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Goal

> For the particle of a given type with given momentum and position on the face of
the calorimeter generate reasonable response in calorimeter cells

> Metrics we desire to match between simulated data and our samples:

o cluster mean energy and shape
o total energy resolution
o cluster shape fluctuation

o correlations between different cells of the cluster
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Data

> Dataset of (X,Y) is produced with simple GEANT simulation of LHCb-like ECAL

o 66 layers 2mm absorber + 4mm scintillator
o Block 5x5 big modules
o Each module is split 6x6

o  Single particle on the entrance (currently electron)
> |Information about every event:

o 3-momentum, 2-position, particle type (X)
o Full energy lost in absorver and deposited in scintillator

o 30x30 matrix of energies deposited in scintillator for every cell tower (Y)



Approach

> (Consideran unconditional sampler G (¢, 8) to be a neural network

> (Considerloss function for G to be a neural network D. We want this loss to
measure how “distant” are real samples y from samples y produced by our model,

I.e. distance between distributions p(y) and p(y)

> Thisis accomplished by a zoo of “adversarial” objective functions:
GAN: mgXEpr( /(1 =1log D(g)) + E, iy log D(y)  WGAN: max Ejp)[D(G)) = By [D(y)]

min K, |— log D(G(e +AE; ) (Vg D(@)]]2 — 1)%]
i el DG min B/~ D(G(e)

> Still, we need to sample from p(y | x), not just p(y), i.e. we need conditional model
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Conditional WGAN
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> (Goal is to compare distance between distributions of simulated data and different versions of our model
(i.e. provide us a quality metric)

> Setup: ResNet18, 100 epochs, least error on validation

Cond. WGAN Cond. GAN WGAN GAN

Score (0.5 —best) | 0,36 0,08 0,12 0,10
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> Alot of work ahead to bring these generative models to production quality for
use in LHCb and in HEP: make statistics match uniform across all energy
levels, incorporate support for different particle types and multiple inputs

(px, py, ...), etc.

> Need to compare our model using proposed metrics with other existing models
(ex., CaloGAN)
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