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Abstract

We prove universality for the fluctuations of the halting time T (see Introduction) for the Toda
algorithm to compute the eigenvalues of real symmetric and Hermitian matrices H. TW controls the
computation time for the largest eigenvalue of H to a prescribed tolerance. The proof relies on recent
results on the statistics of the eigenvalues and eigenvectors of random matrices (such as delocalization,
rigidity and edge universality) in a crucial way.
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1 Introduction

In [Pfrang et al., 2014] the authors initiated a statistical study of the performance of various standard algo-
rithms A to compute the eigenvalues of random real symmetric matrices H. Let ¥y denote the set of real
N x N symmetric matrices. Associated with each algorithm A, there is, in the discrete case such as QR, a
map ¢ = p4 : Ly — Ly, with the properties

e (isospectral) spec(p4(H)) = spec(H),

e (convergence) the iterates Xp11 = pa(Xy), k > 0, Xo = H given, converge to a diagonal matrix X,
X > X as k — oo,

and in the continuum case, such as Toda, there is a flow ¢t — X (t) € X with the properties
e (isospectral) spec(X(t)) is constant,

e (convergence) the flow X (¢), t > 0, X(0) = H given, converges to a diagonal matrix X, X () = X
ast — oo.

In both cases, necessarily, the (diagonal) entries of X, are the eigenvalues of the given matrix H.

Given € > 0, it follows, in the discrete case, that for some m the off-diagonal entries of X, are O(e)
and hence the diagonal entries of X, give the eigenvalues of Xg = H to O(e). The situation is similar for
continuous algorithms ¢ — X (¢). Rather than running the algorithm until all the off-diagonal entries are
O(e), it is customary to run the algorithm with deflations as follows. For an N x N matrix ¥ in block form

Yin Yio
Y = ,
[ Yo1r Yo
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with Y71 of size k x k and Yag of size N —k x N —k for some k € {1,2,..., N — 1}, the process of projecting
Y — diag(Y11, Yaz) is called deflation. For a given e, algorithm A and matrix H € X, define the k-deflation
time T() (H) = T(k)( H), 1<k < N —1, to be the smallest value of m such that X,,, the mth iterate of
algorithm A with XO H, has block form

k k
o= S
X21 X22

with X1(1) of size k x k and X2(2) of size N —k x N — k and! HX || = HX21 || <e. The defation time T'(H)
is then defined as

— — ; (k)
TH)=T. 4(H) = i T. A(H).

If ke {1,...,N — 1} is such that T(H) = Te(’i)l(H), iAt foll(?ws that the eigenvalues of H = X are given by
the eigenvalues of the block-diagonal matrix diag(Xl(lf), Xz(g)) to O(e). After, running the algorithm to time

T =T, a(H), the algorithm restarts by applying A separately to the smaller matrices X (1 and X22) until
the next deflation time, and so on. There are again similar considerations for continuous algorithms.

As the algorithm proceeds, the number of matrices after each deflation doubles. This is counterbalanced
by the fact that the matrices are smaller and smaller in size, and the calculations are clearly parallelizable.
Allowing for parallel computation, the number of deflations to compute all the eigenvalues of a given matrix
H to a given accuracy e, will vary from O(log N) to O(N).

In [Pfrang et al., 2014] the authors considered the deflation time 7" for N x N matrices chosen from a
given ensemble £. To make the dependence of T on €, N, A and £ explicit, we write 7. (*) W(H) = Tflj\), A¢ and
T(H) =T, s(H) =Tcn 4e(H). For agiven algorithm A and ensemble £ the authors computed Tenac(H)
for 5,000-15,000 samples of matrices H chosen from &, and recorded the normalized deflation time

T Te s H) - Te
et = AL = Huvae), (1)

where (T n a.¢) and U?’N’A’g = ((Tenae — (Te n.ag))?) are the sample average and sample variance of
T. n,a.c(H), respectively. Surprisingly, the authors found that for the given algorithm A, and € and N in a
suitable scaling range with N — oo, the histogram of TE, N,A,e was universal, independent of the ensemble £.
In other words, the fluctuations in the deflation time TQ N, A€, suitably scaled, were universal, independent
of £. Figure 1 displays some of the numerical results from [Pfrang et al., 2014]. Figure 1(a) displays data
for the QR algorithm, which is discrete, and Figure 1(b) displays data for the Toda algorithm, which is
continuous.

Subsequently, in [Deift et al., 2014], the authors raised the question of whether the universality results
in [Pfrang et al., 2014] were limited to eigenvalue algorithms, or whether they were present more generally
in numerical computation. And indeed the authors in [Deift et al., 2014] found similar universality results
for a wide variety of numerical algorithms, including

e more general eigenvalue algorithms such as the Jacobi eigenvalue algorithm, and also algorithms for
Hermitian ensembles,

e the conjugate gradient and GMRES algorithms to solve linear N x N systems Hx = b,

e an iterative algorithm to solve the Dirichlet problem Au = 0 on a random star-shaped region Q C R?
with random boundary data f on 99, and

e a genetic algorithm to compute the equilibrium measure for orthogonal polynomials on the line.

"Here we use || - || to denote the Frobenius norm [ X|[|* = 32, ;[ X;|? for X = (Xy;).
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Figure 1: Universality for TE’N”A’S when (a) A is the QR eigenvalue algorithm and when (b) A is the Toda
algorithm. Panel (a) displays the overlay of two histograms for T. e.N.Ac in the case of QR, one for each of
the two ensembles £ = BE, consisting of iid mean-zero Bernoulli random variables (see Definition 1.1) and
& = GOE, consisting of iid mean-zero normal random variables. Here ¢ = 10710 and N = 100. Panel (b)
displays the overlay of two histograms for TQ N, A4, in the case of the Toda algorithm, and again £ = BE or
GOE. And here e = 10~® and N = 100.

An example from [Deift et al., 2014] is the solution of the linear system Hz = b using the conjugate gradient
algorithm where H is chosen randomly from an ensemble &£ of positive definite matrices, and b has iid
components. The algorithm is iterative, b - x¢9 — 1 — --- — x,,, — - -+ and halts, for a given €, when

| H — b)) < e. (1.2)

The smallest value m for which (1.2) holds is called the halting time h = h. ne(H,b): h is the analog
for the conjugate gradient method of the deflation time T for eigenvalue algorithms. Figure 2, taken from
[Deift et al., 2014], displays universality in the halting time for the conjugate gradient algorithm for various
ensembles for H and b. Note that all the algorithms considered above, except for the genetic algorithm,
have the character of deterministic dynamical systems with random initial data. On the other hand, for the
genetic algorithm, not only is the initial data random, but the algorithm itself is stochastic.

In [Deift et al., 2014] the authors also considered recent laboratory experiments of Bakhtin and Correll
[Bakhtin and Correll, 2012] in which participants were required to make a sequence of decisions comparing
geometrical properties of figures projected on a screen. Bakhtin and Correll recorded the decision times 7
and the plots of the histograms for the normalized times 7 as in (1.1) for each participant, strongly suggest
universality in the decision process. Furthermore, using a Curie-Weiss spin model, Bakhtin and Correll

derive an explicit formula
~ 2 1
fisc(a) = \f exp (— - z> (13)
s 2

for the histogram for the decision process. Let fpc(x) = ifgc(ﬁ(x — a)) where 4 and a are chosen so that
fec(x) has mean zero and variance one. It is an interesting fact, observed recently by [Sagun et al., 2015],
that the fluctuations of search times on Google for randomly chosen English and Turkish words, in particular,
also appear to follow the law fpc, see Figure 3.

The above calculations and experiments suggest strongly that calculation in the presence of random data
in a wide variety of situations obeys two-component universality, that is, once the mean and variance are
known, the remaining statistics are universal. So far, however, all the evidence is numerical and experimental.

The goal of this paper is prove universality rigorously for an algorithm of interest and we focus, in
particular, on eigenvalue algorithms. To analyze eigenvalue algorithms with deflation, in particular, one
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Figure 2: Universality in the halting time for the conjugate gradient algorithm. This plot shows three
he nca(H,b) = (he N ca)
Oe,N,CG
10~, N = 500, b has iid entries, uniform on [~1,1], and H = ZZ* where Z is N x (N + [V/N]) with
standard normal (real and complex) or £1 Bernoulli entries. See [Deift et al., 2014, Menon et al., 2016] for

more details on these computations.

corresponding to different ensembles. Here ¢ =

histograms of l~167N,cc;(H7 b) =

. . . (k)
faces the challenge of analyzing the minimum of N — 1 dependent variables Tenyag 1 <k<N-1as

N — oo. Clearly, the distribution of the k’s such that T. x 4.¢(H) = Te(fj\),, A.e(H), plays a central role and

in Figure 4 we show the statistics of k for both QR and the Toda algorithm.? In this paper we further
restrict our attention to the Toda algorithm, and as a first step towards understanding T n Toda,e, We prove
universality for TE(A]}\)T,TO da,g+ the 1-deflation time for Toda — see Theorem 1.1. This is the main result in the
paper.

Running Toda until time 7" = 71 (H), is, in addition, an algorithm of independent interest. Indeed, as we
see from Proposition 1.1, with high probability X1;(T™)) ~ Ay, the largest eigenvalue of X (0) = H. In other
words, T (H) controls the computation of the largest eigenvalue of H via the Toda algorithm. In this paper
we always order the eigenvalues {\, } of a real symmetric or Hermitian matrix H as A\, < Ap41,n=1,...,N.
As we will see, analyzing T(l)(H ) requires very detailed statistical information on the eigenvalues and
eigenvectors of H: Much of this information was only established in the last three or four years. In Sections 1.1
and 1.3 we will describe some of the properties of the Toda algorithm and some results from random matrix
theory. In Section 1.2 we describe some numerical results demonstrating Theorem 1.1. Note that Figure 5

for T (H) is very different from Figure 1(b) for T'(H). In Sections 2 and 3 we will prove universality for

1 . . . . .
TE( szATo da.c for matrices from generalized Wigner ensembles and also from invariant ensembles.

1.1 Main result

The Toda algorithm is an example of the generalized continuous eigenvalue algorithm described above. For

an N x N real symmetric or Hermitian matrix X (t) = (X;;(t))};_;, the Toda equations are given by®

X =[X,B(X)], B(X)=X_—(X_)*, X(0)=H=H", (1.4)

where X _ is the strictly lower-triangular part of X and [A, B] is the standard matrix commutator. It is well
known that this flow is isospectral and converges as t — oo to a diagonal matrix X, = diag(Ay, ..., \1); see
for example [Deift et al., 1985]. As noted above, necessarily, the diagonal elements of X, are the eigenvalues

2The asymmetry for the QR histogram reflects the fact that typically H has an eigenvalue near zero: For QR, a simple
argument shows that eigenvalues near zero favor k = N — 1.
3In the real symmetric case * should be replaced with 7.
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Figure 3: Histograms of the normalized Google search times obtained for English and Turkish words obtained
in [Sagun et al., 2015]. The solid curve is the normalized distribution fge of Bakhtin and Correll for the
decision times in [Bakhtin and Correll, 2012].
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Figure 4: The distribution of k for GOE when N = 30, ¢ = 1078 and (a) A = QR and (b) A = Toda. For
QR, k = N — 1 is most likely, indicating that the last column decays most quickly. For Toda, k =1, N — 1
are equally likely.

of H. By the Toda algorithm (without deflations) to compute the eigenvalues of a Hermitian matrix H
we mean solving (1.4) with X (0) = H until such time ¢ that the off-diagonal elements in the matrix X (¢)
are of order €. The eigenvalues of X (¢') then give the eigenvalues of H to O(e).

The history of the Toda algorithm is as follows. The Toda Lattice was introduced by M. Toda in 1967
[Toda, 1967] and describes the motion of N particles x;, ¢ = 1,..., N, on the line under the Hamiltonian

1 & 1 Y
e =53 + 3 Y e
=1 i=1

In 1974, Flaschka [Flaschka, 1974] (see also [Manakov, 1975]) showed that Hamilton’s equations

. a}IToda . 6]{Toda
r= ——- = -

oy ox '



can be written in the Lax pair form (1.4) where X is tridiagonal
Xii=-yi/2, 1<i<N,

1
Xiit1 = Xiy1,: = ie%(l’i*l’i-#l)’ 1<i<N-1,

and B(X) is the tridiagonal skew-symmetric matrix B(X) = X_—(X_)T asin (1.4). As noted above, the flow
t — X (t) is isospectral. But more is true: The flow is completely integrable in the sense of Liouville with the
eigenvalues of X (0) = H providing N Poisson commuting integrals for the flow. In 1975, Moser showed that
the off-diagonal elements X; ;1+1(t) converge to zero as ¢t — oo [Moser, 1975]. Inspired by this result, and also
related work of Symes [Symes, 1982] on the QR algorithm, the authors in [Deift et al., 1983] suggested that
the Toda Lattice be viewed as an eigenvalue algorithm, the Toda algorithm. The Lax equations (1.4) clearly
give rise to a global flow not only on tridiagonal matrices but also on general real symmetric matrices. It
turns out that in this generality (1.4) is also Hamiltonian [Kostant, 1979, Adler, 1978] and, in fact, integrable
[Deift et al., 1986]. From that point on, by the Toda algorithm one means the action of (1.4) on full real
symmetric matrices, or by extension, on complex Hermitian matrices.*

As noted in the Introduction, in this paper we consider running the Toda algorithm only until time
T = TW, the deflation time with block decomposition k = 1 fixed, when the norm of the off-diagonal
elements in the first row, and hence the first column, is O(e). Define

N

E@) =Y X 0P, (1.5)

n=2

so that if E(t) = 0 then X;;(¢) is an eigenvalue of H. Thus, with E(t) as in (1.5), the halting time (or
1-deflation time) for the Toda algorithm is given by

TOH) =T 4 o(H) = inf{t : B(t) < ). (1.6)

Note that by the min-max principle if E(t) < €2 then |X;11(t) — Aj| < € for some eigenvalue \; of X (0).

In order to state our main result, we refer the reader to Definitions 1.1 and 1.2 for the definition of
invariant ensembles (IE) and Wigner ensembles (WE) and we reference Definition 1.4 for the definition of
FE*™(t) (B =1 or 2). The constants cy and by are discussed in Theorem 1.2. Our main result is a restated
version of Theorem 3.1.

Theorem 1.1 (Universality for the Toda algorithm). Let 0 < o < 1 be fized and let (e, N) be in the scaling
—1

region l?fgeN > % + %, see Definition 1.8. Then if H is distributed according to any real (= 1) or complex

(B = 2) invariant or Wigner ensemble

7@
lim P 573
N=oo  \ ¢7f7272/3N2/3(loge=1 — 2/3log N

) < t> = F5*™(1). (1.7)

To see that the algorithm computes the top eigenvalue, to an accuracy beyond its fluctuations, we have
the following proposition which is a restatement of Proposition 3.1 that shows our error is O(e) with high
probability.

Proposition 1.1 (Computing the largest eigenvalue). Let (¢, N) be in the scaling region. Then if H is
distributed according to any real or complex invariant or Wigner ensemble

6_1‘)\]\] — Xll(T(l))|
converges to zero in probability as N — oco. Furthermore, both
e oy = Xu(TW)], A = Xu(TW))]

converge to oo in probability for any j = j(N) < N as N — co.

4The Toda flow (1.4) also generates a completely integrable Hamiltonian system on real (not necessarily symmetric) N x N
matrices, see [Deift et al., 1985]. The Toda flow (1.4) on Hermitian matrices was first investigated by Watkins [Watkins, 1984].
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Figure 5: The simulated rescaled histogram for 7() for both BUE and GUE. Here € = 1074 and N =
500 with 250,000 samples. The solid curve is the rescaled density f5*(t) = d/dtF§*(t). The density
£P(t) = Ay A%t (L) where A% (s) is shown in [Witte et al., 2013, Figure 1]: In order to match the

scale in [Witte et al., 2013] our choice of distributions (BUE and GUE) we must take o = 277/6. This is a
numerical demonstration of Theorem 1.1.
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Figure 6: The simulated rescaled histogram for T} for both BOE and GOE demonstrating Theorem 1.1.
Here ¢ = 107 and N = 500 with 250,000 samples. The solid curve is an approximation to the density

2P (t) = d/dtFE*™P (t). We compute f£*P(¢) by smoothing the histogram for 6;2/32_2/31\7_2/3(/\]\] —AN-1)
when N = 800 with 500,000 samples.



The relation of this theorem to two-component universality is the following. Let £ = &g be the random
variable with distribution F§*(t), 8 = 1 or 2. For § = 2 IEs one can prove that®

E[TM] = /32723 N2/3(log e ! — 2/310g N)E[¢](1 + o(1)), (1.8)
Var(T(1) = nc%,/32_2/3N2/3(10g et —2/3log N)(1 +0(1)), & >0. (1.9)

By the Law of Large Numbers, if the number of samples is sufficiently large for any fixed, but sufficiently
large N, we can restate the result as

7)) _ ()
P( ()

<t |~ F§" (st +E[g]).
8 <) ~ e+ )

This is a universality theorem for the halting time T(!) as the limiting distribution does not depend on the
distribution of the individual entries of the matrix ensemble, just whether it is real or complex.

Remark 1.1. If one constructs matrices H = UAU*, A = diag(An, AN—1, ..., A1) where the joint distribu-
tion of Ay < Ao < -+ < Ay is given by

N

- He—Ngv(/\j) H |>\j _ )\n|ﬂ,

j=1 j<n

and U is distributed (independently) according to Haar measure on either the orthogonal or unitary group
then Theorem 1.1 holds for any 8 > 1. Here V should satisfy the hypotheses in Definition 1.2.

Remark 1.2. To compute the largest eigenvalue of H, one can alternatively consider the flow

X(t)=HX(t), X(0)=I[1,0,...,0 .
It follows that

[ X+ D
log——— — Ay, t—o0.
X @

So, define Tope(H) = inf {¢ : [log Lifell — Ay

show that Theorem 1.1 also holds with T replaced with Topg.

< e}. Using the proof technique we present here, one can

1.2 A numerical demonstration

We can demonstrate Theorem 1.1 numerically using the following WEs defined by letting X;; for ¢ < j be
iid with distributions:

GUE Mean zero standard complex normal.

BUE X +iY where X and Y are each the sum of independent mean zero Bernoulli random variables, i.e.
binomial random variables.

GOE Mean zero standard (real) normal.

BOE Mean zero Bernoulli random variable

5We can also prove (1.8) for 8 = 1 IEs. These proofs of these facts require an extension of the level repulsion estimates in
[Bourgade et al., 2014, Theorem 3.2] to the case ‘K = 1. When 8 = 2, again with this extension of [Bourgade et al., 2014,
Theorem 3.2] to the case ‘K = 1’, we can prove that k = Var(§). This extension is known to be true [Bourgade, 2016]. The
calculations in Table 1 below are consistent with (1.8) and (1.9) (even for WEs) and lead us to believe that (1.9) also holds for
B = 1. Note that for 8 = 2, E[¢2] < oo, but it is believed that E[¢2] = co for 8 = 1, see [Perret and Schehr, 2014]. In other
words, we face the unusual situation where the variance seems to converge, but not to the variance of the limiting distribution.



In Figure 5, for 8 = 2, we show how the histogram of T} (more precisely, T}, see (1.10) below), after
rescaling, matches the density d/dtF5™(t) which was computed numerically® in [Witte et al., 2013]. In
Figure 6, for § = 1, we show the histogram for T (again, T(l)), after rescaling, matches the density
d/dtFE*™(t). To the best of our knowledge, a computationally viable formula for d/dtFf*"(t), analogous
to d/d¢F5P(t) in [Witte et al., 2013], is not yet known and so we estimate the density d/dtFp*(t) using
Monte Carlo simulations with N large. For convenience, we choose the variance for the above ensembles so
that [ay, by] = [~2V/2,2v/2] which, in turn, implies ¢y = 273/2,

It is clear from the proof of Theorem 1.1 that the convergence of the left-hand side in (1.7) to F§*™ is
slow. In fact, we expect a rate proportional to 1/log N. This means that in order to demonstrate (1.7)
numerically with convincing accuracy one would have to consider very large values of N. In order to display
the convergence in (1.7) for more reasonable values of N, we observe, using a simple calculation, that for
any fixed vy # 0 the limiting distribution of

- - 71
71 — 7).
02‘]32—2/3N2/3(10g el —2/3log N +7)

« (1.10)

as N — oo is the same as for 7 = 0. A “good” choice for 7 is obtained in the following way. To analyze the
T™ in Sections 2 and 3 below we utilize two approximations to T, viz. T* in (2.9) and T in (3.1):

T =T+ (T —T*) 4 (T* = T).
The parameter v can be inserted into the calculation by replacing 7' with Ty

(o —4/3)log N + 2~

P, )08

where + is chosen to make

_ log N2/3(Ay — An—1) + $logun_1 — 7
AN — AN-1

T - T, , (1.11)
as small as possible. Here vy_1 and dx_1 are defined at the beginning of Section 1.4. Replacing log N2/3 (Av—
An-1) and logry in (1.11) with the expectation of their respective limiting distributions as N — oo (see
Theorem 1.3: note that vy_; is asymptotically distributed as ¢? where ¢ is Cauchy distributed) we choose
Yo = —]E(log(c%,/32_5/3£2)) + 3E[log [¢|] ~ 0.883 when 8 =2 and 7; = —E(log(c%,/32_5/3€1)) + 3Eflog [¢|] =
0.89 when 8 = 1. Figures 5 and 6 are plotted using v; and -9, respectively.

We can also examine the growth of the mean and standard deviation. We see from Table 1 using a million
samples and € = 107°, that the sample standard deviation is on the same order as the sample mean:

orw ~ (TWY ~ N?/3(loge ! —2/3log N). (1.12)

Remark 1.3. The ideas that allow us to establish (1.8) for IEs requires the convergence of

1
E . 1.1
N2B(Ay — An_1) (1.13)

For BUE, (1.13) must be infinite for all N as there is a non-zero probability that the top two eigenvalues
coincide owing to the fact that the matriz entries are discrete random variables. Nevertheless, the sample
mean and sample standard deviation of T are observed to converge, after rescaling. It is an interesting
open problem to show that convergence in (1.8) still holds in this case of discrete WEs even though (1.13)
is infinite. Specifically, the convergence in the definition of & (Definition 1.4) for discrete WEs cannot take
place in expectation. Hence TV acts as a molified version of the inverse of the top gap — it is always finite.

6Technically, the distribution of the first gap was computed , and then Fanp can be computed by a change of variables. We
thank Folkmar Bornemann for the data to plot F5°P.



N 50 100 150 200 250 300
loge™'/log N —5/3 1.28 0.833 0.631 0.506 0.418 0.352
(TWyo ) for GUE 158 1.62 159 163 16 1.58
(TW)o}) for BUE 1.6 157 16 162 1.62 1.58
(TMYo L) for GOE 0.506 0.701 0.612 0.475 0.705 0.619
(Tt)

T

TM)o ) for BOE 0.717 0.649 0.663 0.747 0.63 0.708

Table 1: A numerical demonstration of (1.12). The second row of the table confirms that (e, V) is in the
scaling region for, say, o = 1/2. The last four rows demonstrate that the ratio of the sample mean to the
sample standard deviation is order one.

1.3 Estimates from random matrix theory

We now introduce the ideas and results from random matrix theory that are needed to prove Theorem 1.1
and Proposition 1.1. Let H be an N x N Hermitian (or just real symmetric) matrix with eigenvalues
Al < Ay <--- < Ay andlet 81, s, ..., 8y denote the absolute value of the first components of the normalized
eigenvectors. The following definitions are taken from [Bourgade and Yau, 2013, Deift, 2000].

Definition 1.1 (Generalized Wigner Ensemble (WE)). A generalized Wigner matriz (ensemble) is a real
symmetric (B = 1) or Hermitian (8 = 2) matrizx H = (Hij)gj:1 such that H;; are independent random
variables for ¢ < j given by a probability measure v;; with

EH;; =0, o} :=EH}.
Nezxt, assume there is a fized constant v (independent of N,i,j) such that
P(|Hi;| > zo;;) < v texp(—aY), x> 0.
Finally, assume there exists C1,Co > 0 such that for all i, j

C C.
2 1 2 2
EU.._L W<o'7;j<W7

and for B = 2 the matriz

v E(Re Hy;)? E(Re Hi;)(Im H,;)
N E(RGH”)(IIHHIJ) IE(IrnH”)Q

has its smallest eigenvalue Amin Satisfy Amin > C1N L.

Definition 1.2 (Invariant Ensemble (IE)). Let V : R — R satisfy V € C*R), infyeg V"(z) > 0 and
V(z) > (24 0)log(1 + |z|) for sufficiently large x and some fized § > 0. Then we define an invariant
ensemble” to be the set of all N x N symmetric (3 = 1) or Hermitian (8 = 2) matrices H = (Hy;),_, with
probability density

I _nsy V(H)
—_— 2 dH
Zn.

Here dH = [[,; dH;; if B=1 and dH = [[;_, dH; [],; dRe HyydIm Hy; if B = 2.

Define the averaged empirical spectral measure

LN
pn(2) = ES ;5(/\1‘ - 2),

where the expectation is taken with respect to the given ensemble.

"This is not the most general class of V but these assumptions simplify the analysis.

10



Theorem 1.2 (Equilibrium measure, [Bourgade et al., 2014]). For any WE or IE the measure py converges
weakly to a measure i, called the equilibrium measure, which has support on a single interval [ay,by] and

has a density p that satisfies p(x) < Cuv/by — TX(—oo by () and p(x) = 23/%\/bv —z(1+ O(by — z)) as
T — bv.

With the chosen normalization for WEs, Ziil 03 =1, lay,by] = [-2,2] and ¢y = 1 [Bourgade et al., 2014].

One can vary the support as desired by shifting and scaling, H — aH + bl: the constant ¢y then changes
accordingly. When the entries of H are distributed according to a WE or an TE with high probability (see
Theorem 1.4) the top three eigenvalues are distinct and 5; # 0 for j = N, N —1, N — 2. Next, let du denote
the limiting spectral density or equilibrium measure for the ensemble as N — oo. Then define ~,, to be the
smallest value of ¢ such that

n t

N~ /_oo o

Thus {~,} represent the quantiles of the equilibrium measure.

There are four fundamental parameters involved in our calculations. First we fix 0 < ¢ < 1 once and
for all, then we fix 0 < p < 1/3, then we choose s < min{c/44,p/8} and then finally 0 < ¢ < 10/0 will be
a constant that will allow us to estimate the size of various sums. The specific meanings of the first three
parameters is given below. Also, C' will a generic constant that can depend on ¢ or p but not on s or N. We
also make statements that will be “true for N sufficiently large”. This should be taken to mean that there
exists N* = N*(u, 0, s,p) such that the statement is true for N > N*.

loge™!

log N

Definition 1.3 (Scaling region). Fiz 0 < o < 1. The scaling region for € is given by >5/340/2.

For convenience in what follows we use the notation e = N~%/2,

SO
(e, N) are in the scaling region if and only if « —10/3 > 0 > 0

and a = ay is allowed to vary with N.
Condition 1.1. For 0 <p < 1/3,

® Av_1—An—2 2 p(AN — An—1)-
Let G, denote the set of matrices that satisfy this condition.
Condition 1.2. For any fired 0 < s < min{o /44, p/8}

1. Bp < N7Y2H8/2 for alln

2. N~V2=5/2 < B, forn=N,N—1,

3. N72/3=5 < Ay — Ay < N2/3%5 forn=N,N—1, and

4. [An = Y| < N?2/3%s(min{n, N — n 4+ 1})=/3 for all n.
Let Ry s denote the set of matrices that satisfy these conditions.

Remark 1.4. It is known that the distribution (Haar measure on the unitary or orthogonal group) on the
eigenvectors for IEs depends only on 3 =1,2. And, if V(z) = 22 the IE is also a WE. Therefore, if one can
prove a general statement about the eigenvectors for WEs then it must also hold for IEs. But, it should be
noted that stronger results can be proved for the eigenvectors for IEs, see [Stam, 1982] and [Jiang, 2006] for
example.

The following theorem has it roots in the pursuit of proving universality in random matrix theory. See
[Tracy and Widom, 1994] for the seminal result when V(z) = z? and 8 = 2. Further extensions include
the works of Soshnikov [Soshnikov, 1999] and Tao and Vu [Tao and Vu, 2010] for Wigner ensembles and
[Deift and Gioev, 2007] for invariant ensembles.
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Theorem 1.3. For both IEs and WEs
NY2(1Bxl, 1Bx -1, [Br—2l)

converges jointly in distribution to (|X1|,|Xzl,|X3|) where {X1, X2, X3} are iid real (8 = 1) or complex
(B = 2) standard normal random variables. Additionally, for IEs and WEs

272N (by — An, by — An—1,by — An_2)

converges jointly in distribution to random variables (A1 g, Ao g, A3 g) which are the smallest three eigenvalues
of the so-called stochastic Airy operator. Furthermore, (A1,g, A2 g, A3 g) are distinct with probability one.

Proof. The first claim follows from [Bourgade et al., 2014, Theorem 1.2]. The second claim follows from
[Bourgade and Yau, 2013, Corollary 2.2 & Theorem 2.7]. The last claim follows from [Ramirez et al., 2011,
Theorem 1.1]. O

Definition 1.4. The distribution function F§™(t) for 8 =1,2 is given by

1 1
Fgap(t):[P<§t>zlim]P’ <t], t>o.
B Aop—Ai N—o0 63/3272/3]\[2/3()\1\7 —An_1)

Properties of G(t) := 1-Fg"(1/t), the distribution function for the first gap, are examined in [Perret and Schehr, 2014,
Witte et al., 2013, Monthus and Garel, 2013] including the behavior of Gg(t) near ¢t = 0 which is critical for
understanding which moments of F() exist.

The remaining theorems in this section are compiled from results that have been obtained recently in the
literature.

Theorem 1.4. For WEs or IEs Condition 1.2 holds with high probability as N — oo, that s, for any s > 0
P(Rys) =14 o(1),
as N — oo.

Proof. We first consider WEs. The fact that the probability of Condition 1.2.1 tends to unity follows from
[Erdés et al., 2012, Theorem 2.1] using estimates on the (1,1) entry of the Green’s function. See [Erdds, 2012,
Section 2.1] for a discussion of using these estimates. The fact that the probability of each of Condition 1.2.2-3
tends to unity follows from Theorem 1.3 using Corollary 3.1. And finally, the statement that the probability
Condition 1.2.4 tends to unity as N — oo is the statement of the rigidity of eigenvalues, the main result of
[Erd6s et al., 2012]. Following Remark 1.4, we then have that the probability of Condition 1.2.1-2 tends to
unity for IEs.
For IEs, the fact that the probability of Condition 1.2.4 tends to unity follows from [Bourgade and Yau, 2013,

Theorem 2.4]. Again, the fact that the probability of Condition 1.2.3 tends to unity follows from Theorem 1.3
using Corollary 3.2. O

Theorem 1.5. For both WEs and IEs

lim lim sup P(G% =0.
10 N—>oop ( N,p)

Proof. 1t follows from Theorem 1.3 that

limsupIE”( ?V,p) = ]\}gnoo ]P’()\N,1 —An < p()xN — )\Nfl)) = ]P)(A&B — Az’g < p(AQ’g — Alﬁ))'

N —oc0

Then

lim P(Asp — Ao p <p(A2p—A1p)) =P <ﬂ {Asp — Ao <p(Aap — Al,ﬂ)}> =P(As,p = Az p).
p>0

But from [Ramirez et al., 2011, Theorem 1.1] P(Ag g = Az 3) = 0. O

Throughout what follows we assume we are given a WE or an IE.

12



1.4 Technical lemmas
Define §; =2(Axy —Aj) and I, = {1 <n <N —-1:6,/dn_1 > 1+c} for ¢ > 0.
Lemma 1.1. Let 0 < ¢ < 10/0. Given Condition 1.2
T < N2
for N sufficiently large, where ¢ denotes the compliment relative to {1,..., N — 1}.

Proof. We use rigidity of the eigenvalues, Condition 1.2.4. So, |\, — v,| < N=2/3%5(2)~1/3 where f =
min{n, N — n + 1}. Recall

ISFC{1<n<N—-1:Ay—A < (1+)An —Av_1)}
Define
Je={1<n<N-1:yy -7 < (2+c+ () 3N/}
If n € I. then

AN = An < (14 ) N—2/3+s,
v = N2 — (y 4 () TVENT2ES) <Ay — A < (L+ o) N72/3Fs,
N = < 24 e+ ()TN,
and hence n € J.. Then compute the asymptotic size of the set J. let n* be the smallest element of J..
Then |J*| = N —n* so that
n* Yn* oS
n :/ du, | < || = N —n* :N/ dp.

The using Definition 1.2, vy = by and nx > by — (24 ¢+ (2) V3N =2/3+5 > by, — (3 + ¢)N~2/3+5 to see

2C
Vby —zdr = TN(?) + ¢)3/2N3s/2,

[e%s) by
|I§|§N/ dp < CuN
n* by —(3+c)N—2/3+s
and then because o is fixed hence ¢ has an upper bound and s > 0, |I¢| < N?¢ for sufficiently large N. [

We use the notation v, = 32/8% and note that for a matrix in Ry, s we have v, < N2* and 3, v, = By° <
N5, One of the main tasks that will follow is estimating the following sums.

Lemma 1.2. Given Condition 1.2, 0 < ¢ < 10/0 and j < 3 there exists an absolute constant C' such that

N-1
N72S(55\,7167§N71t < Z I/n(szlef(;nt < Ce*fsN—lt (N485g\7,1 + N1+sefc§N,1t> 7
n=1
for N sufficiently large.
Proof. For j <3
N-1
Z Vnéfle*‘s"t = Z + Z l/néﬁle*&”t
n=1 n€l., nelg
< Z V(14 c)jéf\,_le_‘sN‘lt + 27 Z Up| A1 — Ay [fe(Fe)on—at,
nele nel.
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It also follows that Ay — A1 < by — ay + 1 so that by Lemma 1.1 for sufficiently large N

N-1
Z V,L5£e_5”t < Qe On-1t (N4s5fv_1 + N1+se_c‘;N—1t) .

n=1
To find a lower bound, we just keep the first term, as that should be the largest

N-1
E Updle 0t > py (6% e 0Nt > N7 e ot

n=1

2 Estimates for the Toda algorithm

Remarkably, (1.4) can be solved explicitly by a QR factorization procedure, see for example [Symes, 1982].
For X (0) = H we have for t >0

where @ is orthogonal (8 = 1) or unitary (8 = 2) and R has positive diagonal entries. This QR factorization
for e'f is unique: Note that Q(t) is obtained by apply Gram—Schmidt to the columns of e/, We claim that
X(t) = Q*(t)HQ(t) is the solution of (1.4). Indeed, by differentiating, we obtain

He'' = HQ(t)R(t) = Q()R(t) + Q(t)R(t),
X(t) = Q*()Qt) + ROR(1). (2.1)

Then because R(t)R™(t) is upper triangular

Furthermore, from Q*(t)Q(t) = I we have Q*(H)Q(t) = —Q*()Q(t) so that Q*(t)Q(t) is skew Hermitian.
Thus, B(X (1)) = Q*(t)Q(t) — [Q*(t)Q(t)]p, where []p gives the diagonal part of the matrix. However, as
Q*(t)Q(t) is skew Hermitian [Q*(t)Q(t)]p is purely imaginary. On the other hand, we see from (2.1) that

the diagonal is real. It follows that [Q*(¢)Q(¢)]p = 0 and B(X(t)) = Q*(t)Q(t). Using (1.4) we have
X(t) = Q"(HQ(t) + Q" () HQ(t),

and so

When ¢t = 0, @Q(0) = I so that X(0) = H and by uniqueness for ODEs this shows X (¢) is indeed the solution
of (1.4).

As the eigenvalues of X (0) = H are not necessarily simple (indeed for BOE there is a non-zero probability
for a matrix to have repeated eigenvalues), it is not clear a priori that the eigenvectors of X (¢) can be chosen
to be smooth functions of t. However, for the case at hand we can proceed in the following way. For
X(0) = H there exists a (not necessarily unique) unitary matrix U such that X (0) = UgAUg where
A = diag(An, ..., A1). Then X(t) = Q*(t)HQ(t) = U(t)AU*(t) where U(t) = Q*(t)Up. Then the jth
column u,;(t) of U(t) is a smooth eigenvector of X (¢) corresponding to eigenvalue );. From the eigenvalue
equation

(X(t) = Aj)u;(t) =0,
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we obtain (following Moser [Moser, 1975])

X (8)u; () + (X (1) = Aj)ity (t) = 0,
(X(@®)B(X (1)) = BX(8)) X (8))u;(t) + (X () Aj)ug(t) =0,
(X () = Aj)[a; () + BX())u; ()] =

This last equation implies 4;(t) + B(X(¢))u; must be a (p0581bly time-dependent) linear combination of
the eigenvectors corresponding to ;. Let U;(t) = [uj, (t),...,u;, (t)] be eigenvectors corresponding to a
repeated eigenvalue \; so that fori =1,...,m

r‘.IJJz( )+ B(X ujz Z dyi(t u]k
and so
45+ BOCO)| 00 = U0D0, D) = (G0 22)

Note that U7 (t)U;(t) = Im, the m x m identity matrix. Then multiplying (2.2) on the left by U7 (¢) and
then multiplying the conjugate transpose of (2.2) on the right by U;(¢), we obtain

U; ()U;(t) + U5 () B(X(8))U;(t) = D(t),
U; ()U;(t) + U (4)[B(X ()] U;(t) = D*

Because d/dt[U;(t)U;(t)] = 0 and B(X(t)) is skew Hermitian, the addition of these two equations gives
D(t) = —D*(t). Let S(t) be the solution of S(t) = —D(t)S(t) with S(0) = I,,. Then d/dt[S*(t)S(t)] =
—S*(t)D(t)S(t) + S*(t)D(t)S(t) = 0 and hence S*(¢)S(t) = C = L, i.e., S(t) is unitary. In particular,
U, (t) := U;(t)S(t) has orthonormal columns and we find

|45+ BOKO)| 530 = U0DOS0 - GODOS() =

We see that a smooth normalization for the eigenvectors of X (t) can always be chosen so that D(t) = 0.
Without loss of generality, we can assume that U(t) solves (2.2) with D(t) = 0. Then for U(t) = (Uy;(t))1;—,

Urj(t) = —ei B(X (1)u;(t) = (B(X(T))er) uj(t) = (X(H)er — Xi1(t)er) (1)
= e1(X (1) = Xu(®)u; () = (A = Xa1(8))Un; (1)

A direct calculation using
N
Xu(t) = efX(ter = > AU (1),
j=1
shows that

. )\jt
Uy, (t) = Uy (0)e 1<j<N.

1/2°
(Z |U1] |2 2)\; t)

Also

Xyr(t Z)\ U7 () Uk; (2),

j=1
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and hence

N

N
STIX®P =) Xie(O)Xpa () = [X2(0)]11 — X7, (t)
k=2

k=2

N N 2 N
=Y MU - ( )\k|U1k(t)|2> = (= Xu(0)?|U (1)
k

k=1 =1 k=1
Thus
N N
B(t) =Y | X = > _ (A — X11()*|Us; ().
k=2 j=1
We also note that
N
Av = X11(t) =D (Av = AU, ()]
j=1

From these calculations, if Uy;(0) # 0, it follows that

X”%)(t; AN, 0, N — .
While X11(t) — An is of course the true error in computing Ay we use E(t) to determine a convergence
criterion as it is easily observable: Indeed, as noted above, if E(t) < € then |X11(¢) — Aj| < ¢, for some j.
With high probability, A; = An.

Note that, in particular, from the above formulae, E(t) and Ay — X11(t) depend only on the eigenvalues
and the moduli of the first components of the eigenvectors of X (0) = H. This fact is critical to our analysis.
With the notation 3; = |Uq,(0)| we have that

ﬁje)‘jt

N 1/2°
(Z ﬁ262)\"t>
n=1

[Ur;(t)] =

A direct calculation shows that

E(t) = Eo(t) + Ey (1),

where
N-1
1 Y Snvnet
Eo(t) = - —"=2 .
o(t) 4 N-1 2
<1 + Vne‘;"t>
n=1
N—1 N—1 N—1 2
(Z )\flune_‘s"t> <Z Vne_5’Lt> — (Z Anyne_5”t>
El (t) — n=1 n=1 n=1

N-1 2
(1 +> I/ne_‘s"'t>
n=1

Note that Eq(t) > 0 by the Cauchy—Schwarz inequality; of course, Ey(t) is trivially positive. It follows that
E(t) is small if and only if both Ey(t) and E;(t) are small, a fact that is extremely useful in our analysis.
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In terms of the probability pn measure on {1,2,..., N} defined by

N -1
pn(E) = (Z z/ne‘s"t> Z vpe Ot

n=1 neklk
and a function A(j) = A;
E(t) = Var,, (A).

We will also use the alternate expression

N-1
Vp€ Ont
n=1
By(t) = | =S | Var,, (V. (2.3)
1+ Vpe Ont
n=1
Additionally,
N
26 62e2>\nt
1 n=1 "
Ay = Xu(t) = 5" (2.4)
14 Z B2 e?Ant
n=1

2.1 The halting time and its approximation
Here we present a list of useful inequalities and definitions that are used extensively throughout what follows:
1. 0 <o <1 is fixed,
2. 0<p<1/3,
3. a>10/3+ 0,
4. s <min{o/44,p/8},

o

a—4/3—ns>2ifn <44,

¢ < 10/0 can be chosen for convenience line by line when estimating sums with Lemma 1.2,
O0n =2(AN — An),

vn = Ba /B3

given Condition 1.2

© o N o

° 2N—2/3—s <Odn_1 < 2]\]—2/3+s7
e N728 <y, < N%,

j N
o Zyn < Zyn:ﬂ]f < N'*s for 1 <j < N, and
n=1 n=1

10. C > 0 is a generic constant.

Definition 2.1. The halting time (or the 1-deflation time) for the Toda lattice (compare with (1.6)) is
defined to be

TW = inf{t : E(t) < }.
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We find bounds on the halting time.
Lemma 2.1. Given Condition 1.2, the halting time T for the Toda lattice satisfies
(v —4/3 —5s)log N/ony_1 < TW < (a —4/3+ 7s)log N/6n_1,
for sufficiently large N.

Proof. We use that E(t) > Ey(t) so if Eg(t) > N~ then T() > t. First, we show that Ey(t) > €2,
0 <t < o/2logN/onx_1 and sufficiently large N and then we use this to show that Eg(t) > €2, t <
(o —4/3 — 5s)log N/dn—1 and sufficiently large N.

Indeed, assume t = alog N/dy—1 for 0 < a < /2. Using Lemma 1.2

N-1
1+ Z Upe Ont <14 Ce V-1t (N** + N”Sefc‘s’vflt) . (2.5)

n=1

Then using Lemma 1.2 we have

Ey(t) = N™2963_070N 18 (14 Ce vt (N4 4 N1Hsemeon-at)) ™2,
Since a < ¢/2 and we find

Eo(t) > N—4s—4/3—a/2 (1 + C(N4s + N1+S))*2 > CN_SS_IO/?)_U/Q,

for some new constant C' > 0. This last inequality follows because N** < Nt ags s < 1 /44 (see Condi-
tion 1.2). But then from Definition 1.3 this right-hand side is larger than €2 = N~ for sufficiently large N.
Now, assume t = alog N/dn_1 for 0/2 < a < (¢ —4/3—5s)log N/ON — 1. We choose ¢ = 2(2+s)/0 < 10/c

1 p—
Eo(t) = ZN*‘*S*‘*/H (14 C(N*—o 4 Nits—ea)) ™2
> N7a+s(1+C<N4sfa/2+N71)) S N~

for sufficiently large N. Here we used that s < o/44. This shows (o —4/3 — 5s)log N/6y_1 < T for N
sufficiently large.

Now, we work on the upper bound. Let ¢t = alog N/dny_1 for a > (o — 4/3 4+ 7s) and we find using
Lemma 1.2

EO(t) S CN™¢ (N74/3+65 + N1+sfca) )
Then using the minimum value for a
Eo(t) < N~ ¢ (C(N—s + CN1+7S—ca+4/3)> )

It follows from Definition 1.3 that a > 10/3+ 0 —4/3 + 7s > 2. If we set ¢ = 2 and use s < 1/44 then
1+7s—ca+4/3<-3+4/3+7s< -2

Eo(t) <N *(C(N"*+CN7?) <CN~“*

for sufficiently large N.
Next, we must estimate E1(t) when a > (a—4/3+7s). We use (2.3) and Vary_1(A\) < C. Then by (2.5)

Ei(t) < ON—20(N* 4 N1+s—cay2,
Again, using ¢ = 1 and the fact that a > 2 we have

Ei(t) < CN—aNSs—at8/3-l4s < oy—ay—a+8/3 < Ny~ (2.6)
for N sufficiently large. This shows T < (a — 4/3 + 7s)log N/dy_; for sufficiently large N as E(t) =
Eo(t) + E1(t) < e?if t < (a« —4/3 + 7s)log N/6y—_1 and N is sufficiently large. O
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In light of this lemma we define
In=[(e—4/3—5s)log N/on_1,(ac —4/3 + Ts)log N/On_1].
Next, we estimate the derivative of Ey(t). We find

N-1 N-1 N-1 N-1
— <Z 621/ne_5"t> (1 + Z une_‘s"t> + 2 (Z 6,2Lune_5”t> (Z 6nune_6"t>
n=1 n=1 n=1 n=1
N-1 3 ’
<1 + Z une‘s"t>
n=1

Lemma 2.2. Given Condition 1.2 and t € I,
7E6(t) > CN71287Q72/3,

(2.7)

Ey(t) =

for sufficiently large N .

Proof. We use (2.7). The denominator is bounded below by unity so we estimate the numerator. By
Lemma 1.2

N-1 N-1 N-1
E 5iyne*5"t 1+ Z vpe ot > Z §iyne*5"t > N*QSd?V_le*‘sN*lt.
n=1 n=1 n=1

Fort eI,
N—2$6§3v71€—6N,1t > N—128—2/3—Oé-

Next, again by Lemma 1.2

N—-1 N—-1
(Z 5n1/n65"t> (Z (531/neént> < 067251\1,115 (N45612V_1 +N86766N71t) (N455N—1 +N1+S€‘766N’1t) )
n=1

n=1

Then estimate with ¢ = 2,
N456]2V71 +NSe*C5N—1t < 4N6574/3 _’_st4 < CN6874/37
N4S6N_1 _|_Nse—c5N_1t < 2N4s—2/3 —|—NS_4 < CN4S_2/3,

where we used ¢t > 2log N/dy_; and s < 1/44. Further, e 2081t < N—aN8/3-at+l0s < N—a=2/3=0+10s g
s < 0/44. Then

_Ey(t) > N-125-2/3-a _ oy-a-2/3-0+10s
provided that this is positive. Indeed,
_Ey(t) > N™12s72/3=a(] _ ON—0+225) >
for N sufficiently large as s < o/44. O

Now we look at the leading-order behavior of Fy(t):

N—-2
Oy RS

1 2 —O0N—1t n=1 5]2\]_1 VN-1
Eo(t) = Zdelnyle N1 3 (28)
(1 +) une—W)
n=1
Define T by
1 .
ZdjzvflVN,le_‘;N*T =N"¢,
T*:alogN+2log5N,1+loguN,1—210g2. (2.9)

ON_1
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| |
> i
to =~ T*/ T(l)/ t1

Figure 7: A schematic for the relationship between the functions Ey(t), E(t) and the times T(}) and T*.
Here tg = (o« —4/3 — 5s)log N/on_1 and t; = (a —4/3 + 7s)log N/oy_1. Note that Ey is monotone on
[to, t1].

Lemma 2.3. Given Condition 1.2
(a—4/3 —4s)log N/oy_1 <T* < (a—4/3+4s)log N/dn_1.
Proof. This follows immediately from the statements
N72% <yy_y < N5,
AN T2/378 <Gy_q < 2N/
O

Thus, given Condition 1.2, T* € I,. The quantity that we want to estimate is N_2/3|T —T*|. And we
do this by considering the formula

Eo(TW) — Eo(T*) = Ey(n)(T™ —T*),  for some n € 1.
And because Ey is monotone in I, Eo(T™M) = B(TW) — By (TM) = N—* — E;(T™) we have

N~ — By(T%) ~ Ey(TD)| _ [N~ — By(T*)] + masyer, |Ey(n)

T -1 < . < .y
E E
min | Eo ()] min | £ ()|

(2.10)

See Figure 7 for a schematic of Eg, E,T(" and T*.
Since we already have an adequate estimate on F1(T) in (2.6), it remains to estimate |[N~% — Eo(T™)].

Lemma 2.4. Given Conditions 1.1 and 1.2
|E0(T*) _ N—a| < CN—a—2p+4s.
Proof. From (2.8) and (2.9) we obtain

|Eo(T) ~ N~°| = N~©



We estimate the terms in the numerator individually using the bounds on 7*. For ¢ = 1, we use that
a—4/3 —4s > 2 and Lemma 1.2 to find

N-1
Z Vne—énT* < CN—a+4/3+4s (N4s +N1+s—20) < CN—2—0+8$ < N—2

n=1

for sufficiently large N. Then we consider the first term the numerator using the index set /. and Condi-
tion 1.1. Since our sum is now up to N —2 we define I. = I.N{1,..., N —2} and I¢ to denote the compliment
relative to {1,..., N — 2}. Continuing,

:NE o= (Bn—0n-1)T" _ Z Z

1VN 1 1VN 1
For n € I¢, 62/6%_, < (1+¢)? and

e —(6p—0Nn—-1)T"

nGIC nGI

On —On—1=2(AN—1— An) > 2(AN—1 — An—2) > pOn-_1,
using Condition 1.1. On the other hand for n € I., 6, > (1+¢)dn—1,and if c=3
Op —ON—1>cOn_1 =pOn—1+ (¢ —D)ON—1 = PON—_1+ 20N_1,
as p < 1/3 and hence ¢ > 2 4 p. Using Lemma 1.1 to estimate |I¢|

_(671_6N 1)T (1+c)2N4se—p5N,1T*7

(5 l/N 1
nEIC N-1
§ 6 (6 L—5N71)T* S [maX 6”21]N7/3+3Se—(p+2)6N71T*.
UN— 1 n
nel. N-1

Given Condition 1.2 [max, 62] < 4(by — ay + 1)? and hence for some C' > 0, using that o — 4/3 — 45 > 2
UT*) < CemP=T" (VA 4 NT/3+3sgm20naT")
< ON-Pla—1/3-15) (is | NT/3+8s—2(a—4/3-45))
< ON-P@—4/3-45) (s | N—5/3+35)
< CN—2p+4s(1 _|_N—5/3—5).

Thus
(T*) < CN—2His,
From this it follows that

|E0(T*) _ N7a| < CN7a72p+4s.

Lemma 2.5. Given Conditions 1.1 and 1.2, 0 and p fized and s < min{o/44,p/8}
N72BITMW —T*| < ON=2PF105 0, s N — oc.
Proof. Combining Lemmas 2.2 and 2.4 with (2.6) and (2.10) we have for sufficiently large N

N—2/3|T(1) T < O N~—2/3 Not12s+2/3 (N—a—2p+4s + N—aN—a+8/3) <C (N—2p+165 + N_2/3+12S) :

where we used o — 8/3 > 2/3. Since p < 1/3 the right-hand side is bounded by C'N~2P+16s which goes to
zero as N — oo provided that s < p/8. O
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From (2.4), we have

Z Onne ! N-1
— 1
=1 5n
AN — X1 ()| = 5 S <3 dnme """
1+ Z vpe Ont n=t
n=1

Lemma 2.6. Given Condition 1.2, o and p fized and s < min{c/44,p/8}
e YAy — X1 (TW)] = N2 \y — X1 (TW)| < ON7?
for sufficiently large N.
Proof. We use Lemma 1.2 with ¢ = 1. By 2.1 we have
My — X11(TW)| < CN—a+/3+5s (N =2/3+5s | =14y < oy—a/2 -1

because o — 4/3 — 5s > 2.

3 Adding probability

We now use the probabilistic facts about Conditions 1.2 and 1.1 as stated in Theorems 1.4 and 1.5 to
understand T and T* as random variables.

Lemma 3.1. For a« > 10/3+4+ 0 and o >0
T — 7|
N2/3
converges to zero in probability as N — oo.

Proof. Let n > 0. Then

T —T* T —T* T —T* . .
P(| N2/3 | >77> :P(| N2/3 | >777GN’meN’5) +]P)<]V2/3>'I’], N,pURN,s>'

If s satisfies the hypotheses in Lemma 2.5, s < min{c /44, p/8}, then on the set Gn ,NRy s, N~2/3|T—T*| < 1
for N sufficiently large, and hence

70 — 77|
(]\72/3 >77,GN,meN75 4)07
as N — oco. We then estimate
|T(1) — T . . . .
( N2/3 > 1, N,pURN,S SP( N,p)+P( N,s)7

and by Theorem 1.4

. T 7] |

1 Pl——srn— >1nG%, URS <1 P(G% ).

ljf,n_fgop ( N2/3 M, GNp N | = lzfrn_?gop (Gy,p)

This is true for any 0 < p < 1/3 and we use Theorem 1.5. So, as p | 0, we find

o (TO=T Y
i # (g =) <o
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Define

7 (a—4/3)logN'
ON-1

We need the following simple lemmas in what follows

Lemma 3.2. If Xny—X in distribution® as N — oo then
P(|Xn/an| <1)=140(1)
as N — oo provided that ay — 0.
Proof. For two points of continuity a,b of F(t) = P(X < t) we have
Pla< Xy <b) = Pla< X <b).
Let M > 0 such that £M is a point of continuity of F'. Then for sufficiently large N, ay > M and

liminf P(—any < Xy < an) > lgninf]P’(—M <XN<M)=P(-M <X <M).
—00

N—o0
Letting M — oo we see that P(—ay < Xy <any)=1+0(1) as N — oc. O
Letting ay — nan, n > 0, we see that the following is true.

Corollary 3.1. If Xny—X in distribution as N — oo then
| Xn/an]
converges to zero in probability provided any — 0.

Lemma 3.3. If as N — oo, Xy — X in distribution and | Xy — Yn| — 0 in probability then Yy — X in
distribution.

Proof. Let ¢ be a point of continuity for P(X < ¢), then for n > 0
PYy <t)=P(Yny <t, Xy <t+n)+PY¥Yny<t,Xy>t+0n)

<P(Xny <t+n)+PYy—Xny<t—Xn,t—Xny<-—7)
<SP(Xy <t+n)+P(|Yy — Xn|>n).
Interchanging the roles of X and Yy and replacing ¢ with ¢t — 7 we find
P(Xy <t—n) <P(Yn <t)+P(|Yv —Xn|>n) <P(Xy <t+n)+2P(|Yny — Xn| > 7).
From this we find that for any 7 such that ¢ + n are points of continuity

PX<t—n) < l}éninf]P’(YN <t) <limsupP(Yy <t) <P(X <t+n).
—o0

N—oo
By sending 7 | 0 the result follows. O
Now, we compare T to T.
Lemma 3.4. For a > 10/3 + 0
T~ 1T
N2/31log N

converges to zero in probability as N — co.

8For convergence in distribution, we require that the limiting random variable X satisfies P(|X| < oo) = 1.
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Proof. Consider

T - T 1 logvn_1 + 2log N2/35n_4
N2/3logN  logN N2/3§5_4
1 1 2 1
= N2/3§y_q|7 1 —1 _ — —  _1og N?/3§y5_1 ).
Viog N ((10gN)1/4| Nl (log N)1/4 ogVN-—1+ (log N)1/4 8 Nt
For

1 2/3 —1
Ly = { gVl <1},

1
UN: 1/4|log1/N_1§1},

{(logN)

1
Py={——+
N {<1ogN>1/4

we have P(L%;) + P(US) + P(PS) — 0 as N — oo by Lemma 3.2 and Theorem 1.3. For these calculations
it is important that the limiting distribution function for N2/3§x_; is continous at zero, see Theorem 1.3.

Then for n > 0
T —T T —T
Pl|—or— =P||——r
<|N2/3 logN‘ ” 77) <|N2/3 log N

+P -7
N2/31log N

[log N*/365 4| < 1}7

>77,LNﬂUNﬂPN>

>n,L?VUUfVUP]f,>.

On the set Ly NUyn N Py we estimate

T -T |_ 3
N2/3log N |~ /logN~

Hence first term on the right-hand side of (3.2) is zero for sufficiently large N and the second term is bounded
by P(U%) + P(LS) + P(Pg5) which tends to zero. This shows convergence in probability. O

We now arrive at our main result.

Theorem 3.1. If &« > 10/3+ o and o > 0 then

92/3(1)
lim P | —7 <t | =F§P().
N=oo \ ¢f*(ae— 4/3)N?/3log N

Proof. Combining Lemma 3.1 and Lemma 3.4 we have that

22/3

T T
c%//s(a —4/3)N2/31og N

converges to zero in probability. Then by Lemma 3.3 and Theorem 1.3 the result follows as

22/3T _
lim P | 7 = lim P(c,”/*223N"23 0y — Ay_1)7h < 8) = FEP(1).
N—o0 ey (a _ 4/3)]\/'2/3 log N N—o0

We also prove a result concerning the true error Ay — Xq1(TM)]:
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Proposition 3.1. For a« > 10/3+ 0 and o > 0 and any g < 1
N2\ — X (TD)]
converges to zero in probability as N — co. Furthermore, for any r > 0
N34Ty = X (TW)], N3N — X4 (TW),
converges to oo in probability, if j = j(N) < N.
Proof. We recall that Ry, is the set on which Condition 1.2 holds. Then for any n > 0
P(N/2* Ay — X10(TM)] > n)

=P(N*?T\y — X11(TW)| > n, Ry,s) + (N2 Ay — X1 (TM)| > n, RY )
< P(N*?H Ay — X11(TM)] > 0, Ry.s) + P(RYy )

Using Lemma 2.6, the first term on the right-hand side is zero for sufficiently large N and the second term
vanishes from Theorem 1.4. This shows the first statement, i.e.,

lim P(N?9 Ay — X11(TW)]| > n) = 0.

N—o00

For the second statement, on the set Ry s with s < min{r,o/44,p/8} we have
Aj = Xu(TO)] = Ay = Av| = Av = X (TD)] > Anv-1 = An| = Ay = Xu (TD)),
and for sufficiently large N (see Lemma 2.6)
N3N = X (TW)] = NT (N2 Aoy — Ay| = N7Y370/2) > N7=5(1 — CN~1/370/2Fs),
This tends to oo as s < 1/3 and s < r. Hence for any K > 0, again using the arguments of Theorem 3.1,
P <N2/3+T|Aj — X1 (TW)] > K)
—P (N2/3+T|Aj ~ X1 (TW)| > K, RN,S) TP (N2/3+T|Aj ~ Xu(TW)| > K, R§V7S> .

For sufficiently large N, the first term on the right-hand side is equal to P(Ry ) and the second term is
bounded by P(R} ;) and hence

Jim P (N2/3+T\Aj — X1 (TW)] > K) =1
Next, under the same assumption (Condition 1.2)
N34 by — Xy (TW)] = N (N?B|by — Ay| — CN7V/370/2),
From Corollary 3.1 and Theorem 1.3 using vy = by
N7T(N?3|by — Ay| — ON~1/3=a/2)-1
converges to zero in probability (with no point mass at zero), implying its inverse converges to oo in proba-
bility. This shows N|by — X11(T™)| converges to oo in probability. O
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