Journal of Intelligent Manufacturing
https://doi.org/10.1007/s10845-025-02597-2

®

Check for
updates

Structured sampling strategies in Bayesian optimization: evaluation in
mathematical and real-world scenarios

Lucas Greif'® - Niklas Hiibschle! - Andreas Kimmig' - Simon Kreuzwieser'! - Anatole Martenne’ -
Jivka Ovtcharova'

Received: 22 August 2024 / Accepted: 19 March 2025
© The Author(s) 2025

Abstract

This study presents a comprehensive evaluation of initial sampling techniques within the context of Bayesian Optimization
(BO), a machine learning technique intended for the optimization of intricate and expensive functions. We assessed its
efficacy in optimizing both theoretical benchmark functions and real-world applications. The findings reveal that, while BO is
inherently robust and effective in a wide range of optimization problems, the integration of structured initial sampling methods,
such as Latin Hypercube Sampling (LHS) and fractional factorial design (FFD) in the context of Design of Experiments (DoE),
can significantly alter its performance. In addition, by systematically exploring different optimization strategies, the study
highlights how LHS and FFD, followed by BO, can, for example, lead to substantial reductions in energy consumption—up
to approximately 67.45% compared to average consumption. In conclusion, this study contributes to the growing body of
knowledge on BO by demonstrating the value of early sampling techniques in enhancing BO effectiveness. This study offers
a roadmap for future studies to build on in the pursuit of more efficient and effective optimization strategies in complex

real-world scenarios.
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Introduction

In today’s era of rapid technological advancement, optimiz-
ing manufacturing processes is more critical. It is crucial
to improve productivity, reduce costs, and minimize energy
consumption in industrial processes to foster sustainable
development (Rubio et al., 2021). Moreover, companies must
adapt quickly, accurately, and effectively to evolving pro-
duction tasks (Iordache et al., 2019). A key aspect of this
adaptation lies in selecting the right production parame-
ters, as these directly affect defect formation, tolerances, and
energy consumption in the manufactured part (Chia et al.,
2022). Determining the ideal process parameters is especially
challenging in high-mix-low-volume (HMLV) contexts such
as additive manufacturing (Chia et al., 2022). However,
ensuring production efficiency and maintaining quality stan-
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dards (Becker et al., 2015) remain essential. HMLV involves
producing small to moderately sized batches, typically rang-
ing from a few units to several thousand. In this scenario,
process optimization plays a pivotal role in maintaining eco-
nomic feasibility and gaining a competitive edge.

Given the limited data points often available to identify the
optimal process parameters in HMLYV, the choice of an appro-
priate optimization method is critical. Bayesian optimization
(BO) has garnered considerable attention because of its
effectiveness in optimizing complex, expensive, or time-
consuming objective functions. BO has been successfully
applied in various applications, showcasing both its versa-
tility and effectiveness. In hyperparameter tuning, reports
indicate that BO reduces computational cost by approxi-
mately 30% compared to traditional grid search methods
(Letham et al., 2017). Research in materials science sug-
gests that the integration of BO can accelerate the discovery
of new materials by 40%, as it allows more informed deci-
sion making and reduces the number of required experiments
(Shields et al., 2021). In the context of engineering simula-
tions, BO has reduced the number of simulations needed by
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50%, leading to significant cost savings (Frazier & Wang,
2016). BO also accounts for environmental noise within its
model, allowing it to make robust decisions even under uncer-
tain conditions (Shields etal.,2021; Huan & Marzouk, 2011).
Furthermore, BO can leverage prior knowledge about the
objective function via prior distributions, thereby accelerat-
ing the optimization process by steering the search towards
more promising regions of the parameter space (Frazier &
Wang, 2016). Hence, its ability to capture uncertainty and
integrate prior information makes BO highly versatile and
widely applicable to numerous problems.

A recent literature review on BO identified seven key
challenges requiring further investigation: prior-knowledge
integration, optimizing high-dimensional spaces, managing
constraints, conducting batch evaluations, addressing multi-
objective optimization, leveraging multi-fidelity data, and
handling mixed variable types (Greenhill et al., 2020).

One key challenge emphasized is the integration of prior
knowledge, often achieved through initial sampling tech-
niques. Initial sampling determines both the quality and
coverage of the parameter space, directly influencing the sur-
rogate model’s predictions. Poor sampling can lead to uneven
coverage, overlooking crucial regions, and weakening the ini-
tial surrogate model; which can significantly hinder overall
BO performance.

Despite this importance, prior studies have largely focused
on BO’s overall efficiency and success without systemati-
cally investigating the impact of diverse structured sampling
strategies. Existing research often overlooks the poten-
tial performance variations that stem from different sam-
pling strategies. Although Design of Experiments (DoE)
approaches are used extensively, they are typically treated
as standalone methods rather than being systematically inte-
grated into the BO framework. For example, some works
used Latin Hypercube Sampling (LHS) when optimizing
multi-objective problems such as vat photopolymerization
(Sattari et al., 2024) or solar cell manufacturing (Liu et al.,
2022), but did not statistically assess its impact compared to
other sampling strategies or a baseline BO approach. More-
over, existing literature often targets highly specialized use
cases, building tailored frameworks that justify the inclu-
sion of structured sampling methods, e.g., LHS or Sobol
sequences, based on domain knowledge or logical reason-
ing. However, these studies rarely offer a rigorous statistical
evaluation of how such sampling strategies affect BO’s
performance. For example, in high-dimensional optimiza-
tion scenarios, advanced techniques such as Multi-Objective
Regionalized Bayesian Optimization (MORBO) (Daulton et
al., 2022) or Cylindrical Thompson Sampling (CTS) (Rashidi
et al., 2024) have demonstrated sample efficiency in large-
scale problems with hundreds of dimensions. Nevertheless,
these evaluations often involve a large number of iterations,
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which do not represent scenarios with limited computational
or experimental budgets.

To address this gap, we integrate and evaluate structured
sampling strategies within the BO framework in a systematic
manner. In contrast to previous work, our focus is on lower-
dimensional problems and significantly fewer iterations, a
scenario that reflects real-world constraints in HMLV manu-
facturing and materials science. By analyzing the statistical
impact of these sampling approaches, we aim to provide
actionable insights into how initial sampling can enhance
BO’s performance, particularly when resources are limited.

In summary, our key contributions are:

e We establish a comprehensive evaluation framework to
examine sampling strategies in mathematical functions
with diverse characteristics, allowing systematic compar-
ison.

e We perform a detailed statistical analysis to reveal per-
formance differences when distinct sampling strategies
are integrated into BO.

e Using a 3D printing case study and materials science
datasets, we demonstrate the practical value of structured
sampling in real-world optimization problems.

By bridging these gaps, our study offers a deeper under-
standing of how sampling strategies interact with BO,
ultimately providing actionable insights to optimize complex
and costly processes.

Theoretical foundations and related works
Bayesian optimization

BO is amachine learning-based method designed to optimize
black-box functions that are costly to evaluate (Greenhill
et al., 2020; Jones et al., 1998; Shahriari et al., 2016). It
is particularly effective when the objective function lacks a
closed-form expression and evaluations are expensive, such
as in hyperparameter tuning of machine learning models or
experimental design.

BO uses a surrogate probabilistic model to represent the
unknown objective function f(x). This surrogate model
offers a posterior distribution over potential functions that
align with the observed data, encapsulating both the mean
prediction p(x) and the uncertainty o2(x) at each loca-
tion within the domain (Frazier, 2018). This probabilistic
approach enables BO to effectively balance exploration and
exploitation by employing an acquisition function, which
guides the choice of subsequent sampling points to locate
the global optimum efficiently.

Given a dataset of observations D = {(x;,y) | i =
1,2,...,n}, where x; € X C R4 represents the input
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parameters and y; = f(X;) + €; are the corresponding noisy
evaluations with ¢; ~ N (0, o,%), the GP surrogate model
predicts the posterior mean and variance at a new point X
using the kernel function k(x, x") (Frazier, 2018).

The acquisition function ¢ (x; D) leverages the predictions
of the surrogate model to guide the selection of the next
evaluation point:

Xpext = arg ma))éoz(x; D).
Xe

Common acquisition functions include Expected Improve-
ment (EI), Probability of Improvement (PI), and Upper
Confidence Bound (UCB), each balancing exploration and
exploitation differently. For example, the UCB acquisition
function is defined as (Srinivas et al., 2010):

ayce(X; D) = u(x) + ko (x),

where k > 0 controls the trade-off between exploration
(sampling points with high uncertainty o (x)) and exploita-
tion (sampling points with low predicted mean p(x)).

BO operates iteratively, repeating the following steps until
convergence criteria are met (Plockinger et al., 2022):

1. Surrogate model update: update the GP model with the
current dataset D to obtain the posterior distribution over
f(x).

2. Acquisition function maximization: solve

Xpext = arg ma})é a(x; D)
Xe

to determine the next point to evaluate.
3. Objective function evaluation: evaluate the true objective
function with possible noise:

Ynext = f (Xnext) + €.

4. Dataset augmentation: augment the dataset:

D <« D U {(Xnexts Ynext)}-

This process efficiently navigates the trade-off between
exploration and exploitation, converging towards the global
optimum of f(x) (Mockus, 1989).

BO has been extended to handle various problem settings,
including constrained optimization, multi-objective opti-
mization, and high-dimensional spaces (Neumann-Brosig
et al., 2018). In constrained BO, constraints are modeled
probabilistically and the acquisition function incorporates
the probability of satisfying these constraints (Gelbart et
al., 2014). Multi-objective BO seeks to optimize several
objective functions simultaneously by finding a set of Pareto-
optimal solutions (Knowles, 2006).

The convergence criterion for BO can include a maximum
number of function evaluations, a threshold for improvement
between iterations, or limits to the computational budget
(Plockinger et al., 2022; Cashore et al., 2016). These criteria
ensure that the optimization process terminates appropri-
ately, especially when dealing with expensive evaluations.

Design of experiments and sampling

Efficient sampling strategies are essential in BO, especially
when the number of evaluations is limited by cost or time
constraints. By carefully selecting initial sample points, we
can build a more accurate surrogate model with fewer eval-
uations, thereby improving the optimization process. This
approach is particularly valuable in real-world parameter
optimization problems, where only a limited number of ini-
tial samples are feasible.

Table 1 presents several techniques to initiate a surrogate
model with sampled data.

Each method offers distinct advantages and drawbacks,
and the optimal approach depends heavily on the specific fea-
tures of the problem at hand. Two critical factors to consider
are the available sampling budget and the dimensionality of
the parameter space. A sufficiently large sample size guar-
antees comprehensive coverage of the design space, but as
the number of parameters increases, the resources needed
for detailed investigation may become prohibitive. When the
sampling budget is limited, carefully selecting an appropriate
sampling technique is essential to avoid overlooking critical
regions.

In situations where minimal prior knowledge is available
and the dimensionality remains modest, methods such as
random sampling or LHS can provide an accessible start-
ing point, delivering broad coverage without imposing strict
assumptions. When computational budgets are severely con-
strained, LHS typically offers a more structured and reliable
alternative to purely random approaches, ensuring more
uniform coverage and potentially improving initial surro-
gate performance. If existing insights suggest that optima
cluster near design-space boundaries, factorial and espe-
cially fractional factorial designs can be highly valuable.
By systematically varying parameters at a carefully cho-
sen subset of levels, these approaches help detect promising
regions quickly and highlight how parameters interact to
form local minima or maxima. In moderate-dimensional
problems, fractional factorial designs are often more prac-
tical than full-factorial approaches because they mitigate the
exponential growth in required samples.

Conversely, when no clear information exists regarding
the location of the optimum, space-filling methods such
as maximin or quasi-random sequences (e.g., Sobol sam-
pling) can distribute points more evenly across the design
space, helping to prevent the surrogate model from miss-
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Table 1 Design of experiments methodologies

Method

Description

Advantages

Disadvantages

Factorial design

Latin hypercube sampling

Maximin sampling

Evaluates all combinations
of selected parameter levels
(e.g., high and low values for
each parameter)

Divides each parameter
range into intervals and
samples each interval once,
ensuring uniform coverage
across dimensions

Selects points to maxi-
mize the minimum distance
between any two samples,

Systematic exploration;
identifies main effects and
interactions between param-
eters Navid et al. (2018)

Good space-filling proper-
ties with limited samples;
reduces sampling variance
Stein (1987)

Ensures diverse sampling;
good for constructing accu-
rate surrogate models Xiong

Number of required samples
grows exponentially with
the number of parameters;
impractical for limited bud-
gets Zhou et al. (2020)

Effectiveness decreases
in very high-dimensional
spaces with few samples
Deutsch and Deutsch (2012)

Computationally intensive
to determine optimal points;
may not be feasible with

spreading them evenly
across the design space

Random sampling Randomly selects points

within the design space

Sobol sequence sampling Uses low-discrepancy
sequences to  generate
quasi-random,  uniformly
distributed samples

et al. (2009) very limited samples or
high-dimensional ~ spaces
Vofechovsky and  Elias

(2020)

May result in uneven cov-
erage; can miss important
regions due to randomness
Renardy et al. (2021)

May require a specific num-
ber of samples to achieve
desired uniformity; less flex-
ible with very few samples
Kucherenko et al. (2015)

Simple to implement; no
prior assumptions needed
Renardy et al. (2021)

Provides  uniform  cov-
erage; deterministic and
reproducible; efficient for
integrating over the space
Renardy et al. (2021)

ing critical but unexpected regions. The choice becomes
more nuanced as dimensionality increases. Although LHS
and Sobol sequences often remain useful, their effective-
ness diminishes if the sampling budget cannot increase
proportionally with dimensionality. In higher dimensions,
additional strategies can be needed, such as adapting exist-
ing space-filling techniques or integrating domain-specific
knowledge, to maintain efficiency.

Ultimately, the decision relies on balancing these trade-
offs. If prior experience or preliminary analyses guide
attention to particular regions of the parameter space, fac-
torial or fractional factorial designs can quickly delve into
those areas. If the distribution of optima is unknown and
the parameter space is large, methods that prioritize cover-
age over structure offer a more robust initial exploration.
In all cases, the choice of a sampling technique is criti-
cally dependent on available resources, the dimensionality
of the problem, and the degree of confidence in hypothesiz-
ing where the optimum may lie within the design space.

Related works
In recent years, BO has become increasingly prominent in
optimizing complex systems, especially where evaluations

are expensive or time-consuming. This section reviews the
relevant literature on BO’s applications in various domains,
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with an emphasis on different sampling strategies and their
role in optimizing manufacturing processes.

Application of Bayesian optimization in real-world
scenarios

An increasing number of studies employ BO for real-
world problems. For example, a physics-constrained multi-
objective Bayesian Optimization (MOBO) algorithm was
developed to optimize vat photopolymerization (VPP) of
thermoplastics by identifying parameter sets that balance
printing speed and material strength (Sattari et al., 2024). This
work adopted Latin Hypercube Sampling (LHS) based on a
recommendation for process optimization in solar cell man-
ufacturing (Liu et al., 2022). However, the authors limited
their scope to adjusting ink compositions and concluded that
integrating both printing parameters and ink compositions
would be too complex, as parameter scales differ signifi-
cantly and would necessitate a larger experimental workload.
In addition, they did not compare the impact of LHS sampling
against a baseline BO approach without structured sampling.

Another study that recommended LHS sampling proposed
a BO framework with probabilistic constraints, incorporat-
ing domain knowledge (e.g., film quality evaluations) and
prior experimental data to optimize perovskite solar cell fab-
rication via Rapid Spray Plasma Processing (RSPP) (Liu et
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al., 2022). The researchers performed initial sampling with
LHS and then used a Gaussian Process (GP) surrogate model
with an anisotropic kernel and an Upper Confidence Bound
(UCB) acquisition function in subsequent BO iterations.
The framework achieved a maximum power conversion effi-
ciency (PCE) of 18.5% within 100 optimization iterations,
surpassing both standard BO and conventional methods such
as LHS alone, one-variable-at-a-time sampling (OVATS),
and factorial sampling. However, the study did not present
robust statistical tests to confirm the significance of these
performance differences, and it relied on a single kernel
and acquisition function. However, the research highlights
the potential to integrate structured sampling and domain
knowledge into BO, while demonstrating the need for more
extensive statistical analysis and broader benchmarking.

In another example, BO was compared with evolution-
ary algorithms (EAs), such as the Genetic Algorithm (GA)
and Particle Swarm Optimization (PSO), to optimize chlo-
rine dosage in water distribution systems (WDS) (Moeini &
Abokifa, 2024). The goal was to balance disinfection effec-
tiveness with minimizing byproduct formation using multi-
species water quality (MS-WQ) models. BO demonstrated
superior computational efficiency and faster convergence,
requiring fewer evaluations than GA and PSO to reach better
optimization results. Although the study highlighted BO’s
sensitivity to parameters such as kernel length scale and
acquisition functions, GA and PSO exhibited lower sensitiv-
ity but required more evaluations. The findings underscore
the potential of BO for real-time WDS optimization, although
exploring alternative surrogate models could further improve
its robustness.

Guidetti et al. (2022) introduced a batch Bayesian Opti-
mization (BBO) framework specifically suited for advanced
manufacturing methods such as atmospheric plasma spraying
and fused deposition modeling (Guidetti etal., 2022). BBO is
sample-efficient, which is a critical advantage when physical
experiments are expensive. This framework employs a novel
acquisition function that effectively balances exploration and
exploitation in batch settings, enabling the simultaneous eval-
uation of multiple sets of process parameters.

Besides tackling high-dimensional optimization directly,
recent studies highlight the importance of balancing com-
putational efficiency with performance. Sampling methods
have been employed to handle the exponential expansion
of the search space in high-dimensional challenges. Two
notable methods are Multi-Objective Regionalized Bayesian
Optimization (MORBO) (Daulton et al., 2022) and Cylin-
drical Thompson Sampling (CTS) (Rashidi et al., 2024),
both employing distinct approaches to sampling. MORBO
performs BO concurrently in multiple local regions of the
design space, using a coordinated strategy that efficiently
identifies diverse globally optimal solutions. It has shown
notable improvements in sample efficiency on several syn-

thetic benchmarks and real-world cases, such as optical
display and vehicle design problems with up to 146 and
222 parameters, respectively. CTS, on the other hand, begins
by sampling a modest number of points to determine which
dimensions most influence the objective, thereby learning a
reduced-dimensional trust region. Subsequent sampling iter-
ations focus on these subspaces, updating them adaptively as
optimization progresses. CTS typically needs 10 to 30 points
to learn a reduced subspace, even in problems with hundreds
of parameters, and often completes the entire optimization
with fewer than 200 or 300 total points.

Applications of design of experiments methods

Joseph (2012) introduced a DoE-based Interpolation Tech-
nique (Dolt) that employs experimental designs to sample the
parameter space more effectively (Joseph, 2012). Dolt was
shown to estimate posterior distributions using fewer eval-
uations than methods like Monte Carlo or Markov Chain
Monte Carlo, making it particularly resource-efficient for
high-dimensional problems. Morishita and Kaneko (2022)
proposed a clustering-based initial sampling approach for
combinatorial optimization tasks, including chemical com-
pound design, to ensure a uniform sample distribution
between clusters (Morishita & Kaneko, 2022). Their results
demonstrated up to a 5% reduction in the number of exper-
iments needed to achieve optimal solutions compared to
random sampling or D-optimality.

Huan and Marzouk (2011) developed a Bayesian exper-
imental design framework for nonlinear systems, empha-
sizing optimal experimental setups for inference (Huan &
Marzouk, 2011). They leveraged polynomial chaos expan-
sions and Monte Carlo sampling to compute the expected
information gain, guiding the selection of the samples. This
approach proved to be effective for non-linear parameter
inference problems, highlighting the potential of systematic
sampling strategies such as LHS.

Beyond these specific optimization tasks, other research
has explored parameter selection strategies for additive
manufacturing (AM) processes such as fused deposition
modeling (FDM). A study applied the Taguchi method to
assess 27 parameter combinations, each with three repli-
cates, using Analysis of Variance (ANOVA) to pinpoint the
most influential sustainability factors (Camposeco-Negrete,
2020). The results indicated that the build plate and nozzle
temperatures were most critical and that the layer height var-
ied in importance depending on the product geometry. In a
related project on sustainable manufacturing, another group
integrated machine learning with a design of experiment
approach to enhance pharmaceutical 3D printing sustainabil-
ity (Li et al., 2023). Using a Definitive Screening Design
(DSD), they identified and ranked the parameters that affect
the environmental impact, then implemented ML models to
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predict CO; emissions. This methodical combination of ML
and DOE helped identify key variables that influence sus-
tainability outcomes.

Existing benchmarking studies

In addition to domain-specific research, various benchmark
investigations have compared multiple optimization method-
ologies. For example, a study evaluated seven metaheuristic
algorithms in 11 mathematical functions that model different
real-world challenges (Ismail & Halim, 2017). The functions
exhibited diverse complexities, including modality, sepa-
rability, discontinuity, and pronounced surface effects.An
additional benchmark analysis in materials science evaluated
various BO variants, as well as surrogate models including
Gaussian processes with either isotropic or anisotropic ker-
nels, and random forests (RF), for the purpose of optimizing
material properties (Liang et al., 2021). The researchers mea-
sured factors such as the convergence rate, the enhancement
factor, and the acceleration factor, underscoring the impor-
tance of aligning acquisition functions and surrogate models
with the problem at hand. They also suggested evaluating RF
kernels with LHS sampling, anticipating improved perfor-
mance given RF’s minimal assumptions about data. However,
the study provided limited statistical evidence to confirm
these improvements.

Research gap and contribution

Despite considerable advancements in BO and the grow-
ing interest in structured sampling techniques, multiple gaps
persistin current research. First, although many studies incor-
porate strategies like LHS or Sobol sequences into BO, these
integrations often remain ad hoc, lacking systematic compar-
isons with baseline BO methods. As a result, the influence
of structured sampling on BO performance, particularly in
low-iteration contexts with limited experimental or com-
putational resources, remains ambiguous. Second, rigorous
statistical validation is often missing. Although performance
gains are frequently reported, few studies include formal
hypothesis testing, confidence intervals, or non-parametric
evaluations to separate genuine improvements from ran-
dom variability or problem-specific peculiarities. Third, most
research concentrates on high-dimensional or high-iteration
scenarios typified by advanced frameworks like MORBO
and CTS, which do not necessarily reflect the practical con-
straints many industrial or materials science applications
face. Finally, there is a shortage of studies investigating
the transferability of structured sampling methods outside
their initial domain-specific contexts. Because many of these
frameworks are custom-built and grounded in domain-centric
arguments, their broader applicability is uncertain. Further-
more, there is no widely recognized benchmarking strategy
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for comparing sampling approaches across a diverse set of
tasks, from synthetic mathematical functions to real manu-
facturing processes, further limiting the generalizability of
current findings.

Our research addresses these deficiencies through a sys-
tematic and statistical evaluation of structured sampling
methods integrated into the BO framework. We compare
various sampling strategies with baseline BO approaches
under controlled experimental conditions, testing mathemat-
ical functions selected to represent different levels of problem
complexity. This methodology ensures that the results are
not overly dependent on a single domain-specific case. We
also embed statistical methods such as hypothesis testing
and confidence intervals to validate whether observed per-
formance gains exceed random noise or incidental effects.
Unlike some prior research, we focus on settings with limited
iteration budgets, reflecting the real constraints practitioners
encounter due to time, cost, or resource limitations. Through
this approach, our goal is to generate insights that are directly
applicable even in resource-constrained environments. Ulti-
mately, by systematically evaluating and benchmarking these
methods, we seek to offer a robust foundation for choosing
structured sampling strategies that can improve BO perfor-
mance in a variety of real-world contexts.

Methodology
Scope and methods

Initially, the scope of the study must be determined by select-
ing the surrogate models, acquisition functions, and sampling
methods that will be analyzed subsequently.

Surrogate models

We used four surrogate models: Gaussian Processes (GP)
with isotropic and anisotropic kernels, Tree-structured Parzen
Estimator (TPE), and Random Forests (RF).

Gaussian Processes (GP) are widely used in BO due
to their probabilistic nature and flexibility. For GPs with
isotropic kernels, the covariance function depends only on
the Euclidean distance between points:

Ixp —x4112
k(x,,,xﬁ:o%exp(—% ,

where 0’]2» is the signal variance and [ is the length scale.
The isotropic kernel assumes that the function varies uni-
formly across all dimensions of the input space. The main
assumption for isotropic kernels is that the objective function
is smooth and stationary, meaning its statistical properties are
invariant to translations in the input space. Using this covari-
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ance function, the GP provides a predictive mean w(x) and
variance o2(x) for a new point x:

nx) =k (K+a D7y,
o?(x) = k(x,%x) — k; (K4 0 T1) 'k,

where K is the covariance matrix of the training data, Kk, is
the covariance vector between the new point and the training
data, cr,f is the noise variance, and y is the vector of objective
values from the training data.

In contrast, GPs with anisotropic kernels allow the covari-
ance function to vary along different dimensions, providing
greater flexibility for modeling functions where certain input
dimensions are more influential than others. The covariance
function for an anisotropic kernel is defined as:

D

(Xp.d — Xq.4)*
k(xp, xg) = ajzc exp (— Z % ,
d

d=1

where /; is the length scale for the d-th dimension. The
anisotropic kernel assumes that the objective function is
smooth and sufficiently differentiable, typically at least twice
differentiable, to ensure proper gradient-based estimation of
directional dependencies. This kernel is particularly suited
for problems where the function exhibits varying rates of
change along different dimensions.

Furthermore, we have used Tree-structured Parzen Esti-
mator (TPE) as surrogate model. TPE is a probabilistic model
particularly effective in high-dimensional optimization prob-
lems (Watanabe, 2023). Rather than directly formulating
the objective function, TPE divides the search space into
two regions: one corresponding to “good” configurations
(objective values below a threshold) and another for “bad”
configurations (values above the threshold). The objective
function is modeled using two conditional probability den-
sities, g(y | x) for good configurations and /(y | x) for bad
configurations. The next evaluation point is chosen to maxi-
mize the ratio of these densities:

:g(yIX)
Iy |x)

y (%)

TPE assumes that the objective function exhibits cluster-
ing behavior, where certain regions of the parameter space
correspond to significantly better values than others. This
assumption allows TPE to focus on sampling in regions with
a high potential for improvement.

Random Forests (RF) provide a non-parametric alterna-
tive to GPs and TPE. RFs aggregate predictions from an
ensemble of decision trees, making them particularly robust
for non-stationary objective functions. Traditionally, the pre-
diction for a new point x is calculated as the mean of the

predictions of all trees:

1 Nyree R
px) = — > (),
Ntree =1

where /1; (x) is the prediction from the k-th tree. In this study,
we employ a median-based approach to enhance robustness
against outliers and skewed distributions (Roy & Larocque,
2012):

1(X) = median {ﬁk(x) k=1,2,..., ntree} .

The variability in predictions is captured using the median
absolute deviation (MAD):

0 (x) = median Hfzk(x) — ﬂ(X)‘ k=1,2, ...,ntree} .

RFs assume minimal structure on the objective function,
allowing them to handle irregularities such as non-stationarity
and heteroscedasticity effectively. We used nyee = 100 and
bootstrap = True which was shown to be suitable parameters
for RF kernels (Liang et al., 2021).

Acquisition functions

For the acquisition functions expected improvement (EI)
(Mockus et al., 1978), probability of improvement (POI)
(Kushner, 1964), upper confidence bound (UCB) (Srinivas et
al., 2010), and Stochastic Monte Carlo (SMC) (Vangelatos et
al., 2021; Sheikh & Marcus, 2022) were considered. These
acquisition functions can be expressed as follows:

For Expected Improvement (EI):

ag1(X) = (f Kpest) — 11 (X)) P(Z) + 01 (X)p(Z)
S Xpest) — pr (X)
o (x)

where Z =

’

where f(Xpest) 1S the best observed value, u;(x) and o;(x)
are the predicted mean and standard deviation of the function
f(x) at point x, @ (Z) is the cumulative distribution function,
and ¢ (Z) is the probability density function of the standard
normal distribution.

For probability of improvement (POI):

aPOI(X) ) (f(Xbest) — /_L(X) _ K) ’

o (x)
where @ is the cumulative distribution function of the stan-

dard normal distribution, and « is a tunable parameter.
For upper confidence bound (UCB):

ayc(X) = u(x) — ko (x),
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where (. (x) is the predicted mean, o (X) is the predicted stan-
dard deviation, and « controls the exploration-exploitation
tradeoff.

For stochastic Monte Carlo (SMC):

asmc(x) = u(x) — r(x),

where r(X) is sampled from U (0, 20 (x)), with ;£ (x) and o (x)
being the predicted mean and standard deviation returned
by the surrogate model at x. This approach samples from a
truncated uniform distribution to introduce stochasticity in
the acquisition process, encouraging diverse exploration.

Sampling strategies

Our attention is on two sampling methods: fractional factorial
design (FFD) and Latin Hypercube Sampling (LHS).

Factorial Design provides systematic insights into the
main effects and potential interactions between parameters,
making it suitable for initial exploration when the design
space is relatively small or when specific factor levels are
of interest. In a full factorial design, denoted as 2k where k
represents the number of factors each at two levels (typically
designated as “low” and “high”), every possible combina-
tion of factor levels is evaluated. This results in a total of 2%
experimental runs. For example, with k = 3 factors, the
full factorial design would involve 23 = 8 experimental
conditions. However, when the number of factors is large,
evaluating all possible combinations becomes impractical
or too expensive (Tsao & Patel, 2013). To address this, a
fractional factorial design selects a fraction of the full fac-
torial runs, typically a half, quarter, or another fraction, thus
reducing the number of experiments needed. This reduction
is achieved by confounding certain higher-order interactions,
which are presumed to be negligible, allowing the study to
focus on the most significant effects with fewer trials.

LHS ensures an even distribution across the design space
with a limited number of trials, making it particularly effec-
tive for achieving good space coverage within the constraints
of a small experimental budget. In LHS, each of the k
dimensions of the parameter space is divided into N equally
probable intervals, and one sample point is randomly selected
from each interval. Mathematically, for a sample size N and
k parameters, LHS ensures that for the i-th sample point x;:
X = (Xi1, Xi2, -+ s Xik)
where each x;; is randomly selected from the j-th interval.
This method guarantees that the full range of each parameter
is explored, reducing the likelihood of clustering samples and
improving the surrogate model’s accuracy.

Using FFD, we can systematically evaluate interactions
among a reduced subset of parameters, thereby optimizing
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the use of limited computational budgets while still identify-
ing critical factors that influence performance. This approach
is particularly valuable when preliminary insights, or even
domain intuition, suggest that high-value regions may lie
near particular boundaries or when assessing multifactor
interactions is essential to refining the search domain. In con-
trast, LHS provides a more evenly distributed coverage of
the parameter space, ensuring that each region is sampled
more systematically than with purely random methods, even
if prior knowledge is scarce. Furthermore, these methods are
complementary: FFD targets organized blends of parameter
levels to detect important effects and interactions, whereas
LHS focuses on even sampling throughout the entire design
domain. Consequently, the integration of both approaches
will also be assessed.

Evaluation framework

The overall framework of the study is shown in Fig. 1.

In the Initialization phase, BO is utilized to identify the
optimal combination of the surrogate model, the acquisi-
tion function, and, where applicable, the k parameter. This
phase systematically explores four acquisition functions:
POI, UCB, EI, and SMC, with « values ranging from 0 to 10.
The Data Generation phase involves simulating optimization
scenarios for various black-box functions. The optimization
methods tested include BO without prior sampling, Random
Search (RS), and BO initialized with structured sampling
strategies, namely LHS, FFD, or a combination of LHS and
FFD. Each optimization method is evaluated on a set of
benchmark functions with varying modalities and dimen-
sions. This phase involves repeating the optimization process
1000 times for each combination of function and method.
In the Evaluation phase, the performance of the different
methods is statistically assessed using bootstrapping and
non-parametric tests. The Kruskal-Wallis test is applied to
detect significant differences between methods. If significant
differences are found, Dunn’s test is used to conduct pairwise
comparisons. This ensures a robust statistical analysis of the
performance variations between methods. Finally, the frame-
work proceeds to the Validation phase, where the approach
is tested in both real-world and open-data scenarios. A prac-
tical case study involving 3D printing is conducted. Here,
BO is used to minimize energy consumption while main-
taining part quality. The study evaluates the effects of key
process parameters, such as the printing temperature and the
height of the layer, on energy efficiency and demonstrates the
practical utility of the optimization framework. Additionally,
the methodology is validated on publicly available materials
science datasets. These datasets include diverse optimization
challenges, such as improving yield in nanoparticle synthesis
and optimizing structural properties in additive manufactur-

ing.
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Objectives during each step

1)

Identify the optimal kind-kappa
combination for the acquisition
function for the BO in step 2)

Description of each step

1) Initialization
Performing BO to find kind-kappa combination for 2) (fixed kind-
kappa combination for all surrogate models)

Kind functions: POI, UCB, EI

Kappa range: 0 -10

2)

Collect data by finding the
minimum values of different
functions using different methods
and surrogate models in the BO

2) Data Generation

This step is repeated 1000 times for each function and surrogate
model

240 Sy rrymmum wid 2.2) Search minimum with RS
scipy
2.3) Searchiminimum with BO 2.4) Search m-|n|mum with LHS
prior BO
2.5) Search minimum with
DoE prior BO

6) Search minimum with LHS
and DoE prior BO

3)

3) Evaluation

Using Bootstrapping to gain insights in the distribution of the found
minima and Kruskal-Wallis followed by Dunn‘s Test to investigate
significance of differences between methods

Evaluate the performance and
significance of differences between
methods

3.1) Bootstrapping

3.2) Kruskal-Wallis Test

Significant
differences?

3.3) Dunn’s Test

Validate the findings through a
practical case study and
comparison on material science

4) 4) Validation

Validation on real world applications

4.1) Validation on 3D printing 4.2) Validation using material
case study science datasets
datasets

Fig.1 Overall framework of the study

For our BO implementations, we use the public library
BayesOpt' as documented in Martinez-Cantin (2014), GPy-
Opt? along with pyDOE3? for FFD and scipy.stats* to
generate LHS data.

Initialization

Before starting the main BO procedure, we needed to deter-
mine the optimal combination of the surrogate model, the
acquisition function, and, when applicable, the parameter «.

1 https://github.com/rmcantin/bayesopt.

2 https://github.com/SheffieldML/GPyOpt.
3 https://github.com/relf/pyDOE3.

4 https://github.com/scipy/scipy.

We considered four surrogate models: GP with isotropic and
anisotropic kernels, TPE, and RF, along with four acquisition
functions: POI, UCB, EI, and SMC. Although we explored
values of k ranging from O to 10, it is important to note that
k is only meaningful for the acquisition functions that incor-
porate it into their formulation. In particular, « affects the
balance between exploration and exploitation in both UCB
and POI, whereas EI and SMC do not incorporate the param-
eter k.

To identify the best-performing configuration, we con-
ducted an additional BO routine. Each candidate setup—
defined by a particular combination of surrogate model,
acquisition function, and (if relevant) k—was evaluated
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using the following loss function:

mean(found_min;)

sy
i=1

true_max; — true_min; |

where found_min; denotes the list with the found minimum
for each function i from each optimization iteration in this
BO cycle with the proposed kind and « value, true_max;
denotes the maximum of function i over the parameter space,
and true_min; denotes the minimum of function i over the
parameter space.

where found_min; denotes the distribution of minimum
values obtained for the i-th test function across multiple
independent optimization runs, and true_max;, true_min;
represent the known maximum and minimum values of the
i-th test function over its parameter space.

In this preliminary phase, we performed 100 BO function
evaluations. For each candidate configuration, we performed
10 runs per test function, allowing 20 function evaluations
per run to emphasize computational efficiency and identify
minima with minimal overhead.

After computing the loss L for each evaluated set-up, we
selected the configuration that yielded the lowest overall loss.
This configuration—comprising the chosen surrogate model,
the acquisition function, and, if applicable, the value of x—
was then used to guide our main suite of BO experiments.

Data generation

In order to evaluate the performance of the five methods,
we initially simulated the scenario of determining the best
parameter set for real experiments by utilizing mathematical
functions as black-box functions, where the goal was to find
the minimum value. Therefore, our optimization methods
were not provided with information about the mathematical
functions themselves but only with the function values in the
proposed variable configurations (x;1, X;2, X3, Xi4, X5, Xic)-
Consequently, numerical minimization techniques that rely
on gradient information are not applicable. Each optimization
method was executed separately for each function, perform-
ing 1000 iterations for each combination. Our objective is
to employ functions with differing properties, making them
appropriate for evaluating algorithms that generalize opti-
mization.

To reflect the varying bounds typically encountered in
real-world scenarios, we selected different ranges for the
variables listed in Table 2.

Different parameters naturally exhibit different ranges
due to their specific physical, economic, or operational sig-
nificance. By choosing varied bounds, we aim to improve
flexibility and robustness.

@ Springer

Table2 Bounds for each

8 Variable Variable range
variable
X1 [-0.5, 1]
X2 [—20, 10]
X3 [-0.5, 0.5]
X4 [—20, 30]
X5 [-5, 10]
X6 [—10, 5]

Table 3 outlines the attributes of each function used,
including dimensionality (d), key properties, and modal-
ity. Generally, the Rosenbrock function exhibits unimodal
behavior in lower dimensions (d < 2). However, for dimen-
sions greater than 4, it is shown to be multimodal (Shang &
Qiu, 2006).

Table 4 presents the mathematical formulas for each func-
tion.

Figure?2 illustrates the graphical representations of the
benchmark functions, in order to facilitate understanding of
the different functions and their characteristics.

In conclusion, by treating these mathematical functions
as black-box functions, we aim to mimic different real-world
application scenarios where the internal workings of the func-
tion are unknown, but optimization is still required.

Evaluation

To assess how well the methods optimize mathematical
functions, we employ statistical techniques to examine the
significance of the differences between the methods. Fur-
thermore, to compare the minima found by each method
with the actual minima of the parameter space, we use the
“L-BFGS-B” algorithm (Zhu et al., 1997) implemented in
the SciPy optimization library. The L-BFGS-B algorithm is
particularly well suited for this task due to its ability to effi-
ciently handle bound constraints while maintaining a balance
between memory usage and computational cost.

For visualization and initial evaluation, a bootstrapping
analysis was performed. Bootstrapping is a resampling
method employed to approximate the sampling distribution
of a statistic by drawing repeated samples with replace-
ment from the initial dataset (Mooney & Duval, 1993). This
method is particularly useful when the underlying distri-
bution is unknown or when parametric assumptions are in
doubt. Let X = {x1,x2,...,x,} be our sample data. We
generate B bootstrap samples X} by sampling with replace-
ment from X, where b = 1,2, ..., B. For every bootstrap
sample X}, the corresponding statistic 6;; is calculated. The
empirical distribution of {6}, 05, ..., 63} then provides the
bootstrap estimate of the statistic’s distribution. By applying
bootstrapping, we can gain insight into the variability and
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Table 3 Functions and their properties

Function Dimensionality Significant properties Modality
Ackley Ackley (1987) d A function considered relatively straightforward Multimodal
because its form features a single funnel
Griewank Griewank (1981) d Many regularly distributed local minima and maxima, Multimodal
bowl-shape for large input spaces
Rastrigin Miihlenbein et al. (1991) d Overall shape is flatter than Ackley’s function, fewer Multimodal
minima
Rosenbrock De Jong (1975) d e [4,30] Steep valley shape Multimodal
Schaffer F7 Dieterich and Hartke (2012) d Concentric barriers need to be overcome to reach the Multimodal
global minimum
Schwefel Schwefel (1981) d Less symmetric, many local minima and maxima, no Multimodal
overarching slope directing towards the global
minimum
Table.4 Functions and their Function Equation
equations
Ackley f(x) =—=20-exp (—0, 2,/ é Zf;l x?) — exp (% sz:l cos(27rxi)> +20+e¢
. d 3 d X
Griewank F@) =>"i_1 7055 — [ L= cos (j) +1
10 - x? ifx; > 5.120rx; < —5.12
Rastrigin x)=10-d+ Y P ! '
& Fe0 Lizi {xlz — 10 - cos(2mx;), if —5.12 <x; <5.12
Rosenbrock fx) = thll (100 (x,-+1 — x,-z)2 + (x; — 1)2)
1 \~d 2 2 : 2 2\ ?
Schaffer F7 F&) =22\ /*i +xi7y | sin|50- <‘/xi —i—xH_l) +1
Schwefel f(x) =418.9829 - d — Z?:] x; sin(+/]xi|)

distribution of the minima found by our optimization meth-
ods. This facilitates a more robust comparison by allowing us
to compute confidence intervals and visualize the distribution
of the results.

In addition, further statistical procedures, whether para-
metric or non-parametric, are applied to assess the data
produced by different techniques. Parametric methods neces-
sitate certain assumptions about data distribution, such as
a normal distribution, whereas non-parametric methods do
not rely on these assumptions and are instead based on the
rankings or distributions obtained directly from the data.
Consequently, if the assumptions required for parametric
methods are met, they tend to be more efficient and accurate,
rendering them a better choice than non-parametric methods.

‘We presuppose that the assumptions of data independence
and normal distribution might not be fully met. To investi-
gate this, we examine the QQ plots of the residuals in our
data.Furthermore, to assess the normality of the dataset, we
utilize the Shapiro—Wilk test. This test examines the null
hypothesis that the data follow a normal distribution (Razali

& Wah, 2011). The test statistic W is calculated as follows:

(Z?:l az‘x(i))z

W= Sl
Y (i = %)?

where x(;) represent the ordered values within the sample
(order statistics), x indicates the sample mean, a; are con-
stants obtained from the expected values of the order statistics
of a standard normal distribution along with their covariance
matrix, and n signifies the size of the sample.

A lower value of W indicates a departure from normality.
The p-value corresponding to W is used to decide whether
to reject the null hypothesis.

Thus, we resort to non-parametric approaches. We employ
a mix of the Kruskal-Wallis test and Dunn’s test to assess
the significance of mean differences. Initially, we examine
whether there are significant mean differences between the
methods at a significance level of « = 0.05 for function
evaluations of 10, 20, 30, and 100 per function. If significant
differences are found, we use Dunn’s test to determine which
pairs of methods have a significant difference at the « = 0.05
level.
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Ackley Function

(a) Ackley Function

Rastign Funkton Rastrign Funkton

Rastigh Funkdon

(c) Rastrigin Function

Schaffer F7 Function

Fig.2 Function plots

(e) Schaffer F7 Function

Considering the framework of our experiments, it is
reasonable to state that the assumptions required for the
Kruskal-Wallis test are satisfied. In our experiment, each
function is optimized independently. Furthermore, we use
the same kind and « combination to perform the BO, so
we can assume that our data are independent and identically
distributed. Moreover, when considering each function and
method, the optimization process remains consistent across
function evaluations, with differences only in the stochas-
tic elements of the algorithms, such as the initial point of
the BO. Therefore, we can conclude that the minima identi-
fied for each method and function are derived from the same
stochastic distribution function, and therefore all the assump-
tions for the Kruskal-Wallis and Dunn test are satisfied.
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(b) Griewank Function

(d) Rosenbrock Function

Schwafel Function

(f) Schwefel Function

The test statistic of the Kruskal-Wallis test (Ostertagova
et al., 2014) is then given by

k 2

12 1 ni(N+1)
H=—" 3" — (w; - 22572
N(N + 1) nj< ! 2 )

j=1

where W; is the rank sum of the j-th sample, n; the num-
ber elements in thee j-th sample, N:= ZI](: (njandk =5
denotes the number of groups, in our case our five methods.
Under our null hypothesis that the different groups come
from the same probability distribution, the test statistic in
the distribution converges to the chi-square distribution with
parameter k — 1 degrees of freedom. We therefore reject the
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null hypothesis if
2
H > Xk—l;l—a

applies. In this context, sz—lgl— o, represents the (1 — a)-
quantile of a chi-squared distribution having k — 1 degrees
of freedom.

In order to compare the different methods pairwise, we
now consider Dunn’s test along with the Bonferroni correc-
tion (Dinno, 2015). Dunn’s test operates by making pairwise
comparisons between the ranks of the groups, adjusting for
multiple comparisons through the Bonferroni correction. The
test statistic of the Dunn’s test is calculated as follows.
Ly, — L W,

n; n_,'
Zl = —7
[ef}
where W;, W; denotes the rank sum of thei —th and j —th
sample as before and o; is the standard deviation with ties
correction, which is calculated as

r 5
vv+n =&Y L1

o; = — J— — .
2 v -1 |\ Tr

Here, the number of tied ranks is denoted by r and the num-
ber of observations that are tied to the s-th value is denoted by
7;j. Then our test statistic z; follows approximately the stan-
dard distribution. After calculating the Bonferroni adjusted
p-value, we look at each method and count whether it is
better, i.e. a smaller mean and a significant difference.

Validation

After finalizing the theoretical framework of our optimiza-
tion approaches, we proceeded to validate their performance
under realistic conditions. The overarching goal of this val-
idation phase was twofold: first, to assess the robustness of
the optimization strategies in the presence of noise and pro-
cess variability, and second, to confirm their effectiveness in
practical applications. To achieve this, we implemented and
tested the proposed methods in a controlled 3D printing sce-
nario using polylactic acid (PLA) as the printing material.
By systematically varying process parameters and monitor-
ing energy consumption, we could evaluate how well the
optimization techniques minimize resource use without com-
promising print quality. Beyond this initial application, we
further verified the generalizability of our methods by bench-
marking them on five distinct materials science datasets.
These datasets reflect a variety of manufacturing processes
and optimization objectives, thereby providing a comprehen-
sive assessment of the adaptability of the methods. In the

Fig.3 Designed part

following paragraphs, we detail the 3D printing experiments
and their parameter setups, as well as the procedures and
datasets used in our broader materials science benchmarks.

Before detailing the specific experiments and data sources
used, it is important to clarify the nature of the functions
we seek to model. In the context of additive manufacturing
(AM), these functions often represent complex, multi-faceted
relationships between controllable input parameters (e.g.,
temperature, print speed, material composition) and output
performance measures (e.g., energy consumption, mechan-
ical strength, dimensional accuracy). Such relationships
typically lack simple closed-form expressions and are instead
treated as “black-box” functions, constructed from empirical
data and surrogate modeling techniques. By characterizing
the underlying response surfaces in this manner, we can guide
our optimization strategies more effectively, ensuring that
they adapt not only to specific 3D printing conditions but
also scale to other manufacturing processes with minimal
assumptions. This same principle applies to the materials sci-
ence datasets: while each dataset may reflect distinct physical
processes and objectives, the complex, interdependent nature
of their parameters and outputs similarly calls for a data-
driven, model-agnostic approach that can generalize beyond
the particularities of any one domain.
3D Printing

3D printing of PLA involves variables such as printing
temperature, print speed, infill density, and printing bed tem-
perature, all of which influence the energy consumption
and thus the carbon footprint of the printing process. Our
objective was to find optimal settings that reduce energy con-
sumption while maintaining print quality.

The designed part is shown in Fig. 3. This component is
derived from a case study related to the German research
initiative AIBetOn3D,> which seeks to improve 3D print-
ing technology for construction materials and consequently
mitigate their environmental impact. The energy consump-
tion was monitored in real time using a power meter (TAPO
P110) connected to the 3D printer (Prusa MK4).

To approximate the energy consumption of the 3D printer,
the trapezoidal rule was applied to the power consumption
data over time. This method involves summing up the areas
of trapezoids formed under the power-time curve, which pro-

> Al-assisted 3D printing for building materials.
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Table 5 Bounds for the 3D printing experiments

Parameter Bounds

Infill mass proportion 0-30%
Printing temperature 190-230 °C
Build plate temperature 30-60 °C
Layer height 0.1-—0.3 mm
Print speed 40-150mm/s

vides an approximation of the total energy used. The formula
for the Trapezoidal Rule is given by:

& —ti1)

5 (Pi + Pi—y)

n
Energy Consumption & Z

i=1

where t; represents the time stamps and P; represents the
power readings on those time stamps.

Setting a unique geometry allows us to directly identify
the impact of a parameter modification on energy consump-
tion. However, this approach lacks generalizability, as certain
features that a parameter could theoretically impact more
significantly than another may be underrepresented. This
could lead to optimization being reliable only for the spe-
cific part on which the model was based. To mitigate this
bias, we selected parameters that are more generalizable by
nature. For example, instead of modifying the infill percent-
age parameter available in the slicer software, we opted to
modify the infill mass over the total mass ratio, which is
independent of the geometry.

The chosen parameters and their respective bounds are
listed in Table 5.

To comprehensively evaluate the energy consumption
optimization for 3D printing, we conducted a total of 80
experiments. These experiments were divided into different
strategies to assess the effectiveness of various optimization
methods.

We performed:

1. 20 experiments solely using BO.

2. 8 experiments using LHS followed by 12 experiments
with BO.

3. 8 experiments using FFD followed by 12 experiments
with BO.

4. 8 experiments using FFD and LHS, followed by 4 exper-
iments with BO.

Material science

To enhance the robustness of our findings, we evaluated
the sampling strategies on five publicly accessible materials
science datasets, following the benchmarking approach out-
lined in (Liang et al., 2021). Each dataset was standardized

@ Springer

into an optimization framework where the objective was for-
mulated as a global minimization problem. Table 6 presents
the characteristics of the datasets.

The datasets were derived from high-throughput exper-
imental systems and represent a variety of challenges in
materials science. BO was used during the data collection
process for some datasets, including P3HT/CNT, AgNP, Per-
ovskite, and AutoAM, to guide the selection of subsequent
experimental conditions in their respective materials opti-
mization campaigns.

Figure 4 demonstrates the probability density function of
objective values for each dataset.

The datasets reveal varied distributions, underscoring the
discrepancies in complexity and variability across the opti-
mization landscapes.

In order to execute the BO framework, we calculate the
Euclidean distance between each point in the dataset and all
others. The design space be represented by a set of points
X = {X|,X2,...,X,}, where x; € R?. The Euclidean dis-
tance between two points X; and X is defined as:

d
dxi,xj)) = | Y (xix —x;0%

k=1

where x; ; and x; ; are the k-th components of x; and x;,
respectively.

For each point x; € X, the closest neighbor x; is deter-
mined by solving:

X; =arg min d(x;,X).
Xe

X X#X;
The point x; is then used as feedback in the BO framework
for the subsequent optimization iteration.

Results

Hyperparameter optimization of the acquisition
function

After performing the preliminary BO routine to determine
the best configuration for each surrogate model, we identified
the acquisition function and the value ¥ (when applicable)
that minimized the loss L defined earlier. Table 7 summa-
rizes these results for the four surrogate models considered:
Gaussian Processes (GP) with isotropic and anisotropic ker-
nels, Tree-structured Parzen Estimators (TPE), and Random
Forests (RF).

In the case of the isotropic GP, the best performance was
obtained with the SMC acquisition function, which does not
require «, allowing for a flexible exploration-exploitation
trade-off driven by stochastic sampling. The anisotropic



Journal of Intelligent Manufacturing

Table 6 Material science datasets and their properties

Dataset d Domain Process Objective Size
AgNP Mekki-Berrada et al. (2021) 5 Silver nanoparticles Flow synthesis Yield 3295
AutoAM Deneault et al. (2021) 4 Materials manufacturing 3D Printing Shape score 100
Crossed Barrel Gongora et al. (2020) 4 3D printed structure Mechanical toughness Strength 1800
P3HT Dieterich and Hartke (2012) 5 Organic materials Spin coating Multimodal 233
Perovskite Sun et al. (2021) 3 Thin film perovskite Spin coating Stability score 139

Fig.4 Histogram of objective
values of the Material Science
Datasets

3.00e+00

2.50e+00

2.00e+00

1.50e+00

Probability Density

1.00e+00

5.00e-01

0.00e+00
01 02 03 04 05 06 07 08 09
Spectrum Score (unitless)
Dataset: Crossed Barrel
1.00e-01

8.00e-02

6.00e-02

4.00e-02

Probability Density

2.00e-02

0.00e+00

2.00e-06

1.75e-06

1.50e-06

1.25e-06

7.50e-07

Probability Density
-
o
o
o
o
o

5.00e-07

2.50e-07

0.00e+00

Dataset: AgNP

10 20 30 40
Toughness (MPa)

Dataset: Perovskite

0.00 025 050 075 1.00 125 150 175
Instability Index (unitless) 1e6

Probability Density

Probability Density

Dataset: AutoAM

4.00e+00

3.50e+00

3.00e+00

2.50e+00

2.00e+00

1.50e+00

1.00e+00

5.00e-01

0.00e+00

1.00e-03

8.00e-04

6.00e-04

4.00e-04

2.00e-04

0.00e+00

0.2 0.4 0.6
Shape Score (unitless)

Dataset: P3HT

0.8

200 400 600 800
Conductivity (S/cm)

1000 1200

@ Springer



Journal of Intelligent Manufacturing

Table 7 Best-performing

. Surrogate model Acquisition function K L
configurations for each
surrogate model, including the GP (isotropic) SMC _ 1.185
chosen acquisition function and, . .
if applicable, the k value, along GP (anisotropic) - POI 7.39 1.178
with the resulting loss L TPE UCB 6.94 1.194
RF UCB 6.83 1.201

GP model, on the other hand, performed best with POI at
k = 7.39. This relatively high « increased the improvement
threshold, encouraging exploration to find more substan-
tial improvements beyond the current best solutions. For
TPE and RF, both achieved their lowest loss values using
UCB with « values of approximately 6.94 and 6.83, respec-
tively. In these cases, the elevated « discouraged sampling
high-uncertainty regions, leaning the search more toward
exploitation of areas already identified as promising. In con-
clusion, the most effective arrangement for every surrogate
model exhibited a distinct equilibrium between exploration
and exploitation. This equilibrium was influenced by both
the selection of the acquisition function and the adjustment
of k.

Mathematical function optimization

In this section, we present a comprehensive analysis of the
optimization methods applied to a series of benchmark math-
ematical functions. We begin by examining their convergence
behavior using a representative case. Figure5 shows the
convergence behavior of the Ackley function and isotropic
kernel. The x-axis represents the iteration count, while the y-
axis shows the average best value obtained by each method.
The analysis includes confidence intervals to provide insight
into variability between trials.

We introduce a series of predefined checkpoints at itera-
tions 10, 20, 30, and 100, using them as reference points to
highlight how performance evolves over time. Checkpoint 1
(CP1) at iteration 10 represents the early stage of optimiza-
tion, where initial differences in performance between the
methods can be observed. Checkpoint 2 (CP2) at iteration 20
highlights the mid-way point of rapid convergence, as most
methods show significant improvement at this stage. Check-
point 3 (CP3) atiteration 30 marks a point where convergence
begins to stabilize for some methods, providing a clearer
picture of their relative performance. Finally, Checkpoint 4
(CP4) at iteration 100 serves as the final checkpoint, where
the differences in sampling diminish. At each checkpoint, we
examine the statistical properties of the results to determine
whether the differences observed between methods are statis-
tically significant. To ensure the validity of this comparison,
we first evaluated the underlying distributional assumptions.
Examination of QQ-Plots indicated that the residuals do not
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follow a normal distribution. To confirm this, we performed
the Shapiro—Wilk test at a 5% significance level, finding that
342 of the 384 tests rejected the normality assumption. As
a result, analysis of variance and other parametric methods
are inappropriate. Therefore, we employ nonparametric tests,
specifically the Kruskal-Wallis test followed by Dunn’s test,
to assess differences in the medians of the methods. With the
statistical framework established and the appropriate non-
parametric tests identified, we now proceed to present the
results for each of the selected checkpoints. For each itera-
tion milestone, we will:

1. Deploy bootstrapping to illustrate the performance trends
for each function and kernel.

2. Identify general observation trends across all functions
and kernels, noting any observed convergence patterns.

3. Conduct kernel-specific analyzes to determine whether
certain strategies are particularly advantageous for spe-
cific kernels.

4. Apply the Kruskal-Wallis and Dunn tests to evaluate the
statistical significance of performance differences.

General observations at iteration 10

By the 10th iteration, as shown in Fig. 6, clear performance
patterns begin to emerge. The performance of FFD and LHS
prior BO is not examined because this method necessitates
18 iterations for initialization, making it unfeasible to assess
after just 10 iterations. BO using FFD as a prior consistently
achieves lower bootstrap mean values and tighter confidence
intervals than other methods across all kernels for the Schaf-
fer F7, Rosenbrock, and Schwefel function. When comparing
FFD prior BO against all alternatives, the Kruskal-Wallis test
at the 5% significance level confirms that these differences
are statistically significant for the Schwefel, Schaffer F7, and
Rosenbrock function. However, for the Schaffer F7 function,
significant differences with the anisotropic kernel occur only
when comparing FFD prior BO to LHS prior BO. Subsequent
Dunn’s tests further confirm these findings, indicating that at
iteration 10, FFD prior BO outperforms the other methods.

In comparison, RS demonstrates performance on par with
most BO methods. However, generally wide confidence
intervals highlight the variability that emerges from the lim-
ited evaluation steps at this iteration count.
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Fig.5 Convergence analysis of
optimization methods 1800
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For the Ackley and Griewank function, isotropic kernels
using LHS or without priors, as well as anisotropic kernels
without priors, yield lower mean values. Additionally, for the
Rastrigin function, anisotropic kernels without priors attain
the lowest mean values.

Kernel-specific observations at iteration 10

1. Anisotropic kernel: BO without priors achieves the low-
est bootstrap mean values for the Ackley, Griewank, and
Rastrigin function. The Kruskal-Wallis test at the 5%
level indicates significant differences.

2. Isotropic kernel: when FFD does not produce the best
result, subsequent BO phases are outperformed by LHS
sampling or no prior approaches. Only for the Rosen-
brock function does the Kruskal-Wallis test at the 5%
level show significant differences when comparing LHS-
prior BO to BO without priors.

3. RF kernel: apart from scenarios favoring FFD, LHS sam-
pling leads for every tested function except Schaffer F7.
The Kruskal-Wallis test at the 5% level indicates signif-
icant differences for the Ackley and Rastrigin function
when comparing LHS-prior BO to both BO without pri-
ors and FFD prior BO, and for the Rosenbrock and
Schwefel function when comparing LHS-prior BO to BO
without priors.

4. TPE kernel: apart from conditions favoring FFD, LHS
sampling outperforms no-prior scenarios at this iteration.
However, the Kruskal-Wallis test at the 5% significance
level indicates significant differences only for the Rosen-
brock and Schaffer F7 function.

General observations at iteration 20

By the 20th iteration, as depicted in Fig.7, a more nuanced
performance landscape emerged. For the Ackley, Rastrigin,
and Rosenbrock function, anisotropic kernels without pri-

20 30 40 50 60 70 80 90 100
Iteration

ors consistently achieve superior performance. A Kruskal—
Wallis test at the 5% level indicates significant differences
when comparing BO without priors (anisotropic kernel) to
all other surrogate models. In contrast, for the Griewank func-
tion, isotropic kernels with LHS priors produce lower mean
values. Although these results differ significantly from all RF
and TPE kernel methods, they are not significantly different
from the anisotropic no-prior approach. For the Schaffer F7
function, the RF, TPE, and anisotropic kernels outperform
the isotropic kernel; comparing the best methods of each
kernel shows that these three are significantly better than the
isotropic kernel, although there are no significant differences
between them. With the Schwefel function, anisotropic ker-
nels without priors and isotropic kernels across all methods
yield the best results. However, there is no significant differ-
ence between these approaches. Notably, RS has now been
surpassed by a wide range of kernel and sampling configu-
rations.

Kernel-specific observations at iteration 20

1. Anisotropic kernel: without priors, the anisotropic kernel
continues to deliver leading performance across multiple
functions. However, confidence intervals are generally
wider than those of other kernels. The Kruskal-Wallis
test at the significance level 5% confirms significant dif-
ferences for the Ackley and Griewank function.

2. Isotropic kernel: performance varies more widely. In
some cases, no-prior configurations yield the best out-
comes, while in others, LHS sampling is more effective.
For the Rosenbrock and Rastrigin function, FFD priors
remain competitive.

3. RF kernel: LHS sampling frequently provides favorable
results. However, the differences between approaches
remain small, indicating that several methods produce
closely aligned results. The Kruskal-Wallis test at the
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Fig.6 Performance comparison
at iteration 10

5% level shows a significant difference only for the Ras-

trigin function.

4. TPE kernel: for the Schaffer F7, Schwefel, and Rosen-
brock function, configurations involving FFD or FFD
combined with LHS priors tend to yield the best per-
formance. However, for other functions, no clear or
consistent pattern emerges at this point.
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General observations at iteration 30

By the 30th iteration, as depicted in Fig.8, the observed
performance patterns exhibit increased clarity. For the Ack-
ley, Rastrigin, Rosenbrock, Griewank and Schwefel function,
anisotropic kernels without priors achieve lower bootstrap
means. For the Ackley, Rastrigin, Rosenbrock, and Schwe-
fel function, the Kruskal-Wallis test at the 5% level indicates
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Fig.7 Performance comparison
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significant differences when comparing BO without pri-
ors (anisotropic kernel) to all other surrogate models. For
the Schaffer F7 function, anisotropic kernels frequently
appear among the top performers, although TPE and RF ker-
nels match or closely approach these outcomes in specific
configurations. Meanwhile, RS remains generally outper-
formed by multiple kernel-prior combinations, indicating
a more pronounced gap at this iteration stage, suggesting

limited improvement and confirming that more structured
approaches (Kruskal-Wallis test at the level 5% indicates
significant differences when comparing the best method of
each surrogate model with RS).
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Fig.8 Performance comparison
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Kernel-specific observations at iteration 30

1. Anisotropic Kernel: Without priors or when combined

with LHS priors, consistently yields lower bootstrap
mean values across multiple test functions. However, it
often exhibits relatively wide confidence intervals, under-
scoring that there is still residual variability at this stage.
The Kruskal-Wallis test at the 5% significance level con-
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firms significant differences for the Ackley, Rosenbrock,
and Schwefel function when comparing BO without pri-
ors to the other methods.

. Isotropic Kernel: Performance is function-dependent.

Although at times no priors or LHS priors prove advanta-
geous, certain functions still favor FFD priors. In general,
isotropic kernels show moderate variability, resulting in
mixed results across the set of test functions.
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3. RF Kernel: LHS sampling continues to provide favor-
able results, although the differences among various prior
configurations are less pronounced than at earlier itera-
tions. However, this kernel generally maintains a position
slightly behind the anisotropic configurations on most
functions (for the Griewank and Rosenbrock function,
the Kruskal-Wallis test at the 5% level indicates signifi-
cant differences when comparing LHS prior to BO to the
other methods).

4. TPE kernel: although anisotropic kernels often lead, TPE
kernels achieve competitive results, especially for certain
functions like Schaffer F7. For the TPE kernel, combined
FFD and LHS priors can yield lower mean values for
the Rastrigin, Schwefel, Schaffer F7, and Ackley func-
tion (for the Ackley, Rosenbrock, and Schaffer F7 the
Kruskal-Wallis test at the level 5% indicates significant
differences).

By the 100th iteration, as depicted in Fig.9, the influ-
ence of the initial sampling diminishes across all kernels and
functions. According to the Kruskal-Wallis test at the sig-
nificance level of 5%, significant differences remain only for
the Schwefel function (when using RF and TPE kernels) and
for the Rosenbrock and Griewank function (when using the
isotropic kernel). Across all test functions, anisotropic ker-
nels continue to produce notably low bootstrap mean values.
In contrast, RS remains markedly outperformed, underscor-
ing the advantages of BO methods at this advanced stage of
the optimization process.

Validation
3D printing

Figure 10 presents a comparative analysis of energy con-
sumption in different optimization strategies for 3D printing
processes. The strategies include BO, LHS followed by BO,
FFD followed by BO, and a combination of LHS followed
by FFD and then BO. Each subplot provides a detailed view
of energy consumption trends over 20 function evaluations
for the respective method.

In the upper-left subplot, the trend of energy consump-
tion is displayed for the sole application of BO. The y axis,
which ranges from 5 to 40 Wh, indicates the energy used,
while the x-axis represents the function evaluation number.
The minimum energy consumption, 8.63 Wh, is observed in
the 20th function evaluation, marked by a red point and an
annotation.

The top right subplot illustrates the energy consumption
when using LHS followed by BO. The initial LHS phase
concludes at the 8th function evaluation, as indicated by the
green dashed line. Subsequent function evaluations reflect

the optimization phase through BO. The minimum energy
consumption, 8.88 Wh, occurs at the 10th function evalua-
tion.

The bottom left subplot shows the energy consumption
trends for FFD followed by BO. The transition from the FFD
phase to the BO phase is marked by a blue dashed line at
the 8th function evaluation. This approach demonstrates the
most significant reduction in energy consumption, with the
minimum value recorded at 5.82 Wh during the first function
evaluation, highlighting the initial effectiveness of the FFD
strategy.

The bottom right subplot presents the energy consumption
for a sequential strategy combining LHS, FFD, and BO. The
initial FFD phase ends at the 8th function evaluation (blue
dashed line), followed by the LHS phase concluding at the
16th function evaluation (green dashed line). This approach
identifies the same minimum energy consumption of 5.82
Wh in the first function evaluation.

We conducted five additional tests under the same condi-
tions to verify the results against noise. The findings were
6.02 = 0.27 Wh, indicating that noise is not a major issue in
this research.

The mean energy usage for all data points is 17.89 Wh,
accompanied by a standard deviation of 7.12 Wh. The lowest
observed energy usage is 5.82 Wh. This signifies a notable
decrease, since the minimum value is about 67.45% less than
the mean.

When optimizing manufacturing process parameters for
energy efficiency, it is critical to evaluate whether the long-
term savings justify the initial efforts and energy expenditures
during the optimization phase. The trial runs required for
parameter refinement often lead to additional energy con-
sumption before the optimal state is achieved. To quantify
when these initial costs are compensated, we have calculated
the break-even point (BEP), as shown in Fig. 11.

In an extreme scenario, it is assumed that all parts pro-
duced during the optimization phase are discarded. This
assumption contributes to a higher initial energy overhead,
effectively increasing the y-intercept of the energy con-
sumption curve for the optimization scenario. Although the
start-up cost (in terms of energy) is elevated, the energy con-
sumption rate after reaching the optimized state decreases,
resulting in a lower slope for the optimized curve once the
process reaches steady-state conditions. Thus, after the BEP,
the incremental energy consumption per part is significantly
lower than it would have been if standard conditions had
been maintained. In our case, the analysis indicates that
the BEP occurs after approximately 30 parts are produced
using the optimized parameters. Beyond this production
volume, the cumulative energy saved by operating under
optimized conditions exceeds the excess energy consumed
during the optimization process. Consequently, once the BEP
is reached, continued production in the optimized settings

@ Springer
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Fig.9 Performance comparison
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results in a net reduction in energy consumption compared to
maintaining the standard parameter conditions. Furthermore,
the time required to achieve these optimized parameters
must also be considered. Iterative testing and data analysis
needed to refine process parameters can introduce machine
downtime and extend lead times. Although these additional
time investments do not directly factor into the calcula-
tion of energy consumption, they do influence the practical

@ Springer

feasibility and economic rationale for pursuing parameter
optimization.

Moreover, visual inspection was carried out on all printed
components, and no alterations in quality were observed.
This indicates that the energy-optimized process does not
compromise the quality of the product in our case study and
for our specific product.
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To further analyze the impact of different input parameters
on energy consumption, we performed a clustering anal-
ysis based on Principal Component Analysis (PCA). This
approach allows us to identify patterns and groupings within
the data that are not immediately apparent from the function
evaluation plots alone. By reducing the dimensionality of the
data and highlighting key contributing factors, PCA provides
a deeper understanding of how various parameters influence
energy consumption.

Figure 12 demonstrates the results of the k-means cluster-
ing of the energy consumption data based on PCA.

In order to determine the optimal number of clusters, we
refer to the number of clusters at the first non-linear inflection
point in the plot of within-cluster sums of squares ranked by

50 75 10.0 125 150 175 200
Iteration

Without Optimization
—— With Optimization
Additional Energy for Optimization
Saved Energy After Break-Even
~~~~~~ Break-Even Point: 30 prints

20 40 60 80 100
Number of Prints

size (Liu et al., 2022). Thus, we conclude that there are three
clusters.

The clusters are visually represented on a two-dimensional
plane defined by the first two principal components (PC1 and
PC2). Principal components are linear combinations of the
original features, and their loadings indicate the contribu-
tion of each feature to the components. Mathematically, the
principal components are defined as follows.
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Fig.12 PCA Clustering of
energy consumption data with
highlighted clusters
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PC1 = 0.369 x Bed Temperature
4 0.693 x Energy Used — 0.611 x Layer Height
—0.061 x Print Speed — 0.076
x Infill Mass Proportion
+ 0.030 x Nozzle Temperature
PC2 = 0.473 x Infill Mass Proportion — 0.493
x Nozzle Temperature 4 0.689 x Print Speed
+ 0.199 x Bed Temperature 4 0.104 x Energy Used
+ 0.087 x Layer Height

PC1 is primarily influenced by the energy used and the
height of the layer, with positive contributions from the tem-
perature of the bed and negative contributions from the height
of the layer. PC2 is mainly driven by the proportion of infill
mass and the printing speed, with negative contributions from
the nozzle temperature.

Each point in the plot corresponds to a specific set of
parameter values and its respective energy consumption,
which is indicated by the color scale on the right. The clusters
are enclosed by dashed convex hulls, and significant points
within the clusters are annotated to highlight regions of high
and low energy consumption.

Cluster 1, represented by moderate to high PC1 and low
PC2 values, is likely to exhibit higher energy consumption
due to its high PC1 values. The key features associated with
this cluster include higher bed temperature, a lower layer
height, moderate to high energy usage, a lower proportion of
infill mass, and a faster print speed, along with a higher nozzle
temperature. This is visually confirmed, as points within this
cluster are predominantly marked as "High" in red, indicating
higher energy consumption.

Cluster 2, characterized by low PC1 and low to high PC2
values, is likely to exhibit lower energy consumption due

@ Springer
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to its low PC1 values. The key features associated with this
cluster include lower bed temperature, higher layer height,
lower energy usage, higher infill mass proportion, and print
speed, along with a lower nozzle temperature. This is visually
confirmed, as points within this cluster are predominantly
marked as “Low” in blue, indicating lower energy consump-
tion.

Cluster 3, with high PC1 and PC2 values, is also likely to
exhibit high energy consumption. The key features associated
with this group include balanced values of bed temperature,
layer height, infill mass proportion, print speed, and nozzle
temperature. This cluster displays a mix of high and low
energy consumption points, indicating a balance of parameter
values.

Material science

The bootstrap analysis results for the five datasets are visual-
ized in Fig. 13, comparing the performance of four sampling
strategies integrated with the BO framework: LHS prior BO,
FFD prior BO, FFD and LHS prior BO, and BO (baseline).

The methods are evaluated across isotropic, TPE, RF, and
anisotropic kernels, with the bootstrap values plotted along-
side their respective confidence intervals.

By evaluating these optimization approaches on a range
of materials science datasets, we observe a more heteroge-
neous performance landscape than that seen with synthetic
benchmark functions.

For the AgNP dataset, across all kernels, FFD with or
without LHS priors consistently achieve the lowest bootstrap
mean values. At the 5% significance level, the Kruskal—-
Wallis test reveals significant differences for each method
when compared to FFD prior BO or FFD and LHS prior BO,
with the exception of the RF Kernel and LHS prior BO.
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Fig. 13 Performance

Dataset: AgNP Dataset: AutoAM

comparison at iteration 20 of
Material Science Datasets 1

Bootstrap Values

© o o o o o
- - N N w w
o w o w o w

o
o
@

o
o
S

]
f %  ow

0.01

0.01

0.00

& & & N\ & & & &
« & <§ &
(;\a(’ o ('\\”0 @
v v
Dataset: Crossed Barell Dataset: P3HT
.00 10.00
1.75 I
@ 8.00
S1s0
o
>1.25 3| 600 f f
[ § i
©1.00
2 4.00
B 0.75
o [}
@ 0.50
2.00
0.25
0.00 < 0.00 <
& & < N & & < N
¢* § & &
« N ¥ N
Dataset: Perovskite
1.20e+05
o 1.00e+05 ¥ i
]
2
8 8.00e+04 %
[-%
© 6.00e+04
]
|2
2
3§ 4.00e+04 }
m
2.00e+04
0.00e+00 vy
@Q\b & & N
N N
vSA\\,,}O \,10
Method
® BO ® LHS prior BO ® FFD prior BO ® FFD and LHS prior BO

The AutoAM dataset exhibited a unique scenario in which
the RF, TPE, and isotropic kernels achieved perfect mini-
mization results across all sampling methods. In contrast, the
anisotropic kernel did not fully converge. However, at the 5%
significance level, the Kruskal-Wallis test did not show any
significant differences.

For the Crossed Barell dataset, the most effective approach
was LHS prior BO when paired with the RF kernel. The
TPE kernel favored the combination of FFD and LHS prior.
For both isotropic and anisotropic kernels, differences across
sampling methods were negligible. At the 5% significance
level, the Kruskal-Wallis test confirms a significant differ-
ence when comparing the LHS prior BO with the RF kernel
against all other methods.

Within the P3HT dataset, the TPE kernel, when combined
with FFD and LHS priors, yields the most favorable results.
In general, the variance among the different kernels is min-
imal. Nevertheless, BO without priors often underperforms
in comparison to methodologies that incorporate sampling
strategies. At the 5% significance level, the Kruskal-Wallis
test does not reveal significant differences for the anisotropic
kernel. For the isotropic and RF kernel, LHS prior BO, FFD
prior BO and FFD and LHS prior BO all show significant
differences when compared to BO without priors. For the
TPE kernel only FFD and LHS prior BO show significant
differences when compared to BO without priors.

The Perovskite dataset exhibited a pattern similar to that
of the Crossed Barrel dataset. In this case, the LHS prior BO
approach coupled with the RF kernel proved to be the most
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effective. Additionally, the TPE kernel showed a preference
for the FFD and LHS prior combination. Differences across
sampling methods for both isotropic and anisotropic kernels
were minimal. The Kruskal-Wallis test confirmed a signifi-
cant difference at the 5% significance level when comparing
the LHS prior BO with the RF kernel to all other methods.

Dunn’s test was executed for each notable difference
across all datasets. Nonetheless, it revealed no changes in
the trends of the bootstrap values.

Discussion

The results highlight the significant impact of initial sam-
pling strategies on the performance of BO. Techniques such
as FFD and LHS provide structured initial points that alter
the surrogate model’s ability to approximate the optimization
landscape, particularly in the early stages. Our statisti-
cal analysis, based on the Kruskal-Wallis and subsequent
Dunn’s tests, confirms that these sampling strategies not only
yield statistically significant differences among methods but
also translate into meaningful performance improvements in
practical terms.

Performance differences across kernels for
mathematical functions

Across the benchmark functions, our nonparametric analy-
sis consistently revealed statistically significant differences
among the optimization methods at various iteration check-
points. The Kruskal-Wallis test—used due to the non-
normality of the residuals—consistently indicated overall
differences (p < 0.05) in median performance across the
five methods. Subsequent Dunn’s pairwise comparisons pro-
vided further granularity, demonstrating that the structured
sampling methods (FFD and LHS) often outperform both
random search (RS) and baseline BO without priors in early
iterations.

For example, at iteration 10, Dunn’s test showed that
FFD prior BO achieved significantly lower median values for
functions with pronounced boundary effects such as Schaf-
fer F7, Schwefel, and Rosenbrock (p < 0.01). This suggests
that the strategic edge exploration offered by FFD can quickly
guide the optimizer toward promising regions. In contrast, for
functions like Ackley and Griewank, where internal explo-
ration is critical, the differences between structured sampling
and non-prior methods were less pronounced, underscoring
that the effectiveness of a sampling method is strongly tied
to the specific nature of the optimization landscape.

The anisotropic kernel, with its ability to assign unique
length scales to individual dimensions, consistently excelled
in multimodal settings. For functions such as Ackley and Ras-
trigin, even in the absence of structured priors, the anisotropic
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kernel demonstrated strong convergence. However, wider
confidence intervals indicate sensitivity to function-specific
complexities, implying that while these kernels are flexi-
ble, their performance can be influenced by overfitting in
high-dimensional scenarios. In contrast, isotropic kernels
benefited markedly from LHS initialization, especially in
regular multimodal functions, since the even distribution of
starting points mitigated their inherent limitation of relying
on a single uniform length scale.

TPE kernels, when combined with FFD prior sampling,
leveraged the diversity of the initial sampling to efficiently
identify promising regions, particularly for complex multi-
modal functions such as Schaffer F7. The partitioning of
the search space into “good” and “bad” configurations in
TPE synergized well with structured sampling, driving supe-
rior convergence by iteration 20. However, TPE performance
showed a higher dependency on effective priors, as its robust-
ness diminished when prior information was noisy or sparse.

RF kernels, due to their nonparametric nature, were less
assumption bound and therefore versatile. LHS initialization
significantly improved their exploratory capacity in func-
tions with many local minima, such as Schwefel. However,
the slower convergence rates observed for RF—compared
to anisotropic kernels in functions such as Rosenbrock and
Schaffer F7—highlight the need to compensate for RF’s lim-
itations through robust sampling techniques.

Importantly, our analyses indicate that the performance
discrepancies between sampling strategies are more pro-
nounced during early iterations. With increasing BO steps,
the differences diminish, suggesting that, while structured
sampling is crucial when evaluation budgets are limited, the
choice of surrogate model ultimately plays a more dominant
role in later iterations.

Performance differences for real-world applications

Our real-world application of BO to optimize energy con-
sumption during 3D printing clearly demonstrates the impor-
tance of structured initial sampling. In this study, we opti-
mized parameters such as print speed, bed temperature, layer
height, and infill mass proportion to reduce energy usage
while maintaining print quality. Among the approaches eval-
uated, those that used FFD prior—alone or in combination
with LHS—resulted in the largest reductions in energy con-
sumption.

The advantage of FFD lies in its structured approach
to initial sampling. By strategically probing combinations
at critical factor levels, FFD captures essential interactions
between parameters early on. This comprehensive initial cov-
erage can, through meticulous design or favorable chance,
identify a near-optimal parameter setting. In such cases, the
subsequent BO phase has little room for further improvement
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because the promising region has already been effectively
mapped out.

Furthermore, PCA clustering confirms that, among the 3D
printing parameters, bed temperature and layer height are the
most critical influencers of energy consumption. Specifically,
high bed temperatures and low layer heights consistently cor-
relate with higher energy usage, while more balanced settings
lead to moderate consumption.

The application of BO on five diverse materials science
datasets provided additional insight into the effectiveness of
different sampling strategies and kernel choices. In partic-
ular, no single sampling strategy consistently outperformed
the others across all datasets. For the AgNP dataset, FFD
prior BO significantly outperformed other methods regard-
less of the surrogate model used. The pronounced boundary
effects in this dataset favored FFD, which efficiently explored
edge cases where optimal solutions were likely to be found.
In contrast, the AutoAM dataset, characterized by a simpler
optimization landscape, did not show significant perfor-
mance differences between sampling strategies and surrogate
models, suggesting that in less complex search spaces,
sophisticated sampling strategies may offer limited addi-
tional benefits.

For the P3HT dataset, the best performance was achieved
using TPE combined with LHS and FFD sampling. The mul-
timodal nature of this dataset probably benefited from TPE’s
ability to model multiple peaks effectively. Meanwhile, for
the Perovskite and Crossed Barrel datasets, prior LHS BO
paired with an RF kernel delivered the most favorable out-
comes. The capability of the RF kernel to handle non-linear
relationships and complex interactions probably contributed
to its superior performance in these cases.

Overall, these findings indicate that while structured sam-
pling strategies such as FFD and LHS can yield substantial
benefits - especially in challenging, boundary-sensitive land-
scapes - the optimal combination of sampling method and
surrogate model is highly dependent on the specific charac-
teristics of the optimization problem at hand.

General implications and recommendations

The absence of a universally superior sampling strategy
across all datasets and mathematical functions highlights
the intricate relationship between the sampling method, the
surrogate model, and the specific characteristics of the opti-
mization landscape. Different kernels and sampling methods
excel under varying conditions due to factors such as bound-
ary effects, complexity of the search space, dimensionality,
and data size.

The real-world applications highlight that BO tends to
avoid placing multiple values simultaneously at the corners
of the parameter space when limiting the function evaluation
to 20. This characteristic of BO can be advantageous, as it

avoids redundant exploration in areas less likely to contain
the optimum, but it also highlights a limitation when the opti-
mum is near the edges. In our study, mathematical functions
often had a minimum near (0, ..., 0), typically towards the
center of the space, but real-world examples showed that the
optimum could be at an edge, where pure BO might struggle
to explore effectively.

Optimization landscapes with significant boundary phe-
nomena, which can be found in the AgNP dataset or in the
Schaffer F7, Schwefel and Rosenbrock function, benefit from
sampling strategies such as FFD that emphasize edge explo-
ration.

Dimensionality also plays a key role in shaping optimiza-
tion outcomes. As the dimensionality of the search space
increases, the effectiveness of structured sampling methods
such as FFD may diminish due to the exponential growth in
the number of sample points required to maintain coverage.
In such cases, strategies such as LHS, which offer a balance
between uniformity and diversity, may become more favor-
able.

Lastly, the findings highlight the iterative nature of BO.
Early iterations benefit significantly from structured sam-
pling, which establishes a foundation for the surrogate model.
As iterations progress, the choice of the surrogate model
becomes a prominent choice, particularly when capturing
fine-grained features of the optimization landscape.

In summary, our findings recommend a tailored approach:

e Forearly stage optimization in constrained environments,
structured sampling is statistically proven to alter conver-
gence and possibly achieve lower objective values.

e As the optimization process continues, the influence of
the initial sampling strategy decreases and the focus
should shift toward selecting a surrogate model that best
captures the fine-grained features of the landscape.

e The interplay between sampling methods and kernel
choices is critical.

Limitations and future work

One limitation of this study is the fixed choice of the combina-
tion of the surrogate model and the acquisition function in the
BO process. Although the initialization phase was designed
to identify the most effective pairing of the surrogate model
and the acquisition function for all functions, it is possible
that a more granular combination could have provided addi-
tional benefits. For instance, different acquisition functions
may perform best for specific functions, which our fixed pair-
ing approach may not fully capture. However, the general
differences in loss between acquisition functions were not
substantial, suggesting that the impact of this limitation may
not be significant in practice. This fixed pairing approach was
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necessary because expanding the scope to include all possible
combinations would have made the derivation of key insights
much more challenging. With four surrogate models and four
sampling strategies, a broader scope would have required an
exponential increase in pairwise comparisons to analyze the
interplay between methods. Such a scenario would have sig-
nificantly complicated the identification of meaningful trends
and conclusions. However, future studies that confirm this
assumption would be beneficial in confirming our findings
and ensuring the robustness of our approach.

Furthermore, this study focused on single-objective opti-
mization in different datasets, prioritizing simplicity and
clarity in evaluating the effectiveness of various methods.
Although this approach allowed for a streamlined compari-
son of sampling strategies and surrogate models, it does not
fully address the complexities of practical scenarios where
multiple objectives often need to be optimized simultane-
ously. For instance, in real-world cases, objectives such as
minimizing energy consumption and maximizing product
quality frequently conflict, requiring trade-offs that cannot be
captured in a single-objective framework. However, starting
with single-objective optimization provides a strong founda-
tion for understanding and benchmarking methods. It allows
for a controlled exploration of the parameter space and helps
establish baseline insights into the effectiveness of the tech-
niques. Extending this work to multi-objective optimization
(MOO) is a logical next step but introduces additional chal-
lenges. Modeling multiple objectives and their interactions
is inherently more complex and less streamlined than single-
objective cases. For example, the Pareto front, a set of optimal
trade-off solutions, can be difficult to compute and inter-
pret, particularly when additional variables and constraints
are introduced.

In our case study, we assumed that the ranges of selected
parameters, spanning the print temperature, the print speed,
the build plate temperature, the layer height, and the infill
mass proportion, are adequately representative of the typical
conditions encountered in commercial and research-oriented
PLA printing setups. Although these ranges may not capture
the full breadth of industrial-scale systems, diverse mate-
rial formulations, or specialized geometries, they align with
common usage scenarios and current practical guidelines.
While this limited parameter space may restrict the straight-
forward application of our findings to all possible 3D printing
scenarios, it guarantees that our analysis stays relevant to a
broad category of applications using comparable equipment
and materials. We also acknowledge that the experimental
measurements are influenced by inherent noise and potential
systematic errors. The energy consumption data, collected
via a commercially available power meter, may be sub-
ject to minor calibration deviations, ambient environmental
fluctuations, and filament variability. Moreover, the trape-
zoidal numerical approximation used to compute total energy
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consumption from discrete power measurements assumes
relatively smooth changes between recorded data points. This
simplification may overlook small, transient variations in
power draw. However, given the scale of our experiments
and the consistency in measurement methods, these noise
sources are likely to exert only a limited influence on the rela-
tive comparisons between parameter settings. The key trends
in energy usage should remain robust, as each experimental
configuration was tested under similar conditions and instru-
mentation, ensuring that any measurement biases or noise are
at least partially offset by relative consistency in the trials.

An important consideration in optimization is the chal-
lenge posed by high-dimensional parameter spaces. High-
dimensional spaces are notoriously difficult for optimization
algorithms to navigate because of the curse of dimensional-
ity, which describes the exponential increase in the volume
of the search space with the addition of each dimension.
Although the benchmark functions used in this study were
limited to six dimensions and the case studies focused on
3-5 dimensions, practical real-world problems can involve a
much greater number of dimensions and intricate constraints.
This issue is particularly pronounced in industrial processes
and machine learning applications, where optimization of
dozens or even hundreds of parameters is common. The sheer
size and complexity of high-dimensional spaces can dramat-
ically reduce optimization efficiency, making it challenging
to adequately explore the parameter space and increasing the
risk of converging to suboptimal solutions. Furthermore, the
interactions among parameters in high-dimensional settings
are often intricate and nonlinear, which can exacerbate these
difficulties. Subsequent research ought to concentrate on for-
mulating and incorporating approaches that address these
issues, employing structured sampling techniques specifi-
cally designed for this problem. Another avenue for future
work is to scale up the parts printed to include variability in
the parameter spaces since it is likely that the optimal parame-
ter space changes dynamically when increasing or decreasing
the dimension of the part.

Conclusion

This study presented a comprehensive evaluation of initial
sampling techniques within the BO framework, focusing
on their effectiveness in optimizing both synthetic bench-
mark functions and practical applications. The investigation
revealed that, while BO is inherently robust and effective in a
wide range of optimization problems, the integration of struc-
tured initial sampling methods, such as LHS and FFD, can
significantly alter its performance. The study demonstrated
that initial sampling strategies can significantly influence the
performance of the subsequent BO process. Although these
strategies can improve the effectiveness of BO in some cases,
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they can also hinder it in others. This variability highlights the
importance of carefully selecting and adapting the sampling
method to the specific situation at hand. It also underscores
that neglecting the choice of sampling strategy can lead to
suboptimal overall performance.

The practical application of these methods in optimizing
the energy consumption of 3D printing processes demon-
strated their relevance in the real world. By systematically
exploring different optimization strategies, the study high-
lighted how LHS and FFD, followed by BO, can lead to
substantial reductions in energy consumption. This not only
underscores the practical utility of these methods in man-
ufacturing, but also points to their potential in promoting
sustainable practices by minimizing resource usage. Further-
more, the application of the methods to materials science
datasets demonstrated that even with just 20 optimization
iterations, convergence to values very close to the minimum
was achieved.

However, the study also identified limitations and areas for
future research. The observed performance variability across
different design spaces highlights the importance of carefully
tailoring the choice of initial sampling techniques and BO
configurations-such as kernel type, acquisition function, and
sampling strategy -to the specific problem being addressed.
This underscores the need for further investigation into adap-
tive or problem-specific kernel selection strategies to enhance
the flexibility and effectiveness of BO methods.

Additionally, while the focus on single-objective opti-
mization offers valuable and clear insights, it does not fully
address the complexities of many real-world problems where
multiple conflicting objectives must be considered simulta-
neously. Future research should prioritize the development
and application of multi-objective optimization frameworks
capable of balancing factors such as quality, cost, and perfor-
mance within a single cohesive model. Expanding the scope
of testing to include more diverse and higher-dimensional
parameter spaces, along with conducting extensive case stud-
ies across a broader range of domains, will be essential to
validate and refine the generalizability and robustness of the
findings presented in this study.

In conclusion, this study contributes to the growing body
of knowledge on BO by demonstrating the value of initial
sampling techniques in enhancing the effectiveness of BO.
The findings have significant implications for both theoretical
research and practical applications, offering a roadmap for
future studies to build upon in the pursuit of more efficient
and effective optimization strategies in complex, real-world
scenarios.
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