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Why Physicists care of Machine Learning?

NPOCTO HE Y4H OU3INKY B WKOAE, W
BCS TBOS XM3Hb BYAET HANOAHEHA
YYAECAMH W BOALIESCTBOM

‘ -
' -
' _ g, ‘
i " . . v
&
-
\ . 5 '\ ¢
R > aid ? L[/ 15 .."—G
P ) \ d Y A /. aY -

() Fedor.Ratnikov@cern.ch MatwuHHoe obyyeHne B ®BI 2


mailto:Fedor.Ratnikov@cern.ch?subject=

Intelligence -
'« 4 WIKIPEDIA
‘ w7V 'TheFree Encyclopedia

L

Intelligence has been defined in many ways: the capacity for abstraction, logic,
understanding, self-awareness, learning, emotional knowledge, reasoning, planning,
creativity, critical thinking, and problem-solving. It can be described as the ability to
perceive or infer information; and to retain it as knowledge to be applied to adaptive
behaviors within an environment or context.!"]

The term rose to prominence during the early 1900s./2Il3] Most psychologists believe
that intelligence can be divided into various domains or competencies.

Intelligence has been long-studied in humans, and across numerous disciplines. It
has also been observed in both non-human animals and plants despite controversy
as to whether some of these forms of life exhibit intelligence.[*! Intelligence in
computers or other machines is called artificial intelligence.

“Intelligence” is strongly tailored to the human behaviour

“Artificial Intelligence” is something like human behaviours, but not in
human
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Artificial Intelligence

Strong (Generic) Al - behaves like a human intelligence

can generalize knowledge, apply knowledge from one task to
another, plan ahead according to current knowledge, adapt to an
environment as changes occur

We do not have AGl available, however:

) AlphaGo - AlphaZero - MuZero - moving in that direction

) GPT-3 - GPT-4 - GPT-40 (May 14, 2024) - moving in that
direction

Weak (Specialised, Narrow) Al - ability to perform specific tasks

Most often better than humans

Chatbots, smart assistants, navigators, Y.music, self-driving cars,

HEP trigger selections, particle ID, background suppression...
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Machine Learning % WiKIPEDIA
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Machine learning (ML) is a field of study in artificial intelligence
concerned with the development and study of statistical algorithms that
can learn from data and generalize to unseen data, and thus perform
tasks without explicit instructions.!'! Recently, generative artificial neural
networks have been able to surpass many previous approaches in

performance.?I]

Machine Learning is a machinery to train Al applications
Under the hood it is almost always building a descriptive model

Function in multi-dimentional space

) Separation surface for classification
) Predictive function for regression

) Policy function for reinforced learning
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Scientific vs Descrlptlve Models

Scientific Model Descriptive Model
Paradigm: the model predicts -~ Paradigm: the model describes
data - data .

Specific dependencies a priori Data are primary | )

driven by fundamental laws
Limited number of degrees of
freedom

) No a priori assumptions
about types of dependencies

Model is universal
Big number of model

Y Occam’s razor

Model may be extrapolated =~ Parameters

beyond the testdomain ! ) parameters are hardly
Interpretable predictions | ,* interpretable
Problems in case of s S
discrepancy between prediction ;| | Can not trust the model | ,*
and observation . extrapolation B
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Typical ML problems
Supervised learning mn U ﬁ\#.% . 7

‘Look on examples and learn .. RN
how to do the same hi?‘g I%g.ﬁ

Unsupervised learnin o I Lo e @ e !
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“Figure out which patterns
exist in the data”

Reinforced learning ﬂ,%m ¢

“Train decision-making usin

"
o

e
o B
e

"

-
e
A A
g v .:C',d
o
.. &

N
B

the 'carrot and stick' metho 5
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Representation learning In terp reter

“What high-level features
determine the essential
properties of objects”

A ction

Deep Learning learns layers of features
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Anomalies detection

“Find something unusual in
the data”

Generative models

Create a new object similar to
the existing ones”
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Few types of universal parametric functions

Trees

Ensembles of trees / + A e \
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Neural networks
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Deep neural networks

Input Layer

Output Layer

6 neurons 50 neurons

100 neurons
500 neurons 200 neurons

T
Hidden Layers
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Typical HEP problems addressed by ML
Physical analysis, optimization of signal-background separation
(MVA)

Fast event selection in the trigger

Reconstruction in detectors

Particle identification in the detector

Anomaly detection

Technical anomalies: data quality

Physical anomalies: search for new physics

Acceleration of MC generators

Acceleration of detector simulation
Detector optimization
Accelerator control
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Amplitude, [ch]

MVA vs Rectangular Cuts

Pulse shape n/y- discrimination

Quality of pulse shape discrimination:

PSD =

Q fast

Qtotal

PSD

Waveform of Neutron Detector (TQDC)
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MVA vs Rectangular Cuts

N. Lashmanov et.al
Pulse shape n/y- discrimination
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MVA vs Rectangular Cuts

PSD
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Imposing of Specific Requirements
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Domen Adaptation

Source Domain

Make the algorithm dependent on the essential properties of
objects, but insensitive to the details of the training data set

@@ Fedor.Ratnikov@ h Al for HEP
\_/ eaor.natnikovwcern.c or

14


mailto:Fedor.Ratnikov@cern.ch?subject=

Domen Adaptation

Source Domain Target Domain
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Make the algorithm dependent on the essential properties of
objects, but insensitive to the details of the training data set
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Domen Adaptation in HEP

arXiv:1912.08001

Signal: 7 — 3u MC

Background: “z” — 3u real data beyond 7 mass

Control data: D, — ¢ — 3u
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Reweighting MC to Data
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Task: Re-weight simulation events to reproduce certain distributions in the real data

Straightforward for 1D
Not easy in many dimensions with limited statistics

Very natural task for ML.:

re-weight to make distributions indistinguishable by the classifier.
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Data Flows for Simulation and Reconstruction

Information

Analysis

Simulation
Comparison

Reconstruction

Particles

Track
candidates

its Track

segments
Summable digits

Reconstructed
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points

>

Rawidata Processing

mia parabola” Figure by Federico Carminati, independent parallel inventions by Vincenzo Innocente & K.C.

e Surrogate generative models allow simulating final objects
without diverting resources to detailed simulation of internal
processes
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Adversarial Approach (GAN)

Goodfellow et al., Generative Adversarial Networks,

arXiv:1406.2661 [stat.ML]
Random noize

Separate real
=) Objects from
generated

Discriminator network

“Real” data

The quality metric of a generator network is how well another
network (discriminator) can distinguish generated data from
real data
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enerative Models for
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GGenerative models
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Generating responses that look similar is not difficult.

The challenge lies in reproducing marginal distributions

especially if their list is not known a priori.
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Precision for the Generative Model (TPC@MPD)
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Discriminator

Generating TPC responses (== [

Generator v

Reshape
real generated (batch_size, 1, 1, 5)
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Low Level and High Level Validation

Eur. Phys. J. C 81, 599 (2021)
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Contributing to BM@N

ML-based neutron reconstruction in

the HGND at the BM@N experiment

BM@N 12th Collaboration Meeting,

Vladimir Bocharnikov, HSE University
on behalf of HGND group

HSE

@ 18:00 today
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Conclusions

The machine learning, artificial intelligence,
and big data analysis significantly influence
the development of modern civilization.

Development made in these fields are readily
adapted and employed in modern high-
energy physics.

Proficiency in using machine learning has
become a crucial for success of physical

programs in modern high-energy physics
experiments.

Our experience demonstrates that the joint
efforts of ML expert and physics expert are
the most effective for both the mutual
education and for effective result
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signal-background separation (MVA)
Fast event selection in the trigger
Reconstruction in detectors

Particle identification in the detector
Anomaly detection

Technical anomalies: data quality

Physical anomalies: search for new
physics

Acceleration of MC generators
Acceleration of detector simulation

Accelerator control
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penAl Gamers

AlphaGo
L

Domains

Knowledge
Human Domain Known
data knowledge rules

AlphaGo becomes the first program to master Go using

neural networks and tree search
(Jan 2016, Nature)

Go

Known
rules

AlphaGo Zero learns to play completely on its own,

without human knowledge
(Oct 2017, Nature)

Chess Shogi

/’/ ‘ h N
{ \
|
\ J
\ /

é

Known
rules

AlphaZero masters three perfect information games

using a single algorithm for all games
(Dec 2018, Science)

Go Chess Shogi Atari

0006

MuZero learns the rules of the game, allowing it to also

master environments with unknown dynamics.
(Dec 2020, Nature)
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