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 A B S T R A C T

In this paper we propose a human–AI teaming framework for the optimization of expensive black-box functions. 
Inspired by the intrinsic difficulty of extracting expert knowledge and distilling it back into AI models and 
by observations of human behavior in real-world experimental design, our proposed algorithm lets the human 
expert take the lead in the experimental process. The human expert can use their domain expertise to its full 
potential, while the AI plays the role of a muse, injecting novelty and searching for areas of weakness to break 
the human out of over-exploitation induced by cognitive entrenchment. We validate our proposed algorithm 
using synthetic data and with human experts performing real-world experiments.
1. Introduction

Bayesian Optimization (BO) [1] is a popular sample-efficient opti-
mization technique to solve problems where the objective is expensive. 
It has been successfully applied in diverse areas [2] including material 
discovery [3], alloy design [4] and molecular design [5]. However, 
standard BO typically operates tabula rasa, building its model of the 
objective from minimal priors that do not include domain-specific 
information. While there has been some progress made incorporating 
domain-specific knowledge to accelerate BO [6–8] or transfer learning 
from previous experiments [9], it remains the case that there is a 
significant corpus of knowledge and expertise that could potentially 
accelerate BO even further but which remain largely untapped due 
to the inherent complexities involved in knowledge extraction and ex-
ploitation. In particular, this often arises from the fact that experts tend 
to organize their knowledge in complex schema containing concepts, 
attributes and relationships [10], making the elicitation of relevant 
expert knowledge, both quantitative and qualitative, a difficult task.

Experimental design underpins the discovery of new materials, 
processes and products. However, experiments are costly, the target 
function is unknown and the search space is unclear. To be sample-
efficient, the least number of experiments must be performed. Tra-
ditionally experimental design is guided by experts who use their 
domain expertise and intuition to formulate an experimental design, 
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test and iterate based on observations. Living beings from fungi [11] 
to ants [12] and humans [13,14] face a dilemma when they make 
these decisions: exploit the information they have, or explore to gather 
new information. How humans balance this dilemma has been studied 
in Daw et al. [13] – examining human choices in a multi-arm ban-
dit problem, they showed that humans were highly skewed towards 
exploitation. Moreover, when the task requires specialized experts, cog-
nitive entrenchment is heightened and the balance between expertise 
and flexibility swings further towards remaining in known paradigms.

To break out of this, dynamic environments of engagement are 
needed to force experts to incorporate new points of view [15]. For 
such lateral thinking to catalyze creativity, Beaney [16] has further 
confirmed that external stimuli are crucial. For example, using ran-
dom stimuli to boost creativity has been attempted in the context of 
games [17]. In Sentient Sketchbook, a machine creates sketches that the 
human can refine, and sketches are readily created through machine 
learning models trained on ample data. Other approaches use ma-
chine representations to learn models of human knowledge, narrowing 
down options for the human to consider. Recently, Vasylenko et al. 
[18] constructs a variational auto-encoder from underlying patterns of 
chemistry based on structure/composition and then a human generated 
hypothesis guides possible solutions. An entirely different approach 
refines a target function by allowing machine learning to discover 
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Fig. 1. Workflow of our proposed BO-Muse framework.
relations between mathematical objects, and guides humans to make 
new conjectures [19]. Note, however, that there is still a requirement 
for large datasets to formulate representations of mathematical objects, 
which is antithetical to sample-efficiency as typically in experimental 
design process we have a budget allocated on the number of experi-
ments, data from past designs is lean, and formulation of hypothesis is 
difficult in this lean data space.

The use of BO for experimental design overcomes the problems 
of over-exploitation and cognitive entrenchment, and provides math-
ematically rigorous guarantees of convergence to the optimal design. 
However, as noted previously, this often means that domain-specific 
knowledge and expertise is not utilized and lost. In this paper, mo-
tivated by our aforesaid observations, we propose BO-Muse frame-
work, which empowers human experts to lead the experimental design 
process. Instead of enriching AI models with expert knowledge to 
potentially accelerate Bayesian optimization, the proposed approach 
incorporates an AI ‘‘muse’’ that enhances the expert’s intuition by 
providing insightful suggestions. Therefore, the AI’s job is to induce 
dynamism that helps overcome an expert’s cognitive entrenchment and 
go beyond the state-of-the-art solutions in novel problems [20]. In 
contrast, the expert leverages their extensive knowledge and domain 
expertise to develop state-of-the-art designs or solutions. The primary 
contribution of this paper lies in formalizing the integration of these 
two roles in a flexible framework.

The proposed BO-Muse framework integrates BO into the expert’s 
workflow (see Fig.  1), enabling the AI’s exploit/explore strategy to 
be adjusted based on the human expert’s suggestions. This approach 
generates a batch of recommendations (or suggestions) from both the 
human expert and the AI at each iteration. The resulting batch of 
designs are experimentally evaluated and shared with both the AI 
and human experts to update their corresponding model beliefs. This 
process is repeated until the optimum target is achieved or the design 
budget is exhausted. We validate BO-Muse framework through stan-
dard optimization benchmark suites. Additionally, we collaborate with 
human experts to deploy and evaluate BO-Muse in complex real-world 
tasks. Our main contributions in this paper are as follows:

• Design of the BO-Muse Framework: A formal framework that 
enables collaboration between human experts and AI, leveraging 
the human’s deep understanding of the problem and the AI’s 
capability to utilize rigorous models, ultimately enhancing the 
sample efficiency of experimental design process.

• Algorithm Design for Enhanced Exploration: Development of 
an algorithm that mitigates the human tendency to favor ex-
ploitation by effectively enhancing AI’s exploration. The proposed 
algorithm allows the human model to be mis-specified (i.e. allow 
it to deviate from the true function), which is crucial as experts 
rarely have perfect model.

• Experimental Validation: A comprehensive validation of the
BO-Muse framework through standard optimization benchmark 
suites. We provide empirical evaluations with complex real-world 
tasks (for e.g., designing a protective shield for spacecrafts). As 
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depicted in the results, BO-Muse highlights the potential bene-
fits of the synergy between AI and human experts that can be 
beneficial in designing real-world novel products and processes.

2. Background

2.1. Related work on human-AI teaming

In recent years, a diverse array of human–AI teaming methodologies 
has been proposed, emphasizing the dynamic interplay between human 
experts and AI. These approaches focus on several critical factors that 
influence the effectiveness and efficiency of the collaboration. Some 
of the key factors include (i) the type and degree of involvement of 
each entity — whether the human or AI takes a leading role, operates 
as an assistant, or functions equally, (ii) varying knowledge levels of 
human experts and AI that bring distinct but complementary strengths, 
and (iii) the ultimate goal of the teaming process, which can range 
from problem-solving and decision-making to creative tasks or process 
optimization. This holistic view ensures that the methodologies are 
adaptable to different contexts and objectives, fostering seamless and 
productive human–AI teaming. For E.g., mixed initiative creative inter-
faces [17] in the context of creative support propose a tight coupling 
of human and AI to foster creativity. Deterding et al. [21] identified 
open challenges including “what kinds of human–AI co-creativity can 
we envision across and beyond creative practice?”. Also of importance, 
though beyond the scope of this study, is the design of interfaces for 
such systems [22] and how the differing ways human and AI express 
confidence affects performance [23].

In recent years, AI systems have increasingly been utilized to as-
sist in human decision-making, particularly in critical domains such 
as medicine [24,25] and judiciary [26,27], due to its exceptional 
capabilities. However, a key challenge is trusting AI’s decision and 
reasoning. Fostering this trust requires aligning the AI’s behavior with 
the human mental model. There has been an increased emphasis on 
incorporating human mental models into the AI modeling [28]. Green 
and Chen [29] proposed a gradient-boosted trees-based algorithm-
in-the-loop framework to assist in predicting outcomes of financial 
applications and judicial pretrials. AI possess remarkable capabilities to 
process heaps of raw data and identify complex patterns, but they often 
struggle in scenarios requiring nuanced judgment and domain or ethical 
reasoning. In such cases, the involvement of humans is indispensable. 
There have been many methodologies [30,31] that let AI systems 
defer to humans for decision-making when it lacks confidence. [32,33] 
proposed to build an AI model with a query policy that calculates the 
prediction uncertainties of AI model online and defer to human experts 
for decision-making.

The literature presents various methodologies for facilitating human–
AI collaboration. Some approaches [34,35] enable direct, synchronous 
interaction between humans and AI, while others [36–38] support 
asynchronous collaboration, where each party intervenes and provides 
inputs independently as needed. In a general human–AI teaming con-
text, clearly defining the roles and responsibilities of each entity is 
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critical to understanding how they complement one another. Depend-
ing on this dynamic, human–AI teaming strategies may involve human 
experts learning from AI feedback, AI learning from humans, or a bi-
directional learning paradigm in which both human and AI evolve 
together through mutual interaction and knowledge exchange.

2.1.1. Human-AI teaming based Bayesian optimization
Bayesian Optimization (BO) [39] is an efficient tool for the global 

optimization of unknown objective functions. In its vanilla form, BO 
assumes the objective function to be completely black-box, however, in 
many cases, domain experts provide valuable insights into the unknown 
objective function, that can be incorporated to boost BO performance. 
Further, most BO applications involve experts or skilled practitioners 
in the loop, creating an ideal setting for human–AI teaming.

In the BO literature, several methods have been proposed to achieve 
human–AI teaming by integrating expert feedback. In the early at-
tempt, Li et al. [40] introduced a method to incorporate monotonic 
information about the objective function into BO by drawing inspi-
ration from the Gaussian Process (GP) monotonicity framework [41]. 
There were similar efforts [42–44] to incorporate shape constraints 
into GPs. Andersen et al. [45] explored a BO framework tailored for 
uni-modal objective functions. Jauch and Peña [46] proposed a novel 
approach to incorporate prior knowledge about the shape of an objec-
tive function. Venkatesh et al. [8] introduced a framework to integrate 
trends and varying smoothness of the objective function known apriori 
in the optimization process to further boost its performance. Li et al. 
[6] developed a framework to leverage experimenters’ hunches about 
priors. Similarly, Hvarfner et al. [7] proposed 𝜋BO to specify user 
prior beliefs about the location of the optimum in BO. Building on 
𝜋BO, ColaBO proposed in [47] allows experts to interact with BO 
and incorporate user knowledge about the optimum, optimal range 
and preferences. These approaches aim to collaborate with experts by 
incorporating their static knowledge, such as shapes, trends, or priors, 
into the optimization process. However, in practice, human experts may 
not always be able to provide such explicit static knowledge prior to the 
optimization process.

The recent efforts [36,48–50] aimed at building collaboration plat-
forms to harness the synergy between experts and AI. Venkatesh et al. 
[36] proposed a novel human–AI teaming approach where AI primar-
ily drives the search for optimum, while intermittently incorporating 
feedback from experts with deep domain knowledge. Experts contribute 
by adjusting current recommendations or by indicating favorable and 
unfavorable search regions based on existing observations. Xu et al. 
[34] proposed a human–AI collaborative platform that lets human ex-
perts act as a black-box classifier to accept or reject the BO suggestions 
with low confidence. Khoshvishkaie et al. [35] proposed a human–AI 
collaborative platform where autonomous yet interdependent agents 
strategically plan to achieve a common objective, with each agent 
controlling a specific aspect of the decision-making process. Cissé et al. 
[51] proposed HypBO framework that used human hypotheses as soft 
constraints to achieve better-informed sampling, thereby improving 
convergence. Gao et al. [52] proposed a human–AI decision collabora-
tion platform that complements human experts using a counterfactual 
policy optimization based algorithm.

In the recent past, there has been a surge in the interest towards 
explainable BO in the context of human–AI teaming. Adachi et al. 
[53] proposed CoExBO a Collaborative and Explainable BO to integrate 
human expertise directly into the BO process via a feedback loop where 
human preferential inputs are used to influence the model built. While
CoExBO captured expert preferences directly on the objective func-
tion, BOAP proposed in [38] aims at supplementing the GP surrogate 
models with expert preferences about the abstract properties that are 
not directly measurable. Rodemann et al. [37] proposed ShapleyBO
to interpret the candidate suggestions of BO. Further, ShapleyBO
facilitates a human–machine interface, enabling users to intervene 
3

when the AI suggestions do not align with human intuition or rea-
soning. Chakraborty et al. [54] proposed TNTRules (TuneNoTune 
Rules), for explaining BO as a set of global rules and local actionable 
explanations through multi-objective optimization.

The proposed BO-Muse framework distinguishes itself from the 
literature by positioning the human expert to lead the optimization, 
with the AI serving as a supportive ‘‘muse’’. BO-Muse aims to mitigate 
cognitive entrenchment in the human expert, enhancing the overall 
effectiveness of the optimization.

2.2. Bayesian optimization

Bayesian Optimization (BO, Brochu et al. [39]) is an optimization 
method for solving the problems of the form:
𝐱⋆ = argmax𝐱∈X𝑓⋆ (𝐱)

in the least possible number of iterations, where 𝑓⋆ is an expensive 
to evaluate black-box function. Bayesian optimization models 𝑓⋆ as a 
draw from a Gaussian Process GP(0, 𝐾) with prior covariance (kernel) 
𝐾 [55]. At each iteration 𝑡, BO recommends the next function evalua-
tion point 𝐱𝑡 by optimizing a (cheap-to-evaluate) acquisition function 
𝑎𝑡 ∶ X → R based on the posterior mean and variance given a dataset 
of observations D𝑡−1 = {(𝐱𝑖, 𝑦𝑖) ∶ 𝑖 ∈ N𝑡−1}:

𝜇𝑡−1(𝐱) =𝐲T𝑡−1
(

𝐊𝑡−1 + 𝜎2𝐈
)−1 𝐤𝑡−1 (𝐱)

𝜎2𝑡−1(𝐱) =𝐾𝑡−1(𝐱, 𝐱) − 𝐤T𝑡−1(𝐱)
(

𝐊𝑡−1+𝜎2𝐈
)−1𝐤𝑡−1(𝐱)

where 𝐲𝑡−1 = [𝑦𝑖]𝑖∈N𝑡−1
 is the set of observed outputs, 𝐊𝑡−1 = [𝐾(𝐱𝑖,

𝐱𝑗 )]𝑖,𝑗∈N𝑡−1
 and 𝐤𝑡−1(𝐱) = [𝐾(𝐱𝑖, 𝐱)]𝑖∈N𝑡−1

. Experiments evaluate 𝑦𝑡 =
𝑓⋆(𝐱𝑡) + 𝜈𝑡, where 𝜈𝑡 is noise, the GP model is updated to include the 
new observation, and the process repeats either until a convergence 
criteria is met or a fixed budget of evaluations is exhausted. Several 
acquisition functions exist e.g. Expected Improvement (EI, [56]), GP-
Upper Confidence Bound (GP-UCB) [57], Entropy search schemes [58–
60], Knowledge gradient [61] etc. We use GP-UCB as it is particularly 
amenable for theoretical analysis. GP-UCB uses: 
𝑎𝑡 (𝐱) = 𝜇𝑡−1 (𝐱) + 𝛽1∕2𝑡 𝜎𝑡−1 (𝐱) (1)

Here 𝛽𝑡 is a variable controlling the trade-off between exploitation 
of known maxima (if 𝛽𝑡 is small) and exploration (if 𝛽𝑡 is large). 
The optimization performance depends on 𝛽𝑡. To achieve sub-linear 
convergence [62] recommend setting the value 𝛽𝑡 = 𝜒𝑡, where: 

𝜒𝑡 =

(

𝛴
√

𝜎

√

2 ln
( 1
𝛿

)

+ 1 + 𝛾𝑡 + ‖𝑓⋆
‖𝐾

)2

(2)

and 𝛾𝑡 is the maximum information gain (maximum mutual information 
between 𝑓⋆ and any 𝑡 observations [57]). When the assumption that 
𝑓⋆ ∼ GP(0, 𝐾) (or more generally 𝑓⋆ ∈ 𝐾 , where 𝐾 is the 
Reproducing Kernel Hilbert Space (RKHS) of the kernel 𝐾 [57]) is not 
true then the problem is mis-specified. One approach to mis-specified 
BO is Enlarged Confidence GP-UCB (EC-GP-UCB, [63]). In EC-GP-UCB, 
the function closest to the objective 𝑓⋆ at iteration 𝑡 is denoted 𝑓 #

𝑡 =
argmin𝑓∈𝐾

‖𝑓⋆ − 𝑓‖∞, and the acquisition function is: 

𝑎𝑡 (𝐱) = 𝜇𝑡−1 (𝐱) +
(

𝛽1∕2𝑡 +
𝜖𝑡
√

𝑡
𝜎

)

𝜎𝑡−1 (𝐱) (3)

where 𝜖𝑡 = ‖𝑓 #
𝑡 − 𝑓⋆

‖∞ is the mis-specification gap. The extra term in 
the acquisition function is needed to ensure sub-linear convergence.

Alternatively, Rodemann and Augustin [64] investigated how im-
precision in GP models affects the performance of BO, despite their 
flexibility. The initial sensitivity analysis in [64] concluded that the 
convergence of BO heavily depends on the mean function’s parameters. 
To nullify the effects of the mis-specified prior mean and improve the 
convergence rates, the authors proposed Prior-mean RObust Bayesian 
Optimization (PROBO) using a novel acquisition function — General-
ized Lower Confidence Bound (GLCB). The main idea of GLCB is to 
combine the posterior mean and variance of a precise GP with the upper 
and lower mean estimates of an imprecise GP [65].
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3. Framework

Recall that our goal is to solve: 
𝐱⋆ = argmax𝐱∈X𝑓⋆(𝐱), (4)

where 𝑓⋆ ∶ X → R is noisy and expensive, with results (observations) 
𝑦 = 𝑓⋆(𝐱) + 𝜈, where 𝜈 is 𝛴-sub-Gaussian noise. To do this, we follow a 
BO methodology, running a sequence of experimental batches, indexed 
by 𝑠 = 1, 2,…, consisting of one human recommendation 𝐱̂𝑠 and one AI 
recommendation 𝐱̆𝑠 (hatted variables for the human expert, breved for 
the AI), after which human expert and AI update their models based on 
the new data and the process repeats until the budget 𝑆 is exhausted.

A detailed discussion on the human optimization model is provided 
in Appendix A. We do not assume that the human expert’s model can 
precisely model 𝑓⋆, particularly in the early stages of the optimization 
process, due to gaps (or imperfections) in understanding the problem. 
Despite this imperfection, the human expert is capable of learning 
from observations of 𝑓⋆ and refining their model, thereby progressively 
reducing the gap between their model and reality as the optimization 
progresses. Therefore, we assume that the human expert maintains 
an implicit and evolving GP model of 𝑓⋆ with an unknown kernel 
𝐾̂𝑠. We also explicitly model 𝑓⋆ as a draw from a GP with prior 
covariance 𝐾̆𝑠 (the AI model), where 𝐾̆𝑠 may be updated after each 
batch. The posterior means and the posterior variances given dataset 
D𝑠 = {(𝐱̂𝑖, 𝑦̂𝑖), (𝐱̆𝑖, 𝑦̆𝑖) ∶ 𝑖 ≤ 𝑠} are:
{

𝜇̂𝑠 (𝐱) = 𝐲T𝑠 (𝐊̂𝑠 + 𝜎2𝐈)−1𝐤̂𝑠 (𝐱)
𝜎̂2𝑠 (𝐱) = 𝐾̂𝑠 (𝐱, 𝐱) − 𝐤̂T𝑠 (𝐱) (𝐊̂𝑠 + 𝜎2𝐈)−1𝐤̂𝑠 (𝐱)

{

𝜇̆𝑠 (𝐱) = 𝐲T𝑠 (𝐊̆𝑠 + 𝜎2𝐈)−1𝐤̆𝑠 (𝐱)
𝜎̆2𝑠 (𝐱) = 𝐾̆𝑠 (𝐱, 𝐱) − 𝐤̆T𝑠 (𝐱) (𝐊̆𝑠 + 𝜎2𝐈)−1𝐤̆𝑠 (𝐱)

respectively for (implicit) human and (explicit) AI models.
We assume 𝑓⋆ ∈ ̆𝑠 = 𝐾̆𝑠

 lies in the RKHS of the AI’s kernel 𝐾̆𝑠. 
We do not make this assumption for the human expert, so the problem 
is mis-specified from their perspective. Motivated by [63], we assume 
that for batch 𝑠 the human attempts to maximize the closest function 
to 𝑓⋆ in ̂𝑠:

𝑓 #
𝑠 = argmin𝑓∈̂𝑠∶‖𝑓‖̂𝑠

≤𝐵̂
‖

‖

𝑓 − 𝑓⋆
‖

‖∞

where ̂𝑠 = 𝐾̂𝑠
. The gap between 𝑓⋆ and 𝑓 #

𝑠  is bounded as ‖𝑓 #
𝑠 −

𝑓⋆
‖∞ ≤ 𝜖𝑠, and the human expert is able to learn (in effect, update 

their kernel function) to ‘‘close the gap’’, so lim𝑠→∞ 𝜖𝑠 → 0.
A popular study [66] concluded that ‘‘... GP-UCB show higher re-

semblance to human search behavior over all scores..’’. Inspired from 
the discussion provided in [66], the human optimization is modeled 
using the EC-GP-UCB [63] variant (3) of the BO algorithm where the 
gap 𝜖𝑡 and trade-off parameter 𝛽𝑡 are unknown, but 𝜖𝑡 is assumed to 
converge towards 0. Further, EC-GP-UCB can effectively model the 
aforementioned imperfect human experts by accounting for the possible 
mis-specification via the gap mentioned in Eq. (3). Therefore, EC-GP-
UCB allows us to model a human whose understanding of the function 
is imperfect with some gap (mis-specified) while capturing the essence 
of GP-UCB like human search observed in [66].

As noted in [15], the human experts typically prefer working in 
the vicinity of known solutions (an exploitative nature also known as 
cognitive entrenchment) rather than objectively exploring the design 
space and thus no assumptions are made regarding 𝛽𝑠, but it appears 
likely that 𝛽𝑠 will be small. Therefore we control the AI trade-off 𝛽𝑠
to compensate by adding much needed exploration. The AI and the hu-
man expert generates recommendations using GP-UCB and EC-GP-UCB, 
respectively, so: 
𝐱̂𝑠 = argmax

𝐱∈X
𝑎̂𝑠(𝐱) = 𝜇̂𝑠−1(𝐱)+(𝛽

1∕2
𝑠 + 𝜖𝑠

𝜎

√

2𝑠)𝜎̂𝑠−1 (𝐱)

𝐱̆𝑠 = argmax𝑎̆𝑠(𝐱) = 𝜇̆𝑠−1(𝐱)+𝛽
1∕2
𝑠 𝜎̆𝑠−1 (𝐱)

(5)
4

𝐱∈X
It is convenient to specify the exploration–exploitation trade-off 
parameters (𝛽𝑠 and 𝛽𝑠) relative to the formulation mentioned in Eq. (2)
[62,63]. Without loss of generality we require that 𝛽𝑠 ∈ (𝜁𝑠↓𝜒̂𝑠, 𝜁𝑠↑𝜒̂𝑠)
and 𝛽𝑠 = 𝜁𝑠𝜒̆𝑠, where 0 ≤ 𝜁𝑠↓ ≤ 1 ≤ 𝜁𝑠↑ ≤ ∞, 𝜁𝑠 ≥ 1 and: 

𝜒̂𝑠 =
( 𝛴
√

𝜎

√

2 ln (1∕𝛿) + 1 + 𝛾̂𝑠 + ‖𝑓 #
𝑠 ‖̂𝑠

)2

𝜒̆𝑠 =
( 𝛴
√

𝜎

√

2 ln (1∕𝛿) + 1 + 𝛾̆𝑠 + ‖𝑓⋆
‖̆𝑠

)2 (6)

where 𝛾̂𝑠 and 𝛾̆𝑠 are, respectively, the max information-gain for hu-
man expert and the AI. We show in Appendix B that this suffices to 
ensure sub-linear convergence for any human expert selections, and 
moreover that the convergence rate can be improved beyond what can 
be achieved by standard GP-UCB if the human operates as described 
here. We refer to Appendix B for a detailed theoretical analysis of BO-
Muse framework and its sub-linear regret bound under appropriate 
assumptions.

BO-Muse described as per Eq. (5) assumes a scenario where the 
AI model is specified, and the human expert model is mis-specified. 
We cover the other possible cases where both the AI and human 
expert models are assumed to be mis-specified (or both specified, or 
even the case where the AI is mis-specified while the human expert 
is not) in Appendix D. Furthermore, our theoretical framework and 
the corresponding proofs provided in Appendix D, encompass the most 
general case involving arbitrarily many (𝑝̆) AI agents and arbitrarily 
many (𝑝̂) human experts.

3.1. The BO-Muse Algorithm

The proposed BO-Muse method is shown in algorithm 1, where 
𝑓⋆ is optimized using a sequence of batches 𝑠 = 1, 2,… , 𝑆, each 
containing one human and one AI recommendation, respectively 𝐱̂𝑠 and 
𝐱̆𝑠. The AI recommendation minimizes the GP-UCB acquisition function 
on the AI’s GP posterior, with the exploration/exploitation trade-off 
𝛽𝑠 given (see Appendix C). The human recommendation is assumed to 
be implicitly selected to minimize the EC-GP-UCB acquisition function 
(3), where the exploitation/exploration trade-off 𝛽𝑠 is unknown but 
assumed to lie in the range 𝛽𝑠 ∈ (𝜁𝑠↓𝜒̂𝑠, 𝜁𝑠↑𝜒̂𝑠), and the gap 𝜖𝑠 is unknown 
but assume to converge to 0 at the rate specified in Theorem 1 of 
Appendix B.

We use two approximations in the definition of 𝛽𝑠. Following the 
standard practice, we approximate the max information gain as: 
𝛾̆𝑠 =

∑

(𝐱,…)∈D𝑠−1

ln
(

1 + 𝜎−2𝜎̆2𝑖 (𝐱)
)

(7)

and we approximate the RKHS norm bound 𝐵̆ = ‖𝑓⋆
‖𝑠

 as ‖𝜇̆𝑠‖𝑠
, 

which is updated using max to ensure it is non-decreasing with 𝑠
(this will tend to over-estimate the norm, but this should not affect 
the algorithm’s rate of convergence). Finally, for the simplicity in 
presentation we assume that 𝜎 = 𝛴 (the model parameter matches the 
noise).
Algorithm 1 BO-Muse
1: Input: Initial samples D0 = {(𝐱, 𝑦)}, AI prior GP(0, 𝐾). Let 𝐵̆ = 1.
2: for 𝑠 ∈ 1, 2,… , 𝑆 do 
3: Set 𝛽𝑠 = 7

(√

𝜎
√

2 ln(1∕𝛿) + 1 + 𝛾̆𝑠 + 𝐵̆
)2 as per (6), (7) and (C.3). 

4: AI recommends 𝐱̆𝑠 as 𝐱̆𝑠 = argmax𝐱∈X𝑎̆𝑠 (𝐱) = 𝜇̆𝑠−1 (𝐱)+𝛽
1∕2
𝑠 𝜎̆𝑠−1 (𝐱). 

5: Human recommends 𝐱̂𝑠. 
6: Run experiments to obtain 𝑦̂𝑠 = 𝑓⋆ (

𝐱̂𝑠
)

+ 𝜈̂𝑠 and 𝑦̆𝑠 = 𝑓⋆ (

𝐱̆𝑠
)

+ 𝜈̆𝑠. 

7: Set D𝑠 = D𝑠−1∪
{(

𝐱̂𝑠, 𝑦̂𝑠
)

,
(

𝐱̆𝑠, 𝑦̆𝑠
)} and update the AI GP posterior. 

8: Set 𝐵̆ = max{𝐵̆, 𝐲T𝑠
(

𝐊𝑠 + 𝜎2𝐈
)−1 𝐲𝑠}.

9: end for
The primary goal of BO-Muse algorithm is to break the cognitive 

entrenchment of human experts by introducing novelty into the candi-
date recommendations via 𝐱̆  (Step 4). This encourages human experts 
𝑠
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Table 1
Synthetic Functions. Analytical forms are provided in the second column and the last column depicts the 
high level features used by a simulated human expert.
 Functions 𝑓⋆(𝐱) High level features  
 Matyas-2D 0.26 ∗ (𝑥21 + 𝑥22) − 0.48 ∗ (𝑥1 ∗ 𝑥2)

𝑥′1 = 𝑥21, 𝑥′2 = 𝑥22  
 𝑥′3 = 𝑥1 ∗ 𝑥2  
 
Ackley-4D −𝑎𝑒−𝑏

√

1
𝑑
||𝑥||22 − 𝑒

√

1
𝑑

∑

𝑖 cos(𝑐𝑥𝑖 ) + 𝑎 + 𝑒1
𝑥′1 = cos(𝑥1), 𝑥′2 = cos(𝑥2) 

 𝑥′3 = cos(𝑥3)  
 𝑥′4 = cos(𝑥4), 𝑥′5 = ||𝐱||2  
 Rastrigin-5D 10𝑑 +

∑𝑑
𝑖 [𝑥

2
𝑖 − 10 cos(2𝜋𝑥𝑖)] ∀𝑖 ∈ N5

𝑥′𝑖 = 𝑥2𝑖 ∀𝑖 ∈ N5  
 𝑥′𝑗+5 = cos 𝑥𝑗 ∀𝑗 ∈ N5  
 
Levy-6D

sin2(𝜋𝑤1) + 𝑠 + (𝑤𝑑 − 1)2[1 + sin2(2𝜋𝑤𝑑 )] 𝑥′1 = (sin 𝑥1)2,  
 where 𝑠 = ∑𝑑−1

𝑖 (𝑤1 − 1)2[1 + 10 sin2(𝜋𝑤𝑖 + 1)] 𝑥′𝑗+1 = 𝑥2𝑗 (sin 𝑥𝑗 )
2  

 and 𝑤𝑖 = 1 + 𝐱𝑖−1
4

∀𝑖 ∈ N6 ∀𝑗 ∈ N6  
to explore beyond their existing biases and preconceptions, fostering 
creative and innovative solutions (informed suggestions 𝐱̂𝑠 in Step 
5). Through this process, an implicit knowledge-sharing mechanism is 
established, where both human experts and AI systems contribute sug-
gestions that are accumulated in a common observation pool D𝑠. The 
shared observation pool acts as a repository of evolving knowledge. For 
example, over time, human experts can observe and draw inspiration 
from AI suggestions that may highlight unexplored regions of the design 
space or challenge human assumptions, thereby enriching the human 
expert’s understanding of the design space. Conversely, the AI benefits 
from the human expert’s domain knowledge by incorporating their 
suggestions into the optimization process, ensuring alignment with 
real-world constraints. This bidirectional flow of information between 
human experts and AI fosters a collaborative optimization loop, where 
the complementary strengths of both the entities are leveraged to 
achieve better teaming performance.

4. Experiments

We validate the performance of the proposed BO-Muse algorithm 
in the optimization of synthetic benchmark functions, and the real-
world tasks involving human experts. In all the experiments Squared 
Exponential (SE) kernel is used with the associated hyper-parameters 
estimated using maximum-likelihood estimation. The sample-efficiency 
of BO-Muse framework and other standard baselines is measured in 
terms of the simple regret (𝑟𝑡) given by: 

𝑟𝑡 = 𝑓⋆(𝐱⋆) − max
𝐱𝑡∈𝑡

𝑓⋆(𝐱𝑡) (8)

where 𝑓⋆(𝐱⋆) is the true global optima and 𝑓⋆(𝐱𝑡) is the best solution 
observed in 𝑡 iterations. All the experiments were run on an Intel Xeon 
CPU@ 3.60 GHz workstation with 16 GB RAM capacity.

4.1. Experiments with optimization benchmark functions

We have evaluated BO-Muse on synthetic test functions covering a 
range of dimensions, as detailed in Table  1. We compare the sample-
efficiency of BO-Muse with (i) Generic BO: A standard GP-UCB based 
BO algorithm with the exploration–exploitation trade-off factor (𝛽) set 
as per [57]; (ii) Simulated Human: A simulated human with access to 
higher level properties (high level features in Table  1) that may help to 
model the optimization function more accurately; and (iii) Simulated 
Human + PE: A simulated human teamed with an AI agent using a pure 
exploration strategy (that is, an AI policy with 𝜁𝑠 = ∞). To simulate a 
human expert (with high exploitation), a standard BO algorithm with 
small exploration factor maximizing 𝑎̂𝑠(𝐱) = 𝜇̂𝑠(𝐱) + 0.001𝜎̂𝑠(𝐱) is used. 
Furthermore, we have ensured to allocate the same function evaluation 
budget for all the competing methods. For a 𝑑 dimensional problem, we 
use 𝑑 + 1 initial observations and optimize for 10 × 𝑑 iterations i.e., the 
evaluation budget for the synthetic experiments is set to 10×𝑑 function 
evaluations.
5

Fig.  2 shows the simple regret computed for Matyas-2D, Ackley-
4D, Rastrigin-5D and Levy-6D functions averaged over 10 randomly 
initialized runs. As observed from the plots, BO-Muse consistently 
outperforms most baselines. The results with the Simulated Human 
baseline also show comparable performance, which we attribute to 
their access to crucial high-level features that significantly reduce the 
complexity of the search space. The slow convergence of Generic BO 
baseline indicates the importance and potential benefits of human–AI 
teaming. Interestingly, the poor performance of Simulated Human + 
PE is due to the over-exploration used by the pure exploration strategy 
which maximizes only predictive uncertainty.

Additionally, we have used COCO (COmparing Continuous Opti-
mizers) platform [67,68] for systematic comparisons of the proposed
BO-Muse framework against other competing algorithms. COCO plat-
form provides a Black-box Optimization Benchmarking (BBOB) test 
suite containing 24 synthetic, noiseless, single objective and scalable 
test functions available in 2, 3, 5, 10, 20 dimensions. We refer readers 
to Appendix E for a detailed discussion on the test suite, experimental 
setup and the empirical results.

Further, we have conducted an ablation study by varying the human 
exploitation–exploration trade-off (𝛽𝑠) to simulate a range of over-
exploitative to over-explorative experts. These ablation study results 
are provided in Appendix F.1. To further understand the behavior 
of BO-Muse framework with other human acquisition functions, we 
have also simulated an Expected Improvement (EI) acquisition function 
based human expert. The results of this ablation study are provided in 
Appendix F.2.

4.2. Real-world experiments

We now present our complex real-world optimization tasks experi-
ments.

4.2.1. Classification tasks — support vector machines and random forests
Experimental set-up. In this experiment, our task is to choose optimal 
hyper-parameters for Support Vector Machine (SVM) and Random 
Forest (RF) classifiers operating on real-world Biodeg dataset from UCI 
repository [69]. The dataset is divided into random 80/20 train/test 
splits. We set up two human expert teams. Each member of Team 1 
works in partnership with BO-Muse, whilst members of Team 2 work 
individually without BO-Muse. We recruited 8 participants2 consisting 
of 4 postdoctoral researchers and 4 postgraduate research students. 2 
postdocs and 2 students are allocated to each team randomly so that 
each team has 4 participants in total, with roughly similar expertise. 
Each participant is given the same evaluation budget i.e., 3 random 
initial designs + 30 further iterations.

2 Necessary ethics approval obtained.
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Fig. 2. Simple regret versus iterations for (a) Matyas-2D, (b) Ackley-4D, (c) Rastrigin-5D, and (d) Levy-6D functions. We plot the mean regret along with its standard error obtained 
after 10 repeated runs with random initialization.
Performance metric. At the end of each iteration, the test classification 
error for the suggested hyper-parameter set is computed. The overall 
performance is measured using simple regret, which will be the min-
imum test classification error observed so far. The individual results 
from each of the aforesaid teams are averaged to compare (Team 1)
BO-Muse + Human vs (Team 2) Human alone (baseline). Further, we 
report the performance of Generic BO (AI alone) to demonstrate the 
efficacy of the approach. Further, the same seed initialization and the 
same evaluation budget is used for all the algorithms.
Interfacing with experts. The human experts perform two hyper-para
meter tuning experiments to minimize the test classification error of 
SVM and RF. Each expert is provided with a simple graphical interface 
that shows accumulated observations of classifier performance as a 
function of hyper-parameters along with the best result thus far. Experts 
suggest the next hyper-parameter set by clicking at a point of their 
choice inside the plot. Same interface is provided to both teams.
Experiment 1 – SVM classification. In this classification experiment 
C-SVM classifiers with Radial Basis Function (RBF) kernel are consid-
ered. LibSVM [70] is used to implement SVM classifier with hyper-
parameters: kernel scale 𝛾 and the cost parameter 𝐶. The SVM hyper-
parameters i.e., 𝛾 and 𝐶 are tuned in the exponent space of [−3, 3].
Experiment 2 – random forest classification. In the classification tasks 
with RFs we tune the hyper-parameters maximum depth of the decision 
tree and the number of samples per split in the range (0, 100], and (1, 50], 
respectively.

The results of our classification experiments are depicted in Figs. 
3(a) and 3(b). In both experiments, the BO-Muse + Human team 
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outperforms the experts working on their own and the Generic BO 
baseline. It is noteworthy that experts demonstrate similar optimization 
performance compared to Generic BO in RF hyperparameter tuning 
experiments. We believe this trend may be attributed to the low com-
plexity of the search space, which allows any optimization algorithm 
to converge quickly.

4.2.2. Space shield design application
Our third experiment applies BO-Muse to a real-world applied 

engineering problem. We consider the design of a shield for protecting 
spacecraft against the impact of space debris particles by partnering 
with a world leading impact expert. Due to the expensive nature of this 
experiment, it was not feasible to do perform multiple experiments or 
have access to many human experts. Therefore, this design experiment 
was primarily done to showcase an application rather than an eval-
uation. The detailed experimental set-up and results are discussed in 
Appendix H.

In this experiment (see Table H.7 in Appendix H) we observe 
the human expert initially exploring solutions based on the state-of-
the-art for more typical debris impact problems (which are normally 
simplified to spherical aluminium projectiles). The expert is observed to 
rapidly exploit their initial 3 designs to identify two feasible shielding 
solutions within the first four batch iterations (ID 4-11, marked in blue). 
The expert performs further exploitation of these successful designs 
(Result=0 i.e., Zero/No Perforation) over the next four batch iterations 
(ID 12–19, marked in brown) in an attempt to reduce the weight, but 
is unsuccessful. To this point the expert does not appear to have been 
influenced at all by the BO suggestions. However, in the next four 
batch iterations (ID 20–27, marked in green) we can observe the expert 
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Fig. 3. Simple regret vs iterations for the hyper-parameter tuning of classifiers comparing Team 1 (BO-Muse + Human) (red) vs Team 2 (Human only) (black) vs AI alone (blue). 
We report the simple regret mean (along with its standard deviation) for (a) Support Vector Machines (SVM) and (b) Random Forests (RF) classifiers.
taking inspiration from the previous BO-Muse suggestions. One such 
exploitation results in a successful solution (ID 27), further exploitation 
of which provides the best solution identified by the experiment ID 
29. This solution is highly unique for spacecraft debris shields, utilizing 
a polymer outer layer in contact with a metallic backing to disrupt 
the debris particle. Such a design is not reminiscent of any established 
flight hardware, see e.g., [71]. Thus, BO-Muse is demonstrated to have 
performed its role as hypothesized, inspiring the expert with novel 
designs that are subsequently exploited by the expert.

It is evident from both the synthetic and complex real-world ex-
periments, human–AI teaming achieved via BO-Muse framework can 
significantly accelerate the discovery of new products and processes by 
overcoming an expert’s cognitive entrenchment.

5. Conclusion

We have introduced an innovative framework, BO-Muse for human–
AI teaming aimed at expediting expensive experimental design tasks.
BO-Muse empowers the human expert to lead in the experimental 
process, enabling them to fully leverage their domain expertise, while 
the AI acts as a muse, introducing novelty and exploring search spaces 
that the human expert may have overlooked, effectively mitigating the 
over-exploitation caused by cognitive entrenchment. We designed and 
developed an algorithm that breaks expert’s cognitive entrenchment 
by inducing novelty via AI ‘‘muse’’ suggestions. We have validated 
the effectiveness of BO-Muse framework through standard synthetic 
optimization benchmark suites. We have empirically evaluated the 
effectiveness of the proposed framework in accelerating real-world 
complex experimental design tasks.

BO-Muse addresses the issue of cognitive entrenchment in experts 
by effectively enhancing AI-driven exploration. While BO-Muse is 
based on the assumption of cognitive entrenchment discussed in the 
prior studies [13,15], however, this assumption may not apply in all 
cases. Consequently, the algorithm’s sample efficiency could be lower 
than expected if the AI overcompensates for the expected expert over-
exploitation. Further, drawing inspiration from a prominent study [66], 
we model human expert predictions using EC-GP-UCB [63]. However, 
there may be discrepancies between the expert’s actions and the GP-
UCB model, which can affect efficiency. Exploring the possibility of 
inferring or modeling expert knowledge and behavior presents an 
intriguing avenue for future research.
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