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Many real-world optimization problems in scientific discovery and engineering design
optimization involve multiple design evaluation sources, such as simulators, experiments,
or manufacturing sites, operate independently, and evaluate different functions of the same
underlying objective (quantity of interest). In this work, we refer to these design evaluation
sources as agents. Such agents often differ in their objective function mappings, evaluation
budgets, and accessible optimization variables, which complicate coordination and infor-
mation sharing. Bayesian optimization (BO) is a widely used framework for expensive
blackbox optimization, yet its standard single-agent formulation assumes centralized
control and full data sharing. Recent collaborative BO methods relax these assumptions
but still rely on uniform resources, fully shared input spaces, and closely aligned tasks,
and these requirements are seldom met in real applications. To address these limitations,
we introduce adaptive resource-aware collaborative Bayesian optimization (ARCO-BO), a
[framework that explicitly accounts for heterogeneity in multi-agent optimization. ARCO-
BO integrates three key components: a similarity- and optimal-location-aware consensus
mechanism for adaptive information sharing, a budget-aware asynchronous sampling
strategy for resource coordination, and a partial input-space sharing scheme for heteroge-
neous optimization variables. Experiments on synthetic benchmarks and high-dimensional
engineering optimization problems demonstrate that ARCO-BO consistently outperforms
independent BO and the existing consensus-based collaborative BO, achieving robust

and efficient performance in complex heterogeneous multi-agent optimization settings.
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1 Introduction

In decentralized design optimization, multiple design evaluation
sources operate independently and hold different views of the same
underlying system. We refer to each of these heterogeneous evalu-
ation sources as an agent. Many real-world optimization problems
in scientific discovery and engineering design optimization involve
such agents working toward a shared underlying objective (quan-
tity of interest), while differing in their evaluation processes,
resource availability, and accessible design spaces. In multifidelity
engineering design optimization [1-3], for example, low- and high-
fidelity simulators target the same physical phenomenon, yet dif-
ferences in model resolution, numerical approximation, and cost
result in distinct objective function landscapes corresponding to a
shared underlying quantity of interest. Simulators can be queried
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many times when computationally feasible, whereas experiments
often permit only a limited number of evaluations due to time,
expense, or material constraints. The accessible design inputs
may also differ, since some variables cannot be measured or con-
trolled experimentally, while simulations may include idealized
or unphysical parameters. Similar heterogeneity arises in
experiment-driven materials discovery [4-8], where laboratories
often use different instruments, environmental conditions, or mea-
surement protocols. As a result, they probe the same high-level
structure—property relationship, yet induce distinct objective func-
tion mappings of the same underlying quantity of interest, and their
accessible regions of the design space may only partially overlap.
A comparable situation occurs in decentralized manufacturing
[9-11], where facilities implement nominally similar process
recipes but differ in equipment settings, operating environments,
or calibration factors, leading to variations in local performance
metrics even when sharing as many controllable parameters as pos-
sible. This inherent variability creates a unifying challenge: agents
aim to improve performance on a shared underlying system while
contending with differences arising from their distinct data
sources, operational environments, and evaluation processes.
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Conceptual illustration of a multi-agent design optimization: (a) without collaboration,

agents rely solely on their own information and (b) with collaboration, agents share information

to accelerate optimization

These application settings motivate a multi-agent design optimi-
zation perspective [12,13], in which agents optimize different
objective function mappings of a shared underlying objective
while leveraging useful information from one another. Building
on the forms of heterogeneity described above, we distinguish
three categories that commonly arise in practice: function heteroge-
neity, where agents target a common underlying objective but are
associated with a distinct objective function [14]; budget heteroge-
neity, where evaluation costs differ and lead to unequal query
capacities; and input-space heterogeneity, where agents access
overlapping but nonidentical regions of the design domain due
to measurement limits or model-specific constraints. In this
work, we emphasize cooperation over competition, enabling
agents to coordinate and accelerate learning despite heterogeneity.
Figure 1 illustrates this perspective by contrasting independent
optimization, where agents operate in isolation, with collaborative
optimization, where agents selectively share information to accel-
erate learning despite heterogeneity.

A broad range of methods has been developed for coordinating
multiple entities in optimization and decision-making systems
[15-25]. Classical distributed optimization methods [15-17]
assume that all participating nodes collectively solve a single
global objective function, typically through decomposition and
coordinated local updates such as distributed gradient descent or
the alternating direction method of multipliers. Consensus-based
approaches [18-21] similarly align shared variables so that all
nodes converge to a common system-level solution. Game-theo-
retic and agent-based frameworks [22-25] also operate in shared
environments where interactions among decision-makers influence
a unified objective function or equilibrium outcome. While power-
ful, these approaches generally assume a common optimization
goal or explicit interaction models and rely on gradient informa-
tion, making them unsuitable for costly blackbox evaluations or
for scenarios where evaluation sources do not share the same objec-
tive function. Recent developments in multi-actor reinforcement
learning [26-28] likewise emphasize coordinated behavior under
a shared environment, but their focus on reward maximization
differs from the sample-efficient exploration required for expen-
sive blackbox optimization with limited evaluation budgets. In
contrast, our setting involves autonomous evaluation sources,
which we refer to as agents, that do not jointly minimize a single
global objective function. Each agent optimizes its own objective
function mapping of a shared underlying objective, shaped by dif-
ferences in fidelity, experimental conditions, or operating environ-
ments, while sharing only a subset of design variables with others.
Because naive search strategies and ad hoc heuristics are not
sample-efficient in such heterogeneous and resource-constrained
settings, an adaptive and uncertainty-aware approach is needed to
guide evaluations effectively.

Bayesian optimization (BO) has been a popular effective adap-
tive learning framework for data-efficient decision-making in sce-
narios where evaluating objective functions is expensive [29-31].
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BO leverages probabilistic surrogate models such as Gaussian pro-
cesses (GPs) [32] to estimate uncertainty and guide exploration
through acquisition functions that balance exploration and exploi-
tation to efficiently locate global optima with minimal samples.
However, standard BO frameworks inherently assume a central-
ized, single-agent setup in which all evaluations and optimization
decisions are controlled by a unified model operating over the
entire design space. This assumption limits the applicability of tra-
ditional BO in decentralized and collaborative environments where
optimization tasks are performed by multiple agents or in a paral-
lelized setup.

This gap motivates the shift to collaborative Bayesian optimiza-
tion, which extends BO from a single-agent setting to a distributed
multi-agent scenario in which multiple agents optimize concur-
rently and selectively share information. Collaborative BO
[11,33,34] introduces a new paradigm for multi-agent design opti-
mization by enabling agents to share surrogate information and/or
coordinate sampling decisions without requiring centralized
control or full data sharing. The collaborative BO strategy pro-
posed by Chen et al. [33] introduces constrained Gaussian
process surrogates that enable agents to leverage informative eval-
uations discovered by high-performing collaborators. Rather than
treating each agent’s optimization process in isolation, this
method facilitates cross-agent knowledge sharing by selectively
incorporating promising designs observed by others, subject to
compatibility constraints. Another collaboration strategy proposed
by Zhan et al. [34] adopts a federated optimization paradigm,
where each agent trains its own model using its local data and
then shares only certain parameters (like gradients or parts of the
model) with others. By doing this, the agents work together to
build a shared global model without directly sharing their raw
data. More recently, consensus-based collaborative BO methods
have been proposed [11] in which agents agree on their
next-to-sample designs by sharing their local designs, but not
design performances.

In parallel, emerging multisource data fusion methods [2,35-37]
offer an alternative paradigm for knowledge sharing through
unified surrogate models. A representative example is the latent
variable Gaussian process (LVGP) [36], which embeds discrete
or high-dimensional variables into a continuous latent space to
capture shared structures across heterogeneous tasks. In multifide-
lity optimization, LVGP has demonstrated strong potential for cap-
turing shared structures and correlations across tasks or fidelity
levels by implicitly learning task similarities through latent embed-
dings [2]. This enables effective information transfer across hetero-
geneous sources [37], thereby improving sample efficiency.
Nevertheless, unlike collaborative BO frameworks that safeguard
agent-level privacy by avoiding the exchange of true evaluation
outcomes, LVGP requires access to both the input variables and
the observed outputs from all agents in order to train a unified sur-
rogate model. Additionally, the joint optimization of latent embed-
dings and hyperparameters may become computationally intensive
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as the number of agents increases, limiting LVGP’s scalability and
applicability in many-agent systems.

Although these advances mark important progress in collabora-
tive optimization, extending them to accommodate the heterogene-
ity observed in real-world applications remains a substantial
challenge. Prior work has generally considered only limited
aspects of heterogeneity, without providing a unified framework
that addresses all simultaneously. In this article, we propose
adaptive resource-aware collaborative Bayesian optimization
(ARCO-BO), a framework designed for multi-agent optimization
in heterogeneous settings that overcomes the limitations of existing
approaches. We use the term collaboration to denote a cooperative
multi-agent scenario in which agents seek to improve their own
objective function mappings of a shared underlying objective
while benefiting from one another’s information. As existing collab-
orative BO methods typically assume shared objective functions,
uniform resource budgets, or fully overlapping input spaces,
ARCO-BO explicitly tackles three critical forms of heterogeneity:
differing objective functions, asymmetric evaluation budgets, and
partially shared input domains. ARCO-BO introduces three key
capabilities. First, it employs an adaptive, similarity- and an
optimal-location-aware consensus mechanism that modulates infor-
mation sharing according to surrogate model alignment, enabling
selective and dynamic collaboration among agents. Second, it
implements a resource-aware sampling strategy that schedules
agent participation based on their available evaluation budgets, pro-
moting efficient and balanced exploration. Third, it enables collab-
oration over partially shared input spaces, allowing agents to
coordinate on common variables while independently optimizing
their private inputs. We present proof-of-concept numerical
studies rather than domain-specific engineering deployments. We
evaluate ARCO-BO on a suite of low-dimensional illustrative func-
tions and high-dimensional synthetic design optimization problems,
which serve as controlled abstractions of real engineering settings.
These benchmarks enable reproducible analysis of algorithmic
behavior while capturing key characteristics of heterogeneous
multi-agent systems. We compare the proposed ARCO-BO’s per-
formance to two baselines: (1) standard Bayesian optimization
with independent agents and (2) conventional consensus-based col-
laborative BO with static update rules [11]. Our results show that
ARCO-BO consistently achieves superior design quality and
faster convergence across all tested scenarios.

The contributions of this work are summarized as follows:

e We introduce ARCO-BO, a novel framework for multi-agent
Bayesian optimization under heterogeneous settings, includ-
ing function heterogeneity, asymmetric evaluation budgets,
and partially shared input spaces.

e We develop three key algorithmic components: a similarity-
and optimal-location-aware consensus mechanism for
dynamic information sharing, a budget-aware sampling strat-
egy to coordinate evaluations based on remaining agent
resources, and a partially shared input model to handle hetero-
geneous design spaces across agents.

e We demonstrate that ARCO-BO consistently outperforms
both independent optimization and static-consensus baselines
on synthetic benchmarks and high-dimensional engineering
design optimization problems.

The remainder of this article is organized as follows. Section 2
reviews the technical background, including the existing Bayesian
optimization and collaborative Bayesian optimization via consen-
sus. Section 3 introduces the proposed ARCO-BO framework,
detailing its adaptive consensus mechanism, resource-aware
sampling strategy, and support for partially shared input spaces.
Section 4 outlines the setup of numerical studies, including
evaluation metrics and computational configurations. Section 5
presents and analyzes the results, comparing ARCO-BO to base-
line methods across diverse multi-agent optimization scenarios.
Section 6 concludes the article and discusses potential directions
for future research.

Journal of Mechanical Design

2 Technical Background

This section introduces the foundational concepts that motivate
and inform our proposed ARCO-BO. We begin with a review of
BO, followed by its extension to collaborative multi-agent settings
via consensus-based collaborative BO. These components high-
light the heterogeneity and coordination challenges that
ARCO-BO is designed to address.

2.1 Bayesian Optimization. BO [29,38-40] has emerged as a
powerful framework for the global optimization of expensive,
blackbox functions. In these settings, the objective function f is
not analytically accessible and can only be evaluated through
potentially noisy observations of the form y=f(x)+ ¢, where
e ~ N(0, 6%) denotes independent Gaussian noise. The goal is to
identify the global optimal solution of the function:

X* € arg mxinf(x) (1

with x residing in a d-dimensional design space. A central chal-
lenge in BO lies in the high cost of function evaluations, which
severely limits the number of allowable queries. As a result,
exhaustive search strategies become impractical, and conventional
optimization methods often prove inefficient. BO addresses this
challenge by leveraging a probabilistic surrogate model to approx-
imate the unknown objective function. This model guides the selec-
tion of future query points in a way that strategically balances
exploration of uncertain regions with exploitation of areas likely
to yield high performance. BO relies on two fundamental compo-
nents: a surrogate model (typically a Gaussian process) and an
acquisition function that quantifies the utility of sampling each can-
didate point.

The GP defines a distribution over functions and is character-
ized by a mean function u(-) and a covariance (kernel) function

k(-, +):
F&x) ~ GP(u(x), k(x, X)) 2

Given an observed dataset D = {(x®, y")}"_ | the posterior

distribution of f at a set of new input locations
X, =[x,..., xM"] is
XD~ N (1,(X), Zu(Xs, X)) 3)

where p, and X, denote the posterior mean and covariance func-
tions, respectively.

An acquisition function is a heuristic used to select the next sam-
pling point. It takes the GP posterior as input and balances
exploration and exploitation. Common acquisition functions
[29,31,41] include probability of improvement, expected improve-
ment (EI), lower confidence bound, and Thompson sampling.
We adopt EI as a well-established baseline acquisition function
with well-understood behavior. The proposed framework is
acquisition-agnostic: it operates by reconciling the candidate
input locations proposed by individual agents through consensus
on shared variables, rather than by introducing a new acquisition
strategy. Consequently, it can be combined with alternative acqui-
sition functions without modification.

Assuming we have a minimization problem, the improvement
utility function is

u(x) =max (0, f* = f(x)) C)

where f* is the incumbent, i.e., the best (minimum) observed value
so far. EI is formulated as

Ag1(0) = E[u(x) | D]
* * 5
— (" = u(x))® (f M(X)> o (f H(X)> ()

o(X) o(X)

where ®(-) and ¢(-) are the cumulative distribution function (CDF)
and probability density function (PDF) of the standard normal
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distribution, and p(x) and o>(x) are the GP posterior mean and
variance. The next sampling point is chosen by maximizing

AEI(X).

2.2 Collaborative Bayesian Optimization Via Consensus.
As conventional BO is typically formulated for a single-agent
setting, collaborative BO [11,33,34,42] generalizes the BO frame-
work to accommodate these multi-agent scenarios by allowing
agents to share information on the query samples to improve con-
vergence efficiency.

In the consensus-based Collabroative Bayesian Optimization
(CBO) framework proposed by Yue et al. [11], each agent
i € {1,..., K} maintains its own surrogate model and acquisition
function A4, selecting its candidate design point at iteration ¢ as

x\" € arg max E Fipl0 [Ai(fix)] ©)

where jAr, is the surrogate model fitted on agent i’s dataset DE').

However, instead of immediately evaluating these proposals, the
algorithm introduces a consensus step to enable collaboration.
At each iteration, agents exchange only their proposed values
for the shared variables and update them through a weighted aver-
aging scheme defined by a row-stochastic consensus matrix
W® e RF*K Specifically, the shared variables for each agent are
updated as

K
X = ng)xg.’), i=1,...,K @)
=1

while the agent-specific private variables remain unchanged. The
resulting consensus-informed design vector for agent i is then
formed by combining the updated shared variables with its original
private variables.

Figure 2 illustrates this operation for a two-agent system, in

which each agent proposes a candidate design independently and

i3 Agent 1 ¥5 Agent 2
g
= 10 e 10
= - -
s
g 8 8 =
= ’J
u:l_ (4] 6 _‘a'

00 25 50 75 100 00 25 50 75 100
Input x Input x

Consensus Operation

Agent 1 Agent 2

12

10

Function value
[+

00 25 50 75 100 00 25 50 75 100
Input x Input x
——=- Predicted mean @ Inital samples at iteration t
Predicted +1 std O Ssuggested samples
Predicted 95% Cl @ Updated samples
—— True function

Fig. 2 Consensus operation in collaborative Bayesian optimi-
zation. Agents first propose samples independently, then
update their decisions via a weighted consensus based on the
matrix W©,
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then updates its shared variables via consensus, blending local pro-
posals with information from the other agent to coordinate over the
shared design subspace.

Collaboration starts with full uniform averaging and gradually
transitions toward independent optimization. Specifically, the con-
sensus matrix is initialized as

1
wO = 2 Lok (®)

where 1g«x is a matrix of ones, representing equal weighting of all
agents’ proposals when initialized. As optimization progresses, the
consensus matrix evolves according to

WD = WO 4 (K — DIx — 1gxx] ©)

1
Tr |
where T denotes the total number of iterations. This update
increases the diagonal entries Wfl’) while decreasing the off-
diagonal entries Wg) for i # j, thereby progressively reducing the
influence of other agents’ shared-variable proposals. In the limit,
W converges to the identity matrix I, enabling agents to focus
solely on their own objective functions in later stages. The intuition
behind this transitional design optimization is that in early optimi-
zation stages, each agent’s surrogate model is trained on limited
data and benefits from the information pooled from other agents.
As each agent accumulates more observations and constructs
higher-quality surrogate models, the optimization naturally shifts
toward agent-specific refinement.

This consensus-based collaborative BO framework improves
sample efficiency by coordinating exploration across agents
while preserving task-specific goals. However, it relies on restric-
tive assumptions: it presumes that agents’ objective function
mappings of a shared underlying objective are well aligned,
with optima located in similar regions of the design space,
thereby overlooking broader forms of functional heterogeneity.
When these mappings are weakly correlated or poorly aligned,
uniform information sharing can lead to negative transfer and
slow convergence. As shown in Fig. 3, which depicts a
three-agent system, agents 2 and 3 are highly correlated
(r=0.77), whereas agents 1 and 3 are nearly uncorrelated
(r=-0.14) with distinct optima. The framework further
assumes equal evaluation budgets, ignoring resource asymmetries
that lead to inefficient sampling and unbalanced contributions. It
also neglects partially shared input spaces, where coordination is
possible only over subsets of design variables. These limitations
highlight the need for a more flexible, resource-aware, and
heterogeneity-adaptive framework for decentralized multi-agent
design optimization.

3 Adaptive Resource-Aware COllaborative Bayesian
Optimization (ARCO-BO)

We propose an ARCO-BO framework to enhance collaborative
BO in the presence of task heterogeneity, resource disparity, and
partially shared input spaces. ARCO-BO extends the consensus-
based collaborative BO by introducing three key mechanisms:
(1) similarity and optimal-location-aware dynamic consensus
weighting, which promotes targeted knowledge exchange by adap-
tively weighting contributions from agents whose objective func-
tion mappings of the shared underlying objective are well
aligned. (2) Budget-aware asynchronous sampling, which adjusts
each agent’s sampling frequency based on its evaluation budget,
ensuring efficient resource utilization. (3) Partial input-space
sharing, which allows agents to collaborate even when their
design spaces only partially overlap. The overall workflow of
ARCO-BO is summarized in Algorithm.
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Fig. 3 lllustration of function heterogeneity in a three-agent system. (a)
Agent-specific objective functions f;(x), whose global minima lie in different
regions of the domain. (b) Pairwise similarity shown as a correlation matrix.

Algorithm 1. ARCO-BO

Given (definitions):

e K: number of agents.

e For each agenti e {1,...,K}:
—Di = {(x;j, y;)},: initial dataset.
—fi: objective function; B;: evaluation budget.
—GP;: Gaussian process surrogate model fit to D;.
—Agent decision vector

X; = |:Xi<sharedj| c Rd, di — ds + dp,
X, private
where X shared € R% denotes shared variables and X private € R
denotes agent-specific private variables.
—-A;(- ; GP;): acquisition function for agent i.
e T: maximum number of algorithm iterations.
o S e R®¥: surrogate model similarity matrix.
o Q e R row-stochastic consensus weight matrix derived from S.

Goal: Minimize each f; under budget constraints.

Initialize: Fit GP; using D; for each agent. Let By, = max; B; and
define 7; = [Bmax/Bi] with 7; > 1. Set iteration counter ¢ = 0.

While any B; >0 and 7 < T do:

(1) Acquisition: For each agent i, if t mod 7; = 0 and B; > 0, select a pro-
posal

(1)
X
xl(-’) € arg max Ai(x; GP)), xl(-” = |: é;fhmd :|

i,private

(2) Consensus on shared variables: Update only the shared component
via weighted averaging:

i,shared j,shared?

K
x\new Zﬂg)xm i=1,....K.
=1

(3) Evaluation and model update: For each agent i with B; > 0:
o Form the full input using the consensus-updated shared part and the
private part from the proposal:

X(l).new ,
) i,shared
XEI) new _ ét)ﬁ are e RY.
i, private
(f),new __ (1),new
e Evaluate y; = fi(x; ).
e Update dataset D; « D; U {(x\?"%, y®mevyy,
e Retrain GP;; update B; « B; — 1.
(4) Refresh similarity/weights: Recompute S and update the row-
stochastic Q.
(5) Increment: r < ¢+ 1.

end while
Output: For each agent i, return final dataset D; and solution x; (best
observed point).

Journal of Mechanical Design

3.1 Similarity- and Optimal-Location-Aware Dynamic
Consensus Weighting. Previous collaborative BO via consensus
strategy [11] predominantly assumes uniform consensus weights,
treating all agents as equally informative regardless of differences
in their underlying objective functions. While this assumption sim-
plifies implementation, it is inherently limiting in heterogeneous
settings where agents are associated with distinct objective func-
tion mappings of a shared underlying objective. Blindly aggregat-
ing information across dissimilar agents can degrade surrogate
fidelity, introduce misleading guidance, and ultimately hinder opti-
mization convergence. To address this limitation, ARCO-BO intro-
duces a similarity- and optimal-location-aware consensus
mechanism that dynamically adjusts the influence of each agent
based on both global functional similarity and local alignment of
the predicted optimal solution. This approach ensures that informa-
tion transfer is targeted and beneficial, promoting collaboration
only where it enhances optimization performance.

Let K denote the number of agents, each maintaining a local GP
surrogate model GP;. To quantify interagent similarity, ARCO-BO
computes behavior-based embeddings derived from each model’s
predictive mean over a shared input grid. Specifically, let
Xiest € RV be a common test set sampled via Latin hypercube
sampling within the design bounds. Following established heuris-
tics in surrogate modeling and design of computer experiments,
we set N =50d, which provides sufficient resolution for model
comparison in moderate dimensions (commonly interpreted as d
up to about 10) [43,44]. For each agent i, the predictive mean at
each test input is computed to form a vector:

#i = EGPi(Xies0)] (10
and its predicted minima location is determined by

X! € arg min p; (11

XEXest

If there happens to be more than one point with the same
minimum value, we choose the one that appears first in the test set.

Stacking p; across all agents yields the behavior matrix
M € R¥* , while stacking x; yields the minima matrix
X* € R¥*4_ These matrices encode both global predictive behavior
and local optimal solutions for all agents.

The optimal-location-aware similarity between agents i and j is
then defined as

__ Pearson Proximity
Sij = S X Sij (12)

This multiplicative formulation ensures that high similarity is
assigned only when both global trends and the local optimal solu-
tion are aligned. If either component is low, their product is sup-
pressed, acting as a gating mechanism that avoids misleading
collaboration. By enforcing joint agreement, the multiplicative
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form conservatively identifies agent pairs for which information
sharing is both reliable and beneficial.

sge*‘“"" captures global similarity in functional behavior using the
Pearson correlation coefficient, which measures the linear align-
ment between the predictive means of agents i and j. Let u,,
denote the nth element of agent i’s predictive mean vector y;,

and let

1 N
ﬂi = ]T] ;”i,n

be the average predictive value over the test set. The Pearson cor-
relation coefficient is then computed as

P = Yo (in = B W = 1) P+ 1
ij = ~ —’ ij )
\/Zyzl (:ui,n _Hi)z\/zi:]:l (ﬂj,” - MJ)Z
13)

Pearson __

This normalization maps the Pearson correlation from its origi-
nal range of [ — 1, 1] to [0, 1], ensuring non-negative similarity
scores that are compatible with weighting in the consensus
framework. N

The second term, sfrox'm'ty, encodes minima proximity similarity,
quantifying how close the predicted optimal solutions are

sy = exp (=4, I = x71P) (14)
where /,, is a tunable hyperparameter that controls the sensitivity of
the similarity score to the distance between predicted minima. This
exponential formulation ensures that agents with nearby optimal
solutions are weighted more strongly in the consensus.

In our implementation, we set A, such that s;; ™" = 0.1 when
the distance between the predicted optimal solution is 10% of the
input-domain range A = max (x) — min (X):

_—In(0.1)

" 0.14) ()

The 10% threshold is an empirically motivated choice based on
initial experiments and reflects a moderate tolerance for optimal
solution misalignment. However, this threshold can be adjusted
depending on the problem context and desired sensitivity to prox-
imity. In general, 4, should be set to reflect the scale at which
optimal solution misalignment becomes detrimental to collabora-
tive inference.

Together, these yield a symmetric similarity matrix $© € RF
that captures both global predictive consistency and alignment in
locally optimal regions. To illustrate the motivation behind our
metric, Fig. 4 shows how different function transformations
impact shape similarity and optimal solution proximity. Each
subplot compares a base function f(x) (solid black) with a trans-
formed variant (dashed gray). Transformations like vertical shift
and amplitude scaling (Figs. 4(a) and 4(b)) preserve both shape
and minimizer location, resulting in high similarity. In contrast,
sign flips (Fig. 4(c)) or input shifts (Figs. 4(d)—4(f)) degrade sim-
ilarity by altering the function shape, the optimum location, or
both. These examples highlight the need for a similarity metric
that considers both global trends and local optimal solutions.
Our multiplicative formulation conservatively gates information
sharing, emphasizing collaboration only when both aspects are
well aligned. In this work, we define similarity in a manner consis-
tent with Bayesian optimization: functions are considered similar
when they share comparable trends and optimal solution locations,
even if their numerical values differ. This optimization-oriented
definition explains why horizontal shifts, such as in case (d),
decrease similarity despite only modest changes in function
values.
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To enable dynamic, similarity-aware collaboration, ARCO-BO
constructs a time-varying consensus matrix:

Q" =y()-8" + (1 - y(1)) I (16)

where $® € R¥*X is a non-negative similarity matrix, and I is the
identity matrix. The scalar weighting function

ro=exp(- ) an

controls the transition from early-stage collaboration (y(0) = 1) to
late-stage independent optimization (y(7) ~ 0). Here, T denotes
the total number of BO iterations, and « is a tunable hyperpara-
meter that governs the decay rate. Larger values of « lead to
faster reduction in collaboration, while smaller values preserve
stronger consensus for a longer duration.

To ensure that Q® defines a valid consensus mechanism, it is
normalized using Sinkhorn normalization [45], which iteratively
rescales the rows and columns of a non-negative matrix to make
it doubly stochastic. The normalization is applied as

QY « diag(r)~'Q® diag(c)™! (18)

where r and ¢ are row and column scaling vectors, updated alter-
nately until convergence. In ARCO-BO, each agent updates its
consensus variables only at the beginning of its own sampling
step, using the most recently available information. Updates are
not applied immediately upon receiving messages from other
agents. Because each agent maintains and updates its own surro-
gate model, communication latency affects only how timely the
consensus information is, not the correctness of the GP update.

This similarity- and optimal-location-aware consensus strategy
enables ARCO-BO to integrate information across agents only
when it is mutually beneficial, thereby enhancing the sample effi-
ciency and improving convergence robustness in heterogeneous
multi-agent optimization settings.

3.2 Budget-Aware Asynchronous Sampling. To realize
the agent-specific sampling intervals z; introduced in Algorithm,
we incorporate a budget-aware asynchronous sampling
mechanism.

In real-world collaborative optimization, agents often operate
under heterogeneous resource constraints. For instance, one agent
might perform high-fidelity physical experiments that are expen-
sive and time-consuming, while another relies on low-fidelity sim-
ulations that are faster and cheaper to evaluate. Similarly, some
agents may be limited by equipment availability or operational
cost, while others can afford frequent queries due to lower evalua-
tion overhead. Despite this variability, most existing collaborative
BO methods assume a uniform sampling rate, where all agents
carry out the same number of iterations or participate in collabora-
tive updates at the same frequency. This assumption can lead to
inefficient use of resources, as fast agents are forced to wait for
slower ones, and costly evaluations are scheduled just as frequently
as cheap ones. ARCO-BO addresses this by introducing a
budget-aware asynchronous sampling mechanism. Specifically,
each agent i is assigned a sampling interval z; based on its relative

budget:
Bmax
=] I
T { B, J (19)

where B; is the total budget for agent i and By, is the maximum
budget among all agents. This means agents with larger budgets
sample more frequently, while those with smaller budgets sample
less often, helping them conserve their limited evaluations for
the most important points.

Agent i proposes a new point every 7; iterations when it still has
remaining budget. Otherwise, it skips that iteration. This asynchro-
nous sampling strategy allows each agent to operate at a frequency
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Fig. 4 lllustration of function transformations and their impact on similarity. Each panel com-
pares a base function f(x) (solid black) with a transformed variant (dashed gray). (a) Vertical
shift: f(x) + b preserves both shape and minimizer location. (b) Amplitude scaling: af(x)
changes magnitude but keeps the same shape and minimizer. (c) Sign flip: —f(x) inverts the
shape and shifts the minimizer. (d) Small input shift: f(x+¢) retains high similarity in both
shape and minimizer location. (e) Moderate input shift: f(x + c) preserves shape but misaligns
the minimizer. (f) Large input shift: f(x + d) leads to low shape and proximity similarity.
Pearson correlation measures shape similarity, while proximity reflects alignment between

minimizers.

proportional to its allocated budget, enabling more efficient
resource utilization and improved overall performance in collabo-
rative optimization.

A key implementation detail is when agents exchange and
use shared information during asynchronous execution. In
ARCO-BO, each agent updates its shared information and consen-
sus weights only when it begins its own sampling step, rather than
immediately upon receiving updates from others. This update rule
aligns consensus updates with each agent’s local BO cycle, pre-
vents inconsistent or partial updates during acquisition optimiza-
tion, and preserves the pacing induced by the budget-aware
intervals 7;. In practice, each agent uses the most recently available
peer information when starting its next sampling iteration, while
delayed or out-of-order messages are incorporated during the fol-
lowing local update without interrupting ongoing computation.
As a result, agents operate fully asynchronously but maintain
locally synchronized consensus updates tied to their individual
sampling schedules. Because each agent maintains and updates
its own surrogate model, communication latency affects only
how timely the consensus information is, not the correctness of
the GP update.

Currently, ARCO-BO assumes that the evaluation budgets B; are
fixed and known in advance. However, the framework can be
extended to accommodate dynamic budget adjustment by periodi-
cally updating z; based on remaining budgets or runtime con-
straints. Similarly, the model could be adapted to account for
varying evaluation costs by defining an effective budget in terms

Journal of Mechanical Design

of cumulative cost rather than the number of evaluations. We
leave these extensions for future work.

3.3 Partial Input-Space Sharing. Building on the dynamic
consensus mechanism in Algorithm, we extend the framework
to settings in which agents share only a subset of the design
variables.

In many collaborative optimization problems, agents do not
operate over identical input spaces. Differences may arise due to
unmeasurable parameters in physical experiments, agent-specific
design freedoms, or privacy and ownership constraints. As a
result, only a subset of variables may be commonly accessible
and meaningfully comparable across all agents, while the remain-
ing variables are agent-specific. Conventional BO frameworks typ-
ically assume a fully shared input space, which limits their
applicability in such heterogeneous scenarios.

ARCO-BO addresses this challenge by explicitly identifying the
subset of design variables that are commonly shared across all
agents and restricting information exchange to this shared sub-
space. Each agent’s decision vector is therefore decomposed as

X, = |:Xi,shared :| (20)

Xi,privz\tc

where X; shared € R% denotes the variables that are shared among all
agents, and X; privae € R% denotes agent-specific private variables,
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with d, +d, =d.

During the consensus step, information exchange occurs only in
the shared subspace. Specifically, the shared variables are updated
via a weighted averaging scheme,

x\new = ZQ(’) @ i=1,...,K @1

L shared — j shared?

while the private variables remain unchanged.
The resulting consensus-informed design for agent i is then
given by

(),new
(f),new __ i,shared
A ) (22)
i,private

By limiting collaboration to variables that are commonly shared
across agents, this partial-sharing scheme facilitates effective coor-
dination while preserving agent-specific privacy. At the same time,
it enables ARCO-BO to operate in heterogeneous settings where
fully aligned input spaces are neither feasible nor desirable.

3.4 Privacy Considerations and Information Sharing
Trade-Offs. ARCO-BO enables collaboration without requiring
agents to share raw input—output data. Instead, agents exchange
surrogate-level summaries, such as predictive means and estimated
optimal locations, that convey useful structural information about
their objective functions while concealing exact measurements or
experimental conditions. This surrogate-based communication
strikes a balance between cooperative information exchange and
data confidentiality.

Information sharing plays a key role in collaborative optimiza-
tion, and existing approaches span a wide range of privacy-utility
trade-offs. At one end of the spectrum, data-fusion methods
[2,35-37] pool full datasets across agents, enabling maximum
information sharing but offering no protection for proprietary or
sensitive data. Federated learning [46,47] takes a more conserva-
tive approach by sharing surrogate model parameters or gradient
information; however, this can still reveal the underlying surrogate
and provides only limited privacy guarantees. At the other end,
consensus-based collaborative BO methods,such as [11], restrict
communication to decision vectors, which offers stronger privacy
but removes surrogate-level context for assessing similarity
across agents and can lead to negative transfer in heterogeneous
settings. ARCO-BO sits between these extremes. It enables
similarity-aware coordination through limited surrogate-level
information exchange while keeping all raw data local to each
agent. Although this avoids direct data sharing, the exchanged
summaries may still convey coarse functional trends or regions
of interest, reflecting an inherent trade-off between privacy and
utility.

In this framework, the design variables x are assumed to lie in a
shared, nonproprietary domain, as their proposed values must be
communicated during consensus updates. All private variables
and observed objective values remain strictly local to each agent.
Only surrogate-level statistics are exchanged, providing the neces-
sary signals for collaboration without disclosing raw data or gradi-
ents. Although these shared quantities may reveal limited
functional characteristics, they maintain a practical level of
privacy suitable for decentralized optimization. Future extensions
could integrate formal privacy-preserving mechanisms, such as dif-
ferential privacy or encrypted surrogate aggregation, for stricter
guarantees when required.

4 Evaluation Metrics

In this section, we introduce the quantitative metrics used to
evaluate the performance of multi-agent Bayesian optimization
methods. In ARCO-BO, each of the K agents performs one

091703-8 / Vol. 148, SEPTEMBER 2026

function evaluation per iteration, so one global iteration corre-
sponds to up to K parallel function calls. This execution model
reflects a parallel deployment setting, where agents operate inde-
pendently and evaluate simultaneously without coordination.

Given that the objective is to identify the global optimum for
each individual agent, the evaluation metrics are designed to
assess performance across all agents collectively.

(1) Normalized Final Regret. To account for differences in
objective function scales across agents, we evaluate perfor-
mance using the normalized final regret [48]:

final _ Z Sfilx)) — mlﬂt— rh) 23)

f‘n‘llﬂ

where f;(x}) is the known global minimum for agent i, and
S fmi“ denote the maximum and minimum of the true
function. A smaller value of 7" indicates closer proximity
to the optimum.

(2) Normalized Area Under the Curve (AUC). To evaluate
early-stage convergence behavior, we compute the normal-
ized area under the averaged convergence curve [49],
which tracks the best objective value found so far over
time. Specifically,

) *
AUC= 3 S

where ]_‘l(.t) is the mean of the best objective value found by
agent i up to iteration ¢, averaged across replicates, and N
is the number of early-stage iterations. A smaller AUC indi-
cates faster convergence to the optimum during the initial
phase of optimization. In our test cases, we use N =0.1T
to represent the early-stage phase of optimization. Conver-
gence curves are indexed by each agent’s evaluation
count, so the AUC metric is not affected by asynchronous
sampling.

In addition to the evaluation metrics, we also report the compu-
tational overhead of ARCO-BO relative to separate BO. All exper-
iments were performed on a workstation running Ubuntu 20.04,
equipped with an AMD EPYC 7413 processor (24 cores) and
64 GB of RAM. The code was implemented in pyTHON 3.9 and exe-
cuted on the CPU.

5 Case Studies

In this section, we first present a 1D illustrative example demon-
strating how our method works differently in contrast to conven-
tional collaborative BO via consensus when optimizing
heterogeneous functions. Next, we demonstrate the effectiveness
of the proposed ARCO-BO method on a 2D example exhibiting
three types of heterogeneity: task heterogeneity, resource disparity,
and partially shared input spaces. This example highlights the
advantages of ARCO-BO over applying separate BO indepen-
dently to each agent. Finally, we evaluate ARCO-BO on two high-
dimensional engineering benchmarks: the borehole function (8D)
and the wing weight function (10D). These engineering problems
are widely used in surrogate-assisted optimization and testing
ARCO-BO’s ability to scale in terms of both consensus overhead
and decentralized sampling efficiency in higher dimensions.

It is important to note that although these benchmark functions
are originally used as test cases for multifidelity design optimiza-
tions [2], we treat each fidelity level as a separate agent task in
this study, each with its own objective function and ground truth,
rather than treating the highest fidelity function as a ground truth,
and the objective is to identify the optimal solution for each
agent simultaneously.
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5.1 One-Dimensional Illustrative Example. To evaluate the
robustness and collaborative dynamics of ARCO-BO, we consider
a multi-agent optimization problem based on variants of the Sasena
function [50], where three agents each optimize agent-specific
objective function variants of a shared underlying function, with
different global optimal locations. These variations emulate realis-
tic heterogeneity arising from differences in modeling fidelity,
operating conditions, or task formulations, which is common in
engineering design and simulation. Details of the agent-specific
functions, lower and upper bounds, budgets, and true optimal are
provided in Table 4. Each agent begins with three randomly
sampled initial evaluations, which are kept consistent across all
compared methods to ensure a fair comparison.

To isolate the effect of collaborative mechanisms, all agents in
our numerical studies use an identical GP kernel and shared hyper-
parameters. The framework itself, however, does not impose this
restriction: agents may employ different kernels or hyperparameter
configurations to reflect task-specific structures or data variability.
In this example, all Gaussian process surrogate models use a
squared exponential kernel, with fixed lengthscale 0.5, signal var-
jance 1.0, and Gaussian observation noise with variance 107°.
Figure 5 illustrates the GP updates at the last iteration under
three optimization strategies. Figure 5(a) shows a separate
BO, where each agent optimizes independently without collabora-
tion. While the predicted means generally align with the true
functions, the models exhibit high uncertainty in unexplored
regions. Figure 5(b) illustrates the behavior of an existing collabo-
rative BO method based on uniform consensus, where agents share
information equally regardless of task alignment. This uniform
sharing often leads to incorrect collaboration, as conflicting

information from agents with different objective functions is com-
bined without regard for compatibility. Consequently, agents are
misled in their sampling decisions, resulting in suboptimal explo-
ration and poor convergence. This issue is visually highlighted
by the red boxes and arrows, which indicate significant deviations
from the true optimal solution. In contrast, Fig. 5(c) shows the
results of ARCO-BO, which adaptively reweights interagent influ-
ence based on task similarity and differences in optimal solution
locations. The four heatmaps (Fig. 6) depict the learned interagent
weight matrix W, where each cell (i, j) is the weight agent i assigns
to agent j. Because agent 1’s optimum is far from those of agents 2
and 3, their pairwise similarity is near zero; consequently,
ARCO-BO suppresses the cross-weights Wy, and W;3 (and sym-
metrically W1, W3;) toward zero. In contrast, agents 2 and 3 are
similar, so ARCO-BO initially assignscross-weights W3 and W3,
to facilitate sharing; as both agents approach their optimal solution,
these weights taper and W sharpens toward a near-diagonal struc-
ture, evidencing reduced cross-agent influence and increasing self-
reliance. This targeted collaboration enables agents to focus sam-
pling near their true optimal solution while avoiding misleading
guidance from incompatible tasks.

Figure 7 further quantifies the benefits of ARCO-BO based on 50
independent replicates, each generated using different initial
samples drawn for the agents. In the top row, each plot shows
the mean best function value (y*) over iterations, comparing
ARCO-BO with conventional collaborative BO via consensus
and separate BO. The results demonstrate that ARCO-BO
enables faster convergence to each agent’s optimum. In contrast,
the baseline collaborative BO fails to outperform separate BO
and often does not reach the true optimal solution, due to overly
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Fig.5 Comparison of surrogate model predictions for three agents optimizing distinct variants
of the Sasena function at iteration 20. (a) Separate BO, (b) benchmark collaborative BO, and
(c) the proposed ARCO-BO method. Previous solutions are included not to list every sampled
point, but to indicate the span of the regions explored by each agent. The globally optimal solu-

tion is marked for reference.
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Fig. 7 Convergence performance of ARCO-BO compared to baseline methods on the multi-agent Sasena problem, evalu-

ated over 50 independent replicates

strong information sharing that misguides agents with divergent
objective functions. The bottom row shows the standard deviation
of the best function values, indicating that ARCO-BO also achieves
greater robustness in optimization performance. To further assess
performance, we compute the normalized AUC and the normalized
final regret, as summarized in Table 1. Both separate BO and
ARCO-BO are able to reach the global optimal solution for all
agents, while the baseline collaborative BO fails to do so.
Among all methods, ARCO-BO achieves the fastest early conver-
gence, highlighting the effectiveness of its adaptive and
similarity-aware collaboration strategy. The additional computa-
tional overhead of ARCO-BO relative to the separate BO is
reported in Table 8.

5.2 Two-Dimensional Illustrative Example. We consider a
multi-agent problem based on variations of the 2D Ackley func-
tion [51], a widely used benchmark known for its numerous
local minima and challenging nonconvex landscape. We

design three scenarios to assess ARCO-BO’s capabilities: (1)
agents have the same evaluation budgets with both input vari-
ables fully shareable; (2) agents have different evaluation
budgets with both input variables shareable, simulating hetero-
geneous resource availability; and (3) agents have the same
budgets but only one input variable is shareable, reflecting
partial input sharing constraints. In all cases, ARCO-BO is com-
pared against separate BO and, where applicable, a benchmark
collaborative BO via consensus.

Detailed information about the six agents is listed in Table 5. In
the second scenario, agents 2, 3, and 6 are assigned only half of the
original evaluation budgets to reflect resource differences. Each

Table 2 Normalized AUC and normalized final regrets for the
2D Ackley problem in three different scenarios, reported as
mean + standard deviation across 50 replicates

Scen. Method AUC Final regret

Table 1 Normalized AUC and normalized final regrets for the 1 Separate BO 0.2784 +0.1483 0.0169 +0.0159
1D Sasena problem, reported as mean + standard deviation Benchmark CBO 0.2050 + 0.0870 0.0929 + 0.0669
across 50 replicates ARCO-BO 0.2008 + 0.0932 0.0145 +£0.0158
Method AUC Final regret 2 Separate BO 0.2770 + 0.1486 0.0143 +£0.0159

ARCO-BO 0.1992 +0.0933 0.0125 £ 0.0158
Separate BO 0.1623 + 0.2048 0.0000 =+ 0.0000
Benchmark CBO 0.1840 £0.1872 0.0483 £0.0790 3 Separate BO 0.2784 + 0.1483 0.0186 + 0.0186
ARCO-BO 0.1562 + 0.2017 0.0000 =+ 0.0000 ARCO-BO 0.1861 +0.0975 0.0145 £ 0.0158
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Fig.8 Convergence performance across 50 replicates for ARCO-BO and separate BO on the multi-agent Ackley
problem with (a) the same budgets and fully shareable input, (b) different budgets for each agent, and (c) differ-

ent shareable inputs

scenario is evaluated across 50 independent replicates, and we
report both the normalized AUC and the normalized final regret
for all agents (Table 2). We use an radial basis function (RBF)
kernel with fixed lengthscale 0.5, signal variance 1.0, and observa-
tion noise variance 107°.
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In scenario 1 (Fig. 8(a)), where agents have equal evaluation
budgets and both input variables are fully shareable, ARCO-BO
achieves rapid convergence. Compared to the benchmark collabo-
rative BO, which often fails to converge to each agent’s local
optimum due to detrimental information transfer, ARCO-BO
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Table 3 Normalized AUC and final regrets for borehole and
wing weight problems (mean + std over 20 replicates)

demonstrates clear advantages by enabling agents to collaborate
selectively only when it is mutually beneficial.
In scenario 2 (Fig. 8(b)), where agents have different evaluation

Benchmark Method AUC Final regret budgets but both input variables remain shareable, ARCO-BO
intains robust optimizati rf despite the het -
Borchole  SepuateBO  0.0251 200178 0001800038 oo Ml e Gidribution. Notably. separate BO. struggles
ARCO-BO 0017400101  0.0008 +0.0016 : . : Y, Sep &8
under this setting because agents with low budgets cannot
Wing weight Separate BO 0.0807 + 0.0757 0.0274 + 0.0576¢  adequately explore their .ob]ectlve l.andscapes, which leads to the
ARCO-BO 0.0471 + 0.0188 0.0026 + 0.0050 convergence on suboptimal solutions (agent 2, 3, and 6 in
Fig. 8(b)). In contrast, ARCO-BO utilizes knowledge transferred
Table 4 One-dimensional illustrative example: Sasena function
Agent Formulation Upper/lower bound Init. sample Budget True optimal
1 y1(x) = —sinx —exp(3) + 10 0=x<10 3 20 6.782
¥2(x) = = 5in (0.95x) — exp(2;) + 0.03(x — 2)> +10.3 3 20 8.269
3 y3(x) = — sin (0.8x) — exp(&) + 0.03(x — 2)* + 8 3 20 5.959
Formulation, upper/lower bounds, initial sample size, budget, and true optimal value of each agent.
Table 5 Two-dimensional illustrative example: multifidelity Ackley function
Agent Formulation Upper/lower bound Init. sample Budget True optimal
1 -5<x; <5 5 .000
Yo(¥)= — 20 exp<—0.2‘ fo.5 sz) =4 50 0.00
- exp(O.S 3 cos (n’x,-)) +20+e¢
2 5 50 2.500
yi(x)=—120 exp(—0.21 /0.5 (xi + 0.2)2>
- exp<0.5 > cos (1.1a(x; + 0.2))) +20+e+25
3 5 50/25 1.000
Y2 (¥)= — 20 exp<—0.2\/0.5 > 080 - 0.3))2)
- exp(O.S > cos (0.970.8(x; — 0.3))) +20+e+1.0
4 5 50/25 3.000
y3(x)= — 20 exp (—0.2,/(x1 + 0.4>2>
—exp(cos (z(x; +0.4))) + 20+ e+ 3.0
5 5 50 —0.359
y4(x)=—20 exp<—0.21 /0.5 (xi - 0.5)2)
~15 exp<0.5 3 cos (a(x; - 0.5))) +204e+1.0
6 5 50/25 3.978
ys()=1.1[ = 20 exp(—o.z, /0.5 (xi— 0.1)2>
- exp<0.5 > cos (axi — 0,1))) +20+¢]
+4.0,
Note: Formulation, bounds, initial sample size, budget, and true optimal value (illustrative) for each fidelity level.
Borehole Wing Weight
—— Mo Collaboration == ARCOBO = Global Minimum =—— No Collaboration == ARCOBO » Global Minimum
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Fig. 9 Convergence performance across 20 replicates for ARCO-BO and separate BO on the (a) borehole problem and

(b) wing weight problem.
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Table 6 Borehole function with five agents

Agent Formulation Variable bounds Shareable inputs Init. sample Budget True optimal
1 yx = ALt 0.05<r, <0.15 T 8 50 3.985
S L. 100 < r < 10000 T,
“\ K InG/n) T 100 < T, < 1000 H,
990 <H, <1110 T,
10 < T; <500 H
700 < H; < 820
1000 < L <2000
6000 < K,, < 12000
2 = 2T, (H, 0 8H;) 8 25 15.582
Y S R
MR G/ T
3 (%) = At T 8 25 1.000
ln(r/rw)<l+m+0,7571>
4 y4(x) = 2T, (1.09H, —H) T 8 50 3.434
u u
e\ T I () T )
5 2e1,(1.05H,—H)) 8 25 3.153

ys5(x) = ” 1 3LT, T
NN YRR (/) T T

Note: Each agent is assigned a modified variant of the borehole function. Variable bounds, shareable inputs, initial sample size, budget, and true optimal

value are listed.

from higher-budget agents to guide low-budget agents toward
better solutions, leading to improvements in convergence speed
and final regret compared to baselines.

In scenario 3 (Fig. 8(c)), where agents have the same budgets but
only one input variable is shareable, ARCO-BO continues to
demonstrate its advantages over separate BO. While partial input
sharing limits the extent of collaboration, ARCO-BO’s adaptive
consensus mechanism ensures that agents only share useful and con-
sistent information along the shared dimensions. As a result, it still
outperforms independent BO, which lacks collaborative benefits.

Overall, these results demonstrate that ARCO-BO’s adaptive
collaboration strategy works with varying input sharing constraints
and resource heterogeneity. It provides an efficient optimization
framework for scenarios where traditional BO frameworks struggle
due to limited budgets or incomplete information sharing. The

additional computational overhead of ARCO-BO relative to sepa-
rate BO, averaged across all test cases and replicates, is reported in
Table 4.

5.3 Example on High-Dimensional Engineering
Benchmarks. We performed 20 independent replicates for both
the borehole and wing weight problems under a multi-agent
setting. These two functions are both modified from Ref. [2].
The results are summarized in Table 3 and visualized in Fig. 9.
In each benchmark, agents operate under different evaluation
budgets, and only a subset of the input space is shared across
agents. Full specifications of the agent-specific functions,
budget allocations, and shared input dimensions are provided in
Tables 6 and 7.

Table 7 Wing weight function with four agents

Shareable Init. True
Agent Formulation Variable bounds inputs sample Budget optimal
1 0.6 150 < 5, <200 Sw 5 30 123.25
N (X) = 0'036‘?3:758‘4/%9035 (Cos?(/\)) 220 < W;w < 300 W fiy
—03
1006 70.04 (1001, 0.49 6<A<I10 A
GPOOL (L) (W)™ + s,y O8N, p
16 <qg<45 Wag
05<1<1
0.08 <t <0.18
25<N, <6
1700 < Wy, <2500
0.025 < w, <0.08
2 0.6 5 10 119.53
y2(x) =0.036 Sg;758w%)035 (COS?( A)>
0.006 70.04 (1007, \ %3 0.49
g " (cos (A)) ((N-Wa)** +w)
3 0.6 5 20 131.65
y3(x) = 0.036 s3;758w(;;9°35 (Cm?< A)>
0.005 70.04 ( 1001, -03 N )04
q (cns (A)) (( 4 dl»') + WP)
4 0.6 5 20 268.13
3% = 0.036 89w (4 )
-03 .
PRICY 20:04 (C{gtz [r\ )) (N-Wg Y049

Note: Each agent is assigned a modified variant of the wing weight function.
value are listed.
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Table 8 Average per-iteration wall-clock time (s) for separate
BO and ARCO-BO across the four case studies

Case study Separate BO (s/iter) ARCO-BO (s/iter) Overhead
1D Sasena 0.4547 0.4999 +9.9%

2D Ackley 0.7724 0.8548 +10.7%
Borehole 0.8521 0.9565 +12.3%
Wing weight 0.8576 0.9624 +12.2%

Across both benchmark problems, ARCO-BO consistently out-
performs separate BO in terms of both early convergence and final
solution quality, as shown in Table 3. Figure 9(a) illustrates these
gains on the Borehole benchmark. For example, agents 2, 3, and 5
operate under reduced evaluation budgets, which would typically
limit their ability to reach the global optimum. However, with
ARCO-BO, these agents are able to benefit from collaborative infor-
mation sharing with higher-budget peers, allowing them to converge
effectively despite fewer evaluations. A similar trend is observed in
Fig. 9(b) for the wing weight benchmark, particularly for agent 2
where ARCO-BO shows significant improvement over separate
BO. Without collaboration, the agent lacks sufficient information
to escape poor regions of the design space. ARCO-BO, by contrast,
enables faster convergence by leveraging interagent knowledge to
guide optimization across heterogeneous settings.

The superior performance of ARCO-BO across these engineer-
ing benchmarks stems from its ability to adaptively coordinate
learning across heterogeneous agents. Using similarity-aware con-
sensus, it avoids negative transfer from dissimilar tasks, which
improves convergence. Its budget-aware asynchronous sampling
helps agents with limited evaluations allocate resources more
effectively. Partial input-space sharing enables collaboration even
when agents operate on different subsets of the design space.
Together, these mechanisms let ARCO-BO exploit complementary
information, increase sample efficiency, and deliver consistently
better solutions than independent BO in complex multi-agent set-
tings. Finally, the additional computational overhead introduced
by ARCO-BO is modest compared to the cost of function evalua-
tions and is averaged across all agents and replicates. Quantitative
timing results are reported in Table 8.

6 Conclusion

This work introduces ARCO-BO, a framework for multi-agent
BO in heterogeneous settings. ARCO-BO addresses key challenges
such as task heterogeneity, resource disparity, and partially shared
input spaces, which are common in real-world collaborative sce-
narios such as decentralized manufacturing, material discovery,
and multifidelity design optimization. The proposed framework
integrates three core innovations to enable effective collaboration:

o Similarity and optimal-location-aware consensus mechanisms
that adaptively regulate interagent influence based on surro-
gate model alignment.

e A budget-aware sampling strategy that allocates evaluations
according to each agent’s available resources.

e A strategy to handle partially shared inputs that enables col-
laboration while preserving private design variables.

Experiments on synthetic problems and engineering benchmarks
show that ARCO-BO consistently outperforms independent BO
and conventional collaborative BO via consensus. It converges
faster and achieves lower regret under heterogeneous budgets
and partially shared inputs, with low-budget agents gaining from
targeted knowledge transfer by high-budget peers without being
misled by irrelevant information.

These gains stem from ARCO-BO’s distinctive approach to infor-
mation sharing, which sets it apart from existing multi-agent design
optimization strategies. Consensus-based collaborative BO
methods coordinate decisions while avoiding raw data exchange,

091703-14 / Vol. 148, SEPTEMBER 2026

but their reliance on uniform averaging often ignores task heteroge-
neity and budget asymmetry. At the other extreme, multisource data
fusion methods combine all agents’ input—output data into a unified
surrogate, but require full data sharing and degrade in performance
under strong heterogeneity or privacy constraints.

Despite its advantages, ARCO-BO currently assumes fixed eval-
uation budgets and focuses on unconstrained problems, and it relies
on user-defined hyperparameters such as the consensus decay rate.
These design choices simplify the analysis but may limit adaptability
in dynamic or strongly constrained environments. Future extensions
could incorporate adaptive budgeting strategies, self-tuning consen-
sus mechanisms, and dynamic agent participation, as well as support
for richer forms of input heterogeneity, including mixed discrete—
continuous domains and agent-specific constraints. Extending col-
laborative BO to constrained multi-agent optimization is a natural
next step. In line with existing constrained BO approaches [52—
54], constraints could be modeled using additional surrogate
models and incorporated via standard feasibility-aware objectives
or acquisition functions, such as penalty-based formulations or
feasibility-weighted acquisition criteria [55]. More recent methods
that explicitly account for uncertainty in constraint predictions
[56,57] could likewise be integrated. Importantly, the collaborative
layer would continue to operate by correcting candidate sampling
locations based on interagent similarity, independent of the specific
constraint-handling strategy. Assuming correlated constraint land-
scapes across agents, analogous to the objective functions, this pro-
vides a principled extension beyond unconstrained settings.

Beyond addressing these limitations, ARCO-BO also opens
broader opportunities. Its emphasis on selective and resource-
aware collaboration aligns naturally with settings where data
sharing is constrained and evaluations are expensive, such as
federated optimization, cooperative scientific design, and decentral-
ized engineering. Reinforcement learning offers another promising
direction, where consensus updates could themselves be adapted
through learned policies that regulate interagent influence over
time and guide sampling with a long-term view of performance.
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Appendix A: Details of Test Functions

This section presents detailed formulations and configurations
for all benchmark functions used in our study. These include two
illustrative examples—a 1D Sasena function (Table 4) and a 2D
multifidelity Ackley function (Table 5), as well as two
engineering-inspired high-dimensional problems: the borehole
(Table 6) and wing weight (Table 7) functions. For each case,
we specify the agent-specific modifications, input bounds, sample
budgets, and known optima location. These functions collectively
span a range of heterogeneities in input dimension, fidelity
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structure, and interagent similarity, serving to rigorously evaluate
the proposed optimization framework.

Appendix B: Sensitivity Analysis of Hyperparameters

The proposed ARCO-BO method introduces two tunable hyper-
parameters, a and 4,, which respectively control the smoothness of
the consensus update and the strength of cross-agent information
sharing. To assess the sensitivity of ARCO-BO to these parame-
ters, we perform a systematic study using the three-agent Sasena
benchmark introduced in Sec. 5.1.

We evaluate a over the range {0.1, 0.5, 1, 5, 10, 50}, which
spans different rates of temporal consensus decay, and perform 20
independent trials for each setting while keeping all other conditions
(initialization, kernel choices, and evaluation budgets) fixed.
Smaller values such as @ = 0.1 and 0.5 slow the propagation of infor-
mation across agents and can modestly affect early convergence,
whereas larger values accelerate the consensus update. Among the
larger settings, the differences are minor, though a = 10 consistently
yields slightly faster early progress without altering the overall con-
vergence trend. Importantly, all tested values ultimately converge to
nearly identical solution quality, indicating that ARCO-BO is not
sensitive to fine-grained tuning of a.

The parameter 1, governs how strongly agents influence one
another based on the proximity of their predicted optimal solutions.
To select meaningful values for the sensitivity study, we calibrate
Ap using the definition of the proximity similarity term Equation
(14), We specify a tolerance level by requiring the similarity to
decrease to 0.1 when the predicted optima of two agents differ
by a fraction p of the input-domain range. Letting d = pA with
A =1 in the normalized one-dimensional Sasena benchmark, we
obtain

—In(0.1) 2.302585

exp(—4,d)=0.1 = 1,= o 2

This yields proximity-parameter values
Ap € {23025.85, 920.96, 230.26, 57.56, 9.21}

for p € {0.01, 0.05, 0.10, 0.20, 0.50}, respectively. These values
span a range from highly conservative information sharing (large
Ap) to much more permissive collaboration (small 4,). Motivated
by a moderate tolerance for predicted-optima misalignment, we
adopt p=0.1, which corresponds to 4, ~ 230.26 in the Sasena
benchmark. Empirically, the influence of 4, is most pronounced
in early iterations: larger values strengthen cross-agent information
transfer when predicted optima are well aligned, leading to faster
initial improvement, whereas smaller values result in more cau-
tious updates with slightly wider variability. These differences,
however, diminish over time, and all examined settings converge
to similar final objective values. Based on this calibration and the
desire to enable collaboration among agents whose predicted
optima are reasonably aligned, we adopt the tolerance level
p =0.1, which corresponds to 4, ~ 230.26 in the Sasena bench-
mark. As shown in Fig. 10, the convergence trajectories for differ-
ent 4, values differ only modestly, and the curve associated with
p =0.1 provides a stable and representative trajectory. Therefore,
we use p = 0.1 as our default setting.

A default configuration of & = 10 and the proximity parameter 4,
corresponding to the tolerance level p = 0.1 was used throughout
all experiments and consistently produced stable and competitive
performance. In practice, a and 4, primarily influence the rate at
which information flows between agents, while the final optimiza-
tion outcomes remain consistent across a broad range of settings.

—— g=0.1 - a=0.5 - g=1 r =5 —— o =10 == a=50
(@) Agent 1 Agent 2 Agent 3
o 7.754
=] 9.25 A 6.6 -
© 7.507
o 9.00 1 6.4 -
=
© 8.75- 6.2
L
- 8.50- 6.0
0 8.25 5.8
m
0 10 0 10 0 10
Iteration Iteration Iteration
(b) —e— p=001 -=- p=005 =&-p=010 -4 p=020 =+ p=0.50
Agent 1 Agent 2 Agent 3
1] 6.75'
3
g 6.50
g 7.51 9.0+
e 6.25
9]
a1 “
-g 7.0 8.54 6.00 4
i b
] 5.751
m
0 10 0 10 0 10
lteration lteration Iteration

Fig. 10 Sensitivity of ARCO-BO to the hyperparameters « and 4,, evaluated on the three-agent Sasena bench-
mark. (@) Varying a € {0.1,0.5, 1, 5, 10, 50} shows that smaller values slow early convergence, whereas larger
values speed up information integration; all settings achieve similar final performance. (b) Varying the proximity
tolerance p € {0.01, 0.05, 0.10, 0.20, 0.50} (corresponding to different i, values) produces only minor differences

in early behavior, with nearly identical final outcomes.
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Appendix C: Computational Overhead

To assess the additional cost introduced by the collaborative
layer in ARCO-BO, we measured the average per-iteration wall-
clock time across four representative case studies. As shown in
Table 8, ARCO-BO incurs only a modest overhead of approxi-
mately 10-12% per iteration relative to running separate BO
agents independently. This increase is small compared with the
cost of GP model training and does not affect the practical usability
of the method.
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