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ABSTRACT

The behaviour of computer simulations of networks of neuron-like
binary decision ‘eLements is studied. The models are discrete in
time and deterministic , but the sequence of states of neurons in
a net is not generally reversible in time because of the threshold
nature of neurons. Self-organisation, or activity-dependent
modification of interneuronal connection strengths, is used.
Cyclic modes of activity which emerge spontaneously, underly
possible mechanisms of short term memory and associative thinking.
The transition from seemingly random activity patterns to cyclic
activity is examined in isolated networks with pseudorandomly
chosen connection matrices; and the transition is related to the
gross properfies of the network. Nets Wwith inherent structure
(from pseudorandom nature) and imposéd structure are studied. When
cycles of Length greater than, say, 12 time units are considered
separately from the Less <complex, shorter <cycles; the afore-
mentioned transitions appear to be consistently rapid, compared to
the <c¢ycle Length, unless architecture is imposed such that nearly

independent groups of neurons exist in the same net.
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CHAPTER 1

INTRODUCTION

Artificially intelligent expert systems are becoming more and more sophisti-
tated and the basic physiology and anatomy of the neural networks in the
brain are better understood, but these two disciplines are not converging to
promote an understanding of how the brain works. The number of interneuronal
connections s vast (1014in man) , making it practically impossible to map
the <connections in even a small section of the brain, yet it is these con-
nections that cause the collective behaviour of neurons that allows complex
functions of association memory, abstraction etc. By extensive computer
simulations of neural networks, it is hoped that the fundamental conditions
necessary for a system to be capabLé of higher functions will be better
understood. This area of research must not be confused with "Artificial
Intelligence”™ which deals with (useful) simulation of the performance

¢characteristics of experts with "true” intelligence.
CHAPTER 1

In +this <chapter, the main reference is to the paper written by Clark,
Rafelski and Winston, in which the authors describe a discrete time neural
network model characterized by a matrix of connection strengths which are
quasi-random and may be adapted in time. They studied the self-organisation
(via plasticity algorithms) of the neural nets, which revealed the
reéitience against catastrophy and the richness of cyclic activity of brain-
washed nets. These same nets will be studied here ,with the objective of

understanding the nature of the transition to cycling.

To. simulate the behaviour of a small network of neurons, a binary state
vector was used to represent the on/off state of each neuron in the net at a
particular time. The evolution of this state vector in time was determined
step-by-step using a matrix of connection strengths between the neurons and
firing threshold ©properties of each neuron. The state vector equals the
threshold function acting on the input vector. The input vector is the

product of the connection matrix and the previous state vector.



The behaviour of interest was repetitive patterns in the history of the
state vector. The information in the net, that is, in the synaptic coupling

and the thresholds, is transformed into the evolving pattern of the state

matrix.

Elements of Neurophysicology Pertinent to the Network .Model

The diversity and complexity of the structure of neurons, let alone that of
small sections of cerebral cortex are such that it is necessary to make many
simplifications to model the system, yet it is valid and rewarding to study
the behaviour and capabilities of the model, with these constraints, at

least as a large steppingstone to more complicated models.

1 The neuron 3is the basic decision element. It can be in one of three
states: on, off or in a refactory state (that is, its status is off
until it has recovered from its previous firing and can once again be
‘stimulated). In other words, the information transmitted by a neuron
is. binary only, not analogue. It 1is the firing patterns of the
neurons, i.e. the history of their ON/OFF status that is of interest

when characterising the behaviour of the net.

(2> The neuron has a certain stimulation threshold above which it .fires
and thereby takes the decision that it is sufficiently stimulated. A
degree of stochastic behaviour <(random ’“incorrect’ decisions) was
introduced into the model via a noise parameter, to model the spon-
taneous firing of biological neurons. The threshold meay vary from

neuron to neuron, and as time progresses, according to function and
activity of the neuron.

The nets were modelled with fixed thresholds, the same for all
neurons, at first. Since threshold is a physiological property of the
membrane of the <cell body, it is not likely to differ much between
neurons of the same type in the same area of the brain with the.same
hormonal levels. The short term time dependence was modelled simply as
a retactory period, or the membrane potential recovery time, which
marks the minimum separation of two successive activetions.of a
neuron. Transmission across the synapse takes somewhat longer . than

transmission along the axon or dendrites of a small neuron (this is



(3

(4)

(5>

‘not a model of the sénsory system), so the synaptic time was taken to

be a unit in discrete time, and the neuron transmission time, zero.

The stimulation of a neuron is the integrated effect of synapses with
different neurons which have recently fired. The number and strength
and polarity of synapses between neurons varies from neuron pair to
neuron pair and may change in time during the learning process. The
strength of stimulation decays exponentially in time. These features
were modelled by a2 time dependent connection matrivainking N neurons
to the same N neurons. The elements could be positive or negative
(excitatory or inhibitory neurons) of any strength, and undirectional.
The time evolution of these connection strengths depends on the ac-

tivity of the neurons, and on whether selforganisation, learning,

“‘forgetting or association, etc., is being performed. These processes

‘were modelled by plasticity algorithms which <c¢hange the synaptic

strerigths in <certain ways according to the algorithm chosen. The

‘wrdccumulation of exponentially decaying stimuli to a neuron was easily

“incorporated.

Cycling, or periodic behaviour in a group of neurons, has been noticed

in the cerebellum and is believed to underlie the mechanism of short-

“‘term memory, in the cerebrum. A dynamic mechanism of storage is
“‘suggested by the fact that electroshock applied to the cerebrum erases
‘the preceeding few minutes of memory. Rhythmic fluctuations of

- .electroencephalograms also suggests a large scale periodic structure.

Hence the study of c¢yclic behaviour was of prime importance in the

model.

The cerebral cortex is made up not only of many layers of neurons, but
is divided into cortical columns that extend vertically through these

Layers. The neurons (typically ten thousand) in a cortical column are

“highly interconnected (100 to 1000 synapses per neurocon) and are more

sparsely connected to neighbouring columns. The neural network model
could resemble the <collective behaviour of a very small, unlayered
version of an element similar to a cortical column, although the

purpose of this project was not to model a column. The network’s

‘behaviour in isolation needs to be better understood before inputs can



be applied meaningfully. A smabll measure of architecture was inconr-:

porated in, the model in Chapters 4L and 5.

The Basic Model

Netsize N : Number of neurons.

Discrete time unit T

) +1 neuron active at t .
i : = = . : = 1 to N 1.1
State Variable : Qi(t) §—1 neuron inactive at t ! t o
or Li(t) = %(1 + Bi(t)) =1 o0or 0 (1.2
Refactory period of a neuron : Ri , RT is the time period after firing
during which neuron cannot fire ageain.
Connection matrix Vij(t> = An assymetric matrix of coupling

strengths of synapses from neuron i to i at time t

f

V.. > 0 7 excitator
i f j y
{ <

0 no coupling
0 j inhibitory . (1.3)

"Inhibition, a fraction of the neurons, h are chosen to be inhibitory, and

all their output Vij elements are negative.

Connectivity m s the fraction of other neurons connected to each neuron,

that is, the average number of inputs to a neuron is ANm.

These factors N, m and h are incorporated into the properties of the connec-
tion matrix . Different typesvof nets have different algorithms for

choosing the elements of the connection matrix to satisfy these properties
(Clark Rafelski and Winston ) The type of net used in this project.is
described later in this chapter.

Normatisation:

. V..(t) = Z. V.. (0) and Z V..(t) | = Z. V..(0)i (1.4)
T3 13 ] i3 i3 Vij<0 ) i) Vij<0
Stimulation of a neuron i at time t+7T:
-Tt/t ()
U.(t+7) = TV, . (t) L.(t) + e o1 u.(t) L. () (1.5)
i T O] j i i



The first term is the sum of inputs from active synapses and the second term

is the exponentially . decaying signal accumulated if the neuron had not

previously fired.

Accumuletion toiis the characteristic decay time for input to neuron i. The

-1/t . .
stimulus is reduced by a factor (e °71y each step and is zeroced when the
neuron fires. 1.6)
Dynamics
Firing decision : Li(t+T) = Er{ui(t+1) - Voi(t+f)} 1.7

where Voi is the threshold of neuron i

Er(x) is the step function with a refactory condition

The refactory condition has been taken to be a step function S(ri) where

0
1

1.8

. ) { r.(t) + 1 L.(tD
ri(t+I) = % i i

-R L. (t)
i

A dimplified version (provided a neuron is not in the refactory stage) is

Li(t) =1 iff ui(t) > V0 = universal threshold. 1.9)
Stochastic behaviour: To introduce noise, the threhold condition for a

neuron to fire was repLaced.by a probability of the neuron firing

O

P. = f [u.(t) - v_.(t)1] (1.10)
1 1 01

S

wheére f is a smooth step distribution

& 1

£ 0x) _— 1.11)

where & is a suitable parameter to model noise

Eyon . ”
and where fr = Er = refactory step function (1.12)



This smoothed step allows tor misfiring or spontaneous firing ot neurons
with stimulation close to the threshold level The decision to fire is ifvPi>’

random number (0,1).

As = = == (Low noise) the previous deterministic behaviour is resumed.

This condition was chosen for most studies.
|

The +ull state of information of a network at time't is the state vector .

=,(t), the stimulation wu.(t> and the refactory state r.(t). With no acz.
cumulation, i.e. Markovian nets and R = 1, state vector Ei is sufficient. )
Initial conditions : full information about state at t = 0 must be specified

to initiate the evolution of Ei(t)‘

External input u;(t) = Ui(t) + ei(t). (1.13>

e.(t) is an ~additional stimulus to neuron i at time t. External, time de-
1

pendent input can thus be applied to the net.

Generating the Connection Matrix and Plasticity

Using the parameters N, m and h and a pseudorandom number geherator,mth
inhibijtory neurons were chosen by letting each neuron have a probability h
of being inhibitory and comparing & random number between 0 and 1 with h,.to
make the decision, ie neuron is inhibitory iff the random number is less
than h. Similarly, 'in the connection matrix, each element had equal prob-
ability m of being used, ie Vij=0 iff the random number is greater than:m.
Unless otherwise specified, the elements used were assigned a value of unity
(or =1 for inhibitory outputs). This means that all the synaptic strengths
were initially equal, no more than one synapse was allowed from any neuron i
to j, and neurons could synapse with themselves. Although the average number
ot inputs per neuron was Nm, there was a statistical spread on this number.
This prescription for wiring must certainly have affected net behaviour.to

an extent.

A ptasticity algorithm provides a recipe for altering the synaptic
strengths, for instance, in the case of brainwashing, in order to discourage
much used pathways. There are many plasticity tracks (Clark et al., page
241). One track to promote a selforganisation (brajinwashing) is to seek out
pairs of neurons, the first of which is active at time t and the second, at

time t+1. I1f these neurons are Linked, the Link must be punished, if it is
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excitatory. If the Link is inhibitory, it has failed to inhibit, but instead
of - increasing 1ts negativity to change its effect on the second neuron, it

too is reduced in magnitude.
In short, [V 1] = évij{(1—§)vwhen LGt = L (teh) = 1. (1.14)

After each step, the <connection matrix is normalised. The value of & is
an arbitarily chosen parameter, and it may vary with time,

e.g. &(t) = ::‘;o(b)t where b is less than one, that is the value of the brain-
wdshing parameter fades during the process. Other plasticity tracks used

occasionally in this project are learning and forgetting.

Summary Table of Some Plasticity Tracks: o < & < 1

L.(t=-1) L.(t) Sign V., V../V..
J“ ) 1 1) 1) 1)
(R + [1-2] } Brainwashing
R b " - [1-8] ' }
R 1 + [1+a] )
1 1 - [1-&1 h; Learning
1 0 + {(1-5] 3
1 0 - [1+2) }
1 1 4+ 1-& 3
E 1 - 1+ & } Forgetting
1 0 + 1+ & )
1 0 >

!

-
A
|3
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Monitoring the Behaviour of the System

There are four possible types of behaviour: The activity can die out com-
pletely (death) or explode to the maximum possible activity with the given -
refactory period (epilepsy), -or it <can reach a stable state where
Li(t+ k1) = Li(t) (1.15) (cyclic state, length k) or it can keep evolving’
non-periodically during the time ot observation (non-cyclic mode).

There are a finite number of possible states in Markovian net (no exponen-— -
tially decaying stimuli) and there are a finite number of state vectors (ZN)
in any net, thus even a "non-cyclic state” eventually cycles. Considering
the possible states, the neural networks studied here repeat themselves
remarkably easily. Death and epilepsy are to be avoided, by careful choice
of threshold, by self-organisation or other methods that deflect
catastrophic behaviour. Cyclic states can have multiple periodicities:.. The:
mininum period is K. e -
I+ K = R, all neurons are either perpetually inactive, or fire as often as
allowed. Such., neurons are termed ineligible. Neurons that are sometimes: .
active and sometimes inactive without having to be in the refactory state,
are termed eligible neurons.

N

The activity of a state vector at time t is the fraction of active neurons ;

=1 N ~ .

alt) = N 121 Li(t)' (1.16)  -::.s
. L . (I S

The activity of a neuron is its average state of action : e tgq.Li(t);.\
1.17) .

A neuron is eligible it 0 < Ty < % or sometimes, more strictly, if .

25% 1 < @, < 75% 1. A (1.18).

R = % = R

The eligibility of a cyclic state is the total number of eligible neurons.

The resilience of a net s its ability to recover from very high or low -
swings in activity, or its ability to survive under changing conditions.oet. :
threshold or external stimulus.It is used here only qualitatively to distin=--.

guish resilient and non-resilient nets - ;o
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The wversatility of a net is the variation in behaviour that can be found in

the net, depending on initial conditions, threshold, stimulus, etc.

THe transient time of a net s the time after initialisation betore it
starts to cycle.

The transition time is the time it takes for the net to cycle, once parts of
the net have started to cycle. Transition time depends on how you define the
"almost cycling”™ condition. While cycling time is simply defined as an exact
‘repetition of state vector,the approach to cycling could be defined as the
s{MiLarity of states one period apart, or it could be the number ot neurons

with exactly cyclic activity.

Qutline of the Development ot the Aims of the Project

The original idea was to build a model with as many parameters and degrees
of freedom as possible "and then to set most of these to the simplest or
trivigl  case and to find the requirements for survival before introducing

complications one by one,

It was also necessary to define desirable behaviour in terms of cycling,
eligibility, and versatility and to learn how to measure the performance of
a ‘net. Rhythmic activity is interesting because of the rhythmic variation ot
eLectrdehtephaLograms and because of the «c¢yclic modes’ association with
short term memory. Eligibility is desirable because more neurons participat-
ing ~allow more room for variations and complexity. It would be useful to
know - how to store as many cycles a2s possible on one connection matrix, and
more eligible neurons would certainly help. A desirable net ought to be
resilient to noise and fluctuations in activity and input and versatile in

recognition of associated inputs and accessability of numerous cyclic modes.

How to achieve a degree ot desirability through brainwashing was a major
area of study(ch3, appendix 2). Other ideas pursued were window filters
(appendix” 27, topological structure of random matrices (ch 2), refactory
period- and accumulating stimuli (app 2), normal (individual) thresholds anc
effécts of simplest architecture (ch &4 and 5). 1deas that were touched on
were input to some neurons, forgetting algorithms, finite temperature ef-

fects, incomplete zeroing of potential after firing in response to a very
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large stimulus (frequency dependent on stimulus), a randomly chosen spread
of connection strengths, Llearning and brainwashing controlled by feedback
from net behaviour <(aiming towards self-induced self-organisation and
stimulus-induced Llearning and association.) These ideas will not be men-

tioned in later chapters.

After seafching for a collective property that changes predictably with
brainwashing, the search for an understanding of transitions to cycling was
commenced. The relatively rapid phase transitions were investigated within a
narrow, but hopefully realistic, range of parameters, and in the context of
architecture and plasticity. Why are transitions so rapid? Wwhy doces cycling
occur anyway? Does "phase" transition imply an intrinsic difference between
a state destined to repeat itself, and another very similar state? What

topology in a net leads to cyclic modes? (See Chapter 5).

A Few Problems Encountered En Route

o] The pseudorandom number generator used in this project was not as random
as some of the more sophisticated random number generators. Therefore
networks set up with the pseudorandom sequence had an uncertain amount
of structure. The purpose of self organisation (braihwashing ) is: to
reduce this structure inherent in any randomly generated network. For
the purposes of the investigations of the thesis the given sequences
sufficed. An analysis of an aspect of the structure of the random num-
bers (viz. the shortest route between pairs of neurons) is described- in
chapter 2. The Llinearlity of the distribution was also briefly examined.

The most serious consequence was that the effective connectivity was

Larger than the parameter m - which should not qualitatively affect
results.
o} Detection of the first inkling of cycling was not as simple as detecting

cycling, although the transition region preceeding the cycle was ex-
amined in retrospect, once full details of the particular cycle-were
known. The first idea usced was a correlation of the state vectors with a
one period separation. The correlation ought to be one during cycling
~and should reduce to half in a chaotic region,thus defining & transition
region as a region consistently more correlated temporally at k than-the

random region. The <correlation was buried in so mucth 'noise’ and
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coincidence at distances other than K, that other methods were prefered.

> The second method was to examine the sequence of states of each neuron
in search of sequences of length 6, identical to the latest sequence.
Length &6 was chosen because (6= Lng(T)) if T=64, which is the typical
time span considered. The minimum separation of repeated sequences was
taken to be the period it the interim states also matched up, ie the
i whole c¢ycle followed exactly. This provided the first clue that the
various neurons all start cycling within a short range of time. Finally,

the Length of the transition was found by tracinc the periodic sequence

of states of each eligible neuron back in time until a mismatch occurred

and the time elapsed from the moment the first neuron cvcled to the

moment all neurons c¢ycled together , was called the transition. This can

also provide a false impression, e.g. when a couple of neurons cycle
early, with some-'simpLe cycle which becomes incorporated in a longer

cycle Later.

o . The efficiency of the programme was essential toc realise the maximum
“»tépabitity of the available computing power. Failure to optimise in any
r-extreme way, Limited the storage space to N = 200 for 500 steps (close
*to the maximum dimensions of the programme). See Appendix 1 for a ver-
“"7sion of the programme.
~*In “some instances, important information 1is lost if only the total
T activity at each moment is monitored instead of the entire state

wvector; or if only the time average activity or complete cycling are
monitored. To comment on neural networks, in a general way, is difficult
*"because each net is so different. The programme must efficiently give
all important informetion without recording vast amounts of detail, for

instance, the role of apparently trivial dead neurons or active neurons

“"may be important.

o ¢ Considering the difficulty in controlling self-organisation, the process
of Learning must be quite critical. There needs to be an input (of what

" ‘nature and what strength?) and some kind of output which signals recog-
‘nition of the input (cycle information?). The duration, sequence, and

strength of plasticities (learning, <consolidation and attention). all



15

need to be right to successfully Learn only one input, let alone opo~
timising the amount of stored information in a net, which can be
reasonably retrieved. Various attempts at learning were interesting but’

not in the main stream of the thesis

The nets dealt with were very small compared to elements of the brain.
It is quite possible. that there are drastic cthanges in.behaviour when :N.
is wvastly increased, but hopefully these are'onLy quantitative and nat: -
qualitative. The wedge effects are reduced, in a way, by introducing:
normal thresholds.

See chapter 2 for the outcome of a brief study on the topology of random

matrices.
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CHAFTER 2
Topology , distances and quasirandom numbers

Topology in terms of minimum distance between neurons

One of the first checks that can be done on a random number generator
is to run a Llong sequence of random numbers and to ensure that the
probability distribution is <constant . More important for neural
networks, however, is the possibility of sequential structure in the
quasirandom seguence. A physically relevent measure of this structure
ig Y the distribution of the shortest distance between each pair of
neurons, the distance being the number of synapses or connections en
route from one to the other. The distribution of the distances for a
given quasirandom network can be compared to theoretical expectations,
obtained from an ensemble of perfectly random nets, and to results for

nets with imposed topological structure.

THEORETICAL DISTRIBUTION OF DISTANCES BETWEEN NEURONS IN A RANDOM NET
Consider &a net of N equivalent neurons, with Nm outputs (inputs) per
neuron on average. N is very large and 0 < m < 1. The trivial minimum
distance of zero from a neuron to itself is not considered , so all
distances are greater than zero.

Consider an average neuron ,"a” with Nm outputs . The distance from

neuron 'a’ to each of the N neurons in the net must be found:

Define (k) number of neurons at distance k from

(1)

neuron

REM(k)D number of neurons at distance greater than

k from neuron "a’

r.',] =

= N - =0r) 2.1
r=1
Neuron "a’ has Nm outputs = netsize * connectivity ,
therefore =01) = Nm (2.2
The number of neurons left over is N-Nm therefore
REM(C1) = N(1=-m) (2.3

One of these outputs ,heuron 'b’, will have outputs to Nm neurons,
some of which are reached after one step from neuron "a’,and the rest
0of which are thus at distance 2 from "a’, that is, a fraction m ot the
REM(1) neurons left = mN(1-m) new neurons reached vie neuron ‘b’
leaving a smaller pool of unreached neurons numbering

REM(1)-mREM(1) = N(1-m)(1-m) neurons lLeft over
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Neuron 'a’ has.Nm outputs Like neuron "b’, each of which reaches to a
fraction m of the neurons left over, thus reducing the pool of left
overs by a factor (1-m). ALL Nm of these outputs Llike "b" will Lleave
REM(‘I)*(’I-m)Nm = N(1-m)Nm+1neurons unreached after 1 or 2
steps
REM(1)%(1-m) " (2.5)
REM(1)* (1-m) 1

i

Theretore REM{2)

1"

The recursion relations for finding (k) and hence average distance

are

REM(k+1) <o

(k+1)

i1

REM(K)*(1=-m)™ } (2 6)
REM(k) - REM(k+1) 3}

1]

The probability of having distance k between any two neurons is -(k)/N

2.7)
: _ kma x
Average distance k = Z k¥ (Kk)/N » (2.8)
k=1
See figure 1 : theoretical distances as functions of N and M.

DISTANCES BETWEEN NEURONS IN QUASIRANDOM MATRICES

The inhibitory nature of & link is of no importance in this study,
thus & Vij matrix ot mN: unit Links is generated. If the distance from
neurcn 1 to neuron 3 is d, then the ij°th component of the d'th power
of Vij will be non-zero. Thus, by taking successive powers of Vij ,and
counting the number of elements that change to non-zero at each power,
the distribution and hence the average distance are tound. The average
number of outputs per neuron in a particular net is used to calculate

the theoretical distance distribution.

COMPARISONS

Figure 1 shows the netsize and connectivity dependence of the average
distance for theoretical random nets. An interesting insight and
conclusion arises from studying Figure 1 - the distance properties of

nets size 100-300 (typically used in this thesis) diverge from those
of nets size 10 3 to 105 (the order of size of a cortical column and
Large enough to nealect "edge effects’ ) for m < .12 to .15 thus it is
important to use large nets when Looking at sparse connectivity. The
average distance for guasirandom nets is slightly larger . I believe
this is so because the inherent structure ot quasirandom nets tends to

weight Links between certain neurons, causing the distance to other
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neurons to be larger than expected. To gquantify the degree of this

structure average distances and distributions for some architectured
nets are shown in figures 2 and 3. The architecture is similar to that
used in later chapters. By emphasising connectivity in diagonal blocks
of the connection matrix, the net can be visualised as a number of
netlets with sparser Links between netlets than within netlets. The
distribution of distances, figure 3, illustrates the way structure
increases the distance between neurons, and how nets deviate less from
theory for higher <connectivity. Figure 2 shows the theoretical
average distance as a function of m for N=100, to which quasirandom
nets with or without architecture are compared. The degree of ar-
chitecture which is indistinguishable from ordinary nets is Llocal
emphasis 5 within 4 netlets , that is, there are 5 internal to 3

external connections per neurcn.

The distances in a net are differently distributed for various values
of N and m in an interdependent fashion. Increasing N with constant m
(figure 4) reduces the average distance, because there are more con-
nections per neuron, M, however, increasing N with constant M
increases the average distance because there are more neurons to be
reached by the same number of outputs. Keeping N constant, average

“distance decreases with increasing M, as expected.
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1

0.0l

Ol
CONNECTIVITY

‘Figure 1 Average distance between neurons is

plotted against connectivity m. Each line repre-
sents theoretical distances for the given net
sizes. Crosses . just above  each Line: represent

actual nets studied.
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Figqure 2 The average distances (number of synapses)
between neurons is shown as a function of connec-
tivity m, on a Log scale. The lines represent
theoretical values (solid for N=100 and dashed for
N=100 000> The circles represent quasirandom nets
(N=100) with varying degrees of architecture, with
ordinary nets as solid circles. The points furthest
above the Lline are for the most structured nets
where each neuron is connected only to its nearest
neighbours. The mildest architecture (nearest the
Line, is 4 netlets with emphasis 5 times on inter-

nal connections, (5 internal:3 external)
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Fiqure 3 Each probability distribution shows the
theoretical distances (solid Lline) compared to a
quasirandom net (dashed line). The top three show
decreasing connectivity and the \ower three show
increasing architecture, The emphasis is the ratio
of internal to external connectivity 4or & netlets

of a net sized 100. See the start of chapter 4.
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Figqure ¢ The probability distribution of the
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theoretical values and dashed lines, quasirandom
nets.
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Distribution of number of connections (in or out) per neuron

Since each element of the connection matrix is independently chosen to
be O or 1 with constant probability (it no architecture), the dis-
tribution of inputs perbneuron is binomial. Since m is not very small,
the Poisson approximation is inapplicable. Figure 5 shows binomial
distributions of inputs compared to actual distributions for various
average M wvalues. The average M in each net tends to be 0 to 10%
Larger than the expected value of Nm, since the random seguence is
unevenly distributed. The wvariances of the distributions are lLarger
than expected for certain values of m. This implies that choice ot the
connections is not entirely independent. The shift in average M only
indirectly affects network behaviour, and can be accounted for, but
?_the Large wvariance affects the choice of threshold type, since some
neurons have many more inputs than others, and different thresholds

would be appropriate to make best use of each neuron.

! BINOMIAL DISTRIBUTION. -

t‘For a given netsize,N, and connectivity,m, probability tor a neuron to

have r inputs 1is P(r) = mr(1—m)N_rN! /Trt(N=r)!] (2.9
average input <r> = Nm (2.10)
€§vpriance gf = <r® - <> Nm(1-m) (2.11)

" COMMENTS ON CHAPTER 2

;'Studying the topology of nets via distances between neurons indicates
. even in the theoretical distance distributions, that “edge effects’ of
'smaLL nets become noticeable in sparsely connected nets,in that the
average distance between neurons increases sharply above 2. I imagine
:that the <cyclic modes found in the dynamics of a net retate tc the
s'distance ,large distances being related to more complicated, Longer
fcyﬁles. Structure in nets is seen to raise the average distance
Q;SL?thLy ,in the theoretical distance calculation and in the case of
iinherent structure in guasirandom nets. An interesting study of topol-

T.?o"émy""_after brainwashing could involve extending the concept of distance

!

ot
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to deal with non-unitary connection strengths.The study ot the dis-

tributions of inputs per neuron shows an extent of non-randomness that

must be used to qualify later conclusions.

NUMBER OF INPUTS —

O 2 4 © B 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48

Y T T L AN T T T T T

D N*100 m=0.05
m'0.05
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¢ =2.04
u
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m=0l

mt=0.l
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DISTRIBUTION OF INPUTS PER NEURON

FOR VARIOUS VALUES OF m
BINOMIAL DISTRIBUTIONS N,m =-=-

.

10 ¢+ 4
N=100 m=0.2
5 | _m*=0.22 ]
M=22.24
0 == -l -~ G468 ]
13 20 22 3
15 I
shift 50
10 t —_—
5 3
or —
- 4 S o s Y . A
Figqure S The distribution of connections per

neuron is shown for various values of connectivity

(N=100) The binomial distribution (lines) can be

compared to the actual distributions found

(histogram).



CHAPTER 3

The influence of hard-wired network parameters on cycling.

The behaviour of thke net is studied for a variety of net sizes, connec-
_tivities, inhibitory fractions and brainwashing strengths. The occurrence of

rdeathr;” epilepsy, cycling and noncyclic states are studied, as well as

iaspec;s of cycling, including cycle Length, transition time and eligibility.

fAccumuLation, refactory conditions and probabilistic firing conditions are

%exgqued from the study, and uniform thresholds and standard initial connec-
ition.strengths of unity are used

i
H
i
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Definitions

Transient time : From initialisation to onset of cycling

Transition time : From the time the first neuron cycles with period k to
the onset of cycling of whole net. .-
Participation : "The number of neurons in the cycle which are neither .

always on nor always off.
Non-cycling nets : Nets which (feor initial conditions given) take

relatively long to find a cycle. After searching for . -

500 steps,va run is deemed non-cycling.

Symbols used in this chapter

K : Period of cycling
Part : Number of neurons participating in cycle

Elg. : Number of eligible neurons

i.e. 25% < Eﬁ < 75% for transient and cycle

to : Transient time (To in tables) N .
&t : Transition time (Tt in tables) .

E% : Relative transient time (w.r.t. cycling period) P "
#k > 2 : Number of runs which lead to cycles longer than 2, expressed as_. .

a fraction of the number of runs in the set.
#k > 12: Fraction of runs in a set which Lead to k > 12.

* : Typically used for runs which didn't cycle in 500 steps.

3

Brainwashing' s fractional change in connection strengths.

m

Uniform threshold = half the average hardwired input per neuron.
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Parameter Sets used in _this Simulation

Code Number 5 7 10 11 12 13 14 15 16 17 18

~ne
(on]
-
-
p=J

15A 18A

N=Net size 100 50 100 60 60 60 60 20 60 20 .15 100 ¢0 20 15
M=Connectiv.% 20 20 8 15 g 30 30 30 15 15 =20 8 15 30 <0
h=Inhibitory% 35 35 35 35 35 35 35 35 35 35 25 45 35 25 35
Z=BW fraction 10 10 0 10 10 10 5 10 5 10 10 10 10 10 10

The +irst brief examination of transition time of a net from unperiodic to

complete <cycling, indicated that the transition was shorter than the cycle
Length (typically %k) as if there were a conspiracy amongst participants in
the <cycle, rather than persuasion by certain neurons in a strong or stable
cyclic mode for other neuron to join the cycle. The immediate guestions were
(1) does brainwashing change this (2) are there exceptions and when do they

occur, and (3) what effect does changing N, m and h have?

Computer Study Outline (PNOV series)

A number of parameter sets (N, m, h, &) were chosen (see above). For each
parameter set, 3 or 4 different random nets were generated. Each net was run
for a number of different thresholds ranging from .5 to 1.2 of the calcu-
lated threshold & = = Vij/ZN‘ The net was then brainwashed and run for a
number of different brainwashing conditions (duration of and threshold
during brainwashing). Firstly, averages of various measurements of the runs
for each parameter set can be used to gain a rough idea of the effect of
parameters on period, eligibility, success at finding cycles and the transi-

tion time.

Survival

Networks in the parametér ranges N = 15 to 100, m = 8 to 30%, h = 25% to 45%
ie those under study, are fairly sensitive to threshold and are thus liable
to die after a number of steps even when they have been brainwashed a
Little. For this reason a resusctitation loop for dead nets was used. When a

.net died, the threshold was reduced by ten percent and the act{vity
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reinitialised. FEach net, washed or unwashed, was run and revived if neces—
sary, until cycling occurred or until the 500 step Limit was reached.

The threshold at the start of each run was 1.2, 1.7, 1 or 0.9 times the,
expected threshold, =. See eppendix 2. Thus it was expected that thresholds

of 1.2 & and 1.1 & would often cause a net to die. Observation shows that.-
only marginally more of the above average threshold runs die out, but higher..
threshold nets tend to die more times in succession than lower threshold
nets. There seems to be no useful pattern. The dependence on parameters_ ot .
the likelyhood of death was studied by comparing what percentage of all runs

of nets with the same N,m,h,& parameters,with any threshold, end in death.

TABLE 1
Only two distinct effects are .
N m% h% s % death % noticeable, but both have scanty
evidence: (i) h = 25% has 44-81%
.20 30 25 10 81 deaths while h = 45% has no deaths.
.60 15 35 5 45 Increasing inhibitory traction
20 30 35 10 4Lt increases the resilience to change
.15 20 25 10 L4 in threshold. (ii) Brainwashing
.60 30 35 5 41 " wWith & =5 instead of 10%,
100 20 35 10 41 increased deaths from 35 to 45 and: @
100 8 35 10 38 " 30 to 41% in the two cases seen,
60 15 35 10 35 If this is generally the case, the, .
60 30 35 10 - 30 possible reason is that since;“-wn;,f
60 8 35 10 20 brainwashing makes nets more
50 20 35 10 (16> resilient, reducing BW parameter
20 15 35 10 ? increases the occurrence of death.. |
.100 8 45 10 0

Thresholds range from .9 to 1.18. ..

Absense of Easily Accessible Cyclic Modes

R

The search for cycling in each net was only pursued for 500 steps. Several -,
nets had not vyet <cycled, because of a2 combination of long period, tong. :-
transition and Llong transient. The non-cycling nets were found to be::
eligible, judging by the cycles found for other runs of the same net..Some -
nets cycled for none of the thresholds. The preblem is that the unknown -
period aend participation of the unfound cycle cannot be used to advertise . .

e
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the nets as complicated. On the other hand, too eligible nets are not

desirable if the cyclic modes are too inaccessible.

The -occurrence of noncyclic nets seem to be parameter Llinked.

TABLE 2
N m h BW £ % Noncycling nets
100 8 35 10 22% Spread over all three nets
60 8 35 10 15% 1 net only out of 4
60 15 35 0;10 29% 2 nets out of 3
60 15 35 0;05 25% Spread over all three nets
100 8 45 0;10 66% 2 nets out of 3

Contributing factors seem to be high
inhibition, large nets and low connected-
ness m.

Most noncyclic nets are well brainwashed.

Effect of Parameters on Behaviour

Net"é3ze : see Table 3 N = 15 to 100

There are four groups of parameter sets with different m values. ALL nets
have h = .35. Comparing average period to netsize within each set of con-
stant - m, shows that <K> is roughly proportional to netsize, and is also
somewhat Lless than the average number of participating neurons, which is
roughly proportional to N. <Part>/N varies between 18 and 37%. Note that the
standard deviations in these averages are large because there can be a lot
of wvariation in different nets with the same parameters. The average onset
time - and the fractions of cycles with periods greater than two and those
with 'periods greater than twelve all increase with N, in demonstration of
thé increasing time taken for more neurons to approach cycling and to cycle.
The: relative transition time averages do not seem to depend on N. This is
disregarding 1 end 2 cycles which grow less and less abundant with increas-
ing N. It is noticeable that nets in which noncycling states occur have an
average:v<E£> greater than one for those runs which do cycle. More on this

K
lLater.
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"TABLE 3 (CH 3)

Effect of Netsize on k,part etc

. k>2  k>2 __ tk>2  k>12 k>2 *
N m k elg ela% ela% To %run %run Tt/k %run
20 .3 3 8 (40> 21 9 36 2 94
60 .3 10 25 (42) 24 9 55 33 86
45 .2 3 9 (D) 18 & 22 0 .83
50 .2 15 z1 (L2) 32 20 75 31 .68
100 .2 2.5 25 (25) 20 56 78 56 17
20 .15 5 11 (55) 30 5 L4 3 .89
60 A5 27%  L2x (700 3I7x 61%x 65 50 1.06 20
60 08 14x  23% (38) 25% 3I7x 66 27 37 10
100 0& 29% 47% (47) 23Ix  56% 73 L8 1.34 15
TABLE & (CH 3)
Efttect of Connectivity on k,part etc
_ k>2  k>2 __  k>2  k>»12 k>2 ®
N m ™ k ela elg% elgx To %run %run Tt/k %run
20 .3 & 3 & (L0 21 9 36 2 94
20 .15 32 5 11 (555 30 5 L4 3 89
60 18 10 25 (42) 24 9 55 33 g6

60 .15 © 27% L2+ (70) 37x 61% 65 50 1.04 29
60 .08 5 14% 23% (38) 25+« 37x &6 27 1.37 10

M = Nm To = onset time ,transient
k>12 are Long cycles Tt = transition time
k>2 are not trivial Tt/k = relative transition

* %run = %X runs finding no cycling
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Connectivity m m = 8% to 30%

The effect of m s compared for three cases of N in Table 4. The average
period is not <c¢onsistently affected by m, but it does seem that m = .3
causes. less eligible nets with shorter periods, and yet m shouldn’'t be too

low, for smaller nets.

Similarly, slightly more of longer cycles were recorded for m = 15-20% than
were recorded for m = 30%. The distance between neurons increases as m is
reduced (chapter 2),hence the above phenomenon is consistent with topologi-

cal predictions.

In retrospect, the parameter sets should have been c¢hosen for easier com-

parison by varying only one parameter at a time.

Inhibitory fraction h : 25-45%

There is insufficient evidernce for easy comparison because h = .25% vs .35%
were recorded for small N and h = 35% vs 45% for large N and this screens

the effect of h. Comparing 15 to 15A (N = 20 M = 30%) and 18A to 18 (N = 15

M = 20) shows that the behaviour is remarkably similar, even after brain-
washing, except that h = .25 increased the incidence of death. Comparing 10
to 20 (N = 100 M = .08), i.e. h = .35 vs .45 shows that increased h results

in more non-¢yclic states (60% instead of 15%). The most remarkable effect
of higher h is the improved eligibility of unwashed nets. The effect on

transition time cannot be gauged with so many of the nets non-cyclic.

Brainwashing

When brainwashing 1is successful, the eligibility of a net should increase
and the period and onset times correspondingly. With lLonger, more compli-
cated «cycles, transitions may possibly dincrease in length, but will the
increase be greater than the increase in period, or will the relative tran-

sition rate actualtly drop with very lLong cycles?

Brainwashing is not always successful. Taking period, K, as an example,
there are several occasions on which a net is overbrainwashed and very short.

cycles occur, or on which brainwashing fails to improve the eligibility of a
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boring net. On average, brainwashing increases cycling period by a factor of
3, but there are cases for which the cycling period is much reduced by
brainwashing and «cases for which it improves by & factor of 12 on average
for a- - set of nets (See Table é). For average cycle periods of individual
nets, improvements of between 0.04 and 74 have been recorded in only 50

examples studied.

The breinwasking fraction &, by which the relevant synaptic strengths are
reduced in each step was set up at 5% and 10%. The latter & would cause more
brainwashing or would change the net in less time. Brainwashing times of 20
and 50 were used. Comparing similar nets Egs.(13) and (14> (N = &0, M = 30%
and h = 35%) first and {11) and (16) (N = 60, M = 15% and h = 35%) later:

Effect of increased BW time on 4 sets of nets - see figure 6
There was much variety in behaviour from net to net and for various degrees

of brainwashing but <K> and <part> are correlated and & = 5% lags & = 10%.
Which would be the best brainwashing rule to apply? This differs from net to

net : no brainwashing for net 1, & = 10% for longest time for net 2, & = 5%
for 20 steps for net 3 and £ = 10% for 20 steps for net 4. This seems to
depend on the initial net - whether it be highly eligible or not or over-

brainwashed or not. & = 5% and. & = 10% have much the same effept on

relative transition time.

In the first and third cases of (11) vs (16), comparison is somewhat dif-
ficult, since brainwashing doesn’t <change the behaviour of the nets. The
second case is successfully brainwashed but & = 5 is less effective than & =
10. It seems that & = 10 1is best to wuse if overbrainwashing can be
prevented, possibly by monitoring the eligibility of neurons during brain-

washing and making sure it doesn’t decrease.
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EFFECT OF BRAINWASHING PERIOD(K) AND PARTICIPATION

§=5% -~---- FOR 4 DIFFERENT NETS WITH M=0.3
10 %

net | nel 2 net 3 ’ net 4

o | 2 %ew0 t 2 3w 0 | 2 3w O | 2 BBw
INCREASED BW TiIME —=

EFFECT OF BRAINWASHING ON K AND PART
FOR THREE NETS WITH m=0.15

§:10 % ——
150 1 855 % ----
1004 J non cyciic
K
50 + +
© 1 2 ¥BWO I 2 3BWO I 2 sew

INCREASING BRAINWASHING TIME ~——e

Fiqure 6 Cycle period and % of neurons participat-
ing im the <cycte are plotted as & tunction of
brainwashing time for 0 to 30 steps of
brainwashing. Brainwashing factors &=5% and 10X are

compared for each net. N=60, h=.35, m=.3 and .15



Occurrence of Long Cycles See Table 5

Out of a total of about 200 runs, 91 cycles with K > 15 were found, 11 for

unwashed nets and 80 for brainwashed nets. Since 3 times more runs were made
on brajnwashed nets, this implies a 2.4 fold improvement for brainwashed

nets.

However, for very long cycles (K > 100)-only 1 of the 13 was for ‘an unwaéhed
net, and that was for h = .45. ALL the rest were found in BW versionS'éf
nets with parameter sets (100 (4 found) (11) (4 found) (12) (2 found) -and
(16) and (7) produced only one very long cycle each. Common features here
are h = .35, N = 50-100, Nm = 8,9,5,9,10, respectively, that is, the highen'
N and Lower m vatues were found most suitable for very long cycLes."THe
higher M valued nets (M = 18,20 i.e. codes 5,13 and 14) had no k>100 cycles,:
but most of the 15<k<100 cycles, each set having 24, 13 and 10 such cycles
respectively. The very Llong <c¢ycles are bLoseLy associated with the;?ﬁgné

cycling™ states.

It seems, therefore, +that takihg the average of cycle Lengths for sets of

nets with the same parameters hides the fact that m does distinctly aff?c}}

the occurrence of tong cycles (which only occur in nets larger than 50). For

1

m ranging from 8 to 30%, Llower m—-valued nets had numerous very Long;or-
unfound cycles while higher m-valued nets had more cycles, but shorter and”
easier to find, or in terms .of topology, large distances between neurbné.

corresponds to an increased occurrence of lLong complicated cycles.See ch 2.

Run # (5  ¢13) 14> (11> (10> (12> (16> (7))

N 100 60 60 60 100 60 60 20

M 18 20 20 8 5 10 .
Number of  100>k>15 29 13 10 8 8 5 & 5 .
Cycles K>100 0 0 0 5 2 1 1 -

Non-cvcling ‘ 19 5 6 .
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TABLE 5 (CH 3)

PERIODS of Long cycles or cycles with Long transitions

- — - .t o e s e o m e L e e o e o A e T - S e T e o e e e e e e me e o= en . e - e e e A e W = e e e 4 e e

Run k>=12
code BW Tt>=k Tt>=2k no cycle k>100 15<k<100
2.1 0 35
1 7.5,3 21,25
12.2 0 4
N A
12.3 1 16
12.4 1 LEE SR 220,146 28
13:1 0 38,46
1.3.2. O 18
) 1 16,20,23,44,47,18
1T3.3 1 30,32
13;.”"& 0 3
- 1 12 17,42
11.1 0 6
PV 3 : _
11.2.2 *xx 131,137,267 49,58
1.3 0 * k% *
9 * ok k kKK 109 22.,26,21,36
14:1 0 38,46
14.2 0 18
Tk 1 16
14 .3 1 35,23.,21,24,17
14-% 0 3 )
T Lt 23
15.4 1 L,7 25
145170 6
1641 1. 3
16,2 1 32 104 16,88,46,32,31,41
17.2° 0 6
P L 16
18.2 1 IA
10.1 1 12 12,8,6,8 136,135 40
10.2 4 12 * 34
10.3 1 19 6.5 * ¥ * 176,260 48 ,34,38,19
5.1 O 36,28
1 65,28,23,45,40,33,52,79
5.2 0 25
1 LL LS, 48,69 ,27,19
5.3 1 38,86,65,22,17,20,5¢4
7.1 1. 1% 36,29,24,34
7.2 1 164 22
20 0 * ¥ 124
1 5 * %
15a 1 4 17



35

The Occurrence of the Longest Tran;itions (See Table 5)

Onty 6 cases (that is 3%) were found with k > 12 and transition time greater: -
than K. None o0f these cycles were very Long, 32 being highest, and only:a.~
few neurons were found to be cyclting by one cycle length before onset of
cycling. The K = 19 <cycle in net 10.3 is interesting because there is’a:

large participation (51%) and the cycle is very similar to K=38 cycles found..
for different brainwashing conditions. These Llong transitions are not.:
bunched in any particular parameter set, but do occur only in brainwasheds

nets with a rich variety of longish cycles. IR

Transitions longer than 2K were found for short cycles K < 12. 27 cases were: s
found, 6 of which were in wunbrainwashed nets. In spite of short cyctle
lengths, some of these <cycles had many participating neurons (note net
(18.1)) with a substantial fraction of them, participating more thkan a cycle.
length before onset. Net 10.1 has the most and the longest of these
transitions. Net 12 also has many (both have parameter m = .08). Why is net -
10.1 so exceptional”®” 4 seems to be a common factor of cycle Lengths. K = &
appears betore brainwashing the net, but K = 12 and K = 8 appearing in:,
brainwashed nets have Llong +transitions (28 and 27 respectively) and high ‘
eligibility. Other <cycle Lengths are 136 and 40 which do not have sLow;'
relative transitions, but the actual times 91 and 27 respectively are com—m
parable with the other transition times. Perhaps it is the closeness of the

cycles and the high number of neuron participation in short cycles wh1ch

2llows such slow transitions. :
Note that the distance between neurons (chapter 2 ) is between 2 and 3 fog
runs 12; 10; 20 and is smaller for other runs. Run 11 has distance about 1.8?
and runs 13; 14; 15 have distances lLess than 1.8 . The Larger distance§~
invoke very long periods or non-cyclic states, but does not seem to be thé'

it
only influence on cycle complexity. |
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Average Relative Transition Time for Different Parameters (See Table 6)

There is not much variation in the average values of <%£> (for K > 2), which

K
values which range from 3.3 for some shorter cycles to Lless than .1 for some

ranges from .65 to 1.38, in comparison with the variation in individual

of- the longer cycles. There is a noticeable coincidence of <§£> greater than
unity with the occurrence of noncyclic states. This is in spite of the fact
that the average period is generally higher in these nets. Supposedly, in
very eligible nets, the shorter <cycles have long enough transitions to

increase the average, balancing the shorter transitions common in very Llong

cycles. This is reflected in the average (non-relative) transition <&t>,”
. <At> St .
which are Lless than <K>,table 6é. In other words S << <_?> 1f &t/k

decreases with increasing k , See figure 9

Ca

TABLE 6 : Averages of Relative Transition Times
) K
Ruﬁ: "N m h & Number Number Number <K> <4t <§£> _%ﬂ
CoﬁéA; ; runs K>2 Noncyclg. K>Z2 k>2 ?
15 20 3 .35 10 64 23 7.2 5.7 0.94 2.0
15A 20 3 .25 10 64 27 6.2 5.4 0.94 1.75
17 15 64 28 8.6 6.3 0.86 0.96
18 15 .2 .25 64 13 4.6 3.4 0.69 1.17
7. 50 .2 .35 36 27 20 8.5 0.65 2.42
12 60 .08 62 35 6 22 16 1.38 1.40
1M 15 48 17 14 53 34 1.06 11.5
16 5 4Lb 19 11 28 20 1.16 4.6
13 3 10 64 35 18 11 .86 .74
14 5 64 44 12 9 .96 0.65
10 100 .08 .35 10 40 23 6 U 31 1.34 6.5
20 45 5 2 3 65 13 1.35 0.04
2.09

-5 .2 .35 54 42 31 * *

* this is information Wwas not recorded in earlier programs.



Summary

The existence of rapid transitions to <cycling, that is, where aLL_:hef
neurons enter the cycle within less than a cycte tength, is fairly geneﬁay%;
especially amongst Longer cycles where even half a cycle length represent a .
ltarge number of 'steps to make the transitions. Some 'shorter cycles have a

Llong relative transition time with many neurons entering the cycle more ghqp
a cycle Length before onset, which might, however, only be severatl srepg?
from onset if the cycle is very short. There are a few exceptions for whipﬁ;

cycles Longer than 12 have long transitions.

There are correlations between nets with many eligible neurons and long
cycles, and longer transitions and failture to find cycles and good responses
to brainwashing. Larger nets (e.g. 100> with high inhibition (e.g. 35) and
with m-values around 10-20% are good places to Look, but each net varies
widely from another with the same parameter set. Logically, increasing net
size increases the number of eligible neurons, the cycte Llength and the
onset times, whereas increasing the negative feedback seems to increase
complexity and eligibility of _cycLes. Brainwashing needs to be strongly
applied to some nets, provided overwashing can be avoided. The cycle lengths
and relative transition times and eligibility creep up for most brainwashing
algorithms, but the changes are not dramatic. The clue to longer cycles is
in the topology of the connection matrix.
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CHAPTER 4

Cvcles, transitions and simple architecture - local emphasis on m.

NeUrdns are grouped into highly connected netlets with sparser connections
bétween netlets. The onset of cycling and subcycling and the changes in
relative transition times are studied for increasing local emphasis. The
nuﬁbér and size of netlets is varied, but the brainwashing strength is kept
atwﬁb% for 20 steps and inhibition is h=.35 throughout.

NdfﬁaL thresholds are used.
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Symbols introduced in this chapter

]

Threshold scaling factor ranges from "0-1 for normal to .

uniform thresholds

ZV,.(t)
% Vij left : After brainwashing-f—vllTET leads to normalisation factor
=V
for VvV _  _(t)
1)
Elg. : ELigibiLify (sometimes used for number of participating
neurons)
* : K = % for "non-cycling” states
Nsub : Size of the subnets
m . ¢ : Connectivity between neurons within the same netlet
in
Moyt : Connectivity between neurons in different netlets
Qsub : Emphasis on Llocal connections = 1 for smooth nets .
= mint/mext
Reps _ : Repeated states in netlets See below and ch 5
Definitions
Normal thresholds : Each neuron has a threshold proportional to its ‘
1 i = ¥
wired input Voi ¥ Vji

Uniform thresholds : ALL neurons have the same threshold

1 N

N _ - - Nm,, -
TERFVoiT aw F VisE p-1m2m)
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Rebeated state : When the state of the neurons in a netlet repeats
itself after an interval, and at least six successive
states repeat themselves, the repeated state is
recorded in that netlet.The chance of such a repeated

. . . e _Nsub
state occurring in a random set of states is (27 .

Trivial cycles : K =1 or K =2

Homogeneous nets : Each element in the connection matrix has an equal
probability of being on when the net is set up

ie a net without imposed architecture

This chapter describes a study of nets with very simple architecture. It
seemed necessary at this point to examine whether a structure in the nets
causes -them to cycle easily, and the transition to be rapid. For one group
0of neurons to lead another to cycling, the leading group should be in close
contact with one another, to fix the period of cycling. This grouping seems
to be random, and remains undetected, since it presumably differs from cycle
to cycle. However, an imposed structure could be examined to see its effect
on the entrance to cyclic modes. It was not obvious what kind of architec-
ture should be implemented. In a first attempt the net was divided into a
number of equally sized smaller netlets, each with similar properties, and
the netlets were connected toéether by neuron to neuron Llinks pseudorandomly
chosen in the usual way. This was achieved by weighting the probabilities
.used to generate the connection matrix in favour of selfconnectedness, that
is, each neuron was more Likely to be connected to other neurons in its

group than to neurons in the rest of the netlets.

The size of the netlets needs to bhe small if there are to be a number of
“netlets. Some netlets would also have more inhibitory neurons than others.
This Lled to the introduction of normal thresholds which partially alleviate

the probﬁems of variability of small nets.
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CONNECTION MATRICES WITH LOCAL EMPHASIS

%%
;AV[/
X
DIVISION INTONETLETS . LIMITING CASE
(studied here) (not studied)

(23G9
(<)
TS

Figure 7 Schematic connection matrices show simple
architecture imposed by weighting the connection
probability (shading density) in the block diagonal
region (left matrix) or near diagonal region (right
matrix) The gqrouping of neurons is loosely cross
linked netlets (for the left matrix) and a ring-

Like structure (for the other matrix)
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TABLE *
List of available parameter chcices

EMPHASIS ON LOCAL CONNECTIONS

NUMBER OF NETS = 84 MONITORS
N = net size k = cycle periog
Nsub = subnet size elg = eligibility
m = connectivity To = transient time
Qsub = miint)/mlext) onset to cycling
Mint = # internal Llinks Tt = transition time
Mext = # external Links reps = repeated states
Bw = bw at 10%. Bw = extent of brainwashing
Y = threshold type = % vij left
0 normal to 1 uniform * = non-cycling
Vo = threchold
#d = number of deatrs
N Nsub m Qsub Mext Y run code numbers
100 50 15 05 0 24-28
.2 1,100 64,65
25 .2 1,5 15,7.5 0 Y 66-72
17,57 3,1 0 ) }
25 .2 1,5 15,7.5 .3 ) 77-84
17,57 3.1 .3 )
.15 12 0 48,49
.3 3 0 56
150 30 .15 0 0 63
100 20 .15 5 0 4,5,29,30,50,51
10 0 54,55
20 0 57,58
10 .15 001 1,3,0 7-23,39,40,47,61,62
5,10 0 1-3,6,32-35,45,46,52,53
3 3 0 36-38,41,42
1 0 59,60
1-.6 Q 0 73-76
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Thresholds

In most of this section and all subsequent studies, the firing threshold of
each neuron is -proportional to the number of inputs to that neuron.
Brainwashing and other plasticity algorithms used in this project did not

affect these thresholds. A short comparison between uniform thresholds, used

for most previous studies, and proportional or normal thresholds can be -

found in appendix &4.

Nsub = Size of Netlets

Netlet size and the behaviour of nets with symmetrical inhomogeneous
connectivity. The wunwieldly heading above was chosen because "structured”

seemed an inappropriate adjective for nets in which no netlet specitically

feeds another, or has more inhibitory nature or any specific design in its

connections, The connections are still randomly chosen and no part of the

net has different properties from another part. An ideal extension would be

to weight Llocal <connectivity and designate no boundaries of netlets. (See

tigure 7).

PP R B
t P

A problem here is that netlets are so smali{ that they do not function
properLy. in isolation, and so the effects of one netlet on another might be
more difficult to quantify. Another probltem is that one of the most Gseful
monitors has proven to be the number of repeated states or repeated se-

quences of states within a netlet. However, 1f the number of states 'has

anything to do with 2 to the power o1 the number of eligible neurons, ;henrvw

repetitions must be far more common in smaller netlets. Be that as it may, a

comparison of the effect of Nsub in structured nets is interesting. As a

controt, a comparison can be made between & number of nets which, in facty:

have no local emphasis and are homogeneous.

It is possible that the properties of structured nets described here will
not be discovered in much larger simulations in which the netlet size is
substantiatly larger, however , as was seen in chapter 2, presence of struc-

ture tends to increase the average topological distance between two neurons.

Y
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TABLE 2 (CH 4)

RUNS WITH LOCAL EMPHASIS 5

. k<=2 noncyc Max
sub m Mint Mext <code #runs Reps #run #runs Elg

0 15 12.5 2.5 24-28 10 none & 2 100 -

5 2. 12.5 7.5 68,69 4 none O 3 52

J .35, 8.3 6.7 many 12 none- 0 A 100
many

3 .a5 5.3 9.7 many 16 none- 5 5 100
many

correlated

26

39

51

L6

338

101

51

35

202

172

.igibility: maximum;
P average (k>2);
average (all nets ,cycling or not)

~ .

W

‘cling period: maximum;
average (k>2)

B3 P,

= ayerage transient time
mbet “of runs: total #
a2 # with k<=2
# without cycling

e table 1 for description of symbols.
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Comparing Netlet Sizes for Homogeneous Nets with Normal Thresholds

Many more repeated states were recorded in netlets sized 10 than for bigger ™

netlets, as expected. Since the nets are homogeneous, the choice of net gt "

boundaries is arbitrary and thus repetitions are not expected. The NSub = 70

nets wused had m = .15, which might account for the seemingly Longer cycling:

or onset times which would allow time for more repeated states. .The smaller -
the netlet, the less possible states there are and the more Likely to :-have -

reps. Bearing this in mind, compare the effect of N in nets with Q = A IE T

sub” _
changes.~ "«

sub
(See Table 2). There are no marked tendencies in behaviour as NSub
There is & stuttering decrease in cycling period as NSub decreases. The-:

number of runs used in the study is too small to compare too closely. If all
the netlets were separated, then small netlets would have low eLigiBiLityﬁ
and short cycles, but as the general cycle is reduced by small netlets, the

-

number of netlets makes the common multiple of periods larger.

Effect of Division into Netlets SRR B

As an initial indicator, a 100 neuron net was divided in two with .an em-'-
phasis 100 on internal connectivity. That implies about 10 inputs from. net:1'
and 1000 from net 2 as total net inputs to net 2. From the homogeneous net
with medium cycle Llength and eligibility, a net was formed that did not -
cycle. This, in itself, was not unusual since many homogeneous nets failed
to «cycle, but it does suggest that a measure of architecture makes cyé&%né?i
more c¢omplicated. For interest sake, the opposite extreme is of this model
is to have zero internal emphasis. A 150 neuron net was divided into three”
50 neuron netlets. Each neuron was not connected to any other neuron in the
same netlet, i.e. the Vij matrix was off-diagonal. Since the net never—-
cycled no 3-related symmetriescould be found. Rather curiously, repeated
states were recorded in only one of the three netlets, but since it had only
external input, there must have been periodic conditions in part of the ™
other two netlets, for which no repeated states were recorded. Such nets
also appear to bDe complicated. Often in physiology, one type of neuron
connects to another type in another Layer, but it is not the aim of thié

study to examine such complications.
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Before <c¢onducting a study ot the influence of local emphasis on behaviour,
it would aid the future analysis to outline what sort of outcome would be
expected: Reducing the number of external connections ought to encourage
each - netlet to cycle independently, but the few existing inputs from other
netlets should keep disrupting the attempts to cycle, unless all inputs are
severed or all the netlets are in & common cyclic mode. This may be manifest
as a profusion of repeated states, with different repetition rates, within
the . nettets, before the net, as a whole, begins to cycle. The number of
repeated states should depend on the number of eligible neurons per netlet
(feyer' neurons can repeat their state more easily than many) and on the

number of external inputs.

TquLLow a profusion of repeated states, the number of inputs must be criti-
cally balanced between allowing a sequence of six repetitions to form before
interrupting, and vyet supplying sufficient external stimulus for many dif-
ferent periodicities to occur. Amongst these repeated states may emerge the
~inkling of a slow transition, with correlated repetition lengths showing hoﬁ
one netlet Lleads the others to cycling, or how one netlet prevents the onset
oﬂx;cy&ting. The eligibility in netlets may be increased by the external
proddjng-from other netlets in the net.

LN H

SQme”Rgsths:

N
- -

TABLE 3A.

Increasing local emphasis Qsub for net N = 100 Nsub =20 m = .15
Qsub. MExt MInt # #K<2 Elg ELgmaX K Kmax #Repeated states
: 2 1
S 674 8 /3 1 . 56 100 114 338 None, few, none
a2 5 :
10. . &4 /? 10 /? . . 50 73 110 213 Few,- Several
Some correlated
1 1 )
20 2 /2 12 /2 . . 43 54 54 215 Varies, very

many (100°s)
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Increasing Qsub, that s, increasing the inhomogeneity, is marked by -a

slight drop in the number of neurons in, and the length of, cyclic modes. -
The non—-cycling state for Q=5 could effectively further raise the ElLg and. K '~
averages of the set. Note the absence of trivial cycles and the scarcity :of: !
non-cyclic states. This table does not include the homogeneous case for..:
comparison., (See Tables 3B and 3C).

In Table 3B-a similar-study is made with Nsub = 25. The data does not com- .
pare well with Table 3A, because the noncyclic and trivial states are -morer::»
abundant. When these states are accounted for by conservatively setting ¥ =.~-
100, Elg = 90 for non-cycling states and K = 1 Elg = 0 for }riviat cycles.. .t

the following numbers appear:

1 5 17 57 12

Adjusted Q = L :
version of Elg. = 12 &1 68 26 51 R
Table 3 K =

15 86 75 35 74

Apparently the inhomogeneity at first improves Elg and K, but thereafter;'ééi

before, Elg. and K slowly decrease with increasing inhomogeneity, Qsub.

Repeated states are more common when there are few external connections.

Table 3C shows the effect of -Qsub when N = 10. For such small netlets, thé

effect of architecture is apparently detrimental, since eLigibiLi%} and
period drop off sharply.



The above <comparisons are an illustration of drawing too many conclusions
from -a small data sample. Compare Qsub = 1 cases for tables 3b and 3c. They
only: . differ in m = .2 and m = .15 respectively and yet the second set
produte a higher elg. and period, enough to upset the conclusions drawn from
these "spot tests”". The studies that follow need to incltude more runs, but
also - need to examine the effect of architecture on the same basic net,
insteéd of averaging over a set of very varied tendencies. This initial
study has hinted that between Qsub = 1 and Qsub > 5, there is an improvement
which 'needs to be examined more closely to find whether there is a range of
optaAmum inhomogeneity. The effect requires some minimum netlet size, as
indicéted by the failure for Nsub = 10. Before proceeding to the next study,
howewver, there is data available to analyse the effects of connectivity, m,
and to examine the occurrence of repeated states more closely and to search
for slow phase transitions and the conditions under which they occur. There
is also a correlation between <cycling period, onset time and number of

participating neurons. (See figures 8 and 9).

TABLE 3B EFFECT OF CHANGING EMPHASI , Qsub ( for Nsub = 25 )
"":'"_f"""""'EZZE'BBEE;E"ﬁé?"'::""ﬁ;l """"""""""""""""
ub m°" Mint Mext #run #Hruns Elg Elog K K repeated states
4 5 15 2 47 23 63 28 none
: 12.5 7.5 3 52 Sé 43 473 none
17 3 1 2 t none - few
19 1 50 26 76 3 many, correlated
.15 12 3 75 51 151 74 many, correlated
TABLE 2¢C EFFECT OF CHANGING EMPHASIS , Qs ( for Neub = 10 )
T T T T T T TKGE T honeve Max T TwMax T TTTTTTTTToTTTTTTTT
m Mint Mext #run #runs Elg Elg K K reps
15 1.5 13.5 2/8 2 100 L4 256 7& few - very many
5 10 0/6 1 100 30 65 20 none - many
8 7 0/2 0 5 4 2 P none

nwuunnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnwnnnnnnnnnnnnnnnnnn
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CORRELATION OF PERIOD AND ELIGIBILITY
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Fiqure 8 Period is plotted against % participating
neurons (N=100) . Each dot represents one run. The
Limit on period caused by shortage of eligible

neurons is illustrated in this graph.
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LLUSTRATION OF TRANSITION TIME LESS THAN CYCLING PERIOD

260 —————T——— T — T
o ,, o
I, —
200 I ,
;-‘ ” | -
7/
/
1S5S0 . B
| 7/
- 7 o 7
o <7 o
l()() o ’ . 7
, ° °
/7 -
50 - ’ .. o [ ] °
//. (X J ' )
L ° . -
00 we®P 2 . ° o
@) 3 1 1 L | L 1 4 1 1

i
0 75 150 225 300 375 450
"CYCLE PERIOD

-fiqure 9@ Transition time vs period (for a maximum

runtime of 500 steps) An expanded version of the
shorter periods is shown in the second graph. Each
dot represents one run, thus the distribution of
cycle Lengths and transition times are also
illustrated. Note that Tt (transition time) is less
than k for k>12 and Tt < k/2 for k>160 , but the

ratio Tt:k is extremely varied for individual

cases.
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O TRANSITION TIME : CYCLING PERIOD FOR SHORTER CYCLES
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Effect of Connectivity on Cycling

(See Table 4A and 4B )

Note that the data 1is rather limited, particularly for M = .2, @ = 5, of
which three out of four nets were found not to cycle. This unusually high
number is somewhat out of trend with the rest of the table, which shows
increasing cycle Llength and eligibility with decreasing m. This is for

normal -~threshold nets. Inhomogeneity does not -change the range of optimal m
depictep in the fig 10a

Nets of 100 neurons were used throughout and it would have required large
computer efforts at that stage, to systematically study larger nets. It is
thus difficult to distinguish whether the fraction of connectivity (m) or

the average number of <connection (Nm) is the more important variable in-

fluencing behaviour. With thresholds proportional to the effective
TABLE 4LA+B : EFFECT OF M ON HOMOGENEOUS and INHOMOGENEOUS NETS
T T T T T TRCE2 T honcye Max | K>2 = Max K>z % TTTTTTTTT
Neub #runs #run #runs Elo Ela Ela K <K> K
10 7 4 0 Q % 7 * 7 é 3%  HOMOG
50,25 2+5 2 0 82 35 25% 63 27 20
10 kYA 5 10 100 45 55« 256 55 61 %
10 4 0 4 100x 100
10,25  10+3 11 0 5 A 2% 6 5 2%  INHOMOG.
25 4 0 2 52 52 81« 43 43 &6x
10,20,50 42 11 11 100 35 L3%x 393 c7 S4*
10 12 2 9 Q7 97 83« 220 2z0 QL*

verages Elg*x and Kx include all nets, taking ¢ 100 ) for noncyclic modes



53

excitatory input connections to each neuron, it was expected that the net

escapes the effects of M and N somewhat. However, this was not found to be
true. One view point is that when a neuron with a few input connections is
stimulated to fire, its activity 1is more dependent on which inputs are
stimulating it, that is, its firing pattern depends directly on a few other
neurons. Alternatively, & neuron with many 'inputs can be fired by a large
number of combinations of input neurons, which somehow allows 'this neuron to
cycle more easily and with a short cycle, i.e. it is in close communication
with the rest of the net and behaves accordingly. When thinking about very
much Llarger nets, with complicated structure, how should connectivity M be
defined? Each neuron would be part of a set of netlets of neurons but in

that set it has a wide variation of connectivity with respect to each net

chosen. When a block of neurons is uniformly interconnected, it is obvious
Ave. No. input . . .
that m = : . If a block of nets is divided into netlets, m=
Net size

Ave. No. input
Netlet size
m lLies between the above mentioned values.

But if there are a few external connections to each netlet

Note, in Table 3B Nsu; 25 m = .2 in data for the effect of Qsub, that the
number of noncyclic states increased for qub: 5. But that for qub = 1
(homog) or qub very high (almost divided into netlets) there were no non-
cycling states. That s, in some sense, at qub= 5, the effective m was
reduced, vyet mint in the netlets would than have been higher than .2, in
fact as high as .5, and when the netlets are nearly separated, m{#%:;B H

netlets should be epileptic?! This will be investigated further in the hAext

chapter on cutting nets.

Ref. figure 10 : The graphs show the fraction of runs with no cycling,

cycling and trivial cycling respectively, as a function of m. Ignoring m=.2
. inhomogeneous &and homogeneous nets are similarly influenced by m. A non-
cyclic net s a relative designation, because of 500 step lLimit. The graph
is dependent on this Limit. The trivial states are also fairly arbitrarily
defined. Sometimes k=1 cycles are found rapidly, indicating that, either the
net is ineligible, or that the threshold algorithm does not apply at higher
m. On other occasions, an "unlucky®™ swing in activity results in a trivial
cycle but this occurs after the net has been in random state for a con-
siderable time, i.e. the state could have been designated non-cyclic, had

the 500 step Limit been different.
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— Nomogenasus Nets
A - =~ inhomogenous

NOX CYCLIKG

eYeuNs  o=>" = TOem——eee

Fraction of runs with varjens
types of behaviewr

TRIVIAL

g

15 2 25 3
CONNECTIVITY

'FIGURE 10 ALL network responses are catagorised

zinto  trivial, noncycling or cycling.The fractional

Ty

abundance of each ot these types of cycles is shown
as a function of m. Solid Llines representing
homogenous nets ctan be compared to the dashed Llines

Sfepresenting nets with imposed structure.
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?epeated States : Their Absence or Profusion
TABLE 5 : Summary of Qualitative Information on Repeated States
No. repeated states : (a) ALl cases of Nsub = 50

(b)Y ALl cases of m= .3

(c) Most cases with K € 2 (44/49)

(d) Most cases with no cycling (39/53)
and 8 of the remaining 14 cases have
very few reps and are of netsize 10 ; :

(e) Others: 10 cases for N = 25, m&Q={.1S§1; f:,

{ .28&1,5
5 of which had transient times less than

period.

A few uncorrelated reps : (a) 8 Non-cycling cases with netsize = 10

(b) A few caves with K € 2 (3/49) in highly-
emphasized nets with netlet size = 10 and
Long transients.

(c) 19 cases with transient < 21

(d) 2 cases with 100% participating

(e) 4 cases with transient << period and
highly inhomogeneous P

() 2 others with transients longer than_ _
period

Several repeated states : (a) Homogeneous Nsub = 10 nets (13 cases)

5 of which have correlated reps. 5 have
K > 50 and have high eligibility and
Longish transient. 5 have low eligibility
but short transients. 3 are inbetween. . .
(b) Highly inhomogeneous nets, 3 cases : one
an trivial cycle with Long transient, the
other two have typical values for
transition approximately hatf the period

which is.approximately half the transient.



Many repeated states : (a) Very high Qsub, Nsub = 20, 25 (18 cases)

either Less than 20% eligible or highly
eligible nets with very long transients.
(b) Qsub = 5 (8 cases) Nsub = 10 either Low
elg. or Long transient.
(c) Homogeneous nets (9 cases) Nsub = 10

highish eligibility.

Certain <conditions <ctan account for most of the occurrences of repeated

states:

1) ﬁhen Nsub = 50 N = 100 the two netlets are so Large that no repeated
fs%étes are Likely to occur unless both nets cycle together or are
disconnected.

(2 m = .3 leads to short cycles which are reached soon, allowing no time

for repeated states.

(3) Trivial states (K = 1,2) are usually reached quickly, i.e. no repeated

%%atés‘ occur. 10% ot K = 1,2 states did have reps, but they had long

transients.

(4) Non-cyclic states tend to have no repeated states in netlets, because
the “eligibility is so high that repetition is unlikely. Inability to
cycle and Llack of repeated states go hand in hand in spite ot the Llong

transient time available in which repetitions can occur.

(5) Highly inhomogeneous nets tend to have many repeated states, with either

Long transients (> 100) or Llow eligibility (< 20%) or both (see 6 and 7)
(6) Smaller netlets (N = 10) have more repeated states than larger netlets

(7) Long transients (> 100) allow time for many repeated states provided
Elg. is not too high (< 50).

(8) The curious case of qub = 0, non-cycling net, with repetitions in only

one netlet, has been discussed.
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The following rare cases with transition time greater than period of cycling

are

examined

for a common cause of slow transitions

20 cases out of more

than 200 have long transitions and 16 of these have K < 10, transient < 15. .

Run code K ot t = Elg. Qo upNsup M Commgnt i
5 12 20 38 5 20 .15 An extended case of short K- long
' transition
71 2 65 70 16 57 25 .2 Extraordinary long build up.
Typical parameters for noncyclic
nets )
40 21 13 44 33 1 10 .153 &t<K, but K appears in reps,
54 13 9 58 46 10 20 .153 disappears and reappears again.
58 6 117 118 L5 20 20 .15 These parameters usually produce
large K, to’ Elg. but here K is
short but Elg. and t0 still large.
57 25
.2 ' =02 The T =.3 case has long
57 25 .2 I = .3} cycles and the I' = 0 case
Transition = /it has relatively slow transitions.
Transient = to Very many répeated states and sub-

cycling occur indicating sparse
interruption (1 external connec-
tion per neuron) which intuitively

suggests long transients.
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CHAPTER 5

.y

Cutting connections to form netlets.

once again (as in chapter 4) the transition time to cycling is scrutinised.
Studies are made of eligibility, subcycling and occurrence and absense of

interesting cycles and dominance between netlets is observed.
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. Symbols and definjtions used in this chapter

Transient : Time from initialisation to onset of cycling’ -

vt

Transition : : Time from first neuron cycling in its final #°’

oo

mode to the whole net cycling
Relative transition time : Transition/cycling period (K>

After cut n : A net has been cut n times (see definition:
of cutting mechanism ), that is, a net in
which n neurons in each netlet are isolated

from neurons in other netlets

Repeated states : semi-cycles in a netlet.
There must be six successive states which
are repeated a time T later. This periodi-
city is often referred to as: "Reps
Tﬂ,T T, .- " where T, is the periodicity
of the first repeated state found

~ot
2

oo
Participation : Number of Neurons that are neither on “aLL

through the cycle nor off all through the
cycle = Elg.

Description of the Cutting Mechanism

ot

The search for slow transitions Lled to the use of nets with a degrée of
inhomogeneity in the connection matrix which was introduced subseguent to
the establishment of a quasirandom net. The net was effectively divided éntov
subregions or netlets with sparser connections between neurons in difféfent
netlets than between neurons in the same netlet. In an attempt to understand
the effects piece by piece, a homogeneous net (that is, one in whibh?the
connection probability between any two neurons is the same- See chaptéﬁ 2)
was separated into netlets by severing lLinks to and from certain neurdns .
one neuron (per nettet) at a time. The neurons’ internal connections’ ( to
and from other neurons in the same netlet ) were left untouched, buffaLL

“external Links (to and from neurons in other netlets) were cut, so that the
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particular neuron thus isolated could only affect, or be atfected by other

netlets indirectly, via the activity in its own netlet. See diagrams.

In, .contrast to the previous study, a particular net could be studied during
the gradual metamorphasis from one net to:many netlets , as lLinks were cut.

The .. behaviour ot particular interest was long onset times or
transients(often characterised by many repeated states) and slow transitions
to <cycling. Each time another group ot connections were to be cut, the net
was first allowed to reach a stable cyclic mode. Thus the severing of those
particular Llinks sometimes interrupted the cycle. Each new reduced connec-

tionymatrix was tested with two or more randomly selected initial states.

THE CUTTING PROCEDURE IN TERMS
OF THE CONNECTION MATRIX

;2 homogenous slightly cut sparsely linked disconnected

Vij §
matrix

P

netliet @
S g
netlet
2
Fiqure 13 The connection matrix (with shaded

»Qegions Sét to zero) and the effective grouping of
:neuronS' caused by this —cutting are shown. The
:diagonaL blocks of the matrix (internal connections
‘- in the netlets) are unaltered, while the off-
_QiagonaL reions (netlet-netlet connections) are
encroached by shading (severed Links) as the net-
Lets become progressively more disconnected. Arrows

indicate full communication from set to set
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Injtial Description of the Effect of Cutting

Results were expected to be éimiLar to the previous study on nets with Ldtéfﬁ
emphasis, that is, eligibility should be higher after several rcuts, th:‘
should subsequently decrease again, as the netlets became separated‘éﬁéﬁj
finally independent, in correspondence with Low and high emphasis on dea(: 
connectivity of the previous study. Here, however, the changes in the_mat?ixbi
would be more gradual, so that the net could rapidly converge on .a new but‘:
similar state after cutting. Similarities with the previous study wode”'
apply to the beginning and end of the procedure, but in between, aLthqﬁﬁﬁm:
the average local emphasis would slowly increase, the distribution of exfer:-”
nal connections, being uneven, might affect the trends. See next section. ib:lT
other words, the <communication channels between netlets would depend on a

few highly connected neurons,

sy .' St

The cyclic mode changed from net to net, even after minor changes in &r- ' =
chitecture, but the period of oscillation was not a very precise gauge 6#55;
complexity of behaviour. Instead, eligibility, and the nature of onééf g?
cycling had more consistent tendencies with alteration of parameters. The
transition time tended to be Longest shortly before the netlets were €¥fecﬂ
tively independent. An unexpected feature was the abrupt change iﬁ
eligibility that sometimes occurred as the resutt of a single set oﬁ
disconnections. That is, nets changed from epileptic to chaotic (noncyc}ingf
or vice versa, as if some vital role had been played by those Links  just
severed. However, this erratic behaviour was confined to the central pargvéf
the procedure, so that nearly homogeneous nets or nearly disconnectedtﬁets

were more robust to changes in the connection matrix.

While tendencies in cycle period and eLigibiL}ty depended on connectivity,
netlet size, etc., the occurrence of blocks of repeated states within net-
Lets showed consistent dependence on architecture and was linked to the_rare

occurrences of slow transitions.
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A Note on Cutting

The distribution of inputs to neurons is related to the thresholds for each

neuron (when inhibitory connections are considered). The graphs show that
th%s distribution is affected strangely as the net is cut. (Inhibitory
nature neglected for the graphs). 1f a net, size N, divided into n subnets,
ha; connectwthy m, then the average number of inputs per neuron is M = Nm,
ofJ_uhxch E% are internal to the netlets.The distribution of inputs is bino-
mial (see ch 2) with N choices and chance m to have a Link at each choice.
As each neuron is severed from external connections, the input to that

nedfdn drops by almost & factor, n, while a number of external neurons drop
onéq in input. Therefore, after € cuts, the average number of inputs per
neqrﬁﬁ is Nm*(1-(C/N]*LZn—Z-CnQ/N+Cn/N]). The distribution of inputs after C
cutg‘ is the sum of two binomial distributions. The number of cut neurons is
nC éAd they each have an input domain of N/n neurons in their respective
netlets; while uncut neurons number N-nC each of which has an input domain
of _.N~C(1-n) neurons. The <chance of connection to any neuron in the input

domain is still m. See sketches.

" No cuts Half cuts 2/3 cuts All cuts

number
of neurons
wn
' orhculor
input

number of inputs —

Distribution of the number of inputs per neuron

as cutting is performed {M=mxN
m'= mx Ngyb

‘wFigure 12 The number ot neurons vs the number of

inputs per neuron is sketched for a net at various
stages as it is disconnected. M is the average
input before cutting and m° is the average input
after cutting. Curious distributions of inputs per
neuron occur en route. The exact width and shape of
distributions cdepends on netsize, number of netlets

and connectivity.



63

Participation of Neurons in Cyclic States as Netlets are Disconnected -

Etfects of m and Correlation of Participation with K

See figure 13 and 14

The participation s very m-dependent before cutting, but converges to - the, - -

50% region when the nets are nearly separated. This indicates that nets with-.

N=100 are more m-dependent than nets with N=25 (+ a few external Llinks). For ..

various values of the connectivity, m, the effects of disconnection on
eligibility differ. When m is as low as .075, the nets are at first chaotic
and highly eligible until & few cuts have been made, and thereafter the
eligibility decreases towards 50%, whereas for a high m of .3 the nets are
epileptic wuntil some cuts have been made and thereafter the eligibility
increases towards 60%. The tendencies are hardly steady as the different m
values have peaks at different levels of architecture. Taking an averége of -
all runs (all m values) does, in fact, show a maximum participation:at 15
cuts, i.e. the average local emphasis would be 6 (participation 66%§J and
then a steady decrease of participation as the emphasis incréases.
Participation tends to a value at hfgh emphasis which is the same %s the
value of the average participation before any alterations are made-{o the
nets. The first three cuts take the average to its minimum of 25% partﬁcipa—
tion and thereafter there is an increase in participation towards 66%. This
is not in disagreement with the previous study. However, this average curve
does not describe typical behaviour for all values of m. If a net is fairly
eligible to start with (m = .075, .15, .2), then cutting Links will cause a
reduction in eligibility, but after about 4 cuts the Elg. will peak again,
and again after 10 or 12 cuts. The maximum ELg. (besides near initial stéte)
occurs at 10, 21, 12 for m = 0.75, 0.2, 0.25, respectively. Note 25 cuts are
possible. If the net is initially too highly connected (m = .25,3) then
cUtting lLinks provides the essential variation in number of inputs to
neurons, and a much cLearér maximum is reached later (after 15 cuts, avérage
eligibility (m=.25) = 100%, after 18 and 20 cuts average eligibility (m=.3)
= 66%). =
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The above considerations do not cast -much light on the likely regime of slow

phase transitions, but the graphs do show that since the Elg. vs m for
homogeneous nets is decreasing, that cutting is necessary to allow cyclic
states to occur in highly or slightly connected nets. Interesting transi-
tions are Llikely to be found for highly eligible nets, with at least some

minimum amount of architecture.

Please note from the graphs of period vs Elg, that for Elg less than a third
periods - are short (< 50) and that highly E(g. nets (over 80-90), are often

non=cycling.

Effect of cbnnectivﬁy on eligibility for N= 100

T

100 %

tooc%
.8 3 |
© ©
e e
;B ]
Q (=¥ .
N~ c '
(@] ©
\550 d 1 N} q ‘5 o Nl 1 -k y -y
.2 0.075 0.5 0.2 025 03 & 0.075 045 0.2 25 03
oL m-— m—
i connectivity — connectivity —s
#.=. homogeneous nets Inhomogeneous nets
‘%’quure 13 The dependence of neuron participation

,in cycling on connectivity 1is shown for the two
”&'distinbt cases ot nets with uncut connection
matrices and sparsely connected netlets. N=100 and
there are 4 netlets Nsub=25, each with a few

‘L qﬁurons externally linked. Inhibition is h=.35
Each point represents the average of eligibilities
for three nets, and those particular nets, once

cut, yield the right hand graph.
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EFFECT OF CUTTING ON PARTICIPATION

AVE % PARTICIPATION

— 1 1 i 1 ¥ 1 1]
100 m=0.076
80 I
60
40
20 F
B m=0.30
O " 1 1 1 1 1 L 1 1
0.0 5.0 10.0 i5.0 20.0 25.0

AVE NUMBER OF CUTS

Fiqure 14 Number of participating neurons is

pltotted as a ‘function of number of cuts made, or of

disconnectedness. Each pseudorandom net (no cuts

yet) is separated into four netlets by a process of
25 cuts. for each Lut, one neuron
quadrant

in each netlet or
of the net has all external links ,to and

from other quadrants, severed. The is run after

each cut to determine participation.
represents the average of

Each (ine

several nets with the
Same parameters: N=100 h=.35 m=.075, .15 or .3
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CORRELATION OF

PERIOD AND PARTICIPATION
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Figure 15 Cycling period is

participation. Each
occurrances

tions of other net conditions

plotted against
square represents one or more

of the same cycle. N=100. ALL combina-

(m,h,cuts) are

included. Noncyclic modes (for maximum runtime 500)

are plotted as close to the top
possible.
Figure 15a Magnificetion of the

participation region. Note

of the graph as

Lower k,lower

thet the lLong periods

for <cycles with participation less than 50% are a

consequence of 4 independent netlets contributing

to the common multiple of periods.
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152 (see Fiure 15)
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Repeated States

In the examination of cyclic modes of nets, two arbitrary time intervals are
introduced for convenience. The first is the time spent looking for cyclic
states. If no repetition is found by t = 500, the search is abandoned and
the net assumed to be chaotic or non-cycling. The second time interval is
involved in the search for subcycles in netlets. Because the state of the
neurons in a netlet may often be repeated, it is only when a sequence of
States reoccurs that a repeated state is recorded. The length of the se-
quence is conveniently chosen to be 6 successive states. In spite of this
Limitation, repeated sequences of six are a useful guide to how one netlet

may be affecting another netlet.

~

Absence of Repeated States

Repea{ed states are rare in homogeneous or only partly isolated nets. If the
c0mmun§cation is good between netlets, all tend to cycle together. The Life
time ?f repeated states in netlets is shortened when there are sufficient
extern%L Links to interrupt the sequence of repeated states. If a repeated
state ?is altered by input before 6 steps have passed, it is not recorded.
Anothes way of saying this is that before significant architecture is im=-
posed,}-the boundaries of the netlets are relatively arbitrarily chosen, and
hence ;there is Little reason why a single repeated state in a netlet should

be followed by the same next state on separate occasions.

Repeatéd states are also rare in non-cycling nets with clearly defined
netLet%, This indicates that the few external Llinks disrupt subcycles or
that gven the smaller netlets are non-cyclic. When a netlet has no changing
inputsi it can not have more than one repeated state. This is common when
there are very few or no connections between netlets left as the cutting

procedure nears completion.

Generally, the Llonger the search for <cycles, the more Llikely it is for
Repeated states to appear, and the more Likely there is to be a slow
transition. When only a few neurons form the vital communication channels
between netlets, repeated states can persist for some time in a particular
netlet and possibly influence other ne{Lets to follow the same period.
Studies indicate that nets cut 18-22 times (out of 25) yield many repeated
states. That is, when on average 3-7 out of 25 neurons per netlet have

external Llinks, i.e. 2-8% of the original external connections are left.
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REPEATED STATES IN-SUBNETS
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fFigure 16 Repeated states. The various symbols

depict the number of repeated .states found in
netlets. Each column represents one net. ALl nets
are N=100, but the netlet sizes are 10 25 50 as
shown. Netlet size is equal to the number of cuts
necessary to completely sever the netlets. The
vertical scale indicates increasing number of cuts.
Big dots symbolise many repeated states > 50 and
tittle dots about 15 to 50 repeated states.

Crosses are for independent uninterrupted repeated
states in each nettet. Code numbers indicate
parameters m,h: (1-3):.075,.35 (4-6):.15,.35
(7-9>:.2,.35 (10~-11)>:.25,.35 (12-14):.3,.35
(15-17>:.15,.35 (18-20>:.3,.35 (21-29):.15,h=.2-.3
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Origin of Cycling

It is all very well dividing & net into netlets and then showing that

repetition occurs within the netlets, but how can one tell whether a so-
called homogeneous net has natural divisions, Llittle groups of neurons that
ctosely affect one another? A much earlier study, in which cycling was
detected by listing the periodic behaviour of each neuron, showed that often
2 to 3 out of 60 neurons had the same period (long before cycling onset). It
is impossible to imagine 3 neurons with 12 external connections each, being
unaffected by the rest of the net, and indeed, these neurons with common
periodicity were not seen to precipitate a complete cycle. However it is
unLikéLy that these pairs and triplets coincidentally had the same period
and t%ey could be necessary to seed cycling. Unfortunately, architecture was
not Gnder scrutiny at the time, so no correlation between periodicity pairs
and ﬁriplets, and the connection matrix was sought. No study was made of
input%_ to epileptic neurons either. This relates to whether the origin of
cycti&g is seeded, or stems from the restrictions introduced by the many to
one a%gorithm for time evolution of the state of the network, or are both

mechanisms the same mechanism?

Slow Transitions

The phenomenon of slow phase transtions, for appreciable cycle lengths, is
connected to the architecture of the net, according to my studies. That is,
slow transitions occur most often when a group of netlets (each of which
transits relatively rapidly to cycling) is weakly Llinked, allowing one
netlet to seek dominance over another by "forced oscillation”. If each
netlet 1is eligible there may be a protracted time before one cycle Length
dominates all netlets and certain netlets may need to sacrifice eligibility
in order to cycle at the dominant period.Hardware parameters, lLike inhibi-
tion, <connectivity, net size and netlet size, affect the complexity, length
and neuronal participation of a cycle, which indirectly governs the tran-
sient time and transition time, but the effects on these times are neither
marked nor general. Architecture, on the other hand, is a reliable context
for netlet subcycling and Llong, often highly eligible, transitions. (Note
"threshold is @& frustrating parameter, as always. Normal thresholds seemed

more reliable than other prescriptions, for this type of connection matrix.)
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Parameters and Slow Transitions (See Table 1)

o Slow transitions for short cycles occur for a variety of architectural

strengths, with increased Llikelihood after a net has been cut 5 times.

Considering the number of cycles with 3 < K < 11, there are not many such
slow transitions. More were expected for such short cycles.

o Very slow transitions rarely occur before 21 cuts have been made and are )
usually for <cycles shorter than 75. 'The longer periods, those greatér'
than 100, are too long to have an even longer transition. In fact, but for -
the cases in Table 1, all transitions are less than 50 steps. Even those
with Llonger transitions usually have even longer periods (see col.4), in "
fact, twice as Llong at least. The very lLong transitions have one or two
netlets cycling completely ; well before the other netlets. This only
happens when there are 4 or less input neurons per netlet. The relatively
independent behaviour of netlets in these transitions can be seen in

graphs of the asterisced transitions. . -

o 0f the wordinary Llong ‘transitions, only a quarter occur after 21 cuts.
These transitions occur earlier than very Llong transitions do in the
cutting process. Three quarters appear after about 12-20 cuts, or when at
Least half the neurons in each netlet are isolated. There ié a wide rangé

of period lLengths which have ordinary slow transitions.
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TABLE 1 (CH 5O
Klcuts) for LONG TRANSITIONS
is a table of perjiods K ,with the number of cuts in brackets.

transition > K for short periods k <= 10

very long transitions,ie the first netlet to cycle with K
ctarts cycling more than K steps before the rest of the net
ie

before the net

tong transitions ,ie transitions lLonger than k
the first neuron starts cycling > k steps

transitions shorter than K but longer than 50 steps

number of cuts, 25 maximum, indicates the degree of structure

K <= 10 netl > K Tt > K Tt > S50
6 [2-13) 22 1211 36 [2-13) 150 [20]
10 [16.,17) 30 [16,171
10 [18) 12 14
10 (203
6 1181 12 (221 G2 1171 178 141
66 [22)
28 [221+* 107 [5)=
31 (231~
6 111-15,201 36 [24) 112,74 ,40 (201 208 [73,169016)
10 [181 16 [21) 184 [23)
8 [24) 20 [18) 188 [23]
4L [25) 16 [23)
6 112)
11 [5-9) 260 [23)~
L& 111-14)
10 118-211 20 (181
L& [18,20,21)
6 [22) 141 [22) 108 [2312
2 [5)
56 [231~ 28 [19)
6 [17) 15 [22)« 82 112 240 [19)
130 [23])=
6 [15) 30 [21-25) 80 [17)
g [20) 15,42 [21) 14 [14-19)
10 (201 75,20 [25) 30 (251
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Some Examples

E.g. net 4 - "The 3 longest transitions in this net can be read from‘vme
table. Figure 17 shows in more detail how neurons in each netlet in each ﬁe%
are accumulated into the cycle. The first case is a relatively short trahé?}
tion of the form typically found in partﬁaLLy architectured nets (e.g. 5725
cuts). However, because of the long cycle Length, the absolute Llength offth?
transition is similar to the lower two transitions. (Compare 55 to 84_an§
77). The latter cases are very slow transitions of the form typically fodﬁ?
in highly architectured nets (e.g. 22/25 cuts). By typical form, is mééh%
the successive recruitment of netlets in bursts lasting a third of K, but
‘separated over the transition time of 2-3 cycle Lengths. This gives a”bhﬁﬁy
structure to the total accumulation of neurons in time (see the smélléf
graphs on the right) caused by a succession of rapid transitions in netLetsi
The first transition is not only relatively short, but is smootth, impLyinb
that there is no hidden grouping which causes groups of netlets to club
together and enter the cycle. The concavity of the graph of particip;nts ih
transition also indicates a sort of weak chain reaction, with more"peuron;
being recruited per time step when there are more cycling ones to coéx them
in. Note how the dominance changes netlets with the 23rd cut, which perhaps
-severed more 3,4 to 1,2 links than Vice versa. The lagging netlets also only
submitted to the forced oscillation by enguding several neurons from

participation.
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EFFECT OF CUTTING ON

PARTICIPATION OF NEURONS, IN EACH NETLET, IN THE ONSET OoF THE TOTAL PAPTICIPATION
TRANSITION TO CYCLING ( FOR THREE CASES) CYCLING DURING TRANSHWON TO CYCLING
: m -
1, CUT 6
- 3 K=107 — 1 100 %
: / 8% %
. e -}
. 4 _A_l
. T 5 1
-K72 -K/4 ONSET (221) -K O
- I
CUTZZ
K=28 —_—de 100 %
/___/—/__/‘- i
ONSET(IOS) - %
v : £ e . ’
] AT RS oo %
INIT -2K -k ONSET (78)  -2K
'Fiqure 17 The number of neurons participating in

the cyclic mode is plotted against time to show the
transition phase. The three graphs represent a
particular net at three different stages of
cutting. Each net (N=100) is divided , by cutting,
into four netlets . The participation in each
netlet is depicted on the same time scale, from 90
steps before cycling till theonset of cycling. The
onset time written at the onset of cycling, is the
total transient time. The total participation vs
units of <cycle period are shown in the smaller
graphs on +the right, and the total participation

during cycling is given for each net.
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Other N Values

(Using subnets, N = 10 to 300 nets can be examined ).

Smaller nets (10,25 and even 50) are more eligible than N = 100 for higher

connectivity (.3, .25) and Lless eligible for lower connectivity (0.075,

0.15>. Ffor example, N = 125 is far less sensitive.to m than N = 100. See -

figure 18a . and table 2.

TABLE 2 : The M Dependence of ELg. in Various Netsizes

N 10 25 100 =25 50 100 300 25 100 300 25 100 300 25 100 300 ..: .

m .3 .3 .3 .25 .25 .25 .25 .20 .2 .2 .15 .15 .1 .075 .075 .05
%Elg. 38 49 0 36 46 5 2 44 672 0 &1 79 0 39 100 .9

N = 10,25 data as gleaned from fully cut N = 100 nets. cn L

Perhaps this N-m-dependence is a manifestation of a pseudorandom number.-

generator that is not very random. See chapter 2. e e

Alternatively, larger nets (300, 100> may actually be more consistent than

smaller nets, where the average numbers of inputs is so small that there ig: .

a VLarge fluctuation from one neuron to another. In other words, when there ..

are as many as thirty inputs to each neuron, the conditions to satisfy
=(t+1) = 2{t) are more easily satisfied, resulting in stable K=1 states. The
fewer connections there are, the more steps, on average, to communicate frdm

one neuron to another (ch 2) vresulting in larger timescales.

Even Larger Nets

A brief study of a few nets with N = 300 showed them to be surprisiﬁgty

ineligible, even for lower than usual connectivity.table 2 and 3.



76

TABLE 3 N=300

m 5% 10% 15% 20% 5,25%x
Part 28=9% 6=2% 0 0 722%
K K 11 6 1 1 2

*A: net with emphasis on local connections was tried. The net was divided
into 10 groups of 30 neurons, with 25% internal and 5% external

connectivity.

No non-cycling modes were found, which was unexpected. Even with a Llimited
amount. of cutting, the maximum participation in any cycle was less than a
half, “and the longest cycle length was 131, with 134 participating neurons.
A Lliftle cutting caused a noticeable abundance of repeated states in net-
lets, for the particular casex, which started off with Local emphasis before

cutting:

TABLE 4 effect of cutting on a particular N=300 net

Number 1st Neur. 1st Netlet
6f " Pefiod Transient starts starts  Part.% Comment
cuts/30° K cycling cycling
bt b 33 11 8 18=6% Slow transition, but
R . short K, Low part.
mG 35 69 32 . 13 87=29% Long transient, cycle
| & transition ~ K
131 13 12 3 103=34% Rapid onset
7 131 99 98 23 134=45% Long cycle & transient,
transition < K
8 - 4 85 7 2 8=3%  Short K, low part.,
but Long transient
indicates kigher ave

Participation than 3%.
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FIGURE 18 The effects of N, m, h on participation

and Long cycles.

18a : % participation as a function of connectivity
m is shown for various net sizes. (N=25,100,300
m=.075-.3 h=.35)

18b : % participation as function of h is shown for-ﬂli‘

various net sizes. (N=25,100 m=.2 h=.2-.35)

18A

of eligibility

connectivity —

188

various net-sizes

0.l 0.2

-

inhibition —=

AP

Effect of net-size on the
connectivity dependence.:. .

s

Effect of inhibition on
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There are several examples here of long transitions and long transients
which would be expected in highly inhomogeneous nets, yet tre onset of
cycling in netlets indicates that no netlet Lleads the others by far and the
abundance of repeated states indicates that yet more Links must be severed

between netlets beiore very long transitions can be found.

Larger nets may need higher h to be more critically balanced.

Inhibitory Effects (See Table 5 and figure 18b)

Evidently, smaller nets (N = 25) are less susceptible to the cranging in-

hibitory content than N = 100 nets are. The N = 100 nets are Llargely
ineLi&#bLe tor h < .3, and need more cutting than h=.35 nets before cyclic
state5  are easily accessible. The higher the inhibitory fraction, the more
complicated the cycles tend to be . The number of long cycles and non-cyclic

modes rises sharply for inhibition increasing from .2 to .35

40T
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-~ e -

IR it Q
c
© 20+
Y
o
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a |
Q O b
E
3
c

1 1 | - (]
0.1 0.2 0.3 0.4
' inhibition
FIGURE 18¢C The total number of cycles longer than 15, for nets

with different Levels of inhibition. ALL stages of cutting are

included in each net’s count.
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TABLE SA INHIBITORY EFFECTS
T T T T T T T T T T T Umber of cuts made
N m h k part in each of 3 cases
before k>1 modes occur

100 .2 .2 1 0 8, 12, 13 / 25
25 1 0 10, 11, 13
3 1 0 3, 6, 6
.35 33 62 0, 0, 0
25 .2 .2 5 25 S
25 4 29
3 6 23
35 17 Lt
. -
TABLE 5B ABUNDANCY OF LONG CYCLES >=20 2

#lcuts] #llong cycles) rangelk] #lnon cyclingl #[transient>507 ~

.o 0 0
16,22,23 3 L2 - 46 0
18 - 23 4 23 - 51 0

-~
(oo J]
W

0 0 .
17,18,20-24 6 40 - 154 2 )
19 - 22 3 22 - 51 0
9 2 7
18 - 19 2 30 - 104 )
15 ~ 24 7 20 - 245 1
20 - 24 6 28 - 56 0
15 1 10
9,11-19 10 21 - 136 0
1,4,7,8,10,
12,15-23 9 20 - 260 )
0,12,19,22-24 6 20 - 356 2

N
vy
—
n
-1
~i
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Origin of Cycling and State Space Visualisations

There are ZN possible initial conditions for a net of size N. If there is no
refactory period or accumulation of signal and if the connection matrix is
constant and there are no perturbations, like noise or input, then the
neuron state space resulting from a choice of threshold Ei can be divided
into non-overlapping regions, with all states in a particular region even-
tually Leading to the same cycle or to death.

Because the algorithm for state evolution involves a binary decision based
on several inputs, it is often many to one, that is, there are several
possible states that could lLead to the same following state, and each state
has a wunique next state. One of the above-mentioned regions would be a
collection of states scattered in state space. If these states are repre-

sented as a patch on the state surface and arrows Link states as in the

evolutional sequence, then treelike structures <can be imagined. (See
diagram). Notice that there must be a perimeter of states with no previous
states. For & net of N=100 the state surface would be a Lot bigger than

depicted in the sketch, there would be many more regions, or cycles and some
of thq;:regions would be much bigger, with much greater distance from the
perimeter to the cycle. The accessibility of a particular cycle depends on
the size of its region in state space, and the transient time is the dis-
tance from a point in the region to the cycle. The more branched the trees
are at each node, the shorter the distance to the perimeter, or the larger
the. region occupied. Thus, intuitively, if connectivity increases the pos-
sible number of previous states, then the trees are very brancted and the
cycles are speedily reached. Inhibitory action may put stronger constraints
on possible previous states and reduce the branching, allowing longer
transients. When a net is structured, by division into netlets, the regions
are teased out into Longer cycles with Llonger transients. If the region is
projected onto the state spaces of each of the netlets some of the branches
would project as Lloops in the netlets (repeated states), but the projected
tree would no Llonger have the unidirectional, single looped nature of the
original, and there would be escape routes from most loops.

If the " states in the cycle of a region are rolled out backwards along the
branches towards a particular initial state, the continuous overlap of
certain neurons’ states will show the transition time. Note ,however, that
the amount of overlap between a state in the cycle and a state in any of its

branches may be less than the overlap with states in other regions!
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Figure 19 If time sequences of states of an evolv-
ing net are depicted as dots linked by directionat
arrows, then Markovian nets effectively divide
state space into non-overlapping regions around
each possible «cyclic state. Many arrows may con-
verge on one dot, if many states exist, all with
the same tollowing state, leaving a perimeter of
states with no previous state. For example, death
can be preceeded by very many states (h=, 35)
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Summary

7
{

Slow phase transitions (with respect to period) are readily found in sets of
netlets interconnected by channels between the small communicating fraction
of ‘neurons in each netlet. A profusion of attempts to cycle in the various
netlets is often coincident with the capability of slow transitions, where
some netlets lead and others lag. The critical number of connections neces~-
sary was not pinpointed in any general way, but more sensitive changes in
interconnection between Llarger and more c¢onsistent nets should yield a
‘narrow region of optimal communication strength between netlets, for a

particular parameter set.
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APPENDIX 1

Programme Listing of the general version of the programme used for most
studies., A pseudorandom net is set up in the main programme. Parameters are
netsize, connectivity, inhibitory {fraction, netlet size (optional) and local
emphasis. Subroufine EVOLVE initialises the net and contains the algorithm
for the &evolution of the state vector in time. EVOLVE performs plasticity
algorithms and applies external inputs as required. Cutting (architecture),
resetting certain parameters and recovery after death are also dealt with.
Subroutjne PHASE detects aspects of <cyclic behaviour and transitions to

cycling.
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OO0 TTOoO 0 o0 OO0

OO0 OO0 000 OO0 D0 OO0 000

TO OO0 000000000 000000000 000O000O00O0

PARBMETERS

STATE
CONNECTIONS

ACTIVITY

THRESHOLDS

VARIABLES

COUNTERS

PROGRAMME
NEURAL NETWORKS

N neurons - net size

Nsub netlet or subnet size

@M average fraction efferents neurons

Q@sub emphasis on local connections in netlets
QH fraction inhibitory neurons

REF refactory perioc or delay

T decay ratio . of stimulus

B inverse temperature

10 max - run time

D Increment to synapse Vij ]

p Decav of D per time step ] plasticity

S Sign of D for inhib vij 1]

AT attention 3

LOCJ,I) neuron 4 at time I , 0 or 1

LV(I,J) present connection I to J or Vji
LVAC(I,J) initial connection strengtht I to
LVM{J) number incoming connections to J

LE sum of LV1 for all neurons at time O

‘LVM2 sum of LV for all neurons,at time.l

LVPOS sum of Lv1>0 for all neurons at time O

LP sum of Lv>0 for all neurons,at time I

QA initial probability of neuron firing

A initial number of active neurons

LACT current number of active neurons

LACJ) time average for neuron J

LATCJ)Y activity of neuron J during transient
AVE time average for all neurons

VMIN average threshold

VMAX upper Limit of window

VO window width

VM(J) normal threshold for J

GAMMA scales VMIN from normal(0) to uniform(1)
GAD ratio of threshold to original value LE=xN/2
V2,V6,T6,RH relate to BW normalisation

FCD) stimulus to neuron U

RE(CJ) refactory state of

RH ratio of fraction inhibitory links & t=1:t=0
R random number

NS number of netlets

D1 current value of D

GMM,QMS values of GM ext,int to netlets

LP®@ modified LE to include accumulated signals
INPC),IPS(),IPT input controllers

I0 max run time

TIMECH time elapsed during the previous run

18 time of onset of cycling of entire net
11 time of end of previous run
12 cycling period

LA2CI) (I8)~-(time neuron J cycles)

L3CJ, 1D number cycling in netlet 4, before I8
ELG number of neurons with LA from 25 to 75%
LX,LX1T,LY,LY numbers of dead,epileptic neurans
THCHC,X counters of threshold changes

LCUT counts the number of cuts made in Vij

H number of inhibitory neurons
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Declaration of variables , opening datafile and setting the formats

COMMON /COM1/LVI1(300,300),LVM(300),QH,v0,I0,A,LE,D,S,P,LP,T
COMMON /COMO/11,REF,LOC300,1000),N,LPQ,NSUB '
COMMON /COMZ/LACI00),INPC1Q),AT,TIMECH, I8
COMMON /COM3/LACTC1000)
OPEN (UNIT=22,FILE="//UCT1/GWEN/DATAZO0" )
FORMAT(80I1)
FORMAT(60I2)
FORMAT(40I3)
FORMAT(2014)
Reading in the parameters
PRINT*, "INPUT N ,<=300"
PRINT*,’ CONNECTIVITY ,INHIBITION ,DECAY ,RANDOM SEED’
PRINT=x,’ SUBNETWORK SIZE AND CONNECTIVITY ENHANCEMENT’

READ(22,*)N
READ{(22,%)QM,QH,T,R
READ(22,*)NSUB,QSUB
PRINT*, '
PRINT*, RANDOM= " ,R
Setting up the connection matrix LV1(I,J)
LE=0
LP=0
H=0
DO 5 J=1,N
LYM(J)=0
QMM=QM/ (1+(QSUB=-1)*NSUB/N)>
neuron I Links to neuron J
DO 10 I=1,N
R=RNDM(R)
IF(R.LT.C(QH*N~-H)/(N+1-1))) THEN
L1=-1
neuron I is inhibitory
H=H+1
ELSE
neuron I is excitatory
L1=1
ENDIF
neuron J is synapsed from I
Lo @ J=1,N '
R=RNDM(R)
IF(R.LE.QM/QSUB) THEN
LVAC(I,Jd>=L1*1000
integers used for efficiency
ELSE IFCINTCJ/NSUB).EQ.INTCI/NSUB))THEN
neurons I,J are in the same netlet
IF(R.LE.QM)THEN
LV1(1,J)=L1%x1000
ELSE
Lv1(1,d)=0
ENDIF
ELSE
Lv14(I,4)=0
ENDIF



number of input Links to neuron
LVMOIDI=LVMOD)+LVIC(T, d)
IF(LT.EQ.-1) GOTO 11
LP=LP+LVIC(I, J)

O

11 LE=LE+LVICI, )
@ CONTINUE
10 CONTINUE

¢ more parameter inputs and some messages about parameters

PRINT*, input ACTIVITY , REFACTORY PERIOD’
READ(22,*)QA,REF

A=QAx*N

D=0

S=1

P=1

LPQ=LE/(N*x(2.-T))

GMS=QM* (N-NSUB) /QSUB

PRINT*, "N(Subdivision) m{(Ext) h t(decay ratio) Activity’
PRINT*,N, (", INT(N/NSUB),NSUB, "> ,QM," (" ,QAMS, )" ,QH,t, A
PRINT*,  INPUTS TO EACH NEURON’

DO 7 H=0,4

PRINT 4, CINTCLVYMC(ID) , 1=1+20%H,20+20%H)

CONTINUE

READ(22,*)1i0

PRINT*, "Run time= " ,I0

O~
~

c CALL THRES : o
c subroutine for finding thresholds dynamically is excluded Cooed

CALL EVOLVE
¢ Options for further runs : s

25 PRINT*, "ENTER O:new WINDOW 1:new START® o
PRINT=,"’ Z:new NETWORK 3:new PARAMETERS® -
READ(22,*)LG .
IF(LG.EQ.Q) GOTO 97
IFCLG.EQ.1) GOTO 8
IF(LG.EQ.2) GOTO 6
IF(LG.EQ.3) GOTO 12

Q8 end

C ***********************************************x********************f;”
SUBROUTINE EVOLVE
COMMON /COMO/I1,REF,LO0(300,1000),N,LPQ,NSUB
COMMON /COM1/LV1(300,300>,LVM(300),QK4,v0,10,A,LE,D,S,P,LP,T
COMMON /COMZ2/LAC300),INPC10),AT,TIMECH,I8
COMMON /COM3/LACTC1000)
DIMENSION RE(300)>,LV(300,300),F(300),MAD(300),CONC60),
1T M2LAC300),MLAC300),VYM(300)>,IPSC10D
3 FORMAT(I4,1001%X,1011))
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Initial conditions

state vector LOCJ,t=0)
LACT(1)=0

DO 20 J=1,N

R=RNDM(R)

IF(R.GT.A/N) THEN
LOCJ,10=0

ELSE

LOCJ,1)=1
LACT(1)=LACT(1)41
ENDIF

CONTINUE

other variables to be initialised
RH=1

I11=1

IPT=0

po 6 J=1,10

IPps(J)=0

LVPOS=LP

LVMZ=LE

TIMET=1

reentry point after resetting soft parameters

0D1=-D/P

thoosing a threshold or window VMIN
VZ2=A/{N-Tx(N=-A))

GAMMA=0

VMIN=VZ2xLE/N

PRINT% ,VMIN, "=VMIN GAMMA=0"
PRINT*, 'NEW THRESHOLD,GAMMA WANTED ? 0DO=YES’
READ(Z22,*)LLL

IFCLLL.NE.O)THEN

GAD=1

ELSE

PRINT=*, NEW VMIN,GAMMA’
READ(22,*)VMIN, GAMMA
GAD=VMINXN/(V2*LE)
printx,vmin, GAMMA L GAD

VZ2=VMIN%N/LE

ENDIF

T6=T/LE

Vé=V2/LE

individual thresholds VM(J) for each neuron
Do 5 J=1,N
VMCUDISC(LE/N=-LVM(JI))*GAMMA+LVM(CJ)
THCHC=0

LCUT=0

reentry point for continued run
continue
AVE=0
DO 2 J=1,N
LACYI=0



¢ evolution of state of neurons to time I

DO 15 I=1+11,10+11
V2=VA*LVM2
IF(I.EQ.1) GOTO 30
LACT(IN=0

D1=D1%P

‘ b0 30 J=1,N
c the state of neuron J at time I is LOCJ,ID
C the stimulus te neuron J is F(J)
Do 25 K=1,N
IF(I.6T.2)60T0 25
LV(K,J)=LVI(K,Jd)
25 FCOIDZFCJI+LVIK, JI*[LOK,I-1)
C external input stimulus
IFCIPT.NE.Q)THEN
IFCJ.LE.T10)THEN
FOaI)=F(J)¥+IPSCJ)
ENDIF
ENDIF
¢ decision to fire
) IFCFCY).LT.V2%*VM(J)) THEN
29 L0CJY,1)=0
ELSE IF(REC(J).GT.REF) THEN
LOCO,I)=1
LACJI=LACY )Y+
F(Jr=0
RECJH=0
ELSE
LOCY,1)=0
ENDIF
FOIISFOJIRTOEXLVYMZ
RE(CJI=RE(JI+1

C brainwashing
IFCLOCY,I).EQ.0Y GOTO 30
LACTCIN=LACT(IN+1
IF(I.EQR.1)YG0TO 30
IFCABS(DT).LT.1) GOTO 30
DO 16 K=1,N
D2=D1
IF(LO(K,I-1).EQ.1) GOTO 17
IFCRT.EQ.O0) GOTO 16
D2=-D1
17 LU=LV (K, J)D
IFCABSCLUY . LT.ABS(D1)) GOTO 14
TF(LU.GT.0.) THEN
LUSINTCLUX(1+D2/100)*RH+.5)-LU
LvP0S=LVPOS+LU
ELSE
LU=SINT(-S*D2*LU/100~.5)
ENDIF
LVM2=LVM2+LU
LVOK,J)=LV (K, J)+LU
16 CONTINUE
end of brainwashing inputs to

30 CONTINUE



89
next state known for all J

PRINT», I,  LACT ,LACT(I)

PRINT 3,I.,(MAD(M1) ,M1=1,LACT(I))
RH=(C(LVPOS-LVM2)/(2.*LVPOS~-LVM2))*x(2.*xLP-LE)/(LP-LE)
the separate normalisation of +,- done by RH
AVE=AVE+LACT(I)D

revival after death
TEFCLACT(IN.EQ.D) THEN
PRINT=, DEATH 3,1
ID=I10+11~-1

I1=1

"GAD=GADx.©Q

Vé=Vé* . @

GOTO 455

ENDIF

search for repetition or cycling
IFC(D.LT.0.1)THEN
DO 80 18=I-1,I1+1,-1
IFCLACTC(I).NE.LACT(I&))GO0TO 80
activity at t=I8 equals present activity
DO &1 19=1,N
IFC(LOCI®,I8). NE.LOC(CI®,I))GO0TO 80
CONTINUE
PRINT*, State , ,I,  Eqguals State " ,I1, '+ ,18-11,  PERIOD=",I-18
tycle period = I-18 )

start = I1+1 elapsed time = I-1I1
onset time = I8 transient = I18-11
TIMECH=I-1I1

11=1

CALL PHASE
to ctalculate eligibility,transition times

program rerun 5 times cor until 20<=act<=80
IFCTHCHC.GE.S5.) GOTO 86
IFCAVE/TIMECH.LT.20) THEN
PRINT*, " THRESHOLD TOO HIGH =-->',GADx.9
THCHC=THCHC+1

10=10+11-1
11=1
TIMET=I1+1
GAD=GADx .9
Vé=Véx . Q
GOTO 455

rerun with slightly lLower thresholds
ELSE IF(AVE/TIMECH.GT.80) THEN
PRINT%, "THRESHOLD TOQO LOW -->",GADx*x1.1
THCHC=THCHC+1 ’
I0=I0+11-1
11=1
TIMET=TI1+1
GAD=GAD=*1 .1
Vé=vbx1.1
GOTO 455

rerun with slightly higher thresholds
ENDIF
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85
83

87

80

15
c

98

c

CUTTING CONNECTION MATRIX:TOP LEFT "L° OF NON-DIAGONAL BLOCKS

LCUT=LCUT+"
if completely cut end run
IFCLCUT.GT.NSUBIGQOTO 46
PRINT*,’
PRINT*, CUTTING ~,LCUT
DO &3 NS=1,1+INT((N-1)/NSUB)
netlet number NS
JZ(NS=-1)XNSUB+LCUT
neuron J (1 from each netlet) to be internalised
IF(J.GT.N)GOTO 83
cutting Links zo & from previous netlets
Do 84 K=1,NSUB*(NS-1)
VMUJ)=VMUI)=LVK, ) *(1=-GAMMA)
LV(K,J)=0
VM{K)=VM(K)=-LV(J,K)*(1-GAMMA)
cutting links to & from subsequent netlets
LV(J,KY=0
DO 8% K=1+NSUB=*NS,N
VMO =VMO) -LVIK, D *(1~GAMMA)D
LV(K,J)=0
VM(K)=VM(K)=LV(J ,K)*(1~GAMMA)
LV(J,K)=0
CONTINUE
THCHC=0
set initial state as element of latest cycle,refun
DO 87 JCUT=1,N
LOCJCUT,2)=L0C4CUT, I
11=2
GOTO 40

CONTINUE
ENDIF .
CONTINUE _ s

end of time step I

IF(D.EQ.QO) THEN .
no cycle found in 500 steps
PRINT*, "NO CYCLING YET'
18=11+1 S s
TIMECH=IO
I11=1-1

CALL PHASE

next cut?
IF(ID.EQ.500)G0 TO 86

GOTO 46

interaction with user
ELSE

brainwashing complete
I11=1-1

PRINT=, BRAINWASHED FOR ", I0,INT(100%LVM2/LE), % Vij left’
GOTO 46

ENDIF.

11=1-1

End of running and cutting .Iteract with user
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46

52

91

End of running anc¢ cutting .Iteract with user

PRINT*, Normalisation factors SUMS Vij,Vviji(t),Vpos,Vpos(t)’
PRINT*,LE,LVMZ2,LP,LVPOS

PRINT*,RH, H ™, QH

PRINT*, YO!U HAVE REACHED STEP ,11%1,  WITH ,530-71,° STEPS LEFT’
CONTINUE

PRINTx, TO CHANGE PARAMETERS , ENTER APPROPRIATE CODE

PRINT*, 0 NO CHANGES 5 CONTINUE RUN,WITH CHANGES’
PRINTx, "1 NEW D S P (PLASTICITY) 2 EXTERNAL INPUT’

PRINT*, "3 NEW REF,TC(STIM DECAY) & NEW A VO (WINDOW)
PRINT*, 6 ACCESS SYSTEM MONITORS 7 PARAMETER LIST’

PRINT*, 9 EXIT EVOLUTION 55 RESTART &RUN FOR 500°

READ(Z22,*)LL

IF{LL.EQ.BC) GOTO 39
IF(LL.EQ.T1) GOTO &1
IF{LL.EQ.2) GOTO 42
IF(LL.EQ.3) GOTO 43
IF(LL.EQ.4) GOTO 44
IFC(LL.EQ.5) GOTO 39
IF(LL.EQ.6) GOTO 47
IF(LL.EQ.7) GOTO 48
IF(LL.EQ.9) GOTO 99
IF(LL.EQ.55) GOTO 455
IF(LL.EQ.551) GOTO 455
GOTO 46

a continuation of the run has been requested

In

-

CONTINUE

PRINT*, YOU HAVE REACHED STEP ' ,I17,  WITH",530-3I1," STEPS LEFT’
READ(22,%x)10

PRINT~, "HOW MUCH MORE TIME WOULD YOU LIKE ?2°.,10
IF(CIND.EQ.Q) GOTO 99 .
99 is end of evolve

I11=11+1

TIMET1=I11

I11=111-1

IF(LL.EQ.D) GOTO 40

IF(LL.EQ.5) GOTO 45

tialise 50% act run 500 stepns
CONTINUE

IFCLL.EQ.551)THEN

I11=1

LL=0

ENDIF

PRINTx, RESTART &RUN FOR 500"

DO 452 J=1,N

R=RNDM(R)
IF(R.GT.0.5) THEN
LOCGJ,T1)=0
ELSE
LOCJ,I1)=1
ENDIF

CONTINUE
TIME1=I1+1
I10=1000
GOTO 40



¢ new plasticity parameters reauested

41 PRINT», PLASTICITY PARAMETERS’
c PRINT*, D=",D, ¢ ,D1,’) S=',§,°P=",P," INHIBITION=" GH
c PRINT*, PLASTICITY MODE: 0;1=BW;2=LEARN;3=ALERT;4=FORGET’

READ(22,%)LL
IF(LL . EQ.O)THEN

n -

D=0
$=1
p=1
ELSE
c PRINTx, 0<P<1 FOR DECAY OF D (= % CHANGE OF LV)’
c PRINT*, INPUT D P’

READ(22,%>D,P
PRINT*, INPUT D P’ ,D,P
AT=0
$=1 -
IF(LL.EQ.1)THEN
§=-1
ELSE IF(LL.EQ.2)THEN
D=(=1)%D
ELSE IFC(LL.EQ.3)THEN
AT=1
ENDIF
ENDIF v
c . PRINT*, D=",D, C",D1,") S=",S, P=",P, " INHIBITION=',QH
GOTO 46

c. change in external stimulus reqguested
42 CONTINUE

PRINTx, STATUS OF INPUT NEURONS FOR PREVIOUS INPUT STAGE:’

PRINT*, (IPSCJJ),dJd=1,10)

PRINT%,  NEW STATUS ? 0=NO CHANGE’
READ(22,%)JJ

IFC(JJ.NE.Q) THEN
READ(22,*)(IPS(JK), JK=1,10)

PRINT®, (IPS(JJ),dd=1,10)

ENDIF

READ(22,%)IPT

PRINT*, DURATION OF STIMULUS ?°,IPT
GOTO 46 ' ,

t new refactory time and stimulus decay factor reguested
43 CONTINUE
PRINT*, REFACTORY PERIOD=",REF," STIM ACCUMULATED=",T
READ(22,*)YREF,T :
PRINT*, " INPUT NEW REF,T ,REF,T
GOTO 46

¢ monitoring requested
c some of these monitors have been shifted to PHASE

c and others were irrelevant and deleted
L7 PRINTx, -

PRINT*, ENTER CODE FOR DESIRED MONITOR’
C PRINTx, ' 0 NO DISPLAY L FOURIER TRANSFORM’
C PRINTx, ' 1 ELG AND ACT 5 CYCLING SCAN’
C PRINT*, "~ 2 STATE MATRIX & AUTO CORRELATION’
C PRINT*, " 3 ACTIVITY GRAPH 7

HISTOGRAM OF vij”
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initial conditions
CONTINUE
INITIAL CONDITIOQNS
PRINT=, INPUT NEW ACTIVITY
PRINT*, "’ START TIME"
READ(22,%)A,R
READ(22,*)11
DO 420 J=1.,N
R=RNDM(R)
IF(R.GT.A)Y THEN
L0Cy,I11)=0
ELSE
LO0CJ,11)0=1
ENDIF
CONTINUE
A=AxN
PRINT=x, INPUT NEW ACTIVITY
GOTQ 46

CONTINUE

PRINTx, "PARAMETERS N=" N
option never used

GOTO 46

PRINT*, END OF EVOLUTION’
RETURN
END

83

., RANDOM SEED’

, RANDOM SEED’',A,R

WA K K KKK R KRR R KRR K K KKK KR K KK KR KR K K R K K R R R K Tk R R R R T W e T T ok W R R R ke ke ok ke e ke

SUBROUTINE PHASE

COMMON /COMO/I1T,REF,LO0(300,1000) ,N,LPQ,NSUB

COMMON /COM2/LAC300),INP(10),AT,TIMECH, IS8

DIMENSION LAT(300),K3(300),LA2(300),L3(300,2C),LLSC1000)
I3=INT(2alL0G(real (TIMECH))/LOG(2.))

Length of neurons history to be matched in periodicity search
PRINT*,n,” MONITORED NEURONS '

nitialise
I0=11-TIMECH+1
start time =10
period = IZ2
12=71-
po 10
LATCd)
LAZ2(I
DO @ 1
L3CJ,I)
LACII=0

-

N
P

{13 N | B ]

W 200 W ool

O~

10

actiVity of each neuron J

DO 20 d4=1,N
DO 30 1=10,18

LA1T = activity during transient

LAYTCII=LOCI, IX+LATCY)
0O 40 I=I8+1,1I1

LA = activity during cycling
LACIYELACII+LOCY, )
"CONTINUE
"IF(I8.EQR.IDJXGOTO 81
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O O

neuron J starts cycling at LAZ
DO 50 J=1,N

D

0

40 1=18,10,-1

IFCLOCY,I).NE.LOCJ,I+1I2)) THEN
LAZCI)=I+1

GOTO 50

ENDIF

CONTINUE

LAZ(J)=1+1

CONTINUE

PRINT%, CYCLE- ENTRANCE TIMES’
grouping neurons

-

L
D
.f

X
X
Y
Y
0
0

1
1

r

0
D

o no

70 J=1,N
each neuron J

IFCLACY) .EQ.O)THEN

dead neurons
IFCLATCJ)Y . EQ.O)THEN
LX1=LX1+1

ENDIF

LX=LX+1

ELSE IFC(LACJ).GE.CIZ2)/C(REF+1)) THEN

epileptic neurons
IFCLATCI) . GE.(IZ2)/(REF+1)) THEN
LY1=LY1+1 :

ENDIF

LY=LY+1

ELSE IF(LA2CJ).LT.I8-N+1) THEN

very early cycling neurons
PRINT*, "NEURON",J," CYCLES AT T-",18-LA2(J)

ELSE IFC(LAZ2(J).GT.18) THEN

neuron can’'t start cycling after the net does
PRINT*, "NEURON",J," CYCLES AT T+ ,LA2¢4)-18, 111"

ELSE

eligible neurons grouped according to cycle onset time
NS=INT(C(JI=1)/NSUB+1)

netlet number NS

time steps before onset of cycling = 1

number neurons cycling in netlet NS,l before net,= L3
DO 51 I=1,1+18-LA2(J)

from a step before net cycles back to neuron J's onset
L3(I,NS)I=L3(I,NS)+1

ENDIF
CONTINUE

printing the transition details
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c printing the transition details
NS=INTC(N=1)/NSUB+1)
LIMAX=0
D0 80 J=1,N
L3J=0
DO 71 I=1,NS
71 L3J=L3J+L3CJ, 1)
IFC(L3J.NE.L3MAX)THEN
PRINT*,(L3(J,I),I=1,NS>," IN ",I2," CYCLE BY 7-",J-1
L3IMAX=0
Do 72 I=1,10
72 LIMAX=LIMAX+L3(J, 1D
ENDIF
IF(L3MAX.EQ.D) GOTO 82
80 . CONTINUE
82 CONTINUE
PRINT* , LX1,  NEURONS DEAD ",LY1," ON’
PRINTw,LX," NEURONS DEAD ",LY,  ON, IN CYCLE~

¢ repeated states in netlets
DO 100 NS=1,INTCN/NSUB)
ASUB1=0
ASUB=0
I11=0

DO 104 I=1,NSUB
ASUBTI=ASUBT1+LATCI(NS—-1)*NSUB+I)+LACI(NS-1)*xNSUB~+1I)
104 ABSUB=ASUB+LAC(NS-1)*NSUB+1I)
PRINTx, SUBNET',NS,ASUB1/(NSUB*TIMECH) ,ASUB/I2/NSUB
DO 102 I=I1-TIMECH+1,1I1
LLSS=0
DO 103 II=I+1,1I1
IF(IT.EQ.IDGOTO 103
DO 107 NNS=1,NSUB
J=(NS-1)*NSUB+NNS
IF(LOCJY,ITI).NE.LOCJ,I)) GOTO 103
IFCLOCY,ITI+1) . NE.LOCJ,I+1)) GOTO 103
IFCLOCY,TII+2).NE.LOCY,I+2)) GOTO 103
IFCLOCJ,TI+3).NE.LOCJ,I+3)) GOTO 103
IF(LOCJY,T1+4) NE.LOCJ,I+4)) GOTO 103
IFCLOCY,IT+5) . NE.LOCJ,I+5)) GOTO 103
101 . CONTINUE
' IF(ITI.EQ.I+1) THEN
IT1=111+1
GOTO 102
ELSE IFC(IIT.NE.O)THEN
PRINT*, T=",I-1-II1%," REP TILL ,I-1
I111=0
ENDIF
LLSS=LLSS+1
LLSCLLSS)=1I1
.03 CONTINUE
IF(LLSS.NE.O)THEN
PRINT*, 'T=",1," REP ' ,LLS(1)~-T1,¢(LLSCJI~LLSCI=-1)),J=2,LLSS)
ENDIF
G2 CONTINUE
00 CONTINUE

+7  RETURN
END
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APPENDIX 2

Getting to know the model ; parameters , thresholds , brainwashing
Obstacles involved  in setting up nets _which can survive the variety of ~
conditions found during studies are resolved. This development, although

essential for simulation, has no direct bearing on the main thrust of “the
project.
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Symbols:

(X3
1l

Brainwashing Fraction

t1 . = decay ratio of & in time &(t) = x:‘:(t1)t
R;f.; Refactory period
Elg = ELigibility
Act = Average activity
<8> = Theoretically calculated threshold
u,(t+1)
T = Decay of stimulus U?T?T—"
(without any new stimulation at t+1)
8(Min)-8(Max) = Lower and upper Limits of window firing condition

Neural networks are very individualistic. What works for one net may not
work for another. Many statistical results have large errors. For each
particular computer model, it takes some experience anq many dead ends
before it s poséibLe to design an experiment. The various parameters of
hardware wiring, brainwashing and evolution of states of neurons, thresholds
in particular, needed to have their convenient operating ranges found. A

chronological description of this acclimatisation follows:
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Firing thresholds for static nets

The parameters under consideration were m, h, &,8,R. Each net
(typically N=80) was run for 20 steps thy for this initial survey.:-
Connectivity and inhibition were each varied from .3 to .4, initial activity
from .2 to .8, noise parameter 10 or 100 and refactory period from 1-to 3. .
Note that the m values 'were c¢hosen wunusually high , through lack .of
experience. The aim was to find, by searching, a suitable threshold for each
net, and to get a feeling for how this threshold varied from the expected
threshold of %Nm(1—2h) for wvarious parameters. (A suitable range qﬁ
threshold action allows the net to survive 20 steps without reaching a
constant state, by dying, for instance). The most notable feature was the
sensitivity to inhibitory fraction, so precautions were taken to ensure that
the ~correct number of inhibitory neurons were chosen during the set-up
proceedure. This was done by weighting the probability of being inhibitory
according to how many inhibitors were still needed and how many neuronsv

there were to choose from.

Thresholds actually <cause an inherently unstable phenomenon. If the
threshold is slightly too Low, activity increases, stimulation increases and -
hence activity increases further. If the threshold i5 too high, the activity.
keeps decreasing to zero. This is where negative feedback or inhibition is
so important. Initial conditions were also found to be important. Although:
most * initial <conditions led to the same outcome for the same threshold.

Sometimes particular initial conditions led to quite unexpected outcomes.
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TABLE 1

b= -

Thresholds & and Survival

, threshold avg
N-*"m  h Rand Act(o) Ref = <E> Act(20) Elg.

80° 3 .3 .246753 37 1 3.323.8 4.8 33-44 37

T4 .3 246753 37 1 4.554.8 6.4 58-60 B"m.%
as
Gt 37 01 4.995 6.4 death
Eéi”ﬂ“ 32 2 3.7-3.9 32-36 (80-90% saturated)
32 2 4.,0-4.2 death
o 4

GoTE Ena 24 3 .5-1.0 death, preceeded by epilepsy

(8 too Llow)
8013 L4 37 -1 1.9-2.4 2.4 30-44 25
Ao L4k 246753 37 1 2.5—2.9 3.2 35-39 28
37 1 3.0 3.2 death

32 2 1.7-2.2 21-30/ 65
high elg. because of death

24 3 1.5-1.8 19-22 28 much higher 8 than

before
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Thresholds unsatisfactorily unpredictable.

The highest possible thresholtd that doesn’t cause death yields the

highest eligibility. See Figure A1

Inhibitory fraction increase improves the consistency of behaviour

and results in more resiltient nets.

Longer refactory periods need lower initial activity, or else the N
activity will be too low during the refactory period, lLeading towaﬁd{?
death. The thresholds must also be lower, since the average activity®.
must be less. Some accumulation of signal seems necessary to compen—i:

sate for the refactory period.

20 steps is a relatively short time, thus the range of -workable

threshold was exaggerated

The noise parameter was not seen to have a noticeable effect in this

short time, s0 in subsequent studies noise was excluded for the sake of

simplicity in detection of exact cycling.
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EFFECT OF THRESHOLD LEVEL ON
ACTIVITY AND ELIGIBILITY

®EIg and Act x

N=80O
80 :
, ® El9mox
604
e de N,
404 - O - <N -40
, X ' é X X *Actmox
® X
20+
4 m
T T T T T >
1.4 1.6 |.8 2.0 2.2 2.4

. A THRESHOLD —

For this net "2‘ Nm(I-2h)/R=1.6

Figure A1 _Crosses denote the meaﬁ number of active
fmeurons as a function of the uniform threshold
level. Circles denote the number of neurons par-
‘ticipating in the evolution 6f the net. This graph
is for a particular net of 80 neurons and with R=?2
(a single refactory period) Results are repre-
sentative of a significant fraction of brainwashed
quasirandom nets. Note that the smallest activity
and the largest eligibitity occur for the highest
tolerable threshold. The maximum eligibility pos-
sible is 80 and the saturated activity level is 40,
since R=2. '
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Brainwashing

Some of the variables of this plasticity proéess are threshold, brainwashing
strength and duration, and the growth or decay of the brainwashing strength.
The aim of brainwashing was to show the variety and versatility of a brain-

washed system, and to pinpoint the parameters.

Allowing:
N =80, M= .3,.35,.4, h
1,2,3 (See table 2 ).

11
(V]
V]
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~
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™
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Refs. =

‘Note: Refractory periods of 3, without accumulation of stimulus, were
Largely ineligible. Eligibility and activity depended on threshold. For
brainwashed nets, a range of thresholds was often possible, because the nets
had improved resilience. Fluctuations between 7 and 93 percent activity were

seen.

No cycling by individual neurons occurred during brainwashing - as expected.
Brainwashing Strengths that didn’t decay too fast worked best, in terms of
producing resilient, eligible nets. It is logical that brainwashing should
be time consuming, allowing a net to respond to the structure in its connec-
tion matrix, and then weeding out the structure. Very sudden and large
brainwashing corrections should be too dependent on initial conditions, or

immediate neighbourhood of states which may not be general.

Once again, higher values of inhibitory fraction (h = .4) produced the most
ihteresting nets. The highest weligibilities were found for h = .4 and m;
SCt); Ref = .4; .3 (.9)%; 2 and .2; .2 (.99%; 1, respectively.

Note the slow decay rates of £(t). Later studies used mostly & = .1 with no

i}

decay. Refactory periods of 2 were much more favourable than Ref=1 or Ref=3
Time correlation functions for the state vector showed no marked maxima
during brainwashing, indicating that brainwashing suppressed periodicity.

What is the effectiveness of brainwashing a8 net with a large refactory time
for the neurons? Brainwashing should be applied for much longer, to allow
the c¢onnections that escape brainwashing during the refactory period to be

corrected.
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APPENDIX 2 TABLE 2

EFFECTS OF BRAINWASHING PARAMETERS N=80 ON RANGE "OF THRESHOLD

m h d t1 R 3 vO <v0> elg act
2.3 .5 .9 2 .3 2.0-2.6 2.4  B-4D  26-28/L4D . o
.35 .35 .5 .9 2 .4 2.3-2.4 2.1 0 35-0 fluctuatn act but no survivl
AL .5 .9 2 L 1.1-1.2 1.6 death & epilepsy e
L 4 5 9 2 1.8-2.3 1.6 60 30 range of thresholds : C iy
Ao 4 L3 9 1 .6 2.5 3.2 7L 35/80 d & epi .act=3-72 L
A A 3.2 3.2 0 49 EERREES
Lo L 3.9 2 1.8-2.5 1.6 37-76 33-24/40 bigbly elg!,range of VO, the..
B A T 1.4-2.4 1.6 L-7¢4 37-23 higher the better.(graphs)
Lo 6 3073 1 I zL/27 ‘deatt & epilepsy :
.4 L 3.5 2 2-2.7 1.6 32~-64  23-32/40
AL 2 .9 2 1.8-2.5 1.¢ 32-70 23-33
A 4 2 .90 3.3-3.7 3.2 25,64 59 ,45/80 IO
A A .2 .93 3 .2 1.0 1.1 4 23/27 recovers act=4,but mostly..
4 L4 .2 .95 3 3 1.0 1.1 5 24 saturated.Sensitive to V °
.2 L .2 .99 1 .5 1-1.2 1.6 801 . 48-36/80 low correln,big fluctuatng: i,
L2 .6 .2 .9 1 .5 1.¢-1.4 16 L2-39  &50-472 act flatter
.35 .35 .2 .9 1 3-3.5 L.2 hard to find VO S
.35 .35 .3 .9 2 2.8,2.9 2.1 18-7 33-3/40 -
L 2T 9 1 .5 6 6.4 deatt & epilepsy all mixed
.35 .3 3.9 1 5.6 v0 not found I i
.35 .2 .3 .9 2 2.6-3.5 2.8 21-61  37-31 o
.35 .3 .3 .9 3 1.6-2 1.9 3 25-23/27 c¢lose to saturation SR
control
L S ¢ " 5.6 vD0 not found,Unstable . BWsD
.35 .3 0 O 2 2.6-3.6 2.8 0-21 38~34/40
.35 .3 0 O 3 : 1.9 perpetually dying

m = connectivity h = inhibition

d = Bwash strength t1 = decay of d

R = refactory period 2 = initial activity

VD = thresholds <v0>= theoretical VO :

elg = eligibility act = average activity : S

oD

o
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Windows

The idea of windows instead of thresholds as a firing condition for neurons

hég '?nteresting, although of no physiological relevance. An upper threshold
Was introduced to prevent overstimulated neurons from firing, thus making
epileptic states non-perpetuating. In conjunction, it was necessary to allow
-atcéumulation of signals. That is, if a neuron does not fire, a fraction, T,
o¥ its stimulus, is carried forward to the following time step. Thus, if T
is not too small, an overstimulated neuron’s stimulus will decay in time and
sooner or Llater fall within upper and lower thresholds, allowing the neuron
to, fire. Death would be more easily avoidable, because accumulated signals
wodld--help revive a net with very low activity. Tunnelling past the window
should be possible. It would be necessary for stimulus to be able to jump
frqq. below the window to above (or else overstimulation doesn’t occur) and
it“'woutd be satisfactory if the window were just jumpable from above, so
that a slightly overstimulated neuron may possibly fail to fire if no addi-
tional stimulation occurs in the following time step. The average input per

neuran, -(ignoring refractory period) is:

U = o NmC1=2h) C(Ave (VijD/U1=-T(1-a) =’(§j Vijdow / NOI=T{1=-2) . (A2.1
Initially the window Limits were chosen symmetrically about this average

stimulation. No brainwashing or refactory effects were used.

) &(Max) = (1+%) where w is the width of the window 0<w<2.

a(Min) = B8(1- 5
(A2.2)

L
2

The aim was to find rythmic fluctuations controlled by the window and decay

of stimulation. Monitors on overstimulated neurons were useful in under-
standing and controlling the behaviour. Cycling with windows and
accumulating signals, is much more unlikely. Accumulated stimuli greatly

extend the possible states of the net. With parameters:
‘N = 100, h = .3, m= .1 o0or .2, T = .001 or .4 or .7,

Width W = .1 to .9 Run for up to 500 steps.
(See figure A2
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100 100 ——— : 100
.k t=0.7 %
,Vc‘|.3 v
SOJ b 50¢
- "J
0 = 1 0 1
0] 0.3 0.6 0.9 0 0.3 .
W
100 o
EFFECT OF WINDOW WIDTH, W
ON  ACTIVITY - == =~
AND ELIGIBILITY —
Y T
o] 0.3 0.6 0s
w
100
%
50+
0
Figure A2 In each graph, the percentage average
activity (dashed Lline) and the percentage of

eligible neurons ( solid tines) are plotted as
functions of window width W, with window centre
Vc,chosen with consideration ot network parameters
(N=100 m=.1 to .2 h=.3) and accumulation, T. The
coltumn ot three graphs illustrates the effect of
changing accumultation, T, wWwith T=.7,.4,.00% cor-
responding to haltflives of stimuli equal to
1.94,.76,.001 steps respectively. The row of three

graphs shows decreasing Vc causing a shitt in the
optimum eligibility with respect to window width.
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Non-cyclic, dead and epileptic states were observed for cases with accumula-

tién T = .4, .7. whereas , without accumulation (T=0 ) , but for one value
ofl’w (W=.5) s for which highly eligible nets were found, the rest of the
ru%s ended in dead or epileptic states.

"f'h; h
Wider windows resulted in higher activity, and maximum eligibility (70%) was
observed for width about .6. See fig AZ2.
The highly =eligible nets had Llarge fluctuations in activity, but these

rythmic fluctuations did not have constant period.

Thus, optimal window widths can be found for various values of t and <, at
which the activity in the net oscillates widely, but cycling is absent (in
150 to 500 steps). Note that < affects the choice of the centre of the

window, therefore low < needs a wider window.

Windows with independent upper and lower thresholds

Initially, nets with no accumulation, refactory period, plasticity or noise

were studied. The upper threshold was reduced from effectively infinite till
the net died. The Lower threshold was fixed during the process, at values
less than or equal to the usual threshold. See appendices. Most nets cycled
within 500 steps, and those that did not were very highly eligible.
Typically, one integer value of lLower threshold allowed a range of cycles,
but an increase or decrease in this value caused death or epilepsy (higher
threshold wvery high). Narrowing the window, whether from top or bottom,
inevitably reduced the activity level. An interesting study to see just how
low the upper -limit can go, showed that reducing B(max) slowly eventually
.causes interruption of the characteristic cycle, but on raising 8 slightly

again, the net restored its original cycle.
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To illustrate this, consider the following diagrams of stimulation

neurons 1 to N at time to.;Shifting threshold or adding accumulated signa

thanges the states of only a fraction of the neurons, but the effect
multiplied by the {following step and a completely different region can
accessed. & and Sguoutd most Llikely céuée death and epilepsy, respectively

4

while 81; 8, and &_ would probably result in three different cycles, al
though the difference in next states for these different thresholds
small. If accumulation were included many more than 6 levels of stimulatic

would be found, and hence many more possible thresholds between. sure dea?

and sure epilepsy.

Figure A4 Possible thresholds applicable to a

given stimulation. A sample 1is shown of the
stimulation to each neuron in a 30 neuron net, at
one time. The upper graph shows the direct stimula-
tion from the previous state of the net, and the
Lower graph includes accumulated signals from past
states. Many possible thresholds can be applied to
determine the next state of the net, each of which
may gqgenerate different sequences of net activity.
Few of these thresholds would allow tLtong term
perpetuation of activity. Accumulation is one means
of allowing closer spacing of effectively distinct e e cmw

thresholds,as is brainwashing for example.
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Brainwashing and Windows

The window algorithm doesn’t need brainwashed nets as much as others do

because resilience to change in windows, and resiLiehce to Large flﬁEtua
tions in activity are already there, but since the net is quasirandom,” ther
will be some rut-like cycles that dominate, therefore brainwashing fis o
interest, but how is it to be implemented with, firstly, accumulated éfgnal
hiding the source of stimulating of a firing neuron, and, secondly, windows
where overstimulated neurons don’t ‘have the inputs brainwashed. —
Various amounts of brzinwashing (& = 3 - 10% for 25 to 100 steps were tried
using high B8(max) so that the behaviour was very close to threshold' nets.
range of reactions and success rates of brainwashing were réecorded. N

substantial common differences in behaviour could be found.

Back to Thresholds

4

In an attempt to understand thresholds and develop general prescriptiohs fo-
choosing suitable thresholds, the discrepancy between the useful "thresholas
and the <calculated thresholds was studied, with the aid of a ¥eedbac
mechanism whereby activity (present, integrated or rate offchangé5 wa
monitored and the threshold adjusted accordingly to maintain, as ciééély a
possible, the prescribed activity. The average threshold (8(t) thrdughou-
the run and the average activity achieved (2t(t)) were analtysed. The feedbac
mechanism worked best when a reasonably close approximation to the correc
threshold was used to start with, _that js 8(0) chosen to be (averag

stimulus) x (fudge factor)

where average stimulus = % Nm (1-2h) (A2.4D
. 1 1 Co
and fudge factor = (1—6(&%§)teb§i) to start with. (A2.5)

The aim, of course, was to find a better fudge factor prescription.
Parameters N = 20, 30, 40 ... 100 m= .1, .2, .3 h = .2, .3, .4

Desired activity: .2 .3 L4 .5 .6 .7 .8 .9
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4

Initial fudge factor: 1.54 1.24 L.06 1 .94 .76 .46 .04

.The, study revealed that, individually, there is no static prescription for

5b7ﬁjpding a functional threshold, that will apply for a large fraction of

-.s.ases. Feedback, accumulation or other methods are more reliable escapes

»;rom instability. The general trends of the thresholds would be instructive

;yq¢p>,examine, in spite of lLlack of applicability. For each case studied, there

.. Mas an expected activity . An average activity <, and expected threshold

E(ﬂo) and an average threshold é (taken over 50 steps between 25 and 75).
The average stimulation to each neuron should be = Nm (1-2h). If the desired

;activity =, is higher than a half, then the threshold must be lower than

L& Nm- (1-2h). If the activity « is greater than G then threshold must be

~increased, but by a smaller factor than &m/ﬁo, or else & is just propor-

tional to . The outcome (see fig A5) shows that T owas greater than ﬁo' and
that reflects on the imperfection of the feedback mechanism. The average
thresholds were thus slightly too Low. The points on the graphs were gener-
ated with negative feedback on the threshold, but that does not mean that
choosing a constant threshold equal to the average threshold would result in
. the..same activity. The most useful information that can be gleaned is the
5ﬁ§$psi$ivity to change in threshold as a function of parameters. The flatter
;hsnésLope a(Eo)iﬁa, the smaller the range of stability of &. The steepest
vs}ppgs dweﬁe for h = .4 (high inhibitory fraction)> and m = .71 (low

gonnectivity) indicating that these conditions ought to increase stability.
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FUDGE FACTORS FOR AVERAGE THRESHOLDS
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Figure A5  Average uniform threshold is plotted

against average net activity. Different symbols are
used for different net parameters, each point being
the oaverage of 6 nets. Each net was run for 75
steps while dynamical adjustments were made to the
threshold at each step in order to maintain the
prescribed activity. Average threshold for each run
is normalised with respect to the expected uniform
threshold for that net. Presribed activities ranged
from .3 to .8 ; N=100 ; m=.1,.2,.3 and h=.2,.3,.4
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This- may arise from a more spread out distribution of inputs per neuron,
that is
DM Nm(1-2h) £ o MO £ (A2.6)
o M

3
-~ LIRS

poe
.

faroai”
LLU0 AL VR

¢+

where smaller M has greater percentage deviation.

L

v I

iCOTpering this to the experimental results, let +h = ﬁﬁ/&(a/ao) at o = %
_where n and M should be proportional. (R2.7)
QCoﬁééring other parameter sets to the standard chosen to be m = .2 h = .3,
’i‘-z <M/&(9/8°) y3 = lale/sdx/a(8/8 )17 for same A (A2.8)
T (au/a(a/ao)) ' = =% = “0 i :
: Theoretically n/nx = M/Mx
N h M M/ Mx n/nx The agreement is good for
changes in connectivity,
but changes in inhibitory
100 .2 .3 8 1 1 fraction cause exaggerated
100 .2 A 4 L ] effects, so then inhibition
100 .2 .2 12 S é effects stabiLify more than
100 .3 .3 12 3 g by just altering the
100 A .3 4 ; ; effective number of inputs.

Studies of various netsizes from 20 to 100 showed similar trends and similar
spread of data.

The conclusion drawn from this section was that nets with static connections
and constant thresholds and no accumulation or architecture were.too incon-
sistent to be useful in the study of phase transitions. The next step was

therefore to find out how to reliably and effectively brainwash nets.




Back to Brainwashing S

The outcome of the previous attempts to brainwash showed that sLowagentl

brainwashing most affected the quality of net behaviour ( resilience

t
eligibility).. That is, & = .5 was too lLarge and & So (.5) decayed tc
fast. The hardware parameters in this section were chosen and kept constar
N = 50, m= .2, h = .3 (study 1) .35 (study 2), < = 50%, no accumulatior

refactory effects or noise (temperature) effects.

The aim was, firstly, to find a criterion to measure brainwashing #Whic
could be used to control the brainwashing algorithm. The standard deviatic
of activify should increase when a net which tends to cycle with k=1 i-
successfully brainwashed. Eligibility and resistance against ;qgaghiar
epilepsy should improve with brainwashing. Versatility and resilience t
threshold and hardware parameters should improve with brainwashing. The -ides
was to try various brainwashing strengths, brainwashing threshoLdsm;eraﬁic
of brainwashing, for a number of different nets Wwith the same parémg;er&
monitoring the distribution of synaptic strengths in the connec;@ppumatri»
and monitoring the cycling, eligibility and standard deviation of/@pﬁjvjty
If a successful monitor or recipe for brainwashing were found, ;b;prygir
washing in steps wWith accumulation, refactory period windowgﬁor}ch&
hardware parameters would be investigated. -‘h:zié
In the first study, three different nets were chosen. Each was quniﬁéjor
brainwashing, after bw with & = 10% (.Y and after bw with & = 5% constant-
Each brainwashing strength was used under 6 conditions of time and"thy§§pot
for each net: (100 steps with 8= .9;1.0 and 50 & 100 steps with,E_fﬁ,f;JS)
Each net thus created was run with 8= .6, .7, .8, .9, 1, 1.1. (SeevtabLes)

The individuality of the pseudorandom sequence generating the connectic
matrix had an overriding influence, even after brainwashing. The three net
had good, fair and bad responses to brainwashing, respectively, thh.bqoac

medium and narrow ranges of workable thresholds.



Case 1

The net was not ineligible before washing, and both brainwashing strengths

and deviations resulted in several cyclic or non-cyclic states occurring

"T&%ter each brainwashing. The threshold was favourably from .7 to 1.

.
oo Y
> T

.+ Case 2

Ry

iz:0nce .again, the unwashed behaviour was slightly eligible. Some longer cycles
were found after brainwashing, but not nearly as often or consistently as
for case 1. Once again strength, duration and threshold of brainwashing made
"no “discernible difference, except that lower thresholds were slightly better

> lfehaved. The net appears not to have been brainwashed.

1% Case '3

O B

3L Thi's net started only slightly eligible but after brainwashing was far Lless

Py e m, . . . ..
31%l1gwble or of interest. Brainwashing clearly failed. A further seven cases
2750 ére tried, some successfully brainwashed, others not.

“"In" successfully brainwashed nets , that is when bw favourable changes the

/T'quality of net behaviour, the improvement in eligibility is similar to the

""Yihtrease in standard deviation of the activity e(a(x)). If & is low during

5o
7

‘bréﬁnuaéhing (i.e. ¢ nearly constant) then eligibility is {ow and the dis-
tribution of correction strengths in Vij remains bipolar (with a peaks for

negative and positive correction strengths) instead of ranging into one

- w

“’smooth peak, although the net change in connection strengths may be great.
fMPossibly by measurement of &(¢) and eligibility, and feedback to &, with a
‘C%i%ew "~ to increasing both these quantities, could be a successful approach to
““prainwashing.

one o
SN

Following this, a summer student (Ref. Symons’ report) studied the influence

o g

" of brainwashing on period and transient time (acquisition time). He took

-

'&avé}agés over a larger number of runs and a larger number of nets. His
DlééﬁcLUsions (in brief) were: Adquisition time increases after brainwashing
and the larger the net, the larger the improvement, for example, 10 times
for N = 100. The cycling period also increases on average, but more erati-~
cally from net to net. He also observed this "individuality”™ phenomenon, in

that averages for one net displayed different qualities to averages for



r
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m

another net, but - averaging over nets with the same parameters produce
visible tendencies. He showed brainwashing at . & = 104 tor 10 stegs to t
slightly Lless effective than & ="5% for 20 steps - favogring gentle washir
- but & = 1% was too small. He also noticed that after the initial burst ¢
brainwashing, the increzse was dramatic, but thereatter, more bra{hwashir
produced oscillating effects in the improvement ratio, some nets eve
being over brainwashed, causing a return to ineligibility. His results ar

conclusions were illustrated and supported by numerous graphs.

APPENDIX TO CHAPTER 2

EFFECT OF WINDOWS ON NETS WITHOUT ACCUMULATION

ef=0, accumulation=0, no brainwashing
=100 m = .15 h = .3 act = .5
aximum input < 25
min Vmax Act Elag Cycle period Transient Comment
L5 700 T T T T Tepileptic T T T TRanp 1 T T
.5 60 Lt @5 none 500 Vo = 3,147
-3.98 60 67 12-18 9,63,69,92,116 47-131 range of k*s -
30 67 11-13 9 118-140 short k,long-trans
.33 30 TyA 63 none 600 interesting case
60 death
"""""" 80 T Tepileptic T T TTRanp 2 T
.0-1.98 80 &1 10 10,6 < 20 Vo = 2.6
g0 deasth 31
85 &0 58 43 A 64 NB large fluctuation
-27 7 TTRDT T T U77ERe Te-10 2,4 T TTTTe-a0 T T T TRaND 3T
~2.98 80 72-77 1,2,3,6 L4-18 vo = 2.8
80 death 14
- Y X A YT
-3.95 &0 70-77 10-13 ©,16,23 26-54 Vo = 3.1
.96 80 b4 5 4 24
Q7 death
2T 60-15 76 13 23 T RAND 5 7
.2 12 messed effect of lowering
2 14,15 23 Vo is noticed at 13.
l 13 14 Returning to high Vv

restores original.

W e e G om - G e R e S A s m S S - G e e G e A m e - e S G . e e A - T e S e e e e W S e e e e e - M e A e e G - e e e e
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APPENDIX TO CHAPTER 2

bl

"EFFECTS OF DIFFERENT BRAINWASHING STRENGTHS AND THRESHOLDS

— e e e e e e e e = - e A - - e e e e e e e e me e T e e = - e b - — — a— - ——— - ——

. ... Random BW:d% t1 T V(BW) V/Vo cvele ela act
T .3791428 0 .8-1.1 11 8 26
FacgewVO=1.48

N 5 1100 1.0 .8 1 0
T .91 * % I-47
15 2 .9 .6-.8 7-1 ¢-0
' . 8 .6-.8 10,20 15-23
.7 .6,.7 5.7 7,172
S0 .8 .91 14,3 14,7
.7 . 8 5 -5 -
10 .99 100 1.0 L6-.7 o} 7,12
. 8-1 * K% 1-38
.9 L6~ 7 7,6 11,9
.8 * 1-42
.8 .6 4 6
.7=.9 * % %k 2-461
.7 .6 1 0
.7 20 29
.9 * 3-38
.8.1 0 0
50 .8 .6-.8 6,20,23 12-24
.7 .7,.8,1 * ¥ K 1-37
e .9,1.1 0 0
Random BW:d% t1 T V(BW) V/Vo cycle elg act
5487442 0 .8-1 3 6 30
215962274 1.1 0 0
ST 5 1 100 1.0 .6-.9 2-10 1-9
.9 .6-.8 2-8 1-7
- .8 L6~ 7 2 1
.7 1.1 8 6 39
50 .8 6..7 2 1
.7 6,7 2,4 2,7
A A 10 .99 100 1.0 .6-.9 2-5 1-5 32-39
o 8 * 3I1-44
.9 7 2 4 .39
.8 6, . 2 2 41
.7 1,1.1 1 0 0
- 50 .7 .6-1 1,2,5 1,12 L5-35
Random BW:8% t1 7T V(BW) V/Vo cycle elg act
.6307110 0 ' .8.,.9 3 3 26
Vo=3.25 1.1.1 0 0
5 1100 1,.9 0 8
.8 .6,.7 10,1 17.0 36,0
.7 .6,.7 1 0 36,0
. 50 .8 .6,.7 5,1 ¢,0
- .7 .8,.9 1 8 38.0
10 .99 100 1-.7 0 0
- .8 6,7 4,1 3,0 , 0
50 .7 6,7 1 0 ,0

o - = - e A e R e e - e - T e me T A e - - e e W e e S G Ee e e e - . e e — -
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APPENDIX TO CHAPTER 3

DIFFERENT SETS OF PARAMETERS N m h d
SOME EXAMPLES

N = net size v m =
h = inhibition BW =

ad =
k = cycle period ‘ Tt =
To = transient time Tt>K =
#run = number of runs made 8 x =
etg = eligibility #d =

k>2: average elg; 2<K<x

on = neurons always active in cycle
off = neurons always dead in cycle
NET 10 N=100 m=.08 h=.35 d=.1

- . e e o - e e o T = e e e L e A ke e e e e e e e e A e e e e A e - -

NETS B.WASHED & RUN

connectivity
breainwashed or not , K
brainweshing strength E N
transition time )
number of Llong Tt; K>12
number ru=e non-cycling
number of deaths

o e o o e - - - e - e e = e e v - . e m we - e =

- e e e e e e . s A e e e -

0 2.5 6 1.33 4 0 10 o 22 69 0/0
1 35 152 1.86 12 2 2 50 19 22 0/3
0 14 14 1 0 3 32 26 L2 0/3
1 17 248 1 4 1 0 51 26 23 0/1
0 1.5 17 0 4 0 4 0 0 0/0 .
1 65 159 1.24 12 3 11 66 5 37 1/6 N -
AVE 29 123 1.34 4O 6 30 47 17 34 1713 A
NET 11 N=60 m=.15 h=.35 d=.1
TTTTTTTTTTTTTTT k>2 77T v #d  k>2  k>2 k> 2 TTks1z T TTerTTT T
BW Kave To T+/k #runs #runs #runs #Hruns ela off on Tt>K -
"0 4.5 T3 167 4w o T T To T TTRTTTTTTARTTTAL Tze T TTavo T R
1 2 7 1.56 12 0 0 3 & 5 L7 0/0 :
0 1 14 A 0 8 0 0
1 74 210 .81 12 3 41 7 53 2 é 0/5
0 500 A A 0
1 45 357 .8 12 7 6 5 56 1 3 0/5
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APPENDIX TO CHAPTER 3

DIFFERENT SETS OF PARAMETERS N m h d . NETS B.WASHED & RUN
SOME EXAMPLES

N = net size m f connectivity
h = inhibition BwW = brainwashed or not
. , d = brainwashing strength
k = ¢cycle period Tt = transition time
To = transient time Tt>K = number of long Tt; K>12
#run = number of runs made H#x = number runs non-cycling
elg = eligibility : #d = number of deaths
k>2: average elg; 2<Kxx
on = ‘neurons always active in cycle
off = neurons always dead in cycle
NET 12 N=60 m=.08 h=.35 d=.1
SR S " RS S SN e
BW Kave 'To Tt/k #runs #runs #runs #runs elg off on Tt>K
B R T - R T B R - R VA V7
1 9 14 1.47 12 0 -0 12 18 6 25 0/2
.0 10 84 1.33 4 0 0 4 28 . 21 11 Q/0
1 2 10 2.44 12 0 0 3 12. 15 23 0/0
Rt 5 12 1.56 4 0 0 3 12 4 36 0/0
1. 4 7 .78 12 0 -0 3 12 9 26 0/2
0] 3 L7 1.67 4 0 6 3 12 19 28 0/0
10799 397 .56 10 6 23 3 57 2 0 0/3
--AVE - 14 82 1.37 62 6 29 35 23 10 26 0711
~-NEF-213 N=60 m=.3 h=.,35 d=.1
I - x T THe T Tk>2 T k>2 Tk >T2 ks T

e e e e . e e e e A e e e e b e e A - e e e o e e e e - e S - e s e e e e e An e e m e - e e e e e A e e e E = = e e - -

0 23 13 58 4 0 A A 20 2 7 0/2
1 1.3 6 12 0 0 0

0 14 12 .67 & 0 0 3 21 4 25 0/4
1 17 11 70 12 0 12 9 40 0 20 0/6
0 13 11 .83 & 0 -0 L 16 3 41 0/4
1 6 6 1 12 0 0 4 25 3 32 0/2
0 2 10 2.5 &4 0 A 2 - 6 3 51 0/0
A 15 .81 12 8] 17 9 23 0 26 0/4

—— i - . ————— — —— — " e - e e = - G M BR e SR M e e e e e e e e e e m en B G G M e - e e e G T e e v e W e e e
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Appendix &

Normal thresholds and list of c0mputer-simuLations for chapter &4

Comparison between normal and uniform threshold types

Definitions of threshold types and T' -See ch 4

The scaling factor, T, was introduced earlier, with the intention of findin
how behaviour of nets changed as.thresholtds scaled from normal (I = 0)t
D) ’

uniform (T

-—

< )
Vji(t:O)} Eﬁ2~; (AL .1

V . = {(1-TH)E Vv..(t=0) + (I
OB ) 3 2

T3
GAD is a universal tuning parameter, adjusted for activity survivab, -~ -~
GAD is unity to start with, and the calculated threshold is used; but if th
net dies or goes epileptic, GAD can be used to adjust the threshold propor

tionally so that the net’s activity ¢can perpetuate.

The behaviour of nets with netlets was explored in 84 runs . (See tables a
the end of Appendices). In perticular, runs 7-18 and ??;éd §€fé{ewt
threshold type. The eftect of equal thresholds for all neurons, is to in
crease instability over other cases in the sense that there is a narrowe
range of thresholds that allows perpetuation of net activity. Therefore, i
runs 7-18, a threshold factor was put in by hand, using previous experienc
of those particular nets’ operating ranges. In spite of this, four:out o
eight runs attempted at T = 1 (uniform thresholds) resulted in deaths eac
time before the thresholds were reduced enough to allow the nets to survive

Hence Llocally wvarying thresholds seemed an important improvement when con
sidering small netlets.

Effectivness of Brainwashing for various Threshold Types

- [

Runs 7-18 : See end of appendix 4 .Not only does this short table.

‘ demonstrate no change in effectiveness of brainwashing for
the different cases of‘threshoLd, but it shows that
brainwashing doesn’t generally increase cycle-lLength or
number of participating neurons. (Notice that this is for

uniform nets, that is, the connection probability between
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TABLE A1

EFFECT OF Y ( THRESHOLD TYPE ) ON CYCLING AND ELIGIBILITY

total K=1,2 K>2 noncyc K>2

Y # runs # runs Ave K Max K #runs Ave Elg Max Elg

0 8 2 78 256 2 [A 100 homogeneous
ﬁ?%n?? & 2 35 146 1 33 100 nets

1 & 5 8 11 0 25 21
1 & 1 26 107 0 36 65

0 i A16 Lx LL 76 6 33 52 structured

3 16 3 150 334 5 55 100 nets -
416 SUNE I S 4 14 20 2 L3 L& autumatic
Mot m thresholds
o & 2 78 256 2 Lb 100 adiusted

thresholds
(see text)

* these trivial states had very long transients

DR S,

bl

r . any two neurons is the same)

STNEIR B It |

s Runs ?Z—BA : These eight runs have I = .3 and can be compared to sets

JLT LI 66-72 for which ' = 0 but the nets are otherwise identical.
CR A S The % Vij left (see definitions ch 4) is similar for the two
A cases of I and period and Elg go up or down after brainwash-

ing equally often for both types of threshold.

From these 24 runs, the sparse evidence indicates that brainwashing and its

effects are: independent of threshold type, except in as much as that

k = 1 nets are not easily brainwashed, and such nets are more common for

“uniform thresholds.
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Effect of T on Cycle Length and Number of ParticipafinqﬁNeuronq

(See Table 1)

Referring to the first three rows in Table 1 (i.e. homogeneous nets).T =
has fewer trivial (k=1) states, longer periods, more "non-cyclic” states an
a higher number of participating neurons. I' = .3 case lies between T:=:0-an

I = 1 for these properties.

Note: ' = 0, with wunadjusted thresholds, (row 7 Table A1) show

deteriorated behaviour almost as bad as I' = 1 performance.

' = 1 case is much improved if nets are allowed to recover after death an

try again.

Thus two features are highlighted : Firstly, proportional fhreshoLds allo
better performance than a uniform threshold, which seldom works on

theoretically <calculated scale, but must be tuned to allow even 40% of th
nets to survive without death or epilepsy. Secondly, if the threshold Leve
is scaled according to performance of the net (i.e. reset at a lower valu
after death of activity, or inserted initially after previous experienc
with the nets <concerned), then the cyclic states and eligibility of net

with either type of threshold are improved.

In <contrast, the data from structured nets, rows 5 and 6, Table 1, indicat

that T' = .3 is an improvement over I' = 0, in other words, a degree o
proportional threshold on a <constant base allows Longér,_more eligibl
cycles than completely normal (proportional) thresholds. This effect is fo
very structured netlets, see chapter 4 for an explanation of the structure
Starting from an average of 15 external connections per neuron (which i:
homogeneous for the given parameters N = 100 Nsub = 25 m = .2) the number i
hatved so that there are only 7.5 external connections on average, and 12..
internal connections on average. This implies m internal = .5 and m externa
= .1, and still the T' = 0 is better than I' = .3 case. But if external con-
nections are 3 or 1 on average, internal <connections are 17 and 1
respectively, so that int . 17 and 57 respectively, and normal threshold:

Mext
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start to fade. This may be the cause of the high internal connectivity.

Normal threshold nets are more prone to trivial cycles at high connectivity.
The idea behind use of normal thresholds was to improve eligibility by
giving neurons with very few or very many (exit-inhib) inputs more of a
chance to be on or off, respectively. Yet, when there is an increased
avérage number of connections the chances are more even anyway and the

stimulus and normal threshold functions converge

bl
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APPENDIX TO CHAPTER 4

EMPHASIS ON
CF NETS = 84
net size
subnet size
connectivity
m{sub)/m(ext)
# internal Llinks
# external Llinks

LOCAL

extent of brainwashing

bw at 10%. BW=0 none
BWw =% Viji lLeft
tkreshold
Qs BW #d k To
0 .15 5 0 22 12
61 2 41
0 65 230
68 * 500
0 2 8
59 8 16
0 15 5 0 3 16
66 5 12
0 28 13
85 12 36
0 15 10 O 2 1M
65 2 M
1 15 1 0 4 21 7
88 3 27 7
o0 3 L 19
84 3 107 37
0 7 20
72 6 23
0 11 7
76 1 12
2 .15 1 0,99 1 4
0 146 70
74 *
0 6 15
65 4 7
0 & 44
63 10 26
0 15 1 0 256 142
@5 38 24
0,47 * %
0,98 1
0 10 13
683 8 18
0 15 1 0 20 30
85 7 L26
0,65 xx
0,99 1
0,54 2
0,79 *x%

CONNECTIONS

k = c¢cycle period
elg = eligibility
To = transient time
onset to cycling
Tt = transition time
reps = repeated states
Y = threshold tvpe
0 normal to 1 uniform
* = non-cycling -
#d = number of deaths
Tt . elg reps Vo
Q 34 few 2.33
2 100 many 2.34
97 none
2.15
7 14 few
12 6 few 2.4 >k
3 7 few
-8 16 few 2.44
20 33 few >>k
2.22
é 38 few 2.8(1.07
6 65 few
10 20 few 2.50.94)
36 56 some >kn
10 . 27 few 2.301.07)
11 16 some >k
é 31 few 2.9(1
2.8 O
13 100 few 2.5 ¢
S 14 few 2.3 O
2 2 few
7 24 many 2.9 O
13 24 many >k
47 100 v.many 2.8 OO
21 41 many
2.5 ()
2.3 O
8 19 v.few 2.9 O
L 17 some
18 28 some 2.6 m
7 48 wvv.many k
@9 none
2.50)
2.9
99 none 2.36
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Run Nsub Y=0 m Qs BW k To Tt =elg reps Vo
24 50 .15 5 0 393 30 25 100 2.32
87 *
25 0 R YA 5 12 2.73 >k
77 91 77 58 70
26 0,96 2.50)
27 0 10 .08
57 11 9 7 12
28 0 2 2.2
72 *
29 20 0 16 136 10 17 many 2.28
7é *
30 0,72 xx . 2.48
31 0,92 3 2 11 2.5
32 10 0 19 32 9 31
4 101 9 7 many >k
89 2
33 0 65 230 22 100 many,correlated
34 0,68 2 15
35 0,71  =xx none
36 10 .3 3 0,99 1 4.79
37 ‘ 0,42 2 5.1
38 0,47 2 2.5¢.57)
39 10 .15 01 0 * v.many
69 232 32 100 correlated
70 261 199 12 100 some
65 * ' few
40 ‘ 0 1-5 8 3 8 1.1,1.2

21 44 13 33 some 1
16 o) 5 17 some corr .9

57 3-6 5
78 17 16 55 many corr
41 10 .3 3 0,99 1,2
42 0,42 1
48 25 .18 12 06 36 88 21 49  few
89 62 21 20 55 few corr
151 48 44 54 wvv.many
49 0 6 31 7 23 >k
89 114 267 71 75 many
50 20 .15 5 0,bw 2 20 14 12 none >k
51 0 338 124 23 100 few
85 * none
52 10 .15 5 0 101 73 44 48 many corr
4 4 34 Q 15 few >k
53 0,79 *x none
54 20 .15 1000 13 58 9 46 some k-k'-k 1
213 73 71 5¢ many
73 80 18 17 46 several corr
55 0 24 112 8 27 few
36 201 31 24 73
56 25 3 3 0,bw 1,5
57 20 15 20 O 22 57 12 38 few
215 167 113 54 many
85 61 107 31 46 some
28 169 15 47 many
58" 0 14 71 7 26 several corr
2 2643 16 45  wvv.many

79 6 118 117 446 many >>k



RuUN

59
60

61

62

63

64
65
66

67

68

69
70

71

72

73
74
75

76

77
78
79
80
81
82
83

84

50

25

10
10
10

10

1

rJ

(w

215001

.15 0

rJ

m Mext

15

Mint Mext

9

86

76
0,82

79
30

76

838
70
0O,bw
0,bw
49

56

k To
1
6,1 11
7-1 6
26 T4
146 219
52 67
12 19
*
23 23
*
*
3 101
L7 44
*
*
3 42
18 14
1 74
63 109
1 100
43 34
* :
* K
*,1 278
* *
2 148
2 70
76 103
60 101
*
* * K
220 46
* kK
2 36
L
2 92
L
1
7 22
1,3
6 3
60 40
334 157
127 350
*
* x
* Kk
328 110
156 89
80 60.
108 - 67

41

31

12
65
31

16

12

12

37
g3
37

37
88
24

66

elg reps Vo
0 2,0 none
0 2,0
53 some
91 wv.many
58 some corr
22 few corr
some corr
37 some

47

52

10
16
56
27

97

)

rJg

16.

13.

58
73
100

66
45
37

43

net onty N=150

none

none

some

>k
>>k

many
many
many
few

corr
in 4
in 3

several corr

hone

many
few

few

few corr

few

many corr

corr

none >k

fewu
subcyc :k
vvvv.many
subcye
subcyc
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APPENDIX TO CHAPTER 5

EXAMPLES OF THE BEHAVIOUR OF NETS DURING CUTTING
TABLE OF ELIGIBILITIES

TABLE OF LONG TRANSITIONS (ONE PARTICULAR NET)
GRAPHS OF LONG TRANSITIONS

GRAPH OF TRANSITION TIME VS PERIOD

Some Individual Comments and a Description of the Effects

of Cutting on each Net (mins 1 to 15)

Net 1 : N = 100 - 4%25 h = .35 m = .075
Initially, as for all m = .075 nets, no cycling was found. Eligibility was

high and there was no evidence of reps in netlets. After some nets a range
of Llong <cycles with rapid transitions were common. No reps were recorded
until half the neurons had been restricted. Three types of cycles emerged:
short (K < 6) mediumly eligible cycles with relatively Llong transitions and
long transients; medium (14 < K < 103), highly eligible cycles with rela-
tively short cycles, but for few exeptions; and Long, very highly eligible

nets with very rapid transitions and no repeated states.

The architectured stage (after 18 to 25 out of 25 cuts) is characterised by
repeated states, which are particularly abundant after cuts 21 to 23, that
is, wWwith 2 to 4 neurons per netlet in communication. A variety of Llong
cycles ;ccurred. In one highly eligible net (cut 18), which didn't cycle,
correlated reps in wvarious netlets showed that the net nearly cycled on
occasions, by that one or two netlets could not accept the period and the

cycle didn't perpetuate.

A number of slow transitions occurred, e.g. cut 20: K = 150 transient = 95

transition = 72. No reps recorded!
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Table of number of participating neurons in gach netlet

Netlet t = onset t - k/4 t - k/2

1 7 7 3 Netlet 4 is first to cycle, -

2 22 22 0 followed by 1, 2 and 3.

3 23 0

4 11 11 11 .
Netlet t = onset t - 4K t - A%K Cut 21 : K 22 transient = 110 «:  4-

1 X X 0 Transition = 102

2 0 0 0 Netlet 4 leads followed

3 X 0 0 by 1, 3 but not 2

4 X X X
Net 2

Same parameters as net 1, but different net.
Initial behaviour - once again no cycling before architecture.

Cuts 0-5 and 9-12: highly eligible, non-cycling nets mostly, with no reps-.in- .
500 steps. Once again, repeated states occur only after 14 cuts,. or-more-.,
than half the neurons discdnnected. Thus, the early behav}our of the net is-.
characterised by a variety of very eligible, long cycles with rapid-phase--

transitions and no reps in netlets and only occasionally a short cycle. :

Later behaviour (after 14 cuts) differs from net 1 : a range of shortish-
cycles (K < 15) mediumly eligible with a few reps, but transitions ane '
relatively slower. The scarcity of reps may mean that few cycles are .easily

attainable. Transitions are < 30. The differences between net 1 and 2 imply-

that parameters (how many neurons) are less important than pseudorandomness
(which neurons).

Strong architecture 3 1st netlet onset of cycling.

Net 3 (Same parameters as nets 1 and 2)
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Again, the nets are highly eligible and don’'t easily cycle. OnLy, this time,
no cycling or reps are seen for the first 16 <cuts (with very few
exceptions). Thereafter a host of short to medium length cycles with medium
eligibility, several reps and a variety of transition times, occur. There
are a couple of Longer cycles (92, 178, 132) with rapid phase transitions

and medium eligibility.

K = 178 occurs for cut 14, i.e. > % neurons disconnected. Note that for this
particular net, this is relatively early, eligibility is still high and reps
scarce. Neuron one is the first neuron cycling, but netlet one is the last
netlet - to fall into <¢ycling. That s, even this degree of architecture
doesn’t imply that neurons drive theﬁr own netlet to cycling ahead of
others. Note that neuron 1 has no external outputs, that is, it influences
other netlets to cycle via the other neurons in its netlet, yet the rest of
the netlet may not yet be cycling fully. The few repeated states that oc-
curred -indicated that netlet 3 seemed to drive netlet 2 into reps with

period 108 and 127.

The former occurred within the cycle 178, the Llatter before cycling

commenced. Once the nets have found shorter cycles, transitions are still

rapid, but the rep rate increases.

At fcut 17 K = 92, an interesting exeption occurs. There is a very long

transition starting at the outset (t.-329) but only 4 neurons in netlet 3
ar@  irvolved until t, - 78 which is within period length 92. The rest of
transition is relatively rapid. In netlLet one, a repetition length of 92
occurs, bgt disappears again briefly before onset of cycling. During this
long transient time, many reps are.recorded, and there is often a correla-
tiorn 'of period between pairs or triplets of netlets, netlet 2 seems to
interrupt these attempts to cycle. Most of the nets start the transition to
cycle .at, or soon after, the outset. After cut 17, K is a multiple of 6 and

sometimes 11 and most reps are individual except after cut 22.
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Net 4 Parameters : N = 100 n = 4 (Ns =25 m= .15 (M = 15) h = .35 4+

ub

There 1is a notable difference in the behaviour of this more connected net,::
before 'much architecture is included. That is, for cuts 0 to 4 there are &

range of shortish cycles with medium eligibility, rather different from the :

non-cycling nets found for m = ,075. Rep .and slow transitions are absent, .as

before, in.unarchitectured nets. fFor the rest of the cutting, the period of .

cycling = K oscillates between short, long and not found, with the cor— "

responding Low and high participating of neurons. Only 20% nets have short

cycles after cut 5. Remarkable changes in behaviour can occur for just’one’

cut. Repeated states only occur Later in the process, after 17 cuts.. A rich =

profusion of reps is found after 18, 20, 21 cuts, which have very Long.orino -

ctycles and very high elg. Thereafter, fewer, more independent, uninterrupted:

reps occur,

These reps indicate that netlet 2 is

Cut K Nets 1 2 2 4
uncertain and affected, then opts.out® i~
22 28 28 35,14 14 14 3
23 31,62 « Few -3 3 when Left alone. Netlet 2 is an
24 310 5 1 31 2 originator of the 14 and 31 factors. 3’

25 42 6 1 14 2 It has the Longest cycles amongst
individual netlets. ‘ .

Transitions : although the cycles are short at first, transitions are rapid,
unlike previous occurrences of Low K. Long transitions are found at cuts 22,
23, K is medium (28, 31, 62). There are only a few reps and good elg. 70-
75%. The first neuron <cycles soon after the start about 80 steps before

onset. The first netlets are cycling by t.-2K —+ - very long transition.
Net 5 (Same parameters as net 4) e

This time the uncut net hés a very lLlong cycle (of 343) with 100% participa-
tion and rapid onset. This is agonisingly different to net 4. After the
first cut, however, there follows a spate of shortish cycles with Low to
mediﬁm participation and rapid transitions. The transient times ére rela-

tivety Long, but no reps are recorded.
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There is an exeption at cut 7, where a long cycle of 208 occurs. A few
repeated states are recorded although the transient time is only 65. The
first non-cycling net is at cut 10, which also, curiously, fell into a two
cycle- and for the same threshold, found no cycle in 500 steps, therefore the
2-cyle cannot be a very deep attractor. After cut 11, the number of repeated
states-.increases to many by cut 17. From cut 10 onwards fluctuations between
short,- long and unfound cycles occur as the net is cut up or as thresholds
are <changed. The participation and cycle period are, as usual, correlated.

No-pattern emerges.

An- ., interesting aspect of the occurrence of reps in non-cyclic nets is that

after- A0 cuts, there are none and after 18 + 19 cuts there are many, which
is. -nothing new. But after 17 cuts, the eligibility is its usual high, but

very.many reps occur in netlets 3 and 4 and none in 1 and 2.

Transitions in Net 5

Cut 18 - The longest cycle 361 has & rapid transition and transient (T = 23)
whergaé«the short cycle K = 10 has a very -long transient t = 300, transition
time 83 and the first «cycling netlet is found at t = 80, i.e. 8K before
onset, but this only includes 5 neurons, the rest undergoing a rapid transi-
tion, to-cycling. '

. [ /
Cut 20 Elg. K 1st Neuron 15t Netlet

33 6 159 slow 24 slow} .
SRR 70 40 85 slow 10 fast} Many reps
SRR 67 T4 110 slow 29 fast}) pair-correlated
-7 . 72 106 20 fast 10 fast}

69 112 150 slow 21 fast}

There is a richness in the number of available c¢cycles. Most transitions are

slow. This one cut averages as different from all the rest.
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Net 6 : Early Behaviour

Once again, the net starts with a spark of long eligible cycles with very
rapid transitions (cuts 0, 1, 2), followed by a long spate of extremely. @
short <c¢ycles, till cut 12, which is followed by short cycles with medium
elg. No reps occurred before cut 18. Non-cycling/long period highly eligible--
nets none several =+ many reps (cuts 19-23) with the Last few nets short

cycled, individual reps.

Slow transitions: Cut 23 K = 16 1st neuron (t-35) 1st Netlet (t-16)

Nets 7,8,9 m = 20% h = 35%

Early behaviour (general) : Cuts 0-7 short cycles with few exceptions. Cuts:

9 to 17 (roughly) have a variety of cycles (if found) with moderateliy’
eligible neurons and fast transitions - except Net 7 which has short cycles.
Some of the «cycles in nets 8 and 9 are remarkably Long: Later behaviour

Net 7 ends in a whimper. (cuts 20-25). Net 8 has long to unfindable cycles.
and net 9 has some short and some long cycles. Repeated sStates are rare in
net 7, with some at 19-2%1 cuts but nets 8 and 9 have many reps after 12, 15-
23 or 18-24 cuts, reinforcing the previous occurrences of repeated. states...
Some very Long transients occur 241 for K = 1 (net 8 cut 2> 360for K = 36

(cut 20). Long transitions occur for shortish cycles (K < 20) at mediums
stages of nets 7 and 8 and late stages of net 9. See graph of participation
in the cycle K = 260 as during transition. B

it

Nets 10, 11 m_= 25% h = 35% St

Early (before 12 <c¢uts) both nets <c¢ycle easily, but usually with short:-
periods and a few Longer exeptions as cut 12 approaches. Thereafter most
cycles are Llong, or not found. Net 10 has a variety of cycles and net 11
seldom <cycles and then with Long cycles. The individual netlets have qguite

long cycles for N = 25,

Repeated states are very common after 20-23 cuts as usual, even atter 24 a
few reps occur since interruption is still possible. Often reps are corre-

lLated in pairs or triplets, (especially before 19 cuts), but then some other
periods later dominate.
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Slow transitions for short cycles occur at a range of cuts. There are some

examples of very long transitions at cuts 13, 19 and 23:

Examples of Slow Transitions in Nets 10 and 11

Net = "Tut K Transition Transient
10 23 108 151 152 26 neurons cycle from onset.
: A Net 2 has many reps and
finally fully accepts 108
in the last 25 steps.
a1 13 364 47 48 Repeated states 17, 2, 17, 17
1M -0 19 - 28 28 33 few reps, Low elg.
1.0 2% 56 290 298 See graphs of participation
T S in each netlet during t;ansi-
tion period doubling?
The first netlet to cycle
“roang oo " actually has K = 4 and few
N neurons.
Nets 137 14 and 15 m = .3
Early behaviour : short, ineligible cycles K < = 4, then K < = 12 atfter cuts

5, 10, 13 respectively. The first long cycles occur after cuts 6, 17, 20,
respectively. Later, Long cycles occur with reasonably eligible individual
netlets. There are no short cycles after cuts 17, 16 and 20, respectively.

Repeated states in netlets are shown for net 14:
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Cuts Netlets 7, 2, 3, . &4 K
4 3 1 3 12 Period is not always visible in
10 9 12 1 9 16 in the reps, but after 12 cuts
7 X 1 7 16 .and especially after 21 cuts,
5 2 1 2 10 is the LCM of the 4 reps.
11 5 X 1 5 12
12 10 3 1 10 30
17 16 16 5 16+ 80
19 48 48 5,10 +++ 240
20 52+ 52+ 5 1 None
21-25 27 27 5 1135
42 7 5 1 210

Transitions

in Nets 13, 14 and 15

Net 13

Net 14

Net 15 -

Fast transitions until cut 17

Cut

Cut
Cut
Cut
Cut

17

22
23
24
25

At cuts 15, 1

thereafter, c¢

Cut

Cut

21

22

=

~

H

n

6 Tt 16 Cuts 18-21 : no cycling

15 Tt = 28 See graphs of participation
130 Tt 209 See graphs

13 x 23 x 2 x 1 > 500

1 x 8 x (2) x 1 = 88

13 x 8 x (2) x 1 = 104

13 x 8 x 2 x 11 > 500

7, K =6, 80 have reasonably long transitions

ycle period is too long.

185, 42 short trans (relatively)
10, 15 long transitions (30-45)

75 Tt
20 Tt

i

162} transition > 2K
622

K

v
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APPENDIX TO CHAPTER ¢

T

MAXIMUM ELTGIBILITIES FOUND IN CYCLES AS
NETE 1 70 15 ARE CUT INTO 4 NETLETS EAC

CODE NUMBERS OF THE NETS
3 .

cuT 1 2 i 5 6 7 g 9 10 11 13 14 15
0 * * 857100 100 132 T7%3 TighT T i T T TTTTmomemommmsmooo-
1 * * * . 48 100 7 100 . 13 .

2 92 = * L 16 100 ) 5 g 7

3 18 * 08 7 41 4 ) 28& 4 7 3
L 94 13 * 6 36 100 2 35 23 . .
5 93 o« * * 28 16 21 20 100 4
6 22 28 99 21 60 . . 40 10 100 A 3
7 4z 56 = 18 85 3717 16 - 14 100 g L
8 37 92 % 88 16 , b x 36 322 o« 18 5
9 50 9« - * 56 6 100 16 10 12 99 . 7

10 69 * * * * 10 i * 21 2 100 18 7

11 14 % * 18 . 52 17 X 179 18 100 19 15

12 14 = * . 53 32 93 60 83 = L7 % 2 )

1329 76 % 100 34 45 20 19 6 o+ 28 100 15 15

14 * 38 06  w 23 59 64 5 : L9 100 = 17

15 x 28 % * 66 38 95  « 21w * * 25

16 94 17w * 75 19 87 % . 66 * L6

17 50 12 69 * 21 48 43 * 91 L8 42

18 * 37 49 * * FATA 64 * . 7 * 88 * b

10 50 56 47 13 * * L5 45w * 20« 54 8

20 63 43 48 70 72 9« & o« 6 14 % * * L7

21 61 30 47 o+ 60 20 % 28 11 % w L8 50

22 47 28 74 75 54  75% 7 5% 44 37 S53x 3§ 40 48

23 65 21 56 71 68 50 7 61 76% 50% O7x 42 L0 36

24 66x 21 52 3 59 40 7 40% 0 S3x 47%x 53 36

25 54 21 51 L 55 34 7 74 50% 34 51 * L8 L9
Mo & ) & 15 15 715 20 20 20 Tzs TTzs U720 T30 C3C
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APPENDIX TO CHAPTER 5

EXAMPLES OF SLOW TRANSITIONS IN ONE NET
N=100 M=15 H=35% Nsub=25
CuT ELG K To Tt Tn #REP NETLETS ELG NETLETS Tn / Tt
0 10 7 22 7 5 26 33 1 3 B 3 5 2
3 7 5 4
0 12 3 20 & 5 34 2 4 3 3 s 0 2 1
7 3 4 8
2 5 4 16 11 2 13 o 1 2 ¢
* 6 9% 107 231 54 T 338 25 24 25 25 0 1 0 0
28 28 54 27
7 18 18 36 20 L 25 4L 2 9 3 1 4 0 2
5 10 20 5
7 16 3 19 Q 3 15 301 6 & 3 3 2 G
5 3 9 5
8 && 53 50 29 0 72 23 22 23 20 0 0 0 0
27 29 29 26
*27Z 75 28 105 83 L9 57 11 16 25 22 33 0 49 49
48 53 83 56
z23 69 31 26 25 25 16 12 8 25 24 10 0 25 16
14 22 25 25
23 71 62 144 143 138 121 15 7 25 24 0 &6 138 108
12 116 143 139
*23 69 31 78 77 64 51 12 8 25 24 0 42 64 45
19 46 77 52
23 71 62 102 107 98 80 15 7 25 24 0 &5 9& T4
1275 101 B4
23 71 62 18 17 3 21 15 7 25 24 3 0 2 2
17 5 15 M
24 3¢ 310 5 4 4 3 ¢ 0 25 ¢ 0 0 4 3
L 0 L 4
24 36 310 18 17 11 3 ¢ 0 25 2 6 D 0 M
17 0 @ 12
25 YA 4z 13 12 12 3 9 0 23 2 11 0 0 12
12 0 6 12
25 34 L2 16 15 5 3 ¢ 023 ¢ 0 0 5 5
3 0 15 6
* csee graphs
Transition Times
To = transient: start -> whole net cycle
Tt = +transition: 1st neuron cvycling -> whole net cvcling
Tn = 1st netlet cycling -> wholte net cycling
Tn / Tt in netlets: netlet cycling -> whole net cycling /

1st neuron

in nettet cycling -> whote net cycling
transition time in netlet

eligible neurons in each of the 4 netlets
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netlet | s 125%
netlet 2 g
s X PARTICIPATION OF
netlet 3 NEURONS IN CYCLE
ﬁ.‘-.:.:.:.:.;.:.;;.:.:.:.:.;.:.:."..'.".:..‘._‘.: WITH K ‘260
netlet 4 DURING TRANSITION
M T T uT
~K/2 ~K/3 -K/6 onset cuT 23
netlet
|
2
3
£ BRI e NMDERMFRIO SO
4
T - Al ¥ ot
-6K -5K - 4K -3K -2K K onset

~ THE INCREASE IN NEURON PARTICIPATION DURING
THE TRANSI!TION TOA CYCLE K=56 (CUT 23)

PARTICIPATION N
TRANSITION TO
K=15
CuT 22

H o™

PARTICIPATION IN
TRANSITION TO

K=1{30

CUT 23
FIGURE A6 Four transitions to cycling are
depicted. Participation in each netlet is plotted

“against time, (shaded ) so that the succession of

netlets is visible.
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200 DA k=100
,l m=.15
, h=3%
/
' d
7/
. 4
L 4
i
V4 -
/
/
- rd
100 /’
4 .
. ® 7/
. V4
Ve .
7z " .
. /7 . .
.l ® e
a ® 7/ . ¢ .
. r
. 7 .
Jq," 7oy o,
‘o. ../.s .. . ] . .
'Q@ g . * : i
_‘: ‘." Py M P * : hd
100 200 300 400 . .
k= period
FIGURE A7 The relationship of transition time to
period 1is shown. Each dot represents one run.
line k=Tt is a reminder that most transitions are

relatively

structured

short, but that some,

nets,

are longer.

usually within
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A computer model of a2 network of neurons wused to study the
phenomenon of «c¢ycling , was based on the on/off/refactory nature
ot the state of neurons ; the threshold nature of firing ; the
inhibitory or excitatory nature of synapses and the activity-
dependent changes in synaptic strengths that facilitate memory.
The model operated in discrete time steps and a randomly generated
connection matrix (conforming to certain gross features, N,m,h,
structure) represented the synapses within a small ,closed set of
neu?ons . The plasticity algorithm for self-organisation
(activity~-dependent alteration of synaptic strengths) was some-
times applied to nets before searching for cyclic behaviour. The
activity seguence was recorded for the purpose of detecting cyclic
behaviour and studying the length and accessability of a cycle,
the number of neurons dynamically involved in the cycle and the
time ~ takenn for . the transiticn from no neurons cycling to all

neurons cycling.

Each particular net was found to have a small number of different
cycles easily accessable via different initial conditions. The
occurrence of <cycling ought to be rare, considering the possible
number of states of the neurons (2 to the power N=netsize ) and
yet repetitions are easily found.within 500 steps (and usually
within 100 steps.) The next striking feature was that many initial
conditions Led to the same cycle or that there existed relatively
few final states. The topological structure dictating these cycles
differs between two nets with the same parameters, resulting in a
wide variety of behaviour , but on average the complexity of
cycling could be related to the topological guantity ,.distance ,

the-average lLeagth of the shortest routes between pairs of neurons
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(measured 3in number of synapses, regardless of polarity). For
theoretically really random nets, distance is a function of net-
size and connectivity only , and increases markedly at Low
connetivity , depending on the netsize. This clearly indicates the
edge effect in smaller nets , which diverge from very,very large
nets as m decreases , resulting in large distances between neurons
(typically N=60 , m=8% nets . would be :in this catagory?) which is
consistent wWwith the complicated cycling frequently observed for
such parameters. In the low connectivity region, artificially high
distances will prevail if nets as small as N=100 are used to model

'N=1000OO systems.

The pseudorandom nets used in the model have slightly Llonger
distances than their random counterparts and imposing structure
increases the distances yet further. Inhibition and self organisa-
tion also affect topology, but were not studied in the context of

distance

On the practical side , the survival of nets tended to be criti=-
cally dependent on threshold in an unpredictable way -, which. Led
eventually +to the use of normal thresholds, so that each neuiron
had a threshold proportional to its hardwired input. (If the
uniform threshold used is too high(low),activity will falllrise),
hence stimulation for the following step will fall, hence activity
will fall further, in a posi%ive feedback situation, unless a net
is resilient to fluctuations in activity, via inhibitory action:?y
Sparsely connected nets and structured nets , with lLarge topologi=<
cal distance, freguently failed to repeat any state for 500 steps
and more highly <connected nets showed a predominance of trivial
cyclic states. Both these features were surprising after studying
nets which easily found shortish cycles. The inhibitory fraction

h=.35 was chosen from the suitable range .3 < h < .45 which allows
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several non-trivial modes to be found in a reasonable time. Higher

h improved eligibility and allowed longer cycles.

The self-organisation algorithm, as used, was not found to be a
reliable mechanism for improvihg the resilience , eligibility and
variety of cycles of a net , although many instances of successful
brainwashing <(self-organisation) were ohserved, that is nets
became more resilient to large fluctuations in activity/initial
conditions and the inherent cycles were suppressed, allowing more

neurons to participate eligibly.

The study of tranéitions to cyclic modes (from the time the first
neuron cycled) revealed rapid treansitions , shorter than one cycle
period , for cvcles the order of 10 or Longer. Intuitively, Llonger
transitions were expected - one neuron or group of neurons seeding
@. transition to <c¢ycling, ~rather than a more general condition
leading to rapid transition. More eligible neurons were observed
participating in the Longer, more complicated cycles, and hence
the " transition time reguired to gather many eligible neurons into
a. ¢cycle , increased , but very seldom exceeded one period. During
the transition the number o0f participating neurons increased
smoothly and at an increasing rate towards cycling , unless severe

“architecture was imposed on the net

In. chapters 4 and 5 structure was imposed on the connection
matrix , causing partial division into netlets. Greater in-
homogeneity in the distribution of <connections led to greater
distances between neurons and hence more complicated cycles. In
very bronounced cases, the accumulation ot cycling neurons took
the form of a step-like succession of smooth transitions in each
nettet. The behaviour was <complicated by the fact that nearly

independent netlets became lLess eligible because of the small size



of each netlet. In the <context of increasing inhomogeneity ,
transitions to <cyclic modes were studied with the objective of
understanding what sort of structure allows rapid transitions. A
wide variety of parameters, application of selt-organisation and
the use of normal thresholds all yielded rapid transitions. In
fact slow transitions were rare except when & net was divided into
independent netlets with just sufficient internetlet connections
for ‘one netlet to disrupt the <cyclic mode in another netlet.
Eventually one of the cyclic modes would be sufficiently stable in
one of the netlets to spread to other netlets by “forced oscilla-

tion’ resulting in a slow transition.

It would be wuseful, but difficuitt, to be able to guantify the
degree of structure in a pseudorandomly generated net. The measure
of distance between neurons was similar for pseudorandom nets and
nets of 4 netlets with internetlet connections five times sparser
than internal connections. The exclusion of synaptic strength and

polarity in the distance calculation Limits its usefulness.

This thesis has taught me a considerable amount about the ’"state
of art’ of computer simulation in brain science. There is a rela-
tively small group of scientists interested in neural networks,
mostly physicists, scattered around the world. Reading their
papers and books (some dating from the 50°s, but most from the
past 5 years) has been exciting , but also awe-inspiring because
the unknowns in this field are vast and open. The mysteries of the
mechanisms of Higher functions of the brain are immediately inter-
esting to most people, but the many-body problem of neural

networks is especially tempting to physicists.
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In "doing the reseafch for this project, I became sufficiently
familiar with neural networks to sustain a Long-term interest in
the squect and to have a large number of ideas to pursue, since
the subject is inherently open-ended. tMany of the results obtained
were unpredicted, henée in retrospect, the understanding of neurat

networks of this particular type has been expanded to be consis-

‘tent with computer studies.






