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1. Model-independent searches and anomaly detection at the LHC.
- Motivation
- Unsupervised learning and anomaly detection

2. Quantum computing and machine learning.
- Motivation

3. Quantum anomaly detection results
- Detection of Gravitons and new Scalar bosons
- Benchmark against classical counterpart.
- Hardware Run.
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Conventional searches at the LHC

Define signaland backarowurnd

e.g.. ttH(bb) process at leading order
INn the semi-leptonic channel.

VB, et al,, Higgs analysis with quantum classifiers
ERT Web Conf, 251 (2021) 03070
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Model-dependent searches of Beyond
Standard Model (BSM) physics

Define...

~.analysis objects

Jets, Leptons, MET, ...

..Signal region
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Model-dependent searches of Beyond
Standard Model (BSM) physics
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Typical workflow: Model-dependent searches
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Motivating model-independent searches
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https://twiki.cern.ch/twiki/bin/view/CMSPublic/PhysicsResultsCombined

Motivating model-independent searches
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Quantum Machine Learning
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Hybrid quantum-classical algorithms

____NiSQpevice Noisy intermediate scale quantum devices
Cleticel . Quantum o imeasurement - Classical = Circuit width: limited number of qubits.
Data Input i Circuit i processing
| ; = Circuitdepth: limited number of operations
A | per gubit (small decoherence times).
Potential change of circuit parameters '
O111 + O, — Ve L[(O(x;0))] = Hardware noise.
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Hybrid quantum-classical algorithms

____NiSQpevice Noisy intermediate scale quantum devices
Cleticel . Quantum o imeasurement - Classical = Circuit width: limited number of qubits.
Data Input i Circuit ; processing
| ; = Circuitdepth: limited number of operations
A | per gubit (small decoherence times).
Potential change of circuit parameters '
O111 + O, — Ve L[(O(x;0))] = Hardware noise.

Quantum Machine Learning (QML) models for classification

Kernel methods :8;: ] [
Quantum Support Vector Machines : Ul@) U@E) @ = Ky =0|Ut(@)U(E)0)?
o) — L —

Variational/Parametrised Quantum Circuits 10—

Quantum Neural Networks : " Uene(®  G10)  Uews
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| [ |
layer 1 layer £

Current hardware limitations: feature reduction presently needed for realistic datasets.

Ge(0e) U GenilO)) & = (Oz )
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Why guantum machine learning? Why tor HERP?
Practical and exploratory answer

Investigate a new set of ML techniques to assess for advantages. Why not?
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Motivation

Why guantum machine learning? Why tor HERP?
Practical and exploratory answer

Investigate a new set of ML techniques to assess for advantages. Why not?

Fundamental motivation

Potentially, utilise the information and correlations (Quantum remnants) inherent in HEP data?
performance advantages?

Theoretical results

Generalisation with few data, computational speed-ups, uncover correlations unrecognisable
to classical methods

[M. Caro et al., Nature Communications 13, 4919 (2022)] [Y. Liu et al,, Nature Physics 17,1013 (2021)] [H.Huang et al., Science 376, 1182 (2022)]
[A. Abbas et al., Nature Computational Science 1, 403 (2021)] [H. Huang et al,, Nature Communications 12, 2631 (2021)] [N. Pirnay et al., arXiv: 2212.08678 (2022)]

Among others...
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Results

Finding new-physics in dijet events with QML
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Identifying new-physics with quantum models

Anomaly detection with quantum machine learning

features

Background: QCD multi-jet events. n = 300 per jet —— Too many for current hardware

G-sWWt A—HZ—>7Z/7
Tested BSM anomalies: Graviton & New Scalar Boson —— Multi-jet final state
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Identifying new-physics with quantum models

Anomaly detection with quantum machine learning

Background: QCD multi-jet events. n!®"® = 300 per jet —— Too many for current hardware.

G-sWWt A—HZ—>7Z/7

Tested BSM anomalies: Graviton & New Scalar Boson —— Multi-jet final state

Particle features ANOMALY DETECTION PERFORMANCE EVALUATION

n: Pseudorapidity

Kernel Machine

¢: azimuthal angle (1) ROC curve

Features —
pr: transverse
Ar]’ A¢’pT momentum ‘ FPR x
E E worlfing TPR
8 8 Hilbert space point
> s -
“ ] Clustering algorithms (2) Quantum VS Classical
2 QKmeans / QKmedians AQC)
LHC Collision RS
¢: X—>Z 0. Z—+X \/" ~
HEP data —

o oo 3 -: -
Beyond parameters
SM

ETH:urich

Suitable metric for
anomaly detection

Background rejection
@ working point

81:1(585 M)

Compare models

-1 .
Sacter = 21,
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Quantum clustering for anomaly detection

Construct clusters in the Hilbert space

Quantum distance calculation from clusters

State Preparation Controlled Swap
, . S0
) [F =
|v0) X
init ¢
) init ¢

Minimise the distance with quantum (QK-means) or
hybrid/classical (QK-medians) optimisation algorithms

ETH:urich
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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
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- N\ s 3 |O> 103 n ] 103k ]
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L ) L ) - 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 ——
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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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Kernel-based quantum anomaly detection

Unsupervised quantum kernel machine K;; = | (0|UT(Z;)U(%;)|0) |2

Designed data encoding circuit
G(0,9,)) € SU(2) Linear entanglement

— G (5, %0, 21) G (2o, 21,0) ——
— G (% T2 (L‘3) () G(ﬂ?g I3 0) —
e e I —_—
10)°" 1 e ()
I G(§ Tp—1 xn) () G(wn—l Tn 0) —
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Kernel-based quantum anomaly detection

Unsupervised quantum kernel machine K;; = | (0|UT(Z;)U(%;)|0) |2

Designed data encoding circuit Different BSM scenarios Different qubit number
~— T T T I T T T I T T T N T T T N T T T N ~— T T T N T T T N T T T N T T T N T T T N
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[K.AA. Wozniak* VB* E. Puljak* et al., arXiv: 2301.10780]
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Kernel-based quantum anomaly detection

Unsupervised quantum kernel machine K;; = | (0|UT(Z;)U(%;)|0) |2

Designed data encoding circuit Different BSM scenarios Different qubit number
~— T T T I T T T I T T T { T T T { T T T { ~— T T T { T T T { T T T { T T T { T T T {
9 Linear entanglement o 104 Anomalysignature — Quantum _| o 104 — Quantum
G(@, ¢, )\) < SU( ) & F — Narrow G - WW 3.5 TeV -~- Classical ] o e -— Classical ]
L r— A->HZ-ZZ735TeV ] L
- — Broad G - WW 1.5 TeV L. dim.
I G(gax(bxl) G(x07$170) — ! = atj]t";m
103 = 10°E R
- 4
— G(2,x2,x3) () G(CCQ,IIZ’?),O) _
A 102 El"\ E 107} E
10)°" 4 > () a ] :
10'E [ 101 4
N D O - E AUC Ouantum Classical ] E AUC Quantum Classical
| — 99.54+ 0.05| 99.34+ 0.06 | — 96.77+0.09|91.23+ 0.17
| — 94.70+0.11]93.29+ 0.13 ] | — 94.70+0.11 |1 93.29+ 0.13
—G (g, xn,l,xn) an G (zp—1,%4,0) — 100k — 47.62+ 0.52| 45.60+ 0.45 - . 100k 80.77+ 0.27 | 88.50+ 0.16 E
E L L L L L L L L L L L l L L L l L L L l = E L L L L L L L L L L L l L L L l L L L l 3
R 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
[K.AA. Wozniak* VB* E. Puljak* et al., arXiv: 2301.10780]

Instance of significant and consistent quantum performance advantage!

Very exciting and first of its kind result (HEP + Anomaly detection)!
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Quantum circuit properties vs. performance

Performance vs. circuit architectures
Analysing circuit depth (expressibility)
and amount entanglement

Importance of intrinsically guantum
properties of the feature map.

Up to five times the performance of the
classical model for 16 qubits!

ETH:urich

[K.AA. Wozniak*, VB* E. Puljak* et al., arXiv: arXiv:2301.10780]

] | | ] J ] | l

|
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Quantum hardware runs

Submit jobs to a real machine (ibm_toronto) using IBMQ cloud.
(CERN quantum-hub)

Map algorithm to hardware qubits. 3.
5 8 11

Minimal instance 100 + 100 (train + test) datapoints. é é
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Quantum hardware runs

Submit jobs to a real machine (ibm_toronto) using IBMQ cloud.
(CERN quantum-hub)

Map algorithm to hardware qubits.
5 8 11 14 16 19 22 25 @

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

Kernel Machine Run AUC (trp2> Purity of fully mixed state: 1/2" ~ (.39 x 102

(decoherence = loss of “guantumness”)

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

lassical : - i i
Classica 0.998 suitable for current devices
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Conclusions

Quantum anomaly detection for HEP

Fundamentally different way of data representation and processing.

Model-independent (unsupervised learning) approach for minimally biased searches of new-physics.

Promising results identifying a significant and consistent advantage in anomaly detection!
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Conclusions

Quantum anomaly detection for HEP

Fundamentally different way of data representation and processing.
Model-independent (unsupervised learning) approach for minimally biased searches of new-physics.

Promising results identifying a significant and consistent advantage in anomaly detection!

For more details checkout:

- KA Wozniak’, VB, E. Puljak* et al., Quantum anomaly detection in the latent space of proton collision
events at the LHC, arXiv:2301.10780

- J.Shuhmacher, L. Bogia, VB, et al. Unravelling physics beyond the standard model with classical and quantum anomaly
detection, arXiv: 2301.10787

Questions?

ETHziirich /M



Backup slides
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Basics of quantum information processing

Generic qubit operations (quantum gates)

The qubit: i
U=e"2 eSU2):

) = @ [0)+B|1) = cos (g) 0)+€%% sin (g) 1)

Ug, o, )

Construct all possible gates from U(0, ¢, \)

H=—

V2 1

0) H

1 1 1
1 -

)=v(F0m)

A

'

o

0)

W) = Z5(100) +[11))

Quantum Gate Universality [DiV95]: The above “building blocks” can construct any
quantum circuit acting on n qubits, i.e. SU(2™), operating on at most two-qubits at a time.
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Quantum gates and universality

Single qubit gates: Multi-qubit gates:
- A generic quantum gate can be - 2-qubit SWAP and CNOT (Control-X)
decomposed in a series of R, and gates and the 3-qubit Toffolli gate
R, [BBCT95]
1 0 0 0
U(8,6,) = R,(\R, ()R, (9) CX = (8 00 ?)
0 0 1 0

- Any control-U gate can be written as a
combination of CX, R, and R_ gates.

Quantum Gate Universality [DiV95]: The above “building blocks” can construct any
quantum circuit acting on n qubits, .e. SU(2™), operating on at most two-qubits at a time.
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Input € R100%3

Convolutional autoencoder architecture

Decoder

—)

L~

Controlled Swap

7

Conv 2D Lambda Un-

Expand Transpose Squeeze Normalize
€ R100x1x12 ¢ R1x3x1

c RIOOXS

|0)

7 ® /
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[ 4
° °
[ F el : Latent Space o o —]
o @ o
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H o ° °
~ @ o
® ® ® ® ® ]
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® @ o @ @
o o o o L 4
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|~ ® ] (] |~
o @ o
o o o
[ 4
) o |
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Normalize Lambda Conv 2D Lambda Conv 1D Conv 1D Avg Flatten Densec Dense € R*® Dense € RZ Dense € R Densec R?%* Densec R’ Reshape Upsample Conv 1D  Conv 1D  Lambda
Expand ¢ R1%3%12 Squeeze ¢ R3%16 € R3%20 Pool 1D ¢ [R960 c R48%20 1D Transpose Transpose
€ RIOOXSXI c RlOOxl? c R2 S ]R‘Z € R3><16
[ J (] [ ] L3
Unsupervised kernel machine Quantum clustering algorithms
Linear entanglement
State Preparation
G (3,20, 21) G (w0, 1,0) 1 )
|0)
G (3,22, 23) & G (w2,13,0)
[%0)
P N - init
®n U
0) (@) [1...n)
SR R ERES _ |#) ——| init ¢ }
N\ J
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Expressibility and entanglement capability

Expressibility [S. Sim, et al., Adv. Quantum Technol. 2 (2019) 1900070]

Low expressibility

<&
<

High expressibility

Idle circuit

0-(1)

10}

a)

b)

)

Circuit A

Circuit B

b
P T T T T T T T o 4 g 7
- —=— Uniform E c
—— Signal ]
= Background — 0.8 b
1 o R
] 0.4 N
E 0.2 —+— Uniform
—=— Signal
0.0l Background |

£ | I I I I I I I L
NEo; NE;y L=1 L=2 L=3 L=4 L=5 L=6 FE

| | ! I ! ! | ! !
NEo NEy L=1 =2 L=3 L=4 L=5 L=6 FE

>
»

Arbitrary unitary

0

C
S
x
g . 7
102 f' Uniform ?
£ ¢ Signal |
Background ="
103 Emo ’/.// S
- ‘ | | |
2 3 4 5 6 T
d :
— [T | | | | ‘
™ o014l N oo
\z/ 7 Background
~ i
5 0.012F 7
< L
=
0.010} y ]
4 ° 16
Ng

[K.AA. Wozniak* VB* E. Puljak*, et al.,, arXiv:2301.10780]



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

% g
°%1= Background

)

& 0.15

I

| -
064 &

0.10
0.4
0.05
0.2-I
|
for = bkg ei%iciency
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
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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

%)
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(&)
E Signal
5 g
°%1= Background
@)
2 0.15-
I
| -
064 &
0.10 -
0.4
0.05 -
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fpr = bkg efficiency
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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
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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

3
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K
o
= Signal
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064 &
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0.05 -
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fpr = bkg efficiency
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Quantum Support Vector Machines

SVM objective function is equivalent to
(dual Lagrangian):

n

0g © ° maximize L(cy,..., Zcz — —ZZyzcz Ti - Z;)Y;¢;
V)

=1 j73=1

subject to Zciyi =0, and 0 < ¢; < C, Vi
i=1

support vectors

Kernel trick: (& - T;) — k(T - &) = ¢(Zs) - ¢(T;)

Make the kernel guantum

Ut(&:)  U() D = Ky = [(0|UT()U/(&;)[0)[?

Input Space Feature Space 0) —— — -

*Can be generalised to unsupervised learning
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Quantum Neural Networks

Variational quantum algorithm workflow

Input

0 _ R W— e W S S
Trainingsgt :Oi | . L .. -~ = - - _
Cos;[tl;gfztlon Uenc(-’f) Gl (01) Uent Gé(ol) Uent Gl+1(0€+1) A = <Of’§>
Hybridloop l ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 1 e 0 o
' layer 1 layer ¢
= & Choose loss function
s o |1 Task dependent: e.g. classification, reconstruction,
€ . .
] B generative modeling.
3
> Optimizer 2. Embed classical data to circuit.
arg min
- 6
; s 30 Process quantum state with parametrized quantum
| gates.
Output
Probabiliy rseibuti
O Bittring 4. Update trainable parameters

Gate sequence
Quantum operator

Oi11 ¢ O — Ve L|(O(x;0))]

[M. Cerezo, et al. Nat. Rev. Phys. 3, 625-644 (2021)]
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