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L E A R N I NG S E M A N T I C F E A T U R ES 

Geoffrey E. Hinton 

Conipulc r  Scienc e Departmen t 

Carnegic-Mcllo n Universit y 

& 

Tcrrenc c J .  Scjnowsk i 

Biophysic s Departmen t 

The John s Hopkin s Univei-sit y 

An important idea within cognitive science is that much general 

knowledg e ca n b e represente d a s constraint s betwee n th e slot-filler s o f 

a schema .  ITi e centra l  ide a o f  "connectionism "  i s  tha t  knowledg e i s 

represente d b y th e stjcngth s o f  th e connection s i n a  larg e networ k o f 

simpl e processin g elements .  T h e relatio n betwee n thes e tw o idea s i s 

complex . 

Several ways of using connectionist networks to implement schemas 

hav e bee n proposed .  1  h e obvious ,  "localist "  approac h i s t o identif y 

processin g unit s i n th e physica l  networ k wit h concepts ,  an d t o trea t  th e 

physica l  link s a s i f  the y wer e direc t  "implementation s o f  th e pointer s 

tha t  ar e conventionall y use d t o represen t  th e filling  o f  a  schema-slo t  b y 

an objec t  (Feldma n an d Ballard ,  1982 ;  Fahlman ,  1979) .  A n alter -

native ,  "distributed "  approac h i s t o allocat e a  larg e numbe r  o f  unit s t o 

eac h slo t  o f  a  schema ,  an d t o represen t  th e filler  o f  tha t  slo t  b y th e 

patter n o f  activit y o f  tha t  se t  o f  unit s (Hinton ,  1981) .  T h e mai n dif -

ferenc e i s i n h o w th e physica l  parallelis m i s used .  I n th e distribute d 

approach ,  onl y on e instantiatio n o f  a  particula r  schem a i s possibl e a t  a 

tim e becaus e tli e unit s dedicate d t o eac h slo t  ca n only  hav e on e patter n 

of  activit y a t  a  time .  Th e physica l  link s ar e use d t o implemen t  con -

straint s betwee n slot-fillers .  B y settin g tli e strength s o f  th e link s ap -

propriately ,  i t  i s  possibl e t o m a k e a  patter n o f  activit y i n on e se t  o f 

unit s caus e (o r  prohibit )  a  patter n i n anothe r  se t  o f  units .  I f  eac h 

componen t  o f  a  patter n o f  activit y i s  viewe d a s a  semanti c featur e o f 

th e objec t  represente d b y tlia t  pattern ,  th e physica l  link s betwee n unit s 

allo w m a n y semanti c constraint s t o b e enforce d i n parallel . 

A major difficulty for the distributed approach is this: Someone has to 

choos e wha t  patter n o f  activit y t o us e t o represen t  a  particula r  slot -

filler.  I f  a  rando m patter n i s  used ,  i t  m a y b e har d t o represen t  th e 

constraint s betwee n slot-filler s becaus e th e underlyin g semanti c fea -

ture s ar c no t  explicit .  W h a t  i s  neede d i s a n intelligen t  choic e tha t 

makes i t  eas y t o implemen t  th e constraints .  If ,  fo r  example ,  al l  mal e 

fillers  o f  slo t  1  ar e represente d b y pattern s tha t  hav e uni t  25 3 turne d 

on ,  an d al l  mal e fillers  o f  slo t  2  hav e uni t  49 1 turne d on ,  the n th e 

constrain t  tha t  no t  bot h fillers  ca n b e mal e ca n b e implemente d b y 

makin g thes e tw o unit s inhibi t  eac h other . 

Unfortunately, it is hard to discover usefiil semantic features automati-

cally .  'ITi e definitio n o f  a  usefu l  featur e i s tlia t  i t  put s relativel y stron g 

constraint s o n tli c  feature s o f  object s i n othe r  slots ,  bu t  thes e othe r 



feature s als o hav e t o b e learne d ,in d s o ther e i s a  chickeii-and-eg g 

problem .  Thi r  pape r  describe s a  wa y o f  learnin g set s r f  feature s tha t 

wor k wel l  togetlier .  Th e learnin g algorith m use s som e rathe r  compli -

cate d idea s fro m statistica l  mechanics ,  an d i t  run s ver y slowl y o n con -

ventiona l  computers ,  s o th e exampl e give n i s ver y simple . 

A very simple example 

Imagin e a  worl d i n whic h object s alway s (x;cu r  i n pairs ,  an d onl y on e 

pai r  occur s a t  a  time .  Eac h objec t  ca n b e paire d wit h man y bu t  no t  al l 

of  th e othe r  objects .  O n e wa y t o characteriz e di e structur e o f  thi s 

worl d woul d b e t o simpl y lis t  al l  th e pair s an d thei r  probabilit y o f 

occurence .  I f  tli e possibl e pair s wer e determine d randomly ,  thi s 

metho d migh t  b e sensible ,  bu t  i f  ther e ar e underlyin g propertie s o f 

object s tha t  influenc e th e pairings ,  i t  wil l  generall y b e m u c h mor e 

efficien t  t o expres s tli e probabilit y  distributio n ove r  th e possibl e pair e 

by extractin g thes e underlyin g feature s an d usin g tlie m t o expres s law s 

of  combination .  Moreover ,  thi s secon d mctlio d wil l  allo w predictions : 

a m o ng th e pair s tha t  hav e neve r  bee n observed ,  th e one s whic h satisf y 

th e law s o f  combinatio n ar e mor e likel y t o occu r  tha n th e one s whic h 

don't .  Th e difficult y i n usin g th e secon d metho d i s tha t  di e numbe r  o f 

potentia l  feature s i s enormous ,  eve n i f  w e restric t  ourclve s t o clcarcu t 

binar y features .  Give n n  object s tiier e ar e 2 "  way s o f  pickin g a  subse t 

an d henc e 2 "  potentia l  binar y features .  Findin g jus t  dios e feature s 

whic h lea d t o goo d law s o f  combinatio n i s a  formidabl e problem . 

We use this simple example to illustrate a learning algorithm which 

ca n discove r  usefu l  features .  Tli e tw o object s tha t  occu r  togethe r  i n a 

pai r  ar e lik e tw o slot-fillers .  Fo r  eac h slo t  w e hav e 9  unit s an d 8 

possibl e fillers.  H i e differen t  fillers  ar e represente d b y turnin g o n 

exactl y on e o f  th e first  8  unit s i n a  slot ,  bu t  w e d o no t  decid e i n 

advanc e whethe r  o r  no t  th e 9 *  uni t  shoul d b e on .  I t  i s  lef t  t o th e 

learnin g algorith m t o decid e h o w t o us e th e 9 *  uni t  Th e learnin g 

algorith m i s  Uierefor c capabl e o f  modifyin g th e representation s tha t 

ar e use d fo r  th e variou s slo t  fillers. 

Simulations 

Figur e 1  show s som e example s o f  pair s o f  object s draw n fro m a  prob -

abilit y  distribuuo n ove r  al l  possibl e pair s compose d o f  on e objec t  fi-om 

th e se t  {A ,  B,.. .  H }  an d on e fro m th e se t  {S ,  T,.. .  Z } .  Implici t  withi n 

thi s probabilit y  distributio n i s a  stron g underlyin g regularity :  I f  th e 

first  se t  i s  divide d int o th e subset s { A B  C  D }  an d { E F  G  H }  an d di e 

secon d se t  i s  divide d int o th e subset s { S T  U  V }  an d { W X  Y  Z } ,  the n 

ther e i s a  simpl e wa y o f  expressin g di e probabilit y  distribution :  I f  di e 

first  objec t  i s  i n di e se t  { A B C 0 }  th e othe r  wil l  b e i n th e se t  { S T  U 

V }  wit h probabilit y  0.9 ,  an d i f  di e first  objec t  i s i n di e se t  { E F  G  H } 

th e secon d wil l  b e i n di e se t  { W X  Y  Z }  wit h probabilit y  0.9 . 

Figure 2 shows a network which has been exposed to die probability 

distributio n b y clampin g di e state s o f  som e o f  it s  units .  State s dia t 

represen t  a  particula r  pai r  o f  object s ar e clampe d wit h th e appropriat e 

probability .  Th e networ k starte d wit h al l  it s  connectio n strength s 

equa l  t o zero ,  an d afte r  bein g show n 500 0 pair s o f  object s i t  ha s cap -
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m u x WA D v c s CI "  I- /  ir r  i-: y c u i w 

HY A S C T K l  IV l  I  W G Y F X G V G W B X 
CV D S A U C I  II Y U S A I G / A S F Y H Z 
II X H X C I  IT /  A U C V C S F X D U A Y K Z . 

Figure !: A collection of pairs of objects. These pairs were drawn from 

a probabilit y  distributio n tlia t  ca n b e describe d relativel y simpl y (se e 

text) .  T h e proble m i s t o discove r  way s o f  dividin g tli e object s int o set s 

tha t  allo w th e simpl e descriptio n t o b e expressed . 

Figur e 2 :  Eac h uni t  i s  represente d b y a  gra y " H "  shape d region . 

Withi n thi s region ,  connection s t o othe r  unit s ar e represente d b y whit e 

(positiv e weight )  o r  blac k (negativ e weight )  rectangle s i n th e positio n 

tha t  correspond s t o th e locatio n o f  th e othe r  uni t  i n tli e overal l 

diagram .  ITi e siz e o f  th e whit e o r  blac k bo x indicate s th e absolut e 

magnitud e o f  th e weight .  I'o r  example ,  th e whit e rectangl e i n tli e to p 

lef t  han d uni t  represent s a n excitator y connectio n betwee n tha t  uni t 

an d th e leftmos t  o f  th e tw o centra l  units .  Al l  connection s betwee n unit s 

appea r  twic e i n Ui e diagram ,  onc e i n th e bo x fo r  eac h o f  th e tw o unit s 

bein g connected .  S o th e whit e rectangl e i n th e to p left-han d corne r  o f 

th e leftmos t  centra l  uni t  i s  th e sam e connectio n a s describe d above . 

Unit s neve r  connec t  t o themselves ,  s o i n th e positio n wher e tha t  con -

nectio n woul d b e displaye d (e .  g .  th e to p left-han d corne r  o f  tli c  to p 

left-han d unit )  w e displa y th e tlircshol d usin g blac k t o mea n a  positiv e 

tlireshold .  ITi e empt y gra y area s o n th e right-han d side s o f  th e left -

han d grou p o f  8  unit s sho w tlia t  thes e unit s ar e no t  directl y connecte d 

t o th e right-han d grou p o f  8 .  Notic e tha t  th e unit s i n eac h grou p o f  8 

hav e learne d t o inhibi t  eac h other .  Thi s implement s th e within-slo t 

constrain t  tha t  onl y on e o f  the m shoul d b e o n a t  a  time ,  llii s  con -

strain t  follow s fro m ou r  decisio n t o represen t  eac h slo t  filler  b y a  pat -

ter n o f  activit y wit h onl y on e o f  th e 8  unit s turne d on . 



turc d Ui e regularit y b y settin g it s weight s s o tha t  on e o f  it s  tw o centra l  g g 

unit s detect s whethe r  th e firs t  objec t  i s  i n th e se t  { A l i  C  1)} ,  tJi c othe r 

centra l  uni t  detect s whethe r  tli c  secon d objec t  i s  i n th e se t  { W X  Y  Z } , 

an d tli c  tw o unit s inhibi t  eac h other . 

It is hard to learn such features because there is no infomiation to 

sugges t  the m i n th e fillers  o f  eitiic r  slo t  considere d separately .  Al l  8 

fillers  occu r  equall y ofte n an d hav e n o inU"insi c similarit y t o eac h 

other .  ITi c onl y reaso n fo r  selectin g thes e particula r  feature s i s tha t 

tlie y allo w th e implici t  constrain t  betwee n slot-filler s t o b e expressed . 

Finding combinations of slot fillers that 

s a t i s f y e x i s t i n g c o n s t r a i n t s 

Befor e describin g th e learnin g algoritlii n i t  i s  necessar y t o describ e h o w 

a networ k wit h a  fixed  se t  o f  weight s ca n arriv e a t  combination s o f 

slot-filler s tha t  satisf y th e constraint s whic h ar e implemente d b y th e 

weights .  A n arbiu^ar y combinatio n o f  slot-filler s wil l  generall y violat e 

some constraints ,  an d th e proces s o f  finding a  goo d combinatio n in -

volve s a n iterativ e searc h i n whic h individua l  unit s chang e thei r  state s 

so a s t o minimiz e th e violadon .  Th e stochasti c iterativ e searc h proce-

dur e w e us e wa s first  describe d b y Hinto n &  Scjnowsk i  (1983 )  an d i s 

describe d mor e briefl y here . 

We start by showing that networks of asynchronous, symmetrically 

connected ,  binar y threshol d element s obe y a n energ y function ,  an d 

tha t  repeate d iteration s ar e guarantee d t o find  a n energ y m i n i m u m 

(Hopfield ,  1982) .  Thi s m i n i m u m correspond s t o a  combinatio n o f  slo t 

fillers  tha t  minimize s th e constrain t  violation .  T h e globa l  potentia l 

energ y o f  th e syste m i s define d a s 

Kj i 

wher e Wy i s th e strengt h o f  connectio n (synapti c weight )  fro m the/ *  t o 

tli e /•' *  unit ,  S j  i s  a  boolea n trut h valu e ( 0 o r  1) ,  an d d j  i s  a  tlireshold . 

A simple algorithm for finding a combination of truth values that is a 

loca l  m i n i m u m i s t o switc h eac h hypodiesi s int o whicheve r  o f  it s  tw o 

state s yield s th e lowe r  tota l  energ y give n th e curren t  state s o f  th e othe r 

hypotheses .  I f  hardwar e unit s mak e thei r  decision s asynchronously, 

an d i f  transmissio n time s ar e negligible ,  the n th e syste m alway s settle s 

int o a  loca l  energ y m in imum .  Becaus e di e connection s ar e symmetri -

cal ,  th e differenc e betwee n th e energ y o f  th e whol e syste m wit h th e k' ^ 

hypothesi s fals e an d it s energ y wit h th e k'' ^  hypothesi s tru e ca n b e 

determine d locall y b y th e k' ^  unit ,  an d i s jus t 

Therefore, the rule for minimizing the energy contributed by a unit is 

t o adop t  th e tru e stat e i f  it s  tota l  inpu t  fro m th e othe r  unit s an d fro m 

outsid e th e syste m exceed s it s threshold .  I'hi s i s th e familia r  rul e fo r 

binar y Uireshol d units . 
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Usin g probabilisti c  decision s t o e s c a p e 

fro m loca l  m in im a 

The deterministic algorithm suffers from the standard weakness of 

gradien t  descen t  methods :  I t  get s stuc k a t  loca l  minim a tha t  ar e no t 

globall y optimal .  Thi s i s a n inevitabl e consequenc e o f  onl y allowin g 

jump s t o state s o f  lowe r  energy .  If ,  however ,  jump s t o highe r  energ y 

state s occasionall y occur ,  i t  i s  possibl e t o brea k ou t  o f  loca l  minima . 

An algorith m wit h thi s propert y ha s recentl y bee n applie d t o difficul t 

constrain t  satisfactio n problem s b y Kirkpatrick ,  Gelat t  &  Vecch i 

(1983) .  W e adop t  a  for m tha t  i s suitabl e fo r  paralle l  computation :  I f 

th e energ y ga p betwee n th e tru e an d fals e state s o f  th e *'' '  uni t  i s  AEj t 

the n regardles s o f  th e previou s stat e se t  5^ = 1  wit h probabilit y 

where T is a parameter which acts like the temperature of a physical 

system .  Thi s paralle l  algorith m ensure s tha t  i n therma l  equilibriu m 

th e relativ e probabilit y o f  tw o globa l  state s i s  determine d solel y b y 

thei r  energ y difference ,  an d follow s a  Boltzman n distribution . 

where P is the probability of being in the a^ global state, and E is 

th e energ y o f  tha t  state . 

At low temperatures there is a strong bias in favor of states with low 

energy ,  bu t  tli e tim e require d t o reac h equilibriu m ma y b e long .  A t 

highe r  temperature s th e bia s i s no t  s o favorabl e bu t  equilibriu m i s 

reache d faster .  Th e fastes t  wa y t o reac h equilibriu m a t  a  give n tem -

peratur e i s t o star t  wit h a  highe r  temperatur e an d graduall y reduc e i t 

The learning algorithm 

When a  networ k i s allowe d t o reac h therma l  equilibriu m usin g th e 

probabilisti c  decisio n rul e i n Eq .  3 ,  th e probabilit y o f  findin g i t  i n an y 

particula r  globa l  stat e depend s o n th e energ y o f  tha t  stat e (E q 4.) . 

Thes e equation s allo w u s t o deriv e th e wa y i n whic h th e probabilit y o f 

a stat e change s a s a  weigh t  i s  changed : 

a Wy T 
Si  S j ^ P p s f j s ^ ]  (5 ) 

wher e o  i s a  globa l  stat e o f  th e networ k an d s. ^  i s th e binar y stat e o f 

th e i* ^  uni t  i n th e a *  globa l  state .  Eq .  5  show s tlia t  th e effec t  o f  a 

weigh t  o n th e lo g probabilit y  o f  a  globa l  stat e ca n b e compute d fro m 

purel y loca l  infonnation ,  becaus e i t  onl y involve s th e behavio r  o f  di e 

tw o unit s tha t  th e weigh t  connect s (th e secon d ter m i s jus t  th e prob -

abilit y o f  finding  tli e i *  an d j* ^  unit s o n together) .  ITii s  make s i t  eas y t o 

manipulat e th e probabilitie s o f  globa l  state s provide d th e desire d 

probabilitie s ar e know n (se c Hinto n &  Sejnowski ,  198 3 fo r  details) . 

Unfortunately, it is nonnally unreasonable to expect the environment 
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or  a  icachc r  t o specif y th e require d probabilitie s o f  entir e globa l  state s 

of  tli c  network .  A  networ k typicall y contain s soni c "visible "  unit s tlia t 

receiv e th e inpu t  o r  produc e tJi e outpu t  an d i t  als o contain s som e othe r 

unit s tlia i  w c cal l  "hidden "  becaus e Lhe y ar e no t  directl y involve d i n 

representin g th e inpu t  o r  output .  Fo r  example ,  th e tw o centra l  unit s i n 

figure  2  ar e hidde n unit s an d th e res t  ar c visible .  T h e tas k tha t  th e 

networ k mus t  perfom i  i s define d i n term s o f  th e state s o f  th e visibl e 

units ,  an d s o di e environmen t  o r  teache r  onl y ha s direc t  acces s t o th e 

state s o f  thes e unit s (henc e th e n a m e visible) .  Th e difficul t  learnin g 

proble m i s t o decid e h o w t o us e th e hidde n unit s t o hel p achiev e th e 

require d behavio r  o f  th e visibl e units .  A  learnin g rul e whic h assume s 

tlia t  th e networ k i s tol d fro m outsid e h o w t o us e al !  o f  it s  unit s i s o f 

limite d interes t  becaus e i t  evade s th e mai n proble m whic h i s t o dis -

cove r  appropriat e representation s fo r  a  give n tas k amon g th e hidde n 

units . 

In statistical terms, the hidden units can be used to represent the 

higher-orde r  statistica l  regularitie s dia t  ar c implici t  i n th e ensembl e o f 

vector s dia t  th e environmen t  cause s i n di e visibl e units .  T h e learnin g 

proble m i s t o decid e h o w bes t  t o us e di e capacit y o f  di e weight s t o 

captur e dii s  higher-orde r  statistica l  stnicture .  I n common-sens e terms . 

di e weight s shoul d b e chose n s o dia t  di e hidde n unit s represen t  sig -

nifican t  semanti c feature s an d th e interaction s a m o n g hidde n unit s 

captur e th e importan t  constraints .  I f  w e m a k e certai n assumption s i t  i s 

possibl e t o deriv e a  measur e o f  ho w effectivel y th e weight s ar e bein g 

used ,  an d i t  i s  als o possibl e t o sho w h o w di e weight s shoul d b e 

change d t o progressivel y improv e dii s measure . 

We assume diat the environment "clamps" a pardcular vector over the 

visibl e unit s an d i t  keep s i t  dier e fo r  lon g enoug h fo r  di e networ k t o 

reac h dierma l  equilibriu m wit h dii s  vecto r  a s a  boundar y conditio n 

(i.e .  t o "interpret "  it) .  W e als o assum e (unrealistically )  dia t  di e dier c i s 

n o structur e i n di e sequentia l  orde r  o f  di e environmentall y clampe d 

vectors .  Thi s mean s dia t  di e complet e stnictur e o f  di e ensembl e o f 

environmenta l  vector s ca n b e specifie d b y givin g th e probability . 

Pi  Va) ,  o f  eac h o f  th e 2 ^  vector s ove r  th e v  visibl e units .  Notic e dia t  th e 

P(Va )  d o no t  depen d o n di e weight s i n th e networ k becaus e di e en -

vironmen t  clamp s th e visibl e units . 

A particular set of weights can be said to constitute a perfect model of 

di e stnictur e o f  di e environmen t  i f  i t  lead s t o exacd y di e sam e prob -

abilit y  distribudo n o f  visibl e vector s w h e n di e networ k i s runnin g 

freel y wit h n o environmenta l  input .  Becaus e o f  di e stochasti c behavio r 

of  di e units ,  di e networ k wil l  wande r  diroug h a  variet y o f  state s eve n 

wid i  n o inpu t  an d i t  wil l  dierefor e generat e a  probabilit y  distribudon , 

^'(Kx) .  ove r  al l  2 "  visibl e vectors .  Thi s distribudo n ca n b e compare d 

wit h di e environmenta l  distribudon .  /X 'a) -  ' "  general ,  i t  wd l  no t  b e 

possibl e t o exacd y matc h di e 2 "  environmentii l  probabilitie s usin g di e 

weight s a m o n g th e v  visibl e an d h  hidde n unit s becaus e dier e ar c a t 

most  0. 5 (v-rh-1 )  ( v + h )  symmetrica l  weight s an d ( v +  h )  diresholds . 

However ,  i t  m a y b e possibl e t o d o ver y wel l  i f  th e environmen t  con -

tain s regularitie s dia t  ca n b e expresse d i n di e weights .  A n informatio n 

theoreti c measur e (Kullback .  1959 )  o f  di e distanc e betwee n di e en -
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vironmcnta l  an d free-runnin g probabilit y  distribution s i s give n by : 

G=Yj\yji»jijf^ (6) 
a \  a / 

wher e J\V^ J i s th e probabilit y  o f  th e a ^  stat e o f  di e visibl e unit s whe n 

thei r  state s ar e determine d b y di e environment ,  an d P'(Va )  ' S tli c 

correspondin g probabilit y  whe n th e networ k i s runnui g freel y wit h n o 

environmenta l  inpu L 

G is never negative and is only zero if die distribudons are idcndcal. It 

i s  possibl e t o improv e th e network' s mode l  o f  th e stioictur e o f  it s  en -

vironmen t  b y changin g di e weight n s o a s t o reduc e G .  I t  ca n b e show n 

diat : 

where;?. is the probability, averaged over all environmental inputs and 

measure d a t  equilibrium ,  dia t  di e i'̂ '  an d j" '  unit s ar e bot h o n whe n di e 

networ k i s bein g drive n b y di e environment ,  an d p', .  i s  th e correspond -

in g probabilit y  whe n tJi e networ k i s fre e nuining . 

One surprising feature of Eq. 7 is Uiat it does not matter whether the 

weigh t  i s  betwee n tw o visibl e units ,  tw o hidde n units ,  o r  on e o f  each . 

Th e sam e rid e applie s fo r  di e gradien t  o f  G .  A n eve n mor e surprisin g 

fac t  i s dia t  ih e gradien t  involve s onl y locall y availabl e information , 

eve n dioug h G  i s a  globa l  propert y o f  di e whol e se t  o f  weight s an d di e 

effec t  o f  on e weigh t  o n G  dicrcfor e depend s o n di e curren t  value s o f 

al l  di e othe r  weights .  Fortunately ,  di e othe r  weight s affec t  p. .  an d /?'. . 

i n jus t  di e right  wa y t o mak e di e dependenc e locall y available . 

Pararrielers for the learning algorithm 

The ability to discover die pardal derivative of G by observing p.. and 

p'. .  doc s no t  completel y determin e di e learnin g algoridim .  I t  i s  sdl l 

necessar y t o decid e ho w muc h t o chang e eac h weight ,  h o w lon g t o 

collec t  co-occurenc e statistic s befor e changin g di e weight ,  h o w man y 

weight s t o chang e a t  a  Ume ,  an d wha t  temperatur e schedul e t o us e 

durin g di e annealin g searches .  Reasonabl e value s fo r  thes e parameter s 

wer e foun d b y tria l  an d error .  FurOie r  discussio n o f  di e effect s o f 

thes e parameter s ca n b e foun d i n Hinton ,  Sejnowsk i  &  Ackle y (1984) . 

A "sweep "  consiste d o f  annealin g 1 6 time s wit h environmentall y deter -

mine d vector s clampe d o n di e visibl e units ,  an d 1 6 time s wid i  n o 

clamping .  Afte r  eac h sweep ,  eac h o f  th e weight s wa s update d wid i  a 

probabilit y  o f  0.5 .  Thi s pardall y asynchronou s updaUn g help s avoi d 

oscillation s i n th e weights .  W h e n a  weigh t  wa s updated ,  i t  wa s alway s 

increase d o r  decrease d b y di e sam e fixe d amount .  Th e sig n o f  di e 

incremen t  wa s determine d b y di e sig n o f  p . -  p'. .  Th e magnitud e o f 

th e weight-ste p wa s 0.2 . 

The annealing schedule started by randomizing the state and dien ran 

fo r  th e followin g time s a t  di e followin g tei.iperatures :  2@2.0 ,  2@1.5 , 

2@1.2.  2@1.0 ,  wher e on e uni t  o f  tim e mean s runnin g di e networ k fo r 

lon g enoug h s o dia t  di e expecte d numbe r  o f  dnie s eac h uni t  i s  picke d 



i s  1 .  Afte r  Llii s  annealing ,  th e networ k wa s assume d l o b e a t  equi -

libriu m a t  a  temperatur e o\ '  1.0 ,  an d wa s lu n fo r  a  fiirtlic r  tim e o f  1 0 

wliil c  co-occurcnc c statistic s wer e collected . 

Conclusion 

One of the major problems \\iili using distributed patterns of activity 

as representation s i s t o choos e th e patterns .  S o m e choice s wor k muc h 

bette r  tha n other s becaus e the y mak e importan t  underlyin g feature s 

explici t  an d thu s the y allo w t!i e physica l  link s i n th e networ k t o captur e 

th e constraint s tha t  characteriz e th e domain .  W e hav e presente d a 

learnin g algoritli m fo r  choosin g representations ,  an d show n tJia t  i t  ca n 

creat e semanti c feature s tlia t  ar c usefu l  fo r  expressin g th e constraint s 

betwee n th e Tiller s o f  tw o slots . 

Acknowledgements 

The research reported here was supported by grants from tlie System 

Developmen t  Foundation .  W e than k Dav e Acklcy ,  Mar k Derthick , 

Scot t  Fahlman ,  Ja y McClelland ,  Dav e Rumelhart ,  an d Pau l  Smolensk y 

fo r  helpfu l  discussions . 

References 

Fahlman, S. E., NETL: A system for representing and using real world 

knowledge .  Cambridge ,  Mass. :  M I T Press ,  1979 . 

Feldman, J.A., «& Ballard, D.H. Conncctionist models and their 

properties .  Cognitiv e Science ,  1982 ,  6,205-254 . 

Hinton, G. E. Implementing semantic networks in parallel hardware. 

I n G .  E .  Hinto n &  J .  A .  Andeiso n (Eds. )  Paralle l  Model s o f  Associativ e 

Memory.  Hillsdale ,  NJ :  Lawrenc e Erlbau m Associates ,  1981.161-187 . 

Hinton, G.E., & Sejnowski, T.J. Analyzing cooperative computation. 

Proceeding s o f  th e Fift h Annua l  Conferenc e o f  th e Cognitiv e Scienc e 

Society .  Rochester ,  N Y ,  M a y 1983 . 

Hinton, G.E., Sejnowski, T.J., & Ackley, D. H. Boltzmann Machines: 

Constrain t  satisfactio n network s tha t  learn .  Technica l  repor t  C M U -

CS-84-119 ,  Carncgic-Mello n University .  M a y 1984 . 

Hopfield, J. J. Neural networks and physical systems with emergent 

collectiv e computationa l  abilities .  Proceeding s o f  th e Nationa l  Academ y 

of  Science s U S A ,  1982 ,  7 9 p p 2554-2558 . 

Kirkpatrick, S. Gelatt, C. D. & Vecchi, M. P. Optimization by simu-

late d annealing .  Science ,  220,671-680 . 

Kullback, S. Information Theory and Statistics. New York: Wiley, 

1959 . 

70 

file:////iili

	cogsci_1984_63-70



