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IMAGE RECOGNITION FOR PHASE TRANSITIONS
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* new ML paradigm connected to large datasets

* canonical example: Ising model on the lattice

- NN identifies phase transition temperature with
high precision (supervised)

* later: unsupervised techniques, NN predicts new

ohases
Carrasquilla, Melko Nature (2017)

van Nieuwenburg, Liu, Huber Nature (2017)
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HIGH-ENERGY PHYSICS: APPLICATIONS

Larkoski, Moult, Nachmann | /709.04464

* rich data from collider physics
(event level, jet level)

® various representations draw on
various strengths

* main tasks: classification (tagging),

Variable
sets

regression, generation, anomaly
detection...

* also: speed-up of parts of event

generation,...
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HIGH-ENERGY PHYSICS: JET IMAGES
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de Oliveira, Kagan, Mackey, Nachman, Schwartzman JHEP (2015)

* average image of W decay (left) and quark/gluon jets
(right)

* preprocessing involves rotation, scaling of pixels etc.

* achieves good performance, some level of interpretability
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QUARK/GLUON DISCRIMINATION ON THE LUND PLANE

ROC: Pythia sample
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* |leveraging more information about the sequence of splittings

- most are governed by perturbative QCD

* resilient to many non-perturbative processes that come on top
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JET QUENCHING IN HEAVY-ION COLLISIONS

C CMS Experiment at LHC, CERN

| Data recorded: Sun Nov 14 19:31:39 2010 CEST
Run/Event: 151076 / 1328520
Lumi section: 249

CMS Experiment at LHC, CERN

Data recorded: Thu Aug 26 06:11:00 2010 EDT
Run/Event: 143960 / 15130265

Lumi section: 14
Orbit/Crossing: 3614980 / 281

Jet 1, pt: 70.0 GeV

v
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Jet 0, pt: 205.1 GeV

proton-proton heavy-ion
two-jet event two-jet event
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JET QUENCHING IN HEAVY-IONS

Du, Pablos, KT 2012.07797 ,2106.1 1271

modified jet

"‘
.

* Main idea: on a jet-by-jet basis, can we estimate the “““““““ E, "final”
original jet energy, had It not Interacted with the energy
medium!?
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JET QUENCHING IN HEAVY-IONS

Du, Pablos, KT 2012.07797 ,2106.1 1271

modified jet

* Main idea: on a jet-by-jet basis, can we estimate the /. E, “tinal”
original jet energy, had It not Interacted with the ’ energy
medium!?

- possible using deep learning!
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JET QUENCHING IN HEAVY-IONS modified jet

Du, Pablos, KT 2012.07797 ,2106.1 1271

* Main idea: on a jet-by-jet baslis, can we estimate the 7/ E, “tinal”
original jet energy, had it not interacted withthe — F o Z~ energy
medium!?

- possible using deep learning!
- supervised regression task to get yj,
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JET QUENCHING IN HEAVY-IONS

Du, Pablos, KT 2012.07797 ,2106.1 1271

modified jet

* Main idea: on a jet-by-jet basis, can we estimate the N/ E, “tinal”
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original jet energy, had it not interacted with the V& energy
medium? |

- possible using deep learning!
- supervised regression task to get yj,

* trained on "hybrid Monte Carlo model” jet

- reproduces experimental data on jets well
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JET QUENCHING IN HEAVY-IONS

Du, Pablos, KT 2012.07797 ,2106.1 1271

modified jet

* Main idea: on a jet-by-jet basis, can we estimate the N/ E, “tinal”
original jet energy, had It not Interacted with the 7 energy

medium?

- possible using deep learning!

- supervised regression task to get Xin

* trained on “hybrid Monte Car
- reproduces experimental data on

- dominating e

fect: energy loss ther

medium creating wake
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modified jet

JET QUENCHING IN HEAVY-IONS

Du, Pablos, KT 2012.07797 ,2106.1 1271

* Main idea: on a jet-by-jet basls, can we estimate the /. E, “tinal”
original jet energy, had It not Interacted with the 4 energy
medium?

- possible using deep learning!

- supervised regression task to get yj,
* trained on "hybrid Monte Carlo model” Jet
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JET QUENCHING IN HEAVY-IONS

Du, Pablos, KT 2012.07797 ,2106.1 1271

modified jet

* Main idea: on a jet-by-jet basls, can we estimate the /e E, “tinal”
original jet energy, had it not interacted with the B 7 energy
medium?

- possible using deep learning!

- supervised regression task to get yj,
* trained on "hybrid Monte Carlo model” Jet
- reproduces experimental data on jets well

- dominating effect: energy loss thermalized in the

.
.
.
.
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“
.

medium creating wake )(]h — E o
- generalizable to other models : E; "initial
| - energy
* two ML architectures: CNN for jet images and /

FCNN for set of observables
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JET IMAGES OF QUENCHED JETS 0 Palos, KT 201207797

Average of normalized Average of normalized Average of normalized
jet image, 0.25<);, < 0.50 jet image, 0.50<);, < 0.60 jet image, 0.60<x» <0.70

||

0.0

Translated Azimuthal Angle ¢

Correlation of y;, with
per-pixel of jet image

Average of normalized Average of normalized
jet image, 0.70 <y <0.85 jetimage, 0.85<y, <1

oer-pixel
= Pearson
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APPLICATIONS: ONE EXAMPLE

see also Apolinario, Castro, Romao, Milhano, Pedro 2106.08869

e consider two classes:
- unquenched y;, > 0.9

- quenched y;, < 0.9
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APPLICATIONS: ONE EXAMPLE

e consider two classes:
- unquenched y;, > 0.9

- quenched y;, < 0.9

* Final Energy Select

— Impose cut on
GeV
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APPLICATIONS: ONE EXAMPLE

e consider two classes:
- unquenched y;, > 0.9

- quenched y;, < 0.9

* Final Energy Select

— Impose cut on
GeV

ion (FES)
inal energy pr > 200

* Initial Energy Selection (IES)

- impose cut on initial energy, pr/y;;, >

200 GeV & p;
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> 100 GeV

1/NjesdN/dR, (PbPb/pp)
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Du, Pablos, KT 2012.07797

see also Apolinario, Castro, Romao, Milhano, Pedro 2106.08869
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APPLICATIONS: ONE EXAMPLE

see also Apolinario, Castro, Romao, Milhano, Pedro 2106.08869

| Jet shape
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* Final Energy Selection (FES)

- Impose cut on final energy p, > 200

1/NjesdN/dR, (PbPb/pp)
o

GeV
* Initial Energy Selection (IES) | PADh Jotpr = 200.061 ;; PhPb Jot pr > 100 GeV T
: Co : I & prixf, > 200 GeV :
— Impose cut on initial energy, pr/y;, > L X T - B X -t T L T L o
R Rq

200 GeV & pr> 100 GeV

IES reduces the bias induced by the steeply falling jet spectrum,
reveals stronger jet modifications!
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ML ASSISTED TOMOGRAPHY

Creation points density for centrality 30-40%, R=0.4 @ /syy = 5.02 TeV, FES, pr> 100 GeV

Creation points for centrality 0-5%
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Recovery of full jet population L ocation of jet origin

K. Tywoniuk (UiB) 10



K. Tywoniuk (UiB)

CLASSIFICATION OF EOS IN RELATIVISTIC HEAVY-ION COLLISIONS
USING DEEP LEARNING Kvasiuk, Zabrodin, Bravina et al., JHEPO7 (2020) 133
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Proton densities in UrQMD generated events with (a) soft and (b) stiff Equation of State (EoS).

Deep Convolutional Neural Network
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TRAINING AND CLASSIFICATION ACCURACY

1.0} é@¢@m+$@m++4m¢¢@m'm+m1u+@ Training energies | Efficiency (%)
-4 s (GeV 7 | 11 14
)0‘8 - ih O  Training Loss Vs ( )
® 0.6 e » Validation Loss 7 M| 55| 50
g FEEEEF %  Training Accuracy 11 = og | 90
“{0 al + Validation Accuracy
q- - 14 74196 98
- .
0.2 ..
0O Model trained on one particular energy
0.0l Yeeeee e d 0w .,! PPN TATESASATATET

0 100 200 300 400 500 600 700 800 can be useful at neighbor energies

epoch

Stochastic Gradient Descent (SGD) method vs Adam algorithm
Au+Au @ /s = 11 GeV

1.0} e, ST Training CNN classifier with the

. " f Adam algorithm permits one to
g : reach hight accuracy during
Soef ; very short training time with
5 little amount of the training
(0.4t — train fraction 1%, SGD data
= == == train fraction 20%, SGD ’ 3 . .
=02} auns train fraction 1%. Adam Next step: classification with a

| combined EoS, containing both
O'O'-ibl ———— soft and stiff EoS
epoch
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ML FOR THEORY, ACTIVITIES IN OSLO

> Main focus: Fast regression-based emulators for slow
computations/simulations

* Main methods: Variations of Gaussian processes and Bayesian ........ ........
neural nets. Both offline and online learning. e

XSEC

* Main motivation: The computational cost of investigating
experiment impact on realistic, many-parameter BSM theories

[fb]
a‘v[ﬂ)]
[fb]

° (gbbal ﬂtS, mOdel COmPaI”iSOﬂS, gOOdHGSS—Of-ﬂt estimation, ) K K """""""""

1500 2000 2500 3000 500 1000 1500 2000 2500 3000 500 1000 1500 2000 2500
my _(1'(‘\'] my [C(‘\'] iy [G(*\']

* Main projects:
- PLUMBIN'’: Develop techniques and codes for fast
regression for expensive physics computations

- GAMBIT: Use such fast emulators in large-scale GAMBI ST DSOS SedmHggsper O S Hgmporaiofal YVecr e o
olobal fits, and use GAMBIT to train new emulators

e Codes:

- Xsec: Gaussian processes for fast NLO cross-sections | 1N - ,,
- GAMBIT: Global fits, high-dim parameter space exploration e T mngodnounos:  Favour EFT 0081248

- GPTree (in development): Continual regression w/ tree of R 7an] W EEEN
Pl E g Zow ]

; % mm— 1 i 5 o \\ oss

GPs P Wl

- More to come out of the new PLUMBIN’ project. .. e | [l

More axion-like particles: Neutrinos and cosmo: Dark matter EFTs: Cosmo ALPs:
2006.03489 2009.03287 2106.02056 2205.13549

QQQQQQQQQ

O, h?

my/GeV
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ML FOR THEORY, ACTIVITIES IN OsLO: PLUMBIN’

* PLUMBIN'— Developing solvents for unclogging the calculational
bottleneck in high-energy bhysics

* RCN+UIO FRIPRO “Felleslgft”, funded for 2022-2028
* Collaboration between Dept. of Physics and Dept. of Mathematics, UiO

The PLUMBIN’ Team

* Current team: 2 permanent, | postdoc, 3 PhD students, 3 master Co-Pls

students

Riccardo Anders

* Upcoming positions:
De Bin Kvellestad

- PhD, 2024-2027/ (Mathematics)

~- PhD, 2025-2028 (Physics)

- Postdoc, 2023-2025 (Mathematics)
- Postdoc, 2024-2026 (Physics)

* Some ML-related project goals: Lasse Timo Tore

: : : Braseth Lohrmann Klungland
— Create ML-based regression tool for fast evaluation of expensive 8l
QFT calculations (e.g. high-order cross-sections).

— Create framework for continual (online) regression. Use 1t to speed
up global fits and extract trained emulators directly from such fits.

— Use these tools to perform larger and more detailed studies of
how LHC results + other experiments impact BSM physics

PhD-students

Andrea Jensen Carl Martin Erik Alexander

Marthinussen Fevang Sandvik Master-students
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SUMMARY

* |ots of activities in ML applications to high-energy physics
- promising for the future

- many further ideas to pursue

e traditional techniques combined with data analysis

- important to maintain interpretability
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