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Introduction
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Inverse problem

observables — CFFs — GPDs =- ill-posed problem!
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Deep neural networks
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Bayesian neural networks



https://lamarr-institute.org/blog/deep-neural-networks/
https://www.solulab.com/generative-adversarial-network/
https://arxiv.org/abs/2305.01582
https://arxiv.org/abs/2405.05826
https://arxiv.org/abs/1811.01323
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We only model 441 functions instead of 8.



Introduction Machine learning

[ele] J

Universal approximation theorem

Let C(K) be the space of continuous functions on a compact set K C R™. For any
continuous function f € C(K) and for any € > 0, there exists a feedforward neural
network f with a single hidden layer such that:

|f(z) — f(ﬂc)l <e forallxz e K.

Values 4 Values Values 4

Tin:e Time Tim'e
Underfitted Good fit Overfitted
Model independent (mostly) and MC propagation of uncertainties.
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HERMES asymmetries
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JLab up to 6 G

MC, K. Kumerigki, A. Schafer, PRL 2020

Observable npts KM20 NN20 NNDR20 fKM20 £NNDR20
# CFFs + As 3+1 6 4+1 542  8+2
Total (harmonics) 277 1.3 16 1.7 17 1.8
CLAS Ay 162 09 1.0 1.1 1.2 1.3
CLAS Ay, 160 15 1.7 1.8 1.8 2.0
CLAS Apy, 166 1.3 39 08 1.1 1.6
CLAS do 1014 11 1.0 1.2 1.2 1.1
CLAS Ao 1012 0.9 0.9 1.0 0.9 1.1
Hall A do 240 12 19 1.7 0.9 13
Hall A Ao 3%8 07 08 038 0.7 0.7
Hall A do 450 15 1.6 1.7 1.9 2.0
Hall A Ao 360 16 22 22 1.9 1.7
Hall A do,, 96 1.2 0.9
Total (¢-space) 4018 1.1 13 1.3 1.2 13
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Global analysis
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Flavor separation

We separately model F* and F¢.
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Data representatio

Benali et al. '20, DVCS off a deuterium target
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ctio VE e Global analysis
‘ oC 0000®0000

JLab 12 GeV upgrade

Fits from 2020 poorly represented the new BSA proton and neutron data. We
performed new NN and NNDR fits on harmonics with new CLAS 2022 data (39 points
with —t < 0.5 GeV?) and previously available JLab data (257 points).

2020 | 2023
fNN 15 | 1.25
fNNDR | 1.5 >3
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Global analysis
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New flavor separation

without CLAS12 nDVCS with CLAS12 nDVCS with CLAS12 nDVCS

A. Hobart, S. Niccolai,
MC, K. Kumeri¢ki et al,
PRL, 2024

We refitted only
imaginary CFFs to Ay,
AUL- XLU and qu.
Flavor separation of
PReH is lost.
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Global analysis
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Simulated EIC data

E-C. Aschenauer et al, 2025, extraction from simulated beam-spin asymmetry
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Global analysis
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Pressure inside the proton

K. Kumeri¢ki, Nature, 2019 V. D. Burkert et al, Nature, 2018
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How reliable are these results?
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Closure tests
©000000

esting our method with closure tests

Ground truth:
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Do the nets contain
the ground truth?
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Closure tests
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Closure tests

(e]e]

2] el . ol — HNetit
T ; - - == guth
204 w 15.0 ”:E”i(
o .Nl\;etf't Gl
4 — il
;Jé ® —— truth :é 10.0
& 101 wnecfic | (3
5.0
=1 xB=0.1 2 xp=02 .
*1  or-1cev? Ground truth is a
0 0.0 .
01 02 03 04 s 01 0z 03 04 05 S|ng|e net from the
oo . JLab fNN model.
-2
-3
o
T -
£
7
-10
-12
. . ; . . -14 . . . :

0.2 0.4



Fe(H,,)

Fe(E, )

Hall A, PRL, 2022

5 Previous data [19]
ety 5
—ans m _
T
1.
1
} ? 1
H
T T T @
1.
ISR
F <
L K B
gt
A .
w
b E ;
i i %
‘f T T T
o 8 " = =y
Xg Xg

CFFs

e
0 025 030 635

03 03 0% 035 BT R S

—t(GeV?)

A —

020 025 030 035

G2 03 030 03%

M. Almaeen et al, 2024, vs MC et al, PRL, 2020

ReH ——

Eimr

ImH




Closure tests
0000000

What can we extract from data?
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Closure tests
000000e

® |s the data too noisy for reliable extraction?

® Do we understand systematic uncertainties and experimental methods well enough
for precise extraction?

® How impactful is higher twist?

e Can we benchmark?

® Are more sophisticated ML methods really necessary?
® Can we get reliable results in kinematic gaps?

® Can we extract the D term?
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