
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Inducing (New) Rules Is Different From Adjusting (Old) Parameters

Permalink
https://escholarship.org/uc/item/7x8759nx

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 9(0)

Author
Prazdny, K.

Publication Date
1987
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/7x8759nx
https://escholarship.org
http://www.cdlib.org/


INDUCING (NEW )  RULES I S DIFFEREN T F R O M ADJUSTIN G (OLD )  PARAMETERS. 

K^razdny 

Artificial Intelligence Center, PMC Corporation 

P.O.  Bo x 580 ,  Sant a Clara ,  C A 9505 2 
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INTRODUCTION. 

Linear (auto)associators capture the structure inherent in a set of patterns as long as the 

ensembl e o f  exampl e pattern s adhere s t o th e linea r  predictabilit y  constraint .  Conjunction s an d 

exclusive-disjunctions ,  however ,  requir e tha t  th e compoun d feature s hav e a  differen t  associativ e 

strengt h tha n th e individua l  inpu t  i n isolation .  I n general ,  i t  i s  har d t o specif y i n advanc e 

what  orde r  o f  conjunction s i s require d t o captur e th e dat a dependencies .  Th e majo r  motivatio n 

behin d th e developmen t  o f  learnin g protocol s fo r  network s wit h hidde n unit s (LeCun ,  1985 , 

1986 ;  Hinton ,  Sejnowsk i  &  Ackley ,  1984 ;  Rumelhart ,  Hinto n &  Williams ,  1985 )  i s t o discove r 

th e relationship s i n th e inpu t  automatically . 

There is a close relationship between this work and modelling the phenomena of classical 

conditioning .  There ,  th e anima l  mode l  trie s t o predic t  singl e even t  (US )  whil e th e 

(auto)associato r  must ,  i n effect ,  develo p suc h predictio n fo r  eac h individua l  vecto r  element .  I n 

bot h cases ,  th e goa l  i s  a  metho d o f  determinin g whic h feature s ar e predictiv e o f  other s an d 

distinguishin g usefu l  cue s fro m contex t  an d backgroun d noise .  Severa l  contemporar y atiima l 

learnin g theorie s handl e conjunction s an d disjunction s b y assumin g tha t  th e co-occurenc e o f 

tw o stimul i  result s i n som e n e w (external )  "resonant "  propert y bein g signalle d b y th e 

perceptua l  system .  Othe r  model s us e "interna l  resonant "  features :  n e w compoun d feature s 

(boolea n combination s o f  existin g ones )  ar e introduce d int o th e representatio n a s th e resul t  o f 

system' s predictio n failur e ((Juinqueto n &  Szdlantin ,  1983 ;  Schlimme r  &  Grjmger ,  1986) . 

Similarly ,  network s wit h hidde n unit s ca n implemen t  a n arbitrar y input/outpu t  mappin g i f 

the y hav e th e right  connection s an d larg e enoug h se t  o f  hidde n unit s (Minsk y &  Papert , 

1969) .  Fo r  example ,  t o solv e th e X O R problem ,  on e ca n ad d a  uni t  tha t  detect s th e 

conjunctio n o f  th e tw o inputs .  Thi s amount s essentiall y  t o enlargin g th e dimensionalit y o f 

th e input :  fro m th e poin t  o f  vie w o f  th e oupu t  uni t  th e hidde n uni t  i s  treate d a s anothe r 

inpu t  unit .  I n thi s sense ,  network s wit h hidde n unit s ca n b e sax6 .  t o b e discoverin g th e 

"resonant "  propertie s o f  stimulatio n (featur e combination s predictiv e o f  th e desire d outcome )  i n 

a w a y simila r  t o th e classica l  conditionin g models. ^  Th e numbe r  o f  suc h potentia l  resonsin t 

propertie s i n th e genera l  cas e o f  a  non-Hnea r  autoassociator ,  wher e th e valu e o f  a  featur e i s 

predictable ,  i n general ,  onl y fro m a  non-Unea r  combinatio n o f  value s o f  othe r  se t  o f  features , 

grow s exponentiall y  wit h th e vecto r  length ,  n .  Potentially ,  on e need s 2 M n + l )  "resonant " 

feature s fo r  th e predictio n o f  a  singl e elemen t  (i.e .  th e domai n i s th e se t  o f  al l  subsets) . 

Hidde n unit s an d recurren t  connection s are ,  i n themselves ,  o f  littl e help ,  however .  On e ha s t o 

fin d a  usefu l  w a y t o us e them .  T o illustrate ,  McClellan d &  Rumelhar t  (1986 )  attempte d t o 

implemen t  a  non-linea r  autoassociato r  fo r  th e "one-same-one "  proble m usin g hidde n unit s an d 

recurren t  connections .  T o achiev e th e require d efec t  the y ha d t o trai n th e networ k wit h al l 

possibl e completio n patterns .  Tha t  is ,  fo r  eac h patter n t o b e learne d (e.g .  Ill )  the y traine d 

th e networ k t o associat e al l  o f  th e possibl e incomplet e pattern s (11? ,  1?1 ,  ?11 )  wit h th e 

complet e (ill )  patter n (McClellan d &  Rumelhart ,  1986 ,  p.21l) .  Thi s is ,  o f  course ,  "cheating" : 

the y hav e replace d a n autoassociatio n tas k wit h a n associatio n task .  I n general ,  th e 

enumeratio n o f  al l  possibl e completion s i s impractical ;  a  dauntin g tas k fo r  eve n moderatel y 

lon g inputs . 
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W H AT C A N T H E N E T W O R KS L E A R N ? 

One rather serious disadvantage of the PDP networks with fixed length input^ is that 

th e informatio n the y acquir e i n th e cours e o f  thei r  "education "  i s no t  cumulative .  Tha t  is , 

havin g bee n taugh t  i n on e situatio n i s o f  absolutel y n o hel p i n learnin g i n a  differen t  bu t 

simila r  situation .  Ther e i s n o possibilit y  o f  transferin g th e accumulate d knowledg e t o a  n e w 

but  simila r  situation *  a s oppose d t o a  n e w bu t  simila r  inpu t  Eve n th e within-situatio n 

generalizatio n i s apparentl y difficul t  t o achieve .  Confronte d wit h n e w patterns ,  th e steepes t 

descen t  weigh t  updatin g procedure s preferentiall y  change s existing ,  alread y usefu l 

representationa l  feature s becaus e th e erro r  gradien t  (an d thu s th e weigh t  change )  i s directl y 

proportiona l  t o th e curren t  weigh t  magnitud e (Sutton ,  1986) .  Thi s protoco l  thu s destroy s wha t 

has bee n learne d previously .  I  wil l  illustrat e som e o f  thes e point s o n th e parit y problem . 

Parit y ca n b e define d i n tw o way s fo r  input s i n {0 ,  i h (i )  "th e su m o f  input s i s odd" , 

or  recursivel y a s (ii )  parity(0)-value(0 )  an d parity(n+l)-XORlparity(n),value(n+l) ]  wher e 

value(n )  i s th e valu e o f  th e n ^  inpu t  element ,  an d parityO O i s i n {0 ,  1} .  Suppos e w e hav e 

a networ k wit h wit h m inpu t  an d hidde n units ,  an d wit h a  singl e outpu t  uni t  an d teac h th e 

parit y t o th e firs t  n  input s (n<m) .  Doe s thi s "education "  hel p i n acquirin g th e parit y 

proble m o f  siz e n+ 1 (o r  n+k) ,  e.g .  doe s th e network ,  converg e sooner ? Th e answe r  i s tha t 

previou s experience s wit h th e parit y proble m o n n  input s i s o f  absolutel y n o hel p i n learnin g 

th e parit y proble m o f  large r  (o r  smaller )  size .  I n fact ,  i n non e o f  ou r  experiment s di d th e 

network ,  wit h weight s obtaine d fro m th e previou s teachin g ru n eve n converg e (a U imuse d 

input s wer e kep t  constan t  a t  th e resting ,  0.5 ,  level) .  Thi s phenomeno n i s understandabl e i n 

th e vie w o f  learnin g a s creatin g an d traversin g th e "energ y landscape "  i n th e weigh t  space : 

th e energ y minim a ar e simpl y a t  differen t  places !  Th e network s wit h hidde n unit s d o no t 

lear n n e w concepts ,  the y ar e "merely "  discoverin g dat a dependencie s (input/outpu t 

contingencies )  i n a  particula r  situation .  Similarly ,  th e classica l  conditionin g model s an d 

algorithm s fo r  learnin g logica l  formula s lear n "boolea n combinations "  o f  antecenden t  conditions , 

not  th e underlyin g concept." * 

Suppos e tha t  w e teac h a  networ k th e parit y proble m wit h 2 ,  3 ,  4 ,  - .  inputs .  W h a t  kin d 

of  computationa l  mechanis m woul d b e require d t o abstrac t  th e concep t  o f  parit y fro m suc h a 

teachin g sequence? ^  A n obviou s answe r  m a y b e tha t  on e need s anothe r  networ k tha t  see s al l 

th e weight s an d biases ,  an d h o w the y ar e bein g modifie d fro m on e instanc e o f  th e concep t  t o 

another ,  an d tha t  change s it s interna l  structur e s o tha t  w h e n a  give n situatio n arise s i t 

program s th e weigh t  distributio n o f  th e networ k appropriately .  Th e proble m wit h thi s 

approac h i s tha t  ther e i s n o guarante e o f  an y lawful l  relationshi p betwee n th e weigh t 

distribution s accros s th e variou s instance s o f  a  give n concept  Tha t  is ,  th e se t  o f  weight s fo r 

th e (n+1 )  proble m m a y no t  b e predictabl e fro m th e se t  o f  weight s fo r  th e (n-k )  problem . 

Wit h larg e enoug h numbe r  o f  unit s an d connection s (weights )  relativ e t o th e m in imu m 

necessar y fo r  th e give n task ,  Le .  wit h larg e degre e o f  freedom ,  ther e i s a  larg e numbe r  o f 

way s i n whic h a  give n se t  o f  input/outpu t  specificatio n ca n b e mappe d int o th e weigh t  space , 

ie .  th e mappin g i s one-to-many .  I n othe r  words ,  ther e i s n o guarante e tha t  th e regularitie s 

obviou s i n on e domai n will  appea r  i n th e weigh t  space .  I n addition ,  on e canno t  i n general , 

k n o w i n advanc e th e limi t  o n th e numbe r  o f  inputs. ^  A  concep t  ca n describ e a n infinit e 

number  o f  situations :  i t  ha s a  generativ e qualit y o f  a  rul e no t  capture d b y th e stimulus -

respons e association s o f  a  P D P network. ^ 
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C O N C L U S I O N. 

There are two distinct (not necccssarily related) problems: (I) how do you create/develop 

a n e w concep t  (e.g .  parity )  a s oppose d t o (H )  h o w d o yo u solv e a  particula r  proble m (e.g . 

parit y wit h n  inputs) .  A n intelligen t  agen t  shoul d (probably )  b e require d t o posse s th e abilit y 

t o solv e (n )  \isin g (I) .  Genuin e concep t  learning ,  i f  i t  ca n b e implemente d usin g connectionis t 

architecture s a t  all ,  ha s t o b e don e b y a  mechanis m tha t  monitor s th e adaptin g networ k no t 

limite d o r  constraine d b y th e numbe r  o f  inputs .  Thi s evaluativ e mechanis m mus t  b e capabl e 

of  gatherin g informatio n accros s differen t  situatio n o r  instance s o f  th e sam e concept .  I t  i s  thi s 

mechanis m tha t  woiil d lear n n e w concept s a s oppose d t o adaptin g t o th e immediac y o f  th e 

incomin g stimulation .  I t  i s  doubtful l  tha t  thi s ca n b e don e i n a  connectionis t  syste m (o f 

eithe r  th e weigh t  adjustmen t  o r  signatur e tabl e variety )  wher e al l  knowledg e i s constraine d b y 

a finit e structur e an d ther e i s n o distinctio n betwee n informatio n an d control .  Th e abilit y  t o 

construc t  an d manipulat e symboli c structure s an d procedure s seem s necessary . 
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Note s 

^Context-sensitive encoding where a code for an element depends on other elements 

correspond s t o creatio n o f  compoun d feature s o r  "resonant "  propertie s tha t  ar e impose d o n a 

sĵ stem ,  usuall y a  linea r  (auto)associator ,  fro m th e outside .  Context-sensitiv e encodin g i s 

performe d i n a n attemp t  t o achiev e linea r  separabilit y  tha t  enable s th e us e o f  a  linea r  syste m 

(whic h ha s nic e an d predictabl e "generalization "  properties) . 

^This characteristic shows the close similarity of the PDP networks to the classical 

patter n recognitio n work .  Inpu t  vector s ar e o f  fixe d length ,  i.e .  th e informatio n i s code d b y 

position ,  eac h positio n i s a  differen t  feature ,  a  differen t  (orthogonal )  dimensio n o f  a  (finit e 

dimensional )  vecto r  space .  Thus ,  ther e ca n b e n o shif t  invariancy :  010 0 i s orthogona l  t o 

0010 .  Suppos e tha t  th e inpu t  i s a  histogram .  The n < 0 1 6 0  0  0 > i s mor e simila r  t o < 0 0 

16 0  0 > tha n t o < 0 0  0  0  16 > becaus e nearb y vecto r  element s encod e simila r  values .  I n th e 

vecto r  spac e formalis m wher e th e distanc e i s equivalen t  t o th e inne r  produc t  al l  thre e ar e 

orthogona l  (i.e .  dissimilar) . 

^ o w woul d model s relyin g o n explici t  rul e generatio n handl e th e parit y concept ? The y 

woiil d en d u p wit h th e exhaustiv e enumeratio n o f  th e permissibl e combinations .  E.g. ,  fo r  th e 

2 inpu t  parit y (XOR )  problem ,  th e syste m wil l  en d u p wit h a  compoun d featur e "(( 1 an d 0 ) 

or  ( 0 an d l))" ,  an d fo r  th e 3  inpu t  situatio n i t  woul d produc e "(( 1 an d 0  an d O )  o r  ( O an d 

1 an d 0 )  o r  - - ~ . ) "  o r  perhaps ,  give n previou s experienc e wit h th e X O R problem ,  "((( l  an d O ) 

and 0 )  o r  (( 0 an d l )  an d 0 )  ) "  I t  i s  relativel y eas y t o envisag e a  concep t  formatio n 

mechanis m operatin g o n suc h rule s tha t  woul d develo p th e parit y concep t  define d b y (ii) . 

ut may be interesting to know if and how well humans and e.g. the dogs can do this, 

Len i f  the y ca n develo p a  genuin e parit y concep t  a s oppose d t o a  se t  o f  response s t o a  se t  o f 

situations .  Doe s teachin g parit y o n e.g .  2  an d 3  input s produc e generalization ,  i.e .  correc t 

respons e o n e.g .  4  inputs ? 

^Tier e ar e other ,  relate d problem s tha t  d o no t  requir e variabl e lengt h inputs : 

parametrize d concepts .  Consider ,  fo r  example ,  th e concep t  o f  negatio n (Rumelhar t  & 

McQelland ,  1986 )  o n a  vecto r  wit h fixe d length ,  N .  Th e concep t  has ,  i n it s simples t  form , 

onl y on e paramete r  th e positio n o f  th e negatio n bit .  I s ther e a  connectionis t  mechanis m tha t 

can ,  afte r  i t  learn s concep t  example s parametrize d b y th e firs t  n  inputs ,  generaliz e t o th e 

remainin g (untaught )  N- n parameters ? 

"Th e notio n o f  a  concep t  i s probabl y intimatel y relate d t o th e notio n o f  a  program :  tw o 

string s o f  differen t  lengt h ca n b e describe d b y th e sam e program ,  Unfortimately ,  th e theor y 

of  program-siz e complexit y (e.g .  Chaitin ,  1975 )  whil e relevan t  her e i s no t  constructiv e an d 

canno t  offe r  an y guidanc e i n th e constructio n o f  a  progra m fro m examples . 
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