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Abstract

Cognitive science and artificial intelligence currently lack a robust account of the
emergence and change of structured representation. This is a result of limiting
assumptions about the nature of representation: what makes a representation about
something else. These limiting assumptions are reflected in methodological approaches
to the modeling of cognitive agents that require any representational components of the
agent to be placed in the model — handcoded — by the creator of the model. This
handcoding precludes the possibility of an explanation of representation emergence and
change. I provide an outline of how to characterize handcoding and argue for why we
must take the issue of handcoding seriously or risk loosing the explanatory power of our
models.

I use the Structure-Mapping Theory (Gentner, 1983, 1989) and High-level Perception
(Chalmers et al., 1992; Hofstadter, 1995) models of analogical cognition as a case study
to demonstrate the successes and utility of structured representation-based explanation,
and to highlight current limits with respect to accounting for fundamental representation
emergence and change. I demonstrate how each model relies upon an antecedently fixed
representational grammar that has to be handcoded by the creator of the model. This
grammar constitutes the fundamental representational building-blocks available for any
representation construction or manipulation in the model. These stable, content-identity-
bearing atomic units cannot themselves emerge and change. I present evidence, however,
that strongly suggests that such emergence and change must be possible, and is directly
implicated in analogy-making. The current dependence on handcoding of
representational grammars therefore precludes the possibility of these models accounting
for the central role of fundamental representation emergence and change in analogical
cognition.

I utilize Mark H. Bickhard's (Bickhard, 1993; Bickhard & Terveen, 1995) insights
into the nature of representation and his interactive model to escape the non-emergence
impasse faced by current models. I develop and augment his model to propose an initial
account of the possibility for the emergence and change of structured representation in an
artificial life model. The result is the situated representation framework: a proposal for
how structured representational content can emerge and develop in autonomous agents.
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Introduction

We have reached an interesting vantage point in the development of cognitive
science: we are now in a position to step back and take stock of what can confidently be
considered as preliminary success stories in computational explanations of cognitive
phenomena; at the same time, we also have enough experience, insight, and history of
intellectual ferment to uncover current obstacles and the new directions that research
needs to take for future success and growth of the field. The impetus for this dissertation
is born directly out of this perspective. In particular, this dissertation is aimed at
developing a framework for exposing and escaping an existing problem in computational
accounts of representation, cognitive science’s primary explanatory construct.

A tension is produced by the juxtaposition of two very promising (possibly even
necessary), yet currently non-compatible directions of research. On the one hand, our
best explanations of higher-level cognitive capacity require representations with
structural complexity. For example, in research on the ability to produce and understand
analogies, a large amount of predictive and explanatory success has been garnered
through the use of models which assume the existence of structured representations of
knowledge. This general approach is referred to as the symbolic representation approach
because of its reliance on discrete, meaningful symbolic atoms which are related to one-
another via labeled (and therefore, also meaning-bearing) links.

Powerful critiques, however, have been leveled against the symbolic representation
approach. Many of these initially stemmed from connectionist and parallel distributed
processing (PDP) approaches to computation, which offered an alternative perspective to
modeling representation (e.g., “subsymbolic” semantics and distributed representations;
Smolensky, 1988; Clark, 1989, 1993). More recently, however, critiques have been made
on the grounds that the representation schemes assumed are simply not plausible when
considered in the context of every-day coping and interaction with the world; these
critiques particularly focus on the computational entailments which follow from the
assumption of the unproblematic presence of the meaningful, stable content they are
intended to “carry” (Agre & Chapman, 1987; Brooks, 1991; Suchman, 1987). Some
have even argued that certain assumptions of the symbolic representation approach (and
approaches to representation in connectionism) are not just practically untenable, but
have in principle problems which cannot be solved within current symbolic approaches
(Bickhard, 1993; Bickhard & Terveen, 1995; Hendriks-Jansen, 1996).

Alternative models have been proposed which have had success at demonstrating that
a surprising amount of complex structured behavior can arise out of simple, interactive
autonomous agents situated in an environment (e.g., Beer, 1990; Brooks, 1989; Mataric,
1992; and Mataric & Brooks, 1990). This approach is referred to as the situated
cognition approach (Clancey, 1997; Hendriks-Jansen, 1996). The rub is that situated



cognition currently offers no cohesive account of representation, let alone representations
with complex structure. Coupled with the fact that current situated cognition models can
only account for relatively low-level behavior compared to the cognitive capacity of, for
example, analogical cognition, this leaves good reason to be sceptical that this approach
will be able to offer insightful explanations of higher-level cognition.

I propose that the present tension is indicative of an obstacle common to both the
symbolic representation approach and situated cognition: a misconception of the
fundamental nature of representation. What we need is a radical overhaul of our
classical conception of representation with structure to produce a new representational
framework which will accord with situated cognition’s perspectives while preserving our
well-supported insights from cognitive psychological research on high-level cognition.
In this new framework, the modeling of autonomous agents that must cope with their
environment will ground the relation between higher-level cognition and the world, thus
avoiding the criticisms that the symbolic representation approach faces; at the same time,
these representations will also give the situated cognition approach its needed
explanatory power for accounts of phenomena which currently require structured
representations.

Unfortunately, a fully developed framework such as this is still a distant goal.
Nonetheless, several of the key foundational pieces for this overhaul have already been
developed. In particular, Mark H. Bickhard, in his work on the fundamental nature of
representation (Bickhard, 1993; Bickhard & Terveen, 1995), has identified a deep
problem with assumptions held by current computational approaches to representation.
These problems are part of the cause of the above fragmented approach to the study of
cognition. His alternative approach to representation, interactivism, avoids these
mistaken assumptions and also accords with situated cognition’s central tenets of
modeling cognition from the perspective of autonomous systems in interaction with the
world. This alternative is inherently developmental and presents the foundation for how
representation emerges out of the functional organization of a system in interaction with
an environment. However, we still lack an account of the kind of “structure” that seems
to be required for explanations of phenomena like analogy. My goal is to take the first
step towards developing an account of representational structure based on interactive
representation.

The present dissertation is thus split into two well-defined parts. The first is devoted
to presenting a clear statement of the problem: uncovering what exactly is lacking in the
current approach to structured representation, what it is about this approach that entails
such shortcomings, and what, then, needs to be re-evaluated. I do so by developing a
methodological tool designed to expose the shortcomings of the current approach to
computational cognitive modeling which assumes the unproblematic presence of
structured representational content. This tool is the framework for the identification of
handcoding. Handcoding is the inappropriate involvement of humans in the modeling of
cognitive phenomena, which results in leaving unexplained aspects of the phenomena
which the model was intended to explain.

I use current research on analogical cognition as a case study to focus and ground my
investigation because this research has been very successful in explaining a variety of
properties of analogical cognition and also has a large amount of established dialogue to
work with concerning handcoding issues. At the same time, this research also has clear



gaps in its explanatory power precisely because of the effects of the handcoding of
structured representations in current models. The result of this handcoding is that we
have an incomplete view of the central nature of analogical cognition and its role in the
underlying ontology and development of concepts in autonomous systems. What is
needed is an account of the emergence of representational structure from a non-
handcoded perspective.

The second part begins by explaining Bickhard’s interactive representation
framework and its departure from the general approach assumed in the models I have
investigated. This lays the foundation for an account of how representation emerges and
changes in a situated, autonomous and interactive system. I then augment Bickhard’s
interactive representation framework to develop the framework for situated
representations: an account of how structured representations based on interactivism can
emerge through situated interaction with the environment. The result is an account of
structured representation emergence grounded in interactivism. And a corollary is that
representation is only properly understood in the context of this interactive account. This
dissertation will not provide a complete new model of analogical cognition. However, it
will demonstrate that the kind of representational structure required for such an account is
achievable within the situated representation framework.

The significance of this project is that it proposes a reorientation of approaches to
representation that opens up new avenues for research and modeling possibilities
previously not available (e.g., accounting for representational content emergence in
computational models). The project takes a first step in reconciling the tension between
accounts which currently require structured representations and the recognition that a
story must be told of how such representations get there in the context of a history of
situated interaction. It also clarifies the utility of symbolic representations and their role
in scientific investigation; while some explanatory goals cannot be attained within the
symbolic representation framework, they are nonetheless an essential part of
psychological investigation (as evidenced by current progress). This dissertation
therefore speaks to a number of different research venues within cognitive science,
including methodological issues in computational cognitive modeling, research on
analogical cognition, situated cognition, and the fundamental nature of representation; the
project also has implications for issues regarding the symbol-grounding problem, the
problem of intentionality, cognitive development, and the semantics of mental states.

I turn now to set the stage for the subsequent chapters and to introduce the problem
that I will solve. This requires outlining in more detail the motivation for an account of
situated representations, taken from the perspective of explaining analogical cognition. It
was from this perspective that I was led to the discovery of a need for situated
representations. Following this account, I briefly outline the order of the content in the
subsequent chapters of the dissertation.

The situated representation project: llustrating the central problem and its solution

I come to this discussion carrying a theory of analogy which cannot be adequately
described by current computational accounts of analogical cognition (Dietrich, 1996, in
press; Dietrich et al., 1996; Morrison & Dietrich, 1995; Oshima, 1996). This is not to say



that this theory is strictly at odds with current psychological models; in fact, it is my hope
and belief that this project will turn out to complement and extend what has currently
been learned from such investigations, and make it possible to address issues that until
now have been unaccessible to computational models of analogy. The problem, rather, is
that the current computational approaches cannot, in principle, capture what I believe is
integrally tied to the central nature of analogy: the capacity for the emergence and
change of fundamentally new ways of representing. The intuition here is that analogy, at
its core, is a creative process in which fundamentally new ways of representing the world
are produced as a result of analogical cognitive processing. In the language of current
symbolic approaches, analogy depends upon or results in the emergence of new
representational primitives.

It is important to note here that the mechanism for the emergence of new
representation is not a central issue just to analogy — it is a necessary condition for
learning and developmental phenomena more generally: i.e., any cognitive phenomenon
that involves the emergence, extension or change of representations in a cognitive agent.
The framework for representation that I pursue should be applicable to learning and
development writ-large. Focussing on analogical cognition, however, is ideal for two
reasons. First, it helps constrain the focus of the project to a particular phenomenon;
learning in general is far too broad, and keeping the discussion focussed on a more
specific phenomenon helps to make clear what an actual theoretical result would be.
Second, analogy is particularly interesting because, while it appears to be present and
play an important role very early on in cognitive development, it also requires
representations which have some sort of structure to allow for organization, comparison,
and combination so that analogical comparisons can be made — in fact, it is proposed
that the developmental appearance of analogy-making at all is the result of the
development of structured representation (Gentner et al., 1995). It is precisely this
presence of structure, while at the same time not requiring overwhelming complexity in
structure, that makes accounting for the emergence of the kind of representation required
for analogical cognition an ideal target.

Finally, it is also important to make explicit the logical dependency of the claims
which I am making. My claims about representation are, in an important sense, logically
prior to my claims about how representation works in analogy. I was led to a need for
developing the situated representation framework because of a desire to account for
aspects of analogical cognition which cannot be made in present approaches. However, it
is possible for my claim about the integral role of foundational representation emergence
and change within analogical mechanisms to turn out to be false, while the need for the
situated representation framework remains. There are two possible stories about the
relation between analogical cognition and the emergence of representation: (1) the
emergence of representation is involved in how analogies are made, and therefore
analogy mechanisms cannot be separated from these learning mechanisms; or (2) analogy
mechanisms are separable from representation emergence — nonetheless, representation
emergence has to happen somewhere, and analogies are made based on these
representations. In either situation, demonstrating the lack of representation emergence
in current computational models of analogy is enlightening: it highlights the kinds of
representations which we need for an account of structured representation while also
exposing how current accounts capture many of these features without explaining where



they come from. In this way, I am making two distinct claims: (1) about how
representation must work, and (2) about the involvement of representation development
in analogy. The first is the central focus of this dissertation. The second, I also hold true,
but defend only partially; a full test and defense of the second claim must wait until a
fully developed model of analogy based on the situated representation framework exists.

(It follows that demonstrating the lack of representation emergence in current models
of analogy has two interpretations: (1) lack of emergence entails that we do not yet
understand analogical cognition; or (2) lack of emergence entails that we do not yet
understand the fundamental nature of representation in learning, which analogical
mechanisms closely depend upon. I hold that (1) is likely, and (2) is true.)

Representation and analogy

So, what does novel representation emergence and fundamental representation change
mean in terms of analogy, and how is it lacking in current computational accounts?
Analogical cognition, and the ability to perceive similarities in general, is believed to
play a fundamental role in many cognitive abilities. As Vosniadou & Ortony (1989)
point out, it is generally believed that the capacity for recognition, classification, learning
and creativity stems from the ability to perceive similarities and analogies. In particular,
the cognitive agent that makes an analogy extends and changes its currently represented
concepts: it learns that one thing is /ike another' — and this learned relation was neither
understood nor represented before the similarity comparison was made. Furthermore,
this is not a matter of simply matching antecedently identical but not yet compared
aspects of a concept represented in the head. Rather, this is a case of full-blown
representational content emergence. I claim that a computational explanation of analogy
must account for the change from “no prior existing representation of two things being
alike,” to “representing that one thing is /ike another in some way.”

Take, for example, a situation of analogical reminding, where some experience
reminds a person of another object or situation: a man walking down a street late at night
sees a jumbled pile of garbage cans strewn in a driveway and is immediately reminded of
Stonehenge. Something about the arrangement of the garbage cans prompted him to
think of Stonehenge; in some way, for the man, the garbage can arrangement is like
Stonehenge. Prior to the analogical reminding, the man probably never considered
garbage cans as possibly resembling Stonehenge. Furthermore, the observation that the
garbage can formation is like Stonehenge highlights for the observer an aspect of
Stonehenge not seen before: the abstract arrangement of the monoliths in a circular, but

"It is important to note that a recognition that two things are alike is associated with its compliment: that
they are also unlike one another, and in ways different from those that make them similar. Thus, more
information is involved (and becomes accessible) than merely the positive side of similarity — anywhere
there is similarity without identity, there is also dissimilarity. In fact, in ancient Greek thought, analogy
was contrasted with polarity, the perception of differences or opposites, which was expressed in the same
format as analogy (Lloyd, 1966; Hoffman, 1995). I will bring this issue up again, below, and highlight its
significance. For the present discussion, take my use of the is /ike comparison to include it’s compliment:
“is also unlike, and in different ways.” (It is also important to note that these differences, and to an extent
with similarities as well, may be implicit, as opposed to explicitly or consciously represented — e.g., they
may require some sort of inference in order to become explicitly represented).



characteristically jumbled pattern. This too was not antecedently represented, at least in a
highlighted sense, in the man’s concept of Stonehenge.”> Conceptual change has
occurred, resulting in a new representation of the situation and the man’s associated
concepts (including change in recalled concepts that he had prior to the analogy).
Furthermore, I believe that there is the possibility, even in analogical reminding, for there
to be the production of the representational capacity for a novel kind of similarity relation
or category that was not previously represented prior to the reminding.’

The problem: handcoding representational content emergence and change

While current models of analogy, including Dedre Gentner’s Structure-Mapping
Theory (hereafter, SMT; Gentner, 1983, 1989) and Douglas Hofstadter’s theory of High-
Level Perception (hereafter, HLP; Chalmers et al.,, 1992, Hofstadter, 1995), have
illustrated important computational properties of analogical processes (such as the roles
of perception and systematicity in the processes of comparison of structured concepts),
they have missed a full account of how the representational repertoire of the cognitive
agent is changed and extended — and in this sense they have missed one of the hallmark
features of analogy. Of course, current models do account for aspects of representational
change and re-organization (Gentner & Wolff, in press), but the key claim is that they do
not account for the possibility of the emergence of a fundamentally new way of
representing — the learning of a new kind of relation or category; each of the current
models fails to account for the emergence of fundamentally new representations based on
similarity and difference relations between the subjects of comparison.

Nonetheless, these models appear to make analogies of the kind that humans make.
Accounting for why these models look as if they’re making the full gamut of analogies,
yet fail to account for the potential emergence of representation of a new category,
requires developing a framework for the identification of a potential problem with
computational modeling (and scientific models more generally): the handcoding problem.
Handcoding in general concerns the involvement of humans in the operation of a
computer program in such a way that the behaviors of the program judged as “genuinely
intelligent,” “creative,” or “unique” can only really be said to be a direct product of the
programmer, rather than a novel production of the program itself. Of course, handcoding
in general is a natural and necessary part of making a model and using it as an
explanatory device. However, I will make a distinction between handcoding that is
legitimate and handcoding that is illegitimate. This legitimacy depends on what it is the

* The argument here is that it is simply implausible that every possible association, structure, detail, etc., or
combination thereof, is represented antecedently. Dietrich (in press) presents and explores this as the Low

Probability Argument. Camac & Glucksberg (1984) also present empirical evidence suggesting that there

are no associations between certain concepts prior to metaphorical comparisons that subsequently result in
associations.

? This is the deepest assumption I make about analogical cognition and is, I believe, both an empirical issue
(it is possible, but we (Dietrich, in press; Dietrich et al., 1996; Morrison & Lee, 1998) believe highly
unlikely, that concepts are structured such that they are semantically “close-enough” to antecedently
match), and a metaphysical issue (avoiding handcoding of representation logically requires emergence of
representation; discussion of encodingist versus interactive approaches to representation in Chapter 4 will
deal with this in more detail).



model is attempting to explain.

It is my contention that current models of analogical cognition have handcoded their
representations in such a way that they lack (necessarily) an explanation of how novel
representation emergence and fundamental representation change occurs — and
therefore, according to my hypothesis concerning the importance of such processes in
analogy, lack a full explanation of analogical cognition.

The researchers of SMT and HLP have handcoded the representations in their models
so that the account of how representation emerges and changes as a result of analogical
comparison is bypassed. In each case, a human is required to set the programs up in such
a way that the emergence of a fundamentally new category or is /ike relation (or change
of a fundamental way of representing) in a comparison of subjects is not necessary: the
human has already taken care of setting up such representations. The SMT and HLP
models don’t explain how such emergence and change occurs, as this process still exists
only in the human: the SMT and HLP researchers are really the ones responsible for the
initial representation construction. This reduces the rest of the analogy process in their
models to a simple identity matching (and this is true whether the identical structures
already exist explicitly (as atomic but inter-related symbols), or are to be constructed,
with the identity relations implicit in the unchanging construction rules antecedently pre-
set by the researcher).

This problem becomes particularly clear in the face of developmental data that
strongly suggests that such emergence and change is possible, not only over
developmental time, but within single experimental runs where the only pressure is the
need to make kinds of relation-based comparisons (Barsalou, 1983; Gentner et al., 1995;
Morrison & Lee, 1998).

I argue that the lack of an account of representation emergence and change in
analogy-making misses the core of the analogical-comparison process because the greater
part of the computational work in engaging in an analogical comparison is in the process
of discovering and sustaining how two antecedently non-identical situations can actually
be treated identically, which potentially involves constructing novel categories and
changing existing capacity to represent. An account of representational content
emergence and change is required to fully explain the capacity to make these novel
similarity comparisons.

While current models have relied on this kind of handcoding in order to dodge some
of the deep issues regarding the nature of representation and its relation to analogical
cognition, it is very important to emphasize that such handcoding has not been
devastating to accounts of all aspects of analogy. In fact, tremendous advances have
been made, and will continue to be made, while still relying on the handcoded
representation scheme assumed by current models. However, solving this handcoding
problem with respect to representation is central to a full understanding of
representational processes as they occur in representation-based cognition (such as
analogy) — including how representation plays a role in learning and development.
Thus, exposing this handcoding serves to demonstrate one place where this new view of
representation can do much work; at the same time, it is also clear that this new view of
representation must be able to account for the phenomena that our best theories have
uncovered about how analogy works (i.e., the kinds of features of representation that
analogical cognition requires).



Avoiding handcoding: situated cognition and interactive representation

Removing handcoding from a computational model often requires reworking the
entire model. With respect to accounting for representation change and emergence in
analogy, a model is required that is quite different from those currently proposed. In
order to make this account while avoiding handcoding, an obvious methodological path
to take is one that removes as much of the researcher’s involvement in the computational
processes as possible. I argue that the best methodology to adopt in order to avoid the
kind of handcoding with respect to representation construction found in current analogy
models is that proposed by situated cognition (also called situated action or situated
robotics). The core thesis of situated cognition, the thesis of embodied cognition, holds
that cognition is best understood from the perspective of autonomous, active agents
situated in an environment with which they interact — a perspective which, it is argued,
forces us to consider the internal and external functioning of a system ecologically,
removing as much as possible our own experiential biases as to how the agent perceives,
cogitates and acts within its own perspective of the world. A situated explanation of a
cognitive capacity is thus a matter of analyzing the relation between the internal workings
of the agent and its performance, over time, in interaction with the environment towards
some goal (Agre, 1995; Clancey, 1997; Hendriks-Jansen, 1994, 1996; Loren et al., in
press).

Forcing the model to be a situated and autonomous agent promises to remove much
of the possibility of handcoding: if we want our agent to be adaptive (function
intelligently) on its own in the world, its representations can not be pre-defined and static,
but will have to evolve over time in the service of the agent’s goal-directed activity. The
agent itself has to maintain the connection between its internal indications of what to do
and the external states of affairs, and has to face the consequences of its actions — the
experimenter is not allowed to play the role of buffer between the “internal cognitive
world” and the external world. Being an autonomous agent (at least in theory) thus
entails that the agent has to solve its own epistemic problems. Proponents of situated
cognition, however, have often eschewed the classical notions of concepts and
representations (Brooks, 1991). This is a problem, as I hold that the notion of
representational (conceptual) structure is still necessary in an explanation of analogy, as
well as other high-level cognitive phenomena. This rejection has also been the source of
much of the scepticism surrounding the situated cognition approach, and has led to
charges that it will not be able to “scale-up” to higher-level cognition. This has been
referred to as the scaling problem (Kirsh, 1991; Tsotsos, 1995).

Furthermore, the cognitive psychologist as analogy-researcher might rightfully ask:
What does ongoing interaction with the world have to do with the “internal” comparison
of concepts, except perhaps to “ground” those concepts and make them refer? — Why is
such “hook-up” necessary for internal comparison? The short answer is that it is only
while situated in the context of functionally maintained interactive competence with an
environment will representation emergence and change be possible (although the
‘environment’ is not necessarily “the world ‘out there’”). This challenge in fact cuts to
the core thesis of this dissertation and will be fully explored in the last chapter.



The scaling problem presents us with the tension described above. On the one hand,
handcoding is certainly something that must be avoided in order to save our explanations
in computational models — for making certain that we (the builders, operators and
interpreters) aren’t solving problems that our computational models should be solving on
their own. And the best way to eliminate handcoding with certainty is to take the situated
cognition perspective and methodology. At the same time, however, situated cognition
appears to eliminate representations, the very explanatory entity we need for accounts of
cognitive phenomena like analogical cognition.

One possible route to take, given this seeming dilemma, is to deny that
representations exist in any form; thus, cognitive phenomena like analogical cognition
will require a very different kind of explanation (Thelen & Smith, 1994; van Gelder &
Port, 1995; Wheeler, 1996). I believe, however, that this is the wrong approach. I argue
that these dismissals of representation are a result of lacking an alternative approach to
representation and do not constitute an in principle denial of all forms of representation.
One such alternative approach to representation is offered in Mark Bickhard’s Interactive
framework (Bickhard, 1980a, b, 1992a, b, 1993; Bickhard & Richie, 1983; Bickhard &
Terveen, 1995; Campbell & Bickhard, 1986), and I argue that it will break the tension
posed by situated cognition’s methodological solution to handcoding.

Interactivism is a response to what Bickhard calls an encodingist approach to
representation — an approach that is fundamentally incoherent, and thus is to be rejected.
Encodingism is based on the premise that a fundamental form of representation is one in
which representations have “contents” (which are treated as objects), such that
representations are like containers that may be manipulated without changing their
“contents” (the manipulation point can be replaced by activation of connectionist
“categories” and still retain its force; Bickhard & Terveen, 1995). Furthermore, these
contents represent what they do — make the representations be about something in
particular — in virtue of “standing in” for what is to be represented. Bickhard’s
extensive exploration and development of his critique of encodingism demonstrates that
most of the current approaches to representation explicitly or implicitly assume an
encodingist position (Bickhard, 1993; Bickhard & Terveen, 1995). Encodingist
approaches, however, are based on a logical incoherency: there is no possibility of
accounting for how the contents of such encodings arise, how they stand-in for what they
do, or what they are of, within the framework of encodingism itself — the only recourse
to explaining content within encodingism is the vacuous claim that, “they stand in for
whatever it is that they stand for.”

I demonstrate that the approach to representation assumed by the SMT and HLP
models can easily be interpreted as a species of encodingism (and attempts to ground the
approach in a non-encodingist framework do not seem empirically viable). I then show
how encodingism, in turn, entails necessary reliance on the handcoding of the
representations — both in how they get there and how they are interpreted (either by
observers or the system itself). Thus, avoiding encodingism entails avoiding necessary
reliance on handcoding representational content, opening the way to the possibility of a
non-handcoded account of representational content emergence and change.

Bickhard’s alternative to encodingism, interactivism, is founded on the premise that
representation is inherent in functional organizations of behavioral control structures that
embody the capacity to develop and maintain successful interaction with the environment
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in the service of a (system-internal) goal. Representational content in these control
structures is determined by what further possibilities for interaction are indicated by the
activation by the environment of certain internal states. How the system makes contact
with the world is via the internal system states that the system ends up in as a result of a
particular interaction with the world. These internal states implicitly define classes of
environmental stimuli, but importantly, the agent does not know what it is that activates
them simply in virtue of their activation. Instead, these internal states may play a
representational role for the system by being linked with behavioral control structures so
that while an internal state is active, it indicates that if a certain action (or more precisely,
activation of an action-generating subsystem) is initiated, certain other internal states
should become activated. The indicated outcomes, in turn, may indicate other further
actions with outcomes — interactions. Actual outcomes then provide the system with
information about whether its action was appropriate, given what it expected. In this
way, the root level of representing the world — of the system having some idea about
what the world is like — is based on these indications of potential further interactions;
and how the world actually is, is discovered through the experience of the agent
interacting with the world.

This perspective avoids the impasse of encodingism because these representations
may be built out of initially non-representational functional system-organization — there
is no necessary reliance on a presupposition of already representational system states that
somehow inform the system of what they are about in virtue of their activation by some
external condition of the environment. Furthermore, in the service of goal-directed
selection of behavior, the interactive conception affords the possibility of system-
detectable error — a necessary condition for learning: when the system’s action does not
result in what it expects, this indicates to the system that it is not functionally organized
appropriately to predict the way the world is so that it can achieve its goal.

Certainly, this root level of representation is far from the kinds of structured
representations required for analogy. But I argue that there is good reason to believe in
the possibility of this account scaling to such complexity — and to do so based on
learning from a history of interaction, and not from pre-established representational
primitives. I demonstrate this by augmenting the interactive representation framework;
the key suggestion that I take from Bickhard’s work is that through a history of
interaction with the environment, expectation-based representations begin to develop
their own internal structure based on patterns of linked expectations, and these webs of
linked expectations may develop their own distinct properties — properties which are
originally derived from the agent’s species-specific interactions with features of the
world. These representational properties, in turn, may become the objects of interactive
expectations, thus resulting in new expectations — new represented categories — of
interaction outcomes with the environment. Likewise, existing expectations have the
potential of being modified — changed — on the basis of interaction outcomes: if the
expectation is not met, the agent has the usable information that it was mistaken about the
appropriateness of the action just taken to reach its current goal; the agent may
subsequently change its expectation of future outcomes based on this experience (e.g., to
expect in future similar interactions that which actually resulted in this current interactive
context). This, I argue, is the first step towards representation structure which can
emerge and change on the basis of a history of interaction with the environment. I

11



develop this account in detail in an artificial life thought experiment.

Much further work is required to attain the robust kind of representing of relations,
entities and attributes of the world which current analogy models claim to work with;
likewise, we still lack a full account of the kinds of representational dynamics that would
result in analogical comparisons of existing representation structures (e.g., how internal
interaction of representation structures can be sustained, leading to a variation of
interactive emergence similar to direct interaction with the environment). Nonetheless,
demonstrating the potential for emergence of subsequent higher-order representing on the
basis of lower-order representational properties does complete my project at hand, which
is to provide a non-handcoded account of how representational content can emerge and
change, and how structure can emerge out of organization of such content.

The dissertation chapters

The chapters are arranged as follows. In Chapter 1, I introduce the problem of
handcoding in general, describing its roots in problems concerning creativity, autonomy
and explanation. In Chapter 2, I develop the framework for the identification of
handcoding in computational cognitive models, explaining how handcoding affects the
logic of explanation. In Chapter 3, I lay out the problem of handcoding with respect to
the emergence and change of novel representational content in current models of analogy.
This serves to demonstrate current model shortcomings and how they cannot solve them
within their current assumptions, as well as make clear the kinds of structures that will
still be required in an alternative account. Additionally, I discuss developmental data that
strongly suggests that representation development is very closely coupled with (and
perhaps a part of) analogical comparison mechanisms. In Chapter 4, I demonstrate that
present handcoding is a result of reliance on encodingism, and describe Bickhard’s
interactive solution to the encodingism impasse to explaining representational content
and its emergence. I provide a detailed thought experiment of an artificial life form that
shows how situated representations emerge. Finally, I indicate the path we should take if
we are to implement systems in which relational representation emerges.

A diagrammatic tour

The diagram below (Figure 1.1) depicts the subject-matter of the following chapters
from the perspective of a critical analysis of the representational approach assumed in
current models of analogical cognition, raising key problems in the foundation, and
providing an alternate approach to avoid the problems, including proposing how the
modeling of representation involvement in analogical cognition can be built back up.
Metaphorically, Chapter 1 argues that there is a picture to be drawn, Chapter 2 gives us
the tools to draw it, Chapter 3 draws the upper half, and Chapter 4 passes over the
boundary and sketches how the lower half should look.
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* Oh, mice have died, and worms have eaten them; but no rock, and
no spiral nebula — and no worm, for that matter — has ever
chased a mouse, let alone caught one. (Mousetraps catch mice, of
course; but that manifests our intelligence, not theirs.)”

J. Fodor, Psychosemantics (1987)

Chapter 1
The Handcoding Problem

1 - Introduction: The Challenge of Computational Creativity

In the mid-nineteenth century, Lady Ada Lovelace presented the first published
argument against the possibility of a computer being independently creative. Charles
Babbage, Lovelace’s close friend, had completed what is now considered to be one of the
first designs for a digital computer. Babbage named his design the ‘Analytical Engine’.
Lovelace and Babbage corresponded with one another and considered the possible
capabilities of the device, including its capacity to “compose elaborate and scientific
pieces of music of any degree of complexity and extent” (Boden, 1991, p.6). Although
Lovelace agreed that the potential capacity for complexity of the Engine was, in
principle, unbounded, she concluded that,

“The Analytical Engine has no pretensions whatever to originate anything.
It can do [only] whatever we know how to order it to perform.”
(Lovelace, in Bowden, 1953, p.398)

That is,
“Any elaborate pieces of music emanating from the Analytical Engine

would therefore be credited not to the engine, but to the engineer”
(Boden, 1991, p.6)."

* Boden (1991) actually distinguishes between four “Lovelace” questions: (1) Can
computational concepts help us to understand human creativity? (2) Could a computer, now
or in the future, appear to be creative? (3) Could a computer, now or in the future, appear to
recognize creativity? And (4) could a computer, however impressive its performance, really be
creative? Boden notes that it is possible to answer yes to the first three without necessarily
answering yes to the fourth.
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The goal of getting a computer to produce original and autonomous intelligent
behavior has remained one of the central concerns for artificial intelligence (Al). Arthur
Samual voiced a challenge similar to Lovelace’s in the 1950’s, at the time when Al was
being founded as a science:

“How can computers learn to solve problems without being explicitly
programmed? In other words, how can computers be made to do what is
needed to be done, without being told exactly how to do it?”

(Koza 1992, p.1)

This challenge is a natural one for Al to face because Al is concerned with the production
of intelligent systems, and intelligence is generally held to be the capacity to
autonomously perform complex tasks. This goal has produced a variety of
methodological concerns commonly expressed in criticisms of computational research
projects, such as discouraging the use of ad hoc programming structures in order to
achieve some “naturally produced” behavior by a program. These sentiments are
particularly echoed in the branch of Al that is part of general cognitive science, where the
purpose of computational models is not only to produce behavior, but to explain how
intelligent phenomena arise in already existing, naturally intelligent systems.

In this chapter, I will take up this issue of autonomy and explanation in computational
cognitive modeling under the general notion of the handcoding problem. One of the
most colorful contemporary expressions of versions of handcoding has been given by
Douglas Hofstadter in his book, Fluid Concepts and Creative Analogies (1995). In fact,
Hofstadter first introduced his notion of “handcoding” in the 1992 paper, High-level
perception, representation, and analogy: A critique of artificial intelligence methodology,
co-authored with David Chalmers and Robert French (Chalmers et al., 1992). The notion
as they use it, however, while highlighting aspects of the problem, is inadequate for
capturing all the issues involved. 1 wish to strengthen the notion of handcoding by
relativising it and outlining the proper use of its identification as a methodological tool in
scientific investigation.

To get a grip on what handcoding is, I have started with the historical roots of the
concern over handcoding with respect to “creativity,” as voiced by Lady Lovelace.
Creativity is often taken as being one of the distinguishing features of being human and
intelligent. This makes creativity a good place to start because it is a phenomenon that is
a product of an intelligent agent (what cognitive science is attempting to explain), and we
all have strong intuitions about what is distinctly creative and what is not: when
something that was deemed as a “creative act” is exposed as not being creative in the
sense we had originally thought, we are usually very satisfied that we have exposed some
fraud. “Creativity,” per se, however, is not the only phenomenon that concerns issues of
potential handcoding in models, as will become clear. There are many aspects of
cognitive phenomena that may be handcoded, and I will be developing a framework for
its identification that is applicable to potentially all conditions in computational cognitive
modeling which could involve handcoding. First, however, I will introduce the
handcoding problem by giving an intuitive definition and some clear examples in Al and
cognitive science where handcoding has been previously identified.
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2 - A first-pass definition and an intuitive example of “Handcoding”

A first-pass definition of handcoding is that it concerns the involvement of humans in
the operation of a computer program in such a way that the behaviors of the program
judged as “genuinely intelligent,” “creative,” or “unique” can only really be said to be a
direct product of the programmer, rather than a novel production of the program itself
(hence, the program’s intelligent or creative behavior has been “hand-coded” by the
programmer).

Before unpacking the many issues wrapped up in such a notion I will first distinguish
handcoding from what it is not. Namely, I do not hold the opinion that just because a
human designs a computer program that the program itself, in principle, cannot be said to
have the capacity for genuine, independently intelligent and novel behavior. As Boden
(1991) correctly points out, while Lovelace was correct in asserting that a computer can
only do what its program enables it to do, it does not follow that there can be no
interesting relations between creativity and computers. (The same holds for other
manifestations of cognitive phenomena besides “creative acts.”) One way to put the
argument is that we don’t yet know how to order the computer to do things in the kind of
novel and creative way that we do (again, similar points could be made for other
cognitive accomplishments beyond distinctly creative ones). Thus, prior to the question
of whether there is an in-principle limitation which would deny any full computational
account of creativity, lies the question of what creativity itself is.

I cannot hope to answer this prior question, however, without having what would
probably amount to a whole theory of mind. And it is unlikely that a whole theory of
mind will be in the offing for quite some time. Nonetheless, I do believe that a
relativised notion of handcoding can provide a useful methodological tool to enable us to
take steps towards creating computational models whose capacities and behaviors go
increasingly beyond the given set of behaviors recognized as a direct product of the
program’s intelligent human creators, and on towards novel and adaptive autonomous
behaviors. I argue that such a notion of handcoding would provide us with a comparative
measure of how “independent” a program is. And this relative independence is a partial
measure of how autonomously intelligent that program therefore is.

Just because creativity is a profound issue does not mean that we don’t have any idea
of what it is — or when something fails to demonstrate creativity or novelty. The cases
in which we might deem some action as creative or novel can be roughly defined as:
cases in which the information present in the environment does not explicitly suggest
some inference (or in cases where the agent is currently in a situation in which it
perceives a problem, but a solution is not explicitly represented), yet, through some
process, such an inference is made (or a solution to the perceived problem is found).’
Starting with this idea, handcoding can be described as occurring in cases where there

’ “Novelty” and “creativity” are usually taken as matters of degree — how novel something is,
or how much creativity was involved in its production. This measure of degree is generally a
factor of “how far beyond the information given” the process goes, as well as “how
appropriate” the answer is to the problem (also, often, how “simple” or “elegant” the answer
is). Bruner (1957) was one of the first to discuss intelligence in terms of “going beyond the
information given.”
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should have been a process that “calculated” the answer, but by some set of
circumstances, the “creative inference” or “answer” was instead “handed” to the agent —
the answer being a product of some external process (e.g., a human programmer) which
the agent did not itself have or produce.

2.1 - An Intuitive Example of Handcoding

So, what might handcoding look like? The following thought-experiment will
introduce the idea. Suppose you were asked to judge three programs with respect to
whether they were good models of how average high-school educated people multiply.’
You first test the programs by giving them several pairs of positive integers to multiply
(suppose you choose integers less than 100) and see if the programs produce the correct
answers. After a number of test instances, you are satisfied that they can multiply. Now
you look at the code of each program to see how each arrived at its answers.

Examining Program 1, you find that it is actually a very simple program: it consists
of a large look-up table by which pairs of integers are equated with a third integer, which
is output as the answer. The table expands to cover any combination of two integers up
to a cardinality of 100 each, in any combination (e.g., <2,3>=6, <4,5>=20, <27,3>=81,
etc...). On the face of it, the explanation this program offers as to how people multiply
seems rather unrealistic. To begin with, it’s unlikely that people have memorized the
answers paired with any possible combination of two input integers up to 100 each. Most
of us have probably memorized “times-tables” for integers up to 10 each (possibly more,
based on experience or depending on what we were required to learn in grade school);
but much beyond that is likely rare, at best.

But an even bigger problem is that this program is brittle. Suppose we wanted to
multiply 101 by 1. This entry doesn’t appear anywhere in the table — the program
cannot handle it. But anyone familiar with multiplication would be able to instantly give
the answer. This program seems to fail as a good description of how multiplication in
humans works — in fact, it fails as even an instance of the capacity to multiply at all if
we multiply integers over 100.

® Two caveats should be made here. First, multiplication is not a terribly “creative” process.
A better example of actual creativity might be to consider a situation in which some people
are asked to come up with a jingle for a radio commercial of some product — here the
conditions are such that there is not a clear rule-based decision to be made, so the space of
possibilities is much greater, and therefore “good” results would seem to require much more
“creative” thinking. However, the multiplication example is an instance where we can at
least say that before the numbers are multiplied, the agent doing the multiplication does not
have the answer explicitly, but after the multiplication process is over with, the agent does
have some answer. The multiplication example should therefore be enough to demonstrate
to what extent we might judge that “the answer has been unfairly given to the program,” or
not.

Second, there is most likely not just “one way” of doing multiplication — in a given
population, there may be a variety of different techniques for getting the “right” answer,
some perhaps holding nothing in common with the others except that they arrive at the same
answer. Nonetheless, we can still make judgements about whether some process is a real
instance of improper handcoding such that the task of multiplication isn't really necessary
since the answer has already been provided.
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The most striking feature for my purposes, however, is that all of the possible
answers for multiplication of integers of 100 or less exist antecedently to an integer-pair
being presented. And the program relies entirely on the pairings in the look-up table for
its correctness as an answer to the multiplication of two integers of 100 or less. The
program itself plays no part in the process in which integer-pairs are paired with certain
answers — such pairing was entirely the product of the programmer. In this sense, the
program doesn’t really multiply. Rather, the programmer multiplied and made a table of
answers, which were then coded up in the program. Because of this, the program has
been handcoded.

Program 2 is a little more complicated. First, it checks to see if either of the integers
are zero. If they are, it returns a zero as the answer and halts. If both integers are greater
then zero, then it goes into the following loop: first, it takes the cardinality of the second
integer and adds it to a new set, Integer Number 3 (which initially starts out empty), and
then takes the cardinality of the first integer and subtracts one from that integer. It then
repeats this process, adding the whole cardinality of the second integer to the third set
again, and subtracts one more from the first integer (which is already one less from what
it started with because of the first subtraction). And it repeats this process in a loop until
the value of the cardinality of the first integer is 0. At this time, the newly created set,
Integer Number 3, is presented as the answer and the program halts. This algorithm in
Program 2 is called the Repeated Addition Method (RAM).

The major advantage of this program over the first is that it is extensible to any size
of multiplication (ignoring memory constraints on sizes of integers). No matter how
large the two integers being multiplied are, this program, in principle, could calculate the
answer through its method of repeated addition. And, unlike the first program, that
answer does not have to antecedently exist in the program; instead, the program has the
procedure to calculate the answer given any two positive integers as input. Handcoding
of the kind described in Program 1 isn’t present in Program 2.

There are still some drawbacks with this program, however. The biggest drawback is
that when the numbers get very large, repeated addition, while not too much of a problem
for a computer, would be quite tedious for a human to count through. It would certainly
be difficult to keep repeated additions in memory if the integers were over 1000 each;
and even keeping track of the amounts on paper would become both time and space
consuming.

Program 3 is even more complicated than Program 2. Rather than relying on
repeated addition through the whole integers, it instead uses the RAM algorithm of
Program 2 for only small portions of the calculation. In fact, the procedure used in
Program 3 turns out to be the one usually taught in elementary mathematics, called the
Partial Products Method (PPM). The procedure itself is actually rather simple, but
explaining it is best shown in an example so as to account for all the different variations
that might occur in different problems.

Suppose we gave Program 3 the following two integers as input: 3482,24563. The
program first identifies which input integer is the largest, and labels it the Larger Integer;
the other integer is then the Smaller Integer. The program then breaks up the Larger and
Smaller Integers into sets of values between 0 and 9 with respect to their “place” within a
decimal representation of the Integers: these numbers are the decimal representation of
the constituent parts of the Integers with respect to factors of 10; so, e.g., in the decimal
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representation of the integer 3482, the 4 is in the 100’s place. The two Integers now have
the following representation:

2
Ql2
Q0312
OO 06‘9
OO0

Z/////
4563 Larger Integer
x 3482 Smaller Integer

Figure 1.1 - Representation of the Problem

The next step is to go through the basic Loop of the program (Figure 1.2). The first
step in the Loop (Step A) is to take the one’s place of the Smaller Integer and multiply it
(using the RAM algorithm) by the 1’s place of the Larger Integer. The total product of
this multiplication may be greater than 10, but will be equal or less than 81 — so there is
the possibility of a 10’s place, but not a 100’s place in the decimal representation of the
product. Whether the product is greater than 10 or not, the 1’s place of that integer will
be added to a Third Integer. In this first run through the loop, whenever an amount is
added to the Third Integer, it will always be to the place that is the same as the current
place of the Large Integer being multiplied (in this first step, the 1’s place); this place
grows in magnitudes of 10 with subsequent runs through the loop, which I’ll show below.
Thus, in the example, the first product is 6, which is less than 10, so this is simply added
to the first place (i.e., the 1’s place, because we just multiplied the 1’s place of the Larger
Integer) of the Third Integer (Figure 1.2, A). The Third Integer will act as the storage for
the eventual answer.

The next step in the run through the Loop for our example (Step B) is to multiply the
I’s place of Smaller Integer by the 10’s place of the Larger Integer (Again, using RAM;
Figure 1.2, B). The product of this multiplication is 12, so now there is a 1’s and a 10’s
place in the product. The 1’s place of the product, 2, is added to the next place in the
Third Integer (in this case, the 10’s place because the current step is at the 10’s place of
the Larger Integer), and the 10’s place of the product, 1, is kept to be added later to the
I’s place of the product in the next step of the Loop — this is commonly referred to as
the carried number (in Figure 1.2, B, it is represented as the small 1 above the 5 of the
Larger Integer). The third step (Step C) now multiplies the 1’s place of the Smaller
Integer with the 100’s place of the Larger Integer: 5 (Figure 1.2, C). Their product is 10,
so again we have the situation like Step B: the 0 is in the 1’s place of the product, and the
1 is in the 10’s place of the product.
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Figure 1.2 - The Loop

Before adding the 0 (1’s place of the product) to the 100’s place of the Third Integer,
however, the carried number of Step B, 1, must be added: 0+1=1. This amount is then
added to the 100’s place of the Third Integer. This same procedure would be done with
any carried amount from a previous step. As in Step B, there is a 10’s place of in the
product, so it is then held as the carried number to be added to the 1’s place of the next
multiplication (which will be of the 1’s place of the Smaller Integer and the 100’s place
of the Larger Integer). Steps A, B and C lay out the basic kinds of instances that can
arise when multiplying part of the Smaller Integer with the parts of the Larger Integer:
cases where the product less than or more than 10, and cases where the products have
carried numbers from steps just prior. The procedures for these instances are then
repeated in each step through the places in the Larger Integer until the last place of the
Larger Integer is multiplied with the part of the smaller number (Figure 1.2, D). At the
last place of the Larger Integer, if there is a carried number, it is simply added to the next
greatest place in the Third Integer. This completes one run through the main Loop.

The Loop is then repeated again, except this time using the next place in the Smaller
Integer (in our example, it is the 8 in the 10’s place) to be multiplied with the parts of the
Larger Integer. Everything works the same as above, except the additions to the Third
Integer are placed orders of magnitude higher, equal to the place of the part of the
Smaller Integer being multiplied. So, e.g., in the second pass through the Loop, since we
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are dealing with the 10’s place of the Smaller Integer, all additions are now one place
higher (the addition being effectively multiplied by 10 — Figure 1.3, 2nd); in the third

pass, two places higher (multiplied by 100 — Figure 1.3, 3rd)... etc.
The Loop is run through again and again, until the last place of the Smaller Integer
has been multiplied through all the places of the Larger Integer — Figure 1.3 shows the

results of the 2nd, 3rd and 4th runs of our example through the Loop. When the final run
through the Loop is made, the Third Integer contains the answer, which is given as
output. In the figures, I have purposely left the additions to the Third Integer from the
constituent runs through the Loop separate so as to distinguish each run’s contribution to
the Third Integer. (A variation of this might actually create new stores for each run
through the loop, which are then added after 211 runs through the loop are complete.)

563 The Loop isrepeated for the second place (ten's) of the
Smaller Integer, repeatedly multiplied with each place of the
X 3 Larger Integer, and added to the Third Integer

49126 , All additions to the Third Integer
1965@)ThI rdInteger "o uitiplied by 10

ond

Loop repetition for the third A Loop repetition for the fourth
3rd 203 |ace (hundreds of the Smaller 41N é%& place (thousand's) of the Smaller

X 2 Integer. Integer.

49126 Third Integer 49126 Third Integer
1965040 All additions are 1965040 All additions are
9825200 x100] multiplied by 100 9825200 multiplied by 1000

73689000 x1000]

Figure 1.3 - Repetitions Through The Loop
The final output is a summation of these constituent parts:

49126 The final Answer isthe Third Integer, after the
program has gone through Loop 1 for each placein
1965040 the Smaller Integer. In each step, | represented the
9825200 Third Integer according to it's constituent parts, but
+ 730689000 the program may sum them asit goes along.

85528366 <+——Answer
Figure 1.4 - The Answer

This is the general procedure for Program 3. Program 3 is certainly more complicated
than Program 2. The main advantage it has over Program 2 is that the difficulties of large
integer representation in the RAM algorithm are eliminated in the PPM algorithm by
keeping the actual repeated additions to under 10 per multiplied integer, while at the
same time still handling multiplication problems of any size.

Of course, the crucial point is that neither Programs 2 or 3 have handcoding in the
way Program 1 does. There are, however, two reasons for contrasting Programs 2 & 3.
First, merely avoiding a kind of handcoding does not entail having the best explanation:
both Programs 2 & 3 appear to avoid handcoding, but we might still argue that Program 3
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is closer to how average humans do multiplication. Second (and more important), with
the PPM algorithm of Program 3 outlined, we can also consider the following interesting
case: Program 3 could make use of a look-up table by replacing the use of the RAM
algorithm with a look-up table handling multiplication to two integers from 0-9 each. Is
this handcoding? Here it could be argued that the average human multiplier really does
memorize a multiplication table handling two multiplied integers up to 9 each — and
such memorization might be close to a lookup table. But even here, the general PPM
algorithm still remains extensible to any size integers being multiplied; and the answer to
the problem does not exist antecedently if either one of the two integers being multiplied
is larger that 9. So a look-up table in this case might not be considered handcoding.

This drives home the point that what counts as handcoding depends on your
explanatory goals and the nature of what you are trying to explain. In the above cases,
we were interested in explaining how average high-school educated humans multiply. So
representing memory as a look-up table may not be handcoding.” If, on the other hand,
we were interested in how memory really works, having a simple look-up table of any
kind would probably not suffice — and if it doesn’t suffice, then having such a look-up
table would constitute handcoding with respect to explaining memory.

Look-up tables used in the way Program 1 uses them, are one of the most common
ways handcoding occurs. There are a variety of different ways look-up tables might be
instantiated — in fact, look-up tables are really just one way of talking about matching
rules in general. For example, the part of the look-up table in Program 1 which takes
inputs 12 and 15 and matches them with 180 is really a rule stating that “if 12 and 15 are
input, then output 180.” Matching rules can also come in a variety of forms, including
variable kinds in input paired with outputs that may also contain variables. One well-
known example of a program using more complicated matching rules is the ELIZA
program (Weizenbaum, 1966). ELIZA was designed to simulate a caricature of the
behavior of a Rogerian therapist. ELIZA operates by matching the “input” sides of rules
against the user’s last sentence, and then uses the appropriate “output” side of the rule
chosen to generate a response. For example, if I wrote, “My brother is mean to me,”
ELIZA might match the rule:

[[ {family-member} = [brother, sister, mom, dad,...] ]]
(My {family-member} is Y to me) --> (Who else in your family is Y to you?)

and subsequently respond, “Who else in your family is mean to you?” The rules in
ELIZA are clever and numerous, allowing ELIZA to respond with a roughly intelligent-
looking sentence at each turn in the conversation. However, just as Program 1 and its use
of a look-up table was found wanting, ELIZA is generally considered to be dissatisfying
as a model of how it is believed that intelligent, conversation-capable people work.® In
particular, ELIZA gives “canned responses” to questions, as designated by the matching
rules, and this is not satisfying for what we mean when we consider the computation that

" Unless it is shown that the process of calculating crucially depends on how memory really
works — I will discuss this issue of separability of different facets of a phenomena, and
whether they constitute handcoding, in Chapter 2.

¥ Although some frustrated patients of Rogerian counselling might disagree.
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must be performed in order for some “understanding” of the conversation to arise. This
is analogous to why we wouldn’t consider Program 1 to really be multiplying as a
computation; the analogy would be that the programmer of ELIZA really did all the work
in deciding what would be an appropriate response to make it sound like the program was
participating in a conversation.’

Lurking behind the discussion of the multiplication program examples is another
issue which has not yet been addressed, but sheds some important light on identifying
what handcoding is. This issue concerns what sets the “correctness” of the task of
multiplication itself. That is, in judging the programs, we are looking for them to be
capable of multiplying correctly — i.e., getting the right answer. There is an important
sense in which we might consider whether a human student is “handcoded” by a teacher.
And in that sense, then, is learning a kind of handcoding? The math teacher trains
students so that they always (at least, that’s the goal) get the correct answer for a given
math problem. And the teacher does this by making the student shape her actions so that
such actions become (almost) habitual. One might ask what the difference is between a
training or learning situation and the sense of handcoding I am trying to develop here.

There are actually a couple of differences. There is a similarity to handcoding in that
a trainer (which could generically be thought of as anything that sets exemplars; a
“trainer” in this sense could include the environment, both physical and cultural) sets the
guidelines (be they causally necessary or normative) for behavior; this is similar to what a
programmer does in specifying the rigid causal rules to be followed in a computer
program. But in training there is an important difference — the training process is a two-
way process: there is a “trainer” (whether it is an agent, environment, or culture) and a
learner. The trainer provides the guidelines which the learner must now work to meet —
the learner must still organize itself to meet the criteria of the trainer. Handcoding in the
sense that I mean it is instead more of a one-way process: the trainer not only sets the
guidelines, but also determines the activity (including internal activity of the system) that

? This discussion highlights an important side issue: when it comes to computational
cognitive science, it does matter how a program operates — this follows directly from
computational cognitive science being aimed at explanation. Alan Turing'’s (1950) famous
description of the Turing Test is only properly viewed as asserting the valid point for
functionalism that intelligence is not a matter of particular appearances or even the physical
makeup of the agent (although having a body and some form of appropriate sensors and
actuators may be quite important). But, the Turing Test is not sufficient for determining
whether something is intelligent like a human: it is possible for a program to mimic human
intelligence without in fact being intelligent like a human, just as our first multiplication
program (the look-up table) is able to mimic the function of multiplication for a certain range
of input without the capacity to perform the function for even just slightly out of its range
(again, brittleness). Behavior alone is not sufficient to determine underlying intensional
functionality. It is probably true that in the physical world, for some instantiated function to
actually produce the same behavior, it would have to be the same intensionally (speaking of
intensionally in terms of definition of a function, not intentional!), or pretty close — In other
words, physics puts constraints on how functions are actualized. But just to be clear, the
problem of handcoding does not imply an anti-functionalist claim: something can just as well
not be handcoded and also not be made of flesh or even look like a human, but still be
intelligent like a human. (There are some aspects of appearance and material makeup that
do constrain what can be intelligent, but that is independent of the issue of what is
handcoded in terms of internal functional organization.) The Turing Test has recently drawn
criticism from within the Al and cognitive science community (Hayes & Ford, 1995).
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will meet them. Thus, there is really only one process setting behavior, rather than two
processes (in which one sets the guidelines and the other works to meet them). This, of
course, does not mean that there can’t be handcoding in accounts of learning; in fact, in a
deep sense, many models of learning to date do not avoid kinds of handcoding in
accounting for learning. (I will address this issue in much more detail in Chapter 4.)

(The above should also not be taken to mean that a programmer setting up a program
that operates “properly” is committing handcoding in a bad way. Rather, if the
programmer is setting the program’s operation by a fixed algorithm, it should operate the
same way that the phenomenon we wish to explain or reproduce does in nature. Whether
the programmer is improperly handcoding a program that is intended to work like some
phenomenon in nature ultimately depends on what the ontological status of the
phenomenon in nature is. So, just because we build mechanical artifacts, like spring-
loaded mousetraps, doesn’t mean that we’ve necessarily handcoded; evolution has not
“improperly” handcoded certain phenotypic traits into animals; and computational
evolutionary models aren’t necessarily “improperly” handcoding features of evolving
populations. As already suggested, what is proper or improper handcoding depends on
how the phenomena being modelled occurs; handcoding is proper if the model works the
same way as the phenomena to be modelled works, but improper if the programmer is
setting up her program so that it “skips steps” that nature has to take.)

Up to this point, the role of look-up tables, or input/output matching rules in general,
have been called into question — they can be likely sources of handcoding. However, as
our modification to Program 3 showed, matching rules do not necessarily entail
handcoding. Rather, handcoding may be a matter of degree, and handcoding also
depends on our explanatory goals. And, when considering phenomena involving training
and learning, it is important to consider the nature and source of the criteria for the
phenomenon in question, as the relationship between such criteria and the phenomenon
itself may constitute a place for handcoding to occur. The simple example of the
multiplication programs has already uncovered several important aspects of handcoding.
I now turn to present the general concept of handcoding, followed by more detailed
examples for clarity.

3 - Handcoding in general

The notion of handcoding in general concerns the relation between: (1) the influence
of the programmer, designer, experimenter, user, and/or interpreter — henceforth, I will
refer to any possible combination of all five of these as the researcher — on the
computational model’s structure and behavior, and (2) the phenomena that the model is
claimed to produce or explain. This makes the identification of handcoding a
fundamental issue regarding the explanatory power of computational cognitive models.
Handcoding, in its intended derogatory sense, thus means that something has gone wrong
with the involvement of the researcher in the operation of a cognitive model.
Particularly, this involvement is problematic when the “distance” between the problem
statement and the solution has somehow been crossed by the researcher “helping the
program across,” when the program instead should cross that distance itself. In this way,
handcoding in a model somehow represents a failure of the model to meet its explanatory
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goals. Because handcoding is relative to explanatory goals, it should be made clear that
the goal in avoiding handcoding is nof to attempt to remove the researcher entirely from
the task of creating the program. Again, there is legitimate researcher involvement and
illegitimate researcher involvement. Assuming that the explanatory task of
computational cognitive models is to account for the mechanisms that make autonomous,
intelligent organisms in fact intelligent, we can then lay out the difference between
appropriate and inappropriate researcher involvement (which, in turn, determines whether
a model succeeds or fails as an explanation):

(1) Appropriate handcoding: 1f the researcher codes up a program with structures
and processes appropriately similar to those which are possessed by naturally
occurring, autonomous, and intelligent organisms, then the program is a
legitimate model of those mechanisms; the cognitive scientist, in this case, is
no more guilty of handcoding than evolutionary, developmental, and/or
learning processes are in evolving actual intelligent species (note: this does
not entail that the cognitive scientist has to play the same role as evolutionary
processes in building models).

(2) Inappropriate handcoding: If, on the other hand, the researcher codes up the
program in such a way that the program is still crucially relying on the
structures or knowledge naturally occurring only in the unexplained
mechanisms of the researcher (i.e., these mechanisms are not anywhere in the
model, but are only found in the researcher — e.g., in Program 1, the
researcher did the multiplying to make the look-up table, not the program
itself; the program itself only matched input and output values with no
intermediary steps), then the program itself cannot be considered a legitimate
model (or at least, cannot be a complete model) of the naturally occurring
intelligent phenomena, because such phenomena still essentially exist
unexplained in the researcher.

The problem of handcoding is actually a special case of the general problems faced
by any science which employs theoretical and actual working physical models as part of
the explanation of a phenomenon. These problems may be generally distinguished as
falling into two complementary categories: the first concerns problems that can arise
from direct researcher influence on the model, either in the construction or functioning of
the model; and the second kind of problem regards the interpretation of the model, and
includes interpretation with respect to the structures in the model itself, data produced by
the model, and even draws on potential problems in the interpretation of the naturally
occurring phenomena that we wish to model. Handcoding likewise comes in these two
kinds, and I will subsequently refer to them as handcoding with respect to direct
researcher influence on a model and handcoding with respect to interpretation of a model
(Figure 1.5). The possibilities of model success or failure just given above are with
respect to problems with direct researcher influence on the model. In Section 4 of this
chapter, I will primarily discuss this first kind of problem (researcher influence on
construction and functioning) in three examples of computational models. I will later
address the second kind (interpretation) in Chapter 2, Section 2.3 (under the issue of
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measuring theories), Section 5, and it will be a recurring issue in subsequent chapters.

Kinds of Handcoding

Direct Researcher Interpretation
Influence on Model of Model / Phenomena
Construction/Functioning Structures/Behavior

Figure 1.5 - Two Kinds of Handcoding
3.1 - The Analog of Handcoding in Other Sciences

What might be the analog of handcoding in other sciences? As already mentioned,
handcoding particularly involves the influence the human researcher has on the operation
or interpretation of the model, relative to what is to be explained. In other sciences,
problematic influence on model construction and functioning tends to be more obvious.
However, handcoding can still occur. I will now briefly discuss what the analogues to
handcoding look like in the use of models in other sciences.

3.1.1 - Direct Researcher Influence

The analog to direct researcher influence in models used by some other sciences is
best shown in an example. Consider a physics demonstration of how motion of an object
traveling through a gravitational field is described by a parabolic arc.'’ Suppose from the
outset that we didn’t know how objects moved in gravitational fields, so we are
depending on this demonstration to somehow give us insight into the nature of this
phenomena. An actual physical demonstration of this might include some sort of device
that can launch small projectiles of various weights using a variable amount of force, and
aimed at different angles towards the horizon. A physicist could then demonstrate, using
the apparatus, a variety of different kinds of parabolic arcs traveled by a projectile by
actually launching projectiles under a variety of different conditions (different weights,
forces and angles). We could measure the “outcomes” of these examples, correlated with
certain antecedent conditions, and from these derive general laws of behavior based on
the demonstrations made. This situation might then be considered a successful “model”
demonstrating at least some features of how gravitational fields affect moving objects
(for instance, we might derive a general principle about the ratio of force to mass,
distance, and height traveled, given a certain angle). (Of course, the very status of this
demonstration as a “model” might be called into question because it is, in an important
sense, a literal slice of the naturally occurring phenomena itself; for the purposes of the
present discussion, however, this is not as crucial.)

' Strictly speaking, the path of an object in a gravitational field is described by some conic
section — objects overcome by gravity, as I'm assuming in this physics example, just happen
to be parabolic arcs (a kind of conic section). Planetary orbits are circular or ellipsoid, and
some comets have hyperbolic trajectories.
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It would be pretty obvious something was wrong with the “model,” however, if the
physicist always had to demonstrate how objects traveling through a gravitational field
moved in an arc by taking the “projectiles” in his own hand and moving them through the
air in a parabolic arc. In this case, while it is true that the arcs the physicist makes the
objects move in could be appropriate for certain weights, forces and angles, we would be
sceptical that his demonstration would be consistent enough for us to draw some general
understanding about how the phenomena works (for an answer to “what makes it do
that?”’). Furthermore, key information is lacking from this “model”: What correlates to
“force” in the physicist’s movement of the object so that it could be correlated with
particular distances, given angle and mass? (Obviously, if the physicist was merely
trying to show us what traveling in a parabolic arc would look like, this demonstration
might be sufficient. This again highlights that it depends on what the task of the model is
in an explanation; if we’re wanting to learn just what traveling in a parabolic arc is, this
would be sufficient, but if we wanted to learn about the invariant relationships which
exist between physical properties, such as force, mass, distance, etc., then this is clearly
inappropriate — it is this latter goal that I am assuming here).

In taking a model seriously, we want to be convinced that in some way the model
follows the same laws of behavior or demonstrates the same kinds of principles as the
system we wish to explain. Our physicist might be very well trained so that he makes the
correct arcs in the correct circumstances, but he could also just as easily not move the
“projectiles” that way (he could move them in a straight line or a circle, even though the
center of gravity is presumably “below” the physics demonstration). Making the
judgement that we are to be concerned with the physicist’s involvement in the latter
demonstration is pretty simple because we have a good idea of how the phenomena in
question should behave — namely, it should work such that given certain circumstances,
the projectile couldn’t move any other way. It is because of the nature of the
phenomenon (that physical laws are consistent under given conditions) that makes this
kind of role of a human in the model clearly inappropriate for deriving general principles
about movement of objects in a gravitational field.

The reason for this simple contrast is important because it can be compared to the
kind of situation we find in computational cognitive modeling. Namely, cognition is
exactly what human researchers do — so, in modeling cognition, it becomes a very
difficult task to separate (1) the role the researcher’s own cognitive processes play in the
setting of the conditions in which the actual processes in the model operate from (2) what
the model can be said to “independently” manifest. There is also the additional issue that
computational cognitive science is not after merely “simulating” kinds of intelligence —
it considers its models to be instances of actual cognitive phenomena. The analogous
kind of physics model that cognitive science is after is one that actually reproduces
instances of the natural phenomena (even if in “scaled-down” versions). Both of these
points raise important questions concerning the identity of what intelligence is, and I will
address them, below in Chapter 2, Section 2.

3.1.2 - Interpretation

Handcoding of the second type, with respect to the interpretation of a model’s
structures or the data the model produces, also occurs in sciences besides computational
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cognitive science. This second type was identified and made famous in the philosophy of
science by N.R. Hanson (1958) in his book, Patterns of Discovery, under the name of
“the theory-ladenness of observation.” The general idea of theory-laden observation is
that we interpret the information we receive by our senses as being of a certain kind of
phenomenon. For example, I take the round, red object in front of me to be an apple.
Much of this occurs unconsciously, but our taking it as being something is still a product
of our underlying theories of what we believe exists in the world, and how those things
relate to each other and behave (i.e., a notion of natural kinds arranged in hierarchical
relationships).

It is important to pause here and comment on a mistake Hanson’s theory makes —
clearing this up will help to refine an important notion I wish to use. Several
philosophers of science (notably, Aronson, 1984, p.98; and Harré, 1986, pp.168-172)
have pointed out that while Hanson’s intuition was correct, he based it on a mistaken
assumption. Hanson took the phenomenon of “seeing something as something else” to be
a sort of gestaltic perceptual phenomenon, akin to the “visual gestalt” experiences had
with the perception of ambiguous figures. For example, the famous “duck-rabbit,” which
can be seen as a duck or a rabbit, or the Necker cube, which can be seen as facing upward
or downward. These kinds of figures are interesting in that when we think about seeing
one of them one way, we can’t help but see it that way, and not the other way (think
‘rabbit’ and see rabbit; think ‘duck’ and see duck; but you can’t see both at the same
time; try it with Figure 1.6) — yet clearly the figure on the page we are looking at isn’t
literally changing as we see it as being different things.

Figure 1.6 - The “Duck-Rabbit” and Necker Cube

Hanson was drawing an analogy based on the following difference: that the difference
between what it is we are looking at and what something is “seen as...” when we apply
particular beliefs or concepts (like “this is a duck” or “this is a rabbit”) is like the
difference between the raw information in the world and how we then interpret and
organize it according to some conceptual ontology.

The analogy, however, breaks down when considering actual cases of scientists
making judgements based on observations in support of or against a theory. Seeing
something as something is what is going on in the visual gestalt situation. However,
making a judgement as to what kind of phenomena a particular observation is of (which is
what scientific observations that are taken as evidence, data, or predictions are doing) is a
case of “seeing that...” In this case, there is also an application of concepts into making
sense out of the observation, but there isn’t necessarily a gestalt experience of the kind
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like the visual gestalts.

Harré uses the example of a comparison between what Lister and Pasteur saw when
looking through their microscopes at infected wounds. Lister thought micro-organisms
swarming around the damaged flesh were human cells which had “gone wild,” while
Pasteur thought they were hostile invaders. If Lister changed his mind to agree with
Pasteur, there’s no reason to believe that any difference occurs in what he sees with the
help of his microscope. Rather, he would fit such an observation into a different
conceptual framework — rather than taking his observation as of wild human cells, they
would be of hostile invaders; but the perception would be the same — unlike the
perceptual gestalts in which the perception does change (even though the actual external
object does not). Again, the idea of theory-ladenness as the tendency to interpret a
situation in a particular way according to our background theories does still hold, so long
as we are careful not to require it to be a kind of visual gestaltic-perceptual experience.

The potential problem that theory-ladenness presents is that we, as scientists, might
come to interpret particular observations we make as being a kind of phenomena, when in
fact a better explanation would take them to be something different. Even observers who
are alerted to the fact that they might be misinterpreting cannot easily escape their own
particular theory-ladeness of observation (in an important sense, it is impossible to make
any sense of the world without some background theories to organize it into something
meaningful — an intuition which Kant had). This phenomenon has been well
documented in psychological studies which have shown that people’s background
assumptions can greatly influence the way they interpret the world (for example,
“priming” effects on people’s decision-making are well documented: Meyer &
Schvaneveldt, 1971; Schacter, 1987; Tversky & Kahneman, 1974; see also Bruner,
1957).

In most sciences, problems with handcoding with respect to interpretation occur in
the interpretation of data in support of their theory. There have undoubtedly been
numerous cases where scientists convinced of a theory have come to see confirming
evidence of their theory regardless of the actual data presented. At other times, the
scientist may even try very hard to not over-interpret or bias their judgement, yet must
still end up making some judgement about an observation that isn’t “directly” made
evident in the observation itself.'" The relevant point here is that observations, in order to
be taken as being of a certain kind of entity or event, must be interpreted as such;
observations themselves do not automatically provide their own interpretation. Such
interpretation is made in an additional assertion, which is called a measuring theory — 1
will discuss these kinds of theories and their relations to models in more detail in Chapter
2, Section 2.1.3.

The point I wish to highlight here is that making theory-laden interpretations of the
structure of the model itself, while seeming more rare than in cases of interpreting what a
phenomenon nature is, is also possible — and this is my chief concern with handcoding
interpretation (in Chapter 2 I will distinguish theoretical models from physical model

' Several examples of cases such as these occurring in the history of early sub-atomic physics
are given by Hanson in another book of his, The Concept of the Positron (1963). In these
cases, observations were made which could easily confirm several rival hypotheses, and
particular interpretations were made which took the observations to be supporting a
particular hypothesis.
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exemplars — the latter is what is subject to our theory-laden observation, even if it is
intended to be a “physical instantiation” of our theoretical model). Sciences that are
relatively young will tend to have a greater potential for this problem because there is less
agreement on what counts as an instance of a kind of phenomenon. The most prominent
example in cognitive science is in regards to what is taken to be representational, or count
as having “meaning about something else”: it is easy for us to see something as
meaningful because we are very good at attributing meaning to events and objects; but
whether something has meaning in and of itself about something else, independent of
what we might attribute to it, is a very contentious issue. Coming up with a theory of
representation that removes the possibility of accidental semantical attribution is
therefore a very difficult issue.'> This issue will be central in the coming chapters.

Such attributions of the status of certain kinds (even to actual physically working
models) entail further assertions (measuring theories), and this
highlights a very important point: models do not in and of themselves represent
“existence proofs” of how some phenomenon is produced — they only constitute a
possible example of some phenomenon when accompanied by a theory of how such a
phenomenon would be manifested in certain circumstance. And they fail as such an
example if it is found that such a theory of how the phenomenon would be manifested is
shown to be false.

This point can be easily misunderstood when considering a working computational
model. The tendency is to create a model that can produce some desired behavior, and
then argue that because such behavior was produced, the model must somehow constitute
an explanation of the phenomena in question. This demonstration does not in itself
constitute an explanation; it must be accompanied by confirmation that the circumstances
surrounding the production of the behavior in the model are consistent with the kinds of
circumstances that the naturally occurring phenomena to be explained likewise occur in,
and that the natural kinds in the model correspond (within an agreeable degree of
accuracy) to the natural kinds in the system to be explained. A system may be able to
perform a task, but in terms of an explanation of, say, how a human does something, it’s
a theoretical question as to whether the model does it /ike a human (or other animal).
While a model may be able to perform a task, it may really only have manifested its
capacity because it is performing under limited conditions which are far too simple
compared to what actual cognitive agents have to operate within.

So, for example, just because a computer program is capable of parsing a page of
English text, that performance alone does not entail that the computer program is capable
of “reading” in the same sense that literate humans can. There are many other criteria
that must be met: what constitutes having “read” or “understood”? How does the
computer model do the “reading”? Are the processes in the computer in any way related
to the proposed processes in the human reader’s brain? In the background of all of these
questions reside explicit or implicit acceptance of particular measuring theories (which
pertain to the identification of kinds of entities and processes) in addition to theories
concerning how the processes might work.

"2 This, of course, assumes that there is a notion of representation which constitutes a
natural kind — a kind of state or process of nature which is “naturally” representational
independent of observers who attribute some sort of representational relationship.
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Examples like this also show how handcoding with respect to interpretation and to
model construction and function often go hand-in-hand (their deep relation will be
exposed in Chapter 2). If there exists a basic misunderstanding about what the
phenomenon to be explained is, then both types of handcoding can occur: (1) the
researcher, in constructing the model, may have given the model inappropriate conditions
for manifesting the phenomenon, or even interfered with the actual model operation thus
making the model appear to manifest a certain behavior which ultimately only the
researcher is capable of; while at the same time (2) the researcher will be improperly
interpreting particular model behavior as instances of that phenomenon. Nonetheless, it
is important to keep these two kinds distinct for the purposes of analysis.

3.1.3 - Why is Handcoding So Non-Obvious for Cognitive Science?

The above example of the physicist moving the object in a parabolic arc — of how a
physics model might be handcoded — is very unsophisticated; in fact, it is downright
trivial. More subtle handcoding in physics as well as other scientific models can take
place and has. One of the famous cases in early study of animal intelligence is that of
“Clever Hans,”" the horse which was reported to “add” numbers which its trainer
verbally commanded it to add: the trainer would say, e.g., “Hans, add 5 plus 7,” and Hans
would answer by tapping his foot to the total added amount. After several
demonstrations, the horse did appear to manifest the amazing ability to add if given a
vocal command to add two numbers. Unfortunately, it turned out that Hans did not have
quite the ability for which he was originally billed; Hans was instead extremely sensitive
to the facial expressions and body-position of his trainer (and others present), so that as
the trainer was counting off the numbers in his head, his facial and body language
changed subtlety to mark nearing the end of the counting, at which time Hans stopped
tapping — Hans wasn’t exhibiting the ability to add, but the ability to read body-
language; Hans’s tappings also exhibited his trainer’s (or others present) ability to add.
It is not clear whether the trainer in fact knew of his subtle cuing. Regardless of whether
it was intentional or not, it was a clear case of researcher (or, in this case, trainer)
interference in the production of the phenomena — removing the trainer and anyone else
present from Hans’s sight resulted in Hans’s loss of the ability to add.

While the transparency of such examples makes handcoding with respect to
construction and functioning of most scientific models seem to be rather “obvious” (and
this may often be the case for many sciences), this issue is not as obvious in
computational cognitive science. This is particularly clear in the situation concerning
interpretation of models and their behavior. Why is the issue of handcoding so sticky for
computational cognitive science? — Why isn’t handcoding in computational models as
obvious as the above example of the physicist moving an object through the air as a
model of flight of a projectile through a gravitational field? I believe there are two
reasons for this.

" This example almost bears the status of folk-lore, but contains a good moral to be reminded
of in ethological study and for identifying handcoding: knowing as much as possible about
the ecological niche of the animal being studied is crucial to understanding that animal’s
behavior.
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First, computational cognitive science is still relatively new: being generous, the
science has been around for only about 40 years (beginning with the emergence of
research combining psychology and AI). The criteria that develop in particular branches
of science for designating what counts as a good model as opposed to a failure in
explanation emerge only gradually — periods of theoretical and methodological
development are found in the beginnings of any science, and this is recognized in the
general history of the philosophy of science. There have to first be some models and
attempts at explanation, or at least sketches of what such models and explanations might
look like (in general, there’s no substitute for the genuine article) for there to be some
grounds for discussion of proper vs. improper modeling, or adequate vs. inadequate
explanations. Computational cognitive science’s close cousin of experimental
psychology is just a little bit older, and there are quite rigorous standards for proper
empirical investigation. But computational cognitive science is still in the process of
gaining enough experience as a science to establish such criteria of correctness for model
building. Computational modeling, in particular, now needs the same kind of rigorous
methodological foundations to make it as empirically respectable as other sciences, such
as biology, or experimental cognitive science. It is my desire to have this chapter make
some headway in finding such foundations for computational cognitive modeling."*

The second reason handcoding is such a slippery issue is that computational cognitive
science is attempting to explain what amounts to being precisely the same phenomena
that are produced by cognitive scientists themselves: intelligent behavior / cognitive
capacity. It can therefore be very difficult to separate the researcher’s own mechanisms
for the production of intelligent phenomena from the operation of the mechanisms in the
model itself, especially since the model itself is a product of the researcher. (As already
discussed above, it also makes proper interpretation of a model’s accomplishments very
difficult; theory-ladenness of observation makes much of the desired goal of “objectivity”
in computational cognitive modeling very difficult to achieve.) Nonetheless, just as with
any other science employing working physical models, it should be possible for
computational cognitive science to also produce working computational models which do
exhibit and explain intelligent phenomena independently of any reliance on the cognitive

It is also arguable that the introduction of the computer, a vastly flexible tool that can be
used to “envision” possible descriptions of the world, has likely introduced so much flexibility
that issues of the interpretation of models themselves comes clearly to the foreground. This
does not invalidate computational models as scientific models (as some mistakenly argue;
Hendriks-Jansen, 1996); instead we need to be more explicit about what in the
computational model is intended as an instance of what kind. 1 will discuss this in more
detail in Chapter 2.
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mechanisms of the cognitive scientists themselves that created them."

The issues and instances of handcoding in cognitive science and Al have not gone
unnoticed. In fact, handcoding has been identified by many researchers in the history of
Al and cognitive science who have taken a critical look at existing models. These
identifications and criticisms have not just spelled some failure of a particular research
program. Rather, these recognitions have more importantly become the hallmark of great
advances and learning with respect to the understanding of the phenomena under
investigation, as well as the development and evolution of the methodology of Al and
cognitive science. And while focus has often been on the negative aspects of
handcoding, I believe it is important to also highlight its positive contributions. In fact,
debates over handcoding issues have created so much intellectual ferment that they can
be taken as one of the great achievements of the computational paradigm: the power of
computational cognitive modeling is that it forces the researcher to make explicit the
ontological commitments made in the theory(-ies) funding the explanation which aren’t
directly found in the discourse describing the model. Computational models also make
their explanation publicly observable in a way not possible through discourse only. This
methodology fleshes-out strictly theoretical assertions and brings them into an empirical
forum, while also making explicit what the models do not account for.

Several modeling techniques which have become subfields of Al are explicitly
devoted to removing the amount of handcoding possible in the creation and operation of
computational models — most notably: evolutionary computation, which includes
genetic algorithms and genetic programming, as well as a variety of other kinds of
stochastic search methods (Angeline, 1993; Goldberg, 1989; Holland, 1992; Koza,
1992)."® Connectionism also naturally addresses some aspects of handcoding, e.g.
through gradient descent learning, in which the network “settles” on its “own”
representation (input-output pairing function) — I will discuss this more, below.

'> One might argue that this is true except in the basic task of recognizing something as
intelligent in the first place. While it is true that our general common-sense definitions come
from normative judgements about what is intelligent and what is not, cognitive science
generally seeks a notion of intelligence that is naturalized. For example, one possible
naturalized notion of intelligence might be: “intelligence is the having the capacity to go
beyond the information given” (Bruner, 1957). This capacity could then be considered as a
natural kind of complex, epistemic system organization. Another possible naturalizable
notion of intelligence would be “intelligence as adaptive behavior” (Beer, 1990). Regardless of
which particular working definition is adopted, it should also do justice to our intuitions as
well (i.e., it should not be completely arbitrary). Additionally, we can still point to a
particular kind of system behavior (independent of whether it's indeed “intelligent”) and ask
how it works.

' 1 should note here that these methodologies are not immune to handcoding; often very
extensive pre-computational analysis on the task domain is done prior to the use of
evolutionary computation methods, and this analysis comes primarily from the intuitions of
the human researchers. As will become clear, this does not necessarily entail that
inappropriate handcoding has occurred, but does present the possibility. Thanks to Bram
van Heuveln for pointing this out to me.
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4 - Three Handcoding Case-Studies

I will now present three computational models which have been previously
recognized by researchers in Al and cognitive science as involving problematic
handcoding. These three examples have been chosen because they do represent fairly
straight-forward versions of handcoding and introduce several of the ways in which
models can fall prey to handcoding of the first kind: inappropriate involvement of the
researcher in the construction or functioning of the model.

4.1 - AM & EURISKO

One of the most well-documented cases of inappropriate handcoding in the history of
Al is the AM program. An extensive and detailed analysis of the AM project is found in
Ritchie & Hanna (1990), as well as Lenat & Brown (1984)."” AM was created by
Douglas Lenat as his dissertation (1976, 1979, 1982, 1983). AM is an acronym for
“Automatic Mathematician.” The program was intended to be a model of machine
learning of concepts through a constructive search process based on simple rules and a set
of axioms (base-primitives). EURISKO was a later improvement on the basic AM
architecture. Among its improvements was a “learning” mechanism to construct heuristic
rules while engaged in search.

AM’s operation was specified by taking “knowledge structures” of represented
mathematical axioms and then a set of rules for performing inferences based on those
axioms. The starting axiom set included about 100 basic mathematical concepts
amounting to set-theoretic fundamentals and the notion of cardinality.

Also included were about 230 heuristic rules (“rules of thumb’) which rated what
aspects of represented mathematical structures are important or “interesting.” These
heuristics were based on what Lenat took to be the kinds of structures that
mathematicians generally find interesting. Some examples of these heuristics are:
whether the new structure included multiple instances of simpler operations, such as a
square being a number multiplied by itself; or the inverse of an interesting concept, such
as a square root is an inverse of a square; or how “unique” the new structure is.
Structures were rated by a numerical value according to “how interesting” they were.

Given these base specifications, AM would then search for new and interesting
mathematical structures. The search would involve constructing new theorems based on
the original axioms, or derived theorems, according to the set of rules provided. The
generative process of creating new structures was not exhaustive, but was directed toward
interesting areas of the vast space of possible structures: if the structures created were
“interesting,” according to the heuristics given, then AM would pursue further
construction based on the “interesting” structure made; if the structure was not as
interesting, AM would try other paths of search.

It was claimed that AM was capable of making interesting mathematical discoveries
based on the heuristics and rules provided. AM was claimed to have discovered, for
example, “prime numbers” because it constructed and rated as highly interesting the

" Koza (1992, pp.232-236) also gives a good discussion, with particular attention towards
distinguishing genetic searches from AM'’s kind of operation.
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identification of numbers which have a minimal number of factors. Following this
discovery, AM went on to formulate the Golbach conjecture, that every even number
greater than 2 is the sum of two prime numbers.

The problem is that AM turned out to not do what it was originally thought to do.
Handcoding occurred in two ways:

(1) The first problem was that several of AM’s key discoveries may have relied on
the fact that the mathematical axioms were represented in LISP. As Koza (1992, p.232)
points out, many of the mathematical concepts and heuristics in AM were stated directly
in terms of lists. Lists are the primitive data type of the LISP programming language.
An example of this is that in some of the mathematical structure representations, integers
were represented as lists of #’s, where ¢ denotes “true.” Thus, the integer 5 was
represented as the list (¢ ¢¢¢). Furthermore, the lists in AM were manipulated by
functions that are native to LISP. For example, the LISP function APPEND concatenates
two lists, CAR returns the first element of a list, and CDR returns the tail of a list. So,
when an integer such as 5 is represented (¢ ¢ ¢ ¢ ¢), the LISP list-manipulation function
CDR has the effect of subtracting 1. Likewise, when two integers are to be added, the
LISP list-manipulation function APPEND has the effect of adding the two integers.

In Lenat & Brown’s (1984) paper, “Why AM and EURISKO appear to work,” Lenat
admitted that AM’s discovery of various mathematical concepts was greatly facilitated
because AM’s concepts and heuristic rules were stated in terms of LISP’s primitive “list”
object, and these concepts were then manipulated according to list-manipulation
functions native to LISP. Put in terms of search through a space of possible generative
combinations, the “interesting” mathematical concepts were “denser” (meaning that they
were more easily found) in the LISP space than they might be in some other unspecified
space (Koza, 1992, p.235).

LISP can be considered to be an antecedent human discovery of a format to represent
mathematical concepts and operations in a systematic way to express computational
algorithms. Having the operation of AM’s search rely on the structures of LISP for the
search means that the previously discovered mathematical concepts in LISP should also
be counted among AM’s starting axioms and operations. This is considerably more than
knowledge of sets and cardinality. (And thus, AM’s search was more of an expansion on
the relation between LISP and mathematical structures than on the discovery of novel
mathematical concepts.)

(2) The second problem was raised in Ritchie & Hanna’s (1990) paper, AM: A Case
Study in AI Methodology. They highlighted the point that Lenat decided, during AM’s
search, whether a particular line of investigation was “interesting” or not. Thus there was
direct human intervention in AM’s search. This led Ritchie and Hanna to conclude that
personal intervention may have contributed more to the reported results than the
automated process.

As a result of these two problems, it seems as though AM’s “discoveries” by and
large came from humans, rather than from the program itself. In fact, as Hofstadter
notes, “This suggests that it might be more appropriate to think of AM as having been a
human-machine hybrid rather than as an autonomous computer program” (1995, p.476).
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In summary, two kinds of handcoding were committed in the creation and operation
of AM:

(1) Influence of structures inherent in the program which were previously not
recognized as lending to the program’s achievements (the first problem);

(2) Active guidance of model behavior by the researcher toward the desired behavior,
when it was claimed to do so on its own (the second problem).

Thus, there was clearly ad hoc human involvement in crucial steps of mechanism (both
by the researcher during the program run, and in implicit structures and operations of the
LISP programming language, in which the original axioms were represented), and AM
fails as a general explanation or model of autonomous machine mathematical
investigation or discovery (at least, to the extent originally billed) because of this
handcoding.

4.2 - BACON

Another case-study in handcoding issues is the BACON program (named after the
British empiricist, sir Francis Bacon), created by Pat Langley et al. (1987). BACON
consists of a family of heuristic techniques for inducing scientific laws from empirical
data. The creators claimed that BACON has made a number of scientific discoveries,
including: Galileo’s law of uniform acceleration, Boyle’s law of ideal gases, Ohm’s law
of electrical resistance, and Kepler’s third law of planetary motion.

One of the most extensive criticisms of the BACON project comes from D. Chalmers,
R. French, and D. Hofstadter (1992; I will refer to all three authors as Chalmers et al.
hereafter), in their paper, High-level perception, representation, and analogy: A critique
of artificial intelligence methodology. In particular, they are dismayed at the strong
claims made by Langley et al., that BACON is “an accurate model of scientific
discovery.” Chalmers ef al. note that it is claimed that Langley et al.’s system is “capable
of representing information at multiple levels of description, which enables it to discover
complex laws involving many terms.” Furthermore, one of the creators of BACON,
Herbert Simon, claimed that BACON can accomplish these discoveries, “starting with
essentially the same initial conditions as the human discoverers” (Simon, 1989, p.375).

Making such “re-discoveries” is a particularly strong claim because the cognitive
processes that must have gone into producing such laws were certainly complex. Galileo,
Boyle, Ohm and Kepler were brilliant men, and it took several years each for their work
to come to fruition. If BACON is somehow able to make such discoveries, and in little
time, then it is certainly a breakthrough model of scientific discovery.

BACON starts with a set of values of an independent variable and the associated
values of the dependent variable and produces a mathematical expression relating the
dependent variable to the independent variable (Koza, 1992, p.255)."® An example of
one of the more complicated laws that BACON is reported to have rediscovered is

'® Koza, 1992, pp.255-257, gives a good summary of BACON's operation — again, particularly
in comparison and contrast with genetic search methods.
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Kepler’s Third Law of Planetary Motion, which states that the cube of a planet’s distance
from the sun is proportional to the square of its period. Expressed in mathematical terms
(D=planet’s distance, p=planet’s period, c=constant):

_2:C

p

There are three stages that BACON requires of the researcher to set up for a search
for an answer. BACON first requires the researcher to identify the set of independent
variables that are to be used to explain the relationship between the independent and
dependent variables. Next, BACON requires the researcher to supply a set of heuristics
that might be used to express the unknown relationship between the independent and
dependent variables. Koza (1992, p.256) gives two examples of these heuristics:

(a) If the values of one numerical variable increase while those of another variable
decrease, then consider multiplication to be the explanation.

(b) If the values of two numerical variables increase together, then consider division
to be the explanation.

And third, BACON requires the researcher to select a sampling of pairs of values for a
representative sampling of combinations of the independent and dependent variables.
BACON applies an error measure to the differences between the values of the dependent
variable produced by BACON and the values of the dependent variable associated with
each step of a search for a solution.

BACON then operates as follows: It first tests whether any of the researcher supplied
heuristics are applicable to the given set of sampling data. If a heuristic is applicable,
then BACON considers that the two variables are related via the function identified by
the heuristic. It then adjusts the sampling of data using the function identified by the
heuristic so as to create an adjusted sample set. BACON then retests whether any of the
researcher-supplied heuristics are applicable to the adjusted sampling. (For example, if
the condition of heuristic (a), above, is applicable to the given data because increases in
one variable co-occur with decreases in the other, then BACON considers that the two
variables are related via the function of multiplication.) Next, BACON adjusts the given
sample data by applying the function that was identified. The adjusted version of the
sample data is tested anew to see if any heuristic is applicable.

In this way, relationships involving multiple applications of the functions in
BACON’s function set (the functions outlined by the heuristics) can be “discovered.”
That is, BACON discovers a composition of functions from its available function set. If
and when the adjusted sampling of data produces an identity (empirical data are usually
used, so perfect identity is not a necessary requirement; a margin of error is then allowed
— but it must be preset by the researcher) between the independent and dependent
variable and the adjusted version of the dependent variable, BACON’s search is
considered successful and the run terminates. At a completed run, BACON has produced
a sequence of applications of functions (i.e., a composition of functions) relating the
independent variable and the dependent variable.
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What bothers Chalmers et al. so much about the program’s operation and the
subsequent claims made, based on its performance, is that in Langley et al.’s set-up of the
problem for BACON, all the hard work was done. In other words, BACON is given
precisely the data required to derive the law, so that its “discovery” is reduced to a rather
simple deduction that any beginning physics student should be able to make. For this
reason, Chalmers et al. accuse BACON of having 20-20 hindsight in being given only
what data is needed, and the data is in just the right form so that the deduction becomes
relatively trivial. In fact, the actual cognitive processes involved in such scientific
discoveries are faced with the much more monumental task of paring down what is
relevant and making careful hypotheses paired with testing, all part of an intricate and
complex process of induction.

And this is no small matter. In considering the kinds of cognitive representations
involved, we are not talking just about how equations are represented, but whole
background metaphysical models based on historical, religious and cultural-framework
assumptions. As Chalmers et al. point out, this whole background context, and the need
to break away from it, seriously complicates the kind of creative processes required by
many orders of magnitude; quite a bit beyond the “trial-and-error based on heuristics”
type search that BACON used.

“Within [Kepler’s historical] context, it is hardly surprising that it took
Kepler thirteen years to realize that conic sections and not Platonic solids,
that algebra and not geometry, that ellipses and not Aristotelian “perfect”
circles, that the planets’ distances from the sun and not the polyhedra in
which they fit, were the relevant factors in unlocking the regularities of
planetary motion. In making his discoveries, Kepler had to reject a host of
conceptual frameworks that might, for all he knew, have applied to
planetary motion, such as religious symbolism, superstition, Christian
cosmology, and teleology. In order to discover his laws, he had to make
all these creative leaps”

(Chalmers et al., 1992, p.192).

Chalmers et al. point out that Langley ef al. account for the large amount of time
Kepler needed — 13 years — to make his discovery as “sleeping time, and time for
ordinary daily chores, and other factors such as the time taken in setting up experiments,
and the slow hardware of the human nervous system (!)” p.193. Furthermore, Qin &
Simon (1990) conducted an empirical study which found that starting with the data that
BACON was given, university students could make essentially the same ‘discoveries’
within an hour-long experiment; The authors, however, took this as evidence in support
of BACON, rather than taking this as clear evidence that something is wrong with
BACON’s methodology.

Chalmers et al. conclude that BACON is thus guilty of a kind of handcoding in which
the program is claimed to be capable of accomplishing some task requiring cognition, but
the really difficult work of perceiving the problem has been bypassed. What was the true
feat of Kepler, his real discovery, was the novel conceptual framework he constructed
(paramount to a paradigm shift, in Kuhnian — Kuhn, 1970 — terms) in which the
particular Third Law of Planetary Motion is framed. In BACON’s case, the really
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interesting and complicated cognitive task of construction of the representation of the
problem is bypassed, existing really only in the historical records of Kepler’s work and
what we have since learned from them — BACON’s 20-20 hindsight. The interesting
cognitive mechanism that remains to be explained is how such a framework was
represented, and how that representation was constructed.

BACON’s handcoding is similar to AM’s in that the researchers provided the
program with far more information than was reported, but highlights how this
information was given in terms of tailoring the representation of the problem domain to
such an extent that the achievements of the program are relatively trivial compared to the
phenomena to be explained. Also, Chalmers ef al. have made clear the results such
researcher influence has on the explanatory power of the model:

(1) The problem domain that the program is intended to explain is represented in such
a way that the cognitive mechanism of interest is bypassed: the program has 20-
20 hindsight; not at all faced with the kind of problem faced by those whose
processes the program was intended to explain.

In other words, the program doesn’t have to go through the computational task of picking
out what is relevant from what is not relevant, representing these relevancies in a form
that is usable, and then finding a solution. This task constitutes the meat of scientific
discovery, and leaving it out is to leave out the very phenomena that BACON was
intended to explain.

4.3 - A Connectionist Past-tense Learner:
Rumelhart & McClellon’s past-tense learning network

The modeling paradigms of connectionism and parallel distributed processing (PDP)
offer some natural answers to the handcoding problem. In particular, connectionism is
comprised of a class of learning techniques (e.g., gradient descent learning) in which the
artificial neural network “settles” into its “own representation” of some cognitive domain.
The advantage that connectionism gains here is that these learning techniques do not
require the researcher to explicitly designate the representational units or what they
correspond to. Instead, how the network represents is a function of its exposure to a
training set of input/output pairings over a series of training “epochs,” in which the
weights of the network are adjusted to best satisfy the desired input/output pairings via a
training algorithm. Here, the influence of the researcher in the designation of the form of
representation in the network is minimized — thus decreasing the potential for
malevolent handcoding in certain explanatory tasks.

This feature of connectionism is certainly an advance for capturing many kinds of
phenomena; but the spectre of handcoding can still visit connectionism if care isn’t taken.
One of the ways connectionist approaches can fall prey to handcoding is in how the
training set is chosen and presented to the connectionist model.

The training set of input/output pairings used to train a connectionist system is crucial
for how the net trains (“settles”). In particular, the order in which information is
presented can have a profound effect on how the network trains. In learning systems, this
is crucial; if the order used in a model does not naturally occur in the world, and thus
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requires a researcher to impose such order, then the researcher is handcoding potential
phenomena that might not otherwise naturally arise in a model ordered following more
natural conditions. Thus, such models which require the researcher to specify the order
of the training set in order to induce the phenomena are not good explanations of the
natural phenomena — the unexplained ability of the researcher to know what’s
appropriate (knowledge not available to the naturally occurring mechanism) is being
snuck into the successful performance of the model.

Clark (1993), p.155-156, presents an example of this kind of handcoding, using
Rumelhart & McClelland’s (1986) connectionist model, which is intended as
connectionist account of the learning of past-tense verbs. The model was claimed to
reproduce the well-documented “U-curve” in performance during learning: in normal
child language development, there is a phenomenon in which regular and irregular verbs
are initially distinctly treated so that initial performance is good with a limited set of
regular and irregular verbs; but then performance degrades through misapplication of
past-tense regular verb rules to irregular verbs until, finally, performance again improves
with the eventual distinction between proper past-tense rule application to regular verbs,
distinct from irregular cases.

This phenomena was initially explained by a model in which there is development of
distinct computational mechanisms in the language-tense learner: one for rule-learning,
and one for rote-memorization of irregular tenses. Rumelhart & McClelland’s model was
likewise able to reproduce the observed developmental data, but did so with essentially
one computational architecture (that of the network) — change only occurred in weight
changes during training. This connectionist model was thus an interesting challenge to
the initial multi-mechanism model.

It turned out, however, that while the Rumelhart & McClelland-model’s
computational structures were essentially the same, the network behavior during training
was a direct result of the specific temporal changes in the training set provided by
Rumelhart & McClelland. That is, the model’s reproduction of the U-curve data was a
direct effect of the statistical transition, during training, between a stage in which a high
proportion of the data consisted of irregular verbs to a subsequent stage in which the
majority of the data consisted of regulars.

As Clark describes the position of the critics of Rumelhart & McClelland’s model
(particularly, Pinker & Prince, 1988): “... this is not ... psychologically interesting, since
human over-regularization errors occur without the benefit of such convenient
manipulations of the input data, and reflect not the changing statistics of a training set but
the attempt to impose rule-involving order on a body of stored knowledge.” Thus,
Rumelhart & McClelland’s model is in a situation similar to BACON’s: there is 20-20
hindsight — the problem was presented to the model in “just the right way.” This
introduces new issue: not just system operation, but also its task environment can hide
subtle researcher influence, amounting to handcoding.

So, handcoding can even take place in connectionism: Rumelhart & McClelland have
essentially provided what is the key to reproducing the U-curve during the model’s
development by changing the training set themselves to induce the U-curve change,
rather than a developmental mechanism in the system itself in an environment of
homogenous stimuli variability.
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The point of this example is not to argue that Rumelhart & McClelland’s model does
not pose an interesting challenge to the traditional model, nor to argue that connectionism
in principle couldn’t find ways of explaining language acquisition. In fact, Clark (1993,
pp-156-170) goes on to describe the interesting work by Plunkett & Marchman (1991) in
reassessing the U-curve data itself, from a decidedly connectionist perspective. Rather,
Rumelhart & McClelland’s model highlights the potential for handcoding which exists in
connectionist methodology (e.g., in the kind of training data and/or the temporal order in
which the training data is presented to the network) — i.e., there exists the potential for
the success of a connectionist model at producing some behavior to be a matter of
unexplained influence of the researcher."”

5 - Summary

With this introduction to the handcoding problem in general, and some of the
instances in Al where handcoding has been identified, it should be clear that there are
several kinds of handcoding. With AM we saw handcoding in two ways: the active
guidance of model behavior by the researcher, and the influence of programming
structures inherent in the program that were previously not recognized as lending to the
program’s achievements. BACON was shown by Chalmers ef al. to have been set up in
such a way that the problem domain that the program is intended to explain is represented
so that the cognitive mechanism of interest is bypassed, thus providing an unfair version
of “20-20 hindsight.” And even connectionist models were shown to be vulnerable to
handcoding, as evidenced in Rumelhart & McClelland’s model. Here the situation is
similar to BACON’s in that 20-20 hindsight was afforded in the problem being presented
to the model in “just the right way.” This, however, uncovered that the scope of
handcoding is not limited to just the internal operation of the system — even the task
environment in which the system operates might hide subtle handcoding. If the task
environment presented to the model is not representative of the kind of environment that
the naturally occurring systems that we wish to explain have to contend with, then the
model is not having to solve the same kinds of problems, and therefore the model does
not explain how naturally occurring systems contend with those problems. Other kinds
of handcoding may be found in the literature, and there are sure to be more discovered in
the future.

A rigorous definition of handcoding cannot be found that would unilaterally identify
all the specific instances of handcoding. Also, what is observed to not be handcoded
today may be discovered to be so in the future. In an important sense, any model will
involve handcoding of some sort — that is what it is to be a model. This does not mean,
however, that identifications of problems with handcoding are in some way vacuous.
Rather, this is a direct result of the fact that the identification of, and attempts to avoid,

% Certainly, an obvious place for handcoding issues is in supervised learning in PDP systems.
Learning in these cases requires that the desired output already be known in order to
generate what changes must be made internal to the system to get it to match the desired
output. While such learning may naturally occur, much learning is distinctly unsupervised:
it is up to the learner to determine what internal changes are required — i.e., to determine
what is optimal output in the first place.
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particular kinds of handcoding are integrally dependent on the current competing theories
funding the particular models, and the positions that are reacting against those models
(the claims made above that these models involved handcoding, for example, all
themselves rest of background theories). The main question before us is then: In what
sense is handcoding legitimate, and when is it illegitimate?

Recall that this question was raised back in the beginning of Section 3, and two
descriptions were given which distinguished proper from improper involvement of a
researcher in a model (either in creation and operation, or in interpretation of the model).
In the space since then, I have presented several examples of how handcoding can be
illegitimate, and what forms that illegitimate handcoding may take. The question of the
legitimacy of handcoding, however, still requires development so that it can be used to
diagnose other projects. This development will entail making clear what I mean by
computational cognitive modeling, the research paradigm for which the framework for
the identification of handcoding is to be made a useful methodological tool. I turn now to
Chapter 2 to define computational cognitive modeling and subsequently show how
existing handcoding may be identified in computational models. The result is a
framework for establishing a motivation for new cognitive theories and better
computational models.
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Chapter 2
Handcoding and Computational Cognitive Modeling

1 - Introduction

As explained at the end of Chapter 1, the goal of this chapter is to fill out the
framework for the handcoding critique with respect to computational cognitive modeling.
This framework will enable me to use the handcoding criticism as a critical tool for
investigating the legitimacy of computational models as explanations, and provide the
guidelines for proposing criteria for future theoretical models which eliminate previous
handcoding.

The first major task is to define the research paradigm for which the handcoding
critique is to be used: computational cognitive modeling. This will be the property of
Sections 2 through 4, which will make up the bulk of this Chapter. Once this definition
has been given and discussed, I will present a concise statement of what handcoding is
with respect to computational cognitive modeling, followed by discussion of several
additional properties of handcoding. This will complete the general discussion of
handcoding begun in Chapter 1. I will then be free to continue on to Chapter 3 to discuss
in detail a case of handcoding in computational models of analogical cognition.

Making the handcoding critique useful for cognitive science requires defining
computational cognitive modeling. As the name itself implies, there are three subjects to
be addressed. I will first discuss what a model is and what explanatory role it plays in a
scientific investigation (Section 2). Recognizing the role computational cognitive models
play as scientific models is crucial: although models may always have some unavoidable
aspect of handcoding in them, understanding the role of a model in explanation will show
in what sense something has been handcoded appropriately or inappropriately. I will then
give an elaborated definition of computationalism, the research methodology which
employs computational models as devices to aid in explanation (Section 3). And finally,
I will discuss the basic minimal set of criteria for the ontological status of cognition
according to computationalism (Section 4). This discussion will establish the foundations
for what computational cognitive modeling is so that framing the handcoding critique in
terms of computational cognitive modeling will show exactly what kind of work the
handcoding critique can accomplish as a methodological tool for theory building and
analysis.
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2 - Scientific Models

The role scientific models play in empirical enquiry is indispensable. This has been
particularly shown in the history of science, as we can now look back and see the
development, and at times, the replacement of fundamental views of how it is believed
that nature works (Kuhn, 1970). One might ask how such replacement is possible given
that fundamental views of nature are not directly comparable solely in terms of plain
observation. While Kuhn’s answer suggests that it is ultimately a matter of one
discursive community outliving the other, “older” view, we can also look to the logic of
the scientific use of models to see why the eventually dominant view, in retrospect, can
be seen as more powerful and more satisfying.

Models give us the possibility of empirical access to mechanisms which operate
“beyond the veil of perception,” providing the forum for which we can consider how the
world operates even though we cannot directly observe the underlying mechanisms of
such operations. We could never come to an understanding of such underlying
mechanisms based solely on observation. Through the use of models, we build pictures
of how the behavior of all the kinds of independent phenomena we observe might be
related to one another by underlying law-like mechanisms. These models may then be
compared to one another and to our masses of collected observations of the world to see
which gives us the “best” picture of how these independent phenomena could be related.

(I will not go into the details of the debate over whether or how such theories get
closer to “how nature really is.”** However, an understanding of what a model is will be
crucial for filling out the idea of how the handcoding critique can be used in empirical
enquiry in computational cognitive science as part of the machinery for developing better
models, and as a consequence better explanations.)

Models also play a crucial role in computational cognitive science. With the rejection
of behaviorist explanations, cognitive science allowed for legitimate empirical enquiry
into the mechanisms which underlie the observed behavior manifested by intelligent
agents: the “black box” of the mind/brain is now no longer considered impenetrable.
Several developments allowed for the possibility of empirical access to these “hidden”
mechanisms — two in particular. First, there was the theoretical work in mathematics
that culminated in Turing’s formalization of the notion of computation and the
subsequent developments in technology which led to the invention of the programmable
computer. These discoveries were very important for cognitive psychology and cognitive
science in general because they established a feasible medium by which proposed notions
of how the mind/brain works could be actualized in working models, opening these
theories up to more rigorous empirical enquiry. What these discoveries amount to will be
the subject of Section 2.2.

? In my discussion | am clearly keeping the faith that some such story does exist and the
justification is sound. The current popular argument is that when comparing rival
hypotheses (proposed rival models), the one that is chosen is the one that best explains the
phenomena. ‘Best’ is in turn cashed out as that model which reduces (or shows an
underlying law-like relation between) the greatest number of independent phenomena (and
such reduction could include fitting in with other existing models which are also highly
confirmed). This notion is central for the position of convergent realism (as well as some
other varieties of realism) in the philosophy of science (Aronson, Harré & Way, 1995).
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While these discoveries were being made there was also the development of key
concepts in the philosophy of science which served to illuminate the logic for the proper
use of scientific models in the investigation of phenomena which lie beyond direct
observation — the second important development. The following discussion of models
and their role in science is a “skimming off the top” of the large body of literature in
philosophy of science and related disciplines which worked to develop the scientific use
of models. I will not be adding much in the way of new insights here. However, doing
this summary is nonetheless very important: I want to make these developed notions of a
model for science in general to be useful for cognitive science in particular. The goal of
this section (2.1) is to build this analysis of scientific models as a tool to be used in the
evaluation of computational cognitive models under the handcoding critique.

2.1 - Some preliminary distinctions

Before going into more detail concerning what models are, I should first make some
preliminary distinctions to clarify terms. The first is between two senses of “scientific
model”: theoretical models and model exemplars. Overall, science could be said to be in
the business of developing theoretical models. As Giere (1997, p.24) puts it, “a
theoretical model is part of an imagined world. It does not exist anywhere except in
scientists’ minds or as the abstract subject of verbal descriptions that scientists may write
down.” A theoretical model is intended to be a description of how the world works.
Giere’s description of a model as part of an imagined world is thus an important insight:
models propose possible ways that the world might be. The question then is whether the
model pictures a possible world that is similar to (or the same as) aspects of the actual
world. Giere is also correct in highlighting that theoretical models by and large exist as a
collection of things, including the scientist’s imagination and the discourse in which she
presents her ideas.

This discourse, however, includes more than verbal description; it also includes
model exemplars. Model exemplars include things such as scaled-down airplanes (scale
models), analogies (analog models; e.g., the DNA molecule is shaped like a spiral
staircase), or computer programs (a certain kind of scale model in which the term “scale”
refers to kinds of computational states and defined functions instantiated in different
mediums). These are all actual physical things. The discourse presenting a theoretical
model may include these physical models, which are used as exemplars to help in
communicating the researcher’s theoretical model. These exemplars help the researcher
in the task of making reference to aspects of the phenomena in question, and to
demonstrate how underlying mechanisms function — all of this is part of the task of
making scientific discourse public so that communication can take place.

Thus, when we talk about the scientific theory that a researcher is proposing, we are
ultimately referring to the theoretical model (or models), even though such discussion
will often surround one of these physical model exemplars and how it is to be interpreted
as representing nature. Why is this last point important? Because when we go to
consider a computational model (in fact, any model), we have to understand that it is
proposed to rest on a background of theoretical assumptions and assertions, some explicit
and some implicit (and perhaps it is part of a whole family of models and corresponding
theories; consider, for example, the variety of models and theories aimed at different
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levels of phenomena and kinds of explanation, yet all related as part of the general theory
of Darwinian evolution). This again brings up the point made earlier (in Section 3.1.2 of
Chapter 1) that a running program is not itself an “existence proof” in the sense of
providing an explanation simply because the program is able to accomplish some task.
An explanation is of some phenomena (which for computational cognitive modeling is
cognition), and just because some computation in certain circumstances can produce
some desired behavior does not entail that “cognition in the wild” works that way — a
working program may only constitute one of a number of solutions to a problem, and it
may in fact be not at all similar to how naturally occuring organisms have to solve the
same problem. Computational cognitive models are parts of theoretical discourse aimed
at explanation, and so do not have some simple, purely objective existence. And more
importantly, models do not themselves automatically provide interpretations as to their
structures and what in the world they are proposed to correspond to. This will be
precisely the issue in Chapters 3 and 4, when it comes to considering how
“representations” in a computational model are to be interpreted.

In this next section I will be talking about models in general (including theoretical
models and various kinds of model exemplars) in order to lay out the logic of the use of
models in explanation; that is, how it is that models can be about the world.

2.2 - Models

Realist approaches to the philosophy of science, in reaction to logical positivist views
of explanation, have in the past half century worked to introduce and develop a “proper
treatment” of the role of scientific models as being a central figure in explanation
(notably: Aronson, 1984; Aronson, Harré¢ & Way, 1995; Black, 1962; Campbell, 1957;
Giere, 1988, 1997; Harré, 1970, 1983, 1986; and Hesse, 1966, 1974). As a result, much
is now understood about the roles models play in explanation, and this in turn has been
supported by many now well-established cases in the history of science of the use of
models in providing explanations of particular natural phenomena (e.g., analyzing the
analogical model of “Niels Bohr’s atom as like a miniature solar system”; or the
explanation of the relationship between the Boyle-Charles law of gases and the
Newtonian mechanical model of nature as comprised of moving atoms to produce a view
of gasses as collections of moving atoms, which in turn explains the relationship between
temperature and mean kinetic energy). The purpose of this section is to introduce a brief
summary of these developments in the various roles scientific models play in the logic of
explanation.

To start with, it is generally agreed that to explain something is to somehow make it
so that it can be understood. This is certainly not a technical definition, but we can at
least agree that when we have an explanation we have: (1) some thing (a model) by
which we can in some way observe (or imagine) the internal workings of something we
want to understand; (2) we have developed a vocabulary to describe such workings; and
(3) we have observed (or imagined) our model to behave consistent with the way we
think it should. All three of these things lead us to a greater understanding than situations
in which we lack these things. As Harré (1983, p.69) puts it, we can come to understand
something, “either by finding an illuminating analogy to the phenomena whose character
we do not understand, or by our ‘exposing a hidden mechanism’ the workings of which
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inevitably result in the phenomena that required explanation. An explanatory theory may
depend for its acceptance on the success of its analogies, or on the plausibility of the
mechanism it postulates, or in many cases on both.” This idea is the start of the
relationship between models and explanation.'

In explaining what a model is, Aronson (1984, p.67) notes that it is important to first
highlight the similarities as well as the differences between the use of a ‘model’ in
science as an explanatory tool and the technical use of the notion of a ‘model’ which
occurs in symbolic and mathematical logic (a point sometimes confused in artificial
intelligence “models”). First, the differences: In symbolic and mathematical logic, a
model is a set of objects that satisfy a set of axioms of a formal system — here the model
provides an ‘interpretation’ of the system. So, for example, if the mathematical system of
geometry is strictly axiomatized, it would be determined that a variety of mathematical
objects, such as a “point” or a “straight line,” satisfy those axioms. Models in science,
however, provide more than just an interpretation of “what” is in a system; a scientific
model allows us to transfer properties from the model to the system modelled. Scientific
models are a way of picturing aspects of nature, such that the behavior of nature is not
just predicted but we can see how it works; and we can see this in the model even if those
parts of nature can not possibly be actually observed.

On the other hand, the logical as well as the scientific uses of models both start from
the same basic idea: that the relationship between the model and the system modelled is
that of similarity. The two systems (the model itself and the system modelled) have a
common structure, which is technically referred to as a structural isomorphism between
the two systems (Aronson, 1984, p.67). The fact that the two systems have a structural
isomorphism entails that even though the two systems are distinctly different, in some
aspect (or aspects) they share in common the same laws of behavior or “qualitative
structure.”

In this way, a toy airplane may serve as a model of an actual airplane because there
may exist a structural isomorphism between the toy and an actual jet airplane with respect
to overall geometrical and aerodynamic features; or the toy airplane might have a further
structural isomorphism with a jet by being made of a material that gives it approximately
the same relative structural strength as the aluminum alloy found in the real jet. These
particular structural isomorphisms may prove useful in, for example, testing the
aerodynamics of the plane architecture, or it’s structural integrity, without having to
actually put a real jet into extreme conditions. This is possible because certain aspects of
the model will be (under the proper contextual conditions) the same as those of the
system modelled. Computers can also be used to model or simulate the behavior of
various physical systems because the instantiated “laws” governing behavior in the
computer model are isomorphic to the laws of the system being modelled.

Also important to note here is that I use the term “laws” generically to refer to any
kind of forces, constraints or boundary conditions that govern the behavior of nature

! Note: a model is not the same thing as an explanation. To explain something is to
somehow show what it is or how it works. A model (namely, a theoretical model, a part of
the communication of which might be a model exemplar) may be employed in an explanation
as a description of what something is or how it works. But the model by itself does not
constitute an explanation; again, models do not provide their own interpretation — the
interpretation is an additional aspect, as | will discuss below.
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consistently and regularly within a certain context™, not just the kind of laws we might be
inclined to think of in terms of classical physics. These kinds of laws of behavior include
the organizational mechanisms involved in establishing biological structures, such as
single cell or whole organism metabolisms; or the variety of organizational principles
which govern evolutionary selection processes; or the boundary conditions for the
formation of clouds.

Isomorphism is just a start to uncovering the role that models play in scientific
explanation. The key power of models as tools in explanation is that an analogy may be
made between the model and phenomena to be explained. The model is said to be
something we understand in the sense that we are familiar with its internal workings.
Thus, “...by means of [the] analogy, the language and properties of the model are
transferred to the system modelled, enabling us to think of the unfamiliar in terms of the
familiar. More important, new properties are ascribed to the unfamiliar phenomenon by
means of its analogy to the familiar system” (Aronson, 1984, p.68).

Of course, not all analogies will be useful in explanation. For this reason, a
distinction has been made between “formal” and “material” analogies (Aronson, 1984,
pp.71-72). Formal analogies are those in which the two systems resemble one another in
their behavior, but we could not use one to explain the behavior of the other — somehow
the internal workings of one do not match the internal workings of the other. Aronson
(1984, p.72) offers as an example the surface similarity of the equation of motion that
describes a swinging pendulum and the equation of an oscillating electrical circuit; both
equations have the same form, so the behavior of one could be used to mimic the
behavior of the other, but it has yet to be found how pendulum behavior can explain
electrical circuits, or vice-versa. These are not the kinds of analogies intended for
explicating the scientific notion of a model. Material analogies, on the other hand, not
only hold an isomorphism of behavior, but the key properties of the model are replicated
in the modelled system (Aronson, 1984, p.73). Scientific models expand our theoretical
vocabulary for the phenomena we wish to understand. It is this kind of ascription of a
new and “richer” set of properties from the model to the phenomena that funds an
explanation.

Finally, it is important to note a key feature of analogies themselves: an analogy made
between two things entails that there are ways in which the two things are similar (alike)
and dissimilar (not alike) one another. So, in explicating a model’s relationship to a
phenomenon, it is important to make clear how the model is positively analogous to (i.e.,
‘like’) the world and negatively analogous to (i.e., ‘not like”) the world. This helps pick
out exactly what it is that we see in the model that is also the case in the world. In this
way, the positive and negative analogies together help to pick out what “slice of nature”
the model represents. It is the task of the theorist using the model to supply the criteria
for filtering positive from negative aspects of the analogy (Aronson, 1984, p.71; Hesse,
1966, pp.57-129).

* That is, given a context of certain conditions, those forces or constraints that govern
behavior will be the same. This assumes a theory of contextual identity (see Aronson, 1984,
Aronson, Harré & Way, 1994, and McClamrock, 1995, for further justification and
development of this idea and related issues).
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2.3 - Measuring Theories

So far in my discussion of models I have been talking about kinds in nature and
models as if their definition and identification were simply given. In fact, this is not the
case — such claims are additional theoretical assertions, as introduced in Section 3.1.2 of
Chapter 1. The positing of their existence and how to identify them constitutes two
additional (although intimately related) theoretical assertions.” First, there is the
theoretical assertion that certain kinds exist: the positing of some ontological framework
which stipulates what kinds exist, what their nature is, and how they are related. For
purposes here, I will not go into detail about the philosophy of kinds (I refer the reader to
Harré, 1986, Part 11, pp.97-144 for a nice discussion and development of the metaphysics
of natural kinds). But with the ontological status of kinds given or asserted, a general set
of criteria exist for their identification and quantification.® This is the second assertion:
a measuring theory.

In what sense do measuring theories exist? Consider three cases. First, we take a
thermometer and look at its current state. The thermometer’s mercury fills the small
glass tube up to a mark of 20° Celsius. What does this show us? Assuming the
thermometer isn’t somehow malfunctioning (e.g., it isn’t cracked), and it’s being used in
the proper conditions (it has been in the room long enough for the thermodynamic state
of the mercury to have reached equilibrium with respect to outside environment), and it is
indeed a proper thermometer (it hasn’t been “miscallibrated”), we can claim that the
room is 20° Celsius. But as can be seen, there are a number of assumptions which
accompany this claim, and all of these in turn rest on some background theories. Most
important of which is that mercury behaves a certain way (expanding in volume in warm
temperature and shrinking in cool temperature). There’s also a straight-forward
convention, that “20° Celsius” marked on the present position of this thermometer will
represent a state of the room (after sufficient time) corresponding to a certain local
amount of mean kinetic energy (temperature), and will do so in similar conditions in
other places. In this case, the place of the measuring theory (I’'m referring to all the parts
involved in the assumptions of how to “read” a thermometer and what that “reading”
means as parts of the measuring theory) is fairly straightforward. And even though
differences in what the thermometer may represent can arise, the behavior of the

» These are referred to as auxiliary hypotheses because they are hypotheses that accompany
the basic theoretical hypothesis, which asserts that the proposed model does “fit” the world.
Again, this drives home the point that a theoretical assertion as a whole is comprised of
many independently distinguishable claims and assertions. The purpose of being so
methodical in picking out these aspects of theoretical claims is that we need these
distinctions in determining where and how handcoding occurs, and what impact it has on a
theory (i.e., which claims fall because of handcoding, and which remain intact).

* Note that not all kinds need to be necessarily detectable or measurable; many exist as
theoretical entities and some are in-principle not possibly measurable. Nonetheless, we may
still have good reason to posit their existence, and they do still hold certain criteria for how
they are supposed to behave and affect other kinds, depending on their ontological status.
Here | will only talk about those that are measurable, as the characteristics of strictly
theoretical entities are subsumed in the description of measurable kinds, and this is what is
important for the coming discussion of interpreting measurable physical states as being
mappable to states and functionally prescribed state changes in a computational description.
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thermometer, and how to read its state, is more or less a fact common to all observers
(who know the convention).

A second case, which is more revealing of the role of a measuring theory, can be
found in the history of the discovery of sub-atomic particles (Harré, 1983, pp.153-154;
Hanson, 1963, gives several examples). What is revealing about this case is that even the
possibility of a common observable fact can be brought into question. According to
modern physics, electrons (negatively charged particles) follow a characteristic path in a
magnetic field. In the early half of this century, the question arose as to whether there
were any particles of the same mass but positively charged. Anderson reported finding a
track of a particle, the length of which strongly suggested that it was of electronic
dimensions. The question was then put forward: was the picture of a negative electron
that picked up energy in the magnetic field (having a track of lesser curvature at the end
of its flight) or was it a positive electron which lost energy and so curved more sharply
under the influence of the field? When considered at the level of physics (namely, in
which this observation might be considered as evidence for or against Dirac’s theoretical
analysis), there were clearly two facts possibly represented by the picture, not one: “if the
track was made by an electron of negative charge the photograph represented one fact; if
it had been made by a positron the photograph represented quite another” (Harré, 1983,
p.154).

Any observation is likewise taken as being a particular kind depending on the
background conceptual framework:

“ ... to accept that the photograph is indeed a picture of the track of an
ionizing particle a very great deal of theory must be presupposed, and not
only physical but chemical theory too. Only relative to a whole cluster of
theories which everyone involved shared does the photograph exist as a
collection of data at all.” (Harré, 1983, p.154)

As Harré goes on to mention, even taking the picture as being of anything depends on
being embedded in the conceptual framework of sub-atomic physics; to the lay-person of
the 1920’s and 30’s, the picture would probably have no meaning at all. The example of
theoretical sub-atomic physics brings out this dependence on background theory and
conceptual framework since how to take an observation as being of some kind is not as
well established (not as well-confirmed) as, say, watching the sun rise each morning and
set in the evening and taking it as a phenomena produced by the earth rotating on its axis;
nonetheless, the same kind of dependence is there in both cases (of course, in one case,
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we have much more confirmation, and therefore much more certainty in our assertion).”

A third and final example sheds light on yet another facet of how measurement
theories exist: the way a measuring theory carves up nature may pick out particular
information while ignoring others — and they do so based on a particular framework for
representing scientific knowledge. The curious case of Mendel’s “fraud” makes this
point (Harré, 1986, pp.170-171). The Austrian botanist, Gregor Mendel, performed a
series of experiments on the breeding of peas to determine how genetic inheritance
worked. It is unclear exactly what methods he used, as his notes were destroyed shortly
after his death. What makes his achievement questionable and curious is that he
somehow managed to roughly predict a general principle of genetic inheritance, while it
has since been proven that based on the supposed method he used, his chances of
obtaining actual data which would support his conclusion are about 1:30,000. How did
he do it, and why might he have drawn false conclusions?

Root-Bernstein (1983), has proposed a possible solution to the mystery which makes
it not so much a “fraud.” He argues that in Mendel’s time there were two fundamental
ways of viewing nature: (1) the biological view, which saw individuals as varying
continuously in all their common characteristics, and (2) the statistical view, which was
based on counting the frequency of occurrence of attributes within a population. In the
statistical view, to be “countable” required being discrete, not continuous. Thus, an
individual must be either green or yellow if a head count of green peas and of yellow
peas is to be possible. As Harré¢ (1986, p.170) puts it, “greenish-yellow things are an
embarrassment. In order to apply statistical methods to biology it was necessary to solve
‘the problem of assigning continuously variable characteristics to discrete categories’
[Root-Bernstein, 1983, p.279].”

Root-Bernstein puts the point succinctly: “the ‘reality’ of nature confounds the
‘ideality’ of classification” (p.280) — at least a classification system that yields
statistically treatable measures. So what Mendel must have done (if this story is true), is
assign the 7% of peas which did not unambiguously fit his predetermined discrete
categories to discrete categories which were already well filled with specimens.
According to Root-Bernstein, “what in fact Mendel published was not a ‘real’ description
of his peas, but his perception of how those peas could be categorized into ‘ideal’ discrete
groups” (p.282). “[Mendel’s categories were]... theoretical constructions by the help of
which nature was segregated.... Mendel’s analysis depended on the use of relatively a
priori categories which emerged not from his experience of nature, but from the

» Just to be clear, none of this is to suggest some form of strong relativism. While scientific
facts are constructed, they are done so in the practice of comparisons between rival
hypotheses and models, in an empirical framework. Their confirmation is a part of a whole
emerging conceptual framework. So confirmation may be relative such that all hypotheses
may be subject to revision, but eventually so much background conceptual framework will be
at stake that revision comes at a great price. For example, challenging that our observation
of the sun rising and setting is not about the earth turning on its axis would likewise
challenge our whole system of belief about our solar system and most of astronomy,
something we are not going to want to do unless presented with a greater and better
confirmed framework — something which doesn’t seem likely to happen. Aronson, 1984,
p.150, notes this point in his discussion of the possibility of crucial experiments, and points
out how Kuhn overlooked this in his analysis of change in science as merely discursive
communities outliving one another.
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exigencies of the method he had chosen for studying the phenomena” (Harré, 1986,
p.171). In short, Mendel employed a measuring theory which was derived from an entire
theoretical framework for a kind of scientific study of populations.

Analogous cases certainly exist today (e.g., the psychometrics framework used in the
study of categorical perception; Harnad, 1987). Such frameworks have had successes
and failures, and much has been learned about when it is and is not appropriate to make
use of such frameworks; much of this hinges on the nature of the phenomena in question.
An important point to understand here is that in some cases, it is not the particular study
itself which needs to be brought into question, but rather, the whole theoretical
framework from which a particular measuring theory used was derived. (An analogous
situation exists in considering the nature of representation, as I will discuss in Chapter 4.)

A measuring theory is therefore the set of assertions which accompany a general
proposed hypothesis of how it is believed the world works. The measuring theory
regards how some phenomena in the world is to be taken as being an instance of some
kind. With respect to a model, a measuring theory thus has two parts. The first is what
gives a model its semantics: assigning what ontological kinds correspond to what aspects
of the model. The second part of the measuring theory, which is concerned with the
model (which has been given a semantics) and the model’s relation with the world, plays
the important role of generating predictions from a model. Predictions include more than
just “what will happen in the future” — they should be taken more generally as what the
model’s behavior and entities are to be interpreted as being instances of; i.e., what kinds
of behavior and entities they are. The measuring theory role in terms of the world,
however, is not easily separated into two roles, but instead takes the observations made in
the world and interprets them as being certain kinds — such judgements produce data.
Data, the complement to predictions, are then the collection of judgements made as to
what kinds certain observations are taken to be.

With this notion of a measuring theory, along with the above general discussion of
models, I can now draw a Figure (2.1) which depicts the relationship between models and
the world, and the role that measuring theories play in those relationships. (This picture is
adapted from Giere’s analysis of models; Giere, 1997, p.36; note: I have reversed the
order from Giere’s original “Model-on-the-right” scheme):

' Model fits’Doesn't fit .
M Odel Hypothesis True/False Real \,;vorl d

1 1
Reasoning/ | Observation/
Calculation | Experimentation

| |

A/ I v

Predictions <A—|—> Data

gree/Disagree

Figure 2.1 - Giere’s Analysis of Models
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Link (1) depicts the focus of model’s comparison with the world. This link represents the
theoretical hypothesis, which asserts that the model does provide an accurate picture of
the world. The goal of an empirical investigation is then to test this hypothesis. As the
discussion of measuring theories made clear, models themselves cannot be directly
compared with the world; the world does not provide its own interpretation, and neither
do models in themselves — a measuring theory turns uninterpreted phenomena into
meaningful data.

Links (2) and (3) represent the application of a measuring theory to provide an
interpretation for particular observations made in the world and structures and processes
found in a model (link (3), however, is really only the second aspect of a measuring
theory with respect to model semantics — this figure here assumes the model’s semantics
have already been determined by the first part of the measuring theory). Links (2) and
(3) differ in that link (2) is often a matter of actually physically measuring the world
(usually done through some sort of experimental apparatus), whereas link (3) might be
either reasoning what would occur based on how the model is intended to work, or by
actually “running” the model in a “simulation.” Despite this distinction between links (2)
and (3), it is important to stress that the same measuring theory is employed in both
cases; i.e., the same kinds of interpretations will be made of the subject matter.

Application of the measuring theory on the particular procedures appropriate for
garnering an interpretation from the real world or a model yields data and predictions. It
is then the data and predictions that can be compared® to get an idea of how well the
model (based on the background of a particular measuring theory and subsequent
interpretation) fits the world (similarly interpreted). This comparison is link (4). Once
this comparison is made, we now have information regarding the status of the theoretical
hypothesis (link 1) — this information is represented in link (5).

As cognitive scientists evaluating some proposed computational model, it is
important for us to understand what theoretical framework that model fits into, including
its measuring theories. These are what pick out what kinds of entities and processes in
the model correspond to what are proposed to be the kinds in the natural cognitive
systems that we wish to explain, and the criteria for how these kinds are identified. Only
once this has been done can the model be properly evaluated. And, as would be expected
in any young science, many of the disputes in cognitive science are over whether
particular measuring theories are valid and properly applied; many of these issues will be
fought at the conceptual level, rather than entirely empirical.

%% The logic of the possibility of this comparison follows from the fact that, given that the
same measuring theory has been employed in the production of data and predictions, they
are both on the same “level” — i.e., the same basic method of interpretation has been applied
in both, even though the particulars of the procedure of how to collect data and the
particulars of aspects of the running of the model may be different. What's appropriately
different depends on the explanatory task (discussed in the next section) to which the model
is being put. In the upcoming section discussing supervening machines (Section 3.5), | will
spend some time making more clear how levels of physical operation which instantiate a
supervening machine might not play an important explanatory role in the semantics of the
model that the supervening machine represents.
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Just as with models in general, the role of the measuring theory in computational
models also has two parts. The first indicates what kinds of computational structures are
instances of what kind of behavior, entity, or process in the real world. This part will be
referred to as the theory of interpretation, which 1 will describe in more detail below.
The theory of interpretation is what stipulates the computational model’s semantics
(Figure 2.2 depicts this relationship):

Model
Semantics

Theory of
Interpretation

Computation

Figure 2.2 - The Role of the Theory of Interpretation

The second part of the measuring theory, once the model’s semantics have been
determined, plays the same role of then garnering predictions based on the model, as
discussed above; in computational models this usually the observations based on the
behavior of the running program.

2.4 - The relation between models, theories and the world

In order to finish this discussion of what models are, I will characterize the variety of
features of a model which determine the relationships a model has with the world in the
context of a theory proposing an explanation. These relationships depend on the
background theory of which the model is a part. Most of these relationships have already
been introduced, but here I will use an example of a map of the layout of a city to make
them more concrete. A map is a good example because it is something we are all familiar
with, and it bears the same kinds of relationships that any other model might have — a
map is, in fact, a kind of scale model. In parallel, I will discuss the particular
manifestations these features of models in general make in computational cognitive
models in particular. Although I have not specified the other two aspects of
computational cognitive modeling (computation and what computationalism takes
cognition to be), this discussion will set the stage for the eventual completion of these
definitions.
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Summary of the features: General Question Issues
(1) The Model’s Intended Use What is the use of the model Explanatory Task
in the explanation? Explanatory Goal
(2) Relation between model and How does the model relate to Structural Isomorphism:
the world the world? Differences & Similarities
(3) Semantics of the model How is the model to be read / The background theory
interpreted? interprets the model; Identity
(4) Accuracy How accurate does the model Efficiency vs.
need to be? Explanatory Depth

(1) The model’s intended use: explanatory task and goal

The first thing to note is that the map is intended to be used a certain way. This
means that the model has a particular explanatory task, which includes what task the
explanation serves (i.e., what are we using the model for?), and thus what the explanatory
goal is (sets the criteria for what it means to have been successful at the task of
explanation). Task and goal are clearly closely related and often treated the same, but I
am dividing the task (what is to be accomplished) from the goal (what counts as the task
being accomplished) to make the point that many models may have clearly defined
explanatory tasks, yet fail to reach their goals.

In the example, the map is to show how to navigate from one building to another via
roads (the explanatory task of the map), and is thus considered to be a model of the layout
of a city — a map has satisfied this task (reached its explanatory goal) if it can be
appropriately used to navigate. Thus, the map is intended to be similar to the actual
layout of the city (i.e., to explain the layout of the city).

Analogously, computational cognitive models are also intended to serve particular
explanatory tasks. A variety of explanatory tasks are possible: e.g., to demonstrate
necessary conditions required to instantiate some intelligent function, to show us how a
mechanism functions in a variety of situations, to show us that some function is
implausible as an explanation of a cognitive phenomena, to serve as a high-level sketch
of how it is believed a phenomena behaves, etc. These in turn designate particular kinds
of explanatory goals — in the cases just mentioned, they are all generally intended to be
some working model which can somehow demonstrate some behavioral capacity (or not)
— but the criteria they demand are not the same: a “sketch” of how a phenomena should
behave, e.g., should not be judged solely based on precision; nonetheless, it can still be a
valuable tool as an intuition pump, and to that end be successful — it therefore shouldn’t
lose its “model-hood” just because it fails at precision. Understanding the explanatory
task (and subsequent goal) to which a model is put is crucial for accurate analysis of the
model.

(2) The relationship of the model to the world: similarities and differences

The next aspect of the map concerns in what sense the map is similar or dissimilar to
the actual city. This invokes the idea introduced above of an isomorphism relationship
between the model and the system modeled. What are taken to be the “appropriate”
similarities and differences depends on explanatory goals as well as particular
commitments made to the identity (ontological status) of a particular phenomena to be

55




modeled. Thus, the map is intended to somehow have or show a layout similar to that of
the actual city. It is here that there are also the beginnings of commitments to particular
measuring theories.

The map is similar to the actual layout of the city in that the relations between the
marks on the map for buildings, roads and rivers correspond roughly to the actual
relations between the real buildings, roads and rivers of the city. This highlights that the
explanatory goal is to capture the same relations, such that the relations between the
marks on the map, which correspond to buildings, roads and rivers, are the same as
(relatively: have the same relative proportions as; i.e., isomorphic with), the relations
between the buildings, roads and rivers of the city. In this sense, these relations are taken
to be the identity of the particular phenomena that the map is said to model. Since
computational cognitive models generally have the explanatory goal of specifying or
explaining the function or behavioral capacity proposed to underlie some cognitive
phenomena, they should somehow embody that function or have the capacity to produce
some behavior (or internal processing, etc.) similar to that of the actual phenomena.

The map is also crucially dissimilar in that the actual city consists of buildings and
houses made out of concrete, steel, brick, wood, etc., the roads are comprised of
pavement and painted traffic lines, and the natural landmarks of the city are comprised of
geological and biological formations (trees, changes in elevation, rivers of flowing water,
etc.). The map, on the other hand, is simply paper with ink marks on it. The map and the
city are made up of different things. It is assumed here that for a proper map to achieve
its explanatory goals, these details are not important; or better, which details are to be
included is a function of the use of the model.”’

What position a cognitive scientist takes on the issue of the nature of cognitive
phenomena will likewise determine what is allowed to be dissimilar. For example, the
functionalist (e.g., Armstrong, 1981; Putnam, 1967) argues that the essence of cognitive
phenomena is not determined by the physical materials involved in the makeup of the
system that instantiates the function. Instead, the determinates of the identity of cognitive
phenomena are a matter of the functional relationships within the system itself and
between the system and the environment it is in. Thus, it doesn’t matter if the function is
instantiated in a biological-based architecture, a silicon-based architecture, or in
Tinkertoys™, as long as it can maintain the defining functional relationships. Searle
(1992), on the other hand, would argue that the model has to be biological neural-tissue
in order to really be cognitive.

7 Also important to note is that there is a third kind of analogical relationship in modeling
analogies: a neutral analogy. The neutral aspect of a model’s analogical relationship to the
world involves the properties of the model and system to be modelled that are not yet
examined — these are the aspects of the model and the world for which it has not yet been
determined what the model and world’s relationship is. Neutral analogies play an important
role in furthering ongoing scientific investigations. And just as with positive and negative
analogies (ways the model is similar and dissimilar, respectively), neutral analogies must be
discovered (or rather, uncovered).
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(3) The semantics of the model

Of course, to read a map as a map of a layout of a city requires a set of social norms:
rules or conventions for translating kinds of map-directions into kinds of directions for
actual navigating in the world. (Included in these conventions are the particular
measuring theories that are conventionally accepted: e.g., for picking out “buildings”
[certain-sized structures made of certain kinds of material] as buildings, “streets” as
streets, etc.) Likewise, there are sets of conventions for understanding models and what
they are explaining. Understanding the appropriate similarities and differences, as just
discussed, is a crucial part of understanding the model. In maps, these conventions are
usually explicitly laid-out in a “legend.” The legend designates which aspects of the map
are paired up with which aspects of the world, as well as the relative scale of map
features to corresponding features of the world. The legend of a map, then, sets what the
structures of the map and the world are that are dissimilar in kind, but correspondent
(mapping kinds from maps to kinds in the world) — again, legends get their job done
because there are a set of conventions which exist which set how the legend is to be
interpreted.

In scientific models, the analog of a “legend” is provided by the measuring theory,
and other background theoretical assumptions for which the model is being used as an
exemplar. Parts of the background theory help specify which aspects of the model
correspond to which aspects of the world, and the measuring theory helps in the task of
actually picking the kinds out. In general, I will refer to the aspect of the background
theory which provides the correspondence specifications between kinds in the world and
kinds in the model as the semantics of the scientific model. (And for clarification, for
both the map and the model, the aspects that should not be interpreted as being
differences in kind are those that the model is intended to capture — i.e., those which are
intended to be isomorphic.)

It is important to note that it is here that the issue of correct versus incorrect
handcoding is partially decided. As alluded to above, there is a sense in which any model
is going to involve handcoding — that’s what it is for something to have an analogous
(similar, but not same) relationship to something. (For example, with respect to the map
example, “handcoding” in a general sense might be the use of squares to represent
buildings.) Depending on explanatory goals, certain kinds of handcoding is legitimate.
For example, with the map it is OK to specify that a building will be represented as a
rectangle because the map is intended to only capture the spatial relationships between
objects in the world — in this sense, the particulars about the building drop out of
consideration in the map; the only thing that is important is the rectangle’s spatial
relationship with the other objects on the map relative to the relationships of objects in
the world. Here, the only requirement is the convention that reliably picks out the proper
correspondence relationship: i.e., that rectangles in the map are always taken to represent
buildings in world.

Having such a convention for picking out correspondence, however, does not always
ensure that handcoding is legitimate — particularly if it is the identity of phenomena to
be modelled that is contentious. In the case of the map, it is hard to picture how this
problem could arise. But suppose someone were to challenge that buildings really aren’t
what the map makers thought they were; this could affect the legitimacy of the map as a
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good model of the spacial relationships between objects in the world. It may turn out, for
instance, that buildings are really just mirages. Thus, as far as getting around the city is
concerned, it’s no longer important, and maybe even detrimental, to represent buildings
as “objects to be gotten around”; for these purposes, building aren’t legitimate “objects”
whose relations with other solid objects of the world need to be considered.

(4) Accuracy

A further issue concerns the accuracy required so as to consider the model an
appropriate explanation. This, of course, is also relative to explanatory goals. The map,
for its intended navigation purposes, doesn’t have to be perfectly accurate to meet its goal
of being a useful map of the layout of the city for getting from one building to another.
The map doesn’t have to include every tree, the location of every rock in a river bed, or
even the exact locations of the foundations of buildings, or whether the buildings have
windows, etc. In fact, the map may not even have to get the cartesian relations of the
streets precisely correct, as long as it is still possible for the map to be used by a
navigator to get around — to distinguish buildings from one another and which streets are
which, and that these still have the same topological relationships. In fact, were there a
map that was so complete in all its detail that it accurately described a vast number of
properties of the mapped area that were irrelevant to navigation, its specificity would
defeat its purpose: to generalize and abstract (Gleick, 1987, pp.278-279). Again, what of
a map should be accurate is decided in part by the explanatory goals to which the map-as-
model is being put.

The issue of accuracy in cognitive modeling, however, is much more contentious —
and this is one point where the analogy between my map example and general scientific
models breaks down. In general, models are compared on the basis of which provides the
“best” or “more accurate” explanation. It is generally held that which model comes
closer to replicating the desired phenomena is the better model. However, particularly in
the case of cognitive models, there is much disagreement, not only on what’s considered
to be “closer to the actual phenomena,” but even on what exactly the phenomena is.
Cognitive science is generally at a stage in which just being able to replicate some kind of
behavior is much more important than how precise the behavior is replicated to that kind
— and it may be the case that with respect to intelligent behavior, kinds are all that
matter.

The issue of accuracy brings up yet another important issue which bears mentioning
here: efficiency versus explanatory-depth. Hofstadter raises this point early on in his
book (1995, pp.52-53), in his discussion of the SeekWhence model: there can be a large
gulf between different research projects which on the surface seem to be in the same
field. The difference, as would be expected, again depends on explanatory goals. On the
one hand, there are those who seek to present a model of a mechanism that can perform
some task as efficiently as possible. These are often considered to be on the
“engineering” end of the explanatory spectrum. The explanations sought in these models
are not necessarily for human-cognitive reality, but more importantly, seek to get a task
done in the fastest and most economic way possible.

On the other hand, there are research programmes which seek to best explain how
cognition occurs naturally. This is usually taken to be the domain of cognitive science
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and all of its subfields — and, as Dietrich (1995, p.126) notes, this makes this branch of
Al and cognitive science a branch of the more general field of ethology. Computational
cognitive models in this domain will often trade-off immediate efficiency for eventual
explanatory-depth, in the sense that these models seek mechanisms that hopefully capture
cognitive structures which are indicative of more robust information processing in more
complex domains, or can produce phenomena that match the kind of behavior we expect
from ‘“higher-cognitive” organisms. And, as the term “explanatory-depth” suggests,
these models are often proposed as pieces of a more general set of models for a broader
theory of cognitive phenomena.

This “explanatory-depth” can often be observed in models in which the domain in
which the mechanism operates is very simple relative to the complexity of the behavior
of the proposed mechanism. It is generally the hope that such a mechanism can then be
extended to the more robust domains that “higher”-intelligent agents live in, and keep
relatively stable and “intelligent” performance with little change to the actual architecture
of the proposed mechanism; or the mechanism is intended to be integrated into a more
complicated and robust model which is proposed to account for more complex behavior.

Therefore, as Hofstadter (1995, p.53) points out, in terms of the goal of explaining
human intelligence, the most efficient program is not always (in fact, often not) the best
explanation. For example, Hofstadter’s SeekWhence program, which searches and
extracts (“discovers”) possible algorithms that may have created a sequence of numbers,
would be misunderstood if it were compared only to a simpler algorithm, such as a plain
breadth-first search, which might “solve” some sequences faster. The SeekWhence
program is intended to not only discover the sequence, but do it by employing “deeper”
rule-constructing mechanisms as part of a general research programme aimed at
explaining high-level perceptual mechanisms. Here, the engineering concerns of speed
and efficiency are pushed to the background, and the kind of mechanism that might be
like perceptual mechanisms come to the fore.

The field of AI (in general) thus has a large internal split concerning explanatory
goals. Handcoding issues are therefore also different depending on which kind of
programme goals you are talking about. For the “engineers,” bad handcoding comes in
the form of modeling aspects that might lead to inefficiency (perhaps brittleness in
domain adaptivity) — but it is only relative to efficiency; the goal is to make the most
efficient mechanism. For cognitive science, on the other hand, it will, of course, be
relative to the explanations of the mind/brain. Issues of brittleness and plasticity may
enter into the argument — often in the form of debate over what is innate and what is
developed — but these are always, at root, empirical questions (and even the
computational modeling paradigm, which I will discuss next, may be replaced by a more
accurate descriptive language). The goal is to model natural cognitive performance.

I should mention here that there is an argument regarding efficiency that is
legitimately used within the domain seeking to explain natural occurrences of
intelligence: the argument from evolution. This argument holds that it is most likely the
case that through evolutionary selective pressures, the mechanisms selected for will be
those that tend to be more efficient (or better, “efficient enough to get by”). This, then,
does bring the issue of efficiency into the realm of explanations of natural phenomena.
But it should be clear that this is still distinct from the “pure engineering” perspective, as
this argument is then dependent on the context of the naturally occurring evolutionary
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mechanisms that would have participated in the production of the natural phenomena in
question; the explanation is still essentially concerned with naturally occurring
phenomena, not just strict engineering-efficiency concerns.

Confusion has naturally crept into both sides of the “race-for-intelligence” as,
naturally, both sides often will have technology as well as theoretical insight to offer one-
another. And it is not always the case that each only makes discoveries in its own
domain. However, the crucial point to keep in mind is to make explicit both in
understanding and in discourse which criteria are being applied in judging success:
efficiency alone, or best explanation of how intelligence naturally occurs. And whether
the ultimate destinations of either projects eventually converges is an empirical question.
The research programmes I am most interested in, and for which I will be specifically
aiming my notion of the handcoding criticism at, are those directed at the explanation of
intelligence as it is manifested in nature.

3 - Computationalism

Now that I have introduced what a model is, and described the explanatory role it
plays in a scientific investigation, I turn to define what computationalism is. This
definition is necessary for establishing particular aspects of the kind of model used by
computationalism in an explanation. In the process, I will also discuss the minimal set of
ontological commitments computationalism makes to the identity of cognitive
phenomena.

There are currently many versions of computationalism, each making particular
claims about the details of what kind of phenomena cognition is, and how it is to be
explained. Each of these versions of computationalism, however, shares in common
several key foundational assumptions about what kind of model is to be proposed, what
kind of phenomena cognition is, and how those models are to explain that phenomena.
The purpose of this section is to develop the minimal set of foundational assumptions
made by the various kinds of computationalism. This definition of computationalism
follows closely that proposed by Chalmers (1994) and Dietrich (1990, 1994). Chalmers
(1994) dubbed the version of computationalism he has developed as minimal
computationalism