NATIONAL RESEARCH
UNIVERSITY

ONTMM3aLU NS
S/1eKTPOMarHUTHOT O
kKanopummeTpa LHCD

XIV YepeHkoBckme yteHus, 20 anpensa 2021

Anekceii bonapipes', leHunc Jepkady’, Nasen PakaHos',
®énop PatHunkoB'?, AHgpeli LLiesenés'

1 — HWY BLU3 (JTabopaTopusa MeTof0B aHanmsa 60bLunx gaHHbIX); 2 — LLIkona aHanmsa gaHHbIX (AHAeKC);

LAMBDA - HSE

CM. Takxe:

[111INST 15 C05032 (2020)

[2] [INST 15 C09030 (2020)

[3] EP] Web of Conferences 245, 02019 (2020)
[4] | Phys.: Conf. Ser.1740 012047 (2021)



https://doi.org/10.1088/1748-0221/15/05/C05032
https://iopscience.iop.org/article/10.1088/1748-0221/15/09/C09030/pdf
https://doi.org/10.1051/epjconf/202024502019
https://doi.org/10.1088/1742-6596/1740/1/012047

@ Aim of optimization

LAMBDA - HSE
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@ ML in calorimetry
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Calorimetry in a nutshell
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@ Conventional constituents of detector R&D

LAMBDA - HSE

Simulation in general:

e Detailed Sim is very slow to cover all possible options

e Fast Sim may be inaccurate, when describing complicated response
o Spatial resolution of large angled particles are poorly described

Hist 2d xGen_loc vs. xRec_loc

Hist 2d xGen_loc vs. xRec_loc

L = 3 See slide #14 for the
Hit position: Small angles Large angles alternative approach
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@ Conventional constituents of detector R&D

LAMBDA - HSE

Simulation (at high pile-up conditions):

Pure signal events + averaged pile-up contribution
o Modelling and selection of signal- and background-populated regions
of the detector

Reconstruction:
Overlapped signal and background events

o background subtraction

[Calo-specific] Clusters can be reconstructed: _
See slide #17 for the

o via its nested association with tracks and tracks with vertices | alternative approach

o Using time information

Despite the fact the complicated reco following such a simulation can achieve outstanding
performance, the fine-tuning of many parameters comes with significant overhead.
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@ The idea of optimal detector design

MBDA - HSE

To choose optimal design of the detector:
e Automate entire R&D cycle, whenever possible
e Define a metric
e FEach step of the R&D cycle need to be scrutinised
e Build a pipeline on top of them

e Evaluate the importance of each step of R&D cycle
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@ The parameters in scope

MBDA - HSE

We can solve the problem how to arrange sensitive elements of the detector in
effective and generalised way if we know the following:

e Accurately simulated responses of given detector element technology
e (Cost of that technology

e Metrics obtained from reference physics processes within required physics
conditions

We aim to optimize physics performance metrics & overall cost
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@ The pipeline

[ Reference physics process } [

*SM = Surrogate Models

Metric

Tunable inputs:
definition

technology, geometry, etc

/

Particle generation

and propagation (3 [50 Detector
SM*) response

Optimisation cycle itself does not depend on the modules technology & arrangement, reconstruction, metric, etc.

Metric
calculation

In our realisation of ECAL simulation:
e Step | requires 250 core hours (once). Realised in Docker container.
e Steps II-1ll require 20 core hours per option. Realised in vectorised python or in Docker.
Sounds far too much... There is an option to significantly reduce the number of calls of the simulation
(see slides #15-17)
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@ LHCb ECAL

| Current configuration
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Module size 12x12 cm?
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1E

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

Size: 7.8x6.3x0.5 m
10
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@ LHCb ECAL

LAMBDA - HSE

baseline

Module type

# of modules

(inner): 3x3 cells
(4.04x4.04 cm? each)

[ (middle): 2x2 cells
(6.06x6.06 cm? each)

(outer): single cell
(12.12x12.12 cm?)

Starting from current configuration
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176 (1536 ch.)
448 (1792 ch.)

2688 (2688 ch.)
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Future LHCb ECAL

LAMBDA - HSE

13

New “Spacal” modules
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Questions for future ECAL
What is the best configuration for given modules (fix cost) in terms of given physics metr

ic?

What is the best way to arrange a certain number of new modules?

12
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@ Producing samples & responses in G4

LAMBDA - HSE

Reference physics
sample: B — J/u(— ptpu)n’(— ) Signal events are generated using Pythia8

Background sample: LHCb Upgrade MC Minimum Bias sample

We consider background contributions from y, 7%, 77, e, e*, n, p ‘o
For each of the signal/background particle we:

e Record type, momentum, hit position and time at the front of the ECAL
e Perform Geant4 standalone simulation of clusters in N*N(*66) cells(*layers) using the
momentum & type as input

Thus, we have the library of the mapping of particle (px, py, pz, type) and its electromagnetic cluster.
In future, there is possibility to use GAN-generated library.

nPV=0, cell_size=2cm nPV=5, cell_size=2cm nPV=20, cell_size=2cm nPV=30, cell_size=2cm
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@ Generating responses using GAN

LAMBDA - HSE

e Train conditional generative model on simulated data

e Use the model to generate response for the given particle

m(i_ll E; P [~ D(@)] + [ly — 9l -':>
Y

input ——>
5x1:
PX, PY, PZ, ...
concat

noise ——>

Nx1

Generator r T eal

=i

256x4x4

.
\3

6ax16x16 L) -----~ p /3 fake
32x32x32  30x30 @x

CxHxw

CxHxw

CxHxw

FC + reshape

— Upsampling 2x + Conv + BN + RelLU

— output tensor size (w/o batch size)

— Conv s2 + LeakyReLU (gray = fixed)
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(WIP)

Collect GEANT responses for the calorimeter technology of track parameters in standalone setup
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LAMBDA - HSE

e Train conditional generative model on simulated data

e Use the model to generate response for the given particle

Generating responses using GAN

(WIP)

e Collect GEANT responses for the calorimeter technology of track parameters in standalone setup
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(d)
Ey =159 GeV
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@ ML-based reconstruction

LAMBDA - HSE

Motivation:; Reco automatisation

We're looking for the cell contained maximum energy deposit (seed).

LT[ ][]
o 1 p B M o B i o 1 b B I
5 b 7 18 9 5 b [7 8 B 5 B |7 B 9 56 7 18 B
10 11 13 114 10 111 |12 |13 |14 10 |11 132 |13 [14 11 112 113 14
15 |16 |17 |18 |19 15 |16 |17 (18 |19 15 |16 |17 |18 [19 5016 |17 |18 | |
20 21 [p2 |23 pa 0 21 p2 3 pa 20 21 P2 3 P4 12 ||
Eseed OF E2og > BT E)° > Eior (X E)? (Z E)?
i i i i E
Two regressors allows us to reconstruct the m°: Features:
e XGBoost for Energy reconstruction e Energy deposits of 25 cells around ceed sell
) . *95 i -<pli
e XGBoost for Spatial reconstruction (2*25 in case of Z-split modules)

e Barycenter

o e Time information
Chosen performance metric is e Sums, squared sums, rings,
the width of the m, (m°)fit. etc. of energy deposits
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Spatial and Energy reconstruction

LAMBDA - HSE

Lt Inner region, nPV = 0
Use labelled detector response data s * vy it g X
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o
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For high-pileup conditions common reco should be fine-tuned. Egen[GeV]

At increased pile-up ML reco still shows meaningful 17
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@ Inner validation of the ML-based reconstruction

MBDA - HSE

The benefit of usage of two independent regressors for Energy and Position:

By combining ideal energy and reconstructed position (and vice versa) we achieve final
metric decomposition and inner validation of the reconstruction.
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@ Time reco using ML - /
LAMBDA - HSE é:z ; + :egleencetime
e Use signal readout data for the prototype exposed on the test beam ose V-
e Use scintillator signal as a reference time After dimensionality reduction freq = 500 MHz
2600 " ..‘,"
e Emulate different sampling rates by selecting readout points o !
e Use different regressors to verify consistency of the result o _
e Train regressor to extract timing for the bigger signal N N

in presence of the second signal
Two signals discriminating

log10(RMSE), frequency = 1000 [MHz
RMSE 910(RMSE), ncy = 1000 [MHz]
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—aw | 3550 15
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@ Accounting possible options

MBDA - HSE

At the moment we have:

e Thousands of configurations

e Module technology options

e Longitudinal segmentation option
e Time information

How to rule them all?

XIV YepeHkosckne uteHus | A. bongeipes | 20.04.2021

20



@ Black-box optimisation problem

MBDA - HSE

We need to have the number of calls of the function to be optimised as
low as possible.

Two main ingredients:

e Surrogate model
o approximates the true function
o cheap to evaluate

o in general, any regression can be chosen, with preference to that
returning variance of prediction

e Acquisition function
o estimates profit for optimisation
o uses surrogate model
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@ Surrogate modelling with Gaussian process

MBDA - HSE

Gaussian process regression is commonly used approach in the surrogate
modelling. The main idea: each point in the fitted space is sourced from
Gaussian distribution. We thus are able to produce prediction for the next point.

20

Pros.:
e Predictions include variance 10

:
>
—

Ccons.:
e Computationally expensive, O(n3)

\/

00 25 50 75 100 125 150 175 200
x
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@ Optimisation cycle

LAMBDA - HSE

The possible answer how to account all the options of the R&D cycle is to use

Bayesian Optimization with Gaussian Processes

The full optimization cycle
will look as follows:

&

1. Construct surrogate model

Metric, a.u.

over known history

2. Find the maxima of Expected ]

Improvement algorithm
3. Evaluate suggested point via

real physical simulation

&

£

L]

T

4. Add point to history nore information in A. Filatov's talk @ICPPA meeting and proceedings
(SHiP shield optimization).

5. Repeat

XIV YepeHkosckne uteHus | A. bongeipes | 20.04.2021

23


https://indico.particle.mephi.ru/event/14/timetable/?print=1&view=standard_inline_minutes#106-active-muon-shield-for-the
https://iopscience.iop.org/article/10.1088/1742-6596/934/1/012050

@Black—box optimization with Local Generative Surrogates

LAMBDA - HSE

NN-based alternative to Bayesian optimization with Gaussian Processes.

Let's approximate a stochastic black-box with a local generative surrogate.
This allows computing gradients of the objective w.r.t. parameters of the
black-box.

i
Spicn Simulator i
Inputs inputsand (Nor differentiable) —  Qutputs |
parameters )
im0 i v o e e e N N I
Train
e Simulator surrogate
Parameters | inputs and — (Differentiable) —  QOutputs (——| Objective

parameters le

Shirobokov S., Belavin V., Kagan M, AU, Baydin A., NeurlPS’20 paper, arXiv:2002.04632 [cs.LG]
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https://arxiv.org/abs/2002.04632

@ Conclusions

e The R&D process requires time consuming computation steps to

evaluate physics performance for different detector techniques and
configurations.

e Surrogate ML models may be used for most steps that are necessary
for evaluating quality of different solutions. Such models are
automatically trained on available datasets and provide possibility to
consistently estimate the resulting physics performance.

e Using automatic training speeds up the turnover for the performance
studies and ensures consistency and uniformity of obtained results.

XIV YepeHkosckne uteHus | A. bongeipes | 20.04.2021 25



®

LAMBDA - HSE

Backup slides
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@ LHCb ECAL-like configurations

Total: 702 configurations with non-overlapping borders.
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@ Defining region border

LAMBDA - HSE

To describe the borders between regions of modules of same type we choose
incomplete gamma functions of real variable x (Young tableaux is plan B) :

» We consider ECAL to be symmetrical over X and
Y axes. Therefore two reflections of such border
function are needed:

borde
Yi

Xiborder

» Border function is sampled on discrete space of
modules

* For current LHCb ECAL-like configurations we have
2 borders of 3 parameters each

* There are 31712 non-trivial arrangements
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