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Nucleon structure
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GPD models
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FF extraction
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Can we benchmark our results?



VAIM (Variational Autoencoder Inverse Mapper)
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CFF results
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Symbolic regression (PySR)

Data table

Attempted expression

y+ax?+bx+c

Goodness

Fithess metric

e.g. squared error

Form metric

e.g. #iterms

Symbolic modification
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Symbolic regression on lattice data

Lattice Data For H(X, t) PySR Model Chosen for H(x, t)
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SR on GGL

SR on Lattice and GGL HY~9(X,Z=0,t=0)
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loffe time distribution matching
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Symbolic approximation - simplifying analytic expressions

Comparison of Original Numerator and New Expression
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Likelihood analysis
Extracting CFFs from unpolarized DVCS data

oDVCS = f(Red, Re&, Re I, Re T, SMA, ImE, Sm F ,Im &, 0% 1., )
=601
ot = f(Re,Re&, Re I , &, Q% 1| Ey)

We can extract 3 CFFs!

Single point likelihood

Z (row,, rowg, 3CFFs) = Gaussian (x = 65psA — %obsB: © = ®model (#a- 3CFFS) — omodel (5, 3CFFS), oy = GérrA + GérrB)

Total likelihood

ZT1oT(CFFs) = I, 3. Z (row,, rows, 3CFFs)



Maximum likelihood result
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Conclusion

® Can we use likelihood analysis to see what information is available in data?
® Does DVCS factorize, does data see GPDs, does data contain physics?

® Can we benchmark as a community?
® Combine ML methods and physics to understand uncertainties

® Can we interpolate between kinematic regions?
® Are models reliable outside of regions where there is no data?

® Can we understand the latent space in order to constrain GPDs better?

® Can symbolic regression and approximation extract formulas from the data?



