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Introduction
o Quantum computing

o Quantum machine learning (QML)
Hadronization process

Preliminary results

credit: physicsorld.com
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https://physicsworld.com/a/quantum-science-and-technology-highlights-of-2023/

: Qubits, Gates, and Circuits

Physical Qubits Qubits Representation in Quantum Computing
Bloch Sphere Operations
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Two of the energy levels of the ion are St de e e
used as the ’O> state and ’1> state. Credit: Nasky / Shutterstock.com

Laser are used to control the qubits.

CLASSICAL COMPUTER  QUANTUM COMPUTER e Initialize
e Go through operations

called “quantum gates”
e Measure

Hadamard, a single qubit

gate
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CNOT gate, a type of two-qubit

gate
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https://www.berkeleynucleonics.com/august-23-2024-quantum-computing-vs-classical-computing

4 Prospects of quantum computing

Where can quantum computing offer an advantage?

e cryptography (e.g. factoring)
e simulation of quantum systems.

Other possibilities to explore

e quantum optimizers
e quantum annealing
e guantum machine learning

Ref: Quantum Computing in the NISQ era and beyond Y TR



https://quantum-journal.org/papers/q-2018-08-06-79/
https://qmunity.thequantuminsider.com/2024/04/29/quantum-cryptography-explained/
https://journals.aps.org/prxquantum/abstract/10.1103/PRXQuantum.5.037001

: Machine Learning

Classical Quantum
o Classical neural networks o Variational quantum circuit
o Parameters of neural network are o Gate parameters are varied to
varied to minimize loss function minimize loss function
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https://playandlearntocode.com/static/siteapp/assets/articles/mlp-1/mlp-1-nodes.png
https://arxiv.org/abs/2105.10162

: Hadronization

What is hadronization?

Quarks and gluons cannot exist on their
own.

e They will turn into hadrons.

e This process is called hadronization

credit: E. Pottebaum

Compared to other processes in particle collisions,
understanding of hadronization is relatively limited.



https://wlab.yale.edu/posts/2025-11-26-tamis-publishes-results-on-the-evolution-of-jets-through-time

Importance of hadronization

e Needed for particle collision simulation Pacay {‘“{ ‘Y anl Y/ y

e Hadronization is not easy to calculate {\ o
Hadronization ‘ :
o Non-perturbative
o Involve quantum dynamics
g:;togr Pile-U
e W lne-up
e Existing approaches use i
phenomenological models
. . . Hard Scatteri
o Lund string model in Pythia B {
o Cluster model in Herwig
f(x,Q%) f(x,Q?)
H B'artt?igutions
e Areas for improvement &

O e.g., arxiv:2004.03540, arxiv:1612.08975

credit: Julia Bauer
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https://arxiv.org/abs/2004.03540
https://arxiv.org/abs/1612.08975
https://www.researchgate.net/figure/Schematic-view-of-a-hadron-collision-event-showing-the-evolution-of-the-produced_fig13_44234277

Machine learning modeling of hadronization

e Recent efforts to use classical machine E.g., arxiv:2203.04983 uses classical ML
learning to model hadronization: to reproduce a simplified version of the
o HadML ref1, ref2, etc. lund-string model

o MLHAD refl, ref2, etc.
e Focus on a single step in

hadronization, rather than the whole
(E.p) process

(E,-p) , (

e Studies how a “string” emit a hadron

e Try to reproduce the kinematics of the
(E,~p) first-emitted hadron

‘ (En,pPn)
\ O Pt
M %‘ En, P — Pn) o Pz

arxiv:2203.04983
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http://arxiv.org/abs/2203.04983
https://link.aps.org/doi/10.1103/PhysRevD.106.096020
https://doi.org/10.1007/JHEP09(2023)084
http://arxiv.org/abs/2203.04983
http://arxiv.org/abs/2311.09296
http://arxiv.org/abs/2203.04983

Generative QML for hadronization

e As afirst step, use pythia’s
hadronization component to
produce training data

Pythia
hadronization

simulation

|=

QML model

—>

optimize T

e Use various QML models to reproduce
the kinematics distributions of particles

compare

Training data
(pr and pz distributions)

Generated
distributions

>— < Loss function

feedback




Quantum circuit born machine (QCBM)

Continuous QCBM

10) 4 pr

U(z,0)

10) - pz
T

z (noise / latent input)

e Output P17 and Pz from measured
observables

e Uses expectation values / shot
averages

e Requires latent input Z

Discrete QCBM

10) 1
10) 1
10) 1
10) 1
10) 1
10) 1

}pT
}pz

U(9)

NNNNNN

Samples bit strings from
measurement

Maps bit strings to PT, Pz

No separate latent input
needed




Preliminary results: continuous QCBM

Real Data Generated Data
0.00128 0.00128 Cont|nuous QCBM Wlth Log
40 0.00112 40 0.00112 . . .
wcoss  [Min-Max normalization.

0.00080 = > 20 0.00080 >
B aQ =]

n
10.00064 S S

7]
0.00064 5
o Q’:‘ 20 [=)

N 0.00048 0.00048
oomozz 0| 000032 16 layer model
- Ea . 96 parameters
1.0 1.5 000000 0.5 1.0 1.5 000000
pr (GeV) pr (GeV) .
pr Distribution p Distribution LOSS functlon:
o - —— MMD loss with extra penalty
25 terms
3.2.0—
2.5 Optimizer: SPSA algorithm
° 1.0
0.5 1
0'0_0.00 0.25 0.50 o.“lsz 1oo ‘ 125 150 175 ’ 20 30

pr (GeV) pz (GeV)

Generative quantum machine learning for the hadronization process KD




Continuous QCBM with alternative normalization

. . Real Data Generated Data
Probability integral transform (PIT)
e After transform, each variable has &5~ 7 i
uniform marginal distribution § | H;o;o;g g
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Discrete QCBM with PIT

transformation

4 qubits for each variable

4 layers with 96 parameters

SPSA algorithm
Loss function: JSD

pr Distribution

Discrete QCBM

Real Data

p_ Distribution

Density

e Real
Generated

pr (GeV)
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Conclusion

e \We explore the use of generative
quantum machine learning (QML)

for “quantum” problems.

candidate.

Preliminary results show that

Hadronization process is a natural

generative QML has potential for

hadronization problem.

Generative quantum machine learning for the hadronization process
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https://doi.org/10.1103/PRXQuantum.5.037001

Thanks for listening!

Comments and suggestions appreciated.
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Hadronization

Motivation for exploring alternative strategies

Measurement of the Lund jet plane using charged particles in 13 TeV
proton-proton collisions with the ATLAS detector

Insight into particle production mechanisms via angular correlations of
identified particles in pp collisions at \sqgrt{s}=7 TeV

Thermodynamical String Fragmentation

Collective properties of hadrons in comparison of models prediction in pp
collisions at 7 TeV

Hadronization mechanisms and strange-particle production in inelastic
proton-proton collisions at energies available at the CERN Super Proton

Svynchrotron



https://arxiv.org/abs/2004.03540
https://arxiv.org/abs/2004.03540
https://arxiv.org/abs/1612.08975
https://arxiv.org/abs/1612.08975
https://doi.org/10.1007/JHEP01%282017%29140
https://doi.org/10.1016/j.rinp.2022.105433
https://doi.org/10.1016/j.rinp.2022.105433
https://journals.aps.org/prc/abstract/10.1103/flfc-kh4g
https://journals.aps.org/prc/abstract/10.1103/flfc-kh4g
https://journals.aps.org/prc/abstract/10.1103/flfc-kh4g

Quantum machine learning

Why quantum generative models may be worth exploring

The Expressive Power of Parameterized Quantum Circuits
On the Quantum versus Classical Learnability of Discrete Distributions

Enhancing Generative Models via Quantum Correlations

The Born Supremacy: Quantum Advantage and Training of an Ising Born

Machine

Power of data in quantum machine learning

Information-theoretic bounds on quantum advantage in machine learning

Quantum advantage in learning from experiments



https://arxiv.org/abs/1810.11922
https://arxiv.org/abs/2007.14451
https://arxiv.org/abs/2101.08354
https://arxiv.org/abs/1904.02214
https://arxiv.org/abs/1904.02214
https://arxiv.org/abs/2011.01938
https://arxiv.org/abs/2101.02464
https://arxiv.org/abs/2112.00778

Hadronization

circuit ansatz
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Loss function

Maximum mean discrepancy (MMD loss)
LyMp (9) - ]EX,YNQ(G) [K(Xa Y)] - 2Equ(9),y~p [K(X7 y)] + Ex y~p [K(X7 Y)]

Currently, we use the Gaussian kernel

_lix=ylI?

Kslx,y)=¢e =

NLL KDE loss is also used for some settings

LNLL = —Exrreal [log(ﬁgen (:B))]

where ﬁgen can be estimated from generated samples {yj} as

1 ZN 1 lz — yj?
A _ 9
Pgen () = 5 (2rh2)dz P <_ 20?2 )
j=1




PIT normalization

See A performance characterization of quantum generative models

PIT normalization maps variable “x” to “u”, where
X
u=P(X <z)=[___ fx(t)dt
Here, fx (t) describes the (marginal) probability distribution of x.



https://arxiv.org/abs/2301.09363

