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Introduction
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, , o This work is a comprehensive overview of the main
Generative models provide a powerful framework to reproduce and study neural processes, aiming to computational generative models developed for brain

deepen our.understandmg of percepthn, memgry, and cohsuousness. Smce. the introduction of. the simulation. A literature review has been conducted to identify
perceptron in the 1950s, the idea of interpreting the brain as a computational system has gained and analyse the most relevant and widely used models in the
prominence, laying the foundation for artificial neural networks inspired by the structure and function of field

biological neurons.

Biophysical models

* Review the current state of brain simulation research.

* |dentify the most prominent computational models used in
orain simulations.

* Distinguish the degree of bio-plausibility of each model.

* Analyse the strengths and limitations of each model.
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Agnostic models

Spiking Neural Networks (SNNs) Recurrent Neural Networks (RNNs)

SNNs are biologically inspired models that mimic how neurons communicate using RNNs are artificial models with feedback connections that allow them to process
discrete electrical spikes, allowing for more realistic temporal processing. sequential and temporal data by maintaining a memory of previous inputs.

(poor)

Axon from pre-neuron
Dendrite | Ll

| | ||
o P =T 00101100
T 0 / \ Output axon
g \ | | to post-neuron

SNN
1010 1100 SYynapse
|

'.integrate-and-tire
. ¢Ntegrate-and-fire with adaptation
'.quadratic integrate-and-fire
. . .integrate-and-fire-or-burst .FitzHugh-Nagumo
~ resonate-and-fire
. Morris-Lecar
| . )
| el : ) "
| S ,,  elzhikevich (2003) .- - Hindmarsh-Roseg ghilson
B T i 7
& ' 5 13 72 Hodgkin-Huxley
. (efficient) implementation cost (# of FLOPS) (prohibitive)
Yamazaki et al. (2021), Brain Sciences, 2022, 12(7), 863, p.5 Izhikevich (2004), IEEE Transactions on Neural Networks, 15(5), p.. 1066 o »

biological plausibility (# of features)

A
T % T
N WA ——

Stl‘enghts Limitations (a) Recurrent Neural Network (b) Feed-Forward Neural Network
Eliasy and Przychodzen (2020), Array, 6 (100017), p.6

(good)

| pompora dynamics e
renghts
. * Parameters sensitivity 5 Limitations

Energy efficiency

 Handles temporal data * Vanishing/exploding gradients
Neural mass models e Capture sequence dependencies * Limited long-term memory

Neural mass models simulate the average activity of large populations of neurons to Reservoir Computing (RC)

capture macroscopic brain dynamics efficiently. ; ; ; ;
P P Y Y RC is a neural computation framework that uses a fixed, dynamic network to
project inputs into high-dimensional space, where simple readout layers can

FEscomts . FRerooki, - S extract meaningful patterns over time.
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Strenghts Limitations
5 Strenghts Limitations

e Captures population dynamics * Low biological detail - ; . ST ”
. . e e e : e Efficient temporal processing * Fixed reservoir limits adaptability
« Computationally efficient * Limited individual neuron resolution ) , ,
t t t  Easy training of output layer  Less interpretable dynamics

Neuromorphic engineering CNNs are neural architectures inspired by the visual cortex, designed to efficiently
Neuromorphic engineering designs hardware inspired by the brain’s architecture to extract spatial hierarchies of features from input data using convolutional filters.
emulate neural processing efficiently, providing a platform for the effective : -
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s Strenghts Limitations
* Visual feature extraction  Limited temporal processing
Salinas et al., (2022), Materials Research Letters, 11(5), p. 305-326 . EfflClent for image data ° LOW biOIOgicaI realism
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