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The response of a detector

Detector introduce resolution effects, acceptance gaps and inefficiencies
that distort the true particle distributions.

det(y) = /P(y|az) true(x)

Ground truth
("vertex level"):

E =10.0 GeV

"Detector level":

E=10.1 GeV

[Remember: actually, measurment is a random process!] 3



Unfolding the detector effect

We want to infer the posterior probability P(xly) given the measured det(y)
("unfolding"). Prior true(x) is unknown: this is an ill-posed inverse problem

P(y|x) true(x)
P(zly) =
Ground truth det(y)

("vertex level"):

E =10.0 GeV

"Detector level":

E=10.1 GeV




Traditional Unfolding = matrix inversion

det(y) = /P(y[w) true(z)
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[Unfolding Methods
in Particle Physics for Quantum

. . . .l . nf tom Ob ol

Limitations of Traditional Unfolding oo

— (https://agenda.infn.it/event/34555/c
ontributions/212423/attachments/11

2947/161553/Unfolding_Pinamontil0
nov2023.pdf]

- Standard techniques typically requires binning data and assume a specific response matrix (e.g. linear)

- Background need to be subtracted before unfolding (misidentification & other reducible sources - irreducible ones
are eliminated with the successive physical analysis)

« Struggle with systematics uncertainties: they enter in the response matrix choice and in the background estimation
« Bad times with unfolding many correlated observables
« For many algorithms, different hypotheses for underlying physics could in general change the response function

- Large "oscillations" in the inversion: amplification of statistical fluctuations due to off-diagonal entries of M (many
different ways to mitigate them)

These challenges motivate alternative approaches, like Al-based unfolding, which can handle high-dimensional input
(e.g. full event kinematics or images) and learn complex detector effects without manual binning.


https://agenda.infn.it/event/34555/contributions/212423/attachments/112947/161553/Unfolding_Pinamonti10nov2023.pdf
https://agenda.infn.it/event/34555/contributions/212423/attachments/112947/161553/Unfolding_Pinamonti10nov2023.pdf
https://agenda.infn.it/event/34555/contributions/212423/attachments/112947/161553/Unfolding_Pinamonti10nov2023.pdf
https://agenda.infn.it/event/34555/contributions/212423/attachments/112947/161553/Unfolding_Pinamonti10nov2023.pdf

Natural

Synthetic

ML -based alternative on the market

E.g. OmniFold: A Method to Simultaneously Unfold All Observables

Detector-level Particle-level Pros:

Data Based on iterative reweighting of a simulated dataset, using
\)—\\ machine learning to capitalize on all available information
\ Unbinned approach

Ty - « Works for arbitrarily high-dimensional data, and naturally
otep 1t otep 4 _ . '
Reweight Sim. to Data Reweight Gen incorporates information from the full phase space
Data ) Wy I
1 r W Vp—-1 * Vp
Pull Weights | COﬂS:
Simulation — S » | Generation | | | |
¢ « Tuned on LHC experiments, typically much more inclusive than
- R Cr— Z < ; ;
Push We ours of hadronic physics
1 |
- -

- We need something more specific for exclusive experiments
like CLAS (GlueX, Compass...)




Generative Al-Based Unfolding Approaches

Toward a generative modeling analysis of CLAS exclusive 27 photoproduction

T. Alghamdi®,’»2-* Y. Alanazi,®> M. Battaglieri®,* L. Bibrzycki®,® A. V. Golda,°
A. N. Hiller Blin®,” E. L. Isupov,® Y. Li,! L. Marsicano®,* W. Melnitchouk®,?° V. I. Mokeev®,?
G. Montana®,? A. Pilloni®,!%: 1 N. Sato®,3 A. P. Szczepaniak®,? 1213 and T. Vittorini®: 14

« A(i)dapt also used Generative adversarial networks (GANs) for unfolding

« Diffusion models: recent work show that they are outperforming

GANs. These can, in principle, model complex posteriors and provide
uncertainty quantification.

Each Al method has trade-offs: diffusion models are attractive for their
strong theoretical foundations, flexibility and bijectivity



Summary

- Unfolding the detector effect through
generative Al

« How a diffusion model work

« Status of closure test for CLAS
detector

« Conclusions & Next directions

‘W

ey e ——

1l

® ) F
/“‘\'\
S/

oot




Denoising Diffusion Probabilistic Models (DMs)

A DM is a generative model is trained in two phases: a deterministic forward diffusion (noise addition)
process and a learned reverse (denoising) process:

« Inthe forward pass, one gradually corrupts a clean data sample x0 by injecting Gaussian noise over T
timesteps, producing xT~N(0,1) (at is a variance schedule):

6

N I q(x¢|x— 1) (Xty\/iXt 1, (1_04t) [)
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Denoising Diffusion Probabilistic Models (DMs)

- The learned reverse (denoising) chain is parameterized by 8: by training the model to predict

the added noise, one learns the mean of the Gaussian transition, uB(xt, t), that maps any noisy
xt towards the original data.

Po(Xi—1|X¢) = N(Xt—1§ o (X, 1), UZI)
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Denoising Diffusic

« The learned reverse (denoising) c
the added noise, one learns the m

xt towards the original data.

N

rorxd f
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Diffusion for Unfolding: conditioning

To apply diffusion to unfolding, we use a conditional diffusion model. Here the reverse process is
conditioned on the detector level v:

Pe(xt—1|fl3tay) — N(%—lllﬁe(ﬂ?t ﬂ) (7152[)

- The forward noising process remains unchanged, but the denoiser network now takes y as an
input or context (this context can be given by labels, features etc.)

- In practice, the output x0 is a sample from the posterior P(x|y). Conditioning directly ony

makes the generative process data-dependent and enables it to approximate the Bayesian
inverse P(x]y) without explicitly computing the prior

14
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A closure test for unfolding CLAS detector

Photoproduction of two pions

on the proton,
measured by CLAS

_|_

voYpr — TP

16



Our strategy: generating data

Using MC generated 4-vectors sampled from different models and correspondent GSIM (the father
of Geant4) reconstructed and train the DM to learn how to do the inverse process:

Alert: we are

learnin
Phase space emearing
GSIM (CLAS l '
MC-generated S Detector level Sneroy s
elc., , no
Vertex level acceptancel
0.8 1 E b . [ accepted generated (vertex)
- [ reconstructed events (detector)
50.4
%0 % 15 20 25 30 35 40 -10 -05 00 05 10 -10 -05 00 05 10 0 1 2 3 al7

E proton (GeV) Px proton (GeV) Py proton (GeV) Pz proton (GeV)



Our strategy: generating data

- We exploited DMs flexibility for moving from one topology to the other

Phase space region
P 1= covered by CLAS

D TT+ TT-

T+ TU-

18



Our strategy: training the Conditional DM

— 2 0 DT -
| Phase space \
M MC-generated | Lo White noise |
' Vertex level |
| A
Phase space '
3 White noise denoieng MC-generated
Vertex level
Condition: L(0) = Bxg e lle — eo(x, 9, 1)1
Detector level :

19



Our strategy: results validation

Once you have a trained model, you can use it to generate as much vertex samples as you want, giving it a
validation detector set - independent from the training set — and comparing it with its actual vertex level, to

complete the closure test:

- Compute pulls distributions (pulls = residues normalized to standard deviation)

 Perform statistical tests like Kolmogorov-Smirnov (unbinned! and better alternatives)

True

Synthetic

Vertex level Vertex level

(validation)

White noise Sampling

Remember: in real

COndition: life we have just

the detector level

Detec:tor (real data from an
(validation) experiment),

obviously! 21




Current status of the project

- We want to have under control the mapping between the vertex and the detector in the entire
measured phase space, so we are training on the 4-vectors final state particles, and then

focusing on reconstructing Mandelstam invariants (actually, just 5 of them are independent, for
a 2->3 process)

s = (pf + prt+ + Pr-)’

t = (pi — pf)2

L S23 = (Pr ‘|‘pf)2

YP1 — T T P2 Uy = (p— — p;)?
S12 = (pw+ +pr-)?

s13 = (Dot +0y)°

(p7r+ p@)z .

22



Synthetic vs True 4-vectors

White noise Sampling

Feature Distributions: True vs Generated
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Current status of the project

Evaluation of the various

: : _ sourced of systematic
White noise Sampling .  N-th synthetic L Uncertainties:

Vertex level * Sampling
* MC-dropout

L

* Variance among models

Condition:
Detector
(validation)




Comparison

at level of
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Mandelstam
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Conclusions & Next directions

We trained a DM to map vertex and detector level related to the entire phase space simulated for the reaction
of photoproduction of a charged pion pair on proton, smeared by the GSIM proxy of CLAS detector

We can substitute the true vertex distribution with the synthetic one sampled by our DM within 2 sigma
(statistical + sistematic uncertanties), including both statistical and systematic uncertainties, according to

simple pulls (then we will use also the sophisticated Nystrém MMD Permutation Test, developed by Marco
Letizia et al.)

We covered all topologies with just one object for the first time

(Refinement of the result, using GBDT to refine the gsim dataset domain, according to experimental data)

What we have to do:

Test with JPAC model: we will do the closure test not only on s, t etc. as we are trying to do now, but also
on other significant invariants, like the moments of the angular distribution

Application of our DM to real CLAS data & extract moments from them

Collaboration with GlueX people to enlarge it way more including the phase space measured by them: we

will be able to compare moments extracted at the vertex level by us and them in the region overlapped by

the two detectors. This - as far as we know — never tried approach can reduce a lot the model dependence
that we introduce when we extrapole the cross section in the unmeasured phase space region 28
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Structure of the Net
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[Time Embedding]
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More on the Nystrém MMD Permutation Test
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Actual

Sampling Vertex Vertex

Current status of the proiect i
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We can do better than simple KS-
test to evaluate how good our
model is:

* KS is a univariate test, so
doesn't allow us to take care of
the correlations between
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Marco Letizia (MalL.Ga centre)
does!
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Pseudocode for training a DM

- Start with a batch of detector-vertex pairs (x0,y)
- Sample a random t and noise e~N(0,1)
- Compute
X; = JouXo + V1 —aye
« The network predicts eB(xt,y,t)
- Compute L and backpropagate to update 8 L(0) = Exy et [HE — €g(x¢, Y, t)”ﬂ

- l|terate until convergence

36




Let’'s define the moments

do do
= s.t, 51, Q1) |2, = V4 dQH Re{YL (QH

(YY) = Vanx Z Aﬂimr

Iml'm'

X ZM; Aym'As (5.1, ﬁlz)Mﬂ;m,{ (5.2,512).

A A Ay

where

Agj;';m,, — / dQity! (QH)Yf;*T(QH)Re{}",{;,(QH)}.



Moment extraction
Let's define the moments from real data by

~ 1 A ~
Photoproduction of 777~ meson pairs on the proton
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Refine domain according to real data
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