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Designing physics experiments with 
artificial intelligence

Jonathan Klimesch1 ✉, Sören Arlt1,2, Carlos Ruiz-Gonzalez2,3, Carla Rodríguez2, Xuemei Gu2,4, 
Philipp Haslinger5,6, Pietro Vischia7, Christian Haack8, Yehonathan Drori9, Rana Adhikari10, 
Markus Arndt11, Michael Kagan12, Lukas Heinrich13 & Mario Krenn1 ✉

Progress in physics has long been driven by ingenious experiments conceived by 
human experts. Recently, design methods driven by artificial intelligence (AI) have 
begun to move beyond tuning a handful of parameters to proposing entirely new 
experimental layouts. The discovered configurations often challenge established 
design conventions while matching or even exceeding the performance of 
human-designed set-ups. We frame experimental design as a search for optima over a 
vast space of hardware configurations subject to practical constraints and organize 
this Review around four guiding questions: how can we (1) engineer expressive search 
spaces; (2) build fast and reliable simulators; (3) translate scientific goals into 
computable objective functions; and (4) develop AI-based exploration methods that 
can navigate both discrete and continuous design choices. These questions place 
AI-driven design on a scale from parameter tuning to de novo discovery, and highlight 
the trade-offs between computational tractability, experimental feasibility, 
interpretability and solution reliability. Looking ahead, simulators spanning several 
physics domains, combined with large suites of experimental objectives, could 
discover unorthodox experimental concepts that are difficult to arrive at with human 
intuition alone. Ultimately, AI-designed experiments might thereby open new ways to 
explore the Universe.

Physics experiments are our way to ask questions to the Universe1,2. 
Historically, experiments have been designed by creative and expe-
rienced human researchers3. Yet, given the vast space of all possible 
experiments, it is unclear whether human intuition and experience 
alone are the best ways to discover new experimental techniques. 
Recent developments indicate an exciting possibility: intelligent algo-
rithms are beginning to extend beyond optimizing small parameter sets 
towards fully automated, de novo experimental design. This emerging 
approach has already shown promising results across various domains 
of physics. In quantum physics4–8, entirely computer-generated experi-
ments have been successfully implemented9–11 and led to new physical 
insights12–14. In plasma physics, this approach results in proposals of 
optimized fusion reactors15,16 and in particle and nuclear physics, it 
contributes to the design of high-energy detectors17–19. In neutrino and 
astrophysics, it leads to designs of more efficient high-energy anten-
nas20 and improved detector arrays21,22. In gravitational wave physics, 
algorithms produce detector blueprints with improved sensitivity that 
are challenging for humans to interpret23 and in optical microscopy, 
computationally discovered measurement methods could influence 
biological research24,25.

On a high level, this design model is a search for optima of a com-
plicated, multivariate function. The function output describes 
the quality of an experiment—for instance, its sensitivity. The vari-
ables are experimental parameters, for example, laser power or 
mirror reflectivity. Usually, it is neither necessary nor possible to 
find the highest-quality experiment as the global optimum: dis-
covering configurations that outperform the best-known experi-
ments is often already scientifically valuable—and a much simpler  
task.

Here we explain how and where this approach works at present, pro-
vide insights on future challenges and limitations and finally share 
our vision on how de novo discovery—the most extreme form of this 
approach—could lead to the discovery of new experiments that form 
an AI-generated test bed for fundamental physics theories. We centre 
our Review around four questions (Fig. 1):
•	 Search spaces. How can we define a large and complex search space 

that contains exceptional and surprising experiments?
•	 Physics simulators. How can we build fast and robust simulators or 

parametric models that sufficiently approximate experimental out-
comes across the entire search space?
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•	 Objective functions. How can we engineer objective functions that 
describe desired and practical goals and constraints while being gen-
eral enough to admit surprising solutions?

•	 AI exploration. How can we develop algorithms that explore the 
enormous search space and find solutions that outperform human- 
designed ones?

These four frontiers place any project on a scale from parameter 
tuning to de novo discovery. At one end, the search space consists of a 
fixed experimental topology with only a few optimizable parameters. 
At the other end, the search space contains topological choices and 
scales to thousands of discrete or continuous parameters.

AI-driven de novo design is already established in other domains 
and has yielded notable advances—in biology through de novo pro-
tein design26, chemistry through the design of functional materials27,28 
and engineering through topology optimization29. Although physics 
experiment design often involves material design and topology opti-
mization, it poses its own distinct challenges: reasoning over discrete 
experimental components, their physical interactions and parameters 
and diverse representations of experimental topologies.

With experiment design, we refer to the layout of experiment hard-
ware. The design of operational procedures30,31, control systems32–34, 
measurement strategies such as Bayesian experiment design35 or read-
out and data analysis methods36,37 are discussed only when relevant.

Search spaces
The space of all possible physics experiments is enormous. A set of 
ten interferometry components can yield more than a billion possible 
topologies23. Even small spaces can already host all human-designed 
experiments within a given field. For example, a circuit with only three 
components (inductors, Josephson junctions or capacitors) includes 
all superconducting qubit designs reported in the literature38.

To make such search spaces accessible for algorithmic design, 
researchers must first select subspaces that match their computational 

resources and scientific goals. This selection can be thought of as a mul-
tistep process that maps the search space to a range of subspaces—from 
the smallest, hosting a single component with only one parameter, to the 
most general de novo space of all possible physics experiments (Fig. 2). 
This process determines the physical scale of the experiment. A space 
with only small optical elements may yield tabletop experiments4,5,8,25,39, 
whereas a space incorporating kilometre-scale vacuum tubes, large 
calorimeters or arrays of photomultiplier modules yields big-science 
projects21,23,40. A useful sanity check for successful search-space engi-
neering is whether it can represent all known experimental solutions.

We discuss the search space engineering in three steps, illustrated 
in Fig. 2: the selection of components, topologies and parameters.

Experimental components
The first step is the selection of component classes that the search 
space should host. A useful distinction is whether selected components 
interact with each other. In quantum optics, beam splitters, mirrors 
and squeezers transform a quantum state. Combining such transfor-
mations yields a rich space of component interactions and can lead to 
the discovery of new quantum measurement schemes6,12. Gravitational 
wave detectors use similar components but at larger scales: mirrors 
and beam splitters interact through the propagating laser field, pro-
ducing complex behaviour such as optomechanics that algorithmic 
design can exploit23.

Other components, such as radio telescope antennas41 or optical 
modules from neutrino detectors21, do not interact but independently 
contribute to the final outcome. Here novelty comes from combin-
ing high-dimensional geometries with engineering or scientific con-
straints. Optimizing the arrangement of many independent elements 
can still yield high-quality experiments that deviate from human design 
principles, for example, producing ring-like layouts in which humans 
were focused on dense central cores22.

The potential for surprising, high-quality solutions is therefore 
influenced by the number and diversity of component types and their 
interactions. However, allowing more component classes also increases 
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Fig. 1 | The four frontiers in physics experiment design with AI. Blue 
indicates inputs and outputs of each step. (1) Experiment candidates are 
selected from a carefully engineered search space that may accommodate 
exceptional designs. Some of these experiments may be discovered through 
human exploration, others lie outside human experience and intuition and  
may require complementary exploration techniques based on AI. (2) A physics 

simulator evaluates experiment candidates from the search space by 
computing their experimental outcomes. (3) An objective function, aligned 
with the scientific goal, converts simulator outputs into a quantitative  
quality score, forming a quality surface over the search space. (4) AI exploration 
algorithms use the entire exploration trajectory to propose new, higher-quality 
designs, creating an iterative improvement cycle.
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simulator complexity, complicates exploration and risks producing 
solutions that are impractical to build.

Experimental topologies
The second step is to select a topology space, which defines the pos-
sible ways components can be arranged. We consider fixed, parametric, 
slot-based and overcomplete spaces, illustrated in Fig. 2. These are 
not static categories but mental models that can serve as guidance.

In a fixed topology, components and their arrangement can not be 
changed, reducing the search to pure parameter exploration. Neutrino 
antennas (Fig. 2) could be defined as an asymmetric bicone20, limiting 
the exploration to cone lengths, radii and angles. A fixed topology 
is often used in proof-of-principle designs or detectors with strong 
engineering constraints17,18,40,42–44.

In a parametric topology space, the topology can change through 
continuous parameters—for instance, by moving components in space. 
For neutrino detectors such as the Pacific Ocean Neutrino Experiment, 
or P-ONE (Fig. 2), the topology changes by optimizing the positions of 
70 vertical one-kilometre underwater cables with optical modules21. 
Similar optimizations appear for seismometer layouts at gravitational 
wave detectors45,46, arrays of radio telescopes41 and detection unit place-
ments for gamma-ray observatories22. Parametric topologies can also 
be expressed in a functional form, in which parameters control spatially 
varying properties such as material density47, permittivity and refrac-
tive indices48–50, or the geometry of stellarator coils15.

In a slot-based topology space, the topology is changed by populating 
discrete slots with components. In superconducting quantum circuits, 
slots are empty spaces within a fixed circuit layout in which an algorithm 
can place electrical components38,51 (Fig. 2). In quantum or high-energy 
physics, slots are placeholders for optical components or sensors, for 
example, organized in sequences4,5,52, tensors7 or graphs39. Slot-based 
spaces enable dynamic topologies that can grow or shrink in size.

An overcomplete topology space starts from one highly expres-
sive ansatz—a topology in which many experimental solutions can be 

discovered by continuous optimization. Instead of building an exper-
iment from scratch, solutions are distilled from one overcomplete 
template that purposefully contains many more components than 
necessary. One example of an ansatz for gravitational wave detectors is 
an interferometer grid (Fig. 2) designed to accommodate a wide range 
of known detectors, such as LIGO Voyager, and in which algorithms can 
discover unconventional designs with superior performance23 (Box 1). 
Analogous ideas appear in super-resolution microscopy25, quantum 
optics6,53 and inverse design of nanophotonic components48–50. Inspired 
by neural architecture search54, an ansatz can be formulated as an over-
complete probabilistic template in which all candidate components 
are initially included with learnable continuous weights. Optimization 
gradually suppresses irrelevant components and a concrete experi-
mental design is recovered by retaining only those with the highest 
weights55. Constructing an ansatz is challenging and often requires 
sophisticated metrics of expressibility, that is, how many other experi-
mental solutions the ansatz contains56.

The choice of the topology space largely determines the type of 
exploration and the trade-off between expressivity and experiment 
complexity. Fixed and parametric spaces avoid discrete topology explo-
ration. Fixed spaces have low expressivity but ensure experiment fea-
sibility, whereas the expressivity and design complexity in parametric 
spaces are determined by the number of topology-defining param-
eters. Slot-based spaces require exploration of what to place where. 
Increasing the number of slots improves expressivity but also raises 
complexity. Overcomplete topology spaces are highly expressive at the 
cost of increased experiment complexity and the need for subsequent 
simplification. They also shift the type of exploration from discrete 
topology decisions to navigating large continuous parameter spaces.

Experimental parameters
After selecting component types and topologies, the third step is deter-
mining which parameters should be optimized over what ranges. One 
strategy is to fix parameters at predefined values. This yields a less 
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Fig. 2 | The search space engineering in three steps. From the most general 
experiment search space, researchers select a subspace that matches their 
computational resources and scientific goals. Red indicates an example 
selection and blue indicates inputs and outputs of the process. (1) Component 
space: the set of allowed experimental building blocks is chosen (for example, 
lasers, mirrors and detectors). Some components can interact (for example,  
by means of optical beams), whereas others remain independent. (2) Topology 
space: the allowed ways components can be arranged are specified. An 
overcomplete topology space uses a single, highly expressive ansatz that 
purposefully contains more components than needed and from which many 
effective subtopologies can be distilled through continuous exploration.  
A slot-based topology space allows iterative addition or removal of 

components at predefined locations, such as grid sites or graph nodes.  
A parametric topology space accommodates topologies that can change 
through continuous parameters. A fixed topology does not allow any changes 
to the component arrangement. (3) Parameter space: each component is 
assigned tunable parameters and allowed ranges (for example, a mirror mass 
between 10 g and 200 kg). Depending on the size of the selected search space, 
these design choices define a range from narrow parameter-tuning problems 
to broad de novo discovery spaces capable of yielding new experimental 
configurations. Example topology spaces are shown in (i)–(iv). An overcomplete 
gravitational wave detector space23 (i), slot-based superconducting circuits51 (ii), 
a parametric neutrino experiment space21 (iii) and a fixed neutrino antenna 
topology20 (iv).
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expressive search space but lowers exploration complexity and ensures 
that discovered experiments are easily implementable4,57–60. Examples 
are quantum optics experiments in which the splitting ratio of a beam 
splitter is conventionally fixed at 50%, as tuning this parameter usually 
requires the implementation of an interferometer4.

The alternative strategy is to treat parameters as variables to be opti-
mized. This increases exploration complexity but expands the search 
space with interesting solutions that may outperform state-of-the-art 
experiments6,23,25. Parameter ranges must often be restricted to ensure 
that corresponding components can actually be manufactured23,38,51. 
An example would be a maximum laser power that should not exceed 
a certain threshold.

Examples of optimizable parameters are material properties such as 
permittivity or optical nonlinearities48, component parameters such 
as reflectivity, suspension properties or electrical resistance23,51 and 
spatial parameters such as distances between components21.

Physics simulators
Physics simulators enable AI-driven exploration by allowing large 
numbers of experiments to be evaluated computationally, without 
requiring time- and cost-intensive realization. They map experiments 
to their outcomes by solving fundamental physics equations, such as 

the Schrödinger or Maxwell equations, and can rely on stochastic pro-
cesses. Unlike prominent deep-learning schemes, which rely on large 
datasets, physics simulators enable exploration that starts without 
initial data. The algorithm can use the simulator on demand to actively 
decide which experiments to evaluate.

The quality of the simulator determines the reliability of discovered 
designs. As algorithms optimize objectives based on simulator out-
puts, they will systematically exploit any inaccuracies or bugs of the 
simulator, producing designs that seem exceptional in simulation but 
perform poorly after realization. For this reason, proposed designs 
must be critically examined beyond simulator outputs before com-
mitting resources to their physical implementation.

When designing an experiment, the simulator is called many 
times and typically becomes the computational bottleneck. Beyond 
domain-specific fast simulation techniques, advances in AI offer general 
strategies to speed up simulators in optimizations. We discuss details 
of prominent techniques, including machine learning surrogates, auto-
matic differentiation and other hardware- and software-based accelera-
tion (Fig. 3).

Machine learning surrogates
One strategy is to replace or supplement simulators with machine 
learning models that are trained to approximate the simulator. Such 

Box 1 

Example for designing gravitational wave detectors with AI
Scientific goal: discover new concepts for detecting distant 
gravitational wave signals.

Search space
Component space. Component choices are often influenced by 
simulator capabilities. For gravitational wave detectors, Finesse148 is 
a widely used, well-validated interferometer simulator that covers 
standard interferometric components, including lasers, squeezers, 
beam splitters, mirrors, suspensions and photodiodes. Because this 
set supports rich quantum and optomechanical interactions, we 
choose it as the component space.
Topology space. Known detector topologies are already optimized, 
so discoveries beyond incremental improvements are expected 
mainly from new layouts. A fixed topology space would mostly 
support engineering constraints or parameter tuning, whereas 
a parametric space is impractical because discrete optical 
components do not naturally map to continuous parameters.  
A slot-based space, in which components are added iteratively, 
is possible but would require complex exploration over both 
discrete and continuous choices and frequent recompilation 
of the potentially just-in-time-compiled simulator. We therefore 
choose an overcomplete topology space that relaxes the discrete–
continuous search problem into a continuous one. We use an 
expressive rectangular grid ansatz23, which can encode many known 
interferometer topologies while allowing potentially new ones to 
emerge (Fig. 2).
Parameter space. The optimizable parameters determine the 
simulation detail level. Mirror curvature, for example, is meaningful 
only in a Gaussian beam model, which increases computational  
cost. For simplicity, we use plane-wave-compatible parameters 
such as laser power, mirror reflectivity, mass and position. 
Parameter ranges are based on feasible existing designs: optical 
lengths, for example, extend up to 4,000 m, comparable with 
present gravitational wave detectors149 and leading to big-science 
experiments.

Physics simulator
Finesse is fast for simulations but does not support efficient gradient 
calculation23. Because the underlying physics is deterministic, 
the simulator is highly suitable for automatic differentiation. 
However, efficient code augmentation is limited by Finesse’s Python 
implementation. We rewrite the required simulator components 
from scratch in JAX72. The resulting simulator, Differometor, provides 
automatic differentiation, hardware acceleration, vectorization 
and just-in-time compilation. It matches Finesse in accuracy while 
enabling orders-of-magnitude faster gradient computations77.

Objective function
We translate the scientific goal into a computable objective by 
maximizing detector sensitivity over a selected frequency range. 
The primary target-matching objective is defined as the summed 
logarithmic sensitivity, with the target set to infinity to encourage 
maximal improvement. Detector quality is expressed relative to 
existing detector sensitivities, yielding an interpretable scalar value. 
Further feasibility terms penalize laser powers above specified 
thresholds, implemented using rectified linear unit functions. 
To enable unconstrained optimization within parameter ranges, 
we reparameterize each variable: unconstrained parameters are 
mapped to [0, 1] with a sigmoid and then scaled to their individual 
ranges before simulation.

AI exploration
The expressive interferometer grid ansatz enables continuous 
exploration using Adam105 with Differometor’s gradients, although a 
dedicated algorithmic competition could yield better search methods. 
This produces highly sensitive detectors but the initial ansatz requires 
simplification. Integrated simplification is difficult because optical losses 
in mirror components cannot generally be phased out continuously. 
We therefore use iterative simplification, removing components until 
detector quality falls below a threshold. Restarting the exploration 
from simplified detectors can further improve sensitivity.
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surrogates can reach orders-of-magnitude speed-up in each iteration— 
even considering training and data generation time61–63. They can guide 
gradient-based designs by supporting gradient computation43,64–67, 
serve as correction functions to simulator approximations68 or reduce 
the number of expensive simulations when objective functions are 
based on statistically rare events69. This approach is useful when approx-
imate physics is acceptable and speed matters more than accuracy. 
When the simulator is complex, poorly documented or closed source, 
machine learning surrogates allow it to be treated as a black box and 
replaced with a faster approximation.

The development of surrogate models requires special treatment of 
intrinsic uncertainties70. Especially, the use of surrogates outside their 
training distribution leads to substantial loss of accuracy43. Training 
surrogates to cover the entire search space would greatly increase data 
requirements and is infeasible, as regions of interest typically contain 
only a few known designs. There are common strategies to circumvent 
this (Fig. 3). First, by approximating the simulator only within a local 
neighbourhood of samples and retraining surrogates on a new neigh-
bourhood once the exploration moves beyond this trust region43,65,66. 
Second, by training surrogates on random designs and retraining them 
as newly discovered, simulator-verified designs are iteratively added to 
the dataset64. Both approaches allow exploration with partially trained 
surrogates while reducing the risk of unreliable predictions.

A creative, albeit organizationally demanding, way to address the 
high computational cost of training surrogates and exploring design 
choices is through community challenges. For example, the Calorim-
eter Simulation Challenge attracted 59 distinct submissions71, yielding a 
surrogate diversity that would be infeasible for an individual researcher 
to explore.

Automatic differentiation
Many exploration methods rely on gradients that quantify how experi-
mental performance changes as parameters are varied. Yet many 

simulators include stochastic components, branching logic and are 
implemented in programming languages that provide no analytic 
derivatives. If numerical differentiation is possible at all, it is an inef-
ficient default, as each gradient requires one simulator evaluation per 
parameter. Surrogates can be used as differentiable simulators but 
they remain approximations. For fast gradient computation with exact 
physics, simulators can be equipped with chain-rule-based automatic 
differentiation, either by rewriting the simulator code in an automatic 
differentiation framework or by using tools that automatically augment 
the simulator with gradient logic (Fig. 3).

Popular automatic differentiation frameworks such as JAX72, 
PyTorch73 or TensorFlow74 compute gradients by tracing program 
execution and applying the chain rule to the resulting computational 
graph. Recent work across several areas of physics has demonstrated 
that simulators implemented using such frameworks can achieve 
orders-of-magnitude speed-ups in gradient computation25,45,47,75–77. 
However, the tracing mechanism imposes constraints on common pro-
gramming patterns—for example, if statements or stochastic processes 
are not available in their general form. Rewriting a simulator using an 
automatic differentiation framework can therefore require notable 
development efforts to satisfy these constraints while preserving the 
underlying physics. This overhead represents a substantial barrier to 
adoption for large simulators, although it may become less important 
as large language models (LLMs) continue to advance in programming 
tasks78,79.

An alternative to full rewrites are code augmentation tools, which 
transform simulator code into a new program augmented with gradient 
logic. Augmentation tools for languages such as Julia or C (refs. 80,81) 
have recently been used for the implementation of differentiable phys-
ics simulators82–84. Other tools can augment even on the machine code 
level85 but typically offer low performance84. They are often used for 
exploratory differentiation, such as first attempts to differentiate 
extensive physics simulators such as GEANT4 (refs. 84,86).
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inputs and outputs of the simulator. a, Simulators map experiments from  
an engineered search space to experimental outcomes and may include 
stochastic components, complex branching logic and control flow statements. 
b, Besides many domain-specific strategies that depend on the simulator and 
scientific context, there are four general acceleration strategies. c, Machine 
learning surrogates provide fast approximations to simulator outputs. 
Because exhaustive training over the full search space is infeasible, models are 
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progresses or iteratively on an expanding set of surrogate-proposed, 
simulator-verified designs. d, Automatic differentiation enables efficient 
gradient computation for gradient-based optimization, either by rewriting 
simulators in differentiable frameworks or by using code augmentation tools 
that insert differentiation logic into high-level source code or low-level code 
representations. e, Just-in-time compilation and hardware acceleration 
improve runtime performance by adapting compiled code to execution 
patterns and using specialized hardware. f, Vectorization and parallelization 
restructure computations to execute simultaneously across data elements or 
hardware resources.
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Automatic differentiation can yield misleading gradients84, which 
commonly occurs in simulators with discrete randomness, such as 
Monte Carlo sampling or conditional logic47,87,88. In such cases, gradients 
may point in directions that do not correspond to real performance 
improvements, making careful validation of gradient behaviour essen-
tial before relying on gradient-based optimization89.

Other hardware and software acceleration
Modern differentiation frameworks offer hardware acceleration90, 
machine learning compilers91 and just-in-time compilation92, which 
tailors compilation to runtime data rather than relying on static 
assumptions. They also support automatic vectorization, the auto-
mated transformation of scalar functions into vectorized operations 
or parallelization of workloads on several hardware devices. With 
data structures such as large grids, these features can contribute to 
orders-of-magnitude speed-ups25.

When simulators are replaced by surrogates or rewritten within an 
automatic differentiation framework, many of these acceleration fea-
tures become available with little extra effort, making such approaches 
an attractive way to benefit from rapid advances in AI.

Objective functions
In AI-driven design of physics experiments, the difficulty of asking the 
right question manifests itself in two challenges: defining a scientific 
goal and translating it into an efficiently computable objective func-
tion. The definition of scientific goals is primarily driven by human 
interest, resource allocations or practical needs. The second challenge 
of translating goals into functions is the focus of this section. Typi-
cally, an objective function takes the simulated outcome of a proposed 
experiment as input and computes the quality of this experiment as a 
scalar value, thereby defining a quality surface over the search space 
(Fig. 4). This surface can accommodate distinct subsurfaces, each cor-
responding to a different topology or discrete parameter set. Often, it 
is highly irregular and the number of local optima grows rapidly with 
the component number93. Similar to how neural network architectures 
influence their loss surfaces94, the approximations used in the physics 

simulator and the encoding of components, topology and parameters 
shape the quality surface in experiment design tasks.

The efficiency with which an objective function can be evaluated 
depends on its formulation, the experiment definition and the simu-
lator’s acceleration strategies. An objective function can be scalar or 
vector-valued.

Scalar objective functions
A scalar objective can be formulated as a weighted sum of several, pos-
sibly conflicting, terms6,23,95,96, for example, sensitivity and robustness 
(Fig. 4). Primary objectives define the main goals of the design, some-
times highest sensitivity, but sometimes also low complexity or robust-
ness. Penalty and constraint terms encode the physical, engineering 
or practical conditions under which these goals must be achieved, for 
example, staying above a certain sensitivity threshold.

Target matching terms apply when an experiment aims to reproduce 
a concrete target, such as a specific quantum state6,97 or known particle 
energies reconstructed by a detector65,66. Experiment quality is then 
measured by the distance to this target, for example, using the aver-
age over squared differences, a common metric in machine learning 
regression problems. Estimating this distance may require nontrivial 
readout of simulator outputs, such as inferring particle energies from 
energy deposits across detector layers. Because readout quality can 
depend on the detector topology, we may need either a generic readout 
scheme or joint optimization of the readout and detector hardware98.

Information maximization terms remove the need for specifying a 
concrete target or readout and instead enable the design of experiments 
whose outcomes are maximally informative about unknown quantities 
of interest. Common choices include Fisher information and mutual 
information, which facilitate comparisons to information-theoretic lim-
its. Such terms have been used to design quantum states with enhanced 
sensitivity96,99, high-energy detectors that retain maximal information 
about particle energies in their responses65 and optimal array configura-
tions for neutrino detectors21 and radio interferometers41.

Feasibility terms ensure that experiment designs can be realized 
under given constraints. For example, monetary penalties for magnetic 
components enforce economic feasibility17. Penalties on coil lengths  
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Fig. 4 | Scalar and vector-valued objective functions. Red highlights primary 
objectives and blue indicates inputs and outputs of the objective function.  
(1) A scalar objective maps the experimental outcome from the simulator to a 
single quality value, defining a quality surface over the selected search space. 
This surface may contain distinct subsurfaces corresponding to individual 

topologies or discrete parameter sets. Objectives are often composed of 
weighted primary terms together with penalties and constraints. (2) Vector- 
valued objectives evaluate several quality metrics simultaneously. The 
resulting trade-off surface forms a Pareto front, a set of solutions in which 
improving one objective worsens at least one other.
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in fusion reactors ensure manufacturability15,100 and component count 
minimization terms reduce resource use in quantum circuits101,102.  
Penalties on the laser power prevent damage in gravitational wave 
detectors23 and minimum feature size requirements enforce fabri
cation constraints in nanophotonic devices49.

Robustness terms guarantee that experiments are insensitive to 
unwanted background effects, manufacturing imperfections or 
changes in operating conditions. Event-count minimization improves 
neutron moderator designs that suppress statistically rare background 
events69. Gradient- or perturbation-based penalties make mirror coat-
ings103 or squeezing performance in gravitational wave detectors95 
robust against manufacturing errors and Monte Carlo evaluations 
minimize performance variance of superconducting circuit designs 
under fabrication perturbations38.

Understanding the effects of these terms on the quality surface 
through visualization and analysis93,94,104 is a key challenge to prevent 
excessive local optima or ruggedness.

Vector-valued objective functions
Vector-valued objectives originate from multipurpose experiments 
or engineering trade-offs that define a Pareto front—a set of solutions 
in which improving one objective inevitably makes other objectives 
worse44,100. Balancing particle momentum and direction measurement 
precision with trajectory reconstruction efficiency results in a Pareto 
front of high-energy detectors44. Similarly, stellarator coil optimiza-
tions use bi-objective formulations to trade off coil simplicity against 
magnetic field error100.

Although these approaches are computationally demanding, 
they provide a diverse set of solutions from which appropriate 

configurations can be selected later, rather than forcing convergence 
to a single compromise. Fully exploring Pareto fronts, instead of col-
lapsing the objectives into a weighted scalar formulation, is therefore 
essential to fully exploit this methodology.

AI exploration
AI-based exploration methods aim to find high-quality experiments 
within a search space. They take experiments and their correspond-
ing quality values as input and propose new designs to improve the 
overall quality. Three main challenges arise: continuous exploration, 
discrete exploration and simplification. Each of these challenges can 
be addressed by different classes of algorithms, summarized in Fig. 5.

Continuous exploration
Experiment design simplifies to pure continuous exploration when-
ever topologies are fixed20,43,67,95, can be tuned continuously21,47 or are 
embedded within an expressive, continuous ansatz from which smaller 
experimental topologies can be extracted6.

Continuous exploration can use either gradient-based or gradient- 
free methods. Gradient-based optimizers such as Adam105 use valuable 
gradient information to follow the direction of steepest improvement 
and scale to billions of parameters. Although the use of stochastic gra-
dients can help escape shallow local optima, such methods primarily 
explore the local neighbourhood of their starting position. Gradients 
can be computed in various ways, including analytical or automatic 
differentiation, machine learning surrogates, numerical differentiation 
or stochastic gradient estimators such as reparameterization methods 
for continuous random variables84 and score-function estimators for 
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Fig. 5 | Exploration challenges and algorithms for physics experiment 
design. Red highlights important algorithmic features and blue indicates 
inputs and outputs of the exploration. a, Continuous exploration within  
the continuous parameter space of a fixed experiment topology. b, Discrete 
exploration across distinct topologies or discrete parameter sets. c, AI-based 
designs may be overparameterized and require simplification to lower- 
dimensional representations. d, Continuous and discrete exploration can  
be performed together through nested loops or hybrid methods that directly 
integrate both. e, Simplification can be integrated directly into optimization 
by continuous deactivation of components or performed iteratively by 
alternating component deletion and re-optimization. f–k, Representative 
exploration methods. f, Gradient-based methods choose higher-quality 
experiments based on the gradient of the objective function with respect to 
the parameters. g, Swarm-based algorithms guide many simple agents that 

share information to collectively explore a search space and move towards 
high-quality experiments based on shared performance cues. h, Evolutionary 
algorithms evolve a population of candidate experiments by selection, random 
crossover and random mutation, improving them over generations based  
on a fitness function. i, Bayesian optimization selects new experiments by 
modelling the objective function with a probabilistic surrogate and using an 
acquisition function that chooses the designs with the highest expected gain 
under uncertainty. j, Reinforcement learning interacts with an environment, 
using a policy that maps states to actions, a value function that estimates long- 
term returns and optionally a model of the environment, and it improves its 
actions through reward-driven feedback. k, Generative models learn a data 
distribution and produce new designs by modelling or transforming latent 
variables so that generated outputs resemble the training data.



54  |  Nature  |  Vol 657  |  3 September 2026

Review
discrete variables47. Gradient-based methods discovered new quan-
tum optics experiments6,106, nanophotonic devices49,50, magnetic sur-
faces for stellarators16,107, super-resolution microscope blueprints25 
and interesting parameter configurations for high-energy physics 
experiments43,65,66,108,109.

Continuous gradient-free exploration methods such as Bayesian 
optimization and evolutionary or swarm-based algorithms (Fig. 5) 
often trade computational efficiency for a higher likelihood of finding 
a global optimum. Although their performance typically declines as 
dimensionality increases, continuing research steadily extends their 
applicability to problems with thousands of parameters110. They are 
used when gradients are not available or many low-quality local optima 
exist, for example, in specific cases of stellarator coil design111, gravita-
tional wave detectors46,95,103 or high-energy physics experiments17,18,44,112. 
Often, a combination of gradient-based and gradient-free algorithms 
over several optimization stages is used to balance advantages and 
disadvantages of both approaches, for example, by initializing start-
ing positions of gradient-based methods with a few steps of Bayesian 
optimization111.

Discrete exploration
Discrete exploration is required when experimental design involves 
switching between distinct topologies or discrete parameter sets. 
Exploration is fully discrete when the search space is composed entirely 
of components without continuous parameters or when continuous 
parameters are fixed.

Generative models (Fig. 5) can perform discrete exploration by learn-
ing to generate symbolic descriptions of experimental set-ups, for 
example, in the form of Python code59 or vector representations113, 
and have uncovered previously unknown set-ups for several quantum 
state families. Similarly, reinforcement learning agents (Fig. 5) can 
design discrete quantum protocols or circuits by learning strategies 
to sequentially place suitable components60,114. Many other algorithms 
that can perform discrete exploration are mostly used in combination 
with continuous exploration, as discussed in the next section.

Discrete exploration can be improved by learning so-called gadg-
ets, small discrete functional units that are iteratively discovered and 
reused to assemble increasingly complex experiments4,57,115–117. Although 
algorithmically more demanding, gadget learning can speed up the 
exploration process by orders of magnitude.

Discrete–continuous exploration
In the most general case, designing an experiment from scratch requires 
both switching between discrete topologies or parameter sets and 
tuning continuous parameters. This challenging, discrete–continuous 
exploration is commonly solved through two different approaches: 
nested optimization loops, in which continuous and discrete explora-
tion are performed iteratively, or hybrid methods that integrate both 
exploration types directly (Fig. 5).

Outer discrete exploration loops often use reinforcement learn-
ing118,119 or evolutionary strategies39 to find interesting topologies that 
are then optimized with local, continuous exploration in an inner loop. 
Even with an overcomplete ansatz, the presence of many local optima 
makes it beneficial to complement gradient-based methods with an 
outer discrete exploration loop that iterates over different ansatz 
configurations23. Augmenting the discrete loops with domain knowl-
edge6,8,42,120 or known reference designs121 can simplify the search and 
lead to pronounced speed-up.

Some hybrid methods use an expressive ansatz that transforms a 
discrete–continuous problem into a purely continuous one by embed-
ding discrete topologies within its continuous parameters6,23,25,106. Evo-
lutionary algorithms can encode discrete and continuous parameters 
within a single gene and have been used for the hybrid design of quan-
tum metrology experiments5,97,99. In high-energy physics, reinforce-
ment learning agents can handle hybrid action spaces of continuous 

positions and discrete sensor choices52, whereas gradient-based 
methods can perform hybrid exploration when relaxing categorical 
choices into continuous vectors that can be evaluated with a trained 
surrogate model66. Finally, diffusion models can have coupled diffu-
sion processes for both discrete component choices and continuous 
parameters simultaneously, enabling quantum circuit design through 
generative models7,122.

Developing new exploration strategies and representations capa-
ble of jointly managing discrete–continuous search spaces remains 
a key challenge. Given the recent success of LLMs, an open question 
is whether such models can augment hybrid methods with reasoning 
abilities, for instance, as high-level design planners123, by guiding evo-
lutionary algorithms124, through agentic systems125 or through large 
physics models126.

Simplification
AI-based design frequently yields overparameterized set-ups in which 
some components or parameters contribute negligibly to performance. 
Such redundancies enable substantial simplification: components can 
be removed or parameters fixed to simpler values without substantially 
degrading experimental quality, effectively descending from a higher- 
to a lower-dimensional quality surface (Fig. 5).

Sometimes, simplification can be integrated directly into the 
exploration process by allowing parameters to continuously deac-
tivate components—for example, by driving the power of a laser to 
zero. Such integrated simplification has been observed in the design 
of super-resolution microscopes25 and can be further encouraged 
through regularization terms in the objective function that bias the 
exploration towards simple or inactive values. In other cases, simpli-
fication is performed iteratively alongside exploration: unnecessary 
components are removed according to logic-based rules53 or impor-
tance thresholds6,23,106, the resulting designs are re-optimized and the 
cycle is repeated until further simplification leads to an unavoidable 
loss in quality.

In general, effective simplification often relies on substantial domain 
knowledge and a detailed understanding of the proposed designs. 
How such interpretive steps can be automated remains an important 
open question for translating discovered solutions into realizable 
experiments.

The vision of de novo discovery
AI can turn experiment design into an explicit search problem and 
offers the opportunity to find new measurement techniques that reveal 
new insights into the fundamental rules of the Universe. By broaden-
ing the space of candidate designs, AI can accelerate the exploration 
phase of experimental design cycles, in which early choices often 
determine scientific reach for decades. So far, only a few AI-designed 
experiments have been implemented9–11. Notable barriers include 
long realization cycles, difficulty interpreting complex designs and 
the need to develop new methods to implement unconventional yet 
high-quality experiments. Other AI-proposed designs have led to new 
experimental insights12–14 or may influence next-generation experi-
ments16,18,23.

To further explore the potential of this new design pathway, sub-
stantial challenges remain to be solved: the engineering of new, clever 
experiment search spaces that simplify exploration without losing 
expressibility; the implementation of simulators or physics approxi-
mations that support the exploration through fast design evaluation; 
the formulation of efficiently computable objective functions that 
are aligned with scientific goals and result in smooth quality sur-
faces; the invention of new exploration algorithms that can navigate 
high-dimensional, discrete–continuous search spaces; and, finally, the 
development of discovery frameworks that combine all of these steps 
into easy-to-use libraries6,108,127.
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Advancing on these challenges might bring us closer to AI-driven 
design in its most extreme form—de novo discovery.

Foundational simulator
Imagine a foundational simulator: a single program capable of model-
ling experiments across several physical domains and scales. Simula-
tors for individual fields of physics already allow for new experimental 
designs. However, integrating these simulators into a single founda-
tional simulator would allow algorithms to uncover design principles or 
effects from vastly different fields of physics that are rarely considered 
together.

For example, a simulator for electron beam physics can be used for 
the discovery of new electron microscope technology. Integrating 
these physics into a general simulator that also includes the physics 
of gravitational wave interferometry would allow AI exploration that 
exploits complex electron-optical dynamics—which is not possible with 
two isolated simulators. Likewise, such a foundational simulator might 
enable gravitational wave researchers to discover detector concepts 
that draw on electron beam physics in unexpected ways.

Realizing this vision requires new representations and approxima-
tions that remain accurate and computationally tractable across many 
physical scales. Early examples can be seen in fusion physics, in which 
simulations span several orders of magnitude in space and time128, and 
photonics, in which simulators cover wide ranges of coupled optical, 
electrical, thermal and material effects129.

Large objective space
Imagine further that we go beyond individual objective functions and 
develop lists of hundreds of interesting physical objectives, for exam-
ple, systematic generalizations of our best physics theories. Consider 
the relation between kinetic energy and velocity, E = mv

2

2
. Now imagine 

a nineteenth-century scientist wondering why the dependence is quad-
ratic and suggesting a different form, 

E
m

v αv βv O v=
2

+ + + ( ). (1)2 3 4 5

Physical theories of the nineteenth century would predict α = 0 = β. 
Yet, equation (1) yields an interesting objective: designing experiments 
that are particularly sensitive to shifts of α and β from zero. Such exper-
iments would have revealed that α is indistinguishable from zero but 
β is not (owing to special relativity, β = m

c

3

8 2 ). This would have been a 
critical indication for exploring new science—an opportunity to glimpse 
effects of special relativity well before 1905.

Parametric extensions of modern physics theories already exist. A 
prominent example is Kostelecký’s Standard-Model Extension, which 
introduces 155 parameters in its minimal form130,131. Each parameter 
in this framework—and similarly in others such as post-Newtonian 
parameterizations132—defines a distinct objective for a wide range of 
experiments. Coupling this with a foundational simulator and AI-based 
exploration could result in an AI-generated experimental test bed for 
theories in fundamental physics.

Experimental groups could constrain the search space to their indi-
vidual capabilities and discover experiments that can be performed 
with experimental components in their laboratory. Many candidate 
experiments might operate at much smaller scales than those pur-
sued by large collaborations—for example, tabletop experiments133 
including atom interferometry134, quantum optomechanics135, quartz 
oscillators136, large quantum systems137 and spectroscopy of atoms and 
molecules138—leading to a democratization of fundamental physics 
discoveries.

Some aspects of the objective formulation may also increasingly 
be supported by AI. Early prototypes based on LLMs and knowledge 
graphs show promise of complementing human ideas by autonomously 
generating scientific goals139,140 or by forecasting impactful research 
directions141,142.

Experiment discovery as an AI benchmark
If the search space, simulator and objective functions are provided 
as black-box interfaces, the AI community does not require extensive 
physics knowledge but can treat experiment design as an exception-
ally demanding and impactful benchmark143,144, advancing algorithmic 
research while addressing critical physics questions. Establishing a 
fair testing ground, for instance, through AI competitions71, would 
empower the AI community to contribute to fundamental physics 
questions, potentially leading to large interdisciplinary collaborations 
between physics and AI research.

The impact of modern AI and LLMs
Although many design tasks can already be tackled with traditional 
optimization techniques such as genetic algorithms or Bayesian 
optimization, modern AI and deep learning are becoming essential 
as search spaces grow more expressive and simulators more com-
plex. These frameworks enable fast, data-driven approximations and 
learning-based generative models that go beyond direct exploration. 
For example, neural surrogate models can approximate slow simula-
tors64,71 and neural quantum states can approximate large physical 
systems145. In the computational exploration of design spaces, deep 
reinforcement learning and generative models (including vari-
ational autoencoders and diffusion models) are increasingly being 
applied52,113,122, and the community is still exploring which techniques 
and combinations thereof work best for practical problems.

Although LLMs have an enormous impact on the lives of many of us, 
their impact on physics experiment design has so far been limited to a 
few proof-of-concept demonstrations123,125. We expect this to change 
substantially as frontier models continue to improve in math, coding 
and physics knowledge. Looking ahead, LLMs could help expand or 
better represent human-defined search spaces, accelerate the devel-
opment of modern auto-differentiating simulators and support or 
fully automate the objective formulation by proposing new physical 
targets139. They may also be incorporated with other exploration algo-
rithms to suggest promising starting points and interesting regions of 
the search space to explore (or to avoid). Overall, we expect progress 
to come from a deep integration of classical optimization, modern AI 
methods and frontier LLMs, rather than from any single technique alone.

Looking ahead
Realizing the vision of de novo experiment discovery will require 
advances on many fronts. In physics, new efficient representations 
and reliable approximations will be necessary to build foundational 
simulators spanning several fields of physics. Objective spaces for 
potential benchmarks need to be carefully selected and formulated in 
standardized formats, easy to use without extensive background knowl-
edge. In computer science, more powerful exploration algorithms will 
be required to navigate increasingly large discrete–continuous search 
spaces. Finally, whenever an algorithm discovers an experiment that 
outperforms human designs, the solution necessarily contains new 
ideas, experimental tricks or concepts that humans have not been aware 
of. To avoid a future in which physics experiments can be performed 
but not comprehended, there will be an increasing need for powerful 
tools with which future physicists can extract and understand artificial 
insights146,147. Beyond the usefulness of superior designs for observing 
interesting physics, the discovered designs can then inspire the devel-
opment of new experimental techniques and concepts.

Ultimately, this vision augments the role of the human scientist—
from an intuition-guided designer to an orchestrator of intelligent 
automated exploration.
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