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http://dx.doi.org/10.1051/epjconf/20159700025
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AlEithage other indication
tows aquantum appfBach?
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Typical entanglement
experiment with photons
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Forward

Events

interference [2110.10112] Bell inequalities [2102.11883, 2203.05582]
entanglement  [1703.02989] spin correlations [1907.03729]
Fundamental motivation

Utilise information and correlations inherent in HEP data.
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CERN QTI Phase 2
Launched January 2024
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From ML to QML: easy?
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Classical Neural Network Parametrized Quantum Circuit

information Input at different stage of computation

Unitary operations
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Quantum Machine Learning (QML)

Quantum Physics
~ Early 1900s

Learning Theory
~ Early 1980s

Information Theory
and Computation

~ Early 1930s
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Quantum Circuits for QML/ peofetlca//y; 20
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Quantum Data

Classical Data

Signal/Background
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Variational Quantum Algorithms — the Challenge

1. Efficient data handling and data embedding

2. Ansatz choice

Can we find the most suitable ansatz for the given problem?
How well can we survey the Hilbert space (SYMMETRY?!)?

3. Trainability

Can the parameters be updated?

4. Classical Simulability
Are the quantum simulations classically simulable?

No need for a quantum computer!?
Just because we can simulate a loss, does not mean it is practical to do so!
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What about noise? Non-unitary QML
L
_ _L — —

Add noise 8

: . : B . Generic quantum channel, which includes
- T : Entangling operation Single qubit unitary operation :
Single qubit unitary operation giing op geq Y P both entangling operations and noise

W

[ ] ][

Saf[ S]] ]|

The presence of noise is often overlooked in such analyses
A Symmetry breaking in geometric quantum machine learning in the presence of noise
[MG et al. PRX Quantum 5, 030314]

A Estimates of loss function concentration in noisy parametrized quantum circuits
[G. Crognaletti., GM, et al i _arXiv:2410.01893]
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https://arxiv.org/abs/2402.09524v1
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HEP Pipeline

Calculate (differential) cross sections

1

do = ——dx,dx, f0)03) 49, { My, ooy | Pro-oo2) )

Data
Analysis

Feature
Extraction
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exchanged
gluon
propagator

incoming
quarks

outgoing
quarks

phase-space factor

integrand

1 \'
o= —fdcb|M|2@(c1> — d,)
F T \phase-space cuts

probability distributions/
matrix element

Agliardi, Grossi, Pellen, Prati "Quantum integration of elementary
particle processes." _hitps://doi.org/10.1016/j.physleth.2022.13722
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https://doi.org/10.1016/j.physletb.2022.137228

0.030 4 o —— Analytic pyy = po/2
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0.025 4 * ) el ¢ Quantum simulation pyy = po/2
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T = - /iFuF™
+ LPBY +h.c.
+ thjng{jCD-Fl/l.C.
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t-channel

& 1)
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/ phase-space factor

P
’ _O Q‘Syl g(% phaL:)e-)

matrix element space cuts

Build a quantum supervised model that can
distinquish (C) and compute (R) the scattering

amplitude squared for related Feynman diagrams
LO QED process

Topology encoded in the adjacency matrix of the
graph

Particles (m,Q,S) encoded in the edges

Time flow (initial state, interaction vertex, final
state) encoded in the vertices
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/ / phase-space factor
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- Is able to learn several diagrams at the same time R
- Can learn diagrams with same topology but

different particles
- Task difficult with classic approaches
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Jetscale p;  Noise
l ~L e Each jet constituent represented by two features:

et
— —— _ 20 %
}partlcleo 6, 2. Angle with reference to the jet axis 8, = AR,/R

Ucondition (C) Go(z) [ -~ z,\ * qubit — 1 feature: X¢, . = {(62), (0'%), (o)}
}particlen( )

0,) * Style-based approach: The noise is inserted in

1. Momentum fraction z; = p}/p

every gate:R, , —> R, , (W-z+b)
X jvlayers

Style-based Hybrid QGAN
The Quantum GAN trained on Z+jets events generated by Pythia8.

Pythia 25000} Pythia
8000 1 wcGAN 1 wcGAN
[ 1st hadron [ 1st hadron
20000F 1
6000 [ 2nd hadron | [ 2nd hadron
15000
4000
10000
20001 l‘ T 5000}
00.00 0.25 0.50 0.75 7 1.00 00.00 0.25 0.50 0.‘75 1.00
ARi zn = piip?

The Quantum GAN captures the distributions of the first and second

emissions, reproduce their dependence with the jet scale
MG, Y. Haddad, V. Croft, C. Tusyz in preparation
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DELL]

Analysis

CMS Experiment at LHC, CERN

‘| Data recorded: Sun Nov 14 19:31:39 2010 CEST
\| Run/Event: 151076 / 1328520

| Lumi section: 249

Leading Jet

Subleading Jet
Pr2

et 1, pt: 70.0 GeV/|
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Where is NEW PHYSICS?
Are we using the right data?
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Quantum Anomaly Detection

ANOMALY DETECTION PERFORMANCE EVALUATION

Belis V., GM, etal T COMMSPHYS-23-1149C

Kernel Machine
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https://arxiv.org/abs/2402.09524v1

Quantum Anomaly Detection

Belis V., GM, et al i COMMSPHYS-23-1149C Unsupervised kernel machine
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Variational Quantum Algorithms I Summary

A VQA c a rbé trusted any more than classical machine learning
A VQA requires linear algebra and python
A Some success has been achieved for small problem sizes (N< 30 qubits)

A We do not yet have the hardware required to test these algorithms at scale

a) Sufficient capacity
and expressibility

Classically hard Tamed-entanglement No barren plateau

to simulate

Noise resilient

Quantum
Neural Network

Practically useful Quantum Kernel | _y,

Efficiently Preparable

Low generalization error

High quality dataset
Quantum-aware Low training error

Perspective: Challenges and opportunities in quantum machine learning, M. Cerezo, et al., Nature Comp. Sc., 2, 567 (2022).
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Quantum Algorithms i Summary

Conventional quantum algorithms

A come with provable guarantees

A require significant knowledge of quantum information, group theory, physics, etc.

Query complexity: classical versus quantum

Determ. machine (worst case) Quantum computer
Deutsch 2 1
Deutsch—Jozsa 2"/2+1 1
Bernstein—Vazirani n 1
Grover 2" —1 O(v2")
Simon 2" /241 O(n)
Period finding O(r) O(1)
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Conclusion N”S@g@ US@

A Complexity & learning theory mostly gives us insights into worst-case behavior
A ML: Learning theory predicted deep neural networks to not be trainable
A Optimization: The travelling salesperson problem is NP-complete. An instance with 85900 cities was solved in

2006. Exponential complexity does not imply infeasibility

A Benchmarking can help us to understand the behavior on specific instances

A We need to make a comparison of computational cost - may lead to poly advantages!

A Change the goal: quantum advantage will be unlikely in many cases BUT we can identify promising paths for
hybrid computational advantages

A We can train the loss on a classical device, and sample on quantum (GENERATIVE MODELS)
A larger devices for high-quality data?

A Wh a tth& sole of data?

A Community goal is bridging the gap between near-term and fault-tolerant quantum machine learning
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