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Bevezetés
WSCLAB - 
WIGNER SCIENTIFIC COMPUTING LABORATORY

2005: GPU-k használata HEP számításokban

2008: WLCG Grid indulása (ALICE & CMS), Tier-2 @ Wigner

2010- első GPU Day & Wigner GPU Laboratórium megalakulása

(2015: Fizikus MSc, Eötvös Loránd Tudományegyetem)

2016- Lectures on Modern Computing in Science sorozat

2016- Wigner GPU Lab Fellowship

(2021: Részecskefizika PhD, Eötvös Loránd Tudományegyetem)

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

ALICE: A Large Ion Collider Experiment

39 ország, 2000 kutató∼

10 000 tonna, 26x16 méter
Kvark-gluon plazma: egy sűrű, forró, átlátszatlan, 

örvénylő tökéletes folyadék
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Történelem
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. 
Ivakhnenko 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: 
259th  (comparison: Nvidia RTX 4090: 82.6 TFLOPS)

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

arXiv:1911.05289
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Történelem
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

2013: Word2vec algorithms: foundations for language models

2014: DeepFace by Facebook 

2014: Generative adversarial networks (GAN) by Ian Goodfellow

2016:  AlphaGo by Deepmind

2016: Face2Face (baseline for ‘DeepFake’)

2017: Waymo: first self-driving car company to operate without 
human intervention

2018: AlphaFold by Deepmind

2020: GPT-3 by OpenAI to generate human-like text. Trainable 
parameters: 175 billion (ChatGPT)

Wikipedia
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Történelem
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:

https://towardsdatascience.com/onnx-preventing-framework-lock-in-9a798fb34c92
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Motiváció – adat, adat, még több adat
Autonomous driving
Medical imaging
Predictive maintenance
Anomaly detection, fake news detection
Search of BSM physics
Stock price prediction
Natural Language Processing
Virtual Assistants
Virtual reality
Colorization of Black and White Images
Content generation, examples:

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

Robotics
...

https://infiniteconversation.com/
https://huggingface.co/spaces/stabilityai/stable-diffusion
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Motiváció – adat, adat, még több adat

128 MB 128 GB

2020
1 TB

1956
5 MB

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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Osztályozás
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Legfontosabb összetevők
Perceptrons:
● Input value(s)
● Weight: the connection between the units
● Bias: the intercept added in a linear equation
● Activation Function

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

Other important components: pooling layers, regularization and 
normalization, recurrent layers...
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Legfontosabb összetevők
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Legfontosabb összetevők
The learning part: optimizing “somehow” the weights (Curse of dimensionality)

Loss function: 

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

https://youtu.be/VMj-3S1tku0
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Népszerű architektúrák

ResNet: Residual blocks with “skip connections” (SOTA image classifier of 2015)

Stacking more layers: solve complex problems more efficiently, get highly accurate results
BUT:

Vanishing/exploding gradients

3x3 conv.  N F

3x3 conv.  N F
ReLU

+
ReLU

Batch norm.

Batch norm.
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Népszerű architektúrák
U-Net: biomedical image segmentation
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Népszerű architektúrák
(Conditional (Variational)) autoencoders

Dimension reduction

Denoising data

Latent space conditioning

 https://arxiv.org/pdf/2204.05397.pdf
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Népszerű architektúrák
Diffusion models: https://huggingface.co/spaces/stabilityai/stable-diffusion
Gradually perturbate the input data over several steps by adding Gaussian noise
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Népszerű architektúrák
GAN: data generation via competing generator-discriminator
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Népszerű architektúrák
GAN: data generation via competing generator-discriminator
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Népszerű architektúrák
Attention and 
Transformers :
A revolution in 
natural language 
processing

https://arxiv.org/abs/1706.03762
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Népszerű architektúrák
Graph Neural Networks



Gépi tanulás a nagyenergiás fizikában

2021 May: 417 references
2022 May: 629 references

Today: 759 references
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● Track reconstruction
● Quark/gluon jet separation
● Jet reconstruction
● Tuning Monte Carlo event generators
● GAN of detectors
● ...

https://iml-wg.github.io/HEPML-LivingReview/

Matthew Feickert, Benjamin Nachman, arXiv:2102.02770

A Living Review of Machine Learning 
for Particle Physics

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


Track reconstruction

https://www.kaggle.com/c/trackml-particle-identification
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Fig. 1. Left panel: Jet substructureobservablescanprobeQCD dynamics inall energy regimes fromthehighest scaledownto⇤QCD
[1]. Rightpanel: Classification of quark andgluon jets inppandAA collisionsprovideanewmethodfor jetquenchingstudies [3].
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Fig. 2. Left panel: Pixel multiplicity distributions for quark and gluon jets in pp (upper) and AA (lower) collisions simulated using
Jewel . Middlepanel: Averagegluon jet imageinppcollisions. Rightpanel: Telescopingdeconstruction of aQCD jet at theT3order.

In this proceeding weexploit this ideaandstudy classifications of quark and gluon jets in pp and AA
collisions. Thegoal is to extract complete jet featureswhich encodeall aspects of jetmodifications inAA
collisions. Westudy thediscrimination of jets in ppandAA collisionsandshowthat it is intimately related
toquark gluon discrimination (right panel of Fig. 1) whichaims to identify di↵erences betweenquark and
gluon jets. Weusethreeapproaches, starting fromamultivariateanalysis of alist of physics-motivated jet
observables(leftpanel of Fig. 2). Ontheother hand, weapply imagerecognition techniqueswhichidentify
relevant features usingmachine learningmethods (middle panel of Fig. 2). In between we introduce the
telescoping deconstruction framework which aims to organize and capturecomplete physical information
withinjetsusingtelescopingsubjets(rightpanel of Fig. 2). Belowwebrieflysummarizeeachof themethod.

2. Quark and gluon jet substructureandmodification

Thequark and gluon enriched jet samples used in this work weregenerated using theprompt photon
production channelsq+γ andg+γ in Jewel . Thephysics-motivated, multivariateanalysis constructively
combines information captured ineach individual jet observable. Weconsider fiverepresentativeones: jet
mass and radial moments which are infrared and collinear (IRC) safe, as well as IRC-unsafe observables
of pDT andpixel multiplicity. In general, fromindividual plotswesee that gluon jets havebroader energy
distributions and softer hadron fragmentation compared to quark jets, and medium interactions result in
broader energy distribution and softer hadron fragmentation for both quark and gluon jets. The jet image
method trains a deep convolutional neural network (CNN) on quark and gluon jet images in pp and AA
collisions [4]. Theenergydistribution in rapidity yandazimuthal angleφ isdiscretized with afinitepixel
size. TheCNN is then apowerful model capableof processing raw pixel jet dataandfinduseful features
which helpmaximize the separation among jet samples. From theaverage jet images, we see again that
gluon jets aremorespread out andpopulatingmorepixelswith soft particles compared to quark jets, and
themediumbroadens theenergydistribution.
TheTD framework probesenergy flowswithin jets using subjetswithmultipleangular resolutions [5,

6]. It decomposes jet information in a fixed-order expansion organized by the number of reconstructed
subjets. The procedure starts from identifying N dominant energy flow directions along soft-recoil free

Quark/gluon jet separation

arXiv:1803.03589

https://doi.org/10.1007/JHEP01(2017)110
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Jet reconstruction

https://doi.org/10.1103/PhysRevC.99.064904

https://doi.org/10.22323/1.364.0312
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Tuning Monte Carlo event generators

https://doi.org/10.1103/PhysRevLett.120.042003

https://doi.org/10.1016/j.cpc.2021.107908
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Tuning Monte Carlo event generators

https://doi.org/10.1103/PhysRevLett.120.042003

https://doi.org/10.1016/j.cpc.2021.107908
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Nature Reviews Physics 3, 73 (2021)

1. Hard scattering
2. Parton shower

3. Hadronization

Hadron
Hadron

4. Underlying event

Részecskezápor és hadronizáció

arXiv:2111.15655

arXiv:2210.10548

https://arxiv.org/abs/2111.15655
https://arxiv.org/abs/2210.10548
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Charged hadron multiplicity 
at various rapidity windows

Good agreement for both 
models

Charged hadron transverse 
momentum
0.1 GeV ≤ pT ≤ 50 GeV

Jets:
● Mean pT ≤ 400 GeV

● Mean multiplicity

The smaller model performs better

Training only at a single c.m. energy, predictions at 
other energies 
Scaling function for multiplicities at various energies:

Charged hadron multiplicities in jetty events: good 
overlap and agreement at all LHC energies
Mean jet multiplicities: different scaling for the 
models

Proton-proton ütközések LHC energián



KNO-skálázás tesztje
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Scaling function for multiplicities at various energies:

Charged hadron multiplicities in jetty events: good overlap and agreement

Mean jet multiplicities: different scaling for the models 
Nucl.Phys.B Proc.Suppl. 92 (2001) 122-129 



Dimenzionalitás
Input:
Parton level
Discretized in the           plane: pT,m, multiplicity 
                  ,   32 bins
                  ,   32 bins
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Total pixels 

vs
Pixels with information

Reduction with Singular Value Decomposition:

Data-Driven Science and Engineering (S. L. Brunton, J. N. Kutz)

do
i:1
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● Unitarity
● Ordered by importance
● Guaranteed to exist, unique

Reduce the input to 

https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1007%2FBF02288367
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Plazmahullámok meglovagolása
CERN–AWAKE Experiment: accelerate electrons in the wake field of proton
Microbunches: Nuclear Instruments and Methods in Physics Research Section A, 829 (2016) 76-82

Accelerating medium: Rb plasma: 10 m length, 1014 − 1015 cm−3 

density. Chamber diameter: 4 cm
Experiment motivation: determine plasma parameters via Schlieren 
imaging
G. Bíró et. al: Optics & Laser Technology, 159 (2023) 108948
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Plazmahullámok meglovagolása
Rugalmasan paraméterezhető hálózat

Paraméterek predikciója

Kísérleti változókra robosztus
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Proton tomográfia – ld. Dudás Bence előadása



Köszönöm a figyelmet!Köszönöm a figyelmet!
Támogatók: OTKA K135515, 2019-2.1.11-TÉT-2019 -00078, NKFIH 2019-2.1.6-NEMZKI-2019-00011, 2020-2.1.1-ED-2021-00179,  Wigner Scientific Computing Laboratory, MILAB RRF-2.3.1-21-2022-00004.

   

https://alice.wigner.hu/
https://wigner.hu/en/wsclab
http://gpu.wigner.hu/en/home
https://gpuday.com/

Pályázati programok, témalehetőségek, tutorial sorozatok & oktatás
BSc/MSc/PhD/PostDoc projektek a Wigner FK-ban

https://wigner.hu/en/wsclab
http://gpu.wigner.hu/en/home
https://gpuday.com/
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