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observables — CFFs — GPDs = ill-posed problem!
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Some recent CFF extractions
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Some machine learning methods on the market
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and many more...

Bayesian neural networks
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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.

Loss function is reduced through gradient descent.
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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(x) — f(a:)\ <e forallxz e K.

Values 4 Values Values 4
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Model independent (mostly) and MC propagation of uncertainties.
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HERMES asymmetries

35 T v

K. Kumeri¢ki, D. Miller, QCD 30
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JLab up to 6 GeV

MC, K. Kumeri¢ki, A. Schafer, PRL 2020

Machine learning
000

Observable Npts KM20 NN20 NNDR20 £KM20 £NNDR20

# CFFs + As 341 6 441 542 842
Total (harmonics) 277 1.3 16 1.7 1.7 1.8
CLAS Ay 162 09 10 1.1 1.2 13
CLAS AyL 160 15 1.7 1.8 1.8 2.0
CLAS Ay, 166 1.3 39 0.8 11 1.6
CLAS do 1014 11 1.0 12 1.2 11
CLAS Ao 1012 0.9 09 1.0 0.9 11
Hall A do 240 12 19 17 09 13
Hall A Ao 358 0.7 0.8 0.8 0.7 0.7
Hall A do 450 15 16 17 1.9 2.0
Hall A Ao 360 1.6 22 22 1.9 17
Hall A do,, 96 1.2 0.9
Total (¢-space) 4018 1.1 1.3 13 1.2 13

Global analysis Closure tests
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Flavor separation with neutron DVCS

We separately model F* and F¢.
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Data representation
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Benali et al. '20, DVCS off a deuterium target
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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).
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4M2

do — dot

LU= 4ot + dot

ocjm{FlH+§(F1 + FB)H F25}Sin(¢)

2020 | 2023
fNN 1.5 | 1.25
fNNDR | 1.5 >3

Table: x?/Npts
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A. Hobart, S. Niccolai,
MC, K. Kumerigki 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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Simulated EIC data

E. C. Aschenauer et al, PRD, 2025, extraction from simulated beam-spin asymmetry
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How reliable are these results?
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Testing our method with closure tests

Ground truth:
Model KM15

e C.Lﬁsdnka
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MR for CFF extraction?
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Do the nets contain
the ground truth?
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JmH (xg,t) and Re(xp,t) from Xy and Ac
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Are neural networks black boxes? Why do they do what they do?

Law of Physics
Black Box of Nature
- -
([ ]

Artificial Intelligence
Black Box Model

Risk Score
_ ? _—
° 90%

All of physics is a black box! Figure: E. Marcus, J.
Teuwen, Eur. J. Rad, 2024

Can we criticize the model?
Can we interpret its inner
workings? How? Why? Can
we build it with interpretability
in mind?

L. Sharkey et al, arXiv:2501.16496, 2025
M. T. Ribeiro et al, proceeding, 2016
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Outtakes

Is the data too noisy for reliable extraction?

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

Can we benchmark?
® Are more sophisticated ML methods really necessary?

e Can we get reliable results in kinematic gaps?
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