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The design of modern particle physics detectors can become a strong
benchmark for contemporary machine-learning techniques. It offers a realistic
large-scale optimization task grounded in well-understood physics and reliable
simulations, providing a controlled setting to test methods aimed at complex
real-world problems; the proposed Future Circular Collider is a prominent
example of the scale and ambition involved. This review introduces the
detector-optimization problem and discusses the growing interest in applying
Al methods to detector design, providing a comparative perspective on various
methodologies. We show how a specific version of the detector-optimization
problem can, and has been, tackled with Bayesian optimization and gradient-
based methods, while reinforcement learning addresses a more general
formulation thatincludes sequential and combinatorial structure. The substantial
computational burden of Monte Carlo simulation remains a central obstacle,
for which we outline how generative machine-learning approaches offer
effective mitigation. We also discuss how uncertainty, arising from stochastic
detector response, systematic shifts in physics modelling and reconstruction,
and long-term operating conditions, can be incorporated into the design
process. In particular, we discuss how distributional and distributionally robust
reinforcement learning, together with optimal-transport—based ambiguity sets,
provides a principled way to capture plausible deviations from nominal
assumptions and to search for designs that maintain reliable performance across
varied scenarios.

KEYWORDS
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1 Introduction

A core activity in the field of particle physics is the design and construction of
large detectors that record the signals of sub-atomic particles. Modern particle physics
experiments are among the most complex machines ever built. The Large Hadron
Collider (LHC) at CERN illustrates the scale involved: constructing its 27 km ring of
superconducting magnets required roughly 7.5 billion, while its major detectors—ATLAS
and CMS—each added budgets of about 400-500 million and collaborations of several
thousand people. These detectors were conceived in the 1980s and then underwent multiple
design iterations lasting decades.
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In the future, the proposed Future Circular Collider (FCC)
pushes these demands to an even more formidable scale. The current
design envisions a 90-100 km tunnel that would host a machine
reaching collision energies around three times larger than at the
LHC. Such ambitions hinge on advances that are still at the edge
of what is technically achievable, from 16 T-class superconducting
magnets and vast cryogenic plants to unprecedented vacuum,
alignment, and power-delivery systems. As with the LHC, the FCC
design process will span decades and must navigate substantial
technical, financial, and scientific uncertainties making systematic
design methodologies essential from the outset.

So far, detector design has been largely a manual process,
consisting of iterations centered around implementations of
manually chosen designs in simulation. This iteration process
typically takes many years and a large amount of full time effort.
Decisions on the design of an experiment are often factorised
into different areas, meaning that a global optimisation is typically
not achieved.

With the advent of modern machine learning techniques in
particle physics, attention has turned into how one can automate
the design of particle physics detectors with the aid of artificial
intelligence. Beyond the direct implications of more performant and
cost effective detectors, this challenge is also highly valuable as a
testing ground to develop machine learning methods as the data is
readily generated but the challenges suffer from many complications
that are vital to solve in order to apply these methods to real world
problems. In particular, possibilities to improve the robustness of the
optimisation results via mathematical techniques such as optimal
transport would allow both more reliable designs as well as methods
can be applied outside of physics. This review will first discuss
the challenge of designing a detector, followed by a discussion of
the main methodologies that are used. Finally, an outlook of the
next developments will be discussed, which main focusses on the
introduction of realistic uncertainties into the design procedure.

To enable systematic optimisation of particle-physics detectors,
we begin by establishing a structured representation of a detector
configuration. We denote a detector by

D ={C,,C,,...,Cy\l},

where each C, corresponds to a sub-detector or functional module
such as a tracking layer, calorimeter element, or timing plane. The
number of components N is flexible and depends on the overall
detector concept.

Each component C,, is parameterised by a set of variables

C, = [PpPz’---’PK,,]’

which encode physical layout, material choices, and relevant
engineering properties. These parameters may be continuous
(py € R), discrete (such as layer counts or segmentation steps), or
categorical (p, € S) representing, for example, the sensor technology
or material type.

In realistic detector concepts, components are often not
monolithic objects but hierarchical assemblies. A given C, may
itself be composed of multiple sub-components modules, sensors,
support structures, electronics each with its own internal parameter
set and constraints. This hierarchical decomposition can be
extended recursively to arbitrary depth, providing a flexible and

Frontiers in Physics

10.3389/fphy.2026.1765091

G, =[W & Al 12bars,10 x2cm,...]

Co=[Si,3cm X 2m, ...]

Particle trajectory

C, = [Fe,lmx2.2m,...]

FIGURE 1

Diagram showing an illustration of a particle-physics detector with
three sub-detectors. The lists on the top indicate the properties (e.g.,
material, size) of the sub-detectors that are to be optimised for
performance.

detailed description of complex detector systems. For the purposes
of this conceptual formulation, however, we treat each C, as a
single, self-contained unit with an associated parameter vector.
More detailed structures can be incorporated straightforwardly by
expanding or nesting these parametrisations whenever required.

A simple illustration is shown in Figure 1, which depicts a
simplified detector with three sub-detectors. The lists above each
element indicate representative properties such as material or size that
must be optimised for performance. Realistic detector descriptions
contain many such components, often with correlated parameters
and practical constraints arising from mechanical tolerances, service
routing, symmetry requirements, and radiation limits.

Given a detector configuration D, we assign a scalar
score function

S(D) eR,

which quantifies the quality of the design. Although detector
performance is inherently multi-objective, balancing for example,
resolutions, efficiencies, particle-identification power, background
rejection, cost, and engineering feasibility, it is useful to encode
these considerations in a score function S(D) that reflects the
intended physics programme. Different physics goals naturally
imply different utilities, and S(D) should be understood as encoding
prior assumptions about which measurements or signatures are
most valuable. The score need not be a linear combination of
metrics and may instead capture nonlinear trade-offs or threshold
requirements, or the optimisation can be formulated in a multi-
objective manner by characterising the Pareto-optimal set of
designs. In practice, S(D) depends on four components: simulation,
reconstruction, analysis, and cost.
The design task then becomes an optimization problem,

D* = argmgx S(D),

subject to all physical, mechanical, and engineering constraints
the detector must satisfy. These may impose bounds on material
budgets, clearances, power consumption, radiation tolerance, or the
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allowed positions and sizes of components. This parametrization
provides a concrete and flexible foundation for applying
optimization and AI-driven search methods to detector design.

2 The challenge of detector design

The main challenge of detector design is the huge space of
possible solutions to explore and evaluate to find the optimum. In
order to detect the full suite of potential physics processes, particle
physics detectors consist of several sub-detectors that are each
optimised for a particular task. For example, one can have tracking
detectors which measure particle momentum or calorimeters which
measure particle energy. Designing a complete detector therefore
requires simultaneously optimising these different sub-detectors,
which results in a very large design space. The realities of engineering
requirements constrain the design solution space in complex ways.
Constraints cut across many subsystems such as power, cooling and
radiation tolerance. A small improvement in geometry for physics
performance can have implications in calibration procedures and
civil-engineering needs. Algorithms or machine learning models
that can efficiently explore this space, while navigating real world
complicities are therefore an essential component of the automated
design procedure.

These sub-detectors are not only specialised for different
tasks but often provide overlapping measurements, for example,
charged-particle momenta can be inferred from both tracking
systems and calorimetry, and particle identification can rely on
several complementary technologies. This redundancy is crucial
for robust physics performance, yet it also means that different
subsystems optimise similar observables in different ways. These
subdetectors also must share limited space, material budget and
readout infrastructure. As a result, improving the performance of
one system can restrict what is feasible for another, turning the
overall detector layout design into a multi-objective procedure. The
balance between these different objectives makes the performance
evaluation depend on the relative importance of different physics
goals, which further complicates the process.

As detector design naturally considers instruments that do
not yet exist, a detailed simulation of the detector as well as
particle physics interactions are essential in order to evaluate the
performance of a particular design. Exploring the large space
of possible designs requires a large number of performance
evaluations, with each evaluation needing billions of particle
trajectories to be simulated. Even manual design places stringent
requirements on the amount of computational time needed to
perform these performance evaluations, making the speed of the
simulation one of the main bottlenecks for the design. Therefore
techniques to improve this are equally important as those to explore
the optimisation space.

Machine learning has become central to this effort because
generative models can learn the statistical structure of simulated data
and then reproduce it at a fraction of the cost. Fast simulation using
modern machine learning methods began with early applications
of Generative Adversarial Networks, which showed that high-
granularity calorimeter responses could be emulated orders of
magnitude faster than traditional simulation [1]. These methods
demonstrated that, once the relevant patterns are learned from
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detailed simulation, the computational burden can be shifted from
repeated event generation to a one-time training stage. Building on
this idea, more recent approaches use normalizing flows to learn
probability distributions with exact likelihoods. This is especially
useful for detector design, since flows do not simply generate
approximate samples but also provide quantitative control over
uncertainties. Calorimeter response models built with flows can
reproduce the fine structure of showers with high fidelity while
remaining efficient enough to evaluate many design variants [2].
Because flow models are invertible maps, they also allow the
conditioning on geometry, materials, or particle type to be handled
in a principled way, which is important when exploring large
configuration spaces. Most recently, diffusion models have entered
the field and are showing considerable promise [3]. These models
learn to reverse a gradual corruption process and can generate
detailed multi-scale detector responses with high stability. Diffusion
models also tend to avoid some of the training instabilities that
affect adversarial methods, which is advantageous when performing
systematic design scans.

In parallel, traditional transport is also being accelerated on
modern hardware. AdePT [4] integrates with Geant4 to offload
electromagnetic showers to GPUs, while Celeritas [5, 6] takes
a GPU-first approach that achieves order-of-magnitude speedups
with physics preserved within statistical uncertainties. In another
work, histogram sampling was employed to increase the speed of
muon transport by several orders of magnitude by running the
operations on a GPU [7].

Finally, uncertainty affects all aspects of the design procedure.
Physics processes and their interactions with matter are imperfectly
known, as well as the operational conditions in the real experiment.
Furthermore, the fast surrogates that are trained to accelerate
simulation introduce their own uncertainties that need to be
considered. Robust design is therefore essential, where the goal is
not only to optimize nominal the performance, but also to favour
solutions that remain valid under realistic simulation inaccuracies
and operational reality.

3 Methodologies

Design optimisation problems across the physical sciences have
long been approached with heuristic and numerical strategies, such
as manual tuning or parameter scans. In particle physics, detector
optimisation has traditionally relied on expert intuition and low-
dimensional scans, with limited adoption of formal optimisation
techniques due to the cost of realistic simulation. Motivated
by the broader success of modern machine learning, the field
is now turning toward more systematic methodologies. Current
research has converged on three families that show particular
promise for detector design: surrogate-based search, gradient-based
optimisation, and reinforcement-learning frameworks.

3.1 Bayesian optimization

Bayesian optimization (BO) is well suited to detector-design
problems in which the configuration

D=[C,,...,Cyl
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is parameterized by continuous variables and each evaluation of
the score function requires a computationally expensive simulation.
In such settings, BO offers a principled black-box strategy that
combines a probabilistic surrogate, typically a Gaussian process,
with an acquisition function that proposes new designs by balancing
exploration and exploitation. This enables global search while
keeping the number of simulator calls small and without relying on
gradient information.

The surrogate-driven nature of BO makes it highly sample-
efficient and particularly effective when the design landscape
is nonlinear, multimodal, or sensitive to physics thresholds. A
prominent demonstration is the optimization of the active muon
shield for the SHiP experiment, where BO was used to tune
magnet shapes, currents, and spacings under tight engineering
constraints. Coupled with fast field calculations and large-scale
cloud-based simulation, BO produced shield configurations
with substantially reduced downstream muon flux and realistic
geometries, outperforming manual tuning [8, 9]. Multi-objective
BO pipelines have likewise been incorporated into the ePIC
optimization framework for the Electron-Ion Collider, enabling
Pareto analyses across detector technologies and competing
design variants [10].

These advantages come with important limitations. Gaussian-
process surrogates become expensive and less accurate as
dimensionality increases, and the very sample efficiency that
gives BO its power also constrains the breadth of design-space
exploration. Consequently, BO is most effective for low-to
moderate-dimensional continuous parameterizations where global
structure matters but the design space does not require large-scale
combinatorial flexibility.

3.2 Gradient-based optimization

Gradient-based optimization seeks to update detector
parameters by following the gradient of a performance objective.
If a detector configuration D can be differentiated with respect to

its parameters, an update of the form
DD =D 4,V L8(DY)

mirrors standard gradient-descent procedures in machine learning
and, in principle, offers a sample-efficient way to navigate
continuous design spaces.

The first concrete attempt to apply this philosophy to detector
design was the Local Generative Surrogate Optimization (L-GSO)
method introduced by [11]. L-GSO proposed learning a local
generative surrogate of the simulator around the current design
point and then differentiating through this surrogate to update
the detector parameters. Although the method used a GAN, the
choice of generative model was not fundamental, any differentiable
surrogate capable of capturing the local expectation would have
sufficed. Recent work has demonstrated end-to-end gradient-based
optimization using diffusion-model surrogates for calorimeter
optimisation [12].

Building on this motivation, subsequent work has attempted
to make increasingly large portions of the simulation and
reconstruction analysis chain differentiable. Physics simulation
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includes discrete branching processes such as bremsstrahlung
and pair production; reconstruction algorithms rely heavily on
thresholding, clustering, and categorical decisions; and analyses
introduce further discontinuities. These features make end-to-end
differentiation extremely challenging. Efforts within the MODE
collaboration [13] pursue differentiable approximations using
hybrid Monte Carlo gradient estimators: pathwise derivatives
handle smooth parametric components, while score-function
terms are used for stochastic branching [14, 15]. In particular,
differentiable design techniques developed for muon-tomography
applications
surrogates augmented with pathwise derivatives allow gradient-

[16]. For example, fast electromagnetic-shower

based adjustments to sampling-calorimeter layouts [17]. However,
these gradients remain tied to reduced models and inherit their
limitations.

Despite these developments, substantial obstacles remain.
Surrogate-based gradients are only as reliable as the neighborhood
in which the surrogate is trained, and their accuracy deteriorates
rapidly as one moves away from that region. Differentiable
physics approximations often require simplifying assumptions that
compromise realism, and noisy or biased gradients can quickly
destabilize optimization. Moreover, detector-parameter spaces are
typically low dimensional and highly structured, yielding nonconvex
loss landscapes that lack the benign optimization properties often
seen in large neural networks [18-21].

3.3 Reinforcement learning

Reinforcement learning (RL) provides a framework for
optimizing sequential decisions when only a scalar reward signal is
available. An agent interacts with an environment, observes states,
takes actions, and ultimately receives a reward that reflects the
quality of the completed design (Figure 2). A central ingredient
in modern RL is temporal-difference (TD) learning, which allows
value estimates to be updated from partial trajectories rather than
waiting for full returns. This is especially important in settings where
each evaluation is expensive: TD learning can reuse intermediate
predictions to improve sample efficiency and reduce the number of
full simulations required.

These properties have made RL successful in several design
domains with combinatorial or constrained action spaces, including
molecular generation [23], chip placement [24, 25], and applications
in materials [26] and drug design [27]. In these settings, long
decision chains, sparse rewards, and high simulation costs make RL
particularly attractive.

In particle physics, RL has been explored for accelerator
control [28-30], online data-quality monitoring [31], and event-
level reconstruction and interpretation [32, 33]. For detector design,
RL is especially appealing because a detector can be constructed
sequentially: the state encodes a partial configuration, actions
modify or extend it, and the episode terminates once the full
design is specified. The reward is the score assigned by the
simulation-reconstruction-analysis pipeline. Because the reward
is terminal, TD learning plays a crucial role in propagating
information back through the design process, enabling the agent to
identify sequences of decisions that lead to strong performance.
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Agent-environment interaction in Reinforcement Learning, reproduced from [22].

RL naturally accommodates discrete, structural, and continuous
choices, making it well suited to the combinatorial nature of detector
design where the number, types, and arrangement of components
are not fixed in advance. It also places no differentiability
requirements on the simulator. Recent studies have shown that
RL can optimize longitudinal calorimeter segmentation and joint
tracking—calorimetry layouts in spectrometer-style geometries [22],
often discovering design families that would be difficult to reach with
local or gradient-based methods.

4 Discussion

Detector design lives under deep uncertainty, from incomplete
knowledge of the underlying physics (cross sections, pile-up,
underlying-event models) to manufacturing tolerances, alignment
and calibration drifts, and rare backgrounds that appear only
after long running periods. Historically, these effects are handled
by expert-driven stress tests: identify a few plausible worst-
case scenarios and verify that the baseline design can cope.
While invaluable, such workflows can miss hard-to-anticipate
combinations and do not use the optimisation loop itself to discover
which scenarios matter most. If one aims to exploit the full potential
of Al-assisted design, it is natural to elevate uncertainty to a
first-class design parameter. The goal is to find solutions whose
performance is strong on average and degrades gracefully under
model misspecification and operational shifts.

It is convenient to distinguish, following standard particle-
physics practice, between aleatoric variability that is well described
statistically (for example, stochastic detector response or shot noise)
and systematic shifts that reflect limited or biased knowledge (for
example, misalignments or out-of-distribution rare processes).

In optimisation terms, the first category can be treated as
expectations under a known or estimated distribution, whereas the
second calls for robust objectives that hedge against an ambiguity set
of distributions or scenarios.

Recent developments in RL (we follow standard notation; see
Sutton and Barto [34]) provide a natural place to incorporate both.
Stochasticity appears in the distribution of returns and can be
handled with distributional RL [35], while model misspecification
can be addressed with distributionally robust RL [36].

Frontiers in Physics

05

In RL language, the return is a random variable. Distributional
RL therefore models its full distribution Z_(s,a) rather than only its
mean Q_(s,a) = E[Z,(s,a)]. Here Z_(s,a) denotes the distribution of
the return under policy 7, while Q,(s,a) = E[Z,(s,a)] is its mean.
This enables optimising tail-sensitive criteria such as entropic risk
or conditional value at risk (CVaR), which explicitly target lower-
quantile performance.

More challenging are uncertainties arising from systematic
distributional shifts, where the nominal transition model may be
biased or incomplete. Optimal transport methods provide a natural
framework for this situation. In distributionally robust RL, given ¢ >
0, the allowed mismatch between the true and nominal dynamics,
one specifies an ambiguity set I/, of plausible transition kernels or
reward models, commonly taken as a Wasserstein ball around the
nominal dynamics [37]. Intuitively, I/, (s,a) collects all transition
models that differ from the nominal simulator Py(- | 5,a) by at most
&, measured using a geometry-aware notion of distance between
probability distributions.

For a nominal transition kernel Py(-|s,a), a typical choice is

U, (s,a) ={P(ls,a) WP (Is,a), Py(-ls,a)) <&},
where W, denotes the optimal-transport cost induced by the cost
function c. Then, the corresponding robust Bellman operator acts
on a value function V(s) and incorporates an adversarial inner
optimisation:

(Trp V) (s) = max _ min

(s,a

){T(S,[l) + y]Es’~P(-|s,a) [V(S,)]} >

producing policies that remain stable under model misspecification,
alternative physics tunes, or calibration envelopes. This update can
be interpreted as a two-player game in which the optimiser selects
the action a, while an adversary chooses, within {/,(s,a), the most
unfavourable plausible dynamics, leading to policies that are robust
to model misspecification.

Another aspect that will be important to consider will be the
fact that many performance metrics depend on the combination
of two or more detectors, for example, particle identification
that combines momentum from a spectrometer with specialised
particle identification detectors. Conceptually, RL can accommodate
this by expanding the state to include the configuration of all
relevant subsystems and allowing actions that modify any of
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them; however, the coupled nature of the reward makes scalable
optimisation nontrivial. Practical strategies include (i) an end-to-
end optimisation over the full layout and all subsystem parameters,
(ii) a two-stage procedure where a high-level search chooses the
layout/technology mix and a lower-level optimiser tunes subsystem
parameters, or (iii) multi-agent RL with subsystem-level policies
trained under a shared global reward. In all cases, the bottleneck
is maintaining a consistent multi-subdetector simulation so that
correlations relevant for the global performance are preserved.

Looking ahead, the full potential of Al-assisted detector design
will only be realised once realistic engineering constraints are
embedded directly into the optimisation loop. These ingredients
introduce sharp nonlinearities, discrete feasibility boundaries, and
complex dependencies that are difficult to treat with standard
black-box or gradient-based methods. RL is particularly well suited
to this regime because it handles sequential design decisions,
integrates constraint checks through the environment dynamics,
and remains effective even when the action space mixes continuous
and discrete choices. As these tools mature, the optimisation process
can move from tuning idealised detector concepts to exploring
realistic design families consistent with engineering practice and
long-term operability.

Detector design is becoming a powerful proving ground
for advanced optimisation and learning methods. The main
difficulties it presents, such as complex objectives, strict engineering
constraints, uncertainty and long decision chains, are shared with
many real-world applications, yet in particle physics they can be
explored in a more controlled setting thanks to reliable simulations
and well-understood physical models. The proposed FCC, with its
long design horizon and unprecedented complexity, would provide
an ideal environment to develop and test these approaches at scale.
In this perspective, the evolution of detector optimisation methods,
the emergence of RL approaches that handle distributional shifts
through optimal transport, and the design effort for future facilities
such as the FCC form a mutually reinforcing cycle, in which progress
in one area accelerates progress in the others.
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