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® Inspired by LHCb ECAL

LAMBDA - HSE

Current configuration

Wall dims: 7.8x6.3x0.5 m?

Calo modules of size 12x12 cm?

176 inner: 9 cells with size 4x4 cm?
448 middle: 4 cells with size 6x6 cm?
2688 outer: 1 cell with size 12x12 cm?
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® Simulated Calorimeter Data

LAMBDA - HSE

Reco model inputs

PRIIELE FEmErEer - . GEANT4 simulatior
X, Y, z, E(px, py, pz)

Raw energy deposits

Y

Targets: E, hit position

4 3D view of calo event:
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® Simulation Data Samples

LAMBDA - HSE

GEANT4-simulated responses from the

photons of energies from 1 to 100 GeV
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Hit position
is uniformly smeared in the central cell
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Particle energy, GeV

Energy spectrum
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Angular spectrum
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® Objectives and Baselines

Energy
e RMSE(E)
o The same error will be negligible for high energies, and significant for low energies
o Realistic spectra sample has skewed energy distribution

e RMSE(E)/E
o The reweighting results in less heteroscedastic error dependence on the energy

Position
e RMSE(x) ,0.1.2.3.4.56.7.8 91011121314
0 H
o Itis assumed that RMSE(y) = RMSE(x) 1}
2;
ai
There are parametric baseline estimates for Energy and Position of the cluster :
e Energy: sum of all energy deposits ; _|:
e Position: barycenter (4 is convolved with S-shaped curve 12
11:
e Are only works well without background contributions 12}

e XGBoost estimates for Energy and Position are also used
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® Requirements for (DL) Reco Model

LAMBDA - HSE

e Feature scaling
o Energy deposits in neighbouring cells can differ by several orders of magnitude
m Obstructs the convergence of gradient descent
m Restrictions on the use of activation functions
o Log scaling, Min-max scaling, Standardization, ...
m We care about the total energy
e Spatial invariance
o Calo clusters can be shifted across matrix of calo cells
o Convolutional NNs do some spatial invariance
e Scale invariance (+ rotation invariance)
o More energetic particles produce a cluster of larger size

o SIFT[1], SURF[2], or a fairly deep architecture is enough?

4th MODE Workshop| A. Boldyrev | 23 September 2024


https://ieeexplore.ieee.org/abstract/document/1315206
https://www.sciencedirect.com/science/article/abs/pii/S1077314207001555

® Bottom-up Approach

LAMBDA - HSE

Analysing the results’ instabilities of the preliminary experiments with ResNet-18 and small
FC+CNN models, we came up with the following approach:
e Pre-select some possible DL building blocks and concepts that meet the requirements
o Loss functions, Activation functions, Optimizers, Regularization, Early stopping, ...
e Define the minimum-possible network architecture
e Define the stability criteria
e Search for stable convergence in (outer) HPs grid loop and in the following (inner) loop:
o Subsample selection (for DDD test)
o Weights initialization random seed selection (He initialization is used)

o Calculate the number of initializations

4th MODE Workshop| A. Boldyrev | 23 September 2024



(®»  Automated ML for Calo Optimization

LAMBDA - HSE

Model Selection
Calo tuning parameter

(cell granularity, ...)

Architecture
Search

Y +

GEANT4 Prediction
simulation H-Parameter Search

Stability

Criterion

Y

4

Model Training
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® Granularity Study Simulation Setup

LAMBDA - HSE

Reco model inputs

Particle generator
X, Y, z, E(pX, py, pz)

—| GEANT4 simulatior Raw energy deposits

Targets: E, hit position

LHCb ECAL e Same physical size
Inner region o 60x60 cm?

(5x5 standard
12x12 cm? modules)

e Same module technology

4th MODE Workshop| A. Boldyrev | 23 September 2024



@ Network Architecture

Simultaneous search of:;
e Network architecture

\< — o ResNet-like architectures
N ) m 2-6 conv blocks
i N . m Max Pooling
= H | I m 2-3linear layers
- N m PRelU activations
& N = e Hyperparameters
‘ — o Batch Size

o Learning Rate
o L2 regulatization / Weight
decay

Network Architecture for 255x255 granularity

Architecture visualization is made using ..
http://alexlenail.me/NN-SVG/AlexNet.html ([ ] Opt| mizer

o AdamW / NAdam
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http://alexlenail.me/NN-SVG/AlexNet.html

® Model Selection

LAMBDA - HSE

Algorithm 1 Model Selection Algorithm
1: Steps=0
M = Initial set of models
Define stability criterion
Define the number of steps k sufficient to evaluate model
stability

Sl

5: while number of modelsin M > 1 do .
6:  for each model in M do €1
7: Train model on new initialization 2
8: Update model stability value é
9: end for il
10: s=s+1 ‘hg
11: if s > k then —
12: Update stability criterion ° R R .
13: for each model in M do Model selection step
14: if model stability is worse than stability crite-
rion then The number of model trainings as a function
15: Remove model from M of the step in the model selection algorithm
16: end if
17: end for
18: end if

19: end while
4th MODE Workshop| A. Boldyrev | 23 September 2024

11



@ Position estimation

LAMBDA - HSE

Model stability is measured w.r.t. the size of training sample
Possible stability criteria:

Flat spectra, Optimizer = NAdam, Batch size = 32, Learning rate = 0.0005, Weight decay = 0.0001, 100 random seeds for sampling/. presence (Or number Of)
) / outliers
12 o "ﬁlﬂlilillieo::eo ° nthquartlle_l_m*IQR
2 s nth quartile
Sty
3 e median
£ : e IQR
e any threshold-based
02 '[ .
HSBNRSRSAS0NAEEBE IS E NI E BR8N EEER
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@ Cross-check for Network Architecture

LAMBDA - HSE

e Same inputs (125x125 granularity)
e Model v2 vs Model v1
Additional Convolution block

@)
@)

Model v1

Shortened the first FC layer

PRelLU-2
MaxPool2d-3
Conv2d-4
PReLU-5
MaxPool2d-6
Conv2d-7
PRelLU-8
MaxPool2d-9
Conv2d-10
PReLU-11
MaxPool2d-12
Linear-13
PReLU-14
Linear-15
PReLU-16
Linear-17

[-1, 32, 123, 123]
[-1, 32, 123, 123]
(-1,

32, 61,
59, 59]
[-1, 64, 59,
[-1, 64, 29,
, 27]
. 64, 27,
. 64, 13,
, 64, 11,
, 1]

(-1,
[-1, 64]

61]

59]
29]

271
13]
11]

64, 5, 5]

64
0
36,864

0
102,464

594

Total params: 195,813
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Granularity (over one axis)
Model v2
Layer (type) Output Shape Param #
Conv2d-1 [-1, 32, 123, 123] 288
PRelLU-2 [-1, 32, 123, 123] 32
MaxPool2d-3 [-1, 32, 61, 61] 0
Conv2d-4 [-1, 64, 59, 59] 18,432
PRelLU-5 [-1, 64, 59, 59] 64
MaxPool2d-6 [-1, 64, 29, 29] %]
Conv2d-7 [-1, 64, 27, 27] 36,864
PRelLU-8 [-1, 64, 27, 27] 64
MaxPool2d-9 [-1, 64, 13, 13] 0
Conv2d-10 [-1, 64, 11, 11] 36,864
PReLU-11 [-1, 64, 11, 11] 64
MaxPool2d-12 [-1, 64, 5, 5] %]
Conv2d-13 [-1, 64, 3, 3] 36,864
PReLU-14 [-1, 64, 3, 3] 64
MaxPool2d-15 [-1, 64, 1, 1] (4]
Linear-16 [-1, 64] 4,160
PRelLU-17 [-1, 64] 64
Linear-18 [-1, 9] 594
PRelLU-19 [-1, 9] 9
Linear-20 [-1, 1] 10

Total params: 134,437



®

LAMBDA - HSE
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®

LAMBDA - HSE

0.040

0.035

0.030 4

RMSE(E)/E
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Results: Energy Reconstruction

—— Sum of energy deposits estimate
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Expectedly, the energy
resolution for the signal from
a single photon is
independent of the lateral
granularity
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@ Results: Position Reconstruction

LAMBDA - HSE

—— Parametric

RMSE(x), cm

0.00

0)0")0")0‘00")@"70 O NO0ON0NHWO NHnoO ) o 9
» ©
NN NG Lo IR) N < &O}s’sqg\,;\,;\,:} \? \(9 ,\l?

Granularity (over one axis)

Parametric model is barycenter position of the calo cluster convolved with S-shaped curve.
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® Conclusions

LAMBDA - HSE

e We developed a model selection method with joint search for neural network
architecture and hyperparameters
e Using the model selection method we find stable neural network architectures and
hyperparameters to obtain calorimeter performance for different granularities
o The approach is validated on a LHCb-like calorimeter for granularities
from 15x15 to 255x255 cells

e This approach can be applied to obtain reliable estimates within optimization loops
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®

LAMBDA - HSE

Backup slides
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® L HCb detector

LAMBDA - HSE
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(» Towards differentiable Calo framework

LAMBDA - HSE

Input Differentiable chain Output

. . Label:
MC Truth Detector simulation .
+ digitization etector ;
(+dig ) Physics @ event accepted

reconstruction .
reconstruction

+ digitization
[ Sional J Particle Geant4 Calo & ,
& transport simulation event rejected
[Background] Optimized parameters: Energy, Signal yield,
Granularity Spatial Significance
Moliere radius and Timing + their
Timing resolutions derivatives
Is differentiable? Yes Hardly Yes Yes
Local surrogate modelling
using CaloGAN

4th MODE Workshop| A. Boldyrev | 23 September 2024 20



(®» Geant4 simulation for granularity study

LAMBDA - HSE

R A (e N

e Sampling structure with alternating scintillating
tiles and lead plates
o Roughly emulates LHCb ECAL
& ¢ {xy zt}ofallhitsinthe ECAL are recorded
| e (Canrepresent arbitrary (regular) granularity
of the ECAL cells

8
6

4

0
0 10 20 0 5 10
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®

LAMBDA - HSE

Differences between

dE/dz [MeV/X ]

Longitudinal EM shower profile

Calorimetry in a nutshell

Parametrization (Longo, 1975)

600
5000 MeV
dE __ a, ,—pz
400
2000 MeV
200
1000 MeV

-1 E
Zmax = aT = ln(E_z) + C

showers induced by y & e

C,=-0.5,C,=-1.0

Energy deposit [a.u.]

EM Shower development

A5

-
~T ]
/‘/‘ : 50:
150 ] i
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11 | & 24
1001 | 11 /] ~ . 21
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47 T 7 . N
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10 Pp-"3 _—
e —— R(95%) = 2 R

12345678

Lateral shower width [X]

Energy resolution

Oreco

a
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\ Egen

©bd

C

Egen

Moliére

L(95%) =7__+0.08Z+9.6 X,
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Timing resolution
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Cluster properties

LAMBDA - HSE
cluster axes ,
200 1 68% of E . 10 ————————————1- 09973
[ 90% of E — 0.9545
[ 95%of E 0.90
[ 99.7% of E
100 - + bar?lcente'r DE: 08
L
-‘é 0.6827
A c
- 15 06
01 g
[1°] /
© [
N /
s, 2041 |
5 ||
-100 1 o c
6:=00> w ‘
6,=-0.01 |
02 |
E; = 33189 MeV | :
500 | talESEi = 3318.9 Mev : | High E cluster
TotalEAbs = 16250.7 MeV Asymmetry = 1.01 [ —— Low E cluster
. . . . . 0.0 - - - - - - -
-200 -100 0 100 200 0 20 40 60 80 100 120 140 160

e |tis possible to reconstruct the properties of even an incomplete cluster
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® INnput features for Reconstruction

LAMBDA - HSE

309

2090

109

mm

-190

=200

=300

=330 =290 -130 C 109 209 309

X, mm

Using lateral shower parameterization
(95% of energy are within2 R, .. ),
one can define the blue frame for given

calorimetric module technology.

# of features
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1000 -

------ Moliere radius

800 -

600 -

400 +

200 +

Cell size, mm

The number of features explicitly
depend on the cell size.

20 30 40 50 60 70 80
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