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Figure: Classical and Quantum Machine Learning: general workflows

Benchmarking Data Encoding Methods in Quantui

LAMFA - UPJV




Motivations

Quantum Data Encoding

The set of methods used to transform classical data into quantum data.

3

o The way in which data is encoded can significantly influence the results.*

IM. Schuld et al., “Effect of data encoding on the expressive power of variational
quantum-machine-learning models”, Physical Review A 103, 10.1103/physreva.103.032430 (2021),
http://dx.doi.org/10.1103/PhysRevA.103.032430.
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Angle Encoding

e Simple Angle Encoding?

(x1)0) — Rx(xa) — [¢1)
i)y = [9) = ®|¢, (>x2) [0) — Rx(>2) |— [¢2)
(x3) [0) — Rx(x3) — [¢3)
[7) = Re(x)[0) = cos % [0) — isin % [1)
(1)  n qubits encode n features

|wj>—RY(X1)|0>—COS \0)+sm 1)

2M. Schuld and N. Killoran, “Quantum Machine Learning in Feature Hilbert Spaces”, Phys. Rev. Lett.
122, 040504 (2019), https://link.aps.org/doi/10.1103/PhysRevLett.122.040504.
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Angle Encoding

e 7 Angle Encoding®
(>1)[0) [4h1) ( cos (§ —x) sin(§— x))
(x2)[0) )
(xs)10) ) _1 (1)
H|0) 7 )

[4j) = U(x)H0)
= cos x;j |0) + sinx; |1) (2)

n qubits encode n features

3A. Chalumuri et al., “A hybrid classical-quantum approach for multi-class classification”, Quantum
Information Processing 20, 119, 119 (2021).
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Angle Encoding

o Entangled Angle Encoding*

(x1)10) Ry(x1) P CNOT gate
G0 Brba) [ put  [00)  [01) [10) [11)
(x5) 0} Ri(s) & Output  [00) [01) [11) [10)

n qubits encode N features, n = N

4G. D. Luca et al., Empirical Power of Quantum Encoding Methods for Binary Classification, 2024,
https://arxiv.org/abs/2408.13109.
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Amplitude Encoding

N

N
Z|Xi|2:1v |¢>=ZXI'|/>, N=2" with n €N
i=1

i=1

Example®. x = (1/0.01,1/0.02, v/0.4,1/0.04,/0.03,1/0.2, 0.13,1/0.17)

51. Araujo et al., “A divide-and-conquer algorithm for quantum state preparation”,
10.48550/arXiv.2008.01511 (2020).
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Amplitude Encoding

From the input x of dimension N, a new vector x; of dimension &

5 is created such that

N
2

XN s xf = <\/|X[2k]2+x[2k+1]|2>

N
2

k=0

As long as dim(xq) is greater than 1, x is assigned x; and the procedure is repeated.

For each new vector x;, the rotation angles are calculated as follows:

2 arcsin (X[%[:]l]), if xi[k] >0

®3)
21 — 2 arcsin (ﬂik[—:]ll>, else.
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Amplitude Encoding

x? = (1/0.01,/0.02, /0.4, /0.04,/0.03, /0.2, /0.13,/0.17)

1
(1.63,2.63,1.70,1.91, 0.61, 2.40, 1.70)

10) —Re(1.63) :
(s} } }
0) } Ry(1.91) |—| Ry(0.61) |—| Ry(2.40) |—| Ry(1.70) |—

n qubits encode N data points, such that

-t <N<2 ifn=1,
2l N<2m ifn> 1.
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Instantaneous Quantum Polynomial (IQP) Encoding

One layer
0 10) ~—{ R H Ho [of)
! ZZ(x1x2) ox '
)0) - AL 1)
' ZZ(x2x3)
(*)[0) — Rz(xs) - = [v$)

e Originally introduced by®, these circuits generate probability distributions that are
believed to be classically inapproximable.

6D. Shepherd and M. J. Bremner, “Temporally unstructured quantum computation”, Proceedings of
the Royal Society A: Mathematical, Physical and Engineering Sciences 465, 1413-1439 (2009),
http://dx.doi.org/10.1098/rspa.2008.0443.
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Instantaneous Quantum Polynomial (IQP) Encoding

This method is capable of embedding N data points (xl,xz, e ,xj) into n = N qubits
such that
) = Uz BO" Uz H®" [0)®", (5)
where
_ hy kg "%y
Uz = exp <Z{;’1% —i= ZiZk + 15 ZJ>7 (6)
J

and Z; is the Pauli Z applied to the i*"-qubit.
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Our model

Embedding Classification

U(x)

(xn-1) [0)

(xa) 10)

Measurement

i)

o Cost function: cross entropy
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Datasets and preprocessing

e Wisconsin Diagnostic Breast Cancer (WDBC) dataset: 569 total instances (30
features), which include 357 benign cases and 212 malignant ones.

o Modified National Institute of Standards and Technology (MNIST) dataset:
60, 000 training images and 10,000 testing images of handwritten digits,

» MNIST 01,
» MNIST 08.
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Datasets and preprocessing

o Malware dataset: 163,279 instances, of which 86,798 are benign files

Datasets | Malware | MNIST | WDBC
Training 4000 4000 455
Test 2000 1954 114

o (Features, layers): (NF, ML), N € {4,6,8}, M {2,4}
@ We looked at training accuracy over 5 epochs with a learning rate n = 0.1

o We used Qiskit simulators from IBM
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Results - For 6 features, 4 layers

o Malware dataset

0.90

0.88

Train accuracy
o
@
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simpleangle —e— m4angle —e— Entangled —e— Amplitude —e— IQP

— Encoding Test | F1-Score
Simple A. 0.847 0.856
7-Angle 0.900 0.892
Entangled A. | 0.892 0.891
Amplitude | 0.883 0.876
QP 0.893 0.883
1 2 3 4 5

Epochs
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Results - For 6 features, 4 layers

o MNISTO1 dataset

simpleangle —e— m4angle —e— Entangled —e— Amplitude —e— IQP

1.00
0ol — _—
Encoding Test | F1-Score

098 Simple A. | 0.987 0.987
g . 7-Angle 0.991 0.992
E 0.97 Entangled A. 0.967 0.970
£ Amplitude | 0.995 0.995

0.96 IQP 0.935 0.943

0.95
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Conclusion and perspectives

@ Encodings such as 7-Angle and IQP need few features to return good accuracies

o Entangled Angle and 7-Angle Encodings returned the best results compared with the
Simple Angle Encoding, while the latter requires little epoch to achieve its best
accuracies

o Amplitude Encoding was better on several models on the Malware and MNIST
datasets, while on WDBC, it returned the lowest performance

o Perspective: interpret these results using Lie theory

THANK YOU!
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