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Introduction

* As we've already heard in a number of
talks this week, we’ve had a remarkable
harvest of physics results from the LHC

* In particular, the discovery and study
of the Higgs boson

* Also many detailed measurements o
the Standard Model

* However, so far, despite some hints, no
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CombinedSummaryPlots/SUSY/

The Software and Computing Challenge at the
HL-LHC and Beyond
HL-LHC Computlng Challenge

* The HL-LHC will be an exciting time for
particle physics, e.g. for ATLAS/CMS SO AT AS ey :

* 5=-7x increase in luminosity (LHC upgrade)

40__ e Conservative R&D ]
v Aggressive R&D .

- — Sustained budget model s -
30 — (+10% +20% capacity/year) ," —

* 4-5X increase in event size (new detectors)

20

Annual CPU Consumption [MHSO08years]

10F

* 10X increase in event rate (trigger upgrade)
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O2020 2022 2024 2026 2028 2030 2032 2034 2036

Year

* However, flat computing budgets mean
that the current computing would fall short of

eeds Pile up

* Requires new techniques and new ideas
to close this gap

* The problem will be far worse at future
colliders such as FCC-hh with up to 1000 (!)
additional collisions (pile up) per bunch
crossing

proton-proton collision vertex


https://iopscience.iop.org/article/10.1088/1361-6633/ac5106
https://twiki.cern.ch/twiki/bin/view/AtlasPublic/ComputingandSoftwarePublicResults

Why Quantum Computing?

* Initial ideas for quantum computing date back 40 years (Benioff, Feynman,
Manin, etc,)

* Use quantum mechanical processes to simulate quantum
mechanical systems

* Further interest was stimulated by the invention of quantum
algorithmes in the early 1980’s with the promise of solutions to intractable
problems on quantum computers (Shor, Grover, etc)

* Exponential information storage
* Revolutionize cryptography
* Solutions to unsolved (classical) problems

* Most recently quantum computing has been in the news in regards to
quantum advantage (supremacy)

* Google, IBM, Jiuzhang
* Quantum computing is likely at the peak of its hype cycle

* How might quantum computing be useful for high-energy physics?



Typical Data Flow for HEP Experiments

Data SimUIated
Data

T T T T
Selected diphoton sample

. Data 2011 and 2012
Sig + Bkg inclusive fit (m, = 126.5 GeV)
- 4th order polynomial

1800
1600
1400}
1200}
1000

Events / GeV

\s=7TeV, | Ldt=4.81b"

\s=8 TeV,J. Ldt=591"

+

o ®
S 9
S °

a
S
=3

L A L L U L A

ATLAS Preliminary

Data - Bkg
o

L L L L L 3
100 110 120 130 140 150 160



Many Potential Applications

e Generation/Simulation

* MC generation, e.g.
correlations in parton
shower*

o QCD*
e Reconstruction
* Particle tracking

* Calorimeter clustering

* Higgs analyses
* SUSY searches

* Predominantly quantum «

machine learning

(QML)

—

> theory
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*Covered in other talks
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Reconstruction



https://twiki.cern.ch/twiki/bin/view/AtlasPublic/ComputingandSoftwarePublicResults

Reconstruction
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CMS Public

o ReconStrUCtion algorithms Process Total CPU HL-LHC (2029/No R&D Improvements) fractions
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output to produce physics A
objects for analysis | (S pe—

* By 2030, reconstruction could take up
to 40% of CPU requirements due to
increasing pile up (additional pp

Other: 2%
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RECOSim: 23%

collisions)
Track reconstruction is expected to
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https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSOfflineComputingResults

Tracking Algorithms: Current Approaches
* Methods for track finding can be classified as either global or local

* Global:Treat all measurements simultaneously

* Hough, Legendre transforms, Hopfield networks, Graph Neural
Networks

* Local: Process measurements sequentially

* track road, track following, Kalman Filter

Silicon
Detectors

Nominal
Interaction !

Point
See e.g. Strandlie and Fruhwirth,

Track and vertex reconstruction:

From classical to adaptive methods

for a review



https://journals.aps.org/rmp/pdf/10.1103/RevModPhys.82.1419
https://journals.aps.org/rmp/pdf/10.1103/RevModPhys.82.1419
https://journals.aps.org/rmp/pdf/10.1103/RevModPhys.82.1419
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Tracking Algorithms: Current Approaches

* Tracking algorithms at the LHC generally follow a multi-step local track
following algorithms based on the Kalman filter

* Local algorithms can be parallelized (e.g. multithreaded, GPU), but execution
time scales with the number of tracks

* Tracking is a key element of events reconstruction, but increasingly also
in the trigger especially with the advent of even more specialized tracking
detectors for triggering

Example track reconstruction sequence Track reconstruction in the CMS trigger
(ATLAS) for HL-LHC

“Stub”

\

Track finding yTli




Tracking on Quantum Computers )

* Several groups have explored tracking
algorithms for quantum computers

\

TrackML’ﬁéiﬁEl&TLakc\

[ ) Be r (e I eY/ L B N L + TO I(yo’ D ESY, High Ener%;y Physicsi partmé&@mm

METU+CERN+Caltech

* Algorithms have been developed for
quantum annealers and digital
quantum computers

e Almost all studies here use the trackML
dataset

* Open dataset produced for a tracking
machine learning challenge (i.e. see if ML
experts can develop better tracking
algorithms)

* Many restrict the multiplicity and/or focus on
the central detector region and/or high pt

e, U.S. DEPARTMENT OF

o %
. S
YA S

fod
) &
SZiTEs g

Office of Science



https://arxiv.org/abs/1904.06778
https://www.kaggle.com/c/trackml-particle-identification
https://arxiv.org/abs/1904.06778

Algorithm I:
Quantum Associative Memory

(QUAM)

12


https://arxiv.org/abs/1902.00498

Tracking with Associative Memory

* Store possible track patterns directly in hardware

* Instead of running algorithms to reconstruct tracks, look up patterns of
hits
* Avoids combinatorial scaling

* Can be sensitive to changes in detector conditions

* Technique considered for hardware track triggers, e.g. Fast Track Trigger
(FTK) design for ATLAS

Pixels
& SCT |

Data 7]
%Form atter

Cluster
Finding

Core Crate
45°+10° in ¢

100 kHz
Event
Rate

Second Stage Fit (4 brds)
p Y

Track Data '
i e FLIC H
Raw Data > FTK ROBs |=HLT

ROBs FProcessing



https://cds.cern.ch/record/1552953?ln=en
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Quantum Associative Memory

* Theoretically proven asymptotic advantages of circuit-based QC

* Optimal™* recall of unstructured memories

e Optimal memory capacity

Strategy

* Memorize N patterns by assembling a quantum superposition of the basis

states:

N
=)

N
£, v, eC A N<2' A Z|a,-|2:1

* Apply generalizec
being recalled.

Grover’s algorithm to amplify the amplitude of a pattern

* Measure memory

*an algorithm is optimal if no other algorithm can outperform it by more than a

constant factor



Implementation

* Developed QuAM circuit generators implementing
the Trugenberger’s initialization and generalized

Grover’s algorithms

* Open-source quantum computing platform,

Qiskit

* Supported backends

* IBM QE cloud-based quantum chips [5Q
Yorktown/Tenerife, |4Q Melbourne, 20Q

Tokyo]

* Local/remote noisy simulators

Example: complete circuit for storing one 2-bit pattern

~H>1H

qr{0]
qr(1]
qr(2] o)
qr(3] o]
qr(4] o

qr(5]

|
- —
|
\
0
X X
cr o’

15
Storage QuUAM

OPENQASM 2.0;
include "gelibl.inc";
qreg qr[6];
reg cr[6];
x qr[3];
cx qr[3],.qr[e];

ccx qr[e],qr[3]1,qr[4];
ccx qr[1],qr[3]1,qr[5];
cx qr[1],qr[5];

cx qr[e],qr[4];

x qr[5]1;

x qrl[4];

ccx qr[5],qr[4],qr[2];
cu3(1.23095941734077,3.14159265358979, 3.14159265358979) qr[2],qr[3]
ccx qr[5]1,qr[4]1,qr[2];
x qr[5];

x qr[4];

cx qrl1]l,qri5];

cx qr[e],qr[4];

ccx qriel,qr[3],qr[4];
ccx qr[1],qr[3]1,qr[5];
reset qr[el;

eset qr[l];

cx qr[3],qr[e];

Retrieval QuUAM

?



https://qiskit.org/
https://arxiv.org/abs/1902.00498
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.87.067901
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Storage Capacity

Exponential storage
capacity (2d)
Requires 2(d+1) qubits to

64 128 | 256

130 | 258 | 514

operate
1019 | -1038 | -1077
£
108 e e S e on e .
5L+ QuAM: 2051 05n;-1) e 3
: « AM: n . o .
10* | - - - - ; cf: 1078-1082 atoms in
— 3 the known universe
a | g
100} ;
10} . g
1 1 1 1 l PR 1 | -1 13
0 5 10 15 20 25 30

Elementary Memory Units [n]




Algorithm 2
Quantum Annealing

Bapst et al, arXiv:1902.08324

https://github.com/derlin/hepgpr-qallse

17


https://arxiv.org/abs/1902.08324

Offline: Quantum Annealing b

* Formulate track reconstruction as an energy minimization problem
* Use quantum annealers from D-Wave to find the minimum

* Global algorithm
* Execution time ~independent of the number of tracks

* Formally, express problem as a Quadratic unconstrained binary optimization

(QUBO)
* Inspired from * but use triplets of hits instead of doublets as the qubits
* Encode the quality of the triplets based on physics properties.
* Pair-wise connections b act as constraints (>0) or incentives (<0)

* To minimize objective function, select best triplets to form track

candidates e |
bij-0 <— a & ignore conflicts non-exhaustive
\\\\ Ao »O’_>O/VO Qo _,—""O
T ________ k»o 4
) L %) X “Ao
Qno shared hits E\V
T eo-----»0 connected (4 hits)

*Stimpfl-Abele & Garrido, Fast track
finding with neural networks

) .
M/'O bij-C (> 0)

|
- 51510



https://www.sciencedirect.com/science/article/pii/001046559190048P?via%3Dihub
https://www.sciencedirect.com/science/article/pii/001046559190048P?via%3Dihub
https://www.sciencedirect.com/science/article/pii/001046559190048P?via%3Dihub
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Implementation arXiv:1902.08324

* Dataset: simplified TrackML dataset, focus on barrel, | + GeV, at least 5 hits
* Toy dataset, but representative of expected conditions at the HL-LHC
* QUBO solvers: gbsolv (D-Wave + simulation), neal (classical)

* D-Wave 2X (1152 qubits), D-Wave 2000Q (2048 qubits)

potential

doublets T

filter doublets

» kept triplets
create triplets solve / l _» precision
QUBO doublets <:
create quodruplets} 5 albsely L recall
score

L final doublets

forming track candidates

model building solving postprocessing scoring


https://arxiv.org/abs/1902.08324

Performance
1000 _\‘
g
/
500 '[
‘ —e— fake
) out of acc.
NS —e— real
l N . .
_s00 —e— missing
—1000 \X\

—1000 -500 0 500 1000

Doublets for a dataset of 2456 particles and
16855 hits

Timing
building: 0-20 min
solving: 0-12s (sim), 0=56 min (D-
Wave*)
*important time overhead with D-
Wave due to use of queues

Physics performance as a

function of occupancy using a
D-Wave 2X (gbsolv).

gbsolv+ simulation

100
90
. 80
X
70 trackml score
60 * |/fake rate
» efficiency
50
1000 2000 3000 4000 5000 6000
#particles/event
gbsolv+D-Wave
100
90
G 80
70 . |/fake rate
60 ® efficiency
e recall
50

20

1000 2000 3000 4000 5000 6000

#particles/event


https://arxiv.org/abs/1902.08324
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Reducing Fakes arXiv:1902.08324
* At multiplicities approaching the HL- oo
LHC, fake contribution becomes 800
significant 600
* Methods to reduce fakes > 200" f\ /

* tighten track quality requirements

* refining conflict & bias terms, e.g.

including vertex assumptions ’ N
Track quality Vertex assumptions
0.7 B real 100
mm fak o®

0.6 — & S, ;i.O; l.
0.5 = 0
0.4 o 9> - i . \.‘\ ®
- o~
0.3 90 @ trackml score
0.2 ® purity
0.1 e efficiency

5 6 7 9 10 1000 2000 3000 4000 5000 6000

8
track length (#hits) #particles/event



https://arxiv.org/abs/1902.08324

Further performance optimizations

* Further improvement of the purity of e : . ]
. 95— °
the algorithm ° o :
90
* Extend to expected HL-LHC *  Purity (neal '
o« e e, 85 e Purity (gbsolv)
mu |t| PI IC |t| (SN - 0 Efficiency (neal)
80 O Efficiency (qbsolv)
 Study performance using the Fujitsu N
s _o 818 1637 3274 4912 6549
Digital Annealer #Particles/Event
, , . Saito et al
* Annealing time is independent of the Density (%] | Ne. DA [rec] neal [sec)
CPU time Anneal time | total time
number of tracks 5 46 0.09 0.29 0.27
10 68 0.15 0.42 0.66
. 20 71 0.22 0.44 1.29
* Superior performance to DWave 0 | 7m0 0.45 246
60 73 0.94 0.45 4.29
. e . 80 74 1.79 0.46 7.49
* Recently initial studies for the LUXE 00 | 4 | 373 045 12.87
eXPeriment’ FunCI(e et a‘l Multiple scattering included
- 1_1:. T ] O.5Mulltipllelsc:atlterlin? ilncllu<fle$iI e
;g 1;_ W _; ?; 0_455_ - Conventional -¥ Eigensolver _E
g’ 0-9F E £ 04F avaE GNN E
3 08F = § 0.35F- E
‘g 0.7 = 03F E
LUXE 5 ot : 02 :
S04 - Conventional -¥ Eigensolver 3 0';‘::; E
0.3 & VQE GNN _E 0.0'5; v/v/v/" _§
°2éiéé7'§ oF I

s 100
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https://arxiv.org/pdf/2202.06874.pdf
https://inspirehep.net/files/976cf985e00c73e052acc17d9e425b13

Quantum Annealing

* An independent implementation of
quantum annealing using Hopfield

networks for tracking from Zlokapa et

al, arXiv: 1908.04475

e KDE to estimate connection
probability for a pair of hits

1.0
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Efficiency

0.2 A

0.0

o
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]
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¥ QA § SA @ Random

* ' L
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Zlokapa et al, arXiv:
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https://arxiv.org/pdf/1908.04475.pdf
https://arxiv.org/pdf/1908.04475.pdf
https://arxiv.org/pdf/1908.04475.pdf

, €9 Qiskit
Algorithm 3
Quantum Hough Transform

Preliminary study

24



Quantum Hough Transform

X-y space

iIntercept = ¢

m-c space

PV.C. Hough (1962), R.O. Dude, PE. Hart (1972), D.H. Ballard (1980)

Slide Credit: A.Yadav
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Implementation & Preliminary Results

Preliminary implementation within QISKit

Quantum Maxima Subroutine
Yes

20

based on GL Algorithm

Classical Sub-routine for

Encode Accumulator Measurement Result Extraction

Matrix [p) = H®"

TrackML Parameters i
E v

Tracks in 2D-plane | Apptly adjulfticl;)Ietppase ET;ggiccta’I\‘it’gf;‘;;‘ssth"OUQh N
— . : ) o to marked states
Accumulator Voting in Accumulator Matrix
\ y

Space for 8

Add phase to |o) states

L [c=0o ‘suo_umeu—’

tracks | No Yes——
: Vote count to Integer Mapping \ E
Calculate Polar | MeEsue _ | I
Coordinates | I
| No |

QHT.QPR

y

Label Mapping to Maxima

i

Reconstructed Track

Testing within a quantum simulator

Local Maxima Detection

vote counts

et al, arXiv:1908.0/943

Slide
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Credit: A.Yadav


https://arxiv.org/abs/1908.07943

Only Fake Edges (After Preprocessing) Only True Edges (After Preprocessing)
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Algorithm 4:
Quantum Graph Neural Networks

(QGNN)

CENK TUYsUz!?, FEDERICO CARMINATI?, BILGE DEMIRKOZ!, DANIEL DoBOS*,
FABIO FrRACAS®7, KRISTIANE NOVOTNY?, KAROLOS POTAMIANOS*®, SOFIA
VALLECORSA®, JEAN-ROCH VLIMANT®

! Middle East Technical University, Ankara, Turkey

2STB Research, Ankara, Turkey
3CERN, Geneva, Switzerland

4g9luoNNet, Geneva, Switzerland
SDESY, Hamburg, Germany

6 Lancaster University, Lancaster, UK
"University of Padua, Padua, Italy
8 California Institute of Technology, Pasadena, California, USA
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Quantum Graph Neural Networks

* GNNs for particle tracking are under development by a number of groups

* Recent studies of the application of QGNNSs to particle tracking

* Hybrid quantum-classical algorithm
* Encode the hit coordinates as angles

* Iteratively apply quantum edge and node networks to propagate
information to all detector layers

* Final application of the edge network classifies the segments

@
09
l'l\\l'l\‘: Node

28


https://arxiv.org/pdf/2103.06995.pdf
https://indico.cern.ch/event/1128328/
https://arxiv.org/pdf/2007.06868.pdf
https://arxiv.org/pdf/2003.08126.pdf
https://arxiv.org/pdf/2007.06868.pdf
https://link.springer.com/content/pdf/10.1007/s42484-021-00055-9.pdf

QGNN
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Quantum Machine Learning )
* Recently rapid development in the field of quantum machine learning
* As quantum circuits are differentiable, train by minimizing a cost function
* Two general categories have been explored
* Variational algorithms: classical optimizer to train quantum circuit
* Kernel methods: identify key features, e.g. support vector machines
* In most cases, implemented as classical-quantum hybrid algorithms

* Machine learning is used extensively in HEP, natural to explore if such
methods can be useful

* Not particularly constrained by computing power, but care about
obtaining ultimate performance

* However, HEP data has high dimensionality and uses large/complex machine
learning models

* Need to simplify problems to use current quantum computers


https://arxiv.org/abs/2005.08582

QML Examples

Background rejection

doi:10.1038/nature24047

Solving a Higgs optimization problem with quantum
annealing for machine learning

Alex Mott'*, Joshua Job>3#, Jean-Roch Vlimant', Daniel Lidar3* & Maria Spiropulu!
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Conclusion

* Quantum computing offers the exciting potential for the development of
new algorithms which could allow us to obtain better computational
performance, better physics performance or both

* Presented four different algorithms for pattern recognition on quantum
computers and a teaser about quantum machine learning for analysis

* Collectively provide proof-of-concept that quantum computers can
be used for track reconstruction

* Current algorithms are limited in their capacity by the number of available
qubits and their fidelity

* Track reconstruction algorithms will require large amounts of data to be
transferred to the quantum computers

* Thus, while such algorithms are promising, it is too early to conclude
about how large a role quantum computers will play for track
reconstruction at future high-energy physics experiments

Recent review: Gray and Terashi, 2022
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