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Example. A system answers customer telephone calls, transfer­
ring them to the proper area within a large organization. Transfers 
are based on the customer's oral statements and responses to sim­
ple questions asked by the system. The system is capable of a 
three-year-old's language proficiency. A front-end recognition sys­
tem translates customers' utterances (system inputs) into words 
that will serve as simple stimuli. It also measures time intervals be­
tween words. 

Stacked neural networks based on the MHC meet many of 
Newell's criteria. They are flexible and can learn anything that a 
person can learn. They are adaptive because their responses are 
able to adjust when stimuli enter the stack at any level. They are 
dynamic in that they learn from their mistakes and successes. In 
the example, the system adjusts the weights throughout the stack 
of networks if a customer accepts or rejects the selected neural 
network location. Knowledge integration occurs throughout the 
networks in the stack. Moreover, networks based on the MHC 
learn in the same way as humans learn. 

Some criteria are less easily met. Given current technology, 
neural networks cannot function in real time, are unable to trans­
fer learning despite abilities to acquire a vast knowledge base, and 
cannot exhibit adult language skills. Whether we can build evolu­
tions into systems - or even want to - is open to question. Finally, 
given our current limited understanding of the brain, we can only 
partially emulp,te braiI.4 function. /) c-o k 
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Abstract: I havethree typesofinterrelatedcomments. First,on the choice 
of the proposedcriteria, I argueagainst any list and for a system of crite­
ria. Second, on grading, I suggest modifications with respect to con­
sciousness and development. Finally, on the choiceof"theories" foreval­
uation, I argue for Edelman's theoryof neuronalgroup selection instead 
ofconnectionism (classical or not). 

Introduction. Anderson & Lebiere's (A&L's) target article is a 
useful contribution on the necessity and grading of criteria for a 
cognitive theory and their application of the Newell Test to clas­
sical connectionism and ACT-R a worthwhile exercise. The fol­
lowing comments are partly a criticism on their proposed list of 
criteria, partly a response to their invitation for modifications of 
their proposed grading, and partly a critique of their choice of the­
ories for evaluation. 

On the choice of criteria for a Theory of Mind (ToM).l A&L 
state that "[tjwtce, Newell (1980; 1990) offered slightly different 

sets of 13 criteria on thehuman mind" and a bit further down that 
their table "gives the first 12 criteria from [Newell's] 1980 list, 
which were basically restated in the 1990 list" (target article, sect. 
1: Introduction, para. 1). Neither of these two statements is cor­
rect (as Table 1 confirms). 

Furthermore, A&L'slist is closer to Newell 1980 than to Newell 
1990. No justification for this proximity is provided. Given that 
Newell's (1990) seminal book is incomparably more comprehen­
sive than his 1980 paper, one wonders about the reasons for A&L's 
choice. Clearly, their claim of having distilled (emphasis added) 
Newell's two lists (cf. target article, Abstract) cannot be justified 
either. Although I agree that A&L'slist is adequate to avoid "the­
oretical myopia" (Introduction, para. 2), it will create distortions 
in our quest for a ToM on account of being restricted to a funda­
mentally impoverished coverage of human phenomena (exclud­
ing, e.g., emotion, creativity, social cognition, and culture). It is 
worth noting that although Newell (1990, sect. 8.4) considered the 
extension of a unified theory of cognition (UTC) into the social 
band an important measure of its success, A&L chose to exclude 
from their list the one constraint with a social element that Newell 
had included (see item 9 in Table 2). 

In contrast, evolution should not be a criterion! Humans are 
physical objects, but biology is fundamentally different from 
physics. Similarly, humans are biological systems, but psychology 
is fundamentally different from biology.The nature of human un­
derstanding (Celepithis 1984; 1991; 1997) transcends the ex­
planatory framework of modem Darwinism and, most impor­
tantly, of any future evolutionary theory. (For similar conclusions 
drawn upon different premises, see Mayr 1988; O'Hear 1997.) 

Finally, a fourth list - very different from all previous three ­
has been offered by Gelepithis (1999). Of the four proposed lists, 
Table 2 juxtaposes the latest three. The reader can easily spot a 
number of obvious and Significant differences among the three 
lists. For some of the less obvious, their corresponding serial num­
bers are in boldface. What all three have in common is that they 
do not provide necessary and sufficient conditions for a ToM. Still, 
the mind is a system (Bunge 1980; Hebb 1949; Sherrington 1906). 
We need, therefore, a system (not a list) of criteria characterising 
mind. A recent promising effort along this route is exemplified by 
Gelepithis (2002), which presents an axiomatic system delineating 
the class of intelligent systems as a foundation for the develop­
ment of a ToM2. 

On some "objective measures." Consciousness. There are 
many volumes of readings (e.g., Hameroff et al. 1998; Revonsuo 
& Kampinnen 1994; Velmans 1996) at least as good as the one 
cited by A&L. Suggestions of measures on the basis of conscious­
ness-related phenomena in one volume of readings should be 
avoided. Although universal agreement on what constitutes con­
sciousness is nonexistent, Gelepithis (2001) has provided a list of 
"topics that, presently, constitute the major issues in the study of 
consciousness." I propose that list as a measure. 

Table 1 (Celepithis). Extent ofthe overlap among the 
proposed sets ofcriteria by Newell and A&L 

Criteria 

New criteria 
Significantly 

different criteria 
Essentially 

equivalent criteria 
Identical criteria 

Comparisons with Respect 
to Newell's 1980 List 

Newell 1990 A&L2003 

2 0 
3 2 

3 3 

5 7 

Comparison with Respect 
to Newell's 1990 List 

A&L2003 

0 
50r6 

3or2 

4 
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Table 2 (Celepithis). Three different lists ofcriteria on human mind 

Newell (1990) Gelepithis (1999) A&L (2003) 

1 Behave flexibly as a Flexible behaviour 
function of the environment. (- Computational 

Universality). 
2 Exhibit adaptive (rational, Adaptive behaviour. 

goal-oriented) behaviour. 
3 Operate in real time. Operate in real time. 
4 Operate in a rich, complex, Be able to operate in environments Vast knowledge base (sect. 2.4). 

detailed environment. Perceive of, at least, Earth-level complexity. Dynamic behaviour (sect. 2.5). 
an immense amount of changing 
detail. Use vast amounts of 
knowledge. Control a motor system 
of many degrees of freedom. 

5 Use symbols and abstractions. Knowledge integration. 
6 Use language, both natural Acquisition and use of language to, Use (natural) language. 

and artificial. at least, human-level complexity. 
7 Learn from the environment and Learn from its environment. 

from experience. 
8 Acquire capabilities through Explain human neonate's capabilities Acquire capabilities through 

development. for development. development. 
9 Operate autonomously, Operate autonomously, but within 

but within a social community. a social community. 
10 Be self-aware and have a Be conscious. Exhibit self-awareness and a 

sense of self. sense of self. 
11 Be realisable as a neural system. Be realisable within the brain. 
12 Be constructable by 

an embryological growth process. 
13 Arise through evolution. Arise through evolution. 
14 Use of: (1) domain knowledge and 

(2) commonsense knowledge for 
problem solving. 

15 Able to communicate. 
16 Be able to develop skills (e.g., 

through earning) and judgment 
(e.g., through maturation). 

17 Develop own representational system. 
18 Combine perceptual and motor 

information with own belief systems. 
19 Be creative. 
20 Be able to have and exhibit emotions. 

Development. In view of the suggested grading for conscious­
ness, one might be tempted to propose some or all of the phe­
nomena covered in Johnson et al.s (2002) reader as a measure for 
development. Instead, I propose as criterion what is generally 
agreed to be the fundamental objective in the study of develop­
ment, namely, "unraveling the interaction between genetic speci­
fication and environmental influence" (Johnson et al. 2002, p. 3, 
emphasis added). This fundamental objective in the study of de­
velopment is shared by most scientists in the field, and it is essen­
tially identical with Piaget's (1967/1971) agenda for developmen­
tal psychology. Interestingly, Newell (1990, Ch, 8) has also chosen 
to talk about development in Piagetian terms. 

Choice of "theories" for evaluation. Barring a straightforward 
case of a Rylean category mistake, A&L seem to believe that there 
is no difference between theories and a class of models. To put it 
less strongly, they support the school of thought that argues for 
theories as families of theoretical models (sect. 4.2). This is highly 
debatable in the philosophy of science literature (Giere 1998). 
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Furthermore, taking theory in its good old-fashioned meaning, 
no connectionist (classical or not) model will qualify. In contrast, 
Edelman's (1989; 1992; Edelman & Tononi 2000) theory of neu­
ronal group selection - based on different foundations" - would 
both have qualified and created a debate on the choice of crite­
ria as well as the types of theories that certain criteria mayor may 
not favour. 

To conclude, A&I.:s concern (sect. 6) that connectionists may 
question the reasonableness of their list is rather well based. Let 
us not forget that any theory (whether cognitive or otherwise) 
needs to be founded. Chapter 2 of Newell's (1990) Unified Theo­
ries ofCognition is an excellent starting point. Comparison be­
tween ACT-R's foundations (Anderson 1993; Anderson & Lebiere 
1998) and those of SOAR would be revealing; further compar­
isons of a connectionist (classical or not) theoretical framework 
and of noncomputational ToMs will greatly enhance the founda­
tions of cognitive science and, I would argue, point to the need for 
a system - rather than a list - of criteria for Newell's Test. 
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NOTES 
1. I use the terms cognitive theory, unified theories of cognition 

(UTCs), and ToM interchangeably with respect to their coextensive cov­
erageofhumanphenomena, and UTCand ToM distinctly withrespectto 
their characteristics. 

2. For someinteresting earlierresultsofour approach, the readerisre­
ferred to Gelepithis (1991; 1997), Gelepithis and Goodfellow (1992), 
Gelepithis and Parillon (2002). 

3. Evolutionary andneurophysiological findings andprinciples andthe 
synthetic neuralmodelling approachto the construction of intelligent en­
tities.For a comparison of four ToMs, see Gelepithis (1999). 
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Abstract: We use the Newell Test as a basis for evaluating ACT-R as an 
effective architecture for cognitive engineering. Of the 12 functional cri­
teria discussed by Anderson & Lebiere (A&L), we discuss the strengths 
and weaknesses ofACT-R on the six that we postulate are the most rele­
vant to cognitive engineering. 

To mix metaphors, Anderson & Lebiere (A&L) have donned 
Newell's mantle and picked up his gauntlet. The mantle is Newell's 
role as cheerleader for the cause of unified architectures of cog­
nition (e.g., Newell 1990). The gauntlet is Newell's challenge to 
the modeling community to consider the broader issues that face 
cognitive science. Gauntlets come in pairs, so it is not surprising 
that Newell threw down another one (Newell & Card 1985), 
namely, hardening the practice of human factors to make it more 
like engineering and less based on soft science. (Although Newell 
and Card framed their arguments in terms of human-computer in­
teraction, their arguments apply to human factors in general and 
cognitive engineering in particular.) 

Cognitive engineering focuses on understanding and predicting 
how changes in the task environment influence task performance. 
We postulate that such changes are mediated by adaptations of the 
mixof cognitive, perceptual, and action operations to the demands 
of the task environment. These adaptations take place at the em­
bodied cognition level of analysis (Ballard et al. 1997) that 
emerges at approximately Va second. The evidence we have sug­
gests that this level of analysis yields productive and predictive in­
Sights into design issues (e.g., Gray & Boehm-Davis 2000; Grayet 
al. 1993). However, whatever the eventual evaluation of this ap­
proach, our pursuit of it can be framed in terms of sixof the Newell 
Test criteria. 

Flexible behavior. We understand A&L to mean that the archi­
tecture should be capable of achieving computational universality 
by working around the limits of its bounded rationality. Hence, not 
every strategy is equally easy, and not every strategy works well in 
every task environment. ACT-R fits our cognitive engineering 
needs on this criterion because it provides a means of investigat­
ing, by modeling, how subtle changes in a task environment influ­
ence the interaction of perception, action, and cognition to form 
task strategies. 

Real-time performance. When comparing models against hu­
man data, a common tack is to simulate the human's software en­
vironment to make it easier to run the model. Although such a sim­
ulation might represent the essential aspects of the human's task 
environment, the fidelity of the model's task environment is in­
evitably decreased. ACT-R enables us to run our models in the 
same software environment in which we run our subjects by pro­

viding time constraints at the time scale that perception, action, 
and cognition interact. 

Adaptive behavior. Section 2.3 of the target article emphasizes 
Newell's complaint regarding the functionality of then extant the­
ories of short-term memory. In our attempts to build integrated 
cognitive systems, we too have had similar complaints. For ex­
ample, the work by Altmann and Gray (Altmann 2002; Altmann 
& Gray 2002) on task switching was motivated by a failed attempt 
to use existing theories (e.g., Rogers & Monse1l1995) to under­
stand the role played by task switching in a fast-paced, dynamic 
environment. Hence, one role of a unified architecture of cogni­
tion is that it allows a test of the functionality of its component 
theories. 

Section 5.3 emphasizes the ability to tune models to the "sta­
tistical structure of the environment." For cognitive engineering, 
adaptation includes changes in task performance in response to 
changes in the task environment, such as when a familiar inter­
face is updated or when additional tasks with new interfaces are 
introduced. In our experience, ACT-R has some success on the 
first of these, namely, predicting performance on variations of the 
same interface (Schoelles 2002; Schoelles & Gray 2003). How­
ever, we believe that predicting performance in a multitask envi­
ronment, perhaps by definition, will require building models of 
each task. Hence, it is not clear to us whether ACT-R or any other 
cognitive architecture can meet this critical need of cognitive en­
gineering. 

Dynamic behavior. The ability to model performance when the 
task environment, not the human operator, initiates change is vi­
tal for cognitive engineering. We can attest that ACT-R does well 
in modeling these situations (Ehret et al. 2000; Gray et al. 2000; 
2002; Schoelles 2002). 

Learning. For many cognitive engineering purposes, learning is 
less important than the ability to generate a trace of a task analy­
sis of expert or novice performance. With all learning "turned off," 
ACT-R's emphasis on real-time performance and dynamic behav­
ior makes it well suited for such purposes. 

Learning is required to adapt to changes in an existing task en­
vironment or to show how a task analysis of novice behavior could, 
with practice, result in expert behavior. ACT-R's subsymbolic layer 
has long been capable of tuning a fixed set of production rules to 
a task environment. However, a viable mechanism for learning 
new rules had been lacking. With the new production compilation 
method of Taatgen (see Taatgen & Lee 2003) this situation may 
have changed. 

Consciousness. A&I.:s discussion of consciousness includes 
much that cognitive engineering does not need, as well as some 
that it does. Our focus here is on one aspect: the distinction be­
tween implicit and explicit knowledge and the means by which im­
plicit knowledge becomes explicit. 

Siegler (Siegler & Lemaire 1997; Siegler & Stem 1998) has 
demonstrated that the implicit use of a strategy may precede con­
scious awareness and conscious, goal-directed application of that 
strategy. ACT-R cannot model such changes because it lacks a 
mechanism for generating top-down, goal-directed cognition 
from bottom-up, least-effort-driven adaptations. 

Conclusions: Meeting Newell's other challenge. Unified ar­
chitectures of cognition have an important role to play in meet­
ing Newell's other challenge, namely, creating a rigorous and 
scientifically based discipline of cognitive engineering. Of the 
six criteria discussed here, ACT-R scores one best, four better, 
and one worse, whereas classical connectionism scores two bet­
ter, two mixed, and two worse. We take this as evidence sup­
porting our choice of ACT-R rather than connectionism as an 
architecture for cognitive engineering. But, in the same sense 
that A&L judge that ACT-R has a ways to go to pass the Newell 
Test, we judge that ACT-R has a ways to go to meet the needs 
of cognitive engineering. As the Newell Test criteria become 
better defined, we hope that they encourage ACT-R and other 
architectures to develop in ways that support cognitive engi­
neering. 
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