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/. ANALYSIS

7.1 Introduction

This chapter describes how the neural network in Chapter 5 waszeshdlyr consciousness
using the approach to synthetic phenomenology set out in Chapter 4.rstheeétion in this
chapter covers the calculation of the OMC rating of the network, Section 7.&expk method
that was used to identify the representational mental stateshemdection 7.4 describes the
analysis of the system for information integration using Tononi gunS’ (2003) approach.
Sections 7.5-7.7 look at whether the network is capable of consciousresdirar to
Tononi’s, Aleksander's and Metzinger’s theories and definitions areulated that enable the
network to be automatically analyzed for phenomenal states.fimlepart of this chapter
describes how the network’s activity was recorded and combined heétranalysis data to
produce a sequence of XML files that predict the phenomenology ofstersaccording to the
three theories of consciousness.

All of this analysis was carried out on two 3.2 GHz Pentium IV paters with 2 GB
RAM. The code for this analysis is all part of the Networlkalmer software, which was written
as part of this PhD and is briefly covered in Appendix 2. No eofficelease of Network
Analyzer is planned, but the source code for the current versioligled in the supporting

materials.

7.2 OMC Rating

In this network all of the mental states are implemented inatime svay, and so they all have the

same rating on version 0.6 of the OMC scale described in Se¢tibnThe system is a
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biologically inspired simulated neural network running on two singlegssmr computers at a
speed that is significantly slower than the human brain, and facitss are S1, R2, F1, FN4,
TS2, AD3, giving a total weighting of 3.025 x 10This needs to be multiplied by 0.1 to
compensate for the missing level of molecules, atoms and ions)deada final weighting of
3.0 x 10%, which is an OMC position of 111 out of 192 on the scale, and an OM(@ &ftD.43.
This OMC rating makes intuitive sense because the finah@eraent of atoms and electrons in
the system is substantially different from that in a human bbaihnot to the extent that it is
impossible to conceive that it has conscious states. This OM4) rigtiincorporated into the

XML description of the phenomenology in Section 7.9.

7.3 ldentification of Representational Mental State s

7.3.1 Definition of a Mental State for this System

In this analysis a simulated neural network is being analf@edonsciousness, and so the
mental states are states of the simulated net@&pending on how a neural network is
modelled, there are many different ways of defining its states example, the spiking activity
of a population of neurons, the voltages in the neurons, the average nangorafes, changes
in memory addresses or activity in the processor and RAM — ahdsianalysis, it was decided
to treat the firing of a neuron as a mental state. Althoughgliggrly basic, the main purpose of
this analysis is to illustrate how synthetic phenomenology camaied out, and it would have
been unnecessarily complicated to use population codes or memoryssaddi® make

predictions about the network’s phenomenal states.

! See Section 4.3.2 for the definition of a mentalesthat is being used in this thesis.
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7.3.2 Selection of Method

To identify the representational mental states of the netwonletaod was needed that could
identify the functional or effective connections between the input angdut data and the
internal states (see Definition 4.2 in Chapter 4). In this network the input and outpthnoagh
Vision Input and Motor Output, and so | decided to look at the functional Hadtiee
connections between these layers, which had known response chdiestensl the internal
layers whose responses were not known. The first problem that bhadaddressed was that a
complete map of the representational states of the networkreepsred for the XML
description, and yet the network only activated a small selectiots possible states during
normal activity. To get around this problem it was decided to in@se into the layers that had
known response characteristics, and use an algorithm or matremmagithod to identify the
functional or effective relationships between activity in the neumsit known response
characteristics and activity in the internal neurons whose seiaional characteristics were
being measured.

One of the first algorithms that | considered was the backgauoethod developed by
(Krichmar et. al. 2005), which examines the firing rate offaremce neuron at a specific time
step and identifies the neurons connected to the reference neuravetbaactive during the
previous time step. Whilst it might have been possible to tracepikes back through the
network in this way, the recurrent loops and delays in the network wowtdnhade this process
extremely complicated. Another method that was considered wag€sraausality (Seth and
Edelman 2007), but this would have required conversion of the spiking achitatyaverage
firing rates, which | wanted to avoid if possible. Instead, it wasiddd to use mutual
information to measure the relationships between the input/ output antkimeurons, and the

next section describes how this can be calculated from the gmkitivity. Although mutual
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information does not directly measure causal relationships, underekgsemental conditions

a strong case can be made that it is a measure of effective connéstigiSection 7.3.6).

7.3.3 ldentification of Representational Mental Sta tes Using Mutual
Information

The first step in the analysis for representational mestédés was the selection of an input or
output layer, which was given one description in natural human langueganother in terms
applicable to the physical world (when this could be done reasonalily).elext, noise was
injected into the input or output layer and the network activity wesrded. This data was then
used to calculate how much mutual information each internal neurordshdhethe input or
output neurons that had been given the physical and human descriptions. Tetu@Eogas
repeated separately for each input and output layer that had resparesgaristics that could be
easily described. In theory this noise injection technique could beuakd to identify mental
states that represent other mental states, but the diffiduttgszribing internal neuron groups
led me to exclude meta representational mental states from this afalysis.

The mutual information between each input/output neuXp@nd each internal neuron,
Y, was calculated by recording the number of times that theafisly combinations occurred for
different steps back in time (“1” indicates that the neuron wasyfat that time step and “0”
indicates that the neuron was quiescent):

Xx=0 &y=0

x=1& y=0

x=0 &y=1

x=1&y=1

These statistics enabled the joint probabilities to be calculated:

2 Meta representational mental states would have beeded to analyze the network using Rosentha88€)
higher order thought theory. However for the reasdiscussed in Section 2.3.2 this theory was ned s this
analysis.
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p(x=0,y=0)
p(x=1,y=0)
p(x=0,y=1)
p(x=1,y=1)
for different steps back in time as well as the marginal probabilities:
p(x=0)
p(x=1)
p(y=0)
p(y=1).
Using these values, the mutual information between each input/oogomon X and each
internal neurorY was calculated using the standard formula for mutual information:
oYy = P(x,Y)

p(x, y)log

) 7.1
p(X) p(Y) (7-1)

Equation 7.1 was also used to work out the maximum possible mutual ititorraader

the experimental conditions. With 20% of the neurons being fired randomly at each pme ste

p(x=0)=038
p(x=1)=0.2
p(y=0)=0.8
p(y=1)=0.2.

When the mutual information betwe&handY is at a maximum, their state will always be the
same, and so:

p(x=0,y=1)=0

p(x=1,y=0)=0,
and the remaining joint probabilities can be derived from the noise:

p(x=0,y=0)=0.8
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p(x=1,y=1)=0.2.
Putting these figures into Equation 7.1 yields a maximum possible mutual inforraf0.72.

During the recording of the data a time step value of 10 ms weed to avoid
complications caused by the refractory petiasid all other sources of network noise were
switched off. The injection of 20% noise into each input/ output et approximately 10,000
time steps of recorded activity were found to give mutual infoomavalues that matched
expectations based on the known connectivity of the network. Since thel nmfitwmanation
between two neurons is rarely zero, a threshold was used toaknhow mutual information
values that would have been superfluous in the final XML descriptiba.r&sults for Vision

Input and Motor Integration are covered in the next two sections.

7.3.4 Visual Representational Mental States

Vision Input was an obvious choice of input layer for the visual arsalyecause it could be
easily labelled and had strong forward connections to the rebeafdtwork. With layers of
several thousand neurons the analysis for representational ntateéal@nsumes a lot of time
and memory because the mutual information has to be calculateshd¢br combination of
input/ output and internal neurons. This problem can be reduced by excludang flaom the
analysis that are unlikely to have any systematic link witHaper that is being used as input or
output For the visual analysis Motor Cortex was excluded becausé ot have any input
connections from other layers, and Motor Integration, Eye Pan and Eyeefe also left out
because they did not have any direct or indirect connections fromnVisput. The mutual

information between the input and internal neurons was calculated feedreizero and five

% The total refractory period of the neurons is appmately 10 ms.

* Noise injection in this part of the analysis wame by firing a random selection of 20% of the pesrat each
time step.
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steps back in time because activity in Vision Input took four ste@s to propagate to Motor
Output.

The next stage in the visual analysis was to decide on apprdpbate for the neurons
in Vision Input. Since half of Vision Input carries red visual infation and half carries blue, it
was decided to include both red and blue in the human description andthe wseresponding
wavelengths of light in the physical descriptfofihe parameters for the identification of visual

representational mental states are summarised in Table 7.1.

Parameter Value

Input Neuron Group Vision Input

Internal Neuron Groups Emotion, Red Sensorimotdue BSensorimotor,
Inhibition, Motor Output

Human Description “Red / blue visual input”

Physical Description “700 nm / 450 nm electromaignetves”

Steps back in time 0-5

Mutual Information Threshold 0.1

Input Neuron Group Noise 20%

Table 7.1 Parameters for the analysis of visual represemalimental states

The data structures were too large to fit in memory, and smpl/output and internal layers
were split into five groups and the mutual information calculatioeewun on the 25 possible
combinations between them, which took several days to conipletggh level summary of the
average mutual information shared between Vision Input and the intey®ak lis plotted in

Figure 7.1.

> A more sophisticated analysis could have distisigeii between light wavelengths and perceived colairen
assigning the human and physical labels.

® This separation into separate groups did not hayeeffect on the final result.
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Mutual information
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N Inhibition —
0.7 Motor Output —
Blue Sensorimotor — % —
Red Sensorimotor — &
Emotion
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0.4 [
0.3 [
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5
0.1 -4
Steps back in time

Neuron Group

Figure 7.1 Average mutual information shared between Visigyut and the internal layers during the analysis f

representational mental states

The results in Figure 7.1 show that the mutual information shared dretRed Sensorimotor
and Blue Sensorimotor and Vision Input was close to the theoretaoahmam of 0.72, which
matched expectations because of the strong topological connectiareéfision Input and
Red/ Blue Sensorimotor. Although Emotion is indirectly connectedsmV Input, it shared no
mutual information above the threshold, which was probably due to thenlangiger of internal

connections within Emotion that made its self-sustaining actlaityely independent of Red
Sensorimotor. The other neuron groups downstream of Emotion, such asdnhabiil Motor

Output, also shared no mutual information with Vision Input.
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7.3.5 Proprioception/ Motor Output Representational Mental States

Motor Output would not have been a good choice of output layer for the aratlysis because
it does not have any forward connections to the other layers, anepresentational mental
states would have been found by injecting noise into it. A beltigice was Motor Integration,
which has forward connections to other layers, contains a complgteial possible motor
combinations and plays a key role in action selection through its cioome to Red
Sensorimotor and Blue Sensorimotor. Motor Integration can also be givdeaa human
description because it maps directly down to Motor Output through EyarRhEye Tilt. Motor
Cortex and Vision Input were excluded from this part of the anahgsiause they did not have
any incoming connections from other layers.

Although the neural network does not receive sensory data from SE4NOGInts or
muscles, the motor control signals sent from Motor Integration aietympredict the position of
the eye after a delay of a few time steps, and so acitivityis layer encodes both proprioceptive
and motor information. To reflect this dual role, “Proprioception / motput” was chosen as
the human description of the neurons in Motor Integration and the physical descriisatuw@
“N/A” because it would have been too complicated to describe thegahysovements of the
eye in response to activity in this layer. There is an 11 tiepedelay from Motor Integration to
Red Sensorimotor and Blue Sensorimotor, and so the mutual informatiorebetveeinput and
internal neurons was calculated for between zero and twelve lsiepsn time. Although this
had the effect of excluding potential representational links kegtwdotor Integration and
Emotion via Red/ Blue Sensorimotor, the visual analysis strongjgested that there was no
representational relationship between Emotion and Red/ Blue Senswriffioé parameters for
the identification of proprioception/ motor output representational mstati@s are summarized

in Table 7.2.
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Parameter Value

Input Neuron Group Motor Integration

Internal Neuron Groups Emotion, Red Sensorimotoiye BSensorimotor,
Inhibition, Eye Tilt, Eye Pan, Motor Output.

Human Description “Proprioception / motor output”

Physical Description “N/A”

Steps back in time 0-12

Mutual Information Threshold 0.1

Input Neuron Group Noise 20%

Table 7.2 Parameters for the analysis of proprioceptiontomoutput representational mental states

The data structures for the proprioception/ motor output analysid &ttenfortably in memory
and the calculations took less than an hour to complete. A high levetlaynof the average
mutual information shared between Motor Integration and the intergatslds plotted in
Figure 7.2.

In the results shown in Figure 7.2 Motor Output shows a small respatisa peak of
0.01 at minus two time steps, which might have been expected to H®r Bigce there is an
indirect link between Motor Integration and Motor Output. However, the vafu®.01
represents thaveragemutual information between Motor Integration and Motor Output, and
only 10 out of 675 neurons in Motor Output are indirectly connected to Motagraiion. The
highest average mutual information is shared between Motor Inteyetd Eye Pan and Eye
Tilt at -1 time steps. This is close to the theoretical maxrn and it is due to the topographic
connections between Motor Integration and Eye Pan and Eye Tilt. Tleeaésa average mutual
information peaks for Red Sensorimotor and Blue Sensorimotor at -12 stieps, which
matched expectations since there is a connection with a delay tihé& 1steps from Motor
Integration to Red/ Blue Sensorimotor and it takes one time stepdpike to be emitted from

one group and processed in another.
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Mutual information
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Figure 7.2 Average mutual information shared between Mottedration and internal layers during the analysis

for representational mental states

The graphs in Figure 7.1 and Figure 7.2 only give the average nmfrahation that is
shared between the input/output and internal layers. The detaildts resn be found in the
VisualRepresentationalMentalStates.xml and MotorRepresentationt@l8eates.xml files,

which are included in the supporting materials.

7.3.6 Representational Mental States: Discussion an  d Future Work

One limitation of mutual information is that by itself it /ot a measure of the causal
relationships between neurons. If two neurgngndB, share mutual information, then it could
be becausa is causally influencing, B is causally influencind\ or becausé andB are under

the causal influence of a third neur@,However, in the method described Section 7.3.3 there is
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good reason to believe that the activity of the internal neurons i® dineir causal dependencies
on the input/ output layers because the input/ output layers are indiyigualinto a high (but
not maximum) state of entropy and there is no other source of spoataactivity within the
network. A second reason why this method is likely to measusat dependencies is because
the mutual information is calculated for different numbers of dbeyg& in time. If the mutual
information betweer\ andB peaked at time step zero, for example, then this would suggest that
A andB were under the causal influence of a third neu@rjut if B shares maximum mutual
information with A at -2 time steps, then it is more likely that there is asahrelationship
betweenA andB - althoughA andB could still be subject to a common cathat is connected
to A and B with different delays. Finally, the close match betwthe mutual information
relationships and the structure and delays of the network maleasdnable to assume that the
internal neurons sharing high mutual information with input/output neuroascaunsally
dependent on these input/output neurons.

This analysis did not attempt to identify mental states thpaesent other mental states
because the descriptions would have been too complicated to define ahddtbman and
physical levels. Future work in this area might be able to ttexrocessing of data through the
network by repeating the analysis a number of times at ditfdesels. For example, mental
states that responded to a combination of motor output and blue visualatiéorroould be
injected with noise to discover representational mental states that respone tbstoact higher
level information. In this way meta representational mentakestabuld be described as
combinations of more basic mental states that are linked ts sthtthe world. Mental states
representing more complex features of the world could also befidénising more specific test
data.

The visual and motor systems of this network were extrebaall and on such a simple

system the injection of noise into Vision Input and Motor Integrati@s & good way of
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identifying representational mental states. However, a moriesafijiroach would be needed to
identify representational mental states in more complexrmgsté the system idesignedwith
layers that respond to different aspects of the input signalexaimple the visual input layers in
Krichmar et. al. (2005) — then the layers could be individually latielhd injected with noise to
identify the representational mental states. However, when #tensg responses to complex
aspects of the world are not known — for example, in self-organizingoriet, such as the
hippocampus in Krichmar et al. (2005) — then it might be possible tthessatistical methods
developed by Lungarella et. al. (2005) and Lungarella and Sporns (200éntibyi regularities
in the input and output signals, which could be used to label the representational mestal stat
In the future it would be worth exploring whether other techniques, asctiansfer
entropy (Schreiber 2000, Sporns et al. 2006), backtracing (Krichmal. &005) and Granger
causality (Seth and Edelman 2007), make different predictions abaéipttesentational mental
states of the network. It would also be worth investigating how tfiaitten of a system’s
mental states affects its representations. For examplenfainstates were defined in terms of
populations of neurons, then Kohonen (2001) or one of Grossberg’'s (1976) neural network
could be used to identify patterns in the neuron populations, and the mubnadatibn shared
between these patterns and the input/ output data could then be measugetheisnoise

injection method.

7.4 Information Integration Analysis

7.4.1 Introduction

This section describes how the neural network was analyzed éomiation integration using
Tononi and Sporns’ (2003) method. The main motivation for this analysis avasake
predictions about the consciousness of the network using Tononi's (2004) atitorm

integration theory of consciousness. The phenomenology of a systendepends on the
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integration between the different pieces of conscious informatem $ection 4.3.6), and since
information integration is a measure of effective connectivity (Sporns 2007%¢d# sense to use
Tononi and Sporns’ method to identify the integration between the meatted 81 the network.
Information integration is also used in the predictions about the icossess of the network
based on Metzinger’s (2003) theory (see Section 7.7.3).

The central difficulty with Tononi and Sporns’ (2003) method is that tfadysis time
increases factorially with the number of subsets and bipartitidmgshwnakes it impossible to
exhaustively analyse systems with more than fifty elemeéfasfind out the scale of this
problem, Section 7.4.3 gives an estimate of how long the full analgsiklwake on a network
with 17,544 neurons. Since this is of the order dP®@ears, optimisation strategies had to be
developed for large networks, which are documented in Section 7.4.4, and Settiogives
the result of testing these optimizations on Tononi and Sporns’ (200PJesamtworks. The
remaining information integration sections present the results@me background and future

work. Further details about the information integration results are included iméig s

7.4.2 Tononi and Sporns’ Information Integration Ca  Iculation

As explained in Section 2.6.2, the complexes of a system are idéntifi considering every
possible subset S @h elements out of tha elements of the system, starting with= 2 and
finishing with m=n. For each possible bipartition of the subset, the effective infaymati
integrated across the bipartition, E4A B), is calculated andrimmum normalized effective
information, min{ El(A=B) / H"(A<B)}, is identified. The non-normalized minimum
effective information is the value of the subset, and a complex is a subset witD that is
not included in a larger subset with greaterAt the centre of this method is the calculation of
El(A=B), which is repeated a large number of times during theysisalThe stages in the

calculation of El(A= B) are as follows.
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Normalization

The starting point for the Elg& B) calculation is the connectiatrin, CON(X), which is an
m X m matrix representing all of the connections betweemitdements of the subset. In this
analysis all of the weights were made positive by multigiytitlem by -1 on the grounds that a
connection is passing information regardless of whether it isaéxy or inhibitory’ Without
this normalization of negative weights it is conceivable that thdtiywsand negative
connections between the two bipartitions of a subset would have Igartiatelled each other
out, leading to a value of EI&& B).that did not reflect the amount adrintion that was
exchanged between the two bipartitins.

Tononi and Sporns (2003) normalized the connection matrix by multiplyingetghts
so that the absolute value of the sum of the afferent synaptibtagigr element was a constant
value, w, which they set to 0.5 for their analysis Whilst this normabmatmethod was
appropriate for Tononi and Sporns’ task of comparing different araliescthat have been
artificially evolved, it substantially distorts the relationshigggween the weights and does not
correctly measure the information integrated by the systenmexample, two neurons connected
with a weight of 0.00001 have very little effective information et them, but the constant
value weight normalization changes the connection weight to 0.5w#stantially alters the
information exchanged between the two neurons. To avoid these problemsan#iysis
normalized the connection matrix by summing each neuron’s affeveights, finding the
maximum value and calculating the factor that would reduce thistmaxito less than 1.0. All

of the weights in the network were then multiplied by this facttnich ensured that the sum of

" The alternative method of adding a constant tofaihe weights was rejected because it would aade positive
connections count for more, when in fact positived anegative connections with the same weight were
transmitting the same amount of information

8| have not been able to find any discussion ofatieg weights in Tononi and Sporns (2003) or Tor{@0004) and
their examples are all based on positive weights.
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each neuron’s afferent weights was always less than one witlsiotting the relationships

between them.

Covariance Matrix

In each effective information calculation one part of the subset, A, is put irdteabStmaximum
entropy and the entropy of the response of B is used to calcul#@te B). Since A is being
substituted by independent noise sources, all of the self connectitime ¥ and the
connections afferent to A are set to zero within CON(X). Undans&an assumptions, the
elements in the system can be represented by a vector X of raadiainles that are subject to
independent Gaussian noise R of magnitude c. When the elemends useltir stationary

conditions, the final state of the system is given by Equation 7.2:
X = X* CON(X) + cR. (7.2)

Using standard algebra and averaging over the states prodpyseddessive values of R, this

eguation can be rearranged as:
X =R (1-CON(X))*, (7.3)
and a substitution of:
Q = (1-CON(X))-1 (7.4)
into Equation 7.3 gives the formula:
X = RQ. (7.5)

In Equation 7.5, the elements of R that correspond to the A bipadititve subset are set to 1.0

to put A into a state of maximum entropy, and the elements d¢faRcbrrespond to the B
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bipartition are set to a value that corresponds to the background wdisd is typically

0.00001. Using the standard covariance formula:
COV(X) = X'X, (7.6)
and substituting in Equation 7.5, we obtain:
COoV(X) = (RQYRQ, (7.7)
which is equivalent to Equation 7.8:
COV(X) = Q'R'RQ, (7.8)

and can be calculated from CON(X) using standard matrix operations.

Entropy
EI(A=B) depends on the entropies H(A), H(B) and H(AB), which can dleutated by
extracting the sub matrices COV(A), COV(B) and COV(AB) frtime covariance matrix and

putting their determinants into Equation 7.9:

In( (20)" |COV(X)])
> ,

H(X) = (7.9)

where | COV(X) | is the determinant of COV(X).
El(A=B)

The effective information from A to B, EI(AB), is given by the mutual information between A

and B when A is in a state of maximum entropy:

® This standard formula for calculating the entrdmym the determinant of a covariance matrix carfdand in
Papoulis (1984, p. 541).
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MI(A FMAX:B) = HA™AX) + H(B) - HA™A*B), (7.10)

which can easily be calculated from the entropy values. The gwasethen repeated in the
opposite direction by putting B into a state of maximum entropakculate EI(B A), and the

final value of effective information is given by:
EI(A=B) =EI(A B)+EI(B A). (7.12)

This is normalized by ¥ (A<B) to enable different bipartitions to be compared, and the
information integration for subset S, ofS), is the non-normalised value of E4A B) for the

minimum information bipartition.

The C++ code for these calculations was based on Tononi and Sportet) kdaikit°
The most substantial change was that the Matlab code calculAR'R@Q on the whole
connection matrix and then extracts the A, B and AB sub matdoserk out the entropy. Since
the complete connection matrix has 17,544 rows and columns, this approachhaweltdeen
impossible with the computer resources available in this projeadefaround this problem, the
connection matrix was generated for each bipartition and then thendetets of A, B and AB
were extracted. This yielded nearly identical results toMa#dab code on the validation tests
(see Section 7.4.5) and can be justified by assuming that theadffecin B when A is in a state
of maximum entropy is much greater than the effect of thieafethe system on B. A brief

overview of the Network Analyzer software is given in Appendix 2.

“The Matlab complexity toolbox is available at: phtttononi.psychiatry.wisc.edu/informationintegoati
toolbox.html.
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7.4.3 Time for the Full Information Integration Ana  lysis

The full information integration analysis is computationally expenbeeause the El B)

calculations are processor-heavy matrix operations that have ton on every bipartition of

every possible subset of the network. The first part of theafalysis is the extraction of all the
possible subsets of the network, with the number of ways of seleotegigments out of tha

elements of the system being given by:

nl

m, (7.12)

which has to be summed over all subset sizes frer tom=n.

The next part of the full analysis is the calculation of E{A) dh every possible
bipartition of each subset in order to find the minimum information hijgart A bipartition is
created by selectinlg elements out of then elements in the subset, where k ranges from 1 to

m/ 2. Putting the subset selections together with the bipartition selections gives:

n m/2 n! m
t = f(m 7.13
s e m(n- m)!kl(m- k)! (m), (7.13)

where tnaysisis the full analysis time arf@m) is the time taken to calculate EKA B) on a single
bipartition of a subset of sizen. By cancelling outm! Equation 7.13 can be rearranged as

follows:

n m/2 1 1
tanalysis =n! f (m) ) (7.14)
me2 k=1 (M- Mk (m- k)!

Equation 7.14 omits the fact that when the number of neurons in edadf tia bipartition is
exactly the same, the number of possible bipartitions has to be dibidéwo, because the

selection of all possible combinations in one half results in thectsmh of all possible
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combinations in the other half. This adjustment was included in the tbatlevas used to
estimate the full analysis times.

The time taken for each EI$A B) bipartition calculation dependsmmaber of factors,
including the efficiency of the code and the speed of the computernasstimate of this value
was obtained by recording the average time that each=EI(A alBjlation took on subsets of

different sizes (see Figure 7.3).

8.88611e+06 [~ T ]

1.2026e+06

162755

22026.5

" 2980.96
=
O
= 403.429
.|:
54.5981
Actual effective information calculation times ——+—
flm)=m + 3.4e-05*m~3-300 ——
7.38906 b
1 4 7
0.135335 j b
[ 1 | | |
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Subset size

Figure 7.3 Actual and predicted times for each A  B) bijianh calculation on subsets of different sizes

The curve fitting functions of gnuplot suggested that:
f(m)=m+ 3.4 x m® - 300 (7.15)

was a good approximation to the actual valuesnicor 200 and Equation 7.15 was combined

with the actual EI(As B) calculation times to predict the bipigri calculation times for subsets
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with 2 - 5000 neurons. A short piece of code was then written that used piition
calculation times, Equation 7.14 and the adjustment for equal bipastitd calculatestaysisfor

networks of different sizes, and the results from this calculation are plotteglire F.4*

le+2000 T T
Full calculation —+—
Max 50 calcs per bipartition ——<—
Max 50 calcs per bipartition, only equal bipartitions ——#—
le+1500 [~ 7
n
_
(1]
(]
2
Q
g 1le+1000 [ 4
)
0
0
>
©
C
<
le+500 [ 7
0 1 1 | 1 1 | 1 1
0 500 1000 1500 2000 2500 3000 3500 4000

Network Size

Figure 7.4. Predicted full information integration analysia¢s for networks of different sizes

Figure 7.4 only shows the predicted times for networks up to 4000 neuranssédbe
factorial calculations took an increasingly long time to ruthasnetwork size increased and it
was unclear whether it would reach 18,000 neurons within a reasormableHbwever, the
linear relationship between network size and the log of the catoulame can be extrapolated
up to 18,000 neurons to give a predicted full analysis time of aroufitf §8ars. This shows

that a full information integration analysis would have been coniplietgossible on a 17,544

" The data in Figure 7.4 was generated by the Titwedor class in Network Analyzer, which is inceglin the
Supporting Materials.
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neuron network with my current equipment. This difficulty is acknowlddgg Tononi and
Sporns (2003), who admit that “Practically, the procedure for findingptex®s can only be
applied exhaustively to systems composed of up to two dozen elén{pntd8). The
optimization and approximation strategies that were used to addieggoblem are discussed

next.

7.4.4 Optimizations and Approximations

Given the extremely large amount of time that would have been rédair¢he full analysis, it
was necessary to develop optimizations and approximations that ceumtifyi some of the
complexes in the network with the limited time and computer reseuheg were available to

this project.

Sub-sampling

One approximation suggested by Tononi and Sporns (2003) is to evaluAtesH)I(on a
random selection of the possible bipartitions at each subset Fwelexample, to take 15
samples at each level for a 200 neuron subset, one would evaluate B)Ifar 15 samples of
the 1:199 bipartition, 15 samples of the 2:198 bipartition, and so on up tarifesaof the
100:100 bipartition. Although Tononi and Sporns suggested using 10,000 sub sammeslper |
the duration of each bipartition calculation suggested that ordensghitude less sub-samples
would have to be used if the calculation was going to complete in a reasonable time.

The impact of this approximation strategy is shown in Figure whére the blue line
plots the predicted analysis times when the number of bipartitlonlagons per level is limited
to 50, and the timings for the group analyses in Table A3.12 demonkaathis approximation
strategy is effective in practice. The disadvantage of tpisroximation is that it can
dramatically reduce the proportion of bipartitions that are examiee the minimum

information bipartition, which leads to a substantial loss of acgutadNetwork Analyzer, this
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approximation is implemented as tiMax number of bipartitions per levglarameter. The
current version of the code examines the permutations of eachtimpartian ordered sequence
up to the maximum limit; in the future it might be better to select the pations at randortf
Another way of reducing the number of bipartition calculationisub-sample the
levels. For example, in a subset of 200 neurons, this could involve sari@i2@:180, 40:160
... 100:100 bipartitions instead of every possible level. Although this optionnstasied in the
Network Analyzer code as thercentage of bipartition levelsarameter, it was rarely used in

practice.

Seed expansion method

A second strategy, developed in collaboration with Richard Newcontbgsak, is to grow each
complex incrementally from a seed. To begin with a singleameisr selected at random, either
from the entire network or from one of the neuron groups in the netwoxk, dfee or a number

of neurons connected to this seed are added to the subset andfttiee subset is calculated. If
the new is greater than the old one, the neurons are left in the sabdethe process is
repeated again. On the other hand, if the ne less than the old one, then the new neurons are
removed from the subset and the process is repeated with &miféet of connected neurons.
When all of the connections to and from the seed have been explored, thetioosrn® and
from other neurons in the subset are tried until the subset canegpaeded any further. The
remaining subset is likely to be a complex because any largsetswith greater that includes

the subset would have to be connected to it, and it has been shown twdditlos of further
connected neurons decreases the subsetBhe steps in the seed method are summarised in

Figure 7.5:

12 Random selection was not done in the current aislyecause of the extra processing that would baes
required to calculate the full range of permutadiand make a random selection from it.
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=

Start a new subset by choosing a neuron to act a s the seed.

N

Select numNeur neurons connected to neurons in the subset that have
not been selected before.

if ( numNeur >0) /[Have found neurons connected to the subset
Add neurons to the subset.

else /INo neurons connected to the subset — it is a comp lex

Calculate the new of the subset, newPhi .

3
4
5
6. Store details about the complex and return to s tep 1
7
8 if ( newPhi < oldPhi ) //Adding the neurons has reduced the

9

Delete the added neurons and return to step 2.
10. else //Adding the neurons has increased the

11. Leave the neurons in the subset, set oldPhi equal to newPhi and
return to step 2.

Figure 7.5 Seed expansion algorithm

One advantage of the seed method is that it avoids all subsets seinmicted neurons
and a value of 0, whereas Tononi and Sporns’ full analysis checks alltsutegmrdless of
whether they contain disconnected neurons. The seed method also provalesfadentifying
small complexes in large networks and it enables a limit teeb@n the maximum size of the
complexes, which is very useful for controlling the analysis duration.

The seed method does suffer from a number of potential and actuahpoble begin
with, it can miss complexes that include subsets with higherfor example the large complex
in Tononi and Sporns (2003, Figure 7) was missed by this method (s&®1 Set.5). However,
this was not a problem in the current analysis, which only airnedentify the highest
complex that each neuron was involved in. A second disadvantage of dnaetbed is that the
order of expansion may affect the final complex and in future wowoiild be worth doing
some experiments to see if this is a significant effecally, the seed expansion algorithm can
lead to multiple calculations of on the same subset, particularly when the neurons are highly
connected together. Although this did occasionally happen during theigndlygas not found

to be a major issue.
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A number of parameters were included in Network Analyzer to cotiteokpeed and

accuracy of the seed expansion method:

Expansion rate per connection grouphis controls the number of neurons that are
added to the subset at step 2 of the algorithm. Higher values pathisieter enable
larger complexes to be identified in a shorter time, but smatieplexes may be

missed when the expansion rate is greater than 1.

Maximum subset siz&he subset is discarded if it expands beyond this limit. This
parameter is useful for searching for small complexes nvihiarge neuron group
and it was used extensively in this analysis because matg sxpanded into

subsets that exceeded the available time and processing power.

Maximum number of consecutive expansion failures per connection.dsoope
neural networks have large homogenous connections and the effect of adding or
neuron from a homogenous connection group is likely to be the sandiag a
another neuron from the same group. When the number of failed attexcptds

this limit, the entire connection group is discarded. For exampleetveork in this
thesis has over 8000 connections with identical weights from each neuron i
Inhibition to Vision Input. If the first twenty connections cannot bedu® expand

the subset, there is little reason to think that the next 8000 amd, it is more

efficient to abandon the attempt to expand the connection gfoup.

Store  calculations When several neurons in the subset connect to the same
external neuron, the samecalculation may be repeated several times and it might

be thought that storing the results would be a good way to spedt malysis.

13 A variation of this approximation is to sampleandom selection of neurons from a homogenous ctionec
group. This option is available in Network Analyzbut it was superseded by the consecutive exparigitures
parameter.
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However, this approach was not used in practice because the numbpeated
calculations was not that large and it took a significant amountaafepsing to
compare the neuron IDs in the current subset with the neuron IDEcinaé the

stored calculations.

Equal bipartitions

Another optimization strategy suggested by Tononi and Sporns (2008)ti&he bipartitions
for which the normalized value of EI will be at a minimumlw# most often those that cut the
system in two halves, i.e. midpartitions” (p. 17). To evaluate how ofiidnpartitions yield the
minimum normalized effective information, seeds were seleatan &ix of the layers and
allowed to expand into a complex or up to a maximum subset size oh@@@ns. The
percentage of times that the each bipartition had the minimum hzechaffective information
is plotted in Figure 7.6, which shows that mid partitions most often had the minimum zexnali
El, but this was by no means always the case and during one sédbdeexpansions the mid
partition only accounted for 40% of the minimum information bipartitionshelV this
approximation was applied in combination with the seed expansion metkasd found that the
occasional wrong expansion had a substantial effect on the final eqmg@hd so this
approximation was not used in the final analysis - although the timings preseStection A3.3

show that the equal bipartition approximation can speed up the analysis by a féetor of
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50 Random seed from Blue Sensorimotor ——+— -

Random seed from Eye Pan —»—

Random seed from Inhibition —#—

Random seed from Motor Cortex —&5—
Random seed from Motor Integration

Random seed from Red Sensorimotor —¢—
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Bipartition

Figure 7.6. Percentage of times that different bipartitioas the minimum normalized effective information

Final strategy

The time taken to expand the seeds from each layer depends loeathky complexes that are
present in the network. For example, although Vision Input has 8,192 seed nthe@mgalysis
could be completed in 4.5 days because it identified a large numbeopngblexes of
approximately 30 neurons that were relatively quick to analyze. On the othetrtahidion has
only 25 neurons, but it took 3.5 days to analyze because each seeding¢hi®group had to be
expanded up to the maximum subset size of 150 neurons. Since the compkiecaetwork
were unknown at the start of the analysis, one or two test runHaml darried out on each
neuron group to identify the parameters that would enable the antdysismplete in a
reasonable time. The seed expansion was then restarted on the meupoargl allowed to run

to completion.
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To fill in the gaps left by the seed-based analysis thealculations were also run on
combinations of neuron groups up to a maximum size of 700 neurons — a humberstifaind
to be a reasonable compromise between the information gained aboetwloek and the time
available. These group analysis results are not complexes bécaasenot been shown that
they are not included within a subset of higherand to make this distinction clear they will be
referred to aslusters

Although the seed and group analyses were carried out with a hgh o
approximation, enough information was gathered about the complexes atetsclof the
network to allow predictions to be made about the network’s phenomenal&gpction 7.9. In
the future if more accurate information about the complexes of tinorkecould be obtained,
then it would be easy to re-generate the predictions about conscousieg the improved

information integration data.

7.4.5 Validation on Tononi and Sporns’ Examples

The Network Analyzer code and the seed expansion method were t¢estde examples
supplied by Tononi and Sporns (2003) using the parameters given in TableThAse tests
were mainly intended to establish that the seed expansion methodinduliefsame complexes
as the full analysis, and so the approximations were disabledttiygdMaximum number of
consecutive expansion failures per connection grém@lO00 (greater than the number of
connections in any of the examples) aldx number of bipartitions per leved 5000 (greater
than the maximum number of possible bipartitions for this network). rékalts for this

validation are given in Table 7.4.

4 The connection matrices for the validation analysiere downloaded from: http://tononi.psychiatrgavedu/
informationintegration/toolbox.html.
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Parameter Value
Max number of bipartitions per level 5000
Percentage of bipartition levels 100
Expansion rate per connection group 1
Maximum subset size 20000
Maximum number of consecutive expansion failuresge@nection group| 1000
Only examine equal bipartitions false

Table 7.3 Parameters for the validation on Tononi and Sgaramples

Example Seed Expansion Algorithm Tononi & Sporns (2003) Anlgsis
Network
Neurons Neurons
Figure 2 1,2,3,4 20.8 1,2,3,4 21
5,6,7 20.1 5,6,7 20
1,2,3,4,5,6,7,8 7.4 1,2,3,4,5,6,7,8 7
Figure 3 1,2,3,4,5,6,7,8 73.9 1,2,3,4,5,6,7,8 73
14 19.1 | - -
3,5 19.6 - -
Figure 4 1,2,3,4,5,6,7,8 5.8 1,2,3,4,5,6,7,8 5.8
3,6 1.8 - -
Figure 5 1,2,3,4,5,6,7,8 60.8 | 1,2,3,456,7,8 60
1,2,3,4,6,7 40.5 - -
5,8 20.3 - -
Figure 6 1,2,3,4,5,6,7,8 20.5 1,2,3,4,5,6,7,8 205
Figure 7 1,2 20.3 1,2 20.5
3,4 20.3 34 20.5
5,6 20.3 5,6 20.5
7,8 20.3 7,8 20.5
- - 1,2,3,4,5,6,7,8 19.5

Table 7.4 The complexes found in Tononi and Sporns’ (26@&mple networks by the full analysis and using the
seed expansion algorithm. The quotedralues for Tononi and Sporns’ (2003) analysis agproximate readings

from the graphs in their figures.
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The results in Table 7.4 show that the seed expansion algorithm rfinds of the
complexes that were identified in Tononi and Sporns (2003) and that tWwerkid\nalyzer code
performed accurate calculations. However the seed expansion algorithm did identify &erum
of false complexes in figures 3, 4 and 5, and since none of the other iaggiroRs were being
used, the most likely explanation is that the order of expansioneohéhrons altered the
complexes> The only results from the information integration analysis thatused in the
predictions about consciousness are the highestmplexes that each neuron is involved in (see
Section 7.4.6). From this perspective the identification of false coegplis not a problem as
long as the larger complexes with higherthat incorporate the smaller complexes are also
found. On these examples, all of the highestomplexes were correctly identified by the seed
expansion algorithm and the false complexes could have been elasilyaged by post-
processing the seed analysis resfflts.

The only other disparity between the results from the seed thlgoaind the full analysis
are that the expansion algorithm can miss complexes that inchalkeiscomplexes with higher

— see the last row of the results in Table 7.4. This wasalsa problem in an analysis which

is only looking for the highest complex that is associated with each neuron.

7.4.6 The Information Integration of the Network

Since there was a great deal of overlap between the difiwenilexes and clusters, the results
from the seed and group analyses were integrated together tdyideatimain complex, the
independent complexes and the information integration between diffeagsatof the network.

More detailed results from the seed and group analyses andatiuss of some of the

15 For example, suppose that the subset containsénmns, A and B, and A is connected to anotherrewrons,
C and D. It might be the case that adding C belibreduces the of the subset, whereas adding C after D causes
the value of the subset to increase. It is also ptessitat adding C or D individually to the subseduees its |,
whereas adding both together increases it.

16 For example, in the figure 3 example in Table T4, seed method claims that neurons 1 and 4 focomplex
with a  value of 19.1 and that these neurons are alsogbamother complex with = 73.9. According to the
definition of a complex, it is easy to see that¢benplex containing only neurons 1 and 4 is a fatsmplex.
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complexes are given in Appendix 3, and the results are also agaiaBIML format in the
Supporting Materials. To present the results as clearly asbfw#se neuron groups in figures
7.7 - 7.15 are labelled using the IDs in Table 7.5, which correspond to thieatDgere used for

these neuron groups in the database.

ID | Neuron Group

24 | Vision Input

28 | Red Sensorimotor

29 | Blue Sensorimoto

62 | Emotion

34 | Inhibition

61 Motor Cortex

60 | Motor Integration

54 | Eye Pan

55 | Eye Tilt

53 | Motor Output

Table 7.5 Neuron group IDs

According to Tononi and Sporns (2003) thain complex of the network is the one with
the highest . In this network the main complex has 91 neurons,value of 103 and it includes
all of Inhibition, most of Emotion and small numbers of neurons fromoWisnput, Red
Sensorimotor, Motor Output, Eye Tilt and Motor Integration (seergigu7). Tononi (2004)

claims that the main complex is the conscious part of the network.
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Figure 7.7. The main complex of the network.

A second aspect of information integration is whether differerts pafr the network
integrate their information in isolation from each other (sei@e4.3.6). In this analysis, the

notion of anndependentomplex is defined as follows:

None of the neurons in an independent complex, A, are part of another complek?.B)
that has higher than A.

This definition was used to search for independent complexes in therkeénd it turned out
that the main complex was the only independent complex, with #tleobther complexes and
clusters having some overlap with the main complex and thus not Imeiagendent by this
definition.

In order to understand the information integration between diffeaatd of the network,
ten neurons were selected at random from each neuron group and the (eshplath the
highest that each neuron was involved in were identified. Only the highestimplexes were
considered because the phenomenal predictions in sections 7.5 and 7.7 drerbdke

maximum information integration of each mental state, and the smgpsificant information
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relationships of each neuron will be with other neurons in its highestmplex. The results

from this analysis were as follows:

Vision Input
All of the sampled neuron’s highestcomplexes included Inhibition and different combinations
of Blue Sensorimotor, Red Sensorimotor, Emotion and Motor Output. Amongsathgled

neurons, the typical highestcomplex contained 29-31 neurons, withranging from 75-93.

Red Sensorimotor

All of the sampled neuron’s highest complexes included Inhibition and Vision Input, along
with different combinations of Blue Sensorimotor, Emotion, Motor Integragnd Motor
Output. Amongst the sampled neurons, the typical highesimplex contained 29-31 neurons,

with  ranging from 75-93.

Blue Sensorimotor

All of the sampled neuron’s highest complexes included Inhibition and Vision Input, along
with different combinations of Blue Sensorimotor, Emotion, Motor Integragnd Motor
Output. Amongst the sampled neurons, the typical highesimplex contained 29-31 neurons,

with  ranging from 75-93.

Emotion
Although this neuron group was strongly integrated with itself, higakeres of were found in
complexes that included Inhibition and other layers. The sampled netlnighs'st complex

was the main complex.
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Inhibition

All of the sampled neuron’s highestcomplexes were part of the main complex. The Inhibition
layer is a key part of many high complexes because of its recurrent connections and its large
number of strong connections to Vision Input and Motor Output. On its owhitiohi has a

of 77.3 and this increases to more than 129 when it is combined withlanember of neurons

from other layers’

Motor Cortex

Despite a large number of recurrent connections, Motor Cortex onlg hadalue of 17.9 when
it was measured by itself. The sampled neurons had two highagsters: one with = 59 and
425 neurons from Motor Cortex and Motor Integration, and another with59 and 435

neurons from Motor Cortex, Motor Integration, Eye Pan, and Eye Tilt.

Motor Integration

One of the sampled neurons in Motor Integration had 129 highesimplexes with =75 and

25 neurons from other layers. Some of the other highestmplexes of the sampled neurons
had 75-91 neurons andranging from 84-103. Motor Integration also had sampled neurons that
were not included in any of the complexes identified by the-basdd analysis. These had two
highest clusters: one with =58.7 and 425 neurons from Motor Cortex and Motor Integration,
and another with =58.7 and 435 neurons from Motor Cortex, Motor Integration, Eye Pan and

Eye Tilt.

Eye Pan
One of the seeds in this layer expanded beyond the maximum suleset $60 and its highest

value came from the group analysis, which identified two highedusters: one with =58.7

7 Some of the subsets expanded from Motor Outputdied! Inhibition and achieved a value of 129 before the
maximum subset size was exceeded.
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and 425 neurons from Motor Cortex and Motor Integration, and another wiB.7 and 435
neurons from Motor Cortex, Motor Integration, Eye Pan and Eye Ti#.dkher four neurons in
this group had highest complexes with 75-79 neurons from all of the other layers and

ranging from 84-102.

Eye Tilt
The sampled neuron’s highest complexes had 71-91 neurons from some or all of the other

layers and ranging from 80-103.

Motor Output
The sampled neuron’s highestcomplexes had =57 and 22 neurons from Inhibition. Ten of
the neurons in Motor Output, which were not included in the random samplepramected

through Eye Pan and Eye Tilt into complexes withp to 103.

These results show that the highestomplexes of neurons in different layers have a
consistent level of information integration that typically randesn 58 - 103. The most
important neuron group for information integration was Inhibition, whichgalaycentral role in

many of the complexes with higher

7.4.7 Previous Work on Information Integration

Evidence for a link between information integration and consciousnespraxaded by Lee et
al. (2007), who made multi-channel EEG recordings from 8 sites in caissand unconscious
subjects and constructed a covariance matrix of the recordinggchrfrequency band that was
used to identify the complexes within the 8 node network using TamhiSporns’ (2003)
method. This experiment found that the information integration capaicitye network in the

gamma band was significantly higher when subjects were conscious.
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Theoretical work on information integration has been carried outelly & al (2006),
who identified a number of weaknesses in Tononi and Sporns’ (2003) methodtamedrihe
link between information integration and consciousness. To begin with.eSat. showed that
simple Hopfield-type networks can be designed to have arbitedugs of , which suggests
that may not be an adequate sole measure of the consciousness ofna Aysteond problem
identified by Seth et al. is that the value oflepends on arbitrary measurement choices made by
the observer. Different descriptions of the system lead to eiffepredictions about its
information integration, and Seth et al. demonstrate that a siraptangous system consisting
of two coupled oscillators can generate arbitrary and even anfmaities of depending on the
measurement units that are used. Both of these criticisms igltig fact that Tononi and
Sporns’ (2003) method is at an early stage of development and needs fefitement to
increase the accuracy of its predictions about real biologicabrit. Seth et al. also point out
that is essentially a static measure of consciousness, which ritalkeable to distinguish
between a conscious and an unconscious brain, and they discuss theieliffafudalculating the
information integration of a realistic system.

Tononi and Sporns’ (2003) measure is based on their earlier work on neural
complexity (Tononi et al. 1994, 1998). Neural complexity is definedhasaverage mutual
information that is shared between a subset of the network anelsthef the system, where this
average is taken over all subset sizes. Whilst Tononi and Sporns’ (@@@3)d looks for the
minimum information bipartition of the subset and introduces the conceptoimplex, neural
complexity is calculated once for the whole network without seagcfar the most integrated
part. The computation cost of calculating neural complexity iseegactorially in a similar way
to effective information, but it can be approximated by limitthg analysis to bipartitions

between a single element and the rest of the network (Seth2608). Since neural complexity
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depends solely on mutual information it is only a measure of funttemé not effective
connectivity'®

Another way of measuring effective connectivity is the causasity measure put
forward by Seth et. al. (2006), which identifies the causally sogmf interactions amongst a
network’s elements using Granger causality, and then calculaéesausal density using
Equation 7.16:

a

d :m, (7.16)

wherecd is the causal density,is the total number of significant causal interactionsrgnd 1)

is the total number of directed edges in a fully connected nletwithn n nodes™® Causal density
depends on a comprehensive set of test data because it istedlad@mg the actual activity of
the network, and it also has scaling problems since the multivagigtession models become
difficult to estimate accurately as the number of varialbheseases. However, these scaling
problems are substantially less serious than the factorial depmesleassociated with neural
complexity and .

There has also been a substantial amount of analysis of ah@macal, functional and
effective connectivity of biological networks, either using scannirgjentrode data, or based on
large-scale models of the brain. For example, Honey et al. (2007)rasster entropy to study
the relationship between anatomical and functional connections ogeaskeale model of the
macaque cortex, and demonstrated that the functional and anatomicaltictyref their model
coincided on long time scales. Other examples of this type of werlBivelli et al. (2004),
who used Granger causality to identify the functional relationsbgteeen recordings made

from different sites in two monkeys as they pressed a handdavieg the wait discrimination

18 See Sporns et al. (2004) for the difference betvesmtomical, functional and effective connectivity

!9 Granger causality has also been used by Seth @eich&n (2007) to identify causal cores within @énetwork.
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task, and Friston et al. (2003), who modelled the interactions betweeredifbrain areas and
made predictions about the coupling between them. There is alsmthdyMassimini et. al.
(2005) who measured the cortical effective connectivity during non-Blebp and waking. An

overview of this type of research can be found in Sporns et. al. (2004) and Sporns (2007).

7.4.8 Information Integration: Discussion and Futur e Work

The seed expansion method was found to be an effective way of speeding up thicrel@rid
offered a valuable way of controlling the analysis time bytingithe maximum subset size.
However, this method did have the problem that errors introduced by other approxsroatitth
lead to erroneous expansions of the subset, and it is also probaltteetbeder of expansion of
the connected neurons significantly altered the final complex. Futark in this area could
evaluate the effect of different expansion orders on the complexes found in the network

One possible improvement to this analysis would be to use a shudfljogithm to
randomly select different neurons from homogenous connections, in oidentidy complexes
with similar and connection patterns. For example, the high information integratithe of
main complex partly depends on connections to Vision Input that ardeseleem a large
uniform set, and a different selection of these connections could Baagtentify a different
complex with similar .

In this analysis, the main compromise between speed and acewaadiie limitation on
the number of calculations per bipartition, which had a big effechercalculation time (see
Figure 7.4 and Table A3.12 in Appendix 3), and a proportionally greater inopa&irger
networks. On most calculations this approximation would have maden#ie higher than it
actually was by reducing the number of bipartitions that vest@mined for the minimum
normalized effective information. However, in some circumstancasagproximation might

have artificially reduced the by changing the way in which the subset expanded.
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Although the equal bipartition approximation speeded up the analysideraidy, the
results in Figure 7.6 show that a significant number of other hipag had the minimum
normalised effective information. When this approximation was combiftbdthe seed method
it led to substantially different complexes, and so it was nat uséhe final analysis. In future
work it would be worth investigating the strengths and limitatmfnthis approximation in more
detail and it might be possible to use the structure of the netwodedide when the equal
bipartition approximation is most likely to be accurate.

The main limitation of this analysis was the extremely ltinge that was required to
calculate . One way of addressing this problem would be to use graphids frarthe matrix
calculations - for example, using the NVIDIA CUDA systéh#\lthough this analysis did run
partly in parallel by expanding the seeds from different eregroups on different computers,
the code could be rewritten to automatically distribute itselbssc an arbitrary number of
processors. This would enable it to run on supercomputers and addressfsbeenemory
limitations that were encountered with large neuron grétips.

Work is already in progress on the simulation of networks withliarbspiking neurons
(see Section 5.6) and on networks of this size even supercomputingwidwet be enough to
identify the complexes of the network. Future work should investigate otiethods of
estimating the effective connectivity of neural networks, sutseth et. al.’s (2006) causal
density measure, and it would also be worth investigating whetrean be estimated on the
basis of sub-samples of each bipartition.

A further limitation of Tononi and Sporns’ (2003) method is that itsseatially static
and ignores the fact that complexes in a real network might eharey time. In future work, it

would be much better to record the network as it interacts thveéhworld and use transfer

20 NVIDIA CUDA: http://www.nvidia.com/object/cuda_hcerhtm.

2 For example, the of Vision Input could not be calculated becausesiéd more than 2GB of RAM, which was
the maximum that could be installed on the computised for this analysis.
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entropy (Schreiber 2000) or a similar method to identify theceffe information that is
integrated across different bipartitions of each subset. It woshl lz2¢ worth analyzing the
system at a number of different levels - for example, using pamsabf neurons, ion channels
and memory addresses as well as neurons — to increase our undeystdnthe difference
between simulated and physical systems.

In the next three sections definitions based on Tononi’s, Aleksaraled Metzinger’'s
theories of consciousness are developed, which are used make qmediabout the

phenomenology of the network in Section 7.9.

7.5 Phenomenal Predictions based on Tononi’'s Inform ation
Integration Theory of Consciousness

Tononi (2004) makes an explicit connection between the consciousness stk snd its

capacity to integrate information: “consciousness corresponds taah&city to integrate

information. This capacity, corresponding to the quantity of conscioysisegven by the

value of a complex.” This link between and consciousness is independent of the material that

the system is made from, but there is not a simple proportiotadioreship between and

consciousness because only the main complex is capable of consciarsoedsg to Tononi’s

theory — parts of the system that are outside the main complex are completelsaimgs.

When complexes overlap it seems reasonable to follow Tononi (2004) andlloobte
consciousness to the one with the highe$t However, when complexes do not overlap and
exchange relatively little information, it seems more sensibbdtribute two consciousnesses to
the system, rather than saying rather arbitrarily thabtteewith slightly higher is conscious
and the other not conscious at all. To accommodate this type oivitheat including all of the

independent complexes of the system, this analysis will consfit@rganeuron to be conscious

2 The problems with this are discussed in Secti®m7.



[254]

according to Tononi’s theory if it is part of the main complexf dris part of an independent
complex whose value is at least 50% that of the main complex. The expléfihition is as

follows:

A mental state will be judged to be included in the phenomenally congeidus  (7.2)
of the system according to Tononi if it is part of the main complexitoisipart
of an independent complex whoseis 50% or more of the of the main

complex. Thamountof consciousness will be indicated by thef the complex.

The results from the information integration analysis showedHtlkeatain complex was
the only independent complex, and so Tononi’s theory predicts that theuédns in the main
complex will be the only parts of the network that are assatiaith conscious states. Tononi
(2004) claims that the amount or quantity of consciousness in theamnpart of the network

is given by the value of the main complex, which is 103.

7.6 Phenomenal Predictions based on Aleksander’'s Ax ioms

7.6.1 Is the System Synthetically Phenomenological?

In earlier work, Aleksander and Dunmall (2003) set out five aximnmaechanisms and claimed
that these are minimally necessary for consciousness (séenS26.3). Objects that did not
possess these mechanisms were not considered to be conscious according to thidvietiry

last few years Aleksander’s thinking has evolved and he now asigals the importance of

depiction over the other axioms, as illustrated in the following quotation:

Def 1: To besynthetically phenomenological a system S must contain machinery that represemas the
world and the system S withindeemlike, from the point of view of S. ...
Def 2: A depiction is a state in system S that represents, as aebued required by the purposes of S the

world, from a virtual point of view within S.
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Assertion 1: A depiction of Def. 2 is the mechanism that is ssegy to satisfy that a system be synthetically
phenomenological according to Def. 1.

Aleksander and Morton (2007a, p. 72)

This section will take a brief look at whether the neural netwdwlieloped in this thesis
conforms to all five of Aleksander’s axioms, but it will only consitlee network to be capable

of consciousness (or synthetically phenomenological) if it includes depiction.

1. Depiction

Although the network described in this paper does not have gaze locked cells, the meRezhs |
Sensorimotor and Blue Sensorimotor are connected to both Vision Input andlMegpation,
and respond to both visual data and the motor signals sent to contrgletheheéch contain
proprioceptive information. These observations are confirmed by theuraesnts of
representational mental states in Section 7.3, which showed that neuf®ed Sensorimotor
and Blue Sensorimotor share mutual information with Vision Input and Motor &ti@gr It also
appears to be consistent with the interpretation of depiction inthless that it could be
implemented as a population code in whichdbmbinedactivity of the motor and visual layers
represents the presence of an out there world. In this caseksuinef binding or integration

between the motor and visual layers would be all that was needed for depiction.

2. Imagination
The network has an offline mode in which it can ‘imagine’ the coressmps of different motor

actions without carrying them out.

3. Attention
This network’s ‘imagination’ is used to select the part of tlegldvthat is looked at by the

system.
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4. Volition
When Vision Input and Motor Output are inhibited, the ‘imagination’ cirdaeitides which part
of the world to look at and then executes the selected motor actied baghe response of its

‘emotion’ layer.

5. Emotion

The neural network has an ‘emotion’ layer, which responds in a hadiwiay to different
characteristics of the world with a high impact low informasamal that is characteristic of the
neuromodulatory aspect of emotion (Arbib and Fellous 2004). However, it coaldybed that
this ‘emotion’ layer does not directly represent the stat8lfNOS’s body, and so it is at best
something like the ‘as if' circuit discussed by Damasio (1995). Olingitations of the
‘emotional’ response are that it does not modulate the way in wlgahons and synapses
compute and it lacks the detail that we sense when our viscer&edethsmuscles are changed
by an emotional state, such as fear or love (Damasio 1995, p. 138 lirhiéations do not
completely exclude the possibility that the ‘emotional’ respongbeohetwork can be counted
as an emotion, and so it will be provisionally accepted as a venytige emotion that is much

simpler than our basic human emotions.

This discussion suggests that the neural network in this thesipable of depiction and
minimally conforms to Aleksander’s other axioms, and so it idylike possess a very simple
form of consciousness according to this theory. Since the networkutaged and operates very
differently from a real biological network on a much smaltals, the contents and qualitative
character of this consciousness will be very different from dbwsciousness of biological

creatures that have the axiomatic mechanféms.

% These differences are likely to be much greatan tthose identified by Nagel (1974) between humauh tzat
consciousness.
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7.6.2 What are Aleksander’s Predictions about Pheno  menal States at Time t ?

In this analysis, predictions about phenomenal states accordiigkander’s theory are based
on his link between depiction and consciousness. The depictive neurons afeddepntusing
the method set out in Section 7.3 to look for representational relapsrisétiween input/ output
neurons and internal states of the system. Under these experim@md#ions, high mutual
information between an input/ output and internal neuron indicates a sepregsentational
relationship, and so an internal neuron that shares a high leveltodlnmformation with both
visual and proprioceptive data is likely to be depictive. Since tlepineurons are defined by
the fact that they respond to both sensory and proprioceptive dataabeteof depiction will

be limited by whichever of these is smallest. This leads to the followirjtoef:**

A mental state will be judged to be within the phenomenally consciousf et (7.3)
system according to Aleksander if it shares mutual information with bagosy

and proprioceptive layers. Tr@mount of consciousness will be measured by the
minimum mutual information that is shared with sensory and proprioceptive
layers. So, for example, if the neuron has 0.4 mutual information with an
auditory input layer, 0.2 mutual information with a visual input layer and 1.0
mutual information with a proprioception layer, then its amount of consciousness

would be judged to be min{0.4, 0.2, 1.0} = 0.2, according to Aleksander’s theory.

Based on this definition, the only parts of the network that simateial information

with both visual input and proprioception/ motor output are Red SensorimudoBlae

24 It might be thought that the sensory and motorualtinformation values could be added or multipliegether to
get the amount of depiction. However, consider tveoirons: neuron A that has 1000 mutual informatidth
visual input and 0.1 mutual information with motmutput, and neuron B that has 10 mutual informatigtmn
visual input and 10 mutual information with motautput. A’s strong response to visual informationke® it
much more like a photographic representation, wdgenmeeuron B is much closer to the gaze-locked msuro
discovered by Galletti and Battaglini (1989) thaspond to a particular combination of sensory angahe
information, and are cited by Aleksander (2005ad&ey example of depictive neurons. In this examgdiglition
of the mutual information values gives 1000.1,reuron A and 20 for neuron B, which erroneouslygests that
neuron A is more depictive than neuron B. The pebad the mutual information values gives 100 feuron A
and 100 for neuron B, which is also an incorrecasoee of their relative levels of depiction. Instexample, the
minimum of the two values, which is 0.1 for neudand 10 for neuron B most accurately predicts Whieuron
is most depictive.
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Sensorimotor, and so activity in these parts of the network willobscious according to
Aleksander’s theory. For the phenomenal predictions in Section 7.9 the rmitwadation
values were normalized to the range 0-1, and so the maximum amouwnisofotisness is 1.
In the future, methods such as transfer entropy (Schreiber 2000, Spdrisiragarella,
2006), backtracing (Krichmar et. al. 2005) and Granger causalith ¢®et Edelman 2007)

could be used to identify the depictive parts of the network.

7.7 Phenomenal Predictions based on Metzinger’s
Constraints

7.7.1 Is Artificial Subjectivity Possible?

Although Metzinger (2003) believes that machines are capablengtiousness, he points out
that our current simulations and robotic models are too coarse toateplhe extremely fine

levels of detail of biological systems:

The subtlety of bodily and emotional selfhood, thelitative wealth and dynamic elegance of thenan
variety of having a conscious self, will not be itafsle to any machine for a long time. The reasothat the
microfunctional structure of our emotional self rebdimply is much too fine-grained, and possiblerev
mathematically intractable. ... Self-models emergenfrelementary forms of bioregulation, from complex
chemical and immunological loops—and this is sonmgtimachines don't possess.

Metzinger (2003, p. 619)

One way of developing machines with a fine-grained biologicatstre is to use biological
neurons to control a real or virtual robotic body, as was done in the afddeMarse et al.
(2001). Metzinger also points out that consciousnesggia@edphenomena and that there are
degrees of constraint satisfaction and phenomenality: “just &sawitmals and many primitive
organisms surrounding us on this planet, it is rather likely thae tvédr soon be artificial or

postbiotic systems possessing simple self-models and weakes ébroonscious experience in
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our environment.” (Metzinger 2000, p. 620). If consciousness is graded, themsys simple
as the neural network developed by this project may be capladteextremely limited form of

consciousness if they can satisfy Metzinger's minimal set of constraints.

7.7.2 Does the Network Conform to Metzinger’'s Constr  aints?

Although Metzinger describes his constraints on conscious experieaceuatber of different
levels, these descriptions remain at a fairly high level afadtson and in some cases it is quite
difficult to say whether the network developed by this thesisheatthem or not. This section is
a general discussion about the degree to which the network centortine constraints; a more
precise definition of what it would mean for the network to confeonMetzinger's minimal

definition of consciousness is given in the next section.

1. Global availability

The network can access information in different parts of ilsargdimaginary environment and
this information is available for the control of action, and so titeor& does possess a limited
form of global availability. Metzinger links global availabjlitvith Tononi’'s earlier work on

information integration, and so it might be possible to use measure this constraint.

2. Window of presence

Activity within the network does exist in a single now and thee ¢ertain amount of temporal
integration along the connections with different delays. The readsgr activity within
Emotion, Inhibition and Motor Cortex also stores a limited amount ofnmétion about earlier
states of the system. Taken together these observations stggebe window of presence of

the network is very thin, but not completely non-existent.
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3. Integration into a coherent global state

Global availability (constraint 1) is a functionalist-level dgst@n of global integration, which
Metzinger links to Tononi’s earlier work on information integratiohisTsuggests that could
be used to measure the degree to which the network integratesatiéor into a coherent global

state?®

4. Convolved holism
The visual processing of the neural network is too basidetatify wholes at different levels of
scale, and so it does not even minimally conform to this constmitttelfuture, more complex

processing could be added to the network to enable it to identify part-whole relationships

5. Dynamicity
The network can sustain the activation of a neuron group over time, las @& very limited
ability to integrate information between points in time and ihdt sensitive to the part-whole

structure of temporal information.

6. Perspectivalness

This constraint has a certain amount of overlap with Aleksandepiti® axiom and the
network’s integration between sensory and proprioceptive informatiaridsgive it some kind
of rudimentary sense of seeing the world from somewhere. 8iacsize of objects changes
with distance and the network only perceives part of the world yabae time, there is also

some sense to the idea that it has a perspective.

% Metzinger (2003) was published in the same yeaff@soni and Sporns (2003), and so it is unlikelgtth
Metzinger (2003) knew about Tononi’'s work on Metzinger's more recent work, such as Metzinget Windt
(2007) and Metzinger (2008), has focused on thengimenal self model and the phenomenal model of the
intentional relation.
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7. Transparency

Since the network lacks internal sensors there is some bakes ¢taim that it is as transparent

as a biological neural network, such as the brain. However, Metzitigfanguishes between
conscious and unconscious transparency and claims that almost notkimgms about the
neural basis of phenomenal transparency. This suggests that we haasom to believe that

the neural network igsstransparent than the human brain, but much more research needs to b

done on transparency.

8. Offline activation
This constraint is similar to Aleksander’s second axiom of inagpn and the system is capable
of inhibiting its sensory input and motor output whilst it ‘imagires’eye movement that would

look at a red or blue object.

9. Representation of intensities
Information in the network is held as neurons that spike at diffeages, and so this constraint

is implemented by the system.

10. “Ultrasmoothness”: the homogeneity of simple content.

Although individual neurons represent individual areas of colour, there igpresentation
within the system of the gaps between neurons, and so the network @ecess the graininess
of the neurons’ spatial firing patterns that is visible to uswuiside observers. The network is
also unable to represent the graininess of its temporal repitesesitaand so it is probably

reasonable to claim that its mental states are ultrasmooth.

11. Adaptivity
This network did not come about through natural selection, and so indbesnform to this

constraint.
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7.7.3 What are Metzinger’s Predictions about Phenom enal States at Time t ?

The discussion in the previous section demonstrated that the netwikdyigo conform to a
number of Metzinger’s constraints, including a coherent global modehbty (constraint 3, a
window of presencecfnstraint 2 and transparencyc@nstraint j, which are sufficient for
Metzinger’'s minimal notion of consciousness. In this analysis, theeddo which a mental state
is involved in a coherent global model of reality will be indicated by tivalue of the highest
complex that it is involved in. Since recurrency is a key wawhich information can be
integrated over time, a window of presence will be attributed toonsuwhose highest
complex includes a recurrent part of the system. Transpatkeiticye left out of this analysis
because it cannot be directly identified, and it has been argued that we do not haasamyor
believing that the network is less transparent than the human Btee final definition is as

follows:

A mental state will be judged to be minimally conscious according to Metzinger i(7.4)
the highest complex that it is involved in includes one or more recurrent

layers. Theamountof consciousness will be indicated by thef this complex.

According to this definition, the conscious parts of the network ballthe complexes that
include Motor Cortex, Emotion and Inhibition. The amount of consciousnesbevilhe of

these complexes.

7.8 Other Phenomenal Predictions

For the reasons discussed in Section 2.6.1, only three theories of camsssoare being used to
make predictions about the consciousness of the network in this thesievé#pwo provide

more context for this work | will make brief remarks about sather theories that make fairly
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explicit predictions about the consciousness of the network. None efphedictions were used

to generate the final XML description in Section 7.9.

Pantheism

Pantheists, such as Spinoza (1992), believe that all matter iSorensz some degree, and so
the physical computer running the simulation is conscious even wileswtitched off. From
this perspective, the task of synthetic phenomenology is to deterthemeamount of
consciousness in the system and the qualitative charactes obtisciousness at different points
in time. Pantheism is a type | theory because the behaviole dystem does not affect the

attribution of consciousness to it.

Information states

Chalmers (1996, p. 292) claims that conscious experiences areti@asizd information states,
and so systems as simple as thermostats are conscious keegusentain information. Since
the neural network contains a large number of information states, it is consciowbragto this
hypothesis. This link between consciousness and information statetype | theory because
every object in the universe interacts to some degree and Stdoemation’ about the particles

and forces affecting it.

Non-biological systems cannot be conscious

A number of people would argue that the neural network developeddprtiject can never
become conscious because it is a simulated artificial sytsarle 2002) or because the
calculations that are used to simulate it are all algoritf{fPénrose 1990, 1995). These theories

are discussed in detail in Section 3.4.
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Internal models

Holland (2007) claims that internal models play an important role incomscious cognitive
states and may be a cause or correlate of consciousness insh{s@a Section 3.5.2). In this
network, the activity in Motor Cortex, Motor Integration, Eye Pan, Ejtand Motor Output
accurately reflects the position of SIMNOS’s eye ‘musclart this could be interpreted as an
internal model in an extremely limited sense. This internal madetiould be made more
realistic by making the activity in Emotion reflect the mtd states of SIMNOS’s body, which

would also link the network more closely to Damasio’s (1995) work.

7.9 XML Description of the Phenomenology of the Net  work

7.9.1 Introduction

This section explains how the data about representational mesitiad sind complexes was
integrated with definitions 7.2 - 7.4 to generate a sequence of XM& fhat predicts the
phenomenology of the network at each time step. The first pattisoprocedure were two
recordings of the network, which are documented in Section 7.9.2. Theeautiginsexplains
how the XML files were generated, and then sections 7.9.4 — 7.9.6 examinedlatigums that
were made about the consciousness of the network using Tononi's, Aleksaadd
Metzinger's theories of consciousness. After discussing whae tresilts show about the
relationship between consciousness and action, some extensions and eehena#nthe
consciousness of the network are suggested in Section 7.9.8, and thes awalgkides with a

discussion and suggestions for future work.

7.9.2 Analysis Data

The main data for this analysis was recorded as the neurabrketvoved SIMNOS'’s eye and

used its ‘imagination’ to avoid looking at the blue cube, as desciib&kction 5.5.1. The
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recording starts at time step 13100 with the network in its onlireepgon mode and an empty
visual field. At time step 13138 a red object starts to appedueinop left corner of the visual
field and this moves in and out of view until time step 13503, when aobjeet appears in the
bottom left corner of the visual field. This leads to the adgtmabf Inhibition after time step
13520 and the system switches into its offline ‘imagination’ modetim¢ step 13745 the
system ‘imagines’ a blue blob in the left half of its visueldf and eventually it ‘imagines’ a red
object at time step 13945, which activates Emotion and returns tleensisonline perception.
Finally at time step 13966 the network starts to perceive abjedt in the top left corner of its
visual field. This recording of data from time steps 13100 to 14004 beailreferred to as
“Analysis Run 1”, and a video of Analysis Run 1 is included in the supporting materials.
The average number of times that each neuron fired during AnRlysid was recorded
and the results were normalized to the range 0-1 and used to tduk&aactivity of the network
in Figure 7.8. This shows that Inhibition was the most active patteohétwork, followed by

Emotion. Traces of motor and visual activity can also be seen in Figure 7.8.
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Figure 7.8 Normalized average firing frequency of neuronsrdpAnalysis Run 1
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A recording was also made in which the neuron groups were discathrfemte each
other and themselves and 5% noise was injected into eachatagach time step for 100 time
steps. The normalized average firing frequency of each neuron e@soudlustrate the activity
of the network in Figure 7.9, which shows that there was a reasoenadatyspread of activity

across the layers. This noise recording will be referred to as “Noise Run 1”.
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Figure 7.9 Normalized average firing frequency of neuronsrduNoise Run 1

The data from Analysis Run 1 can be used to predica¢heal consciousness that was
experienced by the network as it interacted with the world. Hewen this recording only a
small part of the network was active, and so it does not tell us #imabnsciousness that might
be predicted to be associated with the other parts of the networkeGrthier hand, the noise
data has an even spread of activity that includes all of the neuronswast recorded with the
layers disconnected from themselves and each other, and so dtlietipns about the
consciousness of the network during Noise Run 1 are msdethe noise patterns had been
present when the network was fully connected. In other words, the ntésprdeides a useful

way of understanding th@otentialfor consciousness of the different parts of the network.
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7.9.3 Generation of the XML Description

To generate the XML files, the recordings of the network’sviéigtivere combined with the
OMC rating, representational mental states, complexes, clusterglefinitions to produce a
sequence of XML files describing the phenomenology of the systepach time step. As
discussed in Section 7.3.1, firing neurons are being treated as statealfor this analysis and

the predictions about the consciousness associated with each ntatgalar® given by
definitions 7.2 — 7.4. It was decided not to normalize the predictions basednomi's and
Metzinger’'s theories of consciousness, both becaus®es not have a maximum value and
because Tononi interpretsas an absolute measure of a system’s consciousness. The predictior
based on Aleksander's theory were normalized to the range O-diviing the mutual
information by the maximum possible mutual information of G%72.

In addition to the representational mental states identifiedatiosis 7.3.4 and 7.3.5, the
neurons in the input and output layers were also treated as repiiesahtaental states in the
final XML description and assigned a mutual information value w@f reflect the fact that they
shared the maximum amount of mutual information with themselves. Tier otutual
information values for the representational mental states n@malized by the maximum
possible mutual information. In the integration part of the desonptieurons that were not
included in any complex were assigned galue of zero.

In order to compare the different theories’ predictions about theibdisbn of
consciousness associated with the network, the amount of predictedouensss per neuron
was averaged over Analysis Run 1 and Noise Run 1, normalized tanipe 0-1 and used to
highlight the network in figures 7.10 - 7.15. | have only shown rilative distribution of

consciousness in the network because the assignment of absolute tmalyesdicted

% See Section 7.3.2 for the calculation of this galm practice the normalized values occasionatlysd over 1.0
due to noise in the data.
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consciousness is largely meaningless without some forralifration on humans — a problem

that is discussed in Section 7.9.9.

7.9.4 Predictions about the Consciousness of the Ne  twork According to
Tononi's Theory

Tononi’s theory predicts that the main complex is the only consciat®ia system and that
the amount of consciousness in the main complex can be measurel byalue. In this
network the main complex has aof 103 and it includes all of the neurons highlighted in Figure
7.7. The predicted consciousness of the network at each point in tineeafote the intersection
of the neuron activity with the main complex. In Noise Run 1 thefairly uniform activity
across the network, and so the distribution of consciousness for Noisk iR@m extract from

the average activity shown in Figure 7.9 that is shaped like the main complexg{see710).
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Figure 7.1Q Predicted distribution of consciousness duringsBl&un 1 according to Tononi’s theory

The more specific neuron activity during Analysis Run 1 did ndudecany of the main
complex neurons outside of Emotion and Inhibition, and so the predicted distrilnft

consciousness in Figure 7.11 only includes neurons from Emotion and Inhibitibntheit
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pattern closely matching the average firing frequencies showigume=7.8. The network would

not have been consciowd anything during Analysis Run 1 because none of the conscious

mental states were representatidial.
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Figure 7.11 Predicted distribution of consciousness duringlgsis Run 1 according to Tononi’s theory

These results highlight a major problem with a simplistic linkvieen the main complex
and consciousness. This network has a number of overlapping complexespritiraately the
same value of and it seems somewhat arbitrary to interpret just one of #ethe main
complex, when it is also conceivable that several overlapping eaewlcould be part of the
same consciousness. In such a consciousness, there would be stromagiantégtween the
neurons in Inhibition and Vision Input, but low integration between the drfteneurons in
Vision Input. This appears to reflect our own phenomenology sireeseem to be most
conscious of our intentional relationship with the world and much less ioaasof the
relationships that different parts of the world have to each otherw@pén which overlapping

complexes could be combined would be to look at the rate of changebefween adjacent

2" Tononi's (2004) suggestion that the qualitativarelster of mental states is determined by theirinétional
relationships might lead to different predictiotat what the network was conscious of during AsialyrRun 1.
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overlapping complexes: a high rate of change afould be used indicate a boundary between

the conscious and unconscious parts of the system.

7.9.5 Predictions about the Consciousness of the Ne  twork According to
Aleksander’s Theory

Aleksander’'s emphasis on depiction led to a prediction about phenomeesltbtd was based
on the minimum amount of mutual information shared with both sensory iapdt
proprioception/ motor output. In this network only Red Sensorimotor and Bensorimotor
share mutual information with both Vision Input and Motor Integration, anthese were the
only layers that were capable of consciousness according to Atet&atheory. Whilst there
are homogenous connections between Vision Input and Red/ Blue Sensgrthetonnections
between Motor Integration and Red/ Blue Sensorimotor reflect #atlassociations between
motor output and visual input, which are stronger whenever motor output eatigiseésulted in
red or blue visual input. This variation in connection strength afféetsriutual information
between Motor Integration and Red/ Blue Sensorimotor, producing a patténe predicted

distribution of consciousness for Noise Run 1, which is shown in Figure 7.12.
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Figure 7.12 Predicted distribution of consciousness duringsBl&®un 1 according to Aleksander’s theory
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The predicted distribution of consciousness for Analysis Run 1 refieetdact that
visual activity was concentrated in the top left corner of gaevisual field with the occasional
‘imagined’ blue image (see Figure 7.13). According to Aleksandifimition of depiction, the
red and blue data that is represented by these conscious ntatesl would have been

experienced by the system as part of an out there world.
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Figure 7.13 Predicted distribution of consciousness duringlgsis Run 1 according to Aleksander’s theory

x

7.9.6 Predictions about the Consciousness of the Ne  twork According to
Metzinger’'s Theory

Predictions about consciousness based on Metzinger's theory ugetbmation of spatial and
temporal integration, with the former measured usirand the latter marked by the presence of
a recurrent neuron group in the highestomplex. It turned out that almost all of the neurons’
highest complexes included one of the three recurrent layers (Motor Cdftextion and
Inhibition), and so almost all of the network was predicted to lenmaily conscious according
to Metzinger. This is shown in the predicted distribution of conscioudioes§oise Run 1
(Figure 7.14) and Analysis Run 1 (Figure 7.15), which closely midweldistribution of firing

frequencies depicted in Figure 7.9 and Figure 7.8.
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Figure 7.14 Predicted distribution of consciousness duringsBl&un 1 according to Metzinger’s theory

Figure 7.15 Predicted distribution of consciousness duringlgsis Run 1 according to Metzinger’s theory

During Analysis Run 1 the network would have been conscious of all tive acsual
and proprioception/ motor output information. This prediction of uniform poteritial
consciousness throughout the network is likely to change if more of Metziegesgaints were

taken into account. For example, if the mental states associdte@¢omsciousness had to be
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capable of offline activation (constraint 8), then the neurons in Visipat and Motor Output

would no longer be predicted to be associated with consciousness.

7.9.7 Predictions about Conscious and Unconscious A ction

This section looks at how the predictions made about the consciousniemetwork stand in
relation to the discussion of consciousness and action in Section 2.8cAsséid in Section 5.7,
the absence of a reactive layer in the network makesapaide of conscious will, and this
discussion focuses on whether it is capable of discrete consciotr®lcaccording to the

different theories of consciousness.

Tononi

The main complex includes only a small number of neurons from Vigpat, Blue
Sensorimotor, Motor Integration, Eye Pan, Eye Tilt and Motor Output, draf giese were
predicted to be unconscious during Analysis Run 1. However, under very spenditions it is
possible that these sensory and motor parts of the main complex lmxddhe active and
‘imagine’ an action prior to carrying it out, but this is unlikety happen during normal
operation, and most of the time it will be the unconscious partiseohetwork that decide an

action, initiate it and unconsciously carry it out.

Aleksander

Aleksander’s theory predicts that there will not be any cons@otigity in Vision Input, Motor
Integration, Eye Pan, Eye Tilt, Motor Output, Inhibition or Emotion duringlysma Run 1.
Whilst the network might be experiencing red and blue in an ow therld, the conscious parts
do not have any way of differentiating between real and imagised! input, and so the system
cannot tell whether it is deciding to perform an action or agtwalirying it out. If the network

cannot consciously differentiate between planning and execution, tkannot be said to be
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making a conscious decision - it may be conscious of parts of theiqaprocess, but it is not
conscioughatit is planning and it is unable to remember whether it is ptenar executing an
action. So this interpretation of Aleksander’'s theory predicts tti@tnetwork unconsciously

chooses an action, unconsciously initiates it and then consciously carries it out.

Metzinger

According to this interpretation of Metzinger’'s theory, the netwsrkonscious of its planned
motor actions and their ‘imagined’ sensory consequences, and wheniamisaathosen and

initiated, the system becomes conscious of the actual sensory cortssquEhis suggests that
the network is capable of discrete conscious control, in which it aaredgiplans actions that

are initiated immediately and consciously carried out.

7.9.8 Extensions and Enhancements to the Predicted Consciousness of the
Network

These predictions about the consciousness of the network suggest a abimégs in which it

could be extended or enhanced.

Tononi

Before any thought can be given to extending the consciousneswablapredicted to be

associated with the network according to Tononi’s theory, it isméaké get a more plausible
picture of its consciousness by improving the way that conscicsnanalyzed to take account
of overlapping complexes in a more flexible way (see Section 7.9.4¢ @ischas been done, it
might be possible to design a network in which the main complexrtagle representational
mental states for conscious decision making. The network’'s conscisusoakl also be

increased by evolving connection patterns that give the main complex a highesfvalue
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Aleksander

The mutual information between Vision Input and Red/ Blue Sensorimatmiot be increased
because it is already at its theoretical maximum, butghtrbe possible to increase the mutual
information between Motor Integration and Red/ Blue Sensorimotdinbytuning the training.
The main direction of improvement for this network would be to extendrange of
consciousness by making more parts depictive. For example, Enasttbrinhibition could
become depictive if they were connected to proprioceptive data amndainsensory data from
virtual organs in SIMNOS’s body. Red/ Blue Sensorimotor could thengehtire state of the
virtual organs, and when the system sensed this change it would beocoswous of the
difference between ‘positive’ and ‘negative’ body states.

However, consciousness of ‘positive’ and ‘negative’ states would nehdegh for the
network to differentiate between imagination and online perceptionveuld be conscious of
seeing red and feeling good or conscious of seeing blue and feddinigubd would not know if
it was imagining or perceiving the red or blue stimitilDne solution to this problem would be to
use a remembered context or image intensity to indicate whether theketwnagining or not,
and in Aleksander’s kernel architecture (see Section 3.5.1), ttim@menodule in the awareness

area could perform this function by remembering which state is the rddl wor

Metzinger
The entire network was predicted to be minimally conscious acgptdi Metzinger’'s theory,
and so it would not be possible to extend this predicted consciousnessjudliative

characteristics of the consciousness in the network could beygreatioved by extending the

2 This problem is closely related to Metzinger'satiission of the world zero hypothesis: “one of bedtld-models
has to be defined as thetualone for the system. One of both simulations hdseteepresented as theal world,
in a way that is functionally nontranscendabletfer system itself. One of both models has to bedonexed as
thereference modehy being internally defined as real, that isgagnand not as constructed.” (Metzinger 2003,
p. 61).
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visual processing, adding other senses, such as touch and audition, anthqtieasomplexity

of the actions.

7.9.9 Phenomenal Predictions: Discussion and Future Work

The XML format that was used in these experiments is intermé@ ta simple example that
illustrates the main ideas and a great deal more work is né@dewh this starting point into a
usable method. As this approach develops there are likely todvgearlumber of changes and
ambiguities, and although this might initially appear to be akwesses of the method, it is
actually a strength because it indicates that synthetic phe&dogy has the potential to become
a paradigmatic science that can move forward by asking queahdn®solving ambiguities. At
the moment synthetic phenomenology is so unclear that evenktsflatarity is unclear to it,
and this XML-based approach will enable synthetic phenomenology tanalsknswer precise
guestions and move forward in a sustainable manner. As has been sliftavant theories
generate different predictions about the phenomenal states ofeansgsd as brain scanning
improves and robots become able to report their conscious states|l e ®lole to test these
predictions and eliminate inaccurate theories.

This analysis presented the final results as the normalizedhgavedistribution of
consciousness in the network during Noise Run 1 and Analysis Run 1. Wisilslid provide
useful predictions about the consciousness of the network and suggestienisaincing it, it did
not address the question about howchconsciousness was present. Ideally, this analysis would
have stated that this network exhibited 5% of the consciousneks avérage waking human
brain, for example, but withowtlibration of the measurement scales it is impossible to say how
much consciousness was associated with the system. Although Tononi (20@4)tbat is an
absolute measure of the amount of consciousness, he has made no atéanpis Aam aware,

to calculate or measure the of the main complex in an average waking human brain, and
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without this reference point, the values quoted in this analysis are without absolute meaning.
The values of mutual information that were used to measure depictiayaally problematic
because we have no idea about how much mutual information is neededleé@mental state
depictive.

In order to address this problem urgent work is needed to measestnoate the and
mutual information of a waking human brain, in order to have some waprparing the
measurements of other systems with a system that caeaittb begin with) be taken as a
reference standard of consciousness. Without such a ‘platinum barmipossible to measure
the amount of consciousness in a system using numerical methods. A fitsirstegs obtaining
these figures would be to measurend mutual information on more realistic simulations, such
as the networks created by the Blue Brain project (Mark@@6). This would give some idea
about the and mutual information values that might be found in a real biologysiém and
help us to understand what level of consciousness might be asdogith the value of 103
that was found in this network. Better ways of quantifying the amofunbnsciousness in the
system will also go some way towards addressing the “sntalbries” argument put forward by
Herzog et al. (2007), which suggests that many influential theorie®refciousness can be
implemented by very small networks of less than ten neurons, whioclowtel unwilling to
attribute much consciousness to.

In the future it might make sense to multiply the predicted lesfet®nsciousness by the
OMC rating to compensate for the type | differences betwaeh gystem and the human brain.
However, in this analysis it would have been pointless to multigyuticalibrated predictions
by a constant factor that would not have appeared in the relatividwtisns plotted in figures
7.10 - 7.15. Once calibration has been done oand on the use of mutual information to

measure depiction, it will be possible to use the OMC scalengensate for the differences
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between the system and the human brain, and say how much consciahenesfwork
experienced during Analysis Run 1.

The sequence of XML files is a reasonably accurate ghieeri of the predicted
phenomenology of the network that makes minimal assumptions about the oéattine
phenomenal states. However, large XML files are almost impessillead and digest and it is
difficult to understand how the predicted consciousness of the systemgeshaver time A
logical extension of this work would be to investigate ways ofgmtasg the content of these
XML files in a more intuitive manner. If the system weageriencing a red spot in the left hand
corner of its visual field, then it would be much easier to usealireality, for example, to show
this to a human observer, instead of asking him or her to read andésttription. Such a
‘debugger’ for conscious states would also have applications in neurophenomenology.

Another direction of future work would be to move towards a common XML standard for
neuro- and synthetic phenomenology that would facilitate collaboratiorebetpeople working
on machine consciousness and people from neuroscience and experpsgaialogy. This
would enable phenomenal prediction methods that were developed in thgidaibkciences to
be tested on artificial systems, and the methodology developegrftireic phenomenology
could be applied to fMRI data and used to make predictions about the cones®us live
human subjects.

Finally, in future work it would be worth making predictions about thescmusness of
the network using other theories. For example, it would be partiguhderesting to use some of

the neural correlates of consciousness, such as neural synchronization (Crick 1994).

7.10 Conclusions

This chapter has demonstrated how the approach to synthetic phenmygedeVeloped in

Chapter 4 can be used to make predictions about the consciousness tficial aeural
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network. This analysis led to a number of suggestions about how the kistammsciousness
could be extended and enhanced and it showed how different theories obusmsss make
different predictions about the relationship between consciousnesstenmd &his work is at an
extremely early stage and a great deal of research dedde improve the accuracy of our
predictions about phenomenal states. It is hoped that this will iatgniead to a more
systematic science of consciousness that includes both naturaftifioghlasystems within a

single conceptual and experimental framework



