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Abstract

Let X be an R? valued random variable, let m : R? — R be a measurable
function and set Y = m(X). Given a sample of (X,Y) of size n we consider
the problem of estimating the quantile of Y of a given level a € (0,1). In
this setting one promising idea is to apply a surrogate quantile estimate,
where in the first step the sample of (X,Y") is used to construct a surrogate
estimate of m and in the second step the quantile is estimated by using the
surrogate estimate of m. The construction of the surrogate estimate usually
depends on a proper choice of parameters, so each parameter leads to a dif-
ferent quantile estimate. Given finitely many such surrogate estimates, we
consider the problem of choosing the best of them in the context of quan-
tile estimation. A data-dependent way of selecting the optimal surrogate
estimate is proposed. It is shown that the pointwise error of the resulting
adaptive surrogate estimate is less than twice the maximal supremum norm
error of the given surrogate estimates except on a set of measure less than
¢1-logn/n. Furthermore it is shown that this implies that the corresponding
surrogate quantile estimate achieves the rate of convergence bounded by the
sum of the minimal rate of convergence of the quantile estimates correspond-
ing to the given surrogate estimates and a term of order log(n)/n. The finite
sample size behaviour of this quantile estimate is illustrated by applying it
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to simulated data.
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1 Introduction

Let Y be a real-valued random variable with cumulative distribution function
(cdf.) Gy, i.e., Gy(y) = P{Y < y}. For a € (0,1) denote by

@y =min{z € R : Gy(z) > a}

the a-quantile of Y. A simple idea to estimate gy, from a sample Y7, ...,
Y, of Y is to use Y7,...,Y, to compute the empirical cdf.

R 1 &
Gnly) = - ZI{YiSy} (1)
=1

and to estimate the quantile by the corresponding plug-in estimate
Gyma =min{z € R: Gp(2) > a}. (2)

Since Gy,n,o is in fact an order statistic, results from order statistics, e.g.,
Theorem 8.5.1 in Arnold, Balakrishnan and Nagaraja (1992), imply that in
case that Y has a density g which is continuous and positive at gy, we have

Vi glaye) - Dome — e, A (0,1)  in distribution.
a-(1—a)

This implies

. 1
|QY,n,a - QY,a| = OP <\/ﬁ> 5 (3)
where we write X,, = Op(Z,,) if the nonnegative random variables X,, and
Z, satisfy

lim limsupP{X,, >¢-Z,} =0.

€20 p—oo
In this paper we consider a simulation model of a complex technical system
given by Y = m(X), where X is a R%valued random variable which de-
scribes uncertain parameters of the system and m : R — R is a function
which describes how the outcome Y of the system depends on its (random)



parameters X. We consider the problem of estimating the a—quantile g,,(x)
of Y = m(X). We assume that we are allowed to evaluate m at any point and
that we have available random variables X7, Xo, ... which are independent
and identically distributed as X. However, since m describes a simulation
model of a complex technical system, we assume that our function m is costly
to evaluate, and hence we are interested in estimation of the quantile using
as few evaluations of m as possible.

One simple way of estimating the above quantile would be to compute
the data

D, = {(le }/1)7 ) (Xn,Yn)} = {(lem(Xl))v SE) (Xnvm(Xn))} ) (4)

where X, X1, X9, ...are independent and identically distributed random
variables; and to apply the simple order statistics estimate (2) to Y7 =
m(X1), ..., Y = m(X,). According to (3) this results in an estimate
achieving the rate of convergence 1/+/n, where n is the number of evalua-
tions of m needed.

There are quite a few approaches studied already in the literature for
improving the rate of convergence of the above simple quantile estimate.
These include variance reduction techniques like control variates (cf., e.g.,
Hesterberg and Nelson (1998)), controlled stratification (cf., e.g., Cannamela,
Garnier and Ioss (2008)) and importance sampling (cf., e.g., Glynn (1996) for
a parametric and Morio (2012) for a nonparametric approach), and Bayesian
methods, including in particular ones based on Gaussian process modelling
(cf., e.g., Santner, Williams and Notz (2003)). For the to quantile estimation
related problem of rare event simulation an extensive survey is presented in
Morio et al. (2014).

In this paper we study estimates based on so—called surrogate models.
The basic idea is to first construct a surrogate estimate m, of m and then
to estimate the quantile g,,(x).o by a Monte Carlo estimate of the quantile

Am, (X),a where
Am, (X),a = inf {y eER: Px{l‘ € R : mn(x) < y} > 05} .
More precisely, assume that besides data (4) we are also given the samples

Xty Xntn,

for some large N, € N. The surrogate quantile estimate G, (x),n, first
computes

mn(XTH-l)’ s >mn(Xn+Nn)7



and then produces the corresponding empirical cdf.

N,
N 1 =
G (x),N, () = N, ;I{mn(x7z+i)§y} (y € R),
and subsequently estimates ¢,,(x),o by the plug-in estimate

‘jmn(X),Nn,a = inf {y eER: émn(X),Nn(y) > a} .

Clearly, this quantile estimate depends crucially on the chosen surrogate
model. Surrogate models have been introduced and investigated with the aid
of simulated and real data in connection with quadratic response surfaces in
Bucher and Burgund (1990), Kim and Na (1997) and Das and Zheng (2000),
in connection with support vector machines in Hurtado (2004), Deheeger and
Lemaire (2010) and Bourinet, Deheeger and Lemaire (2011), in connection
with neural networks in Papadrakakis and Lagaros (2002), and in connection
with kriging in Kaymaz (2005) and Bichon et al. (2008). As a tool to derive
various versions of importance sampling algorithms surrogate models have
been used in Dubourg, Sudret and Deheeger (2013) and in Kohler, Krzyzak,
Tent and Walk (2014).

In Enss et al. (2016) the rate of convergence of surrogate quantile esti-
mates has been analyzed. It has been shown that they achieve in case of a
smooth function m better rates of convergence than the rate 1/y/n of the
simple order statistics estimate in (2). However, all of these estimates de-
pend on parameters (which one can restrict without loss of generality to be
contained in a finite set), and choosing one of them in an application imme-
diately leads to the following problem: Given surrogate quantile estimates

qun,p(X)7Nn,a (p € Pn)

(where Py, is a finite set of parameters) and the data (4), how to select the
best quantile estimate, i.e., a how to select a p = p(D,,) € Py, such that

=Op <;rel7gn G (X),Nnya — Gm(X),al + 6n> (5)

n

|qun’f,(X),Nn,a — n(X),a

for some small error term ¢, > 0 satisfying n’ - ¢, — 0 (n — o) for some
d>1/2.

In order to solve this problem we suggest in this paper a method which
enables one to choose in a data—dependent way the best surrogate estimate
from a list of finitely many surrogate estimates using the data (4). We



use this approach to define an algorithm which does not need any tuning
parameter to be chosen in an application, which satisfies (5) with €, =
(logn)/n and which hence achieves the optimal rate of convergence up to
some additional error of order log(n)/n.

Throughout this paper we use the following notation: N, Ny, Z, R and R
are the sets of positive integers, nonnegative integers, integers, real numbers
and positive real numbers, respectively. For a real number z we denote by
| z| and [z] the largest integer less than or equal to z and the smallest integer
larger than or equal to z, respectively. ||z| is the Euclidean norm of z € RY,
and for f:RY — R and A C R? we set

[flloc,a = sup [ f(x)]-
z€A
Let p =k + s for some k € Ny and 0 < s < 1, and let C' > 0. A function
f:RY — R is called (p, C)-smooth, if for every a = (az,...,aq) € N& with

k . .
o°f ~7 exists and satisfies

d o . . .
ijl aj = k the partial derivative 5o 0577

ok f okf

Ox{t ... 0xy? (@) - Ozt ... dxy?

(2)] <C-lw — 2

for all z, z € R%.
For nonnegative random variables X,, and Y,, we say that X, = Op(Y},)
if
lim limsupP(X,, > ¢-Y,) =0.
=0 pn—oo
The outline of the paper is as follows: The main results are formulated in
Section 2 and proven in Section 4. Section 3 illustrates our adaptive choice
of an quantile by applying it to simulated data.

2 Main results

2.1 Adaptive choice of a surrogate model

Let X, X1, Xo, ..., be independent and identically distributed random
variables with values in R? and let m : R? — R be measurable function.
In this subsection we consider the problem of choosing a suitable surrogate
model for m(X). Here we assume that we have given a finite parameter set
Pr, surrogate estimates

Mpp: R — R



for each p € P, together with the data
Dn = {(X1,m(X1)), ..., (Xn,m(Xn))}. (6)
Our aim is to choose a parameter
p=1D(Dn) € Pn

such that the supremum norm error between m(z) and m,, ;(x) on some
given set K,, C R? is small.

To do this, we propose to minimize the maximal absolute difference be-
tween my, ,(X;) and m(X;) for those X; that are contained in K, i.e., we
set

p=argmin max |my,,(X;) — m(X;)|.
PEPn R

Our next result shows that the P x—measure of the set of all x € K,,, where
the error of my, 5 is larger than two times the best supremum norm error

ﬁgymmm—ﬂﬂmxm

is small.

Theorem 1. Let X, X1, Xo, ..., be independent and identically distributed
random variables with values in R? and let m : R? — R be a measurable
function. Let P, be some finite set and assume that for each p € Pp a

surrogate estimate
Mpp - R? 5 R

of m is given. Define

mp(x) = myp(z) (z€ ]Rd)

where
p=arg min max |m,(X;) — m(X)]. (7)
pe’])n i=1,..., n,
X,€Kn
Assume that
|Pn

o —0 (n—o0)

for some r > 0.
Then we have outside of an event, whose probability tends to zero for
n — 0o,

logn

Px <{x € Ky, @ Imp(x) —m(z)| > 2 min ||myp — mHoo,Kn}) <r. .
pEPx n

6



Remark 1. In case that the estimates m,, itselves are based on data
of the form (6), i.e., in case that they are based on observations of m at
random points, we can split the data (6) into two halves in order to define
an adaptive estimate which uses alltogether only n evaluations of m. To do
this, set n; = [n/2], let K,, € R? and let P, be a finite set of parameters.
Assume that for each p € P, an estimate

mnhp(’) = mnhp('v (le m(Xl))> R (an,m(an))) R >R
of m is given. Set
M () = mp, p(x)  (x € RY),
where
p=argmin  max |my, ,(X;) —m(X;)|.

pe’Pn i=ny+1,..., n
X,€Kn

As in the proof of Theorem 1 it is possible to show

P ({i € Ko o) ) > 2 i v — o, | 17

logn

<2.r
n

where X' = (X1,...,Xp,).
Remark 2. The estimate in Remark 1 uses splitting of the data in order to
choose the optimal parameter. But at the very end this parameter is applied
only with a sample of half the original size. One way to circumvent is, is to
use a kind of cross-validation instead. In the sequel we define a k—fold cross-
validation to choose our parameter, where 2 < k < n is fixed (in Section 3
below we will use & = 5). To do this, set

n
nl:Lz-EJ, (e fo,.... k),
and set

Dn,l = {(X17 m(Xl))7 SRR (anm(an))7 (an+1+17 m(an+1+1))7 SRR (Xm Yn)}

(l € {1,...,k}). Then the kfold cross-validation choice of our parameter
p € P, is

p = arg min max max |mn—(nl+1—nl),p(Xi7Dn,l) - m(Xz)’ ,

PEP, I=1,... .k i=nj+1,..., np4q



and the corresponding surrogate estimate is
mn(z) = mpp(x,Dy) (v € RY).

The finite sample size performance of this estimate will be analyzed in Section
3 using simulated data. Whether a similar bound as the one in Theorem 1
also holds for this estimate is an open problem.

2.2 A general result for surrogate quantile estimates

Let X, Xi, Xo, ...be independent and identically distributed random vari-
ables with values in R?, let m : R? — R be a measurable function, and for
a € (0,1) define the a—quantile of m(X) by

dm(X),a = 1nf{y eR: Gm(X) (y) > a}> (8)
where
Gmx)(y) = P{m(X) <y}

is the cdf. of m(X). For n € N let K,, C R? and let P, be a finite set of
parameters. Assume that for each p € P, an estimate

Mpp(-) : RT = R (9)
of m is given. Set
mn(x) = mn,ﬁ(x) (:‘C € Rd)7 (10)
where
p=arg min max |my,(X;) - m(X;) (11)
pEPy ’;1’6](:

is the parameter, for which the maximal error on the testing data contained
in K, is minimal. We use m,, to define a corresponding surrogate quantile
estimate by

an(X),Nn,a = 1nf{y eR: émn(X),Nn (y> > Oé}, (12)
where
R 1 dn
G (X),N, () = N Zf{mn(xnﬂ)gy} (y €R). (13)
moi=1

Then the following result holds.



Theorem 2. Let X, X1, Xo, ... be independent and indentically distributed
random wvariables, let m : R? — R be measurable, let o € (0,1) and let
Gm(X),a be the a—quantile of m(X) defined by (8). Forn € N let K,, C R4
and let P, be a finite set of parameters such that for each p € P,, an estimate
(9) is given, and define the corresponding quantile estimate by (10)-(13).

Assume that m(X) has a density g, which is positive and continuous at
Im(X),a- Assume furthermore thal

i 10— o, =0 (0= ). (14)
€Pn
Px (K;)—0 (n— ), (15)
N, = 0 (n— ) (16)
and D
|n:“L| —0 (n— o) (17)

for some r > 0. Then

|G () N0 — ()00

1 logn
=0 i — Px (K¢ .
o (e i = s, + P () + 257

2.3 Application to surrogate spline quantile estimates

In this section we choose m,, as an adaptively chosen spline approximand in
the definition of our Monte Carlo surrogate quantile estimate.

To do this, we choose § > 1 and set v, = (logn)’. Next we define a spline
approximand which approximates m on [—7,,7,]?. In order to do this, we
introduce polynomial splines, i.e., sets of piecewise polynomials satisfying a
global smoothness condition, and a corresponding B-spline basis consisting
of basis functions with compact support. Here our presentation is based on
Kohler (2014), which in turn is an extension of the material presented in
Chapters 14 and 15 of Gyorfi et al. (2002) to the case d > 2.

Choose K € N and M € Ny, and set uy, = k-v,/K (k€ Z). For k€ Z
let By : R — R be the univariate B-spline of degree M with knot sequence
(w1)1ez and support supp(Bg ar) = [uk, Ukrr+1]. In case M = 0 this means
that By is the indicator function of the interval [ug, u+1), and for M =1
we have

T—Up
Uy 1 —Uk , Uk S x S Uk+1,
_ Uk+2—T
Bk,l(x) = Uiz —upy 0 Wkt <z < Ugyo,
0 ,else,



(so-called hat-function). The general definition of By js can be found, e.g.,
in de Boor (1978), or in Section 14.1 of Gy¢rfi et al. (2002). These B-splines
are basis functions of sets of univariate piecewise polynomials of degree M,
where the piecewise polynomials are globally (M — 1)-times continuously
differentiable and where the M-th derivative of the functions have jump
points only at the knots v; (I € Z).

For k = (ky,...,kq) € Z% we define the tensor product B-spline B v -
R? — R by

Biar(zW, . 2Dy = By yr(@M) - B, (@) (@M. 2D e R).

And we define Sk pr as the set of all linear combinations of all those of the
above tensor product B-splines, where the support has nonempty intersection
with [—Yp, Y], i.e., we set

SKJ\/[: E ak-Bk7M : akER
ke{—K—M,~K—M+1,..,K—1}4

It can be shown by using standard arguments from spline theory, that the
functions in Sk s are in each component (M — 1)-times continuously dif-
ferentiable, that they are equal to a (multivariate) polynomial of degree less
than or equal to M (in each component) on each rectangle

[ukpukri-l) X X [ukd?ukd-H) (k = (klv s 7kd) € Zd)a (18)

and that they vanish outside of the set

d
ot o ]

Next we define spline approximands using so-called quasi interpolands: For
a function f: [—vn, ]? — R we define an approximating spline by

(Qf)(z) = > Qxf - Bx,m ()

ke{—K—M,—K—M+1,...,.K—1}¢

where
Qkf = Z ak,j : f(tkl,jlv cee 7tkd,jd)
j€{0,1,....M}d
for some ay j € R and for suitably chosen points ty, ; € supp(Bi,ar)N[—Vns Yn)-
It can be shown that if we set
k j k-M+j

tk:,j = =Mt F7" =

10



and

thj = —%+K*77M (je{0,.... My ke {-K-M,~K—M+1,...,~K—1}),
then there exist coeflicients ay ; (which can be computed by solving a linear
equation system), such that

|Qkf‘ S 62 : Hf”oo,[ukl,uk1+M+1]X---X[ukd,uderMJrl] (]‘9)

forany k € {-M,—M +1,..., K — 1}, any f : [=Vn,1]? — R and some
universal constant co, and such that @ reproduces polynomials of degree M
or less (in each component) on [—y,v,]%, i.e., for any multivariate polyno-
mial p : R? = R of degree M or less (in each component) we have

(@p)(z) =p(x) (2 € [~ 7n]") (20)

(cf., e.g., Theorem 14.4 and Theorem 15.2 in Gyorfi et al. (2002)).

Next we want to use such a quasi interpoland as surrogate estimate for
m. To do this, we need to choose the degree M € N and the number of knots
K € N. For fixed values of K and M we need to evaluate m at the points

J1 Jd . .
e vja€ MK, —M-K+1,... MK
(M-K T AR 7) Uty € 4 * }
(21)

in order to compute the above quasi interpoland. If we restrict the number
of point evaluation to be at most [n/2], then our choice of M and K needs
to fulfill the condition

(2-M-K+1)*<[n/2].

Consequently there is a tradeoff between the choice of M and that of K,
which should be both large in view of approximation power of the spline
interpoland. In the sequel we use our method of Subsection 2.1 in order to
choose both values in a data dependent way.

To do this, we choose [ € N maximal such that

(2 ol 1)d < [n/2]

and set Koz = 2l, hence

~ 1/d
Kmax"“c?)'n/-

11



Then we observe the function values of m at all the (2K,nqe + 1) < [n/2]
points of the form

. ’ ‘ .
< J1 Yny e J ’Yn) (,717--~7]d€ {_Kmaxy_Kmax+17-~-7Kmaa:})-
Kazx Kax
(22)

Next we set

Kmaﬂf
P, = {(2M,2M> cMed{l,..., Doglogn}}}

and for p € P, we let m,, ; be the quasi interpoland with parameters M and
K specified by p. Since

K,
2M . 2T]r\t/c[ws = Kmax

this quasi interpoland also does only need function values of m at the points
(22).
The following result holds.

Corollary 1. Let X be an R%-valued random variable, let m : R4 — R be
a measurable function and let o € (0,1). Assume that m(X) has a density
which is continuous and positive at ¢y, (x) o, that m is (p, C')-smooth for some
p >0 and some C > 0 and that

Eexp(cs- | X]]) < o0 (23)

for some ¢y > 0. Let 6 > 1, set v, = (logn)’, and define the quasi inter-
polands m,, ,, for p € Py, as above. Set

mp(x) = myp(z) (z€ Rd),

where
s . X)) — m( X
Py | max, (X0 - m(Xo)
XiE[—’Yn,’Yn]d

and define G, (x) N, by (12) and (13), where N, = n%. Then

(log n)Pd N log n>

qATI'Ln(X)vN’VHOé - qm(X),Oé‘ - OP < np/d n

Proof. By Theorem 2 we get

Am, (X),Np,a — 9m(X),a ‘

12



logn
J— 1 d
— OP <;1él,})n Hmnm - mHOO,[*’Yny'Yn}d + P {X ¢ [_r}/n)r)/n] } + n > '

n

The definition of our spline approximand and the (p, C')-smoothness of m im-
ply that for 2™ > |p| (where M does not depend on n) and K = K,4./2M
we have

M, 20 Ky — Tloo [y ym]e < 5 - (log n)o? . pP/d
(cf., e.g., proof of Theorem 1 in Kohler (2014)). Furthermore, Markov in-
equality together with assumption (23) imply

Bexp (e |X]) _

logn
exp(cs - (logn)®) = n

P{X ¢ [-vmml’} < P{X| >} <

The proof is complete. O
Remark 3. The spline surrogate quantile estimate is constructed such that
its computation needs at most n evaluation of the function m. Compared
with the simple order statistics it achieves a better rate of convergence when-
ever m is (p, C')-smooth for some p > d/2. Here the definition of the estimate
does not depend on p.

Remark 4. It is an open problem how to define adaptive surrogate quantile
estimates capable of achieving the rates of convergence faster than 1/n in
case of a very smooth function m.

3 Application to simulated data

In this section we compare the finite sample size behaviour of our newly
proposed adaptive surrogate quantile estimates with various other quantile
estimates.

For the surrogate estimate we use a smoothing spline (as implemented
in the routine T'ps() in R). Since we apply it to data, where the function is
observed without additional error (i.e., in a noiseless regression estimation
problem), this estimate results in an interpolating spline which gives similar
result as the quasi interpoland in Subsection 2.3, but is easier to implement.
The routine T'ps() in R allows to specify the degree of freedom df of the fitted
surface, which is the parameter which we choose automatically in order to
get an adaptive surrogate estimate. To do this we consider four different
possibilities: For the first one we use the generalized Lo cross—validation as
implemented in R. The second one simply chooses the maximal degree of
freedom (which is the sample size), which may also give reasonable results
since in our data the function is observed without error. The remaining

13



two methods are the new ones proposed in this paper: the third one uses
splitting of the sample as explained in Remark 1, and the fourth one k—fold
cross-validation with k = 5 as described in Remark 2.

We use these four different surrogate estimates in two different ways in
order to define quantile estimates. The first way is the surrogate quantile
estimate g, (x),N,,o a8 introduced in Section 1. The second way uses the sur-
rogate estimate as a control variate as explained in Section 2 in Cannamela,
Garnier and Ioss (2008). Here the true quantile of the control variate is re-
placed by a Monte Carlo estimate of the quantile. Each time the Monte Carlo
estimates are based on N, = 50,000 evaluations of the surrogate estimate.

We compare the resulting 8 different quantile estimates based on surro-
gate estimates with the simple order statistics defined by (1) and (2). So
we are comparing alltogether 9 different quantile estimates. The first quan-
tile estimate (est. 1) is the estimate based on the simple order statistics.
The second (est. 2) and third (est. 8) quantile estimates are the surrogate
quantile estimate of Section 1 and the control variate quantile estimate com-
bined with the smoothing spline with parameter df chosen by generalized Lo
crossvalidation, resp. In the same way we define est. 4 and est. 5 by using
a smoothing spline with parameter df chosen as the sample size, est. 6 and
est. 7 by using a smoothing spline with parameter df chosen by splitting of
the sample, and est. § and est. 9 by using a smoothing spline with parameter
df chosen by 5-fold cross-validation.

We compare these nine quantile estimates in three different models, where
in each model we estimate a quantile of level @ = 0.95. In each model X
is chosen as a d-dimensional random variable with standard normal distri-
bution, where in case d > 1 all d components of X are independent random
variables with standard normal distribution. In the first model the dimen-
sion of X is d = 1, and we allow n € {20,200,1000} evaluations of m. In
the second and third model the dimension of X is d = 4 and we choose
n € {80,300, 1000}.

Since the results of our simulation depend on the randomly occurring
data points, we repeat the whole procedure 100 times with independent re-
alizations of the occurring random variables and report the medians and the
interquartile ranges of the relative errors of the quantile estimates (more pre-
cisely, of the absolute values of the difference between the quantile estimates
and the real quantile divided by the real quantile).

For the first model we choose

m(x) = exp(z) (v € R),

hence m(X) has lognormal distribution. The errors of nine different esti-

14



mates occurring in 100 simulations for each sample size are presented in
Tables 1 and 2.

n est. 1 est. 2 est. 4 est. 6. est. 8

20 0.264 0.015 0.015 0.057 0.015
(0.246 ) | (0.024) | (0.024) | (0.135) | ( 0.026 )

200 0.082 0.006 0.006 0.006 0.006
(0.099 ) | (0.007) | (0.007) | (0.007) | (0.007)

1000 0.05 0.006 0.006 0.006 0.006
(0.055) | (0.008) | (0.008) | (0.008) | (0.008)

Table 1: Simulation results for model 1 and three different sample sizes.
Compared are the simple order statistics with the four surrogate quantile
estimates based on different methods for choosing the parameter of the sur-
rogate. Reported are the medians of the relative absolute errors of the esti-
mates (and in brackets their interquartilerange) in 100 independent simula-
tions.

n est. 1 est. 2 est. 4 est. 6. est. 8

20 0.264 0.191 0.191 0.228 0.191
(0246 ) | (0.218 ) | (0.218 ) | (0.22) | (0.218)

200 0.082 0.035 0.035 0.035 0.035
(0.099 )| (0.044) | (0.044 ) | (0.044 ) | ( 0.044 )

1000 0.05 0.01 0.01 0.01 0.01
(0.055) | (0.015) | (0.015) | (0.015) | (0.015)

Table 2: Simulation results for model 1 and three different sample sizes.
Compared are the simple order statistics with the controlled variate quan-
tile estimates based on different methods for choosing the parameter of the
surrogate. Reported are the medians of the relative absolute errors of the
estimates (and in brackets their interquartilerange) in 100 independent sim-
ulations.

Looking at the errors reported in Tables 1 and 2 we see first that all
quantile estimates based on surrogate estimates clearly outperform the sim-
ple order statistics estimate, that second the surrogate quantile estimates
outperform the estimates using the surrogate model as control variate, and
that third the newly proposed cross-validation method for choosing the pa-
rameter of the surrogate works similar to the standard methods (generalized
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cross-validation or choosing the parameter as maximal value). The split-
ting of the sample yields for n = 20 higher errors than the other surrogate
quantile estimates, we guess this is due to the fact that the estimate is finally
applied only to the half data size. The results for the control variate estimate
are similar.

In the second model we use dimension d = 4 and choose

m(z) (x € RY).

B 1
1 a2
The errors of nine different estimates occurring in 100 simulations for each
sample size are presented in Tables 3 and 4. This time our newly proposed
cross-validation method is not as good as the standard methods for small
sample sizes, but its performance is similar for large sample sizes. Otherwise
the results are similar.

n est. 1 est. 2 est. 4 est. 6. est. 8

80 0.085 0.024 0.023 0.054 0.04
(0.1) (0.032) | (0.025) | (0.089) | (0.053)

300 0.046 0.005 0.005 0.011 0.005
(0.054) | (0.005) | (0.005) | (0.012) | (0.005)

1000 0.022 0.004 0.004 0.004 0.003
(0.025) | (0.004) | (0.004) | (0.004) | (0.004)

Table 3: Simulation results for model 2 and three different sample sizes.
Compared are the simple order statistics with the four surrogate quantile
estimates based on different methods for choosing the parameter of the sur-
rogate. Reported are the medians of the relative absolute errors of the esti-
mates (and in brackets their interquartilerange) in 100 independent simula-
tions.

In both models above our newly proposed method does not outperform
the generalized cross-validation or the method of choosing the degree of
freedom df simply very large. However, at least our newly proposed cross-
validation method does not perform worse than the other methods for large
We believe that this is due to the fact that in our models
above m is a very simple function of ||z||, and we show next that for a
slightly more complex function the situation is different and that in this case
our newly proposed cross-validation method outperforms the other methods
for all sample sizes.

sample sizes.
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n est. 1 est. 2 est. 4 est. 6. est. 8

80 0.085 0.039 0.039 0.086 0.053
(0.1) (0.052) | (0.053) | (0.104 ) | ( 0.067 )

300 0.046 0.013 0.013 0.016 0.013
(0.054) | (0.015) | (0.015) | (0.017) | (0.014 )

1000 0.022 0.005 0.005 0.006 0.005
(0.025) | (0.006) | (0.006) | (0.006) | (0.007)

Table 4: Simulation results for model 2 and three different sample sizes.
Compared are the simple order statistics with the controlled variate quan-
tile estimates based on different methods for choosing the parameter of the
surrogate. Reported are the medians of the relative absolute errors of the
estimates (and in brackets their interquartilerange) in 100 independent sim-
ulations.

In the third model we choose

el <3,

1
miz) = { 1410 +/||z||> —9) ,elsewhere

The errors of nine different estimates occurring in 100 simulations for each
sample size are presented in Tables 5 and 6.

(x € RY).

n est. 1 est. 2 est. 4 est. 6. est. 8

80 0.875 0.34 0.344 0.343 0.288
(0548 ) | (0.241) | (0.242) | (0.329) | ( 0.229 )

300 0.301 0.238 0.24 0.26 0.184
(0.552) | (0122 ) | (0.12) | (0.214) | (0.138)

1000 0.22 0.179 0.18 0.177 0.136
(0.233) | (0.055) | (0.055) | (0.094) | (0.059)

Table 5: Simulation results for model 3 and three different sample sizes.
Compared are the simple order statistics with the four surrogate quantile
estimates based on different methods for choosing the parameter of the sur-
rogate. Reported are the medians of the relative absolute errors of the esti-
mates (and in brackets their interquartilerange) in 100 independent simula-
tions.

Looking at the errors reported in Tables 5 and 6 we see that again all
quantile estimates based on surrogate estimates clearly outperform the sim-
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n est. 1 est. 2 est. 4 est. 6. est. 8

80 0.875 0.349 0.357 0.467 0.33
(0548 ) | (0.529 ) | (0.663 ) | (0.621) | ( 0.524 )

300 0.301 0.195 0.196 0.191 0.171
(0.552) (0.2) (0.195) | (0.355) | ( 0.194 )

1000 0.22 0.186 0.186 0.159 0.122
(0233 )] (0.104) | (0.088) | (0.148 ) | (0.12)

Table 6: Simulation results for model 3 and three different sample sizes.
Compared are the simple order statistics with the controlled variate quan-
tile estimates based on different methods for choosing the parameter of the
surrogate. Reported are the medians of the relative absolute errors of the
estimates (and in brackets their interquartilerange) in 100 independent sim-
ulations.

ple order statistics estimate but that this time the estimates using the sur-
rogate model as control variate slightly outperform the surrogate quantile
estimates. We see furthermore that for model 3 our newly proposed cross-
validation method clearly outperforms the other methods, and that for the
very large sample size also the splitting of the sample outperforms the gen-
eralized cross-validation or the method in which we choose the degree of
freedom df simply very large.

Summarizing the above simulation results we see that our newly proposed
cross-validation method never works worse than the other methods in case
of large sample sizes but for model 3 clearly outperforms the other methods
for all sample sizes. Here it is useful not only in combination with surrogate
quantile estimates but also with quantile estimates using surrogate models
as control variate.

4 Proofs

4.1 Proof of Theorem 1

We need the following in the proof of Theorem 1.

Lemma 1. Let X, X1, ..., X,, be independent and identically distributed
random variables with values in R%, let m : RY — R be measurable function,
let K, CR? and let P, be a finite set of parameters satisfying

[Pnl —0
T

(24)
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for some r > 0. Assume that for each p € P, an estimate
Map() = Map(-) : R = R

of m s given. Set

p=arg min max |my,,(X;) —m(X;)l, (25)
PEPn R
mn (@) = mnp(z) (z € RY) (26)

and

B= max |m,(X;) —m(X;)] = min max |m,,(X;) —m(X;)|.
1=1,..., n, pe’[)n i=1,..., n,
X, €Kn X,€Kn

Then we have outside of an event, whose probability tends to zero forn — oo,

Px ({x € Ky, : Imp(x) —m(x)| > 23}) <r- logn.

n

Proof. Using (25), (26) and the definition of 3 we get
Py ({x € Ky [mp(z) —m(z)] > 2 5})

=Py r € Ky @ [mpp(x) —m(z)| >2- max. M5 (X)) — m(X5)]

,,,,,

< ;g%fPX ({x € Ky : mpp(x) —m(z)| >2- Bp}) ;

where X
By = max |may(Xi) — m(X)| (p € Po).

=1,
X;€Kn

Hence it suffices to show that we have outside of an event, whose probability
tends to zero for n — oo,

5 1
fé%ffPX ({:c € Ky : |mpp(x) —m(z)| >2- Bp}) <r. Oin. (27)

Let P’ be the subset of P, containing all those p € P, for which

Py ({z € Ky : [mny(@) —m(@)| > 0}) > r- 28"
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holds. Since
Py ({x € Kp ¢ [mnp(z) — m(x)] > 2 B,,})
<Px({z € Ky : [mnp(z) —m(z)| > 0}),
inequality (27) is implied by

N logn
: - : <r. :
;Iel%)g Px ({x € K, i |mpp(x) —m(x)] > 2 5p}> <r - (28)

For p € P}, choose 3, > 0 such that

Py ({z € Ky @ [myp(z) —m(z)| > 2-5})

<r BN Py ((r e Kyt () - m(e) > B)). (20)

Here such a choice of 8, is possible, since
B—=Px ({z € Kyt [mnp(x) —m(z)| > B})

is monotonically decreasing on R, converges to zero for 8 — oo and con-
verges to a value greater than r - (logn)/n for 5 — 0. Hence if we start with
some (3,0 > 0 such that

logn

Px {z € Ky, : |mpp(x) — m(z)] > Bpo}) > 1

and set successively By;41 = 2B, for i € Ny, we will finally find some value
Bp such that (29) holds.
Set
Sp={z € Ky & [mpp(x) —m(z)| > By} (p€Pp).

If for some p € P} and j € {1,...,n} we have
Xj S Sp,

then

which implies together with the choice of 3,
Px <{x € Ky : Impp(x) —m(z)| >2- Bp}>
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<Px ({x € K, : ‘mn,p(x) - m(x)’ >2- Bp})

<r. logn'

n

Hence on the event
Ap = Mpep: {Xi € S for some 1 <i < n}
the condition (28) holds, and thus it suffices to show
P(A4AY) -0 (n—0).
To this end, we observe

P(4,) = P (Upep;; {Xi¢ Spforalll <i< n})

< Y P{X;¢S,foralll <i<n}
pEP;
< |Pn|'m%XP{Xi¢SpforaHlgign}.
pEP;

For arbitrary p € P} the independence and identically distribution of our
data imply

P{X;¢ S, forall1<i<n} = H 1-Px(S,
‘ (-

log n)

where the last inequality follows from our definition of S, and (29). Conse-

quently,
. logn\" r-n-log(n)
P(A}) < [Py -(1—17- < |Py|-exp | ———=
n n
< ’P”‘.
s
Finally (24) implies the assertion. O
Proof of Theorem 1. Since
B o= max [ma(X;) - m(X)
X;EKn

= gg%)n max M p(Xs) — m(X5)]
X;€Kn
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< mmHmnp M| 00, K,
pE n

we have

Px <{x € K, : |mp(z) —m(x)] > 2 ;ggi |mm,p — m||ooKn})
<Py ({x € Ky : |mn(z) —m(z)] > 2- B}) .

Application of Lemma 1 yields the assertion. U

4.2 Proof of Theorem 2
In the proof we will apply the following lemmatas.

Lemma 2. For y € R set G, (x)(y) = P{m,(X) < y}, and for a set
A, CR? set

Bn = sup |my,(x) —m(zx)|.
TEA,

Then the following inequality holds for oll y € R:
Grx)(y — Bn) = Px (A7) < Gy (x) (W) < Grux)(y + Bn) + Px (A7)
Proof. By the definition of 3, we have for all x € A,
m(x) <y—PBn = mn(z)<y

and
mp(z) <y = m(z) <y+ B
This implies
Gux)(y—58n) < Px({z €A, :m@) <y—pBn})+Px(47)
Py ({xeRd :mp(z) < }) +Px (A7)

G, (x)(y) + Px (A7)

IN

and

IN

x ({z € An : ma(z) <y}) + Px (A7)

({xeRd' (2) S y+ Ba}) +Px (45)
= Gmx)(y+6n) +Px (47).

G (x)(Y)

IN

O
Our next lemma is the consequence of the Dvoretzky-Kiefer-Wolfowitz
inequality.
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Lemma 3.

R 1
i 4 (X)( ) (X),N, ( ) m
Proof. By the Dvoretzky-Kiefer-Wolfowitz inequality (cf., Massart (1990))
we have

1

P {sup|G,,, —@mn -~ >c- < 2-exp (—c?),
{yeR (X)(y) (X),N, (y)‘ m} ( )

which implies the assertion. Il
>From Lemma 2 and Lemma 3 we conclude

Lemma 4. Let A,, C R% and set

B = sup |mp(x) — m(x)‘
€A,

Let B,, C R be such that

sup 9(y) < g < 0. (30)
yER, ly—z|<Bn for some zeB,

Then

sup
’yEBn

G 05,9) = Gy 0)] = O (e + B+ P ().

1
VN,
Proof. We have

sup Gmn(X),Nn (y) — Gin(x) (y))

yGBn

< sup Gmn(X),Nn (y) - Gmn(X) (y)‘ + sup ‘Gmn(X) (y) - Gm(X) (y)‘
yGR yEBy,

=: Tl,n + Tgm.

It follows from Lemma 3 that

1
Tin = e (7).

Application of Lemma 2 yields

T2,n < Sujg ‘Gm(X) (y - ﬁn) —Px (A:z) - Gm(X) (y)’
yE n
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+ sup |Goyx)(y + Bn) + Px (A5) — Gox)(v)]

yEBn
<2-Px (A7) + Sup |Gy (Y = Bn) = Gy (¥)]
y€ n
+ sup |Gy (U + Bn) — Gox) ()]
yEBn

<2-Px(AS)+2-cs Pn,

where the last inequality follows from the mean-value theorem and assump-
tion (30). The proof is complete. O
Proof of Theorem 2. Set

1 logn

5 = 2. mi — Px (K¢
n m + ;IEI%D{IL ||mn’1’ mHOO,Kn + X( n) +r n

and observe
op =0 (n— 00). (31)

In the first step of the proof we show that it suffices to demonstrate that

lim limsup P {‘(jmn(X),Nma — qm(X)@‘ >c- 5n} =0. (32)

€+ p—oo

This follows from

€= n—oo

lim limsupP{ ‘(jmn(X),Nn,a — qm(X%a‘ >

1 logn
(= + mi - Py (K¢

. . N C
< lim hgf;PP {}qmnm,zvn,a — Gm(x)a| > max{2,1} 5n}

= lim limsup P {“jmn(X),Nn,oc — qm(X%a‘ >c- (5n} .

€0 n—oo

Because of the assumption that g is positive and continuous at ¢,,(x).a;
there exists ¢y > 0 such that for n sufficiently large we have

o7 < inf 9(y)- (33)

ye [qm(X),a —cdn 1Q77L(X),a+c'6n]

In the second step of the proof we show that (32) is implied by
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lim lim supP{ sup ‘émn(x),Nn(y) - Gm(X)(y)

€70 n—oo ye[qm(X),cx76'6n7qm(X),a+C'6n}

>C27-c-5n}:0. (34)

Condition (33) implies

< a—cy-c-dy,

< a+cr-c-dy,

< @4 (G Gy + e 82) = G ni.)
< Gm(X) (qm(X)u +c- 5n)

On the event
N cr
sup G (x), N, (Y) — Grxy (W) | < 5 c 5n}
[YE€Am(X),0 —COnsGm (X),aTC0n]

this in turn implies
G ()N (m(x)0 — € On)
= Gp(x) (@m(x),0 — ¢ On)

+ (émn(X),Nn (Qm(X),a —C- (571) — Gm(X) (qm(X)@ —cC- 577,))
<«
< Gm(X) (qm(X),a +c- 571)

~ (Gon(x) (Gm(x).0+ €+ 80) = G (3) ¥, (A1, + € 00))

= Gy (X),Nn (qm(X),a +c- 5n) )

from which we can conclude by the definition of Gy, x),~,,a that

dm(X),a — C- on < ij(nX),Nn,oz < dm(X),a +c- oy

Summarizing the above results we get
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lim limsup P {‘(jmn(x),Nn,a - Qm(X),a‘ >c- (5n}

€0 n—oo

< lim limsupP sup émn(x),]vn(y) - Gm(X)(y)
=00 no00 [qm(X),a_C'§n7qm(X),a+C'5"}
Ccr
> 5 cC- 577,}7

which completes the second step of the proof.
In the third (and final) step of the proof we use Lemma 4 to show (34).
First we observe that for n sufficiently large we have

sup 9(y) < cs. (35)
ye[Qm(X),a_2'5'5"1Qm(X),a+2'c'5"]

Next we set
Ay = K\ {z € Ky : |ma(e) = m(z)| > 2 8},

where

= Iin max [mnp(Xi) —m(X)]

X;€Kn

IN

;g;;i [mn,p — Moo K, -

Clearly this choice of A,, implies

Bn = sup |my(x) —m(x)] <2- 3 < 2-min [|mpp — mlso K, -
TC€A, PEPn

Furthermore we know that by Lemma 1 we have outside of an event, whose
probability tends to zero for n — oo,

Px(4;) < Px(Kg)+Px ({z €Ky Imu(a) —mia)| >2-5})

1
< Px(KE) 47—,
n

Setting
B, = [Qm(X),a —C- 5na Am(X),a +c- (Sn],

we get the assertion by an application of Lemma 4.
The proof is complete. O
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