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Abstract

The increasing demand for sustainable energy, results in more wind turbines being built offshore. The
blades of wind turbines consist of composites which makes them difficult to design. Because compos-
ites consist of a micro- and macro-structure of which their interplay determines the global behavior
under loads. Therefore, traditional methods of analysis are often infeasible: full-scale experiments
take too long and are too costly, small-scale experiments can not capture the interaction between the
micro- and macro-structure, and analytical theories are often only tractable for simple cases.

FE? is one such method that can analyze the behavior of multi-scale materials, such as composites.
It consists of a macro finite element model where the constitutive behavior of each integration point
is obtained by homogenizing representative volume elements (RVE) that represent the microstructure.
Although this method is capable of accurately predicting composites, the computational cost is high,
as for each integration point another finite element model must be computed.

This process can be sped up by replacing the RVE with a surrogate that is more efficient to com-
pute. Recently, Gaussian Process Regression (GPR), a probabilistic machine learning model, is used as
a surrogate for the RVEs. It uses prior knowledge and observations of the RVE to make its predictions.
It is based on Gaussian Processes, meaning that the predictions exhibit a multivariate Gaussian dis-
tribution which provides an uncertainty measure besides its prediction. This is useful in determining
where new observations must be collected from the RVE.

To fully capture the RVE a lot of observations are needed from it. This is still a computational
bottleneck for the surrogate as they are expensive to compute. The GPR model can be enhanced with
observations from a low-fidelity model, for example, linear elastic, which is called GPR with multi-
fidelity. The low-fidelity observations, inexpensive and inaccurate, enhance the prediction of the high-
fidelity model, which uses high-fidelity observations that are expensive but accurate. This is shown
to decrease the number of observations needed for the high-fidelity model. Thus, fewer observations
need to be collected from the RVE. However, the correlation between the low- and high-fidelity is
often assumed to be constant in these models. This presents a problem as the correlation in the case of
surrogate modeling is often non-linear. The literature investigates several extensions of the GPR with
multi-fidelity that assume a non-linear correlation, but these models become more complex and lose
their simplicity as their predictions are not Gaussian anymore.

Instead, this thesis keeps the constant correlation assumption but improves the correlation infer-
ence by splitting the model. Splitting means that multiple independent GPR with multi-fidelity models
are used in different regions. As splitting results in discontinuous predictions, the thesis also investi-
gates two stitching methods to remove these discontinuities. The first, the constrained boundary (CB)
method, constrains the predictive mean and predictive variance of to neighboring models to be equal
at their respective boundaries. These constraints to the optimization procedure of the hyperparameters
of the local GPR with multi-fidelity models. The second stitching method, the random variable mix-
ture (RVM) uses a weighing procedure based on a mixture of experts approach. However, this method
mixes the random variables instead of the probability density distributions. This creates a much sim-
pler and analytically tractable method. For both of these stitching methods, only the high-fidelity uses
the stitching procedure while the low-fidelity is split.

This thesis aims to make the first step in using splitting and stitching of GPRs with multi-fidelity
in the correlation inference of non-linear correlations. Therefore, these methods are tested on synthetic
one-dimensional datasets with two regions that are pre-determined. This provides a simple procedure
to check if this approach is viable and to see under which correlation conditions it improves the pre-
diction accuracy. The methods are tested on three different cases each having a different correlation:
constant, discontinuous, and linearly varying. Where the first assumes a linear relation, while the
other two have a non-linear relation between the fidelities. The prediction accuracy is investigated in
both the interpolation and extrapolation regime, and it is measured across different numbers of low-
and high-fidelity observations and two different sampling strategies for the inputs: linearly spaced
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and sampled from a uniform distribution. This is to see if the trends of the results hold under different
dataset conditions.

The results of the experiments are as follows: under the constant case, splitting and stitching de-
crease the performance, because it loses the global spatial correlation. RVM performs slightly better
than splitting, while CB performs worse. Under the discontinuous case, splitting and stitching im-
prove the performance, because it is able to capture the non-linear correlation, where RVM is slightly
worse compared to splitting as the underlying function is discontinuous and it makes it continuous.
However, CB performs worse than not splitting. Under the linearly varying case, all methods per-
form almost similarly in the interpolation regime, but splitting and stitching perform slightly better in
the extrapolation regime, while CB is a bit worse. Overall, in non-linear cases splitting and stitching
might be beneficial in capturing the non-linear correlation compared to not doing it. These trends hold
in the constant case when the number of observations is changed and under the two different sampling
strategies.

Thus, this thesis takes the first step in using splitting and stitching to capture the non-linear cor-
relation between fidelities. This can ultimately help to reduce the computational cost of surrogates of
the RVEs of the FE? method, which in turn enhances the design of structures built out of composites,
such as wind turbines, by speeding up the mechanical analysis. However, the splitting and stitching
methods must undergo some changes before they can be applied as surrogates. The methods must
be changed to handle an input space that has a dimension higher than one, it must be able to handle
more than two local models, and the clustering of the regions of the local models must be embedded
in these methods.
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Introduction

1.1. Motivation and Background

Composite materials are a combination of two or more materials that outperform the constituents
in isolation [39]. For instance, fiber-reinforced composite materials are lightweight and have a high
strength-to-weight ratio by leveraging the properties of fibers and a matrix material [36]. These at-
tributes make them useful in constructions that are susceptible to weight-dependent fatigue damage,
such as wind turbine blades [40]. The behavior of such structures is influenced by characteristics at
multiple scales: the design of the construction (macro-scale) and the physical and chemical processes
in the composite (micro-scale) [40]. This makes them particularly difficult to analyze with conven-
tional methods, for example, full-scale experiments are expensive and take a long time, smaller-scale
experiments cannot capture the macroscopic behavior, and analytical theories are often only tractable
for simple cases. Therefore, the analysis of their behavior requires high-fidelity multi-scale numerical
approaches.

FE? (concurrent finite element analysis) is one of such methods [10, 28, 19]. It averages micro-
mechanical models into a homogeneous medium, with which it can predict at the macro-scale while
accounting for micro-scale processes. Specifically, each integration point in the macro-model is another
finite element model that represents the micro-scale structure resulting in a high computational cost.
Several methods are investigated by the literature that replaces these costly micro-models with cheaper
surrogates, for example, mesoscale models, and machine learning models such as neural networks; a
brief overview of these techniques is given in [45].

More recently, Gaussian Process regression models are investigated as surrogates for constitutive
micro-mechanical models [41, 45]. In this case, these models take the strains and stresses as obser-
vational data and infer the constitutive relation. The inference takes a Bayesian approach where the
underlying relation is inferred in Gaussian processes, which generalizes multivariate Gaussian distri-
butions to the functional space [52]. The model provides uncertainty information regarding its pre-
dictions due to its probabilistic nature. This is useful in detecting the extrapolation regime which
is limited in providing accurate results [45]. To overcome this issue the interpolation regime can be
extended by adding more observations outside its domain. However, this results in a higher compu-
tational cost of model inference and optimization that scales cubically. Also, the cost of data collection
increases which is especially significant for composites because their observations must be computed
with an expensive micro-mechanical model.

The number of observations could be reduced by extending Gaussian process regression models
with multi-fidelity information [17, 21]. It uses extra observations from a low-fidelity (inexpensive and
inaccurate) model to inform the functional relation of the high-fidelity (expensive and accurate) model,
in our case the micro-mechanical model, by inferring a correlation between them. In literature, the cor-
relation is often assumed to be linear and defined using a constant correlation coefficient [17, 21, 45].
These models are able to reduce the number of high-fidelity observations while approximately main-
taining the same prediction accuracy [17, 20], and they improve the predictions in the high-fidelity
extrapolation regime (only low-fidelity observations are present) [45]. Several studies use these meth-
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2 1. Introduction

ods as a surrogate of physical models to provide accurate predictions [34, 20, 45]. However, in cases
where the underlying correlation is highly non-linear or weakly correlated and enough high-fidelity
observations are available, a non-linear correlation assumption outperforms the linear one [1]. For
example, when considering the prediction of a micro-mechanical model, the different loading cases
often have different correlations between the fidelities. Therefore, when a prediction is needed from a
particular loading case, it is often better with linearly correlated multi-fidelity GPR models to use one
that is only trained on that particular case instead of using one that is trained on all cases [45].

In literature, multi-fidelity GPR methods with a non-linear correlation assumption between succes-
sive fidelities are investigated [1, 35, 6, 13]. Consequently, these models become more complex, which
means that more observations are needed, and often Monte Carlo-based inference is used because the
predictive distribution of the fidelities is not Gaussian. Therefore, the computational cost is increased
significantly. This makes it interesting to investigate methods that are capable of inferring non-linear
correlated data that are simpler and less expensive.

1.2. Research Questions

This thesis investigates the correlation coefficient inference by splitting the Gaussian process regression
model with multi-fidelity into multiple local models, each active in a disjoint region of the input space;
thus, creating a model that has a piece-wise linear correlation. This provides an alternative to the
models with a non-linear correlation that is simpler and has a reduced computational cost due to
the division of the input space. The act of splitting creates discontinuities in the predictions at the
boundaries between the local models. Therefore, this thesis investigates two methods that remove
them by stitching the local models: adding continuity constraints and taking a weighted sum of the
local predictions.

Thus, the following research questions are investigated regarding the splitting and stitching of
Gaussian process regression models with multi-fidelity:

* RQ1: What is the effect of splitting and stitching on the prediction accuracy of GPR methods with
multi-fidelity in a linear and non-linear correlated setting in the interpolation and extrapolation
regime?

e RQ2: What is the influence of the ratio of the number of low and high-fidelity observations on
the prediction accuracy of splitting and stitching methods?

¢ RQ3: What is the influence of the sampling strategy of the input space on the prediction accuracy
of splitting and stitching methods?

1.3. Scope

This thesis aims to investigate the effect of splitting and stitching GPRs with multi-fidelity with a
linear correlation assumption on the correlation inference of different correlated settings. Therefore,
the experiments use synthetic datasets, as this allows for precise control of the correlation, such that
different correlated settings can be tested.

To keep things simple, the datasets only have one-dimensional inputs and targets, and each method
only uses two local models with their regions being predetermined.

Due to time constraints, the methods are not tested on real datasets and are not compared to GPR
with multi-fidelity methods that assume a non-linear correlation between their fidelities.

1.4. Outline

The thesis is organized into the following chapters:

e Chapter 2 discusses the literature on Gaussian process regression, local approximation methods
(splitting and stitching), GPR with non-linearly correlated multi-fidelity, and the differentiating
factor of this thesis from the literature that also combines local approximation methods with GPR
with linearly correlated multi-fidelity.
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* Chapter 3 mathematically defines the Gaussian process regression models with and without lin-
early correlated multi-fidelity, and its split versions, it defines and discusses the origin of the two
stitching methods, and it discusses how stitching methods are incorporated in the GPR model
with multi-fidelity.

¢ Chapter 4 presents the methodology by specifying the methods under investigation, the cases on
which the methods are evaluated, the dataset creation of each case, and how the performance of
each method is measured on the datasets.

* Chapter 5 presents and discusses the results of the experiments regarding the splitting and stitch-
ing of Gaussian process regression models with linearly correlated multi-fidelity in linear- and
non-linear correlation settings.

¢ Chapter 6 presents the conclusions of this thesis and provides points for future work.

1.5. Mathematical Notation

This thesis adopts the matrix notation: scalars are represented with lower-case letters, e.g., a, vectors
are represented with bold-faced lower-case letters, e.g., v, and matrices are represented with bold-
faced upper-case letters, e.g., I. The absolute value of a scalar a is denoted as |al and the euclidean
norm of a vector v is denoted as ||v].






Literature Review

This thesis investigates a different approach to modeling Gaussian process regression with multi-
fidelity. It aims to infer the underlying function of multi-fidelity datasets with non-linear correlations
by using local approximation methods instead of increasing the complexity of the correlation assump-
tion between successive fidelities. Therefore, this literature review starts by giving an overview of
the field of Gaussian process regression, discusses the most important local approximation methods,
introduces GPR with multi-fidelity, discusses its extensions that can handle non-linearly correlated
multi-fidelity datasets, and states what this thesis contributes to the field.

2.1. Gaussian Process Regression

Gaussian process regression (GPR) is a machine learning method based on Bayesian inference that
uses Gaussian processes, which generalize multivariate Gaussian distributions to the functional space
[52]. The method incorporates prior information through the Bayesian formalism, meaning that it
expresses a prior belief about the underlying relation of the observations. This provides a natural way
of incorporating domain knowledge into the model. As this regression is in a probabilistic framework:
predictions are probability distributions. With this, not only are predictions made by calculating its
mean, but the variance of this distribution provides a measure for the uncertainty of its prediction
[52]. This method is also more robust against overfitting as it balances the fit against the model’s
complexity.

It became popular in the fields of geostatistics [27, 16] - where it is called Kriging - and meteorology
[47, 5], after which its potential was realized in general regression [52]. Currently, it is applied to
a variety of tasks, for example, optimization [9] and surrogate modeling [45, 41]. Even though it is
widely used, its most prominent shortcoming is its cubic computational cost. This makes it highly
inefficient for large-scale datasets [24, 25]. This cost is associated with the non-parametric nature of the
GPR method. Unlike neural networks, it operates on the complete dataset when making predictions
instead of discarding them after the method is fit.

2.2. Local Approximations with GPR

One way to reduce this large computational cost is to make use of local approximation methods [24,
25]. They partition the input space and assign a local GPR model to each region, distributing the
optimization and prediction across multiple models; essentially splitting the model. Most often, the
partitioning and the training of the local models is separated. For this, several non-overlapping parti-
tion schemes are used in literature, for example, Voronoi tesselation [18] and trees [11, 12]. Aside from
the reduced cost, they also exhibit the ability to capture non-stationary features [24, 25]. However,
these methods often ignore global patterns, are prone to overfitting, as they have fewer observations,
and their predictions are discontinuous at the partition’s boundaries [24, 25].

In a line of three papers, Park et al. [32, 31, 30] developed three methods that alleviate the discon-
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6 2. Literature Review

tinuity problem by constraining the local models to be equal at their boundaries. In their first paper
[32], they reformulated local GPR models into an equivalent optimization problem with added con-
tinuity constraints for the predictive mean in finite points at the boundary. This method is shown to
sometimes result in negative variances due to issues with numerical instabilities. They improved upon
this method by transforming the optimization problem to a variational one and solving it with the fi-
nite element method [31]. This resulted in a more numerically stable method and allowed continuity
to be imposed across the whole boundary. In their third paper [30], they stopped using the equiva-
lent optimization approach and opted to put the constraints as pseudo-observations into the standard
GPR framework. Compared to the previous two, this method is mathematically simpler and improves
the accuracy of the predictive variance, while having comparable and sometimes even better computa-
tional efficiency and accuracy of the predictive mean [30]. One major downside of these three methods
is that they are only applicable to low-dimensional problems as the number of constraints increases
significantly with the dimensionality of the input space [25]. These are the only approaches known,
to the writer of this thesis, to enforce continuity between the local models by adding constraints. Al-
though there are more methods to enforce constraints on GPR [44], they have yet to be used to stitch
local models together.

Instead of constraining the local models, the other approach to make local approximation methods
continuous is by means of model averaging [25]. Product-of-experts (PoE) is one such method that
aggregates the local models by multiplying their probability distributions [15]. When using GPRs as
the experts, the inference becomes analytically tractible as multiplying Gaussians results in a Gaus-
sian. This method produces a poor predictive mean and an overconfident predictive variance when
increasing the number of local models due to weak experts contributing equally [23]. Therefore, the
generalized PoE (GPoE) [3] is developed which weakens the local models in areas where their pre-
dictions are poor using weights in the multiplication. However, this produces explosive prediction
variance in the extrapolation regime [23]. This issue can be addressed by imposing that the sum of the
weights is equal to one [3, 7].

The performance of PoE is improved by imposing a conditional independence assumption, creating
a method called the Bayesian committee machine (BCM) [48]. Although this assumption helps to
recover the prior in the extrapolation regime [24, 25], it requires that all local models share the same
hyperparameters making it less favorable with non-stationary datasets [24, 25]. As with GPoE there
is also a more robust version of the BCM called robust BCM [7]. It uses the same weights in a similar
fashion to produce more robust predictions in the interpolation regime [24, 25].

The other important modeling averaging technique is the mixture-of-experts [53, 26], which takes
a weighted sum using gating functions of the probability distribution of the local models [25]. This
is in contrast with the PoE methods that use multiplication. It is used for datasets that have non-
stationary features, but it comes with the cost of having an intractable inference [24]. In the original
description, the gating functions are parametric. When applying this method to GPR experts, this is
unfavorable as GPR is non-parametric. Therefore, Tresp [49] extended it to the non-parametric case by
modeling the gating function, the mean, and the noise variance of each expert by a GP. However, this
results in an exceedingly high computational cost which is not in favor of large datasets [25]. Three
threads of solutions are given in the literature to reduce this cost. The first is the localization of the
experts, which localizes the likelihood, see the infinite mixture of GP experts [38]. The second thread
applies sparse approximation methods to the GPR experts. Last, the third thread pre-clusters the
dataset and thereafter the experts are optimized. Thus, separating the clustering of the dataset and the
optimization of the experts. This is denoted as a mixture of explicitly localized experts (MELE), while
the former two threads that do not separate the two processes are denoted as a mixture of implicitly
localized experts (MILE). MELE misses the interaction between the experts while MILE does, however,
it suffers from some failed experts due to the zero-coefficient problem [25].

Nguyen-Tuong et al. [29] created a method in a similar fashion to a mixture-of-experts that can
be applied to the online setting. This means that data is continuously coming and the model must be
updated along the way. This favors a mathematically simpler method, therefore the predictions are
weighed compared to their probability distributions; the inference becomes tractable as weighing and
adding independent GPs results in a GP. However, they produce discontinuities as the weighted sum
is only taken over a subset of the local models closest to the prediction input [46]. Terry et al. [46]
created a similar model that uses all local models in its weighing procedure.
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2.3. Gaussian Process Regression with Multi-fidelity

Gaussian process regression with multi-fidelity was first presented by Kennedy et al. [17]. This method
incorporates low-fidelity data (inexpensive) with high-fidelity data (expensive) to improve the perfor-
mance compared to a GPR model that only uses one of the two. Prior beliefs are placed on each
fidelity in the form of a Gaussian process and a linear correlation is assumed between successive ones
by multiplying the previous fidelity by a constant correlation coefficient. This assumption is also often
defined as a polynomial regression that is linear in terms of the correlation coefficients. The method
comes with a large computational cost. Gratiet [22] decreases the time complexity by defining a recur-
sive formulation, in which the problem is transformed from one GPR model to multiple independent
GPR models each corresponding to a fidelity.

One paper that enhances GPR with multi-fidelity to increase the capability of inferring non-linear
correlation between fidelities is the Deep Multi-fidelity GPR model [37]. This is both an extension of
the multi-fidelity GPR model by Kennedy et al. [17] and a generalization of the ManifoldGP model
[2]. The latter transforms the input space to a manifold, meaning that the observations are first trans-
formed by a mapping and then parsed into the standard GPR model. This extension to multi-fidelity
uses a multi-layered neural network as its transformation. Its weights are jointly optimized with the
hyperparameters of the multi-fidelity GPR model. It is shown that this method is capable of capturing
complex and even discontinuous correlations between fidelities.

Another enhancement to improve the inference of non-linear correlation compared to the model
of Gratiet is the method called Non-linear Auto-Regressive multi-fidelity Gaussian Process (NARGP)
[35]. Their motivation is that in some engineering problems, in their case computational fluid dynam-
ics, the correlation is highly space-dependent. They adopt a functional composition approach inspired
by deep learning, where each successive fidelity is defined as a GPR that has the previous predictive
distribution as additional input. Hence, they also create a new kernel that combines these two inputs
that have different characteristics. They place the same assumptions on the data and model as Gratiet’s
recursive model and therefore the optimization of the hyperparameters has a similar computational
cost. The predictive distribution is non-Gaussian, hence it is computed using Monte Carlo integration
but they state that the additional computational cost is negligible.

Cutajar et al. [4] expands on the NARGP model by removing their structural assumptions and
constraints creating the multi-fidelity Deep Gaussian Process (DGP). In essence, they keep the deep
learning formulation but abandoned the recursive formulation; all fidelities must be jointly optimized.
This leads to more sensible and conservative uncertainty estimates because the model is optimized
holistically.

2.4. Contributions

Most of the current method development regarding multi-fidelity GPR aims to infer more complex
correlations by increasing the complexity of the correlation assumption between successive fidelities.
Instead, this thesis approximates the non-linear correlation using local approximation methods where
each local model keeps the simple linear correlation assumption. This results in a linear piece-wise ap-
proximation of the correlation. Besides this benefit, it also gains the advantages of local approximation
methods: the ability to capture non-stationary features and a decrease in computational cost.

Although no other literature presents such a study, as far as the author knows, there is a study by
Rumpfkeil et al. [43, 42] that enhances Gratiet’s recursive multi-fidelity GPR formulation [22] with an
explicit mixture-of-experts. Their aim of incorporating the local approximation technique is to improve
the inference on non-stationary datasets and not on improving the correlation inference. Therefore,
they do not mention the effect of the local approximation technique on correlation inference. This
leaves a gap for this thesis to fill.

The thesis explores two local approximation methods in the context of GPR with multi-fidelity.
One is based on constraining the local models at the boundary between them and the other is based
on model averaging by weighing the local predictions.






Method Description

The following sections explain the mathematical details of the models used in the investigation of infer-
ring non-linear correlations between fidelities. It starts by stating the mathematical background, and
the model selection and prediction process of GPR following the notation in Rasmussen & Williams
[52]. Then, the local approximation methods are explained, starting with the description of the naive
local experts: local independent GPR models. The thesis uses this method as a base case in the inves-
tigation and it forms the basis with which the two local approximation methods based on model av-
eraging techniques are explained: the constrained boundary GPR (CB-GPR), constrains the predictive
mean and variance at the boundaries between the locally independent GPRs, and the random variable
mixture GPR (RVM-GPR), weighs multiple locally independent GPRs. After this, the mathematical
details of GPR with multi-fidelity are given following the recursive formulation of Gratiet et al. [22].
And at last, the combination of using local approximation methods with GPR (with multi-fidelity) is
explained.

3.1. Gaussian Process Regression

Before defining GPR, it is important to first define Gaussian processes and the observational data. A
Gaussian process (GP) is defined as a collection of random variables, any finite number of which have
a joint Gaussian distribution [52]. The random variables are indexed by a d-dimensional subset of
RY; this thesis only focuses on the 1-dimensional case. This definition is equivalent to defining a GP
by a mean function m(x) and a covariance function k(x,x’), showing that a GP is a generalization of
Gaussian distributions to the functional space [52].

With GPs now defined, it is important to also first define the notation of the observational data that
the GPR model uses. The observational training data of GPR is written as ® = {(x;, ;) |i = 1,..., n} where
n is the number of observations, x; are the d-dimensional inputs and y; are the scalar targets. The
inputs and targets are aggregated into the d x n-dimensional design matrix X and the n-dimensional
target vector y, respectively. Therefore, the training data © is also written as © (X, y).

GPR aims to infer the relation between the observational inputs and targets using the Bayesian
approach. The GPR model is defined as

Yi= f(Xi) +€ (31)

where f(.) is the latent function, f (x;) is the function value at x;, and € ~ A& (O, U%) is the additive
i.i.d. Gaussian noise with noise variance 0. The function values are also written as f; and the cor-
responding aggregated n-dimensional vector is written as f. The inference of the relation starts by
placing a prior Gaussian process (GP) on the latent function which is seen as a distribution over func-
tions. Then, the prior is conditioned with the observations to obtain the posterior GP with which new
predictions are made.

When the prior GP is placed on the latent function f(x), then this is written as f(x) ~ 42 (m(x), k(x,x).
The mean function of all prior GPs in the experiments in this thesis is assumed to be zero, therefore the
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10 3. Method Description

inclusion of the mean function in the mathematical derivations is left out. This assumption is also often
made in the literature for simplicity [52]. The interested reader is referred to section 2.7 of Rasmussen
& Williams [52] for more information on how to incorporate a non-zero mean function.

The covariance function of the prior GPs in this thesis is chosen to be the squared exponential
function

1
k(x,x") :a?exp(—ﬁllx—x’llz). (3.2)

It is the most used covariance function, it provides a notion that close inputs have similar outputs,
it is infinitely differentiable which results in smooth GPR predictions and it is stationary meaning that
it is invariant under rigid motions (translation and permutation of the inputs). The function has two
parameters, namely the signal variance U?c that determines the variance of the signal without noise and

the length-scale 12 that determines the scale at which two points are correlated [52]; these are referred
to as hyperparameters of the GPR model. The covariance function can be freely defined as long as it is
positive semidefinite [52]. For a more detailed overview of covariance functions refer to chapter 4 of
Rasmussen & Williams [52] and chapter 2 of Duvenaud [8].

The training data is finite therefore the covariance function is more often defined as a matrix. Sup-
pose Xj € 2*? and X, € #"2*¢ are aggregated matrices of n; and n, inputs, respectively, then the
kernel of the aggregated matrices with covariance function k(,,.) is defined as K(X;,X3) € Z2™*"™ :=
{k(Xl,Xg) | VXI € Xl, VXZ € Xg}

Prediction Predictions with a GPR model at n. new inputs X, € 2% are made by calculating the
predictive distribution of the corresponding function values f.. The predictive distribution of f. is
defined as the conditional distribution of f. given the observational training data ©(X,y) which is
written as p (£.1X,y,X.). The conditional distribution is calculated by aplying the rules of conditioning
Gaussian distributions and the joint distribution of the observed targets y and the function values f.
at new inputs X,. The joint distribution is calculated using the prior and is given by

2
[f};]~ﬂ([0], KX, X)+o5,I KX, X, ) (33)

0 KX+, X) KX, X4)

where the 021 term accounts for the assumed additive i.i.d. Gaussian noise on the observed tar-
gets, see equation 3.1. Rearranging the joint distribution results in the conditional distribution on the
training data, also called the predictive distribution

£0X 7, Xs ~ A (E[£:1X,y, X ], cov [£:1X,y,X])  with (3.4)
E[f.X,y,X.] =KX:,X)R"'y and (35)
cov [£. X7, X, ] = KX, X,) - KX, IRTTK (X, X,) (3.6)

where R =K (X,X) + 02 The predictive distribution of the noisy test targets y, at prediction inputs
X, is simply computed by adding o1 to cov [f.] [52].

The posterior GP is defined as the GP with its mean and covariance equal to that of equation 3.5
and 3.6.

Figure 3.1 shows five samples from a prior GP and figure 3.2 shows five samples from the posterior
GP derived by conditioning the prior with two observations, denoted by the black dots. Note, that
all samples of the posterior GP go through the observations, as no signal noise is assumed on the
posterior else this will not necessarily happen, and they deviate more when moving further away
from the observations. Actually, in the extrapolation regime, the prior is dominant, meaning that the
mean and variance of the posterior go to the mean and variance of the prior. This causes its prediction
capabilities to be limited in these areas.
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Figure 3.2: 5 Samples from a posterior conditioned on 2 obser-

Figure 3.1: 5 Samples from a prior with zero mean .
vations

Model Selection The hyperparameters of a GPR model consist of the noise variance ¢% and the
parameters of the covariance function. In literature, their determination is referred to as model se-
lection of which several methods exist [52], for example, Bayesian model selection, cross-validation,
and marginal likelihood maximization. The latter is the most popular as it uses all observations and
is less computationally expensive. It is defined as the maximization of the likelihood that the targets
originate from the inputs given the hyperparameters: p (y|X,8). In practice, the negative log marginal
likelihood (NLML) —logp(yIX,B) is minimized, as it reduces the equation to a much simpler form
while preserving the hyperparameters

1 _ 1 n
logp(ylX,0) = —EyTR ly - EloglRI - Eloan (3.7)

where R = K(X,X) + 021. Its first term represents the data-fit and the second is the complexity
penalty. Therefore, the minimization automatically balances both which results in a less over-fit model
that makes this model selection approach a good fit.

Minimization algorithms require the gradients with respect to the parameters of the function it
minimizes. Therefore, the derivative of the LML with respect to the hyperparameters 6; must be
calculated. It is equal to

oR

5, (3.8)

0 1 T -1
Elogp(ylx,ﬂ)—ztr (e’ —R7Y)

where a =R ly. This derivative is analytically tractable as long as the derivative of the covariance
function with respect to all its hyperparameters is.

The minimization algorithms require the use of multiple restarts because the NLML often has mul-
tiple local minima. As an example, figure 3.3 shows an NLML contour plot of a GPR model with 20
observations and the signal variance set to 1.0. It shows two local minima when varying the noise vari-
ance and the length-scale of the local model. Therefore, this thesis uses 250 restarts in the minimization
algorithm to increase the chance of finding the global minimum.
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Figure 3.3: GPR Negative Log Marginal Likelihood

3.2. Local Approximation Methods

This section explains the most basic local approximation method and discusses two model-averaging
techniques that are used in this thesis. These are methods that combine a set of local models with the
aim of reducing the computational cost and increasing the effectiveness of capturing non-stationary
features. Also, these techniques solve the issue of discontinuities in the predictions that the general
local approximation methods have.

Note, the thesis predetermines the regions of all local approximation methods that are considered.
This means specifically, that these regions are not determined by optimization with the observations.

Training Data In the following section, the training data © is partitioned via m disjoint regions Q.
Each region defines a subset of the training data as Dy := {(x, ) |V(x,y) € ©,x € Qi}, where nj is the
number of observations in D. In turn, the aggregated d x ng-dimensional input matrix and the n;-
dimensional target vector are defined as X; and y,, respectively. The k’th local training data can be
written as Dy = X, y,)-

Local Regression Problem In literature, the most basic local approximation technique is the Induc-
tive Naive Local Experts (INLE) as described by Liu et al. [25]. The method partitions the input space
such that each partition only uses a particular GPR model. This means that GPR takes place in a given
@ Py for partitioned region Q. The optimization and prediction processes are sparsified because each
model is independent of the other. Therefore, this results in m independent GPR problems each using
their respective partitioned training data Dy

Vi = fil) +exe Ok Vi) €Dk (3.9)

where i refers to the i"th observation (x,, yx,;) of partitioned dataset . As a result of each model’s
independence the covariance of two targets from different partitions of the dataset is equal to zero:

cov [yki,ylj] =0when k # 1.
The local GPR models result in discontinuous predictions and miss global spatial correlations [25].

The following two sections introduce the CB-GPR method and the RVM-GPR method that overcomes
this issue by means of model averaging.

3.2.1. Constrained Boundary GPR

The constrained boundary GPR model (CB-GPR) consists of a set of disjoint local GPR models that are
constrained to be equal to their neighbors at their respective boundaries. This is achieved by adding
continuity constraints for the predictive mean and predictive variance to the LML in the optimization
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process of the hyperparameters. The idea of adding constraints to GPR via the LML in the optimization
process originates from Pensoneault et al. [33]. An example of predicting with the CB-GPR model is
shown in Figure 3.4.

1.5 ' — y(x)
Xy
--- M-GPR
1.0 4

--- CB-GPR

0.51

—-0.5 -

-1.01

-1.5

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
X

Figure 3.4: Example CB-GPR Method

Constraints The prediction process of the CB-GPR method is similar to predicting with the local GPR
models, but the optimization of the hyperparameters differs slightly due to the added constraints. The
CB-GPR method constrains the predictive mean and predictive variance of all pairs of local models
at their respective boundaries. Assume local models from partition k and / then their constraints are
placed at inducing points xi;, € I'ty; where I'y; denotes the boundary between the local models. This
method only constrains the local models at a finite number of points, for input spaces that are larger
than 1-dimensional, this means that the boundaries between their local models are discontinuous ex-
cept at the inducing points.

For a given pair of local models, k and [, the constraints at inducing point x;;, placed on the local
models’ function values f, (xk;,) and fi, (xk1,), respectively, are written as

E [ fx, Xk1,)] —E [ f1. %k1,)] | <€ and (3.10)

Ivar [ fr, x1,)] = var [ fi, xe.)] 12 < eyar (3.11)

where € and €,,, are upper bounds for the constraints that are both set to 0.01 in this thesis.

Model Selection All hyperparameters are optimized simultaneously by minimizing the global neg-
ative log marginal likelihood because the constraints create a dependency between the local models.
This is defined as

m
logp(yIX,8) = }_ log p(y, /X, 6k) (3.12)
k=1

where log p (y, Xk, 0k) is equal to the log marginal likelihood of the individual local models, see
equation 3.7. The gradients with respect to the hyperparameters are easy to compute using equation
3.8, which results in

m

0 0 0
@jlogp(wx»f)) =2 @jlogp(YHXk»ek) = Elogp(}’iﬁ- |Xic,-’9i<,-) (3.13)

=1
0R;
_1 T —1y_ K
- 2tr (akfa’%j Rfcj) 0 )

(3.14)
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with k; being the index such that 0; € 0,;], holds. Also, notice that the optimization step is not

sparsified due to the constraints making the models dependent on each other in the optimization
process.

The minimum solution of the NLML and the constraint NLML are usually not equal. Figure
3.5 shows a contour plot of the NLML, the contours of the predictive mean constraint with e €
[0.01,0.1,1.0], and the minimum NLML and the minimum constraint NLML with eg = 0.01 of a CB
model with two local models. The length-scale of both local models are varied while the other hyper-
parameters are constants. The plot shows that the minimum of the NLML and of the constraint NLML
differ significantly based on the value of .
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Figure 3.5: CB-GPR - NLML

3.2.2. Random Variable Mixture GPR

The random variable mixture GPR model (RVM-GPR) weighs the predictive function values of mul-
tiple independent GPR models each responsible for its own region. Figure 3.6 shows an example of a
prediction of an RVM-GPR model. The predictive function values of the two local models and their
respective weights are also shown.

This method is based on an idea presented by Vijayakumar et al. [50] and by Nguyen-Tuong et al.
[29]: local models are weighed using distance measures.

Definition The RVM-GPR does not use the full Bayesian treatment, as do the other methods, but
follows the probabilistic curve-fitting approach: predictions are directly made with the distribution
that is assumed on target y given input x. Although the observations are not needed for the prediction
process, they are necessary for the determination of the hyperparameters by means of maximizing the
log-likelihood of the observations under this model. Suppose m disjoint partitions D of dataset ©,
then the distribution on target y given input x for the RVM-GPR model is assumed as the weighted
sum of the posterior GPs fi, (x) of locally independent GPR models that each is conditioned and opti-
mized on one of the partitioned datasets. This distribution is defined as
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Figure 3.6: A prediction example of an RVM-GPR with two local models, in regions [0,1] and [1,2], (hyperparameters are
handpicked) for f(x) = sin(2x) + #(x—1) and 6 observations linearly spaced across region [0, 2].

¥y~ (Z 81 ., (X)) +e (3.15)
k=1

N———
fx)

with additive i.i.d. Gaussian noise € ~ A (O,Ufl), gr(x) the k’th weight function value at x, f, (x)
the predictive distribution of the function value at x of the k’'th optimized locally independent GPR on
dataset Dy, and f(x) the function value of the RVM-GPR model.

This distribution defines a GP on targets y given inputs x. This property follows from the fact that
adding two independent GPs results in a new GP likewise for multiplying a GP by a scalar. Note, that
the weight functions are deterministic, therefore they act as scalars. The mean and covariance function
of this GP is easily derived using the basic rules for adding random variables and multiplying random
variables by scalars:

m
mx)=E[y] =) gE[fi,x)] and (3.16)
k=1
m
kx,x)=cov[y,y] =Y g grX)cov [fi, %), fr, )] | + 03I, (3.17)
k=1

respectively. The function value f(x) follows an almost equivalent GP, except that the o1 term is
not present in the covariance function.

Weight function Following Nguyen-Tuong et al. [29], the weight functions gi(x) are defined as the
normalized distance measure of distance measures wy (x)

8r(x) = ,,llyk(x)

e 3.18
1=1 WI(X) ( )
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The thesis only explores cases with 1-dimensional inputs and two local models. A natural transition
between the two local models is made by defining the two distance measures wy(x) such that gi(x) are
sigmoid functions which means that

w1 (x) =exp (—#(x - c)) and (3.19)

1
wy(x) = exp (ﬁ (x— c)) (3.20)

where 12 is the length-scale of the weights that determines the size of the transition zone between
the two local models and ¢ determines the center of that transition zone. Figure 3.7 shows the effect
of weighing two constant functions (fi(x) = 1.0 and f>(x) = —1.0) with these distance measures. The
resulting weighted function is shown two times, once with a length-scale of 0.1 and one with 0.25,
where the boundary is defined at ¢ = 0.5. This shows that increasing the length-scale flattens the
transition between the weighted functions.
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Figure 3.7: RVM-GPR - Length-scale

Model Selection The hyperparameters of the RVM-GPR are optimized in a two-step process: first,
the hyperparameters of the locally independent GPR models are optimized using the log-likelihood
of its partitioned dataset, and thereafter the hyperparameters of the weight functions and the noise
variance o2 are optimized using the log-likelihood of the complete dataset given the posteriors of the
locally independent GPR models. The log-likelihood of the complete dataset on the RVM-GPR model
given the posteriors is equal to'

1 1
logp(yIX,0) = ~5y-E [FOO) R (v —E[£0O]) - 51081 Rrvm| gloan (3.21)

with Ryym = cov [£(X), £(X)] +0%1, y the aggregated observational targets, X the aggregated observa-
tional inputs, and £(X) the aggregated distributions of the function values at the observational inputs.

1 The conditioned posteriors are left out of the left side of the equation, else the equation becomes too large to fit on the page.



3.3. Multi-GPR 17

The log-likelihood is calculated using the fact that the distribution follows a multivariate normal dis-
tribution which follows from equations 3.16 and 3.17

yIX,8 ~ A (E[£X)],cov [fX), £X)] +02]1). (3.22)

The determination of the hyperparameters of the weight functions is not sparsified. Meaning that
the optimization of the hyperparameters of a specific weight function can not be reduced to optimizing
with only its partitioned dataset. Because, when x, and x, are inputs from two different partitions,
then the covariance of their function values cov [ f(xp), f(X4)] is by its definition non-zero (see equation
3.17).

Prediction Predictions using this model are made by inserting the new input and substituting the
optimized hyperparameters and the posterior function values of the locally independent GPR models
into equations 3.16 and 3.17. The covariance matrix between predicted function values of new inputs
is not sparsified for the same reason that the log-likelihood of the RVM-GPR is not sparsified.

3.3. Multi-GPR

So far, this chapter has explained the single-fidelity GPR method and the two stitching methods. In
this section, the multi-fidelity GPR method is explained so that a mathematical basis is formed to
explain the extension of the stitching methods to multi-fidelity. This is important because the thesis
investigates the correlation inference of splitting and stitching in the non-linearly correlated setting
between fidelities.

Multi-fidelity refers to the usage of multiple fidelities that each represents a different complexity of
the function to be modeled. In most cases, observations from a higher complex fidelity require a higher
computational cost to obtain but are more accurate. This makes the usage of multi-fidelity preferable,
as usually, the single-fidelities methods use the most complex fidelity. Thus multi-fidelity strikes a
balance between accuracy and the computational cost of obtaining the observations.

This thesis uses the recursive approach of L. Le Gratiet [21] as the definition of the multi-fidelity
GPR. This approach is preferred, because, the prediction and optimization process is processed as
separate GPRs instead of a single one that incorporates all fidelities at once. This reduces the compu-
tational cost significantly because the computational cost of a GPR scales cubically with the number of
observations.

The theory presented in this section is given for n fidelities but keep in mind that this thesis only
uses two.

Regression The multi-fidelity regression problem with i.i.d. Gaussian noises €; ~ .4 (0,07% ), for each
fidelity ¢, is defined [21] as

Y = ft (Xti) +€r and (323)
Y, = Pt-1 fl_l(xti) +6t(xti)l+et = f[ (xti) + €t (324)
fl&ti)

where g%, is called the noise variance of fidelity . Equation 3.23 defines each fidelity r and equation
3.24 defines the relation between fidelity ¢ # 1 and the previous fidelity ¢ —1. The scalar p;—; is called
the correlation factor.

The goal of the regression problem is to infer the latent functions f; between the observations x;
and y;. This is achieved by inferring the latent function f; for ¢ =1 and the functions 6, for ¢ # 1 in GPs:
4GP (mt(x), kt(x,x’)). In most cases, the mean function m;(x) is assumed to be the zero mean function,
and the covariance functions k;(x,x’) is assumed to be the squared exponential function.

Model Selection The optimization process of the Multi-GPR is as follows:



18 3. Method Description

* Create fidelity model ¢ = 1 and optimize its hyperparameters by minimizing its negative log
marginal likelihood using the training data ©,-;.

¢ For each fidelity ¢ > 1I:

— Create fidelity model ¢ and optimize its hyperparameters by minimizing its negative log
marginal likelihood using the training data ®; and the predictive function values of fidelity
model 1.

The log marginal likelihood of the first fidelity is calculated with equation 3.7 and the log marginal
likelihood for the other fidelities ¢ # 1 is equal to

1 1 n
logp(y,Xe,fi-1.) = _E(Yt —pr1E[£i-1, (Xt)])TR;I(Yt —pe1E[fm1, X)) - 510g|Rt| - ?thgZH (3.25)

where R; = K;(X;, Xy) + UEL[I. The minimum value of p;_; with respect to the negative log marginal
likelihood is analytically tractable, therefore it can be decoupled from the optimization process. The
minimum value is calculated by solving the following equation for p;_;:

Vleogp(ytIXt,ft_l*) =0. (326)

Solving for p;_; results in
-1
pr-t = (E[fr1. X)) RYE £, X)) E[fio1, XD R? Yy, (327)

Prediction Prediction with Multi-GPR follows the same procedure as GPR with the exception that
each fidelity is predicted recursively. The conditional distribution of the function values f; on the train-
ing data ®; = (X;,y,) and the training data of the previous fidelities is written as p (f, X1, y;.-X¢y,, X+ )-
The conditional distribution of fidelity ¢ = 1 is equal to the conditional distribution of GPR without
multi-fidelity, see equation 3.4. The conditional distribution on the training data for the other fidelities
fr#1 is found to be

£ 1X0,y, - Xey o Xo = A (E[£1,1X0,y, - Xey o X | cov [£, X1y, - Xy, Xi]) - with (3.28)
E[f. X1,y Xey » Xo | = pro1 E [£1-1, X, ] +Kt(xt*vxt)R;1(Yt_ptflﬂ':[ftfl*(Xt)]) and (3.29)
cov [£1, X1y, Xey ;, Xs | = p7_ycov [£o1, | + K (Xe,, X)) = KXo, XORK (X, X4,) (3.30)

where R; =K;(X,X) +07 L. The predictive distribution of the test targets y, at prediction inputs X.
is simply computed by adding ¢ I to cov [f;, ].

3.4. Stitching with Multi-fidelity

A natural way of extending the two stitching methods to multi-fidelity is to replace their locally inde-
pendent GPR models to locally independent GPR with multi-fidelity models. In essence, the predictive
function values of the locally independent GPR models are replaced by the predictive function values
of the highest fidelity of the locally independent GPR with multi-fidelity models. The process of pre-
diction then follows that of GPR with multi-fidelity: for each locally independent model calculate
the predictive distribution of the function values recursively for each fidelity and, for the RVM-GPR,
calculate the weighed prediction at the end. The optimization process of the hyperparameters fol-
lows the same procedure as the GPR with multi-fidelity except that for the CB-GPR the constraints
are only added to the highest fidelity and for the RVM-GPR the parameters of the weight functions
are optimized after the optimization of each fidelity. This extension is referred to as the L-CB-GPR or
L-RVM-GPR, where the pre-abbreviation "L" (local) represents that the lower fidelities are modeled as
locally independent GPRs.
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The local extension is not the only way to extend the stitching methods to multi-fidelity. This thesis
also investigates two other extensions that model the low-fidelity differently: either as a global GPR
or with the same stitching method. These two options are referred to with the pre-abbreviations "G"
(global) and "LS" (locally stitched), respectively. These two extensions’ prediction and optimization
processes follow the same recursive procedure as for the local extension. Note, that for the locally-
stitched extension, the stitching procedures must be applied at each fidelity. Of course, when consid-
ering more than two fidelities, one might define each lower fidelity using one of the three extensions,
thus multiplying the possibilities. As this thesis only considers two fidelities, this is not further inves-
tigated and thus declared as out of scope.

For explanatory purposes, figure 3.8 figuratively shows the definition of the three extensions of
the RVM-GPR to multi-fidelity, though the same visualization applies to the CB-GPR method. These
definitions consider two fidelities, a one-dimensional input space, and two local models in regions
[0,1] and [1,2]. Each extension’s definition shows what part of each fidelity is modeled by either a GPR
or an RVM-GPR. The black lines divide these parts and the blue dotted lines denote the boundaries of
the locally independent GPR models of the RVM-GPR at that specific fidelity.
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Figure 3.8: A figurative definition of the three extensions of the RVM-GPR method to multi-fidelity.






Methodology

This chapter describes the methodology to answer the first three research questions in this thesis.
Namely, the effect of splitting and stitching on the correlation inference between fidelities, and what
effect changing the number of observations and sampling strategy of the input space has on the inves-
tigated methods.

This chapter provides a summary of each method that is used in answering these research ques-
tions. These methods are investigated in three cases each with a different correlation: one linear and
two non-linear. For simplicity, these cases consist of two fidelities and have a one-dimensional in-
put space, and the splitting and stitching methods always have two pre-clustered local models. This
chapter also describes the generation of the different datasets that differ in the number of low- and
high-fidelity observations and sampling strategy, and lastly, a description is given of how the perfor-
mance of each method is measured across the datasets.

4.1. Methods

This thesis investigates the two stitching methods, CB-GPR and RVM-GPR, in the multi-fidelity setting
using the three defined extensions with pre-abbreviations: "L" (local), "G" (global), and "LS" (locally
stitched). For comparison, the single and multi-fidelity GPR are also considered as their split counter-
parts. The multi-fidelity models are pre-abbreviated with "MF" (multi-fidelity) and the split versions
with "M" (multiple). This results in the following 10 methods shown in Table 4.1 (from now on the
abbreviations are used to denote the methods).

The splitting and stitching methods all have two local models that are pre-clustered. This means
that the determination of the region of each local model is not part of the optimization process, but
instead is set beforehand. The regions of the two local models are [-1,1] and [1,3], and they correspond
to the symmetric "boundary" that is present in two of the three cases that are defined further on.

The GP priors of all methods use a zero-mean function and the squared exponential function (equa-
tion 3.2) as the covariance function. Specifically for the CB methods, the upper bounds in all constraints
are set to: g =0.01 and €,,, = 0.01.

The methods are implemented in a custom Python package that uses the Numpy and Autograd
packages.

Optimization The optimization algorithm used for minimizing the negative log marginal likelihood
to obtain the hyperparameters of the models is the conjugate gradient (CG) algorithm. The hyper-
parameters are found using 250 resets each with different initial hyperparameters that are sampled
from the uniform distribution % (-10,10). The kernel hyperparameters are optimized in the log space,
meaning that log(6) is optimized instead of 6;. This overcomes the problem with negative values and
the inability to optimize to small values for parameters that are squared, for example, U?, I?, and 0%,

The CB method uses the same procedure but uses the sequential least squares programming (SLSQP)

21
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| Logo | Abbreviation | Method Name \
GPR Gaussian Process Regression
"‘_, M-GPR Multiple Gaussian Process Regression
MEF-GPR Multi-fidelity Gaussian Process Regression
:==¢ M-MF-GPR Multiple Multi-fidelity Gaussian Process Regression
. L-RVM Local Random Variable Mixture of Experts ME-GPR
. G-RVM Global Random Variable Mixture of Experts MF-GPR

LS-RVM Locally Stitched Random Variable Mixture of Experts MF-GPR

"_F, L-CB Local Constrained Boundary MF-GPR
L
"‘_F, G-CB Global Constrained Boundary MF-GPR
G !
F
- LS-CB Locally Stitched Constrained Boundary MF-GPR
LS:

Table 4.1: Methods under investigation in this thesis.

algorithm for minimizing the negative log marginal likelihood because it is able to handle constraints
on the loss function.

4.2. Cases

The performance of the methods is measured across three cases: constant p, discontinuous p, and
linearly varying p. They each define a different correlation between the fidelities so that each method
is investigated in one linear and two different non-linear correlated settings. The cases are realized
by sampling functions from a multi-fidelity GP. Per case, the performance is measured across five
functions to average out biases inherent to the sampled function. The multi-fidelity GP samples are
taken by first sampling the low-fidelity GP where after it is multiplied by the case-specific correlation
function p(x), and the high-fidelity function sample is obtained by sampling the additive term from
GP, thus

@) =p@ filx)+6(x) with (4.1)
fix) ~42(0,kf,(x,x")) and 4.2)
5(x) ~942(0,ks(x,X)) . (4.3)

Both GPs have a zero mean function and use the squared exponential kernel (equation 3.2) as the
covariance function; the values of the hyperparameters are presented in table 4.2. The functions are
sampled using 2000 linearly spaced points in [-1,3].
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[ GP [ o [ P ]
fitx)y o025 0.2
5(x) | 0.02 075

Table 4.2: Hyper Parameter values of sampled MultiGP.

The correlation function p(x) of each case is defined in table 4.3, where #(x) is the Heaviside func-
tion, which is equal to 1.0 if x > 0 else it is equal to 0. Note, that the non-linear correlation functions
are chosen such that they have symmetric properties with respect to the vertical line x = 1, as the split-
ting and stitching methods are all split and stitched on this boundary. Figure 4.1 shows one sampled
function of each case.

| Logo [ Abbreviation | Case Name \ p(x) \
: Case 1 Constant p Case 1
C1:
; Case 2 Discontinuous p Case 1-24(x-1)
c2i
: Case 3 Linearly Varying p Case 1.0-x
c3i

Table 4.3: Case-specific correlation function
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Figure 4.1: One sampled function from MultiGP per case.

The additive part §(x) is chosen to be non-zero to help against overfitting and to create more real-
istic experiments, as real data often has small variations in the correlation.

4.3. Data-sets

Each dataset consists of low-fidelity observations sampled from regions [-1,0], [0,1], [1,2], and [2,3],
and of high-fidelity observations sampled from regions [0,1] and [1,2]. All methods use this complete
dataset in the optimization and prediction process. This setup is chosen because it features an inter-
polation regime [0,2] and two extrapolation regimes [-1,0] and [2,3] with low- and no high-fidelity
observations. These regions are symmetric around the line x = 1 because the cases are too.

Per sampled function, twelve types of datasets are created each with 20 datasets, the latter is to
average out the biases inherent to sampling inputs. These types differ by their number of low- and
high-fidelity observations and by the sampling strategy of the inputs. The different numbers of low-
fidelity observations per region are 21 and 101, the different numbers of high-fidelity observations
per region are 5, 10, and 20, and the inputs are either all linearly spaced or sampled from a uniform
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distribution in each region. The targets of the low- and high-fidelity observations have an added i.i.d.
Gaussian distribution € ~ .47(0,0.001). Figure 4.2 shows an example of a sampled function with one of
its data sets from the constant p case.

1.0

0.5 4

0.0 4

-0.51

—1.0 A

-1.0 -05 0.0 0.5 1.0 1.5 2.0 2.5 3.0

Figure 4.2: Sampled function and training and test dataset of the constant p case with the inputs sampled from a uniform
distribution.

4.4. Performance

The average performance of a dataset type of a sampled function is defined as the expectation of the
test error over its 20 datasets, see section 7.2 of Hastie et al. [14]. The chosen test error is the mean
squared error

1 n
MSE=—3 (yi- 7i). (4.4)
i=1

Itis calculated using a test dataset (x;, ;) € Dtest that consists of 1001 observations per region, which
are either linearly spaced or sampled from a uniform distribution (based on the sampling choice of
the training dataset). In order to keep the training and testing procedures homogeneous, the i.i.d.
Gaussian distribution € ~ 4/(0,0.001) of the training dataset is also added to the test dataset. Figure 4.2
shows an example of a sampled function and a test dataset.

The performance is calculated across four different region divisions of the test datasets, regions:
[0,2], [-1,0]1U [2,3], [-1,0], and [2,3]. They, respectively, account for the interpolation regime and the
total, left, and right extrapolation regime.

Further on in this thesis, the performance is shown in a compact plot similar to the one in Figure
4.3. Each row of this plot represents a method, and the x-axis represents the expectation of the mean
squared error of a dataset type of a sampled function which is denoted by the three colored symbols.
The colored symbols represent the number of high-fidelity observations: purple filled dot equals 20,
blue dot equals 10, and green triangle equals 5. The letters denote the order of the sampled functions
so that the performance of each sampled function can be compared across the methods. The case,
the number of low-fidelity observations, and the sampling strategy are denoted in the caption of the
figures and sometimes in the rows themselves.
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Figure 4.3: Example performance plot: the case, the number of low-fidelity observations, and the sampling strategy are specified

in its caption.






Results & Discussion

This chapter shows the results of the experiments on the methods and discusses them. This chapter
only looks at the MF-GPR, M-MF-GPR, RVM, and CB methods. First, the results across the three
cases are shown in both the interpolation and extrapolation regimes. These two sections, only look
at the experiments with 21 low-fidelity observations and 5 high-fidelity observations, because a lower
number of observations shows the biggest difference between the methods. After this, the results of
increasing the number of observations are shown and discussed. At last, the two different sampling
strategies of the inputs are compared and discussed, namely, linearly spaced and sampling from a
uniform distribution.

This chapter only looks at the local extension of the splitting and stitching methods to multi-fidelity,
because their performance is similar when looking across the results. This is due to two reasons: the
low-fidelity has enough observations and the underlying function of the low-fidelity is completely sta-
tionary for each case. Specifically, the local extension is chosen because it is the most natural extension,
i.e., splitting each fidelity and stitching the highest.

In the figures, the number of low- and high-fidelity observations are abbreviated to "LFOs" and
"HFOs" and the case names are renamed to:

¢ Constant p case — casel
® Discontinuous p case — case 2

¢ Linearly varying p case ~— case 3

Appendix A shows the results of all experiments.

5.1. Interpolation Regime

This section discusses the results of the experiments across the three cases regarding the interpolation
regime, which is region [0,2].

5.1.1. Constant p Case

Figure 5.1 shows the prediction of the four methods in the interpolation regime for a given dataset and
sampled function. All methods show similar behavior across the regime except near the boundary
where the differences between them become apparent. Figure 5.1b shows the predictions zoomed-in,
the MF-GPR shows a continuous prediction, the M-MF-GPR is discontinuous, the RVM weighs the
local models of the M-MF-GPR, and the CB constraints two independent models to be equal at the
boundary of which still a small discontinuity is seen that represents the error term in the constraints.
From these results, no general conclusions can be made even when looking at the actual mean squared
error of each prediction, as it is a single representation of the case. However, it does confirm that the
methods behave according to their expected behavior in stationary settings.

27
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(a) interpolation regime: [0,2]. (b) zoomed-in interpolation regime: [0.9,1.1].

Figure 5.1: prediction comparison of splitting and stitching methods in constant p case: 21 LFOs, 5 HFOs, inputs sampled from
a uniform distribution, function b, dataset id 0.

To bridge the gap between the specific predictions and the results over multiple realizations, the
expectation of the mean squared error, over all sampled functions and datasets of the constant case, in
regions of the interpolation regime is shown in a bar plot in figure 5.2. These bar plots provide a local-
ized view of the prediction accuracy and show which regions have relatively larger errors. Subfigure
5.2a compares the M-MF-GPR and the MF-GPR, it shows that splitting increases the error across the
regime and that it causes a large error spike at the boundary, see x = 1. These results confirm the results
found in the literature: splitting a model reduces its ability to capture global stationary features, and
the spike is caused by the fact that the boundary lies in the extrapolation regime of the local models,
for which GPRs are known to go to their prior which causes the prediction to become worse. Subfig-
ure 5.2b compares the M-MF-GPR and the RVM, it shows that the stitching of the RVM method only
affects the predictions near the boundary which causes their error to decrease. This effect is due to the
stitching making the M-MF-GPR continuous, as the underlying function is continuous, this improves
the prediction accuracy. Note, that there is a slight increase on the right side of the boundary, but as the
bar plot is in log-scale the spike at the boundary is substantially larger, and thus the stitching reduces
the error overall.
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(a) comparison M-MF-GPR and MF-GPR (b) comparison M-MF-GPR and RVM

Figure 5.2: barplot performance comparison splitting and stitching in interpolation regime [0,2] in constant p case:21 LFOs, 5
HFOs, inputs sampled from a uniform distribution.

To conclude this section, the expectation of the error of each sampled function over all datasets
over the whole interpolation regime of the four methods is compared in figure 5.3. This provides
a measure of how well each method performs in the interpolation regime with which they can be
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compared and general conclusions about the constant case can be made. The results in the figure
reflect the results in the bar plots, i.e., splitting increases the overall error, RVM slightly decreases the
error compared to splitting, and CB (not yet previously discussed) performs worse than the other three
methods. The figure not only shows that these are true when averaged over the sampled functions,
which the bar plots already showed, but that they are more generally true for each sampled function.
Thus, the results in the constant case are comparable to those found in the literature, as discussed in
the previous paragraph.
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M-MF-GPR - M A
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1073 1072 107! 10° 10!
Expectation of the Mean Squared Loss over 20 Datasets

Figure 5.3: splitting and stitching performance in interpolation regime [0,2] in constant p case: 21 LFOs, 5 HFOs, inputs sampled
from a uniform distribution.

5.1.2. Discontinuous p Case

The discontinuous case consists of a discontinuity in the high-fidelity, which is modelled by placing
a discontinuity in the correlation between the two fidelities. This case enables the comparison of the
four methods in a piecewise constant correlation setting for which it is suspected that splitting and
stitching will outperform the MF-GPR.

First, the prediction of each method on a specific sampled function and dataset in the interpo-
lation regime is compared for the discontinuous case. Figure 5.4 shows these predictions and their
corresponding correlation coefficients. The MF-GPR follows the underlying function closely except in
region [0.6;1.0]. In this region there are no high-fidelity observations, meaning that the high-fidelity
prediction of the MF-GPR goes to its prior which is the low-fidelity prediction times the correlation
coefficient. The correlation coefficient of the MF-GPR is just above zero which is inaccurate in this
region, where the actual correlation is equal to 1.0; the MF-GPR makes a compromise of the correlation
between the left and right side of the boundary as it is only able to model a constant correlation across
the input space. Due to this, the prediction is inaccurate in that region. In contrast, the M-MF-GPR
is able to model the underlying function closely even in that region. Due to the splitting, it models
the correlation correctly on both the left and right side of the boundary (as shown in figure 5.4b), thus
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making the model capable of producing correct predictions at locations with sparse high-fidelity obser-
vations in this correlation setting. Compared to the constant case, the RVM makes a worse prediction
compared to the M-MF-GPR, as it makes the prediction continuous at the boundary that is discontin-
uous. However, the transition zone between the left and right local model is small, so the increase in
total error is minimal. At last, the CB method performs considerably worse in the beforementioned
region [0.6;1.0].
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(a) predictions. (b) correlation coefficient.

Figure 5.4: prediction comparison of splitting and stitching methods in interpolation regime [0,2] in discontinuous p case: 21
LFOs, 5 HFOs, inputs sampled from a uniform distribution, function b, dataset id 0.

As with the constant case, one prediction does not provide accurate information regarding the per-
formance of these methods in a general discontinuous correlation setting. Figure 5.5 provides a general
view of the performance by showing the expectation of each sampled function over their datasets. In
this figure, the findings from the predictions are seen quantitatively. It shows that splitting and stitch-
ing (RVM) reduces the error significantly compared to the MF-GPR, where the stitching has a higher
error compared to splitting. As mentioned earlier, this is due to these methods being capable of cap-
turing a two-piecewise constant correlation which the MF-GPR is incapable of, and of course, stitching
is unnecessary at a discontinuity. The CB has the highest error compared to the other three. The re-
sults confirm the expectations that splitting and stitching (only RVM) outperform the MF-GPR in the
interpolation regime.
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Figure 5.5: splitting and stitching performance in interpolation regime [0,2] in discontinuous p case: 21 LFOs, 5 HFOs, inputs
sampled from a uniform distribution.

5.1.3. Linearly Varying p Case

At last, the interpolation regime of the linearly varying case will be looked at. This case is more
nonlinear than the other cases and the correlation can not be captured by the methods exactly, as they
can only model constant correlations or a weighing between them, in the case of the RVM method.
However, it is expected that the splitting and stitching methods outperform the MF-GPR, as their two
piecewise constant correlation matches a linearly varying one more closely than a constant correlation.

First, the prediction of a specific sampled function and dataset is compared with each method.
They all show different behavior in regions [0.5;1.2] and [1.3;2.0], therefore it is hard to see which
method outperforms the others. These differences correspond to their different correlation coefficients,
as seen in subfigure 5.6b. The MF-GPR has a near-zero correlation which indicates that the low-fidelity
observations play no role in the high-fidelity prediction. The M-MF-GPR and RVM have a correlation
of 0.5 on the left and -0.3 on the right, the correlation on the left is to be expected as it is the average
correlation in that region, however, this does not seem to be the case for the left side of the boundary.
Two main reasons might be identified: the average location of the inputs, and the additional term
added in the MF-GPR that is used to sample the functions for the datasets, see section 4.2. At last,
the CB has a correlation of 0.8 and -0.5 on the left and right, respectively. These might be due to the
aforementioned reasons with M-MF-GPR and RVM, or due to the constraints that need to be satisfied
in the optimization of the hyperparameters. Thus, for all methods it is difficult to see how well each
method performs in this dataset, and thus this case, as they all can not fully capture the interaction
between the two fidelities in this correlation setting. Therefore, it is even more important for, this case
compared to the others, to look at the expected error of each sampled function across their datasets.

Figure 5.7 compares the expected error of each sampled function of each method. Visually, it is

hard to see which method performs better than the others. This is similar to the inspection of the
prediction, where each method shows different behavior, and all seem to have trouble inferring the
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Figure 5.6: prediction comparison of splitting and stitching methods in interpolation regime [0,2] in linearly varying p case: 21
LFOs, 5 HFOs, inputs sampled from a uniform distribution, function b, dataset id 0.

correlation between the two fidelities. This again is not expected as the splitting and stitching should
in theory better capture the correlation. When comparing the actual expectations of each sampled
function, the splitting and RVM perform better than MF-GPR with RVM being the best, and the CB
methods perform worse than the others. However, these differences are quite small when comparing
it to the total error found, i.e., errors are between 1072 and 107! while the average difference between
the expected errors is around 4 = 1073. It is suspected that their similar performance, is mainly due
to their inability to correctly infer the correlation between the fidelities, and thus the addition of the
low-fidelity does not significantly improve the prediction accuracy in the high-fidelity. Thus, from
these results, no conclusion can be made on which method outperforms the other regarding the lin-
early varying case, as they all perform almost similarly when looking at their individual and average
performance.
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Figure 5.7: splitting and stitching performance in interpolation regime [0,2] in linearly varying p case: 21 LFOs, 5 HFOs, inputs
sampled from a uniform distribution.

5.2. Extrapolation Regime

This section discusses the results of the experiments across the three cases regarding the extrapolation
regime, which is region [-1,0] U [2,3]. Here, the extrapolation regime means that there are low-fidelity
observations but no high-fidelity ones.

5.2.1. Constant p Case

Figure 5.8 compares the expected error of each sampled function of each method in the extrapolation
regime of the constant case. The trends in this figure follow the trends in the same figure of the in-
terpolation regime: MF-GPR outperforms splitting and RVM, and Cb has a larger error compared to
the other three. However, the RVM produces an equal error instead of it being marginally smaller,
because the weighing of the local models only affects the prediction near the boundary, as it has a fast
transition zone. Thus, the extrapolation regime is unaffected by the weighing of the RVM method. The
errors are larger compared to the interpolation regime because the extrapolation regime consists only
of low-fidelity observations. So the predictions go towards the prior of the high-fidelity which is equal
to the low-fidelity prediction times the correlation coefficient.



34 5. Results & Discussion

MF-GPR A AAA AA

e d a b c

M-MF-GPR - AAA A

L-CB - A A A A A

10°3 1072 1071t 10° 10! 10° 103
Expectation of the Mean Squared Loss over 20 Datasets

Figure 5.8: splitting and stitching performance in extrapolation regime [-1,0] U[2,3] in constant p case: 21 LFOs, 5 HFOs, inputs
sampled from a uniform distribution.

5.2.2. Discontinuous p Case

Figure 5.9 compares the expected error of each sampled function of each method in the extrapolation
regime of the discontinuous case. In this case, the differences between the interpolation regime and
the extrapolation regime are similar to their differences in the constant case. The trends in the extrapo-
lation regime follow the trends in the interpolation regime: splitting and RVM improve over MF-GPR,
while CB performs worse. Where, similarly to the constant case, splitting and RVM have equivalent
errors, due to the stitching only affecting the prediction near the boundary. The trends are similar
between both regimes because the performance of each method is tied to how well they can capture
the target correlation of the dataset, which holds because the predictions in the extrapolation regime
go towards the high-fidelity prior.
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Figure 5.9: splitting and stitching performance in extrapolation regime [-1,0] U [2,3] in discontinuous p case: 21 LFOs, 5 HFOs,
inputs sampled from a uniform distribution.

5.2.3. Linearly Varying p Case

Figure 5.10 compares the expected error of each sampled function of each method in the extrapolation
regime of the linearly varying case. The error of the splitting and RVM are equivalent but smaller than
the MF-GPR, while the CB has a larger error than the other three. The equivalent error between the
splitting and RVM is, again, due to the fast transition zone, which is also seen in the constant and dis-
continuous case. These results are in contrast to the results in the interpolation regime, where all four
methods perform almost similarly. In that regime, the trend seen in the extrapolation regime is also
present when looking at the actual values of the errors, however, it is argued that in the interpolation
regime, these differences are negligible, as they are very small. However, this is not the case in the
extrapolation regime. It seems that splitting and RVM are able to more accurately capture the extrap-
olation regime, due to the increased capability of capturing non-linear correlation. Thus, the mapping
from the low-fidelity onto the high-fidelity is playing a more important role in the extrapolation com-
pared to the interpolation regime in this case.
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Figure 5.10: splitting and stitching performance in extrapolation regime [-1,0] U [2,3] in linearly varying p case: 21 LFOs, 5
HFOs, inputs sampled from a uniform distribution.

5.3. Number of Observations

This section shows and discusses the results when increasing the number of low- or high-fidelity ob-
servations. Only, the constant case is being looked at. However, the interpolation regime and extrapo-
lation regime are looked at separately as different behavior is seen.

5.3.1. Interpolation Regime

Figure 5.11 shows the expectation of the error of each sampled function over all datasets of each
method for each number of low- and high-fidelity observations in the interpolation regime. The three
subfigures of figure 5.12 show the same expectations but each subfigure only shows the experiments
with a particular number of high-fidelity observations because the trends are more clearly seen in these
subfigures compared to figure 5.11. These figures show that increasing the number of low-fidelity ob-
servations decreases the error. This is consistent with the results from the literature, as increasing the
number of observations, generally, increases the prediction accuracy. It also confirms, that when the
low-fidelity is captured more correctly, that this benefits the capturing of the high-fidelity. These fig-
ures also show that increasing the number of high-fidelity observations decreases the error. Similarly
to the number of low-fidelity observations, this is in line with the expectation. The trends of the per-
formance as seen for each number of low- and high-fidelity observations are similar to that discussed
in the section on the interpolation regime of the constant case: splitting and RVM have a higher error
compared to the MF-GPR, where RVM is slightly better than splitting, and the CB has a higher error
compared to the other three. Thus, all four methods behave as expected under the different numbers
of low- and high-fidelity observations.
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Figure 5.11: performance comparison number of low- and high-fidelity observations in interpolation regime [0,2]: constant case,
inputs sampled from a uniform distribution.
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Figure 5.12: performance comparison number of low-fidelity observations in interpolation regime [0,2]: constant case, inputs
sampled from a uniform distribution. Results are equivalent to those in figure 5.11 but the different number of HFOs are shown

separately.
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5.3.2. Extrapolation Regime

Figure 5.13 shows the expectation of the error of each sampled function over all datasets of each
method for each number of low- and high-fidelity observations in the interpolation regime. Simi-
larly, figure 5.14 shows the same errors but the experiments with different numbers of high-fidelity
observations can be viewed separately, for clarity. In the extrapolation regime, the same behavior is
seen across the experiments with different numbers of low- and high-fidelity observations as in the
interpolation regime. Increasing both the number of low- and high-fidelity observations decreases the
error and with these increases, the trends between the methods do not change (error trend: MF-GPR
< RVM & M-MF-GPR < CB). However, the CB method is an exception to this, as the experiments with
21 LFOs and 5 HFOs outperform on average the experiments with 21 LFOs and 10 or 20 HFOs. This
exception is mainly attributed to the outlier that is sampled function b, as without it, the experiments
with 5 HFOs perform worse than the experiments with 10 or 20 HFOs on average. Thus, in general, all
four methods behave as expected under different numbers of low- and high-fidelity observations.
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Figure 5.13: performance comparison number of low- and high-fidelity observations in extrapolation regime [~1,0] U [2,3]: con-
stant case, inputs sampled from a uniform distribution.
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Figure 5.14: performance comparison number of low-fidelity observations in extrapolation regime [-1,0] U [2,3]: constant case,
inputs sampled from a uniform distribution. Results are equivalent to those in figure 5.13 but the different number of HFOs are
shown separately.

5.4. Sampling Strategy

This section compares the two different sampling strategies of the inputs, linearly spaced and sampled
from a uniform distribution. The comparison is made in the interpolation regime of the constant case.

Figure 5.15 shows the expectation of the error of each sampled function over all datasets of each
for the two different sampling strategies, linearly spaced and sampled from a uniform distribution, in
the interpolation regime, the latter is denoted in the plot as "uniformly distributed". Similarly, to the
comparison of the number of observations, figure 5.16 shows the experiments with different numbers
of high-fidelity observations separately in three different subfigures. From these figures, it is evident
that all experiments with the inputs linearly spaced outperform their counterpart experiments where
the inputs are sampled from a uniform distribution. This is attributed to a more consistent coverage
of the interpolation regime when the inputs are linearly spaced, because when the inputs are sampled
from a uniform distribution, often the gaps between the observations become larger, meaning that
some regions have more and some have fewer observations. GPR methods are more inaccurate in
regions with sparse observations, and thus the prediction accuracy decreases when the inputs do not
consistently cover the interpolation regime. The trends seen in the constant case in the interpolation
regime when the inputs are sampled from a uniform distribution are still present when the inputs are
linearly spaced (error trend: MF-GPR « RVM < M-MF-GPR « CB). Thus, when the inputs cover the
interpolation regime more consistently, the prediction accuracy increases for all methods.
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Figure 5.16: performance comparison sampling strategy in interpolation regime [0,2]: constant case, 21 LFOs. Results are
equivalent to those in figure 5.15 but the different number of HFOs are shown separately.






Conclusions and Future Work

This chapter draws conclusions for the research questions using the results and discussions of the
experiments on the splitting and stitching multi-fidelity GPR methods. With these, a better under-
standing of splitting and stitching in multi-fidelity settings is made, such that this is a first step in the
direction of applying these techniques as surrogates of micro-mechanical models of composites in the
FE? method. This is necessary as the fidelities of these models have non-linear correlations. In the
end, this can further decrease the computational cost of the FE? method, by reducing the time spent
collecting observations, as fewer are needed, and training the surrogate model.

To bridge the gap between, the methods in this thesis and the actual application of splitting and
stitching on surrogates, the future work section discusses possible avenues of research that enhance
the understanding of this application and that must be performed before these methods can be applied
as a surrogate.

6.1. Conclusions of the Research Questions

RQ1: What is the effect of splitting and stitching on the prediction accuracy of GPR methods with
multi-fidelity in a linear and non-linear correlated setting in the interpolation and extrapolation
regime?

Note, the conclusions of this research question assume a thoroughly sampled low-fidelity, therefore these are
drawn using only the experiments with 21 low-fidelity and 5 high-fidelity observations. Conclusions regarding
the experiments with 101 low-fidelity and 10 and 20 high-fidelity observations are considered in the next research
question.

In the constant correlation setting in the interpolation regime, the act of splitting and stitching
reduces the prediction accuracy. This reduction is attributed to the decrease in the number of observa-
tions per model in the method, as with the splitting and stitching methods they must be divided among
the local models. This limits the effectiveness of capturing the setting’s global stationary features,
which mostly manifests as inaccurate predictions at the boundary, thus reducing the effectiveness of
these methods. RVM does improve over splitting, however, the difference in prediction accuracy is
really insignificant because only the predictions around the boundary are slightly improved. Splitting
and RVM have a negligible effect on the extrapolation regime as on average a very slight reduction
in the prediction accuracy is seen. The correlation between an interpolation region and the opposite
extrapolation region is low, therefore the high-fidelity observations in the interpolation region do not
contribute much to the opposite extrapolation region. The CB method performs worse than the oth-
ers in both the interpolation regime and the extrapolation regime. Thus, in the linear setting for both
regimes, the act of splitting and stitching is not preferred.

In the discontinuous correlation setting in both the interpolation and extrapolation regime, the
act of splitting and the usage of the RVM stitching method increases the prediction accuracy while
the CB method decreases it, even further compared to the non-split MF-GPR. Clearly, the splitting’s
effectiveness originates from its ability to capture a piecewise constant correlation. The RVM stitching
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method performs slightly worse than just splitting because it creates a continuous model while the case
is discontinuous. Thus, the decrease is mainly attributed to the misprediction of the boundary. The
worse performance of the CB method is due to it satisfying continuity at a discontinuous boundary
which is clearly unnecessary. Thus, in a discontinuous non-linear setting it is advantageous to use
splitting, but enforcing continuity by means of stitching does not obviously improve the prediction
accuracy.

In the linearly varying correlation setting in the interpolation regime, the act of splitting and stitch-
ing is on average not changing the prediction accuracy. The correlation coefficient of all models of
each method is near zero. When splitting, the correlation of both local models is biased slightly pos-
itive and negative. Still, for each method, this means that the low-fidelity has minimal impact on the
high-fidelity prediction in the interpolation regime. In the extrapolation regime, splitting and RVM
have on average improved prediction accuracy. This is probably attributed to the slightly positive
and negative bias that is seen in the correlation coefficient of both local models. CB performs worse
than the other methods in the extrapolation regime. Thus, in a linearly varying non-linear correlation
setting, splitting is preferred as it reduces the complexity of the model whilst keeping the prediction
accuracy. Stitching is only preferred when the model needs to be continuous as it does not improve
the prediction accuracy whilst having more complexity.

RQ2: What is the influence of the ratio of the number of low and high-fidelity observations on the
prediction accuracy of splitting and stitching methods?

In general, in the interpolation regime of the constant case, the prediction accuracy increases when
the number of high-fidelity observations increases. The conclusions drawn regarding the previous
research question are still valid when increasing the number of low- and high-fidelity observations in
this situation.

In general, in the extrapolation regime of the constant case, the prediction accuracy increases when
the number of high-fidelity observations increases. The conclusions drawn regarding the previous
research questions are still valid when increasing the number of low- and high-fidelity observations.
The CB method has an exception, in that it has an outlier with 101 LFOs and 5 HFOs which cause it to
perform better with 5 HFOs compared to 10 and 20.

RQ3: What is the influence of the sampling strategy of the input space on the prediction accuracy
of splitting and stitching methods?

In general, in the interpolation regime of the constant case, the performance is better when the
inputs are linearly spaced compared to sampled from a uniform distribution. This is mostly attributed
to the denser coverage that the linearly spaced inputs have when comparing them to the inputs that
are sampled from a uniform distribution with the same number of observations.

6.2. Splitting and Stitching Methods as Surrogates for Micro-mechanical
Models

These conclusions provide a direction for future research on how to apply splitting and stitching tech-
niques on GPRs with multi-fidelity as surrogates of micro-mechanical models in the FE? method. The
conclusions specify the features that the correlation between the fidelities of the micro-mechanical
model needs to have when splitting or stitching might be beneficial to use. Although these features
are now known, it is unknown how the correlation of the fidelities of a micro-mechanical model be-
haves. Therefore, it is difficult to recommend the usage of splitting and stitching in general for this
application. More research is needed, to characterize the correlations of these fidelities and to test
splitting and stitching as such a surrogate. However, before splitting and stitching can be applied as a
surrogate a few improvements are necessary to make, namely:

High-dimensional Input Spaces

This thesis only considers a one-dimensional input space. However, most surrogates of micro-
mechanical models seek a mapping from the strain tensor to the stress tensor, or vice versa. These
tensors have generally more than one element. This means the surrogates must have input spaces of
dimensions greater than one. Note, that the target space also has a dimension greater than one. One
possible solution for this is to create an independent model for each output component [45].



6.3. Future Work 45

The splitting and stitching methods require some changes when considering these input spaces.
Most importantly, the boundary between the local models changes from a point to an d-dimensional
hyperplane. With this change, the CB-GPR can not achieve full continuity across the boundary as
continuity can only be satisfied in a finite number of points, and its computational cost scales poorly
because the number of constraining points must grow exponentially with the dimension to let the
boundary be sufficiently continuous. The increase in dimension also requires the RVM-GPR to change
its weight function, as its center parameter can not sufficiently describe the boundary anymore.

Clustering the Local Models

Currently, the determination of the regions of the local models in the splitting and stitching meth-
ods is predetermined. However, in real-world applications, the underlying function is not known
prior, therefore a clustering algorithm must be applied to determine these regions. This results in a
few extra considerations. First, if clustering will take place in the same process as or iteratively with
the optimization of the hyperparameters, or if they are separated and a pre-clustering step is applied?
Another consideration would be the type of clustering. The splitting and CB-GPR methods may use,
for example, uniform grid partitioning or spatial tree partitioning [30]. For the RVM-GPR, it may be
embedded in the weight functions themselves, which is currently the case if the center parameter is
also optimized.

Number of Local Models

The number of local models in this thesis is always set to two, however, the inference capabilities
might highly change when more are used. It is suspected that the ability to capture global stationary
features decreases when more local models are used. Therefore, this change is probably unnecessary in
the constant and discontinuous correlation settings as one and two, respectively, local models already
approximate the actual correlation. However, there are settings in which an increased number of local
models approximates the actual correlation more closely, as is the case in the linearly varying setting.
Both, the interpolation and extrapolation regime might benefit as an n-piecewise constant correlation
better approximates a linear one.

6.3. Future Work

The following two paragraphs discuss possible research options that might be interesting but do not
directly impact the applicability of the splitting and stitching methods as surrogates.

CB-GPR with Pseudo-observations

The CB-GPR method performs worse compared to the other methods, therefore it is suggested to
look at a different boundary-constraining method for GPR models. It is proposed to constrain the
points at the boundary by means of adding observations with zero noise variance. This constrains the
predictive mean of both local models to be equal at that point, however, the predictive variance might
differ. Note, that this method requires an iterative procedure, as the targets of these observations must
be iterated over to find their optimal value.

Another approach would be to follow the work of Park et al. [30], where pseudo-observations are
placed at the boundary which states that the difference between the local models is zero: effectively
making it continuous at those points. This results in both the predictive mean and variance being
equal, but the independency of the local models is lost; it is still less than that of the global GPR
method as only the inputs of the pseudo-observations are correlated between the local models.

Sampling MF-GPR without Additive Part

The MF-GPRs, which are used to sample the functions of the cases, use an additive part in the
high-fidelity. This is included to better represent real datasets because small variations are introduced
to the correlation of the sampled functions. However, this adds more variation to the experimental
results, as each sampled function of the same case has a slightly different correlation, which makes it
harder to draw general conclusions. Therefore, it is suggested to run the same experiments without the
additive part in the sampled MF-GPRs. This would hopefully result in experiments that better identify
the differences between the splitting and stitching methods because in each case the correlation of the
sampled functions matches the defined correlation.

Optimization of Case Construction



46 6. Conclusions and Future Work

This thesis compares several methods by measuring their performance on datasets in given cases.
Another approach would be, to find a case that maximizes the difference in performance between the
methods. Such an approach has the advantage to reduce the biases inherent in selecting cases. The
case-constructing method of this thesis, sampling an MF-GPR, is naturally suitable for such a practice,
as its hyperparameters can be inserted in an optimization algorithm that maximizes the difference
in performance between the methods. In our case, consideration must be taken when deciding on a
suitable space for the correlation, as it must encapsulate the interested domain of research, i.e., (dis-
continuous) non-linear correlation. Thus, this new perspective shifts the focus to finding a suitable
space of cases in which the methods can differentiate themselves. This approach to method compari-
son is not entirely new, as Wilde et al. [51] have used a similar idea based on generating an artificial
dataset using an evolutionary algorithm for which a specific classification method performs well on
a given metric. However, applying the same approach to regression and using MF-GPRs in the case
optimization process is novel and could potentially lead to interesting results.



Experimental Results

The single-fidelity GPR method is excluded from this appendix for aesthetic reasons: 10 methods do
not fit nicely on a page.

The appendix contents provide an efficient browsing option. Each expected error plot and predic-
tion plot that is referenced has a reference back.

A.1. Appendix Contents
Section A.2: inputs sampled from a uniform distribution
Section A.2.1: constant p case
Figure A.1: expected error plot - 21 low-fids per region
Figure A.5: expected error plot - 101 low-fids per region
Section A.2.2: discontinuous p case
Figure A.9: expected error plot - 21 low-fids per region
Figure A.13: expected error plot - 101 low-fids per region
Section A.2.3: linearly varying p case
Figure A.17: expected error plot - 21 low-fids per region
Figure A.21: expected error plot - 101 low-fids per region
Section A.3: inputs linearly spaced
Section A.3.1: constant p case
Figure A.25: expected error plot - 21 low-fids per region
Figure A.29: expected error plot - 101 low-fids per region
Section A.3.2: discontinuous p case
Figure A.33: expected error plot - 21 low-fids per region
Figure A.37: expected error plot - 101 low-fids per region
Section A.3.3: linearly varying p case
Figure A.41: expected error plot - 21 low-fids per region
Figure A.45: expected error plot - 101 low-fids per region
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A. Experimental Results

A.2. Inputs sampled from a Uniform Distribution

A.2.1. Constant p case
Appendix A: Experimental Results
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(c) Left extrapolation regime: [-1,0].
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(b) Extrapolation regime: [-1,0] U [2,3].
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(d) Right extrapolation regime: [2,3].

Figure A.1: constant p case, inputs sampled from a uniform distribution, and 21 low-fids per region.
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Figure A.3: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.1.
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Figure A.4: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.1.
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Figure A.5: constant p case, inputs sampled from a uniform distribution, and 101 low-fids per region.
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Figure A.6: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.5.
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Figure A.7: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.5.
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Figure A.8: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.5.
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Figure A.9: discontinuous p case, inputs sampled from a uniform distribution, and 21 low-fids per region.



A.2. Inputs sampled from a Uniform Distribution

57

Appendix A: Experimental Results

-15
-10 -05 00 05 10 15 20 25 3.0
x
1.0 target pix)
0.5
=
3 00
-0.5
-1.0

-10 -05 00 05 1

-15

-1.0 -05 0.0 05 1.0 15 2.0 25 3.0

x

10 target px)

RVM p(x)
05
E

T

-05
-1.0

-1.0 -05 00 05 1

(g) L-CB

-1.0 =05 0.0 05 1.0 15 2.0 25 3.0
B
1.0
0.5
= 00
g
=059 e —————e
-0
-1.0 =05 0.0 0.5 1.0 15 2.0 25 3.0
B
(h) G-CB

target p(x)
M-MF-GPR p(x)

-2
-10 -05 00 05 10 15 20 25 30
x
1.0 target p(x)
05 == LS-CB plx)
= 00
3
-05 "TTTmmmmsmsomsmomeo
-104{ R
-10 -05 00 05 10 15 20 25 30
x
(i) LS-CB

Figure A.10: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.9.
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Figure A.11: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.9.
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Figure A.12: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.9.
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(c) Left extrapolation regime: [-1,0].
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(d) Right extrapolation regime: [2,3].

Figure A.13: discontinuous p case, inputs sampled from a uniform distribution, and 101 low-fids per region.
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Figure A.14: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.13.
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Figure A.15: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.13.
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Figure A.16: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.13.
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Figure A.17: linearly varying p case, inputs sampled from a uniform distribution, and 21 low-fids per region.
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Figure A.18: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.17.
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Figure A.19: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.17.
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Figure A.20: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.17.
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Figure A.21: linearly varying p case, inputs sampled from a uniform distribution, and 101 low-fids per region.
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Figure A.22: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.21.
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Figure A.23: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.21.
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Figure A.24: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.21.
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(c) Left extrapolation regime: [-1,0].
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(b) Extrapolation regime: [-1,0] U [2,3].
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(d) Right extrapolation regime: [2,3].

Figure A.25: constant p case, inputs linearly spaced, and 21 low-fids per region.
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Figure A.26: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.25.
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Figure A.27: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.25.
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Figure A.28: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.25.
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(c) Left extrapolation regime: [-1,0].
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(b) Extrapolation regime: [-1,0] U [2,3].
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(d) Right extrapolation regime: [2,3].

Figure A.29: constant p case, inputs linearly spaced, and 101 low-fids per region.



A.3. Inputs Linearly Spaced

77

Appendix A: Experimental Results

15 Xy

X
—)

-10 -05 00 05 10 15 20 25

1.050 target p(x)

1.025

1.000

px)

0.975

0.950

-10 -05 00 05

(a) M-GPR

0.5

0.0

-10 -05 00 05 10 15 20 25

)

target plx)
0.85 LRVM plx)

-1.0 -05 00 05 10 15 20 25

(d) L-RVM

2102
1.00
0.98 LSS m e m T
-10 -05 00 05 10 15 20 25 30
x
(8) L-CB

-10 -05 00 05 10 15 20 25 3.0
x
1.000
0.998
< target p(x)
S 0.996 MF-GPR p(x)
0.994
0.992
-10 -05 00 05 10 15 20 25 3.0
x

-10 -05 00 05 10 15 20 25 30
x
1.00
0.95
g
< 0.90
target p(x)
0.85 G-RVM p(x)
-10 -05 00 05 10 15 20 25 3.0
x
() G-RVM

plx)

-1.0 -05

(h) G-CB

.
p
1.00
0.95
=
2 0.90
target p(x)
e e N
-1.0 -05 0.0 05 1.0 15 2.0 25 3.0
p
(c) M-MF-GPR

1.00
0.95
S
2 0.90
0859 eaumpe
-1.0 -05 0.0 0.5 1.0 15 2.0 25 3.0
p
(f) LS-RVM

ol

-1.0 -05 00 05 1.0 15 20 25 3.0

(i) LS-CB

Figure A.30: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.29.
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Figure A.31: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.29.
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Figure A.32: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.29.
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(c) Left extrapolation regime: [-1,0].

® 20 High-Fid Obs O 10 High-Fid Obs A 5 High-Fid Obs

CCcceecaabbbaddd
GPR A e e
ccceeeaaabbbddd
M-GPR ® ®A e
eecccebbbaaaddd
MF-GPR 4 - a0 o
ccbbcebeddadeaa
M-MF-GPR- @RO @0 A
ccbbcebeddadeaa
1 @GO @ A
ccbcbebedddaaea
1 @®RO@ A
ccbbcebeddadeaa
1 @O @ A
beaeacbbecdaddc
L-CB O A AO oM ®© @ O
aeebcbacaddbdce
G-CB 1 A A oA ® e e O
baebea cdbdcacd
LS-CB e} Ao @ o & O @
T T T T T
1072 107! 10° 10t 102

Expectation of the Mean Squared Loss over 20 Datasets

(b) Extrapolation regime: [-1,0]U[2,3].
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Figure A.33: discontinuous p case, inputs linearly spaced, and 21 low-fids per region.
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Figure A.34: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.33.
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Figure A.35: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.33.
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Figure A.36: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.33.
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(d) Right extrapolation regime: [2,3].

Figure A.37: discontinuous p case, inputs linearly spaced, and 101 low-fids per region.
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Figure A.38: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.37.
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Figure A.39: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.37.
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Figure A.40: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.37.
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(c) Left extrapolation regime: [-1,0].
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(b) Extrapolation regime: [-1,0]U[2,3].
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(d) Right extrapolation regime: [2,3].

Figure A.41: linearly varying p case, inputs linearly spaced, and 21 low-fids per region.
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Figure A.42: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.41.
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Figure A.43: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.41.
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Figure A.44: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.41.
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Figure A .45: linearly varying p case, inputs linearly spaced, and 101 low-fids per region.
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Figure A.46: model predictions with 5 high-fids per region of function a and data-set 0 of figure A.45.
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Figure A.47: model predictions with 10 high-fids per region of function a and data-set 0 of figure A.45.
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Figure A.48: model predictions with 20 high-fids per region of function a and data-set 0 of figure A.45.
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