Quantum Kernels Studies:
Metrics for Quantum Advantage and Quantum
Projection to Approximate Classical Representation.
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Kernel Methods for Support Vector Machine (SVM)

Non-linearly separable datasets may * This transformation is called a feature map
become linearly separable by including
new features.

Support

vectors

Hyperplane: wTx + b = 0 Hyperplane: wlo(x) +b =0
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Quantum Encoding

* Non-linearly separable datasets may « This transformation is called a quantum feature map
become linearly separable by including
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Quantum Kernel Estimation for SVM (QSVM)

We use quantum computer to: o—EH HEH T e HaHA=
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S. Moradi et al, Scientific Reports 12, 1851 (2022)
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Metrics for Potential Quantum Advantage

« Computations exponentially hard
classically &

«  Expressivity of QML hinder
generalization &

So far, results found with trial and error but
we need a reliable theoretical framework.

A priori methodology to assess quantum
advantage according to data and kernels

considered.
N
FKTHY
S HY. Huang et al, Nature Communication 12, 2631 (2021)
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Dissecting quantum prediction advantage

\

Geometry test

Can be
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constructed]
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Data set exists with potential
quantum advantage

Classical ML predicts similar or
better than thie quantum ML

i
Dimension test for Complexity test for
qguantum space specific function/label
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Classical ML Classical ML  Classical ML Potential  Likely
can learn can work/fail, canlearn & quantum Hard
any Ugnn QK likely fails  predict well  advantage to learn
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Real world datasets & Huang metrics

source = |ght source = sat
- ¥ Synthetic weather radar using hybrid
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quhbits qubits
Clinical data classification with noisy intermediate scale
quantum computers S. Moradi et al, Scientific Reports 12, 1851 (2022)
Dataset #Samples Imbalance Ratio #Features geco Reference
8 0.40
Pediatric Bone Marrow Transplant 2-year survival 134 0.33 2
16 0.60
@B, wisconsin Breast ¢ Mali beni 569 037 ’ 10
ISCONSIN Breas ancer Malign-vs-penign : —
ﬁégKTH%'%i 2 J 16 3.50
%%Xdéy} Heart Failure Mortality 300 0.5 8 042 2
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PQ (E3): g - large

Pr d ntum Kernel
ojected Quantum Kerne
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QML for HEP: Past and Future

b
Employing Quantum SVM Kernel method with IBM
. . . + +
statevector simulator for Higgs decays analysis. €, H
g Vo V,
| | . b
1.0 - . : 1.0 -
S Hop*p~ | B b
O T 00 bvents | N 1 8%® ! , ) g :
o 10 qubits ____| T B {3200events | i N\ __ q
0.6 [--------—+ L Sk Ve 0.6 r r ,
2 a | | | E j 10 qubls q
E 0.4}  All results are averaged over 30 runs E 0.4 Al; \::ﬂsual;sozre averaT:cov:rss;t; rur;soo? - . o
~—— SVM, 3200 events, AUC= 0.855 = 0.008 S ’ events, =0. + 0.
%' | —— BDT, 3200 events, AUC= 0.862 :0.007 'E? 02+ — BDT, 3200 events, AUC= 0.878 * 0.007 h I g h n Of featu res
2 0.2 ___ QSVM Kernel, 3200 events, & 7| __ QSVM Kernel, 3200 events, l b
AUC= 0.861 + 0.007 AUC= 0.886 + 0.006 high combutational
0. ' ' ' ' %99 02 04 o6 08 Lo : : |
%.0 0-2 5igor;:| acce?l;:ance 0-8 1.0 Signal acceptance h|g h ﬂo Of q u b|tS — Cogst for QI|D<
ng:% openlab gti machines
. S.L. Wu, QuantHEP Seminar, 11/2020 V. Belis, EPJ Web of Conferences 251, 03070 (2021)
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Conclusions

« Geometry and Complexity tests to assess for potential Quantum Advantage.

* Quantum Kernels can have too expressive power hindering generalization and
learnability.

* Only restricted embeddings allow to learn from data, these are called Projected
Quantum Kernels and are hard to reproduce by classical models.

Can QML bring a speed-up in data analysis for HEP?
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CERN Quantum Technology Initiative

Accelerating Quantum Technology Research and Applications
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Thanks!
» sofia.vallecorsa@cern.ch

* michele.grossi@cern.ch

e francesco.di.marcantonio@cern.ch
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