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EMBODIMENTS OF THEORIES OF MIND: A REVIEW AND A
 
COMPARISON
 

PETROS A. M. GELEPITHIS I 

This article reviews the basic elements of four major programmes of research on 
intelligent architectures and their underlying theories of mind, and briefly com­
pares them (section five) against a set of design requirements for general intelli­

gence. 
The rationale for my choice is threefold. First, each and every programme 

draws upon at least two of the disciplines constituting cognitive science and aims 
at covering aspects of both human and machine cognition. Second, in comple­
ment to the first one, each programme draws, primarily, upon a different disci­
pline. Specifically, in section one, Soar's development relies heavily on AI prac­
tice. In section two, ACT* is greatly influenced by psychological considerations 
and findings. In section three, Edelman's Theory of Neuronal Group Selection is 
based on evolutionary and neurophysiological findings and principles. Finally, 
in section four, Arkin's autonomous robot architecture, goes back to the cyber­
netic roots of psychological. and neuroscientific studies and illustrates nicely their 
impact on the design of intelligent robots. Finally, the programmes, viewed 
collectively, illustrate well the two major contrastingweltanschaungs underlying 
the development of such theories and their implementations. 

Of course, choice implies exclusion and I would like here to say a few words 
about two additional research programmes which had to be left out of this re­
view. First, is The Society of Mind, an ambitious proposal by Marvin Minsky 
[43] to explain the workings of the human mind. His approach is synthetic as­
suming that an intelligent entity can be built "from many little parts, each mind­
less by itself." (ibid. p 17). These parts or particles or processes as sometimes 
Minsky refers to are called agents. Unfortunately, the numerous agents, which 
are rather briefly introduced have not really been integrated. This results into an 
interesting reading but not a unified theory of cognition and definitely not an 
embodied theory of mind. Second, it is Hollandet al's [37J work which may be 
seen as a framework for the development of a theory of III ind that would posit 
induction as its backbone. 
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1. SOAR AS A \JNIFIED THEORY OF COGNITION 

Soar is an architecture for general intelligence. It started being developed in the 
early 1980's supporting a considerable number of problem solving methods. As 
its repertoire was extended, the original methodological commitment of using 
human behaviour as a guideline for its development was turned into the objective 
of closely modelling human behaviour. Most recently it has been proposed 
(Newell [45]) as a candidate architecture embodying a unified theory of cogni­
tion. This proposal aims to provide a detailed theoretical framework for under­
standing cognition and its key notions are knowledge, representation, search, 
computation, symbols and architecture. Within that framework, the notion of 
'intelligence' (and on that basis of Al itselt) is defined in terms of the notion of 
the know/.:"!!." level. The rest of this section introduces the notion of architecture 
and Soar itself and briefly comments on the latter's candidacy as a unified theory 
of cognition. We start with Newell's definition of architecture intending to cover 

both human and computer architectures I: 

"An architecture is the fixed structure that rcalizcs a symbol system." 
(Newell [45], p 80). 

Firstly, a clarification concerning the term 'fixed'. This must not be taken to 
mean immutable. As Newell repeatedly emphasised, fixed structure means 
changing relatively slowly. More importantly, "the fixed structure that realizes a 
symbol system" does not refer to all the structure that may realise a symbol sys­
tem. Some parts of the overall structure have to change, even momentarily, for 
behaviour to occur. In Newell's terminology, "[such] momentarily varying 
structures are labeled the memory content." (ibid. p 78). 

Newell's conception of the human cognitive architecture is based on three 
more or less reasonably assumed constraints. First, human cognitive architecture 
supports mind-like behaviour. This follows from combining the Physical Sym­
bol System Hypothesis (I'SSI1) with the above definition of architecture. Sec­
ond, human cognitive architecture is realised in "neural technology" (i.e., neural 
circuits operating at approximately l Oms). Third, given that the minimum time 

I I o he 1l11ll'd Ih~lt thiS is not a universally accepted couccpuon. but it Illight \\.:11 become. Alter­

1l.IIIVC~ II1L'1l1dt: Pylyshyll (!·1()j. p. 1(1) ddincs the nouou or'cogllJll\"l: ;lrdlltl'clllrc' as the uiuquc 

organisalHl1l level ;11 which the slates heing IHOlTsscd receive a cognitive interpretation l-ur 
Simon ([5·11. p 3M) "Architecture is simply a high-Il'vd dcscripuon 01" the brain ill tcrrux of its 
iufonuatiou-pruccsxing properties." (Ohangt:u\ and l Jchacuc (1171, p. ()6) \ICW the notion of hu­

11\:11\ architccturc dittcrcntl y It IS equilled wuh the Iltllioli Or;\ phJ'dl"al >,lllIlIUrl' which. ilItIIlJ~ with 

II..., "~",Oll,lll'd tuncuon-, convutu!c a p,IIIIClIl;1l level 01 oq!illll...,i1tJIlII 11\ hlll!llgicil systclll ...., 
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required for cognitive behaviour to occur is of the rough order of seconds, mini­
mal eognitive behaviour should be realised approximately within I OOx 1Oms; this 
assumed constraint has been variously called "the 100 program-step limit" 
(Feldman and Ballard [24]), or the "real-time constraint on cognition (Newell 
[45], p. J30). 

Soar's overall architecture may be seen in Figure I. As with all complex 

system~ls ~1 

Chunking 

Decision 

Production memory 

Perceptual systems Motor systems 

Figure 1. Overview of the Soar cognitive architecture 
(Newell, et al. [46], p. I I I) 

Soar can be described at several levels. The ones so far described are the prob­
lem space and symbol levels (Laird 1'1 ai. [40\), and the knowledge level (Rosen­
bloom et al. [SIll. Here we only use clements of these descriptions to the extent 
that they contribute to our stated goals. It should be noticed that Soar's percep­
tual and action subsystems are still nascent. In what follows we concentrateon 
Soar's central cognition. There arc six main characteristics. 

First, in Soar the overall representational framework is provided by problem 
spaces. Each and every cognitive task is represented by a problem space; this 
uniformity has been termed the problem S/I{/('(' hypothesis (Newell [451, p. 163). 
To accomplish a given task Soar fonnulatcs a problem space which has to be 
appropriately searched. This search requires two familiar types of search: prob­
lem-space search, and knowil'dge search The former, ubiquituouxly used in AI 
Iroru its very beginning, cOIl',i,t, (If applyint'. operators to a ';tatc to create new 
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states. The latter, come to fore with the advent of the knowledge-based approach 

to AI, consists of finding the appropriate knowledge required to be used and its 
relevance is determined by the current state and problem-space created. Knowl­

edge search is more widely known as heuristic search (although some may argue 

that the latter is a special case of the former). The Soar architecture is built to 

accomplish four primitive functions: (i) selection of appropriate problem space; 
(ii) selection of a state from those available; (iii) selection of an operator; and 
(iv) application of the operator to obtain new state. 

Soar's second feature, the memory uniformity assumption, "is that all of its 
long-term memory is constructed as a single production system." (ibid. p. 164). 

All knowledge, both for guiding the problem solving and for implementing the 
operators resides in the system's production (or recognition) memory (see Figure 
I). This is a highly contentious hypothesis; see, for example, ACT*'s memory 

hypotheses in Section 2 and Tulving [57]. In contrast to the usual characteristics 
of a production system, Soar: (i) cannot modify the elements of its working 

memory or take any other actions; and (ii) has no conflict resolution strategy. 
This makes Soar very similar to a content-addressed memory system. 

Its third main characteristic concerns thc representation mechanism used. lt 
is the oldest and most widely used AI representational scheme: O-A- V triplets. 
In Soar both the Attributes and Values may be other Objects, but there are no 
default values or automatic inheritance procedures. 

Soar's fourth characteristic, and third uniform feature, is called the decision 
cycle. It consists of two phases: elaboration and decision. During a given elabo­
ration phase all knowledge that is available about the current situation is ac­

quired. At the end of it a set of preferences- have been accumulated in Soar's 

working memory. As the reader may already have anticipated, (see feature one 
above), the elaboration phase reaches a quiescence only after all productions 

whose conditions are satisfied have been fired and their corresponding working­
memory elements have been added into the working memory. After quiescence 
has occurred the decision procedure starts operating on the set of accumulated 
preferences and is based on the following preference language: accept/reject, 

better/indifferent/worse. This operation takes place within a particular context! 

slack consisting of a goai-subgoal hierarchy starting with Go' It should be no­

ticcd that the decision procedure: (i) uses 011 preferences available in the working 
memory, regardless of the time they were produced by an elaboration phase, and 
none o fthe non preference clements present in It. 

2 lcnn uxcd ill Soar; II rcfct x 10 \..·hat actmu is to be 1<1\.\(.'11
 

\ t\ context is a quadruple specifying a gnaJ. a problem space, a st.uc, and an opcrutor ; ~Ylllh()1 ((I,
 

I'. S. 0) 
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If an unequivocal choice can be made then that choice is being made and 

Soar begins a new decision cycle. Nevertheless, more often than not, given that 

the set of preferences produced is arbitrary (it may be even empty), such a choice 
can not be made. Each and every case that produces no clear choice is termed an 

impasse. There are four possible types: (i) a tie impasse, whenever a discrimina­

tion can not be made from among a set of alternatives; (ii) a no-change impasse, 
whenever no choices arc available ("Either they have all been rejected or nothing 

was ever declared to be acceptable." Newell [45], p. 175); (iii) a reject impasse, 
whenever rejection of a decision already made occurs as a preference and, there­

fore, a what-to-do next query arises; and (iv) a conflict impasse, whenever con­
flicting preferences are produced by the productions fired (e.g., preference, : 0, 

better than 02; and preference2 : 02 better than 0,). 

To resolve an impasse, and then only, Soar creates a subgoal. That is a goal 
context consisting of a goal and slots for a problem space, state, and operator, 

i.e., (G, -, -, -), Given a new subgoal and the set of preferences in working mem­

ory Soar 

"might first choose a problem space (g, p, -, -), then an initial state (g, p, 
s, -), then an operator (g, p, s, 0). Installing the operator releases the 

knowledge that implements the operator and produces a new state (s') in 
working memory, which might then be chosen on the next decision cycle 
to be the next state (g, p, s', -). Then the next operator (g, p, s', 0') is cho­

sen, then the next state and so on, to move through the problem space to 

attain the desired state." (ibid. p 173). 

Of course at any point several operators, instead of one, may be proposed, a tie 

impasse be created, and a second problem space set up to make a selection. Al­
though an operator can nnw he selected, it may be possible that not enough is 
known for the required productions to fire within the elaboration phase. This 
leads to a third problem space, and possibly into a hierarchy of problem spaces 

bottoming out when there is sufficient knowledge in a space to enable it to ilCt.-

Thc final main feature of Soar's architecture is called chunkim; and, ac­
cording to Newell, is learning from experience; it may also he seen as a Iormof 
explanation-based learning. Ihe basic idea is that whenever some results have 
been obtained an 'appropriate' production P is created and added to Soar's LTM. 

Assuming 1': (' r ('2' ... , ('/1\ ---/ A I' ... , A/I' Then, P is appropriate if and only 

if: 

obtained resultsA I' ., A/I 
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C J' Cl' ... , C = the working memory elements existed before problemm 
solving started and used to produce the obtained results. An appropriate chunk­
ing production is called a chunk. Chunking may drastically reduce search when­
ever Soar faces exactly the same situation again. This exactitude requirement 
needs a bit of clarification. Newell (ibid. p 189) writes: 

"But the exact same situation means that all the elements in working 
memory at the time of the left-hand solid vertical [i.e., an impassse) are 
the same. Yet, only elements that were relevant to producing the result 
were picked out in building the chunk. All the rest are irrelevant. The 
chunk will not test for any of these" 

This of course means that, in our example chunk, any situation containing the 
elements (A, B, C), will evoke the chunk and therefore may lead to over gener­
alisation. This may happen during human learning too and there seems to be no 
general solution to it. 

Chunking, usually, improves the performance of Soar primarily by reducing 
the number of steps required. Nevertheless, this reduction is not always suffi­
cient because of the existence of expensive chunks, i.e., "chunks that require a 
large amount of effort in accessing them from the knowledge base." (Tamble et 
al. [56]). They have shown that, by restricting the expressive power of Soar's 
production system, language expensive chunks disappear. 

With chunking introduced we have completed our description of Soar's cen­
tral cognitive architecture. For a system to be capable of exhibiting intelligence 
in the real world though, perceptual and motor processing is a must. The next 
couple of paragraphs briefly introduce the basic theoretical, (not, presently, op­
erational), ideas of Soar's perceptual and motor systems, as well as extensions to 
some of its basic ideas already introduced. 

The first idea concerns Soar's working memory. In the "total cognitive sys­
tem" (Newell's term for the perceptual, motor, and central cognitive subsystems) 
its role is augmented to include that of buffer memory, providing thus the cogni­
tive system with thc lime required for its processing. Although some buffering 
should almost certainly exist the necessity of this assumption ("buffering must 
occur" Newell [45], p. \95) is almost certainly mistaken. 

The second basic idea concerns productions. There arc two additional sets of 
productions: the first, called encoding productions, puts "the clements into a form 
to be considered hy central cognition."; the second, called decoding productions, 
"provide the expansion and translation of the motor commands produced by the 
cognitive system into the form used by the motor system." (ibid. p. 197). Thc 
only difference is that lor the encoding and decoding productions there is no 
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such thing as the decision cycle; they are entirely free of the goal context staek. 
Whatever their function all productions arise from chunking. This is the second 
central assumption of the total cognitive system. Its importance, if true, would 
provide an integrated basis for perceptual and motor learning and their relation to 
deliberate cognitive learning. 

2. ACP AS A COGNITIVE ARCHITECTURE 

This section provides a brief introduction to the work of J. R. Anderson and 
his team on cognitive architectures and, in particular, ACT*. Specifically, we 
present the fundamental assumptions of Anderson's theory of mind and his gen­
eral framework for ACT*, introduce the basic mechanisms of the latter, and indi­
cate its applicability. ACT* started being developed back in the early seventies 
(Anderson and Bower [6]), and is the basis for a number of theories, remedial 
systems, and extensions proposed within the so called ACT framework (e.g., 
ACTE (Anderson [I]); PUPS (Anderson and Thompson [7)); ACT-R Anderson 

[5]). 
ACT* (Anderson [2), p. ix) "is a theory of cognitive architecture-that is, a 

theory of the basic principles of operation built into the cognitive system." It 
should be noticed that Anderson's later work on human cognition put emphasis 
on a different methodology ("a different level of analysis") based on his principle 
of rationality and considered the notion of a cognitive architecture as, essentially, 
subservient to that of a rational analysis (Anderson [3, 4)). He nevertheless, 
hoped that ACT* and rational analysis would share some general presuppositions 
concerning the workings of the human mind and that an update of ACT* com­
patible with his rational analysis approach to human cognition would be possible. 
This indeed happened in the ACT-R architecture (Anderson [5)). Although 
"[T]he ACT-R theory is the best specified of the ACT theories.", the majority of 
its assumptions are identical or slight generalisations of the ACT* theory. On 
that basis and the fact that ACT* is still more widely known we have confined 

out attention to it rather than ACT-R4 -. 
Two assumptions are at the core of his theory. First, that higher-level cogni­

tion (what Anderson seems to equate with thought) constitutes a unitary human 
system, i.e., all higher-level cognitive functions are explainable by a single set of 

4 The reader is referred 10 Anderson 151 Ior a derailed discussion of ACT-R's theoretical assump­
tions, (illl:ludilig a comparison with A( 'T·), ami a drscussiou 011 i~sllcs related 10 rulc-baxcd ,""ys· 

tCIHS (rules hellig c lairucd 10 constitute the huilding hlOl.:ks 01 coglllllYc Sk jllv} 
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principlcs'. Second, that production systems provide the appropriate computa­
tional architecture for modelling, at least aspects of, human thought. 

The general framework for the ACT production system consists of three 
types of memory: declarative, procedural and working and six processes: en­
coding and performance which link the working memory, and hence the overall 
system, to the outside world; storage and retrieval relating working with declara­
tive memory; and match and execution linking working with procedural memory. 

Working memory and the processes associated with it constitute the core of 

the system. ACT's working memory contain the currently accessible information 
of the system. This information may be: (i) information retrieved from the sys­
tem's declarative memory; (ii) information deposited through the system's en­
coding process; and (iii) information deposited into the working memory through 
the execution process. All working memory information is characterised by two 
things, First, it is in a active state, and second, it is in declarative form (either 
permanent or temporary). As Anderson ([2], p. 20) writes: 

"The storage process can create permanent records in declarative mem­
ory of the contents of working memory and can increase the strength of 
existing records in declarative memory." 

Specifically, 

"When a temporary cognitive unit is created and there is not a permanent 

copy of it, there is probability p that a permanent copy will be created. If 
there is a permanent copy, its strength will be increased one unit." (ibid. 
p. 22) 

The rest of the processes are self-explanatory or standard productions systems 
terminology. 

Declarative information (Anderson calls it knowledge, without distinguishing 
between the two), comes into chunks called cognitive units. Following Wallach 

and Averbach [591. Anderson assumes three different representational types for 
these cognitive units: abstract proposition, encoding meaning; spatial image, en­
coding spatial configuration; and temporal string encoding the order of a set of 

. items. For example, a cognitive unit may represent a proposition like (love, Jane, 

John); a spatial image like (a circle above a triangle); or a temporal string like( 
onc, two, three, four). Cognitive units cannot contain more than five clements. 

lhc alternative, the faculty approach, rejects (he assumption that uniform principles or growth orII: 
'1 1, karning provide the ha~is ofhrain's development (sec, c.g., Chomsky IIH!)
t 
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For example, (a small circle above a triangle) is not a cognitive unit. One can 
nevertheless use cognitive units as elements of other cognitive units, thus creat­
ing complex hierarchical structures. Cognitive units or elements arc seen as 

nodes and their connections as links of a network. It is assumed that: . 

"At any time I, any cognitive unit or element i has a nonnegative level of 

activation aIt) associated with it." 

and, expectedly, each cognitive unit or element has a strength, sl' on the basis of 

which the relative strength of a link is defined (see Anderson [2], p. 22 for the 
defining function, and pp 169-170 for calculating the activation of a pattern 

node). 
This notion of activation level actually represents the likelihood that a par­

ticular piece of information will be useful at a particular time t, and hence it is 
different from the neurophysiological conceptualisation of it. Equally, it is remi­
niscent of, but distinct from, the physical notion of field; as Anderson (ibid. p. 
89) put it: "Activation flows from a source and sets up levels of activation 
throughout the associative network." There are three sources of activation: 

(i)	 an encoded environmental stimulus (e.g., the encoded form of an image, 

or word); 
(ii)	 the information structures determined by the execution of a production 

rule; and 
(iii) the focused elements of working memory information structure. 

The state (not the behaviour) of the system over time is given by a postulated 

differential equation describing the change in activation level in terms of a quan­
tity positively proportional to the amount of input and negatively proportional to 
the current level of activation. Activation is arguably the most important single 
process in ACT theories. It defines ACT*'s working memory and its change de­

termines the central operations of the cognitive architecture. To these operations 

and notions we turn next. 
The central control mechanism of ACT* is an activation-based, data-flow 

pattern matcher (ADPM). It is a synthesis of Forgy's [25] data-flow PM and 

McClelland and Rumclhart's interactive activation model (McClelland andRu­
melhart [42]; Rumelhart and McClelland [52]). This mechanism actuallyrealises 
the following five conflict resolution principles characterising the ACT theory: 
(i) degree of match: (ii) production strength; (iii) data refractoriness; (iv) speci­
ficity; and (v) goal-dominance. Such a mechanism sets ACT> apart from, 

probably the majority of, other production systems which apply conflict resolu­

tion after pattern matching. 
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ACT's pattern matcher is capable of both full and partial matching and de­
signed to prefer the former over the latter. Production strcngth reflects thc frc­
qucncy with which a production has been successfully applied in the past. 

Data refractoriness refers to the idea that the same data cannot serve in two 
patterns simultaneously. For example, the Necker cube lines responsible for 
producing the two distinct representations of the cube. Consequently, data 
matched to one production cannot be matched to another one. Specificity is a 
standard AI option in conflict resolution; if two productions match the same data 
preference is given to the one with the most 'specific' condition. In ACT a rule A 
is considered more specific than a rule 8 if A's condition matches in a proper 
subset of the situations where B's condition would match.". 

Goal-dominance is straight forward; productions referring to the current goal 
(it can only be one) take precedence over other applicable productions. If more 
than one goal-directed rules are applicable (i.e., match the current active goal) 
combination of principles (i), (ii), and (iv) select the one that will apply. Goal­
dominance as a conflict resolution principle is sharply contrasted with Soar's 
complete lack of it (cf. Section I). 

The ACT theory has been tested on three domains: memory, learning, and 
language. With respect to memory, ACT's theory of memory follows directly 
from the knowledge representation scheme employed, and addresses successfully 
a number of issues concerning the encoding, retention, and retrieval of short sto­
ries and discourse. Within procedural learning ACT addresses phenomena of 
cognitive skills like computer programming and decision making. Tasks within 
these domains are particularly well suited to be represented by production rules. 
A fact that has led Anderson ([5], p. 4) to claim that "a cognitive skill is com­
posed of production rules." With respect to language ACT's performance was 
rather restricted. It involved a couple of simulations of child language acquisi ­

tion producing linguistic output in the form of a set of productions.
 

J. A BIOPHYSICALLY BASED THEORY OF MIND 

A thcorv olnund based on evolutionary and neurophysiological findings and 
principles is currently under development by Edelman (e.g., [22,23]. This the­
ory is known as the Theory of Neuronal Group Selection (TNGS), and incorpo­
rales a new approach. synthetic neural modelling, to the construction of intclli­
gent entities (sec, for example, Rceke ct al [50]). The aim of this section is to 
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providc an outline of TNCJS and Darwin III, a complex automaton built on the 

basis of its basic postulates." 
We start with introducing the three fundamental tenets of the TNGS: devel­

opmental selection, experiential selection and reentrant mapping. Developmental 
selection is concerned with how the brain anatomy "is first set up during devel­
opment". It is assumed that the combined effect of three major types of events: 
molecular regulation, growth factor signalling, and selective cell death, result 

into a variety of anatomical networks called primary repertoires7. The selective 
nature of primary repertoire creation is assumed to be due to the topobiological 
competition of neuronal populations. Of course, developmental selection is con­
strained by the genetic code but the latter does not determine the specific con­
nections of the primary repertoires. It is this nature-nurture interplay which pro­
vides the richness of individuality within the human species. 

Experiential selection is the name given to the mechanism responsible for 
creating secondary repertoires through the selective strengthening or weakening 
of synaptic connections. It should be noted that developmental and experiential 
selections are intermixed. The primary reason is that synaptic modification or 
creation may well occur even in the developed brain as, for example, when new 
neuronal processes sprout out and form additional synapses. 

The selectional mechanisms described above constitute the elements out of 
which the third mechanism- reentrant mapping or reentry- is being built. This 

process is postulated to explain how brain maps8 interact and aims to provide (in 
combination with memory) at least some of the sought bridging laws between 
psychology and physiology. Not surprisingly, Edelman ([23], p. 85) considers 
this tenet to be 

"perhaps the most important of all the proposals of the theory, for it 
underlies how the brain areas that emerge in evolution coordinate with 
each other to yield new functions." 

Reentrant mapping is characterised by three properties. First, map formation 
through primary and secondary repertoires action. Second, formed maps "are 

6 For a derailed overall description of Darwin III and its functional subsystems the reader is re­
ferred to Rcckc et al 150J In the same article a brief comparison or the design principles of Dar­

will III with counccuunist, 1\1 and other neurobiological models is being made. 

7 A repertoire may de defined as a neuronal group able 10 respond 10 auy of a wide L:lass of inputs 
(sec Rcekc ct (II 1501. Edclmalll23IJ Repertoires arc disunguishcc; into prunary (arising by proc­

esses of somatic selection) and secondary (arising hy selective modificauon of synapses). 

8 1\ map may he defined as a collccuon or class of rcuronal groups 
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connected by massively parallel and reciprocal connections". Finally, connected 
maps interact through "reentrant signalling", that is, "as groups of neurons are 
selected in a map, other groups in reentrantly connected but different maps may 
also be selected at the same time." (ibid.). 

Reentry is related to the notion of feedback but is fundamentally distinct 
from it. Reeke et al. ([50], p. 150 I) specify five differences. First, "Reentry is 
inherently parallel and involves populations of interconnected units, whereas 
feedback involves the recursion of a single scalar variable." These populations 
are neuronal groups within brain maps. Second, reentry is 'distributed' in the 
sense that each area or map "simultaneously reenters to many other" areas or 

maps. Third, reentrant connections are not all used at all times". Fourth, reen­
trant mapping "is used more for correlation than for error correction or gain con­
trol." Finally, as Edelman's quote above indicates reentry can give rise to the 
creation of novel functions. 

This concludes our brief introduction to the three basic postulates of the 
TNGS and we proceed to describe its true heart consisting of the mechanisms 
proposed for perceptual categorisation, memory, and concept formation. 

Perceptual categorisation may be defined as "the selective discrimination of 
an object or event from their objects or events for adaptive purposes." (Edelman 
[23], p. 87). The basic structure for perceptual categorisation is called global 
mapping. It contains a number of neural maps interacting both among them­
selves and with nonrnapped parts of the brain like the basal ganglia and the hip­
pocampus. Interactions within a global mapping allow 

"selectional events occurring in its local maps ... to be connected to the 
animal's motor behavior, to new sensory samplings of the world, and to 
further successive reentry events." (ibid. p. 89). 

This complex, higher-order, dynamic structure provides the basis of perceptual 
categorisation through 'appropriate' selection of neuronal groups within its maps. 
According to the TNGS, 'appropriateness' refers to internal criteria of value 
which constrain the domains in which they occur without determining specific 
categorisations. 

To illustrate the above description let us briefly consider Darwin III, a com­
plex automaton of the Darwin series, designed to demonstrate both the feasibility 
of perceptual categorisation on the basis of global mappings and the constructa­
bility of devices which exhibit sensorimotor capabilities "without the use of a 

<) lhis properly is taken as evidence fix the statistical nature of reentry. 
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priori definitions of categories, codes, or information-processing algorithms. 

(Reeke et al. [50], p. 150 I). 
Darwin III consists ofa simulated nervous system, a simulated movable eye, 

and a simulated four-jointed arm!". Its nervous system consists of a set of inter­
connected repertoires. In a particular version of the system, its major subsystem, 
categorisation, is supplanted with oculomotor, reach, and tactile subsystems of 

neuronal groups. 
A simple form of 'appropriate' behaviour as value-constrained categorisation 

occurs in Darwin III by having visual value circuits built on the basis of, for ex­
ample, "Value = "light is better than no light". In cases like these the interaction 
of the resulting value circuits with Darwin Ill's categorising reentrant systems 

result into selective synaptic strengthening. In Edelman's words: 

"the action of these value circuits enhances the probability that synapses 
active when such circuits are engaged will be strengthened in preference 
to competing synapses. The net result is that with selection and experi­
ence the eye of the automaton tracks signals from lit objects." (ibid., p. 

92) 

It should be stressed, nevertheless, that neither somatic selectional systems nor 
value-based circuitry are on their own adequate for behaviour. They are rather 

singly necessary and jointly sufficient conditions. 
Regarding memory and, especially, concept formation Edelman's proposals 

are considerably less developed. Nevertheless, his approach is equally sound 
and, with respect to some of the findings of most of the other disciplines com­
prising cognitive science, his views are significantly more encompassing and 
accommodating than those of, say, Allen Newell. On the other hand, the reader 
is left, not infrequently, with the impression that some major theories developed 
in disciplines other than the neurosciences, are treated less convincingly than one 
would like to see. A case in point is Chomsky's research programme and associ­
ated theories (see, for example, Chomsky [18, 19]. Similarly, psychological 
theories of memory (e.g., Craik and Lockhart [21); Gathercole and Baddeley 
[26]; Schank [53]) are not at all considered. Still his goal of putting the study of 
the mind on finn biophysical bases is commendable and a needed antidote to the 

exclusively computational, or psychological theories of mind. 

10 A robot called NOMAD (Neurally Organized Multiply Adaptive Device) and based on Darwin 

Ill's principks is currently under convrrucuon: it cOII'..i~h of the sallie three typcx of subsystem» hUI 

with il more complex nervous system 
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His starting point, the definition of memory as "the ability to repeat a per­
formance" is questionable, in particular since he does not use 'performance' in 
any special technical sense. Furthermore, he does not provide any sort of bridge 
between this high level and very general description and his subsequent descrip­
tion of memory in terms of the basic principles of selection and reentry. Edel­
man's ([23], p. 102) views of memory, in terms of the theory of neuronal group 
selection may be best summarised by the following excerpt: 

"The TNGS proposes instead that memory is the specific enhancement 
of a previously established ability to categorize. This kind of memory 
emerges as a population property from continual dynamic changes in the 
synaptic populations within global mappings - changes that allow a cate­
gorization to occur in the first place. Alterations in the synaptic strengths 
of groups in a global mapping provide the biochemical basis of mem­
ory." 

The questions then are: What sort "of specific enhancement"? How exactly did 
this specific enhancement come about? On these questions Edelman is silent, he 
does nevertheless make three quite interesting, if not important, points on mem­
ory. 

The first point to be made is that the proposed kernel of a theory of memory 
makes a clear distinction between synaptic modifications, the physiological basis 
of memory, and memory itself which is seen as a systemic property emerging 
from dynamic interactions at the neuronal group level. The second point is a 
straightforward consequence concerning recall. Since an animal is a dynamic 
entity it finds itself in continually changing contexts, such differing contexts 
contribute to the creation of similar but distinct perceptual categories corre­
sponding to similar but distinct neural formations. On such a basis, recall acti­
vates "the prevailing neural formations" (Gelepithis [27, 28]), or as somewhat 
di fferently Edelman ([23], p. 102) put it: 

"Recall involves the activation of some, but not necessarily all, of the 
previously facilitated portions of global mappings." 

The above features also give rise to the property of incxactcncss and the great 
generalisation capability characterising human memory. Of course, major ques­
tions concerning the real mechanisms still remain but even mere presentation of 
these would have taken us well beyond the scope of this article. 

The last point concerns the relationship between short-term and long-term 
memories. Since neither classification couples nor global mappings could enable 
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the ordering of appropriate neural formations, which is a necessary requirement 
for having memories spanning any internal of time, additional brain structures 
need to have been developed. According to the TNGS these structures include: 
the cerebellum, the basal ganglia, and the hippocampus. Edelman summarises 

their memories-related functions in these words: 

"Had the structures and neuroanatomy of the cerebellum, or something 
like it, not evolved, smoothly coordinated and rapid motion would be 
compromised. Without the basal ganglia and their specific anatomy, 
animals would not be able to orchestrate whole symphonies of move­
ments in a plan. Without the functions provided by the hippocampus, 
whole suites of categorization in a time range between the immediate and 
those forever stored could not be linked. And without that linkage, no 
long-term memory could be coherent." (ibid. p. 107). 

In summary, new connections triggered by evolutionary development provide the 
basis for new memory functions beyond those occurring in lower vertebrates. 

Concept formation is considered a fundamental ability which appeared prior 
to the development of language. As such primary linguistic constraints like ar­
bitrariness, or sequentiality do not apply to concept formation. The theory of 

neuronal group selection 

"proposes that the evolutionary development ofspecialised brain areas is 
required before conceptual abilities emerge. The argument supporting 
this proposal is based on the notion that a simple increase in the number 
of reentrant maps capable of perceptual categorization is insufficient to 
account for concepts. Conceptual categorizations are enormously het­
erogeneous. and general. Concepts involve mixtures of relations con­
cerning the real world, memories, and past behavior. Unlike the brain 
areas mediating perceptions, those mediating concepts must be able to 
operate without immediate input. (ibid. p. 108-109). 

It seems that brain areas like the temporal, parietal, and especially frontal cortices 
are quite likely to have been able to support the activities required by the com­
plexities of conceptual categorisation. It is in particular suggested that "the brain 
constructs maps of its OWl/ activities" in addition to those (perceptual maps) 're­

flecting' aspects of the external world. 
One thus envisages what may be called conceptual brain structures responsi­

ble for categorising and, even more importantly, recombining neural formations 
and probably brain activities which had been created or occurred as the result of 
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perceptual categorisations. Such activities can naturally lead to the stage where 
conceptual brain structures will distinguish classes of global mappings (e.g., an 
object from a movement class). Edelman finishes his treatment of concept for­
mation with a couple of claims in need of elaboration. He writes: 

"It is also possible to sec how events may be categorized as "past" with­
out necessitating their being played out in present brain activities, as they 
must be for short-term memory and for the hippocampal succession 
leading to long-term memory. Furthermore, one can see how concept 
areas, by recursively restimulating portions of global mappings contain­
ing previous synaptic changes, give rise to combinations of relationships 
and categories." (ibid. p 110). 

Although plausible these claims: (i) hinge upon some fundamental assumptions 
which need to be spelt out clearly; and (ii) presuppose the existence and work­
ings of several mechanisms in need of specification and testing. Still, Edelman's 
account of concept formation solely on the basis of his TNGS tenets, the proc­
esses of perceptual categorisation. memory, and learning alterations of reentrant 
connectivity, open the way for its interesting account of consciousness I I in terms 
of further reentry connectivity alterations. 

4. AuRA: AN INTEGRATED, BIOLOGICALLY-INSPIRED ROBOT 

This section briefly reviews a case study illustrating the impact of cybernet­

ics on the design of intelligent robots. Of the several 12 integrated robot systems 
we selected AuRA (Autonomous Robot Architecture) for two reasons. First, it 
attempts to integrate two of the most interesting and promising approaches to 

II For a review of the major theories of cOnSCiOlJSnCSS, including Edelman's. sec Gctcpithis l341. 
'2 Congdon eI al . 12UI provide an interesting comparison of the Ci\HMU. and I'Li\KFY mbntic 
architectures (they finished first and SCc.:OIllJ respectively ill the 1')92 Robot Competition sponsored 
by the i\i\AI) Nourbakhsh et af. 147) may be consulted for introducing the winning robots for the 

1993 event For a very successful, autonomous. real-world operating. tactical driving system the 

reader is referred to Pomerleau and Jochem (48), and Jochem and Pomerleau IJHI. Commercial 

robots II\OSI of lh..: times look and sound impressive but they usually employ not lip to dale tech .. 

nology Fred the robot, for example, can 'sec' through walls. detect body heat and motion /50 feci 

in any direction, navigate over "I relatively smooth terrain, ami can wnm of lire or flood. Fred is 

already patrolling the World Trade Centre in Boston and is being marketed across the US at a cost 
of ~()<rO()(). It sounds good hut it~ technology is or the early I <)XO's 
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planning. Second, it employs concepts from biological systems, thus initiating a 
much needed conceptual interaction among disciplines. 

The philosophy underlying AuRA may be best described as an attempt to: (i) 
integrate aspects of the knowledge-based and reactive approaches to planning; 
and (ii) employ ideas from biological systems as captured in disciplines like 
ethology, psychology, neuroscience, and cybernetics. From the reactive approach 
to planning, it primarily borrows the idea that tasks can be decomposed into a 
collection of low-level primitive motor behaviours. This idea takes the form of a 
schema-based methodology we introduce in Section 4.1. The notion of schema 
can also be seen from the perspective of capturing aspects of the functioning of 
biological hardware, From this perspective, in the abstracted form of schemas, it 
is seen as a much more promising approach than the structurally-based approach 
of artificial neural networks. From the knowledge-based approach to planning, 
models of world knowledge can be used as long as they: (i) provide expectations 
for perceptual processes (i.e., what to look for); (ii) provide focus of attention 
mechanisms (i.e., where to look for it); (iii) initially configure sensor fusion 
mechanisms (i.e., how to look for it); and (iv) sequence perceptual algorithms 
correctly (i.e., when to look for it). (Arkin [13]). 

The first biologically-inspired idea is the notion of action-oriented perception 
with roots in both Cybernetics (Arbib [8]) and cognitive psychology (Neisser 

[44]). Its basic principle is that: 

"perception is predicated upon the needs of action: only the information 
that is germane for a particular task needs to be extracted from the envi­

ronment" (Arkin [13]). 

The second biologically-inspired idea is the notion of homeostasis. The term 
homeostasis was coined in the early 1930's by the physician Walter Cannon in 
his book Wisdom of the Body. Essentially, it refers to the processes by which a 
biological system maintains its internal states within a certain range, As such it 
is vital to the survival of the system since it contributes significantly to the provi­
sion of a relatively stable internal state. The basic idea of homeostasis is the 
principle of negative feedback which has since been recognised as an extremely 
important principle for almost all physiological processes and provided the basis 
of Cybernetics. This notion is employed in AuRA by utilising a very simplified 
model of the mammalian endocrine system (see Arkin [14] for details). 
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-l.I. Design Coals, Methodology, and Architecture 

Arkin (12] states six distinct design goals which have motivated the development 
of AuRA. They can be summarised as follows: (i) applicability over a wide 
range of navigational domains, for example, the interior of campus buildings, 
college campus, manufacturing setting, and 3-D navigation in space; (ii) allowing 
for incremental growth and development; (iii) utilising world knowledge; (iv) 
encouraging sensor and vehicle independence; (v) implementing aspects of sur­
vivability; and (vi) exploiting cognitive, neuroscientific, and ethnological mod­
els whenever appropriate for navigational purposes. 

The above design objectives and underlying philosophy are coupled with a 
schema-based methodology to produce AuRA's basic design architecture. 

Schemas have been variously defined both within and outside robotics. I) A 
schema can be characterised by the following two properties: (i) being a primi­
tive unit of behaviour (out of which more complex behaviours can be con­
structed); and (ii) being a frame like representational and control unit. Arkin 
(14] distinguishes three principal types: motor (the basic units of motor action); 
perceptual (the basic units of perceptual activity); and signal (the basic units of 
homeostatic control). To illustrate the notion of schema as employed by the 
Georgia's Institute of Technology mobile robotics team consider the following 
six types of motor schema: 

I. move-ahead: the robot moves in a specified direction at a given velocity. 
2. move-to-goal ballistically: the robot	 moves at a constant velocity towards 

the goal. 
3. move-to-goal in a controlled way: the robot	 moves towards the goal at a 

decelerating velocity (proportional to its distance from the goal). 
4. stay-on-path: (assuming robot on the path) the robot moves at a constant 

velocity towards the centre of the path; if robot off the path, it moves at a 

constant!" velocity towards it. 
5. avoid-static-obstacle: robot moves away from detected obstacle. 

6. noise: the robot's movement is affected by a random element">. 

13 According to Arkin 115J the notion of schemas can be traced back to Kant who used it as a
 

philosophical model for the explanation of behaviour. For a recent exposition of schema theory
 
the rcader is referred to Arbib (91. For a presentation of the ncuroscienrific motivation for schema­


based systems. a discussion on the schema-based robot navigation. and a justification in using
 
sehemas as computational models of perception and action the reader is referred to Arkin liS)
 

I~ Usually in [he latter casc the speed is higher.
 

15t\rkin {151 defines this schema only in terms of its vectorial implementation (sec sect ion on
 

implctucntauou below].
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Section 4.2. gives some examples of schema implementation. The rest of this 
section brietly presents AuRA's subsystems. The overall design architecture is 

illustrated in Figure 2. 
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Figure 2. Functional outline of AuRA's subsystems and top-level architecture of 
its cognitive subsystem. 

AuRA consists of three subsystemst'': perceptual, cognitive, and action (or 
motor). The perceptual subsystem receives all sensory information and directs it 
to the cartographic and planning modules; these are two of the three modules 
comprising the cognitive subsystem, namely, cartographic, planning, and homeo­
static. The cartographic module comprises several submodules. One of them, 
the cartographer, uses the sensory information it receives from the perceptual 
subsystem, for constructing world models maintained in the module's short 
memory. A second submodule, the long-term memory (LTM), stores and main­
tains a priori knowledge. The planning module consist of a hierarchical planner 
and a motor schema manager (a type of a distributed reactive plan execution 
system). The former determines a global path through the robot's modelled 
world. The latter uses the sensory information it receives from the perceptual 
subsystem, for processing by the perceptual schemas. The homeostatic module 
addresses some of the survivability issues concerning robots. It monitors the 
internal conditions of AuRA and feeds the data to both the hierarchical planner. 

16 Termed modules hy Arkin: we think it is better to reserve this term to refer to the major compo­

nents of AuRA's subsystems. 
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4.2. Navigation and Homeostatic Control 

potentially affecting AuRA's high level planning, and the motor schernas them­
selves, potentially affecting AuRA's reactive behaviour. 
translates the results of the planning module into specific commands to be carried 
out by the actual robot R. 

"Motor schemas, when instantiated, must drive the robot to interact with 
its environment. On the highest level, this will be to satisfy a goal devel­
oped within the planning system; on the lowest level, to produce specific 
translations and rotations of the robot vehicle." (Arkin [10], p. 95). 

In this section we take a closer look at how AuRA's navigational behaviour is 
carried out. As we saw in the previous section its basic representational and 
control units are schemas. This mechanism is strongly influenced by the gener­
alised potential fields approach of Krogh [39]. 

In a nutshell, a schema, as a representational mechanism, needs to be instan­
tiated to provide the potential actions for the control of the robot. An instantia­
tion is represented by a potential field. For example for the move-to-goal motor 
schema the goal is viewed as a potential well to which 
Schemas of course operate at all levels; as Arkin writes: 

Motor schemas, like those in Section 4.1., are combined with 'priority rules' 
to produce more complex (emergent) behaviours; they determine the resolution 
of conflicts arising from opposing motor schemas. 
robot, R, is instructed to move in a particular direction avoiding static obstacles 
and staying on a path; further assume that at some point in time after the robot 
started its navigation a static obstacle completely blocks its path. 
point in time a dead end is reached. Let us see how R would 
problem, assuming that the following priority rule holds true; 
blocks completely the path, thcn givc up thc stay-on-path schema. 
reached the dead-end point, R reduces the field allowing itself to wander off the 
path and, thus, circumnavigating thc obstacle. This circumnavigation results in 
changes in the direction of the force produced by the blocking obstacle, this will 
inevitably lead to a direction of force indicating that the blocking obstacle has 
been successfully passed. As soon as this happens the priority rule invoked be­
fore ceases to be applicable and the stay-on-path schema produces its original 
field that causes R to move towards its original path. 
come dead-ends is through the lISC of the noise schema. 
instantiating the noise schema is 10 modify the robot's velocity, by superimposing 

GeJepithis 

The action subsystem 

the robot is attracted. 

For example, assume that a 

Clearly at this 
overcome this 

If static obstacle 
After having 

An alternative way to over­
In this case the effect of 
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a small random vector, thus enabling R to come away from undesirable equilib­

rium points 17. 

The next couple of paragraphs introduce the two classes of signal schemas 
(transmitter, and receptor) and the relations between perceptual, signal, and mo­
tor schemas. The transmitter class of signal schemas is associated with internal 
sensors, (e.g., ammeter, fuel tank measuring device, etc.) and provides the feed­
back required to achieve homeostatic control (for example, they may send infor­
mation on the rate of consumption). The receptor class of signal schernas is em­
bedded within motor schemas. Receptors schemas modify their vector output by 
altering their parameters on the basis of the information they receive from the 

transm itter schema. 
The characteristic output vector of each schema is derived from three 

sources: (i) its goal; (ii) the currently perceived state of the world; and (iii) the 
robot's internal state (provided by the signal schemas). The sum of all motor 
schema vectors determ ines the current direction and velocity of the robot. Figure 
3 illustrates the relations among the three types of schemas. The reader should 
notice that both perceptual and receptor schemas are embedded within motor 
schemas. Indeed as Arkin remarks, the receptor schemas can be viewed as inter­

nal perceptual schemas. 

Broadcast 
medium 

Transmitter 
Schemas (TSm)rl Robot , 

Motor Schemas Internal Sensors 

(MSj) ([Sn) 

c 
MSj ® 

ll) 

E 
c: 
2.;; 
c: I Motors I 

u.l 
(PSk) = Perceptual Schema 

17 llndcsirahlc cquilihruun poinb arise whenever ill least 1\1/0 inslanlialcd motor schcnlils counter 

balance each other 

(RS\) = Receptor Schemas
 

Figurc 3. Intcrschcma relationships (adapted from Arkin [14], p. 204).
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AuRA's planning module is hierarchical and consists of: a mission planner; a 
navigator; a pilot; and the motor schema manager. The mission planner receives 
and interprets commands from a human, determines the nature of the mission, 
sets parameters for the navigator and pilot, etc. In particular, the mission planner 
defines the notion of'optimality'. 

The navigator produces a plan in terms of a set of goals and 'asks' the pilot to 
satisfy one such goal at a time. The overall navigation plan is, essentially, a 
global path consisting of a series of piecewise linear path segments. This global 
path is constrained by the robot's overall mission and is based upon information 
received from a static map (called the meadow map- see below) representing the 
terrain to be navigated and stored in R's long term memory. Each segment is 

described in terms of a set of perceptual and motor schemas 18. The concurrent 
instantiation of these schemas navigate the robot accordingly. AuRA's navigator 
accepts a start and a goal point from the mission planner and determines a 'rea­
sonable' path to achieve the set objective. It is thus in contrast to the usual ap­
proach of attempting to construct the 'best' or 'optimal' path for a given initial 
situation and goal state. A 'reasonable' path is defined as a path that can be suc­
cessfully executed by a robot given its available resources (e.g., time or/and en­
ergy). An 'optimal' path may be defined as a path that maximises a particular 
parameter (for example, fastest-least time; shortest-least distance; etc.). This is a 
reasonable strategy and as Arkin ([ I J], p. 55) remarks: 

"even if an optimal path (by whatever definition) was attainable by the 
navigator, it could only be based on partial information (i.e., the modeled 
world). Since the robot's environment is subject to unmodeled and 
moving obstacles, there is no a priori guarantee that any path produced 
by any navigator is the best path, given only incomplete world knowl­
edge (although the path can be optimized relative to the current world 
model)." 

Search is carried out through the application of a heuristics-enhanced A* algo­
rithm. 

The meadow map is stored in the robot's long term memory (LTM). Aerial 
. maps (for outdoor terrains), and usual architectural diagrams (for indoor terrains) 

are used as basis for the building of the meadow maps. It should be noticed that 
thc meadow map is only a representation of a particular terrain and as such it 
does not usually represent all the objects, or indeed obstacles, existing or created 

1M An example of a typical legof a path may he:go Oil for J() meters Oil this path then turn len 90
 
degrees at thetraffic lights.
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within the terrain. Consequently the navigator takes no account of any unrepre­
sented objects in specifying the path to be executed. As a result untenable paths 
may well be presented to the pilot for execution and it is the pilot's job to ask the 
navigator for an alternate route on the basis of his current perception of the world 
stored in short term memory (STM). STM representations are LTM descriptions 
instantiated by sensor data (visual and ultrasonic) provided by the robot's per­
ceptual system. 

The pilot is concerned with: (i) satisfying onesubgoal from the navigator at a 
time; and (ii) avoiding unmodelled obstacles. Goal satisfaction is subject to con­
straints received from the navigator such as criteria for failure to attain a goal. In 
such a case the navigator is informed and replanning is initiated. It should be 
noted that the pilot can make alterations to the route as long as such alterations 
fall within acceptable limits. Finally, the pilot transforms the received goals into 
a collection of motor behaviours and perceptual strategies. The motor schema 
manager is the execution arm of the pilot carrying out the collection of motor 
behaviours and perceptual strategies produced by the latter. 

For a robot to be really autonomous it must both be able to cope with (ad­
verse) environmental events and sustain its internal state within an acceptable 
range of parametric variation. Work in robotics had so far ignored the latter re­
quirement. One of AuRA's basic working hypotheses is that "many aspects of 
self-preservation can be implemented by taking advantage of a control system 
analog of the endocrine system in mammals." (Arkin [14], p. 198). Some of the 
major aspects of the mammalian endocrine system which have been incorporated 

in Arkin's approximate implementation of it are summarised 19 below: 
I. It is concerned with the regulation of the robot's internal state. 
2. Transmitter schemas employ a non hierarchical broadcast mechanism. 
3. Receptor schernas implement robot's targetability. 
4. Specification of parameters within the R-schemas influence motor
 
schemas.
 
5. Maintenance levels are maintained without high-level planning assistance. 
6. Internal sensing data can affect high-level planning. ", 

A simulated demonstration has shown that the robot's navigational behaviour 
changes considerably as a function of its fuel reserves. When ample fuel is 
available it chooses thc fastest albeit longer path. As fuel reserves decrease it 
starts producing a series of shorter paths with slower associated speeds. Such 
simulations may well open lip the way for a robust implementation of a homeo­
static control system. 

19 For more information the reader is referred 10 Ark in j l Z, I-II 
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5. COMPARISON AND CONCLUSIONS 

Since so far no effort has been made for any theories of mind, either embodied Or 
not, to address the same tasks and cognitive phenomena, no comparison along 
such lines is possible. In addition, since the cardinality of the set of human re­
sponse functions, tasks, and psychological phenomena is immense, a fruitful 
comparison along such lines seems to be doomed for quite some time, if not for­

ever. 
The alternative is to follow Newell [45] and specify a set of constraints, or 

design requirements, which any theory of mind should satisfy and compare a 
proposed theory on the basis of such a class. Table I provides such a list along 
with indications of whether a research programme has addressed each specified 
constraint or design requirement, and of a rough, qualitative measure of success. 
An early version of most of these requirements, in terms of the notion of an ideal 
robot, may be seen in Gelepithis [27, 29]. For a different set of constraints, 
heavily influenced by Soar, see Newell [45]. The rest of this section briefly 
comments on some of the proposed requirements. 

Constraint 2 implies capability to operate in real time; though not, necessar­
ily, in a sense understood by humans. 

Language could have been considered under design requirement 7, but its 

significance and complexity put it in a class of its own. 
Requirement 5 refers to a fundamental process which presupposes both un­

derstanding and, through the latter, meaning. It is very important to be realised 
that the assignment of meanings, and making sense of something are processes 
fundamentally different from those involved in the use of symbols and abstrac­
tions. Although, work on cognitive functions constitutes the bulk of research in 
Artificial Intelligence both the PSSI-I and the situated action approaches have 
ignored the process of communication. This I consider to be a significant omis­
sion. For individual, isolated voices on the significance of communication see 
Gelepithis ([27J. for its centrality too; 129, 30), for its invariance nature too; 

[33 D, Bobrow [16], Grosz [36]. 
Finally. I would like to note that although the ability to communicate is 

closely related to thc constraint of using human language, it is considerably dif­
fcrent. In a nutshell, the use of human language does not necessitate communi­
cation, nor it forces the restructuring of the mind as the processes of communi­
cation and understanding do (Gclepithis and Goodfellow [351; Gclcpitlus [J l j). 
Constraints 8 and <) arc of outmost importance if machine intelligence independ­
ent of human intelligence is/were to be developed. Gclcpithis [321 discusses and 
brieflyjustifies constraint 8. The next paragraphs provide briefsupport for 
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Table I. Comparison of embodied theories of mind in terms of constraints and 
design requirements. 

Embodimenls of Theories of Mind 

Constraints or design 
requirements 
I. Use of: (i) domain 
knowledge; and 
(ii) commonsense 
knowledge for 
problem solving. 
2. Be able to operate 
in environments of, at 
least, Earth-level 
complexity. 
3. Operate 
autonomously, but 
within a social 
community. 

4. Acquisition and use 
of language to, at 
least, human-level 
complexity. 
5. Able to 
communicate. 
6. Be conscious. 

7. Be able to develop: 
(i) skills, e.g., through 
learning; and 
(ii) judgement, e.g., 
through maturation. 
8. Develop own 
representational 
system 

Soar 

Vast amounts 
of (i) very 
successfully. 

Interfaces 
only. 

No. 

Rudimentary. 

Not 
addressed. 
No. 

(i) Yes 
(ii) No 

Not 
addressed. 

Act 

Very consid­
erable success 
in 
using (i) 

No. 

No. 

Moderate (in 
simulation 
terms). 

Not 
addressed. 
No. 

(i) Yes. 
(ii) No. 

Not 
addressed. 

TNGS AuRA 

Limited use 
of (i). 

Limited. 

Not really. 

Primarily 
simulations. 

Aspects of 
Survivabi­
lity, i.e. 
homeostatic 
control. 

No. 

Epigenetic No. 
development 
of syntax. 

NotNot 
addressed. Addressed. 

Not Incorporates 
implemented an ego-
theory. model of 

itself. 
(i) Naviga­Blocks-world 

level learning tional skills 
of skills. at most. 

(ii) No. 

NotNot 
addressed, Addressed, 
but approach bUI 
promising. Approach 

promising. 
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9. Combine perceptual Not Not Not Not 
and motor information addressed. addressed. addressed. Addressed. 
with own belief 
systems. 
10. Be creative Not Not Not Not 

addressed. addressed. addressed. Addressed. 
11. Explain human Not Not Addressed. Not 
neonate's capabilities addressed. addressed. Addressed. 
for development. 
12. Emotion. Not Not Not Not 

addressed. addressed. addressed. Addressed. 

design requirement 9 in terms of the nature of vision and manipulation. With re­

spect to scene understanding, I restrict myself to the problem of understanding 
the nat lire of a scene, in other words, I restrict myself to the 'computational' level 
of scene understanding (Marr [41)). Artificial vision has made considerable pro­
gress in identifying objects in a scene and describing their geometric relations but 
is currently far behind exhibiting most of the hypothetico-deductive reasoning 
involved in human scene-interpretation. 

Humans are able to make sense out of an extremely varied and virtually infi­
nite number of visual stimuli. Light signals from objects and scenes of the world 
around us impinge upon the retina of the human eye and a most intricate series of 
processes take place which result in what we call vision. A scene rarely consists 
of a single object. Scene understanding depends on the kind of entities present in 
the scene and the types of interaction among them. Use of such constraining 

knowledge is of fundamental importance in successful scene understanding and 
presupposes considerable classificatory, and deductive capabilities on behalf of 
the system. Furthermore, in most cases, additional world knowledge is required 
which is not deducible from the scene entities themselves but from our common­
sense knowledge of say, gravity, causality, the survival instinct, human inten­
tions, etc. In some cases further knowledge of the specific scene context like 
atmospheric conditions, ambient light or the angle of lighting are required. 

We know that the visual image depends on: (i) the properties and coinciden­

tal features of an object (for example, its shape, size, material composition, sur­
face properties, position and orientation); (ii) the nature of illumination and re­
lated effects (e.g., shadowing, reflectance); and (iii) the nature of the visual sys­

tem itscl f20 Furthermore, at least as far as humans are concerned, the assign­
ment of meaning to the retinal image depends, also, on one's belief systems; a 

201\ visual system's own rcprcscntauonat capacity and fidelity depends upon their functional range 
III the electromagnetic spectrum, their design. and their objectives and overall knowledge. 
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term I use to refer to one's expectations, general and domain knowledge, and so 
on. In humans therefore, information derivable from two very different sources 

needs to be combined in order to fully understand a scene: the retinal image of 
the scene itself and the particular human's belief system. This interaction be­
tween aspects of the subjective and the objective is one of the primary character­
istics of human vision, and therefore, seems to me imperative that it should be a 

constraint of any theory of mind. 
With respect to manipulation it is assumed that three sensing operations are 

adequate for determining a complete tactile sensing system Staugaard [54]. 
These three fundamental operations are: (i)Jointjorce: Sensing the force applied 
to the robot gripper, as well as to the robot wrist, elbow and shou Ider joints; (ii) 

Touch: Sensing the pressures applied to various points on the gripper surface; 

and (iii) Slip: Sensing any movement of the object while it is being grasped. On 
this basis, I believe that there are two constraints which follow directly from 
Staugaard's data type requirements, and which have not received any attention 

despite their significance in the quest for artificial intelligence. They may be 
summarized as follow. The first concerns the assignment ofmeaning to the data 

supplied by the three sensing operations. The second concerns the augmentation 
and (re)organization of memory to accommodate the semantically loaded data 
and integrate them with the data supplied by the other perceptual modalities as 

well as with the intelligent robot's belief systems. 
I use creativity as a generic term referring to the class of characteristically­

human processes whose members include intuition, tacit knowledge, and insight. 
Finally, constraints II and 12 need to be addressed by any theory of human 

mind, but they do not necessarily constitute constraints for an artificial mind. 
Whether any of the proposed theories can be extended to account for all 12 

constraints is a significant open question. What is important is that unified theo­
ries of mind should, at this stage of the development of Psychology and Artificial 
Intelligence, take precedence over the discovery of yet another regularity. The 
road to the unraveling of the mysteries of mind is fascinating but full of thorny 
paths, blind alleys, and loopholes. Excellent theoretical work is urgently re­
quired to guide further development of all the subficlds of cognitive science. 
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