N

N
N

HAL

open science

Bayesian analysis of constrained (aussian processes

Hassan Maatouk, Didier Rulliere, Xavier Bay

» To cite this version:

Hassan Maatouk, Didier Rulliere, Xavier Bay. Bayesian analysis of constrained Gaussian processes.

Bayesian Analysis, inPress, 10.1214/24-BA1429 . hal-04084865

HAL Id: hal-04084865
https://hal.science/hal-04084865v1
Submitted on 28 Apr 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-04084865v1
https://hal.archives-ouvertes.fr

Bayesian analysis of constrained Gaussian processes

Hassan Maatouk![] Didier Rulliere’?] and Xavier Bayf|

(1) CY Tech, CY Cergy Paris University, Laboratoire AGM, Site du Parc, 95011 Cergy-Pontoise, France
(1) Mines Saint-Etienne, Univ Clermont Auvergne, CNRS, UMR 6158 LIMOS, Institut Henri Fayol,
F-42023 Saint-Etienne France

Abstract Due to their flexibility Gaussian processes are a well-known Bayesian framework for
nonparametric function estimation. Integrating inequality constraints, such as monotonicity, con-
vexity, and boundedness, into Gaussian process models significantly improves prediction accuracy
and yields more realistic credible intervals in various real-world data applications. The Gaussian
process approximation, originally proposed in [22] is considered. It satisfies interpolation conditions
and handles a wide range of inequality constraints everywhere. Our contribution in this paper is
threefold. First, we extend this approach to handle noisy observations and multiple, more general
convex and non-convex constraints. Second, we propose new basis functions in order to extend the
smoothness of sample paths to differentiability of class C?, for any p > 1. Third, we examine its
behavior in specific scenarios such as monotonicity with flat regions and boundedness near lower
and/or upper bounds. In that case, we show that, unlike the Maximum a posteriori (MAP) esti-
mate, the mean a posteriori (mAP) estimate fails to capture flat regions. To address this issue, we
propose incorporating multiple constraints, such as monotonicity with bounded slope constraints.
According to the theoretical convergence and based on a variety of numerical experiments, the
MAP estimate behaves well and outperforms the mAP estimate in terms of prediction accuracy.
The performance of the proposed approach is confirmed through real-world data studies.

Keywords Gaussian processes; multiple constraints; convex and non-convex constraints; flat region;
MAP estimate; HMC sampler.

1 Introduction

Gaussian processes (GPs) are a well-known nonparametric Bayesian framework for function estima-
tion. They are widely used in many fields, such as computer science, physics, biology, engineering,
and finance [33]. GP models are based on defining a prior distribution over function spaces. In
general, a GP is characterized by its mean and covariance functions. The flexibility of GPs is
attributed to their covariance function, which enables incorporating prior information, such as
smoothness, stationarity, sparsity, and derivative constraints [10] B33].

Unconstrained GP models perform poorly in terms of prediction accuracy and yield unrealistic
confidence intervals when applied to physical systems that satisfy inequality constraints such as
monotonicity, boundedness, and convexity, see for example, [13] 18] 20, 34}, 41]. Several real-world
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cases where the data suggest that the underlying function satisfies specific inequality constraints
are presented in physics [44] and econometrics [5, [8 9l 11].

Including inequality constraints into a GP model improves its prediction accuracy and provides
more realistic confidence intervals [6, [13], 20, 19, [35] 40, 45]. Recently, the authors in [38] provide
an overview and survey of various strategies for incorporating shape constraints into a GP. In
the present paper, the GP approximation proposed in [22] is considered, where various inequality
constraints such as monotonicity, convexity, and boundedness are satisfied everywhere. To the
best of our knowledge, it is the only model in the literature capable of dealing with a variety of
shape constraints (either alone, together, or sequentially). The main idea is to approximate the
samples of the parent GP by representing them in a finite-dimensional space of functions using
an appropriate basis expansion. These basis functions possess attractive properties not necessary
shared by other basis such as Bernstein polynomials [12], regression splines [4, 27], and restricted
splines [37]. Various restrictions like monotonicity, convexity, and boundedness are equivalently
translated into linear inequality constraints on the basis coefficients. The performance of this
approach has been demonstrated through several real-world data applications [8, 9] 26, [42] 44].
The asymptotic properties have been investigated in [I], [I5]. The generalization of the well-known
Kimeldorf-Wahba correspondence [17] between Bayesian estimation on stochastic processes and
splines for the constrained cases has been established.

In the present paper, our contributions are threefold. First, we extend this approach to handle
both noisy observations and multiple and more general convex and non-convex constraints (such as
boundedness within a non-convex set). Second, we propose new basis functions in order to extend
the smoothness of the sample paths to differentiability of class CP, for any p > 1. Third, the
behavior of this approach is investigated in challenging situations, such as monotonicity with flat
regions or boundedness where the underlying function is close to the lower or upper bounds. In
that case and based on both theoretical and numerical results, the Mazimum a posteriori (MAP)
estimate behaves well and outperforms the mean a posterior (mAP) estimate (i.e., the mean of the
posterior distribution) in terms of prediction accuracy. This is because the posterior distribution
approximated by the efficient Hamiltonian Monte Carlo (HMC) sampler fails to capture the flat
regions. To address this issue, we propose adding multiple constraints, such as monotonicity with
bounded slope constraints. This leads to correction of the posterior distribution’s behavior and the
convergence of the mAP estimate towards the MAP estimate.

This article is structured as follows. In Sect. [2 GP regression is briefly reviewed. In Sect. [3]
following the finite-dimensional GP approximation from [22], we propose a general formulation for
linear inequality constraints that is capable of handling both convex and non-convex constraints.
Section [4] presents the new basis functions in order to generalize the smoothness of sample paths to
differentiability of class C?, p > 1. Additionally, the asymptotic properties of the MAP estimate are
investigated. Section [5| demonstrates the efficiency of the proposed framework through applications
using real-world data.

2 Gaussian process regression review

A GP, namely (Z(x))zerd, is characterized by its mean function p and covariance function k, i.e.,
Z ~ GP(u, k) [33]. It can be written as follows:

Z(x) = p(x) +Y(x), VxR
where (Y (x)) is a zero-mean GP with covariance function k, i.e., Y ~ GP(0, k), with

k(z,z') = Cov(Y(x),Y(x)) = E[Y (2)Y(x')], Vzx,x' €R"%



Given a dataset of size n, namely, D = {(x;,y;),i = 1,...,n}, where x; denotes an input vector of
dimension d and y; denotes a scalar output. The input vectors {zx;} form the n x d design matrix
X =[zy,...,x,]" and the outputs {y;} form the output vector y = [y,...,yn]" called data. Thus,
the dataset can be written as D = {(X,y)}. The following regression problem is considered

Yi = f(xl) + €, € 1’1\51 N(Oa Uﬁoise)? (1)

where f is an unknown latent function that generates the data, and ¢; is an additive independent
identically distributed (i.i.d.) zero-mean Gaussian noise with constant variance o2.... A GP prior
distribution on the underlying function f is assumed. Conditionally on y = [yi,...,yn]', the
conditional process remains a GP [33]

{Y()|y} ~gpP (ﬂc('):c('f))? (2)

where the conditional mean function p. and covariance function c are given as follows:

pe(z) = E[Y (2)|y] = k(z,X)T (k(X.X) + 02..L) " u; (3)
c(x,x') = k(z,x) — k(zc,X) (k(X, X)—l—a | 1k;(a:',X);

noise

with I,, the n X n identity matrix. Let us recall that k(X,X) is the covariance matrix of Y (X) of
dimension n x n, and k(x,X) = [k(z,x1), ..., k(x,z,)]" is the vector of covariance between Y (x)
and Y (X) of dimension n.
In the simple special case where data are noise-free [36], that is when we know {(x;, fi)|i =
.,n}, with f; = f(x;), the equations for GPR prediction (3) remain the same, but we have to

replace the noise variance o2, by zero and the data vector y by f, where f = [fi,..., fa] .

noise

Table 1: Some popular covariance functions with their degree of smoothness [33].

Name Expression Class
Squared Exponential exp <_ (””;;2')2> o0
e 5lz—a’ z’)? z—x'
& = \f|1 | V3|z—a/| 1
Matérn v = 3/2 (1 + ) exp <_ . ) %,
Exponential exp <_@> 0

Table [1] displays some commonly used covariance functions in the machine learning community
[33], ordered by decreasing degree of smoothness in the one-dimensional case, where 6 is the cor-
relation length parameter. In the present paper, we focus on the Matérn covariance function with
a smoothness parameter of v = 5/2, as recommended in [33]. The exponential kernel is a Matérn
covariance function with v = 1/2. The squared exponential (SE), on the other hand, is a Matérn
covariance function with v — +o0.

Figure [1f shows three covariance functions in the left panel and their corresponding GP sample
paths in the right panel.

3 Constrained Gaussian processes

3.1 (" approximation with Model (M)

In this section, the finite-dimensional approximation of GPs proposed in [22] is considered. Without
loss of generality, let Y be a zero-mean GP with covariance function k, i.e., Y ~ GP(0,k). We
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Figure 1: The left panel displays some covariance functions, while the right panel shows the corre-
sponding GP sample paths. The correlation length parameter 0 is fixed at 0.4.

first focus on the one-dimensional input case. The methodology is later extended to handle multi-
dimensional input spaces (refer to Sect. below). Let D be a compact set in R. For simplicity,
we suppose that D is the unit interval [0,1]. Let t; = (j — 1)An, j € {1,..., N} be a sequence
of N equally spaced knots on D, with a spacing of Ay = 1/(N — 1). Let us mention that the
methodology developed in this paper is applicable for non-uniform discretization of D (see the left
panel of Figure . Let us define the three basis functions proposed in [22], which will be used in
three different models, Mj, My, and M, in the present paper. These functions are given by

b = (58) s [ = [ [ 0

for j € {1,...,N}, where h(z) := (1 — |z|)1j_11(x) is the hat function on [—1,1]. The hat
functions {h;} admit two nice properties. First, the value of any hat function at any knot is equal
to Kronecker’s delta function (i.e., h;j(t;) = d;,), where §;; is equal to one when j = [ and zero
otherwise. Second, for any = € D, we have Zjvzl h;(z) = 1. The second property is used in the
proof of Lemma(l] As mentioned in [22], any continuous function f : D — R, that is, f € C°(D,R)
can be approximated by a piecewise linear interpolating between the function values at the knots

{t;},

J?N(x) = Zf(tj)hj(x), Vo € D.

Let us recall the following well known result.

Lemma 1 (Uniform convergence C%). Let f be a continuous function on D, then, the piecewise
linear interpolating function fy(-) = Zjvzl f(tj)hi(-) converges uniformly to f when N tends to
nfinity.

Proof. Indeed, for any x € D, we have Z;VZI h;(z) =1 and

fu(@) = 1@ = |3 () = F@) byl
su o) — f(x hj(x) = su ') — f(z)].
< s B =@ ke = s S =@l O

By the uniform continuity of the function f on the compact interval D and the last inequality ,
we deduce that

sup | () - @) = 0.

This concludes the proof of the lemma. n
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Figure 2: An example of approximating a monotone (nondecreasing) and bounded function f (red
solid curve) using a piecewise linear interpolating function I (black dashed curve). A uniform
(resp. non-uniform) subdivision is used with N' =5 hat functions and knots in the left (resp. right)
panel. The gray triangles represent the hat functions, while the black dashed thin lines denote the
lower and upper bounds constraints.

Figure 2| shows the deterministic function f(z) = \/x (red solid curve) which verifies the mono-
tonicity (nondecreasing) and boundedness constraints. This function is approximated by the piece-
wise linear interpolating function fn (black dashed curve) using either a uniform subdivision with
N =5 hat basis functions (left panel), or a non-uniform subdivision (right panel). The black dashed
thin lines represent the lower and upper bound constraints, while the gray triangles represent the hat
basis functions {h;}. The black stars represent the values of the true and approximated functions
at the knots {¢;}. Let us mention that the true function grows rapidly on [0,0.3]. As a result, a
finer discretization with N = 3 was used only for this interval, while N = 2 was used for the inter-
val [0.3,1]. This shows that a suitable subdivision can improve the accuracy of the approximation
and reduce the number of knots. This also reduces the complexity of the sampling process when
using an efficient HMC sampler to approximate the posterior distribution, as described in detail in
Sect. 3.2

If no additional smoothness assumptions are required, the first model can be written as follows:

N N
YN(@) =Y Y(t)hi(x) =Y &hi(x), €D, (Mp)

j=1 j=1
where we denote §; = Y'(¢;). Since Y is a zero-mean GP with covariance function k, then, the vector
€ =1[&,...,&n]" is also zero-mean and Gaussian with covariance matrix T, ie., & ~ N (Oy,T),

where

Fj,l = COV(Y(t])’Y(tl)) :k(tjatl)7 jvl € {L"')N}) (6)
and Oy = [0,...,0]" is the N-dimensional zero vector. Furthermore, the coefficients {¢;} can be

interpreted as the values of the original GP (Y'(x)) evaluated at the knots {t;}. Let C be the
convex set of functions that verify some inequality constraints, such as monotonicity, convexity, and
boundedness. The non-convex case will be investigated later in this section. For instance,

Cy:={f € C'D,R) s.t. £ < f(x) <u, Vz € D}

c=10 Cnh={f¢€ C°D,R) s.t. f(z) < f(y), Vo <y € D} (7)
C.:= {f € C°(D,R) s.t. f(y;:if(x) < f(zi:z];(y), Ve<y<ze D}

which corresponds to boundedness, monotonicity, and convexity constraints respectively, where the
constants ¢ and u represent the lower and upper bounds, respectively, and where C°(D,R) is the



set of continuous functions from D to R. Our aim is to compute the posterior distribution of YV
such that YV € C. The authors in [22] have shown the advantage of using the hat function as
in Model and more generally the basis functions defined in (4). They demonstrated that
satisfying an infinite number of inequality constraints on the process YV € C is equivalent to
satisfying a finite number of linear inequality constraints on the coefficient vector &€ = [£y,...,&n] .
To be more precise, for many various choices of C, we have

YNeC & ¢€cé, (8)
where &€ is a convex set of RY. For the inequality constraints given in , we obtain

&,::{zeRN: <z <u, ‘v’jzl,...,N}
Em::{zERN: zj—1 < 2, Vj:2,...,N}

9
56::{Z€RN: Zj1—zj2§zj—2j17vj:3’m7N} )
tj,1 —tj,Q tj —tj,1

S:

which corresponds to boundedness, monotonicity, and convexity constraints respectively. The ability
of these bases {h;} to express different constraints equivalently as linear restrictions on the vector
of coefficients & is a desirable feature that may not be present in other bases such as Bernstein
polynomials [12], regression splines [4, 27], and restricted splines [37]. In the following sections,
we also demonstrate the attractiveness of the other basis functions defined in (4]). Furthermore,
new and smoother basis functions are given below (cf., Sect. . In the present section, we focus
exclusively on Model using the hat functions {h;}. Note that the linear restrictions on the
coefficients vector & in Eq. @ can be expressed in a matrix form as follows:

el o €EcRYst £<AE<u, (10)

where A € R™ ¥ is the matrix of constraints, and £ and w are lower and upper bounds vectors,
respectively. For instance, when & € &,,, we get

-1 ifj=1 foranyi=1,...,N —1;
Aij=q 1 ifj=it+1 foranyi=1,...,N —1;
0  otherwise;

and £ =1[0,...,0]" € R™ and w is the vector with components +oo. In that case, we get m = N —1

linear inequality constraints on the coefficients vector &.
The authors of [22] demonstrated that under the representation in Model (M)):

e YV is a finite-dimensional GP with covariance function
kn(z,2') = h(z) 'Th(z), Va,2’ € D,
where h(z) = [hi(z),..., hx(2)]".
e YV converges uniformly to Y when N tends to infinity (with probability one).
Let us give the following results concerning Model .
Proposition 1 (Multiple constraints ) Suppose that YV is defined as in Model .

e Boundedness in a convex region: Let Cy. be a set of continuous functions on D bounded be-
tween two functions f, and f, such that the region between the lower bound function f, and
the upper bound function f, is conveaﬁ. Then, YN € Cy if and only if fi(t;) < & < fu(t;),
for any j € {1,...,N}.

1A set C is convex if and only if for any z,y € C, (1 — t)z + ty € C, where t €]0, 1[.



o Convezity: YV is convex (i.e., YV € C.) if and only if

S =& S m&in je{l,...,N—2}. (11)
tvr =t tir2 —lin
In our case, tjx1 —t; = Ay =1/(N —1), for any j € {1,...,N —1}. Thus, inequalities (11
are equivalent to
§io2 =251 +6 20, je{l,...,N -2},

which in turn is equivalent to AE > On_o according to the notation in (10), with & =
€1,...,&N]T. The matriz of constraints A is given by

1 ifg=1 foranyi=1,... N —2;

A -2 ifj=141 foranyi=1,...,N —2;

i 1 ifj=i4+2 foranyi=1,...,N =2
0  otherwise.

) I

o Multiple constraints: For example, Y is nondecreasing and bounded in a convex region (i.e.,
YN (x) € Cn N Coe) if and only if

€j§€j+1 jE{l,...,N—l}; (12)
foty) <& < fulty) j€{l,....,N}

where f; and f, are the lower and upper bounds functions. Let us mention that if f, and f,
are constants, for example fy(x) = a < b = fu(x), for any x € D, where a,b € R, then the
linear constraints become a < & < ... <&y < b. This leads to only m = N + 1 linear
constraints on the coefficients vector & according to .

Proof. For the first item, if Y* is in G, then in particular, & = YN (t;) € [fi(t;), fu(t;)], for any
J€{l,...,N}. Now, if & € [fu(t;), fu(t;)], for any j € {1,..., N}, then YV is in C,., since Y is
a piecewise linear interpolation function at the knots {t;}.

The proof of the second item is simply a result of the fact that YV from Model is a piecewise
linear interpolating between the function values at the knots {¢;} and that the convexity constraints
are equivalent to having a nondecreasing slope.

The last item is evident, which completes the proof of the proposition. O

Remark 1.

o The linear inequality constraints on the coefficients fo(t;) < & < fu(t;), foranyj € {1,...,N}
in Proposition[1] can be written in a matriz form as in (10), where A = Iy, £ = [fy(t1), ..., fe(tn)]T,
and u = [fu(tl)a e 7fu(tN)]T'

e The three constraints introduced in Proposition (boundedness, convezity, and monotonicity)
can be imposed together.

The result of Proposition |I| (boundedness constraints) remains valid if the region between the
lower and upper bounds functions is non-convex, as long as it can be decomposed into convex sets
at nonoverlapping subdomains (cf., Proposition [2{ and Figures [5{ and [7| below).

Proposition 2 (Boundedness in a non-convex region). Suppose that Cy,. is a set of continuous
functions on D bounded between two functions f, and f, such that the region between the lower bound
function f, and the upper bound function f, is non-convezr. Suppose also that this non-convex region
can be decomposed into convex regions on ) nonoverlapping input subdomains D,, r € {1,...,Q}.
If the intersection extremities ti n,, . .. s tQ-1,Ng_1 of each subdomain are elements of the subdivision
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of D, then YN is in Cyne if and only if fo(t,;.) < &4 < fu(t.;,), for all j. € {1,...,N,} and

r={1,...,Q}. These linear inequalities on &, . can be expressed in a matriz form as follows:
£ <AL <w,
where £ = [£] ... ,Eg]T, w=[u,... ubl", and A = A],... ,ACS]T (block diagonal matriz), with

for example, €, = [fo(t11),- .., foeltin,)]"

Proof. We denote by C; U ...UCq = U,C, = Cpye, where C, is the convex region on the subdomain
D, for any r € {1,...,Q}. Thanks to Proposition [1} for each » € {1,...,Q}, the boundedness
constraint fi(¢,;,) < &, < fu(t.;,) for all j. € {1,..., N,} is equivalent to Y € C,. The following
condition: ‘the intersection extremities ¢ n,,...,%tg-1, No-1 of each subdomain are elements of the
subdivision of D’ completes the proof of the proposition. O]

3.2 Constrained Gaussian process with noisy observations

In this section, we consider the finite-dimensional GP approximation defined in (M) given both
noisy observations and inequality constraints:

YN () — ZNjfh( ) st YN (z;) + €; = y; (noisy observations), (13)
x) = — i \&) st YN ecC (inequality constraints),
‘]:

where 2; € D is the design point, y; € R is the data and ¢; S N(0,02,), with o2, the noise
variance. Given a set of design points X = [z1,...,z,]" € D", the noisy observations can be written
a matrix form as follows:
H¢ +e=y,

where y = [y1,...,9n]" is the vector of data, € = [e1,...,€,]" is the noise Gaussian vector and H is
the n x N matrix defined by H; j := hj(z;). Following the strategy in [21] and the equivalent in (§)),
the conditional distribution of YV given both noisy observations {Y¥(X) + € = y} and inequality
constraints {Y¥ € C} can be obtained from the conditional distribution of & given {H¢ + € = y}

and {§ € £}

H¢ + e =y (noisy observations)
£~ N0y, I) st { Eecé (linear inequality constraints) (14)
Hereafter, the linear inequality constraints {€ € £} is reformulated as £ < A& < u, where £ and
u are the lower and upper bounds vectors of dimension m. Now, we will explain the procedure for
sampling from the posterior distribution as stated in (I4). Since & ~ N (Oy,T), then HE + € ~
N(Oy,HTH' + 02, .I,). Under only noisy observations, the conditional distribution of & is a

noise™n

multivariate normal (MVN) [23] 33]:

{¢HE +e=y} ~N(n,X), where

noise~n

Y = I' = (HD)"(HTH' 402 I,)" 'HI

noise—"n

{ p = (HD)THTH' +02.1,) 'y (15)

with I, the n x n identity matrix. Note that this problem is called hyperplane-truncated MVN
distribution [7, 23], 24, 25]. The consideration of noisy observations in has a relazing effect
on the interpolation conditions, as the number of knots and basis functions N does not need to

be larger than the size n of the samples (condition required in [22] for the interpolation of noise-
free observations called degree of freedom). This leads to less restrictive sample spaces and less

8



expensive MCMC samplers when N < n as it is performed on R and independent of the number
of observations n. Additionally, it should be mentioned that, unlike interpolation with noise-
free observations, the given data does not need to satisfy inequality constraints (see, for example,
Figure [3). The posterior distribution is the following truncated MVN distribution:

{§HE =y +e <AL <u} ~Nr(p, X, 4 u), (16)

where N7-(m, C, a,b) is the truncated MVN distribution with mean vector m, covariance matrix
C, and lower and upper bounds constraints a and b respectively. Recently, several efficient MCMC
algorithms have been proposed to approximate the truncated posterior distribution , such as
Gibbs sampling [39], Metropolis-Hastings (MH) [28], HMC [30] and the minimax tilting method
accept-reject sampler [2]. In the present paper, the fast HMC sampler developed in [30] and imple-
mented in the R package tmg is used.

Let us mention that the posterior mode, which corresponds to the maximum of the posterior prob-
ability density function (pdf), i.e.,

u = arg mirjlv{zTI"lz|Hz +e=y,L<Az<u}
z€eR

can be computed. This problem is equivalent to the following quadratic optimization problem
subject to convex constraints (see 3| [14])

1
* : Ty—1 . Ts—1 Ty—1
= ) Sz — )} = S lz—u'S 1
p'i=arg min {(z—p) B (z - p)} = arg min {z z—5h Z}, (17)
L<Az<u L<Az<u

where p and ¥ are given in . In the numerical examples of the present paper, the solve.QP
function from the R package quadprog is used to compute the posterior mode p*. The next sections
highlight the advantages of the posterior mode p* over the posterior mean.

Algorithm 1: Sampling scheme of {£|/HE + € =y, £ < A€ < u}, where & ~ N (Oy,T).

e Initialization: y, ' € RV*N H € RN, A € R™N £, u.

e Compute the conditional mean and covariance of {£|HE + € = y}

”’ = HF>T<HFHT + O-r210isoIn>_1y;
Y = I'—(HD)"(HTH' + 2 I,) 'HT.

e Compute the posterior mode by solving the quadratic optimization problem subject to linear
inequality constraints (the solve.QP function from the R package quadprog is used in this

paper):
p' = arg mir}v{zTI"lz|Hz +e=y, L <Az <u}.
z€eR

e Sample from the truncated MVN distribution (HMC tmg is used in this paper)

{EHE +e=y £ <AL <u} ~Np(p, 2,4,u).

Remark 2. Algorithm[1] generates the posterior distribution of the coefficients vector & conditionally
on noisy observations { HE + € = y} and linear inequality constraints {€ € RY s.t. £ < A¢ < u}.
To get the posterior distribution of YV, i.e., {YN|YN(X)+ e =1y,YN € C}, one can substitute the
generated samples from Algom'thm into Model . Let us note that the posterior mode p* can
serve as a suitable starting point for the HMC' sampler.

9



Before presenting numerical examples of the proposed approach for various types of inequality
constraints, we define the following two estimators.

Definition 1 (MAP estimate). The Mazimum a posteriori (MAP) estimate of YV conditionally
on inequality constraints and noisy observations is defined as

N
MN(x) =Y " pihi(x) = h(z)'p*, z €D,
j=1

where pw* = (3, ..., ;uy]" € RN is the posterior mode computed by and h(z) = [hi(z),... hy(2)]".

Let us provide some comments: the MAP estimate in Algorithm [I}is independent of the sampling
process. It is determined only by solving a quadratic optimization problem with linear inequality
constraints (17). Furthermore, it has been shown that the MAP estimate MY converges to the
optimization spline problem in both noise and noise-free observation cases when using the hat basis
functions, i.e., Model (see [T, [15]). These two results can be seen as a generalization of the
Kimeldorf-Wahba correspondence [I7] between Bayesian estimation on stochastic processes and
smoothing by splines.

Definition 2 (mAP estimate). The mean a posteriori (mAP) estimate of YV conditionally on
inequality constraints and noisy observations is defined as

m"(z) =E [Y¥(2)|YV(X)+e=y,Y" €C] = h(z) p,,

where p, = E[§|HE + € = y, £ < AE < u] is the posterior mean which is computed from simula-
tions and h(z) = [hi(z),..., hy(z)]".

3.3 Illustrative examples of Model ()

In the following examples, the performance of the MAP estimate using Model (M) is highlighted,
and the flexibility of Model ([M})) to incorporate multiple types of convex and non-convex inequality
constraints is shown.

Example 1 (Boundedness in a convex set). We consider the function fi(x) = 0.8zsin(5zx) for any
x € D. This function is bounded on D between convexr and concave functions f, and f, respectively:

fo(x) = (r—05)2 =12 and f,(z)=—(x—0.5)*+0.3.

Additionally, this function is slightly flat and close to the upper bound function f, on the interval
[0,0.5].

Figure @ illustrates the GP approzimation from Model with and without boundedness con-
straints. We use the Matérn covariance function with v =5/2 and 0 = 0.4. We fix N = 30 to avoid
the possibility of overfitting [29]. Our numerical analysis indicates that this value of N provides a
satisfactory approzimation, as shown in Figure[13 in Sect.[{.5. In the right panel, we use the HMC
sampler [30] to sample from the posterior distribution of the coefficients {&;} as in Algorithm .
The black solid curve represents the true bounded function f,. The two black dashed thin curves
correspond to the lower and upper bounds functions f, and f, respectively. The red dashed (resp.
blue dashed-dotted) curve represents the MAP (resp. mAP) estimate (cf., Definitions [1] and [9).
The gray shaded area is the 95% pointwise confidence interval. The black stars represent the 50
training data generated from (1) using the true function fi and a true noise standard deviation of
Onoise = 0.25. First, we observe that both the prediction estimates and the confidence intervals in
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Figure 3: In the left (resp. right) panel, the true function and its estimates (MAP and mAP) are

plotted for the GP approximation of Model (M]) without (resp. with) boundedness constraints.
The 50 training data are represented by black stars, and the 95% pointwise confidence interval is
shown in gray. The lower and upper bounds functions are indicated by the two black dashed thin
curves.

the left panel do not satisfy boundedness constraints. Second, we observe that including the bounded-
ness constraints into the posterior distribution (right panel) results in more accurate predictions and
smaller confidence intervals compared to those produced by the unconstrained GP model (left panel).
Let us note that in the left panel, the MAP and mAP estimates coincide in the unconstrained case
according to the result in [17]. However, for the constrained case on the right panel, the MAP and
mAP no longer coincide. In this paper, the performance of the MAP estimate is further discussed,
with a particular focus on its behavior compared to that of the other estimate. Let us conclude this
example by noting that, based on this numerical experiment, the MAP estimate appears to perform
better visually than the mAP estimate. It is closer to the observed values than the mAP estimate.

Example 2 (Monotonicity and boundedness constraints). In this example, our aim is to show
the flexibility of the proposed Model in incorporating multiple types of inequality constraints
simultaneously. Additionally, we examine the behavior of the MAP estimate in terms of prediction
accuracy when the function is flat and close to upper and/or lower bounds at certain regions of D.
To do this, we consider the function fo(x) = 5.61/x + 10, which is increasing and bounded between
the following convex and linear functions on D:

fo(z) =42® +10 and fo(x) = 4 + 12.

— * — * — *

© — true function * «*| © | — truefunction * «*| © | — truefunction * **

- = MAP R - = MAP s - s
- ax -

<+ | <+

~— —

o o

— —

o _| o ]

- -

00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0

(a) Unconstrained (b) Monotonicity constraints (¢) Monotonicity and boundedness

Figure 4: GP approximation from Model (M})) satisfying different constraints.

Figure |4 shows side by side the unconstrained GP (left), Model (M| under monotonicity con-
straints (middle), and Model (My)) under both monotonicity and boundedness constraints (right).

11



The Matérn covariance function with v = 5/2 and 0 = 0.5 is used. The black stars represent the
training data generated from using fo and a true noise standard deviation o, = 1. We set
N =30 in and we use the HMC technique to sample from the posterior distribution of {&;}
as in Algorithm [1. The descriptions of the panels are identical to those in Figure[J We observe
that including monotonicity constraints improves the predictive accuracy and reduces the confidence
intervals in comparison to those generated by the GP without constraints (left panel). However,
they do not satisfy the boundedness constraints provided by the lower and upper bounds functions
(black dashed thin curves). Adding the boundedness constraints, as shown in the right panel, leads
to more accurate predictions and more realistic confidence intervals.

Example 3 (Boundedness in a non-convex region). In this illustrative example, we consider the
scenario where the true underlying function is bounded between two functions (a lower and an upper
bound) f, and f,, and the region between these bounding functions is non-convex. For example,
consider the case where the lower and upper bound functions are as follows:

fo(@) = (x— 052401 and f.(z)= { —z+0.8 ifze0,04]

0.5z +0.2 ifz € (0.4,1]

@ _rT QT
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o o
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Figure 5: GP approximation from Model (M;]) with and without boundedness constraints at the
right and left panels, respectively. The input domain is divided into two nonoverlapping subdomains
by a vertical red dashed line on the right, resulting in two bounded convex regions.

F igure@ shows fifty GP sample paths from Model with and without boundedness constraints
at the right and left panels, respectively. We use the Matérn covariance function with v =5/2 and
0 = 0.4. The black stars represent the training observations, where {x;} are generated uniformly
on [0,1] and the data {y;} are generated uniformly on [0,0.6]. The region between the lower and
upper bounds functions f, and f, is non-convex. However, the input domain, D, can be divided
imto two nonoverlapping subdomains at x = 0.4, yielding two conver regions. In that case, we apply
Proposition @ with QQ = 2 to get the matriz of constraints A = [AlT, AQT]T, and the lower and upper
bounds vectors:

=10 .0]" and u=[u, ujl".

As required in Proposition @ we impose x = 0.4 to be an element of the subdivision {t;}. We
use Algorithm |1| to get the posterior distribution of {&;}. Unlike the left panel, the sample paths
of the GP satisfy boundedness constraints everywhere. Let us note that these types of boundedness
constraints can be integrated with other inequality constraints, such as monotonicity or convexity
constraints, as shown in Example [

Example 4 (Sequential constraints). Model (M) is capable of incorporating different inequality
constraints sequentially at nonoverlapping intervals as shown in Figures[f] and [7 below.
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Figure 6: Left: GP model without any constraints. Right: GP approximation from Model
under monotonicity constraints on [0, 0.5] and under boundedness constraints on [0.5, 1]. The verti-
cal dashed line splits the input set into two nonoverlapping intervals at x = 0.5. The two horizontal
dashed lines represent the lower and upper bounds.

In Figure|d], the true underlying function is defined as fi(x) = (5—5.2z)log((z+1)/(2—x)). It
admits two different behaviors at two nonoverlapping intervals. Indeed, it is increasing on [0,0.5] and
bounded between —0.5 and 0.5 on [0.5,1]. We observe that adding sequential constraints significantly
reduces the 95% pointwise confidence intervals. The monotonicity and boundedness constraints
are satisfied at their respective subintervals when using the proposed approach under sequential
constraints, as shown in the right panel.

(<o
o
© | Pt
o *
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Figure 7: GP approximation from Model ([M})) under boundedness constraints on [0, 0.4] and under

both boundedness and monotonicity constraints on [0.4,1]. The vertical dashed line divides the
interval [0, 1] into two nonoverlapping subintervals at = = 0.4.

In Figure[7, the lower and upper bounds functions f, and f, are those used in Figure[5 The
mput domain 1s split into two nonoverlapping subdomains by a red vertical dashed line at x = 0.4.
We suppose that the underlying function admits two different behaviors within these two subdomains.
In the first subdomain [0,0.4], the function is bounded. In the second subdomain [0.4, 1], it is both
nondecreasing and bounded. Again, we applied Proposition |4 with Q) = 2, ensuring that x = 0.4 is
included as an element in the subdivision {t;}. The gray curves represent the GP sample paths from
Model under sequential constraints. The fifty black stars are the training data and the black
dashed thin curves are the lower and upper bounds (identical to those in Figure E’S]) The sample paths
respect boundedness constraints on the entire domain and nondecreasing constraints on 0.4, 1].

Let us recall that Model (M) has been generalized to multidimensional input spaces, as detailed
n [22]. For example, the convexity constraints with respect to two input variables or to only one
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variable are given in [21]. For simplicity, the two-dimensional case is considered. Next section shows
the performance and the flexibility of the proposed approach to incorporate multiple constraints,
such as monotonicity and boundedness (with lower and upper bound functions), as well as when
the bounded region is non-convex.

3.4 Multidimensional input spaces

The finite-dimensional GP approximation defined in can be extended to d-dimensional input
spaces by tensorization [22]. For simplicity of notatlons we focus on the case d = 2, with D? = [0, 1]2
and N7 x Ny knots located on a regular (or non regular) grid. Then, for any x = (xl, 15) € D?, the
finite-dimensional Gaussian approximation is given by

N1 N2

YNN2 () ) = Z 2571132 (1) h2 (w2), (18)

J1=172=1

where {h} } and {h? } are the hat functions defined in (4)), and &, ;, = Y'(t;,,t;,), with {(;,,;,)}
the knots. Similarly to the one-dimensional case, & = (&, ,) € RM*"2 is a zero-mean Gaussum
vector with covariance matrix I' as in @ Thus, we have the following results:

e For the case of monotonicity in two dimensions, the constraints to be satisfied are given by
Eiv1g > Epand &g > & forany j € {1,...,Ny—1}and ! € {1,..., Ny—1}. The constraints
for the monotonicity with respect to one of the two input variables can be computed in a similar
way [22].

e For the convexity in two dimensions, the constraints to be satisfied are given by

§r1i = &1 _ Gval = Gy and St — & Sz — Gt
tivi— 1t = tjp2 — i1 iy —t — tyo— T

for any j € {1,...,N; —2} and | € {1,..., Ny — 2}. The constraints for the convexity with
respect to one of the two input variables can be computed in a similar way.

e For the upper and lower bound functions, f, and f, respectively, that define a convex set,
the constraints are expressed as fo(t;, %) < & < fu(tj, ), for all j € {1,...,N;} and [ €
{1,..., Na}.

Remark 3. The boundedness constraints in the last item above can be extended to the case where
the region between the lower and upper bounds is non-convex. As in the one-dimensional case, the
only requirement is that the points where the input domain D? is divided into convex subsets must
be part of the discretization grid (see Example @

Example 5 (Numerical illustrations in 2D). The purpose of this numerical example is to demon-
strate the effectiveness of the proposed approach in the two-dimensional scenario. The flexibility of
Model i incorporating multiple constraints in two dimensions is highlighted.

Figure[§ shows an example where boundedness and monotonicity constraints in two dimensions
are imposed together. The two-dimensional squared exponential (SE) covariance function is used

xy — xh)? Ty — ah)?
k(z,z') = exp (_( 1291 U 2292 d ), x = (z1,22) € D?, (19)

where 61 and 05 are the correlation length hyperparameters. The one hundred training observations
(black stars) were generated using the Hypercube Latin from the R package lhs, Eq. , the function
f(z1,22) = 5.64/71 + 22+ 10, and a true opeise = 1. This function is monotone nondecreasing with

14



'%"" 2
2
22 2528

2
55
SRR

s 2l
':,:o.;"’.".

e
5558 20 5
2 K27

2504
.

Figure 8: The true nondecreasing and bounded function (left). The MAP estimate from Model
under boundedness constraints (middle) and under both boundedness and monotonicity constraints
(right). The gray surface represents the upper bound constraint, and the black stars represent the
training data.

respect to the two input variables and bounded from above by f,(x1,22) = 4x1 + x9 + 12. In this
figure, we illustrate the true function with the upper bound constraints on the left, the MAP estimate
with boundedness constraints in the middle, and the MAP with both boundedness and monotonicity
constraints on the right, side by side. The addition of multiple constraints enhances the accuracy of
predictions.
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Figure 9: In the left, middle, and right panels, the true bounded function (as well as the un-
constrained mean and MAP) are displayed along with the upper bound constraint function (gray
surface) and the training observations (black stars).

Example 6 (Boundedness in a non-convex region 2D). Figure @ tllustrates an example where
boundedness constraints form a non-convex region. As in Figure [§, the two-dimensional SE co-
variance function is used. The one hundred training observations (black stars) are generated
using the Hypercube Latin from the R package lhs, Eq. , the true bounded function f(xi,xz5) =
2(zy — 0.5)2 + X9, and a true ohise fized at 0.25. This function is bounded from above on the unit
square D? by the function f,(x1,z2) = 3(x1 — 0.5)* + zo. The boundedness constraints in this ex-
ample form a non-convex set. However, this set can be decomposed into two convexr subsets at two
nonoverlapping subdomains obtained by splitting D? at 1 = 0.5. As in the one-dimensional case,
the only requirement is to include the knots at x1 = 0.5 in the subdivision grid. Model 15 used,
where N1 and Ny are fized at 9. Thus, we have 81 knots and basis functions. We illustrate, side by
side, the true bounded function with the upper bound constraints and training samples on the left,
the unconstrained mean, i.e., ji. in in the middle, and , the MAP estimate on the right. Con-
trary to the MAP estimate, the unconstrained mean violates the upper bound constraints in certain
Tegions.
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4 Constrained GPs: C? approximation, p > 1

In this section, we generalize Model in order to provide smoother sample paths by proposing
new basis functions. The capability of this new model to incorporate multiple constraints such as
monotonicity with bounded slope constraints is investigated. Furthermore, a comparison of the
prediction accuracy between these models is included.

4.1 C" approximation with Model (A7)

In this section, shape constraints for continuous and differentiable functions f € C*(D,R) is con-
sidered. For example, the convex set C,, of nondecreasing functions is given by

= {f c CY(D,R) s.t. f'(x) >0, z € D},

As stated in [22], any at least differentiable function f can be written as f(x) = f(0) + [ f(t)
where f'(t) represents the derivative of f at t. Followmg the strategy of Sect. [3.1] u any dlfferentlable
function f can be approx1mated by fy(z) = f(0 )+ZJ L f'(t)¢,(x), for any x € D, where we recall
that ¢;(z) = [ hj(x)dz, for any € D.

Lemma 2 (Uniform convergence C). For any f € C'(D,R), the function fy = f(O)+Z§V:1 f'(tj)o;(z),
where {¢;} are defined in converges uniformly to f when N tends to infinity.

Proof. For any x € D, we have

[fn(z) = flo)] = f(0)+2f’(tj)¢j($)—(f(0)+

< / sup |f1(#) — F(p)dt.

[t —t| <A

The proof is done by following the reasoning of Lemma O

In Figure [10] right panel, the red solid curve is the deterministic function f(x) = 3, which
verifies monotomclty (nondecreasing) constraints. The black dashed curve, represented by fx(z) =
f(0) + Z] L f'(t;)¢;(x), is an approximation of f(z) using a uniform subdivision with N = 5
basis functions. The gray curves represent the basis functions {¢;} defined in . The black
stars represent the value of the true function at knots {¢;}. In contrast, the left panel shows the
approximation of f’(z) = 3x? (red solid curve) using the derivative of our proposed approach fj’\,
(black dashed curve) and the hat functions {h;}.
Now we consider the second model proposed in [22]

V(@) = YO0 + YV (1)6,(w) =6+ Y E6y(a). weD, (M)

where, we denote by & = Y'(t;), forany j € {1,..., N}, § = Y (0), and {¢;} are the basis functions
defined in . A comparison between Models and is studied later in this section. The
proposed approach, i.e., Model is also applicable for non-uniform subdivision as in Sect. .
This model has been considered in [44] for revisiting the proton-radius problem, and more recently
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Figure 10: Left: the approximation of f’(z) = 3z (red solid curve) by the derivative of the proposed
approach f]’V (black dashed curve) together with the hat functions {%;}. Right: the approximation
of the monotone nondecreasing function f(x) = 3 (red solid curve) by the proposed approach fy
(black dashed curve) together with the basis functions {¢,} (gray curves). A uniform subdivision
is used with N = 5 basis functions and knots.

in [45] to describe the mass-shifting phenomenon of the truncated MVN distribution for a flat region
problem. Since (Y ()),ep is a zero-mean GP, then the vector [Y (¢),...,Y (ty)]" is also zero-mean,
and Gaussian [33]. By [10, B1], we know that [Y'(¢;),...,Y"(ty)]" is still a Gaussian vector with
covariance matrix

32

Gj,l = COV(§j>fZ) = m

k(tj, t), Vij,le{l,...,N},
where we recall that k is the covariance function of the original GP Y. Therefore, the covariance
matrix of the Gaussian vector & = [y, &1, ..., &n] " is given by

0
Fe ( 8kl§o, 0) Wk;(o,tl)) ¢ ROVHD?.
oz (tj70) ijl 1<jI<N

Thus, & ~ N (0On41,T) as in Sect. [3.1] where, Oy is the (N + 1)-dimensional zero vector.

Proposition 3 (Monotonicity and bounded slope). If the GP approzimation YN is defined as in
(M), then, YV is nondecreasing (resp. monincreasing) and (YN)'(z) € [¢,u], for any x € D if and
only if & € [(,u] for any j € {1,..., N}, where the lower bound { is nonnegative (resp. the upper
bound w is nonpositive). This property can be extended to bounded slope constraints at a subset of
D (see the right panel in Figure @)

The linear inequality constraints on the coefficients {{;} in Proposition [3| can be written in a
matrix form as follows

<AL <w,

where £ and u are the m-dimensional vectors representing the lower and upper bounds, and A is
the m x (INV 4+ 1) matrix of constraints, with m number of linear constraints. Since the lower bound
vector £ is nonnegative, incorporating monotonicity and bounded slope constraints requires only
m = N linear constraints on the basis coefficients {¢;}.

Proof of Proposition[3. We have for any x € D
N N N
YN@) =&+ &o5(a) = (YV)(@) =) &hyle) =Y YN (t)hy(2),
j=1 J=1 J=1
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where {h;} are the hat functions defined in (4f). The above right hand side equation corresponds
to Model ([M3). So, the bounded slope constraints (YV)'(z) € [¢,u], for any x € D is equivalent to
& € [, u], forany j € {1,..., N}. This concludes the proof of the proposition since the monotonicity
(nondecreasing) constraints are equivalent to the nonnegativity of the coefficients {¢;}. O

Corollary 1. If YV s defined as in Model (M), and f, and f, are lower and upper bounds
functions such that the region between these two functions is convez, then, (YN) (z) € [fo(x), fu(z)]

for any x € D if and only if & € [fi(t;), fu(t;)], for any j € {1,...,N}.
Proof. The proof is similar to the one given in the first item Proposition [I} O

Remark 4. The result in Corollary |1 can be extended to include bounded slope constraints on
subsets of D, as well as non-convex regions between lower and upper bounds functions f, and f,,
by decomposing the input domain D into nonoverlapping subdomains with convex regions. As in
Proposition [d, the only requirement is to include the intersection extremities of the subdomains in
the subdivision {t;}.

Proposition 4 (Multiple constraints (My). If the GP approzimation Y is defined as in (My)),
then,

e Monotonicity and boundedness: Y™ is nondecreasing and nonnegative (resp. nonincreasing
and nonpositive) if and only if {&;} are nonnegative (resp. nonpositive) for any j € {0,..., N}.

o Converity: YV is convex if and only if & < &1, for any j € {1,...,N —1}.

e Monotonicity and convezity: YV is monotone (nondecreasing) and conver in the entire do-
main if and only if 0 < & < ... <&y
This leads to only m = N linear constraints on the basis coefficients {£;} according to the

notation in .

o Monotonicity, convezity and boundedness: Y is nondecreasing, convexs, and nonnegative if
and only if 0 < & < ... <&y and & > 0.

Proof. 1f Y is nondecreasing then from Proposition [3|the coefficients {£;} are nonnegative, for any
j€{l,...,N}. Since Y (z) is nonnegative for any x in D, in particular & = Y (0) is nonnegative.
Now, if {£;} are nonnegative, for any j € {0, ..., N}, then Y" is nondecreasing (from Proposition
and nonnegative since the basis functions {¢;} are nonnegative.

In one hand, if Y is convex, then (YV)" is nondecreasing. In particular, (YV)'(¢;) < (YY) (¢;11)
which implies that & < ;41 for any j € {1,..., N —1}. In the second hand, if §; < & for any
je{l,...,N—1}, then (Y?) is nondecreasing since (Y)'(z) = Zjvzl &;hj(x), which is a piecewise
linear function. The last two items are obvious. ]

Corollary 2. The bounded slope constraints from Proposition [3 can be combined with the ones
provided in Proposition [}

As in Sect. , the GP approximation defined in (M) with both noisy observations and in-
equality constraints is considered:

YV (2) = & + iéqﬁ( ) st YN(x;) + ¢ =y (noisy observations);
A — JPINE) B yNec (inequality constraints).
j:

where z; € D is the input, y; € R is the output and ¢; > (0, 02, .), with o2 . the noise variance.
Given a set of design points X = [z1,...,2,]", the noisy observations can be written in a matrix
form as follows:

P +e=y,
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where y = [y1,...,yn]" is the vector of observations, € = [e,...,¢,]" is the noise Gaussian vector
and @ is the n x (N + 1) matrix defined by
s 1 if j = 1;
S ¢j—1($i) fOl"j =2,...,N+1.

Following the strategy in [22] and (8], the conditional distribution of Y under both noisy obser-
vations YV (X) + € = y and inequality constraints Y € C can be obtained from the conditional
distribution of & given P+ e =y and £ < A& < u

®¢ + € =y (noisy observations);

£ < A <u (linear inequality constraints). (20)

6 ~ N(0N+1, F) s.t. {
As stated in Sect. [3.2] the performance of samplers depends only on the number of knots N, and
therefore, for a large number of observations, it is possible to keep N much smaller than n. One can
follow the procedure in Sect. and Algorithm [I{ to sample from the posterior distribution as
well as to get the MAP and mAP estimates:

MY @) = g+ 3 30(x) = (1. 9@) (21)
m¥(2) = E[Y V@) [Y¥(X) +e = 9. YV €] = [1 () s,

for any 2 € D, where ¢(x) = [¢1(z), ..., on(2)]T, " = [1g, ..., puy] " = argming gy {2z T 2| @2+
€ = y,€ < Az < wu} is the posterior mode computed as in and p, = E[€|PE+ €=y, L < A& < u
is the posterior mean which is computed from simulations.

Remark 5 (Model (M) versus Model (My)). Before summarizing the differences between both
models (M) and (M), let us note that they provide similar results in terms of prediction accuracy,
particularly when using the MAP estimate.

e Model is more flexible than Model . Indeed, with Model one can incor-
porate different type of constraints like monotonicity, convexity and boundedness in convex
or non-convex regions. Additionally, these constraints can be incorporated either together or
sequentially. Furthermore, Model is generalized to multidimensional cases [22)].

o With Model , the monotonicity (nondecreasing) constraints are equivalent to the nonneg-
ativity of the basis coefficients {€;}, which can be an advantage for the sampling procedure.
For example, the authors in [34] proposed an efficient algorithm for sampling a Gaussian
vector truncated on the positive orthant. Additionally, Model provides smoother sample
paths compared to Model , which only provides continuous sample paths. Furthermore, as
shown in Proposition@ the slope of the sample paths can be controlled. Model allows the
imposition of multiple constraints, such as monotonicity, convexity, negativity/positivity, and
bounded slope constraints, leading to improved prediction accuracy and less restricted credible

intervals. In terms of prediction accuracy, both models provide similar results under the same
parameters, but Model (M) has more stability (see Figure .

4.2 (C? approximation, p > 2 with Model (M)

The sample paths generated from Model (M) are differentiable. This means that the derivatives of
order zero and one are continuous. This is because the basis functions {¢;} are the primitive of the
hat functions {h;} which are only continuous. The differentiability of the sample paths generated
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from (M) can be generalized to any class C?, p > 1. For example, to obtain sample paths that are
twice differentiable, it is sufficient to define a hat basis function that is differentiable, as follows:

kj(z) = k(z —t;/An) and ;(z) :/o r;(t)dt, where (22)
=223 =322+ 1 ifx e [-1,0];
k() =< 228 -322+1 ifx e (0,1]; (23)
0 otherwise.

The function x can be seen as the cubic Hermite spline defined on [—1,1]. It is clear that  is a
differentiable function on R and that {r;} is also differentiable. This implies that {¢;} are twice
differentiable. Additionally, x;(t;) = d,;, where §;, is the Kronecker’s delta function equal to one
if j = [ and zero otherwise. Furthermore, the ‘new’ hat functions {x;} admit the following nice
property Z;VZI k;j(z) = 1, for any x € D. This property plays an important role in the bounded
slope constraints that are added to the proposed approach, as well as in the convexity constraints
(see Proposition @ below). Following the strategy of Sect. , any differentiable function f can be
approximated by

N
Fu(@) = F0)+ D f(t)(), (24)
j=1
for any x € D.
o
2 - _
o | derivative df | S 1 — true function f _
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o _| e ]
© | I I I I I 1 I I I I I
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Figure 11: A uniform subdivision is used with N =5 basis functions and knots. Left: f’(z) = 322
(red solid curve) and fj (black dashed curve) together with the ‘new’ hat functions {s;} (gray
curves). Right: the monotone nondecreasing function f(x) = x® (red solid curve) and the proposed
approach fN in (24) represented by the black dashed curve, together with the ‘new’ basis functions

{v;} (gray curves).

In Figure [11] a uniform subdivision of the domain D = [0, 1] is used with N = 5 basis functions
and knots. The non-uniform subdivision case is straightforward. In the left panel, we show the
‘new’ hat functions {r;} as well as the derivative function f’(z) = 3z? approximated by f]’\,(x) =
Zév:l f'(t;)k;(z). The right panel shows the deterministic function f(z) = z* (red solid curve),
which verifies monotonicity (nondecreasing) constraints and the proposed approach fy(z) = f(0)+
Z;VZI f'(t;)¥;(z) (black dashed curve). The gray curves are the basis functions {t;} defined in (22)).
The use of the basis functions {¢,} as in leads to differentiable GP sample paths of class C?.
The slope of the sample paths can also be controlled, as show in Proposition [6]

Proposition 5 (Bounded slope C?). Let f be a continuous and differentiable function on D over
R, ie., f € CYD,R), and fy(z):= f(0) + Zjvzl f'(t);(z), for any x € D. Then

ful@) elbu], vee D <  f'(t;) €llu], Vje{l,...,N},
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where € and u are the lower and upper bounds respectively.

Proof. Tn one hand, if fi () € [¢,u] for any = € D, then, in particular f'(t;) = fi(t;) € [¢,u]. In the
other hand, if f'(¢;) € [¢,u] for all j € {1,..., N}, then, for any = € D their exists [ € {1,...,N—1}
such that = € [t;,t;41]. Therefore,

Fn(@) = mi(@) f'(t) + s (@) f (i)

This is because () = 0 for any j # {l,{ + 1}. Thus, the prove of the upper bound is as follows:

fa(@) = mi(@) f'(t) + mia (@) (i) < (Ra(@) + g (2))u = u.
The lower bound is done similarly, which completes the proof of the proposition. O

In that case, the proposed approach is defined as follows:

yN + Z Y/ 50 + Z gjwj 7 Vo € Da (Mw)

where, the basis functions {¢;} are defined in (22), & = Y(0) and & = Y'(¢;), for any j €
{1,...,N}.

Proposition 6 (Multiple constraints (My). If Y is defined as in (My)), then
o the sample paths generated from YN are twice differentiable.
e Monotonicity: YV € C,, if and only if {;} are nonnegative, for any j € {1,...,N}.

e Monotonicity and bounded slope: YN € C,, and (YN)(z) € [(,u], for any x € D if and only
if {&} are in [0, u], for any j € {1,..., N}, where {,u € Ry are the lower and upper bounds
respectively.

e Monotonicity and boundedness: Y™ is nondecreasing and nonnegative if and only if {¢;} are
nonnegative, for any j € {0,..., N}.

o Convezity: YN € C. if and only if & < &1, for any j € {1,...,N —1}.

e Monotonicity and convexity: YV € C,, NC, if and only if 0 < & < ... < &n.

e Monotonicity, convezity and boundedness: Y is nondecreasing, convex, and nonnegative if
and only if 0 < & < ... <&v and & > 0.

Proof. The first item is done by the fact that the basis functions {¢;} are twice differentiable.
For the second one, if YV is nondecreasing, then (YV)'(x) > 0 for any * € D. In particular
(YNY(t;) = & > 0 for any j € {1,...,N}. Now, if & > 0 for any j € {1,..., N}, then, YV is
nondecreasing since the basis functions {¢;} are nondecreasing too. For the third one, if Y is
nondecreasing and nonnegative then {{;} are nonnegative for any j € {1,..., N} and in particular
& = YN(0) > 0. Now, if {¢;} are nonnegative for any j € {0,..., N}, then YV is nondecreasing
and nonnegative since the basis functions are nonnegative. The fourth one is a simple consequence
of Proposition . For the fifth one, in one hand if YV is convex then (Y")" is nondecreasing. In
particular, (Y?V)'(¢;) is nondecreasing which implies that £; < &1, for any j € {1,...,N —1}. In
the other hand, if ; < ;41 for any j € {1,..., N — 1}, then it is sufficient to prove that (YV)" is
nondecreasing. Two cases should be verified. The first one, their exists j < [ such that x € [t;,;41]
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and 2’ € [t;,1;41]. This is the simple case since (YV)(z) € [§,&41] and (YV)'(2') € [&, &)
Indeed,
& =& (kj(@) + Ky (2)) < §Rj(a) + Gk () = (YY) (2) < &

-~

=1
The second one, their exists j € {1,..., N — 1} such that x < 2’ € [t;,t;41]. In that case, we have

YY) (@)= (Y)(2) = &ri(a) + Erin (@) — (§k(@) + k(@)
= &i(ri(a") = mj(2) + &R (2)) — Kjpa ()
= (i) = mipa (@) = &R () — Rjpa(a’))

(Rjr1(@) = £ (7)) (§ = §41) = 0.

S

-~

<0 <0

The sixth is a simple consequence of the previous two items. For the last one, it is enough to prove
thatif 0 < & < ... <&y and & > 0, then YV € C,,NC. and is nonnegative as the basis functions are
nonnegative. Conversely, if Y is nondecreasing, convex, and nonnegative, then 0 < & < ... < &y
and, in particular, & = Y~ (0) > 0. O

Remark 6. In this section, the smoothness of the sample paths of Model has been investigated,
with a focus on its differentiability in class CP, for p > 1. The function k, as given in , has a
differentiability of class C1. This implies that the sample paths from are twice differentiable.
For example, to obtain sample paths that are differentiable up to order three (i.e., class C?), it is
sufficient to define k as follows

—32% — 8% — 622 +1 ifx€[-1,0];
k(x) =< =3zt +8z% - 62 +1 ifx e (0,1]; (25)
0 otherwise.

It is straightforward to verify that k is a differentiable function of class C?. Adopting the same
approach, we define k; and 1; as follows:

kj(x) = k(zx —t;/AN) and Y;(z) = / k;(t)dt.
0
Finally, let us recall that the functions {k;} verify the following two fundamental properties:

ki(t) =650, Y5, 0l=1,...,N;
N

Zﬂj(l‘) =1, VrxeD,
j=1

where we recall that 6;; is the Kronecker’s delta function equal to one if j =1 and zero otherwise.

4.3 (P approximation, p > 2 with Model (M)

In this section, we first consider the convexity constraint for continuous and twice differentiable
functions f € C2%. Thus, the convex set C, is given by

C.={feC*D,R)st. f'(x) >0, z € D},

where f” represents the second-order derivative of f. As stated in [22], any at least twice differen-
tiable function f can be written as f(z) = f(0) +zf'(0) + [, fo f"(u)dudt. Following the strategy
of Sect. [3.1] any twice differentiable function f can be approxunated by

fn(x) = £(0) +2f'(0) + Z f(t (26)
for any « € D, where {¢;} are given in ( . As in Sect. u and I, we recall the following result:
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Lemma 3 (Uniform convergence C2). For any f € C*(D,R), the function fx defined in (26)
converges uniformly to f when N tends to infinity.

Proof. The proof is similar to the one given in Lemma [2| O]

In that case, we consider the following model

YN(@) ==Y (0) + Y'(0)z + Y _Y"(t;)p;(z) = & + & + Zgjgaj@), reD, (M,

j=1
where we denote by & = Y(0), §& = Y'(0), and &; = Y"(¢;), for any j € {1,...,N}. In this case,
Y is convex (resp. concave) on D if and only if {;} are nonnegative (resp. nonpositive) for any
je{l,...,N}.

Proposition 7 (Multiple constraints (M,)). If YV is defined as in (M), then
e Monotonicity and convexity: YN € C,, N C,. if and only if & > 0 for any j € {0,...,N}.

o Monotonicity, convezity and boundedness: YN € C,, NC, and YV is nonnegative if and only
if § >0 and & >0, for any j € {0,...,N}.

Proof. On one hand, if YV € C,, NC,, then for any j € {1,...,N}, {{;} are nonnegative and
(YV)(0) =& > 0. On the other hand, if {¢;} are nonnegative for any j € {0,..., N}, then for any
r €D, (YN (z) = Z;VZI &ihj(z) > 0 and (YN (2) = & + Zé\lengbj(.T) > ( since ¢;(z) > 0 for

any € D. The second item is obvious. O]

Remark 7. The sample paths generated from Model (M) are twice differentiable. As in Sect.
the smoothness of the sample paths can be generalized to class CP, for any p > 2 by defining smoother

hat functions like ones given in and .

Performance illustrations of Model (M,
The aim is to illustrate Model (M,|) and to demonstrate the superior prediction accuracy of the
MAP estimate over the mAP estimate.

S i — true function
Q true fuhctloan S _ - MAP x
S - = approximated fy 1| o « = mAP
S S
S o
g | S * *
o [ | | | | | |
00 02 04 06 08 1.0 00 02 04 06 08 1.0

Figure 12: Left: The approximation of the convex function f3(x) = (x — 0.5)* is shown by the red
solid curve, while the proposed approach fN is represented by the black dashed curve, along with
the basis functions {¢;} shown in gray curves. The approximation is obtained using a uniform
subdivision with N = 10 basis functions and knots. Right: The GP approximation obtained from
Model under convexity constraints is shown.

Figure[12] (left) shows the true convex function f3(x) = (#—0.5)* (red solid curve), approximated
by the proposed approach fy (black dashed curve) using a uniform subdivision with N = 10
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basis functions. The black stars represent the values of the true function f; at the knots {t,;}.
Figure 12| (right) shows the GP approximation from Model with convexity constraints. We fix
N = 30 and use the SE covariance function (see Table (1)), with a nugget effect of order 1078. The
black stars represent the 50 training data generated from using f3 and a true oy = 0.01. To
sample from the posterior distribution of the coefficients {¢;} as in Algorithm , we use the efficient
HMC technique developed in [30].

To rigorously compare the MAP and mAP estimates in terms of prediction accuracy, we propose
to generate a dataset of size n = 500 from with f3 and a true o,0s = 0.01. This dataset is
randomly split into training set of size 300 and testing set of size 200. We propose to place a
uniform prior distribution on the correlation length parameter 6 ~ ¢(0.1,1). In that case, we get
an average mean squared prediction error (MSPE) over 1,000 replicates equal to 1.85 x 107 when
using the MAP estimate, and equal to 1.92 x 1072 when using the mAP estimate. Let us mention
that the mAP estimate is computed by averaging 1,000 samples generated from the efficient HMC
technique.

4.4 Comparison between Models (M), (My) and (M)

In this section, a comparison between Models (M), (M) and (M,)) in terms of prediction accuracy
is investigated. To do this, we consider the monotone nondecreasing function f,,, given in (27) and
the convex function f3(z) = (z — 0.5)* (shown in Figure [12)).

— ‘\ - - model (M)

- v —— model (M,)

— v - - model (M)
— ' —— model (M,)

MSPE for mAP
0.040 0.055 0.070

MSPE for MAP
0.040 0.055 0.070

5 10 15 20 25 30 5 10 15 20 25 30
Dimension N Dimension N
Figure 13: The average MSPE over 25 replicates as a function of the dimension N is shown using

the MAP (resp. mAP) estimate for Models (My]) and (M) in the left (resp. right) panel.

Figure shows the average MSPE over 25 replicates as a function of the dimension N. A
dataset of size n = 500 generated from using f,,, and a true oy = 0.5 is randomly split into
training set of size 300 and testing set of size 200. The Matérn covariance function with v = 5/2
and 6 = 0.5 has been used. The left panel shows results using the MAP estimate, while the right
panel shows results using the mAP estimate. We observe that the average MSPE obtained with
the MAP estimate is smaller than that obtained with the mAP estimate. The difference between
the two models is more pronounced when N is small, but becomes less significant as N increases.
For N around 10, both models provide approximately the same MSPE.

In Figure , the three Models , and are compared in terms of MSPE. A
dataset of size 500 generated randomly from with f3 and a true o, = 0.01 is split randomly
into 300 training samples and 200 testing samples. The SE covariance function has been used with
correlation length parameter 6 fixed at 0.5. As for the monotonicity case (Figure [L3)), we observe
that the average MSPE obtained with the MAP estimate is smaller than that obtained with the
mAP estimate. The difference between the three models is more pronounced when NV is small, but
becomes less significant as N increases. As expected, Model provides the least average MSPE
for the MAP estimate.
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Figure 14: The average MSPE over 25 replicates as a function of the dimension N is shown using

the MAP (resp. mAP) estimate for Models (M), (M), and (M) in the left (resp. right) panel.
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Figure 15: The average 95% posterior coverage over 25 replicates as a function of the dimension N
is shown using the Matérn v = 5/2 (resp. Matérn v = 3/2) for Models (M) and (M) in the left
(resp. right) panel.

Finally, in Figure , the average 95% posterior coverage (the estimated value should include
a 95% chance that the true value lies within it) over 25 replicates for Models and is
displayed as a function of the dimension N. As before, the monotone nondecreasing function f,,,
given in is used as a test function which presents a challenge situation since this function is
approximately flat on [0.7,1]. The Matérn covariance function with v = 5/2 is applied in the left
panel, and v = 3/2 is applied in the right panel. As expected, Model performs better than
Model in terms of posterior coverage for both scenarios, as the corresponding coverage is closer
to 95%. This is related to the smoothness of the sample paths generated by both models, which
confirms the frequentist coverage results presented in [43]. We also observe that, on average, the
Matérn covariance function with a smoothness parameter of v = 5/2 provides posterior coverage
closer to 95% than that provided by the Matérn covariance function with v = 3/2. Additionally,
both cases show a decreasing posterior coverage as the dimension N of the basis coefficients {;} in-
creases. This confirms the result from [45], which demonstrated that the mass-shifting phenomenon
is more pronounced in high-dimensional truncated vectors.
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4.5 Performance of the MAP estimate

The aim of this section is to show the performance of the MAP estimate in terms of prediction
accuracy in different situations. A variety of functions is considered:

3
1+ exp{—10x + 2.1}

Jmi () = (B — 3>31[0.6,1] (x),
100

Jma (1) = ﬁzj_l'7sin(j) x cos(m(j — 0.5)(1 = 2)),  fin,(2) = 527, (27)

S ()

for x € [0,1]. The function f,,, is monotone (nondecreasing) and flat on [0,0.6]. However, f,,, and
fms are approximately flat on [0.7,1]. The last function f,,, is an increasing function on the whole
domain [0, 1]. Let us mention that only the function f,,, is decreasing in certain regions which allows
us to evaluate the performance of the proposed approach under slight model misspecification.

| functions | methods | MSPE (total) | MSPE (flat) | MSPE (increasing) |

MAP | 1355 (4.97) | 4.39 (1.87) 19.27 (7.59)

Foun DGL | 11.36 (2.62) | 8.13 (1.95) 14.71 (4.79)
IGL | 13.44 (2.62) | 9.86 (1.70) 17.32 (5.23)
TMVN | 65.63 (7.21) | 14.53(2.59) 102.6 (11.16)

MAP | 7.46 (1.65) | 3.94 (2.31) 8.63 (1.99)

Fno DGL | 829 (L78) | 7.13 (2.64) 8.56 (2.32)
IGL 9.55 (1.92) | 8.40 (2.61) 9.84 (2.54)

TMVN | 832 (2.11) | 8.61 (2.91) 7.94 (2.75)

MAP | 7.84(1.47) | 5.23 (2.23) 8.78 (1.79)

Fns DGL | 7.76 (L.74) | 9.16 (2.9) 6.87 (1.87)
IGL 7.72 (1.74) | 8.57 (2.45) 7.18 (1.74)

TMVN | 11.36 (1.33) | 15.27 (2.85) 8.97 (1.76)

MAP | 9.44 (1.89) - 9.44 (1.89)

Frus DGL | 8.67 (2.15) - 8.67 (2.15)
IGL 9.34 (2.16) - 9.34 (2.16)

tMVN | 5.68 (1.61) - 5.68 (1.61)

Table 2: The average of the MSPE x10? (standard deviation x10?) over one thousand replicates
for different functions and methods. Model (M) has been used to compute the MAP estimate.

The simulation studies are based on a dataset of size n = 500 generated from using the true
functions and a true o = 0.5. The dataset is randomly split into training set of size 300
and testing set of size 200. Table [2/ summarizes the average of the MSPE x10? (standard deviation
x10%) over one thousand replicates for the four true functions using different approaches. To
evaluate the performance between the flat and increasing regions separately, we additionally report
the average partial MSPEs for each region: MSPE (flat) for the flat portion and MSPE (increasing)
for the increasing portion, in addition to the overall average MSPE. To avoid overfitting, we set
N = |ny /8] as in [45], where ny, is the number of training samples fixed at 300. In that case, the
MAP estimate provides the same MSPE results when using different models (see Section .

The Matérn family of covariance functions is used with smoothness parameter v ~ ¢/(0.5,1) and
correlation length parameter 6 ~ U(0.1, 1) generated at each replicate as in [45]. For flat regions, the
MAP estimate outperformed the shrinkage approaches of [45] (IGL,DGL and TMVN). This confirms
the robustness of the MAP estimate for capturing flat regions. According to the MSPE criterion,
the MAP estimate is twice (resp. three times) more efficient than IGL and DGL (resp. TMVN)
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when using f,,, over the flat region. This was also seen when calculating the total MSPE for f,,,,
where the proposed approach had a slightly lower standard deviation than the shrinkage approaches
(IGL, DGL, and TMVN). This again confirms the stability of the MAP estimate provided by the
proposed approach. Let us recall that the MAP estimate is computed from a quadratic optimization
problem given by equation (17). Finally, it should be mentioned that the simulation studies are
conducted without any additional constraints.

only monotonicity constraints monotonicity and bounded slope constraints
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Figure 16: GP approximation from Model satisfying monotonicity constraints (left panel),
monotonicity and bounded slope constraints (right panel). The panel description is the same as in
Figure , with zoomed-in inset plots where x € [0.7,1]. The green vertical dashed line in the right
panel represents the starting location of bounded slope constraints.

Figure shows the GP approximation from Model with monotonicity constraints only
(left panel) and both monotonicity and bounded slope constraints (right panel). The function
fmo(x) = m is considered. This function is interesting because it is monotonically
increasing and almost flat over the interval [0.7,1]. We used the Matérn covariance function with
v = 5/2 and the efficient HMC technique [30] to sample from the posterior distribution of the
basis coefficients {£;}. The black solid curve represents the function f,,,, while the red dashed
(resp. blue dashed-dotted) curve represents the MAP estimate (resp. mAP estimate). The gray
shaded area represents the 95% pointwise confidence interval. The black stars are the 300 noisy
observations generated from using f,, and a true noise standard deviation of opuse = 0.5. The
green vertical dashed line in the right panel corresponds to the starting point where the bounded
slope constraints are imposed. In the right panel, we impose an upper bound slope constraints on
the proposed approach in the flat region [0.7,1]. In the left panel, we observe that the pointwise
95% confidence intervals fail to capture the true nondecreasing function f,,, for a substantial part
of the input domain. This is due to the mass-shifting phenomenon highlighted in [45]. Including
bounded slope constraints (right panel) provides smaller and more realistic credible intervals as
compared to those without such constraints (left panel). Let us mention that the MAP estimate
is robust in both scenarios, with or without bounded slope constraints. This is because the MAP
estimate converges to the constrained optimal smoothing function (as proved in [I5]). Additionally,
the mAP estimate tends towards the MAP estimate when bounded slope constraints are added,
as seen in the right panel. Finally, the average 95% posterior coverage over 25 replicates is equal
to 78% when using the proposed approach with only monotonicity (nondecreasing) constraints.
However, it increases to 89% when adding the bounded slope constraints. Thus, by adding multiple
constraints, the prediction accuracy is improved as the posterior coverage is closer to 95%.
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5 Real-world data applications

5.1 Light detection and ranging (LiDAR)

In this section, the proposed approach developed in this paper was applied on the light detection and
ranging (LiDAR) real-world data that consist of 221 observations from a LiDAR experiment and
it contain information on range and logratio. The predictor range represents the distance travelled
before the light is reflected back to its source, however, the response variable logratio represents the
logarithm of the ratio of received light from two laser sources. This real-world data is available from
the R package HRW. The data suggest that the underlying function is nonpositive and monotone
nonincreasing with a flat region when the range is less than 550.

monotone constraints monotone and negative constraints
o | o
o | W* % o | W* %
o _| * '% o _| IR
= . = &
T . T
— - * * — - *
o7 - - MAP s Jr | 29 - - MAP ?ﬁi&w’*’* *
o — *\#;* 5 % * o — SREE % n*
- - mAP P TEGSGAx | T - mAP Fore TRL Rk
_ * . - * Ty
o * e w* o * e w*
— ~—
| I I I I I I I | I I I I I I I
400 500 600 700 400 500 600 700
range range
monotone, negative, and bounded slope
e N
S 7| et N,
i) — * B ek
o< &,
= O *'é** ’i' *
2 - - MAP > e
— *
= =+ mAP PR A
— * e H® 4
o -
' I I I I I I I
400 500 600 700
range

Figure 17: Estimation accuracy of the proposed approach applied on LiDAR data. The red dashed
curve corresponds to the MAP estimate, while the blue dashed-dotted corresponds to the mAP
estimate. The black stars represent real-world data, and the gray shaded area represents the 95%
pointwise confidence interval.

In Figure , the proposed approach using Model has been applied to the n = 221 LiDAR
data (shown as black stars). We fix N = |n/8] to avoid overfitting (this choice is justified later
in this section), and we use the Matérn covariance functions with v = 5/2. The red dashed curve
represents the MAP estimate, while the blue dashed-dotted curve represents the mAP estimate.
The gray shaded area corresponds to the 95% pointwise credible interval. Top left: Model
satisfying monotonicity constraints only. We observe that, unlike the MAP estimate, the credible
interval and mAP estimate fail to follow the behavior of the data in the flat region (range less than
550). To rigorously compare the MAP and mAP estimates in terms of prediction accuracy, we
propose to place a uniform prior distribution on the correlation length parameter 6 ~ U(50,300)
as well as on the noise standard deviation oy ~ U(0.1,0.5). By randomly splitting the total
dataset of size 221 into 80% training and 20% testing datasets, we obtain an average MSPE over
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one thousand replicates of 8.23 x 1072 when using the MAP estimate and 9.76 x 1072 when using
the mAP estimate. Top right: we added nonnegativity constraints (as per Proposition and
found that, once again, credible intervals as well as the mAP estimate fail to capture the flat
region. Bottom: we added bounded slope constraints in the flat region between the green vertical
dashed lines (see Proposition . In that case, we observe that both the mAP estimate and the
95% pointwise credible interval follow the observations and capture the flat region. The proposed
model with triple inequality constraints seems to align with the data better, specifically over the
flat region and when logratio starts to decreases. We also observe that the mAP estimate tends
towards the MAP estimate, which behaves well in all three situations. As expected, adding multiple
constraints improves the prediction accuracy of the proposed approach (MAP and mAP estimates)
as well as the behavior of the posterior distribution, which provides more realistic pointwise credible
intervals.

For the estimation of the correlation length parameter 6, and the noise standard deviation oyise,
we propose an adjustment of the 5-fold CV technique based on minimizing the MSPE using the
MAP as an estimator. The procedure is as follows:

~ ‘ 1 & .

(97 Unmse)CV arg min n, 22:1: (Z/z yz) ) (28)
where 7; is the value of the MAP estimate MY at the test point a;, which depends on oy and 0,
and n; is the number of test samples, representing 20% of the total dataset.

Now, we analyze the value of the number of grid points N as a function of the number of
samples n. Its value influences the prediction accuracy of the proposed approach. In order to avoid
overfitting, it is more reasonable to choose the number of grid points N to be smaller than the
number of training samples n. We consider the case where N € {n, |n/2], [n/4],|n/8]} to conduct
a thorough analysis on our real-world dataset.
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Figure 18: MSPEs as a function of the correlation length parameter 6 using 5-fold CV technique
for different values of N € {n,|n/2],|n/4],|n/8]} and standard deviation opese = 0.1 (resp.,
Onoise = 0.5 and opeise = 1) in the left (resp., middle and right) panel.

Figure[18|shows the 5-fold CV MSPEs repeated fifty times as a function of the length parameter
6 € {5,50,100,200,300}, with N € {n, |n/2], |n/4], [n/8]}. We fix oyoise = 0.1 (resp., Opnoise = 0.5
and opeise = 1) in the left (resp., middle and right) panel. First, we observe that in all three
situations, the MSPE drops rapidly for small values of the correlation length parameter 6, and
then increases for larger values of . Second, we also observe that using a smaller number of
discretization points, N = [n/8], results in lower MSPEs. Third, we observe that the optimal value
of the correlation length parameter # depends on the noise standard deviation parameter oygise-
A small value of g, leads to an optimal MSPE for a large value of #, and vice versa. These
numerical experiments guided us to choose N = |n/8] for the remainder of this study.

For hyperparameter estimation, we use the NLopt optimization tools from [16], specifically
the Constrained Optimization BY Linear Approximations (COBYLA) [32] optimizer. This choice
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was justified by numerical comparison tests with the optim function in R, which showed that the
COBYLA optimizer method provided more accurate results for estimating the correlation length
and noise standard deviation parameters 6 and oy, respectively. Let us mention that a multistart
optimization was conducted using ten initial vectors of the correlation length parameter 6 € [40, 200]
and the noise standard deviation parameter oy € [0.05, 1].

5.2 Nuclear safety

In this section, we investigate the performance of the proposed model using real-world data provided
by the Institut de Radioprotection et de Sret Nuclaire (IRSN) in France. We studied the nuclear
reactor of the uranium sphere known as the Lady Godiva device, located at Los Alamos National
Laboratory (LANL) in New Mexico, U.S. The reactor’s output increases with respect to two input
parameters: its radius, which ranges between 0 and 20 cm, and its density, which ranges between
10 and 20 g/cm?.

Figure 19: 3D visualization of Godiva’s training samples (black crosses) with mAP (left panel) and
MAP (right panel) estimates. The noise standard deviation is fixed at g, = 0.1, and the average
MSPE over 100 replicates is 6.99 x 1072 for mAP and 3.87 x 1072 for MAP.

We used 121 observations defined on the interval [0, 20] x [10, 20] to demonstrate the effectiveness
of the proposed model in terms of prediction accuracy and to compare the mAP and MAP estimates.
Figure|19{shows the application of the GP approximation from Model . To avoid overfitting, we
set N1 = Ny = [n/16]| = 6, which results in 36 knots and basis functions. Later in this section, we
will provide justification for this choice of grid discretization. The two-dimensional SE covariance
function (19)) is used, with a nugget effect of order 107'2. We randomly split the real-world dataset,
which has a size of 121, into 80% training set and 20% testing set. We fix the noise standard
deviation at oyese = 0.1. The left panel displays the mAP estimate based on 5,000 sample paths
generated using the efficient HMC sampler along with the training samples (represented by black
crosses), while the right panel shows the MAP estimate, also with the training samples represented
by black crosses. To rigorously compare the mAP and MAP estimates, we propose to place a
prior on the correlation length parameters: 6; ~ U(1,20) and 0, ~ U(1,20), as well as on the
noise standard deviation: opise ~ U(0.1,1). The numerical experiment is conducted within 1,000
replicates. The given real-world dataset of size 121 is split randomly into 80% training and 20%
testing datasets. In that case, the average MSPE over one hundred replicates is 3.87 x 1072 when
using the MAP estimate, and 6.99 x 10~2 when using the mAP estimate.

Now we investigate the choice of the number of discretization points N; and Ny in . To
conduct a thorough analysis on our real-world dataset, we consider the case where N = N; = Ny

are selected from the grid {|n/4], |n/8], [n/16]}.
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Figure 20: MSPE as a function of the correlation length parameters 6; (left) and 6, (right), using
the 5-fold CV technique for different values of N € {|[n/4],|n/8],|n/16]}. The noise standard
deviation is fixed at 0.1 (top) and at 0.04 (bottom).

Figure [20|shows the 5-fold CV MSPEs as a function of the length parameters ¢, € {5, 10, 15,20}
in the left panel and 0y € {1,3,5,10} in the right panel, with o, fixed at 0.1 in the top plot
and at 0.04 in the bottom plot. First, we observe that in all four situations, the MSPE drops
quickly for small values of the correlation length parameters #; and 65, and then increases for larger
values (f; > 15 and 0y > 5). Second, we observe that a smaller number of discretization points,
N = |n/16], provides lower MSPEs. These analyses guided us to choose N; = Ny = |n/16]. Third,
the optimal values of the correlation length parameters (6y,02) are around (15,5) for both small
and large noise standard deviations, o,ise. Fourth, a smaller value of ;e = 0.04 provides a much
smaller MSPE compared to the case when o,;e = 0.1. In fact, 0,50 plays the role of a compromise
between smoothness and fidelity to data samples.

Conclusion

The Gaussian process approximation originally proposed in [22] is considered, which verify interpo-
lation conditions and inequality constraints in the entire domain. The flexibility of this approach
to incorporate both noisy observations and multiple convex and non-convex constraints is inves-
tigated. This leads to significant improvement in prediction accuracy and more realistic credible
intervals. We propose an adjustment to the cross-validation technique that uses Maximum a Pos-
teriori (MAP) to estimate both covariance and noise variance hyperparameters. Additionally, we
propose new basis functions to enhance the smoothness of the sample paths and ensure differen-
tiability of class CP, for any p > 1. The behavior of this approach in challenging situations, such
as monotonicity with a flat region or boundedness where the underlying function is flat and close
to lower and/or upper bounds, is investigated. In that case, we show that, unlike the MAP esti-
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mate, the truncated multivariate normal distribution is not suitable for capturing the flat region.
To address this issue, we propose adding multiple constraints, such as monotonicity with bounded
slope constraints. The superiority of the MAP estimate over the mean a posterior (mAP) estimate
is demonstrated in a wide range of settings based on its theoretical convergence. Real-world data
studies show that the MAP estimate effectively captures flat regions and that incorporating multiple
constraints accurately reflects the behavior of the posterior distribution.
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