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Agenda

* Quantum Computing Overview

* Quantum Machine Learning

* Data Encoding and Mapping

e Near-term methods: QSVM, QNN, QGAN, PQK



Quantum Computing
Overview



Quantum bits (qubits) and quantum circuits
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* |Interference allows us to increase the

probability of getting the right answer
and decrease the chance of getting the

wrong one.

Quantum computing
uses essential ideas

from quantum

mechanics
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Quantum applications
span three general
areas

Simulating Quantum Systems Artificial Intelligence Optimization / Monte Carlo



Quantum Machine
Learning



Machine Learning and Quantum Machine
Learning

Type of Algo rithm Considerations beyond “the straightforward”
Processing Device L . .
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T CQO _8 Information research, or “Quantum-Inspired”
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Maria Schuld, Francesco Petrruccione
“Supervised Learning with Quantum Computers”, Page 6
g & ? g & QO: closely related to CQ. Data can be
measured from quantum system or dataset

can be Quantum States



Quantum Machine Learning in a Nutshell

Classical Quantum
Dataset D Dataset D One Qf the most important parts of QML
New input X New input X Algorithms
Machine -earning QU s Eallnls Encoding strategies
Algorithm Learning Algorithm

Qubit-Efficient State Preparation

Encode data in Superposition

Amplitude-Efficient State Preparation

Predictiony Prediction’y Example encoding methods
Basis encoding

M. Schuld, F. Petruccione: Supervised Learning with Quantum Amplitude/angle encoding
Computers

M. Schuld. N. Killoran: arxiv 1803.07128 Encode dataset via Hamiltonian

Data Encoding as a Feature Map |



Near-Term and Fault-Tolerant
M e‘t h Od g Emerging Approach - Third Wave

Based on deeper understanding of ML Potential of Quantum
phenomena

Combine the CML knowledge with Quantum Information Theory

Train Quantum Models we cannot simulate any more ...
Q Y > 2021

Near Term Approach - Second Wave

“What type of ML Model fits the physical characteristics of a small-scale
Quantum Device?”

New Models and Algorithms derived > 2017
“Empirical” and “Heuristic” mindset

Long Term Benefit — First Wave
Assumes Fault-Tolerant Quantum Computers
> 2013

Rather “Academic” and “Mathematical”
mindset
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Near-term QML algorithms

Quantum SVM
Classification/regression tasks
Quantum kernel estimation method

Benefit: quantum feature space

Key paper: Havlicek et al, Nature 567, pp
209-212 (2019)

Quantum Neural Networks

Classification/regression tasks

Variational quantum circuits

Benefits: model expressibility,

resilience to barren plateaus

Key paper: Abbas et al, Nature Comp. Sci. 1,

pp 403-409 (2021)

feature
map

variational
model

measurement

flZ)=Yi

Quantum GANs

Data generation tasks

Quantum/classical neural networks

Benefits: efficient data sampling

Key paper: Zoufal et al, npj Quant. Info. 5,
no: 103 (2019)

Generator

Gp

generated data samples
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training data samples
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I
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Discriminator —_—
Dy
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classification:
real / fake



Projected Quantum
Kernel



Classical ML
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Projected quantum kernel

Power of data in quantum machine learning

Hsin-Yuan Huang, Michael Broughton, Masoud Mohseni, Ryan Babbush, Sergio Boixo, Hartmut Neven &

Jarrod R. McClean &2

Nature Communications 12, Article number: 2631 (2021) | Cite this article
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Classical

Dataset D
New input x

Machine Learning
Algorithm

Predictiony

Quantum

Dataset D
New input x

Quantum Machine
Learning Algorithm

Prediction?y

)

Quantum + Classical

Dataset D
New input x

Machine Learning
Algorithm

Predictiony
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Fault-Tolerant OML

Are Quantum Computers - “Traditional Approach” to QML, assuming abundance of perfect Qubits © [

[Subritted on 1Jul 2013 (v1), last revised 4 Nov 2013 (this version, v2)]
Woi I ale el e A R=leleatlated| + "\ OT novel methods, but novel implementations of the SAME METHODS 3{‘:::;‘;:"\,i‘;'g:;‘;‘:;ﬁnf::esa”rﬁﬁ:;'seda"d
than Classical Computers? |1 Quality of Algorithm judged thru asymptotic computational complexity S

Quantum ‘BLAS

Amplitude Encoding
* Runtime: O0(log(N.M)) with N = 2"

* HHL: Invert Data Matrix:
. w=X"'Xx)"1x"y
* Linear Regression

* [Quantum Data Fitting - N.Wiebe, D. Braun, S-Lloyd - 2012]

e SVMs: Invert Kernel Matrix

 Classification

« [Quantum SVM for Big Data Classification - P. Rebentrost, M
Mohnsen, S. Lloyd - 201 3]




Fault-Tolerant OML

Are Quantum Computers - “Traditional Approach” to QML, assuming abundance of perfect Qubits © [

[Submitted on 1.Ju12013 (v1),Iast revised 4 Nov 2013 (this version, v2)

“ ” / / . NOT novel methods, but novel implementations of the SAME METHODS  [RGUEMUEEET UL
better” at Machine Learning _ _ 5 P . _ _ unsupervised machine learning

than Classical Computers? |IB Quality of Algorithm judged thru asymptotic computational complexity R

Quantum ‘BLAS

Amplitude Encoding
* Runtime: O0(log(N.M)) with N = 2"

 HHL: Invert Data Matrix:
. W=(XTX)_1XTy
* Linear Regression

* [Quantum Data Fitting - N.Wiebe, D. Braun, S-Lloyd - 2012]

* SVMs: Invert Kernel Matrix

 Classification

« [Quantum SVM for Big Data Classification - P. Rebentrost, M
Mohnsen, S. Lloyd - 2013]
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Fault-Tolerant OML

Are Quantum Computers

“better” at Machine Learning | iSRS novel methods, but novel implementations of the SAME METHODS
el ROl LTl IR0 el Nl=lek | © ©2!ity of Algorithm judged thru asymptotic computational complexity

- “Traditional Approach” to QML, assuming abundance of perfect Qubits ©

2013

arKiv:1307.0411 (quant-ph)

[Subritted on 1 Jul 2013 (v1), last revised 4 Nov 2013 (this version, v2)]
Quantum algorithms for supervised and
unsupervised machine learning

Seth Lloyd, Masoud Mohseni, Patrick Rebentrost

Quantum ‘BLAS

Amplitude Encoding
* Runtime: O(log(N.M)) with N = 2"

Based on Grover’s Search
Amplitude Amplification

Speedup: 0(n?)

Probabilistic Methods

Measurements sampled from classical
probability distributions

* HHL: Invert Data Matrix:
. w=X"X)"x"y
* Linear Regression

* [Quantum Data Fitting - N.Wiebe, D. Braun, S-Lloyd - 2012]

* SVMs: Invert Kernel Matrix

» Classification
« [Quantum SVM for Big Data Classification - P. Rebentrost, M
Mohnseni, S. Lloyd - 201 3]

Perceptron + Amplitude Amplification
[0 uan]tum Perceptron Models — N. Wiebe, A Kapor, K. Svore -
2016

Quantum Walks (E.g.: PageRank)

[Quantum speed-up of Markov chain- based algorithms]

Bayesian Net
Elegant State Preparation
Runtime is O(n?)better than classical

rejection sampling
[Quantum inference on Bayesian Networks, G H Low, T J Yoder,
IL Chuang-2014]
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Data Encoding and
Mapping



-ncoding Data

 Basis Encoding
Encode each n-bit feature into n qubits
Combine M data points in superposition

« Amplitude Encoding
Encode into quantum state am plitu]\g_els

X0
x=[ ] - |¢x>=zxj|j>

: AN-1d J=0
Combine M data points in superposition

* Angle Encoding
Encode values inj\’go qubit rotation angles

|x) = ® cos(x;) |0) + sin(x;) |1)

« Arbitrary Encoding (Feature Map)
Encode N features on N rotation gates in constant-depth
circuit with n qubits

X0
x=[ 3 ] = |Px) = Upn|0)
XN-1

Encoding State prep
runtime
Basis nN O(N)
Amplitude log(N) O(N)
0(log(N))
Angle N O(N)
Arbitrary n O(N)

N features each
20



Quantum fteature map - SImplistic

* Process Encoded state:  |®(x)) = Ugp(x)|0)
« Apply H gates on all
qgtp))i’g/s : Upx) = WauH")*
- Apply parameterized Voo = exp(i ) +)

Pauli rotations gates for
each feature x;

* Repeat k times

feature_map = PauliFeatureMap(feature_dimension=2, reps=2,
entanglement="'linear', alpha=2.0,
paulis=['Y'], data_map_func=None)

Pro: Simple to
Implement Ry p MR,

2.0*x[0] -2 2.0%x[0] —nf2

* Con: Does not exploit
high dimensionality p MR, p MR,

2.0%x[1] -2 2.0%x[1] —nf2
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Quantum feature map - Complex

* Process |P(x)) = U |0)

 Apply H gates on all _
qgkp))l%/s g Upx) = UppHE™)?

- Apply entangling gates Usg = exp (iz_qbi(xm yiy + )
and Pauli rotations ‘ W
gates tor each teature 2-qubit Pauli rotation operator
Xi

. Repea’[ k timeS feature_map = PaullFeatureMap(Jefﬁizﬁgendq;ﬂinsiigzir regi;%él:zﬂ'

paulis=["’

20*(” J"1[01}"‘{" x[1])

* Pro: Exploits
entanglement

« Con: Adds more gates




Quantum feature map — Complex (2)

* Process |P(x)) = Ugx)|0)
éggil%/s H gates on all Ui = UapioHE?
* Apply entangling gates Unin = ex (i GOP; + i +)
and Pauli rotations v = Ziqbl( l Zw’
gates for each feature
Xi
o Repea’[ k ’[imeS feature_map = PauliFeatureMap(iﬁizﬁggﬂgﬂifiom?: ﬁgﬁ;ié,e,

paulis=[‘72","'77"'])

Pro: Exploits
entanglement

* Con: Adds more gate

2.0%(m — x[0])*(m — x[2]) 2.0%(m — X[1])*(m — x[2])
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Quantum teature maps

Simple rotations

XOR data using Qsvm

Ug = exp(iX,U;)

9X1) —— H — Uy — 4
\ Uy = exp(iX,Uy)

q:(X2) —— H

U,—

(@)

Entangled unitary rotations Simple and Entangled unitary rotations

XOR data using Qsvm

XOR data using Qs

Uy = exp(i(mr — X,) (T — X3)Z,Z3)

o(X1) H

] - qo(X1) —— H — U1 ] l
l 2
0 02) . i u, i a,(X2) H U, +

(b)

Park et al, arXiv: 2012.07725v1
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Thank you
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