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How can we best utilize available
information?
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My personal view on Deep Learning (DL)

DL is a powerful tool for function approximation
*  Not “intelligent”: simply maps input to output space

* NN architectures (CNNs, GNNs, RNNs, ...) are just a way to formulate

this mapping while exploiting certain properties of the data f . I e 0
* No need for choice of parameterization This is what makes Deep
»  Scales well to high-dimensional space Learning so powerful

Importance of symmetries & domain knowledge
* Necessary to reduce free parameters
* Improves model training and performance
* Generalization/extrapolation is only possible along

symmetries or by using domain knowledge

Unique position of Physics in ML:

* Data generating process is known extremely well Need to think outside constraints of typical

* Many possible applications: reco/calibration/analysis/... applications and architectures
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Example 1: Translational Invariance
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i3

Classification task with MNIST data

Compare standard dense vs
convolutional neural network (CNN)
Embed MNIST data in larger images

Define inter/extrapolation regions
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Embed MNIST data in larger images
Define inter/extrapolation regions
Only CNN can generalize: possible

via translational invariance
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Example 2: Periodicity

* Assume we want to fit a 1-D function of which we know/are
searching for a periodicity with a given period length T

« This info can be embedded directly into NN architecture!

« Compare standard NN vs “periodic” NN: f(x) = f(x mod T)

* Compare different size of training set
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Example 2: Periodicity
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Example 2: Periodicity
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* Assume we want to fit a 1-D function of which we know the
approximate shape f,(x), but true solution deviates slightly

« Thisinfo can be embedded directly into NN architecture!

» Compare standard NN vs “modified” NN: f(x) = fy(x) - NN(x)

* Compare different size of training set
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Example 3: known approximate solution

Number of events: 10

-

1.00 1
0.75

1
I
T
:
I
I
1
0.50 |
I
1

0.25 - [ True Exclusion « Samples

Y

T T T T

Number of events: 100

e 1 I
I

!.“—.ﬂ-...o! Tetee.

1.25 4

1.00 4

e cun-u \..

0.75 4
0.50 A

0.25 4

T T T T

Number of events: 1000

1.25 4 : 2
1.00 4 M

0.75 A
>

0.50 A

0.25 1

12



i SFB 876 Providing
technische UNiversitat | mton ) omnee: @
dortmund Conatraind Dita Analysis

Example 3: known approximate solution
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Event Topologies
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Main Reconstruction Tasks

Event Selection and Classification

Air shower
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Deep Learning in IceCube

Going Deep

What data representation to use?
* Tradeoff between curse of dimensionality and
information loss
* Doesrepresentation reflect symmetries in data”
What type of NN architecture to use?
* Isthe architecture suited to the data?
« (Canthe architecture exploit symmetries in data?
How to exploit domain knowledge?
* Neutrino interactions are invariant under translation
in space and time as well as rotation in space

*  Dustimpurities, physics laws, ...

ICECUBE

4 SO0UTH POLE NEUTRINDO OBSERVATORY

Goal

Find NN architecture suitable for data format that is

capable of exploiting symmetries and domain knowledge

Architectures Investigated

«  Convolutional Neural Network (CNN)

«  Recurrent Neural Network (RNN)

«  Graph Neural Network (GNN)

*  Hybrid Maximum-Likelihood Estimation (MLE) /
Deep Learning (DL) approaches

22
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Deep Learning in IceCube

Going Deep

What data representation to use?
* Tradeoff between curse of dimensionality and
information loss
* Doesrepresentation reflect symmetries in data”
What type of NN architecture to use?
* Isthe architecture suited to the data?
« (Canthe architecture exploit symmetries in data?
How to exploit domain knowledge?
* Neutrino interactions are invariant under translation
in space and time as well as rotation in space

*  Dustimpurities, physics laws, ...
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Goal

Find NN architecture suitable for data format that is

capable of exploiting symmetries and domain knowledge

Architectures Investigated

«  Convolutional Neural Network (CNN)*

«  Recurrent Neural Network (RNN)

«  Graph Neural Network (GNN)

*  Hybrid Maximum-Likelihood Estimation (MLE) /

Deep Learning (DL) approaches**

Focus in this talk is on these publications:
* DOI: 10.1088/1748-0221/16/07/P07041
** DOI: 10.22323/1.395.1065
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What do we know about our Data?

*  Detector geometry:

* 3 detector parts: main array, upper & lower DeepCore

*  Deviations from symmetric detector grid

* Underlying physics of neutrino interaction are invariant

under translation and rotation

* Inhomogeneous photon propagation due to dust impurities

and crystal structure of ice

* Lightyield scales linearly with deposited energy

* General shape of photon arrival time PDF

« Photons (and in good approximation: the measured pulses)

are independent of each other
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50m

Convolutional Neural Network (CNN)

Idea:
 Use CNNsto exploit translational invariance
* CNNsare easy to train and usually provide a good first benchmark

Challenges:

* Howtodeal with 3 detector parts and triangular grid? 1450 m

* CNNsrequire uniform input:

what to do with variable number of pulses?
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_ 145
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Convolutional Neural Network (CNN)

Detector Geometr ® Main Array =
y ® DeepCore — Upper
«  Separate detector into 3 input tensors ® ZeroPadding . DeepCore
* Transform triangular grid to orthogonal III 2D Space
1D Time
data matrix " — Lower
«  Apply mapping to effectively employ 3D Space DeepCore
1D Time

hexagonal convolution kernels

o’.-‘. -

Main Array

3D Space
1D Time

Hexagonal Convolution Kernels
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Convolutional Neural Network (CNN)
Input Data
+ Waveforms: *  Summary Statistics on Pulse Series
* Arbitrary length and very high-dimensional + Constantinput size
* Pulse Series: * Lossofinformation due to dimensionality
*  Highly variable length reduction
« Very efficient data representation *  Option to further improve data/MC agreement
U [mV] -
Q [PE] Pulse Series: (t;, q;) Summary Statistics

| —
|

R \\\‘
»

B — Z%%Ztu

Time [ns]
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Convolutional Neural Network (CNN)
Input Data
+ Waveforms: *  Summary Statistics on Pulse Series
* Arbitrary length and very high-dimensional + Constantinput size
* Pulse Series: * Lossofinformation due to dimensionality
*  Highly variable length reduction
« Very efficient data representation *  Option to further improve data/MC agreement
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Convolutional Neural Network (CNN)

Performance
Cascade Angular Resolution Reconstruction Runtime
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Convolutional Neural Network (CNN)

Uncertainty

Estimation

* Point predictions aren’t enough for use in analyses: need uncertainties

* Assume Gaussian Likelihood and train NN to estimate yy,,eq and opreq
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Convolutional Neural Network (CNN)

Summary

* CNNs can improve reconstruction accuracy
*  Speed up reconstruction by orders of magnitude
* Results have good data/MC agreement and are robust
+ CNNs([5, 8, 7]) inunblinded analyses:
+ Cascade-based neutrino search
» Cascade real-time alert stream
Pros/Cons:

@ Exploit (approximate) translational invariance in data
CNN assumes symmetric grid
Cannot naturally account for inhomogeneities in detector
medium
Loss of information due to summary statistics

Inclusion of additional domain knowledge is difficult

DNN

Declination [degree]
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Talk Outline

My personal view on Deep Learning
. Deep learning as a tool for function approximation

*  Utilization of domain knowledge and symmetries

“Classical” Deep Learning in IceCube
*  Choice of datarepresentation and NN architecture

. Convolutional neural networks

Hybrid MLE/DL Method

+  Combining maximume-likelihood with Deep Learning

Conclusions and Outlook
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Maximum Likelihood Estimation (MLE)

Alter event hypothesis until it matches data Reconstruct Events Re-Simulation

Cascade Hypothesis: Analytic Approx.
5: (m,y,z,go,é’,E,t) 7 free parameters [ HypOtheSiS ]_>[ PDF ] gloUlitss) IE
Properties: = - Expectation \
L@0) =] pild) | 7
@ Physics knowledge is i hypothesis

Likelihood |e{ Data?

incorporated into the Likelihood and PDF

® Exact detector geometry can be used

Detected Photons

® Intheory: optimum of what we can do

© QOften forced to simplify PDF and
Likelihood

© Difficult to find global minimum

Qo
.
" H
* Bright DOMs are excluded from this analysis Time 34
Credit: HESE team

|WORK IN PROGRESS |
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Combine strengths of neural networks and

maximum-likelihood methods

Properties of Generator NN:
«  Fastapproximation of MC simulation

*  Physics knowledge & symmetries can

easily be included
» Exact detector geometry can be used

« Useinreverse mode for reconstruction

— Fully differentiable: Gradient Descent

Reconstruct Events:

Re-Simulation
Analytic Approx.

[ Hypothesis ]—>[

Update
hypothesis

Gradient

v

Expectation

A

v

Generator ] Tabulated MC

Likelihood

el Data @

Train Generator:

Hypothesis

Simulation

Generator

i

Update '?
Generator

Gradient

Likelihood

<
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Event-Generator — Architecture

: . Neural Network that maps
Generator NN learns mapping: input [?, 7] to output [?,5160, n] 5160 PDFs for each of
R R - with number of mixture model the DOMs
. — components n I
f . 0 : A? p(t’t ‘ 9) Cascade Hypothesis i { |
. A [ \
f: source parameters [ \
A: expected DOM charge g = (.GC Y, 2,0,0,E t) —_ [ Generator] —_
s . AR SRS
pl(t;]0): pulse arrival PDFs
Parameterization of time PDF:
10°
True Curve (.’1: ;.L)Q
—== Asymmetric Gaussian Mixture Model —
n:§.12|a:0.10|r: 7.66 | i -0.64 N - exp (_ 252 )’ r < H
n139]0:044|r 319w 092
10714 n:0.63|0:0.73 | r: 419 | 4: 3.79 g(33|p‘,, a, T) =
. —— n:0.30 | 0: 1.46 | r: 5.08 | u: 10.08 (x P«)z
n:0.22 | 0:1.00 | r: 1.00 | u: 31.50 . _ _ ]
g “ N -exp ( (o) ), otherwise
w7y T ——
‘\ N - .
v/ (2m)-a(r+1)
1073 T T T T T
0 5 10 15 20
Time / arb. unit 10.1007/3-540-70659-3_42
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Event-Generator — Generator Architecture

ICECUBE

SFB 876 Providing Information
y ined Data.

lehrstuh

nnnnnnnnnnnnnnn

Analysia physik e

DOM;
d, ﬁr/ .
- 1 ]
_-® S
" b
hee - DOM
~dy N
v-interaction U
(Hypothesis: 5) N
BN >/

Per DOM inputs:

(I,}’. Z, 9; (I)J E, &i; dil 61"61')

O-ZZZZIZZ0]CE

(86 x 60 x 12)

(86 x 60 x [4K+2])

K: number of components

[ e |

Ay @y, iy, Oy, Ty, Wy

— —= - —
Ay @y, fy, Oy, Ty Wy

Ai —)/1;

Compute relative displacement
vectors d; and angles &;, B

Translational /rotational
invariance, detector geometry

« Can decouple physics and detector effects

Locally connected layer
without weight sharing

Symmetry breaking
ice properties

Convolutional layers
with weight sharing

Shared DOM

Properties

Apply shift to
expected charge

Linear scaling,
DOM efficiency

Mixture model components, charge
and over-dispersion per DOM

—+h

I
hy
[
"

1

i

J

Shift PDF relative to
interaction time

Time invariance

DOI: https://doi.org/10.22323/1.395.1065

« Easiertoinclude information in forward direction when not convolved with detector response yet

«  We know how to do this (we simulate the data!)

Mirco Huennefeld
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Event-Generator — Example Outputs

Pulse Arrival Time PDF

0.006 -
Iﬁ —-= Mixture Model

. ' — == Generator NN
n _ [ (27,40) | 136m | 158° | 64.6 PE
c 0.004
- 1 (84,22)| 75m | 115°|576.7 PE
) 1 (86, 50) | 202m | 32°| 5.6 PE
E 0.002 - lceCube Preliminary

0.000

500 1000 1500 2000 2500 3000 3500

Time / NS ot https//doi.ore/10.22323/1.395.1065
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Event-Generator — Example Outputs

Vertex / Zenith
DOM: (27, 40) DOM: (27, 40)
7 -250 T 0.002
c Z 171
> -261 > 0.001 -
@ ; o - 152
o o
0 0.000 - / : , [ -271 o 0.000 1 , , 1
500 1000 1500 500 750 1000 1250 1500 [ 133
- -282
DOM: (84, 22) N DOM: (84, 22) 114 @
7 x 0 £
0 --292 g 1 "é'
; 0.005 .-‘ 9 ; 0.005 - Los @
S --303 3 5 S
o 3 o L 76 O
A 0.000 4 , : : L 313 a O 0.0004—2—" : : ©
200 400 600 800 i © 300 400 500 600 5 o
DOM: (86, 50) -324 DOM: (86, 50)
T Y T 0.0010 - 38
cC v [ -
~ 0.0005 -334 ~
o 2 0.0005 A 19
73] wn
£ / o -345 < -
O 0.0000 45 Ic<|eCube Plrellmlnalry Q 0.0000 44 Ic?Cube Plrellmlnalry 0
1000 1500 2000 2500 3000 1000 1500 2000 2500 3000
Mirco Huennefeld Time / ns Time / ns 39
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Event-Generator — Cascade Angular Resolution
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40
\,\ —— Hybrid 80 % MLE* 80 % CNN 80 %
N, | — Hybrid 50 % — MLE* 50 % —— CNN 50 %
— 30 - ~ ~~~ Hybrid 20 % MLE* 20 % CNN 20 %
o - N *simplified, approximated likelihood
‘o
)
Q
| -
)
-
| -
=
> Avoid Likelihood
< Simplifications Symmetries &

lceCube Preliminary
103 10%

Mirco Huennefeld

10°
Etrue [GeV]

Domain Knowledge

DOI: https://doi.org/10.22323/1.395.1065
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Event-Generator — Additional Applications
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- Simulation

IceCube Preliminary

S H %% AN e e

Coverage

DOI: https://doi.org/10.22323/1.395.1065

o4
o

e
=

Estimation

azimuth

{— unc_sandwhich*

— unc

00 02 04 06 08 10
Central Quantile

*http://www.stat.umn.edu/geyer/5601/notes/sand.pdf

Goodness -of-fit

Likelihood Scans

NuE_low_cscd_13_4004 | 2224 GeV | (-27m, -106m, -130m) | L: 3m

@ L3_MonopodFit4

41

469026 47563


https://doi.org/10.22323/1.395.1065

technische universitat

lehrstuhl
dortmund QIDEDUBE SFBWG Mlmmmc“ physik eb @

Event-Generator — Extrapolation

80 B — N — Egen_ 1 cascade el
- 80% Quantile i \':. —;7;« aaaaaa red_neutrino
~ —— 50% Quantile ' AN
81 Work In Progress p 70 e ;

RN 0, H
: 800 20% Quantile

7 - 60
< 600 £ S 50
p 6= = = = oo o =
) oo 2
g . 5 240
() [
257 31 a08 ¢
Lm} [%)
I £13 E 230
‘= NS 2 )
4 - =12 S
.3 <
§| E 200 20
3- 318
317 10
T T T m T T
3 4 5 6 7
log10(Etrue/GeV) 0=—"0.5 1.0 15 2.0 2.5

log10(E,/GeV)

Model can extrapolate (until DOMs start to saturate) beyond training
data due to incorporation of linear light scaling into architecture
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My personal view on Deep Learning
. Deep learning as a tool for function approximation

*  Utilization of domain knowledge and symmetries

“Classical” Deep Learning in IceCube
*  Choice of datarepresentation and NN architecture

. Convolutional neural networks

Hybrid MLE/DL Method

*  Combining maximum-likelihood with Deep Learning

Conclusions and Outlook
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ConCIUSionS and Outlook SOUTH POLE NEUTRIND OBSERVATORY

Deep Learning is an incredibly powerful tool for function approximation

*  Various NN architectures are different ways to define this function

» Applicablein many areas outside of classification and reconstruction!

Importance of exploiting symmetries and domain knowledge
* Reducesamount of necessary parameters

. Facilitates training and improves performance

. More robust models

*  Allows for generalization

Hybrid & data driven methods e

* Thisiswhere DL’s properties as function approximators are extremely valuable!
*  Rich set of opportunities for calibration and data/MC improvements Thisis an exciting area
* Data-driven methods: can build hybrid models trained on exp data or utilize DL to where Physics experiments

can greatly benefit from!
derive physics directly from data

— Utilize DL as the powerful tool it is and be creative!
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