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ABSTRACT: This paper addresses black-box optimization over multiple information sources whose fidelity and query
cost change across the search space. We propose an approach that uses: (i) an Augmented Gaussian Process as a single
model of the objective function over the search space and sources, and (ii) a Gaussian Process to model the location-
dependent cost of each source. The former is used in a Confidence Bound-based acquisition function to select the
next source and location to query, while the latter is used to penalize the value of the acquisition depending on the
expected query cost for any source-location pair. Multi-information source optimization (MISO) is characterized by
the availability of inexpensive approximations (i.e., sources) of the more expensive objective function. In contrast, cost-
aware Bayesian optimization addresses settings where the query cost varies across the search space. When information
sources come with explicit information about their approximation quality (aka fidelity), MISO specializes in multi-
fidelity optimization. However, most multi-fidelity approaches require hierarchically organized sources and cannot
handle location-dependent fidelities. A key contribution of this manuscript is a multi-information source setting in
which both fidelity and query cost of the sources are black-box and location-dependent, endowed with a cost and
location-aware acquisition function. We provide an empirical evaluation of the proposed method on an AutoML task:
hyperparameter optimization of two classifiers on three datasets of different sizes. The acquisition function proposed
can be naturally generalized to more complex cost models, including movement costs, which represents an important
perspective for multi-source Bayesian optimization.

KEYWORDS: Multi-information source optimization; Bayesian optimization; location-dependent costs; augmented
Gaussian process; cost-aware acquisition function

1 Introduction

Bayesian Optimization (BO) [I1-3] is a sample-efficient strategy for global optimization of blackbox,
expensive, and multi-extremal Functions. The reference global optimization problem is:

argmincocga f(x) 1)

where Q is the d-dimensional search space.

BO consists of two key components: a probabilistic surrogate model of f(x), fitted on the function
evaluations performed so far, and an acquisition function providing the next location to query, while
balancing between exploitation and exploration, depending on the predictions, and associated uncertainty,
of the probabilistic surrogate model. Updating the model conditioned on the observations and selecting the
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next location to query are sequentially iterated until a termination criterion is met, typically a maximum
number of function evaluations.

Thanks to its sample efficiency, compared to competing methods, BO is currently the standard technique
for Automated Machine Learning (AutoML) [4,5] and also successfully applied in Neural Architecture Search
(NAS) [6]. Other relevant applications of BO concern simulation-optimization [7] and control of complex
systems [8]. The practical relevance of BO extends further to scientific experimentation, engineering design,
and clinical trials, where evaluating a candidate solution may involve running expensive physical simulations,
conducting laboratory experiments, or training large machine learning models. These are all scenarios where
minimizing the number of function evaluations is critical.

However, the basic BO algorithm does not directly incorporate or utilize any information about query
cost, which is crucial in many real-life applications. A compelling example comes from AutoML and NAS:
Ref. [9] provides an estimate of the financial and environmental costs associated with optimizing the
hyperparameters of deep neural networks in the domain of Natural Language Processing. The astonishing
amount of energy required can generate an amount of CO, emissions around five times those generated by
a car during its own lifetime. This highlights how ignoring query cost in the optimization loop can lead to
outcomes that are not only computationally wasteful but also environmentally unsustainable.

Therefore, recent research has been proposing innovative BO-based approaches designed for more
challenging settings where information about query cost is explicitly used. This research can be broadly split
into two branches: (i) multi-information source optimization (MISO), characterized by the availability of
cheap approximations (i.e., sources) of the more expensive f(x), and (ii) cost-aware (Bayesian) optimization,
assuming a cost to query f(x), which changes over the search space. While both branches have been studied
independently and have demonstrated significant improvements in cost efficiency over standard BO, they
have so far been treated as separate research directions.

In practice, however, these two challenges frequently co-occur. Consider, for instance, hyperparameter
optimization of a machine learning algorithm across datasets of varying size: cheaper sources correspond to
smaller data subsets, but the cost of evaluating a given hyperparameter configuration on any subset is itself
location-dependent, as some configurations are computationally far more demanding than others regardless
of the dataset size. To the best of our knowledge, no existing approach addresses the setting where both the
approximation quality and the query cost of each source vary simultaneously across the search space. This
gap motivates the present work.

We propose MISO-wiLDCosts (MISO with Location-Dependent Costs), which jointly models location-
dependent fidelity and cost across multiple information sources using an Augmented Gaussian Process
(AGP), and selects the next source-location pair to query through a cost- and location-aware acquisition
function. The approach is validated on a hyperparameter optimization task involving two ML classifiers and
three datasets of different sizes, demonstrating competitive classification accuracy at significantly reduced
cumulated query cost.

The rest of the paper is organized as follows. Section 2 reviews the related work, covering
multi-information source and multi-fidelity optimization (Section 2.1), cost-aware Bayesian
optimization (Section 2.2), and the Gaussian Process regression framework underlying our approach
(Section 2.3). Section 3 presents MISO-wiLDCosts, detailing the source and cost modelling (Section 3.1),
the Augmented Gaussian Process (Section 3.2), and the acquisition function (Section 3.3). Section 4
describes the experimental setting, and Section 5 reports and discusses the results. Finally, Section 6 draws
conclusions, discusses limitations, and outlines future directions.
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2 Related Work

This section reviews the main lines of research relevant to the proposed approach, covering multi-
information source and multi-fidelity Bayesian optimization in Section 2.1, and cost-aware Bayesian
optimization in Section 2.2.

2.1 Multi-Information Source Optimization

As far as MISO is concerned, the problem (1) has to be solved by efficiently using S information sources,
fi(x),..., fs(x), providing approximations, with different accuracy, of f(x), each one at its own query cost
cs, with s = 1,...,S. Thus, accuracy is location-dependent, but cost is not. Efficiently solving (1) means that
the query cost cumulated along the optimization process must be kept as low as possible. Sources can always
be sorted by decreasing query cost, so that f;(x) is the most expensive one, usually with f;(x) = f(x) in the
case that f(x) can be directly queried.

When information sources come with explicit information about their approximation quality (aka
fidelity), MISO specializes in multi-fidelity optimization, first proposed in [10] and more recently addressed
in [11-14]. Most multi-fidelity approaches exploit hierarchical relations among sources, based on their
fidelities; even if already in [15], some drawbacks were highlighted. More precisely, hierarchical organization
requires the assumption that information sources are unbiased, meaning that noise must be independent
across sources [16,17]. Moreover, querying a source with a certain fidelity at a given location x implies
that no further knowledge can be obtained by querying any other source of lower fidelity, at any location.
Consequently, most of the multi-fidelity approaches cannot be applied in the case that sources cannot be
hierarchically organized.

In Ref. [16], the first approach for nonhierarchical information sources has been proposed, addressing
location-dependent fidelities of the sources and defining the more general MISO setting. More recently,
Refs. [17,18] have provided improvements to [16]. All these methods are based on the idea of using a separate
model for each information source (i.e., a Gaussian Process-GP) and then fusing their predictions and related
uncertainties through the method proposed in [19], which became the standard practice for the fusion of
normally distributed data. More broadly, the challenge of principled model fusion across heterogeneous
data sources is an active research theme, with federated learning representing a parallel paradigm where
distributed models are aggregated rather than queried sequentially [20]. In [21], a different procedure has
been recently proposed, where instead of fusing GPs, sparsification is used to create the so-called Augmented
Gaussian Process (AGP). We used this model—summarized in Section 3.2—and extended MISO-AGP to
deal with location-dependent costs.

In the AutoML context, Ref. [22] developed a multi-task Bayesian optimization framework that transfers
information across related tasks and demonstrated a cost-sensitive hyperparameter optimization setting
in which a small dataset is used to explore hyperparameter configurations for a larger dataset. This work
provides an early example of using cheaper related evaluations in AutoML, but it is not intended here as the
first general MISO or multifidelity optimization method. More recently, Ref. [23] proposed FABOLAS (Fast
Bayesian Optimization on Large dataSets), a hyperparameter optimization (HPO) tool that simultaneously
optimizes the hyperparameter values of an ML algorithm and the size of the dataset portion to consider.
Also, in [21], an HPO task is considered, with two information sources, related to a large dataset and a small
portion of it, respectively. All these approaches resulted in a more cost-efficient approach than using BO for
HPO performed on the large dataset only, without significant degradation of the final ML model’s accuracy.
Alternative budget-aware optimization strategies have also been explored outside the MISO framework, such
as hyper-heuristics guided by probabilistic graphical models [24], which reduces evaluation cost through
adaptive algorithm selection rather than multi-source approximations. Beyond HPO, MISO-BO has also
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been applied to reward design in multi-agent systems [25], where previously learned equilibria serve as
biased information sources at the upper level of a bi-level optimization framework, achieving significant
computational savings over standard approaches. More recently, multi-source Bayesian optimization has
also been applied to source localization problems. Bayesian optimization has also recently been adopted for
graph-based multiple-source localization. Zhang et al. [26] formulate localization from a single observation
using graph Bayesian optimization, while Zhou et al. [27] extend this direction through graph representation
learning for multi-source localization. Zhou et al. [27] combine graph representation learning with Bayesian
optimization to efficiently localize multiple sources in complex network environments, further illustrating
the versatility of MISO beyond engineering design and AutoML.

A further extension of multi-fidelity BO concerns robustness to unreliable information sources. Mikkola
et al. [28] consider a setting with a primary informative source and one or more auxiliary sources whose
quality cannot be guaranteed, proposing an approach that makes MFBO robust to the inclusion of such
unreliable sources. This is relevant to the broader MISO setting because, in practice, the fidelity of auxiliary
sources may be unknown or variable across the search space, motivating methods that treat source reliability
as an additional uncertainty to be modelled rather than a fixed assumption. More recently, Jacobs and Ali
Javidian [29] proposed incorporating causal principles into multi-source Bayesian optimization, enabling
information sharing across sources through causal relationships and further extending the flexibility of the
MISO framework.

2.2 Cost-Aware Optimization

Although the quoted MISO and multi-fidelity approaches generalize from sample efficiency to cost
efficiency—thus, they are “aware of costs”—they assume that the query cost of any source is constant
over the search space. However, this is not true in practice, even using a single source, as empirically
demonstrated in [30], according to the distribution of the time required to evaluate a set of 5000 randomly
selected hyperparameter configurations, for five common ML algorithms. This is also confirmed in this paper
(Section 4.1), relatively to 1000 hyperparameter configurations for two ML algorithms on three datasets.

The seminal work aimed at making BO cost-aware is [31], which proposes to penalize the acquisition
function, specifically Expected Improvement (EI), by the location-dependent cost, c(x), leading to the EI-per-
unit of cost: EI,,(x) = EI(x)/c(x). However, EI,,(x) is basically driven by the query cost, biased towards
cheap locations, and, therefore, it performs well only when optima are relatively cheap. To overcome this
undesired behaviour, Ref. [30] proposes CArBO (Cost Apportioned BO), consisting of two consecutive
stages: (i) a cost-effective selection of initial locations to query (i.e., cost-effective initial design) and (ii) a
cost-cooling strategy where the penalty associated with the cost in EI,,,(x) is modulated according to the
query cost incurred so far. More precisely, EI — cool(x) = EI(x)/c(x)*, with « the cooling factor is defined
as a = (1—1,) /(7 — Tinit), with 7 the overall “budget” (i.e., maximum cumulated query cost), 7,, the cost
accumulated up to the current iteration n, and 7;,;; the cost of the initial design. Finally, in CArBO, ¢(x) is
modelled through a warped GP.

Another recent paper [32] has proposed a cost-aware acquisition function based on Information-
Directed Sampling (IDS), a principled framework for balancing expected regret and information gain. The
original IDS framework was introduced by [33]. The proposed cost-aware acquisition function, namely
CostIDS, also balances cost, along with regret and information gain. However, an additional constraint is
introduced in optimizing CostIDS to avoid extremely cheap points being chosen repeatedly without any
significant increase in information.

A complementary line of work addresses cost variability not at the level of query locations but at the
level of which variables are queried. Tay et al. [34] propose a setting where, at each iteration, the learner
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selects a subset of input variables and fixes their values, while the remaining variables are randomly sampled.
Each chosen subset carries an associated cost, introducing a novel trade-off: querying more variables yields
more directed learning but incurs higher cost, whereas leaving variables unobserved reduces cost at the price
of less controlled exploration.

The issue of path-dependent costs—where the cost of a query depends not only on the chosen location
but also on the trajectory of previous queries—is addressed by Liu et al. [35]. Their approach models the cost-
aware acquisition problem as a constrained Markov Decision Process, conducting regret analysis in terms
of information gains. They also study the impact of inexact acquisition function optimization, noting that
while solving the acquisition problem is generally less demanding than optimizing the objective directly,
theoretical guarantees may still require knowledge of the minimizer. This latter issue is further examined
by Kim et al. [36], who analyze the effect of inexact acquisition optimization on regret bounds, focusing
specifically on GP-UCB and GP-TS (Thompson Sampling). They show that random grid search can serve as
a theoretically justified and practically effective acquisition solver, even when the acquisition is not solved
to optimality.

A distinct form of location-dependent cost arises when successive queries incur a movement penalty
proportional to the distance between consecutive sampling locations. Chen and Al Kontar [37] formalize
this as the “traveling bandit” problem, in which the fundamental tension lies between broad exploration—
essential for identifying good solutions—and the high movement costs that drastic design changes entail.
More recently, Bayesian optimization has also been investigated for resource allocation problems in Wasser-
stein spaces. Candelieri et al. [38] formulate resource allocation under semi-bandit feedback by exploiting
Wasserstein geometry within the Bayesian optimization framework, further illustrating the applicability of
cost-aware BO beyond conventional black-box optimization settings. Unlike conventional cost-aware BO,
movement cost depends not only on the current design but also on the history of designs chosen by the algo-
rithm, making it inherently path-dependent. This type of cost structure is prevalent in industrial processes
and environmental monitoring applications, and represents an important generalization of the standard cost-
aware BO setting. Beyond the MISO setting, BO has also been applied to large-scale infrastructure planning
under demand uncertainty; Jo et al. [39] propose a BO-based large-neighborhood search framework for
multi-period electric vehicle charging station deployment under latent charging demand, illustrating the
broader applicability of BO to computationally expensive decision-making problems.

2.3 Gaussian Process Regression

GP modelling [40,41] is a non-parametric kernel-based learning method for probabilistic regression
and classification. A GP regression model is a random function f:Q — R with output drawn from a
multivariate normal distribution, formally f(x) ~ N(u(x), 0?(x)).In BO, GP regression is typically used as
a probabilistic surrogate model, fitted to the n function evaluations performed so far. Let X;., = {x',...,x"}
and y = {y',..., "} denote, respectively, the n locations and the associated observed values, then fitting the
GP means to compute the posterior mean and variance of the multivariate normal distribution as follows:

u(x) = k (x, Xpn) [K+ A21] 'y

02 (x) = k (3, %) = k(x, Xpn) [K+ A1) k(X ) 2)
where A? is the variance of a zero-mean Gaussian noise in the case of noisy observations (i.e., ' = f(x') +¢,
with & ~ N (0, /\2)), K e R"", such that K;; = k(x;, xj), with k a kernel function modelling the covariance

in the GP. Finally, k(x, Xy.,) is a vector whose i-th component is given by k(x,x;) (for completeness,
T
k(Xlzn) x) =k (xa Xl:n) )
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The most widely adopted kernels are Squared Exponential (aka Gaussian), Matern, Power Exponential,
and Exponential (aka Laplacian). Each kernel implies a different prior on the structural properties of the
sample paths of the latent function under the GP, such as differentiability [42]. Moreover, each kernel has
its own hyperparameters to adjust the GP’s posterior depending on observations: GP’s hyperparameters are
usually tuned via Maximum Log-likelihood Estimation (MLE) or Maximum A Posteriori estimation (MAP).

In this paper, the Matern 3/2 kernel is adopted:
3 3r
Kz (x,%) = o} (1 + %) o (3)

with r = ||x — %||. The kernel’s hyperparameters o7 and ¢, namely the kernel amplitude and the characteristic
length scale, are estimated via MLE.

2.4 Our Contributions

To the best of our knowledge, no prior work has jointly addressed a multi-information source Bayesian
optimization setting in which both the approximation quality (fidelity) and the query cost of each source are
black-box and location-dependent—that is, neither is known in advance nor assumed constant across the
search space.

To address this setting, we propose MISO-wiLDCosts (MISO with Location-Dependent Costs), whose
goal is to solve problem (1) while keeping the cumulated query cost as small as possible, given a set of S
information sources {f;(x)},_,. whose fidelities and query costs ¢, are both black-box and location-
dependent. Specifically, the contributions of this paper are:

An extension of the Augmented Gaussian Process (AGP) model to jointly capture the objective function
over the search space and across all information sources whose fidelity and query cost are both black-box
and location-dependent, without requiring hierarchical organization of the sources or location-independent
cost assumptions.

A cost- and location-aware acquisition function based on Confidence Bounds, which selects the next
source-location pair to query by balancing exploration and exploitation while penalizing the acquisition
value by the expected query cost, as modelled by a dedicated GP for each source’s cost function.

An empirical evaluation on an AutoML task, hyperparameter optimization (HPO) of two ML classifiers
on three datasets of different sizes, demonstrating that MISO-wiLDCosts achieves significantly lower
cumulated query cost compared to single-source cost-aware BO, at the cost of a small, dataset-dependent
degradation in classification accuracy in some settings.

3 Methodology

This section presents the three components of MISO-wiLDCosts, building on the GP framework
introduced in Section 2.3, this section presents the three components of MISO-wiLDCosts.

3.1 Modelling Sources and Costs

Three distinct families of Gaussian Process models are used in MISO-wiLDCosts: a separate GP fitted
on each information source’s function evaluations, the AGP that fuses them into a single model (Section 3.2),
and a separate GP fitted on each source’s query cost (this section). Let y, denotes a function evaluation
performed on the source s, where y, = f (x) + & and &; is a zero-mean Gaussian noise associated with that
source, formally &, ~ N(0,A2). Let z, denotes the (black-box) query cost to observe ¥, thatis z; = ¢5(x) +
d,, with & ~ N(0,¢2).
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It is important to note that, by the definition of query cost, y, and z; are not decoupled, in the sense that
¥, cannot be observed without paying z;, and vice versa.

Let D = {xi, v, zi}izl ,. denotes the dataset collecting all the relevant information along the
optimization process, with 1, the number of function evaluations performed on the source s. The following
two projections of D; are considered:

Fg = {xi’Y§}i:1 . (4)

C,={x",2l},_ (5)

namely, the query costs dataset, which stores locations queried and query costs.

The two sets, Fs and Cj, are used to fit two GPs, namely F¢(x) and Cs(x), according to (2) and
modelling:

fo(x) ~ NV (p, (x),03(x)) (6)
and
Ci(x) ~ V(p, (x), 45 (x)) (7)

withs =1,..., 8 and where p_ (x) and g,(x) are again mean, and standard deviation, but different symbols
are used to distinguish them from g (x) and o, (x).

3.2 Augmented Gaussian Process

An Augmented Gaussian Process (AGP) [21] is aimed at generating a single model over all the f (x)
depending on the simplified model discrepancy measure, which is devoted to measuring the difference
between two GPs approximating two different sources:

n(Fs, Fs, x) = |u, (x) - ps(x))| (8)

withs,s=1,...,Sand s #s.

The value in (8) is a simplified discrepancy measure, adopted because it avoids estimating full covariance
structures at every candidate location during acquisition optimization. More expressive alternatives exist,
briefly discussed below, but were not adopted in MISO-wiLDCosts for this computational reason.

A significant measure is provided by the Wasserstein-2 distance. For two Gaussian distributions
p=N(m,,2,) and v= N(m,, X, ), the squared Wasserstein-2 distance admits a closed-form expression
known as the Bures metric:

2
W% (”’v) :” my —m, ”2 +B (Ew 2:v) 9)

where B is the so-called Bures metric [43] between positive definite matrices [44],

1/2

B(2,5,) “tr(z,+ 2, -2(25,2) ) (10)

where £Y/2 denotes the matrix square root. This formula follows from computing the transport cost of the

optimal map between two Gaussians: the first term || m, — m, ||* accounts for the displacement of means,

while the Bures term captures the cost of transporting the covariance structure, which involves a geometric
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2

mean of the two covariance matrices. When X, and £, commute, the expression simplifies to B (Z p ZV) =||
1 1

2i — X ||}, where || - ||y is the Frobenius norm.

A pointwise approach involves considering the kernel difference, also known as the Difference of
Gaussians (DoG). Given two Gaussian kernels with variances o7 < 03,

2
[Ed [

2
) (11)
2

K¢71>02(x) = ) exp(—

exp(— - -
(2m03) 2 20

(2mo?) n/2 207
obtained by subtracting the higher-variance Gaussian from the lower-variance one. This kernel acts as a
band-pass filter: it suppresses both high-frequency noise (handled by the narrow kernel) and low-frequency

background (handled by the wide kernel), retaining only intermediate-scale structure.

In MISO-wiLDCosts, we adopt the simplified difference in (8) and reconsider the role of variance
in (9). The preferred source is defined as f,(x), the source with the highest query cost, which, following the
convention in Section 3.1 where sources are sorted by decreasing cost, corresponds to the most expensive
and typically most accurate source. In the HPO experiments of this paper, f,(x) coincides with f(x), i.e.,
evaluation on the full dataset. Fitting the AGP requires augmenting the set of function evaluations performed
on the preferred source (i.e., the F; set), with function evaluations performed on other sources whose
function value is sufficiently close to the prediction provided by F;(x). More formally, the set of augmenting
locations, namely F, is given by

F={(x,y,) €Fss=2,...,8:n(Fs, F1,x) < moi(x)} (12)

where n(Fs, Fy, x) is computed according to (8). The parameter m controls the discrepancy threshold for
selecting augmenting observations. In the experiments, m = 1, so an observation from source s is included
when its discrepancy from the preferred-source prediction is smaller than one preferred-source predictive
standard deviation.

The final set of inducing locations to use for fitting the AGP is given by F, = F; U F, and the resulting
AGP is denoted by Fj(x), such that:

Fy(x) | F ~ N(fiy(x), Gy (x)) (13)

where F is the augmented dataset and the posterior mean 7, (x) and variance 6 (x) are computed using the
GP posterior equations in (2). The notation g (x) and o (x) is reserved for the posterior mean and standard
deviation of the source-specific GP F,(x), whereas fi,(x) and & (x) denote the corresponding quantities
for the AGP Fy(x). Thus, Eq. (13) defines the AGP and not an individual source GP.

3.3 Selecting the Next Source-Location to Query

To select the next source and locations to query, we started from the acquisition function proposed
in [21] according to the AGP model. However, we have significantly modified it to consider the location-
dependent query cost of each source. The resulting acquisition function is based on the well-known Lower
Confidence Bound (LCB), whose convergence proof under an appropriate scheduling of its technical
parameter, B, is given in [45]. The acquisition function proposed in this paper is defined as follows:

R AORN/EAG]

$,X) = ar max — (14)
() gs=1...S 1+ ¢ (x)n(F, Fs, x)

xeQcRrd
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where 7" is the lowest function value of the inducing locations set F, that is " = min, 7 {y} and c2(x)
is an estimation of the query cost for the source s.

Therefore, the numerator of (14) is the most optimistic improvement, with respect to ", depending on
the AGP’s LCB, the denominator consists of two source-and-location-dependent penalization terms: ¢ (x)
and the model discrepancy between the AGP Fj(x) and the source-specific GP F,(x).

The location-dependent query cost is modelled by the GP C,(x). A risk-averse attitude is adopted:
rather than using the posterior mean of ¢2 (x), the denominator of (14) uses its upper confidence bound—
the most pessimistic (highest) estimate of the cost to query f(x). This conservative choice discourages the
acquisition function from selecting source-location pairs whose cost is highly uncertain and potentially high.
Formally, the cost term is taken as max {0, p, (x) + q,(x)} to handle negative values that may arise from
GP approximation. Consequently, when two source-location pairs provide similar expected optimization
benefit, the acquisition function favors the one with lower predicted cost uncertainty, leading to more reliable
cost-efficient exploration.

Finally, as reported in [21], there is the possibility that solving (14) could lead to choosing a pair (so, xo)

% is very close to a previously evaluated location on the source s°, leading to the ill-

whose location x
conditioning of the matrix [K + A1 ] in (2) and, consequently, to the impossibility to update g (x) and

62(x). The correction proposed to avoid this undesired behaviour is:

Correction: If 3(x,y) € Feo: ||x — x°|| < & then set s° < 1and choose x° as follows:

x’ « argmax,.qo,(x) (15)

The idea is to choose an alternative x° by “investing” the available budget in exploration to improve
the AGP at the next iteration by querying the most expensive source. Indeed, as stated in [45], selecting
the location associated with the highest prediction uncertainty is a good strategy for function learning
(aka function approximation), whose goal is to efficiently explore the search space to obtain an accurate
approximation of f(x) within a limited number of queries. It is important to note that the convergence
guarantees available for standard confidence-bound acquisition functions [45] do not automatically extend
to MISO-wiLDCosts once the discrepancy and cost-penalization terms in (14) are introduced; a formal regret
analysis for this setting is left for future work. Algorithm 1 summarizes the full MISO-wiLDCosts procedure.
Algorithm 1 summarizes the full MISO-wiLDCosts procedure.

Algorithm 1: MISO-wiLDCosts

Input: Search space Q, sources { f; }s-1:5, budget 7, initial design size ny per source, parameter m, k
Output: Best observed configuration x* and its value y; on the primary source

1. Initialization: For each sources =1,...,S, sample n, locations {xi }:7;’1 via Latin Hypercube Sampling;
query y! and record cost z.. Set D < {x', yi, 2!}, cumulated cost Ty < X, ; 2L

2. Fit initial GPs: For each source s, fit f;(x) ~ N (us(x), 02(x)) on F;, and
Cs(x) ~N(ps(x),q%(x)) on Cs via MLE (Matérn 3/2 kernel).

3. Build AGP: For every non-preferred source s = 2, ..., S compute the discrepancy #(F;, F;, x)

using Eq. (8). Construct the augmenting set F using Eq. (12), and define the augmented dataset
F = F, UF. Fit the AGP F,(x) ~ N(#@y(x),52(x)) on F using Eq. (2).
4. While 7., <7 do:

(Continued)
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Algorithm 1 (continued)

a. For every source s = 1,.. ., S and candidate location x € Q, compute:
[~ 2
A AORVEA®]

1+cl(x)n (?,Ts,x)
(Eq. (14) in the paper)
b. Select next query: (5,%) = argmax A,(x)

Ag(x) = arg

c. Query source § at X: observe y;, record cost z;

d. Update D; < D; U {(X, y5,2z:) }s update Teyrr < Teurr + 25
e. Re-fit GPs for source §: update f;(x) and Cs(x)

f. Rebuild AGP (Step 3) using all updated {D; }-1.

5. Return x* = arg min( ) fi(x), where Fs(l) are evaluations on the primary source s = 1
xel, F!

4 Experimental Setting
4.1 Task Description

To evaluate MISO-wiLDCosts, we considered a core application, that is, the HPO of an ML algorithm.
This task has been widely addressed via MISO/multifidelity optimization, such as in [17,18,21-23], as well as
cost-aware optimization [30-32]. Three binary classification datasets have been considered, different in size
and number of features:

SPLICE(3)' -related to primate splice-junction gene sequences with associated imperfect domain theory,
and used in [30]. This dataset consists of 3175 instances, 60 (numeric) features, plus the (binary) class label.

SVMGUIDE(1)”-related to an astroparticle application from Jan Conrad of Uppsala University, Swe-
den [46]. This dataset consists of 7089 instances, 4 (numeric) features, plus the (binary) class label.

MAGIC GAMMA TELESCOPE ' -generated through a Monte Carlo simulation software, namely
Corsika, described in [47]. The dataset has been used in [21] and consists of 19,020 instances, 10 (numeric)
features plus the (binary) class label.

All the features of the three datasets have been preliminarily scaled in [0, 1].

The following ML classification algorithms, and associated hyperparameters, have been considered for
the HPO task on the three datasets:

Support Vector Machine classifier (C-SVC) with Radial Basis Function (RBF) kernel [48]. The hyperpa-
rameters to optimize are: the SVC’s regularization term C € [107%,10*] and y € [10’4, 104] of the RBF kernel

=lla=d)?
(i.e, k(a,a)=e » ,with a # d two instances within the dataset).

Random Forest (RF) classifier [49]. The hyperparameters to optimize are the number of decision trees
in the forest, 71;r¢.s = {300, ...,700}, and the number of features subsampled to generate every tree, #1;, €
[[0.25 X mfeatJ , 10.75 x mfeatJ], with m ., the number of features in the original dataset. The symbol [.]
represents the rounding operation to the closest integer value.

1 / R
https://www.openml.org/d/1579
https://www.csie.ntu.edu.tw/cjlin/libsvmtools/datasets/binary.html#svmguidel
https://archive.ics.uci.edu/ml/datasets/magic+gamma-+telescope


https://www.openml.org/d/1579
https://www.csie.ntu.edu.tw/cjlin/libsvmtools/datasets/binary.html#svmguide1
https://archive.ics.uci.edu/ml/datasets/magic+gamma+telescope
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The goal is to identify, for each dataset and for each ML classifier, the hyperparameter values minimizing
the mis-classification error (mce), computed:

o on 10-fold cross-validation (mce-FCV) for the CSVC
o and Out-Of-Bag (mce-OOB) for the RF classifier while keeping the cumulated query cost as small
as possible

Figs. 1 and 2 show, respectively, for the CSVC and the RF classifier, the query cost and the mis-
classification error of 1000 hyperparameter configurations, randomly sampled via LHS, for each one of the
three datasets. The blue line can be assimilated to a Pareto frontier, minimizing both mce and query cost,
and it is used to make more evident the relation between the optimal mce and its cost.
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Figure 1: Query cost and mce-FCV of 1000 randomly sampled C-SVC’s hyperparameter configurations on three

datasets: SPLICE(3) (left), SVMGUIDE(1) (middle), and MAGIC (right). The blue line can be assimilated to a Pareto
frontier minimizing both mce and cost. In this case, the minimum mce should also be cheap.
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Figure 2: Query cost and mce-OOB of 1000 randomly sampled RF’s hyperparameter configurations on three datasets:
SPLICE(3) (left), SVMGUIDE(1) (middle), and MAGIC (right). The blue line can be assimilated to a Pareto frontier
minimizing both mce and cost. For the SPLICE(3) and SVMGUIDE(1) datasets, the minimum mce is not associated
with the cheapest RF’s hyperparameters.
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First, when the two figures are compared, C-SVC’s and RF’s hyperparameter configurations have
completely different mce values and query costs. This is mainly due to both the high computational cost for
training an SVM classifier (i.e., number of instances to the power of three) and differences in the computation
of mce (i.e., on 10 FCV for C-SVC and OOB for RF). Then, C-SVC’s mce values vary in a larger range than
RF’s ones. Therefore, the two classification algorithms can be considered two different representative cases.
With respect to C-SVC (Fig. 1), the sampled hyperparameter configurations show that (i) the optimum mce
should be “cheap”—especially for the SVMGUIDE(1) dataset—but (ii) it could be difficult to reach, according
to the small number of configurations around its minimum observed value, for all three datasets. On the
contrary, the minimum mce observed for the RF classifier is not associated with the cheapest hyperparameter
configurations in the case of SPLICE(3) and SVMGUIDE(1) datasets (Fig. 2). Therefore, a lower mce can be
achieved by more expensive RF classifiers, on these two datasets (even if it would not be significantly different
from the average).

4.2 Sources Setup

In MISO and multi-fidelity optimization for HPO, information sources are typically associated with
small portions of the large original dataset. A similar idea is followed in this paper: each one of the three
datasets was divided into 10 stratified subsets, then reaggregated to generate the following five sources:

f1 (%) = f(x), mce-FCV and mce-OOB on the entire dataset, respectively for C-SVC and RF;

f2 (x), mce-FCV and mce-OOB on the 40% of the original dataset (merging the first 4 subsets);
f3 (x), mce-FCV and mce-OOB on the 30% of the original dataset (merging subsets 5 to 7);

f1 (x), mce-FCV and mce-OOB on the 20% of the original dataset (merging subsets 8 and 9);
f5 (x), mce-FCV and mce-OOB on the 10% of the original dataset (just the subset 10)

According to this experimental setup, f>(x) to f5(x) rely on subsets that do not overlap. Although
this could imply a hierarchical organization of the sources, we assume that we do not anything about the
composition and nature of the sources; they are completely black boxes for the study.

4.3 MISO-wiLDCosts Setup

A set of 5 initial locations (i.e., hyperparameter values) sampled via Latin Hypercube Sampling (LHS),
on each source, is used to initialize MISO-wiLDCosts. Ten independent runs are performed for each dataset
and for each classification algorithm to mitigate the effect of random initialization.

The initialization procedures of CArBO cost-cooling and MISO-wiLDCosts are different. CArBO cost-
cooling starts with five configurations evaluated on the full-data source, whereas MISO-wiLDCosts starts
with five configurations on each of the five sources, resulting in 25 initial source evaluations. Consequently,
the comparison is not matched in terms of the number of initial evaluations. The primary comparison in
this study is based on cumulative query cost, because evaluations on the different sources have different
computational costs. However, the initial cumulative costs cannot be reported retrospectively because the
run-level initialization costs from the original experiments are not available. We therefore acknowledge the
unequal initialization as a limitation of the comparison.

At a generic iteration of MISO-wiLDCosts, all the GP models—F; (x), Cs(x) and F;(x)—are updated
conditioned to the function values and costs observed so far. Then, the next (s,x) to query is selected
according to (14), and in case (15). Model updating and evaluation of the next selected source location are
iterated until fifty function evaluations are performed.
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As the final solution of each run, MISO-wiLDCosts returns the hyperparameter values, x*, associated
with the 7 obtained at the end of the process, that is x*: (x*,7") € F. This requires computing, one last
time, the set of the AGP’s inducing locations, F. Finally, since x™ could be a location queried on a source
different from f; (x), a further evaluation is performed to replace yb* with the f;(x*). Although this situation
has been considered in implementing MISO-wiLDCosts, it never occurred in the experiments performed.

4.4 Baseline

Since no prior work has simultaneously addressed MISO and cost-aware optimization, baseline selec-
tion requires careful justification. MISO-wiLDCosts sits at the intersection of two research directions:
multi-source optimization and cost-aware BO. The relevant baselines must therefore cover both dimensions.
For cost-aware single-source BO, CArBO [30] represents the state of the art and is the appropriate compar-
ison: adding weaker cost-aware alternatives such as EI-per-cost [31] would only widen the performance gap
in favor of MISO-wiLDCosts without providing additional scientific insight. For multi-source optimization
without cost-awareness, the natural baseline is MISO-AGP [21], the method that MISO-wiLDCosts directly
extends. Rather than replicating published MISO-AGP experiments, we note that Ref. [21] establishes the
performance of AGP-based multi-source fusion on HPO tasks without cost-awareness; the comparison
between MISO-wiLDCosts and CArBO in this paper thus implicitly spans both dimensions: CArBO
represents the cost-aware single-source upper bound, and Ref. [21] represents the multi-source cost-unaware
reference point. A unified experimental comparison including all three methods on identical tasks remains
a valuable direction for future work. It is important to note that CArBO also implements a procedure to
obtain a cost-effective initial design, which could also be included in MISOwilDCosts. In this paper, just
the cost-cooling of CArBO has been considered, while the initial designs are those sampled via LHS in the
MISO-wiLDCosts experiments. Cost-cooling requires defining the overall budget in terms of the maximum
cumulated query cost. We defined it to cover approximately the fifty function evaluations performed by
MISO-wiLDCosts, leading to:

HPO of C-SVC: 1 h for SPLICE(3) and SVMGUIDE(1), and 3 h for MAGIC.
HPO of RF: 15 min for SPLICE(3), 10 min for SVMGUIDE(1), and 1 h and a half for MAGIC.

Just for a fair comparison, also for CArBO cost-cooling, the optimization process was stopped at fifty
evaluations, even if some residual budget was available.

4.5 Computational Setting

MISO-wiLDCosts is developed in R. Experiments were run on a Microsoft Azure virtual machine, H8
(High Performance Computing family) Standard with 8 vCPUs, 56 GB of memory, Ubuntu 16.04.6 LTS.

5 Results

The main results of our experiments are summarized in Table 1, where the suffixes “wild” and “cooling”
are used to distinguish between MISO-wiLDCosts and CArBO cost-cooling, respectively. Unsurprisingly,
cumulated query cost is significantly lower for MISO-wiLDCosts, according to Wilcoxon’s nonparametric
test for paired samples (p,,,;,,. < 0.001). The most relevant outcomes related to mce are:

«  With respect to C-SVC, mce-wild is higher than mce-cooling, for SPLICE(3) (p, ,;,. < 0.0001) and
SVMGUIDE(1) datasets (p,,,;,, = 0.01);

o mce-wild is equal to mce-cooling in the case of HPO of C-SVC on the MAGIC dataset (Tables 1, 2). The
reduction in query cost is smaller than in the other C-SVC cases but still favors cost-cooling (Table 1).
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o  Asfaras HPO of RF is concerned, mce-wild and mce-cooling are basically the same, but MISOwiLD-
costs used less than 40% of the cumulated cost required by CArBO cost-cooling, less than 20% for the
SPLICE(3) and SVMGUIDE(1) datasets.

These differences are more evident in Table 2, where “delta mce” is the difference between mce-wild and
cost—wild
cost—cooling™ *

It should be noted that the comparison is not fully symmetric: our implementation uses LHS-based
initial designs rather than CArBO’s cost-effective initial design, which may modestly favor CArBO in
early iterations.

mce-cooling, and “%cost” is given by 100 x

Table 1: HPO results on three classification datasets and two ML classification algorithms: mce and cumulated query
cost for 10 runs of MISO-wiLDCosts and CArBO cost-cooling.

Classifier Dataset mce-wild mce-cooling cost-wild [s] cost-cooling [s]

SPLICE(3) 0.168 £ 0.062  0.080 + 0.002 744.607 + 91.760 3646.908 + 30.841
C-SVC  SVMGUIDE(1) 0.037 £0.014 0.029 + 0.000 572.063 £ 96.167 3263.303 + 385.737

MAGIC 0.172 £ 0.000  0.172 £ 0.000 11,050.060 + 522.669 11,575.700 + 699.917

SPLICE(3) 0.025 +£ 0.003  0.025 + 0.000 78.624 £ 7.375 456.572 + 42.073

RF SVMGUIDE(1) 0.026 + 0.003 0.027 + 0.000 25.230 +1.490 133.070 + 8.460
MAGIC 0.141 +£ 0.000  0.141 + 0.000 492.327 + 39.704 1360.064 + 349.545

Table 2: Comparison between MISO-wiLDCosts and CArBO cost-cooling.

Classifier Dataset delta mce %cost
SPLICE (3) 0.088 + 0.063 20.43% + 2.60%
C-SvC SVMGUIDE(1) 0.008 + 0.014 17.68% + 2.99%
MAGIC 0.000 + 0.000 95.64% + 5.04%
SPLICE(3) 0.000 + 0.003 17.26% =+ 1.31%
RF SVMGUIDE(1) —-0.001 + 0.003 19.04% + 1.78%
MAGIC 0.001 + 0.000 38.65% + 11.12%

Finally, just for illustrative purposes, Fig. 3 shows the query cost incurred at each iteration of MISOw-
iLDCosts and CArBO cost-cooling, separately (solid vs. dashed lines): lines and shaded area are, respectively,
the mean and standard deviation computed on the 10 independent runs. For reasons of space and ease of
viewing, the figure refers to HPO of RE, but the behaviour is analogous for HPO of C-SVC.

It is important to note that just five initial hyperparameter configurations are used to initialize CArBO
cost-cooling, while five for each source (i.e., twenty-five) are used to initialize MISO-wiLDCosts.

After the initial design, MISO-wiLDCosts mainly used “cheap” sources in the case of SPLICE(3) and
SVMGUIDE(1) datasets, while it used all the sources, including f 1(x), in the case of the MAGIC dataset.
This means that, in the case of SPLICE(3) and SVMGUIDE(1): (i) sources that were discrepant from f,(x)
had contributed in providing inducing locations of the AGP and/or (ii) any early convergence towards a
specific source-location pair, (s, x), did not occur, thus correction (12) was not (frequently) used.
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Figure 3: RF classifier HPO on three datasets: query cost, by function evaluation, for MISO-wiLDCosts and CArBO
cost-cooling. Lines and shaded areas are, respectively, the mean and standard deviation on 10 runs. Initial design for
CArBO cost-cooling consists of five hyperparameter configurations sampled via LHS, while for MISOwiLDCosts, it
consists of five evaluations: five hyperparameter configurations on each one of the five sources.

6 Conclusions

This paper shows that unifying MISO and cost-aware BO within a single framework is feasible.
MISO-wiLDCosts is, to the best of our knowledge, the first MISO approach that also accounts for
location-dependent costs within each source. Its practical value is demonstrated on an HPO task, where
MISO-wiLDCosts achieves a favorable trade-off between cumulated query cost and classification accuracy
compared to single-source cost-aware BO, with substantially lower cost at the price of a small, dataset-
dependent increase in misclassification error in some settings.

Limitations: A limiting assumption is that different sources, despite differing observational cost and
quality, live in the same space. When the sources are different, e.g., a continuous or a grid vs. the output of
a FEM in the fluid dynamics solver, or a physics-inspired machine learning model, or a physical prototype,
the acquisition formula is still valid, but computing the distance between Gaussians requires different
models. A further limitation concerns the absence of ablation studies isolating the contribution of individual
components. In particular, comparing MISO-wiLDCosts against a variant using standalone per-source
GP fusion without the AGP discrepancy penalty would clarify the specific benefit of the augmentation
mechanism. The current evaluation is limited to HPO tasks, where both source fidelity and query cost are
inherently entangled with the underlying ML algorithm and dataset. Controlled experiments on synthetic
benchmark functions with explicitly constructed location-dependent fidelity and cost structures would allow
a cleaner assessment of the proposed acquisition function’s behavior independently of the AutoML setting.
The simplified discrepancy measure adopted in (8) ignores predictive uncertainty, relying solely on posterior
means. An empirical sensitivity analysis comparing this measure against uncertainty-aware alternatives
such as the Wasserstein-2/Bures distance would provide stronger justification for this design choice and
is left for future work. Another limitation concerns the initialization budget. MISO-wiLDCosts uses five
initial configurations per source, while CArBO uses five configurations on the full-data source. Because
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the run-level initialization costs are not available, we could not report the corresponding numerical initial
cumulative costs or perform a retrospective sensitivity analysis with matched initialization. A cost-matched
or evaluation-matched initialization study is therefore an important direction for future work.

Perspectives: The framework of multi-source Bayesian optimization can be extended to incorporate
alternative divergence measures beyond f-divergences, such as Wasserstein distance, which provides a
natural metric for quantifying movement costs when source domains share the same space [50]. The
growing interest in Bayesian optimization with movement costs reflects practical constraints where the
cost of transitioning between design points depends on both current and previous evaluations, funda-
mentally differing from conventional cost-aware approaches [37,51]. This creates a dual trade-off between
exploration-exploitation and query costs that includes movement penalties, which can be more effectively
addressed through lookahead acquisition function variants [51]. Recent developments have expanded this
perspective by considering cost-varying variable subsets [34] and intervention costs in causal systems [52],
suggesting that when source spaces differ structurally, such as continuous domains versus finite element
method outputs.

Acknowledgement: Not applicable.
Funding Statement: The authors received no specific funding for this study.

Author Contributions: The authors confirm contribution to the paper as follows: conceptualization, Antonio Cande-
lieri and Francesco Archetti; methodology, Antonio Candelieri and Francesco Archetti; software, Antonio Candelieri;
validation, Antonio Candelieri, Francesco Archetti and Iman Seyedi; formal analysis, Antonio Candelieri; investigation,
Antonio Candelieri, Francesco Archetti and Iman Seyedi; resources, Antonio Candelieri, Francesco Archetti and
Iman Seyedi; data curation, Antonio Candelieri and Francesco Archetti; writing—original draft preparation, Antonio
Candelieri and Francesco Archetti; writing—review and editing, Antonio Candelieri, Francesco Archetti and Iman
Seyedi; visualization, Antonio Candelieri and Iman Seyedi; supervision, Antonio Candelieri and Francesco Archetti;
project administration, Antonio Candelieri and Francesco Archetti; funding acquisition, Antonio Candelieri and
Francesco Archetti. All authors reviewed and approved the final version of the manuscript.

Availability of Data and Materials: The data that support the findings of this study are available from the Correspond-
ing Author, [antonio.candelieri@unimib.it], upon reasonable request.

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Archetti F, Candelieri A. Bayesian optimization and data science. Cham, Switzerland: Springer International
Publishing; 2019.

2. Frazier PI. Bayesian optimization. In: Recent advances in optimization and modeling of contemporary problems.
Catonsville, MD, USA: INFORMS; 2018. p. 255-78.

3.  Shahriari B, Swersky K, Wang Z, Adams RP, de Freitas N. Taking the human out of the loop: a review of Bayesian
optimization. Proc IEEE. 2016;104(1):148-75. doi:10.1109/jproc.2015.2494218.

4. Candelieri A, Archetti F. Global optimization in machine learning: the design of a predictive analytics application.
Soft Comput. 2019;23(9):2969-77. doi:10.1007/s00500-018-3597-8.

5. Hutter F, Kotthoft L, Vanschoren J. Automated machine learning: methods, systems, challenges. Cham, Switzer-
land: Springer International Publishing; 2019.

6. Elsken T, Metzen JH, Hutter F. Neural architecture search: a survey. ] Mach Learn Res. 2019;20(55):1-21.


http://antonio.candelieri@unimib.it
https://doi.org/10.1109/jproc.2015.2494218
https://doi.org/10.1007/s00500-018-3597-8

Comput Mater Contin. 2026 17

10.

1L

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Sha D, Ozbay K, Ding Y. Applying Bayesian optimization for calibration of transportation simulation models.
Transp Res Rec ] Transp Res Board. 2020;2674(10):215-28. doi:10.1177/0361198120936252.

Candelieri A, Perego R, Archetti F. Bayesian optimization of pump operations in water distribution systems. ] Glob
Optim. 2018;71(1):213-35. d0i:10.1007/510898-018-0641-2.

Strubell E, Ganesh A, McCallum A. Energy and policy considerations for modern deep learning research. Proc
AAAI Conf Artif Intell. 2020;34(9):13693-6. d0i:10.1609/aaai.v34i09.7123.

Kennedy M, O'Hagan A. Predicting the output from a complex computer code when fast approximations are
available. Biometrika. 2000;87(1):1-13. d0i:10.1093/biomet/87.1.1.

Chaudhuri A, Marques AN, Lam R, Willcox KE. Reusing information for multifidelity active learning in reliability-
based design optimization. In: Proceedings of the AIAA Scitech 2019 Forum; 2019 Jan 7-11; San Diego, CA, USA.
Kandasamy K, Dasarathy G, Oliva ], Schneider J, Péczos B. Multi-fidelity Gaussian process bandit optimisation.
J Artif Intell Res. 2019;66:151-96. d0i:10.1613/jair.1.11288.

Marques A, Lam R, Willcox K. Contour location via entropy reduction leveraging multiple information sources.
In: Proceedings of the 32nd Conference on Neural Information Processing Systems (NeurIPS 2018); 2018 Dec 2-8;
Montréal, QC, Canada.

Candelieri A, Ponti A, Archetti F. Multiple information source Bayesian optimization. Cham, Switzerland: Springer
Nature Switzerland; 2025.

March A, Willcox K. Provably convergent multifidelity optimization algorithm not requiring high-fidelity
derivatives. AIAA J. 2012;50(5):1079-89. d0i:10.2514/1.j051125.

Lam R, Allaire DL, Willcox KE. Multifidelity optimization using statistical surrogate modeling for non-hierarchical
information sources. In: Proceedings of the 56th AIAA/ASCE/AHS/ASC Structures, Structural Dynamics, and
Materials Conference; 2015 Jan 5-9; Kissimmee, FL, USA.

Poloczek M, Wang J, Frazier P. Multi-information source optimization. In: Proceedings of the 31st Conference on
Neural Information Processing Systems (NIPS 2017); 2017 Dec 4-9; Long Beach, CA, USA.

Ghoreishi SE, Allaire D. Multi-information source constrained Bayesian optimization. Struct Multidiscip Optim.
2019;59(3):977-91. doi:10.1007/500158-018-2115-z.

Winkler RL. Combining probability distributions from dependent information sources. Manag Sci. 1981;
27(4):479-88. doi:10.1287/mnsc.27.4.479.

Ji S, Tan Y, Saravirta T, Yang Z, Liu Y, Vasankari L, et al. Emerging trends in federated learning: from model fusion
to federated X learning. Int ] Mach Learn Cybern. 2024;15(9):3769-90. doi:10.1007/s13042-024-02119-1.
Candelieri A, Perego R, Archetti F. Green machine learning via augmented Gaussian processes and multi-
information source optimization. Soft Comput. 2021;25(19):12591-603. doi:10.1007/s00500-021-05684-7.

Swersky K, Snoek J, Adams RP. Multi-task Bayesian optimization. In: Proceedings of the Advances in Neural
Information Processing Systems 26 (NIPS 2013); 2013 Dec 5-8; Lake Tahoe, NV, USA.

Klein A, Falkner S, Bartels S, Hennig P, Hutter F. Fast Bayesian optimization of machine learning hyperparameters
on large datasets. Artif Intell Stat. 2017;54(2):528-36.

Oliva D, Martins MSR, Hinojosa S, Elaziz MA, dos Santos PV, da Cruz G, et al. A hyper-heuristic guided
by a probabilistic graphical model for single-objective real-parameter optimization. Int ] Mach Learn Cybern.
2022;13(12):3743-72. d0i:10.1007/513042-022-01623-6.

Park K, Molina Concha D, Lee HR, Lee T, Lee CG. Reward design in multi-agent systems using successor features
and multi-information source Bayesian optimization. Int ] Mach Learn Cybern. 2025;16(9):6249-70. doi:10.1007/
s13042-025-02622-z.

Zhang Z, Zhang Z, Chen Z. Multiple-source localization from a single-snapshot observation using graph Bayesian
optimization. Proc AAAI Conf Artif Intell. 2024;38(20):22538-46. doi:10.1609/aaai.v38i20.30262.

Zhou Z, Wang Y, Zhai Q, Yan ]. Multi-source localization based on graph representation learning and Bayesian
optimization. IEEE Trans Netw Sci Eng. 2026;13(3):4815-32. d0i:10.1109/tnse.2025.3644931.

Mikkola P, Martinelli ], Filstroff L, Kaski S. Multi-fidelity Bayesian optimization with unreliable information
sources. Int Conf Artif Intell Stat. 2023;206:7425-54.


https://doi.org/10.1177/0361198120936252
https://doi.org/10.1007/s10898-018-0641-2
https://doi.org/10.1609/aaai.v34i09.7123
https://doi.org/10.1093/biomet/87.1.1
https://doi.org/10.1613/jair.1.11288
https://doi.org/10.2514/1.j051125
https://doi.org/10.1007/s00158-018-2115-z
https://doi.org/10.1287/mnsc.27.4.479
https://doi.org/10.1007/s13042-024-02119-1
https://doi.org/10.1007/s00500-021-05684-7
https://doi.org/10.1007/s13042-022-01623-6
https://doi.org/10.1007/s13042-025-02622-z
https://doi.org/10.1007/s13042-025-02622-z
https://doi.org/10.1609/aaai.v38i20.30262
https://doi.org/10.1109/tnse.2025.3644931

18

29.

30.

3L

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Comput Mater Contin. 2026

Jacobs L, Ali Javidian M. Extending multi-source Bayesian optimization with causality principles. arXiv:2602.147
91. 2026.

Lee EH, Perrone V, Archambeau C, Seeger M. Cost-aware Bayesian optimization. arXiv:2003.10870. 2020.

Snoek ], Larochelle H, Adams RP. Practical Bayesian optimization of machine learning algorithms. In: Proceedings
of the Advances in Neural Information Processing Systems 25 (NIPS 2012); 2012 Dec 3-6; Lake Tahoe, NV, USA.
Paria B, Neiswanger W, Ghods R, Schneider J, Péczos B. Cost-aware Bayesian optimization via information
directed sampling. In: Proceedings of the Adaptive Experimental Design and Active Learning in the Real World
Workshop at ICML; 2020 Jul 18; Virtual.

Russo D, Van Roy B. Learning to optimize via information-directed sampling. Adv Neural Inf Process Syst.
2014;27(1):1-9.

Tay S, Foo CS, Urano D, Leong R, Low BKH. Bayesian optimization with cost-varying variable subsets. Adv Neural
Inf Process Syst. 2023;36:3008-31.

Liu P, Wang H, Qiyu W. Bayesian optimization with switching cost: regret analysis and lookahead variants. In:
Proceedings of the Thirty-Second International Joint Conference on Artificial Intelligence; 2023 Aug 19-25; Macao,
China.

Kim H, Liu C, Chen Y. Bayesian optimization with inexact acquisition: is random grid search sufficient?
arXiv:2506.11831. 2025.

Chen Q, Al Kontar R. The traveling bandit: a framework for Bayesian optimization with movement costs.
Technometrics. 2026;68(2):239-50. d0i:10.1080/00401706.2025.2573228.

Candelieri A, Archetti F, Seyedi I, Ponti A. Resource allocation via Bayesian optimization in Wasserstein spaces
vs. semi-bandit feedback. Big Data Cogn Comput. 2026;10(7):206. doi:10.3390/bdcc10070206.

Jo S, Yoon S, Na HS, Kweon SJ. Multi-period large-scale electric vehicle charging station deployment under
latent charging demand: a Bayesian optimization-based large neighborhood search approach. Expert Syst Appl.
2026;323(16):132054. doi:10.1016/j.eswa.2026.132054.

Pourmohamad T. Surrogates: Gaussian process modeling, design, and optimization for the applied sciences.
Technometrics. 2021;63(1):144-5. d0i:10.1080/00401706.2020.1865008.

Rasmussen CE, Williams CKI. Gaussian processes for machine learning. Cambridge, MA, USA: The MIT Press;
2005.

Seyedi I, Candelieri A, Archetti F. Distributionally robust Bayesian optimization via sinkhorn-based Wasserstein
barycenter. Mach Learn Knowl Extr. 2025;7(3):90. doi:10.3390/make7030090.

Bures D. An extension of Kakutani’s theorem on infinite product measures to the tensor product of semifinite
w*-algebras. Trans Am Math Soc. 1969;135:199-212. d0i:10.2307/1995012.

Forrester PJ, Kieburg M. Relating the bures measure to the cauchy two-matrix model. Commun Math Phys.
2016;342(1):151-87. d0i:10.1007/s00220-015-2435-4.

Srinivas N, Krause A, Kakade SM, Seeger MW. Information-theoretic regret bounds for Gaussian process
optimization in the bandit setting. IEEE Trans Inform Theory. 2012;58(5):3250-65. doi:10.1109/tit.2011.2182033.
Hsu CW, Chang CC, Lin CJ. A practical guide to support vector classification. 2003 [cited 2025 Jan 1]. Available
from: https://www.csie.ntu.edu.tw/~cjlin/papers/guide/guide.pdf.

Heck D, Knapp J, Capdevielle JN, Schatz G, Thouw T. CORSIKA: a Monte Carlo code to simulate extensive air
showers. Eggenstein-Leopoldshafen, Germany: Forschungszentrum Karlsruhe; 1998. Report No.: FZKA 6019.
Scholkopf B, Smola AJ. Learning with kernels: support vector machines, regularization, optimization, and beyond.
Cambridge, MA, USA: MIT Press; 2002.

Goel E, Abhilasha E. Random forest: a review. Int ] Adv Res Comput Sci Softw Eng. 2017;7(1):251-7. d0i:10.23956/
ijarcsse/v7il/01113.

Seyedi I, Candelieri A, Messina E, Archetti F. Wasserstein distributionally robust optimization for chance
constrained facility location under uncertain demand. Mathematics. 2025;13(13):2144. doi:10.3390/math13132144.
Ramesh SS, Sessa PG, Krause A, Bogunovic I. Movement penalized Bayesian optimization with application to wind
energy systems. Adv Neural Inf Process Syst. 2022;35:27036-48. d0i:10.52202/068431-1960.

Aglietti V, Lu X, Paleyes A, Gonzélez ]. Causal Bayesian optimization. Int Conf Artif Intell Stat. 2020;108:3155-64.


https://doi.org/10.1080/00401706.2025.2573228
https://doi.org/10.3390/bdcc10070206
https://doi.org/10.1016/j.eswa.2026.132054
https://doi.org/10.1080/00401706.2020.1865008
https://doi.org/10.3390/make7030090
https://doi.org/10.2307/1995012
https://doi.org/10.1007/s00220-015-2435-4
https://doi.org/10.1109/tit.2011.2182033
https://www.csie.ntu.edu.tw/~cjlin/papers/guide/guide.pdf
https://doi.org/10.23956/ijarcsse/v7i1/01113
https://doi.org/10.23956/ijarcsse/v7i1/01113
https://doi.org/10.3390/math13132144
https://doi.org/10.52202/068431-1960

	Multi-Information Source Bayesian Optimization with Location-Varying Costs
	1 Introduction
	2 Related Work
	3 Methodology
	4 Experimental Setting
	5 Results
	6 Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


