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Abstract

This thesis focuses on the development of new batch/online learning algorithms for evolv-

ing spiking neural networks that can be used for pattern classification problems. The

input and output signals of spiking neurons consist of discrete events (spikes) in time.

The inherent discontinuous nature of spikes is an issue in developing learning algorithms

for spiking neurons. This has inspired many researchers to study plasticity mechanisms

observed in the brain to develop efficient learning techniques for spiking neurons. Spike

Timing Dependent Plasticity (STDP) is one of the most studied biological plasticity

mechanism. STDP relies only on the locally available information to update the weights

of a given synapse. The local nature of STDP may result in an unbalanced distribution

of weights and lead to convergence issues.

Similar to the previous generations of neural networks, selecting an appropriate spiking

neural network architecture for approximating the relationship between a set of input

and output spike patterns is a challenging problem. To address this issue, rank order

learning based evolving Spiking Neural Network (eSNN) has been proposed. Rank order

learning takes into account the global information, but it ignores the precise time of

spikes. Further, eSNN uses a two layered network to approximate the decision boundary,

which may require a higher number of neurons to approximate the relationship between

the input and output spike patterns. This thesis is directed towards three main problems

in the development of learning algorithms for spiking neural networks, viz. utilizing both

local and global information, evolving the network architecture and learning in an online

framework, specifically for pattern classification problems.

The first contribution of this work is the development of a Self-Regulating Evolving

Spiking Neural (SRESN) classifier with a two layered network. The SRESN classifier

operates in a batch learning framework and uses heuristic learning strategies to evolve

the network architecture and simultaneously update the synaptic weights. Depending on

the information present in a sample with respect to the knowledge stored in the network,

it chooses to either add a neuron or update the network parameters or skip learning

a sample. The SRESN classifier uses rank order learning in a feature-wise manner for

initializing the weights of a newly added neuron and for updating the weights of existing

neurons. This helps the SRESN classifier in achieving better generalization performance

vii



and faster convergence.

The second contribution of this work is a Two-stage Margin Maximization Spiking

Neural Network (TMM-SNN) that employs a three layered SNN. The learning algorithm

of TMM-SNN has two stages, namely, structure learning stage and output weights learn-

ing stage. In the first stage (structure learning stage), the learning algorithm evolves and

updates weights of the hidden neurons. In this stage, the learning algorithm evolves the

hidden layer completely in the first epoch and updates the weights of hidden neurons

using margin maximization based update rule for multiple epochs. In the first epoch, a

new neuron is added such that the newly added neuron spikes at a specific time. For this

purpose, an activation based coding scheme is developed which uses the locally available

information to initialize the weights of a new neuron. At the end of the first stage, the

learning algorithm fixes the synaptic weights and thresholds of hidden neurons. In the

second stage (output weights learning stage), the learning algorithm updates the output

neuron weights, such that the temporal separation between the spike times of the inter-

class and intraclass neurons is maximized. The performance of TMM-SNN is statistically

compared with the other existing learning algorithms for SNNs on benchmark problems.

The performance results of different algorithms are compared using training/testing ac-

curacy, number of epochs and number of network parameters. The results of the perfor-

mance evaluation clearly indicate that TMM-SNN can achieve better performance using

fewer epochs.

The local update strategies in TMM-SNN do not take into account the global infor-

mation stored in the network while updating the weights of a given synapse. As a result,

TMM-SNN requires multiple presentations of the training spike patterns to closely ap-

proximate the relationship between input spike patterns and the corresponding class

labels.

The third contribution of this work is the development of a new concept of meta-

neuron for a two layered SNN for learning in a single presentation (online learning) of the

input spike patterns. The concept of meta-neuron is inspired by the role of astrocytes in

modulating synaptic plasticity in the brain. Astrocytes can connect to multiple synapses

simultaneously, intercept the activities on the connected synapses and modulate the plas-

ticity of these synapses. This form of heterosynaptic plasticity allows consideration of

both global information stored in the network along with the local information present

in the input spike patterns to update the weights of a given synapse.

The meta-neuron can intercept the activities of the presynaptic neurons and can ac-

cess the weights of existing synapses in the network. This allows the meta-neuron to

utilize the locally available information in the activity of a presynaptic neuron and the

globally available information in the form of synaptic weights. A meta-neuron based

learning rule is developed that utilizes both the local and global information to produce
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precise shifts in the spike times of the postsynaptic neurons. The capability of the meta-

neuron based learning rule to produce precise shifts in the spike times of the postsynaptic

neuron renders it suitable for use in an online learning framework. To demonstrate this

capability, an Online Meta-neuron based Learning Algorithm (OMLA) is developed that

evolves the network architecture and updates the synaptic weights of neurons in the net-

work. The performance of OMLA is statistically compared with the other existing online

as well as batch learning algorithms for spiking neural networks. Performance compar-

ison results clearly indicate that OMLA performs better than other existing learning

algorithms for spiking neural networks. To study the suitability of OMLA for real appli-

cations, this thesis also presents a possible neuromorphic implementation of OMLA using

a Field Programmable Gate Array (FPGA). The purpose of this study is to examine the

implementation of the newly developed OMLA from a feasibility perspective.

The digital implementation of OMLA employs spiking neurons modeled using the

spike response function in the hardware. The spike response function is simulated in

the hardware using the COordinate Rotation DIgital Computer (CORDIC) circuit. The

performance of the neuromorphic implementation of OMLA has been evaluated on several

benchmark data sets. The results of performance evaluation clearly indicate that the

neuromorphic implementation closely emulates the software based simulations. A more

rigorous study to develop a neuromorphic device optimized for hardware is a topic for

future work.
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Chapter 1

Introduction

1.1 Motivation and Challenges

Many important concepts in the area of artificial neural networks have been inspired by

new findings in the area of neuroscience. This has helped in the development of more

biologically plausible architectures and learning mechanisms for artificial neural networks.

In this regards, an important observation was made by E.D. Adrian that the biological

neurons use the frequency of spikes to encode the intensity of the stimulus [1]. This form

of neural coding is termed as rate coding and led to the development of artificial neurons

with a continuous response. The continuous response of these neurons is analogous of

the mean firing rate of a neuron in the brain.

Recent works in the area of neuroscience, have shown that the biological neurons

utilize the precise time of spikes to transmit information in the brain [2, 3]. In [2], it has

been highlighted that the information about a visual stimulus reaches the brain from the

retina in less than 50 ms, which limits the time available for processing and transmitting

the information at the intermediate stages to lower than 10 ms. This implies that the

information is transmitted between stages using very few spikes which indicate that the

information is represented in the brain using the times of spikes. Similarly, in [3] it

has been shown that the relative timing of the first spikes generated by the individual

afferents conveys information about the direction of force applied by the fingertip and the

shape of the surface in contact with the fingertip. This has led to the development of an

artificial neuron that uses discrete events (spikes) in time for transmitting information.

1
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Figure 1.1: Different phases of an action potential1

A spike is a simplified representation of an action potential in a biological neuron.

Figure 1.1 shows the different phases of an action potential in a neuron. In the absence of

any stimulus, the neuron is in a resting state, and the membrane potential of the neuron

in this state is termed as the resting potential. When an external stimulus is applied,

the neuron starts depolarizing i.e. the membrane potential of the neuron starts growing.

This phase is termed as the depolarization phase. When the membrane potential of

the neuron reaches a threshold value, it rises sharply. An action potential is said to

have occurred when the membrane potential reaches the peak value. After generating an

action potential, the membrane potential of the neuron decays abruptly (repolarization

phase) and undershoots the resting potential. This phase is termed as the refractory

period. In this period, the neuron exhibits a subdued response to any external stimulus

and its membrane potential slowly returns to the resting potential.

It has been shown in the literature that the amplitude of an action potential is not

representative of the strength of the stimulus [4]. The strength of the stimulus only

determines the occurrence or non-occurrence of an action potential. Similarly, a spike,

which represents the occurrence or non-occurrence of an action potential, is a binary

event in time. The neuron model used to simulate a spiking neuron determines how

closely that neuron reproduces the characteristics of an action potential. The Hodgkin-

Huxley neuron model [5] describes the different ionic mechanisms underlying an action

potential, although it is computationally expensive. Several computationally tractable

1The figure has been reproduced from Wikipedia page on action potential
(https://en.wikipedia.org/wiki/Action_potential).
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Chapter 1. Introduction

spiking neuron models have been proposed in literature like leaky integrate-and-fire model

[6], Izhikevich neuron [7], etc. The output of all spiking neuron models is discontinuous

in time, unlike neuron models for previous generations of neural networks that have a

continuous output. Due to this discontinuity, it is hard to use existing learning techniques

for spiking neurons. The similarities between spiking neurons and biological neurons have

motivated researchers to study the plasticity mechanisms observed in the brain to develop

efficient learning techniques for spiking neurons.

Spike Timing Dependent Plasticity (STDP) [8] is one of the widely studied plasticity

mechanisms observed in the brain. It uses the difference between the times of pre- and

postsynaptic spikes to update the synaptic weight of a given neuron. Thus, STDP is a lo-

cal learning mechanism, as it does not take into account the information on other synapses

(global information) while updating the synaptic weights of a given synapse. The local

learning mechanism of STDP acts as a feedback loop for potentiated synapses, thereby

leading to their further potentiation [9]. This can result in the creation of functionally

unbalanced dendritic compartments in the brain, in the absence of any counterbalancing

mechanism. Also, the local nature of STDP may lead to convergence issues while esti-

mating the synaptic weights of a spiking neuron [10]. Thus, there is a need to develop

heterosynaptic learning techniques, which can utilize the local and global information,

for updating the weights of spiking neurons.

Next, we will discuss the issues in the development of learning algorithms for a net-

work of spiking neurons, called as Spiking Neural Network (SNN). An important issue

in the development of learning algorithms for SNNs is choosing the appropriate network

architecture for a given problem. In this thesis, we will focus specifically on pattern clas-

sification problems in a supervised learning framework. For this purpose, a rank order

learning based evolving Spiking Neural Network (eSNN) has been developed for pattern

classification problems in [11].

An eSNN starts with zero neurons and evolves the network architecture automatically.

It uses rank order learning to initialize the parameters (weights and threshold) of a newly

added neuron and to update the parameters of existing neurons. Rank order learning

is based on the assumption that the most important information about an input spike

pattern is present in the first spikes generated by the input neurons [12]. It utilizes the

3
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order in which first spikes are generated by the input neurons and ignores the precise

times of the spikes. To update the weights of existing neurons, rank order learning

averages the rank order of the current inpit spike pattern and the weights of existing

neurons in the network. This may result in loss of knowledge acquired by the network

from the past spike patterns when two spike patterns with similar order of spikes but

different times of spikes are presented to the network. Also, the loss of knowledge may

lead to addition of more neurons to the network. In [12], a dynamic evolving Spiking

Neural Network (deSNN) has been developed that extends rank order learning to use

information present in multiple spikes. It uses the order of first spikes generated by the

input neurons to initialize the weights of a newly added neuron, and subsequent spikes

are used to fine-tune the weights. Hence, rank order learning uses the global information

in the network, but it only considers the order in which presynaptic neurons generate

first spikes to initialize the weights of a neuron. It ignores the information present in the

precise times of the first spikes. As a result, it is difficult to use rank order learning for

training a neuron to generate precisely timed spikes. Further, both eSNN and deSNN

use a two layered SNN to approximate the functional relationship between input spike

patterns and the corresponding class labels.

For online learning, it is important to develop learning algorithms in which the neuron

parameters are initialized such that the neuron generates precisely timed spikes. Hence,

there is a need to develop a learning algorithm which can evolve the network architecture

and update the synaptic weights on-the-go.

The major challenges in the area of spiking neural networks for pattern classification

problems, that are addressed in this thesis are:

• Development of a learning algorithm that takes into account the local and global

information to closely represent the relationship between the input and output spike

patterns.

• Evolve the network architecture automatically to determine the appropriate net-

work structure for a given problem.

• Development of learning algorithms that can learn from input spike patterns in an

online framework.
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1.2 Objectives of this Study

The primary motivation is to develop efficient learning algorithms for SNNs that can be

used for pattern classification problems. Based on this, the three main objectives of this

thesis are:

• Heterosynaptic plasticity: For a given input and output spike pattern, each

input neuron contributes a different amount of postsynaptic potential towards the

spikes generated by the output neuron. Further, when the desired output consists

of multiple spikes, any weight update affects the times of all the spikes generated

by the output neuron. Therefore, it is essential to consider the local information on

a synapse as well as the global information in the network to accurately capture the

functional relationship between the input and output spike patterns. This thesis

focuses on the development of such heterosynaptic learning techniques that can

utilize the locally and globally available information to estimate network parameters

such that the output neuron generates multiple spikes at precise times.

• Evolving network architecture: There is a need to develop evolving learning

algorithms for projecting the input spike patterns to a suitable higher dimensional

space which may provide better separability between different classes. This requires

formulation of both effective rules for neuron addition and accurate techniques for

initializing neuron parameters. For a pattern classification problem, it is also im-

portant to project the higher dimensional representation of the input spike patterns

back to a lower dimensional output space with as many neurons as the number of

classes. This helps in achieving improved generalization performance and learning

using a compact network structure.

Thus, the three important issues in development of evolving learning algorithms for

SNNs to handle pattern classification problems are as follows:

– When to add a neuron: A learning algorithm should be able to determine if

the knowledge stored in the network is sufficient to approximate the current

input spike pattern. This helps the learning algorithm to decide when a neuron

should be added to the network.
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– How to add a neuron: The initialization mechanism for the parameters of a

newly added neuron determines how accurately the network learns a given

spike pattern. The existing techniques for initializing the weights of a newly

added neuron may not be suitable for training a neuron to generate precisely

timed spikes. This may result in the addition of a higher number of neurons to

the network. Thus, it is essential to develop techniques for initializing neuron

parameters that ensure generation of precisely timed spikes.

– Projection from a higher dimension to lower dimension: Existing evolving

learning algorithms for pattern classification problems employ two layered

SNNs and store the class association of the neurons in the output layer to

determine the predicted class label for a given input spike pattern. By pro-

jecting the response of hidden layer neurons to a lower dimensional output

space, the predicted class label can be easily determined. Further, this may

also improve the generalization performance of the network.

• Online Learning: For many real world problems, data is generated continuously

in real time and can not be stored for offline processing. Thus, there is a need to

develop learning algorithms that can learn from the input spike patterns in an online

manner. An online learning algorithm for pattern classification problem should be

able to select autonomously its learning strategies for each input spike pattern such

that over-training is avoided and higher generalization is achieved. Based on the

information present in the input spike pattern with respect to the knowledge stored

in the network, the learning algorithm should select one of the following strategies:

– Evolve the network structure to learn the new knowledge in the input spike

patterns.

– Update the synaptic weights to fine-tune the stored knowledge.

– Discard the spike pattern from the learning process to avoid over-training.

1.3 Major Contributions

The major contributions of this thesis are:
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• Meta-neuron and its learning rule: This thesis describes the architecture of

the two layered SNN with a meta-neuron that facilitates the use of both local and

global information to update the weights of a neuron. The concept of meta-neuron

is inspired by the heterosynaptic plasticity induced by astrocytes in the brain [13,

14, 16]. The astrocytes are biological cells that form an envelope around synapses

in the brain. This allows astrocytes to intercept and modulate the information

transmitted through a particular synapse. Further, astrocytes can envelope a large

number of synapses simultaneously [15]. This allows astrocytes to access the local as

well as global information in the network for modulating the plasticity of synapses

in the brain.

In the SNN with a meta-neuron, the meta-neuron is connected to the synapses

between input and output neurons. It can intercept the individual activities of

the input neurons (local information) and has access to the weights of connected

synapses (global information). The meta-neuron utilizes this information to com-

pute the weight sensitivity modulation factor of a given synapse. The meta-neuron

based learning rule employs the weight sensitivity modulation factor of a synapse

and the postsynaptic potential of a neuron to update the synaptic weights. The

weights of a postsynaptic neuron are updated using the meta-neuron based learning

rule, such that its output spike is shifted precisely in the desired direction.

• Online meta-neuron based learning algorithm: Using the meta-neuron based

learning rule, an Online Meta-neuron based Learning Algorithm (OMLA) is devel-

oped that evolves the network architecture and updates the synaptic weights for

a pattern classification problem in a supervised learning framework. The learn-

ing algorithm uses different strategies to learn each input spike pattern in a single

presentation. It can choose to employ either ‘neuron addition strategy’ or ‘delete

sample strategy’ or ‘parameter update strategy’. The ‘neuron addition strategy’ is

selected when the information in the current input spike pattern can not be approx-

imated by the knowledge stored in the network. The OMLA employs a meta-neuron

with memory to store those spike patterns that were previously used by the OMLA

to add a new neuron to the network. The spike patterns in meta-neuron memory

are used to update the weights of the newly added neuron such that it closely ap-
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proximates the past knowledge stored in the network. The learning algorithm uses

the ‘delete sample strategy’ to delete those spike patterns from the learning pro-

cess that are similar to the already learned spike patterns. The ‘parameter update

strategy’ is chosen when the information present in the current input spike pattern

is not enough to add a neuron but the spike pattern contains some information

different from the knowledge stored in the network. The weights of a neuron are

updated using the meta-neuron based learning rule to produce precise shifts in the

spike times of a postsynaptic neuron.

• Two stage margin maximization spiking neural network: The Two Stage

Margin maximization Spiking Neural Network (TMM-SNN) has been developed

keeping in mind that an important property of biologically observed learning mech-

anisms is that they rely only on the locally available information to update the

weights of a given synapse. TMM-SNN employs a three layered SNN with an

evolving hidden layer. The learning algorithm for TMM-SNN employs a two stage

learning mechanism. In the first stage (structure learning stage), the learning algo-

rithm determines the appropriate number of hidden neurons for a given problem and

also estimates the parameters (weights and thresholds) for the hidden neurons. The

learning algorithm employs two different learning strategies in this stage, namely

‘neuron addition strategy’ and ‘margin maximization strategy for structure learn-

ing’. The ‘neuron addition strategy’ is used to evolve the hidden layer completely

in the first epoch. The weights of the newly added neuron are initialized using a

new Activation Based Coding (ABC) technique, developed in this thesis. The ABC

technique uses the locally available information present in multiple spikes gener-

ated by the presynaptic neurons to initialize the synaptic weights of a newly added

neuron. The weights and thresholds of the newly added neuron are initialized such

that it fires at a precise time for the current input spike pattern. The weights of the

hidden neurons are updated using the ‘margin maximization strategy for structure

learning’. This strategy uses only the locally available information to update the

synaptic weights such that the separation between the spike times of the interclass

and intraclass hidden neurons is maximized. The weights of the hidden neurons are

updated for multiple epochs, until the average separation for all the training spike
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patterns converges to a maximum value.

The second stage of the learning algorithm is termed as the output weights learning

stage. In this stage, the learning algorithm updates the weights of output layer

neurons without modifying the parameters estimated in the first stage. The weights

of the output layer neurons are updated using a ‘margin maximization strategy for

output weights learning’ similar to the update strategy used in the first stage. This

strategy also relies only on the locally available information to update the weights

of output layer neurons such that the separation between the spike times of the

interclass and intraclass output neurons is maximized. The update mechanism in

this stage is also used for multiple epochs until the average separation for all the

training spike patterns converges to a maximum value.

• Self-regulating evolving spiking neural classifier: The Self-Regulating Evolv-

ing Spiking Neural (SRESN) classifier employs a modified form of rank order learn-

ing to update the synaptic weights in the network. Rank order learning has been

developed based on the observations pertaining to the visual processing pathway.

It has been shown in [2] that the intermediate stages in the visual processing path-

way have less than 10ms to process and transmit information to the subsequent

stages. This implies that the information is transmitted between stages using few

spikes which indicated the existence of an efficient encoding mechanism in the brain.

Based on these observations, rank order learning has been developed as a learning

mechanism that relies on the order of presynaptic spikes.

The SRESN classifier employs rank order learning to evolve the network architecture

and simultaneously update the synaptic weights. It uses a different learning strategy

for each input spike pattern. The appropriate learning strategy for a given spike

pattern is selected according to the times of spikes generated by the output layer

neurons. This allows the learning algorithm to accurately estimate the information

present in the current input spike pattern with respect to the knowledge stored in

the network. The learning algorithm can choose either ‘skip sample strategy’ or

‘neuron addition strategy’ or ‘parameter update strategy’ for a given input spike

pattern. It chooses the ‘skip sample strategy’ when the information present in
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the current input spike pattern is similar to the information already stored in the

network. The ‘neuron addition strategy’ is chosen when the current input spike

pattern contains a significant amount of new information. The weights of a newly

added neuron are initialized using rank order learning in a feature-wise manner.

This allows the SRESN classifier to avoid non-contributing weights and achieve

better discriminability between the input spike patterns. The threshold of the

newly added neuron is initialized such that it fires at a precise time for the current

input spike pattern. The learning algorithm chooses the ‘parameter update strategy’

when the information present in the current input spike pattern is not enough to

add a neuron, but it contains some information which has not been learned by

the network from previous spike patterns. In this strategy, the learning algorithm

selectively updates the synaptic weights in the network using rank order learning

in a feature-wise manner. The selective update mechanism helps in avoiding over-

fitting and preventing the loss of knowledge acquired from the past spike patterns

learned by the network.

• Hardware implementation of the online meta-neuron based learning algo-

rithm: A neuromorphic implementation of the OMLA using a Field-Programmable

Gate Array (FPGA) is described. The spiking neurons in the SNN are modeled us-

ing the spike response function [17] that is simulated in hardware using COordinate

Rotation DIgital Computer (CORDIC) circuit [18]. The design uses a pipelined im-

plementation of the CORDIC circuit which allows calculation of the postsynaptic

potential of the neuron at a particular time instant in a single clock cycle.

1.4 Organization of the Thesis

This thesis is organized as follows:

• In chapter 2, a review of the existing spiking neuron models and the different

learning algorithms for SNNs are presented. The existing learning algorithms for

SNNs have been classified according to their underlying inspiration.

• Chapter 3 describes the architecture and learning algorithm of the Self-Regulating
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Evolving Spiking Neural (SRESN) classifier. The SRESN classifier employs different

heuristic learning strategies for effectively approximating the information in the in-

put spike patterns. It can choose to add a neuron or update the network parameters

or skip learning a sample. It uses rank order learning in a feature-wise manner to

initialize the parameters of a newly added neuron and update the synaptic weights

of existing neurons. This helps the SRESN classifier in avoiding non-contributing

synaptic weights for problems with a large number of features. Further, the param-

eter initialization mechanism in the SRESN classifier ensures that the newly added

neuron fires at a precise time for the current input spike pattern. The working

of the SRESN classifier is described using the Ionosphere problem from the UCI

machine learning repository. This study is used to demonstrate the effects of dif-

ferent algorithm parameters on the performance of the SRESN classifier. Based

on this study, certain guidelines are provided for setting the various parameters.

This chapter also discusses performance evaluation results of the SRESN classifier

for the problems of Iris flower classification and Wisconsin breast cancer problem.

The results of performance evaluation are compared with the performance of other

existing learning algorithms for SNNs, namely, SpikeProp [17], multi-spiking neural

network [19], multi-spike learning [20], synaptic weight association training [10] and

evolving spiking neural network [11].

• Chapter 4 describes the architecture and learning algorithm of the Two stage Mar-

gin Maximization Spiking Neural Network (TMM-SNN) for a three layered SNN.

The learning algorithm for TMM-SNN has two different stages namely, structure

learning stage and the output weights learning stage. In the structure learning

stage, the learning algorithm evolves the hidden layer neurons and updates the

synaptic weights of the hidden neurons. A new activation based coding scheme is

developed in this thesis to initialize the weights of newly added hidden neurons.

The activation based coding scheme relies only on the locally available informa-

tion for initializing the weights of a neuron. The learning algorithm uses a new

margin maximization learning rule that updates the synaptic weights such that the

separation between the spike times of interclass neurons for all the training spike

patterns is maximized. In the second stage, the learning algorithm uses the margin
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maximization learning rule to update the weights of output layer neurons.

The working of the TMM-SNN is described using the Ionosphere problem. Based on

this study, guidelines for setting the algorithm parameter for TMM-SNN are also

provided. The performance of TMM-SNN is evaluated on ten benchmark prob-

lems from the UCI machine learning repository [21], and the results of performance

evaluation are compared with that of SpikeProp [17], synaptic weight association

training [10] and the SRESN classifier. Performances of the different algorithms

are compared using the one-way ANOVA test [22] followed by a pairwise com-

parison using the Fisher’s least significant difference method [23]. The results of

performance comparison clearly indicate that TMM-SNN performs better than the

other algorithms within a 95% confidence interval. Further, TMM-SNN employs

a compact network architecture, and requires fewer epochs for convergence. The

performance of TMM-SNN is also compared with recently proposed learning algo-

rithms for SNNs, namely, evolving Spiking Neural Network (eSNN) [11] Accurate

Synaptic-efficiency Adjustment (ASA) [24] using five benchmark problems from the

UCI machine learning repository. The results of performance comparison clearly

show that TMM-SNN performs significantly better than both these algorithms.

• Chapter 5 describes the concept of meta-neuron in a two layered spiking neural

network. The concept of meta-neuron is inspired by the heterosynaptic plasticity

induced by astrocytes in the brain. A meta-neuron based learning rule is developed

that utilizes the local and global information in the network to update the synaptic

weights of an output neuron such that its spike time is precisely shifted in the

desired direction.

This chapter also describes the Online Meta-neuron based Learning Algorithm

(OMLA) for SNNs that can be used to handle pattern classification problems.

OMLA has been developed to learn from the input spike patterns in a single pre-

sentation. The learning algorithm uses different learning strategies to evolve the

network architecture and simultaneously update the synaptic weights in an online

framework. It uses the meta-neuron based learning rule to update the synaptic

weights. The OMLA employs a meta-neuron with memory that is used to ensure
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a better approximation of past knowledge when a new neuron is added to the net-

work. The working of the OMLA is illustrated using the Ionosphere problem from

the UCI machine learning repository. Based on this study, guidelines are presented

for setting the algorithm parameters of OMLA. The performance of OMLA is statis-

tically compared with other existing online learning algorithms for SNNs using the

one-way ANOVA test [22], followed by a pair-wise comparison using the Bonferroni

test [25, 26]. The results of performance analysis clearly depict that the OMLA

performs better than the other learning algorithms. The performance of OMLA is

also compared with that of other existing batch learning algorithms for SNNs. The

results of performance comparison show that OMLA performs better than other

algorithms using a compact network architecture. Further, OMLA requires a single

epoch for learning whereas the other algorithms require multiple epochs.

• Chapter 6 presents a neuromorphic implementation of the OMLA using a Field-

Programmable Gate Array (FPGA). The spiking neurons in hardware are modeled

using the spike response function and the postsynaptic potential of a spiking neuron

is computed using the CORDIC circuit. A study is conducted using the Ionosphere

problem from the UCI machine learning repository to analyze the impact of reduced

precision for synaptic weights and noise on the performance of the neuromorphic

implementation of the OMLA. The proposed implementation is also evaluated on

benchmark problems from the UCI machine learning repository using reduced pre-

cision for synaptic weights. The results of performance evaluation indicate that the

neuromorphic implementation of OMLA is able to emulate its software implemen-

tation.

• Chapter 7 summarizes the conclusions from this thesis and proposes several direc-

tions for future works.
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Chapter 2

A Review of Literature on Spiking

Neural Networks

Spiking neural networks are termed as the third generation of artificial neural networks

[27] as they are significantly different from the previous generations of artificial neural

networks. Further, it has been shown that a network of spiking neurons can mimic any

feedforward sigmoidal neural network [28] and possesses greater computational capacity

in comparison to a network of sigmoidal neurons [29]. Spiking Neural Networks (SNNs)

are inspired by the developments in the area of neuroscience, which have highlighted that

biological neurons employ the precise time of spikes for information transmission in the

brain [2, 3]. This similarity between SNNs and biological neural networks has motivated

researchers to study the behavior of biological neurons for developing architectures and

learning mechanisms for SNNs.

In this chapter, a review of the existing concepts related to the architecture and

learning algorithms for spiking neural networks is provided. The spiking neuron models

used in SNNs have been developed based on the physiological behavior of biological

neurons. The commonly employed spiking neuron models in SNNs are integrate-and-

fire neuron [6], leaky integrate-and-fire neuron [6], Izhikevich neuron, etc. These neuron

models employ a temporal signal with binary events to process and transmit information.

The structural and functional aspects of the brain have inspired the development of

different SNN architectures like polychronous spiking neural networks [30] and NeuCube

[31]. Polychronous SNNs employ synapses with varying delays to store time-locked spike
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patterns in the network. Several learning algorithms for polychronous SNNs have been

developed that adapt the synaptic delays to generate learned spike patterns [32]. In

NeuCube, a 3-dimensional spiking neural network with recurrent connections is used

to learn spatio-temporal spike patterns. The neurons in the 3-dimensional SNN are

topologically arranged to replicate the functional areas of the brain. A NeuCube can be

trained using one of the existing learning mechanisms for adapting synaptic weights in

SNNs. In this thesis, the focus is on the development of learning techniques for SNNs

that update synaptic weights.

Based on the underlying inspiration, the learning algorithms for estimating the synap-

tic weights in spiking neural networks can be broadly classified into the following cate-

gories:

• Gradient based learning algorithms: The general idea in gradient based learn-

ing algorithms is to minimize an error function based on the desired and actual

network output.

• Spike timing dependent plasticity based learning algorithms: Spike Timing

Dependent Plasticity (STDP) [8, 33] is considered to be the phenomenon used by

biological neurons for the adaptation of synaptic weights. Different models of STDP

have been used to develop learning mechanisms for SNNs.

• Rank order learning based learning algorithms: Rank order learning [12]

assumes that the information is encoded in the order of first presynaptic spikes.

The fast information transmission capabilities of rank order learning have inspired

the development of many learning algorithms.

• Spike convolution based learning algorithms: To overcome the problems

caused by the discontinuity in SNNs, several learning algorithms for SNNs con-

volve the original spike based signals with a continuous kernel function [34, 35].

The generated continuous functions are used to develop a learning algorithm for

SNNs.
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2.1 Neuron Models

The SNNs employ neuron models inspired by the physiological operation of a biological

neuron. The physiology of an action potential is accurately described by the Hodgkin-

Huxley model [5]. It reproduces all the stages of an action potential that were described

in Section 1.1. But, the high computational requirements of the Hodgkin-Huxley model

render it unsuitable for simulating SNNs on a large scale. To overcome these issues, several

mathematically tractable spiking neuron models have been developed which reproduce

the different aspects of the Hodgkin-Huxley model to varying degrees of accuracy. In this

section, a description of the commonly employed neuron models is provided.

2.1.1 Leaky Integrate-and-Fire Model

The Leaky Integrate-and-Fire (LIF) [6] neuron model is a highly simplified version of the

Hodgkin-Huxley model. It reproduces the depolarization phase of an action potential but,

the repolarization phase and refractory period are not implicitly reproduced by the LIF

neuron model. The membrane potential of the neuron is explicitly reset after generating

a spike to model the repolarization phase. The LIF neuron model employs an absolute

refractory period, during which the membrane potential of the neuron is fixed at the

resting potential.

The LIF neuron model employs an electrical circuit with a resistance (R) and a capac-

itor (C) to emulate the membrane potential of a neuron. The electrical circuit is shown

in Figure 2.1. The current I(t) in the figure represents the presynaptic input current at

Figure 2.1: An RC circuit used to model a leaky integrate-and-fire neuron
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time t. The current causes voltage to build up across the capacitor, which represents the

membrane potential (v(t)) of a neuron. Once the voltage across the capacitor crosses a

certain threshold value, the neuron generates a spike and the potential of the neuron is

reset to resting potential. This neuron model is termed as the leaky integrate-and-fire

model because, in the absence of any presynaptic current, the voltage across the capacitor

decays to zero due to the current induced by the capacitor in the RC-circuit.

The dynamics of the RC-circuit in Figure 2.1 are described as follows

I(t) =
v(t)

R
+ C

dv

dt
(2.1)

The input current I(t) has two components viz. the current through the resistance R

and the current that charges the capacitor C. v(t)
R

is the component of current that goes

through the resistance R and C dv
dt

is the component of current that charges the capacitor.

From Equation (2.1), the membrane potential of the neuron is given as

τm
dv

dt
= RI(t)− v(t) (2.2)

where τm is the time constant of the circuit. Lets assume that the simulation begins at

t = t0 and v(t0) = vr, where vr is the resting potential. Based on this initial condition

the solution of the Equation (2.2) is given as

v(t) = vr exp

(
−(t− t0)

τm

)
+

1

C

∫ t−t0

0

exp

(
− s

τm

)
I(t− s)ds (2.3)

A generalization of the leaky integrate-and-fire neuron that does not allow any leakage

of current at the capacitor is termed as an integrate-and-fire neuron.

2.1.2 Spike Response Model

In comparison to the leaky integrate-and-fire neuron model, the Spike Response Model

(SRM) [6] is capable of modeling an action potential more accurately as it implicitly

models the refractory period. Assuming the last spike by the postsynaptic neuron was
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Figure 2.2: Membrane potential of a neuron modeled using the spike response model

generated at t̂, the SRM describes the membrane potential (v(t)) at time t as

v(t) = η(t− t̂) +

∫ ∞
0

κ(t− t̂, s)I(t− s)ds (2.4)

where the functions η(.) and κ(.) are termed as the kernel functions. The function η(.)

determines the shape of an action potential. This function models the refractory period

of the spiking neuron. The function κ(.) determines the response of the neuron to an

input current I(t). The function κ(.) is used to model the difference in the effects of

input current on the membrane potential of a neuron during and after the refractory

period. During the refractory period, a given input current will result in a smaller change

in the membrane potential of the neuron. After the refractory period, the same input

current will produce a normal change in the membrane potential of the neuron. Besides

the η(.) and κ(.) functions, the SRM employs a dynamic threshold function, represented

by θ(t − t̂). The threshold of the neuron is maximum immediately after a spike and it

slowly decays to the normal value.

Figure 2.2 shows the response of a spiking neuron modeled using SRM for a time

varying input current. It can be observed from the figure, that the threshold of the

neuron is not constant. It depends on the time of the last spike generated by the neuron.

The model of SRM defined in Equation 2.4 describes the membrane potential of a

neuron for a time-varying input current. It can also be used to describe the membrane

potential of a neuron for input current induced by presynaptic spikes. In this case, the

time course of the current induced by the presynaptic spike is represented by an α(.)
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function. Different functions have been used in literature to model current induced by a

presynaptic spike [6]. In this thesis, the current at time t induced by a presynaptic spike

at tpre is modeled as

α(t− tpre) =
t− tpre
τ

exp

(
1− t− tpre

τ

)
(2.5)

Further, the neuron models used in this thesis do not have a refractory period. Therefore,

the α(.) is used directly to represent the membrane potential of the neuron. This approach

has been used in [17]. The function α(.) defined in Equation 2.5 is also referred to as

spike response function in literature [17].

2.1.3 Izhikevich Neuron Model

Izhikevich neuron model [7] has been developed with the goal of replicating different

spiking behaviors observed in the cortical neurons. It simulates a spiking neuron by

modeling the movements of ions across the cell membrane. The following equations

describe the dynamics of the Izhikevich neuron model:

dv/dt = 0.04v2 + 5v + 140− u+ I (2.6)

du/dt = a(bv − u) (2.7)

where v represents the Postsynaptic Potential (PSP) of the neuron, u represents the

membrane recovery variable and I is the current induced by a presynaptic spike. The

membrane recovery variable models the movement of Na+ and K+ ions across the cell

membrane. a determines the length of refractory period by controlling the recovery of u,

and b modulates the sensitivity of u to the sub-threshold changes in v.

After generating a spike, the postsynaptic potential of the neuron v and the recovery

variable (u) are reset as follows

v = c (2.8)

u = u+ d (2.9)
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where c and d determine the values of u and v after reset. The Izhikevich neuron model is

suitable for large scale simulation of cortical neurons when there is a need for replicating

the intrinsic properties of biological cells.

Next, a description of different learning algorithms for SNNs will be provided.

2.2 Learning Algorithms for Spiking Neural Networks

In the earlier sections, different spiking neuron models for simulating SNNs are discussed.

In this section, a review of the existing learning algorithms for SNNs is provided. The

review is organized based on the general inspiration for different learning techniques.

In literature, SNNs have been used for addressing different problems like unsupervised

learning, reinforcement learning, etc. In this section, we focus our discussion on the

techniques that are developed for employing SNNs in a supervised learning framework.

2.2.1 Gradient based Learning Algorithms

The gradient based learning algorithms update the synaptic weights in the network so

as to minimize a given error function. The concept of error minimization using gradient

has been extensively used for updating synaptic weights in the previous generation of

artificial neural networks. But, the calculation of gradient is not defined for SNNs at

the time of spike; as a result, other error functions have been used for adapting synaptic

weights in SNNs. The major gradient based learning algorithms for SNNs are:

• SpikeProp [17] extended the traditional error-backpropagation learning algorithms

for previous generations of artificial neural networks to SNNs. It employs a three

layered network with spiking neurons that are modeled using the spike response

function. The desired output of the network is encoded using spikes at precise

time instants. Based on this, SpikeProp uses an error function that computes the

difference between the times of the desired and actual spikes generated by the

output neurons. But, the discontinous nature of spiking neurons makes it difficult

to compute the gradient of the error function. For this purpose, SpikeProp assumes

that the postsynaptic potential changes linearly with time around the time of spike,

thereby allowing calculation of gradient at the time of spike.
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Several extensions to SpikeProp have been developed that improve its convergence

mechanism [36, 37, 38] and allow error-backpropagation using multiple spikes [20,

19]. SpikeProp and all its extensions are susceptible to a proper initialization of

weights [39] and the ‘silent neuron’ problem [40]. In [39], it has been highlighted

that using inhibitory weights to initialize the synaptic weights for SpikeProp causes

surges in the learning process which may affect the convergence of the learning

algorithm. The ‘silent neuron’ refers to the difficulty in calculating error gradient

of a neuron that failed to spike during the learning process.

• Chronotron [41] is a gradient based learning algorithm for updating synaptic weights

in a single layer of spiking neurons. It employs the Victor-Purpura distance metric

[42] to estimate the distance between the actual and desired spike patterns. The

distance between the actual and desired spike patterns is used as an error function

to derive a gradient based learning rule for updating the synaptic weights.

• Tempotron [43] develops an iterative (batch) learning mechanism to update synaptic

weights in a single layer SNN. The desired response of the output neuron is encoded

according to the presence or absence of a spike; as a result, the learning algorithm

is used for binary pattern classification problems. Suppose the two classes are

represented as ⊕ and 	 and the desired response of the output neuron for a spike

pattern from class ⊕ is to generate a spike. Conversely, the output neuron should

not generate a spike when the input spike pattern is from class 	. Let, the time

instant when the PSP reaches the maximum value be denoted by tmax, then the

synaptic weight for a given synapse is updated in proportion to the PSP induced

by the corresponding presynaptic neuron at tmax. Thus, the synaptic weights for

the presynaptic neurons undergo long term potentiation when the postsynaptic

neuron does not generate a spike for an input spike pattern from class ⊕. Similarly,

the synaptic weights are subjected to long term depression when the postsynaptic

neuron generates a spike for an input spike pattern from class 	. Recently, the

Tempotron learning rule has been extended to multi-class problems in [44, 45, 46].
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Figure 2.3: Examples of STDP causing (a) long term potentiation and (b) long term
depression

2.2.2 Spike Timing Dependent Plasticity Based Learning Algo-

rithms

Spike Timing Dependent Plasticity (STDP) [8, 33] is one of the most studied biologically

plausible learning mechanism. It is a local learning rule that relies on the time of pre- and

postsynaptic spike times to modulate the plasticity of a given synapse. Figure 2.3 shows

two examples where STDP would result in long term potentiation and long term depres-

sion. In the figure, tpre and tpost represent the spike times of the pre- and postsynaptic

neuron. Figure 2.3a shows that, when a presynaptic spike occurs before the postsynaptic

spike, STDP causes long term potentiation. Similarly, Figure 2.3b shows that, when a

presynaptic spike occurs after the postsynaptic spike, the weight of the synapse between

the pre- and postsynaptic neuron undergoes long term depression according to STDP.

The change in the synaptic weight (∆w) of the connection between the pre- and

postsynaptic neurons depends on the temporal difference (∆t) between the time of post-

synaptic and presynaptic spike. It is expressed using an STDP learning window shown

in Figure 2.4. The change in weight is higher when the difference between the time of

spike for the pre- and postsynaptic neurons is smaller. As the value of ∆t increases, ∆w

becomes smaller.

STDP has been the motivation for the development of many learning algorithms in

the literature. The important STDP based learning algorithms for SNNs are described

below:

• Remote Supervised Method (ReSuMe) [47, 48, 49] is one of the first learning algo-

rithms for a SNN, that is based on STDP. ReSuMe uses the Widrow-Hoff learning
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Figure 2.4: Learning window in STDP

rule to derive an update rule for a single layer of spiking neurons. It describes

the Widrow-Hoff learning rule as a combination of a Hebbian and an anti-Hebbian

learning mechanism. The Hebbian term of the learning rule models the correlation

between the desired output signal and the input signal. The anti-Hebbian term

models the correlation between the actual output and the input signal. The two

learning mechanisms are expressed using the model of STDP described in [50] to de-

rive a learning rule used for updating the synaptic weights in the network. Recently,

ReSuMe has also been combined with error-backpropagation to train a multilayer

SNN [51]. In [52, 53, 54], the authors have extended the ReSuMe learning algorithm

to adapt both weights and delays in a layer of spiking neurons.

• Synaptic Weight Association Training (SWAT) [10] uses a combination of STDP

and the Bienenstock Cooper Munro (BCM) [55] learning rule to update the synaptic

weights in the network. SWAT employs a three layered network but only the weights

for output layer neurons are updated. The input layer is used to present spike

patterns to the network, and the hidden neurons act as a frequency filter that detect

different firing frequencies in the input data. The output layer consists of as many

neurons as the number of classes. During training, SWAT uses a single training

neuron connected to all the hidden neurons whose weights are adapted using STDP.

The learning algorithm tracks the total class-wise changes in weights of the teacher

neuron in each epoch. At the end of each epoch, the learning algorithm maps these

weights to the output layer neurons. This process is repeated until the output
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frequency of the teacher neuron stabilizes. It has been highlighted in literature

that the local nature of STDP can result in the creation of overactive/inactive

dendritic regions in the brain in the absence of any counterbalancing mechanism

[9]. In this regards, the BCM learning rule is used to modulate the height of the

plasticity window to ensure that the response of the training neuron converges.

• STDP has also been used to develop an online learning algorithm for a three layered

SNN in [56]. The learning algorithm uses a combination of STDP and anti-STDP

to update the weights of the output neurons. The weights of the hidden neurons

are updated using a Hebbian-based unsupervised winner-take-all learning rule. The

number of neurons in the hidden layer of the SNN is not fixed and is determined by

the learning algorithm during the training process. Each hidden neuron is treated

as a radial basis function neuron. When the learning algorithm adds a neuron,

the center of the radial basis function neurons is set as the time of the first spike

generated by that neuron for the current training spike pattern. The learning

algorithm also prunes hidden neurons based on a pairwise temporal distance.

• Recently, an Accurate Synaptic-efficiency Adjustment (ASA) method has been pro-

posed in [24] inspired by the fast information transmission mechanism observed

during visual information processing [2]. The weight update in ASA is computed

according to the normalized weight update due to STDP and the total error in

the PSP of the postsynaptic neuron. This approach allows ASA to achieve faster

convergence in comparison to other existing learning algorithms for SNNs.

2.2.3 Rank Order Based Learning Algorithms

Rank order learning is inspired by the faster processing times exhibited by the visual

system [2, 57]. The faster processing times imply that the information is communicated

by the retina to the brain using very few spikes. Based on this observation, rank order

learning has been developed which employs the order of first spikes generated by a group

of presynaptic neurons. Figure 2.5 illustrates the application of rank order learning using

a network with five presynaptic neurons and a single postsynaptic neuron. In the figure,

t1, t2, t3, t4 and t5 represent the time of first spikes generated by the presynaptic neurons.
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Using the time of spike, the ranks of each presynaptic neuron are equal to 3, 1, 2, 4 and

0. Based on the determined ranks, the weights for the synaptic connections between the

presynaptic and postsynaptic neurons are initialized as λ3, λ3, λ2, λ4 and λ0 where λ is

termed as the modulation factor and is set in the interval [0, 1].

0T

0T

0T

0T

0T 0

1

2

3

4

presynaptic neurons
Response of

Rank

Weights for
postsynaptic
neuron

Figure 2.5: An illustrative example of the rank order learning using five presynaptic
neurons and a single postsynaptic neuron

In [58, 59], rank order learning has been used for processing visual data like images,

videos, etc. in an online framework. The architecture of SNN employed in [58] consists

of four layers of spiking neurons with contrast sensitive neuronal maps in the second

layer and orientation selective neuronal maps in the third layer. The first layer is used to

present images to the network, and the fourth layer is used to determine the predicted

class label. The number of neuronal maps in the fourth layer of the network is not fixed

and is determined by the learning algorithm during training. The synaptic weights for the

neurons in the fourth layer are updated in a supervised manner to learn the functional

relationship between the input spike patterns and their class labels. In [59], a similar

architecture is used but the output neuronal maps are connected to a single neuron

which represents the predicted class. In [60], rank order learning is used for processing

audio and visual information simultaneously in an online manner.

The online learning algorithms mentioned above utilize rank order learning to select

the weights for newly added neuronal maps according to the time of first spikes generated

by the presynaptic neurons. The information present in subsequent spikes is not taken
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into account while selecting the network parameters. Dynamic evolving Spiking Neural

Network [12] have been developed to effectively exploit the information present in multi-

spike signals. It uses rank order learning to select the synaptic weights appropriately

based on the time of the first spike and subsequent spikes are employed to fine-tune the

selected weights. Recently, rank order learning has been extended to take into account

the precise time of spikes during learning in [61].

2.2.4 Spike Convolution Based Learning Algorithms

As described earlier, the discontinuous nature of spikes is problematic in using the exist-

ing techniques for earlier generations of artificial neural networks to train a network of

spiking neurons. Several algorithms have been proposed in the literature that convolve

the original spike pattern with a kernel function to convert the discontinuous spike signal

into a continuous analog signal.

A Spike Pattern Association Neuron (SPAN) has been developed in [62], that con-

volve the input spike patterns, actual output spike patterns and the desired output spike

patterns with a kernel function. The convolved signals are substituted in the Widrow-

Hoff learning rule to derive a learning rule for a single leaky integrate-and-fire spiking

neuron. In [63, 64, 34, 65], the SPAN algorithm has been extended to a network of spiking

neurons. A similar convolution technique has also been used to optimize the parameters

of an evolving SNN using particle swarm optimization in [66]. Different from SPAN, the

Precise-Spike-Driven (PSD) [35, 67, 68] learning rule has been developed by convolving

only the input spike pattern with a kernel function.

In literature, evolutionary techniques like particle swarm optimization [69] and quan-

tum inspired evolutionary computing [70] have also been used for parameter estimation

in SNNs.

2.3 Applications

Spiking Neural Networks (SNNs) can be used for all those applications where modern

neural architectures are employed. This can be achieved by using techniques like popu-

lation coding for converting the continuous data obtained in most real world application
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into spike trains.

An important advantage of SNNs with respect to modern neural architectures is that

SNNs can be realized in hardware with smaller power requirements. The modern neural

architecture like convolutional neural networks, autoencoders, etc. employ deep and com-

plex network architecture to achieve great performance for real world applications. These

neural network architectures impose high power requirements for practical applications.

With the advent of low power neuromorphic chips like Neurogrid [97], TrueNorth [98], it

is possible to realize large scale SNNs economically for practical applications.

Below, we discuss some of the examples where SNNs have been used for handling real

world problems.

2.3.1 Face detection and identification

Spiking neural networks have been used in a supervised learning framework for the prob-

lems of face identification [71]. In this work, a three layered SNN, inspired by the ar-

chitecture of primate visual system, is employed for recognizing faces. The network can

detect faces in unseen images and is also resistant to variations in the image contrast.

2.3.2 NeuCube Applications

NeuCube is commonly trained using the principles of evolving spiking neural networks.

In [72], a detailed discussion on the applications of evolving SNNs for a broad range of

applications like visual pattern recognition, auditory pattern processing, taste recognition,

ecological modeling, sign language recognition, etc. has been presented. This section

describes some of the recent applications of NeuCube.

• Medical Data Analysis: The NeuCube architecture has been used to address

many problems in the area of medical analytics because of its ability to handle

spatio-temporal data efficiently. It has been used for modeling of weather and

stroke data to study the effect of weather on stroke patients in different age groups

[73, 74].

The NeuCube has also been used for modeling EEG data to study the functional

changes in the brain of an opiate addict and a normal individual [75]. The study
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on opiate patients is also used to analyze the changes in the brain when the opi-

ate patient is administrated some treatment. The NeuCube architecture has also

been used to study EEG data recorded from epileptic patients [76] and Alzheimer’s

patients [77].

• Cow Movement Detection: In [78], a 3-dimensional eSNN model is trained to

detect different cow gestures. The model uses AdaBoost to detect cows in an image.

The detected cow body regions in the images are used to train a NeuCube to classify

the behavior of cows into five different classes based on the activity of the cows.

The five different activities are walking, running, jumping, standing and laying. The

trained NeuCube model can effectively distinguish the different gestures performed

by the cows.

2.3.3 Applications in Energy Sector

In [79], variational mode decomposition is used with SNNs to forecast the carbon price.

The input features for SNNs have been generated using the intrinsic mode function com-

ponents obtained by variational mode decomposition of the original carbon price data.

Each intrinsic mode function component has been used to generate a different forecasting

model. The results from different models have been combined to detect the variation

in carbon price trends. The results indicate that SNN based forecasting models can

accurately determine the changes in the trends of carbon price.

In [80], SNNs have been used for short term load forecasting. A SNN has been used

to model the effects of different factors like temperature, humidity, day of the week, etc.

on the short term load. The results clearly show that SNNs can effectively handle the

historical data.

2.4 Summary

This chapter reviewed the different neuron models for spiking neurons and the major

learning algorithms for SNNs. The learning algorithms for SNNs were classified into

four different categories according to the learning technique used. The initial algorithms
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for SNNs were gradient based techniques, inspired by the effectiveness of these tech-

niques for previous generations of neural networks like SpikeProp [17], Tempotron [43]

and Chronotron [41]. Many algorithms for SNNs have been developed using the different

biological plasticity mechanisms because of the closeness between biological neurons and

spiking neurons.

Table 2.1 provides a summary of the different learning algorithms reviewed in this

chapter. SpikeProp [17], Chronotron [41] and Tempotron [43] are the major gradient

based learning algorithms for SNNs. It can be observed from the table that SpikeProp

can be used for training a multilayer network. Further, it utilizes the local as well as

global information in the network to update the synaptic weights. But, SpikeProp is

susceptible to a proper initialization of weights [39, 36] and ‘silent neuron’ problem [40].

Chronotron and Tempotron are other gradient based learning algorithms that have been

developed for updating the synaptic weights in a two layered SNN. Both these algorithms

utilize only the locally available information to update synaptic weights in the network.

ReSuMe [47], SWAT [10], online SNN proposed in [81], SPAN [34] and ASA [24] are

STDP based learning algorithms that also rely only on the locally available information

to update synaptic weights. In [60], a rank order learning based learning algorithm has

been developed for SNNs that uses the global information in the network. But, rank

order learning is based on the order of spikes and ignores the precise time of spikes.

Based on learning algorithms discussed in this chapter, the important issues in the

existing learning algorithms that are addressed in this thesis are:

• Effectively utilize the local and global information in the network to update the

synaptic weights.

• Determine the appropriate network architecture automatically based on the spike

patterns presented during training.

• Development of online learning algorithms that require a single presentation of the

training spike patterns for learning.

In the next chapter, a Self-Regulating Evolving Spiking Neural (SRESN) classifier is

presented that employs heuristic learning strategies to evolve the network architecture

and update the synaptic weights.
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Chapter 3

A Self-Regulating Evolving Spiking

Neural Classifier

In the previous chapter, a review of the existing learning algorithms for spiking neural

networks was presented. This chapter describes a self-regulating evolving spiking neural

classifier that evolves the network architecture and simultaneously updates the synaptic

weights.

Recently, an evolving learning algorithm has been proposed for SNNs in [11]. It uses

rank order learning to evolve the network architecture. The weights of existing neurons

are updated using the average of the existing weights and the rank order for the current

input spike pattern. This may result in an SNN with a higher number of neurons and loss

of knowledge in the network when two spike patterns with similar order but considerable

different spike times are presented to the network.

In this chapter, we develop a self-regulated learning algorithm for a two layered SNN,

known as the Self-Regulating Evolving Spiking Neural (SRESN) classifier. The SRESN

classifier uses different heuristic learning strategies to effectively learn each input spike

pattern. It can choose to add a neuron (neuron addition strategy) or skip learning the

current spike pattern (skip sample strategy) or update the network parameters (parameter

update strategy). The learning algorithm selects the ‘neuron addition strategy’ when the

existing knowledge stored in the network is not enough to approximate the current input

spike pattern. The weights and threshold of the newly added neuron are initialized such

that it fires precisely for the current input spike pattern. The learning algorithm selects
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the ‘skip sample strategy’ when the current input spike pattern is similar to previously

learned spike patterns. This helps in avoiding over-fitting by preventing the learning

algorithm from learning similar samples repeatedly. The ‘parameter update strategy’ is

used by the learning algorithm to fine-tune the existing knowledge stored in the network.

The concepts described in this chapter have been published in [82].

The performance of the SRESN classifier has been evaluated on a set of benchmark

problem from the UCI machine learning repository [21]. For the purpose of evaluation,

the real valued data from the benchmark problems has been encoded into spike pat-

terns using the population coding scheme [17]. To analyze the working of the SRESN

classifier and the effect of its algorithm parameters, a study has been conducted using

the Ionosphere problem from the UCI machine learning repository. Based on this study,

guidelines have been provided to select the different parameters. The performance of

the SRESN classifier has also been evaluated for the benchmark problems of Fisher Iris

flower classification and Wisconsin breast cancer from the UCI machine learning repos-

itory. Performance evaluation results of the SRESN classifier have been compared with

that of other existing learning algorithms for spiking neural networks, namely SpikeProp

[17], multi-spike neural network [19], multi-spike learning [20] synaptic weight association

training [10] and evolving spiking neural network [11].

3.1 Self-Regulating Evolving Spiking Neural Classi-

fier

In this section, the architecture of the Self-Regulating Evolving Spiking Neural (SRESN)

classifier is described, followed by its self-regulating, evolving learning algorithm. The

training samples {(x1, c1), · · · , (xr, cr), · · · , (xR, cR)} are presented to the network one

by one. Here, xr = [x1r, · · · , xir, · · · , xmr ] ∈ Rm is the m-dimensional input sample and

cr ∈ {1, · · · , N}, where N is the total number of classes. Each training sample is encoded

into a spike pattern using the population coding scheme [17] and is presented to the

network for a fixed duration, called simulation interval (T ). In this chapter, T has been

set to 3 ms. The goal of the learning algorithm is to estimate the functional relationship

between the input features and the class labels such that the decision surface is efficiently
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approximated.

Before describing the architecture of the SRESN classifier, a description of the popu-

lation coding scheme for converting real valued data into spike patterns is presented.

3.1.1 Population Coding

Population coding is the most commonly employed encoding technique for evaluating

spiking neural networks on problems with real valued features. Each feature is encoded

into spikes using multiple Gaussian receptive fields and each receptive field generates a

single spike. Let x be the numerical value of a real valued feature, and P be the number

of receptive fields used to encode x into a spike pattern. The center (µf ) and width

(σf ) of the f th Gaussian receptive field used for encoding an input feature having range

[Imin, Imax], are initialized as

µf = Imin +
(2f − 3)

2

(Imax − Imin)

P − 2
, f ∈ {1, · · · , P} (3.1)

σf =
1

γ

(Imax − Imin)

P − 2
, f ∈ {1, · · · , P} (3.2)

where γ is termed as the overlap constant. It determines the extent of overlap between

adjacent Gaussian receptive fields by controlling their width.

Based on the center and width of the receptive fields from Equations (3.1) and (3.2)

respectively, the activation strength (φf ) of the f th receptive field for x is given as

φf = exp

(
−(x− µf )2

2σ2
f

)
(3.3)

The activation strength of a Gaussian receptive field will always lie in the half closed

interval (0, 1]. Using the activation strength from Equation (3.3), the spike time (tf ) of

the f th receptive field for x is given as

tf = TP (1− φf ) (3.4)

where TP ∈ (0, T ] is the resolution of encoding. It is used to scale the time of spikes

generated by the receptive fields from the interval [0, 1] to the interval [0, Tp]. In this
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Figure 3.1: An illustrative example of the population coding using four receptive fields
for a feature in the range [0, 1]. The activation strength of different receptive fields is
encoded according to different line styles.

work, TP has been fixed at 3 ms.

Figure 3.1 shows an illustrative example where population coding is used to encode a

feature in the range [0, 1] using four receptive fields. It can be observed from the figure

that the centers of two receptive fields are outside the range of the input feature.

3.1.2 Architecture of the SRESN Classifier

The proposed SRESN classifier is a two layered network, as shown in Figure 3.2. The

nodes in the input layer convert a real valued input into a spike pattern using the pop-

ulation coding scheme [17] without any delays. Suppose, population coding scheme is

used with P receptive fields for a single input feature, then the input layer will consist

of mP neurons. Each neuron generates a single spike in the simulation interval and the

time of spike generated by the f th neuron encoding the ith feature is represented as tif .

The output layer consists of leaky integrate-and-fire neurons [6] and the postsynaptic

potential (vj) of the jth output neuron at time t is given as

vj(t) =
∑
i,f

wfijε(t− tif ) (3.5)
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Figure 3.2: The SRESN classifier uses a two layered spiking neural network. The input
layer consists of mP neurons for a problem with m features and P being the number
of receptive fields used to encode each feature into a spike pattern. Each input neuron
generates a single spike in the simulation interval and the time of spike generated by the
f th neuron encoding the ith feature is denoted by tif .

where wfij is the weight of the synapse between the f th neuron encoding the ith feature

and the jth output neuron. ε(t− tif ) is the PSP induced, at time t, by a spike at tif on

a synapse with weight one. In this work, ε is modeled using the spike response function

[17], given as

ε(s) =
s

τ
exp

(
1− s

τ

)
(3.6)

where τ is the time constant for the spiking neuron.

The PSP of an output neuron is reset to zero immediately after the neuron generates

a spike. Suppose θj represents the threshold of the jth output neuron, then the time of
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the first spike (t̂j) generated by the jth output neuron is given as

t̂j = arg
t

(vj(t) > θj) (3.7)

lim
t→t̂+j

vj(t) = 0 (3.8)

It may be observed that the output neurons can generate more than one spike, but

the learning algorithm relies only on the first spike generated by any output neuron to

determine the predicted class. The predicted class for a given input sample is determined

based on the class association of the output neuron that fires first. Suppose, l represents

the index of the output neuron that spiked first (neuron having minimum latency) and cl

is the class associated with that neuron, then, cl is the predicted class (ĉr) for the current

input sample (xr).

Since the predicted class is determined based on the time of the first spike generated

by any output neuron, the desired time of the first spike (target firing time) for that

output neurons is defined as follows. The target firing time for the output neuron from

the same class as the current sample is represented by a spike at a fixed instant, T0 ∈ [0, T ]

whereas other class neurons should not generate a spike within the simulation interval.

Thus, the desired spike time (tj) of the jth output neuron is given as

tj =

T0 cj = cr

T + δ cj 6= cr

(3.9)

where δ is a small positive number, such that a target firing time of (T + δ) implies that

the particular neuron does not spike during the simulation interval ([0, T ]).

3.1.3 Learning Algorithm for the SRESN Classifier

The learning algorithm for the SRESN classifier is a self-regulating, evolving learning algo-

rithm which starts with no output neurons and evolves/adapts the network. As a sample

is presented to the network, the learning algorithm measures the knowledge present in the

current sample with respect to the knowledge stored in the network. Based on this, the

learning algorithm selects to either skip learning the sample (skip sample strategy) or add
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a new neuron (neuron addition strategy) or update the network parameters (parameter

update strategy) such that the knowledge contained in the sample is well generalized.

Next, we will describe these learning strategies in detail.

Without loss of generality, let us assume that the network has evolved to K output

neurons. Also, t̂CC and t̂MC represent the spike times for a correct class neuron and a

different class neuron having minimum spike latency, respectively. Here, CC represent

the output neuron from the correct class that fires first, given as

CC = argmin
j,cj=cr

t̂j (3.10)

MC represents the neuron from any other class that fires first, given as

MC = argmin
j,cj 6=cr

t̂j (3.11)

• Skip sample strategy: If the knowledge in the current sample is similar to the

knowledge stored in the network and difference in the spike times of interclass neu-

rons is significantly higher then the sample is skipped from being learned. This

strategy prevents the network from over training on similar samples, thereby re-

sulting in higher generalization and also reduced computational effort.

To illustrate the working of skip sample strategy, let us consider a scenario as given

in Figure 3.3. The figure shows the firing time of two neurons in the simulation

interval along with the target firing time (T0). It could be seen that tCC is closer to

the target firing time, which indicates that the information present in the current

0 T

0 T

CC

MC

Figure 3.3: An illustrative example of the ‘skip sample strategy’
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sample is already present in the network. Further, it could be seen that CC fires

significantly earlier than MC (tCC < tMC) implying that the current sample is well

separated from other class neurons. Hence, the knowledge contained in this sample

is well generalized, and it could be skipped from the learning process. The criterion

for skip sample strategy is given as,

If (cr = ĉr) & ((t̂CC − T0) < TC) & ((t̂MC − t̂CC) > TC)

Then skip learning the sample (3.12)

where TC ∈ [0, (T − T0)] is termed as the confidence threshold. If TC is set closer

to zero, then the learning algorithm ensures that the correct class output neuron

fires closer to the target firing time (T0) without focusing on maintaining a high

interclass separation. This may result in poor generalization performance due to

lower interclass separation. On the other hand, if TC is set to a higher value, the

learning algorithm maintains a high interclass separation without emphasizing a

smaller separation between the target firing time and t̂CC . This may result in loss

of knowledge already stored in the network. In this work, TC is fixed at 0.6 ms.

• Neuron addition strategy: The learning algorithm adds a neuron to the network

in two distinct scenarios. Firstly, a new neuron is added to the network when

the current sample contains a significant amount of information (neuron addition

to handle novelty). Secondly, a new neuron is added to the network when the

current sample has considerable overlap with another class neuron (neuron addition

to handle overlap). Next, the two scenarios will be described with the help of

illustrative examples.

(a) Neuron addition to handle novelty: Figure 3.4a and 3.4b show the illustrative

examples of this strategy. It could be observed from Figure 3.4a that the current

sample is correctly classified as CC fires before MC. But, CC fires very late

(tCC > TCC) in the simulation interval, which indicates that the knowledge in

the network is not enough to approximate the current sample. Similarly, it can

be observed from Figure 3.4b, that a different class neuron (MC) fires very late

(tCC > TMC) in the simulation interval, which implies that the current sample can
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not be approximated by the existing knowledge in the network. Hence, a new neuron

is added to the network to capture the knowledge present in the input sample in

both these scenarios. The neuron addition criterion for these scenarios is given as:

If ((cr = ĉr) & (t̂CC > TCC)) or ((cr 6= ĉr) & (t̂MC > TMC)) (3.13)

Then add a neuron

where TCC ∈ [T0, T ] and TMC ∈ [T0, T ] are the neuron addition thresholds in case

a sample is correctly classified and misclassified, respectively. These thresholds

control the number of neurons added by the SRESN classifier to the network. A

higher value for the neuron addition thresholds results in addition of fewer neu-

rons to the network. On the other hand, a lower value results in the addition of

0 T

0 T

0 T

Existing network response

Response of new neuron

CC

MC

New
neuron

(a) An illustrative example of the ‘neuron addition to handle novelty’ in case of
correct classification

0 T

0 T

0 T

Existing network response

Response of new neuron

CC

MC

New
neuron

(b) An illustrative example of the ‘neuron addition to handle novelty’ in case of
misclassification

Figure 3.4: Illustrative examples of adding a neuron to handle novelty
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too many neurons. These thresholds affect the accuracy with which the SRESN

classifier approximates the functional relationship between input samples and the

corresponding class labels.

The weights for the neuron are initialized using a modified rank order learning

scheme. Rank order learning is a well-known technique for weight initialization in

an online learning framework [12]. Rank Order Learning (ROL) initializes weights

based on the order of spikes. This may result in non-contributing weights, for prob-

lems with a large number of features. To overcome these issues, SRESN classifier

employs ROL in a feature-wise manner. This helps in improving the discriminabil-

ity of the input samples. Using the modified ROL, the rank of the f th input neuron

encoding the ith feature is given as

rank(i, f) =
P∑

b=1,b 6=f

Frank(i, f, b) (3.14)

where Frank is termed as the ranking function, given as

Frank(i, f, b) =

0 tif ≤ tib

1 tif > tib

(3.15)

Based on the rank of a given input neuron, the weights of the newly added neuron

(w(K+1) = [w1
1(K+1), · · · , w

f
i(K+1), · · · , wPm(K+1)]) are initialized as

wfi(K+1) = λrank(i,f), i ∈ {1, · · · ,m}; f ∈ {1, · · · , P} (3.16)

where λ is termed as the modulation factor and is set in the interval [0, 1]. It

controls the rate at which the weights of synapses with subsequent spikes decrease

using ROL. If λ is set closer to zero, then there is a higher difference in the weights

of two synapses with a lower difference in the spike times of the corresponding input

neurons. If λ is set closer to one, then there is a smaller difference in the weights

of two synapses with a higher difference in the spike times of the corresponding

input neurons. In both cases, the information present in current input sample is
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Time (ms)
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P
(m
V
)

(a)

(b)

0T

T 0

T0

0T

Figure 3.5: An illustrative example of the procedure for initializing weights and threshold
of a newly added neuron using a problem with two features, each encoded using five re-
ceptive fields. (a) Initial value of weights, determined using modified rank order learning,
for the input neurons encoding the first feature, (b) PSP of the newly added neuron in
the interval [0, T ] with initialized weights. The PSP of the neuron at T0 is set as the
threshold for the neuron.
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not properly stored in the network. As a result, the modulation factor (λ) has to

be initialized properly and its value should be set closer to one.

Using the initialized weights, the threshold (θ(K+1)) for the newly added neuron is

initialized as the PSP of the neuron at the target firing time (T0), given as

θ(K+1) =
∑
i,f

wfi(K+1)ε(T0 − tif ) (3.17)

Here, T0 determines the amount of information in a given input spike pattern that is

stored by the network and is used to classify subsequently presented spike patterns.

If T0 is set to a value closer to zero, it may impede the ability of the network to

properly learn from the input spike patterns. If T0 is set to a value closer to T ,

the network will take a long time to determine the predicted class for a given spike

pattern. Based on this, the value of T0 is set to T/2 as a tradeoff between the

learning capability of the network and the speed of the network in determining the

predicted class.

The initialization of neuron weights and threshold using Equation 3.16 and 3.17,

respectively, ensures that the newly added neuron spikes precisely at the target

firing time (T0) for the current input sample. Figure 3.5 illustrates the procedure

for initializing weights and threshold for the newly added neuron using an example

problem with two features, each encoded using five input neurons. Figure 3.5a

shows the initial value of weights, determined using modified ROL, for the input

neurons encoding the first feature. It can be observed from the figure that the

input neuron that spikes first will have the highest weight and the input neuron

that spikes last will have the lowest weight. Figure 3.5b shows the variation in PSP

of the newly added neuron for the weights initialized using modified ROL. The PSP

of the neuron at T0 is set as the threshold for the neuron, thereby ensuring that the

particular neuron fires precisely at T0 for the current input sample.

(b) Neuron addition to handle overlap: Figure 3.6 shows an illustrative example of

this strategy. It could be observed from the figure that the predicted class label for

the current input sample is, although a neuron in the network is firing close to the

target firing time. In this situation, the learning algorithm adds a neuron to the
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0 T

0 T

0 T

Existing network response

Response of new neuron

CC

MC

New
neuron

Figure 3.6: An illustrative example of the ‘neuron addition to handle overlap’

network to capture the knowledge present in the current sample and also updates

the synaptic weights for the different class neuron to minimize misclassification.

The weights of the different class neuron are updated such that it fires late for the

current input sample (in the direction of the arrow in Figure 3.6). The criterion for

selecting this strategy is given as

If (cr 6= ĉr) & (t̂MC < TMC) & ((t̂CC − t̂MC) > TC/2)

Then add a neuron and update the neuron MC (3.18)

The weights and threshold for the new neuron are initialized using Equation 3.16

and 3.17, respectively. While updating the weights of the neuron MC, the learning

algorithm does not update the weights for all the input neurons. The weights for

input neurons with a non-zero PSP at tMC are alone updated. Further, the synapses

with higher weights i.e. the input neurons contributing significantly towards PSP

of the neuron MC are updated. Thus, the set (ψMC) of synapses whose weights

are updated is given as

ψMC = {(p, q) | p ∈ {1, · · · ,m}, q ∈ {1, · · · , P},

(ε(t̂MC − tpq) > 0), (wqp(MC) > λrank(p,q))} (3.19)

where (p, q) represents the synapse between the qth input neuron encoding the pth

feature and the output neuron MC. The change in the weight (∆wqp(MC)) of the

synapse between the qth input neuron encoding the pth feature and the output
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neuron MC is given as

∆wqp(MC) = η(λrank(p,q) − wqp(MC)), ∀(p, q) ∈ ψMC (3.20)

where η is the learning rate.

• Parameter update strategy: The parameters of the network are updated when

there is some knowledge (refining the knowledge is required) in the sample, but not

enough to add a neuron. In this work, if none of the above strategies of skip sample

or neuron addition are triggered, then the weights of the neurons are updated.

Similar to the neuron addition strategy, there are two scenarios in parameter update

strategy: (a) parameter update to handle novelty and (b) parameter update to

handle overlap. If the interclass separation is lesser than TC/2, i.e. |tMC − tCC | <
TC/2, the weights for both the neurons CC and MC are updated to handle overlap

between classes. Otherwise, the learning algorithm updates only the weights of the

neuron CC. Both the scenarios are described below with illustrative examples.

(a) Parameter update to handle novelty: The learning algorithm employs this strat-

egy when the class of a sample is correctly predicted with high interclass margin,

but the neuron CC does not fire closer to the target firing time (T0). Figure 3.7

shows an example of the parameter update strategy for handling novelty. It can be

observed from the figure that the neuron CC fires before TCC but its spike time is

not close to T0 which implies that the network does not have sufficient knowledge

to accurately approximate the information present in the current input sample. In

this case, the learning algorithm updates the weights of the neuron CC to ensure

0 T

0 T

CC

MC

Figure 3.7: An illustrative example of the ‘parameter update strategy to handle novelty’
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that the neuron CC fires closer to the target firing time (shown by the arrow in the

Figure 3.7).

For this strategy as well, the learning algorithm does not update the weights for all

the synapses between input neurons and the neuron CC. The learning algorithm

updates the weights for the input neurons with, non-zero contribution to PSP at

tCC . Further, the synapses with lower weights are updated to ensure that the

previously learnt information is retained. Thus, the set (ψCC) of synapses whose

weights are updated is given as

ψCC = {(p, q) | p ∈ {1, · · · ,m}, q ∈ {1, · · · , P},

(ε(t̂CC − tpq) > 0), (wqp(CC) < λrank(p,q))} (3.21)

The change in the weight (∆wqp(CC)) of the synapse between the qth input neuron

encoding the pth feature and the output neuron CC is given as

∆wqp(CC) = η(λrank(p,q) − wqp(CC)), ∀(p, q) ∈ ψCC (3.22)

(b) Parameter update to handle overlap: The learning algorithm chooses this strat-

egy when a sample is very close to the decision boundary. Figure 3.8a and 3.8b

show two examples where the learning algorithm chooses this strategy to update

the network parameters. It can be observed from the Figure 3.8a, that the sample

is correctly classified but the spike time of the neuron CC is very close to the spike

0 T

0 T

CC

MC

(a) An illustrative example of the
‘parameter update strategy to handle
overlap’ in case of correct classification

0 T

0 T

CC

MC

(b) An illustrative example of the
‘parameter update strategy to handle
overlap’ in case of incorrect classifica-
tion

Figure 3.8: Illustrative examples of the ‘parameter update strategy to handle overlap’
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time of the neuron MC. Similarly, Figure 3.8b shows an example where the sample

is misclassified, but the spike times of the neurons CC and MC are very close to

one another. In both the situation, the learning algorithm updates the weights for

both the neurons, CC and MC, so as to shift their spike times in the directions

indicated by the arrow (in the Figure 3.8a and 3.8b).

The weights for the neurons CC and MC are updated using the Equations (3.22)

and (3.20) respectively.

These three strategies help the SRESN classifier in self-regulating its learning process

to learn each sample appropriately. They are repeated for multiple epochs until the

desired level of accuracy is achieved. A single epoch of the proposed SRESN classifier

has been summarized in Figure 3.9 using a flowchart format.

3.2 Working of the SRESN Classifier Using the Iono-

sphere Problem

In this section, the Ionosphere problem from the UCI machine learning repository is used

to study the effects of different parameters on the performance of the SRESN classifier.

For this purpose, a simulation interval of 3 ms is used and the target firing time is fixed

at 1.5 ms. The performance of the SRESN classifier is computed using the overall classi-

fication accuracy which is equal to the percentage of samples that are correctly classified.

Based on this study, several guidelines are also provided for setting the different param-

eters. The algorithm parameters that affect the performance of the learning algorithm

are modulation factor (λ), neuron addition threshold for correct classification (TCC) and

neuron addition threshold for misclassification (TMC). The Ionosphere problem is chosen

for this study as it contains a large number of features and requires non-linear separa-

bility. The observations from this section are also used to deduce a suitable range for

initializing the value of different algorithm parameters.

The problem of Ionosphere consists of radar data collected from a phased array of 16

high frequency antennas. The target of the transmitted signals is the free electrons in

the atmosphere. Each sample consists of 34 attributes and could be classified as a good
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Figure 3.9: A flow chart depicting a single epoch of the learning algorithm for the SRESN
classifier.
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Figure 3.10: Effect of modulation factor (λ) on the (a) Overall training and testing accu-
racy, (b) Number of neurons added by the SRESN classifier for the Ionosphere problem

or bad sample depending on whether it contains any information about the structure of

the ionosphere or not. The problem consists of a total of 351 samples, 175 of which are

used for training and the rest are used for testing. Next, the Ionosphere problem will be

used to illustrate the impact of different algorithm parameters on the performance of the

SRESN classifier.

• Modulation factor (λ): Modulation factor determines the initial value of weights

estimated using rank order learning. The weights of the synapses are initialized

such that the weight of the input neuron that spikes first will be highest and for

subsequent spikes, the weights decrease exponentially. If the value of λ is set closer

to zero, then the weights quickly decay to zero. If its value is set closer to one, then

there is a smaller difference in the weights of the different synapses. In both cases,

the information present the sample is not properly learned by the network. Figure

3.10a shows the effect of modulation factor on the training and testing accuracy of

the SRESN classifier, when λ is varied in the interval [0.6, 0.9]. It can be observed

from the figure, that the testing accuracy shows a small variation when λ is varied

in the interval [0.65, 0.8] and outside this range testing accuracy decreases rapidly.

Figure 3.10b shows the effect of modulation factor on the number of output neurons

added by the SRESN classifier for different values of λ in the interval [0.6, 0.9]. It

can be observed from the figure that for smaller values of λ, the learning algorithm
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Figure 3.11: Effect of neuron addition threshold in case of correct classification (TCC) on
(a) Overall training and testing accuracy, (b) Number of neurons added by the SRESN
classifier for the Ionosphere problem

adds a large number of neurons to the network. For smaller values of λ, the weights

for the input neurons quickly decay to zero; as a result the information present in

the input sample is not stored in the network properly. Consequently, the learning

algorithm requires more neurons to approximate the information present in the

input samples. Based on these observations, a suitable range for setting λ is the

interval [0.65, 0.8]. In this work, λ is set to 0.8 so as to learn using a compact

network architecture.

• Neuron addition threshold for correct classification (TCC): TCC can be set

to a value in the interval [T0, T ]. Since, T0 is set to 1.5 ms and T is set to 3 ms,

the performance of the SRESN classifier has been evaluated for values of TCC in

the interval [1.6, 3] ms. If TCC is set to a higher value, it causes fewer neurons to

be added to the network and a low value of TCC leads to the addition of a large

number of neurons. Both these cases affect the generalization ability of the SRESN

classifier. Figure 3.11a shows the effect of TCC on the overall training and testing

accuracy of the SRESN classifier. Figure 3.11b shows the impact of TCC on the

number of neurons added by the learning algorithm for the SRESN classifier. It

can be seen from the figures that there is a small variation in the overall training

51



Chapter 3. SRESN classifier

and testing accuracy for different values of TCC in the interval [1.5, 3] ms, but more

neurons are added to the network for smaller values of TCC . A suitable range for

setting TCC is the interval [2.1, 2.7] ms to achieve good performance using fewer

neurons.
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Figure 3.12: Effect of neuron addition threshold in case of misclassification on (a) Overall
training and testing accuracy, (b) Number of neurons added by the SRESN classifier for
the Ionosphere problem

• Neuron addition threshold for misclassification (TMC): Similar to TCC , the

performance of the learning algorithm is studied for the values of TMC in the interval

[1.6, 3] ms. Figure 3.12a shows the effect of TMC on the overall training and testing

accuracy of the SRESN classifier. Figure 3.12b shows the impact of TMC on the

number of neurons added by the learning algorithm for the SRESN classifier. The

effect of TMC on the learning algorithm is similar to that of TCC . A higher value

for TMC leads to the addition of fewer neurons to the network and a smaller value

results in the addition of higher number of neurons. This can also be observed

clearly from Figure 3.12b. From Figure 3.12a, it can be observed that there is a

small variation in the accuracy as TMC is varied from 1.8 to 2.4 ms. But when

TMC is set to a value in the range 2.4 to 3 ms, the accuracy deteriorates. The

lower accuracy might be due to the lower number of neurons used by the SRESN

classifier for a higher value of TMC . Hence, a suitable interval for setting TMC is

[1.8, 2.4] ms.
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The suitable intervals for choosing TCC and TMC are [2.1, 2.7] ms and [1.8, 2.4] ms

respectively. For simple problems, with no overlap between classes, TCC and TMC should

be chosen closer to 2.7 and 2.4 ms, respectively as acceptable accuracy can be achieved

with fewer neurons. On the other hand, for difficult problems, with significant overlap

between the classes, the values of TCC and TMC should be set closer to 2.1 and 1.8

ms, respectively, as more neurons are needed for an accurate representation of the data.

Next, the performance of the SRESN classifier is evaluated on two benchmark problems

from the UCI machine learning repository and the results of performance evaluation are

compared with that of the other learning algorithms for SNNs.

3.3 Performance Comparison of the SRESN Classi-

fier

In this section, the performance of the proposed SRESN classifier is evaluated on bench-

mark problems from the UCI machine learning repository [21]. The results of perfor-

mance evaluation of the SRESN classifier are compared with that of the other existing

batch learning algorithms for spiking neural networks, namely SpikeProp [17], Multi-Spike

Neural Network (MuSpiNN) [19], Multi-spike learning [20] Synaptic Weight Association

Training (SWAT) [10] and evolving Spiking Neural Network (eSNN) [11]. The results of

performance evaluation for Spikprop, MuSpiNN, Multi-spike learning, SWAT and eSNN

have been reproduced from [17], [19], [20], [10] and [61], respectively. The results for

SpikeProp have been generated using two-fold cross validation whereas the results for

SWAT have been generated using five-fold cross validation. The results for Multi-spike

learning have been averaged over a large number of experiments. For MuSpiNN and

eSNN, the number of folds used have not been reported in the paper. The results for

the SRESN classifier are generated using ten random trials. The mean and standard

deviation for ten random trials are reported in this section.

The performance of the different algorithms are compared based on three metrics:

overall testing accuracy (ratio of correctly classified samples to the total number of sam-

ples), the number of network parameters and the number of epochs required for an
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algorithm for convergence. The number of network parameters is calculated as,

No. of network parameters = mP ∗ nd(h) ∗K +K ∗ nd(o) ∗ C (3.23)

where nd(h)) and nd(o) are the number of delays used in the hidden layer and output layer

respectively. C is the number of neurons in the output layer. nd(h)) and nd(o) are set to

one for the SRESN classifier as it employs population coding without any delays. C is

equal to zero for the SRESN classifier as it employs a two layered SNN.

The real valued data from the benchmark problems is encoded into spike patterns

using population coding scheme for all the learning algorithms except, SWAT. In the

case of SWAT, cosine coding [83] is used to encode data from the benchmark problems

into spike patterns. For the SRESN classifier, a simulation interval of 3 ms is used and

the target firing time is fixed at 1.5 ms. The training phase for the SRESN classifier

is stopped when either the desired training accuracy is achieved or number of epochs

exceeds 1000.

All the simulations in this study are conducted on a machine with 12 logical cores,

16GB memory and CPU speed of 3.2 GHz using MATLAB 2013b running on Windows

operating system.

3.3.1 Iris Flower Classification Problem

The Iris flower classification is a three class problem, and each class has fifty samples

with four features in each sample. During this study, ten samples are randomly chosen

from each class. These samples are used for training and the rest of the samples are used

for testing. For the SRESN classifier, the value of TCC and TMC are set as 2.1 ms and

1.8 ms, respectively.

Before discussing the results of the performance evaluation, the process for determin-

ing the predicted class from the response of output neurons will be described. Figure 3.13

shows the response of the network for five random testing samples from the Iris data set

after the training phase is over. Each row in the figure represents the response (ŷ1, · · · , ŷ5)
of the output neurons for the five samples (S1, · · · , S5) and each column represents the

response of all output neurons for a given sample. The numbers in brackets on the left
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represent the associated class for that neuron and those at the bottom represent the ac-

tual class label for that sample. It can be observed from the figure that after training,

the network has one neuron, from class one and two neurons each from classes two and

three. The predicted class for a given sample is determined based on the class association

of the output neuron that fires first. Using this mechanism for class determination, it

can be observed that the predicted class labels for all samples are correctly estimated

except the fifth sample (S5). Further, for the second sample (S2), the third neuron fires

close to the target firing time. On the other hand, the class label for the sample three is

correctly predicted but the associated neuron fires much later than the target firing time.

Next, the performance of the SRESN classifier for the Iris flower classification problem is

0 1.5 3 0 1.5 3 0 1.5 3 0 1.5 3 0 1.5 3
ŷ5(3)
ŷ4(3)
ŷ3(2)
ŷ2(2)
ŷ1(1)

S1(1) S2(2) S3(3) S4(1) S5(2)

Figure 3.13: Firing time of neurons for five random testing samples from Iris flower
classification dataset

Table 3.1: Performance comparison of SRESN with existing spiking classifiers - Fisher
Iris problem

Algorithm Architecture # Network Testing #
Parameters Accuracy (%) Epochs

SRESN 20-5 100 97.03(0.76) 297
SpikeProp 49-10-3 24000 96.1(0.1) 1000
MuSpiNN 17-8-1(3) 1 576 95.87 192

SWAT 16-208-3 624 95.3(3.6) 500
Multi-spike 21-8-1 880 94.72 241

(GMES)
Multi-spike 21-8-1 880 93.98 234

(arbitrary spike)
eSNN 120-84 10080 95 1

1 MuSpiNN converts the three class problem into three binary problems.
Hence, three networks are used, one for each problem. The number of
network parameters for a single neural network have been provided.
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compared with the that of other algorithms.

Table 3.1 shows the results of performance evaluation of the different learning algo-

rithms for the Iris flower classification problem. The table displays details regarding the

network architecture, number of network parameters, overall testing accuracy and the

number of epochs required for each algorithm. The difference in the number of input

neurons is because the different algorithms use different number of receptive fields to

encode the input features. SpikeProp and MuSpiNN employ 12 and 4 receptive fields per

feature, respectively with a single bias neuron. Both SRESN and Multi-spike learning

employ 5 receptive field neurons per feature but Multi-spike learning uses an extra bias

neuron. SWAT and eSNN employ 4 and 30 receptive fields per feature, respectively. The

average execution time per epoch of the SRESN classifier for the first 100 epochs was

0.25 seconds. It could be observed from the table that the SRESN classifier achieves

an improvement of 1 - 3% over other algorithms. Further, the SRESN classifier achieves

this improvement using significantly lesser network parameters than the other algorithms.

This is due to the fact that the SRESN classifier is evaluated using population coding

scheme without any delays, resulting in fewer network parameters.

3.3.2 Wisconsin Breast Cancer Problem

In this problem, the goal of the learning algorithm is to classify each sample as a case

of malign or benign cancer. The data set has a total of 686 samples (16 samples with

Table 3.2: Performance comparison of the SRESN classifier with existing spiking classi-
fiers - Wisconsin Breast Cancer problem.

Algorithm Architecture # Network Testing #
Parameters Accuracy (%) Epochs

SpikeProp 64-15-3 30720 97.0(0.6) 1500
SWAT 9-117-2 234 96.7(2.3) 500
SRESN 45-2 90 96.4(0.48) 285

Multi-spike 46-8-1 1880 95.32 209
(GMES)

MuSpiNN 46-8-1 1880 94.66 166
eSNN 135-280 37800 98.7 1

56



Chapter 3. SRESN classifier

missing values are excluded), and each sample consists of 9 features. Similar to the Iris

flower classification problem, ten samples from each class are used for training and the

rest are used for testing. The values for the parameters TCC and TMC are set to 2.7 ms

and 2.4 ms respectively.

Table 3.2 displays the results of performance evaluation of the different algorithms

along with network architecture, the number of network parameters and the number

of epochs for each algorithm. In this case, SpikeProp employs 8 receptive fields per

feature with a single bias neuron. SRESN, MuSpiNN and Multi-spike learning employ 5

receptive field neurons per feature but MuSpiNN and Multi-spike learning also uses an

extra bias neuron. SWAT uses a single neuron per feature whereas eSNN employs 15

receptive fields per feature, respectively. The average execution time per epoch of the

SRESN classifier for the first 100 epochs was 1.4 seconds. It can be observed from the

table that the results of the SRESN classifier are similar to the performance evaluation

results of SpikeProp, SWAT and Multi-Spike (GMES). But, the SRESN classifier requires

much lesser network parameters in comparison to the these algorithms. With regards to

eSNN, the performance of eSNN is 2% better than that of the SRESN classifier. But,

eSNN requires a large number of network parameters to achieve this improvement in

performance.

3.4 Discussion on the Limitations of the SRESN clas-

sifier

The self-regulated approach to learning helps the SRESN classifier in closely approximat-

ing the relationship between the input samples and the corresponding class labels. But,

the SRESN classifier has certain limitations which are discussed below:

• Single spike encoding: An important attribute of the human brain is that informa-

tion can be encoded using multiple spikes with different spike times. This allows

faster and accurate transmission of information. However, the SRESN classifier is

limited to handling data that is encoded using single spikes only.

The SRESN classifier employs rank order learning for initializing the weights of
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T 0

(a)

T 0

(b)

Figure 3.14: Two spike patterns with different spike times for which rank order learning
would estimate equal weights

newly added neurons. Rank order learning is based on the assumption that the most

important information about a stimulus is contained in the first spikes generated by

the neurons. It does not consider the subsequent spikes for estimating the network

parameters. As a consequence, the SRESN classifier can not utilize information

present in multiple spikes.

• The precise time of the spikes are ignored: Rank order learning initializes the

weights of the newly added neurons using the order of spikes. It does not con-

sider the precise time of spikes for initializing the weights of a given neuron. This

renders rank order learning an unsuitable technique for weight initialization when

two different spike patterns follow the same order but differ considerably in terms

of spike times.

Figure 3.14 shows example of two spike patterns with considerably different spike

times for which rank order learning will calculate equivalent weights. In this case,

rank order learning may not be able to accurately capture the information present

in the input spike pattern.

3.5 Summary

In this chapter, a Self-Regulating Evolving Spiking Neural (SRESN) classifier was pre-

sented. The SRESN classifier starts with no output neurons and evolves the network

architecture during the training process. It regulates its learning strategies for each sam-

ple depending on the information present in that sample with respect to the knowledge

stored in the network. It can choose to add a neuron or update the network parameters
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or skip learning a sample. It uses rank order learning to initialize the weights of newly

added neurons to the network. The rank order learning takes into account the global in-

formation in the network, but it limits the application of the SRESN classifier to problems

where each presynaptic neuron generates a single spike in the simulation interval.

In the next chapter, a two stage margin maximization spiking neural network is pre-

sented that utilizes the locally available information to update the synaptic weights.
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A Two Stage Margin Maximization

Spiking Neural Network

In the previous chapter, a Self-Regulating Evolving Spiking Neural (SRESN) classifier

was developed that employed heuristic techniques to evolve the network architecture and

update the synaptic weights using improved rank order learning. The SRESN classifier

employs rank order learning for initializing and updating the synaptic weights in the

network. Rank order learning is based on the order of first spikes generated by the

presynaptic neurons. It ignores the precise time of the spikes. Further, it can only

be used when the input features are represented using single spikes in the simulation

interval. To overcome these issues, a Two stage Margin Maximization Spiking Neural

Network (TMM-SNN) is developed in this chapter.

TMM-SNN employs a three layered spiking neural network architecture. It uses a

two stage learning algorithm to update the synaptic weights in the network. In the

first stage (structure learning stage), the learning algorithm evolves the hidden layer

and estimates the synaptic weights for the hidden layer neurons. The weights for the

newly added neurons are initialized using a new Activation Based Coding (ABC) scheme

that is developed in this thesis. The ABC scheme uses locally available information

present in multiple spikes generated by the presynaptic neurons to initialize the synaptic

weights of a newly added neuron such that it fires at a precise time. The weights for

the hidden neurons are updated using a margin maximization strategy that maximizes

the separation between the spike times of interclass neurons. At the end of the structure
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learning stage, the weights for the hidden layer neurons are fixed. Based on the structure

determined in the first stage, the synaptic weights for the connections between the hidden

and output layer neurons are randomly initialized. In the second stage (output weights

learning stage), the learning algorithm estimates the synaptic weights for the output layer

neurons using a margin maximization strategy.

To analyze the working of the TMM-SNN and the effect of its algorithm parameters,

a performance study is conducted using the Ionosphere problem from the UCI machine

learning repository. Based on this study, certain guidelines are also discussed for initial-

izing the algorithm parameters appropriately. The performance of the learning algorithm

has been compared with existing batch learning algorithms for spiking neural networks,

viz. SpikeProp [17], synaptic weight association training [10] and the SRESN classifier

for ten benchmark data sets from the UCI machine learning repository. The results of

the performance evaluation have been statistically compared using the one-way ANOVA

test [22] followed by a pairwise comparison using the Fisher’s least significant difference

method [23]. The results of performance evaluation clearly indicate that the TMM-

SNN can achieve better generalization performance in comparison to existing learning

algorithms for spiking neural networks using a compact network architecture in a 95%

confidence interval.

4.1 Two Stage Margin Maximizing Spiking Neural

Network for Classification Problems

In this section, the architecture and the evolving learning algorithm for the Two stage

Margin Maximizing Spiking Neural Network (TMM-SNN) for classification problems is

presented. TMM-SNN is a three layered neural network consisting of spiking neurons.

The learning algorithm for TMM-SNN employs a two stage approach to learning. In the

first stage (referred to as the structure learning stage), the learning algorithm evolves

and updates the weights of the hidden layer neurons. In the second stage (referred to as

the output weights learning stage), the learning algorithm updates the weights for the

output layer neurons. Both stages of the learning algorithm continue for multiple epochs

until convergence is achieved.

62



Chapter 4. TMM-SNN

Without loss of generality, in the following description it is assumed that the network

has grown to K neurons in the hidden layer after training for (n− 1) spike patterns.

4.1.1 Architecure of TMM-SNN

Figure 4.1 shows the architecture of a three layered TMM-SNN. The training spike pat-

terns {(x1, c1), · · · , (xn, cn), · · · , (xN , cN)} are presented to the network, one by one,

at intervals of time T , where T is termed as the simulation interval. The sample

xn = [x1n, · · · , xin, · · · , xmn ] is an m-dimensional spike pattern and cn ∈ {1, · · · , C} is

its class label. Here, C is the total number of classes. Thus, the network has m input

neurons and C output neurons. The input feature, xin = {t(1)i , · · · , t(g)i , · · · , t(Gi)i }, is a

spike train with Gi spikes, where t
(g)
i represents the gth spike generated by the ith input

neuron.

For a given input spike pattern, the response of the kth hidden neuron is a function

of the Postsynaptic Potential (PSP) induced by the input neurons. The postsynaptic

potential (vi1) induced by the ith input neuron at time t is given by

vi1(t) =
∑
g

ε
(
t− t(g)i

)
(4.1)

where ε
(
t− t(g)i

)
is the postsynaptic potential at time t induced by a presynaptic spike

at t
(g)
i on a synapse with weight one. In this work, ε(.) has been modeled using the spike

0T

0T

0T

0T

0T

0T

Figure 4.1: Architecture of TMM-SNN
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response function [17], given by

ε(s) =
s

τ
e(1−

s
τ ) (4.2)

where τ is the time constant for the neuron.

From Equation (4.1), the postsynaptic potential (v1k) of the kth hidden neuron at time

(t) is given as

v1k(t) =
∑
i

w1
ikv

i
1(t) (4.3)

where w1
ik is the weight of the synapse between the ith input neuron and the kth hidden

neuron. If θ1k represents the threshold of the kth hidden neuron, then the kth hidden

neuron generates a spike whenever its PSP crosses this threshold. After generating a

spike, the PSP of the kth hidden neuron is reset to zero. The response of the kth hidden

neuron for xn is also a spike train, denoted by hkn = [t̄
(1)
k , · · · , t̄(g)k , · · · , t̄(Gk)k ]. Based on

the response of the hidden layer neurons, the postsynaptic potential (vk2) induced by the

kth hidden neuron at time t is given by

vk2(t) =
∑
g

ε
(
t− t̄(g)k

)
(4.4)

The PSP (v2j ) of the jth output layer neuron depends on the PSP induced by the hidden

layer neurons and is given by

v2j (t) =
∑
k

w2
kjv

k
2(t) (4.5)

where w2
kj is the weight of the synapse between the kth hidden neuron and the jth output

neuron. The threshold for all the output neurons is set to one. Thus, the jth output

neuron will generate a spike whenever its PSP (v2j ) is higher than one, and its PSP is

reset to zero immediately after generating a spike. The response of the jth output neuron

is a spike pattern ŷjn = [t̂
(1)
j , · · · , t̂(g)j , · · · , t̂(Gj)j ].

The predicted class for a given input spike pattern is determined (encoded) according

to the output neuron that fires first. Since a correct prediction depends only on the time

of the first spike generated by the output layer neurons, the learning algorithm utilizes

only the time of the first spike generated by the hidden and output layer neurons in

the learning process. For convenience, the time of the first spike generated by the kth
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(a) Structure learning stage

(b) Output weights learning stage

Figure 4.2: The two stages of the learning algorithm for TMM-SNN. In the structure
learning stage, the learning algorithm evolves the hidden layer neurons and updates
the weights for synaptic connections between input and hidden layer neurons. In the
output weights learning stage, the learning algorithm updates the weights for output
layer neurons.

hidden neuron and the jth output neuron are represented as t̄k and t̂j, respectively. The

objective of the learning algorithm for TMM-SNN is to closely approximate the functional

relationship between the input spike patterns and the corresponding class labels so that

the correct class output neuron fires first for a given spike pattern.
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4.1.2 Learning Algorithm for TMM-SNN

The learning algorithm for TMM-SNN employs a two stage approach to learning. Figure

4.2 diagrammatically shows the parameters adjusted in the two stages of the learning

algorithm for TMM-SNN. In the first stage, termed as the structure learning stage, the

learning algorithm determines the appropriate network architecture for a given problem

by evolving the hidden layer neurons. Also, in this stage, the learning algorithm updates

the weights of the synaptic connections between the input and the hidden layer neurons.

The highlighted portion of the Figure 4.2a depicts the parameters adjusted in the struc-

ture learning stage. In the second stage, termed as the output weights learning stage, the

learning algorithm projects the response of hidden neurons back to the C-dimensional

output space. For this purpose, the learning algorithm updates the weights for the output

layer neurons and the weights for the hidden layer neurons are not adjusted in this stage.

The highlighted parts of the Figure 4.2b reflect the parameters adjusted in the output

weights learning stage. A brief overview of each stage of the training process is provided

below followed by a detailed description of the different learning strategies used in the

two stages.

1) Structure Learning stage: In this stage, the learning algorithm evolves and updates

the weights of the hidden layer neurons. It employs the ‘neuron addition strategy’ to

determine the appropriate number of hidden neurons and their class associations for a

given problem in the first epoch. The weights of the newly added neurons are initialized

using the activation based coding scheme. Further, the learning algorithm updates the

weights of the hidden layer neurons so that the hidden neuron from the same class as the

current input spike pattern fires first with a high interclass margin. For this purpose, a

target firing time is defined for each of the hidden layer neurons. Suppose, ck represents

the class association of the kth hidden neuron, then its target firing time (tk) for a given

spike pattern is defined as

tk =

Th ck = cr

T + δ ck 6= cr

(4.6)

where Th ∈ [0, T ] is a fixed time instant in the simulation interval. δ is small positive

number and a target firing time of (T + δ) implies that the particular hidden neuron
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should not generate a spike in the simulation interval for the current input spike pattern.

The weights of the hidden layer neurons are updated using the ‘margin maximization

strategy in the structure learning stage’ for multiple epochs. In each epoch, the learning

algorithm updates the synaptic weights for the connection between input neurons and

the first firing hidden layer neurons from the same class as the current input spike pattern

and a different class. The weights for the neurons are updated such that the temporal

difference (interclass margin) between their spike times is maximized for each training

spike pattern. This strategy for margin maximization is used for multiple epochs and the

structure learning stage ends when the mean interclass margin based on the output of

the hidden neurons for all training spike patterns converges.

2) Output Weights Learning Stage: In this stage, the learning algorithm uses the ‘mar-

gin maximization strategy in the output weights learning stage’ to update the weights

of the output layer neurons. For a given spike pattern, the weights of the output layer

neurons are updated such that the correct class output neuron fires first with high in-

terclass margin. In this stage, the learning algorithm updates the synaptic weights for

the connection between output neurons and the first firing hidden neurons from the same

class as the current input spike pattern. The weights of the neurons are updated such

that the interclass margin based on the spike times of output neurons for each input

spike pattern is maximized. This stage also continues for multiple epochs until the mean

interclass margin for all the training spike patterns converges.

Next, a detailed description of the learning strategies used in the two stages is pre-

sented.

4.1.2.1 Structure Learning Stage

In this section, the ‘neuron addition strategy’ and the ‘margin maximization strategy for

the structure learning stage’ are described. In the following description, CC refers to the

hidden neuron that fires first and is associated with the same class as the current input

spike pattern. Based on this definition, CC is given by

CC = argmin
k,ck=cr

t̄k (4.7)
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Similarly, MC refers to the hidden neuron associated with any other class that first first

and is given by

MC = argmin
k,ck 6=cr

t̄k (4.8)

The time of first spike generated by the hidden neurons CC and MC are represented

as t̄CC and t̄MC , respectively.

Neuron addition strategy: A new hidden neuron is added to the network when

none of the existing neurons, associated with the class cn, generate a spike closer to the

target firing time (Th). A late spike by all the existing hidden neurons implies that the

knowledge stored in the network is not enough to approximate the information present

in the current input spike pattern. To add a neuron to the network for a given spike

pattern, a fixed time instant Ta ∈ [Th, T ] is used as a threshold for t̄CC , such that if t̄CC

is greater than Ta, then a neuron is added to the hidden layer in the network. Thus, the

criterion for adding a neuron is given as

If t̄CC > Ta

Then add a neuron to the network (4.9)

where Ta is given as

Ta = αaT + (1− αa)Th (4.10)

Here, αa is termed as the addition threshold and is always set in the interval [0, 1]. When

αa is set to one, Ta is equal to T; as a result, fewer neurons are added to the network.

This leads to thedevelopment of an inaccurate model of the data. When αa is set to

zero, Ta is equal to Th as a result a neuron is added to the network for each input spike

pattern. This may lead to overfitting, resulting in poor generalization on unseen spike

patterns. Therefore, the value for αa needs to be chosen carefully and a suitable range for

setting αa is the interval [0.15, 0.35]. The suitable range for αa is chosen by conducting

studies that illustrate the effect of αa on the network structure and the training/testing

accuracies of TMM-SNN. The results of these studies have been provided in Section 4.2

in the thesis.

The weights for the newly added neuron are initialized using a new encoding scheme,
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time
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P

Figure 4.3: An illustrative example of the activation based coding with three input neu-
rons

termed as the Activation Based Coding (ABC). For a given input spike pattern, the ABC

technique initializes the weights of a newly added neuron using the normalized PSP of

the input neurons at the target firing time (Th). The normalized PSP (u1i ) for the ith

input neuron at time t is equal to the fraction of total PSP, that is induced by the ith

input neuron, given as

u1i (t) =
vi1(t)∑
i v

i
1(t)

(4.11)

It represents the information contained in the spike train generated by ith input neuron

with respect to the total information present in the current input spike pattern. From

Equation (4.11), the weights for the newly added neuron are initialized using the normal-

ized PSP of the corresponding input neuron at the target firing time (Th) as:

w1
i(K+1) = u1i (Th), i ∈ {1, · · · ,m} (4.12)

Figure 4.3 show an illustrative example with three input features (x = [x1, x2, x3])

depicting the use of the ABC technique to initialize the weights of a postsynaptic neuron.

In the figure, the PSP induced by the three input neurons in the interval [0, T ] is repre-

sented by v1, v2 and v3, respectively. The total PSP of the postsynaptic neuron during

the interval [0, T ] is denoted by v. It may be observed from the figure that the inputs
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x1 and x2 have a non-zero contribution to PSP at Th whereas x3 has zero contribution

to PSP at Th. v
1(Th) and v2(Th) represent the PSP due to the input features x1 and x2

at Th, respectively and v(Th) is the total PSP of the newly added neuron at Th. Thus,

the weights for the three input neurons using the ABC technique will be initialized to

[v1(Th)/v(Th), v
2(Th)/v(Th), 0].

The threshold for the newly added neuron is initialized as

θ1(K+1) =
∑
i

w1
i(K+1)v

i
1(Th) (4.13)

The initialization of the weights and threshold for the newly added neuron using Equa-

tions (4.12) and (4.13) ensures that it fires precisely at the target firing time (Th) for the

current input spike pattern.

Margin maximization strategy for structure learning stage: The learning

algorithm for TMM-SNN uses this strategy to improve the generalization performance of

the network by maximizing the interclass margin. The concept of margin maximization

is inspired by the concept of support vector machines as maximum margin classifiers [84].

In case of TMM-SNN, the interclass margin (Υ1
[n]) for the current sample (xn) is defined

as the temporal distance between the spike times of the neurons CC and MC, given as

Υ1
[n] = t̄MC − t̄CC (4.14)

A smaller interclass margin, for a given spike pattern, indicates that the particular spike

pattern is close to the decision boundary. This may lead to poor generalization perfor-

mance on unseen spike patterns. To identify the spike patterns with a smaller margin,

the learning algorithm uses a time duration, Tm ∈ [Th, T ] as a threshold for Υ1
[n]. Thus,

the criterion for this strategy is given as

If Υ1
[n] < Tm

Then update the weights for existing neurons (4.15)

where Tm is given as

Tm = αm(T − Th) (4.16)
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Here αm is termed as the margin threshold and it is always set in the interval [0, 1]. A

higher value of margin threshold will result in the loss of information gained from the

past spike patterns. On the other hand, a lower value of margin threshold may result in

poor generalization on the testing spike patterns. It was observed that the performance

of the learning algorithm is satisfactory when αm is set in the interval [0, 0.1]. For the

simulation results reported in this work, αm is fixed at 0.07.

To update the margin for a given spike pattern, the learning algorithm may choose

to update the weights of the neuron MC alone or both CC and MC. The weights of the

neuron MC alone are updated when t̄CC is closer to Th, otherwise the learning algorithm

updates the weights for both the neurons. When CC fires closer to Th, it indicates

that the current input spike pattern is similar to the previously learned spike patterns.

This implies that the network can approximate the information present in the current

input spike pattern, but the spike pattern is closer to the decision boundary. In such a

scenario, the learning algorithm updates the neuron MC without updating the neuron

CC. Similarly, when CC fires much later than Th, the learning algorithm updates the

weights for both the neurons CC and MC. To determine, if CC fired closer to Th for a

given spike pattern, the learning algorithm uses a time instant Tu ∈ [Th, T ] as a threshold

for t̄CC . Thus, the learning algorithm updates the weights for the neuron MC when t̄CC

is lower than Tu, otherwise the weights for both the neurons are updated. Here, Tu is

given as

Tu = αuT + (1− αu)Th (4.17)

where αu is termed as the similarity threshold and is always set in the interval [0, 1]. If

αu is set to 1, then Tu will be equal to T. In this case, the weights of the neurons CC are

never updated which may result in the generation of an inaccurate model of data. When

αu is set to 0, Tu will be equal to Th as a result, the learning algorithm always updates

both the neuron CC and MC. This may cause over-fitting as the learning algorithm

learns similar samples repeatedly resulting in lower generalization performance. Hence,

Tu should be set closer to Th to generate an accurate model of data that generalizes

properly on unseen data. For this purpose, the simulations presented in this chapter use

a value of 0.07 for αu.

The PSP induced by the input neurons provide an estimate of the information present
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in the current input spike pattern. Further, the information from the past spike patterns

is stored in the synaptic weights of the hidden layer neurons. To update the weights of

the kth hidden neuron, the learning algorithm considers both the past knowledge stored

in the network as well as the information present in the current input spike pattern. The

weights of a given synapse are updated in proportion to the difference between its existing

weights and the normalized PSP of the corresponding input neuron at t̄k. Further, the

learning algorithm updates the weights of only those synapses, whose existing weights

are lower that the normalized PSP of the corresponding input neuron at t̄k. This implies

that the weights of the synapses with higher contribution to PSP for past spike patterns

are not updated, thereby preserving the existing knowledge stored in the network. Based

on this, the change in weights (∆w1
i(CC)) of the neuron CC is given as

∆w1
i(CC) =

0 w1
i(CC) ≥ u1i (t̄CC)

η(u1i (t̄CC)− w1
i(CC)) w1

i(CC) < u1i (t̄CC)
(4.18)

where η is the learning rate and is set to 0.01 in this chapter to avoid oscillations in the

learning process. It may be observed from the above equation that, the weight update

can be executed locally as it relies only on the normalized PSP induced by the input

neurons and the existing weights of the corresponding synapses. Similarly, the change in

weights (∆w1
i(MC)) of the neuron MC is given as

∆w1
i(MC) =

0 w1
i(MC) ≥ u1i (t̄MC)

η(w1
i(MC) − u1i (t̄MC)) w1

i(MC) < u1i (t̄MC)
(4.19)

Updating the weights of the neuron CC and MC using Equations (4.18) and (4.19)

helps in maximizing the interclass margin, thereby improving the generalization perfor-

mance of the learning algorithm. Next, the learning strategy used in output weights

learning stage will be described.
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4.1.2.2 Output weights learning stage

In this section, the ‘margin maximization strategy in the output weights learning stage’

is described. For this stage, CC refers to the output neuron associated with the same

class as the current input spike pattern and the time of the first spike generated by CC

is represented by t̂CC . MC refers to the neuron that fires first and is associated with any

other class, given as

MC = argmin
j,j 6=cr

t̂j (4.20)

The time of first spike generated by the neuron MC is represented as t̂MC .

Margin maximization strategy in output weights learning stage: The purpose

of the margin maximization strategy in the output weights learning stage is same as its

role in the structure learning stage. It tries to maximize the interclass margin for the

neurons CC and MC. In this stage, the interclass margin (Υ2
[n]) for the current input

spike pattern (xn) is defined as

Υ2
[n] = t̂MC − t̂CC (4.21)

The learning algorithm updates the weights for the neurons CC and MC when Υ2
[n] is

lower than the threshold Tm. Thus, the criterion for updating the weights of the neurons

CC and MC is given by

If Υ2
[n] < Tm

Then update the weights for the neurons CC and MC (4.22)

After the structure learning stage, the correct class hidden layer neuron fires first

for most of the training spike patterns. Essentially, the output weights learning stage

is used by the learning algorithm to map the output of hidden neurons back to the C-

dimensional output space. For this purpose, the weights for the connections between the

hidden neurons from the same class as the current input spike pattern and the output

neuron are alone updated. The weights for the output layer neurons are updated using a

learning rule similar to the learning rule described in Equations (4.18) and (4.19). It uses
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the normalized PSP (u2k) induced by the kth hidden layer neuron at t̂j which is given by

u2k(t̂j) =
vk2(t̂j)∑
k v

k
2(t̂j)

(4.23)

Based on the normalized PSP, the change in weights (∆w2
k(CC)) of the neuron CC in the

output layer is given as

∆w2
k(CC) =

η(u2k(t̂CC)− w2
k(CC)) (w2

k(CC) < u2k(t̂CC)) & (ck = cr)

0 otherwise
, k ∈ {1, · · · , K}

(4.24)

It may be observed from the above equation that the weights of the output layer neurons

are also updated using only the locally available information. Similarly, the change in

weights (∆w2
k(CC)) of the neuron MC is given as

∆w2
k(MC) =

η(w2
k(MC) − u2k(t̂MC)) (w2

k(MC) < u2k(t̂MC)) & (ck = cr)

0 otherwise
, k ∈ {1, · · · , K}

(4.25)

To summarize, the learning algorithm employs the strategies of neuron addition, mar-

gin maximization for structure learning and output weights learning to closely approxi-

mate the relationship between the input spike patterns and the corresponding class labels

using a compact network architecture. The learning algorithm for TMM-SNN has been

summarized in a pseudocode format in Algorithm 1.

4.2 Working of TMM-SNN Using the Ionosphere Prob-

lem

In this section, the Ionosphere problem from the UCI machine learning repository is used

to illustrate the working of the margin maximization strategy and study the effect of the

addition threshold (αa) on the performance of TMM-SNN. Based on this study, suitable

guidelines are provided for selecting αa. The performance of the TMM-SNN is computed
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Algorithm 1 Pseudocode for TMM-SNN

Structure learning stage:
1: for eth epoch do
2: if e = 1 then
3: if t̄CC > Ta then
4: Add a neuron
5: else if Υ1

[n] < Tm then
6: Update existing neurons
7: end if
8: else if Υ1

[n] < Tm then
9: Update existing neurons

10: end if
11: if Mean margin has converged then
12: Break
13: end if
14: end for

Output weights learning stage:
15: for eth epoch do
16: if Υ2

[n] < Tm then
17: Update existing neurons
18: end if
19: if Mean margin has converged then
20: Break
21: end if
22: end for

using the overall classification accuracy which is given as

overall accuracy =
Number of correctly classified samples

Total number of samples
∗ 100 (4.26)

In these experimental evaluations the real valued data from the Ionosphere problem is

encoded into spike patterns using the population coding scheme [17] with six receptive

fields per feature. The value of T is set to 6 ms and the value of Th is set to 2 ms. Next,

the results of the study on the margin maximization strategy and effect of αa on the

performance of TMM-SNN are presented.

Effect of margin maximization: For this study, the value of αa is fixed to 0.2 and

the mean interclass margin (Ῡ1) for all the training samples during the structure learning
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Figure 4.4: Effect of margin maximization strategy on the mean interclass margin for the
response of (a) hidden layer neurons, (b) output layer neurons

stage is given by

Ῡ1 =
1

N

∑
n

Υ1
[n] (4.27)

Similarly, the mean interclass margin (Ῡ2) for all the training samples during the output
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Figure 4.5: Neuron growth history of TMM-SNN for the Ionosphere problem

weights learning stage is given by

Ῡ2 =
1

N

∑
n

Υ2
[n] (4.28)

Figure 4.4a shows the effect of the ‘margin maximization strategy for structure learn-

ing stage’ on the mean interclass margin for all the training samples. It can be observed

from the figure, that the mean interclass margin during the structure learning stage

improves continuously until it converges to a maximum value. Figure 4.4b shows the

effect of ‘margin maximization strategy for output weights learning stage’ on the mean

interclass margin for all the training samples. It can be observed from the figure that the

mean interclass margin during the output weights learning stage requires fewer epochs for

convergence. The fast convergence in the second stage can be attributed to the weight

update in the structure learning stage. After the structure learning stage, the hidden

neurons from the same class as the current input spike pattern learn to fire first for a

given input spike pattern.

Effect of addition threshold: When the addition threshold (αa) is set to 0.2,

TMM-SNN has a training and testing accuracy of 95.86% and 91.48%. Figure 4.5 shows

the neuron growth history for TMM-SNN. It may be noted that TMM-SNN evolves the

hidden layer completely within the first epoch. It can be observed from the figure that

the learning algorithm adds a higher number of neurons during the beginning of training
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Figure 4.6: Effect of addition threshold on (a) training and testing accuracy of TMM-
SNN, (b) number of neurons added by TMM-SNN

and fewer neurons are added closer to the end of the training. Figure 4.6a shows the

effect of αa on the training and testing accuracy of the TMM-SNN and Figure 4.6b

shows the effect of αa on the number of neurons added by TMM-SNN during training.

It can be seen from Figure 4.6a that the αa does not affect the training and testing

accuracies significantly when αa is chosen in the interval [0.15, 0.35]. When αa is set to

a value greater than 0.35, both, the training and testing accuracies of TMM-SNN start

deteriorating. This may be due to the addition of fewer neurons by TMM-SNN, when

αa is chosen higher than 0.35 (Figure 4.6b). When αa is chosen lower than 0.15, the

training accuracy improves slightly and the testing accuracy goes down. This may be

attributed to over-fitting because TMM-SNN adds a large number of neurons for smaller
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values of αa (Figure 4.6b). Based on these observations, a suitable range for choosing αa

is [0.15, 0.35]. It should be set closer to 0.15 for difficult problems with significant overlap

between classes. For simpler problems, it should be set closer to 0.35.

4.3 Performance Evaluation of the TMM-SNN

In this section, the performance of the Two stage Margin Maximization Spiking Neural

Network is evaluated on ten benchmark classification problems from the UCI machine

learning repository [21]. The results of performance evaluation have been compared with

that of other existing batch learning algorithms for Spiking Neural Networks (SNNs),

namely, SpikeProp [17], Synaptic Weight Association Training (SWAT) [10] and Self-

Regulating Evolving Spiking Neural (SRESN) [82] classifier on all the problems. The

performance evaluation results of TMM-SNN have also been compared with evolving

Spiking Neural Network (eSNN) [11] and Accurate Synaptic-efficiency Adjustment (ASA)

[24].

Performance results for all the algorithms (except eSNN and ASA) have been gen-

erated using MATLAB 2014b in a Windows environment on a machine with 12 logical

cores, 16 GB memory and a speed of 3.2 GHz. All the results, reported in this section,

represent the average training/testing accuracy obtained over ten random trials. The

training procedure for the TMM-SNN is stopped in both the stages when the mean in-

terclass margin for all the training samples remains constant within ±0.1 for 10 epochs.

The mean interclass margin is computed using Equation 4.27 and 4.28, respectively in

the two stages of the learning algorithm.

4.3.1 Performance Comparison with Batch Learning Algorithms

In this section, the performance of TMM-SNN is evaluated using ten benchmark data sets

from the UCI machine learning repository [21]. Results of performance evaluation have

been compared with other batch learning algorithms for SNNs, namely, SpikeProp [17],

SWAT [10] and SRESN [82] classifier. Table 4.1 summarizes the details of the data sets

used for this evaluation. It provides information about the number of features, classes

the training/testing samples and the imbalance factor in a given data set. The imbalance
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Table 4.1: Description of the data sets used for evaluation

Data set # Features # Classes # Samples Imbalance
Training Testing factor (%)

Breast cancer 9 2 350 333 0.27
Echocardiogram 10 2 66 65 0.3

Mammogram 9 2 80 11 0
Liver 6 2 170 175 0.18
PIMA 9 2 384 384 0.3

Ionosphere 34 2 175 176 0.28
Hepatitis 19 2 78 77 0.59

Iris 4 3 75 75 0
Wine 13 3 60 118 0

Acoustic emission 5 4 62 137 0.1

factor (%) for a given data set is estimated as described in [93] and is given as

% = 1− C∑
j Nj

min
j
Nj (4.29)

where Nj represents the number of training samples in the jth class.

The performance comparison has been done based on three different metrics, namely,

overall training/testing accuracy, number of epochs required for convergence and the total

number of network parameters to be estimated. The total number of network parameters

(ηp) to be estimated is given by

ηp = mdhK +KdoC (4.30)

where m is the number of input neurons, K is the number of hidden neurons and C is

the total number of classes. dh and do represent the number of delays used in the hidden

layer and output layer respectively.

Results for all the algorithms have been generated using the same training/testing

data splits and the mean and standard deviation for overall training/testing accuracy

over ten random trials is reported. The real valued data from the data sets have been

encoded into the spike patterns using the population coding [17] scheme which employs six

receptive fields for encoding a single feature in all problems. The population coding used

for evaluating TMM-SNN does not employ any delays which imply that a single synapse
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Table 4.2: The value for the parameter addition threshold (αa) used for evaluating TMM-
SNN on the benchmark data sets

Data set # Novelty
threshold (αn)

Breast cancer (BC) 0.25
Echocardiogram (ECHO) 0.35

Mammogram (MAM) 0.35
Liver 0.18
PIMA 0.18

Ionosphere (ION) 0.2
Hepatitis (HEP) 0.35

Iris 0.13
Wine 0.25

Acoustic emission (AE) 0.18

represents a single connection without any delay. As in the SpikeProp paper [17], the

results for SpikeProp have been generated using 16 delays per synapse, a learning rate of

0.0075, a coding interval of 4 ms and a time constant of 7 ms. The appropriate number

of hidden neurons for SpikeProp have been determined using the constructive-destructive

procedure [85]. For SWAT, the parameters for the neuron model and frequency filtering

are set as in [10]. Other significant parameters for SWAT are c0 and the height of the

plasticity window (Ap) in spike timing dependent plasticity. As mentioned in the above

paper, the value for c0 is fixed at 4000 and Ap is fixed at 0.1 to avoid oscillations in the

learning process. In case of TMM-SNN, T and Th are set to 6 ms and 2 ms respectively.

The value for addition threshold is determined using ten-fold cross validation. Table 4.2

shows the value for the addition threshold (αa) used for TMM-SNN on the benchmark

data sets.

Table 4.3 shows the average execution times per epoch for TMM-SNN on a single trial

of all the data sets used for evaluation. Table 4.4 shows the architecture and the results

of performance evaluation for TMM-SNN, SpikeProp, SWAT and the SRESN classifier.

The architecture has been shown in the format (m−H −N). For the SRESN classifier

and TMM-SNN the number of hidden neurons in the architecture as well as the number

of network parameters have been shown as a range for the ten random trials. Further,

the architecture for the SRESN classifier are shown in the format (m−H) as it employs

a two layered SNN.
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Table 4.3: Average execution per epoch of the SRESN classifier

Data set Execution time per epoch (seconds)
Structure learning Output weights

stage learning stage

Breast cancer 2.27 2.66
Echocardiogram 0.36 0.36

Mammogram 0.33 0.35
Liver 0.97 1.03
PIMA 2.77 3.09

Ionosphere 5.5 4.25
Hepatitis 0.53 0.51

Iris 0.25 0.25
Wine 0.38 0.4

Acoustic Emission 0.23 0.25

From the Table 4.4, it may be observed that for simple binary classification problems

like breast cancer and Echocardiogram, the training as well as the testing accuracy of

TMM-SNN is similar to that of other algorithms. For the breast cancer problem, TMM-

SNN requires only 70 epochs for convergence whereas among other algorithms, the SRESN

classifier requires a minimum of 306 epochs. For the Echocardiogram problem, TMM-

SNN requires 177 epochs compared to 476 epochs required by the SRESN classifier.

For a low dimensional binary classification problem with a high interclass overlap

like Mammogram and Liver, the training performance of TMM-SNN is 3%-5% better

than that of SpikeProp which is the next best performing algorithm. A similar trend is

also observed for the testing accuracy of TMM-SNN which also show an improvement

of 3%-5% over the testing accuracy of SpikeProp. Further, TMM-SNN converged in 176

and 442 epochs, respectively whereas SpikeProp was trained for 1000 epochs. PIMA is

another low dimensional binary classification problem with a high interclass overlap. In

case of PIMA, the training and testing accuracies of TMM-SNN are 1% and 2% better

than that of SpikeProp. For this problem, TMM-SNN requires only 160 epochs whereas

SpikeProp requires 3000 epochs. It may be noted, that for all these problems TMM-SNN

requires lower than one-tenth the number of network parameters required by SpikeProp.

The performance of TMM-SNN has also been evaluated for high dimensional problems

of Ionosphere and Hepatitis. For Ionosphere, the training and testing accuracies of TMM-

SNN are 7% and 4% better than that of SRESN, which is the next best performing
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Table 4.4: Performance comparison of TMM-SNN with SpikeProp, SWAT and SRESN
for benchmark problems

Data Learning Architecture Training Testing # # Network
set Algorithm Accuracy (%) Accuracy (%) Epochs Parameters

BC

SpikeProp 55-15-2 97.3(0.6) 97.2(0.6) 1000 13680
SWAT 54-702-2 96.5(0.5) 95.8(1.0) 500 1404
SRESN 54-(8-12) 97.7(0.6) 97.2(0.7) 306 (432-648)

TMM-SNN 54-(2-8)-2 97.4(0.3) 97.2(0.5) 70 (112-448)

ECHO

SpikeProp 61-10-2 86.6(2.5) 84.5(3.0) 1000 10080
SWAT 60-780-2 90.6(1.8) 81.8(2.8) 500 1560
SRESN 60-(2-4) 79.1(5.7) 77.7(5.3) 476 (120-240)

TMM-SNN 60-(2-3)-2 86.5(2.1) 85.4(1.7) 177 (124-186)

MAM

SpikeProp 55-10-2 82.8(4.7) 81.8(6.1) 1000 9120
SWAT 54-702-2 82.6(2.1) 78.2(12.3) 500 1404
SRESN 54-(4-8) 75.0(2.8) 76.6(4.5) 86 (216-432)

TMM-SNN 54-(5-7)-2 87.2(4.4) 84.9(8.6) 176 (280-392)

Liver

SpikeProp 37-15-2 71.5(5.2) 65.1(4.7) 3000 9360
SWAT 36-468-2 74.8(2.1) 60.9(3.2) 500 936
SRESN 36-(6-9) 60.4(1.7) 59.7(1.7) 715 (216-324)

TMM-SNN 36-(5-8)-2 74.2(3.5) 70.4(2.0) 442 (190-304)

PIMA

SpikeProp 55-20-2 78.6(2.5) 76.2(1.8) 3000 16640
SWAT 54-702-2 77.0(2.1) 72.1(1.8) 500 1404
SRESN 54-(9-14) 70.5(2.4) 69.9(2.1) 254 (486-756)

TMM-SNN 54-(5-14)-2 79.7(2.3) 78.1(1.7) 160 (280-784)

ION

SpikeProp 205-25-2 89.0(7.9) 86.5(7.2) 3000 82800
SWAT 204-2652-2 86.5(6.7) 90.0(2.3) 500 5304
SRESN 204-(16-23) 91.9(1.8) 88.6(1.6) 1018 (3264-4692)

TMM-SNN 204-(23-34)-2 98.7(0.4) 92.4(1.8) 246 (4738-7004)

HEP

SpikeProp 115-15-2 87.8(5.0) 83.5(2.5) 1000 28080
SWAT 114-1482-2 86.0(2.1) 83.1(2.2) 500 2964
SRESN 114-(4-10) 79.8(0.9) 78.5(1.8) 234 (456-1140)

TMM-SNN 114-(3-9)-2 91.2(2.5) 86.6(2.2) 192 (348-1044)

Iris

SpikeProp 25-10-3 97.2(1.9) 96.7(1.6) 1000 4480
SWAT 24-312-3 96.7(1.4) 92.4(1.7) 500 936
SRESN 24-(6-10) 96.9(1.0) 97.3(1.3) 102 (144-240)

TMM-SNN 24-(4-7)-3 97.5(0.8) 97.2(1.0) 94 (108-189)

Wine

SpikeProp 79-10-2 99.2(1.2) 96.8(1.6) 1000 12960
SWAT 78-1014-3 98.6(1.1) 92.3(2.4) 500 2028
SRESN 78-(5-10) 96.9(1.6) 91.0(1.2) 128 (390-780)

TMM-SNN 78-3-3 100(0) 97.5(0.8) 80 243

AE

SpikeProp 31-10-4 98.5(1.7) 97.2(3.5) 1000 5600
SWAT 30-390-4 93.1(2.3) 91.5(2.3) 500 1560
SRESN 30-(4-8) 93.9(5.9) 94.2(3.2) 633 (120-240)

TMM-SNN 30-(4-7)-4 97.6(1.3) 97.5(0.7) 12 (136-238)

algorithm. TMM-SNN and SRESN required 246 and 1018 epochs, respectively to achieve

the reported accuracy. It may be observed that among other algorithms SWAT had

the best testing accuracy, but its performance results were inconsistent as its training
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accuracy is lower than its testing accuracy. For the Hepatitis problem, the training

and testing accuracies of TMM-SNN are 4% and 3% better than that of SpikeProp,

respectively. The reported accuracy is achieved by SpikeProp in 1000 epochs, whereas

the TMM-SNN requires only 192 epochs.

For multiclass classification problems, the performance of TMM-SNN is similar to the

performance of SpikeProp. In comparison to SWAT and SRESN, the training accuracy

of TMM-SNN is 4% better and the testing accuracy is 6% and 3% better, respectively.

With regards to the number of epochs, TMM-SNN requires much lesser epochs to achieve

convergence in comparison to the other algorithms used for comparison. Further, TMM-

SNN achieves a much compact network architecture in comparison to the other algorithms

used for comparison.

Statistical analysis of performance comparison: The results of performance

evaluation of the learning algorithms SpikeProp, SWAT, SRESN and TMM-SNN are

also been compared using the one-way analysis of variance (ANOVA) test [22] followed

by a pairwise comparison using the Fisher’s least significant difference method [23]. The

one-way ANOVA test was conducted with the null hypothesis that the performance of the

different learning algorithms do not differ significantly from one another. If the p-value

for the computed statistic is lesser than 0.05 than the null hypothesis is rejected within a

95% confidence interval. The ANOVA test is conducted using the mean testing accuracies

on the ten data sets described above. A p-value of 3e-6 is obtained which implies that

the null hypothesis can be rejected within a 95% confidence interval. This shows that not

all the algorithms perform equally. For further analysis, a pairwise test was conducted

using the Fisher’s Least Significant Difference (LSD) method. Using the LSD method,

the p-values obtained for the pairwise comparisons of TMM-SNN with SpikeProp, SWAT

and SRESN are 0.0248, 1e-5 and 1e-6, respectively. Since, all the p-values are lesser than

0.05, TMM-SNN performs better than the other algorithm used for comparison within a

95% confidence interval.

These observations clearly highlight that the margin based approach for updating the

network parameters helps TMM-SNN achieve a better or similar generalization perfor-

mance in comparison to existing learning algorithms for spiking neural networks using a

compact network structure. The margin based approach in TMM-SNN has been specif-
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ically developed to handle pattern classification problems. Most of the other existing

learning algorithms for SNNs update the synaptic weights based on the difference be-

tween the actual and the desired output spike pattern. This approach does not take into

account the overlap between classes while updating the synaptic weights. To overcome

this problem TMM-SNN updates the synaptic weights to maximize the interclass mar-

gin. Further, the use of activation based coding to initialize the weights of the hidden

layer neurons during the structure learning stage helps TMM-SNN converge faster in

comparison to other existing learning algorithms for SNNs.

4.3.2 Performance Comparison with Evolving Spiking Neural

Network

In this section, the performance of the TMM-SNN is compared with the performance

of the evolving Spiking Neural Network (eSNN) [11] for five benchmark data sets from

the UCI machine learning repository [21]. For this purpose, the number of training and

testing samples used for evaluating the TMM-SNN are same as those used for evaluating

eSNN in [61]. The details of the data sets used for comparison has been provided in

Table 4.5. The results for TMM-SNN have been generated using five random trials

but for eSNN, the number of trials have not been reported in the paper. The mean and

standard deviation for the performance of TMM-SNN for ten random trials have also been

reported. The results for eSNN have been reproduced from [61]. The results of TMM-

SNN have been generated using the same population coding parameters as described in

the previous section.

Table 4.5: Description of the benchmark data set used for the comparison between eSNN
and TMM-SNN

Data set # Features # Classes # Samples
Training Testing

Breast cancer (BC) 9 2 455 228
Iris 4 3 90 60

Liver 6 2 230 115
PIMA 9 2 512 256

Ionosphere (Ion) 34 2 234 117
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Table 4.6: Performance comparison of TMM-SNN and eSNN

Data eSNN TMM-SNN
set Training Testing # Neurons Training Testing #

Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%) Neurons
BC 99.6 98.7 280 97.5(0.4) 97.8(1.0) 3-6
Iris 100 95 84 98.5(0.9) 98.0(0.7) 4-6

Liver 86.5 59.1 215 74.4(2.5) 67.7(0.9) 7-9
PIMA 81 61.7 265 80.9(1.1) 78.6(1.3) 12-13
ION 81.6 74.4 213 98.6(0.4) 93.2(1.2) 20

Table 4.6 shows the results of performance comparison between eSNN and TMM-

SNN. The table shows the mean training/testing accuracy and standard deviation of the

performance of TMM-SNN for five random trials. The table also shows the number of

neurons used by each learning algorithm.

It can be observed from the table that for simple binary classification problems like

BC, TMM-SNN performs almost at par with eSNN. For simple multiclass problems like

Iris, TMM-SNN performs 3% better than eSNN. For difficult problems like Liver, PIMA

and Ionosphere, TMM-SNN performs 8-19% better than eSNN. For all the data sets,

TMM-SNN employs a very compact network architecture in comparison to eSNN.

The results of performance comparison clearly highlight that TMM-SNN performs

significantly better than eSNN for all the data sets used in comparison. The improvement

in performance can be attributed to the margin maximization based learning approach

employed by TMM-SNN.

4.3.3 Performance Comparison with Accurate Synaptic-Efficiency

Adjustment

In this section, the performance of the TMM-SNN is compared with the performance

of the Accurate Synaptic-efficiency Adjustment (ASA) [24] method for five benchmark

data sets from the UCI machine learning repository [21]. For this purpose, the number of

training and testing samples used for evaluating the TMM-SNN are same as those used

for evaluating ASA in [24]. The details of the data sets used for comparison has been

provided in Table 4.7. The results for both ASA and TMM-SNN have been generated

using ten random trials. The mean and standard deviation of overall accuracy for the
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Table 4.7: Description of the benchmark data set used for the comparison between ASA
and TMM-SNN

Data set # Features # Classes # Samples
Training Testing

Breast cancer (BC) 9 2 614 69
Liver 6 2 310 35
PIMA 9 2 691 77

Iris 4 3 135 15
Glass identification (GI) 9 6 192 22

ten random trials is reported. The results for ASA have been reproduced from [24]. The

results of TMM-SNN have been generated using the same population coding parameters

as used for evaluating ASA in [24]. The number of receptive fields is fixed at 12 and the

overlap constant is set to 1.5.

Table 4.8 shows the results of performance comparison between ASA and TMM-SNN.

The table shows the mean training and testing accuracy and the mean number of epochs

required for convergence for the ten random trials of the two learning algorithms, ASA

and TMM-SNN.

For the simple binary classification problem of breast cancer, TMM-SNN performs 3%

better than ASA. TMM-SNN requires 111 epochs for convergence whereas ASA requires

only 2 epochs. For difficult binary classification problems of Liver and PIMA, the perfor-

mance of TMM-SNN is 4-11% better than ASA. TMM-SNN requires 508 and 434 epochs

to achieve the reported accuracy for the Liver and PIMA problems respectively. ASA

achieves the reported accuracy using 3 and 2 epochs for the Liver and PIMA problem

respectively.

Table 4.8: Performance comparison of TMM-SN and ASA

Data ASA TMM-SNN
set Training Testing # Epochs Training Testing # Epochs

Accuracy (%) Accuracy (%) Accuracy (%) Accuracy (%)
BC 96 95 2 97.9(0.2) 98.1(1.7) 111

Liver 76 60 3 80.6(3.8) 71.7(4.3) 508
PIMA 77 72 2 82.2(1.5) 76.1(3.9) 434

Iris 96 95 2 98.3(0.5) 99.3(2.0) 97
GI 85 76 - 87.5(3.0) 80.5(2.9) 480
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The results for ASA and TMM-SNN have also been compared using the multi-class

problems of Iris flower classification and Glass identification. For the simple Iris problem

TMM-SNN performs 4% better than ASA. With regards to the number of epochs, ASA

and TMM-SNN require 2 and 97 epochs, respectively for the Iris problem. For the difficult

Glass problem, the performance of TMM-SNN is 4% better than ASA and it requires 480

epochs for convergence. The number of epochs required by ASA has not been reported

in [24].

The results of performance comparison clearly highlight that the TMM-SNN can

closely approximate the relationship between the input spike patterns and the correspond-

ing class labels. Further, the maximization of the interclass margin helps TMM-SNN in

achieving better generalization performance in comparison to ASA.

4.4 Summary

In this chapter, a Two stage Margin Maximization Spiking Neural Network (TMM-SNN)

has been presented. TMM employs a three layered SNN. The learning algorithm for

TMM-SNN employs a two stage learning algorithm to evolve the network architecture

and estimate the network parameters. In the first stage (structure learning stage), the

learning algorithm evolves the hidden layer neurons and estimates the synaptic weights

and thresholds for the hidden layer neurons. In this stage, the learning algorithm uses two

different strategies, viz. ‘neuron addition strategy’ and the ‘margin maximization strategy

for structure learning’. The ‘neuron addition strategy’ is used by the learning algorithm

to evolve the hidden layer completely in a single epoch. The weights for the hidden layer

neurons are initialized using the new activation based coding scheme, developed in this

thesis. The ‘margin maximization strategy for structure learning’ is used by the learning

algorithm for multiple epochs to maximize the separation between the spike times of

interclass neurons in the hidden layer. After the structure learning stage, the synaptic

weights and thresholds for the hidden layer neurons are kept fixed. In the second stage,

the learning algorithm estimates the synaptic weights for the output layer neurons. The

learning algorithm uses the ‘margin maximization strategy for output weights learning’

for multiple epochs to maximize the separation between the spike times of the interclass
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neurons in the output layer.

The performance of the learning algorithm is evaluated on a set of benchmark data

sets from the UCI machine learning repository and is compared with the performance of

other existing learning algorithms for spiking neural networks. The results of performance

evaluation clearly indicate that TMM-SNN can achieve better performance using a com-

pact network. Also, TMM-SNN requires fewer epochs in comparison to other algorithms

except eSNN and ASA. Thus, TMM-SNN is able to closely approximate the relation-

ship between the input spike patterns and the corresponding class labels. But the margin

based learning approach of TMM-SNN makes it more suitable for classification problems.

It may not be able to achieve superior performance for other problems like regression,

etc. Further, the learning algorithm utilizes only the locally available information for

updating the synaptic weights of the neurons in the network. This renders the learning

algorithm unsuitable for learning in an online framework. To overcome these limitations,

a meta-neuron based learning rule for a spiking neural network with a meta-neuron is

developed in the next chapter.

89



Chapter 4. TMM-SNN

90



Chapter 5

An Online Meta-neuron based

Learning Algorithm

In the previous chapter, a Two stage Margin Maximization Spiking Neural Network

(TMM-SNN) was developed. The learning algorithm for TMM-SNN utilized locally avail-

able information to initialize and update the weights of neurons in the network. But, the

local learning strategies in TMM-SNN render it unsuitable for learning in an online learn-

ing framework. To learn effectively in an online framework, a learning algorithm needs to

consider the global knowledge stored in the network while updating the network param-

eters. Thus, there is need to develop a heterosynaptic plasticity mechanism for spiking

neural networks; that is capable of updating the network parameters in an online manner.

It has been shown in recent neuroscience literature that the astrocyte cells in the brain

are capable of exhibiting a heterosynaptic plasticity mechanism to update the synaptic

weights of a neuron in the brain [86]. The astrocyte cells are capable of connecting to

a large number of synapses simultaneously [87, 88], which allows them to intercept and

modulate the activity on these synapses. Such a heterosynaptic plasticity mechanism

realized by astrocytes enables them to take into account the global information present

in the network while updating the weights of a given synapse.

Inspired by the heterosynaptic plasticity mechanism exhibited by astrocytes, the con-

cept of meta-neuron is developed in this chapter. The meta-neuron has access to the

global knowledge stored in the network and the local information present in the input

spike patterns. Based on the local and global information available to the meta-neuron, it
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estimates the weight sensitivity modulation factor for the synaptic connections between

the input and output neurons. Using the weight sensitivity modulation factor for a given

synapse and the postsynaptic potential, the meta-neuron based learning rule adjusts the

synaptic weights in the network to produce precise shifts in the spike times of the post-

synaptic neurons. The ability of the meta-neuron based learning rule to produce precise

shifts in the spike times of the postsynaptic neurons renders it suitable for learning in an

online manner. To demonstrate this capability of the meta-neuron based learning rule,

an online meta-neuron based learning algorithm has been developed for pattern classifi-

cation problems. The Online Meta-neuron based Learning Algorithm (OMLA) employs

three different heuristic learning strategies to evolve and update the network parameters.

Depending on the information present in the current input spike pattern and the knowl-

edge stored in the network, OMLA chooses to either add a neuron or delete the spike

pattern or update the network parameters.

The performance of the OMLA has been evaluated on a set of benchmark problems

from the UCI machine learning repository [21]. The results of performance evaluation of

OMLA have been compared with existing online learning algorithms for spiking neural

networks. The results of performance evaluation have been compared using the ANOVA

statistical test and it can be clearly seen that OMLA achieves better performance in

comparison to the existing online learning algorithms for spiking neural networks. For

the sake of completeness, the performance of OMLA has also been compared with the

performance of existing batch learning algorithms for spiking neural networks. It can be

clearly observed from the results of performance evaluation that OMLA achieves better

performance than existing batch learning algorithms for spiking neural networks. Also,

OMLA requires a single epoch for achieving the reported results whereas other batch

learning algorithms require multiple epochs for convergence. Next, the meta-neuron

based learning rule will be described followed by a detailed description of the online

meta-neuron based learning algorithm.
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5.1 Spiking Neural Network with a Meta-neuron

In this section, the meta-neuron based learning rule is developed for updating the synaptic

weights of a two layered spiking neural network with a meta-neuron. The concept of meta-

neuron is inspired by the heterosynaptic plasticity induced by astrocyte cells in biological

neural networks [86, 89, 90]. It has been shown in literature, that astrocyte cells can be

simultaneously connected to multiple synapses [87, 88] which allows them to intercept

the activities on the connected synapses and modulate the plasticity of these synapses.

Such a heterosynaptic plasticity mechanism is a good candidate for utilization of global

information stored in the network while updating the synaptic weights in the network.

Output
layer

Meta-neuron

Input
layer

Figure 5.1: Architecture of a two layered spiking neural network with a meta-neuron.
The input and output layer consists of m and n spiking neurons, respectively. The
network is fully connected between the input and output layer. Further, the input layer
neurons are also connected to the meta-neuron, which provides the meta-neuron access
to the local information present in the input spike train on a particular synapse. The
meta-neuron also has access to the global information (synaptic weights) stored in the
network, represented by the oblique arrow from the meta-neuron across the network.

Inspired by this behavior of astrocytes, in this thesis, we develop a meta-neuron

based learning rule for a spiking neural network with the meta-neuron. Figure 5.1 shows

the architecture of the two layered spiking neural network with the meta-neuron. The
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network is presented with spike patterns at intervals of time T , where T is termed as

the simulation interval for a single spike pattern. For a given m-dimensional input spike

pattern x = [x1, · · · , xi, · · · , xm]T , y = [y1, · · · , yj, · · · , yn]T is the desired n-dimensional

output spike pattern and ŷ = [ŷ1, · · · , ŷj, · · · , ŷn]T is the actual spike pattern generated by

the network. Here, xi = {t(1)i , · · · , t(g)i , · · · , t(Gi)i } is a spike pattern with Gi spikes, where

t
(g)
i ∈ [0, T ] represents the gth spike generated by the ith input neuron. Similarly, yj =

{t(1)j , · · · , t(g)j , · · · , t(Gj)j } and ŷj = {t̂(1)j , · · · , t̂(g)j , · · · , t̂(Gj)j } are spike patterns with Gj

spikes. The network is fully connected and the weight of the synapse between the ith input

neuron and the jth output neuron is represented by wij. Further, all the input neurons are

also connected to the meta-neuron through synapses with weights z = [z1, · · · , zi, · · · , zm].

Also, the meta-neuron has access to the weights of the output neurons (shown by the

oblique arrow in the figure).

The meta-neuron is a typical spiking neuron having access to the local information in

the spike pattern generated by a given input neuron and the global information stored in

the network (synaptic weights of output neurons). It uses this information to compute

its weights (z) while updating the weights of a given output neuron and determines the

weight sensitivity modulation factor for each synapse of that output neuron. The meta-

neuron based learning rule uses the weight sensitivity modulation factor and the required

change in the postsynaptic potential of a given output neuron to produce precise shifts

in its spike times by updating its synaptic weights.

The objective of the learning rule is to closely capture the functional relationship

between the input spike patterns and the desired output spike patterns. For this purpose,

the learning rule is used to update the synaptic weights for each postsynaptic spike

individually. For the sake of brevity, the following discussion describes the learning rule

for the gth spike generated by the jth output neuron. The error (e
(g)
j ) in the spike time

of the gth spike generated by the jth neuron is given as

e
(g)
j = t̂

(g)
j − t

(g)
j (5.1)

It may be noted that, during training, the number of desired and actual spikes generated

by the output neurons may not be equal. In case the number of actual spikes generated

by the jth output neuron is less than Gj, then the actual spike times for the missing
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spikes are set to T + δ. Here, δ is a small positive number and a spike time of (T + δ)

implies an absence of spike in the simulation interval. When the number of actual spikes

generated by the jth output neuron is greater than Gj, then the desired spike times for

the extra spikes are set to T + δ.

In order to minimize the differences between the actual and desired spike times, the

synaptic weights of the jth output neuron are updated such that its actual spike times

are shifted in the direction of the corresponding desired spike times. Suppose, t̄
(g)
j is the

spike time for the gth spike generated by the jth neuron after updating its weights, then

t̄
(g)
j is given as

t̄
(g)
j = t̂

(g)
j − η(e

(g)
j ), j ∈ {1, · · · , n} (5.2)

where η ∈ (0, 1] is the learning rate and is set close to zero to avoid oscillations in the

learning process.

By the definition of a spiking neuron, the response of the output neurons is a function

of the Postsynaptic Potential (PSP) induced by the input neurons. The PSP (vi) induced

by the ith input neuron at time t is represented as

vi(t) =
∑
g

ε(t− t(g)i ) (5.3)

where ε(t− t(g)i ) is the PSP induced by a spike on a synapse with unity weight due to a

generic neuron model. For example, the value of ε(s) is given by the function s/τ ∗ e1−s/τ

for the spike response function [17], where τ is the time constant for the neuron. From

Equation (5.3), the PSP of the jth output neuron (vj) at time t can be mathematically

expressed as

vj(t) =
∑
i

wijv
i(t) (5.4)

When the PSP of the jth output neuron exceeds its threshold (θj), it generates a spike

and its PSP is reset to zero.

To ensure that the jth output neuron spikes at t̄
(g)
j (Equation (5.2)), its weights should

be updated such that the change in its PSP (∆v
(g)
j ) between the PSP at the actual time
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of the spike (t̂
(g)
j ) and at the updated time of the spike (t̄

(g)
j ) is given by

∆v
(g)
j = θj − vj(t̄(g)j ) (5.5)

∆v
(g)
j represents the required change in PSP of the jth output neuron to guarantee that it

spikes at t̄
(g)
j for the current sample (x). Suppose, ∆wj = [∆w1j, · · · ,∆wij, · · · ,∆wmj]

represents the change in weights of the jth output neuron to ensure that it spikes at t̄
(g)
j .

Then, the PSP of the jth output neuron at t̄
(g)
j , due to the changed weights must be equal

to ∆v
(g)
j , which can be equivalently written as

∑
i

∑
g

∆wijε(t̄
(g)
j − t

(g)
i ) = ∆v

(g)
j (5.6)

It may be noted that ∆v
(g)
j will be positive when t̄

(g)
j < t̂

(g)
j and it will be negative when

t̄
(g)
j > t̂

(g)
j assuming the slope of PSP for the jth neuron with respect to time is positive

at all times between t̂
(g)
j and t̄

(g)
j . From Equation (5.6), the change in PSP (∆v

(g)
ij ) of the

jth output neuron at t̄
(g)
j due to the ith input feature is given by

∆v
(g)
ij =

∑
g

∆wijε(t̄
(g)
j − t

(g)
i ) (5.7)

The proportion of ∆v
(g)
j contributed by the ith input neuron (∆v

(g)
ij ) is calculated based

on the weight sensitivity modulation factor for the synapse between the ith input neuron

and the jth output neuron. The weight sensitivity modulation factor for a given synapse

is determined by the meta-neuron such that the change in weight accurately captures the

relationship between the input spike patterns and the desired output spike patterns. Next,

the procedure used by the meta-neuron to determine the weight sensitivity modulation

factor for a given synapse is described.

In the neuroscience literature, it has been shown that astrocytes selectively regulate

the synaptic plasticity. Similarly, the meta-neuron based learning rule selectively updates

the weights of the synapses connected to the postsynaptic neuron. For this purpose, the

meta-neuron compares the existing knowledge stored in the network with respect to the

knowledge in the current input spike pattern. The knowledge present in the current input
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spike pattern is represented by the normalized PSP (ui) induced by the ith input neuron

at t̄
(g)
j , given as

ui(t̄
(g)
j ) =

vi(t̄
(g)
j )∑

i v
i(t̄

(g)
j )

(5.8)

The meta-neuron selects only those synapses for updating whose weights are lower than

the normalized PSP for the current input spike pattern. This selective approach to modu-

lating synaptic plasticity prevents a continuous increase in the weights of the potentiated

synapses that is induced by STDP [9]. To compute the appropriate weight sensitivity

modulation factor for a given synapse, the meta-neuron weights are initialized as

zi =

 ui(t̄
(g)
j )− wij if ui(t̄

(g)
j ) > wij

0 otherwise
i = 1, · · · ,m (5.9)

From Equation (5.9), one may notice that the meta-neuron weights are initialized to zero

for a synapse when the normalized PSP of the corresponding input neuron for the current

sample (x) at (t̄
(g)
j ) is lower than its existing weight. The input neurons whose weights

are initialized to zero will have a weight sensitivity modulation factor of zero and, hence,

their weights are not updated for the current input sample.

After the initialization of meta-neuron weights using the Equation (5.9), the contri-

bution of the ith input neuron to the meta-neuron PSP (V i) at t̄
(g)
j is given as

V i(t̄
(g)
j ) =

∑
g

ziε(t̄
(g)
j − t

(g)
i ) (5.10)

From Equation (5.10), the total PSP (V ) of the meta-neuron at t̄
(g)
j is given by

V (t̄
(g)
j ) =

∑
i

V i(t̄
(g)
j ) (5.11)

From Equation (5.10) and (5.11), the meta-neuron estimates the weight sensitivity mod-

ulation factor (Mij) for the ith synapse of the jth output neuron as

Mij =

∑
g ziε(t̄

(g)
j − t

(g)
i )∑

i

∑
g ziε(t̄

(g)
j − t

(g)
i )

(5.12)
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which can be equivalently written as

Mij =
V i(t̄

(g)
j )

V (t̄
(g)
j )

, i ∈ {1, · · · ,m} (5.13)

It may be observed from Equation (5.12) that Mij will always lie in the interval [0, 1]

and
∑

iMij = 1. When it is equal to one for a given synapse of the jth neuron, then

the weight sensitivity modulation factor for all the other synapses of the jth neuron will

be equal to zero. This implies that the required change in PSP of the jth output neuron

(∆v
(g)
j ) will be totally contributed by the synapse having a weight sensitivity modulation

factor of unity. Thus, there will be no change in the weights of the other synapses having

a weight sensitivity modulation factor of zero.

The weights of each synapse are updated based on the weight sensitivity modulation

factor and the required change in the PSP of the jth neuron. The required change in

PSP of the jth output neuron due to the ith input neuron (∆v
(g)
ij ) is determined using the

weight sensitivity modulation factor as

∆v
(g)
ij = Mij∆v

(g)
j , i ∈ {1, · · · ,m} (5.14)

The overall change in PSP of the jth output neuron should be equal to ∆v
(g)
j to ensure

that it spikes at t̄
(g)
j . Therefore, the weights of the jth output neuron should be adjusted

such that the actual change in PSP (given by Equation (5.7)) should be equal to the

change in PSP determined based on the weight sensitivity modulation factor (given by

Equation (5.14)) which is equivalently written as

∑
g

∆wijε(t̄
(g)
j − t

(g)
i ) = Mij∆v

(g)
j , i ∈ {1, · · · ,m} (5.15)

The Equation (5.15) represents the condition that must be satisfied such that the jth

neuron spikes precisely at t̄
(g)
j . This determines the necessary changes in the weights of

the synapses between the ith input feature and the jth output neurons as

∆wij = Mij

∆v
(g)
j∑

g ε(t̄
(g)
j − t

(g)
i )

, i ∈ {1, · · · ,m} (5.16)
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The meta-neuron based learning rule, given by Equation (5.16) is used to update the

synaptic weights for each spike generated by the jth output neuron to ensure that it

learns to spike closer to the desired spike times. The meta-neuron based learning rule in

Equation (5.16) is similar to the learning rule for self-organizing maps [91]. The ability of

the learning rule to produce precise shifts in the spike times of the output neurons makes

it an effective update mechanism in an online learning framework. To demonstrate this

capability of the learning rule, an online meta-neuron based learning algorithm for pattern

classification problems is presented in the next section.

5.2 Online Meta-neuron Based Learning Algorithm

for Pattern Classification Problems

In this section, an online meta-neuron based learning algorithm for a two layered spiking

neural network for pattern classification problems is developed. The aim of the learning

algorithm is to closely approximate the relationship between the input spike patterns

and the corresponding class labels in a single presentation of the training samples. The

predicted class for a given sample is determined based on the class association of that

output neuron which spikes first (output neuron having a minimum latency). As a result,

there is a need to encode the true class label in the form of a spike pattern. Since latency

of the neuron is used to determine the class label, the learning algorithm trains the

network to generate the first spike for a given sample at the target firing time. The

target firing time for a neuron belonging to the true class is set to a fixed time instant in

the simulation interval, denoted by TID. For other class neurons, the target firing time

is set to T + δ, which implies that other class neurons should not generate a spike within

the simulation interval.

The Online Meta-neuron based Learning Algorithm (OMLA) utilizes the meta-neuron

based learning rule to learn and evolve the network in an online framework. It chooses

one of the three different heuristic strategies, namely, add a neuron, delete the sample

or update the network parameters for learning a given input sample. The right learning

strategy is chosen based on the spike pattern generated by the output neurons. This

approach has been previously used in the self-regulating evolving spiking neural [82]
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classifier working in a batch learning environment. Here, OMLA uses similar heuristics

to learn each sample in one-shot using the meta-neuron based learning rule.

The learning algorithm stores those training samples in meta-neuron memory that

are used to add a neuron by the learning algorithm. The stored samples act as pseudo-

inputs that represent the knowledge stored in the network. While adding a neuron for a

subsequent sample, these pseudo-inputs are used by the learning algorithm for a better

approximation of the past knowledge in the network.

Without loss of generality, it is assumed that the network has K output neurons,

which were added while learning the spike patterns x1, · · · ,xh, · · · ,xK . At this juncture,

the meta-neuron’s memory will contain these samples that have been used to add the K

neurons. Next, the current sample x from class c is presented to the network for learning.

The following discussion represents the spike time of the output neuron having minimum

latency from class c as tCC (CC implies correct class). Similarly, tMC represents the spike

time of the output neuron with minimum latency from any other class. Suppose cj is the

class associated with the jth output neuron, then the neurons CC and MC are given as

CC = argmin
j,cj=c

tj (5.17)

MC = argmin
j,cj 6=c

tj (5.18)

It may be noted that the time of first spike generated by the output neuron is represented

as tj (instead of t
(1)
j ) as the learning algorithm uses only the first spike for learning and

prediction. Next, the different learning strategies employed by the learning algorithm are

given in detail.

• Neuron addition strategy: In this strategy, the learning algorithm chooses to

add a neuron to the output layer when the current sample contains a significant

amount of new knowledge. A sample is considered to contain a significant amount

of new knowledge when the time interval between TID and tCC is very high (TID <<

tCC). A fixed time instant, Tn ∈ [TID, T ], is used as a threshold for tCC to identify
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the samples for neuron addition. Thus, the criteria for neuron addition is given as,

If tCC > Tn

Then a neuron is added to the network (5.19)

where Tn is given by

Tn = αnT + (1− αn)TID (5.20)

Here, αn is termed as novelty threshold and is always set to a value in the interval

[0, 1]. If its value is set closer to zero, the learning algorithm adds a neuron to

the network for each training sample resulting in overfitting. If it is set closer to

one, the learning algorithm adds too few neurons to the network, resulting in an

imprecise model of the data. It should be set to a value closer to one, to ensure

proper generalization of the trained network on unseen samples. A suitable range

for initializing αn is [0.7, 1].

The weights of the synapse between the ith input neuron and the newly added

neuron are initialized according to the normalized PSP (computed from Equation

(5.8)) induced by the ith input neuron at TID. Hence, the weights (w(K+1) =

[w1(K+1), · · · , wi(K+1), · · · , wm(K+1)]) of a newly added neuron are given as

wi(K+1) = ui(TID) (5.21)

The threshold (θ(K+1)) for the neuron is initialized as

θ(K+1) =
∑
i

∑
g

wi(K+1)ε(TID − t(g)i ) (5.22)

The initialization of neuron weights and threshold in this manner does not take

into account the past knowledge stored in the network. In order to capture the past

knowledge while adding a neuron, the samples used to evolve the network (samples

stored in meta-neuron memory) are used as pseudo-inputs representing the past

knowledge in the network. If the newly added neuron fires closer to TID for the

pseudo-inputs from other classes, then its weights are updated such that it fires late
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for other class samples.

Suppose t
[h]
K+1 is the time of the first spike generated by the (K+1)th neuron for the

hth sample in the meta-neuron memory. To ensure that the newly added neuron

does not fire sooner for samples from class ch, t
[h]
K+1 should be much higher than

t
[h]
h . To identify the pseudo-inputs used for updating the weights of the (K + 1)th

neuron, a fixed time duration, Tm is used as a threshold for the time difference

between t
[h]
K+1 and thh. Hence, the criterion for updating the weights of the newly

added neuron due to the hth sample in the meta-neuron memory is given by

If t
[h]
K+1 − t

[h]
h < Tm, h ∈ {1, · · · , K}, ch 6= cK+1

Then adjust the weights of the (K + 1)th neuron (5.23)

where Tm is given by

Tm = αm(T − TID) (5.24)

Here, αm is termed as the margin threshold. The intent of the margin threshold

(αm) is similar to the problem of margin maximization for SVM [84]. It is always

initialized to a value in the interval [0, 1]. If it is set closer to zero, the network

will not generalize well due to smaller interclass margin. If it is set closer to one,

then the network may loose knowledge gained from past samples. The experimental

analyses showed that the performance of the learning algorithm is acceptable when

αm is set in the interval [0, 0.3]. The value of αm is set to 0.3 for all simulations

described in this work.

The weights of the newly added neuron are updated using the meta-neuron based

learning rule and its new spike time for the hth sample after the weight update is

given as

t̄
[h]
K+1 = t

[h]
h + Tm (5.25)

• Delete sample strategy: The current sample is deleted when the tCC is very close

to TID and tMC is much larger than tCC . When tCC is close to TID, it indicates

that the current sample does not contain a significant amount of new knowledge.

Further, a considerable time difference between tCC and tMC implies that the current
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sample is well separated from the other class samples. To determine those samples

that can be deleted from the learning process, a fixed time instant, Td ∈ [TID, T ],

is used as a threshold for tCC . This strategy prevents the network from learning

similar samples repeatedly, thereby preventing overtraining and also reduces the

computational requirements of the learning algorithm. The criteria for this strategy

is given as:

If tCC ≤ Td & (tMC − tCC) ≥ Tm

Then the current input sample is deleted (5.26)

where Td is given as

Td = αdT + (1− αd)TID (5.27)

Here, αd is termed as the delete threshold and is used to determine the samples

that can be discarded from the learning process. It is always set to a value in the

interval [0, 1]. If it is set closer to zero, it will result in all samples being learnt by

the learning algorithm which will lead to a lower generalization performance. If it

is set closer to one, it will result in the deletion of too many samples resulting in the

generation of an imprecise model of data. Based on the simulation studies, it was

observed that, a suitable range for αd is [0, 0.25]. The performance of the learning

algorithm is satisfactory when αd is set in this interval. Its values is fixed at 0.25

for all the simulations presented in this work.

• Parameter update strategy: The learning algorithm chooses to update the

synaptic weights of existing neurons when the criterion for none of the above strate-

gies of neuron addition or delete sample is satisfied. The aim of this strategy is to

update the synaptic weights such that tCC is close to TID and there exists a high

time difference between tCC and tMC , for all the samples. The weights of the neuron

CC are updated to ensure that the correct class neuron fires close to TID. Further,

the learning algorithm also updates the weights of the neuron MC to ensure a

higher time difference exists between tCC and tMC .

The weights of the neuron CC are updated using the meta-neuron based learning
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rule and the spike time (t̄CC) of the neuron CC after the weight update is given as

t̄CC = tCC − αstCC (5.28)

where αs is termed as the learning rate and is always initialized to a value in the

interval [0, 1]. A high value of the learning rate causes oscillations in the learning

process. Hence, a suitable range for initializing αs is [0, 0.1].

To improve the margin between tCC and tMC , the weights of the neuron MC are

updated using the meta-neuron based learning rule when (tMC − t̄CC) < Tm. The

spike time for the neuron MC after the weight update is given by

t̄MC = t̄CC + Tm (5.29)

The utilization of global as well as local information by the meta-neuron enables the

learning algorithm to estimate the changes in weights such that the relationship between

the input spike patterns and the corresponding class labels is closely approximated in a

single presentation. Using a meta-neuron with memory for storing samples used to evolve

the network allows the learning algorithm to approximate the past knowledge properly

while adding a neuron.

Algorithm 2 Pseudocode for Online Meta-neuron based Learning Algorithm

1: for each training sample do
2: tCC ← spike time of same class neuron with minimum latency
3: tMC ← spike time of differnt class neuron with minimum latency
4: if tCC > Tn then
5: Add a neuron
6: else if (tCC ≤ Td) & (tMC − tCC) ≥ Tm then
7: Delete the sample
8: else
9: Update the CC neuron

10: if (tMC − t̄CC) < Tm then
11: Update the MC neuron
12: end if
13: end if
14: end for
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A summary of the online meta-neuron based learning algorithm in a pseudocode

format is given in the Algorithm 2. Next, the working of the OMLA is illustrated using

the Ionosphere problem from the UCI machine learning repository. Based on this study,

guidelines are also provided for appropriately setting the algorithm parameters, addition

threshold and learning rate.

5.3 Working of OMLA Using the Ionosphere Prob-

lem

In this section, the working of the learning algorithm is described using the Ionosphere

problem from the UCI machine learning repository. The Ionosphere problem is also

used to describe the effect of the different algorithm parameters on the performance of

the learning algorithm, based on which suitable guidelines are suggested for setting the

parameters to appropriate values.

The Ionosphere problem contains radar information collected from 16 high frequency

receivers. The data set has in total 34 attributes and the problem is to determine whether

the received signal conveys any information about the structure of the Ionosphere. It has

a total of 351 samples, out of which 175 are used for training and the rest for testing.

The learning algorithm has four main parameters, namely, a novelty threshold (αn), a

margin threshold (αm), a delete threshold (αd) and the learning rate (αs). As described

earlier, the two parameters, viz. the margin threshold and the delete threshold values

are fixed at 0.3 and 0.25 respectively. For initializing the novelty threshold and learning

rate, the suitable ranges have been indicated earlier as [0.7, 1] and [0, 0.1] respectively.

For example, when the novelty threshold and the learning rate are initialized to 0.73 and

0.09 respectively, the average training accuracy is 93.2% and the average testing accuracy

is 93% for the Ionosphere problem. Out of the 175 samples, the learning algorithm used

only 136 samples for learning and added 25 neurons to the network. Figure 5.2 shows the

neuron growth history for the Ionosphere problem. The learning algorithm adds the last

neuron for the 92nd training sample and chooses only to update the network parameters

or delete the sample from the learning process for the subsequent training samples. Next,

the effects of the ‘delete sample strategy’ and the meta-neuron memory on the learning
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Figure 5.2: Neuron growth history of the learning algorithm for the Ionosphere problem

algorithm are described. Also, the impact of the algorithm parameters, viz. the novelty

threshold and the learning rate on the performance of the learning algorithm is illustrated.

Effects of the delete sample strategy: Similar to the observed behavior in [92],

it was observed that the learning algorithm achieves higher generalization accuracy when

similar samples are deleted. For the Ionosphere problem, training and testing accuracy

of 93.2% and 93% are obtained when the learning algorithm is trained with the ‘delete

sample strategy’. The learning algorithm deleted 39 samples from the training set of

175 samples (22% is deleted). When the learning algorithm was trained without the

‘delete sample strategy’ all the samples were used in training. In this case a training

and testing accuracy of 93.8% and 84.6%, respectively are obtained. This clearly shows

that the ‘delete sample strategy’ helps in improving the generalization performance of

the learning algorithm.

Effect of meta-neuron memory: A similar study was conducted to analyze the

impact of meta-neuron memory on the performance of the learning algorithm. When

the learning algorithm is trained without the meta-neuron memory, the average training

and testing performance are 85.71% and 79.55% respectively, while with the memory

they are 93.2% and 93.0% respectively. This clearly highlights that, when the learning

algorithm is trained without meta-neuron memory its performance drops considerably for

the Ionosphere problem. In the absence of meta-neuron memory, the learning algorithm

has no information about past knowledge stored in the network. As a result, newly
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added neurons do not approximate the past knowledge effectively. This results in lower

performance in an online framework. The results clearly show that meta-neuron memory

plays a vital role in improving the performance of the learning algorithm.
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Figure 5.3: Effect of novlety threshold (αn) on the (a) training and testing accuracy, (b)
number of neurons required to approximate the decision function

Effect of novelty threshold: To illustrate the effect of the novelty threshold (αn)

on the learning algorithm, it was evaluated for values of αn in the range [0.5, 1]. Figure

5.3a shows both training and testing performance against αn. It can be seen from the

figure that there is a small change in the training performance whereas there is a change

of over 15% in testing performance as αn is varied over the interval [0.5, 1]. Figure 5.3b

shows the impact of αn on the number of neurons added by the learning algorithm to the

network. It is seen that a lower value of αn results in more neurons being added to the

network and vice-versa, thereby, showing that αn significantly impacts the generalization

performance and the number of neurons added by the learning algorithm. Hence, it has to

be chosen carefully. A suitable range for setting αn is [0.7, 1] to achieve good performance

using a compact network.

Effect of learning rate: In this experiment, the choice of learning rate (αs) in the

interval [0, 0.2] is studied. Figure 5.4a shows the impact of learning rate on both, the

training and testing performance. It is seen that there is small variation in the training

as well as testing performance when the learning rate is in the range [0, 0.1]. When αs is

increased beyond 0.1 both the training as well as testing performance start deteriorating.

This is because for a high value of αs the network looses knowledge gained from previous

samples. Figure 5.4b shows the variation in the number of neurons added by the learning
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Figure 5.4: Effect of learning rate (αs) on the (a) training and testing accuracy, (b)
number of neurons required to approximate the decision function

algorithm as αs is varied in the range [0, 0.2]. When αs is set to zero, it plays no role

in the learning process. In such a scenario, more neurons are required by the network

to ensure that the knowledge present in the samples is properly learnt by the network.

This is evident from the plot shown in Figure 5.4b. To summarize, αs affects both,

the generalization performance as well as the architecture of the trained neural network.

Based on these observations, it is recommended that αs be set in the range [0, 0.1] for

achieving good network performance.

Next, the performance of the learning algorithm is evaluated on benchmark problems

from the UCI machine learning repository and the results of evaluation are compared

with that of other spiking neural classifiers.

5.4 Performance Evaluation of the Online Meta-neuron

Based Learning Algorithm

In this section, the performance of OMLA is studied using ten benchmark data sets

from the UCI machine learning repository [21]. Table 5.1 highlights the details of the

data sets used for comparison. The table provides information about the number of

features, number of classes and number of training/testing samples for the data sets

used in comparison. The results of performance evaluation have been compared with

other existing online and batch learning algorithms for spiking neural networks. For
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Table 5.1: Description of the data sets used for evaluation

Data set # Features # Classes # Samples
Training Testing

Breast cancer 9 2 350 333
Echocardiogram 10 2 66 65

Mammogram 9 2 80 11
Liver 6 2 170 175
PIMA 9 2 384 384

Ionosphere 34 2 175 176
Hepatitis 19 2 78 77

Iris 4 3 75 75
Wine 13 3 60 118

Acoustic emission 5 4 62 137

online learning algorithms, a comparison was made with Online Spiking Neural Network

(OSNN) [81] and the SRESN classifier [82] in an online learning mode, referred as the

online version of the SRESN classifier. In online learning mode, the performance of the

SRESN classifier is evaluated by training the SRESN classifier for a single epoch using

a high learning rate of 0.1. The comparison with online learning algorithms is done for

five problems i.e. Iris flower classification, Wisconsin breast cancer, Liver, PIMA and

Ionosphere as the results for Online SNN are available only for these problems. With

regards to batch learning algorithm, a comparison was done with three batch learning

algorithms for SNNs, viz. SpikeProp [17], Synaptic Weight Association training (SWAT)

[10] and the Two stage Margin Maximization Spiking Neural Network (TMM-SNN).

For all the simulation studies reported in this section, the spiking neurons in the

output layer are modeled using the spike response function [17] and the time constant

for the neuron is fixed at 3 ms. The real valued data from the benchmark problems is

encoded into spike patterns using the population coding scheme [17]. As described in [82],

the overlap constant for the population coding has been fixed at 0.7 and six receptive

fields have been used for converting the real valued data into spike patterns. Using the

population coding, each receptive field generates a spike in the interval [0, 3] ms. Hence,

the simulation interval has been set slightly higher than the range of input spikes, at 3.2

ms, to ensure that all spikes generated by the output layer neurons are recorded.

The performance of all the algorithms was evaluated based on overall training and
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testing accuracy, which is equal to the percentage of total number of samples that are

correctly classified by the network. The average performance over ten random trials

is used for the purpose of comparison. All the experiments have been carried out in

Windows 7 in MATLAB 2014b using a CPU with 12 logical cores, 16 GB memory with

a speed of 3.2 GHz.

For every data set, ten random sets are generated using the same number of training

and testing samples (as suggested in [93]). The training and testing accuracy is computed

for all the sets and the mean along with the standard deviation for the experiments is

reported. The results for all the other algorithms have been generated by us except for

the OSNN whose results have been reproduced from [81]. As in the SpikeProp paper [17],

the results for SpikeProp are generated using 16 delays per receptive field, a learning rate

of 0.0075, coding interval of 4 milliseconds and a time constant of 7 milliseconds. The

number of neurons in the hidden layer for SpikeProp is determined using the constructive-

destructive procedure [85]. For SWAT, the important parameters are co and the maximum

height of the plasticity window (Ap). The other parameters pertaining to the neuron

model and frequency filtering are set as mentioned in the [10]. It has been highlighted in

[10] that, a suitable value of co depends on the number of epochs required for convergence.

We observed during the experiments that, SWAT converged within 500 epochs for all the

data sets evaluated in this thesis. Hence, co was set to 4000 as in [10]. The impact of

Table 5.2: Parameter values for novelty threshold (αn) and learning rate (αs) for bench-
mark data sets used for comparison

Data set Novelty Update
Threshold (αn) Factor (αs)

Breast cancer (BC) 0.96 0.06
Echocardiogram (ECHO) 0.77 0.06

Mammogram (MAM) 0.77 0.06
Liver 0.98 0.05
PIMA 0.80 0.04

Ionosphere (ION) 0.73 0.09
Hepatitis (HEP) 0.77 0.04

Iris 0.70 0.06
Wine 0.73 0.05

Acoustic emission (AE) 0.79 0.04
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Ap is similar to the effect of learning rate on other learning algorithms and has been set

in the interval [0.1, 0.5] in [10]. In this work, Ap is fixed at 0.1 to avoid oscillations in

the learning process. For OMLA, the parameter values for delete threshold and margin

threshold in OMLA are fixed at 0.25 and 0.3, respectively. The parameter values for the

novelty threshold (αn) and the learning rate (αs) for all the data sets, have been selected

using 10-fold cross validation and are given in the Table 5.2.

Table 5.3 shows the architecture and the results of the performance evaluation for the

online learning algorithms. The architectures of OMLA is shown in the format (m : K)

as it employs a two layered networks. The other algorithms employ a three layered

architectures, hence, the number of hidden neurons are also shown. For evolving learning

algorithms (OSNN, TMM-SNN and OMLA) the architecture shows the range of neurons

added by the learning algorithm for the ten random trials. It may be noted that the

number of input neurons in the architecture of the different learning algorithms is equal

to the product of the number of features and the number of receptive fields used for

population coding.

Table 5.3: Performance comparison of OMLA with OSNN and the Online SRESN

Data Benchmark
OMLA OSNN

Online
set criterion SRESN

Iris
Architecture 24:(5-7) 48:(7-21):3 24:(6-11)

Training 97.9(0.7) 87.2(4.1) 92.7(4.2)
Testing 97.9(0.7) 86.1(6.7) 93.0(5.7)

BC
Architecture 54:2 54:(10-16):2 54:(5-8)

Training 97.4(0.4) 91.1(2.0) 93.9(1.8)
Testing 97.8(0.4) 90.4(1.8) 94.0(2.6)

Liver
Architecture 36:(12-15) 36:(4-7):2 36:(5-8)

Training 69.9(2.3) 58.7(2.2) 59.8(1.2)
Testing 67.7(1.8) 56.7(1.8) 57.4(1.1)

PIMA
Architecture 54:20 54:(8-18):2 54:(6-12)

Training 78.6(1.7) 68.2(2.0) 67.0(0.8)
Testing 77.9(1.0) 63.5(3.0) 66.1(1.4)

ION
Architecture 204:(19-25) 204:(4-11):2 204:(6-13)

Training 94.0(1.7) 76.7(2.4) 85.1(1.9)
Testing 93.5(0.5) 76.6(4.8) 79.3(3.0)

It can be observed from the Table 5.3 that, OMLA performs significantly better than

the other online learning algorithms. For further discussion, the performance of OMLA

is compared only with the performance of Online SRESN as Online SRESN performs

better than OSNN. For simple problems like Iris flower classification and Wisconsin breast
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cancer the performance of OMLA is 3% to 4% better than the performance of Online

SRESN. For low dimensional problems with lower separability like Liver and PIMA,

OMLA performs 10-11% better than Online SRESN. For a high dimensional problem

like Ionosphere, OMLA performs 14% better than Online SRESN. Next, a statistical

analysis of the performance comparison is presented.

Statistical analysis of performance comparison: A one-way ANOVA test was

conducted to analyze the results of the performance comparison between OMLA and other

online learning algorithms. The statistical test was conducted with the null hypothesis

that the performance of the three algorithms do not differ significantly. If the p-value

for the computed F -statistic is lower than 0.05 (95% confidence interval) then the null

hypothesis is rejected. In this study, the mean testing accuracy of the three algorithms for

the five data sets represents three different groups and ANOVA monitors the variations

between the groups. An F -statistic of 31.87 was obtained for group-wise variation which

corresponds to a p-value of 0.0002. Hence, one can reject the null hypothesis with a

95% confidence interval. Thereafter, a pairwise comparison was performed between the

three classifiers using the Bonferroni method. The observed p-values for the pairwise

comparison of OMLA and Online SRESN was 0.0015 and for the pairwise comparison

of OMLA and OSNN was 0.0002. Since, both the p-values are lower than 0.05 (95%

confidence interval), it can be concluded that OMLA performs better than the other

algorithms used for comparison with a 95% confidence interval. Next, the performance

results of OMLA are compared with other existing batch learning algorithms for spiking

neural networks.

Table 5.4 shows the results of comparison with other batch learning algorithms.

Among other batch learning algorithms, TMM-SNN performs better than the other algo-

rithms. Hence, further discussion is restricted to a comparison between the performance

of OMLA and TMM-SNN. It can be observed from the table, that for all problems except

LIVER the performance of OMLA is similar to the performance of TMM-SNN. In case

of Liver problem, TMM-SNN performs better than OMLA.

These observations clearly highlight that the utilization of global information present

in the network as well as the local information present in the input spike patterns help the

meta-neuron based learning rule in effectively updating the synaptic weights in one-shot.
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Table 5.4: Performance comparison of OMLA with SpikeProp, SWAT and TMM-SNN

Data Learning Architecture Training Testing #
set Algorithm Accuracy (%) Accuracy (%) Epochs

BC

SpikeProp 55-15-2 97.3(0.6) 97.2(0.6) 1000
SWAT 54-702-2 96.5(0.5) 95.8(1.0) 500

TMM-SNN 54-(2-8)-2 97.4(0.3) 97.2(0.5) 70
OMLA 54-2 97.4(0.4) 97.8(0.4) 1

ECHO

SpikeProp 61-10-2 86.6(2.5) 84.5(3.0) 1000
SWAT 60-780-2 90.6(1.8) 81.8(2.8) 500

TMM-SNN 60-(2-3)-2 86.5(2.1) 85.4(1.7) 177
OMLA 60-(6-10) 89.6(1.5) 86.3(0.9) 1

MAM

SpikeProp 55-10-2 82.8(4.7) 81.8(6.1) 1000
SWAT 54-702-2 82.6(2.1) 78.2(12.3) 500

TMM-SNN 54-(5-7)-2 87.2(4.4) 84.9(8.6) 176
OMLA 54-(14-20) 88.6(2.0) 85.5(4.1) 1

Liver

SpikeProp 37-15-2 71.5(5.2) 65.1(4.7) 3000
SWAT 36-468-2 74.8(2.1) 60.9(3.2) 500

TMM-SNN 36-(5-8)-2 74.2(3.5) 70.4(2.0) 442
OMLA 36-(12-15) 69.9(2.3) 67.7(1.8) 1

PIMA

SpikeProp 55-20-2 78.6(2.5) 76.2(1.8) 3000
SWAT 54-702-2 77.0(2.1) 72.1(1.8) 500

TMM-SNN 54-(5-14)-2 79.7(2.3) 78.1(1.7) 160
OMLA 54-20 78.6(1.7) 77.9(1.0) 1

ION

SpikeProp 205-25-2 89.0(7.9) 86.5(7.2) 3000
SWAT 204-2652-2 86.5(6.7) 90.0(2.3) 500

TMM-SNN 204-(23-34)-2 98.7(0.4) 92.4(1.8) 246
OMLA 204-(19-25) 94.0(1.7) 93.5(0.5) 1

HEP

SpikeProp 115-15-2 87.8(5.0) 83.5(2.5) 1000
SWAT 114-1482-2 86.0(2.1) 83.1(2.2) 500

TMM-SNN 114-(3-9)-2 91.2(2.5) 86.6(2.2) 192
OMLA 114-12 89.8(2.9) 87.4(2.4) 1

Iris

SpikeProp 25-10-3 97.2(1.9) 96.7(1.6) 1000
SWAT 24-312-3 96.7(1.4) 92.4(1.7) 500

TMM-SNN 24-(4-7)-3 97.5(0.8) 97.2(1.0) 94
OMLA 24-(5-7) 97.9(0.7) 97.9(0.7) 1

Wine

SpikeProp 79-10-2 99.2(1.2) 96.8(1.6) 1000
SWAT 78-1014-3 98.6(1.1) 92.3(2.4) 500

TMM-SNN 78-3-3 100(0) 97.5(0.8) 80
OMLA 78-(3-6) 98.5(1.0) 97.9(0.7) 1

AE

SpikeProp 31-10-4 98.5(1.7) 97.2(3.5) 1000
SWAT 30-390-4 93.1(2.3) 91.5(2.3) 500

TMM-SNN 30-(4-7)-4 97.6(1.3) 97.5(0.7) 12
OMLA 30-(4-9) 99.2(0.8) 98.3(1.0) 1
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5.5 Summary

In this chapter, the concept of meta-neuron has been presented. The idea of meta-neuron

is inspired by the heterosynaptic plasticity induced by the astrocytes in biological neural

networks. An astrocyte cell can connect to multiple synapses simultaneously, intercept

the activity on the connected synapses and modulate the plasticity of these synapses.

In a spiking neural network with a meta-neuron, the meta-neuron is connected to all

the input neurons. This allows the meta-neuron to access the presynaptic activity of

the input neurons. Further, the meta-neuron can also access the synaptic weights in the

network. Hence, the meta-neuron has access to the local information on a synapse as well

as the global information stored in the network. The meta-neuron uses this information

to compute the weight sensitivity modulation factor for the synapses in the network.

The meta-neuron based learning rule uses the weight sensitivity modulation factor of a

synapse and the postsynaptic potential of a neuron to update the synaptic weights in the

network such that the spike time of the postsynaptic neuron is shifted precisely in the

desired direction. This property of the meta-neuron based learning rule has been used to

develop an online meta-neuron based learning algorithm.

The Online Meta-neuron based Learning Algorithm (OMLA) uses heuristic learning

strategies to learn from the input spike patterns in a single presentation. It can choose to

add a neuron, delete the sample or update the network parameters. The OMLA initializes

the weights and threshold of a newly added neuron such that it fires at a precise time

for the current input spike pattern. The OMLA uses a meta-neuron with memory that is

used to store the previously learnt spike patterns used by OMLA to add a neuron to the

network. The OMLA uses these spike patterns to update the synaptic weights of a newly

added neuron so that it closely approximates the past knowledge stored in the network.

The weights of the neurons are updated using the meta-neuron based learning rule.

The performance of the OMLA has been evaluated on ten benchmark problems from

the UCI machine learning repository. The performance evaluation results have been

statistically compared with that of other existing online learning algorithms using the

one-way ANOVA test followed by a pairwise comparison using the Bonferroni test. The

results of statistical comparison clearly indicate that OMLA performs better within a

95% confidence interval. The performance evaluation results of OMLA have also been
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compared with other batch learning algorithms. The results of performance comparison

clearly indicate that OMLA can achieve better performance using a compact network ar-

chitecture. Further, OMLA requires a single epoch for learning whereas other algorithms

require multiple epochs.

In the next chapter, the results of a preliminary study on the neuromorphic imple-

mentation of OMLA using an FPGA are presented.

115



Chapter 5. OMLA

116



Chapter 6

Neuromorphic Implementation of

the Online Meta-neuron based

Learning Algorithm

The previous chapter presented the concept of meta-neuron in a Spiking Neural Network

(SNN). A meta-neuron based learning rule, which utilized both the local and global

information in the network, was proposed to update the synaptic weights. This learning

rule was used to developed an Online Meta-neuron based Learning Algorithm (OMLA)

for pattern classification problems.

The closeness of SNNs to biological neural networks motivated us to develop a neuro-

morphic implementation of the OMLA. This chapter presents results from a preliminary

study on the hardware implementation of OMLA using a Field-Programmable Gate Array

(FPGA). The performance of the described implementation is evaluated on ten bench-

mark problems from the UCI machine learning repository [21]. Also, a study is conducted

using the Ionosphere problem from UCI machine learning repository to analyze the effect

of reduced precision for storing weights and the effect of noise in the testing data on the

performance of the proposed neuromorphic implementation.
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6.1 Motivation

Neuromorphic systems are hardware circuits that employ spikes for processing and trans-

mitting information in a network. These systems consume power only when a spike is

received or generated which enables them to operate for a longer period with minimal

power consumption [94]. This has led to the development of several neuromorphic plat-

forms for large scale simulations of Spiking Neural Networks (SNNs) [95, 96, 97, 98, 99,

100, 101, 102].

In [95, 103] a Spiking Neural Network Architecture (SpiNNaker) has been developed

that consists of a 2-dimensional array of processing nodes each of which consists of 18

ARM processors. Different from SpiNNaker, which employs a digital approach, an ana-

log approach has been used to model neurons and synapses in Heidelberg University

BrainScaleS project [96]. The chip developed in the BrainScaleS project uses wafer-scale

integration with analog circuits operating above threshold. This allows the chip to realize

analog circuits that perform faster than real time. To leverage the advantages of analog as

well as digital circuits, Neurogrid [97] and TrueNorth [98] employ a mixed analog-digital

approach. Neurogrid operates analog circuits in a subthreshold regime; as a result, it

can model a large number of neurons consuming a small amount of power. TrueNorth

chip consists of 4096 cores, and each core can model 256 neurons. It has been developed

to overcome the limitations imposed by the Von-Neumann architecture. Each core in

TrueNorth has dedicated resources for memory and computations.

The neuromorphic platforms discussed above focus on modeling large scale spiking

neural networks in hardware. These works do not address the issues of learning in SNNs.

There are two major issues with regards to the development of learning algorithms for

SNNs that are suitable for hardware realization. Firstly, signals in hardware use lim-

ited precision, unlike software simulations. The use of limited precision is important in

hardware to ensure efficient utilization of resources. Secondly, processing in hardware is

affected by noise due to device mismatch in circuits and random fluctuations in physical

quantities like current [104, 105]. Thus, there is a need to develop learning algorithms

for SNNs that can robustly deal with reduced bit precision and noisy data.

Several neuromorphic systems that utilize either Spike-Driven Synaptic Plasticity

(SDSP) [106] or contrastive divergence [107] have been proposed in literature. In [108,
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109], SDSP has been used to update the synaptic weights due to its easier hardware

realizability. In [94, 110, 111], learning rules inspired by contrastive divergence have been

used to update synaptic weights in a deep SNN. In [110], an on-chip contrastive diver-

gence learning rule has been developed for training a network of spiking neurons. In

[94], the synaptic weights of an offline trained deep belief network are mapped to a deep

network of Siegert neurons [112]. A Siegert neuron is used as it closely approximates the

mean firing rate of a leaky integrate-and-fire neuron.

Recently, the concept of morphological learning has been developed for updating

the connectivity in the network instead of updating the synaptic weights [113, 114].

For hardware realization, the SNN is trained offline and then the connection matrix is

downloaded into hardware [115]. As a result, SNNs trained using morphological learning

can be easily mapped to hardware circuits.

Most of the learning algorithms for neuromorphic systems described above train the

network offline and then the learned weights are loaded into the hardware. The learning

algorithms based on SDSP [108, 109] and contrastive divergence [110] realize on-chip

learning. But, both SDSP and contrastive divergence are local learning mechanisms

that do not take into account the global information in the network. To overcome this

issue, this chapter describes a preliminary design for hardware realization of the online

meta-neuron based learning algorithm on an FPGA device.

6.2 Neuromorphic Implementation of the Online Meta-

neuron Based Learning Algorithm

In this section, the structure of the neuromorphic implementation for the Online Meta-

neuron based Learning Algorithm (OMLA) using an FPGA is described. Figure 6.1

shows the structure of the hardware realization of OMLA. The input bus is used to

present spike patterns to the network. In the current design, each input neuron generates

a single spike in the simulation interval. The time of spike is determined according to

population coding scheme [17]. In a future design, the input bus will be replaced with an

address event representation communication protocol to enable handling of spike trains.

The predicted class label for the input spike pattern is latched onto the output bus. The
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Chapter 6. Neuromorphic Implementation of OMLA

other main components of the design are simulator block, strategy selector block and

strategy executer block. Next, each of the components will be described in detail.

Simulator block: The simulator block determines the response of the output neurons

for a given input spike pattern. Figure 6.2 shows the structure of the simulator block

with m input neurons and 2K output neurons. The response of each input neuron is the

unweighted Postsynaptic Potential (PSP) induced by that neuron at a given time instant.

The postsynaptic potential induced by the input neurons is passed to each output neuron

which consists of a multiplier and an adder (shown in Figure 6.2). The multiplier is used

to determine the weighted PSP induced by each input neuron and the adder is used to

estimate the total PSP of that neuron at a given time instant.

The weights and threshold of each output neuron are stored in the ‘weight RAM’ and

the ‘threshold RAM’, respectively (shown in Figure 6.1). The arbiters for the ‘weight

RAM’ and the ‘threshold RAM’ control the access to the corresponding RAMs. During

simulation, the simulator block has read access to the RAMs. Once the strategy selector

block chooses a learning strategy for the current input spike pattern, the read access

from the simulator block is withdrawn and then the strategy executer block is granted

read/write access to the RAMs.

The total PSP of an output neuron is used by the comparator to determine whether

the PSP is greater than the threshold for that neuron at a given time instant. The output

of the comparator is connected to a neuron output register with 2K bits. When the PSP

of a neuron is greater than the threshold of that neuron, then the corresponding bit is set

in the neuron output register. The neuron output register is connected to the strategy

selector block, which determines the suitable learning strategy for a given input spike

pattern.

The output neurons in the OMLA are modeled using the spike response function [17].

The unweighted PSP (ε(.)) induced at time t by a presynaptic spike at tpre is given as

ε(t− tpre) =
t− tpre
τ

exp

(
1− t− tpre

τ

)
(6.1)

where τ is the time constant for that neuron. The time of all the presynaptic spikes

(presented using the input bus) is scaled such that the time constant for the neuron
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Figure 6.2: Structure of the simulator

can be set to one. This helps in avoiding the division operation in the calculation of

PSP (Equation 6.1). The calculation of exponential in the spike response function is

computationally the most expensive operation. The hyperbolic Coordinate Rotation

Digital Computer (CORDIC) circuit [18] is used to calculate the value of the exponential

operation. It uses shift and addition operations for multiple iterations and the number

of iterations (N) used, determine the accuracy of the final result. The CORDIC circuit

is based on the iterative computation of the coordinates of a point in 2-dimension after

rotation by a given angle. To compute exp(x), it updates the values of three variables

(w[e], θ[e] and d[e]) in the eth iteration. Here, w[e] represents the value of exp(x) after eth

iteration, θ[e] represents the total rotation achieved after i iterations and d[e] represents
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Figure 6.3: Single iteration of CORDIC computations

the direction of rotation in the eth iteration. The values for w[1], θ[1] and d[1] are

initialized as follows:

w[1] =

 N∏
e=1

(1− 22e)
N∏

e∈{4,··· ,l,(3l+1),··· }

(1− 22e)

−1/2 (6.2)

θ[1] = x (6.3)

d[1] =

1 θ[1] ≥ 0

−1 θ[1] < 0
(6.4)

w[1] depends on the number of iterations and is calculated beforehand. Given the values

of w[e], θ[e] and d[e] in the eth iteration, their values in the (e+1)th iteration are computed

as follows:

w[e+ 1] = w[e] + (w[e] ∗ d[e] ∗ 2−e) (6.5)

θ[e+ 1] = θ[e]− (d[e] ∗ tanh−1(2−e)) (6.6)

d[e+ 1] =

1 θ[e] ≥ 0

−1 θ[e] < 0
(6.7)

The values for the hyperbolic tangent function in Equation (6.6) are stored in a Lookup
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Table (LUT) to minimize the FPGA resources consumed by the CORDIC circuit. Figure

6.3 shows the implementation of a single iteration of CORDIC calculations based on

Equations 6.5, 6.6 and 6.7. The FPGA design of OMLA employs a pipelined CORDIC

circuit that allows computation of the postsynaptic potential induced by a particular

input neuron in a single clock cycle.

Strategy selector block: Figure 6.4 shows the structure of the strategy selector block.

The strategy selector block consists of a class association RAM that is used to store the

associated classes for the output neurons. The width of the memory locations in the class

association RAM depends on the number of classes in a given problem. For example,
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Table 6.1: Truth table for strategy selection in strategy selector

r1 r2 r3 Selected strategy
0 0 X Add a neuron
0 1 0 Update the neuron CC
0 1 1 Update the neuron CC and MC
1 X 0 Delete the sample
1 X 1 Update the neuron MC

the OMLA can handle problems with 2C classes when the memory locations in the class

association RAM are C bits wide. The binary encoder in the strategy selector determines

the address of the neuron that fired. During testing, the address of the neuron that fires

first is used to retrieve the associated class for that neuron from the class association

RAM. The associated class is placed on the output bus as the predicted class label for

the current input spike pattern. In the training phase, the associated class is compared

with the sample class using an identity comparator. If the class of the spike pattern is

same as the predicted class label then the time of spike for the neuron is saved in the

tCC register otherwise, the time of spike for the neuron is saved into the tMC register.

tCC and tMC are used to determine the learning strategy for a given input spike pattern

based on the outputs r1, r2 and r3. Table 6.1 describes the truth table for selecting the

learning strategy for a given input spike pattern. It may be noted that when the strategy

selector decides to update the synaptic weights, it also determines the desired firing times

for the neurons CC and MC. The desired firing time (t̄CC) for the neuron CC is given

by the Equation 5.28 and the desired firing time (t̄MC) of the neuron MC is given by the

Equation 5.29.

Strategy executer block: The strategy executer consists of three modules namely

‘meta-neuron simulator module’, ‘neuron addition module’ and ‘neuron update module’.

The ‘meta-neuron simulator module’ is used by both the other modules to simulate the

meta-neuron in the network. The ‘neuron addition module’ and the ‘neuron update

module’ are used to execute the ‘neuron addition strategy’ and the ‘parameter update

strategy’, respectively. Next, a description of these three components is provided.

• Meta-neuron simulator module: This module is used to initialize the weights of a

newly added neuron and for updating the synaptic weights. Figure 6.5 shows the
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structure of the meta-neuron simulator module. Similar to the simulator block, it

employs a CORDIC circuit to compute the unweighted PSP induced by the input

neurons at a given time instant. The structure of the meta-neuron is similar to the

structure of the output neuron (shown in Figure 6.2) and its purpose is to compute

the PSP of the meta-neuron.

The weights of the meta-neuron are initialized for each input spike pattern either

by the neuron addition module or the neuron update module depending on the

strategy chosen by the strategy selector block. The CORDIC divider in the meta-

neuron simulator module computes the ratios of the weighted PSP induced by the

input neurons to the total PSP of the meta-neuron. It may be noted that the

neuron addition module and the neuron update module can access the output of

the meta-neuron as well as the output of the CORDIC divider. Next, the CORDIC

circuit used to compute these ratios is described.
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Suppose vi(t) denotes the weighted PSP induced by the ith input neuron at time t,

then the ratios (ri) of the weighted PSP induced by the input neurons to the total

PSP of the meta-neuron is given by

ri =
vi(t)∑
i v

i(t)
(6.8)

The division operations are difficult to execute in hardware. The CORDIC circuit

provides an iterative technique to compute division in hardware using only addition

and shift operations. To compute a
b
, the values of w[1], θ[1] and d[1] are initialized

as follows:

w[1] = a (6.9)

θ[1] = b (6.10)

d[1] =

1 θ[1] ≥ 0

−1 θ[1] < 0
(6.11)

Given the values of w[e], θ[e] and d[e] in the eth iteration, their values in the (e+1)th

iteration are computed as follows:

w[e+ 1] = w[e]− (d[e] ∗ θ[e] ∗ 2−e) (6.12)

θ[e+ 1] = θ[e] + (d[e] ∗ 2−e) (6.13)

d[e+ 1] =

1 w[e] > 0

−1 w[e] < 0
(6.14)

It may be noted that in this case, the CORDIC circuit does not require any lookup

table. The result of the division a
b

is obtained from w[N ].

• Neuron update module: This module updates the weights of the neurons CC and

MC such that they fire at t̄CC and t̄MC , respectively. For this purpose, it computes

the required change in PSP of the corresponding neuron and the weight sensitivity

modulation factor of all the synapses of the particular neuron.
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– To compute the required change in PSP, the neuron update module initializes

the meta-neuron weights to the existing weights of the output neuron to be

updated. Based on the PSP of the meta-neuron, the required change in PSP

is given by the Equation 5.5.

– To compute the weight sensitivity modulation factor, the meta-neuron simula-

tor module is presented with the current input spike pattern twice. In the first

presentation, the neuron update module initializes the meta-neuron weights

to one for computing the normalized PSP (Equation 5.8) of the input neurons

at the desired time of spike. In the second presentation, the computed nor-

malized PSP is used to initialize the weights of the meta-neuron, as defined

in Equation 5.9. The output of the CORDIC divider in this presentation pro-

vides the weight sensitivity modulation factor for the synapses of the neuron

to be updated.

• Neuron addition module: This module is used to initialize and update the weights

of a newly added neuron such that it closely approximates the past information

stored in the network. The weights of a newly added neuron are initialized as

the normalized PSP induced by a particular output neuron that is computed as

described above.

After initializing the weights of the newly added neuron, the neuron addition module

uses the spike patterns stored in the meta-neuron RAM to update the weights of the

newly added neuron as described above. The meta-neuron RAM stores the previous

spike patterns that were used by the OMLA to add a neuron to the network along

with their associated classes. The neuron addition module also presents the spike

patterns stored in meta-neuron RAM to the meta-neuron simulator multiple times

to update the weights of the newly added neuron.

Both the neuron addition module and the neuron update module present the input

spike pattern to the meta-neuron simulator module multiple times to determine the up-

dated weights of a given output neuron. These repeated presentations can be avoided

by storing the PSP induced by the input neurons in a small interval around the time of
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spike. A future formulation of the meta-neuron based learning rule will focus on reducing

the number of repeated presentations required for updating the synaptic weights.

In the next section, the design described above is evaluated for ten benchmark prob-

lems from the UCI machine learning repository [21]. Also, a study is conducted using

the Ionosphere problem from UCI repository to analyze the performance of the learning

algorithm for reduced bit precision and the effect of noise on the learning algorithm.

6.3 Performance Evaluation

In this section, the performance of OMLA with Reduced Bit Precision (OMLA-RBP) is

evaluated on ten benchmark problems from the UCI machine learning repository [21].

The performance evaluation results of OMLA-RBP are compared with the performance

of OMLA in software. The data sets from the benchmark problems are converted into

spike times using the population coding scheme [17] as described in Section 3.1.1. The

spike times determined using population coding scheme are presented to the FPGA im-

plementation of OMLA.

The performance of OMLA-RBP is evaluated based on overall training and testing

accuracy, which is equal to the percentage of the total number of samples that are correctly

classified by the OMLA-RBP. All the experiments have been carried out in Xilinx Vivado

2016.1 using a CPU with 12 logical cores, 16 GB memory with a speed of 3.2 GHz.

Before presenting the results of the performance evaluation, a study is conducted using

the Ionosphere problem to analyze the effect of different bit precisions and noise on the

performance of the OMLA-RBP.

Throughout this section, the notation Qa.b is used to describe the fixed bit represen-

tation. Here, a is the number of bits used to store the integer part including the sign bit

and b is the number of bits used to store the fractional part.

6.3.1 Study on Performance of OMLA with Reduced Bit Pre-

cision using Ionosphere Problem

The Ionosphere problem has 351 samples that represent information about signals re-

ceived by 16 high frequency antennas. The samples are classified into two classes based
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Figure 6.6: Effect of precision on the performance of OMLA-RBP

on whether they provide information about the structure of Ionosphere. For evaluating

the fixed bit implementation of Online Meta-neuron based Learning Algorithm (OMLA),

175 samples are used for training and the rest of the samples are used for testing.

A reduced bit precision for synaptic weights results in lower utilization of resources. As
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a result, neural networks with higher number of neurons can be simulated with the same

set of resources. To analyze the impact of reduced bit precision for synaptic weights on

the performance of the OMLA, the performance of OMLA-RBP is evaluated for different

precision values. Figure 6.6a shows the effect of precision on the performance of the

OMLA-RBP. It can be observed that both training and testing accuracy decrease as

the number of bits used to store weights are reduced. Figure 6.6b shows the effect of

precision on the percentage of zero weights in OMLA-RBP. It can be observed that the

number of zero weights increase as the precision is reduced from Q11.10 to Q6.5. The

performance of OMLA-RBP goes down by just 7% while the percentage of zero-weights

increase from 30% to almost 50%. This indicates that loss in performance is smaller for

reduced precision. Next, the effect of noise on the performance of the OMLA will be

demonstrated.

Both analog and digital circuits are affected by noise due to variations in the circuit

components and fluctuations in the physical quantities like current, voltage, etc. This

makes robustness to noise an essential requirement for hardware realizability. To examine

the noise sensitivity of OMLA, it is trained with noiseless data but tested on spike patterns

with different levels of noise. The noise is introduced in the testing spike patterns in the

form of additive white Gaussian noise. The performance of the OMLA-RBP is computed

using a fixed-point representation of Q10.9 for storing synaptic weights. Figure 6.7 shows

the testing accuracy of the OMLA for different values of the Signal-to-Noise Ratio (SNR).

It can be observed from the table that the testing accuracy of the OMLA does not degrade

significantly for SNR ratios between 20 to 40. For SNR ratios lower than 20, the testing

accuracy for OMLA degrades rapidly. Thus, even for lower SNR of 20, OMLA can achieve

acceptable performance.

6.3.2 Comparison of OMLA-RBP and Software Simulations of

OMLA

In this section, the performance of OMLA with Reduced Bit Precision (OMLA-RBP) is

evaluated on ten benchmark data sets from the UCI machine learning repository [21].

The results of OMLA-RBP are generated using a fixed point format of Q10.9 for storing

synaptic weights. The performance evaluation results are compared with the performance
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Figure 6.7: OMLA performance (%) for different noise levels (SNR) for the Ionosphere
problem

of OMLA obtained in software simulations. The software simulations use double precision

for storing synaptic weights. As per IEEE 754 standard, the double precision uses a

Q64.52 word length. The results for both OMLA-RBP and OMLA with double precision

(OMLA-DP) are computed for ten random trials. For every data set, ten random sets

are generated using the same number of training and testing samples (as described in

[93]). The training and testing accuracy are computed for each set and the mean and

standard deviation of the experiments are reported. The details of the data sets used for

evaluation are provided in Table 5.1. The values of the parameters novelty threshold and

update factor for the different data sets are provided in Table 5.2. Table 6.2 provides the

results of performance comparison of OMLA-RBP and OMLA-DP.

It can be observed that for simple problems like Breast cancer, Iris, Wine and acoustic

emission, the training and testing accuracies of OMLA-RBP is almost same as the perfor-

mance of OMLA-DP. For all other problems except the Mammogram problem, the testing

accuracy of OMLA-RBP is 2-3% percent lower than the performance of OMLA-DP. In

the case of Mammogram problem, OMLA-RBP performs 5% lower than OMLA-DP. This

can be attributed to a lower number of testing samples in case of the Mammogram prob-

lem. It has only 11 testing samples; as a result, a single misclassification result in a

reduction of 9% in the testing accuracy.
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Table 6.2: Performance comparison of OMLA-RBP with OMLA-DP

Data set OMLA-RBP OMLA-DP
Training Testing Training Testing

accuracy (%) accuracy (%) accuracy (%) accuracy (%)
Breast cancer 96.9(0.5) 97.5(0.8) 97.4(0.4) 97.8(0.4)

Iris 98.2(0.6) 97.3(1.1) 97.9(0.7) 97.9(0.7)
Wine 99.4(0.8) 96.6(1.8) 98.5(1.0) 97.9(0.7)

Acoustic Emission 98.9(0.8) 97.3(1.8) 99.2(0.8) 98.3(1.0)
Echocardiogram 88.2(2.0) 84.0(1.6) 89.6(1.5) 86.3(0.9)

Mammogram 86.7(5.0) 80.2(4.2) 88.6(2.0) 85.5(4.1)
Liver 70.3(1.9) 65.7(1.0) 69.9(2.3)) 67.7(1.8))
PIMA 78.3(2.3) 75.4(1.7) 78.6(1.7) 77.9(1.0)

Ionosphere 92.87(1.6) 91.2(0.8) 94.0(1.7) 93.5(0.5)
Hepatitis 86.1(4.3) 84.1(5.6) 89.8(2.9) 87.4(2.4)

The performance comparison clearly indicates that the performance of OMLA-RBP

is similar to that of OMLA-DP.

6.4 Summary

This chapter presents the results of a preliminary study on hardware realization of the

OMLA. The spiking neurons in the hardware are modeled using the spike response func-

tion [17]. A CORDIC circuit, which only requires addition and shift operations, is used

to estimate the potential induced by the input neurons. A study is conducted using the

Ionosphere problem from the UCI machine learning repository to analyze the impact of

reduced bit precision for synaptic weights and noise on the performance of the OMLA.

The results of the study show that the OMLA can achieve acceptable performance even

when only 6 bits are used to store synaptic weights. The results of the study also highlight

that its performance does not deteriorate significantly when the testing spike patterns are

subject to a lower signal-to-noise ratio of 20. The hardware implementation of OMLA

is also evaluated on ten benchmark problems from the UCI machine learning reposi-

tory. The performance evaluation results of OMLA with reduced bit precision have been

compared with the performance of OMLA in software simulations. The performance

comparison indicates that the OMLA with reduced bit precision is able to emulate the

software simulations of OMLA.
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Chapter 7

Conclusions and Future Works

7.1 Conclusions

The aim of this thesis is to develop efficient batch/online learning algorithms for Spik-

ing Neural Networks (SNNs) that can simultaneously update and evolve the network

architecture. For this purpose, the works presented in this thesis are the Self-Regulating

Evolving Spiking Neural (SRESN) classifier, the Two stage Margin Maximization Spik-

ing Neural Network (TMM-SNN), the meta-neuron based learning rule and the Online

Meta-neuron based Learning Algorithm (OMLA).

The SRESN classifier uses a batch learning technique to estimate the synaptic weights

in a two layered SNN. It uses heuristic conditions to evolve the network architecture and

update the synaptic weights. Depending on the response of the network for a given

sample, it can choose to add a neuron, update the synaptic weights or skip learning the

sample from the learning process. The weights and thresholds of the newly added neurons

are initialized such that they fire precisely for the current input spike pattern. The SRESN

classifier uses rank order learning in a feature-wise manner to initialize and update the

synaptic weights. This helps the SRESN classifier to avoid non-contributing weights.

Further, the SRESN classifier updates the weights selectively which helps in avoiding

over-fitting and prevents loss of knowledge gained from previously learned samples.

The TMM-SNN uses a batch learning technique for a three layered SNN. The learning

algorithm of TMM-SNN has two stages namely, structure learning stage and output

weights learning stage. In the structure learning stage, the learning algorithm evolves the
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hidden layer and updates the synaptic weights of the hidden neurons. A new activation

based coding scheme has been developed in this thesis to initialize the parameters (weights

and threshold) of a newly added neuron. The activation based coding scheme utilizes

only the locally available information present in multiple spikes to initialize the weights

of a newly added neuron such that it spikes at a precise time. The weights of the hidden

neurons are updated using a new margin maximization technique. This technique uses

only the locally available information to update the weights of hidden neurons such that

the separation between the spike times of the interclass neurons in the hidden layer is

maximized for all training spike patterns. In the output weights learning stage, the

learning algorithm updates the synaptic weights of the output layer neurons using a

similar margin maximization technique to maximize the separation between the spike

times of the interclass output layer neurons.

The performance of TMM-SNN has been evaluated on ten benchmark data sets from

the UCI machine learning repository [21]. The performance evaluation results have been

statistically compared with that of the SpikeProp [17], synaptic weight association train-

ing [10] and the SRESN classifier using the one-way ANOVA test [22] followed by a

pairwise comparison using the Fisher’s least significant difference method [23]. The re-

sults of statistical comparison clearly indicate that TMM-SNN performs better than the

other learning algorithms in a 95% confidence interval. This shows that TMM-SNN effec-

tively utilizes the locally available information to update the synaptic weights. Further,

the activation based coding scheme and the margin maximization update mechanism help

the TMM-SNN in achieving improved generalization performance and faster convergence.

The meta-neuron based learning rule has been developed for updating synaptic weights

in a two layered SNN with a meta-neuron. The concept of meta-neuron is inspired by

the heterosynaptic plasticity exhibited by astrocytes. The meta-neuron based learning

rule utilizes the local as well as global information in the network to update the synaptic

weights of a neuron such that its spike time is shifted precisely in the desired direction.

This property of the meta-neuron based learning rule is used to develop an Online Meta-

neuron based Learning Algorithm (OMLA) that requires a single presentation of the

input spike patterns for learning.

The OMLA uses heuristic conditions to evolve and update the network architecture.

136



Chapter 7. Conclusions and Future Works

It can choose to add a neuron or update the network parameters or delete a spike pattern

from the learning process. The OMLA uses a meta-neuron with memory to update the

synaptic weights of a newly added neuron such that it properly approximates the past

knowledge stored in the network. It uses the meta-neuron based learning rule to update

the synaptic weights of a neuron.

The performance of the OMLA has been evaluated on ten benchmark problems from

the UCI machine learning repository. The performance evaluation results have been

statistically compared with that of other online learning algorithms including online SNN

proposed in [81] and the SRESN classifier trained using a high learning rate for five

benchmark problems. The statistical comparison has been conducted using one-way

ANOVA test [22] followed by a pairwise comparison using the Bonferroni test [25, 26].

The results of statistical comparison clearly indicate that OMLA performs better than the

other algorithms within a 95% confidence interval. The performance evaluation results

of OMLA are also compared with other batch learning algorithms for ten benchmark

problems. The performance comparison clearly indicates that OMLA performs better

than the other algorithms using a single epoch of learning. Further, OMLA achieves these

results using a compact network structure in comparison to the other learning algorithms.

These results clearly indicate that the meta-neuron based learning rule effectively utilizes

the local and global information in the network to update the synaptic weights.

This thesis also presents the results of a preliminary study on the realization of the

OMLA in a Field-Programmable Gate Array. The spiking neurons in the design are

modeled using the spike response function [17]. A study is conducted using the ionosphere

problem from the UCI machine learning repository to analyze the effects of reduced bit

precision for synaptic weights and noise on the performance of the hardware realization

of OMLA. The FPGA realization of the OMLA with reduced bit precision for synaptic

weights is also evaluated on ten benchmark problems from the UCI machine learning

repository. The results of performance comparison show that the performance of OMLA

with reduced bit precision is similar to the performance of OMLA in software simulations.
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7.2 Future Directions

The techniques explained in this thesis have focused on the development of efficient evolv-

ing learning algorithms for SNNs. The possible future directions based on the presented

ideas are:

7.2.1 Encoding Real Valued Features Into Spike Trains

The popular encoding techniques like population coding [17] and cosine coding [83] employ

multiple neurons to encode real valued data into spike patterns and each neuron generates

a single spike in the simulation interval. But, biological neurons use spike trains to

represent information in the brain. To gain better insights into the information processing

mechanisms in the brain, it is important to develop techniques that utilize multiple spikes

for encoding real valued data into spike patterns. This may also help in learning with

smaller network architectures.

7.2.2 Improvements in the Meta-neuron Based Learning Rule

The meta-neuron based learning rule can be extended in future works in the following

directions:

7.2.2.1 Meta-neuron Based Learning Rule for Multilayer Spiking Neural

Networks

The meta-neuron based learning rule has been developed for estimating the synaptic

weights in a two layered SNN. The learning rule updates the synaptic weights in the

network based on the difference between the actual and the desired times of spikes. It

is difficult to define the desired spike times for hidden neurons in a multilayer SNN. As

a result, the meta-neuron learning rule can not be used for updating the hidden neuron

weights in a multilayer SNN. Future work can focus on formulating the meta-neuron

based learning rule such that it could be used for estimating network parameters in a

multilayer SNN.
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7.2.2.2 Computational Complexity

The meta-neuron based learning rule has been developed to update the weights of a single

neuron. As a result, the meta-neuron is presented with the current input spike pattern

multiple times to update the weights of multiple neurons. This significantly increases

the computational complexity of the meta-neuron based learning rule. In future work,

the formulation of the meta-neuron based learning rule can be improved to update the

weights of multiple neurons simultaneously.

7.2.2.3 Understanding the Astrocytes induced Plasticity

The idea of synaptic plasticity induced by astrocytes is based on very recent works in

the area of neuroscience [14]. As a result, our understanding of this plasticity mechanism

exhibited by the cells in the brain is very limited. This idea inspired the meta-neuron

based learning rule, but it has been developed with the focus on addressing machine

learning problems. There are substantial differences between the meta-neuron based

learning rule and the physiology of the astrocyte cells in the brain. Future work can

be conducted on the meta-neuron based learning rule with focus on studying the role of

astrocytes in the brain.

7.2.3 Address Event Representation (AER) Based Communi-

cation Protocol

The hardware implementation of the Online Meta-neuron based Learning Algorithm

(OMLA) employs a 2K bit register to detect the spikes generated by the input neu-

rons, where 2K is the number of neurons in the output layer. This results in considerable

memory overhead to simulate large number of neurons, thereby limiting the application

of OMLA for simpler problems requiring fewer neurons. A hardware implementation for

OMLA can be developed in future that uses an AER based hardware system to simulate

large number of neurons simultaneously.
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7.2.4 Extension to Regression Problems

The algorithms proposed in this thesis can also be used for addressing regression problems.

But, the absence of a suitable technique that can map the response of spiking neurons

to a real-valued continuous range limits the application of existing learning algorithms

for SNNs to regression problems. For example, the meta-neuron based learning rule is

used to train a network to generate multiple spikes at precise times irrespective of how

the responses of output neurons are used to deduce predicted classes. This will be an

important future direction for the work done in this thesis.
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