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Abstrac t 

Declarative learning by experience is a foundation 
cognitiv e c^ability ,  an d w e argu e that ,  ove r  an d 
abov e th e norma l  processe s o f  declarativ e learning , 
th e abilit y fo r  trul y nove l  learnin g i s th e critica l 
capabilit y  whic h bootstrap s huma n cognition .  Nex t 
we asser t  tha t  non e o f  th e establishe d model s o f 
machin e learnin g an d n o establishe d architectur e fo r 
cognitio n hav e adequat e declarativ e learnin g 
capabilities ,  i n tha t  al l  depen d fo r  thei r  succes s o n 
some pre-characterisatio n o f  th e learnin g domai n i n 
term s o f  stat e space  o r  pre-existin g primitive s geare d 
t o th e domain .  Finall y w e describ e briefl y th e 
Contextua l  M e m o r y System ,  whic h wa s designe d 
explicitl y t o sup{>or t  al l  fiv e declarativ e learnin g 
capabilities .  Th e C M S underlie s th e Math s 
Understande r  machin e learnin g syste m whic h 'reads ' 
mathematic s text s fro m scratch ,  assimilatin g 
mathematic s concepts ,  an d usin g the m no t  onl y t o 
chec k proof s bu t  als o t o solv e problems . 

I n t r o d u c t i o n 

The origins of human knowledge have provided a 
fertil e sourc e o f  speculatio n ove r  th e millenia ,  an d 
eve n toda y th e issu e i s fa r  fro m resolved .  Meno' s 
paradox ,  th e 'learnin g paradox '  derive s fro m th e 
ancien t  Gree k sophist s w h o argue d tha t  trul y nove l 
learnin g wa s impossibl e i n tha t  "nove l  knowledg e 
canno t  b e derive d completel y fro m ol d knowledge ,  o r 
i t  woul d no t  b e new .  Ye t  th e transcendin g par t  o f  i t 
canno t  b e completel y ne w either ,  fo r  the n i t  coul d 
neve r  b e understood. "  (Boom ,  1991 ,  p274) .  Plat o 
sidestepped  thi s parado x b y assertin g tha t  al l 
knowledg e wa s innate ,  bu t  initiall y  dormant ,  an d th e 
ensuin g debat e betwee n empiricis t  an d nativis t 
position s ha s echoe d dow n th e centuries .  Piage t 
(1952 ,  1985 )  tackle d th e issu e b y arguin g tha t  th e 
proces s o f  equilibration ,  th e strivin g t o chang e 
cognitiv e structure s t o avoi d cognitiv e disequilibrium . 
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was th e ke y t o trul y nove l  learning ,  an d wen t  o n t o 
argu e tha t  hi s fou r  stage s i n cognitiv e developmen t 
derive d fro m thre e suc h qualitativ e change s i n 
cognition .  Piaget' s stag e theor y has ,  o f  course ,  bee n 
frequentl y criticised ,  bu t  hi s primar y emphasi s wa s o n 
geneti c epistemology ,  th e origin s o f  knowledge . 
Fodo r  (1980 )  ha s revive d th e M e n o paradox ,  an d 
adopte d a  nativis t  position ,  arguin g dia t  Piaget' s 
equilibratio n concep t  wa s no t  powerfu l  enoug h t o 
suppor t  th e acquisitio n o f  nove l  cognitiv e strucuires , 
and th e issu e renruiin s uiuesolve d i n th e developmenta l 
literatur e (se e B o o m ,  199 1 an d Juckes ,  199 1 fo r 
recen t  analyses) .  Unfortunately ,  th e debat e ha s 
focuse d o n developmen t  rather  tha n learning ,  eve n 
thoug h i t  i s  clearl y nonsens e t o sugges t  tha t  tru e 
learnin g occur s onl y a t  thre e o r  fou r  stage s i n one' s 
lifetime ,  an d i n realit y childre n (frequently )  an d adult s 
(sometimes )  ar e confronte d b y th e nee d t o acquir e 
knowledg e i n a  completel y ne w domain .  Adult s ar e 
abl e t o acquir e th e concept s o f  ne w games ,  ne w 
academi c subject s (mathematics ,  compute r 
programming ,  statistics ,  geology ,  etc.) ,  ne w socia l 
conventions .  Childre n hav e t o star t  from  scratch . 
The y ar e refutin g th e learnin g parado x mos t  o f  th e 
tim e i n th e earl y years .  Consequently ,  w e argu e tha t 
th e learnin g parado x i s a t  leas t  a s grea t  a  challeng e fc v 
cognitiv e scienc e a s i t  i s  fo r  developmenta l 
psychology . 

We us e th e ter m declarativ e learnin g t o refe r  t o al l 
aspect s o f  th e learnin g o f  declarativ e knowledge .  I t 
has man y facets ,  an d i n Furs e an d Nicolso n (1991 )  w e 
state d th e necessar y competence s o f  a  declarativ e 
learner ,  whic h w e terme d comprehension , 
assimilation ,  utilisation ,  an d accommodation .  W e 
n o w mak e explici t  th e fift h requirement ,  tha t  o f 
supportin g trul y nove l  learning . 
(i )  Comprehensio n (cf .  Encoding) .  Th e syste m 
must  b e abl e t o encod e nove l  informatio n s o a s t o 
caus e i t  t o ente r  workin g memory .  W e us e th e ter m 
comprehensio n t o emphasis e th e nee d t o recod e th e 
inpu t  int o th e forma t  use d i n th e declarativ e memor y 
sQuctures . 
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(ii )  Assimilatio n (cf .  Storage) .  Th e syste m mus t 
be abl e t o creat e a  long-ter m memor y entr y fo r 
informatio n i n it s workin g memory .  Furthermore , 
th e syste m mus t  b e abl e t o incorporat e th e ne w 
informatio n int o it s  memor y structure s i n suc h a  wa y 
as t o facilitat e th e adaptiv e us e o f  tha t  informatio n m 
othe r  contexts .  I t  i s  wort h notin g th e nee d t o stor e 
not  onl y th e ne w informatio n bu t  als o th e contex t  i n 
whic h i t  occurs .  Tulvin g (1983 )  refer s t o thi s a s th e 
"cognitiv e environment' . 
(iii )  Utilisatio n (cf .  Retrieval) .  Th e syste m mus t 
be abl e t o retriev e th e store d informatio n give n a n 
appropriat e cu e o r  a n appropriat e contex t  Fo r  man y 
theorists ,  th e ter m retrieva l  suggest s to o automati c a 
process ,  an d term s suc h a s reconstructio n (Bartlett , 
1932 )  o r  ecphor y (Tulving .  1983 )  captur e bette r  th e 
comple x searc h an d matchin g processe s involved .  W e 
adop t  th e neutra l  ter m t o indicat e th e adaptiv e us e o f 
th e existin g knowledg e t o satisf y th e system' s 
requirements . 
£iv )  Accommodat ion .  Regardles s o f  h o w broadl y 

one interpret s th e abov e thre e processes ,  w e believ e 
tha t  the y ar e incomplet e fo r  a  viabl e declarativ e 
learner .  I n additio n th e syste m mus t  b e abl e t o 
modif y th e informatio n i n th e ligh t  o f  subsequen t 
experienc e s o a s t o improv e it s adaptivit y o f  use . 
Thi s include s th e makin g o f  n e w links ,  th e 
strengthenin g o f  salien t  associations ,  th e forgettin g o f 
useles s associations ,  an d th e creatio n o f  ne w features . 
(v )  Nove l  Learning .  Whil e th e abov e processe s 
provid e a  reasonabl e descriptio n o f  muc h declarativ e 
learning ,  i t  i s  possibl e t o envisag e a  declarativ e 
learne r  whic h showe d al l  fou r  competence s bu t  wa s 
unabl e t o undertak e trul y nove l  learning . 
Consequently ,  a s a  fifth ,  stringen t  criterio n fo r 
declarativ e learning ,  w e argu e tha t  i t  i s  necessar y t o 
demonstrat e learnin g 'fro m scratch '  withou t  an y pre -
characterisatio n o f  th e spac e t o b e learned ,  o r  an y pre -
characterisatio n o f  th e primitive s require d fo r  learnin g 
i n tha t  domain . 

Ex is t i n g C o g n i t i v e S c i e n c e 

A p p r o a c h e s t o Dec la ra t i v e L e a r n i n g 

The problems in acquiring knowledge have recently 
moved centr e stag e i n cognitiv e science .  Anderso n 
(1990 )  argue d tha t  th e origin s o f  huma n knowledg e 
wer e on e o f  th e majo r  issue s fo r  cognitiv e science , 
concludin g b y reductio n tha t  fro m th e viewpoin t  o f 
A C T * / P U P S th e wea k proble m solvin g principle s 
(b y whic h al l  subsequen t  domain-dependen t  proble m 
solvin g production s ar e derived )  mus t  themselve s b e 
innate .  Lena t  an d Feigenbau m (1991 )  presen t  a s on e 
of  th e guidin g principle s o f  A T th e 'Knowledg e 
Principle '  — "I f  a  progra m i s t o perfor m a  comple x 
tas k well ,  i t  mus t  kno w a  grea t  dea l  abou t  th e worl d 
i n whic h i t  operates .  I n th e absenc e o f  knowledge ,  al l 
yo u hav e lef t  i s  searc h an d reasoning ,  an d tha t  isn' t 

enough. "  Indeed ,  Lena t  argue s tha t  thi s principl e 
mandate s a  ne w directio n fo r  th e mai n enterpris e o f 
AI ,  an d accordingl y ha s devote d th e las t  seve n year s t o 
hi s ambitiou s C Y C projec t  fo r  hand-codin g a 
significan t  subse t  o f  h u m a n knowledge ,  thu s 
providin g wha t  h e hope s wil l  b e a  knowledge-bas e 
sufficientl y rich  t o bootstra p natura l  languag e 
understandin g systems ,  and ,  ultimately ,  machin e 
learnin g systems . 

Encouragingly ,  th e thre e majo r  architecture s fo r 
cognitio n — Soa r  (Lair d e t  al ,  1986) ,  A C T * 
(Anderson ,  1983 )  an d connectionis t  approache s — 
hav e a  learnin g mechanis m a s th e cornerston e o f  thei r 
approac h t o cognition .  A C T * / P U P S suggest s tha t 
declarativ e knowledg e mus t  b e acquire d initially ,  the n 
thi s declarativ e knowledg e i s 'proceduralised '  b y a 
'knowledg e compilation '  proces s consequen t  upo n 
successfu l  performance ,  turnin g i t  int o a  productio n 
rul e format .  Th e productio n rule s m a y subsequend y 
be tune d b y extende d practice .  Soa r  learn s primaril y 
by a  proces s o f  problem-spac e search ,  wit h learnin g 
takin g plac e b y automati c processe s o f  'subgoaling ' 
followin g a  failur e an d b y 'chunking' .  Connectionis t 
model s lear n b y processe s o f  differentia l  lin k 
strengthenin g procedure s base d o n learnin g procedure s 
suc h a s gradien t  descen t  (eg .  Hinton ,  1989) . 

Ver y surprisingly ,  summarisin g a n analysi s 
presente d i n Nicolso n an d Furs e (1992) ,  no t  on e o f 
th e abov e cognitiv e architecture s i s abl e t o cop e wit h 
declarativ e learning . 

Neithe r  o f  th e abov e symboli c architecture s ar e abl e 
t o cop e wit h declarativ e learning ,  i n tha t  the y bot h 
precharacteris e th e spac e i n whic h learnin g i s t o tak e 
place .  Anderso n hand-craft s th e appropriat e 
declarativ e knowledg e i n eac h o f  th e domain s i n 
whic h h e works ,  an d Soa r  make s di e assumptio n tha t 
al l  learnin g ca n b e characterise d a s searc h throug h a 
proble m space ,  a n assumptio n criticise d b y Bode n 
(1988 )  a s quit e untenable . 

The abilit y  o f  connectionis t  model s t o perfor m a t 
al l  a t  th e symboli c leve l  remain s controversial .  I n 
brief ,  w e argu e tha t  non e o f  thes e approache s 
addresse s th e Learnin g Paradox . 

O ne migh t  expec t  tha t  th e proble m o f  declarativ e 
learnin g woul d hav e bee n extensivel y studie d i n th e 
machin e learnin g literature ,  but ,  bafflingly ,  thi s i s 
not  so .  Spac e preclude s a  detaile d analysi s o f  th e 
machin e learnin g literatur e her e (se e Ellman ,  198 9 fo r 
a usefu l  review) ,  an d w e shal l  merel y not e fou r 
problem s o f  th e establishe d machin e learnin g 
demonstrations .  Thu s fou r  majo r  critique s o f  th e 
machin e learnin g researc h ar e tha t  mos t  o f  th e model s 
lac k psychologica l  plausibility ;  tha t  th e declarativ e 
knowledg e bein g acquire d i s relativel y unstructure d 
and semanticall y arid ;  tha t  th e learnin g task s ar e to o 
simpl e t o b e ecologicall y valid ;  an d tha t  al l  th e 
model s operat e withi n a  close d worl d i n whic h th e 
knowledg e representation s ar e pre-specified . 
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I n summary ,  declarativ e learnin g i s o f  majo r 
iheoretica l  an d applie d importance ,  ye t  n o establishe d 
cognitiv e architectur e offer s an y mechanis m fo r  it , 
and n o curren t  machin e learnin g approac h offer s a 
principle d an d psychologicall y plausibl e accoun t  o f 
th e processe s involved .  Consequently ,  approache s 
t o modellin g h u m a n cognitio n ar e criticall y 
incomplete . 

O v e r c o m i n g th e learnin g p a r a d o x < 

th e Contextua l  M e m o r y Syste m 

Let us start by trying to derive an informal 
requirement s analysi s fo r  overcomin g th e learnin g 
paradox .  Conside r  a  perso n confronte d b y som e nove l 
even t  o r  situatio n — watchin g a  ne w game ; 
examinin g som e complex ,  unfamilia r  machine ;  o r 
tryin g t o understan d som e unfamilia r  branc h o f 
mathematic s o r  compute r  programmin g language . 
Firs t  impression s ar e o f  a  mas s o f  detai l  — piece s an d 
actions ;  pipes ,  cable s an d bolts ;  o r  serie s o f  symbols . 
I t  i s  no t  initiall y a  proble m o f  tellin g th e woo d fro m 
th e trees ,  i t  i s  a  proble m o f  eve n tellin g wha t  th e 
tree s are !  O n e ca n initiall y  identif y neithe r  whic h 
feature s ar e salien t  no r  th e overal l  purpos e o f  th e 
component s o f  th e game ,  machin e o r  language .  A n 
exper t  ma y hel p b y labellin g a  fe w ke y component s 
— th e pieces ,  th e components ,  o r  th e commands . 
O ne store s thi s information ,  blindly ,  withou t 
understanding ,  bu t  i t  form s th e basi s aroun d whic h 
furthe r  informatio n ca n b e accreted ,  slowl y buildin g a 
bette r  abilit y  t o describ e th e component s an d th e ke y 
features .  Eventually ,  ove r  a  perio d o f  time ,  on e 
acquire s th e abilit y t o tel l  th e woo d fro m th e trees , 
understandin g no t  onl y wha t  th e purpos e o f  th e 
component s are ,  bu t  als o whic h feature s ar e salient . 
Severa l  approaches ,  includin g A C T * ,  Soa r  an d 
connectionis t  approaches ,  giv e a  reasonabl y plausibl e 
accoun t  o f  th e late r  learnin g events ,  th e 
accommodativ e processe s whic h tun e th e existin g 
knowledg e t o achiev e bette r  tas k performance ,  bu t  th e 
learnin g parado x arise s i n th e initia l  stag e — ho w ca n 
we tak e i n ne w informatio n whe n w e understan d 
neithe r  wha t  i s relevan t  no r  wha t  feature s t o loo k for ? 

We argu e tha t  on e plausibl e approac h i s t o generat e 
as man y feature s a s possibl e fo r  eac h event ,  an d t o 
attemp t  t o maintai n an d adap t  thi s populatio n o n th e 
basi s o f  subsequen t  events .  Ove r  time ,  th e featur e 
populatio n wil l  'evolve '  int o on e whic h fits  bette r 
int o th e curren t  evolutionar y niche ,  i n tha t  salien t 
feature s shoul d emerge ,  an d useles s one s shoul d di e 
ou t 

Thi s analysi s suggest s tha t  on e need s 
(i )  a  mechan is m fo r  generatin g feature s 

automaticall y fro m inpu t  withou t  th e nee d fo r 
some prio r  characterisatio n i n term s o f  domain -
specifi c  primitive s 

(ii )  a  mechanis m fo r  tunin g th e populatio n o f 
feature s o n th e basi s o f  subsequen t  experienc e s o 
as t o encourag e i t  t o adap t  t o th e domain . 

Thi s i s  mad e mor e forma l  i n th e Contextua l 
M e m o ry Syste m whic h a t  th e to p leve l  ca n b e 
though t  o f  a s providin g mechanism s fo r  th e storag e 
and retrieva l  o f  information ,  bot h storag e an d retrieva l 
bein g i n term s o f  dynami c features .  Informatio n fro m 
th e externa l  environmen t  i s store d withi n th e C M S a s 
item s whic h ar c indexe d b y features .  Th e C M S start s 
wit h n o item s an d n o features .  W h e n a n ite m i s 
remembered ,  featur e analysi s take s plac e dynamicall y 
t o creat e ne w features .  Thi s proces s o f  rememberin g 
wil l  us e a  mixtur e o f  ol d feature s an d ne w features . 
The feature s an d item s hav e ener;g y whic h decay s wit h 
time ,  bu t  increase s o n recall .  Th e link s betwee n th e 
feature s an d item s hav e strength s whic h ar e adjuste d 
on recal l  t o ensur e tha t  th e mos t  salien t  feature s hav e 
th e highe r  strengths .  Sinc e feature s ar e create d 
dynamicall y th e resultin g memor y configuratio n i s 
comple x an d depend s upo n th e histor y o f  memor y 
processes . 

W h en a n ite m i s flrst  stored ,  i t  wil l  b e i n term s o f 
th e currentl y hig h energ y features .  W h e n 
subsequentl y recalled ,  i t  ma y b e foun d wit h a  differen t 
set  o f  features ,  an d a  proces s o f  adjustin g th e C M S 
take s plac e t o imp^ov e fuou- e acces s o f  th e item .  W e 
no w tur n t o ho w i t  i s possibl e t o generat e th e feature s 
dynamicall y withou t  the m bein g buil t  in ,  an d ho w 
th e feature s ar e update d throug h experience . 

Buildin g feature s f ro m th e environmen t 

It is possible to build features of new information 
withou t  usin g buil t  i n primitives ,  b y usin g buil t  i n 
featur e buildin g mechanisms ,  rathe r  tha n buil t  i n 
feature s themselves .  Th e essentia l  ide a i s t o brea k 
down th e inpu t  int o parts .  Th e part s ma y no t  b e 
meaningfu l  t o th e agen t  o n initia l  encoding ,  bu t 
diroug h subsequen t  experience ,  thes e part s acquir e 
meaning .  W e hav e foun d i n th e are a o f  mathematic s 
tha t  th e us e o f  positiona l  informatio n i s  usefu l  fo r 
subsequen t  retrieva l  o f  th e information ,  an d thi s als o 
provide s a  simpl e mode l  o f  attention .  Thi s proces s i s 
bes t  illustrate d b y mean s o f  a n exampl e fro m 
Winston' s deflnitio n o f  a  cu p (Winsto n e t  al. ,  1983) . 
Thi s i s normall y represente d as : 
cup(x ) 
<=> liftabl e (x )  an d stabl e (x )  an d open-vesse l  (x ) 
I n th e F E L languag e (Furse ,  1990) ,  i t  woul d b e 
represente d as : 
Definitio n o f  cu p 
X is a cu p 
if f  X  is a liftabl e an d x  is a stabl e an d x  is a open-vesse l 

I n whateve r  manne r  "cup "  i s initiall y  represented ,  i t 
i s no t  necessar y t o hav e alread y represente d th e 
notion s o f  "liftable" ,  "suble "  an d "open-vessel" ,  o r 
eve n "and" ,  "<=> "  i n orde r  t o buil d feature s o f  th e 
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object .  Thi s i s  mos t  easil y demonstrate d b y th e 
mechanis m use d b y th e M U syste m (Furse ,  1992a ) 
and th e cuiren t  implementatio n o f  th e C M S (Furs e 
and Nicolson ,  1991 ,  Furs e 1991 ,  Furs e 1992b) . 
whereb y th e inpu t  i s  firs t  parse d int o a  predicat e 
calculu s lik e representation : 
(<= > (cu p x ) 

(an d (liftabl e x ) 
(an d (stabl e x )  (open-vesse l  x))) ) 

We d o no t  clai m tha t  th e predicat e calculu s i s use d 
by peopl e a s a n interna l  representation ,  thi s i s jus t 
used fo r  illustrativ e purposes .  Thi s datastructur e ca n 
be though t  o f  a s a  tree ,  an d i t  i s  possibl e t o analys e i t 
int o a  numbe r  o f  feature s usin g variou s featur e 
buildin g mechanisms .  Th e spac e o f  featur e name s i s 
formall y define d i n B N F by : 
<feature-name > :: = <pos><speo<type><term > 
<pos > :: = LHS- 1 RHS- 1 nul l 
<pos > :: = LHS-<pos > I  RHS-<pos > 
<spec > :: = IS- 1 H A S -
<type > :: = F O R M - 1 T E R M-

Most  o f  thi s apparatu s i s t o giv e a  forma l  notio n o f 
th e focu s o f  attention ,  namel y wha t  par t  o f  th e 
informatio n th e agen t  i s attendin g t o whe n generatin g 
th e feature .  Th e en d o f  th e feature-name ,  namel y th e 
<term > ensure s tha t  th e featur e spac e i s infinit e an d 
onl y determine d b y it s  inputs ,  i e n o pre -
characterisation .  L H S -  mean s on e i s focusin g o n th e 
lef t  han d sid e o f  th e tree ,  R H S -  mean s th e righ t  han d 
side ,  an d compositio n take s on e furthe r  dow n lef t  o r 
righ t  branche s o f  th e tree .  H A S -  mean s tha t  th e ter m 
occur s somewher e withi n th e focu s o f  attention , 
whils t  IS -  mean s tha t  th e ter m occur s exacU y a t  th e 
specifice d focu s o f  attention .  A  for m i s a  canonica l 
representatio n o f  a  ter m usefu l  i n mathematic s 
whereb y th e leave s o f  th e tre e ar e replace d b y th e 
letter s a ,  b ,  c ,  .. .  t o resul t  i n a  canonica l 
representation .  Abstrac t  HAS-form s introduc e 
abstractio n whereb y part s o f  th e tre e ar e replace d b y 
nodes .  Fo r  a  give n ter m th e numbe r  o f  abstrac t  H A S -
form s i s i n genera l  ver y large . 

Some o f  th e mechanism s t o generat e feature s are : 
Brea k th e tre e int o singl e leve l  H A S -  form s withou t 
any positiona l  information ,  e g 
HAS-FORM-[LIFTABLE_A ] 
HAS-FORM- [STABLE_A] 
Brea k th e tre e int o singl e leve l  H A S -  form s wit h 
positiona l  information ,  e g 
Rl  )-HAS-FORM-[LIFTABLE_A ] 
LHS-RHS-IS-FORM-[STABLE_A ] 
Brea k th e tre e int o abstrac t  H A S -  forms ,  a t  whateve r 
level ,  e g t o captur e th e notio n tha t  on e ha s notice d 
tha t  i t  i s a  definitio n o f  a  cup : 

HAS-FORM-[<=>_[CUP_A]_B ] 
One ha s notice d tha t  ther e ar e thre e ande d expression s 
on th e right : 
RHS-HAS-FORM-[AND_A_[AND_B_C]] 
One ha s notice d th e liftabl e an d stabl e notion s 
somewhere : 

H A S - F O R M-

[ A N D _ [ L I F T A B L E _ A U A N f D J S T A B L E _ B L C ] ] ] 
Usin g thes e mechanism s i t  i s  possibl e t o generat e 

score s o r  ofte n hundred s o f  differen t  feature s o f  th e 
inpu t  Thi s proces s i s describe d i n greate r  detai l  i n 
Furs e (1992b) .  Clearl y th e curren t  implementatio n 
need s th e us e o f  a  tre e dat a structure ,  bu t  mechanism s 
coul d b e buil t  t o wor k o n a  strin g representation ,  fo r 
exampl e on e coul d brea k u p 
" x is a cu p if f  x  is a liftabl e an d x  is a stabl e 
and X  is a open-vessel " 
int o feature s like : 
HAS-FORM-"Uftable " 
START-HAS-FORM-'* a is a cup " 
HAS-FORM- "a is a liftabl e an d a  is a stabl e an d b " 
HAS-FORM-BEFORE-"liftable"_'open-vessel " 
HAS-FORM-ADJACENT-
" a i s liftable"_" a is a stable " 
althoug h on e migh t  wan t  t o allo w th e for m 
abstractio n t o rang e ove r  al l  substring s an d no t  jus t 
th e "x "  a s i n th e example s above ,  o r  no t  us e i t  a t  all . 

Learnin g th e appropriat e feature s 

The processes described above allow the agent to 
generat e a  larg e numbe r  o f  feature s o f  th e inpu t 
information .  Bu t  man y o f  thes e feature s wil l  b e 
redundant .  I t  i s  onl y throug h experienc e tha t  th e 
agen t  discover s whic h o f  th e feature s ar e relevan t  fo r 
makin g futur e retrieval s fro m memory .  Bu t  i t  i s 
essentia l  tha t  redundan t  feature s ar e generate d a t  th e 
outset ,  otherwis e w e ar e i n dange r  o f  bein g i n a  close d 
box .  Thu s i t  i s  i n th e proces s o f  accommodatio n tha t 
th e C M S model s thi s learnin g experience . 

I n th e C M S al l  feature s ar e give n a n energ y value , 
and th e feature s o f  highes t  energ y ca n b e though t  o f 
as representin g th e curren t  attentiona l  state .  Th e 
C MS start s a s a  tabul a ras a wit h n o features ,  bu t  a s i t 
store s informatio n i t  generate s feature s dynamicall y 
fro m th e inpu t  a s describe d above .  Th e ver y first 
ite m wil l  o f  cours e b e represente d i n term s o f  bran d 
ne w features ,  eac h o f  whic h wil l  b e give n a  defaul t 
energ y value .  W h e n subsequen t  item s ar e stored , 
featur e analysi s wil l  generat e a  mixtur e o f  ol d an d 
ne w features .  I n th e C M S a  mixtur e o f  ol d an d ne w 
feature s i s stored ,  wit h th e ol d feature s bein g th e one s 
of  highes t  energy .  A t  th e tim e o f  initia l  storag e thi s 
may no t  b e a  ver y goo d choic e o f  feature s fo r  retrieva l 
purposes ,  bu t  provide d tha t  enoug h wer e generate d an d 
th e agen t  i s give n usefu l  subsequen t  experience ,  th e 
feature s ma y subsequentl y b e refined . 

Learnin g i n th e C M S take s plac e durin g retrieva l  o f 
informatio n fro m memory .  An y give n prob e give s 
rise  t o a  numbe r  o f  features ,  an d o f  cours e onl y th e 
ol d feature s ar e use d t o inde x th e memory .  Thi s 
searc h i s implemente d sequentially ,  bu t  conceptuall y 
coul d b e consid^e d a  paralle l  proces s whereb y feature s 
activat e item s i n memor y tha t  the y index .  S o m e 
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item s wil l  b e indexe d b y mor e tha n on e feature ,  an d 
onc e thei r  activatio n energ y (technicall y withi n th e 
C MS thi s i s know n i n th e retrieva l  proces s a s a 
transien t  energy )  rise s abov e a  threshold ,  th e ite m 
fire s an d i s teste d agains t  th e probe .  Whe n th e ite m 
i s no t  i n th e memor y thi s i s discovere d ver y fast .  I f 
i t  i s  present ,  retrieva l  wil l  resul t  i n th e foun d ite m 
whic h matche s th e probe ,  an d a  numbe r  o f  failures . 
Learnin g i s the n th e processe s o f  accommodatio n 
whereb y th e C M S memor y structure s ar e adjuste d s o 
tha t  i n futur e i t  i s  easie r  t o retriev e th e foun d ite m 
tha n th e failures . 

Ther e ar e fou r  accommodativ e processes :  storin g 
uncompute d features ,  increasin g th e energ y o f  usefu l 
features ,  decreasin g th e energ y o f  unusefu l  features , 
and creatin g ne w distinguishin g features . 
Uncompute d Features .  Uncompute d feature s 
aris e becaus e no t  al l  th e feature s tha t  ar e foun d i n th e 
prob e ma y b e store d a s indexin g th e recalle d item . 
The contex t  o f  reca U ma y b e ver y differen t  from  whe n 
th e ite m wa s first  store d an d othe r  context s whe n i t 
was recalled ,  s o tha t  a t  th e tim e o f  recal l  i t  ma y no t 
be know n whethe r  th e ite m ha s on e o f  th e prob e 
feature s o r  no t  Feature s thu s hav e a  3-value d logic : 
positive ,  negativ e o r  uncomputed ;  onl y positiv e 
featur e link s ar e store d i n th e C M S.  Thu s th e 
feature s whic h hav e no t  bee n previousl y compute d fo r 
th e item ,  an d ar e foun d t o b e positiv e fo r  th e ite m ar e 
no w give n ne w link s t o th e item . 
Usefu l  an d Unusefu l  Features .  Feature s ar e 
deemed t o b e usefu l  i n th e searc h i f  the y inde x th e 
foun d item ,  bu t  no t  th e faile d items .  Thes e feature s 
can hav e thei r  energie s increase d an d als o th e energ y 
of  th e lin k fro m th e featur e t o th e item .  Conversely , 
feature s ar e considere d unusefu l  i f  the y inde x th e faile d 
item s bu t  no t  th e desire d item ,  an d the y hav e thei r 
energie s decreased . 
Creatin g ne w distinguishin g Features .  Th e 
final  proces s o f  learnin g from  th e experienc e o f  recal l 
i s  t o dynamicall y creat e ne w feature s t o distinguis h 
th e foun d ite m fro m th e failures .  I n th e C M S thi s i s 
currend y onl y don e whe n n o existin g feature s succee d 
i n doin g thi s distinction .  Ne w feature s ca n b e create d 
by tw o differen t  approaches .  I n th e first  th e foun d 
ite m an d a  failur e ar e analyse d t o discove r  differences , 
fro m whic h a  featur e ca n b e derived .  I n di e secon d 
approac h bod i  th e foun d ite m an d a  failur e ar e broke n 
up int o a  larg e numbe r  o f  features ,  an d a  featur e i n th e 
foun d ite m se t  an d no t  th e failur e i s chosen .  Th e 
C MS currentl y use s th e latte r  approach . 

Throug h thes e processe s o f  accommodation ,  Ui e 
C MS continuall y adjust s itsel f  wid i  experienc e s o 
tha t  th e item s i n memor y dia t  ar e th e mos t  importan t 
ar e mos t  easil y retrieve d becaus e specialise d feature s 
wil l  hav e bee n buil t  an d the y wil l  hav e hig h energy . 
Conversel y item s rarel y neede d tak e mor e tim e t o 
retriev e becaus e the y ma y onl y hav e feature s o f  lo w 
energy ,  an d furthermor e severa l  o f  thes e feature s ma y 
not  b e usefu l  i n an y contex t  othe r  tha n th e origina l 

presentation ,  i e the y ar e redundant .  Thi s coul d b e 
calle d th e "Redundan t  Featur e Hypothesis" ,  an d 
furthe r  empirica l  wor k i s planne d t o tes t  whethe r 
peopl e nee d t o stor e redundan t  features . 

M U:  th e Mathemat ic s Understande r 

While the CMS is intended as a generic architecture 
fo r  learnin g b y experience ,  i t  ha s t o dat e onl y bee n 
thoroughl y investigate d i n th e domai n o f  pur e 
mathematic s (Furse ,  1992a) .  Th e C M S form s th e 
basi s o f  M U ,  a  larg e compute r  progra m whic h model s 
th e readin g o f  madiemadc s text s b y students .  M U 
has competenc e i n al l  aspect s o f  declarativ e learning , 
and i s uniqu e boU i  i n machin e learnin g an d i n 
cognitiv e architecture s i n it s  abilit y  t o trul y capbir e 
declarativ e learning . 

To date ,  M U ha s bee n applie d t o tw o branche s o f 
pur e mathematics ,  namel y Grou p Theor y (usin g di e 
textboo k b y Herstein ,  197S )  an d Classica l  Analysi s 
(usin g th e textboo k b y Anderson ,  1969) .  Th e 
approac h adopte d involve s firs t  rewritin g di e tex t  b y 

Definitio n 2.1. 7 
G i s abelia n if f  G  is a grou p an d V  a, b a  e  G  an d b  e 
Gab=ba 

Proble m 2.3. 3 
Prov e ( G is a grou p an d Va, b e  G  (ab )  =  a^b^ ) 

=> G  i s abelia n 

Solution: 
Suppos e G  is a grou p 
and Va, b a e G a n d b e G = > (ab) ^  =  a^b ^ 
RTP G  is a abelia n 
RTP G  is a grou p an d Va, b a  €  G  an d b  e  G 

=*  a b =  b a b y definitio n o f  abelia n 
Pait l 
RTP G  is a grou p 
Follow s logicall y 
Q ED Par t  1 
Par t  2 
RTP Va, b aeGandbeG=>a b =  b a 
Suppose a  E  G  an d b  E  G 
RTPab =  b a 
Now(ab)^=a^b ^ 
=> (ab)(ab )  =  (aa)(bb )  sinc e x ^  =  x x 
=> a((ba)b )  =  a((ab)b )  sinc e (abXcd )  =  a((bc)d ) 
=> (ba) b =  (ab) b sinc e a u =  a w = > u  =  w 
=> b a =  a b sinc e u a =  w a = > u  =  w 
Q ED Par t  2 

Figure 1. Problem Solving in Group 
Theor y b y M U 
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hand int o F E L — a  'forma l  expressio n language ' 
(Furs e 1990) ,  whic h capture s th e essentia l  semantic s 
of  th e domai n — thu s formin g a  machin e 
understandabl e tex t  fo r  M U t o 'read' .  Th e basi c 
requiremen t  i n readin g th e tex t  i s t o 'comprehend ' 
each inpu t  line ,  an d the n fo r  eac h sectio n eithe r  t o 
assimilat e ne w knowledge ,  t o chec k throug h eac h ste p 
of  a  proof ,  o r  t o attemp t  t o solv e a  problem .  A n 
exampl e o f  successfu l  proble m solvin g i s show n i n 
Figur e 1  (Definitio n 2.1. 7 fo r  abelia n ha s bee n rea d i n 
and assimilate d earlier ,  a s ha s th e definitio n fo r 
group) . 

The ke y proble m i n understandin g proof s an d 
solvin g problem s i s t o b e abl e t o An d th e appropriat e 
mathematica l  result .  M U use s th e C M S t o ensur e 
tha t  i t  doe s no t  suffe r  fro m a  combinatoria l 
explosion ,  b y focusin g it s searc h t o onl y inferenc e 
rule s tha t  ar e relevan t  t o th e curren t  context .  Fig. l 
shows a n exampl e o f  MLT s abilit y  t o solv e problem s 
i n grou p theory .  W h e n M U i s tryin g t o reaso n 
forward s from  th e ste p (ab) ^  =  a V ,  i t  doe s a  featur e 
searc h usin g feature s suc h as : 

IS-FORM-[=>_A_B ] 
LHS-IS-OP- = 
HAS-FUNCTION-* 
H A S - F U N C n O N -= 
RHS-LHS-IS-OP- * 
H A S - F U N C n O N - S Q U A RE 

Thes e feature s hav e partl y alread y bee n refine d 
throug h th e experienc e o f  checkin g proofs .  Th e 
feature s retriev e a  numbe r  o f  relevan t  inferenc e rule s 
fo r  exampl e x ^  =  xx ,  an d als o othe r  inferenc e rule s 
whic h d o no t  matc h th e input  Th e C M S i s the n 
adjuste d t o ensu e tha t  th e righ t  inferenc e rul e ca n b e 
foun d mar t  easil y i n future . 

Becaus e o f  M U ' s extremel y ric h knowledge ,  al l  o f 
whic h i s  learned ,  M U demonstrate s muc h mor e 
comple x mathematica l  understandin g tha n nearl y al l 
program s derive d from  th e theorem-provin g traditio n 
of  AI ,  a  paradig m cas e o f  Lenat' s Knowledg e 
Principle . 

C o n c l u s i o n s 

In conclusion, one of the major computational 
problem s facin g th e huma n infant ,  an d als o th e 
hunuu i  adult ,  i s ho w t o mak e sens e o f  ne w situations . 
Thi s i s surel y achieve d b y dynamic ,  adaptiv e learning . 
We argue ,  therefore ,  tha t  a  dynamic ,  declarativ e 
learnin g capabilit y  shoul d b e th e cornerston e o f 
architecture s fo r  cognition .  Th e C M S ha s provide d 
an existenc e proo f  tha t  a  declarativ e learne r  ca n b e 
constructe d fo r  th e mathematic s domain .  W e hop e 
tha t  thi s demonstratio n wil l  prov e th e catalys t  fo r  th e 
constructio n o f  a  ne w generatio n o f  cognitiv e 
architectures . 
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