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Where to Find Help

= General Introduction to Statistical Learning

o 2 = (Good start to get an overview

5 = Alot of extra material: https:/hastie.su.domains/ElemStatlearn/
= (I believe you can also download the pdf there....)

= Mathematical and statistical foundations of machine learning

Source: https://hastie.su.domains/ElemStatLearn/

= Focus on Deep Learning and Neural Networks
DEEP . )
LEARNING = Nice pedagogic approach
L = Relatively expensive (by no fault of the authors)
A = Focus on physics application!

b wors scentec

Source: amazon
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Where to Find Help

= Focus on astroparticle and particle physics

= Contains a lot of topics also covered in this talk

= (Open access

= published by the end of 2022

= Open Access!!!

= https:/www.degruyter.com/serial/mlrc-b/html?lang=en

= Many physics examples (CTA, IceCube, FACT, LHCb, ATLAS)

Source: Von The scikit-learn developers - github.com/scikit-learn/scikit-
learn/blob/master/doc/logos/scikit-learn-logo.svg, BSD,
https://commons.wikimedia.org/w/index.php?curid=71445288
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Outline of the Lecture

Take away messages

Very quick motivation for astroparticle physics
Brief introduction to IceCube

Applications of Data Science Techniques
Deep Learning Applications

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Understand your Input

Data H Model H Predictions

In machine learning, one uses data If the data are biased, then there's
to build a model, which will then a good chance that the model and
generate an output (generally also the output will be biased!

some sort of prediction)
Hiring models that disfavour e.g.

women are the result of input data
that disfavour women.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Validate!

[ Data set 1 ] [

[ Data set 2 ] -

[ Data set 3 ]_ \_

One big data set!!!
(data set 4)

J

If data sets 1 to 3 have overlappping examples, any classifier, build
using data set 4, will appear much more accurate than it actually is!

The same might be true if you do not cross validate!

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Understand your Output

During the COVID-19 pandemic a lot of hope was put on Al tools to assist
doctors to diagnose and treat patients. But none of them succeeded. Instead

Al models learned to distinguish kids from adults based on chest scans

|dentified serious cases of COVID based on the font a hospital used to
label the chest scans

This is where your scientic expertise as a physicist (your
expert knowledge) becomes incredibly valuable.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Von Banffy - Eigenes Werk, CC BY-SA 3.0,
https://commons.wikimedia.org/w/index
.php?curid=11657709

Machine Learning is a Tool

Source: CCBY-SA 3.0,
https://commons.wikimedia.org/w/inde
X.php?curid=577886

Machine Learning provides tools
to accomplish an analysis task
faster and more accurately
(when used correctly).

Source: Von smial (talk) - Eigenes Werk,

FAL,
https://commons.wikimedia.org/w/inde
X.php?curid=6028669
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Astroparticle Physics and Neutrino Astronomy

\

AGNs, SNRs, GRBs... *

Gamma rays

They point to their sources, but they
can be absorbed and are created by
multiple emission mechanisms.

Neutrinos

They are weak, neutral
particles that point to thelr
sources and carry information
from deep within their origins.

*

They are charged particles and
are deflected by magnetic fields.

* X

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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A History of Neutrino Astronomy
in Antarctica

#IBECUBE @&

NEUTRINO OBSERVATORY >

®\
¢ TMe "

llLi4
= 11111 =
L 4 I [ R theltl —
o, O O O O O O O
1988 2000 2001 20M 2013 2018 2021 2023
Telesco?e in the AM;\IDA Atmos_pheric Iceajbe Astro;;ysical Firstgaurce Gla;ow Second Source Thirdgaurce
Ice Envisioned Completed Neutrinos Completed Neutrinos TXS 0506+056 Resonance NGC 1068 Milky Way
Detected Discovered Identified Neutrino Identified Identified
Identified
2012: People getting itchy
about missing
astrophysical neutrinos
Tim Ruhe, HighRR Lecture Week, Septemper 12tn zuzs 11
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The IceCube Neutrino Observatory

Top View

@ IceCube Strings

% HQE DeepCore Strings

A DeepCore Infill Strings.
(Mix of HQE and
normal DOMs)

Side View

DeepCore strings have
10 DOMs with a
DOM-to-DOM spacing
of 10 meters.

50 HQE DOMs with an
DOM-t0-DOM spacing
of 7 meters.

21 Normal DOMs with a
DOM-to-DOM spacing
of 17 meters

Tim Ruhe, HighRR Lecture Week, September 12th 2023

IceCube Lab
IceTop
-‘/81 Stations, each with
2 IceTop Cherenkov detector tanks
2 optical sensors per tank
324 optical sensors

50 m

IceCube Array

86 strings including 8 DeepCore strings
60 optical sensors on each string

5160 optical sensors

1450 m

DeepCore
8 strings-spacing optimized for lower energies
480 optical sensors

Eiffel Tower
324 m

2450 m

2820 m

12

December, 2010: Project completed, 86 strings
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IceCube Geometry and Drill Seasons
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The Fundamental Unit of IceCube: The DOM

Cable Penetrator Assembly
\ PMT High Voltage Base Board

High Voltage Generator &
Digital Control Assembly

Mu-Metal Magnetic
Shield Cage

Glass Pressure /

Sphere

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Downward facing 10 PMT
(Hammamatsu R7081-02), 25% Peak
QE

High Voltage Supply

Electronics

Flasher LEDs

Higher QE (34%) for DeepCore DOMs
(Hammamatsu R7081MOD)

Very few DOM failures (mostly during
deployment)

Slightly larger fraction of DOMs with
issues (mostly non-standard Local
Coincidence)

14
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The Detection Principle: Cherenkov Light

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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IceCube Events: Tracks and Cascades

Cascade like events:

= vy, - CCandall flavour NC interactions

= [nteraction inside instrumented volume
= Poor angular resolution = 15°

= Good energy resolution

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Track like events:

= v, - CCinteractions

= [nteraction may happen outside
iInstrumented volume

= Good angular resolution = 1°

= Poor energy resolution

16
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IceCube Events: Double Cascades

t-Track (~ 50 m/Pe

L - R f) — = T — £
@00 00 - 00

s

T _VT+X.f>T_+LX’
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From Double Cascades to Double Pulses

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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From Double Cascades to Double Pulses
Double Pulse

Single Pu

b ¢ ¢ ¢ ¢ ¢

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Astrophysical neutrino

What IceCube Sees (and what it does not see) dd

—— x E2
dE

Cosmic ray

Contribution of
Electron Neutrinos

Ta,,
...*

Conventional
dd _
Componentd—Eoc E~37

IS
IS
.

a
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What IceCube Sees
Atmospheric Muons Conventional Astrophysical neutrino
aoe —3.7 ao —3.7 dd
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IceCube Reconstructions

W31 AoyuaIay )

Ahrens et al., NIM A 524 (1-3), 169 -194 (2004)

Tim Ruhe, HighRR Lecture Week, September 12th 2023

1.Simple features, which do not require
sophisticated reconstruction, e.g. total
charge acquired in an event.

2.5imple Fits, assuming a straight line
and minimizing a X2:

N
2 J— —_— J— . 2
X —E(Ti TLinefit — CMedium t)
=1

3. Likelihood-based reconstructions:

L= ]__[p(xuﬁ)
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Number of Events

COGX, -Y and -Z

- What is happening here?
10° E_ I N
104;_ Rl — Neutrino MC _
C — Real Data
103F — CORSIKA
S e Center of Gravity of the charge
102F Rt e distribution in the detector.
10?...|.........|....|....|..............|....|....+ For cascades this is a relatively good
-400 -20 0 200 400 estimator for the vertex position of the
COGZ [m] neutrino interacation.

Can be used e.g. for containment cuts.

Center of the detector.
Interpretation is less intuitive for tracks
Tim Ruhe, HighRR Lecture Week, September 12th 2023 24
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South Pole Ice as a Detection Medium

Graphics: Aartsen et al., PRD 99.3 (2019): 032007.

absorptivity [m™]

®
IceCube string

$ ] Absoprtion
ey
S\l

Ext. DeepCore

—
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Veto cap
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effective scattering coefficient [m"]

' -5l
Scattering i
DeepCore o
50 HQE DOMs 004
7 m vertical spacing
003

2
5

004 003 002 001
Absorption (m™)
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Ice Model Evolution

AHA
Ice core measurements

‘

SPICE-1

‘

SPICE:Mie ]
In situ

‘ measurements
using flasher LEDs

SPICE-Lea

‘

Aartsen et al., NIMA 711,73 — 89 (20013)°

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Bulk Ice vs. Hole Ice

§
|
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2 O 0
® o
Old ice 2 2 - Odice
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IceCube Data Levels

4 A Supposed to be very fast. The aim is to
Level O (trigger level) identify and extract particle
interactions from noise.
§ J
4 N

Level 1 (filter level)

\, J
4 N
Level 2
\, J
4 N
Level 3
\, J

Tim Ruhe, HighRR Lecture Week, September 12th 2023 28
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IceCube Data Levels

4 N
Level O (trigger level)

\, J
4 N
Level 1 (filter level)

\, J
4 N
Level 2
\, J
4 N
Level 3
\, J

-~

Tim Ruhe, HighRR Lecture Week, September 12th 2023

-

Data rate of approx. 3 kHz. Dominated\
by atmospheric muons. Some degree

of background rejection, mainly by
selecting events with a certain
topology or energy (e.g. DeepCore

Filter).

_/

29
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IceCube Data Levels

4 N
Level O (trigger level)

\, J
4 N
Level 1 (filter level)

\, J

-
Level 2
\, J
4 N
Level 3
\, J

No events are discarded at this level.
Sophisticated reconstructions are

applied.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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IceCube Data Levels

4 N
Level O (trigger level)

\, J
4 N
Level 1 (filter level)

\, J
4 N
Level 2
\, J
4 N
Level 3
\, J

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Reconstructions are continued and
become working group specific. Some
cuts are applied to events that pass a
subset of filters (cascades, muons,

low energy).

Data rate is reduced to approx. 1 Hz.

Starting point for the majority of the

QeCu be analyses. /

31
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Example Analysis: Reconstruction of Neutrino Energy Spectra

—— Conventional
—— Prompt
10~4 - —  Astro
Tln
o 107% A
L
-
D
£ 1078
y
=~
g
;6 10—10_
Ly
10—12 i

10 103 104 10° 10° 107

Energy/GeV

Tim Ruhe, HighRR Lecture Week, September 12th 2023 32
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Example Analysis: Challenges

-  Conventional
—— Prompt
104 - — Astro
— Sum
Il-n
o 107% 4
L
n
D
E 10—8 i
? ——
~
)
9
Ne. 10—10_
Ly
12 \/ery few events
10744 A \

10?2 103 104 10° 106 107

Energy/GeV

Tim Ruhe, HighRR Lecture Week, September 12th 2023 33
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Example Analysis: Challenges
—— Conventional
—— Prompt
104 —— Astro
—  Sum
T‘.”
b Overwhelming background of
“.‘E atmospheric muons!
=
L
9
=1
"W
Very few events
102 107 104 10° 108 107
Tim Ruhe, HighRR Lecture Week, September 12th 2023 Energy/GeV 34
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Example Analysis: Challenges

—— Conventional
—— Prompt
10~4 —— Astro
—  Sum
0 el
I @Q‘(\
- g
I > : .
s & Overwhelming background of
“.‘E Y | atmospheric muons!
LW} S
> o
O
& 10710+ \
"y N
Very few events
10712 \\\\

107 103 10* 10° 10° 107
Tim Ruhe, HighRR Lecture Week, September 12th 2023 Energy/GeV 35
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++ v, rec. Zenith
-+ v, real Zenith

- pame rEC. Zenith |4
- fram real Zenith

Using the Earth as Muon Shield

Zenith Cut

Cosmic ray

Muon rejection via
zenith cut. 10

Events / Bin
=
o

20 40 60 80 100 120 140 160 180

Zenith [°]

oy
g
Ny
n
......
Ty
gy
.‘

Tim Ruhe, HighRR Lecture Week, September 12th 20% 36



technische universitat lehrstuhl .éS
dortmund physik e5

Defining Signal and Background

10° ‘ ‘ ‘
H— Background: Muon tracks falsely
10} i, FONIENCUE by rec zenitn | reconstructed as upward going.
T e - pramo real Zenith
h e _~" (Encoded as 0)

c I e
a) e
¥ 10% -
2 1
= :- W _
Lﬁ 1 1_: H-H:-

107 | el "';;

10°} I

‘ .
. T~ Signal: Muon tracks correctly
10

0 20 40 60 8 100 120 140 160 180 reconstructed as upward going.

Zenith [°]
) | (Encoded as 1)
M. Borner, PhD thesis (2018)

Tim Ruhe, HighRR Lecture Week, September 12th 2023 37
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How to handle Missing Values

Name Age Gender Job Salary
Joey 23 male actor 1000, 00
Rachel 24 female buyer 1340,00
Ross 28 male Y 1200,00
Chandler 28 male accountant nan
Monica 24 female chef 1280,00
Phoebe nan female ?P? 4300,00
= Some algorithms can only handle = Features with too many missing values
numerical values can be excluded
= Missing values (nans, infs,..) can be = Missingvalue can actually provide
replaced valuable information, e.g. reconstruction
= Average algorithm failed because this is an event
= Median with poor information
= Constant

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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How to handle Missing Values

Name Age
Joey 23
Rachel 24
Ross 28
Chandler 28

Monica /
Phoebe @

Gender

male
female
male
male
female
female

Given that we understand the data
fairly well, it is probably safe to
replace this values with mean or

median.

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Job

actor
buyer

?P?
accountant

chef
PP?

Salary

1000, 00
1340,00
1200,00
nan

1280,00
4300,00

39
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How to handle Missing Values

Name Age Gender Job Salary
Joey 23 male actor 1000,00
Rachel 24 female buyer 1340,00
Ross 28 male 2?7 08520
Chandler 28 male accountant
Monica 4 female chef 1280.,00
- ‘\
Phoebe @ female 2?? ( 4300,00
\~-——’
Given that we understand the data This might be more problematic,
fairly well, it is probably safe to because Phoebe's salary is an outlier
replace this values with mean or here, that might create a bias.
median.

Tim Ruhe, HighRR Lecture Week, September 12th 2023 40
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How to handle Missing Values

Name Age Gender
Joey 23 male
Rachel 24 female
Ross 28 male
Chandler 28 male
Monica 4 female
Phoebe female

Job

actor

"l!ﬂiﬂi!!gnt

Given that we understang

Salary

1000, 00
1340,00

N0 "5

_1280.¢0

—~aye problematic,

. o Nume ' ature | _ .
fairly well, it is probably s rep[acggal, SO it cannot pe easilyls "9tk salary is an outlier
replace this values with} create a bias.
median.

OOne could encoge it,e.g. unk
rone coylg discard the apy; nown
€ature € entire

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Feature Selection

Initially
1219

blacklisted

Exclude features that either bias the
selection or are only present in simulation.

1129

constant & useless

855

Correlation cut

323

Data/MC C1f
311

mMRMR

60

M. Borner, PhD thesis (2018)

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Feature Selection

Initially

1219

Exclude features that either bias the
selection or are only present in simulation.

blacklisted

Constant features do not carry information.

constant & useless

855

Correlation cut

*Useless in this case includes features

323 that exceed a certain threshold in the

relative number of missing values.
311

**0One could go one step further and also
60 exclude features with small variance.

M. Borner, PhD thesis (2018)

Tim Ruhe, HighRR Lecture Week, September 12th 2023 43
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Feature Selection

| |
1219 Exclude features that either bias the
selection or are only present in simulation.

1129

Constant features do not carry information.

constant & useless

855

Strongly correlated features do not contain

Correlation cut new information (or only very little)
323

Data/MC C1f
311

mMRMR

60

M. Borner, PhD thesis (2018)

Tim Ruhe, HighRR Lecture Week, September 12th 2023 44
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Feature Selection

| |
1219 Exclude features that either bias the
selection or are only present in simulation.

1129

Constant features do not carry information.

constant & useless

855

Strongly correlated features do not contain

Correlation cut new information (or only very little)
323

Simulated and experimental data
should agree to not bias the result.

Data/MC C1f

60

M. Borner, PhD thesis (2018)

Tim Ruhe, HighRR Lecture Week, September 12th 2023 45
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Feature Selection

| |
1219 Exclude features that either bias the
selection or are only present in simulation.

1129

Constant features do not carry information.

constant & useless

855 :
Strongly correlated features do not contain
Correlation cut new information (or only very little)
323
Simulated and experimental data
311 should agree to not bias the result.
510)

Automated selection by a feature

M. Borner, PhD thesis (2018) . :
selection algorithm.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Feature Selection: Forward Selection

[ Feature 1 ] )

[ Feature 2 ]
[ Feature 3 ]

S—

[ Feature n ]

Train Model with
Selected Features (one
after the other) and
select the one with the
best performance

f Model

[ Feature 1 ]

\_

~N

J

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Feature Selection: Forward Selection

/l\/l odel
Feature 2

Feature 1

Feature 3

[ Feature 2

[ Feature n ]

-

\—__

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Add Features (one
after another) and train
a classifier.

Select the features

that give the best
performance.

48
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Feature Selection: Backward Elimination (1st Iteration)

., ........... N ./ (@ N

I ‘ ! WS - !

: = , Feature .Z‘//;;

I . I 'oofz‘ :

. | - )

i . | Z‘f@

: : : . QQ/r

I [ Feature 2 ] = : Feature 2 | = @/Ls‘,@

I . 8_ | i 8_ /bOV
. | @ . | © @O/
: [ Feature 3 ] | I [ Feature 3 ] | °

i - I i

. |

- [ Feature n ] ' \ n ] .
\ ]

/ /7
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Feature Selection: Backward Elimination (2nd Iteration)

, ——————————— \ ., _______ — /Q- 1] \
3 . ’ /CGQZ‘O .
I : o
: 5 : | [ Feature 1 &@Q,f ®s
I : @/ h/e
. | . ) /7 S
" e
' ' : ®or. o
- l e @
) I [ ] l//b Sz(/.
I Feature 2 I = | Feature 2 : S/}‘@/))'OO
) @)
| -2

< /s
L} O f g 2‘&
| % QX 0/7, ¢
D)

(>

i - I i

. |

- [ Feature n ] ' \ n ] .
\ ]

/ /7

i mm o oo Em s o= = °
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Minimum Redundancy Maximum Relevance (1st Iteration)

[ Feature 1 ] B

[ Feature 2 ] Compute correlation of
all features with
respect to the target

B
Feature 3 class.

Select the feature with
the largest correlation.
[ Feature n ]
=
Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Minimum Redundancy Maximum Relevance (3rd Iteration)

[ Feature 2 ]

[ Feature n ]

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Compute correlation of
all features with
respect to the target
class.

[Featu re (Selected)]

_ Feature 3 (Selected)
Compute Correlation

with already selected
features.

Select the feature
which maximizes

- max [I(xj,c)—%l Z I(Xi»xj)]

m
Xi € Sm—1

Peng, H.C., Long, F., and Ding, C., IEEE Transactions on Pattern Analysis and
Machine Intelligence, Vol. 27, No. 8, pp. 1226-1238, 2005.

52
Ding, C., & Peng, H., Journal of bioinformatics and computational biology, 3(02), 185-205. (2005)
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) ) Repeat n-times
Why is this Preferrable? e -
/ \
HEEEEE | ]
I Feature Selection :
= ' J
I
== | ¥ |
1 /7 . )
I Model Training |
l & :
%%%@@@ I Estimation of Feature I
I
1 Importance J
EEEEE | = |
e AL
Source: By Thore Husfeldt at English Wikipedia, CC BY-SA 3.0, I
https://commons.wikimedia.org/w/index.php?curid=31823619 I
: Remove Worst I
I
| N J
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u ag X L
Feature Selection Stability § 105 ® Kuncheva
=0 8:— m Jaccard
Jaccard Index: R
04:_ L] - .....I..l: - l.:l :.l:-: n
|A N B| 025 _
AB)=— " Forward Selection
]( ) |AUB| Hxnl....l....l....I....I....I....I .....
0O 5 10 15 20 25 30 35 40
Number of Attributes
Kuncheva's Index: § 1'02'
k =|A| = |B| 09"
08 i_ L4 .......... ’ L™ l--. - ]
I-(A,B) ok |A N B| 0.70 A
C ) = r - ) E [ ] - -
k(n - k) 0.6 :_ o ™
0.5 _ . e Jaccard
- []
n: number of featuresg 4 " MRMR Kuncheva
Ludmila |. Kuncheva: A STABILITY INDEX FOR FEATURE SELECTION 0 10 20 30 40 50

Tim Ruhe, HighRR Lecture Week, September 12th 2023 Number of Attributes
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Feature Engineering

[ Feature 1 ] — [ Feature n+1 ]
Feature n+2
Feature 2

Mathematical
[ Feature n+m ]

= | Operations of your
Feature 3 choice
*The early layers of Deep
Feature n
[ ] — Neural Networks tend to

take care of this
automatically.

Tim Ruhe, HighRR Lecture Week, September 12th 2023 55
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Data/MC Disagreement

[ Simulations [ Observations

4000

2000 -

sufficient agreement

10!

102 10°

HitStatisticsValuesIC.q_tot_ pulses

2000 -

insufficient agreement

10!

102

SplineMPEDirectHitsICE.n_dir pulses

Graphics: M. Linhoff

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Challenges when inspecting
distributions by eye:

only looking at one-
dimensional distributions

= Systematic errors in
simulation will also affect
correlations between
features

= Which metric 777

= Which threshold ???
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Quantifying Disagreements

Random Forest Feature Importance

SPEFit2Bayesian.time

SplineMPEDirectHitsICE.n_ dir__pulses
HitStatisticsValuesIC.q_tot_ pulses
LineFitTimeSplit2Params.n__ hits

SplineMPE_ MillipedeHighEnergyMIEFitParams.logl
SplineMPEMuEXDifferential.energy

SPEFitSingle. TWHVFitParams.rlogl
SplineMPE__SegementFitParams.rlogl
LineFitGeoSplit1Params.n__ hits

SplineMPE__ MillipedeHighEnergyMIEFitParams.chi_squared
MuEXAngular4_ rllt.value

SplineMPEDirectHitsD.dir_ track_length
SplineMPECramerRaoParams.cramer rao_ theta
ProjectedQ.ratio

SplineMPECramerRaoParams.variance_ theta
BestTrackCramerRaoParams.variance theta
SPEFit2TimeSplit1Bayesian.z
SplineMPETruncatedEnergy_ SPICEMie_ DOMS__Muon.energy
SplineMPEDirectHitsICC.dir__track_hit_ distribution__smoothness
SplineMPECramerRaoParams.variance_ x

0.00

Graphics: M. Linhoff

Tim Ruhe, HighRR Lecture Week, September 12th 2023

0.05

General ldea:

= Train classifier to distinguish
simulated and experimental
data

= Hard to impossible for a
perfect agreement

= Sort features according to
their importance

= Discard to n features

= Advantage: Extent to which
mismatches can be tolerated
Is set by the classifier
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Separating Data from MC

1.0
Features removed:
05 0: Aroc = 0.67 Area under Curve is close to
. —— 4 Agoc = 0.60 l q )
£ % v = 0.57 0.5 (close to random guess).
.g 0.6 —_— 12: AROC =0.55
%
04
E Features removed:
s 10 14 18 1 12
15000 - <@mm Likely Observations Likely Simulations s
00 T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 12500 -
False Positive Rate
10000 -
Prediction score centered 7500
around 0.5 (close to random -
gu eSS)- 2500
Graphics: M. Linhoff 0 ; l |
0.00 0.25 0.50 0.75 1.00

Tim Ruhe, HighRR Lecture Week, September 12th 2023 Prediction Score 58
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Model Building and Model Performance (Sketch)
é )
Events available for model building (e. g. Monte
Carlo simulations).

\ S
[ N

Training Data Holdout Set
\ S

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Model Building and Model Performance (Sketch)

Repeat n-times to

Training Data optimize the model

parameter.
e e e e e e e e e e e e e e e e e e e e =N
. L
I ! Set 1 Set2 || Set3 || sets | Repeaté-times (cross .
validation)
I 1|
oy ] 1 |
1) | . 1 |
: Estimate performance of .
I ' the model with respect I
: | Train ML model of your to desired metric. ' :
| choice '
[y ;]
AN 7z 7/
~ - e o o O O S S S S D D D B D D D D B e e e e . - /
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Model Building and Model Performance (Sketch)
é )
Events available for model building (e. g. Monte
Carlo simulations).

\ S
[ N

Training Data Holdout Set
\ S

Re-check classifier
performance on unseen
data.

Fully optimized ML
model

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Events (Examples) are
Nomenclature characterized by a feature
vector:
5 - *x X ) .
Am X =(x; ... xp)
4 . K % b
" * o *1*“’ *X £
% ek % . .
3 cv T R ) In this example
= ‘ * %
2 vy '*‘ *}**& *::: * ox —
v v W b4 * X = (x1,%2)
v ', v 'w" Yv =
1 R Yo Vv Y " v . .
vV, And a class variable
0 v ‘t;,:: v o
vy M v blue
-1 v * Orange y E [yl yn]
-2 0 2 4 6

x1

N (X,y) pairs are referred to as training set

Or annotated data

Tim Ruhe, HighRR Lecture Week, September 12th 2023

In this example
y € [blue,orange]
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Nomenclature

Task: Build a model to

separate blue and orange

examples.
4- T
v * *a x “ * *f ¥
4 ** ** #r
n 4 * * *:*&* * *
3 * v e vy & \;*M
N N -
v v } o
S \ A t‘ "i *** T AN S * ox
\ 4 '{ v v !* *
v v Yy
v vy wY v o
14 vy
v' v %Y 'v )
A
0 v “V'V v v'
v w W v
vy ¥ v blue
1 v % orange
=2 0 2 4 6

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Events (Examples) are
characterized by a feature
vector:

—

X =0 ... Xxp)
In this example
)_() = (xlt xZ)

And a class variable

y € [y1 . Yl

In this example
y € [blue,orange]
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The Linear Model

x * *
5 1 * %
* * %
i
4 IR S N 4
*
* %
" * L **&** ** 4
*x
x * +* *:*‘* ‘ e
3 * v i vy & 1;**
v N * **# #
v o ¥
5 vy *" *}*** . * %
v v ‘; P4 *
v Y v v*
v vy wv'v, *
1 \ N v
vV
0 Y ‘Qv Wwv Y
w'w v
' '
Y v ¥ v Dblue
1 v # orange
T T
-2 0 2 4 6

Tim Ruhe, HighRR Lecture Week, September 12th 2023

p
9=Fo+ ) xif
i=1

 _ Jorange: 0
Y blue: 1

Solve e.g. by least squares fit
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The Linear Model: Graphical Representation of the Model

The model is not able to perfectly
describe the training data.

Below line:
Classifyas blue  -1-

v  blue:1
+ orange: 0

Tim Ruhe, HighRR Lecture Week, September 12th 2023

T
6

Above line:
Classify as orange
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Application to Unseen Data

Confusion Matrix

 Blue()
Blue (+) 22
Orange (-) 22

v blue: 1
orange: 0

-2 0 2 4 6

*| defined that border will be part of

Tim Ruhe, HighRR Lecture Week, September 12th 2023 the orange class
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True and False Negatives and Postives
True Positives (TP)

False Positives (FP)

v v v v v blue: 1 False Negatives (FN)
-1 1 | v v | : °“I’"ge’ 0 True Negatives (TN)
-2 0 2 4 6

*| defined that border will be part of

67
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TPR, FPR, Accuracy and All That

True Positives (TP)
Accuracy: False Positives (FP)

ACC_TP+TN_ TP + TN
~ P+N TP+FP+TN+FN

Precision:

PREC = ——
¢ TP + FP

Recall:

False Negatives (FN)
TP 4+ FP True Negatives (TN)

* These measures can sometimes
have different names

REC =

Tim Ruhe, HighRR Lecture Week, September 12th 2023 68
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Area Under Curve

Perfect
classifier OC curve
10e

True positive rate

1.0

False positive rate

Source: By cmglee, MartinThoma - Roc-draft-xkcd-
style.svg, CC BY-SA 4.0,
https://commons.wikimedia.org/w/index.php?curid=1097
30045

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Graphics: M. Linhoff [Learning Under Resource
Constraints — Discovery in Physics] (in preparation)

Mean area under curve: U0.8263 = 0.0022

1.01
0.8 4
b
206
kY
_:' Single CV ROC Curve
a w— Mean ROC curve
a
§ 0.4
0.2 4
Graphic: M. Linhoff
0.0+

0.0 0.2 0.4 0.6 0.8 1.0
false positive rate

ROC characteristic for the FACT Open Crab data set
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Naive Bayes " \
I
Naive assumption | Some sort of preprocessing :
|%) = P(K) - p(X|k)  thatallfeaturesare '=====mmmmm o e /
p( |x) o P(D_C)) independent. N

Super fancy machine
learning algorithm that'll

take days to finish

J

L 8 N &R _§ N § N § § B § N § N _§ N §B N N § §N 3

1 n
p(kl?) = Zp) | [ pCalk)
i=1

------------------- -—y ————————————————————-’
(" Use Naive Bayes here,and |
| . i
i replace with actualy I
. algorithm after debugging. | Great for debugging and
I !

e , benchmarking!

Tim Ruhe, HighRR Lecture Week, September 12th 2023 70
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Decision Trees

A A separation of the two
X2 classes is difficult to achieve
with a linear model.

* *

** *

Tim Ruhe, HighRR Lecture Week, September 12th 2023 71
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Building a Decision Tree

* *
*
** *

Tim Ruhe, HighRR Lecture Week, September 12th 2023 72
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Building a Decision Tree

A
X2 x; <ty X, >ty
A decision tree with only a
* single split is sometimes
. . referred to as a decision stump.
>
X1

Tim Ruhe, HighRR Lecture Week, September 12th 2023 73
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Building a Decision Tree
tq

X1St1 x1> tl

A

* *

** *

Tim Ruhe, HighRR Lecture Week, September 12th 2023 74
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Building a Decision Tree

Tim Ruhe, HighRR Lecture Week, September 12th 2023

X, > t,

X, >ty

Xy > ts
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Decision Trees: Parameters and Nomenclature

root node

= Typical Settings:

= Splitcriterion

=  Maximum depth

Depth of the tree: 3 = Minimum samples
required for split

= Minimum samples
required for a leaf

X, > t,

terminal nodes/leaves

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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No Further Splits

No further split possible

- Majority vote: orange

- Average:
confidence(green)= 1/3,
confidence(orange) = 2/3

Tim Ruhe, HighRR Lecture Week, September 12th 2023

No further split possible

- Majority vote: green

- Average:
confidence(green)= 2/3,
confidence(orange) = 1/3
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Decision Trees for Regression

Tim Ruhe, HighRR Lecture Week, September 12th 2023

No further split possible

1 5
§(2+2+1)—§
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How to Decide Where to Split?

/ /)
/, > )
0/77 7 /)OQ:O(/ﬁ OOO/'OO/‘ ¢
% G %/. e 0/ € 9s” @
G (7 @z‘f b STts,. e .
MEONC Yo %o 2 0o,
e, C SN Srp. ST
/‘O Oﬁ/‘ O@ S 6//7
N0, @/,')
%%

The goal of a splitis to find the combination of feature and cut-value
that maximizes the decrease in impurity.

The nodes at the next step should be as pure as possible.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Different Measures of Impurity

0.4

Pmik- Proportion of class kinnode m

0.3
L

0.2

0.1

IMisclass = 1 — Pmk(m)

0.0
L

0.0 0.2 0.4 0.6 0.8 1.0

K
L = — log(Pink) g
Cros Entropy Pmk108(Pmk

k=1

K
lgini = z PmkPmkr = Z Pk (1 — Pmk)
k+kr =1

**Definitions are from Elements of
Tim Ruhe, HighRR Lecture Week, September 12th 2023 statistical learni ng. 80
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Random Forests

A Decision Tree is a weak
classifier, but it can be
strengthened by using ensembles
of decision trees.

Random subset of
examples to build each

tree. Random forests utilize an ensemble of
independent weak classifiers (decision trees) to
x; <ty obtain a better classification.
Random subset features to Final classification is achieved via:
determine the optimal split
Ntrees
1
! Ntress e Y
=1

c;j: Classification for example j by tree i
Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Boosting

FiNnAL CLASSIFIER
G(x) = sign Zf\n/le U G ()

)

- Gul)
= (lassifiers are weighted by
A, =log((1 —ern,)/erny,)
! = Better classifiers obtain higher weights
e G3(x) = Example weights are updated in every
T iteration
. Gal) w; < w; - exp(am - 1(y; # G(x;)

= Falsely classified examples obtain
higher weights in the next iteration

|
<> - o

Source: Elements of Statistical Learning, Figure 10.1

Tim Ruhe, HighRR Lecture Week, September 12th 2023



Ereignisse pro Sekunde
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Model Output The classifier will declare
everything withc > 0.5 as
100 signal.
C ol B vabs Direct usage of the classifier
. =1 Atmos. p | — TS v, [ — 7 . .
0 outputis not sufficient.
107° . .
Extra cutis required.
1077 4
10°° 107 5
] [ Data
10-11 : : : : Simulations
" v Kolsssiﬁkationsxff;eﬁrt o e g 1072?
%1073-E
Reasonable agreement between ;
simulated and experimental data. 1075
1075 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Classification Score
Tim Ruhe, HighRR Lecture Week, September 12th 2023 83
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What to Consider Bevore Applying Additional Cuts

1074 1

-
9
o

10-8 4

E20/GeV-cm~2-sr71.571

1010

10-12

—— Conventional

The analysis goal is to
reconstruct a muon neutrino
energy spectrum and to
observe a flattening of the
flux at high energies.

T T T
102 103

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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What to Consider Bevore Applying Additional Cuts

‘ u L} —— Conventional
——— Prompt

—— Astro

— Sum

1074 1

10—6 n

10-8 4

E20/GeV-cm~2-sr71.571
||

1010

10-12

The analysis goal is to
reconstruct a muon neutrino
energy spectrum and to
observe a flattening of the
flux at high energies.

T T T T ML T T T T T T
102 103 104 10° 106 107
Energy/GeV

We can probably tolerate some
muon backround in this region.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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What to Consider Bevore Applying Additional Cuts

‘ = e —— Conventional
——— Prompt . .
10¢ 1 ’ — Astro The analysis goal is to
T reconstruct a muon neutrino
717 energy spectrum and to
Lol observe a flattening of the
N flux at high energies.
$ oo
10712 . - -
T 1 100 105 106 100 \
Energy/GeV
Muon background in this region
We can probably tolerate some will alter the physical
muon backround in this region. interpretation of the result.

Tim Ruhe, HighRR Lecture Week, September 12th 2023 86
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What to Consider Bevore Applying Additional Cuts

The caveat is that - |
there might not be ST T pameption
sufficient background o ‘ — Astro The analysis goal is to
simulation. 1 . N NN reconstruct a muon neutrino
T energy spectrum and to
Lol observe a flattening of the
N flux at high energies.
$ o]
10712 - . - -
T 1 100 105 106 100 \
Energy/GeV
Muon background in this region
We can probably tolerate some will alter the physical

Tim Ruhe, HighRR Lecture Week, September 12th 2023 87
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Additional Confidence Cut

10°

10% |

103 F

Events / Bin

102

101 b

10°

0.70

-+ 4 1C79 Data

-+ -+ Sum of simulated v, and simulated p
-}~ atmospheric v, simulated
~+ - atmospheric x simulated

Cut

L= =

b
+ + ++++

79 strings

Aartsen etal., ERJC 77,

i _[__[_—[— R

1_

692 (2017)

B

f

0.75 0.80

0.85 0.90

~ 200 neutrino candidates per day

1.00

-
o
S

ey
o
w

Number of Events

-
o
)

10

| Aartsenetal.,, ERJC 75,116 (2015) — |

|
T—
%

+

T+

F59 strings

Data
—— Atmospheric Neutrinos

— Atmospheric Muons

Muons + Neutrinos

490 492 494 496 498 500
Number of Trees

~ 80 neutrino candidates per day

Expected Purity well above 99.5% for both analyses.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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The Point of Cross Validation Exemplified

10°

-+ -+ Sur;w of simulalted v, and Isimulated u = . . .
- -}~ atmospheric v, simulated cut A nOt Sou ntyplcal SluatIOﬂ:
10* |+ -+ atmospheric x simulated ]
-+ -+ 1C79 Data =.=:= ............... —
il Slgnal Backgr. Total Data
103 | R 1 I
+ [ ]
+
102 F + ++++++ ++++ Il 4— | | | | | i | | | | | _5 | | | | | ] 1l@_ | | I
79 strings 'I'{— n %-H-_I_
Aartsenetal.,,ERPJC 77, 692 (2017) <\> /S th/S
0.70 0.75 0.80 3;::. 0.90 a Drob/e
For very high confidence /77799

scores we run out of

background simulation!!!  This might be a fluctuation or it might

be that the classifier does not
Tim Ruhe, HighRR Lecture Week, September 12th 2023 generalize well. 89
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The Point of Cross Validation Exemplified

e -
B -+ Sur;w of simulalted v, and Isimulated;; . - It. Slgnal BaCkgl" . Total
-+ -} atmospheric v, simulated cut oo l
104} |- - atmospheric p simulate ] ] .
+ -+ |(§79 Dr;lla g e - I 1 4 1 5 |
il . 2 3 0 3 -
e I 6 2 8 |
[y bt "4 4 0 4 :
T I l
79 strings T _I_'Hﬁ_l_—[— -5 5 1 6 -
Aartsen et al., ERIC 77, 692 (2017) T ] o ] )
S S . Using cross validtion will not make this
R _ problem disappear, but it will provide
For very high confidence you with more information.

scores we run out of
background simulation!!!

Tim Ruhe, HighRR Lecture Week, September 12th 2023 90
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Where ist the Muon Background?

10°
104

103}
102}
101}
10°}
10t}

1072

10°
104

103}
102}
101}
10°}
10t}

1072

——  90° < rec. Zenith < 120° |

1072 103 10* 10° 10°

E, reco [GEV]

L . 120°< rec. Zenith < 180°

I ——

I —

—T

—

10° 103 104 10°

E,u, reco [GeV]

=
o
(9]

Events / Bin

Events / Bin

10°

104}

[ [ [
o o o
L N w

=
o
o

1071}

1072

Aartsenetal.,ERPJC 75,116 (2015)

-+ - atmospheric v, simulated
atmospheric p simulated |}
-+ IC79 Data

102

10°

10 104 10° 10°
E;L, reco [GeV]

104}
10°
102}
10t}

=
o
o
T

= =
o O
NI

86° < rec. Zenith < 90°

=
o

N

103 10° 10° 10°
E,u, reco [GeV]



Estimated Muon Energy E,, / GeV
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Additional Improvements: 2D Cuts

107!

[ — | v, up  — | v, down =3 v,

9967 E i 32d‘:22h:53 o S s
e . = Zenith Band: 86.0° - 111.0° ’ 3 Atmos. p EEA NCw, v
Zenith Band: 111.0° - 180.0°

1073 -

=

=

Q

|53

]

7]

i

(53

jon

= 0

g 5

o =

5 ® m
=
<5
o
Z
a
3}
-
m

10711 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Classification Score

| | Classifier output is energy and
Ciassiﬁcation Sco're . . Zenlth dependent

~ 300 neutrino candidates per day Score cut as a function of energy

and zenith.

M. Borner, PhD thesis (2018)
Tim Ruhe, HighRR Lecture Week, September 12th 2023 92
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How to continue

(00)

Emax
AN, _ [ (dNy) (dP(Ey)
T j(dEv)( iE, )dEv giy) = J A(E,y)f(E)dE

Emin

Ey
@9@‘@ o Fredholm Integral equation
()

Matrix equation

See for example: https:/stb876.tu-
dortmund.de/deconvolution/index.ntml

Sought-after neutrino spectrum
Obtained from simulations

Tim Ruhe, HighRR Lecture Week, September 12th 2023 93
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(Atmospheric) Neutrino Energy Spectra

1073 ‘ ‘
B |ceCube Parameter Fit
. -} -}~ 1C59 Unfolding
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Deep Neural Networks for Reconstruction in IceCube

Hidden

Input ‘
‘ Output

le: File:Gustav chocolate.jpg by
jpg by HisashiBottom left: File:Siam
by Von.grzankaBottom right
n/index.php?curid=17960205

o p
/ Source: By Al ar - Top left: File:Cat August 2010-4.jpg by Alvesgas
Martin Bahm right: File:Orange tabby cat sitting on fallen leaves-H
lilacpoint.jpg by N ahmannBottom middle: File:Felis catus-cat
‘ File:Sheba1.JPG by Dovenetel, CC BY-SA 3.0, https://commons.wikimedia.org/v

Source: By en:User:Cburnett - This W3C-unspecified vector 1 i ; :
image was created with Inkscape., CC BY-SA 3.0, H lgh I‘y SUCCGSSfU I’ In many appllcatlons’

https://commons.wikimedia.org/w/index.php?curid=14968 | nClU d | ng | mage CI.aSS iﬂcation .
12
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Neural Network Basics: The General Idea

Originally developed to mimic
the human brain.

Output layer
Nodes are sometimes called
neurons, and connections are
sometimes called synapses.

Hidden layer
(cannot be
observed directly)

X, &  Input layer
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Wi Nodes are linear combinations of
v c nodes from previous layers.
1
The taskis to optimize the weights
such that the estimated label z
f matches the true label Z.
2
WZZ

*Continuous functions on closed bounded subsets of

A feed-forward neural network with linear output tho Euclodian space R™.
and at least one hidden layer with a finite number

of nodes can approximate any of the above*
functions with arbitrary precision**.

**Figure and definition adopted from Erdmann et al.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Neural Network Basics: More mathematically speaking

y1 = Wiixg + Wipx, + by

)= (wer we) G+ )
Wo1 Wit/ \x, b,

Z = C1Y +C2y2 +d

Vo = Wyi1xq + Wyyx, + by

**Figure adopted from Erdmann et al.
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Neural Network Basics: Adding Non-Linearity

y1 = Wiixg + Wipx, + by

)= (wer we) G+ )
Wo1 Wit/ \x, b,

z=c0(y) +c0(y2) +d

Vo = Wyi1xq + Wyyx, + by

o is generally referred to as the

**Figure adopted from Erdmann et al. activation fU netion
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Some Popular Activation Functions

1.0 A

0.8

0.6

0.4

0.2 A

0.0

—0.25 1

—0.50 4

—0.75 1

Ti

—1.00 4

step function

1.00 4

0.75 1

0.50 4

0.25 4

0.00 A

-4

-3

-2

-1

sigmoid

1.0 1

0.8

0.6

0.4

0.2

0.0 A

4.0 4

3.5 1

3.0 1

2.5
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4 N 4 h

O\ o\ J

A Deep Neural Network will The phyics of a neutrino interaction is
classify this as a cat independent also spatially invariant.
of its position in the picture.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Convolutional Layers

= (Considering all pixels in an image in a fully
connected network, results in too many
parameters to be optimized

= The position of an object in an image should
not alter the prediction (translational
invariance)

= The convolutional operation exploits the
neighbourhood of each pixel

Source: By Vincent Dumoulin, Francesco Visin -
https://github.com/vdumoulin/conv_arithmetic, MIT,
https://commons.wikimedia.org/w/index.php?curid
=78003423
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Challenges in Cascade Reconstruction

= Missing lever arm due to spherical light
distribution

= Local events and therefore more
susceptible to ice properties

= Quantities of interest: Deposited energy
and direction of incoming neutrino

Why cascades?

= About 2/3 of IceCube’s HESE starting events
are cascades

= Directional resolution is awful = huge
potential for improvements
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Reasons for Using Neural Networks in IceCube

Improved reconstruction methods will lead to increased sensitivity for the
detection of sources

Hardware limitations at the South Pole

Events need to be processed in a given time frame to prevent pileup
Limitations call for robust method that can handle raw data in constant
time

Neural networks are compuattionally inexpensive once the network is
trained

Fixed amount of operations, runtime is (largely) independent of the input
Translational invariance (position of the classified object does not impact
the class)

Physics of neutrino interaction is invariant in time and space

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Difference Between IceCube and Images

Top View
.
.
. i . .
.
C .
. L4 . .
« ° P
.
° . o ° .
° . e . .
« ° M « °
. .
L. XXx D .
o %x
. s .
« 1 «
. Ll B
. . . .
. * . .
.«
-« ° « * °
»
. .
L . .
o
. & T @ IceCube Strings
[’ HQE DeepCore Strings
A DeepCore Infill Strings.
(Mix of HQE and
nnnnn | DOMs)
H
2
>
Q
=2
n

j DeepCore strings have
10 DOMs with a
,_] DOM-to-DOM spacing
of 10 meters.

Source: By Alvesgaspar - Top left: File:Cat August 2010-4.jpg by AlvesgasparTop middle: File:Gustav chocolate.jpg by

S—— Martin BahmannTop right: File:Orange tabby cat sitting on fallen leaves-Hisashi-01A.jpg by HisashiBottom left: File:Siam
1 JOME> DOM pecing lilacpoint.jpg by Martin BahmannBottom middle: File:Felis catus-cat on snow.jpg by Von.grzankaBottom right:
S File:Sheba1.JPG by Dovenetel, CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=17960205
21 Normal DOMs with a
apecing
of 17 meters

Key challenges: hexagonal grid, high dimensionality and variability
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IceCube Pulses

17501 —— String 20, DOM 25
1500 - ~—— String 20, DOM 26
——— String 20, DOM 27
iE 1250 IceCube preliminary
~
@ .
Ep 1000
G
=750 -
=
& 500 1
250 1
0 4
9900 10000 10100 10200 10300
Time / ns
600 1 —— String 10, DOM 44
500 4 IceCube preliminary

ATWD Voltage / mV
g 8 8

The pulses at individual DOMs can
be highly variable.

s B

9900 10000 10100 10200 10300
Time / ns
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Defining the Task

Azimuth??7?
[ Energy??? ] [ ]

v

[ Zenith??7? ]

Angular
Uncertainty???

~———

Tim Ruhe, HighRR Lecture Week, September 12th 2023

Decomposed into
directional unit vector

d = (dy, d,,d,)

Mainly due periodicity
of the azimuth

This is a multi-
label regression
task!
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A Closer Look at DeepCore

The DeepCore Sub-Array consists of two
parts:

10 DoMs with 10 m vertical spacing,
upper part (red), veto cap

- 2 « 50 HQE DOMs with 7 m vertical spacing,
? Deep Core

Veto cap

10 DOMs
10 m vertical spacing

Dust layer

Horizontal and vertical spacings
beencore differ from each other and from the
e . main array = Needs to be
considered in the DNN!

004 003 002 001
Absorption (m™)
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Handling the Sub-Arrays

® Main Array

® DeepCore Upper (8 X 1 O X ﬂ)
® Zero Padding DeepCore
Lower (8 X 50 X ﬂ)
DeepCore

Main Array
(10x10x 60 xn)
Abbasi et al., JINST, 16 (7) (2021). Allows for convolution over z-
dimension for DeepCore and over
Tim Ruhe, HighRR Lecture Week, September 12th 2023 all spatial dims for the main

array.
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(Im)Possibility of Discretizing Pulses
Waveform is transformed into

4 timeseries of charges (pulses,).

J .

Number of pulses per DOM is highly variable, but NN
requires uniform and constant input size.

Binning requires thousands of bins to achieve desired
timing resolution. = Infeasible due to computational

complexity.
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Input Variables

7.

40 A 5

/1111-;111

Charge [PE]

——— Gaussian KDE
—— Pulses

tﬁrst = 529.0 ns
tmean = 1329.5 ns

- tast = D082.0 ns

tsta = 669.4 ns

/];1\1

T ———

0 - T

[
& Ctotal

() 750 7

{e70]

@
B 500 1 _
O ‘500ns |

2504 SHe
g C100ns I% i %
U 0 _____ lwl +

——— Cumulative Charge

Ctotal = 942.7 PE
C500ns — 395.0 PE

- C1oons = 13.1 PE
- t20% = 844.0 ns

tso% = 1126.0 ns

Abbasi et al.,JINST, 16 (7) (2021).

2000

3000
Relative time t,¢ [ns]
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Zero Padding

Abbasi et al.,JINST, 16 (7) (2004)
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Hexagonal Kernels

e Trainable Parameter
e Constant Zero

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Preparing the Input

X'=In(1.0+ X
(1.0 + X) Applied to total charge and charge collected

within the first 100 and 500 ns
Y'=In(1.0+7Y)

r_

X =X NNs can handle data of basically any
All other features. scaling, but activation functions are

Y =Y typically centered around zero.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Preparing the Input
X —-X ] Normalize input data and labels to zero
X'=—— mean and unit variance.
O-X’ + E

Small constante (10-4) is added to
prevent division by zero

oy, + € NNs can handle data of basically any
scaling, but activation functions are
typically centered around zero.

Tim Ruhe, HighRR Lecture Week, September 12th 2023
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Network Architecture

20 Hex. Convolutional Layers

! 3 Fully Connected Layers
> ]
o f \
I Flattened Layer i
£
|y ¥ A _____ I H1_ 1 ~ TR T’
= O Energy g
O Dir-x " B
- . tOAzimuthi -2
H D!r.-y ' 0 Zenith o
_ O Dir-z _; a
o ! '
S _
Q
Q| &/l 0 [ Tt -
o] WAE 00000 |l i ey T
O s-——
o
2
S Gradient Sto
oL e Sradient STo| P
,,——""_D cAzimuth~
r 0o, . Z c
N T [t S Zenith £ 0
8 . cEnergy "g T
8 U Opir.-x 8 g
o - S %
o O Ooir. y D w
E - 0 0Dir z
2 N B \ )
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Regularization

Input layer Hidden layers Output layer Input layer Hidden layers Output laye

x-

Source: By Mads Dyrmann - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=110373041

Regularization via Dropout, but gradually decreased at later layers.

In addition, individual DOMs are randomly dropped for increased stability.
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Energy Reconstruction Results

Res. 0lo,, 2 Deposited Energy Epeq[GeV]

10
10" o
E
0
10° 1 . i 107 g
]
e s 1071 7>
. - 2 =
4 . ’ ".. o . p: 10—2 &‘
1071 . Mean® -0.018 1 -
. Std-dev: 0.059 o
- Correlation: o Correlation: 1073 3
P Pearson: 0.995 . 2l Pearson: 0.994
102 ?'5“'-' Spearman: 0.997 £ Spearman: 0.997| 10-4
0.4
0.2 1 -
—./—\\\ //\A
0_0 . T LI i T T
10 10 10° 107 10 10°

Deposited Energy Ei../GeV]

Abbasi et al.,JINST, 16 (7) (2021).
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Directional Reconstruction Results

W
e

o
T
o'

N

o
=
1

—
L

Opening Angle AW (true,reco) [°]
o
)

)

10°

CNN 80%
—— CNN 50%

10*

Standard 80%
w Standard 50%
— = Standard 20%

10°

True Neutrino Energy E,, [GeV]|

Abbasi et al.,JINST, 16 (7) (2021).
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The Need To Reconstruct the Uncertainty
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The Need to Reconstruct the Uncertainty

Optical, X-ray, Radio and Gamma-Ray Follow-Up

. \\%‘ SN/GRB

(iPTF, MASTER,
Tarot, Pan-STARRS,
ASAS-SN)
Radio Telescopes
Cherenkov (MWA)
Telescopes
(MAGIC, Veritas
HESS)

l(eCu be
Franckowiak, Anna. "Multimessenger astronomy with neutrinos." Journal of Physics: Conference Series. Vol. 888. No. 1
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Uncertainty Estimation

Works well in case the pulls follow
a Gaussian distribution.

Pulls in this case are well
described by a Gaussian
distribution, except for the tails.

Deviations in the tails are driven by
rare outlier events

Normal Distribution

Event Rate / arb. unit

1 [ -0.30, o: 1.03] Dep. Energy
1 [u: -0.01, o: 1.06] Azimuth l- _ _
1 [u: -0.03, o 1.05] Zenith |-' This can likely be correctec by

additional training iterations.

4 -2 0 > 4
(ypred - yt;rue) / Opred
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Uncertainty Estimation: Coverage Test

1.00
Based on assumption of

Gaussian with width estimated
by the network, one can

Perfect Coverage compute the number of events
—— Dep. Energy within a certain quantile.

———  Azimuth
Zenith

S

-~

(2}
1

Coverage
o
ot
)

o

B

ot
1

0.00 1 For perfect coverage this

resultsina 1:1 relationship
when compared with actual
results.

0.01 1
0.00 1
—0.01 ~

0.0 0.2 0.4 0.6 0.8 1.0
Central Quantile
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DNN Runtime

10 +—=
I
-1 — 1
" 10 !
=
= I
g 10—2 qi—'—_i .....
L ] I
S 1 I
2 1073 — | Standard
K] ] I - CNN
+— _ |
© 10 b I
] I
LIL_ | <u'_vl uu)v
107 -3 : —
i ©,
IOIOI R R R
02 107 10 10" 10* @ 10°

Runtime per Event / s
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Robustness with Respect to Systematics
1.2+ e == [0.55 % 0.02] Absorption +10% | = [0.52 + 0.03] Absorption +10%
== [0.53 = 0.01] Scattering +10% —=[0.53 £ 0.03] Scattering +10%
z 1. —— [0.55 + 0.03] Abs. & Scat. —7% | —— [0.56 +0.02] Abs. & Scat. —7%
2 ' [0.55 £ 0.05] 50cm hole ice [0.55 £ 0.04] 50cm hole ice
£10] ===mmmmmmm e | =~o———== T
=
4 —
0.9 - - - -
Vi TRt I e syt v e ra s e
Neutrino Energy E, [GeV] Neutrino Energy E, [GeV]
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Additional Robustness Tests

—— [0.63 + 0.02] Discard top 10 DOMs
———[0.55 = 0.04] Discard top 5 DOMs
———[0.54 £ 0.05] Discard 10% of DOMs

Tim Ruhe

AlI/sys / A“I"hasc A\Iszs / A‘;["basc

AlI’sys / A\Ilba.sc

[0.61 + 0.03] Discard top 10 DOMs
[0.55 % 0.03] Discard top 5 DOMs

2.0 1 == [0.51 £ 0.03] Discard 10% of DOMs
1 \
¥_
S0 [y —— 5—-__ _______________
= [0.54 £ 0.04] Smear times o = 20ns = [0.50 + 0.03] Smear times ¢ = 20ns
~—— [0.54 %+ 0.04] First time —20ns ~—— [0.51 + 0.03] First time —20ns
2.0 1 = [0.54 £ 0.04] Smear times o = 5ns = [0.51 %+ 0.03] Smear times ¢ = 5ns
] ce=m T e — = _——/ ___________
1.0
—— [0.53 % 0.05] Noise +1000% —— [0.72 + 0.02] Noise +1000%
—— [0.53 %+ 0.03] Noise +500% —— [0.55 % 0.02] Noise +500%
2.0 1 ———[0.52 % 0.05] Noise +200% —— [0.51 % 0.03] Noise +200%
1.5
= - J——
1.0{ — e e er—— | | mmmmm—m——S—-—=----—-—=====-
103 10* 10° 108 107 103 104 10° 108 107

Neutrino Energy E, [GeV]

Neutrino Energy E, [GeV]
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A New Window to the Milky Way

v Optical

v Predicted r° Northern Sky Northern Sky

-~ - _— R

Southern Sky Southern Sky

v Analysis Expectation

Typical Event Uncertainty‘

Galactic Coord.

\,’

-120° -180°

Pre-Trial Significance (n-o)
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The Role of Deep Learning

We deep learning-based tools to reject the overwhelming background of
atmospheric muons and neutrinos

High inference speed of NNs allows us to use more complex
reconstructions at earlier stages of the event selection

This allows us to retain more astrophysical cascade events in the sample,
including events that are either difficult to reconstruct or hard to
distinguish from background

We retain a factor of 20 more events in the sample compared to previous
analyses**

We also utilized a GAN to parameterize the relationship between event
hypothesis an expected light yield.

** not all of them are due to Deep Learning.
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Discovering Neutrinos From the Galactic Plane

+75°

Equato.rial Coord.

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Significance: n-o
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Summary

Understand your input!

Use the right model for the task!
Understand your ouput!

Cross validate!

Machine learning is a tool, use it wisely!

Tim Ruhe, HighRR Lecture Week, September 12th 2023



technische universitat lehrstuhl as
dortmund physik €5 °

Backup Slides
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Feature Importance
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Unfolding via Machine Learning

§2 al 1 i
Discretization § 2500 |1 I ,
L] 1 |1 I
5 2000 | | |
o - 11 I
€ 150OZ_I 11 ; |Classn
= C
Machine Learning - 1000:—: : : :
Algorithm 5003—I .
0O 5 10 15 20 25 30 35 40
Class 1 Class i X [a.u.]

Estimation of

Spectrum Inverse problem is transferred into
multinominal classification problem.
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DSEA in greater detail

o 0.5¢ o 05
50.4\{ £0.45
Em; %0.4;
~ ook
f : 02;: _I_ | _I_ 0022%:
005 o o : 0.055
%253 8 4 4-%9 (gnerg?é%ev? %5 3 35 ‘4”‘4’?‘5‘”“5‘.5‘”‘6 T R S V- S Ry 55 6
10 Iogw(Energle/GeV) Iogw(Energle/GeV)
Iterate: _ _ _
1 Discretize Choice of learning algorithm largely
2 Train Model arbitrary (and probably somewhat
3. Apply Model problem dependent).
4. Reconstruct spectrum
5. Update weights according to

Some overlap with IBU in case Naive

unfolding result Bayes is used as a learner.
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DSEA+: Variable step width

—2 1 ]
Step Width O original DSEA 8- 10 Q
~optimal a® 61072 | \DEasaam5805
\ L Y ' "H
Pr = fx — fr-1 5 a®=03""1 o \Q T L&O
4-1072| L69F T
o a® = 0.6+ ‘bé é@%o
- o| 90990000
Next estimate then becomes 2.1072 | ORI g gl
| |
fi = fr—1 + arpi 0 5 10
Find optimal a via:
_ : Get the software:
@ = arg min l(fk—l + akpk) https:/sfb876.tu-dortmund.de/deconvolution/index.html

a=0
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Very Preliminary Results

Unfolding of 10% of the data taken Unfolding of 10% of the data taken
between 2011 - 2020 between 2011 - 2020
, IceCube Work in Progress 1 IceCube Work in Progress
T ax107?] T 4x1072; —
0 wn
| w 3x1072
W\, 3x 1072 x 102
S " 3 1
- ~ —— Honda2006 s c —— Honda2006 AN S
O H — U . . .
Ty o 2X1072] -+ jun-aug: syst. Ty o 2%1072 = jan-jun: syst. 1
% < " stat. ;R % == " stat.
G) +dec-feb: syst. O] ' jul-dec: syst.
- ": stat. - ": stat.
82%1'1 ---------------------------------------------- 82%’1'1'"" ------------------------------------------
O ® & 1.0 —f—— —— — e R R e e — — e et i
ioz 108 T 1 0 10 10t

E/GEV E/GeV
\on ly dependent on statistics — systematics are independent on season!
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Loss Functions

MSE (first training steps, robustness)

144

(Yue)p x — 9radient_stop (‘(Ytrue —~ Yp’r'ed)b )

I

2
(L)b,k = ((Yt,rile - Y[;r,ed)b’k) +

(LPred)b,k (Lunc)b,k

Gaussian Likelihood (later stages)

2
144 144
(Ytrue - Ypred) b.k

(Yine) b,k

(Do =20 ((¥ire) ) +
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Epoch and (mini)batch

Minibatch, Batch: Using all examples can be infeasible in case many
parameters need to be optimized, instead random subsets (batches) of
examples are used. The optimal size of the batch depends on the problem

to be solved. Popular choices are 2%

Epoch: Complete use of all examples.

T. Ruhe, PHYSTAT-Gamma 2022
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Regularization

Input layer Hidden layers Output layer Input layer Hidden layers Output laye

Source: By Mads Dyrmann - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=110373041

Regularization via Dropout, but gradually decreased at later layers.

In addition, individual DOMs are randomly dropped for increased stability.
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Input Preparation

Zero-centered: RelLU changes drastically around 0, x; — (x;) to include
positive and negative values
Order of magnitude: Large variables could be preferred in the network

. ro_ Xi—{xq)
trammgxi = O'—i

Logarithm to achieve more evenly distributed data
Decorrelation: highly correlated variables should be decorrelated

T. Ruhe, PHYSTAT-Gamma 2022



technische universitat lehrstuhl a5
dortmund physik 5

zz = 0(z3)

Z, = Z1+b

0L . 0L 6Z3 0Z2 (321
aW_623 aZZ 021 ow

We, ., =W, IE[aL
t+1 — Wy — Q@ aw

az;] 12(‘%) This is the basic idea, this will most likel
— | == ) IS IS The DasIC Idea, this WILL MOST LIKely
wl k = oW/, be handled by an optimizer.
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Take-Away Messages

Machine Learning and esp. Deep Learning is not magic

Machine Learning and Deep Learning are tools that will help you to
accomplish an analysis task faster and more accurately (when used
correctly)

The preprocessing of data is part of machine learning (and very
important)

Not every classifier is suited for every problem (consider runtime)
If something fast and simple does the job: use it
Make sure simulated and experimental data agree

T. Ruhe, PHYSTAT-Gamma 2022



