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Introductory Note:
Philosophy and Theory of Artificial Intelligence

Vincent C. Miiller

Anatolia College/ACT & University of Oxford
website: www.sophia.de
16.05.2012

1 What Is PT-AI?

The theory and philosophy of artificial intelligence has come to a crucial point where
the agenda for the forthcoming years is in the air. This volume presents the papers
from a conference on the “Philosophy and Theory of Atrtificial Intelligence” that
was held in October 2011 in Thessaloniki (www.pt-ai.org).

Artificial Intelligence is perhaps unique among engineering subjects in that it has
raised very basic questions about the nature of computing, perception, reasoning,
learning, language, action, interaction, consciousness, humankind, life etc. etc. —
and at the same time it has contributed substantially to answering these questions (in
fact, it is sometimes seen as a form of empirical research). There is thus a substantial
tradition of work, both on Al by philosophers and of theory within Al itself.

The classical theoretical debates have centred on the issues whether Al is possible
at all (often put as “Can machines think?”’) or whether it can solve certain problems
(“Can a machine do x?”). In the meantime, technical Al systems have progressed
massively and are now present in many aspects of our environment. Despite this
development, there is a sense that classical Al is inherently limited, and must be re-
placed by (or supplanted with) other methods, especially neural networks, embodied
cognitive science, statistical methods, universal algorithms, emergence, behavioural
robotics, interactive systems, dynamical systems, living and evolution, insights from
biology & neuroscience, hybrid neuro-computational systems, etc. etc.

2 After Classical Artificial Intelligence?

We are now at a point where we can see more clearly what the alternatives are.
The classical ‘computationalist’ view was that cognition is computation over rep-
resentations, which may thus take place in any computational system, natural or
artificial. On this classical view, Al and Cognitive Science are two sides of the same
coin — this view had fuelled a large part of the philosophical and theoretical interest
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in AI. However, most of the defining features of this old consensus are now under
threat: computation is digital; representation is crucial for cognition; embodiment,
action and interaction are not; the distinction between living and non-living agents
is irrelevant; etc. So, should we drop the classical view, should we supplement it,
or should we defend it in the face of modish criticism? These philosophical debates
are mirrored in technical Al research, which has been moving on (for the most part),
regardless of the ‘worries’ from the theorists; but some sections have changed un-
der the impression of classical criticism while new developments try to shed the
classical baggage entirely. In any case, the continued technical success has left an
impression: We are now much more likely to discuss human-level AI (whatever that
means) in machines as a real possibility.

Given where we stand now, the relation between Al and Cognitive Science needs
to be re-negotiated — on a larger scale this means that the relation between technical
products and humans is re-negotiated. How we view the prospects of Al depends on
how we view ourselves and how we view the technical products we make; this is also
the reason why the theory and philosophy of Al needs to consider such apparently
widely divergent issues from human cognition and life to technical functioning.

3 What Now?

A bewildering mass of questions spring to mind: Should we repair classical Al,
since intelligence is still input-output information processing? Drop the pretence
of general intelligence and continue on the successes of technical AI? Embrace
embodiment, enactivism or the extended mind? Revive neural networks in a new
form? Replace Al by ‘cognitive systems’? Look for alternative systems, dynamic,
brain-inspired, ...? And what about the classical problems that Dreyfus, Searle,
Haugeland or Dennett had worked on; what about meaning, intention, conscious-
ness, expertise, free will, agency, etc.? Perhaps Al was blind in limiting itself to
human-level intelligence, so why not go beyond? What would that mean and what
would its ethical implications be? What are the ethical problems of Al even now
and in the foreseeable future?

The discussion on the future of Al seems to open three different directions. The
first is Al that continues, based on technical and formal successes, while re-claiming
the original dream of a universal intelligence (sometimes under the heading of ‘arti-
ficial general intelligence’). This direction is connected to the now acceptable notion
of the ‘singular’ event of machines surpassing human intelligence.

The second direction is defined by its rejection of the classical image, especially
its rejection of representation (as in Brooks’ ‘new AI’), its stress of embodiment
of agents and on the ‘emergence’ of properties, especially due to the interaction of
agents with their environment.

A third direction is to take on new developments elsewhere. One approach is to
start with neuroscience; this typically focuses on dynamical systems and tries to
model more fundamental processes in the cognitive system than classical cognitive
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science did. Other approaches of more general ‘systems’ subvert the notion of the
‘agent’ and locate intelligence in wider systems.

Finally, there are many approaches that try to combine the virtues of the various
approaches towards practical results, especially systems that are more autonomous
and robust in real-world environments. These approaches are often pushed by fund-
ing agencies; the National Science Foundation (USA) supports ‘Cybertechnical
Systems’ while the European Commission sponsors ‘Artificial Cognitive Systems’.
(I happen to coordinate “EUCog”, a large network of researchers in this context.)

4 Reclaiming AI: Back to Basics

The basic problems of Al remain and ignoring them ‘because our systems are get-
ting better anyway’ is a risky strategy. The way to move forward in this context
seems to go back to basics ... and of course, philosophers are likely to do this in
any case. There are a few basic notions that are fundamental for the decisions in this
debate and also, the basic problems have significant backward relevance for philos-
ophy (if we can say something about free will in machines, for example, this has
direct repercussions on how we see free will in humans).

Unsurprisingly, the basic issues are computation & methods, cognition and ethics
& society — and this is what the papers in this volume address.

The papers published here have passed two high hurdles: they have been blind
peer reviewed as long abstracts and those who passed were reviewed a second time
as full papers. A list of the distinguished members of the program committee can be
found on our website.

Further work on these issues is to be found in the companion volume to this
book, which has appeared as special volume 22/2 (2012) of the journal Minds and
Machines. We expect to hold further events and other activities in this field — watch
pt-ai.org!
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Machine Mentality?

Istvan S.N. Berkeley and Claiborne Rice

Abstract. A common dogma of cognitive science is that cognition and computa-
tion are importantly related to one another. Indeed, this association has a long his-
tory, connected to older uses of the term 'computer'. This paper begins with a brief
examination of the history of the association between computers and putatively
thinking machines. However, one important place where the modern sense of this
association is made explicit is in Turing's (1950) paper “Computing Machinery
and Intelligence”. The proposals that Turing makes in this paper have been the
subject of considerable debate. Here, the details of Turing's claims will be ex-
amined closely and it will be argued that two importantly distinct claims need to
be discerned, in order to make good sense of some of Turing's remarks. The first
claim, which may be construed as an ontological one, relates to whether or not the
class of entities that 'think' includes computational devices. The second claim,
which is more of a semantic one, relates to whether or not we can meaningfully
and coherently assert sentences concerning 'thinking' about computational devices.
It is the second of these claims which will be the main focus of most of the rest of
the paper. In particular, four methods will be employed to determine whether Tur-
ing's prediction about this issue has come true. The methods examined are an in-
tuitive one, a web based one and two corpus linguistic approaches, one using the
Google Books corpus, the other using the Corpus of Contemporary American
English. Attention is then briefly turned to the ontological claim and two objec-
tions to it are examined. It will finally be argued that, while it is okay to talk of
computers 'thinking' and to attribute some mental properties and predicates to
them in certain cases, the membership of computers in the class of 'thinking
things' must remain just an intriguing possibility.
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1 Introduction

It is a common dogma amongst cognitive scientists that, in some significant sense,
there is an important link between cognition and computation. This is an idea with
a long, varied and venerable history (Boden 2006). However, it is to some degree
a controversial thesis. On the one hand, authors such Dennett (1987) and
McCarthy (1979), find the idea unproblematic, if handled judiciously. On the
other hand, authors such as Searle (1980) and Dreyfus (1992) find the very idea an
anathema. This disagreement alone should be sufficient to stimulate philosophical
interest. A careful study of one set of claims about the relation between cognition
and computation, those famously advocated by Turing (1950), will be the primary
focus of the discussion here. However, before examining Turing's position, a brief
discussion of the association between computers and cognitive activity is in order.

2 Historical Background

Haugeland (1989, p. 23) claims that Hobbes is the grandfather of modern Artifi-
cial Intelligence, due to the connection he made between reasoning and computa-
tion, or 'reckoning' in his Leviathan. In all fairness, what Hobbes had in mind was
an individual who undertook calculations, or computations. Furthermore, this was
a notion that had been around for some time. For instance, in 1267 Roger Bacon
makes reference to errors in lunar phase cycle calculations that were known by
‘computers' in his Opus Majus (see Burke 1928, p. 296).

According to the Oxford English Dictionary, the modern notion of a computer,
as a mathematical and information processing device, did not arise until 1945,
when the term was used in this way by von Neumann in his draft report on the
EDVAC machine. However, even prior to this people were making explicit asso-
ciations between computational devices and mentations. For instance, Lady Byron
reported in a diary entry made in mid-June 1833 that she had been to Charles
Babbage's house to see “...the thinking machine...”, the machine in question being
a scale model of Babbage's Difference Engine (Stein 1985, p. 42). Thus, when
Turing (1950) gave some serious consideration, in a philosophical context, to the
relationship between computers and intelligence, he was continuing an established
tradition.

3 Turing (1950)

In his paper “Computer Machinery and Intelligence”, Turing (1950) began by
considering the question, 'Can machines think?” However, he rejected the ques-
tion on the grounds that it was too meaningless to warrant discussion. Instead,
later in the paper he (1950, p. 442) offered the following prediction,

... I believe that at the end of the century the use of words and general educated
opinion will have altered so much that one will be able to speak of machines thinking
without expecting to be contradicted.
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As we have now passed the end of the twentieth century, we should be in a posi-
tion to determine whether this prediction was correct. However, before addressing
this matter directly, it is necessary to raise an apparent tension which arises from
some of Turing's other remarks, earlier in the paper. At the very beginning of the
paper, where Turing introduces his question about thinking machines he (1950,
p- 433) notes,

If the meaning of the words 'machine' and 'think' are to be found by examining how
they are commonly used it is difficult to escape the conclusion that the meaning and
the answer to the question, 'Can machines think?' is to be sought in a statistical
survey such as a Gallup poll. But this is absurd.

However, on the face of it, it would appear that the prediction quoted above ap-
pears to endorse exactly this view.

James (1910, p. 44) famously advocated ““...whenever you meet a contradiction
you must make a distinction,...” This strategy can be usefully deployed here. The
tension between Turing's remarks can easily be resolved by carefully distinguish-
ing between the answers to two importantly distinct, though related questions:

1. The Ontological Question: Does the class of entities that 'think' include
computational devices?

2. The Semantic Question: Can we meaningfully assert sentences concerning
'thinking' about computational devices?

If we construe Turing's remarks about educated opinion at the end of the century
as addressing a means of answering the semantic question and his remarks con-
cerning Gallop polls as addressing a means of answering the ontological question,
then the apparent tension between his remarks can be resolved.

For present purposes, an attempt at answering the ontological question will be
put to one side. This is because it is the answer to the second question which is the
subject of Turing's prediction. However, before proceeding further, some clarifica-
tion of the issues at hand are in order. The first point of clarification is to explicitly
restrict the scope of the term 'machine' to just computational devices. Although
this class of entities is not entirely unproblematic and does not have precise boun-
daries (See Hayes et al. 1997 for a discussion of these points), nonetheless, we
have many examples which are clear cases of computers in the standard sense of
the term. The second point of clarification is to note that it is worth broadening the
scope of inquiry from the mere 'thinking' that Turing was concerned about, to the
attribution of mental properties or predicates in general to this class of devices.
With these two points of clarification in hand, we can refine the thesis under con-
sideration to amounting to attempting to answer the question,

Can we reasonably attribute mental properties or predicates to computational
devices?
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4 Testing Turing's Prediction

4.1 An Intuition Based Strategy

It may be helpful to consider some examples of the kinds of sentences that might
plausibly be used to attribute mental states to computers. Consider the following,
The computer thinks that you are not registered in the class.
The computer wants some input.
A computer running a French skin disease diagnosis program believed that
Doug Lenat's 1980 Chevy had measles.
The computer knows that there are still some outstanding debits.

The first sentence might be uttered in the context of a faculty member helping a
student with a registration problem. The second sentence might be uttered by a
technical support worker helping someone troubleshoot a computer problem. The
third sentence might be uttered by someone describing a scene in the PBS televi-
sion program The Machine That Changed The World, as the program contains just
such a scene. The final sentence might be spoken by a bank employee helping a
customer with a banking problem. The point here, though, is that, broadly speak-
ing, each of these sentences seem quite normal and not too strange. So, they each
provide some intuitive support for Turing's prediction about word usage at the end
of the twentieth century, as each sentence involves applying a mental predicate to
a computational device.

At first blush, it might appear that the consideration of these sentences might
serve to support the conclusion that Turing's prediction has come true, to some
degree at least. Unfortunately, things are not quite so simple. The key here is to
realize that the assessment of the appropriateness of each of these sentences relies
entirely upon our intuitions, and intuitions are notoriously unreliable (see also
Hales 2000). Our intuitions all too easily can become theory-laden and different
people can have different intuitions. Although we may find the sentences above
unproblematic, not everyone would find them so. For instance, Horn (1998) citing
Turing's (1950) prediction, says that Turing should expect to be contradicted about
the word usage he suggested. A final problem that arises with intuition based ap-
proaches comes from the fact that intuitions can also change over time. Thus,
intuitions about the sentences above do little to provide evidence in favor of the
success of Turing's prediction. Clearly some more trustworthy method is need.

One way to determine whether or not it is reasonable to attribute mental proper-
ties or predicates to computational devices is to examine people’s linguistic prac-
tices. One intuitive, though admittedly rough and ready, method of assessing
linguistic practices is to search the World Wide Web.

4.2 A Search Engine Based Strategy

Searching the web is an everyday method of finding things out, in this day and
age. Indeed, the transitive verb 'to google' was added to the OED in 2006. So, an
intuitively plausible strategy, albeit a 'quick and dirty' one, to determine whether
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people actually attribute mental predicates to computers, would be to search the
web and see what people are saying.

To explore this possibility, searches were undertaken for bigrams composed of
the word ‘computer(s)’ preceding the words 'think(s)', 'believes(s)’, or 'know(s)".
According to the web metrics site StatCounter (http://www.statcounter.com), the
three most commonly used search engines between October 2010 and 2011 were
Google with 90.67% of searches, Yahoo with 3.77% of searches and Bing with
3.70% of searches. Due to its superior handling of variations and alternations,
Google was selected to handle web searches. Each search used the Advanced Search
options to limit the searches to pages Google thinks are written in English. To con-
textualize the results, searches were also done using the word ‘dog’, which is the
most frequently used animal term in American English (Davies 2010, p. 9) and is
fairly close to ‘computer’ in its overall frequency within the language (the noun
‘computer’ being the 586™ most frequent word and the noun ‘dog’ being the 770",
[Davies 2010]). All searches were also done in both Firefox and Internet Explorer,
with identical results in each. The results of this exercise are displayed in Table 1.

Table 1 Number of 'hits' obtained by searching for certain phrases, using Google

Search Phrase Hits
"computer thinks" 472,000
“computers think” 424,000
“dog thinks” 1,340,000
“computer believes” 24,100
“computers believe” 13,900
“dog believes” 122,000
"computer knows" 538,000
"computers know" 170,000
“dog knows” 1,050,000

On the face of it, these results appear to suggest that people do apply mental
predicates to computers with some frequency. Unfortunately, these results cannot
be taken at face value because this simple methodology is deeply defective.

Although we may be accustomed to using search engines on a daily basis, they
are entirely unsuitable for use in an exercise such as the one just undertaken for a
number of reasons. Several characteristics of the World Wide Web when it is
viewed as a storehouse of language data affect the outcome of searches. The web
crawlers used by search engines cannot access the entire content of the web. Also,
the exact size of the corpus that the web represents is difficult to determine and
constantly changing. An even greater limitation comes from the fact that the pre-
cise search algorithms used by the search engines are not only unknown, they are
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also carefully guarded commercial secrets. It is also the case that this method has
no means of guarding against detecting repetitions. This is especially problematic,
as it is a common practice for some users of web based forums to quote posts that
they are replying to. Another objection to this methodology comes from the fact
that the results produced by a particular web search can vary, dependent upon the
location of the computer used to conduct the search, and as a function of other
recent searches undertaken from the particular machine. For a detailed discussion
of these issues, see Hundt, Nesselhauf and Biewer (2007). A final objection comes
from the fact that the results produced by a search engine vary over time.

On the face of it, it might appear to be both obvious and irrelevant that the
numbers of hits found by a search engine would change over time. After all, new
content appears on the Web everyday, and old content is sometimes removed
However, such an insight would be misleading. Consider the phrase “The comput-
er knows that”. In April 2011, Google reported 237,000 hits for the phrase. How-
ever, in October the same year, Google reported just 183,000 hits. Yet, by the end
of November 2011, Google was reporting 372,000 hits. In each case, the searches
were done with identical settings, from the same computer, in the same location.
This, in addition to the other considerations mentioned above serves to show that a
search engine based strategy, although easy and intuitive, is not really a suitably
robust method for determining whether people attribute mental predicates to
computers.

Fortunately, there are ways to contextualize the Google results to make them
more useful. One of these is to use the WebCorp Live search engine, created for
linguists to use for filtering search engine output (Renouf 2003). Webcorp uses the
search engine’s API to retrieve results, then visits each returned page to collect the
target phrase with its context, filtering out trash pages and dictionary pages. The
user can control how many results are returned from each page found, the size of
context displayed for each token, and other variables. Results can also be sorted
by context to make reviewing results easier.

The Google searches above were replicated in WebCorp, with a limit set at 50
results each, one result for each web page identified The results were examined
by hand to see what percentage would be considered positive examples of the
predication in question.

Table 2 Positive Examples for Target Predications in WebCorp

Search Bigram Positive Examples (from 50) | Positive Examples (%)
“computer thinks” 47 94%
“computers think” 12 24%
“dog thinks” 48 96%
“computer believes” 33 66%
“computers believe” 12 24%
“dog believes” 29 58%
“computer knows” 43 86%
“computers know” 20 40%
“dog knows” 36 72%
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For example, the search on the exact phrase “computers think” in Webcorp
yielded 49 tokens of the phrase and one false hit. Of the 49 listed tokens, 23 were
of the question, “can computers think?”, with 6 more also in similar contexts
(‘““’Anti-laser' could make future computers think much faster”); 6 others were
ruled out by punctuation (“Waste in Computers? ‘Think Green’”), and two exam-
ples had the word ‘think’ placed in quotation marks (“How Do Digital Computers
“Think”?”). Only 12 tokens could be considered legitimate assertions of the predi-
cation (“Thumbs Up If Slow Computers Think This Is Pixelated”).

Searching the singular construction in WebCorp was much more fruitful. Out
of the 48 accessible hits, only one would be considered false because ‘think’ was
in quotation marks. The other 47 were legitimate examples of the predication.
Interestingly, 36 of those were clearly discussions of computer functionality, many
occurring on technical discussion boards at sites like ubuntuforums.org:
“[SOLVED] Computer thinks game controller is mouse?” or askdavetaylor.com:
“... the computer thinks i have two Windows XP's installed.” On this evidence, it
seems people are more likely to predicate thinking of individual computers rather
than of the class of things usually called ‘computers’.

The results for ‘knows’ and ‘believes’ were similar, the singular subjects yield-
ing more legitimate hits than the plural constructions. Because the Webcorp re-
sults are randomly selected from all of the pages that Google returns, the percen-
tages of legitimate hits can then be taken from the raw Google searches to estimate
how many of the results from those searches are legitimate examples. Taking the
singular constructions as more reliable than the plural, Table 3 displays for each
singular construction the corrected estimate of legitimate occurrences turned up by
Google.

Table 3 Estimated Occurrences of Legitimate Target Predications from Google

Search Bigram Raw Hits Corrected Estimate
“computer thinks” 472,000 443,680

“dog thinks” 1,340,000 1,286,400
“computer believes” 24,100 15,906

“dog believes” 122,000 70,760
“computer knows” 538,000 462,680

“dog knows” 1,050,000 756,000

‘Thinks’ and ‘knows’ are predicated of computers only somewhat less fre-
quently than they are of dogs, with enough examples represented to conclude that,
in general, English speakers are not loathe to speak of their computer as thinking
or knowing.

5 Corpus Linguistics

Corpus linguistics, as a linguistic methodology, fell out of favor in the mid and
late Twentieth Century. In recent years though, there has been a resurgence in
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interest in the approach. Corpus linguistics is an empirical approach to language
that McEnery and Wilson (1996, p. 5) suggest can be used “...to determine
whether sentence x is a valid sentence of language y by looking in a corpus of the
language in question and gathering evidence for the grammaticality, or otherwise,
of the sentence.” This being the case, it presents an ideal set of tools for also de-
termining whether particular linguistic usages appear in natural language. In the
current context, the tools of corpus linguistics can be used, or adapted, to see, in a
more methodologically rigorous way than the strategies discussed above, whether
or not speakers of English attribute mental predicates to computational devices.

The first issue that needs to be addressed when undertaking a corpus based
study of language use is the selection of corpora to investigate. There are many
corpora that are available, but not all are suitable in the current context. For in-
stance, it is reasonable to limit the corpora of interest to those which are in Eng-
lish, and largely historical corpora will be of little interest. So, a reasonable limita-
tion on corpora selection is that the material contained in it should be collected
after 1950, when Turing made his prediction. Finally, for pragmatic reasons, only
corpora with a publicly accessible web interface were considered.

5.1 Stable Corpora

5.1.1 Google Books

The first corpus to be examined is derived from the Google Books Project. This is
a major project that has as a goal the digitization of a very large number of books
found in various libraries around the world. There are some limitations on the ma-
terial that is digitized, due to both time constraints and copyright issues, but the
project in on-going (see Google 2011 for a brief history of this project). In 2009
Google made available a complete selection of all 1- though 5-grams from the
Google Books Project. Mark Davies has begun to integrate the American English
subset of this corpus into his website at Brigham Young University, where it can
be accessed though the web. Though Google makes their ngram corpus available
for searching at http://books.google.com/ngrams, the BYU interface is superior for
linguistic purposes because it provides useful details that the Google Ngram view-
er does not, such as the specific number of results per century. Thus, although the
project is multi-lingual, only the American English part of the corpus was consi-
dered. One reason this is an appropriate corpus to use is that Turing's (1950) pre-
diction was based upon “...general educated opinion...” It is a reasonable assump-
tion that the content of books is to some extent representative of this type of
opinion.

The method adopted here was to search for bigrams in the corpus, with the
dates on the corpus adjusted to only include books published between 1950 and
2009 (the most recent date available with the corpus). The corpus was searched
for the previously described bigrams, limited to the singular examples. Ngram
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searches that are used in exercises like this need to be done with some care. The
types of controls proposed by Michel, Shen, et al. (2010) were adopted. The re-
sults of the Ngram searches are displayed in Table 4 as raw hits."

Table 4 The results of bigram searches conducted on the American English Google Books
corpus between the years 1950 and 2008.

Ngram Hits
“computer thinks” 589
“dog thinks” 639
“computer knows” 1924
“dog knows” 2587
“computer believes” 53
“dog believes” 181

The results of this exercise appears to show that the practice of attributing men-
tal predicates to computers is reasonably common. One advantage of this corpus is
that the compilers included punctuation within the corpus, so that the search will
not retrieve the kinds of syntactic errors seen with the raw Google results above.
What is perhaps of interest is that the writers included in the Google Books corpus
are considerably more likely to use locutions that describe computers as 'knowing'
than any of the other targeted terms.

Although the results here appear to be both interesting and, perhaps, compel-
ling, there are still methodological deficiencies with this strategy. Though focus-
ing on the finite inflected form filters out false positive forms such as yes/no ques-
tions formed with modals, it does not control for context, such as philosophical
discussions in which the Turing test itself is mentioned. So, in order for these re-
sults to be truly compelling, it would be necessary to inspect each putative hit and
determine whether or not it amounted to a genuine case of mental state attribution.
Unfortunately, the large number of hits makes such a quality control process too
time consuming to be feasible. Fortunately, Davies has constructed another corpus
with an efficient web interface.

5.1.2 COCA

The Corpus of Contemporary American English (COCA) currently consists of 425
million words of text, collected from sources such as spoken language, fiction,
popular magazines, newspapers, and academic texts, between 1990 and 2011 (Da-
vies 2011). One of the advantages of COCA is that it can display the context in

! The total word counts for the American English section of the Google Ngram corpus were
retrieved from Google Books directly. The total words between 1950 and 2009, inclusive,
are 97,906,666,338, or about 98 billion.
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which matched word patterns appear. This makes it possible to determine whether
any false positives are present. As this corpus produces fewer hits than the Google
Books corpus, it also makes this a feasible project.

The COCA corpus was searched for the word strings that were examined in the
previous section. Each string was then examined to determine whether or not it
was a false positive. The results from doing this are displayed in Table 5.

Table 5 The results of bigram searches conducted on the COCA corpus, with false posi-
tives subtracted.

Ngram Hits per million words
“computer thinks” 6 0.014
“dog thinks” 7 0.016
“computer knows” 9 0.021
“dog knows” 24 0.056
“computer believes” 0 0
“dog believes” 0 0

Considering the vast difference is sizes between the two stable corpora, the re-
sults from the two are somewhat congruent. “Computer thinks” occurs about
0.014 times per million words in COCA, and about half that frequently in Google
Books (0.006 per million words). This is likely due to COCA being confined to
the most recent two decades, while the searches on Google Books covered a 60
year period. Nonetheless, there are still some interesting conclusions that can be
drawn from them.

5.2 Discussion

The results from the Google Books corpus and the COCA corpus both support the
broad conclusion that people do speak 'as if' computers have mental states, some-
times, at least. There are, though, some more specific, albeit tentative, further con-
clusions that can be drawn also.

From both corpora, it appears that saying that computers 'know' things is the
more common type of mental state attribution. The incidence of false positives is
much lower with the stable corpora than it is with the Web. The comparison with
‘dogs’ is suggestive. In the stable corpora, dogs and computers are said to ‘think’
at close to the same rates, while dogs are said to ‘know’ things about one-third
again as often. The ontological issues presented by the putative mentation of both
dogs and computers are not entirely similar, but the willingness of people to use
verbs of mentation about both entities suggests that the categories which sanction
predication are more flexible than we might like to admit.
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The results with ‘believe’ should be cautionary. COCA is quite a large corpus,
balanced to include high, middle, and low registers of speech and writing, yet it
contains no examples of people asserting that computers or dogs ‘believe’. When
the corpus is large enough, as with Google Books and the Web, examples begin to
emerge, but given the nature of speech (and text encoding and OCR processing),
we should expect to see a handful of examples of almost anything However, even
if these factors are taken into account, there is still some quite compelling evi-
dence that people find it unobjectionable to speak as if they attribute states of
knowledge to computational systems.

A final point to note is that seeking convergent evidence is a central element of
the disciplines of both corpus linguistics and cognitive science (McEnery 1996;
Lakoff 1987). The methods described here for assessing the correctness of Tur-
ing's predictions all demonstrate a 'theoretical drift' in a certain direction. Appeal-
ing to intuitions, basic web searches, looking for bigrams in the Google Books and
the COCA corpora, as methodologies, despite their individual limitations, all seem
to support the broad contention that sometimes at least, people unproblematically
attribute mental properties, or predicates to computational devices.

6 Ontology and Objections

Most of the evidence discussed above has focused upon determining the answer to
what was earlier called the 'Semantic Question'. The semantic question was “Can
we meaningfully assert sentences concerning 'thinking' about computational de-
vices?” The evidence suggests that this question can be given an affirmative an-
swer, albeit with some limitations. However, this still leaves what was termed the
'Ontological Question' unaddressed. The ontological question was, “Does the class
of entities that 'think' include computational devices?” In a perhaps trivial and
somewhat facetious sense, we can certainly say that the class of entities that we
sometimes talk about as 'thinking', and we are sometimes willing to attribute men-
tal properties to, does include computational devices. However, this leaves the
deeper issue unresolved.

Our hunch is that we should also be able to give the ontological question an af-
firmative answer also, subject to suitable qualifications, limits and caveats. How-
ever, a substantial set of arguments for this point will not be offered here. This
point will not be directly addressed for two reasons. First, it would involve dis-
cussing considerations that would detract from the overall main point of this paper
and take us too far afield. Second, and the most important reason in the current
context, is that there is not space to mount a full defense of the view. Instead, this
matter is best left as an intriguing possibility, for future consideration. However,
in the meantime, broadly following Turing's (1950) rhetorical lead, it makes sense
to proceed by considering two of the most obvious objections that might be raised
against this suggestion.
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6.1 The Metaphor Objection

An obvious way of objecting to the claim that computational devices should be
included in the class of entities that can be said to 'think' can be based upon the
objection that when people speak as if they think computers can have mental
properties they are just being metaphorical. After all, we also sometimes talk as if
our computers are animate, when we say things like “My computer died”. Howev-
er, nobody really thinks that computers are truly animate. On the face of it, this
appears to be a serious objection. However, it should not be taken to be compel-
ling, as the example is misleading.

It is certainly the case that we often talk about mechanical devices as being
animate. For instance, people will say things like “My car died.” Moreover, this
appears unequivocally to be a case of metaphorical usage. The case of attributing
mental states to computational devices is not the same though. There appears to
something special about the connection between computers and the mental, which
is not mirrored with other classes of things. After all, it would be very linguistical-
ly odd to attribute mental states to cars.

Another way of countering this objection is to note that some theorists, for ex-
ample Nietzsche (1873) and Lakoff (1987), have argued that the metaphorical
extension of the scope of terms is a fundamental mechanism of language. Al-
though this proposal is controversial, should it turn out to be correct, then even if
the attribution of mental predicates to computational devices is metaphorical, it
would be unobjectionable, as it would be just an instance of a normal linguistic
process. Moreover, there are certainly plenty of examples of terminological
changes over time. Above, the use of the term 'computer’, initially for human be-
ings who performed computations, was mentioned. This usage was then extended
to mechanical computational systems. Another instructive example comes from
the term 'blockbuster'. According to the OED, this term was originally coined in
1942 and applied to a kind of bomb that could destroy an entire city block. By the
late 1950s the term applied to important and large ideas. Today, the term is used to
describe very successful movies and is even used as the name for a video rental
chain in the U.S. So, the claim that apparent cases of mental states being applied
to computers are just' metaphorical, does not really constitute a decisive objection
to the ontological thesis.

6.2 The Derivative Intentionality Objection

Another line of objection that can be raised against the claim that computational
devices should be included in the class of entities that can be said to 'think' can be
based upon a claim that the intentionality of any putative computational mental
state is derivative. This is a line of attack that is discussed in Smith (1996, p. 10).
He notes that, “Many people have argued that the semantics of computational sys-
tems is intrinsically derivative or attributed...” The idea here is that what is going
on with computational systems is similar to the circumstances found with books
and signs, where meaning is ascribed by outside observers. In some sense, the
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objector maintains, all these things lack the original and authentic meaning that is
associated with human thought.

Smith is skeptical about this line of objection, though. His doubts derive, in
part, from the fact that computational systems are increasingly embedded into real
world environments. Consider, for instance the vehicle 'CajunBot' that competed
in the DARPA Grand Challenge contest in 2005 (see Berkeley 2008 for a detailed
discussion). This vehicle had sufficiently complex computational systems, at-
tached to various sensor systems, to enable it to travel autonomously over nearly
twenty miles of desert in Nevada. It is difficult, though, to say in what sense the
semantics, or intentionality of this system was 'derivative'. It was necessary that
the system had an awareness of obstacles, in order for it to be able to function at
all. Analogous claims could be made about the other systems that competed in the
competition, also. Thus, this serves to show that the derivative intentionality ob-
jection is not as compelling as it might initially appear.

Smith (1996) offers another reason why this objection should not be taken too
seriously. He notes that even if the point was conceded that the semantics and
intentionality of computational systems were 'just' derivative, they are nonetheless
very real and of a complex kind. He notes that it is a mistake to think that
'derivative' means fake in some sense. So, for this reason also, this line of objec-
tion should be resisted and not be taken to be compelling.

7 Conclusion

The main goal of this paper was to examine the claims and predictions made by
Turing in his famous 1950 paper. In doing this, two distinct questions were dis-
cerned. One question, the ontological one, concerned whether or not the class of
entities that 'think' includes computational devices. The other question, the seman-
tic one, concerned whether or not we can meaningfully assert sentences concern-
ing 'thinking' about computational devices. This latter question appeared to form
the basis of Turing's (1950, p. 442) prediction that,

...at the end of the century the use of words and general educated opinion will have
altered so much that one will be able to speak of machines thinking without
expecting to be contradicted.

The bulk of the discussion in this paper has focused upon attempting to determine
whether or not this prediction has come true. Four strategies for assessing this
prediction were considered. The first relied upon simple intuition. Unfortunately,
this is not a method that is sufficiently consistent or reliable to depend upon. So, a
methodology involving simple web searches was tried in order to see whether
people on the Internet apply mental predicates to computers. This method, though
improved also had shortcomings. The final two methods examined stable corpora.
One method involved searching for bigrams in the Google Books corpus. One
virtue of this strategy was that it provided some insights into the views of 'general
educated opinion', on the assumption that published books are written by the edu-
cated. The final method used the COCA corpus and had the virtue of making false
positives detectable. Taken together, all these strategies exhibited a tendency to
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support the conclusion that Turing's (1950) prediction appeared to be confirmed,
albeit perhaps in a limited sense. This suggests that the Semantic Question can be
answered in an affirmative manner. This appears to be a result of some philosoph-
ical interest. In addressing the Ontological question it was briefly argued that at
least two of the obvious objections that can be raised to answering the Ontological
Question in an affirmative manner are not compelling. However, a complete
treatment of the question was not attempted.

So, the take-home message here must be that it is not unusual to say that com-
puters think and to attribute mental properties and predicates to them. However,
the genuine and legitimate membership of computers in the class of thinking
things must remain just an intriguing possibility.
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1 Background

“AS YOU read this article, your brain not only takes in individual words, but also
combines them to extract the meaning of each sentence. It is a feat any competent
reader takes for granted, but it’s beyond even the most sophisticated of today’s com-
puter programs. Now their abilities may be about to leap ahead, thanks to a form
of graphical mathematics borrowed from quantum mechanics.” So starts an article
from The New Scientist[[1]] highlighting the work of Oxford University Computing
Laboratory in quantum linguistics; a new approach to the study of language de-
veloped and explored by Bob Coecke, Mehrnoosh Sadrzadeh, Ed Grefenstette and
Stephen Pulman (drawing from earlier work by Samson Abramsky and Bob Coecke
on quantum computing). The article describes how the quantum and linguistics re-
search groups at the Oxford University Computing Laboratory, are enabling com-
puters to ‘better understand’ language by the application of the quantum picturalism
formalism to linguistics; encoding words and grammar in a set of rules drawn from
the mathematics of category theory. In this paper we investigate if ‘quantum linguis-
tics’ genuinely enables computers to fully understand text.

2 Quantum Physics

One morning in July 2011, at a meeting to discuss ‘Foundational questions in the
mathematical sciences’, held at the International Academy in Traunkirchen, Austria,
Bob Coecke from the University of Oxford, Slawomir Nasuto from the University
of Reading and Mark Bishop from Goldsmiths College gathered over coffed] and
discussed why it had taken more than sixty years from the birth of quantum physics
to discover quantum teleportation. Bob suggested that the underlying reason was
because ‘Von Neumann Hilbert-space quantum mechanics’ does not easily allow
appropriate conceptual questions to be asked.

Bob subsequently outlined a radically new diagrammatic language - which he
calls ‘Quantum Picturalism’ (QP) - so simple that it could be taught in kindergarten,
but which is rich and powerful enough to facilitate simple derivations of relatively
complex results in quantum physics. To illustrate its simplicity and power Bob ex-
plained that he has conceived an experiment involving school children which he
anticipated would show quantum picturalism to be a ‘language’ powerful enough
to derive complex phenomena in, say, quantum teleportation, but simple enough
such that even kindergarten children could successfully use it with little or no prior
knowledge of physics. But would these school children really be doing quantum
physics we pondered over our coffee?

! There has since developed a serious dispute between the three participants as to if the
discussion reported herein took place over coffee or over beer; or both.
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3 Quantum Picturalism

Quantum picturalism[6] defines a system consisting of formal operationsﬂ on a set
of input/output (I/O) boxes connected by wires, which together define a QP picture

(see Fig.[).

Picture = I/0-boxes connected by wires

<~—output wire(s)
\

:Box:‘=

-~ inpu# wire(s)

+

Picture:=

Fig. 1 A ‘Picture’ in the quantum picturalism formalism

Operations that can be performed on QP boxes include morphing and sliding:
morphing entails transforming QP wires by stretching and constricting them; sliding
boxes entails moving them around the image via ‘sliding’ them along the connecting
wires (see Fig.[2)). Substitution rules (see Fig.[3) define how one or more boxes can
be replaced by another (or combined together or reduced/eliminated) to produce
new picture elements.

Considering the QP diagram in Fig.[d] the box associated with the label ‘Alice’
can easily be moved (slid) across to align under the box associated with the label
‘Bob’. Then, via the substitution rule shown in Fig.[3 both boxes can be combined
and reduced to a basic wire. Thus, after the application of two simple rules we obtain
a simplified QP diagram (on the right hand side of the equality) depicting Alice and
Bob linked only by a wire.

2 It could be argued, pace Wittgenstein on rule following[[[1]], that such operations are not
‘purely formal’; the boxes have ‘meaningful tags’ and require a primitive operational ‘un-
derstanding’ to follow the rules (e.g. to see that sliding to a specific position is ‘OK’);
however, as is shown in this work, on its own any minimal ‘understanding’ that accrues
from formally manipulating QP elements in this way does not help ground the system in
the target domain.
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Morphing and sliding

eIt
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Fig. 2 ‘Morphing’ and ‘Sliding’ in the quantum picturalism formalism

Some special boxes subject to special rules

|
— | ~ cupsicaps

~yellow (invertible) — —

Fig. 3 ‘Symbol substitution’ in the quantum picturalism formalism
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Fig. 4 ‘Quantum teleportation’ derived in the quantum picturalism formalism

Interpretation of boxes in quantum theory
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Fig. 5 Symbol grounding in the quantum picturalism formalism

Then, by applying the interpretation given in Fig. [Sl we can understand the re-
sulting QP diagram given in Fig.@in the context of the ‘world of quantum physics’
as meaning:

“Alice has an incoming quantum system (the input to the picture) and she and Bob also
share a Bell-state (the white triangle with the cup inside. Alice then performs a certain
operation on both of her quantum systems which depends on a unitary variable (the
other white triangle where the box plays the role of the variable). Bob performs the
conjugate to that unitary variable (the other box). The statement of equivalence with
the right hand side then means ‘At the end of performing the above stated instruc-
tions Alice’s initially incoming quantum system will be with Bob’. This phenomenon is
known as quantum teleportation”.
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In demonstrating examples of QP in action (as above) Bob showed how even rel-
atively simple formal operations on QP diagrams, in conjunction with understand-
ing of the appropriate QP interpretation, can lead to new insights into the world
of quantum physics; insights (such as quantum teleportation) which may not be so
obviously derived via classical application of Von Neumann Hilbert-space quantum
mechanics. Reflecting again on Bob’s proposed QP experiment with kindergarten
children, we discussed just how deep an understanding, if any, of the QP interpreta-
tion is necessary for QP users to be really doing quantum physics? At this point in
our discussion Slawomir recalled the work of Harré and Wang[8]].

4 Is Syntax Sufficient for Semantics?

In a brief paper from 1999 Harré and Wang described experiments with a simple
pictorial ‘language’ comprising of a set of thirteen Chinese ideographs. Appropri-
ate exchange of the symbols [between subjects competent in reading and writing
Chinese ideographs] could facilitate very simple ‘conversations’ to take place: con-
versationd] of the form:

Speaker-1 enquires: “‘WHISKY??’
Speaker-2 replies: ‘DRINK!’

Speaker-1 enquires: “THIRSTY??’
Speaker-2 replies: ‘BEER!’
Speaker-1 concludes: ‘PUB..

Harré and Wang subsequently developed and codified a simple set of ‘purely formal’
rules that could be used to automatically define appropriate responses for speaker-2
to make when passed symbols from speaker-1 (and vice versa). The rules of Harré
and Wang’s procedure described symbol transformations defined by a simple ‘look-
up table’ (or ‘rule-book’) which encapsulated two types of response:

o ‘Straight rules’ whereby, say, the symbol for “WHISKY" is directly mapped to
the symbol for ‘DRINK”.

e ‘Branching rules’ whereby, say, the symbol for ‘THIRSTY ?’, if followed by the
symbol for ‘BEER!” maps to a response of ‘PUB..’; but if followed by the symbol
for ‘COFFEE!” maps to a response of ‘CAFE..’.

In their paper Harré and Wang’s detail a series of experiments in which such ‘iconic
communication’ was deployed between pairs of non-readers of Chinese, with the
aim of determining if - by correctly iterating the application of the rule-book over
time - non Chinese readers ever became able to ground [even primitive approxima-
tions to] the meanings of the Chinese ideographs. I.e. They evaluated precisely what

3 Readers in Ireland and the United Kingdom might recognise this style of conversation, so
effectively deployed by Father Jack Hackett, in the Irish/British television comedy series
Father Ted.
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a subject actually experiences in the context of a simple ‘iconic languaging game’
as a result of repeated low-level rule-based interactions.

By stating in their conclusion that ‘none of our participants reported having any
sense of the meaning of the symbols’, Harré and Wang’s experiments demonstrated
in their experiments at least that the iterated application of a small number of simple
low-level rules to the manipulation of a small number of empty symbols, did not lead
to the emergence of any understanding of what the symbols might refer to (mean);
that syntax is not sufficient for semantics.

Of course the underlying claim - that syntax is not sufficient for semantics - is
clearly conceptual and not empirical and hence its truth or falsity is not established
by analysis of the Harré and Wang experiment described herein: as a reviewer of this
paper trenchantly highlighted such a move would be analogous to claiming support
for the conceptual philosophical assertion ‘when a tree falls in the forest and no
one is around to hear it doesn’t make it sound’ by carrying out experiments on
the particular cases of felling particular birch trees. However Mark recalled that the
claim has been extensively conceptually probed by the American philosopher John
Searle in his [now (in)famously] well known ‘Chinese room’ thought experiment,
first published in the 1980 paper Minds, Brains and Programs (MBP)[9].

5 The Chinese Room Argument

Mark summarised Searle’s Chinese Room Argumenﬂ (CRA) as follows[3]:

“In 1977 Schank and Abelson published information[10] on a program they created,
which could accept a simple story and then answer questions about it, using a large
set of rules, heuristics and scripts. By script they referred to a detailed description
of a stereotypical event unfolding through time. For example, a system dealing with
restaurant stories would have a set of scripts about typical events that happen in a
restaurant: entering the restaurant; choosing a table; ordering food; paying the bill, and
so on. In the wake of this and similar work in computing labs around the world, some
of the more excitable proponents of artificial intelligence began to claim that such
programs actually understood the stories they were given, and hence offered insight
into human comprehension.

IS

It is beyond the scope of this paper to summarise the extensive literature on the CRA
other than to note that, to date, the two most widely discussed responses to the CRA have
been the ‘Systems reply’ and the ‘Robot reply’. For a broad selection of essays detailing
these and other critical arguments see Preston and Bishop’s edited collection ‘Views info
the Chinese room’[2]]. Conversely, by examining the application of the high-level quantum
picturalism formalism to linguistics, this paper focuses on a response popular with some
working within the fields of computing and artificial intelligence: that the ‘purely formal’
string-transformations defined in Searle’s rule-book are both too simple and too low-level
to ever facilitate the emergence of semantics and understanding.
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It was precisely an attempt to expose the flaws in the statements emerging from
these proselytising Al-niks, and more generally to demonstrate the inadequacy of the
Turing tesﬂ which led Searle to formulate the Chinese Room Argument.

The central claim of the CRA is that computations alone cannot in principle give
rise to understanding, and that therefore computational theories of mind cannot fully
explain human cognition. More formally, Searle stated that the CRA was an attempt
to prove that syntax (rules for the correct formation of sentences:programs) is not suf-
ficient for semantics (understanding). Combining this claim with those that programs
are formal (syntactical), whereas minds have semantics, led Searle to conclude that
‘programs are not minds’.

And yet it is clear that Searle believes that there is no barrier in principle to the
notion that a machine can think and understand; indeed in MBP Searle explicitly states,
in answer to the question ‘Can a machine think?’, that ‘the answer is, obviously, yes.
We are precisely such machines’. Clearly Searle did not intend the CRA to target
machine intelligence per se, but rather any form of artificial intelligence according
to which a machine could have genuine mental states (e.g. understanding Chinese)
purely in virtue of executing an appropriate series of computations: what Searle termed
‘Strong AI’.

Searle argues that understanding, of say a Chinese story, can never arise purely as
a result of following the procedures prescribed by any computer program, for Searle
offers a first-person tale outlining how he could instantiate such a program, and act as
the Central Processing Unit of a computer, produce correct internal and external state
transitions, pass a Turing test for understanding Chinese, and yet still not understand a
word of Chinese.

Searle describes a situation whereby he is locked in a room and presented with a
large batch of papers covered with Chinese writing that he does not understand. Indeed,
the monoglot Searle does not even recognise the symbols as being Chinese, as distinct
from say Japanese or simply meaningless patterns. Later Searle is given a second batch
of Chinese symbols, together with a set of rules (in English) that describe an effective
method (algorithm) for correlating the second batch with the first, purely by their form
or shape. Finally he is given a third batch of Chinese symbols together with another
set of rules (in English) to enable him to correlate the third batch with the first two,
and these rules instruct him how to return certain sets of shapes (Chinese symbols) in
response to certain symbols given in the third batch.

Unknown to Searle, the people outside the room call the first batch of Chinese
symbols ‘the script’, the second set ‘the story’, the third ‘questions about the story’
and the symbols he returns they call ‘answers to the questions about the story’. The set
of rules he is obeying they call ‘the program’. To complicate matters further, the people
outside the room also give Searle stories in English and ask him questions about these
stories in English, to which he can reply in English.

After a while Searle gets so good at following the instructions, and the ‘outsiders’
get so good at supplying the rules he has to follow, that the answers he gives to the

In what has become known as the ‘standard interpretation’ of the Turing test a human
interrogator, interacting with two respondents via text alone, has to determine which of
the responses is being generated by a suitably programmed computer and which is being
generated by a human; if the interrogator cannot reliably do this then the computer is
deemed to have ‘passed’ the Turing test.
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questions in Chinese symbols become indistinguishable from those a true Chinese
person might give.

From an external point of view, the answers to the two sets of questions, one in En-
glish the other in Chinese, are equally good; Searle, in the Chinese room, have passed
the Turing test. Yet in the Chinese language case, Searle behaves ‘like a computer” and
does not understand either the questions he is given or the answers he returns, whereas
in the English case, ex hypothesi, he does. Searle contrasts the claim posed by some
members of the Al community - that any machine capable of following such instruc-
tions can genuinely understand the story, the questions and answers - with his own
continuing inability to understand a word of Chinese; for Searle the Chinese symbols
forever remain ungrounde(ﬂ”

6 Complex Rule-Books

Historically, as Bob observed, Artificial Intelligence (AI) practitioners have been
incredulous at the extreme simplicity of the low-level rules described by Searle
(and deployed by Harré and Wang) that simply ‘correlate one set of formal symbols
with another set of formal symbols merely by their shape’, such that typically very
trivial combinations of un-interpreted symbols - Squiggles - map simply onto oth-
ers - Squoggles. It has always seemed likely to such AI experts that any machine
understanding program with a claim to real-world generality would require a very
large and complex rule-base (program), typically applying very high-level rules
(functionsﬂ.

However it is equally clear from MBP that Searle intended the CRA to be fully
general - applicable to any conceivable [now or future] Al program (grammar based;
rule based; neural network; Bayesian etc): ‘I can have any formal program you like,
but I still understand nothing’. So if the CRA succeeds, it must succeed against even
the most complex ‘high-level’ systems.

So, in a spirit of cooperation (between computer scientists, Al practitioners and
Searle) let us consider a more complex formal program/rule-book-system which has
(as one high-level-rule) a call to, say, Google-translate. We suggest that the internal
representations scribbled on bits of paper used by the man in the room (monoglot

6 The ‘symbol-grounding’ problem|[7] is closely related to the problem of how words (sym-
bols) get their meanings. On its own the meaning of a word on a page is ‘ungrounded’
and merely looking it up in a dictionary doesn’t help ground it. If one attempts to look
up the meaning of an unknown word in a [unilingual] dictionary of a language one does
not already understand, one simply wanders endlessly from one meaningless definition to
another (a problem not unfamiliar to young children); like Searle in his Chinese room, the
search for meaning remains forever ‘ungrounded’.

7 In contrast to the thirteen basic ideographs deployed by the Harré and Wang IBM’s WAT-
SON system - which recently won world wide acclaim as rivalling the greatest human
players of the USA TV game show ‘Jeopardy’ - effectively deployed a complex high-level
rule-book (literally thousands of complex algorithms working in parallel) on the full gamut
of natural human language.
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Searle), could now maintain [at least partial] interpretations of the [unknown] Chi-
nese text, as ‘symbol-strings-in-English’.

In this way it is apparent that, via a process analogous to ones gradual under-
standing of a Chinese text via the repeated use of a Chinese-English dictionary, the
application of [grounded] high-level-rules (Google-translate) to Chinese text would,
over time, foster the emergence of genuine semantics and understanding in even a
monoglot English speaker like Searle. Because both the rule-book and any internal
representations the rule-book requires (Searle’s ‘scribbles on paper’) are encoded in
English, and ex hypothesisi Searle brings to the room an understanding of English,
we suggest, pace Boden[4], that over time this extended English Reply would lead
to the emergence of genuine semantics for Searle.

But does a computer Central Processing Unif§ (CPU) really ‘understand’ its
program and its variables [encoded as raw binary data] in a manner analogous to
Searle’s understanding of his rule-book and internal-representations encoded in En-
glish? In her 1988 paper (ibid) Maggie Boden suggests that, unlike say the human-
driven manipulations of formal logic, it does; because, unlike the rules of logic, the
execution of a computer program actually causes events to happen (e.g. it reads and
writes data [or instructions] to memory and peripherals) and such ‘causal seman-
tics’ enable Boden to suggest that it is a mistake to regard [executing] computer
programs as pure syntax and no semantics; such a CPU processing Chinese sym-
bols really does have a ‘toe-hold” on [Chinese] semantics. The analogy here is to
Searle’s understanding of the English language rule-book and hence the [extended,
high-level] English reply holds.

In contrast to Boden we suggest, pace Wittgenstein[[T1]], that the computer CPU
does not really follow ‘rules of its program’ but merely acts in accordance to them;
the CPU does not understand its internal-representations [as it executes its program
and input] anymore than water in a stream ‘understands’ its flow down-hill; both are
processes strictly entailed by their current state and that of the environment (their
‘input’).

Furthermore, pace Cassirer[3], we do not consider the computer as it executes
its program with particular input(s) an ‘information processor with a concomitant
toe-hold in semantics, because we consider that the [physical] computer does not
process symbols (which belong to the human realm of discourse), rather mere un-
interpreted signals (binary digits [+/- 5v]) which belong to the world of physics.

‘All syntax and no semantics’ we suggest that, as there is no genuine sense in
which the CPU understands its rule-book in a manner analogous to Searle’s un-
derstanding of English, a CPU executing its program is simply not analogous to
monoglot Searle’s gradual understanding of a Chinese text via repeated use of an
English/Chinese dictionary.

To reflect that the CPU merely mechanically transforms the signals it processes
we simply insist, pace Searle, that the rule-book is defined only by syntactical op-

8 A CPU is the core component of a computer system that executes program instructions (its
algorithm or rule-book) by physically, and in most modern computers typically electron-
ically, fetching or storing (reading or writing) them to and from memory and evaluating
their coded commands.
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erations (albeit perhaps more complex than the simple ‘correlations’ originally sug-
gested by Searle and physically deployed by Harré and Wang) and the internal-
representations (‘scribbles on paper’), must remain defined by un-interpreted sym-
bols (cf. Searle’s ‘Squiggles and Squoggles’).

It is clear that, even allowing the rule-book to deploy high-level calls to, say
Google-translate, because the internal-representations Searle is forced to manipulate
remain mere un-interpreted signals (Squiggles and Squoggles), no understanding of
the underlying Chinese text can ever emerge. The process is analogous to monoglot
Searle’s frustrated attempts to understand an unknown Chinese text using, say, only
a Chinese/Japanese dictionaryL.

7 Quantum Linguistics

This pioneering new approach to linguistics deploys quantum picturalism, the
graphical form of category theor)m originally developed for use in quantum me-
chanics and described earlier herein. Conventionally computers typically attempt
to ‘understand’ text as a collection of different words with limited structure; hence
a computer may find it hard to tell the difference between ‘Jane likes cheese’ and
‘Jane does not like cheese.” Conversely, despite the similarity of words in these sen-
tences, their very distinct QP representations highlight their fundamental difference
in meaning.

Bob likened the situation to watching a television program at the pixel level,
‘rather than seeing the image, you get it in terms of Os and 1s,” he says, and ‘it
wouldn’t mean anything to you’. Similarly, by translating linguistic processes into
the higher-level QP formalism, ‘higher-level structures become visible’; in this man-
ner quantum picturalism offers new insights, helping modern computational lin-
guistic researchers develop ever more sophisticated natural language processing
systems. Nonetheless, because at its heart the QP formalism merely offers com-
putational linguistics a more complex (higher-level) rule-book, operating on more
sophisticated - but still un-interpreted - QP representations, we suggest that any
computational system qua ‘quantum linguistics’ remains as ignorant of the meaning
of the text it processes as Searle is of Chinese.

8 Conclusion

At the end of our coffee-house journey from quantum picturalism to quantum lin-
guistics via the Chinese room, we offer two modest observations made along the
way:

9 Or Mark’s lack of ‘understanding’ of quantum physics as he ‘blindly follow the rules of
QP with no concomitant understanding of an appropriate ‘quantum physics’ context; the
QP interpretation.

10 Category theory defines a branch of mathematics that allows different objects within a
collection, or category, to be linked.



28 J.M. Bishop, S.J. Nasuto, and B. Coecke

e Unless they bring to Bob’s proposed experiment relevant prior understanding
of the QP interpretation in the world quantum physics (e.g. what a Bell-state
is .., etc.), even if they discover a new result in quantum physics (e.g. quantum
teleportation) kindergarten children cannot really be said to be doing quantum
physics merely by correctly deploying the QP formalism.

e As syntax is not sufficient for semantics, even the mechanical execution of the
high-level rule-book of quantum linguistics, deployed across the full gamut of
natural language, will not result in a computational system genuinely capable of
understanding the text it processes.

In Watson IBM finally put Searle’s idealised component of the Chinese room (a
complex program [rule-book] sophisticated enough to accurately respond to ques-
tions posed in natural language) to the test and in one sense (to the surprise of some)
it passed; in Watson IBM have developed a system that [externally] exhibits aston-
ishing [as-if] understanding/intelligence of the Jeopardy style questions it is posed.
But would Searle, if he was ever locked in a ‘Jeopardy room’ and made to follow
IBM’s Watson rule-book, ever obtain understanding of playing the Jeopardy game?
We conclude that - as syntax alone is never sufficient for semantics - he would not.
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The Physics and Metaphysics of Computation
and Cognition

Peter Bokulich

1 Introduction

For at least half a century, it has been popular to compare brains and minds to
computers and programs. Despite the continuing appeal of the computational
model of the mind, however, it can be difficult to articulate precisely what the
view commits one to. Indeed, critics such as John Searle and Hilary Putnam have
argued that anything, even a rock, can be viewed as instantiating any computation
we please, and this means that the claim that the mind is a computer is not merely
false, but it is also deeply confused.

In this paper, I articulate a physicalist ontology of emergent properties, and I
argue that this provides a framework for understanding the commitments of com-
putationalist and mechanistic accounts of the mind. My account is built on the
physical concepts of dynamical system and a dynamical degree of freedom. I ar-
gue that all higher-level emergent entities and properties are the result of a reduc-
tion of the physical degrees of freedom (where these reductions are the result of
aggregations and/or constraints imposed on the full set of degrees of freedom of
the system).

This ontological framework provides a response to Searle and Putnam’s argu-
ment that the computationalist model is vacuous because one could treat any
arbitrary system (e.g., the molecules in a wall) as an instantiation of an arbitrary
computer program (e.g., a word processing program). Their argument ignores the
causal-dynamical aspect of any instantiation of a program; in fact, only carefully
engineered systems (viz. computers) will have the counterfactual behavior speci-
fied by the computational model. We can give an ontologically robust account of
which systems are instantiations of particular programs and which are not; this ac-
count will rely on the effective degrees of freedom of that system and the dynam-
ics that governs the evolution of those degrees of freedom.

Physics provides us with very strong evidence for the truth of physicalism, and
this ontology requires that all systems are mechanical systems. However, as
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systems develop structure, some of the microphysical details become irrelevant to
the functioning of the system. This allows for the emergence of higher-level states,
which can then be correlated with other systems in the environment, and these cor-
relations can themselves be manipulated in a systematic law-governed way. Com-
putation is — at its metaphysical root — just such a manipulation of correlations.
Information is real, and well-defined, even at the subatomic level. However, it is
only when we have higher-level systematic manipulations of information that we
have computation.

2 Physicalism and Emergence

It is widely agreed that the defining feature of physicalism is metaphysical super-
venience of all facts on the physical facts. Thus if a world is identical to the actual
world in all its physical facts, it will (if physicalism is true) have to be completely
identical to the actual world (modulo some minor worries concerning negative
facts, indexical facts, and so on'). The metaphysical supervenience thesis captures
the notion that physicalism requires that the story offered by physics is complete,’
but it doesn’t imply that higher-level special-science stories (which are not
phrased in the language of physics) are false; instead such accounts can be true as
long as they are made true by the ontologically more fundamental physical facts.

The requirement of supervenience is, I think, OK as far as it goes. But it
doesn’t go very far in explaining why and how higher-level facts metaphysically
supervene on physical facts. For this we need a more substantial metaphysical
framework that allows us to understand how underlying physical facts fix special-
science facts. We need an account of how higher level properties and entities
emerge from the underlying physical properties and entities.

There is a form of emergentism that is inconsistent with physicalism because it
denies that all facts supervene on the microphysical facts. Let’s call this position
strong emergentism; it claims that the emergence of special science properties in-
volves going beyond the domain of purely physical properties and laws. If the
emergent properties are causal, then strong emergence involves a denial of the
causal closure of physics.” Weak emergentism, on the other hand, is compatible
with physicalism and the causal closure of physics. It simply holds that complex
systems have certain features that are well-described by the special sciences.
Higher-level properties are not eliminated by our physicalist ontology, they are in-
stead real complex features of physical systems. So how does this work?

The physicalist commitment to the causal closure of microphysics tells us that
the physical laws continue to hold when the microphysical particles come together

! See Chalmers (2010) for a detailed discussion of these worries, and how one might re-
spond to them.

% The worry is sometimes raised that, because current physics is incomplete, appeals to
“complete physical stories” are unjustified. In Bokulich (2011), I argue that the effective
validity of quantum electrodynamics and classical gravity is sufficient to ground an un-
derstanding of a physicalist ontology of the mind.

3 This claim is somewhat controversial. I defend it in Bokulich (2012).
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to form a complex system. It is an important fact of physics that increased com-
plexity does not limit the accuracy of the micro-physical description of the parts.
Thus, insofar as we are concerned with the dynamics that govern a system — i.e.,
with the causes of a system’s behavior — the microphysical story will be the most
accurate, most complete, account of any process in the actual world. Although in
practice we will often have useful special-science accounts of processes but no
useful microphysical account whatsoever, in principle it is the case that micro-
physical description of a system contains all the details of the system. Information
about higher-level properties does not count as additional information once we
have the microphysical information in hand. The real trick is to figure out how we
can ignore the microphysical information that is irrelevant for whatever large-
scale process we are interested in. To see how this works, it will be helpful to
make use of a few concepts from physics.

3 Systems and Degrees of Freedom

Most metaphysical accounts of reduction are phrased in terms of entities, proper-
ties, theories, and laws; they will ask, for example, whether and how special-
science entities reduce down to microphysical entities and how higher-level laws
reduce down to microphysical laws. While laws are the core concern of physics,
physicists usually do not consider these laws as applying primarily to entities or
properties. Instead, physical laws apply to systems, and it will be fruitful to take
on board the basic ontology of physics to develop our metaphysics of emergence.

There are several interrelated concepts that we will need if we are to understand
systems, and an account of emergence based on systems. A degree of freedom is
an independent parameter that must be assigned a value to completely specify the
state of the system.® So, for example, a single particle has six degrees of freedom.
In order to completely specify its physical state, we will need three numbers to
specify its location (one number for each dimension of space) and three more
numbers to specify its momentum (again, one for each spatial dimension of its
momentum).

The state space for the system is the space of all possible state values that the
system can have. This space will have one dimension for each degree of freedom.
So the state space of our particle will be a six-dimensional space: three for the par-
ticle’s location (e.g., an x-coordinate, a y-coordinate, and a z-coordinate) and one
more dimension for each of the three components of momentum. The state of the
system at a particular moment will be a point in the state space (the point picked
out by the values assigned to the degrees of freedom).

The physical dynamics specify the type of the physical system and the state
space, as well as dictating how the state of the system changes over time. The
time evolution of the system will then be described by a trajectory through the

* Here and throughout I am making use of Hamiltonian mechanics. If we were instead to
consider the Lagrangian formulation of mechanics, we would describe both the degrees of
freedom and the state space somewhat differently. However, the two formulations are
equivalent, and the basic metaphysical story is unaffected by the choice.
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state space — each point of the trajectory represents the state of the system at a par-
ticular time — and the dynamics allow us to calculate this trajectory from the initial
state and the boundary conditions of the system.

Our single particle has six degrees of freedom and a six-dimensional state
space. Of course, there are more complicated systems with more degrees of free-
dom and larger state spaces. If we have two particles, we will need a twelve-
dimensional state space; six for the position and momentum of the first particle,
and six more for the position and momentum of the second. Each new particle
adds six degrees of freedom to the system, so for N particles we will have a 6N
dimensional space. A single point in that space will then specify the complete
physical state (i.e., the three position coordinates and the three components of
momentum) for each of the particles. We can then solve the dynamical equations
of motion to find out how that point will move through the 6/N-dimensional state
space, that is, to find how the system’s state will evolve over time.

Thus far we have been considering particles, which only have a location and a
state of motion (momentum). A rigid body (like a pen), however, also has an
orientation. To completely specify the state of an extended body like this, we
need to specify not only where it is, but also which direction it is pointing; and in
addition to its linear momentum, we will need to specify its angular momentum
(i.e., how fast it’s spinning around each of the three spatial axes). So a rigid body
has rwelve degrees of freedom. Its state lives in a twelve-dimensional state space,
and the dynamical equations of motion dictate how the state of the system evolves.

So much for setting the stage. Now let’s move to the metaphysically interest-
ing point. The pen is composed of a vast number of particles. Our rigid body
with its twelve degrees of freedom is the very same system as the multitude of
constituent particles with their trillions of degrees of freedom. Here we have two
different descriptions of a system — a higher level description of the composite ob-
ject and a lower-level description of the behavior of the parts — and both are legi-
timate physical descriptions of the system. What is needed is a metaphysics of
emergence that can ground these descriptive practices.

4 Emergence and Constraint

If there is a single slogan for emergentism, it is the claim that the whole is greater
than the sum of its parts. Indeed, this is often treated as a truism. Looking at
things from the perspective of physical systems, however, the claim gets things
exactly backwards. In fact, the whole can always do less than the sum of its parts
can. And so, insofar as what something is can be captured by what it can do, the
whole is always /ess than the sum of its parts.

Consider a rocket flying to the moon. We’re inclined to say that it’s vanishing-
ly improbable that mere bits of iron, nickel, hydrogen, oxygen, and so on would
come together and propel themselves all the way to the moon; obviously they need
something more to make this possible. However, the real trick of building a rock-
et is to prevent the particles doing all (or, rather, most) of the things that they
could do with all the energy that is being released — since most of those things
would be described as “blowing up.” So the challenge of rocket engineering is to
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put particles together in such a way that the system has only a very small number
of effective degrees of freedom. The rocket needs to be a rigid body with only
twelve degrees of freedom (plus whatever degrees of freedom are involved in the
maneuvering mechanisms, etc.), which means that we need to make sure that the
rocket is able to do considerably /ess than can the particles that make it up.

And what is true of a rocket, is true quite generally of higher-level entities and
properties. Emergent structure results from reducing the number of effective de-
grees of freedom. A molecule can do less (not more) than the atoms that compose
it. A cell can do less (not more) than its composite molecules can. An organism
can do less yet. At each stage of increased structure, we have a reduction in the
total dimensionality of the state space of the system. Some degrees of freedom
become irrelevant and can be ignored. (Of course, it is our decision whether we
do ignore them, but it is an objective observer-independent fact that some details
can be ignored.)

The problem of the (weak) emergence of special-science processes, entities,
and properties is thus a question of how a limited effective state space (and dy-
namics) emerges out of the full fundamental state space. How do some micro-
physical degrees of freedom become irrelevant for some particular process? There
are two general mechanisms that make this possible: constraints and aggregation.

We can describe the dynamical state of a pen with a mere twelve values be-
cause all of its particles are constrained in such a way that the distances between
them remain the same (at least to the degree that it is accurate to describe the pen
as a rigid body). This is the result of a coupling between the particles that makes
the rigid arrangement a stable state. Of course, the fact that some degrees of free-
dom are now irrelevant depends both on the initial state of the system and the
boundary conditions. So, for example, if we pump enough energy into the system,
extra degrees of freedom can become effective. We typically call such a process
“breaking.” If we break a pen in half, the system will now have twenty-four effec-
tive degrees of freedom, rather than the twelve of an intact pen. Structure elimi-
nates effective degrees of freedom. Breaking structure reintroduces degrees of
freedom; it makes underlying degrees of freedom effective again.

A second way we can reduce the number of effective degrees of freedom of a
system is through coarse-graining or aggregation. So, for example, when we are
calculating the orbits of the planets in the solar system, we can treat the sun and
the planets as point particles and use a state space with only six dimensions for
each body. At the microphysical level, each planet has trillions of trillions of de-
grees of freedom, but a mere six of these are relevant for the planet’s orbital beha-
vior.” This is because the gravitational effects of all the particles aggregate, so we
need consider only the aggregated effect of the mass of each of the bodies on each
other. Likewise, when we have a thermodynamic system, we can neglect the

3 Note that there is typically no mapping from particular underlying degrees of freedom to
the effective degrees of freedom that remain after aggregation or constraints are imposed.
We can’t say, “It’s the y-component of this particular particle that remains effective for
the planet’s orbit.” Instead, it is simply the dimensionality of the space as a whole that
gets reduced in most cases.
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details of the momentum of particular particles, and instead make due with the ag-
gregated momentum transferred to the wall of a container over some period.

It is worth emphasizing here that we are not primarily interested in how particu-
lar observers decide to describe the system, but rather in the objective facts in the
world that make various descriptions possible. Of course, we get to decide wheth-
er we are interested in volcanoes or planetary orbits, but once we decide on the
phenomena we’re interested in, it is up to the mind-independent world to decide
which degrees of freedom are relevant to those processes and which are not.

5 Information and Computation

To decide whether a particular property is relevant for some process, we need to
know whether and how various degrees of freedom are coupled. The Earth’s orbit
is insensitive to my finger strokes on the keyboard, but the computer’s memory is
dynamically correlated with the sequential depression of the keys. Mechanisms
arise through the systematic correlation of effective degrees of freedom, where
constraint and aggregation render all the other degrees of freedom irrelevant. A
piston, for example, has only has a single degree of freedom (it can go up or
down), and that degree of freedom is then correlated with the pressure of the gas
in the cylinder (which, of course, is an aggregation of the linear momenta of the
particles of the gas). Cells, organisms, and societies likewise arise through con-
straints on and aggregations of their constituents, which result in complex correla-
tions between effective degrees of freedom.

The correlation of one system’s state with another’s allows us to infer one state
from our knowledge of the other — as long as we also know that the states are cor-
related. Thus the one state carries information about the other. At its physical
root, information just is dynamically enforced correlations between the effective
states of systems. Information processing, then, is the systematic manipulation of
dynamically enforced state correlations.

To say that information is “systematically manipulated” is not simply to say
that correlations dynamically evolve in some system. Rather it is to say that way
the information is processed is itself sensitive to the dynamical mechanisms that
produce the correlations. Thus an information processing system will have to
maintain a stable dynamical relationship with whatever system(s) its information
is about. In biological organisms, these dynamical relationships are grounded in
the mechanisms that allow for sensation and action. In artificial computers, the re-
lationships are typically provided by the user interpreting input and output
symbols.

However, if we are going to explain cognition by appealing to computation,
then (on pain of circularity) we cannot appeal to a cognitive agent in our account
of computation. Our metaphysical project therefore requires us to look for the ob-
jective observer-independent facts about some system that make it possible for an
agent to interpret it as an instantiation of a particular computation. Those facts are
the effective casual dynamical structures that process information.
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There are a variety of distinct notions of computation in the literature, but for
our purposes here we need not choose between them. Regardless of one’s particu-
lar computational model, it will be an empirical question whether it is instantiated
in the effective dynamics of actual thinking brains. Thus we can view Turing ma-
chines, von Neumann computers, connectionist models, and dynamical systems
accounts as variants of the general thesis that cognition is to be understood as in-
formation processing.

6 The Computational Model of Cognition

Computationalism is generally seen as a form of functionalism: what matters are
the causal-functional relationships, not how those relationships are physically in-
stantiated. But how are these causal-functional relationships to be characterized?
Functionalism is obviously vacuous unless it includes a clear specification of the
level of causal analysis that is required. If we look from the astronomical level, all
humans are functionally equivalent: they’re just an insignificant mass spinning
around a star. If we go all the way down to the microphysical level, on the other
hand, then complete causal-functional equivalence implies physical identity — so
multiple realizability is lost. The computational model is an attempt to articulate
the relevant level of functional analysis. The claim is that on our way down from
the astrophysical to the atomic level, there is in our brains a functional level that is
properly described as a computation.

However, several critics have argued that the computational model of cognition
fails to offer a well-defined functional account, because there is no satisfactory an-
swer to the question of when a system instantiates a particular computation.
Searle, for example, argues that it is a mistake to suppose that we could discover
that something is a computer, because the syntactical characterization of computa-
tion always requires some agent inferpreting some state of the computer as mea-
ningful. There are no facts intrinsic to the physics, Searle claims, which would
allow us to say that some system is objectively instantiating one particular pro-
gram while another is not. Indeed, he tells us, nearly any complex system can be
treated as an instantiation of almost any computer program:

For any program and for any sufficiently complex object, there is some description
of the object under which it is implementing the program. Thus for example the wall
behind my back is right now implementing the Wordstar program, because there is
some pattern of molecule movements that is isomorphic with the formal structure of
Wordstar. But if the wall is implementing Wordstar, then if it is a big enough wall it
is implementing any program, including any program implemented in the brain.
(Searle 1992, pp. 208-209)

Searle does not offer support for this claim, but one guesses that he has in mind a
result proved by Hilary Putnam in the Appendix to his 1988 book, Representation
and Reality. Before turning to that proof we should notice that Searle’s reference
to a “pattern of molecule movements” is potentially misleading in that it invites us
to consider only the actual states of the particles in the wall over time. However,
it is clear that two systems can only be said to be running the same program if — in
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addition to actually going through the same computational states — they also would
have gone through the same states if they had been given different inputs. Thus
we need to consider the counterfactual behavior of the system as well, for without
the proper dynamical linkage between the states we do not have information, let
alone information processing.

Putnam argues that as long as we have system with a sufficient number of in-
ternal states, that system will be a realization of any finite state automaton. His
argument rests on the claim that the microphysical states of the system will change
over time such that once the system transitions out of some particular microphysi-
cal state, it will not return again to that precise state (during the period of time
we’re interested in at least). Putnam tries to support this condition by pointing out
that ordinary systems will be subjected to electromagnetic and gravitational forces
from a variety of moving bodies (Putnam refers to these as “clocks” and offers the
planets in the solar system as an example). However, as David Chalmers (1996)
points out, the mere fact that a system is not shielded from some varying force
does not guarantee that the system’s state is noncyclic. Forces can cancel out, a
system can return to a stable equilibrium state after being perturbed, and so on.
Indeed, it is difficult to discern exactly what state space we are supposed to be im-
agining when we consider a rigid body like a rock or a wall. Part of the difficulty
here, of course, is that the rigidity is ultimately a quantum mechanical feature of
the system, and Putnam’s argument (like mine) is phrased in the language of clas-
sical mechanics. But if we consider the atomic or subatomic states of an “ordinary
open system” it will not generally be the case that irregular perturbations will
guarantee that a particular system state will not recur.

But these difficulties can be set aside, for, as Chalmers argues, Putnam could
simply restrict his argument to systems that do contain a clock — that is, to systems
whose internal states change continuously and noncyclically —, and if his argument
succeeds, it would still effectively undercut the computationalist thesis. Putnam’s
strategy is to assign computational states to the physical states in such a way that
the ordering (and causal connection) of physical states can be used to match what-
ever ordering (and causal connection) of computational states is required. Put-
nam’s example is that of an automaton that transitions back and forth between two
states A and B in the following sequence: ABABABA. We can now simply consid-
er the physical state of our clock at seven sequential times, and this will given us
seven states (sl, s2, . . . s7) with each earlier state causing the next state. If we
now define A to be the disjunction s1 v s3 v s5 v s7, and B to be the disjunction s2
v s4 v s6, we find that our clock “instantiates” the finite automaton sequence
ABABABA as required.

This process can obviously be generalized to cover any number of computa-
tional states and any number of state transitions, so long as we have a sufficient
number of distinct physical states of our clock. If you tell me the sequence of
computational states that is supposed to be instantiated, I can assign each of those
states to a disjunction of physical states (the number of disjuncts will be given by
the number of times that the particular computational state occurs in the
sequence).
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There are some fairly obvious shortcomings to Putnam’s scenario, however.
The first is that interesting computations (like Searle’s Wordstar program) will
have to be able handle counterfactual state transitions in addition to the actual se-
quence of state transitions that it goes through on some particular run. Further, in-
teresting computations will have to be sensitive to a variety of inputs. As Chal-
mers points out, there is no reason to suppose that a mere clock will satisfy either
of these conditions (and obviously a rock is only going to be worse off). Howev-
er, Chalmers suggests two further modifications that will address these shortcom-
ings: to deal with counterfactual states, he stipulates that the system is to have a
dial, to make it possible to change the overall physical state of the system (which
can provide as many counterfactual states as we require — physical states which
can then be added to the disjunctive definitions of computational states as needed),
and the system is also to have a memory so that the input will change the physical
state of the system throughout the time of the “computation.”

The requirement that a system include a clock, a dial, and a memory will rule
out Searle’s wall, but it’s clear that this is still problematically permissive. If these
modifications allow Putnam’s argument to stand, then it will still be the case that
extremely simple systems can be said to instantiate any computation will like, and
the computationalist account of mind will be empty.

7 Causal Structure and Computation

It is clear that the failure of a strategy like Putnam’s to provide a reasonable crite-
rion for whether a system is running a particular computation lies in the fact that it
pays no attention to the internal causal structure of the system. The Putnam strat-
egy allows for arbitrary groupings of states, and it is indifferent to the causal
processes that make one state depend on another (except for the fact that earlier
states dynamically evolve into later ones). Thus it is not true functionalist account
at all.

Indeed, Putnam explicitly recognizes that a functionalist like David Lewis will
insist on a much more robust causal connection that allows one to establish coun-
terfactual connections in a nonarbitrary way. Putnam attributes this to the fact that
he is making use of causal relations “of the type that commonly obtains in mathe-
matical physics” (p. 96), which is the dynamical evolution of one maximal state of
the system into another maximal state at a later time. Lewis, however, appeals to
natural counterfactual connections, such that we can say that some possible worlds
are “closer” to the actual world than others. Putnam tells us,

In certain respects the notion of causal connection used in mathematical physics is
less reasonable than the commonsense notion Lewis is trying to explain (or to
provide with a metaphysical foundation). If, for example, under the given boundary
conditions, a system has two possible trajectories—one in which Smith drops a stone
on a glass and his face twitches at the same moment, and one in which he does not
drop the stone and his face does not twitch—then “Mathematically Omniscient Jones”
can predict, from just the boundary conditions and the law of the system, that if
Smith (the glass breaker) twitches at time f,, then the glass breaks at time ¢#;; and this
relation is not distinguished, in the formalism that physicists use to represent
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dynamic processes, from the relation between Smith’s dropping the stone at ¢, and
the glass breaking at #. Lewis would say that there are possible worlds (with
different boundary conditions or different initial conditions from the ones which
obtained in the actual world) in which Smith does not twitch but does release the
stone and the glass does break, and that these worlds are more similar to the actual
world than those in which Smith does not twitch and also does not release the stone.
(p. 97)

Putnam’s example here is somewhat misleading, however, for how are we to make
sense of the claim that the system in question “has two possible trajectories”? One
assumes that Putnam is considering purely deterministic processes,” so given the
maximal specification of the initial state (and the boundary conditions) only a sin-
gle state at the later time will be compatible with the dynamics. But if we do not
specify the initial state, then there will be a vast multitude of possible trajectories,
and it is hard to see what could rule out an initial condition in which Smith drops
the stone and his face doesn’t twitch.

Thus Putnam here is already picking out a subset of the worlds that are allowed
by the physical dynamics and saying that some of them should be considered
“possible” — despite the fact that the microphysical state in that universe is differ-
ent than in the actual world — while others should not. Indeed, this is what we al-
ways do when we evaluate the truth of counterfactual claims; we find some way of
picking out a non-actual world and saying that if is possible. We can make this
determination at the level of microphysics if we wish (e.g., when we ask what
would happen if some microphysical state held), but more typically we pick out
the relevant world by using higher-level emergent properties.

The question, then, is whether we have adequate resources to characterize legi-
timate emergent properties and rule out the arbitrary disjunctions of microstates
that drive Putnam’s argument against computationalism. Putnam warns that “if
what singles out the referents of the T-terms in folk psychology . . . is that these
referents are ‘events’ which also satisfy certain counterfactual conditionals, and
all this is explained in terms of a primitive notion of ‘natural class’ conjoined with
a similarity metric over possible worlds, then Lewis’s account is not a reduction of
the propositional attitudes to anything physical” (p. 98, emphasis original). But is
it the case that physics can offer us nothing besides arbitrary groupings of
microstates?

Matthias Scheutz argues that the problem facing both Putnam’s account and
Chalmers’ refinement of it is the fact that they consider only groupings of physical
states and do not pay sufficient attention to the causal structure of the transitions
between states. Scheutz argues that we should instead look at computational
processes, that is, sequences of causal transitions between computational states,
and ask whether these processes have the same causal structure as the dynamical

® We could consider indeterministic dynamical evolution even in a classical context (for
example there are multiple outcomes allowed by classical mechanics if three point par-
ticles collide at precisely the same instant), but it’s far from clear how this would result in
a correlation between twitching and dropping — since the singularity that introduces the
indeterminacy is based on an interaction, and it is only the uncertainty about the nature of
that interaction that makes more than one trajectory “possible.”
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transitions between the physical states that instantiate the computation. (More
precisely, Scheutz requires that the physical sequence be bisimilar to the computa-
tional sequence. Mere isomorphism between physical states and computational
states is not an adequate criterion for whether some physical system instantiates a
particular computation).

Scheutz’s criterion serves to rule out the artificial examples generated by Put-
nam and Chalmers, and goes a good ways towards capturing the functionalist re-
quirement that mental and computational kinds are to defined in terms of their
causal relations. However, his account appeals to groupings of physical states into
types that will have a well-defined “causal transitional structure,” and we would
like some account of how to pick out such groupings. He does make the impor-
tant point that one should not conflate the grouping of microphysical states with
the assignment of a computational state to that grouping. We first need a physical
account of the causal structure of the system, and then we can ask whether that
system instantiates a particular computational process.

8 Effective Dynamics and Computational Transitions

As we have seen, Putnam holds that from the viewpoint of “mathematical phys-
ics” all groupings of physical states are to be considered fair game: “In physics an
arbitrary disjunction (finite or infinite) of so-called ‘maximal’ states counts as a
‘physical state.”” But although we certainly may consider such arbitrary states, it
is a mistake to suppose that mere disjunction is the only resource that physics of-
fers for coarse-graining microphysical details into higher-level kinds. Given the
physicalist account of emergence outlined earlier, it should be clear that what we
should be looking for is an effective state space with a reduced number of degrees
of freedom, and an effective dynamics that tells us how these higher-level states
evolve. As we have seen, such constructions are not arbitrary; they appeal to the
actual dynamical structure of the system and therefore are a way of providing an
objective physical account of emergent causal structure.

It is important to recognize that the effective state space encodes information
about both microphysical states and microphysical dynamics. It would therefore
be a mistake to treat a higher-level emergent state as a mere disjunction of micro-
physical states, for this would neglect the essential role that the dynamics plays in
making some microphysical details irrelevant and thereby reducing the overall
number of effective degrees of freedom. Scheutz’s suggestion that we look to
processes rather than (mere) states therefore applies not only to the question of de-
fining computational instantiation, but it also applies to a general metaphysics of
emergence.

However, this intertwining of dynamics and states means that we need to be
careful when identifying higher-level effective physical states. So, for example,
Scheutz points to a seemingly paradoxical result that multiple computational states
can apparently be assigned to a single physical state: “If an optimizing compiler,
for example, detects that two variables have the same value at all times in a given
computation C, it will map both onto the same machine register on a given ma-
chine M (Scheutz 2001, p. 556). This is correct, but it is a mistake to suppose
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that in such a case the relevant physical states are to be equated only with the reg-
ister values. Rather, we should say that the dynamical intervention of the compi-
ler generates distinct effective physical states which make use of — or have as a
component — the machine register. The intertwining of dynamics and states in
emergence means that the relevant effective physical states may be richer than the
simple localized hardware that we think of as the “physical state at a time.”

If one accepts the basic framework of a physicalist ontology, one should see the
computationalist model of the mind as a particular hypothesis about the emergent
structure of cognition. A computation has a certain causal structure. To say that a
physical system instantiates that causal structure, then, is to say that the system
has an effective state space that is isomorphic to computational states and effective
dynamics that realize the causal relations of the computational model. For exam-
ple, for a system to be an instantiation of particular Turing machine, it will have to
have a dynamical subsystem (the read-write head) whose effective state is dynam-
ically correlated with the effective state of another subsystem (the tape), such that
the two states become correlated (in one causal direction when reading and in the
other causal direction when writing), and so on.

Note that it is the robustness of the effective dynamics that allows us to use a
physical system as a computer. As is often noted, Putnam’s arbitrary assignments
of computational states to the microphysical states of a rock provide none of the
predictive power that we expect of real computers, because the dynamical evolu-
tion being appealed to is — by construction — completely uninformative. However
a physicalist account of computation imposes much more stringent requirements.
If computation is a form of information processing, then the effective dynamics of
the (computational) system will have to maintain the structures that realize the in-
formation (that is, the structures that dynamically guarantee the correlation be-
tween the effective states). And, of course, once we know that the effective
dynamics have the same causal structure as the computation we are interested in,
we can then use the system as a computer.

The facts about the effective dynamics and effective state of the system are
nevertheless independent of how or whether we wish to use the system. Thus the
functionalist can, in principle at least, look to the brain to see whether a particular
phenomenon of interest is an instantiation of some particular computational
process. A physicalist should view computationalism as a hypothesis (or a broad
class of hypotheses) about the effective dynamics of brains.

9 Conclusion

The account sketched here does not fit neatly into the usual categories of the
mind-body debate. The standard way of teaching philosophy of mind has us con-
trast reductive materialism (which claims that mental types are physical types)
with functionalism (which claims that mental types are functional types). The
(apparent) multiple realizability of mental states is then taken to rule out reductive
physicalism (or the “type-type identity theory,” as it’s also called). We then intro-
duce functionalism (a form of “token-token identity theory”) as a novel account of
the ontology of mental states.
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However, on the physicalist account I am defending here, higher-level multip-
ly-realizable types are also physical types. It is physical constraints and aggrega-
tion that yield physical structures which are then described in a new vocabulary by
our special sciences. Indeed, we should take note of the fact that the majority of
paradigmatic physical kinds are multiply realizable: pendulums, waves, inclined
planes, gravitating bodies, gases at a given temperature and pressure, and so on are
all multiply realizable, and yet they are obviously physical kinds.

This account allows for multiple realization because the emergence of structure
implies that some microphysical details are irrelevant for the large-scale behavior
of the system. So, for example, we may be able to ignore the question of whether
certain parts of the system are made of silicon, or carbon, or aluminum, as long as
the same effective dynamics emerges. However, the fact that some details of the
system are irrelevant for its large-scale dynamical behavior does not imply that
any arbitrary grouping should be counted as a legitimate dynamical basis for in-
stantiating computational states. We only have an instantiation of a computation
when we have an effective set of dynamics that is the causal equivalent of the
transitions in the computational model, and when we have an effective (physical)
state space that is equivalent to the computational state space.

I therefore conclude that the computationalist model of the mind is a legitimate
empirical hypothesis; if it is to be discarded, it will have to be on the basis of em-
pirical research. The causal transitions and state space of standard computational
models are at a significantly higher level of abstraction than the biological level of
emergent complexity. I personally happen to be skeptical of the prospects of
computationalist account of cognition, but Putnam and Searle’s attempt to under-
mine thesis with a priori considerations miss their mark.
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The Two (Computational) Faces of Al

David Davenport

Abstract. There is no doubt that Al research has made significant progress,
both in helping us understand how the human mind works and in constructing
ever more sophisticated machines. But, for all this, its conceptual foundations
remain remarkably unclear and even unsound. In this paper, I take a fresh
look, first at the context in which agents must function and so how they must
act, and second, at how it is possible for agents to communicate, store and
recognise (sensory) messages. This analysis allows a principled distinction to
be drawn between the symbolic and connectionist paradigms, showing them
to be genuine design alternatives. Further consideration of the connectionist
approach seems to offer a number of interesting clues as to how the human
brain—apparently of the connectionist ilk—might actually work its incredible
magic.

1 Introduction

Artificial Intelligence (AI) is both a scientific endeavour that attempts to
understand human cognition and an engineering discipline that tries to con-
struct machines with human-like capabilities. Unfortunately, the lack of a
solid conceptual foundation makes Al, “an engineering discipline built on an
unfinished science” (Im, @) Although the subject matter of this
endeavour—the human mind—has traditionally been the realm of philos-
ophy, philosophy’s main contribution may have been to demonstrate that
common technical words including “symbol”; “representation” and “computa-
tion”, are more difficult to define than they appear. Not surprisingly then,
throughout its short history—beginning with the Dartmouth conference in
1956—AI research has seen a lot of heated debates, many resulting from mis-
understandings due to differing goals, backgrounds and terminologies. In the
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following paragraphs, I present my own attempt to understand and bring
some semblance of order to the topic. I approach the problem as an engineer-
ing task and begin by analysing the difference between the classical symbolic
& connectionist paradigms. Consideration of the functional requirements for
cognition, including the environmental /evolutionary contexts in which agents
find themselves, offers a basis for designs which are shown to be necessarily
computational in nature. This also offers a principled way in which to clarify
the relation between the symbolic and connectionist paradigms and helps to
set the scene for understanding how agents, and in particular we humans,
might acquire meaning, consciousness, feelings, etc.

2 Explaining Cognition

In the beginning there was symbolic AI, and it was good. Indeed, John Hauge-
land ) later christened it GOFAI (Good Old-Fashioned AI), to contrast
it with the upstart connectionist approach that gained support in the 1980s
following the publication of Rummelhart & McClelland’s M) book on PDP
(Parallel Distributed Processing). Connectionist networks (also known as Ar-
tificial Neural Networks, ANNs) were seen by many as a means to overcome
the problems being faced by the symbolic paradigm.

The classical symbolic approach sees cognition as computation, exemplified
by the digital (von Neumann) computer and, perhaps to a lesser extent, the
Turing machine. It is usually viewed as rule-governed manipulation of formal
symbols. It appears to be inherently sequential, with a centralised control
mechanism. It is generally considered to be logical and transparent, that is,
its inner workings can be expressed/understood in meaningful terms. The
symbolic approach has proved markedly successful, for example, so called
expert systems are able to perform complex tasks, such as medical diagnosis,
planning and configuration at the level of, and sometimes even better than,
human experts. On the other hand, they are difficult to program, brittle (a
single error often causing complete failure), not inherently able to learn, and
lack a biologically plausible mapping. This results in great difficulties when
it comes to building systems that can, for example, navigate around rooms
or interact using spoken language—both skills that children as young as five
acquire with apparent ease.

The Connectionist (ANN, PDP) approach, then, appeared to offer solu-
tions to precisely these difficulties. As a network of "neural-like" processing
units, it is naturally parallel and, with no clear centralised control, inter-
ruptable. It can learn from examples without the need for explicit program-
ming (though the results are often opaque; difficult /impossible for humans to
interpret). It is also tolerant of errors and, most importantly, has a (reason-
ably) obvious mapping to the human brain (which is assumed to be a net-
work of neuron cells at the relevant level of description). To contrast it with
the symbolic approach, some connectionists referred to it as "sub-symbolic"
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processing, a reference to the idea that concepts in ANN’s were seen as repre-
sented in distributed form and that processing often worked only on parts of
that representation/symbol (Chalmerd, [1992), whereas in the symbolic form
the entire (atomic) representation was the object of processing. This was
just one way in which proponents of the ANN approach tried to differentiate
it from the classical paradigm. They fully expected connectionist networks
to be able to explain all of cognition. However, while it proved reasonably
successful at simple low-level learning tasks, it struggled to demonstrate sim-
ilar success at the higher levels where the symbolic approach had long held
sway. The proper solution was therefore unclear: was one of the paradigms
correct—in which case, which one—, or was it the case that a hybrid solu-
tion was needed—the ANN providing the lower-level learning that generated
the symbols to drive the symbolic level—, or were they actually genuine
alternatives—both able to support full-blown cognition—, or was there some
other fundamentally different alternative? Not surprisingly, discussions took
on the tone of religious debate, each group believing their position was the
only true answer, and trying time and again to prove it.

One of the most important criticisms of the connectionist approach came
from [Fodor and Pylyshyn (|L9_&8), hereafter F&P. They pointed out that neu-
ral networks (of the time) were purely feedforward and lacked any sort of
ability to handle sequences of inputs. This led connectionists to develop re-
current ANNs, whereby some of the output (or hidden layer) neurons feed
back to form part of the input vector, so providing "context" for the next set
of sensory inputs. This is equivalent to adding feedback loops to combinatorial
logic to obtain sequential machines, and so provides the necessary capability,
but (I suggest) does not provide a good conceptual foundation upon which to
build. Another point raised by F&P was that representations must be (a) in or
out of structure, and (b) active or inactive. They argued that the distributed
representations favoured by most connectionists failed to have the necessary
structural characteristics (since they were simple vectors), but even if they
did (as, for example, in the case of a parse tree for a sentence) then there
was no way for the network to make use of such information. Again, there
now appear to be mechanisms (e.g. temporal) by which such structure might
be extracted, so this argument against connectionism also appears to have
been met. One interesting point not made by F&P, is how the symbolic ap-
proach fares with regard to these representational criteria. Clearly it manages
structural concerns (using syntax and concatenation—and some semi-magical
mechanism to process it), but what determines whether a representation is
currently active or not? Either it is conjoined with a truth token or, in mod-
ern digital computers, it is its particular (memory) location that indicates
its status—both, in effect, giving a special, perhaps unwarranted, place to the
notion of truth.

It was Searld M) who pointed out another major problem with the clas-
sical symbolic approach: the fact that its symbols didn’t actually mean any-
thing! His now infamous Chinese Room thought experiment suggested that
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manipulating meaningless "squiggles" was never going to result in meaning;
that syntax was not sufficient for semantics. The ensuing debate has a long
and tortuous history. It began with the idea that symbols can gain meaning
from their relations to other symbols. This won’t work—it is like looking up a
word in a foreign language dictionary—the explanation, in terms of yet more
foreign words, doesn’t help (even if you look them up, all you get is more
foreign words). Ultimately you have to know what some of the words mean,
i.e. some of them must be "grounded" (Im, ) Grounding, in essence,
requires causally connecting symbols to the world, such that when an agent
sees, for example, a cat, the corresponding "cat" symbol is "tokened". This
suggested that the connectionists were on to something after all. Unfortu-
nately, there are a number of difficulties with this too, including questions
about how such symbols arise and how they can be in error. The best answer
we have so far is that a symbol/representation/state has meaning for the
agent if there is a possibility that it can use it to successfully predict and act
in the world (Bickhard and Terveen, [1995; Davenport], [1999).

Of course, the most obvious difference between people and computers is
our apparent subjectivity, our awareness, and the feelings we have about
the world. Dreyfus(@; @) argued that human intelligence and expertise
rely on unconscious instincts and intuition, which cannot be captured by
formal rules. If, by this, he is referring to our inability to verbalise these rules
and our difficulty in realising how we solved a problem, then he is correct.
However, this does not preclude physical entities, other than people, from
doing likewise.

Partly in response to the difficulties perceived as inherent to the
symbolic and connectionist paradigms, a number of proposals for more
radical alternatives started to appear. These included dynamical sys-
tems (van Gelder, |J£_9ﬂ), embodied cognition m, @), radical em-
bodied cognition , ), embedded cognition, situated cogni-
tion (Robbins and Aydede, 2009), extended cognition/mind, interactivism
(Bickhard and Terveerl, |L9_%|), enactivism, etc. In essence, these divide the
(design) space into those that see cognition as based on representations
versus those who favour an eliminativist (non-representational) approach
(computational /non-computational); those who see the body as an essen-
tial component of cognition versus those who see it as incidental (a mere
input/output device), and those who see the environment as crucial versus
those who see it as incidental. As is often the case, such dichotomies seem
contrived, specifically designed to focus on certain aspects of the problem
that have, perhaps, been neglected in the past. Ultimately, the truth must
lie somewhere between the extremes and include aspects of each viewpoint.
In the following sections I will present my own (simple-minded engineer’s)
attempt to understand and clarify things.
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3 Engineering Intelligence

The engineering process traditionally recognises requirements, design and
implementation phases, followed by test, distribution and maintenance. The
requirements phase is concerned with function; identifying the problem to be
solved. The design phase then represents an abstract solution to the problem,
a plan which is then implemented (in the implementation phase) producing a
concrete mechanism that matches the design. The mechanism (product) can
then be tested for correct functioning and, if all is well, distributed to cus-
tomers. Finally, the maintenance phase usually comprises incremental bug-
fixes and updates that improve the system. I will now look at the process of
designing a cognitive Al with reference to each of these engineering phases
with the exception of the test, distribution & maintenance phases, which we
need not concern ourselves over since these are clearly and very competently
handled by the environment & evolution (which is unmerciful in weeding out
those less successful designs).

3.1 The Requirements Phase

In order to design a product, be it an Al or a toaster (or an Al toaster), it is
first necessary to determine what it needs to be able to do and what context it
is to operate in. For the toaster it is relatively simple, it needs to heat up bread
in such a way that the surfaces burn slightly and it must do this in a context
where the bread comes in slices of certain dimensions and where there is 220
volt electricity available (not to mention an environment with certain gravity,
and an appropriate atmosphere containing sufficient oxygen, etc., etc.). For
an agent, natural or artificial, its primary goal will (usually) be survival in a
very complex and changing environment. For biological creatures, this means
maintaining an ability to move around in order to find nourishment and
to sustain themselves, while avoiding any physical damage. Among other
things, this requires maintaining an appropriate body temperature, blood
pressure/flow, etc., being able to locate suitable food, and avoiding predators.

Some of these tasks are relatively simple, but some are extremely tricky due
to the inherent vagaries of Nature. As (@) eloquently put it, "the
unpredictability of the world makes intelligence necessary; the predictability
makes it possible". Agents must try to take advantage of any regularities
they can uncover in order to select the course of action best suited to their
goals. The fact that they are small (but presumably physical) parts of the
physical world, implies they are likely to have only limited knowledge and
so be subject to error. Agents must somehow detect the situation they find
themselves in, try to predict the outcomes of any possible actions, and then
select the action that appears the most beneficial. Ideally, they will need to
remember the consequences of their actions so they can learn and perhaps
choose a more preferable option, should they encounter a similar situation in
the future.



48 D. Davenport

In an abstract sense these are all control problems, the complexity of which
vary widely. Consider, for example:

e maintaining body temperature / blood pressure, ...
e tracking prey/predator even when occluded, walking/climbing, ...
e conversing in English, doing math, socialising, creating/telling fiction, ...

The (design and) mechanism for accomplishing each of these (control) tasks
would be different. For instance, the first (simplest) sorts of task require only a
simple fixed feedback system. The relevant decision-making data is generally
available, the possible actions are few and known, and so almost no learn-
ing is needed. More sophisticated tasks may require feed-forward predictive
controllers, and may be expected to work with less reliable information (in-
complete & noisy sensory data), and to demonstrate very complex patterns of
behaviour that might change based on experience. The most complex tasks,
those so far unique to humans, require what might be called knowledge-based
controllers. Such a device would be characterised by its ability to handle an
extremely wide range of situations and to learn, so that it may not perform
the same even under identical circumstances. It is this level of performance
that is the focus of Newell & Simon’s (@) "Physical Symbol System Hy-
pothesis" (PSSH), which claims that "A physical symbol system has the
necessary and sufficient means for [human-level| intelligent action". A physi-
cal symbol system is, roughly, a physical implementation of a symbol system;
that is, of a set of symbols and a set of (inference,/rewrite) rules that specify
how the symbols can be manipulated. Newell & Simon couch their definitions
in very general terms, such that it might be taken to include both symbolic
and connectionist-like systems. They also assume that the symbols involved
"designate" things in the world. The evidence they offer for the truth of
the PSSH is (a) the obvious successes of symbolic AT and, (b) psychological
experiments that show that human problem solving involves symbol manip-
ulation processes, which can also be modelled by AI symbol systems. Fodor’s
(@) Language Of Thought theory provides further support, as does the
simple fact that humans can simulate universal Turing machines. Notice that
a PSS-level mechanism could perform the simpler tasks, but there is no way
that the simpler mechanisms could perform the PSS-level tasks. Having thus
sketched the requirements for a cognitive agent and the context in which it
must function, it is now time to move on to the design phase.

3.2 The Design Phase

Design is obviously constrained by requirements, but also by the properties of
materials available for the implementation. To take an everyday example, if
the requirements are to shelter human beings from the extremes of tempera-
ture, wind and rain (on this planet), then we might do this by building houses
made of wood, of brick, of concrete, or of steel and glass (though probably
not silk or banana skins). Even suitable materials obviously have different
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characteristics, such that we could build skyscrapers with two hundred floors
from steel, but presumably not from wood. Availability is another concern;
there may well be situations where steel is not an option and wood actually
provides the best/only choice. What materials are available, their characteris-
tics, and our ability to work with them, can thus significantly shape the range
of design solutions. When it comes to designing a cognitive Al, however, it
may not even be clear what materials are suitable. Clearly, biology works,
but what of semiconductors or perhaps something else? What properties are
relevant? To answer this question will require a slight digression.

I claim (and will try to argue) that cognition is essentially control, or-
ganised around a prediction/modelling mechanism, and that the design of a
prediction/modelling mechanism can be expressed/described as a computa-
tion. This is a broad (and perhaps controversial) view of computation, but
one I feel is justified. We humans naturally construct mental models of our
environment (not to mention models of fictional worlds or situations). We
then use these models to respond to questions about the actual (or imagi-
nary) world. In the most sophisticated cases, such models are used to run
"simulations" of the world, so as to predict possible future states and to see
how those may change should the agent act in different ways. Armed with
the outcomes of these simulations an agent can then select the action it sees
as the most beneficial. Now the question is how such models (or simulations)
can be constructed and run. Modeling of the real world must mean that states
of the model can somehow be mapped to states of the world and that the
sequence in which the states evolve also follows the same trajectories (notice
that time in the model does not have to be the same as in the real world, only
the sequence matters). What determines the sequence of states? Clearly, the
causal pathways. When implementing such a modeling mechanism we have to
rely on causation. We can either try to find an existing system with the appro-
priate dynamics, construct one anew, or, more commonly nowadays, we can
turn to our universal machine, the (digital von Neumann) computer, that can
be programmed to provide any desired causal behaviour. Notice that the only
concern is the causal evolution of the system. None of the material properties
matter, unless they impact the causal flow. Thus biology, semiconductors,
or beer cans, are all equally suitable materials for constructing such devices.
A program/algorithm/computation, then, is simply "an abstract specifica-
tion for a causal mechanism" (IfuhamLi 11995; [Davenport, |L9_9_Q) that will
implement the model/computation. Learning involves changing the causal
pathways so as to produce different behaviours.

Designs for the simplest sorts of tasks (e.g. maintaining body tempera-
ture or blood pressure) can now be cast in this light. Take, for instance, van
Gelder’s (@) example of Watt’s centrifugal steam engine speed governor
(which he claimed had no representations and so was not computational and
thus necessitated a dynamical systems approach). Such a governor needs to
select one of only two actions (increase or decrease the steam going into the
engine), directly predictable from the current engine speed. Any mechanism




50 D. Davenport

that provides such control is acceptable. The mechanical linkages of Watt’s
centrifugal governor do exactly that, simply and reliably. The device could, of
course, be replaced with appropriate sensors, actuators and a control system,
electronic or biological, though these may prove much less reliable. Notice,
also, that there may be numerous designs for the inner workings of the control
system (feedback, feedforward, bang-bang, etc.), but that, providing the re-
quirements are met, they are all candidate solutions. Note too, that they are
all causal mechanisms and so have a computational description; i.e. they are
computational with reference to our broad understanding of computation.

When it comes to designing agents capable of displaying human-level be-
haviour, we most certainly need a more sophisticated mechanism—a PSS,
equivalent to a general-purpose von Neumann machine. Given that an agent
can have no a priori knowledge of the world’s 1regularitiesE|7 it would seem that
the best it could do would be to store what it senses and detect when a simi-
lar situation occurs again. Of course, it also needs to maintain a record of the
sequence of situations, including any actions it may have taken. Given "sit-
uation, action, new situation" data, it should have the information it needs
to make "intelligent" actions in the future, but how? In order to shed light
on this and to help resolve a number of important issues, in particular the
fundamental difference between the symbolic and connectionist approaches,
it is necessary to go right back to basics.

4 Back to Basics...

How can we communicate and store messages? Imagine we have a man on a
far away hill, with a flag in his hand. To begin with, he can hold the flag in
only two positions, either down in front of him or up above his head; initially it
is down in front of him. An agent observing this distant man suddenly notices
that the flag has been raised. What is he to make of this? There seem to be two
possibilities. First, the pair could have established a convention beforehand,
such that, for instance, the man raises his flag only if an enemy is approaching.
Thus, on seeing the flag go up the observer quickly prepares, pulling up the
draw-bridge and manning the battlements. The second possibility is that no
convention has been established, so when the flag is raised the observer can
only guess at its purport. Let’s say he assumes the worst, that the raised
flag means imminent attack and so he takes the precaution of pulling up the
draw-bridge and manning the battlements. Thankfully he is mistaken and it
was not an enemy approaching. Unfortunately, it is some rather important
guests who are taken aback by the unfriendly reception. The next time the
man raises the flag the observer recalls the embarrassment and so quickly
begins preparations to welcome honoured guests. But again he is mistaken.

! It might be argued that evolution has naturally selected for certain architectural
characteristics (both physical bodies and mental structures) which, in effect,
embed some a priori knowledge of the world.



The Two (Computational) Faces of Al 51

This time it turns out to be the local tax collector who is overawed by the
reception, but thinks it may be a bribe. The observer might continue this
guessing game or he may decide to experiment, sending out invitations to
various parties to see which ones invoke the man to raise his flag. Through
such interactions the observer can build up a better picture of just what the
signal means, and so hope to avoid any untoward situations in the future.

There are two ways in which this simple signalling system could be ex-
tended to communicate more messages. The first and most obvious way would
be to allow the man to hold the flag in more positions; for example he might
be able to hold it out to the left and to the right, in addition to above
his head and down in front of him. This would allow him to communicate
three messages. This could be further extended, in theory to allow him to
signal an infinite number of messages. Of course, he would have practical
difficulties doing this, as would the observer in attempting to decide which
message was being sent. The distinction between a limited number of discrete
messages and an infinity of messages, is the difference between the discrete
and (continuous) analog forms of communicatiorf. Note that the messages
are mutually exclusive, so that only one message can be communicated at
a time. The other way to extend the number of messages would be to have
more men, each with their own flag and each of whom could communicate
a message independent of (and simultaneously with) the others, so (given
only two flag positions), two men could communicate two messages, three
men three messages, etc. Alternatively, if the men are together considered
to be communicating a single message, then two men might communicate
three mutually-exclusive messages, three men seven messages, four men 15
messages, and so omd. One final variation would be to communicate parts
of the message at different times. This corresponds to so-called serial versus
parallel communication. In both cases, additional consideration may need to
be given to synchronisation, but we will leave this aside for now.

In addition to communicating messages, an agent must be able to store the
messages it receives and later recognise them if they occur again. Consider
a set of (sensory) inputs to the agent—corresponding to the men with flags
in the previous paragraphs. There appear to be two fundamental ways in
which messages might be stored. The first way to remember an input pattern
would be to create another set of men with flags (one man for each input),
and have them simply copy the state of the corresponding input. This could
be repeated for each instant, which would obviously require a lot of men and
flags, unless they were reduced by storing only previously unseen patterns.

2 The term digital is sometimes, perhaps incorrectly also applied to discrete en-
codings. The term analog also has another meaning, often conflated with this
one, wherein it refers to a value, usually encoded in a specific material property,
that varies in direct proportion to another value, e.g. the height of mercury in a
thermometer varies in accord with the ambient temperature.

3 In each case, one combination of states (e.g. no flags raised) must be used as a
background, “no message”, signal.
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For an agent to recognise when an input pattern reappeared would require it
to compare the present input pattern with all the previously seen and stored
patterns. It might attempt to do this in parallel, in which case there must
be some mechanism to consolidate the ultimate "winner", or it may do it by
sequentially comparing them, perhaps placing a copy of the winner into a
certain winner’s location. While these are possibilities, they seem messy and
unintuitive, a situation that would be compounded when it became necessary
to store and extract sequence information and to handle inexact matches.

Contrast this with the other fundamental way in which the storage and
recognition might be managed. This time, create only a single man and flag
for each instant, but establish links (wires/pathways) from him to each of
the inputs that are presently signalling (but not to the inactive ones). Now,
when a previously seen input pattern reappears, the links connect directly to
the corresponding man who can quite easily use his flag to signal that all the
previously seen inputs are once again present. In the case of partial matches,
should several men share a particular input then they become alternatives.
Hence, if one has more of its input pattern active, then it can suppress the
other less likely combination in a winner-take-all fashion. Extending this to
store and detect sequences is also relatively straightforward. Furthermore, the
newly created men—that link to the (sensory) inputs—can form the input
pattern for yet another higher level of men and flags, and so on for as many
levels as required.

5 1Is Cognition Symbolic or Connectionist?

Earlier we asked what the relation between the symbolic and connection-
ist paradigms was: was only one approach correct and if so which one?
Was a hybrid solution required? Were they actually alternative approaches,
or were neither correct and so some other solution needed to be sought?
The subsequent discussion has hopefully clarified this. The copy and link
storage-recognition methods provide a clear and principled way to distin-
guish the paradigms. The classical symbolic paradigm is based on the "copy"
mode; whenever a representation is needed in an expression, a new copy
(token/instance) of it is generated (in the same way that, for example, the
letter a’ is copied over and over again, as it is used throughout this paper).
In contrast, the connectionist paradigm is clearly based on the "link" mode of
storage; whenever a representation is needed in an expression, the expression
is linked to a single existing version of the representation. This distinction
is equivalent to parameter passing by-value (copy) vs. by-reference (link) in
computer programming languages.

The symbolic and connectionist paradigms thus appear to be genuine al-
ternatives; that is, an intelligent agent could equally well be designed and
implemented using either approach. To be fair, it is still not certain that the
connectionist (link) scheme can actually provide the necessary functionality,
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but as I will try to demonstrate below, I believe it can. Indeed, given that
the human brain almost certainly uses the "link" scheme, it makes sense to
concentrate efforts on explicating it. In the following paragraphs I will try to
show how the connectionist approach outlined above, may provide insights
into some of the more perplexing puzzles regarding human consciousness
experience—intuitions which the symbolic approach fails to give any real clue
about.

6 Connectionist Insights

So far we have seen how an agent can store sensory input by creating causal
links from the active inputs to a newly allocated man and flag. It can take
the outputs from such men and use them as inputs to another tier, and so
on, to produce a (loose) storage hierarchy. When new input is received it is
matched against this hierarchy. In cases where only a partial match can be
found, links to any unmatched inputs form "expectations" (since they were
active on a previous occasion). Hence the agent has "anticipations" of the
missing signals. If we assume that the men (like neurons) retain their state
for at least a short amount of time after the input signals are removed, such
expectations can serve to "prime" the hierarchy so that interpretation of
subsequent inputs will tend towards matches that include previous solutions.

Assume, now, that "nodes" (men or neurons) can detect and store either
simultaneous input signals (as before) or signals that arrive in a particular
order (i.e. signal "A" precedes signal "B"). Coupling this with the idea of
"state-retaining" nodes provides a means to accommodate sequence process-
ing (an alternative to the feedback employed by recurrent neural networks).
Finally, notice that state-retention can provide a decoupling of nodes higher
up the hierarchy from those closer to the input layer. Together, such fea-
tures may provide a way in which goal-directed behaviour might be achieved
and understood—the very top level nodes remaining active and providing the
expectations that guide the lower levels.

We have already seen that agents use the information they store for the
prediction and selection of appropriate actions. The mechanism thus forms
a model that can be run to simulate what will happen. Of course, initially
models will be very simple and incomplete; each man and flag being essen-
tially a "model" of some relationship in the environment. Over time, however,
more sophisticated models will evolve and be refined as a result of interac-
tions with the environment. The decoupling mechanism is a vital part of this
since it allows models to run simulations independent of the current sensory
input, enabling longer term planning and actions. Note that agents will al-
most certainly retain and use multiple models with varying levels of detail
and completeness, so that they can respond rapidly when the need arises, but
be able to “think it through” if time allows.
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Given that agents are part of the environment they act in, they naturally
need to model themselves too. Any reasonably sophisticated agent will thus
develop a "self" model—that we ultimately label "I" or "me" after acquiring
language. Our history of interactions with the world, including other agents
in it, becomes associated with this model, gradually building up our personal
identity.

Finally, and much more speculatively, the expectations that result from
missing inputs may help explain "feelings". Should a node become ac-
tive without any of its inputs—as a result of higher-level expectations, for
example—then it will produce "expectations" on all of its inputs. These
"prime" each of the inputs; a situation very much like the original one when
the actual inputs were present. Note that similar stimulation may result dur-
ing dreaming and during brain surgery when a neurosurgeon stimulates in-
dividual neurons.

6.1 Internal & FExternal Symbols

So far only signals (representations/symbols) that are internal to the agent
have been considered. External symbols, words, signs, etc., also have inter-
nal representations. How can such external symbols gain meaning? Assume
we have one hierarchy (of men with flags) that store and recognise certain
physical states of affairs, for example a cat or a dog, when seen by the agent.
Assume also that there is another hierarchy in which the agent stores and
recognises audible states of affairs, for example the spoken word "cat" or
"dog". Situations will arise in which the spoken word and the actual entity
are present simultaneously, and the agent will store these states of affairs in
the same manner as any other (linking the relevant nodes in each hierarchy to
a new node). Subsequently, on seeing a cat, the previous situation (in which
the word & object occurred together) will be recalled and so—as a result of the
normal mechanism that fills-in missing inputs—the expectation of the word
"cat" will arise. Similarly, should the word "cat" be heard it will produce an
expectation (a mental image) of a cat. In this way, then, external symbols
acquire meaning for the agent.

When it comes to actually describing a situation it is necessary to "ex-
tract" structure from the network to form verbal sentences. Recall that F&P
argued that this was not possible in ANNs, but if we accept that the agent
abstracts the natural language’s grammar in yet another heirarchy, it is not
inconceivable that the basic mechanisms described above could combine it
with the specific situation to generate the necessary words one-by-one.

6.2 Connectionist Logic?

The link (connection) storage method is clearly reminiscent of the connec-
tionist (ANN) approach, each newly created man being like a neuron with
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multiple incoming links (dendrites) and a single output (axon). Given that
the man is created when all his inputs (say a, b, & c¢) are active, his output
(z) might be expressed as "if a & b & c then z". This form is known as a
Horn clause and is common in Prolog and rule-based expert systems. Unfor-
tunately, when interpreted as a material implication P -> Q, the "logic" is all
wrong. At the very least, since z was created only when a, b & ¢ were active,
given z we should definitely be able to say a & b & ¢ were true. Logic, how-
ever, dictates that given Q & P -> Q, no conclusion can be made regarding
P; see Davenport (19930) for a more detailed discussion.

Inscriptors (Davenport], [1993a) seem to offer a much better formulation,
viz. "if z then a & b & ¢". Viewed as a material implication, this allows us
to conclude a & b & ¢ from z (as desired) and, using abduction, correctly
suggests that z may be true if any subset of a, b and/or ¢ are true. It is
only possible to actually conclude z if it is the only candidate, and even then
it may be wrong. A similar form of reasoning was used very successfully by
Peng and Reggia (I_L9_9ﬂ) in medical diagnostic expert systems based on their
Parsimonious Covering Theory, providing some evidence that the approach
described here is viable.

It is interesting to note that the mechanism employed by each "neuron"
provides logical non-monotonic reasoning. The decisions it reaches must be
(logically) correct—given the agent’s limited knowledge and processing re-
sources. In other words, such agents have bounded rationality. Agents will
have evolved this way, since the correct solution is, by definition, the one
that most benefits the agent, and agents whose mechanism failed to make
the correct choices would presumably have died out long ago.

7 To Conclude

There is no doubt that Al research has made huge strides, both in helping
us to understand how the human mind works and in constructing ever better
machines. Yet, for all the progress, its foundations remain shaky at best. This
paper has been an attempt to build solid foundations by returning to first
principles and adopting an engineering approach to the problem. The result is
hopefully a much clearer and simpler picture of how agents may function. Ex-
amination of the possible ways in which agents could communicate, store and
recognise messages, led to a better understanding of the processes involved,
and so provided a principled distinction between the symbolic and connec-
tionist paradigms. Since both approaches can achieve the same function it is
clear that they are genuine alternatives. In other words, an intelligent agent
could equally well be designed using either symbolic or connectionist tech-
niques. To use the analogy of house building, the designer is essentially free
to build above or below ground, the choice being irrelevant as regards the
function—though of course other tangential considerations may tip the balance
one way or the other. Likewise, then, the representations and processing in
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an agent may be continuous or discrete, serial or parallel, symbolic or connec-
tionist (or any combination thereof). And, just as a house could be designed
and built in a variety of materials, so too could an agent—both symbolic and
connectionist "faces" being computational and so multiply-realisable.

Given this, what of the PSSH; is it wrong to claim that a symbol system
is necessary and sufficient for intelligent action? Actually, no. The PSSH is
concerned with the higher functional level, not with the design and implemen-
tation. All it says is that such and such abilities are needed (Nilsson, )
The problem has been that those requirements have often been conflated with
the design/implementation, since there seemed to be no means to create a
symbol system, other than the "copy" (token) one. Now we can see that the
"link" option is a real alternative, perhaps we need different vocabulary for
the PSSH level so as to clearly distinguish it from the design/implementation
level.

And what of the newer contenders—embodied, embedded, and extended
theories of cognition—that reject representations, emphasise the role of the
agent’s body and/or their situation within the world? Most of these research
programs primarily aim at controlling bodily movements, usually by modeling
the agent and its environment, and analysing the coupled system in dynam-
ical terms. For observers this is fine, but it doesn’t explain how an agent
can come to know the “outside” world, which is exactly what makes cogni-
tion difficult and intelligence necessary! An alternative, simpler approach, has
been to avoid having the agent build detailed internal models of the world at
all, and instead have them “look-up” the information from the environment
as needed; “the world as its own model.” These, however, are all relatively
low-level functions and, as we saw earlier, they simply cannot account for
the full range of human intelligent behaviour. At the other end of the spec-
trum are approaches, such as situated cognition, which promise to somehow
combine low-level behaviour with higher cognitive levels. Here, the focus has
been on language and how we interact with other agents in a socio-cultural
environment. Much of this behaviour is undoubtedly a consequence of cer-
tain incidental biological needs (for nourishment, warmth, sex, etc.), and/or
limitations (of memory and processing speed—leading to extended mind like
interactions), and so not a function of cognition per se. Hopefully, the analy-
sis presented here provides an outline of how a computational mechanism (an
agent), with a body, operating in a socio-cultural environment, may actually
come into existence and function.

To date, most AI work has concentrated on the symbolic paradigm or on
connectionist networks that tended to use distributed representations, had
little or no feedback mechanism to handle sequence, and required thousands of
epochs to train. Consideration of the requirements level has shown that there
is a more realistic design alternative for the "link" (connectionist) form. This
is important since it would appear Nature has adopted this "link" scheme for
use in our brains. Further work is needed to fully expound the mechanism and
its implications, but, as we saw above, it does seem to offer clues regarding
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some of the most intractable problems Al has faced, including intentionality,
feelings, and even consciousness, as well as deeper philosophical conundrums
regarding the ontology of the world, our place in it, and the notion of truth
(Davenport, [2009; Floridi, [2011).

At the very least, I hope this paper has presented the core concepts and ar-
guments in a clear and understandable form, and that it affords a framework
that will help others put the vast literature into some sort of perspective.
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The Info-computational Nature of
Morphological Computing

Gordana Dodig-Crnkovic

Abstract. Morphological computing emerged recently as an approach in robotics
aimed at saving robots computational and other resources by utilizing physical
properties of the robotic body to automatically produce and control behavior. The
idea is that the morphology of an agent (a living organism or a machine) con-
strains its possible interactions with the environment as well as its development,
including its growth and reconfiguration. The nature of morphological computing
becomes especially apparent in the info-computational framework, which com-
bines informational structural realism (the idea that the world for an agent is an in-
formational structure) with natural computationalism (the view that all of nature
forms a network of computational processes). Info-computationalism describes
morphological computation as a process of continuous self-structuring of informa-
tion and shaping of both interactions and informational structures. This article ar-
gues that natural computation/morphological computation is a computational
model of physical reality, and not just a metaphor or analogy, as it provides a basis
for computational framing, parameter studies, optimizations and simulations — all
of which go far beyond metaphor or analogy.

1 Introduction

In recent years, morphological computing emerged as a new idea in robotics,
(Pfeifer 2011), (Pfeifer and Iida 2005), (Pfeifer and Gomez 2009) (Paul 2004).
This presents a fundamental change compared with traditional robotics which,
based on the Cartesian tradition, treated the body/machine and its control (com-
puter) as completely independent elements of a robot. However, it has become in-
creasingly evident that embodiment itself is essential for cognition, intelligence
and generation of behavior. In a most profound sense, embodiment is vital be-
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cause cognition (and consequently intelligent behavior) results from the interac-
tion of the brain, body, and environment. (Pfeifer 2011) Instead of specifically
controlling each movement of a robot, one can instead use morphological features
of a body to automatically create motion. Here we can learn from specific struc-
tures of biological life forms and materials found in nature which have evolved
through optimization of their function in the environment.

During the process of its development, based on its DNA code, the body of a
living organism is created through morphogenesis, which governs the formation of
life over a short timescale, from a single cell to a multi-cellular organism, through
cell division and organization of cells into tissues, tissues into organs, organs into
organ systems, and organ systems into the whole organism. Morphogenesis (from
the Greek “generation of the shape"), is the biological process that causes an or-
ganism to develop its shape.

Over a long timescale, morphological computing governs the evolution of spe-
cies. From an evolutionary perspective it is crucial that the environment provides
the physical source of the biological body of an organism as well as a source of
energy and matter to enable its metabolism. The nervous system and brain of an
organism evolve gradually through the interaction of a living agent with its envi-
ronment. This process of mutual shaping is a result of information self-structuring.
Here, both the physical environment and the physical body of an agent can at all
times be described by their informational structure'. Physical laws govern funda-
mental computational processes which express changes of informational struc-
tures. (Dodig Crnkovic 2008)

The environment provides a variety of inputs in the form of both information
and matter-energy, where the difference between information and matter-energy is
not in the kind, but in the type of use the organism makes of it. As there is no in-
formation without representation, all information is carried by some physical car-
rier (light, sound, radio-waves, chemical molecules able to trigger smell receptors,
etc.). The same object can be used by an organism as a source of information and
as a source of nourishment/matter/energy. A single type of signal, such as light,
may be used by an organism both as information necessary for orientation in the
environment, and for the photosynthetic production of energy. Thus, the question
of what will be used 'only' as information and what will be used as a source of
food/ energy depends on the nature of the organism. In general, the simpler the or-
ganism, the simpler the information structures of its body, the simpler the informa-
tion carriers it relies on, and the simpler its interactions with the environment.

The environment is a resource, but at the same time it also imposes constraints
which limit an agent’s possibilities. In an agent that can be described as a complex
informational structure, constraints imposed by the environment drive the time

! Here is the definition by John Daintith, A Dictionary of Computing (2004)
http://www.encyclopedia.com/doc/1011-datastructure.html

Data structure (information structure) An aspect of data type expressing the nature of
values that are composite, i.e. not atoms. The non-atomic values have constituent parts
(which need not themselves be atoms), and the data structure expresses how constituents
may be combined to form a compound value or selected from a compound value.
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development (computation) of its structures, and thus even its shape and behavior,
to specific trajectories.

This relationship between an agent and its environment is called structural
coupling by (Maturana & Varela 1980) and is described by (Quick and Dauten-
hahn 1999) as “non-destructive perturbations between a system and its environ-
ment, each having an effect on the dynamical trajectory of the other, and this in
turn affecting the generation of and responses to subsequent perturbations.”

This mutual coupling between living systems and the environment can be fol-
lowed on the geological time scale, through the development of the first life on
earth. It is believed that the first, most primitive photosynthetic organisms contri-
buted to the change of the environment and produced oxygen and other
compounds enabling life on earth. For example, Catling et al. (2001) explain how
photosynthesis splits water into O, and H, and methanogenesis transfers the H into
CH,. The release of hydrogen after CH, photolysis therefore causes a net gain of
oxygen. This process may help explain how the earth's surface environment be-
came successively and irreversibly oxidized, facilitating life on earth.

When talking about living beings in general, there are continuous, mutually
shaping interactions between organisms and their environment, where the body of
some organisms evolved a nervous system and a brain as control mechanisms.
Clark (1997) p. 163 talks about "the presence of continuous, mutually modulatory
influences linking brain, body and world."

2 Morphological Computing

In morphological computing, the modelling of an agent’s behavior (such as loco-
motion and sensory-motor coordination) proceeds by abstracting the principles via
information self-structuring and sensory-motor coordination, (Matsushita et al.
2005), (Lungarella et al. 2005) (Lungarella and Sporns 2005) (Pfeifer, Lungarella
and Iida 2007). Brain control is decentralized based on sensory-motor coordina-
tion through interaction with the environment. Through embodied interaction with
the environment, in particular through sensory-motor coordination, information
structure is induced in the sensory data, thus facilitating perception, learning and
categorization. The same principles of morphological computing (physical com-
puting) and data self-organization apply to biology and robotics.

Morphology is the central idea in the understanding of the connection between
computation and information. It should be noted that material also represents mor-
phology, but on a more basic level of organization — the arrangements of molecu-
lar and atomic structures. What appears as a form on a more fundamental level of
organization (e.g. an arrangement of atoms), represents 'matter’ as a higher-order
phenomenon (e.g. a molecule). Isomers show how morphological forms are criti-
cal in interaction processes such as pharmacology, where the matching of a 'drug'
to a 'receptor' is only possible if the forms are correct. The same is true for
processes involving molecules in a living cell.

Info-computational naturalism (Dodig Crnkovic 2009) describes nature as in-
formational structure — a succession of levels of organization of information. Mor-
phological computing on that informational structure leads to new informational
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structures via processes of self-organization of information. Evolution itself is a
process of morphological computation on structures of organisms over a long time
scale. It will be instructive within the info-computational framework to study in
detail processes of self organization of information in an agent (as well as in a
population of agents) able to re-structure themselves through interactions with
the environment as a result of morphological (morphogenetic) computation.
Kauffman (1993) correctly identifies the central role of self-organization in the
process of evolution and development. The order within a living organism grows
by self-organization, which is lead by basic laws of physics.

As an example of morphological computing, in botany phyllotaxis is the ar-
rangement of leaves on a plant stem (from ancient Greek phyllon "leaf" and taxis
"arrangement").

“A specific crystalline order, involving the Fibonacci series, had until now on-
ly been observed in plants (phyllotaxis). Here, these patterns are obtained both in
a physics laboratory experiment and in a numerical simulation. They arise from
self-organization in an iterative process. They are selected depending on only one
parameter describing the successive appearance of new elements, and on initial
conditions. The ordering is explained as due to the system’s trend to avoid ration-
al (periodic) organization, thus leading to a convergence towards the golden
mean.” Douady and Couder (1992)

Morphological computing is information (re)structuring through computational
processes that follow/implement physical laws. It is physical computing or natural
computing in which physical objects perform computation. Symbol manipulation,
in this case, is physical object manipulation.

3 Information as a Fabric of Reality

“Information is the difference that makes a difference. “ (Bateson, 1972)

More specifically, Bateson’s difference is the difference in the world that makes
the difference for an agent. Here the world also includes agents themselves. As an
example, take the visual field of a microscope/telescope: A difference that makes
a difference for an agent who can see (visible) light appears when she/he/it detects
an object in the visual field. What is observed presents a difference that makes the
difference for that agent. For another agent who may see only ultra-violet radia-
tion, the visible part of the spectrum might not bring any difference at all. So the
difference that makes a difference for an agent depends on what the agent is able
to detect or perceive. Nowadays, with the help of scientific instruments, we see
much more than ever before, which is yet further enhanced by visualization tech-
niques that can graphically represent any kind of data.

A system of differences that make a difference (information structures that
build information architecture), observed and memorized, represents the fabric of
reality for an agent. Informational Structural Realism (Floridi, 2008) (Sayre, 1976)
argues exactly that: information is the fabric of reality. Reality consists of infor-
mational structures organized on different levels of abstraction/resolution. A simi-
lar view is defended by (Ladyman et al. 2007). Dodig Crnkovic (2009) identifies
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this fabric of reality (Kantian Ding an sich) as potential information and makes the
distinction between it and actual information for an agent. Potential information
for an agent is all that exists as not yet actualized for an agent, and it becomes in-
formation through interactions with an agent for whom it makes a difference.

Informational structures of the world constantly change on all levels of organi-
zation, so the knowledge of structures is only half the story. The other half is the
knowledge of processes — information dynamics.

4 Computation. The Computing Universe:
Pancomputationalism

Konrad Zuse was the first to suggest (in 1967) that the physical behavior of the
entire universe is being computed on the basic level, possibly on cellular automa-
ta, by the universe itself, which he referred to as "Rechnender Raum" or Compu-
ting Space/Cosmos.

The subsequently developed Naturalist computationalism/ pancomputational-
ism (Zuse, 1969) (Fredkin, 1992) (Wolfram, 2002), (Chaitin, 2007), (Lloyd, 2006)
takes the universe to be a system that constantly computes its own next state.
Computation is generally defined as information processing, see (Burgin, 2005)

5 Info-computationalism

Information and computation are two interrelated and mutually defining pheno-
mena — there is no computation without information (computation understood as
information processing), and vice versa, there is no information without computa-
tion (information as a result of computational processes). (Dodig Crnkovic 2006)
Being interconnected, information is studied as a structure, while computation
presents a process on an informational structure. In order to learn about founda-
tions of information, we must also study computation. In (Dodig-Crnkovic, 2011)
the dynamics of information is defined in general as natural computation.

6 Information Self-structuring (Self-organization)

The embodiment of an agent is both the cause and the result of its interactions
with the environment. The ability to process and to structure information depends
fundamentally on the agent’s morphology. This is the case for all biological
agents, from the simplest to the most complex. According to (Lungarella et al.
2005), “embodied agents that are dynamically coupled to the environment, active-
ly shape their sensory experience by structuring sensory data (...).” Because of the
morphology which enables dynamic coupling with the environment, the agent se-
lects environmental information which undergoes the process of self-structuring
(by organizing the statistics of sensory input) in the persistent loops connecting
sensory and motor activity. Through repeated processing of typically occurring
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signals, agents get adapted to the statistical structure of the environment. In (Lun-
garella & Sporns, 2004) it is argued that:

7 in order to simplify neural computations, natural systems are optimized, at evo-
lutionary, developmental and behavioral time scales, to structure their sensory in-
put through self-produced coordinated motor activity. Such regularities in the
multimodal sensory data relayed to the brain are critical for enabling appropriate
developmental processes, perceptual categorization, adaptation, and learning.”
(Lungarella 2004)

In short, information self-structuring means that agents actively shape their sen-
sory inputs by interactions with the environment. Lungarella and Sporns use
entropy as a general information-theoretic functional that measures the average
uncertainty (or information) of a variable in order to quantify the informational
structure in sensorimotor data sets. Entropy is defined as:

HOO = = ) p(x) log p(x) HOO

where p(x) is the first order probability density function.

Another useful information-theoretical measure is mutual information (Lunga-
rella & Sporns, 2004). In terms of probability density functions, the mutual infor-
mation of two discrete variables, X and Y, is be expressed as:

MY = = >3 p(xy) log [p() P / px, )]

thus measuring the deviation from the statistical dependence of two variables.

In sum, statistical methods are used in order to analyze data self-structuring,
which appears as a result of the dynamical coupling between the (embodied) agent
and the environment. (Lungarella & Sporns, 2004)

7 Cognition as Restructuring of an Agent in the Interaction
with the Environment

As a result of evolution, increasingly complex living organisms arise that are able
to survive and adapt to their environment. This means that they are able to register
input (data) from the environment, to structure it into information, and, in more
complex organisms, to structure information into knowledge. The evolutionary
advantage of using structured, component-based approaches such as data — infor-
mation — knowledge is the improved response-time and the efficiency of cognitive
processes of an organism.

All cognition is embodied cognition in all living beings — microorganisms as
well as humans. In more complex cognitive agents, knowledge is built not only as
a direct reaction to external input information, but also on internal intentional in-
formation processes governed by choices, dependent on value systems stored and
organized in the agent’s memory as 'implemented’ in the agent’s body.
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Information and its processing are essential structural and dynamic elements
which characterize the structuring of input data (data — information — know-
ledge) by an interactive computational process going on in the agent during the
adaptive interplay with the environment.

There is a continuum of morphological development from the automaton-like
behaviors of the simplest living structures to the elaborate interplay between body,
nervous system and brain, and the environment of most complex life forms. Cog-
nition thus proceeds through the restructuring of an agent in its interaction with
the environment and this restructuring can be identified as morphological
computing.

8 Morphogenesis as Computation (Information Processing).
Turing's Reaction-Diffusion Model of Morphogenesis

Morphology (Greek morphé - shape) is a theory of the formative principles of a
structure.

Morphogenesis is a study of the creation of shape during the development of an
organism. It is one of the following four fundamental, interconnected classes of
events in the development: Patterning - the setting up of the positions of future
events across space at different scales; Regulation of timing - the 'clock' mechan-
isms and Cell differentiation: changes in a set of expressed genes (molecular phe-
notype) of a cell.

Interesting to note is that in 1952 Alan Turing wrote a paper proposing a chem-
ical model as the basis of the development of biological patterns such as the spots
and stripes on animal skin, (Turing 1952).

“Patterns resulting from the sole interplay between reaction and diffusion are
probably involved in certain stages of morphogenesis in biological systems, as in-
itially proposed by Alan Turing. Self-organization phenomena of this type can on-
ly develop in nonlinear systems (i.e. involving positive and negative feedback
loops) maintained far from equilibrium.” (Dulos et al. 1996)

Turing did not originally claim that the physical system producing patterns
actually performs computation through morphogenesis. Nevertheless, from the
perspective of info-computationalism (Dodig Crnkovic 2009) we can argue that
morphogenesis is a process of morphological computing. Physical process, even
though not 'computational' in the traditional sense, presents natural (unconven-
tional), physical, morphological computation. An essential element in this process
is the interplay between the informational structure and the computational process
— information self-structuring (including information integration), both synchronic
and diachronic, proceeding through different scales of time and space. The process
of computation implements (represents) physical laws which act on informational
structures. Through the process of computation, structures change their forms.

All of computation on some level of abstraction is morphological computation
— a form-changing/form-generating process.
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9 Info-Computationalism and Morphological Computing Are
Models of Computation and Not Just Metaphors

“Perhaps every science must start with metaphor and end with algebra — and per-
haps without the metaphor there would never have been an algebra.” (Black,

1962) p.242

According to the dictionary definition, metaphor is a figure of speech in which a
term or phrase is applied to represent something else. It uses an image, story or
tangible thing to represent a quality or an idea.

In the case of morphological computing, some might claim that morphological
computing is just a metaphor, or a figure of speech, which would mean that mor-
phogenesis can metaphorically be described as computing, for example, while in
fact it is something else.

On the other hand, analogy (from Greek 'avoloyia' — ‘proportion’) is a cognitive
process of transferring information or meaning from one particular subject to
another particular subject, and a linguistic expression corresponding to such a
process. An analogy does not make identification, which is the property of a me-
taphor. It just establishes similarity of relationships.

If morphological computing were just an analogy, it would establish only a si-
milarity of some relationships, which is definitely not all it does.

Unlike metaphors and analogies, models are not primarily linguistic con-
structs. They have substantial non-linguistic, interactive spatio-temporal and vis-
ual qualities. Models are cognitive tools often used not only for description but
also for prediction and control and interactive studies of modeled phenomena.
Black (1962) noticed the line of development from metaphor to computational
model:

“Models, however, require a greater degree of structural identity, or isomor-
phism, so that assertions made about the secondary domain can yield insight into
the original field of interest, and usually the properties of the second field are bet-
ter known than those of their intended field of application. Mathematical models
are paradigmatic examples for science, and in physics and engineering, at least,
their primary function is conventionally taken to be the enabling of predictions
and the guiding of experimental research. Kant went so far as to identify science
with mathematization...” (Black, 1962) p.242

The process of modeling, designing and creating robots that are more life-like in
their morphological properties, can both advance our understanding of biological
life and improve embodied and embedded cognition and intelligence in artificial
agents. Morphological computing is a model of computing, i.e. data/information
processing. It is a type of natural (physical) computing, and as a model it has both
important practical and theoretical implications.
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Limits of Computational Explanation
of Cognition

Marcin Mitkowski

Abstract. In this chapter, I argue that some aspects of cognitive phenomena can-
not be explained computationally. In the first part, I sketch a mechanistic account
of computational explanation that spans multiple levels of organization of cogni-
tive systems. In the second part, I turn my attention to what cannot be explained
about cognitive systems in this way. I argue that information-processing mechan-
isms are indispensable in explanations of cognitive phenomena, and this vindi-
cates the computational explanation of cognition. At the same time, it has to be
supplemented with other explanations to make the mechanistic explanation com-
plete, and that naturally leads to explanatory pluralism in cognitive science. The
price to pay for pluralism, however, is the abandonment of the traditional autono-
my thesis asserting that cognition is independent of implementation details.

1 Understanding Computational Cognitive Science

From the very beginning, research on Artificial Intelligence has had two goals:
create artificial cognitive systems and explain the behavior of natural cognitive
systems in the same manner the artificial systems are explained. The second goal
was based on the assumption that artificial systems are good models of natural
ones because they share the relevant causal organization that underlies their beha-
vior (for an early expression of this view, see Craik 1943). Yet early Al systems
were usually created without much prior theoretical analysis, and the researchers’
enthusiasm for them could not be easily justified, especially in areas where human
cognitive behavior seemed much more flexible than simple rule-driven processing
of symbols. The computational approach to cognition was criticized precisely for
this reason (Dreyfus 1972).

All similar criticisms notwithstanding, a broadly conceived computational ex-
planation of cognitive systems has remained the core of cognitive science, also in
the enactive research program, and even dynamical accounts of cognition share
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most important assumptions of computationalism. Computational models abound
in neuroscience, even if they barely resemble the early symbolic simulations. Al-
s0, contra some critics of traditional cognitive science, like Gomila (2008), I do
not think that the success of symbolic Al was meager. Today’s mundane technol-
ogies, such as web search, machine translation, speech recognition and OCR, rely,
for the most part, on symbolic methods. At the same time, there are successful
symbolic explanations of human cognitive abilities that a philosopher of cognitive
science should be in a position to understand.

In the first part of this chapter, I sketch a mechanistic account of computational
explanation that spans multiple levels of organization of cognitive systems, which
is, in my opinion, descriptively and normatively adequate for most current re-
search in cognitive science. In the second part, I turn my attention to what is
impossible to explain about cognitive systems in this way, and remind why expla-
nations of cognition involve information-processing. I conclude by arguing that
explanations of cognition should be pluralistic.

2 Mechanistic Account of Computational Explanation

In philosophy of cognitive science, one of the most widely endorsed views is neo-
mechanism (Machamer, Darden & Craver 2000, Craver 2007, Bechtel 2008).
According to this view, to explain a cognitive phenomenon is to explain the under-
lying cognitive mechanism. Mechanistic explanation is a species of causal expla-
nation, and explaining a mechanism involves the discovery of its causal structure.
While mechanisms are defined in various ways by different authors, the core idea
is that they are organized systems, comprising causally relevant component parts
and operations (or activities) thereof. What is important is that parts of the me-
chanism interact and their orchestrated operation contributes to the capacity of the
mechanism. Note that in this theory of explanation, a mechanism is always un-
derstood as a mechanism of something, i.e., having some particular capacity. An
explanation of the capacity in question is achieved by specifying the mechanism
that causally contributes to this capacity. If the capacity is constituted by a com-
plex, hierarchical organization, then the explanation must be constitutive and in-
volve multiple levels.

The neo-mechanistic framework has also been applied to computational expla-
nation (Piccinini 2007, Mitkowski forthcoming). Piccinini focused on digital ef-
fective computation and has only recently admitted the need to accommodate un-
conventional models, all under the umbrella of “generic computation” (Piccinini
& Scarantino 2010). His general scheme of describing computational models is
based on abstract string rewriting: computation is construed as rewriting strings of
digits (Piccinini 2007, 501).

It is not obvious how to extend this view to cover generic computation. Yet
computational cognitive science and neuroscience do refer to analog computation
(for a recent example of a hybrid digital-analog architecture, see O’Reilly 2006).
A descriptively adequate account of computational explanation in cognitive
science should be able to make sense of such references, without legislating a pri-
ori that computation is limited to the processes that can be modeled using partial
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recursive functions. In other words, I think that descriptive adequacy requires that
we endorse transparent computationalism (Chrisley 2000). If it turns out that
hypercomputation in neural networks is not just a theoretical possibility (Siegel-
mann 1994), we had better be prepared to understand how it is implemented. This,
however, means that our account will have to rely on something else than Piccini-
ni’s digits.

Computation is standardly understood as information-processing, so the notion
of information can be used to define what is crucial about models of computation
for the account of implementation: a computational process is one that transforms
the stream of information it gets as input to produce some stream of information at
the output. During the transformation, the process may also appeal to information
that is part of the very same process (internal states of the computational process).
Information may, although need not, be digital: that is, there is only a finite, de-
numerable set of states that the information vehicle takes and that the computa-
tional process is able to recognize, as well as produce at its output; a bit of digital
information construed in this way is equivalent to Piccinini’s notion of digit. (In
analog processing, the range of values recognized is restricted, but continuous,
i.e., infinite.) By “information” I mean Shannon, quantitative information: the
vehicle must be capable of taking at least two different states to be counted as in-
formation-bearing (otherwise it has no variability, so there is uncertainty as to the
state it will assume).

Understanding computation as information-processing has several advantages
over the more traditional accounts. Let me briefly compare it with two of them,
which seem the most popular in philosophy of cognitive science: (1) the formal
symbol manipulation (FSM) account and (2) the semantic account.

The FSM account (Fodor 1975, Pylyshyn 1984) says, roughly, that computing
is manipulation of formal symbols. There are two notions that need to be un-
packed. First, it is not at all clear what it is for symbols to be formal (Cantwell
Smith 2002); second, the notion of symbol is by no means obvious either.

The problem with formality is that the FSM thesis lacks proper quantification:
is it the claim that all computation involves only formal symbols, or that all com-
putation involves symbols that are not all non-formal? I believe the latter is the
most trouble-free rendition of the formality claim: it would follow that all symbols
may but need not be formal. Alas, this is not what Fodor seems to have presup-
posed in some of his writings, where he claimed that all symbols have to be
formal (Fodor 1980). This, however, would inevitably lead to methodological so-
lipsism. But even Fodor does not espouse this view today. For this reason, I read
the FSM view as asserting that symbols involved in computation need not be non-
formal, which is a much weaker thesis, as it allows for both purely formal symbols
non-formal ones.

But how should we understand “formality”? My reading is that formal symbols
do not refer to anything. So, to sum up, all computation is manipulation of sym-
bols that need not refer to anything. If they refer, it is not a problem (formal sym-
bols that refer are impossible on other readings, which lead to paradoxes that
Cantwell Smith 2002 analyzes in detail).



72 M. Mitkowski

What are symbols on the FSM account? There are several systematically con-
fused meanings of “symbol” in cognitive science. For example, if “symbol” is a
conventional sign that roughly corresponds to a linguistic concept, then connec-
tionist networks will not count as computational. Worse still, even Turing ma-
chines that operate on natural numbers would not come out as computational ei-
ther. So this reading of “symbol” is obviously wrong, as the FSM thesis would be
denying that Turing machines compute. Instead of reviewing other meanings of
“symbol” (for a review, see Milkowski, forthcoming, chapter 4), I suggest that the
FSM approach appeals to the notion of symbol as it is used in computability
theory. This is how Cutland uses it when introducing a Turing machine M:

At any given time each square of the tape is either blank or contains a single symbol
from a fixed finite list of symbols s, s,...., s,, the alphabet of M (Cutland 1980: 53).

This interpretation is by far the least troublesome. But it transpires immediately
that this kind of “formal symbol” is precisely what I called “information” (it is
unclear whether, on the FSM theory, the alphabet of symbols computed was sup-
posed to be a dense set; if not, then “formal symbol” is what Piccinini meant by
his notion of digit, and what I called “digital information”). So the FSM view, on
this reading, is equivalent to my view of computation as information-processing.
On other readings, in contrast, it leads to inexorable difficulties (Cantwell Smith
2002). Note, however, that the FSM theory does not offer any account of imple-
mentation either.

The second interpretation of computation, gua semantic notion, is also ascribed
to Pylyshyn and Fodor, and to Cantwell Smith, too. It is popular among philoso-
phers (and is almost completely — and rightly so! — ignored in computer science).
True, Fodor wrote “no computation without representation” (Fodor 1975: 34), yet
the notion of representation is also deeply troubling in this context. The argument
Fodor gives is that computation presupposes a medium for representing the struc-
tures over which computational operations are defined. But it is far-fetched to
suppose that these representations refer to anything. In fact, if they always refer,
then the symbol-grounding problem (Harnad 1990) makes no sense: there cannot
be symbols in computers that do not refer. Alas, nowhere have I found an argu-
ment that computation must operate on non-empty representations, and counterex-
amples abound. It is easy to point to programs or structures that seem to refer to
nothing whatsoever. Take this piece of Pascal code:

program do_nothing;
begin
end.

It is a correct specification of a program that does nothing. Similarly, a connec-
tionist network with two interconnected nodes such that either node gets activated
whenever the other one is seems to do some computation, albeit a trivial one.
What is the referent, again?

This is why I suggest, like Fresco (2010) and Piccinini (2006), that it is not a
good idea to wait for an uncontroversial elucidation of semantic notions before we
can define computation. Let Cantwell Smith (2002) insist that to understand com-
putation, we need to build semantic theory first-I, for one, am not holding my



Limits of Computational Explanation of Cognition 73

breath: plausibly, a viable proposal showing that computation always involves
representation of distal objects is not forthcoming. If, on the other hand, you hap-
pen to think that representation need not refer, then your use of “representation” is
deflationary: representation is nothing but a formal symbol as explicated above.

As far as I can see, my account explicates the basic intuitions of philosophers in
an unproblematic fashion and without contradicting transparent computationalism.
So let me elaborate further. In cognitive science, computational explanations rely
on information-processing mechanisms. Computational explanations are a kind of
constitutive mechanistic explanations: they explain how the computational capaci-
ty of a mechanism is generated by the orchestrated operation of its component
parts.

Constitutive mechanistic explanations involve at least three levels of organiza-
tion: a constitutive (-1) level, which is the lowest level in the given analysis; an
isolated (0) level, at which the parts of the mechanism are specified along with
their interactions (activities or operations); and the contextual (+1) level, at which
the function the mechanism performs is seen in a broader context (for example,
the context for an embedded computer might be a story about how it controls a
missile). In contradistinction to how Marr (1982) or Dennett (1987) understand
them, levels here are not just levels of abstraction; they are levels of composition
(see Craver 2007, chapter 5 for an introduction to the mechanistic account of le-
vels, and Wimsatt 2007, chapter 10 for a discussion of levels of organization in
general; see also Mitkowski, forthcoming, chapter 3). Note also that the constitu-
tive level of one mechanism might naturally become a contextual level for another
mechanistic explanation when mechanisms are nested.

To say that a mechanism implements a computation is to claim that the causal
organization of the mechanism is such that the input and output information
streams are causally linked and that this link, along with the specific structure of
information processing, is completely described. (Note that the link might be quite
convoluted and cyclical; the mechanism might be also a distributed or an ephe-
meral entity.) To describe information-processing one usually employs standard
models of computation used in computer science (by a “model of computation”, I
mean a formal specification of computation, such as Markov algorithms, Turing
machines, von Neumann computers, Pascal programs etc.). But, in order to be
explanatorily relevant and descriptively accurate, the model chosen has to be me-
chanistically adequate. This is why the description of a mechanistically adequate
model of computation comprises two parts: (1) an abstract specification of a com-
putation, which should include all the causally relevant variables; (2) a complete
blueprint of the mechanism on three levels of its organization. In mechanistic ex-
planation, there are no mechanisms as such; there are only mechanisms of some-
thing: and here that something is (1). By providing the blueprint of the system, we
explain its capacity, or competence, abstractly specified in (1).

This concludes my brief summary of computational explanation via mechan-
isms (for more detail, including an account of how to delineate boundaries of me-
chanisms, see Milkowski, forthcoming). Let me now show how this helps to
discover its limits.
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3 From Levels to Limits

Note that a constitutive mechanistic explanation of a phenomenon does not ex-
plain the bottom level of a mechanism, i.e. its constitutive parts and their organiza-
tion. There might be an explanation of why they are organized this way and not
another, and why they are what they are, but this is not a part of the same explana-
tion. Most importantly in this context, this means that one cannot explain the
makeup of parts that constitute a computational system. An example will help
elucidate this point. I'm using LanguageTool, a Java application to proofread a
document in English. The algorithm I implemented in Java on my laptop does not
explain why the integrated circuit performs instructions as specified in the ma-
chine code for Intel processors, as I cannot predict these electronic processes at
all. When knowing that Java code is being executed, I could only predict a certain,
high-level pattern of these processes, but not the particular detail, as Java code
does not specify its own electronic-code level. For this reason, I find the talk about
“top-down” explanation of systems with their systemic computational capacities
(Rusanen & Lappi 2007) mildly misleading. All you can explain and predict by
referring to Java code is a general tendency of the system, and not its constitution.
This is not a “top-down” explanation: “down” is missing altogether, so it is just a
“top” explanation (which is mechanistic all right, but, like an explanation of the
movement of billiard balls, remains limited to a single level of the mechanism).

Even more interestingly, the Java code does not explain how the CPU interprets
machine code instructions, which is, arguably, the level of composition above the
level of electronics. The CPU level is computational in its own right, but it is not
the target of an explanation which has Java code as its isolated level. There is no
explanatory symmetry between the levels: it is the lower (-1) level that can explain
the isolated level, and not vice versa.

Note also that the contextual level of a computer is not explained computation-
ally either. A description of how a computer “behaves” in its environment is
couched in generic causal terms, not in terms of information-processing. Obvious-
ly, one computational mechanism can be a component of a greater computational
system, in which case the former is described at the constitutive of level of the
latter, while the latter serves as the contextual level for the former. Integrating
such computational mechanisms may consist in specifying both of them in compu-
tational terms; however, the uppermost level of the larger mechanism, as well as
the constitutive level the submechanism, will still remain non-computational in
character.

For example, if I put my laptop computer on wet grass, then the behavior of the
laptop might be influenced by the environment it is in (for example, by leading to
a short circuit). This influence, however, will not be computational at all, and you
cannot explain it computationally.

By contrast, the isolated level of a mental mechanism is computational: one can
specify it solely in terms of information-processing, unless one also wants to de-
scribe its interaction with the environment. Moreover, the organization, activities
and interactions of the components of computational structure, as represented by a
mechanistically adequate model of a given computation, are also described in
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computational terms. The description is correct just in case all the components of
a mechanistically adequate model have counterparts in a generic causal model of
experimental data (Piccinini & Craver 2011). An explanation will be complete
only if the objects and interactions at the constitutive level can be “bottomed out”,
or explained in non-computational terms.

This will also be true of highly complex hierarchies, where a computational
submechanism is embedded in a larger mechanism, and this larger one in another.
A submechanism contributes to an explanation of the behavior of a larger mechan-
ism, and the explanation might be in terms of a computation, but the nesting of
computers eventually bottoms out in non-computational mechanisms. Obviously,
pancomputationalists, who claim that all physical reality is computational, would
immediately deny the latter claim. However, the bottoming-out principle of me-
chanistic explanation does not render pancomputationalism false a priori. It simply
says that a phenomenon has to be explained as constituted by some other pheno-
menon than itself. For a pancomputationalist, it will mean that there must be a
distinction between lower-level, or basic computations, and the higher level ones
(for a suggestion about how a pancomputationalist might do this, see Mitkowski
2007). Should pancomputationalism turn out to be unable to fulfill this condition,
it will be explanatorily vacuous.

This complex vision is far messier than the neat machine functionalism of the
past. However, a complex hierarchical architecture, including certain cyclical rela-
tionships, is important in biological systems, and this is precisely what human
cognitive systems are.

That the scope of computational explanation is the isolated level of mechanisms
and other levels are explained in a different way is easily seen if we turn to real
explanatory models from cognitive science. Let me take one classical example
from the symbolic camp — Newell and Simon’s model of cryptarithmetic (Newell
& Simon 1972), and a modern one from cognitive robotics — Webb’s robotic
cricket (Webb 1995; Lund et al. 1997; see Webb 2008 for a review). In both cases,
the differences between symbolic and embodied models notwithstanding, the lim-
its of computational explanation are clearly visible. The latter example is of spe-
cial interest, as robotic crickets are cited as an exemplar of extended and embodied
cognition (Clark 2001: 104-6).

In a study on cryptarithmetic problems, such as finding which digits correspond
to letters in equations of the form SEND + MORE = MONEY or DONALD +
GERALD = ROBERT, Newell and Simon explain the subjects’ performance by
providing a description of an information-processing system (Newell & Simon
1972), formulated as a computer program capable of solving the problem in the
same way as the subject. The proposed explanation focuses on individual perfor-
mance, and should be sufficiently detailed for an interpreter of the description to
be able to perform the task as well (Newell & Simon 1972: 11). In effect, their
account accounts for the individual performance of particular agents. The comput-
er simulation, realized as a production system, is validated by recourse to empiri-
cal evidence: verbal protocols (the match of the model is around 80%) and eye-
tracking (around 90%).
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Even if, by the lights of present-day mechanists, such models of cognition qual-
ify as incomplete (they obviously fail to “bottom out” at the neurological level),
Newell and Simon understood that in order to make the abstract structures expla-
natorily relevant they needed to relate them to their physical limitations and the
structure of the environment. They presuppose that there are capacities that the
information-processing system has, like scanning and recognizing the letters and
numbers from the external memory in cryptarithmetic tasks. These capacities may
be realized, as they stress, by parallel perceptual processes rather than by serial
symbolic processes that require attentional resources.

Let me turn to crickets. Crickets display several interesting behaviors; one of
them is phonotaxis, or the female’s ability to walk toward the location of the
chirping male. The first step is to investigate the cricket’s behavior. The carrier
frequency of the male cricket’s song, which is used by the female to detect con-
specifics, is around 4-5 kHz; the ears of the crickets, located on their frontal legs,
consist of a pair of tympani and vibration receptors. Crickets have a peculiar audi-
tory system in which the two ears are connected by a tracheal tube to form a pres-
sure difference receiver (as it is called in engineering). This gives them good
directionality but only for a specific frequency — that of the calling song they need
to localize. The same solution was mimicked on a robot (see Webb 2008: 10 for
details). Sound information for other frequencies does not have to be filtered out
by the cricket, as the very physical setup makes the calling song frequency easier
to localize — other frequencies are still audible but harder to locate. Information-
processing is not really essential to the explanation of how the sound is located.

Mate-finding behavior is not simply to approach the loudest sound — females
select the sound that has the right temporal pattern. Barbara Webb and her colla-
borators hypothesized that the significant cue for the filtering that is needed to
recognize the pattern could be the onset of the sound. This idea was embodied by
a simple neural circuit connecting the auditory neurons with motor neurons: the
left auditory neuron excited the left motor neuron while inhibiting the right motor
neuron, and vice versa. As a control mechanism, the circuit was able to reproduce
a number of behavioral experiments on crickets (Webb and Scutt 2000).

Note that the only purely computational part of the whole complex mechanistic
explanation—which, being admittedly idealizational, seems to fully adhere to me-
chanistic standards—is the neural circuit. This mechanism explains why the cricket
moves in response to chirps. But the physical morphology of cricket ears, the fre-
quency of the sounds they make, and motor activity towards the sound, are not
explained with the operation of the artificial neural network in robotic models of
crickets (Webb 2008). In other words, the physical implementation of a computa-
tional system—and its interaction with the environment—is outside the scope of
computational explanation. Note that Webb's crickets are not plausibly extended
into their environment, and this is the reason why the interaction is not explained
computationally. But this is also the case for any extended system: if it does not
comprise the whole universe, it will have some environment which is different
from itself. So even spatially and temporally widely distributed systems have
boundaries, and this is why the causal interaction between the system and its envi-
ronment is outside the scope of any intersystem explanation.



Limits of Computational Explanation of Cognition 77

It is the physical implementation that explains why there is computation in the
first place: you cannot understand why there is computation by saying that there is
computation, which would be simply circular. Mechanistic explanation certainly
adopts a reductionist stance that requires explaining computation with non-
computational, lower-lever processes; but these lower-level processes may be
screened-off when we talk of invariant generalizations that involve higher levels
of computational systems. In other words, to fully explain why a robotic cricket
finds the source of the sound, we need to refer to its electronic and mechanic
details; these are different in biological crickets. But there are higher-level genera-
lizations, involving not only information-processing but also sensing and
movement, that are common in both, and this is why the robotic cricket is an
explanatory model.

What does all this mean for the computational theory of mind? First of all, it
means that there is more to cognition than computation: there is some implementa-
tion of computation required for the explanation to be complete, and implementa-
tion goes beyond purely formal properties of computation; and there is some
interaction of computation with the environment if the capacities of a cognitive
system in the environment are to be explained. More specifically, reaction time is
only partly explained computationally: the complexity of the cognitive algorithm,
as analyzed mathematically, cannot be used to predict the efficiency of running
the algorithm without knowing appropriate empirical details of underlying hard-
ware. Moreover, for relatively short input sizes, the error of measurement might
make it impossible to decide empirically which algorithm is implemented based
only on reaction time (for a review of how reaction time is used in psychological
research, see Meyer et al. 1988).

Resource limitations are also impossible to explain computationally. Instead,
they act as empirical constraints on theory; for example, Newell and Simon im-
pose the condition that short-term memory capacity not exceed the limit of 7 plus
or minus 2 meaningful chunks. To put the same point somewhat differently, in
order to understand a cognitive computation and to have a theory of it, one needs
to know the limits of the underlying information-processing system.

Moreover, all environmental conditions that influence a computation, such as
getting feedback from the environment, are on the contextual level. It follows
from this that representational mechanisms are not fully explained in a computa-
tional fashion; some of their parts are generic: they are simply interactions with
the environment (for a fuller elucidation of what representational mechanisms are,
see Mitkowski, forthcoming, chapter 4). Even Fodor (1980) acknowledged that an
account of reference to the external world must contain some model of the envi-
ronment; what he denied was that such a theory, which he called ‘naturalistic psy-
chology’, could be built.

These limitations in no way undermine cognitive research. A discovery that
complex information-processing systems can be explained in a very simple man-
ner, which ignores most of their complexity, would have been much more surpris-
ing. If we want to take complexity into account, the causal structure of the system
will come to the fore, and computational facets of the system will be just one of
many. But the cogency of the computational theory of mind is not based on a bet
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that only formal properties of computation are important in explaining the mind. It
is based on an assumption that cognitive systems peruse information, which is not
undermined by the realization that what these systems do goes beyond informa-
tion-processing. This is a natural corollary in the mechanistic framework I
adopted, and the prospects of computationalism have not become any the worse
for that.

But could computational mechanisms be dispensed with in the theory of cogni-
tion? Are they not in danger of being replaced by dynamical modeling? In particu-
lar, aren’t dynamical models substantially different from what the neo-mechanist
models? Let me turn to such questions now.

4 Is There Cognition without Information-Processing?

Despite prima facie competition from non-classical approaches, computation still
plays an important part in contemporary cognitive science, for it is almost a defini-
tional feature of cognitive systems that their behavior is driven by information.
And as far as an understanding of information-processing is concerned, no one
seems to have the foggiest idea how to do without computational explanation.

Yet the role of computation in cognition may be denied. The dynamical ap-
proach to cognitive phenomena stresses that “rather than computation, cognitive
processes may be state-space evolution” within dynamical systems (van Gelder
1995: 346). At the same time, dynamicists tend to understand computation in a
very restricted way: as “the rule-governed manipulation of internal symbolic re-
presentations” (van Gelder 1995: 345), which excludes some models of computa-
tion, such as artificial neural networks or membrane computers by definitional
fiat. Some also stress that computation has to be formal (Wheeler 2005: 117-8,
Bickhard & Terveen 1995) and that Turing machines have no real temporal di-
mension. Flexible and adaptive behavior is not to be understood in terms of rules
and representations but in terms of dynamical systems. But this does not contra-
dict the mechanistic account of computation.

Note that the claim I defend is not that cognition is computation over language-
like syntactic symbols, or representations, or that it is logical inference. Neither do
I defend Bechtel’s idea that representations are crucial to cognitive explanation
(Bechtel 2008): there might be minimally cognitive systems that do not have states
that are representational in any thick sense, like the robotic crickets. This is not to
be understood as undermining the role of representational explanations; I think
that representation is both germane and irreducible to computation (the notion of
representation is understood here in the sense defended by Bickhard & Terveen
1995 or in the guidance theory of representation of Anderson & Rosenberg 2008; I
vindicate a mechanist variation of these theories in chapter 4 of Mitkowski, forth-
coming). My claim is that cognition involves information-processing and, as such,
it involves also other kinds of processes that need to obtain in order to support the
information-processing mechanisms. One interesting corollary is that there is
computation without representation but there is no representation without
computation.
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If you think that the core of cognition is adaptive behavior, and that adaptive
behavior is best explained not by recourse to information, but to certain kinds of
self-organization, you will probably reject even my weak claim. For example,
some defend the view that adaptive behavior is possible only in certain kinds of
autonomous systems (Barandiaran & Moreno 2008), and that autonomous systems
are dissipative dynamical structures far from thermodynamical equilibrium. The
flexibility of their behavior is to be explained as self-maintenance of the far-from
equilibrium state. In a less physicalist version, autonomy, called “autopoiesis”
(Maturana & Varela 1980), is to be understood as a kind of cyclical self-
organization.

Interesting as these ideas of autonomy are, they do not seem to be specific
enough to address cognition. Adaptive behavior is a broader category; although
we might talk about adaptation when describing how a slime mold reproduces,
ascribing cognition to a slime mold seems a bit far-fetched. But even if we make
the notion of cognition as broad as that of adaptive behavior, the question remains
whether it is best understood in terms of energetic autonomy only. Barandiaran
and Moreno seem to deny it, admitting that the neural domain is “properly infor-
mational” (Barandiaran & Moreno 2008: 336). They take time to explain that they
mean only information “in the sense of propagation of dynamic variability as
measured by information theory”, and not as representational or semantic informa-
tion. But my notion of information is similarly quantitative. Moreover, only reac-
tive autonomous systems, which are actually minimally cognitive, can be fruitfully
explained with dynamical equations or control theory. To account for higher com-
plexity, one needs to stipulate new kinds of autonomy, and this actually boils to
down admitting information-processing and representational capabilities as crucial
(see Vakarelov 2011 as an interesting example of this strategy). In other words,
autonomous systems are just a part of the story about cognition; they need to be
complemented with some forms of information-processing this way or another.

Admittedly, the kinds of explanation embraced by theorists of autonomy will
differ significantly from the computational models of traditional symbolic cogni-
tive science. But, all in all, they will need to relate to some kind of information-
processing. Otherwise, it is difficult to understand how cognition should be
possible; processes that play no role in the transformation or communication of
incoming information would hardly deserve to be called “cognitive”. An activity
is cognitive insofar as it is reasonably sensitive to how the world is, and such
sensitivity requires that there exist reliable processes capable of detecting informa-
tion. This is not to say that cognition is just building maximally accurate represen-
tations of input information (though traditionally, information-processing theories
of cognition focused too much on perceptual inputs); that would be a kind of con-
templative caricature of cognition. Cognition is responsible for flexibility of beha-
vior, so it has a role in guiding it; similarly, information in cognitive systems is
also related to their goals and cannot be reduced to perceptual stimuli.

Because cognition in real biological systems is not an end in itself and it has to
be helpful in dealing with the world, it will need to be supported not only by in-
formation-processing structures but also by sensor and motor mechanisms that
enable active exploring and changing the environment. But a general denial of the
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role of information would also lead to the conclusion that models in computational
cognitive science cannot be genuinely explanatory; if they are predictive, it has to
be by a fluke. Yet at least some computational models are perfectly fine explana-
tions. Also, alternative, completely non-informational explanations of the very
same phenomena do not seem to be forthcoming at all.

Let me show an example where dynamical modeling is thought to preempt a
traditional symbolic explanation. Thelen et. al (2001) explain a phenomenon seen
in 7-12 month-old infants. In Piaget’s classic “A-not-B error,” infants who have
successfully uncovered a toy at location “A” continue to reach to that location
even after they watch the toy being hidden in a nearby location “B.” Thelen et al.
question the traditional supposition that the error is indicative of the infants’ con-
cepts of objects or other static mental structures. Instead, they demonstrate that the
A-not-B error could be understood in terms of the dynamics of ordinary processes
of goal-directed actions: looking, planning, reaching, and remembering. A formal
dynamic model based on cognitive embodiment both simulates the known A-not-
B effects and offers novel predictions that match new experimental results. This
seems like a real challenge to traditional computational explanation.

But what is the strategy of Thelen et al.? They show that the phenomenon
might be explained in terms of motor planning. This is a deflationary strategy: we
need not refer to higher-level mental structures at all, and Piaget’s logical attempt
at understanding the phenomenon might be misplaced. Two comments are in or-
der, however. First, motor planning does not preclude processing of information.
On the contrary, these researchers use the notion of information to talk about
neural findings relevant to an understanding of action planning. The only way
their approach differs from an appeal to traditional information-processing is that
their model is framed in dynamical language, and plans are considered not as dis-
crete representations but as continuous, graded and evolving in time. Second, the
mechanistic approach does not favor explanations of behavior in terms of high-
level cognitive activity over accounts that appeal to factors of motor activity, es-
pecially if the latter bring more explanatory value, parsimony, simplicity of the
model efc. To sum up, even radical dynamical models, if they still uphold the
claim that the phenomenon is cognitive (and not just, say, physiological), explain
it computationally, by referring to dynamics of information.

It is sometimes claimed that dynamic explanations of cognition differ radically
from computational ones (van Gelder 1995, Beer 2000). It is, of course, a truism
that physical computers are dynamic systems: all physical entities can be de-
scribed as dynamic systems that unfold in time. Computational explanation in its
mechanistic version clearly requires that the physical implementation be included
in the constitutive explanations of cognitive phenomena; and that means that me-
chanistically adequate models of computation have to include temporal dynamics.
Implemented computation is not a formal system, it is a physical, spatiotemporal
process.

What proponents of dynamicism claim, however, is something stronger:

a typical dynamical model is expressed as a set of differential or difference equations
that describe how the system’s state changes over time. Here, the explanatory focus
is on the structure of the space of possible trajectories and the internal and external
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forces that shape the particular trajectory that unfolds over time, rather than on the
physical nature of the underlying mechanisms that instantiate this dynamics (Beer
2000: 96).

It seems, therefore, that dynamic explanation will abstract away from mechanisms
in general, and from computational mechanisms in particular. And, indeed, it was
argued that dynamicism involves the covering-law type of explanation (Walmsley
2008). Yet the paradigm examples of dynamical explanations are also quite easy
to interpret as mechanistic (Zednik 2011). More importantly, many proponents of
dynamical explanations require that they also refer to localizable and measurable
component parts of systems (Eliasmith 2010, Grush 2004). It seems, therefore, not
at all justified to say that dynamical explanations do not appeal to the physical
nature of the underlying mechanisms. Some do, some do not; and I would not be
so sure whether it is fine when they do not.

There need be no conflict between dynamicism and my version of computatio-
nalism. If these are distinct explanations, there is no problem: they will usually
focus on different aspects of cognitive functioning. Dynamical systems, in contrast
to connectionist models, are not usually proposed simply as replacements of clas-
sical explanations. As most real-life explanations do not pertain to the same ex-
planandum phenomenon (the cognitive capacity itself is differently conceived),
they may still be integrated in the overall picture of cognition.

As Newell stressed many years ago (Newell 1973), psychologists try to play a
game of 20 questions with nature and win: they think that you can simply build a
list of dichotomies and know the nature of cognition. You cannot, and integration
of various explanatory models is more valuable than overplaying methodological
differences. Playing Watt governors against production systems seems silly to me.
Properly explanatory models of cognition (for all intents and purposes, a Watt
governor is not a model of any cognitive capacity) that are cited repeatedly by
dynamicists, such as Elman’s modeling of language in a temporal manner (Elman
1990), are also computational, at least by my standards. Elman used a connection-
ist model after all and found an interesting way to interpret its structure. But it was
still a piece of computational machinery.

5 A Plea for Pluralism

Using a single computation model to explain all possible cognitive systems would
be premature at best. Some really basic cognitive systems, such as sponges or
plants, may be explained in terms of simpler computation models, whereas more
complex processes require interlevel explanations to give meaningful, idealized
explanations and predictions. In other words, my explanatory pluralism involves
both the claim that computation is not the only way to explain cognitive systems
and the thesis that various computation models might be useful in cognitive
science, as it seems plausible that different models may best describe organization
at the bottom level of the mechanism in various systems.

Interestingly, Webb’s research on cricket phonotaxis, has been interpreted by
some as an example of a non-computational model (Wheeler 2005). The only
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reason to do so was that a huge role was played by the morphology of the robot. I
do not want to play the same trick by interpreting Webb as only computational—
even if the artificial model relied on artificial neural networks that did something
important.

Excluding some dimensions from the description of research should be moti-
vated by something else than just enthusiasm for other flavors of modeling. It
should improve our understanding of the phenomena, as all idealization in science
should. Successful examples of explanation are pluralistic: they involve explana-
tions of computation, physical structures, environments, and real-time interaction.

It is too early to attempt to replace all explanatory methodologies with a single
one. The cooperation—and competition between—modelers using different model-
ing techniques fuels progress in research. Previous accounts of explanatory utility
of cognitive models could not, however, accommodate this richness of methods.
Traditional machine functionalism implied that the implementation details are no
longer interesting if our goal is to understand cognition, and while Marr (1982)
stressed that implementation is part of a proper explanation of computation, he did
not rely on these details to explain anything. But over time, the traditional functio-
nalist model became less and less credible, as the role of neural detail was being
acknowledged. Many different tools are needed to describe cognitive mechanisms.
Real science is messy, but that’s not a bug - it’s a feature.
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Abstract. The Chinese Room Argument purports to show that® syntax is
not sufficient for semantics’; an argument which led John Searle to conclude
that ‘programs are not minds’ and hence that no computational device can
ever exhibit true understanding. Yet, although this controversial argument
has received a series of criticisms, it has withstood all attempts at decisive
rebuttal so far. One of the classical responses to CRA has been based on
equipping a purely computational device with a physical robot body. This
response, although partially addressed in one of Searle’s original contra argu-
ments - the ‘robot reply’ - more recently gained friction with the development
of embodiment and enactivisrrﬂ two novel approaches to cognitive science
that have been exciting roboticists and philosophers alike. Furthermore, re-
cent technological advances - blending biological beings with computational
systems - have started to be developed which superficially suggest that mind
may be instantiated in computing devices after all. This paper will argue that
(a) embodiment alone does not provide any leverage for cognitive robotics
wrt the CRA, when based on a weak form of embodiment and that (b) unless
they take the body into account seriously, hybrid bio-computer devices will
also share the fate of their disembodied or robotic predecessors in failing to
escape from Searle’s Chinese room.
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1 Introduction

In his 1980 paper Minds, Brains and Programs (MBP)[46] John Searle for-
mulated his influential Chinese Room Argument (CRA) aimed at refuting
the possibility of achieving the holy grail of Artificial Intelligen(:EH, what he
termed ‘Strong-Al’: that is, creating a truly intelligent computational device;
instantiating mind in machine.

In spite of the controversy it generated, CRA remains a hallmark argu-
ment in the debate over the possibility of instantiating mind in computing
devices. In its most basic form, it addresses the most radical version of the
claim as proposed by good old fashioned Artificial Intelligence (GOFAIﬂ.
Nonetheless many scholars do not agree that the CRA succeeds or at least
try to suggest frameworks which could circumvent its conclusions. One such
area purported to escape the CRA argument is ‘cognitive robotics’ The hope
of its proponents is that by providing a physical body, computational opera-
tions are married to cognitive processes via embodiment and enactivism, and
by virtue of the latter the CRA argument fails to apply.

This paper will briefly introduce the original argument and will argue that
in its current form, cognitive robotics is more aligned with a particular form
of enactivism (weak enactivism) which does not seem to offer a way out of
Chinese Room.

Furthermore, there has been a nascent field of hybrid systems which blend
artificial and biological systems. The question can then be extended to such
hybrids: some forms of which perhaps might circumvent the CRA.

The paper will review such developments and will consider them from this
perspective.

2 Chinese Room Argument

The CRA has been considered one of the most influential arguments in the
history of philosophy of mind achieving at the same time a status of notoriety
amongst the proponents of AI who aimed but failed to quash it with various
counter-arguments[10] [45].

In a thought experiment John Searle - who can only speak English - is
locked in a room and communicates with external interlocutors via messages
written on papelﬁ. Searle has a rule-book with instructions in English for

2 The Dartmouth Proposal, “Every aspect of learning or any other feature of in-
telligence can be so precisely described that a machine can be made to simulate
it”,[30].

3 From Newel & Simon (1976), ’a physical symbol system has the necessary and
sufficient means for ‘general intelligent action’ .

4 NB. In this work we deploy an extended form of the CRA; in the original ver-
sion interlocutors merely pose [Chinese] questions about a given story [also in
Chinese], which Searle, using his rule-book, responds to appropriately.
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manipulating strings of [Chinese] symbols received as input and subsequently
formulating an output string of symbols, such that the characters appear
to the interlocutors to be linguistic responses in Chinese; in this manner
communication is achieved via appropriate exchange of Chinese ideographs.

Yet, in spite of being able to converse with the Chinese interlocutors in a
way that for all purposes appear to them as if he can understand Chinese,
Searle proposed that in fact he does not understand a word of Chinese, no
matter how skilful his manipulations of the Chinese symbols is.

The CRA was intended to show that computers may one day become
skilful enough to appear to process language in a meaningful way by using
only syntactic manipulation, however by this process they remain incapable
by themselves of giving rise to meaning or semantics.

Thus the Chinese Room Argument challenges functionalism and compu-
tational theory of mind. The latter proposes that mental states are simply
computational states which are implementation-independent. As such, they
can be instantiated in a computational device by mere symbol manipulation.
Although John Searle did not dismiss the possibility that machines could
possess intentionality and true understanding (indeed he specifically identi-
fied humans as such ‘biological machines’), he did not believe these qualities
could come about by sheer computational symbol manipulation alone.

2.1 Intentionality in Computational Systems?

A number of arguments have been put forward against the CRA, some of
which had already been anticipated by Searle in the original paper[46]. These
counter proposals can be categorised into groups purporting to refute CRA
on different grounds. Various forms of systems replies try to argue that un-
derstanding is not a property of Searle alone, but of the entire system. What
that system should be is the subject of particular variants of the systems
reply.

Some variants of the System reply posit to give rise to true understanding
the system must be effectively implementing a simulation of a brain (or at
the very least, be imply,enter via some kind of connectionist architecture).
Detailed taxonomies of different replies to the CRA together with rebuttals
have been presented elsewhere[I0, 45} [46]. Instead of providing yet another
one here, we wish to focus on a specific kind of systems reply, the so called
‘robot reply’, which although considered in the original paper by Searle, has
more recently gained particular momentum thanks to the links between cog-
nitive robotics and a new move in cognitive science called enactivism[32} [41].

The robot reply proposes that true understanding must arise from ground-
ing of meaning in the physical world and hence that the system must en-
able such grounding to take place. This is to be achieved by an appropriate
rule-book enabling the robot to implement the ‘right type of manipulations’
and concomitant sensory motor coupling afforded by the robot’s interactions
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with the external world. It is claimed that such an extended system (robot
plus appropriate computational mechanism; the latter often proposed to be
a connectionist architecture or brain simulation) can fulfil the necessary and
sufficient conditions for meaning and understanding to arise.

However, as previously mentioned, the initial extensions of the basic CRA
discussed by Searle in the original paper[46] explicitly addressed such a
"Robot reply’ which Searle claims buys nothing, for the CRA could easily be
extended by providing additional input in the form of symbolic values cor-
responding to camera and other sensory readings; the outputs strings Searle
now produces encompassing both the robots verbal responses [in Chinese]
and symbolic commands to manipulate (unbeknownst to Searle in CRA)
the external objects by the robot’s actuators. Such an extension would only
require a more complicated rule-book; the extra syntactic inputs and dif-
ferent forms of response would continue to afford no real understanding if
it were not there in the first place. In accord with Searle’s response to the
Robot reply, we similarly conclude that if we were to attribute genuine men-
tal states/intentionality to such a computationally driven robotic device, we
would also be obliged to do so also for any modern car equipped with elec-
tronic sensors and computer.

3 Robotic Reply and Enactivism

A very refreshing movement within cognitive science has gradually been
emerging which rejects the computationalist view of cognition in favour of
enactivism[53]. Enactivism emphasises the importance of embodiment and
action in cognition and proposes that the most fundamental notion is that of
embodied autonomy, which superficially at least offers renewed fundamental
justification to cognitive robotics as a useful tool able to address the most
fundamental questions about cognition and understanding.

Cognitive robotics itself could be viewed as a departure from the disem-
bodied good old fashioned AT (GOFAI) as it also considers that embodiment
is fundamental for cognition to arise. Moreover, various forms of cognitive
robotic stress to a different degree the importance of embodiment for cog-
nition, with some placing more emphasis on the actual body and its affor-
dancies, than on the nitty gritty of the central ’computational’ processing
unit[43] [44]. In fact, this modern successor of GOFAI has been proposed to
provide a fertile experimental ground for cognitive science[32]. Considered to
be a radical departure from GOFAI by its enthusiasts, it has found itself in
mutually beneficial symbiosis with some forms of enactivism[29, [41]. At first
sight it thus seems that such an alliance may be able to provide a rebuttal
to CRA on theoretical grounds.
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3.1 Does Cognitive Robotics Escape the CRA?

In order to answer the above question it is important to emphasise that
there are many interpretations of enactivism] and that cognitive robotics is
particularly aligned with versions that emphasise the role of sensori-motor

couplings[37]:

our ability to perceive not only depends on, but is constituted by, our pos-
session of ... sensorimotor knowledge.

at the same time eschewing Varelian enactivism in which fundamental au-
tonomy stems from the organisational closure of living systems|[2]:

it is somehow intuitive that cognition relates to sensorimotor interactions
rather than to material self-constructing processes.

This form of enactivism embraces Gibbsonian affordances and moreover pro-
poses that the experienced qualities[37]

pattern[s] in the structure of sensorimotor contingenclies].

are sensori-motor laws[40, 4I]. As Née put it[37]:

for perceptual sensation to constitute experience, that is, for it to have gen-
uine representational content, the perceiver must possess and make use of
sensorimotor knowledge.

Although we agree that sensorimotor interactions are important for cognition,
the move away from the organisational closure proposed by Barandiaran and
Morenol[2]:

.. as well as being somewhat awkward for cognitive robotics (since it would
imply that no genuine cognitive behaviour can be expected from non-self-
constructing artifacts) this thesis [that autopoiesis is necessary for cognition]
is also conceptually uncomfortable.

appears to us unjustified; for the above sentiment seems to be based on ei-
ther expediency and handpicking the elements of enactive theory that suit
a particular style of robotic approaches to cognition, or on confusion be-
tween organisational closure and autopoiesis. However, although the latter
two notions seem intimately linked - with the notion of autopoiesis being
the minimal organisation of the (unicellular) living systems - organisational
closure is broader as it characterises further autonomous systems such as
multi-cellular organisms as well as the nervous or even the social systems|[18].

5 Our discussion specifically addresses the particular interpretation of sensory mo-
tor account derived from early works of Née and O’Regan on this subject, which
seems to have been adopted within cognitive robotics community [29] [32], [43], [44].
It is important to note though that both authors have since developed their
accounts in separate and increasingly divergent directions|38], [42].
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Nevertheless, in spite of the convenience of such an argument for current
cognitive robotics, the concentration of the sensorimotor account solely on
the external world - with the reduction of the role of the body to mere
instantiation of appropriate sensory motor couplings and disregard for the
material self-constructing processes which also constitute the integral part of
the body - does not seem to to us to afford any extra mileage over and above
the original robot reply considered by Searle in MBP.

Conversely, we suggest that as long as efforts within cognitive robotics
are directed only towards grounding meaning in the external world - whilst
neglecting the need for concomitant grounding in internal states - all devices
so constructed can ever hope to achieve are merely ever more sophisticated
reflections of the relational structure of the external world in the relational
structure of their internal [formal] representations, with fundamentally no
account of either ‘raw feel’ or the genuine understanding of anything.

To illustrate this consider how Searle - merely deploying the CRA rule-
book inside the Chinese room - could ever answer the following question
(posed, of course, in Chinese), “Are you hungry?”. We suggest that there is
a fundamental difference between Searle’s ability to answer questions of this
form, with his ability to ‘converse’ about the relationships between objects
external to the Chinese Room. In the latter case the rule-book, augmented
by any of Searle’s own contemporaneous notesﬁ, may enable him to identify
symbol associations and appropriate manipulations without actually entail-
ing any understanding on his part. In this sense he indeed would be acting
(perhaps with the help of a pen and paper) as an expert system or a neu-
ral network - making associations between the symbols and the frequencies
of their co-occurrences. A neural network can capture such associations be-
tween objects by tweaking its internal weights - albeit this is a mechanistic
operation, itself devoid of meaning (i.e. ungrounded).

In fact, the above observation applies whether or not one considers ‘the
classical Chinese Room Argument’ or the embodied (robot-reply) version as
long as the embodiment is merely intended to provide sensory motor coupling
in the sense of extra information about the possible manipulations various
objects entail. This is why the Chinese Room Argument enables Searle to
make reasonable responses as long as his queries are exclusively about the
external world; the Chinese room can algorithmically capture such ‘semantic
webs’, as this is essentially merely a statistical problem - computers already
can do this.

Internalising the entire Chinese roond] as in Searle’s initial response to
the systems reply to the CRA will not help either, as long as Searle is not
allowed to interact with the external world directly (i.e. without the veil of

6 Such ‘notes’ may define ‘internal representations’ that, for example, might high-
light specific associations between strings of symbols.

7 Le. Searle memorises the rule-book, his notes etc. and subsequently performing
all operations in memory such that there is nothing in the system that is not
now inside Searle.
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the formal CRA rule-book) for, in this case, Searle would immediately start
forming mappings between his own internal meanings and the new symbols
and their associations (this is exactly how we learn any foreign language).
Meaning would therefore be transferred by association to the new symbols,
which by themselves do not originally carry any meaning (to a non Chinese
speaker).

Similarly, the question of whether a symbolic computational, sub-symbolic
connectionist, or continuous dynamical system approach should be adopted
translates into the question of formal richness of the internal relational uni-
verse or the mathematical nature of the mapping between external and in-
ternal relational spaces. Although there are very important considerations
delineating some key properties of cognitive states, they pertain ’only’ to
necessary aspects of intentionality related to the nature of regularities in the
external world (continuous and statistical or symbolic and recursive) and the
best formal means to extract and manipulate them; they do not reference,
and remain ungrounded in Searle’s own internal bodily states. As various
CRA variants elaborate, the precise nature of operations needed for the con-
struction of internal representations (or means by which a mapping between
external and internal relational structures is achieved) is irrelevant.

Some cognitive roboticists concede that current robotic platforms have
been too impoverished in terms of their sensory surface to provide proper
embodiment, but they insist that it is merely a matter of providing robots
with more sensors in order to achieve genuine intentional states. However,
adding more sensors (e.g. touch, proprioception) and actuators does not buy
anything apart from larger rule-books, vectors to correlate or look-up tables.

The above considerations, important as they are, are clearly insufficient to
fully ground intentional states as, for example, Searle in CRA would painfully
become aware if the CRA experiment was ever actually conducted by cynical
interrogators. The demonstration would be very simple, if cruel, as all that
would be needed is to lock the door of the Chinese room and wait; soon
enough, as the monoglot Searle remains unable to communicate his bodily
needs to the outside world in Chinese, the CRA (or Searle to be precise)
would be no mord3.

This is because the rule-book details purely formal associations between un-
interpreted symbols. No amount of codifying associations and frequencies of
co-occurrences between symbols relating to the external world will help Searle
in the Chinese room communicate his internal states and desires, or to answer
questions that inherently call for reference to the internal state of the ‘system’
(of which Searle is a part). E.g. questions such as :- ‘do you believe this story
to be true?’; ‘do you like this story?’, ‘how does this story make you feel?’, etc.
Any of the associations the rule-book could be permitted to codify (that Searle
could try to use to answer such questions) will, ex hypothesi, relate only to

8 Searle, being unable to communicate his basic bodily requirements for food and
water to his interrogators outside there room, would quickly die.
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external objects and hence will remain mere third person observations; none
can ever detail appropriate first person associationﬁ.

Tronically, the inability of Searle (in the CRA system) to communicate his
own internal states can be contrasted with his perfect ability, ex hypothesi,
to communicate about the internal states of Chinese interlocutors; they are
mere external states to him after all.

The strict sensorimotor account - and hence much of modern cognitive
robotics - for all their claims of radical departures from computational-
ism/GOFAI, seem to invoke a parallel move to the implementation invariance
of the latter approaches; this time a hardware implementation invariance,
which in effect states that details of different embodiments do not matter
as long as they afford the same sensory motor contingencies. The latter,
though are assumed to amount to appropriate causal relationships between
possible manipulations or actions (how the sensation changes in response to
object manipulation) and sensations (how the objects ‘feels’). However, be-
cause body can be memoryless, invoking hardware invariance principle, the
sensory motor laws must amount to appropriate co-occurrences of activations
of appropriate parts of the nervous system.

Although the sensory motor account seems intuitive and appealing in its
emphasis of the fact that we understand by being in the world and acting
upon it, nevertheless its account rests on some special role or properties that
motor actions must have when leading to perception of their outcome. Why
"a pattern in the structure of sensorimotor contingencies’[37] is any different
from patterns in sensory data? After all, both must result in (and only in)
respective concomitant patterns of activity of neurons in appropriate brain
structures.

If, rather than talking about sensory motor coupling we substitute an-
other sense for acting - we also get co-occurrences and it is not easy to
see why this would lead to fundamentally lesser (rather than simply dif-
ferent) understanding than sensory-motor coupling. At the end of the day
whether it is sensory-motor or sensory-sensory coupling, both correspond to
patterns of neural activations co-occurring in a coordinated manner in the
brain and there is nothing in the sensory motor account that explains why
co-occurrences between sensory-motor neural activities should assume such
special role[19

9 Note that the original CRA argument is about Searle answering questions about
a story; the questions we provide above are merely illustrations of the inherent
limitation of CRA system that could be gleaned by more Searle-sympathetic in-
terrogators.

10 Interestingly, that the co-occurrences in the form of correlations (actually
sensory-sensory correlations sic!) are indeed important is illustrated by the rub-
ber hand illusion, in which subjects, when presented with a rubber hand in ap-
propriate position in their field of view and observing how that hand is stroked
simultaneously with their own (hidden) hand, report feel that the rubber hand
is their own[5].
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The other possibility is that either hardware implementation invariance
is violated (the body does count) or there is more to sensory motor laws
than action-sensation associations. Whichever is the case, both alternatives
seem to point to the same conclusion, the extra “ingredients” present must be
related to the biological makeup of the organism. At the most fundamental
level, these will be bio-physico-chemical properties of the body (including the
nervous system) induced by motor actions and sensory activations; metabolic
properties of its constituents at all levels (as we can talk about metabolic
needs of the entire organism, of its components - eg the brain but also about
metabolic properties of individual components - the cells).

Consistently with Varelian forms of eanactivism[I8| [38], true intentionality
can only arise in systems which ground meaning jointly - respecting exter-
nal constraints as well as internal states - a situation which, as the CRA
illustrates, is impossible to achieve by a computational (or in fact any mech-
anistic/formal) system as they have no such physiological states at all.

What is closely related is that even though formal systems (even those
instantiated in a robotic device) may be in principle rich enough to reflect the
complexity of the relational structure of the external world, there is nothing
in their constituent structures that will make them do so; or do anything
at all for that matter. This is because of their very nature - abstraction of
any mechanistic rule or formalism from any system that instantiates it. For
example what the symbolic operations are should be invariant to the means by
which they are accomplished. Thus, there is nothing that inherently compels
an artificial agent to do anything, to perform any form of formal manipulation
that could help it to map out the regularities of the external world. Turing-
machine based robotic systems can at best, using Dennett’s phraseology,
instantiate ‘as-if’ autonomy and teleology; in reality merely reflecting their
designers wishes and goals.

In contrast, real cognitive agents have internal drives at all levels of organ-
isation - survival, metabolic and physical - that make them act in the world,
make them react to the external disturbances (information) and manipulate it
in such a way that they will support immediate and delayed fulfilment of the
drives at all levels. Such manipulation of information is effectively intentional
as it is tantamount to the biological, biochemical and biophysical changes of
real cognitive agents’ biological constituents, which are intrinsically grounded
(they have metabolic, physiologic and ultimately survival values).

The intentionality comes not only from the potential mapping between
the relational structures of the external world and the states of the biologi-
cal constituents; but also appears as a result of external disturbances (which
under such mapping correspond to information manipulation) which are also
intrinsically grounded as they follow real physical laws and do not come about
merely for the symbol manipulation’s sake. Systems which are based only on
formal manipulation of the internal representations are thus neither inten-
tional nor autonomous (as no manipulation is internally driven nor serves an
intrinsically meaningful purpose other than that of system designer’s).
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4 Modern Embodiments

But the story does not end with robotic systems controlled by Turing-
machines alone. In the recent years, huge strides have been made in advancing
hybrid systems. These devices are robotic machines with both an active neu-
robiological and artificial (e.g. electronic, mechanical or robotic) components.
Such devices start to blur the divide between the artificial and the biological.
In particular, systems integrating artifacts with the nervous system may offer
interesting avenues to explore new potential counter arguments to the CRA.

Indeed, there has been a long history of attempts to create interfaces be-
tween artefacts and the motor system, in the form of prostheses[34]. Inter-
faces with the sensory modalities include cochlear implants for improving
hearing[4], as well as retinal implants, which recently have been shown to be
capable, in principle, to enable reading to their users[I7, [57].

Great strides made in implant technology advanced it beyond augment-
ing sensory modalities towards interfacing directly with the brain, with deep
brain stimulation being one of the clinically approved treatments for some
neurological disorders[I6] 25]. Recent animal studies have successfully demon-
strated possibility of creating implant replacing deep brain structure such as
hippocampus for restoring existing memories[3].

In the above case the implant was trained on data recorded from the hip-
pocampus of an animal previously trained on a spatial memory task. When
subsequently the hippocampus was inactivated, the animal showed impair-
ments on the same task, whereas the behavioural measures of task perfor-
mance were restored, once the hippocampal input/output function has been
replaced by the implant.

Other studies have demonstrated that implant devices could be used to lay
down new associations, as was the case for classical conditioning of rats with
synthetic cerebellum implants[31]. Rats with inactivated cerebella shown no
ability to learn new classical conditioning responses, whereas in animals in
which the input output functions of cerebella have been replaced by implants
created to mimic them, the rats recovered ability to learn new classically
conditioned responses.

Brain Machine Interfaces (BMIs) open new communication channels by
allowing direct interface between the brain structures (typically cortex) and
external devices, and may afford a seamless interface with prostheses[24] 27
133,136, 54]. Brain Computer Interfaces (BCIs) strive to achieve similar aims by
less invasive means (typically using noninvasive EEG signals), thus extending
the range of potential applications beyond the clinical realm|[7, [12 [26].

Finally, animats - robotic embodiments of neural cultures grown in vitro -
allow for investigation of the biological neuronal networks underlying sensory
processing, motor control, and sensory motor loops[I4} 28, [39, (5].

Given such considerable advances, it then becomes a very pertinent ques-
tion to enquire whether some form of bio-machine hybrids could achieve what
does not seem to be in the grasp of the conventional cognitive robotics. That
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is, whether a suitable combination of a computationally driven robotic de-
vice with a biological body can achieve a true understanding denied to its
electromechanical, Turing-machine driven, cousins by the CRA.

In order to entertain such a possibility it is important though to delineate
which of the types of systems outlined above might be good candidates for
such consideration. It seems clear that such systems divide along the fault-
line defined by “who is in charge” - they can be either ‘sentient being’ - driven
(these include prostheses, implants, BMI, BCI), or driven by ‘formal systems’.
Extant animats fall into the latter category.

Of the hybrid advancements, the ones where the overall control of the
system rests with the sentient agent are not really addressing the problem
at hand. This is because any form of understanding claimed by the hybrid
system would quite clearly be enabled via bootstrapping the sentient being’s
‘understanding’. Conversely the problem we wish to consider is whether a
formal system with a form of biological embodiment that is not afforded by
standard and recent cognitive robotics systems circumvents the CRA objec-
tions. It thus follows that out of the advancements overviewed above the
animats provide a platform that is a serious contender for such a position.

4.1 Animats

Recently, one of the co-authors, with a team from University of Reading,
developed an autonomous robot (aka ‘animat’) controlled by cultures of living
neural cells, which in turn are directly coupled to the robot’s actuators and
sensory inputs[56]. Such devices come a step closer to the physical realisation
of the well known ’brain in a vat’ thought experiment!1].

The ‘brain’ of the system consisted of a cultured network of thousands of
neurons. The cultures are created by first removing any existing structure
from cortical tissue of foetal rats and then seeding the resulting suspension
containing neuron bodies on a plate and providing suitable nutrients. The
plate has an array of 8x8 electrodes embedded at the base (a multi-electrode
array (MEA)), which provide a bi-directional electrical interface to the cul-
tures via appropriate hardware.

Within a short time after seeding, the neurons spontaneously begin to form
new connections between each other and henceforth start engaging in com-
munication. Given the right culture medium containing nutrients, growth
hormones, and antibiotics, a culture tends to develop within a day into a
monolayer with a dense network of connections, and within a week it starts
to produce spontaneous activity in the form of single action potentials. The
activity intensifies over the subsequent weeks developing into bursts of activ-
ity across the entire culture, which continue until culture maturation (ca 1
month since seeding).

1 For movie of an animat see www . youtube.com/watch?v=1-0eZytv6Qk
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Thus, MEAs allow for monitoring of an electrical activity of entire cultures
as well as for their electrical stimulation via electrodes. This ability of bi-
directional communication enabled creation of closed-loop systems between
physical, and simulated, mobile robotic platforms and cultured networks. At
Reading we used an off the shelf robotic platform (Miabot; Merlin Robotics,
UK), because of its simplicity, accuracy of motor command encoding and
speeds suitable for movement in an enclosed, custom built robot pen.

The created system was modular and consisted of several hardware and
software modules including a robot (hardware or simulation), an MEA and
its recording and stimulation hardware and software, a computer worksta-
tion for conducting on the fly machine learning analysis of recorded culture
activity and extracting pertinent features of neural activity, another worksta-
tion for controlling the robot and delivering commands to robot actuators.
The resulting signals from the robot ultrasonic sensors were translated into
stimulation signals received by the culture and all the different modules were
linked into an overall closed-loop system via a TCP/IP protocol.

Cultures used in our studies consisted of tens of thousands of neurons and
showed complex, seemingly random pattern of connectivity and resulting ac-
tivity. However, further study of the activity of our cultures has demonstrated
functional basic excitatory (glutamate) and inhibitory (GABA) synapses,
whose effect on the culture activity was consistent with that observed in vivo.
Moreover, we also observed the presence of functional cholinergic synapses,
both nicotinic and muscarinic, as well as presence of cholinergic neurons[21].
Both effects and developmental changes of such cholinergic system have been
consistent with those reported in in vivo studies.

In an intact brain cholinergic input from subcortical structures innervates
diffusively cerebral mantle. Combined with the very specific positioning of
cholinergic synapses in local cortical circuitry, this results in coordinated
changes in the mode of activity of the cortex in response to changes in the
concentration of acetylcholine. This is one of the reasons why the choliner-
gic system has been implicated by many neuroscientists in such important
cognitive functions as working memory, learning and attention[8, 22, 23].
The presence of functional cholinergic system in our cultures suggests that,
in principle, they posses the biophysical capacity to support such cognitive
functions in suitably embedded cultures.

This is further corroborated by studies of the functional organisation of
cultures from our laboratory, as well as those obtained at Steve Potter’s lab at
Georgia Tech. These results show the development of functional connectivity
from initially random to one exhibiting hallmarks of ‘small world’ networks,
similarly to the functional connectivity observed in cortical networks|[I5, [48].
As functional connectivity is believed to reflect the organisation of a complex
system, such as the brain, in ways mirroring its computational properties[49],
such similarity indicates that functionally the cultures have the potential to
support a range of information processing tasks performed by the cortex in
vivo. Similarly, the presence of metastable states, which we have identified
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in such cultures, have been widely suggested, on the basis of numerous an-
imal experiments, to support cognitive processing ranging from perceptual
differentiation, through working memory[58].

Although, consistently with other groups doing research on animats, our
platform - analogous to a simple Braitenberg vehicle - has shown relatively
simple behaviours in the form of obstacle avoidance[56], nevertheless, in terms
of complexity, including the number of neurons, their functional connectivity,
their computational and biophysical properties etc., showed the capacity for
supporting information processing functions observed in intact brains.

Moreover, cultured networks analogous to ours have been shown to re-
spond to open loop conditioning, suggesting that the biological mechanisms
present in them can also support plasticity and learning[28, [47]. One of the
most interesting of such experiments was performed by Steve Potter’s group,
which performed a closed loop conditioning of an animat, in which the choice
of stimulation patterns was a function of animat behaviour gradually leading
to the animat settling on a desired behaviour, (following prespecified direc-
tion in this case[l]). This demonstrates that, in principle, such closed loop
conditioning can be used to achieve any form of association and henceforth
can be incorporated in training an animat to perform much more complex
tasks.

Given the above results obtained in ours and other labs, it is not so ob-
vious that the potential of animat’ devices (for example, to behave with all
the flexibility and insight of intelligent natural systems) is as constrained by
the standard a priori arguments purporting to limit the power of (the merely
Turing machine controlled) robots highlighted earlier. Surely, animats go way
beyond conventional robots controlled by computers (i.e. virtually all cogni-
tive robotic systems of today) if not yet in computational or behavioural
sophistication, then certainly in their hybrid mechano-biological makeup and
non-computational capacity.

Because the tasks the animats perform are actually achieved by embodied
"biological nervous system’, they appear to be the best candidates to assuage
the concerns of those who, in words of Andy Clark, “.. fear that the embodied
mind is just the disembodied mind with wheels on”[9]. It seems feasible that
as the animat system grows in complexity and their performance becomes
more autonomous and sophisticated, the powers of the embodied neural sys-
tems will eventually allow them to achieve some form of intentional behaviour,
acquiring them status of sentient beings along the way. In particular, forms
of closed loop conditioning, such as demonstrated in[I], could be used to
train the animat such that the culture would produce patterns of activity
that would amount to appropriate manipulation of Chinese symbols, if such
were presented to the appropriate sensors. The resultant neural activity could
easily be mapped back onto appropriate animat responses, as if the system
could answer questions in Chinese with understanding.
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5 Zombie Rodent - An Ultimate Embodiment

In spite of the animat’s obvious advance on completely lifeless robotic sys-
tems, the first objection to a specter of a sentient animat could be levelled
using recent arguments from the enactivist camp. In a paper from 2011, Cos-
melli and Thompson have discussed at great lengths the limitations of "brain
in a vat’ setting[11],

Suppose that a team of neurosurgeons and bioengineers were able to remove
your brain from your body, suspend it in a life-sustaining vat of liquid nutri-
ents, and connect its neurons and nerve terminals by wires to a supercomputer
that would stimulate it with electrical impulses exactly like those it normally
receives when embodied.

Although their imagined setup differed from an animat in that the brain in
their gedankenexperiment has been embodied virtually in a simulation by
a supercomputer providing appropriate inputs, nevertheless in congruence
with the thought experiment an animat also enjoys the presence of biolog-
ical nervous system and a compatible ‘envatment’ Nevertheless we believe
that even such systems cannot really possess intentionality for two primary
reasons. First, the objections raised by Cosmelli and Thompson with respect
to their thought experiment envatment apply equally to the robotic embod-
iment present in animat. This is because an animat, with all the standard
robotic embodiment augmented by the MEA experimental hardware geared
towards providing cultures with environment appropriate for their long term
survival and function, amounts more to Cosmelli’s and Thompson envatment
than true embodiment. For the envatment to count as a true embodiment it,
in their own words,

.. would need to be a surrogate body subject to control by the brain. By ’body’
we mean a self-regulating system comprising its own internal, homeodynamic
processes and capable of of sensorimotor coupling with the outside world.

We agree with Cosmelli and Thompson that, in spite of the superiority of the
physical embodiment over simulation, which parallels the difference between
simulated and physical robots emphatically stressed by all self-respecting
roboticists, even animat embodiment is too impoverished to provide anything
more than some form of sensory motor coupling which, as we tried to argue
consistently with Cosmelli and Thompson, seems necessary but not sufficient
to account for intentional states.

Second, we will argue in the reminder of this section that the lack of a
proper embodiment is only a part of the problem; the other equally impor-
tant deficiency of animats is the mechanistic implementation of their condi-
tioning; as long as the processing is following externally imposed constraints,
which are arbitrary from the perspective of 'the brains’ biology, there is little
chance of the system developing true intentionality. This line of argument
will ultimately extend the power of the Chinese Room argument towards
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properly embodied systems, which nevertheless base their functioning on for-
mal mechanistic and externally driven operations.

The implant technology has advanced beyond creating artificial augmen-
tation of sensory or even cognitive systems. The scientists have tapped into
the biological structures in order to induce in the intact living animals spe-
cific desired behaviours. These developments offer the possibility of using
the operant conditioning and inducing the behaviours in a way analogous to
robotic systems, in animals with an otherwise fully intact body. From the
perspective of our discussion, this offers a possibility of creating an ultimate
embodiment - a system with fully functional biological body, equipped with
functional brain and the normal sensory motor coupling, which nevertheless
could be driven [via suitable conditioning] to perform specified associations
(e.g. Turing style symbol manipulations).

For example, John Chapin and his group inserted an electrode in the
medial forebrain bundle (MBF) in a rat’s brain[51]. The MBF is believed
to be involved in a biological reward system and in generation of plea-
surable feelings, which is corroborated by behavioural animal intracranial
self-stimulation (ICSS) studies, as well as human subjects reports. Other
electrodes were inserted in cortical areas processing information arriving from
animal’s whiskers. This setup enabled Chapin’s group to use operant condi-
tioning in order to train the rat to respond with appropriate turns to stimu-
lation of corresponding whisker areas.

Several days of training taught the animal to start turning according to
remote signals without the MFB stimulation, as a remotely controlled robot
would. The animals could be steered to navigate through different environ-
mentd'4 or perform even more complex tasks, such as climbing, although they
would not perform tasks which they perceived as ‘dangerous’.

The fundamental condition for the success of such training is that for it to
work, the experimenter must treat the animal as a sentient being - he must
employ the natural desires and goal seeking of an autonomous biological agent
and must do so by tapping into the biological machinery responsible for such
behaviours. Another, equally important, condition for the success is that in
order for the animal to want to follow the training (for the conditioning to
take place), it must be able to discriminate consciously the options so that
it can form the associations between the target options and reward.

These conditions may seem limiting from the perspective of our discussion
on, both, fundamental and pragmatic grounds. First and foremost, employing
an existing sentient being’s teleological behaviour and conscious discrimina-
tion creates the dangerous possibility that the animal could learn to map the
imposed associations on its own intentional interpretations and hence could
bootstrap its own (rat-level) intentionality onto the formal Turing style sym-
bol manipulation artificially imposed on it. Secondly and more pragmatically,
electrodes do not provide sufficient discrimination in delivering stimuli to the

12 See movie of a guided robot at www.youtube.com/watch?v=D5u2IWFNFDE


www.youtube.com/watch?v=D5u2IWFNFDE

100 S.J. Nasuto and J. Mark Bishop

appropriate targets, hence the possibility of generating complex conditioning
responses and rich patterns of co-activations that may be necessary for even
the most rudimentary forms of cognition might not be possible using such
technologies.

However, in recent years, an exciting technique called optogenetics has
come to the fore. Optogenetics can provide a sublimely refined levels of con-
trol of brain microcircuitry and can henceforth address, at least in principle,
both caveats. Optogenetics is in a broad sense a combination of optics, ge-
netics and molecular neuroscience[I3]. It uses viral vectors in order to target
specific neuron types and make them express light-sensitive proteins identi-
fied in algae or bacteria. As these 'opsins’ act as ion pumps or channels when
activated by light of specific wavelengths, neurons that express them can be
specifically and temporally precisely activated or inhibited by laser.

Using optogenetic technology it is possible to make different cell types ex-
press different opsins and hence to induce a very precise spatial and temporal
patterns of activations and inhibition in the treated tissue. Optogenetics of-
fers the level of spatiotemporal control of manipulation of neural networks
activity both in vitro and in vivo not afforded by traditional chemical or even
electric stimulation, thus it presents the possibility to probe, and also to con-
trol very precisely, individual targets in order to investigate and manipulate
their function.

Such technology was used in a recent study that demonstrated possibility
to perform operant conditioning on a mouse. When the animal, expressing ac-
tivating opsin in parts of the brain involved in reward system (amygdala and
the nucleus accumbens), performed a target ecologically neutral response,
the researchers shone light into its brain, activating neurons, axons of which
formed the path between the two brain regions, [50]. In those animals in which
they transfected the same pathway with opsins that would block the activ-
ity in response to light, scientists were also able to use light to stop mice
exhibiting a previously conditioned response to a relevant cue.

Although their scientific objectives and experimental technologies were
quite different, the experiments performed in[50} [5I] both obtained desired
responses tapping into a creatures volitional systems, effectively manufactur-
ing wilful behaviours consistent with those required by the experimenters.
Thus, although both - from our perspective - are subject to the first limiting
condition mentioned above, however the experiments performed by Stuber
and his colleagues demonstrate the potential level of specificity and tempo-
ral precision of stimulations that may be necessary to induce very specific
patterns of responses, thus addressing the second, pragmatic limitation high-
lighted above.

Essentially the same optogenetic techniques were used by Deiserroth
group[20], which led to driving a rodent’s response in a way not dependent
on its willful behaviours or conditioning. The freely moving mouse exploring
its surroundings started to move in a very unnatural way, turning consis-
tently left-wise upon commencement of optical stimulation of the right motor



Of (Zombie) Mice and Animats 101

cortex. The behaviour returned to normal willful exploratory behaviour as
soon as the stimulation was turned offl3.

5.1 From Intuition Pump to Physical Realisation of
Thought Experiment

Experiments such as the ones reported above, although conducted with
completely different and legitimate research questions in mind, open up a
possibility of creating a zombie mouse, in which its behaviour is based on
mechanistically developed patterns of activations of brain structures and not
related to animal wilful behaviour or conscious perception, as attested by the
stark contrast between the artificial behaviour of the animal while under the
stimulation and when it is freely behaving (the stimulation is off).

In principle, such optogenetic techniques can be used to deliver very pre-
cise control of neural structures in real time with millisecond precision and
in closed loop fashion, where optical control is a function of observed neural
activity and the resultant behaviours; for example, in conditioning experi-
ments such as those performed by Potter’s group on neural cultures[I]. They
could be used to achieve desired behaviours in animats or indeed in animals,
where the associated patterns of activity need not rely on animal wilful be-
haviour, thus addressing the first, fundamental limitation mentioned above.
Thus, such an animal’s brain could be conditioned, upon pattern of activa-
tion corresponding to Chinese characters input, to go through a sequence of
neural activation patterns resulting in the little murine squeaking a perfectly
appropriate response in Chinese (well, not really, but it could produce instead
a sequence of lever presses corresponding to such a response.

However, upon inspection of the behaviours of the Deiserroth mouse from
the experiments reported in[20], it seems obvious that they are alien to the
animal. There is nothing in the animal’s intrinsic makeup that would cause it
to behave in this way out of its own accord, and it is extremely unlikely that it
would ever acquire any intentionality of such externally imposed behaviours.

This is in spite of the fact that the creature would be equipped, by nature,
with perfect embodiment and, by experimenter, with artificial sensory-motor
couplings resulting in it experiencing the world consistent with induced ac-
tions. However, these induced couplings would not be the effect of the intrinsic
animal needs (metabolic or otherwise) at any level; to the contrary, they are
the cause of metabolic demands. As the animal would be driven, this would
cause sequences of sensory-motor couplings, hence it would be the experi-
menter that would drive these metabolic demands in an arbitrary way (from
the perspective of metabolic needs of animal or its cellular constituents) thus

13 See movies of experimental animal at www . youtube . com/watch?v=88TVQZUfYGw

14 Selmer Bringsjord proposed a thought experiment surgery on Searle in[6] that
was similar in spirit to our zombie mouse; we believe though that at the end of
both experiments our zombie mouse would be better off than Searle.
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the casual relationship between the bodily milieu and the motor actions and
sensory readings would be disrupted. However, it is the right type of such
couplings and their directionality that ultimately leads to intentionality ac-
cording the enactive approach.

Hence we do not expect that such a ‘zombie mouse’ would acquire any form
of understanding of the presented Chinese story. A fortiori, if such formal rule-
book following does not lead a sentient being to acquire an understanding,
we do not expect that the analogously trained animat with its impoverished
envatment for a body, will be any luckier in this respect.

6 Conclusions

This paper argued that neither zombie mice nor animats will escape Searle’s
CRA, which we suggest continues to have force against claims of their symbol-
grounding, understanding and intentionality.

Similar objections towards embodied AT have been put forward in[I8 [19],
however, their discussion is limited to traditional robotic systems. Our paper
extends this line of argument towards hybrid systems, or even systems with
fully functional body, which are driven by formal computational rules.

A zombie mouse was used as a vehicle for demonstrating that it is not a
‘trivial’ matter of providing an appropriate embodiment for effectively Tur-
ing Machine style operations that could account for emergence of meaning,
grounding and teleology. Furthermore, we believe our zombie mouse argu-
ment also demonstrates that if the mechanistic account is not consistent
with the low level embodiment (as was the case for zombie mouse - the infor-
mation processing imposed on it is external and arbitrary with respect to the
properties of the ‘machinery’ [the brain and the organism] in which it is im-
plemented), then the result is exactly that - a zombie - with no understanding
or ownership of the actions imposed on it.

We suggest that what body provides goes over and above what
robotic/artificial embodiments can offer: in the right conditions both the
natural body and artificial embodiments are a source of correlations of ac-
tivations of different brain areas caused by different dimensions of real ob-
jects/world. As we tried to articulate in this paper, such correlations are
important, they may be even necessary, but they do not seem to be sufficient
for meaning to arise and this seems to hold true as much for fully artificial
system as for those that blend the artificial and biological components.

Finally, we do not wish to appear as providing a wholesale criticism of cog-
nitive robotics. Indeed, we believe that this area offers very fertile grounds for
creating experimental platforms for testing information processing aspects of
embodied cognitive processing[32]. However, we do remain sceptical whether
such systems or their hybrid mechano-biological extensions of late, driven by
mechanical formal computational rules are able to answer the most funda-
mental questions about the nature of intelligence and cognition. In order to
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achieve such a breakthrough the embodied systems yet to be developed will
have to seriously take the body into account.
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Generative Artificial Intelligence

Tijn van der Zant, Matthijs Kouw, and Lambert Schomaker

Abstract. The closed systems of contemporary Artificial Intelligence do not seem
to lead to intelligent machines in the near future. What is needed are open-ended
systems with non-linear properties in order to create interesting properties for the
scaffolding of an artificial mind. Using post-structuralistic theories of possibility
spaces combined with neo-cybernetic mechanisms such as feedback allows to ac-
tively manipulate the phase space of possibilities. This is the field of Generative Ar-
tificial Intelligence and it is implementing mechanisms and setting up experiments
with the goal of the creation of open-ended systems. It sidesteps the traditional ar-
gumentation of top-down versus bottom-up by using both mechanisms. Bottom-up
procedures are used to generate possibility spaces and top-down methods sort out
the structures that are functioning the worst. Top-down mechanisms can be the en-
vironment, but also humans who steer the development processes.

1 Introduction

The field of Artificial Intelligence has not yet seen an unifying theory that captures
the fundamentals for the creation of intelligent machines. Since its conception at
the Dartmouth conference in 1956 at least three paradigms have permeated its ex-
istence. The top-down paradigm was supposed to be for the creation of models of
the mind and eventually led to different types of logic and reasoning and later also
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sub-symbolic processing. The second paradigm focussed on the creation of intelli-
gent machines (robots). Many scientist used introspection of their own mind as a
tools for the creation of these machines which was challenged in 1969 [28] using
theories of biosemiotics, which is the interpretation of (sensory) signals in biolog-
ical systems. This led to the bottom-up, behavior-based robotics [6]. The third, but
mostly forgotten, paradigm is the field of cybernetics, , which was already being in-
vestigated when the Dartmouth conference was being held. Before the conference,
in 1950, an article in the Scientific American showed two robots which consisted
out of a few vacuum tubes, control loops and feedback mechanisms [16]]. The field
of cybernetics could be defined as: The theoretical study of communication and
control processes in biological, mechanical, and electronic systems, especially the
comparison of these processes in biological and artificial systems.’ The division in
the field of Artificial Intelligence cannot be accepted as the answer to the question of
how to build intelligent machines. An integrated perspective is necessary. The field
of neo-cybernetics tries to bridge the gaps in Al with an extra addition: The property
of emergence. It is unknown whether neo-cybernetics is also sufficient. What is it to
study Aurtificial Intelligence if there is not even a common denominator within the
field? The entry chosen in this article toward the creation of intelligent machines
is a post-structuralist approach based on the dynamical aspects of non-linear sys-
tems. It seems that neo-cybernetics and post-structuralism meet each other in non-
linear dynamical systems theory and can assist each other. Cybernetics requires the
deeper underpinnings of post-structuralism, and post-structuralism can proof itself
using intelligent machines based on neo-cybernetic mechanisms. This symbiosis is
dubbed: Generative Artificial Intelligence [31]]. In Generative AT (GAI) the possibil-
ity spaces of post-structuralism are actively being manipulated using neo-cybernetic
mechanisms in order to scaffold the minds of intelligent machines.

2 Virtual-Actual

In Deleuzes actual-virtual distinction, the virtual is not so much a possible but rather
fully real, waiting to be actualized. The actual is not the point of departure of change
and difference, but that which has been effected from potentiality, or, the virtual [12]].
This notion of the virtual allows Deleuze to describe the modal relation of potential-
ity against the actuality of complex systems. Thus, the virtual allows Deleuze to talk
about phase spaces of systems and the patterns and thresholds that characterize their
behavior. To do so, Deleuze refers to multiplicities, a term he uses to treat the mul-
tiple in itself as a substantive, rather than an attribute of substance. The realm of the
virtual, also described as the plane of consistency is populated by multiplicities,
which provide the virtual pattern or structure of morphogenetic processes that ac-
tualize bodies, assemblages, and strata. DeLanda [11]] uses Deleuzes actual-virtual
distinction to propose a new agenda for science and philosophy. DeLLanda wishes to
provide scientific explanations of emergence: processes where novel properties and
capacities emerge from a causal interaction [11]]. Whereas science was previously

! From: http://www.answers.com/topic/cybernetics
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preoccupied with simple laws acting as self-evident truths (axioms) from which
all causal effects could be deduced as theorems Today a scientific explanation is
identified not with some logical operation, but with the more creative endeavor of
elucidating the mechanisms that produce a given effect. To describe emergence,
DeLanda deploys a conceptual apparatus that that consists of emergent properties,
capacities, and tendencies. The sharpness of a knife is an example of an emergent
property. The shape of the cross-section of the knife makes up its sharpness, which
requires the knifes metallic atoms to be arranged in such a manner that they form
a triangular shape. Sharpness features emergence since individual metallic atoms
cannot produce the required triangular shape. What is more, sharpness provides the
knife with the capacity to cut things. However, this capacity remains potential with-
out a relational event, in this case an encounter with something that has the capacity
to be cut by the knife. Similarly, the metallic atoms of the knife must have the ca-
pacity to be arranged in such a manner that sharpness emerges. Finally, the knifes
blade may have the tendency to liquefy if certain conditions change, for instance
in case its environment exceeds a particular temperature. Like capacities, tenden-
cies are closely related to relational events (e.g. rising temperatures), but also to
emergent properties since the metallic atoms of the knife need to interact in such a
manner that the blade melts, something individual atoms cannot do. Whereas ten-
dencies can be enumerated (e.g. the states in which a particular material can be,
such as solid, liquid, or gaseous), capacities are not necessarily finite due to their
dependence on being affected and / or affecting innumerable other entities. In such
events, DeLanda argues in Deleuzian fashion, capacities and tendencies become ac-
tual, but neither tendencies nor capacities must be actual in order to be real. [11]]
Here DelLLanda draws upon Deleuzes actual-virtual distinction, which allows him to
ascribe reality to the virtual rather than brushing it off as a mere possible that lacks
reality.

2.1 Flat Ontologies and the Machinic Phylum

A wide variety of systems can be described in terms of virtual potentialities and ac-
tualizations thereof. DeLanda [[11] describes a wide variety of systems ranging from
meteorological phenomena and insect intelligence to early human civilizations and
stone age economics in terms of their emergent properties, capacities, and tenden-
cies, which constitute a structure of the space of possibilities that can be ex-
plored by means of computer simulations. Explanations of these different systems
may builds upon explanations of lower hierarchies in a process called bootstrap-
ping: a realist ontology may be lifted by its own bootstraps by assuming a minimum
of objective knowledge to get the process going and then accounting for the rest.
[10] The structures of spaces of possibilities have an objective existence that
can be investigated mathematically by the imposition of an arrangement through
formalization or parametrizing. [11] Computer simulations enable exploration by
allowing experimenters to stage interactions between different entities and investi-
gate the emergent wholes that are the result of these interactions, thereby gaining an
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understanding of mechanisms of emergence. Philosophy can fulfil the role of syn-
thesizing simulation-enabled insights into an emergent materialist world view that
finally does justice to the creative powers of matter and energy. In the afore-
mentioned process of bootstrapping, DeLanda wishes to avoid the postulation of
general entities (ideal types, eternal laws), since for a realist whose goal is to create
a mind-independent ontology, the starting point must be those areas of the world
that may be thought of as having existed prior to the emergence of humanity on
this planet. (DeLanda 2009, 28) Here DeLanda aligns himself with contemporary
critiques of correlationism the idea according to which we only ever have access
to the correlation between thinking and being, and never to either term considered
apart from the other. By focusing on mechanisms of emergence, science now
has the ability to describe [w]holes the identity of which is determined historically
by the processes that initiated and sustain the interactions between their parts. [11]]
Concepts that do not elucidate sequences of events that produce emergent effects are
considered irrelevant for scientific analyses. Philosophy emerges renewed, banished
of reified generalities like Life, Mind, and Deity. (Ibid.) This desire to rid scientific
explanations of reified generalities relates closely to the refutation of typological
thinking advanced by Deleuze and Guattari [13]. Typological thinking implies that
individuals are defined in terms of the species they belong to. Deleuze and Guattari
argue that the members of species are not so much defined by essential traits, but
by similarities in morphogenetic processes. The individual is the condition for the
emergence of species, rather than vice versa. One cannot identify a species without
referring to the individuals that constitute it, and the changes these individuals go
through cannot be explained through the limitations put on them by the species they
are said to belong to. Such imposed limits are merely restrictions of what the pro-
cesses of becoming that characterize individuals, which forces them into neatly fit-
ted categories. Deleuze and Guattari describe interacting parts (machinic elements,
and emergent wholes (nomadic spaces drawn up by interacting machinic elements).
These wholes may deliver assemblages that exist in a different spatio-temporal time
scale when compared to their constituent parts (i.e. organisms, families, govern-
ments, nations, etc.), but they do not have a different ontological status compared to
their elements [9] Similarly, researchers working in the field of complexity science
explain how systems attain higher levels of complexity without relying on external
organizing agents.DeLanda defines ontologies committed to the quirks and whims
of individuals and their processes of becoming as flat ontologies, which can be re-
lated to Deleuze and Guattaris machinic philosophy. Such flat ontologies cannot be
overcoded in dimensions supplementary to their own. Deleuze and Guattari
speak of a machinic phylum as a set of self-ordering material processes inherent in
material, which enables emergent effects. There are in fact several phyla that tap into
the self-ordering forces of material. These phyla are effectuated by assemblages,
which are actualizations of the virtual (Ibid.). Machinic phyla may be explored by
what Deleuze and Guattari identify as artisans, who follow the traits of materials
and thereby actualize new assemblages [13]]. Artisanal production relies on natural
processes and the activities of the aforementioned artisans, which makes the ma-
chinic phylym as much artificial as natural: it is like the unity of human beings and
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Nature. The process of stratification by which assemblages are actualized from
the machinic phylum can be found in areas as different as geology, biology, metal-
lurgy, and social strata. Thus, the flat ontologies and machinic phylum of Deleuze
and Guattari enable the study of processes of actualization in a variety of domains.

2.2 Minor Science and Royal Science

For DeLanda, science need not neutralize the intensive or differentiating properties
of the virtual, much like his mentors Deleuze and Guattari argued. In this sense,
he has much to offer constructivist debates since his work attempts to provide both
an ontological and epistemological alternative to philosophies of science based on
axiomatic systems, deductive logic, and essentialist typologies, one that is grounded
in creative experiment rather than theory, in the multiplication of models rather than
the formulation of universal laws. [3]] However, unlike his mentors, DeLanda grants
a particularly authoritative role to science in enabling a rigorous ontology of the
virtual. A sense of ontological completion takes root in DelL.andas work over the
course of his various publications: from a more speculative alternative history pro-
duced by a robot historian [§]], via the erudite exploration of the ability of science to
engage intensities [9], to his latest book that exerts a confidence in the exploratory
potential of computer simulations [11]]. However, the rigorous approaches to the
virtual enabled by the flat ontologies and machinic phylum of Deleuze and Guattari
should not be approached in teleological terms, or a way to provide more robust
criteria to evaluate scientific progress. Deleuze and Guattari emphasize the impor-
tance of what they call minor science [13]], which is the kind of science deployed
in artisanal production, as outlined above. Minor science works by pushing systems
to their intensive states in order to follow traits (indications of *forces’, that is, sin-
gularities or self-ordering capacities) in material to reveal their virtual structures or
multiplicities. [4] The difference between minor science and Royal science,

Refers only to a differential in the rhythm and scope of the actual-virtual system From
our own historically specific point of view, some terms and concepts will necessarily
appear more adequate to the task than others. Science does not describe an objective
state of affairs so much as inscribe a more or less mobile point of view within things
themselves, causing a plurality of worlds to emerge from the virtual state of flux. [13]]

Science produces more and less robust explanations, whose objectivity concerns a
coalescence of relations at a particular point in time. However, the virtual always
exceeds the scientific gaze and will continue to haunt the scientific observer: sci-
ence thus makes a leap into ontology simply by bringing its own laws and prin-
ciples into contact with the problem the chaos that haunts it thereby facilitating
and allowing itself to be swept away by the movement of becoming. What is
more, scientific explanations intervene in the movement of becoming of the virtual
on the basis of the socio-technical conditions of the scientific enterprise. A more
thorough emphasis on data-driven methods will need to continuously tap into the
force of the virtual as described by Deleuze and Guattari. In the phase-space of vir-
tual exist abstract machines that are so powerful that they form the base of many
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of the living structures we see around on. This article tries to describe (a part of)
perhaps the most important one, the one that creates thinking matter. The basics
of this abstract machine consist of the following: There are self-maintaining genera-
tive mechanisms that create structures, these structures interact with an environment
that selects on this process. Usually there are many (as in millions or billions) of the
generative mechanisms with variations between them. Sometime these mechanisms
form meshworks of interacting components, and some of these meshworks become
generators themselves where (other) with other selection mechanisms, ad infinitum.
This describes many processes in living organisms. Some examples are the follow-
ing. Often animals and plants spawn a wealth of offspring (tens of thousands or even
millions), the environment deletes the worst ones and the unlucky ones and the few
that remain can become the next that generate offspring. Some plants/animals form
interacting meshworks which can be in many forms such as feeding on each other,
symbiotic relations, collaborations, sacrifice for the genes, ... Another example is
the neurogenesis of the hominid brain. Around birth half of the neurons destruct
themselves. First many neurons are created, and then the worst ones are selected
against. During the first three years of the human infant many neurons have an axon
battle, where the amount of axons is reduced from approximately 6 to exactly 1.
Again, this is a generative mechanism (create many axons) followed by a selection
mechanism (destroy the ones with the least amount of working connections). The
same happens around puberty with the synaptogenesis of the dendrites, where many
connections are formed in the beginning, only to be followed by almost a decade
of the pruning of the synapses. In neurology these processes are called progressive
and regressive processes [14]. It is the fundamental nature of these two processes,
not their implementation, that Generative Al is discussing. Actual implementations
will most likely not resemble the biological mechanisms created by the known pro-
cess of biological evolution. It is the way in which the abstract machines operate
and are implemented that bootstraps the emergence of an intelligent sub system and
determines how well it operates in its environment. There is ample proof that this
abstract and generative machine, if reasonably well implemented, can lead to rather
flexible implementations that can operate in many different environment and handle
themselves in many different situations, as exemplified by the emergence of humans
during the course of biological evolution.

3 Closed and Open Systems in Artificial Intelligence

Systems in the field of Artificial Intelligence tend to be closed. As far as the authors
know, all systems in Al are closed systems. These closed systems do not allow
new properties to emerge. If there is flexibility at all, it only leads to a solution
that the creator wanted the machine to find. This implies that for every problem a
human has to create a new solution. This way of working will probably not lead
to intelligent machines on a human-level time scale since for every little problem
someone has to create a solution in the form of software. Only open-ended systems
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systems display interesting properties such as self-organizing and emergence
[170, [32], which are required for the scaffolding of the mind [[7]. Clark states:

...the old puzzle, the mind-body problem, really involves a hidden third party. It is
the mind-body scaffolding problem. It is the problem of understanding how human
thought and reason is born out of looping interactions between material brain, material
bodies, and complex cultural and technological environments.

This scaffolding of the mind is what we need for the creation of intelligent ma-
chines. Without automated procedures and mechanisms that can grow, diversify and
transform, humans will still be required for the creation of Al. Generative Artificial
Intelligence defines itself as the field of science which studies the (fully) automated
construction of intelligence. This is in contrast to contemporary Al, which studies
the understanding and construction of intelligence by humans. The hidden variable
is often that is requires many man-hours of work to create even the simplest solu-
tions. What is needed for the creation of intelligent machines are automated genera-
tive methods that can be steered by humans, instead of every detail being created by
humans. It is not clear what these procedures will be exactly, but the first glimpses
has been seen in research that turn the usual methodology up-side-down. Al sys-
tems usually try to limit the search space of possible solutions. By doing so they
also limit the possibilities of anything new arising. The closed systems from Al suf-
fer from the problem that they all follow the same methodology, namely: Input —
Process — Output (IPO). After the output the system halts, or waits for a new in-
put. Such an IPO system will not get the needed diversity of inputs needed to find
singularities in the phase space of solutions. For example, if a system is only using
visual input and no tactile information, then these inputs will not increase the possi-
bility of a learning algorithm to find the connection between hitting an object with
a manipulator and seeing the object move. If on the other hand tactile information
is added, then this extra amount of information flow through the system will create
an extra singularity where all this information is combined. So instead of lowering
the chance that a machine learning algorithm can find the connection because of
the increase of information in the input space as is usually thought, it actually in-
creases the probability of finding a solution due to an extra singularity that solves the
problem. In Generative Al is it important to create generative methods that create
possible solutions to problems that the machine encounters while interacting with
its environment. Figure [l give a graphical representation of the movements through
a phase space. These generative methods can be implemented using software, as
will be explained in the next section, but can also be due to the configuration of
the machine itself, as in the previous example. The machine has sorting methods
to filter out the worst solutions, and generates new solutions continuously using the
best ones it has so far. The sorting machines can be manually created by humans, as
in the case of Genetic Programming [18]], but this would not lead to an open-ended
method. Only if the machine has the opportunity to also create sorting mechanisms,
partially due to pre-programmed predispositions and partially steered by its inter-
action with the environment (nature vs. nurture), it will be capable of displaying
interesting emergent properties.
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Fig. 1 Classical Al and Generative Al: In Classical Al (left figure) there is often an optimiza-
tion toward some end-state and (preferably) the outcome is predictable. In both the training
and the execution phase this system can be classified as: Input — Process — Output. The
’Process’ part is an implemented model (hand-crafted or learned). The left figure is in a sta-
ble equilibrium. In Generative Al (right figure), the path followed through the phase space
depends on the internal dynamics of the system and the interactions with the environment.
The models are created and tested automatically. The creation process can be steered, but the
outcome is unpredictable to some extent. After uphill explorations, the system may drop into
a lower (better) energy state, with a solution which is qualitatively different from the preced-
ing state (cf. the transition of handwritten copying to book printing). There is no difference
between a training phase and an execution phase. The system learns while executing.

4 Experiments in Generative Al

4.1 Learning

Learning constitutes a core aspect of Generative Artificial Intelligence. Tradition-
ally, learning theories were strongly embedded in reasoning, argumentation and
overt cognition in general. Learning was assumed to take place in a categorical
world, were instances had categorical properties and newly learned insights may be
communicated by the learner using a narrative. Although this perspective on the cog-
nitive process of learning is cogent and recognizable from within ’common sense’,
the paradigm has produced only few examples of convincing machine learning.
Mentionable are the version-spaces symbolic learning model [21}22] and alignment
based learning in grammar induction [1]]. While symbolic and explicit, such models
are brittle and still far from the goal of explaining what they have learned in a natural
narrative. Instead of explicit learning, the successful models of contemporary artifi-
cial intelligence are implicit, akin to Polanyi’s [24] tacit knowledge: neural-network
models [2], hidden-Markov models [26], support-vector machines [5] and Bayesian
learning systems [27]. Although such models may either be analog or symbolic in
their responses, the underlying learning process assumes a continuous parameter
adaptation, either directly, as in the error back-propagation mechanism [29] for the
multi-layer perceptron, or indirectly, as a consequence of exemplar weighing which
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takes place in the support-vector machine. Computer vision, speech and handwrit-
ing recognition and robotic control systems are trained using ’analog’, numerical
rather than discrete, symbolic methods. Such learning mechanisms are functional
as well as adaptive and may ultimately lead to more complex models of artificial
intelligence that do exhibit the potential for a verbal expression of inner states.

4.2 Humans?

However, the largest stumbling block for such a revolution is the fact that current
machine-learning systems require a human researcher to provide a micro world
with constraints and performance criteria. Current machine-learning methods re-
quire sufficiently large data sets of examples of patterns with their corresponding
label or target responses to be produced in this micro world. The informed and
motivated researcher or engineer is ever present and is steering the experimenta-
tion/exploration in great detail. The gain factor in the dissipative process that
takes place between the environment and the learning system is determined by an
out-of-equilibrium energy state (cf. ’adrenalin’) in the researcher him/herself, fur-
ther motivated by the thrill of public benchmark tests and the probability of obtain-
ing appreciation in the social context of scientific endeavor. This state of affairs is
extremely costly. It leads to isolated "feats’ and successes, such as a particular type
of robot filling one particular instance of a glass with a particular amount of fluid.
However, the total process of wide exploration of the problem space needs to be
repeated by a new PhD researcher for each small variation on the task to be learned.
The total amount of costly human labor is massive and puts a ceiling on the level of
attainable results in artificial intelligence.

4.3 No Humans, Machines!

What is needed are models that make use of a highly active exchange process be-
tween learner and the environment, in such a way that the problem space is contin-
uously explored broadly, thanks to an autonomous and widely diverging bifurcation
of system states. Ideally, this process unrolls, devoid of human interference but in
any case requiring very little steering by humans. If the necessary input/output re-
lations are achieved, such a system should become ’bored’, i.e., divert its attention
to other corners in the problem space. Similarly, if a solution pathway fails to pro-
vide performance improvement for a prolonged period, this should trigger a large
jump to another location in the solution space, preferably with qualitatively differ-
ent solutions than those explored along the unfruitful path. Human labor is then
exchanged with another form of energy dissipation, e.g., in the form of the con-
temporary silicon-based von Neumann/Turing computer or a more advanced form
of massively parallel computation.In a GAI engine, all aspects of human heuristic
exploration will be replaced by autonomous mechanisms.
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Fig. 2 The best value for parameter p needs to be found by the learner. The solution for p
should have a low energy E. Is the global minimum (a) a good solution or is the value for
p at point (b) to be preferred? Intelligent learners ’know’ that the probability of solution (a)
being useful in unseen conditions is fairly low, while the smoothness of the energy bowl at (b)
gives high confidence that the value of Pb will not be very wrong in slightly varied problem
conditions in the future.

4.4 What Is Needed?

What is needed for generative Al is a broadening of the concept of parameter-
value search. For the solution of learning problems, usually a fitness criterion to
be maximized or an energy criterion to be minimized is determined in advance. In
the exploration of a high-dimensional parameter space, the criterion, say, energy E,
will vary. Good solutions have a low energy, bad solutions having high energy. If
the problem space is simple and idealized, the energy landscape would consist of
a multi-dimensional parabola, with a clear and clean singular minimum point. In
practice, however, such energy landscape are highly irregular, with many local min-
ima such that a simplistic Newton-Lagrange method for finding "the’ solution is not
feasible. One solution has already been proposed to escape this predicament and
it has been widely successful. It consists of the assumption of noisy energy in the
learning system, such that the exploration haphazardly jumps out of local minima,
thereby increasing the probability that a deeper minimum or trough will be found.
When the amount of noise ("temperature’) is gradually decreased until the explo-
ration has become deterministic, the search process is more or less guaranteed to
find the deepest point. This mechanism is called simulated annealing [23] and its
convergence has been demonstrated by theoretical physicist Boltzmann. However,
this precursor of generative Al has three important limitations. First, a practical
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learner does not have the infinite time that is needed to achieve the theoretical min-
imum, i.e., best solution. Second, it is not always guaranteed that the deepest point
in the energy landscape corresponds to the best solution. Its location in parameter
space may be the consequence of lack of data. An example would be a needle-
shaped pit for which statistically it can be easily demonstrated that its exact position
will not be replicated in a slightly changed world. In fact, we see here that the
simplistic Newton-Lagrange heuristic: “zero partial derivatives are good, because
horizontality indicates an extremum” is not enough. Not only do we want deep pits,
we also prefer solutions that are characterized by a flat smooth bowl rather than a
deep and steep energy ravine (Figure[2)). The learner needs rich criteria in order to
determine that a ’sweet spot’ has been achieved, much the same as a bird would
asses a corner of the world to be an appropriate place for nesting, using a number of
criteria instead of one zero-crossing of the derivative along one dimension of appro-
priateness. This means that we would need a much more sophisticated mechanism
to evaluate the goodness of local solutions (read: hypotheses) than is currently the
case in such annealing systems. A well-known variant of stochastic learning con-
cerns the class of genetic algorithms[[I8]. Here, the exploration of problem space
is slightly more sophisticated in that multiple local solutions are explored in paral-
lel, and blind stochastic exploration is augmented with a 'reuse’ of partial solutions
during learning. The third flaw, however, is most important. These laboratory-based
learning systems assume that the process is completed once the minimum has been
found: It is a training process that is detached from the real environment and its
results are exported to the real world to enter the final phase in their life cycle, the
operational stage. The feedback process is severed. In no way do current learning
models tell us what other portions of the space are to be explored in anticipation of,
or in reaction to an ever changing world.

4.5 First Glimpses

In recent work, we have implemented a very large search engine for word search in
historical handwritten collections. This system, Monk [30], uses image processing
and pattern recognition to identify and rank word candidates from large collections
of books spanning several centuries. The diversity of writing styles requires train-
ing by human experts. However, it would be vastly expensive if a standard model
of experimental machine learning would be used. This would require at least one
PhD researcher per collection, with its particular image processing and handwriting
style peculiarities. The challenge is to obtain an autonomous engine that accepts
word labels of word images from users over internet, but learns independently, in a
continuous (’24 hours/7 days’) manner. While users are motivated to correct system
errors by providing labels, Monk detects where the friction is largest, either on the
basis of human activity in corners of the word space or on the basis of the internal
distance and probability measures indicating sub optimal solutions. A problem gen-
erator (the abbot) spawns sub tasks (novices) that execute a local word-learning or
ranking task. In a cooperation between man and machine, about 300 thousand word
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Fig. 3 Temporal evolution of the number of harvested word labels in the Monk system for
handwritten word search in a number of books, in a loglog curve. Learning is characterized
by growth spurts and flattening periods. The developing number of indexed words for one of
the books from the Cabinet of the Queen of the Dutch National Archive is highlighted as the
thick curve. The steep points in the curve are determined by the product of human effort and
word-recognition performance. The latter is realized thanks to the investment of electrical
energy (compute time on a high-performance cluster).

labels could be harvested. This process is ongoing. The continuity and the nature
of the problem generator guarantee that both local (down-hill) optimization and di-
versity (up-hill global exploration) are realized. Figure 3 shows the time course for
the number of harvested word labels for a number of historical books. This number
is increasing over time, but it is more important to notice the discontinuity of this
process. Although there may be underlying random fluctuations in both human and
machine effort in training the machine, there is a non-linear speedup as evidenced
by the upward jumps in the curves. If the handwriting classifier performs well on a
particular word, it becomes very easy for the human volunteers to label large sets
of instances as ’correct’. In a similar vein to the development of the guns, from
muskets and front-loaded rifles to automatic guns and the development of air planes
from the Wright plane up to modern fighter jets, there is, in Monk, a process where
energy is spent on friction points in the technology: words not recognized properly
elicit human irritation and subsequent efforts to smoothen the world, i.e., to create
order from chaos. In our view, the process is a nice example of ’tracking the ma-
chinic phylum’. While it is too early to call this learning model in the Monk system
a machine implementation of generative artificial intelligence by autonomous bifur-
cation processes, the results are exciting and indicative of a new way of tackling
traditional “hard’ problems such as the recognition of ancient historical scripts.
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5 Concluding Remarks

The creation of intelligent machines requires more than the manual tinkering by
humans. This article discusses Generative Artificial Intelligence which combines
neo-cybernetics and the possibility spaces of post-structuralistic philosophy. By ac-
tual experiments we demonstrate how present day machine learning technology can
be applied to create generative systems where humans can steer the developmental
scaffolding of the machine. Using a profound understanding of non-linear dynami-
cal systems for the creation, and not only for the description, of intelligent systems
might lead us not only to a better understanding of how to create intelligent ma-
chines. It could lead to machines that can build their own intelligence.
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Turing Revisited: A Cognitively-Inspired
Decomposition

Tarek Richard Besold

Abstract. After a short assessment of the idea behind the Turing Test, its actual
status and the overall role it played within Al I propose a computational cognitive
modeling-inspired decomposition of the Turing test as classical “strong Al bench-
mark” into at least four intermediary testing scenarios: a test for natural language
understanding, an evaluation of the performance in emulating human-style rational-
ity, an assessment of creativity-related capacities, and a measure of performance on
natural language production of an Al system. I also shortly reflect on advantages
and disadvantages of the approach, and conclude with some hints and proposals for
further work on the topic.

1 Introduction

In early 2011, the world was amazed when watching a series of three subsequent
episodes of the popular quiz show “Jeopardy!” [28]. A new candidate challenged
the two best players that had participated in the game since the show’s debut in
1964, and managed to consistently outperform both of them. So far, so good - but
the really astonishing part is: This new player was not human, but IBM’s Watson,
an artificial intelligence computer system capable of answering questions posed in
natural language [12]]. Watson’s performance on the type of inverse questions an-
swering task applied in Jeopardy! clearly was super-human (at least when being
compared to the two extraordinary Jeopardy! champions the machine was compet-
ing with), raising one fundamental question: Due to the capabilities the machine has
shown, should it be considered intelligent? And if so, to what extent?

The Turing Test, firstly introduced by Turing in his 1950 paper “Computing Ma-
chinery and Intelligence” [30]], arguably is AI’s best known criterion for deciding
whether a machine has reached a human-like level of intelligence. Although quite
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some fundamental doubts about its exact meaning and usefulness exist (one of the
best known counterarguments being Searle’s “Chinese Room Argument” [26]), it
has influenced the development of the field of Al and more than 60 years later still
is object of discussion and debate (cf. e.g. [21]]), even having become the object of
a popular annual Al competition, the “Loebner Prize” (cf. e.g. [20]). Also, no clear
really equivalent alternatives to the Turing Test seem to be available and commonly
acknowledged (partly with exception of the “Al Grand Challenges”, cf. e.g. [4]),
still making some form of the Turing Test a pragmatic standard when ultimately
judging the abilities of an Al system compared to human intelligence (cf. e.g. [16])).
This paper sets out to give a quick assessment of the Turing Test itself, together with
the role it played and plays in Al, followed by a decomposition of the original test
into four separate challenges, some reflections on the motivations for and purpose
of the creation of this renewed basis for a take at Turing’s gargantuan task, and a
placing of such an endeavor within the context of related work.

Sect. 2 provides an introduction to the Turing Test itself (also outlining some of
its different interpretations), as well as a short overview of the test’s history within
Al In Sect.[3l the main contribution of this work is introduced, namely the decom-
position of the original Turing Test into four cognitively motivated subtasks, each
of which individually poses a challenge for current Al research. Some reflections
on these subtasks, their meaning and importance can be found in Sect. @l A sum-
marizing conclusion, together with some hints at possibilities for further work and
research, is given in Sect.

2 The Turing Test: Idea and Evaluation

Alan Turing’s famous paper “Computing Machinery and Intelligence” [30] starts
with the equally well-known phrase:

“I propose to consider the question, ‘Can machines think?”

This seemingly simple question has inspired and haunted generations of researchers
not only in Al, but also in related fields like cognitive science, cognitive modeling,
or some sub-disciplines of philosophy. Still, as also Turing directly explains in his
article, there are numerous problems linked to this question and its formulation, with
the most obvious probably being the lack of clear and satisfactory ways to define the
used concepts of “think” and “machine”. Thus, Turing continues with an attempt at
mitigating this problem by replacing the original question by a closely related one
that in turn can be stated in mostly unambiguous words. This new task is later in the
paper stated as:

“Are there imaginable digital computers which would do well in the imitation game?”

As Harnad already noted in [[17], this rephrasing nonetheless brings along a signifi-
cant change in the precise meaning, implications and evaluation criteria of the task,
as the focus is almost exclusively put on performance aspects: Instead of challeng-
ing a machines capability to think (whatever this might mean), the new question is
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asking for a machines capability to act in a way humans (as thinking entities) can
act.

2.1 The Turing Test(s)

In order to make this difference more clear, let us have a closer look at the imita-
tion game. This game was originally inspired by a party game, which in its sim-
plest, most abstract form can be described as follows: Given three players A, B and
I, where A is a man, B is a woman, and [ (the interrogator) can be of either sex.
I is unable to see either A or B, and communication between A and I, or B
and /, respectively, only happens through written notes. By asking questions of A
and B, I now should determine which of both is the man and which is the woman.
A’s role in the game is to trick I into making the wrong decision, whilst B attempts
to assist / in making the right one.

Starting out from there, Turing’s original paper now features at least two re-
interpretations of the imitation game as to make it usable for the purpose of testing
for machine intelligence:

e In what Sterret calls the “Original Imitation Game Test” in [21]], the role of A is
filled by a computer, which has to pretend to be a woman and trick / into making
the wrong decision. For deciding whether the computer was successful or not (i.e.
if the test has been passed), in [30] a statistical criterion was proposed, playing
several rounds of the game, and comparing the outcome when A is a computer
against the outcome when A is a man (who also has to impersonate a woman).

Will the interrogator decide wrongly as often when the game is played like this as
he does when the game is played between a man and a woman?

e The second version of the game to be found in changes the setting yet again.
In this version, the role of A is still to be taken by a computer, whilst the role of B
has to be played by a man, with the interrogator I/ deciding which is a computer
and which is a human, resulting in the nowadays predominant interpretation of
the Turing Test, even named‘‘Standard Turing Test” by Sterret [21].

If both re-interpretations are directly compared, one thing should be noted: Whilst
the Standard Turing Test uses similarity to human performance as decisive criterion
(the more human-like the computer behaves, the more likely he will be mistaken as
being the human player), the Original Imitation Game version involves human-like
performance “only” in so far as it is needed for introducing a standard for machine
intelligence (just consider that also a man could fail this test, as he as well is re-
quired to impersonate a woman and to try to deceive the judge). So it seems that
the Original Imitation Game Test can be seen as more demanding than the Standard
Turing Test, as “merely” simulating human conversational behavior might not be
enough to pass the former one, but instead the full-fledged resourcefulness of hu-
man intelligence (e.g., involving cognitive capabilities as rationality and creativity,
which also the man will have to put to use when pretending to be a woman) might
be needed as a bottom line for successfully passing the challenge.
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2.2 Controversy, Pros and Cons, Status Quo

For a long time, researchers and engineers in Al have taken the Turing Test (i.e.
mostly the Standard Turing Test) as unrivaled benchmark for judging machine in-
telligence, where only over the last years alternatives (e.g. in the form of Brach-
man’s “Al Grand Challenges” [4]]) have been developed and have gained popularity.
Nonetheless, many scholars from different fields have been expressing fundamen-
tal doubts concerning the precise meaning, and also the usefulness, of the Turing
Test as such: Which version of the test should be taken as the one originally pro-
posed by Turing? Which one could possibly be the right one for testing machine
intelligence? If a machine would pass the Turing Test, what would be the implica-
tions? These are only some of the questions and caveats frequently brought forward
in discussion. Also, quite refined refutations of the suitability of the Turing Test for
any kind of testing purpose have been phrased, the most famous one probably being
Searle’s “Chinese Room Argument” [26]], trying to show that a program could possi-
bly pass the Turing Test simply by manipulating symbols according to rules without
having any understanding of the meaning. From there, Searle continues that with-
out understanding, machines in turn could not be said to be “thinking” in the same
sense as humans seem to do, which would make the Turing Test a meaningless crite-
rion. Although opinions concerning the appropriateness and applicability of Searle’s
thought experiment differ, ranging from rejection (see, e.g., [18]) to positive accep-
tance (see, e.g., [3]), it definitely had and has a strong influence on the entire debate
concerning not only the Turing Test, but also machine intelligence in general.

Clearly, there are advantages of using Turing’s proposal as a test for machine in-
telligence. On the positive side, the tractability and (relative) simplicity of the test as
such have to be acknowledged, together with the almost unbounded breadth of the
subject matter (as already pointed out in [30], a question/answer method seems to
allow for almost every topic possible). Nonetheless, this testing method also brings
along clear disadvantages, namely the fixation on human-like intelligence as a cri-
terion (i.e. testing for human-likeness, instead of general intelligence), the focus on
the behavioral and functional side of intelligence (unavoidably included by exclu-
sively using the machines behavior as observed characteristics) which possibly does
not allow to draw a distinction between simulated and real intelligence (if there is
such a distinction), and of course the “human factor” introduced e.g. by using pos-
sibly inexperienced and therefore overly credulous judges, reducing the feasibility
of the test. Additionally, from an engineering and implementation point of view,
also the breadth of the subject matter should not be seen uncontroversial: Here, the
main drawback of the Turing Test in my eyes is its overall generality and relative
systemic complexity (mostly resulting from the high dimensionality of the prob-
lem introduced by using a general question/answer method), seemingly demanding
the construction of complicated and highly refined systems without providing any
guarantee of success (cf. e.g. )

! Partly due to this, alternative challenges and tests for the performance of Al systems
(cf. e.g. [[7]), as well as successors for the Turing Test (cf. e.g. [22]]), have already been
proposed.
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Although the philosophical interest in the underlying questions has stayed con-
stant and untouched, looking at it from an applied Al scientist’s point of view, over
the course of the last years Turing’s test has lost quite some of its appeal and im-
portance. Where it had sparked very influential research endeavors in the 1960s and
1970s (e.g. the development of Weizenbaum’s chatterbot ELIZA and Colby’s
PARRY [8]]), for many working researchers and engineers in the field of Al its role
as a benchmark and goal for the development of an artificial intelligence has now
been taken over by other, seemingly more suitable and more clearly delimited tasks
like the already mentioned AI Grand Challenges. As an exception to this trend, the
over the last years fairly popular “Loebner Prize Competition” [20] ought to be men-
tioned: In this annual chatterbot competition, held since 1990, prizes are awarded
to the bot considered most human-like in its conversational behavior, judged on ba-
sis of the Standard Turing Test. Even though critics complain that the focus of the
systems entering the competition lies much more on deceiving the human judges
via artificial typos and speech particularities, than on overall intelligent conversa-
tional behavior, there seems to be a stable community supporting the competition
and participating in it on a frequent basis.

Nonetheless, despite these difficulties and reasons for reservations, I still con-
sider the Turing Test a valuable benchmark and goal within Al, worth effort and
work. It might be the case that the Turing Test provides neither logically necessary,
nor logically sufficient conditions for attributing general intelligence to an artificial
system. But, being highly sympathetic to both, the original ideas and dreams of Al
(namely re-creating intelligence on a human level), and their newest incarnation, the
so called AGI movement [31]], these observations do not diminish the test’s useful-
ness in any way: Instead of the rather abstract notion of general intelligence, from
the very beginning a more anthropocentric reading of the concept of intelligence
seems significantly more suitable within an Al context. Now, once the notion of
intelligence has been specified in a way using humans as defining gold standard
for intelligent agents, and thus intelligence, it should already become intuitively
clear that the Turing Test does provide at least necessary conditions for judging
an artificial system’s intelligence capacities as human-like. Moreover, it does this
in a very accessible and understandable way, allowing for a comparison between
man and artificial system in a comparatively unrestricted and general setting, by
this amongst others avoiding many methodological biases and implicit assumptions
(in many cases introduced by the selection of test criteria and formal paradigms
for judging or measuring intelligence etc.). Therefore, in the following section, I
want to introduce a cognitively inspired subdivision of the overall Turing Test into
four subtasks (SubTuring I-IV), hoping to provide more suitable incentives for re-
searchers in Al and cognitive modeling to work on projects ultimately contributing
to passing Turing’s challenge (explicitly addressing both, the Standard Turing Test
and the Imitation Game Test).
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3 SubTuring I-IV: The Challenges

In the following, four challenges for designing and testing artificially intelligent
systems are proposed. These challenges have not been arbitrarily chosen, but re-
flect very high-level key capacities of human cognition and (the phenomenon which
normally is taken as) intelligence. Also, the way the tasks have been defined, no ex-
plicit or implicit constraints concerning mechanisms or particular functions which
ought to be used in a solution are introduced, but the challenges stay on an abstract
computational level, leaving the particular implementation to the system’s designer.

As criterion whether these challenges have been passed, I introduce a statistical
mechanism similar to the one proposed by Turing himself: The described tasks have
to be conducted over a sufficiently large set of samples, in parallel but separately by
the machine and a human, and the solutions afterwards have to be judged concern-
ing their source of origin by another independent human judge. The SubTuring task
is resolved if the judge is not able to correctly decide in a significant majority of
cases which output has been produced by the machine, and which output has been
produced by the human (“human-likeness criterion”, HLC)E This way of evaluat-
ing the performance of the system seems more meaningful to me than a single trial
criterion, as it, e.g., more closely resembles the way we judge ourselves and other
humans, also taking into account different predispositions and talents which might
make different instantiations of one and the same overall generic task vary in per-
ceived level of difficulty (an effect which then in turn is normally also reflected in
the respective results).

3.1 SubTuring I: Human Language Understanding

The first sub-challenge within Al as a discipline mainly goes to people working
in natural language processing: Via a standard input terminal provided with a set
with several samples of any kind of finite natural language input, construct a system
which is capable of translating these input samples to a meaningfully chosen prede-
fined formal lan uageE together with matching correspondences with concepts in a
lexical ontology[] Test the set of results on HLC.

2 The time needed for deriving a solution deliberately has not to be taken into account, the
judge is only provided with the final sets of solutions, without being given any information
concerning computing/solving times. The only constraint concerning computing times is
that each set of inputs which can be processed by a human within his average lifespan must
be processable by the machine within roughly the same timespan.

3 Here and later I propose to use a refined context-free grammar, as e.g. Gazdar’s General-
ized Phrase Structure Grammar or its descendants and successors (cf. e.g. HPSG [23]).
I am aware of the longstanding and still ongoing debate concerning the suitability and ade-
quacy of a context-free grammar for such an endeavor, but propose to valuate performance
aspects as far more important than theoretical considerations concerning competence.

4 Here and later I propose to use e.g. synsets within WordNet [T1]] as a basis.
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3.2 SubTuring II: Human Language Production

Also the second sub-challenge within Al as a discipline mainly goes to the field of
natural language processing, and can to a certain extent be seen as the inverse chal-
lenge to SubTuring I: Provided with a set with several samples of descriptions of
situations in a meaningfully chosen predefined formal language, together with cor-
respondences with concepts in a lexical ontology, construct a system which is capa-
ble of re-describing the situations in form of natural language output in a human-like
manner via a standard output terminal (i.e. also taking into account behavioral as-
pects of output generation, e.g. delays in typing, typing errors, colloquial ways of
speaking etc.). Test the set of results on HLC.

3.3 SubTuring II1: Human Rationality

The third sub-challenge within Al as a discipline mainly goes to the fields of arti-
ficial general intelligence, cognitive modeling and decision theory (although to the
best of my knowledge only very few attempts aiming at fully reproducing human-
style rationality, or developing a positive instead of normative theory of human ratio-
nality, have been conducted so far, cf. e.g. [1]): Provided with a set of descriptions
of situations, i.e. context descriptions and problems/tasks (e.g. decision or judge-
ment), in form of a meaningfully chosen predefined formal language, together with
correspondences with concepts in a lexical ontology, construct a system which is
capable to decide or resolve the problem/task. Test the set of results on HLC.

3.4 SubTuring IV: Human Creativity

The fourth sub-challenge addresses a field of problems which to the best of my
knowledge currently is at least not widely addressed within Al research, the capacity
of operational creativity (i.e. creativity in both, problem-solving and the problem-
independent production of new concepts): Provided with a set of descriptions of
situations, i.e. context descriptions and problems/tasks (concrete problem descrip-
tions, but also open tasks like “do something with it”), in form of a meaningfully
chosen predefined formal language, together with correspondences with concepts in
a lexical ontology, construct a system which is capable to resolve the problem or
perform the task. Test the set of results on HL.C.

4 SubTuring I-IV: An Assessment

In this section, I want to have a closer look at the different SubTuring tasks, their
respective particularities and implications, together with the actual status of research
in the corresponding fields and directions.
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4.1 SubTuring I & I1: Key Technology

Both types of tasks presented in SubTuring I and SubTuring II, namely natural lan-
guage understanding and natural language production, are already worked on in
rather prominent fields within Al and (computational) linguistics, for example in the
disciplines of natural language processing, ontology engineering or (in parts) data
mining. Over the last decades, significant progress has been made towards devel-
oping more feasible techniques and methods for performing this type of task, with
research being driven by an at least twofold motivation, on the one hand aiming at
implementing these human faculties within an artificial system (as for instance the
numerous embodied conversational interface agents [5] which nowadays are avail-
able e.g. on the web), on the other hand also hoping to be able to project back from
the artificial domain into the natural one, which would then allow to gain insight
into how the corresponding capacities and processes work in the case of human
beings from the artificial implementation (as an example remember the impact El-
man networks had on the field of linguistics when being used to learn subject-
auxiliary inversions [19], refuting the assumed parade case supporting Chomsky’s
Universal Grammar Theory [6]). Also, this process has been positively influenced
by the fact that the area of language processing probably is one of the best exam-
ples for a mostly well-functioning interaction between industry and academia, with
major players e.g. from information-related business areas providing funding and
infrastructure for both applied and also foundational research in association with
universities and research institutes (here examples would be Microsoft Research’s
group for Natural Language Processing or similar activities in the field by Google
Research). The industry’s motivation for such an involvement is clear, as obviously
working systems capable of successfully passing SubTuring I or SubTuring II could
find manyfold applications in domains like human-computer interaction, data min-
ing, or Semantic Web technologies. All in all this clearly has contributed to making
SubTuring I and SubTuring II the challenges within the overall SubTuring frame-
work which are closest to be resolved (although there still is quite some work left to
be done).

4.2 SubTuring I1I: Change of Paradigm

The human rationality task formulated in SubTuring III, in one form or another
is up to a certain extent part of the research questions asked in (amongst others)
artificial general intelligence, cognitive modeling, decision theory and philosophy.
Nonetheless, although numerous different models and theories of rationality exist
(just think of the plethora of representatives for the four classical types of rational-
ity frameworks, namely probabilistic, logical, game-theoretical and heuristics-based
approaches), none of them even comes close to covering human rationality and ra-
tional behavior. Instead, research up to now across all disciplines has mostly limited
itself to normative theories of rationality, providing criteria for judging an action or
a type of behavior as rational or irrational, but only quite recently and rudimentarily
has tried to develop positive theories of human rationality, allowing for prediction
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and simulation (cf. e.g. [2]], [24]]). But exactly the latter notion is what seems to be
needed for a system capable of passing the Turing Test: A positive account with a
strong focus on substantive rationality, giving only minor importance to procedu-
ral aspects. Of course, such a theory would most likely make rationality a subject-
centered notion (an idea lately also brought forward in the field of decision theory,
cf. e.g. [14]), if not even a subjective one. An important role in developing such a
theory might be played by contributions from cognitive science and cognitive mod-
eling, trying to identify common mechanisms and underlying cognitive capabilities
of human rationality, which in turn then could be used as sources of inspiration for
implementation in an artificial system (and would possibly also provide foundations
for avoiding the conceptual and methodological problems a purely subjective — and
thus highly relativistic — notion of rationality would bring along). The apparent pre-
vious lack of such a research program seems even more surprising when taking into
account the possible application scenarios of a reliable theory for predicting and
modeling human-style rationality, ranging from interface-related issues in human-
computer interaction to helper applications and intelligent prosthetics.

4.3 SubTuring IV: Basic Questions

The fourth SubTuring task is conceptually complementing SubTuring I1I in the con-
text of the overall Turing Test framework. Where SubTuring III was designed to
reflect human-style rationality, SubTuring IV addresses the issue of operational or
productive creativity, i.e. creativity in both, creative or inventive problem-solving
and problem-independent production of new concepts (corresponding to the pro-
ductive side of the distinction between productive and reproductive thinking in psy-
chology). This topic to the best of my knowledge so far has only rarely been touched
upon in classical Al, some of the few exceptions for example being the work on ac-
tive exploration, artificial curiosity and creativity conducted by Schmidhuber (cf.
e.g. [25]) or the Inventive Machine project [@]ﬁ Certain skepticism towards the
development of an artificially creative system seems natural and already justified by
the characteristics of creativity as a phenomenon itself, mostly being perceived as
clearly non-linear and even “jumpy” in nature. Here, classical techniques and meth-
ods, which from a high-level point of view can be described as mostly functionally
linear and continuous programs, do not seem fit. Instead, probabilistic and random-
ized approaches give a more promising impression, shifting the problem at hand
from implementing “real creativity” to a recognition task, based on a fundamental
questions: Provided with a sufficient number and quality (e.g. variety) of samples,
is creativity a learnable, and thus detectable, feature, i.e., is the degree of creativity
of a solution an abstractable or objectifiable property? And secondly, if this should
actually be the case, to what extent is the perception and judgment of creativity

3 For an overview of further work in the field called “Computational Creativity” also cf.
e.g. [9]. Still, I want to point out that only some of the projects and programs mentioned
there address issues of operational or productive creativity in a broader sense (as would for
instance be needed for a task as general as SubTuring IV).
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subjective, i.e., are there common features and criteria shared on an interpersonal
level, or are creativity judgments limited to a purely personal notion, thus collaps-
ing into total relativism? Still, research in these questions would seem worthwhile,
thinking about both, the implications a successful endeavor of this type could have
e.g. for the creation of a general artificially intelligent system, and the possible appli-
cations in industry and engineering scenarios, with automatic assistance systems for
innovation and design or entertainment applications just being two out of numerous
examples.

4.4 SubTuring I-1V: A Synopsis

Having a synoptical view at all four proposed SubTuring tasks, from a cognitive per-
spective there is good reason for considering successful solutions to each of the four
challenges (language understanding and production, human rationality and creativ-
ity) condiciones sine quibus non for seemingly intelligent behavior, and thus also
for passing the Turing Test in its Original Imitation Game reading. On a meta-level,
concerning possible implications and consequences for the Turing Test, of course,
even if SubTuring I-IV were solvable with existing programming and technological
paradigms, counterarguments of the style of Searle’s Chinese Room argument could
still be made (with the overall idea by a decomposition into smaller subtasks possi-
bly becoming even more vulnerable to this type of argument). In fact, the position
one will want to take with respect to SubTuring I-IV will most likely be crucially
dependent on one’s attitude towards the Turing Test in the Chinese Room context.

Nonetheless, once the Turing Test has been granted some intrinsic value, by in-
troducing the SubTuring I-IV challenges the breadth of the subject matter, and thus
also the dimensionality of the problem itself, can be reduced, making the subtasks
possibly more suitable incentives for researchers in different sub-disciplines, and ad-
ditionally involving and including new disciplines into this line of research that have
not directly been interested in Turing’s task before. Also, as already pointed out be-
fore, solving SubTuring I-IV would without any doubt provide great benefit to both,
“weak AI” and “strong AI”, ranging from applications of the intermediate systems
in human-computer interaction (mainly SubTuring I and II), over predictive tools
for human decision-making and behavior (mainly SubTuring III) and automatic as-
sistance systems for creativity and problem-solving (mainly SubTuring III and I'V),
to full-fledged attempts at passing the Turing Test (SubTuring I-1V).

5 Conclusion

This work presents a cognitively-inspired decomposition of the Turing Test into four
mostly independent subtasks, namely language understanding, language production,
human rationality and operational creativity. Insofar, it can be seen as somewhat
close in spirit to previous modifications or decompositions of Turing’s task, with
Harnad’s “Total Turing Test” probably being one of the best known propos-
als so far. Still, there are fundamental differences between the proposals, as where
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Harnad’s conception from my point of view also involves notions of embodiment
and not exclusively language-based interaction with the world, my proposal stays
at a quite abstract purely computational level, using language as only medium of
interaction (i.e. in a way also staying closer to Turing’s original conception).

At the present moment, the proposal and the corresponding theory are still in
an early stage, leaving some important questions unanswered and subject to future
work, both on engineering side (e.g.: What methods and techniques could or should
be applied to build a system passing SubTuring [-IV?), as well as with respect to
more philosophical considerations (e.g.: What precisely is the delta between a com-
bination of SubTuring I-IV and Turing’s test? If any of SubTuring I-IV should be
unsolvable, is artificial general intelligence possible at all?). Nonetheless, I am con-
vinced that continuing with this line of research is worth the effort, having a look at
the possible consequences and effects in theory and applications each step towards
successfully solving any of the four newly introduced SubTuring challenges could
have.
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The New Experimental Science of Physical
Cognitive Systems

Al, Robotics, Neuroscience and Cognitive Sciences under a New
Name with the Old Philosophical Problems?

Fabio Bonsignorio

Abstract. It is likely that in Al, Robotics, Neuroscience and Cognitive Sciences,
what we need is an integrated approach putting together concepts and methods
from fields so far considered well distinct like non linear dynamics, information,
computation and control theory as well as general Al, psychology, cognitive
sciences in general, neurosciences and system biology. These disciplines usually
share many problems, but have very different languages and experimental metho-
dologies. It is thought that while tackling with many serious ‘hard core’ scientific
issues it is imperative, probably a necessary (pre) requisite, that we do serious ef-
forts to clarify and merge the underlying paradigms, the proper methodologies, the
metrics and success criteria of this new branch of science. Many of these questions
have already been approached by philosophy, but they acquire in this context a
scientific nature: e.g.: Is it possible cognition without consciousness? And without
‘sentience’? In the context of Al and neuroscience research various definition of
consciousness have been proposed (for example by Tononi, [44], to quote an ex-
ample liked by the author). How they relate to the previous and contemporary phi-
losophical analysis? Sometimes scientists may look as poor philosophers, and the
opposite: philosophers may look as poor scientists, yet, the critical passages of his-
tory of science during a paradigm change or the birth of a new discipline have of-
ten involved a highly critical conceptual analysis intertwined with scientific and
mathematical advancements. The scientific enterprise is now somehow close to
unbundle the basic foundation of our consciousness and of our apperception of re-
ality, and, it is clear that there are some circularity issues with the possible ‘expla-
nations’, at least.

Fabio Bonsignorio
University Carlos III of Madrid and Heron Robots

V.C. Miiller (Ed.): Philosophy and Theory of Artificial Intelligence, SAPERE 5, pp. 133-50]
springerlink.com © Springer-Verlag Berlin Heidelberg 2013



134 F. Bonsignorio

1 Introduction

On the one hand Al and Robotics develop new artificial systems showing some
features of what we call intelligent/cognitive adaptive behavior or intelligent
thinking, on the other hand neuroscience, cognitive sciences and biology reverse-
engineer intelligent/cognitive processes in natural systems. Despite 50 years of re-
search in Al and Robotics the real capabilities of artificial systems to deal with
open-ended environments with gaps of knowledge is still unsatisfactory. It is ap-
parent that not only the more evolved human or mammalian brains, but even the
'simple' 15-20000 neurons Aplysia nervous system shows much more robust and
adaptive than any current Al or robotic application. Not surprisingly while there
are impressive and fast progresses in the decoding of micromechanisms of neural
activation in the brain or of gene regulation networks in the cell we still lack
working quantitative models of emergent system level processes like symbol
grounding or multicellullar organism tissue specialization. In particular new fields
of research like system biology try to fill those gaps.

One of the books defining the beginning of what we today call science had the
title ‘Principia Mathematica Philosophiae Naturalis’. The revolution in physics in
the early 20th century, special and general relativity and quantum mechanics, as
well as the new foundation of biology in the 50s, around the ‘central dogma’, re-
quired a deep conceptual analysis whose essential nature was philosophical.

The question ‘Can a machine think?’ requires a careful definition of what you
mean as a ‘machine’ and as ‘thinking’ (maybe also of what do you mean as ‘to
can’).

An interesting question from the conceptual standpoint is which are the system
level characteristics which allow autonomous cognitive behavior in natural sys-
tems and which set of characteristics are needed in an autonomous system in gen-
eral, natural or artificial. This should be the core of the science of ‘embodied cog-
nition’ or whatever you want to call it.

As told, we probably need a unified approach integrating together concepts and
methods from research areas spanning from non-linear dynamics to information,
computation and control theory, from general Al to system biology.

In the following sections a not exhaustive summary of the different positions
and proposals in the different fields which should pave the way to a new unified
framework, is provided, in order to make more evident the necessity of a concep-
tual analysis of clear philosophical nature to proceed in research in those related
fields. Of course it is not possible to give a complete survey of the many activities
ongoing in those research areas, the aim of this excerpt is to support the general
idea of the necessity of the dialogue between those disciplines and, above all, the
idea that they are aspects of a ‘deeper’ new science: the science of physical cogni-
tive systems.
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2 A Short Comparative Survey

2.1 A Short Comparative Survey of Perception and Action
Modeling in AI, Robotics, Neurosciences and Cognitive
Sciences

Fig. 1 “When taking an action, such as trying to catch a ball, there are many paths the hand
could take to the same final location (two possible paths are shown in red). The outgoing
motor command (blue arrows) is corrupted by noise (randomness) leading to variability in
the final hand position (blue ellipses) that depends on the particular path chosen. In this
case it is preferable to take the path on the right, as the final variability is smaller. In gener-
al there will be one optimal path that minimizes the variability and the predictions of this
model matches observed behavior.”’(Courtesy: D. Wolpert)

Al, Robotics, Neuroscience and the various flavors of Cognitive Sciences all deal
with concepts of ‘perception’, ‘thinking’ and ‘action’, yet they use them in subtly
different ways. Although the idea of a loop perception-thought-action is ques-
tioned for good reasons, all those disciplines share some concept about cognitive
interaction, information processing, and embodied or disembodied ‘mind’.

As in Al there is a division between Symbolic Al (GOFAI: Good Old Fa-
shioned Al, according to the detractors) and New (embodied) Al, in neurosciences
and neurophysiology there have been a long lasting division between the ‘beha-
viorist’ school, more popular in Anglo-Saxon countries, and the ‘German school’,
strongly influenced by the ‘psychology of the gestalt’; probably both originate
from the historical division between ‘Anglo-Saxon’ and ‘Continental’ philosophy.
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The main ideas advocated here are that: first, it is not realistic to cope with
problems in those disciplines without looking at what is going on in the neighbor-
ing ones, something that few people will object to; second, potentially more con-
troversial, that we need a common conceptual framework and a new science: the
science of physical embodied cognitive systems.

When we think to Al, we may probably consider as typical examples the Hanoi
Tower planner or a chess player, following the historical defeat of G. Kasparov
then the world chess champion, by a machine in 1996. Yet the most successful Al
applications are probably in the field of Bayesian decision systems, e.g. Google
search or more recently IBM Watson. It is has been shown, by many experiments,
that the human (and mammalian) brain might be seen as a Bayesian decision sys-
tem. A complex system like it might have evolved mainly to control movement, in
particular walking and what roboticists call visual manipulation and grasping, see
[6,7,8,12,13,15, 55].

Although there are other hypotheses, for example some recent results, [56],
coming from the analysis of a large number of fossils, suggests that a very early
leap in the mammalian brain dimensions might have actually be triggered by the
needs of odor localization. To control movement in particular the human brain
behaves in many experiments as it minimizes uncertainty, i.e. maximizing infor-
mation, through Bayesian estimation, by comparing the predictions of actions'
consequence with the actual effect of the action themselves and by smoothing
transitions from perception to action, by optimizing energy consumption. Predic-
tive and anticipatory behaviors show to be extremely important. From a Robotics
standpoint, whatever the evolutionary role of motion control in the mammals, it is
no surprise that it uses an important fraction of cerebral information processing re-
sources. If we compare these findings in natural systems, with most artificial cog-
nitive systems, the difference is not only a matter of computing power, but also the
fact that, despite the fact that this has not yet well analyzed by researchers, the
brain cognitive processes are actually embodied and intertwined with body dy-
namics. These kinds of processes have been studied from a different perspective in
Robotics and New Al domain; think about the MIT, Delft and CMU biped under
actuated walkers and other similar examples, [31].

As another, related, example, it is interesting to see how space representation is
dealt with in some robotics researches and in some neurophysiology ones.

A particularly successful methodology for managing space in robotics, applied
to mobile, usually wheeled, robots, is Simultaneous Localization and Mapping,
SLAM. In those algorithms the position of a robot (an agent) is simultaneously re-
constructed from a temporal series of noisy observations (coming from laser,
odometry, monocular, unidirectional or stereo vision) through a statistic iteration
process which as new observations come in refines continuously the inner model
of the robot about the map of the surrounding environment and its position in the
map. This is usually done with the assumption that the processes (the linearized
robot dynamics) are linear and noise is Gaussian. The space is always assumed
Euclidean, and, with the exception of some recent work, [52], the algorithms are
tacitly and not questionably based on an underlying Euclidean space representa-
tion. This is usually also the case for visual grasping system algorithms, [53] the
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systems which aim to perform the kind of action that many think was crucial for
the evolution of the human brain: the intelligent manipulation and grasping of
known and unknown objects.

On the contrary, we know from a significant amount of neurophysiology re-
sults, [46, 47], that the human brain manages three geometries for motion optimi-
zation in visual manipulation and grasping tasks: sometimes Euclidean, but more
often Affine or Equi-Affine.

The brain does not always represent space as Euclidean. Does this mean that
the robotics researcher community ‘is wrong’ or that more likely we need a higher
level of abstraction and understanding of a common underlying reality? The rea-
son why the human brain mainly relies, besides Bayesian decision methods, on a
non Euclidean geometry for motion planning purposes is a consequence of some
structural constraint in the neuronal architecture and or body structure, or there are
good reasons to do that, for example due to energy optimization and predictive in-
formation maximization, for any intelligent system including artificial ones, ro-
bots?

The human brain, as far as we know, is the most sophisticated cognitive ‘ma-
chine’ on our planet; nevertheless the basic organizational principles are shared
with more ancient living beings and are evolved on top of evolutionary earlier so-
lutions. By the way, it is worth noticing that a ‘machine’ of this kind is closer to
the concept of a high dimensionality adaptive complex system loosely coupled
hierarchical network of networks than to a ‘clock’ machine like the model of Le
Mettrie. This is the reason why complex system dynamics and network physics
matter.

Important aspects chased by developmental psychology, evolutionary robotics
and biology are related to evolutionary processes, actually neuroscience and neu-
rophysiology works such as those recalled above are kind of black box instantane-
ous pictures of underlying system processes, which so far remain fundamentally
unknown.

Although in many cases the prevailing paradigm in robotics, ‘mutatis mutan-
dis’, may still be regarded as not much different from the ‘automata’ paradigm ex-
emplified in fig. 2, in the modern form of a stack of mechatronics and machine
learning, it is a widespread opinion that in order to achieve a level of dexterity,
adaptability and robustness comparable to what we see in the natural domain we
need a deeper scientific foundation, [60].

It is believed that this new foundation might be given by the new science of
physical cognitive envisioned, in different forms, here and elsewhere, for example
here [49].

2.2 A Short Comparative Survey of Some Philosophical Views

As already observed, some of the key issues in what are now regarded as scientific
fields of investigation have been studied as philosophical topics for a long time. In
this short survey we focus on a short not exhaustive list of philosophers whose in-
terests and approaches are closer to scientific disciplines such as Al, Cognitive
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Fig. 2 The Jaquet-Droz brothers’ automata (built at the end of the XVIII century) are an ex-
ample of the level of complexity of behavior and realistic appearance that a purely mechan-
ical automata, based on gears, Geneva wheels, cams and belts can reach. Three of these au-
tomata (the writer, the drawer and the player) are conserved in the Neuchatel Museum of
Art and History. The writer, the most complex can be ‘programmed’ to write any given text
with a maximum of 40 letters long. He inks his goose feather at regular times. His gaze fol-
lows the text while writing and move the head accordingly when he inks the pen. Similar
examples of the same age are the Japanese Karakuri dolls (Courtesy: Neuchéatel Museum of
Art and History).

science, Robotics and neurosciences with the purposes, recalled many times, of
calling for a potentially fruitful comparison of the different approaches and their
subsumption in a more comprehensive and deeper conceptual, philosophical and
scientific framework. We will recall later, as usually as examples, how the prob-
lems of perception and ‘sensory motor coordination’ now regarded as scientific
field of investigation have actually been analyzed already in a philosophical con-
text. Moreover, it is interesting to notice that some recent discoveries in neuros-
ciences and neurophysiology such as the importance of emotions in the regulation
of cognitive and even sensory motor coordination processes, see below the short
discussion on Damasio’s work, were already proposed in philosophy on the basis
of introspection and conceptual analysis. For example, [71], in “A Treatise of
Human Nature”, Hume aims to found a ‘science of man’ as a ‘natural science’, in-
deed anticipating nowadays’ trends and states that that emotional drives direct rea-
son, not the opposite: "Reason is, and ought only to be the slave of the passions."
In his view ‘ideas’ were abstracted from the series of ‘impressions’ coming from
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the senses, the only source of knowledge. In his view the "self," was nothing more
than a set of sensations bundled together. We may even see here an early formula-
tion of the ‘symbol grounding’ problem in enactive cognition.

From a different respect, Kant's ‘transcendental method’ is close to the main-
stream approach in cognitive science: in order to study the mind he infers the con-
ditions necessary for experience. Unobservable mental mechanisms are postulated
to explain ‘economically’ the observed behavior. “Transcendental apperception’ as
the unified perception of all experience by the subject, and the idea that ‘represen-
tation’ is ‘representation to a subject’ thus postulating a self, if not a conscious
subject, as a prerequisite for what in modern words we may call ‘cognition’ make
his thought less prone to circularity issues than many more contemporary analysis.
The idea of leveraging on conceptual analysis and introspection to deduce the ‘a
priori’ condition to know the world, and to develop scientific knowledge such as
the models developed by physics, is still significant.

Kant’s view, which actually doesn’t say anything about the material support of
the cognitive subject, in this sense is not ‘per se’ a dualistic or idealistic view.

Surprisingly, Kant’ s ideas on self and consciousness had no influence until the
past century in the work of Wittgenstein and later Shoemaker.

Merleau-Ponty, [3], in opposition with the Cartesian dualism and in analogy
with embodied and enactive cognition, observed that the subject is actually embo-
died and actually that body and mind are inherently intertwined: the ‘mind’ can be
seen as the ‘intentional stance’ of the body. Phenomena are not abstract a-
temporal ‘objects’, which exist independently outside of the subject, but correla-
tions between sensory motor activities, the body and the external environment.

This standpoint is very sympathetic to that of New Al and New Robotics.

As much sympathetic as Locke and Husserl are, both providing views on the
‘mind’ and the ‘self” which are really, as in particular Merleau-Ponty’s ones, very
inspiring for modern neuroscience researchers like Rizzolatti, [54], and in New Al
and Robotics. Locke, usually credited to have been the first to do so, depicted the
‘self” as a continuous series of conscious states building knowledge on a ‘tabula
rasa’. Husserl also sees object as a grouping of perceptual and utility aspects (‘af-
fordances’?) strictly related to our intentions to manipulate or simply observe the
world. These positions share the limit that they are centered on the ‘cogni-
tive/perceiving’ function of an individual ‘agent’ and they might underestimate the
importance in cognitive processes in the humans, and other animals, of net-
work/collective processes such as those discussed by Bateson with his concept of
‘ecology of mind’, [68], and Marx’s idea of a collective learning through the
‘praxis’.

It is worth to notice that we do not naively claim that scientific research is vali-
dating one or another philosophical view: we want to warn that those preexisting
analysis, sometimes really deep and which as in the cases above sound very
meaningful to a contemporary cognition science researcher, should be seriously
considered by scientist investigating similar topics with different methods. More
relevant the fact that although there might be analogies with the process, which led
from philosophy of nature to modern sciences, philosophical investigations on
mind might have a different status where they focus on the circularity issues
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implicit in any gnoseology, at least. Moreover, not only some recent philosopher
who share our ‘zeitgeist’ appear familiar, but also unexpectedly other much older.
For example, in a famous quote, Aristotle said: “If every tool, when ordered, or
even of its own accord, could do the work that befits it, just as the creations of
Daedalus moved of themselves . . . If the weavers' shuttles were to weave of them-
selves, then there would be no need either of apprentices for the master workers or
of slaves for the lords.” If we read it today “The part of the quote "or even of its
own accord” is elsewhere translated as "or by seeing what to do in advance" etc.
(you may find many translations). I think this is an important part of the quote,
so it's good to go back to the original text: Aristotle uses the word
"mpoarcBovdpevov" — proaisthanomenon this means literally: pro = before, aistha-
nomenon = perceiving, apprehending, understanding, learning (any of these mean-
ings in this order of frequency) in my view it is clearly a word that is attributed to
intelligent, living agents....i.e. ones with cognitive abilities (!)”, [57].

It is difficult to see the modern reading of a famous passage in Aristotle’s Poli-
tics as a mere arbitrary attribution of modern ideas to an old text, it seems more
likely a rediscovery in a scientific context of the meaning of a philosophical anal-
ysis, which passed almost unnoticed in its context for its limited philosophical im-
plications, but looks enlightening in another cultural environment.

None of these conceptual frameworks, and of those omitted for space reasons,
is ‘neutral’ or not relevant with respect to the general problem of identifying the
general conditions for a material system to be intelligent, cognizant and ‘sentient’
and they are source of inspiration from a conceptual, scientific and even engineer-
ing point of view. They have to be compared, if not reconciled, with the assump-
tions of a wide set of disciplines and the conceptual foundation of the new science
of physical cognitive systems envisioned here and elsewhere.

3 A Few Hints towards a Synthesis

Which might be the common underlying ground of these wide set of ‘phenomena’,
discovered by such diverse methods such as experimental scientific research, syn-
thesis of artifacts, philosophical analysis based on concept clarification and intros-
pection?

Natural cognition might be seen as an emerging adaptive (meta) process of
loosely coupled networks of embodied and situated agents. This is suggested by a
number of conceptual analysis, scientific researches and experimental results,
[24,29]. Embodied biological neural networks, whose complexity is significantly
higher of that of the artificial neural networks as they are usually modeled by re-
searchers, are, by, far the most widespread ‘paradigm’ for implementing cognitive
processes in nature. Of course, see [43], it is possible that ‘evolution worked with
what was available’ and it is possible that not all the characteristics of ‘cognitive
system implementation’ are necessary for autonomous cognitive behavior, yet as
the natural systems have characteristics of adaptivity and robustness that so far we
were not able to emulate, it make sense to try to ‘reverse engineer’ them.
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We are led to ask ourselves which characteristics of natural systems are actual-
ly necessary for autonomous behavior, for the emerging of a ‘self’ and for con-
sciousness.

Artificial cognitive systems engineered within the Al and the Robotics domain,
are usually based on a different paradigm: a great variety of algorithms for the
processing of probabilistic enunciates and the optimization of stochastic indexes,
‘hard coded’ Bayesian inference networks in Al and a stack of mechatronic devic-
es, control theory based algorithms and Al in robotics. The main difference with
their natural counterparts is the lack of self-organization (and much more limited
exploitation of parallelism in computation and of under actuation in physical inte-
raction). This is no surprise if we consider that the theory of computation, [42], or
that of statistical learning, [30], don’t include the physical system performing the
computation or learning a given environment. These limitations looks like origi-
nating by ‘philosophical prejudices’: researchers tend to stick with the ‘common
sense’ of the society within which they operate. There are, anyhow exceptions. In
the past years Pfeifer and other researchers, [22,23], have shown the importance of
'embodiment' and 'situatedness' in natural intelligent systems.

It is, maybe, more critically important the fact that the basic assumption in the
design of those systems (including recent celebrated successes like IBM’s Watson,
[45]) require a ‘stage setting’ by the human designer of the system who is sup-
posed to know in advance (thanks to a rather different system implementation, his
own mind-brain-body system) which kind of specific problems the system will
encounter and which rule base will allow to cope with them.

The emerging of intelligence, cognition, ‘sentience’ and meaning should be
explained on the basis of the communication processes between autonomous cog-
nizant (loosely) networked agents, the network of networks of environmental rela-
tions. It could be modeled as the evolutionary self-organization of coevolving
situated and embodied low level information processing, physically distributed
among the inter communicating agents, motivated and initiated by physical fina-
lized interactions with the environment.

The idea that intelligence and learning capabilities might emerge from some
evolutionary process was actually already proposed by Turing, [67], and the mod-
el proposed here is in line with Bateson’ s concept of an ecology of mind. These
ideas are discussed with some more details here: [29, 50].

These self-organization processes in network of networks of loosely coupled
agents are likely to occur at many scales in size (from micro regulation in the cell
nucleus to the tissue differentiation in the embryo, to the emergence of cognitive
processes in the brain). Also, despite the conceptual and mathematical difficulties,
these principles should guide the design of artificial cognitive systems.

As an example we may speculate that the non Euclidean geometric optimiza-
tion of motion control is due to an emerging self organization process optimizing
not only energy and other mechanics metrics, like stress strain etc, but also infor-
mation metrics ‘a la Shannon’. As another example emotions might be an emerg-
ing coordination process between many task optimizing the same metrics.

Our purpose should be to define the conceptual framework, in the epistemolog-
ical and broadly philosophical sense, to define the conditions for cognition,
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sentience, self and even consciousness in a material systems and to identify a set
of coherent scientific models covering the phenomena now approached with dif-
ferent languages/jargons in different disciplines, but essentially dealing with intel-
ligent autonomous behaviors of material systems. As told above the demarcation
line between philosophical and scientific investigation, seems more blur and fuzzy
than in the case of cognitive science than in the case of ‘philosophy of nature’.

4 Open Issues

Even from the necessarily short discussion above it is apparent that the program of
developing a unified conceptual framework as a foundation for a new unified
scientific domain poses serious challenges. Despite the fact that we may have
some ideas about an unified framework, the diversity of ‘ontology’ and methodo-
logical approach between fields such as neuroscience and robotics, as instance,
and the pre paradigmatic stage of cognitive sciences, make still premature to out-
line an ‘ontology’ and an epistemology for the new advocated science of physical
cognitive systems.

In the previous paragraph it has been proposed that cognitive processes emerge
in physical systems as a collective organizational process of network of networks
of loosely coupled (active) agents and it has been postulated that self-organization
is a necessary attribute of an autonomous cognitive system. There are good rea-
sons to think so, yet this should be regarded at this point more as a research pro-
gram than an acceptable and well-corroborated new scientific paradigm based on
experimental evidence. This is due to a number of open issues. Some of the more
compelling ones, in the opinion of the author, are listed here below. Others would
provide a different list.

Complexity or ‘Simplexity’?

The broad idea that cognitive processes, ‘self’ and ‘consciousness’ might be
emerging organized processes from the collective behaviors of wide network of
networks of independent agent, make somehow natural to model them by means
of the conceptual and mathematical language of complex system theory. Under
many respects complex system theory helps the understanding of the cognitive
processes in physical systems (both natural and artificial), yet it must be noticed
that, in natural cognitive systems there might be something more subtle at work:
what, for example Alain Berthoz, calls ‘simplexity’, [63]. The complexity of the
world is radically simplified in the agent perspective through a number of simpli-
fying principles. This allows keeping the computational load low enough to be
managed.

One of the most important of these simplifying ‘design solutions’ applied in
natural cognitive systems is the radical simplification of the perception-action link
by limiting the perceptual capabilities of the natural autonomous agent to its
‘umwelt’.
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Umwelt

The concept of ‘umwelt’ (um- ‘around’, welt ‘world’), [61], was introduced by
Jakob Von Uexkiill at the beginning of the 20™ century and has recently raised
some new interest in the neurophysiology community, [48]. He is considered the
founder of the so called ‘biosemiotic’, referring to semiotic science grounded in
the biological world, as a matter of fact we only know physical systems able to
manipulate ‘signs’ and the by far more effective are the biological ones. The ‘um-
welt’ is the environment-world as it perceived by a given animal. It is tightly re-
lated to what the animal can do in the world and what it can sense. What it can
sense is what is needed to perform the actions necessary for its survival. Any ani-
mal has a different um-welt (including humans: we don’t see radio waves and ac-
tually we only perceive a very limited portion of the electromagnetic spectra, for
example). The paradigmatic example is the tick’s umwelt. The tick uses the sensi-
tivity to light of its skin to reach an observation point (e.g., the top of a blade of
grass) She senses the arrival of a ‘prey’ from the smell of butyric acid, which
emanates from the sebaceous follicles of mammals, the she senses this she falls
down freely until she enter in contact with the skin of a mammal and can thanks to
touch find a proper place to embed into the skin of the prey. The ‘world’, ‘Um-
welt’, of the tick is thus limited, to an approximate gradient of light, an approx-
imate gradient of butyric acid and a texture haptic sense.

His views show analogies and had some influence on the work of philosophers
like Martin Heidegger, Maurice Merleau-Ponty, Gilles Deleuze and Félix Guattari
and neurophysiologists like Berthoz and collaborators.

It seems that the concept of ‘Umwelt’ might be extremely useful in the reverse
engineering of natural cognitive systems and the design of artificial one, yet this
‘view’ is not widely adopted. Moreover this should be referred to the reference
framework of the emerging of coordination processes in the complex dynamics of
(sometimes massively) multiagent systems.

Body and Mind

The Cartesian view about the distinction between body and mind is not popular
among philosophers and psychologists, yet it is generally an untold assumption
and a material fact in ‘traditional’ symbolic Al and Robotics. In any case the
body-mind nexus has to be modeled in term of an extended dynamical systems
theory.

Consciousness, ‘self’, ‘sentience’

The concept of consciousness is a traditional topic in philosophy [72, 70], psy-
chology, and is deeply investigated in neurosciences, while it is a “‘marginal’ topic
in Al and Robotics, and a ‘slippery’ topic in cognitive sciences. It is interesting to
notice how hypotheses similar to those based on not scientifically structured ob-
servation, conceptual analysis and introspection such as thus of Hume have been
somehow experimentally tested in recent times, by means of structural neuroimag-
ing/neuroanatomy, experimental neuroanatomy neuropsychology and functional
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neuroimaging. For example by Damasio, [62], who is carrying out an investigation
on the basic material (neural) underpinning of mind, (protoself), self and con-
sciousness by means of scientific experimentation.

In his view emotions are part of a homeostatic regulation process based on rein-
forcement learning process (reward/punishment in his terms). He sees (like James)
‘feelings’ as a synthetic representation of the ‘body’ state, actual and ‘simulated’.

From this kind of stand point Rizzolatti’s et al.,[54], results on mirror neurons
can be seen as application of this body state simulation process.

On the other side Tononi, [44], proposes a metrics with clinical aims based on
information metrics of variety and brain-range integration.

Which minimum degree of ‘self awareness’ is necessary to achieve a given de-
gree of autonomous behavior of a given ecology of agents in a given environment
is an open issue for physical cognitive systems.

Not ‘just’ Cognition

Where psychology and psychoanalysis fit? Emotions have been considered in Ro-
botics only recently, while they have been a focus of interest for psychology, psy-
choanalysis and philosophy for a long time. Actually they are also an important
matter of study for neurophysiology and neurosciences. An important question is
if we should regards emotions as detached from cognitive capabilities, as in main-
stream emotional synthesis systems in Al and Robotics, or whether in the context
of self-organizing cognitive processes they are necessary emerging regulator
processes.

Epistemological Issues

Serious reasons of concern are epistemological issues. Why should we care about
‘scientific methodology’ in the new science of physical cognitive systems or in
particular in cognitive sciences and robotics research?

Which role should have the synthetic approach (‘understand by building’) of Al
and Robotics with respect to the more traditional experimental method applied in
neurosciences or, at the other extreme, the case-by-case dialogic approach of the
various current of psychoanalysis?

In general in Al and Robotics, we are not always able to verify whether and by
which measure proposed new procedures and algorithms constitute a real ad-
vancement and can be used in new applications, [51]. According to which metrics
and by which procedures can we do comparisons between natural and artificial
systems?

Even in the engineering sense of a set of strategies for good experimental de-
sign practices and a do-it-yourself approach prevails.

How we can exploit epistemological models coming from Biology and extend
them?

How should analysis and reverse engineering of natural systems and the syn-
thesis of engineering artifacts live together?
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How to frame this in the context of complex (or simplex) adaptive networked
systems?

Mathematical Issues

The modeling of self-organization processes in loosely coupled network of agents
from a mathematical standpoint is not trivial and probably there are not yet coped
challenges to overcome. In particular this makes difficult to design artificial sys-
tems inspired by this paradigm and experimentally validate the hypotheses, in par-
ticular in life sciences, including neuroscience.

Circularity Issues

“The mind-stuff of the world is, of course, something more general than our individual
conscious minds... It is necessary to keep reminding ourselves that all knowledge of our en-
vironment from which the world of physics is constructed, has entered in the form of mes-
sages transmitted along the nerves to the seat of consciousness... Consciousness is not
sharply defined, but fades into sub consciousness; and beyond that we must postulate some-
thing indefinite but yet continuous with our mental nature... It is difficult for the matter-of-
fact physicist to accept the view that the substratum of everything is of mental character.
But no one can deny that mind is the first and most direct thing in our experience, and all
else is remote inference.”
Sir A.S. Eddington, [68]

This quote from a famous physicist of the beginning of the past century on the one
hand underlines the general importance of the discussion here and in general of
cognitive sciences and their paradigms, on the other hand raise indirectly the at-
tention on a potential circularity issue in this discussion: the explanatory models
applied to the human mind are actually a product of the mind itself. This also ap-
plies to the philosophical analysis, but even old philosophers such as Kant seem
much more aware of those potential problems than many contemporary scientist
(the reverse engineer working in psychology, neuroscience, etc. and the synthetic
designer of artificial systems working in Al, Robotics, Cognition etc.).

Even the information driven self-organization methods and in general those
based on information metrics ‘a la Shannon’, [37, 38, 39], rely on a concept of ‘in-
formation’ that, in a naive interpretation, assume an ‘observer’ which is actually
what has to be modeled. This can be overridden, but at the price of a subtle
reinterpretation, [58].

5 Discussion and Future Work

“How does it happen that a properly endowed natural scientist comes to concern himself
with epistemology? Is there not some more valuable work to be done in his specialty?
That's what I hear many of my colleagues ask, and I sense it from many more. But I cannot
share this sentiment. When I think about the ablest students whom I have encountered in
my teaching — that is, those who distinguish themselves by their independence of judg-
ment and not just their quick-wittedness — I can affirm that they had a vigorous interest in
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epistemology. They happily began discussions about the goals and methods of science, and
they showed unequivocally, through tenacious defense of their views, that the subject
seemed important to them.

Concepts that have proven useful in ordering things easily achieve such authority over
us that we forget their earthly origins and accept them as unalterable givens. Thus they
might come to be stamped as "necessities of thought," "a priori givens," etc. The path of
scientific progress is often made impassable for a long time by such errors. Therefore it is
by no means an idle game if we become practiced in analyzing long-held commonplace
concepts and showing the circumstances on which their justification and usefulness depend,
and how they have grown up, individually, out of the givens of experience. Thus their ex-
cessive authority will be broken. They will be removed if they cannot be properly legiti-
mated, corrected if their correlation with given things be far too superfluous, or replaced if
a new system can be established that we prefer for whatever reason.” A. Einstein, [64]

The words above from Einstein, with early 20" physics in mind, in a period of
deep paradigmatic change and fast progress of physics, might have been written
today thinking at the condition of the wide spectrum of disciplines, so far distinct,
which should provide foundation to the new science of physical cognitive systems.
There is no real progress without critical thought and if we want that Al and Ro-
botics do not stagnate, and that neuroscience and neurophysiology exploit their
potential to reverse engineer the human and mammalian brain, we have a despe-
rate need of critical thought (from ‘reference ontology’ to ‘experimental method’)
on the current basic, often untold, assumptions of research in those fields.

Despite the diversity of concepts, theoretical approaches and experimental me-
thods and practicalities, there are many convergent ideas and common problems,
as we tried to recall above, which would benefit from a unified perspective.

There are good reasons to think that a unifying paradigm may come from the
study of emerging self organization complex networks of loosely coupled agents,
yet, as we have argued above, there are a number of challenging issues to deal
with.

The scientific enterprise is now somehow close to unbundle the basic founda-
tion of our consciousness and of our apperception of reality, and, it is clear that
there are some circularity issues with the possible ‘explanations’, at least.

We have in front of us deep problems, scientific and philosophical, which are
not ‘easier’ than those with which our predecessors were able to cope in Galileo’s
and Newton’s age. The prize for unbundling those issues might be a new industri-
al, economical and societal revolution.
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Toward a Modern Geography of Minds,
Machines, and Math”*

Selmer Bringsjord and Naveen Sundar Govindarajulu

1 Two of the Driving Questions

We herein report on a project devoted to charting some of the most salient points in
a modern “geography” of minds, machines, and mathematics; the project is funded
by the John Templeton Foundation, and is being carried out in Bringsjord’s Al and
Reasoning Laboratory. The project is motivated by a series of rather far-reaching
questions; for example, here are two of the driving questions:

Qi What are the apparent limits of computational logic-based formal techniques in
advancing explicit, declarative human scientific knowledge in various domains, and
how can these limits be pushed/tested?

@ What have the fundamental, persistent difficulties of Al taught us about the nature
of mind and intelligence, and how can these difficulties be overcome by logic-based
Al (if indeed they can be)?

It will be immediately clear to the reader that both of these questions insist on a
link to formal logic. Why? Well, there are obviously versions of these two questions
which contain no reference to formal logic. You know this because all readers will be
aware of the fact that there are approaches to advancing human knowledge, and Al
as well, that premeditatedly reject formal logic. There are two reasons why both Qj
and @ make explicit reference to formal logic. One, the use of logic to understand
the human mind and advance its knowledge is just simply something that we are
passionate about, and something that perhaps we aren’t incompetent to pursue (e.g.,
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see [[Z, [8]). Two, we are partial to a conquer-and-divide strategy to attacking the
generalized versions of the two questions that abstract away from any particular
formalisms. If we can answer Q; and (%, then, for example, we shall have at least
made a small contribution toward an answer to: “What are the apparent limits of X
in advancing human scientific knowledge ...?”

What are our answers to the pair above? In a nutshell, our answer to Q is that in
the realm of Al and computational linguistics, the apparent limit of our knowledge
of human language (amply reflected in the fact that, contra Turing and his well-
known prediction that by 2000 his test would be passed, we are unable to engineer
a computing machine able to converse even at the level of a bright toddler) is funda-
mentally due to the fact that Al and cognate fields have not yet managed to devise
a comprehensive logical system that can do justice to the fact that natural language
makes use, sometimes in one and the same sentence, of multiple intensional oper-
ators. For example, English allows us to say/write and understand such recalcitrant
sentences as: “Jones intends to convince Smith to believe that Jones believes that
were the cat, lying in the foyer now, to be let out, it would settle, dozing, on the mat
outside.” Were such a system in place, and implemented in working software, the
human knowledge of human language would be advanced beyond the current limits
on that knowledge.

Our equally brief answer to Q,: The difficulties of Al have taught us that be-
yond the challenge of rendering human language in computational terms, there is
this lesson as well: Whereas the human mind (at least in the formal sciences) can
routinely deal with concepts that are seemingly infinite in nature (e.g., transfinite
numbers), standard computing machines are paralyzed by such concepts, and asso-
ciated processes. For instance, while automated theorem proving has made impres-
sive progress, that progress has been completely independent of proof techniques
that for example make use of infinite models and infinitary inference rules (such as
the w-rule).

The present chapter is devoted to fleshing out our answer to Q;, and we proceed
to that answer now.

2 Fleshing Out Our Answers

The project consists of five research thrusts that will flesh out our two answers; here,
in keeping with the necessity of narrowing the scope because of space constraints,
we provide encapsulations of only three of these thrusts:

Ty Multi-operator Intensional Logics. Here we strive to create logical systems suffi-
ciently expressive to capture information in natural-language sentences that simul-
taneously employ operators for knowledge, belief, perception, “tricky” conditionals
(e.g., subjunctive conditionals), and self-consciousness.

‘T, Toward Automation of “Infinitary” Proofs. Here, we initially confine our attention
to propositions independent of PA, and hence examples of Godelian incomplete-
ness. For example, how might a computing machine prove Goodstein’s Theorem?
We are seeking to answer this question.
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T3 Palette™ Machines. Here we are specifying a cognitively plausible version of
Kolmogorov-Uspenskii machines that have super-Turing capabilityE|

In further narrowing of our coverage herein, in the present chapter we report on re-
cent, dramatic extensions to our cognitive event calculus (C’EC), which is the foun-
dation for thrust 7;, and which is presented in its original, less-expressive form in
[4]], where it’s used to solve the false-belief task. The CEC is a logical calculus that
has been used to solve many complex problems, such as arbitrarily large versions
of the wise-man puzzle [2]]; and it’s currently being used to model and simulate the
task of mirror self-recognition (which we’ll explain below), and also to model cer-
tain economic phenomena. The extensions presented below enable us to model and
computationally simulate de se beliefs, propositional attitudes over time, nominals,
and communication acts. We focus herein on de se beliefs. As we will show, this
reach for the C‘’EC marks progress in 77, and hence progress on Q.

The remainder of the paper runs as follows. In § Bl we outline the need for ex-
pressive logics/systems and introduce the mirror test for self-recognition as a gen-
eral test-bed for systems modeling de se beliefs. In § Bl we outline six desiderata
that any system which hopes to model de se beliefs should satisfy, in particular if
it hopes to pass the mirror test for self-consciousness. In § Bl we present an aug-
mented C’EC that can handle and differentiate de se beliefs from de dicto and de re
beliefs, and in § [0l we describe a preliminary system that can pass the mirror test
for self-recognition.

3 Expressivity

Why do we need logicist calculi expressive enough to handle multiple intensional
operators, including the gamut of those that can be considered epistemic in na-
ture? Consider the notion of cognitively robust synthetic doppelgéngers, proposed
by Bringsjord. They could be viewed as advanced descendants of today’s personal
assistants. It is the year 2024, and everyone with a smart-phone has their own digi-
tal doppelgénger residing on their phones. The dopplegingers act on their owner’s
behalf, relieving them of the monotony of certain kinds of social interaction and
duties: ordering supplies, scheduling meetings, etc. To be able to achieve this, the
dopplegingers need to explicitly model their external world, their owner’s mental
states (e.g., desires, intentions, beliefs, knowledge, hopes etc.), and also those of
other similar artificial agents, and humans.

How might one achieve the above state-of-affairs by using schemes that are im-
poverished, for instance those based on representing physical and mental states enu-
meratively (e.g., finite-state based systems)? Even if one commits to using declara-
tive approaches such as first-order logic, we find that we soon run into problems. For
example, as soon as one tries to model knowledge in first-order logic, inconsistency
rears up, as can be seen in the classic proof shown in Figure [Tl The proof here is

I'See [16] for Kolmogorov and Uspenskii’s specification of their machines and for a
recent readable introduction by Smith.
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P1. evening_star = morning_star
{P1} Assume v/

’{PZ. - knows(abe,reify(=—reified(evening_star,morning_star)))}‘

{P2} Assume v

HP& knows(abe,reify(=—reified(morning_star,morning_star)))}

{P3} Assume v/

4.An-A
Fig. 1 An Attempt at Modeling Knowledge in FOL

created and machine-checked in the Slate system [10], and the objects of knowledge
are not full-blown formulas (which would be impossible in FOL), but rather objects,
for instance strings. Such an approach is presented in [22].

Another motivation behind using expressive intensional logics is the pursuit of
a meta-logic as a representation language for natural languages that is consistent,
sound, and lossless. That is, given any possibly true natural-language sentence s, we
want to be able to express that sentence as a sentence S in some formal logic £ with
an interpretation D and a proof calculus P such that the following meta-conditions
are satisfied:

M; S does not cause a contradiction in the inference system; that is: Sp L
M, S does not cause unsound inferences to be drawn; that is: S t/p R, where D ¥ R

M3 S should be lossless; that is: it should retain all the information present in s.

We believe that, as of now, no system comes close to satisfying the above condi-
tions. Our goal in this paper is to show that our modeling of de se beliefs yields a
calculus at least one genuine step closer to this trio of conditions. If one embraces
a logico-mathematico-computational approach, as we do, it’s perhaps not implau-
sible to regard our work as marking such a step. In order to make this step, we
accept a challenge — one that hinges on expressivity. In this paper, we focus on one
expressivity challenge: namely, the fact that in natural language (and in the think-
ing behind this language) we routinely make crucial use of the personal pronoun in
connection with mental states, especially those mental states that are epistemic in
nature: believing, knowing, and so on.

Toward this end of being able to capture de se beliefs, we isolate one particularly
fertile scenario: the mirror test for self-recognition, and surgically study it in the
context of an expressive system. Though the test does not contain explicit linguistic
communication, we note that the rich intensional information present in the test can
be cast into linguistic form, and this is what we seek to represent and analyze.
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3.1 The Mirror Test as a Test-Bed

The “mirror test” is traditionally regarded to be a test for self-consciousness in ani-
mals. Put briefly, to test for self-consciousness in an animal a:

1. anesthetize a and place a colored splotch 7 on a’s head;
2. awaken a and place it in front of a mirror;

3. if a removes the splotch, then declare that a is self-conscious.

For more details on the test, see Keenan’s [[13], and for a summary of relatively
recent results, see Prior’s work on mirror-testing of magpies in [20]. Related prior
work in simulating the sensory and visual processing part of mirror-image recogni-
tion can be found in Takeno’s work on mirror-image discrimination in [23]. Takeno’s
work deals only with the image processing part of mirror recognition and did not
involve the classic splotch-removal task. In this experiment, a small robot R which
moves back and forth is queried to check if it discriminates among 1) R’s own mir-
ror image; 2) another robot which imitates R; 3) another robot controlled by R; and
4) a robot which behaves randomly. This work provides evidence that at least the
robotics side of the act of a simple agent recognizing itself in a mirror is feasible.
Since this work is not based on a declarative system, it is unclear how close the
system adheres to our three conditions — Mj to M3 — even for the simple task of
mirror-image recognition (versus the full mirror test).

The test itself is hardly robust, since there are many possible scenarios which
can give rise to false positives and false negatives. For example, a creature which
does not have any form of self-consciousness, either access or phenomenal, can pass
the test in one of the following ways: 1) the splotch is an irritant which causes the
animal to scratch it; or 2) the animal is behaviorally trained to wipe its forehead
when placed in front of a mirror. Also, a self-conscious creature can fail the test in
many ways: 1) it lacks vision or visual cognition; 2) it prefers having the splotch;
or 3) it cannot move its arms. Though there could be many such false negatives and
false positives, we are interested in understanding what kind of cognitive faculties
a creature needs to possess in order to truly pass the test. We thus seek, in keeping
with the project as defined at the outset of the chapter, to analyze the intensional
capabilities required of agents that have to pass the test genuinelyE

4 The Six De Se Desiderata

There are six desiderata that we believe must be satisfied by any system that hopes
to honestly pass the mirror test cognitively, and not just behaviorally. For a system
to pass a test cognitively, the system should display the necessary propositional
attitudes, and mental states generally, that the test is intended to detect. We make
the desiderata more precise by specifying the desiderata in a syntax similar to that

2 On a related note: Usually an individual creature does not behave in the same fashion in
multiple trails of the test; therefore, the trails are randomized and repeated multiple times.
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of the CEC, but we warn the reader that our investigations in modifying the CEC
are not finalized. The C’EC is a multi-sorted first-order modal logic in which modal
operators specify intensional contexts. The operators are: the knowledge operator
K, the belief operator B, the percept operator P, the intention operator I, the desire
operator D, the communication operator S, and the common-knowledge operator
C. We also plan to incorporate scoped terms for more naturally specifying natural
language quantifiers such as “rhe”. (See Hardegree’s [14] for an introduction to
scoped terms and Kearns’ [[14] for an introduction to quantifier terms in natural
language.) After we present the desiderata, we show our agent, Cogito, passing the
test.

4.1 System-Level vs. Agent-Level Reasoning

Since we’re doing Al and computational logic (i.e., to abbreviate — in keeping
with [9] — LAI), we must have a formal logic that reflects the fact that there will
be a “God-level” executive system, itself knowing and believing etc. with respect
to individual agents, human and machine. The “God-level” system refers to either
the underlying system in a multi-agent simulation or an intelligent agent in a non-
simulation environment that does the reasoning.

We achieve this as follows. We start with a sort for agent symbols: Agent, and
for each agent a € Agent we assign its own logic and inferential system £,, which
of course captures reasoning by a. Each logic has a set of distinguished indexical
symbols; specifically: now and I, to represent the present time and the agent. Rea-
soning by the underlying God-level, or native, system is then to be carried out in
L, the “top-level” logic. In our mirror-test-passing system, the first person agent
Cogito is represented by the system’s logic £, and the other agents are represented
by L,. Reasoning about other agents can then be achieved by formalizing £, in L.

4.2 Inferential Machinery Tied to Agents

Given the brute empirical fact that human-level intelligent agents vary considerably
in their inferential machinery, we need to have a logic of self-consciousness (or
for that matter any robust epistemic logic that covers multiple agents) that allows
inferential machinery to be indexed to individual agents. We show how this could
be done with the following illustration.

To represent present first-person reasoning by Cogito that knowledge about him-
self is belief about himself, we could for example use:

K(l,now, (1)) Fcogito B(I, now, ¢(Ix))

Past third-person reasoning by Descartes that Cogito’s knowledge about himself is
Cogito’s belief about himself is then represented by:
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K(cogito,T,¢(cogitox)) Fpescartes B(cogito, T, d(cogitox))
F 1 < now

Differing inferential capacities can then be captured by different proof systems for
different agents.

4.3 Constraints on De Dicto Beliefs

De dicto belief does not allow existence to be proved. The state-of-affairs consisting
in Jones believing that the cat is on the mat does not allow proving that there is a
cat; nor is a proof of the existence of a mat possible. In a de dicto case of belief, it
is not possible to prove that what is believed in fact obtains.

Agent a believing that an F has property ¢ does not mean that there is an F or
that it has property (])El

B(a,t,3x:F ¢(x)) / 3x: F ¢(x)
B(a,t,3x:F ¢(x)) t/ Ix: 0Obj F(x)

For example, John believing that a black cat is in the room does not necessarily
mean that there is a black cat or that it is in the room.

4.4 Constraints on De Re Beliefs

De re belief does allow existence to be proved, but we cannot prove that the thing
which exists and is the target of belief does have the particular properties that the
agent believes it to have.

Agent a believing of an F that it has property ¢ means that there is a thing which
is F', but need not mean that it has property ¢.

B(a,t,3x:F ¢(x)) F/ 3x: F ¢(x)
B(a,t,3x:F ¢(x)) F 3x:0bj F(x)

As an example, John believing of a black cat that it is in the room means that there
is a black cat, but does not necessarily mean that it is in the room.

4.5 Constraints on De Se Beliefs

The logic of self-consciousness must be such that, when an agent believes that he
himself (she herself) is F and correct, there is no agent term ¢ in the logic such that
t therefore believes that ¢ is F. Also, if we have for all agent terms ¢, that ¢ believes
that ¢ is F, we do not automatically get that an agent believes that he himself/she
herself is F.

3 Since we use a multi-sorted language, our quantifier variables are sorted. This is indicated
as Jvar : SortName.
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For all standard terms 7 in the language such that ¢ believes that ¢ has property ¢,
it doesn’t follow that there is an agent a believing that he himself (she herself) has
property ¢. Also, a pure de se belief does not entail a belief by an agent about some
other agent which happens to be itself.

Vvt : Agent B(t,time, 0(r)) t/ B(l,time, (%))
B(l,time,d(1x)) t/ 3t : Agent B(z,time, ¢(t))

For a case in point, the most brilliant student in the class believing that the most
brilliant student in the class will get an A grade does not mean that the most bril-
liant student in the class believes he himself will get an A grade. For seminal and
detailed analyses of criteria for such logics see Castafieda’s essays in [I1]]; and for
a more encapsulated treatment see Hardegree’s [[14]]. The SNePS reasoning system
also includes a representation for de se beliefs; see [21]].

4.6 Pure De Se Beliefs Don’t Have an Extension

An agent’s self-conscious beliefs (with its personal pronoun) can be extensive in an
interior psychological sense, yet it can be that no interior belief can enable a proof
that the agent has exterior physical attributes.

In other words, the personal pronoun has no straightforward, empirical descrip-
tive content. In fact, even its perfectly correct use does not entail that the user is
physical, and certainly does not entail that the user has any particular physical at-
tributes. Imagine that a person wakes in total darkness, and with amnesia. Though
the person can have numerous beliefs about themselves (I believe I'm afraid.), noth-
ing can be deduced automatically by the person about his own physical attributes.

How can this remarkable aspect of first-person belief be achieved? The path we
are currently exploring is to divide C‘’EC fluents into mental fluents and physical
fluents:

B(l,z,holds(afraid(1%),t)) Fcogito K(I,2, holds(afraid(1%),t))
B(l,1,holds(tall(1%),1)) Hcogito K(I,2, holds(tall(1%),t))

5 The Logic of I

We show our initial steps in constructing a logic that can satisfy all six desiderata.
We plan to achieve this by modifying the C’EC; the syntax of the modified CEC
and some of its inference rules are shown in Figure 2l Notably, this version of CEC
differs from the previous versions in 1) having time-indexed modal operators; 2) the
operators D, I, and S; and 3) machinery for de se beliefs. Only the last addition
concerns our purpose here. We refrain from specifying a formal semantics for the
calculus as we feel that the possible worlds approach, the popular approach, falls
short of the tripartite analysis of knowledge (Pappas [19]]). In the tripartite analy-
sis, knowledge is a belief which is true and justified. The standard possible-worlds



Toward a Modern Geography of Minds, Machines, and Math 159

semantics for epistemic logics skips over the justification criterion for knowledgeEl
Instead of a formal semantics for our calculus, we specify a set of inference rules
that capture our informal understanding and semantics underlying the calculus.

We now give a brief informal interpretation of the calculus. We denote that agent
a knows ¢ at time 7 by K(a,7,0). The operators B, P, D, and I have a similar in-
formal interpretation for belief, perception, desire, and intention, respectively. The
formula S(a,b,t,) captures declarative communication of ¢ from agent a to agent
b at time r. Common-knowledge of ¢ in the system is denoted by C(#,¢). Common-
knowledge of some proposition ¢ holds when every agent knows ¢, and every agent
knows that every agent knows ¢, and so on ad infinitum. The Moment sort is used
for representing time points. We assume that the time points are isomorphic with N;
and function symbols (or functors) +, —, relations >, <, >, < are available with the
intended interpretation.

The CEC includes the signature of the classic Event Calculus (EC) (see Mueller’s
[17]), and the axioms of EC are assumed to be common knowledge in the system
[3]]l. The EC is a first-order calculus that lets one reason about events that occur in
time and their effects on fluents.

Rules of Inference

Syntax (R) (Ry)
Object | Agent | Self [_ Agent | ActionType | Action T Event | C(e.P(a.r.9) = K(a.1,9)) C(t.K(a,1,0) = B(a,1,9))
Siu=
Moment | Boolean | Fluent | RealTerm C(t,0)t<t)...t<lp K(a,t,0)
% o (R3] [Rq]
action : Agent x ActionType — Action (ap,y,...Klan,i,9)...) o
initially : Fluent — Boolean y [Rs]
4 C(C(t,K(a,t1,01 = ¢2)) = K(a,13,01) = K(a,13,03))
holds : Fluent x Moment — Boolean (Re]
6
happens : Event x Moment — Boolean C(C(1,B(a,11,01 — ¢2)) = B(a,12,01) — B(a,13.¢3))
clipped : Moment x Fluent x Moment — Boolean [R7]
= C(C(t,C(t1,01 = 2)) = Clip,01) = C(13,03))
initiates : Event x Fluent x Moment — Boolean
R, R
terminates : Event x Fluent x Moment — Boolean C(1,9x. 0 — §lx+>1]) [Rg] C(t,91 by = =g — 07) ! 9]

prior : Moment x Moment — Boolean [R10]
Ct,[01 AN = 0] = [0 — ... = 0n — 0]

B(a,1,¢1) B(a,1,07)

interval : Moment x Boolean

* : Agent — Self "

to=x:8|c:S|f(ty.....tn) B(a,1,01 A02)
t:Boolean | =0 | AW | OV | S(s,h.1,9) [R12]
0= P(a,1,0) | K(a.1,9) | C(1,0) | B(h1,B(s,1,0)) ,
B(a..0) | Dla.r.0) | (@.1,0) | S(ab.1,0) Ka,t, happens(action(a,0).1))

P(a,t, happens(action(a,a),t)) i3]

Fig. 2 Cognitive Event Calculus

4 The possible worlds approach, at least in its standard form, also suffers from allowing logi-
cally omniscient agents: agents which know all logically valid sentences. We feel solutions
such as impossible possible worlds are unacceptable, as they do not accord with the notion
of a normal cognitive agent, which we seek to model in the first place.
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5.1 Modifications to Handle First-Person Attitudes

In order to represent and distinguish self beliefs by an agent a from beliefs about
an agent who happens to be a, we need a way of distinguishing agents as actors
(denoted by the res of an agent) from agents having roles (denoted by guises of an
agent). This is easily understood by the analogy of a play in which different actors
might have different roles on different days. The roles may change (varying guises),
but the actors remain the same (constant res). That is, each agent has one and only
one res but can have many guises. In the C‘’EC, the guises of agents are specified by
the sort Agent and res is specified by the new sub sort Self — Agent and the function
symbol x| The res of an agent is specified using the * function: * : Agent — Self;
this is expressed in postfix form as agent+* — assuming that the agent expression
does not contain any subexpression containing the * functor. The unique res and
varying guises of an agent can be thought of as the unique identity and varying
names of the agent in Grove’s [12]]. The following axioms enforce the res-guise
distinction.

Va : Agent,3s : Self. (ax =)
Va : Agent, s : Self, sy : Self.(ax = s; ANax = sp — 51 = 53)

In order to handle first-person, present-tense propositional attitudes, we include two
distinguished symbols, | and now. Syntactically, they belong to sorts the members
of which can be co-substituted with symbols from Agent and Moment in the CEC.
Given that we have yet to give a non-possible-worlds semantics for our system, we
do not at present have a semantic description for these constants, but we note that
their intensional meaning, or sense or sinn, is different from that of all symbols in
Agent and Moment.

5.2 Example: First-Person De Dicto, De Re, and De Se

Consider our testing situation, in which our agent Cogito looks at a mirror and sees
a red splotch on his forehead. There are three possible ways we could represent
Cogito’s belief in Lcogito When he sees the red splotch: de dicto, de re, and de se. Of
these, only the last one accurately captures the situation intended in a mirror test.

De dicto: This is a representation of the sentence “I believe that the agent named “Cogito”
has a red splotch on his head”. This is represented in the CE( as follows, assuming that
the signature of named is named : Self x Object — Boolean§

B(l, now, 3x : Agent(named (x,“Cogito”) A red-splotched(x)))
The above representation dictates that Cogito be aware of the name “Cogito.” This rep-

resentation fails to differentiate our intended situation from another situation in which
there is another agent named “Cogito” who has a red splotch on his head, our Cogito

5 Readers may note that the analogy with actors breaks down here.
6 Names are represented in the Object sort in the CEC.
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knows the other agent by name, and our Cogito has the above thought when seeing the
other Cogito with a red splotch on his head.

De re: This is a representation of the sentence “I believe of the agent named “Cogito” that
the latter has a red splotch on his head.” This is represented in the C’EC as follows

Jx : Agent(named (x,“Cogito”) AB(l, now, red-splotched(x)))

This representation does not dictate that Cogito be aware of the name “Cogito.” This
representation fails to differentiate our intended situation from another situation in which
there is another agent named “Cogito” which has a red splotch on his head, and our
Cogito has the above thought when seeing the other Cogito with a red splotch on his
head.

De se: This is a representation of the sentence “I believe that he himself has a red splotch on
his head.” This is represented in the C‘EC as follows

B(l, now, red-splotched(lx)))

Since each agent can be mapped to one and only one self symbol, we can accurately
represent the situation intended in the mirror test using the representation immediately
above.

6 Cogito and the Mirror Test: A Preliminary Simulation

Now, the question that we seek to ask is: Given that Cogito sees a red splotch in the
mirror (= in his reflection), what is it that is cognitively necessary for the agent to:
believe that he himself has a red splotch on his head, and then remove the splotch?
We can assume that the visual processing of face detection and splotch detection on
the face is carried out by lower level systemsEl

All formulae hence-forward are assumed to be in Lcogito. To facilitate discussion
and to refer to formulae in text and formal reuse of formulae, we label formulae;
for example, Label : o denotes a formula o labeled with Label. Now, suppose we
have the following proposition inferred at time o by a lower-level sensory system:

Perceivegpiotcn : P(I,now,3x : Agent. red-splotched (x))

This formula states that at time 7y Cogito sees that there is an unnamed agent which
has a red splotch on its head. We need to infer the following formulae at some #; and
1 respectively (with tp > 11 > tg):

Believespiotch : B(l, now, red-splotched (1))

Intendyipe : I(l, now, happens(action(lx, wipe-fore-head (1)), now))

The first proposition states that the Cogito believes that he himself has a red splotch;
note that this is a de se belief. The second proposition states that Cogito intends now
(in the sense of intending to act) to wipe his own forehead now.

7 We are using OpenCV [6] for face detection.
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We now pose our question more succinctly: What is a realistic set of formulae I'
such that:

I'+Perceivespiotcn ’_Cogito Believespiotch /A Intendyipe

Figure [ shows the set of axioms I'j that we have used in a preliminary simulation
of Cogito, in which passing of the test is secured. We also have axioms connecting
beliefs, desires, and intentions not shown here; a general theory of these can be
found in Woolridge’s book [26]].

Imitation If I see another agent a perform the same actions as me twice concurrently,
then I know that the other agent is my mirror reflection

Imit : V(t1,%2 : Moment, a : Agent,act1, acts : Action)
(K(I, t1, happens(action(l, acty),t1)) A K(I, t1, happens(action(a, act1),t1))

K(I, t2, happens(action(l, actz), t2)) A K(l, t2, happens(action(a, acts), tz)))

— K(I, now, mirror(l, a))
‘Wave Left I know that I wave left at time ¢; and I can perceive this action of mine.

Waveiesy : K(I, 1, happens(action(l, wavees:), t1))A
P(l,t1, happens(action(l, waveeyt), t1))

‘Wave Right I know that I wave right at time ¢2 and I can perceive this action of mine.

Waverign: : K(I, t2, happens(action(l, wave,ignt), t2))A

P(l, t2, happens(action(l, waverignt), t2))

Mirror Physics If I see another agent a with a red splotch on its head, and if T believe
that the other agent is my mirror reflection, then I believe that I too have a red
splotch.

PhysicSnirror : V(a : Agent)
(P(I7 now, holds(red-splotched(a), now)) A B(l, now, mirror(l,a)))
— B(l, now, holds(red-splotched(lx), now))
Wipe Action I know that if I myself wipe my own forehad, the splotch will be gone .

Wipeaction : K(I, now, terminates(action (I, wipe-fore-head (1)), red-splotched(lx), now))

Planning A simple planning axiom.

Planning : V(f : Fluent, v : ActionType)
I(l, now, —holds(f, now)) A K(I, now, terminates(action(l*, ), f, now))

— I(l, now, happens(action(lx, o), now))

No Splotch I do not want the splotch.

Nogproten : V(t : Moment)D(l, ¢, ~holds(red-splotched(lx),t))A
B(l, ¢, ~holds(red-splotched(lx),t))

Fig. 3 Propositions Used in the Mirror-Test Simulation
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(setf
(gethash 'know-other-is-me *mind*)
(!'modus-ponens (!'uspec *imitation-axiom*
(list (%'t1) (%'t2) (%'other) (%'wave-left)
(%'wave-right)))
(!'both
(!'"left-and *wave-left*)
(!'dr4 (!'right-and *wave-left*))
(!"left-and *wave-right*)
(!'dr4 (!'right-and *wave-right*)))))
(!'dr5 (gethash 'know-other-is-me *mind*))
(!'snark-prove
($ (believes ,(% 'I) now Cholds (red-splotched (* ,(% 'I))) now)))
(list *mirror-physics* *see-red-dot* (!'dr5 (gethash 'know-other-is-me
*mind*))))
(! 'modus-ponens
(!'uspec *planning-axiom-simple* (list (%'(red-splotched (* I)))
(%' (wipe-fore-head (* I)))))
(!"both (gethash 'intends-to-remove-splotch *mind*) *wipe-action* ))

Fig. 4 Cogito Removing the Dot and a Part of the Simulation

We now go through the axioms. Consider two possible situations: If we assume
that the agent under consideration can recognize his own self-image in the mirror,
then a part of the problem is trivially solved. The situation gets much more realistic
if we assume that the agent cannot instantaneously recognize itself. This can be the
case for non-humans, artificial agents, and children who are just beginning to rec-
ognize their self-images — or even for adult humans under peculiar conditions; for
instance under amnesia when looking at a mirror which is not distinguishable from
its surroundings. Such “compromised” agents usually experiment in front of the
mirror by performing actions to see whether or not the image imitates themselves.
This goes on for some time, and then there is an act of recognition based on the
image repeating the agent’s actions. (See [18]] for experiments and discussions on
these issues in children.) We consider the case of an agent that has to learn through
imitation that an agent it is perceiving is its own mirror image. We could say that if
an agent a knows that some other agent a’ performs the same actions as this agent,
then a knows the other agent is its mirror image. This then gives rise to the Imit
axiom shown in Figure

Asendorf et al. have shown in [5]] that children can fail to pass the test if they have
no intention of removing the splotch. To model this, we include the axiom Nogp1otcn,
which captures Cogito’s desire to not have the red splotch on him.

We also need to assume that Cogito has some knowledge of the external world;
that is, knowledge concerning some physics of the world formalized via the Event
Calculus (see [17]). Very trivially, Cogito should know that the action of removing
the splotch from and by himself leads to the fluent red-splotched(1x) not holding.
We also need to account for the agent’s knowledge that properties that hold for its
mirror image hold for itself too.

I'; is sufficient to pass the test: Figure @] shows Cogito about to remove the
splotch, and a part of the semi-automated proof used in the simulation. The sim-
ulation was implemented as a semi-automated denotational proof system (see [1]])
on top of the SNARK automated theorem prover (see [24]]).

One can object that a lot of assumptions about the agent have gone into our
modeling. We note that these assumptions are usually extant under the surface in
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current Al research; our modeling has brought forward those assumptions for further
scrutiny and study. Some of the assumptions are:

1. The agent is a well-formed agent in that it has a coherent set of propositional attitudes;
it doesn’t have contradictory intensions.

2. The agent has an underlying well-formed physical model of the world, realized in our
example through the event calculus.

3. The agent’s propositional attitudes are connected with the knowledge of the world via
planning axioms.

Our solution also assumes that the agent has enough knowledge about mirrors,
self reflection, and actions; this models a grown human, or an animal which has
“learned” about mirrors. Our next step in this process is to model a child which
learns about mirrors and then passes the test. A more advanced simulation would
start with a less advanced agent, one just starting to learn about the world, and then
proceed to the mirror test after acquiring I'y.

7 Conclusion

As part of the research thrust 77, aimed at responding favorably to the driving ques-
tions Q; and @ that motivate our attempt to set out a modern geography of minds,
machines, and math, we have presented augmentation of the C’E( that enables us to
model robust de se beliefs. Specifically, this augmentation enabled us to construct a
preliminary simulation of an agent that verifiably passes the mirror test. This brings
the C‘’EC one step closer to the goal of being a comprehensive meta-logic for natural
language, despite the many intensional operators that — in a logicist approach — are
found in such language. A detailed comparison with extant systems, such as SNePS,
on the six desiderata, is the next step forward in planned future work. But we will
continue augmenting the C‘EC beyond this step, to proceed further along 7;. After
comparison, the next step will be to complete specification of our “argument-based”
formal semantics, which as we have said steers clear of possible worlds.

References

1. Arkoudas, K.: Denotational proof languages. Ph.D. thesis, MIT (2000)

2. Arkoudas, K., Bringsjord, S.: Metareasoning for Multi-agent Epistemic Logics. In: Leite,
J., Torroni, P. (eds.) CLIMA 2004. LNCS (LNAI), vol. 3487, pp. 111-125. Springer,
Heidelberg (2005)

3. Arkoudas, K., Bringsjord, S.: Toward Formalizing Common-Sense Psychology: An
Analysis of the False-Belief Task. In: Ho, T.-B., Zhou, Z.-H. (eds.) PRICAI 2008. LNCS
(LNAI), vol. 5351, pp. 17-29. Springer, Heidelberg (2008)

4. Arkoudas, K., Bringsjord, S.: Propositional attitudes and causation. International Journal
of Software and Informatics 3(1), 47-65 (2009)

5. Asendorpf, J.B., Warkentin, V., Baudonniere, P.M.: Self-awareness and other-awareness
II: Mirror self-recognition, social contingency awareness, and synchronic imitation. De-
velopmental Psychology 32(2), 313-321 (1996)



Toward a Modern Geography of Minds, Machines, and Math 165

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Bradski, G., Kaehler, A.: Learning OpenCV, 1st edn. O’Reilly Media, Sebastopol (2008)
Bringsjord, S.: Declarative/Logic-Based Cognitive Modeling. In: Sun, R. (ed.) The
Handbook of Computational Psychology, pp. 127-169. Cambridge University Press,
Cambridge (2008)

Bringsjord, S.: The logicist manifesto: At long last let logic-based Al become a field unto
itself. Journal of Applied Logic 6(4), 502-525 (2008)

Bringsjord, S., Ferrucci, D.: Logic and artificial intelligence: Divorced, still married,
separated..? Minds and Machines 8, 273-308 (1998)

Bringsjord, S., Taylor, J., Shilliday, A., Clark, M., Arkoudas, K.: Slate: An Argument-
Centered Intelligent Assistant to Human Reasoners. In: Grasso, F., Green, N., Kibble, R.,
Reed, C. (eds.) Proceedings of the 8th International Workshop on Computational Models
of Natural Argument (CMNA 2008), Patras, Greece, pp. 1-10 (2008)

Castafieda, H.N.: ‘He’: A study in the logic of self-consciousness. In: Hart, J.G., Kap-
itan, T. (eds.) The Phenomeno-Logic of the I: Essays on Self-Consciousness. Indiana
University Press, Bloomington (1999)

Grove, A.: Naming and identity in epistemic logic part II: a first-order logic for naming.
Artificial Intelligence 74(2), 311-350 (1995)

Grove, A., Halpern, J.: Naming and identity in epistemic logics part I: the propositional
case. Journal of Logic and Computation 3(4), 345-378 (1993)

Hardegree, G.: Introduction to modal logic. This is an on-line textbook available (2011),
http://people.umass.edu/gmhwww/511/text.html|(February 2012)

Keenan, J., Gallup, G., Falk, D.: The face in the mirror: The search for the origins of
consciousness, 1st edn. Ecco (Harper Collins), Publishers, New York City (2003)
Kolmogorov, A., Uspenskii, V.: On the Definition of an Algorithm. Uspekhi Matematich-
eskikh Nauk 13(4), 3-28 (1958)

Mueller, E.: Commonsense reasoning, 1st edn. Morgan Kaufmann, Waltham (2006)
Nielsen, M., Dissanayake, C.: Pretend play, mirror self-recognition and imitation: A lon-
gitudinal investigation through the second year. Infant Behavior and Development 27(3),
342-365 (2004)

Pappas, G., Swain, M.: Essays on knowledge and justification. Cornell University Press,
Ithaca (1978)

Prior, H., Schwarz, A., Giintiirkiin, O.: Mirror-induced behavior in the magpie (pica
pica): evidence of self-recognition. PLoS Biology 6(8), €202 (2008)

Rapaport, W., Shapiro, S., Wiebe, J.: Quasi-indexicals and knowledge reports. Cognitive
Science: A Multidisciplinary Journal 21(1), 63—-107 (1997)

Russell, S., Norvig, P.: Artificial Intelligence: A Modern Approach. Prentice-Hall, Upper
Saddle River (2002)

Smith, P.: An Introduction to Godel’s Theorems. Cambridge University Press, Cam-
bridge (2007)

Stickel, M., Waldinger, R., Lowry, M., Pressburger, T., Underwood, I.: Deductive compo-
sition of astronomical software from subroutine libraries. In: Proceedings of the Twelfth
International Conference on Automated Deduction (CADE-12), Nancy, France, pp. 341—
355 (1994), SNARK can be obtained at the url provided here,
http://www.ai.sri.com/~stickel/snark.html

Takeno, J., Inaba, K., Suzuki, T.: Experiments and examination of mirror image cognition
using a small robot. In: Proceedings. 2005 IEEE International Symposium on Computa-
tional Intelligence in Robotics and Automation, CIRA 2005, pp. 493-498. IEEE (2005)
Wooldridge, M.J.: An Introduction to Multiagent Systems. John Wiley & Sons Ltd., The
Atrium (2002)


http://people.umass.edu/gmhwww/511/text.html
http://www.ai.sri.com/~stickel/snark.html

Practical Introspection as Inspiration for Al

Sam Freed

Abstract. Al has progressed less than other fields of information technology due
to a conceptual impasse. Though much effort has been employed to overcome this
situation, often it has been from a restricted point-of-view e.g. philosophy alone or
algorithms alone. This paper argues for (and exemplifies) an inter-disciplinary tac-
tic for advancing the field of Al that integrates introspection with programming.
The paper has two parts: The first outlines an introspective approach that has been
largely overlooked and answers some of the (rather heated) arguments that have
caused introspection to be sidelined. The second part offers a practical application
of this approach - presented as an algorithm.

1 Introduction

The gulf between philosophical and technical notions of Al is part of a more gen-
eral cultural malaise of the last two centuries. Snow (1961) diagnosed a split be-
tween two distinct cultures, “literary intellectuals at one pole - at the other scien-
tists ... Between the two there is a gulf of mutual incomprehension — sometimes
(particularly amongst the young) hostility and dislike”. The gulf between (some)
philosophers and Al practitioners' arises specifically from their commitment to
different notions of exactitude. Phenomenologists look to describe Human thought
processes as accurately, as truly, as “just so” as possible, and for this purpose they
even go to the lengths of inventing new languages of exactitude (see especially
Heidegger 1962). I will call this requirement “accuracy”. Programmers require a
very well defined sort of exactitude — when programming a computer every term
must mean precisely one thing and not another. This results from the way the un-
derlying electronic circuits (and mathematical models) are designed: with fully
distinct states, iterations and instructions. I will call this requirement “precision”.
Note that programmers too have invented their own programming languages. Both
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sides of this cultural gulf shun common English (or German) because of their re-
spective commitments to two very different types of exact truth.

Within the part of the Al community that takes introspection seriously at all,
there is a schism between technologists who use rudimentary (and usually wildly
optimistic) introspection, and the Phenomenologists (such as Dreyfus 1979) who
are so possessed by the need for accuracy in describing the human condition that
they ignore the fact that Al is a technology, where precise code must be written for
anything to be tested.

I contend that a practical middle ground on introspection could lead to useful
Al and to a better understanding of the mind. A more accurate level of introspec-
tion than the technologists have produced so far will allow us to expose (some ap-
proximations of) the sub-verbal Human thought processes. This level - though not
using words for all concepts (but rather imagery and/or rough pointers) - still
maintains patterns precise enough to be modelled on a computer.

I propose that Al based on introspective models would have the following
benefits:

1. As a Human-like technology, its function and considerations would be
more transparent to Humans. This would allow for smoother interac-
tion and easier integration of robots into the community.

2. They would produce more interesting ‘life-like’ models of the human
mind.

3. By simply being a radically different approach, some of the previously
difficult problems in AI may become more tractable.

2 Introspection, Science and Technology

2.1 Background

Introspection was used as one of the first methodologies in scientific psychology
by Wilhelm Wundt (Boden 2006), but was declared an anathema to scientific psy-
chology in the founding papers of behaviorism (Watson 1913). The rejection of
introspection was as a source of scientific facts, and with this position I have no
argument.

Let us take a short detour into philosophy of science, where a distinction is
made between the context of discovery and the context of justification (Hoynin-
gen-Huene et al 2006). The context of discovery is where a scientist’s ideas come
from: it can use anything as inspiration: a falling apple, even a dream. The context
of justification is where a scientist must be methodical, empirical, etc.

Looking at introspection as a tool for discovery rather than for justification one
can see no reason to reject it, for in the context of discovery anything and every-
thing goes. This holds also for discovery in technology — in technology if some-
thing works, that is good enough — and “good enough™ is both good (if the

* Thanks go to Oren Tirosh for this point, to Eli Sandler for uncountable discussions and to
my numerous friends, colleagues and reviewers for their comments on this paper.



Practical Introspection as Inspiration for Al 169

technical requirement has been met), and enough (as it is not the role of technol-
ogy to solve issues of science or philosophy). So since AI’s interest is both in de-
veloping software as a technology and in developing fentative models for the
study of the mind, introspection should have its fair hearing.

Introspection was used during the formative years of GOFAI (Solomonoff
1968): Newell and Simon (1976) explained how they had formed their ideas about
chess-playing machines using introspection. However, their introspection was
“optimistic”, in that they described their method of solving the problem of chess
not in a natural, human way, but in an idealized manner; A manner in which they
seem to have never made mistakes - as if they were rational (and infallible?) in all
their thoughts (later the common-sense movement moved away from GOFAI’s na-
ive exaggeration of the role of logic in thought)®.

Introspection is also the basis of phenomenology. Dreyfus, its chief proponent
for Al, is a fixture in the AI world (McCorduck 1979). However, Dreyfus’s
standards on phenomenological accuracy are so high as to be technologically im-
practical. The descriptions required by phenomenology are not couched in a ter-
minology that makes sense to a programmer: a computer program has to be 100%
specific, clear and precise. Phenomenology aims to describe our subjective expe-
rience of our own mind as accurately as possible, but these are different types of
exactitude. In fact, it is Dreyfus’s main argument that human thinking (described
accurately) cannot in principle be programmed because of this mismatch. Surpri-
singly having made this claim, central to his book (1979), Dreyfus goes on to sur-
vey various programming efforts towards “Heideggerian AI” and critiques them
individually (2007).

2.2 Practical Introspection

We have seen an inherent conflict between introspective, subjective accuracy on
the one hand, and the objective precision of programming on the other hand. How
can we turn this impasse into an opportunity? I propose a medium-accuracy
approach to Introspection — neither optimistically naive (Newell & Simon), nor
phenomenologically accurate (Dreyfus) — but practical, and therefore necessarily
approximate. If we can describe our thought-processes even inaccurately in termi-
nology that is precise enough to be programmed, then we have a source of inspira-
tion, of ideas, for (a) technologies and (b) tentative models of cognition, the two
central roles of Al

Here is an example of the sort of observation that is useful, and all-too-often
discarded. Papert, in an interview given to McCorduck (1979), mixes some perti-
nent observations with beautiful introspection:

“We are to thinking as Victorians were to sex. We all know we have these horrible
moments of confusion when we begin a new project, that nothing looks clear and
everything looks awful, that we work our way out using all sorts of odd little rules of

° The idea of a computer-system “introspecting” itself is the idea behind various tools to
help manage computer systems — to resolve various bottlenecks and sub-optimal function-
ing, and also in the field of computer forensics (Hay & Nance 2008).
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thumb, by going down blind alleys and coming back again, and so on, but since
everyone else seems to be thinking logically, or at least they claim they do, then we
figure we must be the only ones in the world with such murky thought processes. We
disclaim them, and make believe that we think in logical, orderly ways, all the time
knowing very well that we don't. And the worst offenders here are teachers, who
present crisp, clean batches of knowledge to their students, and look as if they
themselves had learned that knowledge in a crisp, clean way. It didn't happen that
way, but the teachers don't admit it, and the students groan inwardly, feeling so
hopelessly dumb”.

In what I called “optimistic introspection”, as in much of GOFAI, the problem
space is first formalized, and then a formal solution is found and programed. This
is the origin of a great number of Al systems that boil down to some sort of so-
phisticated data structure, which can be later searched (e.g. Deep Blue). In intros-
pection, conversely, we seek to solve any problem informally first, as common
human beings, and only later try to formalize and program the verbiage that is de-
rived from this introspection. It is possible that this difference of approach will be
a source of solutions to problems that have so far been unbreakable.

Introspection can be augmented with observation — the point here is not to
found a new creed: “Only Introspection!” - but to find as many programmable
models of the actual rather than the idealised mind, that are novel, useful as tech-
nology, and/or lead us closer to having the building blocks for an understanding of
the mind.

2.3 Arguments for and against Introspection

A sceptic would argue that the mental as exposed by introspection is not what is
really going on — what is really going on is in the (very incompletely understood)
“wetware”, as explored by neurology (Libet et al 1983). This hits at the heart of
the schism between the introspection-loving phenomenologists and the hard scien-
tists. This position also threatens to open up the whole Mind/Body-problem can of
worms.

I do not wish to take sides in this schism but to see what benefit may be had in
some middle ground — without any metaphysical commitments. This may well be
a very narrow middle ground, but I am confident that it contains useful and inter-
esting ideas for the field of Al

The difference between the mental-phenomenological and the physical-
scientific worlds is a difference of category (see Descartes’ dualism), but I will
leave that debate to the metaphysicians for now.

I wish to take a more pragmatic line here, and accept that there are distances
between (a) what is going on and our subjective experience of it, and (b) our sub-
jective experience and our verbal description. However, these distances are not in-
surmountably large. If this were not true we could not teach each other mental
tricks like mnemonics, arithmetic (think of long division) or “mental chess” using
language. So I can accept that distances (a) and (b) exist and may be huge, from a
scientific point of view, but my contention is that they are not so large as to make
introspection “noise”.
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Moreover, Libet's experiment (1983) has shown the primacy of the neuro-
electrical over the intentional only in short-term decisions. Pacherie & Haggard
(2010) argue that intention, planning, and other purely mental activities are the on-
ly available explanation we have for how Humans conduct themselves in the me-
dium term.

It is difficult if not impossible to factually separate “good” from “bad” intro-
spection. Who can say what is going on in someone else's mind? However, the
proof of the quality of the introspection (in this context) can be judged by the fe-
cundity of the resulting Al algorithms. Again, I am not arguing for introspection
as a source of facts, but of ideas — of inspiration. Ultimately the proof of practical
introspection will be in the resulting algorithms.

3 Examples of Observations

Let me now turn to the second, more practical part of this paper.

Here are two examples of my own introspective description of my thought
processes, which I have checked informally with several others who testify to hav-
ing similar observations. It is on the basis of this informal verification that I use
the plural “we” and not the singular “I”. Later in this paper these descriptions will
be used as a basis for an algorithm.

3.1 Informal Temporal Sequences - Sounds Right?

We think, speak and operate in sequences, that we learn from imitating others or
from our own experience. We reconstruct each sequence from our own recollec-
tion of a past time in which that sequence occurred. These sequences underlie our
habits (of thought and action) - we continue using them as long as they work well.

For example (without entering into any debates with Chomsky) syntax is a
template, a sequence, in that the same structure can work for this noun or that, this
verb or that, etc. As syntax is a template for words that produces sentences, music
is a sequence of tones that produces phrases, a recipe is a sequence to make a
cake, and our daily habits are sequences of small actions building complex ac-
tions. We all have sequences for wiping down a table with a cloth (are you the
type that lets the crumbs fall off the edge?). Nested habits are similar to recursion
(in the linguistic sense) in syntax, but less formal, and with finite (single decimal
digit) depth.

A main characteristic of these sequences is that they (and the template they
“represent”’) unfold in time — with certain prosody. Prosody is a combination of
the rhythmic, temporal elements with stress and intonation. In our case, the pros-
ody extends not only to speech but also to action: it too has a tempo, stress, and
some equivalent of intonation. These elements are present also in pre-verbal rea-
soning and in habits. An interesting piece of evidence pointing in this direction is
our use of “sounds right/wrong” or “rings true” when evaluating ideas. Does the
idea match a pattern? Does it “sound right”?
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3.2 Multiple Chains of Thought

We think in time, but more than one temporal sequence is present in our mind at
any moment. These can be finitely nested (“recursive”), a habit of going to work
in the morning is part of a usual daily sequence, but “going to work” is in itself a
compound and so on. Moreover, we also do or think of several things at once, of-
ten with some “crosstalk” between the tasks. This is similar to multi-threading in
operating-system design, in that the various “threads” can work together (as op-
posed to multi-tasking, where each task lives in its own separate memory-space).
These concurrent sequences do not usually have a prominent starting or finishing
point — they seem to emerge and submerge pretty unconsciously. Some of the
thoughts are “consciously experienced” and hence the event of having thought X
can become an input to other thoughts.

We have explored some introspective observations about exactly how we think.
Now I will turn to some supporting arguments, and then I will show an algorithm
derived from these observations.

4 Supporting Evidence from Philosophy & Education

As argued above, introspection should be counted as a legitimate source of inspi-
ration for Al, without any further justification. However, in this case there are two
reasons to seek supporting evidence for the proposed model from places other than
introspection.

First, the effort (and hence costs) involved in programming a new model may
be significant. The effort of formalizing ephemeral introspection (couched in in-
formal language) into precise algorithms is significant, and then there is the actual
time taken programming and debugging a new model. Some weeding out of the
wilder ideas is warranted on these economic grounds alone.

Second, in the context of the current paper (proposing what for many may be an
objectionable model based on an objectionable approach) it is of value to see how
these ideas are supported by more conventional arguments.

Beyond introspection, support for the existence of a sub-verbal multi-sequence-
based infrastructure underlying our mental life comes from two arenas of educa-
tion in which mistakes are often made: logic and mathematics.

4.1 Fallacies and Errors

Logic and fallacies have the same form, of “thought templates”. There is no rea-
son to believe that the structural underpinnings of correct, logical thought and of
incorrect, non-logical thinking (fallacies) are different. This underlying capacity
for logical (and illogical) sequences is also the basis of our skills in mathematics,
and Papert's murky “rules of thumb” (section 2.2 above).

Education is the process of training in the use of logic and not fallacies. Socra-
tes spent many a day convincing people of the advantages of logic over their pre-
vious thought-habits — that is an educated distinction, not an inbuilt one.
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Let us look at some of these fallacies, and how common they are:

Affirming the consequent

1. If P, then Q.

2. Q.
3. Therefore, P.

When presented as logic, this is manifest nonsense. But if I were to say: “If I win
the lottery, I'll be rich”, and a week later I would say: “I'm rich”. Would that not
lead many to suppose that I have won the lottery?

Politician's Fallacy:

1. We must do Something.
2. X is Something.
3. Therefore, We must do X.

Appeal to consequence (Argumentum ad bacalum):

1. If X accepts P as true, then Q.
2. Qs a punishment on X.
3. Therefore, P is not true.

This can explain a lot of education - consider this conversation in kindergarten:

1. Child: two plus two is a lizard.
2. Adult: Two plus two is four.

And then the adult continues with one of: (a) “You should know that!” or (b) “If
you say that again then Q!” Which are one and the same thing — threatening a
child with ridicule, or other consequences.

Mal-Rules

The phenomena of mistakes amongst the young is not constrained to logic vs. fal-
lacies, but is also found in mathematics. In the field of computer-based education,
there is an effort to model and understand “mal-rules” — the “rules” of algebra that
secondary school students “assume” in their erroneous assignments. These mal-
rules are described in formulae such as “(N-TO_RHS ADD SUBTRACT
SOLVE)” (Moore & Sleeman 1988).

From a Darwinian point-of-view, the infrastructure of being able to think, even
using flawed structures, seems to be sufficient to human success - people who are
not well educated are not a dying breed.

Having seen the promise of thought-sequences from various angles, we are now
ready to demonstrate programing this model.
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5 Example Algorithm

Without detracting from the general case for introspection, or from the generality
of the model of “multi-threaded sequences”, here is an example of an algorithm to
learn to play games. Below I will discuss how it differs from existing approaches
(Freed 2011).

Broadly, a robot is situated in a game, with inputs relating to the state of affairs
and the score. After acting pretty much at random, a certain amount of expe-
rience, encoded in a length of memory, is accumulated. The algorithm maintains a
set of “Lines of thought” - essentially episodes from the past that are “borne in
mind” - considered as alternative “Lines” of action. When inputs enter the system,
the relevance-score of the Lines is updated. “Relevance” can be seen as an accu-
mulation of similarity over time (in the past) — the longer a certain episode (or
“Line”) is reckoned to be similar to the current unfolding events, the more relevant
it becomes. When an output is to be generated, the Lines in the table are sorted
based on their respective “prediction” of the value of the outcome (derived from
score-events in the “future” part of each sequence). The output is used thus: the
best Line is re-outputted in 1/2 of the cases, the second in 1/4, the third in 1/8 and
the fourth in 1/16 of the cases. In the remaining 1/16 of the cases a random action
is selected.

Note that “Lines” do not have predetermined beginnings or ends — when a situ-
ation (in present) is similar enough to a situation in the past (and there is room in
the table) — that moment in the past becomes “the beginning” of a Line in the ta-
ble. Lines “end” by becoming less relevant, crossing a certain threshold, and being
dropped from the table. The Lines are used as rough predictors of the future, based
on that particular episode in history.

To reiterate the algorithm more formally:

1. All “personal history” of a particular run is saved — this includes input, output,
and score events.

2. The algorithm maintains a Table of several Lines (think of these as “Lines of
thought” - these are the “threads”), each Line referring to a moment in the His-
tory, which corresponds to the current time in the historical sequence. These
pointers move forward in time in sync with the present time. A typical run
would have 30 Lines.

3. Each Line contains a (continuously updated) score as to how relevant (similar
to current events) that Line is.

4. The least relevant Lines are discarded, and newly relevant Lines are added, as
current events unfold and relevance-scores are updated.

5. Actions are selected (stochastically) from the various Lines based on the desir-
ability of the consequences predicted by every Line - hopefully the forthcoming
events will be at least as successful as the historical episode (from the Line se-
lected). For example, there is a 1-in-2 chance of selecting the most successful
Line, failing that again 1-in-2 for the second Line, the same for the third and
fourth. If a Line is selected, the action taken in that past situation is replicated.

6. If none of these four Lines are selected a random action is taken - this enables
experimentation, learning and improvement.
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There are many possible variants of this algorithm, and many parameters like the
size of the table, various thresholds etc. that would affect its behaviour.

6 Comparisons to Existing Techniques

Again, without detracting from the general case for introspection-inspired algo-
rithms, the similarity and differences of this particular idea vis-a-vis existing tech-
nology are as follows:

6.1 Reinforcement Learning (RL)

If we assume that a situation is reducible to a finite amount of states (a Markov
model), then it is known (Sutton & Barto 1998) that using RL it is possible to pro-
duce an optimal pattern of action based on the data collected, and hence would
perform better (or equal) to any other algorithm.

The main differences between the proposed algorithm and RL would be: First,
the above algorithm does not necessarily reduce its world to an integer and (small)
finite number of states, as RL presupposes (and Dreyfus 1979 objects). Second,
the proposed algorithm’s tendency to continue along lines that have accumulated
“relevance”, leads to a certain inertia, that is absent in RL. This would (from an
optimality point-of-view) count against this proposal in favor of RL — but from the
point-of-view of similarity between man and machine this tendency is an
advantage.

6.2 Case Based Reasoning (CBR)

In CBR, the algorithm searches for the best match between the case at hand and a
library of cases, and executes the best solution it can find (possibly with some ad-
aptations). In some implementations the solution is executed to completion with-
out a re-evaluation of the situation, while in other implementations CBR is used to
re-solve a problem with every new input. In both cases, this is a deterministic al-
gorithm that always follows the best known solution. Every new situation is
evaluated on its own merits.

In the proposed algorithm the choice of action is influenced by the previous
context. The algorithm could be said to be in a “mind-set” in that the lines of
thought are not replaced instantly from one iteration to the next, but reduce or in-
crease in relevance over time. Also, the action is not selected necessarily from the
best possible scenario (sequence or Line) but may be selected from the second, the
third (etc.) Line, or even at random. This behaviour more closely replicates hu-
mans' shakeable but nonetheless rather adamant commitment to their existing
course of action. It also allows for novelty and experimentation. For the outside
observer, this would seem both more intent (from the commitment to the existing
mind-set) and more experimenting (from the random element).
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7 Summary

This paper demonstrates that introspection is a legitimate and interesting source of
inspiration for Al and hints at the need to review why and how useful approaches
have been discarded as “unscientific”.

Algorithms based on introspection will, by design, operate in a more “Human-
like” manner than, for example “Deep Blue”, CBR, RL, or other mathematically
sound systems. There is no reason to believe they would be faster, or more effi-
cient in any mathematical measure than existing algorithms; the benefit lies else-
where: Robots acting in a human-like manner would make it easier for humans to
understand the robots’ actions. Having a similar underlying architecture would al-
so hopefully allow in the future the converse - machines understanding humans
better.

One can also hope that in altering our approach so fundamentally we may be

able to make tractable problem spaces that up until this point were difficult if not
impossible to make progress in.

By integrating philosophical arguments with specific proposed algorithms in
the same paper it is hoped that the value of an interdisciplinary approach has be-
come transparent.
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“Computational Ontology and Deontology”

Raffaela Giovagnoli

Abstract. I’ll discuss an interesting argument from the recent book of John Searle
Making the Social World (Oxford 2010) that tries to consider the construction of a
society as an “engineering” problem and concludes that deontology works against
the “computational” or “algorithmic” view of consciousness. I'll introduce the
notion of “consciousness” and the sense in which Searle uses the term (1); I'll
sketch Searle’s argument against the computational model (2) and I'll criticize
Searle’s reasons to warrant his criticism and I try to introduce a “compatibilist”
view of human and artificial minds (3).

Keywords: Ontology, deontology, consciousness, computationalism, free will,
autonomy.

1 Consciousness

“Consciousness” is one of the main philosophical problems and requires a fruitful
connection with science (namely it can be investigated in an interdisciplinary
way). In Contra Gentium Aquinas showed that consciousness, means simple
awareness. Consciousness entails the application of knowledge to something:
conscire means almost simulscire. Consciousness does not indicate a habit or a
special potentiality rather the very act that applies a habit or notion to a particular
act. It is so directed to establish, first, whether an act existed or not and, second,
whether it was just or unjust. It requires the application of objective knowledge
(science) so that consciousness loses its primacy to have access to reality. Our
mind knows itself because it knows its very existence namely it perceives its very
activity.

It is not a matter of the classical “philosophy of consciousness” which rests on
the individual self-reflection to discover testimony of an original structure of
reality (Plotin, Christianity, Descartes, Hume, Husserl). In this sense, Hartmann
and Heidegger presented an objective alternative of intentionality to underscore
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that consciousness does not possess things but representations, images and
conceptions that can be true only if it transcends itself toward an object which
exists out of itself. Ryle favored a sort of self-knowledge that is not privileged,
direct and truthful; rather it is knowledge we can have of whatever thing.
Moreover, language becomes a privileged medium to discover self-knowledge.
Along this line, the perspective of Dewey is very interesting and promising
because it presents a functional notion of consciousness as a source of ideas and
directions that deserve to rectify and modify an actual situation in a social context.

The contemporary debate shows that there is not a univocal meaning of the
term “consciousness”. It can be used in different ways:

- To refer to our awareness of certain events or processes

- To refer of our awareness of our self (self-consciousness)

- To refer to distinguish between waking and sleeping states

- To grasp the religious sense of the soul

- To refer to psychoanalytic distinction between conscious and unconscious
dimensions

- To grasp the subjective qualities (qualia) of experience

- To refer to the capacities for developing representational states with
intentional content.

Searle intends consciousness in this latter sense that entails the “representation” of
intentional states such as beliefs and desires. According to Searle: “Consciousness
consists of inner, qualitative, subjective states and processes of sentience or
awareness. Consciousness, so defined, begins when we wake in the morning from
a dreamless sleep and continues until we fall asleep again, die, go into a coma or
otherwise become ‘unconscious’. It includes all of the enormous variety of the
awareness that we think of as characteristic of our waking life” [1, p. 559].

Searle says that consciousness possesses an “essential” feature namely the
combination of ‘“qualitativeness”, “subjectivity” and “unity”. Qualitativeness
indicates that for every conscious experience there is something that it feels like,
or something that it is like, to have that conscious experience. Subjectivity means
that conscious states exist only when they are experienced by some human or
animal subject, namely they are essentially subjective. We notice that
qualitativeness implies subjectivity because to have a qualitative feel to some
event there must be some subject that experiences the event. Consequently, there
is the “first person ontology” as opposed to the “third person ontology” of
mountains and molecules, which can exist even though no living creatures exist.
Lastly, all conscious experiences come as part of one unified conscious field.
Unity is already implicit in subjectivity and qualitativeness; they give the state a
particular form of unity. Unity is the main topic of some important contemporary
studies such as the study of the split-brain patients (Gazzaniga) and the binding
problem (Llinas, Pare, Singer, Gray and Crick).

There are other important features that characterize consciousness. The most
relevant for our discussion is “intentionality” [2] that represents the way in which
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conscious states are directed towards objects and state of affairs in the world. We
notice that conscious states have a “referential content”: beliefs, hopes, intentions,
fears, desires and perceptions are all intentional. Other features which plays a role
in Searle’s account are: the distinction between the center and the periphery of
attention, the mood of human conscious experience, the pleasure/unpleasure
dimensions, the Gestalt structure and familiarity [3].

2 Searle against Computationalism

Notoriously, Searle underscores these characteristics of consciousness to criticize
behavioristic and computational perspectives. The famous “Chinese room”
thought experiment [4] aimed at showing that computation is defined syntactically
as symbol manipulation and this model does not work for consciousness because it
is not sufficient to grasp the sort of semantic content of mental states (conscious or
unconscious) namely, the “first person ontology’. Moreover, the very syntax is
observer-relative namely it does not posses any intrinsic physical property.
Consequently, Searle clarifies another point relevant for our discussion: “So the
question ‘Is consciousness a computer program?’ lacks a clear sense. If it asks,
‘Can you assign a computational interpretation to those brain processes which are
characteristic of consciousness?’ the answer is: you can assign a computational
interpretation to anything. But if the question asks ‘Is consciousness intrinsically
computational?”” The answer is: nothing is intrinsically computational.
Computation exists only relative to some agent or observer who imposes a
computational interpretation to some phenomenon. This is an obvious point. I
should have seen it ten years ago but I did not” [5, p.17].

The limits of the computational interpretation are further explained in Making
the Social World: consciousness becomes the fundamental condition to “reflect”
on original mental states, namely to form “higher level of representations”.
Deontology is another fundamental aspect of human conscious life, which
represents the bridge between individual and social dimensions. Deontology
requires that the “artificial” system must be able to create desire-independent or
inclination-independent reasons for acting: “unless conscious agents recognize, for
example, a reason for paying their restaurant bills, for not stealing the items in the
museum, and for speaking the truth, restaurants, museums and statements will be
out of business” [6, p. 140].

Deontology is an aspect of human creativity through the performance of speech
acts [7, chap. 4]. For example, the man who says “This is my property” or the
woman who says “This is my husband”, may be creating a state of affairs by
Declaration. A person, who can get other people to accept this Declaration, will
succeed in creating an institutional reality that did not exist prior to Declaration.
We have two cases: first, by Declaration a certain person or object X counts as Y
(status entity with a precise function) in C (context); second, We (or I) make it the
case by Declaration that a certain status function Y (such as corporations or
electronic money) exists in C (context).
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The deontic aspect of the use of language would distinguish therefore humans
from robots. Searle’s criticism to computationalism starts from two imagined
cases: the “society of robots” and the “society for robots” [8, pp. 133-39].

In the “society of robots”, we could imagine a social community of robots, i.e.
a set of “conscious” robots to which we give programs that will respond to
stimulus inputs with the appropriate motor outputs. We could improve the systems
by giving them language, namely a set of symbolic mechanisms for representing
time and space so that they can communicate (volitions and beliefs) about times
and places in different situations. It could be possible to give them mechanisms to
perform various speech acts such as statements, orders, commands etc.

Now a problem arises: in what sense could we say that robots are making
statements, giving orders, or making and keeping promises? Let’s suppose that
robot A is programmed to make a promise as soon as it cognizes a future need on
the part of robot B; namely A is in a certain program state that matches certain
future states of B. The “matching” relation means that A sends a signal to B,
which is systematically related to A’s subsequent behavior. This kind of society
lacks those voluntary actions typical of humans who undertake commitments
entailed by speech acts.

In the “society for robots”, we could imagine a different institutional reality,
namely one that does not allow us the types of free choices we currently have but
is mechanical and algorithmic. The system will not work because people have no
independent motivation for following the rules.

3 A “Compatibilist” View

My criticism aims at weakening Searle’s position. As regards the “society of
robots”, it is agreeable that promise-making presupposes on the part of the
promisor that (a) the promise is not a mechanical (unconscious) emission of words
and (b) the keeping of the promise is not a mechanical (unconscious) operation.
But the way in which Searle describes the speech act of promise presents
ambivalence. On the one side, the description of promise-making aims at
excluding imperfection in speaking the language or physical impediments to
communication such as “deafness” and also parasitic forms of communication
such as “telling jokes” or “acting in a play” [9]. On the other side, the “society of
robots” introduces an important requirement for promising, namely “free will” or
a “sense of the gap” Searle describes as a sort of second-order system of volitions
that gives rise to deontology or desire-independent reasons for action. What is the
nature of the sense of the gap?

In Searle’s terms: “(...) in addition to having beliefs and inclinations, it (the
robot) must have a set of ways of appraising its beliefs and inclinations in light of
its creation of commitments” [10, p. 136].

The sense of the gap gives humans the “experience of freedom” but the fact
that we have it does not guarantee that we actually have free will. But: “ It still
remains an open question whether or not the experiences are illusory” [11, p. 4].

As regards the “society for robots”, we are invited to imagine a society that
does not create motivations for acting; it is a society for people who mechanically
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follow social rules. This kind of functioning is clearly incompatible with humans
who are supposed to make conscious choices and to have the sense of the gap.
Humans tend to break the rules: they need a deontology that “is not part of a
computational ontology”. A kind of “positive freedom”, that on Searle’s account
means the augmentation of our powers by the creation of new enabling systems, is
not enough. The enabling “deontic” systems have to coordinate with our abilities
to act on reasons and many of the reasons in institutional reality are desire-
independent. A deontic system needs agents who possess free will in order to
survive because rules are not “self-enforcing”.

We can find ambivalence also in this case. It is plausible to recognize that
social practices have a normative dimension i.e. adequate rules and norms that we
can change by the active participation in the creation of institutional reality. But,
humans often simply follow them in a mechanical way. This thesis is reinforced
by several arguments from contemporary theories of autonomy; in particular, the
“substantive” ones criticize “procedural” theories such as the theory of Searle by
focusing on the fundamental role of socialization for the development of personal
autonomy [12, chap. 3]. Moreover, substantive theories of autonomy (Wolf,
Stolyar, Meyer, Friedman, Oshana, Benson) advance insightful criticisms to the
primacy of the process of identification (authenticity) based on the approval
(rational or not rational) of motivations for acting. Generally speaking, the
internalization of social norms is compatible with autonomy; it provides the agent
a sort of “platform” from which she can express her point of view.

How can we try to philosophically sketch a “compatibilist view” as regards
autonomy for human and artificial consciousness? I think that we can recall
Searle’s idea according to which we can give also a computational interpretation
of consciousness even if consciousness would not be intrinsically computational.

Let me briefly refer to some ideas from the so-called “analytic pragmatism”
[13]. T think that it represents a view that clarifies what abilities can be
computationally implemented and what are typical of human reasoning.
Moreover, it seems to make compatible deontology and computationalism. The
intentionality of conscious mental states is described here according to a set of
deontic states (commitments and entitlements) and deontic attitudes (recognition
and attribution of deontic statuses). From a pragmatic point of view, we can also
isolate a “wide” notion of autonomy that is bound to the use of vocabularies,
which characterize an “autonomous discursive practice” (to use Brandom’s term).
We advance the hypothesis that there is an essential relationship between
autonomy and the participation to certain rule governed practices.

The wide notion of autonomy emerges from [14, p. 39]:

- basic practices that are “sufficient” to “deploy” a vocabulary

- avocabulary that “specify” the set of practices-or-abilities

- the sufficiency of a set of practices —or —abilities that can be elaborated
into another, by a set of algorithmic abilities that implement that practical
elaboration

- the sufficiency of one vocabulary to “characterize” another (the relation
of being a direct or immediate semantic or syntactic metavocabulary).
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In Brandom’s terms: “Transducing automata are more than merely syntactic
elaborating engines because the stimuli they can respond to and the responses they
can produce are not limited to symbol-types (or sign-types). Depending on the
‘alphabet’ of stimulus- and response-kinds they elaborate, however, they can also
manipulate symbols. But they also allow us to think about symbols in a new way:
still not representationally, not yet semantically, but not just syntactically either.
For we can think of symbols generically as anything that can both be read and
written, that is, recognized and produced. In this broad sense, appropriate to
transducing automata, anything in the intersection S N R of S and R can be used
as a symbol: any stimulus-kind, instances of which the system can produce as
responses” [15, p.39].

The description of the practices-sufficiency gives rise to a ‘“mechanical”
process like a sort of “rule following” that could also characterize, for example,
rituals that possess a certain vocabulary. In this case we have three vocabularies:
V, emerges from basic practices (performance of rituals), V, characterizes V, i.e.
is a syntactic or semantic metavocabulary (describes what we are doing in the
performance of certain rituals) and V; specifies what the system is doing
according to certain rules (specifies the rules that govern the performance of
rituals). Obviously, the result is that what we can elaborate is a procedure that
does not grasp the “content” of individual mental states namely there exist aspects
of them that are not captured by the mechanical process (the first person
ontology).

The practices that can be artificially elaborated are sufficient i.e. “PP-
sufficient” to deploy a particular vocabulary (in our case the vocabulary that
characterizes a certain ritual). But we can ask: are there any practical abilities that
are universally “PV-necessary”?

In Brandom’s words: “inferential practices are PP-necessary components of
every autonomous discursive practice, hence PV-necessary for the deployment of
every autonomous vocabulary, hence PV-necessary for the deployment of every
vocabulary whatsoever. They are universally PV-necessary” [16, p. 41].

Inferential practices are typical of the practice of “asserting’ that is different
from other kinds of broad “linguistic practices”. In this sense, Brandom wants to
overcome the Wittgensteinean conception of “linguistic game” according to which
the concept of game does not have an essence or a definition but it is structured by
family resemblances [17, pp. 39-44]. Moreover, according to the Brandomian
criterion of demarcation of the discursive many of Wittgenstein’s Sprachspiele are
not really Sprachspiele. To recall a famous passage from § 2 of the Philosophical
Investigations: “(...) a language consisting of the words ‘block’, ‘pillar’, ‘slab’,
‘beam’, A calls them out; B brings the stone which he has learnt to bring at such-
and-such a call. Conceive this a complete primitive language”.

Brandom underscores that the “calls” *“are signals appropriately responded to,
according to the practice namely in one way rather than another. But, they are not
orders for they specify how it is appropriately responded to by saying what one
must do in order to comply. ‘Shut the door!” can be a saying of the imperative
kind only as part of a larger practice in which “The door is shut’ can be a saying of
the declarative kind” [18, p. 42].
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Assertional practices are typical of human beings and they are structured by
material inferences, namely by the commitments and the entitlements implied by
concepts and made explicit by conditionals [19, chap. 3]. This thesis implies that
inferential practices are necessary to deploy every vocabulary we use in our
ordinary life. In this case we ought to concentrate on conditionals governed by
material inference such as “If Vic is a dog then Vic is a mammal” or “If this ball is
red then it is not green”. The validity of a material inference is given by the
correct use of concepts such as “dog” and “mammal” that is given by the
commitments and the entitlements entailed by the concepts [20, chap. 6].

A material inference is embedded also in a social norm like the inferential
pattern “If I am a bank employee I ought to wear a necktie” (because “Bank
employees are obliged [required] to wear neckties” is a social norm) and can be
recognized and attributed as such [21, chap. 4]. Inferential practices represent
conceptual abilities that, according to Brandom, can’t be artificially elaborated
[22, chap. 3]. On the contrary, I think that Brandom’s argument allows
interpretations, which demonstrate that also the inferential dimension of human
reasoning can be computationally elaborated [23].

Conclusion

First, we sketched the notion of consciousness in the philosophical tradition and
underscored the relevance and the features of the Searlean one. Second, we
underscored how the characteristic “first person ontology” and the dimension of
deontology, which are the results of the Searlean analysis, run against a
computationalist view of consciousness. But, there is a second interpretation of Al
that is not enough considered and that makes the classical Chinese Room
experimental thought against the Turing test weaker. Third, we tried to present a
compatibilist view of human and artificial mind by using some ideas from analytic
pragmatism.

The account presented by Brandom could overcome the Searlean account of
deontology where deontology is not part of a computational ontology. We can
notice that the inferential structure implicit in the use of concepts embedded in
linguistic expressions encloses a fundamental deontic structure. If we intend
autonomous agency as participation in linguistic and discursive practices than we
can also account for a compatibilist view on autonomous agency which shows the
practices and abilities that are common to human and artificial minds.

References

[1] Searle, J.R.: Consciousness. Annual Review Neurosciences 23, 557-578 (2000)

[2] Searle, J.R.: Intentionality. Cambridge University Press, Cambridge (1983)

[3] Searle (2000)

[4] Searle, J.R.: Minds, Brains and Programs. Behavioral and Brain Sciences 3h,
417-457 (1980)



186

(3]

(6]
(7]
(8]
(9]
(10]
(1]
[12]

[13]
[14]
[15]
[16]
(17]
(18]
(19]
[20]
(21]
(22]

R. Giovagnoli

Searle, J.R.: Consciousness and Language. Cambridge University Press, Cambridge
(2002)

Searle, J.R.: Making the Social World. Oxford University Press, Oxford (2010)
Searle (2010)

Searle (2010)

Searle, J.R.: Speech Acts. Cambridge University Press, Cambridge (1969)

Searle (2010)

Searle (2010)

Giovagnoli, R.: Autonomy. A Matter of Content. Firenze University Press, Firenze
(2007); Haselagen, W.: Robotics, Philosophy and the Problem of Autonomy.
Pragmatics & Cognition 13(3) (2005)

Brandom, R.: Between Saying & Doing. Oxford University Press, Oxford (2008)
Brandom (2008)

Brandom (2008)

Brandom (2008)

Brandom (2008)

Brandom, R.: Making It Explicit. Cambridge University Press, Cambridge (1994)
Brandom (1994)

Brandom (1994)

Brandom (2008)

Carter, M.: Minds and Computers, Edinburgh University Press, Edinburgh (2007);
Evans, R.: The Logical Form of Status-Function Declarations. In: Giovagnoli, R.
(ed.) Prelinguistic Practice, Social Ontology and Semantic. Etica & Politica/Ethics &
Politics (2009), http://www.units.it/etica/; Evans, R.: Introducing Exclusion Logic as
a Deontic Logic. In: Governatori, G., Sartor, G. (eds.) DEON 2010. LNCS, vol. 6181,
pp. 179-195. Springer, Heidelberg (2010); Giovagnoli, R.: On Brandom’s “Logical
Functionalism”. The Reasoner 4(3) (2010), http: //www. thereasoner.org



Emotional Control-Conditio Sine Qua Non
for Advanced Artificial Intelligences?

Claudius Gros

Abstract. Humans dispose of two intertwined information processing pathways,
cognitive information processing via neural firing patterns and diffusive volume
control via neuromodulation. The cognitive information processing in the brain is
traditionally considered to be the prime neural correlate of human intelligence, clin-
ical studies indicate that human emotions intrinsically correlate with the activation
of the neuromodulatory system.

We examine here the question: Why do humans dispose of the diffusive emo-
tional control system? Is this a coincidence, a caprice of nature, perhaps a leftover
of our genetic heritage, or a necessary aspect of any advanced intelligence, being it
biological or synthetic?

We argue here that emotional control is necessary to solve the motivational prob-
lem, viz the selection of short-term utility functions, in the context of an environ-
ment where information, computing power and time constitute scarce resources.

1 Introduction

The vast majority of research in artificial intelligences is devoted to the study of
algorithms, paradigms and philosophical implications of cognitive information pro-
cessing, like conscious reasoning and problem solving [1]]. Rarely considered is the
motivational problem - a highly developed Al needs to set and select its own goals
and tasks autonomously.

We believe that it is necessary to consider the motivational problem in the context
of the observation that humans are infused with emotions, possibly to a greater
extend than any other species [2]]. Emotions play a very central role in our lives, in
literature and human culture in general. Is this predominance of emotional states a
coincidence, a caprice of nature, perhaps a leftover from times when we were still
‘primitives and brutes’, or perhaps a necessary aspect of any advanced intelligence?
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The motivational problem is about the fundamental conundrum that all living in-
telligences face. From the myriads of options and behavioral strategies it needs to
select a single route of action at any given time. These decisions are to be taken
considering three limited resources, the information disposed of about the present
and the future state of the world, the time available to take the decision and the com-
putational power of its supporting hard- or wetware. Here we argue that emotional
control is deeply entwined with both short- and long-term decision making and al-
lows to compute in real time approximate solutions to the motivational problem.

When considering the relation between emotional control and the motivational
problem one needs to discuss the nature of non-biological intelligences for which
this issue is of relevance. We believe that, in the long term, there will be two major
developmental tracks in Al research - focused artificial intelligences and organis-
mic universal synthetic intelligences. We believe that the emotional control consti-
tutes an inner core functionality for any universal intelligence and not a secondary
addendum.

2 Intelligent Intelligences

We start with some terminology and a loose categorization of possible forms of
intelligence.

Focused Artificial Intelligences. We will use the term focused Al for what consti-
tutes today’s mainstream research focus in artificial intelligence and robotics. These
are highly successful and highly specialized algorithmic problem solvers like the
chess playing program Deep Blue [8]], the DARPA-like autonomous car driving sys-
tems [9]] and Jeopardy software champion Watson [[10].

Focused artificial intelligences are presently the only type of artificial intelli-
gences suitable for commercial and real-world applications. In the vast majority
of today’s application scenarios a focused intelligence is exactly what is needed, a
reliable and highly efficient solution solver or robotic controller.

Focused Als may be able to adapt to changing demands and have some forms of
built-in, application specific learning capabilities. They are however characterized
by two features.

e Domain specificity. A chess playing software is not able to steer a car. It is much
more efficient to develop two domain specific softwares, one for chess and one
for driving, than to develop a common platform.

e Maximal a priori information. The performance real-world applications are gen-
eraly greatly boosted when incorporating a maximal amount of a priori infor-
mation into the architecture. Deep Blue contains the compressed knowledge of
hundreds of years of human chess playing, the DARPA racing car software the
Newton laws of motion and friction, the algorithms do not need to discover and
acquire this knowledge from proper experiences.

Focused Al sees a very rapid development, increasingly driven by commercial ap-
plications. They will become extremely powerful within the next decades and it is
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questionable whether alternative forms of intelligences, whenever the may be avail-
able in the future, will ever be able to compete with focused Al on economical
grounds. It may very well be, though difficult to foretell, that focused Al will al-
ways yield a greater return on investment than more general types of intelligences
with their motivational issues.

Synthetic Intelligences. The term ‘artificial intelligence’ has been used and abused
in myriads of ways over the past decades. It is standardly in use for mainstream Al
research, or focused Al as described above. We will use here the term synthetic
intelligence for alternative forms of intelligences, distinct from todays mainstream
route of Al and robotics research.

Universal Intelligences. It is quite generally accepted that the human brain is an
exemplification of ‘universal’ or ‘generic’ intelligence. The same wetware and neu-
ral circuitry can be used in many settings - there are no new brain protuberances
being formed when a child learns walking, speaking, operating his fairy-tale player
or the alphabet at elementary school. There are parts of the brain more devoted to vi-
sual, auditory or linguistic processing, but rewiring of the distinct incoming sensory
data streams will lead to reorganization processes of the respective cortical neural
circuitry allowing it to adapt to new tasks and domains.

The human brain is extremely adaptive, a skilled car driver will experience, to a
certain extend, its car as an extension of his own body. A new brain-computer inter-
ference, when available in the future, will be integrated and treated as a new sensory
organ, on equal footing with the biological pre-existing senses. Human intelligence
is to a large extend not domain specific, its defining trait is universality.

Organismic Intelligences. An ‘organismic intelligence’ is a real-world or simu-
lated robotic system which has the task to survive. It is denoted organismic since
the survival task is generically formulated as the task to keep the support unit, the
body, functional [3} 4].

Humans are examples of organismic intelligences. An organismic synthetic in-
telligence may be universal, but not necessarily. The term ‘organismic’ is not to be
confused with ‘embodiment’. Embodied Al deals with the question whether consid-
ering the physical functionalities of robots and bodies is helpful, of even essential,
for the understanding of cognitive information processing and intelligence in gen-

eral [3 6, [7].

Cognitive System. The term ‘cognitive system’ is used in various ways in the lit-
erature, mostly as a synonym for a cognitive architecture, viz for an information
processing domain-specific software. I like to reserve the term cognitive system
for an intelligence which is both universal and organismic, may it be biological or
synthetic.

Humans are biological cognitive systems in this sense and most people would
expect, one can however not foretell with certainty, that ‘true’ or ‘human level AI’
would eventually be realized as synthetic cognitive systems. It is an open and unre-
solved questions, as a matter of principle, whether forms of human level Al which
are not cognitive systems in above sense, are possible at all.
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Fig. 1 Tllustration of the complexity complexity
(hypothetical) complexity
conundrum, which regards - -
the speculation that the men-

tal capabilities of biological
or synthetic intelligences
(right) might be system-
atically too low to fully
understand the complexity
of their own supporting cog-
nitive architectures (left).
In this case the singularity
scenario would be void.

of cognitive architecture
of intellectual capabilities

Human Level Artificial Intelligences. An ultimate goal of research in artificial
and synthetic intelligences is to come up with organizational principles for intel-
ligences of human or higher level. How and when this goal will be achieved is
presently in the air, a few aspects will be discussed in the next section. This has not
precluded an abundance of proposals on how to test for human-level intelligences,
like the Turing test [T1]] or the capability to perform scientific research. Some people
believe that human intelligence will have been achieved when we do not notice it.

The Complexity Conundrum. Regarding the issue when and how humanity will
develop human level intelligences we discuss here shortly the possible occurance of
a ‘complexity paradox’, for which we will use the term complexity conundrum.

Every intelligence arises form a highly organized soft- or wetware. One may as-
sume, though this is presently nothing more than a working hypothesis, that more
and more complex brains and software architectures are needed for higher and
higher intelligences. The question is than, whether a brain with a certain degree
of complexity will give raise to a level on intelligence capable to understand its own
wetware, compare Fig.[Il It may be, as a matter of principle, that the level of com-
plexity a certain level of intelligence is a able to handle is always below the level of
complexity of its own supporting architecture.

This is really a handwaving and rather philosophical question with many open
ends. Nevertheless one may speculate whether the apparent difficulties of present-
day neuroscience research to carve out the overall working principles of the brain
may be in part due to a complexity conundrum. Equivalently, considering the suc-
cesses and the failures of over half a century of Al research, our present near-to
complete ignorance of the overall architectural principles necessary for the develop-
ment of eventual human level Al may be routed similarly in either a soft or a strong
version of the complexity conundrum.

The complexity conundrum would however not, even if true, preclude humanity
to develop human level artificial or synthetic intelligences in the end. As a last re-
sort one may proceed by trial and error, viz using evolutionary algorithms, or via
brute force reverse engineering, if feasible. The notion of a complexity conundrum
is relevant also to the popular concept of a singularity, a postulated runaway self
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emotions
consciousness

learning, problem selection

vast bank of specialized algorithms

Fig. 2 Mainstream architecture for a hypothetical human-level artificial intelligence. The
motivational problem would be delegated to a secondary level responsible of selecting ap-
propriate modules for problems and tasks which are not autonomously generated but pre-
sumably presented to the Al by human supervisors. Higher cognitive states like conscious-
ness are sometimes postulated to emerge spontaneously with raising complexity from self-
organizational principles, emotional control is generically regarded as a later-stage add-on, if
at all.

improving circle of advanced intelligences [12, [13]]. The complexity conundrum,
if existing in any form, would render the notion of a singularity void, as it would
presumably apply to intelligences at all levels.

3 Routes to Intelligence

There are presently no roadmaps, either individually proposed or generally ac-
cepted, for research and development plans leading to the ultimate goal of highly
advanced intelligences. Nevertheless there are two main, conceptually distinct,
approaches.

3.1 From Focused to General Intelligence?

The vast majority of present-day research efforts is devoted to the development of
high-performing focused intelligences. It is to be expected that we will see advances,
within the next decades, along this roadmap for hundreds and many more applica-
tion domains.

There is no generally accepted blueprint on how to go beyond focused intelli-
gences, a possible scenario is presented in Fig.[2l A logical next step would be to
hook up a vast bank of specialized algorithms, the focused intelligences, adding a
second layer responsible for switching between them. This second layer would then
select the algorithm most appropriate for the problem at hand and could contain
suitable learning capabilities.

This kind of selection layer constitutes a placebo for the motivational problem,
the architecture presented in Fig.[2l would not be able to autonomously generate its
own goals. This is however not a drawback for industrial and for the vast majority
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knowledge, abstract reasoning, specialization

learning, consciousnes

emotional control
genes

. 4

Fig. 3 Architecture for biologically inspired universal synthetic intelligences, viz of cogni-
tive systems. The basis would be given by a relatively small number of genetically encode
universal operating principles, with emotional control being central for the further devel-
opment through self-organized learning processes. How consciousness would arise in this
setting is not known presently, it is however regarded as a prerequisite for higher intellectual
capabilities such as abstract reasoning and knowledge specialization.

of real-world applications, for which the artificial intelligence is expected just to
efficiently solve problems and tasks presented to it by human users and supervisors.

In a third step it is sometimes expected that cognitive architectures may develop
spontaneously consciousness with raising levels of complexity. This speculation,
particularly popular with science-fiction media, is presently void of any supporting
or contrarian scientific basis [14} [13]]. Interesting is the tendency of mainstream Al
to discuss emotions as secondary features, mostly useful to facilitate human-robot
interactions [[16]. Emotions are generically not attributed a central role in cognitive
architectures withing mainstream Al.

One could imagine that the kind of cognitive architecture presented in Fig. [2l ap-
proaches, with the expansion of its basis of focused intelligences, step by step the
goal of a universal intelligence able to handle nearly any conceivable situation. It
is unclear however which will be the pace of progress towards this goal. It may be
that progress will be initially very fast, slowing then however down substantially
when artificial intelligence with elevated levels of intellectual capabilities have been
successfully developed. This kind of incremental slowing-down is not uncommon
for the pace of scientific progress in general. Life expectancy has been growing lin-
early, to give an example, over the last two centuries. The growth in life expectancy
is extremely steady and still linear nowadays, despite very rapidly growing med-
ical research efforts. Not only in economics, but also in science there are generic
decreasing returns on growing investments. Similarly, vast increases in the number
and in the power of the underlying array of focused intelligences may, in the end,
lead to only marginal advances towards universality.
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3.2 Universal Learning Systems

The only real-world existing example of an advanced cognitive system is the mam-
malian brain. It is hence reasonable to consider biologically inspired cognitive ar-
chitectures. Instead of reverse engineering the human brain, one tries then to deeply
understand the general working principles of the human brain.

There are good arguments that self-organization and general working principles
are indeed dominant driving forces both for the development of the brain and for
its ongoing functionality [18]]. Due to the small number of genes in the human
genome, with every gene encoding only a single protein, direct genetic encoding
of specific neural algorithms has either to be absent all together in the brain or be
limited to only a very small number of vitally important features.

It is hence plausible that a finite number of working principles, possibly as small
as a few hundred, may be enough for a basic understanding of the human brain,
with higher levels of complexity arising through self-organization. Two examples
for general principles are ‘slowness’ [19] for view-invariant object recognition and
‘universal prediction tasks’ [3]] for the autonomous generation of abstract concepts.

Universality, in the form of operating principles, lies therefore at the basis of
highly developed cognitive systems, compare Fig. Bl This is in stark contrast to
mainstream Al, where universality is regarded as the long-term goal, to be reached
when starting from advanced focused intelligences.

One of the genetically encoded control mechanisms at the basis of a cognitive
system is emotional control, which we will discuss in more detail in the next section.
Emotional control is vitally important for the functioning of a universal learning
system, and not a secondary feature which may be added at a later stage.

e Learning. In the brain two dominant learning mechanisms are known. Hebbian-
type synaptic plasticity which is both sub-conscious and automatic, and reward-
induced learning, with the rewards being generated endogenously through the
neuromodulatory control system, the later being closely associated with the ex-
perience of motions.

e Goal selection. Advanced cognitive systems are organismic and hence need to
constantly select their short- and long term goals autonomously, with emotional
weighing of action alternatives playing a central role.

It is not a coincidence, that the emotional control system is relevant for above two
functionalities, which are deeply inter-dependent. There can be no efficient goal
selection without learning from successes and failure, viz without reward induced
learning processes.

4 Emotional Control

Emotions are neurobiologically not yet precisely defined. There are however sub-
stantial indications from clinical studies that emotions are intrinsically related to
either the tonic or the phasic activation of the neuromodulatory system [22]]. For
this reason we will denote the internal control circuit involving neuromodulation,
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Fig. 4 Fast and slow variables have distinct functionalities in the brain, with the operating
modus (mood) being set by the slow variables and the actual cognitive processes, which
are either input induced or autonomous [20, 21]], being performed by the fast variables. The
adaption of the slow variables (metalearning) is the task of the diffusive neuromodulatory
system (emotional control).

compare Fig. [l emotional control. We will also use the expression diffusive emo-
tional control since neuromodulation acts as a diffusive volume effect.

One needs to differentiate between the functionality of emotions in the con-
text of cognitive system theory, discussed here, and the experience (the qualia)
of emotions. It is presently an open debate whether the body is necessary for
the experience of emotions and moods, which may be induced by the propri-
oceptual sensing of secondary bodily reactions [23]]. The origin of emotional
experience is not subject of our deliberations.

4.1 Neuromodulation and Metalearning

Animals dispose of a range of operating modi, which one may identify with moods
or emotional states. A typical example of a set of two complementary states is ex-
ploitation vs. exploration: When exploitive the animal is focused, concentrated on a
given task and decisive. In the explorative state the animal is curious, easily dis-
tracted and prone to learn about new aspects of his environment. These moods
are induced by the tonic, respectively the phasic activation of the neuromodula-
tory system [24]], the main agents being Dopamine, Serotonin, Norepinephrine and
Acetylcholine.

When using the language of dynamical system theory we can identify the task of
the neuromodulatory system with metalearning [23]. Any complex system disposes
of processes progressing on distinct time scales. There may be in principle a wide
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