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Abs t rac t 

This paper' proposes a new approach to mental imagery 
tha t  ha s th e potentia l  fo r  resolvin g a n ol d debate .  W e 
sho w tha t  th e method s b y whic h fractal s emerg e fro m 
dynamica l  system s provid e a  natura l  computationa l 
framewor k fo r  th e relationshi p betwee n th e "deep "  rep -
resentation s o f  long-ter m visua l  memor y an d th e "sur -
face "  representation s o f  th e visua l  array ,  a  distinctio n 
whic h wa s propose d b y (Kosslyn ,  1980) .  Th e concep t  o f 
an iterate d functio n syste m (IFS )  a s a  highl y compresse d 
representatio n fo r  a  comple x topologica l  se t  o f  point s i n 
a metri c spac e (Bamsley ,  1988 )  i s embedde d i n a  con -
nectionis t  mode l  fo r  menta l  imager y tasks .  T w o advan -
tage s o f  thi s approac h ove r  previou s model s ar e th e 
capabilit y  fo r  topologica l  transformation s o f  th e images , 
and th e continuit y o f  th e dee p representation s wit h 
respec t  t o th e surfac e representations . 

T h e I m a g e r y D e b a t e 

The phenomena of mental imagery is widely disputed 
among cognitiv e scientist s primaril y becaus e i t  occupie s 
a positio n i n th e boundar y betwee n perceptio n an d cog -
nition .  O n th e on e hand ,  menta l  image s see m t o b e 
purel y symboli c structura l  description s tha t  ar e indepen -
dent  o f  an y perceptua l  mechanisms .  I n thi s wa y image s 
ar e n o differen t  from  an y othe r  knowledg e structure s an d 
therefor e requir e n o specia l  purpos e mechanisms ,  bu t 
ca n b e reasoned  abou t  an d operate d o n i n th e traditiona l 
propositiona l  fashion .  O n th e othe r  hand ,  menta l  image s 
see m t o b e represented  b y a  special-purpos e cognitiv e 
architectur e tha t  share s component s wit h th e visua l  per -
ceptua l  system .  Unde r  thi s approach ,  additiona l  mecha -
nism s mus t  b e propose d fo r  inspecting ,  transforming , 
and reasoning  abou t  images ,  providin g a  mean s fo r 
translatin g betwee n purel y symboli c representation s an d 
th e "visua l  buffer" . 

Thi s latte r  vie w tha t  menta l  imager y i s performe d i n 
an analogue ,  "pictorial "  mediu m bega n t o regain  accep -
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tanc e i n th e earl y 1970 s a s a  result  o f  empirica l  studie s 
whic h indicate d bot h tha t  menta l  imager y belong s t o a 
differen t  modalit y tha n languag e an d tha t  ther e ar e cog -
nitiv e task s i n whic h menta l  imager y i s brough t  int o pla y 
when symboli c reasoning  an d explici t  knowledg e i s 
iasufficien t  fo r  solvin g th e problem . 

As a n exampl e o f  th e former ,  a n experimen t  designe d 
by Le e Brook s (Brooks ,  1968) ,  require d subject s t o 
imagin e a  bloc k lette r  an d report  whethe r  successiv e cor -
ner s wer e a t  th e extrem e to p o r  botto m o f  th e letter .  Th e 
experimen t  showe d tha t  visuall y oriente d responses  (i.e. , 
pointin g t o th e letter s Y  o r  N )  too k longe r  tha n verba l  re-
sponse s (sayin g 'yes '  o r  'no' )  implyin g tha t  th e visua l 
response  tas k wa s interferin g wit h th e imager y task .  I n a 
simila r  experimen t  (als o Brooks ,  1968) ,  h e aske d th e 
subject s t o report  whethe r  successiv e word s i n a  sen -
tenc e wer e nouns .  I n thi s case ,  verba l  responses  wer e 
slowe r  tha n visuall y oriente d responses.  Brooks '  conclu -
sio n wa s tha t  menta l  imager y i s distinc t  fro m verba l  pro -
cesses ,  an d share s processin g resources  wit h th e visua l 
perceptua l  system . 

The mos t  famou s experimen t  illustratin g th e latte r 
was performe d b y Roge r  Shepar d an d Jacquelin e Met -
zle r  o n th e menta l  rotatio n (Shepar d &  Metzler ,  1971) . 
W h en presente d wit h pain s o f  drawing s o f  thre e dimen -
siona l  shape s a t  differin g orientation s tha t  wer e eithe r 
identica l  o r  mirro r  images ,  th e subject s wer e t o report 
whethe r  th e object s ha d th e sam e shape ,  independen t  o f 
any differenc e i n orientation .  The y foun d tha t  th e re-
spons e time s varie d Unearl y wit h th e differenc e o f  angu -
la r  rotatio n o f  th e objects ,  whic h implie d tha t  th e 
subject s wer e performin g a  sor t  o f  "menta l  rotation "  i n 
orde r  t o solv e th e problem . 

Althoug h extensiv e contribution s hav e bee n mad e b y 
many researchers  t o th e theor y o f  analogu e imager y (se e 
Finke ,  1989 ;  Chandrasekara n &  Narayanan ,  1990 ;  lye , 
1991) ,  mos t  o f  it s essentia l  qualitie s hav e bee n iiKorpo -
rate d int o a  singl e framework  describe d b y Stephe n Ko -
ssly n (Kosslyn ,  1981 ;  Kosslyn ,  1980) .  Th e primar y 
notio n i n Kosslyn' s theor y i s tha t  th e representations  o f 
menta l  image s ar e quasi-pictorial ,  o r  "picture-like" .  Thi s 
means tha t  i n som e wa y th e representation  preserve s 
some o f  th e topologica l  o r  spatia l  propertie s o f  th e ob -
ject s bein g represented,  b y embeddin g thes e relation-
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ship s i n th e architectura l  an d hinctiona l  med iu m o f  th e 
representationa l  mechanism .  Kossly n essentiall y  recog -
nize s tw o structura l  component s an d tw o kind s o f  pro -
cesse s i n an y encodin g system .  Th e constructs ,  whic h h e 
call s th e representatio n an d th e medium ,  ar e dm a struc -
ture s wit h th e mediu m servin g a s a  hos t  t o Ui e represen -
tation .  Fo r  example ,  w h e n a  circula r  queu e i s 
implemente d i n a  compute r  progra m a s a n >irray ,  th e ar -
ra y i s th e mediu m i n whic h th e queu e i s represented .  I t  i s 
als o importan t  t o not e tha t  th e wor d "representation "  i s 
bein g use d t o denot e bot h th e entir e encodin g syste m an d 
th e dat a structur e fo r  a  specifi c  object ,  th e usag e bein g 
determine d fro m context .  Th e processe s whic h operat e 
withi n th e encodin g system s ar e eithe r  fo r  makin g com -
parison s betwee n repre.sentations ,  o r  part s o f  representa-
tions ,  o r  fo r  transformin g the m i n variou s way s 
(includin g th e generatio n o f  ne w representations  i n plac e 
of  ol d ones) . 

As i n th e distinctio n betwee n soun d an d meanin g i n 
language ,  ther e i s a  distinctio n betwee n imag e an d 
meanin g i n menta l  imagery .  Indeed ,  Kossly n borrowe d 
th e linguists '  term s swfac e an d dee p representations  t o 
caphir e thi s dichotomy .  Surfac e representations  ar e th e 
analogue ,  pictoria l  image s whic h w e attribut e t o th e 
"mind' s eye" .  Dee p representation s ar e lon g ter m (sym -
bolic )  memorie s tha t  ca n b e use d t o "display "  image s o n 
th e visua l  buffer ,  whic h serve s a s th e viewin g scree n fo r 
th e mind' s eye .  Th e visua l  buffe r  i s  analogou s t o th e 
memory a  compute r  use s t o stor e a  bitma p fo r  it s displa y 
monitor .  Thi s memor y serve s a s Afunctiona l  coordinat e 
space ,  sinc e whil e th e mappin g fro m th e bit s t o th e pix -
el s mus t  preserv e th e coordinates—whic h mus t  als o b e 
respected  b y an y processe s accessin g th e structure — 
ther e i s n o constrain t  tha t  th e individua l  bit s b e physical -
l y contiguous . 

Althoug h th e natur e o f  th e surfac e representations 
has bee n specifie d i n grea t  detai l  i n Kosslyn' s model ,  th e 
detail s o f  th e dee p representations  hav e no t  bee n a s wel l 
developed .  Th e theor y suggest s tw o type s o f  dee p repre -
sentatio n fo r  visua l  images ,  calle d litera l  an d proposi -
tional .  Th e litera l  representations  ar e intende d t o consis t 
of  informatio n abou t  wha t  a n objec t  looke d like ,  withou t 
any reference  t o coordinat e spaces ,  bu t  Kossly n ha s bee n 
unabl e t o formulat e a n appropriat e representation  an d 
mediu m tha t  i s relevant  t o th e theory : 

" We hav e no t  a s ye t  mad e an y stron g claim s 
abou t  th e precis e forma t  o f  th e underlyin g lit -
era l  encodings. "  (Kosslyn ,  1981 ) 

The prepositiona l  encoding s ar e simpl y assertion s use d 
t o describ e th e propertie s an d feature s o f  a n object , 
whic h presumabl y ca n b e manipulate d b y mechanize d 
logic .  Thes e representations  ar e governe d b y synta x 
drive n rule s fo r  interpretatio n an d manipulatio n tha t  ar e 
independen t  o f  th e semantic s o f  thei r  values .  Th e inter -
pretatio n o f  a  representation  i s base d o n th e truth-valu e 
assigne d t o i t  unde r  thes e rules . 

Zeno n Pylyshy n ha s bee n th e mos t  voca l  opponen t  o f 
th e analogu e approac h t o menta l  imager y (Pylyshyn , 

1981 ;  Pylyshyn ,  1973) .  However ,  rathe r  tha n suggestin g 
an alternative ,  n e w theory ,  Pylyshy n question s th e neces -
sit y o f  abandonin g th e traditiona l  theor y o f  cognitiv e 
processin g a s a  physica l  symbo l  syste m o f  functiona l  ar -
chitectures : 

"In my view, however, the central theoretical 
questio n i n thi s controvers y i s whethe r  th e ex -
planatio n o f  certai n imager y phenomen a re-
quire s tha t  w e postulat e specia l  type s o f 
processe s o r  mechanisms ,  suc h a s one s com -
monl y referre d t o b y th e ter m analogue... . 
whethe r  certai n aspect s o f  cognition ,  generall y 
(thoug h no t  exclusively )  associate d wit h imag -
ery ,  ough t  t o b e viewe d a s governe d b y taci t 
kno w ledge.. .  o r  whethe r  the y shoul d b e viewe d 
as intrinsi c propertie s o f  certai n representation-
al  medi a o r  o f  certai n mechanism s tha t  ar e no t 
alterabl e i n nomologicall y arbitrar y way s b y 
taci t  knowledge. "  (Pylyshyn ,  1981 ) 

I n orde r  t o substantiat e hi s feelin g tha t  th e answe r  t o th e 
firs t  questio n i s 'no, '  Pylyshy n attack s th e analogu e posi -
tio n o n tw o fronts. 

Th e firs t  attac k consist s o f  severa l  specifi c  criticism s 
of  th e Kossly n model .  H e claim s tha t  a  theor y ca n no t 
serv e a s a  principle d o r  constraine d accoun t  o f  menta l 
imager y i f  i t  i s no t  substantiv e (explanatory) ,  o r  i f  i t  i s a d 
hoc ,  o r  i f  i t  ha s to o man y degree s o f  freedom  (fre e pa -
rameters) .  H e assert s tha t  th e analogu e theor y fail s  o n al l 
thre e counts .  H e doe s no t  clai m tha t  th e analogu e posi -
tio n i s wron g i n principle ,  bu t  simpl y tha t  non e o f  th e 
theorie s advance d s o fa r  hav e satisfie d th e condition s 
necessar y fo r  a  principle d account .  Th e cru x o f  th e fail -
ur e o f  Kosslyn' s model ,  a s h e see s i t  i s  expresse d i n th e 
followin g quot e from  (Pylyshyn ,  1981) : 

"Cognitive principles such as those invoked by 
[Kosslyn ]  woul d onl y b e theoreticall y substan -
tiv e (i.e. ,  explanatory )  i f  the y specifie d (a )  h o w 
i t  wa s possibl e t o hav e forma l  operation s tha t 
had th e desire d semanti c generalizatio n a s thei r 
consequence—tha t  is ,  h o w on e coul d arrang e a 
forma l  representatio n an d operation s upo n i t  s o 
tha t  smal l  step s i n th e forma l  representations 
corresponde d t o smal l  step s i n th e represented 
doma in—an d (b )  w h y thes e particula r  opera -
tions ,  rathe r  tha n som e othe r  one s tha t  coul d 
als o accomplis h th e task ,  shoul d b e used... " 

Th e secon d front  o n whic h Pylyshy n attempt s t o un -
dermin e analogu e imager y system s i s parsimony .  Eve n 
th e phrasin g o f  th e questio n quote d a t  th e beginnin g o f 
thi s sectio n betray s hi s belie f  tha t  a s lon g a s a  proposi -
tiona l  attitud e ca n accoun t  fo r  al l  o f  th e empirica l  evi -
denc e o n menta l  imagery ,  tha t  t o advanc e a  theor y 
requiring  specialize d mechanism s violate s Occam' s Ra -
zor .  Afte r  all ,  Pylyshy n migh t  say ,  i f  physica l  symbo l 
system s hav e succeede d i n explainin g thi s m u c h o f  cog -
nitio n already ,  the n th e simples t  thin g woul d b e i f  the y 
coul d d o th e whol e job . 

To provid e a n exampl e o f  th e erro r  tha t  Pylyshy n 
perceive s i n th e analogu e viev^oint ,  h e briefl y discusse s 
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th e scannin g experiment s Kossly n perfonne d wit h hi s 

colleague s i n th e 1970* s (se e Kosslyn .  1980) .  Th e result s 
of  thes e experiment s showe d tha t  th e furthe r  awa y fro m 
th e curren t  poin t  o f  focu s i n a n imag e a  targe t  objec t 
was,  th e longe r  i t  too k t o refocu s o n th e target .  Pylyshy n 
admit s tha t  thi s i s  clea r  evidenc e tha t  inter-objec t  dis -
tance s ar e represented  i n menta l  images .  However ,  h e 
balk s a t  th e conclusio n tha i  thi s impUe s ilia t  th e image s 
hav e spatia l  extent .  H e argue s her e fo r  a  distinctio n be -
twee n "having "  an d "representing "  dimensio n o r  size . 
Once thi s distinctio n i s recognized,  h e insists ,  th e argu -
ment  o f  th e previou s paragrap h become s perfectl y natu -
ral . 

Th e Dynamica l  System s Roa d t o Parsimon y 

The di.scovery within the last thirty years that non-linear 
dynamica l  system s ar e capabl e o f  exhibitin g determinis -
ti c bu t  unpredictabl e behavio r  an d o f  generatin g fasci -
natin g image s ha s sen t  a  reverberating  ripple  throug h th e 
physica l  science s tha t  caugh t  th e attentio n o f  worl d (Gle -
ick ,  1987) .  A s tool s hav e begu n t o emerg e ove r  th e las t 
thre e decade s fo r  analyzing ,  controlUn g an d understand -
in g non-linea r  systems ,  th e tabo o agains t  thes e non-lin -
earitie s ha s diminished ,  openin g th e door s fo r  a  broade r 
clas s o f  th e scieiKe s t o assimilat e dynamica l  modellin g 
int o thei r  theories . 

As constituent s o f  th e physica l  universe ,  i t  i s obviou s 
tha t  brain s ar e subjec t  t o physica l  la w an d th e passag e o f 
time ,  bu t  i t  wa s no t  clea r  unti l  ver y recenUy  tha t  ther e 
was anythin g t o b e gaine d b y viewin g cognition ,  an d it s 
variou s elements ,  fro m th e physica l  perspective .  Fo r  ex -
ample ,  th e earlies t  us e o f  dynamica l  system s a s explana -
tor y tool s fo r  cognitiv e function s cam e fro m 
neuroscientifi c  research ,  suc h a s th e wor k o f  Walte r 
Freema n o n E E G s o f  th e olfactor y bul b (Freeman ,  1979 ; 
Skard a &  Freeman ,  1987) .  I n th e las t  decad e dynamica l 
system s hav e bee n applie d t o coordinate d behavio r 
(Kels o &  Scholz ,  1985 ;  Jordan ,  1986) ,  decisio n process -
es (Ushe r  &  Zakay ,  1990) ,  languag e acquisitio n (Pol -
lack ,  1991 ;  va n Gert ,  1991 )  an d severa l  othe r  aspect s o f 
cognitiv e an d perceptua l  processing . 

Th e earUes t  inspiration s fo r  ou r  curren t  mode l  ca n b e 
trace d bac k t o a  researc h pla n presente d i n (Pollack , 
1989 )  i n whic h i t  wa s propose d tha t  i t  i s withi n th e inter -
sectio n o f  A I ,  Neura l  Networks ,  Fracta l  Geometr y an d 
Chaoti c Dynamica l  System s tha t  variou s conundrum s 
fo r  cognitiv e scienc e wil l  b e resolved .  I n thi s wor k th e 
relationship  betwee n fractal s an d memorie s wa s pro -
posed : 

"Conside r  somethin g lik e th e Mandelbro t  se t  a s 
th e basi s fo r  a  reconstructive  memory .  Rathe r 
tha n storin g al l  pichjres ,  on e merel y ha s t o stor e 
th e 'pointer '  t o a  picture ,  and ,  wit h th e hel p o f  a 
simpl e functio n an d larg e computer ,  th e pictur e 
ca n b e retrieved...." 

A reconstructive  m e m o r y base d upo n fractal s wil l  re-
quir e a  solutio n t o th e "ftacta l  inversion "  problem :  give n 

a pictur e withi n th e generativ e rang e o f  som e dynamica l 
system ,  determin e th e precis e parameter s tha t  woul d 
caus e th e dynamica l  syste m t o generat e it .  Althoug h a 
ver y har d proble m i n general ,  a  mathematicia n claim s t o 
hav e solve d i t  usin g th e technique s o f  "Iterate d Functio n 
Systems "  (IFSs )  (Bamsley ,  1988)^ ,  I n thi s approadi ,  th e 
•pointer '  referred  t o i n th e abov e quot e woul d b e a  singl e 
poin t  i n a  multi-dimensiona l  spac e o f  IF S parameters . 
Althoug h IFS s hav e primaril y received  attentio n fo r  thei r 
compac t  representation  o f  visuall y comple x tw o dimen -
siona l  set s (fractals) ,  Bamsley' s results  ca n b e extende d 
t o mor e classica l  Euclidea n sets ,  o r  eve n t o thre e dimen -
sions .  Thi s framework  provide s a  stron g mathematica l 
and parsimoniou s foundatio n fo r  ou r  contributio n t o di e 
imager y debate . 

Fracta l  M e m o r y ( F R A M E ) 

We have been developing a prototype reconstructive 
memory syste m base d o n fractals,  CiiUe d F R A M E.  Ou r 
encodin g syste m fo r  image s i s derive d from  Bamsley' s 
wor k o n IFS s an d i s  commensurat e wit h Kosslyn' s 
dichotom y o f  dee p an d surfac e level s o f  description .  Th e 
dee p representation  o f  a n imag e i s a  smal l  se t  o f  contrac -
tiv e afhn e transform s (i.e. ,  linea r  functions ,  eac h o f 
whic h map s th e domai n t o on e o f  it s  subsets )  ove r  a  met -
ric  spac e (e.g .  th e Euclidea n plane) .  Th e surfac e repre-
sentatio n i s th e attracto r  (i.e. ,  fixed  point )  o f  th e 
functiona l  unio n o f  thi s  set ,  an d ca n b e constnicte d from 
th e trajector y o f  a  singl e poin t  i n th e metri c spac e 
throug h rando m selectio n an d applicatio n o f  th e trans -
forms .  W e hav e show n tha t  ou r  sequentia l  cascade d net -
work s (SCNs) ,  whic h ar e mathematicall y simila r  t o 
IFSs ,  wil l  exhibi t  stat e trajectorie s wit h complex ,  fracta l 
propertie s whe n randoml y stimulated ,  indicatin g tha t  a 
simpl e neura l  mode l  ca n instantiat e th e mathematica l 
theor y o f  iterate d function s (Pollack ,  1991 ;  fo r  anothe r 
approach ,  se e Stark ,  1991) . 

Whil e th e image s from  IFS s ar e generall y though t  o f 
as th e result  o f  a  rando m infinit e sequentia l  process ,  thi s 
iterativ e proces s i s extremel y amenabl e t o massiv e paral -
lellization ,  producin g rapi d visua l  imag e reconstruction 
and eve n animatio n from  th e dee p codes .  Thi s follow s 
from  th e fac t  tha t  th e imag e i s th e fixed-point  attracto r  o f 
th e IF S ove r  th e whol e space .  I n othe r  words ,  sinc e ever y 
poin t  i n th e spac e follow s a  trajector y unde r  th e IF S tha t 
approache s th e attracto r  a t  a n exponentia l  rate ,  a  larg e 
number  o f  processor s runnin g th e sam e IF S (wit h differ -
ent  rando m sequence s an d initia l  conditions )  i n paralle l 
wil l  produc e almos t  instantaneousl y a  surfac e represen-
tatio n o f  th e imag e tha t  csqpture s it s gros s structure .  O f 
course ,  fine r  detai l  wil l  emerg e ove r  time . 

'̂  Thi s clai m remains  unverified ,  sinc e hi s solutio n i s 
bein g treate d a s proprietar y b y hi s corporation ,  whic h i s 
sellin g digita l  imag e dat a compressio n systems . 
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Figur e I :  Tabl e o f  coefficient s fo r  th e affin e transformation s o f  thre e 
IFS s approximate d b y F R A M E network s 

As mentione d above ,  on e o f  th e mos t  difficul t  prob -
lem s i s finding  th e dee p representatio n fo r  a  give n im -
age.  I n F R A M E,  th e fracta l  inversio n proble m i s 
refashione d a s a  neura l  netH'or k learnin g problem . 
Whil e w e hav e no t  completel y solve d it ,  an d acknowl -
edge th e nee d fo r  larg e amount s o f  domai n knowledge , 
we believ e tha t  th e emergen t  complexit y o f  simpl e non -
linea r  dynamica l  system s wil l  provid e a  computationall y 
feasibl e solution .  Th e followin g mode l  i s a n initia l  con -
firmation  o f  thi s hypothesis . 

As a  first  ste p toward s thi s goa l  w e use d a  networ k 
wit h th e S C N architecture ,  whic h correspond s t o th e IF S 
structure .  Thi s networ k model s a n IF S b y tracin g th e or -
bi t  o f  a  poin t  i n th e uni t  squar e unde r  a  probabilisticall y 
weighte d sequenc e o f  transformation s tha t  ar e selecte d 
by th e input s t o th e net .  Tli e output s o f  th e networ k ar e 
recurrentl y connecte d bac k t o th e inputs ,  t o simulat e th e 
iterativ e natur e o f  th e IFS .  Th e networ k i s traine d i n a 
supervise d environment ,  i n whic h th e "teacher "  know s 
th e IF S fo r  th e imag e whic h i s bein g learned .  Sinc e th e 
teache r  provide s targe t  output s durin g training ,  th e recur -
ren t  connection s ar e onl y use d durin g performanc e o f  th e 
network . 

A trainin g se t  wa s randoml y generate d b y formin g 
triplet s consistin g o f  a  poin t  lyin g o n th e fracta l  attractor , 
an index ,  an d th e imag e o f  th e poin t  unde r  th e indexe d 

transformatio n o f  th e IF S fo r  tha t  attractor .  Th e thre e 
set s o n whic h ou r  trainin g set s ar e base d ar e typica l  frac -
ta l  images .  Thes e images ,  whil e lackin g th e geometri c 
simplicit y o f  mor e traditiona l  experimenta l  stimuli ,  nev -
ertheles s mirro r  th e complexit y o f  th e stimul i  foun d i n 
nature .  Th e coefficient s fo r  th e thre e IFS s w e traine d o n 
ar e displaye d i n th e abov e table ,  i n whic h eac h ro w rep-
resent s a  singl e affin e transformatio n o f  th e for m 

f{x,y )  =  (a x +  b y +  e,c x +  dy+f )  , 

and th e valu e of p i s th e probabilisti c  weigh t  o f  th e trans -
formatio n i n th e reconstruction  algorithm .  Th e transfor -
matio n indice s wer e represented  a s 1-in- N encoding s 
presente d a s inpu t  t o th e network ,  whil e th e outpu t  aix l 
stat e o f  th e networ k represented  x- y coordinat e value s i n 
th e uni t  square .  Sinc e th e network' s tas k durin g trainin g 
i s t o induc e th e invarian t  mathematica l  relationships  i n 
th e trainin g set ,  th e trainin g se t  need s t o b e larg e enoug h 
t o eliminat e an y bias .  O n th e othe r  hand ,  a  larg e trainin g 
set  impose s to o man y simultaneou s constraint s whe n 
usin g epoc h learning .  T o balanc e thes e considerations , 
th e networ k wa s onl y traine d o n a  smal l  subse t  o f  th e 
entir e trainin g se t  durin g eac h epoch ,  simila r  t o th e inde -
penden t  medio d o f  (Cottre U &  l^ung ,  1991) .  I n orde r  t o 
solv e th e bia s problem ,  a  ne w subse t  wa s randoml y cho -
sen a t  increasin g intervals .  Th e networ k wa s traine d 10 0 
epoch s beyon d convergenc e (Pollack ,  1991) ,  wit h th e 

^ 

^ ¥ 

0. 2 0. 4 0. 6 0. 8 1  "  0. 2 0. 4 0. 6 0. 8 1  "  0. 2 0. 4 0. 6 0. : 

(a )  (b )  (c ) 

Figur e 2 :  Reconstructe d image s generate d fro m F R A M E net̂ 'ork s tha t  learne d th e "dee p representations ' 
of  (a )  Sierpinski' s  Gasket ,  (b )  a  Fracta l  Dragon ,  an d (c )  a  Conc h Spiral . 
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75 % Drago n :  25 % Spira l  50 % Drago n :  50 % Spira l  25 % Drago n :  75 % Spira l 

Figur e 3 :  Reconstiucte d image s fro m thre e intermediat e stage s i n th e smoot h interpolatio n o f  th e dee p net -
wor k representation s fo r  th e Fracta l  Drago n an d th e Conc h Spiral . 

erro r  threshol d typicall y se t  t o a  valu e i n th e rang e [0.01 , 
0.05 ]  an d th e overtrainin g usuall y distribute d amon g 
severa l  trainin g sets ,  du e t o th e cyclin g algorithm .  T o 
retriev e th e image ,  th e networ k i s starte d with  som e ran -
d o m initia l  point ,  whos e trajector y i s plotte d fo r  500 0 
iterations .  Th e fus i  5 0 point s i n th e trajector y (transients ) 
ar e dropped ,  allowin g i t  t o approac h th e attractor .  Th e 
performance s o f  th e network s traine d o n th e IFS s from 
th e tabl e ar e picture d o n th e previou s page .  Thes e results 
sho w th e representational  efficac y o f  thi s architectur e 
and leamabilit y  o f  th e se t  o f  transformation s o f  a n IFS . 

O ne o f  th e excitin g aspect s o f  ou r  fracta l  representa -
tio n fo r  image s i s tha t  th e surfac e representation s var y 
continuousl y wit h th e dee p representations .  I n othe r 
words ,  IF S code s mee t  Pylyshyn' s challeng e o f  smal l 
change s i n on e representation  effectin g smal l  change s i n 
th e other .  Furthermore ,  i t  varie s i n a  predictabl e fashion . 
The affin e natur e o f  th e transformation s o f  a n EP S allo w 
us t o decompos e a  transfor m int o it s primitiv e compo -

rotation ,  an d scaling .  Thu s th e 
= {a x +  b y +  e,c x +  dy+f ) 

nents :  translation , 
equatio n / ( x ,  v ) 
becomes 

/ 
X (rcos6)jc + {-ssm{p) y +  e 

(rsine)A + {scosip)y+ f  ̂  

wher e r  an d s  ar e scalin g factors ,  e  and/ar e tran.sIationa l 
parameters ,  arx l  9  an d < p ar e angula r  rotation .  Therefore , 
any o f  thes e transformation s o f  th e imag e ca n b e accom -
plishe d b y simpl y manipulatin g th e appropriat e parame -
ter s i n th e IFS . 

A surprisin g capabilit y  o f  ou r  mode l  i s tha t  on e im -
ag e ca n b e continuousl y deforme d int o anothe r  imag e 
merel y b y linearl y interpolatin g betwee n thei r  dee p 
codes .  Thi s techniqu e ca n b e implemente d i n ou r  cascad -
ed bac k propagatio n mode l  b y addin g a n additiona l  cas -
cade d laye r  t o th e networ k tha t  choose s whic h cod e t o 
use .  Th e dee p representations  fo r  th e image s ar e loade d 
int o th e uppe r  networ k from  lon g ter m memor y a s paral -
le l  slice s o f  it s  weigh t  matrix .  Th e input s t o thi s networ k 

the n selec t  a  linea r  combinatio n o f  thes e representations 
as th e weight s o f  th e middl e network ,  producin g a n in -
terpolate d imag e (trajectory )  o n th e lowe r  net .  Refe r  t o 
(Pollack ,  1987 )  fo r  architectura l  details .  Thi s i s illustrat -
ed b y th e "snapshots "  o f  a n interpolatio n betwee n th e 
spira l  an d th e drago n show n above .  B y increasin g th e 
number  o f  snapshots—b y reducing  th e grainsiz e o f  a  dis -
cret e interpolation—i t  i s  possibl e t o produc e a n anima -
tio n o f  th e deformatio n process . 

C o n c l u s i o n s 

As part of a general theory of reconstructive memory 
base d o n fractal  inversion ,  w e demonstrat e a  neura l  net -
wor k tha t  i s capabl e o f  approximatin g th e mathematica l 
theor y o f  iterate d functio n systems .  Thi s mode l 
addresse s th e imager y debat e i n tha t  th e weight s o f  th e 
networ k serv e a s th e dee p representation  o f  a n image , 
whic h i s  reconstructed  usin g fracta l  analogu e tech -
niques .  W e believ e thi s substantiall y  addresse s th e foun -
dationa l  need s o f  theorie s o f  menta l  imagery ,  suc h a s 
Kosslyn's .  Thi s mode l  als o circumvent s Pylyshyn' s sub -
stantivit y criticis m o f  Kosslyn' s work .  Th e mathematic s 
i n whic h ou r  syste m i s embedde d guarantee s tha t  th e sur -
fac e representation  o f  a n imag e wil l  var y continuousl y 
wit h th e parameter s i n th e dee p representation.  I n othe r 
words ,  smal l  change s i n on e wil l  correspon d t o smal l 
change s i n th e other .  Thi s lead s t o th e simpl e abilit y t o 
rotate ,  zoom ,  an d translat e menta l  image s b y operatin g 
on th e compac t  codes .  I t  als o lead s t o a  precUctio n fo r  a 
cognitiv e abilit y t o smoothl y defor m on e imag e t o 
another ,  whic h i s clearl y a  tas k o f  th e "imagination, "  an d 
whic h ha s no t  bee n accounte d fo r  b y an y othe r  theorie s 
tha t  w e ar e awar e o f  t o date . 

Ther e ar e tw o area s whic h ar e incomplet e i n ou r  frac-
ta l  memor y model .  W e hav e begu n t o solv e th e proble m 
of  inducin g dee p representations  from  surfac e image s b y 
constrainin g th e learnin g tas k t o a  supervise d environ -
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ment .  Howeve r  th e genera l  problem ,  whic h i s muc h 
more difficult ,  wil l  b e th e focu s o f  furthe r  research .  A 
secon d are a o f  furthe r  wor k i s i n th e desig n o f  a  memor y 
system ,  containin g man y dee p codes ,  tha t  serve s a s a 
mechanis m fo r  th e recognitio n task .  I f  th e first  proble m 
i s solved ,  recognitio n o f  visua l  image s ca n b e don e rath -
er  quickl y usin g nearest-neighbo r  techniques . 

The complexit y attribute d t o object s i n th e wori d i s a t 
best  dependen t  o n th e modellin g tool s an d interpreta -
tion s tha t  ar e available .  Fracta l  geometry' s firs t  lesso n 
was tha t  th e apparen t  complejut y o f  natur e (e.g. ,  th e 
shap e o f  a  tre e o r  coa.stUne ,  th e branchin g structur e o f 
river s an d lungs )  simpl y reflected  a n unsuitabl e mathe -
matica l  formalism .  Perhap s it s secon d lesso n wil l  spea k 
more t o th e imagination . 
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