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Abstract

Artificial Intelligence (Al) and Machine Learning
hold immense potential to accelerate scientific dis-
covery and engineering design. A fundamental
challenge in these domains involves efficiently ex-
ploring a large space of designs or hypotheses us-
ing expensive experiments in a resource-efficient
manner. This paper surveys novel adaptive experi-
mental design methods to address this broad chal-
lenge. Specifically, we discuss new probabilistic
modeling and decision-making techniques that are
applicable in small data settings. These approaches
have shown substantial improvements in sample-
efficiency, particularly for black-box optimization
over high-dimensional combinatorial spaces (e.g.,
sequences and graphs) and a variety of goals rang-
ing from multiobjective to multi-fidelity optimiza-
tion. This paper outlines key methods and their
real-world sustainability applications in areas such
as nanoporous materials discovery, hardware de-
sign, surfactant design, and additive manufacturing.

1 Introduction

Accelerating scientific discovery and engineering design can
help us tackle many sustainability challenges facing our soci-
ety, ranging from climate change to health, water, food, and
manufacturing. Indeed, we are at the cusp of an Al-driven
revolution in science ‘and engineering [Jumper er al., 2021;
Hopfield and Hinton, 2024; Karpatne et al., 2025]. For exam-
ple, Al-driven rapid discovery of nanoporous materials has
the potential to solve some of society’s biggest challenges,
from absorbing carbon dioxide from air to storing hydro-
gen gas for fuel [Ding et al., 2019]. Similarly, Al-driven
drug/vaccine design could help find significantly better ther-
apeutics for major human ailments [Schneider et al., 2020].
The design of high-performance and low-power hardware by
overcoming Moore’s law will enable sustainable computing
from edge to cloud [Huang et al., 2021]. However, there
is one recurring technical challenge that arise across many
such science and engineering applications: How can we de-
sign sequences of experiments that efficiently explore large
combinatorial design spaces (molecules, materials, manycore

systems etc.) to minimize the number of expensive evalua-
tions needed to achieve our design goals? We refer to such
problems as experimental design problems in this paper.

The key objective in experimental design is to achieve
a specific design goal or learn about an unknown quantity
of interest in a resource-efficient manner [Deshwal, 2024;
Mutny, 2024]. Different design goals lead to distinct instan-
tiations of experimental design. For instance, active learning
is a widely studied problem setting where the goal is to it-
eratively select data examples to be labeled, so as to learn a
predictor that achieves highest accuracy using as few labeled
examples as possible. Similarly, in bandit problems, the goal
is to maximize the cumulative reward over time by iteratively
selecting an arm from a set of candidates. Another widely
applicable problem setting is expensive black-box optimiza-
tion where the goal is to optimize an objective function while
minimizing the number of function evaluations. For example,
searching the space of materials to maximize a desired prop-
erty while minimizing the total resource-cost of physical lab
experiments for their evaluation [Terayama er al., 2021].

In this paper, we first survey a series of methods focus-
ing primarily on under-studied challenges in the black-box
optimization setting that arise in science and engineering ap-
plications. First, many scientific domains require handling
structured design spaces which can be discrete or hybrid (a
mixture of discrete and continuous variables). Second, there
is a need to handle a variety of optimization goals, including
finding a single best design (single-objective optimization),
approximating the optimal Pareto front that trades off multi-
ple competing objectives (multi-objective optimization), and
leveraging different fidelities of experiments (multi-fidelity
optimization). We describe novel adaptive experimental de-
sign algorithms developed within the framework of Bayesian
optimization (BO) to address these challenges. Subsequently,
we discuss multiple applications of these methods to real-
world science and engineering problems in collaboration with
domain-scientists. As we will discuss later, the underlying
principles behind these approaches extend to related settings
and to multiple experimental design goals beyond optimiza-
tion, including discovering feasible candidates and parameter
estimation [Hammond et al., 2026].



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

2 Novel Bayesian Optimization Methods

Bayesian optimization is an effective framework for tackling
the challenge of expensive black-box optimization [Shahri-
ari et al., 2015]. There are two key components of this
framework: 1) Surrogate modeling from past experimental
data to make predictions and quantify their uncertainty; and
2) Decision-making policies (acquisition functions) to select
one or more candidate experiments depending on the goal.
We discuss advances in both components next.

2.1 Probabilistic Surrogate Models over
Combinatorial Structures

Design spaces in scientific domains (e.g., molecules, pro-
teins) are naturally represented as combinatorial objects such
as attributed graphs and high-dimensional categorical se-
quences, which pose hard challenges in probabilistic mod-
eling, especially in the small supervised data regime. We ad-
dressed this challenge by developing new Gaussian process
(GP) based probabilistic models over different kinds of com-
binatorial structures [Deshwal et al., 2023; Deshwal et al.,
2021b; Deshwal et al., 2022; Deshwal et al., 2021c]. We dis-
cuss a subset of these approaches below.

In BODT [Deshwal et al., 2023], we developed a novel dic-
tionary embeddings based GP model for handling the chal-
lenge of high-dimensional binary/categorical spaces. The key
idea is to select a number of discrete structures from the input
space (the dictionary) and use them to define an ordinal em-
bedding for high-dimensional combinatorial structures. This
allows us to use existing Gaussian process models for contin-
uous spaces. The paper provides two dictionary construction
approaches including a principled approach based on binary
wavelets to construct dictionaries for binary spaces, and a
randomized construction method that generalizes to categori-
cal spaces. Additionally, it provides a theoretical justification
in terms of improved regret bounds to support the effective-
ness of the dictionary-based embeddings. The efficacy of this
approach is demonstrated on diverse real-world benchmarks
from domains including communications engineering, maxi-
mum satisfiability, pest contamination control, and Auto ML.

HyBO [Deshwal et al., 2021b] addresses the problem of
black-box optimization over hybrid structures (mixture of
discrete and continuous input variables). Hybrid spaces gen-
eralize continuous and discrete spaces and commonly arise
in applications such as microbiome design and AutoML. The
key challenge is to-accurately model the complex interactions
between discrete and continuous variables. We develop a GP
surrogate model for hybrid spaces by designing a novel diffu-
sion kernel via an additive GP formulation, and prove a uni-
versal approximation property for this kernel.

Recently, there is growing interest in leveraging deep gen-
erative models (DGM) for solving black-box optimization
problems over combinatorial spaces. One such approach is to
run the BO procedure over the continuous latent space of gen-
erative models such as variational autoencoders. However,
the surrogate model defined over the latent space only uses
the information learned by the DGM, which may not have
the desired inductive bias to approximate the target black-
box function in small data settings. In order to address this

challenge, we developed the LADDER approach [Deshwal
and Doppa, 2021] that combines continuous space kernels
over the latent space of a deep generative model (DGM) with
expert-designed structured kernels to improve surrogate mod-
els. This approach has the advantage that it can leverage any
advances in both DGMs and structured kernels in a plug-and-
play manner. Recent work used LADDER to develop new
methods for prompt optimization [Chen et al., 2024].

2.2 Information-Theoretic Decision-Making
Policies

Given a surrogate model, the second key component of
Bayesian optimization is a decision-making policy (acqui-
sition function) that selects the next experiment(s) to per-
form. In this section, we discuss a line of work that devel-
ops information-theoretic policies based on a common prin-
ciple: select the experiment that maximizes the information
gain per unit resource cost about the unknown quantity of
interest, where the quantity of interest depends on the target
goal (e.g., the optimal input for single-objective optimization,
or the optimal Pareto front for multi-objective optimization)
[Belakaria et al., 2019; Belakaria et al., 2020].

Many applications involve reasoning about multiple ob-
jectives (e.g., power and performance in hardware design)
and multi-fidelity experiments that evaluate each objective
via cheaper approximations. The goal is to approximate
the optimal Pareto front by minimizing the resource cost of
experiments. We developed a novel output space entropy
(OSE) [Belakaria et al., 2021] based decision-making frame-
work, along with effective instantiations of the framework
of this principle for the multi-objective [Belakaria et al.,
2019], multi-fidelity settings [Belakaria et al., 2020]. The
OSE framework was also extended to handle the challenge of
black-box constraints [Belakaria et al., 2021].

3 Applications in Science and Engineering

In this section, we discuss the application of adaptive experi-
mental design methods to real-world problems with high so-
cietal impact across science and engineering.

Nanoporous materials discovery: In collaboration with
chemistry experts, we applied BO to demonstrate significant
successes for nanoporous materials discovery. For example,
in [Deshwal et al., 2021d], BO found the optimal covalent or-
ganic framework (COF) with the highest simulated methane
deliverable capacity after evaluating 120 COFs (about 0.3%
of the overall space of 70K materials). In follow-up work on
multi-fidelity optimization, it found the optimal COF with the
largest adsorptive selectivity for separating the noble gases
xenon (Xe) over krypton (Kr) at room temperature using only
6.3% and 1.5% of COFs evaluated with low-fidelity and high-
fidelity experiments, respectively [Gantzler e al., 2023].

Electronic design automation (EDA): With the rising needs
of emerging applications from edge to cloud, a key challenge
in EDA is to make the development of application-specific
hardware architectures easy, inexpensive, and as seamless
as developing software. In collaboration with EDA ex-
perts, adaptive experimental design methods have been used
successfully to design 3D heterogeneous manycore systems
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for optimizing power, performance, and thermal trade-offs
[Deshwal et al., 2019], to create runtime resource manage-
ment policies [Deshwal er al., 2021a; Narang et al., 2023] and
for hardware and software co-design [Joardar et al., 2021].

Surfactant design : In a recent work, we applied adaptive
experimental design to characterize surfactants in a sample-
efficient manner. Surfactants are workhorse molecules used
in products such as detergents, paints, and coatings. Because
most existing surfactants are petrochemical-based, environ-
mentally friendly and biodegradable alternatives are increas-
ingly needed. A key property of a surfactant is its criti-
cal micelle concentration (CMC), a latent parameter that is
traditionally inferred from a large number of concentration-
dependent lab measurements. We formulated CMC deter-
mination as active estimation of this latent parameter using
an information-theoretic policy. This approach determined
the CMC with roughly half as many physical wet-lab experi-
ments as standard practice [Hammond et al., 2026].

Additive manufacturing: Additive manufacturing has an
exciting potential to realize new solutions for many appli-
cations including healthcare, aerospace, and civil infrastruc-
ture. In [Chen er al., 2025], BO is leveraged for config-
uring 3D printing of multi-organ models. This approach
achieved better shape precision and porosity of 3D-printed or-
gans compared to existing approaches. Recently, we applied
adaptive experimental design methods for feasibility discov-
ery towards additive manufacturing of GRCop copper alloys,
which are important for thermal and aerospace applications.
The approach discovered, for the first time, feasible printing
configurations for this alloy under 1000 Watts, with physi-
cal experiments in the loop [Fadhel er al., 2026]. Beyond
these applications, adaptive experimental design methods are
also actively used in a large variety of other settings including
robotics, human-computer interface design, algorithm config-
uration, and AutoML [Garnett, 2023].

Collaboration and Community: A key lesson we gained
from our work is that close collaboration between domain
scientists/engineers and Al experts is critical for achieving
real-world impact. Engaging closely with domain experts
serves two purposes: it allows incorporating valuable domain
knowledge as an inductive bias for learning robust models,
and it surfaces novel, well-motivated problems that can drive
Al research [Rolnick er al., 2024]. A sustained large commu-
nity effort is essential to achieve this goal of bringing the two
research communities together [AI2ASE Workshops, 2026].

4 Future Opportunities

There are many promising directions for developing new
adaptive experimental design methods inspired by science
and engineering applications. For instance, one promising
direction exploits the side-information that experiments pro-
vide beyond the objective value. As an example, gradient in-
formation is commonly available from density functional the-
ory based energy calculations for materials and crystal struc-
tures [Ament et al., 2021]. Related problems are also stud-
ied within the broader framework of grey-box optimization
[Astudillo and Frazier, 2021]. Another interesting research
direction which has received some attention recently is the

intersection of adaptive experimentation and causal modeling
[Aglietti er al., 2020; Duong et al., 2025].

A second frontier arises from foundation models [Bom-
masani et al., 2021], where many training and inference
problems are computationally or economically expensive and
thus well suited for adaptive experimental design. These
include prompt or exemplar optimization [Hu et al., 2024;
Luo and Deshwal, 2025] data mixture selection [Luo and
Deshwal, 2025], active fine-tuning [Hiibotter e al., 2025] and
efficient model evaluation [Berrada er al., 2026].

5 Conclusion

In this paper, we present author’s and his collaborators’ recent
work on developing new methods for adaptive experimental
design and applying them to multiple high-impact problems
in science and engineering applications. We emphasize the
importance of inter-disciplinary collaboration and end by dis-
cussing opportunities for future work in this research area.
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