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Nuclear and Particle physics Experiments:
our probe to Hadron Spectroscopy and QCD
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Theorist’s perspective: Scattering Amplitude
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Theorist’s perspective: Scattering Amplitude

(fIS|i) = dpi + i (f|T i)
(P1P5|T |p1p2) o< A(s,t) = O

ANl

Tool to learn about
the dynamics:
hadron interactions,
spectroscopy, ...
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Theorist’s perspective: Scattering Amplitude

(FIS]e) = 0 + i (fIT1) \
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What does the blob really represent?
See talk by Vincent Mathieu
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Properties of scattering amplitudes

Principles of scattering theory

= Unitarity: probability conservation (all possible outcomes must add up to 100%)

Discontinuity over the unitarity cut:
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Properties of scattering amplitudes

Principles of scattering theory

= Analyticity: causality (outcome cannot happen before interaction, smooth dependence on energy)

I
ms A Poles @

i by SR LL IR S

Re s

| Branch cuts

Poles correspond to physical hadronic states

Branch points at the opening to N-particle scattering thresholds




Properties of scattering amplitudes

Principles of scattering theory

= Crossing symmetry: swapping particles and anti-particles (the mathematical description remains the same)

Aab—md(sr t u) — Aaé—>5d(tv Sy u)
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Challenges in hadron spectroscopy

Experiments measure physical observables (e.g. cross section) in the real axis (physical region)
Most hadrons are resonances (poles of the scattering amplitude in the complex-energy plane)

Sometimes identified through “bumps” in the cross section




Challenges in hadron spectroscopy
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= (Wide) overlapping states
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= Partial wave analysis (PWA) techniques are complicated

= Pole positions from amplitude analyses rely on theoretical assumptions

= Assigning quantum numbers and internal structure
(e.g. molecule vs tetraquark) is often model dependent
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Challenges in hadron spectroscopy
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= Partial wave analysis (PWA) techniques are complicated
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= Pole positions from amplitude analyses rely on theoretical assumptions

= Assigning quantum numbers and internal structure
(e.g. molecule vs tetraquark) is often model dependent
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- Experimental data are inherently distorted by detector effects = unfolded before extracting meaningful physics
- Traditional observables may not be adequate in multi-dimensional space (multi-particle final states)

- Large datasets = difficult to manipulate/preserve




The A(1)DAPT collaborative effort
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The A(1)DAPT collaborative effort

Develop Al tools to:

ﬁ.ﬁkkﬁ = Accurately fit data in multi-dimensional space

A(i)DAPT = Unfold detector effects

Al for Data Analysis and PreservaTion

= Move from cross sections to scattering amplitudes
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Properties of
resonances

Scattering amplitude Probability distribution Detectors Observed events

What happens in the experiment




From cross section to scattering amplitude

Scattering amplitude A Cross section o
= underlying dynamics = experimental observable
= complex quantity: magnitude + phase = related to |A 2 missing information about the phase
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From cross section to scattering amplitude

Scattering amplitude A Cross section o
= underlying dynamics = experimental observable
= complex quantity: magnitude + phase = related to |A 2 missing information about the phase
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Use physics-informed generative Al




From cross section to scattering amplitude with physics-informed generative Al

Discriminative Neural Network

Output

Input

Generative Neural Network

"photo of a
tabby cat"

Input

Output
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From cross section to scattering amplitude with physics-informed generative Al

5 0.03 Bird
A0 0.92 Cat
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Cross -~ Scattering '
section _i=—— amplitude

Principles of scattering theory




From cross section to scattering amplitude with physics-informed generative Al

Goal: physically consistent amplitude reconstruction
= Single underlying physics (no model uncertainty)
= Noisy replicas = pseudo-experiments

= Strong physical constraints (unitarity)

Use ML as a regulator of the inverse problem

Random noise

Generative Adversarial Network (GAN)

Training data —» lj” ‘ ‘ L —

Generator, G

Multilayer
neural network

‘real’ samples
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Generated ‘fake’ samples

Backpropagation
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ntm~ scattering

Simplest case: elastic 2 — 2, spinless particles

> 2 variables (s,t)

= Dominated by f(500) and p(770) resonances

Model of the amplitude with 2 partial waves:

n

A(s,cos0) = Z(Qﬁ + 1) fe(s)Pe(cos )

=0
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ntm~ scattering

Differential cross section Unitarity relation
+1
do 1 1|A(s cos 0)|2 - For the partial waves  fy(s) = 1/ dzPy(z)A(s, 2)
dQY 6472 s ’ 2J

Im fo(s) = | fe(s)|?

do /df)
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Amplitudes and cross sections as images (discretized functions)




GAN with physics constraints
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GAN with physics constraints

Training data: differential cross section from the model

64 x 64, s € [(2mx)2,1 GeV?], cosf € [-1,1]

discretized

normalized

noisy replicas © pseudo-data
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GAN with physics constraints

With std=0.01, convergence to the ground truth for ~30% of trainings

model (ground truth)
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With std=0.05, hard to converge (unitarity is not satisfied exactly)

GAN generated (“fake”)
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Next steps

= Generate Im A and use unitarity to reconstruct Re A instead of a constraint in the loss function
= Uncertainty quantification

= Explore other generative models

16 —



Next steps

= Generate Im .4 and use unitarity to reconstruct Re A instead of a constraint in the loss function
= Uncertainty quantification

= Explore other generative models

After the proof of concept with 77~ scattering...

Coupled channels ¥~ , KK~

= Spin

2 — 3 processes

Meson photoproduction
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Back-up slides



Conditional diffusion model

Training data:

> sample amplitudes and cross sections
from 2BW model with parameters

mo, mp € [0.1,1.0] GeV
To, T'; € [0.01,0.7] GeV

= normalized

> with additional Gaussian noise to
cross section (mimic experimental data)

Satisfy unitarity by construction

cosé

cos@

cos@

cos@

0.50

! 0.25
0.00
-0.25
-0.50

Re A

0.25 0.50 0.75 1.00
s (Gev?)

Re A

0.25 0.50 0.75 1.00
s (Gev?)
Re A

0.4
0.2
: 0.0
' -0.2
A -0.4

025 050 075 1.00
s (Gev?)

Re A
0.8

0.4
0.2
0.0

-0.2

0.50 0.75
s (Gev?)

cosé

cosé

cos@

cosé

025 050 0.75
s (GeVv?)

ImA

025 050 0.75
s (Gev?)
Im A

0.25 0.50 0.75
5 (Gev?)

ImA

v

025 050 075
s (GeV?)

1.00

0.6
0.4
0.2
0.0
-0.2
-0.4
-0.6

0.5

0.0

0.75
0.50
0.25
0.00
-0.25

-0.50

0.8
0.6
0.4
0.2
0.0
-0.2
-0.4

cos@

cosé

cos@

0.25 0.50 0.75
s (Gev?)

do/dQ

050 0.75

s (GeVv?)
do/dQ

3

050 0.75
s (Gev?)

do/dQ

0.25 0.50 0.75
s (Gev?)

L —

1.00

10

0.8

0.6

0.4

0.2

0.0



Conditional diffusion model

Forward diffusion Re A(s,0)
process

tm A(s, 0
Training

Conditional
UNet Predicted noise

backpropagation



Conditional diffusion model

> With std=0.01

model (ground truth)
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Conditional diffusion model

> With std=0.05

model (ground truth)

Mean over 500
generated samples

GT Re A
1.0 1
0.5
0
[+s]
2 0.0
o
-1
-0.5
-1.0
025 050 0.75 1.00
s (GeV?)
GTImA
1.0 ' 3
0.5 - 2
% '
s ] 0
-0.5 - -1
=2
-1.0
025 050 075 1.00
5 (GeV?)
GT do/dQ
Lo Ad 0.04
0.5 0.03
b
s 00 0.02
v
-0.5 0.01
-1.0

0.25 0.50 0.75 100
s (Gev?)

cos@

cosé

cos@

mean Re A
1.0
1
0.5
0
0.0
-0.5 -1
-1.0
0.25 0.50 0.75 1.00
5 (GeVv?)
mean im A
1.0 ' 3
0.5 - 2
1
0.0 - o
-0.5 - =1
-2
-1.0 -
0.25 0.50 0.75 1.00
s (GeV?)
mean do/dQ
0.04
0.03
0.02
0.01

0.25 0.50 0.75

1.00
s (Gev?)

cos@

cos@

cos@

1.0

Re Amean —Re Agt

0.5 1

0.0 1

-0.5 1

-1.0

i 0 T T
0.25 0.50 0.75 1.00
s (GeV?)

Im Amean — Im Agt

1.0

0.5

0.0

-0.5 4

R

-1.0

025 050 075 100
5 (GeV?)

dOmean/dQ — dOGT/dQ

1.0
0.5
0.0
-0.5
-1.0

0.25 0.50 0.75
5(GeVv?)

|
o
»
fi

0.50
0.25
0.00
-0.25

-0.50

0.002

0.001

0.000

—-0.001

—-0.002

1.0 4

0.8 1

0.6

/'\ -—-- GT Refy
\ -== GTImfy

\\‘;\ —— MeanRe fy

\\i\\\ —— Mean Im fp

0.2 0.4 0.6 0.8 1.0
s (GeVv?)
101 . GTRef; /\
084 --- GTImf / ‘\
—— MeanRe fi \
0.6 - /
~——— Mean Im f; i L

T T T T T

0.2 0.4 0.6 0.8 1.0
s (GeV?)




	Diapositiva 1
	Diapositiva 2
	Diapositiva 3
	Diapositiva 4
	Diapositiva 5
	Diapositiva 6
	Diapositiva 7
	Diapositiva 8
	Diapositiva 9
	Diapositiva 10
	Diapositiva 11
	Diapositiva 12
	Diapositiva 13
	Diapositiva 14
	Diapositiva 15
	Diapositiva 16
	Diapositiva 17
	Diapositiva 18
	Diapositiva 19
	Diapositiva 20
	Diapositiva 21
	Diapositiva 22
	Diapositiva 23
	Diapositiva 24
	Diapositiva 25
	Diapositiva 26
	Diapositiva 27
	Diapositiva 28
	Diapositiva 29
	Diapositiva 30

