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Quantum Supremacy

2nd quantum revolution led to the arrival of ~ Google Sycamore (2019)  USTC Jiuzhang (2020)

. Articte QUANTUM COMPUTING Science 370 (2020) 1460
commercia I q ua ntu M com p u te I'S. Quantumsupremacy using a programmable Quantum computational advantage using photons
Supercondu“ing processor Han-Sen Zhong'2*, Hui Wang"?*, Yu-Hao Deng'2*, Ming-Cheng Chen'?*, Li-Chao Peng'?,

Yi-Han Luo'2, Jian Qin®?, Dian Wu'2, Xing Ding"2, Yi Hu'2, Peng Hu®, Xiao-Yan Yang®, Wei-Jun Zhang®,
Hao L, Yuxuan Li*, Xiao Jiang'%, Lin Gan®, Guangwen Yang®, Lixing You®, Zhen Wang?, Li Li'2,
Nai-Le Liu*?, 2+, i i Pan™2

Quantum supremacy was achieved for e
random state generation in 2019/2020.

nnnnnn

Recent significant speed-up in
Willow/Zuchongzhi-3 & surface code
implementation - a milestone towards
large-scale fault-tolerant quantum computers.

10 mm

USTC Zuchongzhi 3.0 USTC Jiuzhang 4.0 (2026)
2026: Jiuzhang 4.0 (2024/2025) :
achieved significant : *
performance

improvement.

: D. Gao et al., PRL 134
Google Al & collab., Nature 638 (2025) 920 (2025) 090601 H.-L. Liu et al., Nature 653, 687 (2026)
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Quantum Supremacy & Going Beyond

Classical Quantum . . . ot
Random circuit sampling (RCS): in context
m m m m m m m m m To date, no quantum computer has outperformed a supercomputer on a commercially
relevant application. Our latest research is a step towards that direction.

u *Oor‘I *._ 1 g [ RCS is the hardest ]jculty

b‘:‘:::’::;‘::;:&':nbe A Beyond-classical applications
computer today. > @ Random circuit sampling (RCS) # Wh at W e
« Through superposition, entanglement il Quantum Want
_ 9 perp ’ 9 Supremacy
& interference, quantum computers Clacscat exoensive | - - 1 B |
assically expensive Measurement-induced !
. . . (months on supercomputer) entanglement '
can bring in exponential speed-up to B — oL SR R
L
some taS kS Beyond-brute-force | Photonic e ”Kar?s'ai;'-g?a"?'s'l'?”‘ e RS
(days on workstation) Non-Abelian braiding Bound photons
H ime :any- ody scars Hartree-Fock
« However, we have not yet established i S iy
>
practica| quantum advantages. Commercial relevance Usefulness
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Experimental Challenges at Colliders

CMS, HL-LHC Software/Computing CDR, CERN-LHCC-2026-003 (2026)

E — I I ‘ I I ‘ | ‘ ‘ I T T T T T T T T T T T T T T T
o —
— 1200~ ATLAS CMS
X 50000F Total CPU
g - [ Shut down -
5 1000 N Datataking s o D St 5w
S L g 40000 -%- R&D scenario (H+M w/GPU)
4+ — T —&- R&D Scenario (H+M' w/GPU)
% 800__ f‘N'3 —#- R&D Scenario (H+M+L w/GPU)
E | wn 713 2021 WLCG proj.(10 to 20% annual increase)
[ T 30000 L E==5 2025 WLCG proj.(5 to 15% annua lincrease )
600— <
- z
400 — 8 20000
©
- Run 2 5
200 F 10000}
L Run 1 B e e e
0 - Run 3 Run 4 Run 5
2010 2012 2014 2016 2018 2020 2022 2024 Y2026 0 20'25 20‘27 . 20J29 ! 20'31 20'33 ! 20'35 - 20'37 3039
ear Year
o | CMs
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« Computing demands will continue to increase during the High- DIGI

Luminosity LHC era (>2030). Similar challenges at CEPC, recosim
FCC-ee, EIC, etc. ‘

SIM
« CPU demands for reconstruction is particularly enormous \ GEN

Other
Analysis

* Quantum computing may bring in a paradigm-shifting leap???
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Theoretical Challenges at Colliders

FCC-ee theoretical requirements
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Expected uncertainty

e.g. theoretical work needed to enable extraction of EWPO from

measurements (additional work needed for making predictions)

Quantity Current FCC-ee stat. Required Theory status Needed theory
precision  (syst.) precision theory input as of today improvement’
£ >\ o) S
myz (MeV) 2.0 0.004 (0.1) n«}\n ruson;ml NLO. : NNLO for
- = oA = eTe” = ff, ISR logarithms ete— — ff
Iz MeV) 2.3 0.004 (0.012) initial-state up to 6" order
sin? g 1.6x10 1.2(1.2) x 106  radiation (ISR)
mw (MeV) 9.9 0.18 (0.16) lineshape of NLO NNLO for
efe” - WW (ete™ — 4f ete” - WW,
near threshold or EFT W ff
framework) in EFT setup
HZZ - 0.1% cross section for  NLO EW plus  full NNLO EW
coupling ete” = ZH partial NNLO
QCD/EW
Myp (MeV) 290 4249 threshold scan N*LO QCD, Matching fixed
ete” =t NNLO EW, orders with
resummations  resummations,
up to NNLL, merging with

O(30MeV)
scale uncert.

MC, ag (input)

" The necessary theory calculations mentioned are a minimum baseline; additional partial higher-order contributions may also

be required

* No absolute value for the HZZ coupling can be extracted from the LHC data without additional assumptions.

« Strong interaction dynamics is difficult to simulate classically from the first principles: due to
non-equilibrium, non-perturbativity, complexity of many-body quantum systems, quantum

interference, sign problem, etc.

« Furthermore, we need higher order calculations for future collider measurements (HL-LHC,

CEPC, FCC-ee).

Hideki Okawa
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Quantum Computing Technologies

Quantum Circuits / Gate-based

» Uses quantum logic gates. Is universal computing.

« Most quantum computers adopt this approach.

Quantum Annealing

* Uses the adiabatic theorem to seek Hamiltonian
ground states.

* |s non-universal, only applicable to optimization
problems.

Quantum-inspired

 Classical algorithms inspired by quantum
computing concepts: Simulated annealing,
simulated bifurcation, tensor networks, etc.

+ Analog quantum computing
Hideki Okawa NOPP 2026
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Noisy Intermediate Scale Quantum

USTC Zuchongzhi 3.0

We are Google Quantum Al Roadmap il
here now e .
& L ,: = l i ‘ ‘ l i ﬁ
7 N B
<5 & @ e @ R
MILESTONE 1 MILESTONE 2 MILESTONE 3 MILESTONE 4 MILESTONE 5 MILESTONE 6
BEYOND CLASSICAL QUANTUM ERROR BUILDING A LONG-LIVED CREATING A LOGICAL GATE ENGINEERING SCALE UP LARGE ERROR-CORRECTED
QUANTUM COMPUTER

CORRECTION LOGICAL QUBIT
Physical Qubits: 104 Physical Qubits: 10°
Logical Qubit Error Rate: 1074 Physical Qubits: 10°

Logical Qubit Error Rate: 10712

Physical Qubits: 54

Logical Qubit Error Rate: Physical Qubits: 107 Logical Qubit Error Rate: 107

Logical Qubit Error Rate: 107

D

&
=
2019 2023

D-Wave Advantage2
Now is the era of Noisy Intermediate Scale Quantum (NISQ) hardware: r 75 a0 ~

0O(102) qubits, Error rate ~ O(10-2) for superconducting gate machines.

« Error mitigation is introduced to various hardware. Error correction mechanisms are
actively investigated.

Newest quantum annealers (D-Wave Advantage2) have 4400+ qubits
with 20-way connectivity.
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World-wide Quantum Computers

Technical Route A Release Qubit Count / QuEra Computing Gemini 2025.12 260
Date Number of Modes Atom Computing AC1000 2023.01 1200+
I1BM Nighthawk 202511 120 Pasqal Orion Gamma 2025 140+
Google Willow 202412 105 Neutral Atom CAS COLD ATOM Hanyuan-1 2024.06 100+
Rigetti Computing Cepheus-1-36Q 2025.07 36 usTC Jiuzhang-4 2025.08 3050
Quantware Tenor 2023.02 64 Xanadu Aurora 20251 12
IQM Crystal 150 2025.11 150 QCi Dirac-3 2024.03 949(Number of
Variables)
0QcC 0QC Toshiko Gen 1 2023.11 32 : .
) Qea2 2021 40
! Alice & Bob Helium 2 2025.09 12 Qpﬂgma:% Silicon Extreme . 2024.02 3
RIKEN - 2025.04 256 PsiQuantum Omega 2025.2
USTC. China Zuchongzhi 3 202412 105 ORCA Computing ORCA PT 2 2024.10 90
Superconducting Telecgg?@uamum Turing@ TuringQ Gen2 2025.06 ;
QuantumCTek Quantum Motion - 2025.9 -
USTC. China Tianyan 287 202511 287
Telecom Quantum Intel Tunnel Falls 2023.6 12
Group. Semiconductor
QuantumCTek Equall UnityQ 2025 6
BAQIS Yunmeng 2024.04 156 Silicon Quantum 202511 n
) ) Computing
Qrigin Quantum Qrigin Wukong 2024.01 72
IOP,CAS., BAQIS Zhuangzi 2023.08 43
SpinQ Shaowei 202511 103 Microsoft Majorana 1 2025.2 8
Quantinuum Helios 2025.11 98 Topology
lonQ Tempo 2025.9 100
' AQT PINE 2023.02 30 o ) ] ) )
HYQ HYQ-B100 2024 100 0(1 0 )'qu|t hardware is emerging with
Trapped lon Unitary Quantum uQM1 2024.09 30
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various technologies across the globe.
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SIMULATING
QUANTUM SYSTEMS

UNSTRUCTURED
SEARCH
(Grover’s Algorithm)

QUANTUM
OPTIMIZATION

SOLVING LINEAR

10
ALGEBRA PROBLEMS 0 1
(HHL Algorithm) R
SAMPLING II
_l_I.IL
Hideki Okawa

Modeling molecules and materials at the quantum level
(e.g., electronic structure problems) that are intractable

for classical computers.

Searching an unsorted database of N items.

Solving hard optimization problems
(e.g., scheduling, routing, portfolio
optimization, Max-Cut).

Solving linear systems Ax = b of equations,
a core subroutine in many scientific and
machine learning applications.

Sampling from complex probability distributions
that are hard to sample from classically.

NOPP 2026

hat is Quantum Computing Good At?

Quantum computers naturally encode .
- theoretical

quantum states, allowing efficient simulation . )
applications

al

£

that scales exponentially better.

Finds a solution in O(\/IV) queries
vs. O(N) classically (quadratic speedup).

Quantum algorithms and heuristics can
explore solution spaces more efficiently

and escape local optima.

HHL and related algorithms can solve
certain linear systems exponentially
faster (in ideal cases) than classical
methods.

Ax=Db

£

Excluding items irrelevant to HEP (e.g. encryption)

Quantum computers can sample from certain
distributions more efficiently, with applications
in physics, machine learning, and statistics.



QUBO: 0,1 binaries
Ising: +1 spins

Quantum Optimization

Combinatorial . _ ]

NP-complete* Specific purpose solver
‘ ! I s; J12 52 Searches the spin arrangement
DDD S3 of § to minimize E
O X j :
14 :
Optimal mapping ZNJ.H sing E= E j..s.s.
- 16 5, Energy y=ey

Rotlte:search distribution Sg ]
Ss

:] E @@ .Spir‘\: Two-state variable i

L5 CE] O s s

= J=Jz1 O Ja3| Where: Jij=Jji uwy

Optimal Schedulin bl = S0iUtion
placement e spin arrangement S -

©TOSHIBA

« Many complicated problems can be formulated as Ising (spin glass) or QUBO Hamiltonian.

« We design the Hamiltonian so that the ground state corresponds to the answer.

+ e.g. Track & jet reconstruction can also be formulated as such problems (Typical numbers of

qubits required: O(10%-6) [track], O(1023) [jet]).

NOPP 2026
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3 Classes of Ising Problem Solvers

Quantum Annealing (QA)

High Energy

Low Energy

H(s) = A(s)Hinitial + B(8) Hiarget

« Hamiltonian is slowly modified
from a symmetric initial form to
the target Hamiltonian
describing the Ising problem.

« Quantum adiabatic theorem
supports the success of
obtaining the ground state.

« Quantum tunneling helps
avoid local minima.

Hideki Okawa

Quantum Circuits

Ansatz Measurement QPU side

CPU side
Variational parameters Optimization
o= (a2 ) B = (B Br 1 By) t!..»w;\i,w'r;il

P P
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« Quantum Approximate
Optimization Algorithm (QAOA)
mimics quantum annealing with
Trotterization.

« Imaginary Hamiltonian variational

ansatz (iHVA) & Imaginary Time
Evolution-Mimicking Circuit
(ITEMC) overcome some known

bottlenecks of QAOA.
NOPP 2026

Quantum-Inspired

-1 -1

-1 -1

Quantum-inspired runs on classical
hardware with algorithms inspired by
QC.

Simulated annealing (SA) uses
random moves in the solution space to
search for the ground state.

Simulated bifurcation (SB) emulates
quantum adiabatic evolution of Kerr-
nonlinear parametric oscillators. It
significantly outperforms SA.
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Quantum Machine Learning & HEP

Data

Classical

Quantum

/]

Device
Classical Quantum I
Data encoding ]
Classical machine
learning } Quantum-enhanced

classical models

Quantum-inspired]

Machine learning for
quantum systems

machine learning

Hybrid classical-
quantum models

Machine learning for
quantum data

Fully quantum
models
v

» Applications of quantum machine learning
have been investigated for all components of
experimental workflow with various quantum
technologies (i.e. quantum gates, quantum
annealing, quantum-inspired, etc.)

Experiment
Jet/track
reconstruction Quantum
= Kernels
Classification
’/ ONNSs
Rare signal o
extraction
Regression QAOA
For & beyond o
Standard e
.. Model Quantum
Ab o Annealing
b Optimisation
HHL
Parton @ :
Shower Algorithm
N Generation
il
Experiment
Simulation QCBMs
QGANSs



Quantum Supervised Learning

Variational quantum algorithms (hybrid) Quantum kernel methods

« Use variational quantum circuit, but update o Embed feature map into quantum kernel - using
parameters with a classical optimizer. rich Hilbert space
e Classical ML Quantum kernel
Input (a) Objective function Output A
00— -1 0(0.{(Hue}) Epa~0(0 \ e [ @@ P
N ; S ditance _ Embed into
( p ¥ + ¢ ) @ @% Hiﬁ)l;ar:tsup:ce
0) ®
10) g measures the geometric difference,
” e.qg. and <= has small g,
T but and <= has larger g.

L min0 (8, {{H)v(0)}) <«

A
%
;@ Project back
L to classical space
0 = Oy, D HY Huang et al., Nature

(d) Classical optimization Quantum-classical loop ) Comm. 12, 2631 (2021) ® @@
K. Bharti et al., Rev. Mod. Phys. 94, 015004 (2022)

Projected quantum kernel

Quantum-annealing-based
« Map machine learning into optimization problems (QBoost, QAML, QAML-Z etc.)
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Experimental Workflow at Colliders

COLLIDER EXPERIMENT TRIGGER & DATA
® ACQUISITON

[ o O O
xpeSLTaen ) Q '%& o. ﬁ

Classification, Anomaly
Detection, etc.

Patte Recognition;

Clustering ANALYSIS
»
O0* RECONSTRUCTION .
Quantum simulation, Generative Models o © @ %
Generative models /V,./r"

Monte Carl ] : '
sci)rrr:uelatiaorno ,m @ @

« All steps require a significant amount of computing resources!
- State-of-the-art Al is currently being introduced/considered at all levels.

« Can we introduce quantum computing to these tasks?

Hideki Okawa NOPP 2026 14




Event Generation

Multidimensional numerical integration is a core ingredient of calculating multiloop Feynman digrams

1.0 : 1 &
— [ fx)dx E[ J(») fx(y)) dy IYVEGAS) = — %" J(y,) fx(y)
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" « Adaptive Importance Sampling (AlS) adapts variable-width grids to concentrate
O+ samples in regions of high variance, but suffers from phantom (fake) peaks.
021 || HER « Quantum AIS (QAIS) uses PQC to encode a multidimensional PDF & can

00 =t allocate samples efficiently in the integration domain.
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J.J. Martinez de Lejarza, D.F. Renteria Estrada, M. Grossi, G. Rodrigo,
Quantum Sci. Technol. 10 (2025) 2, 025026

Decay Rates at NLO
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Consistent predictions as the exact analytic results

1. QFIAE: QNN decomposes the target function into Fourier series, then quantum integration follows.
2. Loop-Tree Duality (LTD) causal unitary enables a unified treatment of loop and tree-level contributions.

« 15t quantum computation of a total decay rate at second-order in perturbative QFT.

Hideki Okawa NOPP 2026 16



Recent gate-based studies: J. Slim et al. arXiv:2608.05405, 2605.27735, 2605.16044

Detector Simulation

Quantum-classical hybrid GAN Full Quantum (e.g. QAG)

Quantum Generator F Rehm et al., Quantum Sci. Technol. 9 015009 (2023)
éq_O? RY(6[e]) ~T—| RY(8[3]) |- ‘E_ Classical Classical I,O% i
E‘Ll: RY(6[1]) = . 3 __ﬂ Data ....... Dlscnmlnator ....... 6=+ i Emax =0.6 MeV 035 : g::;nu
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T W10
S IBM (F. Rehm, S. Vallecorsa, QuantumCTek (EF)
= K. Borras, D. Krucker) hardware (XZ Huang, WD Li)
PDF (Real Hardware Noise)
- =&~ Geant4 —QUGAN
10 a 025 - w:: 025 —e— Geant4
Energy e
(GeV) ~ 015 Lo
z g
0.10

0.05

0.00

« Simulating particle shower development in calorimeter is very CPU-consuming.
Classical generative Al has been intensively introduced (GAN, VAE, diffusion etc.)

» Two strategies: (1) quantum-classical hybrid / quantum-assisted, (2) fully quantum.

Hideki Okawa NOPP 2026 17



Lu et al., arXiv:2412.04677; J.Q. Toled-Marin, et al., npj Quantum Inf 11, 114 (2025); S. Hoque et al., EPJC (2024) 84:1244

Quantum-Annealing-Assisted VAE

Quantum-assisted workflow:

‘ 1. [Classical] Conditioned Restricted Boltzmann

Machine (RBM) is trained to learn the
representations compressed by the encoder.

Layer 40 Layer 44

2. [Quantum] Classically trained RBM is loaded
i onto D-Wave Advantage quantum annealer.

Energy (MeV)

— —
p(z|x,e) z Lt P, xlz, e)
/

3. [Classical] Decoder generates events from
quantum-annealing RBM sampling.
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Quantum Annealing
Hideki Okawa NOPP 2026 18



Reconstruction

Track reconstruction

3 CMS Simulation, s = 13 TeV, It + PU, BX=25ns
AT LAS < go_ = Full Reco Current-+— Track Reco Current |
o

EXPERIMENT s [ Full Reco Run1 Track Reco Run1 |
HL-LHC ti event in ATLAS ITK

PU140
r
/
ri
/

//.

//
S P4
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PU40 // 5
r PU25 /;

Luminosity [1034cm s

—mm

150-200
Tracks ~280 ~600 ~7-10k

Jet reconstruction

Parton level

\ Particle Jet Energy depositions
P in calorimeters

Hideki Okawa
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 The most CPU-expensive task at HL-LHC.

« Two classes of algorithms exist for both track &
jet reconstruction.

* lterative: e.g. Combined Kalman filter (tracking),
sequential jet clustering (k;, anti-k,, etc.)

 Quantum version often uses Grover search
algorithm, which requires quantum associative
memory (QuAM).

« Global: e.g. Hough transform, XCone jet
clustering

 Quantum versions can be defined as combinatorial
optimization (= Ising/QUBO) problems.

NOPP 2026 19



Track Reconstruction (lterative)
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Tracking stages

Input size Output size Classical complexity

Quantum complexity

Seeding O(n) kseed O (n%) ) (\/ Ecced - %)
Track Building kseea + O(n) Ecand O(kseea - 1) O (kseea - /1)
Cleaning (original) keand O(keana) O(k2,.4) -
Cleaning (improved) k‘cand O(kcand) O(kcand) -
Selection O(kcana) O(kcana) O(Fkcana) -
Full Reconstruction n O(n®) O (n°t) O (n°t0?)
Full Reconstruction with e+l 5 (. (c43)/2
O(n) reconstructed tracks " 0(n) 0 (n*) O(n )
Hideki Okawa NOPP 2026

Generalized Grover search

(Quantum Amplitude Amplification)

D. Magano et al.: Due to the lack of QUAM,
conceptual complexity analysis was
performed. Grover search reduces
complexity of seeding & track building
in square root.

C. Brown et al.: a novel oracle design
with a generalized Grover search was
developed & simple toy model was used for

demonstration.
20




Track Reconstruction (Global): QGNN

€ RMe

Classical Quantum Classical
N = ‘ 0) 1 — :
00 O 000 oy %0 0 5o lpao | < | {
R B or —_— X7 z) || PQC(A a¥
‘. ,.\ .. - NOde B . . . [v;-inpufevjrﬂwﬂmevj] . .- E 1 I
S Network P 7> 0 _ _
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FCNN1 QNN
* Hybrid classical-quantum NN for the edge & node networks. Recall

—> i.e. a large fraction of the network is still classical.

Recall

Upgraded CGNN —e— Upgraded QGNN

* Very large RAM requirements & long training time (originally
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>1 week on quantum circuit simulator, <24h in this new study). SRR REERERREN
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* Running on quantum hardware is still difficult for its high queuing Precision
. . . 1.0 A ==
time & limited access. 09 i
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» Hybrid QGNN tracking shows earlier convergence than the 202
. . 0.3
classical GNN but no demonstration of quantum advantage yet. 021
0.0 . ' .
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See also: A. Zlokapa et al., Quantum Machine Intelligence (2021) 3:27; A.Crippa et al.,
Comput Softw Big Sci 7, 14 (2023); H. Okawa, Springer CCIS, 2036 (2024) 272

Track Reconstruction (Global): QUBO

F. Bapst et al. Comp. Soft. Big Sci. 4 (2019) 1.
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TTR0o--e-or0 vadruplets — . . :
\&\ o\\\q P f L triplets  b/w triplet pairs

~—— e ke —
bi-C (> 0)

-1000

g .
ai:a(le_'ro_)+ﬁ(1el_>~l),

b; = 0 (if no shared hit), 1 (if conflict)
= -§;; (if two hits are shared)

bij=-Si(< 0)

H. Okawa et al., Comput. Softw. Big Sci. 8, 16 (2024)

« QUBO-based approaches using quantum

Efficiency Ising Energy vs computing time annealers were proposed by F. Bapst et al. & A.
100 — bsB ZIokapa et al.
5 9 -1000; w/only 1 CPU/GPU — bS8 (GPU) _ _ _
= % ? g S AU « At the HL-LHC, the required # of qubits will
¢ . 2000 _ reach O(105-6)! Scalability is a bottleneck.
§ - 2000)) \x10% fasterifi\ « Quantum-inspired algorithm (simulated
R 4000 AN\ bifurcation) demonstrated the first scalable
O 000 4000 000 B000 10000 o Running imats 0 approach with just 1 CPU or GPU.
Hideki Okawa NOPP 2026 - Further computational improvement in 29

XZ Tao et al., Nat. Commun. Phys. 9 (2026) 1, 100


https://link.springer.com/article/10.1007/s41781-024-00126-z
https://link.springer.com/article/10.1007/s41781-024-00126-z
https://link.springer.com/article/10.1007/s41781-024-00126-z
https://link.springer.com/article/10.1007/s41781-024-00126-z
https://link.springer.com/article/10.1007/s41781-024-00126-z
https://link.springer.com/chapter/10.1007/978-981-97-0065-3_21

Jet Reconstruction (lterative)

Iterative jet reconstruction also requires QuAM, so studies are mostly on complexity analyses.

Thrust as partitioning (QA)  Thrust as axis finding

(Grover search)
Hr \ Hp

» Authors improved classical algorithm inspired
by SISCone.

* Quantum & classical algorithms scale the
same, but for different reasons.

Implementation Time Usage  Qubit Usage
Classical!?* O(N3) —

Classical with sort inspired by SISCONE!?®  O(NZ2log N) —

Classical with parallel sort O(Nlog N) —

Quantum annealing Gap dependent O(N)
Quantum search: sequential model O(N?) O(log N)
Quantum search: parallel model O(Nlog N) O(NlogN)

Hideki Okawa

Quantum subroutine to compute

Minkowski-based distance 71750
= 1500
0) —{#] [# —~ [0

=
=750 @

‘t{l> - ' ~ 500
= 250
102) 7o
s o2
. - ' !
- ) 0

-2

0 - ¥y
1) 2 o
P1 T P 4 . 72
6

[p2) (b) Quantum anti-ky, p=—1, R =1, ¢, = 0.99.

* Quantum & classical algorithms [FastJet] scales the
same for sequential clustering.

« IBM quantum circuit simulator was also used to actually
perform clustering.

Jet algorithms Classical Quantum

K-means O(NKD) O(NK log D),'1% O(N log K log(D — 1))*7
AP O(N2TD) O(N2Tlog(D — 1))127
ki, C/A, anti-k,  O(N?) [suboptimal] O(N?log N)*7

O(Nlog N) [FastJet]!3%133  O(N log N)1?7
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Dijet Reconstruction (Global)

Quantum Annealing (Thrust)

R

HL HR
/ \

A. Delgado, J. Thaler,

PRD 106, 094016 (2022)\

Oquso({z}) = (Y IAl) T({z:}7

i=1

* Quantum annealing with tuned
annealing parameters & hybrid
quantum/classical approach without
tuned parameters exhibit similar
performance to exact classical
approaches.

Hideki Okawa

D. Pires, Y. Omar, J. Seixas, PLB 843 (2023) 138000

Quantum Annealing (Angle)

Thr QBC
-, Vs = 91 GeV -, Vs = 91 GeV

Thrust

Angle-based

N

Z — cos [6(pi, pj)]sis;

i,j=1

H =

N —

» Angle-based approach shows
more compatible clustering as ee-k;
for dijet events.

 However, the same approach did
not work for multijet events. >
Usage of multiple qubits for one
hot encoding is prone to errors.

NOPP 2026

structed jet and quark
e ° °

average angle between recon
] ] ° ° o

Y. Zhu et al., Sci. Bul. 70 (2025) 460
QAOA (Angle) or K-means

30-particle data 6-particle data

(e*e>ZH->vvss) (e*e>ZH->vvss)
;5| HEE QAOA simulation o7 HEE Quafu quantum hardware
mm ete ke I QAOA simulation
150 | M k-Means o6 I e*e Kk

[ k-Means

structed jet and quark
o o o

average angle between recon
o ° ° )

0o _1 . Z 2
He =331 )eeWi (I — 0; O-j)
W angle b/w particles i & j

» Used simplified/small-sized (6-
or 30-particle) dijet events.

» Evaluated average angle with
QAOA or K-means on Quafu
hardware/simulator.
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Multijet Reconstruction (Global)

QUBO Formulation

MNjet 111pl.1t Nltlpl.lt.

=3 > Qe 4+ Z

n=1 i,5=1

Mjet

(5]

Avoids double/none-assignment of
particle flow candidates

multijct

OQUBO

. z'

Defines distances b/w
particle flow candidates

Qi; = 2min(E7, E7)(1 — cos6;;). [ee-k, distance]

Quantum-hardware-driven approaches suffer from qubit-scaling
& connectivity issues. 2 Quantum-inspired does not

A guantum-inspired algorithm (bSB) overcame the challenge for
the one-hot encoding for multijet reconstruction.

1st successful global multijet clustering with bSB quantum-
inspired algorithm. - Opened up a practical path toward global jet
reconstruction

Invariant mass resolution improves by 6~7% for Higgs
bosons/top-quarks.

Hideki Okawa NOPP 2026
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https://doi.org/10.1016/j.physletb.2025.139393
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Classification

Quantum Gates (Variational
quantum algorithms)

Quantum Annealing

0.661 44 """" e
0.64 " S — s
L //?' A. Mott, J. Job, J.R.
goso{ ||/  Vlimant. etal. Nature
< 058 | 550, 375-379 (2017)
e 1 —oA
—SA
0.56 -=-- DNN
XGB
0.541 ‘ , ‘ , ‘ ,
01 1 5 10 15 20
Size of training dataset (10%)
1
0.66 .{#’ ______ —'Hf"'ﬁ:"1"‘h
064 [7 Wb - 4o h- -4
S 0.62 A. Zlokapa et al.,
§ PRA 102, 062405
0.60 (2020) —#— QAML-Z
— SAZ
0.58 4 <% LR-Z
—-¢- QAML
-¥- DNN
0.56 - L XGB
01 10 50 100 150 20.0
. ~_ Size of training dataset (10%)
Hideki Okawa

1.0

0.8

0.6

0.4

0.2

0.0

Quantum Gates (Quantum
Kernel methods)

SL Wu et al., Phys. Rev.
Research 3, 033221 (2021)

—&— QSVM-Kernel minus Classical SVM
—&— QSVM-Kernel minus Classical BDT
L L L 1 L L

I2000d even'ts ' '

So. 0.006
g 06 : 0.004}
£°51-SL-Wuret-al,~J. Phys: G:/Nuck. 9 o0.002f
2% "Part. Phys. 48 125003 (2021
Bo3 : ys. ( ) 5 0.000
0.2 -0.002
0.1 H——- IBM Quantum simulator, AUC = 0.83
| — IBM Quantum hardware, AUC = 0.82 -0.004
0G0 o1 02 03 04 05 06 07 08 08 10
Signal efficiency
QGCNN LHCb b-tag (VQC)
L0 LHCb simulation ‘
S.Y.Chenetal.| o
arXiv:2101.06189 _
206 -~
(2021) z A. Gianelle et al.
JHEP08(2022)01
—— Accuracy Train Vi
— Loss Train 02 - (AUC = 0.690 + 0.001)
: t:‘::?:;_‘resr ’/ —— Angle Emb. (AUC = 0.676 + 0.001)
rd Amplitude Emb. (AUC = 0.660 + 0.001)
20 40 60 80 100 00
0.0 02 04 0.6 0.8 1.0
mistag
NOPP 2026

CEPC event classification

Background efficiency

.

n
Th

(=) g’_ _n:FjJ

QO
e

d
IIMPA
2

245
( )

T
Quantum Simulator (AUC = 0.827) {
Origin Hardware (AUC = 0.820)

IBM Hardware (AUC = 0.789)

0

el e e )
01 02 03 04 05 06 07 08 09
Signal efficiency

A. Mott et al.: First QML

applications in HEP using

10 12 14 16 18 20
Number of qubits
[ ]

b

4
[ ]

gquantum annealing.
Various QML algorithms

are actively tested.
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Classification

Z.P. Yao et al., EPJ Plus (2024) 139:356, — , QSVM
T. Li et al., J. Phys. Conf. Ser. 2438 (2023) 1, 012071 | « QSVM & VQC for |J/'IT ID

s in BESS3.

Programming)

« Comparable QSVM
performance in Origin

Quantum (ANR)
hardware & simulator.

Signal Efficienc
s s

—— Quantum_Z_2 (AUC = 0.9160+0.0032)
- SVM Gaussian Kernel (AUC = 0.9123+0.0030)
-=-- XGBoost (AUC = 0.9129:£0.0024)

0.2 04 06 08
Background Efficiency

Z.P.Yao, T. Li, X.T. Huang, EPJ Web Conf. 295 o J\
20z 09050 e T i » T/K ID with QCNN in Super
v | we| A p
O e e T
e mmne e weeene1AU Charm Factory (STCF)

CNN Quantum CN simulation.

 QCNN provides comparable

performance to CNN in feature
T e Tmmimiel extraction and learning ability.
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% 075
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PID system £
Outer Tracker 0.60 —a— single conv layer wi




a.u

See also: S. Alvi, C.W. Bauer, B. Nachman, JHEP02(2023)220;
E. Puljak, M. Pierini, A. Garcia-Saez, Mach. Learn. Sci. Tech. 6 (2025) 4, 045001

]
A n o m a Iy D ete Ctl o n V. Belis et al., Comm. Phys. 7, 334 (2024)

.
e, e —e— g

18y ®
L VA Kernel Machine = =
: Features —p e T ,""'"' By ——
18y An, A, py | é o i ij 12 i ®- n,=8 8- n,=20
‘ <]5 1ok ;,' - n,=16 —®- n,=24
‘ s : e R T o o S e o
; { - i % { [
T - ] § d a g:::u;ing/;lgeri:\ms (2) Quantum VS Classical 6 i /( i ,:: :::‘3;::‘::’:‘3.
U (@) 2 e ns ‘medians o ’, / ,,-_/}._._,,
AB : \/\ ar ,-'i;_’ .y 8. _g -—-eo—0
HEP data > 2L’ ,"‘J =
- o - IO
o Y, i i, S
NE 1 2 3 4 5 6 7 8 9 1011 12 13
Encoder Decoder L
0.12 VS Ngairangbam,
LOms M Spannowsky, M C. Duffy, et al. Quantum Mach. Intell. (2025) 7:41
]
0.10 N Jakeuchi, PRD — — 0.75
™ 5 095004 (2022) ?{A 0.70 =S
0.08 S — ||
g 0.6 F(x) - U(®) 0.65{
0.06 e
g Hp 2 0.60
o 0.4 — — 3
0.04 N 0 0.5
Training Size=10k =
0.2 . K 0.50
0.02 — CAE AUC 0.7000 Hp Models (Best AUC)
—— QAE AUC 0.7524 045 2 Line Types —— original (0.690)
0.00 - 0. ! Mean new (0.731)
00 02 04 06 08 1.0 Bo 0z o2 o6 o8 10 0712 I — Best hea (0.595)

Fid. Background Rej.
1 2 3 4 5 6

Number of Layers

* V.S. Ngairangbam et al.: Quantum algorithm maintains performance with small datasets.

» V. Belis et al.: Performance enhances with more features & entanglement.

« C. Duffy et al.: Proposed scalable quantum circuit ansatz & demonstrated impact of ansatz design.
28
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Towards Practical Applications

Quantum-centric supercomputing

Quantum computing combined with High-
Performance Computing has started to %
operate (Quantum-centric supercomputing).

O(~102)-qubit level fault-tolerant quantum
computers will likely to show up around 2030.

» |IBM aims for fault-tolerant quantum computers by
2029 (100M gates, 200 logical qubits)

Surface code logical qubits

2o pos e

In any case, some components of HEP
experimental workflow require O(108) qubits. 8 u 920

o] o fiofl o e jofl o Rogf o

)
Quantum-inspired techniques are also likely <&
to stay valuable. Tersrosme: 2arae

Hideki Okawa NOPP 2026 29



Summary

« Quantum computing applications are an emerging field in high-energy
physics.

« Quantum machine learning is actively investigated for experimental tasks.

* Three major quantum technologies exist: (1) universal quantum gate
machines, (2) quantum annealing & (3) quantum-inspired algorithms.

« Each approach has its pros/cons and appropriate use cases.

» With the rapid development of quantum hardware and quantum-inspired
algorithms, it would be really exciting to see how all of our efforts
converge in the end & understand how practical quantum advantages
can be realized in high-energy physics.



Thank you for listening!



Tracking as Optimization Problem

Tracks are formed by connecting silicon detector hits: e.g. triplets (segments w/ 3 hits).
Doublets/triplets are connected to reconstruct tracks & it can be regarded as

a guadratic unconstrained binary optimization (QUBO)/Ising problem.

N N N
O(a,b, T) = E a.l. + E E b.T.T, -
11 7 bj-0 Q& ignored P conflicts non-exhaustive
i=1 i j<i a N e g @ g
@ Bttt *,t.\\\ \\&1‘__-:__‘_.---——-.;) ~n
Quality of Compatibility ~ no shared s . el
triplets b/w triplet pairs oo . Quadruplets e
ldg| 20| Mo N - . —° L
(1.1':(]&(1—6 v )+6(1_€ A )-, - bij-C (> 0)
b; = O (if no shared hit), 1 (if conflict) - bj--Sj (< 0)
= -S; (if two hits are shared) e . . . .
’ Minimizing QUBO is equivalent to searchin
o _ L= 3(8(a/pria/pry)| + max(50:,50,) J : Searching
= (1+H, + H,)? = for the ground state of the Hamiltonian.
NOPP 2026 32
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Tracking Algorithm Flow w/ QUBO

doublets : :
-' filter doublets : j kept triplets ?
O--___ i :

Bk e ; l : i

O\ho create triplets | QUBO/ | precision
; Ising ; doublets <

: : : recall
create gplets 5 solver 5 l |
* ' track |

trl pleTS build QUBO racks _\’ trackml score

final doublets

forming track candidates

preprocessing / model building sampling processing scoring

« We build QUBO on an event-by-event basis from the silicon detector hits.
* Predicted ground state will define which triplets should be kept (binary=1).
Connecting the adopted triplets will give us the tracks.



Tracking with Quantum Algorithms

Quantum annealing

(w/ triplets)
100 e
& _
@g 59 2 a- g ig gn
e § 8 T —g—s
95 =
B :
90 @ trackml score
e purity TrackML dataset
efficiency
85
1000 2000 3000 4000 5000 6000

#particles/event

Quantum Gates
(QGNN)

-3~ hybrid (10)
o —%- hybrid (19)
g 0.447 classical
&
S
Conceptual zos){
g N
stage T RSN
g S0.40 A o S }
k7 T
@
0.381
o 10! 102
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Hidden Dimension Size

Quantum annealing
(w/ doublets)
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Quantum Gates
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>

Minimum Energ

Tracking with Quantum Hardware

» # of triplet candidates determines # of qubits
required > HL-LHC conditions (~O(0.1M)
qubits) do not fit into the current scale of
guantum annealing & gate computers

« QUBO is split into sub-QUBOs. There is no
visible degradation in Ising solving precision,
but the computation speed degrades by a
few orders of magnitude.

QUBO

To ay 0 =+« 0 T“ ....................

T b,a, <+ 0 T - o
oGbD- I N [l el rpletvalues /7

11 b, b, an )| T
T, € {0,1} Split into sub-QUBOs

— :
Convergence
in energy

\ Recombine

Variational Quantum Algorithm

i&buhlﬂﬂ»

Parameterised circuit Ground state

H

Final solution

Track Finding with QAOA

N . N 100
Using theoretically robust sub-QUBO algorithm Loo.
(Multiple Solution Instances) = ol 8 - \/r\;
® *
— 2 0981 '
-340.2 = —
BN g
—340.4 ) w 96 1 -
3 o No performance degradation
340.6 Hardware = Dl: .
S 94 < o4/ in quantum hardware!
-340.8 K o
o S =
-341.0 ‘i —— ’: o 92 &  D-Wave Simul.+gbsolv B 921 ¢ D-WaveSimul.+gbsolv
| OriginQ Simul. QAOA 6 qubits OriginQ Simul. QAOA 6 qubits
-341.2 o & OriginQ Hardware QAOA 6 qubits % 4 OriginQ Hardware QAOA 6 qubits
(20,5, 2) (20,10, 5) (20, 10, 5) (;\L;IOIE'(; '.;35)) (40, 10, 10) (40, 20, 20) Sim. Anneal. 20 560 1d00 1500 2d00 2500 500 1000 1590 2000 2500
Number of Particles / Event Number of Particles / Event
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https://arxiv.org/abs/2310.10255

N N
A K A — p(t) €o
H. =3 0 —xf+ - 2 s
dH:
- Ay,

d)’,‘

; 0Hsp ’ 2 g 2\:

i -

“Quantum-annealing-inspired” algorithms search for ground
state through the classical time evolution of differential
equations.

Simulated bifurcation (SB) emulates quantum adiabatic
evolution of Kerr-nonlinear parametric oscillators,
exhibiting bifurcation phenomena.

Three variants exist depending on how one handles the
continuous treatment of the spins (x,): aSB, bSB, dSB

Hideki Okawa NOPP 2026

‘:158_2(%*”“ V*”(” ) {“ZZIH 2 /

=1 =1 =l

adiabatic SB (aSB; original)

N

N
4lu—.)ul/ Z 7_')22 ks, if |z;] < 1,Vi
< i=l

‘D\SH — == i=1 j=1

(00, otherwise. | ballistic SB (bSB)

/

N VoA
1/) 0\
L Z' _%Zzluonu )5 if J2¢] < 1,Vi
=1

"5 —_—
4B i=1 j=1 discrete SB (dSB)

L 00, otherwise.
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Quantum-Inspired Approach (SB)

Pumping amplitude (annealing schedule): a(t) = 0.0 (b) x10* K2000

107 * 10! 1
Annealing Time (s)
CZZNMFA | SimCIM  [II1aSB E00bSB - I JSB

MO CAC  1@86d CFC SFC I SA

« SB is a powerful quantum-annealing-inspired algorithm.

Graph size Algorithm Hardware Time(s)
TTN CPU 1 core 5.62
Brute-force search*® GPU Titan V >10%®
4x4x8 Exact belief CPU 1 core ~0.96
propagation'®
| QA® D-Wave ~0.05 |
| bSB CPU 1 core 0.12 |
| bSB GPU TeslaV100  <0.001 |
TTN CPU 1 core 32400
TTN* GPU Tesla V100 84
8x8x8 Brute-force search* GPU Titan V >10"%
Exact belief CPU 1 core ~2880
propagation'®
dSB CPU 1 core 17.64
dsB GPU Tesla V100 <0.68

* It can run in parallel unlike simulated annealing. It also benefits from cutting-edge

resources such as GPUs and FPGAs.

|t is known to outperform other classical algorithms as well as quantum annealing

(QA) for some problems.

Hideki Okawa NOPP 2026
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Minimum Ising Energy Prediction

N =778 N =10295 N =109498

8
s}

4444444

Dwave-neal L] bSB =  dSB Dwave-neal
.

lllllllll
llllllllllllllllllll

« Ballistic simulated bifurcation (bSB) provides the best prediction of
minimum enerqy with the least fluctuation for the tracking QUBO.

* Discrete simulated bifurcation (dSB) is not as good as the other two, but
the impact on the reconstruction performance is not significant (next slide)
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Tracking with Quantum-Inspired

- For some problems, quantum-inspired No limitation on the problem size (up to ~million)
algorithms outperform quantum annealing. o \/\W o T

94
92
90

94
92
90

« Ballistic simulated bifurcation (bSB) provides
4 orders of magnitude speed-up from D-Wave

Efficiency (Recall) [%]
Purity (Precision) [%]

68 TrackML dataset s, TrackML dataset
u ] ¢ SANeal
Neal simulated annealing for HL-LHC data. ]y e g
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
N - - Number of Particles / Event Number of Particles / Event
« SB can effectively run w/ multiple processing.
GPU & FPGA With 1 CPU or 1 GPU (23min - 0.13s)
- Data Information Time to target [s]
‘ 0SB # of particles | QUBO size bSB bSB (GPU) dSB dSB (GPU) | D-Wave Neal
— 409 778 0.007 0.021 0.032 0.092 0.060
_ . —— bSB (GPU
10007 w/only 1 CPU/GRPU — dSB( ) 818 1431 0.012 0.019 0.293 0.478 0.169
dSB (GPU) 1637 2904 0.012 0.019 0.293 0.478 0.169
- — Dwave-neal 2456 4675 0.014 0.017 0.479
o —2000 3274 6945 0.032 0.022 1.229
@ 4092 10295 0.005 0.022 0.015 0.065 0.030
5 | 4912 14855 0.027 0.016 2.165
—3000- \ 5730 22022 0.109 0.042 3.853
x104 faster\!!\ 8187 67570 0.488 0.028 404.297
8500 78812 1.899 0.108 785.732
—4000- 8583 80113 1.321 0.067 93.782
‘ . . . ‘ 9435 109498 3.884 0.140 1366.808
102 10~ 1 10t 1072 103

Running time (s) NOPP 2026
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Efficiency (Recall) [%]

100
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921
90+
881
861
841

Quantum-Inspired Track Finding

Efficiency

P SRSRERIY

¢ SA Neal
bSB fixed. cO
4 dSB fixed c0

0 2000 4000 6000 8000 10000
Number of Particles / Event

100+
981

Purity (Precision) [%]
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84

961
94 1
921
90+
881

Purity

¢ SA Neal

bSB fixed c0
4 dSB fixed c0

0

2000 4000 6000 8000
Number of Particles. / Event

10000

Energy

Ising Energy vs computing time
' —— bSB
1000/ W/only 1 CPU/GPU — usB (Gpru)
—— dSB
dSB (GPU)
—— Dwave-neal
—2000/
—3000
—4000; —
1072 107! 1 101 102 103

Running time (s)

Quantum-annealing-inspired algorithm can DIRECTLY handle the HL-LHC dataset.

SB provides comparable or slightly better efficiency & purity than D-Wave Neal SA.

bSB provides 4 orders of magnitude speed-up (23min 2 0.14s) from D-Wave Neal for HL-

LHC data (cf. D-Wave hardware with gbsolv is ~2 orders of magnitude slower than Neal).
SB can effectively run w/ multiple processing, GPU & FPGA - Perfect match with HEP!!

Hideki Okawa
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Multijet QUBO Formulation (Our Study)

ete~™ -» ZH - qggbb

QUBO Formulation 1.0m
MNjet 111pl1t ) ( ) Nmput Tljet ( ) .e_ bSB ee'kt
multl_]c,t _ (n n n
i -3 55 e 3 3 (1-5547) . Tosn gpeny
n=1 i,5=1 =1 [®) I .
™ Distances b/w
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« Exclusive jet finding (i.e. fixed number of jets) with the ee-k; algorithm is the baseline
at CEPC & other e+e- future Higgs factories.

 We adopt the same distance in the QUBO formulation. QUBO is designed for
general jet multiplicity beyond 2 jets. x(M=1 means i-th constituent belongs to n-th jet.

« Performance is also compared with the angle-based method from a previous study.
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QUBO for jet reconstruction is fully connected unlike the track reconstruction QUBO,
which is largely sparse. Fully-connected QUBOs are difficult to solve; it is known that
quantum annealers (the real hardware) are not good at solving them.

bSB finds the lowest energy with the smallest fluctuation.

Performance is especially outstanding for complex QUBOs = bSB can find x10
lower minimum energy for the all-hadronic ttbar events!
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Event Displays (tt)
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* Only bSB w/ ee-k; QUBO model can

reasonably reconstruct all jets.

« Angle QUBO model & other quantum-
inspired algorithms miss some jets
and/or PFlows are totally mixed up.
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Pflows totally mixed up
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Impact on Invariant Mass
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* The clustering w/ bSB is slightly different from FastJet (see backup for
quantitative comparison), but it’s OK. - Let’'s check the inv. mass resolutions.
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» Other quantum-inspired algorithms (dSB & Neal) already has ~20% degradation in
Z mass resolution & unable to properly reconstruct jets in multijet events (thus not

shown for ZH & tt)
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Mean running time was evaluated for 3 processes.

D-Wave Neal generally cannot reach reasonable
enerqy, reqardless of the running time.

dSB is slow in energy convergence & less
successful than bSB for energy prediction.

bSB significantly outperforms dSB & Neal.

Hideki Okawa NOPP 2026

ZH->qqbb

10000

—— Neal
—— bSB

bSB (GPU) 8000
—— dSB

—— dSB (GPU)

6000

4000

Energy (a.u.)

2000

tt>bbqgqqq

Running time (s)

Neal

Data Information

Mean running time [s]

Event QUBO Target eff. bSB bSB (GPU)
cw mam om
ZH 28 0o ga 1w
P T isse 17

45



Comparison w/ QA & QAOA

Performance was compared with
two simplified datasets (12
qubits) to quantum annealing
and QAOA using simulator.

Even with such small datasets,
bSB exceeds the speed of
quantum annealing by about two
orders of magnitude & even
more for QAOA (w/ a caveat that
it should run faster on real
quantum hardware).
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QAOA Performance
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Time-to-solution for D-Wave 2000Q estimated by simu-
lation, bSB, dSB, and QAOA on a quantum circuit simu-
lator for two simplified Z — ¢g events.

Event D-Wave [s] bSB [s] dSB [s] QAOA [s]
0 21.29 0.35 0.79 1.07 x 103
1 20.52 0.36 0.89 3.36 x 10°
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