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Quantum Machine Learning
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Most researched approaches

Quantum Annealing Quantum Neural Quantum Kernel
Networks Methods
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Solution

Adiabatic evolution
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Adiabatic quantum computing

Adiabatic theorem

A physical system remains in its instanta-
neous eigenstate if a given perturbation is
acting on it slowly enough and if there is a
gap between the eigenvalue and the rest of
the Hamiltonian's spectrum.
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Easy implementation for Quadratic uncon- Solution
strained binary optimization (QUBO) prob- . ) .
lems. Adiabatic evolution
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Support Vector Machines

» Classification supervised learning algorithm

» Maximization of margins

1
min =|w|?,
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such that : y(i)(w~w(i) +b)>1,i=1,....m

> Kernel trick: exchange inner product for some ‘arbitrary* similarity

measure —
(<, X0 = K = (6 (x@) 6 (x9)) e

» The transformation ¢: g

P leads to higher dimensional space - improved separability
P allows for nonlinear class boundaries
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Delilbasic, Amer, et al. A single-step multiclass SVM based on quantum annealing for remote sensing data classification. |IEEE JSTARS (2023)
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Study / Ref. Task / Dataset ~ ML Problem QML QML Acc. Class. Acc. SOTA Mode  Notes
Method
Otgonbaatar, et Indian Pines / Binary classifi- QA 92% 90% — & Multiple  binary
al. (2021) [}47] Land Cover cation comparisons,  on
par
Otgonbaatar, et PolSAR / Land Binary classifi- QA 99% 99% — [0 —
al. (2021) [47]  Cover cation
Dclilbasic, et al. SemCity Binary classifi- QA 87.4% 87.6% - [0 —
(2021) [19] Toulousc / cation
Land Cover
Delilbasic, et al. SemCity Multiclass clas- QA 86.6% 86.0% — [0 Advantage in
(2024) [45]) Toulouse / sification computational time
Land Cover scaling claim
Delilbasic, et al. ISPRS Postdam / Multiclass clas- QA 81.2% 85.2% — & Advantage in
(2024) [45]) Land Cover sification computational time
scaling claim
Pasctto, ct al. ScaBAM ! Regression QA MSE 10.88 MSE 840 — 0 On par
(2022) (46} Chlorophyll

concentration




Quantum neural networks

Gate model of computation
» Capable of universal computation \0> _D_ I:'

Simulation

QC & cCC \o>_|:|_ _’—’,D_

» Quantum circuits consist of:

P qubit registers 10> _D L

P quantum gates

» Gates can be parameterized with
continuous parameters
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Parameterized Quantum Circuits

Some gates can be parameterized with
parameters

» Datum as a parameter
» Tunable parameter

Gates gathered into repeating layers

Tunable parameter landscape - training
of QNN

Luse = (9 = )%, § = (¥(©)|01%(©))

Unitarity?
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2 Annual Crop B8 Herb. Veg., B Industrial #8 Perm. Crop B River
W Forest Highway WM Pasture W Residential Wl Sea&Lake
Sentinel-2 image [79] coarse-to-fine quantum classifier Wide-ResNet [80] JEM [80]

Sebastianelli, Alessandro, et al. On circuit-based hybrid quantum neural networks for remote sensing imagery classification. |IEEE JSTARS (2021)



Study / Ref. Task / Dataset ML Problem QML QML Ace. Class. Ace. SOTA Mode  Notes
Method
Chang, et al. EuroSAT, SAT4 / Binary classifi- QCNN 98% — 98.5%. =1 On par
(2022) [88] Land cover cation [89]
Sebastianelli, et BEuroSAT / Land Multiclass clas- QCNN 92% 83% 98.5% = —
al. (2021) [TZ’ cover sification [ER]
Sebastianelli, et Volcanic Eruption Binary classifi- QUNN 96% BRY% 85% [=1 —
al. (2023} [90_] Prediction cation
Mauro, et al. $Sa-2 / Water Regression QUNN RMSE RMSE — [=] Advaniage in de-
(2025) [91) Quality Monitor- 0,198 0.214 crease of model pa-

ing

rameters claim
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Quantum
kernels

— —> (Classifier)
training
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Quantum kernel methods

BRI

um Kernel Estimation lo)— B
l0)— =
» Parameterized Quantum Circuits — encode l0)— -
data . U(ZB) U (y)
» Measure specific properties of the encoded state
» Infer similarity between quantum states 10— ]
[0)— u
Quantum Kernel Estimation
0
- | -
l Classical data I—leata embeddmgl—-» ) Classical Classical
I Computation |[—»| Measurement [—> ¢ N Eas i
post-processing routine
|
Kernel famlly Loschm dt echo
| Fidelity |_> \ Global |_+| Proportion |-+ Classical
1
U@l (@) m< routine
I Local

| Projected | —
Tomography

I—>| Non-linear I—>
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Superpixel segmentation Superpixel statistical measures
éo Classical Superpixel #013
E Quantum
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Spatial data — Feature space
Update parameters
Data embedding i Quantum kernel estimation Pt prmmeer
0 2
E —— | Ky = ()0
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s o
— > Kernel Target Alignment Qptimized?
KTA= K, X
Quantum kernel estimation Prediction
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Miroszewski, Artur, et al. Detecting clouds in multispectral satellite images using quantum-kernel support vector machines. |IEEE JSTARS (2023)
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Miroszewski, Artur, et al. Detecting clouds... |EEE JSTARS (2023);
Wijata, Agata M., et al. Detection of bare soil... IEEE IGARSS (2024)



Study / Ref. Task / Dataset ML Problem QML QML Ace. Class. Acc. SOTA Mode  Notes
Method

Rodriguez- Photovoltaic Ar- Binary classifi- QK 86.5(2.5)% 89.4(2.5)% — =] —

Grasa, et al. ray [93] cation

(2024) [92]

Wijata, et al. Hyperview / Bare Binary classifi- QK 88.2(3.5)% 90.4(3.4)% — f= -

(2024) [92] soil detection cation

Gupta, et al. Anificial / Land Binary classifi- QK ~ BO% ~ 50% — Advantage for QK

(2022) [94] cover cation aligned dataset

Miroszewski, et 38-Clouds / Binary classifi- QK 91.1(3.1)% 91.9(1.0)% 96% [95] —_

al. (2023) [20] Cloud detection  cation




(Raw Earth Observation Data]—} (Preprocessing]

. v

Data (Quantum encodz’ng) (Q UBO Mapping)
embedding

Quantum

algorithm (Quantum Annealing)

Classical Kernel Gradient Solution
processing | | method computation extraction




Problems: Quantum Computation speed

Parameters sSC T.ions | Photonic | N.atoms S.spin NV CPUs
Clock cycle 1MHz 1KHz 10Hz 1MHz 0.76MHz | 1MHz | 3GH=z
Measurement G60ns 300pus X 200ms 1.3us X
2-qubit gate 3dns 2008 x < 100ps x TO0ns x
1-qubit gate 2ins 15ps x x x 9ns x
Readout fidelity | 99.4% 97.3% 50.0% 99.1% 99% 98% x
1Q) fidelity 99.99% | 99.99% 99.84% 99.83% 99.99% 99.99% x
20 fidelity 99.97% | 99.9% 99.69% 99.4% 99.5% 99.2% x
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Problems: Curse of dimensionality .
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Measurem e QKE Exponential value concentration

QKE inextricably linked with the proportion The kernel values statistically concentrate
estimation in the Bernoulli process . around the constant value
10
10
1072
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X107
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107*3 & Linear entanglement
= Full entanglement
- r=1
- =2
r=4 s 2 L
r=5 - u,
10°°4 mmm r=6 [Za |
2 4 6 8 10 12 14 16 18 20

measurement uncertainty + exponential value concentration = exponential number of measurements




104

10%

1027

1020

Tls]

1013

1071

Sonar: Runtime

Sonar: Energy consumption

Simulated

Extrapolated

40 50 60

Miroszewski, Artur,

etal In

search of quantum advantage:

> | 1042 ‘
- 1035
1028 ,’/
5 102 3
w T =
5 2
101 2| &
E £
a4
107
—To __,;/’ — Eo
Tnoiseless 10° peale Enoiseless
Tom Fava Evum
Thenri ‘0 Evenr
1077+~
70 80 0 10 20 30 40 50 60 70 80

. arXiv:2407.15776 (2024).



Problems: Noise

Study / Ref. Task / Dataset ML Problem QML QML Acc.  Class. Ace. SOTA Mode  Notes
Method
Chang, et al. EuroSAT. SAT4 / Binary classifi- QCNN 98% ~ 98.5% [=] On par
(2022) [88] Lund cover cation 89
Scbastianclli, ¢t EuroSAT / Land Multiclass clas- QCNN 92% 43% 98.6% [=] -
al (2021} [72)  cover sification 189
Sebastianelli, et Volcanic Eruption  Binary classifi- QCNN 965 8% 856% -} —
al. (2023) [90]  Prediction caticn
Mauro, et al. ®Sat-2 / Water Regression QCNN RMSE RMSE (=] Advantage 1 de
025) 91] Quality Monitor- 0.198 0.214 crease of model pa-
ing rameters claim
Rodriguez- Photovoltaic  Ar- Binary classifi. QK ) 89.4(2.5)% [=]
rasa, e al. ray (93] cation
{2024) 192}
Wijata, et al. Hyperview / Bare Binary classifi- QK 88.2(3.5)% 90.4(3.4)% — (=] —
(2024) 192) soil detection cation
upa, o al Artificial / Land Binary classifi- QK ~80%  ~00% = =) Advantage for QK
(2022) (94) cover cation aligned dataset
Miroszewski, et 38-Clouds { Bimary classific QK 91,1(3.1)% 91.9(1.00% 96% 051 @ -
al. (2023 [20]  Cloud detection  cation -
Otgonbaatar, et Indian Pines / Binary classifi- QA 92% 0% — [0 Multiple  binary
al (2021) (47) Lend Cover cation comparisons, oo
par
Otgonbaatar, ¢t PoISAR / Land Binary classifi- QA 99% 99% — [0 —
al (2021} [47) Cover cation
Delilbasic, et al.  SemCity Binary classifi- QA 87.4% 87.6% — & —
(2021) {19) Toelowse / cation
Lund Cover
Delilbasic, et al.  SemCity 86.6% 86.0% — [o3 Advantage in
(2024) [45] Toulouse ! computational time
= Land Cover scaling claim
Delilbasic, et al. ISPRS Postdam / Multiclass clas- QA 81.2% 86.2% — [o Advantage in
(2024) [45) Land Cover sification computaticoal time
scaling claim
Pasetto, et al. ScaBAM / Regression QA MSE 10.88 MSE 8.40 — & On par
(2022) (46) Chilorophyll
concentration
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Problems: Large data

training set A
. ovo
cs Superpixel segmentation Superpixel statistical measures
4 e Superpixel #013
‘B e
%
solutian g — — N
- L combination z Data point #013
randam selection k-means selection 1
- Y
. / Spatial data — Feature space

training subset
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Future directions
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