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HEP Experiments - Big Data Science

Large Scale Detectors

/ /Y

« Experimental high-energy particle/nuclear physics is a big data science.

* It uses cutting-edge detector/computing technologies & analyzes one of most
complicated high-dimensional datasets in science.

Hideki Okawa QIS-HENP 2026 2



Managed Data [PB]

Why Quantum Computing for HEP?
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LHC has already entered the exabyte era!

Computing demands will continue to increase during the High-

Luminosity LHC era (>2030).

Other future colliders will face similar challenges (CEPC, FCC-

ee, EIC, etc.)

CPU demands for reconstruction is particularly enormous.

CMS, HL-LHC Software/Computing CDR, CERN-LHCC-2026-003 (2026)
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Experimental Workflow at Colliders
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« 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?
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Quantum Machine Learning & HEP

Device

Classica J Quantum

| I

Data encoding ]

Classical machine
5 learning

Quantum-inspired]

Quantum-enhanced
machine learning

Classica

classical models

Data

Hybrid classical-
quantum models

um

Machine learning for
quantum systems

Machine learning for
quantum data

Qual

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.)
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What is Quantum Computing Good At?

- : :
SIMULATING O 0 Q e Modeling mol.ecules and materials at the qua.mtum level /_/ Quantum computers r?aturalily‘ enco‘de ‘
QUANTUM SYSTEMS & v U, (e.g., electronic structure problems) that are intractable I I quantum states, allowing efficient simulation
"Q-O——' Q for classical computers. - that scales exponentially better.
UNSTRUCTURED Eiag lution in O(v/A) :
inds a solution in ueries
SEARCH Searching an unsorted database of N items. m vs. O(N) classically ( uadr:tic naadilh]
(Grover’s Algorithm) ’ yiq P i
— QUANTUM ' Solving hard optimization problems Quantum algorithms and heuristics can
e OPTIMIZATION O (e.g., scheduling, routing, portfolio explore solution spaces more efficiently é M y Tal k
optimization, Max-Cut). and escape local optima.
SOLVING LINEAR 1 0 s Solving linear systems Ax = b of equations, HHL 'anc.j related algorithms can ‘solve
@ ALGEBRA PROBLEMS 0 1 a core subroutine in many scientific and Ax=Db ;:ertam .Imfear sl.ystems (:‘Ponlenf'al:y
(HHL Algorithm) g machine learning applications. esten(invidealcases) draniclsssios
methods.
SAMPLING Sampling from complex probability distributions Q.uat\tur'f\ Computers ca.n sampl‘e from ?ert:f\in
I I I i, that are hard to sample from classically. distributions more efficiently, with applications

in physics, machine learning, and statistics.

Excluding items irrelevant to HEP

* | will mostly be talking about applications using optimization algorithms.
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Ising: +1 spins, QUBO: 0,1 binaries

Optimization as Ising/QUBO Problems
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« Many complicated problems can be formulated as Ising or QUBO Hamiltonian.

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

» Track & jet reconstruction can also be formulated as such problems (Typical numbers of
qubits required: O(10%-6) [track], O(1023) [jet]).
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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
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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.

QIS-HENP 2026

Quantum-Inspired

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.




Track Reconstruction
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Track Reconstruction at LHC & HL-LHC
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-mm Ty At the HL-LHC, additional interactions per bunch
crossing becomes exceedingly high & CPU time

150-200

Tracks ~280 ~600 ~7-10k

increases exponentially with more pileup.

 GPU & ML-based approaches are actively investigated,
but quantum ML may play an important role.
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Credits: Christian Grefe

Traditional Tracking in ATLAS
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ATLAS Back-Tracking

TRT Segment Finding in Calorimeter Ambiguity

Track Finding Resolution

Regions of Interest

* Find all valid combinations of segments with 3 silicon
detector hits (triplets): p; > 0.5 GeV, d; <5 mm, z, <200 mm

» Seeds are processed depending on their score: high-p, low-d,
and a compatible hit in a 4th confirmation layer are preferred

 Combinatorial Kalman Filter is used to extend seeds inwards and
outwards

» Confirmed Si-only tracks are extended into the TRT

« Global x?-fit is used to extract the final track parameters
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Track Reconstruction (lterative)
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(b) Track building

(d) Selection

Iterative reconstruction requires quantum
associative memory (QuAM; not yet available)

Conceptual complexity analyses were performed
for 4 stages of reconstruction.

Grover search reduces complexity of seeding

& track building in square root.

However, expected overall improvement is

rather mild.

Tracking stages

Input size Output size

Classical complexity

Quantum complexity

Seeding O(“) Fseed O (TL(') 0 (\/kseed : nc)
Track Building kseed + O(ﬂ') kcand O(kseed ) n) O (kseed i \/ﬁ)
Cleaning (original) keand O(keand) O(k2, 4 -
Cleaning (improved) Keand O(keand) O(kcand) —
Selection O(kcand) O(kcand) O(kcand) -
Full Reconstruction n O(n) O (n°*1) O ()
Full Reconstruction with " O(n) 0 (n°+) O (7/1,(“"‘3)/2)

O(n) reconstructed tracks
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Tracking as Optimization Problem

« Tracking as an optimization problem: a global approach to reconstruct tracks in one-go.
(«iterative approach: Combined Kalman Filter)

« Stimple-Abele & Garrido (1990): generate all potential doublets with some cuts applied & pursue a
binary classification task (i.e. solve an Ising/QUBO problem) to determine which ones should be kept.

* Modern quantum computing versions: quantum annealers w/ doublets (A. Zlokapa et al.) & triplet-
based (F. Bapst et al.) approaches; quantum gate machines (L. Funcke et al., etc.; H.Okawa)

1000 'v TWT\ /’ﬂ"ff
186 particles in a phi slice of /3 NS I\ | [\ ]
precision (%): 98.5, recall (%): 98.4,
trackml score (%): 98.35 800

400

200
+— real (focused)

—e— missing

68,043
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QUBO: 0,1 binaries
Ising: +1 spins

QUBO Formulation w/ Triplets

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, D N Z ai Ti + Z Z bUTIY} bj-0 a2l ignored - conflicts non-exhaustive
i=1 ; oo g o g

i j<i L <
b © S 1?’_.\\\\ \\&1_.:_“_“____10 \C
Quality of Compatibility ~ no shared s . Coe
triplets b/w triplet pairs oo . Quadruplets I
ldg | |20 “3‘~~-..__ \“'«..\__“(‘______ ______ ________.---'D
a; :a(l—efro_) —b—ﬁ(l—eJA_) : o T be;=C(>O)
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.
14
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Algorithm Flow w/ QUBO
e —

doublets -
- ; filter doublets : ] kept triplets
w0 é | 5 l | isi
O\»O ; create triplets } Qu BO/ : precision
g | osine | doublets <
: : : : recall
5 create gplets I solver | l i

? : tracks
build QUBO — ; \ 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.



Simulator

1. Quantum Gate Approach
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» # of layers, loss function & optimizer are optimized. Wuyuan Hardware
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» Used quantum simulator as well as 6-qubit Origin | S
Quantum hardware (Wuyuan). i ﬁ i ﬁ i ?ﬁﬁ LA, ﬁﬂﬁ{;ﬁ
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« Accuracy reaches ~100% for >=4 layers (as
multiple measurements are pursued)

Probability

* No sign of performance degradation in hardware
for <=20 layers

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Number of Layers
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https://arxiv.org/abs/2310.10255

Sub-QUBO Method

QUBO
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5 . . . -340.2
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=

\Recombine -341.0
-341.2

BN | e
1 Convergence
: in energy
0
Variational Quantum Algorithm
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= = o

T
T

(20,5, 2) (20, 10, 5)
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« Number of triplet candidates determines number of qubits required > ~O(10°x10°)

HL-LHC conditions do not fit into the current scale of quantum annealing & gate computers

* QUBO is split into sub-QUBOs of size 6x6 to match with Origin Quantum hardware.

« Theoretically-robust sub-QUBO method using multiple solution instances is adopted

(40, 20, 20)

- known to outperform empirical methods like gbsolv

Hideki Okawa QIS-HENP 2026
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WIP: Triplet Efficiency & Purity
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« QAOA+sub-QUBO provides compatible performance as the previous
quantum annealing studies.
Efficiency — TP _ # of matched reconstructed doublets « No sign of degradation in the real hardware
TP+ FN # of true doublets ’
ici st i i -
b TP # of maiched reconstructed doublets Th|_s is the 1t tracking w/ QAOA., theoretically robust sub-QUBO &
WY =P +FP 4 of all reconstructed doublets ' Chinese quantum computer

* However, usage of sub-QUBO degrades computing speed by a few orders
of magnitude.
Hideki Okawa QIS-HENP 2026 18
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“Quantum-annealing-inspired” algorithms search for ground

. . . . . . x; ag — u(f) , _Co
state through the classical time evolution of differential Viss =D 5+ ZZ Jij i
i=1 =1 7=l
equations. ( adiabatic SB (aSB; original)
. . . . . ! ”“_.”” Z 42\:2\: Liixziz;, if |2;| < 1,Vi
Simulated bifurcation (SB) emulates quantum adiabatic  Vis = 2 =5 2gs
. . . . : sé ballistic SB (bSB
evolution of Kerr-nonlinear parametric oscillators, S (bSB)
exhibiting bifurcation phenomena. (o — aff) o N
g p v 2 ‘I)Zl —;“ZZ]I\OIHIIII|I|<IVI
. . . dSB = : =i j
Three variants exist depending on how one handles the . mlm‘m 7' discrete SB (dSB)

continuous treatment of the spins (x,): aSB, bSB, dSB
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Simulated Bifurcation (SB)

Pumping amplitude (annealing schedule): a(t) = 0.0 (b) x10* K2000 Graph size Algorithm S Time(s)
0 TTN CPU 1 core 5.62
Brute-force search*® GPU Titan V >10%®
) 4x4x8 Exact belief CPU 1 core ~0.96
=2 propagation'®
| QA® D-Wave ~0.05 |
| bSB CPU 1 core 0.12 |
—4 | bSB GPU TeslaV100  <0.001 |
TTN CPU 1 core 32400
TTN* GPU Tesla V100 84
—~fg 8x8x8 Brute-force search* GPU Titan V >10"%
Exact belief CPU 1 core ~2880
102 10! 1 propagation'®
Annealing Time (s) dSB CPU 1 core 17.64
dsB GPU Tesla V100 <0.68

CZZNMFA | SimCIM l1aSB  1bSB EEEEJSB
M CAC ©86dCFC Wi SFC i SA

Q.G. Zeng et al., Comm. Phys. (2024) 7:249

« Simulated bifurcation (SB) is a powerful quantum-inspired algorithm.

* 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 QIS-HENP 2026 20




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)

Hideki Okawa QIS-HENP 2026 21



H. Okawa, Q.G. Zeng, X.Z. Tao, M.H. Yung, Comput. Softw. Big Sci. 8, 16 (2024)

Global Track Reconstruction - Triplets

\ Efficiency Ising Energy vs computing time
~“‘\\=. ‘ T v / %
. *%\}}{\‘ ,,Wﬂ'ﬂm / I////y/ 100 —— bSB
W) s | _ | w/only 1 CPU/GPU — bss (Gru)
7 —. 98 1000 dSB
: S : . —
= — 96 7 3 dSB (GPU)
2 = 04 —— Dwave-neal
. Bast s o < g 2000
\ — 92
AR\ 9 :
901
500 E —3000
S 88
E 86 ¢ SA Neal
bSB fixed cO
~1000 84{ 4 dsB f:::d_ 20 —4000; - '
0 2000 4000 6000 8000 10000 1072 107* 1 10t 10 10°
1000 500 ° Number of Particles / Event Running time (s)

« Quantum-inspired overcomes both hardware limitation & computing speed bottleneck.

 We introduced simulated bifurcation (SB) to HEP for the first time. It provides comparable or
slightly better efficiency & purity than D-Wave Neal SA.

« A SB variant, bSB provides 4 orders of magnitude speed-up (23min = 0.14s) from D-Wave
Neal SA (cf. D-Wave hardware w/ sub-QUBO is ~2 orders of magnitude slower than Neal).

« SB can effectively run with multiple processing. GPU & FPGA - Perfect match with HEP!

Hideki Okawa QIS-HENP 2026 22
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Jet Reconstruction
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Jet Reconstruction - e

Parton level

\ Particle Jet Energy depositions
P in calorimeters

» Gluons & quarks spray collimated arrays of particles. They are detected as tracks &
energy deposits in the calorimeter.

« Clustering particles as jets provides important proxies to understand the original parton
kinematics but is a non-trivial & CPU-consuming task.

* There have been numerous studies on this topic with various algorithms proposed. Many
of them are implemented in FastJet.

Hideki Okawa QIS-HENP 2026

24



Traditional Approach
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Done!

» Repeatedly recombine closest pair of objects (tracks, calorimeter clusters or particle flows etc.):

« Terminate by a user-defined distance R [inclusive clustering]

« Terminate by a user-defined jet multiplicity [exclusive clustering]

e.g. Distance adopted in Cambridge-
Aachen jet algorithm

 Users also define the distance; i.e. how they call objects as “close” 2> AR§- = Ay,gz' + Aéﬁ-

Hideki Okawa
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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)

» 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(NZ?log 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 &
1) —~ ' ~ 500
~ 250
[t2) 7 °
s .2
L 4 ' v, 1
’ 0

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.
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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 w/
QAOA or K-means with Quafu
hardware/simulator.
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Multiple Jet Clustering as Optimization

QUBO Formulation s by B7TET. 5 ZH = qgbb
0 Nin T
ikl aput i bSB ee-k;
multl_]ct _ n) (n) (n)
QUBO (z4) ZZQ?Jz +AZ ( ZI ) ’ '8-0.5’_[ @)
n=1 i,j=1 = X
2 Distances b/w
Defines distances b/w  Avoids double/none-assignment - A |
particle flow candidates of particle flow candidates % .= pflows: Q;
= i
+4J
Qi; = 2min(E7, Ef)(l —cosf;;). [ee-k, distance] E -0.5m x.(2)=1
Qij = —Ecos 0;; [angle-based] 21.0m >
0 0.25m 0.5m 0.75m 1.0m

Particle Flow 6

* In this study, we consider exclusive jet finding (i.e. fixed number of jets): the
baseline at CEPC & other e+e- future Higgs factories.

- QUBO is designed for multijet beyond dijet with the ee-k, distance. x("=1 means i-th

particle flow belongs to n-th jet.
- Performance is compared to the angle-based distance method (used in D. Pires et al.).
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Event Displays (tt)

Success! i 3 Previous method ) )
log €7e” - tt > bbggqq ete~ - tt » bbgdqq e*e” - tt - bbqdqq
UM 1.0m 150 =1 Fastet, RMS=22.6 GeV
Neal n%le 1 bSB, RMS=21.1 GeV

< S . : ,
> 0.5m > 0.5m 3 - 125
o o o O . 7%
o ™ 100
P 0 '-; 0 ' 3 improvement!
L O = 75
£ g - i
©-0.5m ©-0.51 = \jp 93 50

-1.0m -1.0m 25

0 025nr 0.5m 0.75m 1.0m 0 0251 051 0.757 1.0m oL -
Particle Flow 6 Particle Flow 6 75 100 125 150 175 200 225

Mpjj [GeV]
* Only bSB quantum-inspired w/ ee-k; QUBO model can reasonably reconstruct all jets.
« Angle QUBO model & other quantum-inspired algorithms cannot handle multijet.

* bSB improve mass resolution for multijet! (6% for H->bb, 7% for top quark->bqq)
—> the virtue of global jet reconstruction

 Key takeaway: performance of Ising problem solver & QUBO modeling are both crucial.
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XZ Tao, QG Zeng, ZJ Huang, BW Zuo, J Zhuang, H
MH Yung, Commun. Phys. 9 (2026) 1, 100

New Quantum-Inspired Algorithm

Tabu-Enhanced Simulated Bifurcation

Okawa,

Energy

Original o~ T Original -
. I Y

L —— \
e Minimum / \ Penalty / X

¢  Minimum

! Y e Minimum/ Y
\

—— Original+Penalty /Inp .
ut:

Solutions as Output: \
Ising Problems SB algorithms the tabu list Final solutions
(or other algorithms) SB algorithms with tabu terms
Warming up phase Checking phase
A J
Y Y
K (1 — a) of total iterations « of total iterations ae0,1) /

We have developed a new variant of SB: Tabu-
enhanced simulated bifurcation.

A penalty is applied to fill the extracted
local minima during the warm-up phase.

Visible improvement in both minimum
energy prediction & computing time for
graph & TrackML benchmark datasets.

Applications to other HEP tasks are under way.

Max-cut values from G22 instance

A 13350
e e o L] °
13300 13300{ #
$ 13250 e
2 2 13250
) >
5 13200 5 13200
O —e— bSB O —e— dSB
13150 —+— TEbSB (mini-batch) 131501 9 —a— TEdSB (mini-batch)
TEbSB (full-batch) TEASB (full-batch)
13100 -~ bestk --- bestk
es! nown 13100 es! nown
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Total iterations Total iterations

Minimum energy predictions from TrackML datasets

bSB TEbSB dsSB TEdSB

Time Energy Time Energy Time Energy Time Energy

(s) (auw) () (aw) (s) (auw) (s) (au)
ev1004 (N=109498) 8.67 -448998 7.25 -449363 9.02 -447488 7.43 -449349
evl014 (N=78812) 5.06 -263353 4.27 -263650 5.24 -261860 4.33 -263641
ev1023 (N=80113) 5.33 -261244 4.42 -261345 5.48 -260928 4.80 -261362
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Prospects

Quantum circuits in principle should USTC Zuchongzhi-3
accelerate some components of
reconstruction but require QuUAM
architecture, error correction & increased
# of qubits.

D-Wave Advantage2

18
C
il
s
=
1]
w0
0
n

For quantum annealing, increasing the
Connectivity will be mandatory_ Quantum-centric supercomputing

In any case, for very large-scale

C
experimental tasks [using O(10°) qubits], G
Q

It is also to be seen what quantum-centric
supercomputing can bring to HEP.

quantum-inspired techniques will likely
stay valuable.

U0 U
cC CC
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References:

Summary

« Various experimental tasks, e.g. reconstruction, can be formulated as
optimization problems.

« Each experimental task has differences in the number of qubits required, the level
of connectivity/sparsity of QUBO, the demand of computing speed, etc.
* We should keep investigating in detail what kind of approaches are valuable for practical
implementations.

« Meanwhile, a quantum-inspired approach using simulated bifurcation
demonstrated a scalable approach to large-scale track reconstruction.

« We have also succeeded in improving SB quantum-inspired algorithms further.
Applications to specific high-energy physics problems are under way.

* | focused mostly on optimization & quantum-inspired studies in this talk, but other
QML studies are also under way.
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Reconstructed w/ bSB
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Track Efficiency & Purity w/ QAIA

100+ | ¢ SA Neal
98 - bSB. fixed. c0
o 98 —_ 4 dSB fixed c0
~ (=]
= 96 g > 96-
I c
C 94 o 94
Q 0
£ 92 S 927
> .. TP o
c 90  Efficiency (Recall) =— — 901
o TP+ FN >
O 88- ‘T 88
= S . .. TP
o —
W gel ¢ SANeal gl Purity (Precision) =
bSB fixed cO TP + FP
84{ 4 dSBfixed cO 84 -
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Number of Particles / Event Number of Particles / Event

* bSB & dSB provides compatible or slightly better performance than D-Wave Neal.

» Track efficiency stays over 95% for all dataset up to the highest HL-LHC conditions

» Purity degrades with track multiplicity but >90% for <6000 particles, >84% even for
~10000 particles. = Very promising for the HL-LHC!
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H. Okawa, Q.-G. Zeng, X.-Z. Tao, M.-H. Yung, Springer Comput Softw Big Sci 8, 16 (2024).

Computation Speed

Only 1 CPU or GPU used

— bSB Data Information Time to target [s]

—1000- —— bSB (GPU) # of particles | QUBO size | bSB [ bSB (GPU) [ dSB [ dSB (GPU) | D-Wave Neal
—— dSB 409 778 0.007 0.021 0.032 0.092 0.060
dSB (GPU) 818 1431 0.012 0.019 0.293 0.478 0.169
> — Dwave-neal 1637 2904 0.012 0.019 0.293 0.478 0.169
& —2000; 2456 4675 0.014 0.017 - - 0.479
Py 3274 6945 0.032 0.022 - - 1.229
c 4092 10295 0.005 0.022 0.015 0.065 0.030
L 4912 14855 0.027 0.016 - - 2.165
—3000; x104 faster!!! 5730 22022 0.109 0.042 - - 3.853
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

1072 1071 1 101 102 103

Running time (s)

« bSB provides 4 orders of magnitude speed-up (23min = 0.14s) from D-Wave Neal at most (D-

Wave quantum annealing + qbsolv is even 2 orders of magnitude slower than Neal). bSB
expects even more speed-up with larger data size.

» Unlike D-Wave Neal, simulated bifurcation can effectively run w/ multiple processing. GPU &
FPGA - Perfect match with HEP computing environment!!

Hideki Okawa
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Ising Energy Prediction (Jet Reco)

ete>7Z2qq e*e > ZH >qqbb e*te > tt 2bbqqqq
1750 7000 é e o
1500 6000 :
- —5000 1035
= 1250 ;;4000 5:5'10 % ;
31000 2 2 > x10
fo B 18
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500 | e 1022 : :
: . 1000 ieaieens —_
250 = 0 S : :
Neal i bsB ! dsB Neal : bSB i dSB Neal ; bSB o1 0SB

----------

»*
-------------------

» Fully-connected QUBOs are difficult to solve; it is known that quantum annealing

hardware is not good at solving them so far.
« This is in contrast to track reconstruction, in which the QUBOs are largely sparse.

- Ballistic SB (bSB) predicts lowest energy with the smallest fluctuation.

* Performance is especially outstanding for 6-jet QUBOs - bSB can find x10 lower
minimum enerqy for the all-hadronic tt events!
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Comparison w/ Quantum Hardware

» Performance was compared for two QAOA Performance

simplified jet datasets (12 qubits) to
quantum annealing and QAOA
using simulator.

* QuantumAnnealing.jl package is

used to evaluate D-Wave 2000Q

performance (6-way connectivity). ' LB SR VB
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.

— Z ev0 — =
S gl

N\
,

Probability
o o
N w
Hil.
|
N\
—
\
Hi—
1]

Ty ¥
hy

* Even for such small datasets, bSB
exceeds the speed of guantum

annealing by about two orders of

magnitude & even more for QAOA Event ~ D-Wave [s] | bSB [s]| dSB[s]  QAOA [s]
(w/ a caveat that QAOA should run 0 21.29 0.35 0.79 1.07 x 103
faster on real quantum hardware). 1 20.52 0.36 0.89 3.36x 10°
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