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Reconstruction Techniques in IceCube using Convolutional
and Generative Neural Networks

Mirco Huennefeld for the IceCube Collaboration* VLVNnT 2018
mirco.huennefeld@tu-dortmund.de Dubna — October 4th, 2018

*http://icecube.wisc.edu
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IceCube Data — Starting Point of Event Reconstruction

Tracks Cascades

Can we further improve our event reconstruction?
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Why Deep Learning?

Powerful and fast reconstruction methods desired for

real-time analyses and follow-up programs
* Limited resources
+  High data rate

Low level data

*  Maximum-Likelihood methods have their limitations:
« Often simplifications and approximations necessary

- (Can be extremely expensive to compute

Deep learning is an excellent candidate for these requirements!
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Outline

Brief introduction to neural networks

Current Status:
*  Convolutional Neural Network (CNN)

« Comparison to standard reconstruction methods

Limitations of CNNs:
* Need for better suited architectures

» Exploitation of a priori knowledge

Next Generation:
 Generative Neural Network

 Firstresults
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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) "

SFB 876 Providing Information

by Resource-Constrained Data Analysis

0

S
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5
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20
25

20 25

MNIST Dataset

lehrstuhl gg
physik eb "~
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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 6
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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
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Current Status — CNNs

Deep convolutional neural 11 convolutional layers

network (CNN)

Flattened layer +
2 fully connected layers

1

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 connectea layers
(data preprocessing adds

Main IceCubeArray [}
DeepCore:
Zero Padding:

energy dependence)

2D Space
1D Time

.

3D Space
e

Per event uncertainty estimate

3D Space
1D Time

on each reconstruction quantity
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Current Status — Track Performance

lehrstuhl g

$CECUBE sow roiangrtomaten (T ehrstunl

Muon Energy at Detector Entry

Energy resolution: Oiog,,k,

DNN reco
—— TruncatedEnergy - Bins
TruncatedEnergy - DOMs

" — —

~ -
-~
-
-~
N e e = e = ——

Preliminary

0 30

4.0 4.5 5.0 5.5 6.0

IOg IO(E,u, entry /GeV)

3.5

6.5

Median Angular Resolution

10
._.I‘l"l. ...... <(UH' lu)
A --- DNN reco
° 8 “‘\‘\. —.— LineFit
S \\\\ —— SPEFit
E! 3\ v‘\ ------ MPEFit
g 6 N -~ SplineMPE
o
o
S
214
<
c
o
?
s 2°
Preliminary e
3 4 5 e T
loglO(E,/GeV)

* Level 2 data: Final samples apply additional quality cuts

* Systematic uncertainties not included
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Current Status — Cascade Performance

Deposited Energy Cascade Angular Resolution
60 Y
Size: 185250 M d y \ -------- 80% Quantile —— Monopod
onopo 4 10! —— 50% Quantile ~——— DNN reco
! o o - 50\ —— 20% Quantile
6 ".‘;—#: s, .’ 10° § : .\‘
g P £ 240 .
Q 5 ™ \
55 1073 S :
34 102E 2 30
s 2
R “ - I i~
3 MAE: G.04%6 107 =]
o0 587 £20
Preliminary Rz L1710 s =5
% 3 4 5 6 g 10
log10(Erec/GeV) 10
Size: 185250 e
DNN reco -
7 .y Preliminary
Y o
~6/NNtrainedon ; 10° S log10(E,/GeV)
3 |Neutrino Energy + 3 g
Q v 93 ©
g5 . ‘ 10_1; . . . .
= ; * Systematic uncertainties not included
g, 1028
. >
Residuals: w . .o
, 1 B *  Final samples may apply additional
R/ . Pearson: 0,966
e . o Spea.er: 0.978 .
2’/ . Prehmmiry Res.: (;.230 e q U a“ty CUtS

4 6 10
10g10(Erec/GeV)
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Current Status — Runtime

Track Reconstructions - Perevent runtime for reconstruction

Iy N i i =3 linefit
g7+ = 99% - Quantile: 0.0265
= 1 == §8% - Quantile: 0.003s
L1024 | == 50% - Quantile: 0.0025 . . i
N « More sophisticated reconstructions
g 1
0o . I

excluded in plots

=3 SPEFit

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

—| «  Smaller neural network architecture

Relative Frequency

| = used for track reconstruction

>
g —— 99% - Quantile: 1.904s
E == 8% - Quantile: 0.3165
2 = = 50% - Quantile: 0.175s
g -
Cascade Reconstructions
S 10°
=1 Monopod | I
= =3 splineMPE g107! o —— 99% - Quantile: 123.460s I
g —— 99%- Quantile: 2.3475 @ ——  68% - Quantile: 13.798s 1
2 == 68% - Quantile: 0.391s F10-2 4 o ; 1 I
g — = 50% - Quantile: 0.210s @ == 50% - Quantile: 8.996s |-
° w
g 107 |
: 5 L
DR &10"‘—- |
| -
> =3 TruncatedEnergy 1073 | | II I |
g === 99% - Quantile: 0.020s
2 == 8% - Quantile: 0.010s 100
2 = = 50% - Quantile: 0.009s
E . = DNN reco
2 @ 1071 mes 99% - Quantile: 0.099s
& 2 R === 68% - Quantile: 0.044s
I g107 = = 50% - Quantile: 0.039s
('
>, 1 DNN reco g 1073
e = 99% - Quantile: 0.0745 s
= === 68% - Quantile: 0.021s v 104 o
2 === 50% - Quantile: 0.0165 o o
P 10-5 -] Preliminary
k] ) I I I
2 Preliminary 1072 10t 10° 10! 102 103
T ' T Runtime per Event /s 1 1

o -
107t 10° 10t 10%
Runtime per Event /s
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Limitations of Convolutional Neural Networks (CNNs)

*  Only translational invariance and
locality is used — More information and

symmetries available

« Assumptions imposed by CNNs are

only approximately met in IceCube
* lrregularities in detector grid

*  No real translational invariance in

observable space
*  (CNNs “wash out” data:
* (Qreat for robustness

«  Bad if exact information is needed

Y [m]

-400 -

IceCube-86 (78+8) interstring (surface) distances

00 J

How can we improve?

12
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Requirements for Next Generation

 Need for better suited network architectures:

« Graph Neural Networks (GNNs) can help with

3D Space
1D Time

irregularities in detector grid and uniformly

handle IceCube + DeepCore

«  Combination of CNNs and recurrent neural

networks can better handle time information
*  Need to exploit more a priori knowledge:

» Data generation process is known very well,

but not exploited

* Likelihood methods use this information

Can these approaches be combined?

13
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Cascade Generator — General Idea

Train Generator

«  Combine strengths of neural

_ Simulation
networks and maximum- Hypothesis Loss
Generator
likelihood methods T
Update
Generator
*  (QGenerative network to obtain fast Gradient :
approximation of simulation
* Possible in between of spline-
based reconstruction and direct Reconstruct Events
re-simulation Analytic Approx.
: Re-Simulation
«  Once generator is trained, it can [ Hypothesis ] a[ Generator ]
\L Tabulated MC
be used in reverse mode for hy%?)fﬁ;iis Expectation A
reconstruction v

Gradient Je—{ Likelihood |€{ DataZ

14
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Cascade Generator — Network Architecture

No adversarial or randomness needed as usually

required for Generative Adversarial Networks
*  Knowledge of exact detector geometry is included

- Translational invariance in latent variable space

Is exploited as opposed to observable space

*  Currently only trained to generate charge

iInformation

Input per DOM:

d7 (b, } Include geometry Cascade

Hypothesis
Pcascade Weight sharing over DOMs: 5
Ocascade Exploit invariances in latent variable space T'cascade
T'cascade Additional independent weights per DOM:

E’ Account for asymmetries and inhomogeneities 15
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Cascade Generator — Scans

Scan in energy and vertex-z (Rest fixed to MC truth)

15.0
100 True
% Prediction 13.5
12.0
200
E 10.5
N L
Q
£ 0 9.0 £
&
8 7.5
—-200
0.0
aip 4.5
Credit: Anthony Flores 3.0

2 3 4 9 6 7

logio(Cascade energy / GeV) 16
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Cascade Generator — Scans

Scan in vertex-x and vertex-y (Rest fixed to MC truth)

12.0
100 True
% Prediction 11.2
10.4
200
E 9.6
> L
]
g o BE 2
a
8 8.0
—-200
7.2
aie 0.4
Credit: Anthony Flores 5.6

—-400 —-200 0 200 400
Cascade x/ m

17
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Summary & Outlook

« Conventional neural network architectures provide good results and

are well suited for online applications, but have limitations
*  Need to adjust methods to fit to our data, not the other way around
* First Cascade Generator results look promising

* Next: create dedicated MC for training, include time information

18
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Backup

20



technische universitat a ICECLBE 87 Providing information lehrstuhl ag
dortmund P ot FOLE NEGTRING DBSERVATS

=, by Resource-Constrained Data Analysis physik e5 ”

Cascade Generator — Scans

Scan in zenith and azimuth (Rest fixed to MC truth

)
A True
¥  Prediction -

Cascade azimuth / rad
MSE

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Cascade zenith / rad 21
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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 22
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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 23
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50m eelap= = T

Amundsen—Sco
Pole Station, A
86 stri f DOMs, 4

IceCube Laboratory i 1 A National Science Fou

set 125 meters apart
Data is collected here and il i managed research facility
sent by satellite to the data

warehouse at UW—-Madison

/ 60 DOMs
| on each
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Digital Optical v
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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 2
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Energy Reconstruction — Muon Energy at Entry

OnlinelL2 Muon Filter — CC events

Truncated Energy (DOMS) Deep Learning

8 8
Size: 448037 Size: 448037
> 7 > 7
(] # (] #
g g
g6 10, 56 "
c ‘T c ‘T
re 5 L >
©5 5 ©5 5
> 3 ©
@ 4 < @ 4 <
| ] | ]
e e
I T I T
= o = o
S 3p-1 S Srg--oo- - 2
> z o 5
- siduals: - Residuals:
o ¢ ¥ Mean: 0.1086 109 o *Mean: -0.0391 109
o 1! . ws Stddev: 0.364 o 1! Stddev: 0.269
b} il bl MAE: 0.2707 ) MAE: 0.2052
—_ oS t—as 24 i . Pearson:0.884 —_ Pearson: 0.934
' |"| & SpearMr: 0.903 . SpearMr: 0.947
0 o« * ° Res.: 0.460 0 Res.: 0.313
0 2 4 6 8 0 2 4 6 8
logio (Truncated Energy (DOMS)/GeV ) logio (Deep Learning/GeV')
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