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IceCube and DeepCore

Top View

@ IceCube Strings

% HQE DeepCore Strings

A DeepCore Infill Strings
(Mix of HQE and

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

December, 2010: Project completed, 86 strings

normal DOMs) 1450 m
2
2
s DeepCore
) 8 strings-spacing optimized for lower energies
n DeepCore strings have 480 optical sensors
3 DOM v DOM specing Eiffel Tower
of 10 meters I 3 324 m
2450 m
s 2820 m
{ 50 HQE DOMs with an
DOM-to-DOM spacing
of 7 meters.
{ 21 Normal DOMs with a
DOM-to-DOM spacing
of 17 meters
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Event Signatures in IceCube

Cascade like events: Track like events:

= vy, - CCandall flavour NC interactions = v, - CCinteractions

= Interaction inside instrumented volume = Interaction may happen outside
= Poor angular resolution = 15° Instrumented volume

= (Good energy resolution = (Good angular resolution = 1°

= Poor energy resolution
3 T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments
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The Fundamental Unit of IceCube: The DOM

= Downward facing 10 PMT
N PMT High Voltage Base Board (Hammamatsu R7081-02), 25% Peak
QE
= High Voltage Supply
= Electronics

Cable Penetrator Assembly

High Voltage Generator &
Digital Control Assembly

Mu-Metal Magnetic

Shield Cage = Flasher LEDs
= Higher QE (34%) for DeepCore DOMs
(Hammamatsu R7081MOD)
Gloss Prosre .~ = Very few DOM failures (mostly during
e deployment)
PMT = Slightly larger fraction of DOMs with

issues (mostly non-standard Local
Coincidence)

a T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 6
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Deconvolution in a Nutshell | - |
o \ Limited /\
dﬂ _ j (de) (dP(Ev)) g acceptance L
dE.u B dEV dEIJ» ’ Unfoldi Finite —
\_'_} By Y ) \ ' J L l,resolution
Background

Neutrino - physics of
energy neutrino
spectrum interaction

Muon energy
spectrum

N &=

™

= Production of charged lepton in
neutrino interaction is governed by

stochastical processes

= Additional smearing, due to several
detector effects

&

IcCECUBE

g(y) =
Emin

T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments

Emax

Mathematically: Fredholm integral
equation of the first kind:

A(E,y)f (E)dE
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Deconvolution in a Nutshell

o Limited
t
N, _ f (de) (dP(EV)) . R 45 1O ‘oe
dE dE,) \ dE v and 08 o
i Eu vl \ i ) Unf"' : ac\‘% ce O(de(s —on
‘_'_’ Y Y dd\’(_\O 3 oy g\ K ~
. | \n 8% 4ucel  niwude
Muon energy Neutrino  physics of (e nad —
spectrum energy  neutrino e L =
Spectrum interaction o ' ﬁ
= Production of charged lepton in
neutrino interaction is governed by Mathematically: Fredholm integral
stochastical processes equation of the first kind:

= Additional smearing, due to several Emax
detector effects
90V = | AEFEE
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Atmospheric Neutrinos

Cosmic ray

Contribution of
Electron Neutrinos

Prompt component

dd _
“x E 2.7
dE

....
...‘

3 T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments
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10° : : :
H H -+ v, rec. Zenith
Atmospheric Neutrinos T e
10*} i Zenith Cut -+ o rec. Zenith |
i . -t tamo real Zenith
103 ww""—u—n.."‘...-r"‘-ﬂ..

Cosmic ray

Muon rejection via
zenith cut. ol

Events / Bin
=
o
I

0 20 40 60 80 100 120 140 160 180
Zenith [°]

Prompt component

do _
dE

.....*

Conventional
ao ~3.7
Componentd—E x E~>
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General Background Rejection Strategy

Cut on Classifier

Variable Selection Classifier Training Output

DON'T MAKE ME

Picture: CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.p
hp?curid=14260

s T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 11
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General Background Rejection Strategy

Variable Selection Classifier Training Glien Clessiis;

Qutput

Trade-off between signal

DON'T MAKE ME T
Ciigg - o,
= (‘s . : efficiency and background
. y = ‘_‘. \ " .
~1200 Features _ e ===V rejection.
. - Signal to Background Ratio: 10-3

e

Picture: CC BY-SA 3.0,

https://commons.wikimedia.org/w/index.p
hp?curid=14260

s T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 12
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General Background Rejection Strategy

Cut on Classifier

Variable Selection Classifier Training Output

10° :
104— -+ atmospheric v, simulated
] heri imulated |3 .
ol — o R poaric wsimulated | Purity generally above 99%.
§ 10°F
2 100 1 , Even more important: Make
D 00| — sure there are no muons in
10" bins with small statistics.
:|.0_2 5 = 7 ] 6
10 10 10 10 10
Eﬂ,reco [Gev]

s T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 13
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Feature Selection with mRMR

Initially

= Select features according to relevance and
redundancy

blacklisted

= Feature setis built by iteratively adding
features that fulfill the following criterion

constant & useless

Correlation cut

1
/MC C1f max Ix-c——z I(x;, x;
Data/MC C xje'X—Sm_l (]; ) m — 1 ( 1 ])
Xi € Sm—1

mRMR

i

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

M. Borner, PhD thesis (2018) _ o _ _ _
Ding, C., & Peng, H., Journal of bioinformatics and computational biology, 3(02), 185-205. (2005)

3 T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 14
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Handling Data/MC Mismatches

. . . . . 5000
Train classifier to distinguish data After correlation cut: =1 Data
. . © 4000 4 323 Features [ Simulations
and simulation. g
Gg) 3000 -
g
G_—: 2000 -
1000 A
1.0
0
5000 -
Before mRMR:
0.8 4 . 4000 4 311 Features
o
§ 3000
g
o = 2000 1
£ 0.6 1 =
5] 1000 A
2 0
4 5000 -
;é o4 Final Sample:
4000 4 61 Features
After correlation cut: §
AUC = 0.687 4+ 0.008 qg') 3000 -
027 Before mRMR: g
AUC = 0.624 £+ 0.006 = 2000 -
Finale Obs.:
AUC = 0.544 + 0.006 1000 +
0.0 4 === Guessing
O T T T T
dO 62 d4 dG 68 fO 0.0 0.2 0.4 0.6 0.8 1.0
‘ ‘ Falée Positive Rate . . Classification Score

M. Borner, PhD thesis (2018)

T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 15
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Classifier Training an Output

(2] B —
S [ Aartsenetal,ERJC75,116(2015)
> ndl
105 | | | | w10™: ——
-+ -+ Sum of simulated v, and simulated p | B - ==
-}~ atmospheric v, simulated cut o i _._ff
104 |-+ -+ atmospheric . simulated 'g ;'=++i='=::
-+ 1C79 Data — 51 0*—
c 103 | e mees B _|__|_—|—_|_—|—_|_ _|_
e e +
I B S ST O 10%- . uE
“ 102} . +++—[—_[_ + ; 259 St“ﬂgs
79 strings + JmLJmLﬂ— E
_]- i Data

10t b . )
— Atmospheric Neutrinos

— Atmospheric Muons

Bl
Aartsenetal.,,ERJC 77, 692 (2017)
100 !

0.70 0.75 0.80 0.85 0.90 0.95 1.00

Csignal | | ‘ | ‘ | ‘ | ‘ | |
1490 492 494 496 498 500

Number of Trees

Muons + Neutrinos

~ 200 neutrino candidates per day
~ 80 neutrino candidates per day

a T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments
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Classifier Training and Output

107t
i— VR = v, down B v,
10-3 1 Atmos. I = NC Vi  — | v,
10° 9967 Events in 32d‘:22h:53m R E
m—— 7enith Band: 86.0° - 111.0° S 10-5
Zenith Band: 111.0° - 180.0° 107 &
10° 5]
a,
E £ 1071
. 10% 5 S [T =
3
R
= 10° % 107 H
5} 3 ot
E 86 strings (l,11,11)
g o
] 1071t T T T T
Z 10% 4 ‘:Z) 0.0 0.2 0.4 0.6 0.8 1.0
z o Bt @ Classification Score
£ vl o
E 10" e 7= " ped
& o, S i . W . .
S . Classifier output is energy and

Preliminary! zenith dependent.
o o gizssiﬁcation Scz'ri o e .
Score cut as a function of energy
~ 300 neutrino candidates per day and zenith.

M. Borner, PhD thesis (2018)

% T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 17
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Results on Atmospheric v, Spectra

103 : :
. B |ceCube Parameter Fit
- -}~ 1C59 Unfolding
10} - -} AMANDA Unfolding
-+ ANTARES Unfolding

— 10 -+ 1C79 Unfolding (this work)
€
L
j -
v 10°}
£
o
O 107t
=
Ty 10°%%

10°| lceCube Coll., ERPJC 77,

692 (2017)
-10 ‘ ‘ ‘ ‘
10702 10° 104 10° 10°
E, [GeV]

IcCECUBE
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£
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510°
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&
=
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10
Neutrino Energy/GeV

>

o

o

w

I5)

Reconstructed Muon Energy/GeV,
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High Energy Starting Events

\ .
\

\

\

'\

: \ve:to region 19:0mefters§

ﬁ'lducial vo:]umé:

Jsomd

fiducial volume

- 1:()méters :
Side

~-1450 m

--2085m
<-2165 m

'«-2450 m

125 meters

o veto region

Top

= Select events starting inside the
detector

= (Charge threshold of 6000 pe

= Less than 3 of first 250 pe in veto
layer

= ~30TeVdeposited inside the
detector

a T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 19
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HESE Energy Spectrum

N7
1.2 <10
i IceCube HESE 7.5yr Best-Fit Astrophysical Flux Normalizations
i and Approximate 68.3% Confidence Intervals -
r 1.0 [ceCube Preliminary
7
I -
2 0.8
- i
= 0.6
(‘j 4
2 0.4 _
- i ) |
23 0.2 T ;
7 I —
4 | , [ E— .
O'() I 1 1 LI ) l- I T I LI | l . L) . 1 L] I
10° 10°

Neutrino Energy [GeV]

Segmented Fit
Assume E-2 flux and fit
normalization per bin

Requires assumption on
spectral shape

Challenge: Small number of
events

a T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 20
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Neutrinos from the Northern Hemisphere

% 35— JceCube Preliminary _--="""~._ o II;{ES‘;(IIEC([ZC’;;OF]L‘;I)IIBBX) LIh-Fit to extract Spectral
) ,// \ O - - . .

¥ 507 Cascades (4 Fulleky) index and normalization of

-~ “77 PoS 017)9 :

PP S y I SRR | the different flux

| ;s ! I Through-going Muon-Neutrinos

E . gl S * s /| === (9.5y Northern-hemisphere) components.

g “ 1}_7/"/\ \,: e R4 This Work

T ’ll,l I } =N /’, g

9 15 I’,l * ,\(/;} ’\h\'_,.—”/ //// - ;>

S . "1 .~'><>’£:::—'l JEPS o ] MM.' 10° o

£ T \__,—” —————" R ] .c- '..

eé | | I | [ i I I " - IceCube Preliminary . i .

2.0 22 24 26 2.8 3.0 3.2 34 - —— Astrophysical (1.44 x (E/Ey) *%) 10 "

- —— Conventional Atm.

Spectral Index 7y

Number of Events per Bin

arxiv:1908.09918 17 q| T Frompt Atm.
<+ Exp. Data m‘-; \
- - /_/_4_,\ 109 =
Requires more stringent N S M —
assumptions on the spectral o 1054
= t b ot
shape (power law). 0 oot -
S0,975— )\ ‘

0.950 = I I [ [ | 06 B T R B L B
-10 -08 —06 04 02 0.0 10% 10° 10* 10° 100 107
cos(Zenith) Truncated Energy / GeV
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Tau Neutrino Signatures

- z-Track (~ 50m/PeV)
L we
.8 : o8 & 8

oW Y, mAXoT X

e T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments
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Double Pulse Identification with Machine Learning

1.0

o o o
=S (=] oo

Performance parameter

e
o

0.0

Random Forest #1

— 10
m— Purity
e v CC events

Single cascade events

5 100

s 10—2

s 10—3

IceCube preliminary
"

0.0 0.2 0.4 0.6 0.8 1.0
Double Pulse score cut

Score Cut: 0.2

Purity increases to 97%

\ a
. 10—1

o

Events /

Events per second

Random Forest #2

= w— Atmos. p
1074 4 s 1, CC
e 1> CC Contained

1075 4 mmmm v, CC Uncontained
10—6 .

1077 4

10—8 .

10—9 .

10—10 .

10" 4 IceCube preliminary
T

0.0 0.2 0.4 0.6 0.8 1.0
Cascade score

Score Cut: 0.62 (optimized via
Model Rejection Factor)

2 Events survive

both cuts
% T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments 23
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Double Pulse Identification with Machine Learning

' . 5 é 1750 i
Double Pulse Score: 0.92 } "‘ £ .  Swing 20, DM 20
. t * K] —— String 20, DOM 27
p_Value 0035 I i' ; 31250- IceCube srelimina.ry
° %1000

E 750 -

; 500

250

IceCube Preliminary 1 . . : .
9900 10000 10100 10200 10300
Time / ns

Double Pulse Score: 0.565 50 4
—— String 10, DOM 44
p—Value 1 O 500 4 IceCube preliminary

E400~

e N p g se’ §3OO-

e Bigh:ailts. 2 0

\. % i‘ ‘33 ;:: ;200
© !.t. : 100 4 _‘J
‘ 0
$

.
L
L] ..
.
. L] -
p- ¢ 9900 10000 10100 10200 10300
° ® Time / ns
o

IcECUBE
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Double Pulse Identification with Machine Learning

-7

i This work

(90% upper limit)

Aartsen et al'l6

——— (Tau Double Pulse,
90% upper limit)

1078 T~~~ _ =~ === Senno et al'16

~ === Kimura et al'l5

N m———— === Palladino et al’18

1079 + ~a \

E?.d®, [dE [ (GeV em 2 sr! s71)
/
/
'

IO—ID

s y Py, at 100TeV /

IceCube preliminary \ (1078GeV-lecm=2s1sr 1)

500 525 550 575 600 625 650 675  7.00
log(Ey, / GeV) 2.19

2.50
2.89

1wy

0.451079
46
0.8373%5

2.78
1.621278

T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments
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Reconstruction with Deep Neural Networks

11 convolutional layers
1 Flattened layer +
' 2fully connected layers

[} A
_Q r Ll
P )
) O - zimu
\\lmﬂﬁy%wﬁ 8 xfijA "
=~ [ zenith
;d 0.
W, \:\ Muon Energy
__________ """"'"»»»,,___D Neutrino Energy
o [ ) )TTTE—
| .
/ o
e, - e ||| =]
<l o e | R¢¢ W il
Sl raaSSNNe\N SNy 0o o '§Y o ;
i L o Gradient Stop
(8x60x9) ' v —
8 convolutional layers /0 O
O O
0.
Input data for each DOM: 0o
- Integrated charge - Time of first pulse ) ‘\_\D o
- Integrated charge in 500ns - Time of last pulse R e
- Integrated charge in 100ns - Time at 20% of total charge L Y J
- Charge weighted average time - Time at 50% of total charge
- Charge weighted std. of time 3 fully connected layers

T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments
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Reconstruction with Deep Neural Networks

Stable runtime
Largely independent of event
characteristics

60

\
80% Quantile
—— 50% Quantile
50 20% Quantile

—— Monopod
—— DNN reco

. . . \
= Great forrunning in online analyses _ L
Z40 '\_
el
100 |
=1 Monopod I 2 30
§107! = 99% - Quantile: 123.460s 1 I &
g ——  68% - Quantile: 13.798s 1 | C
§ 1077 —— 50%- Quantile: 8.996s : | %
310 i 220
= I <
9107 o I | :
i ~._.
10-5 | | I |
100
1 DNN reco
3107 —— 99% - Quantile: 0.099s
g == 68% - Quantile: 0.044s
;‘,1072 . — = 50% - Quantile: 0.039s 3.0 3.5 4.0 |g§510(E /5612\/) 5.5
E 1073 — v
£ ome
-5 _| -
107 R » - - 3 Energy resolution evaluated for
10 10 10 10 10 10

Runtime per Event /s

’ T. Ruhe for the IceCube Coll., Reconstruction and Machine Learning in Neutrino Experiments
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5000
10-3 T T T T After correlation cut: 3 Data
S u m m a r M [ceCube Parameter Fit ., 4000 4 523 Features =1 Simulations
. g
. -}~ -1+ 1C59 Unfolding £ 3000 1
107} -+ AMANDA Unfolding £ 2000
-~ ANTARES Unfolding =
— 105 |-} 1C79 Unfolding (this work) 10007
NE 0>t 04
5000 -
o Before mRMR:
— 4000 4 311 Features
o 10°} g
5 =
g £ 3000
=
% 107 £ 2000
.(2. 1000 A
2R , 0
“F 5000
Lﬂ 10 Final Sample:
4000 4 61 Features
g
9 £ 3000 -
10 g
£ 2000 1
10710 1000
102 10° 10* 10° 10° 0 . . . .
0.0 0.2 0.4 0.6 0.8 1.0
EV [Gev] Classification Score
x10~7
1.2
I s S ] IceCube HESE 7.5yr Best-Fit Astrophysical Flux Normalizations
_"Ilan |||k!|’1 Q ( . ] W and Approximate 68.3% Confidence Intervals 100 = ;
LN v R onopo
X 7107 [ceCube Preliminary &107 -] — 99% - Quantile: 123.460
7 ' g, ]~ ©8%-Quantile:13.7985
n g 10773 — = 50% - Quantile: 8.996s
= ().8 ' 107
~ . ¢ 10
\_‘ s
g g0
= 0.6 7 1075
@] ] 10°
0 —l T =1 DNN reco
3 Y. g10 4 === 99% - Quantile: 0.099s
L= J g ~—  68% - Quantile: 0.044s
] g0 ~ = 50% - Quantile: 0.039s
o 0.2+ 210
1 e ] B o]
- —_— &
s
0.0 T T — .....,6 T T 1024 | ‘ ‘ ‘
10° 10 1072 10° 10! 102 10°

Runtime per Event /s

Neutrino Energy [GeV]
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HESE Background Estimation

Main backgrounds are:

= Atmospheric muons
= Estimated in data-driven method
= 10.3in75yrs.of data

= Atmospheric neutrinos
= Strongly disfavored by energy and
directional distribution

= 23.2eventsin 7.5 yrs.of data

Significance is estimated using total
event number and event properties.
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Detection Principle

= Neutrino detection via
charged leptons:

vi+X—l+X’

= [nteraction in theice or the
bedrock

= Detection of Cherenkov light
by Digital Optical Modules
(DOMs)
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Main IceCube Array: @
DeepCore: °
Zero Padding: O
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HESE Energy and Zenith Distribution
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Results on Atmospheric Neutrino Spectra
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