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Nucleon structure
d5σDVCS

dxBdydtdϕdφ
∝ 4 (1 − xB) ( |𝓗 |2 + | 𝓗̃ |2 ) + . . .

𝓗A (ξ, Δ2, Q2) = ∫
1

−1

dx
2ξ

AT (x, ξ ∣ αs (μR), { Q2

μ2 })
hard scale 

HA (x, ξ, Δ2, μ2
F)

soft scale 

Inverse problem: observables                  GPDs inside convolution  
    ill-posed problem!

DVCS: ℓ + p → ℓ + γ + p



GPD models

Kumerički-Muller model

Goloskokov-Kroll model

GK

Goldstein-Gonzales-Liuti



CFF extraction

Hessian based approach, Hall A

ML calculations, Kumerički vs VAIM

Partons 2018



Can we benchmark?



VAIM (Variational Autoencoder Inverse Mapper)

C-VAIM architecture to extract CFFs Decoder after VAIM is trained



cVAIM - CFF results

Latent space

We are not losing information on , we are losing sign information for 
, we cannot extract , etc…

ℜ𝔢ℋ
ℑ𝔪ℋ ℑ𝔪ℰ̃

[arXiv:2405.05826]



Symbolic regression (PySR)
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Attempted expression

Data table

Goodness

Fitness metric 

e.g. squared error

Form metric 

e.g. #terms

Symbolic modification

Mutation

Crossover

Good? YesNo Done



Symbolic regression on lattice and phenomenological models

1) Hu−d(x, t) = P(x)F(t)
2) Hu−d(x, t) = xα(1 − x)βP(x, t)
3) Hu−d(x, t) = xα(1 − x)βP(x)F(t)

We encourage parametrizations:

with custom loss:

 MSE + Non-Factorization Penalty


 MSE + Integral Constraint  ,


complexity:

 Maximum complexity allowed for power 


operator (a,b) = (4,1)  ,


and forcing the PDF form:

 replace  eq. 2) with , 


where y = 1-x, and do 3-D fit.

∙

∙ ∫
1

0
dxHu−d(x,0,0) = . . .

∙
(1 − x)β

∙ Hu−d(x, y, t) = xαyβP(x, t)

• Numerically inexpensive and highly customizable

• Are the results stable and physical?

• Does it compare to neural networks?



MSE: Hu−d(x,0,t) =
0.831 − x

−t(x + 0.24) + x2 + 0.21

MSE+factorization: Hu−d(x,0,t) =
3(1 − 0.77x)4.1

−t + 0.6
forced PDF form: Hu−d(x,0,t) = x−0.09(1 − x)0.43e−0.68 ln2(1−x)e−t+1.01

Comparison to PyTorch

Results on lattice

Figures by A. Dotson, A. Reddy and Z. Panjsheeri



Results on VGG
MSE: Hu−d(x,0,t) =

0.02x − 0.03
−3t + xx

MSE+factorization: Hu−d(x,0,t) =
0.05x − 0.11

−2.03t + 0.79

Factorized form has worse , 

even though VGG has implemented factorization!

χ2



Can we benchmark?
• We need uncertainty quantification for all results and phenomenological 

models!


• We need to understand if interpolation and extrapolation are reliable


• Likelihood analysis as a means of assessing the information content in the 
data 


