What physical information

is in deeply virtual

exclusive experiments and

how do we take a
snapshot of the proton?

Simonetta Liuti




The Electron-lon Collider (EIC) is a next-generation particle accelerator planned to be
built at Brookhaven National Laboratory in the U.S., with construction expected to
start in the mid-2020s and first collisions later in the decade.

“The EIC will be a particle accelerator that collides electrons with protons and nuclei to
produce snapshots of those particles’ internal structure—like a CT scanner for atoms.

The electron beam will reveal the arrangement of the quarks and gluons that make up the
protons and neutrons of nuclei.”

https://www.bnl.gov/eic/
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The EXCLAIM collaboration

https://exclaimcollab.github.io/web.github.io/
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Quantum Chromodynamics and the structure of the proton
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Questions in phenomenology/connecting theory to data

» understanding the factorization properties of the theory

» Role of the non perturbative regime of QCD

» understanding the non perturbative-perturbative connection
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Factorization

Parton distribution function Fragmentation function

Hard scattering process
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But.....even in a framework where factorization occurs at a given value of a hard scale

» We cannot predict where the demarcation between high and low
and low energy happens (value of the factorization scale)

» There are many largely unknown layers that separate the observable
from the dynamical and topological properties of the underlying
QCD vacuum

» Lattice QCD provides only partial answers to these questions
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Where Al comes in: solving the Inverse Problem in QCD

Theory Pheno Data

Forward

Inverse
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SOME THEORETICAL BACKROUND...

P=based on fast

polynomial
algorithm Example: sorting data

undecidable

NP-complete =

based on slow

algorithms, NP-complete
exponential or

slower

NP-hard = the _ To find a solution need to address tension
hardest problems Example: Traveling Salesman Problem between computation complexity and physical
existence of a solution

11/24/2025 10



Interpretability: directly enabling discovery of laws

(beyond computing)

Phydigplainable and Interpretable Al methods

Finding a common language needs to be taken very seriously and is a research topic in itself



Our Physics Case

Extracting information on the femtoscale structure of the proton
and the atomic nuclei from deeply virtual exclusive scattering
experiments



In a QCD factorized scenario:
quark and gluon spatial configurations from deeply virtual exclusive scattering
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Deeply virtual Compton scattering (DVCS)
Generalized Parton Distribution (GPDs)
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From Helicity Amplitudes to DVCS Cross Section
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https://arxiv.org/abs/2004.08890

Assuming a QCD factorized scenario = CFFs = GPDs

CFF = / (QCDKernel) x GPD

Assume known from PQCD

11/24/2025 15



3D Coordinate Space Representation requires a Fourier transform of a GPD

Observables from DVES matrix elements can be Fourier transformed from momentum space into coordinate space,
providing insight into the spatial distributions of quarks and gluons inside the proton, besides matter and charge
distributions.

Wigner phase s;iace distribution
( \

H(X,0,br)

H-W Lin,
https://web.pa.msu.edu/people/hwlin/research.html
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Introducing Maximum Likelihood Analysis of deeply virtual exclusive scattering data

Douglas Adams et al., arXiv:2410.23469

11/24/2025
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Working Framework: Bayesian statistical inference

» parameters are determined from probability distribution functions (PDFs) that
guantify the degree of uncertainty of our knowledge of those parameters

» PDFs quantify the randomness inherent in a random variable and are in principle

unknown but related to one another in a measurement process through Bayes
theorem

> Bayes theorem Likelihood : PDF of Data given Model (parameters 0)

Posterior : PDF of Model Prior: PDF of Model

(parameters 0) given Data (D)

Evidence/Normalization: PDF of Data

10/7/25 17


https://arxiv.org/abs/2004.08890

Likelthood x Prior N Likelihood X 1 |ETTSTS A orior

Posterior (CFFS) ~
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Performing CURVE FIT with “standard methods” results in degeneracy

{Eb: 10.591, x: 0.369, Q: 2.1284, t: -0.2094}

The extracted CFFs are significantly
sensitive to the way the fit is done!

—— Fixed: {ReE: -25}

—— Fixed: {ReE: 0} |

—— Fixed: {ReE: 50}




Working Framework: Bayesian statistical inference

Likelthood X Prior  Likelihood X 1

Posterior | CFFs | 7/ ———MM o~ — VG eIiaEIdiVNelgTe]s
Fuvidence 1

Evaluated Likelihood with MCMC/Metropolis Hasting Algorithm
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Deeply Virtual Compton Scattering Results

Kinematic Bin:{€,:10.591, x;,:0.369, Q:2.1284, t:-0.2094,}

Max Likelihood:{Re(#):-1.392, Re(¢):23.57, Re(H):-3.513, /cs:0.0,}
Using data: BSS-HALLA-18 - Outliers Removed

I Samples

EEm likelihood best

I curvefit best
likelihood mean

Kinematic Bin:{E,»:10.591, x;;:0.369, Q:2.1284, t:-0.2094,}

var=463.09 | Best Curve Fit:{Re(#):-1.291, Re(£):24.96, Re(H):-3.999, 0pycs:0.0,}
‘ Using data: BSS-HALLA-18 - Outliers Removed
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Covariance of
CFF Results

{Eb: 10.591, x: 0.369, Q: 2.1284, t: -0.2094}
tsing data: BSS-HALLA-18

Il Samples

Hm likelihood best

Il curvefit best
likelihood mean

Here the maximum likelihood is achieved
allowing 3 CFFs to vary.

Only 23 combinations of 2 angles are used.

{Eb: 10.591, x: 0.369, Q: 2.1283796653792764, t: -0.2094}
A0inT = (Otot(Pa) = Osr(da)) = (Oror(Ps) — Tar(Ps)) = Onr{Pa) — Owr{Ps)

B Likely Surface([-1.61583704 18.25005287 -0.8720362 ])
B Diffs with Unique Information
I Diffs All
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First fully quantitative/statistically sound extraction of CFFs from experiment

EXCLAIM
¢ Georges et al. (2022)

EXCLAIM
¢ Georges et al. (2022)

EXCLAIM
¢ Georges et al. (2022)




Accurate description of phase dependence of cross section is crucial: formalism of BKM, Braun et al. leads to degeneracy

Kinematic Bin:{Eb:10.591, x:0.369, Q:2.1284, t:-0.2094,}
Using data: BSS-HALLA-18
Using prior: {(-50<Re(H)<50) & (-500<Re(£)<500) & (-50<Re(H)<50)

N BKM2002
s UVA2019

BKM2002 Kinematic Bin:{E,:10.591, x;;:0.369, Q:2.1284, 1:-0.2094,}

Best Curve Fit:{Re(#7):123.1, Re(¢):2795.0, Re(#):-660.2, 0pycs:0.0023,}
Using data: BSS-HALLA-18
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Understanding the origin of degeneracy of BKM results

—— Al UVA —— BJ,, UVA
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What'’s next? To reduce the error our analysis points at use of other observable
keeping kinematics the same, before expanding phase space

(Polarization is a crucial handle)

LL type data: E.Seder et al. [CLAS], PRL114 (2015)

11/24/2025
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2. Inverse Problem Techniques: VAIM, C-VAIM, MCMC

Approaches to find parameters statistically in an underdetermined system

o Can quantify parameter uncertainty when more parameters than data

e Techniques highly dependent on bounded parameter priors

e« These methods give us an initial way to perceive:
1. —» the correlation between parameters on a complicated model

. —» what information is missing (latent space)
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A variational autoencoder inverse mapper solution to Compton form factor extraction from
deeply virtual exclusive reaction arXiv: 2405.05826 (published in EPJC 2025)

C — VAIM

forward backward
mapper mapper

e  KMNN, https://arxiv.org/abs/2007.00029

forward backward
mapper mapper
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https://arxiv.org/abs/2007.00029
https://arxiv.org/abs/2405.05826

CFFs Analysis of Latent Space
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3. Symbolic Regression for Parton Research

1) What is symbolic regression and why do we care?

a) Spoiler: because then humans can read the answer

2) What are the existing tools out there?

a Eureka

o) Gplearn

o Al Feynman
d PySr

e) RL-SR

7 *Meijer-G-Function (very preliminary)

Slide courtesy of Douglas Adams

Graduate Students:
Andrew Dotson (NMSU)
Anusha SingiReddy (ODU)
Zaki Panjsheeri (UVA)
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Symbolic regression (SR) in a nutshell:

t

Data Table

Goodness

()
1

Fitness Metric

e.g. squared error

)

Attempt an
Expression

N

Form Metric

e.g. #terms

Slide courtesy of Douglas Adams

< No >

Good?

Symbolic Modification

e.g.
mutation

( mul

7 A 1
( t

ééé(;) )

( sub(-)v ( const )
(x) aiv(/f
.

at )( a2 )

Done
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Why bother with SR when we have neural networks?

Which is easier to read? ( a.k.a interpretability of Al )

y = X

—Sﬁxl—F{]E}

VS

Black Box

Regression

@ N

./9.)3.
.’09.

(fi, HH( )

Slide courtesy of Douglas Adams
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Lattice QCD can predict the x dependence of GPDs for various t:

1) Can SR help us find an interpretation of the numerical x dependence?
2) Do the x and t dependences factorize?

Lattice Source HY ~%(x, t,{ =0, Q% = 4GeV?)

« Training
« Testing

H.-W. Lin, Phys. Rev. Lett. 127, 182001 (2021)

11/24/2025 37



Does x and t dependence of GPDs factorize? Why is it important to check x and t
factorization?

X=0.0001

3D Coordinate Space picture

( \

HI(X,0,br)

If x and t dependences factorize, the radius of the partonic distributions
is constant throughout the proton volume!

Z. Panjsheeri



Using a pareto front to choose amongst forms

Pareto front lllustration

Pareto Front

Best Goodness Model

Other Models

define a
“metric” which
balances fit vs.
form to choose
a best

39



“Convergence” criterion using Taylor expansion around points in x
1000 PySR Best Fit Hf,md"(x, t=0) Taylor Coefficients

PySR convergence
Il niterations = 40 (default)

EEl niterations = 1000
Andrew Dotson
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Novel SR Convergence Clustering

- Coeff. Cluster 1

. | - —— Coeff. Cluster 2
Extra pOIaUOn : Lattice Coeff. Cluster 3

(truncated) Lattice Data Coverage

Region




Selection
criteria

Predictions over Symbolic Forms
full phase space

3.3(1 — 0.8 x2)52
X+ 2t+ (152 )"

(0.034 x~452)%

—_———— ——————————— 0,031
1.89t +0.9451x + 0.94{[(0.86(t+1)—x)t]t}t

1.02{0.0047[[x+(t-0.82)(t-0.29)]*]*}*-0.018
1.77t-0.64

1 ) —0.0019 + 0.0043*\"*
042 +0°o7s)\~ x

155 (—0.483 +

—0.01 + 1.45(323%x*)™*
0.56 + t114

1.19{ —0.048 + 2.34[ (0.063)*]*8%}
(0.913 + t5)t+t

2.74 ol —t-0.67 In?(1-x)|,0.087 1 — x)L57

Fitness

metrics

WMSE
MSE

2.5x 1073

2.3x 107

7.1x 1073

2.0x10°°

1.5 x 1072

1.9x10°*

Complexity
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Comparison with lattice QCD Moments: testing x,t factorization

Bhattacharya Et al. 2023 Average
1o Est. Error (Cauchy)

PySR Best-Fit Replica Average

1o (Non-Gaussian)

[ XX XX

0.2 04 05

-t [GeV?]

43



1
—
=

B~
~

-

D
-

P

11/24/2025

Density at fixed x

Fourier transform

—— BF Cluster 1
—— BF Cluster 2

BF Cluster 3
--- FF example

rms Radius of partonic configurations vs x

—— BF Cluster 1
—— BF Cluster 2
BF Cluster 3

=== FF example
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4. NNGPD and End to End problem

Gia-Wei Chern, Yaohang Li

2" 1 % GPD B 2l CFT — /(QCDKernel) x GPD

angular momentum, calculable in lattice QCD experimental observable

NS

GPD

Is information on angular momentum
directly extractable from data?

11/24/2025 45



NNGPD

Standard feed forward neural network for the extraction of GPDs from data, lattice QCD and symmetries

Q& t
(4.5,0.159,0.1)

|Mn _MnMLIZ

|CFF — CFFML2

Preliminary results from Jason Ho (UVA)
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Diffusion model
Yaohang Li

CFF-Only Diffusion Model: MM2 Predictions

MAE: 0.004316

RMSE: 0.005812

NMAE: 0.02: nRMS 0325

R*: 0.9832 | r: 0.9919

slope: 1.006 | intercept: -4.49e-04

E_x-ﬂ,rre[llf — €g(xp t, CFF)HZ]

Standard noise-prediction loss without any additional prior term:

*X,: the true MM2 value (target)

*t: the diffusion time step, randomly sampled from

{1,...,T} each iteration

* ¢: Gaussian noise sampled from N(O,l), which is directly
linked to the target x, because it is the exact noise we added
to X, in the forward process to obtain x,

predicted

*X,: the noisy MM2 obtained from the forward process

true

* ¢ noise predicted by the neural network, conditioned on the
CFF values (ReCFF, ImCFF) preliminary results from Jitao Xu

47



Future work

We are developing a novel approach to foundation models (FMs) for theoretical hadronic physics

11/24/2025 48



This is an exciting time for NP&AI, but what are the challenges and how to address them?

A few suggestions up for discussion

» Forming/Developing the NP/Al community

More topical meetings
(IAIFI, AI4EIC are very necessary and even need to be expanded but “broad”, workshops at DNP are great but isolated episodes)

> Dissemination of results

-- New subsection of Physical Review (reviewrs are often not up to the task)
-- Common “repositories”/websites modeled after e.g. LHAPDF (existing ones are based in Europe and hard to use)

> Jobs/retention of workforce

11/24/2025 49




Conclusions

Extracting QCD-based information from data

1. relies on our ability to understand the cross section for all the various DVES processes
2. requires solving multiple inverse problems

Key example: spatial structure of the proton (and all of its mechanical properties including angular

momentum)

» We have defined a path to extract the observables from experiment that allows us to fully take into
account UNCERTAINTY QUANTIFICATION (UQ) from data using likelihood analysis and MCMC

» We have detected inconsistencies leading to degeneracy in approximated formalism of deeply virtual
exclusive processes

» On one side: our path to Al&theoretical physics brings interpretability features in the computation
and benchmarking of Al tools

» On the other: diffusion models provide a reliable method to extract angular momentum from data

11/24/2025 50
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