“:; CORE Metadata, citation and similar papers at core.ac.uk

Provided by Elsevier - Publisher Connector

J. Differential Equations 251 (2011) 1864-1902

Contents lists available at ScienceDirect
Journal of Differential Equations

www.elsevier.com/locate/jde

Large deviation theory for a homogenized and “corrected”
elliptic ODE

Guillaume Bal?, Roger Ghanem?P, lan Langmore ¢-*

@ Department of Applied Physics and Applied Mathematics, Columbia University, United States
b University of Southern California, United States

ARTICLE INFO ABSTRACT

Article history: We study a one-dimensional elliptic problem with highly oscillatory
Received 4 December 2010 random diffusion coefficient. We derive a homogenized solution
Revised 27 April 2011 and a so-called Gaussian corrector. We also prove a “pointwise”

Available online 17 May 2011 large deviation principle (LDP) for the full solution and approximate

Keywords: this LDP with a more tractable form. Applications to uncertainty
Differential equations quantification are considered.

Probability theory © 2011 Elsevier Inc. All rights reserved.
Random coefficients

Homogenization

Applied mathematics

Uncertainty quantification

1. Introduction

Partial differential equations whose (deterministic or random) coefficients have fine-scale structure
are notoriously difficult to solve. Here we consider the following elliptic problem: Given probability
space (22, S, P), find ue € L2(2; H)((0, 1)) satisfying

d X d
——A(x,&,—,w)—ung(x), xe(0,1), wef2, ek 1. (1)
dx e dx

* Corresponding author.
E-mail address: ianlangmore@gmail.com (I. Langmore).

0022-0396/$ - see front matter © 2011 Elsevier Inc. All rights reserved.
doi:10.1016/j.jde.2011.04.026


https://core.ac.uk/display/82243517?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1
http://dx.doi.org/10.1016/j.jde.2011.04.026
http://www.ScienceDirect.com/
http://www.elsevier.com/locate/jde
mailto:ianlangmore@gmail.com
http://dx.doi.org/10.1016/j.jde.2011.04.026

G. Bal et al. / ]. Differential Equations 251 (2011) 1864-1902 1865

The statement u, € L?(£2; H}((0, 1))) means that P almost surely, us(-, @) € H}((0, 1)) (morally this
space consists of square integrable functions : (0,1) — R with square integrable derivative), and

moreover, with ||v||f4[1) = [y (V/(x))2dx we have [, ||ug(~,a))||f{é dP(w) < cc. Above & : 2 — R" is

a random vector. In our case we assume either

(i) Ae() = AKX, &, 5, 0) =a(x,£) +b(§, w).
(i) Ag(x) = A(g), with A(y)~1= Y|y, for a stationary dependent sequence ¥ (which depends on &).
|-] denotes the “floor” function.

Case (i) is motivated by a Karhunen-Loéve expansion, which for Q : [0, 1] x 2 — R having continuous
covariance I : [0,112 = R, I'(x, y) :=EQ (x)Q (y), is given by

Qx.0) = /Aj¥j(@h;jX), WhereIE{zp,-lpj}=[hi(x)hj(x)dx=8;j.
j=1

See [18,16]. This is multi-scale, but could be approximated by two scales. In case (i), the high fre-
quency randomness % is “decoupled from £” in the sense that, after conditioning on &, A(x, £, y, )
is stationary in y. So in the model A =a + b we are assuming b is a stationary random field. For
simplicity we always assume f(x) is deterministic.

Case (ii) is an example of dependent media with “short range correlations.” Use of different kernels
hy allows some flexibility in modeling. Although we only consider the case where the final y; are
stationary, generalizations (using e.g. hj(x)) would not be difficult.

In some PDE of interest (e.g. (1), or other elliptic equations [1], and also linear transport [4]) the

solution admits an expansion of the form

Ug (X) = up(X) + ve(X) + Re (%), (2)

where ug is a homogenized solution that is dominant in the limit € — 0 [17,20], the remainder R; is
negligible in some sense, and v is given by an oscillatory integral

Ve(x) = / Gx, y)q(y, %) dy. (3)

In these cases one expects (and can often prove) that e~%(uz — up) converges in distribution to a
Gaussian process €*v(x) (often a =d/2). Thus, one is justified in approximating u. by ug plus a Gaus-
sian corrector:

Ug ~ Ug + % v(x). (4)

From an uncertainty quantification (UQ) perspective, this represents a significant simplification. Com-
putation of the homogenized solution ug is much less expensive than u.. The corrector v(x) has an
explicit form in terms of e.g. an Ito integral. This allows explicit calculation of the correlation function.
Moreover, draws from the random process €“v(x) can be done with minimal (compared to calcula-
tion of u.) effort. Another utility of corrector results is for validation of numerical homogenization
schemes. For example, it is known that the numerical homogenization techniques MSFEM and HMM
give solutions u’g that converge to the correct homogenization limit ug as €,h — 0. The question as
to whether e=¢ (uﬁs1 — ug) converges to the correct limit is explored (for (1)) in [3].

As a downside, central limit approximations such as (4) are expected to work well only for mod-
erate deviations, i.e. for |ug — ug| ~ 0(g%). Sometimes of interest in UQ applications are questions
related to large deviations, e.g. P[u, > ¢] for some £ ~ O (1).
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Our main contribution is an investigation of the large-deviation behavior of u., the solution to (1).
As it turns out, it is possible to derive a large deviation principle (LDP) for the solution ug(x) (for
fixed x). This gives asymptotic limits of e.g. ¢ log P[u.(x) > €] for £ ~ O (1). The resultant rate function
is given implicitly (see Theorems 4.4, 4.5) as a solution to two (one convex and one non-convex)
four-dimensional optimization problems. We also derive an approximate LDP (Proposition 5.1) that
corresponds to the approximation u, ~ ug + V. Since v, is given explicitly as an oscillatory integral,
the rate function is “more explicit”, being the result of a one-dimensional convex optimization prob-
lem. We verify numerically that the approximate rate function works well when € <« 1 and ¢~ 0(1)
but “not too large.” This sort of approximate LDP should be available in other situations where the
solution can be approximated by a homogenized term and an oscillatory integral. Along the way we
also derive a large deviation principle for some one-dimensional oscillatory integrals, which appears
to be new as well.

A secondary contribution is a generalization of homogenization and corrector results. Homoge-
nization results typically start with a uniformly (over all realizations) elliptic diffusion coefficient of
the form A(g,w). In this case the homogenized tensor is constant. Here we generalize these results
slightly by allowing for non-constant low-frequency randomness (in the case (i)) and relaxing the
uniform ellipticity requirement to (9). We do this by conditioning on the coarse-scale and bound-
ing higher moments of A.~!. These assumptions are more in line with those encountered in UQ.
We also prove almost sure convergence of the homogenized tensor. This is motivated by the fact that
in practice the homogenized tensor can be obtained by picking one high-frequency media realization
and averaging over a domain of size p [8]. Thus, it is nice to know that with probability one this
realization converges as p — oo.

Our large deviation result allows us to determine (roughly) to what degree the Gaussian corrector
captures the tail behavior of the solution. This is useful in applications where one may consider
replacing the full solution with the homogenized solution plus a Gaussian corrector. Also, although
we don’t answer this here, questions such as “does HMM capture the large-deviation behavior of
the solution” could potentially be answered in a manner similar to the question “does HMM capture
the moderate deviation behavior” as discussed above. Also of interest (and also not pursued further
here) is the relation between large deviations and importance sampling of rare events. As it turns out,
a large deviations result can give “asymptotically efficient” importance functions [10,14].

In Section 2 an asymptotic expansion of u, is presented. In Section 3, Theorems 3.1 and 3.2 give
results on the homogenized convergence u; — ug, and the corrector characterizing moderate devia-
tions of ug; — ug. In Section 4 large deviations are considered. After introducing the subject we derive
a large deviation principle for two types of media, each with piecewise constant high-frequency parts
(Theorems 4.4, 4.5). We next present our approximate LDP in Section 5.1 and then numerical results in
Section 6. Proofs of the homogenization and corrector theorems, which are generalizations of known
results, are relegated to Sections 7.1 and 7.2.

2. Asymptotic expansion of the solution u,

The boundary value problem (1) may be integrated leading to

A(x, f)iugz_l:(x)-ﬂ:, F(x) ::/f(s)ds. (5)
€/ dx
0

Dividing both sides by A(x, ) and then using the boundary conditions u.(0) = ug(1) =0 we obtain
an expression for c. Plugging this into (5) and integrating from 0 to x we obtain the solution

X

[ F® L (F/A) [ 1
”8(")__/ PGS <1/Ag>/ Ae % (®)
0 0
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Here we define 1-average (-) of a function ¢ :[0,1] — R, and F : [0, 1] — R by

1 S
_ / sdy,  F(s)= f .
0

Define the homogenized tensor Ag by

Ao = (B¢ {Ax, 071 }) 7,

where for X : 2 — R, we denote conditional expectation by
Ee{X} = E{X|§}:/X(w)dPg(a)).
Q

Above the measure Pz = P[-|£] is defined implicitly.
Now re-write the integrals appearing in (6) as

X X X

/ 1 :/ 1 ds + X2, / F(s) :/ F(s) ds +Y°.
) Ag(8) ) Ao(s) J Ag(S) ) Ao(s)

Defining the homogenized solution uy by the equation (6) with Ag rather than A¢ (or equivalently the
weak solution to (1) with Ag rather than A.), we have the following expansion:

Ug(X) = up(x) + Ve () + Re (%),

e (e e (F/AQ)\ 1 / 1 . (F/Ao)
s i=—YE 4 (YE—X ds + X¢ ,
Vel +(1 1<1/Ao>)<1/Ao>O o) 1Ay
e (F/A) / 1
Re(0 = () a0 201 /4] / A0 as
XN YS/X U ds 4 (F/an0xE |+ iXe 7)
(1/A0)? 10 Ag(5) LT (1/A0)

The deterministic homogenized solution ug is dominant in the limit &€ — 0. As we will show, the
remainder R is O(¢) in L'(§2 x [0, 1]). The term v, can be re-written

1

1
= G El d ’ = T Ao(s)’
Ve (X) /‘h (5)G(x,s)ds 9 (5) Ag(s)  Ao(s)
0
(F/Ag) 1
_ | FO— R i [ mm de =D, 0<s<x

G(x,s):= (F/Aq) Y
(F(S) (l/A0>) ]/AO fO Ao(t) dt X<S< 1
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Note that G(x, s) is piecewise continuous in s and so long as Aal is bounded, G(x, s) is uniformly
(in s) Lipschitz in x. We also show that v, is 0(y/€) (in L?(£2 x [0,1])) and has a limit that can
be characterized well. Note that these are slight generalizations of previous results. In particular this
limit was studied by [8], and in the case of media with long-range correlations in [2]. This paper
adds the feature that the random media is allowed to be non-stationary in one variable, and has no
uniform (in w) ellipticity lower bound.

3. Homogenization and Gaussian corrector

Here we obtain homogenization and Gaussian corrector results that are a generalization of known
results (e.g. [17,20,7,1]) to the case of media that has no uniform (in w) upper or lower bounds. Proofs
are deferred till Section 7.

First, we assume Ag(x) satisfies

0<Vi(w, &) <As(X) < m(w, ) <. 9)

We abuse notation by writing A, (x) := A(x, ) = A(x, £, w). The form A(x, £, w) emphasizes that
A is a random field defined on a probability space (§2, S, P). The form A(x, &, £,60) emphasizes the
dependence on a special random vector £ : 2 — R™, and a (possibly infinite) sequence of random
variables 6. Once we fix &, A(x, y) exhibits some stationary in y (although only weak-stationarity of
A~ is needed for homogenization in one-dimension).

Note that functions such as E¢{A.} do not depend on y, so we write E£{Q }(x) =E¢{Q (x,0)} for
functions Q (x, &, y,0) whose conditional expectation does not depend on y. It is necessary to make
some ergodicity assumptions on the process (in y). In one-dimension, we require mean-ergodicity of
IES{A—l}, which we express through decay of the covariance (11). We also assume || f||;2 < co.

3.1. Homogenization
We assume weak stationarity of A~! and ellipticity of Ag. In other words, we assume
0<c1(®) <EAAT . )} =Ee{AT (%, 0)} = Ao ' <2 < o0,
and that the conditional covariance
Covg (x1,%2,2) ;= Eg {[A™ (1, y) —Ee [A x| [A ™ (x2. y +2) — Ee {A7 1} (x2)]}.

is independent of y € [0, c0). We also assume

|Cove (x1.%2,2)| < () with ||| ;1 =: Cp1 < 00. (10)
Note that this implies
871 871
82/ /{COVg(x1,x2,y—y)dyd9|gsCA_l. (11)
0 o
This allows:
Theorem 3.1.

\/Eé lug — uollr20,17) < 3~/E||f||L2\/ Cp-1.
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Moreover, as € — 0, with & fixed,

Ug(x) —ug(x) = 0 foreveryx, Pga.s.
and if the ellipticity bound (9) is independent of ¢,
llug —ugll2 — 0, Pgas.
3.2. Gaussian corrector

To quantify the rate at which the random coefficient decorrelates, we introduce the following
mixing condition (referred to in the literature as p mixing).

Assumptions 3.1 (Mixing condition). For two Borel sets A, B C R, let S4, Sg be the sub sigma al-
gebras generated by A(x,y), x€[0,1], y € A and y € B respectively. We assume the existence of
non-negative bounded and decreasing ¢ : [0, co) — R such that g01/3 e L! that also satisfies

sup{[E[nanp1|: na € Sa. 1 € Sp, En? =Eng =1, Eng =En, =0} < ¢(d(A, B)).

After conditioning on & (e.g. fixing one realization of a(x, &) if A=a+ b) we are able to partially
characterize the limiting distribution of ugz — ug.

Theorem 3.2. If A(x, y) is stationary in y, and (s1, s2) — Covg (s1, 52, 0) is continuous at (x, x), A~ satisfies
the mixing condition (3.1), and

E 1 E 1 ’ <C
§{<A<x,y>_ S{Ao«y)}) }\ £

1

then

Ug(x) — ug(X) dist.

NG —> v(x) :=/G(x, o (t) dWy,

0
where W; is a one-dimensional Brownian motion, G is given by (8), and

oo

o%(t) = / Cove (t, t,q)dq.

—00

Remark 3.1. The continuity on Covg is equivalent to mean-square continuity of x — A(x, 0)~! (see
e.g. [18]). This means more-or-less that the media varies slowly with respect to x. This is where
scale-separation comes in.

Remark 3.2. The variance of the above expression is then given by

1

/G(x, 202 (t) dt. (12)
0
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Remark 3.3. The lack of a uniform (in w) ellipticity lower bound is dealt with through the bounds on
sixth moments and the mixing conditions.

4. Large deviations

Here we derive a rigorous “pointwise” large-deviations result for u., and an approximate rate
function.

4.1. Moderate and large deviations for our problem
For small enough &, the homogenized solution ug captures the bulk of the solution u,. The cor-

rector attempts to capture some statistics of the term ug — ug = v¢ + Re. Our corrector result shows
that

1
Us) — o _ 1 /G(x,t)q(t, t>+Rs(X)
0

NG NG e) e
1
dist.
— v(X) :=/G(x, t)o (t) dWe. (13)
0
By definition this means that, for any ¢ > 0
Ug (x) — up(x)
Pe| ——= 24| —> P:|v(x) > £]. 14
A relevant question is whether or not
Pe[ue () > €] ~ Pe[uo(®) + Vev(e) > ¢]. (15)

The inequality u, > ¢ (for ¢ > ug) is a large deviation since (13) (or a law of large numbers result)
shows that u, concentrates near ug. On the other hand, e~1/2(u; — ug) > £ is a moderate deviation.
Generally speaking, (15) does not hold. Instead, from (14) we can only rigorously infer something
about moderate deviations, namely Pg[ug(x) > V€] ~ Pg[ug(x) + /€v(x) > /).

For simplicity, we consider large deviations at only one fixed x € (0, 1) and often change the nota-
tion to ug, ug, v (dropping the x dependence).

Definition 4.1 (Rate functions). A rate function I is a lower semicontinuous mapping (such that for all
« € [0, 00), the sub-level set ¥j(a) := {x: I(x) <} is closed) I : R" — [0, oo]. A good rate function is

a rate function for which all the sub-level sets ¥;(«) are compact.

Definition 4.2. We say that a family of random vectors Y, € R" satisfy a large deviations principle
(LDP) with rate function I if for all I Cc R"

— inf I(y) <liminfelog P[Y, € I'l <limsupelog P[Y, € I'] < — inf I(y).
yere e—0 e—0 yel’

Above, I'°, I denote the interior and closure of I".
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Considering now our solution u, € R, by choosing A = [¢, c0) we obtain limiting upper and lower
bounds on Pg[ue > £]. We also often have, for £ > limEgu,,

lirr})slogP[ug =Ll =-1(). (16)
E—

We will find a rate function I, for ug. We also find a rate function I for ug + v, which proves to be
more tractable. Simulations show that I, ~1 for £~ 0(1) but not too large (see Figs. 5, 6, and 9).

The rate-function I, gives the exponential rate of convergence in the sense that given £ € R, § > 0,
there exists &g such that for ¢ < &g

Pelue > £] e O/, (17)

As an example, consider the corrector in our 1-d problem, /ev. It is Gaussian with mean zero and
variance equal to £C. for some C. (given by (12)). Therefore u, ~ ug++/ev ~ N (ug, €C¢). Keeping the
first term in an asymptotic expansion of the complementary error function, we have that for ¢ > uy,

JCce
Pe[ug + Vev =]~ me_“_”wz/(ch”.
v —Up

Thus, when

(¢ —ug)?

log(Cee /(€ — ug)?) < Ce

: (18)

we will have slogpg[uo—i—\/gv >~ - —uo)z/(ZCC). Note that this is a “small € and large |£ —ugp|”
condition, as it should be. Comparing this to (17) we see that the Gaussian corrector captures the
asymptotic tail behavior when

2

E—uw)” 1. (19)
2CC

If (19) does not hold, the corrector cannot capture the tail behavior of ug. A cautionary note is in
order here. The large deviations result captures the exponential rate of decay, and important alge-
braic factors in € are not captured. So, for finite ¢ the rate function can be used for comparative
purposes, not to estimate the true tail. It should be noted that so-called concentration inequal-
ities provide a number of upper bounds on sums of random variables, often in pre-asymptotic
regimes. Often these require fewer assumptions but do not claim to be tight. For example, Chernoff’s
bounding method is given in (21). See [6] for a survey, and [19] for an application to uncertainty
quantification. For independent media, we derive rigorous upper bounds for finite & (e.g. (21)).
For dependent media similar bounds are available but are more complex than the asymptotic
bounds. Another reason for using asymptotic bounds is that a “fair” comparison such as (19) can
be made.

4.2. Independent sums and basic definitions

It is instructive to start here. Let X, be random variables and define

=|

. 1
Syi= an.
n=1
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Now, for A > 0,
P[Sn > €]=PINSy > NOJ =E(l5 -y} <e VE[eVSV). (20)
With vector-valued random variables in mind, we define:
Definition 4.3. The logarithmic moment generating function for a random variable Y is defined as
A(Y,2) = Ay(h) := log E{e*"}.

(20) allows us to conclude

1 A 1 N
—logP[SN2€]<—sup[M——A(NSN,A)] (21)
N >0 N

The above (Chernoff’s) bound holds without any assumptions. Suppose the X, are i.i.d. This leads to

E{eANSN} _ lﬂ[E{e)‘Xl},
n=1
and thus
1. 1
N ANSN, AN) = NIElogE{e”‘l} =Ax(). (22)

Note that Ax is convex since by Holder’s inequality

Ax(t)q + 1 - t))»z) = IOgE{(eM )f(e)QX)(l—t)}

X
<log{E{e" ' E(2: X1V} = tAx () + (1 =D Ax ().

Definition 4.4. The Frenchel-Legendre transform of A(Y,-) is defined by

AN Y, 0) =AY (0) :=sup[r- £ — Ay(W)].
reR"

Inserting (22) back into (21) (taking into account negative 1) we have a large deviation upper
bound with rate function A%(-). The “trick” is to obtain a lower bound and thus show that this upper
bound is tight in the limit N — oo. This indeed is the case and the result is

Theorem 4.1 (Cramér). (See [13].) The sum Sy satisfies the LDP with good convex rate function A% (-). More-
over, (16) holds.

Since Ax(0) =0, we always have A% (¢) > 0, i.e. we never have exponential growth. Jensen’s in-
equality shows that Ax(A) > AEX, so for £ =EX we also have A¢ — Ax (1) < 0. Therefore A% (EX) =0.
This makes sense in view of the law of large numbers.
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4.3. The Gdrtner-Ellis theorem and contraction principle

Definition 4.5. For any function H taking values in (—oo, co], we define Dy := {x: H(X) < 0o}.
The Gartner-Ellis theorem will be used to prove results for our model problems.

Definition 4.6. Convex A : R" — (—o0, oo] is called essentially smooth if D¢, is non-empty, A is differ-
entiable throughout D¢, and A is steep. Steep means that lim;j_,, [VA(Aj)| = oo whenever {A;} is a
sequence in D9 converging to a boundary point of D,.

Theorem 4.2 (Gdrtner-Ellis). (See [13].) Suppose
AQ) = lim e logEfe ' *Z)
e—0

exists as an extended real number. Furthermore suppose that A is essentially smooth, lower semicontinuous
and that the origin belongs to the interior of D 4. Then Z; satisfies an LDP with good convex rate function A*
defined by

A*(0) ;= sup [r-£— AL)].
LERM

Remark. If n =1 and A* is finite in a neighborhood of ¢ > a:=1limEZ, then convex A* is non-
decreasing on [a, co) and continuous in this neighborhood. Therefore (16) holds.

Notice that the Gartner-Ellis theorem does not require independence. Indeed, one can use it to
prove an LDP for mixing random variables [13,9].

While the Gdrtner-Ellis theorem allows us to obtain an LDP for oscillatory integrals, we need the
contraction principle for functions of those integrals such as (6).

Theorem 4.3 (Contraction principle). Suppose f : R" — R™ is continuous and I : R" — [0, o] is a good rate

function for the family of random variables Z. and associated measures jt¢ (ftg(A) = P[Z; € A]). For y € R™,
define

I'(y):=inf{I(x): xeR", y = f(x)}.

Then I’ is a good rate function controlling the LDP associated with the measures iz o f~! (g o f~1(B) =

P[f(Z¢) € B]).

In other words, with Y, := f(Z,), the rate at which Z; concentrates away from ¢ will be deter-
mined by the point in f~'({£}) holding the most mass.

4.4. Large deviations for u,

In light of (6), we have

z
Us(X) =g(Ze),  g:R%x (0,00 =R, g(z)=g<z1,zz,z3,z4>=—z1+zzi,

1
Hi(s)
Ze=(Zg1, ..., 2Z¢yq), Zei= ds,
& (sl 84) ei O/AS(S)

Hi1=F1(p ), Hy =F, H3 =1, Hy=1. (23)
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Also set

H:= (H1, Hy, H3, Ha),

so that A-Zg = [ A-H/A,.
Using the Gdrtner-Ellis theorem we will find rate function Iz, for Z,, and then by the contraction
principle the rate function for u; is

Iy, (&)= inf Iz (2). (24)
zeg{£}

The real work involved here is in characterizing the limiting Cramér functional
lim ¢ log E¢ exp{e A - Z;}. We will do this for the media types (i) and (ii) mentioned in the in-
troduction.

4.4.1. Parameterized, independent, uniformly elliptic media
We assume here that the high frequency media is piecewise constant and independent:

Ax,y)=a(x,&) +b(y,0), withevery realization a(x, &) continuous,

[o.¢]
by, 0) =5 Y Ol 1m(¥), 6 ~iia T, 101 <1,
j=1

0<v <AX, y) <. (25)

Considered as a discrete process (at points centered at ne), the field is stationary and ergodic.
It is not truly stationary since the correlation E¢A(x, y)A(x, z) depends on more than the difference
y — z. Nonetheless we apply our theorems and obtain results that are validated by simulation. The
correlation condition is satisfied trivially since A(x1, y1), and A(xz, y2) are conditionally independent
whenever |y, — y2| > 1. Note also that the low and high frequency parts are in the form of Karhunen-
Loéve expansions, but the total field is not.

Since this solution (6) involves A, ™!, it is not surprising that we need to define

= ! T (v)—1 171 11 o (26)
T w g e T v\ v '

The main result for this media is:

V

Theorem 4.4. With g, Z., H(s), V given by (23), (25), (26), define

1
A :=/A(va(s,g),x~ﬂ(s))ds,
0

then A € C®(R*) is a convex function such that when Ay is defined by (25)
lime logIEgeefu'Zé‘ =A).

Moreover, for fixed &, Z satisfies a large deviation principle with good convex rate function

A*(€) := sup [A- £ — AW)],
reR4
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and u, satisfies a large deviation principle with good rate function

Iy, () == inf A*(2).
) zeg~1{e)

Proof. We will condition on & and then approximate a(x) by a piecewise constant function so that
a(x) appears only as a parameter. Now

Eg{em.zs}:Eg{exp{ jk HG) ”

Sofor N<e 1<N+1eN

N
- 1
elogBe fet *7) = eN— D _logEe{e" "™} + e log e {e™ "},
n=1
[OHE) e H(3)
xun= [ S0y [ O
a(§) + vy a(§) + ol
n—1 N
Since v, ' < (@+vp0) T < vy ~1 we also have upper and lower bounds on Eg{exp(x - Yy}}. Therefore

elogEg{exp{A Yn}} — 0. Using also the fact eN — 1 we have

N
. —1,. . 1 )
fmogEe (e %) = Jim 3 logEs{et ).

We henceforth study the limit on the right.
We can approximate

Xn(n) < M ~HNM)Vaym),
ay () + vpbhy =N

— S N

Hy(n) := max H| — ), aym):= min al— ).

) n—1<s<n (N) ay (M) n—1<s<n (N)
We thus have

N
1 _
elogE{av,/e} < N > A(Vaym, - Hy(m). (27)

n=1
Similarly we can choose Hy(n) and ay(n) to provide a lower bound. Together they yield
1 N N

NZA(VGN ymys A Hy l(n) ZIOgES )LXN(n)}

n=1 n 1

—Z VaN(n)v)\ HN(H))

2
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The ellipticity bounds imply that (a, A) = A(Vy, A) is C* for o taking values in the closure of
Range(a). Therefore,

— n
A(Vaymy. A -Hy(m)) — A(Va(%), A H(N)>, N — oo.

And thus (after extending ay, Hy to be piecewise constant), and using the continuity of s~ a(s, &)
and H(s) we have

N
1 _
m > " A(Vaym. A -Hy() =

n=1

A(Vay(sn). » - Hy(sN)) ds

o _

—

A(Vags), » - H(s)) ds.

o _

The same holds for the lower bound. We have thus shown
1
limeloges »Ze — / A(Vags), A - H(s)) ds. (28)
0

Since E{exp{AV}} is finite for all ¢, the hypothesis of the Gartner-Ellis theorem are trivially satisfied.
Recalling the definition of V, A, we see that the theorem is proved. O

4.4.2. Convolved media with no uniform (in w) lower bound

Here we obtain a large deviation principle for dependent media given by a convolution of random
variables that, while being positive, have no uniform lower bound. Convolution provides a convenient
way to generate dependencies.

To avoid additional technicalities, we restrict our attention to families of functions indexed by ¢
such that ¢! € N. Starting from this result, using the notion of exponential equivalence, and adding an
assumption of a finite logarithmic moment generating function, it would be possible to prove an LDP
for general ¢ € (0, 00).

Define

s 1 >
Ag(x) = A(E)’ where m = r;ﬁnfl,n)(s))’n,

o0
Y= ) hnomfm. ha>0. [lhl1= he < oo, (29)
m=—o00 k

and the {Bn}m-_, are non-negative ii.d. random variables each depending on the same random
vector (parameter) &. The random variables ), are well defined so long as the characteristic function
om(t) = I—[|k|<M E{ei"f} has a continuous limit ¢ (t). We take this as an assumption and proceed.

In this case, the large deviation principles for Z,, u, are a direct result of Lemmas 4.1, 4.2 (below),
the Gartner-Ellis theorem, and the contraction principle.
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Theorem 4.5. With g, Z., and H(s) given by (23), and (25), define

1

AL ::/A,g@)(||h||1x.1-1(s))ds,
0

then A € C*®(R#*) is a convex function such that when Ay is defined by (29)

lime logIElgeg_ll'Zf =A).

Ifin addition A is steep (see Proposition 4.1), then for fixed &, Z satisfies a large deviation principle with good
convex rate function

A*(0) ;= sup [r-£— AL,
reR4

and u, satisfies a large deviation principle with good rate function

I, (£):= inf A*).
' zeg~1{e}

Lemma 4.1. Let ¥, := )} hy_ B with non-negative {h;} € 2! and non-negative By i.i.d. with the same law
as B. For G € L*°([0, 1]), define

1

§N :Z/G(S))/LSNJ ds.
0

Then for A € R the following limit exists in (—oo, 00]

1

1 .
lim NA(NS,\,, A) = / Ag(AG(s)|Ih]l1) ds,
0

with Ag as in Definition 4.3.

Proof. For a result involving sums of convolved stationary random variables see [11]. The key differ-
ence is that here we allow the moment generating function to be infinite, and the term G(s) makes
the sum non-stationary. This necessitates a new proof technique that relies on non-negativity of the
Br and the hy,

1 N n N n
N§N:N/G(s)ym” ds:Z|: / G(s/N)ds:|yn:Z|: / G(s/N)ds:|Zﬂkhnk.

0 n=1 n_1 n=1 n-1 keZ

Making the substitution j =n —k we have

N—k Jtk

NSn=Y BHni  Hni:= Y hj G(s/N)ds.
keZ Jj=1-k k1
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This is a sum of independent random variables. Since g, ~ 8,

o
lA(N§ 1) = ! > ApGH )—l /A (AHN |s)) ds
N NoA = B Nk =y B N.[s]) &5
keZ 00
Using (44) and changing s — Ns we have
1 o
N ANSN,2) = / Pn(s)ds,  @n(s) = Ag(AH [sn))-
—0o0

The key to our proof is the fact that Hy j itself can be written as an expectation

N
Hyjg = /G(S/N)thkaJ ds =Ex, {Ihl1G(/N)1on}.

En S s—k+1] 4
kf() /f() TIE

Since m, is a density that concentrates near s = k — 1, for almost every s € [0,1],
Eg v {IIRN1G(/N) 1o, N1} — [IR]11G(s) (this is a result on the Lebesgue set for integrable functions,
see e.g. [15] Theorem 3.20 or [13], Theorem C.13). Also,

IN+1—sN]
IHN.snjl < IGlloo Y By (30)
j=11-sN]
Since this tends to zero for s ¢ [0, 1], we have
Ag(Ah[11G(s)), ae s€]0,1],
s) — @(s) == 31
on(s) = 9(6) {0, PR (31)

To prove the lemma, we thus have to show [ ¢y — [¢.
We first obtain an upper bound in cases where A(A) < oo. When A(A) = oo, the lower bound we
derive will be infinite, and thus the upper bound as well,

oo oo

f(PN(S)dSZ / Ap (B, {AIRI1G(/N)1jo, N }) ds

< [ Bx (4501116 ds

N

= / |:/A’g()\.“h”‘lc(t/N))anNJ(t)dt:| ds

0
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N

/{/Aﬁ )\||h||1G(t/N))JTLSJ(t)dti| ds

0

ZI—'

1

[/Aﬂ A||h||1G(t))7tLSJ(tN)dt:| ds

0

3

I
o | o 8\

Aﬂ(KIIhIhG(t))( / msj(tN)ds) dt
1
s ©)de = [ g (32)

0

Above, the inequality is due to Jensen’s inequality and the convexity of Ag. The change of integration

order is justified by Fubini since ¢ € L.
We now obtain a lower bound. We will show that ¢y > v, with v € L!. Then a corollary of Fatou’s

lemma gives us
liminf/ ©N(s)ds 2/(p(s) ds=A()). (33)

With M(t) :=E{e?}, we note that

@n(s) =log M(AHy, sn)) = log M(—|AHN,sn)|) = —log 1/M(—[AHn,sn)l)- (34)

Also, using M(—|AHy |snj]) <1 and (30) we have

1—1\/1(—|)»1‘11\1,L5NJ|))
M(—=|AHN, s

11— MIAHN shgDI 1= M(=[2Hn, v DI
S M(=IAHnsngl) O edsAIRIIGIo)

E[1 — e~ MHn.nl| |AHN, 5N |
= eAp(=AMIIGI) T pAg(=AlRI11IGllo)

log 1/M(—|AHN,sn)1) = log<1 +

[N-+1—sN]
<e_Aﬁ(_)‘”hHlHGHOO)”GHOO Z hj. (35)
j=1-sN]

So,

log 1/M(—[xHp, sn)1) < e A8 ARG G iRy (36)

This bound works for all s. However, when s is away from [0, 1] the summation is over the tails of h;
and we can do better. Specifically there exists Ng, N1 such that for N > N; > Ng and s ¢ [—1, 2]

IN+1—sN] [No+1—sNg|

Z hj< Z hj.

Jj=[1-sN] J=[1-sNo]
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Therefore, using (35), for s ¢ [—1,2], N > Ny,

[No+1—sNg]
log1/M(—|xHy,jsnyl) < e ARG G 3™ hj. (37)
Jj=[1=sNo]
So define
—e~ A CHIIICI) |G loo 11, sel-1,2],
Y (s) =
— Ag(=21[111|Glloo [No-+1—sNo] 4, .
—e—Ap(=Alhl1 Gl )||G||OOZ],:(>L]7$NOJ0 hj, s¢[-1,2].

Then for N > N1, (34), (36), and (37) show that @y > . To show ¥ € L!, we note that

% [No+1—sNo] C % [No+1-s]
|w(s)|ds<c/ | > hjds:N—O/ 'Z‘ hjds
s¢[—1,2] —oo J=L1-sNo] —o0 J=11-s8]
=Cllhly < os.

We thus obtain (33) and the proof is complete. O
Lemma 4.1 allows us to obtain a limiting Cramér functional for the convolved media.

Lemma 4.2. With H defined by (23) set

1

AN :=/Aﬁ(||h||1A~H(s))ds.
0

Then:

(i) Restricting attention to & such that ! € N,
. -1
lim e logEge® *% = A(h).
e—>0

(ii) A is lower semicontinuous.
(iii) Let b € (—o0, 0o] be the number satisfying {A: Eexp{A8} < oo} = (=00, b) or = (—o0, b], and let H;,
be the value of H(s) that maximizes A - H(s). Then

{A: IIhll1x-Hy <b} DA C {A: [Ihll1A - Hy < b},

with A’ finite throughout DS,.
(iv) If A is steep, then A is essentially-smooth.

Proof. Write

1
-1, _ A-H(s)

elogEze® *Zs .= glogK: { expl e ]/ dstt.
. el NG
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Applying Lemma 4.1 with A =1 and G = A - H we obtain that A is indeed the form for the limiting
Cramér functional, thus proving (i).
To prove lower semicontinuity, we note that whenever A, — A and A(1;) < o then

1
a > liminf A(A,) = liminf/ Ag(llhll1Aq - H(s)) ds
0

1
>fAﬂ(||h||1A-H(s>)=A(A),
0

by a corollary of Fatou’s lemma (using the fact that the integrand is bounded below).

To show (iii), suppose first [|h]l1A-H; < b. Then Ag(||lhfl1A-H(s)) is bounded and differentiable and
therefore A(A) is too. If on the other hand b < ||h||1A-H;, then since H is continuous, Ag(||h[l1A-H(s))
equals +o0o on a set of positive measure, hence A(A) = co. We thus have our bounds on D, and it
follows that D¢ is non-empty and A’ exists in DS,.

Lastly, (iv) follows from (ii), the assumption of steepness, (iii), and the definition of essential
smoothness. O

As hinted at by Lemma 4.2, steepness of A is a condition that needs extra work to check. We for-
mulate a necessary and sufficient condition below, and then three sufficient conditions that are easy
to check.

Proposition 4.1 (Steepness criteria). Extend A’ p to map R — [0, 00] by setting A/ (t) = oo whenever
Apg(t) = oo. Then define K; : R? — R by

X 1

K1(n) ::/A%(F(s)m +12) ds, Ka(n) ::/A};(F(s)m + 12) ds.
0 X

Then A defined in Lemma 4.2 is steep if and only if Ag is steep and for every n € E)D"i, Ki(n) =00,i=1,2.
Moreover, with Fy; := maxs F(s), Fp, := ming F(s), A is steep whenever one of the following sufficient
conditions hold:

1. Ag is finite everywhere.

2. Dpy = (—00,b) and F is piecewise C? (meaning here that there exists 0 =tg <t < --- < ty = 1 such
that F € Cz((tj, tj+1)) and limeye; [F”(0)] < oo and limy ¢, [F” ()| < 00).

3. Let {s1,...,Sn} be the points where F(sj) = Fy or F(sj) = Fp. Then there exist neighborhoods N; =
(si —38,si +8) N{s: Fyy < F(s) < Fy} such that on N;, F admits an expansion of the form

F(s) :==F(si) +c(s —s))" + R(s —s;),

R(s —si) 0 R'(s —sj)

, ————>0, N;i>s—s;.
(s—si)" (s—sp)r-1

Then withr :=min{ry,...,m}, A, b= 0D a4, A s steep if

G
[ a b
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Remark 4.1. Since 8 > 0, we have A;S > 0, and therefore K;j : [0, co] are well defined as integrals of
functions taking values in [0, oc].

Proof. We note that the first condition “Ag is finite everywhere” trivially implies that A is steep.
If Ag is not steep, then it is easy to construct an example showing that A is not steep either. So from
now on we assume Ag is steep but Dy, #R.

We now show the necessary and sufficient condition involving the K;. Recall

H:= (Fl¢,x), F,10,x,1).

To show steepness we must fix A € 9D, let D9 51" — A and show |[VAQ")| — oo.
Define the function I" : R* — [0, co] by

1

(A :=/A%(|Ih||1k-H(s))ds.
0

We claim that A is steep if and only if I"(A) = oo for all A € 9D%. Indeed, if I'(A) < co for some
A € 3D, then since for t € (0,1) t A;S(||h||1tk -H(s)) is finite and non-decreasing (by convexity),

[VA@ED| < IHlll I (€2) < [IH]l T () < o0,

and therefore A is not steep. On the other hand suppose I"(A) = oo for all boundary points A, then
choose one along with a sequence D9 > A" — 4, then by Fatou

liminf|VA(A")| > liminf " (A") > I'()) = cc.

Therefore A is steep.

We now show that D}, = DS. Note that A € D}. implies A;g(||h||1x -H(s)) is bounded for all s €
0,1), and A € (A — 8,1 + 8) for some § > 0. Since Djm = Dj‘%, the same holds for Ag(|lh[l1A - H(s)).
Hence D}, C DY. A similar argument shows D C Dr..

We now have A is steep if and only if I"(A) = oo for all A € D9 = dD}.. Our next step is to change
variables to simplify this boundary. To that end, note that I"(A) = K1 (||h|l1 (A1 + A2), [|h]l1 (A3 + Aq)) +
Ka(Jlhll1(A2), 1hll1(Aa)), so by a change of variables n = (A1 4+ A2, A3 + A4, A2, A4) We have

ro)=Ki(lhllin, 1hlin2) + Kz (Ithllins, [hl1n4).

Changing variables again 1+ 7n/||h||; and taking note of the non-negativity of the K;, we see that A
is steep if and only if K;(n) =oo forall R257n ¢ 0Dk;.

Having proved the necessary and sufficient condition, we use this to show the three sufficient
conditions. The first has already been shown.

As for the third sufficient condition, choose an extremal point s € (0, x) and assume 7 € Dy, . With-
out loss of generality, assume we have the given expansion in the open set (5 —§,5). Now K (1) = oo
if forall § >0

/ Ap(F(s)m 4 12) ds =oo. (38)
-5

S

We shall reduce this condition to the type stated in the proposition.
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Our expansion gives us

t(s):=F(s)m +n2=b—cls—5|" +R(s—3),

for a new positive constant ¢ and a new function R (differing from the old R by a constant). After
possibly shrinking § we can solve for s(t).

s =5—c(b+Rs—5—1)"".

Therefore, (38) holds if and only if

s b
/ A (F()m +m2)ds= / Ap(®)s'(t) dt = oo. (39)
§-8 tG-9)
Differentiating we have
sof1 R'(s—3) B 1 (b—p)=D/r
c/T(b+R(s—35) —t)=D/r ) 7 cl/r(h —t)=D/T (b4 R(s —5) — )T=D/1’

Noting that b + R(s —5) —t = c(5s — s)", and using our hypothesis on R, we have positive cq, ¢z such
that

c1 [
<s'(0) <

b — t)(r—l)/r b— t)(r—l)/r : (40)

Due to (40), (39) is equivalent to

A ()
/(b—t)(r 1)/r t=oo0.

Sufficient condition three then follows by considering all possible such points s.
Sufficient condition 2 follows from 3 since given 2 we have the expansion in 3 with r > 1 and
therefore

b A0 b / . 5 /
/(b—t)(r 1)/rdt</Aﬁ(t)dt:§1}rL1) /Aﬁ(t)dt

b—1 b—1
=lim Ag(8) — Ag(b—1) =0
5 /b

in light of our assumption D4, = (—o0,b) and the lower-semicontinuity of Ag, which follows from
Fatou’s lemma. O
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5. LDP approximations and generalizations
5.1. Rate functions for approximate solutions

To compute (naively) the rate functions for u, requires first a four-dimensional (convex) optimiza-
tion to obtain A*, and then another four-dimensional optimization to obtain I,,. Our corrector theory
shows that one can rigorously approximate u, = ug + v, in an /€ neighborhood of ug. Motivated by
this we consider the rate function for ug + ve.

However, a large deviation will necessarily take us outside the /¢ neighborhood, so more discus-
sion is in order. Looking at terms in the expansion (7) us, = ug + v¢ + R we see that when terms of
the form

1 /]H,'(S)
—_— ds
(Hk/Ao) , A ()

are not too large, we can approximate u, =~ ug + V¢. An exact rate function for ug + v, can then be
calculated. We call this our approximate rate function 1(¢). Note that this is equivalent to approximat-
ing g (from (23)) by some map g and using the contraction principle. It could be argued then that the
inverse images g~'{¢} ~ g~1{¢} when ¢ is sufficiently small (or some other better conditions). Then
continuity of the rate function A*(z) shows that I, () ~ 1(£). Since we can also represent v (x) (for
fixed x) in terms of an integral against a single function G(x,s), we can obtain a rate function for
ug + v without using the contraction principle. This gives us a more explicit form, and since rate
functions are unique (Lemma 4.4.1 in [13]) these methods give the same result.
We present now the LDP for ug + v¢. The proof is a simplified version of the LDP proof for u;.

Proposition 5.1. With G, v given by (8), we have:
lime log ]Egee_u(”o’“"s) =A).

Where, when A is the parameterized media defined by (25), and V given by (26),

G(s)
Ao(s)

1
A(L) == Aug + / [—A + A(Vaes), AG(S))} ds,
0

and when A; is the convolved media defined by (29),

1
A(A) = Aug +/[—A
0

In either case A is convex and whenever A is steep ug + v, satisfies a large deviation principle with good
convex rate function

G(s)
Ao(s)

ds + Aﬁ(||h||1>»G(s))] ds.

1(0) :== sup[rt — AW)].
LER

Moreover, whenever I is finite in a neighborhood of £ > lim Eu, then (16) holds.

Remark 5.1. The steepness criteria in Proposition 4.1 also apply here with G(x, s) (written G(s) when
we fix x) replacing F(s).
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5.2. Generalizations to incompletely characterized media

Gaussian corrector results, e.g. Theorem 3.2, require knowledge of the first two moments of the
random media (along with other “niceness” assumptions such as mixing and bounds on higher mo-
ments). The question arises: How much must be known about the random media for a large deviation
result? Here we partially answer this question and leave a thread open for future work.

LDP results for mixing random variables are available [13,9]. These give existence but not an ex-
plicit form for limiting Cramér functional A, and hence only existence of an LDP (instead of an explicit
form). Restricting our attention to the case of parameterized media (Section 4.4.1) or convolved media
(Section 4.4.2), we ask, “how general can the assumptions on the 6, or B, be?” In general, we cannot
expect the moment generating function of our media to be known. Notice that

A>A = sup[r— AMW)] < sup[rl — AW)]. (41)
reR reR

In other words, if we can obtain upper bounds for the moment generating function, then we can
obtain a lower bound on the rate function. So a strategy would be: First, write the limiting logarith-
mic moment generating function A(A) :=lims_.geA(e " 'vg, 1) in terms of the logarithmic moment
generating function of the random media (e.g. Ag in Lemma 4.2). Second, find upper bounds for Ag
using e.g. Bennett's inequality (Lemma 2.4.1 in [13]) (this bounds the moment generating function of
a bounded random variable in terms of its mean and variance). Third, a rigorous limiting upper bound
is now available via (41).

6. Model problems

Here we explore two specific examples and give numerical results. In both cases the right-hand
side f(x) =1 for x € (0.45,0.55) and f(x) =0 elsewhere. Hence F(s) is piecewise smooth. Therefore,
using sufficient steepness condition 3 (Proposition 4.1) our logarithmic moment generating functions
will be steep (since s+ G(x,s) is piecewise smooth).

6.1. Numerical results for parameterized media

Here we use a field that fits into the framework of Section 4.4.1. This gives some control over the
large deviations.
Let & = (%o, ...,&7) be ~jiq U[—1,1]. We then set

7
1-0.75 17
a(x, £) = max 1+2W E Ent™ sin[(2m + D x], 5}

m=0

Next, let 6 = (01,...,6m,...) be an infinite collection of identically distributed independent rvs
0; ~U[—1, 1] (which are also independent of the &;). Put

1 o
b(y.0)=5 D Onlm<y<ms1(¥).

m=0

In other words, b(y,0) =6, whenm <y <m+1.
We are ensured of the ellipticity condition

The resultant media is pictured in Fig. 1.
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2.0 1.6

- A; =a(z,) ‘F‘b({lﬁ/f,a)

1.8t 1.4f o—e Ay (2,£)

1.6} 1.2f

1.4 1.0

1.2 0.8

1.0 0.6

0.8¢ 0.4f
— A, =a(z,£) +b(z/c,0)
0.6F| o= A(z) 0.2
== a3,
0.4 n n . . 0.0 . . . .
0.0 0.2 0.4 . 0.6 0.8 1.0 0.0 0.2 0.4 . 0.6 0.8 1.0

Fig. 1. Comparison of two realizations of parameterized diffusion coefficients (Section 6.1). The homogenized coefficient differs
significantly only when a(x, &) is small. In both cases, ¢ = 1/50. On the left a(x, &) is such that no values of 6; ~U/[—1, 1] bring
Ag close to zero. This realization of a(x, &) is quite typical and is referred to as our “mild” coefficient. On the right we have a
less common “wild” coefficient.

Following as in Section 4.4.1 we characterize Vg := (o +6/2)~! with 6 ~/[—1,1]. We have an
explicit density for V,

Nva(v)=1u+11/2<va<a711/2 (V)ﬁ (42)
Hence,
a+1/2 2 1
E{Vq}:=log| —— |, E{Vit = ——.
{ Ol} g<a_1/2> { Ol} 052—1/4
Therefore,

1 ) a+1/2\]"
AO(X’E)ZEE[Tb(O)} Ia:a(x,g>=|:10g<a_71;2>] le=a(x.£):

2y 2 <
cOva(f):[E{Va} E{(Vo)?, 0<7 <1,
0, otherwise,

o2 (t) = Covg la—at.f)-

These calculations are enough to give us explicit integrals defining the homogenized term u( and the
corrector v. Namely, ug solves

dA d
X o(X)auo—f(X),

and the corrector is given by Theorem 3.2 with o2(t) as above.
The large deviations result for u, is given by Theorem 4.4, and our approximate rate function by
Proposition 5.1. In particular, the limiting Cramér functional (Theorem 4.4) is given by

1 (a(s)—1/2)"1
AQ) ::/log

0 (a(s)+1/2)~1

eA-H(s)v

2 dvds,
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— R 0.25
‘\ === Using a(z.£)
-, o—e Using A (z,) 0.20}

0.15¢

0.10+

0.05r

0.00

L? Error

—0.05¢
—0.10¢

4 -0.15¢

—0.20 H . . H
10t 1e 102 0.0 0.2 0.4 0.6 0.8 1.0
x

10

€

Fig. 2. Left: L2 convergence of E{||ug — ug||} and E{|us — ug||} where uq is the result of a truncated coefficient expansion (using
a(x, &) only). This verifies Theorem 3.1. Right: Homogenized solution ug(x, &) and many realization of the corrected solution
Up(x, ) + +/€v(x, w). For all realizations & was fixed at the same value as the wild coefficient (Fig. 1 right).

and for the approximate rate-function,

1 (a(s)—1/2)"1
G(S) eAG(S)v
A ::kuo+/ —A + log / 2 dv | ds.
0

Ao(s)
@s)+1/2)"

We define empirical rate functions & (ug(0.5),£), £uo(0.5) + /ev(0.5),¢) (for uc(0.5) and
u(0.5) + 4/€v(0.5) respectively) as follows. With {Xq,..., Xy} a set of samples from W (W = u,

or W =ug + /ev), we set

1 N
W:= lim — X
Nl—>moonZ] P

elog F Y0 Ixze(X)), £>W,

15N = (43)
elogﬁ Zj:l 1xg[(X]’), < W.

EW, ) :=

Note that limy_ o £(Uug + +/€V, £) has an explicit expression, and we use this in place of (43) to
compute E(up + +/€v, £). Since X; > ¢ is a rare event we cannot compute £ by direct sampling.
A crude importance sampling technique was used whereby the 6; ~U[—1, 1] were replaced by with
(scaled and shifted) Bradford random variates,

Cc
2log(1+0)(1+ 56 +1))

TBrad(0) = 11x<10).

As ¢ > 0 increases, the draws 6; are more likely to concentrate near —1. This gives a smaller diffu-
sion coefficient and hence larger solution. Calculation of £ must then be re-weighted by the factor
T uniform (63)/Tgrad (6;). See e.g. [12,21] for an overview of importance sampling.

In Fig. 1 two realizations of the parameterized media are shown. We will fix the low frequency
part a(x, &) and study the behavior of the solution over different realizations of b(g,@). The “mild”
medium (left) has a(x, &) far from zero, so no matter what b(g, ) is the solution is small. The “wild”
medium has a section of very small a(x, £). In all cases, one notes that the homogenized coefficient
Ao(x, &) differs from the low-frequency coefficient a(x, &) most when the medium is small. In this
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Fig. 3. Left: Observed density of u(0.5) for the mild medium (Fig. 1 left). Plot shows that the corrector captures the bulk of the
variance quite well. Right: The wild medium (Fig. 1 right) is shown. Results are not as good.
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Fig. 4. Verification of Theorem 3.2. Conditional variance Eg{u(x, )2} and Ee{(uo(x) + Ev(x, ))?} for various . For all

realizations & was fixed at the same value as the wild coefficient (Fig. 1 left). Plots show good agreement when 1/¢ > 50. Note
also that Eg {(uo(x) + JEv(x))?} is available explicitly via (12).

case, Ag < a in an attempt to affect a large jump in the solution ug to approximate the often large so-
lution u, (although b(y, #) is symmetric about 0, the resultant solution u, is not symmetric about ug).

We verify Theorem 3.2 in Figs. 2, 3, and 4. In Fig. 3 one can see that the pdf of the corrected
solution (at the fixed point x = 1/2) agrees well with the true solution so long as ¢ is small enough.
The fit is worse for the “wild” medium, and in particular the true pdf shows an asymmetry that the
Gaussian corrector cannot have. In Fig. 4, one sees that when ¢ ~ 1/50 (or smaller) the corrector
captures the variance quite well. Rate functions for the mild medium are compared in Fig. 5. One
can see that the corrector and true rate function are almost indistinguishable until the true solution
saturates around 0.35. The approximate rate function also works well up until u(0.5) &~ 0.3. In this
case one could use the approximate rate function to see a priori that the corrector stands a chance of
capturing the large-deviation behavior well. The case is different for the wild medium LDP results in
Fig. 6. Here one can see that the corrector rate function separates from the true rate function fairly
early on. While the fit between the approximate rate function I and the true rate function £(ue, -)
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Fig. 5. Left: Comparison of empirical rate function for u., €(ug, £), with the corrector rate function (¢ — ug)?/(2C¢) in the case
of the mild medium (Fig. 1 left). In this case, the corrector captures the large deviation behavior well up until ~ 0.3 when the
true solution nears its theoretical upper bound. Right: Comparison of theoretical approximate rate function 1(¢) with empirical
rate function £ with the mild medium and ¢ = 1/100. The approximate rate function works quite well for values ~ 0.30. Since
the largest possible solution is ug(0.5) ~ 0.35 we consider 0.03 ~ 0 (1).

0.40 — T T T T T T
—_1(0) S
0.350| .. (f*“n)z /(2C,) : I ]

0.25r

0.20r

0.10r

0.05r

0.00 i i i i i i i 0.00 i i i i i i i
0.050 0.055 0.060 0.065 0.070 0.075 0.080 0.085 0.090 0.050 0.055 0.060 0.065 0.070 0.075 0.080 0.085 0.090
L

Fig. 6. Left: Comparison of empirical rate function for u., £(ug, £), with the corrector rate fungtion E(up + /€v, £) in the case
of the wild medium (Fig. 1 right). Right: Comparison of theoretical approximate rate function I(¢) with empirical rate function
E(ug, £) with the wild medium and & =1/100.

is not perfect, one could still tell, using only I, that the Gaussian corrector stands little chance of
capturing the large deviation behavior.

It should be noted that since for the mild medium, the maximum possible value of u¢(0.5) was
approximately 0.35, we consider ¢ = 0.03 a large deviation. The scale is harder to set with the wild
medium since our sampling could not achieve results near the maximum. However, one does note
(Fig. 6) that by ¢ ~ 0.6 the empirical rate function differs from a Gaussian rate function by quite a bit.
For that reason, we consider £ > 0.6 to be a large deviation. It is important to note however that the
approximate rate function, being based on a linearization, does differ from the true rate function for
large enough ¢.

6.2. Numerical results for convolved media

Here we implement a particular case of the media described in Section 4.4.2. With ¢! € N, we de-
fine
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s 1 ad
Ax) = A 2 here —— =3 "1,
£ (%) <8> where -7 n; (n—1.1)(5) Vs

oo
Z hn—m/sm,

m=—oo

ha >0, [hlli:=)_ he < oo,

and the {8} _o are iid. chi-squared random variables with &£ degrees of freedom. This means

BE/2-10-B/2

B ’\’7Tﬁ(5|§) = W

The moment generating and characteristic functions of every 8, are

1
(1—2n)8/2°

1

a—zi0f? (44)

Eefe’’} = Eefe'’} =

The random variables y; are well defined since the characteristic function ¢um(t) == [j<m E{eithF)
has a continuous limit ¢ (t). Indeed,

log i (t) = —% > log(1 — 2ithy).
Ik|<M

This converges absolutely as can be seen using |log(1 — 2ithy)| < C|2thy| and ||h]||; < oo.
Note that E¢ 8y, =&, Ee (Bn — €)% = 2£, so

o0

Z n—1.m () Ee Y = £ll1ll1,

1
Ao(s) SA(s)

1 1 1 1
covse) = ES{(A(O) B Ei A©) D (A(r) B E{ A(T) })} =2 s (49)

keZ

So the single random variable ¢ defines the coarse-scale randomness. From realization to realization &
varies with a geometric distribution (with parameter 1/5) i.e.

1/4\%!
ﬂé(é):§(§> .

Truncation has no meaning in this context, so we consider homogenization. We have

Ay' =E{A: 7'} (x) =¢&|lh||1 = const., (46)
and then ug is the solution to

d2
—Sllhlh uo—f(X) up(0) =up(1) =0
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Fig. 7. Typical realization of random media when & =1 (left) and when & = 3 (right).
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Fig. 8. Pdf of u, vs. that of ug + +/ev for two values of ¢ and the convolved media. On the left, k = 1, and on the right x = 10.
In all cases & = 1. Shows good agreement once ¢ is small enough, although agreement is worse when x = 10.

Using (45) we obtain o2(t) = 2$||h||%. The Gaussian corrector is then given by Theorem 3.2. The
large deviations result and rate function is given by Theorem 4.5 with

1
1

AQ): /5 T 2l A
0

1

and for the approximate LDP (Proposition 5.1)

1

. _ G(s) § o
AL) = Aug +0/[ )\Ao(s) + 5 log ] —2||h||1kG(s)] ds

Fig. 7 shows typical realizations of the diffusion coefficient when the media “building block” 8 has
& =1 or &£ =3 degrees of freedom. More degrees of freedom means larger u.. The behavior however
is not analogous to the “mild/wild” comparison of Section 6.1. In particular, the corrector captures the
bulk of the distribution (moderate deviations) for all values of & so long as ¢ is small enough. For this
reason we only picture pdfs for & =1 (Fig. 8). This is expected since a )(52 random variable behaves
similar to a Gaussian random variable N'(¢, 2¢) when & is large. The media correlation length « does
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Fig. 9. LDP results for the convolved media. Comparison of empirical rate function £ (ue, ¢) with theoretical (approximate) rate
function I(¢). Here &£ =1, ||h||y =1, k =1 and ¢ =1/100 (left) or £ = 1/10 (right).
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Fig. 10. LDP results for the convolved media. Comparison of empirical rate function £ (u¢, £) with theoretical (approximate) rate
function I(¢). Here § =3, |h]1 =1, k =1 and & =1/100 (left) or £ = 1/10 (right). Note that the &£ = 1/100 plot only has
£ €(0,0.4) due to the difficulty in sampling the extremely rare event u, > 0.5.
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Fig. 11. LDP results for the convolved media. Comparison of empirical rate function & (ug,¢) with empirical corrector rate
function £ (ug + €v, £). Here |hlly =1, k =1, € =1/100, and & =1 (left) or & = 3 (right). In both cases the true rate function
is much different than that of the corrector. The corrector’s rate function performs better when & =3 as can be expected by
comparison of the pdf for X32 and X12 random variables.
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effect the results, and in particular ¥ must be much smaller than e~! for the corrector theory to
work well. This is expected since sums of highly correlated random variables tend to a Gaussian at a
slower rate than independent ones. Figs. 9 and 10 show that the approximate rate function captures
the large-deviation behavior well (for ¢ not too large). As in the case of the wild medium from
Section 6.1 we consider ¢ a large deviation if the empirical rate function & (ug, -) differs significantly
from the Gaussian rate function at that point. In all cases, &€ must be small enough, but when it is the
match is good. Fig. 11 shows that the corrector cannot capture the large deviation behavior of this
media. As is the case with the parameterized media of Section 6.1 the approximate rate function does
a much better job than the corrector (once ¢ is small enough).

7. Proof of homogenization/Gaussian corrector results
Here we prove extensions of known results.
7.1. Proof of Theorem 3.1

Here we prove one-dimensional homogenization results for our media, which has no uniform
(in w) ellipticity lower bound and is stationary only in the second variable.

7.11. L2 convergence
Solving (1) with A, = A; and again with A; = Ag obtain solutions such as (6). Subtracting them
we have

X

1 1
Ug(X) — ug(x) =/F(s)[ - ]ds
Ag A
) (s) 0(s)

+/[(F/A0) 1 (F/Ag) 1 ]ds
0

(1/A0) Ao(s)  (1/A¢) Ac(s)
=1 (x) + [ (x). (47)
We can re-write I as
I1(x) = (F1j0,x/Ae) — (F1j0,x1/ A0)-

We are thus motivated to prove the following lemma.
Lemma 7.1. Let H € L*°[0, 1] be deterministic, then

2

E¢((H/Ag) — (H/Ao))” < &llH|I?=Ca_,.

Proof. Write

e ((H/Ae) — (H/Ao))?

el el

_ .2 T 1
_g / / dtdsH(s)H(t)E5{<A(SS’S) Eg{l/A}(SS))(A(t&t) Eg{l/A}(t8)>}
0 0

g=lg™1

:82//H(s)H(t)CovE(ss,te,s—t)dtds<8||H||focCA_1. o
0 0
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Since ||F||L:>o < ||f||L2, Lemma 7.1 giVES us
S 1”]_2 \8||f||L2 A*1~ ( )

We now consider I. After repeated use of the equality ab — ab = (a—a)b+ab — 5) we obtain

X

1
I (x) = ((F/Ao) — (F/Aﬁ)(/ mds)
0

1 X(F/Aa)
+((1/A¢) = <1/A0>)(<1/A0)(1/Ae> f Ao ds)
0

o 1 (F/A¢)
— d
+<0/[A0(S) Ag(S)] S>(<1/As>>

= 121(X) + 122(X) + 123(X)'

Each term is the product of a term similar to I and a bounded random variable (a priori bounds
obtained using the positivity of A). We thus obtain

VEeIRI, < Bl + Ee il + B llas),
<3VEl fll2/Cat. (49)

The inequality in Theorem 3.1 thus follows from (47)-(49).

7.1.2. A.s. convergence
Here we use the same decomposition,

Ug (x) — ug(X) = I1(X) + I21(X) 4 I22(x) + I23(%),

and show that each term goes to zero a.s. To that end, we notice that every term is the product of a
bounded (sometimes random) variable, and a term like (H/A:) — (H/Ao) (with H depending on x).
It will thus suffice to prove a.s. convergence of this latter term. We thus obtain pointwise (in x) a.s.
convergence. The a.s. norm convergence then follows from an a priori bound on every realization of
ug —ug and the bounded convergence theorem. The a priori bound follows from (9) (which we assume
here is independent of €) and (47). In other words, a.s. convergence in Theorem 3.1 is a corollary of
the following lemma.

Lemma 7.2. Suppose H € L*° is deterministic, then as T — oo, we have (almost surely Pg )

(H/A;-1) — (H/Ag) — 0.

Proof. The proof is more-or-less a standard trick where we show a.s. convergence on a sequence of T
values as well as the difference between the sequence values and “nearby” values. See Section 37.7
in [18].
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We handle the first convergent term first. Defining

Y(t):=(H/A;-1) — (H/Ao),

X(t,s) = H(t)< —Eg{l//\}(f)>,

1
A(t,s)

we have

1

1
Y(r):/H(s)(A(S p= —]Eg{l/A}(S)) ds

0

T

1

1
0]

Q| =

/X(s/r,s)ds.
0

Now formeN,a>0,and m* <1t < (m+1)%,

T
%Y(r):Y(m“)—i—Z(ma,r), Z(m®, 1) ::%fX(s/r,s)ds.

mH
Directly from Lemma 7.1 we have
2 _
Ee{Y(m?)"} < |H|[fCpam ™,

and then Chebyshev inequality gives us, for any § > 0,

2 —
 Belyan?) _ JHIfCpm™

pe[ [y ()| > o] < 0T T

We choose a > 1 and then

i PEUY(ma)’ >8] < oo0.

So by the Borel-Cantelli lemma, Y(m*) — 0, P¢ as.
As for Z(m“, ), we set

) (m+1)°
U(m?):= sup  |Z(m% 1)| < — |X(s/T.s)|ds,
mi<t<(m+1)a m¢
mﬂ
and note that
5 (m4-1)* (m+1)¢
E a2 I1HIS / /
£|U(m?)|” < e C(s—s')dsds
ma ma
m+1)4 —m* a+ 17!
S IHIZ o T e I
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Therefore IEE{U(ma)Z} <m~2, and by Chebyshev’s inequality and the Borel-Cantelli lemma we obtain
U(@m®) — 0 P¢ as. The same conclusion thus holds for Y(t), m* < v < (m+ 1)% and therefore for
Y(t)=(H/A;-1) — (H/Ao). O

7.2. Proof of Theorem 3.2

Here we prove one-dimensional corrector results for our media, which has no uniform (in w)
ellipticity lower bound and is stationary only in the second variable.

7.2.1. One-dimensional oscillatory integral
Here we study the integral

1

1
v = [ Goroa®dt  4:(0 = 1 ~E1/AI0).
0 e

where G(x, s) is deterministic, piecewise continuous in s, and uniformly (in s) Lipschitz in x.
First note that

E (Vs(x))

o Cove (t, s,
//G(X, t)G(x, )fd sdt
00

1 (1-s)/e
:/G(x,s)|: / G(x,£t+s)Cov5(8t+s,s,t)dti| ds
0

—s/e

Using (10) and dominated convergence, we therefore have

NG

—00

2 1 00
IES(V—E> —>fG(x, 0202ty dt,  ol(t) = / Cove (¢, £, q) dg. (50)
0

The scaling (in ¢) and the fact that g, is mean zero indicate that a central-limit type result should
show convergence to a Gaussian random variable. This is indeed the case.

Lemma 7.3. If G(x, s) is deterministic, piecewise continuous in s, and uniformly (in s) Lipschitz in x, then

1
dist.

Lv x) = L/l.G(X tHg.(t)dt — | G(x,t)o (t)dW,
NG B —ﬁ qe s ts
0

0

where W, is a standard Brownian motion.

The following result allows us to reduce the problem of proving convergence (of a stochastic pro-
cess) to one of studying finite dimensional distributions [5].

Proposition 7.1. Suppose (Z,; 1 < n < oo) are random variables with values in the space of continuous
functions C([0, 1]). Then Z, converges in distribution to Z, provided that:
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(a) any finite dimensional joint distribution (Z,(x1), ..., Zn(X)) converges to the joint distribution (Z.o (x1),
vy Zoo(xk)) asn — oo.
(b) (Zy) is a tight sequence of random variables. A sufficient condition for tightness of (Z,) is the following
Kolmogorov criterion: There exist positive constants v, g and § such that
(i) supp>1E{|Zn(0)]"} < oo, for some t € [0, 1],
(ii) E{1Zn(s) — Za®IF) S It — 5",
uniformlyinn >1andt,s € [0, 1].

Tightness is easily verified. Indeed, (10) and (50) show that

1

2
Ee|ve®) — ve(y)|” = Ee ( / [Gx.0) — Gy, D]qe(®) dr)
0
1

- /[G(x, £ — Gy, 0] @ dt < Clx — P,
0

so condition (b-i) is met with v =2, and (b-ii) is met with 8 =2 and § = 1.

This means that to prove the theorem we simply need to fix (xq,...,X,) and show
—1/2= _ dist. -
eV =T V2 (ve(xa)s o, Ve () =5 V1= (VD) -, V),
1
V(X) ::[G(x, t)o (t)dWy. (51)
0

Proof. Any finite dimensional distribution £~1/2v, has characteristic function

e (k) == E {eiz'}:1 kfgi]/zv‘?("f)}, k=(ki,..., kn).
The above characteristic function may be recast as
iflm(s)iq (s)ds .
De(k) =Eefe 0 "VVETTEN  m(s) =) kG (xj.9).
j=1

As a consequence, convergence of the finite dimensional distributions will be proved if we can show
convergence of

1 1
‘1 .
I := /m(s)—qg(s) dsﬂ Np:= /m(s)o(s) dWs, (52)
Je
0
for piecewise continuous m.
dist.

Proceeding, we now show that I, —> Nj. We first consider the case of constant m=1 and q¢(s) =
q(s, ) =q(%). To that end, set
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ke 1 k
Q= / Eq(z)ds:/q(s)ds, k:l,...,[e’lj.
(k—1)e k—1

Then I, (x) = Lg qu + R(g), where R(¢) — 0 in L? (and therefore in probability), and hence may
be ignored. We therefore consider the limit

le~!] G
Yo a+RE, [R@©] 00 Se

1
\/—ZQk—i/;l— = Z

So we ignore R’ and consider the limit of the summation. Following Theorem 19.2 in [5], we define
the sigma fields F,, F" generated by {qix: k < n}, {qx: k > n} respectively and set

pn = sup{|[E{(mna}|: m € F1, m e F", E{ni} =0, E{n?} =1, i=1,2}.

Then, so long as Y .21 pn < 00,

o¢]
Z qkﬂj\f 0,v%), v? :=]E{q%}+ZZE{q1qn}.

v |-8_1J k= n=2

Since pp < ¢(n — 1), the summability condition on p, is implied by Assumptions 3.1. We now show

that v2 = o2. Indeed,
1 2 11
:E{[/q(s)ds} }:ffCOVg(S—S/)deS/.
0 0 0

Also, using the symmetry of Covg, we have

00 1 00 1
E{Q1Qn}=//COVg s—s')dsds’ :/
01 0

n=2

Covg (s — ) dsds’.

é\..o

Therefore,

1 oo
U2://COV§ s —s')dsds’ =0
0 —o0
This shows (52).

To prove the theorem in the case of non-constant m(s), and q = q(s, g) we note that if m is
replaced by my, and g is replaced by qp, giving us I", then

11
1
E5|18h(x) — Ig(x)|2 _ EEE//[m(S)qG’ 2) — mp(S)qn (s, g)}
00
X [m(t)q(t, é) mp(t)qn (t —)] dsdt. (53)
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We will choose my, g, such that the above expectation vanishes in the limit. Split [0, 1] into subin-
tervals of size h (with 1/h C N) with endpoints t; := jh, j=1,...,1/h. Now set

t t
mp(t) :=m(t;) and qh<t, E) :=q(t]~,g>, fort e [tj, tj+1).

Taking expectation inside of the integral (53), changing t + ¢t, then ¢+ t + s/& we have (similar
to (50))

1 oo
2
E§|18h—18| =//Qs,h(5»t)dfd5,
0 —

where |Q¢ x (s, )| < CI'(t) (with I from (10)). Using the continuity (on the diagonal) of Covg, and the
piecewise continuity of G, we also have Q;, — 0 as (¢,h) — (0,0) (in any way whatsoever, for a.e.
(s, t)). Therefore, it suffices to prove Lemma 7.3 with my, g replacing m, q.

We proceed to split the integral defining I, up

1/h—1

1
Ie _/mh(t)qh<t 5) dt = Z / m(t,)q(t,, )dt.
0

[tj ti1)

Each subintegral is handled exactly as before, yielding

d
mt;) / (t,, )dt oy m(t;)o (t;) dW,.
[tj.tjt1) [tj.tj+1)
It remains then to show that the limiting Gaussians (above) are independent. We do this in the case

where Iz = I¢ 1 + I 2 is split into two intervals, the general case following by induction. To that end,
we show that for all k1,k; € R

= ‘EE {ei(k111.8+k212.6)} _ Eé{eik“lf }Eé{eikzlz’f}’ — 0. (54)
Define
X—n
1 t
n n
P51=/_8q<g>dtv Q1—181_P’11
n
y—n ] ;
n
sz_ ﬁ(](g)dt, Q&‘Z_ISZ P )
x+n

Then the first term in £ decomposes as

E¢ {ei(lq 15_1+k218,2)} _ Eg{(eileg] _ l)eiklpgﬁikzlg,z} +Ee {eikm;’_ﬁikzl&z }
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The first term in the decomposition is small since

[Ee{ (™% — 1)eliPertitelea)| < (B e — 17) 12 S /2 (55)

~

As for the second term,
E¢ {eik1 Pg.l"'ikzls,z} — e {eik1 I }Eé {eikzlaz}
_ [Eg{eik] Pg’]JrikzIE,z} — B {eikm;{1 VB, {eikzlaz - [EE{(eilq Q) _ 1)eik1 Pl \E; {eikzlg_z -

The first bracketed term is < @(1/€) by our mixing condition (3.1), and the second is <7'/2 in a
manner similar to (55). Therefore,

2
ES (w(%) +n1/2> —0, ase—0

for say n =¢!/2.
We have thus shown

1
1o 85 / M (©)oR () AW,
0

and this completes the proof. O

We also prove a complementary lemma that allows us to deal with the lack of a uniform (in w)
ellipticity lower bound.

Lemma 7.4. Suppose A satisfies the hypothesis of Theorem 3.2. Then with

( s) 1 1
q\s, - ) = SN A N0
€ A(s, 3)  Ao(s)

we have for any H € L*°([0, 1]),

1 6 11
6::Eé{</H(s)q<s, g) ds) }<Cs</fH(s)H(r)p”3<58;t> dsdt)
0 00

<ECNHIS | -

£< / |H(S1)...H(se)|‘E5{q(s1, %) ---q(ss, %)}

[0,11

3

Proof.

ds.

The expectation can be broken up using Cauchy-Schwartz into a product that looks like

1/3
(Ee [ X33 ) Ee [ X33 ) Ee [ x2x2)) .
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For each term IEE{X?X?H}, the mixing condition, and our bound on 6th moments gives
3 3
S t s—t
E S, — t, — <p| — )Ce.

7.2.2. Asymptotic expansion of the solution u,
We now complete the proof of Theorem 3.2. Starting from (7), (8) we write

The result follows. O

ue(X)—uo(X)_Lv ()+LR *
NV AN

The convergence of £ ~1/2v, is assured by Lemma 7.3. We now show that ¢ ~1/2R, is tight and con-

L . dist, . .
verges pointwise to zero. Then, Proposition 7.1 shows that e~1/2R, 9% 0 in the space of continuous
paths.

To that end we write e~ 1/2R(x) as a sum of terms of the form

X -l ‘l 1
Z/BE(S)d& Be(s) = ﬁ(A—(s) B F(S))

0

for a constant random variable Z, with either
1ZI<CLXE). 1ZI<CLIXSYE]. 1ZI< CLIXE[(1/A:). or 1ZI< CLYS.

We first show that E¢{(e~1/2(Rs(y) — R (x)))3} < €|y — x|, meeting condition (b-ii) of Proposition 7.1
with g =3, § = 1. Then choosing x = 0, we have (since R¢(0) =0) e~1/2R.(y) — 0 in L3(£2,Ps).
This meets condition (b-i) of Proposition 7.1 with v =3 and also shows that all finite dimensional
distributions converge to the zero vector as well (meeting condition (a) the proposition).
Using Holder, with 1/p+1/p’=1,and r >0
r 1
/ ds
Be(x)

2 [ 5 o] <@y (=

X

’ ’

(X
()

We choose r=2, p=3/2, p’ =3 to get

]Es[Z/y B:(S) d5]2 < (Es{|2|3})2/3<Es{

(=

y

f L ds
B (%)

X

Now due to Lemma 7.4,

y

/ ! ds
B¢ (%)

X

6y\ 1/3
1/3
}) <Clplocly — .
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Also, using Holder and Lemma 7.4, E§{|Z|3} is < ¢ in all cases of Z. We therefore have

ESHRS(Y) — Re (%)

3
<eClly —x|2.
NG } £ly —X|
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