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The Studied Process

The studied ttH(bb) processes at leading order,
including both signal and background.

This channel is called semi-leptonic since only
one of the W bosons decays into leptons.
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The Studied Process

The physical observables

Jets

« Quark production signature: jet production (QCD).

« Extra observable: b-tag, the probability that a jet
comes from a b-quark.

The studied ttH(bb) processes at leading order,
including both signal and background.

This channel is called semi-leptonic since only
one of the W bosons decays into leptons.
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The Studied Process

The physical observables

Jets

« Quark production signature: jet production (QCD).

« Extra observable: b-tag, the probability that a jet
comes from a b-quark.

Leptons
The studied ttH(bb) processes at leading order,
including both signal and background.

This channel is called semi-leptonic since only « Neutrinos cannot be detected at the LHC: missing
one of the W bosons decays into leptons. transverse energy and momentum.

o Lepton four-momentum for electrons and muons.
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The Studied Process

The studied ttH(bb) processes at leading order,
including both signal and background.

This channel is called semi-leptonic since only
one of the W bosons decays into leptons.

The physical observables

Jets

« Quark production signature: jet production (QCD).

« Extra observable: b-tag, the probability that a jet
comes from a b-quark.

Leptons
o Lepton four-momentum for electrons and muons.

« Neutrinos cannot be detected at the LHC: missing
transverse energy and momentum.

pleAtes — 7 % 8+ 1 x 7T+1 x4 =67
N e Vo
jets lepton MET
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Workflow

CMS Experiment at LHC, CERN

Data recorded: Tue Jul 14 11:47:11 2015/CEST
Run/Event: 251721 / 22303466

Lumi section: 21

b-tagged jet

MC Simulation
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Workflow
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Input for conventional
classifiers and our AEs

Classifier models use the normalised data to produce a test statistic:
« Conventional ML models: Boosted Decision Trees (BDTs), Deep Neural Networks (NNs) exploiting all input

feature correlations [ATL20, CMSI19] |
. State-of-the-art approaches for ttH(bb): graph and attention networks, etc. [C.Reissel@ML4Jets] : 0.74 -0.76 AUC.
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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.
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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.
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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.
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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.
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Motivation

Why qguantum machine learning for HEP?

« Heuristic answer: investigate the new set of ML techniques and methods available and
assess advantages.
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Motivation

Why qguantum machine learning for HEP?

« Heuristic answer: investigate the new set of ML techniques and methods available and
assess advantages.

« Fundamental motivation: can guantum models utilise the quantum correlations
iInherent in HEP data leading to performance advantages?

. Goal in “Statistics/ML jargon” [KBS21]: Find inductive bias based on prior knowledge
on the data generation (Quantum process for HEP data).

. If the bias can be constructed and is classically difficult to simulate » quantum
advantage.
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Motivation

Why qguantum machine learning for HEP?

« Heuristic answer: investigate the new set of ML techniques and methods available and
assess advantages.

« Fundamental motivation: can guantum models utilise the quantum correlations
iInherent in HEP data leading to performance advantages?

. Goal in “Statistics/ML jargon” [KBS21]: Find inductive bias based on prior knowledge
on the data generation (Quantum process for HEP data).

. If the bias can be constructed and is classically difficult to simulate » quantum
advantage.

« Example: guantum algorithm for HEP event shower simulation, produces accurate
results [NPdJB21]. Can simulate naturally the interference diagram.
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Support Vector Machines

SVM objective function is equivalent to (dual
Lagrangian):

. . mn 1 mn n . P
maximize L(cy..c,)= Z ¢T3 Z Z Yici(Z; 'fl?j)yjcj
i=1 i=1 j=1
n

subjectto D ci¥i=0,and0<¢; < Cforalli.

support vectors i=1

Kernel trick:  (Z; - Z;) = k(Z;,Z;) = ¢(Z;) - &(Z).
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Support Vector Machines

SVM objective function is equivalent to (dual
Lagrangian):

D% . . n 1 n n 5 %
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=1
n
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Support Vector Machines

SVM objective function is equivalent to (dual
Lagrangian):

. . n 1 n n y >
maximize L(c;...c,) :Zci - 522%%(% T 5)Y5C;
i=1 i=1 j=1

n

subject to Zciyi =0, and 0 =.e; <. € Tar all .

support vectors ;
pp 2=

Kernel trick:  (Z; - Z;) = k(Z;,Z) == ¢(Z;) - ¢(Z).
¢ ' e O
/\\b ® Make the kernel quantum:
O
ois®\e . ) — T ——
O 4 O 0) —— = _ |
ML VTTE @) @ = Ky = |0 @uE) o
Input Space Feature Space 0) —— — .
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Variational Quantum Circuits

Uenc(f)_ Gl (0_'1)_ Uent a : e Ge(é'e) [ ] Uent || Gg+1 (§g+1) | m = <Of,§>

|O>— — S | e — B - —

I I I I
layer 1 layer ¢

« Data embedding circuit (feature map) here is fixed.

« Layers of parametrised quantum gates - trainable parameters. .
« Qutput of the model » expectation value of an observable on the prepared state (7, 0))
e.g. measure the first qubit on the computational basis

O=0,0101---®1,

— — — — —

f(&,0) = (Y(&,0)| O [¥(7,0)) = (¥(Z)| GT(0)OG(0) [4)(&))

<O>f,§-

» Classification:if (0); 5 >0 - signal, otherwise background.
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Hybrid Quantum-Classical ML Classifiers

Noisy Intermediate Scale Quantum (NISQ) devices:

...... NISQDevice
Classical ; Quantum EMeasurement Classicaj ) CII’CU/t W/dth | | m |ted n U m ber Of q U bltS
Datalnput ~ | Circuit ; processing (superconducting qubits at IBM up to 127).
""""" S |

Potential change of circuit parameters
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Hybrid Quantum-Classical ML Classifiers

Noisy Intermediate Scale Quantum (NISQ) devices:

NISQ Device
Classical | Quantum - EMeasurement Classical o Circuit width: limited number of qubits
Data Input . Circuit ; processing (superconducting qubits at IBM up to 127).
""""" T | . . |
Potential change of circuit parameters o Circuit depth: limited number of operations per

qubit (small decoherence times).
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Hybrid Quantum-Classical ML Classifiers

Noisy Intermediate Scale Quantum (NISQ) devices:

NISQ Device
Classical | Quantum - EMeasurement Classical o Circuit width: limited number of qubits
Data Input . Circuit ; processing (superconducting qubits at IBM up to 127).
""""" T | . . |
Potential change of circuit parameters o Circuit depth: limited number of operations per

qubit (small decoherence times).

QML models for classification:

« Kernel methods: Quantum Support Vector Machine (QSVM).
. Quantum “Neural Networks™ Variational/Parametrized Quantum Circuits (VQC/PQC).
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Hybrid Quantum-Classical ML Classifiers

Noisy Intermediate Scale Quantum (NISQ) devices:

NISQ Device
Classical | Quantum - EMeasurement Classical o Circuit width: limited number of qubits
Data Input . Circuit ; processing (superconducting qubits at IBM up to 127).
""""" T | . . |
Potential change of circuit parameters o Circuit depth: limited number of operations per

qubit (small decoherence times).

QML models for classification:

« Kernel methods: Quantum Support Vector Machine (QSVM).
. Quantum “Neural Networks™ Variational/Parametrized Quantum Circuits (VQC/PQC).

To accommodate for NISQ limitations, feature reduction is needed.
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The Vanilla AE

...........................

Input Data |
Linear (in=67, out=64) ... " Linear (in=16, out=24)
ELU e ELU
Linear (in=64, out=52) .. w7 Linear (in=24, out=32)
ELU e ELU
Linear (in=52, out=44 Linear (in=32, out=44)
( ELU ) ENcope | 16 ’C;;Z’;zfgsace DECODE ELU |
Linear (in=44, out=32) > —> Linear (in=44, out=52)
ELU | ELU
Linear (in=32, out=24) Linear (in=52, out=64)
ELU ELU
Linear (in=24, out=16) .~ “-... |Linear (in=64, out=67)’
 / Tanh .l Tanh Y
i Reconstructed
Data

Loss function: Mean Squared Error (MSE) between the input data and the reconstructed data.

Luse = (y — f(x,0))?

The learning rate and the batch size were optimised for minimum MSE loss, yielding

0.0012 for the learning rate with 128 events per batch. 8/19
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The Vanilla AE

o o ——— Training Loss (average)
E Sig 0.014 1 Min: 3.96e-04 Validation Loss
8 =1 B kg 0.012 -
0.010 4
6 i
# 0.008
S
4- 0.006
0.004 4
i Lﬂ‘rr([
0.002 4
0+ rllih\ - . : 0.000 {__ = _ - - -
0 20 40 60 80
_1.0 _0-5 O-O 0-5 Epochs

Notable properties: irreqgular latent space, tendency to overtrain.

The loss obtained in this model shows a two fold improvement compared to the standard AE used
In the QSVM study at arXivi2104.07692 with a loss of

Lysg =4.77 1074
9/19
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The Variational AE

_____ Input Data_ |
Linear (in=67, out=64) ;Linear (in=16, out=24)
ELU i EWU
Linear (in=64, out=52) ¢ |Linear (lnE=L261, out=32)
ELU ; - - 1
Linear (in=52, out=44) Standsgjg ?: gssmn Linear (in=32, out=44)
ELU : . _ELU _
Linear (in=44, out=32) . v Linear (IHECS. out=52)
ELU - Linear (in=24, out=16) —
Linear (in=32, out=24) o =h(x) 16 latent space Linear (in=52, out=64)
ELU features - . ELU
: : Linear (in=64, out=67)
Linear (in=24, out=16) . _ _ _ _ _ _ ... Tanh
H=g(x) | Z=0&+ | ] e — :
————— = i Reconstructed :
Data

Loss function: Mean Squared Error (MSE) and the KL Divergence.

Lvag = (1 — a)Luse + oDk, (N(w, o), N(0, 1)) Dxr = q(x)llog (q(x)) —log (p(x))]

The learning rate and the batch size were optimised for minimum overall loss, yielding
0.001 for the learning rate with 128 events per batch, while a=0.5.

10/19
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The Variational AE

1 Sig 0.0175 4

E & ~— Training Loss (average)
2.0 Bkg Min: 5.62e-04 —— Validation Loss
0.0150 A
15 0.0125 A
0.0100 A
@
1.0 =
. 0.0075 A
0.0050 A
0.5
0.0025 A
0-0 0'0000- T T T T T T
-0.8 -0.6 -04 -0.2 0.0 0.2 0.4 0.6 0.8 0 20 40 60 80 100
Epochs

Further, the value of the weight was fine-tuned as well for the best raw reconstruction loss (MSE),
giving a=0.0005.

Lysg = 4.49 x 1074

1119
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The Classifier AE

Input Data § e
Linear (in=67, out=64) 16 latent space i Linear (in=16, out=24)
ELU features ELU
Linear (in=64, out=52) " Linear (in=24, out=32)
ELU ELU
Linear (in=52, out=44) " Linear (in=;_6, out=128) Linear (in=32, out=44)
ELU ELU ‘-," i i ELU
Linear (in=44, out=32) Linear (in=128, out=64) Linear (in=44, out=52)
ELU ELU : _ELU
Linear (in=32, out=24) Linear (in=64, out=32) Linear (in=52, out=64)
ELU & ELU “'.. : : ELU
Linear (in=24, out=16) Linear (in=32, out=16) Linear (in=64, out=67)
| Tanh ELU “ ...yanh 2
Linear (in=16, out=8) { Reconstructed |
ELU | i Daa
Linear (in=8, out=1)
Sigmoid |

Loss function: Mean Squared Error (MSE) and the Binary Cross Entropy (BCE).

N
1
Lear = (1 — o)Lmsk + olper Lece = — D yilog (p(yi)) — (1 —yi) log (1 — p(ys))
i=1
The learning rate and the batch size were optimised for minimum overall loss, yielding

0.001 for the learning rate with 128 events per batch, while a=0.5. )
12/19
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The Classifier AE

0.390 1

[ sig 14 b [ Sig —— Training Loss (average) —— Training Loss (average)
a) Bkg Bkg 0.009 1 [Min: 3.70e-03 Validation Loss Min: 3.58e-01 Validation Loss
20 0.385 -
12
0.008 A
0.380 4
15 10
0.007 1 0.375
8 " a \
g g \
10 6 0.006 - 0.370 A
0.365 1
. 4 0.005 - \
2 “\ 0.360
e 0.004 o
e — 0.355 4
0 0= = 25 35 . - - : - . .
—-0.2 —0.1 0.0 0.1 0.2 0.3 1.00 -0.75-0.50 —0.25 0.00 0.25 0.50 0.75 1.00 0 20 40 60 80 100 0 20 40 60 80 100
Epochs Epochs

Again, the latent space is irregular and prone to overtraining.

Further, a was fine-tuned as well for:
. the best raw reconstruction loss (MSE): a) a=3x10>.
. the best unweighted classification loss (BCE): b) a=0.6.

a) Lysg = 5.47%x10%  Lpcg = 0.63

D) Lpsg = 62.97x10°*  Lcg = 0.61

13/19
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The Sinkhorn AE

!} Input Target | Standard Gaussian Sample
i Input Data Linear (in!Z, out=64) Linear (in=g7, out=64)
Linear (in=67, out=64) [*. ELU | ELU ~“|Linear (in=16, out=24)
ELU ) Linear (in=64, out=128) . ELU
Linear (in=64, out=52) ELU " |Linear (in=24, out=32)
ELU’ ELU
Linear (in=52, out=44) Linear (in=192, out=256) Linear (in=32, out=44)
ELU ELU | _ EW
Linear (in=44, out=32) . Linear (in=256, out=192) Linear (in=44, out=52)
ELU ELU s : _ELU
Linear (in=32, out=24) - Linear (in=192, out=16) . Linear (in=52, out=64)
ELU ELU
¥ Linear (in=24, out=16) Linear (InT=6‘:1, out=67)
~~~~ an |
...... 16 latent space e e
~~~~~ features i Reconstructed
________________________ Data

Loss function: Mean Squared Error (MSE) and the Sinkhorn Loss.

Lsar = (1 — )Lmse + alsh Wc(q,p) = inf JJC(X>U)F(X>U)dXdU

refi(q,p)

The hyperparameters are optimised (a=0.5) yielding: learning rate of 0.001 with batch size 128.
14/19
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The Sinkhorn AE

20.0 [ Sig 0.0175 - |Min' 4.17e-04 —— Training Loss (average)
Bkg B —— Validation Loss
17.5 0.0150 4
120 0.0125 4 ‘
12.5
P 0.0100 A
10.0 S
0.0075 A
7.5
0.0050 A
5.0
0.0025 A
2.5
- 0.0000 &
~0.04 -0.02 000 002 004 006 z >0 o % = T

Epochs

The latent space is regularised but allows for divergences from a strict standard normal distribution.
The Sinkhorn regularisation is less strict than the variational one.

The a weight was fined tuned as well for lowest MSE, giving a=0.06 and a loss of

LMSE — 9.65)(10_4
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The Sinkclass AE

 Input Target | Standard Gaussian Sample
Linear (in!Z, out=64) ! Linear (in=t7, out=64)
ELU | ELU
i InputData Linear (in=64, out=128) - _
Linear (in=67, out=64) ., ELU _+|Linear (in=16, out=24)
ELU s ELU
Linear (in=64, out=52) . Linear (in=192, out=256) 7, [Linear(in=24, out=32)
ELU ELU 3 . ELU
Linear (in=52, out=44) . Linear (in=256, out=192) Linear (in=32, out=44)
ELU ELU : _ELU
Linear (in=44, out=32) ~. Linear (in=192, out=16) . Linear (in=44, out=52)
ELU ELU
Linear (in=32, out=24) Linear (in=52, out=64)
ELU 16 Iaﬁteent space = - ELeli =7
¥ Linear (in=24, out=16) atures Inéar (In=64, out=
eI S I— Tanh |
Linear (in=16, 0ut=128) Linear (in=32, out=16) ' Reconstructed |
ELU - | i Data i
Linear (in=128, out=64) Linear (in=16, out=8)
ELU ELU |
Linear (in=64, out=32) Linear (in=8, out=1)
ELU Sigmoid

Loss function: all of them!

Lscare = alsg + BLece + Lvsk 1619
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The Sinkclass AE

1.75 a) [ Sig b) [ Sig 0.145 Min: 1.19e-01 —— Training Loss (average) Min: 9.26e-04 ——— Training Loss (average)
Bkg 50 Bkg in: 1.19e- —— Validation Loss —— \Validation Loss
0.020 A
120 0.140 a)
40
1.25 0.015
0.135 A :
1.00 30 o
8 S
- 0.1301 0.010 A \
0.75 i
20
0.50 0.125 -
0.005 A
10
0.25
0.120 A
0.00 0 ; . . ; . ; 0.000 +— T T T - v
-1.25 -1.00 -0.75 -0.50 —0.25 0.00 0.25 0.50 —0.08 —0.06 -0.04 —0.02 0.00 0 20 40 60 80 100 0 20 40 60 80 100

The hyperparameters of the Sinkclass AE were optimised by first setting a=1and p=1,
yielding a learning rate of 0.001 and batch size of 128.

Then, the loss weights were optimised for
a) the lowest unweighted BCE.
o) the lowest unweighted MSE.

The obtained values are a) a=0.02 and B=0.2 and b) a=0.9 and p=0.0008.
a) Lysg = 2641 x10°4 Lgcg =0.65
O) Lysg = 24.69 x104 Lece = 0.61

Autoencoders
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AE, QSVM, and *Hybrid VQC

Autoencoder HP Optimisation MSE Loss x10~* BCE Loss ClassifierAUC QSVM AUC

Vanilla - 4.77 - - 0.56+ 0.01
Variational MSE 4.49 - - 0.56+0.02
o MSE 5.47 0.63 0.700+ 0.001 0.56+ 0.02
Classifier
BCE 62.97 0.61 0.734+0.002 0.72+0.01
Sinkhorn MSE 9.65 - - 0.51+0.01
. MSE 26.41 0.65 0.642+ 0.003 0.50+ 0.01
Sinkclass
BCE 24.69 0.61 0.734+ 0.002 0.74+0.01

Modd BCE Loss AUC
Encoder + VQC 0.61 0.702+ 0.004

Input data O




AE, QSVM, and *Hybrid VQC

Autoencoder HP Optimisation MSE Loss x10~* BCE Loss ClassifierAUC QSVM AUC

Vanilla - 4.77 - - 0.56+ 0.01
Variational MSE 4.49 - - 0.56+ 0.02
e MSE 5.47 0.63 0.700+ 0.001 0.56%+ 0.02
Classifier
BCE 62.97 0.61 0.734+ 0.002 0.72+0.01
Sinkhorn MSE 9.65 - - 0.51+0.01
. MSE 26.41 0.65 0.642+ 0.003 0.50+ 0.01
Sinkclass
BCE 24.69 0.61 0.734+ 0.002 0.74+0.01 |
O . + VQC
o ESham . ) Modd BCE Loss  AUC
20 O] Une(@) GO) B = f(70) = (0,7
30 HOH— Encoder + VQC 061  0.702:0.004
&

Sinkclass AE shows best performance when considering both
reconstruction power and classification power.

It even matches the classical state-of-the-art result!
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AE, QSVM, and *Hybrid VQC

Autoencoder HP Optimisation MSE Loss x10-4 BCE Loss ClassifierAUC QSVM AUC Results from: https://doi.org/10.1051/epjconf/202125103070

Ntrain=576, Nt=720 (x5)

1.0
Vanilla - 4.77 - - 0.56x 0.01
Variational MSE 4.49 - - 0.56+ 0.02 08
. MSE 5.47 0.63 0.700+0.001  0.56x 0.02 _
Classifier £
BCE 62.97 0.61 0.734+0.002  0.72+0.01 506
Sinkhorn MSE 9.65 i i 0.51+0.01 :
. MSE 26.41 0.65 0.642+0.003  0.50+0.01 g
Sinkclass ’
| BCE 24.69 0.61 0.734+0.002  0.74+0.01 | . )
I 7 QSVM (4 qubits): AUC = 0.657 = 0.014
< —— SVM rbf: AUC = 0.651 = 0.010
o S Random Classifier
Qﬁ 0g
[@L = .0 0.2 0.4 0.6 0.8 1.0
B Oﬁ""i; Background Efficiency (FPR)
S0 Modd BCE Loss  AUC 1oi°"=3000. V=720 ()
4+
20 Encoder + VQC 061  0.702+ 0.004
< O~ 0.8
O =
n|:>-‘0.6
Sinkclass AE shows best performance when considering both EM
reconstruction power and classification power. 5
—_— AUC + VQC(8): AUC = 0.6625 + 0.0149
02 ~ AUC + RF(8): AUC = 06622 + 0.0153
It even matches the classical state-of-the-art result! 1 g Res i AUC - 0.6960 £ 00135
P Random Classifier
0.0
%.0 02 Backgrg.u“nd Efficie%gy (FPR) o8 Lo 18/-' 9
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AE, QSVM, and *Hybrid VQC

Autoencoder HP Optimisation MSE Loss x10-4 BCE Loss ClassifierAUC QSVM AUC Results from: https://doi.org/10.1051/epjconf/202125103070

Ntrain=576, Nt=720 (x5)

1.0
Vanilla - 4.77 - - 0.56x 0.01
Variational MSE 4.49 - - 0.56+ 0.02 08
. MSE 5.47 0.63 0.700+0.001  0.56x 0.02 _
Classifier £
| BCE 62.97 0.61 0.734£0.002 072+ 0.01 | =y 50°
Sinkhorn MSE 9.65 i i 0.51+0.01 :
. MSE 26.41 0.65 0.642+0.003  0.50+0.01 .
Sinkclass ’
BCE 24.69 0.61 0.734+0.002  0.74+0.01 | _— .
I 7 QSVM (4 qubits): AUC = 0.657 = 0.014
< —— SVM rbf: AUC = 0.651 = 0.010
o o Ve Random Classifier
O\ °%’% 02 0.4 06 08 1.0
B Oﬁ""i; Background Efficiency (FPR)
S0 Modd BCE Loss  AUC 1oi°"=3000. V=720 ()
4+ e ——
20 Encoder + VQC 061 0.702+ 0.004
< O~ 0.8
O =
%‘0.6
Sinkclass AE shows best performance when considering both EM
reconstruction power and classification power. 5
—_— AUC + VQC(8): AUC = 0.6625 + 0.0149
02 ~ AUC + RF(8): AUC = 06622 + 0.0153
It even matches the classical state-of-the-art result! T oo Regs AUC 06060 2 00135
N Random Classifier

0.4
.0 0.2 0.4 0.6 0.8 1.0
Background Efficiency (FPR) -I 8/-' 9


https://doi.org/10.1051/epjconf/202125103070

Conclusions and Outlook

summary: oAt
o 0.60F R G
5 o
« State-of-the-art performance of the developed hybrid data § 0.55¢- ROV
. o : :
compression models. < 0.50F B
. . . . . : : R i 6
« Feature reduction is crucial, training classical + quantum atthe same g4t o & "fea®s ]
time yields better results (hybrid VQC) than step-wise training. 000 005 010 o1z o020
Error rate
/\ One-gate Error
{ CNOT Error
QO Readout Error
19/19



Conclusions and Outlook

0-65"%68@%‘3“8‘ 000 0 0.0 .0
Ssummary: SRCV I
o 0.60F R &
S : ®:
« State-of-the-art performance of the developed hybrid data g’ 0.55¢- ROV &
. O :
compression models. < o.50k DS ST S S
. . . . . : : R 6
« Feature reduction is crucial, training classical + quantum atthe same g4t o & "fea®s ]
time yields better results (hybrid VQC) than step-wise training. 000 005 010 o1z o020
Error rate
Ongoing work: A\ One-gate Error

{ CNOT Error
« Simulations including hardware noise and real hardware runs.

« Anomaly detection (AD) for model independent searches of new physics:
« Kernel based models.

O Readout Error

INn preparation: Hybrid VQC for Higgs identification (presented in ACAT 2021)

Future work:
« Quantum branches (QSVM+VQC) on developed networks for feature reduction and AD.
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Thank You!



Backup slides.



Event Selection

A set of selection cuts were applied to the simulated data to reduce additional backgrounds:

1. Electrons: pt > 30GeV, Inl<2.1
2. Muons: pt > 26GeV, Inl<2.1

3. Jets: pt > 30GeV, Inl<2.4

Furthermore, each event must contain at least 4 jets, 2 b-tagged jets, and exactly 1 lepton.
Finally, the 7 most energetic jets are selected, allowing for an extra jet to account for possible
final state radiation. The variables in the analysed data set are as follows:

1. Jet related features: (pt, n, ¢, E, b-tag, px, Py, Pz)
2. Leptonic features: (pt,n, ¢, E, px, py, pz2)

3. Missing energy related features: (¢, px, Py, Pg)

Classification



Classification with conventional methods

N(train): 1827808, N(test) 456952

1.0 « Assess performance of realistic HEP
//// approaches on generated our data set.
o
0.8 /;Z:'/ « Full CMS simulation yields higher
/,:j,f"' classifier performance.
- 7 .
Eo,s- /,/':,:"' « Models trained on full set of input
e Yyl features (67) and a reduced set (16) »
;.E:’_) /,//" benchmark.
S oa A
S /;f’/ « Measure of information loss
" /,/;'/ (discriminating power reduction).
0.2 ,,/{/"/ —— DNN, AUC = 0.704 + 0.001
/A DNN(latent), AUC = 0.623 * 0.002
)/ .~~~ BDT, AUC = 0.691  0.001
A BDT(latent), AUC = 0.652 + 0.002
%90 0.2 0.4 0.6 0.8 1.0

Background Efficiency (FPR)

Classification



VQC circuits

Data encoding for the VQC model [HCTea19]:

Parametrised quantum circuit (QNN):

qo — RY RY RY RY RY
6[0] o[4] 6 o[12] o[16]
g1 — Ry Ry Ry Ry Ry
or1] o151 o[9] 6[13] 6[17]
q; — Ry Ry Ry Ry ' Ry —
612] 616] 6[10] o[14] 6[18]
gs — Ry Ry Ry Ry Ry _
6I3] 6[7] 6[11] o[15] 6[19]

Classification



QSVM Circuit
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Conventional FR

Modd AUC C Feature Extraction Type
[Bernoulli Restricted Boltzmann Machine  0.651 = 0.016 001  Neural Network |

Locally Linear Embedding 0.533 = 0.014 0.01 Manifold Learning

Spectral Embedding 0526 £ 0.013 0.1 Manifold Learning

I ndependent Component Analysis 0.528 £ 0.006 0.01 Linear

Non-negative Matrix Factorisation 0.599 + 0.013 0.001 Linear

Principal Component Analysis 0541 =+ 0015 10 Linear

Best results obtained with Bernoulli Restricted Boltzmmann Machine:
This method is very close to an autoencoder.



Quantum machine learning classifier models

Kernel-based models (Quantum Support Quantum Neural Networks (Variational
Vector Machines): Quantum Circuits):

- Convex optimization tasks. - Non-convex optimization.

- Typically required circuits are deeper. - Vanishing gradient problem (Barren

- 0(n2) complexity construction of the kernel plateaus).

matrix elements. - 0(n) complexity.

Encoding (embedding) the classical data in a guantum circuit [SP18]:

Amplitude encoding: exponentially decrease the needed number of qubits but
have deep circuits.

Angle (direct) encoding: map each feature to a separate qubit shallow but wider circuits.

Data re-uploading [PSCLGFL20]: repeat any data embedding circuit.

Classification



Basics of quantum information processing

The qubit: Generic qubit operations (quantum gates)
U =&tz g SU(2):

|Y) = a|0)+5|1) = cos (g) |0) + e sin (g) 1)

0 N i 10
U(b, ¢, \) = (equossi](f()g) ei(§+/\)sz;lgs(69)))

2

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

neiG A)=v(Gon

0) H A

e
g
Pany
>

) = L(100) + [11))

\v}




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
U6, 6,)) = R,(NR,(0)R,(¢) CX = (8 i ?)
| | 0 0 1 0
- For hardware implementation:
gates that have a direct physical combination of CX, R, and R, gates.

operation analogue on the device.

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.



Hardware Preliminary Results

IBMQ noise Run 1 Run 2 Run 3 Run 4 Run 5
model

belem 0.6598 £0.0181 0.6508 £0.0183 0.6571 £0.0209 0.6582+0.0186 0.6561 £ 0.0192
bogota 0.6590 £0.0181 0.6598 £0.0191 0.6608 + 0.0205 cluster error 0.6576 £ 0.0169
lima 0.6574 £0.0179 0.6577 £0.0187 0.6582+0.0194 0.6578 £0.0189 0.6551 £ 0.0175
manila 0.6592+£0.0198 0.6576 £0.0209 0.6515+£0.0188 0.6585+£0.0190 0.6586 + 0.0197
quito 0.6558 £0.0218 0.6579 £0.0196 0.6567 £0.0178 0.6586 £0.0197 0.6567 = 0.0208
santiago 0.6562 £0.0197 0.6580+0.0188 0.6603 £0.0204 0.6602+0.0181 0.6577+0.0184
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