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1 INTRODUCTION

Nested Monte Carlo simulations (a.k.a. two-level simulations) are widely used for risk assessment
in engineering, finance, and other areas. To make things more concrete, consider the example of
portfolio risk assessment, in which the outer level draws random realizations (scenarios i) of his-
tories of cash flows, commodity, and equity prices, and other random risk factors for each position
in the portfolio, from current time up to some specified future time horizon. The intent is to es-
timate the future value of the portfolio at the horizon for each specific risk factor realization. To
estimate the portfolio value at the horizon for one risk factor realization (which corresponds to one
outer-level replicate), an inner-level simulation draws multiple random realizations (a different re-
alization j for each inner-level replicate) of position behavior beyond the horizon up to some final
maturity time. Variation across the outer simulations is financial risk and is of interest. Variation
among inner-level simulations is Monte Carlo measurement error and, as will be explained, causes
bias that needs to be corrected.

Let n denote the number of outer-level replicates, m; the number of inner-level replicates on the
ith outer-level replicate (which we refer to as the ith scenario), and Y;; the scalar simulated output
response of interest for the jth inner-level replicate of the ith scenario.

In the example, the response Y;; would be the simulated value of all positions in the portfolio at
maturity time for that inner-level realization j within the ith outer-level simulation, plus various
things like accrued cash flows at the horizon, and then discounted back to the current time. Condi-
tioned on the outer-level random quantities for scenario i, the repricing of positions for scenario i
that will occur at the horizon is based on their simulated values {Y;; : j = 1,2,...,m;} at the matu-
rity time. Specifically, if we define X; as the conditional expectation of Y;; across a hypothetically
infinite number of inner-level replicates, conditioned on scenario i, then this conditional expecta-
tion determines the portfolio value (and thus the profit or loss) at the horizon for the scenario i
risk factor realizations. Consequently, the portfolio value X; for scenario i at the horizon is a condi-
tional expectation, and the pdf fx (with respect to the outer-level random quantities, i.e., across i)
of this conditional expectation is used to compute all risk-related quantities, such as the expected
loss, probability of large losses or gains, loss quantiles, and so on. Note that in reality, when the
horizon time arrives, the portfolio would be priced by conducting a single-level simulation of what
happens from the horizon to the final maturity time, with the initial state at the horizon being what-
ever state reality was in at that horizon time. For this single-level simulation, one could use a large
number of replicates to ensure that the sample average of {Y; ; : j = 1,2, ...} is sufficiently close to
its conditional expectation, given the scenario i that represents the realization of real-life events
up to the horizon time. In contrast, since we must use a two-level simulation conducted at the
current time to model how the portfolio might be priced at the future horizon (which is dictated
by the outer-level scenario), we cannot afford to conduct a large number of inner-level replicates
for each of a large number of scenarios. We elaborate on this example below and in Section 3.1.1.
Also see References [12, 20, 21] for much more detailed descriptions of estimating the distribution
of the discounted value of portfolio profit and loss at some future time horizon and the nested
simulation framework.

The general two-level simulation setting that we consider in this work is broadly applicable
anytime one uses a standard (single-level) Monte Carlo simulation to estimate an expectation via
a Monte Carlo average, where the expectation depends on other exogenous phenomena that are
random or uncertain. The inner level becomes the Monte Carlo simulation of interest, and each
outer-level replicate draws a different realization of the exogenous phenomena from their assumed
distribution. See Reference [4] for applications in healthcare. In Section 3.1.2, we discuss queuing
systems applications in which the outer-level random quantities are uncertain parameters of the
distributions of simulation inputs.
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Our primary goal for the general setting is to estimate the pdf fx of the conditional expectation
X (we drop the outer-level replicate subscript i and assume outer-level replicates are i.i.d.), based
on the response observations {Y;; : i = 1,2,...,n; j=1,2,...,m;} from the nested simulation.
Note that the estimated pdf can be integrated numerically to estimate the cdf Fx (x) = Pr[X < x] =
f_xoo fx (u)du, which in turn can be inverted numerically to estimate quantiles. Since the average
response

1
Y; = — Y (1)
1 ]:1

for the ith scenario can be viewed as an estimate of X;, a commonly used naive estimator of fy is
the empirical density of {Y; : i = 1,2,...,n}, e.g., its histogram or some kernel density estimator.

The obvious shortcoming of this naive estimator, and the primary motivation for this work, is
that Y; is only a noisy estimator of X; for finite m;, in which case the empirical distribution of
{Y;:i=1,2,...,n) will be over-dispersed (i.e., have a larger spread, larger variance, etc.), relative
to fx. This translates to a bias in the estimator of fx(x), because at the tail x values the estimator
is consistently higher than the true fx (x). The over-dispersion bias is more severe with smaller m;,
which is problematic, because it may be computationally prohibitive to use a large m; when n must
also be sufficiently large. We illustrate the over-dispersion bias in Figure 1 for the portfolio risk
example (the details of the setting and how Y; ; are defined and computed are discussed in Section
3.1.1). Figure 1 shows the true fx for this example, along with a histogram of {Y; :i = 1,2,...,n}
and the corresponding naive estimator (a kernel density estimator). Note that the naive estimator
differs substantially from fx and is much more dispersed. In terms of its impact on risk assessment,
if X is a portfolio loss, then the naive estimator would overestimate the probability of large and
small losses and underestimate the probability of moderate losses. As a preview, we also show the
estimator that we develop in this article, which is a type of deconvolution estimator intended to
correct for the bias present in the naive estimator. From Figure 1, our bias-corrected deconvolution
estimator is far closer to the true fx.

Some prior works have investigated how to most efficiently estimate characteristics of fx with
a limited computational budget, since it is computationally expensive to have both large n and
large m;. Most such prior work has used the biased naive estimator and focused on how to bal-
ance between outer-level (n) and inner-level (m;) replicates. A standard approach is to minimize
the mean squared error (MSE) of the naive estimator of some specific functional of fx by bal-
ancing the tradeoff between large bias (worse for small m;) versus large variance (usually worse
for small n). References [13, 20, 21] focused on situations where the inner-level sample size was
constant across all outer scenarios, which they referred to as uniform allocation. They showed
that in a certain asymptotic sense, the bias and variance of the naive estimator are functions of
m and n, respectively. For a fixed computational budget, they derived the asymptotically optimal
allocation between n and m to minimize the overall MSE of a specific characteristic of the naive
estimator (e.g., the probability that X exceeds some specified value). There are also works (e.g., Ref-
erences [13, 18, 21]) studying naive estimators in the nonuniform allocation situation in which the
number of inner-level replicates varies across scenarios and is allocated adaptively. When the goal
is to estimate a tail probability or quantile of fx, References [13, 18, 21] showed that nested sim-
ulations can be more efficient by allocating more computational budget to scenarios for which ¥
falls near the tail. Reference [5] further considered the naive estimator in the nonuniform/adaptive
allocation situation. To estimate Pr[X > c] for some specified c, they developed an adaptive alloca-
tion procedure that uses larger m; on scenarios for which Y; is closer to ¢ and/or the uncertainty
in Y; is larger, and they demonstrated a lower asymptotic bias and MSE of the naive estimator for
this nonuniform allocation.
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Fig. 1. For the portfolio loss example with m; = 5 and n = 10%, illustration of over-dispersion bias for the
naive estimator (green double-dashed curve labeled Naive), which is a smoothed version of the histogram
shown for ¥; (i = 1,...,n) and is much more dispersed than the true pdf fx (solid black curve), because
Y is a noisy version of X. Our deconvolution-based estimator (orange dot-dashed curve labeled QP,ga) cor-

rects for this bias and is much closer to the true fx. The blue dashed curve (labeled S) is the estimator of
Reference [28].

Two aspects of the approach of Reference [5], upon which we seek to improve, are that it relies
on the biased naive estimator and that it optimizes the allocation for one specific feature of fx
(Pr[X > c] for one specific c). Regarding the latter, multiple characteristics of fx or even the
entire fx may be of interest, in which case an allocation that increases m; when Y; is close to one
specific value ¢ will not be appropriate. Regarding the former, if one could modify the estimator to
remove the bias, then it is reasonable to suppose that a lower MSE could be achieved for the same
computational expense. In essence, with an unbiased estimator, it is not necessary to trade a larger
variance for a smaller bias. Under a uniform allocation, Reference [30] developed an unbiased
estimator of the variance of X. They showed that with the unbiased estimator, minimizing the
MSE under a fixed computational budget M = nm generally resulted in a much smaller optimal m
and larger optimal n than if the naive biased estimator is used. In fact, they showed that even as
M — oo, the optimal m remains bounded and surprisingly small. This finding allows a much larger
n to be used in the nested simulation, which ultimately gives a much better estimator with smaller
Var(X) for the same computational budget. Whereas Reference [30] considered only Var(X) and
its unbiased estimator, in this article, we consider the much harder problem of correcting the bias
in the estimation of the entire pdf fx. This is important, because the entire distribution of X, or
at least multiple characteristics of it, are typically of interest. We refer to this as bias-corrected
density estimation, because it reduces or removes the over-dispersion bias when using the noisy
observations {fj; : i = 1,2,...,n} to estimate fx.

Importantly, we show that the conclusions reached by Reference [30] regarding using two-level
simulation to estimate Var(X) apply to our estimation of fx as well. Namely, under uniform allo-
cation, quite reasonable estimation of fx, Fx, and quantiles of X can be achieved with surprisingly
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small m; and for a fixed computational budget, more of the budget should be allocated to increasing
the number of outer-level scenarios (larger n) and less to inner-level replicates (smaller m). This
is relative to the recommendations from the prior work that have used the biased estimator (e.g.,
References [5, 13]), for which the optimal m continues to grow as the computational budget grows.
By allowing more outer-level replicates for a given computational budget, our approach reduces
the variance of the estimator without substantially increasing the bias, since the bias is corrected.

Some prior work has considered in a limited manner the bias in the estimation of fx in the
context of nested simulation. Reference [13] developed an expression for the bias in the naive es-
timator of Fx(-), and Reference [5] used the same bias expression when analyzing the effects of
n and m on the MSE. However, neither of these works used the expression to develop a better
estimator by correcting for the bias in the naive estimator. The bias is “notoriously difficult to
estimate” according to Reference [5], and presumably this is the reason that they did not incorpo-
rate it as the basis for a modified estimator with reduced bias. In contrast, we show in this article
that the structure of the bias can be represented quite naturally within the framework of density
deconvolution, and the resulting bias-corrected deconvolution estimator performs quite reliably
and much better than the naive estimator. Reference [13] did consider a modified naive estimator
of Fx based on a jackknife approach and showed that it can reduce the bias in the estimator, at
the expense of only a modest increase in the variance. Reference [28] constructed a bias-corrected
estimator of fx based on a type of kernel smoothing density estimator. They showed that their
bias-corrected estimator is less computationally expensive than a typical jackknife estimator and
proved it to have a better MSE convergence rate than the naive kernel smoothing estimator, given
their optimal m and n allocation.

In this article, we demonstrate that our deconvolution-based estimator outperforms existing
methods for estimating fx in the two-level simulation setting. An additional advantage of our
deconvolution estimator is that it is straightforward to incorporate a number of common density
constraints such as nonnegativity, integration-to-one, unimodality, tail convexity, tail monotonic-
ity, and support constraints (e.g., that X > 0), which can further substantially improve the density
estimation. In addition to focusing on a bias-corrected estimator, the scope of this work also dif-
fers from that of References [5, 13] in that we estimate the entire fx, as opposed to optimizing the
choice of n and m; for one specific feature of fx. Practitioners are often interested in many differ-
ent features of the distribution of X, such as the mean, variance, probability of large loss (or large
gain), Fx (c) for a number of different c, value-at-risk for many different & levels, expected shortfall
for many different « levels, and so on. To calculate many different features, and more generally to
simply understand the distribution of X, having a good estimator of fx that is unbiased even for
small m is much more useful than having an estimator of only one specific feature of fx.

Our main contributions are to recast the problem of estimating the distribution of the condi-
tional expectation in two-level simulations as a density deconvolution problem to adapt existing
deconvolution estimators to this nested simulation problem and to demonstrate its usage and its
performance for this purpose. In spite of the excellent performance that we demonstrate for this
problem, the connection between deconvolution and the density of a conditional expectation in
two-level simulations has evidently not been recognized and developed before. This is perhaps be-
cause it is not quite an off-the-shelf application of deconvolution, for reasons that become evident
in Sections 2.1 and 2.3. The remainder of the article is organized as follows: Section 2 introduces
the deconvolution framework for the nested simulation problem and discusses various consider-
ations in developing the deconvolution estimator for this problem. In Section 3, we illustrate the
performance of the estimator and compare it with the naive estimator and the estimator of Refer-
ence [28] under both uniform and adaptive allocations of n and m;. Some concluding remarks are
presented in Section 4.
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2 DECONVOLUTION MODELING FRAMEWORK FOR NESTED SIMULATION

We cast the estimation of fx from the noisy observations {Y; : i = 1,2, ..., n} as a density deconvo-
lution problem, for which a number of methods (e.g., References [8, 29, 36]) have been developed.
Although certain Fourier or kernel deconvolution based methods have desirable theoretical prop-
erties like asymptotic convergence rates, they sometimes do not perform well in practice. Using
a variety of examples, Reference [36] demonstrated numerically that their quadratic program-
ming (QP)-based deconvolution estimator generally performed much better for the finite samples
that one analyzes in practice. In this article, we focus on the QP deconvolution estimator of Ref-
erence [36] because of its superior performance and also because it allows a number of common
shape constraints on the distribution to be incorporated to further improve the performance of the
estimator and the efficiency of the nested simulation.

In this section, we discuss how the nested simulation problem can be cast as a deconvolution
problem and how the QP deconvolution method of Reference [36] can be adapted to solve it. In
Section 2.1 the relationship between deconvolution and density estimation in the nested simulation
framework is established. In Section 2.2, we derive the QP deconvolution estimator for the density
of a conditional expectation in a nested simulation, and in Section 2.3, we discuss how to estimate
the conditional error variance function.

2.1 Casting Nested Simulation as a Convolution/Deconvolution Problem

To facilitate the development, we introduce the following notation and write,
Y,-]-:Y(w,-,ffi,j), i=1,2,...,n; j:1,2,...,mi, (2)

where w; denotes the random outcome that determines ith scenario, and ¢; ; denotes the further
random outcome, which, together with w;, determines the response Y;; for the jth inner-level
replicate of the ith scenario. In the portfolio risk example, the random outcome w; represents
the complete set of conditions that determine the entire realization of risk factors for scenario i
(e.g., complete price history from current time to the horizon of all commodities, equities, etc., in
the portfolio, together with factors like interest rates); and the random outcome {; ; represents
the same but from the horizon to the final maturity time, for inner-level replicate j of scenario
i. We assume {w; : i = 1,2,...,n} are independent, identically distributed (i.i.d.), and given w;,
{&,j:j=1,2,...,m;} are conditionally i.i.d. for each i. Further assume that for i # k, & ; and
&1 are independent for all j and [. The number of inner-level replicates m; may depend on w;.
This setting is quite general in that the outer-level random variables and events determined by
® may be parametric with few or many parameters, nonparametric, infinite dimensional, and so
on. In Section 3.1.2, we consider a parametric special case in which w represents uncertainty in
the parameters of an input distribution in a stochastic call center simulation model. Note that,
after each scenario i, the corresponding w; could be observed in the simulation if desired, since w;
represents all of the underlying random variables that determine the simulation results for scenario
i. However, our approach does not use observations of w; directly. We only use the observed {Y; ; :
i=1,2,...,mj=1,2,...,m;}.

The goal is to estimate the distribution (with respect to w) of the conditional expectation X =
X(w) = E[Y|w], based on observations of {Y;; : i = 1,2,...,n; j = 1,2,...,m;}. Because of
the ii.d. assumption, we have dropped the subscripts indicating the inner-level and outer-level
replicates in X = E[Y|w], which we will do throughout the article unless subscripts are needed
to distinguish the replicate. To develop the convolution relationship between the pdfs of Y and X,
which are at the heart of the density deconvolution approach, we write
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Bias-corrected Estimation of the Density of a Conditional Expectation 22:7

Yij = Xl' + €ij and (3)

Y, = X;+Z;, where (4)

Xi = X(wi) = E[Yle], %)

€ij = €(wi,é&ij) =Y —E[Yijlwi], (6)
mi

Zi = Z(wi iz Eim) =Y —E[Yijle] = i_zeij- (7)
m; £

The pdf of Y is related to the pdfs of X and Z via

i) = f Firpe (1) fe () dx = f Frix (y - xI) fi (x)dx, ®)

where the subscripts on the pdfs indicate marginal, conditional, or joint densities. The deconvo-
lution approach described in the next section uses Equation (8) to obtain an estimate of fx from
an estimate of fy, the latter being available from the {Y; : i = 1,2,...,n} observations. Relating
the unknown fx to fy in Equation (8) requires the conditional distribution fz|x. Although this is
unknown in general, in our nested simulation setting, we can use the following approximation. Be-
cause Y|w is a sample average in our setting, the central limit theorem suggests that we can approx-
imate f7|, as a normal distribution with mean zero and variance oé (w) = Var[Z|w] = Var[Y|o].
If each fz,, is normal, then the distribution f7x needed in Equation (8) is then the mixture of
zero-mean normal distributions

Frix(2lx) = f ! (ﬁ(#)dpmx(ww)’ )

w 0z(w) (@)

where ¢(-) denotes the standard normal density, and P, |x (w|x) denotes the conditional distribu-
tion of w, given that X(w) = x. Although this mixture of zero-mean normal distributions is not
exactly normal, it should typically be close to normal. In particular, in simulation settings in which
the conditional variance of Y|w depends on « only via the conditional mean X(w) = E[Y|w],
the mixture of normals in Equation (9) is exactly normal with mean zero and with variance
v(x) = Var[Z|X = x], where v(x) = Ué(w) for any w such that X(w) = x. Consequently, if the con-
ditional variance of Y|w depends on w predominantly as a function of the conditional mean (e.g.,
if the conditional standard deviation of Y|w is approximately proportional to its mean, which is a
common form of heteroskedasticity), then a normal approximation for fz|x should be reasonable.

The following arguments provide further justification for a normal approximation for fzx, in
which case one only needs the conditional variance function v(x) for the convolution distribution
in Equation (8), since Z|X is zero-mean by definition. For small Z (note that the size of Z tends
to decrease as inner-level sample size m increases), the general convolution expression of Equa-
tion (8) depends predominantly on v(x) and less on the specific form of fz|x. To see this, rewrite
Equation (8) as

) f Forsey — xl) fi (x)dx = f frz(r.y - x)dx

00 —00

foofX,Z(y —Z, Z)dZ, (10)

and suppose we can use a second-order Taylor approximation of fx z(y — z, z) about (y, z) with
respect to the first argument. Factoring fx z(y — z,z) = fx(y — z) fz|x (zly — 2), it follows that the
second-order Taylor approximation is reasonable if fx(y — z) can be approximated by a quadratic
function in the vicinity of each y and if the conditional distribution f7|x (z|y —z) does not vary too
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strongly as its second argument varies over the vicinity of y. Notice that for each y, the vicinity of y
over which the approximation must hold is determined by the effective support of the conditional
distribution f7|x (z]y). Because the variance of fz|x(z|y) is inversely proportional to the number
of inner-level replicates, the effective support of f7|x(z|y) narrows as the number of inner-level
replicates increases. The local quadratic approximation becomes

frz(y=2.2) = fxz(y.2) - fx (. 2)2 + [{ 7 (y.2)2* /2, (11)

where f3 (y,z) and f{ ,(y,z) denote the first and second derivatives of fx, z(y,z) with respect
to y. Substituting Equation (11) into (10) gives (see Appendix A for details)

H = [z - oz w222
= fx(y) +o@)fX ©)/2+0"(y) fx(y) + 0" (y) fx(y)/2. (12)

Equation (12) indicates that the conditional variance function v(x) is the main characteristic of
fzx that influences fy(y), as long as the quadratic approximation in Equation (11) is reasonable.
Consequently, a normal approximation for f7|x should be fairly innocuous, as long as we can
obtain a reasonable estimate of v(x). Towards this end, write

v(x) = E[Z*X =x] =E[E(Z*|0)|X = x| = E[0}(w)IX =x]
E[Ufz(‘”) X = x], (13)
m(w)

where ¢?(w) = Var[Y|w] denotes the conditional variance of Y with respect to all inner-level
randomness, given w for the outer-level scenario. We have added the argument w to m to make
clear that the number of inner-level replicates may depend on the outer-level scenario, e.g., if m(w)
is chosen based on the conditional mean X (w) and/or conditional variance o%(w). Different  can
result in Y having the same conditional mean X (w) but different conditional variance o2 (w). The
expectation in the right-most term of Equation (13) averages O'é (w) across all such w that share the
same X (w) = x, weighted by the conditional distribution of w|X = x. In Section 2.3, we develop a
method for estimating v(x).

2.1.1  Remarks. Reference [13] used a first-order Taylor approximation of fx z(y — z, z) (with
respect to its first argument) to arrive at the approximation Fy(y) = Fx(y) + v’ (y)F (y)/2 +
v(y)F{(y)/2 in the context of quantifying the bias in the naive estimator of Fx(y). Integrating
Equation (12) leads to the same expression. Hence, the approximation of Fy(y) used by Refer-
ence [13] remains valid even when a first-order approximation of fx z(y — z, z) is invalid, as long
as a second-order approximation is valid. This is important, because one might expect typical
fx(y) to have non-negligible curvature and be much better approximated locally by a quadratic
approximation than by a linear approximation. It should be noted that Reference [13] did not use
this result to develop a bias-corrected estimator of Fx (y). Rather, they used it to quantify the bias
and optimally allocate n and m; to minimize the MSE.

2.2 The QP Deconvolution Estimator for fx

In this section, we derive the QP estimator based on the convolution Equation (8) to obtain a bias-
corrected estimator of fx from the empirical distribution of Y in the context of nested simulation.
The QP density deconvolution estimator of Reference [36] produces an estimate of fx, given a
sample of n ii.d. noisy observations Y; = X; + Z; (i = 1,2,...,n) of X. They assumed the noise
Z is additive and independent of X with a known noise pdf fz, and their QP estimator is based
on the convolution equation fv(y) = (fx * fz)(y) = f_O:O fz(y — x) fx(x)dx. However, in our
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nested simulation setting, the noise pdf f7|x is a conditional pdf that depends on X. Furthermore,
although we use a zero-mean normal distribution for f|x as discussed in the previous section, its
variance function v(x) is unknown and must be estimated. This section is devoted to the derivation
of the QP estimator based on Equation (8), and estimation of v(x) is discussed in the next section.

We estimate a discretized version of fx over a grid of equally spaced support points {x; : 1 <
j < K} for fx and fy, where x; = min{Y; : 1 < i < n}, and xx = max{Y; : 1 < i < n}. Denote
the discretized pdf values by fx ; = fx(x;) for 1 < j < K, and similarly for fy(-). Let the K-length
vectors fx = [fx.1, fx.2.---» fx.k]" and fy = [fy.1, fy.0.-- -, fy.x)" represent the pdfs fx and
fy, respectively, at the discrete locations. As an estimate of fy, we will use the histogram of the
observations {f; : i = 1,2,...,n} with bins centered at the same set of K support points. That is,
the jth element of the estimator /f:Y of fy is the histogram bin height at x;, assuming the histogram

is scaled to be in pdf units. The discretized estimator fx of the pdf fx is likewise represented as a
K-length vector.
Defining § = (xx — x1)/(K — 1), the discretized version of Equation (8) can be written as:

fra fzix(a —xilx1) ... fzix (= xlxx) ] [ fxa
s . . .

fY = Cfy = : . : :
frx fzix(xx —x1lx1) ... fzix(xx — xxlxx)] Lfxx

IR

; (14)

where the elements of the convolution matrix C are determined from the conditional noise distri-
bution f7|x, as discussed in Section 2.1. Estimation of fz|x is described in Section 2.3.
The basic QP density deconvolution formulation is:

fx = argmin [||f; — Cfx|? + 1Q(fx)]
fx
s.t. S17fy =1
fx >0, (15)

where Q(fx) is a regularization term, and A is a regularization parameter. We use second-derivative
regularization Q(fx) = ||D.fx||?, where D, is an appropriately defined second-order difference ma-
trix operator. That is, we penalize large second derivatives of fx. Some form of regularization is
essential in these types of deconvolution problems, because the convolution matrix C is typically
poorly conditioned, in which case an unregularized solution to Equation (15) would typically be
oscillatory or otherwise badly behaved. Note that the unregularized (A = 0) solution to Equation
(15) requires inversion of the C matrix. See Reference [36] and the references therein for addi-
tional discussion of this issue. The vector 1 is a column vector of ones, and fx > 0 means that all
elements of fx are nonnegative. The regularization parameter A can be selected via a SURE-like
method, as discussed in Reference [36]. (SURE is Stein’s Unbiased Risk Estimator.) The SURE-
like method in Reference [36] is derived in the context of homoscedastic noise that is independent
of X. However, it remains valid in the nested simulation context, i.e., the noise Z is conditionally
(given X) heteroscedastic. This is because the only assumption for the derivation is that ?y follows
a multinomial distribution with mean vector equal to §Cfx, which still holds with conditionally
(given X) heteroscedastic noise as ?Y is obtained from the histogram. In addition to the automated
SURE-like method, Reference [36] also discussed a graphical method for selecting A. The former is
convenient if the analysis must be repeated many times (e.g., when analyzing the performance of
the approach in a Monte Carlo setting), whereas the latter has advantages from a more practical
user’s perspective in which the analysis is conducted a single time.

In addition, a number of common features of density functions can be translated into shape
constraints on fx, and incorporated into Reference (15). Specifically, many shape constraints can
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be formulated as a linear constraint, A;fx > 0, on fx for some matrix A;, where the subscript ¢ is
the index of the shape constraint. Such shape constraints include tail monotonicity, tail convexity,
and unimodality. Moreover, if there is information on the support of fx, e.g., that we know the
support of fx lies within the interval [x,, x;] for some specified x; < x, < x; < xg, then we
could reformulate Reference (15) by replacing the K-dimensional fx by its reduced (b — a + 1)-
dimensional counterpart [fx, a. fx,(a+1)s - - -» fx,5]’ and also replacing the K X K matrix C by its
KX (b—a+1) counterpart comprised of columns {a,a+1, ..., b} of C. It has been demonstrated in
Reference [36] that including any such “prior” knowledge we may have regarding fx can improve
the pdf estimator substantially.

2.3 Estimating the Conditional Error Variance Function

As discussed in Section 2.1, the conditional error distribution fz|x(z|x) required in the decon-
volution estimator is taken to be a zero-mean normal distribution, so only its conditional error
variance function v(x) in Equation (13) must be estimated. The QP method of Reference [36] as-
sumes known homoscedastic (independent of X) error distribution, whereas in two-level simula-
tion settings the error distribution is unknown, and it is often strongly heteroscedastic with v(x)
depending strongly on x. In this section, we provide an approach to estimate v(x).

To make the problem more tractable, suppose that m(w) = m(X(w)) depends on w only via
X (w), which obviously holds if m(w) = m is constant. Then

e ()

u(x) = E[mpﬂw) = x] =

hx)
m(x)

s

where h(x) = E[6?(w)|X (w) = x]. Conditioned on w;, the sample variance

is an unbiased estimator of ¢(w;). Thus,
E[S}IX (1) = x] = E[E[S}l0]IX (1) = x| = E[02(@0)X (@) = x] = h(x). (16)

In light of Reference [16], hypothetically supposing X; were known (e.g., X; = Y; for large m;),
we could use a loess smoother of the scatterplot of S? vs. X; (i = 1,...,n) (or perhaps the square
of a loess smoother of the sample standard deviation S; vs. X;) as an estimator of the function
h(x). Note that “loess” stands for “locally weighted estimation and scatter plot smoothing” and is
a general nonparametric regression approach that is commonly used to smooth low-dimensional
scatter plots [6, 14]. (A smoothing spline could be used instead of loess and would give a similar
estimate.) In practice, however, if we use Y; as a surrogate for X; and fit a loess smoother to the
scatterplot of 5 vs. ¥;, then what we estimate is the function g(x) = E[c?(w)|Y = x] rather than
the desired function h(x) = E[0%(»)|X = x]. For large m;, for which X; = Y;, this does not pose
a serious problem. However, when m; is small, and as argued before a small m; is desirable, the
functions g and h can be quite different, and using an estimate of g in place of the desired estimate
of h can adversely affect the QP estimator. We demonstrate this later in the examples.

The problem of g differing from h is similar to but much more complicated than the well-known
“errors-in-predictors” problem in linear regression. In simple linear regression with homoscedastic
errors in the predictor and in the response, there is a simple correction to the slope of the fitted
line to give an unbiased estimate of the desired regression coefficient. In our case, the observed
predictor variable for the loess fit is Y = X + Z instead of X, and the error in Y is heteroscedastic,
depending on the randomness inherent to both the outer-level and inner-level replicates. Moreover,
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our estimate of h is nonparametric. Although we omit the results for brevity, we have investigated
various approaches for correcting for the errors-in-predictors phenomenon for heteroscedastic
nonparametric regression, e.g., using deconvolution-like approaches for recovering h(x) from g(7).
However, none of the approaches performed robustly.

Instead, to obtain a reliable estimate of the h function, we adopt the approach of removing the
errors-in-predictors phenomenon, as opposed to correcting for it. Specifically, we run additional
inner-level replicates for a relatively small subset of outer-level replicates, so ¥ will be close to X
on these replicates. Then, we estimate h(x) directly by fitting a loess model to only these fewer,
but higher-quality, data points. Let {ij ti=1,2,...,n%j = 1,2,...,m{} denote the additional
data, where n? and m{ denote the numbers of additional outer-level and inner-level replicates,
respectively. For the ith additional outer-level replicate, let Y/ and S¢ denote its sample average
and sample standard deviation (across the m¢ inner-level replicates), respectively. The loess model
will be fit with {Yi“ :i=1,...,n4} as the predictor variable and {S{ : i = 1,...,n,} as the response
variable (which gives an estimate of the square root of h(x)). The additional data are generated
using the following procedure, which is implemented after having run the main nested simulation
that generated the original data {Y; ; : i = 1,2,...,n;j = 1,2,...,m;} and their corresponding
averages {Y; :i=1,...,n}

(1) We begin with n, = 12 (which is increased as described later, if needed), and the initial 12
additional outer-level replicates are taken to be those corresponding as closely as possible to
12 evenly spaced points over the interval [Yiin, Yimax], i-e., t0 {Vimin + 55 (Yimax — Ymin) 11 =

1,2,...,12}, where Y,,;, and Y,,4x denote the minimum and maximum of {Y; : i = 1,...,n}.
This gives an initial set of additional outer-level replicates that roughly span the sample space
of {X; : i =1,...,n}, to ensure that the predictor values for the loess fit are spread across the

entire range.

(2) For each of the n, outer-level replicates, initially conduct m{ = 100 inner-level replicates,
and compute the averages {Yl.a :i=1,...,n,} and standard deviations {S : i = 1,...,n4}.

(3) For each of the n, outer-level replicates, sequentially add inner-level replicates (i.e., increase
m{) until the standard error 5/ \/m_f of Yl.“ is below 3% of the range Vy,ax — Yinin. The purpose
of this step is to ensure that each additional Y is close enough to X; that the errors-in-
predictors can be ignored.

(4) Determine whether the number n, of additional outer-level replicates is sufficient to obtain
a reliable loess estimate for h, and if not, select another additional outer-level replicate at
which to run additional simulations:

(i) Fit a loess model with {Yl.“ 1i=1,...,n4} as the predictor variable and {S{ : i = 1,...,n4}
as the response variable. For any x in the domain of the loess model, denote the fitted
response value and its standard error by I(x) and s;(x), respectively. If using the loess
function in R ([27]), which we have used in all of our examples, then s;(x) is produced via
the predict.loess command.

(if) Compute ;0 = maxya <x<ve, L(x), x* = argmaxmmgsm“sl(x), and s* = s;(x%),
where Y2, and Y2, denote the minimum and maximum, respectively, of {Y? : i =
1,...,ng} If s¥ > 0.03 X [y4y (ie., if the maximum standard error exceeds 3% of the
largest predicted response value), then add another outer-level replicate sampled indepen-
dently and increase n, by one. As the newly added outer-level replicate, take the replicate
corresponding to whichever of the remaining {V; : i = 1,...,n} is closest to x* but within
the interval [Y2. Y3, ]. Otherwise, if s* < 0.03 X I, then stop.

(iil) Repeat Steps (2) and (3), but only for the newly added outer-level replicate.

(5) Repeat Step (4) until the criterion s* < 0.03 X ;4 is satisfied.
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The above procedure is intended to produce set of high-quality data points for estimating the
function h(x), in the sense that the sample standard deviations Sy and sample means Y should be
close to the true standard deviations o (wy) and the true means X, respectively. At termination,
the square of the loess fit [(x) in Step (4i) is taken as the estimate of the h(x) function. We denote
the estimate as g,, where the subscript a stands for additional simulations. We have chosen to fit
the loess smoother to Sy and use the square of the smoother, as opposed to fitting directly to S?,

because our local linear smoother implementation extrapolates linearly, and +/h(x) is more likely
to be approximately linear in x over the boundary regions than is h(x) (i.e., the standard deviation
is more likely to be proportional to the mean than is the variance). Note that this only applies to
extrapolation outside the range of data, if needed. Our estimator of h(x) within the data range is
nonparametric. The performance of g, and its effect on the corresponding QP pdf estimator will
be illustrated in Section 3.

The 3% threshold values in Steps (3) and (4-ii) could be adjusted as tuning parameters to in-
crease or decrease the number of additional inner-level and outer-level replicates, if desired. We
have found the above 3% values to be reasonable and to work robustly for all of the examples we
have tried. To help decide whether a sufficient number of additional inner-level and outer-level
replicates have been conducted, we recommend plotting g, (%) on top of a scatter plot of S? vs. §j;
(for both the original replicates and the additional replicates), as in Figure 2(a). If the loess-fitted
9a(y) appears badly behaved (e.g., “wiggly”), this is an indication that additional replicates are
needed.

2.4 Consistency and Rate of Convergence

Appendix D addresses some asymptotic properties of the QP deconvolution estimator. Ap-
pendix D.1 contains a formal proof that the QP deconvolution estimator of Fx is consistent.
Appendix D.2 contains a heuristic argument that the convergence rate of fx is the same as the
rate of the jackknife estimator in Steckley et al. [28].

In Appendex D.1 it is first shown that the solution to Equation (15), if transformed as in
Equation (8), is strongly L,-consistent for fy. Alone, this is not particularly interesting (the
histogram estimate itself is strongly L,-consistent for fy), but the form of the estimator in
Equation (15) allows us to strengthen this result to a weak consistency result for Fx in Theorem 3.
It says, in abbreviated form here:

THEOREM 1. Let Fx,n and Fx be the CDFs ofﬁ(,n and fx, respectively. Under certain conditions,
with probability 1, Fx ,(t) — Fx(t) for all t.

In fact, since Fx is absolutely continuous, it follows that this convergence is uniform (see
Lemma 2.11 of Reference [33]). That is, with probability 1, sup, II?X’n(t) — Fx(t)| — 0. Further-
more, by Lemma 21.2 of Reference [33], the quantile functions converge weakly as well. Letting
F~Y(p) = inf{t : F(t) > p} be the quantile function of F, Theorem 3 implies that with probability
1LF2 (p) — F'(p) for all p.

> X,n

3 NUMERICAL EXAMPLES AND DISCUSSION
3.1 Examples with Uniform Allocation

In this section, we illustrate the performance of our bias-corrected QP estimator and compare it
with the Steckley et al. estimator [28] and the naive pdf estimator on two nested simulation exam-
ples. One is a simple parametric version of the portfolio loss example discussed in the introduction,
which we use to demonstrate certain properties of our proposed QP estimator. The second exam-
ple is a more complex call center simulation example. In both examples, our focus is on the output
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analysis of the simulation results rather than optimizing the choice of the number of the outer and
inner-level replicates. Here, we assume a uniform allocation, i.e, m; = mforalli = 1,2,...,n.

3.1.1  Portfolio Loss Example. In a variant of the portfolio loss example discussed in the intro-
duction (also see Reference [13] for a more detailed description of a typical example and two-level
simulation framework), suppose we want to estimate the fractional portfolio loss (loss relative to
the portfolio value) given default, using two-level simulation. In the following, we will refer to the
fractional portfolio loss given default as “portfolio loss” for simplicity. In real life, at the horizon
time, the portfolio will be priced by conducting a single-level simulation that corresponds to the
inner level of our nested simulation. This simulation will simulate what will happen between the
horizon time and the final maturity time, beginning with the single state in which real life finds
itself at the horizon time. We need an outer-level simulation, because the purpose of our nested
simulation is to assess at the current time the risks of realizing large portfolio losses in the future,
at the horizon time. This is done in our simulation by estimating the distribution of portfolio prices
at the horizon time. This involves simulating what might happen between the current time and
the horizon time, which is what the outer level of the nested simulation does.

Using the same notation in the introduction and Equations (3)—(7), the portfolio loss for the ith
scenario (i = 1,...,n) generated on the ith replicate of the outer level is X; = X(w;). Given the
outer-level random outcome w; for that scenario, the inner level of the simulation then generates
the loss-related quantities {Y;; : j = 1,2, ..., m} across the m inner-level replicates, such that their
average ¥; = m™! Zj"ll Y;; serves as a noisy estimate of the loss Xj.

In practice, the risk factors embedded in w; are nonparametric or extremely high dimensional
(e.g., the entire price and cash flow histories of all positions in the portfolio). However, to have
a known analytical distribution for X, to which we can compare the various estimators in this
example, we conduct the nested simulation as follows: We simulate in the ith outer-level replicate
a portfolio loss X; ~ Beta(4,4) whose mean equals 0.5. Fractional portfolio loss given default is
commonly modeled as a beta distribution References ([1, 11, 17]). In the inner-level replicate, we
simulate the mean-zero pricing error €;;|X; = x; ~ Gamma(4,2/x;) — 2x; for j = 1,...,m. The
simulated average portfolio losses are ¥; = X; + Z;, for i = 1,...,n, where Z; = m™! YL €
depends on X;. Under this parameterization, the conditional variance is Var[Z|X = x] = x?/m,
and the signal-to-noise ratio can be analytically obtained as Var[X]/Var[Z] = mVar[X][Var[X] +
E2[X]]"! = m/10 (see Appendix B).

As discussed in Section 2.3, when m is small, the difference between h and g has an adverse
effect on the QP estimator. Using g, as an estimator of A, rather than the original loess estimator
g, improves the estimation of h and the resulting QP pdf estimator. For example, Figure 2(a) shows
the scatterplot of S? vs. Y; (i = 1,2,...,n) for a typical replicate of the above nested simulation
using a total computational budget M = nm = 5 x 10* and the allocation m = 8 and n = 6, 250. It
also shows the true h function, which is h(x) = x? under the parameterization of the portfolio loss
example, along with the loess estimates g and g,. We can see that g,, which only consumes about
3% additional computational budget, substantially improves upon the original loess estimate g.
Figure 2(b) shows the corresponding QP estimators using the functions h, g and g, from Figure 2(a).
The QP estimator using g, is better than the one using g, both in the middle quantiles and in the
upper tail. The QP estimator using A is only shown as a reference benchmark, since h is unknown
in practice. Notice that the QP estimator using g, is almost as good as the one using h. In the
subsequent discussions, unless noted otherwise, the QP estimator will mean the one using g,.

Figure 1 compares the performances of the bias-corrected QP deconvolution estimator, the bias-
corrected estimator developed in Reference [28], and the naive estimator (a kernel density esti-
mator) for a typical replicate of the nested simulation under the allocation m = 5, n = 10* and
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Fig. 2. Performance of the proposed h(x) function estimation procedure and the corresponding QP estima-
tors for the portfolio loss example for a total computational budget of M = nm = 5 x 10* and the allocation
of m = 8,n = 6,250. Panel (a) is the scatterplot of the sample variance against the sample mean, along with
the true function h (red dashed) and the estimates g (blue dotted) and g, (orange dot-dashed). Panel (b)
shows the corresponding QP estimators using h, g, and gq, respectively. The curves for h and g, are difficult
to distinguish because they are so close.

demonstrates better performance for the QP deconvolution estimator. For fair comparisons, we
slightly increased the budgets for the naive and the Steckley et al. estimators so they had the same
budget as the QP estimator with the additional replicates for estimating g,, which typically in-
creased the budget by about 3% (the exact percentage varies from replicate to replicate). We can
see from Figure 1 that the histogram and the naive estimator are overly dispersed relative to the
true fx, which suggests that a small number of inner-level replicates (m = 5 in this case) intro-
duces substantial bias when we use the naive estimator. The Steckley et al. estimator, although
better than the naive estimator, does not correct the bias enough for this small m. In contrast,
the QP estimator with only the two universally applicable shape constraints (i.e., integrate-to-one
and nonnegativity) is much closer to the true density across the entire domain of the distribu-
tion, including the tails. The L; distances between the true pdf and the pdf estimators (defined as
Ly (ﬁ(, fx) = f If;((x) — fx (x)|dx) for the QP estimator, the Steckley et al. estimator and the naive
estimator are 0.152, 0.364, and 0.523, respectively, for this typical replicate shown in Figure 1. In
fact, we have selected this replicate as typical, because each of the three estimators had an L; dis-
tance that is fairly close to their median L; distance across 30 replicates. The median L; distances
for the QP, Steckley et al. and naive estimators are 0.152, 0.368, 0.524, respectively.

Moreover, Figure 3 illustrates that when the total computational budget is fixed, the QP estimator
outperforms the naive and the Steckley et al. estimators at their respective optimal allocations.
The optimal allocations were determined by finding the pair (n, m) that results in the minimum
aggregate MSE measure, as described in the next paragraph. Figure 3 compares the three estimators
for a typical replicate at their optimal allocations under a total computation budget M = 5 X
10, The optimal allocations are m = 22 for the QP estimator, m = 175 for the naive estimator,
and m = 100 for the Steckley et al. estimator. Since the total computational budget is fixed, a
larger number of inner-level replicates means a fewer number of outer-level replicates, i.e., fewer
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Fig. 3. pdf estimation results for the same portfolio loss example in Figure 1 but with optimal allocations
for each method, which are m = 22 for the QP estimator, m = 175 for the naive estimator, and m = 100
for the Steckley et al. estimator. All methods are under the same total computational budget M = 5 x 10%.
Comparison with Figure 1 shows that the QP estimator performs more robustly to choice of m, which is
important, since the optimal m is difficult to determine in practice.

observations of Y, which causes the naive estimator to perform less reliably. Comparing the two
bias-corrected estimators, the QP estimator is better than the Steckley et al. estimator for this
typical replicate in Figure 3. The L distances of the QP estimator, the Steckley et al. estimator, and
the naive estimator are 0.0489, 0.0550, and 0.111, respectively, for this typical replicate shown in
Figure 3. Notice that the performance of our QP estimator for smaller m (Figure 1), relative to its
performance for optimal m (Figure 3), does not degrade nearly as much as does the performance
of the naive estimator and the Steckley et al. estimator. We investigate this further below.

To more quantitatively compare the methods, we conducted a Monte Carlo (MC) simulation
with fixed computational budget at various allocations. We vary m to control the signal-to-noise
ratio (Var[X]/Var[Z]) to vary from 0.8 to over 20. To distinguish the performance in estimating
the tails vs. the middle quantiles of the pdfs, we consider the MSE for estimating nine quantiles
corresponding to probabilities p € {0.01,0.05,0.1, 0.25,0.5,0.75,0.9, 0.95, 0.99} for each allocation.
The MSEs of the quantile estimates are displayed in Tables 1(a) and 1(b), which correspond to the
total budgets M = 5 x 10* and M = 10°, respectively. On each MC replicate, we generated a new set
of M'Y; j observations for each allocation and then applied the corresponding pdf estimators to the
data. The regularization parameter for each MC replicate was selected automatically via the SURE-
like method [36]. The number of MC replicates was chosen to ensure that the standard errors of the
MSEs are about 1% the MSE values. The MSEs reported in the tables for each estimator are for their
optimal allocations for the given computational budget. The optimal allocations were chosen to
minimize the aggregate MSE measure defined as Y.0_, MSE;/[p;(1 — p;)], where MSE; = MSE(p;)
is the MSE for the ith probability estimator, among 10 different allocations. The optimal numbers
of inner-level replicates for the given total computational budget for each estimator are displayed
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Table 1. Comparisons of Quantile Estimation MSEs (x10°)
for the Portfolio Loss Example for Various Probabilities (p)
under the Optimal Allocations

(a) Fixed total budget M = 5 x 10*

QP (h) QP (gs)  Steckley Naive
P | (m=12) (m=22) (m=100) (m=175)

0.01 0.638 0.579 1.68 6.22
0.05 3.67 3.79 8.90 24.0
0.10 4.81 8.00 17.3 40.7
0.25 8.93 17.4 38.3 69.2
0.50 22.90 24.4 53.7 71.2
0.75 12.2 21.7 44.0 55.2
0.90 8.41 16.5 28.6 49.4
0.95 10.1 12.9 21.3 42.0
0.99 6.86 7.01 9.57 20.6

(b) Fixed total budget M = 10°

QP (h) QP (gs)  Steckley Naive
P (m=60) (m=60) (m=175) (m = 256)

0.01 0.124 0.146 0.139 0.888
0.05 0.397 0.372 0.802 3.430
0.10 0.631 0.666 1.360 5.730
0.25 1.180 1.380 3.250 9.330
0.50 1.730 1.850 4.790 9.140
0.75 1.470 1.840 3.860 6.030
0.90 1.080 1.170 2.320 6.300
0.95 0.993 1.070 1.810 6.370
0.99 0.549 0.635 0.781 3.410

Note: (optimal m values shown in parentheses) for Each of the
Four pdf Estimators. The Regularization Parameters Were Selected
Using Automated Methods.

in parentheses in the first rows of the tables. We see from Tables 1(a) and 1(b) that the MSEs for
the QP estimator are about half of those for the bias-corrected Steckley et al. estimator across all
quantiles and between about two to ten times smaller than for the naive estimator (which we take
to be the histogram).

Figure 4 provides a more complete perspective by plotting the aggregate MSE measure and the
MSE measures at nine separate quantiles for each estimator at ten allocations (i.e., 10 values of
m and n = M/m) under fixed computational budget M = 5 X 10*. The aggregate MSE (Figure
4(a)) conveys the overall trends of how the performances of the different pdf estimators change
when the allocation m and n = M/m varies. Figure 4(b) shows the MSE measure at nine quantiles
separately. The highlighted bullets indicate the optimal allocation for each estimator based on the
aggregate MSE measure. In practice, if all quantiles are of interest, then the same allocation must
be used for each quantile. Consequently, the MSE at the highlighted bullets is of particular interest
for comparison purposes. The better robustness to choice of m that is seen by comparing Figures 1
and 3 is substantiated by Figure 4, which shows that the performance of our QP estimator does
not degrade as much as the performance of the naive estimator and the Steckley et al. estimator

ACM Transactions on Modeling and Computer Simulation, Vol. 31, No. 4, Article 22. Publication date: July 2021.


tab:compareMSE
tab:compareMSE

Bias-corrected Estimation of the Density of a Conditional Expectation

logio(MSE)

logio(MSE)

logo(MSE)

=30

=35 =30 -2.5

-4.0

25

-3.0

0.0
1
/

Aggregate logo(MSE)
-1.0

-1.5

—— QP(h)
QP(g4)

- - SteckleyEtAl

—O—  Naive

(a) Comparison of the aggregate MSEs under various allocations.

-3.5

-4.0

<
< B O
p=0.01 ado p=0.05 \\e p=0.1
! o 5 e
s | o % o
I N < . N
%X 9, s N
X \ i . ®
v \ \e N \\o\
S R P \ N
ki I o 0% a2l X S
i 24 1 N
<1 . \ X
T 5 > | X
X X ¥ -
I e =
i~ .
! T T T T T bl | T T T T
8 16 32 60 175 8 16 32 60 175
xbid Y
p=025 $-x\§ p=05 s
\e \ 1
o
o a4 0 o= a
@ 1ok 7
\\Q o ® X
: N 7] N )‘/6 =
X s B o X e & w
E \“\oaﬁ”" o \ \ 7
N e 1 LN rg/ <
x VX - X -4 7
5= 7 X %
2 T
-
I
16 32 60 175
xbid
p=0. .
Se “ q
Y N
N “o 2
X N ° ° i
~ LS _*° o
X oL 2 !
. o a

(b) Comparison of MSEs of nine separate quantiles.
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Fig. 4. Comparisons of the performance of four pdf estimators for the portfolio loss example under fixed
budget M = 5 X 10* and at various inner level allocations (m = 8,16,24,32,64,128,256). The x-axis in
all figures represents the inner level allocation m. The four estimators are the naive estimator (green long-
dashed), the Steckley et al. estimator (blue dot-dashed line), the QP estimator with g, (orange dashed), and
h (red solid), respectively. The vertical axis is the MSE measure in the log-scale of base 10. The highlighted
bullets (i.e., the single enlarged symbol for each curve) indicate the optimal allocation for each estimator
based on the aggregate MSE measure shown in Figure 4a.
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as m differs from its optimal value, especially for the tail quantiles. This is likely because it does a
better job at correcting for the over-dispersion bias than the Steckley et al. estimator, and the naive
estimator does not even attempt to correct for this bias. Robustness to m is important, because it is
difficult to determine the optimal m in practice. Moreover, there is no single optimal m if multiple
features of fx are of interest, since the optimal value of m for estimating quantiles depends heavily
on which quantile, as evident from Figure 4.

As shown in Figure 4, the QP estimator with g, performs comparably to the QP estimator with
h even when m < 45, which suggests that the estimator g, using the procedure in Section 2.3 is a
reasonable estimator of the true h function. Moreover, the QP estimator outperforms the Steckley
et al. estimator and the naive estimator for most of the 10 different allocations for this example,
especially when m is small. Although the Steckley et al. method is slightly better than the QP
method for large inner-level sample sizes (m > 60), and both the QP and Steckley et al. estimators
are close to the naive histogram estimator when m grows, the QP estimator achieves much better
MSE results for small to moderate m (m = 8 to 45).

As mentioned above, if we compare the performances at only the highlighted bullets, i.e., at each
estimator’s optimal allocation, then the QP estimator performs much better than the alternatives
for almost all nine quantiles and also for the aggregated MSE. Another interesting phenomenon is
that when the same large m value (e.g., m > 60) is used for both the Steckley et al. and the QP esti-
mator, the former performs a little better overall, more noticeably so for the upper quantiles. This
is understandable, considering that the optimal m values are substantially larger for the Steckley
et al. method than for the QP method. A potential explanation for this is that the QP estimator is
more discretized, whereas the Steckley et al. estimator is a smoother kernel-based method. Thus,
the latter may have advantages when data are sparser in the tail regions, which happens when m is
large (since the computational budget is fixed, large m means smaller n and fewer Y observations).
For example, for large m the QP estimator may become truncated at some tail quantiles due to lack
of data, whereas the Steckley et al. estimator tends to be smoother and more continuous. However,
it should be emphasized that at their optimal allocations (either using the single m optimized for
the aggregate MSE measure or using separate m optimized for each quantile) the QP estimator still
substantially outperforms the Steckley et al. estimator and the naive estimator.

Regarding the assumption of normality for Z, it should be noted that the errors themselves do
not need to be normally distributed, as long as the average Z of m errors is close to normal. In the
portfolio loss example, the errors follow a gamma distribution (but translated, to have zero mean)
with shape parameter 4, which is a right-skewed distribution. However, even for relatively small
m, the distribution of Z is close to normal. To investigate this, consider a more extreme version of
non-normality in which the errors follow a zero-mean version of a chi-square distribution with
two degrees of freedom, denoted €; ; ~ x5. Note that the y distribution is also an exponential
distribution, which is highly right-skewed with a jump discontinuity at zero. Figure 5 plots a stan-
dardized version (translated to have zero mean and scaled to have unit variance) of the yZ pdf as
the curve for m = 1, since Z = € for m = 1. The figure also plots the standardized pdfs for Z
for various m € {1, 2,5, 10, 20, 50, 200, oo}, which get progressively closer to the standard normal
distribution as m increases. Note that by the reproductive property of the chi-square distribution,
the distribution of Z is yZ, . Even though the distribution for €; ; is highly non-normal, the distri-
bution for Z is close to normal for around m = 10 or larger. We anticipate that for most stochastic
two-level simulations, the errors will not differ from normality any more than an exponential dis-
tribution differs from normality. For example, we do not envision many applications in which the
Y; j are Bernoulli. If one encounters an application in which the errors are that far from normal,
then one should use caution to ensure that m is large enough to give an approximately normal
distribution for Z.
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Fig. 5. lllustration of the effect of m on the approximate normality of Z for a highly non-normal error distri-
bution. The red dashed curve is the standard normal pdf, and the other curves are pdfs for (a standardized
version of) Z for m € {1, 2,5, 10, 20, 50, 200, oo}, which get progressively closer to the standard normal dis-
tribution as m increases. The distribution for €; ; ~ )(22 is the distribution for Z for m = 1, and the normal
distribution is for m = co.

We note that the deconvolution approach is still valid and can still remove the over-dispersion
bias when Z is non-normal, as long as the correct pdf f|x is used in the convolution/deconvolution
Equation (8). In fact, it is well-known in the deconvolution literature that super-smooth noise dis-
tributions like Gaussian are notoriously more difficult to deconvolve than other less smooth noise
distributions; see Reference [10]. It is primarily to avoid the difficulty of estimating the noise dis-
tribution that we have taken advantage of the fact that Z is an average of m errors to approximate
fz1x as normal in the deconvolution equations. Estimation of a non-normal f7|x would be sub-
stantially complicated by the fact that it may depend on X.

3.1.2  Input Uncertainty Analysis and a Call Center Simulation Example. As a special case of our
general model in which w is parametric, consider the problem of studying the effects of uncertainty
in the parameters of the distributions of stochastic inputs in a single-level stochastic simulation.
For example, suppose we have an M/M/c queuing system simulation in which customer arrivals
follow a Poisson process whose mean arrival rate parameter A = A(w) is fixed (i.e., constant) but
unknown, and the uncertainty in A (due to lack of knowledge of A; not because it varies over time)
is represented by treating it as a random variable (r.v.) that follows some specified distribution.
Although the queuing system simulation of interest is a single-level Monte Carlo simulation, one
typically treats the input uncertainty problem via a two-level simulation in which the ith outer-
level replicate consists of generating one random draw of A from its distribution (A; = A(w;)). Each
inner-level replicate comprises one run of the actual simulation model for that particular A;. That
is, on the jth inner-level replicate of the ith scenario, the number of customers being served during
a given time period is simulated and denoted by Y;; = Y(A;, & ;), where &; ; determines all sources
of randomness in the inner-level replicate due to the random Poisson arrivals (but with Poisson
arrival rate parameter A; fixed) and the random service times. A common performance metric
is the expected number of customers served during the given time period, i.e., the conditional
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expectation X = X(A) = E[Y|A], which is a function of the unknown A. Hence, the pdf fx of
the conditional expectation X (A) with respect to the distribution of A represents the uncertainty
in the system performance due to uncertainty in the input parameter A. As a slightly different
version of this setting, suppose one computes an updated forecast of A the night before some
target period. Assuming the forecast is not perfect and involves some uncertainty, the distribution
for A that one would use could be some distribution with mean equal to the forecast and standard
deviation equal to the standard error of the forecast. In this case, our computed distribution for
the conditional expectation E[Y|A] would represent the distribution of the expected number of
customers served on the target day, where the distribution is with respect to the uncertainty in
the forecasted A.

For this parametric input uncertainty problem with low-dimensional A, Reference [35] viewed
the parameters A = A,y as fixed but unknown and developed a Bayesian credible interval for
E[Y|A¢rye] with uncertainty in Ay, estimated via standard Bayesian methods applied to a sam-
ple of real input data. Their approach is based on using a surrogate model to represent E[Y|A] as
a function of A, which tends to smooth out the noise that results from using a finite number of
inner-level replicates and in this manner partially accounts for the over-dispersion problem. Al-
though their objective of obtaining a credible interval for E[Y|A;,.] differs from our objective of
estimating the distribution of E[Y|A], one might consider adapting a similar Bayesian approach
for our objective. Instead, here, we apply our deconvolution-based approach, partly because it is
more general and applies to parametric or nonparametric uncertainty (the surrogate modeling in
Reference [35] requires a relatively low-dimensional parameterization), and also because a second
Bayesian mechanism in Reference [35] would exacerbate the over-dispersion problem if no surro-
gate modeling is used. In follow-up work, Reference [3] notes that surrogate modeling approaches
are not effective for high-dimensional parametric uncertainty in input distributions or for non-
parametric empirical input distributions and developed a bootstrapping confidence interval (CI)
that takes into account nonparametric input uncertainty but is not unduly widened by the noise
in{Y; :i=1,2,...,n}. Whereas their approach shrinks every Y; towards the grand average by the
same shrinkage factor, our deconvolution estimator is a more principled approach that adjusts the
estimated density in a more nuanced manner.

To make a more concrete example, consider a call center simulation in which the calls arrive
at the center according to a Poisson process, whose mean arrival rate parameter A is fixed but
unknown. See References [2, 15, 16, 23, 25] for further details and other modeling considerations
relevant to call center simulation, including the situation in which parameters like A vary stochas-
tically over time. In our setting of a fixed but unknown A, suppose we represent its uncertainty by
assuming it follows some lognormal distribution with known parameters. In real call center simu-
lations, there may be many different and more complex sources of outer-level uncertainty, such as
parameters for arrival distributions for many different categories of calls, nonparametric arrival
distribution uncertainty, uncertainties in many different service time distributions for different
categories of calls and for different servers, random variables that represent initial states of many
different queues, and so on. However, we use the lognormal parametric uncertainty model for
simplicity and transparency, and because our approach treats more complex uncertainty sources
exactly the same as simple parametric uncertainty.

The service time for the arrived call is assumed to follow an exponential distribution with known
parameters. We also assume the capacity of the system is K, which means that the maximum
number of calls waiting in queue or being served is K and an arriving call is lost if it sees the system
is full, i.e., if the system already has K calls when the new call arrives. Each call is associated with
a random profit that is assumed to follow a normal distribution, whose parameters are known. We
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study the behavior of the system within a specified unit of time, during which time the arrival
rate parameter A is assumed constant, and we consider the effect of A varying according to its
underlying lognormal distribution. The particular measure of interest is the expected increase in
profit over a specified time interval that results from adding one additional server to the call center,
which is a function of the unknown arrival rate parameter A. Thus, the r.v. X that is of interest is
the difference in the conditional expectation of the profit (conditional on A) between an M/M/c/K
queue (referred to as System 1) and an M/M/(c+1)/K queue (referred to as System 2), where c is the
number of servers. In the simulation, one outer-level replicate consists of generating one random
realization A; from its lognormal distribution. One inner-level replicate consists of generating call
arrivals from their Poisson process with parameter A;, generating service times for the calls from
their exponential distribution, assigning a random profit to each accepted call from its normal
distribution, and calculating the total profit gained by adding the server for the collection of calls
that were accepted. We conducted paired experiments for System 1 and System 2, meaning that for
the ith outer-level replicate, the two systems share the same arrival rate parameter A; (except for
the common value of A;, the two systems were simulated independently). Using a common value
of arrival rate helps to isolate the effect of adding one more server on the system performance. See
Reference [23] for further discussion of common random numbers in call center simulations. After
obtaining the total profit for the two systems on each inner-level replicate j, the profit difference
Y;; between the two systems were then calculated. Note that given A;, the randomness in Y;; from
the outer level is due to the random Poisson arrivals, as well as the random service times and
random profit.

More specifically, for the jth inner-level replicate of the ith outer-level replicate, denote the total
numbers of accepted calls within the specified time interval as N l.lj and N lzj for System 1 and System
2, respectively. Each accepted call is associated with a random profit Pl.’j’k, k=1,2,..., Ni’j; r=1,2,
and the total profit gained by System r within the specified time interval is Zg:l Pl’] &+ Therefore,
the r.v. Y;;, which is the observed increase in profit by adding one more server in the call center
system, is

N Ni;
_ 2 1
k=1 k=1

We are interested in estimating the pdf of the expected increase in profit given the random
arrival rate A, i.e., the pdf of X = E[Y;;|A]. The sample average Y; = m™"' Y7L, Yi; can be viewed
as a noisy estimate of X; = E[Y;;|A;].

For the parameterization of this example, we take A ~ lognorm(1.68, 0.3), which has mean 5.61
and standard deviation 1.72. The service time follows an exponential distribution with a mean of
1. The distribution of the profit associated with each accepted call is chosen to be N(1,0.05). The
number of servers is ¢ = 5 for System 1 and c+1 = 6 for System 2, and the capacity for both systems
is K = 10. For the purpose of having a closed-form analytical expression for fx, the simulation
is initiated in the steady state. (The closed-form expression for fx is used only to evaluate the
performance of the approach; we did not incorporate this knowledge of fx into the estimation
procedure.)

Figure 6 illustrates the typical noise level for one simulated dataset with the total computational
budget being M = 1.25 x 10° and the allocation being m = 250 and n = 5,000. The number of
inner-level replicates m used in this example is larger than in the portfolio loss example, because
the inherent inner-level noise in this example is much larger. Thus, even with this larger m,
the naive estimator is still substantially over-dispersed compared to the true fx, as seen in the
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Fig. 6. For the call center example, a scatterplot of the sample variance 51'2 against the sample mean Y; for
i =1,...,n, along with the “true” h function (the red dashed curve), the loess estimates g (the blue dotted
curve) and g, (the orange dot-dashed curve). The black open circles correspond to the replicates in the
additional simulations that were used to estimate g,.

histogram in Figure 7. Using too few inner-level replicates, the noise levels are so large that
even the deconvolution or bias correction is challenging. Figure 6 is a scatterplot of 5% vs. Y;
(i = 1,2,...,n) for each scenario w;. The “true” function A in this example is obtained by fitting
a loess [6, 14] local linear smoother to a scatterplot of S? vs. ¥; from a separate data set with very
large m and n values (which is not shown here and which was only used to obtain the ground truth
for this example for assessment purposes). The estimated functions g and g, (the latter fit to the ad-
ditional simulation results, as described earlier) are also shown in Figure 6. It is again the case that
ga is much closer to the “true” function h compared to g, and the procedure for obtaining g, only
costs about 0.73% additional computational budget for this particular MC replicate. Across the MC
replicates for this example, the additional cost for estimating g, was generally between 0.5% and
0.9%.

Figure 7 compares the QP estimator with its alternatives, and it also demonstrates the enhanced
performance achieved by including the support shape constraint in the QP method. Specifically,
Figure 7 plots the histogram of the observations g; for i = 1,...,n, along with the true pdf fx
(the derivation of which is presented in Appendix C) and the four pdf estimators. The true pdf for
the call center problem has an unusual shape due to the particular structure and parameterization
of the problem, which makes the bias-correction challenging for this example. In spite of the chal-
lenging nature of this example, the QP estimator, which is denoted as “QP” and uses g, and the two
universally applicable shape constraints (integrate-to-one and nonnegativity), still performs much
better than the naive estimator at estimating fx.In addition, the QP estimator is less over-dispersed
than is the Steckley et al. estimator. We also plot the QP estimator with an additional constraint that
the support of X is nonnegative (i.e., that fx (x) = 0 forx < 0), which is denoted as “QPs” in Figure 7.
Including the additional support constraint significantly improves the performance of the QP esti-
mator. Specifically, QPs better captures the sharp feature at x = 0, which is difficult to accomplish
using a conventional kernel-based method. It is reasonable to include the nonnegative support
constraint for this particular call center example, because we know that given the same arrival
rate and call center capacity, adding a server to the system can only increase the expected number
of customers served, and hence can only increase the expected profit (ignoring the cost of the
server).

ACM Transactions on Modeling and Computer Simulation, Vol. 31, No. 4, Article 22. Publication date: July 2021.



Bias-corrected Estimation of the Density of a Conditional Expectation 22:23

J :(QPS,ga)
fx 1 (QP.ga)
i (S)

: (Naive)
2
g
(@]

[ I I I ]

-0.5 0.0 0.5 1.0 1.5

yorx

Fig. 7. Histogram of the observations Y; (i = 1,. .., n) for the call center example, along with the true pdf fx
(black solid curve) and two QP estimators using g, (the red long-dashed curve and the orange dot-dashed
curve). The two QP estimators both incorporate the integrate-to-one and the nonnegativity constraints,
while the one denoted as QPs (red long-dashed curve) includes the additional support constraint that X > 0.
The blue dashed curve is the Steckley et al. estimator, and the green two-dashed curve is the naive estimator
(the kernel-smoothed histogram).

3.2 Portfolio Loss Example with Adaptive Allocation

In some financial applications, the inner-level allocation m = m(w;) = m(X(w;)) is determined by
an adaptive procedure and depends on the individual outer-level scenario w; References [5, 12].
As discussed in Section 2.3, our QP estimation approach remains applicable when the nested simu-
lation utilizes adaptive allocation as long as the number of inner-level replicates does not depend
on w; other than via X; = X(w;). In this section, we examine the performance of the QP estimator
when an adaptive allocation is used in the portfolio loss example introduced in Section 3.1.1. An
adaptive allocation is useful mainly when, instead of desiring the entire pdf fx, one is primarily
interested in Pr[X < q] for one particular threshold g, where ¢ may be prespecified or may be a
specified quantile.

As was demonstrated in Reference [5], the number of inner-level replicates in the adaptive allo-
cation should be larger, perhaps orders of magnitude larger, in the vicinity of the threshold g. Here,
we assume the rule for choosing m; as a function of the portfolio loss X (w;) for the ith scenario is
given, and we focus on the behavior of the different pdf estimators under the adaptive allocation.
Since X is not known in practice, one would have to choose m; as a function of some surrogate like
Y;, as was done in References [5, 12]. Figure 8 plots our rule for choosing m(x) as a function of x,
which is based on the functional relation suggested in Reference [5] for a specified loss threshold
q = 0.721, which corresponds to the 0.90 quantile of fx. In practice, the 0.90 quantile g = 0.721
would not be known in advance. Regardless, we still use Pr[X < 0.721] as a convenient basis for
comparison in this example. Figure 8(a) is the theoretical rule, while Figure 8(b) is the actual rule
that rounds m(x) to the nearest integer. We use n = 4, 096 as the fixed number of outer-level repli-
cates, and the total computational budget for this example is 80,000. The functions A, g, and g,
for one typical MC replicate are plotted in Figure 9. The corresponding conditional error variance
functions for Y plotted in Figure 9(b) are obtained by dividing the functions in Figure 9(a) by the
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Fig. 8. (a): The theoretical number of inner-level replicates m(x) as a function of x for each scenario for the
adaptive allocation of the portfolio loss example. (b): The actual integer number of inner-level replicates used
in the simulation. The vertical dashed line corresponds to the 0.90 quantile at ¢ = 0.721.
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Fig. 9. (a): For the adaptive allocation of the portfolio loss example, the theoretical h function (red dashed
curve) and the estimated functions with (g4: orange dot-dashed curve) and without (g: blue dotted curve)
additional simulations. The black open circles correspond to the additional replicates from which g, was
obtained. (b): The functions in Figure 9(a) divided by the m(x) function shown in Figure 8(b) serve as estimates
of the variance function in Figure 9(b). The vertical dashed line corresponds to the 0.90 quantile g = 0.721.

corresponding number of inner-level replicates shown in Figure 8(b). Notice that the conditional
error variance functions dip around the threshold ¢ = 0.721 due to the increased number of the
inner-level replicates in that vicinity, which is intuitively appealing if the goal is to estimate the
0.90 quantile. The histogram of the Y observations for this MC replicate is displayed in Figure 10,
and the histogram mass to the left of the vertical line at the true 0.90 quantile ¢ = 0.721 is only
0.854. That is, the estimate of Pr[X < 0.721] using the naive histogram estimator is only 0.854,
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Table 2. Comparison of the Averages and MSEs of the Estimated Pr[X < q] for Three Methods across 200
MC Replicates for the Adaptive Allocation Version of the Portfolio Loss Example

‘ Naive ‘ Steckley ‘ QP g,

P ave(p) MSE(p) Ave(p) MSE(p) Ave(p) MSE(p)

0.8 0.771 8.74e-04 (2.956-05) 0.800 | 8.16e-05 (8.716-06) 0.808 9.16e-05 (8.596-06)
0.9 0.850 2.51e-03 (3.426-05) 0.883 3.29e-04 (1.746-05) 0.902 8.56e-05 (7.396-06)
0.95 0.898 2.70e-03 (3.336-05) 0.931 4.16e-04 (1.82(—3-05) 0.944 7.47e-05 (6.886-06)
0.99 0.953 1.41e-03 (1.796-05) 0.978 1.62e-04 (8.016-06) 0.985 3.53e-05 (2.806-06)

Note: The Quantiles g Correspond to Probability Levels {0.80, 0.90, 0.95, 0.99} Standard errors of the MSEs are shown in
parentheses.
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Fig. 10. For the adaptive allocation of the portfolio loss example, the histogram (naive estimator) of the loss
density together with three pdf estimators. The orange dotted dashed curve is the QP estimator with g4,
the blue dashed curve is the Steckley et al. estimator, and the green dashed curve is the kernel smoothing
estimator. The vertical dashed line corresponds to the 0.90 quantile g = 0.721.

compared to the true probability 0.90. In contrast, the estimate of Pr[X < 0.721] using the QP
estimator with g, is 0.899, which is very close to the true probability 0.90.

The preceding results are for one typical MC replicate. We repeated the analysis for 200 MC
replicates, the results of which are summarized in Table 2. On each MC replicate, the two-level
simulation was repeated, and the three pdf estimators (naive, Steckley et al., and QP) were re-
calculated. For each of the three pdf estimators, the corresponding estimate p of the probability
Pr[X < q] for four separate tail quantiles g corresponding to probabilities p € {0.8,0.9,0.95,0.99}
were calculated. Table 2 shows the average p values across the 200 replicates, along with their
MSEs, from which we see that using bias-corrected estimators (the Steckley et al. estimator and
the QP estimator) improves the naive estimator by an order of magnitude. Furthermore, the QP
estimator outperforms the Steckley et al. estimator (and the naive estimator) in terms of both bias
and MSE.

4 CONCLUSIONS

In this article, we have developed and analyzed a density deconvolution approach for obtaining
a bias-corrected estimator of the density of the conditional expectation from a nested simulation.
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We have derived the deconvolution relationships, which are valid for either uniform (constant
m; = m) or adaptive (variable m;) allocations, as long as the number m; of inner-level replicates is
chosen to depend on the outer-level scenario w; only via X; = X (w;).

Our deconvolution estimator requires an estimate of the conditional variance function h(x),
which is challenging due to the “errors-in-predictors” phenomenon that results from Y; differing
from X; due to finite m;. Our solution is to conduct additional inner-level replicates for just a hand-
ful of outer-level replicates. This was to ensure that we obtain a limited number of higher-quality
Y; observations that are closer to the true X; and also to ensure that the sample variances for the
inner-level replicates are close to the true conditional variances. We fit a local linear loess smoother
to these fewer but higher-quality data points to get the conditional error variance function. We
found this approach to provide a more accurate error variance function estimator, compared to sim-
ply fitting a loess smoother to all the lower-quality data points (i.e., the ¥; observations obtained
in the main nested simulation using the fewer number of inner-level replicates) (see Figures 2
and 6).

The examples in Section 3.1 have demonstrated that the deconvolution estimator with only the
universally applicable integrate-to-one and nonnegative constraints outperforms the naive esti-
mator and the Steckley et al. estimator, and the difference margin is largest when the number of
inner-level replicates is small. What is particularly relevant is that the deconvolution estimator per-
forms better than the alternative estimators across the range of quantiles when each estimator uses
its optimal allocation for a fixed computational budget (see Figure 3, Figure 4, and Table 1), and its
performance does not degrade as much when m differs from its optimal value (see Figsures 1 and 4).
This form of robustness to choice of m in the allocation between inner- and outer-level replicates is
important, because it is difficult to determine the optimal m in practice, and there is no single opti-
mal m if multiple features of fx are of interest (e.g., its mean, median, standard devaition, multiple
upper quantiles, multiple lower quantiles). Another advantage of the deconvolution estimator is
that a number of relevant shape constraints on the pdf can be easily incorporated, which further
improves its performance. This was illustrated via the call center example, in which including an
additional X > 0 support shape constraint on the pdf fx further improved the deconvolution es-
timator by a substantial amount (Figure 7). Finally, the deconvolution method performed well not
only in the uniform allocation setting, but also in the adaptive allocation nested simulation setting,
as demonstrated in Section 3.2.

APPENDIX
A DERIVATION OF EQUATION (12)

We derive Equation (12) based on the second-order Taylor expansion approximation of Equa-
tion (11) to establish the predominant dependence of fy on fx and on the conditional error variance
function v(-). From Equation (11),

R I R O R R e I

f Fez(y.2)dz - f £ (. 2)zdz + f L (. 2)7 2dz.

Assuming regularity conditions [26] that allow us to exchange the order of the differentiation and
integration operations and since E[Z|X = y] = 0, we have
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i) = S y)——f frn(y2adz + - azf 2,207z (17)

51 - ) [ ptetnate+ 2 fet) [ pontesie 09

0
= fx(y) - a—y{fx(y)E[ZP( =yl}+ %a{fx(y) E[Z*IX = y]} (19)
0 0?
= fx(y)—a—y{fx(y)E[Zl)(:y]} %a—{fx(y)v(y)} (20)
= Fe)+ o) Y GRG0 W) 1)

B DERIVATION OF SIGNAL-TO-NOISE RATIO IN SECTION (3.1.1)

The derivation of the signal-to-noise ratio mentioned in the portfolio loss example in Section (3.1.1)
follows from the familiar variance decomposition formula and from our specific parametrization
of the example. Specifically, since the r.v. Z|X = x is defined as m™! 21 €j1X = x, under the
assumptions that €;|X = x are i.id. for j = 1,...,m and ¢;|X = x ~ Gamma(4,2/x) — 2x, the
conditional expectation and conditional variance of Z|X = x are 0 and x?/m, respectively. The
variance decomposition formula becomes

Var[Z] = E[Var[Z|X]] + Var[E[Z|X]] (22)
= E[)iz + Var[0] (23)

m
= %[Var[X]—FEZ[X]]. (24)

Hence, the signal-to-noise ratio is

Var[X] ~ mVar[X]
Var[Z]  Var[X] + E2[X]

When X ~ Beta(4,4), we have Var[X] = 1/36, E[X] = 1/2, and Var[X]/Var[Z] = m/10.

C DERIVATION OF THE THEORETICAL fx IN THE CALL CENTER EXAMPLE

In this section, we derive the analytical expression for the theoretical pdf fx in the call center
example. For an M/M/c/K queue, define p = A/p to be the ratio of the arrival rate A over the
service rate y (here, p is known), and define a = p/c. The number of calls in an M/M/c/K system
has a steady state distribution whose probability mass function is [31, 32]

—'p() 0<n<c
pn = Pr(# of calls in the system = n| arrival rate = 1) = /')’ﬁccfn ,
po: c<n<K
c!
where
et c-1 po_4
[p' 1 ?Ija 1 + Z p_' a+1
po = Pr(no call in the system| arrival rate = 1) = c.c ”j?lnpn ~
[—(K—c+1)+ —'] a=1
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Then, we define

ch—K

p_k = Pr(an arriving call is accepted| arrival rate = 1) = 1 —pg =1 - —Do-
c!

Hence, by Poisson splitting, the number of accepted calls in one unit of time is Pois(Ap_g), given
that the arrival rate in this unit of time is A.

Let N, denote the number of accepted calls for systemr, r = 1,2 (System 1is M/M/c/K; System 2
is M/M/(c+1)/K). Then, within a unit of time with arrival rate A, we have N, |A = A ~ Pois(Ap” ),
where p” . is the probability of an arriving call being accepted given an arrival rate A for System
r (r = 1,2). Denote the difference in the total profit gained by the two systems as Y, whose con-
ditional expectation given the unknown arrival rate A is the expected profit improvement that
results from adding one more server, which we denote by X. Thus, we have

(Zsz —ZPlk)'A

where the P,  denotes the profit gained by the kth accepted call in System r (r = 1, 2). The second
equality in Equation (25) holds due to the fact that all random profits are i.i.d. Since the distribution
of the profit associated with each accepted call is chosen to be N (1, 0.05), in which case E[P, ] = 1
for all r and k, Equation (25) becomes X = E[(N; — Np)|A]. If we define E[(N; — Ny)|A = 4] =
A% — Aty = t(2), then X = t(A) with pdf

X =E[Y|A] = E[Py,1] - E[(N2 — Ny)|A], (25)

@) = fin@) = fu () ‘%t_l

Kc—

Remark C1: Note that t(A) = Ap?* — Aply, where p . =1 - 1+ p+p?20+ -+
p—cﬂ] ! 1—‘0 e -(1- )andp_K~ —% (1—p) Therefore,

c! 1-a
K .¢c-K _ c-K
t(A) = ,1(1 _ /_1) & & oc AR
I c!

from which it follows that
d d
_t_ 0 Ky
w Qg W
Since fx(x) = fa(t™(x))|: ¢! (x)|, and the derivative of "' (x) at x = 0 is infinite by the above
argument, the pdf of X at 0 is infinite, i.e., fx(0) = co. This is not apparent in Figure 7, since the
vertical axis was truncated.

__K
oc x K+1
x=0

= 00,
x=0

D CONSISTENCY AND RATE OF CONVERGENCE

In this section, we present a proof that QP deconvolution estimator is weakly consistent and a
heuristic argument that its convergence rate is the same as the rate of the jackknife estimator
in Steckley et al. [28]. The many challenging steps and technical details needed to convert the
heuristic argument to a rigorous proof would require a new article.

D.1 Consistency
In this section, we address non-parametric consistency of the estimator defined in Equation (15).
Since that equation only defines the estimate at the K, discretization points, fx. n(xni), i =

., Ky, we must extend the solution to a function on R. We do that by taking fx , to be a
histogram-like estimate: the function, constant on [x, ; — 8,/2,x,; + 6,/2),i = 1,...,K, with
values on those intervals given by the solution of Equation (15), and zero elsewhere. Denoting
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the integral transform in Equation (8) by K f(y f fz1x(y — x|x) f (x) dx, we roughly follow
the approach in Mendelsohn and Rice [24]: We ﬁrst show in Theorem 2 that under certain con-
ditions, K fx’n is strongly L,-consistent for fy = K fx. Then, in Theorem 3, we show that as a
consequence of Theorem 2, the corresponding CDFs 3 'x.n converge weakly to Fx with probability
1 (weak convergence here meaning pointwise convergence at every continuity point of Fy; in this
case every point, since Fx is assumed to have a density). Finally, in Lemma 2, we show that if
fx has four £, derivatives, and f7|x is Gaussian with variance function v(x), then under some
conditions on v(x), the assumptions of Theorem 2 are satisfied.

In this section, matrices and vectors are written in boldface, and if f denotes a compactly sup-
ported, piecewise constant function, then f denotes the vector of the values it attains. Operators
on function spaces are denoted by calligraphic letters, so Cf maps the function f to a function,
while Cf maps the vector f to a vector. The norm on the function space £L;(R) is denoted by || - || £,
and is defined by IIfIIZL2 = f_D:O f(x)? dx. The conventional 2-norm on RX is denoted by || - ||x.2.

Note that if f is a random function, or f a random vector in R , then || f Iz, and IIE' |lx.2 are both
R-valued random variables.

THEOREM 2. For each integer n, let the approximation subspace <7, with approximation interval
Ap = [Xp1—0n/2,%n,k, +0n/2), consist of non-negative functions integrating to unity, with support
contained in Ay, constant on [xn, ;i —0n/2, Xn,i +0n/2), and uniformly bounded by some B > 0. Assume
the following:

(1) There is a sequence {an}, each a; € ;, with the property that |la, — fxllz, — 0 and
SullDzanll?. , = O(1).

(2) There is a sequence of approximators {ﬁ?’n} of fy with ﬁ;l € 4 s.t. IIE,n - fyllzg, o

(3) The functions fx., and a, have support contained in S, = [an,bn], and the maps y —
14 (y) supycs, fzix(y - x|x)? are bounded by some integrable function.

(4) The operator K : L(R) = L2(R) is bounded.

(5) For each n, our estimate is the unique fX,, € o, minimizing IIfYn - Cnfx,n”IZ(n,z +

An”DZfX,n”sz: wherefy’n and Can’n are vectors of values offY’n and Cn]?;g,,, and D, a
second-differencing operator.

(6) The map (x,y) — fzx(y — x|x) is uniformly continuous in (x,y) with modulus of continuity
w(e).

(7) An = 0 and w(8,) (b, — an) VK 6, — 0.

Then,
1K fx =K fx,nllz, = 0. (26)

Proor oF THEOREM 2. The formulation in Equation (15) uses two layers of approximation. First,
only a finite interval is addressed in the objective, while ‘fo » may have support on all of
R; second, the integral transform K is approximated by a discrete approximation. If we are
given Ky, 6, {xn,i}, with approximation interval A, := [xp1 — 0n/2,xn K, + 0n/2), With C,
the convolution matrix C in Equation (14), and the x; € [xn; — 6,/2,xn,; + 0,/2) satisfying
Onf(Xi) fz1x(y — Xi1X;) = fxinzl—tsi';/zz f(x)fzix(y — x|x)dx, then we can define the following map-

pings to address each of those approximations:

[ 6ulCaf; = 80 X80 F i) f21x (K = XmilXni) Y € [Xnj = 8/2%n j + 80/2)
Cuf(y) = .
0 ify ¢ A,,
(27)
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Rnf(y) =
On XG0 fz1x (y — Fil&:) = £ Goni) fzix Cenj = X ilxn )] if y € [Xnj — 8/2, X + 8n/2)
’ ify ¢ A,,
(28)
0 ifyeA,
In =1 (oo
W {f_m ) fzix(y — xlx)dx ify ¢ Ap, (29)

representing the approximation of the convolution, the remainder from that approximation, and
the remainder due to the ignored tail, respectively. We have the property that when f has support
contained in A, and is piecewise constant on [x, ; — On, Xpn.; + On), then K f = Cpf + Ruf + Tnf,
since if y € [x,,j — Op, Xnj + 0n) C Ap,

K fly) = fA £ faix(y - xlx)dx

K'l x,,,,-+5n/2
@ = [ 60 oty - s
i=1 xn,i_(sn/2
Kn
B) =6 ) FE) frx(y - %il%)
— (30)
Kn
© =80 ) FCni) fzix (X = X ilxn1)
i=1
K
+ 8n D LF G Frix (g = %il%:) = f Cen ) 21x (o j = X il 1))
i=1
=Cnf(y) +Ruf(y)
In (a), we have re-written the integral as a sum over the discretization grid. In (b), we invoke the

~ n,i 5n
mean value theorem to get X; € [xp; — 0,/2,Xn,; + 5n/2) s.t. fxx "f& //22 f) fzix(y — xIx)dx =

Onf (X:)fz1x (y — X;1%;). In (c), we substitute the X;’s and y’s bin midpoints.

The foregoing is convenient, because if a function f is compactly supported and piecewise
constant on a uniformly spaced partition—in our case, C, f is just such a function—then its £;-
norm can be expressed in terms of the 2-norm of the vector of the values it takes on: If f is the
vector with entries f; = f(x;), and the spacing is §, then

K

A1, = D8£ 6 = SNl - (31)

i=1
The objective in Equation (15) involves minimizing a penalized vector 2-norm II?y’n - Cfll% ,,

and we are already thinking of ﬁ?’n as piecewise constant—a histogram—so it will be convenient
to think of C,f as the values of a piecewise constant approximation C, f of K f.
The following lemma will be useful. The lemma’s proof is deferred to below the current proof.

LEMMA 1. Under the assumptions, the norms of the errors in our discrete approximation and support
approximation converge to zero. Specifically,

(i) Under Assumptions 3, 6, & 7, if {s,} is a sequence withs; € <7, then ||R,sullz, — 0.
(ii) Under Assumption 3, if {s,} is a sequence of pdfs, then ||T,snllz, — 0.
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By Assumption 2, P(”J?;?,n —fyllg, = 0) = 1; assume that this event occurs. Since fy = K fx, we

want to show that || fy — 7(]‘;(,,, Il £, converges to zero. First, we bound it by an expression related
to the objective in Equation (15) plus some approximation remainders.

Ify =K Fxnllzs = 1f7 = Cafxon = Rufxon = Tnfxonll 2,
< fy = Cafxonllzy + 1Rnfi nllz, + 17 fx.nll z,
<N fyn = Caficnllzy + 1fs = Frnllzy + 1R fnll 2y + 17 frnll 2,
= Vullfy = Cufullicz + I1fy = fonllz, + IRn Fnllz, + 175 fnllz-

The first term is what appears in the objective in Equation (15). As mentioned, the second term
goes to zero by Assumption 2. The third and fourth terms go to zero by Lemma 1. To see that the
first term goes to zero:

(32)

8allfy = Cufx.nllZ , < 8alllfy , — Cufx.nllZ , + AnlDofx.ullZ ]
@) < 8ulllify., — CnanllZ , + AnlD2anll% ;] (33)

r3 2 2
= 5n”ff/,n - Cnan”K,z + An5n|IDZan”K,2~

The first inequality follows from the positivity of A, ||D2’f:X, nll2.In (a), we use Assumption 5, and
by Assumption 1, the second term goes to zero if A, — 0. Finally, for the first term above,

V(Sn”fY,n = Chaplls = ”f)?,n = Cnanllz,
< Wfy = Kanllz, + I1fy = fr.nllz, + 1Rnanllz, + 1Tnanll z, (34)
= 1K (fx = an)llz, + 1fy = fy,nllz, + 1Rnanll 2, + 1Tnanllz,-

The first term converges to zero by Assumptions 4 and 1, the second by Assumption 2, and the
third and fourth by Lemma 1.

Thus, we conclude that P(||X fx — (}(_f)(’n”l:z — 0) = 1, as needed. O

Proor oF LEMMA 1. For (i), let n be large enough that A, O [ay,b,] and suppose y € A,. We
have, letting £ be the smallest index for which x, — §,,/2 > a,,

Kn
Rusn(t) = 8n Y snGen, D) f21x (Y = £il%1) = Fr1x (onj = X0, 1)]
i=1
l+ I.(bn_an)/(sn_]
@  <BS > [fax(y—FilE) — f2ix (s = Xnilxni)] (35)
i=t
{+|(bp—an)/5n]
®)  <BS, > () <Bby—an)o(d,).
i=C
where (a) is by the fact that s, < B and s, is zero outside [a,,b,], and (b) is by the uniform
continuity of g with modulus w(e). Now, since R, s,(y) = 0 fory ¢ A,

1R nsnll%, < B*(an = bn)*@(Sn)*KnSn, (36)
SO
”Rnsrl”.ﬁz < B(an - bn)w(én) VKn5n7 (37)

Assumption 7 gives the desired result.
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Now, for (ii), observe that

2
1Tnsnll £, =fAC [f Sn(x)f2|x(y—x|x)dx] dy

n n

2
< L; [(f sn(x)dx) (jgglfng(y—xbc))] dy (38)

- f Lac () sup Frix (y — xJx)’dy,

x€S,

invoking Hoélder’s inequality with p = 1, ¢ = oo. By the existence of a dominating integrable
function from Assumption 3 and the fact that 14¢ (y) sup,cs, fz1x(y — x|x)? converges pointwise
to the zero function, the dominated convergence theorem yields that ||7,s,llz, — 0. |

Now, in the following, we upgrade result (26) about 7(]?X,n to convergence of FX,n:

THEOREM 3. Let FX,n and Fx be the cdfs ofﬁ(,n and fx, respectively. Suppose that fx has the
unique distribution for which K fx = fy. Under Assumptions 1-7, P(I?X,n 5 Fx) =1.

Proor or THEOREM 3. Under the assumptions, Theorem 2 yields that P(||K f;(,n —fyllg, = 0) =
1. Assume that this event occurs. By Theorem 3.2.9 of Reference [9], if every subsequence of Fx_,

has a further subsequence converging to Fx, then I?X’n X Fx. Let FX,nk be a subsequence of I?X’n
By Helly’s Selection Theorem (Theorem 3.2.6 of Reference [9]), there is a further subsequence

such that FX,nkj X F. Then, for any y, we have

K oy @) = [ oty = x0dFm, () > [ Sty -xb0dF0) = ). 69)

But, since ||'KfAX‘nkj ~ fyllz, = 0, by Theorem 2, we have that || fy — fyllz, = 0. Hence fy = fy
a.e., and by the assumption of uniqueness, F = Fyx. Thus, the conditions of Theorem 3.2.9 in

Reference [9] are satisfied, and we conclude that FX,n X Fx. |

LEMMA 2. Assume that fx, fy,.. ., }({4) € L. Suppose that A, = [xn,i — 0n/2,%n,k, + On/2] and
Sp = [an, bn], with S,, C A,. Suppose further that a, — (xp,1 — 6,/2) and xp k,, + 8 — b, are both

increasing. Suppose that we have error densities
- (y —x)°
210(x) 2v(x)

and that there are m, M,m’,M’ e Rs.t. 0 <m < v(x) < M andm’ < v’(x) < M’ forallx € S.
Then Assumptions 1-7 are satisfied.

fzix(y — xlx) =

PRrROOF OF LEMMA 2.

AssUMPTION 1. One such sequence is given by

an(x) :fX(xn,i) forxe [xn,i_an/z’xn,i‘{‘an/z)’i: L---yKn (40)
and a, (x) = 0 otherwise. Note that for x € [x,,; — On/2,Xn,i + On/2),
| fxx (%) = an(x)[* = [ fx (x) = fix (xn,)? (41)

2

(42)

fxxmf’(t) dt
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Xn,i+0n/2
sf f(t)?dt, (43)
xn,ifén/2
SO
i = anlfy, = 1) - an( d (a4)
K, x,l,,-+§,,/2
:Zf |fX(x)—an(x)|2dx+f Fe(x)? dx (45)
i=1 xn,i*(sn/z Afl
Kn Xn,i+0n/2 Xn,i+6n /Z
sz f f Ydrdx+ | fx(x)%dx (46)
= 3‘-'11,1'_§n/2 Xn, i—0n/2 Afz
= 5, f F(1)2dt + f fr(x)? dx (47)
Ap A
< Sl + [ S dn (48)
45

each of which converges to zero as n — co. Now, let

An(Xn,i+0n)=2an(Xn,i)+an(xn,i=0n) . .
: : : ifx €[xni—06n,%xni+6,),i=1,...,K
Dzan (x) _ 52 f [ n,i ns>Xn,i n) n (49)
0 0.W.
so by definition of a,,
Sx (Xn,i+6n)=2fx (Xn,i)+fx (Xn,i=6n) . .
: ifx €[x,i—0n,Xni+0,),i=1,...,K
Dzan(X) _ 53[ f [ n,i nsAn,i n) n (50)
0 0. W.
By the second representation above (see Reference [ 7])
Daanle) = /) - 22 £, (51)

12
with & € [xpi — OnyXn,i + On) if x € [Xn,i — On,Xn,i + On), and an argument similar to the above
yields that ||Z)2an||2£2 = 5,,||D2an||1?(mz =0(1).
ASSUMPTION 2. Theorem 2 of Reference [37] gives that if fy € L2, xp1 — —00, Xk — 0,8, — 0,
and n8, — oo, then || fy, — fyllz, = 0.

ASSUMPTION 3. Ify < X 1 — Op, then

1 y-x?*_ 1 (y—a1)?
;élsp 270(x) exp o(x) T 2mm P M (52)
and similarly if y > xp i, + On, then
y-x*> _ 1 (y = b)?
_ < _
525 2mv(x) P v(x) T 27mm exp M (3)

each of which are integrable, so a satisfactory integrable function is found by taking the former for
y < ay, the latter for y > by, and some constant value for y € [ay, b;].

AsSUMPTION 4. By Reference [19], Chapter 16, Theorem 2, K : L3(R) — L2(R) is bounded if

supffz|x(y—x|x) dy < o and supffz|x(y—x|x) dx < co. (54)
x Yy
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Since f7|x is a pdf for each x, sup,. ffZ|X(y — x|x) dy = 1. For the other, this follows from the
assumptions on the variance function:

1 (y —x)? 1 (y —x)°
- < - d
szpf V2o (x) P 2v(x) : st;pf V2o (x) P 2v(x) * )
1 (y —x)*
< sipf Nors exp — oM dx (56)
=Cm,M> (57)

where Cyy, A1 is a constant depending only on m and M.

ASSUMPTION 5. Satisfied by construction of j?x,n,

AssumPTION 6. Call G(x,y) = fzx(y — x|x). It is sufficient to show that F = {G(-,y)|ly € R} U
{G(x,-)|x € R} is uniformly equicontinuous with modulus ce, which can be shown by demonstrating
that these functions are Lipschitz continuous with constant at most c. For each x, 0G /0y is bounded

by £1/+/2erv(x)4, so for any x, G(x, ) has Lipschitz constant at most 1/V2exm*. Also,
_w? e ,
9G(x.y) € = [0/(x) (=) = 20(0)(x — y) — o (x)V (%) 9
dx 8rou(x)? '

which can be bounded above and below by substituting, depending on the sign of x —y, the bounds for
v(x) and v'(x). Each function of that form is bounded, with extrema not depending on y, and so each
G(-,y) has Lipschitz constant at most the largest magnitude of the extrema of those functions. Thus,
the family .F of functions is uniformly equicontinuous with modulus ce, so w(e) = 2ce is a modulus
of continuity satisfying Assumption 6.

AsSUMPTION 7. We note that this requirement is satisfied if A, = o(1) and K,,55 — 0, the second
of which is consistent with the foregoing requirements for satisfying Assumption 2. O

D.2 Convergence Rate

Assume for simplicity that m; = m for all n and that the variance function is a constant ¢ and
known. Since m — oo, the outer-level simulations become a negligible portion of the computa-
tional cost. Therefore, as in Reference [28], we will use M = mn, the number of inner-level simu-
lations, as the computational budget. The best MSE convergence rate for the jackknife estimator
in Steckley et al. is O(M~%/1!) and is achieved with m = C;n?/°, for some C; > 0, so M = Cyn'!/°.
Here, “best rate” means the rate when m — oo optimally.

Fan [10] studies kernel deconvolution under the model Y; = X; + gy€;, where X; and ¢; are mutu-
ally independent and each is i.i.d. with distribution independent of n, and 6y — 0 as n — co. Fan’s
model with the error variance converging to 0 is exactly what is needed to study deconvolution
in nested simulation with m — oco. Fan shows that if oy — 0 sufficiently fast, deconvolution esti-
mators can achieve the same convergence rate as when there is no measurement error, i.e., 5y = 0
and a kernel density estimator, not a deconvolution kernel estimator, is used.

To apply Fan’s Theorem 4, we make the identifications

— 1
Y=Y, Xi=Xi, €&=VmZ, GO:\/_E’

where the left-hand side of each equation is the quantity in Fan and the right-hand side is the
corresponding quantity in this article. Notice that var(e;) = oZ.

) 1
Fan studies convergence in a weighted L, norm || f|l,, = {f_w If(x)lpw(x)dx} /p, where 1 <
p < o and w is integrable. If p = oo, then || f1|,,p is the usual sup norm and there is no weighting
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function w. The convergence rate that Fan establishes holds for all p > 1 and, in the case that
p < oo, for all integrable w. The rate does not depend on p or w. For comparison with MSE rates
in Reference [28], we focus on || - Ivaz.

The convergence rate of fx depends on the rate at which oy — 0 and the order of the kernel. A
kernel K has order v iff K(x)xkdx equals 0 for k = 1,...,v—1and is non-zero for k = v. Assume
K is order v = 4, which requires that K takes both positive and negative values. By Theorem 4 of
Fan [10], if 0y = Con~ V@) = C,n~1/°, for some C; > 0, and other assumptions in Fan are met,
then the weighted mean squared error of fx converges to 0 at rate O(n"8/°). For oy = C;n™/° to
hold, we need m = C;n*° so M = Cyn''/? and n = C;'M°/!! and the weighted squared error rate
is O(M~%/11), the rate of the jackknife estimator in Steckley et al. [28]. One difference between the
results that we derive from Reference [10] and those in Reference [28] is that the latter uses an
unweighted MSE, whereas the former cannot use w = 1, since this function is not integrable.

A key part of our conjecture is that the QP deconvolution estimator behaves like a kernel decon-
volution estimator with a 4th-order kernel. Smoothing a histogram converts a density estimation
problem to a regression problem where one smooths the bin areas against the bin centers. There-
fore, our estimator is essentially a spline estimator with a piecewise constant spline and a penalty
on the second derivative. Li and Ruppert [22] show that spline smoothing with a penalty on the
second derivative is asymptotically equivalent to kernel smoothing using a 4th-order kernel. In-
terestingly, the order of the kernel depends only on the derivative that is penalized, not the degree
of the spline.

Our simulation results show that the QP estimator has a smaller MSE than the Steckley jackknife
estimator, but not an order of magnitude smaller, suggesting that the difference is in the constants,
not the rates, and consistent with our conjecture.

Steckley et al. [28] show that the best rate for the naive estimator is O(c™*/7), which, of course,
is slower than O(c¢~®/!!). The QP deconvolution estimator could achieve a faster convergence rate
if the penalty were placed on a derivative higher than the second [34], but whether this would
translate into better performance in practical settings is unclear.
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