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Introduction



Introduction

• Super-Resolution

Figure 1: Estimating a High-Resolution (HR) version of an image based on a
Low-Resolution (LR) input is a complex task described as Single Image Super
Resolution (SISR) [1].
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Introduction

• Face recognition;

• Surveillance systems;

• Medical imaging;

• Remote sensing;

• Astronomical images;

• Forensics;

• Multimedia industry and video
enhancement.
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Introduction

• RAISR: Rapid and Accurate Image Super Resolution
(ROMANO; ISIDORO; MILANFAR, 2017).

• VQE: Variational Quantum Eigensolver (PERUZZO et al., 2014).
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Related Method



Related Method // Global Filter Learning

RAISR: Rapid and Accurate Image Super Resolution (ROMANO;
ISIDORO; MILANFAR, 2017).

• Global Filter Learning

min
h

L∑
i=1

‖Aih− bi‖2
2 (1)

min
h
‖Qh− V‖2

2 (2)
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Related Method // Global Filter Learning
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Figure 2: Learning stage.
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Related Method // Global Filter Learning
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Figure 3: Upscaling stage.
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Related Method // Global Filter Learning

Figure 4: Speed performance comparison for traditional interpolation
algorithms at several scale factors when resizing an input image from Set5 [51].
Nearest-neighbor consistently presents the best time performance for all
scaling factors.
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Related Method // Hashing-based Learning

Figure 5: Visual representation for a single pixel type of a learned filter for a
2× upscaling factor.

SUPER-RESOLUTION FOR IMAGERY ENHANCEMENT USING VARIATIONAL QUANTUM EIGENSOLVER | YSTALLONNE ALVES 10 / 35



Related Method // Local Gradient Statistics

• Local Gradient Statistics

– Angle θk , Strength λk
1, and Coherence µk .

Gk =


gxk1

gyk1
...

...
gxkn

gykn

 (3)

GT
k Wk Gk (4)

θk = arctan(φk
1,y ,φ

k
1,x),

√
λk

1, µk =

√
λk

1 −
√
λk

2√
λk

1 +
√
λk

2

. (5)
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Related Method // Classical Filter

• Classical Filter

– Berkeley Segmentation Data Set and Benchmarks 500
(BSDS500) [50].

hα

SUPER-RESOLUTION FOR IMAGERY ENHANCEMENT USING VARIATIONAL QUANTUM EIGENSOLVER | YSTALLONNE ALVES 12 / 35



Proposed Method



Proposed Method // Variational Quantum Eigensolver

VQE: Variational Quantum Eigensolver (PERUZZO et al., 2014).

• Ground State Energy of the Hamiltonian H

min
~θ

=
〈
ψ(~θ)

∣∣∣H ∣∣∣ψ(~θ)〉 (6)
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Proposed Method // Variational Quantum Eigensolver

Figure 6: VQE Overview [19].
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Proposed Method // Numerical Reference

• Numerical Reference

H =


(0,0) 1.345 149 691 971 852 6× 10−4

(0,1) 2.421 287 807 653 396 7× 10−5

(1,0) 2.421 287 807 653 396 7× 10−5

(1,1) 2.436 686 682 060 184 6× 10−4

(7)
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Proposed Method // Numerical Reference

• Exact Eigensolver (EE):

EEλk
1 = 0.0002487985684589, EEφk

1 =

[
−0.2072658478952684
−0.9782846560670648

]
. (8)

EEλk
2 = 0.0001293850689443, EEφk

2 =

[
−0.9782846560670648
0.2072658478952684

]
. (9)
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Proposed Method // Numerical Reference

min
~θ

= |H〉|ψ(~θ)〉 ≥ λmin (10)

−min
x
−f (x) = max

x
f (x) (11)
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Proposed Method // Classical Optimization

• Classical Optimization:

– ADAM;

– Analytic Quantum Gradient Descent (AQGD);

– Conjugate Gradient (CG) Method;

– Constrained Optimization BY Linear Approximation (COBYLA);

– Limited-memory Broyden-Fletcher-Goldfarb-Shanno Bound
(L-BFGS-B);

– Nelder-Mead (NM);

– Sequential Least SQuares Programming (SLSQP);

– Simultaneous Perturbation Stochastic Approximation (SPSA);

– Truncated Newton (TNC).
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Proposed Method // Classical Optimization
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Figure 7: Energy convergence for local optimizers towards EEλ2
k .
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Proposed Method // Classical Optimization

0 20 40 60 80 100
NUMBER OF OBJECTIVE FUNCTIONAL EVALUATIONS

10−15

10−13

10−11

10−9

10−7

10−5

10−3

EN
ER

G 
 D
IF
FE
RE

NC
E 
FR

OM
 S
OL

UT
IO
N 
RE

FE
RE

NC
E 
VA

LU
E

ADAM
AQGD
CG
COB LA
L-BFGS-B
NELDER-MEAD
SLSQP
SPSA
TNC

Figure 8: Divergence from reference value EEλ2
k .
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Proposed Method // Classical Optimization

• COBYLA:

COBYLAλmax = −0.00024879856832430445, (12)

COBYLAφmax =

[
−0.2072330078108220
−0.9782916132082906

]
. (13)

• Exact Eigensolver:

EEλk
1 = 0.0002487985684589, (14)

EEφk
1 =

[
−0.2072658478952684
−0.9782846560670648

]
. (15)
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Proposed Method // Classical Optimization

• COBYLA:

COBYLAλmin = 0.00012938506911698078, (16)

COBYLAφmin =

[
0.9782925363087142
−0.2072286500526972

]
. (17)

• Exact Eigensolver:

EEλk
2 = 0.0001293850689443, (18)

EEφk
2 =

[
−0.9782846560670648
0.2072658478952684

]
. (19)
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Proposed Method // Classical Optimization

• Evolution Time (ET) in seconds for convergence to ground state
considering 21 evaluations with COBYLA:

COBYLAλmaxET = 4.131 388 664 245 605 5× 10−2, (20)

COBYLAλminET = 4.220 700 263 977 051× 10−2. (21)
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Proposed Method // Classical Optimization

It took approximately 1 hour for all evaluations to be completed using a
real device, with 3504 seconds for total Evaluation Time, considering
18 evaluations with COBYLA.

COBYLAλ†min = 0.00013446128817024897. (22)

Numerical References:

COBYLAλmin = 0.00012938506911698078. (23)

EEλk
2 = 0.0001293850689443. (24)
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Proposed Method // Quantum-Classical Filter

• Quantum-Classical Filter

– Berkeley Segmentation Data Set and Benchmarks 500
(BSDS500) [50].

hβ
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Experimental Results

Table 1: Quantitative comparison of the enhancement with several objective
methods for the average performance result measured on the test images of
Set5 [51].

Filter (2×) MSE PSNR SSIM VIF RECO

Reference Values 0.00 100.00 1.00 1.00 1.00

hα (Classical) 102.85 33.55 0.904 0.91 1.07

hβ (Quantum-Classical) 102.85 33.55 0.904 0.91 1.07
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Remarks and Conclusion

As with any nascent technology, there are limitations to the quantum
computers and the simulators [24]. Time requirement to solve the
complete operation using VQE could be decreased employing a
generalization that reduces the number of samples [25] and the
inherent parallelizability of the hybrid approach [26].

The classical optimization and the quantum computation are both
parallelizable, with potential to overcome the more protracted runtime
verified when comparing to the state-of-the-art, linearly improving per
additional qubit.
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Remarks and Conclusion

The concept of the VQE algorithm was first introduced in [2] with an
implementation using integrated quantum photonics technology [27].
The VQE has the notable property that it can run on any quantum
device [28], and it has already been experimentally demonstrated in
other quantum platforms, including trapped ions [29] and
superconducting circuits [30, 31].

This work benefits from the resources in the IBM Q Experience and
the Quantum Information Science Kit – Qiskit [24], which conveniently
includes the VQE algorithm.

Implementations of the VQE are also currently available in additional
quantum computing and software platforms, such as in the ones
offered by Rigetti Computing and Xanadu.
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