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Amplitude Encoding

* Amplitude encoding encodes a real or complexed value vector of
the length one into the amplitudes of a quantum state |q,9,0,’

* We build a top-down binary tree that divides the probability of
observing |q,» on the first level,

* The probability of observing |g,q,? on the second level

* The probability of observing |q,q,9,’ on the third level representing
the required superposition |

* The binary tree is represented by multi control rotation gates and
requires log, n qubits to represent a vector of dimension n



Amplitude encoding encodes data into the amplitudes w; of a quantum state.
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We use a parameterized RY gate

D

to performs a rotation of one qubit along the y-axis by the rotation angle € (in
radiants) cos ( g) _ /03
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Level 2

1) = +/0.03 - [000) + v/0.07 - [001) + v/0.15 - [010) + v/0.05 - |011)+
+v0.1 - |100) + V0.3 - |101) + /0.2 - [110) + /0.1 - |111)

The probability of observing g2q; = 00 is /0.1

V0.1
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The probability of observing g2q; =10 is 1/0.4;
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| evel 3 ) = v/0.03 - [000) + v/0.07 - |001) + v/0.15 - [010) + v/0.05 - [011)+
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Estimating Scalar Product

We cannot access the amplitudes that represent vectors, but we estimate (x|y)
using the swap test.

Note that the quantum |x) and |y) are of length one in the /; norm

With an additional auxiliary qubit |0) generate the state
0) ® |z) @ |y) = |0,z,y)

Apply Hadamard gate on the control qubit |0)

| 1
(H® L, @ In) - |0)|z,y) = —= - (|0, z,y) +

1,z,y))

N



Estimating Scalar Product

 Apply controlled swap operator on |x) and |y) states which swaps
|x) and |y)

1 1
z)|y) — |y)|z) 75 (0,2.9) + [L2,y) > - (10.2,9) + 1,9, 2))

* We apply another Hadamard gate on the control qubit

(H ® In ® 1) - (% (10,2,9) + [1,y,)) ) =
st SN

> : |O> ; (|x,y> - |y, x)) <1 5 . |1> : (|5177 y> - |y,:1:))



The probability of measuring the control qubit in state |0) is given by
2
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T

p(10)) = 7 - () ly) + Iy)le))

p(10)) = § - (ol (al=) + (ylo)aly) + (alu) yle) + (alz) )

p(10)) = 7 - (L+ (vl aly) + (aly) W) + 1)
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V0.1 0
X = \/02 ’ y = 0 . q 0: 4 H f y= g|10)+§ |11)
v 0.4 v 0.5 q1: 4 x|
V0.3 V0.5 Statevector:[o 0 £ Ag]
with
(x|x) = ll[x})l2 =1, (yly) = [[[y}ll2 = 1.
and
(x|y) = 0.8345 preparing x
e preparingy
| Vo2 <q_°’ : —{ Ry(1.4275) Ry (1.9106) /___controlled swap
% Mg 1 NJ R (1.9823) — . X - ,_on [x) and |y)
PP — /iy -
B V2 T |
Vo5 - |
c: 1/ A

[(x|y)| =~ v/2-0.8479 — 1 = 0.8345.



WATAY

8000 1

6000 1

2000 -

8497

o

1503

N

After 10000 shots we measure p(|0)) = 0.8479

[(x|y)| & V2 0.8479 — 1 = 0.8345.

Constraint:

Note that the quantum |x) and |y) are of
length one in the /, norm

We estimate the cos similarity!

(x|y)=cos 8

(x|y) = 0.8345

In[1):= Clear ["Global "]

x={+0.1, vo.2, Veo.4, Vo.3};
nf3)= y = {e, 0, V0.5, M}’

In[4):=
X.y
outl4]= 0.834512



gRAM

* Quantum memory is proposed as an analogue to classical
computer memory, like the random-access memory (RAM)

* Random-access memory (RAM) is a form of computer memory
that can be read and changed in any order, typically used to store
working data

* In quantum machine learning domain, the usage of quantum
random access memory (QRAM) is proposed to avoid (?) input
destruction problem

* However, qRAM cannot avoid the problems due to entanglement...

* In literature is often used as a future (metaphysical) device
* (often not explained)



gRAM

* A gRAM queries a register |iy and load the it" binary patter into the
second register . o
12)|0) — |i}|z"),

with |x') being a basis state representing a binary vector
* Such an operation can be executed in parallel with

1 m m

WZ i)|0) —>—Z|)r)

Ce=1

with the time complexity ighoring the preparation cost of (due to
the input problem) is O(log(m))



Bucket Brigade Architecture of gRAM

* The bucket brigade architecture of qRAM is inspired by the traditional
RAM architecture and consists of 3 main parts:
* Addressing qubits: Address for the memory cell we wish to read In order to read
a memory cell the user has to encode the address of that memory cell on to the
addressing qubits

* The address can be in superposition so that several patterns can be read in
one step

* Routing nodes: Determine the memory cell based upon the states of
the addressing qubits

* Once the addressing qubits have been set the states of the routing node qubits
will be effected

* Whatever qubit in the routing nodes is 1 will lead to the memory cell that we
wish to read.

* Memory cells: Store and readout patterns.



gRAM for Binary Patterns

The addresses are ordered 00, 01, 10 and for the last pattern 11

addresses 01 10 11
dd J‘ 'L ]T[ Hxl+{=H—+1
a resses _ F I_ K, B
routing : . : ' : - ‘ - .
\q q: : X ] . - ’:i-- . | . - —a - - =
] % ; 1 o N
memory/__j_:;. : : _—I | :-{“J ‘I"l F 1

The binary patterns can then be copied with

CNOT gates, but they are entangled ® -“.)l;“” |““>3= |111>2> |010>1

entanglement between address and data



* To read classically m vectors the complexity is

O(m), using qRAM ignoring the preparation costitis O(log,(m))
* Why?

* Address register has log,(m) qubits

* Algorithmically, qRAM looks very efficient......

* However, many quantum algorithms that assume gRAM are still debated
in practicality
* preparation coats are usually ignored, collapse during measurementis ignored

* No qRAM for amplitude coding:

* An operation that would produce a copy of an arbitrary quantum state
such as [ is not possible; we cannot copy non-basis states because of
the linearity of quantum mechanics



A Possible Solution?

* Most quantum machine learning algorithms suffer from the input
destruction problem

* However, the input destruction problem has not yet been solved, and

theoretical speed-ups are usually analyzed by ignoring the input
problem, which is the main bottleneck for data encoding

« Overcome this problem by a quantum processor (quantum circuit)

that calculates the expectation value over an extremely high
dimensional space — Quantum Kernel



Quantum Kernel and Variational Classifier
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Quantum Kernels

* Quantum Kernels via Conventional Kernels
* @7 (x,)®(x) represents an inner product ({@(x;)| ®(x))

oo

k(x, %) = (B(x:)[2(x)) = ) d(xs) - p(x)

/ j=1

Conventional: represent the scalar operation
by a kernel, for example the RBF kernel (® in
infinite space)

k(x,x;) =exp (—

Quantum: map by @(x;)| and ®(x) and into high
dimensional space (not infinite...), preform the scalar

||x — X; '|2 operation and estimate
2.0 )




Quantum Kernels

* A guantum computer can estimate a quantum kernel and the
estimate can be used by a kernel method on a classical
computer

* This is because the exponential quantum advantage in evaluating
inner products allows to estimate the quantum kernel machines
directly in the higher dimensional space

Id)(x» — ‘X) R ® |X> — |x>'1r7;'m

* and define the homogenous polynomial kernel as

k(x,y) = (6(x)|6(y)) = (x|y) ® - @ (x[y) = (x" - y)™



(VO3 (VOB
=(%67) v=(%3)

k(x,y) = (¢(x)|o(y)) = (x|y) ® (x|y) ® (x|y) = (x" - y)°

{ Ry(1.9823) |- —x

| ry(1.9823) |- —1—x

| Ry(1.9823) | X

q_3: B i

q d: B 3 X

q_5: H X

q6: {8 | e -Er]»

c: 1/
0

Using the swap test, after 10000 shots we measure p(|0)) = 0.9395 with

k(x,y) = |(xT - y)*| = v/2-0.9395 — 1 = 0.93755.



Quantum Kernels and the Inversion Test

* Quantum feature maps encodes classical data into quantum data via a
parametrized quantum circuit

* The feature vector defines by m parameters of the parametrized quantum circuit
U,y With the dimension of ¢(x) being 2™

* Parameterized quantum circuits based on superposition and entanglement are
hard to simulate classically and could lead to an advantage over classical machine

learning approaches
|6(x)) = Up(x)|0)*™

entanglement

1
>

4 HH P(2.0*x[1]) H X H P(2.0*(n - x[0])*(n - x[1]))

* The ZZFeatureMap with 2 features, x[0], x[1], dimension of ¢(x) being 24 and depth 1



* The inversion test is based on the idea of estimating the
fidelity (similarity) between two states

* For an input state [0)®™ | if we map it by parametrized

quantum circuit U, with parameters that are defined by x

* then un-compute it by U7 ), the inverse of the
parametrized quantum circuit U, ), then the probability of
measuring the state [0)®"is one



* Quantum circuit U by x ( U, ) , the inverse quantum circuit UT by y (UT ) )

Ul

c,{;(y)Uqb(X) 0%7™)

* If x and y are similar, the probability of measuring [0)®™ for the input [0)&™
should be near 1

If x and y differ a lot, this probability is smaller

* The quantum kernel is represented as:

k(x,y) = [{6(x)|6())I* = [(0*™ U |

Uspix) |02}

» We measure the final state several times and record the number of [0¥" ) and estimate the
value k(x, y)
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Quantum Support Vector Machine

* The quantum kernel is plugged into classical kernel methods like
Support Vector Machine (Kernel Machine)

* Only the Gram matrix (kernel matrix) is determined by a quantum
computer (or a simulation), the other parts of the computation are
performed on a conventional computer

* Either one passes a function of the quantum kernelto a
conventional algorithm, or one precomputes the training and
testing kernel matrices

* Often the actual internal representations of the quantum kernel are
hidden from the outside.



* An 2 dimensional ad hoc toy data set of two dimensions with two classes is

generated using ZZFeatureMap. Quantum kernel with SVM achieve great results
on this toy data set

Ad hoc dataset for classification

A train
B train
A test
B test

e m O 0O

But...



Overfitting

* Quantum kernels are intractable for higher dimension on a classical
due to exponential growth of parameters

* They give an advantage for artificial generated problems Havlicek et
al. (2019)!

* They can achieve lower training error on real data (-> Overfitting)

* However, this improvement leads to poor generalization on the test
set and it seems that classical models can outperform quantum

models
* Why?



* We will analyze the quantum kernel based on ZZFeatureMaps in two
dimensions

* First a Hadamard gate H, is applied to two qubits represented as

q 0: 41 H 4 P(2.0*x[0]}]) L 2 -

ql: 4 HpH P(2.0*x[1]) H X H P(2.0*(n - x[0])*(n - x[1])) H X }

/

( 1 1 1 1 \
2 2 2 2
1 1 1 1
HQ— 2 2 2 2
101 1 1
2 2 2 2
11 1 1
2 2 2 2




q0: 4 H H P(2.0*xF0] ) 3

ql: {1 HH P(2.0Fx) H X H P(2.0*(n -I0)) *(n - x[1]))
then the tensor product of tm\
1 0 1 0
Pl — . ’ P2 - .
0 622"’”1 0 e2z-z2

on the two qubits is represented by the matrix

0 622’3,1 0 0
P, ® P, =

\ 0 0 0 e2ial+27a2 )



The ZZFeatureMap F with 2 features and depth 1 corresponds to the product

F=CX-(Ps®I)-CX-(P,®Py)-H,

—

and is represented by the matrix

1 1 1 1
2 2 2 2
le2i(1r—a1)(1r—a2)+2ia1 o leQi(vr—al)(w—a2)+2ial le2i(1r—a1)(7r—a2)+2ia,1 - leQi(w-—al)(r—a2)+2ial
= 2 2 2 2
leQi(ﬂ'—al)(ﬂ—a2)+2ia2 leZi(w—al)(w—a2)+2ia2 _le2i(7r—a1)(1r—a2)+22'a2 _le2i(w—a1)(1r—a.2)+2z'a.2
2 2 2 2
\ leQia1+2iaQ - le%al—}—%aZ - le2ia1+2'i,a2 leQia1+2ia2
2 2 2 2

and the conjugate transpose matrix B = F* is given by

{ 1 1_—2i(r—bl)(r—b2)—2ibl 1,—2i(mr—bl)(r—b2)—2ib2 1_—2ibl—2ib2 \
2 2€ 2€ 7€
1 _1,-2i(r=bl)(n—b2)—2ibl  1,-2i(m—bl)(r—b2)-2ib2  _ 1,—2ibl—2ib2
2 2 2 2
B =
1 1,-2i(m—bl)(m—b2)—2ibl  _ 1,-2i(r—bl)(r—b2)—2ib2 _ 1_—2ibl—2ib2
3 2€ 2€ 2€
1 _1,-2i(m—bl)(r—b2)—2ibl _ 1_-2i(r—bl)(r—b2)—2ib2 1 _—2ibl—2ib2
2 i 3¢ 2% /




and the mapping U (y)|U¢(x)|OO) is described by

/1)

0
¢(y)|U¢(X)|OO> = Sl 0 ==

\ 0
e2i(mzq ) (wxg)+2ix) —2i(mwyq )(wyg)—2iy; +e2i(1r:z:1)(1r:z:2)+2i:1:2—2'i(1ry1)(1ry2)—2iy2 + e2iT) +2iwp — 21y —21iyy 4 g
1 _e2i(mzy)(wxg)+2iz) —2i(myq ) (wyg) —2iy) _ 2i(mzq)(7wzg)+2ixzg—2i(mwyy)(Tyg)—2iyg + e2iz)+2iTg —2iy) —2iy 4 1
A _e2i(mzqy)(mxg)+2iz) —2i(myq ) (wyg)—2iy) 5 e2i(mzqy)(mxg)+2izg —2i(mwy ) (wyg)—2iygy _ 2ix) +2izg—2iy) —2iyg )
e2i(mzy)(wxg)+2izy —2i(mwyy ) (wy2) —2iyy _ 2i(wzy)(wxg)+2izg—2i(myy ) (wyg) —2iyy _ (2ix)+2izg—2iy) —2iyg 4 g

with

(00|U} ) [Uip(x100) = (ezi(”ﬂ(”zﬂzm—2z‘<wy1)<wy2)-zz~y1 s

e2i(mz1)(mz2)+2iws—2i(my: ) (Ty2) —2iy2 4

e2zx1+2zmz—2zy1 —21y2 + 1) '



1 i(z1tz2—y1—Y2
(001U [Us(|00) = 7 (1+e2( 1He2=yye) 4

2. ez(27r(—:z1 —zo+y1+y2)+2z1 2o+ T 1+ 22 —2Y1Y2—Y1—Y2) | COS(:El — Ty — Y1 4 y2)) .

Notice that (00|U;(y)|U¢(x)|OO) is not a kernel, since it is not symmetric. Only

after the measurement using the Born rule a symmetric kernel function is present

with

(2 + cos (2(931 +xo — Y1 — yz)) + COos (2(-"31 — Ty — Y1+ yz)) +

00| k=

k(x,y) = [(00]U] ) |Usa) [00)* =

2 ((cos (2(:r1 — yl)) + cos (2(1:2 - yg))) :

cos (27r(—a:1 — T +y1 +y2) + 2z122 — 2y1y2)) : )



Quantum kernels are
intractable for higher
dimension on a classical
computer due to
exponential growth

ZZFeatureMap with 3 features (mapping 3 dim in 23 entangled space):

1 .
U — —2i(2mz 1+ 2722+ 223+ +y3+1)+ +y2+
| b (x) |000> —€ ( 1 2 s+y1(y2+ys+1)+y2ys+yz+ys),

_ f
p = (000|U} 5

(¥)

(e2i(27ra:1 ‘x4z 2ot 3+ 2T3+Y1 Y2+ Y1 y3+y2y3)+
e21(2me1 +27xa 42723 +y1 (Y2 +ys+1)+y2ys+y2+ys) +
e2i((@1+7+1)zo+ (21 +m+1)Z3+2my1 +y1+y2ys+my2+ys)) 4
e2i(@1(z2+m+1)+(z2+m+1)T3+y1ys+my1+ye+2mys+mys) 4
e2i(@1(za+m+1)+@2(za+m+1)+yryz+my1 +mya+ys+2mys) 4
e2i(@s(z1 o2 +1)+mzrtmzatyi (Ya+m+1)+ya+myz+2mys) |
e2i(@z(z1+za+1)tmzi+mes+y (ya+mt1)+2mys+ys+mys) |

62’i($1 (xo+z3+1)+mxo+mrs+2mYy1 +y2 (y3+7+ 1)+y3+7fy3))

The quantum kernel

k(x,y) = [(000]U] | Us(x)|000)|* = p - p*



(b)

L
8

k(x,y) = |(00|U;(y)|U¢(x)|OO)|2 = (2 + cos (2(:1:1 + 20—y — yg)) + cos (2(:1:1 —Zo—Y + yz)) +
2 ((cos (2(x1 - yl)) + cos (2(12 - yg))) .

cos (27r(—:1:1 — To+ Y1 + Yo) + 22122 — 23/11/2)) .




Problems

* The RBF kernel position in the space is defined by its center, this is not
the case with the quantum kernel whose center remains fixed and
instead its wave distribution changes

* This is why quantum kernels based on ZZFeatureMaps fail to
generalize real world normal distributed data and are successful for

artificial generated problems where the distribution of the data is
periodic

* Using quantum kernels on real data requires new alternative machine
learning techniques are required that do not minimize the error in the
Euclidean space (like SVM or Perceptron) but in the frequency space
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Machine learning algorithms based on parametrized quantum circuits are
prime candidates for near-term applications on noisy quantum computers. In
this direction, various types of quantum machine learning models have been
introduced and studied extensively. Yet, our understanding of how these
models compare, both mutually and to classical models, remains limited. In
this work, we identify a constructive framework that captures all standard
models based on parametrized quantum circuits: that of linear quantum
models. In particular, we show using tools from quantum information theory
how data re-uploading circuits, an apparent outlier of this framework, can be
efficiently mapped into the simpler picture of linear models in quantum Hil-

hert enarec Furtharmnre we analuze the avnarimentallv.ralavant recninree



Are Variational Quantum Classifiers the Solution?

* “Machine learning algorithms based on parametrized quantum
circuits are prime candidates for near-term applications on noisy
quantum computers. ”

* “Based on recent results from classical machine learning, we prove
that linear quantum models must utilize exponentially more qubits
than data re-uploading models in order to solve certain learning tasks,
while kernel methods additionally require exponentially more data
points.*
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Hybrid Variational Algorithms

* Variational approaches are characterized using a classical
optimization algorithm to iteratively update a parameterized
qguantum trial solution also called ansatz (from German

Ansatz = approach)

* The parameterized quantum trial solution is defined by a
parametrized quantum circuit like for example the
ZZFeatureMap

e Simultaneous Perturbation Stochastic Approximation (SPSA)

* The optimizer performs stochastic gradient approximation, which
requires only two measurements of the loss function.



The variational quantum classifier for a binary classification problem, with input data
vectors X of dimension m and binary output labels ¢x with a training set

D = {(x1,t1), (x2,%2),- - ,,(xn,tN)}, tx € {0,1}

For each input data vector x; a quantum feature maps encodes classical data into
quantum data via a parametrized quantum circuit [95]. circuit Up(x,) With i param-

eters
Up(x), [0)2™

Additionally we will use a variational quantum circuits that represents the free pa-
rameter w that will adapt during training

% (xk, W)) = Uw(w) * Usx), |0)®™



Example

* We use the parameterized giskit quantum circuit over two qubits U, =
ZZFeatureMap with repetition two where the parameter are defined by
the data, two-dimensional vector x

* The variational quantum circuits that represents the free parameter w
that will adapt during training is the giskit quantum circuit Uy, ) =
Twolocal

* The TwoLocal circuit is a parameterized circuit consisting of alternating
rotation layers and entanglement layers
* The rotation layers are single qubit gates applied on all qubits

* The entanglement layer uses two-qubit gates to entangle the qubits according to
the definition

* Two repetitions resulting in 12 free parameters



Uox) = ZZFeatureMap, two-dimensional vector x representing the data
x=1[0.1, 0.1]

feature_map = ZZFeatureMap(feature_dimension=2, reps=2)
feature_map = feature_map.assign_parameters(x)

Uww) = Twolocal, 12 free parameters representing weights

weights =np.array([3.28559355, 5.48514978, 5.13099949,
0.88372228, 4.08885928, 2.45568528,
4.92364593, 5.59032015, 3.66837805,
4.84632313, 3.60713748, 2.43546])

two_local = TwoLocal(2, ['ry 'rz'],'cZ’, reps=2)

two_local = two_local.assign_parameters(weights)



Circuit Definition

gc = QuantumCircuit(2,2)
gc.compose(feature_map, inplace=True)
gc.barrier()

gc.compose(two_local, inplace=True)
gc.barrier()

gc.measure(0,0)

gc.measure(1,1)
gc.decompose().draw(fold=130)



Quantum Circuit

* We define the binary output from the binary string by a parity
function
* A parity function is a Boolean function whose value is one if and only if the

input vector has an odd number of ones

Uoi = ZZFeatureMap, two-dimensional vector x representing the data

“—'
—> £
4 M 2(0.2) B 8 8 M 2(0.2) |—B — — Ry(3.28559355)
1 1 1 1
HH P(D.2) H X H P(18.5025717407428) H X H H H P(0.2) H X H P(18.5025717407428) X -——J Ry (5.48514978)

V3T B

 0: 4 Rz(5.130989949) |- Ry(4.08885928) M Rz(4.92364593) |- Ry(3.66837805) K W'.E?MN '——B—
{ Rz(0.88372228) |- Ry(2.45568528) H Rz(5.59032015) [ ky(d.iNM— Rz (2.43546) }|— —]
\ / / |

\

Uww)= Twolocal, 12 free parameters representing weights

—_
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We perform 10000 shots. The string 01 appears 5483 times and the string 10

appears 1892. We define the binary output from the binary string by a parity
function, p(1) = ok= (5483 + 1892)/1000 = 0.7375

In Boolean algebra, a parity function is a Boolean function whose value is one if and only if the
input vector has an odd number of ones.



Cross Entropy

or =p(Ci|xk) =0 (WT : xk) = o(nety),

we can simply write

p(tlx1, -+, xn, W Ho : )Lt
Having the likelihood, we can estimate the weights such that the likelihood is maxi-

mized. This is equivalent to minimizing the negative log likelihood, yielding the loss
function

N
L(w) = —log(p(t|w)) Z trlogor, + (1 — t) log(1 — o)) .

The resulting loss function is exactly the cross entropy between targets and output

H(t,p) = Z ty - log(p(Cilxk)) + —tx - log(p(Ch[xk))) -



Cross Entropy

Assuming that the training set consists of N observations

X = (X17x27'” y Xkyt ot ’XN)T

and respective target values represented as vectors of dimension K (since t is used
as an index, we will use yg; to indicate the specific target)

Y = (YI7YZ7'” 'Ykt 7YN)T'

During training, each variational quantum circuit is trained individually with its
target value yg;

K
yee € {0,1}, D yke =1
t=1
The resulting cross entropy loss function is given by

N K
L(W) = — Z Z Ykt - log Okt,



SPSA Optimizer

* Simultaneous Perturbation Stochastic Approximation (SPSA)
optimizer performs stochastic gradient approximation

SIMULTANEOUS PERTURBATION STOCHASTIC APPROXIMATION

* https : //www.jhuapl.edu/SPSA/ °"fl’,‘"-;:“;.-,, SPSA

eatures of SPSA

The Setting

* It requires only two measurements of the loss function,
regardless of the dimension of the optimization problem



w* = arg min L(w)
w
with the gradient operator is

o[22 2
N 8’w1’a’w2’ ’BwD

OL OL oL 1T
Q(W)—VL(W)—!a—M,a—M,"',%] :

SPSA use the iterative process with 7 indicating the iteration starting at 7 = 1 with

Wrpl1 = Wr — 1) g‘r(w‘r)

with 7, being the learning rate that converges to zero and §,(w,) estimation
gradient g7(w,) with

Lw,+c-A;)—Lw, —c,-A))
2-¢c, A, '

~

gr =

A, is a random perturbation vector and ¢, is a small positive number that decreases
with 7.



SPSA Optimizer g LW b A = Lo —eiwAs)

20

e The number of loss function measurerrients needed in
the SPSA method for each is always 2, independent of
the dimension

e SPSA with the random search direction does not follow
the gradient path but approximates it

* When using a variational classifier on a quantum
computer SPSA is therefore the most recommended
choice since it can be used in the presence of noise



Qiskit Variational Quantum Classifier
only qgiskit <v2

* Qiskitimplements the variational quantum classifier (VQC) that
can be embedded in classical machine learning tasks.

* In this simple qiskit example we create 10 two-dimensional
training data points and 5 testing data points for two classes each

* \We use the same classification circuit as before

* We one hot encode our labels, as required by the algorithm using
Cross entropy

* Then, we set up our classical optimizer and the VQC algorithm
using the callback function
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We plot the cost function with respect to optimization step, we can see it starts to
converge to a minimum



# Score == gccuracy
vgc.score(TEST_DATA, test _labels_oh)

* We test our trained VQC classifier Score indicates the mean
accuracy, it determines for the test set true values, in our case the
scoreis 0.9



Conclusion

Most qguantum machine learning algorithms suffer from the input destruction
problem
* The efficient preparation of data is possible in part for sparse data (next lecture)

The input destruction problem has not yet been solved, and theoretical speed-
ups are usually analyzed by ignoring the input problem, which is the main
bottleneck for data encoding.

Other constraints:
* Normalized representation of vectors (Cosine similarity)
* Quantum kernels with a “periodic” receptive fields

Dilemma: should we ignore or marginalize those constraints or not?

e Optimist: In the feature they will be solved
* Pessimist: Till now, no theoretical advantage over classical algorithms on real data



* Variational Quantum Classifier a solution to the Dilemma?
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Machine learning algorithms based on parametrized quantum circuits are
prime candidates for near-term applications on noisy quantum computers. In
this direction, various types of quantum machine learning models have been
introduced and studied extensively. Yet, our understanding of how these
models compare, both mutually and to classical models, remains limited. In
this work, we identify a constructive framework that captures all standard
models based on parametrized quantum circuits: that of linear quantum
models. In particular, we show using tools from quantum information theory
how data re-uploading circuits, an apparent outlier of this framework, can be
efficiently mapped into the simpler picture of linear models in quantum Hil-
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