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laboratory for particle physics

Our goal is to understand the
fundamental particles and laws
of the universe.




CERN Quantum Technology Initiative
Launched January 2020

How can future guantum technologies contribute
02 /9wbQa aOASYUATFTAO Y

CERN
Quantum Technology
Initiative

Strategy and Roadmap

| 26 OFyYy [/ 9wbQa (SOl
contribute to the guantum revolution”

QTI Roadmap: _
https:// doi.org’10.5281/zenodo.5553774 https://quantum.cern
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Our areas of research

CERN QUANTUM
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The QTI Hub: &ollaborationframework for QT

-8y Enableaccess to diverse quantum technology and services

The QTI Hub

createsa , Provide aunified framework for all collaborative project€TI is setting

Community Of S ’ up with multiple partners.
partners % Establish a cleaeparation between commercial relationships and

investigating:he 2./ R&D collaborations

dlffel’t areaSOf ~ | , Facilitate followup and ensurenore efficient coordination of projects
quantum 1) » also across departments.

technologies

Allow formultiples approaches to IP protectioaccording to CERN policies
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QTIODbjectives

. Integrate quantum computersvithin HEP Develophybrid algorithmsfor realistic applications;

-.. computing model Contribute toinfrastructure development

Design Quantum Network demonstrators incorporat

\ Make CERN mode of the future European White Rabbitfor time synchronization;
I network infrastructure Characterizgperformance of communication protocol
in realistic use cases

Play a major role in the development of next Developsupercqndl_JctingRF cavitiedor sensing and
generation detectors for fundamental physics computing applications;

Significant contribution t&eCFA DRD&ogram

'\ Join the broader quantum ecosystem to multiply Setupco-development partnershipsvith companies,
impact institutes and other entities.
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Hybrid Quantum Computing..

-- rromBe—aAnGn v/,

~

Sustéinintqgration of quantum computingwithin HEP computing mddel

l ] 297 3

\\\\\

Understand‘the penformance of netgrm quantum\mfrastructure N

hybrid setups (HPC + QC; ..) DR "
Study sc}allng towa[d fault tolerant LR R ’ -'

| N\ |,
Most of th?se'developments are common to areas beyond HEP
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https://home.cern/science/computing

Main Quantum Computing Paradigms

Gatebased quantum computers  Analog quantum simulators Quantum annealers
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The ripple-carry adder for n = 6. F pmmm——m—

Solve task with an algorithm Embed task in a graph & solve Isingembed task in a Binary Quadratic
containing aseries of qguantum or QUBOformulation, using Model & solve Ising or QUBO
gates implementing any unitary dynamic qubit positioningut no or problems, usingtatic qubit

transformation poor local qubit control connectivityandlocal control
_——= = . s oo, geons ., ..
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https://algassert.com/quirk

Motivation
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Theory andsimulationschallenges

& hard scattering

A Weareinterestedin out-of equilibrium and reat
time dynamicproblems

(scatteringthermalisationor dynamics aftequenches

A Complexequation of statesand phasediagrams
(QCD)

A Standard Monte Carlsolutionsaretwo
expensiveor fail entirely

» partonic decays, e.g
t — HW

# parton shower
evolution

s colour singlets

Why do we think that Quantum Computersould be asolution to datasimulation
and dataanalysisin HEP ?

High Energyhysicsstudies quantumcorrelationsat high energy
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A shortdetourX
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nouncement of the 2022 Nobel Prize in Physics

NOBELPRISET | FYSIK 2022
THE NOBEL PRIZE IN PHYSICS 2022

H
i ! I
! i
| i i
Alain Aspect John F. Clauser Anton Zeilinger
Université Paris-Saclay & J.F. Clauser & Assoc., University of Vienna,
Ecole Polytechnique, France USA Austria

"for experiment med sammanflatade fotoner som pavisat brott mot Bell-olikheter och
banat vag for kvantinformationsvetenskap”

“for experiments with entangled photons, establishing the violation of Bell inequalities and
- joneering quantum information science”
#nobelprize & e
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The Belinequalities

A 1964:Bellinequalitiesprovethat no
theory basedon localhidden variables
(realism) canreproduceQM results

A Major stepconfirmingthe possibilityof
usingdistantentangledphotonsasa
guantum informationresource

A CreateW QI NI A FAOALI ffoka |j c
range of applications (single photons,
trapped ions, superconductors, etc.)

$

Quantum Technologies
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The highest "energy.
observation Of
guantum
entanglement

» Nature. 2024 Sep 18;633(8030):542-547. doi: 10.1038/s41586-024-07824-z (/

Observation of quantum entanglement in top quark pair
production in proton-proton collisions at /s = 13 TeV

The CMS Collaboration
Published 23 October 2024 - ® CERN, for the benefit of the CMS Collaboration

Citation The CMS Collaboration 2024 Rep. Prog. Phys. 87 117801
DOI 10.1088/1361-6633/ad7e4d

Typical entanglement
experiment with photons

eV KeV MeV GeV TeV

Observation of quantum entanglement with top quarks at the ATLAS

detector

The ATLAS Collaboration!

» Author information » Article notes » Copyright and License information

PMCID: PMC11410654 PMID: 39294352




QML concept and
examples
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Quantum Computing .A computer science perspective

Principles of qguantum mechanics enhance computations
Superpositionleads to parallelism? exponential speedup?
Entanglementd non linear correlation and classical intractability?
Operations (gates) are unitary transformaticnsreversible computing?

Output is the result of a measurement according to Born rilestochastic
computation ?

No-cloning theoremA, information security
Quantum state coherence and isolatioly computation stability and errors

Qubit state collapsesA reproducibility?
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A Speedup andcomplexity <o
A Sampleefficiency —

ARepresentationapower
. . Quantum
A Energyefficiency??? i

Finding
round States

Condensed
Matter

A Evaluateperformance orrealisticusecases

A QPUasacceleratorswithin classical
Infrastructure? Systems of Equations

T
Factoring
T
Principal Components

Studyclassical intractability
Focus on quantum circuits that anet efficiently simulableclassically?
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€ @] Classifiers

Generative
Models

Quantum Information

Quantum Metrology

Quantum Foundations

Cerezo, Marco, et al. "Variational guantum
algorithms."Nature Reviews Physics3.9 (2021)




Quantum Machine
Learning Lifecycle

Data

Preparation

The quantunadvantage Model , 5.:"“"?*"5‘""'.[ MOdeI
of manyknown QML Interpretation g - i Definition
algorithmsisimpededby |
an input or output
bottleneck

Model Model
Testing Training

z )\, QUANTUM
\ TECHNOLOGY
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Models

Variational algorithms (ex. QNN)

Gradientfree or gradient-basedoptimization
Data Embeddingan belearned

Ansatz design can leverage data symmetties

Praprocess Ang
pipeline

X

Cost function
v LinhVe
L Ve U(®)
|0} ] A Optimizer
Image credit ([ Tonture ep | " Cireuit

Swiss QuantumHub
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Kernel methods (ex. QSVM)

Feature mapsasquantum kernels
Classicakernel-based training(convexlosses)

|dentify classes of kernels that relate to speaifata

structureg
QUANTUM COMPUTING

quantum
Hilbert space

) .
. access via
measurements

Energybased ML (ex. QBM)

Image credit M. Schuld

Build networks oktochastichbinary units and
optimisetheir energy.

QBMhas quadraticenergyfunctionthat follows
the Boltzmandistribution (IsingHamiltoniar)

1 Bogatskiy, Alexander, et al. "Lorentz group equivariant neural netwogkifor particle
2 Glick, Jennifer R., et al. "Covariant quantum kernelsior

data with group strg&itﬁr
3Jerbi, Sofiene, et al. "Quantum machifie leaming b

kernel methods 4 . @rxiv:2110.13162 (2021). -



Parameter optimization

SimultaneoudPerturbation SochasticApproximation
(gradientfree)

If gradient computation not possible, too resouicéensive,

See C.Ri e g summes students lecture

O «

kel

€.~ aglo!
of v, f

(SPSA)

or noiserobustness required (slower convergence but fewer function evaluations)
Gradient is approximated by two sampling steps and parameters are perturbed in all directions simultaneously

r

ouJ'puim‘crhlrm’rbn
3[9k+ckbk) =9 (ég"ck bk)
e by

" _2(g)+¢"
3(9) 2(9) E't.,

516 =

https://pennylane.ai/gml/demos/
tutorial spsa

Iterative update rule comparable
classical stochastic gradient des

Ckzo, A (Ak”l)kzz oy, bkp)r perturbakon veor

(~ randomiy »
from 2erS- mean disir.)
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Model convergence in the guantum space

7

Gradientbased optimizationd dzZF F SNBR FNRBY £0F NNBy LX) I 0S|I dza ¢
Quantum NN are strongly affected
Needcompromised SU 6 SSY aLR2OSNE YR O2yOBSNHSYOS

J. McClean et al., arXiv:1803.11173
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Challenges for QML

A Efficientdata handlingand dat embedding
A Find balanceGeneralizatiorandrepresentational powervs.Convergencandintractability

A Problem of barren plateaus and vanishing gradients in optimization landscape

A How well can we supy the Hilbert spaceskpressibility?

A Current hardware limitations
A Limited number of qubits and connectivify data dimensionality reduction
A Quantum Noise Effect@lecoherence, measurement errors or gaéwel errors)

A Efficient interplay between classical and quantum computer

A Xo
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Typicaldata analysissetup Sucha problem canrequire

hundredsof feautre.

e+, u+
Signalvs backgroundliscrimination 9 Ve Vi
b
ADefinea numberof featuresthat distinguishsignalwrt b
g q
background q
AStudyandcharacterisahosefeatures b
ABuildcriteriafor improvingseparation 1o [T NI 0
210 : Resultsare givenin
g el terms of ROQ:urves
m-;.:d oz 04 06 — 08 Hﬂ / | —— QSVM (6 qubits): AUC = 0.676 + 0.017
Jet 2 Energy — s\a/rdgrr::eacrla/:gfcl; 0.672 + 0.017

QUANTUM 0 02 0% 0% o
C\ERN TECHNOLOGY 22.05.2025 Background Efficiency (FPR)
= INITIATIVE




Can QML leverage
the «exponential
advantage?»
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F. Di Marcantonio et al. , CHEP2023

Quantum embedding and kernel methods

A Createclassically intractable features
In the Hilbert space

A Estimate Fidelity kernel
AUse classicafaining (convex losses)

Hilbert spaceis exponentiallylarger 5'—'- Label @) =58 """‘(7-"‘5*‘1')f K (x:,2) *L’)

2\ |t t 2
X (2| = o"|U, . Us:. 0"
Sparsedata <@ ()12 @D <O | Uy, Ugy 1077

Lossof predictive power



Projected Quantum Kernel
l

. (%) Pl x;)
K* (ke x)- 3 JeLpeepets]
Project quantunkernelsto lower ) "
dimensionality(i.e. localdensitymatrix)*:

A Improvedgeneraliziorwhile keeping
featuresinto states classicallyard Prediction Error - tuned A, y

—e— RBF - N:2000
—e— FQ - N:2000

LPQ - N:2000
random guessing
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IHuang, Hsin-Yuan, et al. "Power of data in quantum machine learning." Nature communications 12.1 (2021): 2631.
2V Beliset al, (2021),Higgs Analysis with Quantum Classifi&B,J Web Conf



How dowe addressthe
limitations of current
guantum hardware ?
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V. Belis et al., arxiv: 2402.0952

GuidedQuantumCompression

(L=(1-NLr+)c)

600 features = ~fl
(Ma(2))

Twoindependent b)o_a.::‘:g: _
steps: - \ QuantumGuideddata
Classical s ' compresstion
preprocessingand ) '
guantum
classification ol EZZ‘," ‘

N\ QUANTUM
@“ f IQ) TECHNOLOGY
USZA INITIATIVE



Result

E 0.100-
" 0.050/

Guidedquantum - - GQC
Compr_essmn 0.010- Classical
greatlyimproves 0005, _ 2Step
the performance 0.020

- FPRCIassicaI - FPRGQC
0.010+

We can build & 0,000 &,/”J\Ax
efficienthybrid < T

systems for HEP

0.0 0.2 0.4 0.6 0.8 1.0
TPR
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Does entanglement
allow QML tolearn more
complexdistributions?
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. ATLAS Heavy Particle Searches™ - 95% CL Upper Exclusion Limits ATLAS Preliminary
n C a. rte I g n e r g y Status: July 2022 [£dt=(36-139) fo! V5=8,13TeV

Model {,y Jetst ET™ [rdtfp] Limit Reference
™ T T — Ty T — T T T
ADD Gkk +g/q Oepurty 1-4j Yes 139 Mp 112 TeV 2102.10874
ADD non-resonant yy 2y - - 36.7 Mg 8.6 TeV n= 3 HLZ NLO 1707.04147
ADD QBH - 2 - 139 | My, 94TeV n-6 1910.08447
ADD BH multijet - >3j - 36 | M 955TeV =6, Mp=3TeV, ot BH 1512.02586
RS1 Gyx — ¥y 2y - - 139 Gkk Mass. 45TeV kfMey = 0.1 2102.13405
Bulk RS Gk —+ WW/ZZ multi-channel 36.1 Gy mass. 23 TeV k/Mp = 1.0 1808.02380
Bulk RS Gyx — WV — frqq leu  2i/1J  Yes 139 | Gemass 2.0 TeV KM =10 200414636
Bulk RS gy — tt Tey 2102102 Yes 361 | gkxmass 3.8TeV rim=15% 1804.10823
2UED / RPP lep 22b,23] Yes 36.1 KK mass 1.8 Tev Tier (1,1), BALY = tt) = 1 1803.09678
SSM Z' — 2ep - - 139 |'Z"mass 1TeV 1903.06248
SSM Z' — 17 27 - - 36.1 Z' mass 2.42 TeV 1709.07242
Leptophobic Z’ — bb - 2b - 36.1 Z’ mass 2.1 TeV 1805,09289
Leptophobic Z* — tt Oeyp  21b,22J Yes 139 Z' mass 41 TeV F/m=12% 2005.05138
SSM W’ — iv Teu - Yes 139 | W’ mass 6.0 TeV 1906.05609
SSM W’ — v 17 - Yes 139 | W' mass 5.0 TeV ATLAS-CONF-2021-025
SSM W’ — th - >1b>1J - 139 | W mass 4.4 TeV ATLAS-CONF-2021-043
HVT W — WZ — [vggmodel B 1e.ut 2j/1J  Yes 139 | W' mass 43TeV 2004.14636
HVT W' — WZ - iy ¢ modelC 3e.qu  2j(VBF) Yes 139 | W’ mass 340 GeV ATLAS-CONF-2022-005
HVT W' — WH — fvbbmodelB  1e,u  12b,1-0] Yes 139 | W' mass 3.3 TeV 2207.00230
HVT Z' — ZH — mvvbb model B 0, 2 e.u 12b,10f Yes 139 |2 mass 3.2Tev g = 2207.00230
LRSM Wg — ulNg 1J - 80 | Wg mass 5.0 TeV m(Ng) = 0.5TeV. g = gr 190412679
- . Clgqqq - 2j - 37.0 |A 21.8TeV 7, 1703.09127
Clétqq 3 - - 139 | A 358TeV| 2006.12946
Cl eebs 1b - 139 A 1.8 TeV 2105.13847
Cl jypbs 1b - 139 | A 2.0TeV a 2105.13847
Cl teee >le, =1b>1] Yes 361 A 2.57 TeV |Cael = 4r 1811,02305
Axial-vector med. (Dirac DM) 1-4j Yes. 139 Mined 21 TeV £9=0.25, g, =1, m(y)=1GeV 2102.10874
Pseudo-scalar med. (Dirac DM) 1-4]  Yes 139 | Mumea 376 GeV £a=1, &,=1, m(y)=1 GeV 2102.10874
Vector med. Z*-2HDM (Dirac DM) 2b Yes 139 | Mimed 3.1 TeV tanfi=1, gz=0.8, m(y)=100 GeV 2108,13391
Pseudo-scalar med. 2HDM+a  multi- channe\ 139 Mined 560 GeV tanfis1, g =1, m(y)=10 GeV ATLAS-CONF-2021-036
Scalar LQ 1% gen 2e >2j Yes 139 LQ mass 1.8 TeV B=1 2006.05872
Scalar LQ 2" gen 2u z2j Yes 139 | LQmass 1.7 TeV A=1 2006.05872
Scalar LQ 3" gen 17 2b Yes 139 |LGymass 1.2 TeV BLQ; — br) 2108.07665
Scalar LQ 3 gen Qe =2j,22b Yes 139 [ Lod mass 1.24 TeV BLQ; = tv) 2004.14060
" " Scalar LQ 3" gen >2epm2lr=1j>1b - 139 LO’mul 1.43 TeV B(LQY — 1 2101.11582
Scalar LQ 3 gen Oequ, 217 0-2j,2b Yes 139 LQ:mwl 1.26 TeV BLQGE = br) =1 2101.12527
ost searchedocus onspecific SfEE At SRR o
VIQ TT - Zt + X 2elZp/z3ep =1 b, 21]  — 139 |IFmass 14 TeV SU(2) doublet ATLAS-CONF-2021-024
VLQ BB — Wt/Zb+ X multi-channel 36.1 Bmass 1.34 TeV SU(2) doublet 1808.02343
- VLA Ts/3 T3l ez — We+ X 2(SS)!>3 ep=1b21j Yes 36.1 Tsy3 mass 1.64 TeV B(Typz = W)= 1,¢( T3 We)=1 1807.11883
VLQ T — Ht/Zt Te 21b,23] Yes 139 T mass 1.8 TeV SU(2) singlet, k7= 0.5 ATLAS-CONF-2021-040
vLQ Y — Wb leu 21b21] Yes 361 |Ymass 1.85 TeV B(Y = Wh)=1, ca(Wb)= 1 1812.07343
VLQ B — Hb Oep =22b 21,210 - 139 B mass 2.0TeV SU(2) doublet, k=03 ATLAS-CONF-2021-018
VLL 7 — Zt/Ht multi-channel  >1] Yes 139 |t mass 898 GeV SU(2) doublet ATLAS-CONF-2022-044
Excited quark q° — qg - 2j - 139 |'q"mass 6.7 TeV. only u* and &, A = m(g") 1910.08447
Excited quark g* — qy 1y 1j - 36.7 q* mass. 5.3 TeV only u” and d°, A = m(g") 1709.10440
Excited quark b* — bg - 1b1j - 139 | b* mass 3.2 TeV 1910.0447
Excited lepton " 3e - - 20.3 A =3.0TeV 1411.2921
Excited lepton »* 3eput - - 20.3 A=16TeV 1411.2921
Type lll Seesaw 234ep 22 Yes 139 |'N®mass 910 GeV 2202.02039
LRSM Majorana 2u 2j - 36.1 Ng mass 3.2TeV m(Wg) = 4.1TeV, g1 = gr 1809.11105
Higgstriplet H** — W*W* 234 e u(SS) various  Yes 139 | H* mass 350 GeV DY produciion 210111961
Higgs triplet H** — ¢ 234 e u(SS) - - 139 H** mass DY production ATLAS-CONF-2022-010
Higgs triplet H** — /1 et - - 203 DY production, B(H;* — (1) =1 1411.2921
Multi-charged particles - - - 139 multi-charged particle mass 1.59 TeV DY production, |g] = 5e ATLAS-CONF-2022-034
Magnetic monopoles - - - 34.4 monopole mass 237 TeV DY production, |g| = 1gp, spin 1/2 1905.10130
ﬁ Vs=13 TeV V5=13TeV P | ' ' M | L P | L PR
i -1
partial data full data 10 1 10 Mass scale [TeV]

“Only a selection of the available mass limits on new states or phenomena is shown.
i Small-radius (large-radius) jets are denoted by the letter j (J).
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UnchartedHigh Energy
Frontier

No hints of physicsbeyondthe Standard
Model

Most searchedocus onspecific
theoretical modelsX

Need to cast the net wider!
X az2RSftf 1'3y2a0ArA0 !'y2Ylfé& 5SGSO0GA2:
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Belis V., GM, etal i COMMSPHYS-23-1149C

AnomalyDetectionon Quantum Computers

Quantum

ANOMALY DETECTION PERFORMANCE EVALUATION

Classical I ISR

flaggedasananomaly

Hybrld Features 5. S8
implementation: A
Useclassicatlata ‘

. ! ™R
compression Lo 2 |

Clustering algorithms 12} Quantum VS Classical
z QKmeans / QKmedians
e ¢: X—+Z 0: Z—+X @
Model Agnosticapproach HEP data e
A Trainusingbaseline data - Beyond
A Newphysicswill be ey
\ J
Y

Y ! !

«Normab Data Quantum Output
training data compression algorithm
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https://arxiv.org/abs/2402.09524v1
https://arxiv.org/abs/2402.09524v1

Belis V., GM, etali COMMSPHYS-
23-1149C

Performancedriven by intrinsically guantum properties

24 qubits SVM reachesl4x classicalmodel performance

/.p-xo_._,\.._'_._.’._._'_..‘.
Quantum/Classical o> —— @
ratio — I - n,=4 -@- n,=18
! O =8 e a0 Thisis a simulation
, - n,=16 -@- n,=24 .
Trendconfirmedon IBM
/,/‘""“""*'*""“""" QToronto
No entanglement i _/::.::::jjzzz::‘.::_:::t.-a
NP Isthis evidencefor
IS maikinnii guantum advantage?
¥ L
b ;:T:;::'if::;:?:;':f;:f:;::Tifflzzfﬂi?::;:sz"
| | || | 1 | | | | | | |

More expressive
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https://arxiv.org/abs/2402.09524v1
https://arxiv.org/abs/2402.09524v1

Can QMladdress
problemsof limited
data/resource®
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@“ f IQ) TECHNOLOGY 22.05:2025
USZA INITIATIVE



Kaiser, J., Xu, C., Eichlerefal. Reinforcement learningrained optimisersand Bayesiaroptimisation for online
particle accelerator tuningSci Refd4, 15733 (2024). https:Ho0i.org/10.1038/s41598024-66263y

Steering
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Michael Schenk et al., Hybrid actor -critic algorithm for quantum reinforcement learning at
CERN beam lines , e-Print: 2209.11044, under review Quantum Science and Technology»

Quantum reinforcement learning Di:WaVe
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Leveragingsymmetries
to Improve
convergence
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Equivariant Quantum CNN
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Non-convexity of loss landscape

Losdandscape plotted witlorgviz
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What about running
INn realistic
conditions ?
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Tiysuz, Cenk, et al. "Symmetry breaking in geometric quantum machine
learning in the presence of noise." arXiv preprint arXiv:2401.10293 (2024).

Noise induced symmetry breaking
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DP should not affect symmetry EQNN performance drops with AD Adaptive threshold classification
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Introducing Adaptive Thresholds

Apartfrom NoiseinducedBarrenPlateau andxponentialconcentrationsthe ADchannelexhibitsthe
largesteffect on theaccuracyperformance.

The ADchannelshifts the meanof the Zobservable this resultsin the modelhavinga biastowards one
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