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2025: 100" Anniversary of QM & Spin

Werner Heisenberg

https://www.bnl.gov/centuryofspin/

Qu a n imecmanical re -interpretation
f

ki nemati c and mec
transl ation used i n fASour
edited by B. L. van der Waerden (1967))

879

Uber quantentheoretische Umdeutung
kinematischer und mechanischer Beziehungen.
Von W. Heisenberg in Gottingen.

INTERNATIONAL YEAR OF

Quantum Science
and Technology

(Eingegangen am 29. Juli 1925.)

In der Arbeit soll versucht werden, Grundlagen zu gewinnen fiir eine quanten-
theoretische Mechanik, die ausschliefilich auf Beziehungen .zwischen prinzipiell
beobachtbaren Gréfien basiert ist.

A UNESCO proclaims 2025 as the International Year of Quantum Science and
Technology , celebrating the 100" anniversary of the initial development of
guantum mechanics (1 . e. Hei senbergodos pap

Alt is also the 100t anniversary of spin introduced by  Uhlenbeck and Goudsmit .
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2"d Quantum Revolution o A New Era

_ Google (2019) Jiuzhang (Q ) (2020)
A 1st guantum revolution: lasers, GoARTIN CoRPTVG " Science 370 (2020) 1460
] ] Quantumsupremacy usinga programmable Quantum computational advantage using photons
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A2 quantum revolution : Identification s
and control of a single quantum bit for g =
the first time in human history. Arrival
of commercial quantum computers

Google (2024) _Zuchongzhi -3

A Quantum supremacy for random NUMbBEr g (" ©3M)(2024)

generation in 2019/2020.

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

= D. Gao et al., PRL 134
Google Al & collab., Nature 638 (2025) 920 (2025) 090601
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Quantum Computing Technologies

Quantum Gates
A Uses quantum logic gates. Is universal computing.

A Most guantum computers adopt this approach

Quantum Annealing

A Uses adiabatic theorem to seek for Hamiltonian
ground state.

A 1s non-universal, only applicable to optimization
problems.

Quantum -inspired

A Classical algorithms: Simulated annealing,
simulated coherent Ising machine, simulated
bifurcation, tensor network, etc.
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Noisy Intermediate Scale Quantum

108

107 Error -tolerant Quantum Computers

108 .

- NISQ era lon Trap ‘

B e o I I R IR . Forte
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Quantum
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Superconductor
Xiaohong Wukong
504 qubits 72 qubits

A Now is the era of Noisy Intermediate Scale Quantum (NISQ) computers (>~50 qubits)

2015 2020 : 5025

A Error mitigation is actively introduced in various hardware. Error -tolerant quantum computers
are starting to show up inion -trap hardware.
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Why Quantum Computing?
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A Future colliders (e.g. HL-LHC, CEPC, EIC) will S

enter the EB era from the current PB -scale

operation.

A At the HL-LHC, annual computing cost will
increase by a factor of 10-20. CEPC Z-pole
operation will experience similar challenges.

Hideki Okawa

SPIN 2025

A Strong interaction dynamics is difficult to
simulate classically from the first principles.

A Non-equilibrium, non-perturbative, complexity of
many-body quantum systems, quantum
interference, sign problem, etc.



QC Applications in HEP
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About quantum simulation, see also:
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Experimental
Applications
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Full Experimental Workflow

COLLIDER EXPERIMENT TRIGGER & DATA

@ ® ACQUISITON

plome)
Experimental “:Al*\ .O ‘ \O*\ ﬁ\—d\.,
Data CD- J ! =
\O

»
-O‘

Quantum simulation, Generative Models
Generative models

Monte Carlo ]
simulation *

EVENT GENERATION DETECTOR SIGNAL
SIMULATION SIMULATION

A All steps require a significant amount of computing resources!

Credits: Andreas Salzburger

Classification, Anomaly
Pattern Recognition, ~ Detection, etc.

Clustering ANALYSIS
RECONSTRUCTION

o ®
O *
© ®

A State -of -the -art machine learning is currently being introduced/considered at all levels.

A Can we introduce quantum computing to these tasks?
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Combinatorial Optimization Problems
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reconstruction
Ty Kernels
NP-complete* Specific purpose solver

QNNs
‘ I l ! 5 Jiz o2 Searches the spin arrangement
1 «—> S
DD 3 of s to minimize E

Classification

Rare signal
extraction

Regression QAOA D 4
St i Rout hil . Sptimal Zvj\j” e Bing k= E JijSiSj
, Model <\ L aiaaaeaas, Quantum oute searc < 2 : 16 y=ey
e o Annealing distribution se(P ) S Energy
VoS 5 Optimisation / e
5
Parton 8 HHL [ Spin: T t iabl 1
Algorithm E [:] / pin: Two-state variable
Shower " o, . iussmmeat i CAIBICID] /
5 Generation 0BMs || D E]D -m --F /;/ : 0 j72 ./:13 §
: J=J21 0 J23| Where: Ji=Jji uwy
Cpetmen QCBMs . s
s QpEmal Schedulin A Soluton
QGANs placement g _ >
spin arrangement S

A Practically complicated problems can often be formulated as combinatorial optimization
problems/Ising problems A Ground state of Ising Hamiltonian corresponds to the answer.

Non-deterministic Polynomial time o _ ] ] _
A They are generally NP_-complete problem : no efficient algorithm exists to find the solution.

A But quantum approaches can provide quasi
SPIN 2025

-optimal answers!
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Tracking as Optimization Problem

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

a quadratic unconstrained binary optimization (QUBO)/Ising problem.
N N N
O(aa b ] D — Z ai TI + Z Z bngz} -0 — QO ignored o conflicts non-exhaustive
i=1 i j<i T N anned N e
‘ o il 1\\\\ \\::)\‘__-:__‘:--——-..;') Ny
Quality of Compatibility ‘no shared hits o el eaos0
triplets b/w triplet pairs & o0 o Guadruplets —
0 = ( 1 _ e'%fﬂ) +8 (1 _ e'i%') : el L by-C (> 0)
b, = O (if no shared hit), 1 (if conflict) - by--5(< 0)

= -S; (if two hits are shared) C . : : :
| Minimizin UBO Is equivalent to searchin
1~ 1(18(a/pri a/pr;)| + maz(56;,50;)) gQ . J

(1+H; +H;)? = for the ground state of the Hamiltonian.
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Quantum Optimization Solvers

Quantum annealer looks for the global minimum g ees () (b)
based on the quantum adiabatic theorem 0 1
(+quantum tunneling). o4
7% Gd @D
Low Energy =5 |

Quantum gate machines can also solve Ising
problems with variational circuits & Trotterization; ) ) T
it is a hybrid with classical optimizers. Wj " EU ””j”““”

Higher
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Applied g b
magnetic N
field
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Measurement QPU side

A e.g. Variational Quantum Eigensolver (VQE), Quantum ) T |
. . . . . . . C side
Approximate Optimization Algorithm (QAOA), Imaginary Variational parameters Optimization o
Hamiltonian variational ansatz (iHVA), Imaginary Time 7= 0z %) 8= (BB By) s

Evolution-Mimicking Circuit (ITEMC).

[
i N N . N N
Quantum -inspired algorithms search for ground N oo,y 0= 3 97 + 2Lt + S21 - § 355 o
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. . . \ T
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A e.g. Simulated annealing (SA), simulated bifurcation (SB) \\/2 s /" ox;
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See also | Shapoval, P Calafiura , EPJ Web Conf. 214 (2019) 01012; G Quiroz et al., NIM A 1010 (2021) 165557,

D Magano et al., PRD 105 (2022) 076012; C Brown et al., Front.

Artif . Intell . 7:1339785 (2024)

Tracking with Quantum Algorithms

Quantum annealing
(w/ triplets) Big Sci. 4 (2019) 1
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Hidden Dimension Size

F. Bapst et al. Comp. Soft.

Quantum annealing
(w/ doublets)
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Efficiency

A. Zlokapa et al.,

Quantum Machine

Intelligence (2021) 3:27
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H. Okawa, Springer CCIS, 2036 (2024) 272 1 283, arXiv:2310.10255

Tracking with Quantum Hardware

A # of triplet candidates determines # of qubits _ oo ACrippa etal, Comput Softw Big Sci 7, 14 (2023)
required A HL-LHC conditions (~<O(0.IM)  un-|® [e o ||| miswmavanes
qubits) do not fit into the current scale of 1 | AL )

T, € {0,1) : Split into sub-QUBOs

quantum annealing & gate computers

A QUBO is splitinto sub -QUBOSs. There is no l ] \'R;;;,;;g;.;;
visible degradation in Ising solving precision, Variational Quantum Algorithm

Final solution
but the computation speed degrades by a e e dddd
Ground state

few orders of magnitude Parameterised crcuit

Track Finding with QAOA

. . . 100
Using theoretically robust sub  -QUBO algorithm 100,
(Multiple Solution Instances) < % < e
—340.2 5 E 981
. —340.4 L g 96 :8 06 -
B Woyuan « g No performance degradation
u:J ~340.6 Hardware = D’: . I
- S o4 < g/ Inquantum hardware!
g -340.8 % @ oy
= 1 Q =
£ = >
= _3410 &l S— ’: E 921 ¢ D-Wave Simul.+gbsolv B 921 ¢ D-WaveSimul.+gbsolv
— #  OriginQ Simul. QAOA 6 qubits & OriginQ Simul. QAOA 6 qubits
—341.2 & OriginQ Hardware QAOA 6 qubits 4 OriginQ Hardware QAOA 6 qubits
(20,5, 2) (20,10, 5) (20, 10, 5) (;\L;'(T':,:' '.;\?5)) (40, 10, 10) (40, 20, 20) Sim. Anneal. 20 5()0 10‘00 15‘00 20‘00 25‘00 90 5d0 ]_d()() ]_5‘(.)0 20b0 2560
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https://link.springer.com/chapter/10.1007/978-981-97-0065-3_21
https://link.springer.com/chapter/10.1007/978-981-97-0065-3_21
https://link.springer.com/chapter/10.1007/978-981-97-0065-3_21
https://arxiv.org/abs/2310.10255

Quantum -Inspired Track Finding
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A Ouantum -annealing -inspired alaorithm can DIRECTLY handle the HL. -1 HC dataset.

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

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

LHC data (cf. D-Wave hardware with qgbsolv is ~2 orders of magnitude slower than Neal)

A SB can effectively run  w/ multiple processing. GPU & FPGA A Perfect match with HEP!!

Hideki Okawa
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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/article/10.1007/s41781-024-00126-z

Clustering Jets e

M Cadcﬂigri, GP Salam, G
Soyez| ' JHEP 0804:063 (2008)

Parton level

‘p\ Particle Jet Energy depositions H
CMS Collab. in calorimeters 0 3y

A Due to color confinement, gluons & quarks cannot exist on their own; they spray
collimated arrays of particles

A Clustering those particles as jets provides important proxies to understand
the original quark/gluon kinematics but is a non-trivial & CPU-consuming task.

A There have been numerous classical algorithms proposed & used for decades.
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Quantum Approaches (lterative)

A Jet reconstruction is a clustering problem. Quantum algorithms may bring in acceleration.

A A few algorithms were considered to replace the traditional iterative calculation. Expected to

bring in speed-up, but still at a conceptual stage.

Quantum K -means e Quantum Affinity
Propagation (AP)e Quantum K,

Computes distance

in Minkowski space Assigns each particle to the

nearest centroid

7 — = <
‘U> H H |/7( 0) — — — |0} @ ' “%,5: %Q‘O R
ooe o 2
[1h1) Se ‘?‘@% %
— - —— Cy W
L )
‘UZ> QRAM "
ENCODING IR
0) —#] H [~
= - e - 02,
1) 06 ~ =
0y —| - — |n) . T 08 ~ N 1.0
2 10 ~ S 0.8
lio2) ‘ 0 . B | i3 X . 06
meas: = ' 0.4 1%
14 0.2

A Similar studiesy Grover search
guantum K-means
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Quantum Approaches (Global)

Quantum Annealing (Thrust or Angle  -based) Quantum Gates (e.g. QAOA) Y. Zhuetal., Sci. Bul. 70 (2025) 460
30-particle data ( e*e’A ZHA vvss) 6-particle data ( e*e’A ZHA vvss)

éo.ns- [ QAOA simulation -\éom- B Quafu quantum hardware
A. Delgado, J. Thaler, Hy, Hp : E i:’kr g | QAOAsimulation
PRD 106, 094016 (2022) govey T T £ o eeans
‘:.\\_ é 0.125 g 0.05
<—"'------...._________‘_>' / o g 0.100 g 0.04
2 |Ei€H ﬁi| 2 |Ei€H -ﬁ‘| ; 00501 % 0.02
T(Hy) = L = 2, T=maxT(Hp). 2 3
- z:\;]_ |pt| Ezf\;] |p1| Hy ()\ %“'”25 Eom
Thr QBC . | .
e el L L A Jet reconstruction can also be considered as a
" Thrust Angle-based QUBO problem.
ot pariles grouped nthe same way s : .. D.Pires, Y. Omar, A D. Pires et al.: Angle-based method has better
= ¥ of particles in meaningful jets found by k; 5 J. Seixas, PLB performance than the Thrust-based method, but
E 20- E 40- . -
2 2 843 (2023) degrades in multijet (_N,..>2) events.
. 138000 -
m | . - A Y. Zhu et al.: Used small-size dataset & evaluated
T ey T e average angle w/ QAOCAINnQuafu(h XX D =~ z).
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H Okawa, XZ Tao, QG Zeng, MH Yung, Phys. Lett. B, 864 (2025) 139393

Quantum -inspired multijet clustering

QUBO Formulation

Njet Nlnput

o) =3 3 @uee e 3 (1-340) |
=1 n=1

n=1 i,5=1

ete~ = tt - bbgdqq
150 [ baseline, RMS=22.6 GeV
[ bSB, RM5=21.1 GeV

ete” - ZH - qgbb
Ninput Mjet

Defines distances b/w
particle flow candidates

This work

ete” - tt - bégdqc’;

bSBie-kt ‘

=
o
=

o
Ul
=

Particle Flow ¢
o
Particle Flow ¢

HoO
o Ul
= =

0 0.25m 0.5m 0.75m 1.0m
Particle Flow 6

Hideki Okawa

Avoids double/none -assignment
of particle flow candidates

- 0 - -
200 75 100 125 150 175 200 225
mbﬁ [GGV]

0 50 100 150
Mpp [GEV]

Previous method

A QUBO matrices for jet reconstruction are
fully connected unlike the track
reconstruction, exceedingly difficult to solve.

ete~ - tt » bbggqq

Neal n%le

A 1st successful global multijet clustering w/
bSB quantum -inspired algorithm.

A Invariant mass resolution improves by

n
0 02om 051 O7om LOm 6704 for Higgs bosons/top -quarks.

Particle Flow 6
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Generative Models

Quantum -classical hybrid GAN
(difficult to proceed beyond a simple generation from PDF)

Quantum Generator
Jet/track

; Quantum Ry(6[e]) —"‘{ RY(B[3]) l’ ‘E— Classical Classical
reconstructlon e RY(8[1]) l - _‘ Data Discriminator
= eati N ey
z Classification i RY(6[2]) = i B ‘Data ;i / E
: ONNs - S THE PO TS e a7 -
-1 esssssesasassaseness® & H H =
Rare signal 10 " mz > V : Il
tracti 1 - \Y, 1
exiracton | Evaluate Gradients & ‘AData ik |
Regression QAOA \ Update Parameters e s t .............. :
For & beyond et P e e e ] B
Standard é’ -2
o Model Quantum ¢ 107 |IBM (F. Rehm, S. Vallecorsa, QuantumCTek (d T)
22 Annealin - . .
,,b Optimisation £ > K. Borras , D. Kricker )  hardware (XZ Huang, WD Li)
HHL PDF (Real Hardware Noise)
Parton e a o =8~ Geant4 -
Shower RRALLELLELLLN S Algorithm oy 025 ey pe = o
i " Generation a 020
L QBMs
: |||||h] . Energy = 015 01
Experiment . . = "
Similaflon | *  Cammmmmmammat QCBMs (GeV) & :
&4 i 010 01
o QGANs
' 0.05
0.00

0 1 2 3 4 5 6 7

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

A Quantum Al may bring in training speed-up & performance improvement.

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

Hybrid: Quantum -Annealing -Assisted VAE

Quantum-assisted workflow:

1. [Classical] Conditioned Restricted Boltzmann
Machine (RBM) is trained to learn the
representations compressed by the encoder.

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

Layer 40 Layer 44

Energy (MeV)

3. [Classical] Decoder generates events from

— _ _
@_Ii quantum-annealing RBM sampling.

p(zlx,e) z H

) <>

1
1
i
— = Ground Truth 10 == Ground Truth
10-2 = Recor_]struction B [==1 Reconstruction
Classic Samples . Classic Samples
—1 QPU Samples ~——1 QPU Samples

(b) 0 100 200 300 400 500 600 700 800
Energy per Event (GeV) (C) 0 20 40 60 80 100 120
Standard Deviation

o Quantum Annealing
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Full Quantum: QAG (Quantum Angle Generator)

F Rehm et al., Quantum Sci. Technol. 9 015009 (2023) Inter -pixel correlations
Geant4 Q

XZ Huang, WD Li

AG
100
IU.?S
- 0.50
-0.25
- 0.00
.2

- -0

0.35{ =@~ Geant4
. QAG

Middle energy

o] Emax &
Emia = 2 |+>\‘
8 =0

x

5

7 6 5 4 3 2 1 [¢]

pixel

Event-by-event generation is not straightforward with hybrid
Dual-PQC GAN: S.Y. Chang et al., J. Phys.

o ,T{_ﬂ%m methods & performance is degraded. co. si 2228 2023) 1, 012062

Angle encoding with  full guantum implementation
EEZ‘M‘L’I'::;NJ.JW overcomes the Cha”enge_ Using two loss functions for event-wise generation &

~4— Hardware:ibma_montrea reproducing pixel correlation.

~¥— Simulator: ibm_cairo
—&— Hardware: ibm_cairo

The model can also learn noise & recover performance.

XZ Huang & WD Li succeeded in improving the algorithm.
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Full Quantum: QC BM

Create

entanglement

Learn kinematic distributions

--------------------------------------

N

N

E — = Ry ((01)1)
; U(6o) — —U(6-1) —{ Ry ((61)2)
E = _— Ry ((61)3)
Ié ~ " VARIATIONAL FORM

N

2000

1750

1500

1250

1000

Counts

(Quantum Conditional Born Machine)

Muon Force Carrier (MFC) BSM simulation

et (@) 4000 (b)
simulator
73 GMMD - 3500{ | |
noisy simualtor !
ibmq mumbai 3000
"""" 2500{ | |
2000{ | |
....... 15001 | |
------ 10004 | ==
----- 500 |
1.9
bt }
v 1.0{ —— :
t

20 40 60 80 100 120

Energy (GeV)

A A fully quantum algorithm that can generate event-by-
event with correlations. Learnability of hardware noise.

A Does not yet exceed classical algorithms, but is more

expressive , considering its simple circuit design with

very few parameters.
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Classification

Jet/track

reconstruction Quantum

Kernels
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= Classification =
o QNNs
Rare signal . -
extraction ~ \ \ ‘esssssssaas’
Regression QAOA
For & beyond e,
Standard Tl
o, Model Quantum
- “ Annealing
-T,"b-<\ Optimisation
HHL
Parton @ 1
Shower Algorithm
AW Generation
il .
Experiment
Simulation QCBMs
QGANSs

Quantum annealing

Variational quantum
algorithms (hybrid)

Use variational quantum
circuit, but update parameters
with a classical optimizer.

Quantum kernel methods

Embed feature map into
guantum kernel A using rich

Preprocessing
Data set pipeline
-
X

10) —

10y —

Cost function

Optimizer

Classical ML

updates 7]

Quantum kernel

o~
I ®® i
_ Embed into
T
| ilbert space
& ©0

Hilbert space

g measures the geometric difference,

e.g.,
but

and <= has small g,
and <= has larger g.

Map machine learning into optimization
problems (QBoost, QAML, QAML-Z etc.)
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Classification (Particle ID)
e

Z.P. Yao et al., EPJ Plus (2024) 139:356,
T. Liet al., J. Phys. Conf. Ser. 2438 (2023) 1, 012071

¥y

QSVM

Classical SVM
(Quadratic

Programming)

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)

AQSVM & VQC forpy” ID
In BES3.

A Comparable QSVM
performance in Origin

Quantum ( ¢ )
hardware & simulator.

Z.P.Yao, T. Li, X.T. Huang, EPJ Web Conf. 295 e ) —
(2024) 09030 o~ o - A~ /K ID with QCNN in Super
il P L g Q P
e e e e weee1&U Charm Factory (STCF)
CNN Quantum CNN simulation.

~6m

PID system

Outer Tracker
~Tm

Hideki Okawa

A QCNN provides comparable
performance to CNN in feature

extraction and learning ability.
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See also: S. Alvi, C.W. Bauer, B. Nachman, JHEP02(2023)220

An O m a'Iy D ete Cti O n V. Belis et al., Comm. Phys. 7, 334 (2024)
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A V.S. Ngairangbam et al.: Quantum algorithm maintains performance with small datasets.

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

A C. Duffy et al.x Proposed scalable quantum circuit ansatz & demonstrated impact of ansatz design.
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Theoretical
Applications
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Quantum
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Mapping Lattice Field Theory to QC

u(1) SU(2) SuU(3) - | u(1) SU(2) SU(3) . What We CaICUIate

@ Ij,mi',mR) |I!,ET.TZ,Y){EJ.,(T,TZ,Y){,?}) ] (512) (g]z
15—« : - :_~15' . !

T N A (XU, = T)|pp(=T))

U ) FAYAYY 7ot Initial

\/\/ | | Time

¥} ) 3« 3 : - ‘

i i \/ JITITUITIEL Measurement evolution state
___________________________________________ - vector

—

A Lattice field theory allows us
to compute non-perturbative
phenomena by discretizing
space-time.

A # of qubits required
depends on the maximum
& minimum energy scales
of the problem under
consideration.
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Hamiltonian Formulation
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A This new Hamiltonian more efficiently uses B X {ut T i) Jj@
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