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Abstrac t 
:.  constructiv e theor y o f  aemor y organisatio n 

has bee n developed ,  base d upo n th e principl e o f 
aon-tempori l  prediction .  Th e theor y predict s muc h 
; f  ;h a experimenta l  f inding s o n recal l  an d 
far-grtirj ;  an d proviis s a  computationa l  foundatio n 
fo r  33a e o f  th e intuitiv e notion s o f  th e societ y o f 
air. d theory .  Thi s pape r  describe s a n experimenta l 
architectur e :ha t  i s bein g use d t o stud y thi s for m 
of  learning .  Th e architectur e i s a  highl y 
distribute d syste m tha t  achieve s "structural " 
lear-in g throug h th e Tpplloatio n o f  a  particularl y 
?ov«rfu l  fori i  o f  natura l  constraint . 

•';rvori9 - Non-T»aporal Prediction, Distributed 
Pr-'nle m solving ,  Societ y o f  Mind ,  Model s o f 
^earning ,  Jkil l  Acquisition . 

Introduction 
Progres s i n 71.3 1 technique s alon g wit h th e 

^nergsnc e i f  son e highl y distribute d architecture s 
suc h 2 3 Fahlsa n [  1  ]  an d Hllli s  [  2  ]  ha s awakene d 
an interes t  i n exaatnia g wha t  ca n b e don e wit h 
certai n architecture s base d o n siapl e '  n«uro n like ' 
processors ,  suc h a s Hiato n [  5  4  ]  an d Peldma n 
L 5  ] .  X  theor y o f  learnin g base d o n th e principl e 
of  r.on-teapora l  predictio n ha s bee n develope d tha t 
i s coaplaiel y data-drive n [  6  7  ] .  I n thi s paper , 
we describ e a n experimenta l  architectur e tha t  i s 
bein g use d t o stud y thi s for a o f  learning . 

Kon-Tempora l  Predictio n 
Learnin g an d nemor y ca n b e view-e d a s 

nechaaisra s fo r  th e acquisitio n o f  knowledge . 
•<=.owlsdg e itsel f  ca n b e viewe d a s a  nean s o f 
predictin g event s i n th e world .  Ou r  surviva l  i s  I n 
a lir; ? par t  dependan t  o n ou r  abilit y  t o 'predict ' 
th e world .  I t  i s  suppose d tha t  learnin g ha s evolve d 
t o mee t  thi s need .  :<akin g prediction s abou t  th e 
worl d ca n b e classifie d int o tw o broa d categories . 
Pirst ,  ther e i s th e clas s o f  prediction s tha t  ar e 
tis e related .  A n understandin g o f  'Gravity '  migh t 
be classifie d i n thi s way ,  t o understan d 'gravity * 
i s t o pr°-::.c- .  cha t  whe n a  thin g i s droppe d i t  wil l 
fal l  CO Ch e groun d (o r  th e clas s o f  prediction s o f 
whic h tha t  i 3 a  simpl e example) .  Thi s for m o f 
predictio n i s tis e relate d becaus e th e tw o definin g 
;-v2r.c 3 \-.h o 'Iroppin g an d th e hittin g o n th e floor ) 
ar e iispar-.t e i n ciae .  fn e secon d category ,  t o 
w:-.ic h thi s pape r  i s specificall y addressed , 
concern s pra-.ii c  t-.cn s chi t  ir e unrelate d t o time . 
Thi s -:in d o f  prsdictii n concern s th e classificatio n 
- :  -ivenrs .  '->aT': ,  learnin g t.h e concep t  o f  a n 'arch " 
.Ziy i  1 3 T.aicir.i- ^  i  predictio n abou t  wha t  object s 
-•onstitut s 'ar-n' .  Vhe n example s o f  arche s tha t 
;onfc.- a t o c.ii s  predictio n ar e encountere d the y 
^ 1 1 b e recognise d a a such ,  jus t  a s droppin g a n 
cb.:ec t  tha t  subsequentl y fall s  t o th e groun d i s 
reco.̂ nise d a o indicatin g th e presenc e o f  "gravity" . 
Th- ? iifference ,  i s tha t  th e secon d categor y i s 
inr?l£ce< i  t o tiae .  Ther e ar e severa l  reason s wh y i t 
. 3 iisff f  i l  t o mak e chi s for a c f  distinction . 

[' I I'an/ theories of learning a.nd forgetting 
3r °  ba.-.e d upo n th e notio n o f  trac e decay -
Pi  eoeac y ?x r lT i a 3 ce r t a i n o b s e r v a b l e 
ph9no:ienon ,  'ou t  l a diffi-ul t  t o justif y 
coapu t  1 1 :.on s II 7 an d ^-.ve s ris e t o som e 
soriou s probler-. s whe n dealin g wit h predictiv e 
3i-uation s T f  vastl y disparat e tines . 

(2 )  Many o f  th e effect s fo r  whic h recenc y 
was propose d ca n b e adequatel y explaine d 
withou t  referenc e t o "tiaie '  o r  'trac e decay' . 

(5 )  :uin y problem s tha t  a t  firs t  appea r  t o b e 
tempora l  i n natur e ca n b e expresse d i n term s 
of  th e non-tempora l  paradigm .  I t  i s  no t  know n 
whethe r  al l  situation s ca n b e transforme d i n 
thi s way .  I t  ma y b e tha t  learnin g fo r 
'temporal '  situation s i s Itsel f  a  learne d 
strategy ,  ther e i s som a evidenc e t o suppor t 
thi s conjecture . 

(4 )  I t  i s  possibl e t o solv e th e proble m o f 
non-tempora l  predictio n computationall y i n 
term s o f  a  highl y distribute d architectur e o f 
simpl e processors . 

Learnin g b y Modificatio n 
The notio n tha t  learnin g usuall y take s th e 

for m o f  modifyin g a n existin g skil l  i s  intuitivel y 
attractive .  Man y attempt s a t  capturin g thi s 
intuitio n computationall y hav e bee n tried ,  STP.IP S 
[  3  ]  employe d a n augmente d triangl e tabl e tha t 
allowe d ol d plan s t o b e "modified '  t o sui t  ne w 
situations ,  a n ide a recentl y extende d b y Carbonel l 
[  9  ] •  ainsk y [  1 0 ]  discusse d a  for m o f  learnin g 
i n whic h ne w agent s aris e b y 'splittin g of f  fro m 
ol d ones ,  wit h onl y smal l  change s an d essentiall y 
th e sam e dat a connectlona .  Th a mechanis m presente d 
i n thi s papa r  follow s th e spiri t  o f  Mlnsky' s 'agen t 
splitting '  bu t  differ s I n detail .  Th e architectur e 
presente d differ s l a tha t  Instea d o f  splittin g a 
singl e proces s (b y copying )  an d the n modifyin g th e 
copy ,  i t  support s multipl e copie s o f  (almost ) 
ideatica l  agents .  Learnin g involve s takin g a 
'suitabl e subset '  o f  thes e agent s an d modifyin g It . 
Befor e describin g th a architectur e Itself ,  w e 
shoul d mak a a  fe w point s regardin g th e slgniflc<uici > 
of  thi s difference . 
(1 )  I t  seem s llkal y tha t  natura l  system s 

suc h a a th e huma n brai n ca n suppor t  thi s for m 
of  'redundancy' . 

(2 )  Havin g multipl e copie s latroduce s a 
degre e o f  'faul t  tollerence' ,  I n particular , 
th e 'Grandmothe r  Problem '  doe s no t  arise . 

(3 )  Mos t  significantly ,  havin g many copie s 
means tha t  a  dat a drive n mechanis m ca n b e 
utilize d t o achiev e th e 'split '  instea d o f 
needin g a  co p dow n decisio n t o split . 

Understandin g Discontinuou s Change s I n Capabilit y 
Instea d o f  havin g a  singl e agen t  tha t  ca n 

perfor m a  give n task ,  th e architectur e support s 
many suc h agents ,  'i e wil l  refe r  t o a  se t  o f  simila r 
agent s a s a  process-set .  Th e agent s o f  a 
process-so t  compet e t o influenc e th e stat e o f  th e 
system .  Eac h agen t  provide s it s ow n prognosi s an d 
some indicatio n o f  ho w reliabl e I t  believe s thi s 
prognosi s t o b a (base d o n a  simpl e probabilisti c 
analysis) .  On e agent' s prognosi s wil l  b e chose n a s 
th e mos t  credibl e alternative .  Th e computatio n o f 
credibilit y  wil l  als o b o compute d o n th e basi s o f  a 
simpl e probabil ist i c  analysis .  Instea d o f 
hypothesizin g tha t  whe n a  thin g i s learne d it s 
strengt h graduall y increases ,  o r  whe n i t  i s 
forgotten ,  i t  graduall y decrease s (trac e decay) , 
thi s mode l  o f  learnin g distinguishe s severa l  phase s 
of  learning .  First ,  th e agen t  i s generate d i n 
isolatio n (w e wil l  demonstrat e on e algorith m fo r â -en t  creatio n whe n expoundin g th e detail s o f  th e architeccurs) .  Then ,  th e agen t  mus t  b e refine d 
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'discove r  It s aw n boundarie s an d b e abl e t o 
accuratel y comput e th e reliabilit y  o f  it s  ow n 
prognosis) ,  "ir^lly ,  th e agen t  aus t  b e iiaeovere d 
by othe r  agent s alread y i n th e system .  Tni s fina l 
stag e i s on e i n whic h th e agent s credibilit y  i s 
ccapute d a s th e resul t  o f  a  probabilisti c  analysis , 
and correspond s closel y t o th e notio n o f  formin g 
K-line s expounde d b y Hinsic y L  I I  ] .  When a  ne w an d 
r.scessar y agen t  i s created ,  it s succes s cause s It s 
credibilit y  t o ris e unti l  enoug h saaple s hav e bee n 
obtaine d t o rais e it s credibilit y  t o a  leve l  abov e 
tha t  o f  th e previou s 'favorite '  agen t  fo r  thi s 
task .  A t  thi a point ,  th e ne w agen t  wil l  suddenl y b e 
lae d i n plac e o f  th e pr«!viou 3 favorite ,  givin g ris e 
t o a n observabl e i  iscontinuou s chang e i n 
perfornanoe . 

The Sjcperlaenta l  Architectur e 
The eiperiaenta l  architectur e ca n b e describe d 

at  severa l  levels .  A t  on e level ,  i s  th e genera l 
aysta m topolog y define d b y a  numbe r  o f  intuitiv e 
connectivit y restriction s describe d i n [  7  J  an d i n 
nor e detai l  i n ^ 6 J .  Spac e prevent s a  discussio n 
of  thi s aspec t  o f  th e architecture .  Th e heirarch y 
can b e decompose d int o neighborhood s o f  agent s tha t 
will ,  fo r  th e purpose s o f  thi s pape r  b e totall y 
connecte d i  th e overal l  heirarch y allow s th e 
conneuti/it y  coui|u.axxt y t o b s ^ap t  linea r  despit e 
th e tota l  connectivit y withi n neighborhoods , 
'urthernore ,  th e connectivit y withi n a  neighborhoo d 
-a n b e relaxe d [  2  ]  withou t  los s o f  generality) .  A 
".eighborhoo d contain s tw o computationall y distinc t 
components .  Th e processors ,  tha t  na y b « programoe d 
t o comput e a  predictiv e rule ,  an d th e creator s tha t 
progra m processor s fo r  th e purpose s o f  generatin g 
new agent s (learning )  an d repleaiahia g proceea-sa t 
3iz e whe n proces s splittin g ha s resulte d i n a n 
i n s u f f i c i e n t  p r o c e s s - s e t  c a r d i n a l i t y 
(houselceeiilng) .  'i o wil l  discus s th e creato r  an d th e 
processo r  object s separately .  A  programme d 
processo r  wil l  b e refere d t o a s a n agent . 
The Anatomy of a Seighborhood 

Cons ide r  a  ne ighbo rhoo d t o b e a  tw o 
dimensiona l  shee t  o f  processin g elements .  Bac h 
processo r  i n th e regio n recleve s a n inpu t  fro m 
outsid e th e neighborhood ,  bein g totall y connecte d 
eac h processo r  als o recleve s input s fro m th e 
ou tpu t s o f  ever y o the r  p rocesso r  i n th e 
nei-shborhood . 

»., „ 
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Figur e 
The neighborhoo d it-,el f  i s  divide d Int o smalle r 
ovjriipin g 'regions '  (3e e Figur e I) .  Eac h Regio n 
contain s a  ainijl e creato r  an d a  larg e numbe r  o f 
processors .  Th e creato r  ha s acces s t o al l  loca l 
input s t o th e processor s withi n th e region ,  an d th e 
outpur s o f  eac h processo r  i n th e region .  Th e 
creato r  ca n caus e on e o r  nor e o f  th e processor s i n 
it s regio n t o b e re-programmed . 

Computatio n perfortie d b y a  Creato r 
The creato r  aonitor s bot h th e input s Loca l  t o 

th e regio n an d th e numbe r  o f  processor s tha t 
respon d t o th e input .  I f  to o fe w processor s respon d 
t o a n input ,  th e creato r  select s th e processor s 
tha t  ar e leas t  successfu l  an d re-program s the m s o 
as t o increas e th e process-se t  cardinality .  Th e 
creato r  i s continuall y performin g th e fallowin g 
sequenc e o f  computations . 
(1 )  Comput e th e activit y o f  th e input s t o 

th e region .  Thi s involve s countin g th e numbe r 
of  activ e input s locally .  Le t  th e activit y b e 
denote d b y activity . 

(2 )  Comput e th e respons e size .  Thi s involve s 
countin g th e numbe r  o f  processor s i n th e 
regio n tha t  responde d t o th e inputs .  Le t  th e 
respons e siz e b e denote d b y response . 

(7 )  Comput e th e expecte d respons e size .  I n 
th e presen t  system ,  th e expecte d respons e 
siz e i s a  linea r  functio n o f  th e activity . 

( 4 ;  I f  re3ponse<expected ,  re-progra m 
response-expecte d processors .  Thi s involve s 
choosin g th e require d numbe r  o f  processors , 
th e leas t  successfu l  one s ar e chose n first . 
Each processo r  keep s a  recor d o f  it s  success . 
I n ou r  implementation ,  eac h regio n keep s a 
sorte d lis t  o f  processors ,  whe n n  ne w 
processor s ar e required ,  th e firs t  n  ar e 
take n fro m thi s sorte d list .  I n a  truel y 
paralle l  syste m suc h a s migh t  b e foun d i n 
Biologica l  systems ,  thi s proces s ca n b e 
achieve d simpl y b y broadcastin g a  re-progra m 
command t o al l  processor s an d usin g a  syste m 
of  inhibitio n t o preven t  re-programmin g o f 
th e bette r  processor s (fo r  a  developmen t  o f 
thi s Ide a se e [  6  ]) . 

Processin g Input s 
I t  i s  convenien t  t o describ e th e operatio n o f 

th e processor s i n tw o stages .  Plrst ,  ho w eac h in^u t 
t o a  processo r  i s handle d o n a n individua l  basis , 
and secon d ho w these -  input s ar e combine d t o for m a 
prognosis . 

« ®t ^ 
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F i gu r e 2 
3 a c h inpu t  t o a  p r o c e s s o r  i s  p r o c e s s e d b y a n inpu t 
weightin g function ,  figur e 2  illustrate s th e 
functio n o f  thi s process .  Sac h inpu t  weightin g 
functio n (correspondin g t o input. )  sample s it s 
inpu t  wheneve r  th e proces s i s active .  I n thi s way , 
th e inpu t  weightin g functio n compute s fo r  it s 
input ,  th e credibi l i t y  tha t  tha t  inpu t  i s 
indicativ e o f  th e even t  bein g diagnose d — th e 
probabilit y  tha t  th e inpu t  wil l  b e activ e whe n th e 
even t  i s diagnose d P(input .  1  this.agent.active) . 
Other Processor functions. 

Once th e ir.pit s hav e bee n weighte d accordin g 
t o thei r  credibility ,  the y ca n b e combine d t o for m 
th e prognosis . 
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Figur e 3 
Figur e 3  illusrrate s th e basi c operatio n o f  th e 
•iiagnosi a par t  o f  a  processor .  Th e valu e o f  succes s 
i s adjuste d wheneve r  th e agen t  I s active .  Spac e 
prevent s furthe r  developmen t  o f  thi s ide a here , 
however ,  lo w succes s value s Indicat e failur e i n 
ispleffleatin g a  predictiv e rule ,  an d suc h processor s 
•*ii l  i e re-programme d b y thei r  creato r  whe n a  ne w 
agen t  i s required .  Th e inheren t  limitation s o f 
simpl e Linea r  Threshol d device s suc h a s th e 
prognosi s function ,  ar e use d a s a  pomrfU l  natura l 
constraint .  Thi s guarantee s tha t  mos t  agent s tha t 
ar e create d -fil l  aventuall r  di e (succes s wil l  fal l 
unti l  i t  i s  eventuall y re-programmed) .  Thi s give s 
ris e t o a  ver y eceoomica l  us e o f  processor s withou t 
th e nee d fo r  a  knowledg e drive n resourc e 
(processor )  allocatio n syste m (thes e idea s ar e 
develope d i n detai l  i n [  6  ]) . 

Conclusio n 
Oue t o a  lac k o f  space ,  man y significan t 

detail s an d muc h o f  th e theor y ha d t o b e omitted . 
Zzperlmant s wit h a  LIS P base d iapleaantatlo a o f  th e 
syste m out l ine d i n thi s pape r  hav e bee n 
encouraging .  Comple x structura l  description s ca n 
been learne d b y th e system .  Th e syste *  i s robus t  i n 
tha t  usually ,  n o agen t  I s s o importan t  tha t  it s 
remova l  wil l  b e critica l  (du e t o duplication) ,  an d 
a hig h degre e o f  nois e ca n b e tolleratad .  A n 
analysi s o f  th e systaa s nois e immunit y ca n b e foun d 
i n L  6  ] •  - •  I s interestin g tha t  a s th e region s 
approac h saturatio n (mos t  p roceasor s ar e 
successfull y programme d a s agents) ,  i t  become s 
increasingl y difficul t  t o lear n a  ne w rule .  Thi s i s 
because ,  befor e a  ne w agen t  ca n achiev e a 
respectabl e succes s i t  i s  re-programme d b y it s 
creato r  becaus e i t  i s  stil l  th e leas t  successfu l 
agent .  Onl y intensiv e trainin g wil l  resul t  i n th e 
new agen t  bein g learned ,  an d thi s wil l  b e a t  th e 
cos t  3 f  on e o f  th e othe r  successfu l  agents .  Pul l 
detail s o f  th e architecture ,  an d Juatlfieatio n o f 
it s  desig n ca n b e foun d i n [  6  ] . 
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