Quantum Computing: Quantum Gates
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Quantum Computing: Quantum Gates

Tensor Product of One-qubit Gate:

The simplest way of obtaining a two-qubit gate is by having a pair of
one-qubit gates A and B acting on each of the qubits

(A® B)(|11) ® [12)) = (A1) ® (Bl2))

a1 b1 b2 a1 bii b2 [a11b11 a11bi2 a12biy aiobio ]
a1 0a12 bi1 b1 D21 Do | | ba1 b2 ] a11b21 a11bap ajsba; arabao
® p— _ _ _ _ —
a1 G2 ba1 b2 bii bip b1 bia az1b11 az1bi2 azabiy aabio
az,1 2,2
(b31 bas bo1 baa | | ag1b21 a21b22 azaba1 azabas |
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Quantum Computing: Quantum Gates

Controlled-NOT (CNOT) gate:

The CNOT (or controlled-NOT or C,) gate is given by the (unitary) matrix

1 0 0 0
(0o 0 0 1
CX_0010

01 0 0

It uses convention qubits labelling: |g;q,) , i.e. | second qubit, first qubit>
If the first qubit is 0, then nothing changes, otherwise flip the second qubit:
|00) - [00), |01) - |11), |10) —> |10), [11) — |01)

For convention |qoq4) , i.e. |first qubit, second qubit>, then Its action on x, y € {0,1} is, then:
1000 x) —— [x)
0O 1 .0 O a
= = X
c=(0 100 ) —— lyex)
0O 0 1 O
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Quantum Computing: Entanglement

A state ) is a product state if it can be written in the form
1Y) = [P 2)

where |1);) and |, ) are two states (of at least one qubit).

An entangled state is a state that is not a product state (cannot be
factored).

Example of entangled states are Bell states: |00) + [11) 00) —[11)
V2 V2
01) + [10) 01) — [10)

V2 V2
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Quantum Computing: Decoherence

Decoherence is the interactions of a qubit with its environment which causes disturbances and collapse superposition.

The decoherence of a quantum system(! is caused by thermodynamically irreversible interactions with the environment; it
represents the principal mechanism for the transition from quantum to classical behavior. The evolution of a quantum system
in contact with its environment is characterized by various decoherence times; each decoherence time is related to a
different degree of freedom of the system.

The decoherence times relevant for a quantum computer are associated with the degrees of freedom that characterize the
physical qubits; they also depend on the specifics of the qubits’ couplings to these degrees of freedom!1l.

Some scientists achieved coherence time exceeds one hourl2l,

TIME

Environmental disruptions

) Image source: https://iotpractitioner.com/quantum-computing-series-part-8-decoherence

1. Dan C. Marinescu, Gabriela M. Marinescu, Classical and Quantum Information, (2012)

2. Wang, P., Luan, CY., Qiao, M. et al. Single ion qubit with estimated coherence time exceeding one hour. Nat Commun 12, 233 (2021)
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Quantum Computing: Decoherence

Quantum Error Correction!! can be used to prolong coherence length by
correcting errors caused by decoherence.

(2)

(1)

Oy

Image sourcehttps://medium.com/hackernoon/decoherence-quantum-computers-greatest-obstacle-67c74ae962b6

1. Simon J Devitt et al., Quantum error correction for beginners. Rep. Prog. Phys. 76 076001 (2013)



Quantum Computing: Quantum Volume

Improving the error rate Quibits Added: 0
Volume of cube proportional will result in @ more powerful
to useful quantum computing Quantum Computer
that can be done
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Quantum Computing
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35



Quantum Computing

Quantum circuit to create Bell states, and its quantum ‘truth table’.*

_ [0,y) + (=D*|1,7)

In Out ‘ﬁmy} B \/E
00) | (]00) +[11))/v2 = |Boo)

oy | qony+opvI= g C LT
10) | (]00) — [11))/+v/2 = | Bio) 1
11) | (|01) — [10))/v2 = | Bur) 4 h

|6$y>

*Nielsen & Chuang, Quantum Computation and Quantum Information, 10t"-Anniversary Edition, 2010, Cambridge University Press
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Quantum Computing

Quantum circuit to create Bell state using Qiskit (IBM-Q 2 qubits):
Algorithm:

1. Initialize both qubits: gy < |0), q; < |0)

2. Apply Hadamard gate H = \/ii (1 _11) on qubit gg, which puts it into a superposition state:
10) + 1)
« Hgy, = H|0) =
do do | 2
1 0 0 O
3. Apply CNOT gate Cy = 8 8 (1) 0 on qubit g,, using control qubit g4, which puts both
0O 1 0 O

gubits in an entangled state:

[Y) = Cx(q1 @ qo) = Cx <(|0>) X (

10) + |1>) _100) + 11
V2 V2
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Quantum Computing

Quantum circuit to create Bell state using Qiskit (IBM-Q 2 qubits):
Algorithm (cont’d):

4. Measure the qubits:
|00) + |11)

V2

) =

The probability of the measurement output:

112 1 ) ) 112 1
P(100)) = || =2, P(lon)) =10 =0, P(110))=]02=0, P(]11))=]|7| =3

5. Repeated many times measurements of the system will result in approximately 50% of |00) state
and 50% of |11) state.
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Quantum Computing: Let’s Coding!

Hello Quantum World! usmg Qiskit (IBM-Q 2 qubits):
| Y

‘ -
»\ - —
) L 5

— - -
s_ -

— Xﬂ" ‘ i(f."h ,. :

' | aiI‘“‘!"
i ||[ f|uli

SRRy

._" ; A 5

A IBMQ

(,

Image credit:

IBM
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Quantum Computing
Quantum circuit to create Bell state using Qiskit (IBM-Q 2 qubits):

0.60 -
do 0.45 1
g
aa 3 0.30
£
2 0 1
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Quantum Artificial Intelligence

Quantum Machine Learning!® 2:

Using quantum computing resources for Machine Learning tasks

Type of Algorithm

classical  quantum

classical

Type of Data

gquanium

1. Biamonte, J., Wittek, P., Pancotti, N. et al. Quantum machine learning. Nature 549, 195-202 (2017)
2. Maria Schuld, Francesco Petruccione, Supervised Learning with Quantum Computers, Springer (2018)
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Quantum Artificial Intelligence: Example

An artificial neuron implemented on an actual qguantum proc
I

Theoretical simulation of the algorithm for N = 4 qubits + 1 ancilla
train

0) —
0) — (a)

5 : Encoding 2000 3000 (p,

. U; U . [ quhits Training steps (b)
(1) p— ¢

p
0) — SD N ) o F
L)

|
Ancilla Ve

0) S— A )

0 1000 2000 0040
Training steps

essor!ll:

Recognize a cross (or
its negative) out of a

ing set of input

vectors:

A sample of
training

Average fidelity of
the quantum state
encoding the
learned pattern
with respect to the

target one,
obtained by
repeating the

learning procedure
500 times on the
same training set

1. Tacchino, F., Macchiavello, C., Gerace, D. et al. An artificial neuron implemented on an actual quantum processor. npj Quantum Inf 5, 26 (2019) 42



Quantum Artificial Intelligence: Example

Quantum convolutional neural networks!!!:

v W ..

—1) 1€} (£+4

iy

AL
2l

Cat Dog

IGBI

A QCNN to classify N-qubit input states is thus characterized
by O(log(N)) parameters. This corresponds to a double exponential
reduction compared with a generic quantum circuit-based classifier'
and allows for efficient learning and implementation. For example,
given a set of M classified training vectors {(|w.), y.): a=1, ..., M},
where |y} are input states and y,=0 or 1 are corresponding binary
classification outputs, one could compute the mean squared error

M
MSE = ﬁ ; (}‘f — i, v, F) [|WHH)1 (1)

Here, f{u, v, ¢ (|¥,)) denotes the expected QUNN output value for
input |y, ). Learning then consists of initializing all unitaries and
successively optimizing them until convergence, for example via
gradient descent.

O(FN(1 —31"%) + 3174N) multi-qubit operations
0(4d) single-qubit rotations

1. Cong, I., Choi, S. & Lukin, M.D. Quantum convolutional neural networks. Nature Physics 15, 1273-1278 (2019) 43



Quantum Artificial Intelligence: Example

Training deep quantum neural networks!!!:

To evaluate the performance of our QNN in learning the
training data, i.e., how close is the network output p' for the
input |¢,” ) to the correct output |¢™" ), we need a cost function,
Operationally, there is an essentially unique measure of closeness
for (pure) quantum states, namely the fidelity, and it is for this
reason that we define our cost function to be the fidelity between
the QNN output and the desired output averaged over the
training data:

ﬁ I - . 1 " (g oout | out | gout
' Maximizing cost function C

0 (worst) < C< 1 (best)

N —

Input layer Hidden layers Output layer

1. Beer, K., Bondarenko, D., Farrelly, T. et al. Training deep quantum neural networks. Nature Communications 11, 808 (2020) 44



Quantum Artificial Intelligence

Quantum Speedup for Unsupervised Learning*

Clustering problem Classical Quantum mechanical
Minimum spanning tree/k-clustering with maximum An %) A{n ¥4
spacing
Divisive clustering (in the case of balanced sub- A(n %) (X{n), O{nlogn)
clusters)
i H n? 1 3/2
k-medians (standard) el T} Q(n), ﬂ{tﬁ“ / )
o(t7)
k-medians (distributed), communication cost O(dn) ﬂ{dﬁ ),
O(tv kn(d + log sum_distn,z))
Construction of a neighbourhood graph (for d a O(n 2 n), ﬂ{-\/’]g_ n3/ 9]
medium or high dimension)
Qutlier detection (based on the neighbourhood graph) | @(n 4 n), Of .,/’E ,13!2]
“Smart” initialization of the cluster centres Q(n), Otk * n) | /), O(k*/n)

*Aimeur, E., Brassard, G. & Gambs, S. Quantum speed-up for unsupervised learning. Mach Learn 90, 261-287 (2013).
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Quantum Artificial Intelligence

Quantum Speedup for Some Supervised Learning!l 2]

OClassical ¢’

Method Speedup = 0 ()
uantum

Quantum inference on Bayesian Networks!3 4] 0(\/n)

Online Perceptronl! 0(\/n)
Quantum algorithm for Least Square Fitting!®! O(logn)
Classical Boltzmann m.achir)e us-ing Gradient Estimation Vié.] Quz.;\ntum Sampling 0(7)

(GEQS) & Gradient Estimation via Quantum Amplitude Estimation (GEQAE)!!

Quantum Boltzmann machinel® °] O(logn)
Quantum principal component analysis (PCA)10] O(logn)
Quantum support vector machine (SVM)14 O(logn)

Quantum reinforcement learning!12]

0(Wn)
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Quantum Artificial Intelligence

Quantum Speedup for Some Supervised Learning!l 2]
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Quantum Artificial Intelligence
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Quantum Artificial Intelligence
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Roadmap of Google Quantum Computing
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Image credits: H. Neven, Google Quantum Summer Symposium 2020
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Roadmap of Honeywell Quantum Computing
HONEYWELL QUANTUM SOLUTIONS

GENERATIONAL ROADMAP

2030

Tolerant Quantum Computing

Model H2 Model H3 Model H4 Model H5

Grid Integrated Optics
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2020
Model H1
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« lon trap fabrication in Honeywell's foundry

+All-to-all connectivity

« Conditional quantum logic e
* Mid-circuit measurement

+ Qubit reuse

Key enabling technologies already demonstrated for generational upgrades

Image credits: Honeywell news post
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Roadmap of IBM’s Scaling Quantum Technology

Scaling IBM Quantum technology

T
===7=
1B8M Q System One (Relessed) {In dereeiopment] Hexct family of 1BM Quantum systems
2019 2020 2021 2022 2023 and beyond
27 qubits 65 qubits 127 qubits 433 gubits 1,121 qubits Path 1o L miltion qubits
Falean Hesmimingbird Eagle OEprey Conrefor and beyond
Lage scale systerns
By sl Foiry ORI T Kiry sfvantmmgnt Wy il mre TN | Wiy Sdvancamani oy ahrunoiEnant
Optiavitze lattice Salable raadout il packaging and controls Minkaturization of Somponsnts Tategeation Bulld s INlVaESucture,
AR SETET [OTRCilion

Image credits: https://www.ibm.com/blogs/research/2020/09/ibm-quantum-roadmap
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Roadmap of Scaling lonQ's Quantum Computers

1024

800
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Image credits: https://iong.com/posts/december-09-2020-scaling-quantum-computer-roadmap
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