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ABSTRACT

Sequential design decisions in engineering often arise un-
der both strategic competition and model uncertainty, where
agents must optimize performance relative to evolving bench-
marks while operating under incomplete and noisy observations.
While competitive Bayesian optimization (CBO) incorporates
opponent-aware benchmarking into acquisition decisions, ex-
isting approaches remain risk-neutral and can be brittle when
posterior predictive uncertainty is affected by limited data, noisy
observations, surrogate-model miscalibration, and/or evolving
competitive benchmark. This paper proposes Robust Competitive
Bayesian Optimization (RCBO), a principled extension of CBO
that integrates distributional robustness into competition-aware
information acquisition. RCBO evaluates competitive advantage
under a Kullback–Leibler (KL) distortion of the Gaussian pro-
cess posterior, derived via the Donsker–Varadhan variational
identity, yielding a robust acquisition function that smoothly in-
terpolates between expected advantage and worst-case evalu-
ation through a tunable risk-sensitivity parameter. To ensure
consistency across iterations and varying payoff scales, we fur-
ther introduce an adaptive risk-scaling mechanism that adjusts
robustness based on both posterior uncertainty and relative com-
petitive standing, enabling dynamic balancing of exploration and
exploitation. Empirical results on multimodal benchmark func-
tions demonstrate that RCBO consistently improves competitive
outcomes, convergence speed, and decision stability compared to
risk-neutral baselines, particularly when observations are noisy
and the competitive benchmark induces uncertainty in the relative
payoff. By unifying competition-awareness with principled am-
biguity aversion, RCBO advances Bayesian optimization toward
more reliable, stable, and robust decision-making in adversarial
and uncertain engineering environments.

Keywords: Robust Bayesian optimization, Competitive opti-
mization, Multi-agent decision-making, Design space exploration
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1. INTRODUCTION

Real-world sequential decision-making is rarely performed
in isolation. Engineering teams and autonomous agents must
often decide what to evaluate next under limited budgets, noisy
feedback, and incomplete information, while simultaneously be-
ing judged against external benchmarks—frequently an explicit
competitor. In such settings, rational decision-making must be ro-
bust: it should not only seek high expected performance, but also
guard against posterior predictive ambiguity arising from limited
observations, observation noise, possible surrogate-model mis-
calibration, and uncertainties in the evolving competitive bench-
mark. In decision-making under uncertainty, robustness refers
to the ability of a decision rule to maintain satisfactory perfor-
mance under model misspecification or distributional ambiguity.
Formally, robust optimization evaluates a decision by its worst-
case performance over an uncertainty set of plausible models or
probability distributions [1, 2]. In this sense, robustness provides
protection against adverse realizations that may arise when the
nominal model is inaccurate. In this paper, we use robustness
in this relatively narrower posterior-predictive sense. That is,
RCBO protects acquisition decisions against local distortions of
the GP-induced payoff distribution, rather than claiming protec-
tion against arbitrary structural changes in the physical objective
or environment.

A large body of work in robust control and decision theory
formalizes this principle by evaluating actions under adversar-
ial perturbations of a nominal belief. Early formulations in-
clude minimax decision theory [3] and maxmin expected util-
ity [4], while modern treatments characterize ambiguity aver-
sion via divergence-penalized or variational preferences [5, 6].
In engineering optimization, distributionally robust optimization
(DRO) evaluates decisions against worst-case distributions within
divergence-based uncertainty sets, including KL balls [7, 8]. KL-
based formulations are particularly attractive because they admit a
tractable entropic-risk representation, which evaluates a decision
by combining its expected payoff with aversion to adverse out-
comes. Through exponential tilting, this representation reweights
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the nominal distribution toward unfavorable scenarios, enabling
a principled trade-off between performance and conservatism.

Bayesian optimization (BO) is a widely used framework for
sample-efficient optimization of expensive black-box functions,
leveraging Gaussian process surrogates and acquisition functions
to balance exploration and exploitation [9–12]. However, stan-
dard BO is intrinsically single-agent and self-referential: im-
provement is measured relative to an agent’s own incumbent best
value, implicitly assuming that performance is absolute and ex-
ogenous. This formulation overlooks settings in which perfor-
mance is inherently relative—for example, when design quality
is evaluated against an evolving competitor or benchmark. In such
cases, the payoff functional becomes benchmark-dependent and
endogenous, and classical BO provides no normative mechanism
for adapting sampling decisions to the competitive state.

To address this limitation, recent work has begun to model
competitive sequential decision-making using multi-agent and
game-theoretic perspectives, including dueling bandits [13, 14],
stochastic games [15], and multi-agent reinforcement learning
[16]. Motivated by costly-evaluation settings, our prior work in-
troduced Competitive Bayesian Optimization (CBO) [17], which
replaces self-referential improvement with an opponent-aware
benchmark and selects evaluations by maximizing Expected Ad-
vantage (EA). By coupling sampling decisions to the current
performance gap, CBO provides a principled answer to where to
sample under competition.

Despite these advances, a critical gap remains: robustness
under competitive uncertainty. In competitive Bayesian opti-
mization, uncertainty arises not only from the surrogate model
used to estimate the objective but also from the evolving com-
petitive state against which performance is evaluated. These two
sources of uncertainty jointly influence the reliability of acquisi-
tion decisions and motivate the need for robustness. We therefore
distinguish two key challenges in competitive BO. First, model
uncertainty. As in standard BO, decisions depend on a GP poste-
rior that may suffer from surrogate-model miscalibration due to
kernel choice, hyperparameter estimation error, and limited data.
The sensitivity of acquisition rules to posterior miscalibration
is well documented [11, 12, 18], and robust BO variants such
as StableOpt [19] and distributionally robust BO [20] mitigate
this effect for absolute objectives. However, in a competitive
setting, posterior errors distort not only improvement estimates
but also the competitive payoff itself, amplifying the impact of
surrogate-model miscalibration.

Second, strategic competition. In competitive optimization,
decisions are evaluated relative to an evolving benchmark deter-
mined by the opponent’s performance [15, 16]. The acquisition
objective therefore depends not only on the surrogate model but
also on the current competitive standing, such as whether an
agent is leading or trailing. Existing competitive BO approaches,
including CBO, treat acquisition decisions as risk-neutral with
respect to this relative payoff. As a result, the algorithm does
not adjust its risk attitude based on the competitive state—for
example, adopting more conservative decisions to protect an in-
cumbent lead or more aggressive exploration when falling be-
hind. These observations motivate the following question: How
should Bayesian optimization adapt its sampling decisions when

both model uncertainty and competitive standing influence the
acquisition process? In particular, how can robustness be incor-
porated into competition-aware acquisition functions to stabilize
decisions while preserving sample efficiency?

In this paper, We propose RCBO, a principled extension
of CBO, a principled extension of CBO that integrates KL-
divergence–based ambiguity aversion directly into competition-
aware information acquisition. To account for posterior ambi-
guity in the GP-induced competitive payoff, we introduce KL-
divergence–based ambiguity aversion. Intuitively, ambiguity
aversion reflects a decision-maker’s preference to guard against
the possibility that the assumed probability model may be in-
accurate. Instead of trusting the Gaussian-process posterior ex-
actly, we allow for nearby alternative probability distributions that
slightly distort this posterior. The Kullback–Leibler (KL) diver-
gence provides a natural way to quantify how far such alternative
distributions deviate from the nominal belief. By restricting these
alternatives to lie within a KL neighborhood of the posterior, the
algorithm evaluates decisions under pessimistic but plausible pay-
off distributions, thereby reducing sensitivity to surrogate-model
miscalibration and unfavorable competitive outcomes.

Instead of optimizing the posterior expectation of com-
petitive advantage, RCBO evaluates advantage under a KL-
distorted posterior, yielding an entropic risk functional via the
Donsker–Varadhan variational identity [5, 21]. This formula-
tion allows an adversary to pessimistically reweight posterior
outcomes with a KL penalty, producing a robust competitive ac-
quisition function that smoothly interpolates between risk-neutral
Expected Advantage and worst-case evaluation through a tunable
risk-sensitivity parameter. By incorporating divergence-based
robustness directly into the evaluation of competitive advan-
tage relative to the benchmark, RCBO allows sampling decisions
to account for both model uncertainty and the agent’s current
competitive standing. By adapting risk sensitivity to the com-
petitive state, RCBO unifies uncertainty-aware robustness and
competition-aware decision-making within a single acquisition
framework.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews Gaussian process surrogates and the competi-
tive Bayesian optimization framework. Section 3 develops the
proposed Robust Competitive Bayesian Optimization (RCBO)
method, including the KL-divergence–based robust evaluation
and the resulting competition-aware acquisition function. Sec-
tion 4 presents the experimental setup and empirical results on
benchmark problems. Section 5 discusses the implications and
limitations of the proposed approach. Finally, Section 6 con-
cludes the paper and outlines directions for future work.

2. PRELIMINARIES
2.1. Gaussian Process Surrogate

We consider a design space X ⊂ R𝑑 and a black–box ob-
jective function 𝑓𝑖 : X → R for agent 𝑖. We model 𝑓𝑖 with
a Gaussian process (GP) prior 𝑓𝑖 ∼ GP(𝑚0, 𝑘0) [22], where
𝑚0 : X → R is the prior mean function and 𝑘0 : X × X → R is
the positive–definite covariance (kernel) function.

At each iteration 𝑡, agent 𝑖 selects a design 𝑥𝑖𝑡 ∈ X and
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observes a noisy outcome

𝑦𝑖𝑡 = 𝑓𝑖 (𝑥𝑖𝑡 ) + 𝜀𝑖𝑡 , 𝜀𝑖𝑡 ∼ N(0, 𝑣2), (1)

where 𝜀𝑖𝑡 are i.i.d. Gaussian noises with variance 𝑣2. Thus, 𝑣2
represents an additive homoscedastic observation-noise variance,
or nugget term, that is added to the diagonal of the GP covariance
matrix. In this study, we do not model multiplicative observation
uncertainty or input-dependent noise. After 𝑡 evaluations, the
agent has collected a dataset D𝑖,𝑡 = {(𝑥𝑖𝑠, 𝑦𝑖𝑠)}𝑡𝑠=1.

To compute the posterior, we define the design history 𝑋𝑖𝑡 =
[𝑥𝑖1, . . . , 𝑥𝑖𝑡 ], the observation vector y𝑖𝑡 = [𝑦𝑖1, . . . , 𝑦𝑖𝑡 ]⊤, the
kernel matrix 𝐾𝑖𝑡 = [𝑘0 (𝑥𝑖𝑎, 𝑥𝑖𝑏)]1≤𝑎,𝑏≤𝑡 , and the covariance
vector k𝑖𝑡 (𝑥) = [𝑘0 (𝑥𝑖1, 𝑥), . . . , 𝑘0 (𝑥𝑖𝑡 , 𝑥)]⊤. Conditioned on
D𝑖,𝑡 , the posterior distribution at a candidate 𝑥 is 𝑓𝑖 (𝑥) | D𝑖,𝑡 ∼
N(𝜇𝑖𝑡 (𝑥), 𝜎2

𝑖,𝑡
(𝑥)), determined by GP regression as:

𝜇𝑖𝑡 (𝑥) = 𝑚0 (𝑥) + k𝑖𝑡 (𝑥)⊤
(︁
𝐾𝑖𝑡 + 𝑣2𝐼

)︁−1 (︁y𝑖𝑡 − 𝑚0 (𝑋𝑖𝑡 )
)︁
, (2)

𝜎2
𝑖,𝑡 (𝑥) = 𝑘0 (𝑥, 𝑥) − k𝑖𝑡 (𝑥)⊤

(︁
𝐾𝑖𝑡 + 𝑣2𝐼

)︁−1k𝑖𝑡 (𝑥). (3)

The posterior variance is denoted by 𝜎2
𝑖,𝑡
(𝑥) and the correspond-

ing standard deviation by 𝜎𝑖,𝑡 (𝑥).

2.2. Competitive Bayesian Optimization
Following our prior study [17], we focus on a competitive

setting in which the quality of a design is assessed relative to
an external performance state. This state may correspond to an
explicit opponent (agent −𝑖) or to a benchmark process summa-
rizing the best designs identified so far. We denote by 𝑓 EA

𝑡 a scalar
competitive benchmark at iteration 𝑡 (e.g., an opponent best-so-far
value 𝑓 ∗−𝑖,𝑡 ). For the detailed definition of 𝑓 EA

𝑡 , please check the
method from [17]. A brief overview of the CBO framework is
provided in Appendix A.

For each candidate 𝑥 ∈ X, we define the competition-aware
payoff random variable

𝑍
comp
𝑖

(𝑥) := 𝑢
(︁
𝑓𝑖 (𝑥), 𝑓 EA

𝑡

)︁
, (4)

Here, 𝑢(·, ·) is a deterministic payoff transformation. At itera-
tion 𝑡, the benchmark 𝑓 EA

𝑡 is treated as fixed when evaluating a
candidate 𝑥, while 𝑓𝑖 (𝑥) remains random under the GP posterior.
Therefore, 𝑍comp

𝑖
(𝑥) is a posterior-induced random competitive

payoff.
We assume that 𝑢 is monotone in its first argument, so that

a larger objective value 𝑓𝑖 (𝑥) produces no smaller competitive
payoff for a fixed benchmark. A canonical choice recovering
the usual Expected Advantage (EA) form is the rectified differ-
ence [17]:

𝑍
comp
𝑖

(𝑥) =
(︁
𝑓𝑖 (𝑥) − 𝑓 EA

𝑡

)︁+
. (5)

This distinction is important because uncertainty in 𝑓𝑖 (𝑥)
propagates through the benchmark-dependent payoff 𝑍

comp
𝑖

(𝑥),
so a design with high nominal objective value may still have
uncertain or unfavorable competitive advantage relative to the
current benchmark.

3. METHOD
This section introduces a robust competitive Bayesian opti-

mization that augments the EA framework with ambiguity aver-
sion. We first define a KL-distortion robust evaluation that allows
an adversary to pessimistically reweight the GP posterior within a
KL penalty, yielding a closed-form entropic risk functional. We
then instantiate this evaluation for the competition-aware payoff
𝑍

comp
𝑖

(𝑥) to obtain the robust competitive acquisition 𝛼REA
𝑖

(𝑥),
which is maximized to select the next query. Finally, we summa-
rize the resulting BO loop and practical implementation details.

3.1. Robust Evaluation via KL Distortion
Let 𝜇𝑡 denote the baseline posterior probability measure in-

duced by the GP posterior over the latent objective 𝑓𝑖 (𝑥) at it-
eration 𝑡. This distribution represents the model’s current belief
about the uncertain outcome of evaluating design 𝑥. Through-
out this paper, ambiguity refers to uncertainty about the posterior
predictive law used to evaluate the acquisition function. For a
fixed candidate 𝑥 and benchmark 𝑓 EA

𝑡 , the GP posterior induces a
distribution over the competitive payoff 𝑍comp

𝑖
(𝑥). RCBO models

ambiguity by considering alternative payoff distributions that are
absolutely continuous with respect to the nominal GP-induced
distribution and remain close to it in KL divergence. Thus, ambi-
guity is distinct from the additive observation noise in Eq. (1) and
from a structural distributional shift of the true objective function.
For a candidate 𝑥, let 𝑍 (𝑥) be the induced random utility under
𝜇𝑡 (we ultimately maximize 𝑍).

To introduce ambiguity aversion, we adopt the standard
decision-theoretic perspective that the posterior 𝜇𝑡 may itself be
imperfect due to model misspecification, limited data, or noise.
Instead of assuming that 𝜇𝑡 is exactly correct, we consider nearby
alternative probability distributions that represent plausible per-
turbations of the nominal belief. For example, if the GP posterior
predicts a high payoff with moderate uncertainty, a pessimistic
decision-maker may wish to evaluate the design under a slightly
distorted distribution that assigns greater probability to unfavor-
able outcomes. This captures the notion of ambiguity aversion:
decisions are evaluated not only under the nominal belief but also
under nearby distributions that represent possible model errors.

Formally, we allow an adversary (“nature”) to replace the
nominal posterior 𝜇𝑡 with an alternative probability distribution
𝜈. The distribution 𝜈 represents a distorted belief obtained by
reweighting the outcomes under the nominal posterior 𝜇𝑡 , thereby
capturing pessimistic scenarios in which unfavorable outcomes
receive greater probability mass. The deviation of 𝜈 from the
nominal belief 𝜇𝑡 is quantified using the Kullback–Leibler (KL)
divergence, which measures how far the distorted distribution
departs from the posterior belief.

𝐷KL (𝜈∥𝜇𝑡 ) = E𝜈

[︃
log

𝑑𝜈

𝑑𝜇𝑡

]︃
. (6)

Given an ambiguity budget 𝜌 ≥ 0, we evaluate 𝑍 (𝑥) under
the worst-case distribution 𝜈 chosen from a neighborhood of the
nominal posterior 𝜇𝑡 defined by a KL-divergence constraint. In-
tuitively, this neighborhood—often called a KL ball—contains all
probability distributions that differ from the nominal posterior 𝜇𝑡
by at most 𝜌 in KL divergence. In other words, we allow nature

3 Copyright ©2026 by ASME



to slightly distort the posterior belief, but only within a bounded
level of deviation measured by the KL divergence.

R𝜌 (𝑍 (𝑥)) := inf
𝜈≪𝜇𝑡 : 𝐷KL (𝜈 ∥𝜇𝑡 )≤𝜌

E𝜈 [𝑍 (𝑥)] . (7)

When 𝜌 = 0, feasibility forces 𝜈 = 𝜇𝑡 , hence R0 (𝑍 (𝑥)) =

E𝜇𝑡 [𝑍 (𝑥)]. Increasing 𝜌 enlarges the ambiguity set and yields a
more conservative (pessimistic) evaluation.

Define the constraint function 𝑐(𝜈) := 𝐷KL (𝜈∥𝜇𝑡 ) − 𝜌 ≤ 0
and form the Lagrangian [2]

L(𝜈, 𝜆) := E𝜈 [𝑍 (𝑥)] + 𝜆
(︁
𝐷KL (𝜈∥𝜇𝑡 ) − 𝜌

)︁
, 𝜆 ≥ 0, (8)

where 𝜆 is the Lagrange multiplier (dual variable) associated
with the KL-divergence constraint. In the multiplier formulation,
𝜆 controls how costly it is for an adversary to distort the nominal
posterior distribution 𝜇𝑡 . A large value of 𝜆 strongly penalizes
deviations from 𝜇𝑡 , forcing the distorted distribution 𝜈 to remain
close to the posterior and producing behavior close to the risk-
neutral evaluation. In contrast, a small value of 𝜆 allows greater
distortion of 𝜇𝑡 , permitting the adversary to place more weight on
unfavorable outcomes and yielding a more pessimistic (robust)
evaluation.

The constrained formulation in Eq. (7), parameterized by the
KL radius 𝜌, and the multiplier formulation in Eq. (8) parameter-
ized by 𝜆 are dual representations of the same robustness concept.
Increasing 𝜌 enlarges the KL ball and therefore allows more ad-
versarial distortions of the posterior. In the dual formulation, this
corresponds to decreasing 𝜆, which reduces the penalty on KL
distortion and leads to a more conservative (robust) evaluation.
In other words, reducing 𝜆 allows stronger adversarial distortions
of the posterior, leading to a more pessimistic evaluation of the
payoff and therefore a more robust decision rule.

For each fixed 𝜆 ≥ 0, we define the dual function as the
minimum value of the Lagrangian over all admissible distorted
distributions 𝜈. Introducing this dual function allows the con-
strained robust problem in Eq. (7) to be rewritten in a penalized
form that depends only on 𝜆. This step is standard in Lagrangian
duality and leads directly to the KL-penalized robust functional
used in the following derivation.

𝑔(𝜆) := inf
𝜈≪𝜇𝑡

L(𝜈, 𝜆). (9)

𝑔(𝜆) is a lower bound on the primal value for any 𝜆 ≥ 0 (weak
duality), so the tightest bound is obtained by maximizing 𝑔(𝜆).

Expanding (9) using (8) yields

𝑔(𝜆) = inf
𝜈≪𝜇𝑡

{︂
E𝜈 [𝑍 (𝑥)] + 𝜆𝐷KL (𝜈∥𝜇𝑡 )

}︂
⏞ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ⏟⏟ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ̄ ˉ⏞

:= R𝜆 (𝑍 (𝑥 ) )

−𝜆𝜌, (10)

which motivates the KL-penalized (multiplier–robust) functional

R𝜆 (𝑍 (𝑥)) := inf
𝜈≪𝜇𝑡

{︂
E𝜈 [𝑍 (𝑥)] + 𝜆 𝐷KL (𝜈∥𝜇𝑡 )

}︂
, 𝜆 > 0.

(11)
A standard variational identity (Donsker–Varadhan; see [5,

23, 24]) yields, for 𝜆 > 0. A detailed derivation is provided in
Appendix B.

R𝜆 (𝑍 (𝑥)) = −𝜆 logE𝜇𝑡

[︁
exp

(︁
− 𝑍 (𝑥)/𝜆

)︁ ]︁
, (12)

and the minimizing distribution in (11) is the exponentially tilted
measure 𝜈★

𝜆
≪ 𝜇𝑡 :

𝑑𝜈★
𝜆

𝑑𝜇𝑡
(𝜔) =

exp
(︁
− 𝑍 (𝑥, 𝜔)/𝜆

)︁
E𝜇𝑡

[︁
exp

(︁
− 𝑍 (𝑥)/𝜆

)︁ ]︁ . (13)

Equations (12)–(13) provide a practical interpretation of the ro-
bust evaluation. Instead of trusting the posterior distribution 𝜇𝑡
exactly, we allow a pessimistic “adversary” to slightly shift prob-
ability mass toward unfavorable outcomes. In other words, out-
comes that produce smaller competitive payoff are treated as more
likely than the nominal GP posterior suggests. The parameter 𝜆
controls how strong this pessimism is. When 𝜆 is large, changing
the posterior is heavily penalized, so the evaluation remains close
to the usual risk-neutral expectation. When 𝜆 is small, the adver-
sary is allowed to emphasize low-payoff outcomes more strongly,
producing a more conservative (risk-averse) evaluation. From
this perspective, R𝜆 acts as a smooth interpolation between the
nominal expected payoff and a worst-case evaluation, providing
a tunable level of robustness against model uncertainty.

3.2. Robust Competitive Acquisition Function
In the competitive setting, we take the random competitive

payoff to be the competitive advantage 𝑍 (𝑥) = 𝑍
comp
𝑖

(𝑥). We
adopt the multiplier–robust (KL-penalized) evaluation from Sec-
tion 3.1, treating 𝜆 > 0 as a tunable risk-sensitivity parameter.
The resulting robust competitive acquisition for agent 𝑖 at itera-
tion 𝑡 is

𝛼REA
𝑖 (𝑥) := R𝜆

(︁
𝑍

comp
𝑖

(𝑥)
)︁
= inf

𝜈≪𝜇𝑡

{︂
E𝜈

[︁
𝑍

comp
𝑖

(𝑥)
]︁
+𝜆 𝐷KL (𝜈∥𝜇𝑡 )

}︂
.

(14)
The inner infimum in (14) represents an adversary that perturbs
the posterior distribution 𝜇𝑡 toward unfavorable outcomes, sub-
ject to a KL penalty that limits the magnitude of the distortion.
The risk parameter 𝜆 controls this trade-off: larger 𝜆 penalizes
deviations more strongly and yields behavior close to the risk-
neutral evaluation, whereas smaller 𝜆 allows stronger pessimistic
reweighting of outcomes and produces a more conservative (ro-
bust) evaluation.

Using the variational identity in (12), the infimum in (14)
admits the closed form

𝛼REA
𝑖 (𝑥) = −𝜆 logE𝜇𝑡

[︂
exp

(︁
− 𝑍comp

𝑖
(𝑥)/𝜆

)︁ ]︂
. (15)

In our implementation of competitive BO [17], we set 𝑍comp
𝑖

(𝑥) =(︁
𝑓𝑖 (𝑥) − 𝑓 EA

𝑡

)︁+, yielding

𝛼REA
𝑖 (𝑥) = −𝜆 logE𝜇𝑡

[︂
exp

(︁
−

(︁
𝑓𝑖 (𝑥) − 𝑓 EA

𝑡

)︁+/𝜆)︁ ]︂ . (16)

Thus, 𝛼REA
𝑖

(𝑥) is an entropic risk adjustment of the posterior
distribution of competitive payoff.

At each iteration, agent 𝑖 selects the next candidate by max-
imizing the robust acquisition over a finite candidate set. Let
Xcand,𝑡 ⊂ X denote the candidate set available for acquisition
maximization at iteration 𝑡. In the benchmark experiments, this
set is constructed in the normalized design domain, and the same
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candidate set is used for RCBO and the baseline method. The
next query is selected as

𝑥𝑖,𝑡+1 ∈ arg max
𝑥∈Xcand,𝑡

𝛼REA
𝑖 (𝑥). (17)

The risk-sensitivity parameter 𝜆 controls how costly it is for
nature to distort the posterior. As𝜆 → ∞, KL distortion is heavily
penalized and the robust acquisition reduces to the risk-neutral
competitive expected advantage:

lim
𝜆→∞

𝛼REA
𝑖 (𝑥) = E𝜇𝑡

[︁
𝑍

comp
𝑖

(𝑥)
]︁
. (18)

Conversely, as 𝜆 ↓ 0, the log–sum–exp term in (15) concentrates
on the smallest realizations of 𝑍comp

𝑖
(𝑥), so 𝛼REA

𝑖
approaches

a worst-case (highly pessimistic) evaluation of the competitive
payoff.

Figure 1 summarizes the RCBO overall framework. At itera-
tion 𝑡, the observed state consists of the accumulated data D𝑡 and
the competitive benchmark 𝑓 EA

𝑡 , which together define the GP
posterior belief over 𝑓𝑖 (𝑥). This posterior induces a distribution
𝜇𝑡 over the competition-aware payoff 𝑍comp

𝑖
(𝑥) = 𝑢( 𝑓𝑖 (𝑥), 𝑓 EA

𝑡 ).
Robustness enters by allowing an adversary to distort 𝜇𝑡 to an
alternative measure 𝜈 ≪ 𝜇𝑡 , penalized by the KL divergence,
yielding the robust evaluation R𝜆 and the resulting acquisition
𝛼REA
𝑖

(𝑥) = R𝜆 (𝑍comp
𝑖

(𝑥)). The next query is selected by maxi-
mizing 𝛼REA

𝑖
(𝑥) over 𝑥 ∈ X.

3.3. Algorithm Implementation
For the EA-style payoff 𝑍comp

𝑖
(𝑥) = ( 𝑓𝑖 (𝑥) − 𝑓 EA

𝑡 )+, we eval-
uate the expectation in Eq. (15) using Monte Carlo sampling from
the one-dimensional GP posterior marginal. Although this ex-
pectation can be evaluated analytically for the rectified Gaussian
payoff, the Monte Carlo estimator is retained because it applies
directly to more general benchmark-dependent payoff transfor-
mations 𝑢(·, ·).

At iteration 𝑡 and candidate 𝑥 ∈ X, the GP posterior marginal
is

𝑓𝑖 (𝑥) | D𝑡 ∼ N
(︁
𝜇𝑡 (𝑥), 𝜎2

𝑡 (𝑥)
)︁
. (19)

Draw 𝑆 samples𝑌 (𝑠) ∼ N(𝜇𝑡 (𝑥), 𝜎2
𝑡 (𝑥)) and map them to payoff

samples 𝑍 (𝑠) =
(︁
𝑌 (𝑠) − 𝑓 EA

𝑡

)︁+. The expectation in (15) is approx-
imated by Monte Carlo sampling. In the reported experiments,
we use a fixed Monte Carlo size 𝑆 = 200 for all RCBO acquisi-
tion evaluations. The same value of 𝑆 is used across benchmark
functions and random seeds to ensure comparable acquisition
estimates.

E𝜇𝑡

[︁
exp

(︁
− 𝑍comp

𝑖
(𝑥)/𝜆

)︁ ]︁
≈ 1
𝑆

𝑆∑︂
𝑠=1

exp
(︁
− 𝑍 (𝑠)/𝜆

)︁
, (20)

yielding the Monte Carlo acquisition estimate

ˆ︁𝛼REA
𝑖 (𝑥;𝜆) = −𝜆 log

(︄
1
𝑆

𝑆∑︂
𝑠=1

exp
(︁
− 𝑍 (𝑠)/𝜆

)︁)︄
. (21)

The acquisition function is optimized over a finite candidate set
rather than by gradient-based optimization. Specifically, at it-
eration 𝑡, we construct a candidate set Xcand,𝑡 ⊂ X, evaluate

Algorithm 1: Robust Competitive Bayesian Optimiza-
tion (agent 𝑖)

Input: Initial data D𝑖,𝑛0 ; Monte Carlo size 𝑆;
evaluation budget 𝑇 ; benchmark update rule for
𝑓 EA
𝑡 ; adaptive risk-sensitivity rule for 𝜆𝑡

. Output: Sequence of queried designs {𝑥𝑖𝑡 }𝑇𝑡=𝑛0+1.
Fit GP posterior on D𝑖,𝑛0 ;
for 𝑡 = 𝑛0, . . . , 𝑇 − 1 do

Update GP posterior mean 𝜇𝑖𝑡 (·) and variance
𝜎2
𝑖,𝑡
(·) using D𝑖,𝑡 via (2)–(3);

Update competitive benchmark 𝑓 EA
𝑖𝑡

;
Define the acquisition estimator ˆ︁𝛼REA

𝑖
(𝑥;𝜆) via

Monte Carlo approximation;
Construct a finite candidate set Xcand,𝑡 ⊂ X;
Select next query:

𝑥𝑖,𝑡+1 ∈ arg max
𝑥∈Xcand,𝑡

ˆ︁𝛼REA
𝑖 (𝑥;𝜆);

Evaluate 𝑦𝑖,𝑡+1 = 𝑓𝑖 (𝑥𝑖,𝑡+1) + 𝜀𝑖,𝑡+1 with
𝜀𝑖,𝑡+1 ∼ N(0, 𝑣2);

Update dataset: D𝑖,𝑡+1 = D𝑖,𝑡 ∪ {(𝑥𝑖,𝑡+1, 𝑦𝑖,𝑡+1)};

ˆ︁𝛼REA
𝑖

(𝑥;𝜆) for every 𝑥 ∈ Xcand,𝑡 , and select the candidate with
the largest acquisition value. Therefore, gradients of the Monte
Carlo estimator are not used. This avoids instability that could
otherwise arise from differentiating a stochastic acquisition esti-
mate.

Algorithm 1 summarizes the RCBO implementation for
agent 𝑖. The benchmark 𝑓 EA

𝑡 is treated as an external compe-
tition state and updated from the current information available at
iteration 𝑡 (e.g., the opponent’s best-so-far value). The next query
is selected by maximizing the Monte Carlo estimate (21).

4. EXPERIMENTS
We evaluate RCBO against the nominal competitive Bayesian

optimization baseline, i.e., CBO instantiated with the Gap-Aware
Threshold(GAT) strategy. The GAT strategy is an adaptive com-
petitive acquisition rule introduced in our prior CBO work [17],
as summarized in Appendix A. In that framework, the improve-
ment benchmark is dynamically adjusted according to the current
performance gap between competing agents, so that the sampling
strategy becomes more exploratory when an agent is behind and
more exploitative when it is ahead. This mechanism enables
the acquisition function to adapt its exploration–exploitation be-
havior to the evolving competitive state. When robustness is
not considered (i.e., under risk-neutral evaluation), the proposed
RCBO framework reduces to this nominal CBO-GAT strategy.
Therefore, in the experiments we compare RCBO against CBO-
GAT as the appropriate competition-aware baseline. We do not
compare against classical single-agent BO, since the advantage of
CBO over standard BO has already been empirically established
in our prior work [17].

4.1. Experimental Settings
4.1.1. Objective functions and BO settings. We evaluate

the proposed method on five benchmark functions: Cosines [25],
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Observations
Data: D𝑡 = {(𝑥𝑖𝑠 , 𝑦𝑖𝑠)}𝑡𝑠=0
Opponent’s performance: 𝑓 ∗−𝑖,𝑡

Surrogate posterior uncertainty
GP posterior: 𝜇𝑖,𝑡 (𝑥) and 𝜎𝑖,𝑡 (𝑥)

Competitive payoff
𝑍

comp
𝑖

(𝑥) = 𝑢
(︁
𝑓𝑖 (𝑥), 𝑓 EA

𝑡

)︁
EA: 𝑍comp

𝑖
(𝑥) =

(︁
𝑓𝑖 (𝑥) − 𝑓 EA

𝑡

)︁+
Adaptive risk sensitivity
Determine 𝜆𝑡 > 0 based on oppo-
nent’s performance and surrogate
posterior uncertainty

Robust acquisition value
𝛼REA
𝑖 (𝑥) = −𝜆𝑡 logE𝜇𝑖,𝑡 (𝑥 )

[︁
exp

(︁
− 𝑍comp

𝑖
(𝑥)/𝜆𝑡

)︁ ]︁

Robust decision rule
Select 𝑥𝑖,𝑡+1 ∈ arg max𝑥∈Xcand,𝑡 𝛼

REA
𝑖

(𝑥)

FIGURE 1: framework of robust competitive Bayesian optimization.

Alpine N.1 [26], Cross-in-tray [27], Schwefel [28], and
Eggholder [27]. These functions are ordered approximately from
simpler to more complex landscapes. In all experiments, each
canonical domain is linearly rescaled to [0, 1]2, and function
values are standardized to have zero mean and unit variance for
comparability. This rectangular-domain setting is used only for
controlled benchmark evaluation. The acquisition rule itself only
requires a feasible set of candidate designs over which the acqui-
sition function can be evaluated. Detailed information for each
benchmark function is provided in Table 1.

The benchmark functions are deterministic response sur-
faces. Stochasticity enters only through the additive Gaussian
observation-noise model in Eq. (1) and through the GP posterior
uncertainty induced by finite data. In this setting, the experimen-
tal uncertainty variance 𝑣2 is treated as an independent nugget
term added to the diagonal of the GP covariance matrix. Thus,
the reported experiments assume additive homoscedastic obser-
vation noise, not multiplicative observation uncertainty, input-
dependent noise, or correlated experimental errors. Therefore,
the experiments evaluate robustness to noisy and uncertain acqui-
sition evaluation rather than to an explicit time-varying structural
shift of the objective function.

For all methods, the same GP modeling procedure is used.
Input variables are linearly rescaled to [0, 1]2, response values
are standardized, and GP hyperparameters are re-estimated by
log-marginal-likelihood maximization at each BO iteration [22].
Thus, differences between RCBO and the baseline are attributable
to the robust competitive acquisition rule rather than to different
surrogate-model training procedures.

For acquisition optimization, we use finite candidate-set
maximization rather than gradient-based optimization. In each
BO iteration, the candidate setXcand,𝑡 is generated by Latin hyper-
cube sampling in the normalized design domain, with 𝑁cand = 5
candidate points. RCBO and CBO-GAT evaluate their acqui-
sition functions on the same candidate set within each random
trial, and the point with the largest acquisition value is selected.
Therefore, gradients of the Monte Carlo acquisition estimator are
not used.

4.1.2. Adaptive risk sensitivity parameter. The expected-
advantage payoff 𝑍𝑡 (𝑥) changes scale during optimization be-
cause its reference value (the incumbent benchmark) is updated

online. Consequently, using a fixed absolute risk parameter 𝜆 is
not comparable across iterations or across objective functions: the
entropic robust evaluation in Eq. (15) depends on 𝜆 only through
the dimensionless ratio 𝑍/𝜆. To maintain comparable robustness
while tracking the evolving payoff magnitude, we introduce the
scale-tracking parameterization

𝜆𝑡 = 𝜅𝑡 𝑠𝑡 , 𝑠𝑡 := IQR
(︁
𝑍𝑡 (X)

)︁
, (22)

where X is the discrete candidate set used for acquisition maxi-
mization (i.e., the finite set of candidate design points over which
the acquisition function is maximized) and 𝑍𝑡 (X) = {𝑍𝑡 (𝑥) :
𝑥 ∈ X}. The interquartile range provides a robust estimate of the
payoff dispersion, ensuring that the risk parameter adapts to the
scale of the competitive payoff.

The key mechanism is illustrated in Fig. 2. The effective risk
sensitivity is determined by two interacting quantities: surrogate
posterior uncertainty, summarized by the GP posterior standard
deviation over the candidate set, and the competitive standing
relative to the opponent. Accordingly, we decompose the tem-
perature parameter as

𝜅𝑡 = 𝜅
model
𝑡 𝜅

opp
𝑡 , (23)

where each component controls robustness from a different per-
spective.

1) Surrogate posterior uncertainty. The left branch of Fig.
2 describes how surrogate posterior uncertainty influences risk
sensitivity. When the GP posterior variance is large over the
candidate set, exploration decisions based solely on the posterior
mean may be unreliable. In this regime the algorithm adopts a
more cautious strategy by reducing the temperature and there-
fore increasing robustness (i.e., producing a more conservative,
risk-averse evaluation of the competitive payoff). As the model
becomes more confident, robustness is gradually relaxed.

To quantify this effect, we measure the surrogate posterior
uncertainty over the candidate set by

𝑢𝑡 := median𝑥∈X𝜎𝑡 (𝑥). (24)

Here, 𝜎𝑡 (𝑥) denotes the posterior standard deviation of the la-
tent response 𝑓𝑖 (𝑥), not the additive observation-noise standard
deviation 𝑣. Thus, 𝑢𝑡 is used only as a scalar summary of the

6 Copyright ©2026 by ASME



TABLE 1: Definitions of the five benchmarks with known global minima and canonical domains. In all experiments, domains are linearly
rescaled to [0, 1]2 and function values standardized.

Name Formula Global minimum Canonical domain

Cosines 𝑓 (x) = 1 − 1
2
∑︁2

𝑖=1 𝑥
2
𝑖
− 0.3

∑︁2
𝑖=1 cos(3𝜋𝑥𝑖 ) 𝑓 (0.314, 0.303) ≈ −1.596 𝑥𝑖 ∈ [−1, 1]

Alpine N.1 𝑓 (𝑥, 𝑦) = |𝑥 sin 𝑥 + 0.1𝑥 | + |𝑦 sin 𝑦 + 0.1𝑦 | 𝑓 (0, 0) = 0 𝑥, 𝑦 ∈ [0, 10]

Cross-in-tray 𝑓 (𝑥, 𝑦) = −10−4
(︂ |︁|︁sin 𝑥 sin 𝑦 exp

(︁|︁|︁100 −
√
𝑥2+𝑦2
𝜋

|︁|︁)︁ |︁|︁ + 1
)︂0.1

𝑓 (±1.34941, ±1.34941) ≈ −2.06261 𝑥, 𝑦 ∈ [−10, 10]
Schwefel 𝑓 (𝑥, 𝑦) = 2 · 418.9829 −

[︁
𝑥 sin

√︁
|𝑥 | + 𝑦 sin

√︁
|𝑦 |

]︁
𝑓 (420.9687, 420.9687) = 0 𝑥, 𝑦 ∈ [−500, 500]

Eggholder 𝑓 (𝑥, 𝑦) = −(𝑦 + 47) sin
(︁√︁

|𝑥/2 + 𝑦 + 47 |
)︁
− 𝑥 sin

(︁√︁
|𝑥 − (𝑦 + 47) |

)︁
𝑓 (512, 404.2319) ≈ −959.6407 𝑥, 𝑦 ∈ [−512, 512]

Model uncertainty
↑ 𝑢𝑡 (Eq. (24))

𝜅model
𝑡 (Eq. (26))
↓ (more robust)

𝜅𝑡
↓

↑ 𝑢𝑡
⇒ more cautious

× 𝜅opp
𝑡

Competitive standing
Δ𝑡 = 𝑓 ∗

𝑖,𝑡
− 𝑓 ∗−𝑖,𝑡

𝜅
opp
𝑡 ∈ (0, 1] (Eq. (28))

ahead ⇒↓
behind ⇒↑

𝜅𝑡
↓ (when ahead)

ahead (Δ𝑡 > 0):
discount (lead protection)

behind (Δ𝑡 < 0):
relax robustness

× 𝜅model
𝑡

𝜅𝑡 = 𝜅
model
𝑡 𝜅

opp
𝑡

𝜆𝑡 = 𝜅𝑡 𝑠𝑡 with 𝑠𝑡 = IQR(𝑍𝑡 (X))

𝜆𝑡
↓ (more robustness)

𝜅𝑡 ↓
⇒ 𝜆𝑡 ↓

𝑠𝑡 tracks payoff scale
(units of 𝑍𝑡 )

FIGURE 2: Logic flow of the adaptive risk sensitivity: model uncertainty and competitive standing jointly determine κt = κmodel
t κ

opp
t , which

together with payoff-scale tracking st sets λt = κt st .

surrogate model’s current uncertainty over candidate designs. A
large value of 𝑢𝑡 indicates that the model is still uncertain across
the candidate set, corresponding to the “more cautious” regime
in Fig. 2. We normalize this quantity into a progress variable

𝑔𝑡 := clip
(︃
𝑢0 − 𝑢𝑡
𝑢0 − 𝑢min

, 0, 1
)︃
, 𝑢min := 𝜂𝑢0, (25)

where clip(𝑧, 0, 1) truncates the value 𝑧 to the interval [0, 1], i.e.,
values below 0 are set to 0 and values above 1 are set to 1. The
quantity 𝑢0 denotes the initial surrogate uncertainty level at the
beginning of optimization (computed from Eq. (24)), while 𝜂 ∈
(0, 1) is a small constant that defines the minimum uncertainty
level 𝑢min used for normalization. As the optimization progresses
and the surrogate becomes more confident (𝑢𝑡 decreases), the
normalized progress variable 𝑔𝑡 increases from 0 toward 1. The
model-driven temperature is then defined by

𝜅model
𝑡 =

1
max{1 − 𝑔𝑡 , 𝜀}

, (26)

which produces the trend depicted in the left flow of Fig. 2: higher

uncertainty (𝑢𝑡 ↑) leads to a smaller temperature (𝜅𝑡 ↓) and there-
fore a smaller risk parameter (𝜆𝑡 ↓), corresponding to stronger
robustness (i.e., a more risk-averse evaluation of the competi-
tive payoff) As uncertainty decreases during optimization, 𝜅model

𝑡

increases and the algorithm gradually approaches risk-neutral be-
havior.

2) Competitive standing. The right branch of Fig. 2 de-
scribes how the current competitive position affects risk sensitiv-
ity. Let

Δ𝑡 := 𝑓 ∗𝑖,𝑡 − 𝑓 ∗−𝑖,𝑡 , Δ̃𝑡 := Δ𝑡/𝑠Δ,𝑡 , (27)

where 𝑠Δ,𝑡 is a robust scale used to normalize the performance
gap. The opponent-driven component is defined as

𝜅
opp
𝑡 = sigmoid(−Δ̃𝑡 ) =

1
1 + exp(Δ̃𝑡 )

, (28)

where sigmoid(𝑧) = 1/(1 + 𝑒−𝑧) denotes the logistic sigmoid
function. which lies in (0, 1). This formulation produces the
behavior illustrated in the right flow of Fig. 2. When the agent is
ahead (Δ𝑡 > 0), the temperature is discounted (𝜅opp

𝑡 ↓), reducing
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TABLE 2: Convergence speed across 50 random seeds. Values
report the mean number of evaluations required for Agent A to
reach a predefined performance threshold, with standard devia-
tions shown in parentheses; lower values indicate faster conver-
gence. Agent A uses RCBO and Agent B uses the CBO-GAT base-
line.

Function CBO-GAT RCBO Improvement

Cosines 16.16(5.36) 15.56(4.77) 3.7%
Alpine N.1 29.76(5.37) 27.92(4.67) 6.2%
Cross-in-tray 161.80(42.50) 141.80(32.30) 12.4%
Schwefel 256.90(89.10) 233.36(54.38) 9.2%
Eggholder 552.00(63.29) 480.60(50.20) 12.9%

𝜅𝑡 and therefore 𝜆𝑡 ; this increases robustness and protects the
current lead. Conversely, when the agent is behind (Δ𝑡 < 0), the
discount is relaxed (𝜅opp

𝑡 ↑), allowing a larger temperature and
encouraging more aggressive exploration to close the gap.

Combining these two components yields the overall temper-
ature 𝜅𝑡 , which together with the payoff-scale factor 𝑠𝑡 determines
the adaptive risk parameter 𝜆𝑡 . As illustrated in Fig. 2, the model
uncertainty controls the long-term annealing of robustness, while
the opponent-driven factor adjusts the temperature dynamically
according to the current competitive advantage.

4.2. Experimental Results

4.2.1. Convergence speed. Let us define the scenarios
where Agent A is competing against Agent B in finding the
global optimum of the five benchmark functions following the
RCBO framework. Table 2 reports the average number of eval-
uations required for Agent A to reach a predefined performance
threshold across 50 random seeds (lower values indicate faster
convergence). Across all benchmark functions, RCBO consis-
tently requires fewer evaluations than the CBO-GAT baseline,
demonstrating that the proposed robustness mechanism improves
convergence speed.

On relatively smooth landscapes such as Cosines and
Alpine N.1, both methods converge rapidly, but RCBO still
reaches the target performance slightly earlier on average.
The standard deviations are also comparable or smaller for
RCBO, indicating stable behavior across random seeds. The
advantage becomes more pronounced on more challenging
multimodal functions—including Cross-in-tray, Schwefel, and
Eggholder—where RCBO achieves noticeably faster conver-
gence. Table 2 also reports the percentage improvement of RCBO
over the CBO-GAT baseline, highlighting the relative reduction
in the number of evaluations required to reach the target per-
formance. For example, on Cross-in-tray the average evaluation
count decreases from 161.80 to 141.80, and on Eggholder from
552.00 to 480.60. These improvements suggest that the adaptive
risk mechanism helps guide the search more effectively under
high uncertainty and rugged landscapes. Overall, the results in-
dicate that incorporating distributional robustness does not slow
down optimization. Instead, it can accelerate convergence by
stabilizing decision-making in the early stages of exploration and
reducing inefficient evaluations.

4.2.2. Strategic performance. Beyond convergence speed,
we analyze the head-to-head competitive dynamics between the
two agents throughout the optimization process. In this setup,
Agent A implements the proposed RCBO framework, while
Agent B follows the nominal CBO-GAT strategy. Specifically,
we track which agent leads at each iteration and by how much
across random seeds. At iteration 𝑡, let 𝑓 ∗,𝑠

𝐴
(𝑡) and 𝑓 ∗,𝑠

𝐵
(𝑡) denote

the incumbent best values of Agent A and Agent B for seed 𝑠.
We compute the seed-averaged win probability (Win Rate) and
the average performance advantage:

ˆ︃WR𝐴(𝑡) =
1
𝑆

𝑆∑︂
𝑠=1

𝑊 𝑠
𝐴(𝑡), (29)

Δ𝐴(𝑡) =
1
𝑆

𝑆∑︂
𝑠=1

(︁
𝑓
∗,𝑠
𝐴

(𝑡) − 𝑓
∗,𝑠
𝐵

(𝑡)
)︁
, (30)

where the instantaneous outcome indicator is defined as

𝑊 𝑠
𝐴(𝑡) =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1, 𝑓

∗,𝑠
𝐴

(𝑡) > 𝑓
∗,𝑠
𝐵

(𝑡),
1
2 , 𝑓

∗,𝑠
𝐴

(𝑡) = 𝑓
∗,𝑠
𝐵

(𝑡),
0, 𝑓

∗,𝑠
𝐴

(𝑡) < 𝑓
∗,𝑠
𝐵

(𝑡).

(31)

Thus ˆ︃WR𝐴(𝑡) ∈ [0, 1] measures the probability that Agent A
is ahead at iteration 𝑡, while Δ𝐴(𝑡) quantifies the average perfor-
mance gap. To summarize leadership over the entire evaluation
horizon 𝑡 = 1, . . . , 𝑇 , we compute two time-averaged leadership
fractions. The first measures the fraction of the budget during
which Agent A leads strictly, while the second measures periods
of parity:

TLFwin =
1
𝑇

𝑇∑︂
𝑡=1

1{ˆ︃WR𝐴(𝑡) > 0.5}, (32)

TLFtie =
1
𝑇

𝑇∑︂
𝑡=1

1{ˆ︃WR𝐴(𝑡) = 0.5}. (33)

Both metrics lie in [0, 1]. A larger TLFwin indicates that
Agent A leads for a larger portion of the optimization horizon,
while a larger TLFtie indicates more frequent parity between the
competing agents.

Table 3 summarizes the time-leadership fractions for the
benchmark problems. Across all functions, RCBO maintains
leadership for a larger portion of the evaluation horizon relative
to the CBO-GAT baseline. On smoother landscapes such as
Cosines and Alpine N.1, the advantage is moderate: RCBO leads
for approximately 52% and 55% of the optimization horizon,
respectively. These problems also exhibit relatively large tie frac-
tions (32% and 28%), indicating that both algorithms frequently
reach similar incumbent solutions once convergence begins. The
advantage becomes more pronounced on more challenging mul-
timodal functions. On Cross-in-tray and Schwefel, RCBO leads
for 63% and 60% of the evaluation horizon, respectively, while
the tie fractions decrease to roughly 22–24%. This suggests that
RCBO maintains a clearer competitive edge during the search
process. The strongest difference appears on the highly rugged
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TABLE 3: Fraction of the evaluation budget during which Agent A
leads (TLFwin) or ties (TLFtie). Agent A uses RCBO and Agent B
uses the CBO-GAT baseline.

Function TLFwin TLFtie

Cosines 0.52 0.32
Alpine N.1 0.55 0.28
Cross-in-tray 0.63 0.22
Schwefel 0.60 0.24
Eggholder 0.66 0.21

Eggholder function, where RCBO leads for 66% of the optimiza-
tion horizon with a tie fraction of only 21%. This result indicates
that the robust competitive acquisition allows the agent to sustain
a strategic advantage more consistently in difficult optimization
landscapes.

4.2.3. Adaptive risk dynamics. To better understand how
the adaptive risk mechanism behaves during optimization, we vi-
sualize the evolution of the temperature parameter 𝜅𝑡 and its two
components on representative benchmark functions. Figures 3
and 4 show these trajectories for the Cosines function, which
has a relatively smooth landscape, and the Eggholder function,
which is highly multimodal. The combined temperature 𝜅𝑡 (sub-
figures (a)) determines the overall level of robustness, while 𝜅model

𝑡

(subfigures (b)) captures the influence of model uncertainty, and
𝜅

opp
𝑡 (subfigures (c)) reflects adjustments based on the current

competitive standing.
Two observations emerge from these figures. First, the over-

all temperature 𝜅𝑡 is primarily driven by the model-driven com-
ponent. As shown in Figs. 3(b) and 4(b), 𝜅model

𝑡 increases over
iterations as posterior uncertainty decreases, which causes the
combined temperature in Figs. 3(a) and 4(a) to gradually rise
and anneal toward a more risk-neutral regime. Meanwhile, the
opponent-driven component 𝜅opp

𝑡 fluctuates during the early and
middle stages of optimization as the competitive gap changes, but
eventually stabilizes around 0.5 in Figs. 3(c) and 4(c) once both
agents approach similar incumbent values and the performance
gap becomes negligible.

Second, the rate at which 𝜅model
𝑡 grows differs substantially

between simple and complex landscapes. For the smoother
Cosines function (Fig. 3), 𝜅model

𝑡 increases rapidly, indicating
that the surrogate model quickly reduces uncertainty and the al-
gorithm transitions to near risk-neutral behavior within relatively
few iterations. In contrast, for the highly multimodal Eggholder
function (Fig. 4), 𝜅model

𝑡 grows much more slowly and remains
comparatively smaller even after many evaluations. This indi-
cates that the surrogate model retains substantial epistemic uncer-
tainty for a longer period on the rugged landscape. Consequently,
the adaptive risk mechanism keeps the temperature relatively low
and maintains stronger robustness during the search. This be-
havior highlights the advantage of RCBO: by adjusting risk sen-
sitivity according to model uncertainty, the algorithm preserves
a cautious evaluation strategy in difficult optimization problems
where premature risk-neutral decisions could lead to unstable or
misleading improvements.
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FIGURE 3: Cosines function: evolution of the adaptive temperature
κt and its components.
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FIGURE 4: Eggholder function: evolution of the adaptive temper-
ature κt and its components. Early iterations exhibit conserva-
tive behavior driven by model uncertainty, while later iterations
approach risk-neutral behavior as uncertainty decreases. The op-
ponent component discounts the temperature when ahead and re-
laxes robustness when behind.

5. DISCUSSION
This section synthesizes the main findings of the experimen-

tal study and interprets them in the context of robust competi-
tive decision-making. Rather than focusing only on performance
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differences between RCBO and the CBO-GAT baseline, the dis-
cussion highlights what the results reveal about how uncertainty
and competitive standing jointly shape risk-sensitive acquisition
decisions in competitive Bayesian optimization (BO). The exper-
imental results provide several insights into how the proposed
adaptive risk mechanism operates in competitive BO.

First, problem complexity strongly influences the evolution
of risk sensitivity. Figures 3 and 4 show that the combined tem-
perature 𝜅𝑡 evolves smoothly for the Cosines function but exhibits
larger fluctuations for the highly multimodal Eggholder function.
On the simpler landscape, 𝜅𝑡 increases gradually as the surro-
gate model becomes more confident. In contrast, the Eggholder
function displays sharper transitions in 𝜅𝑡 , particularly during the
early and middle stages of optimization. This behavior reflects
the stronger epistemic uncertainty and irregular improvement pat-
terns associated with rugged landscapes. From an engineering
decision-making perspective, this result highlights the impor-
tance of adapting robustness to landscape complexity: smoother
problems allow faster transition toward risk-neutral decisions,
whereas complex design spaces benefit from sustained cautious
exploration with adaptive risk attitude.

Second, model uncertainty primarily governs the long-term
evolution of robustness. As shown in Figs. 3(b) and 4(b), the
model-driven component 𝜅model

𝑡 increases monotonically over it-
erations as posterior uncertainty decreases. This trend produces
the annealing behavior observed in the combined temperature 𝜅𝑡
in Fig. 3(a) and Fig. 4(a). However, the rate of increase differs
substantially between functions. On the Cosines benchmark, un-
certainty collapses rapidly and 𝜅model

𝑡 rises quickly, allowing the
algorithm to approach a risk-neutral regime early. In contrast,
for the Eggholder function 𝜅model

𝑡 grows much more slowly, in-
dicating persistent uncertainty in the rugged search landscape.
This mechanism ensures that robustness is maintained longer in
difficult optimization environments, allowing the algorithm to
avoid overly confident decisions when the surrogate model is still
uncertain.

Third, competitive standing introduces strategic adjustments
to risk sensitivity. The opponent-driven component 𝜅opp

𝑡 responds
dynamically to the incumbent performance gap between agents.
As illustrated in Figs. 3(c) and 4(c), the value of 𝜅opp

𝑡 decreases
when the agent is ahead and increases when the agent falls be-
hind. This behavior discounts the temperature when a lead is
established, protecting the incumbent advantage through more
conservative decisions. Conversely, when the agent trails the
opponent, robustness is relaxed to encourage more aggressive
exploration. In engineering design scenarios where solutions are
evaluated relative to competitors or benchmarks, such strategic
adaptation helps balance the exploitation of current advantages
with the exploration needed to recover from temporary disadvan-
tages.

Fourth, the joint adaptation of uncertainty and competitive
state improves decision stability. The results across convergence
speed, strategic performance, and adaptive risk dynamics indi-
cate that combining model uncertainty and opponent performance
provides a principled mechanism for regulating robustness during
optimization. When uncertainty is high or the agent is ahead, the
algorithm adopts a more cautious strategy. When confidence in-

creases or the agent falls behind, it gradually becomes more risk-
neutral. This joint adaptation stabilizes early-stage exploration
while maintaining responsiveness to competitive pressure. As
demonstrated in the experiments, this mechanism allows RCBO
to achieve faster convergence and maintain competitive leader-
ship across multiple benchmark functions. More broadly, these
findings suggest that incorporating both epistemic uncertainty
and strategic context into acquisition design can improve reliabil-
ity in engineering optimization problems where decisions must
be made under both uncertainty and competition.

6. CONCLUSION
This paper introduced Robust Competitive Bayesian Op-

timization (RCBO), a principled extension of competitive
Bayesian optimization that integrates distributional robustness
into competition-aware acquisition decisions. By evaluating
competitive advantage under a KL-distorted posterior, RCBO in-
corporates ambiguity aversion into the acquisition process while
preserving the tractability of Gaussian-process–based Bayesian
optimization. To maintain consistent risk sensitivity across it-
erations, we further proposed an adaptive scaling mechanism
that adjusts robustness according to both model uncertainty and
competitive standing. Empirical results on a range of bench-
mark functions demonstrate that RCBO improves convergence
efficiency, maintains competitive leadership for a larger portion
of the optimization horizon, and stabilizes early-stage decision-
making under high uncertainty. The results provide several prac-
tical insights for engineering optimization under competition.
First, model uncertainty plays a dominant role in determining
long-term risk sensitivity, naturally inducing an annealing be-
havior as the surrogate model becomes more confident. Second,
competitive standing introduces strategic adjustments that bal-
ance lead protection with recovery from disadvantage. Together,
these mechanisms allow RCBO to regulate robustness dynami-
cally, improving reliability in sequential design problems where
decisions must be made under both uncertainty and competitive
pressure.

Several limitations suggest directions for future research.
First, the present study focuses on two-agent competition with
a scalar benchmark representing the opponent’s best-so-far per-
formance. Many real engineering environments involve multiple
interacting agents or more complex competitive structures. Ex-
tending RCBO to multi-agent settings or to richer game-theoretic
interaction models would allow the framework to capture more re-
alistic strategic dynamics. Second, this work primarily provides
empirical validation of the proposed robust competitive acqui-
sition mechanism. Developing theoretical guarantees—such as
regret bounds, equilibrium properties, or convergence analysis
under robust competitive dynamics—remains an important di-
rection for future work and would further strengthen the connec-
tion between robust decision theory (e.g., [29]) and competitive
Bayesian optimization.
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APPENDIX A. OVERVIEW OF COMPETITIVE BAYESIAN
OPTIMIZATION

Competitive Bayesian Optimization (CBO) extends classical
Bayesian optimization (BO) to settings where decision quality
is evaluated relative to an external benchmark or opponent. In
many engineering and scientific applications, design teams or au-
tonomous agents operate under limited evaluation budgets while
competing to outperform a rival solution rather than simply im-
proving an absolute objective value. Classical BO methods such
as Expected Improvement (EI) measure progress relative to an

agent’s own best-observed value and therefore assume a self-
referential notion of improvement. This formulation does not
account for situations in which the success of a design depends
on surpassing an opponent’s current performance.

CBO addresses this limitation by introducing a competition-
aware acquisition rule that evaluates candidate designs relative
to a competitive benchmark. Consider two agents exploring the
same design space. Each agent maintains a Gaussian-process
surrogate model of the unknown objective function and observes
the opponent’s best-so-far performance. Instead of optimizing
improvement relative to its own incumbent, the agent evaluates
candidate points using an Expected Advantage (EA) acquisition
function. EA generalizes Expected Improvement by replacing
the self-referential improvement threshold with a benchmark that
depends on both agents’ current best-observed values.

Formally, let 𝑓𝑖 (𝑥) denote the objective function for agent
𝑖, and let 𝑓 ∗

𝑖,𝑡
and 𝑓 ∗−𝑖,𝑡 denote the best observed values for the

agent and its opponent at iteration 𝑡. CBO defines a competitive
benchmark

𝑓 EA
𝑡 = 𝑤

(︂
𝑓 ∗𝑖,𝑡 , 𝑓

∗
−𝑖,𝑡

)︂
,

where 𝑤(·) determines how the benchmark depends on the two
agents’ performances. The Expected Advantage acquisition func-
tion evaluates the expected improvement of a candidate design
relative to this benchmark. This mechanism directs sampling
toward designs that are most likely to improve the agent’s com-
petitive standing.

To adapt the exploration–exploitation trade-off to the com-
petitive state, CBO further introduces a gap-aware thresholding
mechanism that adjusts the benchmark based on the current per-
formance gap between agents. When an agent is ahead, the
threshold encourages reliable refinements that preserve the lead;
when the agent is behind, the threshold promotes exploration of
higher-upside regions that may overturn the opponent’s advan-
tage. This adaptive mechanism links the sampling policy directly
to the evolving competitive state.

Through this competition-aware acquisition strategy, CBO
provides a principled framework for sequential decision-making
under competition. It preserves the sample efficiency of Bayesian
optimization while enabling agents to dynamically adjust their
search behavior in response to an opponent’s progress.

APPENDIX B. VARIATIONAL REPRESENTATION WITH KL
PENALTY
Theorem 1 (Variational representation). For any bounded ran-
dom variable 𝑍 and 𝜆 > 0,

inf
𝜈∈P

{︂
E𝜈 [𝑍] + 𝜆𝐷KL (𝜈∥𝜇)

}︂
= −𝜆 logE𝜇

[︁
𝑒−𝑍/𝜆

]︁
. (34)

Moreover, the infimum is attained at the distorted measure 𝜈★ ∈ P
defined by

𝜈★𝑘 =
𝜇𝑘 exp(−𝑍𝑘/𝜆)∑︁
𝑗 𝜇𝑗 exp(−𝑍𝑗/𝜆)

, 𝑍𝑘 := 𝑍 (𝜔𝑘). (35)

Proof. Write the objective in (11) explicitly as

𝐽 (𝜈) :=
∑︂
𝑘

𝜈𝑘𝑍𝑘 + 𝜆
∑︂
𝑘

𝜈𝑘 log
𝜈𝑘

𝜇𝑘
,
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subject to
∑︁

𝑘 𝜈𝑘 = 1 and 𝜈𝑘 ≥ 0 for all 𝑘 . This is a convex
optimization problem over the probability simplex.

Introduce a Lagrange multiplier 𝜂 ∈ R for the constraint∑︁
𝑘 𝜈𝑘 = 1 and consider the Lagrangian

L(𝜈, 𝜂) =
∑︂
𝑘

𝜈𝑘𝑍𝑘 + 𝜆
∑︂
𝑘

𝜈𝑘 log
𝜈𝑘

𝜇𝑘
+ 𝜂

(︂∑︂
𝑘

𝜈𝑘 − 1
)︂
.

For interior optima with 𝜈𝑘 > 0, the first-order condition
𝜕L/𝜕𝜈𝑘 = 0 gives

0 =
𝜕L
𝜕𝜈𝑘

= 𝑍𝑘 + 𝜆
(︂
log

𝜈𝑘

𝜇𝑘
+ 1

)︂
+ 𝜂

=⇒ log
𝜈𝑘

𝜇𝑘
= −𝑍𝑘

𝜆
− 1 − 𝜂

𝜆
.

Exponentiating both sides yields

𝜈𝑘

𝜇𝑘
= exp

(︃
−𝑍𝑘
𝜆

− 1 − 𝜂

𝜆

)︃
= 𝐶 exp

(︃
−𝑍𝑘
𝜆

)︃
, (36)

where 𝐶 := exp(−1 − 𝜂/𝜆) is a normalizing constant that does
not depend on 𝑘 .

Therefore
𝜈𝑘 = 𝐶 𝜇𝑘 exp

(︃
−𝑍𝑘
𝜆

)︃
.

Imposing
∑︁

𝑘 𝜈𝑘 = 1 determines 𝐶:

1 =
∑︂
𝑘

𝜈𝑘 = 𝐶
∑︂
𝑘

𝜇𝑘 exp
(︃
−𝑍𝑘
𝜆

)︃
=⇒ 𝐶 =

1∑︁
𝑗 𝜇𝑗 exp(−𝑍𝑗/𝜆)

.

Substituting back gives (35), so 𝜈★ is the unique optimizer.
To evaluate the minimum value 𝐽 (𝜈★), we first compute the

KL divergence at 𝜈★. From (36),

log
𝜈★
𝑘

𝜇𝑘
= −𝑍𝑘

𝜆
− 1 − 𝜂

𝜆
.

Hence

𝐷KL (𝜈★∥𝜇) =
∑︂
𝑘

𝜈★𝑘 log
𝜈★
𝑘

𝜇𝑘

=
∑︂
𝑘

𝜈★𝑘

(︂
− 𝑍𝑘

𝜆
− 1 − 𝜂

𝜆

)︂
= −1

𝜆

∑︂
𝑘

𝜈★𝑘 𝑍𝑘 −
(︂
1 + 𝜂

𝜆

)︂ ∑︂
𝑘

𝜈★𝑘

= −1
𝜆
E𝜈★ [𝑍] − 1 − 𝜂

𝜆
,

using
∑︁

𝑘 𝜈
★
𝑘
= 1 in the last line.

Now plug this into 𝐽 (𝜈★):

𝐽 (𝜈★) = E𝜈★ [𝑍] + 𝜆𝐷KL (𝜈★∥𝜇)

= E𝜈★ [𝑍] + 𝜆
(︂
− 1
𝜆
E𝜈★ [𝑍] − 1 − 𝜂

𝜆

)︂
= E𝜈★ [𝑍] − E𝜈★ [𝑍] − 𝜆 − 𝜂
= −𝜆 − 𝜂.

It remains to express −𝜆 − 𝜂 in terms of 𝜇 and 𝑍 . Using the
expression for 𝐶 above,

𝐶 = exp
(︂
−1 − 𝜂

𝜆

)︂
=

1∑︁
𝑗 𝜇𝑗 exp(−𝑍𝑗/𝜆)

. (37)

Taking logs gives

−1 − 𝜂

𝜆
= − log

∑︂
𝑗

𝜇𝑗 exp(−𝑍𝑗/𝜆), (38)

=⇒ 𝜂 = 𝜆

(︂
− 1 + log

∑︂
𝑗

𝜇𝑗 exp(−𝑍𝑗/𝜆)
)︂
. (39)

Therefore

𝐽 (𝜈★) = −𝜆 − 𝜂

= −𝜆 − 𝜆
(︂
− 1 + log

∑︂
𝑗

𝜇𝑗 exp(−𝑍𝑗/𝜆)
)︂

= −𝜆 log
∑︂
𝑗

𝜇𝑗 exp(−𝑍𝑗/𝜆).

Recognizing the sum as an expectation under 𝜇,∑︂
𝑗

𝜇𝑗 exp(−𝑍𝑗/𝜆) = E𝜇

[︁
𝑒−𝑍/𝜆

]︁
,

we obtain
𝐽 (𝜈★) = −𝜆 logE𝜇

[︁
𝑒−𝑍/𝜆

]︁
.

This is exactly (34), completing the proof.

Remark. In a general (possibly continuous) measurable space,
the same derivation goes through with sums replaced by integrals
and 𝜈𝑘 , 𝜇𝑘 replaced by densities (Radon–Nikodym derivatives).
Equation (34) is then the standard Donsker–Varadhan variational
representation.
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