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ABSTRACT

Spiking neural network is a new method of artificial neural network, which is more aligned with the
human brain. It considered more with neural processing and brain like intelligence. SNN is a hardware
friendly and energy saving tool, which works on sparse event driven model. SNN is a powerful tool for
deep learning, gradient learning, and reinforcement learning. Neural networks in Al includes
interconnected artificial neurons or nodes structure, which helps further improvement in energy
efficiency and processing speed of transforming information. SNN applied time series prediction and
showcasing their potentialin forecasting and predictive analytics. In this paper, we will review the
mechanism, training process and its algorithms for todays high demanding applications like image
recognition, video recognition, natural language processing and speech recognition etc.

We will know about synaptic plasticity, approximate Backpropagation through time(BPTT). This paper
establish a precise mapping between the biological parameters of SNN and parameters of Deep neural
network (DNN), we will talk about advantages, opportunities, challenges and its key concepts in between.
Finally this paper lookout for the future development of SNN in the direction of biological mechanism,
network training, network designing, computing platform, and communications.

Keywords- Neuron, Neural Network, SNNs, Supervised learning, unsupervised learning, reinforcement
learning, algorithms.

[1] INTRODUCTION

Neural Network is a computational model which is inspired by the structure and
functioning of human brain. It is made up of interconnected units called neurons.[1]
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[2] TYPES OF LAYERS IN NEURAL NETWORK :-

1. Input layer:- This layer takes inputs through bunch of neurons, where each neurons is
connect to a input point like pixel input, numerical data.

2. Hidden layer(s):- This layer is the intermediate layer which process the input information
and process the information in the output. This layer is responsible for learning and

giving the structure to the data.

3. Output layer :- This layer is final layer where we get the prediction of the situation. It
has its own set of output and bias where the final output or predicted output we can

get.[2]

Neurons are the basic units of human nervous system which process information by
propagating electrochemical signals. In nervous system there is presence of Na+, K+, and
cl- ions. The human brain consists of neuron in such a way to form complex nervous
system which encodes and process the information. A SNN model is based on the spiking
behave of neuron, here a neurons fire a pulse/spike when their membrane potential crosses
the threshold point, this model is trained by tweaking the synapticweights which is based
on the timing of spikes, this helps the neurons to learn any new pattern, whereas an ANN
model processes the data by mathematical functions and weights.[3]

SNN models are used more in current scenario is just because of its energy efficiency, real
time processingand temporal nature(brain like processing) some big challenges in SNN is
that, it is complex to train, un-mature frameworks, computationally intensive means
require more computational power and powerful GPU.

Lets get deep into SNN models, there are three commonly used neuron models here:-
1. Leaky integrate-and-fire (L1F) model
2.Hodgkin-huxley (HH) model

3.1zhikevich Model
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1) Leaky integrate-and-fire (LIF) model :- It is the simplest model in SNN, lets first
understand the Membrane potential equation of this model

tm . dV(t) =—V(t)+R-I(t)

Here V(t) is membrane potential, R is resistance, I(t) is input current and Tm is membrane’s
time constant when theV/(t) cross the Vth (threshold) then the neuron fires the spike, and
after that \V/(t) got reset to V(reset).[4]

Spiking mechanism-

First input spikes got received by neuron and its membrane potential get increase, then due
to multiple input spikesat the input, the membrane potential of all these get integrated,
and the moment this integrated membrane potential crosses the threshold then the neuron
fire out the spike to the next neuron.

Synaptic weights:- Synaptic weight decides the influence of an spike on the receiving neuron,
and this weight gets adjusted during the training process.[5]

Learning Algorithms:-

Ate ™ ifAt>0
A ‘
” {.'1 edt/t if At <0

1. Spike-Timing-Dependent Plasticity (STDP): In this algorithm synaptic weight gets
adjusted on basis of timing difference between presynaptic and post-synaptic spikes. Here
Aw is the weight change, At is the time difference, A+ and A— are learning rated and +,
1— are time constants for these rates[13]

2. Approximate backpropagation: In this algorithm traditional back propagation(of NN)
is adapted in the context of SNN, in which gradient descent is used to minimize errors.

Training technigues:-

1. Supervised learning: SNN get trained by label data

2. Unsupervised learning: SNN identifies the structures and patterns without labels, like
clustering. [18]
3. Reinforcement learning: SNN interact with the environment and learns by rewards.
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Simulation tools

-NEST: a widely used SNN simulation tool

-BindsNET: python library for simulating SNNSs.

Example of workflow:-

Initialize network: Defining of neuron models ,layers and synaptic connections.

1. Inputencoding: converting input data into spikes by rate or temporal coding techniques.

3.Simulation: runningthe network, generating spikes and propagating them.

2. Training: updating the synaptic weights by applying learning rules.
3. Evaluation: evaluating the network performance by accuracy and energy efficiency
metrices.[15]

2.) Hodgkin - Huxley_(HH) Model:

This model has been conducted in the axon of a squid in which has two types of channels
which are k+ channel and Na+ channel which involves in potential actions . These channels
are responsible for behaviour . Structure change of protein results in permeability which
results in opening and closing of gates. It’s a detailed neuron mode which accurately
simulate the electrical nature of biological neurons. This model describes the changes in
membrane potential ,and it has included the dynamics of ion channels.[14]

di‘,” ( t)
dt

m

Lion (1) + Lsyn(t)

where C(m) is membrane capacitance, V(m) is potential , I(sym) is synaptic input current
, G(k) represents conductance of k+ ion , E(k) represents reversal potential of k+, G(na)
represents conductance of Na+ ion, G(l) is leak conductance , El is leak reverse potential
and n, m and h are dimensional quantities between 0 &1.[12] Membrane potential
represents the difference of potential between outside and inside, this change is represented
in terms of membrane current and conductance of ion channels. This model is
computationally expensive it involves many differential equations and parameters, so its
quite challenging for large scale applications. HH model is used extensively for
neuroscience research for understanding neuron behaviour and action potential
generation.[10]
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3.) lzhikevich Model :

This model is simple and very efficient ,which stimulate the spiking behaviour of neuron.
This model was introduce in 2003 by Eugene Izhikevich. This model can’t give the detailed
explanation like Hodgkin - Huxley (HH) Model but this is more realistic spiking pattern
for replication.[17]

This model uses two basic differential equations :
1) Membrane Potential Equation(v):

dt/dv=0.04v2+5v+140—u+I; where v is the membrane potential of neuron and I is the input
current .

*Recovery Variable Equation (u):

du/dt=a(bv—u), where u is the recovery membrane potential and | is input current. [11]#
parameters :

: time scale of the recovery variable of u.

: sensitivity of recovery variable u to the subthreshold fluctuations of v .
: membrane potential reset value after a spike

: reset value of recovery variable u after a spike.

o o ow

*Model Dynamics : when membrane potential (v) exceeds the threshold (usually 30 mV)
then neuron spikes.

At that moment : If v>30 mV, thenv«—c{ u—u+d

We can simulate the neuron type by using different parameters of Izhievich model like ;
Regular Spiking (RS) Neuron :

a=0.02,nb=0.2, ¢ = -65, 8d=8
Intrinsically Bursting (IB) Neurons:

a=0.02, b=0.2,c = -55, d=4 Chattering (CH) Neurons:a=0.02,b=0.2,c =-50,d=2 [21]

Izhikevich model is very powerful for neuroscience research because this is computationally
efficient and it can accurately produces the complex spiking patterns . This model has the
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capability to simulate various neuronbehavior and making it ideal for large - scale network
simulations.[14]

Difference between SNN and ANN:-

Spiking Neural Network (SNN) Artificial Neural Network (ANN)
-Low precision, low power consumption, high efficiency - High precision and good
performance

-Suitable for simpler tasks-Suitable for many of complex - ANN used for many machine
learning tasks like-tasks classification, regression,
pattern recognition

-Deep SNN models are difficult to train, because the -  ANN models are easier to train
,due to theavailability

theory of SNN is not mature yet ,less tools and training of mature training techniques

[3] HISTORY OF SNN:-

1990s: SNN developed by neuroscience and cognitive science researchers, where they
wanted to wanted a medium to understand the functioning and information processing of
brain.[10] They studied the spiking behaviour of biological neurons and developed a
model. [20]

Early 2000s: During this, researchers of computational neuroscience and artificial
intelligence adopted this developed SNN model. They seen that SNN has capabilities of real
time processing and energy efficiency, which was absent in the traditional ANN models. So
during this SNN got promising response for cognitive computing and neuromorphic
engineering applications.[22]

2010s: In recent years, SNN got more promising interest, specially with advancements of
neuromorphic hardware and deep learning techniques. Researchers and industries are
interested in applications like robotics, sensory processing and neuromorphic computing.
Due to the development of neuromorphic hardware, SNN got a clear path way to integrate
in real world applications.[25]

Present and Future: As history of SNN is evolving, researchers and developers are exploring
its potentialandcapabilities further. for future its moreover visible that SNN will grow
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extensively, because of specialitieslike cognitive computing, real time processing and energy
efficiency.[28]

[4] Advantages:-

Biological realism: Closely mimic spiking behaviour of biological neuron.

Temporal dynamics: SNN model effectively processes time based information, like how
neuron encodes and decodes

The temporal patternsEnergy efficiency:

Sparse Activation: SNN only fires the input signal when it crosses the threshold,[11] so its
overall reduces the energy consumption.

Event-driven processing: SNN is based on event driven processing means the processing
and computation only gets done when a spike gets at input.[8]

Low latency: SNN gives immediate response when it detects a spike.

Asynchronous operation: Asynchronous nature of SNN model reduces the latency[5] of it
in real worldapplications.

Specialized hardware: SNN is compatible with neuromorphic hardware,[27] which is
specially design to run SNN algorithms efficiently.

Scalability: By using neuromorphic hardware, large scale models[4] can be easily
scaled.Noise robustness: SNN inherently tolerant-noise.

Fault Tolerance: SNN’s distributed architecture makes it fault-Tolerant. individual neuron
failures significantly affect the network performance

[5]1 BIIOLOGICAL NEURONS:-

Neurons are the basic working units that process the information from electrochemical
signals to in action potential.Na+ k+ and cl- are the basic working ion which exhibit in the
cell and helps the information to process.[1] A neuron has four main component dendrites,
soma, axon and synapse[21]. Dendrites are the part of cell body, which is a tree like
structure. The structures can extend for collecting more and more information. Their main
function is to receive the information and further transfer the information to another
neuron and the other neuron which receives the information and signals from the dendrites.
When dendrites receives a signal then cell transform the signals from body, where the body
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further records the process in transmit through the axon.[27] Let's see an example just think
a friend calls, our phone receive signals that is dendrites and further the signals reach to
our cell body and we make the decision or react the situation like we receive or ignore the
call. This complete process of neuron helps to maintain the communication between the
nervous system and this function helps the nervous system smoothly.

Soma is the body of neuron.[5] It has a central part which plays very important role for the
functioning of neurons. Soma is a part of neuron which has nucleus and cytoplast nucleus
has DNA that maintains the functioning of neuron.

Soma help then you to live and to do proper functioning . It transmits the signals which
which helps to process theinformation.

O

OUTPUT LAYER

oee
coce
00

INPUT LAYER

MULTIPLE HIDDEN LAYER

When signals are transmitted through dendrites then signals are analyse and process by
Soma then, it decides whether the signals are strong or week and then decide whether the
signals can be transmitted or not. Soma contains ribosomes and endoplasmic reticulum
which has lots of protein, these proteins help in body growth preparing and
communication. [13]Axon is a part of neuron which is very large and cylindrical in shape
which transmit the signals

to cell body ,other neuron, muscle, gland. It’s a tube light structure which comes from cell
body. In the end of the axon there are terminals which transmit the signals from one neuron
to other that combines with target cell with synapse. Axon are covered with myelin sheath,

386
Ankita Yadav?, Ashish Sharma?, Ruchi Mathur?, Yogita Punjabi*


http://www.ijaconline.com/

is
{\5\":’55 Q*’i‘g-

L
Journal of Analysis and Computation (JAC) )
(An International Peer Reviewed Journal), www.ijaconline.com, ISSN 0973-2861 T:;'
Volume XVIII, Issue I, Jan-June 2024 =, |
ﬂﬁ >

which is a fatty layer. Myelin sheath enhance the conductance and makes it faster and more
efficient.

Axon help the neuron to communicate more efficiency and had the body to co-ordinate
with the different parts of body.[31]

- g
A —» f/,,(
O T

on

myehin

drndrites ,/“v \-\ N\ - :;:i

sheath

Synapse is a complex structure which facilities the communication between the neurons.
Synapse[13] has basically made up of three parts.

Presynaptic neuron- Basically this type of neuron transmit the signal from Axon terminal
synpatic[33] vesicles through neurotransmitter.

Synaptic clef- This is very short gap between the prince synthetic neuron and post synthetic
neuron. Postsynaptic neuron this neuron receive the signal . This neuron then try have
receptors or cell body have receptors which detects the neuro transmit.

Basically the main function of synapse is to deliver the information from one neuron to
another neuron, this transferred the electrical signals or action potential[19] and convert
the neurotransmitters. When action potential precinopathic[28] neuron reaches to the exact
terminal then sympathy vesicles activities.

Synthetic vesicles are used with free and Patrick membrane[29] and release the
neurotransmitter synthetic cleft.[33] When neurotransmitters and deceptors bind for post
synthetic neuron[41] to response or journey the information for a new action. Basically in
this process the new rules are effectively communicate with each other and coordinates with
the nervous system.
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Artificial neural networks ANN and spiking neural networks SNN both are neural network
models which mimicbiological brain[45]. But their functioning and implementations are
very different from each other let's see how:

In ANN the neuron layers are arranged which typically have input layer hidden layer and
output layer. In the flow of value process to activation function of neurons[51] are
continuous and transmit the information is also continuous. Basically ANN is train with
back propagation algorithm which uses the gradient decent method. In Spiking neural
system (SNN) neurons are also arranged but neuron spikes are discrete instead of
continuous values.

[6] APPLICATIONS:-

SNN in computer vision- SNN have very unique and exciting applications in the computer
vision. Here are few:-

Object recognition : SNN is trained in object recognition task [1]. Traditionally neural
network are mutable and uses brain inspired approach so that they work on real time
processing which make them very efficient.

Image classifications : SNN is used in image classification task. In this classification packing
behaviour is used in whichpower consumption are reduced and processing is faster.

Edge detection: SNN is implemented in edge detection algorithm [12]. These algorithms are
very efficiently used in lowpower devices just like a mobile devices or iot sensor.

Motion detection : In motion detection, SNN is also used temporal dynamics of SNN is
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suitable for detection of real time motion which are very useful in autonomous driving
system.[55]

Pattern recognition : SNN is very helpful in pattern recognition [10] their ability of
processing and recognition complex and very beneficial in the field to robotics and Al
applications.

[7] CHALLENGES:-

Training complexity : SNN is very complex to train. Traditional neural network are mutable
so that the we have to take care between the time and spiking pattern.[53] That's make it
more time consuming and challenging.

High power CPU and GPU requirements : For training and simulation in SNN we need
high computational power consumption. CPU and GPU[35] are very heavy and high
demand so that the power consumption between them is also high so if we use them in
practical applications they are very costly which makes it inefficient.

Scalability: It is very challenging to convert SNN into a large scale system.[15] For their
large architecture and computation requirements it's very difficult to implement them in
large networks. So there scalability issue their adoption in real world applications is
slow.[16]

Interference with the traditional system : Traditional networks and SNN integration they
have many compatibility issues. The implementation of SNN [19] into the existing systems
are very difficult because both have different working mechanisms. This will create the
interference problem which affects the overall performance of the system. [60]

[8] CONCLUSION:-

In this tribute first be introduced the development of the mirror network describe the
background of the SN n and analyse it's processing mechanism in detail after that we
introduced the layers of the neural network. We also introduced the http rules that stimulate
the biological synthetic behaviour and commonly used coding methods of SNN, after that
we studied the models of the accident that are LIF model assess model and Izhikevich
model.

We conduct an in-depth analysis and detail comparison of common algorithms of SNN
and clarify the advantage and disadvantage of different algorithms.
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This paper can enable readers to fully understand the learning algorithm of SNN. Our work
provide the comparison between the SNN and ANN, history of ascendant advantages and
disadvantages of SNN its applications in the field of object recognition image classification
h detection motion detection and pattern recognition. Hopefully this review and attract
researchers from different discipline and more the different development of artificial
intelligence through communication and cooperation.

(n) Umbedded

e - o ' ; /J
vy € #
| g / /7 77, 4
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1 Hhr apply LIF sowrven s he festure g b Framewerk of our froposed SSN-MLP. Reprimal wath peemieson from el [162

The SNN algorithm based on STDP and spike focus on learning shallow networks its
challenging to train the large scale definite works the method of ANN and SNN source the
technical problems for training deep SNN to a certain exchange. The SNN model is a new
generation of neural networks with more biological interpretability. At present there was
not sufficient technology and we give limitations to SNN, we we believe that researchers
need to make more immacible progress and breakdown through the following aspect:

1. Biological mechanism : Correct understanding for actual biological neural coding in
the brain function andhow to abstract the spiking neural model and good learning
ability according to the brain science researchthat help us to solve the real large scale
deep level SNN.

2. Design and train SNN : SNN supervisor learning algorithm is a new research field the
key to research is to design a journal modelling and learn framework for SNN based
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on supervised and unsupervised learning algorithm.

3. Computing Platforms : Bing of its advantage of low power consumption SNN based
on heart chip design can realize a deep and large scale network therefore building a
neural computing platform which is highly efficient and strong universality can
promote the development of SNN.

4. Neuroscience research : Synonyms to meet the parallel information processing
mechanism of the brain to the variant degree because of the high complexity it cannot
be completely determine into the real world. Plural computing science is based on the
research result of the biological neural system and the user computer simulationto
complete the process of the complex task is a multi level system with a high complex
structure and function the current level of the computerize the accurate simulation of
the nervous system.

Based on the specific information of ANN and processing model of SNN can be used in
a biological nervous system modelling tool for the simulation and quantitative analysis.
The advantage of assignment are emboid in a system with sensor chips and powerful
essential algorithms. It's a power consumption and running speeds are unmatched by ANN
therefore the research on models with more biological authenticity and good learning
ability. It still the main work of ascendant research research of biological system is the
foundation for promoting the development of the SNN and the result of brain like chip in
is the key to the application of SNN. Therefore thedevelopment of SNN needs multi
faceted coordination.
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