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Classical perceptrons
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Classical perceptrons
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PQCs as QNNs
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Parameterized Quantum Circuits (PQC) are often referred to as Quantum Neural Networks (QNN)

Input state
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U(0,) : Variational gates possibly /A
dependent also on input, i.e. U(@; x)

W. : Un-parameterized entangling operations
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Various QNN/QML models -

Classical Neural Networks Quantum Neural Networks Quantum Kernel Methods
Input layer Hidden layers
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McCulloch-Pitts Quantum Neuron .

Discrete inputs and weights
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[2] F. Tacchino et &l., “An artificial neuron implemented on an actual quantum processor”, npj Quantum Information 5, 26 (2019).

Encode the n-bit long input and weight

vector in the amplitudes =1 of a

balanced superposition of the
computational basis states of

N = log, n qubits

Real Equally Weighted (REW) states

<«—— ...inner product! Now the activation function!
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Compute-Uncompute method

Be U( - ) the variational unitary preparing the
input and weight quantum states

U@) | 0)®Y = |y;)
Uw)|0)® = |y,

then

‘ O>®N

EY/ESEN[EVIENIEN

| @) = Uw)'U()|0)2"

its projection on the | O)®N state
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Non-linear activation function induced by
measurement! = (y, |y
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Compute-Uncompute with a twist

Adding:
=ancilla qubit

=layer of X
(or control on | 0))

= multi controlled NOT CV X

In this way the desired inner product is loaded on

10) A the state of the ancilla qubit. Easier to transfer if
~ thinking of a coherent feedforward neural network.

# of ‘1’ measurements = | (l//w | l//,) |2
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Pattern Recognition
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A Continuous Quantum Neuron

Discrete Continuous
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[3] S. Mangini et al., “Quantum computing model of an artificial neuron with continuously valued input data”, Mach. Learn.: Sci. Technol. 1 045008 (2020).

the quantum state

|
TN Z cos((0; — ¢;) — (0, — ¢,)

1328
Stefano Mangini, ML Summer School, 28/08/21



Checkerboard classification .
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Problem: efficient implementation

# of qubits
State preparation is inefficient in the number of qubits L= (g, Uy eeesly 1) N = logn
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Solution: make it variational! .,

In the following, we focus on creating a variational implementation of U, , assuming an efficient

procedure for loading classical data on the quantum state is available (i.e. U is given).

Uw)|0)®N = |y, )

HEEEEE
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Solution: make it variational! .,

el |

In the following, we focus on creating a variational implementation of U, , assuming an efficient

procedure for loading classical data on the quantum state is available (i.e. U is given).

Uw)|0)®" = |ys,) > U, = X®"U(w)

U, ly,) = X®VUWw) Uw)"|0)®" = | 1)@V

0N U(i) =1
— approximation Variational ansatz
| J V@*) ~ U,
r t

Optimization problem:
F(O) =1—[(11...1[V(0)[thw)|”
0* = arg min, F(6)

0* optimal angles

Note: optimal values are specifictoaw
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Global and Local optimization

Global strategy Local strategy

V(H) b (0 ) disentangle qubit, and send it as
L close as possibleto | 1)

| w,)
| w,)

F(6)
Entangling layer: all-to-all or nearest neighbors Fi(0;)=1—(1|Trj11... n|pjl|1)
Single qubits rotations (around ay) Ww><¢w‘ i=1
F(0) =1—[(11...1|V(0)[thw)| L Vi0i)pi V] (85) >
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Ansatz: technicalities

Variational gates

for each layer

4
NG ® exp 1(9 0(61) /2 ay@ :pauli matrix acting on qubit-g

Entangling gates

All to all (a23) Nearest neighbors (nn)

----------
----------

2 3

----------
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Comparison with exact method
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Optimisation of Global with nn

Optimization of Global
unitary with nn
entanglement.
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More layers are needed to
reach enough expressivity
and learn the task
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...but using alocal

50 100 150 200 approach we can use
Number of function evaluations (COBYLA) different depths
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Local approach: structure optimization

Optimization of local
24 32 29 38 unitary using different
structures

A ‘211’ structureis:
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Nearest neighbour
All to all

111 211 221 222 321 322 333 optimization run 10 times
Structure for each structure
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Noise-free: Global vs. Local

Number of optimization
steps to reach target
fidelity, in noiseless
simulation.

Assuming decreasing structure

# parameters ~ O(N?)

Difference due to different
Assuming scaling in the number of
#layers = #qubits - 1 parameters (assuming
# parameters ~ O(N?) decreasing structure for
local).
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No significant difference
between local and global if
. exact simulation is used s

Number of qubits
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Shot noise: Global vs. Local

Number of optimization
steps to reach target
fidelity in presence of
measurement noise.
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Local approach reaches an
' ' . . . optimal solution faster
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SPSA Iteration than global optimization!
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Scaling

Scaling of the circuit
depth wrt the number of
Local, a2a

Local, nn qults

Global, a2a
Global, nn
Exact
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Whatever the structure
(global or local, a2a or nn),
the variational approach
requires much less
computation wrt to exact
Number of qubits implementation!
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Summary and Outlooks

Summary

Introduced variational ansatz substituting exact circuit
Extensive study of different architectures
Noise plays major role in global vs. local
Variational approach lead to NISQ friendlier circuits

Outlooks

Analysis specific to a given pattern and task
Include other source of errors
Deeper theoretical understanding (a2a vs nn, local vs global)
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thank you!
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exra\ Hypergraph State Generation «

Graph Quantum Graph State Hypergraph Quantum Hypergraph State
Edge
| | [ S —
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——0—
Nelelsts 4
Edges connect 2 nodes CZ between connected nodes Edges connect multiple nodes CPZ between connected nodes
oN_|
. _ N, ) = —— AN
Input:i € {—1,1} ,Output.. | ;) \@V 2 i 1)
Hypergraph Apply Hadamard on all qubits. J=
: Check for states with only one qubit in 1 requiring a -1 factor (e.g. [|010---0)), apply a Z gate on that qubit.
generation y one g quiring (e.g. | ), applyaZg q
: Forp =2,---, N:
algorithm

Check for states with p qubits in 1 requiring a -1 factor, and apply a C*Z gate on those qubits.
If a state has an unwanted -1, correct that applying C”Z gate.
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extra\ EXPIiCit circuits

(1,-1,1,1)

Discrete /0O
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Continuous I/0
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eraLOCAl approach for 5 qubits

Optimization of local

Depth : :
e unitary for 5 qubits
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Again, the most efficient
structure is the always
decreasing one.
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extralO0Me cool properties

o . ON_1
Activation

Function

1<J

e Shift invariance
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butalsofor 6 =¢ + A with A aconstant! A =(A,A, -, A)

® Noise resilience

O=¢+A, A ~Unif(=al2,al2) like coherent errors due to
5y ’ e

under/over-rotations in

(f(0,¢)) ~ 1 — O(a?) parametrized gates

| | |
fO0.) = = + = ) cos((0 = ¢) = (6, = h)

The activation function is
color shift invariant, i.e.

=f0.¢ + A)
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