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MACHINE LEARNING
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MACHINE LEARNING
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MACHINE LEARNING

Branches of machinelearning

Supervised Unsupervised Reinforced
 (lassification o (Clustering « (Game theory
» Regression  Data Generation  Robotics
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SUPERVISED LEARNING

APPLICATIONS

|dentification of faces in images
|dentification of pedestrian
Classification of texts
Bioinformatics research

Classification of remotely sensed
Images
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SUPERVISED LEARNING

Classification Problem

Classification Rule
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SUPERVISED LEARNING

Classification Problem

Classification Rule
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Learning parameters
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SUPERVISED LEARNING

Classification Problem

Classification Rule

) Learning parameters ﬁ’}
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SUPERVISED LEARNING

Classification Problem

Classification Rule ,
Learning parameters

(1, if f (x, > threshold
0, if f(x,0) < threshold

Model

y =3
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Support Vector Machine Rule

y = Sign(gf)’()'c’) W+ b)

Non linear
feature map
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Classical Support Vector Machine (SVM)

CINECA (Q)2SiTntc e



SUPPORT VECTOR MACHINE

Overview
Margin width

b+1 b-1 2

wll llwll lwll

Support vector

X; Suchthat yi(xi-w—b) =1
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SUPPORT VECTOR MACHINE

Overview
Objective:
minimize |lw|
Constraints
x;-w—-b<-1 for y;=-1
xi-w—b>1 for y;=1
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SUPPORT VECTOR MACHINE

Overview

Objective:

minimize |lw|

Constraints

[yg(x,;-w—b)—lzo Vi ]
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SUPPORT VECTOR MACHINE

Optimization

l
|
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SUPPORT VECTOR MACHINE

Optimization

l
_ Lo
LP=§||W|| —;[)’i(xi'w+b)—1] ;

Lagrange multipliers
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SUPPORT VECTOR MACHINE

Optimization
l
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SUPPORT VECTOR MACHINE

Non-linear case

Input Space

Feature Space

Input space

Xi = (xo,i,x1,i, . )

Feature space
So(xi) = (xO,i,xl,i aaaaa ¢ (xo,iaxl,ia .. ))
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SUPPORT VECTOR MACHINE

Non-linear case

Input Space

Feature Space

Input space

Xi = (xo,i,x1,i, . )

Feature space
p(x;) = (xo,i,x1,i, @ (X0, X105 - - .))

Feature map
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SUPPORT VECTOR MACHINE

Non-linear case

Input Space

Feature Space

Lp = —||W||2 Zl:a [yi(‘P(xi)‘w+b) - 1]

=1

oLp 3 B

e =0 = w= _E_ @;yip (x;)
dLp !

W =0 = g aQ;yi = 0

i=1

1
Lp = Za/i ) Z&ia’j)’iyjso (x;) - @ (xj)
i i,j
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SUPPORT VECTOR MACHINE

Non-linear case

Feature Space

Input Space

Lp = —||W||2 Zl:a [)’i(‘P (xi)‘W+b) - 1]

=1

oLp 3 B

e =0 = w= _E_ @;yip (x;)
dLp !

W =0 = g aQ;yi = 0

i=1

1
Lp = Za’i — 5 iZja’ia’jyiyj‘P (x;) - (xj)

v

Kerelmatrix K(x;,x;) = ¢ (x;) - ¢ (x;)
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Neural Networks
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PERCEPTRON

¢
Inputs > Output
Class €,
X1

= I, if X" xiw;+b >0
F(x)=@| Y xiwi+b| =4 "~ “=071

: 0, otherwise _

i=0 Decision boundary

WXy + Wyx, + b =10
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NEURAL NETWORKS
From Perceptronto Hornik theorem

Q Hornik theorem

Q N
O O F(x)=ZW§90(Wi'x+bi)
O o

| * Toutput
v IO Ly » 1 hidden layer

* N hiddenneurons

@ (wi-x+b;)
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NEURAL NETWORKS

Deep supervised

Before Training: Random parameters
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NEURAL NETWORKS

Deep supervised learning

Before Training: Random parameters
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NEURAL NETWORKS

Deep supervised learning

LOSSfunction
Before Training: Random parameters
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NEURAL NETWORKS

Deep supervised learning

LOSSfunciton
Before Training: Random parameters
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NEURAL NETWORKS

Deep supervisedlearning Loss function optimization

Before Training: Random parameters
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NEURAL NETWORKS

Deep supervised

Before Training: Random parameters
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learning Loss function optimization

Gradient descent
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NEURAL NETWORKS

Deep supervised learning

After Training: Optimal parameters
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Quantum Machine Learning on NISQ devices
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QUANTUM MACHINE LEARNING

Quantum computing

Machine learning Quantum machine

learning on gate-
model quantum

Gate-model
computer
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APPLICATIONS

Drug discovery
Finance

Space
Cybersecurety
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QUANTUM MACHINE LEARNING

Possible advatage
Linear algebra Sampling Optimization
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Operations on gate-model Quantum mechanicsis Explore more paths with
quantum computers follow intrinsically probabilistic quantum phenomena
the linear algebrarules
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QUANTUM MACHINE LEARNING

Overview

* First generation of QML
o Accelerated linear algebra on quantum computers
o Onlyappliesto fault-tolerant quantum computers
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QUANTUM MACHINE LEARNING
Overview
* First generation of QML

o Accelerated linear algebra on quantum computers
o Onlyappliesto fault-tolerant quantum computers

» Second generation of QML
o Low-depth quantum circuit learning (QNN)
o Applicable to noisy-intermediate quantum (NI1SQ) devices
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QUANTUM MACHINE LEARNING

Overview

» First generation of QML
o Accelerated linear algebra on quantum computers
o Onlyappliesto fault-tolerant quantum computers
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QUANTUM MACHINE LEARNING

Frameworks

QISKIT

@Qiskit

Most used quantum SDK
with access of quantum
devices

Machine learning modules

PENNYLANE

PENNYLANE

For hybrid quantum-
classical computation

Integration of pytorch and
tensorflow with different
quantum SDK

©

TFQUANTUM

= c Cirq+ T

TensorFlow

For hybrid quantum-
classical computation

Equivalence between

gquantumand tensor
operations
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QUANTUM MACHINE LEARNING

NISQ application

Supervised learning with quantum enhanced feature spaces

Vojtech Havlicek!,* Antonio D. Céreoles', Kristan Temme!, Aram W. Harrow?,

Abhinav Kandala', Jerry M. Chow!, and Jay M. Gambetta!
YIBM T.J. Watson Research Center, Yorktoun Heights, NY 10598, USA and
2Center for Theoretical Physics, Massachusetts Institute of Technology, USA

(Dated: June 7, 2018)

Unsupervised learning: Quantum Generative Adversarial Networks
for Learning and Loading Random Distributions

Christa Zoufal,** Aurélien Lucchi,? and Stefan Woerner'

Quantum Generative Adversal Network (QGAN) B e i
hybrid quantum-classical generative model (Dated: April 2, 2019)

REINFORCEMENT LEARNING WITH QUANTUM VARIATIONAL
CIRCUITS

Owen Lockwood' and Mei Si”

! Department of Computer Science, Rensselaer Polytechnic Institute
?Department of Cognitive Science, Rensselaer Polytechnic Institute
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QUANTUM MACHINE LEARNING

|deal blocks

* Feature map: Store the
paranilzﬁetzz ] QPU ]— prediction y mpgtSolﬂ d qgamﬁum State
‘ e Variational circuit: Learnable
parameter circuit

10) ——p(y)  Expectationvalue:
: S, Uy Measurements introducing
0) —— - non-linearity
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QUANTUM MACHINE LEARNING

Encoding problems

Quantum Data

Classical Data

4 O N 0
QC  QQ
—_——
CC CQ?
N N /»

Classical Models

Quantum Models

No QRAMto store data

!

Encoding data generally hard

!

Betterif are intrinsically
quantum such as quantum
states of a system
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Quantum Support Vector Machine (QSVM)
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QUANTUM SUPPORT VECTOR MACHINE

Usecase
Breast cancer Wisconsin

Positive Negative
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https://www.kaggle.com/uciml/breast-cancer-wisconsin-data/version/2

QUANTUM SUPPORT VECTOR MACHINE

Usecase
Breast cancer Wisconsin

Positive Negative
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https://www.kaggle.com/uciml/breast-cancer-wisconsin-data/version/2

QUANTUM SUPPORT VECTOR MACHINE

Intuition

[+1] [

Quantum advantage:
1]
More complex feature map at

low computational cost
11
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QUANTUM SUPPORT VECTOR MACHINE

Intuition

Non-linear feature map

X0 | D)) = Upp)|0)%"

- . el L dy s
& qHH EHHH EF
§| _ § Y—1 &
§ - : ) : =
| ) 4 + deH HeH F
U¢(f)=exp(12 ¢Ps (X) l_[Zj)
SCn] JES
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QUANTUM SUPPORT VECTOR MACHINE

Feature map B ( 4
o(F) = exp| i E ¢s (X) | ‘Z)
SCn] :

jES

» Firstorder expansion (1 or more qubits, no entanglement)

Se{o,1,..., n—1} ¢i(x) = x;

» Second order expansion (2 or more qubits, entanglement)

Se{0,1,..., n-1,(0,1),(1,2),..., (n=2.m= 1)} G (x) = (1 —x;) (7 —x;)

--i‘b{(.ru](f)z’z"‘ pram—
‘ Z
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QUANTUM SUPPORT VECTOR MACHINE

» Variational quantum circuit e Kernel matrix estimation

CLASSICAL DEVICE

Ut ™)

|®@o)— 7
|Po)—UF ™) H;, 7

State preparation 5 Measurement

QUANTUM DEVICE

Using variational quantum eigensolver

(VQE)
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QUANTUM SUPPORT VECTOR MACHINE

Kernel estimation

2
K(xu ] — ‘(@(fl)l(b(fj)nzz |<O|u-<'1->(f])ud)(fl)|0>®n|

0)
0)

0)
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QUANTUM SUPPORT VECTOR MACHINE
Quantum variational circuit

p,(x) = (P(x)IWT(OIM W ()| P(x))

qubit Hamiltonian

N
If py(x) > poy(x) = yb Hy=glstbs =ty
[ m(x) —) ] calculate energy ( P"epa"le‘l,t?ea;;tate B
S| B= S ral¥OIP¥O) 2 Foses | i s £
2 S e | Shoniies measure expsctation values =
. ) 0 L4 (W(0)| R o2 W (0)) 2
Costfunction ! ), € =1 y
Pr(rh(x) ;& m(x)) solution @™
Learnable parameters
(6,b)
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QUANTUM SUPPORT VECTOR MACHINE

Varitional circuit ansatz s o :
W(e) A =
[Z;:utxgu Z(l)l J or @
qubit 1 |0> _Hul.o(a)\: () {(Ul'l(a))::-— ----- (i) f@l,D(a))::_ i
qubit 2 |0) —{U2%6) h e — ----- — 2P+
: _E{ )-E-Ucnt -E{ : Uent _E{ }i_ > "I’(B»
: | | I | | |
| | | | |
qubit N [0) —{U¥@ UM @)F—-----— ¥ 2e)r-
U°(@) U'(@) uP(e)
Y
D — times
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QUANTUM SUPPORT VECTOR MACHINE

Quantum variational circuit

 Expectationvalue of an operator f

1

(@(2) WT(0) £ W(6)| () = 57 Y wa(0)®a(F)

«

e (Classificationrule

m(x) 251gn< E W (6

f+b)
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Quantum Neural Networks (QNN)
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VARIATIONAL QUANTUM ALGORITHM

General idea
STEP 1 STEP 2 STEP 3 STEP 4
=
2
> z—= (@) || = ¢ =Upp(@) = || 2I@" || ¥
8 nonlin. map unitary transform. tk}
- |O>_ X [ p(l) —Y
g | Sy U
= | [0)
O
measure- post-
state prep. model circuit ment PTOCESS.
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QUANTUM NEURAL NETWORK
Definition

 Sequence of continuously-
parametrized rotations executed
on QPU

« Measure observable expectation
value (non-linearity)

: — i i : « CPU optimization suggests new

Wesinis — ¢ LY " parameters to minimize the

expectation value
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https://qml.entropicalabs.io/

QUANTUM NEURAL NETWORK

Problems

 Datamust be prepared onthe fly

 QPU needs full guantum program for each run
(microseconds for each run)

» Relative high latency CPU-QPU (ms)
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QUANTUM NEURAL NETWORK

Hybrid approach
Classical optimizationis used

-------------------------
K
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QUANTUM NEURAL NETWORK

Hybrid approach
Classical optimizationis used

-------------------------
K

Butthe gradientis computed by QPU

o

variational circuit
) 10)
) |0) -

Parameter shift

0o f(0) = c[f(0 + s) — f(0 — )]

CINECA ()2 hs ue



QUANTUM NEURAL NETWORK

Hybrid approach
Classical optimizationis used

IIIIIIIIIII Hllllllllll. .: ’0 _':
"-' - .."-Illllllll-lllllllll.."
/ u/‘ B> .
L"!e‘f\w‘ 't\)/b o .
(\;&g‘"'
NN E=

Butthe gradientis computed by QPU

o

variational circuit

—  _ 10)-
) 0)

Parameter shift

0o f(0) = c[f(0+ s) — f(0 — s)]
Exact

CINECA ()2 hs ue



QUANTUM NEURAL NETWORK
Parameter shift

e e e e e ——————— ————

variational circuit

—)  _ [0
) 10)

S e e r e r e e E e e e e e — e e e e e - = e ===

State

i

1) = Ui—1(0i-1) - - - U1(61)Uo(z)[0)

Operator (Observable)

Bz+1

Ul(by)---U

Expectation value
<¢z 1|U ( ) z—l—lU( )|'9bz—1> — <¢i—1|Mﬂi(Bi+1)’¢z’—1>‘

f(z;

0) =

CINECA ©

T (6:41)BU1(6:11) - - Un ()
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QUANTUM NEURAL NETWORK

Parameter shift State
i Vf(z,0) [Yi—1) = Ui—1(0i—1) - - - U1(01)Up()|0)
| Operator(ObservabIe)
T ol et T \ B =Uj(On) UL (6101)BU1(6:11) - U (6n)
10 -y _ (0] !
o U@0+s) |, = Uf-9) |, Expectation value

S e e r e r e e E e e e e e — e e e e e - = e ===

F(230) = (i 1|U; (6:)Bi1Ui(6:) s 1) = (Wi 1| Mg, (Bi)[tbi 1)

Ve,-f(il?;H) — (¢i—1|V9iM01(Bi+1)|¢z'—1> ?

CINECA ()2 hs ue



QUANTUM NEURAL NETWORK
Parameter shift

e e e e e ——————— ————

variational circuit
) _ 0)
—) 10)

S e e r e r e e E e e e e e — e e e e e - = e ===

State

Yi-1) = Ui—1(0i-1) - - - U1(01)Uo()|0)

Operator (Observable)

Bii = U (8w) -+ U/ (8i11) BUi1(6i11) - - - Un(6)

Expectation value

(i 1|U () BiyaUi(6:) Wi 1) =
Pauli rotation

f( ) <¢i—1|Mﬂi(Bi+1)’¢i—1>‘
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QUANTUM NEURAL NETWORK

Parameter shift State
: (2,0 i1) = Uira(6i-1) - Ua(6)Uo(@)[0)
| Operator(ObservabIe)
,x""""""'""'"""v'a}'i;i{éﬁ;i'éi;éﬁi{ """""""""""" . B =Uj(0n) U, (6141) BU;1(6:1) - - Un ()
10 ) .
o U@0+s) |, = Uf-9) |, Expectation value
o F(2;0) = (i 1|UN(0) B 1 Us(8) i 1) = (Wi 1| Mo, (Biya) i 1)
Vo, f(w;6) == (i 1|U) (6 )(PBH—BHP)U(Q)WJ paulirotation
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QUANTUM NEURAL NETWORK

Parameter shift State
: (2,0 i1) = Uira(6i-1) - Ua(6)Uo(@)[0)
| Operator(ObservabIe)
,x""""""'""'"""v'a}'i;i{éﬁ;i'éi;éﬁi{ """""""""""" . B =Uj(0n) U, (6141) BU;1(6:1) - - Un ()
10 ) .
o U@0+s) |, = Uf-9) |, Expectation value
o F(2;0) = (i 1|UN(0) B 1 Us(8) i 1) = (Wi 1| Mo, (Biya) i 1)
Vo, f(w;6) == (i 1|U) (6 )(PBH—BHP)U(Q)WJ paulirotation

Commutator [X,Y]=XY -YX
[P;,B] =—i(Uif (%)BUi( ) U* (——)BU( %)) Vil0i P
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QUANTUM NEURAL NETWORK

Parameter shift State
: (2,0 Y1) = Uit (65-1) -+ Ui(01) Ui () 0)
| Operator(ObservabIe)
,"""""""""""'"v;{{i;ﬁc}'{l;i'éi;éﬁi{ """""""""""" . B =Uj(0n) U, (6141) BU;1(6:1) - - Un ()
10 ) |
o U@0+s) |, = Uf-9) |, Expectation value
"""""""""""""""""""""""""""""""""" £(@;6) = (i1 [U] (6)BiaUi(6) 1) = (1| M (Bi) 1)
Vof(2:6) = 3| f(w;0+ F) - f(a;0— 3)
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QUANTUM NEURAL NETWORK

Variational cirucit ansatz
Choosea compromise between

» Computational cost (depth)
* Expressiveness of the unitary operator

Idle circuit Circuit A Circuit B Arbitrary unitary

0 {1} 0 {r}H{Rr | 10 {#}H{ R {Rx }

|0) 10)

[1) 11}
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QUANTUM NEURAL NETWORK

Variational cirucit ansatz
Choosea compromise between

» Computational cost (depth)
* Expressiveness of the unitary operator

Circuit B

o {a)-{r){x)

Idle circuit Circuit A

) 0) { &} Rz }-

|0) 10)

[1) 11}

TARGET

Arbitrary unitary

QUANTUM
COMPUTING LAB



Circuit 12

Circuit 11

Circuit 14

Circuit 10

QUANTUM
COMPUTING LAB

CINECA ©

Circuit 16
Circuit 19
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Circuit 13
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Circuit 15

Fan
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Circuit 18
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Circuit 4

Circuit 3
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Circuit 1

QUANTUM NEURAL NETWORK
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QUANTUM NEURAL NETWORK

Low
Expr

High
Expr

Circuit 15
0.20 175
< 0.151 \E_ 0
2 0.10 B
[ 0.05
0.00 L= : : : :
1 2 3 4 5

Number of layers, L

------------------------------------
T

%
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1]
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"
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e T
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Number of layers, L
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U W N

https://arxiv.org/pdf/1905.10876
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HYBRID QUANTUM-CLASSICAL COMPUTING

hybrid computation l

classical
node —’COSt(g)
g WY ) AU
quantum |} 0 (<] D | ! 10) L} D & [0 L9 ] D
i [0) —{G(x) {9(0.-,)|-—|D ' i 10y Gl +9) ig(&,)|—0 ) [0) —Gik-9 G(6s)
device E e D | | ol E | a0l E
\ ! ) N | v G
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TENSORFLOW QUANTUM

® TensorFlow Quantum

« Circuits written with Cirqg and converted intotensors
« Expectation value of an operator (OPs)
« Backpropagation for parameter optimization
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TENSORFLOW QUANTUM

® TensorFlow Quantum

Classical Data: Quantum Data:
integers/floats/strings Circuits/Operators

TF Keras Models
TFQ Layers TFQ Differentiators

TF Execution Engine TFQqgsim

Quantum Hardware Simulators

CINECA @

Cirg (Programming framework)
Quantum Engine (Cloud service)

924nos uadO

Ateyanidoud

QUANTUM
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EXAMPLES

QNN example 1 Classifier
O P,
Ry(a) </>pF=Q
O P,
Quantum Quantum Expectation
datainput model
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EXAMPLES
QNN example 1

Classifier
O P,
Ry(a) </>F=C
O P,
Quantum Quantum Expectation
datainput model

QNN example 2: mnist classification

datainput [] MOY€
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BARREN PLATEAUS

Pauli Rotation exp{in} = I cos g +iPsin g

XY

— 1N re

— Rz

R, %) “'éfg;“ ]

[te, < &3

— "R

A random variational circuit with gates chosen from Expectation value of a Hermitian observable
the set {RX, RY, RZ} along a slice in the parameter space
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BARREN PLATEAUS

Pauli Rotation exp{in} = I cos g +iPsin g

Periodic function =) Saddle points

XY

— 1N re

— Rz

R, 4) Il;zs&l ]

[te, < &3

— "R

A random variational circuit with gates chosen from Expectation value of a Hermitian observable
the set {RX, RY, RZ} along a slice in the parameter space
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BARREN PLATEAUS

exp|

Pauli Rotation

2 2

in} = I cos g +iPsin€

Periodic function =) Saddle points

— R i&é}:ssl
— R )
L
S s B 2

A random variational circuit with gates chosen from
the set {RX, RY, RZ}

A

!

Expectation value of a Hermitian observable
along a slice in the parameter space

In classical optimization, itis suggestedthat
saddle points, not local minima, provide a
fundamental impediment to rapid high-
dimensional non-convex optimization. (Dauphin et
al.,2014)

For a wide class of reasonable parameterized
guantum circuits, the probability that the gradient
along any reasonable directionis non-zero to
some fixed precision is exponentially small as a
function of the number of qubits. (McCleanet al.,
2018)
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FUTURE PERSPECTIVES

- QRAMfordataencoding

10 =

® Grad school
L] Error correction
Sycamore threshold

Classically
simulatable

Limiting error rate

Near-term applications?
Juantum machine learning

 Faulttolerant QC for better
variational circuit ansatz
« More qubits

Useful error
corrected QC
(e.g. Shor)

Third generation of QML

| i | |
10° 10" 102 103 10° 10°
Number of Qubits

I | I
10° 107 108
Always 10+ years away!?

o No barren plateaus
o No heuristic model
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