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Fig. 3.2.1 A simplified diagratn of the cmnpartmental neuron model, each 
segment of the dendrite is an electrical circuit. Excerpt from [ 1] 

In a more general fonn than the HH model that we have seen above, the 
conservation of current through a chain of N neurons is given at each interior 
compartments 2<= n<= N-1 by the following equation indexed by n: 

r 
Un- Un-1 dun Un 
----=C--+-

r dt R 

for n =1 and n = N, we have siinilar equations. Note that the left tenn of the 
equation describes the longitudinal currents in and in_1 . Since the membrane 
has a resistor R and a Capacitance C, then Tm = RC is introduced as the 
membrane time constant. Thus, we have: 

dun ( R) R 
Tm dt= - 1 + 2 -:;: Un+ -:;: (un+l + Un_1) 

for 2<= n<= N-1. 

For n = 1 we have: 

T du1 - - (1 + R) u + R u 
m dt - r 1 r 2 

For n = N, we have: 



. Note that the difference between two compartments' currents either leaks 
through R or charges C. 

u ~ 1 r ~ -2 r . 
i 1 i 

R R R c R R 
:: 

u 

~-1 ) 
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Fig. 3.2.2. A linear compartment model showing voltage responses according 
to injected currents to the soma and to the N-1 compartment, respectively. 

Excerpt from [ 1] 

In the regard of a physic-chemicallevel of abstraction, an interesting question 
could be asked: "Wh at is the voltage response of compartment number n = 1 
to a short input current pulse into compartment number n?'' [1 , page 44]. The 
answer is: If the spike is close to n = 1 (i.e. n=2) then the response is a fast 
rising function. If the input is far away from n = 1 (i.e. the soma) then the 
voltage at the soma rises slowly [1 , page 44]. This concludes that the location 
of the input affects the postsynaptic potential measured at the soma (Fig. 
3.2.2). 

4. Spiking Neurons based on Rate Models (Very high leve/ of abstraction) 

A spiking neuron that falls under the category of classical rate models is 
described as it follows: 

Where g is a sig1noidal function that tends to 0 when u goes to - infinity and 
tends to 1 wh en u goes to + infinity. 

Where j denotes the index of the presynaptic neuron, i denotes the index of the 
postsynaptic neuron and v, u are their action potentials respectively. wiJ denotes 
the synaptic strength between the neurons j and i. 
If we consider vi as a differentiai equation over tüne th en we get: 
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dv· ~ 
r dtt =-vi+ g(L wiJvj) 

jE ri 
Where r is a time constant. Furthermore, this can be extended to a population of 
neurons. 

5. Izhikevich Spiking Neuron Model (Combined levels of abstraction) 

The Izhikevich Neuron falls under the biologicallevel and the functional leve] of 
modeling a neuron since it combines the biological plausibility of Hodgkin­
Huxley-type dynamics and the computational efficiency of integrate-and-fire 
neurons. Jt is described by the following system of ordinary differentiai equations: 

dv 
dt = 0.04 v 2 + Sv + 140 - u + 1 

du 
-=a (bv- u) 
dt 

Where a = 0.02, b =0.2, c = -65 and d = 2. When the neuron emits a spike (i.e. 
when v >= 30mV) then 

v = c 
u = u + d 

The biological spiking neuron characteristics ' of Izhikevich [6] sitnple neuron 
mode] are summarized in the thumbnail representation (Fig. 5.1 ), next. 
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Fig. 5.1: Neurocomputational features of the biological spiking neurons of 
Izhikevich mode] [6]. Available online from http://www.izhikevich.com 
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6. Conclusion 

In this report, we introduced the Threshold Fire models (i.e. Spike Response 
Mode] and the Integrate and Fire Neurons Model), which depict the functional 
Jevel of a neuron. Also, we explained the Conductance Based Models: The 
Hodgkin- Huxley Neuron Model and the Compartment Models that elucidates the 
biologica] leve) and the physiochemica] leve] , respectively. Furthermore, Spiking 
Neurons based on classical Rate Models and Izhikevich Mode] were exemplified. 
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ANNEXE II 

RA TE CO DING VS. SPIKE CO DING 

1. Introduction 

In this report, we explain rate coding (Section 2) and spike coding (section 3) 
from a biologically plausible analysis perspective. In section 4, we conclude the 
report, where we highlight on sorne advantageous aspects of spike coding over its 
counterpart that is rate coding. 

2. Rate Coding 

In a rate coding scenario, the activation function of a neuron can be considered as 
the rate of firing times over a time window in which this neuron fires a spike. 
This means that the number of spikes averaged over the time window holds the 
information that is to be gathered from this input. This is called mean firing rate 
(Fig. 2.1 ). 

rate= n.,.ern.ge over rime 

(single neuron~ single run ) 
spike counr 

v = ~p 
T 

B 
v 

v 
max 

T d ~ 
Fig. 2.1 A) Mean Firing Rate over a time window T. B) The output is given as a 

total input as a function of the total input 10. Excerpt from [ 1, page 8] 
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One interesting point of firing rate is that it can provide the strength of an input, 
and this is over a respective long duration. So, this can be a convenient method to 
communicate analog output depicted over a long range in time. However, this is 
not the case in reality. For instance, a fly can detect a stimulus and behave 
accordingly in a time window (e.g. 30 to 40 ms) [2] that is much smaller than the 
time required to average ali the spikes input of this stimulus (3]. Which means 
that the fly is reacting to single spikes. Thus, the exact timing of the spikes holds 
mu ch more information than the mean fi ring ti me of these spikes. Averaging the 
spikes input can work for static input or for an input stimulus that is moving 
slowly, which in return does not require a fast reaction. Likewise, Gerstner in (1 , 
page 8] gives the example of viewing an image; where we perfonn instant 
recognition of the details while changing the direction of gaze. 

Another method in rate coding considers the average over severa] runs. This is 
called the Spike Density and it is applied in the Eri-Stimulus-Ti me Histogram 
(PSTH) mode] [1 , page 9], where different runs of the same stimulus are averaged 
over the ti me window of the stimulus and the number of runs (Fig. 2.2). 

rate = a\ er age O\ er se\ er a] nu1 s 

:si ng ]e neuro n, re pemed run s · 
r--- ---------1 

input : : 
__________ J 1-----------------

lst lUil 1 1 1 1 1 spike densit) 

! nd 
1 1 1 

3rd 
1 1 

in PSTH 

P l L . ... -, = -- nK. lt: t+'-l t 
At K 

p~ 
1 1 • t 

Ll t 
Fig. 2.2 Spike Density in Peri-Stimulus-Ti me Histogram (PSTH). Excerpt from 

[1 , page 9]. 

Still , this method doesn ' t achieve a realistic sense. For instance, Gerstner in [1 , 
page 1 0] gives the example of a frog, which wants to capture a fly. The frog will 
not wait for repeated flying trajectories of the fly in order to decide how to catch it. 
The frog shall act on a single flying trajectory to perform its action. Furthermore, 
the flies and their flying trajectories are much different even though they constitute 
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similar variations of the same stimulus. 

The last scenario of rate coding considers the averaging of activtty over a 
population of neurons in a small time interval (Fig. 2.3). In this situation, we . 
escape the problems discussed previously as averaging on a single unit. However, 
this requires that the population should have homogeneous neuronal structure. In 
other words, ali the neurons in the population should be homogeneous in terms of 
the internai parameters that drive their behaviour and should have identical 
connectivity; which is not usually the case in real biological neuron populations. 

population 

1\ · rn 
post s~· naptic 

neuron 

B 
rate= a vc-œgc ovcr pool of cqL1ivalcnt ne-mons 

(sc-vcml nc Llrons , single mn) 
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8t N 

Fig. 2.3 Population Activity. Excerpt from [1, page 1 0] 

In this regard, rate coding simplifies brain activity and real biological realism. 
Thus, spike coding should have an influential role in depicting a stimulus where a 
response is treated based on the exact firing time of each spike in the stimulus 
signal. 

3. Spike Coding 

As we have seen in the previous section, abrupt changes in the input signal of a 
neuron are quite often in the realistic world of biological neural information 
processing. Different Spike coding strategies have been tackled in this regard. 

An idealization strategy is called the Time to First Spike Strategy. For instance, 
"when we look at a picture, our gaze jumps from one point to the next" [ 1, page 
11]. In this scenario, the spikes tünings that occur after each jmnp (lets say the 
jump occurred at time tO) provide significant information about the stimulus of 
this new jump. When a neuron tires slightly after tO, is to be considered highly 
stimulated by this stimulus. However, a neuron that fires later signifies a weaker 
response to this stimulus. In this strategy, the first spike is the most relevant in 
order to analyse the information th at is to be grasped by this stimulus [ 4, 5]. 
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sti a1 Ll lll s 

Fig. 3.1 Time to first spike. The third neuron is to fire the first after the onset of 
the stimulus. Excerpt from [1 , page 12] 

Also, the first spiking strategy can be extended to a phase signalling strategy, 
where the first spikes that occur in a phase period are to be considered relevant in 
order to analyse a new stimulus. This assumes that "the reference signal is not a 
single event, but a periodic signa]" [1, page 12]. Such periodic signalling and 
oscillations serve as an reference signal and are found in the hippocampus and the 
olfactory cortex where the oscillations repeat periodically while there is no 
change in the input stimulus. These periodic patterns of spikes are driven by a 
background oscillation (Fig. 3 .2). 

1 1 

1 1 

backgro11nd osc illation 
Fig. 3.2 Phase Coding. Three neurons fi re at different phases according to the 

background oscillation. Excerpt from [1 , page 12] 

In [6] , it was shown that the spatial location of a rat is correlated with phase 
spikes during oscillations that occur in the hippocampus. 
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Another mode of spike coding is called Correlations and Synchrony where spikes 
generated by a group of neurons could con vey significant information (Fig. 3.3). 
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Fig. 3.3 Synchrony. Four neurons are firing synchronously depicting the response 
of the same abject. Excerpt from [1 , page 12] 

Furthennore, this is weil tolerated in Malsburg theory of Superposition 
Catastrophe [7, 8]. For instance, considera group of neurons that fire in response 
to a triangle in the scene, and another group of neurons fires in response to a 
rectangle. To differentiate between each abject (a triangle or a rectangle), we 
consider each group of neurons that is to be firing in a different synchronous 
pattern (Fig. 3.4). 

Cortex 

Ti eO 

Retina 

~ 
~ 

Ti e 1 

~[2] 
tm 2 Time3 

a tati r· pr nt ti n b ·mp rai in • 
Fig. 3.4 Malsburg Superposition Catastrophe. If static presentation (i.e. firing 
rates) is used (a) to represent abjects then this leads to confusion because both 

populations of neurons fi re together. However, if temporal coding is used (b ), as 
suggested by Malsburg, then the superposition catastrophe is solved because each 
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population will fire at different time step. Excerpt from [9]. 

Last but not ]east, using spike coding, Rieke et al [2] where able to reconstruct a 
stimulus according to its neural code (i.e. its spikes firing times) (Fig. 3.5). This 
means that a spike can indeed provide the time evolution of its preceding 
stimulus. 
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Fig. 3.5 Reconstruction of a stimulus base on a neural code. Excerpt from [1 , page 
15] 

Note that the fi ring rate of a neuron is consistent and interrelated with the time-to­
first-spike coding strategy, because if the rate is high then it is highly probable 
that the first spike occurred earlier and vice versa. 

4. Conclusion 

Rate or spike coding can be both considered in describing neural coding because 
they can be interrelated (as in the example of time-to-first-spike). However, one 
important coding scheme like spike coding takes over rate coding when we want 
to build a neural architecture that is aimed to model a response to a given stimulus 
conveniently and very quickly (like near instantaneous). For instance, a spiking 
neural network (SNN) based on spike coding is very feasible in the simulation of 
biological neural circuits like in the case of auditory processing of an owl this is 
because an owl can detect the localisation of sound with a single degree of 
precision. Such task can be simulated using spiking coding of SNNs with 
adaptable neuronal synapses. However, we should never neglect a major 
drawback of spike coding which is the computational power consumption that it 
requires when implemented on large scales of SNNs. 

Last but not ]east, we have to note that in a network of spiking neurons, the inputs 
and outputs of neurons are vectors that encode ti me series, which is different th an 
the traditional neural network architectures where infonnation is encoded as 
vectors of numbers. However, we can simulate traditional neural network 
architectures like a Multi-Layer Perceptron (MLP) with SNN but the solution 
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requires synchronized output of spiking neurons. ln fact, this leads the SNN to 
Jose valuable information while it is attempting to simulate a MLP. Thus, an 
asynchronized mode is considered which shows promising results in tenns of 
computational power of consumption of SNN architecture over a traditional MLP 
architecture. The importance of an asynchronous mode of spiking in a network of 
spiking neurons, with analogue values encoded as temporal patterns, shows that a 
spiking neuron has much more computational power than the classical sigmoidal 
gate neuron models used in MLP. For instance, a spiking neuron can act as a 
coïncidence detector for a set of train pulses, which are considered as input 
vectors. An example is exhibited as the following: Let the numbers in a set of an 
input consist of the timing of arriva] pulses. The spiking neuron will be able to 
give an approximate measurement of how much these timing instances that 
constitute the input set coïncide. Such operation is really expensive in terms of 
computational steps when executed on an MLP with sigmoidal gates. For 
instance, any feed forward network ( e.g. MLP) of sigmoidal gates needs to have 
at least (n-4)/2 gates in order to compute an element distinctness of a set of input 
variables of order n [ 1, page 61]. Furthennore, an additional ad v an tage of using a 
spiking neuron in this regard is that it can cmnpute this elementary distinctness 
even if the input is jittered with noise. Besides, an important property of SNN 
based on the proof of Gerstner [1, page 66] that is worth mentioning is the 
following: "Any given continuous function F: F: [O,l]n ~ [O,l]m can be 
approximated arbitrarily closely by a network of spiking neurons with input and 
outputs encoded by temporal delays". This means that Spiking Neurons can 
simulate universal approximation of continuous functions. 

Finally, one novel possibility of information coding and processing that is 
plenteous and that can be realized by the use of spike coding through SNNs is 
called a Liquid State Machine (LSM) [ 1 0]. This framework allows computing 
with time perturbations without stable states. The state of the machine is like a 
liquid that is continuously changing with the presence of an input, and the output 
of the machine depends on a readout mechanism that can read the state of the 
liquid and transform it to an output. We have to note th at the output of the readout 
does not depend on an instance of the input but on the current state of the liquid 
that is affected by an input; which would produce perturbations of the liquid. In 
this framework of computation on ti me varying signais, the first function (i.e. the 
liquid) describes temporal integration of the input and the second function (i.e. the 
readout) describes the special integration and leaming of such information. Thus, 
the input is being transfonned to higher dimension, which will help the readout 
mechanism to process it and will ease its leaming and classification especially if 
the inputs are nonlinearly separable. Two necessary and sufficient conditions are 
required for computing with perturbations [11] as in Liquid State Machines 
(LSM) [ 1 0]. The first is called SP (Separation Property) and the second is called 
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AP (Approximation Property). SP mentions that different inputs to a pool of 
neurons (The Liquid) should cause different transients (perturbations) in the pool , 
and similar inputs should cause similar transients. The AP tnentions that a reliable 
readout mechanism should be able to learn and map these transients to specifie 
target outputs. In this framework, one can describe how an outcome behavior can 
be generated by a complex input stimulus by just analyzing the different neural 
activity caused by this stimulus to the pool. In analysing the corresponding neural 
activity of stimuli brings a new approach to the concept of "intelligence without 
representation, th athas previously been proposed in the context of robotics [ 12] in 
order to overcome known deficiencies of traditional approaches from artificial 
intelligence in coping with the need to deliver adequate output-behaviors in real­
time for realistically complex sensory input strearns" [13]. 
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ANNEXE III 

IMPORTANT POINTS GA THE RED FROM WALTER J. FREEMAN' S AR TIC LE 

ENTITLED "THE PHYSIOLOGY OF PERCEPTION" 

Freeman (1991) ex plains that the intensity of a scent stimulus; the smell of an 

odorant, is depicted by the number of the receptors activated by this scent stimulus. 

The location of the activated receptors describes the nature of the scent. Thus, "each 

scent is expressed by a spatial pattern of receptor activity" (Freeman, 1991 ). Note th at 

in the nose, receptors that are sensitive to an odorant are the only ones that are 

activated when such an odorant is sniffed through inhalation . The information is 

gathered from the sensory receptors, synthesized in the olfactory bulb and then 

transmitted to the olfactory cortex. From there, signais (that come from different 

sensory organs) are cmnbined through the entorhinal cortex and fin ally a gestalt is 

formed in the brain (Freen1an, 1991 ). This gestalt is unique to each individual 

because it is the meaning of the perceived scent: "A meaning-laden perception" 

(Freeman, 1991 ). For instance, the scent of a fox can have the meaning of prey for a 

dog while it has the meaning of an escape, like the feeling of fear arising memories of 

chase, for a rabbit. Furthermore, F~eeman asks: 

Wh en a person glünpses the face of a famous actor, sniffs a favorite food or hears the 
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voice of a friend, recognition is instant. Within a fraction of a second after the eyes, 

nose, ears, tangue or skin is stimulated, one knows the abject is familiar and whether 

it is desirable or dangerous. How does such recognition, which psychologists cali 

preattentive perception, happen so accurately and quickly, even when the stimuli are 

complex and the context in which they arise varies? Freeman (1991 ). 

So, disregarding the subject's category or its identity, and disregarding the subjective 

meaning of perception, Freeman focuses on studying the neural dynamics beneath the 

recognition process of the scent perception itself. Freeman suggests that organisms 

would share a cmnmon framework of chaotic neural dynamics that lies beneath the 

memory process, which could take place when a scent is initially leamed by an 

organism, and the same framework would explain the recognition process upon 

which a scent is perceived by the organism. Freeman supports his suggestion by 

delineating his analysis of the leaming and perception if s1nell in rabbits as we outline 

next: 

First, he notices that instantaneous, and drastic state changes occur in the neural 

activity of the bulb and cortex (shown in Figure 1) even wh en a minimal stimulus is 

presented to the organism (Freeman, 1991). 

a 

b 

c 

Fig. 1. E1ectrica1 Signais Activity in "the olfactory bulb (a) and front (b) and rear (c) parts of 

a cat's olfactory cortex" that is "generated when odors are perceived. The average amplitude 

of a burst is some 100 microvolts. Each lasts a fraction of a second, for the interval between 

inhalation and exhalation." Excerpted from (Freeman, 1991 ). 
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His intuition is that such changes - from low frequency waves to high frequency 

oscillations ( called Bursts) - th at occur in response to weak input "form another 

feature of chaotic systems" (Freeman, 1 991). He proceeds: These set of bursts 

consisting of high amplitude and high frequency waves (cal led Gamma Waves) seen 

when an odorant is smelled, share a common waveform. This waveform is called the 

carrier wave: "A shared pattern of rises and falls that is embedded in each tracing" 

(Freeman, 1991 ). If we plot (Figure 2) the average mnplitude of every carrier wave on 

a grid representing the surface of the olfactory bulb, then we'll have a contour map 

that is unique when the animal sniffs a particular odorant, however the carrier wave is 

al ways different for every odorant (Freeman, 1991) 
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Fig. 2 Carrier waves (Left) and corresponding Contour Map (Right) . Excerpted from 

(Freeman, 1991). 

Furthermore, he notices that bulb activity always bring new changes to the embedded 

memory, for instance, when the training of a particular odorant is altered, then the 

amplitude map representing this odorant is also altered and a new map representing 

this odorant would be newly perceived (Figure 3). This means that the bulb shapes 

the saved memories after it has been confronted with new stitnuli (Freeman, 1991 ). 
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Fig. 3 Three Maps depicting the alternation of learning. The Contour map representing the 

perception ofthe Sawdust (Left) is altered when a new odorant, which is the smell of a 

166 

ban ana, is learned (Middle) . A new contour map representing the perception of the Sawdust 

is generated (Right) . 

By analyzing these maps, Free1nan provides insights towards the design of new 

models of artificial neural cmnputing systems that can exhibit cognitive 

characteristics like Attention, Learning and Perception: 

On Attention: 

"Chaos provides the system with a ready state so that it is unnecessary for the system 

to ' wake up' frmn or return to a ' dormant' equlibrium state every time that an input is 

given" (Freeman, 1991 ). 

On Learning: 

Chaos constitutes the basic form of collective neural activity for ali perceptual 

processes and functions as a control led source of noise, as a means to en sure 

continuai access to previously learned sensory patterns, and as the means for learning 

new sensory patterns ... (Freeman, 1991 ). 

On Instant Recognition and Perception: 

"The brain transforms sensory messages into conscious perceptions almost instantly. 



167 

Chaotic, collective activity involving millions of neurons seems essential for such 

rapid recognition" (Freeman, 1991 ). 

Finally, according to Freeman, tnemory binding and rneaning inside the brain should 

happen through and within chaotic attractors, where he claims: 

We think the olfactory bulb and cortex maintain many chao tic attractors, one for 

each odorant an animal or human being can discriminate. Whenever an odorant 

becomes meaningful in sorne way, another attractor is added, and al/ the others 

undergo slight modification (Freernan, 1991) 



ANNEXE IV 

DIFFERENTIAL EVOLUTION ALGORITHM AS DESCRIBED BY V AZQUEZ 
IN 2010 

Differentiai evolution begins by generating a random population of candidate 
solutions in the form of numerical vectors. The first of these vectors is selected 
as the target vector. Next, differentiai evolution builds a trial vector by 
executing the following sequence of steps: 

1. Randomly select two vectors from the current generation. 

2. Use these two vectors to compute a difference vector. 

3. Multiply the difference vector by weighting factor. 

4. Form the new trial vector by adding the weighted difference vector to a third vector 
randomly selected from the current population. 

The trial vector replaces the target vector in the next generation if and only if 
the trial vector represents a better solution, as indicated by its measured cost 
value computed with a fitness function. Differentiai evolution repeats this 
process for each of the remaining vectors in the current generation. Differentiai 
evolution then replaces the current generation with the next generation, and 
continues the evolutionary process over many generations. 

This description is excerpted from (Vazquez, 201 0). 
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Abstract- We implement a Liquid State Machine composed from a pool of chaotic spiking neurons. 
Furthermore, a synaptic plasticity mechanism operates on the connection weights between the neurons 
inside the pool. A special feature of the system's classification capability is that it can learn the class of a set 
of time varying inputs when trained from positive examples only, thus, it is a one class classifier. To 
demonstrate the applicability of this novel neurocomputing architecture, we apply it for Online Signature 
V erifica ti on. 

A Grant from The Natural Sciences and Engineering Research Council of Canada (NSERC) supports this work . 



170 

Keywords- NDS Neuron; Chaotic Spiking Neuron; Chaotic Spiking Neural Network; Chaos Control; 
Hebbian Learning; Synaptic Plasticity; STDP; Reservoir Computing; Nonlinear Transient Computation; 
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1. INT RO DUCTION 

Reservoir Computing (Maass, Natschlager & Markram, 2002; Jaeger, Maass & Principe, 
2007) design methodology consists of building a neural network that is divided into three 
parts. The first part is an input layer. The second part is the reservoir, namely a pool , 
consisting of randomly and recurrently connected nodes with fixed connections ' weights. 
These nodes can be any type of spiking neurons . The third part is an output layer consisting 
of a read out mechanism that is able to read the transient activity of the pool (i.e. the 
activation of every node in the pool) and perform a classification task accordingly. In the 
context of Reservoir Computing, an input should be a time varying signal. Furthermore, the 
connections from the input layer to the pool , and the connections between the neurons that 
constitute the pool , have weights that are randomly set. Ali these connections maintain fixed 
weights during training (i.e. their weights are kept fixed and won ' t undergo any changes). 
The connections from the pool to the output layer are also randomly set, but they have 
flexible weights; this means, they are the only connections of the network that undergo 
training (i.e. their weights are updated during training). Fundamental models of Reservoir 
Computing are the Liquid State Machines (LSM) (Maass, Natschlager & Markram, 2002; 
Maass & Markram, 2004), Echo State Networks (ESN) (Jaeger, Maass & Principe, 2007) and 
Nonlinear Transient Computation (NTC) (Crook, 2007). Inspired by the work of Maass and 
Crook, we implement the chaotic Liquid State Machine mode! that is presented herein. First, 
the Chaotic LSM incorporates a synaptic plasticity mechanism inside the liquid layer, which 
is an approach suggested by Mass et al. (2002) to enhance the ' Separation Property' of the 
machine. Second, the Chaotic LSM uses a minimal number of chaotic spiking neurons inside 
the liquid layer; an approach suggest by Crook (2007), which can offer a substitute to the 
nonlinear dynamics offered by a large number of simple Leaky lntegrate and Fire (LIF) 
neurons that are commonly used in the traditional design of a LSM. Third , the Chaotic LSM 
implements the theory of Delay Feedback Control (DFC) (Pyragas, 2003); on the neurons 
connections, to stabilize the chaotic dynamics of the liquid when the latter is fed with 
external input. In such chaos control scheme, the chaotic LSM operates on the critical region 
between chaos and order (i.e . operates on the edge of chaos (Langton, 1990; Natschlager, 
Bertschinger & Legenstein, 2004)) ; which can contribute to its generalization capability, 
especially since it is combined with synaptic plasticity, synaptic scaling and the use of one 
class similar training inputs (Maass, Legenstein & Bertschinger, 2005 ; Legenstein & Maass, 
2006; Legenstein & Maass, 2007). 

II. Liquid State Machines and Nonlinear Transient 
Computation 

Two necessary and sufficient conditions are required for a system to perform Transient 
Computation on time varying signais as in Reservoir Computing and specifically Liquid State 
Machines (LSM) (Maass, Natschlager & Markram, 2002). The first is called SP (Separation 
Property) and the second is called AP (Approximation Property). SP mentions that different 



171 

inputs to a pool of neurons; that constitute the Reservoir or the Liquid in LSM terms, should 
cause different transients in the pool, and similar inputs should cause similar transients. The 
AP mentions that a reliable readout mechanism should be able to learn and map these 
transients to specifie target outputs. Both properties were confirmed in the Nonlinear 
Transient Computing Machine (NTCM) mode) (Crook, 2007). To perform transient 
computation on time varying signais, the NTCM uses two Nonlinear Dynamic State (NDS) 
(Crook, Goh & Hawarat, 2005) Neurons only; in contrast to the huge number of Leaky 
Integrate and Fire Neurons hypothetically required by a LSM. NDS Neurons are spiking 
neurons that fire chaotically (Crook, Goh & Hawarat, 2005). We recreate the NTCM model , 
specifically, we exploit the effect of the neural connections ' Delay Feedback Control (DFC) 
mechanism, by imposing a neural connections' Synaptic Plasticity tuning strategy, inspired 
by the biological phenomenon of Spike Timing Dependent Plasticity. The outcome is a new 
version of a Reservoir Computer called Chaotic Liquid State Machine and it works as a one­
class classifier. Particularly, the machine can be trained on a set of ti me varying inputs. Each 
input, in the set, is a sequence of time intervals that are considered as its building blocks. 
These building blocks constitute the elementary characteristic features of every input, their 
arrangement in each input, and their slight length variations in the set, characterizes a one­
class object and thus identities its unique identity. By way of an application, we choose 
Online Signature Verification (lain, Griess & Connell , 2002) for two reasons: First, an online 
signature is a time varying input. Second, a set of instances of an online signature of a same 
person is in fact a repository of a set of ti me varying input examples that share alike kinetics. 
Note that the kinetics of a signature can be encoded as a sequence of timing intervals. 
Furthermore, the generalization of these sequences to a unique output by the means of a 
chaotic LSM is emphasized through the synaptic plasticity mechanism that operates on their 
connections weights with respect to the timing intervals and connections ' time delay. The 
Chaotic Liquid State Machine is illustrated in Fig.l next. 

s, S', 

s, S', 

Multiple Spike Input Trains Pool of NOS Same Spike Output Train 
Neurons 

Fig. 1. Illustrati on of the Chaotic Liquid State Machin e. lt shows a pool (i.e. a network ) of six chaotic spiking neurons ca lled 
ND New·ons (N0, N1, .. . N5) that are recurrently connected. Each connection has a time delay t and a synaptic weight w. The 

input consists of a set of s ix spikes patterns (S0 to S5) that are fed .to the network. Us ing Chaos control and STOP, ali NOS 
New·ons converge to the sa me spikes pattern s· considered as the output of the network . 

III. Nds Neuron and STDP Leaming 
The NDS Neuron (Crook, Goh & Hawarat, 2005) is fundamentally based on the Rossler 
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Attractor (Rossi er, 1976), which is a simpler version of the Lorenz Attractor (Lorenz, 1963). 
The NDS Neuron is a chaotic spiking neuron model, it is described by three Ordinary 
Differentiai Equations (ODEs), represented in their difference form based on Euler method as 
it follows: 

yJt) = Yi(t- 1) + c(xi(t- 1) + ayi(t- 1)) 

With initial conditions at time t = 0: 

n 0 is the neuron after spike reset value, it is set to a random number between -1 and O. 
xi(t) and Yi(t) are internai variables ofthe NDS Neuron. 

a, b, c, d, v and k are constant parameters (a =0.002, b=0.03, c=0.03, d=0.8, v=0.002, k=-
0.057) 
ui (t) is the action potential of the NDS Neuron i at ti me t, 
ui(tpre) is the internai voltage of the neuron during potentiation time (tpre) 

!Jt) is the total neuron input and is equal to: 

(1) 

(2) 

(3) 

Where, n is the number of connections ofthe ith neuron, wiJ(t) denotes the weight from node 

j to neuron i (Note that j can be a neuron or an index of an external input), Tij is the 

connection time delay (which is called Delay Feedback Control - DFC - (Pyragas, 2003)) 
from node j to neuron i. 
Yj(t- Tij) is the spike output ofneuronj at time step t- Tij. 

Vr E (N = Number of Neurons in the network) 

{
1, 

Yr(t) = 0, (4) 

8 is the threshold and equal to zero. When the NDS neuron i fires then the neuron is reset to 
its after-spike reset value (i.e. when ui(t) > 8 then ui(t) = ry 0 ). Thus, the output of a NDS 
Neuron at time t is either 0 or 1 (the number 1 is interpreted as a Spike or a Pulse). The spikes 
output pattern of a NDS Neuron is a train of O's and 1 's in a time window of length T. The 
state of a NDS Neuron, when it is in isolation, is chaotic (Fig. 2). Rich mathematical and 
dynamical system analysis of the NDS Neuron mode!; with comparison to the Rossler 
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dynamics, is provided in Alhawarat work (2007, 20 15). Further studies, analysis and 
investigations are provided in (Aihawarat, Nazih & Eldesouki , 20 13a, 2013 b; Alhawarat, 
Scheper & Crook, 20 14). In comparison to the Rossi er system, Alhawarat results en sures the 
rich dynamics of the NDS Neuron mode) in terms of its extremely large number of UPOs, the 
importance of the reset mechanism and feedback mechanism which indulge the system 
between its two fixed points and stabilize its UPOs. 

a) b) 

If (\ (\ 'f r (\ f (\ ( (\(\ r 
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x( t) 

Fig. 2. Phase space plot (a) a nd tim e seri e data (b) o fNDS New·on in chaoti c mode 

Spike Timing Dependent Plasticity (STDP) leaming rule considers the ttmmg a 
presynaptic neuron fires and the timing a postsynaptic neuron fires , in order to build-up their 
synaptic strength. STDP can be stated as "synapses that are activated slightly befàre the cell 
fires are strengthened whereas those that are activated slightly after are weakened " (Rao & 
Sejnowski, 2001 ). Detailed anal y sis of the stability of a new form of STDP leaming; 
implemented in a network of NDS Neurons, is given in our previous work (Aoun, 201 0). 
Here, we will present enhancements to this leaming rule and give further explanation on its 
functionality. 

The goal of the leaming algorithm depicted by the STDP learning rule and presented next, 
is to stabilize a network ofNDS Neurons. So, NDS Neurons synchronize their dynamics and 
converge to the same neural state ( e.g. Fig. 3a and Fig. 3c ). In other words, ail the neurons 
will generate the same spikes output pattern, while the network is fed with a stream of spikes 
inputs as illustrated in Fig. 1. After that, the network is considered as having a generalization 
over the inputs. Then the weights are saved and the network is ready to process new Input in 
a fonn ofNonlinear Transient Computation, as we will see in the next sections. 

At time t = 0, the weights are set to random numbers between 0.05 and 0.3 (Crook, Goh & 
Hawarat, 2007): 

wi1(0) = Random number between 0.05 and 0.3 

After 3000 time steps (t ;:::: 3000) which is the time given for the neurons to run in isolation 
and evolve their dynamics, the synaptic changes start to take place and the weights are 
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updated according to the following: 

(5) 

The weight update L1wi;(tpre) is driven by the following synaptic plasticity equation: 

Where, -ui(tpre) being the membrane voltage, taken as the inverse of the internai voltage 

ui(tpre)· 
Ii(tpre) is the total input of presynaptic activity normalized over the number of input 
connections n: 

(7) 

P;(t- Tij) represents the duration of potentiation of neuron j by calculating the number of 
trailing zeros between two consecutive spikes (i.e. the number of deactivation time steps that 
occurred before the activation at t - Ti;). ln other words, P;(t- Tij) is a condenser that 
handles the potentiation time of the presynaptic neuron: 

(8) 

ris the time step of the last spike that occurred before the spike at t- TiJ· This defines h the 
inter spike interval (ISI): 

r < h < t- TiJ such that Y;(r) = 1, Y;(h) = 0 and Y;(t- riJ) = 1 
a is a scaling factor set to 1 O. 

P(ui(tpre), h(tpre)) is an activation/deactivation variable; that depicts the simplest form of 
a STDP leam· 1 · fi Il mg ru e as It o ows: 

If ui(tpre) < 8 and ui(tpre) + Ii(tpre) > 8 and 

ui(t- 1) = rJo and ui(tpre) + Ii(tpre) < 8 + 0.2 L.l 

theo P= l 

If ui(tpre) < 8 and ui(tpre) + Ii(tpre) < 8 and 

ui(tpre) + Ii(tpre) > rJo and L.2 

Abs(Ii(tpre)- ui(tpre)) < 0.8 then P= l 

If ui(tpre) > 8 and ui(tpre) + Ii(tpre) > 8 and 

ui(t- 1) <> rJo and ui(tpre) + Ii(tpre) < 8 + 0.2 L.3 

then P=-1 



If uï(tpre) > 8 and ui(tpre) + lï(tpre) > 8 and 
ui(t- 1) = 1Jo then P= 1 

L.4 
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Note that the threshold is equal to zero (8 = 0), then the learning ru les (L.l , L.2 , L.3 and 
L.4) described above would imply: 
L.l implies: Spike is not expected; the neuron may fire but negatively updates its synapse. 
L.2 implies: Spike is received in phase time, (expected); the neuron won't fire but positively 
updates its synapse. 
L .3 implies: Spike is received at exact time (as expected); the neuron will fire and positively 
updates its synapse. 
L.4 implies: Spike is received late (the neuron has just fi red i.e. ui (t - 1) = ry 0 ); the neuron 
will fire but negatively updates its synapse. 

Note that Ii ( tpre) is being catalyzed and should re main in equilibrium with interna! potential 
changes of the neuron, thus and after synaptic changes the following reaction takes place: 

(9) 

Since, 

( 1 0) 

Then and finally , the result of ali synaptic changes ; that affects the internai voltage of the 
neuron , after being catalyzed at pre-synaptic activity, would be: 

( 1 1) 
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Fig . 3 . Oisplay ing the activity of NOS Neurons w hen STOP is used: (a) and (c) are UPOs of two NOS Neurons, and the ir time 

se ri es (b) and ( d ) respecti ve ly, showing synchron ization and peri odi c output, ( e) shows weights stabi 1 ization o f the synaptic 

connections. 

By following this mode of STDP learning, NOS Neurons are able to stabilize the weights 
of their connections and synchronize their outputs to identical periodic spiking patterns, as 
we can see in figure 3. We note that very fast stabilization takes place (Fig. 3e). ln 
comparison to Aoun (2007), enhancements where made in rule number 1 and rule number 4. 
Now, these rules allow an inhibitory effect on the synapse. Also, to avoid overweight, the 
neuron input is normalized (7) and boundaries were set through the learning rules (L.l to 
L.4). Furthermore, by introducing Pj(t- Tij) instead of Yj(t- Tij) while calculating the 
input to the neuron, then the spike has more information to provide to the postsynaptic 
neuron (i.e. it embeds, at its onset, the duration ofpotentiation of the presynaptic neuron). 

IV. Signature Coding and System Architecture 
Online Signature techniques rely on many features that characterize the uniqueness of a 

signature like the speed, the acceleration, the torque, the X and Y coordinates, the pen 
pressure, the series of pen-ups and pen-downs ... So, we plan using such features ; provided 
from user samples and template signatures that are available from the signature database 
SVC2004 (Yeung, Chang, Xiong, George, Kashi , Matsumoto & Rigoll , 2004). 

lt was shown in Lei & Govindaraju (2005) that the X, Y coordinates, with the speed of 
writing and the inclination over the x axis are the utmost significant features that make a 
signature unique. Also, since the velocity and the angle above the x axis already incorporate x 
and y (For instance, the angle a above the x axis can be derived from cos( a ) = SpeedVector 1 x 

(Lei & Govindaraju, 2005)), then using x and y as the signature features is enough and 
adequate to analyze online signatures. 

The input data given by Yeung et al. (2004) is originated from a pen tablet, soit should be 
normalized to a consistent range of values. We choose a range from -1 to 1 (Fig. 5a and 5b). 
Furthermore, it was shown in Lupu et al. (2009), that TESPAR (Time Encoding Signal 
Processing and Recognition) (King, 2004) is a reliable coding scheme for online signature 
recognition. A TESP AR stream of symbols is built using the minimum or maximum of a 
function with the zero crossing points. To encode the signal (e.g. the signature), we build a 
similar coding scheme like the TESP AR coding (King, 2004) by using the stationary points 
(relative minima and relative maxima) ofthe function x times y (Fig. 5d). We decided to use 
the product x times y, because multiplication has order preservation (i.e. if one of the values 
is negative and the other is positive then the order is negative. However, addition for instance 
doesn ' t preserve the order of operation ... ). ln our coding scheme, a symbol stream of O' s and 
1 ' sis generated according to the following: 

If the value of x times y is not a stationary p oint, then the symbol is equal to 0 
If the value of x times y is a stationary point, th en the symbol is equal to 1 

Finally, a signature is transformed to a symbol stream ofO ' s and 1' s (e.g. 00101000 ... ), 
as in Fig. 5e, which is considered a spike train and fed as input to the network. This process 
that starts from normalizing the raw data to generating spike trains is called the digitization 



process as indicated in the system architecture in Fig. 4. 
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Output 
G: Genuine 
F: Forgery 

The system architecture is divided into two phases following the diagram provided in Fig. 4. 
In the first phase, STDP is On and a set of different spike input patterns (genuine signatures 
of a person) is provided to the network for learning. All neurons converge to an identical 
spikes output pattern, we cali it: The Hypothesis. This Hypothesis is a generalization of the 
genuine signatures of the person. lt is used in the testing phase (Phase 2) for comparison. 
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e) 

-

-

Fig. 5. S ignature coding. (a) i the motion o f the x coordinate vs . the time steps denoted as t. (b) is the motion o f the y 
coordinate vs . the time steps denoted as t. The input data of(a) and (b) comes from the seri ai port of a pen tablet w here a person 

s igns and is nonnal ized to the range - 1 and 1. We genera te ( c), ( d) and ( e) from thi s input data. ( c) is the plot of y vs. x which 
o nly shows the sig nature. (d) is the plot of the product o f x and y vs . t, w hich w ill be used to generate a spike tra in . (e) is a spike 

tra in th at indi cates the stationary po ints of the product of x and y . 

Similar scenario occurs in the testing phase, however, in this phase STDP is Off; the 
weights of the connections are now stabilized, so they are kept fixed and won ' t undergo 
anymore changes. We have a single input spikes pattern to test (a single signature that we 
don ' t know if it is Genuine or Forgery). This single pattern is propagated to ali neurons. In 
the testing phase, we apply NTC. 

The Separation Property (SP), which is the first necessary and sufficient condition for NTC, 
says that similar inputs to the network should cause similar transients and different inputs 
should cause different transients (Crook, 2007). So, the transient spikes pattern that is 
generated from the network in the testing phase is compared to the Hypothesis that was 
generated in the training phase. The comparison is carried using a similarity measure called: 
Hamming Distance. Hamming distance indicates the number of errors (bit differences) 
between two patterns. Thus, each transient will have a hamming distance. A high hamming 
distance means: no similarity between the transient and the hypothesis, which indicates 
forgery. A low hamming distance means: little errors between the transient and the 
hypothesis, which indicates genuineness. 

V. Experimental Results 
We have 6 NDS Neurons recurrently connected to each other with no self-feedback 

connections, as in Fig. 1.-

Each input is connected to ali neurons. Ali the weights of the connections are set to random 
values between 0.05 and 0.3 (Crook, Goh & Hawarat, 2007). Ali neurons start with random 
initial conditions (i .e. the internai voltage u of every neuron is set to a random value between 
-1 andO). 

First, the network runs for 3000 time steps so the neurons can evolve their dynamics. They 
run in isolation (i.e. The connections delay feedback control ris set to 0 for ali neurons). 
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At ti me step 3001 , the delay feedback control r is set to 200 and every neuron in the 
network is fed with a digitized signature of the same user. Note that r is set to 200 so the 
neuron state time window contains the signature time steps, this is because we selected 
signatures from the database in (Yeung, Chang, Xiong, George, Kashi, Matsumoto & Rigoll, 
2004) that have time length Jess than 200. 

The network runs for 9000 steps. In these 9000 steps, the network is in leaming mode 
because STDP is goveming the weight updates. It was observed that 9000 steps are more 
than enough to ensure stabilization. Ali the neurons in the network stabilize to the same 
spikes output pattern, that we cali The Hypothesis, as in Fig. 6a. 

At time step 12000, STDP is tumed Off and the network is fed with spike trails of O' s. 
The network runs for 6000 steps with input trails of O' s and this is to ensure that in the testing 
phase, no neuron will have input residue from the past. 

At time step 18000, the Network (i .e. the pool of NDS Neurons) is fed with a Genuine 
Signature for testing. The Network runs for another 6000 steps and the neurons converge to a 
transient pattern as in Fig. 6b. 

Again, the network runs for another 6000 steps with input trails of O' s to clean the path for 
future inputs and ensure that no trace ofprevious input exists in the dynamics of the network. 

At time step 24000, the pool ofNDS Neurons is fed with a Forgery signature and runs for 
another 6000 steps. The Network converges to a new transient pattern as in Fig. 6c. 

As we can see in Figure 6, the genuine transient spikes pattern (Fig. 6b) - caused by a 
genuine signature - has many correlations with the Hypothesis (Fig. 6a) and less errors than 
the forgery transient spikes pattern (Fig. 6c) - caused by a forgery signature - which has Jess 
correlations but more errors when compared to the Hypothesis. 
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Fig. 6 . Evolution of the system: (a) is the Hypothes is retri eved a fter the training phase. (b) Genuine and (c) Forgery are 
Transients of testing s ignatures. Note that, both (b) and (c) have pike correlations with (a). However, (c) has more errors than 

(b) when compared to (a), because (c) is a Transient o f a Forgery s ignature. 

VI. Analysis Using F-MEASURE 
In a test ex periment ( e.g. Table 1, First row ), after the network has generated its 

Hypothesis, the system is fed with 3 genuine signatures one after the other (separated by 
trails ofO ' s, like in the previous section). 

~--~----T~A~B~L~E_I_. _A~c~cu~·~·a~cy~o_f~th~e~s~y:st~e•_n~b~a~se~d~o~n~th~e_F_-M~E_A~S~U~RE~~----~ 
USER GEN UIN E Thresho ld GEN UfN E FO RGERY F-measure 
r----+---.---.---+--------~-------.--~-------.--~------4 

1 33 34 3 1 32.6 32 29 3 1 3 1 34 34 0.86 
~---+---+---+---+--------~--~--~--~--~--~--~------~ 

2 3 1 34 32 32.6 29 29 29 36 37 36 1 
~---+---+---+---+--------~--~--~--~--~--~--~------~ 

3 32 35 37 34.6 34 37 33 36 38 39 0.80 

4 37 38 40 37.6 38 36 36 40 39 39 0.80 

Average Accuracy: 0.86 

The Hamming distance of each of their transients is recorded. These hamming distances 
are: 33 , 34 and 31. The average of these hamming distances is calculated and is equal to: 32.6 
(We cali it: Threshold) . The Approximation Property (AP) of NTC, which is the second 
necessary and sufficient condition for computing ·with perturbations, says that a readout 
mechanism should exist and is able to classify the transients (Crook, 2007). This Threshold 
acts as the AP. 



182 

Now, the network is fed with 6 signatures (3 Genuine and 3 Forgery), one after the other. 
The goal of the system is to detect which of the signatures is Genuine and which is Forgery 
by comparing the hamming distance of each of their transients to the Threshold. To be 
considered Genuine, a transient should have a hamming distance :S Threshold. To be 
considered Forgery, a transient should have a hamming distance > Threshold. 

To evaluate the accuracy of the system (i.e. the percentage of decisions that are correct) 
we use the F-measure. F-measure is the harmonie mean of Precision and Recall. 

2 *Precision* Recall 
Fmeasure = --------­

(Precision + Recall) 

TP Precision 
TP Recall = (TP + FN) 

(TP + FP) 

TP (True Positive) me ans the signature is Genuine and it is truly considered Genuine because 
its transient has Hamming Distance :S Threshold. 
FP (False Positive) means the signature is Genuine. But, it is considered as Forgery because 
its transient has hamming distance > Threshold. However, the hamming distance should have 
been :S Threshold because it is Genuine. 
FN (False Negative) means the signature is Forgery. But, it is considered Genuine because its 
transient has Hamming Distance :S Threshold. However, the Hamming Distance should have 
been > Threshold because it is Forgery. 

For the first row in Table 1, we have: 
Precision = 31 (3 + 0) = 1; Recall = 3 1 (3 + 1) = 0.75 
F-Measure = 2 * 0.75 * 1 1 (0.75 + 1) = 0.857142 ~ 0.86 

As another example, we take the third ex periment (Table 1, User 3), we have: 
Precision = 2 1 (2 + 1) ~ 0.666667; Recall = 2 1 (2 + 0) = 1 
F-Measure = 2 * 0.666667 * 1 1 (0.666667 + 1) ~ 0.8 

As we can see in Table 1, we run four experiments and calculate the ir F -measures, in 
order to estimate the accuracy of the system. The results show that the system is reliable in 
classifying time varying signais; which are Genuine and Forgery Online Signatures, by 
showing 86% of Accuracy on average. 

VII. Discussion 
Our approach and the basis of Cognitive Informatics: 
Wang et al. (2013) say that "the internai information processing mechanisms and processes 
of the brain and the mi nd form the basis of Cognitive Informatics" . They are the first to coin 
the tenn Cognitive Informatics in the International Conference on Cognitive Informatics 
(!CCI) in 2002. According to Wang et al. , "Cognitive informatics studies the natural 
intelligence and the brain from a theoretical and a computational approach . .. " (Wang et al. , 
20 13). Furthermore, they consider Cognitive Informatics as the third leve] in the hierarchical 
study of brain science where neuroinformatics and brain informatics are the preceding two 
levels . In our study, presented herewith , we approached the exploit of chaotic nonlinear 
dynamics in the goal of artificially imitating cognitive processes and their out coming brain 
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states, like leaming a stimulus and performing its memory recall. This is achieved by 
representing the generalization of a set of stimulus as an orbit in the state space of a chaotic 
attractor. We cali this orbita Hypothesis and we consider it as a memory block. 

"Specifically, we investigated the exploit of the theory of chaotic nonlinear dynamics via 
NTC and STDP, in arder to imita te cognitive processes,· like memory formation and recall, 
which are explained by the the ory of chao tic neurodynamics" (Aoun & Boukadoum, 2014) 

ln this regard, we refer to the discussion of Perlovsky & Kozma (2007) on NeuroCognition; 
where he describes brain processes based on chaotic neurodynamics, and we relate it to our 
theoretical and computational approach. Perlovsky says "A complex brain state is 
characterized by a trajectory over a chaotic attractor landscape. The system dynamics may 
reside for a brief time period in a localized attractor basin, be fore it transits to another basin. 
The presence of a given sensory stimulus may constrain the trajectory to a lower dimensional 
attractor basin. Once the sensory stimulus is removed, the trajectory switches to a higher­
dimensional dynamics (Jess concrete, Jess conscious state) until the next sensory stimulus 
constrains the dynamics again (to a concrete perception)" . This is weil observed in the 
activity of our pool of NDS Neurons. First, when they are faced with a stimulus, they 
converge to a single UPO in the NDS Neurons attractor phase space. Then, they are able to 
switch to another UPO when they are faced with another stimulus. The UPO represents the 
concrete perception of the stimulus. The fact that NDS Neurons have an infinite number of 
UPOs in their dynamic reservoir (Crook, Goh & Hawarat, 2005) makes them favorable in 
modeling such form of cognition. Accordingly, our approach settles in the context of 
Cognitive lnformatics (Wang et al. , 2013) and its objectives in brain science studies. 

Spike Coding, Periodicity, Synchronization and Modeling Attention as Consciousness to 
Stimuli: 
Pulse Frequency Modulation (PFM) is a "signal transformation function that converts an 
analog sensory signal into a sequence of impulses where the frequency of pulses per second 
(pps) is proportional to the intensity of the stimuli" (Wang, 2013). ln reference to Wang 
(20 13), 'The Pulsed Frequency Modulation Principle of Neurology' (PFMPN) states that the 
"general form of neural signais in the central nervous system (CNS) and Peripheral Nervous 
System (PNS) is uniformed PFM" (Wang, 2013). PFMPN falls under the umbrella of the 
traditional rate-coding paradigm of neural coding. This is because PFMPN considers the 
classical and trivial interpretation of the response of a neuron to a stimulus, based on the rate 
of the neuron 's spikes output firing activity that is being generated due to the intensity of the 
presented stimulus (i.e. PFMPN solely considers the frequency of the neuron's spikes that are 
being fi red in a specifie ti me window, relative) y to the amplitude of the electrical current 
caused by ·the corresponding stimulus). For instance, the interpretation of the mean firing rate 
of spikes provides the strength of the input stimulus being presented to the neuron. 
Notwithstanding the fact that rate-coding paradigm is a convenient and trivial neural coding 
methodology which is classically considered in the understanding, depiction and analysis of 
neural information processing. Above and beyond, we acknowledge that synchrony and 
correlation of spike timing in a population of neurons could "con vey information beyond the 
firing rate" (Mass & Bishop, 1999). For instance, periodic signaling and oscillations serve as 
a reference signal and are found in the hippocampus and the olfactory cortex where the 
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oscillations repeat periodically while there is no change in the input stimulus. These periodic 
patterns of spikes are driven by a background oscillation (similar toNDS Neurons ' behavior 
in the pool). This assumes that "the reference signal is not a single event, but a periodic 
signal" (Mass & Bishop, 1999). For instance, it was shown that the spatial location of a rat is 
correlated with phase spikes during oscillations that occur in the hippocampus (Mass & 
Bishop, 1999; O'Keefe & Recce, 1993). 
We refer to lzhikevich (2006): " Synchronization ... should be so rare and di ffi cult to occur 
by chance that when it happens, even transiently in a small subset of the network, it would 
signify something important, something meaningful , e.g. , a stimulus is recognized, two or 
more features are bound, attention is paid" (Izhikevich, 2006). Thus, synchronization with 
exact spikes timing correlations is very adequate to neural information processing and could 
delineate higher level of cognitive processing capabilities like ' attention as consciousness to 
stimuli'. This makes the synchronization process presented herein this work very relevant. 

On Chaos: 
1t was conceived that eye movements are indicators of cognitive mechanisms that interlay 
thinking, perception (Wang, 20 14 ). Furthermore, the ir occurrence is essen ti al for the 
manifestation of Long Term Memory (LTM) (Wang, 2014). Hence, it was shown that 
decreased nonlinear complexity of Electroencephalography (EEG) time series and their 
chaotic activity in Rapid Eye Movement (REM) sleep, indicates diminished ability of hum ans 
(as is the case of patients with schizophrenia) to process information (Keshavan, Cashmere, 
Miewald & Yeragani , 2004). Thus, chaotic activity; analyzed through the dynamics of 
population of neurons, is an important feature th at characterizes the performance of cognitive 
functions. This strengthens the assumption that Chaos "may be the chief property that makes 
the brain different from an artificial-intelligence machine" and "Chaos constitutes the basic 
form of collective neural activity for ail perceptual processes and functions as a controlled 
source of noise, as a means to ensure continuai access to previously learned sensory patterns, 
and as the means for learning new sensory patterns ... " (Skarda & Freeman, 1987). 

Emulating chaotic neurodynamics: 
Emulating chaotic neurodynamics is a fundamental strategy in the design of new models of 
artificial neural networks, and it will have enormous benefits in enhancing neural information 
processing, particularly memory storage and retrieval. The current paradigm to mode] the 
human memory relies on learning with prototypes. Then, anything that deviates from the 
learned prototypes during the recall stage is attributed to noise and it is hoped that the 
generalization capability of neural networks will be able to filter it out. However, prototypes 
are not natural in real life, and learning is accomplished with exemplars. Whether the mind 
extracts prototypes from the exemplar and how, if so, is still an open question. Nonlinear 
dynamics might provide the answer. For instance, strange attractors in a chaotic neural 
network could model the memory process not as one where specifie prototypes are learned, 
but rather as one where ali the exemplars associated with a memory recall are stored in the 
orbit of the strange attractor, the latter serving as "global prototype". ln this way of viewing 
the memory processed, the notion of single point prototypes disappears and exemplars are no 
longer prototypes corrupted with noise ; instead, they are the actual building blocks of 
memory . 
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We support this memory-processing hypothesis by referring to Freeman ( 1994) the ory of 
chaotic neurodynamics. Freeman suggests that memory states are based on strange attractors . 
Specifically, he gives as an example the wings of the Lorenz Attractor (Lorenz, 1963) to be 
considered as memory states. 

Freeman postulates: 

"ft is the Hebbian nerve cell assembly that provides the basis for generalization from 
examples to significant classes of input, and that guides the whole bulb during a state 
transition, when the bulb has been destabilized by input ... The altered state is manifested by 
a brief aperiodic oscillation called a "burst" that constitutes the cortical response to the 
stimulus... One way to view the operation of responding to input is to postulate th at the 
olfactory system has a global attractor that resembles a Lorenz attractor in having wings, but 
instead of two it has many wings, one for each class of input that it can discriminate " 
(Freeman, 1994 ). 

ln our case, the global attractor resides in the dynamics of a network of NDS Neurons, 
where each of its wings is a UPO. This UPO is a neural code; it is considered as a memory 
block and represents a class of inputs. Inputs are generalized using Aoun (20 1 0) mode! of 
STDP, which is a form of Hebbian plasticity. They are processed using NTC (Crook, 2007), 
which is a form of computing on perturbations. 

VIII. Conclusion 
In this work, we presented enhancements to our mode! of STDP within NDS Neurons 

(Aoun, 2010). Also, we showed that this mode! allow these neurons to stabilize their 
connections' weights, so they can perform Nonlinear Transient Computation (NTC) (Crook, 
2007) and learn time varying signais ( e.g. Signature). A network of chaotic spiking neurons 
called Nonlinear Dynamic State (NDS) Neurons was able to leam the genuine signature of a 
person and detect its forgeries. 

The signature example is a one-class classification problem. For multiple classes, we will 
have multiple Hypotheses. ln consequence, a different readout mechanism should be 
considered, like a Naïve Bayes classifier. 

Finally, a NDS Neuron has a theoretically infinite storage capacity (Crook, Goh & 
Hawarat, 2005, 2007), which is a wide range of Unstable Periodic Orbits (UPOs), considered 
as neural states that it can settle onto. In our case, a neural state is the manifestation of a 
dynamic signature. We used a network of 6 neurons only to leam and classify genuine versus 
forgery signatures, coded as input spikes patterns (i.e. bitstream), each of length 200 . 
However, a Multi Layer Perceptron would have required a minimum of 401 neurons (200 for 
the input layer, 200 for the hidden layer and 1 neuron for the output layer) ... This emphasizes 
the hypothesis of using NDS Neurons to optimize the memory capacity of artificial neural 
networks (Crook, Goh & Hawarat, 2005 , 2007). 
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