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Abstract

In this paper we present the asymptotic theory for spectral distributions of high
dimensional covariation matrices of Brownian diffusions. More specifically, we consider
N-dimensional It6 integrals with time varying matrix-valued integrands. We observe
n equidistant high frequency data points of the underlying Brownian diffusion and we
assume that N/n — ¢ € (0,00). We show that under a certain mixed spectral moment
condition the spectral distribution of the empirical covariation matrix converges in
distribution almost surely. Our proof relies on method of moments and applications
of graph theory.
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1 Introduction

Last decades have witnessed an immense progress in the theory of random matrices and
their applications to probability, statistical physics and number theory. Since the seminal
work [16], and increasingly so since [9], the asymptotic behaviour of the spectrum of
random matrices received a great deal of attention. We refer to the monographs [1,4,10]
for a detailed exposition of recent results and techniques.

This paper is devoted to the study of spectral distribution of empirical covariation
matrices of Brownian integrals. On a filtered probability space (£2,F, (Ft)icp,1], P) we
consider a diffusion process (X¢).[o,1] that is defined as
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t
&z&ﬁ/mm, (1.1)
0

where W denotes an N-dimensional Brownian motion and f is a RV*N

tion given as

-valued step func-

fo=> Tilg () (1.2)
=1

where 0 =ty < --- < t;, = 1 is a fixed partition of the interval [0, 1] and the matrices T},
1 < j < m, are either deterministic or independent of the driving Brownian motion W.
In mathematical finance one of the most central objects is the empirical covariation of X,
which is defined via

XY = i (X0 = x) (X2 - XT)*. (1.3)

=1

Here and throughout the paper A” denotes the transpose of a matrix A. For a fixed
dimension N it is well known that [X]Y converges to the covariation matrix [X]V =
fol fsfsds as n — oo whenever the It6 integral at (1.1) is well defined. When N converges
to infinity at the same rate as n the situation becomes much more delicate. In the following
we briefly review some recent work on spectral distribution of large covariance/covariation
matrices. Recall that for a given matrix A € RV*YN with real eigenvalues Ai,..., Ay the
spectral distribution of A is defined via

A RS
F2(x) := Nz Loy, <o)
j=1

In [8] the author studies the spectral distribution of the empirical high dimensional co-
variance matrix based on i.i.d. data, which corresponds to our model (1.1) with f being
constant. In this framework the spectral distribution of the empirical covariance matrix
converges and, more importantly, there is a one-to-one connection between the limit of the
Stieltjes transform of F (X7 and the limit of FIXIY (given the latter exists). It is exactly
this relationship, called Marc¢enko-Pastur equation, which makes the estimation of the
spectral distribution of the covariation matrix [X]" possible. In another paper [18] the
authors consider the model (1.1), where the time variation of f comes solely from a scalar
function. In other words, they study processes of the type fs = asT, where a : R — R is
a scalar function and 7' € RV*¥N . In this situation the methods of [8] can not be directly
applied to infer F’ [X]N, but a certain modification of the functional [X]?, which separates
the scalar function a and the matrix 7T, still leads to a feasible procedure.

Unfortunately, both methods do not work when the function f has the form (1.2).
More precisely, the Stieltjes transform method is hardly applicable in our setting unless
all matrices T1,--- , Ty, have the same eigenspaces for all N. In this work we follow the
route of method of moments, which has been originally proposed by [17] in the context of
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random matrices. The basic idea is to show the almost sure convergence of all moments of
the random probability measure F XTI Then, under Carleman’s condition, the limiting
distribution is uniquely determined by the limits of moments. The idea of the proof is
heavily based on combinatorics of colored graphs. The main result of the paper is the
following theorem.

Theorem 1.1. Assume that N/n — ¢ € (0,00) and the following conditions hold:

(1) There exists a constant 1o > 0 such that || T}||op < 10 for all 1 <1 < m and uniformly
in N.

(i) For any k > 1 and any multi-index 1€ {1,...,m}* the mized spectral moment condi-
tion holds:

k
1
M = lim —tr HTlin exists in the almost sure sense and is non-random.
N—oco N i *
1=

(1.4)

Then FIXIY converges in distribution to a non-random probability measure F' almost surely.
The k-th moment my, of F is given via

T

k m
my = Z A Z Z Cru, I/ H MIZ;Z) H(tl - tl_l)slvl’v‘/, (15)
r=1 =1

vit..4vr=k I'e{l,..,m}k a=1

where 1(®) = (lga), ...,ll(,i)) € {1,...,m} are such that I = 1), 1), The power s,y is
defined as s;,y = > 04 nl(a) where

Lo _ ) =1 ifa=1,
: #{j#1: l§a) =1} else.

The definition of ¢, v s given in section 2.4.

The paper is structured as follows. In section 2 we present an overview about related
problems and give some remarks on the conditions of Theorem 1.1. At the end of this
section we also give the definition of the constant c,, . Section 3 is devoted to the proof
of Theorem 1.1.

2 Related problems and remarks

In this section we review some related studies and comment on conditions of Theorem 1.1.

2.1 Limit theory for a fixed dimension N

As we mentioned in the introduction, the definition of a covariation matrix implies the
convergence in probability

XY B XY asn— oo
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when the dimension N is fixed. Furthermore, the asymptotic results of [5, Theorem 2.5]
imply the following theorem.

Theorem 2.1. Assume that the process f is cadlag (not necessarily of the form (1.2)).
Then we obtain the stable convergence

VA (Y - 1) 2 [, (21)

where W' is a N?-dimensional Brownian motion independent of the o-algebra F and the
N2 x N?-dimensional matriz A, is given as

Agk,j’k’ _ Cg’j’cfk' + Cgk/ij/ with Cs = fofs.

Quite surprisingly, Theorem 2.1 holds for general cadlag stochastic processes f. We
remark that Theorem 2.1 can be transformed into a feasible standard central limit theorem
(cf. [11, Example 3.5]), thus making statistical inference for components of [X]" possible.
Such general results do not hold anymore when N — oo and one requires much stronger
conditions on the process f.

2.2 Limit theory in the setting N/n — ¢ € (0, 00)

In this subsection we shortly review the results of [8,18]. In [8] the author considers
empirical covariance matrices of i.i.d. vectors. In the setting of our model (1.1) it means
that the function f is deterministic and constant over the interval [0, 1]. In order to state
the main result we introduce the Stieltjes transform, which is defined via

mu(z) = /R ! p(dx), zeCT, (2.2)

r—z

where y is a measure on R and C* := {z € C: Im 2z > 0}. Since the matrix f is constant,
we can write (in distribution)

X = X0+ 22w, with  »=[X]V.

The following path breaking result, called Marc¢enko-Pastur equation, has been shown in [9]
for the case of a diagonal matrix ¥ and extended later to general covariance matrices >
in [12].

Theorem 2.2. Assume that the spectral distribution F* of ¥ converges in distribution to
F as N — co. When N/n — ¢ € (0,00) the following results hold:
(i) Define the function vixiy(2) := —z71(1 - N/n) + Nm iy (2)/n for z € C*. Then
there exists a deterministic function v such that

vixin (2) = v(2)  almost surely.
(i) The function v from (i) satisfies the Marcenko-Pastur equation

1 o x
—_——— =2z ——F(dz). 2.3
v(z) ? C/O 1+ zv(z) (dz) (23)

(iii) The equation (2.3) has a unique solution, which is the Stieltjes transform of a measure.
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In practice it is of course impossible to check whether the spectral distribution F>
converges as N — oo. A pragmatic solution to this problem is to assume that N is
large enough, so that F* can be identified with its theoretical limit F. In the next step,
as proposed in [8], discretization and convex optimization can be applied to construct a
numerical algorithm to compute the function F' from Mar¢enko-Pastur equation (2.3). At
this step the approximation vjx~ (z) = v(z) can be used. Finally, since we have identified
F* with F, the spectral density of the covariance matrix ¥ can be recovered from F. This
procedure shows the importance of Maréenko-Pastur equation for statistical inference.

In the work [18] the authors propose an extension of this procedure to time-varying
matrices fs, where the time variation is described by a scalar function. More precisely,
they consider models of the type (1.1) with

fs = a821/27

where a : [0,1] — R is a scalar function and ¥ is a positive definite matrix with tr(X) = N
(possibly random, but independent of W). In this setting the Marcenko-Pastur law for
[X]Y can not be expected to hold in general as it has been demonstrated in [18, Proposition
3]. The functional [X]Y requires a modification to satisfy the Maréenko-Pastur equation
(2.3). Such a modification is given as

o o B (X:;—T;:)_g( |—2X:1) | o

3l

i=1

where | - | denotes the Euclidean norm. Intuitively speaking, the proposed transformation
of the original statistic [X]) eliminates the scalar variation as and the methods of [§]

—N
become applicable. Indeed, under certain conditions, the spectral distribution FXn is
connected to F™ through the Maréenko-Pastur equation (2.3). We refer to [18, Theorem

2] for a detailed exposition of the asymptotic theory.

2.3 Remarks on conditions of Theorem 1.1

In this subsection we provide a discussion of conditions of Theorem 1.1.

First of all, we remark that the mixed spectral moment condition at (1.4) is a rather
strong condition, which however seems to be necessary according to our proofs. Never-
theless, in some special cases this assumption can be replaced by an easier condition. For
instance, in the setting of a constant function f, i.e. T3 = ... = T, = T, a necessary
condition for Theorem 1.1 to hold becomes

FIT" L F, (2.5)

where FTT" is the spectral distribution of TT* and the convergence is in distribution
almost surely towards a non-random distribution function F. This assumption is used in
classical works [13,17]. In this framework the boundedness of the operator norm at (i) of

Theorem 1.1 is not required as this condition can be overcome by a truncation argument.
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More precisely, defining FI7" (z) := N~! Zf\il L), <anr}, assumption (2.5) implies the
convergence
FIT" S F,

where F- is a non-random distribution function, for all 7 > 0. The convergence of moments
result similar to (1.5) is then proved by showing the corresponding assertion for a fixed
7 and letting 7 — oo. We refer to e.g. [4] for a detailed exposition. Also the condition
(1.4) of Theorem 1.1 follows directly from (2.5) and boundedness of || TT%||,, due to the
obvious relation

%tr (TT*)" = /xkFTT*(dx).

However, in the general framework of (1.2) the convergence of, say, joint spectral distribu-
tion of matrices ThT7, ..., T, T}, is not sufficient to conclude convergence of mixed spectral
moments at (1.4). The reason is that the behaviour of the expression at (1.4) is not solely
determined by the eigenvalues of the involved matrices, but crucially depends on their
eigenspaces. For the very same reason the truncation argument of [17] does not work,
and spectral boundedness at (i) of Theorem 1.1 has to be assumed explicitly. Therefore it
seems hard to avoid imposing condition (1.4). Let us remark however that when matrices
Ty, ..., T,T), have the same eigenspaces for all NV, i.e. there exist eigenvectors vy,... vy

such that T)T}"v; = )\Z(l)vi, then conditions (i) and (ii) of Theorem 1.1 can be replaced by
assuming the almost sure weak convergence of the joint spectral distribution

1 N
Tr,Tom _
(T )(xl, ey Tpn) = N Z 1{)\(_1)<21 Ay
1 i =Ll >

towards a non-random distribution function F'.

It is worth noticing that in the framework of free probability the mixed moment con-
dition is referred to as the convergence of the joint distribution of the noncommutative
random variables 1175, ..., T, Ty, as N — oo. See [3,15] for an overview of this the-
ory and its applications to random matrix theory. In particular, asymptotic freeness of
Iy, ..., Ty, allows to weaken the mixed moment condition. Denoting for N x N ran-
dom matrices Ty (A) = £E[tr(A)], the matrices Ty T}, ..., T,, 5, are asymptotically free if
for all 4y # ig # ... # i} and all py,...,pp >0

i (T T30 = (T T3)P)) -+ (T T3 = e (T, T)™)] =0,
By linearity of 7 it is then obvious that all mixed limiting moments exist if and only
if the spectral distributions FTiTi' converge to nonrandom limiting distributions Fj with
finite moments of all orders for ¢ = 1, ..., m, almost surely.

2.4 Definition of ¢, , 1

In this subsection we give the definition of the constant c,, 1 that appears in Theorem
1.1.
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Given I € {1,...,m}*¥ and vy, ..., v, with vy + - -- + v, = k, we let 1(®) = (lga), ...,l%)) €
{1,...,m}¥s such that I' = 1) ... 1"), We recall the definition

(a) #{j : lj(l) =1} ifa=1,
n =
’ #j#A1: 1 =1} else.

Given a tree, i.e. a connected graph without cycles, G with r vertices Hy, ..., H,, we define

for 1 € {1,...,m} and a € {1, ...,7} numbers nl(a)’G in the following way: Let Hy,, ..., Hq,

be the vertices adjacent to H, in G (i.e. the vertices connected to H, by a path of length
1), where we leave out the vertex that lies on the path from H, to Hy, if a > 1. We set

Copliefl, . pr I\ =1

Then, we have

Crp,l Z]Sy |HH (a) (a)G) {n(“>o<n<“>}’

l=1a= 1
where the summation runs for all trees G on {Hq,..., H,}. Here, Sy ¢ is the set of all
permutations 7 on the {2, ...,7} for which at least one of the following holds:
(i) 17®) £ 1) for some p € {2,...,7}

(ii) Gr # G, where G is the graph obtained from G by permuting the vertices Ha, ..., H,
according to .

3 Proof

For the proof of Theorem 1.1 we rely on the well known moment convergence theorem.

Theorem 3.1. Let (F},) be a sequence of p.d.f.s with finite moments of all orders my, ,, =
fmden(x) Assume myn, — my, for n — oo for k =1,... where

(a) my < oo for all k and
1

(b) Z;O:ﬂm%(F)]_% = 00.

Then, F,, converges weakly to the uniquely determined probability distribution function F
with moment sequence (my,).

Condition (b) is known as Carleman’s condition. For the proof we refer to [7, Theorem

3.3.11].

The strategy for proving Theorem 1.1 is the following: In the next subsection we
introduce colored Q™-graphs. In the two subsections thereafter, these graphs take a key
role in showing that

B[ (FPI)] = my (3.1)
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holds for all k, where my, is defined as in Theorem 1.1.

Then, in subsection 3.4 we argue that
N N 4
B | (ma ) = B (PR )] = 0072, (32)

which yields my(F [XW) — my, almost surely, by virtue of the Borel-Cantelli Lemma.
Finally, verifying that the sequence (my) satisfies Carleman’s condition and applying The-
orem 3.1 completes the proof.

Our proof extends the proof given in [17] (see also [4] and [2]) for the case of constant
function f. In order to deal with our more general setting we introduce colored graphs
and use new combinatorical arguments.

@

Throughout the proof, we denote the entries of the matrices 1; by (17)i; = t;; and

likewise for other matrices, in order to maintain readability.

3.1 Colored Q"-graphs

For [ = 1,...,m let Y be N x [n(t; — t;—1)] matrices containing i.i.d. standard normal
variables independent of T}, where [n(t; — ¢;_1)] denotes the integer part of n(t; — t;_1).
Set

Tv1 1 % * *
[X]5 = EZTlYlYl 1.
=1

By virtue of the well known fact
1
|FA = FB||o < —rank(A — B)
N
for N x N symmetric matrices A and B, it is easy to see that
[P — PPl — 0, (3:3)

as n, N — oo. Therefore, we can replace [X] by [37],]1\[ for the proof of Theorem 1.1.
Conditioning on all 7T as given allows us, moreover, to restrict ourselves to nonrandom 7;

for the proof.

In order to show the convergence of the expected k-th spectral moment E[my(FIXTn)]
we are faced with the equation

m k
=i 11
E[my,(FXIN)] = ~orE [t (Z TlYlYl*Tl*>
=1

— N 1ln*R Zt(ll) (), x()x() (k) y(lk) yf(lk)t*(lk)

119279251 97113 Tigla 13k—213k—1793k—1Jk 7 K13k t3ki1 |
Lij

(3.4)
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12 =118 i 15 =115 i6 = 114 = i9 i11 = 412

i1 = d19 vzs =17 \ / i10 i13
i(1)
Jj1 =Je v Ja J
i(2)
Jj2 =1Js J3 J

Figure 1 — A colored Q*-graph for k = 6 and m = 2. Here, 1 = (1,2,2,1,2,1) where 1 =
green and 2 = red.

Here, the summation runs over all 1 = (Iy,...,1x) € {1,...,m}* and i = (i1,...,i3x) €
{1,..., N}3%. For all a, the index j, varies over {1,...,[n(t;, —t;,-1)]}-

In order to carry out the summation we introduce colored Q"-graphs which correspond
to the summands in the above equation. These graphs are related to Q)-graphs as used by
the authors of [17].

Definition 3.2. Let & > 0. Given multi-indices 1 € {1,...,m}* i € {1,..., N}?*, and
J = (J1,.-s ji) where j, € {1,...,[n(t;, — ti,—1)]}, we define the colored Q*-graph Qi;;
in the following way. Choose m arbitrary colors cy,...,c,. For brevity we will usually
not distinguish between [ € {1,...,m} and its associated color ¢;. Draw m + 1 horizontal
lines, the i-, jM-, ..., j'™-line. Mark the numbers {1, ..., N} on the i-line and, for all [,
the numbers {1, ..., [n(t; — t;_1)]} on the j¥-line. For s = 1,...,k, draw horizontal edges
colored in I from i35_9 to i3,—1 and from i35 to i3541 with the convention that igp11 = 4;.
For s = 1, ..., k, draw a vertical (down) edge from i3s_1 to js on the js)-line and a vertical
(up) edge from Js to i34, both edges also colored in ls. The result is a connected directed
graph forming a cycle. It consists of 4k edges and always 4 subsequent edges are of the
same color. Figure 1 provides an example of a colored Q*-graph.

There is a one to one correspondence between colored QT-graphs and the summands
of (3.4). Highlighting this correspondence we introduce the notation
4 (11) w(la) () (k) (r) xi) () | (3.5)

(ty)Qlu E [ ivigYinj1 Yjuis Vigia i 213k -1 Jisk—17x Linisk Viskit

We will organize the colored Q" -graphs in three categories and then derive the limit
for (3.4) if the summation runs only for graphs from one of these categories. To this end,
the following definitions are required.

Definition 3.3. The head H(Qi; ) of a colored Q*-graph Qy;; is the subgraph of all
vertices on the i-line and all horizontal edges.

Definition 3.4. The pillar of a colored Q*-graph Q) is the Graph obtained from Q;
by first gluing together coincident vertical edges, then gluing all vertices on the i-line that
are connected in the head of Qy;;, and then deleting all horizontal edges. The pillar is
undirected and colorless. See Figure 2 for an example.
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. o 2=t iq is = i i7
1 e — e —
i1 =113 i3 =111 ig =19 = 110
i(1)
J J1 = i \V/
i(2)
J Jj2 =173

Figure 2 — A colored Q" -graph in C3 and its pillar.

We divide the colored QT -graphs in the following three categories. Category C; con-
tains all graphs (13 such that every down edge of ()y;; coincides with exactly one up
edge, and such that the pillar of Qy;j is a tree. An example of a colored Q*-graph in
this category is the graph in Figure 1. Note that coincident vertical edges are always of
the same color. Category Co contains all colored Q-graphs that have at least one single
vertical edge. Category C3 contains all other colored Q-graphs. The graph in Figure 2 is
in this category since its pillar contains a cycle.

Now we can split the sum (3.4) into

Emp(FEIN) = N7k | S (i) + S (e + S (tw)o| - (3.6)

QeCy QeCs QeCs

The second sum vanishes since a vertical edge in Q which is single corresponds to a
O]
]

In the following section we argue that the third sum is negligible for n, N — co. In the
section thereafter, the limit for the first sum is derived.

factor v, in (3.5) that occurs only once. Hence, the expectation is 0 due to independence.

3.2 The limit for the sum of C3 graphs

We make the following conventions on notation: For a QT-graph @ we denote by r the
number of connected components of the head. By s1,...,s, we denote the numbers of
noncoincident jV, ..., j™-vertices, respectively, and s = s1 + - - - + s,,. Denote further by
p the number of noncoincident vertical edges of Q).

Lemma 3.5. For a category C3 colored Q" -graph Qu;; it holds that p +s — 1 < k.
Furthermore, the degree of each vertex of H(Qy;;) is at least 2.

Proof. The pillar of @Qy;; has r + s vertices and p edges and is connected. Therefore,
r+ s — 1 < p where equality implies that the pillar is a tree. We distinguish two different
cases.
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Case 1. 1If every vertical edge of @;; has coincidence multiplicity 2, it holds that
p = k, since @;;j contains 2k vertical edges. If, in this case, the pillar would be a tree,
(1,i; would be in Cy. Therefore, we have r +s —1 < p = k.

Case 2. One vertical edge of @1 ; has coincidence multiplicity larger 2. We have p < k
and thus r+s—1<p<k.

Every i-vertex of ()1;; connects either with at least two horizontal edges or with one
horizontal and one vertical edge, which is then single. Therefore, if some vertex of H(Q1; )
has degree one, we have Q;; € Co. O

In order to show that the sum corresponding to C3 in (3.6) is negligible for N — oo,

we introduce the concept of isomorphic Q'-graphs.

Definition 3.6. Two colored Q" -graphs Q1;j and Qyyj are isomorphic, or Qiij ~
Qv i j, if we can obtain Q5 j from Qy i 5 by permuting the numbers on the lines i,j M, .5,
In particular, Q3 ~ Qv iy implies 1 =1

Lemma 3.7. It holds that

E3:=N""n"" > (ty)g 0
Q€Cs

for N,n — oo with N/n — ¢ € (0,00).

Proof. Observe the identity
Es=N"'n")" > (ta.
Q@3 Q€[Qs]

where the first summation is taken for a representative system of pairwise not isomorphic
graphs in category C3 and the second summation for all Q*-graphs isomorphic to Q3. It
is sufficient to show that for arbitrary Q3 € C3 we have

N-1lp*k Z (ty)g — 0.
Qe[Qs]

Glue coincident vertical edges of (Y3 into colorless down edges. Let every vertical edge
that connects with the j()-line correspond to the matrix

V() ={(e = D" Nspnit—ts_1)) »
where 1 denotes the coincidence multiplicity of the edge.

Applying Theorem A 35. of [4] and Lemma 3.5 yields that there is a constant Cj, such
that

N~'n™F 3" (ty)g < CkN~'n FNTTE = O(N ),
QE[Qs3]

and the proof is complete. O
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3.3 Limit of the Expected k-th Spectral Moment

In this subsection we derive the limit of the first sum in (3.6). For a colored Q*-graph

Q € Cq, the expectation factor E [yz(é;)l yl(gi e yfﬁ’;ll i yg’;zk] of (ty)g equals 1. Therefore,
N F 3 (ty)o=N"n"">" (Ou

QeCy QeCy

depends on the heads of the graphs only. Using the notations introduced in the last
subsection, there are
m

) (ZCREEVY ) (O
=1

=1

colored QT-graphs with the same head as Q. Every graph Q1 € C; has k noncoincident
vertical edges and its pillar is a tree with r + s vertices and k edges where s = s1+...+ Sy
Consequently, we have k = r 4+ s — 1. Therefore, it holds that

N Oug=N" DY M Wu [[t - ti-1)® +o(1) (3.7)
QeC H(Q)EH(C1) =1

where H(Cy) denotes the set of colored heads for graphs in C;. We first derive the limit
for this term if the summation runs for a class of similar heads.

Definition 3.8. A Q" -graph Q induces a partition of the set {1,...,3k}, where a and b
are in the same partition set if and only if i, and 4, are connected in H(Q). Let @ and
Q' be colored QT -graphs with the same coloring vector. The heads H(Q) and H(Q') are
similar (sometimes we also say @ and @' are similar) if they induce the same partition.
The equivalence class of heads similar to H(Q) will be denoted by [[H(Q)]]. See Figure 3
for an example.

At this point it is convenient to introduce the notion of component coloring multi-
indices (CCMIs). For a head of a colored Q" -graph we denote the connected components
by Hi,..., H, and their sizes (i.e. the number of edges they contain) by 2uv1, ..., 2v,. For
some component H, of the head, the CCMI 1@ = (lga), e l,(fi)) € {1,...,m}"* is defined in
the following way. We obtain a natural order for the edges of the Q-graph by the order
of indices in (3.5), i.e. the first edge connects i1 and iy, the second iy and j; and so on.
We set léa) = [ where [ is the color of the b-th up edge that connects to H,.

Remark. Note that for a given Q"-graph @ the multi-index (1(1), e 1(7")) is not uniquely
determined since it depends on the labeling of the head components Hy, ..., H,. We follow
the convention that Hy contains the index i1. The labeling of the components Ho, ..., H,.,
however, remains arbitrary, for reasons that will be explained later.

NP N 1)

i1 =110 i7 i3 =5 iq i1 =410 i =g i7 ig =1ig 13 = i4 =15

Figure 3 — Two similar heads.
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Let us now analyze the summation of () (@) for a similarity class [[H(Q)]].

Lemma 3.9. Introducing the notation
q
(T = [[ 7.7
i=1

for 1 = (l1,...,1y) € {1,...,m}9, we have for a colored Q* graphs Q1 € C1 with CCMIs
10,10

T

> Wne = [[ATT )@ +0(1).
H(Q)e[[H(Q1)]] a=1

Proof. We write

Y. Wne = Z/(t)H1 - ()m,,

H(Q)ETH Q)]
(3.8)

where (t)g,, ..., (t)m, are products of entries of 11, ..., T,,, T, ..., T)}, associated with the
distinct cycles Hy, ..., H, of the head in the same manner as colored Q-graphs are associ-
ated to products of the form (3.5). The summation ¥’ runs for all indices of these entries
over {1,..., N}, with the restriction that entries of different cycles have distinct indices.

Consider first (), for some a € {1,...,r}. By the definition of the CCMI 1(*) and
recalling that the pillar of @ is a tree it is not difficult to verify that

(U8 (15 15y Sy L)
Z(t) H, = Z tiis iy tisis ooty i g = te(TT ")y
ie{1,...,N}?va

Then, applying the inclusion-exclusion principle, and recalling ||7}||op < 70 for all I, yields

(a) (a) (a)
s,y Ly .
> tha izl =t (TT)w + O(1),
i€{1,...,N}2va
{3150 ri2pg YNM=0

for any finite set M C Z.. The statement follows now by induction over the distinct cycles
of the head. 0

Applying this Lemma we find

N Z T On@ H(tl )t — H(tl —t1)” H M-
HQEH Q)] 1 1 i

(3.9)

Now, in order to derive the limit of E[my,(FIX7)], it is sufficient to determine, for given
PyULy ey Upy 81 ooy Sm and 10,100 the number of similarity classes with this specific
parameters.
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Definition 3.10. Two components H, and H; of the head of a colored Q*-graph in
Cy are vertically connected if there is a down edge starting at some vertex in H,, which
is followed by an up edge that ends at some vertex in Hj. Note that if H, and Hp are
vertically connected, then there is exactly one down edge leaving H, that is followed by
an up edge connecting to Hp and exactly one down edge leaving Hy that is followed by an
up edge connecting to H,. These four edges form two pairs of coincident edges and are of
the same color. Therefore, we may understand the vertical connections as colored as well.

Definition 3.11. For a colored Q*-graph Q € C; with components Hq, ..., H, we define
the connectivity tree Gg to be the graph with vertex set {Hq,..., H,} where (Hg, Hy) is
an edge in G if and only if H, and H; are vertically connected in Q.

Note that due to the arbitrary labeling of Hs, ..., H, most Q'-graphs have more than
one possible connectivity tree.

Lemma 3.12. It holds that

Efmg (FXN )] —s my,

where

k

r m
-1
me=) ¢ ) > e [T M50 [0 - i)
a=1 =1

r=1 vit..tvr=k Ve{l,..,m}k

Here, I = (1(1), ...,1(7")) where 119 has length v,. For the definition of 511 see Theorem
1.1, for the definition of ¢, , v see section 2.4.

Proof. Recalling (3.6) and Lemma 3.7 it is sufficient to derive that

N-lp7k Z (ty)g — my.
QeCy

Thus, by virtue of (3.7) and (3.9) there are two things left to show:

(1) For a Q*-graph @Q with CCMIs 1V, .. 1(") the number of noncoincident vertices on
the j(-line is s, = S _, nl(a).

(2) There are ¢,y similarity classes of Q*-graphs with CCMIs 11, ...,1().

For (1) note that every vertex on the jD-line has either degree 2 or 4 and its degree is 4
if and only if it lies on a vertical connection of color [. Therefore, s; is the number of up
edges colored in [ minus the number of vertical connections of color .

The number of up edges colored in [ is the number of [-s in the CCMIs 1D 10m) | Let
H, and H; be two vertically connected components where in the connectivity tree Gg H,
lies on the path from Hp to Hj. Then, the color of the vertical connection (H,, Hp) is
lgb) . Therefore, the entries lgb) for b > 1 correspond one to one to the colors of the vertical
connections of (). This proves claim (1).
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For (2) we first show that there are

a)!

HH (a)c), { ()G <pla)y

llal

similarity classes of Qt-graphs with connectivity tree G and CCMIs 1V, ... 1), Within
a component H, a vertical connection (H,, Hp) is at a certain position p € {1,...,1,},
meaning that the p-th down edge leaving H, is followed by an up edge connecting to Hp.
It is straightforward to verify that two QQ-graphs with the same connectivity tree G' and
the same CCMIs 1V, ... 1) are similar if and only if within all components all vertical
connections are at the same positions.

Consider component Hy, and let Hg,, ..., Hq, be the components adjacent to it in G.
A Q*'-graph @ with connectivity tree G' contains the corresponding vertical connections

(Hi,Hg,), ..., (Hy, Hy,), ngl) ‘% of which are colored in I. Since Hy has nl(l) leaving down
nM

edges of color [ we have []", W (DT <Dy possibilities of positioning the ver-
tical connections among the vertical edges leavmg H;. Now turn to some component
H, # H;. There is one component H,, vertically connected to H, that lies on the path
from H, to H; in G. By construction, the vertical connection (H,, Hy,) is at position

(a)

v, within H, and it is colored in /. For distributing all other vertical connections at

(@)
H, on their possible positions within H,, we are left with [[;2, Wl{nga),cgngw}

possibilities. This leaves us, overall, with
HH a) (a) G), {n ()6 <o)y

possibilities for distributing all vertical connections of all components on their possible
positions.

Most similarity classes have more than one possible connectivity tree and CCMIs since
the components Ho, ..., H, are arbitrarily labeled. By definition of the set Sy ¢, introduced
in section 2.4, a Q*-graph @ has |Sy ;| possible connectivity trees and CCMIs where G
is one possible connectivity tree for (). This proves (2). ]

Remark. The arbitrary labeling of the components Ha, ..., H, is necessary in order to
apply the combinatorical arguments of the proof above. If we, for example, label the
components in order of appearance with respect to the natural order of edges, we impose
subtle restrictions on the CCMIs, leading to more involved expressions.

In the next subsection we complete the proof of Theorem 1.1.

3.4 Convergence of my(FXI )

The following Lemma ensures the a.s. convergence of my(F [XW). The proof relies on
corresponding results for constant f. For more details we refer to [4, Theorem 4.1].
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Lemma 3.13. It holds that
B[y (FXI) — By (FXR))* = O(N2).
Proof. For a =1, ...,4, given multi-indices 1, = (lga), ...,l,(ca)) c{1,..m}* i, € {1,..., N}3

and j, = (j;a), ...,j,ga)) with jl(,a) e{1,.., [n(tl<a) — tl(a)_l)]}, we denote by @), the corre-
P P
sponding colored Q*-graph Q1 i, j,- Then, we have

4

= 1
E[mk(F[X]") Emk(F[X]") = N Nk Z ty) Q15 —E Nnk Z(ty)Ql,i,j

1717|] l7i7j

4
=Nt~ 3BT (e, —Elty)e.)| - (3:10)

Liyea a=1

If, for some a, all vertical edges of ), do not coincide with vertical edges of one of the
other graphs, we obtain

4
E [H (ty)Q. — E[(ty)cza])] =0,
a=1

from independence. Thus, Q = UQ), consists of either one or two connected components.
By expanding (3.10) we have

Efm (FXR) — By (PR >]4

~xt 3 (&[T

i1,..,14 a=1

+ .. +HIE ty Qa]>

a=1

Applying Theorem A.35. of [4], in a similar way as in the proof of Lemma 3.7, for each of
the 16 summands within the brackets separately, shows that this sum is O(N~2). O

Now, combining Lemma 3.12 and Lemma 3.13 we have, by virtue of the Borel-Cantelli
Lemma and (3.3),
myp(FER) 225 iy,

for all k, where my, is defined as in Theorem 1.1. Therefore, if the sequence (my) satisfies
Carleman’s condition, applying Theorem 3.1 completes the proof of Theorem 1.1.

Lemma 3.14. The sequence of limiting spectral moments my, satisfies

e}
Z _ 1
m2k 2k =
k=0
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Proof. Consider the matrices S; = %TZYIYZ*TI* for [ = 1,...,m. The spectral distribution
of mYlYl* is known to converge to the Marcenko-Pastur law py, (z) with support
(1= u)? (1 + u)?] for L =1,...,m, where y; = ¢(t; — t;—1) . Thus, we have

k 2%
<7k (1 +V maxl(yl)) ,

op

1

7}/*}/2
n(tl — tlfl) !

1 k - R
]\}gnoo Ntr(sl ) < ]\}gnoo(tl - tl*l) HTl”op

for [ =1, ...,m. Therefore, the result follows from

my,(FE)

IN

1ok A k
~m (tr(51)+ +tr(5m)),

which holds due to the convexity of the function A +— tr(A)¥, see for example [6, Theorem
2.10]. O
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