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Introduction

ÅTwo useful reviews
Boehnlein, Amber, et al. 
"Colloquium: Machine learning in nuclear physics." 
Reviews of modern physics 94.3 (2022): 031003.
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Possible Uses

ÅDifficult to model/simulate, but you have lots of 
data

ÅTime is crucial

ÅCare more about predictions than understanding

NOT always the right tool for the job
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Categories

ÅFunctional Approximation

ÅClassification

ÅGeneration

ÅChores
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Functional Approximation
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Feed-forward, Dense Neural Network
ÅFunction ᴙ ᴼᴙ  composed of more 

elementary functions:

Ὢ● ὃ „ʐʐ Ễ ὃʐ „ʐ●ȟ

where:
ὃ● ὡ● ╫ȟ

and „ is an ΨŀŎǘƛǾŀǘƛƻƴ ŦǳƴŎǘƛƻƴΩ (aka, non-
linear function):

Å„ὀ „ὼ ȟ„ὼ ȣ„ὼ  
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Universal Function Approximation Theorem
(Informal): A deep enough NN can approximate any function, 
ᴙ ᴼᴙ

Neural Network:
Ὢ● ὃ  ʐȣ „ʐʐ ὃ „ʐʐ ὃ ●

ÅParameters: Weights & biases 

Å5ƻƛƴƎ ƳƻǊŜ ŦǳƴŎǘƛƻƴŀƭ ŎƻƳǇƻǎƛǘƛƻƴǎ όάŀŘŘƛƴƎέ ƳƻǊŜ ƭŀȅŜǊǎύ ǘƻ 
improve

Taylor Series (analogy):
ώ ὥ ὥὼ Ễὥὼ

ÅParameters: Coefficients

ÅAdding higher order terms to improve
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Training Procedure
ÅLearning as an optimization problem

ÅGradient descent (or variation) to 
determine parameters

ÅTrain/validation/test split

Want to minimize:
ὒ

Example:

ὒ ὓὛὉ
ρ

ὔ
ώ ώ
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Training Validation Test

Machine learns from this set
όΨƭŜŎǘǳǊŜ ƴƻǘŜǎΣ ƘƻƳŜǿƻǊƪΩύ

Used to monitor learning; 
Not just memorizing
όΨǉǳƛȊȊŜǎΩ)

Final Evaluation
όΨŦƛƴŀƭ ŜȄŀƳΩύ



NNPDF

CJ15

ÅPDF sets start with parameterizes 
Ὢὼȟὗ  

Example: CJ15 for valence u/d:

ÅParameterizes Ὢὼȟὗ  with NN

ÅNNPDF 1.0 released 2008

https://nnpdf.mi.infn.it/
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https://journals.aps.org/prd/pdf/10.1103/PhysRevD.93.114017


NNPDF 4.0
ÅOrder: up to NNLO

Åὔ τȟφρψ

Å²ǊƛǘǘŜƴ ƛƴ ¢ŜƴǎƻǊCƭƻǿ όǇŀǎǘ bbt5CΩǎ 
used in-house C++ code)

Å¦ǎŜ ƻŦ Dt¦Ωǎ ŀƴŘ ¢ŜƴǎƻǊCƭƻǿ ǎǇŜŘ 
fitting time by factor of  140

ÅGradient descent optimization (vs. 
genetic algorithm in 3.1)

In addition: Ὣ

Evolution basis:
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NNPDF 4.0 ς Training 
Procedure
ÅSingle ƴŜǘǿƻǊƪ ŦƻǊ ŀƭƭ t5CΩǎ

Å763 free parameters (NNPDF 3.1: 
296)
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NNPDF 4.0 - Results
ÅResults 
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Neural Operators

ÅOften ȅƻǳ ŘƻƴΩǘ ǿƻƴΩǘ ǘƻ ǎƻƭǾŜ Ƨǳǎǘ 
single function

E.g,  given different initial field condition,  
want the evolution of system

ὪόὲὧὸὭέὲρᴼὪόὲὧὸὭέὲς

Theorem (informal): neural networks can 
approximate an operator
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Neural Operators

ÅContinuous generalization of regular bbΩǎ 
layers (basically)

ό ὼ „ Ὠὼᴂ‖ὼȟὼ ό ὼᴂ ὦὼ

ÅSurrogate models: trained on data from 
simulations

ÅOften faster than numerical simulations
14

FourCastNet: A global data-driven high-resolution 
weather model arXiv: 2202.11214 

TCWV



Fourier Neural Operators
ÅFNO fundamental layer, choose translation invariant ‖ØȟØ : 

ό ὼ „ Ὠὼᴂ ‖ὼ ὼ ό ὼᴂ ὦὼ

ÅFor integral:

Ὠὼᴂ ‖ὼ ὼ όὼᴂᵼ ‖ὼ ὼᴂόὼ  Ὢέὶ ὩὥὧὬ ὼ

Convolution theorem: convolution in position space becomes product in 
Fourier space

ꞈ ꞈ ‖ὼ ὼᴂόὼ  ꞈ ꞈ‖ꞈό

ÅAdvantage: ַײὔ ᴼַײὔÌÎὔ  using FFT
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Scattering with NO
ÅFor non-relativistic scattering:

╡▄ ●ȟ◄ ╘□ ●ȟ◄ ╥●

Train

Test

ȿɰὼȟὸȿ
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Scattering with NO

ÅFaster, less memory intense than 
standard Crank-Nicholson (CN) 
method

ÅUnitarity mostly obeyed
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Scattering with NO
Å2D Double Slit Experiment

ȿɰ●ȟὸȿ
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Classification
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Convolutional 
Neural Network

ÅCNN: only non-zero 
weights around point

ÅWeights sharing: 
same for every point

ρπᴼω

ÅFor ρςψρςψ image 
ὔͯ  ρπ pixels

ÅFor one dense layer, 
there are ὔ  ͯρπ 
weight parameters

Input Output

Input Output 20



Convolutional Neural Network

ÅBuild up complexity
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Zeiler and Fergus (2014).



Deep learning in color

ÅDifficult to distinguish 
light quark and gluon 
jets

ÅJet άƛƳŀƎŜǎέ Υ ƛƴǘŜƴǎƛǘȅ 
at local calorimeter 
deposits
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Data

Åὴὴ at ί ρσ ὝὩὠ

Å90 k training (10% val.)

Å10k testing
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Deep learning in color
ÅMatches or outperforms 

traditional variables

ÅInsensitive to whether 
Pythia/Herwig
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DeepRich

ÅFor deflection of internally 
reflecting Cherenkov (DIRC) 
detector at GlueX

ÅFull simulation slow

ÅVariational autoencoder (VAE) 
forces data to lower 
dimensional latent space 

ÅClassifier uses latent space to 
separate + Ǫ “ ᴂÓ

Latent 
Space
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Co-Inventor of VAE:
Max Welling.
Ph.D. Thesis on quantum 
gravity, advised by Gerard 
Ψǘ IƻƻŦǘ



DeepRich
ÅLatent space

ÅClassification ability 
comparable to FastD

4 GeV 5 GeV

3D-visualization obtained from t-SNE
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DeepRich

ÅAdvantage: speed. 

ÅUses parallelism of GPU

ÅCan do ρπ particles in 
Ḑ1.4 ms
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Boosted Decision Trees

NOT a neural network or deep 
learning approach

ÅGroup of weak learning better 
than individual

ÅEnsemble of decision trees 
used in astrophysics as well  
(paper: random forest instead 
of BDT)
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XGBoost
YŀƎƎƭŜΩǎ IƛƎƎǎ .ƻǎƻƴ /ƘŀƭƭŜƴƎŜ

YŀƎƎƭŜΩǎ IƛƎƎǎ .ƻǎƻƴ /ƘŀƭƭŜƴƎŜ

ÅDeveloped for YŀƎƎƭŜΩǎ IƛƎƎǎ .ƻǎƻƴ 
Challenge

ÅSeparate signal Ὄᴼ Ӷ†† from 
background 

ÅFeatures: Π jets, derived mass, the 
–ȟ‰ȟὉ  of various particles, etc.

Å²ƻƴ άa[ ƳŜŜǘ I9tέ !ǿŀǊŘΥ

άŀƴ ŜȄŎŜƭƭŜƴǘ ŎƻƳǇǊƻƳƛǎŜ ōŜǘǿŜŜƴ 
ǇŜǊŦƻǊƳŀƴŎŜ ŀƴŘ ǎƛƳǇƭƛŎƛǘȅέ

Proceedings of the 22nd acm sigkdd international conference on knowledge discovery and data mining. 2016.

Proceedings of the 22nd acm sigkdd international conference on knowledge discovery and data mining. 2016.

Proceedings of the 22nd acm sigkdd international conference on knowledge discovery 
and data mining. 2016.

Proceedings of the 22nd acm sigkdd international 
conference on knowledge discovery and data mining. 
2016.

Citations: ͯ 53,000

JMLR: Workshop and Conference 
Proceedings 42:19-55, 2015 

άaŀƴȅ ǎǳŎŎŜǎǎŦǳƭ ǎƻƭǳǘƛƻƴǎ ŀǊŜ
based on the XGBoost implementation of 
ōƻƻǎǘŜŘ ŘŜŎƛǎƛƻƴ ǘǊŜŜǎέ
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https://www.kaggle.com/c/higgs-boson
https://www.kaggle.com/c/higgs-boson
https://dl.acm.org/doi/pdf/10.1145/2939672.2939785
https://dl.acm.org/doi/pdf/10.1145/2939672.2939785
https://dl.acm.org/doi/pdf/10.1145/2939672.2939785
http://proceedings.mlr.press/v42/cowa14.pdf
http://proceedings.mlr.press/v42/cowa14.pdf


Boosted Decision Trees

Compared to deep learning methods:

ÅAbout as good for tabular data

ÅFaster to train

ÅBetter interpretation

When data has locality or order (e.g. 
image or time series) not as competitive
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Classification

At τȢω GeV,  pions as well as 
electrons and positrons produce 
signal in High Threshold Cherenkov 
Counter at CLAS12, JLAB

ÅUsed Boosted Decision Trees in 
electron/positron  identification

ÅPerformed better than neural 
network

Enhancing Lepton Identification in CLAS12 using Machine 
Learning Techniques

Mariana Tenorio-Pita, ODU
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https://www.jlab.org/Hall-B/shifts/csc/slides/2024/JSAPoster2024_TenorioM.pdf-2024-06-05.
https://www.jlab.org/Hall-B/shifts/csc/slides/2024/JSAPoster2024_TenorioM.pdf-2024-06-05.


Generation
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Generation
ÅWe often need to generate samples

Examples:

ÅMonte Carlo for experimental analysis

ÅLattice QCD: samples for calculations

Problem: these are often computationally expensive, need to generate many
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Diffusion

ÅTook ideas from non-equilibrium 
thermodynamics

ÅAdd Noise to image

 ◑  ρ ‍◑ ‍ ꜗ ρ

ꜗḐﬞ ȟὍ

Asymptotically: 

ÌÉÍ
ᴼ
 ◑Ḑﬞ ȟὍ 

International conference on machine learning, 2015

Exercise: From Eq. (1) and assuming ‍ᶰ πȟρ, show

◑  ‌◑ ρ ‌ ꜗ  

where:

‌ ρ ‍

and, thus, the asymptotic limit ᾀ  Oﬞ ȟὍ holds. 
Also, 

◑ ȿ◑ȟ◑

ρ ‌

ρ ‌
ρ ‍◑  

‍ ρ ‌

ρ ‌
ꜗ
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http://proceedings.mlr.press/v37/sohl-dickstein15.pdf


Diffusion

ÅCƻǊǿŀǊŘ ǇǊƻŎŜǎǎΥ ΨŀŘŘǎΩ 
noise sequentially

ÅTrain neural network to 
ΨŘŜƴƻƛǎŜΩ ƛƳŀƎŜΩΣ ƻƴŜ ǎǘŜǇ 
at a time. 

ÅDistributions analytic 
since made from  
Gaussians
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Scheinker (2024)

https://www.nature.com/articles/s41598-024-70302-z.pdf


Diffusion

ÅTo generate image, start with 
Gaussian noise, then denoise 

ÅImages high dimensional,  often 
ǇŜǊŦƻǊƳŜŘ ƛƴ άƭŀǘŜƴǘ ǎǇŀŎŜέ όƭƻǿŜǊ 
dimensional representation of 
data)

Å/ŀƴ ƎŜƴŜǊŀǘŜ ƘƛƎƘ ǉǳŀƭƛǘȅ ΨƛƳŀƎŜǎΩ, 
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Diffusion
ÅFor EIC or JLab

ÅάLƳŀƎŜέΥ‰ and – index 

ÅάLƴǘŜƴǎƛǘȅέΥ ǊŜƭŀǘŜŘ ǘƻ

ᾀ
ς ὴȟ

ί
ÃÏÓ–

with massless approx. used. 

ᾀ Ȣ ς

ÅChannels: ὖὍὈȟ 
Ὡȟ“ȟὑ 37



Diffusion
ÅResults

ÅὖώψOὴὭὼφτ: 
pixelation
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Diffusion
ÅAll generated events had:

ᾀ ς
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Chores
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Currents Trends

ÅA lot of open-source 
code to train on

Å[[aΩǎ ƘŀǾŜ ƛƳǇǊƻǾŜŘ ƛƴ 
coding

https://www.nytimes.com/2025/03/14/technology/why-
im-feeling-the-agi.html

"If you really want to grasp how much better A.I. has 

gotten recently, talk to a programmer. A year or two 

ago, A.I. coding tools existed, but were aimed more at 

speeding up human coders than at replacing them. 

Today, software engineers tell me that A.I. does 

most of the actual coding for them, and that they 

increasingly feel that their job is to supervise the 

A.I. systems. 

tƻǿŜǊŦǳƭ !ΦLΦ Lǎ /ƻƳƛƴƎΦ ²ŜΩǊŜ bƻǘ wŜŀŘȅΦ

Jared Friedman, a partner at Y Combinator, a start-up 

accelerator, recently said a quarter of the 

acceleratorôs current batch of start-ups were using 

A.I. to write nearly all their code. ñA year ago, they 

wouldôve built their product from scratch ð but now 95 

percent of it is built by an A.I.,ò he said."
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Research

άThese results suggest that GPT-4 possesses 
superior programming abilities compared to 
most human programmers participating in these 
contests, yet it still falls short of surpassing the 
most elite human programmers in most 
situationsΦέ
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Historical Precedent

ÅCalculators, computers 
refocused what humans do

ÅHuman in loop is still 
required
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Code Commenting

Asked LLM 
to document

https://github.com/keras-team/keras-io/
blob/master/examples/generative/ddpm.py



Other Applications

ÅTranslating Code

ÅError handling

ÅCode optimization

ÅImprove prose writing
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Note Translation

46

ÅTest: hand-written 
notes to Latex code 
with GPT-4o

Å{ŀǊƎǎƛŀƴΩǎ нлмт 
pQCD course

ÅFrank had better 
luck with Gemini



Conclusion

ÅML methods becoming more common

ÅMany possible uses in research: functional approximation, classification 
and generation

ÅCan automate much drudgery 
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Tutorial

ÅLink to Google Colab:

https://colab.research.google.com/drive/11hfIV9LgMQQC3n2tAT4_Ldj0qnJF
n684?usp=sharing

ÅNeed to sign into Google Account to run

ÅCan download notebook from Indico page, but need TensorFlow
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https://colab.research.google.com/drive/11hfIV9LgMQQC3n2tAT4_Ldj0qnJFn684?usp=sharing
https://colab.research.google.com/drive/11hfIV9LgMQQC3n2tAT4_Ldj0qnJFn684?usp=sharing


Resources

Good coding practices

ÅThe Good Research Code Handbook (online)

Neural Networks in Nuclear Physics

ÅBoehnlein, Amber, et al. "Colloquium: Machine learning in nuclear 
physics." Reviews of Modern Physics 94.3 (2022): 031003.

Tensorflow Tutorials

ÅTensorFlow 2 quickstart for beginners

ÅConvolutional Neural Network (CNN)

49

https://goodresearch.dev/
https://journals.aps.org/rmp/pdf/10.1103/RevModPhys.94.031003
https://journals.aps.org/rmp/pdf/10.1103/RevModPhys.94.031003
https://www.tensorflow.org/tutorials/quickstart/beginner
https://www.tensorflow.org/tutorials/images/cnn


Resources - Basics
General

ÅTextbook: Goodfellow, Bengio, and Courville. Deep learning. 2016.

 - Available online, with lectures

 - Topics listed below can be found here

Neural Networks

ÅBut what is a neural network?|3Blue1Brown (YouTube, Chapter 1 of 4 in 
ML series)

CNNs

ÅBut what is a convolution? |3Blue1Brown (YouTube)

ÅStanford University: Introduction to Convolutional Neural Networks for 
Visual Recognition (YouTube, whole course)
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https://www.deeplearningbook.org/
https://www.deeplearningbook.org/lecture_slides.html
https://www.youtube.com/watch?v=aircAruvnKk
https://www.youtube.com/watch?v=KuXjwB4LzSA
https://www.youtube.com/watch?v=vT1JzLTH4G4
https://www.youtube.com/watch?v=vT1JzLTH4G4


Resources ς Advanced Topics
PINNs

ÅRaissi, Maziar, Paris Perdikaris, and George E. Karniadakis. "Physics-informed neural networks: A deep 
learning framework for solving forward and inverse problems involving nonlinear partial differential 
equations." Journal of Computational physics 378 (2019): 686-707.

NN Optimization 

ÅSmith, Samuel L., et al. "Don't decay the learning rate, increase the batch size." arXiv preprint 
arXiv:1711.00489 (2017).

Uncertainty Quantification in NNs

ÅGal, Yarin, and Zoubin Ghahramani. "Dropout as a bayesian approximation: Representing model 
uncertainty in deep learning." international conference on machine learning. PMLR, 2016.

Neural Operators

ÅKovachki, Nikola, et al. "Neural operator: Learning maps between function spaces." arXiv preprint 
arXiv:2108.08481 (2021).
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https://www.sciencedirect.com/science/article/pii/S0021999118307125
https://arxiv.org/pdf/1711.00489.pdf
http://proceedings.mlr.press/v48/gal16.pdf
https://arxiv.org/pdf/2108.08481.pdf


Backup Slides
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ML Action Parameters in LQCD
ÅParameter estimation

ÅUses SU(2) Gauge symmetry

ÅGauge links: 4 dimension

ÅEach as 4, therefore 16

ÅGrid: ρς σφ
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FemtoNet
ÅFor ὩὴO Ὡὴ‎ᴂ,

ÅBut Ὕ Ὕ Ὕ

DVCS:
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FemtoNet
ÅDropout - prevents 

overfitting, leads to neurons 
to look at independent 
features, avoid correlations 
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LQCD Ensemble Generation
ÅPotential for lattice 

QCD

ÅComputational 
methods reach 
critical slowing 
down

ÅUnlike with images, 
probability 
distribution known
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LQCD Ensemble Generation
ÅEventually should 

outpace traditional 
hybrid Monte Carlo 

ÅWe want symmetries 
to holds, asymptotic 
guarantees

ÅMuch work done on 
simpler problems ς 2D, 
scalar theories, etc.
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Transformer
ÅUses attention mechanism

ÅTechnology behind ChatGPT (generative 
pre-trained transformer)
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Transformers

Advantages:

ÅCan pick out  complex and long-
term correlations

ÅComputationally efficient to train

Disadvantage:

ÅUsually requires a lot of data to 
learn properly
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