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Machine Learning Models
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Generative Learning Models
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Exploring Biological Neuronal Correlations with Quantum Generative Models

Biological activity
sampled from dataset

FHHHI
Hl-

i
HiH
|

[
It
HH

neurons

UMM

Hl |

H—t—H
[HH—H
I
I

|

|
i1

I

Hi

H
|
I
H

|

Artificial neuronal activity
can be sampled from

generator

Neurons

-4
-
[l

H-H

HilH
F—HHl

I
|

[HH
-1
|
HiH
IH

-
H—1HH
|

time

Design a quantum generative model that produces neuronal
activity indistinguishable from the real biological data!

Hernandes, V., & Greplova, E. (2024). Exploring Biological Neuronal Correlations with Quantum Generative Models. arXiv preprint arXiv:2409.09125.

Hernandes, V., & Greplova, E. (2023, September). Modeling Neuronal Activity with Quantum Generative Adversarial Networks. In 2023 IEEE International Conference on Quantum Computing and Engineering (QCE) (Vol. 2, pp. 330-331). IEEE.




Quantum Generative Adversarial Model: SpiQGAN
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Our model reproduces both spacial and temporal correlations in neuronal
activity with
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Our model reproduces both spacial and temporal correlations in neuronal
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QML is successful and cheaper
to train
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