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No cats and dogs exploited to explain this work

CMS Experiment at the LHC, CERN
Data recorded: 2022-Nov-18 15:50:14.858368 GMT
Run / Event / LS: 362293 / 24480852 / 27
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Why QML for HEP?

Forward

Inverse

Fundamental motivation
Utilise information and correlations inherent in HEP data.

Exploit “guantum remnants” in data.
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Why QML for HEP?
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Typical workflow: Model-dependent searches
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Motivating model-independent searches
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Motivating model-independent searches
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Motivating model-independent searches
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Unsupervised quantum kernel machines
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Unsupervised quantum kernel machines

“normal” data
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Unsupervised quantum kernel machines

“normal” data
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Results

Finding new-physics in dijet events with QML
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Anomaly detection with quantum machine learning

Particle features

n: Pseudorapidity

¢: azimuthal angle
Features

P nsverse
Aﬂ, A¢, Pr momentum

HEP data

Beyond

Background: QCD dijet events. 600 features per event
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Anomaly detection with quantum machine learning

Particle features

n: Pseudorapidity

¢: azimuthal angle
Features _
pr. transverse
Aﬂ, A¢, Pr momentum

HEP data

Beyond
SM
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Particle features
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Features _
pr. transverse

Aﬂ, A¢, Pr momentum

HEP data
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Anomaly detection with quantum machine learning

Background: QCD dijet events. 600 features per event ——Too many for current hardware.
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Anomaly detection with quantum machine learning
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Anomaly detection with quantum machine learning
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Unsupervised quantum kernel machine
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Unsupervised quantum kernel machine

Designed data encoding circuit
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Designed data encoding circuit

Linear entanglement
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Unsupervised quantum kernel machine

Designed data encoding circuit
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Designed data encoding circuit

0.2 0.4 0.6 0.8 1. 0.2 0.4 0.6 0.8 1.

o
o
o
o

Different qubit number Different BSM scenarios
. ~ I 1 I I I 1 1 1 I ~— 1 1 ! 1 1 1 ! I I 1 1 1 I
G(0, ¢, ) € SU(2) Linear entanglement '~ 10% = — Quantum o 104 | Anomaly signature — Quantum _|
o F L —-— Classical ] F — Narrow G » WW 3.5 TeV ——. Classical ]
G (5,20, 21) G (w0, 21,0) L E ENTH - — A HZ > Z77Z35TeV 1
E | Latent dim. | - — Broad G -» WW 1.5 TeV E
— 16 . i
s Vany °5
é G(2,{L‘27$3) U G(l‘z,ﬂfg,o) 103 ? _ i E 103 “"\ E
. Al _ i .
= | o ¥  [4() - ]
~ 102} E 2
3 1 102} |
] G(Z,xn717$n) () G(.Tn717$n,0) : : :
- < 10" 4 10 E
E AUC Quantum Classical E E AUC Ouantum Classical E
Y ~— 7/ ~\ - — 96.77+0.09|91.23+ 0.17 T - —— 99.54+ 0.05|99.34+ 0.06 ]
0) —D—— oo H . [ — 94.70%0.11 | 93.29: 0.13 1 . [ — 94.70+0.11]93.29+ 0.13 e\ 1
D 10YE 80.77+ 0.27 | 88.50+ 0.16 1QYF — 47.62+ 0.52 | 45.60+ 0.45 \
|O> I () oo ] E ! L ! ! l ! L ! P - ! | E ! l ! ! I B ! ! L L ! L

=)

|
<3
|
/1
3
%O
=
gom

(7) | =Ky = [0 UT@)U(F)]0) 2

o r— - H =
0 —{ Fbr - Are quantum effects utilized by the model?
—{Fro - H

ETHzurich 35



Unsupervised quantum kernel machine

Designed data encoding circuit

0.2 0.4 0.6 0.8 1. 0.2 0.4 0.6 0.8 1.

o
o
o
o

Different qubit number Different BSM scenarios
. ~ I 1 I I I 1 1 1 I ~— 1 1 ! 1 1 1 ! I I 1 1 1 I
G(0, ¢, ) € SU(2) Linear entanglement '~ 10% = — Quantum o 104 | Anomaly signature — Quantum _|
o F L —-— Classical ] F — Narrow G » WW 3.5 TeV ——. Classical ]
G (5,20, 21) G (w0, 21,0) L E ENTH - — A HZ > Z77Z35TeV 1
E | Latent dim. | - — Broad G -» WW 1.5 TeV E
— 16 . i
s Vany °5
é G(2,{L‘27$3) U G(l‘z,ﬂfg,o) 103 ? _ i E 103 “"\ E
. Al _ i .
= | o ¥  [4() - ]
~ 102} E 2
3 1 102} |
] G(Z,xn717$n) () G(.Tn717$n,0) : : :
- < 10" 4 10 E
E AUC Quantum Classical E E AUC Ouantum Classical E
Y ~— 7/ ~\ - — 96.77+0.09|91.23+ 0.17 T - —— 99.54+ 0.05|99.34+ 0.06 ]
0) —D—— oo H . [ — 94.70%0.11 | 93.29: 0.13 1 . [ — 94.70+0.11]93.29+ 0.13 e\ 1
D 10YE 80.77+ 0.27 | 88.50+ 0.16 1QYF — 47.62+ 0.52 | 45.60+ 0.45 \
|O> I () oo ] E ! L ! ! l ! L ! P - ! | E ! l ! ! I B ! ! L L ! L

=)

|
<3
|
/1
3
%O
=
gom

(7) | =Ky = [0 UT@)U(F)]0) 2

o r— - H =
0 —{ Fbr - Are quantum effects utilized by the model?
o —(F® - @ JE Yes!

ETHzurich 36



Quantum circuit properties vs. performance

Importance of intrinsically qguantum
properties of the feature map.
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Quantum circuit properties vs. performance
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Quantum circuit properties vs. performance

Importance of intrinsically quantum 93.5F | ' ] | | | ' ™
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Quantum hardware runs

Submit jobs to a real machine (ibm_toronto) using IBMQ cloud.

Minimal instance 100 + 100 (train + test) datapoints.

Superconducting qubits connectivity topology
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Quantum hardware runs

Submit jobs to a real machine (ibm_toronto) using IBMQ cloud.

Minimal instance 100 + 100 (train + test) datapoints.

Superconducting qubits connectivity topology

Kernel Machine Run AUC (trp2> Purity of fully mixed state: 1/2" ~ (.39 x 102
Hardware L = 1 0.844 0.271(6)

Ideal L =1 0.999 1 (trp?) = (K (24, 7;))

Hardware L = 3 0.997 0.15(2) p(zi) = U(2:)[0){0]UT (;)

Ideal L =3 1.0 1

Classical 0.998 -
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Quantum hardware runs

Submit jobs to a real machine (ibm_toronto) using IBMQ cloud.

Minimal instance 100 + 100 (train + test) datapoints.
z 5 8 11

Superconducting qubits connectivity topology

Kernel Machine Run AUC (trp2> Purity of fully mixed state: 1/2" ~ (.39 x 102
Hardware L = 1 0.844 0.271(6)

Ideal L =1 0.999 1 (trp?) = (K (24, 7;))

Hardware L = 3 0.997 0.15(2) p(zi) = U(2:)[0){0]UT (;)

Ideal L =3 1.0 1

Proposed data encoding circuit realistic and

Classical 0.998 - ) s
suitable for current devices
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Summary

QML + HEP : very promising results and interplay (sandbox).
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Input € R100%3

Convolutional autoencoder architecture
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Unsupervised kernel machine Quantum clustering algorithms
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Quantum clustering for anomaly detection

Construct clusters in the Hilbert space

Quantum K-medians

. . uantum K-means
Quantum distance calculation from clusters  _ I — Q S—

T T T T T T T T T — T T T T T T T T T T T T T T

o 1 04k Anomaly signature — Quantum — o1 0*Fk  Anomaly signature — Quantum =
o - — Narrow G - WW 3.5 TeV ——. Classical 7 o - — Narrow G - WW 3.5 TeV ——. Classical ]
T | — A= HZ-ZZZ35TeV i L [ — A HZ-ZZZ35TeV ’
. | — Broad G -» WW 1.5 TeV | — Broad G - WW.1.5 TeV
State Preparation Controlled Swap ! . =y -
- N\ s 3 |O> 103 n ] 103k ]
o) {1 : |
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— 10'E = 10"k =
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L ) L ) T AUC  Quantum Classical i [ AUC  Quantum Classical
[ — 97.68+0.04 | 97.82+ 0.03 - — 96.37+0.23]97.21+ 0.17
[ — 88.33:0.15(89.03+ 0.14 "~ | — 84.37+0.41]87.12+ 0.36 e ——
100} — 50.23+ 0.41 | 51.18+ 0.39 TN 100} — 49.02:049|49.742055 -
E L L L | L L L | L L L ‘ L L L ‘ L L L ‘ = o | | | | | | | | | | | ‘ | | | ‘ L L L ‘ .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
TPR TPR

o . . . [K.AA. Wozniak* VB* E. Puljak* et al., arXiv: 2301.10780]
Minimise the distance with quantum (QK-means) or

hybrid/classical (QK-medians) optimisation algorithms
Quantum and classical anomaly detection has

similar performance.
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Expressibility and entanglement capability

o

Expr

Expressibility [S. Sim, et al., Adv. Quantum Technol. 2 (2019) 1900070]
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Sparsity of the distributions in hardware

All models have sparse output distributions

when training size is low.

A.U.

101 .

[ Signal

[ Background

anoinr—ir 1 4+ i

-0.1

0.0

0.1 0.2
score

51 of 12

0.3




Performance Metric

« The normalised data samples are split into training, validation, and testing data sets.
Classification power metric: Receiver Operating Characteristic (ROC) curve.

More compact metric: Area Under Curve (AUC) of the ROC curve.

More practical metric: working point of an analysis €g(€s)

Test Statistic

1.0 7

%)

c 0.20

Q

8}

= Signal

=lq=) g
°%1= Background

)

& 0.15

I

| -
064 &

0.10
0.4
0.05
0.2-I
|
for = bkg eiiiciency
0.0" T T T T 1 0.00 | T T 1
0.0 0.2 0.4 0.6 0.8 1.0 5 0 5

€s

ETHzlirich 52 of 12 52



Performance Metric

« The normalised data samples are split into training, validation, and testing data sets.
Classification power metric: Receiver Operating Characteristic (ROC) curve.
More compact metric: Area Under Curve (AUC) of the ROC curve.
More practical metric: working point of an analysis €p(€s)
Test Statistic

1.0 7

%)
c 0.20
Q
8}
= Signal
% g
°%1= Background
)
& 0.15
I
| -
064 &
0.10
0.4
0.05
0.2-I
fpr = bkg efficiency
0.0 T T T T 1 0.00 | T T 1
0.0 0.2 0.4 0.6 0.8 1.0 5 0 5

ETHzlirich 53 of 12 53



Performance Metric

« The normalised data samples are split into training, validation, and testing data sets.
Classification power metric: Receiver Operating Characteristic (ROC) curve.
More compact metric: Area Under Curve (AUC) of the ROC curve.
More practical metric: working point of an analysis €p(€s)
Test Statistic

1.0 7

%)
c 0.20
Q
8}
= Signal
% g
°%1= Background
)
& 0.15
I
| -
064 &
0.10
0.4
0.05
0.2-I
fpr = bkg efficiency
0.0 T T T T 1 0.00 | T T 1
0.0 0.2 0.4 0.6 0.8 1.0 5 0 5

ETHzlirich 54 of 12 54



Performance Metric

« The normalised data samples are split into training, validation, and testing data sets.
Classification power metric: Receiver Operating Characteristic (ROC) curve.
More compact metric: Area Under Curve (AUC) of the ROC curve.
More practical metric: working point of an analysis €p(€s)
Test Statistic

1.0 7

3
c 0.20 -
K
o
= Signal
b= g
°%1= Background
[©)
& 0.15 -
[
| -
064 &
0.10 -
0.4
0.05 -
0.2-I
fpr = bkg efficiency
0.0 T T T T 1 0.00 |-/ T T 1
0.0 0.2 0.4 0.6 0.8 1.0 5 0 5

ETHzlirich 55 of 12 55



