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GLUON SATURATION

Junaid Khan

Gluon Saturation: Nonlinear Behavior

• Nonlinear QCD effects are still needed to be studied

To understand this

we need new data and ideas

N. Armesto et al. [Signatures of gluon saturation],

Phys. Rev. D 105, 1114017 (2022)

Gluon density increases at low x

  (Nonlinear effects)
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INTRO TO SURGE
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The Saturated Glue (SURGE) Collaboration 

• Discover and explore the gluon saturation regime of QCD

Global analysis WG 
To establish 

saturation, perform 
comprehensive global 
analysis quantifying 

and minimizing 
uncertainties, 

extracting universal 
building blocks of high 
energy factorization.

Initial state WG 
Improve the initial 

conditions for evolution 
for unpolarized and 

polarized observables.

Small x evolution + 

NLO calculations WG 
Non-linear evolution at 

NLO and beyond, 
computation and 

implementation of 
impact factors

Spin WG

Analyze role saturation 

in the polarized 

observables. Elucidate 

the role of chiral 

anomaly in small x 

helicity evolution.

Final states WG Construct 

a framework for 

hadronization in a saturated 
environment, including 

development of MC 

generator based on CGC 
calculations

GOAL: Develop the global analysis framework

The numerical calculation must be FAST 

as this will go inside a fitting loop

CHALLENGE: Extend global analyses into nonlinear 

regime

QCD evolution phase diagram
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SMU Global Analysis Team

Junaid Khan

SURGE Global Analysis WG

Fred

Olness
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Stevenson

Grad Student

Rebecca

Preston

Grad Student

Junaid

Khan

Grad Student

Peter

Risse

Postdoc

Global Analysis WG: The SMU Team
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GLOBAL ANALYSIS

Junaid Khan

Nonlinear QCDLinear QCD

• Parton Model

• Established global analysis framework

• Dipole Model

• Global analysis framework is needed

Schematic of DIS in the parton model Parton fitting workflow Schematic of DIS in the dipole model Dipole fitting workflow

?



Southern

Methodist

University

DIPOLE AMPLITUDE MODELS
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Step#1: Dipole Amplitude Models

• Compute dipole target scattering amplitude

• Various models can be used

• Each model depends on the set of different initial conditions

• Impact of the model parameters is also crucial



Southern

Methodist

University

DIPOLE AMPLITUDE MODELS
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Step#1: Dipole Amplitude Models

1. bkEval Solver

     (Paul Caucal)

2. rcBK Solver

(Heikki Mäntysaari)

Two different code pipelines

• Compute dipole target scattering amplitude

• Various models can be used

• Each model depends on the set of different initial conditions

• Impact of the model parameters is also crucial

https://github.com/hejajama/rcbk
https://github.com/hejajama/rcbk
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DIPOLE FITTING RESULTS
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Step#1: Dipole Amplitude Results

bkEval Solver

rcBK Solver

Good agreement

Experimental Validation
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QCD Fitting Workflows

Dipole fitting workflowParton fitting workflow
Prototype

• Good agreement with HERA experimental data

• Not fast enough for global inner fitting loop

Established
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MACHINE LEARNING QCD EVOLUTION
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Need for Machine Learning Approach

• Why?

- Global fits ≈ 5,000 data points × up to ≈ 3,000 iterations → millions of evaluations.

• Goal

- Fast ML surrogate emulating nonlinear evolution while preserving physics

• Outcomes

- Orders-of-magnitude faster evaluations → timely, iterative comparisons to data.

- Simplified access to comparison between parton and dipole models.
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MACHINE LEARNING QCD EVOLUTION
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ML Fits in Global Analysis Workflow

Credits: Peter Jacobs
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MACHINE LEARNING QCD EVOLUTION

12
Junaid Khan

Machine Learning Surrogate Models

1. Multi-Layer Perceptron (MLP) Model

2. DeepONet Model
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1- Multi-Layer Perceptron (MLP) Model:

Junaid

Neural Network Setup

Input features: x, r, C, Qs0, Ɣ

Input model: McLerran-Venugopalan

Target: N(x,r) dipole cross section

Architecture: 5 hidden layers (512, 512, 256, 256, 128 neurons) with 

GeLU activation

Output layer: Linear

Training Details

Optimizer: AdamW

 AdamW adaptively adjusts the learning rate for each parameter based on 

estimates of the first and second moments of the gradients. This allows for 

faster convergence and can handle sparse gradients effectively.

Learning rate: Exponentially decaying

Loss function: MAE

Dataset split: 80/10/10 (train/validation/test)
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MACHINE LEARNING QCD EVOLUTION
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2- DeepONet Model

Brandon
Neural Network Setup

With test dataset, Varying C and QS0 and 11,998,500 data points:

Training time: ~1 hour, 100 epochs

Size of keras model save: 11mb

Inference time: less than 1 second for full grid

“DeepONet: Learning nonlinear operators for identifying 

differential equations based on the universal approximation 

theorem of operators” https://arxiv.org/pdf/1910.03193

Two sub-networks a branch and trunk. Branch and Trunk 

network can be any network, MLP (dense connection) chosen 

for simplicity. Trunk network also uses a simple fourier features 

layer to give access to high dimensional information.
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Uncertainties: ML vs. True

Preliminary uncertainties appear to be 

satisfactory given typical theoretical 

and experimental uncertainties
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ML Results with HERA
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LOOKING FORWARD
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Next Steps:

• Other evolution models:

o Could extend to other models: BFKL, JIMWLK, … DGLAP??

o Could ‘warm-up’ running BK with LO & NLO
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Next Steps:

• Integration with xFitter:
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xsect_dipole_proton.c

#include <math.h>

#include "xsect_dipole_proton.h"

/////////////////////////////////////////////////////////

// Parametrisation of the dipole-proton cross-section  //

// as obtained from high-energy QCD with saturation    //

/////////////////////////////////////////////////////////

// This file contains two version of the cross-section //

// The first one is the original from         //

//   [1] E. Iancu, K. Itakura and S. Munier,        //

//       Phys.Lett.B590:199-208,2004 [hep-ph/0310338]  //

// which includes only light quarks.         //

// The second is from           //

//   [2] G. Soyez, in preparation         //

// which also accounts for heavy quarks.        //

// They both implement eq. (8) of Ref. 1 or eq. (3) of //

// Ref. 2. Only the parameters of the fit vary.        //

//     

        //

// - Arguments:    

        //

//    r : dipole size           //

//    Y : rapidity (Y=log(1/x))          //

// - Returned value:           //

//    the dipole-proton cross-section (in GeV^{-2})    //

//     

        //

// Additional remarks:           //

// - The quark masses are          //

//     m_{u,d,s}=140 MeV, m_c=1.4 GeV and m_b=4.5 GeV  //

// - When the heavy quarks are considered (2nd model), //

//   the x value for their contribution has to be      //

//   shifted to x(1+4 m^2/Q^2)          //

/////////////////////////////////////////////////////////

LOOKING FORWARD
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Brief Introduction to xFitter:
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Features & Recent Updates:
NNLO DGLAP  Heavy Quark Variable Threshold

Photon PDF & QED  Improvements in A2 and correlations 

Pole & MS-bar masses TMDs, PDFs (uPDFs)

Profiling and Re-Weighting …and many other

BFKL interface

xFitter 2.2.0

Future Freeze

Data: HERA, Tevatron, LHC, 

fixed target experiments

Processes: 

Inclusive  DIS, Jets, Drell-Yan, 

Diffraction, Top production 

W and Z production

Experimental Data

HQ Schemes: MSTW, NNPDF, ABM, ACOT

Jets, W, Z: FastNLO, ApplGrid

Top:  Hathor

Evolution: QCDNUM, APFEL, kT 

Other:  NNPDF reweighting

  TMDs, Dipole Model, ...

Theory Calculations

Parton Distribution Functions

αS(MZ), mc,mb,mt ...

Theoretical Cross Sections

Comparisons to other PDFs 

(LHAPDF)

x
F

it
te

r

www.xfitter.org

DIGRESSION
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Brief Introduction to xFitter:
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www.xfitter.org

xFitter Collaboration Meeting

February 2020, DESY

The xFitter Team

DIGRESSION
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Big Picture:
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LOOKING FORWARD
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OPEN-SOURCE WORKFLOW
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Open source, reproduceable workflow

Paper is in progress
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Summary:

• Dipole Calculation:

o Working Python framework to compute σtot, F2, and FL

o Reasonable agreement with e.g., HERA data

o Grid methods enable fast calculation

• BK Evolution:  

o Full evolution codes: [BKsolver, rcbk] validated

o not fast enough for inner fitting loop

• ML approach to BK Evolution (new)

o Reasonable approximation across kinematics [preliminary]

o Fast enough for flexible fits

• Other evolution models: (planned)

o Could extend to other models: BFKL, JIMWLK, … DGLAP??

o Could ‘warm-up’ running BK with LO & NLO

• Integration with xFitter: (planned)
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DeepONet vs MLP: Graphical Comparison
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DeepONet: Operator Learning Framework

Scientific Context

DeepONet (Lu, Jin, and Karniadakis) learns operators 

from grids of points and values. Leveraging the 

universal approximation theorem, it enables "off-grid" 

learning, a key advantage over traditional ML methods.

Dual-Network Architecture

Branch Network: Holds the input function/grid.

Trunk Network: Processes evaluation parameters and 

locations.
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Different Models – Gluon Saturation
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1. Modified MLP – Role of Loss Functions

MLP Architecture

Component Previous → New

Network Width 128 units/layer → 256 units/layer

Dropout 0.10 → 0.05

Learning Rate 5e-4 → 3e-4 (decrease)

LR Decay Rate 0.90 → 0.98

Max Epochs Lower limit → 500 (increase)

Batch Size Previous setting → 32

Training with Loss functions
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2. Uncertainty difference:

MLP

DeepONet
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