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Complex Experiments
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Complex Data




Likelihood and information

e Datasample X ps

L(X;0)

= P(X10)|x

obs

e The Likelihood Principle: The likelihood function L(Z; 6) contains all the
information available in the data sample relevant for the estimation of 6

o ¥ Bayesian statistics

o X Frequentist statistics

1(6) = —B| ( fplnL(X; e))zwm}
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Typical analysis pipeline

z ~ f(z)
Multidimensional

stochastic variable
(often latent variables)

z~p (z |ZL‘ ’ 9)
Sensor readouts

\

\

Y
¢(9) = R[2,6,v(0)]
- =) 8 = A[C(G)]

Low-dim summary
for inference

High-level features
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https://arxiv.org/abs/2203.13818

We like low-dim summaries
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https://doi.org/10.1007/JHEP11%282018%29185

Brain activity...

INPUT ) BRAIN = OUTPUT
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https://www.zomato.com/blog/elements-of-scalable-machine-learning

...approximated...

INPUT ® BRAIN — OQUTPUT
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https://www.zomato.com/blog/elements-of-scalable-machine-learning
https://pixabay.com/vectors/bloc-notes-pencil-rings-1300653/

...using computers

INPUT ) BRAIN = OUTPUT
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https://www.zomato.com/blog/elements-of-scalable-machine-learning
https://www.twinkl.com.pa/teaching-wiki/computer

Santiago Ramon y Cajal

Images from menshealth and The Nobel Prize


https://www.menshealth.com/es/fitness/a35188446/ramon-y-cajal-ciencia-culturismo-fitness/
https://nobelprizemuseum.se/en/synapses-science-and-art-in-spain-from-ramon-y-cajal-to-the-21st-century/

Santiago Ramon y Cajal
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Images from


https://www.menshealth.com/es/fitness/a35188446/ramon-y-cajal-ciencia-culturismo-fitness/
https://nobelprizemuseum.se/en/synapses-science-and-art-in-spain-from-ramon-y-cajal-to-the-21st-century/
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https://appliedgo.net/perceptron/

Computationally heavy
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https://giphy.com/gifs/reaction-9o9dh1JRGThC1qxGTJ

Simplified Neurons

Bulletin of Mathematical Biology Vol. 52, No. 1/2, pp. 99-115, 1990. 0092-8240/90$3.00+ 0.00
Printed in Great Britain. Pergamon Press plc
Society for Mathematical Biology

A LOGICAL CALCULUS OF THE IDEAS IMMANENT IN
NERVOUS ACTIVITY*

B WARREN S. MCCULLOCH AND WALTER PITTS
University of Tllinois, College of Medicine,
Department of Psychiatry at the Illinois Neuropsychiatric Institute,
University of Chicago, Chicago, U.S.A.

Because of the “all-or-none” character of nervous activity, neural events and the relations among
them can be treated by means of propositional logic. It is found that the behavior of every net can
be described in these terms, with the addition of more complicated logical means for nets
containing circles; and that for any logical expression satisfying certain conditions, one can find a
net behaving in the fashion it describes. It is shown that many particular choices among possible
neurophysiological assumptions are equivalent, in the sense that for every net behaving under
one assumption, there exists another net which behaves under the other and gives the same
results, although perhaps not in the same time. Various applications of the calculus are
discussed.
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Artificial Neural Networks
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Learn in different ways

Machine Learning

Supervised Learning Unsupervised Learning Reinforcement Learning

Image by Renu Khandelwal Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 18 / 83


https://arshren.medium.com/supervised-unsupervised-and-reinforcement-learning-245b59709f68

Gradient Descent

e Optimize/learn by finding the minimum of a function £ : R — R

e Nonconvex problems: saddle points, manifolds of minima

e Empirical risk minimization
L(f) = 5 i [ f@e) = f*(:)P

e Generalization

(for learning problems)

[ o
\ 4 n

'S &/

Complete
Statistical
Theory of Learning

Vapnik's image from youtube, Gradient descent animation by Alec Radford


https://www.youtube.com/watch?app=desktop&v=Ow25mjFjSmg

Backpropagation

1 n
JW) == L(f(z;W),y"D), W =argminyJ(W)

n

il
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(a) Forward pass >
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€ - (b) Backward pass
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https://jmlr.org/papers/v18/17-468.html

Derive

Image from Guines Baydin et al, JMLR 18 (2018) 1--43

h==z
Ii!.’|+1 = “”11(1 - Iin)

flz) =l = 64(1—x)(1 —22)*(1 — 8z +8z?)*?

Mannal
Differentiation

f(x):
V=X
fori=1to 3
v=4=vx(1l-v)
return v

or, in closed-form,

fx):
return 64%x* (1-x)*((1-2%x)"2)

* (1-8kx+Bkx*x) "2

f(z) = 1282(1 — =)(—8 + 16z)(1 — 2z)*(1 -
8z +8z?) +64(1—z)(1—2z)%(1— 8z +8z%)2 —
64z(1 —22)%(1 — 8z + 82%)* — 256z(1 — z)(1 —
2z)(1 — 8z + 8z2)?

h 4

Symbolic
Differentiation
of the Closed-form

Automatic
Differentiation

A 4

Numerical
Differentiation

£ (x):
(v,dv) = (x,1)
fori=1to 3
(v,dv) = (d*v*(1-v), d*dv-8*v*dv)
return (v,dv)

7 (%) _.f”[ Tp)

Exact
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(e
return 128k (1 - x)* (-8 + 16%x)

*#((1 - 2%x) "2) *(1 — 8*x + B*x*x)
+64%(1 - x)*((1 - 2*x)"2) *((1

- B*x + Bxx*xx)"2) - (64*x*(1 -
2xx) "2)* (1 — S*x + Skx*x) "2 -
256%x*(1 — x)* (1 - 2%x) *(1 - 8%x

+ 8*x*x) "2
7 (xp) f'(xa)
Exact
N
£2(x):
h =0.000001
return (f(x +h) - f(x)) / h
£ (%) = f'(zq)
Approximate
L]



https://jmlr.org/papers/v18/17-468.html

Automatic differentiation

has many names

e Automatic differentiation

Algorithmic differentiation
o AD
Autodiff

Algodiff

Autograd
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Automatic differentiation

3

z(x,y) =2x+xsin(y) +y

VE - ’ ‘
— =Vg |
Vat+Vaq+Vsg y 8

Forward mode Reverse mode
e Totheextreme, f : R — R™ e Totheextreme, f : R” — R

o Evaluates(%,...,%) e Evaluate Vf(x)(4L, ..., 2L)

G O

e Computational cost of calculating J ¢(x) for f : R — R™ inR™ x R™

O(n time(f)) O(m time(f))
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Forward and reverse (==backprop) modes

Primal: independent to dependent

Adjoint (derivatives): dependent to independent

y(x) = 2z9 + zo sin(z1) + =3

Fwd
Primal
Trace
Atomic
operation

Vo = Xy
V1 = 21
Vg = 2’0()
V3 =
sin(vy)
Vg =
VU3

U5 = U:f’
Vg =

v2 +

V4 + Uy

Y= e

Fwd Tangent
Trace (set x( =
Valuein 1 tocompute Valuein
Jy
(1> 2) 3_300) (1a 2)
Atomic
operation
1 U9 = Lo 1
2 U1 = X1 0
2x1
o 0 x
vz = 2 —0.41
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0.9093 Vy : Vgv3 + 0.9093 -+
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. o 9 1x0
8 U5 = 3U107
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1_)26?)2/8’1)0
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1_}46’04/8’00
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17382)3/8’01
V1 =
U50v5 /Ovy
Vg =
Vg Ovg /Oy
V3 =
1_)48’04/81)3
Vg =
1_)681)6/8’04
U5 =

V606 / Ovs

2
0.9093
0.9093

8

10.9093

Value in

(1,2)

2.9093
11.5839

Vo + V2 X
2 =
2.9093
Vg X V3 =
0.9093
U1 + U3 X
cos(v1) =
11.5839
Uy X
3v? =12
g X 1=
1
Vg X Vg =
1
vg X 1 =
1
g X 1 =
1

Y =Puigro ViscH 0. 9093 ted %ig_ﬁa”gthe Frontiers of Comput]ltion -2024.03.21
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Designed to be simple in software

import torch, math

x0 = torch.tensor(l., requires grad=True)

x1 = torch.tensor (2., requires grad=True)

p = 2*x0 + x0*torch.sin (x1)

print (p)
p.backward()
print (x0.grad, xl.grad)

Primal: tensor (10.9093,
Adjoint: tensor (2.9093)

+ x1**3

yielding

grad fn=<AddBackward0>)
tensor (11.5839)

e Torch (and similar software) will correctly differentiate only when the atomic

operations are supported within it

o Common operations are overloaded ( mul _rewrittenby torch. mult )

o Operations from libraries (math.sin () ) must be replaced by their differentiation-aware

equivalents (torch.sin ())
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Maps as a Tool of Understanding

Tabula Rogeriana by Al Idrisi (1154) 1929 reproduction Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 26 / 83


https://en.wikipedia.org/wiki/Tabula_Rogeriana#/media/File:Tabula_Rogeriana_1929_copy_by_Konrad_Miller.jpg

"Representation” simplifies tasks

Default Representation
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"Good" Semantic Representation

Animation and picture from FastForward Labs


https://blog.fastforwardlabs.com/2020/11/15/representation-learning-101-for-software-engineers.html

Impressive results

Videos from YouTube, autonomous driving


https://www.youtube.com/watch?v=MqUbdd7ae54

Impressive results

e Busco colaboraciones para aplicaciones médicas de inteligencia artificial

Video de YouTube, cancer research


https://www.youtube.com/watch?v=mq_g7xezRW8

Differentiable Programming

Execute differentiable functions (programs) via automatic differentiation

Yann LeCun @
January 5, 2018 -

OK, Deep Learning has outlived its usefulness as a buzz-phrase.
Deep Learning est mort. Vive Differentiable Programming!

Yeah, Differentiable Programming is little more than a rebranding of the modern collection Deep Learning
techniques, the same way Deep Learning was a rebranding of the modern incarnations of neural nets with
more than two layers.

But the important point is that people are now building a new kind of software by assembling networks of
parameterized functional blocks and by training them from examples using some form of gradient-based
optimization.

An increasingly large number of people are defining the networks procedurally in a data-dependent way
(with loops and conditionals), allowing them to change dynamically as a function of the input data fed to
them. It's really very much like a regular progam, except it's parameterized, automatically differentiated, and
trainable/optimizable. Dynamic networks have become increasingly popular (particularly for NLP), thanks to
deep learning frameworks that can handle them such as PyTorch and Chainer (note: our old deep learning
framework Lush could handle a particular kind of dynamic nets called Graph Transformer Networks, back in
1994. It was needed for text recognition).

People are now actively working on compilers for imperative differentiable programming languages. This is
a very exciting avenue for the development of learning-based Al.

Important note: this won't be sufficient to take us to "true" Al. Other concepts will be needed for that, such
as what | used to call predictive learning and now decided to call Imputative Learning. More on this later....

O 1.8K 186 Comments 464 Shares
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https://www.facebook.com/yann.lecun/posts/10155003011462143

Go to INFERNO: syst-aware

Inference opt.

compute via automatic differentiation
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https://doi.org/10.1016/j.cpc.2019.06.007

Measurement-aware analysis opt.
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https://arxiv.org/abs/2203.05570

Measurement-aware detector opt.!

e Joint optimization of design parameters w.r.t. inference made with data

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

iade it L = L(physics output)

Multidimensional
stochastic variable
(often latent variables) \ + A (E(COSt))

z~p (z |:12 ) 9)
Sensor readouts

\
\
Y

¢(6) = Rl[z,6,v(0)]

s = A[C(0)]

Low-dim summary
for inference

High-level features ™ ™= wm

Formulas from our white paper Pietro Vischia - Al-assisted design at the FrontierSof-Computation - 2024.03.21 --- 33/ 83


https://doi.org/10.1016/j.revip.2023.100085
https://arxiv.org/abs/2203.13818
https://arxiv.org/abs/2203.13818

Guarantee feasibility within
constraints

e Monetary cost

e Case-specific technical constraints

s — 0(9, Cb)

e 0:local, specific to the technology used (e.g. active components material)

o qb: global, describing overall detector conception (e.g. number, size, position of
detector modules)

e Fixed costs can be added separately to the loss function

Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 34 /83



In general

Cost of the layout with
Depends on z and nuisances parameters theta

A \ ——
6 =arg mz’nQ/ [A(C),

c(6)lp(z[z, 0)f (x)dzdz ,
Weight desirable goals while obeying cost constraints

Closed form

1\

From our white paper and internal TomOpt presentation Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 ---

35/83


https://arxiv.org/abs/2203.13818

Thrive in asymmetries

Photo from doi:10.2514/6.2006-7242 Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 36 / 83


http://dx.doi.org/10.2514/6.2006-7242

Large gains to be had

e MUonE: proposed 150 GeV muon beam experiment to be built at CERN
o Measure precisely the q2 differential cross section in electron-muon scattering

o 40 tracking stations and a calorimeter

e Dramaticimprovement in the resolution on q2 even from a simple grid search

0.03 =
2
a(q°)
0.025 = Original MUonE design _—
L qz
0.02 —
0.015 .
0.01f—
-  Optimized design (smart
0005 = parameterization, grid
-  search...)
0 T L L l L L L I L L L I L L L I L L L I L L L l L L L l
0.02 0.04 0.06 0.08 0.1 0.12 0.14

i q2

Image from Physics Open, 4:100022, 2020 and MODE White Paper Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 37/ 83


https://doi.org/10.1016/j.physo.2020.100022
https://arxiv.org/abs/2203.13818

Assist the physicist with a
landscape of solutions

e Cannot parameterize
everything

e The optimal solution:
unrealistic

e Provide feasible solutions
near optimality

e The physicist will fine tune

Illustration (c) P. Vischia, book in preparation Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 38 / 83



How far from optimality?

e Canwe define in a general way an acceptable increase in loss?

o Tradeoff performance/cost

e For sure we canregularize the loss landscape to select our scale of interest

Image from Li et al (taken as pictorial representation out of its original context) Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 39 / 83


https://arxiv.org/abs/1712.09913

Method of choice depends on scale

~LHC
~Tomography
Time 2
per (Not to scale)
sample
P Ik 3
Parameters

Giles Strong at QCHS 2022

1. Grid/random search
2. Bayesian opt, simulated annealing, genetic algos, ...

3. Gradient-based optimization (Newton, BFGS, gradient descent, ...)

Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 ---40/83



Cosmic rays from supernovae

e High-energy primary cosmic rays produced by supernovae

Image from


https://uncw.edu/phy/documents/cosmicraymuons.pdf

Primary cosmic rays
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Muons from cosmic rays

e Cosmic ray muons produced when primary cosmic rays impact with earth's
atmosphere

e 1990, Gaisser formula for flux at
Sea Ievel Mvuon produdlon 'Cﬂ.l'r" P"“;u:;-.HK e

z euee
—2.T h rajectory
e oa(5) [ s ;
dEy GeV 1+ i].S“Gc:'I.Er' 1+ 850 J::‘c:: N
. . Earth
e Valid only if: o
o Earth curvature negligible (6 <
70 deg)
o Muon decay negligible (EN - Fig. 1. The relation of the observed zenith angle
0 of muons, 6", to the zenith angle at the muon
100/ cost GeV) production point in the atmosphere, 8. R is the

radius of the Earth. Adopted from } @]

Image from 1509.06176 Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 43 / 83


https://ui.adsabs.harvard.edu/abs/1990cup..book.....G
https://arxiv.org/abs/1509.06176

Muons from cosmic rays

e Improved formula by Guan et al. (2015)

e Account for Earth's curvature

Muon production geometry Muon @"
* 5 Production
e 0 at ground and 6* at production .
. h Trajectory
differ
cosl® = (cos@)?2 + PE+ Py(cosf)Fs + Py(cos @) Earth
- 1+P2+ P+ P, R
Py Py P3 Py Ps
0.102573 -0.068287  0.958633  0.0407253  0.817285

Fig. 1. The relation of the observed zenith angle
of muons, 6", to the zenith angle at the muon

e Correction at low energies production point in the atmosphere, #. R is the
radius of the Earth. Adopted from [3][4]

dI, E, 3.64GeV T
ig, ~ 01 [GeV (l+ Ep(msﬁh}l-mﬂ

1 0.054
X l+ 1.1E, cosd* + 1.1E, cosi*®

—_—
115GeV 1+ BA0CeV
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Absorption or scattering

e Absorption: measure missing flux

o Pyramids, volcanoes...

e Scattering: measure deflection of muon trajectories

o Containers, furnaces, statues...

\ Upper
Detector
= [ petector Betactor
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Scanning a passive volume

e Want to infer properties (e.g. 3D
map of elemental composition) of
unknown volume

o Shipping container, archeological site,
nuclear waste dump, industrial
machinery, etc.

e Muons from cosmic rays traverse
us all the time

o Onaverage, 1 muon per cm? per
minute

o Change in kinematics provides handle
for inference on X

Figure from the TomOpt project

mwn

materlal

low

High X, =
scattering

Low X = high
scattering

X, = average distance between
scatterings
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Domain knowledge is not enough

¢ Domain knowledge typically provides heuristics based on proxy objectives

o Will likely have a budget

o Money, heat, power, positioning of % | |
detectors, imaging time... X '. : |
e Will likely have varying purposes !
o Today want to spot uranium, ; % | __ T '.‘ :
tomorrow e.g. drugs — ) ‘
Example |: Example 2:
Muons Muons
measured

measured less
precisely but
more

efficiently

precisely but
less efficiently

Figure from the TomOpt project
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TomOpt

e Differential optimization of muon-tomography detectors (ongoing project)

o Giles C. Strong, Maxime Lagrange, Aitor Orio, Anna Bordignon, Florian Bury, Tommaso
Dorigo, Andrea Giammanco, Mariam Heikal, Jan Kieseler, Max Lamparth, Pablo Martinez
Ruiz del Arbol, Federico Nardi, Pietro Vischia, Haitham Zaraket

o 2309.14027 submitted to journal, shorter version accepted by NeurlPS MLPS Workshop!
o Modular design in python, autodiff via PyTorch

¢ Inference chain as
differentiable pipeline

i
1180

A

o Cancompute
p(Aoutput|Adetector parameters)

e Task as loss function

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

A

(]
Bac‘kp.ropagate and Known
optimize as usual volumes

'

Forwards pass Backwards pass
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Muon Generation

e Formulas by 2015 and 2016

models

e Tensor of muons (z, y, p, 8, @)

o 6, pfrom flux model
o x,Yyfromranges

o ¢ uniformlyin [0, 27]

¢ Code handles many muons at once

(MuonBatch)

o Propagate the muon position (can

snapshot to track)

o Scatter (dxry, dfd¢) at each step

Left: Guan et al, Right: G.C.Strong

’74 forward

1] 1

L1 AbsDetectorLayer _ Passivel ayer
1 init
‘ Volume

AbsScatterBatch _Iﬂ:

1} Track vars
& uncs M

Simulation
nit
Inferer
.add_scatters
predictions |
——— /" Pred,
- .get_prediction - we;glﬂ nferencs

AbsDetectorLoss

Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21
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Volume Specification

e Volume made up of stacked layers | LLE ] Llﬂ 1
AbsMuonGenerator 1 I
in Z ‘{ ﬁnmw set(n) Apsetectortayer | Fesshalayer |

/' nmuons
/o xypog [

e Passive layers scatter muon

o PDG and GEANT models both
available

Simulation

o Voxelized passive layers (x, y)

e Active layers record muon hits

o Parameterized efficiency and
Inference

resolution (cost per m2, physics
constraints)

o Budget is a volume attribute, and is
assigned to detector layers

Evaluation
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Panel specification

Detector modeling

1.0 4 (max
¢€.=0.9
hit
0.8 1
> 0.6
w
c
o
o
& 0.4
(hit =0.3 )
0.2 1 .
. ‘ —— Differentiable
0.0 1 o — Physical
-1.0 =05 0.0 0.5 1.0 1.5 2.0 2.5 3.0
x [a.u]

Figure 2: Example of detector panel modeling with sigmoid function used during optimisation
(blue) and with rectangle function used during validation (orange).
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Monte Carlo Truth

e Per each scenario, can build voxelized random volumes
o Each voxel can be a different material

o Next: material mixture per voxel

-
m— Uranium
‘BESRE  block
Wﬁ hidden

: amongst
% scrap

: ' metal

Furnace
filled with
molten
metal and
impurities

FHTEI43210 SATEH4331 8 FETESEII1S  OMTES4II10  ONTEI43I10  RETES4ITr0

e —— True
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Make muon hits differentiable

e Associate a distribution to resolution and efficiency
o e.g. Gaussian centered on panel and width equal to panel span

o p.d.f. of the muon position is now differentiable

e Further generalization: Gaussian Mixture models

Both muons
recorded, but
with different
resolutions

105

0.90

0.75

0.60

0.45

0.30

0.00

=2 =1 0 1 2

Plot: Max Lamparth
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From hits to tracks

e Analytic maximum likelihood fit e POCA (POint of Closest Approach)
o considering uncertainty and o assume one scatteringin one point
efficiency of hits

o invert model to compute X
o fully differentiable w.r.t. detector

parameters o average X per voxel

e Provides track parameters and
their uncertainties

[
\m ;:rm setin) | L“‘I AiDeipctort ayer ]4 Pasevalayer

/ nmuons  / |
L oxypog [/

Block of lead
(X,=0.005612m)
Surrounded by
beryllium
(X,=0.3528m)
Predictions highly
biased to
underestimate X0

Lead block clearly

' g it visible
MuonBatch but high z uncertainty
Em‘s in scatter location
— causes ‘ghosting’
— above and below
—

Prediction e

AbsDetectorLoss

[ forward | Loss

Evaluation
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POCA

e Assume one scattering — bias!

X reconstructed hits . © )

X POCA points X

..... reconstructed tracks L . - y
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Extended POCA

e Assume one scattering — bias!

g (U — POCAun(‘ u)

49' wa—
] /

Extended voxels

Y
~

£
N
<
w
\\

POCA voxel

® POCA point
Z 7 i 7 7
/ / / /
Y / /1 /1 /
X

Figure from 2309.14027 Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 56 / 83
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Detector Optimization in TomOpt

| ‘ fit(n_epochs) | ‘

epoch =0

epoch ==
n_epochs

fit_epoch in
Y training
mode

v

fit_epoch in .‘._

validation
mode

End

(a) Complete fit loop.

L

epoch += 1

‘ | Load/generate ‘
volume i

loss /=i

‘ | Scan volume ‘

i+=1
state == loss += volume |
training

‘ | Backpropagate‘ ‘
loss

‘ | Update detector ‘ ‘
params

(b) Scan loop for a batch of passive volumgs.

| | scan_volume(n_muons, mu_bs) | ‘

i=0

inf = Volumelnferer

Figure from 2309.14027 ume.

n_muons//mu_bs

Get volume
prediction from
inf

Compute
volume loss

_End, return volume loss >

(¢) Scan loop for muons over a single passive vol-

Generate
mu_bs muons

=
through volume
Bl
tracks
I Add inferred I
tracks to inf

i+=1
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Heavy Metal

e Transport liquid steel to fill moulds

o Lack of enough metal: moulds not - | ﬂ
filled % s ';‘ A\ ‘9

A
o Too much metal: remnants, scraps -% \4\\\ &% .“"
o Slags hides metal from optical “ f : *Q %u

inspection ‘

5:=0.6m

\ |

v v

<4 > 4 >
F.=1m F.=1m
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Heavy Metal

Figure from , Boris Bukovsky, viaPixabay



https://arxiv.org/abs/2309.14027

Encouraging results

e But POCA provides a biased estimator, with bias increasing with fill level

o More metal, more bias

e Debiasing via parametric correction

1.0

0.8

0.8

0.7

0.6

Z[m]

0.4

0.2

0.0 (I) 2'5 56 7'5 160 11;5 150 195
-0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2 POCA points [#]

(Blue: true steel level. Red: prediction. Green: bias-corrected prediction)
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Optimize crappy detector

N 18 18 0s @ N 18 18 10
a>J 16 N 16 > 00 G>J 16 N 16 > 05 )
3 2 A — )
< 14 14 08 < 14 14 o
-05 00 05 10 15 -05 00 05 10 15 -05 00 0s =05 00 05 10 15 00 05 10 15 o o 1
0s 0s 05 05
N 04 04 as N 04 04 —— 10
.03 —_— 03 e — <>< . 03 03
g 02 N 02 >, 00 g 02 N 02 > 0%
L o1 o1 L o1 01 00
m 08 o
0o 0o 00 0.0 05
-05 oo 05 10 15 -05 00 0s 10 15 -05 00 05 -0.5 00 05 10 15 -05 00 0s 10 15 0 1
X y X X y X
(a) Initial detector configuration. (b) Detector configuration after stage one optimi-

sation process.
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ptimize crappy detector
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Refine a good detector

18 18
~N 10 N 18 10 -
v ) d
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X % X

(a) Detector configuration after stage one optimi- (b) Detector configuration after stage two optimi-

sation process. sation process.
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Refine a good detector
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Recover human baselines
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Let's talk about Gamma Ray
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Let's talk about Gamma Rays

primary y cosmic ray (p, o, Fe ...)
>

atmospheric nucleus

et/ o
. | y »
A \ EM shower ./ |
/S \ s nucieans
y / ::“Y (1 Vi K, etc. \
e \
_ ? e—‘ L atmospheric nucleus Y
o ,./g N EM shower : B
et S Y. .
S et/ e d " ot / ‘
S AN i S\
S <\ e\ K-, etc. J . “ e \U
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Vll
u* gl
EM shower

Fig. 1 Electromagnetic and hadronic showers
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SWGO: a telescope for gamma rays

Primary particle: proton Primary particle: gamma

e Southern Wide-Field T T e T e T
Gamm a-ray . bacons 61e " hadrons @00
Observatory
(SWGO) “

o Gamma-ray fluxes in N ‘ :
the TeV-PeV range in I ESEE R S

2000 -
Ti00 1500 w000 500 6 %0 1000 100 2000 Zio00 1500 1000 500
Fig. 2 Radial distribution of secondary particles on the ground, origi

X [m] M [ﬂm]
hemisphere (ight

1500

1000

500

Y(m]
Y[m]

-s00 A 500

1000

1000

-1500 Iy » f
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e Footprint size on the 4=
ground depends on i
energy of primary "

o viaposition of
maximum

development of the
shower

Fig. 3 Lateral development of 100 TeV showers from a primary photon (left) and proton (right). Source: Corsika web page[6]
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Cherenkov tanks...

e Varying performance in separating EM, muonic, and hadronic shower

constituents

25m

410m

3.42m

068 m
;

520 m

Fig. 4 Schematic design of different SWGO tank design. REF
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...and where to find place them

e Constraints on the total budget

o High fill factor: better energy resolution, low sensitivity to > 1 PeV photons

o Low fill factor: higher sensitivity to > 1 PeV photons, but poor energy reconstruction
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SWGO array optimization pipeline

Update Obtain the
layout utility and
Simulate a set of (x,y of its gradient

Use RCF
bound to
estimate the

Compute the likelihood of
the observed batch as a

gamma and each with function of the fraction of
proton showers tank) respect to

hitting array following each
gradient detector
of U X,y position

expected
variance of
the signal flux
measurement

gammas in the batch;
compute the second
derivative of the likelihood

Reconstruct
shower

parameters w in Obtain PDFs of LLR for Simulate a batch of

each hypothesis Derive log-likelihood ratio the gamma and gammas and protons and
by likelihood of the two hypotheses proton hypotheses reconstruct them; obtain
maximization given current layout the TS of each shower
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SWGO array optimization

e Stable and virtually identical results regardless of starting point

o Very clear minimum reached

Lo bonnbinbonabananliastily il
~4000-3000-2000-1000 0 1000 2000 3000 4000

L .
3000 2000 -1000 O 1000 2000  300C

Figure 14: Convergence of three initial layouts (top to bottom: packed ball, wide random ball, two
annuli) during a 500-epochs training. From left to right, the configurations of 126 units (129 in the
bottom one) are shown at epoch 1,50,150,300, 500. See the text for more detail.
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Experimental design: present and
future

e Gradient descent applied to experiment design works!!!

o Discreteness and stochasticity mostly solvable or avoidable

e What now?

» 0:00/0:13

Figure by Gpeyre on wikipedia
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Method of choice depends on scale

~LHC
~Tomography
Time 2
per (Not to scale)
sample
P Ik 3
Parameters

Giles Strong at QCHS 2022

1. Grid/random search
2. Bayesian opt, simulated annealing, genetic algos, ...

3. Gradient-based optimization (Newton, BFGS, gradient descent, ...)

Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 74/ 83



From perceptron-based networks...

e Matrix multiplication

- & .
1k—- n
m=1/ | = mél
X
n
k - -
- » n l.
. c
m A k B =
X
A\
\J
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...to spiking neural networks

e Event-driven computations

o "when a spike occurs, compute something"

)
—

High time resolution,

low redundancy

Few binary events

Figures by Fredrik Sandin



The energy advantage

e Perceptron-based networks: matrix multiplication

o Sparsity doesn't affect much the throughput and energy consumption

e Spiking neural networks: event-driven computations

o Sparser inputs require less computations, therefore less time and energy

input |_ Conventional Output

0.2 | |

0.0 . 0.7
—0.1 0.2 0.0 -0.1 -0.3 -1.3 0.7 0.0 0.2 —0.6 1.1 0.0
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-1.3 J -0.6

: 1.1

input Event-driven | Output
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0 : 1
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0 | J 0
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Encode information with Qubits

e Random bit (Bernoulli random variable) whose description is not governed by
classical probability theory but by quantum mechanics

e Notonly "because it can take real values in [0, 1]": complex numbers as
coefficients v and (3 create interference

o Interference is not reproducible with classical bits

® 0 I

® ! 1)
Classical Bit Qubit

Pietro Vischia - Al-assisted design at the Frontiers of Computation - 2024.03.21 --- 78 / 83
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Represent neural networks

e Qubit operations can represent rather naturally neural networks
lin){in| = |q1, g2, g3)(q1, 92, g3|-

Full unitary operations, U_i,
(preserve information)

|h1><h1| Tracing operations |h2><h2|
u_1 (information loss) u_2
N
|h) (A
lin) (in| |out) (out|

e Gradient descent exploits intrinsic analytic differentiability of quantum circuits

3, (¥ (x, 0)|o, ¥ (x,0)) = (0]...9,e7* ...0,...€" ...]0)
+(0]...e7™" .. .0,...0,e"...|0)
=(0]...(—io)e ™" .. .0,...e"° ...|0)
+(0]...e7* . Lo,...(i0)e™ ... |0)
=(0]...(1 —io)e ™™ ...0,...(1 +ic)e™ ...|0)
+0]...(Ad+io)e™ ™ .. .o,...(1 —io)e* ...|0)
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Need for new paradigma

e Ifyou areinterested in Neuromorphic computing or Quantum computing, drop

me a line!

Conventional .

computers

L7
mimic 5

logical and
analytical
thinking

Transistor current [A]

mimic

the senses,
learning and
perception

Synapse conductance

o= P~C-V2.{

& 1 0.1
0 Discrete states,
s GHz switching
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Technology readiness?

Image by Fredrik Sandin, Lulea University

Quantum
processors
use quantum
superpositions
for probabilistic
inference
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The MODE Collaboration

https://mode-collaboration.github.io/

o J o i n t effo rt At INFN and Universita of Padova Dr. Tommaso Dorigo, Dr. Pablo De Castro Manzano, Dr. Federica Fanzago, Dr. Lukas Layer, Dr. Giles Strong,
Dr. Mia Tosi, and Dr. Hevjin Yarar
At Université catholique de Louvain Dr. Andrea Giammanco, Prof. Christophe Delaere, and Mr. Maxime Lagrange

o Pa I’tiC | e p hYSiCiStS At Universidad de Oviedo and ICTEA Dr. Pietro Vischia

At Université Clermont Auvergne, Prof. Julien Donini, and Mr. Federico Nardi (joint with Universita di Padova)

o

N u C I ea r p hys i C i sts At the Higf.\er Schoo! ?f Economics o'f Moscow, Prof. Arjdrey U'styuzhanin, Dr. Alexey Boldyrev, Dr. Denis Derkach, and Dr. Fedor Ratnikov
At the Instituto de Fisica de Cantabria, Dr. Pablo Martinez Ruiz del Arbol
i At CERN, Dr. Sofia Vallecorsa
ASt ro p hys ICI StS At Karlsruher Institut fiir Technologie, Dr. Jan Kieseler
At University of Oxford Dr. Atilim Gunes Baydin
C O m p Ute r SC i e nt i StS At NeTNYor.'k‘Univc.-:‘rsity Prof. l.(yle Cranmer
At Université de Liége Prof. Gilles Louppe
Y At GSI/FAIR Dr. Anastasios Belias
Mathematicians AtHEPHY Vienna (OeAW) Dr. Claudius Krause
At Uppsala Universitet Prof. Christian Glaser
o At TU-Miinchen, Prof. Lukas Heinrich and Mr. Max Lamparth
L] I f yo u a re I nte rested 9 At Durham University Dr. Patrick Stowell
. . At Lebanese University Prof. Haitham Zaraket
J O I n u S ! ! ! At University of Kaiserslautern-Landau Mr. Max Aehle, Prof. Nicolas Gauger, Dr. Lisa Kusch
At University of Applied Sciences Worms Prof. Ralf Keidel

(e]

o

o

At Princeton University Prof. Peter Elmer

At University of Washington Prof. Gordon Watts

At SLAC Dr. Ryan Roussel

At Lulea University of Technology Prof. Fredrik Sandin and Prof. Marcus Liwicki
At IGFAE and Universidad de Santiago de Compostela Prof. Xabier Cid Vidal

The Scientific Coordinator of the MODE Collaboration is Dr. Tommaso Dorigo, INFN-Sezione di Padova
The Steering Board of the MODE Collaboration includes:

o Prof. Julien Donini, UCA

« Dr. Tommaso Dorigo, INFN-PD

« Dr. Andrea Giammanco, UCLouvain
 Dr. Fedor Ratnikov, HSE

o Dr. Pietro Vischia, UniOvi
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https://mode-collaboration.github.io/

Series of yearly workshop

e Firstinstallment in Louvain-la-Neuve (Belgium)

e Second installmentnt in Kolymbari (Greece)

o 37 talks, 9 posters, one data challenge with prizes, recordings will be online soon

e Third installment in Princeton (USA)

e You are all invited to the Fourth installment, to be held in Valencia (Spain), 23-
25 September 2024!!!
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Fourth MODE Workshop on Differentiable Programming for Experiment
Design

23-25 Sept 2024 Q
Valencia (Spain)

Europe/Madrid timezone
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https://indico.cern.ch/event/1022938/
https://indico.cern.ch/event/1145124/
https://indico.cern.ch/event/1242538/
https://indico.cern.ch/event/1380163/

Thank you!
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