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IceCube — Data Format

Calibrated waveforms
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[ Goal: reconstruction of particle track and energy ] 3
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Convolutional Neural Networks — DNN Reco
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AApplication of CNN-based architectures can greatly improve resolution
AExample: cascade angular resolution and point source sensitivity increased by factor ~2

ASystematic checks: method is very robust, can marginalize over systematics
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Convolutional Neural Networks — Limitations

. . . . . IceCube-86 (78+8) interstring (surface) distances
A Only translational invariance and locality is Hbe-86 (768) mersiting (surtace)

Ewn o
used — More information and symmetries >4°°* | \.Wm
available :

A Assumptions imposed by CNNs are only '
approximately met in lceCube \ 4
A Irregularities in detector grid z
A No real translational invariance in 50
observable space T WD 18 O e A # M g A
A CNNs “wash out” data:
A Great for robustness How can we improve?

A Bad if exact information is needed
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Requirements for Next Generation

A Need for better suited network architectures:

2D Space
1D Time

A Graph Neural Networks (GNNs) can help with

3D Space

— i
% P

irregularities in detector grid and uniformly

3D Space
1D Time

handle IceCube + DeepCore

A Combination of CNNs and recurrent neural

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

A Data generation process is known very well,

but not exploited

A Likelihood methods use this information

Can these approaches be combined?
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A

Combine strengths of neural
networks and maximum-

likelihood methods

Generative network to obtain

fast approximation of simulation

Possible in between of spline-
based reconstruction and direct

re-simulation

Once generator is trained, it can
be used in reverse mode for

reconstruction

Reconstruct Events

Re-Simulation
Analytic Approx.

[Hypothesis ]—>[ Generator ] Tabulated MC

Update
hypothesis

Expectation A

Gradient

Train Generator

Hypothesis

v
Likelihood & Data@

Simulation

L oss
Generator
Update
Generator

Gradient [e—— 7
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Cascade Generator — Network Architecture

A No adversarial or randomness needed as usually

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

A Translationalinvariance in physicsvariable spaceis

exploited as opposed to observable space

Cascade Hypothesis:
(z,y,2,9,0,FE,t) 7freeparameters

Input per DOM:
d, o, ... } Include geometry AN Cascade
Hypothesis
Peascade Weight sharing over DOMs: .
gcasca.de Exploit invariances in latent variable space Tcascade
Tcascade Additional independent weights per DOM:

E', Account for asymmetries and inhomogeneities 8
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Cascade Generator vs. Direct Re-Simulation

A Neural Network is extremely good at interpolating and smoothing

Potential to surpass

A Landscape very well behaved, smooth gradients available T direct re-simulation

A Much faster per-event runtime

==
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Cascade Generator — Time Parameterization

Number: 153995 | Charge: 3.190 pe

How can the time dimension be included? ) T O St
A Bincharge intime bins: too many parameters! g om0y
o 0.08 4
A Calculate quantiles of cumulated charge
002 q ‘ I
. . . . . 0.00 , ; P ull ]l Il
A Find a parameterization for the expected arrival times e e e
. . . . MNumber: 69619 | Charge: 9.427 pe
A Train an autoencoder to reduce the dimensionalit ! S e
Yy |
g 04
Input Image Reconstructed Image 0o . L A . N
o 1000 2000 3000 4000 5000 B000
Relative Time { ns
72X 20\
'ZW& g Latent : A.\‘\\“
28 28 £S5 // 2 dimension \ 28 28

Encoder Decoder
Hidden layer 2 : Hidden layer 1 :
300 neurons 300 neurons

Encoder Decoder
Hidden layer 1 : Hidden layer 2 :
500 neurons 500 neurons

10

Input layer : Reconstruct layer :
784 neurons 784 neurons
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Cascade Generator — Autoencoder

How to define pulse arrival time pdf when only a few hits are present?

A Shape of arrival time pdf not well defined if only a few hits are there

A Need to over-simulate events: simulate same event n times and average hits
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[5,5,37]1] 196.8m | 81.9 deg | obs. 68.6 deg
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[ 1PeV NC
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Number 1387 | Charge 23.077 pe

[ Simulated
[ Over-Simulated

‘
0 1000 2000 3000 4000 5000 6000
Relative Time / ns

Increase cascade energy:
Light yield is proportional to energy

Over-simulate events:
Hits averaged over 100 simulations

11



technische universitat &R Providing Informati lehrstuhl a5
dortmund a IDEBUBEW by Pesurce Conatraned et s physikeb *

Cascade Generator — Autoencoder

How to define pulse arrival time pdf when only a few hits are present?
1. Train autoencoder on over-simulated events
2. Train second encoder on single events

A Also learn to estimate uncertainty on latent variables

4 )
/\/ Encode ;( - R Decode /\/
» LatentVariables: Z
_ Over-simulated ) L . Over-simulated
4 )
“‘ | | Encode
L Single Event )
\ 4

[ Uncertainties: &, J
12
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Additional Requirements can be imposed on latent variables

A Penalize correlation between latent variables

A Calibrate latent variables: distance in latent variable space corresponds to distance of

two waveforms as defined by some distance measure (e.g. MSE, EMD, Chi square, etc.)

— Reduces and simplifies dimensionality while retaining all relevant information!

g 5

A Earth Mover Distance
Z

Waveform Number: 158

=== Calibrated EMD
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T T
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14
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Cascade Generator — Generated Pulse Arrival Time PDFs
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Cascade Generator — Performance

Over-simulated events (n=100)- A Works very well for over-simulated events

A Current limitations:

60

--------- 80% Quantile —— Cascade Generator
—— 50% Quantile ~——— DNN reco
--------- 20% Quantile ' '

® DeepCore is not included

w
o

® Time resolution for AE: 20ns

L4 : :

.§ ¥ O Only trained for mono-energetic events
3

§3O © Only for over-simulated events

350 A Caveatsin plot

C

<C

A DNN reco is a very basic CNN that is used

10
as seed for Cascade Generator

0 _ 3.95 4.00 4.05 ; A DNN reco reconstructs single event (n=1)

logio(Energy / GeV)
whereas Cascade generator uses (n=100)

16
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w
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Angular Resolution [°]
W
o

=
o

Comparison to state-of-the-art

80% Quantile
50% Quantile
20% Quantile

—— Cascade Generator
——— DNN reco (CNN)

logio(Energy / GeV)

A Works very well for over-simulated events

A Current limitations:
® DeepCore is not included
@ Time resolution for AE: 20ns
O Only trained for mono-energetic events

© Only for over-simulated events

A Caveatsin plot:

A Cascade generator which uses over-
simulated (n=100) events at 1e4 GeVis
scaled to equivalent light yield (shifted in
energy by a factor of 100)

17
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Summary & Outlook

Conventional NN architectures provide good results, but have limitations
Necessity to develop dedicated techniques for the physics use-case

A Cascade Generator as a combination of maximum-likelihood methods and neural

networks:
A Able to combine strengths of both methods

A Inclusion of symmetries and a priori knowledge

A Outlook:

A Fix outstanding issues and limitations
A Extension to reconstruction of other topologies such as muon tracks

A Same approach can be used to fit Monte Carlo parameters (see afternoon talk)

18
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Backup

19



technische universitat

7

I E: E G l_l B E SFB 876 Providing Information

dortmund aouTr roE NEuTRING seservatany by Resource-Constrained Data Analysis physik e5
91221 | 2.7760424614 pe 30543 | 3.33565473557 pe
i ii [ Autoencoder E ii
0.025 - i i 0.0351 =1 True : y
1] 1) 1
t 0.030 4 i H
$ 0.0201 | & 1
s EE © 0.025 4 EE
] 1" o 1
N = ’]OOOOO T 0.015 i 2 0.020+ '
- L i 3 f
g i £ 00154 X
£ 0.010 i Eo. |
= 1 i = i
: i 0.010 - H
i i 1 d H
0.005 i [ Autoencoder || 0.005 A : '
L E 1 True H E ii
0.000 . ol : 0.000 L—— . . - ; : =
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
Relative Time / ns Relative Time / ns
010 31852 | 5.80000019073 pe 0.10 88865 | 0.324999988079 pe _
' [ True 0100000 : : ” 1 True 0100000 : : : :
1 True ol i i ] True ol i ; b
0.08{ =1 AE 0100000 | P 0.08 1 =1 AE 0100000 : : .
1 AEol | il o 3 AEol | i b
o 1 il o i i H i
g : b T | | b
£ 0.06 | i & 0.06 1 i { P
Q 1 [ i i 1 i
- | [ T i H | i
N = 1 8 ! it N ' i P
- 1 I T 0.04 i H | i
£ 0,041 : i E %0 : : .
3 ' i s : | o
2 i = il
0.02 i 0.02 i L
i H ]
L .
0.00 L ] auda . 0.00 L L—1 : . : :
‘ 0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000 20

Relative Time / ns

Relative Time / ns

lehrstuhl e5



technische universitat ICECLBE 5287 proviing nformation q lehrstuhl

dortmund soumrPoiE nETAG essauaromy by Resource-Constrained Data Anslysis physik e5 *

Cascade Generator — Autoencoder
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Oversampling Factor: 100 000
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Cascade Generator — Autoencoder
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Cascade Generator — Latent Variables
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Cascade Generator — Scans

Scanin energy and vertex-z (Rest fixed to MC truth)
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Credit: Anthony Flores
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Cascade Generator — Scans

Scan in vertex-x and vertex-y (Rest fixed to MC truth)
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DNN Reco — Architecture
11 convolutional layers
L Flattened layer +
f ' 2fully connected layers
(0] Il
_D . r 1
S .
% ) T Azimuth
_9 . E‘ Zenith
.
[] Muon Energy
""""""""""""""""" _I:I Neutrino Energy
® S
|-
@] -
)
O -
0] P
D e
o Ly T I T Gradient Stop
(8xB0x9) ¢ Y —! \
8 convolutional layers /1 Ol
D 07enm’
Input data f h DOM -
nput data for eac . .
p .\\,\‘ D OM\;CH Energy
- Integrated charge - Time of first pulse \D g _
- Integrated charge in 500ns - Time of last pulse et
- Integrated charge in 100ns - Time at 20% of total charge 1 [ J
- Charge weighted average time - Time at 50% of total charge 30

- Charge weighted std. of time

3 fully connected layers



technische universitat
dortmund

DNN reco — Track Performance

SFB 876 Providing Informatii
$ICECUBE s rvangimoman 7]

lehrstuhl as

physik e5 ”

Muon Energy at Detector Entry
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A Level 2 data: Final samples apply additional quality cuts

A Systematic uncertainties not included
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DNN reco — Track Performance
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DNN reco — Uncertainty Estimation
Muon Energy at Detector Entry
MSE of absolute Residuals
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