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Physics context: Hadronic collisions at the LHC

Monte Carlo event simulation is computationally very intensive.
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Furthermore, HEP experimentation is fundamentally stochastic, therefore an increase in data
collection will impact the MC production and therefore the computing consumption.



Parton-level Monte Carlo generators

Theoretical predictions in hep-ph are based on:
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e |M]| is the matrix element,

e f;(x,Q?) are Parton Distribution
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e {p,} phase space for n particles,
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= Procedure driven by the integration algorithm.



Monte Carlo generator pipeline

Schematically, a MC generator can be divided into modules:
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= Final goal: efficient runtime and low memory usage.



What about hardware?



Defining dware acceleration

R&D software for new technologies, such as hardware accelerators:

CPU GPU FPGA/ASIC Quantum chip
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Moving from general purpose devices =- application specific



Hardware accelerators in HEP

2019 2020 2021 2022 2023 2024
BRENIERINEE
Hardware Acceleration for PDFs  VegasFlow PDFFlow MadFlow + device-specific opt.

MadFlow
arXiv:1909.10547 arXiv:2002.12921 arXiv:2009.06635 arXiv:2106.10279

MC events via QGAN

Qibo
arXiv:2009.01845 arXiv:2110.06933 arXiv:2203.08826

@ HEP-MC
QC for HEP FPGA for QPU control

PDF on QPU
arXiv:2112.02933

arXiv:2011.13934

et CPUs & GPUs

Hardware

é FPGA

acceleration for HEP

QPU

arXivi2211.14056

Quantum simulation with JIT

RFSoC FPGA for QPU
arXiv:2308.07679

Drivers for QPU control
arXiv:2308.06313

Parton distribution functions
Monte Carlo integration

Monte Carlo event generation

Monte Carlo simulation

Quantum Optimal Control

Parton distribution functions
Artificial MC events from quantum GAN

Multi-variable integration



MC event generation on GPU



Example: Parton Distribution Functions
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Parton distribution functions
(Machine Learning)




Parton distribution functions & arXiv:2109.

An unbiased determination of PDFs and its uncertainties are crucial for predictions.
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The NNPDF approach uses neural networks and a full machine learning training framework:

xfk(a:)(a:,Qg;H) = Apz' T (1 — x)BkNNk(x;B), k={g,u,u,d,d,s,5¢c"}.


https://arxiv.org/abs/2109.02653

Boosting NNPDF fits on GPU iv:2410.16248

PDF determination requires:

e Uncertainty estimation through multiple fits of Monte Carlo replicas.
e Prediction evaluation through convolutions with matrix elements and evolution operators.

OpposX = ZZWM 5. fr (@5, QF) fi(zs. QF)

k0 &,y

- Training data

~ Validation data

Both operations are parallelized on GPU. 8


https://arxiv.org/abs/2410.16248

Boosting NNPDF fits on GPU - Results :2410.16248

Significant reduction in PDF training time on GPUs (e.g., NVIDIA H100):
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Up to 80% runtime improvement when compared to CPU performance (sequential):
Increase of models per hours — better hyper parameter fine tuning — better PDFs


https://arxiv.org/abs/2410.16248

PDF Interpolation on GPU: PDFFlow & arXiv:2009.06635

PDF interpolation and inference on GPU is required for MC simulation:
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The LHAPDF implementation on GPU (PDFFlow) enables this possibility. 10


https://arxiv.org/abs/2009.06635

Example 2: Event generation
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GPU-aware integration wrapper: VegasFlow

& arXiv:2010.09341

Combine PDFFlow and VegasFlow (MC integrator, 10.1016/j.cpc.2020.107376)
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CPU implementation: LHAPDF + Fortran code

GPU implementation: PDFFlow + VegasFlow 12
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Beyond process-dependent code: MadFlow

& arXiv:2106.10279

Extend MadGraph interface to write the program combining PDFFlow+VegasFlow and MadGraph.
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https://arxiv.org/abs/2106.10279

Beyond hardware agnostic code: overoptimization & arXiv:2211.14056

Easily extensible and interfaceable with other languages (C++, Cuda, Fortran, Rust).

Generation of process-dependent functions

Titan V 12 GB, Tree-level 1M events

Generic code (tf)
99>t~ mmm Device specific (Cuda)

gg>tt-g

Ee——

pp>tt-g

Write C Ginj ‘ ite modified ME }
- gg>tt-gg

) . -
- . [Wrapper Python class /

[ Custom Op (CPU) ‘ Custom Op (GPU) ‘ for ME computation
| mawrixpy 0 5 10 Time (s) 15 / 200 220

Process-dependent Custom Operator

Since in this case the bottleneck is created by the sheer amount of diagrams, we can write a transpiler
so that we can convert them in CUDA code that gets compiled before running the process.

14


https://arxiv.org/abs/2211.14056

What about quantum hardware?



Software and Quantum Computing

Simulation

Post-quantum cryptography

Search problems (Grover)

Algorithms

Applications

Simulation of quantum systems

Va

Quantum computing

Hardware

o required to develop algorithms
e complete introspection

e require noise modeling

Quantum annealing 1

1

!

Machine Learning /
/
/

/
Software
QPU design and fabrication e
//

QPU control, characterization and calibration

Hardware

e limited (in many senses)
e requires calibration

e final validation 15



The real-world...
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Qubits and Quantum Circuits

The quantum circuit model considers a sequence of unitary quantum gates:
W) =Ualr [¥) = [4) ¥)

The final state [¢') is given by:
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Quantum gates

Operator Gate(s) Matrix
Pauli.X (X) - [
e Single-qubit gates Pauli-Y (¥) i
e Pauli gates Pauli-Z (Z) —Hz}- b
e Hadamard gate Hadamard (H) —{u}- S
e Phase shift gate Phase (S, P) s} [g
. .
Rotation gates /8 (T) b o]
e Two-qubit gates Gontrolled Not [a 0 3]
CNOT, CX] $ 000
e Controlled gates ( ) ey
° Swap gate Controlled Z (CZ) Iz I [é :’Z g §]
e fSim gate
. L 0 0o
. SWAP X 010 0
e Three-qubit gates . L 56 ]
e Toffoli ottt AT IP PR
oo, £ {ss Piiid ]
CCX, TOFF) © 0 5 0 0 o0 1

18



Pauli gates

X gate

The X gate acts like the classical NOT gate, The Z gate flips the sign of |1), it is
it is represented by the o, matrix, represented by the o, matrix,
0 1 1 0
Oy — g, —
10 0 -1
therefore therefore

0) 1) 10) 10)
1) 10) 1) ~ 1)



Hadamard gate

The Hadamard gate (H gate) is defined as

1 (1 1
=50 )

Therefore it creates a superposition of states

o - PR o

Measurement (M) gate:

Lets consider the following circuit:

0) < H]

When measuring the final state we obtain 0 or 1 each with 50% probability.



Quantum Middleware & arXiv:2009.01845

. . Qibo collaboration, arXiv:2009.01845
In 2020 we introduced Qibo as a modular Middleware challenges

and open-source framework for quantum
computing, control and calibration.

G Gireuit-based
©) % Models & Applications

e
Monitorng

Dashboards

HoC

) simulation
Custom harduare

Scheduler ® % Remote access

Commercial Vendors
i E Hardware control Drivers.
Open Firmviare.

Qibo: an open-source

G Gl Qibo development timeline

Design Classical Quantum

© proposal 2020 simulation 2022 control 2024
‘An open-source quantum l
2019 Language API 20 Lab drivers 203 Calibration and

applications

https://qibo.science 'rl.l' QLBQ
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https://arxiv.org/abs/2009.01845

Quantum Middleware & arXiv:2009.01845
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Ezfi custom operators
Lightweigh, its any
Nompy &40
- Specialized in
Clfite] Clifford circuits
Simulation
Qulacs nterface
backends
Bl Qibo TensorFlow Hybrid ML with
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https://arxiv.org/abs/2009.01845

Quantum Simulation
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& arXiv:2203.08826

Classical quantum simulation is an important tool for algorithm design:

State-Vector Simulation
qibojit, gft, double precision

- NVIDIA RTX A6000 (cupy-multigpu)

NVIDIA RTX A6000 (cupy)
NVIDIA DGX V100 (cupy)
NVIDIA GTX 1650 (cupy)
AMD Radeon VII (cupy)

CPU

AMD EPYC 7742, 128 th., 2TB (numba)
ATOS QLM, 384 th., 6TB (numba)

GPU

10 15 20 25 30 35
Number of qubits

Tensor Network Simulation

QFT, double precision

100 4
-1 ] Tensor Network
10
1072 4
©- qibojit numba
-@- qibojit cupy
1077 4 o o ©- gibotn gmatchatea cpu
o o ~@- gibotn gmatchatea gpu
@ ©- gibotn CuQuantum TN
o State-vector -@- qibotn CuQuantum MPS
1 10 20 30 40

Qubits

Simulation strategies are limited by memory and performance.
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rol and Calibration & arXiv:2308.06313

Qibo collaboration, arXiv:2308.06313
wy

In 2024 we presented Qibocal, a software tool for quantum /
characterization and calibration of qubits.

Circuit
definition

0
0 o=

qibolab

In 2023 we introduced Qibolab as a modular and open-source
library for quantum control.
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Algorithms for QPUs




Applications

Qibo provide standardized tools to design quantum

V,(6.,89) V, (6,65)
applications based on quantum digital and analog | 1~ — =" I~ T 77
computing, including: 0 -Ra(’%') LIR,6) | 1 L

o " . g ' | | o |
- Variational Quantum Circuits (VQC) [o)—Ry(%) \ R2(6) —Ry(6) | | b_
- Variational Quantum Eigensolvers (VQE) > ‘ = | Py T@_ﬂ
- Quantum machine learning (QML) o M [P TR _3),'
- Quantum approximate optimization algorithm (QAOA) Prramehrized Pacametnzed
- Quantum error mitigation (QEM) 145@ o lager 1

e Electronic
o
[ FINUS Giboml ] Biological ﬁ' — -

g o < < . #
O specifics science % e qibochem w
Applications

P using Qibo
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physics KPP @2 industry
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O witoeen

Energy
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Hybrid quantum-classical algorithms

Quantum Machine Learning involves QML Pipeline
quantum process units (QPU) into machine

learning (ML) pipelines. B

Optimizer updates \
parameters
Until convergence
| o )

User Input commands.

Paramebrized
|(L5U

Evaluate Loss function

E(6) = {qs|Hiaretlas)
Executing the circuit we get \q f)

To fully realize the potential of a hybrid quantum-classical
cluster, both classical and quantum components must be
executable on CPUs, GPUs, and QPUs.

26



:2307.03236

Design new algorithms for QFT and Hadronic
physics observables, identify advantage from

quantum computing methods.

How?

e Designing hybrid quantum-classical
methods using classical quantum
simulation.

e Deploying classical quantum simulation
techniques on HPC infrastructure.

Real-time VQE/varQITE

Phenomena Quantum
Dynamics
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. Trotter
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Neutrino Classification -~
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W Quantum
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QC4HEP WG
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MC simulation on QPU




Example: Parton Distribution Functions
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Parton distribution functions
(Machine Learning)
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um Regression for PDFs

M. Robbiati, A. S A. Papal SC, arXiv:2311.05680

Quantum Model

A parametric model U(z;0) Evaluated

on QPU
[0)
Classical Atarget f(z) 0)
Data u-quark PDF I0>

0.7 ~N\Labels
06

22

returning predictions
f(a:0) = (0[U(;0)TOU (: 0)|0)

Loss function (MSE)

Classical Optimizer
(i.e. Gradient Descent)

A training algorithm
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https://arxiv.org/abs/2011.13934

Porting PDFs to QPU & arXiv:2011.13934

We parametrize Parton Distribution Functions with multi-qubit variational quantum circuits:

@ Define a quantum circuit: U(6,z)|0)®" = [4(0, z))
® Uy(o,z) = R:(aslog(z) + as)Ry (a1 log(x) + ae) 7 I
© Using =i(0,2) = (1(0, 2)| Zi[1(0, 2)): 17

1*271 671‘ 7
aPDF;(z,Qo,0) = 1—&-27&&:; 7

Results from classical quantum simulation and hardware execution (IBM) are promising:
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0.0 e
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https://arxiv.org/abs/2011.13934

Quantum PDFs regression on QPU

High level API: Qibo

<[> define prototypes and models;

</> simulate training and noise.

Calibration: Qibocal

<> calibrate qubits;

\

> generate platform configuration;

Execution: Qibolab

£ allocate calibrated platform;

£ compile and transpile circuits;

£ execute and return results.

& arXiv:2011.13934

M. Robbiati, A. Sop: A. P SC, arXiv:2311.05680
u-quark PDF fit on the qubit
0.8
| —~Target Data
0.6 -
5 04+ | QPU regression
H \ «— predictions
0.2 --- Target function K
—— Predictions \
20 belt X
0.0 10 belt
T0-4 10- 10-2 10-1 100
X
Parameter Value
Naata 50 ﬁ%‘
Nshots 500 1 ?';
MSE ~ 1073
Electronics

Training time

Multi-Control
Xilinx ZCU216 . Electronics
~ 2h

Support
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Example: Monte Carlo Integration / Sampling

r A\ ' rd \
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Monte Carlo Integration

Y
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Monte Carlo simulation on QPU & arXiv:2308.05657, 2110.06933

QPUs can be used to parametrize integrands and integrals via:

Estimates of /,(Q?)

Approximation
\ -~ Target result
Torgetintegral 1 0.230
(@) = /dzy(z.n) S
= 0.220
Evauate drvatives s
0210
1.010
i £ 1.000
I
valuate loss. 0.990
it he integrand with the Toncton
Gematve o e crevt

Injectiformation nto the Ciruit

0 2500 5000 7500 10000 12500 15000

Q2 (Gev?)

I -
o ) m)
nput o) +{%, HR.HR, Ry A
distribution . . - -

Quantum GANSs: b l Y
samples samples \

QPUs can sample Monte Carlo o,

Discriminator

events using quantum generative '/\'
adversarial architectures:
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Outlook




Conclusion: Embracing Non-Conventional Comput

e HEP's intense computing needs drive exploration of novel technologies.

e GPUs are delivering significant speedups in MC generation and analysis (PDFFlow ,
VegasFlow , MadFlow).

e Hardware-aware software optimization maximizes GPU potential.

e Quantum Computing offers future possibilities for theoretical modeling and data analysis.
e Frameworks like Qibo facilitate quantum algorithm development for HEP.

e Hybrid quantum-classical approaches are key for near-term quantum applications.

e Continued progress in non-conventional computing is vital for HEP's future.
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Thank you!
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