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ABSTRACT: While many advanced statistical methods for the design of experiments exist, it is still
typical for physical experiments to be performed adaptively based on human intuition. As a
consequence, experimental resources are wasted on sub-optimal experimental designs. Conversely, in
the simulation-based design community, Bayesian optimization (BO) is often used to adaptively and
efficiently identify the global optimum of a response surface. However, adopting these methods directly
for the optimization of physical experiments is problematic due to the existence of experimental noise
and the typically more stringent constraints on the experimental budget. Consequently, many
simplifying assumptions need to be made in the BO framework, and it is currently not fully understood
how these assumptions influence the performance of the method and the optimality of the final design.
In this paper, we present an experimental study to investigate the influence of the controllable (e.g.,
number of samples, acquisition function, and covariance function) and noise factors (e.g., problem
dimensionality, experimental noise magnitude, and experimental noise form) on the efficiency of the BO
framework. The findings in this study include, that the Matér covariance function shows superior
performance over all test problems and that the available experimental budget is most consequential
when selecting the other settings of the BO scheme. With this study, we enable designers to make more
efficient use of their physical experiments and provide insight into the use of BO with intrinsically noisy
training data.

1. INTRODUCTION
While Bayesian optimization (BO) is a well-

established method for data efficient optimization
of deterministic and time intensive response sur-
faces [1], its application for the optimization of
stochastic response surfaces is still an elusive objec-
tive. Stochastic response surfaces are functions that
manifest intrinsic uncertainty so that when they are
evaluated for the same inputs a variation in the out-
put is observed. These types of response surfaces
are encountered when doing physical experiments
and some forms of simulation experiments (e.g.,
molecular dynamics [2], and agent-based models).
One primary advantage of BO is that it provides
a systematic approach to sequentially identify the
next most appropriate input conditions to evaluate,

thus saving experimental resources. This approach
is shown in Figure 1, where it can observe that the
process starts with a small number of uniformly
distributed samples. Subsequently, we have an it-
erative process that involves response surface ap-
proximation, identification of a new input condi-
tion, and then experimentation. Once a stopping
condition has been reached this process is termi-
nated. Moreover, the sampling decisions are made
by maximizing an acquisition function that bal-
ances the mean of a posterior predictive distribu-
tion (i.e., a Bayesian-based response surface ap-
proximation conditioned on the available training
data set) with the interpolation uncertainty (i.e., ex-
ploitation versus exploration).

The typical approach for the exploration of un-
known response surfaces is the use of an experi-
mental design that involves a set of a uniformly
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Figure 1: BO for the adaptive design of physical ex-
periments, a generalized framework. In the iterative
process between the acquisition of data and statistical
analysis.

distributed set of input conditions [3, 4]. Exam-
ples of such experimental designs are factorial de-
signs [5], Latin hypercube samples [6], and Sobol
sequences [7]. These approaches have been applied
for the design of experiments (DoEs) in the chemi-
cal sciences [8], civil engineering [9], and psychol-
ogy [10]. While these approaches have been shown
to be more data efficient than studying one factor
at a time [11], they do not enable the designer to
leverage the information of previous experiments to
inform subsequent experiments. Consequently, BO
provides a compelling, and potentially more data-
efficient, alternative to one-shot DoEs.

The challenge when using BO to optimize
stochastic response surfaces lies in the need to ob-
tain a posterior predictive distribution, of the un-
known response surface, that can quantify the in-
trinsic data uncertainty from the interpolation un-
certainty. However, establishing such a poste-
rior predictive distribution is a data-intensive task,
and thus simplifying assumptions often need to be
made. Examples of such methods include Practical
Kriging [12], Stochastic Kriging [13], and Gaus-
sian process (GP)-based quantile regression [14].
However, stochastic Kriging and GP-based quan-
tile regression require many replicates to learn the
form of the experimental uncertainty, whereas prac-
tical Kriging involves placing an additional GP on

the experimental variance that is data-intensive to
learn.

In this paper, we present an empirical investiga-
tion into the effect that decisions in the construction
of the posterior predictive distribution (e.g., choice
of covariance function, acquisition function, the use
of replicates, and initial batch size) and the proper-
ties of the response surface (e.g., noise magnitude,
problem dimension, and noise form) have on the
efficiency of the BO process. Through this effort
we can make the following two knowledge claims
about BO in the context of stochastic response sur-
faces:

1. The obtained insight enables engineers and
scientists to use prior knowledge of the proper-
ties of the response surface to inform the con-
struction of the posterior predictive distribu-
tion in the BO framework.

2. It highlights under what conditions it is appro-
priate to use the BO framework for the opti-
mization of stochastic functions.

Finally, we will use the presented study to explore
how the BO framework can be improved to be more
appropriate for the optimization of stochastic func-
tions. Through this effort, we hope to empower
designers of physical experiments (e.g., engineers
and scientists) to benefit from advanced statistical
tools and get a better understanding of the knowl-
edge embedded in the processes that they study.

2. STUDY BACKGROUND
In this section, we will introduce the methods

used to approximate stochastic response surfaces,
available acquisition functions, and the configura-
tion of the experimental study presented in this
work.

2.1. Gaussian Process Modeling
While multiple forms of response surfaces have

been used for adaptive optimization of costly to
evaluate objective functions (e.g., neural networks
[15]), in this work we will only be using GPs. The
reason is their ease of implementation and gener-
alization to a plethora of different problems. As-
sume that we have a set of n noisy observations
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Y = {y1, . . . ,yn}T for a set of d-dimensional input
conditions X = {x1, . . . ,xn}T . Consequently, we
would like to establish an emulator on the func-
tion f : Rd → R. Under the assumption that the
observations are jointly normally distributed, we
can place a GP prior on the unknown response sur-
face f and characterize it through a mean func-
tion and a covariance function k : Rd ×Rd → R
[16]. Consequently, an observation model can be
established as y(xi) = f (xi)+ εi where the noise is
normally distributed as εi ∼ N (0,S (xi)). Alter-
natively, we can write Y ∼ Nn

(
Mβββ

T ,Kn +ΣΣΣn

)
,

where Kn is a n× n matrix with the i j coordinates
given as k(xi,x j), ΣΣΣn = diag(S (x1), . . . ,S (xn))
is a diagonal matrix that accounts for the exper-
imental uncertainty, M is a n × p matrix where
the ith row is a vector of p basis vectors given as
m(x) =

{
m1(x), . . . ,mp(x)

}T .
Concerning the covariance structure of the GP,

under the assumption of homoscedastic noise (i.e.,
S (x) = τ), the experimental uncertainty can be de-
fined by a single variable such that ΣΣΣn = τIn where
In is an n-dimensional identity matrix. While GPs
have been extended to be applicable to data with
heterscedastic noise (e.g., Practical Kriging [12],
Stochastic Kriging [13], and GPs based quantile
regression [14]), they are impractical for the opti-
mization of physical experiments with small com-
putational budgets (e.g., less than 10d samples [2]).
In addition, the correlation between observations
is accounted for through the covariance function
k(·, ·), which is often selected as the squared expo-
nential that is defined as

k(x,x′) = σ
2 exp

(
d

∑
i=1

−10ωi(xi − x′j)
2

)
,

= σ
2r(x,x′), (1)

where σ2 is the prior variance and ωωω =
{ω1, . . . ,ωd}T is the roughness of the response sur-
face.

Under these conditions, we can approximate
the model parameters by maximizing their log-
likelihood profile as

ω̂ωω.τ̂ = argmax
ωωω,τ∈Ω×T

−n log
(
σ̂

2)− log(|V|) , (2)

where V = Rn + τIn, the i, jth element of Rn is
r(xi,x j), and the constant terms have been dropped.
In addition, the search space has been defined as
Ω ∈ [−10,10]d and T ∈ [0,1] (this is reasonable
when normalizing the training data). Note that the
consideration of experimental noise adds only a sin-
gle additional hyperparameter to infer. Moreover,
taking the derivative of the likelihood we can solve
for β̂ββ and σ̂2 as

β̂ββ =
(
MT V−1M

)
MT V−1Y, (3)

σ̂2 =
1
n

(
Y−Mβ̂ββ

)T
V−1

(
Y−Mβ̂ββ

)
. (4)

As an alternative to maximum likelihood estima-
tion, the designer can use the maximum a posteri-
ori probability, and cross-validation to get a points
estimate of the hyperparameters or use a Bayesian
approach to account for the uncertainty in the hy-
perparameters [16]. While the Bayesian approach
has shown to be superior in performance [17], we
rely on the maximum likelihood approximations of
the parameters for its numerical stability and com-
putational efficiency [18].

Having a point estimate of the hyperparameters
enables a designer to condition the prior distribu-
tion of the unknown response surface on the ob-
served data D = {X,Y}. Specifically, the posterior
approximation Y (x)|D for input inputs conditions x
are fully defined through its mean and variance as

µ(x) = m(x)β̂ββ +k(x)T
Λ
−1(Y−Mβ̂ββ ), (5)

s2(x) = k(x,x)−kT (x)Λ−1k(x)

+WT (MT
Λ
−1M

)−1 W+ σ̂
2
τ̂, (6)

respectively. Moreover, W = m(x)−MT
Λ−1k(x),

Λ = σ̂2V, and k(x) is an n× 1-dimensional vector
whose ith element is given as k(Xi,x). This pos-
terior approximation has the advantage that it pro-
vides a quantification of the prediction uncertainty;
however, it is not readily salient how it can be used
to identify new input conditions to test.

2.2. Acquisition Functions
A wide variety of acquisition functions have been

proposed in the literature; however, none of them
have proven to universally outperform the others
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[1]. These acquisition functions are used to identify
what input conditions xnew

t should be tested next at
step t of the optimization process according to

xnew
t = argmax

x∈χ

α(x|D), (7)

where χ is space of admissible input conditions,
and α(·) is the selected acquisition function. In
this subsection, we will introduce a set of five al-
ternative acquisition functions that are investigated
in this study.

The first acquisition function that we will intro-
duce is the statistical lower bound [19]. This is con-
sidered a nonrigorous branch-and-bound algorithm
that involves minimizing µ(x)− πs(x)) where for
any value of π > 0 we have the desired property of
balancing exploration with exploitation [20]. To be
consistent with the optimization formulate given in
Equation 7, we reformulate this expression as

αUC(x) = πs(x)+µ(x), (8)

and refer to this as the upper confidence (UC) ac-
quisition function throughout the remainder of this
paper. While the UC objective is intuitively appeal-
ing, it is known to exclude regions of the space of
admissible input conditions, and thus does not guar-
antee the necessary sample density requirement to
ensure convergence to a global optimum [21]. In
panel A of Figure 2 we show the UC for four differ-
ent values of π , from which it can be observed that
more emphasis is placed on exploration for larger
values of π .

The second acquisition function that we will in-
vestigate is the probability of improvement (PI)[20].
Improvement in this method is defined as I(x) =
max({y∗t −Y (x),0}), where y∗t is the best observed
sample at the tth iteration (i.e., y∗t =min(Y)). Given
that y(x) is a random variable, it becomes possi-
ble to calculate the PI through integration of the
improvement from negative infinity up to the cur-
rent best observed sample y∗t . However, using this
directly as an acquisition function has shown to
place too much emphasis on exploitation, making it
susceptible to waste experimental resources on im-
proving the response surface accuracy around local
optima. Consequently, the typical implementation

of the PI is defined as

αPI(x) = Φ

(
y(tar)

t −µ(x)
s(x)

)
, (9)

where y(tar)
t = y∗t −λ (max(Y)− y∗t ) is the target re-

sponse surface value, and Φ(·) is the standard nor-
mal cumulative density function. In this case, de-
signers can place more emphasis on exploration by
selecting larger values for λ . For visualization of
the PI, in panel B of Figure 2 we have plotted the PI
for a test function with respect to five different val-
ues of λ = {0,0.05,0.10,0.2,0.5} (scaled to be in a
range of 0 to 3). Observe how the new sampling lo-
cations change more towards exploring unobserved
regions for higher values of λ .

An alternative to the PI function is the expected
improvement (EI) function. As the name suggests,
it involves taking the expectation of the improve-
ment as E(max({y∗t −Y (x),0})). However, in the
case of the stochastic response surface, the exis-
tence of experimental uncertainty places too much
emphasis on exploitation. Consequently, [22] pro-
posed a modified version of the EI function as

αEI(x) = E(max({y∗t −Y (x),0}))
(

1− σ̂2τ̂

s(x)

)
,

= s(x)(uΦ(u)+φ(u))
(

1− σ̂2τ̂

s(x)

)
, (10)

where φ(·) is the standard normal probability den-
sity function and u =

y∗t −µ(x)
s(x) . Note that s(x) equals

σ̂2τ̂ for any x ∈ X. For visualization purposes, we
have plotted the modified EI function Equation 10
in panel C of Figure 2. Observe how the conven-
tional EI is nonzero for observed samples and as
such new samples are more likely to be allocated
close to the current observed best sample y∗t .

The next acquisition function that we will test is
the knowledge gradient (KG) that was first intro-
duced in [23]. The KG is an acquisition function
that involves a one-step look-ahead policy that aims
to maximize the difference between the optimal re-
sponse min(Y (x)|Dt) at step t and the optimal re-
sponse after observing x(new)

t [24]. Specifically, the
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Figure 2: Visualization of acquisition functions for an arbitrary objective function (black line) that has been ap-
proximated with a GP (blue dashed line shaded region), trained on four samples (red dots). A) scaled UC for four
values of π = {1,2,5,10}, B) normalized PI for four different values of λ = {0,0.05,0.10,0.20}, and C is the
normalized EI, KG, and PES.) The stars indicate the optimal and new sampling locations for each acquisition
function.

KG is defined as

αKG(x) = E(Y (x∗t )|Dt

− Y (x∗t+1)|Dt+1,xnew
t = x

)
, (11)

where the subscripts on Dt have been used
to indicate that new observations have been
added to the initial training data set (i.e., Dt =⋃t

i=1
{

xnew
i ,ynew

i
}
∪D). However, it should be noted

that for Dt+1 we have not yet observed the response
ynew

t+1, and thus we need to take the expectation with
respect to its predicted value [25]. In panel C of
Figure 2 we have plotted the KG for a test function,
and show its slight difference from the other acqui-
sition functions.

The final accustoming function that we will in-
troduce and investigate is the predictive entropy
search (PES) that was first introduced in [26]. In-
stead of trying to maximize the improvement of
the KG, the PES uses information theory to maxi-
mize learning about the spatial location of the glob-
ally optimal response. Specifically, the acquisition
function is defined as

αKG(x) = H (Y (x)|Dt) (12)

−Ep(x∗|Dt)

(
H(Y (x∗t+1)|Dt+1,xnew

t = x)
)
,

where H(p(x)) = −
∫

p(x) log p(x)dx, and
Ep(x∗|Dt) is the probability that the global optimum
is found at input condition x after observing obser-
vations Dt . The first term on the left-hand side of

Equation 12 has a closed-form expression, whereas
the right-hand side must be approximated through,
for example, expectation propagation [27]. Similar
to previous acquisition functions, we have plotted
the PES in panel C of Figure 2.

2.3. Experimental Setup
In this subsection, we will discuss the setup of

the experimental setup used to investigate the im-
portance of alternative optimization conditions. For
this purpose, we have made a distinction between
factors that are controllable and a set of uncontrol-
lable noise factors as shown in Table 1. The pur-
pose of this distinction is that prior knowledge of
the noise factors could inform what levels to choose
for the controllable factors.

We considered four controllable factors, the ini-
tial number of replicates, the initial number of sam-
ples, the acquisition function, and the selected co-
variance function. The initial number of samples
is the unique sampling location in the initial DoE.
However, for small sample sizes, it might be found
that no accurate approximation of the experimen-
tal variance σ2τ can be obtained. Consequently,
we also considered the scenario of having an ini-
tial number of replicates (i.e., for the same unique
initial inputs the response surface function is eval-
uated 1, 2, or 3 times). In addition, we considered
the use of all five previously introduced acquisition
functions where for the UC and PI, we set π = 5 and
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Table 1: Selected factors and their associated levels under which the experiments have been performed.

Controllable Factors Noise Factors
Level Initial

replicates
Initial
samples

Acquisition
function

Covariance
function

Problems Noise
magnitude

Noise
form

1 1 2d UCB Gaussian #1 = f1(·) 0.01∆ f Constant
2 2 5d PI Power #2 = f2(·) 0.05∆ f Bad
3 3 10d EI Matérn #3 = f3(·) 0.20∆ f Good
4 KG
4 PES

λ = 0.1, respectively. Finally, we considered three
different types of covariance functions, the previ-
ously introduced Gaussian covariance, the power
exponential covariance function that are defined as

k(x,x′) = σ
2 exp

(
d

∑
i=1

−10ωi(xi − x′j)
p

)
, (13)

and the Matérn covariance function that is defined
as

k(x,x′) = σ
2 21−v

Γ(v)

(√
2v

d
ρ

)v

Kv

(√
2v

d
ρ

)
, (14)

where p,ρ,v are additional hyperparameters, Kv(·)
is the modified Bessel function of the second kind,
and Γ(·) is the gamma function. The consideration
of additional power exponential and Matérn covari-
ance is of interest as they allow more freedom in
the form of the covariance but involves additional
parameters. Consequently, considering their choice
in this study will help determine under what condi-
tions using more complex covariance functions will
be beneficial.

Concerning the noise factors, we considered the
magnitude of the noise and form of the noise.
Specifically, we considered three noise scenarios
where the maximum standard deviation of the noise
is either {2,5,20}% of the range of the function ∆ f .
In addition, we considered three types of experi-
mental uncertainty, one where the variance of the
response surface is homoscedastic, one where the
noise form is disadvantaged as the variance is max-
imized at the minimum of the response surface (re-
ferred to as bad), and one advantage where the vari-
ance is minimized at the global objective (referred
to as good). This has been achieved through the for-
mulation ε(x) ∼ N (0,E( f (x)+b)a), where pa-
rameter a and b have been selected to ensure that

the standard deviation ranges from 0.25 to 1.6 times
the selected noise magnitude [2]. Finally, we con-
sidered the following set of noisy objective func-
tions

f1(x) = (3x−2)2sin(12x−4)+ ε, (15)

f2(x) =
1

51.95

(
15x2 −

5.1(15x1 −5)2

4π2 +
5(15x1 −5)

π
−6
)2

+
1

51.95

((
10− 10

8π

)
cos(15x1 −5)−44.81

)
+ ε,

(16)

f3(x) = 4x2
1 −2.1x4

1 +
x6

1
3
+ x1x2 −4x2

2 +4x4
2 + ε, (17)

where ε ∼ N (0,S (x)). In addition, the spaces
of admissible input conditions are x ∈ (0,1), x ∈
(0,1)2, and x ∈ (−2,2)× (−1,1) for f1(·), f2(·),
and f3(·), respectively. Note that we have used
only low-dimensional problems as optimizing high-
dimensional objective functions will be practically
infeasible with small experimental budgets.

From the above set of factors, we are able to iden-
tify a total of 36 × 5 = 3645 unique experiments.
Finally, to account for the potential variability as-
sociated with random initial conditions, we have
repeated all experiments five times for a total of
18225 experiments.

3. RESULTS AND INTERPRETATION

In this section, we will study the data obtained
from the experiments delineated in the previous
section. Specifically, we aim to find what the main
effects are of each individual factor and then try to
identify the interaction effects between the control-
lable and noise factors to help guide modeling de-
cisions.
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Figure 3: The main effects of the controllable and noise factors as measured for the GAP obtained after observing
25d (red bars), 37.5d (green bars), and 50d samples (blue bars).

3.1. Main Factor Effects

The main effects in this study have been mea-
sured by taking the average difference between the
identified global optimum and the true global op-
timum for each factor. This metric is referred to
as the GAP [28]. A bar chart of these results has
been plotted in Figure 3 where the red bars indi-
cate the GAP after observing the first 25d samples,
the green bars indicate the GAP after observing the
first 37.5d samples, and the blue bars indicate the
gap after observing all 50d samples.

What can be observed from Figure 3 is that the
initial number of replicates has only a minor effect
on the optimality of the result obtained from the op-
timization process. Except, as fewer total samples
have been observed, we find that the GAP becomes
larger. This is intuitively sensible because when
only a small number of samples have been observed
then replication of experiments results in less cov-
erage of the admissible design space. Conversely,
when looking at the number of initial samples, we
find that a large set of initial experiments has a pos-
itive effect on the GAP of the final result. What
this implies, is that the tendency of the acquisition
functions studied in this paper is that they empha-

size the exploitation over exploration. Concerning
the choice of covariance function, we find that the
power exponential performs worst, while the matér
covariance performs significantly better. This could
suggest that the freedom offered by the matér co-
variance is beneficial to the optimization process.
However, it is interesting to note that this is not the
case for the power exponential. The reason for this
might be that the Matér covariance provides sig-
nificantly more modeling freedom compared to the
power exponential. Finally, concerning the acqui-
sition function, it is interesting to observe that the
UC acquisition function works best for large data
scenarios (e.g., 50d) whereas, in low data scenar-
ios, (e.g., 25d) the PI and EI appear to have similar
performance. The reason for this might be that we
used a relatively large value for π = 5 that signif-
icantly emphasizes exploration. Consequently, the
main effects of the controllable factors suggest that
conventional acquisition place too much emphasis
on exploitation and too little on exploration.

Concerning the main effects of the noise factors,
we observed intuitively sensible results. Specifi-
cally, we find that the relatively linear problem 2
has a small average GAP, whereas the opposite is
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observed for problem 2 which has six local min-
ima. In addition, functions with higher magnitudes
of noise perform worst in the observed final GAP.
Finally, functions with heteroscedastic noise that
are minimum at the global optimum perform best.
While these insights provide little novelty in terms
of insight, they do provide validation of the per-
formed study.

3.2. Interaction Effects
Next, we might be interested in investigating

the interaction effects between the controllable and
noise factors, as this could guide designers to make
modeling decisions based on prior knowledge that
they have of their experimental setup. In Figure 4
we have plotted the GAP averaged over all exper-
iments that have the same controllable and noise
factors for the different number of observed total
samples (i.e., d = {25d,37.5d,50d}).

What we can observe from Figure 4 is that there
are few interaction effects between the controllable
and noise factors. This can be concluded from the
observation that the optimal levels for each control-
lable factor are the same. The exception to this are
the following two interaction effects.

1. The total number of observed samples has an
interaction effect with the initial number of
replicates. Specifically, as the experimental
budget increases, it becomes advantageous to
increase the initial number of replicates.

2. The total number of observed samples has an
interaction effect with the selected acquisition
function. Specifically, for a small experimen-
tal budget, the PI is most appropriate, whereas
for larger experimental budgets the UC bound
becomes more appropriate.

The interaction effect between the total number of
samples and the number of initial replicates sug-
gests that replication is beneficial for approximat-
ing the stochastic response surfaces. Specifically,
when a larger experimental budget is available.
Concerning the second interaction effect, we find
that the acquisition function that places more em-
phasis on exploitation performs better with a larger

Figure 4: The GAP averaged (numbers in each block)
over the simulations for all combinations of control-
lable (horizontal axis) and noise factors (vertical axis),
where the red numbers are the optimal level for each
controllable factor. A) interaction effects for 25d ob-
served samples, B) interaction effects for 37.5d ob-
served samples, and C) interaction effects for 50d ob-
served samples,

experimental budget. This suggests, that most ac-
quisition functions place too much emphasis on ex-
ploitation causing the sampling path to spend too
many resources exploring the trivial region of the
space of admissible input conditions. This is caused
by the inflated uncertainty of the posterior predic-
tive response as a consequence of the training data
uncertainty.

3.3. Recommendations
From the previous results, we can make the fol-

lowing recommendations.

1. If your experimental budget is in the range of
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15d to 40d, then it is recommended to repli-
cate the initial number of samples twice. In ad-
dition, for a larger experimental budget, more
replicates might be required. Conversely, for
an experimental budget of less than 15d, it
could be better to have no replicates. Al-
though, this cannot be confirmed definitively
from the performed study.

2. For larger experimental budgets, it is recom-
mended to start with a larger number of ini-
tial samples. Specifically, for less than 30d it
is recommended to have an initial sample size
of 5d, whereas for larger experimental budgets
10d or more is recommended.

3. For an experimental budget of less than 20d it
is recommended to use the PI covariance func-
tion. For larger experimental budgets, it is best
to use the UC interval with a relatively large
value for π (e.g., π > 5).

4. The Matér covariance has a superior perfor-
mance on all test problems compared to other
covariance functions.

5. If there is no explicit limitation on the exper-
imental budget, then it is advised to use two
initial replicates for all 10d initial sampling lo-
cations and use the Matér covariance in combi-
nation with either the PI or EI acquisition func-
tion.

4. DISCUSSION
In this section, we will briefly discuss some of

the considerations that went into the performed
study and the aforementioned observations.

1. In this study we have assumed a functional
form for the experimental uncertainty, either
the variance is homoscedastic, or it is propor-
tional to the functional response. While in
practice, more functional forms of the variance
could exist, the set studied in the paper is sig-
nificantly broad. For example, experimental
uncertainty, a form of intrinsic uncertainty, is
often constant or proportional to the response
surface.

2. We focused our study on normally distributed
experimental uncertainty. Consequently, a de-
signer should be careful of this when adopting
the conclusion presented in this study when
the experimental noise might be normally dis-
tributed.

3. We did not study the acquisition of batches
of samples [2] and this could be important to
the overall performance of the data acquisition
process. While this is certainly a limitation
of the presented study, it should be noted that
our aim was to analyze low experimental se-
tups with small experimental budgets. Conse-
quently, sampling batches in this context is not
practical.

4. One assumption in the presented approach is
that we have used the maximum likelihood
approach to approximate the GP hyperparam-
eters. As a consequence, the uncertainty in
the hyperparameters is not considered when
evaluating the posterior predictive distribution
(this can be observed from the true function
poorly fitting the 95% confidence intervals in
Figure 2). In addition, this also explains why
most acquisition functions place more empha-
sis on exploitation. Consequently, it could be
the case that using a Bayesian approach in the
approximation of GP hyperparameters would
be a more appropriate approach for the opti-
mization of the stochastic response surface, es-
pecially with small experimental budgets.

5. CONCLUSIONS
In this paper, we have presented an experimen-

tal study in the modeling conditions associated with
Bayesian optimization for noisy training data (e.g.,
physical experiments). In this study, we empha-
sized the scenario where only a small experimen-
tal budget is available, in which case stringent sim-
plifying assumptions need to be made. Moreover,
with this study, we aimed to identify what model-
ing conditions are most appropriate based on a pri-
ori knowledge on the nature of the problem (e.g.,
the magnitude of the experimental uncertainty, the
functional form of the experimental uncertainty,
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and the form of the objective function). From this
study, we have discovered that the Matér covariance
function performed better than all studied alterna-
tives (i.e., Gaussian, and power exponential). In
addition, there is a strong correlation between the
experimental budgets and many of the controllable
modeling considerations. Specifically, the experi-
mental budget has an interaction effect with the ini-
tial number of replicates, the initial number of sam-
ples, and the choice of acquisition function. Al-
ternatively, the form of the objective function, the
magnitude of the experimental uncertainty, and the
form of the experimental uncertainty do have no in-
teraction effects with the controllable modeling de-
cisions.

The work in this paper provides inspiration for
future research directions. Specifically, it was
found that conventional acquisition functions place
too much emphasis on exploitation. This could
be remedied by a Bayesian approach that accounts
for the uncertainty in the hyperparameters of the
emulator or through the development of problem-
specific acquisition functions. More importantly,
while many advanced methods for experimental
design are available, physical experiments are of-
ten performed on input conditions that are selected
based on the intuition of the designer. To make this
process more systematic we explored the poten-
tial of adaptive sampling strategies, typically used
in conjunction with simulation-based design, for
physical experiments. However, as this involved
simplifying assumptions, future research should be
directed toward the discovery of new statistical
methods for the optimization of noisy response sur-
faces in sparse data scenarios.
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