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Neutrinos 101
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History of the Neutrino

« Expected p; — pp + p3 =2 discrete
energy spectrum

* A fourth partICIe was pOStU|ated by Figure from https://en.wikipedia.org/wiki/Beta_decay
Pauli: a neutron* the “neutral one”
. Neuz‘r/no. dISFOVG red in 1956, o N E'xpected
Nobel Prize in 1995 = spectrum of | €l€ctron
3 energies energy
e}
°
2
£
-
Z
En
* What we today know as the neutron was G2 Endpeint of
discovered in 1932 spectrum

Figure from https://nl.pinterest.com/pin/555490935266054221/
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T h e S ta N d ar d M 0O d e | three ger(ifeerra':;r:‘ss )of matter interactio(nbs; Is :::‘r:)e carriers
| Il 11l

mass | ~2.2 MeVic? ~1.28 GeVic: ~173.1 GeVic? 0 ) ~124.97 Gevic:
charge | % % % 0 0
But What abOUt spin | % y % g % y 1 ‘ 0 H
. Matter-antimatter asymmetry? | Y Ji_cham J{ top ]| gluon higgs
) =47 Mevicr ~96 MeVic? ~4.18 GeVic? 0 h

5 > - | _
« Dark matter- > " Q 5 s % y «:‘

:_ L down ) L strange ) L bottom \ photon
M ayb e n e u t rl n O S p | ay a n ~0.511 MeV/c? ~105.66 MeVic* ~1.7768 GeVic* ‘;;;91.19 GeVic* A N
important role! . M ° ‘ Z
P @ I'® |- @ || 5
lect ta Zb >
” ke ecuon ) L muon J L u ) . oson 8 §
= <10evic? <0.17 MeV/c* <18.2 MeVic* 28039 GeVic® | o
O o Y 0 Vv 0 vV 1 D Ié)'l 2
(89 ® '@ |
electron muon | u O
L_Ij'l . neutrino | k neutrino t neutrino LW boson oL

Figure from https://en.wikipedia.org/wiki/Standard_Model
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Neutrino Oscillations

» Interest began in the 1950s:
The Solar Neutrino Problem.

« Solution: Weak eigenstates are

related to mass eigenstates by
_Ve_ _uel ue2 ue3_ _Vl_
V| = u]/tl H2 u]/tB %)
Ve _uTl UTZ UT3_

Nobel Laureate Raymond Davis in the Homestake Mine
Picture from https://www.bnl.gov/bnlweb/raydavis/pictures.htm
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Neutrino Oscillations Amgj = m? — m]2

* .. A bunch of algebra later:

P(Vy = Vg) = Spp—2 i Re (U Uz, U ) sinz(

R o Y

i,j=1
3

+ ) Im (ua,.u;l.u;juﬁj) sin(
i,j=1

e The combined neutrino flux
from the sun checks out!
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The IceCube Neutrino Observatory

50m

1450 m

2450 m
2820 m

25.03.2021 8

IceCube Lab

—= == _ _ IceTop
= - ® .= - — - - _— 81stations/ 162 tanks

= 324 optical sensors

IceCube In-Ice Array

86 strings including DeepCore
5160 optical sensors

DeepCore
8 strings optimized for lower ene

7 standard central strings
480 + 420 optical sensors
Eiffel Tower
324 m
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Method of Detection

» Detect the Cerenkov radiation
of decay products emitted at
an angle

cos - = —

np

Figure from https://physics.aps.org/articles/v7/88

Figure from http://large.stanford.edu/courses/2014/ph241/alaeian2/
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Atmospheric Neutrinos

30000 m

« Generation in atmosphere
—> travel through Earth = Detection

Secondary
cosmic rays

) ) Vv
L o0 Standard oscillations Lo I
0.75
0.8
0.50 -
~ 0.25 ~
-"QE'; 06 =Y 10000 m
S 0.00 T
0 =
S -0.25 0.4%
—0.50
0.2
~0.75
-1.00 —- 0.0
10° 10! 102

E [GeV]

Figure courtesy of Tom Stuttard

Figure from https://www.pinterest.co.uk/pin/250090585534637268/
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Event Signatures CC yy-event | ‘
, 1 ]

« 2 different signatures at low
energy: 7racks (above) and
cascades (below).

NC event

Figures " Origin of IceCube’s Astrophysical
Neutrinos: Autocorrelation, Multi-Point-Source
and Time-Structured Searches”
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In reality...

« 30 GeV Tau- (a), muon- (b) and electron neutrino (c) events

Pulse Time [ns]

L5 . » »
R o ° / . SRt | 11.000
o ® _ o ! o ’ :
® @ : |
P o @ @
‘ 0, ® / : ~
8 v ¢ ~ .
o S ! S8 10.500
N / | o<
./ g )
@ / °
/ : .
/ » 10.000
(a)

(c)

Figure courtesy of Mads Ehrhorn
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Neutrino Reconstruction
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The Retro Reconstruction Algorithm

* Current and best low-energy
reconstructor

e Table-based maximum

likelihood estimator

« Disadvantages

« Storing tables requires ~1 TB
memory

* A ssingle reconstruction can take
minutes

event count

25.03.2021 14

100000 A

80000 A

60000 A

40000 A

20000 A

o |-

reco times, pegleg
seed times, pegleg
reco times, retro

0 100 200

Figure courtesy of Tom Stuttard

300
time [s]
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Machine Learning — Overview

Given fabelled events {(x1,y1), ... (xn, yN)} THIS 1S YOUR MACHINE LEARNING SYSTEN?

1 Tallaal YUP! YOU POUR THE DATA INTO THIS BIG
train a model to minimize the B o el X B0 THO 56

empirical /oss THE ANSLIERS ON THE OTHER SIDE.
1 N WHAT IF THE ANSWERS ARE WRONG? )
T _ JUST STIR THE PILE UNTIL
L(h) = N Zl(h(xz‘)/%’) THEY STRT LOOKING RIGHT
i=0

l.e. find

h* = arg min L(h)
heH

capable of reconstructing unseen

events Image from https://xkcd.com/1838/
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Machine Learning — Overview

o« Labelled Events: From simulation A

. . : . i L 5.
 Training. Using Stochastic Gradient 0SSOI Otrain

Descent

Loss on &,

Wiy = Wy — vai(wt)/ n>0

Error

. Lass Our measure of What IS good

Complexity

Image from https //Iosslandscape com/
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Setup

 Feed a Recurrent Neural
Network (RNN) time-
ordered DOM sequence.

DOM_x: The x-coordinate of the DOM. [

>

DOM_y: The y-coordinate of the DOM.

DOM_z: The z-coordinate of the DOM.

DOM_q: The charge extracted from the raw waveform. é é é

Figures https://colah.github.io/posts/2015-08-Understanding-LSTMs/

@—>—@

@—>®

DOM_t: The time (in ns) w.r.t. the triggertime at which the pulse
was detected.

DOM_ATWD: A Boolean. 1 if a ATWD-digitizer recorded the wave-
form or o if a fADC-digitizer recorded the waveform.
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Recurrent Neural Networks

For each neuron

« Input feature vectors x;andh;_,

« Apply nonlinear function
« Qutput h;

Input Layer € R* Hidden Layer € R® Output Layer € R’

hl‘—l

Figure https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Data

All Data After selection
Train Val. Test Train Val. Test
v, 1.61M o020M o0.20M 1.59M 0.19M o0.19M
v, 58M o73M o73M 575 M o072M o072 M
v, 1.616M o020M o0.20M 1.50M 019M o019 M
OscNext Lvls OscNext Lvls
B v, N=201-10°
60k -
B v, N=2.01-10°
S0k 1 . v, N=728-10°
40k 1
30k -
20k -
10k
. . —— |
ok - 150 200 250 300 350

10° 10! 102 103 10*
Energy [GeV]
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Targets

Regression
* Neutrino energy

* X-, y-, z-and t-
components of interaction
vertex

* Xx-, y-and z-components
of direction unit vector

Classification

¢ Type

Corresponding losses

E true

L= lﬁlo cosh <10 (Erem) )
_Nizl 5 5 i

+ logcosh(|#reco — Ttrueli)

+ logCOSh< |preco o ptrue|i>
+ logCOSh(treco - ttrue)i

L=— IEPtrue [log ( Ppredicted ) ]

25.03.2021

20
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BeSt ArCh |teCtu re Preproc. Depth Decode Depth Width Encode Depth Error
NS RO \ 512 5 - 5.58e-02
Preprocessing layer X ) 5 4702
- 362
- Sequence to sequence 537002
- 5.26€-02
- Many-to-one ’
. - 5.16e-02
- Decoding layers ;
o 1 64 1 5.05€-02
Encoder Decoder
ey N @ O = ,ﬁ p——— _.-Sﬁ
— G o Y Y 9
8 3 O
Input 2 g -HE-HRE| 8| 2] ¢ .
Sequence — & - © |1 @[] @ 18 -8 - S ~Prediction
9 g m ] m | m & > >
— M M =
—_— \ J J < J < J < y F
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Reconstruction Performance
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Classification Performance — Track vs Cascade

Performance captured by the 1.0
Area Under the Curve (AUC) of
the Receiver Operating 0.8 -
Characteristic (ROC) @
é 0.6 -
9]
=
2
g 0.4 1
= —— AUC 59.240.6 %, log E/GeV 0.0-0.5
—— AUC 63.64+0.2 %, log E/GeV 0.5-1.0
————— 0.2 - —— AUC 74.440.2 %, log E/GeV 1.0-1.5
= AUC 88.04-0.2 %, log E/GeV 1.5-2.0
K ——— AUC 95.140.5 %, log E/GeV 2.0-2.5
. 0.0 - AUC 97.741.4 %, log E/GeV 2.5-3.0
0% P(FP) 100; T T T T

0.0 0.2 0.4 0.6 0.8 1.0

Figure from
False Positive Rate

https://en.wikipedia.org/wiki/Receiver_operating_characteristic
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Classification Performance — Track vs Cascade

WARNING: IceCube performance "by eye” and potentially Different datasets

IceCube RNN

1.0 —— AUC = 0.722 1.04 =—— AUC = 0.787 + 0.001

0.8 0.8
2% 0.6 4 & 0.6
& a
2 0.4 4 2 0.4

0.2 1 0.2

0.0 1 0.0 4

L) 1 T L) L L] T T T T T T
0.0 0.2 0.4 0.6 (.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate False Positive Rate
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Regression Performance

Performance: Width of the ... And 68" percentile of the
binned error distributions binned error distributions
IOR((e) _
W (e) = o L(e) = epes
1.349
for unbounded error For bounded error distributions

distributions
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Muon Neutrino Reconstruction

Direction Reco. Energy Reco. (LE)

log, ,(E) [E/GeV]

loglo(E) [E/GeV]
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Muon Neutrino Reconstruction

Polar reconstruction performance

80
RJ\‘TJ ' 84th perc. 5000
60 = RNN 50th perc.
S0
=== RNN 16th perc.
, 1750
""" Retro 84th perc.
409 . —— Retro 50th perc.
'''' LT S === Retro 16th perc. L1500
20 A ' '
o 1250
&0
‘;% 0
3 1000
—20) A
- 7ol
—407 - 500
—60 4 - 250
—&0 T T T T T {0
0.5 1.0 1.5 210 2.5

logo( E) [E/GeV]

25.03.2021
Energy reconstruction performance
100 — 2000
""" RN N B4th perc.
075 : =— RNN 50th perc.
R+ B 4
e === RNN 16th perc. 1750
SR S S S L Retro 84th pere.
.50 - | eees e —— Retro 50th perc. 1500
-1 : =t === Retro 16th perc.
0.25 - "'L-, ______ 1250
000 T——=———"1—7 “"r'"'":r'-’.” 1000
—0.25 A 1 - 7ol
—0.50 1""] - 500
—0.75 4 = 250
—1.00 T T T -0

T
(.5

T
10 15 2.0 25
log,o (E) [E/GeV]
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Ensemble Model

« Combine outputs of
several models

« Control performance
with weights

Regression Weights

10! 4

Weight

10° 4

10° 10! 102 10°
Energy [GeV]

Raw Raw
sequence sequence

' '

[ Model 1 ] " { Model N ]

' '

Gather reconstructions

Raw ‘

sequence
— Meta-learnex]

'

Final Reconstruction

25.03.2021

28
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Ensemble Model — 8 submodels

0.3 1 +++
VN ——
NMEE B =+ = :
T 0.2 1 ] ks 5
— 3 105 I:I » 105 LED
b§ —+ 1 -+ Ensemble : % | é
2 01 - -+ Retro = £
= —+  Best submodel s
[1 Training Events
| 104 "
- 10 10
[a¥ R 0.25 E T
Eoxs] “= e 0.00 3-== = __.__:""‘-I_-:l-_l_
_ : e o E i
é) 0.00 _ ____________ e — :.___'?':"": ---------------- —0.25 -: +++

10810(E) [E/GeV] 10810(E) [E/GeV]
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Ensemble Model — bias (almost) gone

Energy reconstruction performance

« Bias removed for energy M e Ty 2000
1 N — RN N 50th perc.
recor)strgctlon through o751 e St -
i e i e e e s e " Retro 84th perc.
rewel g htl n g 0504 .. —— Retro 50th :)(*r(‘. 1500
. hL B === Retro 16th perc.
- Requires more data to i o -
remove bias in direction K i 1
. SN 000 e dzr oo R R R B --= L 1000
reconstruction e | e .
2 —0.25 1 --'--"--'---1“"‘-‘4--. = L wen
« Inference speed: 5000 e B )
. i .
Reconstructions per second 050 Eep - 500
I
—0.75 - == L 250
—1.00 T T T T T (
0.5 1.0 L5 2.0 2.5

log,o(E) [E/GeV]
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Ensemble Model — Error Estimates

10810 E/GeV
« Train meta-learner with -
. -Fit
lan LLH-loss - A
Gaussia 8000 1 z-scores
1 /x—u\? 1 = 0.078
2y —
[(x, 4,0 )—108‘7"‘5( o ) 6000 - o = 0.800
E prob = 0.000
 z-score unit Gauss expected, S 4000 - ~ N=71910°
where |
X —u 2000 - /
Z =
v I
0 r ' T T T T
—4 -2 0 2 4

Z-5Core
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O U t | O O k 701072 1 25 % Data
6.8 1072 1 50 % Data
100 % Data
+ Inference speed: 5000 65107 1
Reconstructions per second 202
£ 6.0 1072 -
 More data = better performance! 558102 -
. . . 10 2
 Train noise + BG rejector e
521072 -
10 kHz : : : : : : : . 5.0 1072 1
1kHz : Zﬂ E oM oM 20M 3oIM 40IM 50IM 60 M
100 Hz | <« v, " Events seen
10 Hz | & u (C) 1
o—e u (MG)
o LHzg &9 Accidental ]
§ 100 mHz | e—e Data .
10 mHz | a
1 mHzE -
100 uHz | : i
10 uHz | N !
1 uHz . L . . . . N— o

G <«
N\ 0 W & & & o .
e & s F e e Fa 9

Figure courtesy of Michael Larson
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Thanks for listening!
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GRU Update rules

Fy = U<Wrxxt + brx + thht—l + brh) ’
2 = U<szxt + bzx + thht—l + bzh) ’
n, = tanh (anxt + bnx + 7y % (thht_l + bgh)) ,
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ResBlock

ResBlock

BatchNorm

Nonlinearity

=
5
k=
=
S
Z.

Fully Connected
Fully Connected




.? KOBENHAVNS UNIVERSITET 25.03.2021 36

Learning Rate Schedule

1/T Learning Rate Schedule Learning Rate Scan
1.0-1073 A 0.4
0.8:1073 - i
o) Tvax = 1.0- 10_3 0.3
-E; ﬂMin = 5.0 . 10_5 L
R . -3 - (o) E
o 0-60'10 Twarmup = 35% of Ty [
5 ~ 0.2 A
c
S 0.4:1073 - 2
—
0.2:1073 - 0.1
00'10_3-11 T T 0.0 T L R |
0 5 10 10—4 10—3

Epoch Learning Rate
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Hyperparameter Searchspace

Hyperparameter Searchspace

Batchsize 32, 64,128, 256, 512

Optimizer SGD, Adam, NAG

LR schedule Inverse decay w. warmup

Layer Widths 64,128, 256, 512, 1028

Decoding ResBlocks 0,1,2,3,4,5,6

Encoding Att. Blocks 0,1,2,3,4,56,7

Encoding RNN layers 0,1,2,3,4

Encoding RNN type Vanilla, GRU, LSTM, BiGRU, BiLSTM
Nonlinearity LeakyReLU, Mish

Encoding norm. None, LayerNorm

Decoding norm. None, BatchNorm

Regularization None, Dropout(p € [30%, 50%, 80%])
Regression loss L1, L2, logcosh

Classification loss CrossEntropy

Many-to-One MaxPool, AvePool, KeepLast

Weight init. Kaiming

Table 4: Summary of the hyperparameter searchspace. The regression loss
functions are not complete; regression-specific alterations are intro-

duced later.
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Permutation Feature Importance

Direction Reconstruction

dom_time
dom_closest2_z
dom_z
dom_closestl_z
dom_closest2_x
dom_closestl_x

dom_y A
dom_closestl_y
dom_closest2_y

dom_atwd -
dom_d_to_prev A
dom_pulse_width 4
dom_v_from_prev -
dom_d_closest
dom_charge_significance
dom_d_minkowski_to_prev -
dom_charge
dom_closestl_time
dom_d_minkowski_closest
dom_closest2_time -
dom_frac_of_n_doms -

dom_closestl_charge

++++++++$$qqqu\II\\||||

dom_closest2_charge -

o
o

0.2 0.3 0.4 0.5
Feature Importance

o
=]
=]
-

Energy Reconstruction

dom_time
dom_closestl_z

dom_z

dom_closest2_z
dom_closest1_y

m_y

dom_closest2_y
dom_closestl_x
dom_closest2_x

dom_x

dom_atwd -
dom_charge_significance
dom_v_from_prev
dom_charge -
dom_d_closest
dom_pulse_width
dom_frac_of_n_doms -
dom_d_to_prev
dom_d_minkowski_closest
dom_closest2_charge -
dom_closestl_time
dom_d_minkowski_to_prev -
dom_closestl_charge

““*"**“"ulu\llll

dom_closest2_time

(=]

w

o
'S

T
0.2
Feature Importance

o
o
o
-

Polar Angle Reconstruction

dom_time
dom_closestl_z 4
dom_closest2_z -

dom_z

dom_closest1_y
dom_closest2_x

m_y

dom_closest2_y
dom_closestl_x

dom_x

dom_atwd
dom_charge_significance
dom_d_to_prev A
dom_charge
dom_d_closest
dom_pulse_width 4
dom_v_from_prev
dom_closestl_charge -
dom_closest2_charge -
dom_frac_of_n_doms
dom_d_minkowski_to_prev 1
dom_closest2_time
dom_d_minkowski_closest
dom_closest1_time

=]
™
I
o

0.4 0.6
Feature Importance
dom_time -

Azimuthal Angle Reconstruction
dom_closest1_x

dom_closest2_x -

dom_x

dom_y

dom_closestl_y -
dom_closest2_y
dom_closest1_z
dom_closest2_z

dom_z

dom_atwd -
dom_pulse_width
dom_d_to_prev 4
dom_charge_significance
dom_d_closest
dom_v_from_prev -
dom_d_minkowski_to_prev 4
m_frac_of_n_doms
dom_closestl_time -
dom_charge
dom_closest2_time -
dom_d_minkowski_closest
dom_closestl_charge
dom_closest2_charge

o

o

=]
N

““””““'Illlll|||‘

+++-I-++++.|.*!'|I||II||I‘

-
N
=
EN

0.4 0.6 0.8 1.0
Feature Importance

o
o
o
N
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Classification - comparison

23000 IceCube Preliminary v, CC
1 — Other 101 )
20000 - T :
w 4
E , L5 109 4
> ] b [ B‘ :
2 15000 z _
8 1 [ 8 10-1 4
< - ] A E
£ 10000 :
é " 102 E

: | Track N = 652 -10°
5000 - .
10-3 -1 1 Cascade, N = 199 -10°
0.0 0.2 0.4 0.6 0.8 1.0

%0 0.2 0.4 0.6 0.8 1.0
Track-like BDT Score Track-like Score
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Direction unit vector distributions

Predicted direction, x-component Predicted direction vector length
[ logcosh 104 == logcosh
1.0 - — 1 — |
1 L1+ pen ] L1+ pen
[ Truth 81
0.8 - rutns
>
= 6 -
2 0.6 1
)
A
0.4 4
0.2 - 27
0.0 1 I I 1 I O I I I I I 1
—-1.0 —0.5 0.0 0.5 1.0 0.0 0.2 0.4 0.6 0.8 1.0 1.2

x-component Vector length
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Logarithmic vs Relative error

Relative (RE) vs logarithmic (LE) error

1.0
0.8 1
0.6
%
Q
—
0.4 1
0.2 1
logcosh(LE)
logcosh(RE)
0.0 1 1 1 1
0.0 0.5 1.0 1.5 2.0 2.5 3.0

E reco

E true

25.03.2021
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