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Siren Model and Loss function

Siren Model:

y = sinjwo (Wouthr + bout)], linear=False
X = (:13, Y, Z) — h; = Sill[wo (‘/le + bl)] — h; = Sill[(.u‘() ("’V,ﬁh,'_l + b,)] —>
) ’ ) B¢ ’ y = I"‘VouthL e bout,a linear=True

W
first layer hidden layers

MSE Loss function

N C
1 ’ 2
L= NCO Z Z wij (Jij — Yij)

i=1 j=1

e So far only used the linear=False due to the visibility transformations
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Visibility transformations and Weights

Visibility transformation

t log o (Vmax+e€)—log,q(€) , € [0. 1]

, logo(Vraw+e€)—log 4 (€)
B asinh(v/e€)/ asinh(vyax/€)

o t sine=False € [0,1]
|2t —1, sine=True e [-1,1]

Niot

Noce N

Occurrence Weights:

Original Weights:

108 - vy, if 10% - vy > 1078, AR
Wi = ) ) . o WE __'2
! 1, if 10° - v;; < 1078 L= NC Z Z Wij (t"J t“J)

i=1 j=1

e MSE uses transformed visibilities to train against, and weights related to the “real-space” visibilities

e sine=True transformations give singularity in transformed space for mean absolute relative error
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Real visibility biases (sine=True, occ weights)

Real-visibility-space binned bias vs raw true visibility (400 bins, all channels)
Real-visibility-space absolute bias vs raw true visibility (Ve = 0 shown at 1078)
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arcsinh vs log transformations

Visibility transform comparison, sin_out=True, x_axis=log, range [—1, 1]
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Transformed visibility biases (sine=True, occ weights)

Transformed loss-space binned bias vs raw true visibility (400 bins, all channels)
Transformed loss-space absolute bias vs raw true visibility (Viye = 0 shown at 1078)
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Transformed visibility biases (sine=False, occ weights)

Transformed loss-space binned bias vs raw true visibility (400 bins, all channels)
Transformed loss-space absolute bias vs raw true visibility (Viyue =0 shown at 1078)
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Comparison real space biases

Real-visibility-space binned bias vs raw true visibility (400 bins, all channels)
Real-visibility-space absolute bias vs raw true visibility (Vi,,e =0 shown at 1078)
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log1o (Visibilitypreq)

sine = False

Predicted vs True Visibility
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log1¢ (Visibilitypreq)

sine = False

Predicted vs True Visibility
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How to include simulation/data uncertainty

e Low visibility channels have large uncertainties
e For track data calibration, there might be channels that have dark-counts, need to account for that

e From Patrick: module 0 Siren calibration with tracks:

Aj : predicted number of photoelectrons (p.e.) in SiPM j,

/\J- = YJ E Qi Uj (I‘,- ). Y, : effective light yield of SiPM j [p.e./ke™],

(€hits Q; : measured charge of hit 1,
5 (72/' . /\i )'2 r; : position of hit 7,
X = Nl 2 vj(r;) : visibility from position r; to SiPM j,
jesiPMs 7 70 . . o :

nj : observed light signal in SiPM j,
eo : light-signal uncertainty at zero signal (e = 5 p.e.),
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Uncertainty implementations for FSD LUT training

Uncertainty including loss:

12.08.2026

1 A’\‘vl' “\r('h
L= N.N § § 'wi.cé‘i,r_:-
viteh ;=1 e=1
72, x? loss,
E'i c = ‘
[max (0, |z;.] — 1)]7, x? loss with 1o tolerance.
model . LUT
. /\i c Ch l“i,,c
Zi,e = 2
Oic
max (ki'U", 08), variance with floor,
o —

1,C

kYT ol additive variance.

Transform model output with inverse-vis-transformation to “linear” visibilities
-> forces model to be trained in transformed space ([0,1] or [-1,1])

Then go from linear visibilities to count-space (lambda & k)

2x2/ML Meeting
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Ji.c = fo(xi).
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Uncertainty implementations for FSD LUT training

Uncertainty including loss: weights set to 1

N, Ng
- WiecFic-
N, Na, dia e

t=1.¢=

szr x? loss, did not converge

l[max (0,]zi.c] — 1)), x2 loss with 1o tolerance.

model L. LUT
/\i c = l“i,,(:
Zi,e =
2

Oic

[ma.x (kYT 63), variance with floor,

kaﬁjg T'+ a2, additive variance.

e Transform model output with inverse-vis-transformation to “linear” visibilities
-> forces model to be trained in transformed space [-1,1]

e Then go from linear visibilities to count-space

e Evaluate loss-function
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Uncertainty implementations for FSD LUT training

Uncertainty including loss: .
} ° N, N weights set to 1

2 x? loss,

bic= . .
i[max (0,]zic| — 1)]2 .| x? loss with 1o tolerance. funkily converging

model L. LUT
/\i c = l“i,,(:

[ma.x (kLVT, 02),  variance with floor,

o =
%,C I b o . .
ka%fj T'+ a2, additive variance.

e Transform model output with inverse-vis-transformation to “linear” visibilities
-> forces model to be trained in transformed space [-1,1]

e Then go from linear visibilities to count-space

e Evaluate loss-function
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Chi? loss & learning rate
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logio (Visibilitypreq)

Chi? loss

Predicted vs True Visibility
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10910 (Visibilitypreq)

Chl2 loss MSE loss

Predicted vs True Visibility Predicted vs True Visibility
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IOglO (Vpred)

Chi? loss: ACL & LCM

LCM (60 channels)

Predicted vs True Visibility

ArCLight (60 channels)
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IoglO (vpred)

Chi? loss: ACL & LCM

Predicted vs True Visibility

LCM (60 channels)
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10910 (Visibility greq)
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Initialize with MSE, then finetune with Chi? loss

Predicted vs True Visibility

Rough MSE
training
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Chi? fine tuning MSE loss
(2k + 2k epochs) (10k epochs)

Predicted vs True Visibility Predicted vs True Visibility
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Next

e Data preparation of muon selection in FSD

e |Leave out corners/LT-surface voxels for model training
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Implementation of Poisson-loss (?)

Poisson loss:

EPoisson =A-k log()‘)

where

=
- T N
'l"LruC == I—"true*\ g

/\prcd e 'Ir"'prcdi]\"*,

\o‘(lvch ZZ }‘lc - lClog
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