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If you are reading this as a web page: have fun!
If you are reading this as a PDF: please visit

https://www.hep.uniovi.es/vischia/persistent/2025-07-01_DifferentiableProgrammingAtFrontiersComputationSeminarAtCP3UCLouvain_vischia.html

to get the version with working animations
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Complex accelerators Complex phenomena Complex experiments and
reconstruction

Complex experimental apparata
2020 European Strategy (EUSUPP): "New large, long-term projects, pushing technological skills to the limit"

―
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Complex accelerators Complex phenomena Complex experiments and
reconstruction

Complex experimental apparata
2020 European Strategy (EUSUPP): "New large, long-term projects, pushing technological skills to the limit"

Stochastic processes  intractable likelihood (matrix element, parton shower, detector simulation... result in latent variables)

Costly MonteCarlo simulators to generate : for each event, several thousands randomized choices―
Image from 10.1103/PhysRevSTAB.16.054801 and from the CMS Collaboration

→

x ∼ p(x∣θ)
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What do we do in HEP with accelerators

―
Illustration reedited from original by Gregor Kasieczka Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 3 / 58
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Where we can plug AI

―
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Typical likelihood fit nowadays: 
nuisance parameters

"Systematic uncertainties" (e.g. uncertainty in
calibrations...)

Profiling: eliminate dependence on  by

taking conditional MLEs

Bayesians marginalize Demortier, 2002

 distribution by toy data, or use Wilks theorem:  under some regularity

conditions

The Likelihood Ratio:

λ(μ) := ​

L( ​, )μ̂ θ̂

L(μ, )θ̂̂

O(1000)

θ

λ(μ) λ(μ) ∼ exp[ − ​χ ](1 +2
1 2 O( ​))

​N

1
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Our point null is really point null the Jeffreys-Lindley paradox

Data  (  data sampled from )

: . Prior:  (non-zero for point mass, Dirac's , counting measure)

: . Prior:  (usual Lebesgue measure)

Conditional on  being true:
-Prior probability density 
-If , then the sample mean 

Likelihood ratio of  to best fit for : ; 

 disfavours the null hypothesis for large significances (small p-values), independent of sample size

 includes  (Ockham Factor, penalizing  for imprecise determination of ), sample dependent!

For arbitrarily large  (small p-values),  disfavours , while there is always a  for which  favours  over 

―
Image from Cousins, 10.1007/s11229-014-0525-z

X N f(x∣θ)
H ​0 θ = θ ​0 π ​0 δ

H ​1 θ! = θ ​0 π ​ =1 1 − π ​0

H ​1 g(θ) f(x∣θ) ∼ Gaus(θ,σ )2 ∼X̄

Gaus(θ,σ ​ =tot σ/N)

H ​0 H ​1 λ = ​ =
L( )θ̂
L(θ ​)0 exp(−Z /2) ∝2

​B ​τ
σ ​tot

01 Z := ​σ ​tot

−θ ​θ̂ 0

λ

B ​01 σ ​/τtot H ​1 θ

Z λ H ​0 N B ​01 H ​0 H1
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Can we go beyond histograms?
Histograms are likelihood-free (count events, assume Poisson per bin, global likelihood as product)

Can we optimize inference procedures through intractable problems?

―
Figures from JHEP 11 (2018) 185 Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 7 / 58
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Typical analysis pipeline from the point of view of experiment design

―
Formulas from our white paper Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 8 / 58
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Traditional experiment/detector design
Manual or sampled design process is inefficient and sometimes even unfeasible

―
Diagram by Lisa Kusch Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 9 / 58



AI-assisted experiment/detector design
Optimize a cost function's multidimensional landscape via gradient or reinforcement learning methods

―
Diagram by Lisa Kusch Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 10 / 58



Santiago Ramón y Cajal First become a camorrista and a bodybuilder...

"El prurito de lucir el esfuerzo de mi brazo me arrastró más de una vez, contra mi temperamento nativamente bonachón, a parecer camorrista y hasta agresivo." 1

―
1: Santiago Ramón y Cajal, "Recuerdos de mi vida", Capítulo XXI. Image from La Razon Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 11 / 58
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Santiago Ramón y Cajal ... then get the Nobel Prize (1906, in Physiology or Medicine)

"El prurito de lucir el esfuerzo de mi brazo me arrastró más de una vez, contra mi temperamento nativamente bonachón, a parecer camorrista y hasta agresivo."1

―
1: Santiago Ramón y Cajal, "Recuerdos de mi vida", Capítulo XXI. Images from La Razon and The Nobel Prize Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 11 / 58
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From Neurons to Perceptrons

―
Image from https://appliedgo.net/perceptron/

​ ​ ​

I(t) =

+

+
+

C ​

dt

dV

G ​m h(V − V ​)Na
3

Na

G ​n (V − V ​)K
4

K

G ​(V − V ​)L L

y = f(b ​ +i w ​x ​)∑ i i
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Efficient matrix multiplication in
dedicated hardware (GPUs, FPGAs)

Bad with sparsity

Empirical Risk Minimization Vapnik, '90s

―
Images by Güneş Baydin et al, JMLR 18 (2018) 1--43, and Gilles Louppe

J(W) = ​ ​L(f(x ;W), y ), W =
n

1

i=1

∑
n

(i) ∗(i) 0 argmin ​J(W), W ←W W + η ​

∂W
∂J(W)
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Derive
Manual

Error prone, unfeasible

Symbolic

Expression swell, despite
improvements

Numerical

Truncation and rounding

Automatic
differentiation

Algorithmic
differentiation

AD

Autodiff

Algodiff

Autograd

―
Image from Güneş Baydin et al, JMLR 18 (2018) 1--43 Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 14 / 58
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Autodiff powers most of
modern ML

By design, simple in software

import torch, math
x0 = torch.tensor(1., requires_grad=True)
x1 = torch.tensor(2., requires_grad=True)
p = 2*x0 + x0*torch.sin(x1) + x1**3
print(p)
p.backward()
print(x0.grad, x1.grad)

yielding

Primal: tensor(10.9093, grad_fn=<AddBackward0>)
Adjoint: tensor(2.9093) tensor(11.5839)

Computational cost of calculating  in  for
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―
Image by P. Vischia, book in preparation

J ​(x)f R ×n Rm
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​ =ȳ 1
​∂y

∂v
(1, 2)

v ​ =0 x ​0

v ​ =1 x ​1

1
2

​ =x̄0 ​v̄0
​ =x̄1 ​v̄1

2.9093
11.5839

v ​ =2 2v ​0

v ​ =3 sin(v ​)1

v ​ =4 v ​v ​0 3

v ​ =5 v ​1
3

v ​ =6 v ​ +2 v ​ +4

v ​5

2
0.9093
0.9093

8
10.9093

​ =v̄0 ​ +v̄0 ​∂v ​/∂v ​v̄2 2 0

​ =v̄0 ​∂v ​/∂v ​v̄4 4 0

​ =v̄1 ​ +v̄1 ​∂v ​/∂v ​v̄3 3 1

​ =v̄1 ​∂v ​/∂v ​v̄5 5 1

​ =v̄2 ​∂v ​/∂v ​v̄6 6 2

​ =v̄3 ​∂v ​/∂v ​v̄4 4 3

​ =v̄4 ​∂v ​/∂v ​v̄6 6 4

​ =v̄5 ​∂v ​/∂v ​v̄6 6 5

​ +v̄0 ​ ×v̄2 2 = 2.9093
​ ×v̄4 v ​ =3 0.9093

​ +v̄1 ​ ×v̄3 cos(v ​) =1

11.5839
​ ×v̄5 3v ​ =1

2 12
​ ×v̄6 1 = 1

​ ×v̄4 v ​ =0 1
​ ×v̄6 1 = 1
​ ×v̄6 1 = 1

y = v ​6 10.9093 ​ =v̄6 ​ȳ 1
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Clang/LLVM plugin run at compilation time

Produces C++ code (readable, explainable)

Huge gains in ATLAS and CMS open data benchmarks

Faster gradient

Numerically stable gradient

Readable and shareable

Replace numerical minimization (e.g. Minuit in RooFit)

―
Plot by Vassil Vassilev at Fourth MODE Workshop Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 16 / 58
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Differentiable Programming (2018) Execute differentiable functions
(programs)

via automatic differentiation

―
Screenshot of Yann LeCun's facebook post Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 17 / 58

https://www.facebook.com/yann.lecun/posts/10155003011462143


The usual suspect, in 1990

―
Photo from Juergen Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 18 / 58

https://www.brainpreservation.org/team/juergen-schmidhuber/
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Lot of efforts in recent years! In the following, I will describe some
recent developments and then focus on
work with my students and collaborators

INFERNO
(10.1016/j.cpc.2019.06.007)

neos (10.1088/1742-
6596/2438/1/012105)

Local generative surrogates
(2002.04632)

Cheetah (2401.05815)

CP-optimal observables
(2405.13524, Cruz et al.
(P.V.))

SWGO optimization
(2310.01857)

MadJax (10.1088/1742-
6596/2438/1/012137)

Differentiable showers in
GEANT4 (2405.07944)
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Enforce equivariance in the output of a neural network

After training score is CP-odd (even) for CP-odd (even) processes

Any SM-like mismodelling/background will be symmetric by
construction!

Constructive/destructive interference pattern for
positive/negative values

Equivariance as inductive bias speeds up convergence

Between 40% and 300% less iterations needed to achieve the
same loss value!!!

Equivariance respected at all stages of training

The observable is robust even before training convergence

Inductive bias for CP S. Sanchez, M. Kolosova, C. Ramón, P.V. Phys. Rev. D 110, 096023

―
From , Phys. Rev. D 110, 096023 (2024) Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 20 / 58
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Short-term solution: differentiable surrogate models
Subset of relatively simple class of functions (but they must be able to reproduce  well)

Learn by training (hic sunt leones), (but )

Automatically get AD out of the box even if original  is not differentiable

Evaluation of surrogate (for optimization) much faster than evaluation of 

―
Image from Shirobokov,..., Kagan, ... et al.

F (⋅)

N(eval F ) ≥ O(dim(θ))

F (⋅)

F (⋅)
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Multi-channel integration speed up in
MadGraph(MadNIS)

MadJax (2203.00057)
(differentiable matrix element computation)

Detector simulation: GATE/GEANT4 numerically
differentiable (in small ranges) (2202.05551)

Differentiable electromagnetic showers for GEANT4
(2405.07944)

Derivgrind: insert AD logic into the program (a sort of debugger):
cannot support tricky cases

CoDiPack: operator overloading (e.g. replace double type): can
run out of memory when storing the real-arithmetic evaluation
graph (tape)

Clad: compiler-based source transformation tools: could use
smaller tapes, more advanced optimization

Long-term solution: make everything differentiable

― Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 22 / 58
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Measurement-aware detector opt.!
Joint optimization of design parameters w.r.t. inference made with data

MODE White Paper, 10.1016/j.revip.2023.100085 (2203.13818), 117-page document, physicists + computer scientists

―
Formulas from our white paper, diagram by Lisa Kusch Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 23 / 58
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Feasibility within constraints

Costs can be monetary but also any case-specific technical constraint

Local, specific to the technology used (e.g. active components material)

Global, describing overall detector conception (e.g. number, size, position of detector modules)

Fixed costs can be added separately to the loss function

―
From our white paper and internal TomOpt presentation Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 24 / 58
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Assist the physicist with a landscape of solutions
Results are as good as your parameterization: cannot parameterize everything!

"The optimal solution" is unrealistic: provide feasible solutions near optimality

The physicist will fine tune

―
Image from Li et al (taken as pictorial representation out of its original context) Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 25 / 58

https://arxiv.org/abs/1712.09913


Method of choice depends on scale

1. Grid/random search

2. Bayesian opt, simulated annealing, genetic algos, ...

3. Gradient-based optimization (Newton, BFGS, gradient descent, ...)
Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 26 / 58



Muon tomography
Muons from high-energy primary cosmic rays that impact with the atmosphere

Infer properties (e.g. 3D map of elemental composition ) of unknown volume: stochasticity!

Tomography by absorption (measure missing flux, e.g. pyramids, volcanes) or scattering (measure deflection, e.g. containers, furnaces, statues)

―
Images from uncw.edu, Guan et al. (2015), and the TomOpt project

X ​0
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Optimize a parametric design under constraints

―
Figure from the TomOpt project and 10.1088/2632-2153/ad52e7 Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 28 / 58

https://doi.org/10.1088/2632-2153/ad52e7


Differential optimization of muon-
tomography detectors

Modular design in python, autodiff via
PyTorch

Inference chain as differentiable pipeline

Can compute 

Task as loss function

Including target (e.g. prediction uncertainty),
costs, constraints

Backpropagate and optimize as usual

Gradient descent

TomOpt G. Strong et al. (P.V.) Mach. Learn.: Sci. Technol. 5 035002

―
Figure from the TomOpt project

p(Δoutput∣Δdetector parameters)
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Make things differentiable G. Strong et al. (P.V.) Mach. Learn.: Sci. Technol. 5 035002

Panels made differentiable only during training

Associate to a muon hit a distribution based on resolution and efficiency

―
Figures from 10.1088/2632-2153/ad52e7 Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 30 / 58
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Heavy-Metal Benchmark G. Strong et al. (P.V.) Mach. Learn.: Sci. Technol. 5 035002

―
Figure from 10.1088/2632-2153/ad52e7, Boris Bukovsky, viaPixabay Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 31 / 58
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Heavy-Metal Benchmark G. Strong et al. (P.V.) Mach. Learn.: Sci. Technol. 5 035002
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Optimized design G. Strong et al. (P.V.) Mach. Learn.: Sci. Technol. 5 035002

0:00
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(Blue: true steel level. Red: prediction. Green: bias-corrected
prediction)

Optimized design is more performant Mach. Learn.: Sci. Technol. 5 035002

―
Figure from 10.1088/2632-2153/ad52e7 Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 33 / 58
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Scan a lorry: significant code restructuring to account for hodoscope structure

Accepted by the MARESEC conference for paper publication

Zaher, Lagrange, Àlvarez Lueje et al. (P.V.), 2024 (BSc thesis of Samuel Àlvarez Lueje)

Extension: hodoscopes Z. Zaher et al. (P.V.) Particles 2025 8(2) 53

Setup from European plan for border control: hodoscope structure already decided, only placement can be changed
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Neutron Tomography M. Pereira Martínez, X. Cid Vidal, P.V. Particles 2025 8(1) 26

GEANT4 model of a  O-PPAC (Parallel-Plate Avalanche Counter with Optical Readout) from Neutron Insights

Parallel electrodes with  gap filled with low-pressure scintillating gas mixture (CF4) with high electroluminescent light yield

Readout via array of small silicon photomultipliers SiPMs

Parametric neural network surrogate of the GEANT4 simulation

: higher pressure  higher electroluminescence yield (up to a threshold), but larger voltage (energy expenditure)

: collimator length: tradeoff between accurate light localization (high ) and higher photon statistics (low )

―
Images from 10.1088/1748-0221/13/10/P10006

10 × 10cm2

3mm

p →

L L L
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Neutron Tomography M. Pereira Martínez, X. Cid Vidal, P.V. Particles 2025 8(1) 26

Results for  give the same result as traditional studies from 10.1088/1748-0221/13/10/P10006

Remarkably stable regardless of initial configuration

MSc thesis of María Pereira Martínez, doctorate ongoing

L
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Neutron Tomography M. Pereira Martínez, X. Cid Vidal, P.V. Particles 2025 8(1) 26

Results for  give the same result as traditional studies from 10.1088/1748-0221/13/10/P10006

Remarkably stable regardless of initial configuration

MSc thesis of María Pereira Martínez, doctorate ongoing

L
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AIDO: Diffusion model replaces the full simulation and reconstruction chain

This work: focus on sampling calorimeter

General approach extendable to full detector

Learn directly output of reconstruction step

Surrogate via parallelized GEANT4 simulations

Constrained optimization: 200cm length, 200k EUR budget

Better materials (lead for absorber,  for scintillator) cost more

E2E detector optimization K. Schmidt et al. (P.V.) Particles 2025 8(2) 47

PbWO ​4
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Component of Large Physics Models? K. G. Barman et al. (P.V.) 2501.05382

Tailored model for detector optimization may inform future conversational AI physics model
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2006: genetic algorithms 2024: SWGO tanks placement optimization

Thrive in asymmetries or lack thereof



―
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Experimental design: present and future
Gradient descent applied to experiment design works!!!

Discreteness and stochasticity mostly solvable or avoidable

Can we make it scale?
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From perceptrons and matrices... to spiking neurons modulating spatiotemporal patterns

Paradigm shift

―
Figures by Gilles Louppe and bioserver Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 42 / 58
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Realistic models for biological neurons
Spherical neuron with four channels (different thresholds and time constants) for Gymnotus Omarorum

Vischia, Caputi 2023: computational model compared with data from " " (J Exp Biol (2006) 209 (6): 1122–1134.)

―
P. Vischia, A. Caputi, 10.5281/zenodo.8394819, paper in preparation

[4]
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Event-driven computation
Event-driven computations

"when a spike occurs, compute something": realtime operations by reducing bus width ( ) in CMOS or memristors

Work in progress on various applications

Q-Pix (see talk by Shion Kubota) uses same natural representation: maybe synergies?

―
Figures by Fredrik Sandin

N ​ →axons log ​N ​2 axons
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Surrogate gradient to mimick the usual gradient descent

Use automatic differentiation for training!

Artificial Spiking Networks
Neuronal model vastly simplified: (Leaky) Integrate-and-fire Model. Other training schemes are available (not illustrated here)

―
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Energy-efficient architectures Sparser inputs  less time and energy

Event-driven computation

Efficient, threshold-based encoding

GPU (RTX3090): 40 GW simulation on discrete states

Human brain equivalent: 20 W on dynamic states

Energy consumption drastically limited in sparse settings

Neuromorphic hardware has maximal energy efficiency

Memristors are optimal, otherwise CMOS/ASIC

FPGA implementations also available (e.g. 2502.20415,
2411.01628, 2307.03910, 2305.11252

―
Figure from 10.1038/s41586-021-04362-w and 2307.03910

→
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What is a calorimeter?

―
Images by the CMS Collaboration Pietro Vischia - AI-Optimized Design of Experiments at the Frontiers of Computation - Seminar at CP3 - 2025.07.01 --- 47 / 58



Scintillating material (e.g. polystirene, )

producing light

Readout (e.g. silicon photomultipliers)

Absorber material (Iron, Lead)

Size of the scintillating elements drives resolution

Increasing the granularity is costly

E.g. CMS spent 67M CHF to upgrade in 2026-2030 the endcap
calorimeter

High Granularity Calorimeter (HGCal):  million Si channels,
250000 scintillator tiles readout by SiPMs,

First imaging calorimeter at a high-PU hadron collider

Precision particle flow reconstruction (sensitivity to VBF and VBS
improves, more precise jet substructure studies)

Timing extends reach for long-lived particles

What is a calorimeter?

―
Illustration from shalomeo.com and from the CMS HGCAL Team―

PbWO ​4
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Hadron Calorimeter readout via light-sensitive nanowires

Fast, energy-efficient local computation

Generate informative high-level primitives

GEANT4 simulation of 100-GeV / /

Simulated calorimeter: 1000 cubelets, 1M nanowire cells

: lateral/longitudinal containment of

100% (87%)

Record every 0.2ns for 20ns (90% of the shower is deposited)

Time evolution accessible via spiking networks

Bypass the need for high-granularity calorimeters

Neuromorphic Readout for HCals E. Lupi et al. (P.V.) Particles 2025 8(2) 52

p K π

300 × 300 × 1200mm3
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Encoding sensor data E. Lupi et al. (P.V.) Particles 2025 8(2) 52

Each sensor feeds four channels to a spiking network  have to convert incoming data into a spike train

For each time step , each channel can either be activated (carry a spike) or inactivated

Define threshold on incoming light that activates the channel

Each channel has a different activation threshold  spikes carry both timing and intensity information

For the -th channel and -th timestep is the following:

→

t

→

i t

S [t] =i
​ ​{1

0
if N ​[t] ≥ 10ph

i+2

otherwise
i = 1, 2, 3
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Membrane potential: higher precision, higher latency and
computational complexity

Output spikes: requires careful information encoding/decoding
schemes (e.g. rate- or latency-based), but better performance

Decoding scheme E. Lupi et al. (P.V.) Particles 2025 8(2) 52

Decode spike train via fully connected SNN out of LIF neurons

LIF neurons with learnable  and , and  function as surrogate gradient.

Last layer of SNNs natural choice as a regressor (either outpus spikes or membrane potential)

U ​thr β arctan

=X̂ ​ ​ U [T ]
N ​pop

1

i=1

∑
N ​pop

(i) =X̂ ​ ​ ​ U [t]
N ​pop

1

i=1

∑
Npop

t=1

∑
T

(i)
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Architecture optimized via Bayesian optimization, separately for each multi-target regression

Prior> gaussian surrogate model of the objective function

New observations generated maximizing Expected Improvement  used to update the prior in the function space

Sampling directed towards the maximum of the surrogate model (Conditioning on sampling towards maxima.

Access to full posterior of the performance  over the parameters

Regress log(E/MeV) and centroid Regress log(E/MeV) and dispersion

Network optimization E. Lupi et al. (P.V.) Particles 2025 8(2) 52

→

P

P = ​ ​

N ​targets

1

i

∑
N ​targets

ϵ ​i

1
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Single- and multi-target regression
give consistent results

Centroid of energy distribution
determined to less-than-one-cell
accuracy

Large energy range results in
nonoptimal error

 dispersion more precise than 

and 

Regression E. Lupi et al. (P.V.) Particles 2025 8(2) 52

z x

y
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Most NC systems operate at 200
MHz (5ns cycle)

Required sub-ns (0.2ns) sampling
implies challenges

III-V semiconductor nanowire:
detect and emit light, work as
electronics

Spiking photonic neurons in the
picoseconds

InP can detect light in the 450-550 nm
bandwidth of 

Large energy range results in
nonoptimal error

 dispersion more precise than 

and 

Nanophotonics implementation E. Lupi et al. (P.V.) Particles 2025 8(2) 52

PbWO ​4

z x

y
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Why is segmentation useful? A. De Vita et al. (P.V.) Particles 2025, 8(2), 58

High granularity opens the possibility of separating / /

Can define binary decisions with 60%  accuracy at 100% efficiency

Neuromorphic implementation

can do this within the chips themselves!!!

can do that without increasing granularity of the calorimeter!!! (only the readout)

p K pi

O( )
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Quantum
representation can
have advantages

Lower dimensional, and
achieving high
efficiency with small
datasets

BSc thesis of Manuel
Uría García (paper in
preparation M.U.G. and
José M. Uría (UriaXait
SL)

Natural representation of neural networks by qubit
operations

Gradient descent exploits intrinsic analytic
differentiability of quantum circuits

Differentiable quantum optimization

―
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Need for new paradigma
If you are interested in Neuromorphic computing or Quantum computing, drop me a line!

―
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The MODE Collaboration
https://mode-collaboration.github.io/

Machine-Learning Optimized Design of Experiments

52 members, 30 institutions, 13 countries (if you are
interested, join us!!!)

Co-founded in 2020, coordinator since 11-2024

The Eu Coalition for AI
https://eucaif.org

European initiative for advancing the use of AI in
Fundamental Physics

Community for developing and promoting AI methods for Physics

Bring to AI community advances in AI from physics (see e.g. 2024
Nobel prize to Hopfield and Hinton)

Had already two conferences (2024, 2025

Work Package 2: Experiment Design (leaders: T. Dorigo and P.
Vischia)
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Thank you! Questions now or at the barbecue on Thursday!
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Backup
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From POCA to extended POCA
POCA (POint of Closest Approach) assumes one scattering in one point  bias

invert model to compute , then average  per voxel

Extend to nearby bins within uncertainty

Extrapolated from track uncertainty from analytical fit

Assume one scattering  bias!

―
Figure from 10.1088/2632-2153/ad52e7

→
X ​0 X ​0

→
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