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Abstract

Theories concerning the structure, or format, of mental representation should (1) be formulated in
mechanistic, rather than metaphorical terms; (2) do justice to several philosophical intuitions about men-
tal representation; and (3) explain the human capacity to predict the consequences of worldly alterations
(i.e., to think before we act). The hypothesis that thinking involves the application of syntax-sensitive
inference rules to syntactically structured mental representations has been said to satisfy all three con-
ditions. An alternative hypothesis is that thinking requires the construction and manipulation of the
cognitive equivalent of scale models. A reading of this hypothesis is provided that satisfies condition (1)
and which, even though it may not fully satisfy condition (2), turns out (in light of the frame problem)
to be the only known way to satisfy condition (3).
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1. Introduction1

The long tradition of philosophical discussion concerning the structure, or format, of mental
representations has historically been framed in terms of a pair of competing metaphors: the
logic metaphor (Boole, 1854/1951; Kant, 1787/1998; Leibniz, 1705/1997) and the picture, or
image, metaphor (Aristotle, 4th Century B.C., 1987; Berkeley, 1710/1982; Locke, 1690/1964).
The logic metaphor seems to explain the human capacity to think before we act, it does justice
to several intuitions concerning the nature of mental states, and, with the advent of the modern
programmable computer, it has become possible to give a more literal (i.e., mechanistic) reading
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of the hypothesis that human thought processes are effected by a ‘mental logic’ (Rips, 1983) or
‘language of thought’ (Fodor, 1975). The image metaphor has, on the other hand, been criticized
for its inability to satisfy our intuitions regarding the nature of mental states, and, worse still, no
one has been able to provide an acceptable non-metaphorical reading of this proposal. While
a discussion of the former concern will play an instrumental role in what follows, it is the
goal of this essay to remedy the latter. Indeed, here I show that it is possible to provide a
non-metaphorical reading of not only the image metaphor, but of the scale model metaphor as
well. I show, moreover, that (paceBlock, 1981, 1990; Fodor, 2000; Pylyshyn, 1984; Sterelny,
1990) certain computational systems harbor representations which can be distinguished from
sentential representations in the precise fashion that actual images and scale models are, that
these representations exhibit immunity to the frame problem, and that, as such, they constitute
our only viable computational models of forethought.

2. The mental logic hypothesis

One way of effecting the transition from explanatory metaphor to explanatory mechanism
is to show that there exist, or might exist, physical systems that are similar to the system
being investigated, that embody the chief characteristics of the explanatory metaphor, and
that, thereby, inherit its desirable features, and perhaps its undesirable ones as well. Just such a
mechanistic reformulation has, of course, already taken place with respect to the logic metaphor.
The following overview of this process will clarify some of the distinguishing characteristics of
sentential representations, and it will provide a template that might be followed when attempting
the mechanistic reformulation of other explanatory metaphors.

2.1. Virtues and drawbacks of the mental logic hypothesis

It is often claimed that the cardinal virtue of the mental logic (ML) hypothesis is that
it can explain—some even contend that it is the only way to explain—the truth-preserving
character of thought sequences and, thereby, the human capacity to think before we act (Devitt
& Sterelny, 1987; Fodor, 1975, 1987, 2000; Pylyshyn, 1984). The matter of forethought is
of central import because it is implicated in what may very well be a distinguishing feature
of human behavior: humans, perhaps unlike any other terrestrial creatures (Povinelli, 2000),
seem capable of behaving in an appropriate manner in the face of even novel environmental
conditions. While its ability to explain truth-preservation is widely regarded as the cardinal
virtue of the ML hypothesis, the hypothesis is also lauded for its ability to explain several other
putative features of human thought processes. It is claimed, for instance, that the ML hypothesis
explains the productivity and systematicity of thought (Fodor, 1987; Fodor & Pylyshyn, 1988),
our ability to understand words denoting that which has normative import (e.g., war criminal,
ownership, etc.) or which otherwise resists depiction (e.g., economic inflation) (Fodor, 1975;
Fodor, Fodor, & Garrett, 1975), our ability to think about genera (e.g., not only about specific
triangles, but about triangles in general), and our ability to think about very specific states of
affairs (e.g., the color of Fred’s car) (Fodor, 1981).

Although the ML hypothesis seems to explain a great deal, it also has at least one major
shortcoming—namely, the frame problem.McCarthy and Hayes (1969)are generally credited
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with first recognizing (and naming) the frame problem, which has to do with the challenge
of getting a representational system to predict what will change and what will stay the same
following alterations to the state of the world (Bechtel, Abrahamsen, & Graham, 1998). A quite
general way to characterize the nature of the problem confronting the ML hypothesis—which
first came to light following early attempts to model forethought with the help of formalisms not
unlike like those of predicate calculus (PC)—would be to say that, although the postulation of a
mental logic seems to do a reasonable job of accounting forrepresentationalproductivity (i.e.,
the capacity to represent countless distinct states of affairs), it does not account forinferential
productivity (i.e., the capacity to predict the consequences of countless distinct alterations to
a represented system).

The frame problem is actually comprised of at least two component problems. The first of
these, the prediction problem (Janlert, 1996), stems from the fact that an immense, probably in-
finite (Congdon & Laird, 1997) number of inference rules, orframe axioms, would be required
in order to effect the predictive inferences that underwrite everyday planning. The prediction
problem, which is sufficiently worrisome by itself, is actually compounded by the other com-
ponent of the frame problem, the qualification problem (McCarthy, 1986). It is compounded
because, in order to embody what we know about the consequences of alterations to the world,
not only would an infinite number of rules be required, but each rule would also have to be
qualified in endless ways.

2.2. Mechanistic reformulation of the mental logic hypothesis

A watershed event in the history of the ML hypothesis was its maturation—thanks to the
advent of the modern programmable computer—from an explanatory metaphor into an ex-
planatory mechanism. Once there existed other mechanisms whose activities could, at a high
(viz., algorithmic) level, be explained, quite literally, in terms of syntactically-structured rep-
resentations and syntax-sensitive inference rules, it was a relatively straightforward affair to
advance beyond the mere logic metaphor to the much stronger claim that thought isliterally
effected by a mental logic. Of particular relevance was the existence of computational systems
(e.g., production systems and semantic networks) whose representations and rules embodied
the principle tenets of the logic metaphor and, thereby, inherited its desirable features, not to
mention its shortcomings. Because such systems literally engage in the relevant sort of pro-
cessing, one could reasonably claim that brains—which are also characterized by a complex
circuitry and fail to outwardly evidence the application of syntax-sensitive inference rules to
syntactically-structured representations—might, at an equally high level, best be described as
literally engaging in this sort of processing as well. Despite the shortcomings of the ML hy-
pothesis, this mechanistic reformulation is an achievement which proponents of non-sentential
cognitive images and models have hitherto been unable to match.

3. The scale model metaphor

Images and scale models fall under the more general heading of physically isomorphic
models (PIMs), which are representations that possess some of the very same properties as that
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which they represent (Palmer, 1978). Because forethought often requires the truth-preserving
manipulation of representations of three-dimensional spatial and causal relationships, the PIMs
that hold the most interest in the present context are scale models.2 Like the ML hypothesis,
the scale model metaphor has its own distinctive set of advantages and disadvantages.

3.1. Representational and inferential productivity

In order to understand how the scale model metaphor can account for representational
productivity, we need to turn our attention from models themselves to the modeling media
from which they are constructed. When we do, we see that there clearly are productive (or at
least quasi-productive) media for the creation of scale models. A finite supply of Lego blocks
can, for instance, be utilized in order to model virtually any edifice. There are, of course, many
other modeling media that exhibit representational productivity (e.g., matchsticks and glue,
clay, and papier-m̂aché). The world is, in fact, its own modeling medium.

Although the scale model metaphor for mental representation has been largely overlooked
since the early successes in AI, the (somewhat less impressive) picture metaphor has lately re-
claimed the attention of philosophers, psychologists, and computational modelers. Of particular
interest is the fact that spatial representations can be used to generate predictions in a manner
that obviates the need for rules (i.e., frame axioms) that specify the consequences of each
possible alteration to a represented system (Haugeland, 1987; Janlert, 1996; Johnson-Laird,
1988; Lindsay, 1988). One might, for example, use a sheet of graph paper to represent the
relative positions of Harry, Laura, and Carlene. Should one then wish to know what the relative
locations of all of these individuals would be if Harry moved to a new position, one can simply
delete the mark representing Harry and insert a new mark in the square corresponding to the
new position.

Two-dimensional spatial media can also be used to represent the structure of objects, and
collections of such representations can be used to predict the consequences of changes in
their relative location and orientation. For instance, a cardboard cutout of my coffee table
(as seen from above) can be conjoined with two-dimensional representations (of equal scale)
of the rest of the items in my living room and a depiction of the room itself in order to
predict the consequences of countless changes in the relative spatial locations and orientations
of these items. A highly desirable feature of representations of this sort is that side effects
of alterations to the representation mirror the side effects of alterations to the represented
systemsautomatically(Haugeland, 1987)—without, that is to say, requiring their explicit
specification. As a consequence, such representations exhibit, at least with regard to a limited
set of dimensions, immunity to the prediction problem. They can, moreover, easily be scaled up
to include representations of further objects. Systems that rely upon frame axioms seem, on the
other hand, to have real problems with this kind of scalability because incremental additions to
the represented system have an exponential effect on the number of rules that need to be built
into the representing system. This fact, to which we will return below, leadsJanlert (1996)to
suggest that scalability might provide an indicator of whether or not a representational system
suffers from the frame problem.

Mere images do fall a bit short of the mark when it comes to supporting the kinds of
predictions that humans make on a fairly routine basis. A viable model of human forethought
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must, that is to say, explain the capacity to predict the consequences ofcausalalterations
in threespatial dimensions. With the scale-model metaphor for mental representation, these
demands are easily met.

Scale models have, of course, long been a mainstay of design testing. Much like the repre-
sentations underwriting forethought, scale models are used to predict the behavior of count-
less systems, both familiar and novel (e.g., new structures, devices, manufacturing processes,
etc.).3 Like two-dimensional spatial representations, albeit for a much wider range of repre-
sented properties, scale models do not suffer from the prediction problem. Nor do incremental
additions to the represented system have an exponential effect on what needs to be built into
the representation;Janlert’s (1996)scalability condition is satisfied. Nor, for that matter, do
scale models suffer from the qualification problem. This is because much of what is true
of a modeled domain will be true of a scale model of that domain. That is to say, just like
our own predictions, the predictions generated through the use of scale models are implicitly
qualified in an open-ended number of ways, and so these qualifications need not be made
explicit.

3.2. The frame problem: diagnosis

It has been said that the reason why PC-style representations suffer from the frame problem
while images and scale models do not is that the former are extrinsic representations while the
latter are intrinsic (Palmer, 1978; also seeHaselager, 1997; Haugeland, 1987; Janlert, 1996).
The intrinsic/extrinsic distinction was first introduced by Palmer, who offered it as a way of
distinguishing between types of representation. Representations are said to be extrinsic, accord-
ing to Palmer, when they must be arbitrarily constrained in order to respect the non-arbitrary,
or inherent, constraints characterizing a given represented domain, while representations are
intrinsic when they do not need to be arbitrarily constrained in order to respect (i.e., they inher-
ently respect) the non-arbitrary, or inherent, constraints characterizing a represented domain.
According to this analysis, the use of PC to predict the behavior of physical systems generally
yields extrinsic representations. Scale models, on the other hand, constitute intrinsic represen-
tations because they do not require the imposition of arbitrary constraints in order to preserve
truth with respect to what they represent.

The problem with this way of distinguishing between representational formats is that it relies
too heavily upon the notion of inherent versus arbitrary constraints. Notice, for instance, that
if one is merely interested in truth-preservation with regard to the taller-than relation, then,
with only minor modifications, a version of PC can be devised—let us call it PC+—which
is perfectly suitable. PC+, in other words, would not have to be arbitrarily constrained, and
so, according to Palmer’s analysis, the formulas of PC+ should be considered intrinsic repre-
sentations of relative height. Yet if the presence of a few simple axioms makes PC+ intrinsic,
then so much the worse for the intrinsic/extrinsic distinction. It does not clarify the difference
between logic representations and scale models, nor does it supply a diagnosis for why the
former seem to suffer from the frame problem while the latter do not.4 Nevertheless, it seems
clear that there is some difference between the way frame axiom systems and scale models
support truth preservation and that this difference—thereal intrinsic/extrinsic distinction—has
something to do with their relative susceptibility to the frame problem.
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Rather than relying upon the notion of arbitrary versus inherent constraints, we would be
better served by distinguishing between logic representations and scale models in terms of
whether or not they support predictions concerning particular alteration/consequence pairs on
the basis of distinct data structures or, relatedly, in terms of whether or not the consequences
of each type of alteration need to made explicit. In order to generate predictions concerning
the consequences of particular alterations, the traditional frame axiom approach is to utilize
inference rules whose antecedents specify the starting conditions and nature of the alteration
and whose consequents specify the myriad consequences of the alterations. In other words, the
frame axiom approach mandates that the information be made explicit. It is for this reason that
the frame axiom approach suffers from the frame problem. After all, in order to embody what
the average human knows about the consequences of worldly alterations, a frame axiom system
would have to contain distinct rules specifying how each of countless objects, both familiar
and novel, will behave relative to one another following each of a consequently infinite number
of possible alterations.

In the case of scale models, on the other hand, no separate data structures are required in
order to predict how particular objects will behave relative to other objects in light of particular
alterations. With a suitable model of the relevant system in hand, the consequences of countless
distinct alterations to the representation will automatically mirror the consequences of the
countless alterations to the represented system. In other words, all of the relevant information
is implicit in the representation and thus need not be made explicit. Moreover, unlike frame
axiom systems, scale models scale up gracefully because when a scale model is augmented with
a new item, the new representation that results will also implicitly contain all of the information
needed to predict the consequences of alterations to the new system. By the same token, the
utility of the approach is not restricted to individual systems that contain finite numbers of
objects. With the scale modeling approach, there is no need for an antecedent and explicit
specification of how each of countless objects, both familiar and novel, will behave relative to
one another following each of a seemingly infinite number of possible alterations. The relevant
information—as the use of scale models in design testing illustrates—will be implicit in the
models that we construct. There is, in fact, a bit more to the story. As explained inSection 4.2,
the fact the information is implicit in these representations is itself a by-product of the use of
a representational medium that is primitively constrained in certain respects. For the moment,
however, I shall simply highlight some further salient characteristics of both scale models and
systems beset by the frame problem.

It is, to start with, worth bearing in mind that when it comes to predicting the behavior of
physical systems (even simple ones), it will generally not suffice to utilize intrinsic represen-
tations of each property in isolation. After all, notesPalmer (1978), worldly constraints are
generally interdependent, so in most cases what one requires is an intrinsic representation of
complexinter-dimensional constraints. This, of course, is just what PIMs supply.

It is also worth noting that the atomic constituents of frame axioms are traditionally viewed
as standing in something very close to a one-to-one correspondence relation with the terms
comprising the corresponding natural language descriptions (Haselager, 1998). In fact, the
susceptibility of frame axiom systems to the frame problem seems to be just one illustration
of the limited inferential capabilities of systems that base their predictions on generalizations
regarding particular objects (or object types) and relationships (or relationship types). A similar
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problem crops up, for instance, in the case of associationistic models of forethought like those of
Hobbes and later Empiricists.5 As Leibniz (1705/1997)notes in his critique of associationistic
psychology, statistical generalizations might lead you to expect that one kind of event will
follow another, but since they don’t tell you why, they are of little use when it comes to
predicting the effects of other alterations to the same system or for anticipating exceptions to
an observed regularity. Not surprisingly, Leibniz’ critique applies to standard back-propagation
networks as well. The problem, asClark (1993)puts it, is that first-order connectionist systems
seem unable to learn how to deal sensibly with structure-transforming generalizations. Imagine,
for instance, a connectionist system that has learned (and can thereby predict) that a bucket
containing a ball will fall from atop a pushed door. This bit of knowledge would be of little
use to the system if it were asked to determine whether or not a bucket can be used to carry a
ball through a door. In order to make this prediction, a new set of statistical regularities must
be picked up on with a new, though probably overlapping, set of weights. In other words, what
might reasonably be construed as a new data structure is required, for the requisite information
is not implicit in the earlier set of weights. As such, feed-forward connectionist systems seem
to suffer from the frame problem, at least when they are used to pick up on coarse-grained
regularities concerning the consequences of alterations to items like buckets, balls, doors, etc.

The grain of analysis is, however, only part of the problem. To see why, notice that a mere
appeal to microfeatures will not alleviate the frame problem for either frame axiom systems or
feed-forward connectionist systems. A mere microfeature encoding of the parts of an object
will, for instance, fail to capture information about the relative spatial arrangement of parts
and the relationships that distinct objects bear to one another (Barsalou & Hale, 1993). While
this information can be made explicit in the form of further features, the price is, once again,
a failure to exhibit scalability (St. John & McClelland, 1990).

3.3. Further virtues and limitations

If one wishes to expand the scale model metaphor into something more than an account of
forethought—that is, if one wishes to develop it into a univocal account of mental representa-
tion—one finds cause for both optimism and concern. The best way to see this is by comparing
and contrasting the relative benefits and drawbacks of the logic and scale model metaphors.

To start with, while the logic metaphor seems to offer a plausible account of systematicity, it
is not the only such account. To see why, one simply has to note that the world itself admits of
certain systematic variations (e.g., not only can the cat be on the mat, but the mat can be on the
cat). Instead of pushing the structure of language ‘down’, so to speak, into the thought medium,
proponents of the scale model metaphor have every reason to complain that an equally viable
account of systematicity can be supplied by pushing the structure of the world ‘up’. To be
sure, according to both the mental logic and scale model metaphors, the systematically related
representations are made of the same parts, but the parallels between the two explanations of
systematicity seem to end there.

There are other properties of human thought processes that are not so easily explained by
the scale model metaphor (Fodor, 1981, 1987; Pylyshyn, 1984). For starters, as proponents of
the ML hypothesis are fond of pointing out, it is less than obvious that the image metaphor—
and the same applies to the scale model metaphor—will be able to explain our ability to think
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about what might be callednon-concretedomains (e.g., war criminal, ownership, and economic
inflation). Likewise, in and of themselves, images and scale models seem ill-equipped to
represent either genera or specifics (i.e., to single out particular properties of particular objects).

At least for present purposes, it is worth conceding that, on its own, the scale model metaphor
has problems satisfying these intuitions about mentality, while the logic metaphor does not.6

What I have so far been advocating, however, is not a scale model metaphor for mental repre-
sentationtout court, but for a circumscribed class ofcognitiverepresentation. What this theory
provides is the best and, in light of the frame problem, perhaps theonly satisfactory account
of the kind of truth-preserving representational manipulations that underwrite planning. Pro-
ponents of the ML hypothesis have thus greatly overstated their case with the claim that the
techniques of formal logic provide the only known means of capturing the norms of reasoning
(Fodor, 1987, 2000; Pylyshyn, 1984). This constitutes a significant beachhead for the scale
model metaphor, for the (overstated) ability of the ML hypothesis to explain truth-preservation
has always beenits biggest draw. The ground that has been gained on behalf of the scale
model metaphor can, however, only be held if a mechanistic reformulation of the proposal is
forthcoming.

4. Mechanistic reformulation of image and scale model metaphors

Though the scale model metaphor provides a compelling explanation of forethought, nothing
has yet been said by way of rendering intelligible the claim that a system like the brain might
actually harbor representations of the appropriate sort. Indeed, while the ML hypothesis allowed
for a straightforward mechanistic reformulation, it is, in the case of the scale model metaphor,
less clear how one ought to proceed.

The problems facing the scale model metaphor are just the same well-worn problems that
have long confronted the image metaphor. Past attempts to supply a more literal reading of the
image metaphor have, specifically, generally failed for one of two reasons: they have either
(a) failed to maintain compatibility with basic brain facts; or (b) failed to support a distinction
between sentential and imagistic representations. For instance, while the claim that the brain
harbors representations that are physically isomorphic with what they represent suffers from
problem (a), attempts to supply a mechanistic reformulation of the image metaphor that closely
parallels the mechanistic reformulation of the ML hypothesis have been said to suffer—and
necessarily so—from problem (b). A version of the latter tack is opted for below, so a bit of
elaboration is in order.

4.1. Computational mechanisms and levels of description

On the face of things, it would seem to be worth considering whether or not there are compu-
tational systems that can do for the image and scale model metaphors what production systems
and semantic networks did for the logic metaphor. The persistent worry about this approach,
however, is that all computational systems are driven by the application of syntax-sensitive in-
ference rules to syntactically structured representations. Moreover, when a computational sys-
tem is used to support predictions concerning how the world will change, it seems reasonable
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to construe such rules as data structures used to predict—as explicit specifications of—the con-
sequences of alterations. In short, any such computational system arguably relies upon extrinsic
sentential representations (Block, 1981, 1990; Fodor, 2000; Pylyshyn, 1984; Sterelny, 1990).
In and of itself, this would seem to bar a mechanistic reformulation of the image metaphor—
and, by extension, the scale model metaphor—analogous to the one effected with regard to
the logic metaphor. What is even more worrisome is that if the brain itself turns out to be a
computational system, then the possibility ofanysuch reformulation would seem to be ruled
out. After all, claimsFodor (2000), “if . . . you propose to co-opt Turing’s account of the na-
ture of computation for use in a cognitive psychology of thought, you will have to assume that
thoughts themselves have syntactic structure” (p. 13).

For all their intuitive appeal, these concerns are misguided. After all, even if the brain
turns out, at some level, to implement the application of syntax-sensitive inference rules to
syntactically-structured representations, this will no more entail that thoughts are sentential
than does the binary nature of the processes typically used to implement frame axioms entail
that frame axioms are binary. In fact, contrary to popular wisdom, there are good reasons for
thinking that, at a high level of description, certain computational systems (e.g., the models of
imagery proposed byKosslyn, 1980andGlasgow & Papadias, 1992) do harbor representations
that are non-sentential and, indeed, imagistic.

In order to make good on this claim, we first need to co-opt some of the conceptual apparatus
long wielded by proponents of the ML hypothesis. In particular, one thing that all proponents of
this hypothesis agree upon is that the descriptions of cognitive processing they offer are pitched
at a very high level. The level that most interests ML theorists is, moreover, “distinguished” by
the fact that one finds, at that level, factual and counterfactual representations of the environment
(e.g., the constituents of the molecular formulas represent various objects, properties, and
relationships); while at the next level down one finds a specification of the primitive properties
of the implementation base (Pylyshyn, 1984, p. 95). Proponents of the image and scale model
metaphors can utilize these same insights when supplying a mechanistic reformulation of these
hypotheses.

Notice, to start with, that when the same criterion of levels individuation (i.e., multiple
realizability) is employed, we find that there are at least two levels at which a scale model can
be described: the level of the modeling medium (i.e., the implementation base) and the level
of the models themselves. That is to say, if we take a given modeltypeto subsume those token
models that respect a particular set of inter-dimensional worldly constraints, we see that there
will generally be multiple modeling media that can be used to implement a given model type.
For instance, one such model type is the sort that can be used to predict the consequences
of various three-dimensional spatial alterations to the items in my living room. Each such
model will constitute an intrinsic representation of the complex inter-dimensional constraints
imposed by shape, size, orientation, and location, and this type can obviously be implemented
on the basis of any of a variety of materials. There is, in other words, a multiple-realizability
relationship between model types and the various media that can be used to implement them,
and so descriptions of models can be said to be pitched at a higher level than descriptions of
their implementing media. Moreover, the difference between the two sorts of description is
that the higher-level descriptions are ‘distinguished’ by the fact that one finds, at that level,
factual and counterfactual representations of the environment (i.e., representations of various
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objects, properties, and relationships), while at the next level down one finds a specification of
the primitive properties of the particular implementation base (e.g., constraints governing the
manner in which Lego blocks can be conjoined).

When a representational system can be described at any of multiple, independent levels, the
possibility opens up—indeed, the case for the mechanical realizability of the ML hypothesis
depends on this—that there may be properties invoked in the context of implementation-level
descriptions that need not, and should not, be invoked when supplying higher-level descriptions.
This opens up at least the bare possibility of representational systems that are best described at
an implementation level in terms of extrinsic, sentential representations but which, at a higher
level, are best be understood in terms of intrinsic, non-sentential representations.7 To see why
this is more than a bare possibility, let us start by revisiting the argument that computational
matrix representations (CMRs) of the sort devised byKosslyn (1980)are necessarily extrinsic.

4.2. Intrinsic computational images

To be sure, the claim that the implementation base (i.e., the representational medium) for
CMRs typically involves extrinsic representations is not without merit. This is because, unlike
‘real’ spatial matrices, the construction of computational matrices necessitates the imposition
of processing constraints through a reliance upon rules governing, for instance, the use of
memory registers (Kosslyn, 1980; Pylyshyn, 1984). Such rules might even be construed as
extrinsic representations of the consequences of alterations, though it bears mentioning that
the alteration/consequence pairs in this case concern changes in the coordinates of particular
cell contents.

Although the implementation base for CMRs is arguably sentential and extrinsic, CMRs
themselves constitute intrinsic representations of inter-dimensional constraints. To see why,
notice, for starters, that once a medium for the construction and manipulation of CMRs has
been created by imposing the relevant processing constraints, the representations constructed
from the ‘materials’ supplied by such a medium exhibit immunity to the frame problem, at
least with regard to certain two-dimensional spatial relationships. In other words, asPylyshyn
(1984)points out, with regard to two-dimensional spatial relationships, the consequences of
alterations to the representation automatically mirror the consequences of the corresponding
alteration to the represented system (p. 103). As it turns out, the effect is not restricted to
two spatial dimensions or to simple changes in relative location. Representational media have,
for instance, been created (Glasgow & Papadias, 1992)—again, arguably through a reliance
upon extrinsic representations—which supply an implementation base for representations that
exhibit inferential productivity with respect to three-dimensional alterations in both the location
and orientation of a seemingly endless number of objects.8 Such systems are, in fact, precisely
the sort thatJanlert (1996)seems to have had in mind when he suggested that the solution to
the frame problem might be a kind of ‘mental clay’.

In the case of CMRs, there is no need to incorporate distinct data structures specifying
how each of countless distinct objects will behave relative to one another following each of the
consequently infinite number of possible alterations to their relative location and/or orientation.
In other words, in the case of CMRs, the information is implicit in the representation and so
need not be made explicit. As such, the consequences of alterations to the representations
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automatically mirror the consequences of the corresponding alterations to the world. Thus,
although a description of the medium would involve talk of the rule-governed imposition of
processing constraints (e.g., constraints on the use of memory registers), the representations
implemented by that medium are, like the scale model of my living room described above,
intrinsic representations of the complex inter-dimensional constraints imposed by the relative
shape, size, orientation, and location of objects.

For his part,Pylyshyn (1984)seems happy to concede that the relevant information “is im-
plicit in the data structure” (p. 103). He is, however, reticent to call CMRs intrinsic, reserving
that term instead to refer to the primitive constraints governing a representation’s implemen-
tation base (i.e., properties of the functional architecture of some real or virtual machine or the
primitive properties of some formal notation). Yet, as Sterelny admonishes, “It obviously does
not follow from the fact that a representational system is primitive that it is intrinsic: English
could be hard-wired into my brain, but it is a paradigm of a non-intrinsic system” (Sterelny,
1990, p. 623). In fact, a given functional architecture may itself be nothing more than a pro-
gram (e.g., a Java virtual machine) run on some other kind of machine. It is, therefore, hard
to imagine what useful notion of ‘intrinsic’ Pylyshyn might have in mind when he claims that
the primitive properties of a notation or virtual machine are intrinsic.

It is not at the level of the primitive operations of an implementation base that we find intrin-
sic representations, but at the level of the representations realized by a given, primitively con-
strained implementation base. Part of what licenses this claim is the fact that certain constraints
will be inviolableat the representationlevel—and, relatedly, the fact that a great deal of infor-
mation will be implicit—given that the representations have been realized through reliance upon
a particular implementation base. As Mark Bickhard puts it (in correspondence), “Properties
and regularities are only going to be ‘intrinsic’ at one level of description if they are built-in in the
realizing level—or else they are ontologically ‘built-in’ as in the case of strictly spatial relation-
ships in physical scale models.” While scale models are intrinsic for the latter reason, CMRs are
intrinsic for the former. Building certain constraints in at the implementation level—the level
of the medium—has, in the case of CMRs, the effect of guaranteeing that the representations
realized by that medium will respect complex inter-dimensional constraints. As such, the conse-
quences of many types of alteration follow automatically and so need not be specified explicitly.

Thus, as in the case of scale models, we find that there are at least two levels of description
applicable when talking about CMRs: the level of CMRs themselves and the level of the
implementation base. Moreover, not only do we find intrinsic representations at the former level
and (arguably) extrinsic representations at the latter, but, just as frame axioms “are intended
to represent something quite different from the expressions at the implementation. . . level”
(Pylyshyn, 1984, p. 94), so too are CMRs intended to represent something quite different from
the expressions at the implementation level. That is to say, the former are ‘distinguished’ by the
fact that they are representations of objects and their relationships, while the latter represent
such things as the numerical coordinates of filled and empty cells and the constraints governing
the manner in which the coordinates of cell contents are permitted to change. In fact, at the
representation level we find that a given representation (e.g., a representation of the structure of
my coffee table) transcends any particular set of sentences found at the implementation level;
after all, coordinates can and do change without changing the (non-relational) properties of
the representation itself.
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4.3. Intrinsic computational models

For those interested in modeling forethought, CMRs are a step in the right direction, but
a full-scale solution to the frame problem—that is, the sort that can account for the kind
of inferential productivity that underlies the effective behavior exhibited by humans in the
face of various environmental contingencies—requires intrinsic representations of interacting
three-dimensional spatial and causal constraints. Computational systems that harbor represen-
tations of this sort can be found in sectors of computer science that seem, as yet, a bit far removed
from cognitive science proper. Specifically, virtual reality models (VRMs), devised primar-
ily for entertainment purposes, and finite element models (FEMs), devised for engineering
purposes, constitute intrinsic computational representations of interacting three-dimensional
spatial and causal constraints.

4.3.1. Virtual reality models: Ray Dream 5.02
Much like CMRs, VRMs generally involve coordinate specifications (viz., in anx, y, z

coordinate system) for primitive modeling elements. Rather than the filled and empty cells
of a matrix, however, the coins of the realm in VR modeling are two-dimensional polygons.
Coordinate specifications are given for the vertices of polygons, and the surfaces of objects are
represented in terms of the collective arrangement of (usually) many polygons—thus forming
a productive representational medium known aspolymesh(Watt, 1993). While much VR
modeling research has been focused on the interactions amongst the surface features of objects
and various sorts of illumination, VR modeling media have also been created that are capable of
predicting how countless objects, both familiar and novel, will behave relative to one another
following each of a seemingly infinite number of possible alterations. In other words, VR
modeling media have been created that can be used to generate representations that exhibit
immunity to the frame problem with regard to three-dimensional spatial alterations and a wide
range of causal interactions. To demonstrate that VRMs exhibit this degree of immunity to the
frame problem, a set of models was created using an off-the-shelf program called Ray Dream
Studio 5.02.

4.3.1.1. Representational and inferential productivity.The first model is based on a problem
that most humans have little trouble solving, but which, somewhat surprisingly, chimps seem
to find rather challenging (Povinelli, 2000). The goal is to pick the implement which, when
pulled, will bring the banana within reach (Fig. 1). If the scale model metaphor for forethought is
correct, humans construct the cognitive equivalent of a scale model of the problem and use this
model to predict the consequences of pulling on each of the implements. To show that VRMs,
like scale models, exhibit the requisite powers of truth preservation, a model of the problem
was created and the locations of each of the implements was made to change over time—that
is, each was moved from the back of the table to the front. One would hope to find that the
difference between moving the toothless rake and moving the T-bar (inverted rake) is that in
the latter case the banana comes along for the ride. This, in fact, is precisely what transpired.
Importantly, in this case the outcomes of these alterations to the representation mirrored what
would happen in light of the corresponding alterations to the represented system, and without
requiring any rules framed with respect to the properties of bananas, toothless rakes, or T-bars.
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Fig. 1. Truth preservation: effects of moving implements. Virtual toothless rake and banana (a) before move and
(b) after move. Virtual inverted rake and banana (c) before move and (d) after move.

That is to say, the VRM exhibited powers of truth-preservation similar to those exhibited by
scale models. Of course, if VRMs truly have the same predictive powers as scale models, they
will exhibit immunity to the frame problem.

If you will recall, one facet of the frame problem is the qualification problem. Unlike frame
axiom representations, scale models do not suffer from the qualification problem because the
predictions they license are implicitly qualified in countless ways. For instance, pulling on a
scale model of the T-bar will cause a scale model of the banana to move within reach, provided
that, among other things, there is not a hole in the scale model of the table. VRMs also implicitly
admit of such qualifications. To demonstrate that this is so, the model just described was altered
in one simple respect: a hole was put in the table between the T-bar and the opening to the
enclosure. Once again, the results were highly promising. Instead of the banana being carried
along to the edge of the container, it fell through the hole (Fig. 2). Like our own predictions
and the predictions generated through the use of scale models, predictions generated on the
basis of VRMs are implicitly qualified.

The other main facet of the frame problem is the prediction problem. Scale models are
immune to this affliction, as are CMRs (at least when it comes to predicting the consequences of
changes in spatial relationships). VRMs mark a major advance over the CMRs considered above
in that they exhibit immunity to the prediction problem with regard to both three-dimensional
spatial and causal relationships. To show this, a model of the door, bucket, ball system (described
in Section 3.2) was constructed and altered in various ways. The starting condition for the first
alteration has the bucket resting atop the door and the ball positioned over the bucket. The only
direct manipulation to the ensuing chain of events is that the door is opened rather abruptly.
What we should like to find in this case is that the bucket and the ball fall to the floor, and
this is exactly what transpired (Fig. 3). As in the case of the previous model, we find that the
side effects followed automatically, and without requiring any rules framed with respect to the
properties of doors, buckets, and balls.
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Fig. 2. Qualified predictions: banana falls through hole in table.

In a new scenario, the bucket is turned upside-down and placed over the ball. The bucket
is then moved through the doorway and is subsequently raised. Were this alteration carried
out with respect to either the actual door-bucket-ball setup or a scale model of this setup, we
should expect to find the ball (or the scale model of the ball) underneath the bucket. This is
also what we find in the case of the VRM (Fig. 4).

While it would be a straightforward matter to show that this same model can be used to predict
the consequences of any number of further alterations, another way to demonstrate that VRMs
are immune to the frame problem is to show that they satisfy the scalability criterion. If you will
recall,Janlert (1996)suggested that a system not beset by the frame problem admits—unlike
frame axiom representations—of incremental additions to the represented system without hav-
ing an exponential effect in terms of what needs to be added to the representation. Scale models
(not to mention CMRs) satisfy this scalability criterion, and so do VRMs (more will be said
below concerningwhythis is so). As a simple demonstration of scalability, a board was added

Fig. 3. Predicting alterations: effects of opening door, (left) starting position of items and (right) position of items
after door supporting bucket/ball opened.
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Fig. 4. Predicting alterations: using bucket to move ball through doorway, (left) before and (right) after.

to the door-bucket-ball model. To ensure that its presence was relevant, the board was placed
broadside across the doorway (on the same side of the wall as the ball and bucket) and the
bucket was used to throw the ball on a relatively low trajectory through the doorway. Once
again, what we would expect to happen in both the world and a scale model thereof took place in
the VRM—that is, the ball bounced off of the board instead of rolling through the door (Fig. 5).

As you can see, Ray Dream models exhibit an impressive degree of immunity to the frame
problem. Just as in the case of scale models, a VRM that represents the structure and rela-
tive sizes of the objects comprising some system can be used to predict the consequences of
countless alterations to that system. Moreover, just as in the case of scale models, there is no
need to incorporate separate data structures corresponding to each alteration/consequence pair.
These models do not, for instance, rely upon rules specifying that a ball inside of an upright
bucket will tend to move wherever the bucket moves; that a bucket set atop a pushed door will

Fig. 5. SatisfyingJanlert’s (1996)scalability criterion: a board is added to the model and the bucket is used to throw
ball toward doorway, (left) before and (right) after.
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tend to fall to the floor; that T-bars can be used to drag bananas, and so forth. Instead, like
scale models, the side effects of alterations to the VRM automatically mirror the side effects of
alterations to the represented system. VRMs implicitly contain all of the relevant information,
so it need not be made explicit. In other words, while there is a case to be made that the medium
used to implement VRMs involves extrinsic representations, the VRMs themselves constitute
intrinsic representations of complex inter-dimensional constraints. For this reason, it seems
not unreasonable to view VRMs as supplying a promising model of forethought. There are,
however, a few complications worth mentioning.

4.3.1.2. The psychological plausibility of VRMs.To start with, one expects that when two
objects are stacked atop one another in a positive gravity environment they will eventually
come to rest. With Ray Dream models, however, when objects are placed atop one another they
never settle entirely.9 Instead there is always a small degree of oscillation. This was particularly
apparent when the bucket containing the ball was set atop the door. The two objects never quite
settled, and when they interacted on the way to the floor their motions sometimes appeared a
bit jerky and artificial. It should be borne in mind, however, that in every trial the outcome of
pushing the door open was basically the same: both the ball and the bucket fell on the floor.

Another worry about the Ray Dream models is that the outcomes of collisions are not
determined by such factors as mass, momentum, or degree of rigidity/springiness. For instance,
the simple bouncing behavior of the ball in the second model was not a consequence of a
specification of such underlying factors as the storage and release of energy due to compression.
Instead, there is a primitive rebound setting that determines how bouncy the ball is. Although
this may seem like a shortcoming, there is (somewhat surprisingly) a case to be made that
something similar occurs when physics-naı̈ve individuals predict the outcomes of collisions.10

For instance, in a seminal study conducted byChi, Glaser and Rees (1982), novices and
experts were asked to categorize a set of physics problems. Novices were found to categorize
problems on the basis of their surface features, while experts categorized them on the basis of
the underlying physical principles they exemplified. Even more to the point,DiSessa (1983)
examined the manner in which physics-naı̈ve individuals understand the nature of bouncing
behavior, and the results were similar. DiSessa discovered, for instance, that one physics-naı̈ve
individual, M., lacked an accurate understanding of the underlying basis for bouncing behavior.
This property seemed, for M., to be a primitive that she discovered through experience and in
terms of which she subsequently explained and predicted the behavior of objects in the world.
In fact, even physics experts were found in certain cases to rely upon high-level primitives that
effectively simulate the consequences of low-level principles.

This, again, is not unlike how the Ray Dream modeling medium supports predictions re-
garding physical interactions. Objects in the model do not undergo compression, though the
primitive constraints of the medium guarantee that they behave in many ways as if they did. As
a result, these models (like those harbored by physics-naı̈ve individuals) do a reasonable job of
generating the kinds of predictions required in order to respond appropriately in the face of var-
ious environmental contingencies—for example, those that include T-bars, bananas, buckets,
doors, balls, and so on.11

Construed as a model of human forethought, then, Ray Dream seems consistent with em-
pirical findings concerning how humans predict the behavior of physical systems. Indeed,
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according to the picture of forethought painted by naı̈ve physics researchers, individuals create
cognitive models of the world and ‘run’ these models in order to predict and explain the behavior
of various physical systems (Chi et al., 1982; De Kleer & Brown, 1983; DiSessa, 1983; Larkin,
1983; Norman, 1983; Schwartz, 1999). There is, moreover, widespread support amongst such
researchers for the claim that these internal models of the world are non-sentential.

On the other hand, while the VRMs implemented by the Ray Dream modeling medium do en-
joy a certain amount of psychological plausibility, the fact that objects are invariably represented
as rigid means that the predictive powers of these VRMs are limited in ways that seem psycho-
logically unrealistic. To be sure, many behaviors that result from the deformable nature of cer-
tain bodies (e.g., when balls bounce, fly off on a particular trajectory when struck, or are wedged
in the bottom of the bucket) can be simulated with Ray Dream, but many others (e.g., what hap-
pens when an inflatable ball is stabbed with a knife) cannot be. There are, however, other com-
putational modeling media that harbor representations—called FEMs—of the appropriate sort.

4.3.2. FEMs
For decades, the methods of finite element modeling have been under development for use

in the engineering disciplines (for an overview, seeAdams & Askenazi, 1999). Like VRMs,
FEMs are constructed from polymesh—that is, objects are represented in terms of a number
of polygons (called elements) whose vertices (called nodes) are specified in terms of their
coordinates. One major difference between FEMs and Ray Dream models is that the relative
positions of the nodes comprising an object are not fixed in the former, but can change in ways
that enable one to model the behavior of deformable bodies.

To provide a simple illustration of finite element modeling techniques, a two-dimensional
finite element model of a fairly thin sheet of material (which is fixed in place by four supports
at its base) was constructed with a program called PlastFEM (Fig. 6). As with other FEMs, how
the material behaves under various conditions can be modeled by simulating the application
of forces to specific nodes and running the model in order to see how the consequences play
out. For example, how the sheet behaves in light of a causal interaction with a sharp object was
modeled by applying a force to a single node. Likewise, how the sheet holds up in the face of a
collision, of equal total magnitude, with a blunt object (in this case from a different direction)
was determined by distributing the same total force across a larger set of nodes.

Fig. 6. Modelling the effects of loads applied to a sheet of material. Arrows indicate forces applied to nodes.
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While the models created with PlastFEM exhibit inferential productivity with regard to the
effects of loads applied to two-dimensional deformable bodies (of any shape), the same basic
techniques can be scaled up in order to model the effects of collisions between, and numerous
other factors affecting the behavior of, three-dimensional deformable bodies. For instance,
acceleration and rotation can be modeled by distributing forces, in the appropriate directions,
to some or all of the nodes comprising a model, ambient pressure can be modeled in terms
of a load applied to the entire surface of an object, and the effects of thermal expansion and
contraction can also be modeled by applying forces to nodes (Barton & Rajan, 2000). Nor does
the power of finite element modeling method end there. AsBarton and Rajan (2000)explain,
this “[o]ne method can solve a wide variety of problems, including problems in solid mechanics,
fluid mechanics, heat transfer and acoustics, to name a few.” Moreover, the tricks for modeling
each sort of problem have been integrated into general-purpose modeling systems such as
MSC.visualNastran and LS-DYNA. Not surprisingly, such systems are widely used in the
testing of prototypes for airbags, circuit breakers, pyrotechnic devices, and countless other novel
mechanisms.12 They are also used in order to determine whether or not particular theories—
concerning, among other things, spinal chords, neurons, and tectonic plates—actually explain
observed phenomena. FEMs can be used, in other words, in order to predict the consequences
of countless alterations to countless novel systems.

As with scale models and VRMs, there is no need in the case of FEMs to incorporate
separate data structures that represent the consequences of each possible alteration to a set of
items. Instead, like scale models, the side effects of alterations to the FEM will automatically
mirror the side effects of alterations to the represented system. Because all of the relevant
information is implicit in the FEMs that we construct, it need not be made explicit. FEMs, in
other words, constitute intrinsic representations of the complex inter-dimensional constraints
imposed by size, shape, location, orientation, velocity, and numerous physical forces. FEMs,
in short, exhibit full-blown immunity to the frame problem.

One potential worry about FEMs, however, is that—due in part to a tremendous short-term
memory capacity and in part to the fact that the principles built into their realization bases
are inspired by our best scientific characterizations of the principles underlying the behavior
of macro-sized objects—the predictions generated through the use of FEMs are often far
more accurate than those made ‘in-the-head’ by humans. From a psychological modeling
standpoint, then, it may be an advantage of Ray Dream models that they rely upon inaccurate,
though oftentimes useful, characterizations of the physical principles underlying the behavior
of everyday objects. An advantage of FEMs, on the other hand, is that—due to the fact that
the relative positions of nodes comprising the representation of an object are not fixed—they
support predictions concerning the behavior of deformable bodies. The truth with regard to
human forethought may, therefore, ultimately lie somewhere in-between Ray Dream models
and FEMs.

5. The intrinsic cognitive models hypothesis

As noted earlier, a mechanistic reformulation of the logic metaphor was supplied by showing
that there exist computational systems that embody, at a high level of description, the central
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characteristics of the metaphor and, thereby, inherit its explanatory virtues as well as its lim-
itations. A similar set of claims can now be made with regard to the image and scale model
metaphors.

As in the case of images and scale models, in the case of CMRs, VRMs and FEMs there is a
distinction to be made between the images and models themselves and the media from which
they are constructed, and talk of the former is pitched at a higher level than talk of the latter. To
be sure, the medium used to implement a given computational image or model can be described
in terms of syntactically structured representations and syntax-sensitive inference rules. In the
case of VRMs and FEMs, such representations and rules specify the coordinates of polygon
vertices (nodes) and impose constraints on the manner in which the coordinates of nodes are
permitted to change. As such, it may even be appropriate to describe these media as relying
upon extrinsic, sentential representations, though it bears emphasizing that the representations
at issue are mathematical formalisms whose variables take on continuous numerical values
and which bear only a superficial resemblance to traditional frame axioms.

Unlike the frame axiom approach and like the scale modeling approach, the methods of vir-
tual reality modeling and finite element modeling offer a tractable solution to the frame problem
because they pair down the basic ontology to a comparatively simple set of building blocks
and permissible building block behaviors. Instead of explicitly specifying how objects will be-
have relative to one another in light of countless possible alterations, a primitively constrained
computational modeling medium can be used to construct representations of the objects of
interest, and the consequences of alterations to these representations will automatically mirror
the consequences of the corresponding alterations to the represented system. Just like scale
models, these representations implicitly contain all of the information needed to predict the
consequences of countless alterations to their represented systems, so the information need not
be represented explicitly with the help of countless distinct data structures. Nor is the utility
of the approach restricted to individual systems that contain finite numbers of objects. That is,
unlike the frame axiom approach, the computational modeling approach described here does
not necessitate an antecedent and explicit specification of how each of countless objects will
behave relative to one another in light of the consequently infinite number of possible alter-
ations. Instead, just as in the case of scale models, the relevant information will be implicit in
the models that we construct. It is for this reason that VRMs and FEMs satisfyJanlert’s (1996)
scalability criterion.

One common reaction to these claims is to suggest alternative strategies for dealing with
the frame problem. From where I sit, however, the proof is in the pudding. What I am offering
here is not mere speculation concerning how the frame problemmight besolved, but rather
a diagnosis for how ithas beensolved. This, predictably enough, gives rise to another com-
mon reaction, which is to deny that the frame problem has been solved at all. It has, in fact,
been suggested that even scale models suffer from frame problem. Claims of this sort are, it
would seem, taken to be justified by the fact that certain questions have been left unanswered.
For instance, it seems clear that merely having a high-fidelity model of some system in hand
provides little or no indication of just what alterations (of the tremendous number possible)
are, in light of a particular goal, worth considering. Nor, for that matter, has a mechanical
procedure been supplied that can enable the determination of just how many (or, more appro-
priately, how few—see footnote 3) of a system’s properties should be represented in any given



278 J.A. Waskan / Cognitive Science 27 (2003) 259–283

instance. Worries of this sort have, however, very little to do with the frame problem (i.e., the
prediction-plus-qualification problem) that has long beset ML-inspired approaches to model-
ing the truth-preserving machinery that (in part) underwrites human planning. Indeed, such
indiscriminate use of ‘frame problem’ (e.g., to refer to any and all difficulties encountered when
attempting to explain or model human planning) threatens to strip the term of all theoretical
interest. It is, by the same token, asking far too much ofanymere model of forethought that it
solve all of the problems having to do with human planning. In order that the proper perspective
on these issues might be maintained, I would like to suggest that the following consideration
be kept in mind whenever arguments against the present hypothesis are entertained: humans
clearly possess whatever cognitive resources are required in order to construct, manipulate,
and read predictions off of external models. In light of this simple fact, it becomes hard to
imaging whata priori justification could exist for claiming that humans would be incapable
of constructing, manipulating, or reading predictions off ofinternalmodels.

To return to the matter at hand, although it may be appropriate to describe the media
for the construction of VRMs and FEMs in terms of extrinsic sentential representations, the
representations implemented by such media are—like scale models and unlike frame axiom
representations—intrinsic representations of complex inter-dimensional constraints. We can
make sense of this claim because, just as in the case of scale models, descriptions of these
computational models are pitched at a higher level than are the descriptions of their respective
media. It is, moreover, at the higher, ‘distinguished’ level of description (Section 4.1), the level
of the models themselves, that we find representations of objects and their myriad relationships.
At the lower, implementation level, on the other hand, we find extrinsic representations that
specify nodal coordinates and impose constraints on the manner in which those coordinates
are permitted to change.

An added, and no less important, finding is that the computational systems considered here
exhibit, in addition to representational and inferential productivity, virtually all of the features
that distinguish images and scale models from sentential representations. To retrace the points
covered inSection 3.3, we find that, like scale models, computational models provide an elegant
account of systematicity. This is because, like scale models, computational representations
such as VRMs and FEMs admit of certain systematic variations. And while the systematicity
exhibited by VRMs and FEMs can be explained in terms of the rearrangement of parts, the
manner of their rearrangement seems no more sentential than the rearrangement of the parts
of a scale model.

Likewise, in terms of their capacity to supply a univocal model of mental representation,
models such as CMRs, VRMs and FEMs face the very same set of challenges that the image
and scale model metaphors faced. For instance, as was the case with the image and scale model
metaphors, problems arise for CMRs, VRMs and FEMs when we consider their suitability for
representing non-concrete states of affairs. Moreover, the same line of reasoning that led to the
conclusion that thoughts are unlike images and scale models in that the latter are capable of
representing both genera and specifics applies with equal force tocomputationalimages and
models.13,14

The fact that the precise limitations of the image and scale model metaphors are inher-
ited by these computational systems would seem to present a rather uncomfortable dilemma
for die-hard proponents of the ML hypothesis. After all, many such individuals contend that
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non-sentential representations such as images and scale models are distinct from sentential
representation in that the former, but not the latter, are (by themselves) limited in their ability
to represent non-concrete domains, genera, and the assignment of particular properties to par-
ticular objects. At the same time, however, these very individuals (e.g.,Fodor, 2000; Pylyshyn,
1984; Sterelny, 1990) claim that computational systems only harbor sentential representations.
It would seem that one of these two claims must be abandoned. As the intuitions behind the for-
mer are difficult to counteract, and the intuitions behind the latter have here been undermined;
it appears that the appropriate course of action is to abandon the claim that computational
systems harbor only sentential representations and concede that, at a high level of description,
some computational systems harbor non-sentential images and models.

To parallel the arguments made by proponents of the ML hypothesis, it can now be claimed
that while brains, like computers, are characterized by a complex circuitry and fail to out-
wardly evidence the harboring or manipulation of non-sentential intrinsic models of complex
inter-dimensional worldly constraints, perhaps, at a suitably high level of description, they too
can literally be said to harbor and manipulate such representations. Unlike past attempts to
mechanistically reformulate the image and scale model metaphors (Section 4), this intrinsic
cognitive models (ICM) hypothesis is both sufficiently distinct from the ML hypothesis and
compatible—for the same reasons that the ML hypothesis is compatible—with basic brain
facts.

There are, admittedly, some properties that have been lost in the transition from explanatory
metaphor to explanatory mechanism. One is physical isomorphism. This, of course, is fortunate
given that the brain surely does not harbor PIMs of doors, buckets, and balls. Another difference
between PIMs and such computational models as CMRs, VRMs and FEMs has to do with the
nature of constraints governing the behavior of their primitive modeling elements. While the
constraints governing the behavior of physical building blocks are fixed by the laws of physics,
the constraints governing the behavior of computational building blocks are primitive but not
nomological. In some ways the difference is irrelevant. After all,giventhat the representations
have been realized through the use of a particular primitively constrained modeling medium,
there will be certain constraints on the behavior of the representations that are (as explained in
Section 4.2) inviolable and, relatedly, a great deal of information will be implicit. On the other
hand, in the case of PIMs, if one wishes to know how an object would behave were it made
from a different material, one will (generally) need to construct an entirely new model using
that other material. In the case of computational models, however, there are certain properties
of the building blocks that can be modified simply by changing the values of variables in the
equations describing how those building blocks behave. One can, in effect, change what an
object is made of without having to construct that object anew, though the option of constructing
the object anew does remain open. Presuming, then, that the ICM hypothesis is correct, it is
an open question whether or not humans create representations of the world anew when, for
instance, they discover that their default assumptions were incorrect.

One outstanding worry about non-sentential representations that bears further scrutiny is
Pylyshyn’s (1981, 1984)infamous cognitive penetrability criterion. Pylyshyn claims that if
our cognitive representations of spatial and causal properties are influenced by our beliefs
in logically coherent ways, then this will provide sufficient warrant for concluding that the
representations involved are sentential in character—for logical coherence, argues Pylyshyn,
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is only explicable through the postulation of a mental logic. For instance, suppose it turns
out that our predictions concerning the behavior of the system depicted inFig. 3differ—and
they almost certainly will—depending upon whether we are told that the ball is a volley ball
(Scenario 1) or a bowling ball (Scenario 2). If we adopt the cognitive penetrability criterion,
we will be forced to conclude that this difference can only be accounted for by sentential
cognitive representations. Adopting this criterion, however, also commits us to the absurd
claim that scale models are sentential. After all, if I construct a different scale model of the
setup depicted inFig. 3 depending upon whether I believe Scenario 1 or 2, then the predic-
tions generated by those models will clearly be sensitive to my beliefs in logically coherent
ways. This consideration, I take it, suffices to rid us of the dubious cognitive penetrability
criterion.

The foregoing mechanistic reformulation of the image and scale model metaphors clearly has
favorable ramifications for empirical research (both behavioral and computational) concerning
the possibility that humans harbor and manipulate non-sentential cognitive representations. For
the first time, the proposal has been given the kind of non-metaphorical reading required in order
to achieve the same level of scientific respectability so long enjoyed by the ML hypothesis. It
also provides a way to temper the concern that a sentential model can always be constructed that
generates the same behavioral predictions as a non-sentential one (Anderson, 1978; Palmer,
1978). To be sure, one can always (at least after the fact) create a sentential model that generates
a set of behavioral predictions, but theorists are also often interested in the broader question of
whether or not a given model can explain some specified function performed by a particular
component of the cognitive system. If performance of a given function (e.g., forethought)
requires immunity to the frame problem, then we have gooda priori reasons for believing that
no sentential model will suffice.

In closing, let me simply remark that it should come as no surprise that some insight into the
workings of the human mind should come from the consideration of VRMs and FEMs. After
all, the point of creating scale models and, more recently, computational models has always
been to generate predictions concerning the behavior of some target system, and a similar
capacity for predictive inference may well be one of our most distinctive cognitive powers.
Indeed, if the ICM hypothesis is correct, then—at a suitably high level of description—there
are few relevant differences between scale models, computational models (e.g., VRMs and
FEMs), and cognitive models.

Notes

1. For further information regarding this manuscript, please visit the on-line annex of
Cognitive Science.

2. Craik (1952), Block (1990), andJanlert (1996)seem to have come closest to appreciating
this point; though Craik, for his part, failed to distinguish between mere isomorphism and
physical isomorphism, while Block incorrectly maintains that non-sentential cognitive
models are incompatible with the computational theory of mind.

3. In the latter case (and perhaps also in the former), what one builds into one’s model
will depend upon what kinds of properties one is interested in tracking and what the
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consequences are of failing to anticipate the relevance of an untracked property. For
instance, if one is interested in the optimal arrangement of items in one’s living room, a
two-dimensional model may well suffice; and the consequences of failing to anticipate
the relevance of a property (e.g., height) amount to only a minor inconvenience. If one is
interested in testing the design of a new type of spacecraft, on the other hand, it makes a
good deal more sense to model the system, as is commonly done, down to the last detail,
for the unforeseen importance of any given property might have dire consequences.
When constructing a scale model, then, the important question is not how much should
be built into a model, but rather how much one can afford to leave out.

4. Thanks to Mark Bickhard for pointing out the shortcomings of this version of the intrin-
sic/extrinsic distinction.

5. Dennett (1988)makes a related point.
6. If the scale model metaphor is to have any hope of overcoming these limitations, addi-

tional cognitive resources (e.g., capacities for mapping between different representations,
attentional selection, pattern recognition, etc.) will surely have to be invoked.

7. Johnson-Laird (1983)is one of the few theorists to have recognized that the existence
of distinct levels of computational description might be relevant to the discussion of
computational models of imagery.

8. In such cases, the representational medium is constituted by ordered memory registers
and control processes.

9. This is the case, specifically, when objects are assigned physical properties through the
‘apply physical effects’ command.

10. Though this might seem less surprising if the designers of Ray Dream happen to
be physics-näıve. It is more likely, however, they are physics savvy and recognize a
computation-sparing shortcut when they see one.

11. AlthoughHayes (1995)has famously suggested that AI researchers incorporate the
principles of näıve-physics in their models, the present model-based approach seems at
rather at odds with his prescription of an expert-systems style axiomatization.

12. For some illustrations of this point, see:http://www.sri.com/poulter/femodeling/
impacts.html, http://www.ncac.gwu.edu/archives/animation/index.html, and http://
www.csm.ornl.gov/viz.html.

13. There seems to be an unavoidable degree of specificity exhibited by scale models and
VRMs that gives rise to both of these concerns. Interestingly enough, this unavoidable
specificity may be a necessary accompaniment to avoidance of the frame problem.
Stenning and Oberlander (1995)make a similar claim, and even contend that this kind
of specificity suffices to distinguish imagistic from sentential representations. By itself,
however, a mere appeal to specificity does not provide a sufficient basis for distinguishing
between sentential and imagistic representations. Stenning and Oberlander contend, for
instance, that a tightly constrained PC-style notation is imagistic. In the absence of a
distinction between levels of description, however, critics of mental imagery can simply
charge that such representations at best function like images (see alsoSection 3.1).

14. Just as in the case of the scale model metaphor (footnote 6), if there is to be any hope of
overcoming these limitations, an (I think unproblematic) appeal to extra-representational
cognitive resources will almost certainly be required.

http://www.sri.com/poulter/fe_modeling/impacts.html
http://www.sri.com/poulter/fe_modeling/impacts.html
http://www.ncac.gwu.edu/archives/animation/index.html
http://www.csm.ornl.gov/viz.html
http://www.csm.ornl.gov/viz.html
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