behavior of A\y(K) and \,,—1(K) as
n goes to infinity. Since the limiting spectral distribution p is symmetric, the convex hull
of its support is of the form [—cy,, +a,] for some 0 < o, < 1. The following result gives
an interesting information on «,. More generally, the reader may forge many conjectures
in the same spirit for the map £ — p from the simulations given by figures 2-3-4.

Theorem 1.10 (Edge behavior for i.i.d. environment). Let K be the random birth-
and-death Markov kernel (10) where (V;)i>2 are i.i.d. of law L on [0,1]. Let p be the
symmetric limiting spectral distribution on [—1,+1] which appears in Corollary 1.7. Let
[—ov, +ay,] be the convex hull of the support of p. If L has a positive density at 1/2 then
ay = 1. Consequently, almost surely,

A (K) = —=Ap1(K) =1+0(1).

Additionally, if L is supported on [0,t] with 0 <t < 1/2 or on [t,1] with 1/2 <t < 1 then
almost surely limsup,, ., A2(K) < 1 and therefore a, < 1.



The proof of Theorem 1.10 is given in Section 3. The speed of convergence of Ag(K)—1
to 0 is highly dependent on the choice of the law L. More precisely, if

lo v i
S1-v

where V' ~ L, then K is the so called Sinai random walk on {1,...,n}, see e.g. [14]. In
this case, by a slight modification of the analysis of [14], one can prove that almost surely,

>0

E[log ]:O and IE

1-V

—00 < linnigf % log(1 — X2(K)) < lirrlrisolip Ln log(1 — X2(K)) < 0.
Thus, the convergence to the edge here occurs exponentially fast in y/n. On the other hand,
if for instance £ = d; /5 (simple reflected random walk on {1,...,n}) then it is known that
1—X2(K) decays as n~? only. Even slower decay can be obtained with £ = (&; /24 03/4)/2.
We end up with an interpretation of Corollary 1.7 in terms of the roots of certain
random orthogonal polynomials. The proof of Corollary 1.11 is given is Section 3.

Corollary 1.11 (Random orthogonal polynomials). Let (V;,)n>2 be a sequence of
i.i.d. random variables with law L supported in (0,1). Set Vi =1 and let (Qn)n>0 be the
random sequence of polynomials defined by the recursive relation

Qn+1(2) = 2Qn(x) — Vo (1 = Vi) Qn-1(x)

for every n > 1, with initial values Qo = 1 and Q1(x) = x. Let (xy1)1<k<n be the roots
of Qn and pg, = %Zzzl 0z, - Then almost surely,

Jim W, (g, ) = 0

for every p > 1, where W, is the Wasserstein distance as in (6) and where p is the
non—random probability measure on [—1,+1] depending on L and given by Corollary 1.7.

From the classical theory of orthogonal polynomials, (Qy)n>0 is the sequence of or-
thogonal polynomials of a compactly supported law which is random, see Section 3. In
the simple case where £ = d; /9, it turns out that (Qy)n>0 are the Chebyshev polynomials
of the first kind, which are orthogonal with respect to the arc-sine law on [—1,+1]. In
this case, the roots (z,,;)1<i<n of @, are explicitly known:

20—1m .
Tp,; = COS —, 1<i1<n.

n 2

On the other hand, we know by Remark 1.8 that p is the arc—sine law on [—1,+1]. In
this example, the limit of ug, coincides with the law for which (Q,)n>0 are orthogonal,
and the arc—sine law on [—1,+1] appears as a sort of fixed point. This is not the case for
more general £, see Section 3 for more explanations.

Further remarks and open problems

We have defined random reversible Markov kernels with n states by using the complete
or the chain graph with n vertices and random weights on the edges. The underlying
graph appears as a prescribed skeleton for these Markov kernels. One can explore several
other topologies. One can also think about making the skeleton itself random, by using
a random graph such as random k-regular graphs. We mention below some other open
problems together with remarks on related models considered in the literature.

10



Fluctuations at the edge

An interesting problem concerns the fluctuations of A2(y/nK) around its limiting value
20 in the complete graph model. Under suitable conditions on £, one may seek for a
deterministic sequence (a,), and a probability distribution D on R such that

an (Mo(viK) —20) -5 D
n—oo
where “%” stands for convergence in distribution. The same may be asked for the random
variable A, (y/nK) + 20. Computer simulations (see Figure 1) suggest that a, ~ n?/3 and
that D is close to a Tracy-Widom distribution. The heuristics here is that Aa(y/nK)
behaves like the A1 of a centered Gaussian random symmetric matrix. The difficulty is
that the entries of K are not i.i.d. , not centered, and of course not Gaussian. At the
time of writing, the fluctuations of the extremal eigenvalues of random matrices is still an
active domain of research, even in the i.i.d. case, see e.g. [26, 42, 47].

Example of symmetric Markov generator

Rather than considering the random walk with infinitesimal generator K — I on the com-
plete graph as we did, one may start with the symmetric infinitesimal generator G defined
by Giﬂ‘ = Gj7i = Ui,j for every 1 <i < j <n and Gm‘ = — Zj;ﬁi Giﬂ‘ for every 1 <i <n.
Here (U;j)i<i<j is a triangular array of ii.d. real random variables of law L. For this
model, the uniform probability measure U is reversible and invariant. Such kind of ran-
dom matrices have been investigated in [16]. In particular, if £ has first moment m > 0
and variance 02 = 1 then from [16, Theorem 1.3] we get that a.s. the limiting spectral
distribution of the random symmetric matrix

n~V2(G = (n — 2)mI —m1)

is the free convolution of a Wigner semi—circle law with a standard Gaussian law. Here 1 is
the n xn matrix full of 1’s. This limiting spectral distribution is a symmetric law on R with
smooth bounded density of unbounded support. This is not a complete surprise since the
diagonal of GG is asymptotically independent of the off-diagonal entries of G, and gives rise
to a Gaussian law by the central limit theorem. By using perturbative arguments (rank
lemma), one may show that the same result holds for the empirical spectral distribution

1
6—n*1/2(n—2)m * E Z 6)\k(n*1/2G)‘
k=1

Non-reversible Markov ensembles

A non-reversible model is obtained when the underlying complete graph is oriented. That
is each vertex i has now (besides the self-loop) n — 1 outgoing edges (i,7) and n — 1
incoming edges (j,4). On each of these edges we place an independent positive weight V; ;
with law £, and on each self-loop an independent positive weight V;; with law £. This
gives us a non-reversible stochastic matrix

oo Vi
" 22:1 Vi,k .
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The spectrum of K is now complex. If £ is exponential, then the matrix K describes the
Dirichlet Markov Ensemble considered in [18]. Numerical simulations suggest that if £ has
say finite positive variance then with probability one, the complex ESD of nl2K converges
weakly as n — oo to the uniform law on the unit disc of the complex plane (known as the
circle or circular law). At the time of writing, this conjecture is still open, see e.g. [19].
It was shown in [17] that if £ has positive variance and finite fourth moment, then with
probability one, the complex ESD of (n_l/QVi,j)lgmgn converges weakly as n — oo to
the circular law. In fact, for this i.i.d. case, a finite positive variance is enough, as shown
recently in [46].

Geometric point of view

The set of Markov kernels on V' = {1,...,n} is a convex and compact polytope of R
with n(n — 1) degrees of freedom. Additionally, K belongs to the interior of this polytope
iff K has positive entries. Such kernels are irreducible. By a famous reversibility criterion
due to Kolmogorov, see e.g. [34, Theorem 1.7 page 21|, these kernels are reversible iff
they belong to the intersection of polynomial hypersurfaces. This shows that considering
random reversible Markov kernels corresponds to defining a probability measure on a non—
linear non—convex compact set. Note however that the set of Markov kernels which are
reversible for a fixed probability measure is convex.

Heavy—tailed weights

Remarkable works has been devoted in the recent years to the spectral analysis of large
dimensional symmetric random matrices with heavy-tailed i.i.d. entries, see e.g. [43, 1, 5,
52, 8]. Similarly, on the complete graph, one may consider the bulk and edge behavior of
the random reversible Markov kernels constructed by (1) when the law £ of the weights is
heavy—tailed (i.e. with at least an infinite second moment). In that case, and in contrast
with Theorem 1.1, the scaling is not y/n and the limiting spectral distribution is not the
Wigner semi—circle law. We address such heavy—tailed models in a forthcoming paper in
preparation [12]. Another interesting model is the so called trap model which corresponds
to put heavy—tailed weights only on the diagonal of U (holding times), see e.g. [13] for
some recent advances.

2 Proofs for the complete graph model

Here we prove theorems 1.1, 1.2, 1.5 and Corollary 1.3. Recall that K is self-adjoint as an
operator from L?(p) to L?(p). Here L?(p) denotes R™ equipped with the scalar product

n
(z, y>p = Z Pi Ti Yi-
i=1

Let us also denote by L?(1) the usual Euclidean Hilbert space R™ with the scalar product

n
=1

The following simple lemma allows us to work with symmetric matrices when needed.
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Lemma 2.1 (Spectral equivalence). Almost surely, the spectrum of the reversible
Markov matriz K coincides with the spectrum of the symmetric matriz S defined by
g . _ [P Uiy
nJ = By = :
Pj \V PiPj

Moreover, the corresponding eigenspaces dimensions also coincide.

Proof. 1t suffices to observe that the map x — Z defined by

= (xl\/aa"'axn\/pn)

is an isometry from L?(p) to L?(1) and that for any =,y € R™ and 1 <4 < n, we have

n
(Ka)i = Kijz;

j=1
and .
Kx y Z K,]x]ylpl = Z Ui,jxjyz = Z S,szy] SCE>§> .
7] 1 27_]:1 7_] 1
O

The random symmetric matrix S has non—centered, non-independent entries. Each
entry of S is bounded and belongs to the interval [0, 1], since for every 1 < 4,5 < n, we
have S; ; < U; ;/+/Ui;U;; = 1. The off-diagonal entries of S are distributed as

§o
\/(5—(71—1) + -+ 50)(50 +---+ gnfl) ,

where §_(,_1),---,80,- -, &n—1 are 2n—1 i.i.d. random variables with law £. The diagonal
entries S; ; = K;; are distributed as & /(&1 + - - - + &) where &1, ..., &, are n i.i.d. random
variables with law £. In the sequel, for any n x n real symmetric matrix A, we denote by

An(A) <o < Mi(4)
its ordered spectrum. We shall also denote by ||A|| the operator norm of A, defined by
Az, A
I|A||? = max M
zeRr  (z,x)

Clearly, |A|| = max(A\(A), —An(A)). To prove Theorem 1.1 we shall compare the sym-
metric random matrix /n S with the symmetric n x n random matrices

Uij — 1 Ui
vn v
Note that W defines a so called Wigner matrix, i.e. W is symmetric and it has centered

i.i.d. entries with finite positive variance. We shall also need the non—centered matrix W.
It is well known that under the sole assumption o2 € (0,00) on £, almost surely,

WZ'J' = and Wi,j ==

(12)

w w
pw — Wae and  py — Wag
n—oo n—oo
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where pw and gy are the ESD of W and W, see e.g. [2, Theorems 2.1 and 2.12]. Note
that W is a rank one perturbation of W, which implies that the spectra of W and W are
interlaced (Weyl-Poincaré inequalities, see e.g. [31, 2]). Moreover, under the assumption
of finite fourth moment on L, it is known that almost surely

A(W) — =20 and M\ (W) — +20.

In particular, almost surely,

W =20 +o0(1). (13)

On the other hand, and still under the finite fourth moment assumption, almost surely,

AM(W) — 400 while Xo(W) — +20 and M\, (W) — —20

see e.g. [3, 27, 2]. Heuristically, when n is large, the law of large numbers implies that p;
is close to n (recall that here £ has mean 1), and thus /n S is close to W. The main tools
needed for comparison of the matrix y/nS with W are listed in the following lemmas. We
begin with a Kolmogorov-Marcinkiewicz-Zygmund strong uniform law of large numbers,
connected to Baum-Katz type theorems.

Lemma 2.2 (Uniform law of large numbers). Let (A;;); j>1 be a symmetric array of
i.i.d. random variables. For any reals a > 1/2, b >0, and M > 0, if E(JA; ;|1/%) < o
then

n

Z(Am‘ —c)

E(Al,l) ifa S 1

any number if a > 1.

max
1<i<Mnb

=o(n%) a.s. where c:{

Proof. This Kolmogorov-Marcinkiewicz-Zygmund strong uniform law of large numbers is
proved in [4, Lemma 2] for a non—symmetric array. The symmetry makes the random
variables (Z?Zl A; j)i>1 dependent, but a careful analysis of the argument shows that this
is not a problem except for a sort of converse, see [4, Lemma 2] for details. ]

Lemma 2.3 (Almost sure bounds). If £ has finite moment of order k € [1,2] then

max
1<i<nr—1

Pi ‘

— —1l=0(1 14
1] = o(1) (14)
almost surely, and in particular, if £ has finite second moment, then almost surely

max
1<i<n

Pi ‘

— — 1| =o(1). 15
1| = o) (15)
Moreover if L has finite moment of order k with 2 < k < 4, then almost surely

max

Pi 2k
——1| = © ). 1
pmax. o(n’%") (16)

n

Additionally, if L has finite fourth moment, then almost surely

14



Proof. Proof of (14-15-16). The result (14) follows from Lemma 2.2 with
Ai,j:Ui,j, CL:M:L b=r—1.

We recover the standard strong law of large numbers with x = 1. The result (16) follows
from Lemma 2.2 with this time (we recover (15) with k = 2)

Aivj:Ui,j? a/:2/f{/, b:le

Proof of (17). We set ¢; = n~'p; — 1 for every 1 < i < n. Since £ has finite fourth
moment, the result (13) for the centered Wigner matrix W defined by (12) gives that

(1,1)

almost surely. Here (-, -) is the Euclidean dot product of R". U

= 1L,W1
i=1

We are now able to give a proof of Theorem 1.5.
Proof of Theorem 1.5. Since L has finite first moment, by the strong law of large numbers,
n
pr+ -+ pn ZZU@',H-Q Z Us; =n*(1+o(1))
i=1 1<i<j<n

almost surely. For every fixed ¢ > 1, we have also p; = n(1 + o(1)) almost surely. As a
consequence, for every fixed ¢ > 1, almost surely,
e (o)

1

= =—(1 1)).
n2(1+ o(1)) n( +o(1))
Moreover, since £ has finite second moment, the o(1) in the right hand side above is
uniform over 1 <14 < n thanks to (15) of Lemma 2.3. This achieves the proof. O

Note that p; = n~1(1 + O(6)) for every 1 < i < n, where

6= max || =o(1) with ¢ =n"tp; — 1. (18)
1<i<n
We will repeatedly use these notations in the sequel. Let us consider now Theorem 1.1.
Lemma 2.1 reduces Theorem 1.1 to the study of the ESD of \/nS. Any couple of entries of
S are dependent. One can find in the literature many extensions of the Wigner theorem for
random symmetric matrices with non-i.i.d. entries. However, these results are irrelevant
for our model, or do not apply directly, or do not provide the almost—sure convergence.

Proof of Theorem 1.1. We first recall a standard fact about comparison of spectral densi-
ties of symmetric matrices. Let L(F,G) denote the Lévy distance between two cumulative
distribution functions F and G on R, defined by

L(F,G) = inf{e > 0 such that F'(- —¢) —e <G < F(-+¢) +¢€)}.

It is well known [6] that the Lévy distance is a metric for weak convergence of probability
distributions on R. If F4 and Fp are the cumulative distribution functions of the empirical
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spectral distributions of two hermitian n x n matrices A and B, we have the following
bound for the third power of L(Fy4, Fig) in terms of the trace of (A — B)?:
3 < 1 A 2\ _ 1 - A 2
P(Fac i) < JT(A = B7) = 1 30 (i = B (19)
Z7j:

The proof of this estimate is a consequence of the Hoffman-Wielandt inequality [30], see
also [2, Lemma 2.3]. By Lemma 2.1, we have /nA\x(K) = A\,(y/nS) for every 1 < k <n.
We shall use the bound (19) for the matrices A = /nS and B = W, where W is defined
n (12). We will show that a.s.

L3 (i - Biy)* = 0(), (20)

ij=1

where 0 = max; |¢;| as in (18). Since £ has finite positive variance, we know that the ESD
of B tends weakly as n — oo to the Wigner semi—circle law on [—20, +20]. Therefore the
bound (20), with (19) and the fact that § — 0 as n — oo is sufficient to prove the theorem.
We turn to a proof of (20). For every 1 <i,j < n, we have

U, ;i n
Ay Biy =02 (= —1)).
2y 2,7 \/ﬁ \//Tp]
Set, as usual p; = n(l + ¢;) and define ¢; = (1 + ei)fé — 1. Note that by Lemma 2.3,
almost surely, ¥; = O(0) uniformly in i = 1,...,n. Also,
n
VPib;

In particular, \/:ij — 1= 0(0). Therefore

1= +9)A+v5) — 1 =th + U5 + ;.

By the strong law of large numbers, # Z?]‘:l Ui%j — 02 4 1 a.s., which implies (20). O
Next, we turn to the proof of Theorem 1.2 which concerns the edge of o(1/n.S).

Proof of Theorem 1.2. Thanks to Lemma 2.1 and the global behavior proven in Theorem
1.1, it is enough to show that, almost surely,

lim sup /n max(|A2(9)], [A\n (9)]) < 20.

n—00

The eigenspace of S of the eigenvalue 1 is almost surely of dimension 1, and is given by
R(\/p1,---51/Pn).- Let P be the orthogonal projector on R,/p. The matrix P is n x n
symmetric of rank 1, and for every 1 <i,j < n,

b _ PP
2V n :
Zk:1 Pk
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The spectrum of the symmetric matrix S — P is

{)‘n(S)7 ce 7)\2(5)} U {O}

By subtracting P from S we remove the largest eigenvalue 1 from the spectrum, without
touching the remaining eigenvalues. Let V be the random set of vectors of unit Euclidean
norm of R™ which are orthogonal to ,/p for the scalar product (-,-) of R". We have then

Vamax(Da($)], An(S)]) = max | (ViiSv, v)| = ma (Ao, o)

where A is the n x n random symmetric matrix defined by

gi7A = n(S - P);; = ﬁ( Ui, _ \/npipj ) .
v/ PiPj D k=1 Pk

In Lemma 2.4 below we establish that almost surely (v, (A — W)v) = O(8) + O(n~/2)
uniformly in v € V, where W is defined in (12) and ¢ is given by (18). Thus, using (13),

[(Wo,v)] < max([A1(W)], [An(W)]) = 20 + 0(1),
we obtain that almost surely, uniformly in v € V,
[(Av,v)| < [(Wo,v)| + [((A = W)v,v)| = 20 + o(1) + O(3).
Thanks to Lemma 2.3 we know that 0 = o(1) and the theorem follows. O

Lemma 2.4. Almost surely, uniformly in v € V, we have, with ¢ := max; |¢;],
(v, (A = W)v) = 0(8) + O(n~"/?).
Proof. We start by rewriting the matrix

1. - VUi Vn/pibj
RN >k Pk

by expanding around the law of large numbers. We set p; = n(1 + ¢;) and we define

wi=vV1+¢ —1 and ;= - 1.
1+e¢;

Observe that ¢; and v; are of order ¢; and by Lemma 2.3, cf. (17) we have a.s.

(p,0) =0(1) and (¥, ¢) =O(1). (21)
We expand . )
VPip; =n(l+€)2(1+¢€;)> =n(l+¢)(1+ ;).

Similarly, we have
1

VPiP;

=n" (1 + ) (1 + ;).
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Moreover, writing

n

2
> p=n
k=1

(o)

and setting v := (1+ 13, ex)~! — 1 we see that

()

1
1
= (1.

Note that v = O(¢). Using these expansions we obtain

NG Ui j (1 +9:) (1 +¢)
and
ViyEs 1

SkPe Vn (L4 @)1+ ;) (1 +7).

From these expressions, with the definitions

D; ;= @i +@; + Qip;

we obtain

and W, ; = ¥ + Y5 + vy,

~ 1

Aij =Wi;(1+W;) + NG (Wij = Pii(1+7) +].
Therefore, we have

~ 1+ 1
(v,(W —A)v) = — ;viWi,j\I’mvj + 77 (v, Pv) — 7 (v, Yv)
Let us first show that
(v,1) =0(1).
Indeed, v € V implies that for any ¢ € R,
(v,1) = (v,1 — cy/p).
Taking ¢ = 1/y/n we see that
1—Cm:1—\/1+6i:—(pi.

Thus, Cauchy—Schwarz’ inequality implies

(v,1)* < (v,0){(p, ¥)

and (22) follows from (21) above. Next, we show that

(v, ®v) = O(1).

Note that

(v, Pv) = 2(v,

1) (v, ) + (v, 9)>.

18
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Since (v, )2 < (v,v){p, p) we see that (23) follows from (21) and (22). In the same way
we obtain that (v, Wv) = O(1). So far we have obtained the estimate

(v,(W = Ay) = => 0, W; U, ju; + O(n /). (24)
i,

To bound the first term above we observe that

Z UZW,]\I’z jU; = 2 Z wlvl WU + Z VYiviW, 7]¢Jv]

] ]
= 2(), W) + (b, W),
where 1& denotes the vector TZJZ := 1,;v;. Note that

(0.9) = 3 w22 < 0 o,) = O(5?)
Therefore, by definition of the norm ||W]|
9, W < (B, D W, W) < W] (3,8) = 0@) W]

Similarly, we have

(), Wo)| < A/ (@, D)/ (Wo, Wo) < O®) [|[W]|\/ (v, v) o) |[W 1.

From (13), [|[W{| = 20 + o(1 ) = O(1). Therefore, going back to (24) we have obtained
(v, (W — A) = 0(8) + O(n~1/?).

We end this section with the proof of Corollary 1.3.

Proof of Corollary 1.3. By Theorem 1.2, almost surely, and for any compact subset C' of
R containing strictly [0, 20], the law g Jak 1s supported in C for large enough n. On the
other hand, since p 75 = (1 —nil)ﬁ\/ﬁK —|—n*15\/ﬁ, we get from Theorem 1.1 that almost
surely, 11 Jnk tends weakly to Wh, as n — oo. Now, for sequences of probability measures
supported in a common compact set, by the Weierstrass theorem, weak convergence is
equivalent to Wasserstein convergence W), for every p > 1. Consequently, almost surely,

nll_{go Wp(by/mrs Wae) = 0. (25)

for every p > 1. It remains to study Wp(u \/EK,WQJ). Recall that if 14 and 1y are
two probability measures on R with cumulative distribution functions F,, and F,, with
respective generalized inverses Fl, and Fl,Ql, then, for every real p > 1, we have, according
to e.g. [49, Remark 2.19 (ii)],

V1,I/2 / | lgl(t)‘p dt. (26)

Let us take v1 = p mx = (1 —n~ )/,L\/EK +n- 5\/5 and vy = Wh,. Theorem 1.2 gives
Xo(v/nK) < oo a.s. Also, a.s., for large enough n, and for every ¢ € (0,1),

F () = Fi o (0 = Vil () + Fr o (E4 07 )T o101 (0)-

The desired result follows then by plugging this identity in (26) and by using (25). O
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3 Proofs for the chain graph model

Here we prove theorem 1.6 and 1.10 and corollaries 1.7 and 1.11.

Proof of Theorem 1.6. Since u is supported in the compact set [—1,41] which does not
depend on n, the Weierstrass theorem implies that the weak convergence of pux as n — oo
is equivalent to the convergence of all moments, and is also equivalent to the convergence
in Wasserstein distance W, for every p > 1. Thus, by a Prohorov tightness argument, it
suffices to show that a.s. for any ¢ > 0, the ¢ moment of i converges to E[rf(0)] as
n — oo. The sequence (E[r}(0)])¢>o will be then necessarily the sequence of moments of
a probability measure p on [—1, +1] which is the unique adherence value of px as n — oco.

For any £ > 0 and i > 1 let 7, (i) be the probability of return to i after £ steps for
the random walk on {1,...,n} with kernel K (this probability is a random variable since
K is random). Clearly, 7" (i) = r} (i) whenever 1 + ¢ < i < n — {. Therefore, for every
fixed ¢, the ergodic theorem implies that almost surely,

1 AT s N 0
Jm =3 rpi) = lim 3 P () = Birp)
i=1 =1

This ends the proof. O

Proof of Corollary 1.7. The desired convergence follows immediately from Theorem 1.6
with p(i) = (1-V;,0,V;) for every ¢ > 1. The expression of the moments of i is immediate.
Let us explain now how the result can be deduced also from the trace-moment method.
Let us take a; = -+ = a,, in (9). The Markov matrix K defined by (9) is not symmetric
in general, but we have an analog of Lemma 2.1. Namely, the spectrum of K is identical
to the spectrum of the symmetric tridiagonal matrix S defined for any 1 <4,j <n by

7
Sij = p—ZK” = Vbiciy105i41 + Vbi—1¢i05,1
J

where 0y ; = 1 ;- is the Kronecker symbol. In other words

0 vV b162
AV b102 0 vV bgCg
vV b263 0 vV b3C4

V bn—ch—l 0 \/ bn—lcn
\/ bnflcn 0

Moreover, the eigenspaces dimensions are also identical. The random reversible Markov
kernel K defined by (10) is spectrally equivalent to the random symmetric tridiagonal
matrix obtained from (27) by taking b; = 1 —¢; = Vj for every 2 < i < n — 1 and
b1 = ¢, = 1. The entries of this matrix are dependent. Nevertheless, the desired result
follows from the trace-moments method and appears as a variant of the proof used by
Popescu for models of random symmetric tridiagonal matrices with independent entries
[38, Theorem 2.8]. We leave the details to the reader. O
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Remark 3.1 (Computation of the moments of ; for Beta environments). As
noticed in Remark 1.8, the limiting spectral distribution p is the arc—sine law when L =
d1/2. Assume now that L is uniform on [0,1]. Then for every integers m >0 and n > 0,

Fn+1)I'(m+1)
'(n+m+2)

1
E(V™1-V)") = /0 u™(1 —u)"du = Beta(n+1,m+1) =

which gives
nlm! 1
]E Vm 1 - V n = e .
(V™( ") (n+m+1)! (n+m+1)("+m)

m

The law of (";an) V(1 — V)" is the law of the probability of having m success in n + m
tosses of a coin with a probability of success p uniformly distributed in [0,1]. One may
think about the trivial case (Uniform-Binomial) of the Dirichlet-Multinomial Bose-Einstein
distribution. Similar formulas may be obtained when L is an Euler Beta law Beta(a, 3).

Proof of Theorem 1.10. Proof of the first statement. It is enough to show that for every
0 < a < 1, there exists an integer k, such that for all k > k,,

+1

/ 22 u(dx) > a®. (28)

-1

By assumption, there exists C' > 0 and 0 < ¢y < 1/2 such that for all 0 < ¢ < tg,
P(Vell/2—t1/24+1t]) >Ct

where V' is random variable of law L. In particular, for all 0 < t < ¢g,

)

N,y (i)+ N, (i—1)
1) [VNW‘)(l - V)NV(H)] > Ct (% — t> o

and, if
lloo = masc{i > 0: max(N, (i), N, (=) > 1}
then

+1 ok 1 Ny (1)+Ny (i—1)
> Z_
/_1x ,u(dx)_ZHCt(Q t>

vEDk 1€Z

ol 1 223 Ny () +N+ (i—1)
> o [ Z
> > (Ct) (2 t>
YEDy
A 2/l
> (5 - t) Z (Ct)7ie=
YEDy

1 2k oo
> (3-t) IDralc™,

where Dy = {7 € D : |[Vllo < k*}. Now, from the Brownian Bridge version of
Donsker’s Theorem, for all o > 1/2,

D
lim | k’a’ =

=1
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Since |Dy| = Card(Dy) = (2:), Stirling’s formula gives |Dy| ~ 4¥(7k)~/2, and thus

/ +1m Fu(de) > (k) Y2 (1 — 26)%(C1)?** (1 + o(1)).

-1
We then deduce the desired result (28) by taking ¢ small enough such that 1 —2¢ > a and
1/2 < a < 1. This achieves the proof of the first statement.
Proof of the second statement. One can observe that if £ = §, for some p € (0,1)
with p # 1/2, an explicit computation of the spectrum will provide the desired result, in
accordance with Remark 1.8. For the general case, we get from [36], for any 2 < k <n-—1,

1
1—A
2(K )_4maX(B . By)
where

7 k—1

ot = 3 Sty | S| e o | (S5 ) 2o
-~ Pj( i<k
j=k+1 j>i j<i

with the convention V; = 1 —V,, = 1. Here we have fixed the value of n and p is any
invariant (reversible) measure for K. It is convenient to take p; = 1 and for every 2 <i <n
Voo Vica

(= Vo) (1 - Vi)

By symmetry, it suffices to consider the case where £ is supported in [0, ¢] with 0 < ¢ < 1/2.
Let us take £ = 2. In this case, B, = 1, and the desired result will follow if we show that
B; is bounded above by a constant independent of n. To this end, we remark first that for
any ¢ > j we have p; = p; Hf;;:lj(vm/u — Vimt1)). Therefore, setting e™ =t/(1 —t) < 1,
we have py < pje*V(Z*j). It follows that, for any k < i,

Pi =

i

Z Z < 1; 3 D) 3 e

k1 >0 P j=k+1 >
(I—eM)™2 1t
- 1-t  (1-2t)
In particular, B < (1 —t)/(1 — 2t)?, which concludes the proof. O

Relation to random orthogonal polynomials

There are deep links between orthogonal polynomials, symmetric tridiagonal matrices,
and the Hamburger moments problem, see e.g. [48, 44, 21, 22]. See also [33, 32, 48, 22] for
the relationship with birth-and-death processes on Z,. More precisely, fix a prescribed
bounded sequence (y,,)n>0 of positive reals and define the symmetric tridiagonal matrix

0 m
7 0 7
Y2 0 73
r= | (29)
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with eigenvalues (A, x)1<k<n and ESD

1 n
=— Ox, -
ur n Z Ak
k=1
The characteristic polynomial P,, of I" is the last term of the second order recursion

P (@) = zPy(x) = 7 Pr1(x)

for every 0 < k <mn —1, with P_; =0 and Py = 1. From the classical theory [21, 44, 48],
(Pn)n>0 is the sequence of orthogonal polynomials for a compactly supported probability
measure v on R. Namely, for every i,5 > 0,

| PPy @) vids) = 5
R

The law v is unique and solves a Hamburger moments problem. The matrix I' and the
law v are known respectively as the Jacobi matriz and the spectral measure of (Pp,)n>0.
The roots (A, k)1<k<n Of P, are real, distinct, belong to the support of v, and there exists
one and only one root of P,;; between two roots of P, (interlacement). The Stieltjes
transform of v is given by the continuous fraction (for every z € C with J(z) > 0)

1 1
/ v(dr) = —_—
R —Z 71

z —

The n'® approximant of this continuous fraction is the Stieltjes transform of the Gauss-
Christoffel quadrature v, of v. In other words, v, is the discrete law on R with atoms
(An,k)1<k<n which is equal to v as a linear form on all polynomials of degree < n. If
(Un,k)1<k<n are the orthogonal eigenvectors of the symmetric matrix I" associated to the
eigenvalues (A, k)i1<k<n, then from [29, Proposition 1.1.9] we get for every real p > 1

n

. 1
lim Wy(vp,v) =0 where v, = - Z (vn,k,eﬁz O

n—00
k=1

It turns out that v, is the so called distribution measure at vector e; of the self-adjoint
operator I', while v is the distribution measure at vector e; of the self-adjoint operator
T : ?(N) — (2(N) where N = {1,2,...}, see e.g. [29, Example 1.1.1 and Proposition
1.1.9]. Here T is the operator which coincides with I on ¢2({1,...,n}) for every n > 1. In
other words, for every k& > 0,

n—oo n—oo

<fk€1,€1>€2(m) = lim <Fk€1,€1>g2({17___7n}) = lim [ 2", (dz) = /xk v(dx).
R R

One should not confuse v,, with upr. In general, ur does not converge weakly to v. Ac-
tually, a famous theorem by Erdés & Turdn [25] states that if v is supported on [—1, +1]
with almost-everywhere positive density, then ur tends weakly as n — oo to the arc—sine
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distribution on [—1, +1], see e.g. [48, p. 24-25]. In fact the convergence holds for Wasser-
stein distance W), for every p > 1. In the special case where 7, = 1 for every n > 1,
then v turns out to be a Wigner semi—circle law on [—1,+41] and (P,),>0 are the Jacobi
polynomials with parameters « = = 1/2, also known as the Chebyshev polynomials of
the second kind. From the Erd6s-Turdan theorem, we get then a simple example for which
v (Wigner semi-circle law on [—1,+1]) is not the weak limit p of pur (arc-sine law on
[—1,41]). On the other hand, it is well known that the arc-sine law on [—1, +1] is a fixed
point of the map v — p and (P,),>0 are in this case the Chebyshev polynomials of the
first kind.

Recall that the recursive relations of the Chebyshev polynomials of the first and second
kind differ only on the first coefficients. We are now ready for the proof of Corollary 1.11.

Proof of Corollary 1.11. Observe first that pug, = pr where I' is the random symmetric
tridiagonal matrix defined from (29) with ~,, = \/V,,(1 — Vj,41) for every n > 1. On the
other hand, let S be the symmetric tridiagonal matrix (27) considered in the proof of
Corollary 1.7. It coincides with the matrix (29) with this time v, = /bgciy1 for every
1 <k <n—1. Due to the reflection boundary conditions b; = ¢, = 1, the finite sequence
Y15+ Yn—1 i8S not the first n — 1 terms of a fixed infinite sequence. Also, the roots of
Q@ are not the eigenvalues of the random reversible kernel K of Corollary 1.7. However,
the empirical distribution pg, of the roots of @, and the ESD of K share the same weak
adherence values since the roots of (),,_1 are interlaced with the roots of the characteristic
polynomial of K. The desired result follows then from Corollary 1.7. U

Remark 1.8 and the numerical experiments of figures 2-3-4 shows that u is not the
arc-sine law on [—1,+1] for many choices of £. In such cases, the hypothesis on v of
the Erdés-Turan theorem are necessarily almost-surely violated. Note that the arc—sine
law appears also in the literature as the limit of the empirical distribution of the roots
of orthogonal polynomials associated to random measures defined with uniform random
canonical moments, see e.g. [7] and references therein.

Remark 3.2 (Yet another sequence of random orthogonal polynomials). It is
quite natural to consider the empirical measure of the roots nq, associated to the sequence
of random orthogonal polynomials (Qn)n>0 defined by the recursive relation

QnJrl(x) = CCQn(CC) - Wnanl(x)

for every n > 1 with initial conditions Qo = 1 and Q1(z) = x, where this time (Wy,)n>1
are 1.i.d. positive random variables. For every n > 1, the random polynomial Q,, is the
characteristic polynomial of the random matrix

0 Vi
VIV 0 VT,
VIV, 0 VW3

Wn72 0 anl
Whn—1 0

This matriz is the so called Jacobi matriz of the sequence (Qy)n>0, and its ESD is ng, .
Since this matriz is symmetric tridiagonal with i.i.d. entries, the result of Popescu in [38]
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implies that a.s. g, tends asn — oo to a non-random probability measure which depends
on the common law of the W;’s via its moments. Here again, the limit of pg, asn — oo
does not coincide in general with the (random) law for which (Qn)n>0 are orthogonal.
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Figure 1: These plots correspond to the fluctuation of the sub—dominant eigenvalue of K
in Theorem 1.2 (complete graph) with £ uniform on [0, 1]. In both plots, the green solid
bell shaped curve is the density of the Tracy-Widom distribution, for the Apax of the so
called Beta Ensemble with 5 = 1, which is the Gaussian Orthogonal Ensemble GOE, see
e.g. [47], plotted by using the Matlab package RMLab version 0.02 by Momar Dieng. Both
histograms were obtained with a sample of size 1000 of n%/ 3(2Xy(v/nK) — 2), where m
is the first moment of £. The left hand side histogram corresponds to n = 50, whereas
the right hand side histogram corresponds to n = 500. One can notice in both graphics a
negative bias, which is smaller for n = 500 than for n = 50. Is it asymptotically zero?
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Figure 2: These plots illustrate Corollary 1.7. Each histogram corresponds to the spectrum
of a single realization of K with n = 5000, for various choices of £. From left to right £
is the uniform law on [0,¢] U [l —¢,1] for t =1/8, t =1/4.
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Figure 3: These plots illustrate Corollary 1.7 and the second statement of Theorem 1.10.
Each histogram corresponds to the spectrum of a single realization of K with n = 5000,
for various choices of £. From left to right and top to bottom, £ is uniform on [0, ¢] with
t=1/8, t=1/4,t=1/2, and t = 1.
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Figure 4: These plots illustrate Corollary 1.7. Each histogram corresponds to the spectrum
of a single realization of K with n = 5000, for various choices of £. From left to right and
top to bottom, £ is uniform on [t,1 —¢] with ¢t =0, ¢ =1/8,t =1/4, t = 1/2. The last
case corresponds to the arc—sine limiting spectral distribution mentioned in Remark 1.8.
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