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Motivation

Deep Virtual Compton Scattering
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nucleon tomographic figures
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neuron network reconstruction

light-cone PDF

X. Ji, et,al., Research 8 (2025) 0695
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light-cone PDF

neuron network reconstruction

X. Ji, et,al., Research 8 (2025) 0695
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neuron network reconstruction

network structure

Input
layer

M. Chu, et,al., arxiv: 2509.15931
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mock data test mock data test
LaMET alone: BG v.s. ANN
1.04727) mock (ANN) 1.0 v/ mock (ANN)
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mock data: generated by GK model with same correlation of lattice data =050 5—— T — T
S.V. Goloskokov, et,al., Eur.Phys.J.C 50 (2007) 829-842 o t
BG + matching ANN valence (positivity constrain): success 1n recovering.
1. fails 1n recovering; 1. success 1n recovering; sea (no positivity constrain): success but large uncertainties.

2. tiny error; 2. reasonable error;
Tiny difference between LaMET and LaMET + SDE

3. oscillation 1n large x; 3. no oscillations;
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application to lattice data application to lattice data

S. Bhattacharya, et,al., Phys.Rev.D 106 (2022) 11, 114512 M. Chu, et al., arxiv: 2509.15931

lattice inputs: ETMC GPD/PDF data | '
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important indications e not compatible with NNPDF (JHEP 04 (2015) 040);

1. SDE alone fails because limited data points are used; * sea distributions have large uncertainties;

e unaddressed systemat; rtainties in lattice inputs;
2. LaMET + SDE have smaller error than LaMET alone; unaddressed systematic uncertainties in fattice mputs;

hybrid renormalization

large P, extrapolation

continuum limit. ..
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fit qualities fit qualities

results of ¢@ and ¢* compared with mock/lattice inputs
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Within the range of the input data, ANN reconstruction
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numerical results for PDFs

positivity test

mock data
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e fit method: separate or joint fit of real and 1imaginary parts;

e 7., truncation of quasi data. choices z.,, = 8a, 9a, 10a;

cut

¢ Z.... maximum z used for SDE. choices: z.,, = 3a, 4a, 3a;
* Xninmax- DOarders of regions. choices: {0.15,0.85}, {0.2,0.8}, {0.25,0.75};

conclusion

1. only fit method 1n large x region 1s compatible with statistical.

2. separate fit for lattice data 1s better to exclude imaginary

Gyva(x) = Re[F(2)]
Gyal(X) + 2q,o(x) = Im[F(2)]

contaminations of valence.
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networks for GPDS mock: rZZ] t=0 t=-0.26 GeV? V74 t=-0.68 GeV? 772 t=-2GeV?

parametrization of light-cone GPDs

0 N 5O © 0
q( )(X) =X (1 _ x),O ANN( )(X, t) mOCk 102 1()' ! 100 0 10t

/ 0.75
NO
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0.00
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M. Chu, et,al., arxiv: 2509.15931

t dependence (semi activation function)

lattice: B t=0 t=-0.26 GeV? BN t--0.68GeV? t=-2GeV?
1.0
1 e 1 N 04
normalization of H GPDs: I dx H! (x,0) = dx H? (x,0) = 1 05 5
: Jo L
constrain in reconstruction 0.0- 00
. 102 10! 107 102 10! 10°
n 1 n ] lattlce T T
normalization of E GPDs: xE" (x,0) =«,, | dxE% (x,0) =« 075 00
Jo Jo 0501
not constrained ”i‘ 0.251 0
0.00
. o " 1 0 —1.0 -2 —1 0
K, 4 contribute to anomalous magnetic moment of the proton 102 10 10 10-2 10 10
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fit qualities elastic form factors

compared with mock/lattice inputs

Dirac Pauli
2 2
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forward limit of H GPDs and PDFs 2-
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=0.5 = . 2
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00T o - 0.0 e N K;’Xp = 1.792847350(9)
102 107! 10" 102 10! 10"

T T

L L | A. Mooser, et,al., Nature 509 (2014) 596-599
The agreement 1ndicates the robustness of lattice inputs and our method!
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numerical results for GPDs

d’ .
tomography: g(x,b,) = [ —e PUALHY(x,0, — A?)
(27)?
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e This work introduces a unified neural-network framework that extracts light-cone PDFs and zero-skewness GPDs

from lattice QCD by fitting of LaMET 1nputs with SDE ones.

e Using neuron networks with power-law factors and auxiliary components, the method outperforms traditional

approaches, yielding stable results of PDFs.

e The framework 1s extended to zero-skewness GPDs, providing the reconstruction of H and E GPDs along with

elastic form factors, nucleon tomography, and proton angular momentum estimates.

 Future improvements 1n lattice inputs will reduce uncertainties, enhance the reliability, and improve nucleon

structure studies with experiments like the Electron-Ion Collider.

Thank youl




