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Abstract

The author proposes that artificial cognition, ggpased to rule-based artificial
intelligence, should emulate human cognition. A horike artificial cognitive
system should be able to duplicate cognitive preeedike inner imagery, inner
speech, sensations, etc., perhaps even conscisustmsever, this kind of machine
would not necessarily be a model for the humambiastead it would be a creation
in its own right and could be tailored to suit aitpractical applications as needed.

As a starting point cognitive functions and proessare reviewed and discussed. The
important issues relate to information acquisititme representation of information
and the grounding of the meanings for these reptasens, learning and memory
and finally, the actual information processing aespbonse generation. The following
elements are identified: Distributed signal repmégon with meaning and
significance, perception process, attention, aasiwei learning and recall,
match/mismatch/novelty detection, pain/pleasure rawarding and motivating
functions, processing by inner representationsfabelty of introspection.

A novel non-numeric associative neuron, suitabtedfstributed signal representation
and associative learning is proposed as the basicegsing unit. This neuron
preserves the point-of-origin meaning of the signahd thus allows consistent
internal representations and the build-up of imienected modular cognitive neural
network architectures.

A cognitive neural system that processes inforrmakip inner representations; inner
imagery and inner words is presented. These iregesentations have meanings that
are grounded to sensory information and to syrdalctirder. This system is based on
the above associative neurons and consists of abewrof parallel reentrant
perception/response loop modules that are assgttrossconnected. The system
supports the following cognitive processes: peioept attention, learning and
memory, control by match/mismatch/novelty detectiand pleasure/displeasure
functions. The system has several features that cmmmonly attributed to
consciousness: It perceives; it has inner imagedyianer speech; it is introspective,
the inner representations are perceived by theemsystia reentry to perception
process; there is distinction between the extermalbked and internally evoked inner
representations; there is cross-module reportabihie activity of one module can be
reported by one or all the other modules in themderms; there is attention and
short-term memory.

The operation of the neuron and the cognitive syste verified by computer
simulations incorporating visual and linguistic rabtiles.
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Block diagram representation of one neuron
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Introduction

Everybody knows how to think, but what is thinkiagtually? What is behind the
human mind and cognition? Human mind seems to tpe&rith inner imagery, inner
speech and sensations, with the understanding afimg and significance. Can these
be reduced to universal principles or even mecladcmmputations and if so, could a
thinking machine be build? Could a machine possessnd of its own, could it be
conscious? The fundamental questions about mirgoreand thought have always
intrigued the great thinkers of mankind.

The ancient Greek philosophers like Aristotle, ®land Zeno and later day
philosophers like Descartes and Leibniz studiedsalf rational thought and that line
of research eventually led to the development afoua forms of modern logic,
especially the Boolean logic that has proven inehs@able for present day computers
(Devlin 1997).

Descartes assumed that understanding consistedorafiny and manipulating
representations; cognition could be achieved byipodation of symbols by formal
rules and reasoning could be reduced to syntapcations (Dreyfus and Dreyfus
1988). The basic idea evolved that thinking is raecbmputation performed by the
language with fixed rules and one only needs td 6at them. This can be done by
stripping away all meaning from the thought senésnand what remains should be
the rule patterns. Thereafter valid thoughts cinddyenerated by applying these rules
to the appropriate symbols, words.

Symbols may be set to represent what ever we \esim to represent. Computers can
manipulate symbols according to given rules anccareattach the meanings to these
symbols. Therefore the artificial intelligence (Adjoneers in the fifties thought they
had it done. The rules of reason could be prograinm® a computer, suitable
symbols could be fed in, and presto, the thinkirgchine was there. The study of
logic and linguistics was supposed to provide thes:. In 1958 Nobel laureate and Al
pioneer Herbert Simon said: " ...there are nowhm world machines that think that
learn and create.... in visible future the rangegmblems they can handle will be
coextensive with the range to which the human rhiasl been applied” (Devlin 1997
pp. 143 - 184).

Why did it not turn out to be so? Why experimenithvwarge context-free knowledge
bases failed? Why anything comparable to the vietgadf human cognition was
never achieved? Keith Devlin proposes two mainaeagDevlin 1997). There is a
logic wall. Human thinking is not logical by fartrist logical reasoning does not
really apply to most of thoughts, neither percaptior creativity. There is a linguistic
wall. Grammatical rules do not really apply to spokanguage. Words and syntax do
not convey the full meaning. Language is only apenfect description of thoughts
and meanings. Thinking is something more than taydown words according to
formal rules. Understanding is more than relatimg et of symbols to another
(Johnson-Laird 1993 p. 334). This is all againgbathmic preprogrammed thinking
machines and the linguistic view of cognition. Tartesian view of mental
computation as syntactic symbol manipulation oslfaulted.
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The logical rule based principles of programmingttihave made computers so
powerful are actually preventing them from attagnimuman-like cognitive powers,
preventing them from becoming true thinking machinkhe stripping of the meaning
and significance from the information reveals thattgrn and thereafter the
application of logic, the same is the same, orapplication of mathematics, equals
are equals, may lead to formally accurate but gselesults because the very
information is removed that would be needed fortthe cognitive evaluation of each
situation. One manifestation of this intrinsic iegdacy of the classical Al approach
is the problem known as the combinatorial explosidhe explosive growth of the
number of possible ways of inference or the grogimhinformation entities as the
knowledge base increases. What is to be connecteere® Which piece of
information is relevant to the present situationfaiVis urgent? As the knowledge
base grows the preprogrammed rules of inferenceé terbecome conflicting, yet
some acutely needed rules may still be missing ewehtually -the system is
overwhelmed. (Omar 1994, Lenat 1995, Churchlanti9®3, p. 111). Various ways
to divide the knowledge into frames or microthesneere developed especially by
Minsky and Papert in order to solve this problerhroureal breakthrough was found.
Without any actual sense of meaning and signifieahcs hard to do no matter how
the knowledge is grouped.

The failure of classical Al or the Good Old FasldrArtificial Intelligence (GOFAI)
can also be attributed to the difficulty or impleoilty of foreseeing and
preprogramming each and every relevant rule ofrémee. Self-learning networks,
more or less modeled after biological neurons amagses have been forwarded as a
solution as with these no apriori rules are needéese artificial neural networks,
also known as the connectionist approach, adjeshskelves to large sets of incoming
data and produce output according to implicit rdgistically so adopted. However,
usually these rules cannot be easily recoveredrasulas and the actual workings of
a neural network may remain obscure to a humamafise

Traditionally neural computing has been appliedttactly defined problems such as
pattern recognition, classification, categorizatidanction approximation, signal

prediction etc. (Jain et al 1996). More often timat neural computing is nowadays
performed by a conventional computer so that theedpadvantage of the inherent
parallelism is lost and the actual process is reduo a calculation style. Lately
however bold attempts have been made to propoge feural networks, capable to
human-like cognition (Trehub 1991, Valiant 1994)daaven to consciousness
(Aleksander 1992, 1993, 1996). It is now generatigjectured by many well-known

scientists that human-like cognitive power can évalty be achieved through neural
networks (Johnson-Laird 1988, Churchland P, Sejkows 1992, Deutsch 1993,

Crick 1994, Churchland Paul M. 1996).

Is the quest for machine cognition now solved wiltie application of neural
networks? Igor Aleksander foresees that we areedlost (Aleksander 1996, pp. 300
-302), but the fact remains no real or simulatedralenetwork system published so
far has been able to produce even a single truegtiiosentence connected to
perception process and response generation, notetdion a real flow of inner
speech and imagery. Neural networks may escapertidem of preprogramming
but they still are susceptible to the same defasilthe classical Al -the omission of
meaning and significance. This is due to the fhat typical neural networks do not
utilize explicit symbolic representations, the sitgn undergo multiple weighted
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summings and therefore it is difficult to attacmsistent meanings to them. This also
makes it difficult to envision large modular neunagitwork systems, the ones that are
able to perform several cognitive tasks simultasgua necessity for a true cognitive

system.

Why meaning and significance have been overlooRéw?success of computing has
led to the often implicit assumption that the pssieg system itself does not ever
have to understand the meanings of the procesgm@sentations nor do these
representations need to have any significancedasystem. However, this is not the
case when human-like cognition is pursued. Thelpmkof understanding has been
discussed e.g. by John Searle with his "ChinesarRdbought experiment (Searle
1980, 1984, 1997) and Paul M. Churchland as natlaraguage understanding
(Churchland P. M. 1993, pp. 117 - 119). Does aesystinderstand Chinese if it is
able to produce correct responses to Chinese smstdry fixed rules or syntax only?
Searle argues that syntax is not sufficient to wstdading: “1. Programs are entirely
syntactical, 2. Minds have semantics, 3. Syntaxds the same as, nor by itself
sufficient for semantics. Therefore programs aremmds” (Searle 1997, pp. 11 —
12). As pointed out earlier, it is easy to find exdes to which the “Chinese Room”
or any such system would not be able to producecbresponses by syntax only.

The discussion about the need for understandinigimking machines has been often
muddled due to the fact that the meaning for "ustd@ding” has been vague. If
"understanding” is taken to involve the evocatidnmebevant meaning (out of many
possible) and significance then the lack of “unterding” leads directly to the

previously mentioned problem of combinatorial exuo.

In a system there can be no understanding with@anmg and significance. There
can be no true cognition without understanding bseacognition is a process
involving understanding.

What kind of system could be used to approach huowgnition? A rule-based
program or a neural network? The virtues and drakdaf both approaches that
have been sketched above have been studied eMatwn Minsky (Minsky 1990)
and his conclusion is that systems should develdipgidcombine the expressiveness
and procedural versatility of symbolic systems with fuzziness and adaptiveness of
connectionist representations.

What about inner imagery, inner speech and sems&tidhese aspects are usually
neglected by Al scientists. Nevertheless, coultkipossible that these are needed for
understanding and the very consciousness of thiesiehuman-like cognition cannot
be achieved without these?

Considering the above the author proposes anotpproach towards artificial
human-like cognition, towards thinking machinesg dhat rejects preprogrammed
rules and algorithms and instead utilizes innergemng, inner speech and sensations
with meaning and significance. This approach dalishe assessment of the human
cognitive processes as identified by cognitive psymgy and neurology and their
implementation in such artificial neural networket support inner imagery, inner
speech and the like and without preprogrammed edgorithms. For this purpose
a novel non-numeric associative neuron is devel@medan artificial cognitive neural
system based on the novel neuron and a reentrathilar@rchitecture is designed.
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Original Contributions

1.) A novel non-numeric associative neuron with ghahismatch/novelty signal
generation has been developed by the author (Hark@897a, 1999a; Finnish patent
no. 103304). This neuron preserves the point-afiormeaning of signals and thus
allows consistent internal representations andthiel-up of interconnected modular
cognitive neural network architectures. This neui@ further development of the
author’s earlier versions of associative neurorabhen 1994a, 1994Db).

2.) An artificial cognitive neural system based the novel neuron and a reentrant
modular architecture has been developed by theaurfhis neural system is believed
to be novel because it is based on the novel agsaxineuron, a novel neural net
structure (Haikonen 1999b; Finnish patent no. 1633Md utilizes such a modular
associatively crossconnected perception/responsatramt loop structure with
match/mismatch detection that to the author’s keetvledge has not been presented
in the literature. This artificial cognitive neusjstem processes information by inner
representations; inner imagery and inner speechni@ee processes like perception,
attention, learning and elements of rudimental deédn are also modeled and
supported. This system architecture is a furtheeld@ment of earlier architectures
by the author (Haikonen 1998a, 1998Db).

3.) A PC-based simulation system has been devisddoeogrammed by the author
for the simulation of the cognitive neural systeiithvtext and image modalities. The
author has simulated various cognitive process#stivis system.

Outline of the Thesis
This thesis consists of three parts.

In part I, “Cognition, Meaning and Consciousngsgognitive background is
presented. Part | includes a brief overview to dbgnfunctions and processes like
perception, attention, learning, memory, deductigtanning and motivation.
Distributed signal representation, meaning and ifsogmce are discussed.
Consciousness is closely related to human cogniti@nefore it has its own chapter.

In part I, “On Electronic Implementatidonthe associative neuron is introduced with
circuit level simulations. Basic associative neurgperations are described. The
modular cognitive neural network architecture issanted.

In part 1ll, “Simulations and Conclusichshe simulation system for the modular
cognitive neural network architecture is describad simulation results are reported.
Conclusions are drawn.
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Il SIMULATIONS AND CONCLUSIONS
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9. Simulation System
9.1. Simulation System Overview
The artificial cognitive system is simulated withsgstem consisting of a computer

program and a digital camera. This simulation systedesigned to demonstrate and
verify system’s cognitive processes.

test pictures ﬁ : :" 266 MHz
B gLt Pentium
camera : % {' laptop
] E = ——
laser pointer
mouse

Fig. 9.1.1. The simulation system

The simulation system hardware consists of a 26& NREntium Il laptop computer
(Dell Latitude Cpi D266XT) with 64 Mbytes RAM andause, a digital color camera
(Connectix Color Quickcam) and a laser pointer {@W) to point test figures. The
computer operating system is Microsoft Windows NU. 4 he software consists of a
C-language interface for the camera control andsaal Basic language program for
the modular neural system simulation and the usésrface. These programs
communicate via dynamic link library (DLL) functisnThe visual basic platform is
the Microsoft Visual Basic 5.0 32 bit.

9.2. Camera System and Visual Preprocessing

The camera view is processed into a total visueh and a much smaller visual
attention focus area which can move within theltataa. lllumination change is

detected within the total visual area and actualgeny is detected within the visual
attention focus area. The coarse position of theuali attention focus area is
determined either by an illumination change (illaation by the laser pointer) or by
an internal command from the neural network. Tine jposition is adjusted by the
preprocessing program so that any figure in therseogosition is centered

automatically. In order to limit the number of ré@a neurons the total visual area is
limited to 66 x 66 pixels and the visual attentfonus area to 16 x 16 pixels. These
values could be easily enlarged, but the simulationld run much slower.
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visual area

visual attention focus area

66 pixels 16 pixels

16 pixels

66 pixels
Fig. 9.2.1. Total visual area and visual attenfamus area

There are 36 coarse positions for the visual atierfocus area. The coarse position
is determined by

1) visual change (illumination by a laser pointer

2) by internal command

da

()

Fig.9.2.2. Coarse positions for the visual attenfacus area

When a figure is detected within a given coarsatiposthe preprocessing program
fine-tunes the position so that the figure is cextteautomatically. This fine position
adjustment has the resolution of one pixel horialiywand vertically.

The visual object perception and recognition isebdagn detected features. A rather
limited recognition power is enough for the demaatsin of associative cognition,
therefore the number of derived signals is reduoedrder to limit the number of
required neurons. However, the derived featurestnmamable size invariant
recognition, for instance a square must be idextihs a square regardless its size.
Also minor distortions in the figures must be taled.

For the purpose of feature detection the visuah#itin focus area is divided into four
guadrants Q | to Q IV and a center cross area ©Xr Features; one horizontal, one
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vertical and two diagonal short lines can be detéetithin each quadrant. In addition
two horizontal and two vertical lines can be detdawithin the center cross area. This
gives 20 features which can be independently pteseabsent, thus giving the total

of 220 -1= 1 048 575 different possible figures (a figwith all features absent is

not accepted). In order to prevent subset intemfergCh. 7.4.) an additional signal
from a group of 20 signals is used to indicatertbmber of actual active features so
that the total size of the visual signal spacedis 4

QI QI

CX

Q QI

Fig 9.2.3. Visual attention focus area subareadeatdre lines

The actual feature detection is performed as fdlowirst the camera image is
thresholded into binary bit map image. Then thealyinimage is converted into
contour image and thereafter the presence of esathre is determined by counting
active pixels along each possible feature linghdéf number of active pixels is higher
than a set threshold then the feature is deterntmbéd present. For each feature there
are several parallel positions for the lines andhis way limited size and shape
variation tolerance is achieved.

In order to simplify the system colour is deteciedhe center of the visual attention
focus area only. Three exclusive colors, R, G, &8rasolved and are represented by
on/off signals.

Two sizes, small and large are resolved, and aoeesented by on/off signals.
Medium size switches both size signals off.

9.3. Word Processing

Text may be entered from the keyboard at any tBeatences of up to 10 words may
be entered at a time. Each word may contain upixoletters, the rest will be
truncated. The following letters are acceptedhcdefghijkimnopgrstuvwxyz, 26
letters altogether. Each individual letter is rey@reted by one on/off signal, therefore
26 signals are used to represent all accepteddefithe representation of one six
letter word calls for one active signal from eaéhh® 6 groups of 26 signals, i.e. the
total of six active signals from the totality of@ Signals.

The system will perceive one word at a time. Itrang of words is entered then the
system will automatically perceive each of the vgoatia time from left to right.
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9.4. The User Interface

The user interface consists of the cognitive preaesvindow and a smaller camera
picture window.

Fig. 9.4.1. The camera picture window

In the camera picture window a square designatedatal visual area seen by the
cognitive processor. A smaller square, so-calleghtibn square, designates the visual
attention focus area (top left in fig. 9.4.1.).

w. Cognitive Processor Hi=lE3
~Input

|square ;l ;l Emph | Enter

~System— —Focus Pos— Innerlmage -  Color/Size—| ~Input Word- Inner Word —P/DP- - M/MM/N1, — M/MM/N2

Start: |

[ | L[]

5469

L[]

5470

Pause |

Cont |

5471

5472

5473

L

COCCIC
ﬁﬁﬁéﬁﬁ
-

E [ [ [ 1] ([ 1]
5474

Fig 9.4.2. The cognitive processor window
The cognitive processor window contains the follogvelements:
System frame contains simulation start, stop, pause and coatinuttons and an

arousal control that determines the linguistic esdmn neuron block WTA
threshold. Running time indicator is also includhede.
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Input frame contains a text input field, reward [+] and pumngnt [-] buttons, an
emphasis [emph] button and an [enter] button. mfdron is transferred into the
simulation when the [enter] button is pushed. §#iof words or sentences may be
entered at a time. Emphasis is used to pinpointsvtinat are to be associated with
other modality percepts, “attention by loud voicEmphasis is always valid for the
last word in a string causing the accumulation sfoaiative strengths between this
word and whatever other modality percepts are alkal

Focus position framecontains 6x6 pixel matrices that indicate the @nésand five
past positions of the visual attention focus area.

Inner image frame contains 9x9 pixel images that display the presewt five past
reconstructed feature lines for perceived, extgrnat internally evoked, feature
signals.

Color/Size frame contains indicators for present and five past gigex, externally
or internally evoked, R/G/B colors (top-down) anjext sizes large/medium/small
(top-down).

Color/Size

red — — large
green— —— medium
blue — —— small

Input word frame displays present and five past active input wdfreay.

Inner word frame displays present and five past reconstructed pedeexternally
or internally evoked, words. Timepoint for each enrword and for the same
horizontal row is indicated under each inner wood.b

P/DP frame contains indicators for present and five pastqea/displeasure states.

M/MM/N1 frame contains indicators for present and five tpagnsory
match/mismatch/novelty states.

M/MM/N2 frame contains indicators for present and fivet @ssociative neuron
group match/mismatch/novelty states.

The bottom row of focus pos, inner image, cologsimput word, inner word, P/DP,
M/MM/N1 and M/MM/N2 indicators show the current tgaof the system. The
history of the system flows upwards. In this wagtsaces (first word oldest) may be
read downwards.

Push buttons and controls on the interface areatgeby the mouse.
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9.5. Simulation Program Overview

The simulation program emulates the system of Hapter 8. Simplified simulation
system block diagram with major neuron groups &medr tdimensions as well as the
major interconnections is shown here. Referen@sis made to figures 8.5.2, 8.5.3,
8.5.4, 8.6.1, 8.7.1 and 8.9.1. for details and axgtion.
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Fig. 9.5.1. Simulation system block diagram
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The simulation system block diagram of fig. 9.5fesents the operation in parallel
form. With a conventional PC the actual simulateam only be performed in serial

form. Therefore the simulation is run with discrétme steps and with such a
computational order that allows the availability si§nals, especially percepts and
feedback signals at correct timepoints. The orderomputations is depicted in fig.

9.5.2.

0 START
initialization
1 .
take picture
2
detect features
3 read text
4
compute percepts
5
sensory M/MM/N
6 compute p/dp A
7 L
evoke associations
8 associative M/MM/N
learn associations
10 output WTAs

Fig. 9.5.2. The computational order

After initialization the program enters into an w3 loop. In the beginning of the
loop new picture is captured from the camera (d)\asual features are extracted (2).
Any entered text is processed into letter signplesentation (3). All percepts are
computed on the basis of detected representations miming by reentrant
representations (4). Sensory match/mismatch/novéstydetermined next (5).
Pleasure/displeasure values are computed for tteegts (6). The new percepts are
used to evoke new associations (7) and associati@Eh/mismatch signals are
computed for the same (8). New associations anmamddanext, controlled by the
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mismatch signals (9). Output Winner-Takes-All opiera (10) determines which
associations are looped back to the perceptiorepsoc

The computational order does not contain structtwabitional branches because no
built-in algorithmic intelligence is used.

The simulation program handles neurons as neuroupgr A typical neuron group
consists of a number of parallel neurons with commssociative input signals.

s(0) —» —» s0(0)
neuron group of

k parallel neurons

s(k) ——» > so(k)

]

a(0) a(l)

Fig. 9.5.3. Neuron group signals

The neuron group of fig. 9.5.3. h&s+ 1 parallel neurons with + 1 common
associative inputs. The input signals sf@) ... s(k), output signals argo(0)... so(k)
the associative input signals a¢) ... a(l)and the synaptic weights ang0,0) ...
w(k, 1). In fig. 9.5.1. the neuron groups are identifieg their synaptic weight
matrices.

The learning rule of (6 — 2) for the synaptic weiglfi, j) is implemented in Visual
Basic code for the depicted neuron block as follows

Fori=0tok
Forj=0tol
w(i, ) =0.95 *w(i, j) + 0.5 * (1 — w(i, J)) * a(j) * s(i)
If w(i, j) >0.7 Then w(i, j) =1
Next j
Next i

Possible learning control signals such as neurompgtevel mismatch are used to
enable or disable this computation. Therefore astee evocation process and
match/mismatch computation are performed befommie@ process in order to have
the group level mismatch signals available forlg@ning control.

In order to save memory space the associationgitrars(t) is not used as separate
function, instead the accumulation and thresholisngpmbined in the calculation of
eachw(i, J) and the evocation of the response.

Associative evocation with group level Winner-Talkdsoperation is implemented
typically as follows:

threshold = 0.2
index=k+1
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Fori=0tok
sum =0
so(i)=0
Forj=0tol
If w(i,j) = 1 Then sum = sum + a(j)
Next j
sigma = sum/(1 + sum)
If sigma > threshold Then
threshold = sigma
index =i
End If
Next i

If index < k +1 Then
so(index) = 1
End If

In the absence of any input signal@) the evocation with WTA is performed as
follows. The sigma value is computed according@e-(5) for each neuron and the
neuron with the highest sigma is detected by theAWiperation. Therefore an initial

value for the WTA operation threshold is set fise suitably low value. Whenever a
sigma value higher than this threshold is foundttiteshold is set to this value and
the index of the neuron is stored as the indexevdluthe end the index of the neuron
with the highest sigma value is returned. A valoat s higher than the number of
neurons is initially given to the index. At the eaflcomputation the value of the

index is tested and if it equals or is smaller thla®m number of neurons then it is
known that the WTA operation has found a winninginoe and the output of this

neuron is set to desired level. If not, then thigpots of all neurons within the group
shall remain at zero. The rule (6 — 7) is usedaimlzine the effects of evocation and
active input signals whenever needed.

Neuron blocks consist of parallel neuron groupseyTban be indexed like neuron
groups, but the WTA operation must be performedigvase.

The neuron block level match/mismatch/novelty sigima mm andn are computed
by summing the neuron level match/mismatch/novslgnals, which in turn are
computed according to the rules (6 — 9), (6 — 1o) @ — 11) as follows:

ms1=0
ms2=0
ms3=0

Fori=0tok
msl = msl + s(i) * soe(i)
ms2 =ms2 + (1 - s(i)) * soe(i)
ms3 =ms3 + s(i) * (1 - soe(i))
Next i

If ms2 * (ms1 + ms3) > 1 Then
mm=1
Else
If ms1l > ms2 Then
m=1
Else
Ifms3>0Thenn=1
End If
End If
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Instead of neuronal sigma values the evoked owwipedi)is used in the computation.
This is a programming shortcut. Since the neuramahm/n signals are gated by the
output signal then it is equivalent to use the edoland thresholded output instead of
the actual sigma value especially if non-zero sigalaes are supposed to be rounded
in the process to one.

The block levelm, mm and n signals are exclusive in this simulation. Mismatch
signal mm has the priority and is set to one whenever thersum of mismatch
signals is over one and there is non-zero mairasigiput as indicated by the sum of
match and novelty signalsél + ms3 Match condition is tested next and finally if
no mismatch or match has been detected and thdty@ignal sum is positive then
the block level novelty is set to one.
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10. Simulation Results

10.1. Simulated Cognitive Functions and Processes

The purpose of the simulations is to demonstradettie simulated cognitive system
does have the proposed cognitive functions andegsss. Therefore the simulation
system is paced through a set of cognitive tesislagir results are documented.

A typical simulation session goes like this. Thagiation program is started and the
camera view window and the cognitive processor eimdppear on the PC screen. A
set of test figures is placed in front of the camext a distance of 25 cm. A laser
pointer is used to point out the desired test Bgsw that the attention square moves
over it. Desired word or words are written into tbet input field. {], [-] and [emph
buttons are pressed as required by the test anebfter the [enter] button is pressed.
At that moment the word or words begin to enter ginegram. The simulation
program starts in unlearned condition, thereforeallg some figures, sizes, colors
and their names are taught first by ostension had yes/no answering and category
names etc. are taught by example sentences. Wienldsired effect has been
completed the execution of the program may be teamiy halted by pushing the
[pausé button. Now the cognitive processor window anddamera window may be
captured by the print screen command and can beféniged to e.g. a word
processing program for documentation. The executiothe program will continue
when the [corjt button is pressed. The simulation program leaast, fe.g. the
meaning for a word can be taught in few secondsiallls each test involves the
execution of several cognitive functions and preess

The following cognitive functions and processes deenonstrated with dedicated
tests and/or as a part of other tests:

Perception without primingSee ch. 8.2.). Perception without priming inveltae
perception of sensory feature signals as suchhignsimulation perception without
priming takes place in visual module when a novwglire is imaged and no inner
image is being evoked verbally or otherwise.

Perception with priming; cocktail party effe(ee ch. 8.2.). Cocktail party effect
involves the detection of desired item from noi€ecktail party effect in visual
modality is demonstrated in ch. 10.5.

Perception with priming; predictive percepti¢gBee ch. 8.2.). Predictive perception
involves the evocation of a continuation to the cpared state of affairs, a
rudimentary deduction process. Predictive percaptiwolves also the generation of
prediction  match/mismatch  value and corresponding atchimismatch
pleasure/displeasure. This is demonstrated in@HA.01

Perception with priming; searching percepti¢8ee ch. 8.2.). Searching perception
involves the priming of perception with the repras¢ion of the searched item and
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the generation of match signal when the item has lbeund. This is demonstrated in
ch. 10.12.

Introspective perception(See ch. 8.2.). Introspective perception involvée t

perception of the system’s inner responses. Thaemonstrated in ch. 10.10 where
an item is described by introspecting its evoketeinmage. Introspective perception
is also essential in the test of ch. 10.11.

Visual sensory attentiofsee ch. 9.2.). Visual sensory attention involesability to
focus the gaze on individual visual objects. Instkimulation gaze direction is
controlled by external stimulus, i.e. visual chargised for instance by a laser
pointer, and by internal command. The guidanceigfal attention by laser pointing
is utilized in many simulations, the guidance bieinal command is demonstrated in
ch. 10.12. On another level visual sensory attaentsorelated to the perception of
individual visual feature signals. The attendedhalg will be the strongest ones, due
to external or internal causes. Internal controkemhsory attention is present in the
cocktalil party effect, which is demonstrated in £0.5.

Inner attention Inner attention is based on the operation ofvémgous WTA neuron
groups that pass the strongest signals. Primingaydetc. affect the strength of
individual signals. The operation of the WTA neugroups is evident in most of the
tests, especially in ch. 10.9. where the attribwdesn item are asked. All these
attributes are active as inner imagery at the stame, but due to priming only the
requested attribute word will be forwarded to teedback lines to be introspectively
perceived.

Learning concrete words by ostensidmearning the meaning of concrete words by
ostension involves the pointing out the intendesnitand associating a word to it.

This is also a two-way process, afterwards the ienst be able to evoke the given

word and the given word must be able to evoke timer representation of the

respective item. This is demonstrated in ch. 10.2.

Learning concrete words via correlatioBometimes the item to be named cannot be
pointed out exclusively. In that case differentm#e with the desired attribute as
common can be used as examples. Correlationalgaisidemonstrated in ch. 10.7.

Learning by exampled.earning category names by example question-angaies is
demonstrated in ch. 10.7. and learning the meamiirnygs and no and to recognize a
question to which yes or no is expected as an answain by example question-
answer pairs is demonstrated in ch. 10.11. Thesdss some inductive power, the
learned examples can be used in different contexteanonstrated in figs. 10.11.5.,
10.11.6. and 10.11.7. In this simulation systemmieg by examples is enabled by the
priming neuron structure, see ch. 8.5.

Learning of rudimentary syntaXhe ability to recognize a question and to andwer
it properly involves the learning of rudimentaryngyx. This is also demonstrated in
ch. 10.7. and 10.11.

Learning by verbal descriptio(see ch. 2.7.). Learning by verbal descriptioong

form of social learning and it involves the availdyp of common language between
the learner and the teacher. In this simulationesysinner representations for new
visual objects can be created by verbal descripiging already known visual objects
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as components and a hame can be associated wsthdbgects so that when the new
object is actually imaged it can be recognizedsT®idemonstrated in ch. 10.6.

Learning of sequence$he learning of sequences involves temporal @s$oe. Also
the branching problem (ch. 2.7.) must be solvedthla simulation system this is
realized by a predictor circuit (see ch. 7.) whosgut is perceived via the reentrant
loop. Sequence learning is demonstrated by figlQL0.

Associative evocatio(see ch. 7.2.). Associative evocation involvesdtiecation of
an inner representation by another via learnedcéssee connection. This function is
essential to many cognitive operations. Associagvecation is demonstrated for
instance in figures 10.2.2., 10.6.1., 10.9.2., 18),9.0.9.4.

Sensory Match/mismatch/novelty functioBensory match/mismatch/novelty signals
indicate whether there is match or mismatch betwbensensed representation and
the internally evoked representation or whethersdresed representation is novel (see
ch. 8.2.). Sensory mismatch detection is demomstran ch. 10.3. Sensory
match/mismatch against predicted representatidensonstrated in ch. 10.10.

Affirmation and contradiction detectio\ffirmation and contradiction detection is
based on associative match/mismatch detection, hwihnatches representations
against each other whether evoked externally oermadly. This function is a

prerequisite for reasoning by inner imagery. Thiaction is also needed for the
grounding of meaning for “yes” and “no”. This isndenstrated in ch. 10.11.

Pleasure/displeasure function and p/dp significanBéeasure and displeasure are
system’s reactions that try to sustain the prevgikttention and activity or disrupt
and refocus them. In this simulation system plegsgispleasure signals are used to
initiate actual reactions. Due to the limited scgpehe simulation system the actual
reactions can be rather limited. The function ofagure as sustaining prevailing
attention is demonstrated in ch. 10.12. When vigis#larched object has been found,
match pleasure is generated and this in turn vald the visual attention on that
object. The emergence of prediction match/mismatiglasure and displeasure is
demonstrated in ch. 10.10. In that test the acteattions are not demonstrated,
however. These reactions would include the comfaensory attention over speech
features if actual speech input were availalblee p/dp-significancenanifests itself

in elevated signal levels, which e.g. facilitatee tdetection of p/dp-significant
patterns. This is demonstrated in ch. 10.13.

Short-term memory via loop reverberati@hort-term memory is needed for working
memory. The perception/response reentrant loopslaleeto sustain representations
via reverberation. This function is demonstratecciis. 10.9, 10.11, 10.12. where
internally evoked images are sustained for introspe.

Long-term memory via synaptic weightsong-term memory is based on the
accumulation and fixation of synaptic weights. HExéstence of long term memories
Is evident in most of the tests.

The actual tests are described in the followingptérs.
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10.2. Learning Concrete Words by Ostension

The learning of concrete words (chapter 2.3.) imeslthe cross-association of the
representations of the word and the sensed oloetttis case a visual pattern. This is
a two-way process so that in the learned statewbsd will evoke the inner
representation of the respective object and vicesaveAs an example the word
“square” is associated with the figure <squareg, I0.2.1.

As a first step visual attention must be broughtla object to
be named. This can be achieved by pointing thecobygh a
laser pointer so that the focus square moves dweeintended
object, in this case the figure <square> (top .left)

. Cognitive Processor M=l &
~Input

|square ;l ;l Emph | Enter

- System | - Focus Pos | | Innerlmage | | Color/Size | | Input¥¥ord | | Inner Word | - P/DP | | M/MM/NT | | M/MM/N2

]

il 56
=

e
:

Start: |

| | L[]

18

[ L[]

Stop |

]

|square |square
19

.

20

[square [square
21

.

:

22

-

E |square |square ]

23

Fig. 10.2.1. Learning the meaning for the word ‘&

As can be seen from the camera picture, the figaguare> is now pointed out and
accordingly its detected features are seen inrtheriimage matrices. Next the word
“square” is to be associated with the inner repreg®n of the <square>. This takes
place by repeated entering of the word “square”.

At timepoint 19 the word “square” is entered withghasis and again at timepoints
21 and 23. At timepoint 23 both M/MM/N indicatonmsdicate match-states and the
square features are amplified. At this point thetey has learned the association and
the word “square” evokes the inner representationsquare>, which then amplifies
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the percept via the reentrant loop. The internallpked representation and sensed
representation overlap and therefore the match/atigmindicators indicate match
states. Now the name “square” and the figure “sgjuare associated together and
may later on be evoked by each other.

The learned state is now tested by evocation offithee “square” by the word
“square”, next figure, fig. 10.2.2.

w. Cognitive Processor M= E3
i Input

|square 4| - | Emph| Enter |

~System— ~Focus Pos— ~Inner Image— - Color/Size— - Input Word ~Inner Word- ~P/DP- —M/MM/NT, —M/MM/NZ-

Starnt |

92

Stop |

93

[square [square (TT] [

94

95

96

L]
(W] (W] (W] (W] [ W]

HEEE

Fig. 10.2.2. Evocation of the inner representatiba figure by its name

In fig. 10.2.2. the visual attention focus positizess been moved on an empty spot so
that no visual image is sensed. The word “squasentered at the timepoint 94. It
can be seen that the features of the figure <sguare indeed evoked and are
sustained by reverberation in the visual reenti@o for a period determined by the
decay time constants.
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10.3. Sensory Mismatch Detection

Sensory mismatch occurs when the sensed featudemtannally evoked features do
not match (Ch. 8.2). In that case the sensory mratsmatch/novelty system should
detect the mismatch and the respective indicataiMIN1 should indicate this
mismatch state (MM). This is demonstrated in tigere 10.3.1.

In this test the visual attention focus is broughtan arbitrary
pattern, in this case <tile> (left). The sensediaigeature lines
appear in the inner image matrices (below).

w. Cognitive Processor M= E3
i Input
|square +| - | Emph| Enter |
~System— ~Focus Pos— ~Inner Image— - Color/Size— - Input Word ~Inner Word- ~P/DP- —M/MM/NT, —M/MM/NZ-
- o
st ||| ] E | | (1] (1w ||
1 L 108
Stop |
[ ]
(Hl -
H E | | HEEE SEEE
i L 109
H [ ]
|| E [square [square HEE EREE |
i L 110
H [ ]
H E | | ([ (] | [LI]
= ! 111
H [ ]
H E | | ([ (] | [LI]
1 L 112
H [ ]
H E | | ([ (] | [LI]
i L 113

Fig. 10.3.1. Sensory mismatch

In fig. 10.3.1. the sensed item (tile) is not assec with any word therefore the
sensory match/mismatch/novelty state is “noveltgt. timepoint 110 the word
“square” is entered, which evokes the features<efiuare>. Now the sensed visual
features and internally evoked features do not mated accordingly the sensory
match/mismatch/novelty state turns to “mismatchhud it can be seen that the
sensory mismatch system operates correctly.
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10.4. Learning Category Names

The simulation system is able to handle three Visategories i.e. shape, size and
color. However, the category names “shape”, “siemad “color” cannot be taught by
ostension or pointing to a specific object. Nevelgks, the cognitive system
architecture includes the priming neuron struct(cle. 8.5.) that allows indirect
learning, learning by examples. The next examptevshhow the cognitive system
can be taught to respond correctly to the wordshéy only one example sentence.

w. Cognitive Processor =] &3
~Input
[what shape square +| - | Emph| Enter
~System— —Focus Pos— ~Innerlmage— ~Color/Size— —InputWord —Inner Word- —P/DP- ~M/MM/N1- - M/MM/N2
sin | | Feeri ] E | | TH [
I - 173
Stupl
o ] E et || o TH (W]
I - 174
# N E shape | | hepe | B | W) (W
L - 175
# N E Souare | Bawars | )| W 1] B
i - 176
et m E | | mn Jinnn
I - 177
e D m E | | mn Jinnn
! = 178

Fig. 10.4.1. Indirect learning of the meaning faraéegory name

At first the pattern <square> is pointed out. Thene of this pattern is already known
to the system. Now the learning of the meaningaf@ategory name like “shape” is
facilitated by entering example guestion-answer [l “what shape square” when
the square is seen. No emphasis is used here. Udsian-answer pair must be
repeated couple of times. As no emphasis is usddatares are associated with any
of the entered words. Instead the associative megiroup match signal that is active
at the word “square” is associated with the seémntat shape square” at the shape
neuron group priming neuron. Later on “what shapdl’ prime the output from the
shape neurons and correct the response will wimedlinguistic system WTA block.

The recognition of the category and correct resp@emeration is demonstrated in the
next figure where an imperfect pattern is used testfigure.
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w. Cognitive Processor 1=l B3
~Input
|what shape + | - Emph Enter |
System— ~Focus Pos— Inner Image—  Color/Size— - Input Word- Inner Yord | ~P/DP- — M/MM/NT —M/MM/N2-
OTH | o [ ]
S| e ] E | | [T (]
1 L 234
Stop |
] 1] [T ||
# ] E et fnat | (L) ([ W [H]
Ll L 235
::H::: = [ ]
H H shape shape HE BN B
Ll L 236
_]hF" H E | [square HEE EHRN BN
Ll = 237
. ] E | | (| (W] ([T
Ll = 238
Time ::H::: :
B ||| T u | | (W (W] | |[[L]
Ll L 239

Fig. 10.4.2. A response to category question

At first the visual attention focus is brought on<sgquare>, which in this case is
imperfect, a piece is missing. The sensed feates lappear in the inner image
matrices. At the timepoint 235 the question “whiage” is entered. The response
“square” is generated at the timepoint 237 as dresed pattern is close enough to
this. It can be seen that the verbal response fetjuglso evokes the complete
representation of the square and that the complegpaesentation is sustained by
reverberation in the visual reentrant loop for arstime.

What happens if “what shape” is asked when an uwkngattern is sensed,
something that is far from any known patterns? Tikislemonstrated in the next
picture, where an unknown pattern is shown to yisées.
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w. Cognitive Processor M [=] E3
 Input
jwhat shape +| - | Emph Enter |
~System— Focus Pos— ~Inner Image— ~Color/Size—~ Input Word ~Inner Word- ~P/DP- —M/MM/NT, —M/MM/N2-
- L
St | N E | | (| (W [
= 266
Stop |
- —
N E fwhat what ([ ([
— 267
- —
Cont | E |shape [shape HEEE Nl |
= 268
- —
|| E | | HE ENEEE
= 269
- —
H E | | HE BEEE
= 270
- —
H E | | HE BEEE
— 271

Fig. 10.4.3. Questioning the shape of an unknowtepa

In fig. 10.4.3. no response is generated to thategure“what shape” as the pattern is
not recognized. The question “what shape” is gtilning the shape neuron group but
these neurons are not giving any response. All M/MIgtates remain at “novelty”.

10.5. The Cocktail Party Effect

The cocktail party effect involves the recognitiminpertinent items from noise. This
recognition is supposed to take place via primipgekpected features (ch. 8.2.). The
cocktail party effect is normally considered asaaditory processing effect but in this
simulation the principle and mechanism that coulcbant for the effect can be found
in the visual domain also. This effect can be teste using a complex test figure that
contains the features of the pertinent pattern asibsset. Thereafter the pertinent
pattern is internally evoked and if the systemgsrating properly, the sensed features
of the pertinent pattern should be amplified byrpng. This is demonstrated in the
figure 10.5.1.
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&. Cognitive Processor H=1 E3
~Input

|square ;l ;l Emph | Enter

~System— —Focus Pos- InnerlImage |  Color/Size—| Input ¥Word- Inner Word —P/DP- -~ M/MM/N1, — M/MM/N2
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Fig. 10.5.1. The cocktail party effect, the pemingem is discriminated from noise

In fig. 10.5.1. a complex test pattern containinigrge number of features is sensed.
The pattern <square> is internally evoked by entethe word “square” at timepoint
285 and thereafter the features of “square” areliiathand the sensory M/MM/N
state turns to “match”. The pattern <square> has bietected from the visual input.

10.6. Verbal Learning

Verbal learning takes place with verbal descriptionly, without any sensory
perceptions of the items to be learned. The presggufor verbal learning is that the
items that are used in the description are alrdatiywn by the system. In this
simulation system name learning by verbal desanipis possible. In this case the
descriptive items must be evoked first and themtmae to be learned must be given.
This procedure must be repeated couple of time# wiinphasis so that the
accumulated associative strengths will exceed yhaic fixation thresholds. Name
learning by verbal description is demonstrated i fL0.6.1. In this example
<window> is described as a square with a crosg. ifihis is done by entering the
string of words “square cross window” with emphag3ilse earlier learned features of
<square> and <cross> are evoked by the respectivésvand these features will be
superimposed for a while due to the loop sustainm&he word “window” is
therefore associated with this combination of fesgu
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Fig. 10.6.1. Name learning by verbal description

For the purpose of name learning by verbal desoripgblank paper is shown to the
system. Therefore until timepoint 407 no featusegernally or internally evoked, are
perceived. At the timepoint 408 the string of wofrdguare cross window” with
emphasis has been entered. It can be seen thidatiuees of <square> and <cross>
have been superimposed from the timepoint 409 atsvarhe word “window” will
therefore be associated with this combination afufees.

The learned state of the name “window” can be tebieshowing to the system the
figure <window> and entering the question “whatma The system should then
respond with the word “window”. Fig. 10.6.2. demwates that this is indeed what
happens.

In fig. 10.6.2. at timepoint 477 the string of wertivhat shape” is entered and the
timepoint 479 the system responds with the wordhtiew”. This response evokes
internally the features of the <window>, which mses as the amplification of the
visual perception. At the same time the M/MM/N esgaturn to “match” which is
another indication that the object is recognized.
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Fig. 10.6.2. Recognition of a verbally learned gt

10.7. Correlational Learning

In many cases several attributes of an entity ansexd simultaneously. For instance
the shape and size of an object appear simultalyednsthis simulation system
separate signals for small and large visual olgjeeis coexist with the feature signals.
How then can names for the sizes e.g. “small” dadye” be associated with these
size signals without simultaneously associatingrthe the feature signals?

Correlational learning is the answer. The size rsagam be taught correctly by using
same size but otherwise different visual objectdhed they do not have common
shape or colour features. During each conditiotiiregname will associate with every
signal but the associations to shape and colouragwill decay away while the

association to the size signal will accumulate.rifvally the correct association will

be established.

In this demonstration the label “large” is taughtusing two different large figures,
square and tile, figs. 10.7.1. and 10.7.2.
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Fig.10.7.1. The word “large” is being associatethuarge square

Fig. 10.7.2. The word “large” is being associatethuarge tile
As soon as a name for a size has been learnecegocatname e.g. “size” can be
taught with an example question-answer pair “wlizt farge” as before. Note that
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the repetition of one example sentence is enoughthie example sentence “what size
small” is not needed.

Fig. 10.7.3. Teaching the category name “size’dpeated example question/answer
pairs

10.8. Learning Colors

The names for colors may be easily associated itiging the limited size of the
visual attention focus area. When a uniformly cedbtest picture area is larger than
the visual attention focus area then neither patber size is perceived and the only
active signals will be the color signals and théessd name will be associated with
the color signal only, fig. 10.8.1. next page.

Again, as soon as a name for a color has beeneléarcategory name e.g. “color”
can be taught with an example question-answergsabefore, fig. 10.8.2. next page.
Again, the category name “color” can be taught Bing one colour only in the

example sentence.
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Fig. 10.8.1. Learning red color

Fig. 10.8.2. Learning color category
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10.9. Describing Objects by Introspection

The simulation system architecture is able to desdearned objects by introspection
of evoked inner representations. To demonstraseatmew visual object <small green
square> is shown and a name “dollar” is associaiddit, fig. 10.9.1. The names of
the attributes “small”, “green” and “square” aresaldy known.

Fig. 10.9.1. Naming the object

As soon as the system has learned the object «edilank paper is presented so that
there will be no external visual perception. Théerathe questions “dollar what
shape”, “dollar what size” and “dollar what coloate presented. The first word
“dollar” will evoke the inner representations of ofldr> and the category words
“shape”, “size” and “color” will prime the correcésponses. It is seen that the system
is able to respond correctly by introspecting ®ked inner representations only,
next three figures.
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Fig. 10.9.2. Answering “square” by introspectingk&d inner imagery

Fig. 10.9.3. Answering “small” by introspecting &ed inner imagery
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Fig. 10.9.4. Answering “green” by introspecting kgd inner imagery

10.10. Prediction Match/Mismatch Pleasure

Whenever prediction is an essential component & ghrception process then a
measure of the prediction accuracy is needed sb cibgnitive processes can be
controlled as necessary. The sensory match/mis/natokity system gives an
indication of the prediction accuracy in the forfrtlee m/mm/nsignals. These signals
in turn are used to evoke low-level pleasure/deglee at the P/DP system. The
output of the P/DP-system is then used to conttehtion as described before.

In this simulation prediction and sensomp/mm/n and p/dp signals can be
demonstrated e.g. by teaching a string of wordsepetition and then entering the
same string of words or the first few words ofTihe first few words will evoke the
rest of the string as a prediction and if the aéghe string is entered as well then the
prediction will match the input and therefore segpsmatch and low level pleasure
signals should appear. On the other hand if thieafethe string is modified then the
prediction will not match the input and sensory mmasch and low level displeasure
signals should appear. If only few first words argered then the rest of the string
should be evoked as a prediction. This is exactigtvhappens as is demonstrated by
the figs. 10.10.1. — 10.10.4.
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Fig. 10.10.1. Teaching a sequence of words by itepetfirst time

Fig. 10.10.2. Prediction match pleasure, note RIBdPM/MM/N1 icons
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Fig.10.10.3. Prediction mismatch displeasure, RO and M/MM/NL1 icons at 104

Fig 10.10.4. Predicted continuation of the sequence
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10.11. Contradiction and Affirmation Detection

The associative match/mismatch detection systenttentinguistic priming structure
allow the generation of proper responses to vaoétyuestions to which affirmative
or negative answer is expected. For this purposesttstem must be trained with
example question-answer pairs.

In this simulation example the figures <square> aftite> are used and their
respective names have been associated with theedigu

First the figure <tile> is shown and the examplesiion-
answer pair “is this square no” is entered thremes, fig.
10.11.1. The word “square” evokes the inner repras®n of a
square, which does not match with the sensed figtite>.
Associative mismatch signal is duly generated dmsl word
“no” is associated with that signal at the matckhmatch label
neuron group. Furthermore the priming neuron waket
respond to the words in the question part and aatiordingly prime the output from
the match/mismatch label neuron group.

Fig. 10.11.1. Teaching to answer “no” to a question
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In similar fashion the figure <square> is shown #m&lexample
question-answer pair “is this square yes” is ente¢heee times,
fig. 10.11.2. The word “square” evokes the inngaregentation
of a square, which matches with the sensed figwguare>.
Associative match signal is now generated and el Viyes” is
associated with that signal at the match/mismaatiell neuron

group.

Fig. 10.11.2. Teaching to answer “yes” to a qu@estio

The system is now tested by the question “is ti&S tvhile the figure <tile> is
shown, fig. 10.11.3. The inner representation esokyg the entered word “tile”
matches the sensed item and the system respomndsttowith the word “yes”.

In fig. 10.11.4. the question “is this tile” is agaentered, but this time the figure
<sqguare> is shown. The inner representation evbletthe entered word “tile” does
not match the sensed item and the system respongxity with the word “no”.
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Fig. 10.11.3. Answering “yes” to a question

Fig. 10.11.4. Answering “no” to a question
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The learned question structure has some inducboweep which
is demonstrated by the following example. A smiddl-$shaped
red item is shown and the name “candy” is assatiatiéh it,
fig. 10.11.5.

Fig. 10.11.5. Associating the name “candy” to aiglobject

After the naming of the object <candy> blank papeshown so that no visual objects
are sensed. Then the question “is candy greeniteyed, fig. 10.11.6. Now the word
“candy” evokes the inner representation of the dgan The word “green” does not
match with the color representation of <candy> @wdordingly the associative
mismatch signal is evoked and the system answersatly “no”.

Next the question “is candy red” is entered, fif.11.7. The inner representation of
<candy> is again evoked. This time the word “redatohes with the color

representation of <candy>, match signal is evoketithe system answers correctly
“yeS”.
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Fig. 10.11.6. Answering “no” by inner representai@nly

Fig 10.11.7. Answering “yes” by inner representasionly
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10.12. Visual Search

Visual search involves the nomination of the obfecbe searched, initiation of the
search action and finishing the search when theedesbject has been found.

An innate visual attention focus position scan na@t$m exists in this simulation

system. This mechanism moves the focus positionpwaitions to the right for each

time step and when the right lower corner has bbeanohed the scan continues from
the left upper corner. The scan starts automaidatiothing else happens for a while
and stops if a position is pointed with a lasernpsi, if words are entered, if

punishment is entered, if a pleasant object is emewed or if match pleasure is
generated. A name can be given to this scan operéty associating a word to it

while the scan is active. Later on the scan opmratan be initiated with the same
name.

In this example the word “search” has been asstiaith the
scan operation. The object to be searched is aafsfjuThe
visual field used in this example is given in thejaaent
camera image. The search operation is initiated thoy
command “square search”, fig. 10.12.1.

Fig. 10.12.1. Visual search example
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The initial visual attention focus position is retleft bottom corner at time point 163.
The command “square search” is entered at timetpdif4 ("square”) and 165
(“search”). The word “square” evokes the inner espntation for square. The word
“search” initiates the search scan as can be seenthe focus pos images. At time
point 167 the focus position reaches the left ugpener where a square is located. At
this moment the sensed item matches the innergeptiaion of a square and sensory
match signaM is generated (M/MM/N1) and accordingly match pleass evoked.
The effect of pleasure is to sustain the instamasettention and accordingly the
visual attention is fixed so that the scan openraisostopped and indeed from the time
point 167 onwards the focus position remains tmeesa he searched object has been
found.

10.13. The Effect of p/dp -significance

The association of reward or punishment via thednd [] buttons to a perceived
visual pattern will assign pleasure or displeasigeals to the same. These signals in
turn will translate into elevated intensities ofnsed signals whenever the same
pattern is sensed again, by itself or hidden in @emcomplex pattern or visual
background. The elevated signal intensity will leadhe focusing of attention and
priming of perception (“the cocktail party effectfoxy ladies” or “snake in the
grass” etc. see ch. 8.9.).

The elevation of signal intensity due to associatespleasure is demonstrated here.
This demonstration is performed in the followingm. 1) Punishment is associated
with a visual pattern via the][button. 2) A complex visual pattern that contaiine
original pattern is shown. Now the system shoukpoad a) by the generation of
displeasure signal b) by elevating the intensitythafse visual feature signals that
belong to the original visual pattern with assamiladispleasure and c) by fixing the
visual attention focus to the said pattern for@grged period.

In fig. 10.13.1. a tile-shaped pattern is pointed and the visual attention focus is
brought on it. In this demonstration the patterilextis novel to the system, the
M/MM/NL1 indicator indicates novelty, no name hasbessociated with it, so that
any subsequent recognition effect can only be dulee p/dp-system.

At timepoint 26 the [-] and [enter] buttons aregsed, displeasure signal is generated
and accordingly the P/DP indicator indicates diaplee. This displeasure is
associated with the pattern <tile> instantly anthatnext timepoint, timepoint 27 the
displeasure is already able to evoke the intereplesentation of the respective
pattern, <tile>, which will amplify the sensed ingattern via feedback and priming.
This is indicated by the darkening of the innergmaattern.
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Fig. 10.13.1. The association of punishment tqoieern <tile>

Next the visual attention focus is brought on anklapot so that the inner image will
decay away and all indicators will return to blastlte. Then a complex pattern is
pointed out (at the upper right corner of the vidiedd) so that the visual attention

focus is brought on it, fig. 10.13.2.
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Fig. 10.13.2. The detection of a pattern with ddgglire-significance

The complex pattern is sensed at timepoint 81 aitidlly recognized as novel as seen
from the M/MM/NL1 indicator. However this complex tfg|n contains the hidden
pattern <tile> that has displeasure associated iwifthis hidden pattern <tile> evokes
instantly displeasure and this in turn translatgspbming into significance, i.e.
elevated signal strength of the relevant visualuiea signals, from timepoint 82
onwards. In this way the <tile> pattern with p/djgnificance is discriminated from
the complex pattern. Also match-signal is generdiedause the internally evoked
pattern matches with a part of the input pattersesn from the M/MM/N1 indicator.
Match-pleasure is also generated so that the PiDRator indicates simultaneously
displeasure and slight pleasure. It can be see¢rhtbaystem behaves according to the
principles of chapter 8.9.



142

11. Summary and Conclusions
11.1. Summary

The author proposes that artificial cognition, ggpased to rule-based artificial
intelligence, should emulate human cognition. A horike artificial cognitive
system or agent should be able to duplicate cagnjirocesses like inner imagery,
inner speech, sensations, etc., perhaps even oosseiss. However, this kind of
machine would not necessarily be a model for thedrubrain, instead it would be a
creation in its own right and it could be modifiedsuit actual practical applications
as needed.

For the basis of the design of an artificial coigeritsystem the human cognitive
functions and processes have been reviewed andiaégdl The important issues
relate to information acquisition, the represeptatf information and the grounding
of the meanings for these representations, leamagmemory and finally, the actual
information processing and response generation.

The following elements have been identified: Disited signal representation with
meaning and significance, information acquisitioa perception process, attention
function, associative learning and evocation, mat@match/novelty detection,
pain/pleasure as rewarding and motivating functiopsocessing by inner
representations like inner imagery and inner spebehfaculty of introspection.

Distributed signal representation represents itéysa large number of attribute
signals that designate various aspects of the geh as size, shape, position, colour,
etc. Each signal indicates the presence or absehcthe respective attribute.
Distributed signal representation allows the redogm of an item by a subset of the
attribute signals and allows the creation of neaang by recombination of attributes.
The meaning of an individual attribute signal igedmined by its point of origin, a
feature detector etc. Processing with distribuigdad representations necessitate the
preservation of point-of-origin meaning.

A novel non-numeric associative neur@taikonen 1999a, Finnish patent), suitable
for distributed signal representation and assa@aearning has been developed by
the author. This neuron preserves the point-ofiorigeaning of signals and thus
allows consistent internal representations andothiel-up of interconnected modular
cognitive neural network architectures.

A cognitive neural system based on the novel newod reentrant modular
architecturehas been developed by the author. This systenegses information by
inner representations; inner imagery and inner woichese inner representations
have meanings that are grounded to sensory inf@mand to syntactical order. This
neural system is believed to be novel because liaged on the novel associative
neuron, a novel neural net structure (Haikonen b9%dnnish patent) and utilizes
such a modular associatively crossconnected péood@sponse reentrant loop
structure with match/mismatch detection that toah#or’'s best knowledge has not
been presented in the literature. The system igyues to support the following
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cognitive processes:. perception, attention, ingospn, learning and memory,
control by match/mismatch/novelty detection anagplee/displeasure functions.

The perception/response reentrant las@ basic system module that realizes sensory
perception primed by prediction and inner evocajdntrospective perception and
the establishment and the grounding of meaninghioér imagery and inner words.
Additionally the reentrant loop acts as a revertiegashort-term memory. In-loop
associative neuron groups facilitate associatiassmonnections to other modules.
Learning and long-term memory function is realizethese crossconnections.

Each sensory modality has at least one perceptgpdnse reentrant loop. Multiple
attribute classes may be extracted within a senswgality and in that case each
attribute class has its own perception/respongenaad loop.

Due to the associative crossconnection of visudl larguistic modules the system

can learn the meaning of concrete words i.e. wtirdisrelate to imaged items and can
be taught by ostension. This is a two-way proc@$e imaged item evokes the

respective word and vice versa, the word evokesgpesentation of the item.

A special priming neuron structure is devised thatensitive to neuron group match
state and syntactic word order. This structurewaldhe association of meaning to
category name words.

Match/mismatch/novelty detection and signals anenéb useful and necessary in
learning control (interference avoidance) and aatgdearning. Match/mismatch
detection can also be used for contradiction afidraftion detection, a prerequisite
for deduction by inner imagery.

Sensory match/mismatch conditions are coupledisnslystem to pleasure/displeasure
subsystem. Pleasure and displeasure are defineckaliwed here via their functional
effects. Pleasure sustains attention while displeadries to refocus attention.
Sensory match/mismatch pleasure/displeasure aemtedsin predictive perception
when attention must be focused so that predictimeceeds continuously i.e. relevant
inner representations are being evoked.

Sensory attention and inner attention are modafeslial sensory attention is based
on limited size movable visual attention focus posi Visual attention is controlled
externally by visual change and internally by e@gearch command. Inner attention
is effected by priming via signal strength moduwatiand Winner-Takes-All
operations.

The system is provided with an innate visual sqaeration, which can be evoked by
first associating a name to it and later on caliingy its name. The system may be
made to visually search objects by giving the naite desired object and the name
of the scanning operation. The system will thent taanning its visual field and
when the desired object is found, sensory matchspie is generated and accordingly
attention is focused to this object so that thesitey operation terminates.

A simulation systenhas been devised and programmed by the authothior
simulation of the cognitive neural system with texid image modalities. The
simulation system hardware consists of a 266 MHatie || computer with 64
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Mbytes RAM and mouse, a digital color camera anidsgr pointer to point test
figures. The computer operating system is Micro¥diiidows NT 4.0. The software
consists of a C-language program for the camerfraamnd a Visual Basic language
program for the modular neural system simulatioth @ser interface. These programs
communicate via dynamic link library (DLL) functisnThe visual basic platform is
the Microsoft Visual Basic 5.0 32 bit.

The following cognitive functions and processes endaeen demonstrated with
dedicated tests and/or as a part of other tests:

Perception without primingPerception without priming involves the perceptin
sensory feature signals as such.

Perception with priming; cocktail party effecCocktail party effect involves the
detection of desired item from noise.

Perception with priming; predictive perceptioRredictive perception involves the
evocation of a continuation to the perceived stéitaffairs, a rudimentary deduction
process. Predictive perception is accompanied with generation of prediction
match/mismatch value and the corresponding matshfatich pleasure/displeasure.

Perception with priming; searching perceptio8earching perception involves the
priming of perception with the representation ¢f Hearched item and the generation
of match signal when the item has been found.

Introspective perceptiorintrospective perception of the system’s innspanses has
been demonstrated in tests where items are deddmjpéntrospecting their evoked
inner image.

Visual sensory attentiorVisual sensory attention i.e. the gaze directiontrol by
external stimulus, i.e. visual change caused fetaimce by a laser pointer, and by
internal command has been demonstrated.

Inner attention Inner attention is based on the operation of ihgous Winner-
Takes-All (WTA) neuron groups that pass the strehgegnals. Priming, decay etc.
affect the strength of individual signals. The @ien of the WTA neuron groups is
evident in most of the tests.

Learning concrete words by ostensidrearning the meaning of concrete words by
ostension involves the pointing out the intendesnitand associating a word to it.
This is also a two-way process, afterwards the i®@ble to evoke the given word
and the given word is able to evoke the inner ig&ation of the respective item.

Learning concrete words via correlatioBometimes the item to be named cannot be
pointed out exclusively. In that case differentm#e with the desired attribute as
common can be used as examples.

Learning by exampled_earning category names by example question-anpaies
and learning the meaning of yes and no and to reeeg question to which yes or
no is expected as an answer, again by example iguestswer pairs has been
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demonstrated. There is also some inductive powerlearned examples can be used
in different context, which is also demonstrated.

Learning of rudimentary syntaXhe ability to recognize a question and to andwer
it properly involves the learning of rudimentaryngx.

Learning by verbal descriptiorit has been demonstrated that inner represensatio
for new visual objects can be created by verbatrijeson using already known
visual objects as components and a name can beiassbwith these objects so that
when the new object is actually imaged it can lbegaized.

Learning of sequence$he learning of verbal sequences has been deratetst

Associative evocationThe evocation of an inner representation by asrothia
learned associative connection has been demortstrate

Sensory Match/mismatch/novelty functioBensory match/mismatch/novelty signals
indicate whether there is match or mismatch betwbensensed representation and
the internally evoked representation or whetherstiresed representation is novel.

Affirmation and contradiction detectio\ffirmation and contradiction detection is
based on associative match/mismatch detection, hwin@tches representations
against each other whether evoked externally oermadly. This function is a

prerequisite for reasoning by inner imagery. Thiaction is demonstrated by the
system’s ability to learn to answer “yes” and “no”.

Pleasure/displeasure function and p/dp significan€he function of pleasure as
sustaining prevailing attention is demonstratedualissearch test. When visually
searched object has been found, match pleasueméeaed and this in turn will hold
the visual attention on that object. The emergemic@rediction match/mismatch
pleasure and displeasure is also demonstrated elBvation of signal intensity by
significance is demonstrated.

Short-term memory via loop reverberatioit has been demonstrated that the
perception/response reentrant loops are able tdaisusepresentations via
reverberation and can act as short-term memories.

Long-term memory via synaptic weightsong-term memory is based on the
accumulation and fixation of synaptic weights. Exestence of long term memories
is evident in most of the tests.

Distributed signal representatiois utilized in each and every simulation test. The
success of these simulation tests show that disédb signal representation with
associated meaning is feasible and the basic togpitocesses; perception, attention,
introspection, learning and memory, and controfrtatch/mismatch/novelty detection
and pleasure/displeasure signals can be productd the designed neuron and
system architecture.

11.2. Conclusions
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The artificial cognitive system developed by thehau is characterized by non-
numeric distributed signal representation and mexdaitchitecture with large number
of associatively crossconnected reentrant peragfpéisponse loops. Each reentrant
perception/response loop operates on its own, lbéeromodules may evoke
representations in other modules via the assoeiatiwssconnections. However, these
representations have to compete against the otfteity in these modules at the
output Winner-Takes-All circuits in order to bevi@rded to feedback neurons and be
eventually perceived by the target modules.

The following cognitive functions and processes raaleled at least rudimentarily:
Primed and non-primed perception process, intrdsfgeperception, inner imagery
and inner words, attention, match/mismatch/noveltgletection and
pleasure/displeasure function, significance, vaidorms of associative learning,
short-term memory via reverberation, long term mgnwa synaptic weights.

The simulated cognitive system has several featinasare commonly attributed to
consciousness: It is perceptive, the meaning ofsigeals is grounded to sensory
information; it has inner imagery and inner wordsjs introspective, the inner
representations are perceived by the system vidrge® perception process; there is
distinction between the externally evoked and imaly evoked inner representations;
there is cross-module reportability, the activifyome perception/response reentrant
loop module can be reported by one or all the otf@dules in their own terms; there
is attention and short-term memory. However, a& thoment the simulated cognitive
system does neither have a body reference forcealfept nor episodic memory
capacity for personal history.

In the author's model the percept locations maydmpared to the Baars’ “theater
stage” as they contain the inner speech and irmagery and these representations
are broadcast to the other parts of the systenrsBaaposes that the “theater stage”
is located at the sensory projection areas, whiclgo the case in the author’'s model
and which is also quite necessary for the grounddfigthe meaning for the
representations. Due to the superfluous generafitthe Baars’ global workspace
theory it could be taken as a very general desonif the author's model, too. Baars
does not explain how information should be represkiby neural firings and how
actual neurons could be connected into networks wloaild constitute a complete
cognitive system.

Daniel Dennett’'s multiple drafts theory (Dennet91%p. 111 — 138) suggests that
feature detections or discriminations are made dycgpecialized, localized portions
of the brain. The varieties of perception and mleatdivity is under continuous
editorial revision so that there is a constantlyised narrative stream of multiple
drafts that may or may not be a part of the systertnhscious experience. Dennett’s
multiple drafts theory can be seen loosely compatib the way how the author’s
model evokes representations at the associatioromegroups. Also the reentrant
loops do revise their percepts constantly via prgrby the feedback representations.

Igor Aleksander's MAGNUS system is reported to jpssshe property of state
reconstruction; either the name input or the objgatit will lead to the reconstruction
of the state representing both (Browne et al 199§ author’'s system is able to do
this via crossassociation as demonstrated eaBimwne et al also suggest that
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MAGNUS is conscious because its neural firing pateare meaningful in terms of
its sensory world. Obviously this definition doest ncover all the aspects of
consciousness but if accepted, then it would be ®atay that the author’s system is
even more conscious in this respect because ialr@al connection to the outside
world via a video camera and the point-of-originami@g is preserved.

John Taylor has proposed general requirementsefiorah networks that are supposed
to support phenomenal experience (Taylor 1997).s@&heequirements include

modular structure, localized representations imaliaed modules, good coupling

between modules, temporal continuation of activiagd suitable duration of

individual activities. Consciousness is supposecrneerge as "bubbles" of neural
system activity. Taylor's model incorporates vasdeedback loops to control the
perception process so that obviously perceptiohbeila function of external stimuli

and internal states. This is also effected in thin@’s model. The requirements of
modular structure, localized representations imaliaed modules, good coupling

between modules, temporal continuation of activiagd suitable duration of

individual activities are also recognized by théhau and are realized in the author’s
model.

The author’s model differs from so far published &mown neural cognitive system
models in the following respects: A novel neuronhesbasic building block, modular

architecture based on multifunction perceptionfoese reentrant loops,

match/mismatch/novelty and pleasure/displeasuremsgsand signals and their use in
system control. The neural system is also non-niginigre operation is not based on
synaptic weight adjustment algorithms like the bpobpagation algorithm etc.

According to the author's best knowledge the siitnoita system is also able to

produce more cognitive functions than any othenalenet based simulation system
so far.

11.3. Future Research

Future personal cognitive assistants, agents abdiganeed the faculty of natural
scene, sound and speech understanding. Persosadlieghistory, even a short one, is
needed so that near future activity can be planAechbot must remember what it
took where so that it can go back and get it wheeded again. Motivational drives
are needed so that useful actions can be purseadnibg must be possible as well as
judgment of the external conditions as well asesyst own plans and acts.

At this moment the cognitive simulation system bame of these needed functions
and abilities even though this cognitive powerti sather limited. The visual input
is limited to simple figures and instead of a r@atal system there is only text input.
The system is not able to recognize visual motiond aelated concepts. Also
comparisons like “bigger — smaller” etc. are nosgible, as related signals are not
generated by the visual system. The linguisticitadsl of the system are still modest.
The functions of motivation and drives have notrbéemonstrated.

Even though the system has inner imagery and tive éf inner words and it is able
to limited cognitive operations by introspectinges$k inner representations it is not
conscious in the full sense. The system does nat Aasense of passing time, it does
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not have personal episodic history, it does noeHawdy reference that would enable
the concept of self, it does not perceive its owistence.

Nevertheless, the platform for inner imagery andemspeech with the faculty of
introspection is there. The structure of the newand the overall architecture allow
easy expansion.

Improved visual resolution and the ability to handlisual objects consisting of
subcomponents could be easily achieved by reviiegvisual system parameters.
Primed perception and the association of meaniotl, dlready accomplished, should
turn out to be useful functions when natural sagmgerstanding is attempted.

The addition of a real aural system is in principlessible by replacing the letter
signals by sound feature signals. However, sound ismporal phenomenon and
should be processed on the fly unlike the stilkypies now captured by the camera.
This would necessitate the use of separate dedicadmal processor for the sound
preprocessing. Sound and speech understandingdsalsal benefit from the primed

perception and association of meaning.

Improved language skills call for more versatilesasative connections and
temporal/parallel transformations. It may well besgible that the grounding of
linguistic meaning calls for additional sensory ralities like tactile, taste, smell etc.
so that the necessary signals that represent gssations can be generated in the
first place.

The use of a computer as the cognitive systemaptaif no matter how fast, will
become impractical as the system size is increa8edule-based discrete-time
simulation will not capture all the nuances of atlsaparallel continuous-time system
with various floating thresholds, anyway. Therefaledicated associative neuron
group integrated circuits should be developed. Atey realized with these chips
would no longer be a mere simulation, it would bee@ cognitive processor, a real
thinking machine, light-years away from any compwie far. Would it be conscious,
too? Would it eventually have a mind and soul? Tkeatains to be seen, but in any
case it would exhibit many of the attributes nodgnaksociated with human cognition
and consciousness.



