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Motivation

4 As we approach the launch of the High Luminosity Large Hadron Collider (HL-LHC) by
the decade's end, the computational demands of traditional collision simulations have
become untenably high.

<4 Current methods, relying heavily on Monte Carlo simulations for event showers in
calorimeters, are projected to require millions of CPU-years annually, a demand far
beyond current capabillities.

<4 This bottleneck presents a unique opportunity for breakthroughs in computational

physics through the integration of generative Al with quantum computing technologies.
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CaloChallenge

ATLAS Detector

3 https://atlas.cern/Discover/Detector



CaloChallenge

ATLAS Detector
(Simplified)



CaloChallenge

Voxel
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Generative Models
Simplest Example: Box-Muller Method

Gaussian
Distribution




Generative Models
Simplest Example: Box-Muller Method

Uniform Gaussian
Distribution Distribution




Generative Models
Simplest Example: Box-Muller Method

: , Recipe:
Uniform (Gaussian

Distribution Distribution

1. Generate two uniformly independent,
identically distributed random numbers

Ul and Uz.

Jo(Uy, Us)

2. Substitute in:

H(Uyp, Uy) Zy = fo(Uy, Uy = 4/=21n U cos(2nU,)

Zl =ﬂ(U1, U2) — \/—2111 Ul SiIl(27Z'U2)



Generative Models

Simplest Example: Box-Muller Method

Uniform
Distribution

Gaussian
Distribution

1. Generate two uniformly independent,
identically distributed random numbers

U, and U,.

2. Substitute in:

ZO =f6(U1, U2) — \/—2111 Ul COS(27TU2)

Zl :]q(Ul, U2) — \/—2111 Ul Sin(zﬂ'Uz)




Generative Models

-or particle-calorimeter interactions + guantum-assisteo

Voxel Mapping
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Variational Autoencoders (VAE)

4 Easy to train.

4 Average performance.

4 Legacy VAE assumes a
Gaussian prior.

q,(2|x)

Z 4 o(X) = (Inpy(x|2)) gl ~ (In

>C]¢(Z|X)
_ \ e’
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VAE + Restricted Boltzmann Machine

4 Replace Gaussian prior with
Boltzmann prior.

4 More expressiveness.

4 However, this comes at a cost.

3 ¢ (X) — <111 (X ‘ Z)) <111 ( ‘ ) >
.6 p 0 X q X
Reconstruction
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Restricted Boltzmann Machine
Basics

<V ‘ ‘ h> Suppose a data set {v”}’_,, such that v, € {0,1}.
) An RBM will fit a Boltzmann distribution, p(v), to the data set.

N W

\ ij l) The fitting is done by maximizing the log-likelihood, In p(v).

\ v @ 1) RBMs are composed by a two-partite graph, where v denotes
\¢ the visible layer and h the hidden layer.

X
‘A'& exp(—E(v, h)) Boltzmann Dist
\ = v, h) =
AT T
B0 == Y vai— 3 bly— Y vWily
i=1 j=1 l,]
ZW,a,b,f=1) = Z exp(—E(V', b)) Partition Function

V/,h/



VAE + Restricted Boltzmann Machine

4 Replace Gaussian prior with
Boltzmann prior.

4 More expressiveness.

4 However, this comes at a cost.

3 ¢ (X) — <111 (X ‘ Z)) <111 ( ‘ ) >
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Reconstruction
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Quantum-Assisted Discrete VAE

4 Replace Gaussian prior with
Boltzmann prior.

4 More expressiveness.

4 However, this comes at a cost.

4 But we might be able to avoid
Gibbs sampling...

ZL 4 ox) = (Inpy(x|2)) (1 qu(Z‘X))

0 X) = (In pe X|Z ) n X

¢ ' C]¢(Z| ) P@(Z) C]¢(Z| )
Reconstruction
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Quantum Annealer
Basics

4 An array of superconducting flux quantum bits with
programmable spin-spin couplings and self-fields.

4 Relies on the Adiabatic Approximation.

4 The goal is to find the ground state of a Hamiltonian H,,.

<4 In practice, quantum annealers have a strong interaction
with the environment which lead to thermalization and
decoherence. It can also reach a dynamical arrest.

A(s) A(i) B(s) (i) 2(1) ~())
ising = Z 6, | + N ZCi 6, + Z J; ;6,6

2 . ~
i 1>]
W #
Initial Hamiltonian Final Hamiltonian
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2 X 1024
— A ()
e B ()
6 \—QCP (GHz) 1.391

0 0.2 0.4 0.6 0.8 1

16 S quasistatic quantum annealers. Physical Review A.
2015 Nov 19;92(5):052323.

Amin MH. Searching for quantum speedup in



Quantum Annealer

lopologies

Pegasus QA

Chimera QA
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Calo4pQVAE
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Results
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Discussion / Conclusions / Perspectives

KPD and FPD scores of submission vs. GEANT4 dataset 2

 GEANT4 GPU (A100) QPU Annealing time |

¢ Time ~1s ~2ms 0.2ms

FPD (x10%) |KPD (x10%) |

~ ~0.02ms ¢

443.0x2.4 1 0.84 £0.1

380.7x 1.1 | 0.61 =£0.06

362.7+1.7]0.57£0.08 |

Cl
= L1 n
Cl
« better
|
FPD 103 : : I
|
0.1 00 0.1 Tl 10 100 * 1000 1oooo
We're here We're here
GEANT4 —— (CaloScore ——— DeepTree
- CaloDiffusion - == (CaloScore distilled — CaloPointFlow
—==- conv. L2LFlows  =---- CaloScore single-shot —— CaloVAE+INN
CaloINN — [CaloFlow teacher CaloLatent
— MDMA — == |CaloFlow student CaloDiT
— Calo-VQ —— SuperCalo —— CaloDREAM

4 In the process of getting dataset from ATLAS.

4 Implementing hierarchical decoder.

4 Training using QPU.
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