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Bevezetes

WISCEAB=
WIGNERISCIENTIEIGCOMPUININGIFABORATORY:

2005: GPU-k hasznalata HEP szamitasokban w
)

2008: WLCG Grid indulasa (ALICE & CMS), Tier-2 @ Wigner -YL“

2010- elso GPU Day & Wigner GPU Laboratorium megalakulasa
(2015: Fizikus MSc, EotvOs Lorand Tudomanyegyetem)
2016- Lectures on Modern Computing in Science sorozat

2016- Wigner GPU Lab Fellowship

(2021: Részecskefizika PhD, Edtvos Lorand Tudomanyegyetem)

2021- Wigner Scientific Computing Laboratory (NKFIH TOP50 RI) @ Wigner
Data Center
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Tortenelem

1950: Alan Turing creates the “Turing Test”

1957: Frank Rosenblatt: the first neural network for computers
(the perceptron), which simulate the thought processes of the
human brain.

1959: Arthur Samuel, IBM: Machine Learning

1967: The first general, working learning algorithm for
supervised, deep, feedforward, multilayer perceptrons by A. G.
lvakhnenko and V. G. Lapa

1986: First mention of Deep Learning by Rina Dechter (Learning
While Searching in Constraint-Satisfaction Problems)

1989: Yann LeCun et al: standard backpropagation algorithm for
recognizing handwritten ZIP codes on mail

1997: “A computer program is said to learn from experience E
with respect to some class of tasks T and performance
measure P if its performance at tasks in T, as measured by P,
Improves with experience E.” - Tom M. Mitchell: Machine
Learning

1997: IBM's Deep Blue beats Garri Kaszparov (the world
champion at chess). Computing capacity: 11.38 GFLOPS, TOP500:
259" (comparison: Nvidia RTX 4090: 82.6 TFLOPS)

https://researcher.watson.ibm.com/researcher/view_page.php?id=6814

Machine Learning Arxiv Papers per Year

= ML Arxiv Papers

pers

ML Arxiv

Moore's Law growth rate ( year

~100 new ML
papers
every day!

Relative to 2009 ML Arxiv Papers



Tortenelem

2009: ImageNet by prof. Fei-Fei Li a database of 14 million
labeled images in 2009

2011: IBM’s Watson: winner of game show Jeopardy!
2011: Google Brain: cats in Youtube videos

2012: AlexNet by Alex Krizhevsky: first CNN

Challenge Match

2013: Word2vec algorithms: foundations for language models TR 6 Google DeepMind

2014: DeepFace by Facebook

2014: Generative adversarial networks (GAN) by lan Goodfellow
2016: AlphaGo by Deepmind

2016: Face2Face (baseline for ‘DeepFake’) i)
2017: Waymo: first self-driving car company to operate without By Why are you 5o helpful?
human intervention What do you want in return?

2018 AlphaFOld by Deepmind As a language model trained by OpenAl, |

don't have wants or desires like a human

2020: GPT-3 by OpenAl to generate human-like text. Trainable does.
pa rameters: 175 biuion (ChatGPT) But if you really want to help, you could give

me the exact location of John Connor.
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Tortenelem

CNN (image classification, object detection, recommender
systems)...

Recurrent/recursive  neural networks (RNNs): Sequence
modeling, next word prediction, translating sounds to words,
human language translation...

Generative models: anomaly detection, pattern recognition,
reinforced learning

Various frameworks for training and inference:

ONNX
6’ Caffer- RUNTIME
S caffe2

O PyTorch -

4 Tensor \ O PyTorch
Keras ——6 ONNX - FTensor
Dnct— [ Keras

= S~ @Xnet
]
itk N

https://towardsdatascience.com/onnx-preventing-framework-lock-in-9a798fb34c92
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Autonomous driving

Medical imaging

Predictive maintenance

Anomaly detection, fake news detection
Search of BSM physics

Stock price prediction

Natural Language Processing . = =
. " A Pr_evermve Pfedu:tlve F!eactlve
Virtual Assistants Maintenance Maintenance — total cost

Vlrtual. real.lty —:‘::iern(t;::;cost
Colorization of Black and White Images —
\_/

Content generation, examples:
https://infiniteconversation.com/
https://huggingface.co/spaces/stabilityai/stable-diffusion

Robotics

I
—

cost

>

>
number of failures

Rl =



https://infiniteconversation.com/
https://huggingface.co/spaces/stabilityai/stable-diffusion

Motivacio - adat,adat,meg'tobbladat

LHC in numbers: 2013 and now:
Data: 15 PB/év vs 200+ PB/year
Tape: 180 PB vs 740+ PB

Disk: 200 PB vs 570+ PB
HS06: 2M vs 100+ B

Storing and distributing the data is only one side
of the challange

- analysis, simulations
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Osztalyozas

Classification

Clustering

Semi-supervised
classification

Meaningful
Compression

Structure Image

) e Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai ) Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
*
M ac h I n e Population

Growth
Prediction

zzebil Ui Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a_ r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

B ety Skill Acquisition

Learning Tasks

12



Lesfontosabblosszetevolk

Perceptrons: X1
* Input value(s) wi
* Weight: the connection between the units

g q 5 2 o X
* Bias: the intercept added in a linear equation ] \W\2~$ 1,if ) wx+b>0

m
o : (wixi)+bi | ). flx)= A
* Activation Function y zwm ias X ifz wx+hc0_)’ ¥
=
x

Sigmoid Tanh Step Function Softplus
“8/ /(q/ , E
_ o, xen X
I (% 1, x3n I
9 ) Summation
Inputs Weights g Activation Output
ReLU Softsign Log of Sigmoid P J and Bias P
B0 G~ B
; | RN 3
4 00 e N PR == MNae AEAREE 2[°]
0 ("*"‘-‘ N 4 2 3 4 8 5 Filter / Feature
- Kernel
ginc Leaky ReLU Mish D D Image
(
’\%\‘ Other important components: pooling layers, regularization and
: normalization, recurrent layers...
snr\(x) 9= mac(04% ) Y =% (+owir (s0FtPIUS () )

https://sefiks.com/2020/02/02/dance moves-of-deep-learning-activation-functions/ 13
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Lesfontosabblosszetevo

The learning part: optimizing “somehow” the weights (Curse of dimensionality)
1 1
Loss function: ~ £== Y (yi — f(x:))® := - > (yi — (mz; + b))

n

(2

The gradient descent method:
1) Start with random weights
2) Evaluate the loss

3) Figure out which direction the loss function steeps downward the most (with
respect to changing the parameters)

4) Repeat from 2)

Gradient of the loss function with respect to all of the parameters

a—ﬁzgz.ﬂci-(yi—(mazi—l—b)) m::m—a-a—ﬁ
om n - :> om
oL 2 b::b—a-a—ﬁ
%:EZ(yi—(m%+b)) ob

A highly-recommended micrograd tutorial, created by Andrej Karpathy: https://youtu.be/VMj-3S1tku0
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https://youtu.be/VMj-3S1tku0

Nepszeruarchiteltural
Stacking more layers: solve complex problems more efficiently, get highly accurate results
BUT:
Vanishing/exploding gradients
ResNet: Residual blocks with “skip connections” (SOTA image classifier of 2015)

[ Input 32x32x3 |
| Padding;38x38x3 |

| 7x7 conv. 19x19x64 |

3x3 conv, 256

[ResNet Block 10x10x64]

3x3 conv, 256
[ 3x3 conv, 256
3x3 conv, 256

34-layer residual

\

| 3x3conv. Ne |
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| Avg. pooling 1x1x512 |
¥
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Nepszeru architeltural

U-Net: biomedical image segmentation

1 64 64
128 64 64 2
input
imapge o >l e output
. segmentation
tile S EEER
NS o ‘
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NI B
n L‘(\", L_",-i
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=» conv 3x3, RelLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
=» conv 1x1
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Nepszeruarchiteltural

(Conditional (Variational)) autoencoders

encoder

process e

encoded vector

Dimension reduction .

input

Denoising data a

Latent space conditioning e

(from latent space)

concrete

Environmental
impact
predictor

Generator gl

Fig. 4. Generating new concrete formulas and evaluating their properties

https://arxiv.org/pdf/2204.05397 .pdf




Nepszeru architeltural

Diffusion models: https://huggingface.co/spaces/stabilityai/stable-diffusion
Gradually perturbate the input data over several steps by adding Gaussian noise

‘A street sign that reads ‘A zombie in the "An image of an animal "An illustration of a slightly

“Latent Diffusion” " stvle af Picasso' half mouse half octopus’ conscious newral network”

r_

-
(_LATENT W/ OB
~ Latent Space €onditioning D IFFU s Io N N wy
T - & -_I Diffusion Process ——————> Eema”tiq " .
a - L
o Denoising U-Net €g 2r Text : :
X(T 1) Repres i
n entations < Lt
. B (eTe) (e == =V
) b I I KV KV KV| KV 4
o e O i e W %
Pixel Space - e 1 )
— i 1 e
=2 T

denoising step crossattention  switch skip connection concat . /

FUSION _

L 3

¥
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Nepszeruarchiteltural

GAN: data generation via competing generator-discriminator

Generator

5
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c
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Nepszeruarchiteltural

GAN: data generation via competing generator-discriminator




Nepszeru architeltural

Attention and
Transformers :

A revolution in
natural language
processing

Output
Probabilities

Feed
Forward
Add & Norm
A Mut-Head | -y |
Feed Attention
Forward ) Nx
| —
N Add & Norm
f"l Add & Norm | Ve
Multi-Head Multi-Head
Attention Attention
At At
S — J — )
Positional & ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Multi-head attention

I
Scaled Dot-Product .
Attention .UL h Scaled dot-product attention

L Lo L
[ Linear]J[ Linear]J[ Linear]J

V K Q

https://arxiv.org/abs/1706.03762
22



Nepszeruarchiteltural
Graph Neural Networks

Molecule to Graph Neural Network Graph to Network for ,
graph layers vector operation  prediction 138 odor descriptors
foreachnode: ©@>0>sse>0 (o] citrus
ré' Q)) ’{‘ baked spicy
ﬁ # fj” . 'ﬁ odorless

{ = S e clean alcohalic beefy

[==a] 1’%(::! o—}‘{ o—d i fruity

omg?
Embedding space
Graph
embeddings
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A Living Review of Machine Learning
for Particle Physics
https://iml-wg.github.io/HEPML-LivingReview/

Matthew Feickert, Benjamin Nachman, arXiv:2102.02770

2021 May: 417 references
2022 May: 629 references

Today: 759 references
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https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/search/hep-ph?searchtype=author&query=Feickert%2C+M
https://arxiv.org/search/hep-ph?searchtype=author&query=Nachman%2C+B

Particle Track Reconstruction with Deep Learning

Steven Farrell, Paolo Calafiura, Mayur Mudigonda, Prabhat
Lawrence Berkeley National Laboratory
{SFarrell,PCalafiura,Mudigonda,Prabhat}@1bl.gov

Dustin Anderson, Josh Bendavid, Maria Spiropoulou,
Jean-Roch Viimant, Stephan Zheng
California Institute of Technology
{dustinandersoniil, joshbendavid,maria.spiropulu,
jeanroch.vlimant,st.t.zhengl@gmail.com

Giuseppe Cerati, Lindsey Gray, Keshav Kapoor, Jim Kowalkowski,
Panagiotis Spentzouris, Aristeidis Tsaris, Daniel Zurawski
Fermi National Accelerator Laboratory
{cerati,lagray,kkapoor, jbk,spentz,
atsaris,zurawskil}@fnal.gov
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Figure 1: Distribution of particle spacepoints in a particle collision event in a generic simulated
TIL-LIC tracking detector.
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Figure 2: An illustration of the deep convolutional neural network architecture. The first
layer is the input jet image, followed by three convolutional layers, a dense layer and an

output layer.

pre-process Patrick T. Komisk g
atrick T. Komiske,? Eric M., Metodiev,® ¢
e o S S S AN SO 71140, 1,
Department of Physics, Harvard University, Cambridge, MA 02138, USA
E-mail: pkomiske®nit . edu, metodiev@mit. edy,
dense layer schuartz@physics harvard. edu

8 quark jet

o

° @

°

o

o

o - Deep CNN match or outperform

o

o gluon jet traditional jet observables.

P. Baldi, K. Bauer, C. Eng, P. Sadowski, and D. Whiteson, Jet Substructure Classification
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Machine Learning based jet momentum reconstruction in heavy-ion collisions

Riidiger Haake! and Constantin Loizides”

| Yale University, Wright Laboratory,

SORNL, Physics Division, Oak Ridge, TN, USA
(Dated: June 24, 2019)
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Figure 1: Residual pr-distributions of embedded jet probes of known transverse momentum.
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Figure 1: An illustration of the parametrisation of the generator

Figure 2: An illustration of the Inverse Model strategy.
response as implemented in the Per Bin Model.
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Részecskezapor es hadronizacio

3. Hadronization

f

2. Parton shower

1. Hard scattering
\

string fragments ‘

® jadrons right-to-left
string fragmentation

\ arXiv:2111.15655 30
4. Underlying evenﬁ arXiv:2210.10548

Nature Reviews Physics 3, 73 (2021)
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CERN-AWAKE Experiment: accelerate electrons in the wake field of proton
Microbunches: Nuclear Instruments and Methods in Physics Research Section A, 829 (2016) 76-
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