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Motivation



Topo-cluster calibration

Why topo-cluster calibration?

m clusters of topologically connected cell
signals principal calorimeter signals

m calibrated to correctly measure energy
deposited by EM showers

m do not compensate for invisible energy
losses in complex hadronic showers
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Topo-cluster calibration

Why topo-cluster calibration?

m clusters of topologically connected cell
signals principal calorimeter signals

m calibrated to correctly measure energy
deposited by EM showers

m do not compensate for invisible energy
losses in complex hadronic showers

regression network
response over phase space

" EEM
BNN rain __ _clus
Rclus XCIUS) & Rclus dep

clus

. EM
15 topo-cluster features — dataset Dy, given by (Xeys, R gy)
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Modern (B)NNs for
local topo-cluster calibration
correcting for this non-compensation

m single-step training
m exploiting correlations
m smooth and multi-dimensional

m control and uncertainties key faiva211.014211
(access to bottom-up systematics)
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http://arxiv.org/abs/2211.01421

BNN-calibration performance



BNNs — Bayesian neural networks

BNNs learning distributions of network parameters, defining output distribution

R(x) given by probability p(R) encoded in weight configurations

p(R)= J d6 p(R|6) p(6|Dysain)
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BNNs — Bayesian neural networks

BNNs learning distributions of network parameters, defining output distribution

R(x) given by probability p(R) encoded in weight configurations

p(R)= J d6 p(R16) p(6|Dyain) ~ f d6 p(R|0) q(6)

~_

Training by variational approximation of p(8|Dy.,;,) with simplified and tractable q(6)
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BNNs — Bayesian neural networks

BNNs learning distributions of network parameters, defining output distribution

R(x) given by probability p(R) encoded in weight configurations

p(R) =Jd9 P(RI0) p(O]Drain) ~ f d6 p(R16)q(6)

Similarity by minimizing KL-divergence

Bayes

ngnDKL[q(Q))p(elDtrain)] I ‘CBNN :DKL[CI(Q):P(Q)]_<10gp(Dt1ain|9)>9~q(9)

regularization log-likelihood
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BNN — response prediction
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BNN —

median signal linearity
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Signal linearity: ratio of calibrated
over deposited energy

EK EM

AF — clus 1 with Ef = clus
E dep clus RE

Eclus clus

m BNN better over whole energy range
® most significant at low energies
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BNN — bin-wise signal linearity
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BNN better over whole
energy range — most
significant at low
energies
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BNN — bin-wise signal linearity
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BNN — relative local energy resolution
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BNN — relative local energy resolution
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BNN-learned uncertainties




BNN — systematic and statistical uncertainties
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Learned o, with two origins
[arXiv:1904.10004, arXiv:2003.11099, arXiv:2206.14831]
B statistics Oy,
training statistics,
vanishing for good training statistics

B systematics O gy
stochastic training data,
limited network expressivity,
bad hyper-parameters,
plateau for good training statistics

Well-trained LHC models
O =4/0%. +02, NO >0
tot = syst stat ™  syst stat
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BNN — uncertainties as xAl

relative entries
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BNN — uncertainties as xAl
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large uncertainties from tile-gap scintillator region
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Repulsive ensembles




REs — repulsive ensembles
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BNN and RE — consistency check
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BNN and RE — uncertainties vs data spread
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BNN and RE — uncertainties vs data spread
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ATLAS Note

Modern BNNs for multi-dimensional topo-cluster calibration
m continuous and smooth calibration
m improved performance relative to LCW and DNN
m meaningful per-cluster systematics
m BNNs and REs: learned reliable uncertainties

Next steps
m tune BNN performance
m boosted training to control remaining tails

m ATLAS paper in preparation... stay tuned!

Thanks to Manuel HaufSmann
for introducing us to BNNs and REs!
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What theorists can teach us about calorimeter calibration...
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Dataset — topo-cluster features

Table 1: The dataset consists of topo-clusters reconstructed in MC simulations of full
proton-proton collision events at /s = 13 TeV (LHC Run 2) with multi-jet final states

category | symbol description / comment
kinematics | Eflll\fs, ySIL‘fS cluster signal and rapidity at the EM energy scale
signal strength | Ell\fs signal significance
timing telus signal timing
time structure Var qys(teen) variance of the cell-time distribution in the cluster
shower depth Aclus distance of the CoG from the calorimeter front face
[Cerus! distance of the CoG from the nominal vertex
shower shape Seme energy fraction in the EM calorimeter (EMC)
(Peen)> PTD cluster signal density and signal compactness
(mlzong), <m12at) energy dispersion along/perpendicular to main cluster axis
topology | fiso cluster isolation measure
pile-up Npy number of reconstructed primary vertices
u number of pile-up interactions per bunch crossing
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Dataset — feature pre-processing

Table 2: To limit the numerical value range of the network inputs and to create
more appropriate (peaked) feature distributions, the features are pre-processed

transformation | features

- EM ,EM
log;, standardization Eus> Cetus> VaTetus(teell)s Actuss (Pecell)
. . . EM |=» 2 2
linear standardization Yetuss |Cetusl> femes (mlong), {(mi..)> PTD; fisos Noy, U
maximum-absolute normalization | tgys

. EM

log,( transformation R aus
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BNN — network architecture

ensemble of S networks by sampling 6,
from learned variational distributions g(6)

Bayesian neural network (BNN) \
[for topo-cluster calibration] &
&
AN A o
NS
{ (R)oy }
i=1, N,

Osyst,0,i

xié/
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evaluation: maximum-likelihood value
and systematic and statistical uncertainties
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S
1
RE () = argmax 5 3 p(RIx, 0.)
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S [ Nuix
7= 3 3 D (o + 0, )- R
S
02,0 =Var((R)g) = § D [(R) = (R}, T
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Ny 1 s
{R)o, =D a6,(R)g,; and (R)=2 > (R),
i=1 s=1
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Dataset — feature pre-processing

Lorenz Vogel — ITP F

Table 3: BNN setup for the three-mode Gaussian mixture likelihood

hyper-parameter

BNN architecture and setup

likelihood loss

number of modes (mixture components Np,;,)
number of layers and nodes per layer
activation functions

prediction

Gaussian mixture model (GMM)

3 (i.e. 9 output nodes)

4 hidden layers with {64, 64, 64, 64}
ReLU (inner layers) and none (last layer)
maximum-likelihood value

optimizer and learning rate (LR)

learning-rate scheduler

number of training epochs

batch size for training (testing)

dataset sizes for training, validation, testing
re-sampling for testing (Monte-Carlo samples S)

ADAM with LR =10"%

STEPLR, epochs {25,100}, y =0.1
150

4096 (512)

{8.7M, 500k, 5.3M}

50 times
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EM, BNN and RE — response vs features
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DNN, BNN and RE — signal linearity vs features
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