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State of the ar t Modelling creativity

Y O U m ay alre a dy be foaming at 
the mouth. Mere ly reading the title
m ay have infuri ated yo u : ‘ Wh at

n o n s e n s e,’you may be thinking,
‘ C o m p u t e rs can’t re a l ly be cre at ive ! ’

We l l , m aybe they can’t. But that is 
a philosophical question we needn’t get 
into here. (For the re c o rd, I agree with 
yo u , though perhaps for large ly diffe re n t
reasons.) It needn’t detain us because it 
has nothing to do with the psych o l ogy of
c re at iv i t y.

If no computer can ‘ re a l ly ’ be cre at ive,
t h at ’s no more re l evant for psych o l ogi s t s
than the fact that no computer can re a l ly
u n d e rstand language, or re a l ly see. In other
wo rd s , our concern here is with ‘ we a k ’ , n o t
‘ s t ro n g ’ , a rt i ficial intelligence (AI) (Searl e,
1980). Wh e reas weak AI uses programs as
p s y ch o l ogical theori e s , s t rong AI cl a i m s
t h at psych o l ogical pro p e rties litera l ly ap p ly
to the AI models themselves. Computer
models of cre at ivity are of interest to
p s y ch o l ogists because, in effe c t , t h ey are
t h e o ries of va rious aspects of cre at iv i t y.

Just wh at are we talking
a b o u t ?
C re at ivity is not a special ‘ fa c u l t y ’ , nor 
a psych o l ogical pro p e rty confined to a 
t i ny elite. Rat h e r, it is a fe at u re of human
i n t e l l i gence in ge n e ral (Pe rk i n s , 1981). It
rests on eve ry d ay capacities such as the
a s s o c i ation of ideas, a n a l ogical thinking,
s e a rching a stru c t u red pro bl e m - s p a c e, a n d
re fl e c t ive self-cri t i c i s m .

AI models of cre at ivity both pre s u p p o s e
and confi rm that it is an inherent aspect of
i n t e l l i ge n c e. Th at is, t h ey invo l ve
( s i mu l ated) thought processes that are
i nvo l ved in ‘ n o n - c re at ive ’ models of
c ognition too.

All well and good — but wh at is
c re at ivity? Unless we are clear about that ,
we shan't be able to judge the success or
fa i l u re of AI models of it.

This question has no unive rs a l ly agre e d
a n swe r, not even among psych o l ogi s t s

( S t e rn b e rg, 1999). For our purp o s e s ,
h oweve r, l e t ’s define cre at ivity as the
ability to ge n e rate ideas or art e facts that 
a re nove l , s u rp ri s i n g, and va l u able —
i n t e re s t i n g, u s e f u l , f u n ny, beautiful …, e t c.
( From now on, I ’ll use ‘ i d e a ’ to incl u d e
both concepts and art e fa c t s . )

The wo rd ‘ n ove l ’ has two diffe re n t
senses here. The idea may be novel with
respect only to the mind of the indiv i d u a l
c o n c e rned or, so far as we know, to the
whole of human history. The ability to
p roduce the fi rst kind of novelties may be
called P-cre at ivity (P for psych o l ogi c a l ) ,
and the second, H - c re at ivity (H fo r
h i s t o ri c a l ) .

It is important to note that H-cre at iv i t y
implies ‘not prev i o u s ly thought of’ , but not
‘ wo rt hy of being re m e m b e red by future
ge n e rat i o n s ’ : not all H-cre at ive ideas have
a chance of entering the history books.

P - c re at ivity is the more fundamental
p h e n o m e n o n , of wh i ch H-cre at ivity is a
special case. This is true even of
‘ e n cy clopaedia entri e s ’ , people wh o s e
names are re m e m b e red because of their 
H - c re at iv i t y.

S u ch people are intri g u i n g, of cours e,
and a psych o l ogist may try to discover why
t h ey have more H-cre at ive ideas than the
rest of us (Gard n e r, 1993). But those H-
c re at ive ideas must (by definition) have
been P-cre at ive too. The basic
p s y ch o l ogical question, t h e n , is how
someone — anyone — can come up with
P - o ri ginal ideas at all.

It fo l l ows that we shouldn’t reject a
computer model of mu s i c, s ay, because ‘ I t
is no Beethove n ! ’ Neither are the rest of us.
No sensible psych o l ogist would try to

s t u dy Beethoven's compositional
t e chniques befo re studying lesser
c o m p o s e rs , i n cluding mere begi n n e rs. 
AI modellers must start with eve ry d ay 
P - c re at iv i t y, just as non-computat i o n a l
p s y ch o l ogists mu s t .

It fo l l ow s , t o o , t h at psych o l ogi s t s
s h o u l d n ’t focus ex cl u s ive ly on the 
H - c re at ivity of programs. Most AI models
of cre at ivity have come up with some 
H - n ovel ideas. And a handful have
p roduced H-novelties so highly valued by
people that they have been sold for go o d
m o n ey as art wo rks or awa rded patents (fo r
ideas not ‘ o bvious to a person skilled in the
a rt’). Examples include computer-
ge n e rated drawings and coloured image s ,
and a new design for a thre e - d i m e n s i o n a l
l ogic gate on a silicon chip. 

But the va l u ably H-cre at ive computers
need not be any more psych o l ogi c a l ly
i l l u m i n ating than the others : the underly i n g
thought processes are mu ch the same as in
the non-H-cre at ive cases.

The three types of cre at i v i t y
B ro a d ly speaking, t h e re are three ways in
wh i ch mental processes can ge n e rate new
ideas. In other wo rd s , t h e re are three fo rm s
of cre at iv i t y : c o m b i n at i o n a l , ex p l o rat o ry
and tra n s fo rm ational (Boden, 1 9 9 0 , 1 9 9 4 ) .

C o m b i n ational cre at ivity is the pro d u c t i o n
of novel (unfa m i l i a r, i m p ro b abl e )
c o m b i n ations of familiar ideas. Most of the
wo rk done on cre at ivity by ex p e ri m e n t a l
p s y ch o l ogists employs definitions wh i ch ,
though diffe ring from one another in detail,
focus on this fi rst type.

E ve ry d ay examples of combinat i o n a l
c re at ivity include the technique of collage
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in the visual art s , mu ch poetic image ry,
and many jokes (especially puns). A n o t h e r
example is analogy, wh e rein two new ly
a s s o c i ated ideas share some inhere n t
c o n c eptual stru c t u re; as, for instance, t h e
solar system and the atomic nu cleus and
e l e c t ro n s .

The second and third types of cre at iv i t y
d i ffer signifi c a n t ly from the fi rst. Th ey
d epend on the existence in the pers o n ’s
mind of an accepted style of thinking, o r
s t ru c t u red conceptual space, p i cked up fro m
some human culture. The ge n e ration of
n ovel ideas then invo l ves the ex p l o rat i o n ,
and sometimes the tra n s fo rm at i o n , of these
styles or conceptual spaces.

In ex p l o rat o ry cre at iv i t y, i n d iv i d u a l s
a c c ept the given rules and fo l l ow them.
Th ey may well arrive at places not visited
b e fo re (perhap s , not visited by anyo n e
b e fo re). But they take the style, o r
c o n c eptual space, for gra n t e d.

People may ex p l o re intellige n t ly,
seeking unseen limits or unsuspected
p o ckets of potential. Th ey may eve n
‘ t we a k ’ some of the superficial ru l e s ,
so as to re a ch places that — pedantically
speaking — we re inaccessible befo re. But
this is more like pulling aside a fl i m s y
c u rt a i n , to reveal places prev i o u s ly hidd e n
f rom view, than making a fundamental
ch a n ge in one’s current mental ge ograp hy.

E x p l o rat o ry cre at ivity is not to be
s n e e zed at. It provides a living for many
p e o p l e, i n cluding most pro fe s s i o n a l
s c i e n t i s t s , a rtists and jazz musicians. Such
people inherit a style of thinking from their
c u l t u re, and then search it, and perhap s
s u p e r fi c i a l ly tweak it, to ex p l o re its
c o n t e n t s , b o u n d a ries and potential.

E ven in ex p l o rat o ry cre at iv i t y, m a ny

s u rp rises are possibl e. Th ey are caused by
the re c ognition of prev i o u s ly unsuspected
s t ru c t u ral possibilities (‘Who would have
thought that this could have given rise to
t h at ? ’ ) .

The gre atest surp rises of all, h oweve r,
a re caused by tra n s fo rm ational cre at iv i t y.
People sometimes tra n s fo rm the accep t e d
c o n c eptual space, by altering or re m ov i n g
one (or more) of its dimensions, or by
a dding a new one. This enables ideas to be
ge n e rated that (re l at ive to that concep t u a l
space) we re prev i o u s ly impossibl e.

For ex a m p l e, S ch o e n b e rg dropped the
c o n s t raint of the home key (the key in
wh i ch a piece of music is wri t t e n ) , and in
so doing tra n s fo rmed his compositional
style from tonal to atonal mu s i c. A n d
Kekule tra n s fo rmed the space of orga n i c
ch e m i s t ry by conceptualising benzene as 
a ring molecule — a closed string of carbon
at o m s , with hy d rogen atoms at t a ched —
instead of a string molecule (like the
a l c o h o l s ) .

A new tra n s fo rm ation enables new types
of ex p l o ration. Chemists soon aske d, fo r
i n s t a n c e, whether the hy d rogen at o m s
might be replaced by hy d roxyl gro u p s , o r
amino gro u p s , or … In other wo rd s , t h ey
ex p l o red the space of the benze n e
d e rivat ive s .

Some tra n s fo rm ations are more
a dve n t u rous than others. Indeed, i t ’s not
a lways clear whether a particular concep t u a l
ch a n ge should be rega rded as an ex a m p l e
of tra n s fo rm ation or mere ex p l o rat o ry
t we a k i n g.

Substituting diffe rent chemical gro u p s
for the hy d rogen atoms was a less dra s t i c
t h e o retical ch a n ge than suggesting that the
basic ring-molecule itself might have at o m s

other than carbon in it or a number other
than six. Yet the latter conceptual ch a n ge,
t o o , was eve n t u a l ly made by chemists. In
some cases, t h e n , the line betwe e n
ex p l o ration and tra n s fo rm ation is not easy
to draw.

The more fundamental the
t ra n s fo rm at i o n , and the more fundamental
the dimension that is tra n s fo rm e d, the more
d i ffe rent the new ly - p o s s i ble stru c t u res will
b e. The shock of amazement at such
( p rev i o u s ly impossible) ideas is mu ch
gre ater than the surp rise aroused by mere
i m p ro b ab i l i t i e s , h owever unexpected they
m ay be. And this ‘ i m p o s s i b i l i s t ’s u rp rise is
felt by the ori gi n ator no less than the
o b s e rve r.

If the tra n s fo rm ations are too ex t re m e,
the re l ation between the old and new spaces
will not be ap p a rent. In such cases, the new
s t ru c t u res will be unintelligi bl e, and ve ry
l i ke ly re j e c t e d. Indeed, it may take some
time for the re l ation between the two spaces
to be re c ognised and ge n e ra l ly accep t e d.
( Think of the rejected impre s s i o n i s t
paintings in the Salon des Refusés, or the
disbelief that greeted the theory of tectonic
p l at e s , a c c o rding to wh i ch the eart h ’s
continents are mov i n g, and sometimes
sliding under each other. )

The stru c t u ral intri c a cy of (many )
c o n c eptual spaces, and the fuzzy boundary
b e t ween ex p l o ration and tra n s fo rm at i o n ,
i m p ly that we cannot always say with
c o n fidence whether a particular example 
of thinking is cre at ive or not. This doesn’t
m at t e r. Wh at ’s important is not trying to
s l ap an unequivocal label on eve ry
i n d ividual instance of thinking, bu t
u n d e rstanding the sorts of mental
c o m p l exity that often make such lab e l l i n g
p ro bl e m at i c.

C re at ivity is not an all-or- n o n e
phenomenon — nor even a continu o u s
s c a l e. An idea may be highly cre at ive in
one respect but conservat ive in others .

It fo l l ows that , in considering A I
m o d e l s , it is unlike ly to be helpful to ask
yes–no questions such as ‘Is this AI model
c re at ive, or isn’t it?’or even ‘Is this
p a rticular computer- ge n e rated idea cre at ive,
or not?’ R at h e r, one should ask whether —
and if so, wh e re — the program (or one 
of its ‘ideas’) fits into the theore t i c a l
t a x o n o my outlined here.

Wh at would count as computer
c re at i v i t y ?
If we have defined wh at cre at ivity is, t h e n
computer models should mat ch those
d e finitions. (Don’t fo rge t : we ’re talking
‘ weak A I ’t h roughout.) We should ex p e c t

Jazz m u s i c i a n s , such as Chick Cor e a , inherit a style of thinking from their culture, and then
ex p l o r e its contents, boundaries and potential



— or any way, hope — to find examples of
all three types.

But maybe our hope is doomed to
d i s ap p o i n t m e n t , at least in the third case? 
It seems obvious that computers could
combine their ideas, so as to come up 
with new combinations. It is perhaps less
o bvious that they could ex p l o re them. But
after all, why not?

If some style of thinking (some way of
m oving through a given conceptual space)
is provided by the progra m m e r, then the
p rogram could ap p ly it. It could then come
up with P-novel — even H-novel — ideas.

Wh at seems more diffi c u l t , not to say
i m p o s s i bl e, is for a program to tra n s fo rm
its style of thought. Sure ly, m a ny people
would say, this is a contradiction in term s .

As we ’ll see, t ra n s fo rm ation of a
c o n c eptual space is actually easy, for cert a i n
s o rts of computer model. Wh at is mu ch more
ch a l l e n ging is to get the program to re fl e c t
on its own re s u l t s , so as to eva l u ate the
n ew ly tra n s fo rmed ideas once they ’ve ari s e n .

Computer combinat i o n s
C o m b i n ational cre at ivity is studied in A I
by the many models of analogy, and by the
occasional joke - ge n e rating program. Th e
most interesting joke - ge n e rator is Kim
B i n s t e d ’s JAPE (Binsted & Ritch i e, 1 9 9 4 ;
B i n s t e d, 1996). This produces ri ddles of
nine sch e m atic fo rm s , i n cluding ‘ Wh at 
do you get if you cross an X with a Y ? ’ ,
‘ Wh at sort of X is a Y ? ’ and ‘ Wh at kind 
of X has Y ? ’

JAPE models the associat ive pro c e s s e s
re q u i red to ge n e rate these punning joke s .
S u ch processes are far from ra n d o m , a n d
d epend on know l e d ge of seve ral types:
l ex i c a l , s e m a n t i c, p h o n e t i c, o rt h ograp h i c,
s y n t a c t i c.

For instance, the program searches its
semantic netwo rk to find synony m s , cl a s s -
m e m b e rs h i p s , wo rds that sound the same
but differ in meaning, and even indiv i d u a l
phonemes that can be substituted to
a musing effect. These associat ive pro c e s s e s
e n abled it to come up with: ‘ Wh at do yo u
get when you cross a sheep with a
k a n ga roo? — A wo o l ly jumper’and ‘ Wh at
do you call a dep ressed train? — A low -
c o m o t ive.’

Binsted attempted a psych o l ogi c a l
va l i d ation in the sense that she ra n
ex p e riments to find out whether ch i l d re n
find JA P E ’s jokes funny, and how they
c o m p a re with human-ge n e rated ri dd l e s
(Binsted et al., 1997). Wh e reas only a few
JA P E - j o kes we re judged to be just as funny
as normal joke s , all of its cre ations we re
re c ognised as attempts at humour.

H oweve r, one shouldn’t be too
i m p ressed by this latter fi n d i n g. As Binsted
points out, it may imply not that eve ry
JA P E - j o ke seemed slightly amu s i n g, bu t
rather that even young ch i l d ren can
re c ognise ‘ Wh at do you get if you cross an
X with a Y ? ’ as a joke schema (so assume
t h at the speaker is at least trying to be
f u n ny ) .

It would be more difficult to va l i d ate 
the  concepts underpinning JAPE as a
p s y ch o l ogical theory. Binsted’s progra m
p rovides a detailed, and surp ri s i n g ly
c o m p l ex , t h e o ry of how these ‘ s i m p l e ’
j o kes could be pro d u c e d. One would 
need to design ex p e riments to test wh e t h e r
e q u ivalent associat ive pro c e d u res and
c o n s t raints occur in human heads.

As for analogy, most AI models
ge n e rate and eva l u ate analogies by
exploiting the progra m m e r ’s care f u l
p re s t ru c t u ring of the re l evant concep t s .

This guarantees that their similarity is
rep re s e n t e d, and makes it like ly that the
s i m i l a rity will be found by the progra m
( e. g. Fo r bus et al., 1 9 9 4 ) .

Douglas Hofstadter has criticised this
ap p ro a ch as being non-cre at ive on the part
of the progra m , and ve ry unlike human
p s y ch o l ogy to boot. His own AI models
e m p l oy a more fl ex i ble rep re s e n t ation of
c o n c ep t s , a l l owing a more unpre d i c t abl e
type of analogising (Hofstadter & FA R G,
1995). He claims that conceptual thinking
as such is cre at ive, since our concepts are
not fi xed stru c t u res but are ever ch a n gi n g
in re s p o n s e, for instance, to infl u e n c e s
f rom perc eption and memory. This is an
ex t reme ve rsion of the claim that cre at iv i t y
is a fundamental aspect of eve ry d ay human
t h i n k i n g.

E x p l o ration of prog ra m m e d
s p a c e s
C o n c eptual spaces, and ways of ex p l o ri n g
t h e m , can be described by computat i o n a l
c o n c epts. Indeed, t h e re are now quite a few
ex p l o rat o ry progra m s , e a ch of wh i ch
ge n e rates indefi n i t e ly many stru c t u res of 
a given style.

Examples include programs that design
Palladian villas, P ra i rie houses (i.e. in the
style of Frank Lloyd W ri g h t ) , b a ro q u e
f u g u e s , m o d e rn jazz, d rawings of acro b at s ,
s t o ry - p l o t s , 3-D silicon ch i p s , or ch e m i c a l
molecules (Boden, 1 9 9 0 , 1999). All these
designs are P-cre at ive, and many are 
H - c re at ive too.

By defi n i t i o n , to call an idea cre at ive 
is to say that it is va l u able to some degre e.
But this degree may be pretty small.
H oweve r, some of these computer cre at i o n s
a re in fact highly va l u e d.

S eve ral cre ations have been pat e n t e d
( L e n at , 1983). One of the H-new Pra i ri e
house designs was used to build an
ex p e n s ive private residence (Koning &
E i ze n b e rg, 1981). And the acro b at -
d rawings have been exhibited and sold 
all over the wo rld (Cohen, 1 9 9 5 ) .

To develop an AI model of ex p l o rat o ry
c re at ivity usually re q u i res considerabl e
domain ex p e rtise — in arch i t e c t u re, mu s i c,
ch e m i s t ry … wh at eve r. Not only does the
p a rticular style (the conceptual space) have
to be specifi e d, but pro c e d u res for mov i n g
t h rough it — and, p e r h ap s , for tweaking it
too — have to be detailed also.

Consider musical composition, fo r
i n s t a n c e. A human musician has to learn
the cultura l ly re l evant sound source (e. g.
the mediaeval modes, or the we l l - t e m p e re d
scale) and compositional style (baroque or
j a z z , o rat o rio or fugue). In the same way, a
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music program has to be provided with —
or learn for itself — data stru c t u res and
ge n e rat ive processes that re flect a part i c u l a r
type of music (Cope, 1991). Th e n , it can
compose in that style.

To be sure, a progra m ’s ‘ M o z a rt i a n ’
compositions may sound like pastiches of
M o z a rt , or at best like Mozart on an off -
d ay. But many human musicians earn their
l iving by doing no better.

If the stru c t u re of the re l evant style is
s at i s fa c t o ri ly defi n e d, this itself will have
some psych o l ogical re l evance — if only by
identifying constraints on human thinking.
The modelling exe rcise may help us to
d e fine prev i o u s ly unsuspected constra i n t s .
Fo r, as in other areas of psych o l ogy, a
c o m p u t ational ap p ro a ch can ri go ro u s ly 
test whether our current theory re a l ly is
a d e q u ate to ge n e rate or predict all the
b e h aviour we have in mind.

For ex a m p l e, do ‘the rules of fugue’
re a l ly suffice to cap t u re all fugues? A go o d
way of finding out is to program them, a n d
see wh at does — and doesn’t — re s u l t
f rom the progra m ’s own ex p l o rations of 
the space defined by these ge n e rat ive ru l e s .

Style stru c t u res aside, ex p l o rat o ry
p rograms differ in the extent to wh i ch 
their ex p l o rat o ry pro c e d u res are attempts 
to parallel human psych o l ogy. For instance,
D e ep Blue — the ch e s s - p l aying progra m
t h at beat wo rld champion Gary Kasparov
in 1997 — relies mostly on brute fo rc e
lookahead; wh e reas Harold Cohen’s (1995)
l i n e - d rawing program A A RON embodies
p rinciples of graphic design that he
b e l i eves to underlie his own wo rk as a
p ro fessional artist. Whether he is correct 
in his belief is, of cours e, another question:
to program a theory is not to va l i d ate it
e m p i ri c a l ly.

Most AI models of ex p l o rat o ry
c re at ivity are no more than that : t h ey fo c u s
o n ly on defining and ex p l o ring concep t u a l
spaces. Their ex p l o rat o ry pro c e d u res may
(although usually do not) allow for highly
c o n s t rained tweaking of superfi c i a l
dimensions of the space. But no
fundamental novelties or tru ly shock i n g
s u rp rises are possibl e.

This is tru e, for instance, of the
BACON fa m i ly of programs deve l o p e d
( l a rge ly by Herb Simon, one of the
p i o n e e rs of computational psych o l ogy) to
model scientific discove ry (Langley et al. ,
1987). Their heuristics for ge n e rat i n g
p romising P-novel theories are care f u l ly
p re - p rogra m m e d, and their data are
d e l i b e rat e ly pre s t ru c t u red so as to suit the
h e u ristics prov i d e d.

Th e re have been some surp rises. One of

the programs came up with a nove l
fo rmu l ation of a we l l - k n own law of
ch e m i s t ry, for ex a m p l e. But fundamental
ch a n ge s , or shocking novelties? — No,
n eve r.

AI tra n s fo r m at i o n s
A few current AI systems, h oweve r, at t e m p t
to tra n s fo rm — not just ex p l o re — their
c o n c eptual space, s o m e t i m e s in re l at ive ly
u n c o n s t rained way s . The most intere s t i n g
examples are progra m s based on ge n e t i c
a l go rithms (GAs). Some of these have
p roduced valued stru c t u res that the
‘ g u i d i n g ’ humans say they could neve r
h ave produced unaided.

A GA enables a program to alter its
own task-re l evant rules at random. (Th e
a l t e rations are comparable to the types of
mu t ation that occur in biological ge n e t i c s ,
hence the name.) The ‘ s o l u t i o n s ’t h at re s u l t
f rom the new ly altered rules will be
u n p re d i c t abl e, and some more sat i s fa c t o ry
than others .

Ty p i c a l ly, the GA program also incl u d e s
a u t o m atic eva l u ation pro c e d u res that can
identify the best solutions in the curre n t
b at ch. The rule sets that ge n e rated those
solutions are then used as the ‘ p a re n t s ’o f
the next ge n e ration. This selective pro c e s s
is rep e at e d, p e r h aps thousands of times.
The progra m ’s ability to perfo rm its task
gra d u a l ly evo l ve s , a c c o rd i n g ly.

Most GA programs only ex p l o re a pre -
given pro bl e m - s p a c e, seeking the optimal
l o c ation within it. For instance, t h ey may
t ry to find the most efficient way of sort i n g
a set of wo rds into alphabetical ord e r. Th e
d e s i red solution — a unique alphab e t i c a l ly
o rd e red list — is specifi able from the start ,
and wh at the program has to do is to
ex p l o re the space of possible rules so as 
to find a way of re a ching it. But some GA
p rograms also t ra n s fo rm their ge n e rat ive
m e chanism in a more or less fundamental
way.

O n ly re l at ive ly superficial tweaking 
of the conceptual space is allowe d, fo r
i n s t a n c e, in a GA program for computer
graphics developed by the sculptor Wi l l i a m
L atham (To dd & Lat h a m , 1992). Lat h a m ’s
evo l u t i o n a ry program produces a host of
c o l o u red 2-D images of complicated 3-D
fo rm s .

These image s , although nove l , cl e a rly
belong to the same fa m i ly as those wh i ch
went befo re. In this case, the eva l u ation 
is done not by the system itself but by 
a human being. Latham (or a visitor to 
his lab o rat o ry) selects the most intere s t i n g
i m ages at each ge n e rat i o n , and these are
then used to breed the nex t .

The image - ge n e rating rules ch a n ge at
random rep e at e d ly. But because Lat h a m
a l l ows only superficial ch a n ges (add i n g
m o re horns to the object’s surfa c e, fo r
i n s t a n c e, or ch a n ging the number of spira l s
in a horn) the resulting images all have a
clear fa m i ly re s e m bl a n c e. Latham is hap py
with this because his aim is to ex p l o re the
potential of a class of 3-D fo rms that he, a s
a pro fessional art i s t , finds aesthetically
va l u abl e. He there fo re avoids fundamental
t ra n s fo rm at i o n s , wh i ch would result in
ra d i c a l ly diffe rent image s .

Another GA graphics progra m , i n
c o n t ra s t , has mu ch gre ater tra n s fo rm at i o n a l
p ower (Sims, 1991). Unlike Lat h a m , K a rl
Sims allows the ve ry heart of the image -
ge n e rating code to be lengthened and
c o m p l ex i fi e d. For ex a m p l e, one progra m
m ay be (ra n d o m ly) nested inside another,
and that one inside another … and so on.

S u p e r ficial ch a n ges can happen too, o f
c o u rs e. But because deeper (more
a dve n t u rous) ch a n ges often occur, t h e
n ovel images may bear no fa m i ly
re s e m blance even to their parents — 
still less to their more remote ancestors .

B ro a d ly similar techniques have been
e m p l oyed in evo l u t i o n a ry ro b o t i c s , i n
wh i ch certain aspects of the robots are not
p redesigned by human roboticists but are
a u t o m at i c a l ly evo l ved on a computer. So
GAs have been used to evo l ve nove l
s e n s o ry-motor anatomies and contro l
systems (neural netwo rk ‘ b rains’). Like
S i m s ’s system, these GAs allow the length
of the ‘ ch ro m o s o m e s ’ to be altered (Cliff 
et al., 1993). In other wo rd s , t h ey are not
c o n fined to a pre d e fined pro bl e m - s p a c e.

Of cours e, the pro blem-space of these
t ra n s fo rm ational GAs is not all-incl u s ive :
neither Sims’s program nor the evo l v i n g
robot will end up singing the nat i o n a l
anthem. Neve rt h e l e s s , t h ey cannot be
d e s c ribed as ex p l o ring a pre d e fi n e d,
p reb o u n d e d, s p a c e. Th ey constantly
t ra n s fo rm the space, and in so doing they
t ra n s fo rm the potential for ex p l o rat i o n .

Could computers have va l u e s ?
One reason why most AI models of
c re at ivity attempt only ex p l o rat i o n , n o t
t ra n s fo rm at i o n , is that ch a n ge is ri s ky. 
A tra n s fo rmed space may pro d u c e
s t ru c t u res of no interest. This wo u l d n ' t
m atter if the p rogram could eva l u ate the new
c o n s t ru c t i o n s , and drop (or amend) them
a c c o rd i n g ly. At pre s e n t , this is ve ry ra re ly so.

E ven ex p l o rat o ry progra m s , wh o s e
c re ations are not ra d i c a l ly nove l , ra re ly
eva l u ate their own ideas. The pro blem is
not that ‘ C o m p u t e rs can’t have va l u e s ! ’ —
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fo r, re m e m b e r, we have weak AI in mind
h e re. The pro bl e m , rat h e r, is how to specify
values and self-critical pro c e d u res cl e a rly
enough for them to be implemented.

Most computer eva l u ation today is
a ch i eved implicitly, by defining a cultura l ly
a c c epted conceptual space so successfully
t h at any stru c t u re ge n e rated will be
va l u abl e. The acro b at - d rawing progra m
( C o h e n , 1995) and the space-grammar 
for ge n e rating Pra i rie houses (Koning &
E i ze n b e rg, 1 9 8 1 ) , for instance, n eve r
p roduce aesthetic or arch i t e c t u ral nonsense.
M o re ove r, eve ry design they produce is
a e s t h e t i c a l ly accep t able to people.

Th at degree of success is not true of 
the program focused on Palladian villas
( H e rs ey & Fre e d m a n , 1992). Gra n t e d, i t
has produced many accep t ably Pa l l a d i a n
d e s i g n s , i n cluding some that mat ch
instances of Pa l l a d i o ’s wo rk. But it has 
also produced arch i t e c t u ral nonsense of
va rious kinds.

E x p l o rat o ry progra m s , t h e n , can do
without explicit values and self-criticism if
the conceptual spaces (and ways of mov i n g
t h rough them) are suffi c i e n t ly well defi n e d.
But stru c t u res ge n e rated within
t ra n s fo rmed spaces will have new fe at u re s
t h at may not fit the previous cri t e ri a .

The ultimate vindication of AI cre at iv i t y
(still in the weak AI sense) would be a
p rogram whose H-novel ideas initially
p e rp l exed us, but wh i ch could persuade us
t h at they we re indeed va l u abl e. This wo u l d
i nvo l ve showing us how the new stru c t u re s
we re re l ated to previous ones, and perhap s

s h owing how values alre a dy accepted in
other areas could find analogies in the new
o n e. This is possible in principle — bu t
d o n ’t hold your bre at h !

Wh at about psychodynamics?
The psych o l ogy of cre at iv i t y, of cours e,
i n cludes its motivational and emotional
aspects. These are crucial in ex p l a i n i n g
why some of us seem more cre at ive than
o t h e rs (Pe rk i n s , 1981; Gard n e r, 1 9 9 3 ) .
Th e re are two reasons why I've said
nothing about them.

Fi rs t , c og n i t ive questions about how
n ew ideas can arise from old ones are
i n t e resting irre s p e c t ive of the
p s y ch o dynamics. (Th at ’s not to deny that
d i ffe rent emotions may bias the cog n i t ive
system to come up with diffe rent ideas —
e n c o u raging diffe rent paths thro u g h
a s s o c i at ive memory, for instance. )

S e c o n d, t h e re are at present no

p s y ch o l ogi c a l ly interesting computer
models of the motivat i o n a l – a ffe c t ive
aspects of cre at iv i t y. Th e re are some
p rograms that compose music perc e ived 
by people as hap py, s a d, and so on …
( R i e cke n , 1992). But this is done by
adjusting musical para m e t e rs (key, t e m p o ,
e t c.) so as to arouse the re l evant emotion 
in human listeners. It is not done by
making the program itself sad — more
a c c u rat e ly : by making it simu l ate the
p s y ch o l ogical stru c t u re of sadness — so
t h at it composes mournful mu s i c.

Th e re is, h oweve r, a promising ske t ch
of a computational theory (and some
p re l i m i n a ry implementations) of how
emotions can arise in a mu l t i - m o t ive mind,
and of how they can influence cog n i t i o n
( S l o m a n , 1987; W right et al., 1996). A a ro n
S l o m a n ’s group does analyse the stru c t u re
of sadness: t h ey have offe red a
c o m p u t at i o n a l ly info rmed (though not
implemented) analysis of the psych o l ogy
of gri e f.

If some future program we re to be
designed with this theory of grief as its
b a s e, and we re also provided with
compositional ab i l i t i e s , it could compose
m o u rnful music because, at the time, it 
was simu l ating sadness.

But aga i n : d o n ’t hold your bre at h .
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P h i l o s o p hy and Psych o l ogy in the Sch o o l
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