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Multilevel Surrogate-based Control Variates
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Abstract

Monte Carlo (MC) sampling is a popular method for estimating the statistics (e.g.
expectation and variance) of a random variable. Its slow convergence has led to the
emergence of advanced techniques to reduce the variance of the MC estimator for the
outputs of computationally expensive solvers. The control variates (CV) method cor-
rects the MC estimator with a term derived from auxiliary random variables that are
highly correlated with the original random variable. These auxiliary variables may
come from surrogate models. Such a surrogate-based CV strategy is extended here to
the multilevel Monte Carlo (MLMC) framework, which relies on a sequence of levels cor-
responding to numerical simulators with increasing accuracy and computational cost.
MLMC combines output samples obtained across levels, into a telescopic sum of differ-
ences between MC estimators for successive fidelities. In this paper, we introduce three
multilevel variance reduction strategies that rely on surrogate-based CV and MLMC.
MLCYV is presented as an extension of CV where the correction terms devised from sur-
rogate models for simulators of different levels add up. MLMC-CV improves the MLMC
estimator by using a CV based on a surrogate of the correction term at each level. Fur-
ther variance reduction is achieved by using the surrogate-based CVs of all the levels in
the MLMC-MLCYV strategy. Alternative solutions that reduce the subset of surrogates
used for the multilevel estimation are also introduced. The proposed methods are tested
on a test case from the literature consisting of a spectral discretization of an uncertain
1D heat equation, where the statistic of interest is the expected value of the integrated
temperature along the domain at a given time. The results are assessed in terms of the
accuracy and computational cost of the multilevel estimators, depending on whether the
construction of the surrogates, and the associated computational cost, precede the eval-
uation of the estimator. It was shown that when the lower fidelity outputs are strongly
correlated with the high-fidelity outputs, a significant variance reduction is obtained
when using surrogate models for the coarser levels only. It was also shown that taking
advantage of pre-existing surrogate models proves to be an even more efficient strategy.

Keywords: Multifidelity, multilevel Monte Carlo, control variates, surrogate models,
polynomial chaos, variance reduction.
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1 Introduction

In recent years, the propagation of uncertainties in numerical simulators has become an
essential step in the study of physical phenomena. Therefore, uncertainty quantification (UQ)
has emerged as an important element in scientific computing [50, 52|. For complex nonlinear
systems, the task of quantifying the effect of uncertainties on the simulator behaviour can
pose major challenges as closed-form solutions often do not exist. Sampling-based algorithms
are considered the default approach when it comes to UQ for complex nonlinear simulators.
The Monte Carlo (MC) sampling method is the most popular and flexible method in UQ.
Here, statistical information is extracted from a n-sample of simulator responses. Due to its
non-intrusive nature, MC is straightforward to implement. On the one hand, the convergence
of an MC statistic is independent of the dimension, but on the other hand, it is very slow,
namely at a rate of n=%5. For computationally expensive simulators, the cost of MC is often
considered impractically high. In some cases, slight improvements can be obtained through
the use of importance sampling [27], latin hypercube sampling [35] or quasi-Monte Carlo
(QVC) [13].

Another well-known approach in UQ consists in replacing the simulator by a surrogate
model. Fast-to-evaluate surrogates can be used to approximate the high-fidelity model re-
sponse and therefore reduce drastically the computational cost of estimating statistics. Poly-
nomial chaos (PC) [34, 37|, Gaussian process models [45], radial basis functions [41] and
(deep) neural networks [54] are commonly used surrogate models. The downside of the
surrogate-based approach is that it introduces approximation error, which causes biases in
the statistics estimators. Besides, this approximation error tends to increase in high dimen-
sion.

One recent MC sampling framework based on control variates (CV) [29, 31, 30, 33| has
been extensively developed and used. In a sampling-based CV strategy, one seeks to reduce
the variance of the MC estimator of a random variable, arising from the high-fidelity model,
by exploiting its correlation with an auxiliary random variable that arises from low-fidelity
models approximating the same input-output relationship. In classic CV theory, the mean
of the auxiliary random variable is assumed to be known. Unfortunately, in many cases such
an assumption is not valid. This creates the need to use another estimator for the auxiliary
random variable |24, 44, 43, 42, 39|, which involves an additional computational cost. Re-
cently, the adoption of surrogate models as such auxiliary random variables, in particular PC
models, has been explored in [16, 56, 17, 25]. The benefits are twofold: (1) the prediction of
the surrogate models may be highly correlated with the output high-fidelity model, leading
to a reduced variance of the CV estimator as compared to the MC estimation; (2) certain
surrogate models provide exact statistics that are needed by the CV approach. Another
variance reduction technique, called the multilevel MC (MLMC) method [21, 10, 22|, uses
a hierarchy of models. Originally devised for the estimation of expected values, MLMC has
since been extended to the estimation of other statistics, see, e.g., [4, 5] for the estimation
of variance and higher order central moments and [36] for the computation of Sobol” indices.
Typically, multilevel methods are based on a sequence of levels which correspond to a hi-
erarchy of simulators with increasing accuracy and cost. From a practical standpoint, the
different levels often correspond to simulators with increasing mesh resolutions. This trans-
lates into a lower accuracy of the so-called coarse levels, whereas the finer levels correspond



to accurate simulators. By construction, MLMC results in an unbiased estimator. It relies
on a telescopic sum of terms based on the differences between the successive simulators. It
debiases the MC estimator associated with the lowest-level simulator. Many other unbiased
multilevel estimators have been devised in recent years. The multi-index MC estimator [26]
is an extension of the MLMC estimator such that the telescoping sum idea is used in multi-
ple directions. In [23|, the authors developed a variant of MLMC which uses QMC samples
instead of independent MC samples for each level. Multi-fidelity MC (MFMC) estimators
[19, 18] are another extension that is based on the CV approach. Recently, the authors in
[48, 47| took a different approach by formulating a multilevel estimator as the result of a
linear regression problem.

In this work, we combine multilevel sampling with surrogate-based CV to define new es-
timators with the advantages of both. These novel multifidelity variance reduction strategies
allow us to quantify efficiently the output uncertainties of simulators with limited computa-
tional budgets. A first strategy, named multilevel control variates (MLCV), uses CVs based
on surrogate models of simulators corresponding to different levels. Although this strategy
does not build on the MLMC approach specifically, it still exploits multilevel information
through the surrogates constructed at different levels. The second strategy, named multilevel
Monte Carlo with control variates (MLMC-MLCV), utilizes CV in an information fusion
framework to exploit synergies between the flexible MLMC sampling and the correlation
shared between the high- and low-fidelity components. The numerical results show that the
unbiased MLMC-MLCV estimators can converge faster than the existing estimators.

The paper is organized as follows. We introduce notations and the necessary mathematical
background in section 2. In section 3, we briefly discuss the MLMC estimator and then define
our proposed MLMC-MLCV estimator that combines multilevel sampling and surrogate-
based CV. In section 4, we conduct numerical experiments to support the theoretical results.
Section 5 proposes concluding remarks.

2 Background

In this section, we summarize the important results of statistical estimation using control
variates and we show how surrogate models can be leveraged in this setting.

2.1 Notation

We first introduce a few notations. Throughout the rest of this paper, the high-fidelity
numerical model is abstractly represented by the deterministic mapping

f:r=z—R )

x — f(x), (1)
where x = (:L’l xd)T is a vector of d uncertain input parameters evolving in a mea-
surable space denoted by = = =; x --- X =4, with Z; C R. Following a probabilistic
approach, the d inputs are assumed to be continuous random variables X;,..., Xy, de-
fined on a probability space (€, F,[P), with known probability density functions (PDFs)
DPx,,---,DPx,. Lhey are assumed to be independent, so that the PDF of the random vector
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X = (X1 e Xd)T Q> Zispx = Hlepxi. In this work, we seek an accurate estimator
of some statistic 0 of the output random variable Y := f(X): Q — R, e.g., its expected value
(0 = E[Y]) or variance (§ = V[Y]), at a reasonable computational cost C.

2.2 Crude Monte Carlo

In practice, the MC estimator 0 of the statistic @ is based on n observations Y, ... Y ¢
defined as Y@ = f(X®) where X = {X®) ... X™} is a n-sample of X, that is, a collection
of independent and identically distributed random variables with the same distribution as
X. For instance, the sample mean and (unbiased) sample variance estimators,

n)

E[Y]=n"" zn:Y“) and V[Y]=(n—-1)" zn:(yw — E[Y)])? (2)

=1

are MC estimators of the expectation and variance of Y, respectively. It is well known that
these estimators are unbiased, that is, E[f#] = 6, so that the mean square error (MSE) of 6
reduces to the variance of the estimator:

~ A~

MSE(4, 6) := E[(§ — 0)%] = V[4] + (E[4] — 6)* = V[4]. (3)

The convergence of these MC estimators is known to be slow, so that variance reduction
techniques are needed when dealing with computationally expensive simulators.

2.3 Control variates

In this section, we present a well-known variance reduction technique using auxiliary random
variables Z1, ..., Zys as control variates. We denote by 71, ..., 7y the statistics of the control
variates that correspond to the statistic 6 that we seek to estimate. These control statistics
T1,...,Ty are assumed to be known exactly. Then, the CV estimator is defined as

0V () =0 — aT(+ — 1), (4)

where 0 and 7+ = (%1 %M)T are unbiased MC estimators of 8 and 7 = (71 TM)T,
respectively, based on a common input n-sample X, and where o« € R is the control
parameter. We note that the CV estimator is unbiased by construction, regardless of the
value of the parameter a, and that its variance reads

VIV ()] = V[0] + oS — 2ac. (5)

with ¢ := C[#,0] € RM and ¥ := C[#] € RM*M_ To fully take advantage of the control
variates, the parameter a is selected so as to minimize the variance (5) of the CV estimator.
Assuming that the covariance matrix 3 is non-singular (and thus symmetric positive definite,
SPD), the first- and second-order optimality conditions of the minimization problem imply
that there exists a unique optimal solution,

o =X e (6)



The optimal CV estimator is thus écv(a*), and its variance is given by
VI (@) = (1 - R*)V[4), (7)

where R2 = V[f]"'cT¥ !¢ is nonnegative, as £~ is SPD. Denoting by D = Diag(X) €
RM*M the diagonal matrix consisting of the diagonal of ¥, it can be shown further that
R? = r"R'r, where r = (V[0]D) /2 is the vector of the Pearson correlation coefficients
between 6 and 7, and R = D™'/2XD~Y/2 is the correlation matrix of +. Thus, R? € [0, 1]
corresponds to the squared coefficient of multiple correlation between 6 and the elements
of # [1, section 2.5.2]. Consequently, 0 < V[A°V(a*)] < V[f], and we refer to R? as the
variance reduction factor of the CV estimator. This shows that the variance of the optimal
CV estimator §°V(a*) is always reduced (or, rigorously speaking, not increased) compared
to the MC estimator 6. Furthermore, the higher R?, the greater the reduction in variance.

Remark 1. The requirement that 3 be non-singular is a reasonable one. Indeed, let us
suppose that X 1s singular. Then, because X is positive semi-definite by construction, this
implies that there exists a nonzero vector n € RM \ {0} such that n¥n = V[pT+] = 0,
indicating that any one element of T can be expressed as an affine function of the others. As
such, it does not bring any additional information to the C'V estimator, so that at least one
of the control variates can simply be discarded.

A desirable property of the CV estimator is that increasing the number of control variates
improves the CV estimator. Specifically, under mild assumptions, proposition 1 states that
the variance of the CV estimator is reduced (or, rigorously speaking, not increased) when
adding a new control variate.

Proposition 1. Let 7, := [7” %MH}T, T, = [TT TMH}T, and define ¢, = C[%Jr,é], and
X, =C[r]. We further assume that 3 and X are non-singular and that V[7y41] > 0. Let
GCV(ai) =0 — ' T(74 — 71), with o = X 'c, be the optimal CV estimator based on
M + 1 control variates, and let Ri denote its variance reduction factor. Then Ri > R2.

Proof. We have R% = rLR;lrJﬂ where r, = [rT 'ﬂT and R, = lR u} and where

u’ 1
u = (V[far1]D) " V2C[#, 7are1] and v = (V[0]V[7arz1])"/2Cl0, 7ar44]. Note that R and R
are both non-singular, because so are ¥ and 3, . The augmented matrix R may be inverted
by block using the Schur complement s = 1 — uTR™'u # 0 of the (1,1)-block R. Tt follows
that R2 = R?* + s7!(y —u'R™'r)%.. Now, because Ry is SPD (it is positive semidefinite
by construction and non-singular by assumption), xTR,x > 0 for any choice of x # 0.

The particular choice of x = [—uTR_1 1}T implies that s > 0, which in turn implies that
R: > R%. O

Corollary 1. Under the assumptions of proposition 1, the equality RT = R* holds if and
only if v = uTR'r.

Proof. Straightforward from R% = R* + s~'(y —u'R™'r)? with s > 0. O

For the CV estimation of specific statistics, the expressions of ¢ and 3 may be further
reduced to involve statistics on Y and Z := (Z1 A M)T directly. These expressions, as
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well as the consequences on egs. (6) and (7), are given in appendix A for the CV estimators
of E[Y] and V[Y].

It should be noted at this point that, in practice, the optimal parameter a* needs to
be approximated. Specifically, the statistics involved in ¢ and X need to be estimated.
This can be done either using the same sample X as for the CV estimator itself, or using
an independent, pilot sample X’. The former strategy introduces a bias in the resulting
CV estimator, while the latter guarantees unbiasedness but requires additional high-fidelity
simulator evaluations, so that the former strategy is generally preferred. Besides, statistical
remedies such as jackknifing, splitting or bootstrapping have been proposed to reduce or
eliminate the bias introduced by the former strategy [38]. In both strategies, however, neither
the theoretical variance reduction given by eq. (7) nor proposition 1 hold anymore.

Remark 2. In some instances, because it only involves the control variates, 3 may be known
exactly (see remark 3 for an example in a multilevel setting involving PC-based control vari-
ates) or estimated accurately using many independent samples at negligible cost. Unfortu-
nately, this is not the case for c, which involves the output Y = f(X) of the high-fidelity
simulator f.

2.4 Surrogate-based control variates

The efficiency of the CV approach relies on the strong correlation between Y = f(X) and the
control variates Z. In a multifidelity framework, the control variates correspond to the output
of low-fidelity versions of f, typically in the form of simulators with simplified physics and/or
coarser discretization. In many applications, the exact statistical measures 7 of such control
variates Z may not be available. One way to circumvent this limitation is to use additional
samples to also estimate 7. This type of estimators led to an approximate CV class of
methods [24, 39, 43|, where different model management and sample allocation strategies
may be used to find a suitable trade-off between the additional cost of sampling Z and the
resulting variance reduction. Recently, an optimal strategy was proposed [48, 49, 47| leading
to the so-called multilevel best linear unbiased estimator (MLBLUE), as well as a unifying
framework for a large class of multilevel and multifidelity estimators.

In this paper, we focus on the case where the low-fidelity models correspond to surrogate
models of the high-fidelity simulator f. The main advantage is that the statistics 7 may,
in some instances, be directly available, or at least may be estimated arbitrarily accurately
at negligible cost, so that the original CV approach described in section 2.3 can be used.
Using surrogate models in a CV strategy has been explored previously in [16, 56|, where the
available computational budget is allocated both to the construction of the surrogates and
to the actual CV estimations. In [56|, the authors introduce an approach that optimally
balances the computational effort needed to select the optimal degree of the polynomial
chaos (PC) expansion used in a stochastic Galerkin CV approach. In our work, we focus on
the situation in which the surrogate models are available, so that we do not consider any
optimization strategy for the construction of the surrogates. Nevertheless, for the fairness of
comparison, we still report the pre-processing cost of contructing the surrogate models.

We now briefly describe three different surrogate models commonly used in a UQ frame-
work, and discuss the availability of statistics of their output.



2.4.1 Gaussian process modelling

We assume that the simulator f is a realization of a Gaussian process (GP) F' indexed by x
and defined by its mean function mp and covariance kernel kp,

E[F(x)] = mp(x), (8)
ClF(x), F(x)] = kr(x,x'), Vx,x' €Z. 9)

In practice, one can parametrize the forms of mpr and kr. For example, in the widely used
ordinary GP method, a stationary GP is assumed. In this case, mp is set as a constant
mp(x) = m. More importantly, it is assumed that kp(x,x') = kp(x — X'), and kp(x,x) =
kr(0) = 0% is a constant. Popular forms of kernels include polynomial, exponential, Gaussian,
and Matérn functions. For example, the Gaussian kernel can be written as kp(x,x’) =

a2\ /2
o? exp(—3||x — x[|}), where the weighted norm is defined as ||x — x/||n = (Zle %
where hq,...,hg are correlation lengths. The hyperparameters o and h; can be obtained
by maximum likelihood. Then, given n observations F = (f(xV) - f(x™))" of F at
X = (x(l) e x(”))T, the posterior F of F can be defined as
F=[F|F(X) =7, (10)
whose expectation and covariance are given by
mp(x) = E[F(x)] = mp(x) + kp(x, X)Thp(X, X)7H(F —mp(X)), (11)
kp(x,x') = C[F(x), F(x)] = kp(x,x) — kp(x, X)Tkp(X, X) kp(X,x). (12)

Thereafter, the high-fidelity model f at x will be approximated by the conditional expecta-
tion,
9" (x) = mp(x). (13)

Thus, the expectation and variance of g&¥(X) are defined as
Bl (0] = [ mp(o)px(x) dx (1)

vig® (%) = |

m
(mp(x) — E[g°" (X)])*px (x) dx. (15)
These two statistics can be approximated empirically by taking a large sample of X, as
the GP model is inexpensive. Analytical formulas exist for some pairs of distributions and
covariance functions (see [8, Table 1] and |28, 15]).

2.4.2 Taylor polynomials

We assume that the numerical simulator f is infinitely differentiable and that the moments of
X are finite. Under this assumption, it is possible to expand the original simulator f around
the input’s expected value py := E[X] as the infinite polynomial series according to Taylor’s
theorem,

(X - px)?

S0P (), (16)



' o8l f
d d d i
where 8 € N, |8| = Y0, B;, B! = [[i., B!, «° =[], ] and DPf = B, ---OPagy

Thus, the function f may be approximated by the first- and second-order Taylor polynomials,

9" (X) = flpx) + T p(px) (X — px), (17)

1

9" (X) = flux) + I p(px) (X — px) + §(X — px)THy (px) (X — px), (18)

where J;(pux) = Vi(px)T € R and Hy(ux) € R¥? are the Jacobian and Hessian matrices
of f at px, respectively. In practical computations, the derivatives may be approximated by
numerical differentiation if they are not provided. The expectation and variance of g7 (X)
and ¢2(X) are then defined as

Elg"(X)] = f(px), (19)
Vig" (X)] = I (ux) ok, (20)
1
Elg"(X)] = f(px) + 5 Tr(Hy(px) 2x), (21)
To _ T 2 1 ®2 2 2\T
Vig»(X)] = Tr(J s (px) "I (1x)Ex) + 2 Tr(Hy(px) " ox(ox)T), (22)
where for any matrix A, A®? denotes the element-wise square of A, Tr(A) is the trace of A,
o% = [0%, -+ 0%,]" € R?is the element-wise variance of X, and X% = Diag(ck) € R

2.4.3 Polynomial chaos expansion

We consider the truncated polynomial chaos (PC) expansion of f(X) [55, 9, 20, 32|,

f(X) = g"r(X) = ) 0 Wi(X), (23)

k=0

where the coefficients g, are real scalars and ¥, are orthonormal multivariate polynomials:

Vi,j 20, (Wi, W)y = / Ui (%) 0, (x)px (x) dx = E[U;(X)W;(X)] = b5, (24)

where 9;; denotes the Kronecker delta. The coefficients g, may be approximated using non-
intrusive techniques such as non-intrusive (pseudo)spectral projection [46, 12, 11], regres-
sion [3, 51, 6, 7|, interpolation [2, 40|, or from intrusive approaches such as the stochastic
Galerkin method |20, 32|. Assuming ¥, = 1, the expectation and variance of g*¢#?(X) are

then given by
P

E[¢""(X)] =go and V[¢""(X)] = gt (25)
k=1

3 Multilevel estimators

In this section, we present so-called multilevel statistical estimation techniques based on
a sequence of simulators (fy)l,, with increasing accuracy and computational cost, where
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fr. = f denotes the high-fidelity numerical simulator. The levels are ordered from the coarsest
(¢ = 0) to the finest (¢ = L). We denote by Y; the random variable Y, = f,(X) and 6, the
statistic of f;(X) increasingly close to 01, = 6.

3.1 Multilevel Monte Carlo

The statistic 87, can be expressed as the telescoping sum

L
0= T, (26)
/=0

where T, = 6, — 0,_1, and, by convention, §_; := 0. The MLMC estimator é%LMC of 0y, is
then defined as [21, 22, 53]

L

MME =N T (27)
=0

where, at each level /, TZM) is an unbiased MC estimator of T, based on an input sample

X0 = {XED such that the members of ') and X are mutually independent for

¢ # {'. In many instances, Tg( ) is actually defined as T 0(@ ‘944)17 where é,(f) denotes the

unbiased MC estimator of 6, based on the simulator f;, using the n,-sample X',

For example, the MLMC estimator EM"MC[Y] of the expectation E[Y] is given by

EONY, ], (28)

Mh

EMLMC [Y]
/=1

where EO[Y,] = nyt S fio(XED), with k € {£,£—1}. We stress that the correction terms
at each level ¢ are computed from the same input sample X'¥, but using two successive
simulators, f; and f,_;. Similarly, the MLMC estimator VM"MC[Y] of the variance V[Y] is
defined as [4]

L
VMIMEY] = VO + 3 VO] = VO], (20)
=1
where VO[Y;] = - T (EO[Y2]— EO[Y;]?) is the single-level unbiased MC variance estimator.

Owing to the independence of the estimators TZ(E), the variance of the MLMC estimator is

VMM =S V(T ). (30)

In practice, the MLMC method relies on the allocation of the total (expected) computa-
tional cost of the MLMC estimator across the different levels, with

L
cost(MMMC) = Z ne(Co + Co—1), (31)
=0



where C, is the (expected) cost of one evaluation of the simulator f,, with C_; := 0 by
convention. Thus, a key aspect is played by the choice of the number of samples n, allocated
to each level . The goal is to find the sample sizes ny,...,n; that minimize the variance
of the estimator V[AMLMC] given a computational budget C. Thus, the sample allocation

problem reads
minimize V[gMMC]
n0,...,np EN* (32)
subject to  cost(AMMC) = ¢,
This minimization problem has a unique solution which can be computed analytically (see,
e.g., [21, 10, 36]). In practice, V[0MEMC] is not known, and we instead rely on the assumption
that V[T}(Z)] < n; 'V, with V, independent of n, [53, 36]. This is a reasonable assumption that
holds for the MLMC estimation of the expectation, variance and covariance [36, Table 1].
Note that, for the estimation of the expectation, we have V[TAZM)} =n, 'V, with V, = V[V, —

Y, 1] and Y_; = 0. The sample allocation problem eq. (32) is then replaced with

L

minimize g ne_l Ve
*

nQ,...,n, EN =0

(33)
subject to  cost(AMMC) = ¢,

which is equivalent for the expectation, and an approximation for other statistics.

3.2 Multilevel surrogate-based control variate strategies

In this section, we introduce various surrogate-based control variate strategies in a multilevel
framework where a hierarchy of simulators (f¢)%_, is available. These strategies rely on using
the random variables (g,(X))L, as control variates, where g, is a surrogate model of the
simulator f,.

3.2.1 Multilevel control variates (MLCV)

The first strategy, referred to as multilevel control variates and hereafter abbreviated MLCV,
consists of using the surrogate models at all levels to build the control variates in eq. (4).
Thus, 7y corresponds to the statistical measure of the random variable Z, = g,(X), and 7; to
its unbiased MC estimator. For instance, the MLCV estimator of the expectation based on
an nr-sample X" = {X® X" reads

By )(a) = EDYy) = Y ae (BN - iz, (34)

where EF[Yy] = npt S5 fo(X@), BO(Z] = npt S50 go(XD), and p17, = E[ge(X)]. Note
that this approach does not build on the MLMC methodology described in section 3.1, but
still exploits multilevel information through the surrogates constructed at different levels.
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3.2.2 Multilevel Monte Carlo with control variates (MLMC-CV)

The second strategy consists of improving the MLMC estimator eq. (27) using the surrogate-
based control variates Zy, ..., Z. Specifically, the MLMC-CV estimator improves the MC
estimation of each of the correction terms of the MLMC estimator by using a surrogate model
of the corresponding correction term as a control variate. Note that the MLMF approach
proposed in |18, 19] is based on a similar strategy, using arbitrary low-fidelity models at level
in an approximate CV setting. The MLMC-CV estimator reads

L
PIMEN (. ap) = Y T (), (35)
=0

where TV () is the CV estimator of the multilevel correction term T, (cf. eq. (26)),
TV () = T — ag(UY — Up), (36)

with U ,5” an unbiased MC estimator of the control variate statistic U, = 7, — 7_1, based on
the same input sample X' ag TAK(Z)7 again with members of X and X) being independent
for ¢ # ¢'. Note that, in eq. (36), because a single control variate is used at each level, the
definition of U ,ff) is used in the specific case where k& = ¢. The more general definition when k
and ¢ are not necessarily equal will be useful later in section 3.2.3, where we consider multiple
control variates per level. In practice, U, éz) may be defined as U ,9 = %,ig) — %,&)1, where %,Eg is
an unbiased estimator of 75 using the ny,-sample X @,
The optimal value aj for oy is obtained individually for each £ =0,..., L as the optimal
(single) CV parameter for T,V (ay),
. _ C, 0]
QO = T2, (37)
VU]
and the resulting variance of the control variate estimator of the correction is
S(0) (L
ClT,", 0]
~ (¢ (e
VIE V(o) e

VT ()] = (1= p)VITLY], with p = €l-11. (38

The correction estimators (TECV)ZLZO being mutually independent, the variance of the optimal
MLMC-CV estimator is

L

VMIMCY (0 an)] = SOV (ap)] = S (1 - VTP < SOVIEY],  (39)
=0 =0 £=0

indicating that the variance of the MLMC-CV estimator is smaller (as long as p? > 0) than
that of the MLMC estimator; see eq. (30). We remark that the variance reduction depends
on the (squared) correlation between TZ(Z) and U g(g), which, in turn, typically relates to some
measure of similarity between high-fidelity corrections Y, — Y, ; and the corresponding CV
corrections (see appendix A for the expectation and variance estimators in a single-level
setting).
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In our surrogate-based approach, we may define control variates as Z, = ¢,(X), where
gr is a surrogate of fy,, so that 7, and 7,_; could be estimated using samples of Z, and
Zy_1, respectively. It is then crucial to construct the surrogates such that their successive
differences g, — gs_1 are good approximations of f, — f,_1, to ensure a high similarity between
Y, — Y, and Z, — Z, 1. However, constructing g, as a surrogate of f, does not give any
guarantee on the quality of g, — g,_1 as a surrogate of f, — f,_1. Instead, in addition to the
surrogates models g, of fy, we construct surrogate models h, of the differences f, — f,_1, and
we define auxiliary surrogate models gy = g, — hy, for £ =1, ..., L. On each level ¢, we then
use samples of Z, = g,(X) and Zy g = Go—1(X) for the estimation of 7, and 7,_;, respectively.
As a result, the variance reduction now depends on the similarity between Y, — Y, ; and
Wy = Zy— Zyq = 9e(X) — gr—1(X) = hy(X), where h; has been constructed to ensure such
a similarity. Specifically, for the expectation, the MLMC-CV estimator reads

EMMOV Y, ag) = Y (E(ﬁ) v, — E® [Ye—1]>

—ar (EO[Z] = BOZo] = (47, ~ 1z,.,)) » (40)
with optimal values of oy given by (see appendix A.1, with M = 1)

C[}/E - }/@fla Wf]
V[Ze— Zoe]

*

Ofez

V=0,... L, (41)

resulting in level-dependent reduction factors 1 — p?, where

p2 _ CD/@ - }/Zfla W€]2
LY - Yo VW

(42)

is the squared correlation coefficient between Y; — Y,y and W, = hy(X). It should be noted
that, because of the linearity of the expectation operator and its MC estimator, the use of g,_1
is superfluous. Indeed, we may directly define the MLMC-CV estimator of the expectation

as
L

EMINCOVIY (aq, .. ap) = SO (BOY] — EOY)) — a EOW] — pw,),  (43)
=0

with pyw, = E[W,]. For the variance, the MLMC-CV estimator reads

L
‘A/—MLMC-CV[YK&O, o) = Z <f/(£) [Yy] — 1740 [qu])
=0

_agOﬂ@pm——VUHZLJ——@%f—Jzij),(4@

with 0%, = V[Z,] and 0%2_1 = V[Z,_1]. The resulting level-dependent reduction factors are

then related to the correlation between (Y, — Y;_; — E[Y; — Y;_4])? and (he(X) — E[he(X)])?
(see appendix A.2, with M = 1). Further details on the construction of h, will be given in
section 4.
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3.2.3 Multilevel Monte Carlo with multilevel control variates (MLMC-MLCV)

We now propose to further improve the MLMC-CV estimator eq. (35) by combining MLMC
with the MLCV approach described in section 3.2.1, resulting in the MLMC-MLCV method.
The approach consists in using, at each level ¢, the surrogate-based control variates of all the
levels ' = 0,..., L, rather than only using those of level ¢, as was previously done with the
MLMC-CV approach.

The MLMC-MLCYV estimator then reads

L
éMLMC-MLCV( Z MLCV ( 4 5)
/=0

where a; denotes the CV parameter at level £, and f}MLCV(ag) is the MLCV estimator of 17,

LM (e = T = a](0) - U, (46)

with
Uo = (me)kzo U = (7)o (47)
U, = (Up)k,, for >0, Ul = (UNE, for £ >0, (48)

and with U, and U ,Eg) defined as in section 3.2.2.
Because each term eq. (46) is an unbiased (multiple) CV estimator of 7}, the resulting
estimator eq. (45) is also unbiased, and the optimal (variance minimizing) value o of ay is

given individually for each ¢ =0, ..., L as the optimal (multiple) CV parameter for Te@) (o),
. S (O1=1 T (0) (e
a; = C[UY Uy, 1)), (49)

The resulting variance is given by

L L
VIPMMEMEY (s a)] = VTV (o)) = Y (1 - RHVITY] (50)
£=0 =0
with ) R R
R? = VIT91'C[u®, 7 e € [0, 1). (51)

Again, owing to the fact that RZ < 1, the variance of the MLMC-MLCV estimator is always
less than or equal to the variance of the MLMC estimator given by V[AMWMC] = S°F w7
(see eq. (30)).

In our surrogate-based approach, L + 1 surrogate-based control variates can be used for
the coarsest level £ = 0, namely go, ..., gz, so that cg € RETL. At correction levels ¢ > 0, we
can use L control variates based on gy,...,gr and gy, ..., gr_1, as described in section 3.2.2,
so that ay € RE, for ¢ > 0.

The MLMC-MLCYV estimator of the expectation E[f(X)] is defined by eq. (45), with

TNV () = O, — @l (EV(Z] — py), (52)
TN () = VY] = EOYea] - a[(EO[W] = pyy),  for £>0, (53)
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where

Z= (%, Z1) = (90(X), ..., 9.(X)), pz = E[Z], (54)
W = Wy,..., W) = (h(X),...h (X)), pw = E[W]. (55)
The optimal values a of the CV parameters are given by
o =X co, ¥, =ClZ], co = C[Z, Y], (56)
a; =3%;"¢c, ¥, = C[W], ¢ =C[W,Y, Y, 4], for¢>0, (57)

resulting in R} = V[V, — Y,_1] '} ey, for £ =0,..., L. Note that 3, = C[W] is the same
for all £ > 0. The optimal MLMC-MLCV variance estimator is derived in appendix B.

Remark 3. In practice, 3 and ¢, may be estimated using either a pilot sample or the same

sample as for the estimation of Uy) and TE(Z). Alternatively, in the specific context of PC-

based control variates, for the estimation of the expectation, a closed-form expression for 3
7 11

can be obtained. Letting Z, = g(X) = Ziio 90k Vi (X) and Wy = hy(X) = Zfio ek Vi (X),

we have

min(Pg",Py)

vma m/ = Oa cee 7L7 [EO]m,m’ - C[Zma Zm’] = Z Im k9m’ k> (58)
k=1
min(P", P
‘v’m, m/ = ]-a cee 7L7 [Ee]m,m’ - (C[Wm7 Wm’] = Z bmkhm’,kz? fOT’ > 0. (59)
k=1

3.3 Practical details

A summary of the methods is presented in table 1. We remark that all the MLMC-like
estimators (including the MLMC estimator), hereafter abbreviated MLMC-*, have variance

ico(l = RYVITL, with
e R? =0 for plain MLMC;
e 2 = p? as defined in eq. (38) for MLMC-CV; and
e 12 defined by eq. (51) for MLMC-MLCV.

For all these methods, we will further assume that V[TEM)] < ny; 'V, (see section 3.1), which
implies that V[ZTMMC ()] = (1 — R?)V[TZM)] <n'VEY, with VEV = (1 — R2)V,.

In the surrogate-based variants of MLMC, the cost of evaluating the surrogate models
is assumed to be negligible compared to the costs of evaluating the simulators fy,..., fr.
Therefore, the total computational cost of the MLMC-* estimator reduces to the cost of
the MLMC estimator, cost(éMLMC‘MLCV) = cost(éMLMC), given by eq. (31). Similarly to the
case of the MLMC estimator (see, e.g., [36]), the optimal sample sizes (n})f_, such that
ZZL:O VEVY /ng is minimal under a constrained computational budget of C are given by

C VEV . L
r =\l th Sy := , , )YV
S \/; with & Z:O\/ (Co + Co—1)V5", (60)
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so that S VEV/ni = S2/C. As a consequence,

2
<SL

VIR ()] 5 L,

(61)
with an equality between the left- and right-hand sides for the expectation estimators.

In practice, VIV is not known and must be estimated for each level. In this work, we
consider the sequential algorithm proposed in [36, Algorithm 2| for the MLMC. The algorithm
starts from an initial, small number of samples ni™* on each level. Then, it selects the optimal
level on which to increase the sample size by an inflation factor r, > 1, i.e. the level ¢* on
which the reduction in total variance relative to the additional computational effort achieved

by inflating the sample size by ry is maximal.

Algorithm 1 Simplified MLMC-* algorithm inspired by [36].
Require: nl"* > 1, r, > 1, surrogate models (depending on the method), and budget C.

1: Set consumed budget to C = 0 and dn, = ni"* samples on levels £ < L;

2: while C < C do

3:  compute dn, samples on each level by evaluating f, and the appropriate surrogates;
update sample size on each level: ny, < ny, + dny;

update consumed budget: C < C + 31, 6n¢(Cp + Co1);

estimate the optimal CV parameter(s) on each level;

compute/update CV estimates for TZ(E) and VIV from samples on levels ¢ < L;
VCV
8  select level £* = arg max ¢ ;
oisz ren2(Co + Co—1)
9: 571@* — L(T’g* — 1)TL€*J7 5714#@* — 0;
10: end while
11: return MEMCET the MLMC-* estimate of 6y,.

4 Numerical experiments

We demonstrate the value of our MLMC-MLCV method on the uncertain heat equation
problem proposed in [18] and summarized in section 4.1. The surrogate models used for the
control variates are described in section 4.2, and the results from numerical experiments are
presented and discussed in section 4.3.

4.1 Problem description

We consider the partial differential equation describing the time-evolution of the temperature
u(z,t;X) in a 1D rod of unit length over the time interval [0,77], with uncertain (random)
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initial data ug and thermal diffusivity v,

(Ou(x,t;X) Pu(w, t; X) —

— =V X)) s zeD=(01), te[0,T],

u(z,0; X) = up(x; X), v eD, (62)
Lu(0,4;X) = u(1,;X) =0, te[0,1],

where X: () — = is a random vector modelling the uncertainty in the input parameters, and
where v(X) > 0 almost surely. The solution of eq. (62) may be expressed as

u(e, t;X) =Y ap(X) exp(—v(X)k*7°t) sin (k) (63)
with
ax(X) = 2 /D o X) sin(krz) da. (64)

The initial condition is chosen to have the same prescribed form as in [18]. Specifically, we
consider uy(z; X) = G(X)Fi(x) + Z(X)Fo(z) with

Fi(x) = sin(mx), (65)
Fo(z) = sin(27x) + sin(37z) + 50(sin(97x) + sin(217x)), (66)
I(X) = ; [sin(X7) + 7sin(X5)* + 0.1X5 sin(X;)] (67)
G(X) = 50(4]X5| = 1)(4]Xe| = D(4|X7| = 1), (68)

which allows to control the spectral content of the solution w. Furthermore, as in [18], the
diffusion coefficient is modelled by v(X) = X4. The random output variable of interest is
defined as the integral of the temperature along the rod at final time 7T,

M(X) = / u(z, T; X) dx (69)
=Y ax(X) /Dexp(—y(X)k27r2T) sin(kmx) de (70)
= g_(X)’Hl(X) + Z(X) [H3(X) + 50Ho(X) + 50H1 (X)] , (71)

where H;,(X) = = exp(—v(X)k*7*T). In this experiment, we seek to estimate the expecta-
tion E[M(X)], for a given uncertain setting. Consistently with [18|, we consider the random
variables X7, ..., X7 to be independent and distributed as

X17X27X3 ~ Z/I[—TF, ﬂ-]a X4 ~ Z/{[Vmina Vmax]y X57 X67 X7 ~ U[—l, 1] (72)

The expected value E[M(X)] is then given by
49
EM(X)] = 50H; + ” (H3 4+ 50Hy + 50Ho,) , (73)
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where

2 exp(—Vnink?7?T) — exp(—Vmaxh*m?T)

k3 m3T Vmax — Vmin '

Finally, we set T' = 0.5, vy, = 0.001 and v = 0.009, resulting in E[M(X)] ~ 41.98.
Numerically, M(X) is approximated by truncating the Fourier expansion in eq. (70)

to K < oo modes and by approximating the integrals in egs. (64) and (70) by a trapezoidal

quadrature rule with equispaced nodes in [0, 1]. The multilevel hierarchy of simulators { f;},

is then defined according to the number of quadrature nodes N, used for the approximation

at level . Specifically, M(X) is approximated at level ¢ by

Hy = E[H (X))

(74)

K

Yo = fi(X) = 37 ALX)BLX), (75)

k=1

with

AX) =2 Z wittg (55 X) sin(kra;), By(X) = exp(—v(X)E*7T) Y wisin(knz;),  (76)

=1

where {(z;,w;)}*, are the pairs of quadrature nodes and associated weights on level £. Tt is
then natural to assume that the computational cost C, of an evaluation of f, is O(K N;). The
statistic of interest is thus 6 = 6, = E[f(X)], whose MC estimator f;, = n;* 321 fr(X ()
will represent the baseline estimator for our experiments. Besides, the quality of all the
presented estimators will be assessed in terms of their root mean square error (RMSE) w.r.t.
the exact statistic E[M(X)] given by eq. (73).

In the following experiments, we set the number of quadrature nodes K = 21 and the
number of levels to 4 (i.e. L = 3). Furthermore, we set N, = 120 x 2L7¢ so that evaluating
fe is twice as expensive as evaluating f, ;. Table 2 summarizes the number of quadrature
nodes and the evaluation cost per level. Note that the costs are normalized so that C3 = 1.

Table 2: Number of quadrature nodes N,, simulator evaluation cost C, and MLMC correction
evaluation cost Cp + Cy_1 per level.

14 0 1 2 3

Ny 15 30 60 120
Ce 0.125 0.25 0.5 1
Co+Cp—1 0125 0.375 0.75 1.5

4.2 Surrogate models

We will mostly use PC models (see section 2.4.3) for the surrogate-based CV estimators.
Constructing high-quality surrogates in 7 dimensions can be hard, especially in the presence
of non-linearities and with a limited sample size. To avoid overfitting, we resort to the least
angle regression (LARS) procedure [14], which is a model-selection regression method that
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promotes sparsity. More precisely, we employ the basis-adaptive hybrid LARS algorithm
proposed by [7, Fig. 5| for the selection of sparse PC bases. For a given design of experiment
(DoE) for the PC surrogate construction, this algorithm applies the LARS procedure on
candidate PC bases A, of increasing total polynomial degree p = 1,..., Pmax, resulting for
each p in the selection of a limited number |A,| < |.A,| of basis polynomial functions. For each
p, a PC surrogate is constructed by classical least-squares regression on the corresponding
reduced (or active) PC basis flp, and its quality is estimated using a corrected leave-one-
out cross-validation procedure [7]. The best surrogate according to this quality measure is
eventually retained, and the associated reduced PC basis is denoted by /Ip*.

In our experiments, we set pp.x = 16 and the construction budget to 400 times the
evaluation cost of f3, i.e. CP°F = 400. This budget is distributed equally among the different
levels, so that the associated evaluation cost on each level corresponds to the cost of 100 f3
evaluations, i.e. np°®C, = 100, as reported in tables 3 and 4. Once constructed, the quality
of a surrogate g of f is assessed in terms of the Q? measure,

E[(9(X) = f(X))’]
Vi

estimated using a test sample of size Nyt = 10000, which is more robust than the corrected
leave-one-out measure used for the model selection. The higher the Q? value, the higher-
quality the associated surrogate.

For the MLCV estimator, we learn a PC model g; of f; from a training DoE of size nP°F
generated by latin hypercube sampling (LHS) improved by simulated annealing. The training
DoE samples for the surrogate construction are different for each level and independent.
Table 3 summarizes the properties of the different PC models. Except for g3, which is built
with only 100 points, all the PC models have a good Q?, greater than 0.8. We observe that
the basis-adaptive LARS algorithm has selected a decreasing polynomial degree p* with level
¢, while retaining only a limited number |Ap* of polynomials in these reduced bases. Thus,
although ¢g; and g, have distinct degrees, the sizes of the associated reduced bases are similar.

Q2(g7f) =1-

(77)

Table 3: PC models for CV and MLCV estimators, with their sample size, degree and quality
measure. These models are built with the basis-adaptive LARS algorithm of |7, Fig. 5].

PC models  go it g2 g3
npoE 800 400 200 100

p* 0 8 6 4
A, 211 77 T4 14
Q? 0.98 094 086 0.59

For the MLMC-based estimators, we learn a PC model g, of f, for £ =10,..., L and a PC
model hy of fy — f,_1 for £ =1,... L. In practice, training points used for the construction
of go, ..., gr may be reused for the construction of hq, ..., h; using nested DoEs. However, it
should be noted that the generation of nested LHS DoEs is not as straightforward as for purely
random DoEs. While using nested random DoEs is a perfectly valid strategy, we opt for an

alternative choice based on LHS. Specifically, we first generate a DoE X]g?E of size nD°F using
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LHS improved by simulated annealing. Then, for / =1, ..., L, we sequentially extract a DoE
X]SQE C X&)}}) of size nP°E. The subset XngE is selected such that it has minimal centered
L? discrepancy among a pool of 1 million random candidate subsets. Table 4 summarizes
the properties of these different PC models. The PC models again have a quality measure
higher than 0.8, except for g3 and hs, which were constructed from only 100 evaluations.
Note that the values of p*, |flp* and Q? are of the same order of magnitude as those of the
PC surrogate models reported in table 3.

Table 4: PC models for the estimators combining MLMC and CV techniques, with their
sample size, degree and quality measure. More precisely, g, is the surrogate of f,, h, is the
surrogate of f, — f,—1 and the samples used to train h, are also used to train g, and g,_1.
These models are built with the basis-adaptive LARS algorithm of |7, Fig. 5].

PC models g g1 9o g3 hq ha hs
np°E 800 400 200 100 400 200 100

p* 0 8 8 2 9 7 5
| A, | 211 83 57 6 112 71 30
Q> 0.98 095 086 021 0.99 0.82 0.63

Hereafter, the CV and MLCV estimators use the PC models of table 3, while the MLMC-
based estimators use the PC models presented in table 4.

4.3 Results

First, in section 4.3.1, we illustrate the use of one or several control variates to reduce the
variance of a single-level MC estimator. Then, we compare the MLCV and MLMC-MLCV
approaches with the MC and MLMC estimators in section 4.3.2, and we discuss variants of
the MLMC-CV and MLMC-MLCV approaches, considering only a limited subset of the sur-
rogate models, in section 4.3.3. We conclude the analysis by reporting the estimation budget
allocation across levels resulting from the various MLMC-based methods in section 4.3.4. In
practice, all the MLMC-based estimators are built using algorithm 1. Unless stated other-
wise, the parameters are set to nj* = 30 and r, = 1.1 for £ = 0,...,3. The quality of the
various estimators will be assessed in terms of their RMSE w.r.t. E[M(X)], estimated from
500 repetitions of the experiment.

4.3.1 Single-level MC and control variates

In this first part, we consider only the finest simulator f; and try to reduce the variance
of the MC estimator of E[f3(X)] by means of surrogate-based CVs. For that purpose, we
consider a first-order Taylor polynomial expansion g3 ' around py = E[X] (see section 2.4.2
and appendix C) and the PC model g£“ described in table 3.

Table 5 shows that g¥¢(X) is well correlated with Y3 = f3(X), with a Pearson coefficient
of 0.8, while g3T1 is less so, with a coefficient of 0.57, which may be explained by the strong
non-linearity of f;. According to eq. (7), these correlation coefficients lead to a theoretical
variance reduction factor R? of 64% when using gi¢(X) as a single CV, and of about 32%
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Table 5: Pearson correlation coefficients between the finest simulator f; and the correspond-
ing PC model (see table 3) and 7 model around px = E[X], estimated with a sample of
size 1000.

Vs g59(X) g5'(X)

Ys | 1.00  0.80 0.57
gy¢(X) | 0.80  1.00 0.64
g3 (X) | 0.57  0.64 1.00

when using g3 ' (X) as a single CV. Using both CVs results in a reduction factor of 65%. This
minor increase in R? can be explained by the modest correlation coefficient of 0.64 between

g3 (X) and g¥¢(X). Note that a reduction factor of R? in the variance corresponds to a
reduction factor of 1 — /1 — R? in the standard deviation.

10t —%— MC 10 4 —#— MC

CV[T1]
—8— CV[PCE]
—¥— CVI[PCE,T1]

CV[T1]
—o— CV[PCE]
—¥— CVIPCE,T1]

RMSE
RMSE

10° A 10° -

102 10° 10t 10? 10° 10°
Sampling budget ¢ Total budget € + cP°F
(a) The evaluation cost does not include the cost (b) The evaluation cost includes the cost of con-
of constructing the surrogate models. structing the surrogate models.

Figure 1: Convergence comparison of MC and CV estimators of 6 = E[f3(X)] (see eq. (75))
with respect to the number C € {100; 300; 1000; 3000; 10 000} of f3 evaluations. The CV uses
either a first-order Taylor approximation (T1) of f3 or a PC approximation of f3 trained from
100 evaluations (CP°F = 100), or both. The RMSEs are computed using 500 replicates.

These theoretical expectations are reflected in fig. 1a with an RMSE reduction of about
20% when using g3T1 and 40% when using ¢t alone or jointly with gg '. This figure con-
firms that ¢gf“ provides a better CV than ggl, reducing the RMSE of the MC estimator
twice as much, regardless of the computational budget. However, the construction cost of
the surrogate is not the same. While constructing g3T1 requires only one evaluation of f3 and
its Jacobian matrix, namely at px, the construction of gf'“ involved 100 f; evaluations. In
the case where the surrogate is built specifically for the estimation of the statistic, the real
estimation cost is higher as it includes this construction cost. Figure 1b illustrates this dif-
ference by including the surrogate construction cost in the total evaluation cost. As a result,
a significant offset appears when using g2, since part of the computational budget (namely
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100) is used for the surrogate construction and thus not for the estimation. Specifically, the
RMSEs of the CV estimators using g5C get below that of the CV estimator using only g3 *
for a budget of 300 f; evaluations. For budgets under 200, using only g3 ' is preferable, even
without the analytical gradient available, which would then incur a construction cost of 8
f3 evaluations to approximate the gradient using finite differences. This figure also illus-
trates proposition 1, that is, increasing the number of control variates improves (rigorously

speaking, does not deteriorate) the variance of the CV estimator.

4.3.2 MLCV and MLMC-MLCV

Figure 2 compares the MLCV and MLMC-MLCV estimators proposed in eqs. (34) and (45)
with the classical MC and MLMC estimators. This comparison is repeated for different
budgets C, expressed in terms of the equivalent number of f3 evaluations. Note that the MC
and MLCV estimators only use evaluations of the finest simulator f3, so that C = ng, while
MLMC-based estimators use all the simulators, so that C is given in terms of the MLMC cost
eq. (31), indeed corresponding to the equivalent number of f3 evaluations, since the costs are
normalized such that C3 = 1. From here on, only PC-based surrogates will be used, so that
we omit the superscript “PC” in the notations of the surrogate models.

RMSE

101 4

100 4

10—1 4

—%— MC
MLMC
—8— MLCV
—¥— MLMC-MLCV

RMSE

101 4

100 4

10*1 4

—#— MC
MLMC
—o— MLCV
—¥— MLMC-MLCV

102 10° 10* 102 10° 10°
Sampling budget ¢ Total budget ¢ + cP°F
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Figure 2: Convergence comparison of MC, MLMC, MLCV and MLMC-MLCV esti-
mators of 0 = E[f3(X)] (see eq. (75)) with respect to the sampling budget C €
{100; 300; 1000; 3000; 10000} of f3 evaluations. The surrogates used for the MLCV and
MLMC-MLCV estimators are described in tables 3 and 4, respectively, and their total con-
struction cost is CP°F = 400. The RMSEs are estimated using 500 replicates.

Figure 2a shows that, for a given sampling budget C, the MC estimator is the least
accurate. This can be explained by the fact that it only has access to the finest simulator,
f3, whose cost only allows a limited number of evaluations. On the contrary, the MLMC
estimator spreads this sampling budget over the four simulators. Ideally, the optimal sample
allocation of MLMC eq. (60) results in many coarse, cheap evaluations and few fine, expensive
evaluations. This is typically the case when the outputs of the simulators are highly correlated
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and the associated computational cost grows exponentially. Table 7 shows that the first
assumption holds. The second assumption also holds since C; = O(KN;) = O(Ny), K being
fixed, i.e., the evaluation cost grows linearly with the number of quadrature nodes. As a
consequence, the MLMC estimator has a lower RMSE than the standard MC estimator.

Table 6: Pearson correlation coefficients between the finest output Ys = f35(X) and the
corresponding control variates based on the PC models of table 3 used for the MLCV method,
estimated with a sample of size 1000.

Vi go(X) g1(X) ¢2(X) g3(X)
Y; 1.00 0.96 0.97 0.93 0.80
(X) ] 0.96 1.00 0.96 0.92 0.80
g1(X) 1 097 0.96 1.00 0.95 0.81
(X)
(X)

093 092 095 1.00 0.80
080 096 081 0.80 1.00

For this experiment, the MLCV estimator is more accurate than the MLMC estimator.
Based on one control variate per level ¢, based on the PC model g, of f, from table 3, this
estimator dedicates all the sampling budget to the finest simulator f3, and uses these control
variates based on gy, g1, g2 and g3 to reduce the variance of the MC estimator at no extra
cost, as the evaluation cost of a PC model g, is negligible compared to the evaluation cost
of f3. This MLCV technique works particularly well in this case because the control variates
are highly correlated to f3;. Indeed, table 6 shows that their Pearson coefficients are at least
0.8, which guarantees a theoretical reduction of at least 94% in the variance of the MC
estimator (i.e. a reduction of at least about 76% in standard deviation), corresponding to
the variance reduction when using a single control variate based on g3. In fact, the variance
reduction factor R? when using all the surrogates is only slightly higher, namely R? ~ 95%
corresponding to a standard reduction factor of around 78%, which is reflected in fig. 2a.

Combining the MLMC and MLCV techniques allows the resulting MLMC-MLCV esti-
mator to reduce the variance even more significantly. This can be explained by the very high
correlation between Yy, Y7, Y5 and Y3 on the one hand, which ensures the good performance
of the MLMC approach, and by the strong correlation between the control variates on the
other hand, ensuring their good performance in combination with the MLMC technique. In
particular, table 7 shows that go(X), ¢1(X) and ¢»(X) are highly correlated with Y3, with
Pearson correlation coefficients greater than 0.9, while g3(X) is poorly correlated with Y3,
with a correlation coefficient of 0.48. Besides, hy(X), he(X) and h3(X) are well-correlated
with Y7 —Yp, Yo — Y] and Y3 — Y5, respectively, with correlation coefficients greater than 0.8.

Further insights regarding the expected variance reduction of the MLMC-MLCV estima-
tor can be drawn from table 8, which reports the variance reduction factor R? w.r.t. pure
MLMC on each level defined in eqgs. (50) and (51), as well as the quantity S7 defined in
eq. (60). In particular, S?/C corresponds to the variance of the MLMC-MLCV estimator of
the expectation with optimal sample allocation (see eq. (61)), so that the ratio between the
variance of MLMC-MLCV estimator and that of the MC estimator is S%/(C,V[YZ]) (here
with C, = C3 = 1). Furthermore, the variance of the different MLMC-based estimators

23



Table 7: Pearson correlation coefficients between the outputs Yy = f,(X) of the simulators
and gy(X) of the PC models, as well as the successive differences Y, — Y;_; and the outputs
he(X) of the associated PC models, for the MLMC-based estimators. The coefficients are
estimated from a sample of size 1000.

Yo Y Y, Y Vi-Y, -V ¥3-Y, go(X) qi(X) ¢X) ¢3s(X) hi(X) ho(X) hs(X)
Yo 1.00 097 097 097 -0.11 -0.04 -0.04 0.99 0.96 0.93 0.47 -0.12 -0.13 -0.10
i 0.97 1.00 1.00 1.00 0.13 0.19 0.19 0.97 0.97 0.93 0.48 0.12 0.09 0.09
Y, 0.97 1.00 1.00 1.00 0.14 0.20 0.20 0.96 0.97 0.92 0.48 0.13 0.10 0.10
Y3 0.97 1.00 1.00 1.00 0.14 0.20 0.20 0.96 0.97 0.92 0.48 0.13 0.10 0.10

Y1 —Y,|-0.11 0.13 0.14 0.14 1.00 0.96 0.96 -0.10  0.07 0.01 0.03 0.99 0.90 0.80

Yo—-Y, | -0.04 0.19 0.20 0.20 0.96 1.00 1.00 -0.03  0.12 0.06 0.06 0.94 0.90 0.81

Y;—Y5|-0.04 0.19 0.20 0.20 0.96 1.00 1.00 -0.03  0.12 0.06 0.06 0.95 0.90 0.81

g(X) [ 099 097 096 0.96 -0.10 -0.03 -0.03 1.00 09 093 048 -0.11 -0.12 -0.09
g1(X) | 096 0.97 097 0.97 0.07 0.12 0.12 0.96 1.00 094 047 0.06 0.04 0.04
g2(X) | 093 093 092 0.92 0.01 0.06 0.06 093 094 1.00 047 -0.00 -0.03 -0.02
g3(X) | 047 0.48 048 048 0.03 0.06 0.06 048 047 047  1.00 0.03 0.01 0.02
h(X) |-0.12 0.12 0.13 0.13  0.99 0.94 0.95 -0.11  0.06  -0.00 0.03 1.00 0.91 0.80
ho(X) [-0.13 0.09 0.10 0.10 0.90 0.90 0.90 -0.12 0.04 -0.03 0.01 0.91 1.00 0.80
h3(X) |-0.10 0.09 0.10 0.10 0.80 0.81 0.81 -0.09  0.04 -0.02 0.02 0.80 0.80 1.00

per unit cost can be compared directly through S%. We observe that the variance of the
MLMC-MLCYV estimator is significantly reduced compared to that of the MLMC estimator,
by about 98.6%, resulting in a reduction in standard deviation of about 88%. Again, this is
well reflected in fig. 2a.

These first results from fig. 2a highlight the interest of multilevel control variates, be it
with the MLMC-MLCYV estimator or simply with the MLCV one. These results suppose that
the PC models are not built specifically for the study, so that the budget does not include
the number of f3-equivalent simulations required for their construction. Figure 2b illustrates
the alternative case where the cost of the surrogate based CV estimators includes the cost of
constructing the surrogates. As a result, an additional budget of CP°F = 400 (see section 4.2),
is allocated to the construction of the PC models. As was the case for the single-level PC-
based CV estimators, this results in an offset of 400 in the total cost of the MLCV and
MLMC-MLCV estimators. The effect is especially noticeable when the construction budget
larger than the estimation budget, i.e. for C € {100;300}. For a sampling cost of 100, i.e.
a total evaluation cost of 500, the MLCV estimator is still slightly more accurate than the
MLMC estimator, while the MLMC-MLCV estimator still largely outperforms both.

4.3.3 Variants of MLMC-based CV estimators

The discussion about the surrogate construction budget prompts us to investigate variants of
MLMC-MLCV using fewer surrogates, in order to reduce the total evaluation cost for limited
budgets. The MLMC-CV estimator is described in section 3.2.2, while the variants MLMC-
CV[0] and MLMC-MLCV][0] of MLMC-CV and MLMC-MLCV are introduced in table 1.
The MLMC-CV|[0] estimator only uses a control variate based on go, so that the construction
cost drops to CP°F = 100, while the MLMC-MLCV|[0] estimator uses control variates based on
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Table 8: Relevant quantities for the MLMC-based estimators, with n} and S} as defined
in eq. (60), and where V, and R? have been estimated using an independent sample of size
10 000.

0 0 1 2 3
V= VY, — Vo] 1.0850 x 10 5.9029 x 10> 1.0590  5.8160 x 102
MLMC 0 0 0 0
MLMC-CV 0.9838 0.9916  0.8224 0.6469
R? MLMC-MLCV 0.9840 0.9920  0.9173 0.9202
MLMC-CVI[0] 0.9838 0 0 0
MLMC-MLCV[0]  0.9840 0.9916  0.8992 0.9027
MLMC 69.63 % 2813 %  1.68 % 0.56 %
s MLMC-CV 71.00 % 20.66 % 5.69 % 2.66 %
ni—tT 2L MLMC-MLCV 73.66 % 2097 %  4.05% 1.32 %
¢ MLMC-CV[0] 22.59 % 7169 % 429 % 1.42 %
MLMC-MLCV[0] ~ 72.84 % 21.30 % 442 % 1.44 %
MLMC 1356.31 2673.54 276649  2797.65
MLMC-CV 21.99 36.64 41.33 43.62
S? MLMC-MLCV 21.72 35.85 38.99 40.04
MLMC-CVI[0] 21.99 382.87  418.54 430.71
MLMC-MLCV[0] ~ 21.76 36.35 39.84 41.01

g0, g1 and hy, so that the construction cost drops to CP°F = 200. The MLMC-CV estimator
uses control variates based on surrogates at all levels, so that the construction cost remains
CP°E = 400.

Figure 3a shows that MLMC-CV|0] has much higher RMSE than the other variants,
resulting from the fact that it only reduces the variance associated with the coarsest level
of the MLMC estimator. This behavior is consistent with the quantities of table 8. In
particular, the value of % is about 10 times higher than for the other variants, accounting
for its RMSE being about 3 times higher than for the other variants. The remaining variants
have similar performances regardless of the estimation budget, which is consistent with the
S? values given in table 8. On the other hand, when considering the construction cost of
the surrogates, fig. 3b shows that MLMC-MLCV|0] performs best, as it uses only surrogate
models related to the two coarsest levels, namely gg, g1 and hy, so that the construction
cost is reduced. Furthermore, these surrogates have excellent Q?, and they are such that
go(X) is highly correlated with Y, ¢;(X) is highly correlated with Y3, and h;(X) is highly
correlated with Y; — Yy, Y5 — Y] and Y3 — Y;. Namely, the associated Pearson correlation
coefficients reported in table 7 are all at least 0.94. Therefore, should one have to build the
surrogates specifically for the CV estimation of a statistic, it is more advantageous to adopt
the MLMC-MLCV/|0] variant over the others. In our case, the construction budget is divided
by two compared to MLMC-MLCV and MLMC-CV, for a similar performance in terms of
RMSE.
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(a) The evaluation cost does not include the cost (b) The evaluation cost includes the cost of con-
of construction of the surrogate models. struction of the surrogate models.

Figure 3: Convergence comparison of the MLMC-MLCV, MLMC-CV, MLMC-MLCV|0], and
MLMC-CV|0] estimators of 0 = E[f3(X)] (see eq. (75)) with respect to the sampling budget
C € {100;300;1000;3000; 10000} of f3 evaluations. The surrogates used for the MLMC-
based estimators are described in table 4. The RMSEs are computed using 500 replicates.

4.3.4 Budget allocation

Lastly, fig. 4a shows the number n, of evaluations for each of the L + 1 correction levels of
the MLMC-* telescopic sum. Precisely, ng is the number of evaluations of fy, while n, is
the number of evaluations of f, — f,_1, for £ > 0. We observe a typical sample allocation
for MLMC-like estimators in ideal cases, that is, many coarse evaluations, and fewer and
fewer fine evaluations. The MLMC-CV|0] estimator slightly deviates from this pattern, with
ny ~ ng, which can be explained by the fact that V; ~ 590 is of the same order of magnitude
as (1 — R%)Vy & 176. Figure 4b depicts the share of overall sampling cost associated with the
different correction levels. Specifically, noCoC™"' is the share of sampling budget dedicated
to evaluating fy, and ny(Cy + C,_1)C~! is the share dedicated to evaluating f, — f,_1, for
¢ > 0. We see that, except for MLMC-CV/[0] for the reasons explained above, most of the
sampling budget (around 70%) is allocated to the coarsest level, and most of the remaining
budget is dedicated to correction level £ = 1. We note that the CV-based MLMC estimators
dedicate slightly more budget to levels 2 and 3 than for the standard MLMC estimator. The
sampling budget shares of fig. 4b are consistent with the theoretical optimal shared reported
in table 8, including those of the MLMC-CV|0] estimator. This suggests that the sample
allocation resulting from algorithm 1 seems to converge to the theoretical optimal sample
allocation eq. (60).

5 Conclusions

In this paper, we proposed multilevel variance reduction strategies relying on surrogate-
based control variates. On the one hand, using specific surrogate models, such as polynomial
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Figure 4: Comparison of the sample allocation and associate computational cost across the
correction levels for the MLMC-based estimators of § = E[f3(X)] (see eq. (75)), with an
estimation budget of C = 10000.

chaos expansions or Taylor polynomial expansions, allows to directly access exact statistics
(mean, variance) of the control variates. Even if these exactly statistics are not directly
accessible (e.g., when using GPs), they can be estimated very accurately at negligible cost.
This contrasts with typical control variates relying on lower-fidelity models based on mod-
els/simulators with degraded physics or coarser discretizations, for which approximate con-
trol variate strategies need to be devised, resulting in a lower variance reduction. On the
other hand, when multiple levels of fidelities (e.g., based on the discretization) with a clear
cost/accuracy hierarchy are available, the surrogate-based control variate approach can be
efficiently combined with multilevel strategies. The first strategy, MLCV, simply consists in
using multiple control variates based on surrogate models of the simulators corresponding to
the different levels. The main advantage is that the surrogate models corresponding to coarse
levels may be constructed using larger sample sizes than for the finest level, resulting in a
more accurate surrogate model (i.e., with lower model error). This strategy thus leads to a
greater variance reduction compared to only using one surrogate model based on the finest
level. This is supported by the numerical experiments we conducted, as well as by the the-
oretical variance reduction provided by proposition 1. The second strategy, MLMC-MLCV,
allows to further improve the variance reduction by combining the surrogate-based control
variates with an MLMC strategy. The most appropriate way to construct and utilize the sur-
rogate models is, however, not straightforward, and was discussed in detail in sections 3.2.2
and 3.2.3. The additional variance reduction as compared to plain MLMC is demonstrated
in our numerical experiments and supported by the theoretical variance reduction factor
eq. (51) derived in section 3.2.3.

The construction cost of the surrogate models was discussed from two perspectives. When
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the surrogate models are constructed for the sole purpose of serving for the control variate
estimation, then the cost of their construction must be taken into account for fair compari-
son with other approaches. In such a case, it may not be optimal, in terms of cost/accuracy
tradeoff, to construct surrogate models on all levels, especially when only a limited budget
is available. In particular, using a subset of surrogate models based on the coarser levels
may already lead to considerable variance reduction, provided that the outputs of the coarse
surrogate models are sufficiently correlated with that of the high-fidelity simulator. Then,
considering additional surrogate models on finer levels might only result in marginal improve-
ment, at the expense of a significant computational cost. On the contrary, if the surrogate
models have already been constructed for other purposes, and are, in some sense, available
“for free,” then their construction cost need not be considered, and the entire set of surrogate
models may then be used.

From the former perspective, that is when the cost of the surrogate construction is con-
sidered as part of the estimation cost, one may devise more involved strategies seeking to
optimize the tradeoff between the construction cost and the model error, directly impacting
the projected variance reduction. For instance, in the context of polynomial chaos surrogate
models, the truncation strategy may be controlled to this end, as proposed in a stochastic
Galerkin framework in [56|, where the total polynomial degree is optimized alongside the
sample size and the CV parameter to minimize the PC-based CV estimator’s variance under
a cost constraint. Another avenue to improve the proposed approach would be to replace
the MLMC part of the MLMC-MLCV strategy by a more efficient multilevel approach, such
as the multilevel best linear unbiased estimator (MLBLUE) [48, 49, 47]. In particular, an
MLBLUE-MLCYV strategy should be more efficient when a collection of low-fidelity simula-
tors (e.g., with degraded physics) with no clear cost/accuracy hierarchy is available. Finally,
although the proposed approaches apply to the estimation of arbitrary statistics, they were
only tested here on the estimation of expected values. The theoretical and algorithmic in-
gredients for the estimation of variances are, however, described in this paper and may be
tested in follow-up investigations and numerical experiments. Specifically, the multifidelity
estimation of variance-based sensitivity indices is of particular interest to our team.
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A Optimal parameter for expectation and variance CV
estimators

We derive here the expression of the optimal CV parameter a* for the CV estimators of
the expectation and of the variance. We define Y = f(X), Zn = gn(X) and Z = (Z,,)M

m=1"
Then, given an input n-sample {X®}"  we define Y = f(X®), Z9 = Gm(X@) and
260 = (Z),.

A.1 CV estimator of the expectation
For the expectation, we have 3 = C[E[Z]] and ¢ = C[E[Y], E[Z]], i.e

[X]m = ClE[Zn], E[Z n? Z C129, 29 = n'C|Zm, Zuw), (78)

i,0=1

[c]m = CIE[Y], E[Z n=2 Z Cly = n~'C[Y, Z,), (79)

7,7=1
so that ¥ = n"'C[Z], c = n~'C[Y, Z], and, eventually,
ot = C[Z]"'ClY, Z]. (80)
Furthermore, we have V[E[Y]] = n~'V[Y], so that

C[Y, Z]'C[Z]"'C[Y, Z]
VY]

R2 = = r{@zRier,Z; (81)

where
ryz = (V[Y|Dz)"V2C[Y,Z], Ryz=D,"’C[ZD,"?, Dz =Diag(C[Z]). (82)

Thus, R?* € [0,1] corresponds to the squared coefficient of multiple correlation between Y
and the control variates Z1, ..., Zy.

A.2 CV estimator of the variance

Similarly, for the variance, we have ¥ = C[V[Z]] and ¢ = C[V[Y], V[Z]]. We start by deriving
useful identities. In what follows, for any random variable A, we denote the corresponding
centered variable by A := A — E[A] First, we remark that V[A] V[A], so that, for any two
random variables Y and Z,

A ~ — —

CVY],V[Z]] = EV[YIV[Z]] - V[Y]V[Z]. (83)
Furthermore, it can be shown that

— - n

mﬂwmm—(

n— 1)2 (@Y, 2) +bu(Y, 2) = ea(Y, Z) = ea(Z2,Y)) - (84)
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with (see proof below)

(V. 2) = BT EZP] = D) 0" ey 21 = (2.1,
oY, Z) = E|B[Y?E[Z]Y] = a"(i’ 2 _ cn(Z,7)
We thus have
CY, V(z]] = %C[YQ,Zz] + n(nQ_ O 2,
VIVIY]) = SV VY] = JVIF) + eV
eventually leading to
==l - ¢ (€27 + 2cE)),
c=C[V[Y],V[Z]] = - (@[W, 7% + %C[Y, Z]GQ) :
s that
at = {(C[Z@Q] +— (C[Z]m] h [@[YQ, Z7] + —ClY, Z]“} ,
; [@[Y?, 77 + 2y, z1®2] o
E VIV 4 VY]

As n — oo, we see that
o — C[Z?]7'C[Y?, 277
R? — V[Y?7IC[Y?, Z°°"C[Z°%]'C[Y?, Z2%%) = r] ;R 'rvz =: R,

where

ryz = (V[YQ]DZ)_1/2C[Y2, 2@2]’ Ry, — DEI/Q(C[Z@]D;/Q,

(85)
(86)

(87)

(88)

(89)

(96)

with Dy = Diag(C[Z®?]). Thus, RZ € [0,1] corresponds to the squared coefficient of

multiple correlation between Y? and Z%, ..., Z2,.

We now proceed to the proof of identities egs. (85) to (87). First, for eq. (85), by definition

(¥, 2) = B[S, (VO S0, (2007 = o S0, B{(VO)(200)7).

We distinguish two (disjoint) cases:

(97)



1. i=j: E(Y)2(ZW)?2] = B[(Y®)2(Z0)2] = E[Y222] = C[Y?, Z2] + V[Y]V[Z]. There

are n such terms in the sum.

2.1 # j: BE[(YD)2(Z20)2] = E[(YO)YE[(ZY)?] = E[Y?E[Z? = V[Y]V[Z]. There are
n(n — 1) such terms in the sum.

Then eq. (85) follows. For eq. (86),
b (¥ 2) = E[(SIL, TR, Z07] = 5 50, L BPOTOZ020) (08)

We distinguish five (disjoint) cases:
l.i=j=Fk=~¢ EYOYOWz®ZO] = E[(Y®)2(ZW)?] = E[Y2Z?% = C[Y? 72 +
V[Y]V[Z]. There are n such terms in the sum.

2.i=j# k=10 EYOYWZ®ZO] = E[(YO)E[(ZW)?] = E[YYE[Z2] = V[Y]V[Z].
There are n(n — 1) such terms in the sum.

3.i=k#j=1( EYOYOZ®WZO) = EYOZOIEYWZW] = E[YZ)? = C|Y, Z)%
There are n(n — 1) such terms in the sum.

4.0 =10 #j =k E[YOYOz®zO] = EYOZOE[YWZW] = E[YZ)? = C[Y, Z)%.
There are n(n — 1) such terms in the sum.

5. All remaining cases (at least one of the indices i, j, k, £ is different from all the others):
E[Y @Y Z® ZO] = 0.

Then eq. (86) follows. Finally, for eq. (87),

1
n3

en(Y, 2)E[(L, (YO)) (0, Z29)°]) = — 300 BI(Y )220 20], (99)

We distinguish three (disjoint) cases:

Li=j=k E(YD)2ZWZ®] =E[(YD)2(Z®)?] = E[Y2Z?] = M[Y, Z]. There are n
such terms in the sum.

2. i#j =k E[(Y®)2ZWZ®] = E[(YO)E[(ZW)?] = E[Y?|E[Z?] = V[Y]V[Z]. There
are n(n — 1) such terms in the sum.

3. All remaining cases (at least one of the indices j, k is different from all the others):
E[(Y )220 Z2*#)] = 0.

Then eq. (87) follows.

Remark 4. When the expected value p, of Z is known, as is the case when defining Z from
the prediction of certain surrogate models, such as PC exansion and Taylor polynomials (and,
in some instances, GPs, see section 2.4.1), it is possible to replace V|Z] with E[Z%?]. The
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derivation of the optimal C'V parameter is somewhat easier and leads to similar results as in
the unknown expectation case. Specifically,

(Sl = CIE[Z2], E[Z2,]] = Cln ' S0 (Z3)? n VS0 (287 (100)
=025 CUZW)2 (Z9)2]) = n 2 S0 CUZW)2, (Z0)?) (101)
=n"'C[Z2,Z2)], (102)

i.e. ¥ =n"'C[Z%?]. Regarding the vector of covariances c,

[cln = CIV[Y], E[Z2]] = EVIV]E[Z2]] - VIYIV[Z,] (103)
= " (B[E[?EZ2)] - BIEVPEIZE]) - VIVIVIZ,) (104)
= - [V, Zn) = en(Zm, ) = VIVIVIZi] = (Y, Zin) = VIYIV[Z,,] - (105)
—n'C[Y?, 22), (106)

i.e. ¢ =n 1C[Y? Z%?], so that

o = C[Z°Y'C[V?, 797, (107)
Y2 7021792~ 1C[Y2. ZO2
R2 — C[ ) _] C[ 2] C[ ) ] R Rﬁm, (108)
VY2 + — VY] e

with the same definitions as in eq. (95).

B Optimal MLMC-MLCYV variance estimator
The MLMC-MLCV variance estimator is given by eq. (45), with
"NV () = VO] — af(VO[Z] - 03), (109)

1"V (ew) = VO] = VO] - of[VOZ1] - VO[Z] — (07, — 03)], for £ > 1, (110)

where
Z=(Z,...,21) = (90(X), ..., 9.(X)), oz = V[Z], (111)
Zi. = (Z1,....71) = (q1(X), ..., qr(X)), 07, = V[Zy], (112)
Z=(Zo,.... Zr1) = (50(X), .-, §r1(X)), oy =V[Z], (113)
Ger = go— he, for £ > 0. (114)
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Furthermore, we assume that the expected values of the control variates are known, so that
we use the following variance estimators:

~ — ~

VOZ] = EO[Z%, VO[Z,) - VO[Z] = EO[Z92) — EO[Z°%] = EOZS? — 797, (115)
The optimal values o of the CV parameters are given by
o) =%,cy, Xy =C[Z%, co = C[Z®% Y, (116)
= Eg_lc@, Eg = C[Zgﬂ — i®2], Cyp = C[Z?Z - 2(92, }7@2 - }75%1]7 for ¢ > 0. (117)
Note that ¥, is the same for all £ > 0. For PC-based control variates, g,(X) = kaio 90,V (X)
4
and hy(X) = Zfio bekWi(X), letting P} := max(P}, Pf), we have

P!
g

Zg,1 = Zgg,lyk\lf]JX), Wlth géfl,k = gﬁ,k — [’Jg}k, fOl“ f = 1, Ce ,L, (118)
k=0

where g¢, := 0 for k& > P; and by := 0 for k£ > P{. Consequently,

E[Zi] = 90,0, E[Z;_1] = fle 1,05 (119)

Py
o = Zgim Zé 1] de Lk (120)
k=1

Furthermore,
Pm Pm
= Z Z Om.iOm. O qOms +(Pijgr — 0ij0qr), for mym' =0,... L, (121)
i,5=1q,r=1
where ®;;,, 1= E[U;(X)¥;(X)¥,(X)V,(X)] are the entries of the fourth-order Galerkin prod-

uct tensor, which is a well-known object in stochastic Galerkin methods [20, 32|, and d;
denotes the Kronecker delta. Besides, noticing that Z7* — 7% = (Zy, — 2) @ (Z1. + Z) =
W O (Zy. + Z), with W = W — uy and the definitions in eq. (55), we have

[Eé]mmn/ = Am,m’ + By + Cm,m’ + Chym, for £,m, m =1,...,L, (122)
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where

At = CIW, Zoy, Wo Zit] (123)
pm pmopm’ pm’

- ZZZZ hngm]bm qgm r( ijqr — 5 5q7’) (124)

i=1 j=1 g=1 r=1

B = C[WinZont, Wont Z 1] (125)

Pm Pm Pm/ Pm/

:ZZZthzgm 1jbm qgm’ 17’( zjqr_(S 67~) (126)

i=1 j=1 gq=1 r=1

Om,m’ - C[Wmém—h Wm’Zm’] (127)

Pm P’m Pm' Pm/

— ZZZthzgm 1i0ms g 8ms i (Pijgr — 0450r).- (128)

i=1 j=1 g=1 r=1

C Taylor surrogate for the numerical test case

In our example, f; is only differentiable in [—, 7] X [Vin, Vmax] X ([=1,0) U (0,1])3. Conse-
quently, the Taylor polynomial surrogate cannot be used directly as defined in (17) and (18),
because the Jacobian and Hessian matrices are not defined at px. Instead, we define the
first-order Taylor surrogate as

fe(X) = g1 (X) = folpx) + dez px; X), (129)
. T . o 6f€ .
where, for i = 1,...,4, g,/ (ux; X) = (X; — ,uXZ.)aX (ux), and, for i =5,....7,
(Ofe
- #0
aXZ (MX)? Hx; % )
af
lim , - ==(pkx), px, =0,X; <0,
g (x; X) = (X; — py,) x § - HxTH ‘gjfi (130)
. ¢
hmu’x%ui&ﬁ a_)(z(NIX)’ Mx, = 0,)(Z > O,
L0 px;, = X; =0,
where ué’(oi = (fxys - s fixs 1, 05 fixy 0 - - oy fix, ), which is now well-defined.

With our choice of distributions for X given in (72), we have pux = (0,0,0,0.005,0,0,0),
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and the first-order Taylor surrogate is defined by (129), with

K Ny
91 (px: X) = TX1 Y Bi(T; px) Y w;sin(krr;) Fo(xy), (131)
k=1 7j=1
93 (px; X) =0, (132)
903 (x; X) =0, (133)
K Ny
904 (px; X) = —(Xy — 0.005)7°T >~ k” exp(—0.005k°7T) Ay (px) > wysin(kma;), (134)
k=1 j=1
K Ny
9,4 (i X) = 400(X5] Y Bi(T; px) > wysin(kma;) Fi(x;), (135)
k=1 j=1
K Ny
904 (px; X) = 400| X6| Y~ BL(T; p) > wysin(kma;) Fi (), (136)
k=1 j=1
K Ny
904 (px; X) = 4001 X7| Y~ BU(T; px) > wy sin(kma;) Fi (). (137)
k=1 j=1

Because of the piecewise definition of ggl, the identity E[ggl (X)] = fi(px) for a regular

first-order Taylor surrogate no longer holds. Instead, we have

K N,
Elg; (X)) = felbx) + 600 Y B(T; px) Y wysin(kma;) Fi(z;). (138)
k=1 j=1
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