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Creativity depends on using our mental processes to create 
novelty. However fornovelty to be creative it must be effective. 
either in some practical sense. or in that it establishes a coherent 
set, where no relations. or a less coherent set of relations. existed 
before. Creativity may be defined. therefore. as the creation of 
effective novelty through the operation of our mental processes. 
It is a truism that human beings are the most creative systems we 
know. They are more creative than any machines invented so far. 
They are also more creative than other animals. and they become 
more creative as they develop. This is not to say that children are 
not creative. but the power of creative processes generally 
increases with development. Our problem then is to ask what it 
is about adult humans that confers on them such unique creative 
power. 

An answer is suggested by the work of Annette Karmiloff
Smith (see her paper in this collection for an overview). She 
distinguishes between implicit and explicit knowledge. Implicit 
knowledge is sufficient to perform a task but the performance. 
cannot be modified solely by the operation of mental processes. 
A person who has learned a particular skill may perform well 
without being able to describe how the performance is executed. 
just as an animal that has learned how to find food is evidently not 
aware of what it does. Both cases depend on procedural 
knowledge. but there is no declarative knowledge. meaning that 
the performer is unable to describe. or declare. what is done. 
Such performances can only be changed by further experience. 
The golfer cannot perfect his swing solely by thinking about it. 
and there is solid experimental evidence that lower animals 
cannot reverse their habits on the basis of a single signal. They 
only change their performances incrementally. a little at a time. 
under the continued influence of concrete experience. Such 
automatic. inaccessible. unmodifiable performance is generally 
termed 'implicit'. 

Explicit processes on the other hand are mentally accessible 
and modifiable. The transition from implicit to explicit cognitive 
processes has been explained in terms of representational 

redescription (Karmiloff-Smith, 1990). This means that implicit 
know ledge is represented in a progressively more abstract man
ner, thereby becoming more accessible to other cognitive proc
eS8eli. For example, a young child might say and comprehend 
both 'a dog' and 'the dog', but not recognize that 'a' and 'the' are 
related, or have the grammatical concept of the article. Similarly, 
young children might be able to draw houses, butif asked to draw 
a 'funny' house they make only superficial changes, leaving the 
essential structure of the drawing intact Karmiloff-Smith in
terprets this as indicating that the child has drawing skills which 
are not accessible and cannot be modified by the operation of 
internal cognitive processes alone. 

Boden (1990) proposes that one sort of creativity 
(' impossibilist' creativity) entails breaking out of the conceptual 
space defined by the current rule set, and opening up another 
conceptual space by modifying the rules. Dartnall (1993) observes 
that for this to happen we need explicit knowledge of the rules 
under which we operate. At the implicit level we are subject to 
the rules, but at the explicit level we can articulate the rules and 
modify them. Animals that are phylogenetically more primitive 
lack this ability. For example, a beaver can build a dam, but has 
no explicit knowledge of dam building, so a beaver is not an 
engineer. Even if a beaver and an engineer were to build 
precisely the samedam on some occasion, their mental processes 
would be very different. The differences would become apparent 
if modifications had to be made to the dam-building procedure, 
and the more fundamental the modifications, the more the 
difference would become apparent We will present empirical 
evidence of comparative performances of various animals and 
humans later. 

We can conclude, then, that creativity requires explicit repre
sentation, in the sense that it is accessible to, and modifiable by, 
other cognitive processes, without the necessity of external input 

The argument so far has been essentially descriptive. We will 
now consider how the differences we have been discussing can 
be defined at a more theoretical level. For this purpose we will 
define a hierarchy of cognitive processes, then show how they 
relate to performance at different cognitive levels, and consider 
how effective they will be in mediating creativity. Then we will 
attempt to provide at least a rudimentary explanation for dif
ferences in creativity between animals and humans, between 
children and adults, and between humans and machines. 

Types of Representations 

To develop our argument we first need to define levels of 
representation. We will also consider examples of psychological 
tasks at each level, and how they can be implemented in a neural 
net or parallel distributed processing (POP) model. 

Rank 0: Performance without representations 

This level includes reflexes, stimulus-response associations, and 
perceptuo-motor skills. insofar as they are not guided by a 
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representation of the task. These processes can be captured in 
neural net models by pattern associators, or two-layered nets, as 
shown in Figure 1. That is, there is an association between input 
and output, without internal representation, and the association 
is either acquired incrementally through the operation of a 
learning algorithm, or is hard-wired. The acquisition is not 
influenced by other cognitive processes. 

This is the most primitive level offunctioning, and presumably 
occurs in all animals. It would not support creativity in the sense 
that we have defined the term. 

Rank 1: Wholistic representations 

At this level there is internal representation, but it is 
undifferentiated, and is unrelated to other representations. Many 
features, and quite a large amount of information, can be rep
resented, but no relations with semantic interpretations are 
defined between components of the representation. One example 
would be the representation of configurations of stimuli in 
conditional discrimination tasks. Participants, either animals or 
humans, might be trained to choose acircle on a white background 
and avoid a triangle on a white background, and this might be 
reversed on a striped background (i.e. choose triangle and avoid 
circle). The contingencies that must be learned can be expressed 
this way: 

circle, white -> + 
triangle, white -> 
circle, striped -> 
triangle, striped -> + 

Each stimulus (circle, triangle, white, striped), taken singly, 
is equally associated with positive or negative responses. Con
sequently the discrimination must be based on configurations, 
such as 'circle&white', 'circle&striped', etc. This performance 
requires internal representation of the configurations, and there 
is evidence that rats are capable of it, although it depends on 
maturation of the hippocampus (Rudy, 1991). 

Another example of this level of performance would be the 
representation of objects in space in the manner that has been 
observed in 5 month-old infants by Baillargeon (Baillargeon, 
1987). Infants represent features of objects, such as height, and 
their distance from other objects, but there is no evidence that 
they can relate such representations to other representations. 
They can represent perceptible features, but presumably have no 
explicit representations of relations. 

Performances at this level can be captured by three-layered 
nets, comprising input, output, and hidden layers, as shown in 
Figure 1. Configurallearning tasks such as conditional discrimi
nation can be performed by using units in the hidden layer which 
represent conjunctions of features such as 'circle&white' 
(Schmajuk & DiCarlo, 1992),justas hidden units can be used to 
represent conjunctions in the exclusive-OR task. In spatial tasks, 

hidden units could represent various features of Objects such as 
height and distance from other objects. 

Rank 2: Representations with two components 

At this level of representation there are two components that can 
be related to one another. In memory models, it is exemplified 
by associations between items of information, as in paired
associates tasks, or cue-target associations (Humpbreys, Bain, & 
Pike, 1989). In such models bindings between cues (e.g. what 
did you have for breakfast?) and targets (e.g. bacon and eggs) are 
stored in memory. 

This is the lowest level at which propositions can be repre
sented. A proposition is defmedas thesmallestunitofknowledge 
that can have a truth value (Anderson, 1980). It has two 
components, predicate(orsymbolforarelation),andargument(s). 
At Rank 2 a binding can be represented between a predicate and 
one argument. Given that the predicate is a symbol for arelation, 
a unary relation can berepresented. Where apredicate represents 
a state, such as HAPPY(John), the proposition corresponds to a 
unary relation. 

Unary relations, R(x), have one argument The proposition 
BIG(dog) is a binding between the unary relation BIG and one 
argument The relation can be interpreted as expressing a state 
or an attribute. Other cases of propositions with one argument 
can be interpreted as class membership; e.g. DOG(fido). A 
binding between a variable and a constant can also be expressed 
as a unary relation; e.g. HEIGHT(I-metre). This proposition 
represents a binding between a variable, height, and an argument, 
which can take a range of values (Halford, Wiles, Humpbreys, & 
Wilson, 1993; Smolensky, 1990). 

Halford et al. (1993) have shown that predicate-argument 
bindings can be modelled using tensor product networks. Each 
tensor product representation comprises a vector representing 
the predicate, and a vector representing each argument, as shown 
in Figure 11. The binding units (whose values correspo\ld to the 
computation of the tensor product) are interpreted as activations 
or as weights. Where they are interpreted as activations, bindings 
can be changed dynamically and the relation may be changed in 
all-or-none fashion without external input. For example, we can 
change HAPPY(John) to SAD(John). One component of the 
representation (John) remains the same, but when the other 
component is changed a new binding is formed. This means 
representations can be changed in the course of reasoning tasks. 
They are not dependent on incremental change as a function of 

1 A predicate with n argwnents is represented by P ® a 1 ® a2 ... ® <!n. 
where P is a vector representing a predicate, and al ... 3.n are vectors 
representing arguments. A unary relation, R(x) can be represented by a 
rank 2 tensor product R®x. A binary relation. R(x,y) can berepresented 
by .rank 3 tensorproductR®x®y. Similarly,' temaryrel.tion, R(x,y,z) 
can be represented by a rank 4 tensor product R®x®y®z, and a qua
ternary relation, R(w,x,y,z) by a rank 5 tensor product R®w®x®y®z. 
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experience. Where activation units are interpreted as weights, 
the only change mechanism is incremental adjustment of weights 
under the influence of environmental input. In memory models 
(Humphreys,etai., 1989), binding units are interpreted as weights, 
implying that the change is incremental rather than dynamic. 

Bindings between relations and arguments can also be repre
sented by an alternative net proposed by Hinton (1990). As with 
tensor products, there are vectors representing the relation and 
each of its arguments, together with a set of binding units. 
However, the activations of the binding units are not obtained 
simply by computing the tensor product of the vectors, but are 
influenced by variable weights. Thus the net includes both 
incremental and dynamic binding. 

Several important new properties emerge at Rank 2 that are 
not pussible with lower rank representations. These include the 
ability to represent propositions, relations, and variables. This is 
a sizeable step towarjls explici~ conceptual thought. There is also 
increased content independence, because a predicate expresses 
an idea which is independent of its argument to some extent: 
LARGE(x) means the same irrespective of what x is. Further 
properties emerge at each of the higher ranks, as we shall see. 

Rank 3: Representations with three components 

Representations of this rank have three components. With 
associative binding this level is exemplified by the three-way 
associations between cue, target and context which have been 
important in memory retrieval theories (Humphreys, et a/., 1989); 
e.g. What did you have for breakfast (cue) on Sunday (context)? 
Bacon and eggs (target). Binary relations, or relations with two 
arguments, can be represented, with one component representing 
the predicate and two components representing the arguments. 
For example, BIGGER(dog, mouse) has two arguments, which 
can represent any pair of objects such that the first is bigger than 
the second. Univariate functions, f(a) = b, and unary operators, 
{(x, -x») can also be represented at this level. 

AtRank J more complex variations between comp0nentscan 
be represented. The binary relation R(x,y) represents the way x 
varies as a function of y, and vice versa, neither of which is 
possible with Rank 2 representations. Predicates with two 
arguments can be represented, enabling more complex propo
sitions to be processed: for example, LOVES(Joe, Jenny). 

Rank 4: Representations with 4 components 

Atthislevel concepts based on ternary relations can be represented. 
Concepts based on ternary relations include the 'love-triangle', 
in which two persons, x and y, both love a third person, z. 
Another example is where we have three people named #, $, &, 
who have no other association than co-authoring a publication, 
with no rank ordering (Le. their names are randomly ordered). 
Here the relation, CO-AU1HORED(#,$,&), cannot be decom
posed into any binary relation thathas a semantic interpretation. 

Concepts such as transitivity and class inclusion, to be 
discussed later, entail core representations that are ternary rela
tions. This level requires one component of the representation 
for the predicate and three to represent arguments. 

The number of possible relations between elements increases 
again with ternary relations: R(x,y,z) represents three binary 
relations, Rj(x,y), R2(y,Z) and R3(X,z), as well as the three-way 
relation, R(x,y,z), which is not defined in a binary relation. This 
means that with a ternary relation, but not with unary or binary 
relations, it is possible to compare x with yz, or y with xz, or z 
with xy. It thus becomes possible to compute the effects on x of 
variations in yz, and so on. More complex interactions can be 
represented than at the lower levelS, which increases the flexibility 
and power of thought. 

Bivariate functions and binary operations may also be rep
resented at this level. A binary operation is a special case of a 
bivariate functiqn. A binary operation on a set S is a function 
from the set S x S of ordered pairs of elements of S into S; Le. S 
x S -> S. For example, the binary operation of arithmetic addition 
consists of the set of ordered pairs of ( .. (3,2,5), .. (5,3,8)" ). 

There do not appear to be any representations at this level 
employing associative binding. 

Rank 5: Representations with five components 

At this level quaternary relations, R( w ,x,y ,z), may berepresented, 
with one component representing thepredicate and the other four 
the arguments. An example would be proportion; a/b = cid 
expresses a relation between the four variables a,b,c, and d. It is 
possible to compute how any element will vary as a function of 
one or more of the others. With a quaternary relation all the 
comparisons that are possible with ternary relations can be made, . 
as weIl as four-way comparisons; the effect on w of variations in 
x,y,z, the effects on x of variations in w,y,z, and so on. 

Quaternary relations can also be interpreted as functions or as 
operations. A trivariate function is a special case of a quaternary 
relation. It is a set of ordered 4-tuples (a,b,c,d) such that for each 
(a,b,c) there is precisely oned such that (a,b,c,d e I). Quaternary 
relations may be interpreted as a composition of binary opera- . 
tions. For example (a + b) x c = d is a quaternary relation. As with 
Rank 4 there do not appear to be any concepts using associative 
representations. 

Rank 6: Representations with six components 

At this level there would be a predicate and five arguments. The 
psychological existence of this level is speculative, and if it 
exists, itis probably available only fora minority of adults, which 
makes evidence about it difficult to obtain. It would permit 
processing of quinary relations which would enable people to 
reason about relations between systems, each of which is corn· 
posed of compositions of binary operations. If we assume that 
theories are composed of mathematical expressions each of 
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Rank Representation Neural net specification 
input 
layer 
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0 no representation ~T~ 
totally interconnectad 
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input hidden output 
layer layer layer 
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(no explicit relations) :~+~ 

totally inl8rconn9C18d 
lay ... 

Argument 
(John) 

1<. 2 unary relation "Dg-
~£ 

binding units 

3 binary relation 

4 ternary relation 

5 quaternary relation 

6 quinary relation 

Figure 1. Representations of six different ranks, with possible PDP representation. 
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which integrates a setofbinary operations, then representation of 
the relation between theories arnounts to representing the rela
tion between structures defined by a composition of binary 
operations. This means that the ability to work within a theory 
would require rank 5 reasoning, whereas ability to deal with 
relations between theories would require rank 6. 

Serial processing and conceptual chunking 

There is no mathematical limit to the number of arguments that 
a relation can have, but there may be psychological limits to the 
complexity of relations that can be computed. There is evidence 
that normal human cognition entails representations only up to 
Rank 5 (Halford, 1993; Halford, et al., 1993). 

Concepts more complex than Rank 5 are handled by seg
mentation and chunking (HaIford, Wilson, Guo, Gayler, Wiles, 
& Stewart, in press). Segmentation means that complex taSks 
can be decomposed into smaller segments that can be processed 
serially. The development of serial processing strategies permits 
complex tasks 10 be performed without exceeding limits on the 
amountofinformation thatcan be processed in parallel. Chunking 
means that representations of high dimensionality, represented 
by tensor products of high rank, are recoded into fewer dimen
sions, with tensorproducts oflowerrank. An example would be 
velocity, defined as v=s/t (velocity = distance/time). This is 3-
dimensional, but it can be recoded into one dimension (as occurs 
when we think of speed as the position of a pointer on a dial). 
However, this does not mean that all processing loads can 
ultimately bereduced 10 that for a I-D concept, because conceptual 
chunking results in loss of representation of some relationships; 
e.g. when velocity is chunked as one dimension, the 3-way 
relation between v, s, and t is no longer represented, so changes 
in vasa function of sand/or t cannot be computed without 
returning 10 the 3-dimensional representation, which entails the 
higher processing load. 

Thought and Rank of Representation 

Rank of representation is a measure of the power and flexibility 
of thought Higher rank representations permit higher levels of 
relations 10 be represented, and permit more ofthe structure of a 
concept or situation to be processed in thought. Rank is analo
gous to the number of facets of a situation that can be viewed 
simultaneously. 

Rank of representation has been associated with phylogenetic 
and ontogenetic development. We will briefly review evidence of 
the type of representation that is within the capacity of each level in 
the evolutionary scale, and at each age-range inhumandevelopmenL 

Representational rank of animals and children 

Levels of representation equivalent 10 those defined here have 
been related to species differences by Holyoak & Thagard (1993, 
on contract). Rank 0, equivalent to simple associations, appears 
to be possible for all species of animals, albeit with varying 

degrees of efficiency. Mammals appear capable of Rank 1, as 
indicated by the fact that rats are capable of configurallearning 
(Rudy, 1991). Rank 2 appears 10 be possible for monkeys, 
because they can recognize the binding between attributes and 
objects. For example, they can learn 10 choose which of two 
objects is like a sample. If they are shown, say, an apple as a 
sample object, and are required to choose between an apple and 
(say) a hammer, they can learn to choose the apple. This could 
be done of course by associative learning, which is Rank O. 
However, they can transfer to a new taSk in which (say) the 
sample is a hammer, and the choices are a banana and a hammer. 
Transfer of the principle implies they can represent a binding 
between an attribute (HAMMER-LIKE) and a specific object. 
This can be represented by a Rank 2 tensor product. They can 
represent a dynamic binding between an attribute and an object 

Chimpanzees appear capable of representing a relation be
tween objects, which implies Rank 3 representations, although 
this ability has only been demonstrated for language-trained 
chimpanzees (Premack, 1983). For example they can learn that 
if the sample is XX, they should choose AA rather than BC. If 
the .sample is XY, they should choose BC rather than AA. They 
learn 10 choose a pair of objects that has the same relation.as the 
sample. This implies that they can represent binary relations, 
whiCh is a Rank 3 representation. 

As Hol yoak and Thagard (1993, on contract) have shown, 
such performances are really a form of analogical reasoning. The 
animals are sensitive to the fact that an attribute, or a relation, in 
the sample is the same as in the correct choice item. Analogical 
reasoning entails dynamic binding (Halford, et al., 1993), so these 
performances indicate that monkeys and apes are capable of 
relational representations with dynamic binding. This interpreta
tion is borne out by studies of what has been called 'reversal 
learning' (Bitterman, 1960). Suppose an animal is trained in a 
discrimination in which (say) circle is positive, and triangle is 
negative. Then, without any warning, the contingency is reversed, 
so triangle is now positive and circle negative. Then when that is 
learned the reversal process is repeated, so circle becomes positive 
again, and triangle negative, and so on. The question of interest 
is whether animals learn to make successive reversals more and 
more quickly, indicating that they 'catch on' to the reversal 
principle. Species differ considerably in the rate at which they 
learn to do this. Apes will learn to make a reversal immediately 
the contingency is reversed. Monkeys also learn, but at a slower 
rate. Other mammals learn more slowly still. Birds, reptiles and 
amphibians show less benefit from training with successive re
versals, while fish show no benefit at all. This perforrnanceclearly 
differentiates between species at different levels of the phylogenetic 
scale. As with other tasks that make this differentiation, it requires 
representation of the relations in the task, together with dynamic 
binding. That is, it requires recognition that there is always one 
positive and one negative stimulus, together with the ability to 
change the mapping of positive/negative into the stimuli dy
namically. The higher animals can do this, but the lower animals 
can only relearn the discrimination incrementally. They are not 
capable of dynamic change. 
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It appears, then, that the ability to represent relations and to 
change the representation dynamically is a factor which differ
entiates species at different points in the phylogenetic scale. 
Putting it another way, the capacity for creative thought is a 
recent evolutionary development, which is present only in the 
highest non-human animals, and then only in rudimentary form. 

Children's representational abilities have been reviewed 
elsewhere (Halford, 1993). Neonates are capable of Rank 0 
associative learning, but there is evidence that Rank 1 represen
tations are possible at 5 months. This is indicated by infants' 
awareness of properties of recently vanished objects (Baillargeon, 
1987). Rank 2 representations are possible at approximately one 
year, when infants become capable of treating the hiding place of 
an object as a variable, and recognize category memberships 
explicitly, which in turn leads to their understanding the referents 
of words; for example 'Doggy gone' can be represented as 
GONE(doggy), which is a predicate with one argument. 

Rank 3 representations appear to be possible at age two, 
because children of this age can make discriminations based on 
explicit representation of binary relations. One consequence is 
that they can perform proportional analogies of the form A:B: :C:D, 
provided the content is familiar to them. 

Rank 4 representations become possible at approximately 
age 5, and they open up a wide range of new performances, 
including transitive inference, hierarchical classification and 
inclusion, certain kinds of hypothesis testing, and many others. 
Transitivity entails a ternary relation, because premises R(a,b) 
and R(b,c) are integrated into the ordered triple, monotonic
R(a,b,c). It can be implemented as a Rank 4 tensor product, as 
shown in Figure 2. Class inclusion and the part-whole hierarchy 
are essentially ternary relations. A class inclusion hierarchy has 
three components, a superordinate class, a subclass and a com
plementary class; e.g. fruit, divided into apples and non-apples. 
Part-whole hierarchies are similar, and comprise a whole divided 
into a part and a complementary part. Though the age of 
attainment of these concepts has been controversial, it appears 
that children have difficulty processing tasks that entail ternary 
relations until approximately five years. This issue has been 
discussed in greater detail elsewhere (Halford, 1992; 1993). 

We have developed a computational model (Half ord, Maybery, 
Smith, Bain, Dickson, Kelly, et al., 1992, submitted) which 
simulates the acquisition of transitive inference strategies in 
children and adults. The development of adequate strategies 
depends on ability to represent an ordered set of three elements. 
Without this ability, inadequate strategies result. To acquire such 
a strategy spontaneously, as most children do, is undoubtedly 
creative, but it depends on the ability to represent ternary relations. 

Representations of Rank 5 are typically understood at about 
age 11, as evidenced by understanding of proportion and a number 
of other concepts, including understanding of the balance scale. 
This entails representing the interaction of four factors: weight 
and distance on the left and weight and distance on the right. 

Capacity to represent relational concepts increases with the 
phylogenetic level, and also with age. There is evidence that 
processing load is a function of the complexity of relations being 
processed (Halford, Maybery, & Bain, 1986; Maybery, Bain, & 
Halford, 1986; Posner & Boies, 1971). The reason becomes 
apparent from distributed representation models, and it is due to 
the number of binding units being an exponential function of the 
number of arguments (Halford, 1993; Halford, et al., 1993). 

Relational Complexity and Creativity 

As we saw earlier, creativity depends partly on more explicit 
representation of the relational structure of a task. It is a matter 
of being able to change the structure, rather than being subject to 
the structure. This can be achieved using the higher rank 
representations, because of three factors: dynamic binding, higher
orderrelations, and ability to change strategies. We will consider 
these in turn. 

Dynamic binding means that relational representations can 
be changed without incremental learning. Consider a repre
sentation of the proposition LIKES(John,Tom). We can change 
this to HA TES(J ohn, Tom). Under the tensor product and similar 
models of predicate-argument bindings mentioned earlier, this 
can be done by changing the vector on the predicate units. The 
result is a different pattern of activation on the binding units, 
while the argument vectors remain unchanged. The represen
tations ofJ ohn and Tom have remained constant, but the relation 
between them has been changed. This is a simple example of a 
principle which applies to all relational representations with 
dynamic bindings, and it can have quite spectacular effects. We 
have shown how it can be employed in analogical and other 
forms ofreasoning (Halford, 1993; Halford, et al., 1993). 

Representations of Rank 3 and above can support higher
order relations. The sentence 'It's good that,Peter returned' can 
be expressed as GOOD(RETURNED(peter», and includes the 
higher-order predicate GOOD, which has one argument, the 
predicate RETURNED (which itself has one argument). It is a 
Rank 3 representation, because it requires three vectors, repre
senting GOOD, RETURNED, and Peter. It is not possible to 
represent higher-order relations below Rank 3. They can, of 
course, be represented by higher rank representation. Forexample, 
'Tom hit Peter because he kissed Wendy' can be expressed as 
CAUSE(KISS(peter,Wendy),HIT(Tom,Peter». In this case 
CAUSE is a higher-order predicate whose arguments are two, 
two-valued predicates. It can be represented by Rank 4. 

Higher-order relations permit more abstract correspond
ences to be recognized. For example, 

CAUSE(LOVE(Jane,Mark),JEALOUS(Michael,Mark» 

is structurally identical to the example in the previous paragraph, 
and one can be mapped into the other solely on the basis of 
structural correspondence (Holyoak & Thagard, 1989). The 
mapping can be made independent! y of similarity of lower-order 
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Figure 2. Tensor product representation of class inclusion and transitivity. 
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relations or arguments. Thus the level of abstraction, or content
independence, increases with higher structural complexity, and 
higher rank, because higher-order relations can be represented. 
This enables analogies to be formed between situations which 
are structurally similar but are very different in conten~ and this 
is an important component of creativity. 

Finally, ability to represent the structure of a task permits 
strategies to be developed. A computational model of this 
process has been developed by Halford (1992), summarized by 
Halford (1993), in the domain of transitive inference. The 
implication is that understanding, which entails ability to represent 
the structure of a task, can guide the development of efficient 
skills, strategies, and procedures. 

To summarize this section, creative reasoning depends on the 
ability to form dynamic representations of relations, and this 
ability appears to have evolved relatively recently, and continues 
to develop throughout childhood. The complexity of relations 
that can be represented influences the conceptual power of 
creative reasoning, butisobtainedatthecostofhigherprocessing 
loads for more complex relations. In the next section we will 
examine more specific models of creativity using representation 
of this type. 

Representations in computers 

Given that we can define the representations of biological 
intelligence in terms of the complexity of relations represented, 
we should be able to apply the same metric to computers. 

Models of Creative Processing 

One aspect of creativity is the retrieval of an idea that relates 
formerly unrelated things. This can be illustrated using one of the 
practice items from the Remote Associates Test for creativity 
(Mednick, 1962). What word relates 'rat', 'blue' and 'cottage'? 
(cheese). These words are not normally seen as related, but all 
have a common association with cheese. Another example is 
supplied by Rubin & Wallace, (1989) as analysed by Humphreys, 
Wiles & Bain (1993, in press): Name a mythical being that 
rhymes with post (ghost). Here the target element, ghost, is 
weakly associated with eitherthe cue 'mythical being' or the cue 
'rhymes with post', but is quite strongly retrievable to the two 
cues. These examples may not meet the effectiveness criterion, 
because the set of relations created by the retrieval of 'cheese', 
or' ghost', is not particularly coherent. Nevertheless the memory 
processes entailed in these tasks probably have much in common 
with those used by a painter producing new juxtapositions of 
colors and forms, a poet composing images, or a scientist seeing 
a connection between apparently unrelated ideas. The memory 
model of Humphreys et al. (1989), mentioned earlier, has been 
demonstrated to handle this type of memory retrieval using Rank 
3 tensor product representations. 

Transferring a relation from one domain to another is another 
aspect of creativity, and is well illustrated by the Rutherford 
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Figure 3. Simple proportioual analogies performed by the 
Structured Tensor Analogical Reasoning model. 

analogy between the structure of the hydrogen atom and the 
structure of the solar system, as analysed by Gentner (1983). 
Here the essential insight was recognizing that the structure of 
the atom entailed the prinCiples of orbital motion, as exemplified 
in the solar system. This entails transferring the system of 
relations between solar and planetary bodies to the nucleus and 
electron. This can be modelled using the Structured Tensor 
Analogical Reasoning (STAR) model (Halford, et al., 1993). 

In the STAR model predicate-argument bindings are repre
sented as tensor products, as shown in Figure 3. The proposition 
MOTHER-OF(woman,baby) is represented as a rank 3 tensor 
product. The three vectors represent the predicate MOTIlER
OF and its arguments, 'woman' and 'baby'. As with the memory 
model of Humphreys et al. (1989), representations are super
imposed. Therefore the bindings MOTIlER-OF(mare,foal), 
MOTHER-OF(cat,kitten), as well as LOVES (mother,baby), .. , 
LARGER-THAN(mare,foal) are all superimposed on the same 
tensor product. 

Simple proportional analogies, such as woman:baby::mare:? 
can be solved by entering the base arguments, 'woman' and 
'baby' into the representation, and the output is a predicate 
bundle representing 'MOTHER-OF', 'FEEDS', 'LARGER
THAN' etc. That is, it is a vector equivalent to the linear sum of 
vectors representing each of these outputs. In the next step this 
predicate bundle is the input, together with the first argument of 
the target, 'mare', as shown in Figure 3. The output is an 
argument bundle which includes 'foal'. Possible solutions can 
be recognized by one or more cleanup processes, the simplest of 
which entails computing the inner product of vectors represent
ing candidate solutions with this output. There is also an auto
associative cleanup process which performs the task in parallel 
(Chappel & Humphreys, 1993). 
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This model can solve all the major classes of analogies (Halford, 
et al., in press), but we will consider how the model would solve a 
simplified and idealized version of the Rutherford analogy. 

We will assume that the structure of the base, the solar 
system, is known completely, but that the structure of the atom 
is incompletely known. We will further assume that the atom 
was known to comprise two major components, a nucleus and an 
electron, that there is a mutual attraction relation between them, 
and a size difference (the nucleus was known to be of larger 
mass). Most important of all, we assume that the correspondence 
between the atom and the solar system had not been previously 
recognized. This recognition was at the core of the creative 
contnbution. The simulation of the analogy in the STAR model 
begins with this information coded in a tensor product. 

The discrepancies between this hypothetical situation and the 
actual state of Rutherford's knowledge at the time are less 
relevant than the idea of starting with anincompleterepresentation 
of a target domain, finding a base domain to which it is analo
gous, transferring relations from the base to the target, then 
making candidate inferences about the target. It is this creative 
use of analogy that we want to simulate, the Rutherford analogy 
being a convenient and well-known example. 

Recognition of the solar system as a potential base is a 
memory retrieval process in the model. The predicates AT
TRACTS and DIFFERENT-SIZE in the representation of the 
target serve as retrieval cues. If these are used as input to the 
representation of the task, the outputis a tensor product of vectors 
representing all sets of arguments of these predicates .. For 
example, when.A TTRACTS is used as input, the output will 
include the tensor product of vectors representing 'sun' and 
'planet', plus other pairs of arguments of ATTRACTS. 

When arguments of a potential base are recognized, they can 
be used as input If the inputis 'sun' and 'planet' the output will 
include ATTRACTS, LESS-MASSIVE-THAN, ORBITS
AROUND, etc. These predicates become candidate inferences 
for the target, leading to the hypothesis that the electron !lrbits 
around the nucleus. 

This simplified account of how analogical reasoning is 
simulated in the STAR model was designed to illustrate the main 
argument of this section, that a computational process can 
produce an output which is inherently creative, using represen
tations of relations of the kind defined earlier. In this case a 
computational model has been constructed which can retrieve a 
base, the solar system, which is a potential analog of the target. 
Relations in the base are transferred to the target, and become 
candidate inferences for the target. The higher rank representa
tions permit more powerful and more flexible reasoning, and also 
permit representations to be changed dynamically in the course 
of cognitive processing. 

The Rutherford analogy illustrates the point that creativity 
can depend on the representation of complex relations in an 

explicit form, that is accessible to other cognitive processes. 
Expertise brings with it the ability to use processing capacity, so 
that a physicist can represent complex relations such as orbital 
motion efficiently as chunks, using minimum processing capacity. 
However, the processes of chunking and segmentation do not 
remove the need to represent complex relations. The recognition 
of the analogy between the atom and the solar system would have 
necessitated representation of some complex relations in paral
lel. In our simulation, it depends on representing quaternary 
relations in parallel. 

Much less exalted cases of creativity require representation 
of relations in a similar way. When a 4 year old child is first 
working out how to cope wi th rnonotonic series, he has to use his 
representations creatively to develop efficient, reliable strategies 
and skills. If, for example, he notices that not only is his next 
oldest sibling taller than he is, but the oldest sibling is taller still, 
he has to work out some strategy or procedure for making reliable 
inferences about who is taller than whom. There is definite 
creativity in this performance, the fact that all normal human 
beings go through it notwithstanding. It is what Boden (1990) 
calls 'P-creative'. Our research (Halford, et aI., 1992; submitted) 
shows that such creativity depends on being able to represent 
relations with an appropriate degree of complexity. We suggest 
that development of strategies for transitive inference and serial 
order tasks requires ability to represent ternary relations in 
parallel. If the child can only represent binary relations, inad
equate strategies result. 

Conclusion 

We suggest that human' creativity depends on our ability to 
represent complex relations in parallel, in a way that is explicit 
and accessible to other cognitive processes. The kinds of 
relations required aredefined in termsofthe number of arguments, 
or number of separate, interacting components, that are related. 
The representations required are defined in terms of rank. The 
model can be neatly implemented in a PDP architecture, using 
tensor products, which enables many of the properties of each 
rank to be simulated. 

In less technical terms, creativity depends on having an 
adequate cognitive 'window' on sets of interacting processes. If 
a person or, more generally, a system cannot represent the 
relations between the relevant interacting processes, creative, 
non-routine, or non-algorithmic thought is not possible. 
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