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Overview
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Open Data Goals

Open science principles underpin all
Research activity to ensure it upholds
the UN Sustainable Development Goals with
respect to equality of education and growth.

an obligation to make data
public and accessible.

f\’-\\ Experiments at CERN have
~

Open research data refers to the publishing of the data
underpinning scientific research results so that they have no
restrictions on their access and usage.

Openly sharing data opens it up to inspection and re-use,
forms the basis for research verification and reproducibility,
and opens up a path to broader collaboration. J)

UNESCO Open research data definition
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Open Data Goals

Machine learning in ATLAS is used to search
for rare particle events amid large backgrounds,
leveraging many variables to detect subtle
signals in high-dimensional collider
datasets, enabling precise

Experiments at CERN have  a@nalyses and searches

/'\m‘ -
an obligation to make data  TOr new physics.
N 4

public and accessible.

“

Open research data refers to the publishing of the data

underpinning scientific research results so that they have no Accessible, multi-level training resources
restrictions on their access and usage.

Open science principles underpin all
Research activity to ensure it upholds
the UN Sustainable Development Goals with
respect to equality of education and growth.

| | | | developed to guide students from no prior
Openly sharing data opens it up to inspection and re-use, _ _ _
forms the basis for research verification and reproducibility, experience to advanced machine learning,
and opens up a path to broader collaboration. 7) enabling hands-on exploration of ATLAS Open

Data, skill development, and preparation for

UNESCO Open research data definition : :
physics and data science careers.
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Accessible, multi-level training resources
developed to guide students from no prior
experience to advanced machine learning,
enabling hands-on exploration of ATLAS Open
Data, skill development, and preparation for
physics and data science careers.

Overview

Machine Learning

Machine learning in ATLAS is used to search
for rare particle events amid large backgrounds,
leveraging many variables to detect subtle
signals in high-dimensional collider
datasets, enabling precise
analyses and searches

for new physics.
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ATLAS @ CERN

The ATLAS experiment at CERN’s Large
Hadron Collider is a particle detector
exploring the building blocks of matter & the
forces shaping our universe.

By studying proton-proton collisions at
unprecedented energies, it probes the Higgs
boson, rare processes, and potential new
physics, aiming to unlock the Universe’s
deepest mysteries.

ATLAS

EXPERIMENT

Run:( 358615,
Event: 3‘99!4@*8
2018-08-19 20:30:51 CEST
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Web-Based Interactive Application for ML
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Undergraduate Jupyter Notebooks for ML

Jupyter Notebook introduces machine learning fundamentals using
Python’s scikit-learn to create classifiers.

Students actively explore ROC curves, gradient descent, random
forests, and neural networks, with real ATLAS physics applications.

Also learning material about more advanced libraries
such as PyTorch, TensorFlow, and Keras.

TPR

1.0 4 = ROC Curve (area = 1.00)
- =  Random classifier _
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Machine Leornlng Workbook

—
\

This online workbook, created by
Thomas Stevenson, will introduce the
basics of Machine Learning and how it

can be exploited in an experimental |

physics context. Experience with python |

is required, however no knowledge of
ML is necessary. Warning: it may take a
long time to load the workbook and
associated repositories! A preview is
available by clicking on the image.

Jupyter Notebook, accessible via Binder, trains students in applied
machine learning using hands-on exercises, including k-Fold

Cross-Validation and ROC curve analysis.

Demystifies common ML terminology, making concepts

approachable for Python users with no prior experience.

‘, In [ .. from sklearn.model_selection import ShuffleSplit
\ ABDT = AdaBoostClassifier(tree.DecisionTreeClassifier(max_depth=6),
| algorithm="SAMME",

n_estimators=20)

cv = ShuffleSplit(n_splits=2, test_size=0.2, random_state=0)

l errorVsSize(ABDT,cv,X_train,y_train,4)

T
300 400
lead lep t[G V] _

14 MAY 2026



Advanced / Early Career Jupyter Notebooks

== —_—

Machine Learning Workbook

e Ayt ) et e € i et St i % St This online workbook, created by
s Thomas Stevenson, will introduce the
B gt S5 iptarete WS ALY vy’ 4y Mk basics of Machine Learning and how it
e e T A B b S o ' can be exploited in an experimental
physics context. Experience with python

I
The Training and Testing split

is required, however no knowledge of
ML is necessary. Warning: it may take a
long time to load the workbook and
associated repositories! A preview is
available by cllcklng on the |mage

An accompanying presentation, available as downloadable slides
and an explanatory video, provides additional guidance.

Together, they allow students to explore concepts at their own pace,
gain practical skills, and build research-focused expertise applying
machine learning to high-dimensional physics datasets.

TOM STEVENSON 13
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Jupyter Notebook, accessible via Binder, trains students in applied
machine learning using hands-on exercises, including k-Fold
Cross-Validation and ROC curve analysis.

Demystifies common ML terminology, making concepts
approachable for Python users with no prior experience.

In [ .. from sklearn.model_selection import ShuffleSplit
|\ ABDT = AdaBoostClassifier(tree.DecisionTreeClassifier(max_depth=6),
u algorithm="SAMME",

| n_estimators=20)

cv = ShuffleSplit(n_splits=2, test_size=0.2,
errorVsSize(ABDT,cv,X_train,y_train,4)

random_state=0)

Dr. Tom Stevenson and Caley Yardley
University of Sussex
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Expand resources to include advanced ML
technigues and more complex ATLAS analyses

Integrate

Integrate additional LHC datasets to provide
broader, real-world data experiences
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Expand resources to include advanced ML
technigues and more complex ATLAS analyses

Integrate

Integrate additional LHC datasets to provide
broader, real-world data experiences

Train

Train the next generation of physicists and data
scientists in practical, hands-on high-dimensional
data analysis skills
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® References and links:

ATLAS Collaboration (2020). ATLAS 13 TeV samples collection exactly two

leptons (electron or muon), for 2020 Open Data release. CERN Open Data
Portal. DOI:10.7483/OPENDATA.ATLAS.OHZ7.RENH

https.//opendata.atlas.cern/docs/category/web-apps-for-education
https.//github.com/atlas-outreach-data-tools/mi-visual-dashboard

https.//github.com/atlas-outreach-data-tools/Histogram Analyser Dark Matter
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