Calibrating calorimeter signals using an

uncertainty-aware neural network

Isabel Sainz
Herbstschule HEP 25 - Bad Honnet

02.09.25

- IMPRS /= {
- AT A S FS P AT L A S for Precision Tests of ."’I””’/" UNIVERSITAT § | KlRﬁ\IHSI‘:_ﬁ_ZF-'-_ |

; 7% HEIDELBERG )
Erf.o rschung Viela | Fundamental Symmetries V" ZUKUNFT FUR PHYSIK
EXPERIMENT Universum und Materie INTERNATIONAL MAX PLANCK = SEIT 1386 |

RESEARCH SCHOOL



Reconstruction of energy deposited by the particles in the calorimeter cells
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Topo-clusters: reconstructed clusters of topologically connected cell signals

EM o Butnocompensation for
clus invisible losses

. Correctly measure EM energy:

Ehad

. Calibration to account for hadronic component: T
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Topo-clusters: reconstructed clusters of topologically connected cell signals

. Correctly measure EM energy: EEM —__ Butno compensation for
cous invisible losses

Ehad

. Calibration to account for hadronic component: T

Since Run 1: Local Cell Weighting (LCW)

» Returns scale factors in multi-dimensional tables

- Does not correlate the topo-cluster features
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Topo-clusters: reconstructed clusters of topologically connected cell signals

. Correctly measure EM energy: EEM —__ Butno compensation for
cous invisible losses

Ehad

. Calibration to account for hadronic component: T

Since Run 1: Local Cell Weighting (LCW)

¥ Alternative: Machine Learning-based Calibration

« Returns multi-dimensional calibration function

« Exploits correlations between features
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. Goal- LEM Calibration

clus

R Ehad Edep

clus clus

-3 Well reconstructed

. Regression Network: |

— [ruth information

» (Training) Data: (R Ketus}j WItN j = 1o, Ny, > TopO-Clusters (dijet samples)

Event properties
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Topo c\uster propemes
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- Deterministic network:
weights are fixed trainable values

- Assume Gaussian Mixture (GM) likelihood

- Minimize heteroscedastic [oss (H):

introduces uncertainty affgfel | (see backup slide)
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- Deterministic network:
weights are fixed trainable values

- Assume Gaussian Mixture (GM) likelihood

- Minimize heteroscedastic [oss (H):

introduces uncertainty af;;fel | (see backup slide)

. |dea from T. Plehn and L. Vogel (ITP Heidelberg)
and based on BNN model [arXiv:2412.04370]

- DNN more straightforward inference
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- Deterministic network:
weights are fixed trainable values Deep Neural Network (DNN)

- Assume Gaussian Mixture (GM) likelihood jy Ug,i
Aclus ’O g <R>9,i
- Minimize heteroscedastic |oss (H): %08 ) N

,,,,,

. . del : Parameters of the
introduces uncertainty GZZZS “1 (see backup slide) caussian Mixture

. |dea from T. Plehn and L. Vogel (ITP Heidelberg)
and based on BNN model [arXiv:2412.04370]

- DNN more straightforward inference
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« Deterministic network:
Deep Neural Network (DNN)

3 -N,. output nodes

- Assume Gaussian Mixture (GM) likelihood jy ’ Ug,i
Aclus ’O g <R>9,i
- Minimize heteroscedastic |oss (H): : %08 ) N

weights are fixed trainable values

,,,,,

. . del : Parameters of the
introduces uncertainty GZZ;S “1 (see backup slide) caussian Mixture

. |dea from T. Plehn and L. Vogel (ITP Heidelberg)
and based on BNN model [arXiv:2412.04370]

Prediction of a PDF per topo-cluster!

- DNN more straightforward inference
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Gaussian Mixture (GM)Model

N = 3 Prediction of a PDF per topo-cluster!
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Gaussian Mixture (GM)Model

N = 3 Prediction of a PDF per topo-cluster!
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Gaussian Mixture (GM)Model

N = 3 Prediction of a PDF per topo-cluster!
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Reminder:

EM Ca\ibration) phad _ pdep

clus clus clus

Sl Emodel

clus
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Reminder:

Calibration
EEM » ENad = pOcP
CLUS clus

- Emodel

clus

EM
Emodel — EC lus
clus Rmodel

clus
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- NN-based alternative to hadronic calibration in ATLAS
. Better performance than the standard calibration

. Still room for improvement in Run 3

.« Conservative uncertainty prediction

» Next steps: jet level studies!
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- NN-based alternative to hadronic calibration in ATLAS
. Better performance than the standard calibration

. Still room for improvement in Run 3

.« Conservative uncertainty prediction

» Next steps: jet level studies!

Thanks for listening! Any questions?
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- BNN Model ATL-COM-PHYS-2024-747

N

- Probabilistic network:

weights are trainable Gaussian distributions, g(6) Bayesian Neural Network (BNN)

N ) O~ [
- Assumes Gaussian Mixture likelihood 20 >[<R>9,i]
e N O i=1,...,N,

. o
includes oy, i),

ceey mix

Likelihood p(REM |0, 7.1,
Gaussian Mixture

. Inference by sampling g(6)

Includes o,

No straightforward implementation in the ATLAS Framework
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layers are described by weight distributions q(6) generate a set of network parameters 6, and thus an ensemble of networks
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Deep Neural Network

Central-value prediction (maximum likelihood)

and uncertainties for a GMM:
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6 .
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\ 9. Ji=1,..N,.

Likelihood p(REM |6, y.,..)

clus

Gaussian Mixture

Training: weights linking the nodes of

adjacent layers are fixed values w
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R Werus) = arg Max p(Re 10, )
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N, mix
2 _
Gsyst()( clus) — 2 a@, ]
i=1

Ogar = 0

clus

. 2
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Inference: Straightforward, no weight
sampling



tmin)

. Maximise probability that the set of @ describes training data D,,.,.: p(6| D

Bayes'’
Theorem

- Minimise loss function: L =-logp@|D,,,.)=—logp(D,.,. |0 — logp(0)

B Prior ( regu arisatio ﬂ)

3 Likelihood of choice
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( R@ — Rmodel)

clus

- Assume single Gaussian:

ZMH ] 26; nodes

2
T | Rijus — Ro(x))| 2 output
H exp A

. |f uncertainties are invariant wrt inputs:

tram

1
202 Z | R lus —Re(x)‘ - = 262MSE T .. Homoscedastic Loss

. |f they depend on mputs.

. 2
R ‘ Rclus RH(xj) ‘

L= . Flogop(x) | + ... Heteroscedastic Loss
209()(:]')
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- Assume gaussian mixture

N .
p <{R5%} ‘89 {)(clus}) — Z aé’,i/’/ (ng%‘Rela 0‘91')
=1

. Heteroscedastic loss function: o, ; depend on inputs

Ninix 1 ‘REM _ Ré’, i('xj) ‘2

clus

L =-log ay . exp + ... withj=1,..,N,_ .
izzl | V 271'09, i(xj) 206’, i(x]')z !

¥ Introduces uncertainty ¢"°%! |
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Likelihood Loss Gaussian Mixture (GM)

Number of modes (Nmix) 3

Number of layers and nodes per layer {64, 64, 64, 64}

Activation functions ReLU (inner layers) and none (last later)
Prediction Maximum-likelihood value
Optimiser ADAM

Learning rate (LR) 10-4
Learning-rate scheduler STEPLR, epochs {25, 100}, y=0.1

Number of training epochs 150

Batch size for training, testing 4096, 512

Dataset sizes for training/validation/testing 8.7M, 500k, 5.3M

Herbstschule HEP 25
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c¢ centre of gravity of cluster, measured from the
nominal vertex (x = 0,y = 0,z =0) in ATLAS

X; geometrical centre of a calorimeter cell in the

cluster, measured from the nominal detector
centre of ATLAS

§ particle direction of flight (shower axis)

Aa angular distance Aa = £(C, §) between cluster
centre of gravity and shower axis §

A; distance of cell at X; from the cluster centre of
gravity measured along shower axis §(A; < 0
is possible)

r; radial (shortest) distance of cell at X; from
shower axis § (r; > 0)
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ATLAS Work in Progress
Vs = 13 TeV anti-kt R = 0.4 EMTopo jets 1
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P et > 20 GeV, |yJet | < 2, E s > 300MeV _
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E vai68% EKlus lu];) .'

, Orel = 2 < dep

. lusv ) lusmed

xk € {LCW MC16, HGM MC16, HGM MC20, HGM MC23}

. Differences in performance for MC16
and MC20/23 at low energies

« Same trend in all features
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Weak detector
ATLAS Simulation

vs = 13 TeV, anti-kt R = 0.4 EMTopo jets

py=S > 20GeV, |yiES| < 2, EG > 300 MeV
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Topo-clusters with
8.5 < oM < 12.0

I
(@)
(@)
o

— | T T T T T T v 1 ! ! | (D
S ~ ] 35
£ - 107 &
n - =
=) 1 (@]
o 1
= 3000 F }- S
Q 1 o)
@ 107 2
< [®)
O c
S : o
S 2000 f . S
g ~ 1075 1T
-

O

-
// ,”
= / ~ -
’ -7

4 Pid
/ s | —
= / e e

1000 : O A R I
/ e [

= / -

-
-

2
|
\
\
\
\
\
\
\
|
—h
9
(o)}

_-
-
-
-
-

- —————
- e ————
- ——————

Cluster coordinate |zqys| [Mm]

ATL-COM-PHYS-2024-7/47

Herbstschule HEP 25



https://cds.cern.ch/record/2910432/files/ATL-COM-PHYS-2024-747.pdf

Pre A nty

o P
- s e - 5 = = = ) 3 = s ) - = e - ,
Do B2 NS O3 W IR O IO R - S O3 ) YW G IORG O O B =2 NS 3 ) W YIRS O OX- B =2 oD Sag BT W YIRS DL OX- B =2 LR -G bl v Bl — g

—
o
o

ATLAS Work in Progress Tracing the location of topo-clusters
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Analysis of the uncertainty prediction per topo-cluster
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