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https://dukakis.org/wp-content/uploads/sites/15/ai-in-business.jpg

DID YOU KNOW!

Particles collide in the LHC
detectors approximately

1 billion times per second,
generating about one petabyte
of collision data per second.

Image: uni-wuppertal.de



https://www.lhc-epistemologie.uni-wuppertal.de/home/

Example - Data Analysis in Particle Physics
Pixeldetector (JLU Gie3en / Belle Il Experiment Japan)

Pixel color =
\ deposited charge

Spoiler: Here Neural Networks have not
been the best choice.

belle2.desy.de

;



Belle Il Pixeldetector

Innermost detector

Pixelated silicon sensors (PXD)

2 layers of 40 sensors each

8 M pixels

Captures highly

ionizing particles.




PXD Clusters

Signal: Antideuterons

.

M. Peter, Unpublished

9x9 matrix
ADC values

Low ADC values

High ADC values



Belle Il Pixeldetector

Total size Sizein u Sizeinv
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Stephanie Kds — PXD Cluster Analysis using NNs - DPG-Friihjahrstagung 2021




Antideuteron Dataset

Background

G O a | Antideuterons

Differenciate between....
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je Kas — PXD Cluster Analysis using NNs - DPG-
J 2021

S. Kas, Multiparameter Analysis of the Belle Il Pixeldetector’s Data.



Problem Areas N

Particle s
\ which can be tackied using Stats & ML /




Main Challenges in Particle Physics

h. |, &
RGN i )

Does Al help?

Complexity of modern Enormous data
particle physics volumes

;



Main Challenges in Particle Physics

o L1 g

. Simulations Experiments
Complexity of modern

particle physics

;



Simulations and Al in Particle Physics

Simulations

Image: Encrypted-tbn(0.gstatic.com

Learning Particle Physics by Example:
Location-Aware Generative Adversarial Networks for
Physics Synthesis

Luke de Oliveira®, Michela Paganini®*, and Benjamin Nachman®

“ Lawrence Berkeley National Laboratory, 1 Cyclotron Rd, Berkeley, CA, 94720, USA
! Department of Physies, Yale University, New Haven, CT 06520, USA

E-mail: lukedeoliveira@lbl.gov, michela.paganini@yale.edu, bnachman@cern.ch

AssTRACT: We provide a bridge between generative modeling in the Macl
and simulated physical proce:

ne Learning communi

rative

in High Energy Particle Physics by applying a novel Ges
Adversarial Network (GAN) architecture to the production of jet images — 2D representations of
v depositions from particles interacting with a calorimeter. We propose a simple arc
the Location- Aware Generat

enel tecture,

Tvers

rial Network, that learns to produce r radiation patterns

from simulated high energy particle collisions. The pixel intensi

of GAN-generated images faithfully
span over many orde onal physical properties (.e.,
jet mass, n-subjettine etc.). We shed light on limitations, and provide a novel empirical validation
of image quality and validity of GAN-produced simulations of the natural world. This work provides
a base for further explorations of GANs for use in faster simulation in High Energy Particle Physics.

of magnitude and exhibit the desired low-dimer

https://arxiv.org/pdf/1701.05927



https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcTWz1u59v_T0hY0ckKH8DCst5uOQvgq14Ngog&s

Main Challenges in Particle Physics

bl @, o

Handling Find patterns humans New physics!
big data cannot observe
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Main Challenges in Particle Physics

a) Simulations

Classification of Particles

Parbicle Zoo

Image: encrypted-tbn0.gstatic.com

Image: Encrypted-tbn0.gstatic.com

b ) Cluster Analysis c) Pattern Recognition d) Event Classification

;


image: https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcRQchgt3m7f67YN8I60nBOe_-Pj-tpD5VuJfg&s
https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcTWz1u59v_T0hY0ckKH8DCst5uOQvgq14Ngog&s
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What is a model?

A model is a simplified representation of a system or phenomenon
that helps to understand, analyze, predict, or control its behavior.

Key Components:
- Variables: Represent the quantities of interest s(t) =vxt+s,

« Parameters: Constants that define system behavior
« Equations/Rules: Mathematical expressions/rules ﬁ ‘
governing the relationships between variables.

;




Models can be ,fraditional” or ,intelligent*

Artificial Intelligence (Al)
Programs with the ability to
learn and reason like humans

Machine Learning (ML)

Algorithms with the ability to learn
without being explicitly programmed

Deep Learning (DL)
Subset of machine learning in which
artificial neural networks adapt and

learn from vast amounts of data

Data Science
Data Science integrates all the above

terms - Al, ML & DL to exiract insights

Data Science is a field of study that from data (exploratory data analysis)
combines statistics & maths, o

and make predictions from large

programming skills - Python, R etc. and o )
domain expertise to extract meaningful datasets (predictive analytics).

insights from data.

Maths & Programming

Statistics Domain Skills |
Knowledge

Original image: corpnce.com



https://www.corpnce.com/relationship-ai-ml-dl-ds/

How do you create an Al?

Define Task

Collect Data
Pick Model

Train Al Model

Test Model

Apply Al Model



Classification vs. Regression

Classification Groups Regression predicts a
observations into "classes" numeric value

Make sure to define
exactly what you want

to do!

Here, the line classifies the Here, the fitted line provides a
observations into X's and O's predicted output, if we give it an input

- Image: r-craft.org



https://r-craft.org/regression-vs-classification-explained/

How does an Al learn?

Thee General Learning Methods

Supervised Learning Unsupervised Learning Reinforcement Learning

Classification Clustering
o° L copsiitnn Agent Environment
X ’ @ \ TS
x ] . . \‘ \\ . e
@ \\‘ xx x xx :‘ & P ) ,I \\ [ ] » ® o0 \\\
\ \ ]
’,kx\\ x x x ° o ’ . —_ PY " \\‘ |
// ‘\\ x T e Yy - 'y o M Actions
0k L e S, W
K ) ¢ *** e . [ ] ° i, Rewards
) ° o Rl
* * Tk ~—-_____.__. _______ 3 Observations
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Supervised learning

Unsupervised learning




How does an Al learn?

&

Training

" ORANGE

Labeled Dataset Test Data
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Machine Learning is a Broad Field

Meaningful
Compression

Structure Image

. e Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

istai ‘ Classification Diagnostics
Visualistaion Reduction Elicitation Detection 8 T D P 9

CNNs

Advertising Popularity
Prediction

Learning Learn i ng Weather

Forecasting Translormers
*
M ac h I n e Population

Growth
Prediction

Recommender Unsupervised SuperV|SEd

Systems

Clustering Regression
Targetted

Marketing

b [ &

Market ﬁy&

Forecasting

Customer * Estimating diedt B
i i sted K-Means .
Segmentation Le a r n I ng life expectancy Ges "er:e¢s e LC\us\u‘ma Naive Ba:jgs
LAl ‘ »
L]
aulkis ‘ Reinforcement K-Nearest |
Real-time decisions Game Al L°J"J‘" Rearesmm L'jarniva Nti(f.k)‘\‘ors
. 4t ABACUS Al ),

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks







Nevural Networks — Main Idea

Artificial human brain -> Neurons which are connected

Dendrite
Axon €rminal
Node of
Ranvier
Cell body Y
S Axon Schwann cell
Myelin sheath
Nucleus

Wikimedia.org Purdue.edu
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Neural Networks - Single Neuron
(Perceptron)

\V\Qu& OM‘)W\

X4

Xq

XN The network learns a
function‘s parameters

25




Neural Networks & Mathematical Models

A mathematical model has parameters which can be adapted: Wikipedia.org
Linear model: Parameters:
y=mx+b m, b
In NNs weights are parameters...
DEEP NEURAL NETWORK
...but there are also hyperparameters ot gy Hasen 1 i i) oy Han 3, O

which have to be chosen correctly to receive good results:

* Number of layers
* Number of neurons per layer Millions of
e Activation function parameters!
e Optimization algorithm

26




Neural Networks - Single Neuron
(Perceptron)

Tanh Relu
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Neural Networks -
Multi-Layer-Percepiron (MLP)
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“Hidden” layer

» Stack several nerons -> enlarge model‘s complexity

e Each layer adapts basis functions based on previous
layer

* Allows non-linear decision boundaries

Image: Federico Meloni, HASCO Summer School 2023




Interesting Networks for Particle Physics

NEURAL NETWORK
GAN ARCHITECTURE TYPES

Data Generation:
Compressing Data &

Anomaly Detection: Autoencoder o0 & 9 %%% %i%
SINGLE LAYER RADIAL BASIS _—— +

I Mma g e P Frocess | N g : C N N PERCEPTRON NEWORK RECURRENT NEURAL
Classification: FFN, SOM i '
Handling graph-like oo A
structures: G ra p h N N NEURAL NETWORK HOPFIELD NETWORK BOLTZMANN MACHINE

@ weurunn HIDDEN UNIT & sackrep ivpUT UNIT
@ outPuTuNIT (A FEEDBACK WITH MEMORY UNIT & PROBABILISTIC HIDDEN UNIT

;

mygreatlearning.com
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Model Building Process: How Al Learns

Choosing appropriate Metrics

L] L] L] g
Classification Regression Others
Predicted - \
= 41_ _a . >
Species,  Other sp. il Accuracy :% \MAE Toa g"' " J) Q
. : —————— '3 e
</ \ L oo %
& True Falsg D Specificity = TNTPFP ‘ ASE =hos g(y' » , >6 0
T || Positive | Negative B L - ; Toll Area of Overlap
& PR ou = — = ——
§ 4 - Precision = ——TPT+PFP ‘RMSE = ‘:\’J‘% é G- 4?3) ' oy Area of Union
8 || False True — % . $ L
g Positive | Negative l:, Recall = TPT+PFN o= Zwr P Y : S
; Tl z('/; ; ?2 A 3 —_— —— Ground-truth
N 7‘,\ o — Prediction
e
EMAPE 2= g %l | Actual Value

Image: Almabetter.com Image: Towardsdatascience Image: v7labs.com



httptutorials/data-science/classification-metricss:/www.almabetter.com/bytes/
httptutorials/data-science/classification-metricss:/www.almabetter.com/bytes/
https://www.v7labs.com/blog/performance-metrics-in-machine-learning

(Particle) Classification Metrics
Confusion Matrix & ROC-AUC Curve

Check your usecase!

Predicted
. : _ TP+TN
SpeCIeSk Other Sp. Accuracy T TP+TN+FP+FN
e // \ TN
2 True | False D Specificity = ET TN F1 Score:
-8 8_ Positive Negative * The harmonic mean of Precision and Recall, balancing both concerns.
E v | & / TP e Formula: F1 Score 9 y DrecisionxRecall
...... o S ———— - - - : = Precision  Rocall
§ % Precision TP+FP Useful wh d a bal btI Precisi d Recall
: * Useful when you need a balance between Precision and Recall.
o 3 Fa.ls.e ~ True
< | || Positive | Negative . Recall = TP
o K\ ) TP+FN

Sometimes you want to detect

all potential candidates...

Image: almabetter (maximize Recall)



httptutorials/data-science/classification-metricss:/www.almabetter.com/bytes/

(Particle) Classification Metrics
Confusion Matrix & ROC-AUC Curve

Perfect  ROG curve

Predicted 1 0ciassifier
TP+ TN ' EM
Species,  Other sp. - Accuracy = o T T EP £ EN o \./

kS True | False Specificity = N 2 1.2

o o | _ pecificity = TN+ FP 2 7 2@ Worse
8 L ||| Positive | Negative g U Rt
e et | ] recision - TP 5 /&
3 a : ecision = TP+ FP = RS
o o : — 78
O % ||| False | True LT

< | || Positive | Negative || [ Recall - TP

o\ ) TP+FN

K 0.5 1.0

False positive rate

Image: Medium

Image: almabetter



httptutorials/data-science/classification-metricss:/www.almabetter.com/bytes/
https://medium.com/@msong507/understanding-the-roc-auc-curve-cc204f0b3441

Model Training & Evaluation
Train, Test, and Validation Dataset Split

Ensure robust evaluation of a machine learning model's performance
without over- or underfitting.

A X A X
X X
X X X X(OX
X
X X X X X X X X X X
XX X XX X
Under-fitting Appropirate-fitting Over-fitting
(too simple to (forcefitting--too
explain the variance) good to be true) HG

Image: Kaggle

;



https://www.kaggle.com/discussions/getting-started/278552

Model Training & Evaluation
Train, Test, and Validation Dataset Split

Ensure robust evaluation of a
machine learning model's B o
performance without over- or Training data Validation data @ Test data

underfitting.
Image: v7labs.com

Cross-validation
can be an
alternative if the
dataset is small

Image: dataaspirant.com



https://www.v7labs.com/blog/train-validation-test-set
https://dataaspirant.com/cross-validation/

Model Training & Evaluation

Train, Test, and Validation Dataset Split

Bias-Variance Tradeoff
Increased model complexity
* more parameters to fit to

* requires mode data

Training vs Test Error

Error

< Underfitting

BestiF

Training error typically
under estimates test error.

Overﬁ‘rﬂng >

lraining Erro,

Image: YouTube | J. E. Gonsalez

High bias, low variance

Model “complexity”

(e.g., number of features)

Low bias, high variance


https://i.ytimg.com/vi/UJ3WGuJ1zao/maxresdefault.jpg
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Data Preprocessing

Transforming raw data into a clean and usable format for machine
learning models.

Enhances data quality, improves model accuracy, and reduces
computational costs.

: Data Data :
Data Cleaning I Transformation Data Reduction Apply Model




Basic Statistics First + Actually Look at Your Data

Matching Boxplots, Histograms, and Summary Statistics.
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https://www.youtube.com/watch?v=FdnHo_LKKSQ

a Find best subspace
dimension
and number
Input data on the basis of cluster-
quality indices,
and project the data
onto the subspaces
40 9 Step 1
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Check out this link for more information about
data visualization. Image: Nature.com



https://neptune.ai/blog/dimensionality-reduction
https://www.nature.com/articles/s41551-020-00635-3
https://media.neurips.cc/Conferences/NIPS2018/Slides/Visualization_for_ML.pdf

Dimensionality Reduction

Dimensionality Reduction Techniques

[ ' !

Dimension Reduction

Feature Selection

Filter Methods + Linear Methods Mon-Linear Methods
| |
Wrapper Methods Ly —* Principal Compaonent &nalysis (PCA) H Kermel PCA
il -
H Independent Component Analysis (ICA) * Isometric Mapping
Embedded Methods ——— . r
— t-distributed Stochastic MNeighbor Embedding(t-SME)
¥ Linear Discriminant Analysis (LDA)
[, Uniform Manifold Approximation and Projection
— MNon-MNegative Matrix Factorization{MMF) (UMAP)
Image: arshen.medium.com " Autoencoder



https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d
https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d

Principal Component Analysis

Original data Lower-dimensional
(high-dimensions) embedding
o
3+
T PC2
[
o
: |
by PCA dimensionality PC1
H*
o PC1 reduction § |
< > 8
PC2 a
Principal component #1
[/ar/éb/ \0\6’5{5 _— .
%o \\7}'\@ e Maximize variance along PC1

¢ Minimize residuals along PC2

Image: Biorender.com



https://www.biorender.com/template/principal-component-analysis-pca-transformation
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Convolutional Neural Networks

Features

Output
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Feature Extraction Classification g’ics’tt:?tg'j't'g'nc

Image: towardsdatascience.com



https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d
https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d

Convolutional Neural Networks

Low-Level| |Mid-Level| |High-Level Trainable / -
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Image: towardsdatascience.com



https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d
https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d

Convolutional Neural Networks

Input = Output
Pooling Pooling Pooling =
: - {esEsaaa oL _Horse
& Zebra
b i Dog
: Softhx
Convolution Convolution  Convolution — ?Etr"‘gitg‘“
Kernel RJLU R;_'LU RJLU Flatten

A

Feature Maps >

Probabilistic

Feature Extraction Classification bt
Distribution

Image: towardsdatascience.com



https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d
https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d

Convolutional Neural Networks

What we see: How its encoded

Image: Erum Data Hub Deep Learning School 2024

Colour images are encoded in RGB.

;


https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d

Convolutional Neural Networks

What we see: How its encoded
5(10(2(4(12|01(15(6(2(3]2]|0||6(10[{2[4]2|2
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5(12(1110(2(01|(4(11410(2]|9([5]112/5(8]|2|9

Image: Erum Data Hub Deep Learning School 2024

Images are matrices.

;


https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d

Convolutional Neural Networks

Filler operations detect paiterns
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Image: Erum Data Hub Deep Learning School 2024
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https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d

Convolutional Neural Networks

Kernel

A

Low-Level_.Mid-Level High-Level_’ Trainable = /; \
Feature Feattfre Featu[e Classifier it ) Output
- /i SRS ‘\\
— / & \\?S X }t:\\“g‘ 09 ?
- CHOC HIO0< 1 @ 1=l Zebra
,~.':_, ! b, : ) ,”
- — N ﬁl;.".‘.& I'A e B
E ) - fREcEans Dog
AT KN
= iy "2"\‘ SoftMax
N 7 / Activation
i Function
latten /
~ayer
Fully
Feature Maps - Connected-———
Layer
Feature Extraction Classification Probabilistic
Distribution

Image: Erum Data Hub Deep Learning School 2024



https://arshren.medium.com/a-comprehensive-guide-to-dimensionality-reduction-851624b7377d
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Finding Clusters of Data

|Identify natural groupings in data without predefined labels.
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k-Means Clustering

1. Choose the number of clusters k.

2. |Initialize k cluster centroids randomly.

3. Assign each data point to the nearest
centroid.

4. Recompute centroids as the mean of
assigned points.

Others: Hierarchical Clustering,
Self-organizing Maps, ...

;



Self-Organizing Maps

testData
neurons

winning node x|
[ T 20.0

17.5

15.0

125 8
10.0 3

X

J. Bilk & J. Budak, Detecting Clusters in Highdimensional Data

* Unsupervised

learning
* Self-organizing

testData
X neurons

e winning node
20.0

t17.5
15.0
125 8
100 3
75 ™
5.0
1 25
0.0

Low distance
between nodes

Figure 6: The first step of a self-organizing map. One can see the data clouds
in blue, the vectors of each neuron as black x’s and on the floor the U-matrix.
54

High distance
between nodes







Classification Algorithms
Exploratory Data Analysis (EDA) | Logistic Regression Decision Tree "

4
1 |
" 1) Histogram: df plot(kind = ‘hist) be” & 3
2) Box Plot: sns.boxplot()
3) Grouped Bar Chart: sns.countplot) - == " l':\\ D&o
| $ N Yo
sl oo o
Ak
. Support Vector Machine

| ||1| IL_ : Random Forest
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Model Evaluation booab =‘° B o e
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Image: Towardsdatascience.com



https://towardsdatascience.com/top-machine-learning-algorithms-for-classification-2197870ff501

Anomaly Detectio

How can we detect n usual"




Autoencoder e

Representation

Neural network for data |
compression and Input ’ 4 Output
reconstruction. :
Encc')der Decoder
Example: Using autoencoders for e e o
* noise reduction in detector
data and ® o | o ®
* detecting anomalies that 9 e 7% 0470 8
might indicate new physical e ® o ®
phenomena. mushoon @ | R et

- Image: bpesquet.fr


https://de.mathworks.com/discovery/autoencoder/_jcr_content/mainParsys/image.adapt.480.medium.svg/1718184566129.svg
https://www.bpesquet.fr/mlhandbook/algorithms/autaoencoders.html

Autoencoder

Reconstruction error can be used to detect anomalies.

Normal Data Abnormal Data
10 1
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il 07
05 9 06 1
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031 041
021 03 4
0 20 @ 6 8 100 120 140 0 220 4 6 80 100 120 140

Image: analyticsvidhya.com

;



https://www.analyticsvidhya.com/blog/2022/01/complete-guide-to-anomaly-detection-with-autoencoders-using-tensorflow/




Summary

* Al can be used for Simulations & Data Analysis in HEP

* Challenges in HEP include
* Data Preprocessing
* Clustering
* Pattern Recognition
* Classification
* Anomaly Detection

* Al is not all — we need to be good Data Scientists i.e. understand
Statistics, Classic Machine Learning & Deep Learning
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