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Abstract

The paper discusses the Representational Redescription Hypothesis of
Clark and Karmiloff-Smith [1]. This hypothesis — the ‘RRH’ for short
— has two main parts to it. Part one suggests that human cognitive
development is a process involving the redescription of knowledge at in-
creasing levels of abstraction. Part two is a claim about the true nature
of thought. It states that representational redescription is the distinctive
mark of genuine thinkers. As such it should enable us to distinguish ‘the
nature of our thoughts from the information processing states of a sea-
slug or a VAX mainframe’ [Clark and Karmiloff-Smith, Forthcoming, p.
1]. My paper attempts to flesh-out part one of the hypothesis by giving
it a computational model based on a process called ‘representational ab-
straction’. It then attempts to question the status of part two. It argues
that if representational abstraction is a good model for representational
redescription, then part two of the hypothesis is suspect since the process
in question is one that we would expect even very primitive organisms to
engage in.

1 Introduction to the RRH

The RRH is conveniently introduced via the psychological work which underpins
it. This has largely been carried out by Karmiloff-Smith [2,3,4] One of her
studies [4] looked at children’s ability to draw pictures of ‘funny’ or ‘pretend’
objects. Karmiloff-Smith found that younger children (i.e. those between four
and six years old) were more limited in the strategies they were able to bring to
bear in developing such pictures. Very young children would typically employ



standard routines for drawing an ordinary version of the object in question and
would then append some extraordinary feature to the drawing. For example, in
drawing a picture of a man with two heads, the younger children would typically
draw an ordinary man first and then add an extra head.

Older children (e.g. children between eight and ten years old) appeared to
have access to more sophisticated procedures for producing such drawings. They
appeared able to create drawings of anomalous objects without needing to add
a ‘wrong’ feature to an essentially correct drawing. They also appeared much
more adept at introducing more complex and abstruse types of permutation. For
example, they were more able to mix-and-match cross-category elements and to
change the overall component structure of objects. (See [5] for an accessible
introduction to this work.)

The RRH, as presented by Clark and Karmiloff-Smith, attempts to explain
these and related developmental effects. It suggests that by creating redescrip-
tions of their own knowledge, agents are able to explore the possibility of more
abstract manipulations and are thus able to achieve more flexibility in action.
With respect to the drawing effects, Clark and Karmiloff-Smith suggest that
drawing ability in very young children is based on inflexible, ‘hardwired’ rou-
tines that must be run through from start to finish. At a later stage the child
converts the implicit knowledge captured in these routines into a more explicit
or declarative form. This makes 1t possible to explore variations and manipula-
tions that could not be produced by any one of the original hardwired routines.

While the RRH provides a plausible theory of development in children’s
drawing abilities, this is far from being its only application. It purports to be a
general theory which applies to all aspects of development.! The introduction
given above merely scratches the surface of the hypothesis. However, it should
provide enough of the flavour of the hypothesis to place the rest of the paper
in context. For further details consult the original sources [2,3,4,Clark and
Karmiloff-Smith,Forthcoming].

2 The role of a computational model of RR

The RRH provides an essentially philosophical and psychological model of devel-
opment. But there are good arguments for attempting to extend it ‘downwards’
to a more detailed level of description. If the model says something important
about development it may have an important role to play in guiding compu-
tational studies of learning. For this to be a realistic possibility, however, it is
essential to provide a computational interpretation of the model. This is the
main aim of the paper. Ideally, we would like a model that explains in detail why
agents engage in redescription. The model will tell us what the computational
point of redescription is and also, exactly how it works.

To focus ideas let us concentrate on a particular scenario. We imagine an
‘agent’” who inhabits a very simple ‘environment’. We assume that the agent’s
only goal is to survive although this assumption could be relaxed without any

1 According to Boden, it may also help to explain the phenomenon of creativity [5].



adverse effects. The agent has certain sensors and certain effectors. In order to
survive in the environment the agent must react contingently, producing specific
types of behaviour in reaction to particular collections of sensory input.

In behaviourist models contingent action is typically achieved via a network
of stimulus-response associations, each of which enables a particular response
to be ‘triggered’ by a particular collection of sensory inputs.? The cognitivist
position, on the other hand, is that the production of contingent behaviour
involves the use of structured knowledge representations. The RRH is essentially
a story about how such representations come into existence in humans. Our goal
is to understand the computational foundations of this story.

Let us construe the agent’s sensors as ‘input variables’ and label them X_1,
X2, X3 ... X.n. The sensory inputs received via the sensors can now be
thought of as ‘instantiations’ of the variables. All the sensory inputs occurring
at a particular time can be thought of as an ‘instantiation vector’ for the input
variables. In order to achieve the goal of survival the agent must respond to
particular instantiation vectors in particular ways. However, on the assumption
that the sensors produce continuous values, the number of instantiation vectors
will almost certainly outnumber the number of contingent behaviours by several
orders of magnitude.® Thus we can say that the agent’s task in general is to
respond contingently to particular classes of instantiation vector.

What strategies can the agent bring to bear in achieving contingent be-
haviour? A convenient way of answering the question involves using statistical
analysis. By dividing input classes (i.e., instantiation vector classes) up into
statistical types we quickly see that certain types of class can only be processed
in certain ways. Furthermore, we see that there is a particular type which can
only be processed by an agent who makes use of constructive processes. These
processes are, I will argue, essentially redescriptive in character and therefore
provide a good, low-level model for the RRH part one.

3 Statistical cases

Statistical theory tells us that any data set can exhibit properties of various
types. [7] A basic distinction is between type-1 (type-1) and type-2 (higher-
order) properties. The type-1 (statistical) properties of a particular data set are
the relative frequencies (ie. probabilities) of variable values. A type-1 property
of a set of instantiation vectors might be the fact that the relative frequency with
which X_1 = 0 is 0.8. That is to say, within the complete set of instantiation
vectors, X_1 has the value zero in exactly 80% of cases. A data set with a strong
type-1 property is listed below. Instantiations of the input variables are listed
in columns working left to right. Thus each line shows a particular instantiation
vector. Note how that the instantiation X_2 = 1 occurs in 100% of cases. This

2Interestingly, this view is not incompatible with recent ‘reactivist’ approaches in artificial
intelligence and robotics [6].

3Tf the agent has 10 sensors each of which returns a range of 1000 readings, then there are
more than 102? instantiation vectors in all.



deviates significantly from the ‘chance’ 50% value.*
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The type-1 (higher-order) statistics of a data set are the correlations or
relationships between the variables. A type-2 statistical property of a set of
instantiation vectors might be the fact that the correlation coefficient between
X_1 and X_2is 0.9. Or it might be the fact that the value of X_1 always perfectly
divides the value of X_2. In the illustrative data set listed below X_1 and X_2
have a strong, negative correlation.
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Finally, we have type-3 properties. These are slightly more difficult to con-
ceptualize. They are made up of the correlations or relationships between vari-
able values. In a simple case we might have a type-3 property associated with
the duplication of variable values. The presence of this particular property in a
set of instantiation vectors means that in any particular vector we will always
see one duplicate, i.e., a value instantiating two different variables. An example
of this property is illustrated in the data set below.

0.1 0.1 1.0 0.6
0.4 0.1 1.0 1.0
0.6 0.6 1.0 0.9
0.4 1.0 0.4 0.4
0.9 0.9 0.8 0.4
0.6 0.4 0.0 0.4
0.1 0.1 0.5 0.8

4The chance value is 50% on the assumption that the instantiation variables are binary
valued.



0.9 1.0 0.3 1.0
1.0 0.6 1.0 0.4
0.9 0.4 0.6 0.4

The division of statistical properties into types 1, 2 and 3 appears to cover
the full range of possibilities.® The following summarizes the essential charac-
teristics of each statistical type.

e type-1 properties are to do with frequencies
e type-2 properties are to do with variable relationships

e type-3 properties are to do with value relationships

4 Which strategy for which class?

Let us now return to our imaginary scenario and consider the question of what
strategies the agent can use in detecting classes in the three categories. Clearly,
the strategies that a particular agent can use depend on the agent’s computa-
tional abilities. Thus before we can say anything about how our agent can deal
with input classes we must state clearly what we assume these abilities to be. For
present purposes our assumption will be that the agent is able to construct and
run recursive-function structures involving just one type of function, namely the
semi-linear ‘squashing’ function commonly used in feed-forward neural networks
[9]. Formally this means that the agent is able to construct and apply lattices in
which each node is a semi-linear (e.g. sigmoidal) function taking inputs from its
children and giving outputs to its parents. Informally it means that our agent
is able to construct and run ordinary feed-forward. neural networks.

Why have we chosen this particular assumption? Disallowing sophisticated
processing possibilities enables us to make contact with research in the area of
‘reactive systems’ [6,10] which de-emphasizes the role of sophisticated compu-
tational mechanisms. Fixing on standard feed-forward networks allows us to
make contact with those aspects of connectionist research which are concerned
with feed-forward networks. In particular it allows us to make use of the large
body of theoretical work relating to this type of architecture.

5 Dealing with type-1 classes

The strategies that our agent can use to detect the three different input cases
can now be worked out with a fair degree of detail. Type-1 classes can be
dealt with most straightforwardly and, in some cases, trivially. In the simplest
situation a type-1 class is defined in terms of a fixed constraint over a particular
variable. For example, we might have the constraint that the value of X_1 is
always 0. In this case sensor X_1 is literally a detector for the input class. Thus

5Contemporary statistical theory does not deal extensively with type-3 properties, cf. [8]



the agent already possesses the computational structure required to detect the
class.

In a slightly less straightforward situation the agent may need to integrate
two inputs. For example if the distinguishing characteristic of the class is that
the sum of the values of X_2 and X_3 always exceeds some threshold, then the
agent must make use of a single semi-linear function (SLF) whose weights are
set such that a certain output is returned just in case the net input exceeds the
relevant threshold. In general, if single variable values have a particular signifi-
cance for contingent action (which they necessarily do in the type-1 case), then
that significance must translate into a strong correlation between a particular
variable value and the presence of a member of the input class. Positive and neg-
ative correlations of this type can generally be dealt with by a SLF configured
with weights whose sign and magnitude reflect the relevant correlations.

To make this more concrete, imagine that our agent is a very primitive land-
based animal. It has no visual system but negotiates its environment using
simple tactile sensors. It has a sensor buffer via which it can get access to all
recent sensory inputs. It has a relatively limited degree of mobility and for
this reason requires behaviours which enable it to detect and move away from
difficult or overgrown terrain. Consider, for example, the animal’s behaviour
with respect to large boulders. If the agent comes up against a boulder then
contingent behaviour is necessitated that will achieve a change, and in extreme
cases a reversal of direction.

Given the assumption that the agent has a series of pressure sensitive sensors
arranged around its leading edge we expect that running into the boulder will
create a pattern of input in which certain sensor readings are high. This situa-
tion is easily detected by a SLF which sums and then thresholds inputs from the
relevant sensors. To ensure that the SLF only produces a positive output when
a boulder is encountered it is only necessary to ensure that the threshold of the
SLF is set appropriately high. To summarize, the usual architecture required
for the detection of type-1 classes is a single-level hierarchy of SLFs; ie. a single
layer of SLFs. The characteristic form of this architecture is shown in Figure
1. Not only are type-1 input classes easily dealt with from the detection point
of view. They are also easily dealt with from the developmental point of view.
There are many robust SLF-tuning algorithms which can be used either with or
without environmental feedback (ie. positive or negative reinforcement), cf the
Perceptron algorithm [11] the LMS algorithm [12], competitive learning [13] or
the Kohonen net [14]. Provided a given type-1 class is evidenced in the type-1
properties of the input environment then any one of these algorithms might be
used to tune the weights (coefficients) of a SLF so as to detect that class. Learn-
ing a detection architecture for a type-1 class thus involves first assembling a
suitable number of SLFs which accept input from sensors and then applying
one of the standard tuning algorithms.
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Figure 1:

6 Type-2 strategy

To deal with type-2 input classes the agent must be able to detect the pres-
ence of relationships (eg. correlations) between input variables. Typically, this
cannot be done using a single layer of SLFs. The simplest demonstration of
this is the well-known argument which shows that SLFs cannot compute the
boolean relationship XOR [15].° A more intuitive explanation notes that SLFs
cannot be used to detect relationships because they effectively merge all inputs
together and thus ‘forget’ which input is which. Where we want to compute a
relationship between variables it is generally essential to retain this information.
However, using small hierarchies of SLFs we can capture simple relationships.
In particular we can capture the ‘equality’ relationships (which is simply the
inverse of the XOR relationship) using a two-level hierarchy of SLFs [15] such
as the one shown in Figure 2. In general, we assume that a two-level hierarchy
is the least requirement for the detection of any type-2 class. Let us assume
that due to mobility limitations the agent/animal has to avoid areas of long,
loose grass. Thus, if moving into an area of grassland in which the average
length and looseness of the grass increases, the agent must change direction.
The question is: how can the agent detect the fact that it is moving into an
area of this type? The simplest (type-1) strategy of testing for a high degree
of pressure over the front sensors will not work in general since it cannot dis-
criminate between short, tough grass (which can be negotiated) and long, loose
grass (which cannot). Thus the agent must somehow discover the length and
looseness of the grass through which it is passing.

A blade of grass making contact with a pressure sensor will trigger a hill-
shaped pattern of readings. Initially there will be low readings (light pressure).
These will gradually increase and then fall off as the blade is dragged over

8This function takes two binary inputs and returns true just in case only one of the inputs
is true.
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and off the sensor pad. A long, loose blade will create a particular ‘signature’
of sensor readings in the buffer which differs from the signature created by a
short, tough blade. Individual readings are completely meaningless taken out
of context. A high reading could correspond to the presence of a negotiable
but tough, short blade. A low reading could correspond to the presence of a
non-negotiable but loose blade. Thus to detect the presence of a loose blade it
is essential to consider the relationships between the readings.

Given the computational characteristics of the agent, the relationship-testing
function can only be achieved using at least a two-level hierarchy of SLFs. More-
over, since the amount of time it takes for a blade to be fully pulled over a sensor
pad 1s likely to be a large multiple of the sensor firing time, the relationship will
involve readings over a large number of time periods. Thus we can expect the
characteristic form of a minimal SLF architecture for the detection of this par-
ticular input class to be roughly that shown in Figure 3. For the purposes of
learning to detect a type-2 class type-1 strategies will no longer suffice. The
task of discovering the intrinsic relationships exhibited by a data set is a very
difficult problem, currently the subject of a great deal of research; cf. [16, 17, 18,
17, Muggleton Inductive Logic Programming, 1992,19]. Whereas type-1 classes
can typically be learned using simple gradient descent processes over a relatively
small surface, type-2 classes require a much more complex search for which there
is typically no reliable, problem-independent heuristic. Current methods tend
to rely on the use of some form of background knowledge in order to guide and
constrain the search. However, this is not relevant for present purposes since
we are concerned with general rather than special-purpose strategies.
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The general implication is that the development (by learning) of detection
abilities for type-2 classes will require substantial time resources. In some cases
it seems that these requirements effectively rule out the development ‘from
scratch’ of detection abilities in a realistic lifespan. However this need not neces-
sitate the unappealing conclusion that type-2 detection abilities are impossible
to acquire. However it should draw our attention to the possibility that the
acquisition of type-2 detection abilities may be primarily the responsibility of
evolutionary processes rather than developmental ones.

7 Strategy for type-3 classes

When we turn attention to type-3 classes the situation becomes rather prob-
lematic. Every type-3 problem has a type-2 problem contained within it. This
problem is reified by ‘normalizing’ the data so as to attach to specific variables
those values which form the roles of the relevant relationship. This effectively
reduces the problem from type-3 to type-2. From the engineering point of view
it seems likely that any feasible solution to a type-3 detection problem will de-
compose the problem into its two parts: the reduction (‘normalization’) problem
and the type-2 problem. Certainly there are strong developmental arguments
which suggest that any SLF-using agent will use this approach.

The overall search-complexity of the task of learning to detect a type-3 class



can be derived by combining the complexities of the two subproblems. However,
there are two quite different ways of doing this. If we assume that a single search
is executed of the complete space of possibilities then the complexity (ie. the
size of the search space) is derived by taking the product of the sizes of the two
spaces. If, on the other hand, we assume that the two searches are performed
in serial, one after the other, then the overall complexity is simply the sum of
the two search-space sizes. In all non-trivial cases, the former complexity will
exceed the latter by at least an order of magnitude.” Thus we can conclude that
any resource-limited agent seeking to acquire an ability to detect a type-3 class
will almost certainly decompose the problem into its two halves. That is to say,
the agent must acquire both an ability to reduce the problem from type-3 to
type-2 and the ability to solve the type-2 problem.

The architectural implications of this can be illustrated by a further ex-
tension of the grass-avoidance example. Consider the situation in which the
animal/agent collides obliquely with some fairly flexible object — the root of a
plant, say. Rather than invoking its usual grass-avoiding behaviour the animal
should simply swerve to the correct side so as to move around the obstacle. To
achieve this effect the animal needs to detect that particular signature of sensor
inputs which 1s created when a fairly robust object collides obliquely with, and
is then dragged along the frontal sensors. The point at which the object strikes
the frontal sensors determines the ‘location’ of the signature in sensor space.
The object might strike the rightmost sensor first. Or a sensor slightly to the
left of this. Or a sensor still further to the left, and so on. However, in all these
cases the object is striking from the right. Thus a swerve to the left is called
for.

In detecting this sort of situation the agent must recognize a particular
signature of sensor readings. However, this signature is not localized or grounded
in particular sensors. It might manifest itself across the sensor readings in a
number of ways. The input class requiring detection is thus based on ‘floating
relationships’ and is therefore a type-3 class. Given the arguments put forward
relating to the necessity of decomposing any type-3 problem into a reduction
component and a type-2 component, we can assume that the swerving behaviour
of the agent must involve at least two interconnected, two-level hierarchies of
SLFs. The first level will undertake the reduction task, i.e., it will normalize
the sensor readings in a fixed frame. The second level will undertake the type-2
task. The characteristic form of the network will thus be broadly that shown in
Figure 4.

8 Discussion

We have now worked through an analysis of the three types of input class and
looked at how a particular type of agent (restricted to using feed-forward net-
works of SLFs) could reliably detect classes of each type. One of the surprising

"For example, if both spaces have 1000 points, then the ‘serial’ search space has 2000 points
and the non-serial space has one million.
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features of the analysis is the fact that, in the scenario we have considered, even
very trivial behaviours seem to necessitate quite substantial amounts of archi-
tecture. The network envisaged in figure-above is only partially sketched in.
However, one can see that it is already rather complex. This is surprising when
one considers that it intended purpose is merely the recognition of situations in
which swerving is appropriate.

The rapid growth in the required architectures is partly due to the fact
that we have restricted the agent to the use of constructions on a fairly simple
primitive function, namely the SLF. However, it is not at all clear that much
architecture would have been ‘saved’ by using a different function basis. Had
we used, for example, a more sophisticated type of function, e.g., one which
tests directly for a type-2 property (ie. a relationship), then we might have
been able to solve the type-2 detection problems more easily but we would
have had difficulty in deriving a solution to type-1 problems. Had we assumed
that the agent had access to a more complex, generic computing device (eg. a
Turing machine) then clearly we would have buried the difficulty of the problem
inside our assumptions. My guess, then, is that any assumption regarding the
computational limitations of the agent which (1) enables solutions to all types
of detection problem to be envisaged and which (2) does not simply finesse the
whole problem will lead to results of the same basic character as the ones derived
above.
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Having said that, it is important to emphasize that the architectural growth
that we witness in the examples above merely scratches the surface of the growth
that we would expect in a realistic situation. We have explored the ramifications
of input-class detection through one level of abstraction. But agents operating
in realistic environments can be expected to be faced with detection problems
through many levels.

In the envisaged scenario the basic objects of our agent’s sensory world
were the input variable instantiations. However, solving the envisaged type-2
detection task produces a ‘blade detector’ in the agent. This detector effectively
signals the presence of blades in the environment. Thus ‘blade’ became an object
in the agent’s sensory world. Ditto for ‘long, loose blade’. Quite feasibly the
agent might face the problem of detecting a type-2 class involving relationships
between such derived objects. For example, if the agent also has detectors for
a range of heavy objects then it could form a detector for the class of ‘grass-
flattenings’ (situations in which a heavy object flattens a patch of grass). This
would be a type-2 class with respect to the set of objects which play roles in
the grass-flattening relationship.

Once the agent has acquired detectors for ‘objects’ such as glass-flattening
situations, further possibilities are opened up. For example, the agent might
need to form a detector for mobile objects which are able to perform glass-
flattening (ie. the class of all glass-flattening organisms). This class would be
type-1 with respect to ‘glass-flattenings’. Moving on up, the agent might form a
detector for ‘stable situation’. This might be a class of situations in which glass-
flattening organisms are living peacefully with some other types of organism.
This latter class would be type-2 with respect to objects such as ‘grass-flattening
organism’.

This upwards cascade of objects can be continued still further. For example
the agent might form a detector for ‘settled societies’ which are societies in
which subgroups tend to have the ‘stable situation’ attribute. This new class
would be type-1 with respect to the latter type of object. Once a detector for
the ‘settled society’ is in place then we have the possibility of detectors for still
higher level detectors (‘international destabilizing influence’ etc.) And so on. 8

Starting with any set of basic objects, we have the possibility of first, type-
2 and type-3 classes formed over those objects. Each such class potentially
corresponds to a new object. Thus when we take the entire set of classes we
effectively have a new level of objects in terms of which we can have a further
layer of type-1, type-2 and type-3 classes. The growth pattern here is essentially
an upright tree which branches into three at each level (i.e., a ternery tree); cf.
Figure 5. Each node in the tree corresponds to a set of objects. The objects

8At each level, there is a type-1, type-2 and type-3 leg-up to the level above. However,
there are reasons for thinking that type-3 leg-ups will primarily be found in the initial stages
of the upwards cascade. A type-3 class is to do with floating relationships. These occur
when we have a set of basic objects which effectively forms a framework in which higher level
phenomena can manifest themselves in a range of ways. The most natural type-3 scenario
is one in which the agent has an array of sensors (e.g. something like a visual system) upon
which environmental phenomena are projected. Variations in projection cause variations of
location and these in turn produce the floating relationships that give us a type-3 class.

12



at the root node are primitive. In the scenario we have considered they are
basic sensory inputs. Objects at other nodes are non-primitive. Each non-
primitive object picks out something in the environment. Thus each non-root
node effectively provides a representation space. Other, higher-level aspects of
the world can be represented in terms of the objects in question, via immediate
first, type-2 or type-3 classes or by higher levels of such classes.

\Z&e Ve W
type-1 classes \T / r\v

type-2 classes x V type-2 classes type-1 classes \M
type-3 classes \ T /1 t
ype-2 classes

type-3 classes \ T /
type-3 classes
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type-3 classes

e

basic data

Figure 5:

9 Comparison with Representational Redescrip-
tion

An agent that gradually explores the upwards cascade of classes and objects is
effectively forming a hierarchical structure of representation spaces. Represen-
tation spaces are constructed one upon the other in a process which produces
increasingly abstract sensing of the environment. Does this ‘representational
abstraction’ process (RA as T will call it below) equate to the ‘representation
redescription’ (RR) of Clark and Karmiloff-Smith? There are certainly points of
correspondence. At the most general level we have a broad resemblance between
two processes whose aim is the derivation of higher-level representations from
lower-level ones. However, although RR is specifically stated to be conserva-
tive there is a clear suggestion that higher-level representations in RR somehow

13



improve on and supercede the lower-level ones. This is certainly not the case
with RA. In RA the lower-level representations pick out objects which have a
valid and independent existence. Thus higher-level representations in no sense
supercede the lower level ones.

A further minor difference is related to the fact that the RRH emphasizes
the way in which RR converts procedural representations into declarative ones.
This is not an obvious feature of RA. However, since procedural transitions may
constitute ‘relationships in action’ one might hypothesize that RA would lead to
a RR-style procedural-to-declarative redescription just in case the relationships
(type-2 and type-3) underpinning the objects at the initial level of description
are of the procedural type.

There is an interesting correspondence in the RRH’s claim that humans
‘constantly go beyond goal attainment to build theories that are not actually
necessary for the successful problem-solving procedures per se.” [Clark and
Karmiloff-Smith, Forthcoming]. Certainly, the advantages of spontaneously ex-
ploring higher levels of description stand out clearly in the RA process. Each
new level in the process puts the agent in touch with a whole range of ‘new’ en-
vironmental phenomena. Unless the agent spontaneously explores higher levels
there are environmental phenomena that may never be discovered. There may
be evolutionary pressures pushing the agent towards the discovery of significant
classes which are type-1, type-2 and type-3 with respect to currently known ob-
jects. But 1t is difficult to believe that there could be any evolutionary pressure
on the agent to discover classes which are several levels of abstraction above a
currently represented level.®

However, alongside the correspondences there are various differences to be
noted. For example there seems to be no obvious echo in RA of the idea (im-
portant in the RRH) that redescription cannot take place until ‘behavioural
mastery’ has been achieved at the existing level.'® Lacking also is any rejoin-
der to the idea that ‘the lowest level “languages” or procedures will be broadly
connectionist while the higher level ones will be broadly symbolic’. [Clark and
Karmiloff-Smith, Forthcoming].!!

Overall, we can say that there are interesting and suggestive correspondences
between the RA process sketched out above and RR. Deciding whether RA forms
a good, computational level model for RR will require further fleshing out of
both processes. However, if it should turn out that RA is a good model for RR,
then RRH part two — which says that RR is the distinctive mark of genuine
thinkers — is almost certainly suspect. As the ‘grass’ example clearly shows,
RA is a process that we should expect even very primitive organisms — maybe
even sea-slugs — to engage in. Thus either we will have to face the prospect of

9The effect would be like the influence that a pin exerts on an arbitrary piece of straw in
the proverbial haystack.
10Unless we assume that behavioural mastery simply corresponds to having all the relevant
objects represented.
111f anything, the fact (noted above) that type-3 classes are likely to be more common in
the lower levels of the hierarchy seems to undermine this idea. Type-3 classes are particularly
hard to detect via purely ‘connectionist’ regimes.
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allowing very primitive organisms to be ‘genuine thinkers’. Or we will have to
face the fact that genuine thinkers are not distinctively marked by RR.
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