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Parameter calibration seeks to estimate unobservable parameters in a
computer model by aligning field observations with computer model outputs.
In the building energy sector, a physics-based computer model is developed
to analyze building energy use, given various weather conditions and oper-
ational scenarios. To obtain accurate simulations, it is necessary to calibrate
model parameters required for preconfiguration. Among various techniques,
Bayesian optimization stands out for its potential but faces some challenges
when handling a large number of parameters. A possible remedy is to focus
selectively on influential parameters, thereby simplifying a complex, high-
dimensional task into a more tractable, lower-dimensional endeavor. We de-
velop a new method that ranks parameter importance to effectively enable
stochastic dimension reduction by utilizing the multi-armed bandit approach.
By accounting for unequal importance among parameters, our approach gen-
erates accurate surrogate models tailored to the reduced dimension and guides
an efficient exploration of the parameter search space in the Bayesian opti-
mization procedure. The numerical studies and building energy simulation
case study demonstrate that the proposed approach achieves a significant im-
provement in both calibration accuracy and efficiency. Moreover, it capably
identifies the influential parameters and explains their impact on the computer
model, providing valuable insights into understanding the system’s dynamics.

1. Introduction. Advancements in numerical algorithms and computing capabilities
have propelled computer models into a central role in the operational analysis and manage-
ment of engineering systems. The computer models often incorporate complex mathematical
functions derived from the first principles of physics. When applied appropriately, these com-
puter models can simulate outputs that closely mirror the real-world physical dynamics. For
instance, in the building sector, physics-based building energy models (BEMs) function as
computerized tools that assist in analyzing the energy consumption patterns for the targeted
buildings and thus help to enhance their energy efficiency. Specifically, these computer mod-
els have the capability to replicate a building’s energy consumption by adjusting a range of
factors such as heating, ventilation, and cooling (HVAC) settings, lighting configurations,
plug loads, etc. One example of such a BEM simulator is EnergyPlus, which is developed
by the U.S. Department of Energy (DOE)’s National Renewable Energy Laboratories (U.S.
Department of Energy (2019)).

For simulation the computer model takes input variables, typically observable factors such
as environmental and operational conditions, and generates corresponding outputs. Often-
times, apart from input variables, additional parameters should be defined beforehand to run
the simulation (Rutter et al. (2019)). For instance, in the BEM example, to simulate building
energy processes, several parameters need to be set a priori. Table 1 lists a subset of param-
eters employed in EnergyPlus. The last three columns show the allowable ranges for each
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List of BEM parameters and their ranges

TABLE 1
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Description Unit Default Min Max
Lighting level w 590.37 300 700
Fraction radiant - 0.32 0.26 0.38
Ventilation design flow rate m3/s 0.001 0 1
Max supply air temperature °C 48.44 30 70
Cooling supply air flow rate m3 /s 0.77 0 1
Heating supply air flow rate m3/s 0.61 0 1
Rated air flow rate m3 /s 0.91 0.73 1
Heater thermal efficiency - 0.77 0 1
Gross rated sensible heat ratio — 0.74 0.6 0.8
Furnace nominal capacity w 30,000 20,000 40,000
Burner efficiency - 0.9 0.5 1
Gross rated cooling COP - 2.95 2 5
Fan total efficiency 1

- 0.12 0

parameter, based on its physical requirement as well as the attributes of a building such as its
type, location, and environmental factors. These parameters are designed to represent a target
building’s real physical dynamics.

When these parameters are not directly observable, their values need to be estimated us-
ing either physical laws or data. In cases where physical laws are not available, they can be
estimated using the data collected from the physical system. This process is referred to as pa-
rameter calibration in the literature (Kennedy and O’Hagan (2001), Jeong et al. (2023)). One
of the predominant calibration approaches is Bayesian calibration (Kennedy and O’Hagan
(2001), Higdon et al. (2004)). It has been employed for the BEM parameter calibration (Coak-
ley, Raftery and Keane (2014), Chong and Menberg (2018)). Despite its widespread use, this
method faces limitations with respect to scalability and computational efficiency. As an al-
ternative, recent studies have explored nonlinear optimization techniques (Liu et al. (2022),
Jeong et al. (2023)). These methods use a local search strategy, which can optimize param-
eters efficiently but with the caveat that the outcomes may be highly contingent upon the
chosen starting points. We provide further discussion on the limitations of the Bayesian cali-
bration and nonlinear optimization approaches in Section 3.

Bayesian optimization (BO) has recently been investigated as another promising approach,
especially in building energy applications (Chakrabarty et al. (2021), Martinez-Viol et al.
(2022), Zhan et al. (2022), Jeong and Byon (2024)). BO is a derivative-free optimization
method to minimize an expensive-to-evaluate objective function that has no explicit expres-
sion. BO works by constructing a Gaussian process (GP) surrogate model for the unknown
function and then designing the next query point through the optimization of an acquisition
function. Nevertheless, BO faces challenges when dealing with a large number of calibration
parameters (here “large” implies 204- parameters). This is due to difficulties in accurately
modeling the surrogate with GPs given a limited set of design points. Additionally, optimiz-
ing the acquisition function becomes more complex as the number of parameters grows.

An effective approach in BO is to strategically select a subset of parameters that strongly
influence the computer model output. This involves reducing the original high-dimensional
problem to a lower-dimensional one, referred to as dimension slicing in this paper. We ex-
plore this strategy based on parameter importance. The rationale behind our approach is that
in many practical scenarios, only a handful of parameters significantly impact the computer
model output—a principle described as effect sparsity (Linkletter et al. (2006), Ba, Myers and
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Fi1G. 1. Example of BEM simulation outputs.

Wang (2018), Salem et al. (2019), Park et al. (2025)). Additionally, the extent to which these
important parameters affect the output can vary (Li, Ko and Byon (2021)), which is termed
effect imbalance. These aspects are well documented and justified across a wide range of ap-
plications. When developing computer models, scientists and engineers often include many
parameters to represent a wide range of physical phenomena and system configurations. For
example, EnergyPlus incorporates dozens of parameters for HVAC systems, lighting, insula-
tion, occupant behavior, etc. Yet under specific building types, operating and weather condi-
tions, only a subset of these parameters could significantly affect outputs, while others remain
nearly inactive or play only a secondary role. Thus, context-dependent sparsity and imbalance
in their effects are both plausible and empirically supported in many simulation-based stud-
ies. Recognizing these patterns, we devise a new method that quantifies parameter importance
to carry out the dimension slicing stochastically. This stochastic dimension slicing approach
can potentially yield a more accurate surrogate model within the reduced dimensional space,
consequently improving the effectiveness of BO’s sequential design process.

Our slicing approach also aids in achieving a more balanced trade-off between exploration
and exploitation, especially when handling a large number of parameters. Traditional BO
tends to choose design points close to the boundaries of the parameter space, where uncer-
tainty is high; that is, more weight is given to exploration than to exploitation, in its early
rounds (Binois and Wycoff (2022)). Although such exploration-focused search can be un-
derstandable, it could lead to model misspecification in some cases. To illustrate, one of the
BEM parameters is the cooling supply air flow rate, which is deemed influential to the BEM
output at the interior values. Another example parameter is the fan fotal efficiency, which is
shown less influential in our case study. Though extreme values near O for these parameters
are physically feasible, they rarely occur in practice and produce unrealistic simulation re-
sults as depicted in Figures 1(a) and (b). Such results could undesirably inflate the variance of
the GP surrogate model used in BO. On the other hand, by implementing our slicing method
within a reduced dimensional space, we naturally lower the uncertainty near the parameter
space’s boundaries and avoid selecting unimportant parameters that might cause model mis-
specification. Consequently, our approach tends to encourage the selection of more moderate
and realistic design points, generating reasonable simulation outcomes (see Figure 1(c)).

This study strategically reduces dimensionality through parameter selection, harnessing
imbalanced effects among parameters to facilitate effective exploration. To capitalize on the
effect sparsity and imbalance, we devise a weight distribution that reflects the parameter im-
pact in the multi-armed bandit (MAB) framework. Our approach ensures that more influential
parameters are prioritized during the calibration process, instead of treating all parameters
equally. To our best knowledge, this study is the first to explicitly determine the importance
of each parameter and incorporate this assessment into every sequential design during the
calibration process within the BO procedure. Additionally, the weight distribution allows us
to quantify the importance of each parameter. The numerical examples and the BEM case
study demonstrate the superiority of our approach in comparison to other alternatives.



EXPLAINABLE PARAMETER CALIBRATION VIA IMPORTANCE-DRIVEN DESIGN 1565

The rest of this article is organized as follows. Section 2 introduces the motivating applica-
tion and dataset used in this study. Section 3 reviews related studies. Section 4 formulates the
problem, presents the new calibration approach, and provides a regret bound analysis. Sec-
tions 5 and 6, respectively, present the numerical examples and BEM case study. Section 7
provides concluding remarks.

2. Motivating application and dataset. Energy consumption in buildings continues to
rise globally due to economic development and the increasing electrification of end uses,
making efficient energy management essential for power system stability and sustainability
(U. S. Energy Information Administration (2015), Xu et al. (2021), Gonzdlez-Torres et al.
(2022)). In Texas, for instance, frequent and intensifying heatwaves have pushed electricity
demand to critical levels, straining grid reliability, raising operational costs, and contributing
to social issues such as heat-related health emergencies, economic losses from outages, and
heightened vulnerability among low-income households.

To address these challenges, researchers and practitioners have turned to real-world, data-
rich testbeds that enable the study of residential energy consumption, the testing of new
demand response strategies, and the evaluation of retrofit measures. A notable example is
the Pecan Street Project in Austin, Texas (Pecan Street Inc. (2025)), which was launched to
advance energy research and accelerate energy solutions by establishing a living laboratory.
Pecan Street Inc., created as a research and development organization for this purpose, has
deployed high-resolution sensors in residential buildings, capturing circuit-level electricity
use, solar generation, environmental conditions, and appliance-specific loads. This dataset
has been widely used in both academic and industrial studies, spanning topics such as load
forecasting, demand response program design, and other related applications (Feng et al.
(2021), Dinh, Lee and Kim (2022), Liu et al. (2023), Ramos et al. (2023), Chen et al. (2024)).

For the development of such new demand response programs and operational designs, it
is essential to understand how different choices will perform before actual implementation.
BEMs provide a powerful tool for simulating the impact of such interventions under varied
conditions. By enabling controlled experiments in simulation, BEMs help quantify the effects
of proposed policies, identify potential trade-offs, and reduce implementation risks.

However, the accuracy of any BEM-based analysis critically depends on how well the
model represents the actual characteristics of each building, which are governed by calibra-
tion parameters (see Table 1). To properly utilize the BEM, these parameters must be cali-
brated to match simulated energy performance with measured data. Figure 2 illustrates the
specific BEM calibration procedure studied in this paper.

In this study we leverage the Pecan Street dataset (Pecan Street Inc. (2025)) as a real-world
source. Specifically, we focus on one residential building in the dataset to demonstrate our
proposed methodology. The data span from January 1, 2014 to December 31, 2014, with an
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hourly resolution; they include electricity consumption, environmental measurements, and
metadata describing the building’s geometry and characteristics.

However, applying BO with a large number of parameters often leads to excessive explo-
ration along the boundaries of the parameter space. This, in turn, frequently results in model
misspecification. Figures 1(a) and (b) illustrate this issue: the simulated BEM output deviates
substantially from the measured energy consumption. Such discrepancies highlight the need
for effective calibration methods that mitigate overexploration on the boundaries and that
achieve a better balance between exploration and exploitation. To our knowledge, the model
misspecification problem has not been accounted for in the BEM calibration literature.

3. Literature review. Bayesian calibration has been predominantly adopted for param-
eter calibration in the literature (Kennedy and O’Hagan (2001), Higdon et al. (2004), Chong
and Menberg (2018)). Despite its widespread adoption, one of its challenges is scalability
with respect to the number of parameters and data size. Typically, this method is limited
to calibrating only a small handful of parameters (often up to five) because the computa-
tional complexity increases significantly with the number of hyperparameters in the covari-
ance function. Further, due to substantial computational demands, it is generally applied to
data with lower resolution. For instance, monthly (Li, Augenbroe and Brown (2016), Sokol,
Davila and Reinhart (2017)) or annual (Booth, Choudhary and Spiegelhalter (2013)) data
instead of hourly data for BEM calibration has been used. This limitation could potentially
result in the loss of critical fine-grained information.

Gradient-based methodologies have been recognized for enhancing scalability in recent
research (Liu et al. (2022), Jeong et al. (2023)). Nonetheless, they also bring along substantial
computational demands, since they require a large number of simulation runs to approximate
gradients and tune step sizes when dealing with black box computer models. The trust-region
approach circumvents the need for direct gradient estimation by utilizing a local surrogate
model to propose the next candidate point (Jain, Shashaani and Byon (2023, 2025)). Despite
this advantage, their performance highly depends on the choice of the initial starting value.

Recently, BO has been gaining attention as an effective alternative for parameter calibra-
tion in several applications (Sha, Ozbay and Ding (2020), Reiker et al. (2021), Yang, Ji and
Deng (2021), Ma et al. (2022)). However, the efficiency of BO decreases with the increase in
the number of parameters. To address, two primary dimensionality reduction techniques have
been proposed. The first is the parameter (or variable) selection approach, which identifies
the influential parameters that substantially affect the model outputs. The second technique
involves generating new parameters through linear or nonlinear combinations of the original
parameters, known as linear or nonlinear embeddings (Binois and Wycoff (2022)). In the sub-
sequent discussion, we will specifically focus on the parameter selection approach, because
it is relevant when the model output is influenced predominantly by a subset of parameters.

The parameter selection approach typically involves the estimation of the lengthscales
of an anisotropic kernel in GP modeling, referred to as automatic relevance determination
(ARD) (Rasmussen and Williams (2006)). A small lengthscale implies that small changes
with respect to its parameter lead to significant changes in the output. Utilizing the ARD,
Salem et al. (2019) introduced an algorithm that iteratively selects influential variables. Yuan
and Ng (2020) also utilize the ARD property for parameter selection through a Bayesian
method, using a spike-and-slab prior. However, the estimated lengthscale may not accurately
represent the true importance, because ARD generally decides the importance based on lo-
cal variation, rather than considering long-range global changes (Wycoff, Binois and Wild
(2021)).

Winkel et al. (2021) adopted a global variable selection approach proposed by Linkletter
et al. (2006) and further complemented with the local variable selection. This approach can
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result in substantial computational overhead due to the Markov chain Monte Carlo (MCMC)
procedure, which can challenge its practicality. Thus, despite its potential to explain the vari-
able importance, its use may not be suitable when the variable (i.e., parameter) selection
method is applied in every round within the BO framework. Li et al. (2017) incorporated
dropout techniques into BO by choosing a random subset of variables at each iteration. This
approach does not account for variable importance in the selection process. Another approach
is the trust-region-based BO (Regis (2016), Eriksson et al. (2019), Diouane et al. (2023)) that
constrains the search space to a region surrounding the current best solution at each iteration.
However, its performance could be sensitive to the choice of initial design points.

Additionally, it should be noted that most calibration problems with a large number of
parameters prescreen the parameters first either using the parameter selection method or fol-
lowing the recommendation from domain experts and then calibrate only the selected pa-
rameters (Spagnol, Le Riche and Da Veiga (2019), Calama-Gonzélez et al. (2021), Chong
and Menberg (2018)). This two-phase approach with the parameter selection and calibration
processes may lead to poor calibration accuracy. Recently, the integration of parameter selec-
tion and calibration processes has been considered (Yuan and Ng (2020)), but their method
requires many prior assumptions in the Bayesian framework, limiting the method’s applica-
bility across diverse applications. Additionally, when selecting parameters, their use of the
ARD property can lead to inaccuracies in quantifying the importance of parameters, as dis-
cussed earlier.

4. Methodology.

4.1. Problem formulation. Let 8 € @ C RP denote a vector of calibration parame-
ters, where the range of the kth parameter is [ak, bx] with a; and by known constants for
k=1,..., D. Without loss of generality, we consider @ as the normalized parameter space
hereafter, that is, @ = [0, 1]”. Let x € X’ denote a vector of physically observable inputs,
where X is a convex and compact subset of R¥. Let y(x) denote a vector of noisy field ob-
servations of its true physical process ¢ (x) at an input x. Let 5(x; 6) denote a vector of outputs
from a deterministic computer model at (x, #), simulating ¢ (x). In building energy simula-
tion, X can be various weather conditions such as dry-bulb temperature, wind speed, solar
radiation, and relative humidity for a building’s surrounding area, y(x) values of measured
energy consumption in the building, and 5(x; #) values of energy consumption simulated by
the BEM. Note that both y(x) and 5(x; #) can be either scalar- or vector-valued responses,
depending on the number of energy types in analysis, such as electricity, natural gas, steam
energy, etc. In this study we consider the single-output electricity consumption due to limited
data availability, but our proposed method can be easily applied to the multioutput setting.

To make 5(x; #) resemble ¢(x), the unknown € should be calibrated using operational
data. Our goal is to learn the parameters #* that minimizes the expected squared L, distance
between ¢ (x) and 5(x; 6), that is,

. 2
(1) 0™ =argmin Excx [§(X) —n(x;0) 7,
0cO
where | - ||, is the L, norm. One can use other types of loss instead of the squared L, loss.

In practice, the optimal parameters can be estimated by minimizing the empirical loss
function f(#), where the integral for the squared L, distance is replaced by its sample aver-
age from Ny observations and each ¢ (x) by its noisy observation y(x). Thus, we formulate
the parameter calibration problem to find the estimate 0 as

) 0 =argmin £ (8),
0cO
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where f(0) denotes the empirical loss, defined as

2
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with || - || denoting the ¢, or Euclidean norm.

In the literature the predominant calibration methods rely primarily on nonsequential sam-
pling approaches, such as Bayesian calibration (Kennedy and O’Hagan (2001), Higdon et al.
(2004)). These methods construct emulators for field observations, simulation outputs, or
both at predesigned parameter values, particularly in limited data settings, whereas our BO-
based calibration method directly constructs a surrogate of the empirical loss function with
an initial dataset and sequentially designs the next parameter to evaluate its loss on the fly
during the calibration process. Our sequential approach offers an advantage, as it generates
more informative data from the computer model with the assistance of a continuously updated
surrogate throughout the calibration process.

Since 5(x; #) in (3) does not take a closed form when the simulator is a black box com-
puter model, BO can be an effective tool for solving (2). However, using BO blindly comes
with various issues when handling a large number of parameters, say, 20+. First, standard
BO does not prioritize parameters based on their importance, thereby treating all parameters
with equal weight. Second, BO tends to prioritize exploration, particularly in the initial phase.
While exploration is a critical component of the process to learn the response surface, exces-
sive exploration often chooses design points at the boundaries of the parameter space when
uncertainties are typically higher than the interior. This can potentially cause simulation runs
with misspecified model configurations, as depicted in Figures 1(a) and (b).

We devise a new sequential design strategy that builds a GP surrogate using a subset of
parameters in each BO round. These parameters are probabilistically selected based on their
importance measure. This importance metric not only directs parameter selection but also
quantifies and explains the degree of each parameter’s importance. Thus, we refer to the
proposed approach as “explainable sliced calibration” (briefly, Ex-Sliced-Calib).

4.2. Importance quantification via weight distribution. To assess the impact of parame-
ters on the loss function f(#) in (3), we first employ the global sensitivity analysis (GSA)
approach (Iooss and Lemaitre (2015)). We perform GSA based on a nonparametric sur-
rogate f(-), such as a kriging model. With all available data D,,_1 = {01.,—1, f(@1.:n—1)}
obtained up to the (n — 1)th round, wbere 01.n—1 =1{01,...,0,—1} and f(O1.,—1) =
{f(@01),..., f(0,-1)}, the kriging model f (@) is a GP Z, ~ GP(u,—1, K,—1), where p,_1
and K,,_| are the mean vector and covariance matrix, respectively. For the kernel function, we
use an anisotropic (or ARD) kernel. Specifically, we employ the anisotropic Matérn 5/2 ker-
nel. This choice allows each dimension of the calibration parameters to have its own length-
scale, which determines how sensitive the surrogate model is to variations along that specific
direction. More details on the rationale for using an anisotropic instead of an isotropic kernel
are given in the Supplementary Material (Jeong and Byon (2026)).

Treating ® € [0, 11? as random variables, we conduct GSA using the following total vari-
ance decomposition (Sobol (2001)) based on a GP Z,,(8), to obtain the total sensitivity index
T, « for the kth parameter 6 at the nth round,

4) Var(Z, (@) = > Vi+ Y Vip+--+ Vi,
kek k<k'elC

where V = Varg, (Ee_,[Z,(0)|0O]) is the contribution in total variance of each parameter
O for all k, Vi p» = Var@kk,(E@_kk,[Zn(G)N@k, Op]) — Vk — Vy is the portion of the total
variance due to the interaction between 6, and ) for all k < k’, and Vi is the variance
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contribution from the interaction among all of the parameters in K = {1, ..., D}. Here ®y
is a random variable of the kth parameter, @ is a random vector described by a joint
distribution of ®; and ®;/, @_; is a random vector associated with a joint distribution of
Oy, except O, and O _ is one for Oy, except both ®; and O .

The variance decomposition is useful to quantify the variability of the response Z,(®)
with respect to each parameter’s change (Gramacy (2020)). To measure the overall influence
of the kth parameter, fotal sensitivity indices (Homma and Saltelli (1996)) can be defined as

Vare_,(Ee,[Z,(©)|O_]) Ee_,[Vare, (Z,(0)|O_)]
Var(Z,(0)) B Var(Z,(0))

which quantifies the fotal effect, including all the first- and higher-order effects of 6, on the
variance of the response Z,(0).

To compute T}, x, we use the extended Fourier amplitude sensitivity test (FAST) (Saltelli,
Tarantola and Chan (1999)), recognized for its computational efficiency. Extended FAST
generates input samples along a periodic curve V¢ (t) = G (sin(wgt)), where G (u) =1/2 +
(1/m) arcsin (1) represents the kth transformation function, with each input associated with
a frequency wy for each k. By varying ¢, the multidimensional input space is explored. These
periodically sampled values are then propagated through the surrogate model by computing
the Fourier transform for the model output Z, (#(¢)), where #(¢) = (91(¢), ..., 0p()). If
the model output is highly sensitive to variations in the kth parameter, the periodic function
Z, (U (t)) associated with wy will exhibit a large amplitude.

To quantify the importance of each parameter, we use the sensitivity index for each pa-
rameter obtained by extended FAST and introduce a weight distribution refined as new data
points become available. Specifically, we utilize the MAB framework for dimension slicing,
where each parameter is treated as an arm. Selecting a parameter is thus analogous to pulling
the corresponding arm within the MAB context. When a subset of parameters is chosen si-
multaneously, it corresponds to pulling a combination of arms, an approach known as com-
binatorial MAB (Cesa-Bianchi and Lugosi (2012)). In each iteration, we select a subset of
parameters that appear to have a significant impact on the loss in (3) by employing Thompson
sampling (TS) (Russo et al. (2018)). TS facilitates probabilistic parameter selection, with the
aim of efficiently navigating the parameter space and balancing exploration and exploitation.

Specifically, we treat T, , as a new data point for the kth parameter’s weight wy, allowing
it to play a role as a reward when refining its weight distribution. Here each parameter’s
weight is set to follow a Gaussian distribution with unknown mean A; and known precision
=1/ 002. One can consider various distributions for priors if a particular belief is available.
Otherwise, we can use the Gaussian distribution due to its conjugacy properties as

(6) 7 (A |wi) o (wi|Ak)m (Ag) VK,

&) The=1- Vk € K,

with 77 (wg |Ax) =N (g, ‘co_l) and 7 (Ay) =N (g, ‘ck_l), where v and 1%, respectively, denote
location and precision parameters. The posterior is also Gaussian, and the model parameters
vk and 7 can be updated with the following closed-form expressions, treating 7,  as a new
data point (here we put a subscript “n” to represent the round):

Tn—1,kVn—1,k + 70T k
Th—1,k + 70

) Ot i) < oLkt ) k.

When implementing this Bayesian update rule, we fix og for tg = 1/ 002 to allow the weight

distributions to adequately disperse, facilitating sufficient exploration of the parameter space.
Subsequently, borrowing the idea of bandits with knapsacks (Badanidiyuru, Kleinberg and

Slivkins (2018)), we choose parameters of size d (d < D), referred to as the trial dimension.

Specifically, we draw A, x’s from the updated posterior distribution 7 (Ag|wk) and sample
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wy ks from the kth weight distribution 7 (w|Ap k) for all k. In the implementation, we use
the truncated Gaussian distribution for m (w|A,_ k), which ranges from O to 1, ensuring that
the drawn weights do not exceed this range. This means that the weights we draw from
7 (wi|An k) cannot take a negative value or an excessively large positive value. We then select
the d parameters with the largest weights among the D parameters.

The reason we conduct TS with the Bayesian update is that sensitivity indices may be un-
stable due to the potentially inaccurate GP surrogate. That is, we do not know the GP quality
a priori. Additionally, even with the same data points, we may obtain different surrogates (or
hyperparameter estimates), especially in high dimensions, due to an insufficient number of
data points and the nonconvex nature of the likelihood functions that we maximize. By em-
ploying TS, we aim to enhance the robustness of our parameter selection process, mitigating
the impact of any inaccuracies in the GP model and ensuring more reliable outcomes.

The weight distributions help to quantify the parameter influence. GSA would yield large
values of T, x’s for important parameters, which increase vy and Ax. Conversely, if certain
parameters have minimal or no impact, the respective values of vy and Ay would be small,
resulting in a decrease in the probability of being selected. This characteristic allows us to
discern which parameters receive greater emphasis during the calibration process. On the
other hand, our MAB-based probabilistic selection approach provides a safeguard, ensuring
that seemingly unimportant parameters are not completely overlooked during the calibration
process, thus maintaining a comprehensive exploration of the parameter space.

4.3. Sliced sequential design. To leverage the effect sparsity and effect imbalance, we
slice the parameter space into two subspaces: one with d selected parameters that are likely
to be more influential and another with the remaining D — d parameters. The idea of sliced
design is to construct a GP in the lower-dimensional space associated with d selected param-
eters only and design its portion of the next design. We call the space of selected parameters
major subspace and the space of remaining parameters minor subspace (Salem et al. (2019)).
Note that the major and minor subspaces could change over iterations, because parameters
are chosen probabrhstrcally according to their updated weight distributions.

In the nth round, let IC 4 denote a set of indices of size d that corresponds to the se-
lected parameters among all indices K = {1, ..., D} and ICM‘“ for the remaining parameters.

Let 0MaJ {6k 1 Vk € ICMaJ} € @MaJ = [0, l]d denote a set of selected parameters (called
major parameters) and OM”’ = {0k :Vk € ICM“‘} € @Mm := [0, 11°~¢ a set of remaining
parameters (called minor parameters). Collectively, we denote 0, = (0MaJ 0Mm)

With the two sliced subspaces, we design the new query point by focusing more on the
major parameter design in the lower-dimensional space rather than the orrgrnal parameter
space. In the sliced major subspace, we place a GP prior on f(01.,—1) against 0 _, using

Edajl = {6’11\/[2IJ 1» f(@1:,-1)}, where 0 | denotes the major portion of 6., and f(01 n—1)

are its loss functron values obtained up to the (n — 1)th round. Then we have the predictive
distribution Z ~ GP(u,, Maj

variance matrix constructed from D . Note that we incorporate a nugget effect into the
diagonal entries of the base covariance matrrx, which can be reestimated by maximum likeli-
hood estimation at each round. The nugget term accounts not only for potential observational
noise but also for the variability introduced by the noninjective nature of the projection, that
is, cases where different parameter sets in the original space are mapped to the same point
in the reduced space but yield distinct outputs. Further details about the nugget term are pro-
vided in the Supplementary Materlal (Jeong and Byon (2026)). With Z , we design the

major portion of new query point o n o by optimizing an acquisition function.

xM
aj) where u 1 is the mean vector and K 1 is the co-
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Algorithm 1 Explainable Calibration via Sliced Sequential Design (Ex-Sliced-Calib)
1: Input: Ny and Npax (> No)
2: Evaluate f at Ny points of 8, generated by the space-filling design (e.g., MaxPro), to get
Dy =1{01:ny> fO1:N,)}-
3: Initialize the weight distributions 7 (wx|An,, k), and prior hyperparameters (Vn, k, Tng.k)»
Vk.
forn=Nyp+1,..., Npax do
Construct a surrogate model Z, (-) for f(-) using Dy,—1 ={01:n—1, f(O1:n—1)}.
Calculate sensitivity indices 7T},  based on Z, (-).
Obtain posteriors 7 (Ag|wy) by updating (v, k, Tn k) via (6)—(7) with T}, x, Vk.
fork=1,...,Ddo
Sample Ay k ~ 7w (A |wi).
10: Sample wy x ~ 7 (Wi |Ank)-
11:  end for
12:  Select d parameters with the largest values among the D parameters.

LRk

13:  Construct a surrogate model Z,iwaj(-) for fM&(.) with a major portion of samples

DM = (oM | 011

14:  Design the major parameters 0,1M.aj by optimizing an acquisition function AOM3),
15:  Design the minor parameters 0Mm by employing a sequential space-filling design (e. g.,
sequential MaxPro) with probability p, or settmg oMin — gMin with probability 1 —

min
16:  Set the new query design 6,, by combining oMY and oM that is, 0, = = (0N, 0Mm)
17:  Evaluate f at@, andset D, =D,,_1 U (@,, f(0,)).

18: end for

19: Output: (0, f(6)) = (Omin, f (Omin)) and 7w (Wk AN k), VK.

Next, we design the minor subspace by combining two approaches. First, we use the minor
portion of the parameter design that provides the lowest loss function value among f(01.,—1),
denoted by OMi? (Li et al. (2017)). This approach emphasizes exploitation by prioritizing the
historically most promising area of the minor subspace. Second, we expand our search across
the minor subspace with an additional space-filling design, facilitating more exploration to
potentially uncover new regions of interest. This is because the surrogate for GSA might be
inaccurate when the initial design does not sufficiently cover the parameter space. In such
cases, important parameters could inadvertently be excluded from the major subspace. Thus,
we allocate a small probability for additional space-filling to augment the existing design set.

In this study we employ the sequential MaxPro design (Ba, Myers and Wang (2018)),

sequential space-filling design w.p. p,

Min
0 min

(8) oMll’l

otherwise.
Finally, we desi gn the new query point by combining the obtained major and minor param-
eter designs, that is, (0MalJ 0an). Then f is evaluated at #,, by running the computer

model, and (0, f (0n)) is added to D,,_1, forming D,,. This procedure is repeated until con-
vergence or the available budget Npax is reached. Algorithm 1 summarizes the procedure.

4.4. Regret bound analysis. We present a regret bound analysis that accounts for the
characteristics of effect sparsity and imbalance. In our analysis we employ lower confidence
bound (LCB) (Srinivas et al. (2010)) as the acquisition function, as it allows for tractable
analysis and has been widely used to derive regret bounds in BO.
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Let ! denote a set of indices of size d; that correspond to the influential parameters
and KN a set of indices of size D — d; for the noninfluential parameters. We divide the
parameters @ into two distinct groups of influential parameters, 87 as 8/ = {6 : Vk € K},
and noninfluential parameters, ™' as 8V = {6 : Vk € N1}, so that we have 8 = (87, V7).
To facilitate the theoretical analysis, we consider a simplified version of Ex-Sliced-Calib,
summarized in Algorithm 1 in the Supplementary Material (Jeong and Byon (2026)), where
the importance of each parameter is assumed to be known a priori (in the form of (A.1)
and (A.2) in Assumption A.2 of the Supplementary Material (Jeong and Byon (2026))). It
fixes the minor design point at 06\’ I but chooses the major design point that optimizes the
acquisition function.

We define the instantaneous regret r, = f(6,) — f(6™) at the nth round as we aim to find
a minimizer #*. Then the cumulative regret Ry up to the Nth round is calculated as Ry =
Z,y:l rn, whose desirable asymptotic property is to have no asymptotic average regret, that
is, limy_, o0 Ry /N = 0. In this study we present an upper bound of Ry /N for the simplified
Ex-Sliced-Calib. Here we present the main results. Other details, including assumptions and
proofs, are provided in the Supplementary Material (Jeong and Byon (2026)).

THEOREM 4.1.  Suppose that Assumptions A.1-A.2 hold. Pick § € (0, 1), and define

222 8D
po = 210g( ) + 241 10g s D17, fr0g (25 ) |

/ 8Dc¢
+2(D — dl)log[,omaanb log( 3 )—i—l]

where atmax = max{oy : Yk € K} and pmax = max{py : Yk € KN}, With the simplified Ex-
Sliced-Calib, we have the following upper bound for the averaged regret:

(10) LD N[ A +mwﬂg “)o—ap.

with probability > 1 — & for some constant C1, where yy is the maximum information gain
with a finite set of N sampling points.

€))

In Theorem 4.1 the information gain quantifies the reduction in uncertainty about f (Srini-
vas et al. (2010)) achieved by collecting a new data point or adding a new design point and
obtaining the associated loss function value. With the popularly used kernel functions, such
as the squared exponential kernel with the same lengthscales, yy is bounded above, as shown
in Srinivas et al. (2010). Thus, we have Syyn/N — 0. The proof of Theorem 4.1 closely
follows those in Srinivas et al. (2010) and Shen and Kingsford (2023). Compared to ex-
isting regret bounds in the literature, our bound introduces two key developments. First, it
incorporates a decomposition of 8y over influential and noninfluential parameters. Second,
it includes an additional pg-related term to capture the residual influence of noninfluential
parameters and explicitly highlight imbalance effects among parameters through p;. These
developments are new and particularly relevant for calibration tasks in which only a subset
of parameters significantly affects the outcome.

Theorem 4.1 establishes an upper bound on the average regret when the calibration ef-
forts focus exclusively on those parameters, under the assumption that the true influential
parameters are known. This result provides important insights: the last term in equation (10)
captures the cost associated with the noninfluential parameters, and it vanishes when pomax
is zero. When pmax = 0, meaning that all noninfluential parameters have no impact on the
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computer model output or the loss function f, the simplified Ex-Sliced-Calib asymptotically
achieves zero average regret with large N. Thus, if Ex-Sliced-Calib correctly identifies influ-
ential parameters, the regret bound in equation (10) also holds. Furthermore, Ex-Sliced-Calib
can achieve zero average regret asymptotically when noninfluential parameters have no im-
pact. Our numerical study in Section 5 demonstrates that Ex-Sliced-Calib correctly pinpoints
influential parameters and quantifies their importance.

While we employ LCB in our regret bound analysis, we use the expected improvement
(ED (Mockus (1975), Jones, Schonlau and Welch (1998)) acquisition function in our numer-
ical and case studies, because EI consistently demonstrates superior empirical performance
in terms of calibration accuracy. We are unable to derive a regret bound for EI, but we ex-
pect a similar or even tighter bound, given the outstanding results observed in the numerical
study. For the empirical comparison of the acquisition functions, see the Supplementary Ma-
terial (Jeong and Byon (2026)).

4.5. Uncertainty quantification. Taking effect sparsity and imbalance into consideration,
we present a method for quantifying the uncertainty of the calibrated parameters using their
asymptotic properties as maximum likelihood (ML) estimators. With the Ex-Sliced-Calib
method, we can acquire the ML estimator @ for the calibration parameters if 6 converges
to #* under the normality assumption. This is due to the fact that maximizing the log likeli-
hood when the observational error € follows a normal distribution within the linear linkage
model y(x) = 5(x; ) + € is equivalent to minimizing the empirical loss function f(6) (Jeong
et al. (2023)). This allows us to consider the attractive theoretical traits for the calibrated pa-
rameters, including consistency and asymptotic normality. Since we consider only a subset of
parameters that affect the model output, we focus on investigating the asymptotic properties

of the ML estimator éll\,m for the influential parameters only.

Once we finally identify the influential parameters and their ML estimator éll\,m the con-
sistency property dictates that éll\/IL converges in probability to the true influential parameter
vector 0(1) as Ny — 0o, say, @;,H_ BN 0(1). Further, the asymptotic normality indicates that
the estimator \/VX(@{V[L — 0}) converges in distribution to a multivariate normal distribu-

tion NV'(0, Z(8{)~") as Nx — oo, that is, m@fm —0)) 4 N, Z(0))~"), where Z(8})
is an expected Fisher information matrix. Then we can use the ML estimator’s asymptotic
properties to construct the confidence intervals (CIs) of the influential parameters for their
uncertainty quantification. The asymptotic 100(1 — «)% Wald CI for each component of

1
0y as follows:
A 1 _1al
(11) O £ Cw/2 T (0p) VkeK!,
X

where 71 /2 is a critical value of the normal distribution, and Ik_kl (-) denotes the kth diagonal
entry of the inverse of the Fisher information matrix Z(-). The detailed method for estimating
the Fisher information matrix in (11) is provided in the Supplementary Material (Jeong and
Byon (2026)).

5. Numerical study. We demonstrate the effectiveness of the proposed calibration ap-
proach through numerical examples. The physical process is
(12) y(xi) = exp(x;/10) sin(x;) + €;,

and the computer model is

(13) n(x;; 0) =exp(x;/10) sin(x;) + /901, ..., 04,),
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for @ € RP, where d; (<« D) denotes the number of true influential parameters, x; ~

Uniform(0, 27r) represents an observable input value, and ¢; bk N(0,052) is an observa-
tional error for all i =1, ...,200. While we assume Gaussian noise, the proposed method
remains relatively robust to moderate violations of this assumption as long as the underlying
function is sufficiently smooth and the noise is not highly structured or adversarial. Further
details and comparative results with non-Gaussian noise can be found in the Supplementary
Material (Jeong and Byon (2026)). For (61, ..., 604,) € [LB, UB]%, where LB and UB denote
the lower and upper bounds of parameters, respectively, we modify the three well-known test
functions for ¢(-) in the computer model which have many local minima and are widely used
in evaluating the optimization performance (Surjanovic and Bingham (2013)) as follows:

e Example I (Modified Schwefel)

dp
(14) @1, ...,0q,) =418.9829d; — > O sin(V/|0k]) + h(d;, LB, UB,EV),
k=1

where d; =2, LB = —500, UB = 500, and EV = 4,000.
e Example II (Modified Ackley)

1 & 1 d
d_1 ]; 9,3] — exp[d—[ ;; COS(C39]<):| +c
+exp(l) + h(d;, LB, UB, EV),

where d;y =2, ¢c1 =20,¢,=0.2,c3 =2, LB= -5, UB =10, and EV =400.
e Example III (Modified Hartmann3)

01,...,04,) =—c1 -exp| —c
(15) @61 d;) 1 P[ 2

4 3
9O1,....00)=—=> cj exp|:— > Aj(Or — ij)z} +3.86278
(16) j=1 k=1

+ h(d;, LB, UB,EV),

where d; =3, ¢=[1.0,1.2,3.0,3.2]7, A=[31030;0.1 1035;31030; 0.1 1035], P =
[3689 1170 2673; 4699 4387 7470; 1091 8732 5547; 381 5743 8828], LB =0, UB =1,
EV =250,000, and “3.86278” is the term to make the computer model perfect.

Note that we modify the three well-known functions by adding a boundary perturbation
term A(-), which is designed to emulate model misspecification frequently observed in practi-
cal BEM implementations. This term 4(-) takes a role in extreme values near the boundaries,
mimicking how BEM simulations become unreliable at such points. These modifications en-
able us to evaluate how effectively Ex-Sliced-Calib handles model misspecification through
informed exploration in the reduced parameter space. The term A (-) is expressed by

h(d;,LB,UB,EV) =} 1<LB<9 <Zpy ] UB)[EV 9’_LB]
PERTRETT & =7 =257 g5 UB— LB

(7)

1 24 24
+> ]l(—LB+ —UB=<6 < UB) [91 —LB— —UB},
Lo \2s s 25

where 1(-) is an indicator function. The term including 1(LB < 6; < %LB + 2—15UB) repre-
sents the situation where the boundaries near the LB of the parameters produce unreasonably
large values with the extreme values (EVs) and their extent linearly decreases from the bound-
aries to the interiors of the parameter space. The term including ]l(%LB + % UB <6, < UB)
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TABLE 2
Problem settings in numerical examples

Example Test function ¢ Domain of 6 o dy D No Nmax
I Modified Schwefel [—500, 5001° 0.1 2 30 150 500
I Modified Ackley -5, 101P 0.1 2 30 150 500
111 Modified Hartmann3 [0, 11° 0.01 3 30 150 500

minimally inflates the outcomes around the boundaries near the UB and does not cause sig-
nificantly unreasonable outcomes. More details, along with a performance comparison of the
proposed method with and without incorporating %(-), are provided in the Supplementary
Material (Jeong and Byon (2026)).

Table 2 summarizes the problem settings of numerical examples. Note that the experimen-
tal setup in Table 2 assumes that most parameter effects are sparse, capturing a key char-
acteristic of our motivating application. However, we also conduct additional experiments
in which the number of true influential parameters, d;, is increased. The results and their
implications are provided in the Supplementary Material (Jeong and Byon (2026)). All ex-
periments were conducted on a 64-bit Windows OS with an Intel Xeon CPU E5-2697 and R
version 4.2.2.

5.1. Quantifying parameter importance. One of the most salient features of Ex-Sliced-
Calib is its explainability by quantifying the parameter importance through the weight dis-
tribution. Figure 3 shows the trajectories of each parameter’s posterior mean of its weight
distribution over the rounds. Clearly, the trajectories for important parameters, 61 and 6, for
Examples I and II, and 6, and 63 for Example III, have higher posterior means. We note
that even the weights of parameters deemed unimportant are kept positive, allowing for their
occasional selection due to the probabilistic nature of weight distributions. This ensures that
underrepresented parameters also receive consideration throughout the calibration process.

To check if Ex-Sliced-Calib captures the true influence correctly, we calculate total sensi-
tivity indices without a surrogate using Monte Carlo methods, as described in Saltelli (2002).
We treat these Sobol’ indices as true importance of each parameter and compare the posterior
mean obtained by Ex-Sliced-Calib at the maximum budget of Npy,x = 500. Figure 4 shows
that Ex-Sliced-Calib captures the true importance successfully. In Figure 3, 61 in Example III
does not get much emphasis, compared to 6, and 65. This is because 6, and 63 have much
more impact on the computer model output than 6; with an order 83 > 8, > 61 as can be seen
in Figure 4(c). The true and estimated importance measures of all parameters can be found in
the Supplementary Material (Jeong and Byon (2026)).

05 k"‘ jid theta3
c thetaz 0.6 L , theta2 < 075
S © akd d, Al ey ©
Q [0 1 wy g L) '
£0.4 N €050 | theta2
‘(_3 theta3-30 § 0.3 T— § MMWM
© 0.3 o theta3-30 g
2 T ®0.25| |
g g £
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FI1G. 3.  Trajectories of posterior means for Ex-Sliced-Calib in the numerical study.
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FIG. 4. Comparison of posterior means from Ex-Sliced-Calib with the true importance using Sobol’ indices
without constructing a GP surrogate in the numerical study.

5.2. Comparison with other alternatives. We consider three BO-based alternatives. The
first and third ones below are proposed in the literature to handle the high-dimensional BO:

e Random sliced design (Rand-Sliced-Calib) selects a subset of parameters purely at random
without considering their importance. It designs the next query point with the selected ones
from the acquisition function optimization as well as the minor ones giving the lowest loss
value until each round. This approach is called BO using dropout (Li et al. (2017)).

e Full design (Full-Calib) is the plain BO called efficient global optimization (EGO) (Jones,
Schonlau and Welch (1998)). It designs the next query point with all parameters via the
standard sequential design scheme without dimensionality reduction.

o Trust-region-based BO (TR-Calib) does not slice the parameter space into subspaces.
Rather, it dynamically restricts the search space around each iteration’s best point to choose
the next point at every round as one of the remedies when D is large (Diouane et al. (2023)).

We first design initial points of size Ny = 5D using MaxPro (Joseph, Gul and Ba (2015))
due to its effective space-filling property on projections to lower-dimensional subspaces. Each
method terminates when the number of rounds reaches its maximum budget of Npyax = 500.
Each algorithm is run for 20 experiments with different random seeds, using the same seed
across all competing algorithms. For both Ex-Sliced-Calib and Rand-Sliced-Calib, we set the
trial dimension d = 10. Also, we set p = 0.05 and op = 0.5 for Ex-Sliced-Calib.

Table 3 reports the calibration results, and Figure 5 shows each method’s trajectory of the
mean value of the lowest MSEs over the rounds, with its =1 standard error band around
the mean. Across all rounds, both Ex-Sliced-Calib and Rand-Sliced-Calib consistently out-
perform Full-Calib and TR-Calib. This notable improvement is due to their operation in the
reduced dimension and designing the next query point in a low-dimensional subspace. Be-
tween the two, Ex-Sliced-Calib achieves lower MSEs, thanks to its emphasis on influential
parameters. Also, Ex-Sliced-Calib generally yields smaller variance of MSEs than others,
demonstrating its robustness. In Examples II and III, while parameter values obtained from
Rand-Sliced-Calib are closer to the true ones than Ex-Sliced-Calib, its MSE is higher, possi-
bly due to the large variance in Rand-Sliced-Calib.

Full-Calib exhibits a slower decrease in MSE across iterations, leading to inaccurate cal-
ibrated values with the limited budget. TR-Calib, on the other hand, demonstrates improved
outcomes over Full-Calib, because it avoids exhaustive searches across the entire search space
through the construction of an adaptive trust region. However, since it still operates within the
original high-dimensional space, its performance remains inferior to that of Ex-Sliced-Calib.

Additionally, we examine the computational time of the BO-based calibration methods.
In general, Ex-Sliced-Calib substantially reduces computation time compared to Full-Calib
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TABLE 3
Comparison of test MSEs and calibrated parameter values from 20 experiments in the numerical study (Note: the
values inside parentheses are standard deviations, and the best results are highlighted in bold font)

Calibrated parameter values

Example Method Test MSE f 01 (%) 03

I Ex-Sliced-Calib 4.976 (7.405) 420.797 (5.542) 420.740 (3.284) —
Rand-Sliced-Calib ~ 13.935 (36.746)  420.308 (2.758) 348.473 (223.151) -
Full-Calib 92.890 (69.778)  278.484 (292.822)  311.888 (266.535) —
TR-Calib 71.931 (70.363)  169.509 (355.454)  337.334 (224.104) —
True parameter values 420.969 420.969 -

II Ex-Sliced-Calib 0.355 (0.295) 0.018 (0.064) —0.013 (0.047) -
Rand-Sliced-Calib 0.562 (0.577) 0.006 (0.065) 0.024 (0.101) —
Full-Calib 1.807 (1.136) 0.018 (0.219) 0.060 (0.431) —
TR-Calib 0.783 (1.153) —0.099 (0.293) —0.041 (0.381) —
True parameter values 0 0 -

I Ex-Sliced-Calib 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
Rand-Sliced-Calib 0.010 (0.031) 0.116 (0.016) 0.555 (0.008) 0.850 (0.009)
Full-Calib 0.072 (0.050) 0.251 (0.191) 0.558 (0.023) 0.849 (0.016)
TR-Calib 0.028 (0.033) 0.281 (0.151) 0.554 (0.002) 0.853 (0.001)
True parameter values 0.115 0.556 0.853

and TR-Calib, although it remains more time-consuming than Rand-Sliced-Calib due to the
additional surrogate modeling in the original parameter space to compute sensitivity indices.
However, this cost may be negligible compared with the cost of a simulation run using the
(moderately) expensive simulator employed in this study and in many applications. Also, the
additional computational effort is offset by the significant efficiency gained through strategic
dimensionality reduction. Further details can be found in the Supplementary Material (Jeong
and Byon (2026)).

We also introduce a new metric, termed the normalized importance-weighted mean
squared error (IMSE), which evaluates how well the proposed approach calibrates param-
eters while accounting for their relative importance, defined as

O — Ok \?
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kek! gLk
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FIG. 5. Trajectories of the lowest MSEs with different methods in the numerical study (Note: the band denotes
the +1 standard error).
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TABLE 4
Comparison of IMSEs (x100) for the estimated parameters from 20 experiments in the numerical study (Note:
The values inside parentheses are standard deviations, and the best results are highlighted in bold font)

IMSE (% 100)
Method Example I Example 11 Example I1I
Ex-Sliced-Calib 0.002 (0.003) 0.002 (0.002) 0.010 (0.012)
Rand-Sliced-Calib 2.657 (8.177) 0.003 (0.005) 0.012 (0.030)
Full-Calib 9.156 (12.814) 0.056 (0.089) 0.471 (0.715)
TR-Calib 11.821 (13.199) 0.054 (0.095) 0.369 (0.427)

where wy denotes the true 1mportance measure obtained from the Sobol’ indices, 6 the true
value of the kth parameter, and 6k its estimated value, for k € K/, Here range(6x) represents
the positive difference between the upper and lower bounds of the allowable range of 6.

Table 4 compares the IMSE values of the proposed method with those of alternative ap-
proaches. The results demonstrate the clear superiority of Ex-Sliced-Calib, as this metric
reflects not only the accuracy of parameter estimates but also their relative importance, inde-
pendent of loss function values. Since only Ex-Sliced-Calib incorporates importance quan-
tification of parameters during calibration, the IMSE metric provides a more informative
measure of calibration accuracy in parameter estimation.

5.3. Additional results. We examine the influence of various algorithmic parameters,
namely, d, p, and op, on the performance of Ex-Sliced-Calib. The Supplementary Mate-
rial (Jeong and Byon (2026)) presents detailed sensitivity analysis results, which serve as the
basis for setting guidelines for determining their values. Furthermore, to demonstrate how
we quantify the uncertainty of the estimated parameters, we provide their confidence inter-
vals and empirical coverage rates in the Supplementary Material (Jeong and Byon (2026)).

6. Case study: Building energy simulation. The performance of Ex-Sliced-Calib is
assessed using hourly electricity consumption data from a residential building in the Mueller
neighborhood area of Austin, Texas, in 2014. The building we analyze has a rectangular
shape, with dimensions of 14 x 9 m? on the first floor and 10 x 9 m? on the second floor.
This building reflects a common residential archetype in the Pecan Street dataset, which was
collected through extensive data collection efforts using high-resolution sensors. More details
about this dataset are provided in Section 2. The building’s size and configuration follow
standard DOE reference settings, ensuring consistency and comparability with other studies
in the energy modeling literature. We also select the year 2014 because its weather profile is
included in the Typical Meteorological Year 3 dataset, enabling reproducible experiments.

To simulate the building’s electricity demand, we use EnergyPlus 9.3.0 (U.S. Depart-
ment of Energy (2019)) as a BEM. We initialize the BEM with BEopt 2.8.0.0 (Christensen,
Horowitz and U.S. Department of Energy Office of Energy Efficiency and Renewable Energy
(2011)), which is an EnergyPlus-based software for evaluating building designs.

The meteorological station located near the building collects weather conditions. This in-
formation is then compiled into the EnergyPlus Weather File with a one-hour resolution. The
compiled weather information is considered an observable input for EnergyPlus. The Input
Data File, which contains adjustable calibration parameters, serves as another input data. The
parameters are related to heating, ventilation, cooling, lighting, plug loads, etc. A total of 30
parameters are employed in this study, and some of them are listed in Table 1. Utilizing the
two input files, we run simulations using EnergyPlus. A one-year simulation can typically be
executed in around two minutes on a standard desktop computer.
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TABLE 5
Comparison of training and test MSEs for different BO alternatives in the BEM
case study (Note: The values in parentheses denote standard deviations, and the
best results are shown in bold)

Method Training MSE [kWh?] Test MSE [kWh?]
Ex-Sliced-Calib 0.292 (0.002) 0.337 (0.004)
Rand-Sliced-Calib 0.298 (0.007) 0.344 (0.007)
Full-Calib 0.319 (0.010) 0.364 (0.014)
TR-Calib 0.312 (0.014) 0.354 (0.013)

6.1. Comparison with other BO alternatives. 'To assess the effectiveness of the proposed
method in comparison to other alternatives, we randomly divide the hourly actual and simu-
lated consumption data into a training set, which comprises approximately 70% of the entire
weeks in 2014, and a test set consisting of the remaining weeks. The experiment is replicated
10 times for each method, where each set comprises 60 initial design points. The maximum
number of EnergyPlus evaluations Ny, is fixed at 300. For both Ex-Sliced-Calib and Rand-
Sliced-Calib, we set the trial dimension as d = 10.

Table 5 summarizes the MSEs, and Figure 6 shows the MSE trajectories for each method
with 1 standard error bands. Ex-Sliced-Calib consistently outperforms all alternatives
across rounds. More specifically, as depicted in Figure 6(a), Ex-Sliced-Calib achieves a rapid
decrease in MSE during its initial iterations, demonstrating the effectiveness of its strategy
for prioritizing and selecting influential parameters more frequently. In contrast, Full-Calib,
which operates in the original parameter space, exhibits a slow and gradual reduction in MSE
across rounds. TR-Calib, while providing modestly better results than Full-Calib, still falls
short compared to Ex-Sliced-Calib, as it also proceeds in the original parameter space.

Notably, Ex-Sliced-Calib holds a significant advantage over other approaches, as it can
identify influential parameters and discern their importance. Figure 6(b) illustrates the trajec-
tories of the posterior means in parameter weight distributions. The posterior mean of 64’s
weight distribution surges above others, signifying its utmost influence. Additionally, 61, 6>,
and 03 show relatively larger posterior means of weight distributions than the remaining ones.
In the BEM case study, these parameters correspond to solar transmittance (01), lighting level
(62), gross rated cooling COP (64), and cooling supply air flow rate (63). This implies that this
small subset of parameters exerts a dominant influence on energy consumption. In contrast,
parameters, such as the radiant fraction (62;), exhibit only secondary or negligible effects
in this study. These results not only validate the effect sparsity assumption but also enhance

Ex-Sliced-Calib
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FIG. 6. (a) Trajectories of the lowest MSEs with different methods and (b) Trajectories of the posterior mean in
the weight distributions of Ex-Sliced-Calib in the BEM case study.
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model interpretability and enable a focus on the most important parameters, which is essential
for practitioners working with BEMs involving a large number of parameters.

The identified important parameters can provide valuable insights when the BEM is used
as a decision-making tool for building design and operations. In practice, energy auditors and
engineers often face the challenge of calibrating a large number of parameters for a specific
building’s BEM with observational data. Ex-Sliced-Calib addresses this challenge by concen-
trating computational resources on the most influential parameters, resulting in more efficient
calibration. This directly benefits tasks such as retrofit planning by prioritizing high-impact
upgrades (e.g., replacing low-efficiency chillers or improving glazing with low solar trans-
mittance), designing demand response strategies by adjusting cooling supply air flow rates
during peak demand hours, and informing carbon reduction policies by identifying building
parameter changes that maximize CO; reduction per dollar invested for compliance with lo-
cal energy codes and climate action plans (Pallonetto et al. (2020), Dalla Valle et al. (2025)).
Moreover, Ex-Sliced-Calib’s demonstrated performance for EnergyPlus suggests its adapt-
ability to other complex simulators such as TRNSYS (Klein et al. (2017)), Modelica (Mod-
elica Association (2023)), and grid-level energy dispatch models.

Finally, recall model misspecification occurs when cooling supply air flow rate, one of the
important parameters, is set close to its boundary value, as shown in Figure 1(a). Additionally,
fan total efficiency (012) turns out to be less important, yet also leads to model misspecification
on its boundary values (see Figure 1(b)). This implies that model misspecification should be
avoided regardless of parameter importance. Our slicing approach mitigates this issue by
effectively balancing exploration and exploitation in the reduced-dimensional space.

6.2. Comparison with other calibration approaches. We further consider two well-
regarded calibration methods: Ly calibration (Tuo and Wu (2015)) and Bayesian calibra-
tion (Kennedy and O’Hagan (2001)). For L, calibration, given the considerable time it takes
to process hourly data, we utilize data aggregated on daily and weekly bases. For Bayesian
calibration, due to its intensive computational demands, we use only weekly aggregated data.
We experiment with two prior specifications for parameters: uniform and Gaussian. For the
Gaussian priors, we set the means to the default values in the BEM with a standard de-
viation of 0.2. To explore posteriors, the No-U-Turn Sampler is employed, a Hamiltonian
Monte Carlo-based sampling technique effective in extracting high-dimensional posterior
samples (Chong and Menberg (2018)). MCMC is configured to run 2,000 iterations with
four chains. The first half of the samples serves as burn-in, while the second half is used for
exploring the posteriors.

Table 6 summarizes the results. For comparison, we calculate metrics using the hourly data
for all methods. Clearly, the MSEs from Ex-Sliced-Calib are significantly smaller than those
of L, and Bayesian calibration. One key reason is the data resolution used for calibration.
Another reason is that L, and Bayesian calibration depend solely on predesigned points to
construct their surrogates, while Ex-Sliced-Calib adaptively chooses the next design point.
Also, the role of the surrogate model differs among the techniques. The surrogate in Ex-
Sliced-Calib directly approximates the MSE of the model output, whereas the surrogates in
L» and Bayesian calibration are used to emulate the BEM responses or the physical process.

Even with the conceptual distinction between sequential and nonsequential design, its im-
portance is particularly critical for the calibration problem in this work due to the high di-
mensionality and computational cost of the underlying simulation models. Non-sequential
(one-shot) methods, such as L, or Bayesian calibration, must commit their simulation budget
upfront, without feedback from intermediate results. As a consequence, a substantial fraction
of simulations may be allocated to regions of the parameter space that are weakly informative
or irrelevant for calibration accuracy, leading to poor scalability as the dimension increases.
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TABLE 6
Comparison of the training and test MSEs for different calibration approaches in the BEM case study (Note: the
values in parentheses denote standard deviations, and the best results are shown in bold)

Method (Prior) Training data resolution Training MSE [kth] Test MSE [kth]
Ex-Sliced-Calib hourly 0.292 (0.002) 0.337 (0.004)
L calibration weekly 1.482 (3.498) 1.650 (3.822)
L, calibration daily 0.465 (0.162) 0.500 (0.148)
Bayesian calibration (uniform) weekly 0.365 (0.012) 0.404 (0.017)
Bayesian calibration (Gaussian) weekly 0.373 (0.015) 0.402 (0.012)

In contrast, Ex-Sliced-Calib employs sequential design as a necessity rather than a conve-
nience: intermediate calibration results are actively used to identify influential parameters and
progressively reduce the effective dimension of the problem. By slicing the original parame-
ter space according to estimated parameter importance, it focuses new simulation queries on
lower-dimensional, informative subspaces. This adaptive allocation of computational effort
is essential for making the calibration problem tractable under realistic simulation budgets.
Moreover, designing query points within these importance-driven slices mitigates practical
issues, such as excessive sampling near the boundaries of the parameter space, which can
exacerbate model misspecification and degrade calibration performance (see Figure 1).

Lastly, we note that the practical importance of computational efficiency arises not from a
single calibration instance but from the scale and decision context in which BEM calibration
is deployed. Although the numerical experiments in this study focus on a single building
due to limited data availability, the motivating application is large-scale BEM deployment
across many buildings. For example, the Pecan Street Project alone includes approximately
300 buildings (Rowan (2022)), and each building requires its own calibrated model due to
heterogeneous building types and uncertainty scenarios. Even conservative savings of a few
hours per building translate into several weeks of wall-clock time saved across a community-
scale deployment. At the scale of the broader Mueller development, planned to serve roughly
6,900 residents (Mueller Foundation (2023)), this reduction accumulates to many months of
computational time. At this scale, computational efficiency becomes a binding constraint on
whether large-scale calibration is feasible at all, rather than merely convenient.

Moreover, shorter calibration cycles support more efficient downstream decision-making,
such as retrofitting, planning, or deploying demand response programs. When calibration is
computationally burdensome, it restricts the ability to explore alternative policies or conduct
meaningful what-if analyses. If calibration costs dominate the decision process, the benefits
of calibration could diminish, potentially yielding limited or even negligible practical gains.

7. Conclusion. This study devises a new importance-driven calibration methodology de-
signed for cases where a subset of parameters are influential and their levels of importance
differ. The proposed method reduces the dimensionality with parameter selection for effec-
tive exploration by leveraging imbalanced effects among parameters. This selection is guided
by the weight distributions, which also explain the parameter importance. These weight dis-
tributions, therefore, serve a dual purpose: they direct the calibration focus toward parameters
of greater significance while also providing a quantitative measure of parameter importance.

In the future we will extend our methodology to incomplete computer models with model
bias (Jeong and Byon (2024)) and to functional calibration (Ezzat, Pourhabib and Ding
(2018)). We will also develop collaborative and federated learning approaches for calibrating
parameters across multiple systems (Kontar et al. (2021), Jeong, Yue and Chung (2026)).
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8. Significance statement. Physics-based computer models often require the specifica-
tion of key parameters, and estimating these values from real-world data is critical in many
scientific and engineering domains. As the number of parameters grows, existing calibra-
tion methods often become unreliable and computationally expensive. This study proposes
an importance-driven calibration approach that identifies and prioritizes parameters with the
greatest influence on simulation outputs. By concentrating computational effort on influen-
tial parameters, the proposed method enhances calibration efficiency, robustness, and inter-
pretability, making it more scalable and accessible. A case study on building energy simula-
tion demonstrates the potential of the approach to support operational decision-making, such
as prioritizing retrofitting investments and designing effective demand response programs.

Funding. This work was supported in part by the U.S. National Science Foundation
under Grant No. CMMI-2226348.

SUPPLEMENTARY MATERIAL

Supplement (DOI: 10.1214/26-A0AS2148SUPPA; .pdf). Proofs and additional numerical
results (Jeong and Byon (2026)).

Code (DOI: 10.1214/26-AOAS2148SUPPB; .zip). R codes for numerical examples are
available at https://github.com/UM-RAISE.
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SUPPLEMENTARY MATERIAL: EXPLAINABLE PARAMETER
CALIBRATION VIA IMPORTANCE-DRIVEN SEQUENTIAL DESIGN WITH
AN APPLICATION TO BUILDING ENERGY SYSTEMS

By CHEOLJOON JEONG AND EUNSHIN BYON

A. Proof of Theorem 4.1. This section provides the proof of Theorem 4.1. To facilitate
the regret bound analysis, we introduce a simplified version of the Ex-Sliced-Calib algorithm,
as summarized in Algorithm 1. Unlike the original algorithm that dynamically learns param-
eter importance, Algorithm 1 assumes the knowledge of influential parameters a priori. This
simplification makes it tractable to derive a regret bound and provides theoretical insight into
the impact of effect sparsity and imbalance on the performance of the BO procedure.

Algorithm 1 Simplified Ex-Sliced-Calib
1: Input: No =0, (i.e., Dy, = @), Nmax (> No), 001, dr, K7, and KN
2: forn=1,...,N do
3:  Build the GP surrogate f(6!) with samples Dl ..
4:  Design the major parameters 07Il by utilizing
0L, =argmin u((07,00'7)[Dr_1) — v/Buo (67,60 |Dn—1),
olco!
where 1((07, 0(]]\”)|Dn_1) and J((GI,OéVI)\Dn_l) are the mean and standard deviation of
the GP at 01, respectively.
5. Design the minor parameters 8/ = 0(])V I
6:  Set the new query design 6,, by combining 8. and 82/, ie., 6,, = (01, 6N 7).
7 Evaluate f at 8y, and set Dy, = Dy,—1 U (0, £(0y)).
8: end for
9: Output: (6, f(0)) = (Omin; f(Omin))-

We begin by defining the axis-aligned sparse loss function f(-) and make some assump-
tions.

DEFINITION A.l (Axis-aligned sparse function). Let © := [0,1]". A function f : © —
R is an axis-aligned sparse function if there exists 01 € @' =[0,1]% and N1 ¢ ON! =
[0, 1]~ with 0 < d; < D such that f(0) ~ f(0',0N) for any ONT (here, 6 := (87,0N7)
is expressed without an order of elements and “~” indicates that @1 have little affect f).

ASSUMPTION A.1. Suppose that (Al) the number of entire dimensions D is finite and
known, (A2) the computer model is deterministic so the same outputs are obtained with the
same inputs; (A3) f is calculated without noise; (A4) f is an axis-aligned sparse function;
(AS) f is bounded over O, i.e., there exists B € Ry suchthat |f(0)| < B forall 8 € ©; (A6)
©® is compact and convex; (A7) at least one minimizer 0* lies in a continuous region with
positive measure; (A8) a kernel function is smooth.

In Assumption A.1, Al typically holds because we have the information about calibra-
tion parameters through the description of a simulator. A2 is satisfied with the deterministic

1
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computer model such as the BEM considered in our case study. Also, field observations are
usually given so we consider that the loss function f is not subject to noise, satisfying A3.
A4 holds for the problem structure considered in this study. A5 to A7 are generally satisfied.
A8 holds with squared exponential and Martérn kernels that are popularly used in BO.

To reflect the effect sparsity and effect imbalance, we establish the following assumption
that the absolute values of partial derivatives of f(-) on each D — dj parameter in KN/ are
much smaller than those on parameters in ! and that their degrees of influence are different.

ASSUMPTION A.2. Suppose that Assumption A.l1 holds. Let f(0) be a sample path
drawn from a GP with mean zero, which satisfies the following probability bounds on each
partial derivative of f(0) with respect to 0y, for k=1, ..., D with some constants b,c > 0 as

follows.
I \2
(A.1) P (sup 01(6) > L) <c-exp|— <> , Vke Kt
0cO® 89k Ckkb
2
(A2) P (sup 91(6) > L) <c-exp|— (L> , Vke kN,
oco| 00k pib

for some L >0, where 0 < {p : Vk € KN} < {oy : VE € KT} < 1.

The inequalities in (A.1) and (A.2) represent the key simplifications that distinguish the
simplified Ex-Sliced-Calib from its original procedure. Here, o, and pj, exhibit the extent
to which 6, affects f among the influential and non-influential parameters, respectively. As
ap — 1, 0 becomes more influential, whereas 6, becomes less influential as p; — 0. Using
Assumptions A.1-A.2, we derive the regret bound.

First, Lemma A.1 below analyzes the bound of the instantaneous regret r, = f(0)— f(6*).
Hereafter, the parameter domain @ is considered as @ := [0, 1]”. The result in Lemma A.1

implies that f is Lipschitz continuous with L = by/log(2Dc/§).

LEMMA A.1. Suppose that Assumption A.2 holds. For all 6, 0 € O,
(A3) £(6) = F(O)] < amax[|0" = 6 [1 + punax L]0~ — 6™y
holds with probability > 1 — §/2, where § = 2Dc - exp(—(L/b)?) for the constants b and

c that satisfy (A.1) and (A.2), with L = by/log(2Dc/6), amax = max{ay : Vk € K}, and
Pmax = max{pg : Vk € KN

Proof. From Assumption A.2, we can rewrite (A.1) and (A.2) by substituting L with oy L
and pg L, respectively, as follows.

2
(A4) P <sup ‘8f(0) > osz> <c-exp|— <L> . VkeK!,
oco | 00y b
I\ 2
(AS5) P <Sup ‘6 ) > pkL> <c-exp|— () , Ve kM,
oco| 00 b

for some constants b,c > 0 and 0 < {py : Vk € KN} < {ay, : Vk € KT} < 1. Applying the
union bound to all D events in (A.4) and (A.5), we have
(A.6)
I\ 2
()]

0 0
P( U <Sup 97(9) >akL> U <sup 97(9) >pkL>) < Dc-exp
vkek: \9€@ vkeknt \0€O

( 1A
39k 8019
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P m (Sllp 8500) SakL> ﬂ (sup 8£§0) <pkL)> >1— Dc-exp [— <€
vkekc: \0€@ k vkein: \0€O k

Therefore, we have

or equivalently,
(A.7)

(A.8) sup 01(9) <aiL, Vke K! and sup 01(6) < ppL, Vk e KNI,
oco| 00y oco| 00
which lead to
(A.9) 91(6) < oL, Vke K and 91(9) < ppL, Vk € KN,
90 90y,

for all @ with probability > 1 — Dc - exp(—(L/b)?).
On the other hand, by the mean value theorem, the following equalities hold with 6. =
(1 —¢)0 + €0 for some ¢ € [0, 1].

£(8) — f(6)=V£(6.)"(6—6)

Z[ T } 0, —01), V0,0 € O.

Taking absolute values on both sides in (A.10), we have

(A.10)

_ D rafe. -
70) - 16) = > [ o )} (0 —em‘
k=1
NETICA ;
(A11) S; 90, ~ 0l
< Z o L|0y, — 01| + Z piL|0); — Oy
vkekKI VkelCNI

< Omax ][0T — 0|1 + pmax L||ONT — 6N||1, V0,0 € O,

with probability > 1 — Dc - exp(—(L/b)?). The third inequality holds due to the fact that the
absolute value of partial derivative of f is bounded above for all 8 due to (A.9). O

Consider the discretized subsets of parameter domain, @,, C @, of size |@,,| < co, with
Omaxén evenly spaced points for some &, in the kth dimension for all k € K! and pmaxén
evenly spaced points in the kth dimension for all £ € KN1. Let 0}, denote the closest point
to 8 in @, in terms of the L distance. From Lemma A.1, we have
(A.12)

2D 2D
16) = £(00)] < sty 1 (25167 6,1 + oty o (23 ) 1677 — 6331,

2D 2Dc\ D —
< maxb IOg <C> C> dr

1) 4] pmaxgn
— by log <2? C)

+ Pmaxby [log <
Oémaxgn

D
—, VO €O,
&n

)}
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with probability > 1 — 6/2 for any positive integer n. The second inequality holds because
the distance between 6, and 0j,,) . is less than 1 /(max€n) forall k € KT and 1/(pmaxéy) for
all k € KN,

If we set &, = Dn?b/log (2Dc/d) in (A.12), we obtain

(A13) \f(é))—f(é)[n})yg%, VO E®, V> 1,

with probability > 1 — §/2.
Additionally, the size of @,, denoted by |@,,] is as follows.

|@n| = (Oémaxén)dl (pmaxgn + 1)Didl

D dr D D—d
2 2
= [amaanQb log <6C>] [pmaanQb log ((SC> +1

with probability > 1 — ¢ /2. The reason we have “+1” in the second element in (A.14) is that
we also have the fixed point 0(1)\/ T for the minor parameter design.

(A.14)

9

Meanwhile, let us consider the GP-LCB algorithm with a noise-free setting in Algorithm 2
to connect the simplified Ex-Sliced-Calib with the GP-LCB framework, where LCB and
UCB stand for lower and upper confidence bounds, respectively. GP-LCB is the minimization
version of GP-UCB, which is BO with the UCB acquisition function (Srinivas et al., 2010).
Here, GP-LCB is used without any noise for f(-) because we aim to minimize the empirical

loss f(+).

Algorithm 2 GP-LCB

1: Input: Ng =0, Npax, and LCB acquisition function.

2: 'ZA)NO =gJ.

3: forn=1,...,N do
Build the GP surrogate f(-) with samples D,,_1.
Design the parameters by 6,, = arg mingc@ 1(0|Dn_1) — v/ Bnd(0|Dy_1).
Evaluate f at 8,, and set D, = D,,_1 U (0., £(01))

end for

: Output: (0, £(0)) = (Bumin, f(Omin))-

AN A

Note that the simplified Ex-Sliced-Calib (Algorithm 1) and GP-LCB (Algorithm 2) design
different query points at each round by constructing the different GPs with different predictive
distributions. Algorithm 1 applies BO to the major parameters only, whereas Algorithm 2
operates on the entire parameter space. In the subsequent proof, we will use hat notations for
the elements obtained from GP-LCB. To be concise, we will exclude the dataset symbol D,,
and D,, from u(-|D,,), ii(-|Dr), o(-|Dy), and 6(:|Dy,), by representing i, (+), fin(:), on(),
and &,,(+), respectively, if no confusion arises.

Now, we present some useful lemmas to proceed further with deriving the regret bound.

LEMMA A.2 (Lemma 5.6 in Srinivas et al. (2010)). Consider the subsets of parame-
ter domain, @,, C O, of size |@,| < cc. Pick 6 € (0,1) and set 3, = 21og(|O,|wy/0) in
Algorithm 2, where an1 w,, b =1 and w, > 0. Then we have

(A.15) 1£(0) = fin-1(8)] < \/Bubn_1(8), VO €O, ¥ > 1,
with probability > 1 — 0.
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The result in Lemma A.2 can be applied to the simplified Ex-Sliced-Calib to obtain
(A16) |f(0) - Nn—l(a)’ < /Bnan—l(e)a Vo € @’m vn > 17

with probability > 1 — 6.
Using the size of the discretized @,, in (A.14), 3,, in (A.16) can be represented by
(A.17)

By = 2log <‘@"5|w”>

2D
—2log( 5 ) + 2djlog [amaan b log< 56)]

2D
+2(D —dp)log [pmaxpn% log < - C> +1

Recall that 6y, is the closest point to 6 in ©),, in terms of the L; distance. Then we have
1 £(8) — tn—1(0p))| = | £(8) — f(Op)) + f(O)) — ptn—1(0p))]
(A.18) <|1f(6) = f (O] + | f(6) — pn—1(6))]
Brnon-1(0,)), Y0 €O, Vn>1,

with probability > 1 — §, where the last inequality uses (A.13) and (A.16).
Likewise, with the same (3,,, we have

. 1 R
(A.19) £ (0) = fin—-1(0))| < —5 + V/Bn6n-1(0)), VO €O, Vn 21,
with probability > 1 — §, where the inequality uses (A.13) and (A.15).

Let 6, = (éI 0(1)\/ Ty be the point where the portion for k € K is from 6, generated by
Algorithm 2 and the portion for k € K™ is fixed at some 6)Y!. Using Lemma A.1 with

0=20, and 6 = On, we have
£(6,) —

2Dc - 2Dc A
< s og( 20101~ 811 + ot 105 (22 ) 0~ 81

(A.20) <

= pmaxby [log >Ht9NI 0N,

2Dc
Spmaxb 10g< 5 >(D_d1)7

with probability > 1 — §, where the last inequality holds due to @ := [0, 1]P.
Let 0,, |, denote the closest point in 0,, in 0,, with the fixed minor parameter at 0(1)\/ I Thus,

we have On’[n] = (enweo ) for some Gn,[n]' In Algorithm 1, since 6! is the minimizer of

LCB with fixed D — dj parameters as Oév I we have

(A.21) tin—1(0n ) =V Bnon-1(05,1n)) = tin-1(0n) — v/ Bnon-1(6,).



Similarly, in Algorithm 2, let 9[‘;4 denote the closest point to a true minimizer 8* in ®,, in

the GP-LCB algorithm. Then we have
(A22) ﬂn—l (OE;L}) - /Bn&n—l (OE;L]) > /:Ln—l (én) - /Bna'n—l (én)a

because 6, is the minimizer of LCB at the nth round, representing the minimum value of
LCB in the right hand side.

We introduce another lemma from Srinivas et al. (2010) and the corresponding result for
Algorithm 1 to proceed further.

LEMMA A.3 (Lemma 5.5 in Srinivas et al. (2010)). Let {én} be a sequence of points
generated by Algorithm 2. Pick § € (0,1) and set 3, = 2log(wy/3), where > o w1 =1
and wy,, > 0. Then we have B

(A.23) 1£(00) = fin—1(0,)] </ Bubn_1(6,), Yn>1,
with probability > 1 — 0.

Extending this result, let {6,,} denote a sequence of points generated by Algorithm 1.
Then we have

(A.24) ’f(en) - Un—l(en)‘ < Bnan—l(en)7 Vn >1,

with probability > 1 — 6.
On the other hand, by substituting § with §/4 in (A.17) and setting w,, = 72n?/6, we have

(A.25)
Bn =2log < amaXDnQb log (8:@)]

272n?

> + 2dylog

8D
+2(D —dp)log [pmaXDnzb log <50> 1

Now, we can derive the upper bound for the instantaneous regret r,,, i.e., r, = f(0,,) —
f(6%) = f(6%,00") — £(6*) for the simplified Ex-Sliced-Calib in Algorithm 1.
(A.26)
= f(0n) — f(67)
1

< f(en) - ﬂnfl(eikn]) + Bna'nfl(gfzﬂ) + ﬁ

< f(6,) — ﬂn—l(én) + Bn&n—l(én) + %

A~

= iin 1(6) + VBu5u 1(02) + 1(8) 1 (B) + F(8.) ~F(8) + F(B) + 5

~~

(a) (d) (c)

with probability > 1 — §, where the first inequality is due to (A.19) and the second inequality
is due to (A.22). Let us break down the last expression into three terms (a), (b), and (¢). Then
we have the following.

(A.27) (@) := —fin—1(0n) + V/Bubu-1(00) + F(01) < 2¢/Bndn-1(0y),
where the inequality is satisfied because of (A.23).

(A28) (1) := —F(8) + F(B0) < praasdy [log (8@7) (D—dy).



EXPLAINABLE PARAMETER CALIBRATION VIA IMPORTANCE-DRIVEN DESIGN 7

where the inequality is satisfied because of (A.20).

(C) = —f(gn) + f(en) + % < _Mn—l(én,[n]) + v/ Brnon— 1( ) + f( )

(A.29) < _,Unfl(an) + 6710'1171(011) + f(en) + 3

2
6710'71—1(011) + ﬁv

where the first, second, and last inequalities are satisfied because of (A.18), (A.21), and
(A.24), respectively.

Hence, (A.26) can be upper bounded by combining the inequalities (A.27), (A.28), and
(A.29) as follows.

A 8D 2
(A30) Ty <2 ﬁn&nfl(en) + Pmaxb log ( S C) (D - d[) +2 ﬁngnfl(en) + ﬁa

By taking the summation from 1 to /V on both sides in (A.30), we have
(A3 1)

RN:ZTn—Z )]
N . N N 9 N 8Dc
= ZQ\/ Bn6n—1(9n) -+ 22\/5n0n—1(0n) + Z ﬁ + meaxb log ( 5 ) (D — d[)
n=1 n=1 n=1 n=1

2 8D
<2y CiNBNYN + % + Pmaxby [ log <66> N(D —dy),

with probability > 1 — &, where the two terms 25:1 2v/Bnbn_1 (én) and 25:1 2v/Brnon—1(6y)
are upper bounded by /C;NBn7vyn using Lemma 5.4 in Srinivas et al. (2010) and the
Cauchy-Schwarz inequality with C1 = 8/log (1 + 52), where &2 is the nugget when we
fit GP for {0, f(0)}gca and f(8) = f(0) + e with e ~ N'(0,52). Here, ~yy is the maximum
information gain with a finite set of NV sampling points, that is,

1
A32 - 2 <dtI 52K )
(A.32) W= ax 5loe et(I +6°Ka)

A similar approach that provides the bounds on the cumulative regret under the noise-free
setting in BO can be found in Lyu, Yuan and Tsang (2019).
Finally, from (A.31), we have the averaged regret as

(A33) == <2\/01/3N”N +—+pmax by/log (?)(D—dz),

with probability > 1 — U

B. Estimation of the Fisher Information Matrix. Let us consider the log-likelihood
function from a single observation with real-valued y(-) and 7(-) as follows.

1 1 1
(A34)  0(0'ly(x),0M) = S log2r — Slogo® — 5 (y(x) —n(x;0",67))”.
g
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Consider the expected Fisher information matrix Z(6/) expressed as

aelwﬂy(x),wf)] {ameﬂy(x),f)f“)r
(67 a(67)

(A.35) 7(6)=E [

07=6].

Then this expected Fisher information matrix can be approximated by the following observed
Fisher information matrix.

1 N [00(0"y(x:),0N) ] [961 (6! [y(xi),08) T
(A.36) I(al{dL)NM;[ : 8(01) }[ : 0(01) } o1—dy,

Since the first-order partial derivative of 7(x;;87,0N7) is not available, we obtain them

from the numerical approximation using central finite-differencing (Abramowitz and Stegun,
1972).

O (0" |y(x),8N")  901(8" + hey|y(x), 8NT) — 901(8" — hey|y(x),6M7)
90y, ~ 2h ’
for all k € K!, where h > 0 denotes a small perturbation (e.g., 107%), and e, is the kth

standard basis vector in R%, i.e., a column vector of length d; with a one in the kth position
and zeros elsewhere.

(A.37)

C. Sensitivity Analysis and Guideline for Choosing Algorithmic Parameters. We
examine the influence of various algorithmic parameters, namely, d, p, and o, on the perfor-
mance of Ex-Sliced-Calib.

Cl. Effect of d: Table 1 and Figure 1 show the results with different d values. Ex-Sliced-
Calib generally exhibits improved performance in terms of calibration accuracy (i.e., smaller
MSEs) and stability (i.e., smaller standard deviations) when the trial dimension d is suffi-
ciently small. We believe that reducing the trial dimension contributes to improved calibration
by curtailing excessive exploration, which can be particularly prevalent in high-dimensional
spaces. Simultaneously, it enables the calibration process to concentrate on those parameters
that are truly significant, thereby enhancing the efficiency and effectiveness of the search.
Based on these results, for D = 20 ~ 30, d = [D/3]-[D/2] that covers 33% to 50% of the
entire parameters appears to be a reasonable choice for Ex-Sliced-Calib.

. S 30 020 | 920
150 S5 S d=25 i <. d=25
. d=30 iy d=30 L d=30
: A 0.15/ &
B0 byl | g
2100 | =22 \ p= i
dg,-; : -an-; -gO.'IO “L
m : s m - ..., o T .
50| | R : — i 1 i
R LU i 0.05| | Cim AL i

0L, H 0.00L .
150 200 250 300 350 400 450 500 150 200 250 300 350 400 450 500 150 200 250 300 350 400 450 500
Number of evaluations Number of evaluations Number of evaluations

(a) Example 1. (b) Example II. (c) Example III.

Fig 1: Trajectories of the lowest MSEs with different trial dimensions d in the numerical
study (Note: the band denotes the 41 standard error).



EXPLAINABLE PARAMETER CALIBRATION VIA IMPORTANCE-DRIVEN DESIGN

Sensitivity analysis with respect to d in Ex-Sliced-Calib in the numerical study (Note: the values inside

TABLE 1

parentheses are standard deviations).

Calibrated Parameter Values
Example | d Test MSE f 01 0o 03
I 10 4.976 (7.405) 420.797 (5.542) 420.740 (3.284) —
20 | 33.726(49.748) | 388.135(163.180) 383.377 (161.011) —
25 | 44.887(52.024) | 386.275(161.882) 380.205 (160.768) —
30 | 92.890(69.778) | 278.484 (292.822) 311.888 (266.535) —
True parameter values 420.969 420.969 -
11 10 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) —
20 0.475 (0.522) 0.023 (0.061) -0.022 (0.084) —
25 1.082 (0.645) 0.028 (0.114) -0.059 (0.240) -
30 1.807 (1.136) 0.018 (0.219) 0.060 (0.431) —
True parameter values 0 0 —
I 10 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
20 0.018 (0.015) 0.132 (0.070) 0.557 (0.015) 0.854 (0.009)
25 0.048 (0.032) 0.196 (0.116) 0.559 (0.020) 0.850 (0.015)
30 0.072 (0.050) 0.251 (0.191) 0.558 (0.023) 0.849 (0.016)
True parameter values 0.115 0.556 0.853

C2. Effect of p: Table 2 and Figure 2 indicate that overall, assigning a positive probability
to p in (8) can lead to enhanced performance in calibration accuracy in many cases. Based on
the results, we suggest setting p between 0.05 and 0.1 in Ex-Sliced-Calib. This range strikes
a practical balance between the advantage of increased space-filling and the need to preserve

a focused search on the regions of greatest impact.

Sensitivity analysis with respect to p in Ex-Sliced-Calib in the numerical study (Note: the values inside

TABLE 2

parentheses are standard deviations, and the best results are highlighted in bold font).

Calibrated Parameter Values
Example D Test MSE f 01 0o 03
I 0 9.263 (25.325) 421.422 (4.181)  419.121 (7.687) —
0.05 4.976 (7.405) 420.797 (5.542)  420.740 (3.284) —
0.25 | 23.456 (39.065) | 423.643 (12.176)  421.324 (6.670) -
0.5 | 24.505 (26.044) | 418.977 (10.904) 417.803 (8.656) —
True parameter values 420.969 420.969 -
I 0 0.525 (0.605) 0.010 (0.088) -0.003 (0.082) —
0.05 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) —
0.25 0.631 (0.457) -0.009 (0.105) -0.003 (0.068) -
0.5 0.820 (0.633) 0.048 (0.103) 0.030 (0.104) —
True parameter values 0 0 —
m 0 0.006 (0.007) 0.120 (0.023) 0.556 (0.008) 0.853 (0.006)
0.05 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
0.25 0.011 (0.019) 0.129 (0.030) 0.558 (0.007) 0.856 (0.009)
0.5 0.016 (0.021) 0.114 (0.050) 0.557 (0.011) 0.849 (0.010)
True parameter values 0.115 0.556 0.853

C2. Effect of 0¢: The standard deviation o in the weight distribution for each parameter
dictates the extent of exploration. With large (resp., small) o, the weights of the parame-
ters are drawn from a wider (resp., narrower) distribution around their respective posterior
means, encouraging a higher degree of exploration. Based on our observations in Table 3
and Figure 3, the calibration process tends to exhibit good performance when setting o to
approximately 0.5 to 0.6.
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Fig 2: Trajectories of the lowest MSEs with different probabilities p in the numerical study
(Note: the band denotes the +1 standard error).

TABLE 3
Sensitivity analysis with respect to o in Ex-Sliced-Calib in the numerical study (Note: the values inside
parentheses are standard deviations, and the best results are highlighted in bold font).

Calibrated Parameter Values
Example | o Test MSE f 01 0o 03
I 0.4 | 14.407 (26.552) | 420.604 (6.048) 382.790 (162.098) -
0.5 4.976 (7.405) 420.797 (5.542) 420.740 (3.284) -
0.6 | 13.754 (22.579) | 420.503 (8.271) 419.592 (6.803) -
True parameter values 420.969 420.969 -
II 0.4 0.565 (0.627) -0.048 (0.227) 0.010 (0.068) -
0.5 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) —
0.6 0.528 (0.550) -0.015 (0.097) -0.023 (0.062) -
True parameter values 0 0 -
I 0.4 0.009 (0.010) 0.122 (0.027) 0.551 (0.008) 0.852 (0.007)
0.5 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
0.6 0.012 (0.012) 0.118 (0.016) 0.557 (0.015) 0.851 (0.006)
True parameter values 0.115 0.556 0.853
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Fig 3: Trajectories of the lowest MSEs with different o in the simulation study (Note: the
band denotes the 41 standard error).

D. Comparison of Sensitivity Indices. To check if Ex-Sliced-Calib captures the true
influence correctly, we calculate total sensitivity indices without constructing a GP surrogate
model using Monte Carlo methods (Saltelli, 2002) for all examples in the numerical study. We
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treat these Sobol’ indices as “true importance” of each parameter and compare the posterior
mean obtained by Ex-Sliced-Calib at the maximum budget of Nyx.

Table 4 reports the true and estimated values of importance measures of all parameters. We
note that Ex-Sliced-Calib captures the true degree of sensitivity for all influential parameters;
In Examples I and II, 6 and 0, are influential parameters, in Example III, 6> and 03 are the
most important parameters, followed by 6;. For the non-influential parameters in Examples I
and II, the posterior means are larger than zeros. However, the posterior means of unimportant
parameters are still significantly lower than those of influential parameters, indicating that
Ex-Sliced-Calib can discern influential parameters with non-influential ones.

TABLE 4
Comparison of the final posterior means of each weight distribution from Ex-Sliced-Calib and the “true”
importance measures via Sobol’ indices (Note: the values inside parentheses are standard deviations, and the
bold numbers indicate the posterior means of the influential parameters).

Example I Example II Example II1
Parameter | Ex-Sliced-Calib Sobol Ex-Sliced-Calib Sobol Ex-Sliced-Calib Sobol
01 0.54 (0.08) 0.50 (0.03) 0.48 (0.05) 0.54 (0.04) 0.05 (0.03) 0.08 (0.01)
09 0.50 (0.05) 0.51 (0.04) 0.50 (0.10) 0.54 (0.04) 0.44 (0.03) 0.45 (0.03)
03 0.38 (0.08) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.86 (0.04) 0.84 (0.04)
04 0.38 (0.08) 0.00 (0.00) 0.31 (0.12) 0.00 (0.00) 0.04 (0.02) 0.00 (0.00)
05 0.38 (0.09) 0.00 (0.00) 0.31(0.14) 0.00 (0.00) 0.03 (0.04) 0.00 (0.00)
Og 0.37 (0.08) 0.00 (0.00) 0.29 (0.12) 0.00 (0.00) 0.02 (0.02) 0.00 (0.00)
0~ 0.37 (0.08) 0.00 (0.00) 0.30 (0.11) 0.00 (0.00) 0.03 (0.02) 0.00 (0.00)
03 0.38 (0.09) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.02 (0.03) 0.00 (0.00)
() 0.38 (0.08) 0.00 (0.00) 0.30(0.11) 0.00 (0.00) 0.03 (0.03) 0.00 (0.00)
010 0.39 (0.09) 0.00 (0.00) 0.29 (0.12) 0.00 (0.00) 0.04 (0.02) 0.00 (0.00)
011 0.38 (0.08) 0.00 (0.00) 0.30(0.12) 0.00 (0.00) 0.02 (0.03) 0.00 (0.00)
012 0.38 (0.08) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.02 (0.02) 0.00 (0.00)
013 0.38 (0.09) 0.00 (0.00) 0.30 (0.12) 0.00 (0.00) 0.02 (0.03) 0.00 (0.00)
014 0.39 (0.08) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.03 (0.02) 0.00 (0.00)
015 0.38 (0.09) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.03 (0.04) 0.00 (0.00)
016 0.38 (0.10) 0.00 (0.00) 0.30 (0.11) 0.00 (0.00) 0.02 (0.03) 0.00 (0.00)
017 0.38 (0.08) 0.00 (0.00) 0.31(0.11) 0.00 (0.00) 0.03 (0.03) 0.00 (0.00)
013 0.39 (0.09) 0.00 (0.00) 0.30 (0.13) 0.00 (0.00) 0.02 (0.02) 0.00 (0.00)
019 0.38 (0.10) 0.00 (0.00) 0.31 (0.11) 0.00 (0.00) 0.03 (0.02) 0.00 (0.00)
020 0.37 (0.09) 0.00 (0.00) 0.31(0.11) 0.00 (0.00) 0.04 (0.03) 0.00 (0.00)
021 0.38 (0.09) 0.00 (0.00) 0.30 (0.13) 0.00 (0.00) 0.03 (0.03) 0.00 (0.00)
029 0.38 (0.09) 0.00 (0.00) 0.30 (0.11) 0.00 (0.00) 0.03 (0.03) 0.00 (0.00)
023 0.39 (0.08) 0.00 (0.00) 0.30(0.11) 0.00 (0.00) 0.03 (0.04) 0.00 (0.00)
024 0.38 (0.08) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.02 (0.03) 0.00 (0.00)
Oo5 0.39 (0.10) 0.00 (0.00) 0.32 (0.13) 0.00 (0.00) 0.04 (0.03) 0.00 (0.00)
026 0.38 (0.08) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.03 (0.03) 0.00 (0.00)
07 0.37 (0.08) 0.00 (0.00) 0.31(0.12) 0.00 (0.00) 0.02 (0.03) 0.00 (0.00)
028 0.38 (0.08) 0.00 (0.00) 0.31(0.10) 0.00 (0.00) 0.03 (0.03) 0.00 (0.00)
029 0.37 (0.08) 0.00 (0.00) 0.30(0.11) 0.00 (0.00) 0.02 (0.02) 0.00 (0.00)
030 0.38 (0.09) 0.00 (0.00) 0.30(0.11) 0.00 (0.00) 0.03 (0.03) 0.00 (0.00)

E. Comparison of Computational Time. Overall, Ex-Sliced-Calib achieves notable
computational savings relative to Full-Calib and TR-Calib through dimensionality reduc-
tion, though it requires more time than Rand-Sliced-Calib. This is because Ex-Sliced-Calib,
introduces an additional step of constructing a surrogate model in the full parameter space to
compute the sensitivity indices via the FAST method. While this step does add some compu-
tational overhead, we emphasize the following aspects of Ex-Sliced-Calib.
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* Computational Impact of Surrogate: The surrogate used for computing sensitivity in-
dices is constructed using existing data already collected in the calibration process, so it
does not require any additional simulator evaluations. Although constructing the surrogate
and performing the Fourier-based analysis incur some computational cost, this cost may
be negligible compared with the cost of a simulation run using the (moderately) expensive
simulator employed in this study and in many applications.

* Efficiency Gains through Dimensionality Reduction: The additional computational ef-
fort is offset by the significant efficiency gained through strategic dimensionality reduction.
By probabilistically selecting influential parameters using the sensitivity-informed weight
distributions, our method avoids wasting simulations on unimportant or redundant param-
eter combinations. This leads to better surrogate model quality in both reduced and full
parameter space and faster convergence in fewer iterations.

We compare the computation time of Ex-Sliced-Calib with Rand-Sliced-Calib, Full-Calib,
and TR-Calib across three numerical examples, as shown in Table 5. For the experiments, we
use 20 logical processors to run 20 experiments in parallel, with each experiment occupying
one logical processor. While Ex-Sliced-Calib takes more time than Rand-Sliced-Calib due
to the additional surrogate modeling, it still provides a substantial reduction in computation
time compared to Full-Calib and TR-Calib. In particular, under parallel execution, Ex-Sliced-
Calib requires fewer overall resources than Full-Calib and TR-Calib while achieving much
better calibration accuracy.

TABLE 5
Comparison of the computation times from 20 experiments in the numerical study. (Note: the values inside
parentheses are standard deviations, and the best results are highlighted in bold font. “Avg. time/processor”
denotes the average time (with standard deviation) per experiment using one logical processor. “Total
(sequential)” refers to the total time required if only one logical processor is used sequentially for 20
experiments, and “Total (parallel)” refers to the total time when 20 logical processors are used in parallel).

Computation Time (sec)
Example Method Avg. time/processor  Total (sequential)  Total (parallel)

I Ex-Sliced-Calib 14151 (1917) 283020 18369
Rand-Sliced-Calib 4775 (1046) 95496 7147
Full-Calib 31906 (1645) 638111 34509

TR-Calib 27177 (1806) 543540 30581

I Ex-Sliced-Calib 16022 (1116) 320444 18231
Rand-Sliced-Calib 7193 (690) 143867 8363
Full-Calib 31819 (1576) 636372 34493

TR-Calib 29605 (1163) 592102 31491

111 Ex-Sliced-Calib 25006 (1447) 500130 28325
Rand-Sliced-Calib 8070 (524) 161398 9080
Full-Calib 30679 (1630) 613571 32613

TR-Calib 27755 (1806) 555092 31275

In high-dimensional and expensive simulation environments, the tradeoff between mini-
mal overhead from the global surrogate and the efficiency gains in sequential design would
be more clear. More importantly, our approach offers the added benefit of interpretability by
quantifying parameter importance, which is not available in random dropout methods.

F. Effect of the Boundary Perturbation Term h(-). We empirically examine the im-
pact of h(-) by conducting comparative experiments with and without its incorporation. Ta-
ble 6 reports the test MSEs and calibrated parameter values from 20 independent runs of
Ex-Sliced-Calib and Rand-Sliced-Calib, both with and without A(-). Figure 4 illustrates the
convergence behavior of both methods when h(-) is excluded.



EXPLAINABLE PARAMETER CALIBRATION VIA IMPORTANCE-DRIVEN DESIGN 13

' Ex_Sliced Calib o | Ex_Sliced_Calib ~ 0.20] | Ex_Sliced_Calib
150/ | — = Rand_Sliced_Calib | — — Rand_Sliced_Calib ! — — Rand_Sliced_Calib
| | i
f | 015 |
w il Wy m {
@100/ 1y (2 2] {
2 = Z0.10| |
17 173 173 1
3 o ch) 1 [qﬁ) !
Tl H |
50| | i 0.05 !
A R\ i
Al
1 [— N .
150 200 250 300 350 400 450 500 150 200 250 300 350 400 450 500 150 200 250 300 350 400 450 500
Number of evaluations Number of evaluations Number of evaluations
(a) Example 1. (b) Example II. (c) Example III.

Fig 4: Trajectories of the lowest MSEs without incorporating h(-) in the numerical study
(Note: the band denotes the +1 standard error).

Overall, when h(-) is excluded, Ex-Sliced-Calib and Rand-Sliced-Calib perform simi-
larly, achieving higher calibration accuracy and faster convergence compared to the setting
with h(-). Even in this case, Ex-Sliced-Calib yields smaller MSEs in Examples I and II.
By contrast, when h(-) is included, reflecting the added difficulty of calibration tasks, Ex-
Sliced-Calib significantly outperforms Rand-Sliced-Calib in terms of MSE in all cases. This
comparison underscores the practical value of Ex-Sliced-Calib under model misspecifica-

tion, while also demonstrating that it retains an advantage over Rand-Sliced-Calib even in
the absence of misspecification.

TABLE 6
Comparison of test MSEs and calibrated parameter values from 20 experiments with and without incorporating
h(-) in the numerical study (Note: the values inside parentheses are standard deviations, and the best results are
highlighted in bold font).

Calibrated Parameter Values
Example | h(:) Method Test MSE f 01 0 03
I Yes Ex-Sliced-Calib 4.976 (7.405) 420.797 (5.542) 420.740 (3.284) -
Rand-Sliced-Calib | 13.935 (36.746) | 420.308 (2.758) 348.473 (223.151) -
No Ex-Sliced-Calib 0.042 (0.030) 420.978 (0.337) 420.849 (0.374) -
Rand-Sliced-Calib 0.051 (0.056) 420.902 (0.411) 420.899 (0.396) -
True parameter values 420.969 420.969 —
1I Yes Ex-Sliced-Calib 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) —
Rand-Sliced-Calib 0.562 (0.577) 0.006 (0.065) 0.024 (0.101) —
No Ex-Sliced-Calib 0.014 (0.003) 0.000 (0.001) 0.000 (0.001) —
Rand-Sliced-Calib 0.016 (0.004) 0.000 (0.002) 0.000 (0.002) —
True parameter values 0 0 —
I Yes Ex-Sliced-Calib 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
Rand-Sliced-Calib 0.010 (0.031) 0.116 (0.016) 0.555 (0.008) 0.850 (0.009)
No Ex-Sliced-Calib 0.000 (0.000) 0.114 (0.004) 0.556 (0.001) 0.853 (0.000)
Rand-Sliced-Calib 0.000 (0.000) 0.114 (0.005) 0.556 (0.000) 0.852 (0.000)
True parameter values 0.115 0.556 0.853

G. Effect of Parameter Sparsity Levels. To evaluate the performance of the proposed
Ex-Sliced-Calib method under different sparsity levels, we conduct numerical experiments in
which different numbers of influential parameters, d;, were set to be the true influential ones
out of the total D = 30 parameters: dy = 2, 10, 20 and 30. The last scenario corresponds to
the case where all calibration parameters affect the model outputs (i.e., no sparsity). Table 7
reports the test MSEs from 20 experiments across the different sparsity levels with 500 eval-
uation budgets for Examples I and II. Note that experiments for the different number of d;
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were conducted only for Examples I and 11, since Example III cannot be extended to higher
parameter spaces, as its dimension is fixed at three.

TABLE 7

Comparison of test MSEs from 20 experiments for the different number of dy with D = 30 in the numerical study
(Note: the values inside parentheses are standard deviations, and the best results are highlighted in bold font).

Test MSE f
Example Effect Sparsity dr =2 dr =10 dr =20 dy =30

I Ex-Sliced-Calib 4.976 (7.405) 1080.516 (271.695)  3868.781 (496.902)  7142.532 (537.283)
Rand-Sliced-Calib | 13.935 (36.746)  1107.310 (249.390)  3809.455 (431.844)  6945.683 (510.778)
Full-Calib 92.89 (69.778)  2516.637 (217.064)  5954.514 (334.313)  9664.795 (319.774)
TR-Calib 71.931(70.363) 1383.670 (214.988)  3406.570 (439.657) 5415.124 (617.103)

I Ex-Sliced-Calib 0.355 (0.295) 4.868 (1.183) 7.878 (0.597) 9.147 (0.352)

Rand-Sliced-Calib | 0.562 (0.577) 4.738 (0.690) 7.353 (0.913) 8.860 (0.450)

Full-Calib 1.807 (1.136) 8.113 (0.841) 9.640 (0.540) 10.103 (0.517)

TR-Calib 0.783 (1.153) 4.711 (1.585) 6.653 (0.993) 7.819 (1.051)

When dj is 2 or 10, which are less than 30% of the total parameter set, our approach
outperforms other methods. When dj is close to 20 (67% of the total parameter set), its
performance is comparable to that of the best-performing method, TR-Calib. However, for
d; = 30, our approach underperforms relative to TR-Calib. This outcome for large dj is
expected, as Ex-Sliced-Calib’s trial dimension may not contain all the influential parameters
at once, preventing it from fully capturing dependencies among them when designing the
next query point.

In our case study with the BEM application, three to four out of thirty parameters turn out
to be significant, accounting for about 10%—-13%. These results from both numerical exam-
ples and case study indicate that while the superiority of our approach is most pronounced
for small dj, it remains competitive even when d; is moderately large.

H. Choice of an Acquisition Function. To evaluate the robustness of our method to
the choice of acquisition function, we conduct experiments comparing Ex-Sliced-Calib un-
der four widely used acquisition functions: Expected Improvement (EI) (Jones, Schonlau
and Welch, 1998), Lower Confidence Bound (LCB) (Srinivas et al., 2010), Probability of
Improvement (PI) (Kushner, 1964), and Knowledge Gradient (KG) (Frazier, Powell and
Dayanik, 2009). The following provides a brief introduction to each acquisition function.

» EI: It selects the next query point by maximizing the expected amount by which the ob-
jective function will improve over the current best observation. Let f,;, be the best (i.e.,
lowest) observed function value so far, and suppose the predictive distribution of the sur-
rogate model at point @ is Gaussian: f(8) ~ N (u(6),02(0)). Then, El is given by

(A.38) Ag1(0) = Elmax(fmin — f(6),0)] = (fmin — 14(0))®(2) + 0(0)0(2),
where 2z = (fmin — 1(0))/0(0), and ®(-), ¢(-) denote the CDF and PDF of the standard
normal distribution, respectively. EI naturally balances exploration (through large o (6))
and exploitation (through small 1(8)).

* LCB: It selects the next query point based on a linear combination of the predictive mean

1(0) and standard deviation o (@). For minimization problems, the LCB acquisition func-
tion is minimized to determine the next design, and it is given by

(A.39) Avrcs(0) = 1(0) — ra(0),

where x > 0 controls the degree of exploration. Larger values of « prioritize exploration
by emphasizing uncertainty, while smaller values emphasize exploitation of the predictive
mean.
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* PI: It chooses the next query point by maximizing the probability that the function value
will improve upon the current best value. It is defined as

fmin B :u(o) — g
a(0) > ’

where £ > 0 is a trade-off parameter to encourage exploration. PI is simple and inter-
pretable, but can overly favor regions with low predictive mean even if the uncertainty is
low.

* KG: It selects the next query point by maximizing the the expected increase in the best
posterior mean after evaluating the function at a candidate point. Let u,,(6") be the cur-
rent GP posterior mean and ,uz +1(0") the updated posterior mean after querying 6. KG is
defined as

(A.40)

Ap1(0) = P(f(0) < fuin — &) =@ <

(A41) Akc(0)=E [m;}x HZH(B/)} — max fin (6),
which represents the expected benefit of learning from sampling at 8. KG is particularly
useful in scenarios with expensive queries and limited evaluation budgets.

TABLE 8
Comparison of test MSEs and calibrated parameter values from 20 experiments using Ex-Sliced-Calib under
different acquisition functions in the numerical study (Note: the values inside parentheses are standard
deviations, and the best results are highlighted in bold font).

Calibrated Parameter Values
Example | Acquisition Function .A Test MSE f 01 0o 03
| EIl 4.976 (7.405) 420.797 (5.542) 420.740 (3.284) —
LCB 42.521 (62.162) | 291.039 (312.858)  401.687 (244.079) —
PI 7.042 (7.591) 419.856 (4.857) 421.280 (5.828) -
KG 62.977 (52.774) | -319.415 (849.897)  260.581 (626.321) —
True parameter values 420.969 420.969 —
I EI 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) —
LCB 0.501 (0.500) -0.020 (0.068) 0.019 (0.082) -
PI 0.246 (0.278) 0.006 (0.035) -0.004 (0.056) —
KG 1.468 (0.821) -0.083 (0.259) -0.055 (0.132) -
True parameter values 0 0 -
1 EIl 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
LCB 0.010 (0.010) 0.119 (0.033) 0.556 (0.009) 0.850 (0.008)
PI 0.006 (0.008) 0.115 (0.026) 0.556 (0.009) 0.854 (0.006)
KG 0.054 (0.053) 0.117 (0.051) 0.548 (0.026) 0.850 (0.018)
True parameter values 0.115 0.556 0.853

Table 8 summarizes the performance of Ex-Sliced-Calib under different acquisition func-
tions across three numerical examples. The results show that EI consistently provides the
best or near-best performance, whereas LCB and KG yield inferior performance in these
challenging settings, possibly due to their tendency toward excessive exploration. Further, PI
performs competitively, especially in the smoother setting in Example III.

Considering that the convergence result in the theoretical regret bound analysis was de-
rived under LCB, the superior empirical performance observed under EI suggests that a sim-
ilar or possibly tighter regret bound can be established.

I. Validation of the Model Assumptions. There are two GPs used in the proposed Ex-
Sliced-Calib method. One is the GP used as a surrogate for global sensitivity analysis in the
original parameter space, and the other is the GP that guides the sequential design within BO
in the reduced space.
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Fig 5: Trajectories of the lowest MSEs using Ex-Sliced-Calib under different acquisition
functions in the numerical study (Note: the band denotes the 4-1 standard error).

The GP framework assumes that the joint distribution of function values (i.e., loss func-
tion values) at any finite set of inputs (i.e., calibration parameters) is multivariate Gaussian.
Furthermore, the underlying function is assumed to be continuous and reasonably smooth,
with smoothness encoded via a kernel function, such as the squared exponential or Matérn
kernel. GPs also assume that the observation noise is independently distributed Gaussian.

First, it should be noted that we use GPs as surrogate models to map the parameter space
to loss function values. The GPs define a prior over functions rather than over output distri-
butions. Thus, GPs do not require the observational data itself (e.g., electricity consumption
in the BEM case study) to be Gaussian-distributed.

Having said that, we conducted additional simulation studies in which the ground truth
data exhibit non-Gaussian characteristics, including (i) heavy-tailed noise (e.g., Student-¢
distribution), (ii) uniform noise, and (iii) skewed noise (e.g., skewed-Gaussian distribution).
Specifically, we compare our numerical experiment setting, Gaussian noise € ~ N(0,0?),
with (i) Student-¢ noise € ~ t(df) x o where the degrees of freedom df = 4, (ii) uniform
noise € ~ Uniform(—20,20), and (iii) skewed-Gaussian noise € ~ SN (0, 0%, Qghape) Where
the shape parameter oghape = 5. For Examples I and II, we set o = 0.1, and for Example III,
we use 0 = 0.01. Figure 6 illustrates the noise distributions used to evaluate the robustness
of Ex-Sliced-Calib.

[JGaussian -\ Gaussian Y

¢ - Student-t e ¢ - Student-t 1Y

<t Uniform B G a:Uniform R
i, ZSkewed-Gaussian !

60 i.__'Skewed-Gaussianl-' \

-0.02  0.00 0.02
Value

(a) Examples I and II. (b) Example III.

Fig 6: Different noise distributions used to assess the robustness of Ex-Sliced-Calib.

Overall, under Gaussian noise, which perfectly aligns with the GP assumption, Ex-Sliced-
Calib most effectively guides the search toward higher-quality parameter values compared to



EXPLAINABLE PARAMETER CALIBRATION VIA IMPORTANCE-DRIVEN DESIGN 17

other methods, as shown in Table 9 and Figure 7. On the other hand, calibration performance
slightly deteriorates under non-Gaussian noise, resulting in higher MSEs and standard devia-
tions. However, the calibrated values for non-Gaussian cases are close to those for the Gaus-
sian case; see the last three columns of Table 9. It suggests that although non-Gaussian data
slightly worsens performance, the proposed method remains robust. Thus, the GP surrogates
used for both global sensitivity analysis and sequential design in BO remain effective for
non-Gaussian cases. The robustness of GPs to moderate violations of the Gaussian assump-
tion has been discussed in the literature, provided that the underlying function is sufficiently
smooth and the noise is not highly structured or adversarial (Rasmussen and Williams, 2006;
Gramacy, 2020).

TABLE 9
Comparison of test MSEs and calibrated parameter values from 20 experiments using Ex-Sliced-Calib under
different noise assumptions (Note: the values inside parentheses are standard deviations, and the best results are
highlighted in bold font).

Calibrated Parameter Values
Example | Noise Distribution Test MSE f 01 09 03
1 Gaussian 4.976 (7.405) 420.797 (5.542)  420.740 (3.284) —
Student-t 12.138 (17.935) | 421.560 (6.040)  422.545 (7.903) -
Uniform 12.934 (17.945) | 419.959 (8.657)  421.610 (5.704) -
Skewed-Gaussian | 17.845 (26.456) | 422.026 (10.282) 421.725 (6.307) —
True parameter values 420.969 420.969 -
1I Gaussian 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) -
Student-t 0.641 (0.549) -0.007 (0.066) -0.011 (0.111) -
Uniform 0.608 (0.634) -0.071 (0.223) -0.006 (0.067) -
Skewed-Gaussian 0.561 (0.567) -0.008 (0.068) 0.000 (0.084) —
True parameter values 0 0 -
111 Gaussian 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
Student-¢ 0.007 (0.011) 0.115 (0.029) 0.553 (0.007) 0.853 (0.007)
Uniform 0.008 (0.008) 0.105 (0.028) 0.557 (0.009) 0.853 (0.007)
Skewed-Gaussian 0.006 (0.005) 0.115 (0.021) 0.556 (0.010) 0.852 (0.003)
True parameter values 0.115 0.556 0.853
! Gaussian Gaussian 0.25| Gaussian
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Fig 7: Trajectories of the lowest MSEs using Ex-Sliced-Calib under different noise assump-
tions in the numerical study (Note: the band denotes the +1 standard error).

Next, regarding the continuity and smoothness assumption, the loss functions in the nu-
merical study are continuous and smooth. In the BEM case study, the dataset includes phys-
ical observations and computer model outputs generated via EnergyPlus. Since the response
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surface of the simulation, relating inputs such as weather conditions and calibration parame-
ters to energy usage, is likely to be smooth and continuous, and our loss function is based on
squared differences using the /5 loss, the GP surrogates can be appropriately used to approx-
imate this smooth scalar loss surface.

Additionally, in this study, we use an anisotropic kernel for both GP surrogates, com-
monly referred to as the Automatic Relevance Determination (ARD) kernel (Rasmussen and
Williams, 2006; Neal, 2012). Specifically, we employ the anisotropic Matérn 5/2 kernel, al-
though anisotropic versions of the squared exponential and Matérn 3/2 kernels can also be
used. This choice allows each dimension of the calibration parameters to have its own length-
scale, which determines how sensitive the surrogate model is to variation along that specific
direction. We adopt this anisotropic kernel rather than an isotropic one for two main reasons.

¢ Capturing Heterogeneous Parameter Effects: In the simulation and BEM case studies,
the calibration parameters exhibit highly varying influence on the computer model output.
Some parameters significantly affect the model output (e.g., solar transmittance or lighting
level), while others have minimal impact. Particularly for the GP used in global sensitivity
analysis, an anisotropic kernel enables it to capture different levels of relevance across
dimensions, allowing it to adapt more flexibly to this heterogeneity. This capability is
essential for identifying influential parameters in high-dimensional and effect-imbalanced
problems like those considered in our study.

* Adaptability to the Isotropic Case: Even if the underlying loss function is truly isotropic,
the anisotropic (or ARD) kernel can still perform well by converging to equal lengthscales
across all dimensions when fitting the GP model. Thus, the anisotropic kernel is a more
general choice. That is, it performs well in both anisotropic and isotropic scenarios, while
an isotropic kernel fails to capture directional effects when they exist.

As supported by the literature (Rasmussen and Williams, 2006; Gramacy, 2020), isotropic
kernels can underperform in settings where parameter effects vary significantly across di-
mensions, potentially reducing surrogate model fidelity and leading to suboptimal points via
acquisition function optimization in BO. By contrast, the anisotropic (or ARD) kernel of-
fers greater modeling flexibility by naturally capturing heterogeneity when present, while
remaining adaptable in isotropic cases by learning similar lengthscales across dimensions.
For these reasons, we deliberately employ anisotropic kernels for both GP surrogates in our
framework.

To compare the performance of the anisotropic-kernel GP, as adopted in this study, with
that of the isotropic-kernel GP for the loss function surrogate, we conduct numerical stud-
ies using Ex-Sliced-Calib with both kernels. Table 10 below reports the test MSE values for
isotropic-kernel GP vs. anisotropic-kernel GP, and Figure 8 below presents the correspond-
ing trajectories of the best MSEs over rounds. The results indicate that using the anisotropic-
kernel GP as the loss function surrogate in Ex-Sliced-Calib performs similarly to or better
than using the isotropic-kernel GP in terms of calibration accuracy. In particular, in Exam-
ples I and II, Ex-Sliced-Calib converges faster when using the anisotropic-kernel GP. This is
because the anisotropic-kernel GP surrogate (i) better captures heterogeneous parameter ef-
fects and (ii) remains adaptable even when the underlying loss function is truly isotropic, as
described above. Note that in Example II, although the calibrated parameters for the isotropic
case are slightly closer to zero, their higher variability leads to higher test MSE in some runs.
Moreover, since Table 10 reports test MSE and calibration is performed on the training set,
the test MSE can appear slightly higher than that of the anisotropic case.

Next, we evaluate the validity of using a stationary kernel (i.e., the anisotropic kernel) com-
pared to a nonstationary kernel for the GP surrogate in Ex-Sliced-Calib, we add a comparison
with a representative nonstationary GP model, namely the deformation-based GP (Sampson
and Guttorp, 1992; Schmidt and O’Hagan, 2003).



EXPLAINABLE PARAMETER CALIBRATION VIA IMPORTANCE-DRIVEN DESIGN 19

TABLE 10
Comparison of test MSEs and calibrated parameter values from 20 experiments using isotropic- and
anisotropic-kernel GPs in Ex-Sliced-Calib in the numerical study (Note: the values inside parentheses are
standard deviations, and the best results are highlighted in bold font).

Calibrated Parameter Values
Example Kernel Test MSE f 01 09 03
I Isotropic 8.118 (9.318) | 418.045 (5.157) 421.581 (5.674) —
Anisotropic | 4.976 (7.405) | 420.797 (5.542) 420.740 (3.284) -
True parameter values 420.969 420.969 -
II Isotropic 0.446 (0.337) | -0.003 (0.066) 0.001 (0.070) -
Anisotropic | 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) —
True parameter values 0 0 —
I Isotropic 0.008 (0.008) 0.112 (0.030) 0.560 (0.010) 0.853 (0.006)
Anisotropic | 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
True parameter values 0.115 0.556 0.853
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Fig 8: Trajectories of the lowest MSEs using isotropic- and anisotropic-kernel GPs in Ex-
Sliced-Calib in the numerical study (Note: the band denotes the 41 standard error).

The deformation-based GP introduces nonstationarity by transforming the original input
space © into a latent warped input space U = ¢g(®), where the deformation function g(-)
defines how spatial relationships are locally stretched, compressed, or rotated. A stationary
GP is then placed on the transformed inputs, allowing the covariance structure in the original
space to vary smoothly with location. This approach provides an intuitive geometric interpre-
tation of nonstationarity, as correlations adapt according to the spatial deformation implied by
g(+). Deformation-based GPs are particularly effective for capturing complex spatial depen-
dencies and anisotropy in irregular domains. In our implementation, to apply a deformation-
based GP, it first learns a spatial deformation using thin-plate splines (Sampson and Guttorp,
1992) that warps the inputs @ to w and then fits an isotropic GP on the warped inputs .

Table 11 below summarizes the results, and Figure 9 below shows the corresponding
trajectories of the best loss values over the rounds. Ex-Sliced-Calib using the stationary
anisotropic GP consistently achieves lower test MSEs than the version using the deformation-
based GP as the loss function surrogate. This is because the calibration loss surfaces in our
study exhibit strong effect sparsity and are well characterized by axis-aligned anisotropic
structure. In this setting, the anisotropic stationary kernel with ARD provides sufficient flex-
ibility given the limited number of BO evaluations available.

In contrast, the deformation-based GP requires estimating substantially more degrees of
freedom, such as warping maps, which cannot be reliably learned from the limited loss func-
tion evaluations, leading to unstable surrogates. In particular, in Example I, the deformation-
based GP fails to accurately model the loss surface, causing Ex-Sliced-Calib to incorrectly



20

select the major subspace and misguide the subsequent design, thereby degrading calibration
performance. These additional experiments support using the anisotropic stationary GP as a

more reliable and accurate surrogate for our calibration setting compared to the nonstationary
GP.

TABLE 11
Comparison of test MSEs and calibrated parameter values from 20 experiments using stationary and
nonstationary GPs in Ex-Sliced-Calib in the numerical study (Note: the values inside parentheses are standard
deviations, and the best results are highlighted in bold font).

Calibrated Parameter Values
Example Kernel Test MSE f 01 0o 03
I Anisotropic 4.976 (7.405) 420.797 (5.542) 420.740 (3.284) —
Deformation | 121.015 (84.304) | 243.788 (288.429) 278.120 (296.146) —
True parameter values 420.969 420.969 —
11 Anisotropic 0.355 (0.295) 0.018 (0.064) -0.013 (0.047) —
Deformation 0.604 (0.637) -0.021 (0.067) 0.033 (0.108) —
True parameter values 0 0 —
111 Anisotropic 0.007 (0.012) 0.109 (0.019) 0.553 (0.005) 0.850 (0.008)
Deformation 0.006 (0.005) 0.116 (0.012) 0.556 (0.008) 0.854 (0.006)
True parameter values 0.115 0.556 0.853
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Fig 9: Trajectories of the lowest MSEs using Ex-Sliced-Calib with different kernel types (i.e.,

stationary vs. nonstationary) in the numerical study (Note: the band denotes the +1 standard
error).

J. Numerical Study of Uncertainty Quantification for Estimated Parameters. To
demonstrate how we quantify the uncertainty of the estimated parameters, we introduce a
new example that simplifies the setting of the original Example 3 in the numerical study. This
simplification is motivated by two main considerations. First, constructing Cls for the esti-
mated parameters based on asymptotic normality requires the algorithm to reach the global
minimum, i.e., 06 = 0., . However, the original numerical examples were deliberately de-
signed as difficult optimization problems, making it challenging to consistently attain the
global minimum under /imited computational budgets. Second, these optimization problems
are also computationally intensive to solve in each experiment. To reliably evaluate the empir-
ical coverage rate, which measures the proportion of cases where the constructed Cls contain
the true parameter values, a large number of experiments (e.g., 200) is required. In our orig-
inal numerical study, we reported results from 20 experiments; scaling this up to 200 would
be computationally prohibitive under the original settings.
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For these reasons, we revisit Example 3 with modifications: we reduce the dimensionality
from D = 30 to D = 10 and remove the h(-) component from the computer model, while
keeping the number of true parameters d; unchanged. As reported in Table 12 below, the test
MSE in this simpler setting is nearly zero, and all parameter estimates are very close to their
true values.

TABLE 12
Test MSE and calibrated parameter values from 200 experiments in Example III of the numerical study, obtained
from Ex-Sliced-Calib with D = 10 and excluding h(-) (Note: the values inside parentheses are standard

deviations).
Calibrated Parameter Values
Test MSE f 01 0o 03
0.0001 (0.0000) 0.115(0.001)  0.556 (0.000)  0.853 (0.000)
True parameter values 0.115 0.556 0.853

Table 13 further summarizes the average half-length of the 95% Cls for each influential
parameter and their empirical coverage rates from 200 experiments. Overall, the Cls fre-
quently contain the true parameters, as the empirical coverage rates are close to the nominal
95% level. This demonstrates that our proposed method can provide high-quality uncertainty
quantification results for the estimated parameters.

TABLE 13
Uncertainty quantification results from 200 experiments in Example 11l of the numerical study, obtained from
Ex-Sliced-Calib with D = 10 and excluding h(-) (Note: the values inside parentheses are standard deviations).

Average Half Length of 95% CI Coverage Rate (%)
01 0o 03 01 02 03
0.012 (0.026)  0.001 (0.003) 0.001 (0.001) | 96.0 97.0 945

We note that the computational challenges of our approach, particularly when solving
high-dimensional problems with large D and incorporating the h(-) component, limit its
applicability for uncertainty quantification analysis. This observation motivates the use of
computationally cheaper surrogate models, rather than standard GPs, to further enhance the
practicality of the proposed method. Such an extension is beyond the scope of this study and
is left for future research.

K. Nugget Effect. When Ex-Sliced-Calib partitions the dimension into major and minor
subspaces and constructs the GP surrogate model in the major parameter space, an issue may
arise if distinct parameter sets in the original space are projected to the same point in the
reduced space, potentially leading to different outputs. This phenomenon results in stochastic
outputs within the reduced space.

To address this issue, we incorporate a nugget effect into the diagonal entries of the co-
variance matrix of the GP surrogate. The kernel function for each entry is defined as

(A.42) knugget(ga 0/) = k(ev 0/) + 7'(59,9',

where k(0,0’) denotes the base kernel function, such as the squared exponential or Matérn
kernel, 7 > 0 is a nugget parameter, and Jg - is the Kronecker delta. The nugget can either
be set to a default value if the variance is known a priori, or treated as a hyperparameter to be
estimated via maximum likelihood estimation (MLE) or cross-validation. This nugget term
accounts not only for potential observational noise but also for the variability introduced by
the non-injective nature of the projection, that is, cases where different parameter sets in the
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original space are mapped to the same point in the reduced space but yield distinct outputs.
In this study, we estimate 7 in each round when constructing the GP in the reduced space
using MLE.

This formulation allows the GP to capture a certain degree of local uncertainty at each
input point in the reduced space, reflecting the inherent stochasticity in such cases. The use of
a nugget is also known to improve numerical stability in GP inference and is widely adopted
when modeling systems with latent or unmodeled sources of variation (Gramacy, 2020).
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