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Even though the contemporary artificial intelligence (AI) became a powerful tool in
many areas and even in our everyday life, it still cannot outperform the human brain.
The natural intelligence is a result of collaborative work of neural cell ensembles having
much more elaborated functionality and connectivity than the artificial neural networks.
The paper presents the basic working principles in the brain, neuromorphic computing
inspired by them and their applications.
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Bbupekn, ye cbBpeMenHus u3KycrBeH unrenaekt (M) crana MOIIHO CPEJICTBO B MHO-
ro obJacTH W JIOPM B €XKEJHEBUETO HU, TOW BCE OIlle He MOXKe Ja paboTu Ho-I00pe OT
YOBEINIKNsI MO3bK. KCTeCTBEHUsI MHTEJIEKT € pe3yJITaT OT CbBMeCTHaTa paboTa Ha IPyIu
OT HEPBHU KJIETKU MMAIIA MHOTO TO-CJI0KHA, (DYHKITHOHAHOCT U BPB3KH OTKOJIKOTO W3-
KyCTBEHUTE HEBPOHHU Mpeku. CTaTusita mpeicTaBsi OCHOBHUTE MPWHITUIN Ha paboTa Ha
MO3bKa, BI'bXHOBEHUTE OT TAX HEBPOMOP(MHU UIYUCJICHUS] U TEXHU MIPUJIOKEHUS.
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1 Introduction

The contemporary artificial intelligence (AI) relays on artificial neural networks (ANN)
inspired by the knowledge about brain structures involved in information processing and
decision-making. However, they still do not replicate the brain structure in detail. Al-
though the increased computational power of computers nowadays allows for the imple-
mentation of larger and larger ANN models, it is at the expense of enormous energy
consumption.

In contrast, our brain possesses computational power of a modern supercomputer hav-
ing a much more complicated structure in much smaller volume, and consuming much
less energy. The current development of neuromorphic architectures opened a new op-
portunity to replicate brain structures and functionality with lower energy consumption.

This paper presents several basic principles of brain working and its structure on
several examples of neuromorphic models and their applications.

2 Brain structure and working principles

Our brain consists of more than 86 billion neural cells [4]. The contemporary neu-
roscience revealed a lot about their functioning principles and structural connectivity.
Figure 1 presents the structure of a typical neural cell briefly called a neuron. It con-
sists of a cell body, dendritic tree and an axon. Each neuron sends information to its
neighbors via the axon and receives their signals via its dendrites at connection points
called synapses. In ANNSs, the neural cell output, y is considered as a sigmoid nonlinear
function of the weighted sum of its inputs z;,7 = 1 = n. However, the knowledge from
neural biology reveals that the neural cells communicate via sequences of pulses called
spikes rather than using continuous signal.

The simplest and widely used spiking neural model is called Leaky Integrate and Fire
(LIF) [6] as shown in Figure 2. It considers the cell membrane as a capacitance in an
electric circuit. The synapses receive incoming signal as a train of spikes. Each new spike
contributes to the total current I in the circuit thus influencing the membrane potential
V. When the threshold ¢ is reached the cell emits a spike and returns to its resting state.
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Figure 1. Neural cell structure® Figure 2. Neuron functionality?

1By Egm4313.512 (Prof. Loc Vu-Quoc) - Own work, CC BY-SA 4.0, https://commons.wikimedia.
org/w/index.php?curid=72816083.

2By Spikingl6 - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=
97335695.
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The moment of spiking of each neuron depends on the frequency of the incoming
spikes.

The overall functioning of an ensemble of neural cells depends on the way its individual
elements are connected, i.e., on the network topology. In ANNs, the neurons are usually
arranged in layers having mainly feedforward connections. In recurrent ANNs (RNNs)
feedback connections between layers allow for accounting for past neural states as well.
In our brains, the network topology called the connectome, as shown in Figure 3, is rather
more complicated allowing for a much more sophisticated way of information processing.

Figure 3. Human brain connectome®

The current developments in brain imaging technologies such as Magnetic resonance
images (MRI), functional MRI (fMRI) and Magnetoencephalography (MEG) allowed to
collect data not only from brain surface, like Electro-encephalographic devices (EEG)
but also about deep brain structures, their connectivity and role in sensory information
processing and decision-making.

The most important thing, however is to determine not only the topology but also
the strength of each connection within a network. It is well known that by proper tuning
of these parameters an ANN can learn to mimic quite complicated nonlinear dependence
between its input and output variables. However, the ANNs training algorithms are far
from the way our brain adapts to the changing environment.

While for ANNs training huge number of examples, computational resources and time
are needed, our brain is able to learn from experience in a much faster and energy saving
way via a biologically plausible training rule called Spike timing dependent plasticity
(STDP) [5]. Figure 4 shows its principles following the Hebbian rule “stable paring of
pre- and post-synaptic activity increases the strength of connection”.

On this example the pre-synaptic neuron (pre;) fires before the post-synaptic one
(post;) so the difference between times of spiking t; ft{ is negative provoking proportional

to it increase of the synaptic strength w®. If the order of spiking is revers, the synaptic
strength should decrease.

Accumulated knowledge about spiking neuron models and brain connectivity allows
to develop brain-inspired Spike timing neural network (SNN) models that would be able
to solve variety of tasks in the way our brain does. For this aim, there are developed

3 Andreashorn - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=
41581320.

4Uploaded work by Bi and Poo (1998) from http://www.scholarpedia.org/article/Spike-timing_
dependent_plasticity.
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Figure 4. STDP rule?

several simulation platforms such as Brian®, NEURON®, NEST" etc. All these however
need huge computational resources to simulate large scale SNN models.

For the aim of accelerating of simulations hardware implementations of SNN models
called neuromorphic architectures were recently developed. Some of the most popular
are SpiNNaker®, TrueNorth?, Loihi'® etc. These hardware allow for much faster and
energy-efficient simulation of large SNN models thus making a step towards their usage
in embedded autonomous devices in robotics and many other applications.

3 Examples

Nowadays the brain-inspired models have multiple applications in robotics [1, 2] to
enhance robot perception, decision-making, and control; in medicine [8, 12] for precise
diagnostics, and neuromorphic sensors; in AI [3, 11] to improve deep learning, pattern
recognition, and machine learning and in computing systems [7, 12] via the development
of next-generation architectures and large-scale SNNs.

Two of the most important functions of the natural intelligence are to perceive infor-
mation about the surrounding environment and to make decisions about how to survive
in different situations. Here, two examples — of visual information processing and a
decision-making system — are presented.

3.1 Visual system

The visual system in our brain, as shown in Figure 5, is widely investigated. Our
eyes are the light sensors that transform incoming visual scenes into a neural signal. The
photoreceptive cells in the retina detect light changes at each point of the visual scene
we observe. They send signals to a deep brain structure called thalamus. It distributes
a variety of sensory signals to the areas of the brain cortex for further processing. The
part of the thalamus denoted as LGN in Figure 4 is responsible for sending the visual

Shttps://briansimulator.org/

Shttps://www.neuron.yale.edu/neuron/

"https://nest-simulator.org/

8https://apt.cs.manchester.ac.uk/projects/SpiNNaker/

9https://open-neuromorphic.org/blog/truenorth-deep-dive-ibm-neuromorphic-chip-design/
10https://www.intel.com/content/www/us/en/research/neuromorphic—computing.html
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information to the primary visual cortex V1. There are neurons sensitive to different
orientations of objects in the visual scene. Further layers V2 up to MT and LIP areas
process the visual information, detecting positions and motions of objects. This process
of feature extraction is embedded in the neural cells’ specific connectivity. Each cell has
so-called receptive field that is the area of the previous hierarchical layer it is connected to.
Our brain relays on neurons having variety of receptive fields that filter visual information
layer by layer.

1

Figure 5. Visual system in the brain?

The most complicated visual information processing related to higher level object
recognition, decision-making and categorical judgments, is done further in the inferotem-
poral (IT), frontal eye field (FEF) and prefrontal cortex (PFC), respectively, while deep
brain SC area is responsible for sending feedback commands to our eyes via the oculo-
motor nerve (OMN).

In fact, deep ANNs, like convolutional neural networks (CNN), were inspired by this
hierarchical structure. However, unlike CNNs, our brain has a much more complicated
connectivity, including feedback and feedforward connections between different hierar-
chical levels, as well as within them. Besides, the filters in convolutional layers have to
be learned by huge number of examples while we are born with a rich bank of natural
filters determined by our brain’s connectome.

3.2 Decision-making

One of the most important deep structures of our brain is the basal ganglia, shown
in Figure 6. It is responsible for the control of precise movements as well as for learning
from experience called reinforcement learning (RL). Figure 7 depicts the basal ganglia
connectivity with other brain areas. The Striatum area is related to the so-called “value
function” in terms of RL theory [10]. Here, we create our “model” of surrounding world in
order to predict future outcomes or failures in depending on observations of our environ-
ment (sensory information) as well as our previous interactions with it via our actions.
The theory states that training of this model is done via the neurotransmitter dopamine
that controls the STDP in specific neural connections (dopamine-dependent synapses).
Dopamine is produced by the SNc area and it is considered to be the neural analog of

Uyttps://www.reddit . com/r/neuro/comments/46saia/delay_of_visual_processing_in_the_
human_brain/.
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the temporal difference (TD) error in the actor-critic RL scheme [10]. It depends on
how well we predicted the next reward or punishment from the environment, i.e., how
well we learned our lessons from past experience. The SNr and the recurrent GPe-STN
structures are responsible for taking the decision in form “Go / Don’t Go”.
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Figure 7. Basal ganglia connectivity'?
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Figure 6. Basal ganglia in the brain'?

Even though there are developed quite complicated deep RL architectures, they are
still not able to outperform our brain’s ability for fast adaptation to changes in our
environment.

4 Conclusions

The current developments in neuroscience reveal a lot of our brain secrets how we
solve problems in everyday life. The contemporary Al learned how to mimic part of this
abilities without going deeper inside brain connectome. The involvement of knowledge
about brain’s connectome and learning mechanisms would contribute to develop a new,
closer to the natural intelligence Al
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