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5160 Light Sensors

lllustration: Adapted from APS/Joan Tycko; Neutrino event: IceCube
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http://github.com/ojanik/BESTIE

BESTIE Workflow

Binned End-to-end optimized Summary sTatistics for the lcecube Experiment
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to minimize inverse Fisher information
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Signal and background parameters
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Standard indicator function:

1,if b, <&, < Db
Ik(én) — {0 ejzsek fn k+1

Differential indicator function:

I, (&,) = tanh (fn ; bk) tanh (bk+1 _ Stn) + 1

S

EEEEEEEEEEEEEE
RRRRRRRRRRRRRRRR
SSSSSSS

=AU

20

Oliver Janik for the IceCube Collaboration



Differential Binning % \\> EEEEEEEEEEEEEE ‘EA'U“
r"‘} Fof ASTROPARTICLE A\

ICECUBE

Signal and background parameters
Bin count *

1.0 ,-; --=- Standar
Ak — z Wn (H)Ik (fn) i — iatnhd(sd=0.001)
I —— Tanh (s = 0.01)
i N —rrr
Event weights Indicator function I Event
< 0.6
.g
z
Standard indicator function: g 041
I (f ) _ 1, if bk < fn < bk+1 0.2
fehon 0,else H
0.0 1 —_— ' —
Differential indicator function: 2.100 2.125 2.150 2.1750b52é2r82ble2.225 2.250 2.275 2.300
—b by —
I, (&,) = tanh (Ens—k) tanh( k+1s Stn) + 1

Oliver Janik for the IceCube Collaboration 21



Differential Binning % \\> EEEEEEEEEEEEEE ‘EA'U“
r"‘vl S n— H

ICECUBE

Signal and background parameters

Bin count * |
' 1 Normal binning
M= ) wa(O)1(En) T bing
n \ !
Event weights Indicator function 10°:
n
c
)
Standard indicator function: S 10%:
1,if b, <&,<Db
Ik (fn) — f k fn k+1 Lot
0, else !
Differential indicator function: o0
—b b _ 0 1 2 3 4 5
I}, (&) = tanh (Stns—k) tanh( k+1s Stn) +1 Observable

Oliver Janik for the IceCube Collaboration 22



BESTIE Workflow 31 . ‘3 AU
: r""‘", aeuorATILE /)

Binned End-to-end optimized Summary sTatistics for the lcecube Experiment \o=CLRE

Olog L Olog L
00; 00

Differential
Binning
MC learned L

< ! I
Event-Level ‘2,‘0-' summary
Information ~3 statistic ﬁ

|

Soft Masking
a- Fl]

Update network parameters
to minimize inverse Fisher information

covl > F !

23

Oliver Janik for the IceCube Collaboration



Fisher Information % N Y ‘EA'U“
r‘H", g TS /AN

ICECUBE

The per-bin Fisher Information is given by:

Olog L1 Olog Ly,
00; 00

Fijp = B
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Fisher Information

The per-bin Fisher Information is given by:

Olog L1 Olog Ly,
Fir=E
7H 80; 00,

Insert Poisson Likelihood
AHe A

!

LA p)=

10N O
RN 00; 09,
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The per-bin Fisher Information is given by:

Olog L1 Olog Ly,

Pk =81 50, a9,
Insert Poisson Likelihood
Ate=A
LA p)= i
8wn Bwn
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The per-bin Fisher Information is given by:

Olog L1 Olog Ly,
Fir=E
7H 06; 09,

Insert Poisson Likelihood
Can precalulate the weights and derivatives

Ate=A
L|p)= ' N . -
K to save computation time during training!
ow,, (6 Oow, (6
ik = Y a9 gp. T » Fyj;=
A 00; 96, Insert Bincount : 2 nWn(O) Ik ()
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Poisson likelihood does not account for insufficient MC statistics
APe A

!

a a

Expectation:

A= wa(0)Ik (¢n)
_ n _J

LO|p)=
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To account for limited MC statistics, use effective likelihood:
AHe A S A\ ozt A2 A ptg+1 A2 _

a a

Expectation: Absolute uncertainty:

)
A= S wnO€)  ot =S wR(O)Ii (&)
\_ n ) n J
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The Matter of Insufficient MC Statistics

e |
4
ICECUBE “'

To account for limited MC statistics, use effective likelihood:

LA p)= i

APe A .
> Lpx(0 | p) = (

. Expectation:

A=Y wn(0)Ik (€
\_ n

~
n)

rAbsolute uncertainty:

_J

-
C’i = En: wy (0)I; (€n)J

During training: Want to use simple solution for

Fisher information found with the Poisson likelihood.
Not given for the effective likelihood.

22 22
)\ a_2+1 )\2 )\ lL-l‘ﬁ-i-l )\2
) F(M_H)[M(H_z) JE
o (0

o2
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rAbsolute uncertainty:

O-i — Zwvzz(e)lk €n)
k n

~

J

rRelatlve uncertaintyj
Ok
Orelk — }\_k
\_ _J
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@xpectation ) rAbsolute uncertainty: ) rRelative uncertainty:\
Ok
)\k = an Ik gn) Ui — E :wvzz(e)lk (Sn) Orelk — }\_
», _ n », g k)

During training mask the per-bin Fisher Information:

7))
1+ exp((t — oreik)/$)
/ T

Threshold, above which
rel. uncertainty masking
occurs, e.qg., 5%

Fj;r = Fijr - (1 +

Sharpness, how abrupt
the masking is
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rExpectatiow ) rAbsolute uncertainty: ) rRelative uncertainty:\
2 _ 2 Ok
)‘k — E :wn )11 (§n) O = E :wn(e)lk (Sn) Orel,k = )\_
», _ n », g k)
. ) . o . 10
During training mask the per-bin Fisher Information:
0.8 A
F! . =F 1+ !
: _— Z],k d 0.6
i,k 1 —+ eXp((t — Urel,k)/s) e Bins with high uncertainty,
; 0.al|i.e., low MC statistics, do not
/ T provide any information
Threshold, above which Sharoness. how abrupt 1 .
rel. uncertainty masking the rrI?askir; Y P Threshold = 5%
occurs, e.g., 5% E °-°‘§ =150 =
10~4 1073 1072 1071 10°
rel uncert
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Get estimate of the covariance from Cramér-Rao-Bound

-1
cov 0 > Z Fy
k

36

Oliver Janik for the IceCube Collaboration



\ —
Loss % ’\\>“. s cime ‘; Alb“
IcECUBE %' SSSSSSS r

Get estimate of the covariance from Cramér-Rao-Bound

-1
cov 0 > Z Fy
k

Take relevant part of the
covariance as loss, i.e.,

the estimated uncertainty

of the galactic flux normalization

Var(Hgal)
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Loss

Get estimate of the covariance from Cramér-Rao-Bound

1

cov @ > Z Fy
k

Take relevant part of the

covariance as loss, i.e.,
the estimated uncertainty w1
of the galactic flux normalization “;“b'e

Zn agg ) I, (gn) ) Zn 095. ) I, (gn)

_> _> ijk =
VaI' (egal ) Fiji Zn wn(0) 11 (€n)

Backpropagation
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. Energy dimension
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« Build fully differentiable analysis pipeline

« Improvement to standard binning by ~33% |
« Use increased sensitivity to do a precise measurement of 2’

the galactic neutrino flux
« Constraining this flux can help in identifying galactic neutrino

pOInt Sources 0'00.0 0.2 0.4 0.6 0.8 1.0 o

Iss;

i
--- Injected value
—— Standard 3D Binning
——— Optimized Binning

MC W, learned

—2Alog L

Event-Level 'i:i ;25-. summary ‘L =) Fij:E{

Information 'Zs statistic

Olog L Olog L
00; 00,

Soft Masking

el N
Update network parameters a - F;
to minimize inverse Fisher information
covf > F1

Galactic Flux / Total Flux
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Data preprocessing % ‘& ‘E Alb“
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Event features ~ ﬁourier Feature Mappina

Reco Energy Normalize data
Reco Zenith e " (w) = [g?sgg:))]
Reco RA Select .data from

analysis region Y

Angular uncertainty
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With Fourier features

(a) Coordinate-based MLP (b) Image regression  (c) 3D shape regression (d) MRI reconstruction  (e) Inverse rendering
(z,y) — RGB (z,y,2z) — occupancy (z,y,2) — density  (z,y,z) — RGB, density
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lceCube Neutrino Observatory

ICECUBE

NEUTRINO OBSERVATORY

IceCube Laboratory

Data is collected here and
sent by satellite to the data
warehouse at UW—-Madison

Digital Optical
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Antarctic bedrock
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PHYSICS I l

managed research facility

A

60 DOMs
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{

£ 2
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summary statistic Bin edges

N\

Iss — b; bi+1 — Iss ~twice as fast
Norm - 0.5 | tanh tanh +1 to evaluate as a
P S § binned kde
Bandwidth
107 — tanh binning For N-dimensional:
1 standard binning
1011§ .
1o°a; ) ln
| Yl D (a) (d)
10-! 3 - Norm ].SSd - bld bld“‘l - ].SSd
" ) Bili Cin = tanh | ———— | - tanh +1
E 10-2; _ o § 2 < ( 5d Sd
10-3 3 h Outer product over all binning dimensions
1074 lap
1073 i
OTO 0.T2 0?4 0T6 0.T8 1.T0

log(sph(E))
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Normalization of Bins
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Differential
Binning

\Y[@ V learned
A"- —Z summary

Event-Level
Information . statistic

Concatenate bins

Differential
Binning

MC learned
el S

Event-Level v“. <X summary
Information a9 statistic

B Olog L Olog L
= [ = F”_E[ 26, _ a0, ]

Soft Masking
a - FU

Update network parameters
to minimize inverse Fisher information

Oliver Janik for the IceCube Collaboration 51



