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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
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Generative Models
Simplest Example: Box-Muller Method
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Generative Models
Simplest Example: Box-Muller Method

Uniform Gaussian
Distribution Distribution

04 - ,~
/ \\
1.00 / \
/ \
/ \
/ \
/ \
0.3+ ,/ \
0.75 ; \\
/ \
/ \
/ \
/ \
0.2 + / \
0.50 | / \
/ \
/ \
/ \
/ \
/ \
0.1 + / \
0.25 | p .
/ \
/ \
/ \
4 \
/// \\\
00 p =m===——" ————
0.00 1 1 1 1
0.00 0.25 0.50 0.75 1.00 . - . ; .




Generative Models

Simplest Example: Box-Muller Method

Recipe:

1. Generate two uniformly independent,
identically distributed random numbers

U, and U,.

2. Substitute in:

ZO =]C0(U1, U2) — \/—2111 Ul COS(Z]TUz)
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Generative Models
Simplest Example: Box-Muller Method
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Generative Models

Uniform (Gaussian
Distribution Distribution
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Generative Models
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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)
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VAE + Restricted Boltzmann Machine

4 Replace Gaussian prior with
Boltzmann prior.

4 Universal approximator.

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
@§'«X$ o - >, exp(—E(v, h))
0 > % Z
Eouy ==Y va—= Y b= 3 vwih
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VAE + Restricted Boltzmann Machine

4 Replace Gaussian prior with
Boltzmann prior.

4 Universal approximator.

4 However, this comes at a cost.
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.6 p 0 X q X
Reconstruction
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Quantum-Assisted Discrete VAE

4 Replace Gaussian prior with
Boltzmann prior.

4 Universal approximator.

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
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2 X 1024
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17 S quasistatic quantum annealers. Physical Review A.
2015 Nov 19;92(5):052323.

Amin MH. Searching for quantum speedup in



Quantum Annealer

lopologies
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QPU conditioning . I h; <0and || > Zj | J;i|
) -1 k>0and |k > 317
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QPU conditioning

1 ~(1 X A(1 A(D)A(7
H = — P Z Aq((DCCJJ(S))ch) T Z hi | L, (Pecyy(s) | q>i(S>0§) T Z szMAFMIp((DchJ(S))ng )a§J )

i>j

A Energy difference between 6’ states

Ip: Current magnitude in qubit loop
M , 7ps: Max mutual inductance
D ~~;/(5): External flux applied J-J compound

®(s): External flux applied to the qubits

https://docs.dwavesys.com/docs/latest/c_gpu_annealing.html



QPU conditioning
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QPU conditioning
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Results : QA inverse temperature
QA temperature estimation | estimation

*arXiv:2410.22870
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e Chip Advantage system6.4
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Calo4pQVAE
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Results

Yy arXiv:2410.22870
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Results (NEW)

RBM Log-likelihood saturates,

|ﬂd|Cat|ﬂg the QBM haS tralned. KPD and FP C(:;:?S of submission vs. GEANT4, dataset 2
| KPD -103- H Ht-(-‘ ‘-: N H i
K r|:||
~300 - : « better
-”'—”” 10008 @
8 = e S } il
S -350+ | T C FPD -10°- ¥ I |
< ! 0 Q] o= | |
< ; -0.006 .= t5 e — e — , R N S
~ —400- ; O 3 0.1 0.0 0.1 41 10 100 1000 10000
s i % O We're here We're here
O 450 i 0.004 5 O GEANT4 —— CaloScore ——— DeepTree
% , Qq_j G ——— CaloDiffusion — ==~ CaloScore distilled —— CaloPointFlow
© _s500{ | : L 0.0021 © % —==- conv. L2LFlows  ----- CaloScore single-shot  —— CaloVAE+INN
—a— KPD M % SGEJ CaloINN —— iCaloFlow teacher CaloLatent
—550{ T#— FPD-1le-2 ' L% 2 —— MDMA ——- iCaloFlow student CaloDiT
6 5'() 160 150 260 25'0 0-000 —  Calo-VQ — SuperCan - CaloDREAM

Epochs

| FPD(x10%) = 3287 1.1 |

i KPD(X103) = 0.49 +0.06

* Slope annealing ends

Krause C, Giannelli MF, Kasieczka G, Nachman B, Salamani D, Shih D,
Zaborowska A, Amram O, Borras K, Buckley MR, Buhmann E. CaloChallenge

* —Ncoder and decoder params frozen 2022: A Community Challenge for Fast Calorimeter Simulation, arXiv
preprint arXiv:2410.21611. 2024 Oct 28.

Evaluating generative models in high energy physics. Physical Review D. 2023
Apr 1;107(7):076017.
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Frobenius Norm with Geant4

25 -

204

154

104

Results (NEW)

Frobenius metric

Frobenius Norm Comparison with Geant4 for voxel wise correlation

== = CaloINN

== = (CaloScore
== = CaloDiffusion
-------------------- == = CaloDream

___________________

arXiv:2410.22870 New model

Models

w/ Discriminator

Frobenius Norm with Geant4

Frobenius Norm Comparison with Geant4 for layer wise correlation

arXiv:2410.22870

== = CaloINN

== = CaloScore
== = CaloDiffusion
== = CaloDream

New model

Models

w/ Discriminator

Frobenius Norm with Geant4

Shout out to

—arzana ;)

Frobenius Norm Comparison with Geant4 for grouped_layer wise correlation
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024 -
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arXiv:2410.22870 New model

Models

== = CaloINN

== = CaloScore
____________________ == = CaloDiffusion |
== = CaloDream

w/ Discriminator

github.com/vanavreddy/Benchmarking Calorimeter Shower Simulation Generative AI/blob/updated 2025/frob norm correlation.ipynb
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https://github.com/vanavreddy/Benchmarking_Calorimeter_Shower_Simulation_Generative_AI/blob/updated_2025/frob_norm_correlation.ipynb

Discussion / Conclusions / Perspectives

Generation times, dataset 2

CPU batch size 1
CPU batch size 100

CPU batch size 10000 -

GPU batch size 1(
GPU batch size 100-

GPU batch size 10000 -

| 1]
| Ml H:
I

weu aeo | lHEE 0N

Wy
1%

T
JIEAE
|

‘”IIEI N llll |

« better
10°  10* 102  10®  10* 105  10°
We're here time per shower [ms]
——  CaloDiffusion — ==~ CaloScore distilled — CaloPointFlow
— == conv. L2LFlows  «---- CaloScore single-shot  —— CaloVAE+INN
CaloINN —— [CaloFlow teacher CaloLatent
— MDMA - == |CaloFlow student CaloDiT
— Calo-VQ - SuperCalo ——— CaloDREAM
—— CaloScore ——— DeepTree
28

{ Time 0(0.1) —O(10*) s ~2ms

" QPU  Anneal time
'~ 0.02 ms |

~ 0.2 ms

-

4 Improve encoder & decoder
architectures.

4 Train model using QPU.

4 Train using ATLAS dataset.

Krause C, Giannelli MF, Kasieczka G, Nachman B, Salamani D, Shih D, Zaborowska A,
Amram O, Borras K, Buckley MR, Buhmann E. CaloChallenge 2022: A Community
Challenge for Fast Calorimeter Simulation. arXiv preprint arXiv:2410.21611. 2024 Oct
8.
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Results

QPU_ANNEAL_TIME_PER_SAMPLE
20 us
136 s O(1) s

QPU_DELAY_TIME_PER_SAMPLE

21 us
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KL method for beta effective calibration (Method 1).

Suppose two RBMs, QA and B described by the same Hamiltonian...

e—BoaH(z)

1) = Ban) —
e—BH(z)
Pp(z) = Z(6) (E23) H(Q?) — H(m)/ﬁ

We denote as Bga and B the inverse temperatures of
system (QA and B, respectively. The Kullback-Liebler
divergence associated to these two system yields:

Brar =Bt — o (H(@))gam — (H(@)) ) (B27)

Dic1(PoallPs) = (8—Baa)(H)ga+In Zf;ﬁi) . (B24) “'

from which it is trivial to show that 8 = [Bga yields
zero in the KL divergence. The KL divergence derivative
w.r.t. B yields

0Dk,
op

where we have made explicit the S dependence of system
B. We can fit 8 through gradient descent using the KL
divergence, which leads to:

Bty1 =0t —n ((H($)>QA — (H(fv»B(ﬁ)) (E26)

= (H)qa — (H)B(p) ; (E25)
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New method for beta effective calibration (Method 2 aka Hao’s Method)
Suppose two RBMs, QA and B described by the same Hamiltonian...

(H)gaw °
Biv1 = fs(B:) = Bt (H) (E32)
B(1)
e—IBQAH(m) . .
Py alz) = : (E28) The function fs5 has a fixed point at 8 = Bga. The
Z (5QA) stability condition close to the fixed point correspond to
b e—BH(z) . |f5(Boa)|l < 1. The first derivative at the fixed point
= : 29 ields:
B (ZIZ) Z(ﬁ) ( ) y1€ldS.
We denote as Bga and [ the inverse temperatures of sys- 1 ( 5) _ 1+ }%Q B’il) , 0 =1 (E33)
tem QA and B, respectively. Now, let us denote as Sga 1+ 5(2%,4 641
Qal’ '

and Sp as the entropy of QA and B, respectively, and as-
sume Sga = SB, from which after some straightforward

algebra: L
Z(Bga)
H In 1 1.00
B = BQA (I_I>QA | - (B) . (ESO)
(H)ppy (H)pg)

o
0e)
o0

We can further simplify the previous expression by intro-
ducing the variable Ag = Bga — B:

- 0.96

(H)qa

ln<6_ABH>B(,3)
(H) B(p) |

(H)B(s)

O
O
Y

B = Bqa (E31)

o
(Vo]
N
Ratio between QA and Classical Avg Energy
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New method for beta effective calibration. (By Hao)

Mean Number of Iterations

Estimated Boa

20 A

15 4

10 -

- 0.04

- 0.03

|AB|/# of iter

- REDL

- 0.00

Method' 1 Fixed

4.5 1

4.0 1

3.5

3.0 A1

2.5 A

Chip Advantage_system6.4

Ilterations

Method 2 Adaptive

PDF

Method' 2 Fixed

- ©

0.015 4
0.010 1

0.005 1

0.000 -
—4640 —4620

_l —

Classical samples
QPU samples

—4600 —4580

RBM Energy

.Est. Boa = 2.44]

i
E "

—4560 —4540 —4520
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Conditionalizing QPU

12§ o A(S) baseline
C

Example

o B(s) baseline &1 Conditional
o A(s) (0¢i =0.05) S '

o B(s) (d¢f — 0.05) qublts follow
=—A(s) (d¢; =-0.05) S8« green line.
—B(s) (0cj = -0.05) &

This illustrative example configures a reverse-anneal schedule on a random native problem.

from dwave.system import DWaveSampler

import random

qpu = DWaveSampler()

J = {coupler: random.choice([-1, 1]) for coupler in gpu.edgelist}

initial = {qubit: random.randint(@, 1) for qubit in gpu.nodelist}

reverse_schedule = [[0.0, 1.0], [5, 0.45], [99, 0.45], [100, 1.0]]

reverse_anneal_params = dict(anneal_schedule=reverse_schedule,
initial_state=initial,
reinitialize_state= True)

>>> sampleset = qpu.sample_ising({}, J, num_reads=1000, *xreverse_anneal_params)

| Rest follow red
line

~~
N
=
O
~—
s
20
V)
=
-

* Fixing the conditionalized-qubits’ self-fields to
max/min value (currently working on this).

» Offsetting conditionalized-qubits.

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

. > | | i '.‘l jE;< anl | - *n | ~ |
Tising — N rrgl ' V‘ h -CT V‘ Ji o, E ‘o J)

0 ,f  y 0 Lt L J
1 - ! ] 'J .
“
Initial Hamiltonian Final Hamiltonian

36



Variational Autoencoders 1716 TR S e

Vol @V ~ Vo D, T3

2~q (2] X)

v

Vo D fze)

Reparameterization Trick

7= ﬂ¢(x) -+ 6¢(X) . €

q,(2 | X)

Z 4 o(x) = (Inpy(x]2)), .10, — {In Do (2l
$.0 0 q4(z|x) po(2) q4(z|x) .
N — V(€] 0.1) = [—=1g,(z] )
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Discrete VAE

Gumbel Trick

_ @0 +aw

$
T

dz
p(u) = | — | g4(z]x)
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Restricted Boltzmann Machine

Basics
0lnp(v)
(v | h) W Vilti) pnpvey = Vil i
1]




Restricted Boltzmann Machine

Basics
dlnp(|v))
= Vi) iy vy = Vil paiy, vy
<V ‘ ‘ h> aWz‘j % J/p
p(V, h) . = = O ) .. )
:\ W p(h|v) = ) ﬁ plhy = 1]v) (;VZWU_H?J)
\\‘V () (v | h) = P(‘E;l];) q p;=11h) = o( Y, Wyh;+ a)
QQ&\ P J
o0
/557
@4)/\
O

4



Restricted Boltzmann Machine

Basics
0lnp(v)
(v | h) ow. Vil iy = Vil pau
ij
@ VVij p(h|v) :p(‘z’l;) q ph; = 1\v)=0(2viWij+bj)
p(v i
AN
\\V O (v | h) = p(‘&?) q p(v; = 1]h) = o Z W,h + a;)
p j

W
e
(
OESK

/'&@
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Restricted Boltzmann Machine

Basics
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