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IceCube Data

Calibrated waveforms

sf — ATWD[§

« Indirect detection of neutrinos via Cherenkov light | —raoc ]
Induced by charged secondary particles “

- Digital Optical Modules (DOMs) measure waveforms qle
from which pulses are extracted [1] T o T

5

~ Pulse amplitude

« Two major event topologies:

w -

ADC voltage [-mV]
N

Tracks Cascades

Pulse arrival time

1]

0 /

10100 10150 10200 10250
Time [ns]

s : i [= awo

: ¢ |— ranc
! ! DSTPulses_HLC (ATWD) 1.2 PE
: : DSTPulses_HLC (FADC) 1.2 PE

°- 60 %0 &

ADC voltage [-mV]

10100 10150 10200 10250 10300
Time [ns]
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Overview of Reconstruction Methods

milliseconds seconds minutes hours daxs |

(@ PerEventRuntime
() Directional Reconstruction

3 Energy Reconstruction B .[ DirectFit ]
Overview is not exhaustive! :

............. { M|ll|pede Scan ]

| Linefit |—> SPE H MPE ]—> SplineMPE ]{ I\/Iillipede]
\ 2

|
Truncated Energy ]—-)[ Monopod ]
Y

\ v J \ )
First Guess Maximum Likelihood
[ DN NreCO ] ............................ Cascade Generator ]

A 4

Machine Learning :
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Overview of Reconstruction Methods

milliseconds seconds minutes hours daxs |

(@ PerEventRuntime
() Directional Reconstruction

3 Energy Reconstruction B .[ DirectFit ]
Overview is not exhaustive! :

............. { M|ll|pede Scan ]

SPE H MPE ]—> SplineMPE ]{ I\/Iillipede]
\ 2

|
Truncated Energy ]—-)[ Monopod ]
Y

\ v J \ )
First Guess Maximum Likelihood
[ DN NreCO ] ............................ Cascade Generator ]

A 4
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Track Reconstruction — Linefit

First guess algorithm
« Fits plane wave of light moving at velocity v

« Effect of outliers is reducd through hit

cleaning and robust loss measure (Huber)

« Fast seed for maximum likelihood methods

NpowMs

x* = Z (o + Ut; — 7:;,)2
i=1

«  Minimizing with respect to @ and 7o yields:

o = (7)) — U(ts)

(Fiti —(73) (i)
(t7)—(t:)?

U=
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Overview of Reconstruction Methods

milliseconds seconds minutes hours daxs |

(@ PerEventRuntime
() Directional Reconstruction

D Energy Reconstruction B .[ Dt ]
Overview is not exhaustive! :

§ ............. { Mlulpede Scan ]

SplineMPE -5->[|v|iuipede]
\ 2

[ Truncated Energy ] ]—)[ I\/Ionopod]
Y

\ v J \ J
First Guess Maximum Likelihood
[ DNNreCO ] ............................ Cascade Generator ]

Y

Machine Learning °
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Track Reconstruction — SPE and MPE Likelihood
« Likelihood of measured hits for a given track hypothesis:
£(&6) = [ ] p(«il6) p(zil0) : PDF
z 0 : Track Hypothesis
7 : Measured Hits
« Convenient to base PDF on time delay caused by scattering :
toosil® ¥
P(tres,i|0) a .
lres = thit — tgeo 1
tgeo : Time of unscattered light i, TR
thit © Time of measured hit "
g
7 (7 — )| + d - tan © §
tgeo — tO + p (T T0)| + at ¢ Source: [6] .
7

cV&C
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Track Reconstruction — SPE and MPE Likelihood

« Single-Photo-Electron (SPE) Likelihood:

1st hits o0

o =3 0.005 1

,CSPE ($|9) = H p (tres,’é |6) i 0.004 1
i " 0.0031

0.002 1

0.001 A

*  Multi-Photo-Electron (MPE) Likelihood: 000,

0 100 200 300 400 500
tres

1st hits

0) = /t p(t|6)dt

— 0

P(tres,i

—

»  Multiple ways to obtain PDF p(tres|f):
« Analytic approximation (Pandel Function)
«  Splines fitted to tabulated MC simulation

« Direct re-simulation (DirectFit) g
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SPE and MPE Likelihood — Pandel Function
*  PDF for photon arrival times approximated through
Pandel function given by: [3]
— 1 T_(d/)\) ’ tl("gs/)\_l) 1 Cmedium d
tres 0) = ) _tres y — -~ | —
Plleesl®) = Sy Tapny P ( (fr LY ) Aa)
) . —d/A 0.008
N(d) = e~ . (1 41 cmedlum) Distance
A 0.006 10 m
A\ = 33.3 " o
= 99.01 0 0.004 50 m
Ao = 98 m o
T = HH7 ns

210 L 4
5 ) 200
[ J g
=) 1 &
= 2] =
5 10 ¢ o3
[a)] E 3 [a)]
L i 10 & =
-3 E d="7lm
10 e E —6f
= B 10 E =
F -~ Pandel . E -- Pandel
-4/ — Simulation T -7 — Simulation b
10 = h = 10 E =
E 0 0 L E | | | | =
0 200 400 0 500 1000 1500
Source: [5] time delay / ns time delay / ns

300

tI'ES

500

Source: [2]

400
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SPE and MPE Likelihood — Splines
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*  Multi-dimensional spline surface [4] fit

to Monte Carlo simulations
«  Parameters:
*  Depth and zenith angle of source

* Displacement vector from source to

recelver

- Difference between the time of light

detection and production
* Tables approximately 1GB in size

 Evaluation time for source-receiver

configuration: ~Tus

10° L Observation distance
%« — 20m --- 100 m
(] = /\ -—- m -
O 01| 50m 150 m||
o
s F------- -
5107 | R
~ = -
(v} Tt -
8 __________________
5107 |
@
o F T e
X P
T

wrE T e

0 20 40 60 80 100 120 140 160 180
Observation angle [deqg] Source: [1]

_ 0.014} 50m Observation angle |7
wn
£ 0.012] — 40deg ||
= -- 130deg
2 o0.010} 1
=
o 0.008F
e
o
> 0.006}
©
K
T 0.004}
()]
=
= 0.002+

0.000

0 200 400 600 800 1000 1200 1400

Photon detection time [ns] Source: [1]

10
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Overview of Reconstruction Methods

milliseconds seconds minutes hours days

(@ PerEventRuntime
() Directional Reconstruction

D EnergyReconstruction T .[ DirectFit ]

Overview is not exhaustive! :
§ ............. Mlulpede Scan
| Linefit |—> SPE H MPE ]—> SplineMPE ] Millipede
\ 2

|
Truncated Energy ]—)[ Monopod ]
Y

\ v J \ J
First Guess Maximum Likelihood
[ DNNreCO ] ............................ Cascade Generator ]

Y

Machine Learning !
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Track Reconstruction — Millipede

«  Segmented track hypothesis
Expectation at DOM;:

« Poisson likelihood: Noise
DOMs Yy —Z(E A”)—i—v—ﬁ Kj+v
E — H . e_A.’f 1=1
! '
J 7 Light yield from _
- First order solution: energy loss 1 at DOM
- . A; ; from spline tables
k—v=A-F

*  Non-negative least squares algorithm
*  Regularisation terms:
* Favor small energy losses

«  Penalize variability

—Muon Track
O Energy Loss

v 12

« Timing can be included
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Online reconstruction: up to SplineMPE

Alert is sent out if event passes online

EHE/HESE event selection & szme,

MAGIC significance [o]

Millipede scans performed offline once

event is sent over via satellite B ™ prs 05024048
MAGIC PSF

78.4° 78.0° 77.6° T72° 76.8° 76.4°

Runtime: several hours Right Ascension . Source: (]

original GCN Notice Fri 22 Sep 17 20:55:13 UT
refined best-fit direction IC170922A
== |C170922A 50% - area: 0.15 square degrees
= |C170922A 90% - area: 0.97 square degrees

Scan inazimuth and zenith angle:

6:2°

First coarse, then finer bins

5.8° n

TXS 0506+056

Fit vertex, time, and energy

5.4°

depositions at each grid point

5.0°

o — nN w ESN [6)] o)} ~ o O
Fermi-LAT Counts/Pixel

4.6°

78.4°  78.0° 77.6° 772° 76.8° 764°
Right Ascension Source: [9]
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Overview of Reconstruction Methods

milliseconds seconds minutes hours daxs |

(@ PerEventRuntime

() Directional Reconstruction

Energy Reconstruction . .
D gy S DlrectFlt
Overview is not exhaustive!

............. { M|ll|pede Scan ]

| Linefit |—> SPE H MPE ]—> SplineMPE ]{ I\/Iillipede]
\ 2

|
Truncated Energy ]—-)[ Monopod ]
Y

\ v J \ )
First Guess Maximum Likelihood
[ DN NreCO ] ............................ Cascade Generator ]

A 4

Machine Learning 1
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DirectFit

« Direct re-simulation of event hypothesis

160 |-
—

to obtain PDF p(t.es|@) rather than using

140 |

Pandel function or spline tables

Zenith
N
o

100 -

* Anyevent hypothesis possible

80

Credit:Tialmu Yuan

*  Modified poisson likelihood: accounts . e - %

for limited statistics and model error [7]

«  No gradient available: use localized o

120

random search to find best fit

100

80 -

zenith

* Runtime: hours to days per event

60 -

*  More information in DirectFit paper [8]:

40

arX|V 1 309701 O o ICred'\t:TlianluYulan . . ‘ &

-60 -40 -20 0 20 40
azimuth

15
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Overview of Reconstruction Methods

milliseconds seconds minutes hours daxs |

(@ PerEventRuntime
() Directional Reconstruction

3 Energy Reconstruction B .[ DirectFit ]
Overview is not exhaustive! :

§ ............. { Mlulpede Scan ]

l Linefit |—>| SPE ]—)[ MPE ]—)[ SplineMPE ])[ I\/Iillipede]
|
Truncated Energy ]—)[ Monopod ]
Y

\ v J \ J
First Guess Maximum Likelihood
[ DNNreCO ] ............................ Cascade Generator ]

Y

Machine Learning 16
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Muon Energy Reconstruction

« Fitting averaged muon template causes bias and poor

resolution due to high stochasticity of energy losses 720/)7
«  Segmented reconstruction needed | Sood Ao b
- Above ~1TeVinice: (5£2) o E,, 7 E E E
«  Truncated Energy [10]: ! L3 ', !
+ Divide track into bins (binning method) or E E E ( :
use each DOM as a bin (DOM method) D G GRS GRS !

Source: [1]

« (Calculate average energy loss for each bin: o
Binning Method

<dEu > — Ameasured . 1GeV
dz /7 Aexpected(1 GeV/m) m

- (alculate truncated mean discarding highest
ratios (bin method: 40%, DOM method: 50%)

17
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Overview of Reconstruction Methods

milliseconds seconds minutes hours days

(@ PerEventRuntime
() Directional Reconstruction

3 Energy Reconstruction B .[ DirectFit ]
Overview is not exhaustive! :

............. { M|ll|pede Scan ]

| Linefit |—> SPE H MPE ]—> SplineMPE ]{ I\/Iillipede]
. ' \L I
Truncated Energy

\ J \ )
Y Y

First Guess Maximum Likelihood

[ DNNreCO ] ............................ Cascade Generator ]

A 4

Machine Learning 18
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Cascade Reconstruction — Monopod

- Same framework as Millipede DOM,

« Single cascade hypothesis

* Likelihood simplifies to:

DOMS)\"_C;;'

_ Ay
L= H rre
j )

)\jZE-Aj+U

A, from spline tables

19
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Overview of Reconstruction Methods

milliseconds seconds minutes hours daxs |

(@ PerEventRuntime
() Directional Reconstruction

D Energy Reconstruction B .[ Dt ]
Overview is not exhaustive! :

§ ............. { Mlulpede Scan ]

| Linefit |—> SPE H MPE ]—> SplineMPE ]{ I\/Iillipede]
\ 2

|
Truncated Energy ]—)[ Monopod ]
Y

\ v J \ J
First Guess Maximum Likelihood
............................ Cascade Generator

Y

Machine Learning 20
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Machine Learning — DNN reco

Deep convolutional neural 11 convolutional layers

network (CNN)

Flattened layer +
2 fully connected layers

o

Energy and directional

reconstruction for any event

topology

DeepCore

Easily extendable to other

8 convolutional layers

desired reconstruction quantities

Input data for each DOM:

. - Integrated charge - Time of first pulse
FaSt aﬂd ﬂearl.y ConStant ru nt'me - Integrated charge in 500ns - Time of last pulse
- Integrated charge in 100ns - Time at 20% of total charge L Y J
- Charge weighted average time - Time at 50% of total charge 3 full ted |
| - Charge weighted std. of time ully connected layers
(data preprocessing adds

Main IceCubeArray [}
DeepCore:
Zero Padding:

energy dependence)

2D Space
1D Time

.

3D Space
e

No prior seeds or hit cleaning

3D Space
1D Time

necessary 21
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Machine Learning — Cascade Generator

Train Generator

*  Possible in between of spline-based

_ Simulation
reconstruction and direct re-simulation [_Hypothesis Loss
Generator
*  (Generative network to obtain fast Update T
Generator
approximation of simulation and T —
PDF: p(x|0)

Once generator is trained, it can be Reconstruct Events

used in reverse mode for reconstruction Re-Simulation
T o - Splines
a0 s Hypothesis Generator
e ‘1' Pandel
200
Upd -
3 s S Expectation )
g o0 9.0 © ¢,
8 7.5 Gradient Loss Data ¥
—-200 6.0
400 45
Preliminar 3.0 22

2 3 4 5 6
logyg(Cascade energy / GeV)
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Overview of Reconstruction Methods

milliseconds seconds minutes hours daxs |

(@ PerEventRuntime
() Directional Reconstruction

3 Energy Reconstruction B .[ DirectFit ]
Overview is not exhaustive! :

............. { M|ll|pede Scan ]

| Linefit |—> SPE H MPE ]—> SplineMPE ]{ I\/Iillipede]
\ 2

|
Truncated Energy ]—-)[ Monopod ]
Y

\ v J \ )
First Guess Maximum Likelihood
[ DN NreCO ] ............................ Cascade Generator ]

A 4

Machine Learning 23
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a SOUTH POLE NEUTRIND OBSERVATORY

Energy resolution: Oiog,,k,

Muon Energy at Detector Entry

DNN reco
—— TruncatedEnergy - Bins
TruncatedEnergy - DOMs

" — —

S
~—a
~

Preliminary

0 30

4.0 4.5 5.0 5.5

IOg IO(E,u, entry /GeV)

3.5

Median Angular Resolution

10

Median Angular Resolution [°]

L < s
Yy ~~~ DNN reco
\\\\. —-— LineFit
“\‘\.\ — SPEFit
wevho e MPEFit

NN ~-- SplineMPE

...........................

Preliminary

3 4 5 e 7
loglO(E,/GeV)

* Level 2 data: Final samples apply additional quality cuts

* Systematic uncertainties not included

24
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Comparison — Cascades

Deposited Energy Cascade Angular Resolution
60 Y
Size: 185250 M d s \—-—-——-- 80% Quantile —— Monopod
, OnOpO 4 10! —— 50% Quantile —— DNN reco
N 50N - 20% Quantile
-—-6 ! . 100 § ‘ .\.
E g o \
Q . ® —40 N
E 2 3
g, 102E ﬁ
Residuals: "'>J o
e o058 - 5 B N T T T
3 MAE: 0.0436 10 =)
Pearson:.0.996 @20
SpearMr: 0.997 =
Preliminary |Res.: 0.170 » <
% 3 4 5 6 7 g 10
10910(Erec/GeV)
10
Size: 185250 A
DNN reco -
7 Preliminary
3.0 3.5 4.0 4.5 5.0 5.5 6.0
6/ NNtrainedon  « «4 10° g leglO(EyGeV)
3 |Neutrino Energy + g
S . ©
Es ¥ . 10'1;
e 8 * Systematic uncertainties not included
g, 107§
5 Residuals: w M PR
, 1 B *  Final samples may apply additional
i ' bearson: 0.966
B preliminary Res: 0330 ua“‘t cuts
%—=s a1 5 6 7 8 w0 9 y 25

10910(Erec/GeV)
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Comparison — Runtime
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lehrstuhl [=i=]

physik e5 ”

Relative Frequency Relative Frequency Relative Frequency Relative Frequency Relative Frequency

Relative Frequency

Track Reconstructions

10° —T
=1 linefit
1
1071 s 99% - Quantile: 0.0265
1
1 " === 68% - Quantile: 0.003s
w024 | === 50% - Quantile: 0.002s
1
Il R |
1
—4 _}
10 I l

|

=3 SPEFit

=== 99% - Quantile: 1.239s
=== 68% - Quantile: 0.275s
=== 50% - Quantile: 0.159s

=3 MPEFit

== 99% - Quantile: 1.904s
=== 68% - Quantile: 0.3165
=== 50% - Quantile: 0.175s

1

=3 splineMPE

= 99% - Quantile: 2.347s
=== 68% - Quantile: 0.391s
=== 50% - Quantile: 0.210s

Lo

1 TruncatedEnergy

=== 99% - Quantile: 0.0205
=== 68% - Quantile: 0.010s
=== 50% - Quantile: 0.009s

L C Ul
107t 10°
Runtime per Event /s

=] DNN reco

=== 99% - Quantile: 0.074s
=== 68% - Quantile: 0.021s
=== 50% - Quantile: 0.016s

Preliminary

I
10! 102

Relative Frequency

Relative Frequency

._.
b
1

Per event runtime

Millipede, DirectFit, Cascade

Generator excluded

Smaller neural network architecture

used for track reconstruction

Cascade Reconstructions

=1 Monopod
— = 99% - Quantile: 123.460s
=== 68% - Quantile: 13.798s

== = 50% - Quantile: 8,996s

/

= DNN reco

mes 99% - Quantile: 0.099s
=== 68% - Quantile: 0.044s
=== 50% - Quantile: 0.039s

Preliminary

Runtime per Event /s

1072 10t 10° 10! 102

26
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Summary

*  Two major event topologies in IceCube: Tracks and Cascades
* Main classes of reconstruction methods:

* First guess algorithms

« Likelihood methods

*  Machine learning methods

*  Presented methods here are just a subset of existing methods

(Focus on high-energy track reconstruction)

« Often trade-off between reconstruction accuracy and computational

complexity: machine learning-based methods might help

* Ongoing effort to improve reconstructions

27



F¥] AUSTRALIA
University of Adelaide

[l BELGIUM
Université libre de Bruxelles
Universiteit Gent
Vrije Universiteit Brussel

CANADA
SNOLAB
University of Alberta-Edmonton

H= DENMARK
University of Copenhagen

] GERMANY
Deutsches Elektronen-Synchrotron
ECAP, Universitat Erlangen-Nirnberg
Humboldt-Universitat zu Berlin
Ruhr-Universitat Bochum

| [EPUBLIC OF KOREA
gkyunkwan University

B< UNITED KINGDON
University of Oxfa

= UNITED STATES
Clark Atlanta University
Drexel University

Georgia Institute of Technology
Lawrence Berkeley National Lab

Southern University

and A&M College
Stony Brook University
University of Alabama
University of Alaska Anchorage

RWTH Aachen University A . Marquette University University of California, Berkeley
Technische Universitat Dortmund B SWEDEN Massachusetts Institute of Technology University of California, Irvine University of Wisconsin-Madison
Technische Universitat Miinchen Stockholms Universitet Michigan State University University of Delaware University of Wisconsin-River Falls
Universitat Mainz Uppsala Universitet Ohio State University University of Kansas Yale University
Universitat Wuppertal Pennsylvania State University University of Maryland
Westfilische Wilhelms-Universitat [#] SWITZERLAND South Dakota School of Mines and University of Rochester
Miinster Université de Genéve Technology University of Texas at Arlington
FUNDING AGENCIES
Fonds de Ia Recherche Scientifique (FRS-FNRS)  Federal Ministry of Education and Research (BMBF) Japan Society for the Promotion of Science (JSPS)  The Swedish Research Council (VR) IQEQ.H_BE
Fonds Wetenschappelijk Onderzoek-Vlaanderen  German Research Foundation (DFG) : Knut and Alice Wallenberg Foundation: University of Wisconsin Alumni Research Foundation (WARF)
Deutsches Elektronen-Synchrotron (DESY) ‘Swedish Polar Research Secretariat US National Science Foundation (NSF) icecube.wisc.edu



technische universitat SFB 876 Providing Informati lehrstuhl g
dortmund a IDEEC:LEIBE, byResmrm—Dnrlls::‘.la%'l; Data Analysis physik e

References

[1] M. G. Aartsen et al., Energy reconstruction methods in the lceCube neutrino telescope, Journal of instrumentation, Vol
9(03), 2014, PO3009, arXiv: 1311.4767, doi:10.1088/1748-0221/9/03/P03009

[2] K. Schatto, Stacked searches for high-energy neutrinos from blazars with IceCube, PhD thesis, 2014.

[3] D. Pandel. Bestimmung von Wasser- und Detektorparametern und Rekonstruktion von Myonen bis 100 TeV mit dem

Baikal-Neutrinoteleskop NT-72. Master’s thesis, Humboldt-Universitat zu Berlin, Berlin, Germany, 1996.

[4] N. Whitehorn, J. van Santen, S. Lafebre, Penalized Splines for Smooth Representation of High-dimensional Monte Carlo
Datasets, Computer Physics Communications 184 (2013) 2214-2220. arXiv:1301.2184, doi:10.1016/j.cpc.2013.04.008.

[5] J. P. Dumm, Searches for Point-like Sources of Neutrinos with the 40-String IceCube Detector, PhD thesis, 2011

[6] J. Ahrens et al., Muon Track Reconstruction and Data Selection Techniques in AMANDA. Nucl. Instrum. Meth., A524:169-
194, 2004.

[7]D. Chirkin, Likelihood description for comparing data with simulation of limited statistics, arXiv:1304.0735.
[8] D. Chirkin, Event reconstruction in IceCube based on direct event re-simulation, arXiv: 1309.7010.

[9] The IceCube Collaboration, Fermi-LAT, MAGIC, AGILE, ASAS-SN, HAWC, H.E.S.S., INTEGRAL, Kanata, Kiso, Kapteyn,
Liverpool Telescope, Subaru, Swift/NuSTAR, VERITAS, VLA/17B-403 teams, Science 361, eaat1378 (2018).

[10] R. Abbasi, et al., An improved method for measuring muon energy using the truncated mean of dE/dx, Nucl. Instrum. And
Meth. A 703 (2013) 190-198. arXiv:1208.3430, doi:10.1016/j.nima.2012.11.081.

30



technische universitat @lBEDUBE

s dortmund . @ soum roie weuTriG osstRvaToRY

Neural network defines a function:

0: Free parameters defined by model architecture

I:  Input data
Greyscale values of pixels (image recognition)
Pulse information of DOMs (IceCube)

0 5 10 15 20 25

0

5

O: Output .

15

Digit (image recognition) 0
Energy/direction of particle (IceCube) "
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Deep Learning — Deep Neural Networks
Artificial Neuron and fully connected layer
/afl w1
" n
az W2 g (b—|— Z aiwi)
ws i=1
az —>—
W
\Cr
Weights and bias
n + 1 free parameters per neuron
Nonlinear activation function e.g. RelLU
0 up to a fixed threshold 33
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Deep Learning — Convolutional Neural Nets

Convolutional Layer

* Only neighboring neurons are connected
« Kernel weights are shared

« Greatly reduces number of free parameters
34
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Network Architecture
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11 convolutional layers

1 Flattened layer +
2 fully connected layers

r 1

2D Space
1D Time

3D Space
1D Time

3D Space
1D Time

lceCube

DeepCore
|

(8x60x9) ¢ Y -

8 convolutional layers

Input data for each DOM:

- Integrated charge - Time of first pulse
- Integrated charge in 500ns - Time of last pulse
- Integrated charge in 100ns - Time at 20% of total charge
- Charge weighted average time - Time at 50% of total charge

- Charge weighted std. of time

1

1] Azimuth
- -
[ ] Zenith
..

[] Muon Energy

"""'-----.“___D Neutrino Energy

Gradient Stop

------ i o

{/:'D OAz\mu(h
V.
/

|:| OZemlh
L]..
‘-\\‘-..‘ El OMunn Energy
I
\D ONeu(rinD Energy

L )

f
3 fully connected layers 35
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Network Architecture

= Residual additions: output = input + f(input)
DOI: 10.1109/CVPR.2016.90 N——

residual

= Hexagonally shaped convolution kernels

= Normalization of input and labels to
mean O and variance 1

= Variance control in layers
= Assuming input into a layer is normalized:
Ensure that output is normalized as well

= At initialization: random output is as good as predicting based
on the label distribution

= Multilabel loss function

= Adaptive factors for each label according to predefined
Importance

= Ensures that labels are learnt at same speed 36



. . lehrstuhl
SFB 876 P d Informat . K
$1CECUBE v roiangrmomaten (T erstul

-t-LJ technische universitat
dortmund

SPE and MPE Likelihood — Splines

180° Azenith=10° .7

Charge

Delay Time

DOMs = table bins

.t
as®
aet
....
.t

Charge

Delay Time

Charge

Cascades Delay Time

= source tables
Credit: Marcel Usner
37
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SPE and MPE Likelihood — Splines
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# bins per dimension

Dimension old Photonics | this work Minimum | Maximum
Zenith angle Og 18 18 0° 180°
Depth Zg 75 75 —850m 650 m
Azimuthal ¢ 9 36 0° 180°
Distance p 30 200 Om 580 m
Time residual 7, 50 210 Ons 7000 ns

Photon table binning taken from [2].

38
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Energy Reconstruction — Muon Energy at Entry

OnlinelL2 Muon Filter — CC events

Truncated Energy (DOMS) Deep Learning
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Muon Energy Losses
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