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Quantum Neural networks are variational quantum circuits.
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Quantum Neural networks are variational quantum circuits.
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Quantum Neural networks are variational quantum circuits.
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Entanglement: bless or curse?

Quantum neural networks promise to be
better than classical NN [3]

[3] Abbas, Amira, et al. "The power of quantum neural networks." Nature Computational Science 1.6 (2021): 403-4009.
[4] Marrero, Carlos Ortiz, Maria Kieferova, and Nathan Wiebe. "Entanglement-induced barren plateaus." PRX Quantum 2.4 (2021): 040316.
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Quantum neural networks promise to be

Random states better than classical NN [3]
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String compression (simple example):
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String compression (simple example):
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limited by the Entanglement Entropy
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* The initial state can be described by a product state, that can be

described exactly by MPS with a bond dimension y = 1.
* We then apply operators to evolve the state, bringing it into the target

state |y), as we would do normally with a quantum circuit.
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Singular Values Decomposition

The core of tensor networks algorithms lays in the application of SVDs
to the tensors applying an appropriate approximation on the singular values
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Singular Values Decomposition

The core of tensor networks algorithms lays in the application of SVDs
to the tensors applying an appropriate approximation on the singular values
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sub-leading term for the state
description.
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This truncation after the SVD is the core of tensor networks algorithms,
and enables the efficient compression of information

 We call y,,,, bond dimension of the system, and denote with s; the
greatest eigenvalue of . Then:
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We keep the eigenvalues only We keep only the
If they are blg enough. In this eigenva|ues_ In this way,

way, we are neglecting the we keep the quantum state

sub-leading term for the state  panageable even for big number

description. of qubits. However, this may be
a strong approximation.
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Alternating VS sequential

Data re-uploading [5]
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Alternating VS sequential

Data re-uploading [5]

Alternating
e Q - 0.20
@@ (_ e o o
@ S
S I'Z]D:
@ R - 0.151 8 :
! 5: 21 Sequential
®
@ ® e o o
)
® Q
@ ) »
Q
[ | & S ' - It
® B SCI _Sseq
x T 0.00 AS = —
(St 4 §sea)/2

12

IVUmb
€r of /aJ/ers / 16

20

[5] Pérez-Salinas, Adrian, et al. "Data re-uploading for a universal quantum classifier." Quantum 4 (2020): 226. 1



Alternating VS sequential

Data re-uploading [5]

Alternating
oo T 0.20
@@ (_ e o o
@ ® A |
Q
|
@ N - 0.15 ﬂ' :
el Sequential
o
@ ® e o o
@
® Q
®
Q) » .
\ _
QD 9 e " . - Salt — §seq
- 0.00 AS =
(Salt + Sseq)/2
20
Y
0
Both tends towards
Nump, 12 Haar-rand
e 6 O aar-random
r of layers / 16 ” A \
11

[5] Pérez-Salinas, Adrian, et al. "Data re-uploading for a universal quantum classifier." Quantum 4 (2020): 226.



Alternating VS sequential

Significative difference that increases with Data re-uploading [5]

the number of qubits n, up to almost 20 % for n = 20 Alternating
7 - 0.20
i a @ (_ e o o
e Ilzlz:
® 1 o _
2% O1OlS Sequential
1 % | ©
@ ® e o o
@
® Q
$ S
Q)
\N : ( l
} 9 - - qalt __ gseq
© "% J 0.00 AS =
(St + Sseq)/2

Both tends towards
Haar-random

12

IVUmb
€r of /ayers / 16

20

[5] Pérez-Salinas, Adrian, et al. "Data re-uploading for a universal quantum classifier." Quantum 4 (2020): 226. 1



8 *
/,/
v
/,/
7 P 4 B
-7 -7
/’, ///
7 v 4
N 6 ,*’ ,I’/ ®
i -~ /// e
” v 4
v s // 7’
& 5 %/ m cad v
o , = o
go // /,’ R
P s
5 4 S owT ey
c // -7 ,//
P 7 7
-E ///’/ /,/ -o- F=(C
3 = - 4.7
o e P =0
2 @& - F =09
-&- | = C3
1
4 6 8 10 12

Number of qubits n

Entanglement scaling with depth

C, is always used as
variational ansatz

CIrculT 1 ( CIRCUIT 2 \ CIRCUIT 3

__________ e Py A9 e R o)

______________________________________

- e e e e Em Em e o Em o mm e e Em o Em e e m e e e Em e o e o o e = =



Entanglement scaling with depth
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Expressibility

Low expressibility High expressibility
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Expressibility

/ Low'expressibility High expressibility
o . — >
Ability to address the full unitary space
Defined as the distance Idle circuit Circuit A Arbitrary unitary
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