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1 Masters Work

1.1 Introduction

We begin with the Anderson Model, which is a model that explains the quantum mechan-
ical effects of impurities in crystalline structures like salt. The most famous phenomenon
which arose for this model was Anderson Localization, that is, that the impurities in the
structure suppress electron transport. Shortly after this discovery, the mathematical world
became increasingly interested in modeling this situation and the Anderson Model we used
here was created. In this model, one can state and prove Anderson Localization as a the-
orem. One of the biggest pieces of this proof is the Wegner Estimate. We use the Lattice
7% to represent atoms, and our electron transfer through impurity will be represented by
random perturbations of the discrete Laplacian on ¢2(Z4).

To begin our investigations into the Wegner Estimate, we fix a box A C Z¢ so that |A] is
finite. Throughout this section, we will denote n = |A| (Later we will introduce a function
n(E), which will be different). We define Hy on £2(A) as

Hof(k)= > f(m)

|m—k|=1

This operator Hy is a bounded self-adjoint operator, with its spectrum o(Hy) = [—2d, 2d].

We want to study a perturbation of this operator Hy by a random potential. Let {w; };7‘:1
be independent identically distributed (i.i.d.) real random variables with probability mea-
sure du(w) = p(w)dw, where p € L°(R). We define

dPp = ﬁ dp
j=1

Where a random variable X : Qp — R where (2, is the Cartesian Product of the probability
spaces for . Then for any subset A C Q25 we have

PAC) = [ xa(w) difer) . di(en)

and

Ea[X] = ; X(w) dp(wr) - . - du(wn)

For the rest of this paper, we will remove the A for brevity.
Now, we can define the operator

H) = Ho +V,

where

Vo= willy =) wi(d),)4;
j=1 j=1
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where II; is the single site projection onto j. As an example of this we have that in the
case where d = 1, H® can be written as a matrix as

wp 1 O

H)) =

w

1

O 1 w,

For d > 1, the matrix representation becomes a banded matrix dependent on the choice of
ordering of the vertices in A. In all dimensions, w;’s will only appear on the main diagonal.

1.2 The Wegner Estimate

For this section, E is the expectation for the ensemble w. We can now ask the following
question: What is the probability that an eigenvalue of H2 is in an interval I? Our goal
is to eventually prove the following estimate, known as the Wegner Estimate:

Theorem 1.2.1. [9] P{At least one eigenvalue of HY is in I} < ||p||o|I]|A]

But first we need to develop the machinery needed to quantify this result mathemat-
ically. We denote the spectral projector of H2 onto the interval I as PM1I) = x(HD).
With this we can now reduce our problem to calculating the TrP2(I) and this is now a
discrete random variable that counts the number of eigenvalues of H2 in I. Hence, we
can rephrase the statement of Theorem 1.2.1 as

P{Tr(P}(I)) 2 1} < |lpllso Z|A]

Immediately applying Chebyschev’s inequality which states for a random variable X and
a € R, that

P{X > a) < éE[X].
We apply this to X = Tr(P)) to get
P{Tr(P}(I)) > 1} < E[Tr(P}(I))]

We can immediately begin analyzing this expectation, by expanding the trace in orthonor-
mal basis {d;}7_; in 2(A):

n

TrPX(I) = (8;, PX(1)d;)

j=1
So using linearity of expectation we have
E[Tr(PS ()] = EY_ (65, PX(1)d;)] = > E[(8;, P2(1)3;)] (1.1)
j=1 j=1

To bound each term in the series we will need the fundamental spectral averaging estimate.
Let wj»- be the set of all random variables that are not w;. Then we can write

HA = H,,i + wjll;



1.2 The Wegner Estimate

for all j = 1...n. Note that w;II; is a rank-one projection onto the subspace spanned by
;. The following result of Combes, Germinet, and Klein can be found in [2].

Theorem 1.2.2. (Fundamental Spectral Averaging Estimate) Let ¢ be a vector in a sep-
arable Hilbert space H, and consider Hy = Hy + slly where 11y is the projector onto the
subspace spanned by ¢. Then

E[(¢, Ps(1)¢)] := /du(S)(cb, Ps(D)¢) <|lpllool]

Before we prove this theorem we will need to state the important result which will allow
us to bound the above integral easily, which is known as Stone’s Formula. More details
can be found in [8].

Theorem 1.2.3. Let H be an operator and let P([a,b]) and P((a,b)) be spectral projectors
for H onto their respective intervals. Then

If a and b are not eigenvalues of H, then we have that

P((a, b)) = 3[P([a,8)) + P((a, )]

For the remainder of this paper, we will use Ry (z) = ﬁ which is called the Resolvent
for H. Thus in Theorem 1.2.3, the integrand can be rewritten as Ry (E +ic) — Ry (E —ic).
This notation immediately allows us to simplify writing the calculation in the lemma below.

Lemma 1. Let Hy be a self adjoint operator, and Hy = Ho + slly, with 11 the same as
Theorem 1.2.2. Then if we denote Ry and Ry as the resolvents of Hy and Hy respectively,

we have
(6, Ro(2)9)
1+ s(¢, Ro(2)®)

Proof. We begin with our second resolvent identity:

(¢, Rs(2)0)

Ro(z) — Rs(2) = Ro(2)(Ho — (Ho + sIly)) Rs(2) = —Ro(2)(sIlg) Rs(2)
So from this we can now use the fact that Il is a rank one projection, and we see that
sllg(-) = s(¢, )¢

So we can now multiply both sides by ¢ and take the inner product of ¢ with both to yield

(9, (Ro(2))9) — (¢, (Rs(2))9) = — (¢, Ro(2)(s(, Rs(2)9))9)) = —5(¢, Ro(2)0) (b, Rs(2)0)

and then you solve for (¢, Rs(z)¢) to get

B (¢, Ro(2))
(¢, Rs(2)) = 1+ s(¢, Ro(2)o)

We now have enough to prove Theorem 1.2.2.
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Proof. (Theorem 2.2) We choose an interval I = [a, b] so that neither a or b are eigenvalues
of Hy = Hy + sIly. Then we begin analyzing

/R dyu(s)(, Pu(1)9)

And we plug in Stone’s Formula for Ps(I) to get

1 1 1
o Rd“(s)/,dE<¢’ (HS—E—ie _HS—E+1'5>¢> (13)

We first combine the two resolvents together to get that

1 1 2ie
_ _ i g (B4
H,—E—ic H,_E+tic (H,—E2+e m((¢, Rs(E + ig)9))

Plugging this into (1.3) we have

1

Liim [ du(s) / dE Tm((6, Ro(E +i2)$)) (1.4)
m™e—=0 Jp I

Now we apply Lemma 1 to (¢, Rs(E + i€)¢) to expand our integrand as

&, Ro(E +ig)e)
(&, Bs(E +ic)¢) = 5 n S<¢,ORO(E +ig)¢)

Multiplying the numerator and denominator by ({¢, Ro(E +ig)$))~! = x + iy we see that

we get
1

(x+1y) + s
Plugging this into Equation (1.4) and swapping the order of integration we get

(¢, Rs(E +ie)¢) =

1 1 1
= lim dE/ du(s) Im| —— ) = = lim dE/ du(s) S —
Te=0 J; R T+iy+s me—0 Jp R (x +s)%2+y?

Looking at only the integral over s and simplifying using the fact that p(s) € L>®(R) we

get:
o0
X
)\ — llplloc -
— 00

Y Y s+
s)ds——5—— < —— = -arctan
[ oteis S <Nl [ o s = e -avctan

Therefore we compute the limit as ¢ — 0 to get

E[(¢, P.(1))] < |[pllo /I dE < ||pllsol]

which completes the proof. O

So we can now apply Spectral Averaging term by term in our trace expansion in (1.1).
To do this for our setup we have s = w;, and ¢ = §;. We now can also use our measure
du(w) = dun(w) = [[j=; du(w;), since our measure is now a product measure over the
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sites 7. Then we can apply the spectral averaging result term by term to give

E[TrP}(I)] < ZE{<5J,TTPQ(I)5;‘>} < lpllselZl = llplloo [ AlIT|
=1 j=1

1.3 The Minami Estimate

We now rephrase our original question but with the natural extension of asking the same
question about two eigenvalues in the interval I. More on this section can be found in [3].
The result we prove is known as the Minami Estimate

Theorem 1.3.1. [7] P{At least two eigenvalues of H are in I} < (||p|oo]I||A])?

This theorem is significant because the probability that two eigenvalues are in the same
interval, is bounded by the probability you would get if the eigenvalues were independent.
To prove this we use a similar idea to section 1 but we first need a lemma about proba-
bilities.

Lemma 2. Let X be a discrete random variable. Then P(X > 2) <E{X(X — 1)}

Proof. We begin with
P(X >2) <> P(X > )
Jj=2

We can expand this out further and see that

P(X =2)+ P(X =3)+ P(X =4)
Y P(X >j) = P(X =3)+ P(X =4)
§>2 P(X =4)

In which we see that for each term P(X = j) shows up j — 1 times, and hence we get

STPX ) =D G- DPX =) <Y (- 1)P(X =j) = E{X(X — 1)}

Jj>2 Jj=2 Jj>2
which is what we wanted to show. O

Hence we can now look at our problem with X = T7(P2) and see that we need to
bound
E{Tr(P;)(Tr(P) - 1)} (1.5)

We now state two more Lemmas that are needed to apply spectral averaging and Wegner
to Equation 1.5

Lemma 3. Let H; = Hy + sW, Py(J) = xj(Hs) and suppose that T'r Ps((—oo,c]) < oo
forallc e R and s > 0. Then for alla < b and 0 < s <t we have

TrPs((a,b])) < TrPy((—o0,b]) — TrP((—o0,b]) + TrP:((a, b))
And as a consequence we have
Lemma 4. Suppose that W = 11 is the rank one projector onto ¢. Then

TrPs((a,b]) <14 TrP:((a,b))
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Proof. Let 0 < s <t Then for any ¢ € R we have
0 < TrPs((—o0,c]) — Tr(Pi(—o0,c]) <1

where the last inequality is the min-max principle for rank one perturbations and then
apply the previous Lemma ]

Here we will only apply Lemma 4 because our Hfu\ is Hy plus a sum of rank one pertur-
bations. To prove Theorem 1.3.1 we only need one more thing needed to apply Lemma
4. For each fixed j, we can suppose that supp p C [0, M]. Then we let wjl be the set of
random variables that are not w;. So we let 7; be identically distributed to w; but with
7j > M, so we can apply Lemma 4.

Proof. (Theorem 1.3.1) We begin by giving a bound for our X(X — 1) with this new
notation. So consider 7; as above. Then

Tr(P(D)(Tr(PJ(1)=1) = > (8, PY(1)d;)(Tr (P <D {6 PA >T7“(P(A 1 (1)
JEA JEA

Where the inequality is the application of Lemma 4. So now we average over w and use
independence of the w;’s to get

E{TrP}(I)(TrP}(I) - 1)} < ZEM;{TTP&_L Tv)}ij{<5j7P$(I)5j}
jeA 7

But applying spectral averaging to that last term we get that

> E, l{TTP oy B, (85 P2 (D8)} < MlplloolT] Y Bt {TT P, LoD}

JEA JEA

Now we can use the fact that the set of all 7’s is also independent of w so we get

EAX(X - 1)} = EA{E.(X(X - 1))}

Therefore we get

plloolZ] Y B {Tr P (D} = 1Pl 21 Y Bt o (TP, -y (D}

JEA JEA

And so now applying Wegner and summing over j we get exactly that

IPIIOOIIIZEW o A@rpl, (D} < lplloo 11D llollool ZIIA] = (llplloo |A])
JEA JEA

Where the Wegner Estimate is used in the last line.

1.3.1 Generalized Minami Estimate

The first two estimates Wegner and Minami

Corollary 1. P{At least n eigenvalues of H)y are in I} < 5(||pl|oo|I||A])™
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Proof. Use the fact that
PX>n)<PX(X—-1)...(X=(n—1) >n) < =EX(X-1)...(X —n—-1)]

We can now extend our procedure we used to prove the Minami estimate to achieve this
result. The base case is the Wegner Estimate, so we just need the inductive step. So we

suppose that .
EX(X —1)...(X = (n = 1)) < S(llpllocI[[A])"

and we will Try to show it for n + 1. We still use 7; > max supp pj. Then for all
k=1,...n

TrPMI) -k <1+ TrP(w] L) k= TrpPA () = (k=1 (1.6)

Note that
TrPMI)(TrPX(I1) - 1)...(TrPXI) - (n—1)) >0

since it is zero unless we have at least n eigenvalues in I. So we have
TrPYI)(TrPYI) - 1)...(TrPXI) - (n - 1))

25 PNy (TrP | J)(I))(TrPA (I)—1)...

i (wh (Wi )

x(TrP(/;jL’Tj)(I) —(n—1))
We can now apply Theorem 1.2.2 to get

B0, PA DGR (D)TrPhy (D= 1) (TP (1) = (= 1)}

It w (w] T5)

SHﬂlIoolflejl{(TTP&]_L,TJ.)(I))(TTPA (1) =1)...(TrPg. () = (n—1))}

( 5 77—]) (w 5 77—])

So now take 7 = {75 + @;j};ea where {@;};ca are independent random variables, indepen-
dent of w, so that w; has p; for probability distribution, and a; = max supp ;. Using
our previous results along with the inductive hypothesis we get

E{TrPMI)(TrPXI) —1)...(TrPX1I) — (n — 1))(TrPXI) —n)}
=B {TrPY(I)(TrPY(I) = 1)...(TrPY(I) — (n — 1))(TrPY(I) — n)}

< lolloe 11 Y B o (TP PL  (DITrPL, (D) = 1) (TrPhy (D = (0= 1)}

. 7"
J

Al

< lplloolT1 Y~ (llolloo TIIAD™ = (llpllocl TIIAN"
j=1



2 Qualifying Work

2.1 Anderson Localization

In this section we give a brief discussion about an important theorem used in Minami’s
Paper: Localization. The question we wish to answer is quite natural. As A ~* Z% in
general we no longer have just eigenvalues as part of our spectrum. Therefore, our spectral
measure could have an absolutely continuous or singular continuous part. Localization says
that in certain parts of our spectrum for H,,, this does not occur. But first we must define
the almost sure spectrum.

Theorem 2.1.1. There is a closed set ¥ C R so that o(H,) =X for P almost all w.
We also remind the reader briefly about the general decomposition of measures.

Theorem 2.1.2. For any Borel Measure i, one has that

W= Hac + thse + Upp

where g 1s absolutely continuous with respect to the Lebesgue measure, pse s singular
with respect to Lebesgue, but is continuous, and iy, is singular with respect to Lebesgue
but is supported on discrete set of Lebesque measure zero.

So with this we can state the key parts of Localization

Theorem 2.1.3. (Localization) Let 3 be the almost sure spectrum from the above theorem.
Let p(H,,) be the spectral measure for H,, and let py,,(H,,) be the pure point part of p(Hy,).
Then,

e Near the “edge” of X, there exists an interval [a,b] so that

p(He) N [a,b] = ppp(He,)
with probability 1. That is the spectral measure of H,, is exclusively pure point.

o (Aizenman, Molchanov) [1] There are s € (0,1), C >0, m > 0 and r > 0 such that
E[|GM (22, y)] < e
for any hypercube A C Z%, x € A and y € OA and
ze{z] Im(z) >0,|z— E| <r}

Where the G (z;2,y) = (02, Rpa(2)dy) which is called the Green’s Function of
our equation and is defined to be the x,y matrix element of the Resolvent.

2.2 The Geometric Resolvent Equation

We begin with a discussion on the main tool of exploiting the properties of localization
used in [7]. To do this we need what is called the Geometric Resolvent Equation. The

10



2.2 The Geometric Resolvent Equation

primary goal of this equation is to be able to write the diagonal matrix elements of the
Resolvent on a large scale in terms of the diagonal matrix elements of the Resolvent
at a small scale plus some controllable boundary term that we will be able to apply the
Aizenman and Molchanov version of Theorem 2.1.3. It uses the Green’s function discussed
in the previous section.

Theorem 2.2.1. Let x € A, C Ap, and let (y,y') € OA, mean that y € Ay, v € AL\ A,
and y,y' are nearest neighbors, then

GM(za,x) =GV (zm2)+ Y GV (z2,9)GM (59, 2)
(y,y")€0Ap

Proof. For this proof we will simplify to let x, = xa, and R,(z) = R
RH“/}L (Z)

H{ﬁp(z) and Ry (z) =

(Ha, = 2)Xp = Xp(Ha,, — 2) + [Xp, Ho]
Now we multiply on the right by Ry (%) and on the left by R,(z) which turns this into
XpRL(2) = Ry(2)xp + Bp(2)[xp, Hol RL(2)
So now we can take each of these terms by ¢, and use the fact that x € A, to get
Rp(2)0z = Ry(2)dx + Rp(2)[xp, Hol RL(2) 02
so taking each of these terms into (d,,-) we get
G (z 2, 2) = GY (52, 2) + (0, Rp(2)[xa, HolRa, (2)02)

And now we only have to worry about the last term. So now we can insert the identity
operator and expand in a basis to get

Y D Gz )8y, [xp, Holdy )G (23, 2)

y'EAL YEAp
So to compute that middle term in the sum we get a few different cases:
e y,y are not nearest neighbors with y € Ay \ A,.
e y,y are nearest neighbors with y' € Ay \ A,
e y.y are nearest neighbors with both in A,
e y.y are not nearest neighbors with both in A,

we compute these cases separately. It is easy to see that if v, 7’ are not nearest neighbors
then

<6ya [Xp»HO]5y’> =0

by properties of our Laplacian. So we only have 2 cases left. We look at if both are nearest
neighbors in A, Then we see that (dy, [xp, Holdy) = (dy, Hoby) — (6y, xpHod,) but since
y' € A, we have that

{0y, Hoxpdy) = (8y, Hoby) = (0y, xpHody)

11



2.3 Ergodic Stochastic Processes

since y € A, we don’t need to worry about the nearest neighbors of y outside of A,. This
leaves only the nearest neighbors of y that are nearest neighbors to ' with ¢ € Ar \ A,
in which we get 1 as the result since

{6y, XpHoby) — (6, HoXpbyr) = 8y, 0y) —0 =1

This proves the identity since we sum over precisely these terms in our cases and therefore
we get
GMo(zym, ) = G (252, 2) + Z G (zy,y)G (250, )
(y,y")€0Ap
O

There are many versions of Theorem 2.2.1. We provide a different version that uses the
exact same techniques with Hy, and Hp.

Corollary 2. Suppose that A;, = Z% and x € A,. Then we have

G (z,2) = Gz 2,2) — Z G (z2,y)G(2 9, )
(y,y")€0A,

Both Theorem 2.2.1 and Corollary 2 will allow us to utilize our theorem on localization
stated above.

2.3 Ergodic Stochastic Processes

We need a theorem for stochastic processes to have the canonical definition of the density
of states. We give a few basic definitions and state the key theorem.

Definition 1. Suppose that X; are a family of random variables defined on a probability
space (2, F,P). Then, if T; : Q — € is measure preserving, i.e. IP’(TJ-_lA) = P(A) for all
A € F. These T} are called ergodic if any invariant A € F has probability 0 or 1. We call
such a collection of random variables and maps an ergodic process.

Hence we can now state the Birkhoff Ergodic Theorem.

Theorem 2.3.1. (Birkhoff Ergodic Theorem) If { X;};cza is an ergodic process with E(Xg) <
oo then

1

lim ——— S X; 5 E(X

155 L+ 1)d EZA: i = E(Xo)
i€AL

for P-almost all w.

2.4 The Density of States

These next sections are based on the work of Kirsch. See [6] for more details.

The density of states measure and its associated functions are incredibly important objects
in the study of random Schrodinger operators. We wish to give a self contained background
on this object and its properties. Let A be a cube in Z? Let ¢ be in Co(R). Define the

quantity
1 1

vi(¢) = WTT(XA¢(Hw)XA) = WTT(cﬁ(Hw)XAL)

12
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Where ¢(H,) is defined via the Weierstrass approximation theorem. Our goal is to use
the Reisz-Markov Representation theorem for this linear functional which states that

Theorem 2.4.1. (Riesz-Markov) Let 1) be a positive linear functional (f > 0 implies that
W(f) >0) on Cy(R). Then there exists a unique radon measure so that

w(f) = | f@ydu(o)
To check that we can apply this theorem we only need to check that if ¢ > 0, then:
Tr(¢(Ho)xa,) = Y (0, ¢(Ho)d:)
€A

and since we have that ¢(H,,) is the norm limit approximation by polynomials, we see
that H,d; = V,,0; = w; which gives that ¢(H,,) = ¢(w;) > 0 since ¢ is positive. Hence the
sum

> (60 p(H)i) = Z¢<wi)<5i,ai> >0

1€EAL

so we can apply the Riesz-Markov Theorem. This gives us a sequence of measures dvr, ().
We will show that this measure converges vaguely to a measure v as L — oco. We now
remind the reader of vague convergence.

Definition 2. A sequence v, of Borel Measures converges vaguely to a Borel Measure v
if

[ s@ivn(a) > [ otaivia)
for all ¢ € Cp(R).

We now state the proposition that gives us the almost sure convergence we wish for.

Proposition 1. If ¢ is a bounded measurable function, then for P almost every w

lim ——Tr(6(Ho)xa, ) = E((60, 6(H.)d0))

L—oo ’AL|
Proof. We see that
1 1
WTT(QZ’(HW)XAL) RIS zi:@', ¢(Ho)di)

It suffices to show that X; = (6;, ¢(H,)0;) forms an ergodic stochastic process with T
being the shift operators(From Section 2.3). With this we see we get

Xi(Tjw) = (6, ¢(H,)d5)

= (6i, Ujp(Hy)U; 6:)

= <U;6i,¢(Hw)Uf5i> (2.1)
= (0i—j, P(Ho)di—j

= Xi—j(w)

Where we chose U so that U;d;(n) = d;(n + j) = d;—j(n) Hence we can apply theorem

13
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2.3.1. Thus we see that

1 1

7TT(¢(Hw)XAL) = m

™ > Xi — E(Xo) = E((8, ¢(H.)do))

1€EAT
]

So we have proven that this holds for fixed ¢ on a set of full probability. Call this set
. This will depend on ¢. We can conclude that this holds for all ¢ € & (14. But this is
an uncountable intersection so we need to be careful, since this intersection of full measure
sets could have not full measure and we don’t even know if this set is measurable. We now
turn our attention to investigating the properties of this set, and proving that it holds for
almost every ¢ with probability 1.

Theorem 2.4.2. The measures vy, converge vaguely to the measure v P almost surely,
i.e. there is a set Qo of probability one, such that

[ o)~ [ ooyavn

for all ¢ € Co(R) and all w € Q.
Remark 1. The measure v is non random.

Proof. Take a countable dense set Dy C Cy(R) in the sup-norm topology. We know before
by Proposition 1 each ¢ € Dy has a set € with full probability measure so that we have
vague convergence. Now take

Qo= () Q.

9€Dg

Since )y is a countable intersection of sets of full measure, {2y has probability one. So for
w € Qo the convergence holds for all ¢ € Dy. Therefore if ¢ € Cy(R), then there exists a
sequence ¢, € Dy so that ¢, — ¢ uniformly. Therefore we get

| / H\)dv(N) - / H(N)dvr ()]
< | / SN dV(N) — / bW ()
y / bW di(2) — / bW ()]

+ / ba(N)dur(3) - / H(A)dvr (V)|
S ‘|¢_¢n|’oo + ||¢_¢n”oo
+ / bu(Ndi(2) — / bV ()|

(2.2)

So we can make the first two terms small by taking n large enough. And we can make the
third term small by making L large enough. O

Now we know that we can define a few related quantities for this measure

Definition 3. The measure v defined by

v(A) = E({00, xa(H.)do)

14
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for A a Borel set in R is called the density of states measure.
The distribtution function N of v defined by

N(E) = v((—o0, E])
is called the Integrated Density of States.
We now can see that we can use Theorem 2.4.2 to get a limit definition for N(E).

Corollary 3. For P-almost every w the following is true:
For all E € R
N(E) = lim vp((—oc, E]). (2.3)
L—o0
Remark 2. Note that for fixed E the convergence holds for almost every w. But this
corollary tells us something stronger: It claims the existence of an E —independent set of
w such that this limit (2.83) holds for all E.

Proof. (of Corollary) We prove this limit for values of FE so that N is continuous at E.
Since N is monotone increasing, the set of discontinuity points of N is at most countable
(This is a fact commonly proved in Real Analysis so we omit the proof). Consequently,
there is a countable set S of continuity points of IV is dense. Therefore there is a set of
full probability measure such that

/&(%mumnuw»Nw>

forall E € S.

take € > 0. Suppose E is any continuity point of N. Then, we find F,, F_ € S with
E_ < E < E; such that N(E_) — N(E,) < §. So now we can use the monotonicity of N
to see that

N(E) - / X(oer] (N (V)
< N(E,) - / oot (Vv ()

< N(Ey) — N(E_) + |N(E_) - / X(eoor] (Nl (V)
<e

for large L. Similarly, one can extend this argument to see that

N(E) - / Nsom (ML (V) > ¢

and so we see that
INE) = [ Xoem N (N)] 0

as L — oo. This proves the result for the continuity points, but one can easily extend this
to all points by Proposition 1.
O

We now turn our attention to a discussion of using the Wegner Estimate, Theorem 1.2.1,
to easily show the regularity of the density of states, and the existence of its radon-nikodym
derivative, a function we will use extensively later.

15



2.5 Point Processes

Theorem 2.4.3. The integrated density of states is absolutely continuous if ||p||ec < 00.

Proof. Let € > 0, then we see that

— —€) = v(\)— v(A) = lim 1 r(PM[E—e €
NErNE- = [ - =l RPN (Ee )

1
< lim —(2 Ale) <2
< Jim o allpllelAJE) < 2lpiloes

So this proves the absolute continuity of N. O

Since N is absolutely continuous, we can see that N(FE) = ffoo n(A\)dA for some function
n(A). We call this function, n(E) the density of states function. This will be an
important quantity later, as it will end up being the density of our Poisson point process.

2.5 Point Processes

The last thing we need is a discussion of Point Processes, and an important theorem
regarding when a family of point processes is a Poisson point process, allowing us to utilize
a nice decomposition of our box Az into independent smaller boxes A,. This section is
based on [4] and [5]. We begin with defining point processes on R (or any complete
seperable metric space).

Definition 4. Let X; be a discrete family of random variables defined on R. Then we
define a point process to be
n
€= 0x,
i=1

This also is a random measure, but in this case it describes n random objects in R. For
us, these will represent rescaled eigenvalues of Hu‘} One might ask what happens when
each of these X; are i.i.d. as we have been assuming throughout this paper. This leads us
to the Poisson Point Process.

Definition 5. Define K (A) to be the number of events occurring in A. The Poisson point
process can be defined by assuming there is a boundedly finite Borel Measure 1 such that
for every finite family of disjoint bounded borel sets {A;,i =1,...k}

P{K(A;) =ni=1.. .k} =[] e )

That is, the number of events in disjoint sets forms a Poisson random variable. We call p
the intensity measure of the process.

There is an extensive theory one can look into regarding these but we will only need a
few tools involving weak convergence of point processes and when a point process converges
weakly to the Poisson point process.

Definition 6. (Weak Convergence of Point Processes) Let &, be a sequence of point
processes defined on (2, F, IP’) This sequence converges weakly to ¢ defined on a possibly
different probability space (Q F, ]P’) if for any bounded continuous function ¢

n—oo

lim [ ¢(6)P(dw) /Mn

16



2.6 Proof of Minami’s Result

This is also known to be equivalent to the following two statements:

1. For any ¢ € CS‘(R)’
lim Ep[e~én(®@)] = E@,[e_f((b’a’)}

n—oo

where

6(6) = [ dla)taldn)
2. For any [ > 1,n; > 0, and disjoint intervals I;,j = 1,...,[ such that
P(¢(91;) > 0) =0
one has

lim P&, (1) =nj,5=1,...,1) =PEU;) =nj,5=1,...,1)

n—oo

Definition 7. (See Section 11.2 of [5]) A family of point processes &, = Y ;" &y, is called
a uniformly asymptotically negligible array if

lim supP(K,,(A)>0)=0

Theorem 2.5.1. (Theorem 11.2.V in [5]) A uniformly asymptotically negligible array
converges weakly to the poisson point process with intensity measure p if and only if for
all bounded borel sets A with p(0A) =0,

and
> P(Kn(A) > 1) = u(A)  (n — o0).
=1

We omit the proof due to technicality, but the important intuition to have about this that
will be rigorously proven later is that the first condition says that there are no doubled
points, that is there will be no clusters of points. Similarly the second condition says that
the intensity measure is characterized by the probability that the event happens once. We
now have all the material needed to prove the main theorem of Minami in [7].

2.6 Proof of Minami’s Result

We can now define our point process that we will be studying for the remainder of the
next two sections. Define

§(A B)(dx) = daym a5y (@)dz
j

Where E;(A) are the eigenvalues of H) and F is a fixed number. Now we state the main
theorem we will prove in detail in the next section.

Theorem 2.6.1. Suppose that the density of states function n(E) exists at E and is
positive, and that localization holds at E in the sense of Theorem 2.1.3. Then, the point

17



2.6 Proof of Minami’s Result

process £(A, E) converges weakly to the Poisson point process & with intensity measure
n(E)dz.

Remark 3. We note that indeed such an E exists as in [1], one can find two conditions
for which such an E exists.

e if p(x) is bounded and if there is a compact interval [a,b] such that p(x) is non-
decreasing on (—o0,a] and is non-increasing on [b,00), then there is an E(p) such
that localization holds for |E| > E(p).

o if ||pl|leo is sufficiently small, then localization holds for all E.

With this, we now describe the idea of this theorem. Since we know we are in the local-
ization region, the spectrum will be pure point near our energy F, and the corresponding
eigenfunctions exhibit exponential decay. We now divide our box [0, A]¢ into smaller boxes
Ay of side length ~ L*, 0 < a < 1, then most eigenfunctions ¢g; will be centered in one of
the A, away from the boundary so that on dAy, [¢g;| will be very small. Thus, the error
in working with @ H”» is negligible in comparison to working with H*~. And therefore
if we set

n(p, E)(dz) =Y dja,1(5;(a,)—F)(dT)
J
then &(A, E) can be approximated by
n(L,E) =Y n(p, E)(dz)
P

Notice two things here, The scaling of n(p, E) still involve the box at large scale, and
that n(p, E') are independent for different p. We first turn our attention to the asymptotic
negligibly of n(p, E). To see this we compute for any bounded Borel set A

P@@E»@znzmuwpmw@;+E»zw

< E(r(P (4 ) < Ay
ALl AL
as L — oo. We will use this same strategy to get a more explicit bound later, but for now,
this confirms that n(p, E) is a uniformly asymptotically negligible array and that we now
have to verify theorem 2.5.1.
Step 1. We define the class of test functions A to be functions of the form

a;T
@) =Y s
jz; (x—0j)? 472

withn >1,7>0,a; >0and o; € R for j =1,...,n. We now state a theorem regarding

point processes and weak convergence with respect to this space of test functions.

Lemma 5. Let &, and £ be point processes on R with intensity measures pu,(dz) and p(dx)
respectively. Suppose that u, and p are Lipschitz continuous with constant c. Then the
following are equivalent

1. &, converges weakly to &

18



2.6 Proof of Minami’s Result

2. for any f € A, one has

lim Elexp(—£.(f))] = Elexp(=£(f))].

n—oo

Proof. 1 will be assuming this is true, as the proof involves a statement neither Dr. Hislop
or I can figure out, which is the basis for 2. — 1. O

Step 2. Now, let £ and &(A, E) be Poisson point processes with intensities p(dx) =
n(E)dz. We will show that these verify the properties of Lemma 5.

-
felz) = (x—0)2+4712
for some arbitrary ( = o + it € H, where H is the upper half plane. We now wish to

analyze
-

B ) = B (s — B

J

_ 1 |AL|_1T
a ‘AL|E[ZJ: (Ej(AL) — E+|AL|7to)? + (\AL|717-)2]

_ Ml‘E[Tr(Im(GAL(E + A1)
L

1
= D EIm((da, R (E + [AL[7'O)0:))].
L
TEA
Applying Lemma 1 to each term in the sum, we get if ((3,, R* (E+|AL|71¢)6,)) ™" = 2+iy
then

o0

EIm({6,, RA(E + | A7 0)6,))] = E| /

_ mp(v)dv] < leoo/oo fe(x)da

which shows that
E[n(AL; E)(dz)] < ||pl[ecdx

Similarly we can see for £ that indeed this is true as well by Theorem 1.2.1 since

ON(B)-N(E) |
E)=1 = lim lm —
n(B) = Jim g B0 a124 |AL|(E — Eo)

E[Tr(PHAL ([Ey, E]))]

ol ALl =Bl
= ALI(E ~ o) ~

Therefore we have that n(E)dz < ||p||ccdz

n(E)de < [|p|ocda

Thus, both n(L, E) and & satisfy the conditions of the Lemma. Therefore it suffices to
show that for a; >0, j =1,...n and (; = o + 47 with 7 > 0 that

Jim Bleapl—cir 37 a m(TrGM (E 4 A G)Y = Elesp{—€(@))]  (2:4)
J
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2.6 Proof of Minami’s Result

Where

T) = zj:aj (z — O']')2 +(r)?

Step 3. We divide [0, L]? into L®? cubes A,, p = 1,... L% with side length L'~ We
define
Ay =A;NZ°

We also choose the interior of A,
int(Ap) = {x € Ap| dist(z,0A,) > Bin(L)}

And hence for any z € C and any x € int(A,) we can use our Geometric Resolvent
Equation, Theorem 2.2.1

GM(zw,a) =G (zaa)+ Y GV(z2,9)G M (%Y, x)

(4,y')€0Ap
to get
. 1 .

m(lm TrGAE( )—Zlm TrG™» (2 )| < |]A | Z zm(GAL(z;x,x))—mZ Z im(G™ (22, 7))

L p zEAL L P zEAp

1
_’ | Z lim(G (z; z, ) H——Z Z |G (252, 9)||GAE (239, x) A—ZZ\GA 2,2, 1)
L xEAL CEGAL (y,y")€0A, P xzEAp

!AL| YooY (G (ze) +im(GM (2, x))

P zeAp\int(Ap)

Y Y Y 6ty )

P z€int(Ap) (y,y')EIA,
= AL+ By,

And hence we get Ay and By. We will use the fact that we are allowed to choose 3
and « to guarantee that E[A] and E[By] go to zero. For E[A] we can estimate since
E[im(G*)(z;x,x)] and E[im(G*)(z;x,2)] are bounded uniformly by a constant (the
same bound one gets from spectral averaging), we get

E[Az] = O(L™ L L= D n (L)) = O(L* n(L)) — 0

since @« < 1. Now for B we will use our localization estimate, and prove that the
expectation of the fractional power of By, goes to 0.

We will show that E[B2] — 0 as L — oc. The reason this is enough is precisely a fact
from real analysis. If f7()\) is a function depdending on lambda, then if

Jim [ 1£0)du(3) =

then for p almost every A\, we have |fr(A)| — 0 p almost everywhere. Then we will also
have

[fLA) =0
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2.6 Proof of Minami’s Result

for p > 1. Therefore analyzing ]E[Bz/ 2] we get

BBy <Ay Y S JEIG (e, y) o EIGA (21 )]

P z€int(Cp) (y,y")€E0Ap

so now once again we can use the fact that E[|GM:(2;y;,2)|°] is bounded by a uniform
constant, and now we can use Theorem 2.1.3 to estimate

E[BZ/Z] < C’AL‘_8/2 Z Z Z e—m|x—y\ _ O(Ld(2—%)—1La(1—d)ln(L)L—m,B)
P a€int(Cyp) (y,y')EOAp

Therefore if 8 > 1(d(2 — sp) — 1 — a(d — 1)) we have that this term will go to 0 as

L — oo. Thus in probability, (B f)% = Br, — 0 Therefore A; + By, goes to 0 in probability
uniformly for {|z — F| < r} NH So instead of 2.4 we can show

nggomexp{_@ >3 aIm(TrGh (B + ALl 7)) = Eleap{—£(0)}]  (2:5)

We can rewrite 2.5, in terms of (L, E') that we had before. Therefore this can be rewritten

as
lim E[fe”"EE)N®)] = E[e¢9)]
L—oo

Thus our goal result is to prove the following proposition

Proposition 2. As L — oo, n(L, E) converges weakly to the Poisson point process with
intensity measure n(E)dz.

We have already shown that n(A,; E) is an asymptotically negligible array. Hence if we
can show that

> P((Ay E)(A) 2 1) = n(E)|4] (2.6)
p

and
> P(n(Ay; E)(A) = 2) =0 (2.7)

With the Minami estimate, it is easiest to show 2.7 via Theorem 1.3.1. This is because
for each of these measures we can look at the trace of the spectral projector to get

P(Tr P =B (4) > 2) < (|| pl]oo| A LD
and therefore the sum of all terms over p gives the estimate

> P((Ay; E)(A) 2 2) < ([[pllc| L)L = O(L™)

and therefore this goes to 0 as L. — oo for all borel sets A. The only thing left to show is
(2.6). So to do this, consider f; like before, then we get

E[n(Ap;E)(fc)]ZmlLE[ S o+ Y iGN )]

z€int(Ap)  x€Ap\int(Ap)

where A = E + |A\r|7!¢. Now in the same way we estimated A7 we get the second term
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2.6 Proof of Minami’s Result

in the sum being
O(L™4LMVin(L)) = O(L™%) — 0

Now for the first term, for € int(A,) one has the other geometric resolvent equation,
Corollary 2,

G (zw,0) = G(zima) — Y GM(z2,9)G (%9, 2)
(y,y")€0A,
And therefore we see that
Elim(G* (X; 2, 2))] — Elim(G(X; 2, 7))]
< D E(GM (N, p)|GNy o))
(y,y")€0A,

<(ALl/mP Y0 EIGY (N, y)2|Gh Y, 2)|2]
(yfy,)eaAP

Where we use Holder’s inequality with s/2 and 1 — s/2 while the simple resolvent bound

G\ 2,y)| < G Ny 2)| <

im(\)’ = im()\)

for the 1 — 5 term. Therefore, if we use cauchy-schwartz in the sum term we get

(Azl/m> S EIGY () FIVEIG: o 2) )

(y,y") €0y
— O(L(3—S)d—1L—a(d—1)L—mﬁ)

if we once again use Theorem 2.1.3 to estimate this and this goes to zero if we choose
B large enough, and this could be larger than our previous 4. But, this means that
independent of x,y € Z% and A € H, we get

E[im(G* (\; z,z))] = E[im(G(\; z, x))] + o(1)

But now, we can use the fact that the expectation of our inner product with the resolvent
is the integral of the resolvent with respect to the density of states measure which is
absolutely continuous with respect to the lebesgue measure. And hence, after pulling the
imaginary part out of the integral, we get

1
E[lim(G(\; z,2))] = / im( )n(u)du
R u— A
which we get, with A\ = E + |AL|71¢
ALt

L R e A

as L — oo by the fact that we can change variables from |Ap| o = x and |[AL|7'7 =y
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2.6 Proof of Minami’s Result

and so we can transform this into

) Yy
| d
(x,y)gr%0,0) /R n(u) (u—E —x)% + 92 b

since n(u) € L'(R), and
1 Y

m(u—FE — )2+ y?

is an approximation of the identity in y, and will converge to §(u — E). Therefore we get

jint(Ay)|

)l (B L
Al (&)

En(Ap; E)(fo)] ~ mn(E)
So summing over p we get

D P E)(fo)) 2 1) = Y L™ wn(E) = mn(E)

Since one can estimate x 4(x) by a linear combination of f:’s, we get

> Py E)(A) = 1) — n(E)|A|

which is what we wanted to show. Therefore we have that n(L; EF) — £ weakly to the
Poisson point process with intensity measure n(F)dx. Thus, the proof is complete.
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