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Motivation
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• 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. 


• 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 capabilities. 


• This bottleneck presents a unique opportunity for breakthroughs in computational 
physics through the integration of generative AI with quantum computing 
technologies.

Scientific Data Lake for High Luminosity LHC project and other data-intensive 
particle and astro-particle physics experiments. InJournal of Physics: 
Conference Series 2020 Dec 1 (Vol. 1690, No. 1, p. 012166). IOP Publishing.



Generative Models
Simplest Example: Box-Muller Method

4

1. Generate two uniformly independent, identically 
distributed random numbers .


2. Substitute in:





U1 and U2

Z0 = f0(U1, U2) = −2 ln U1 cos(2πU2)

Z1 = f1(U1, U2) = −2 ln U1 sin(2πU2)

∫
1

0
dU1Uni(U1)∫

1

0
dU2Uni(U2) = ∫

∞

−∞
dZ1𝒩(Z1 |0,1)∫

∞

−∞
dZ2𝒩(Z2 |0,1) = 1

∫
u1

0
dU1Uni(U1)∫

u2

0
dU2Uni(U2) = ∫

b

a ∫
d

c
dZ0dZ1 |

∂(U1, U2)
∂(Z0, Z1)

|Uni(U1(Z0, Z1))Uni(U2(Z0, Z1))

𝒩(Z0 |0,1)𝒩(Z1 |0,1)

f0(U1, U2)

f1(U1, U2)



Variational Autoencoders (VAE)
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VAE + Restricted Boltzmann Machine
Why?
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• More expressiveness


• However, this comes at a cost.
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• More expressiveness


• However, this comes at a cost.


• But we might be able to avoid 
Gibbs sampling…

Why?
Quantum-Assisted Discrete VAE
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Topologies
Quantum Annealer

Winci W, Buffoni L, Sadeghi H, Khoshaman A, Andriyash E, Amin MH. 
A path towards quantum advantage in training deep generative models 
with quantum annealers. Machine Learning: Science and Technology. 
2020 Oct 29;1(4):045028.



Quantum Annealer
Basics

• A QA is an array of superconducting flux quantum bits with 
programmable spin–spin couplings. 


• QA relies on the Adiabatic Approximation.


• The goal is to find the ground state of a Hamiltonian . 


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

H0
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H0H1

ci

Amin MH. Searching for quantum speedup in 
quasistatic quantum annealers. Physical Review A. 
2015 Nov 19;92(5):052323.



Calo4p-QVAE
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CaloChallenge Dataset
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Dataset

Particle type Electron showers

Layers 45

Voxels per layer 9 radial * 16 angular

Incident energies Log-uniform distribution (1GeV-1TeV)

N. of events 100,000



Results
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Results
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Wall time to generate 1024 samples

Calorimeter Geant4

GPU A100

QPU

Decoder

2.19 ± 0.14 s
∼ 0.180 s

∼ 400 s

QPU ~12x faster than GPU

Geant4 time per sample

O(1) s

QPU pipeline ~ x faster than Geant42 ⋅ 103

∼ 0.01 s



Future directions and caveats

• In the process of getting dataset from ATLAS.


• New method for beta effective estimation.


• Training using QPU.


• Conditionalizing QPU.
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KL method for beta effective calibration (Method 1).
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Suppose two RBMs, QA and B described by the same Hamiltonian…



New method for beta effective calibration (Method 2 aka Hao’s Method)
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Suppose two RBMs, QA and B described by the same Hamiltonian…
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New method for beta effective calibration. (By Hao)



Training using QPU
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Conditionalizing QPU
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Latent space clustering

Conditionalizing QPU



Latent space clustering

Conditionalizing QPU



• We repeat this process for multiple events in the validation dataset and color 
each histogram. Low incidence energy correspond to dark colours, whereas 
high incidence energy correspond to light colours.

Latent space clustering

Conditionalizing QPU



Latent space clustering

Conditionalizing QPU
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Conditionalizing QPU

Fernandez-de-Cossio-Diaz, Jorge, Simona Cocco, and Rémi Monasson. "Disentangling 
representations in restricted boltzmann machines without adversaries." Physical Review X 13.2 
(2023): 021003.

Conditionalized-qubits
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Conditionalizing QPU

Conditional 
qubits follow 
green line.


Rest follow red 
line

• Fixing the conditionalized-qubits’ self-fields to 
max/min value.


• Offsetting conditionalized-qubits.


• Turning off the self-fields in transverse field 
associated to the conditionalized-qubits(?)
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