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Abstract. In this work, we propose a framework that combines approximation-theory-based
multifidelity method and Gaussian-process-regression-based multifidelity method to achieve data-
model convergence when stochastic simulation models and sparse accurate observation data are
available. Specifically, the two types of multifidelity methods we use are the bifidelity method and
the CoKriging method. The new approach uses bifidelity method to efficiently estimate the empirical
mean and covariance of the stochastic simulation outputs, then it uses these statistics to construct
Gaussian process (GP) representing low-fidelity in CoKriging. We also combine the bifidelity method
with Kriging, where the approximated empirical statistics are used to construct the GP as well.
We prove that the resulting posterior mean by the new physics-informed approach preserves linear
physical constraints up to an error bound. We present numerical examples to demonstrate that using
this method, we can obtain accurate construction of the state of interest based on partially a correct
physical model and a few accurate observations.

Key words. : physics-informed, Gaussian process regression, CoKriging, multifidelity, bifidelity,
error bound.
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1 Introduction Gaussian process (GP), a widely used tool in statistics, and
machine learning [7, 37, 40], has become popular in probabilistic scientific computing.
GP regression (GPR), also known as Kriging in geostatistics, constructs a statistical
model of a partially observed process by assuming that its observations are a real-
ization of a GP. A GP is uniquely described by its mean and covariance function
(also known as kernel). Its variant, CoKriging, was originally formulated to compute
predictions of sparsely observed states of physical systems by leveraging observations
of other states or parameters of the system [39, 18]. Recently, it has been employed
for constructing multiffidelity models [16, 22, 34], and has been applied in various
fields, e.g., [21, 1, 30]. In widely used stationary Kriging/CoKriging method, usually
parameterized forms of mean and covariance functions are assumed, and the hyper-
parameters of these functions (e.g., variance and correlation length) are estimated by
maximizing the log marginal likelihood.

Recently a new framework, physics-informed Kriging (PhIK)/physics-informed
CoKriging (CoPhIK), was developed for the applications where partially correct phys-
ical models along with sparse observation data are available [49, 46]. These physical
models are constructed based on domain knowledge, and they include random vari-
ables or random fields to represent the lack of knowledge (e.g., unknown physical
law, uncertain parameters, etc). The PhIK/CoPhIK framework combines the realiza-
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tions of the stochastic physical model with the observation data to provide accurate
reconstruct of the state of interest on the entire computational domain. These realiza-
tions are then used to approximate mean and covariance in the PhIK/CoPhIK frame-
work. The most popular approach of obtaining model realizations is the Monte Carlo
(MC) simulation. Other options to estimate mean and covariance include quasi-Monte
Carlo [29], probabilistic collocation [42, 45], Analysis Of Variance (ANOVA) [24, 47],
compressive sensing [4, 48], the moment equation method [41].

It is worthy to note that, the aforementioned approaches rely on single fidelity
solver. For large scale applications, the computational cost can still be prohibitive
if a large number of samples are required. In many practical problems, low-fidelity
models for the underlying problem are often available, and it is much inexpensive to
obtain the realizations of these models. Even though their accuracy is not high, they
can still capture some important physics of the underlying models with low compu-
tational cost. Therefore, it is highly desirable to utilize the computational efficiency
of low-fidelity models to reduce the overall computational cost. Many multifidelity
algorithms have been developed based on different principles in different contexts.
These include (a) multi-level Monte Carlo (MLMC) [10, 2], which is already used
in PhIK and CoPhIK to reduce the computational cost [49, 46]; (b) meta-models
through GP, i.e., CoKriging [16, 43, 33]; (¢) variance reduced based approaches, i.e.,
control-variate based approach [32], importance sampling [31]; (d) model discrepancy
based approaches [28, 5]. Another trend in the context of uncertainty quantification is
to explore the parameter space by a large number of low-fidelity samples and identify
a small set of important basis, then learn the “best” approximation rule of the target
high-fidelity solution or its statistics based on the selected basis [27, 51, 50, 6]. Pre-
vious works demonstrated its potential to significantly reduce the computational cost
for various applications by utilizing O(10) high-fidelity simulations, including com-
bustion modeling [26], orbit-state uncertainty propagation [14], molecular dynamics
simulations [36], turbulence modeling [13], to name a few.

In this work, we propose to employ the multifidelity approaches presented in [27,
51] to reduce the computational cost of PhIK and CoPhIK by reducing the number
of high-fidelity /high-resolution simulations. For demonstration purpose, we consider
bifidelity model in this work, and the proposed framework can be implemented in
multifidelity (more than two fidelity) models. Besides, we also establish an analysis
framework for BiPhiK and CoBiPhiK, which is not only applicable to Monte Carlo
based methods to compute GP moments, but also other sampling-based methods.

2 Methodology This section begins by reviewing the general GPR framework
[44], the Kriging and CoKriging methods with stationary kernel [7], the PhIK [49]
and CoPhIK [46] methods and the bifidelity approach [51]. Then, we introduce the
bifidelity-aided PhIK and CoPhIK methods.

2.1 GPR framework We denote the observation locations as X = {z(1Y
() are d-dimensional vectors in D C R%) and the observed state values at these
locations as y = (™M, y@, ...,y T (y( € R). For simplicity, we assume that y(*
are scalars. We aim to predict y at any new location * € D. The GPR method
assumes that the observation vector y is a realization of the following N-dimensional
random vector that satisfies multivariate Gaussian distribution:

Y = (Y®).y@®)....v")
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where Y (z(?)) is the concise notation of Y (z(?;w), and Y (2(?;w) is a Gaussian ran-
dom variable defined on a probability space (2, F, P) with w € Q. Of note, (@ can be
considered as parameters for the GP Y (+,-) : D x Q — R, such that Y(z®,.): Q — R
is a Gaussian random variable for any () in the set D. Usually, the GP Y () is
denoted as

Y(x) ~ GP (u(x), k(z, x')) , (2.1)

where u(-) : D — R and k(+,-) : D x D — R are the mean and covariance functions:

plx) =E{Y(2)}, -
k(z, @) = Cov{Y (z),Y(z')} = E{(Y(2) — p(a))(Y (') — u(z))} . (2.3)

The variance of Y () is k(x, ), and its standard deviation is o(x) = \/k(x, ). The
covariance matrix of random vector Y, denoted as C, is defined as C;; = E(z®, xl )).
Functions p(x) and k(x,x’) are obtained by identifying their hyperparameters via
maximizing the log marginal likelihood [44]:

1 1 N
InL = fi(yfu)TCfl(yfu)f §1n|C|751n27r, (2.4)
where g = (u(x™),..., ™)) T, The result of GPR is a posterior distribution y(2*) ~
N(§(x*), 8%(x*)) for any =* € D, where
(@) = p(x*) + c(z) ' C7 (y — p), (2.5)
§(x*) = o?(z*) — c(z*) T Cle(x”), (2.6)

and c(x*) is a vector of covariance, i.e., (c(z*)); = k(x®,z*). In practice, it is
common to use §(x*) as the prediction, and §%(z*) is also called mean squared error
(MSE) of the prediction because §?(z*) = E {(§(x*) — Y (x*))?} [7]. Consequently,
§(x*) is the root mean squared error (RMSE). Moreover, to account for the observa-
tion noise, one can assume that the noise is independent and identically distributed
(ii.d.) Gaussian random variables with zero mean and variance 62, and replace C
with C + 62I. In this study, we assume that observations y are noiseless. If C is not
invertible or its condition number is very large, one can add a small regularization
term al (« is a small positive real number) to C, which is equivalent to assuming
there is an observation noise. In addition, § can be used in global optimization, or
in the greedy algorithm to identify locations of additional observations. Specifically,
in the greedy algorithm, the new observations can be added at the maxima of 3, see
Appendix A for details.

2.2 Kriging and CoKriging with stationary kernel In the widely used
ordinary Kriging method, a stationary GP is assumed [17]. Specifically, u is set as a
constant pu(x) = p, and k(z,z’) = k(T), where 7 = & — x’. Consequently, o?(z) =
k(x,x) = k(0) = 02 is a constant. Popular forms of kernels include polynomial,
exponential, Gaussian (squared-exponential), and Matérn functions. For example, the

Gaussian kernel can be written as k(1) = 02 exp (—3|l@ — @'||), where the weighted
d N
. T — X . .
norm is defined as ||z —2'||2, = Z (111) . Here, l; (i =1,...,d), the correlation
i=1 i
lengths of y in the ¢ direction, are constants. In practice, the kernel are selected based
on the properties of the system, such as regularity, periodicity, boundary condition.
Given a stationary covariance function, the covariance matrix C of Y can be written
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as C = 0?0, where U;; = exp(—3[z® — z9|2). In the MLE framework, the
estimators of 4 and o2, denoted as ji and 62, are

1T 1y o (=1 (y —1p)

P S— p— 2.
e ¢ N ’ (2.7)

=

where 1 is a constant vector consists of 1 [7]. The hyperparameters o and [; are
estimated by maximizing the log marginal likelihood Eq. (2.4). The §(x*) and 3*(x*)
in Eq. (2.5) take the following form:

g@) =i+ Ty - 14),
F2a)=6>(1—-y T 1), (2.9)

where ¢ = p(a*) is a vector of correlations between the observed data and the
prediction, i.e., 1¥; = %k(w(”,w*).
Next, we briefly review the formulation of CoKriging for two-level multifidelity

modeling. Suppose that we have high-fidelity data (e.g., accurate measurements
T N Ny

of states) yg = (yg), .. 7y§—[NH)) at locations Xg = {a:%)} , and low-fidelity

i=1

. : e (N - RO G

data (e.g., simulation results) yr, = (y;”,..., vy at locations Xy = { x| ,

i=1

where yg),y(ﬁ) € R and a:%),m(g) € D C R% We denote X = {X,Xg} and
. T
y=(yl.vh) -

Kennedy and O’Hagan [16] proposed a multifidelity formulation based on the

auto-regressive model for GP Yy (~ GP(uu(+), kg (-, -))):

Yi(z) = pYr(x) + Ya(x), (2.10)

where Y7,() (~ GP(ur(-),kr(+,+))) regresses the low-fidelity data, p € R is a regression
parameter and Yy(+) (~ GP(pa(), ka(+,)) models the difference between Yy and pY7..
This model assumes that

Cov{Yy(z), Y (z') | Yr(x)} =0, forall z'#x, z,a' €D. (2.11)
The covariance of observations, (~3, is then given by

G- ( Cr(Xr,X1) pCrL(Xr, Xn) > (2.12)
pCL(Xy,X1) p?°Cr(Xy,Xu)+Cu(Xu, Xn)

where Cp and C, are the covariance matrices computed from kr(-,-) and kq(-,-),
respectively. One can assume parameterized forms for these kernels (e.g., Gaussian
kernel) and employ the following two-step approach [8, 7] to identify hyperparameters:
1. Use kriging to construct Yy, using { X, yr}
2. Denote y4 = yu — pyr(Xu), where yr, (X g) are the values of y;, at locations
common to those of Xy, then construct Yy using {X g, yq} via kriging.
The posterior mean and variance of Yy at * € D are given by

§(@*) = pu () +é@) ' C @G — ), (2.13)
$ (@) = p*oi(@*) + oi(a") —é(@") '[C'e(="), (2.14)
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where pg(x*) = ppr(z*) + pa(x*), o (x*) =k, (x*, z*), o3(x*) = kq(x*, x*), and

233 (1)) X ("ELNL)))
<NH> ( ) . H(w Npg) )) ) ’ (2.15)

H

_ (pec(z”) (pk(a "”(Ll))» ,,,pk (z*, w(LNL)))
< > (( H(T” ’a_:(hlr)), kg (x* :I:gvH)))T ) (2.16)

where kg (x, ') = p*kr(x,2') + kq(x, ). Here, we have neglected a small contribu-
tion to 52 (see [7]). Alternatively, one can simultaneously identify hyperparameters in
kr(-,-) and kq4(-,-) along with p by maximizing the following log marginal likelihood:
WL =2 —) € — i) - 2tnje| - Ve
2.3 PhIK and CoPhIK The recently proposed PhIK method [49] takes ad-
vantage of the existing domain knowledge, e.g., approximate numerical or analytical
physics-based models, in the form of realizations of a stochastic model of the system.
Consequently, the mean and covariance of the GP model can be approximated using
these realizations. As such, there is no need to assume a specific form of the co-
variance function and solve an optimization problem for the hyperparameters. These
stochastic models typically include random parameters or random processes/fields to
reflect the lack of understanding (of physical laws) or knowledge (of the coefficients,
parameters, etc.) of the real system. Then, MC simulations can be conducted to
generate an ensemble of state of interest, from which the statistics, e.g., mean and
standard deviation, are estimated.
Specifically, assume that we have M realizations of a stochastic model u(x;w)
(x € D,w € Q) denoted as {u™(x)}*_,, and we can build the following GP model:

In 27. (2.17)

Y((L’) ~ gP(MMC(:B)’kMC(w’w,))’ (2'18)
where
1 M
W) ~ pme(x Zum
Mo o (2.19)
K@) ~ kol o) = T 3 (0™(@) ~ e(®)) (0™ (@) — pric()).

Thus, the covariance matrix of Y can be estimated as

M
1 T
C~Cyc = m—_ ™ 2.2
MC = 37 m§=1 (u™ — pnic) (W™ — pic) (2.20)
where u™ = (u™(zW), ..., um(w(N)))T, paic = (puc(z®), ... ,,uMc(a:(N)))T. The
prediction and MSE at location x* € D are

§(a*) = paic(a*) + emc (@) T Cye(y — puc), (2.21)
2(2%) = #%10(@") — evo(e”) T Cheno(a), (2.22)
where 63 (x*) = kmco(x*, @*) is the variance of data set {u™(z*)})_,, and

CMc(:L‘*) = (ko(m(l), .’B*), ey ko(:L‘(N), CC*))T
5



Similarly, the CoPhIK method uses model realizations to construct Yz, in CoK-
riging by setting pr () = pme(x) and ki (x, ) = kmce (e, ') to construct Yy, where
unmc and kye are given by Eq. (2.19). The GP model Yy is constructed using the
same approach as in the second step of the Kennedy and O’Hagan CoKriging frame-
work. We set yq = yu — pprr.(X ). The reason for this choice is that pr(Xp) is the
most probable observation of the GP Y. Next, we need to assume a specific form of
the kernel function. Without loss of generality, we use the stationary Gaussian kernel
model and constant pq. Once yq is computed, and the form of p4(-) and kq(-,-) are
decided, Yy can be constructed as in ordinary Kriging. Now that all components
of InL in Eq. (2.17) are specified except for the yr in y. Here we set X = Xp
to simplify the formula and computing, and denote N = Ny = Np. This assump-
tion follows the Markov property of the multifidelity random field in Kennedy and
O’Hagan’s framework, i.e., Cov{Yy(x),Y.(2")|YL(2)} = 0,2 € Xy, o' € X — X§g.
Finally, we set y as the realization from the ensemble {u™(x)}M_, that maximizes
InL. The algorithm is summarized in Algorithm 2.1.

Algorithm 2.1 CoPhIK using stochastic simulation model u(z;w) on D x Q (D C

R?), and high-fidelity observation yg = (yg), .y T at locations Xp = {:B(I? N

H

1: Conduct stochastic simulation, e.g., MC simulation, using u(x;w) to generate
realizations {u™(z)}M_, on the domain D.

2: Use PhIK to construct GP Yy on D x , ie., ur(-) = pme(-) and kp(-,-) =
kmc(s,+) in Eq. (2.19). Compute prp(Xpy) = (uL(mg)),...uL(m%\l)))T, and
CL(Xpy,Xpy) whose ij-th element is kL(m%),mg)). Set Cp(X,Xny) =
CL(Xpy,X)=Cr(Xuy,Xn) (because X, = Xy when identifying y;, in y).

3: Denote yq = yg — pur(X), choose a specific kernel function kq(+,-) (Gaussian
kernel in this work) for the GP Yy, and identify hyperparameters via maximizing
the log marginal likelihood Eq. (2.4), where y, u, C are specified as yq, tta, Ca,
respectively. Then construct g in Eq. (2.15), and C,; whose ij-th element is
ha(@yy, ).

4: Tterate over the set {u™(x)}M_, to identify w™(x) that maximizes InL in
Eq. (2.17), where yy, is set as (v (M), ..., u™ (™))" iny.

5. Compute the posterior mean using Eq. (2.13), and variance using Eq. (2.14) for

any * € D.

It was demonstrated that PhIK prediction on the entire domain D preserve the
linear physical constraints up to an error bound that relies on the numerical error,
the discrepancy between the physical model and real system and the smallest eigen-
value of matrix C [49]. For example, deterministic periodic, Dirichlet or Neumann
boundary condition can be preserved. Another type of example is the linear derivative
operator, e.g., Lu = V2u. If u satisfies V2u(z;w) = 0 for any w € , e.g., u is the ve-
locity potential, §(x) from PhIK also guarantees a divergence-free flow field. CoPhIK
has the potential to improve the accuracy of the prediction, namely, resulting in a
smaller discrepancy between posterior mean and the exact solution because CoPhIK
incorporates observations in constructing the GP model, while PhIK only uses model
simulations. On the other hand, CoPhIK result may violate some physical constraints
because of the choice of Yy kernel [46].

2.4 Bifidelity approximation



2.4.1 Algorithm We briefly describe the bifidelity method [27, 51, 50, 26].
We slightly modify the notation u(x;w) as u(z; z(w)) to denote the stochastic model
used in PhIK and CoPhIK. Here, z(w) is the finite-dimensional random variable or
field included in the model, and we denote it as z for simplicity. Subsequently, z"™ =
z(w™) is a sample z, and we assume that 2" € I, for any m. Let u7j(x) denote the
high-fidelity simulation result for u(x;z™), e.g., simulation using fine grids or high-
order scheme, and u7'(x) denote the low-fidelity simulation result for u(x;2™), e.g.,
simulation using coarse grids or low-order scheme. In PhIK, the mean and covariance
functions of GP Y (x) are approximated using v (x) (see Eq. (2.19)), which are v’} ()
in the bifidelity framework, and so as GP Yz (x) in the CoPhIK method. Now, we aim
to approximate these mean and covariance functions using a few ujy(x) and a large
number of of u7(x), as such to reduce the computational cost of model simulations.
More specifically, the bifidelity approach aims to approximate mean and covariance
functions in PhIK and CoPhIK functions using {u(x)}2#, along with {u7"(x)} Mz
where My <« My, and My, is M in the original PhIK and CoPhIK formulation.

For brevity, we denote u7*(z) and uf}(x) as u* and uf}, respectively. We also
assume that uj; € Vg and u}' € Vr, where Vg and V are Hilbert spaces with
inner product (-,) g and (-, )1, respectively. Given a collection of parametric sample
I'={z!,...,2Mc} C I, we introduce the following notations:

ur(T) = {u’,—f}%il , Ur(T) =spanur(T") = span {u}:, .. ,uﬁ/[L} ,
y Ny (2.23)
up (D) = {up e Uy(T) = spanug (T') = span {u;l N .,uHL} .

The procedure of bifidelity algorithm for estimating mean and covariance functions is
presented in Algorithm 2.2.

Algorithm 2.2 Bifidelity method computing mean and covariance functions in PhIK
and CoPhIK.
1: Conduct the low-fidelity simulations at the sample set I' to obtain realizations
2: Select a subset of samples v = {2",...,2"Mu } C T, where My < M.
3: Conduct the high-fidelity computations at the subset «v and obtain the high-fidelity

simulation samples, ur (v) = {uj, ., ujy™ }
4: Construct up(l) = {uk,...,ul*} based on ug(y).

5. Compute mean and covariance functions using up(T").

We detail the steps 2 and 4 in Algorithm 2.2 as follows [27, 51]. Let W be the
Gramian matrix of the low-fidelity simulations ur,(T'), i.e.,

wij = (up,u))p, 1<, < Mg (2.24)
Applying the pivoted Cholesky decomposition to the matrix W yields
W=P'LL'P, (2.25)

where L is lower-triangular and P is a permutation matrix due to pivoting. This
will produce an ordered permutation vector p = (iy,...,%p, ), from which we choose
the first My points to define v = {z%,...,2"n}. In practice, we can use a greedy
algorithm to identify . In each iteration, we find the next sample whose corresponding
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low-fidelity simulation is furthest to the space spanned by the existing low-fidelity
simulation set. Specifically, starting from a trivial initial choice v9 = 0, we let v, =
{#iy,-- -2, } C T be the k-point existing subset in I. We then find the (k + 1)-th
point by

ZH = argmax dist(ur (;2), UL(y))s  yan = U 24, (2.26)
ze

where, Ur(yx) = spanur () = span {u’ﬁ,,u%}, the distance function dist(g, G)
between the function ¢ € ur(T") and the space G C Up(T) follows the standard
definition. This greedy algorithm can be readily implemented via simple operations
of numerical linear algebra. More details and properties of the algorithm can be found
in [27, 51].

Once the steps 1-3 are accomplished in Algorithm 2.2, we have sample set I", low-
fidelity simulations ur,(I"), the subset samples v C I', and high-fidelity simulations
ug (). The next step is a lifting procedure: we use the best approximation rule
of uy, we learned on Vj, to construct an interpolation operator, then apply it to
Vy. Therefore, ur(y) = {uf,...,u;""} forms a linearly independent set. The
convergence of the bifidelity method with respect to My is investigated in [27]. In
this work, we set the threshold to be 1072 in the greedy algorithm presented in [51]
such that span ur, () is almost the same as span ur, ().

For any v € UL (T') C Vi, the projection of v on spanur(y) is

My
Prv = chuZLj. (2.27)
j=1

Then, we define the interpolation operator ZH (v, v) : V, — Ug(y) as
My
I (v,v) = Y cjufy, veVy, (2.28)
j=1

where Ug () = spanug (7). Subsequently, we construct up(T') as
uy =TI (y,ul), m=1,...,Mp. (2.29)

The mean and covariance in PhIK are approximated by replacing «™, where v = u'j,
in Eq. (2.19) with v}, and set M = M. The GP Y7, in CoPhIK is constructed in
the same manner. We name the bifidelity-based PhIK and CoPhIK as BiPhIK and
CoBiPhIK, respectively.

Here, we roughly compare the computational cost of constructing wy(I") and
up(T) for the sample set T" of size M. We denote the cost of obtaining one realization
of ug and uyp with Cy and Cp, respectively. Therefore, the total cost of obtaining
ug (') is M Cg. The computational costs of the pivot Cholesky decomposition and
the lifting procedure are negligible when the simulation model is complicated. Thus,

the total cost of obtaining up(T") is approximated My Cr, + MyCpg. Therefore, the

C, M
ratio of computational cost for obtaining up(I") and ug (T') is C—L + FH The speedup
H L

of bifidelity approximation over high-fidelity simulation on the data set I' can be
significant when C;, <« Cy and My < Mp.
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2.4.2 Numerical analysis Because v} in PhIK and CoPhIK are replaced
by v% in BiPhIK and CoBiPhIK, we present numerical analysis results to compare
the new method with the original approaches. Recalling that v™(x) in Eq. (2.19)
are uy(x) used in the bifidelity framework and M = My, we denote pnc(z) and
kmc(z, ') in this equation as pp(x) and ky(x,x’), respectively. Subsequently, we
denote the resulting posterior mean and variance as §g(z) and §%(x). Similarly,
when using bifidelity ensemble ug(I") to approximate mean and covariance functions
in Eq. (2.19), i.e. replacing u™(x) with u}(x), we denote these two functions as
pp(z) and kp(z, '), and the corresponding results as Jp(x) and §%(x). We use || - ||
to denote the norm induced from inner product (-,-)z in the Hilbert space Vg, and
introduce the following functions:

N

i (2.30)
JR— ’
on(@) = (M 5 3 (@) ~ () ) ,
and the following constants:
01 = SUP lug (x5 2) — up(x; 2)||,
zE z
0o = su}o lwm (2; 2) — up(x; 2)]| 0o,
zel,
1 M 3
m 2
o1 () = (M 5 3 (o)~ n (o) ) ,
3 (2.31)

1 M 2
oB = — UB Tr)— uplx 5
(r) (M > @) <>||>

N % N 2
Sy = (Z U%@(ﬂ))) . Sp= (Z g%(m(n))> ,
n=1 n=1

Ap =supog(x), Ap=supop(x).
xeD xeD

Here, functions oy (x) and op(x) depict the standard deviation of uy (I') and up(T")
at each . Constants §; and J, measures the discrepancy between uy (I') and ug(T")
using different norm. oy (T') and op(T") can be understood as “averaged standard
deviation” of ugy(T") and ug(T'), respectively. Sy and Sp can be viewed as “total
standard deviation” of ugy (I") and ug(T") at observation locations. Ay and Ap are
the upper bounds of the standard deviation of ug (I') and up(I") on the entire domain.
In this study, we assume that Cg and Cpy are invertible, and present the following
two theorems that describe the difference between the results by PhIK and BiPhIK.

THEOREM 2.1.

90 (z) — gp(2)|| < C1d1 + C202, (2.32)
9



where

MN
¢ =1 1250 €3 by - msl

_ 2M I
O =VNSuon(T) [Cx', {2 =1 S+ 5B)* 1CH [, Iy — 2 + 1}
MN B
+2 mah’(r) ||CBl||2 ly — sl -
(2.33)
THEOREM 2.2.
183 (@) — 83 (@) loc < Ca, (2:34)
where
2M
Cs =2 (A% + A%z

M -1 (2.35)
{1+~ (a31C 12 + VNALALICH 3+ ABICH 1) |

We present the proof of these two theorems in Appendix B. Here we provide an
intuitive interpretation for these theorems. Firstly, it is straightforward that the
difference between the results by PhIK and BiPhIK relies on the difference between
uy and upg. A better bifidelity approximation of the high-fidelity simulations will
render smaller difference. Further, constant C7, Cs and C3 depend on the variance of
the simulation ensemble such Sp, Sy, 0p,0n (which depend on the stochasticity of
the physical model), the discrepancy between the observation and the empirical mean
(which is the most probable realization of the constructed GP) of the simulations
ly — upll2. Therefore, a stochastic model with smaller variance in the simulations
ensemble and good approximation at observation locations will result in a smaller
difference. Another important factor is the minimum eigenvalue of Cy and Cg.
We note that (the reciprocal of) these eigenvalues may make the theoretical upper
bounds too large in many cases. This is because we use Cauchy-Schwarz inequality
and matrix perturbation results in the proof, and the equalities in these formule hold
only for special cases. Moreover, as we pointed out in Section 2.1, in many practical
cases, these matrices are not invertible or their condition numbers are large, and a
typical practice is to add to them a regularity term 62I(§ > 0). Then, the Ly norm of
the inverse of these matrices can be bounded by §=2, and so as the cases with noisy
observations, e.g., adding 621 to the covariance matrix to represent the i.i.d. Gaussian

Ml\f 7 is smaller than 2, and it is approximately
equal to 1 as we usually choose M ~ (O(100). In addition, these two theorems estimate
the difference between the posterior mean and variance by PhIK and BiPhIK instead
of comparing the reconstruction accuracy of PhIK and BiPhIK.

We also note that Theorem 2.2 uses the L, norm because the greedy algorithm
we use to add new observations is based on the maximum of §. The error estimate
in Ly norm can also be derived using the similar procedure in the proofs of Theo-
rems 2.2. Moreover, although we present upper bounds in terms of é; and dy (which
are adapted from [27]), the analysis is dependent on the mean and covariance func-
tions constructed by different methods. It is possible that in some cases, the pathwise
difference is large in different methods (i.e., d; and d5 are large), but the difference
between the mean and covariance functions are small.  Quantitative analysis for
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CoBiPhIK also dependent on the property of kernel function for Yy and the convexity
of the optimization, and it is not available at this time. Empirically, CoPhIK is more
sensitive to the difference between ug (I') and up(T).

The next two theorem describe how well a linear physical constraint is preserved
in BiPhIK and CoBiPhIK posterior mean.

THEOREM 2.3. Assume that || Lup(x; 2(w™)) — g(x)|| < € for any w™ € Q, where
L is a deterministic bounded linear operator, g(x) is a well-defined deterministic func-
tion on R, and ||-|| is the norm in V. Then, the posterior mean §p(x) from BiPhIK
satisfies

~ M -1
|£j5(x) — g(a)] <e{1 +2SH\/;HCH Iy 11y —“H“z} (2.36)

+ M (Ci61 + Ca62),

where M is the bound of L, Cy; and Cs are defined in Theorem 2.1.
Proof.

1£95(x) — g(@)|| =[L[gp(x) = Ju (@) + §u(2)] - g(2)]|
<|Lgn(x) — g(@)| + [|£(Gp(x) = gu(2))]]
=[1Lgu (x) — g(@)|| + Mc||gp () — gu (2)]|.

Theorem 2.1 presents the upper bound of ||§g(x) — g (x)||. The upper bound for
|£gr (x) — g(x)|| needs slightly modifying the proof of Theorem 2.1 in [49]. Specifi-
cally, by setting g(x;w) = g(x) the last line in that proof will be

N
ILiu(@) — g(@)] <e + 26,/ MZ‘{ - laalon(a™), (2.37)
n=1

where

N N 3 /N 3
S lanlon(@™) < ( ) (Z oz<w<n>>>
n=1 n=1

=1

=|CH (v — pu)ll28n < |Cx' ll2lly — pull2Sn. O

THEOREM 2.4. Assume that || Lup(x; 2(w™)) — g(x)|| < € for any w™ € Q, where
L is a deterministic bounded linear operator, g(x) is a well-defined deterministic func-

tion on R%, and || - || is the norm in V. Then, the posterior mean {p(x) from
CoBiPhIK, in which Yy, is constructed by up(T'), satisfies

N M _
1£95(2) = g(@)]| <pe + (1 = p)lg(@)] + 2609\ 57— 1C5 l2lyr — pesll2

N
11 £all +11C5 ellyn — pys — Tpalle Y [ Chat, =)
n=1

+ Mg(Ol(Sl + 0252),
(2.38)
where C1 and Cq are Cr(X 1, X1) and Cy(Xg, Xg) in Algorithm 2.1, respectively,
and My is the bound of L.
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Proof.
1£98(x) — g(@)|| < [|L9m(2) — g(x)|| + Mc|95(x) — gu (@),

where 7 () is the posterior mean by the original CoPhIK method, i.e., {u™(x)}M_,
is taken as ug(I') in Algorithm 2.1. Then similar to the proof in Theorem 2.4, we
set g(x;w) = g(x) and use Cauchy-Schwartz inequality to slightly modify the upper
bound estiamte of ZnN:1 |an|o g (™) in Theorem 2.2 in [46] to finish the proof. O

Remark: In Theorems 2.3 and 2.4 we use constants defined in Eq. (2.31) and
Theorem 2.1 to keep the notations consistent. An alternative form of the bound (not
presented in this work) can be derived based on the interpolation operator ZH (v, v)
in Eq. (2.28) following the proof of Theorem 2.1 in [49]. Moreover, in general, even
it Lup(x;2z(w™)) = g(x), there is no guarantee Lup(x;z(w™)) = g(x), because the
summation of ¢; in Zf!(y, v) may not be equal to 1. A special case is Lup (x; z(w™)) =
0 for any w™ € Q. In this scenario, Lug(x;z(w™)) = 0 for any w™ € , thus
Lijp(x) = 0 because of the linearity of L.

In summary, the upper bounds provided in this section rely on the variance of the
physical model simulations, the difference between observations and the GP mean,
and the minimum eigenvalue of covariance matrices (which can be bounded by the
magnitude of the additive regularity matrix for small condition number case or by the
magnitude of the observation noise in practical problems, see, e.g., [19]). Although
in many cases these bounds are conservative and sharper bounds requires further
investigation, they still provide an intuition of understanding the proposed algorithms.
Moreover, these analysis results provide a framework of analyzing physic-informed
GP with mean and covariance generated by different methods (e.g., the methods
we mentioned in the introduction), and the conclusions in this section can be easily
adapted to those cases.

3 Numerical examples We present three numerical examples to demonstrate
the performance of the proposed methods. The first two examples are drawn from the
previous examples in [46] to compare different methods, and they are two-dimensional
problems in physical space. We denote reference solution, a discretized two-dimensionalll
field, as matrix F, the reconstructed field (posterior mean) as F,.. We present the
RMSE 3§, difference F,, — F and relative error ||F,. —F| z/||F|7 (|| - || is the Frobenius
norm) to compare different methods. Moreover, we adaptively add new observations
at the maxima of § (see Appendix A) to numerically study the convergence with re-
spect to the number of observations. In the first two numerical examples, we use
Gaussian kernel in Kriging, CoPhIK and CoBiPhIK because it is a special case in the
widely used Matérn kernel family suitable for the relatively smooth field. In the third
numerical example, we use a periodic kernel in aligned with the periodic boundary
condition in the problem. All simulations were performed by MATLAB 2016b on a
MAC desktop with 4GHz Intel i7 CPU.

3.1 Branin function We consider the following modified Branin function [7]:
f(x) = a(y —bx* + cx —7)* + g(1 — p) cos(Z) + g + gz, (3.1)

where x = (z,v),

and



The contour of f and eight randomly chosen observation locations {(0.1,0.225),
(0.475,0.2), (0.625,0.5), (0.675,0.55), (0.7,0), (0.775,0.1), (0.8,0.9), (0.925,0.9) } are
presented in Fig. 3.1. The function f is evaluated on a 41 x 41 uniform grid.

300

Fic. 3.1. Contours of modified Branin function (on 41 X 41 uniform grids) and locations of
eight observations (black squares).

We assume that based on “domain knowledge”, f(x) is partially known. Specif-
ically, its form is known but the coefficients b and ¢ are unknown. Then, we treat
these coefficients as random fields b and G, and we also modify the second ¢ as g,
which indicates that the field f is described by a random function f :DxQ—R:

Fsw) = a(f — b w)® + e — 1)+ g(1 — p)eos(@) + 4 +d@mw)r,  (32)
where § = 20,
3
b w) = b{0.9 + % > {4@ L - sin((2i — 0.5)72)ai 1 ()
SR L] | NCE
1

3
i(x;w) = q{l.O + % Z {4@' — cos((2i — 1.5)72)¢ai 5 (w)

+ yE 1_ 1 cos((2i — 0.5)7Ty)§2,;+6(w)} }, (3.4)

and {&;(w)}12, arei.i.d. Gaussian random variables with zero mean and unit variance.
We use this “physical knowledge” to compute the mean and covariance function of
f by generating M = 300 samples of & (w) and evaluating f on the 21 x 21 uniform
grid for each sample of &;(w) to obtain realization ensemble ur(I'). My is chosen to
be 21 to construct v and subsequently evaluate f on 41 x 41 uniform grid to obtain
up (7). Finally, we construct upg(I') based on ug(y) and ur (T') (Algorithm 2.2), and
use it in BiPhIK and CoBiPhIK.

It is shown in [49, 46] that Kriging results in inaccurate reconstruction of F by
using the eight observation data. The results of PhIK and BiPhIK are very similar in
this case, and we present the latter in Fig. 3.2. These results are much better than the
Kriging (see also the quantitative comparison in Fig. 3.6). There are slight difference
between the results by CoPhIK and CoBiPhIK as shown in Fig. 3.3.
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(a) BiPhIK F, (b) BiPhIK § (c) BiPhIK F, — F

Fic. 3.2. Reconstruction of the modified Branin function by BiPhIK with eight original obser-
vations (squares).

=N

,W

(d) CoBiPhIK F, (e) CoBiPhIK 3§ (f) CoBiPhIK F, — F

F1G. 3.3. Reconstruction of the modified Branin function by CoPhIK and Co-BiPhIK with eight
original observations (squares).

We then use a greedy algorithm (in the appendix) that acquires additional obser-
vations of the exact field one by one. Fig. 3.4 presents the comparison of PhIK and
BiPhIK when eight additional observations (marked as black stars) are added, which
shows a slight difference in the location of additional observations and small discrep-
ancy between the results. Also, Fig. 3.5 illustrates the difference between CoPhIK
and CoBiPhIK, and we see more significant differences in the pattern of § and F,. — F
than the comparison between PhIK and BiPhIK.

Fig. 3.6 presents a quantitative study of the difference between the posterior
mean and the reference solution with respect to the total number of observation data.
The results are consistent with Fig.s 3.2-3.5 in that the difference between PhIK and
BiPhIK is very small while the difference between CoPhIK and CoBiPhIK is larger.
We note that the latter is still very small ranging from O(1073) to O(10~2) depending
on the number of observations. This is because up(I") approximates uy (I") very well in
this case. Specifically, 6; = 0.0279 and d = 0.0012, and the actual averaged difference

between bifidelity reconstruction (denoted as F p) and high-fidelity reconstruction
(denoted as Fyr) is IF2-2arle — 0.0257.
We note that the errors by PhIK/BiPhIK do not decrease from 12 observations
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(d) BiPhIK F, (e) BiPhIK 3 (f) BiPhIK F, — F

04

Fi1Gc. 3.4. Reconstruction of the modified Branin function by PhIK and BiPhIK with eight
original observations (squares) and eight additional observations (stars).

(d) CoBiPhIK F, (e) CoBiPhIK § (f) CoBiPhIK F, — F

F1G. 3.5. Reconstruction of the modified Branin function by CoPhIK and CoBiPhIK with eight
original observations (squares) and eight additional observations (stars).

to 24 observations. This is the drawback of this method as discussed in [49]. The
reason is that the GP in PhIK is only dependent on physical model simulations, and
the observations are used to project the exact solution to the space spanned by these
simulations. CoPhIK/CoBiPhIK use the observations to modify the GP structure,
hence they have the potential to obtain better approximation. Moreover, the com-
parison of CoPhIK and CoBiPhIK is not consistent in terms of the relative error.
This is because we use colorbluethe greedy algorithm to select additional observation
locations, and these two methods provide different selections (see Fig. 3.5).
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Relative error
>

8 12 16 20 24
Number of observations

F1G. 3.6. Relative error of reconstructed modified Branin function |F. — F| p/||F|r using
Kriging (“”), PhIK (blue “07), BiPhIK (black “07”), CoPhIK (blue “%”) and CoBiPhIK (black
“%”) with different numbers of total observations via active learning.

3.2 Heat transfer In the second example, we consider the steady-state of a

heat transfer problem. The nondimesionalized heat equation is given as

oT

o V- (k(T)VT)=0, xe€D, (3.5)
where T'(x,t) is the temperature, and the heat conductivity x is set as a function
of T. The computational domain D is a rectangule [—0.5,0.5] x [—0.2,0.2] with two
circular cavities R1(O1,71) and Ra(O2,72), where O7 = (—0.3,0),02 = (0.2,0),7 =
0.1,79 = 0.15 (see Fig. 3.7). The boundary conditions are given as follows:

T = —30cos(2mx) + 40, v el
/{(T)g—i = —20, z € I'y;
T = 30cos(2m(z + 0.1)) +40, =z €Ts; (3.6)
K(T)?% = 20, z €Ty
&(T)g—z;z(L x €.

The “real” conductivity is set as
k(T) = 1.0 + exp(0.02T), (3.7)

and the profile of the steady state temperature is presented in Fig. 3.7. This solution is
obtained by finite element method with unstructured triangular mesh using MATLAB
PDE toolbox, and the degree of freedom (DOF) is 1319 (maximum grid size is 0.02).
The observations of this exact profile (denoted as F) are collected at six locations
{(-0.4,4£0.1), (—0.05,£0.1), (0.4, £0.1) } (black squares in Fig. 3.7).
Now we assume that due to the lack of knowledge, the conductivity is modeled
as
K(T;w) =0.14+£T, (3.8)

where £(w) is a uniform random variable /[0.0012,0.0108]. Apparently, this physical
model significantly underestimates the heat conductivity, and its form is incorrect.
We generate M = 400 samples of £(w) and solve Eq. (3.5) on coarser grid (maximum
grid size is 0.1) with DOF = 96 to obtain corresponding temperature solutions which
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Fic. 3.7. Heat transfer problem. Left: computational domain; right: contours of steady state
solution and locations of six observations (black squares).

forms ur(I'). My is chosen to be 19 in this example. The walltime of generating
samples for bifidelity method (400 low-resolution simulations and 19 high-resolution
simulations) is 167.5s The walltime of generating 400 high-resolution simulations is
434.5s. Therefore, the computational cost saving is roughly 2.5 times.

It is shown in [46], the Kriging reconstruction is not accurate because of the
selection of observations and the property of the exact solution. Fig. 3.8 presents the
results by BiPhIK and CoBiPhIK, and they are very similar to the results by PhIK
and CoPhIK in [46] (not shown here), respectively. These results are better than
Kriging (see Fig. 3.11 for quantitative comparison).

(b) BiPhIK &

0.4 0.2 0 0.2 0.4
X X X

(d) CoBiPhIK F, (e) CoBiPhIK § (f) CoBiPhIK F,. — F

Fia. 3.8. Reconstruction of the steady state solution of heat transfer problem by BiPhIK (first
row) and CoBiPhIK (second row) with eight original observations (squares).

Next, we adaptively add more observation data one by one. The results by PhIK
and BiPhIK are very similar. We only present F,. by these two methods in Fig. 3.9 for
comparison. We can see that the discrepancy in F,. is very insignificant, and there is
only a slight difference in the locations of new observations (marked as starts) on the
boundary I'y. Fig. 3.10 compares the results by CoPhIK and CoBiPhIK. Although
F, and F, — F are similar, there is significant discrepancy in §, mainly because the
correlation length I; in the Yy’s kernel function are different.

Fig. 3.11 presents the quantitative comparison of the relative error by different
methods. In this case, the PhIK and BiPhIK results are almost the same, and the
CoPhIK and CoBiPhIK results are also very similar. Kriging performs poorly when
the number of observations is smaller than 22, however it outperforms PhIK (and
BiPhIK) when 22 observations are available. CoPhIK (and CoBiPhIK) is always bet-
ter than Kriging and PhIK (and BiPhIK) as shown in [46]. Again, in this case, up(T)
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(a) PhIK F, (b) BiPhIK F,

Fic. 3.9. Reconstruction of the steady state solution of heat transfer problem by PhIK and
BiPhIK with eight original observations (squares) and eight additional observations (stars).

0.4 0.2 0 02 0.4

(b) CoPhIK 3 (c) CoPhIK F, — F
02 02 = P am— g5
L e—
0 = 0 AN ?
N 03 o4 Q—/L/ °
R ) 02 0 02 04 ° Ry 02 0 02 04 e
(d) CoBiPhIK F, (¢) CoBiPhIK & (f) CoBiPhIK F, — F

Fic. 3.10. Reconstruction of the steady state solution of heat transfer problem by CoPhIK and
CoBiPhIK with eight original observations (squares) and eight additional observations (stars).

approximates ugy (I') very well (§; = 0.0039 and o = 0.0015), which yields small
difference between PhIK and BiPhIK ( the actual averaged difference between bifi-

delity reconstruction Fp and high-fidelity reconstruction Fy is % = 0.181)
and between CoPhIK and CoBiPhIK. The high-fidelity simulations wg (I") satisfy the
Dirichlet boundary condition on I'y and I's, and so as the results by PhIK. BiPhIK
slightly violates this boundary condition, the Ly error is about 0.014 on both I'; and
I's. The Ly error for CoBiPhIK is 17.7 on I'; and 33.8 on I'; because the covariance
function of Y; does not satisfy the boundary condition.

10°

Relative error

6 10 14 18 22
Number of observations

Fic. 3.11. Relative error of reconstructed steady state solution of heat transfer problem || Fy —

F||p/||F|lr using Kriging (“c”), PhIK (blue “07”), BiPhIK (black ‘07), CoPhIK (blue “”) and
CoBiPhIK (black “”) with different numbers of total observations via active learning.
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3.3 Kuramoto-Sivashinsky equation We consider the one-dimensional
Kuramoto-Sivashinsy (KS) equation [20, 38]:

1
U + Mgpos + [um + 2(%;)2] =0, 0<z<2m,

u(x + 2m,t) = u(w,t), (3.9)

u(z,0) = up(z),
where
uo(x) = 2.9420 cos(2z) + 0.4642 cos(4x) + 0.0410 cos(6x) + 0.0034 cos(8x).  (3.10)

It is well known that this equation can be used to depict a chaotic system, and it is
very sensitive to the parameter « when it is large. More importantly, in numerical
simulation, high precision is necessary because of the extreme sensitivity of the sim-
ulations with respect to numerical accuracy [11, 12]. We use the spectral method for
spatial derivatives as in [23]. Specifically, we use Fourier expansion with 256 terms
to obtain the reference solution and uy, and use expansion with 128 terms to com-
pute uy,. For the time integration, we use forth-order Runge-Kutta method with time
step 1073, We investigate the solution of KS equation at T = 5, and the “exact”
« = 37.545. Accurate observations are available at

127 567

=425 j=0,1,....8
€ 256+256 j? ] 0’7 ’8

We assume that we don’t know the exact «, and use the biased “domain knowledge”
to set a as a uniform random variable U/[30,36]. Apparently, this range is below the
exact &. We generate 400 samples of o, and compute corresponding v}y and u7" to
compare the performance of different methods. Specifically, the My is chosen to be 17
to construct up(I'). The walltime of generating simulations in bifidelity method (400
low-resolution simulations and 17 high-resolution simulations) is 69.6 4+ 5.9 = 75.5s.
The wall time of generating 400 high-resolution simulation is 136.8s. The speedup is
roughly 1.8 times. For the Kriging, we use the following periodic kernel [25]:

2 .2 1—22/
k(z,2') = 0% exp <_Sm(2)> _

12

We also use this kernel for Yy in CoPhIK and CoBiPhIK.

Fig. 3.12 illustrates the exact solution, and the locations of accurate observations.
The mean of the {u7}490, is illustrated as the dashed line, which deviates from the
exact solution significantly with the relative Lo error more than 140%. We also
compute the standard deviation of uy at each z, and because we will use statistics
of uy to construct a GP in PhIK, we present the “95% confidence interval”, i.e.,
mean plus minus two standard deviations in Fig. 3.12. We note that this is not the
exact confidence interval of the ensemble {u7}490  itself. Fig. 3.12 shows clearly that
the exact solution is not bounded by the confidence interval. This is because in the
stochastic model, the a is below its exact value, and the KS equation is very sensitive
to a.

Fig. 3.13 illustrates the Kriging results by using the nine accurate observations.
The uncertainty is larger (i.e., the confidence interval is wider) near the right end even
though we use a periodic kernel function. This is because there is no observation near
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Fi1G. 3.12. Ezact solution of the KS equation (solid line), observations (circles), mean of the
realizations (dashed line) and the “95% confidence interval” (shaded area).

the right end compared with other regions. Fig. 3.14 shows the results by PhIK (using
{up}390 ) and BiPhIK (using {u7}209,). The PhIK performs better than BiPhIK.
We note that in this figure, the confidence intervals in both methods are very narrow
(~ O(1072)). Similar to the examples in [49, 46] and the other two examples in
this session, PhIK usually yields a less uncertain result, but this estimate of the
uncertainty may not be very accurate because it relies on its prior covariance, which
is totally dependent on the stochasticity of the physical model. Fig. 3.15 demonstrates
the results by CoPhIK and CoBiPhIK. The CoPhIK is the most accurate of all the
methods (smallest discrepancy between posterior mean and the exact accuracy) with
confidence intervals well cover the exact solution. The CoBiPhIK result is closer to
that of CoPhIK in both posterior mean and confidence interval than the difference
between PhIK and BiPhIK.

F1a. 3.13. Kriging reconstruction of KS equation: posterior mean (dashed line), exact solution
(solid line), observations (circles), and 95% confidence interval (shaded area).

Table 3.1 presents the relative Lo errors of all methods. Different from the pre-
vious two examples, in this example, the structures of space UL(T") and Ug(T') are
different because of the sensitivity of the system to the numerical solution, so up(T")
can’t approximate uy (I') well as in the previous examples. Specifically, in this case
01 = 89.8 and J, = 7.7. Consequently, the difference between PhIK and BiPhIK is
larger than the same comparison in the other two examples ( the actual averaged
difference between bifidelity reconstruction yp and high-fidelity reconstruction gy is
% = 0.193), and the error of CoBiPhIK is larger than CoPhIK. Moreover,
because of the high sensitivity of the systems and the underestimate of the critical
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(a) PhIK (b) BiPhIK

F1G. 3.14. PhIK (left) and BiPhIK (right) reconstruction of the KS equation: posterior mean
(dashed line), exact solution (solid line), observations (circles), and 95% confidence interval (very
narrow in this case).

-4
0 0.57 ™ 1.57 2m 0 0.57 T 1.57 2m
X X
(a) CoPhIK (b) CoBiPhIK

Fic. 3.15. CoPhIK (left) and BiCoPhIK (right) reconstruction of the KS equation: posterior
mean (dashed line), exact solution (solid line), observations (circles), and 95% confidence interval
(shaded area,).

parameter « in the stochastic model, PhIK is less accurate than Kriging with the spe-
cific settings in this example. The CoPhIK method has the potential to improve the
accuracy of PhIK because it incorporates observation information in constructing the
GP. In all methods, the periodic boundary condition is preserved, i.e., §(0) = §(27)
for the reconstructed field g(x).

TABLE 3.1
Relative Lo error (posterior mean vs. reference solution) of different methods for reconstructing
KS equation solution.

Kriging PhIK CoPhIK BiPhIK CoBiPhIK
0.0786 0.1145 0.0674 0.1439 0.0791

In summary, the numerical examples demonstrate the efficiency of bifidelity-based
GP method in terms of cost of running physical model simulations. As we mentioned
in Section 2, the theoretical bounds are loose in many cases, and they are much larger
than the actual values in the above examples (theoretical bounds are not presented
here) mainly because the condition number of covariance matrices are large. Besides,
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we also observe that in some cases, CoBiPhIK perform (slightly) better than CoPhIK
when additional observations are included. This may be caused by the different se-
lection of additional observation locations by the greedy algorithm.

4 Conclusion In this work, we extend the PhIK/CoPhIK approach by combin-
ing two types of multifidelity methods in the BiPhIK/CoBiPhIK framework to reduce
the computational cost of physical models simulations. Specifically, the approximation-Jj
theory-based bifidelity method is used to generate approximated high-fidelity realiza-
tions of the physical model, which are used to construct GP in PhIK and CoPhIK. The
CoKriging approach utilizes an auxiliary GP to describe the discrepancy between the
model outputs and the sparse accurate observation data. We present the analysis of
the difference between the posterior mean and variance in the resulting GPs by using
BiPhIK/CoBiPhIK and PhIK/CoPhIK. We also analyze the accuracy of preserving
linear physical constraints in the posterior mean of BiPhIK/CoBiPhIK.

The presented methods are nonintrusive, and can utilize existing domain codes
to compute the necessary realizations. Therefore, these methods are suitable for
large-scale complex applications for which physical models and codes are available.
Especially, when the parametric dependence of the low-fidelity model can well in-
form the structure of the high-fidelity model, the computational cost can be reduced
dramatically.

Our future work would include two directions. One is to use advanced sampling
strategies. For example, instead of MC, the probabilistic collocation method is used
for the bifidelity method in [27, 51], which can further reduce the computational
cost. The other direction is to directly approximate high-fidelity mean and covariance
without generating approximated high-fidelity realizations as in [50]. This approach
will save the cost of the lifting procedure because it only needs solving a much simpler
linear system.

Appendix A. Adaptive sampling. In this work, we use a greedy algorithm
to add additional observations, i.e., to add new observations at the maxima of s(x),
e.g., [7, 35]. Then, we can make a new prediction g(x) for € D and compute a new
32(x) to select the next location for additional observation (see Algorithm A.1). This
selection criterion is based on the statistical interpretation of the interpolation. More
sophisticated sensor placement algorithms can be found in literature, e.g., [15, 19, 9],
and PhIK/BiPhIK or CoPhIK/CoBiPhIK are complementary to these methods.

Algorithm A.1 Active learning based on GPR
1: Specify the locations X, corresponding observations y, and the maximum number
of observations Ny, affordable. The number of available observations is denoted
as N.
while N, > N do
Compute the MSE 8%(z) of prediction j(z) for = € D.
Locate the location x,, for the maximum of §?(x) for = € D.
Obtain observation ¥, at x,,, and set X = {X,z,.},y = (¥ ,ym) , N =
N+ 1.
6: end while
7: Construct the prediction of §(x) on D using X and y.

Appendix B. Proofs of Theorems 2.1 and 2.2.
We present the following three lemmas.
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LEMMA B.1. For1<n <N,

krr (2, 2| < o (D)o (™),

B.1
ks (2, 2™)|| < op(T)op(@™). By

Proof. According to Eq. (2.19), we have
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Similarly, [[kp (@, 2)]| < op(D)op(@™). .

LEMMA B.2. For1<n < N,
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Proof. For any x € D,
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LEMMA B.3. For1<i,57 <N,
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M-1
Proof.
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Now we prove Theorem 2.1 as follows.
Proof. Rewriting Eq. (2.21) in the functional form, we have
N

gu(@) = po(x) + Y allky(@,z™), (B.6)

n=1

where af is the n-th entry of the vector C'(y — pr), (Cr)ij = k(@ ,20)) and
(pm); = ;LH( ). Similarly, we have

N
ip(@) = pp(@) + Y _ alkp(z,z™), (B.7)

where a? is the n-th entry of the vector C5'(y — ), (Cp)ij = kp(x®,2()) and
(uB)i = MB( (D). In Eq. (B.3), we show that
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Next,
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where the last inequality utilizes Lemmas B.1 and B.2. Therefore,
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where we uses the well-known matrix perturbation conclusion (e.g., [3]):
[(A+AA)" — A7 S AP IAA] (B.8)

for invertible matrices A and A+ AA, and a well-defined matrix norm || || (assuming
|AA] is much smaller than ||A~!||). Further, using Lemma B.3, we have




which yields
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Therefore, the conclusion holds. 0

Next, we present the proof of Theorem 2.2.

Proof. For any x* € D, we use the following concise notations
T
cy = (kH(sc(l),m*), . .,k;H(w(N),:c*)) ,

-
cp = (k:B(a:(l),:c*),...,kB(:c(N),w*)> )

Following the same procedure in the proof of Lemma B.3, we have
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According to Lemma B.3,
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where in the inequality of Jy we use Egs. (B.8) and (B.9). Finally, using the fact
og(x*) < Ay and op(x*) < Apg, we have
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