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In this paper, we consider the extreme behavior of a Gaussian random
field f(¢) living on a compact set 7. In particular, we are interested in tail
events associated with the integral [ e/ ® dt. We construct a (non-Gaussian)
random field whose distribution can be explicitly stated. This field approxi-
mates the conditional Gaussian random field f (given that [ e dt ex-
ceeds a large value) in total variation. Based on this approximation, we show
that the tail event of [ efDdr is asymptotically equivalent to the tail event
of supy y (t) where y (¢) is a Gaussian process and it is an affine function of
f () and its derivative field. In addition to the asymptotic description of the
conditional field, we construct an efficient Monte Carlo estimator that runs in
polynomial time of logb to compute the probability P ([ e/ di > b) with
a prescribed relative accuracy.

1. Introduction. Consider a Gaussian random field {f(¢):¢ € T} living on
a d-dimensional domain 7 C R? with zero mean and unit variance, that is, for
every finite subset {t{,...,t,} C T, (f(t1),..., f(t,)) is a mean zero multivariate
Gaussian random vector. Let £ (¢) be a (deterministic) function and o € (0, co) be
a scale factor. Define

(1.1) I(T) 2 f T O+ g
T

In this paper, we develop a precise asymptotic description of the conditional dis-
tribution of f given that Z(T') exceeds a large value b, that is, P(:|Z(T) > b).
In particular, we provide a tractable total variation approximation (in the sample
path space) for such conditional random fields based on a change of measure tech-
nique. In addition to the asymptotic descriptions, we design efficient Monte Carlo
estimators that run in polynomial time of log b for computing the tail probabilities

(1.2) v(b) = P(I(T) > b) = p(/ SO+ gp o b)
T

with a prescribed relative accuracy.
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1.1. The literature. In the probability literature, the extreme behaviors of
Gaussian random fields have been studied extensively. The results range from
general bounds to sharp asymptotic approximations. An incomplete list of works
includes [15, 20, 23, 35, 37, 39, 46, 50, 52]. A few lines of investigations on
the supremum norm are given as follows. Assuming locally stationary struc-
ture, the double-sum method [49] provides the exact asymptotic approximation of
supy f(¢) over a compact set T, which is allowed to grow as the threshold tends to
infinity. For almost surely at least twice differentiable fields, the authors of [2, 5,
53] derive the analytic form of the expected Euler—Poincaré characteristics of the
excursion set [ x (Ap)] which serves as a good approximation of the tail probability
of the supremum. The tube method [51] takes advantage of the Karhune—Logve ex-
pansion and Weyl’s formula. A recent related work along this line is given by [48].
The Rice method [11-13] provides an implicit description of supy f(¢). Change
of measure based rare-event simulations are studied in [3]. The discussions also
go beyond the Gaussian fields. For instance, [36] discusses the situations of Gaus-
sian process with random variances. See also [4] for discussions on non-Gaussian
cases. The distribution of Z(T) is studied in the literature when f(¢) is a Brow-
nian motion [29, 56]. Recently, [42, 43] derive the asymptotic approximations of
P(Z(T) > b) as b — oo for three times differentiable and homogeneous Gaussian
random fields.

Besides the tail probability approximations, rigorous analysis of the conditional
distributions of stochastic processes given the occurrence of rare events is also an
important topic. In the classic large deviations analysis for light-tailed stochas-
tic systems, the sample path(s) that admits the highest probability (the most likely
sample path) under the conditional distribution given the occurrence of a rare event
is central to the entire analysis in terms of determining the appropriate exponential
change of measure, developing approximations of the tail probabilities and design-
ing efficient simulation algorithms; see, for instance, standard textbook [30]. For
heavy-tailed systems, the conditional distributions and the most likely paths, which
typically admit the so-called “one-big-jump” principle, are also intensively studied
[8, 9, 17]. These results not only provide intuitive and qualitative descriptions of
the conditional distribution, but also shed light on the design of rare-event simula-
tion algorithms [16—18]—the best importance sampling estimator of the rare-event
probability uses a change of measure corresponding to the interesting conditional
distribution. In addition, the conditional distribution (or the conditional expecta-
tions) is also of practical interest. For instance, in risk management, the condi-
tional expected loss given some rare/disastrous event is an important risk measure
and stress test.

In the literature of Gaussian random fields, the exact Slepian models [condi-
tional field given a local maximum or level crossing of f(¢)] are studied intensively
for twice differentiable fields. For instance, Leadbetter, Lindgren and Rootzén [38]
give the Slepian model conditioning on an upcrossing of level u# at time zero.
Lindgren [40] treats conditioning on a local maximum of height « at time zero.
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The first rigorous treatment of Slepian models for nonstationary processes is given
by Lindgren [41]. Grigoriu [34] extends the results of Leadbetter, Lindgren and
Rootzén [38] for level crossings to the general nonstationary case. This work is
followed up by Gadrich and Adler [32]. In the later analysis, we will set an asymp-
totic equivalence between the conditional distribution given {Z(7T') > b} and that
given the high excursion of the supremem of f. The latter can be characterized by
the Slepain model.

1.2. Contributions. In this paper, we pursue along this line for the extreme
behaviors of Gaussian processes and begin to describe the conditional distribution
of f given the occurrence of the event {Z(7") > b}. In particular, we provide both
quantitative and qualitative descriptions of this conditional distribution. Further-
more, from a computational point of view, we construct a Monte Carlo estimator
that takes a polynomial computational cost (in log b) to estimate v(b) for a pre-
scribed relative accuracy.

Central to the analysis is the construction of a change of measure on the space
C(T) (continuous functions living on 7'). The application of the change of mea-
sure ideas is common in the study of large deviations analysis for the light-tailed
stochastic systems. However, it is not at all standard in the study of Gaussian ran-
dom fields. The proposed change of measure is not of a classical exponential-tilting
form. This measure has several features that are appealing both theoretically and
computationally. First, we show that the change of measure denoted by Q ap-
proximates the conditional measure P(-|Z(T) > b) in total variation as b — 00.
Second, the measure Q is analytically tractable in the sense that the distribution
of f under Q has a closed form representation and the Radon—Nikodym deriva-
tive d Q/d P takes the form of a d-dimensional integral. This tractability property
has useful consequences. From a methodological point of view, the measure Q
provides a very precise description of the mechanism that drives the rare event
{Z(T) > b}. This result allows us to directly use the intuitive mechanism to provide
functional probabilistic descriptions that emphasize the most important elements
that are present in the interesting rare events. More technically, the analytical com-
putations associated with the measure Q are easy (compared to the conditional
measure), and the expectation EQ[]is theoretically much more tractable than
E[-|Z(T) > b]. Based on this result, we show that the tail event {Z(T) > b} is
asymptotically equivalent to the tail event of sup; y(t) where y(¢) is an affine
function of f(r) and its derivative field 8% f(r) and y (¢) implicitly depends on b.
Thus, one can further characterize the conditional measure by means of the results
on the Slepian model mentioned earlier.

Another contribution of this paper lies in the numerical evaluation of v(b). The
importance sampling algorithm associated with the proposed change of measure
yields an efficient estimator for computing v(b). An important issue concerns the
implementation of the Monte Carlo method. The processes considered in this paper
are continuous while computers can only represent discrete objects. Inevitably, we
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will introduce a suitable discretization scheme and use discrete (random) objects to
approximate the continuous processes. A naturally raised issue lies in the control
of the approximation error relative to the probability v(b). We will perform careful
analysis and report the overall computational complexity of the proposed Monte
Carlo estimators.

A key requirement of the current analysis is the twice differentiability of f.
Our change of measure is written explicitly in the form of f, 3f and 3% f. A very
interesting future study would be developing parallel results for nondifferentiable
fields. The technical challenges are two-fold. First, there is lack of asymptotic anal-
ysis for the exponential integral of general nondifferentiable fields. To the author’s
best knowledge, the behavior of Z(T') for nondifferentiable processes is investi-
gated only when f is a Brownian motion whose techniques cannot be extend to
general cases [29, 56]. In addition, there is a lack of descriptive tools (such as
derivatives and the Palm model) for nondifferentiable processes. This also leads
to difficulties in describing the Slepian model for level crossing. To the author’s
best knowledge, analytic description of Slepian models for excursion of sup; f(¢)
are available only for twice differentiable fields. Despite of the smoothness limi-
tation, the current analysis has important applications the details of which will be
presented in the following section.

The rest of this paper is organized as follows. Two applications of this work are
given in Section 2. In Section 3, we present the main results including the change
of measure, the approximation of P(-|Z(T) > b) and the efficient Monte Carlo es-
timator of v(b). Proofs of the theorems are given in Sections 4—7. A supplemental
material [45] is provided including all the supporting lemmas.

2. Applications. The integral of exponential functions of Gaussian random
fields plays an important role in many probability models. We present two such
models for which the conditional distribution is of interest and the underlying ran-
dom fields are differentiable.

2.1. Spatial point process. In spatial point process modeling, let A(¢) be the
intensity of a Poisson point process on 7', denoted by {N(A): A C T}. In order
to build in spatial dependence structure and to account for overdispersion, the log-
intensity is typically modeled as a Gaussian random field, that is, log A(¢) = f(¢) +
u(t) and then E[N(A)[A()] = [, e/ DFTHD gt where 1u(¢) is the mean function,
and f(¢) is a zero-mean Gaussian process. For instance, Chan and Ledolter [22]
consider the time series setting in which 7' is a one-dimensional interval, wu(¢) is
modeled as the observed covariate process and f(¢) is an autoregressive process;
see [21, 24-26, 57] for more examples in high-dimensional domains.

For the purpose of illustration, we consider a very concrete case that the point
process N (-) represents the spatial distribution of asthma cases over a geograph-
ical domain 7'. The latent intensity A(¢) [or equivalently f ()] represents the un-
observed (and appropriately transformed) metric of the pollution severity at loca-
tion ¢. The mean function can be written as a linear combination of the observed
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covariates that may affect the pollution level, that is, u(t) = 8 Tx (1) is treated as a
deterministic function. It is well understood that A(¢) is a smooth function of the
spatial parameter ¢ at the macro level as the atmosphere mixes well; see, for ex-
ample, [1]. One natural question in epidemiology is the following: upon observing
an unusually high number of asthma cases, what is their geographical distribution,
that is, the conditional distribution of the point process N (-) given that N(T) > b
for some large b?

First of all, Liu and Xu [43] show that P(N(T) > b) ~ P(Z(T) > b) as b —
oo. Following the same derivations, it is not difficult to establish the following
convergence:

P(-IN(T)>b) — P(-|Z(T) > b)) > 0 in total variation as b — oo.

The total count N(T') is a Poisson random variable with mean Z(T'). Intuitively
speaking, the tail of the integral is similar to a lognormal random variable and thus
is heavy-tailed. Its overshoot over level b is O, (b/log b). However, a Poisson ran-
dom variable with mean Z(T) ~ b has standard deviation /b < b/logb. Thus,
a large number of N (T') is mainly caused by a large value of Z(7T'). The symmetric
difference of the two sets {N(T') > b} and {Z(T') > b} vanishes, and the probability
law of the entire system conditional upon observing that N(7') > b is asymptot-
ically the same as that given Z(7T') > b. Therefore, the conditional distribution of
N (-) given N(T) > b is asymptotically another doubly-stochastic Poisson process
whose intensity is A(¢) = et D+ where £ (¢) follows the conditional distribution
of P(f €-|Z(T) > b).

Based on the main results presented momentarily, a qualitative description of the
conditional distribution of N (-) is as follows. Given N (T) > b, the overshoot is of
order O,(b/logh), thatis, N(T) =b + O,(b/logb). The locations of the points
are i.i.d. samples approximately following a d-dimensional multivariate Gaussian
distribution with mean t € T and variance X /logb where ¥ depends on the spec-
tral moments of f. The distribution of 7 is uniform over T if w(¢) is a constant; if
w(t) is not constant, T has a density /(¢) presented in (3.13).

2.2. Financial application. The exponential integral can be considered as a
generalization of the sum of dependent lognormal random variables that has been
studied intensively from different aspects in the applied probability literature (see
[7, 10, 14,27, 28, 31, 33]). In portfolio risk analysis, consider a portfolio of n assets
S1, ..., Sy. The asset prices are usually modeled as log-normal random variables.
That is, let X; =log S; and (X1, ..., X,) follows a multivariate normal distribu-
tion. The total portfolio value S = }_7_, w;S; is the weighted sum of dependent
log-normal random variables.

An important question is the behavior of this sum when the portfolio size be-
comes large and the assets are highly correlated. One may employ a latent space
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approach used in the literature of social networks. More specifically, we con-
struct a Gaussian process {f(¢):t € T} and map each asset i to a latent vari-
able #; € T, that is, log S; = f(#;). Then the log-asset prices fall into a subset
of the continuous Gaussian process. Furthermore, we construct a (deterministic)
function w(#) so that w(#;) = w;. Then, the unit share value of the portfolio is
% > wiS; = % S w(t;)el @ See [19, 43] for detailed discussions on the random
field representations of large portfolios.

In the asymptotic regime that n — oo and the correlations among the asset
prices become close to one, the subset {#;} becomes dense in 7. Ultimately, we
obtain the limit

1 n
—ZwiS,-—>/ w(t)e! Oh(t)dt,
n- T

where A (t) is the limiting spatial distribution of {#;} in T'. Let u(z) =logw(t) +
log h(t). Then the (limiting) unit share price is Z(T) = [ e/ OTH® gt

The current study provides an asymptotic description of the performance of each
asset given the occurrence of the tail event Z(7") > b. This is of great importance
in the study of the so-called stress fest that evaluates the impact of shocks on and
the vulnerability of a system. For instance, consider that another investor holds
a different portfolio that has a substantial overlap with the current one, or it has
exactly the same collection of assets but with different weights. Thus, this second
portfolio corresponds to a different mean function w/ (). The stress test investigates
the performance of this second portfolio on the condition that a rare event has
occurred to the first, that is,

P(/ ef(t)ﬂ/(t)dte,’/ oSO g4 >b)'
T T

To characterize the above distribution, we need a precise description of the condi-
tional measure P (f € -| [y e/ DT D dr > b).

3. Main results.

3.1. Problem setting and notation. Throughout this discussion, we consider a
homogeneous Gaussian random field {f(¢):¢ € T} living on a domain T C R4,
Let the covariance function be

C(t —s)=Cov(f(), f(5)).
We impose the following assumptions:

(C1) f is stationary with Ef(¢) =0 and Efz(t) =1.
(C2) f is almost surely at least two times differentiable with respect to ¢.
(C3) T is a d-dimensional compact set of R¢ with piecewise smooth boundary.
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(C4) The Hessian matrix of C(¢) at the origin is standardized to be —I, where
is the d x d identity matrix. In addition, C(¢) has the following expansion when ¢
is close to 0

3.1 C(t)=1= 31"t + C4(t) + Re(0),

where C4(t) = 55 > ju a;‘ijC(O)tizjtkz, and Rc(t) = O(|t|*1%) for some 8o > 0.
(C5) For each 7 € R4, the function C(At) is a nonincreasing function of X €
RT.
(C6) The mean function () falls into either of the two cases:

(@) u()=0;
(b) the maximum of w(¢) is unique and is attained in the interior of 7 and
u(t+e)—u@)=e'du@)+e" Aut)e + 0(le|*T%) as e — 0.

We define a set of notation constantly used in the later development and provide
some basic calculations. Let P;" be the conditional measure given {Z(T) > b}, that
1s,

Pr(f() € A)=P(f(-) € AIL(T) > b).

Let “0” denote the gradient and “A” denote the Hessian matrix with respect to ¢.
The notation “9%” is used to denote the vector of second derivatives. The differ-
ence between 92 f(t) and Af(t) is that Af(¢) is ad x d symmetric matrix whose
diagonal and upper triangle consist of elements of 3 £ (7). Furthermore, let 3 i f(1)
be the partial derivative with respect to the jth element of 7. Finally, we define the
following vectors:

1) =—(01C), ..., 9C(1)),

ua(t) = (35C(0).i=1,....d;95C (1),
(3.2)

i=1,...,d—1,j=i+1,...,d),
op = 120 = 12(0)

Suppose 0 € T. It is well known that (f(0), 82f(0), af (0), f(¢)) is a multivari-
ate Gaussian random vector with mean zero and covariance matrix (cf. Chapter 5.5
of [S])

1 120 0 C()
Ho2 22 0w ()
0 0 I pul@
C@) p2(t) () 1
where the matrix oy is a d(d 4+ 1)/2-dimensional positive definite matrix and

contains the 4th order spectral moments arranged in an appropriate order accord-
ing to the order of elements in 92 f(0). Let h(x, y, z) be the density function of
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(f(@),0f (1), 92 f(¢)) evaluated at (x, y, z). Then, simple calculation yields that

h(x,y,z)
(3.3) -
det(I")~1/2

- e~ (/DD Ty +(e—paopn; 27 /(1= paouyy Ho2)+2 | iy <]
(2)@+D(d+2)/4 ’

where det(-) is the determinant of a matrix and

r— ( 1 Mzo)
Mo2 U222
We define u as a function of b such that
27\ 4/2
(3.4) (—”) u—d1270 _
o

Note that the above equation generally has two solutions: one is approximately
o~ 'logbh, and the other is close to zero as b — 0o. We choose u to be the one
close to o~} logb. For pu(t) and o appearing in (1.1), we define

(3.5 Ko (1) = pu(t)/o, Ur=u — o (7).

Approximately, u; is the level that f(¢) needs to reach so that Z(7') > b. Further-
more, we need the following spatially varying set:

(3.6) Ar={f()eC(T):ar >u —nu; '},

where 1 > 0 is a tuning parameter that will be eventually sent to zero as b — oo
and «; is a function of f(¢) and its derivative fields taking the form of

ormrE 15" B

3.7 = f(t .
3.7 o =fO+ 2u; 20 u; Us

In the above equation (3.7), f,’ " is defined as [with the notation in (3.2)]

(3.8) fl'=8%F @) — urpon.

The term B; is a deterministic function depending only on C(¢), u(¢) and o,

17026 (1) +d X g (t) 1 2
39 B = +—5 20 CO0) + [dpo ()],
20 8o p
where d is the dimension of 7, and 1= (1,...,1,0,...,0)". Note that o, ~
— ——

d dd—1)/2
f (). Thus on the set A;, f(t) ~a; > u; — o). Together with the fact that
E[32f (DI f(t) = us] = usjro2, JE;/ " is the standardized second derivative of f given
that f(t) = u;. In Section 3.2, we will show that the event {Z(T') > b} is approxi-
mately ;<7 A:.
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For notational convenience, we write a,, = O (b,,) if there exists a constant ¢ > 0
independent of everything such that a,, < cb, for all u > 1, and a, = o(b,) if
ay /by, — 0 as u — oo, and the convergence is uniform in other quantities. We
write a,, = ®(by,) if a, = O (b,) and b, = O(a,). In addition, we write a, ~ b, if
a, /b, - 1asu— oo.

REMARK 1. Condition C1 assumes unit variance. We treat the standard de-
viation o as an additional parameter and consider [ e**+9/(®) 4t Condition C2
implies that C(¢) is at least 4 times differentiable and the first and third derivatives
at the origin are all zero. Differentiability is a crucial assumption in this anal-
ysis. Condition C3 restricts the results to finite horizon. Condition C4 assumes
the Hessian matrix is standardized to be —/, which is to simplify notation. For
any Gaussian process g(t) with covariance function Cg(7) and AC,(0) = —X and
det(X) > 0, identity Hessian matrix can be obtained by an affine transformation
by letting g(r) = f(X'/?¢) and

/ O+ gy :det(Z‘l/z)/ METPraf () 4
T (s:Z-1/25eT}

Condition C5 is imposed for technical reasons so that we are able to localize the
integration. For condition C6, we assume that w(¢) either is a constant or attains
its global maximum at one place. If w(#) has multiple (finitely many) maxima,
the techniques developed in this paper still apply, but the derivations will be more
tedious. Therefore, we stick to the uni-mode case.

REMARK 2. The setting in (1.2) incorporates the case in which the integral is
with respect to other measures with smooth densities. Then, if v(dt) =« (¢) dt, we
will have that

/ e“(’”"f(’)v(dt) — f el +logr)+af (1) dt,
A A

which shows that the density can be absorbed by the mean function.

3.2. Approximation of the conditional distribution. In this subsection, we pro-
pose a change of measure Q on the sample path space C(T') that approximates P}
in total variation. Let P be the original measure. The measure Q is defined such
that P and Q are mutually absolutely continuous. We define the measure Q under
two different scenarios: (£ (¢) is not a constant and . (¢) = 0. Note that the measure
0 obviously will depend on b. To simplify the notation, we omit the index b in Q
whenever there is no ambiguity.

The measure Q takes a mixture form of three measures, which are weighted
by (1 — p1 — p2), p1 and py, respectively (a natural constraint is that p;, p» and
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1 — p1 — p2 €10, 1]). We define Q through the Radon—Nikodym derivative

d
% = —p—p [10) RO+ 1 [ 10 LRy 01
T T
(3.10)
LRy (1)
2 Jr mes(T)

where p1, po will be eventually sent to 0 as b goes to infinity at the rate
(loglogh)~!, mes(T) is the Lebesgue measure of T and

_ hot(f (), 3f (1), 3% f (1))

RO = h(f(0),df @), 32f (1))
(3.11) LR, (1) = hi(f (@), (1), 32 F (1))
' YT RGO, af 0, 21 ()
—(1/2)(f(t)—ur)?
LR, (1) = 1/3/2me

(1/32m)e=1/2f0?*

The density A(f(¢), 0f (¢), azf(t)) is defined in (3.3), /(¢) is a density function on
T, ho; and h; are two density functions. Before presenting the specific forms of
[(t), ho and hy,, we would like to provide an intuitive explanation of d Q/d P
from a simulation point of view. One can generate f () under the measure Q via
the following steps:

(1) Generate 1 ~ Bernoulli(p2).
(2) If 1 =1, then:
(a) generate T uniformly from the index set T, that is, T ~ Unif(7);
(b) given the realized 7, generate f(t) ~ N(ur, 1);
(c) given (t, f(t)), simulate { f(¢) :t # t} from the original conditional dis-
tribution under P.
(3) Ifi=0:
(a) simulate a random variable t following the density function [();
(b) given the realized 7, simulate f(7) =x,df(r) =y, azf(r) = z from den-
sity function

l—p1—

02 p1
(312) hall(-x’ysz)z 7mh0,r(%)’» Z)+

I —p

l— hl,‘[(-x7y7z);
(c) given (t, f(1), df (1), 3% f (1)), simulate {f(r):r # T} from the original
conditional distribution under P.

Thus, t is a random index at which we twist the distribution of f and its deriva-
tives. The likelihood ratio at a specific location t is given by LR(t), LR{(t) or
LR>(7) depending on the mixture component. The distribution of the rest of the
field {f(t):t # t} given (f(7),df (1), 32f(‘17)) is the same as that under P. It
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is not hard to verify that the above simulation procedure is consistent with the
Radon-Nikodym derivative in (3.10).

We now provide the specific forms of the functions defining Q. We first consider
the situation when w(¢) # 0. By condition C6, w(¢) admits its unique maximum at
tx = arg sup; .7 1 (t) in the interior of 7. Furthermore, the Hessian matrix A e (#4)
is negative definite. The function /(¢) is a density on T such that for r € T

)2
(3.13) 1(t) = (1 + 0(1)) det(—A,u(,(t*))l/2<;—;:> e(ul*/z)(l—l*)TAMa(l*)(l—f*),

which is approximately a Gaussian density centered around #,.. As [(¢) is defined on
a compact set ¢, the o(1) term goes to zero as b tends to infinity. It is introduced to
correct for the integral of /(¢) outside the region T that is exponentially small and
does not affect the current analysis. The functions Ao ; and h , are density func-
tions on the vector space where (f(¢), df (t), 92 f(@)) lives, and they are defined
as follows (we will explain the following complicated functions momentarily):

o (f (1), 3f (1), 2 f (1))

Ty x Hy x uy x e Ml OFAT [ /Qou))+Biju—ur) o =10/ (/2
t

1/2
[20/49y f —1 27 Ml 12
2L1 — paous) Moz 20

B (@), 3f (1), 3% f (1))

=Tpe x Hy, x ity x O /Qou+Bifu—ur) o o=13f OF/2
t

1/24 2
lkaokss 12 127 Ml
conl-A[ T -2
1_M20M22M02 o

where I is the indicator function, A, = {f(-): f(¢) + IBf(t)I + 17 + % > u; —

20uy
n/u;} is defined as in (3.6), fl is defined as in (3.8), A < 1 is positive and it will
be sent to 1 as b goes to infinity, A is a fixed positive constant (e.g., A = 1) and
the normalizing constants are defined as

e M(1 = 1)4/2),

H), =

(27.[)51/2
-1
x / o= (/D200 2P/ (1=paomtzy pon)+Hligy 2= 13h1/ Qo) Pl g,
Rd(d+1)/2
(3.14)
e}”ln(l—i—kl)d/z)ul
A=

(27‘[)‘1/2

-1
% / —(1/2)[|M20M222| /(1= uzouzzuoz)ﬂuzz 2 uzz 1/(20)| dz
RAd+1)/2
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The constants H, and Hj, ensure that o, and A, are properly normalized den-
sities.

Understanding the measure Q. The measure Q is designed such that the distri-
bution of f under the measure Q is approximately the conditional distribution of
f given Z(T) > b. The two terms corresponding to the probabilities p; and p, are
included to ensure the absolute continuity and to control the tail of the likelihood
ratio. Thus, p; and p, will be sent to zero eventually.

We now provide an explanation of the leading term corresponding to the prob-
ability 1 — p; — p2. To understand & ;, we use the notation «; in (3.7) and rewrite
the density function as

ot (f (1), 8f (1), 3% f (1))

1—2 )
oc I a, exp]—hrus (o — )} x eXP{—T|3f(f)| }

-1 7 1/24 2
1T |paouy, fI'12 2 Bl
xexp{—i[ 22_i + Mzz/ - ;2 :|},
I — a0ty 102 o

which factorizes into three pieces consisting of o;, df () and f,” , respectively.
We consider the change of variables from (f(¢), 3f (1), > f (¢)) to (as, 3f (¢), f).
Then, under the distribution /g ;, the random vectors «;, df (¢) and ft’ " are inde-
pendent. Note that s ; is defined on the set A; = {a; > u; — nu; 1} where n will
be send to zero eventually. Then, o; — u; is approximately an exponential random
variable with rate Au;; af (¢), and ft’ " are two independent Gaussian random vec-
tors. The density /1, has a similar interpretation. The only difference is that A ;
is defined on the set {o; — u; < —nu; Y and u; — a; follows approximately an ex-
ponential distribution. For the last piece corresponding to p», the density is simply
an exponential tilting of f(z).

Under the dominating mixture component, to generate an f(¢) from Q, a ran-
dom index 7 is first sampled from 7 following density /(¢), then (f(7), af (1),
32 f (1)) is sampled according to ho,r. This implies that the large value of the in-
tegral [ et W+of® dr is mostly caused by the fact that the field reaches a high
level at t; more precisely, a; reaches a high level of u, (with an exponential over-
shoot of rate Au). Therefore, the random index t localizes the position where the
field o; goes very high. The distribution of 7 given as in (3.13) is very concen-
trated around ¢,. This suggests that the maximum of «; [or f(¢)] is attained within
0, (u=1/2) distance from .

We now consider the case where () = 0. We choose [(¢) to be the uniform
distribution over set 7" and have that

dgo LR(?) LRy (?)
dpP (I=p1= ,02)/T mes(7") d ! /T mes(7T") d

LR (7)
'OQ/T mes(7") di

(3.15)
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where mes(-) is the Lebesgue measure. The following theorem states that Q is a
good approximation of P, with appropriate choice of the tuning parameters.

THEOREM 3. Consider a Gaussian random field {f(t):t € T} living on a
domain T satisfying conditions C1-C6. If we choose the parameters defining the
change of measure n = p; = p» = 1 — A = (loglogb) ™!, then we have the follow-
ing approximation:

hm sup|Q(A) Pf(A)|=0

—)OO AeF

where F is the o -field where the measures are defined.

REMARK 4. Theorem 3 is the central result of this paper. We present its de-
tailed proof. The technical developments of other theorems are all based on that
of Theorem 3. Therefore, we only layout their key steps and the major differences
from that of Theorem 3.

REMARK 5. The measure Q in the limit of the above theorem obviously de-
pends on the tuning parameters (1, p1, p2, and A) and the level b. To simplify the
notation, we omit the indices of those parameters when there is no ambiguity.

REMARK 6. The measure corresponding to the last mixture component
in (3.10), [ ;I:SZ((}) dt, has been employed by [43] to develop approximations for
v(b). We emphasize that the measure constructed in this paper is substantially dif-
ferent. In fact, the measure corresponding to LR>(¢) does not appear in the main

proof. We included it to control the tail of the likelihood ratio in one lemma.

To illustrate the application of the measure Q, we provide a further characteriza-
tion of the conditional distribution P;; by presenting another approximation result
which is easier to understand at an intuitive level. Let

T
)/u(t)—f(t)-i- ft

+ = + Ho ), Pu(T) =supyu(0),
te

(3.16)
Py(f() e A)=P(f() € AlBu(T) > u).

The process y, () is slightly different than «,. The following theorem states that
the measure Q also approximates the distribution P} in total variation for b large.

THEOREM 7. Consider a Gaussian random field {f(t):t € T} living on a
domain T satisfying conditions C1-C6. Wzth the same choice of tuning parameters
as in Theorem 3, that is,n = p1 = p» = 1 — A = (loglogb)™ o approximates Py,
in total variation, that is,

Jim sup|Q(A) — Py(A)| =0.

—)OOE
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3.3. Some implications of the theorems. The results of Theorems 3 and 7 pro-
vide both qualitative and quantitative descriptions of P;’. From a qualitative point
of view, Theorems 3 and 7 suggest that

(3.17) sup| Pf(A) — Pp(A)| — 0
AeF

as b — oo. Note that y,(¢) itself is a Gaussian process. Thus, the above conver-
gence result connects the tail events of exponential integrals to those of the supre-
mum of another Gaussian random field that is a linear combination of f and its
derivative field. We set up this connection mainly because the distribution of Gaus-
sian random fields conditional on level crossing (also known as the Slepian model)
is very well studied for smooth processes [32]. For the purpose of illustration, we
cite one result in Chapter 6.2 of [6] when y,(¢) is stationary and twice differen-
tiable. Let covariance function of y,(#) be C,, (7). Conditional on y,(¢) achieving
a local maximum at location #* at level x, we have the following closed form rep-
resentation of the conditional field:

(3.18) Yu(t* +1) =xC, (1) — W B(1) + g(1),

where

Y \—1
po=(, "2) wlw,
Koz H22
,ulyjs are the spectral moments of C, (), Wy is a d(d + 1)/2 dimensional ran-
dom vector whose density can be explicitly written down and g(¢) is a mean zero
Gaussian process whose covariance function is also in a closed form; see [6] for
the specific forms. If we set x > u — o0, the local maximum is asymptotically
the global maximum. Furthermore, thanks to stationarity, the distribution of ¢* is
asymptotically uniform over 7'. The overshoot x —u is asymptotically an exponen-
tial random variable. Thus, the conditional field y, (¢) can be written down explic-
itly through representation (3.18), the overshoot distribution and the distribution
of r*. Furthermore, the conditional distribution of f(¢) can be implied by (3.16)
and conditional normal calculations.
From a quantitative point of view, Theorem 3 implies that for any bounded
function E:C(T) — R the conditional expectation E[ZE(f)|Z(T) > b] can be
approximated by E2[E(f)], more precisely,

(3.19) E[E(f)IZ(T) > b] — E2[E(f)] = 0

as b — oo. The expectation EC[Z(f)] is much easier to compute (both analyti-
cally and numerically) via the following identity:

(3.20) EC[E2(f)]=EC[E[E(H)li. 7. f(1),0f (1), > F(1)]].



EXPONENTIAL INTEGRALS OF GAUSSIAN RANDOM FIELDS 1705

Note that the inner expectation is under the measure P in that the conditional
distribution of f given (f (), df (1), 82f(r)) under Q is the same as that un-
der P. Furthermore, conditional on (f(t), df(7), 82f(r)), the process f(¥) is
also a Gaussian process and has the expansion

fO=f@+af@ -0 +it-0TAf@@ —1)+o(t — ).

These results provide sufficient tools to evaluate the conditional expectation

E[E(H)li, T, f(1),3f (1), 2 f(D)].

Once the above expectation has been evaluated, we may proceed to the outer ex-
pectation in (3.20). Note that the inner expectation is a function of (z, 7, f(7),
af (r), 92 f (1)), the joint distribution of which is in a closed form. Thus, evaluat-
ing the outer expectation is usually an easier task. In fact, the proof of Theorem 3
is an exercise of the above strategy by considering that E( f) = (d P/d Q)?.

REMARK 8. According to the detailed proof of Theorem 3, the approxima-
tion (3.19) is applicable to all the functions such that sup, £ [E2( HIZ(T) > b] <
oo. To see that, we need to change the statement and the proof of Lemma 13 pre-
sented in Section 4.

3.4. Efficient rare-event simulation for Z(T). In the preceding subsection we
constructed a change of measure that asymptotically approximates the conditional
distribution of f given Z(T') > b. In this section, we construct an efficient im-
portance sampling estimator based on this change of measure to compute v(b)
as b — oco. We evaluate the overall computation efficiency using a concept that
has its root in the general theory of computation in both continuous and discrete
settings [47, 54]. In particular, completely analogous notions in the setting of com-
plexity theory of continuous problems lead to the notion of tractability of a com-
putational problem [55].

DEFINITION 9. A Monte Carlo estimator is said to be a fully polynomial ran-
domized approximation scheme (FPRAS) for estimating v(b) if, for some ¢q1, g2
and d > 0, it outputs an averaged estimator that is guaranteed to have at most ¢ > 0
relative error with confidence at least 1 — § € (0, 1) in O(e~7'§792|log v(b)|%)
function evaluations.

Equivalently, one needs to compute an estimator Z; with complexity
O0(e~118~% |logv(b)|?) such that

(3.21) P(|Zp/v(b) — 1] > &) <.

In the literature of rare-event simulations, an estimator Lj, is said to be strongly
efficient in estimating v(b) if ELp = v(b) and sup, Var L/ v2(b) < 00. Suppose
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that a strongly efficient estimator L; has been obtained. Let {Ll(j ). j=1,...,n}
be i.i.d. copies of L. The averaged estimator

1 &
Zy=-> L)
l’lj:1

has a relative mean squared error equal to \/ E(Zp/v(b) — 1)2 = /Var(L) x
n~Y2y(b)~'. A simple consequence of Chebyshev’s inequlity yields

Var(Lp)
P(|Zp/v(b) — 1| > ¢) < P’ (b)
Thus, it suffices to simulate n = O (¢~25~1) i.i.d. replicates of Lj to achieve the
accuracy in (3.21).

The so-called importance sampling is based on the identity P(A) = EC[I4 d P/
d Q]. The random variable 4 d P/d Q is an unbiased estimator of P(A). It is well
known that if one chooses Q(-) = P(-|A), then 4 d P/d Q has zero variance. The
measure Q created in the previous subsection is a good approximation of P, and
thus it naturally leads an estimator for v(b) with small variance.

In addition to the variance control, another issue is that the random fields con-
sidered in this paper are continuous objects. A computer can only perform discrete
simulations. Thus we must use a discrete object approximating the continuous field
to implement the algorithms. The bias caused by the discretization must be well
controlled relative to v(b). In addition, the complexity of generating one such dis-
crete object should also be considered in order to control the overall computational
complexity to achieve an FPRAS.

We create a regular lattice covering 7'. Define

Gya= {(’Nl,%,...,%):il,...,idez}.
Foreacht = (t!,...,t%) € GN .4, define
@) ={(s',....sN) eT:s/ et/ —1/N,t/]for j=1,...,d}
that is, the %—cube intersected with 7 and cornered at ¢. Furthermore, let
(3.22) Tn ={reGnq:Tn () # 2}

Since T is compact, Ty is a finite set. We enumerate the elements in Ty =
{t1,...,tm}, where M = O(Nd). We further define
-
X=X, X)) 2 (F@), 0, fm)
and use

vp (b) = P(Zyu(T) > b)
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as an approximation of v(b) where

M
i=1
We have the following theorem to control the bias.

THEOREM 10. Consider a Gaussian random field f satisfying conditions in
Theorem 3. For any g9 > 0, there exists ko such that for any ¢ € (0,1), if N >
koe 1780 (log b)>t40, then for b > 2

lup (D) — v(D)]
— <s
v(b)

We estimate vy (D) using a discrete version of the change of measure proposed
in the previous section. The specific algorithm is given as follows:

(1) Generate a random indicator 1 ~ Bernoulli(py). If 1 = 1, then:

(a) generate ( uniformly from {1, ..., M};

(b) generate X, ~ N(uy,, 1);

(c) given (¢, X,), simulate the joint field (f(¢), 0f(¢), 92 f(t)) on the lattice
Twn \ {#,} from the original conditional distribution under P.

) Ifi =0:

(a) if u(r) is not constant, simulate a random index ¢ proportional to /(#,), that
is, PG =1i)=1I(t;)/x and k = Zf‘il [(t;); if u(t) =0, then ¢ is simulated
uniformly over {1, ..., M};

(b) given the realized ¢, simulate f(t,)) = X, =x,3f () =y, 82f(tt) = z from
density function

1—p1—p2 o1
hO,l[(x’ y’ Z)+
1 —p 1 —p

(c) given (¢, f(t,),df (1), azf(tt)), simulate the joint field (f(¢),df(¢),
92 f(t)) on the lattice Ty \ {t,} from the original conditional distribution

han(x,y,2) = hig(x,y,2);

under P.
(3) Output
- l—p—m & p1 &
L= ]I{IM(T)>b}/<7 Zl(li) LR(#;) + ? Zl(tl’) LR (%)
i=1 i=1
(3.24) ’ ' .
LR>(7;)
+ 0 .
>=5)

Let Qs be the measure induced by the above simula}ion scheme. Then it is not
hard to verify that L, = Ii7,,(r)>»} d P/d Q m, and thus L, is an unbiased estimator
of vy (b). The next theorem states the strong efficiency of the above algorithm.
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THEOREM 11. Suppose f is a Gaussian random field satisfying conditions
in Theorem 3. If N is chosen as in Theorem 10 and all the other parameters are
chosen as in Theorem 3, then there exists some constant k1 > 0 such that

oui2
EXM Ly

sup <kKj.
b>1 v%/[ (b)

Let Z;, be the average of n i.i.d. copies of L. According to the results in Theo-
rem 10, we have that

Zp Zp Z
v(b) 1‘ = ‘UM(b) (var ®)/v(6) - 1)’ * ‘UM(b) - 1‘
. Zy '+ Zb _1‘.
v @ | Tom(b)

The results of Theorem 11 indicate that

K1
P(1Zy/um(b) — 1] > &) < <L
(|1Zp/vpm (B) \_8)_82’1

If we choose n = k128!, then
P(|Zp/v(b) — 1| > 3¢) <.

Thus, the accuracy level as in (3.21) has been achieved. Note that simulating one
Ly, consists of generating a multivariate Gaussian random vector of dimension
M x (d + 1)(d 4+ 2)/2 = O(N%) = O((logb)?Te0dg—(1+80)d) The complexity
of generating such a vector is at the most O (N?). Thus the overall complexity is
0 (=2~ BH30d5=1(Jog p)(6+320)d) The proposed estimator in (3.24) is a FPRAS.

REMARK 12. The proposed algorithm can also be used to compute condi-
tional expectations via the representation E[E(f)|Z(T) > b] = E[E(f); Z(T) >
bl/v(b), where E[E(f); Z(T) > b] can be estimated by E(f)dP/d Oy and v(b)
can be estimated by Iiz(7)>pn dP/dQum.

4. Proof of Theorem 3. We use the following simple yet powerful lemma to
prove Theorem 3.

LEMMA 13. Let Qg and Q| be probability measures defined on the same o -
field F such that d Q1 = r~'d Qq for a positive random variable r. Suppose that
for some ¢ > 0, EQ[r21=ELD[r] < 1+¢. Then

sup |E21(X) — EQ(X)| <&'/2.
IX|<1
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PROOF.

|EC1(X) — EQ(X)| = |E2'[(1 —r)X]|

<EQ|r—1|<[E% ¢ —1)?]"?

= (EQ[Y]-1)"? <&l O

We also need the following approximations for the tail probability v(b). This
proposition is an extension of Theorem 3.4 and Corollary 3.5 in [43]. We layout
the key steps of its proof in the supplemental material [45].

PROPOSITION 14. Consider a Gaussian random field { f(t):t € T} living on
a domain T satisfying conditions C1-C6. If u(t) has one unique maximum in T
denoted by t,, then

- uaa*))z}

v(b) ~ Q)2 det(= Ao (1))~ 2G (t) - u?’>! exp{ .

where u is as defined in (3.4), and G (t) is defined as

det(I")~1/2 17 11201/ (802)+ B,
(2mr)d+1)(d+2)/4

_ 1
1T |paoiyy zl? _ 1
Xf exp{——[ ® M22_| +‘M 12, _ B2
1 22

RAW@+D/2 211 — poonyy o2 o

If () =0, G(¢) is a constant denoted by G. Then

v(b) ~ mes(T)G - ud=1e /2,

4.1. Case 1: u(t) is not a constant. 'To make the proof smooth, we arrange
the statement of the rest supporting lemmas in the Appendix. We start the proof of
Theorem 3 when w(¢) is not a constant. Note that

(45 v e (£5) s -1]

Thanks to Lemma 13, we only need to show that for any ¢ > 0 there exists by such
that for all b > by

EQ[<Z—2)2; 7(1) > b = EQ[EZ%[(Z—Z)Z; 1) > b|| < 1+ v

where we use the notation E,,Q,[-] =F Q[-lz, 7] to denote the conditional expecta-
tion given and 7. T € T is the random index described as in the simulation scheme
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admitting a density function /(¢) if : =0 and mes~ 1 (T)I7(¢) if 1 = 1. Note that

s [(4) 0]

dP\?
= £2 B2 (55) 7D =l rm.are.0r o] |
For the rest of the proof, we mostly focus on the conditional expectation

E,%[(;’—g)z; I(T) > b f(0). 87 (00,9 )|,

The rest of the discussion is conditional on ¢ and t. To simplify notation, for a
given 7, we define

fe@) = f() —u C(t — 7).

Onthe set {Z(T) > b}, f(r) reachesalevel u,,and E[f(t)|f(t) =u;]=u.C(t—
7). Thus, f.(¢) is the field with the conditional expectation removed. From now
on, we work with this shifted field f,(¢). Correspondingly, we have

Ufu) =0f (1) —udC(t —1), > fult) =3 f(1) —u<*C(t — 7).
We further define the following notation:
w=fu(), y=3f(r), z=8f(0), z=Af),
@) §=0f()+0uo(1),  Z=AL(T) + o (D + Apg (7).
we=filt),  ye=0fu(0), 2 =0%fult),  Zr =87 fiult) — usion.

Under the measure Q and a given t, if 1 =0, (w, y, z) has density function

1 —p1—p2 1
42)  hyw,y,z2)=———"hgy (w,y,2)+
— P2 I —p2

1
if 1 =1, then (w, y, z) follows density i} (w,y,z). The forms of the densities
can be derived from hg;, k1 and h. In particular, their expressions are given as
follows:

1w, y,2);

h§ . ( ) ox I {—A ( +1Z+—}")——1||2}
w, Yy, X X €X U\ w
0.z Yz Ar P ’ 2(71/1r Ur 2 Y
1 —1 2 _ ”1/21
X exp{——[—| 20 22Z| +‘ 1/2Z 22

— 1 %) - 5
1 - MZOMQQI Ho2 20

i

1"z B 1
nE L (w, y,7) oc Lae xexp{xluf(w+ +—f)——|y|2}
’ ’ 20Uu; U 2

- 1/24 2
1 20 1212 _ 1
X exp{__[% + Mzzl/zz _Hnt }}
201 - H20M495 02 20
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det(I")~(1/2)
* _ —
hf(w’ y,2)=h(w,y,z)= (27T)(d+1)(d+2)/4

1 w — ooty 2|2 _
Xexp{—i[yTer' K 'Uizlz | + Tﬂzzlz“
I — pma0yy 102

and A; = {w —|— Y 4 20'14 + f—: > —nut_l} is defined as in (3.6).

In the next step, we will compute d Q/d P in the form of f,(¢). Basically, we
replace f (1) by fu(t) +u<C(t — 1), 0f () by y; +u;dC(t — 1), 9> f (1) by z; +
u;9>C(t — ) and f =82 f(t) — usjr02 by Z; + u-3>C(t — 7). For the likelihood
ratio terms LR and LR; in (3.11), note that the |8f(t)|2 terms in Ao, and hj
cancel with those in A(f (), df (¢), 82f(t)), that is,

17f B
LR(t):]IAt.H;\.u,exp{ )Lu,(f(t)—i- +——Mz>

20 u; Us

12
Iumunfl 2 1P
Y R T + g A >
1 - MZOMZQ o2 o

det(I")~1/2
/ (2n)(d+1)(d+2)/4
w e~ (/DU O =paouzy 87 (1)) (A=paoiuzy 1)+ £ (1) uzlazﬂr)])_

‘We insert the notation in (4.1) and obtain that

1T (@ + pa(t = D)ur)
20'1/1;

o)
+__Mt
U

LR(t) =14, - u H, exp{—ku,(w, +u,Ct—1)+

1 -1z f— 2
(4.3) ><exp{——[|mw22 (Zf+/‘2_(l D)l

2 1= pa0psy 102

1/24 2
—1/2 /- n 1
+ ‘Mzz/ (Zt + pa(t — 'E)ur) % i“
X h;lz(wt + M{C(t - '[)’ Z[ + ufaZC(t _ ‘[))’

where

det()~1/2
Q)@+ D@+2/4°

44) hy . (x,2) = —(1/2)[(=pa0tz; % /(= paon; o)+ 1y 2l
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which is the function A (x, y, z) with the |y|2 term removed. Similarly, we have
that

17 @ + palt — tuy)
ZO'M[

o))
+__I/l[
U

LR () = ]IAf “up Hy, exp{klut(wt +uCt—1)+

{ 1 [quouz_zl (Zr + w2t — Duy)|?
X exXp 3

4.5) —
I — pma0iyy 102

12

—1/2- Moy 1

+ ‘Mzz/ (Zz + ua(t — T)ur) - %

]
X by (wr +urC(t = 1), 2 +u70°Ct — 7).
With the analytic forms (4.3) and (4.5), we proceed to the likelihood ratio in (3.10)

d
4.6) ﬁ — (1= p1 = p)K + pi K1 + 02K,

where

K:/ 1(r) LR(?) dt K1:/ 1) LR, () dt.
A* (A*)€

dt.

o~ (1/Dui+urwetugu; C(1—7)
K> :/
T mes(7)
The set A* [depending on the sample path f,(¢)] is defined as

yi +uz - 9CT =) 1TGE +urpa(t — 1)) | By
+ + —
214[ 20”[ Uy
1
>Ur — — ¢.

Ug
We may equivalently define A* = {¢t: f € A;}. Note that LR(z) =0 if f ¢ A,.

Thus, the integral K is on the set A*, and K is on the complement of A*.
Based on the above results, we have that

] (25) ]

{t:w;+C(t—r)u,+

dQ
EEQ{EI%[[G— - 1)1<+ K]Z;I(T)”’“
4.7 P1L— P2 P1K]
EQ{EQ[ - T(T) > b, A, 0“
=E B fa o T 7 A=
1
EQ{EQ[ “T(T) > b, A, 0“,
" CTLIA = p1 — p2)K + p1 K I = =
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where

yly N 177 N B;
2u;  20u;  Uug

(4.8) Ar=w+

Note that the term K3 is not used in the main analysis. In fact, K7 is only used in
Lemma 17 for the purpose of localization that will be presented later. The rest of
the analysis consists of three main parts.

Part 1. Conditional on (i, 7, fi(7), df«(7), aZf* (1)), we study the event

4.9) E ={I(T) > b},

and write the occurrence of this event almost as a deterministic function of fi. (),
df«(7) and 32f*(‘[), equivalently, (w, y, z).

Part 2. Conditional on (z, 7, fi(7), dfi(T), Bzf*(r)), we express K and K as
functions of f,(7), 0f«(7), 92 f«(t) with small correction terms.

Part 3. We combine the results from the first two parts and obtain an approxi-
mation of (4.7).

All the subsequent derivations are conditional on ¢ and t.

4.1.1. Preliminary calculations. To proceed, we provide the Taylor expan-
sions for fi. (1), C(¢t) and w(z):

e Expansion of f, () given (f«(7), df«(7), 82f*(r)). Lett —t=((t—1)1,...,
(t — 7)q). Conditional on ( fx(7), dfi(T), azf* (7)), we first expand the random
function

Fe®) = E[fo(0)] f2(0), 3f(1), 8% fu(D)] + gt — T)
(4.10) = O+ (D)t =D+ 3t — DAL — D)
+Rp(t—1)+ gt —1),
where
Rp(t—1)= Ot (| fu (D] + |3 (D)] + [9* £(D)]))

is the remainder term of the Taylor expansion of E[fi(¢)|f«(7), dfi(T),
92 f«()]. g(¢) is a mean zero Gaussian random field such that Egz(t) =
O(|t|4+‘30) as t — 0. In addition, the distribution of g(¢) is independent of i,

7. f(1), 8f+(1) and 8% fi(v).
e Expansion of C():

(4.11) Ct)=1-3tTt+ Cy(t) + Rc (1),

where C4(1) = 5 D ik 3fjle(O)titjtkt; and Rc (1) = O(|t|*+%).
e Expansion of p(¢):

412) u@®=p@ +u@ =0+ 3¢ =T AR — 1) + Ryt — 1),

where R, (t — 1) = O(|t — t|*T%).
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We write
R(t)=Ry(t) +uRc(t)+ R, (t)/o

to denote all the remainder terms.
Choose small constants € and § such that 0 < € < § <K §p. By writing

KLy,

we mean that x/y is chosen sufficiently small, but x/y does not change with b.
Let

L= {|r — 1| <u” VP qw| < ul/PteE, ly| <u,|z| <uf,
(4.13)

sup  |zr—zl<u¢, sup |g(0)] <u_1_3}.
|t—t|<u—1+3 |t—t|<u—1+3
By Lemma 17 whose proof uses the last component LR (#), we have that
dP\?
EQ[<—) 0 & ,£C1|=0 Dv2(b).
40 b (Do (D)

Therefore we only need to consider the second moment on the set £, that is,

SRS

1
4.14 <EQ[EQ[ &y, L, As OH
B R T T S
1
+EQ[ ,Q,[ &, L, Ay 0]],
A= pi— K + K2 " =

where K and K are given as in (4.6). We will focus on the terms on the right-hand
side of (4.14) in the subsequent derivations. Now, we start to carry out each part of
the program.

4.2. Part 1. All the derivations in this part are conditional on specific values
of i, 7, fi(1), dfx(7) and 82f*(t), equivalently, ¢, T, w, y and z. By definition,

I(T) Zf IS OFour CU—D)+1(0) gy
T

We insert the expansions in (4.10), (4.11) and (4.12) into the expression of Z(T')
and obtain that

I(T) = /tET exp{a[w +yTt—1)+ %(z — )zt — )+ Rs(t — 1)

(4.15) +g(t— r)“
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x exp{(au — (1))
1 T
X <1—§(t—r) (t—t)+C4(t—T)+Rc(t—r)>
T 1 T
x expyu(t) +au(r) (t—1)+ E(t —17) Au(t)( —1)

—i—Ru(t—r)}dt,

where the first row corresponds to the expansion of w; = fi(¢), and the second
and third rows correspond to those of C(¢) and wu(¢), respectively. We write the
exponent inside the integral in a quadratic form of (t — ) and obtain that

(T = exp{au +ow—+ %iT(ul - i)_lj)}

x/ exp{—%(t —r—wl —9)7'y) (I -7
(4.16) <t
x(t—1—(ul —i)_ly)}
x explou;Cs(t —7) + o R(t — 1)} x exp{og(t — v)}dt,

where ¥y and Z are defined as in (4.1). Let a(s) and b(s) be two generic positive
functions. Then we have the representation of the following integral:

/Ta(s)b(s)ds=E[b(S)]/Ta(s)ds,

where S is a random variable taking values in T with density a(s)/ [, a(t)dt.
Using this representation and the change of variable that s = (ul — D201 - 1),
we write the big integral in (4.16) as a product of expectations and a normalizing
constant, and obtain that

_ ~—1/2 o.T 1=
I(T) =det(ul —1z) expyou +ow + 2y ul —z)" 'y

o 12T
X expl——(s — (ul —z)~/?
/(ul—z)_l/zs—i—reT p{ 2 (s = ) 5)

x (s — (ul — i)l/zji)} ds
« E[emueCaltul =2 RS Rl =271 25)] o proostl =) 25)]

The two expectations in the above display are taken with respect to S and S given
the process g(¢). S is arandom variable taking values in the set {s : (ul — i)_l/ 2o+
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7 € T} with density proportional to
4.17) e—(0/2)(S—(Ml—i)_l/zi)T(S—(ul—i)_1/2)7)’
and S is a random variable taking values in the set {s : (ul —Z)~!/%s 4+t € T} with
density proportional to

o@D —wl-D7 ) T (s—@l-2) ' 2P)+ou Co(ul -2~ 2s)+o R(ul~2)~s)
Together with the definition of u that (27”)"/ 2=4/269% — b, we obtain that Z(T') >
b if and only if

T(T) = det(ul — 2)—1/2eou+aw+(o/2)y7(ul—i)—ly

y f o=@/ 6—@l=D7 2N T (s—wl-H7'5) 4o
wl—z)~1/2s+1€T

(4.18)
x E[e7tsC@l=7 ' 2S)to Rl -D™1129)]  p=ult,
dj2
- (2_77) / /2 o
O' b
where
(4.19) £, = —ulog{E exp[og(ul —7)~V/2§)]}.

We take log on both sides, and plug in the result of Lemma 20 that handles the big
expectation term in (4.18). Then inequality (4.18) is equivalent to

'l —2)7'y  logdet(I —Z/u) Y, 31.C(0)
— +
2 20 802u

- Su n o(lwl+ [yl +[z|+ 1)
wo L1 +00/4 :

(4.20)

On the set £, we further simplify (4.20) using the following facts (see Lemma 21):
o (1) = O(u™'/7%¢),

1
log det(l — E) = ——Tr(7) + o(u~"7%/%)
u

u

Ve @) +d - no(D) | o(u=1 =0/,
u
where Tr is the trace of a matrix. Therefore, on the set £, (4.20) is equivalent to
Yy 1T+ 0@ +d - po(@) Y 0%:C0)
+ + 2
2u 20u 8o “u

- Su n o(lw|+ [yl + [z + 1)
uo ultdo/4 ’

w +
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and further, equivalently (by replacing u with u),

yly N 1T(z 4 %16 (1)) +d - o () " Y 95, C(0)

w +

2u, 20U, 802u,
>5_u+0(|w|+|J’|+|Z|+1)
no w1 +30/4 .

Using the notation defined as in (3.9) and (4.8), Z(T) > b is equivalent to
o(lwl+Iyl+lzl+1 _ &

10074 >
where A; is defined as in (4.8). Furthermore, with € < 8¢ and on the set £, o(]y| +
lz])/u—17%/% = o(u=1=%/8) For the above inequality, we absorb o(wu~1=%/4)
into A; and rewrite it as

Ac = (1 ol W[ S ot |

ou

Ar +

4.3. Part2. Inpart?2, we first consider (1 — p; — p2) K in the first expectation
of (4.7) (which is on the set {A; > 0}) and then (1 — p; — p2)K + p1K; in the
second expectation of (4.7).

Part 2.1: The analysis of K when A; > 0. Similarly to part 1, all the deriva-
tions are conditional on (z, T, w, y, z). We now proceed to the second part of the
proof. More precisely, we simplify the term K defined as in (4.6), and write it as a
deterministic function of (w, y, z) with a small correction term. Recall that

17 @ 4 palt — )
20u;

B,
)
Uy

K = / [(t)u; Hy, exp{—ku,(w, +u,Ct—1)+
A*

1 [mm;; G+ palt — Duo) 2

X exp{ —
2 1 - H20M197 102

1/2
sl
20
X by w4+ ur C(t = 1), 2 +u9°C(t — 1)) dt.

We plug in the forms of 4, ; and [(¢) that are defined in (4.4) and (3.13) and obtain
that

K = Qm)@+D@/4=d/2 4oy 1) 12 . det(— Ap (1)) *ul"* H,

/ {ut* (= 1) T Ao (1) (1 — 1) }
X exp

~1/2 -
+ ‘Mzzl/ (Zt + pa(t — T)“t) -

2
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X Uy

UG+ malt—nuo) B —m)}

X exp{—kut (wt +uCt—1)+ Yo .
t t

1T | 20ityy (Zr 4 palt — T)ug) |
X exp > —
I — p20iyy 102

12 131
+ ‘Mz}/ (Z + ot — Dug) — —2

2
20 “
< oxp { 1 [(wt +ucC(t = T) — paoiyy (@ + pa(t — Dur))?
2 1 — f20t5) oo

G aalt = o) i a4 aate = o).

For some 8’ such that € < 8’ < §, where ¢, § are the parameters we used to define £,
we further restrict the integration region by defining

I =

X { Lt,;*(l‘ - l*)TA,uo () — 1) }
A* |t —1|<u~ 1+ 2

X Uy X exp{—ku,(w, +u.C(t—r1)

L _u
20Uy U;

N 17 + pa(t — T)uy) LB )}

1 [quougzl G+ pat — D)

(4.21) X exp{ — —
2 1— M20M221 102

“12 1 1P
o+ e = o) - P22

< exp { 1 [<w, +uC(t = 1) — paopyy @ + 2t — Dur))?
2 1 — ooty Moo

(2 4t — oue) i) (2o 4 i — r)uf)} } .
Thus

K > (2m)@+D@+2)/4=d)2 go(ry1/2

1/2 d/2
x det(—Apo (1)) *ul P Hy - T,
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For the rest of part 2.1, we focus on Z,. With some tedious algebra, Lemma 22
writes 7, in a more manageable form; that is, 7, equals

f { e, (t — 1) T Apg (t)(t — 1) u? }
exp + = XUy
A* Jt—1|<u—1+Y 2 2

X exp{(l — Mug[wr +uCt — 1) — uy]

a-»

+20

1TM221}

17 (2 — poous + pa(t — Tur) — AB; — 82

4.22)
x exp{((w; + uC(t — ) — ut)2

—2(w; +ur C(t — T) — u) paoityy (20 — ooty + pa(t — ug))
/(21 = paop, po2))}dt.

Lemma 23 implies that {|r — 7| < u‘H‘S/} C A*. Thus, on the set {A; > 0}, we
have A*N{|t — 7| <u= "%} = {|r — v| < u~'*%} and we can remove A* from the
integration region of Z,. In addition, on the set £ and |t — 7| < u~'*%, we have
that

ur —u, Ct—1) =0 "), —1)=pa+ 0(1t — 7).
urpa(t = 7) —wpao| = O (™), (ur —u, C(t = ))lz| = o(1).

We insert the above estimates to (4.22). Together with the fact that

{uz* (t — 1) T Ao (1) (t — 1) u?
Xp + —

5 5 } =(1+4o0(1)) exp{%ui},

we have that

1 17 uxnl
Tr~u xexp{iui —AB;, — %}
o

X-/|z— | _1+S,exp{(1—k)
X u[wy +uc (Ct — 1) — 1) + (o (1) — 1o (1)) ]

17 2_2 ) 1
(1 W 2tk & o )wt}dt.
20 2(1 — 209y 02)

Further, we have that

w2 — 2w 05y 7 + 0wy = o(1) + 1w - O (u~ V).
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Let z, = O (u~"/2*%"), and we simplify Z; to

17 pol }
802

1
Tr ~ux exp{iui — AB;, —

x ,/|t_r|<u1+5/ exp{(] — MU + &) [Guw +wi +u (Ct—1) — 1)

lT

+ (1o 0) = ()] + (1 =25 = .

In what follows, we insert the expansions in (4.10), (4.11) and (4.12) into the
expression of 7, and write the exponent as a quadratic function of t — 7, and we
obtain that on the set £

17l }

1
Iz'vuxexp{—u2 —AB;, — %02
o

2

1+ ., 172
XCXP{(I _)‘)(uf+§“)<(1+§u)w+§y (MI—Z) y+ Zou )}
(4.23) T

% e~ (/D=0 U +) (=1l =D~ T I -2 (11—l -2)~'5)
|t—1|<u—1+
s UM G lur Calt—T)+RU—T)+ (=D gy
where we recall that y = y + 0y (1) and Z =z + u, (1) I + Ay (7). This deriva-
tion is very similar to that from (4/. 15) to (4.16). In the last row of the above display,
onthe set £ and |t — 7| < u~ 1%,
u?Cy(t — ) +uR(t — v) = 0(1).
Therefore, they can be ignored. We consider the change of variable that
s=0 =" + 80"Vl =)'t — 1)
and obtain that 7, equals (with the terms C4 and R removed)
1 17Tl
—d/2, —d+1 2
IZ’\’(I_)‘) / u + exp{iut*—)\Bz*—W}
1 _+ ] 177
xexpy (1 —A)(ur + &) (1 + S)w + 2y (ul —z)" y+ You
(4.24)
% / o~ U/DIs=U=1)'"Pur+e) P @i-n~ 251 4 ¢
SES,

x E[e1=P e ttg(A=071 (uett) ™ 2wl -D)7128)]

where S, = {s:|(1 — A" V2(u + )~ V2wl — )75 < u_1+‘3/}, and S’ is a
random variable taking values on the set S, with density proportional to

e~ W/DIs=(U=)'P (e8! @l =D~ 251%
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We use « to denote the last two terms of (4.24), that is,

o UDIs=A= 2 ur+) Pl -2~ 257 4
Su

x E[e0P 0t tg (=0 2t 2l 2728

K =

(4.25)

It is helpful to keep in mind that « is approximately (277)%/2. We insert « back to
the expression of Z,. Together with the fact that 5T (ul —2)~'5 = |5|*/u+ou™"),

we have
1 1T unl
To ~ (1 — )~y expl ~y2 — B, — — 122
2 * 802
(4.26)

152 17z
xexp{(l—)»)(Mr+§u)<(1+§u)w+ + )}

2u;  20u;
Thus, we have that on the set {A; > 0},

K > (27T)(d+1)(d+2)/4*d/2 det(r)1/2 i det(_A[,Lo- (t*))l/zui/zH)h . 1-2

— (K +0(1))(2n)(d+1)(d+2)/47d/2 det(F)1/2

(4.27) x det(—Apig (t)) /2 Hy, - (1 — 1) ~4/2y=d/2+1
L) 1 1
x exp{ Sl ~ AB;, — 302

52 17z
+(1—A)(ur+§u)((1+§u)w+ + >}

2u; 20u;
We further insert the A; defined in (4.8) into (4.27) and obtain that

K > (k 4 0(1))(2m) @ rDEFD/A4=d/2 Gey(1)1/2

x det(— Aptg (1)) /2 Hy, - (1 — 1) =412y —d/2+1
(4.28) .
1 1" ol
XCXP{EMZZ* _Bt* — 852 + (1 —k)ur(l—i—o(l))Ar

+ (=) (1517 + |z|)}-

Part 2.2: The analysis of dP/d Q when A; < 0. In this part, we focus mostly
on the K term, whose handling is very similar to that of K. Therefore, we only
list out the key steps. For some large constant M, let

D={t—7—(ul — i)_lj)] < Mu_l}

that is, the dominating region of the integral. We split the set D = (A* N D) U
((A")¢ N D). There are two situations: mes((A*)° N D) > mes(A* N D) and
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mes((A*)°N D) < mes(A* N D). For the first situation, the term K is dominating;
for the second situation, the term K (more precisely Z;) is dominating.
To simplify K1, we write it as

Ky = () @+D@+D/4=d2 4oy (1)1 /2 . det(— Apuq (t*))l/zui/zH

Al
(A*ND (A*)eND¢

Iy (27_[)(d+1)(d+2)/47d/2 det(F)I/Z . det(—Aug (t*))l/QuiﬂHxl
x [Z12 + 11 3]

Note that the difference between K| and K is that the term “—X” has been replaced
by “A1.” With exactly the same derivation for (4.22), we obtain that Z; ; equals [by
replacing “—X” in (4.22) by “A1”’]

/ {ut*(r—tNAua(r*)(t—r*) 1 2}
exp + —u; ¢ X uy
(A%)°ND 2 2

X exp{(l + ADu[wr +uCt — ) — uy]

(1+2x)
+ TIT(Zt — o2ty + ot — Tug) + A By —

4.29)  x exp{((w; +u:C(t — 1) — u;)*
—2(ws + (uCt — 1) —uy))

lTuzzl}
802

X 20y (20 — pozty + pa(t — T)uz))
/(21 = paops; o))}y dt.

With a very similar derivation as in part 2.1, in particular, the result in (4.23), we
have that

1TM221}

1 2
11,2 ~Uu X exp{—ul* +)\.1B[* — 352

2

1 17
x exp{(l A + @)((1 Foow+ 3 @l -D 75+ ﬁ)}

1
(4.30) x /(A*)CmD exp{(l +A)(ur + g“u)[—i(t —1t—(ul — i)‘ly)T(ul —17)

x (t—r—(ul—i)ly)”

xexp{(1 + A1) (ur + &) [u:Cat — ) + R(t — 1) + gt — 7)]} dt.
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Furthermore, similarly to the results in (4.26), we have that

Tio~kio(l + M)—d/zu—dﬂe(l/z)u?*+AIB,*—1T;L221/(802)

4.31)
eI WA (A48)wH(1/2)5 Tl =2) 7 54172/ Qour))

where k1 2 is defined as

K1 = o= /20s =20 P (et Pl =07 251 4
11(s)e(A*)*ND

xE[e<1+x1)(ur+¢u)g((1+m)*‘”(urm)*l“(ul—i)*”zsl,z)]’
the change of variable 7 (s) = 7 + (1 + A1) ™2 (uy + &)Vl — 72)~'/%s and
S1.2 is a random variable taking values in the set {s:7(s) € (A*)° N D} with an
appropriately chosen density function similarly as in (4.24). In summary, the only
difference between Z; » and Z; lies in that the multiplier —A is replaced by A;.

We now proceed to providing a lower bound of (1 — p; — p2)K + p1 K. Note
that

max{mes((A*)° N D), mes(A* N D)} > 1 mes(D).

Therefore at least one of (A*)°N D and A* N D is nonempty. If mes((A*)° N D) >
% mes(D), we have the bound

(1—p1 — 0K + 01K = p1 K1 = O(1)p1u?’?Z; 5.
Similarly, if mes(A* N D) > § mes(D), we have that

(1= p1 = p)K + p1K1 = O (1~ p1 — p)u Ty
We further split Z, in part 2.1 into two parts:

(4.32) 12:/ e dt + e dt 2T+ oo
A*ND A*ND¢
Similarly to the derivation of Zj », we have that
Ty ~Ky (1= )L)—d/Zu—d-l—l6(1/2)14[2*—AB,*—ITuzzl/(Saz)
x 1= (e +6) (A+8)w+IF 2/ Quo)+1T2/Qoun)

where

Kol = o 1205 ==)" 2 ur 6 Pl =27 251 4

tr(s)eA*ND
(4.33)
XE[eu—A)(ur+cu)g((1—A)‘”Z(uf+;u>—1/2<u1—i>—1/252,1>]‘

S2.1 is a random variable taking values on the set {s:72(s) € A* N D} with an
appropriate density function similarly as in (4.24) and t,(s) =7 + (1 — A)~1/2 x
(ur + &) Pl =D~
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Then combining the above results of Z; » and Z5 1, we have that for the case in
which A; <0

p1Ki+ (1 —p1—p2)K
> O()u?[Ie, 1Z12 +1c,(1 — p1 — p2)T2.1]
> @(l)u—d/2+le(1/2)u,2*

512 T
% [Hcl ,IO]Kl?26(1+A1)(ur+€u)((1+cu)w+|y\ /Qu)+1"z/2our))

+Ic, - (1= p1 = p2) (1 = 1) %er 4
% e(l—M(uf+cu>((1+;u>w+|y|2/<2ur>+1Tz/(2ouT))]’
where C; = {f(-) :mes((A*)° N D) > mes(A* N D)} and C, = C{. We further

insert A; defined in (4.8). Note that on the set {A4; <0}, (1 + A1) A; < (1 —1)A;
and B; is bounded away from zero and infinity. Then

(I —p1 —p2)K + p1K}
(4.34) > @ (1421127, . (DI +8 U At (5P +12D

x [Ic, - prk1a +1c, - (1= p1 — p2) (1 — 1) "0 1]

Part3. 'We now put together the results in parts 1 and 2 and obtain an approx-
imation for (4.7). Recall that

SRS

1
4.35 SEQ[ ;S,E,Arzo}
(435 [(1—p1—p)K2" "
1
+EQ[ ;5,5,A1<o]
[(I—p1— p)K + o1 K112

We consider the two terms on the right-hand side of the above display one by one.
We start with the first term

EQ[ I ;
[(1—p1 — p2)K]?
1
& LA, >0, =o]
[(1—pi — p)KIP " ’
1 .
[(1—p1 — p2)K]*

The index T admits density /(¢#) when : =0 and 7 is uniformly distributed over T
ifi =1.

gb, E, A'[ Z 0}

(4.36) = EQ[

+EQ[ Eb,ﬁ,AfZO,lzl]
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Consider the first expectation in (4.36). Note that conditionally on 7 and 1 =0,
on the set LN {A; >0}, (w, y, z) follows density (1 — p; — pz)héyr(w, v,2)/(1—
p2) defined as in (4.2). Thus, according to (4.28), we have that the conditional
expectation

0 . - _
[(1 =ik S Az 0l =0, 7::|

-1 “1/2 gog(— —12
< (1+0(1)) H, " det(I") det(—Apg (t4))
= Q)@+ D@+2)/A=d]2
2
4.37) (11— )L)d/2ud/2le(1/2)u,2*+B,*+1T;L221/(8c72):|

% / ¢~ 2(1=Pu(+oD) Acto(y P/ Qu)+1T2/Qow)) ) (45 A)
Ar>0,L
1—p; —
X Mké ‘[(wv yv Z) dwdy dZa
1 —p2 ’

where

u =E ;
Yul®) [(1 —p1 — p2)*k?

Y= (1 +0(u—1—80/4))[§_.u +0(u—5o/8)]

l»tvwayaz]9

with the expectation taken with respect to the process g(¢). We insert the analytic
form of h§ (w, y, z) into (4.2) and obtain that

/ 6—2(1—}»)M((H-O(D)Ar+0(\y|2/(2M)+1TZ/(20M))) YV (uo Az)
A:>0,L

1— o —
X Mhé [(w,y,20)dwdydz
1—p2 ’
_d=p1=p)H, -u:
1 —p2
(4.38) X /A Oyu(ua.At)eXp{—2(l - A -I—O(I))u.Ar + 0(|z| + |y|2)}

X exp{ —Aur A;

_ 1/2
1T 2o, zl? L w1
B EE Y - i v
1 — 20ty 02

— =5y y}d.Ardydz.
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Thanks to the Borel-TIS inequality (Lemma 16), Lemma 19 and the definition
of k in (4.25), for x > 0, y,,(x) is bounded and as b — oo,

1 —1-6p/4 —80/8 —d
E[F;x > (14 o(u™'7%/*)[&, 4 o(u™%/ )]} — 2m)7°.
Thus, by the dominated convergence theorem and with H, defined as in (3.14), as
u — 00, we have that
Qmn)~ e M)
(I—p1—p)(I—p2) 2—2°
We insert it back to (4.37) and obtain that
Q[ 1 :
(1 —p1 —p2)?K?

(4.38) ~

Ep, L, A > O‘I =0, r}

@m)™ e M
(I —=p1—p2)(1—p2) 2—A

H; ' det(T) /2 det(A i (1)) 1/
(27 )(d+D)(d+2)/4—d/2

<(1+o(1))

(4.39)

d/2. dj2—1 —1/2)u? +B;, +17 1(82)2
RS B

Using the asymptotic approximation of v(b) given by Proposition 14, we obtain
that
1

EQ|: ;
(1 —p1 — p2)K]?
1+ o0(1) eM

T l=p1—p2A(2—-2)

gb,E,A‘[ Zo,l :0:|
(4.40)
v (b).

We choose
pPrL=pp=nN= 1—A= l/loglogb~ l/logu.

Then, the right-hand side of the above inequality is bounded by (1 + &)v?(b) for b
sufficiently large.

The handling of the second term of (4.36) is similar except that (w, y, z) follows
density A% (w, y, z). Thus, we only mention the key steps. Note that

0 . B
|:(1 — Pl _/02)21{2’&” L, ./41_— ZO’[ ’Tj|

(4o H; ' det(T)™1/2 det(— A (1,)) /2
= (I+o(D) (27)@+D(d+2)/4=d]2

2
(4.41) x (1— A)d/Zud/Z—le—(1/2)u,2*+B,*+1Tu221/(802):|
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det(I")~1/2
X 2@+ D@/

x / V(o Ay)
A:>0,L

X exp{—2(1 — MuA;

1+ o0(1)
2
T lw — M20M2_212|2 T -1
x[y v+ —= +z Mzzz“d/ltdydz
1 — wooptyy 102

=01 —n) " u w2
According to the asymptotic form of v(b) and with pp =1 — A =1/loglogb, we
have that
Q[ ! :
[(1—p1—p2)K]?

— 0 pa(1 — 1)Ll w2740 = o ()02 (b).

EbiﬁﬂAf Zoslzl}
(4.42)

Therefore, combining the results in (4.40) and (4.42), we have the first term
in (4.35) is bounded by (1 + 2&)v?(b).

The last step is to show that the second term of (4.35) is of a smaller order of
v2(b). First, we split the expectation

1
¢ & L, A <o}
[[(1 —p1— oK +pi K 2T
1
- Q|: i€, L, A <01:1]
l—pr—p)K +p K127 7
(4.43) [(1 = p1 ,02)1 p1K1]
0 . B
e |:[(1—/01—pz)K+p1K1]2’gb’£’_77/Mr<.Ar<0,l_0:|
1
£? ; - =0|.
+ [[(1_pl_pz)KerKl]z,sb,ﬁ,A,g n/uz, 1 ]

We study these three terms one by one. Let

1
[Ic, - piki2+ 1, - (1 — p1 — p2) (1 — 2) =4/ 2k 1%’

Yiu(x) = E[
(4.44)
x> (1 +0(M_1_30/4))[§u +0(M—60/8)])1, T,w,Yy, z].
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We start with the first expectation in (4.43). Plugging in the lower bound for (1 —
o1 — ) K + p1 Ky derived in (4.34), we have

1
EQ[ 53 &b,
[(1 = p1—p2)K + p1Ki]

— 0(Dui=2e

4.45) x f Viu(woAr)
A <0

L, A; <0’z :1,1}

X exp{—Z(l +ADuA;

1 w — 2o _IZ2
__|:T +| H20M499 |

T, -1
B 1— ] +z 12%%) Z:|}d./41— dde
K209, K02

We deal with the y; , (1o A;) term in the above integration. On the set £, uo A, >
—u?/?*t¢. By Lemma 24, for —u/?*€ < x <0, there exists a constant §* > 0 such
that

1 1 _
E|pyix= (L olu™ ) [g, + ofu)]
P1KT 2

LT, W,y 2, Cl]

— ()(1)p1—2614(S X

and
E[ !
(1 —p1 — p2)%k3 |

;x> (1 +0(u_1_8°/4))[5u + 0(“_80/8)]’“ ,w,y,Z, CZ}

— O()(1— p1 — p2)~2(1 —2)~det” .

Therefore, the above approximations and the dominated convergence theorem im-
ply that conditionally on L,

/ V1o Ar)e 2 H0A g AL = 0 (1) -max{pp?, (1= 2) 72} w7
A <0
Thus, (4.45) equals

(4.45) = O(l)ymax{p; %, (1 — 1) "2} .~ 1=% s —y

Taking expectation of the above equation with respect to : and 7 and choosing
01,02 and 1 — A be (loglogb)_l, we have

1
(1 —p1—p2)K + p1 K11

(4.46) E[ Ep, L, A <0,1 = 1} =o(1)v2(b).
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For the second term in (4.43), with the same bound of y; ,, we have
E? |: ! ;
[(1 —p1 — p2)K + p1K1]?

— O(Du?=2e 1%

| e
—n/ur<A;<0

_ 124 2
1T o5, zl? —12. Myl
xexp{—i[—n_] + Mzz/ Z— 22 - ‘ ]
1 — w20y, 02

Ep, L, —nju; < A; < O‘Z =0, ri|
—2(1+2DuAr =g Ay

20

1—A
— TyTy} dA;dydz

= 0(1) -max{p;2, (1 —2) 24} . =% 920
= o()v*(b),
and similarly for the third term in (4.43),
EQ[ . .
[(1—p1 —p2)K + p1 K1]*

—0()py - ud2e Meu,

X / yl,u(uGAr)
Ar<—n/ur

w =201 +h A

Ep, L, A < —n/u;

l:O,r]

(4.47) X exp{klquf
_ 1/2
1T o5, zl? “1,2 Mzé 1
ST o t Mo T T
1 — pooptyy 102 o
1+A
- lyTy}dATdydz

=0(1)p; -max{,ol_z, (1—2)~2}. w8 yd=2e
= o(1)v*(b).

We put all the estimates in (4.40), (4.42), (4.46) and (4.47) back to (4.35). For
any ¢ > 0, if we choose n = p; = p» =1 — A =1/loglogb, then for b sufficiently
large we have that

2
EQ[CZI—Z) ;Eb,/:} < (14 3)v%(b).
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We complete the proof of Theorem 3 for the case that u(¢) # 0.

4.4. Case 2: Constant mean function. The proof when wu(¢) = 0 is very sim-
ilar, except that we need to consider two situations: first, T is not close to the
boundary of T and otherwise. More precisely, for a given 8’ > 0 small enough, we
consider the case when t € {r:|t — 7| <u~V/ 2+‘S/} C T and otherwise.

For the first situation, t is “far away” from the boundary of 7', which is the im-
portant case, the derivation is same as that of the case where () is not a constant.
For the case in which 7 is within «~'/2*%" distance from the boundary of T, the
contribution of the boundary case is o(v2(b)). An intuitive interpretation is that
the important region of the integral Z(7") might be cut off by the boundary of 7.
Therefore, in cases that t is too close to the boundary, the tail Z(T') is not heav-
ier than that of the interior case. The rigorous analysis is basically repeating the
parts 1, 2 and 3 on a truncated region. Therefore, we omit the details.

5. Proof of Theorem 7. The proof of Theorem 7 is analogous to that of The-
orem 3. According to Lemma 18, we focus on the set (for some small €9 > 0)

(5.1) £*=£m[ sup g(t)—60u|t|2<0}.

|t—t|>2u—1/2+€

A similar three-part procedure is applied here.
In part 1, using the transformation from f to the process f., we have

1

Mn—whm+

teT

+—+%m}

17 (zr — urton + ur pia(t — 7))
20'1/![

= sup{f*(t) +u Ct—1)+

teT

B,
+—+mm}

1723

We insert the expansions in (4.10), (4.11) and (4.12) into the expression of 8, (T)
and obtain that 8, (T") equals

sup{w—i—y t—1)+ = (t—r) Zt—1)+ Rt —71)+ gt —1)

teT

+Mr<l - %(l —1)'(t = 1)+ Ca(t = 7) + Re(t — r))

+uvu>+amwau—ry+%a—rfAuaaxr—ry+o*Rﬂa—r)

17 (2 — ugpon + urpo(t — f)) }
+ R
20Uy ut
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_ 1~T -l
=supyju+w-+ =y (ul—-2)""y
teT 2

_ %(t —7—(ul — i)_lfz)—r(ul —Z)(t—7— (ul — i)_li)

tuCat =)+ R —1)+ 80 — 1)

17z —u +u t—7 B
+ (z¢ 102 2 ( ))+ t}.

20 u; Uy
Note that the above display is approximately a quadratic function of ¢t — 7 and is
maximized approximately at t — 7 = (ul — Z)~'¥. In addition, on the set L., we
have that |t — #,| < 2u~'/?%¢ and thus § = y + O(u~'/?%¢). Therefore, on the
set L,, we have the following approximation of 8, (T):
Ac+  inf g(6) < Bu(T) —u+u~ "0 o(jwl + |yl + |2I)

[t—1|<2u—1/2+€
<A+ sup g(0).
|t—7|<2u—1/2+e

Thus, we obtain the same representation as in part 1 in the proof of Theorem 3.
Since we use the same change of measure, the analysis of the likelihood ratio
is exactly the same as part 2 of Theorem 3. For part 3, we compute the second
moment of d P/dQ on the set {8,(T) > u}. This is also identical to the proof of
Theorem 3. Thus, with the same choice of tuning parameters, we have that

EQ[<dP>2 Bu(T) > ]<(1+8)v2(b)
— ) 5 Bu ul< .
do

Additionally, Lemma 18 provides an approximation that P(8,(T) > u) ~ v(b).

Thus, we use Lemma 13 (presented at the beginning of Section 4) and complete
the proof.

6. Proof of Theorem 10. For the bias control, we need the following re-
sult [44].

PROPOSITION 15.  Suppose that conditions C1-C6 are satisfied. Let F’'(x)
be the probability density function of ogZ(T) = log [ e?/ O+tH® dt. Then the
following approximation holds as x — 00:

F'(x) ~ o 2x - v(eb).

Thus, for any small ¢,
6.1 P(b<Z(T) <b(1+¢/logh)|Z(T) > b) = O(e).

Similar to the log-normal distribution, the overshoot of Z(T') is ®(b/logb). Note
that

lop (b) —v(b)| < P(Z(T) > b, Iy (T) < b) + P(Z(T) < b, Iy(T) > b).
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Let
Le= [sup{af(t)| <2(1—u? loge)u].
teT

Note that df (¢) is a d-dimensional Gaussian process. Using Borel-TIS lemma, we
obtain that

P(LS) =o(1)e - v(b).

Therefore, it is sufficient to control P(Z(T) > b, Zy(T) < b, L,) and P(Z(T) <
b7IM(T) > b7 ES)'
By the definition of Zj; in (3.23), there exists a constant ¢; > 0 such that

M

A=|T(T) - T <Y
i=1

/ OO g mes(Ty (1)) - €7 @+
Ty (1)
<cimin{Zy(T), Z(T)} - sup|df (1)|/N.

teT

Then we have, on the set L., A < 2¢imin{Zy(T), Z(T)}(1 — u~2 loge)u/N,
which implies that

P(I(T) > b, Zy(T) <b, L) < P(b<I(T) < b(1 +2(1 — u_zloge)u/N))
u(l —u=2loge)logh
N v

The last step is due to the result of Proposition 15 and further (6.1). Thus, it is
sufficient to choose N = O (¢~ 17%042+20) 50 that the above probability is bounded
by ev(b). The bound of P(Z(T) < b,Zy(T) > b, L) is completely analogous.

=0(1)

(b).

7. Proof of Theorem 11. The proof of Theorem 11 is similar to that of The-
orem 3. Therefore, we only lay out the key steps. The only difference is that we
replace the integral by a finite sum over Tx. Recall that the proof of Theorem 3
consists of three parts: first, we write the event {Z3;(T) > b} as a function of
(w, y, z) (with an ignorable correction term); second, we write the likelihood ratio
as a function of (w, y, z) (with an ignorable correction term); third, we integrate
the likelihood ratio with respect to (z, 7, w, y, z). For the current proof, we also
have three similar parts.

Part 1. For the first step in the proof of Theorem 3, we write Z(T') > b if and
only if A; + W > u~'o~',. With the current discretization size, as
proved in Theorem 10,

10g Z(T) —log Ly (T) = o(u~"'750/),

Thus, we reach the same result that Zp,(T) > b if A; + W +

o™ 1700/ > y~lo1g,.



EXPONENTIAL INTEGRALS OF GAUSSIAN RANDOM FIELDS 1733

Part 2. Consider the likelihood ratio
do

ap Iz

Under the discretization setup, we have

dQu _1—pi—pr < Pl & g1
o= YU LR() 4 Y1) LRy @) + 2 Y 2 LRa (1),

i=1 i=1 i=1

P2
mes(7)

[(1 — p1 — p2)I (1) LR(t) + p11(1) LR (1) + LRz(t)] dr.

which is a discrete approximation of d(Q/dP. In the proof of Theorem 3, after
taking all the terms not consisting of ¢ out of the integral [such as that in (4.23)],
the discrete sum is essentially approximating the following integral:

/ o~ (=0 et+8)/2)(t—1—l=2)"'5) T W=Dt ~t—wl-D~'5) gy
lt—7|<u—1+%

The above integral concentrates on a region of size O (u™"). Given that we choose
N > u?, the discretized likelihood ratio in d Q5 /d P approximate d Q /d P up to a
constant in the sense that

dQu do

(7.1) s =0

Part 3. With the results of parts 1 and 2, the analysis of part 3 is completely
analogous to part 3 in the proof of Theorem 3. Thus, we conclude that

E%M(L?) < kjv(b)?,

where the constant x| depends on the ®(1) in (7.1).

APPENDIX: THE LEMMAS

In this section, we state all the lemmas used in the previous sections. To facilitate
reading, we move several lengthy proofs (Lemmas 17, 18, 20, 22, 23 and 24) to
the supplemental materials [45], as those proofs are not particularly related to the
proof of the theorems and mostly involve tedious elementary algebra.

The first lemma is known as the Borel-TIS lemma, which was proved indepen-
dently by [20, 23].

LEMMA 16 (Borel-TIS). Let f(¢),t € U,U is a parameter set, be a mean zero
Gaussian random field. f is almost surely bounded on U. Then E(sup;, f (1)) <
00, and

P<5“e%3‘ f@6)—E [f,rgg‘ F0)]zb) e/,

where 01/2, = max,¢y Var[ f(1)].



1734 J.LIU AND G. XU

LEMMA 17. Conditionally on the set L as defined in (4.13), we have that

EQ[CIZ—Z)z; I(T) > b, L‘,"] =o(1)v2(b).

LEMMA 18. On the set L, as defined in (5.1), we have that for k =1 and 2
dP\*
EQKE) . Bu(T) > u, Ei} =0(1)P(B(T) > u)".
In addition, we have the approximation P(B,(T) > u) ~ v(b).

LEMMA 19. Let &, be as defined in (4.19), then there exist small constants
8*, A, A" > 0 such that for all x > 0 and sufficiently large u

7 8% 2 "2
P(|§u|>x)§e_}‘” X e

PROOF. For § < 8y/10, we split the expectation into two parts {|S| < u%} and
{|S‘| >ul, v+ (ul — z)—1/2§ € T}. Note that |S| < xu’ and g(t) is a mean zero
Gaussian random field with Var(g(¢)) = O(|t|*1%). A direct application of the
Borel-TIS inequality (Lemma 16) yields the result of this lemma. [

LEMMA 20. Let S be a random variable taking values in {s : (ul — 2) V25 4+
T € T} with density proportional to

e @/DG—wl-n7 25T (s—ul-2)~'7?5)

If |yl < u'?*€ and |z| < u'/?*€ and € <« 8¢, then

log{Eeﬁ(u*lta(T))C4((M1*Z)’“/2)S)+0R((u171)’(1/2)5)}

1 4 o(w| + [yl +lz[ + 1)
=%Za"iiic(o)+ pREE Ty ,
l

where the expectation is taken with respect to S.
LEMMA 21.
log(det(I —u™'2)) = —u~! Tr(z) + %u_zlz(z) + o(u_z),

where Tr is the trace of a matrix, I5(z) = 2?21 )Ll.2, and A;’s are the eigenvalues

of z.

PROOF. The result is immediate by noting that det(/ — ulz) = ]_[idzl(l —
Aiju),and Tr(z) = Y4 ;. O
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LEMMA 22. On the set L, T, defined as in (4.21) can be written as

/ {u,* (t — 1) Ao (1)t — 1) | uf }
exp + — Xu;
A* |1 —1|<u~ 1+ 2 2

X exp{(l — Mu[w +u Ct — 1) — s

(=2
20

x exp{((wy + ur C(t — 1) — ;) = 2(w; +u C(t — ) — uy)

17 (20 — poouty + pa(t — Dug) — AB, —

1TM221}
802

X Mzo/Lg_zl (2t — poouts + pa(t — T)uz))

/(201 = paopsy 1o2))} dt.

LEMMA 23. Forn=1/loglogb, on the set L, if A; >0, then

(It —7) <u™ '} c A%,

LEMMA 24. On the set L, there exists some §* > 0 such that for all
—udPte < x <0,

1
E|:—2 53X > (1 +0(u*1*30/4))[§u +0(u780/8)] LT, W,Y,2, Cl]
P1KT 2

= 0()p2e" 7,
E[ :
(1—p1— p2)2k3

s x> (14 o(u™17%/%)[g, + O(M_BO/S)]‘Z, T, W, y,2, C2:|

=01 —p1—p) 21— 1) e,
where C1 = {mes(A° N D) > mes(A N D)} and Cy = {mes(A° N D) < mes(A N
D)}.
SUPPLEMENTARY MATERIAL

Supplement to “On the conditional distributions and the efficient simula-
tions of exponential integrals of gaussian random fields” (DOI: 10.1214/13-
AAP960SUPP; .pdf). Proofs of Proposition 14 and Lemmas 17, 18, 20, 22, 23
and 24 are provided in the supplementary material.
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