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—> Dear Al,

Please, make the Theory of Everything.
Here is all of the data in the world.



1. The idea of
machine learning



What is machine learning

“Program”

Standard algorithms:

“Program” - fixed, written by
human algorithm.




What is machine learning

“Program”

Standard algorithms:

“Program” - fixed, written by
human algorithm.

How to determine and extract
useful features?




What is machine learning

“Program”
Standard algorithms: Machine learning:
“‘Program” - fixed, written by “Program” - learning on examples
human algorithm. algorithm of extracting and parsing

optimal features.

Manually created algorithms Programs, creating optimal

algorithms.



Toy example

15 1

10 -

- ' Data: points on 2D, (x,, X,)

0] | " } Answer: O - outside, 1 - inside
05 Program: how to automatically

- el discover the rule from data?

-1.0 - e
-1.5 1

10 -05 0.0 05 10 15



Toy example

15 - A
& ..
<0
101 000 aemeeeeean i
x
e ‘\ @
05 - 2.
iox X ®
0.0 - | :
! X X ;
& \‘ } 1’
x
05
< @ <P
& . ‘x,‘
=104 T U Ehmsaessd
. °
° -
<
15 °
10 -05 0.0 05 10 15

The Program

Z=WX+b

f(2)

answer

P(inside | x)



Toy example
The Program

Loss function:
Loss = | prediction(w,b) - truth | = 0 X

Z=WX+b

1.0 4

o(z)

0.5

f(2)

answer P(inside | x)




The power of machine learning

complex data

/

X1

X2

0000

input

complex patterns

/

(8§ 3 )
1 (L2 )

~
~
[t

out

prediction

10



The power of machine learning

Neural network can

approximate any function
complex patterns PP y

f(X) =Y
complex data /
X1
X2
Neural network “black box” —
(MLP, CNN, RNN, Transformers...) prediction
Xn ,’,



2. ML for automatization



LIGO - A GIGANTIC INTERFEROMETER

GRAVITATIONAL WAVE BLACK HOLE SPACETIME

MIRROR The light BHREGR
a waves bounce
and return:

A “beam splitter” splits the
light and sends out two
identical beams along the

4 km long arms.

A gravitational wave affects the
interferometer’s arms differently;
when one extends the other contracts
as they are passed by the peaks and
troughs of the gravitational waves.

Laser light is sent into
the instrument to
measure changes in
the length of the two

arms. H’rl_,f'! Normally, the light returns unchang-

5 ed to the beam splitter from both
P : arms and the light waves cancel
- each other out.

LASER LIGHT WAVES
= XXX CANCEL EACH

OTHER OUT

BEAM SPLITTER  LIGHT DETECTOR
6 If the arms are disturbed by a

P . : LIGHT WAVES HIT
gravitational wave, the light waves -3 W&}@{) FUELICLT PETECTOR
will have travelled different distan-

ces. Light then escapes through the BEAM SPLITTER LIGHT DETECTOR
splitter and hits the detector.




Search for gravitational waves

Strain (102}

Frequency (Hz)

Hanford, Washington (H1)

Livingston, Louisiana (L1)

Reconstructed (wavelet)
I Reconstructed (template)
t t

H — Numercal relativity
Reconstructed (wavelet)
m Reconstructed (template)
t t

0.30 0.35 0.40 0.45
Time (s)

Time (s)

o N B OO @

Normalized amplitude

Processing registered signals
takes a while

2308.04545:
Neural network based analysis,
pre-merger alerts (-3.1 s )

2603.26405:
Full posterior estimate

Comparable or better accuracy,
Much faster data analysis

14



Big Data Era

Large amount of data:
Planck, JWST, Euclid, LHC

We need to:

e Process the data
(identify and classify galaxies)

e Select candidates for details studies
(detailed spectrography)

Neural networks can automate this processing.
Moreover, they yield better photometric redshift estimation.




3. ML for accuracy



Telescope Array

Largest cosmic ray observatory in Northern hemisphere
(700 km?, 507 surface detectors + 3 fluorescent detectors)

Secondary
Cosmic Ray’

Metal Sheet

Metal Sheet

17



Telescope Array

E B 20080671 180929
o« 700: E= 7.12EeV, 6 = 39.93°
- iz upper
e F lower
2 E offset at R = (integer x 1000 m)
S 600 ;
S o i i W
= C
E soofF -
I Wi
w400
- L S
B 2y
300 _'
200
P O N D A N I A
24 26 28 30 32 34 36 38
Time from first hit (usec)
70020710717 065428
- E = 8.66 EeV, 6 = 49.65°
B upper
e = lower
600 offset at R = (integer x 1000 m)
I P W
500 A

T

TT
mm—

ik

b |

R I e

FADC count + 1000xlog (1+R/km)

TTTT

sk
|
i

18

300
200 '
C .,,_.LJ:L.&.
(1] 2 s o T R R e
18 20 22 24 26 28 30 32

Time from first hit (usec)



Telescope Array

0.30

0.25 4

©

N

o
!

68% percentile
o
[
w

Improved energy reconstruction

o No bias with respect to primary EAS particle

Makes possible mass spectrum analysis

T

: — nn, pr
} ‘ —— nn, fe
‘\ —-== reco, pr
M

A -== reco, fe
LB ;

0.0 0.5 1.0 15 2.0 25
MC Energy, logl0(E/1eV)

0.8

0.7

0.6

0.5 A

0.4

0.3 A

0.2 |

0.1

0.0

Mass components separa

tion

o

1
[ proton
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[ nitrogen
[ iron

T ni
!
|

| fe
1

u
0.0

T
0.5

T
1.0

T
1.5

- T
2.0

T
2.5

. T
3.0




4. ML as data simulator



ICARUS

Short-Baseline Neutrino Program at Fermilab

Target SBND MicroBooNE ICARUS

Fermilab



ICARUS

Simulation: g
o
e Millions of voxels S \ Xy <
e Complex photon reflections | 3
e Baked-in simulation parameters \ 5 &
e Takes a while \
Y, time
JUU :
Collection plane P~
- p I ¢
Photon tables, P(y, |r): 5 \</ §
Sho | =
e No spatial gradients 2| verox 8
e Coarse interpolation S 0 B
f Beam direction >2
.......................................... Cathode. = ©

1.8 m Wires



NN Surrogate Simulators

Train neural network to predict photon detection
probability:

P(y; )

Toy Model, PMT=18 Toy Model + Noise, PMT=18

Photon Lib., PMT=18
x=-362.5 [cm]

100

-100
=200

100 x=-212.5 [cm]

-100

y [cm]

=200

x=-112.5 [cm]

-800 —-600 -400 =200 0 -800 -600 -400 =200 0 -800 -600 —-400 =200

z [cm]

0

More compact than photon tables.

Calibration on real data

2211.01505



NN Surrogate Simulators

Train neural network to predict photon detection
probability:

P(y; )

Primary
vertex

—_—
Beam direction

1 m Drift direction

Collection plane

The mapping is differentiable!

Direct likelihood optimization via gradient
descendant

Gradient descendant
direction

................................................................................... \’ arXiv:2301.08643

1.8 m Wires



5. ML for event selection



Baikal-GVD

ANTARES
Deep water
0.01 km3
2008 —

Baikal/GVD

KM3NeT Deep water
oo, B S ~ 3
Deep water 1km®

1 + 0.006 km?3 Construction

Construction

IceCube IceCube-Gen2
Deep ice Deepice

1 km? ~10 km3
2011 —= Projected, 13t
IcECUBE phase imminent




Baikal-GVD

2016

£
(=

2017

(™

2018

(w

2019

(=
(&

2020

(o
(~

2021
10 2022
a1 12 2023
13 2024
2025
1) (16 2026

A exp Experimental
cluster

Ostankino (L Laser-equipped
Tower strings
540 m




Baikal-GVD

. : late
ML-based data analysis pipeline
= :
1. EAS suppression g ‘i .
o Reduce background 10* & i i
2. ldentification of signal hits °
o Surpass quality of algorithmic EHE &
reconstruction o i ,:
3. Estimation of energy and arrival .,
direction =N

o Predicted value and estimated error early



Baikal-GVD

ML-based data analysis pipeline

1. EAS suppression
o Reduce background 10*

2. ldentification of signal hits
o Surpass quality of algorithmic
reconstruction

Angular error [degl]

3. Estimation of energy and arrival
direction
o Predicted value and estimated error

0
0.0

Angular Error vs. Uncertainty Cut

- Median error

- = 68th percentile error

0.2

0.4 0.6
Fraction of events passing cut

0.8

1.0



6. ML for posterior estimation



Non-unique problems

Given coordinates of point C,
define angles (and location of point A).

Af A

We need ot reconstruct probabilities! A

31



Normalizing flow Arm

coordinate

e Choose some known distribution, like Gaussian.

e Learn mapping from this distribution to true
posterior on data examples

e Neural network is trained to maximize likelihood

e Atinference, sampling from Gaussian yields
posterior.

Ce

£1(C,2)



Simulation based inference DB

Efficiency: 78.9%
Inference time: 1 s

DINGO-BNS (full signal)

Efficiency: 10.8%
.8 090 n Inference time: 1 s
g % LVK result [5]
. 2 A Efficiency: 0.1%
SImU|atorS are exaCt, § & Inference?,ti?ni: 0.5-2 h (SOTA)
. . . Q T
but the likelihoods are intractable. o
MCMC takes a while. A
. . g >
Neural network, once trained, is fast. E .
= N
@b% @@ @,@ 0@0 Q{fo 090 oD D P L° q/b&
NTONT N Mass ratio  Distance [Mpc]  Inclination

Chirp mass [Mg]

arXiv:2407.09602



/. Why so long”?



Applicability of trained neural networks

Neural network are trained on specific data with certain data distribution and are
very sensitive.

Disagreement between training and to-be-applied-on data can be crucial:
systematic shifts, bad quality of MC data, ...

o _ . N

pig “airliner”

35



Domain adaptation as solution

Source (training) and target
dataset might be different.
NN will specialize its data

processing to source domain.

Force NN to learn domain-invariant
features!

arXiv:1409.7495

36



Domain adaptation effect

Comparison of feature distribution after the encoder

UMAP without DA UMAP with DA
20 1 o o ADA, QGSJET-1I-04
ADA, TA SD
10
15
81 10
6 » 5
%
41 01
Without DA, QGSJET-11-04
s  Without DA, EPOS-LHC
e  Without DA, TA SD 54
21 & Without DA, EPOS-LHC, iron

= & 5 29 . 25 0.0 25 5.0 75 100 125

Domain Adaptation makes feature distributions close

37



8. Can LLMs help?



What is LLM

The caris <...>

Y '

J

Context Next token

Maximize P(next token | context)



Al for math and physics

Nature: “Advancing mathematics by guiding human intuition with AI”

z: Pair of permutations

X(2): Unlabelled Bruhat interval

Y(2): KL polynomial

(03214), (34201)

(021435), (240513)

1+q?

1+2g9+¢q°

Can NN solve and find useful features?



Al for math and physics

== |[nductive
== Hypercube

Bruhat interval of First-order neighbours Hypercube
021435 - 240513 and diamonds decomposition

Nature

Examine what NN uses and generalize!



Summary

e ML helps physics:
o Automation, Precision, Posterior estimation
o Tool of modern statistics and simulation

e Simulation-to-data gap is present but manageable

e Neural networks can assist in scientific discovery
o Physics can guide ML



