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Detector Simulations: the ATLAS Example

Facts

1. Full detector simulations (FullSim - full Geant4 tracking) are accurate but the

Wall clock consumption per workflow
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2.  FullSim usage is unavoidable (CP calibrations, FastSim training, etc.) g

3. EM calorimeters dominate the simulation load: ”
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2019-001/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/UPGRADE/CERN-LHCC-2020-015/




Photon Reduction

Range Cuts in Geant4

 Particle production energy threshold:
It a secondary particle is going to have energy below the
threshold, the particle is not generated and the energy is
deposited along the path of the primary.

 Increased range cuts can reduce the number of photons,
thus reduce the transportation steps and increase

computational performance.

« Range cuts can be applied globally or to specific

material

» Side-effect: "High” range cuts can degrade the

accuracy of the simulation.

the energy threshold is
translated to a flight
radius r for each material

Energy deposits per Gap layer at 500 MeV
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Post Hoc Correction

ML-based correction
to correct range cut'ed full simulation

Classification NN to learn multi-dimensional correction weights

by considering all cell energy deposits

Benefit: Heterogeneous computing exploitation

"Heterogeneous accelerated systems dominate high-performance computing today”

Geant4 simulations produced using CPU resources

ML-corrections is applied using GPU resources in a high-parallel fashion



Re-Weighting With Machine Learning

Re-weight the alternative simulation to the nominal one . — Seoon
learn multi-dimensional weights by considering all cell energy deposits g8 q [ p
Map between two models (pdfs) with density ratio: i j

Sum of energies in all gaps [MeV]

L p(xX16)
r(X) =—
qg(x |6,)

Z

Z

6 be the range cut, x the energy deposits 5

g

Considering D%

Bayes' theorem
p(z|6,) = P(&0,,y = 0) P(y2)P(z) Py=1|%

i i nd Py = =2 — ==Y
q(2|0) = P(2|04,y = 1) (9) =20 =1]x)

P is the probability of a point X belonging to the
class 0 (e.g. nominal sim) or 1 (e.g. range-cut’ed sim)

Reference: Approximating Likelihood Ratios with Calibrated Discriminative Classifiers



https://arxiv.org/abs/1506.02169




International Large Detector

Case study: Demonstrate the method in a realistic HEP calorimeter

Detector proposal for the International Linear Collider

Calorimeter Material: Calorimeter Structure:
e Absorber: Tungsten e Layers: 30 (30 x 30 modules/layer)
e Sensitive: Silicon e Cell dimensions: 5x5mm?2

e Thickness: 0.3mm - 0.6mm

8.450 3.025 8,650

aluminiom 0,100
copper 0.400

chips 0.800
PCRB 1.000
ETD glue epotec 0.100
silicon 0.52§
Coll VTX kapton 0.100
SIT CF 0.150
FTD
Tungsten 2.100
CF 0.150
SET Kapton 0,100
silicon 0.52§
glue cpotec 0,100
HCal PCB 1.000
chips 0.500
ECal Figurc 5.8. Mecchanical structure of the clectromagnetic calorimeter: left: end cap (top) and barrel (bottom); right: copper 0.400
individual barrel module. sluminiom 0.100

Reference: International Large Detector: Interim Design Report



https://arxiv.org/abs/2003.01116

Electron Showers

Datasets generation

e Particle: Electrons (beam)

* Energy: 10 GeV

* Direction: perpendicular d
incident angle to ECal barrel -
(x=0, y=1, z=0) "

e Position: at the start of ECal i
(x=0, y=1805, z=0) -

* Global range cut: 5

e Nominal: 0.1Tmm

o Alternative: 10 mm

Geant4 simulation setup: Getting High: High Fidelity Simulation of High Granularity Calorimeters with High Speed

Calorimeter cells are projected to a 30 x 30 x30 cube

sum over rows
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Energy deposit of 10 GeV electrons over 1000 events
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https://arxiv.org/abs/2005.05334

Cell-Level Observables

Subtle calorimeter image differences the ML should use to discriminate

(nominal - |
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Global Observables ;

Energy-weighte
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Classification Neural Network

3D Convolutional Neural Network

12

Developed in
The calorimeter cell energy deposits are projected into a 30x30x30 image

Employ computer vision approach to discriminate nominal tfrom alternative () PyTO rC h

Images
Ditferent normalizations are tried: Code repo: torch-reweighter
maximum per image, global maximum, log-scale
Structure:
1. 1x Convolution block: Conv3d (kernel=3x3x3) + MaxPool3d R
e Channels: 1 = 6 i |
Convolu.tlon &
2. Flattening Layer / p°°"{g Resiapig
3. 4x Dense Layers \ , R
._ | _ : OI assification —
o Features: conv_out = 512 =+ 512 = 1 U T I | 'O'- P(y=1|x)
Activations: LeakyRelLU + Sigmoid (output) T | ' X
Dropout: after Conv block and each Dense g - Sens
layer

Network configuration only minimally optimized

Input: Calo image
(30x30x30)

Related work: DCTRGAN: Improving the Precision of Generative Models with Reweighting arXiv:1804.08831



https://arxiv.org/abs/1804.08831
https://arxiv.org/abs/2009.03796
https://github.com/ekourlit/torch-reweighter
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Evaluation / Weights Prediction

Evaluate the trained discriminator NN — extract weights from classification score

20 - weights calculation
— Nominal . i
_ logits = self(x) 10"
S Alternative JSD (Alt.): 0.09 probs = torch.sigmoid(logits) EES"S
-'5 1597 ___ Corrected JSD (Corr.): 0.04 weights = probs / (1 - probs) 1004 ]
> r: 1.61
o 10 - e able to correct global feature:
3 event energy deposit
O . « .
O while training only voxel-level features:
an 7 |
> cell energy deposits
O ' ¢ St'” ﬂOt pOSSIb'G 01 — Nominal
~ . — 401 — Alternative JSD (Alt.): 0.12
o .E 1517 T ; i + to successfully 532 T Fomectes raos
S5 €10 [ 1 t s s o o o & & ¢ correct all global 5 =
© o o 0 o o 9 _
o = ¢ ¢ features shown 10-
; 0-5 7 _ 0 ; : . N S
~ 150 160 170 180 190 200 210 220 230 2En0. it * }
£ 0.5 2
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Simulation & Inference Timing

Timing measurements
How does the ILD Geant4 simulation time changes as %2
function of (global) range cut applied? 2 015
e Can achieve about 10% (17%) speedup with Tmm g 10
(10mm) range cut &
0.05
 Nominal simulation time / event: ~120 ms
e Saving about 12(20) ms per event O'OO
What is the ML algorithm inference / correction time?
GPU: RTX 2028 Super - 8Gb >
120
£ 115
g 1xGPU £ 1o
< 256 2 105
' mm 2xGPU )
0.00 0.75 1.50 2.25 3.00 .
ms / event

Speedup versus global range cut applied

0.0 5.0 10.0 15.0 20.0
Range Cut [mm]
Simulation time versus global range cut applied

T

0.0 5.0 10.0 15.0 20.0
Range Cut [mm)]
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ATLAS ElectroMagnetic End-Cap Calorimeter

CPU time per event [%]
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100F

95
90
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705

Range Cuts Speedup

ATLAS simulation time speedup by

~15% when increasing range cut by
factorof 10 (0.1 = 1.0 mm)

SIM-2021-009
I | 1 1 I | | I | L I
= ATLAS Simulation =
- e 10 GeV, 2.0<|<2.2, 100 events _E
e E
O

- O -
= o -
= o -
— Py —
| 1 | '

10 1 10

Range cut [mm]

How to apply ML
correction to ATLAS?

Detector considerations

1.lIrregular geometry

2.Sparcity

Alternative data representations

1. Graphs

2. Point-clouds

The method shown is transparent to the
ML algorithm architecture

15


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2021-009/

Conclusions

solution to accelerate Geant4 simulation by applying
aggressive range cuts and a post-hoc ML-based correction
showcased promising result correcting event energy deposit

Benefit: Heterogeneous computing utilisation

Targeting Geant4 simulation speedup ~15%

16
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Re-Weighting With Machine Learning

Re-weight the alternative simulation to the nominal one

learn multi-dimensional weights by considering all cell energy deposits

Map rto NN binary cross-entropy loss (L)

Py =1|%) L(¢p) = — E [log Dy(x)] - E [log (1 — D,y(¥))]

r(x) = —
1l —-PHy=1]|x) p(x) q(x)

P(y = 1|&) = o(log r(Z))

The classifier is
minimising the error on

where o1 = £
(p) 1—p the r, — which is an

l estimate of the r

— E [log o(log r,(x))] — E [log (1 — 6(log ry(x)))] \J
p(x) q(x)

Reference: Approximating Likelihood Ratios with Calibrated Discriminative Classifiers Detailed proof: CARL - Theory



https://arxiv.org/abs/1506.02169
https://sjiggins.web.cern.ch/sjiggins/CARL-Webpage/public/CARLInformation/Theory/Theory/

