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Quantum Gates:

Hadamard
Pauli-X
Pauli-Y
Pauli-Z

Phase



e (Clifford Gate Set

« Hadamard gate

e S gate

» CNOT gate

T

Quantum Gate sets

Universal Gate Set

1
ﬁ[i _11] Hadamard gate
1 O
[(1) O‘ T gate 0 ™4
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CNOT gate
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Hadamard Gate
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| w) p =yl :(pure state) yalla Gulla

p1:ly) :(mixed state) b glas Gulla

, P = DPq ‘W1><Wl‘ +Pz‘l//2><'//2|
P2 - ‘l//2>

tr(p?) = 1 pure state |
p = Zpl | l/jl><l//l‘ tr(p) = ZPZ — | tr(pz) <1 i od state Eigenvalues of p ?
l l

1/2 1/2
1/2 1/2

1
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state space is the tensor product H 4 & Hp of Hilbert spaces

p? =Trpp

1 1
v) =Z(100) +]11)) p =7 (100001 + 100){11 T+ [11){00] + [ 11)(TT])

1 1 /2 0
pt = Trpp = (0lpp10)p +(Llgp | 1)g = 10001 + 1 1)(1] = ( 0 1/2)
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1- IBM ——> QASM, Qiskit platforms
2- Google — —> Tensorflow Quantum (TFQ), Cirq
3- ETH Zurich — —> ProjectQ
IBM Q System One (Fraunhofer)
4- Perceval (France) — —> photonic quantum computer
5- Microsoft ——> Q#
6- Xanadu (Toronto) — —> Strawberry Field platform — —> Pennylane

7- NASA Google ——> D-wave Quantum Annealer
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For the D-Wave system, the Hamiltonian may be represented as

D-Wave

Hising — A(s) Z 6‘5:) I B(S) Z h:6 A(l) + 2 JlJ 6.(1) (l)

& i i>]
e e Syst
Initial Hamiltonian Final Hamiltonian S e m
where ¢ A( ) , are Pauli matrices operating on a qubit g;, and &; and J; ; are the qubit biases and

coupling strengths.m

Thermal Jump

Quantum
Tunneling

Cost

s | | Configuration

Fig. 8 Annealing functions A(s), B(s). Annealing begins at s = 0 with A(s) > B(s) and ends
ats = 1 with A(s) << B(s). Data shown are representative of D-Wave 2X systems.
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https://quantum-computing.ibm.com/



Machine Learning

Meaningful

* Supervised machine learning Compression

Structure |mage

: o Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

* Unsupervised machine learning vssisaen Reduction ron Derection @ SEEIEEL ) Diserostic

* Reinforcement learning

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
®
M ac h I n e Population

Growth
Prediction

Recommender Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

el L_carning

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

obak Naviganan Skill Acquisition

Learning Tasks



Getting started

What do we have? (Training) data + ¢
* ntraining data points
* For data point ¢ € {1,...,n}
* Feature vector
A (:cgi),...,:z:g)) c R?
e Label y¥ € {-1,+1}
e Training data D,, = {(zV,y),. .Y, (2™, ™)}
What do we want? A good way to label new points
* How to label? Hypothesis h : R — {—1, +1}

L | ) | =Y

* Example h: For any x, h(x) = +1

https://tamarabroderick.com/ml.html



Linear classifiers

Hypotesisclass # : h e #H

Linear classifier h(x; 0, 6,) = sign(0 - x + 6,)
0 if g=a

0-1 Loss function L(g,a) = {
| else

1 « . .
training error  ¢,(h) = — Z L(h(x""), y®)
i
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https://tamarabroderick.com/ml.html



Linear Classification with Polinomial Features

e | Inear L+ . qb(:z:) 6
classification + T+
. + /
p0|yn0m|a| ~,t;, '
features:
$() .

o 2
— [5171,$2,£E1,

21T
1T, X5
1

https://tamarabroderick.com/ml.html



Neural Network

STRUCTURE OF NEURON

Dendrite
) Schwann cell

— Myelin Sheath

AN
A3 A
> A§3)
AL
A7(7,1<)1> Linear

classification/
Making features regression



Quantum machine learning

0)
10)

Type of Algorithm

=) =)

classical quantum . +)
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= quantum
S feedforward
— neural
network
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Input layer Hidden layers Output layer




https://learn.qiskit.org/course/machine-learning/introduction



