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Abstrac t 

In some tasks (e.g., assigning meanings to ambiguous words) 
humans produc e multipl e distinc t  alternative s i n respons e t o a 
particula r  stimulus ,  apparentl y mirrorin g th e environmenta l 
probabilitie s associate d wit h eac h alternative .  Fo r  thi s purpose , 
a networ k architectur e i s neede d tha t  ca n produc e a  distribu -
tio n o f  outcomes ,  an d a  learnin g algorith m i s neede d tha t  ca n 
lea d t o th e discover y o f  ensemble s o f  connectio n weight s tha t 
reproduc e th e environmentall y specifie d probabilities .  Sto -
chasti c symmetri c network s suc h a s Boltzman n machine s an d 
network s tha t  us e grade d activation s perturbe d wit h Gaussia n 
nois e ca n exhibi t  suc h distribution s a t  equilibrium ,  an d the y 
can b e traine d t o matc h environmentall y specifie d probabilitie s 
usin g Contrastiv e Hebbia n Leaning ,  th e generalize d for m o f 
th e Boltzman n Learnin g algorithm .  Learnin g distribution s 
exact s a  considerabl e computationa l  cos t  a s processin g tim e i s 
used bot h i n settlin g t o equilibriu m an d i n samplin g equilib -
rium  statistics .  Th e wor k presente d her e examine s th e exten t 
of  thi s cos t  an d ho w i t  ma y b e minimized ,  an d produce s speed -
ups o f  roughl y a  facto r  o f  5  compare d t o previousl y publishe d 
results . 

I n recen t  years ,  w e hav e gaine d a n understandin g bot h o f  th e 

power  an d o f  th e limitation s o f  th e backpropagatio n learnin g 

algorith m (MacKay ,  1992 ;  Rumelhart ,  Durbin ,  Golden ,  an d 

Chauvin ,  i n press. )  Backpropagatio n finds  a  se t  o f  weight s 

W suc h tha t  whe n give n som e inpu t  jc,- .  th e networ k wil l  pro -

duc e a n outpu t  y /  tha t  minimize s s o m e measur e o f  th e dififer -

enc e betwee n th e network' s outpu t  an d th e desire d outpu t  5 , 

(ofte n construe d a s th e "environment") .  Th e relationshi p 
betwee n I, -  an d 5 ,  m a y b e stochastic ,  an d 5, -  m a y hav e a  wid e 

rang e o f  distributions ,  bu t  th e network' s tas k i s deterministic . 

If ,  give n th e shap e o f  5,- ,  th e appropriat e activatio n function s 

and erro r  measure s ar e used ,  th e m i n i m u m valu e o f  th e erro r 
measur e i s obtaine d whe n y, -  i s  equa l  t o th e expecte d valu e 

of  dj .  Thi s expecte d valu e i s essentiall y a  deterministi c func -

tio n o f  th e inpu t  I n s o m e cases ,  suc h expecte d value s m a y b e 

sufficient ,  bu t  fo r  th e purpos e o f  modelin g huma n perfor -

mance,  o r  fo r  th e purpos e o f  adequatel y characterizin g a 

wid e rang e o f  input-outpu t  functions ,  th e expecte d value s o f 

th e individua l  outpu t  value s hav e seriou s limitation s (se e 
Movella n an d McClelland ,  199 3 fo r  discussion) .  A s on e 

example ,  i f  w e as k h u m a n subject s t o generat e definition s o f 

polysemou s word s suc h a s ban k o n a  numbe r  o f  differen t 

occasions ,  subject s wil l  c o m e u p wit h differen t  meanings . 

and eac h meanin g wil l  hav e a  frequenc y approximatel y 

equa l  t o it s frequenc y o f  use .  Adoptin g a s w e d o a  parallel -

distribute d processin g perspectiv e o n th e natur e o f  th e repre -

sentation s used ,  w e assum e tha t  eac h meanin g correspond s 

t o a  distribute d patter n o f  activatio n ove r  a  populatio n o f 

units .  Th e fac t  tha t  peopl e produc e a  numbe r  o f  differen t 

meaning s suggest s tha t  th e populatio n setUe s t o a  numbe r  o f 

differen t  patterns ,  rathe r  tha n simpl y t o th e patter n tha t  repre -

sent s th e expecte d valu e o f  eac h uni t  involve d i n th e repre -
sentation .  Whil e thi s behavio r  ca n b e accounte d fo r  eithe r  b y 

trul y stochasti c processin g o r  b y effectivel y rando m contex -

tua l  influences ,  capturin g th e distributio n o f  pattern s rathe r 

tha n thei r  expecte d value s i s key . 

Recently ,  som e progres s ha s bee n m a d e int o thi s problem . 

Movella n an d McClellan d (1993 )  studie d a  clas s o f  network s 

k n o w n a s symmetri c diffusio n net s (SDNs )  an d wer e abl e t o 

demonstrat e th e abilit y t o lear n t o produc e distinc t  outpu t 

pattern s wit h probabilitie s correspondin g t o thei r  relativ e fire-

quenc y i n th e trainin g environmen t  S D N s ar e simila r  t o 

Boltzman n machine s i n tha t  the y m a k e us e o f  symmetrica l 

connections ,  bu t  diffe r  i n tha t  th e unit s us e continuous-val -

ued activation s perturbe d b y Gaussia n noise : 

A a ,  =  X  (nel -  -  neti )  +  o J X Z -  (E Q 1 ) 

Here X is a time constant, neti is the net input (a^w), Z,- is a 

standar d independen t  rando m Gaussia n variable ,  a  control s 

th e amoun t  o f  noise ,  an d net i  ' S a  scale d versio n o f  th e 

invers e (generalized )  logisti c fiuictio n give n by : 

1 , 
net i  =  — — ^ o& 

gain . 

fa:-mm \ 

max — a -
( E Q 2 ) 

wher e m a x an d mi n boun d th e activatio n values .  I n th e 

absenc e o f  nois e th e activation s settl e t o value s equa l  t o th e 

generalize d logisti c o f  th e ne t  input ;  i n th e presenc e o f  nois e 

activation s ar e subjec t  t o permrbation s bot h durin g settlin g 
and a t  equilibrium ;  a t  equilibriu m th e probabilit y  o f  finding 

th e networ k i n a  particula r  stat e i s proportiona l  t o th e expo -

nentia l  o f  th e Goodnes s o f  th e stat e (se e Movella n an d 

McClelland .  1993 ,  fo r  details) . 

Bot h Boltzman n machine s an d SDN' s ca n b e traine d t o 

reproduce  desire d distribution s o f  outpu t  state s usin g wha t 

Gallan d an d Hinto n (1989 )  cal l  th e 'Contrastiv e Hebbia n 

Learnin g Algorithm '  ( C H L ) .  C H L i s th e genera l  versio n o f 
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Figur e 1 :  Figur e 1 :  Architectur e an d I/ O pattern s use d i n Movella n an d McClelland' s (1993 )  translatio n proble m 

th e Boltzman n algonthm ;  th e networ k i s ru n i n tw o phases ,  a 

minu s phas e i n whic h onl y inpu t  unit s ar e clamped ,  an d a 

plu s phas e i n whic h inpu t  an d outpu t  unit s ar e clamped . 

Weight s ar e adjuste d accordin g to : 

^ '^v = ^ (^x>d(«,«y) - ^.^<'fl)'^ (EQ 3) 

where e is the learning rate parameter, o is the standard devi-

atio n o f  th e noise ,  a, -  an d a ,  ar e th e activation s o f  unit s /  an d y , 
X i s th e vecto r  o f  inputs ,  y  i s th e vecto r  o f  outputs ,  E ^ ^  i s 

th e expecte d valu e calculate d durin g th e plu s phase ,  an d E ^ 

i s  th e expecte d valu e calculate d i n th e minu s phase .  I n prac -
tic e th e expecte d value s ar e estimate d b y settlin g repeatedl y 
t o equilibriu m i n eac h phas e an d averagin g a  sampl e th e rel -

evan t  co-product s collecte d a t  equilibrium . 
The Contrastiv e Hebbia n algorithm ,  whe n use d wit h eithe r 

typ e o f  stochastic ,  symmetri c network ,  minimize s a  quantit y 
known a s th e informatio n gai n (IG) .  I n th e presen t  paper ,  w e 

ar e concerne d wit h th e proble m o f  learnin g t o settl e t o on e o f 
a smal l  numbe r  o f  discret e alternatives .  Fo r  thi s case ,  eithe r 
th e Boltzman n machin e o r  th e S D N ca n i n principl e b e used . 

Here w e focu s o n th e S D N ,  i n par t  becaus e it s us e o f  grade d 

activation s appear s t o captur e a  ke y aspec t  o f  huma n infor -
matio n processin g (McClelland ,  1993) ,  whic h i s ou r  ultimat e 
concern .  Fo r  th e cas e o f  discret e alternatives ,  th e informatio n 

gai n becomes : 

alt s 
In 

f̂ d(y ) (EQ4) 

Where th e stat e o f  th e outpu t  unit s  i s considere d t o b e equiv -
alen t  t o th e desire d stat e i f  th e activatio n o f  eac h outpu t  uni t 

i t  withi n som e toleranc e o f  th e valu e specifie d i n th e desire d 
outpu t  pattern .  Th e quantit y show n i n Equatio n 4  i s mea -
sure d separatel y fo r  eac h inpu t  pattern ;  th e su m ove r  al l 
input s i s calle d th e Tota l  Informatio n Gai n (TIG) . 

A ke y propert y o f  C H L i s th e fac t  tha t  th e network' s posi -
tio n o n th e erro r  surfac e (an d therefor e th e curren t  T I G an d 

Aw)  mus t  b e determine d b y a  proces s o f  sampling .  Samplin g 

can b e though t  o f  a s producin g estimate s o f  th e tru e T I G an d 

Aw.  Thi s ha s tw o implications .  First ,  i f  w e us e a n estimat e o f 

T I G a s a  measur e o f  performance ,  w e mus t  kee p i n min d tha t 

i t  i s a n estimat e o f  performanc e an d thereb y limite d i n it s 

accurac y t o th e expecte d varianc e i n th e estimate .  Second ,  i n 

orde r  t o generat e a  estimate d A w vecto r  tha t  accuratel y dem -

onstrate s th e erro r  gradient ,  w e nee d a n adequat e sampl e o f 
th e gradient .  No t  onl y mus t  th e networ k g o throug h a  settlin g 

process ,  bu t  th e proces s mus t  b e extende d an d repeate d sev -

era l  time s t o generat e accurat e statistics .  Fo r  example ,  M & M 
us e a  smal l  'translation '  problem ,  describe d below .  I n thi s 

simulation ,  the y use d twent y settle s o f  a  hundre d cycle s (5 0 
of  settlin g t o equilibriu m an d 5 0 fo r  calculatin g statistics )  pe r 

inpu t  patter n pe r  phas e pe r  epoch ,  fo r  a  tota l  o f  48,00 0 

update s o f  th e entir e network' s activatio n i n a  singl e epoch . 

I f  thes e value s represen t  wha t  i s actuall y neede d t o lear n 
probabilit y  distributions ,  thi s seriousl y limit s th e appea l  o f 
C H L,  bot h from  th e poin t  o f  vie w o f  tractabilit y  an d from  th e 

poin t  o f  vie w o f  psychologica l  plausibility .  Fro m a  psycho -
logica l  poin t  o f  vie w on e assume s tha t  informatio n process -
in g involve s som e settling ,  bu t  th e suggestio n tha t  a  fairl y 
larg e numbe r  o f  separat e repeat s o f  th e settlin g proces s i s 

neede d t o estimat e th e directio n o f  th e gradien t  i s somewha t 
troubling :  i t  effectivel y amount s t o a  dramati c increas e i n th e 

number  o f  passe s throug h o f  th e trainin g environmen t  tha t 
ar e require d fo r  learning .  Fo r  man y problems ,  bac k propaga -
tio n i s surel y alread y slo w enough ! 

Th e wor k presente d her e wa s motivate d b y th e desir e t o 
appl y C H L t o psychologica l  problem s i n whic h human s d o 
selec t  on e o f  a  numbe r  o f  distinc t  alternatives .  Fo r  C H L t o b e 

a viabl e learnin g algorith m fo r  suc h problems ,  a n under -
standin g o f  whic h parameter s hav e th e larges t  effec t  o n 

learnin g spee d i s vital .  Thi s pape r  reflect s severa l  step s w e 
hav e take n towar d developin g suc h a n understanding .  W e 
us e th e M & M ' s translatio n proble m t o examin e th e rol e o f 

th e numbe r  o f  repea t  settles ,  th e amoun t  o f  nois e i n process -
in g a s wel l  a s i n th e units '  initia l  activations ,  an d th e numbe r 
of  cycle s pe r  settl e wit h th e ai m o f  optimizin g th e algorith m 

fo r  us e i n connectionis t  modeling .  W e find  tha t  considerabl e 
optimizatio n i s possibl e whe n thi s i s  done ,  an d tha t  simula -
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Figur e 2 :  Effec t  o f  th e numbe r  o f  settle s o n trainin g time .  Figur e 2  A  show s th e tota l  informatio n gai n a s a  functio n o f  epoch s 

of  trainin g fo r  a  typica l  networ k i n th e baselin e condition .  Figur e 2 B show s th e sam e networ k traine d wit h 6  a s oppose d t o 

2 0 settle s pe r  patter n pe r  epoch .  Not e tha t  whil e noisier ,  th e shap e o f  th e curv e i s identical .  Figur e 2 C demonstrate s tha t  durin g 

initia l  training ,  th e sourc e o f  thi s nois e i s primaril y i n th e estimat e o f  th e curren t  T I G no t  i n th e learnin g itself . 

lion s o f  th e complexit y require d b y psychologica l  model s 

become possible . 

The Translation Problem 

The main simulations presented here used M&M's transla-

tio n problem ,  designe d t o tes t  a n algorithm' s abilit y  t o lear n 

t o dea l  wit h a  probabilisti c  environmen t  i n whic h a n inpu t 

has possibl y mor e tha n on e output .  Th e translatio n proble m 

has a  networ k translat e "words "  (8-bi t  rando m patterns )  fro m 

one "language "  (laye r  o f  units )  t o another .  I n thei r  example , 

th e networ k wa s t o translat e Spanis h word s t o an d fro m thei r 

Englis h counterpart s (se e Figur e 1. )  Wha t  make s thi s prob -

le m interestin g i s th e lac k o f  a  one-to-on e correspondenc e 

betwee n th e Englis h an d Spanis h words .  Fo r  example ,  th e 

Englis h wor d "oUve "  ha s tw o Spanis h counterparts ,  "oliva " 

(derive d fro m Latin )  an d "aceituna "  (derive d fro m Arabic. ) 

I f  give n eithe r  "oliva "  o r  "aceituna "  th e networ k shoul d 
respon d wit h "olive. "  However ,  i f  give n "olive "  th e networ k 

i s suppose d t o respon d wit h "aceituna "  7 0 % o f  th e tim e an d 

"oliva "  3 0 % o f  th e time .  Th e averag e o f  th e tw o o r  a  rando m 

selectio n o f  bit s from  eac h i s no t  a  vali d response .  Th e archi -

tecture ,  I/ O mapping ,  an d desire d probabilitie s ar e presente d 

i n Figur e 1 . 

Baseline condition 

M&M broke learning into two stages, an initial stage 

designe d t o achiev e approximat e matchin g o f  th e desire d 

distributio n an d a  final  phas e designe d t o achiev e virtuall y 

exac t  matching .  W e hav e concentrate d o n th e first  stage , 

usin g M & M ' s parameter s fo r  thi s stag e a s a  baselin e condi -

tion :  a  timeste p (X )  o f  0.1 ,  a  learnin g rat e (e )  o f  0.01, '  a  nois e 

constan t  (a )  o f  0.1 ,  2 0 settlin g repeat s pe r  pattern ,  zeroin g 

1.  I n th e tex t  o f  th e article ,  0.002 5 wa s th e specifie d e ,  bu t  th e actua l 
valu e employe d wa s 0.01 . 

th e network' s activatio n betwee n settles ,  5 0 activatio n cycle s 

of  initia l  settling ,  5 0 cycle s fo r  gatherin g statistics ,  an d a 

stoppin g criterio n o n th e T I G o f  0.1 .  Th e toleranc e fo r  uni t 

activation s wa s se t  t o 0.8 .  Sinc e th e desire d activation s use d 

i n eac h patter n wer e ±0.9 ,  thi s mean t  tha t  th e outpu t  ha d t o 

fal l  withi n th e right  come r  o f  th e 8-dimensiona l  hypercub e 

define d b y th e activation s o f  th e outpu t  unit s b y a t  leas t  0. 1 

on eac h unit ,  i n orde r  t o b e take n a s a  matc h t o a  particula r 

desire d output .  N o m o m e n t u m wa s used . 

A typica l  learnin g curv e showin g TI G a s a  functio n o f 

epoch s i s show n i n Figur e 2A^ :  Clearly ,  th e learnin g i n thi s 

conditio n i s relativel y smoot h an d fairl y rapi d usin g epoch s 

as a  measur e o f  trainin g time .  O n e interestin g aspec t  o f  th e 

learnin g i s tha t  fo r  th e las t  7 5 epoch s o r  so ,  th e network' s 

averag e performanc e remain s clos e t o th e minimum ,  thoug h 

ther e i s som e variability .  Thi s variabiUt y ca n com e from  tw o 

sources .  Eithe r  th e actua l  T I G tha t  th e networ k produce s 

acros s epoch s varie s (sinc e th e weight s var y fro m epoc h t o 

epoch) ,  o r  ou r  estimat e o f  th e actua l  TI G varie s acros s 

epochs .  Give n a  reasonabl e learnin g rate ,  th e latte r  i s  th e pri -

mary sourc e o f  variabiUt y i n th e TI G measure ,  whic h open s 

th e doo r  fo r  significan t  optimization . 

Coarse Estimates of the Error Gradient 

If the network never moves very far along the error surface 

on an y give n weigh t  update ,  i t  stand s t o reaso n tha t  w e migh t 

be abl e t o us e a  ver y coars e estimat e o f  th e weight-chang e 

vecto r  t o driv e learning .  Sinc e a  coars e estimat e i s computa -

tionall y cheap ,  w e shoul d b e abl e t o spee d trainin g consider -

ably .  Thi s ide a i s simila r  t o th e basi s o f  Manhatta n updating , 

whic h ca n b e quit e effectiv e i n th e earl y stage s o f  training . 

2.  For this and almost all subsequent simulations, a trio of networks 
startin g wit h thre e differen t  set s o f  startin g weight s wer e ru n 
Ther e wer e n o notabl e difference s betwee n th e thre e set s i n an y 
of  th e conditions . 
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Figur e 2 B s h o w s th e resul t  o f  trainin g th e s a m e networ k 

from  Figur e 2 A bu t  usin g onl y si x  settle s pe r  patter n instea d 

of  twenty .  Whi l e th e tai l  o f  th e grap h certainl y show s m o r e 

noise ,  thei r  basi c shape s ar e th e s a m e .  K e e p i n m in d tha t 

give n a  sampl e siz e o f  onl y six ,  w e expec t  t o se e m o r e vari -

anc e i n th e T I G tha n wit h a  sampl e siz e o f  twent y eve n i f  th e 

network s ar e i n th e s a m e positio n i n weigh t  space .  Tha t  i s t o 

say tha t  th e tw o network s s h o w n i n Figure s 2 A an d 2 B coul d 

be followin g nearl y identica l  trajectorie s throug h weight -

spac e an d th e networ k i n 2 B wou l d naturall y loo k noisier . 

Thi s poin t  i s  demonstrate d b y th e trainin g curv e s h o w n i n 

Figur e 2 C .  Here ,  th e s a m e networ k w a s traine d usin g th e A w 

generate d fro m si x settles ,  bu t  th e T I G plotte d w a s generate d 

by testin g th e networ k withou t  learnin g fo r  twent y settle s a t 

ever y epoch .  Clearly ,  th e tai l  o f  th e grap h s h o w s m o r e nois e 

tha n th e baselin e condition ,  and ,  b y chanc e i t  doesn' t  happe n 

upo n a  T I G sampl e be lo w th e 0. 1 stoppin g criterio n b y 3 0 0 

epochs .  Equall y clear ,  however ,  i s  tha t  durin g th e initia l 

stag e o f  training ,  si x  settle s pe r  patter n i s  almos t  indistin -

guishabl e from  2 0 settle s pe r  patter n w h e n th e varianc e i n 

th e estimat e o f  th e curren t  T I G i s controlle d for . 

For  ou r  purpose s o f  demonstratin g optimizatio n o f  th e 

trainin g time ,  ther e ar e t w o problems .  First ,  th e a m o u n t  o f 

tim e t o ru n a n epoc h i s  base d o n th e n u m b e r  o f  cycle s pe r 

settl e an d th e n u m b e r  o f  settle s pe r  pattern .  Sinc e bot h vari -

able s ar e t o b e manipulated ,  w e repor t  trainin g tim e i n thou -

sand s o f  cycle s pe r  patter n (kCs) .  Second ,  th e T I G stoppin g 

criterio n o f  0. 1 i n a  singl e epoc h introduce s a  hig h degre e o f 

variabilit y i n th e apparen t  stoppin g time ,  an d actuall y corre -

spond s t o a  s o m e w h a t  highe r  tru e T I G .  Fo r  m o r e stabl e c o m -

parison s acros s runs ,  w e adopte d a  criterio n o f  a  2.6 4 

averag e ove r  five  epochs .  Thi s correspond s t o producin g 

eac h correc t  outpu t  patter n wit h a  probabilit y  tha t  i s  withi n 

2 0 % o f  it s  probabilit y a s specifie d i n th e trainin g corpus . 

Tabl e 1  show s th e trainin g tim e fo r  bot h th e origina l  an d 

th e si x settl e conditions ,  an d w e ca n n o w se e th e meri t  o f  thi s 

approach .  Trainin g tim e ha s bee n cu t  b y ove r  5 0 % .  Lik e th e 

M & M network ,  thi s ne t  i s  read y t o b e fine-tuned  t o cleanl y 

matc h th e desire d outpu t  distributions .  Al l  subsequen t  net -

work s wer e traine d usin g si x settle s pe r  pattern . 

Table 1: Training Times 

Conditio n 

Origina l  (20 ) 

6 settle s 

trai n 6  /  tes t  2 0 

10 init/I O Sta t  eye . 

30/3 0 cycle s 

Epoc h 

100 

144 

105 

263 

158 

kCs 

200 

86 

-6 3 

52 

57 

Conditio n 

50/1 0 cycle s 

30/5 0 cycle s 

50/3 0 cycle s 

100/10 0 eye . 

Fina l 

Epoc h 

157 

135 

153 

99 

103 

kCs 

57 

65 

69 

118 

37 

Figur e 3 :  Effec t  o f  nois e i n processin g an d nois e i n 

th e startin g positio n o n trainin g time . 

Role of Noise 

Without some source of variability to make the settling pro-
ces s stochastic ,  a  networ k canno t  settl e int o differin g output s 
when presente d a  singl e input .  It' s  a  trivia l  statement ,  fo r  b y 

definition ,  it' s a n impossibl e problem .  However ,  determinin g 

th e optima l  sourc e o f  variabilit y  an d th e optima l  amoun t  o f 

variabilit y  i s  fa r  fro m trivial .  Her e w e examin e th e effec t  o f 

nois e i n tw o relativel y standar d locations :  nois e i n th e activa -
tio n functio n an d nois e i n th e startin g positio n o f  th e networ k 
i n activatio n space .  Whil e no t  a n exhaustiv e lis t  o f  place s w e 

migh t  ad d nois e t o brea k th e symmetr y o f  th e settlin g pro -

cess ,  th e result s ar e basi c enoug h tha t  generalizatio n t o othe r 

source s o f  nois e should  b e possible . 

Noise in the Activation Function 

When considering the amount of noise to be added to the 
activatio n function ,  ther e ar e a t  leas t  tw o conflictin g goals . 

If ,  a s i n M & M ' s network ,  th e onl y sourc e o f  nois e i s i n th e 
activatio n functio n (th e a Z ter m i n Equatio n 1 )  i t  mus t  b e o f 

sufficien t  magnitud e t o le t  th e networ k visi t  differen t  attrac -
tor s s o tha t  i t  m a y generat e th e desire d probabilit y  distribu -
tion .  However ,  workin g agains t  thi s desir e fo r  stochasti c 

processin g i s th e nee d t o remai n stabl e enoug h t o generat e 
reliabl e statistics .  Simulation s usin g n o nois e i n th e startin g 
positio n bu t  o  value s o f  0.0 ,  0.1 ,  0.2 ,  0.5 ,  0.8 ,  an d 1. 0 sup -

por t  thi s notio n o f  a  trade-of f  i n th e idea l  amoun t  o f  noise . 
No nois e give s th e expecte d resul t  o f  failin g t o lear n th e 1- 2 

mapping s an d th e extrema l  value s o f  0. 8 an d 1. 0 bot h sho w 
slowe d an d incomplet e learning . 

Noise in the Starting Position 

W h en th e T I G an d correspondin g weigh t  chang e vecto r  ar e 

calculated ,  th e network' s estimate d outpu t  distribution s ar e 
compute d acros s cycle s an d settles ,  givin g th e networ k th e 

opportunit y t o exhibi t  th e desire d distributio n o f  outpu t 
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House (1-1 ) Oliv e (1-2 ) 

A ) 

100 15 0 20 0 
Cycle s 

300 100 15 0 20 0 25 0 30 0 
Cycle s 

B ) 

nciih c 
secondary 

neithe r 
primar y 

secondar y 

F igur e 4 :  Settlin g behavio r  o f  th e networ k w h e n give n a  1- 1 m a p p i n g a s inpu t  (e.g .  "house" )  an d a 

1- 2 m a p p i n g (e.g .  "olive") .  Figur e 3 A s h o w s th e varianc e i n positio n i n activatio n spac e i n a  te n 

cycl e w i n d o w durin g settlin g an d Figur e 3 B s h o w s th e percentag e o f  settle s tha t  ar e insid e eithe r 

attracto r  a s a  functio n o f  th e n u m b e r  o f  cycle s o f  settling . 

state s i n t w o possibl e w a y s .  L ik e th e B o l t z m a n n mach ine , 

th e networ k coul d j u m p be twee n th e n  desire d state s wit h th e 

appropriat e probabilities/j „  withi n a  singl e settle .  O r ,  th e net -

w o r k coul d settl e t o a  singl e attracto r  wit h probabilit y p „  an d 

thereb y generat e th e distributio n acros s settles .  A  predictio n 

o f  th e forme r  i s tha t  nois e i n th e startin g positio n shoul d hav e 

littl e effec t  o n learning ,  wherea s th e latte r  migh t  predic t  a 

significan t  effect ,  especiall y w h e n a  i s small . 

W h at  w e find  w h e n w e trai n network s usin g startin g acti -

vation s range s o f  ±0. 1 an d ±0. 9 an d a  value s o f  0.0 ,  0.1 ,  0.2 , 

0.5 ,  0.8 ,  an d 1. 0 i s tha t  ther e i s evidenc e t o suppor t  th e con -
clusio n tha t  th e networ k i s generatin g th e distribution s acros s 

settles .  Fo r  larg e value s o f  o ,  nois e i n th e startin g positio n 

ha s n o effec t  a s i t  i s  quickl y s u b s u m e d b y th e nois e i n th e 

activatio n function .  H o w e v e r ,  w h e n a  i s smal l  (an d espe -

ciall y w h e n zero) ,  r a n d o m startin g position s hel p th e net -

w o r k considerabl y b y  allowin g i t  t o for m trajectorie s f ro m 

startin g region s i n activatio n spac e t o th e desire d attractors . 

We ca n se e th e effec t  o f  thi s trade-of f  i n Figur e 3  w h e r e 
th e trainin g time s t o criterio n ar e plotte d a s a  functio n o f  a 

an d nois e i n th e startin g position .  W h e n w e e x a m i n e th e set -

tUn g behavio r  o f  th e networ k closely ,  w e d o find,  i n fact ,  tha t 

i t  i s  extremel y unlikel y fo r  th e networ k t o j u m p fro m on e 

desire d stat e t o another .  E v e n wit h larg e a m o u n t s o f  nois e i n 

th e activatio n function ,  th e networ k settle s toward s o n e 

attracto r  an d generate s th e distribution s acros s settles .  Figur e 

4 A an d 4 B s h o w th e settlin g behavio r  o f  a  networ k traine d 

fo r  10 0 epoch s usin g a  a  o f  0. 2 an d startin g activatio n range s 

of  ±0.9. ^  I n bot h figures,  th e traine d networ k w a s presente d 

"house "  ( a 1- 1 m a p p i n g )  an d "olive "  ( a 1- 2 mapp ing )  an d 

al lowe d t o settl e 10 0 time s whil e th e network' s activatio n 

w as monitored." *  I n Figur e 4 A ,  w e plo t  th e varianc e i n a  slid -

in g te n cycl e w i n d o w ,  average d acros s th e 10 0 settles .  W h a t 

thi s s h o w s i s tha t  fo r  bot h 1- 1 an d 1- 2 mapp ings ,  th e amoun t 

o f  chang e i n positio n i n activatio n spac e drop s of f  rapidl y 

durin g settUng .  Tha t  i s t o sa y tha t  withi n a  give n settle ,  th e 

networ k settle s t o a  fixed  poin t  withi n 5 0 cycle s an d remain s 

i n tha t  attractor ,  eve n i f  th e desire d outpu t  distributio n i s no t 

unimodal .  H o w e v e r ,  a s Figur e 4 3 demonstrates ,  w h e n w e 

loo k a t  th e distributio n o f  outpu t  state s relativ e t o th e desire d 

attractor(s )  a s a  functio n o f  settfin g time ,  w e se e tha t  acros s 

settles ,  th e networ k generate s th e desire d distributio n o f 

state s quit e well . 

I n fact ,  thi s settlin g behavio r  suggest s tha t  i f  w e kee p th e 

n u m b er  o f  initia l  settlin g cycle s wher e i t  is ,  w e ca n cu t  th e 

n u m b er  o f  subsequen t  statistica l  generatio n cycle s sharpl y 

an d gai n a  significan t  spee d increase .  Wh i l e w e d o reac h a 

3.  Othe r  nois e parameter s includin g 0=1. 0 an d startin g activation s 
of  0. 0 sho w th e sam e basi c effect ,  thoug h th e dat a ar e noisier . 

4.  I n thi s networ k th e oliv e - » oliv a an d aceitun a wa s traine d o n a 
50/5 0 no t  30/7 0 mapping . 
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poin t  o f  diminishin g returns .  Tabl e 1  show s tha t  a n addi -

tiona l  1 5 % spee d increas e i s quit e feiisible . 

Fro m thi s data ,  w e ca n mak e tw o basi c conclusion s abou t 

th e effec t  o f  nois e durin g training .  First ,  a  littl e goe s a  lon g 

way:  i t  take s ver y littl e nois e t o allo w th e networ k t o behav e 
stochastically ,  an d to o muc h nois e i s harmful .  Second ,  wher e 

th e nois e come s from ,  whil e no t  vital ,  ca n certainl y affec t 

trainin g time .  A s w e sa w from  Figur e 3 ,  hig h value s o f  nois e 

i n th e startin g positio n an d lo w value s i n th e activatio n func -

tio n produc e th e fastes t  learning . 

Putting it all Together 

Now that we have an understanding of the individual opti-

mizin g effect s o f  coars e statistics ,  limite d settlin g time ,  an d 

noise ,  i t  i s  usefu l  t o se e ho w the y wor k together .  A  final 

serie s o f  network s wa s traine d usin g si x settles ,  a  o f  0.1 ,  ini -

tia l  activation s rangin g betwee n ±0.9 ,  5 0 cycle s o f  initia l  set -

tlin g an d 1 0 o f  statisti c collection .  Compare d wit h th e 

200kCs require d i n M & M ' s origina l  simulation ,  thi s networ k 
reache d criterio n i n onl y 37kC s -  a  speedu p o f  8 2 % o r 

roughl y a  facto r  o f  5 .  Th e nex t  ste p i s t o trai n network s t o 

lea m substantiall y  large r  problems.  S o fa r  th e result s ar e 
quit e promising :  W e hav e bee n abl e t o trai n a  numbe r  o f 

large r  network s o f  varyin g architecture s t o generat e proba -

bilit y  distribution s a s output s whe n th e initia l  trainin g wa s 
done usin g coars e estimate s o f  th e erro r  gradient .  On e suc h 

networ k consiste d o f  2 3 inpu t  units ,  4 0 hidde n units ,  an d 5 0 

outpu t  unit s an d wa s traine d o n a  spelling-to-meanin g prob -

le m lik e tha t  studie d b y Hinto n an d Shallic e (1991) .  Th e 
trainin g corpu s consiste d o f  2 1 word s wit h on e meanin g an d 
15 word s wit h tw o distinc t  meanings .  Th e networ k reache d a 
stoppin g criterio n comparabl e t o tha t  use d fo r  th e translatio n 

proble m i n 101 4 epochs ,  o r  a  tota l  o f  60 8 kCs .  I f  give n a n 
opportunit y t o fine  tun e it' s weight s durin g severa l  epoch s o f 
subsequen t  trainin g wit h mor e accurat e estimate s o f  th e gra -
dient ,  thi s network ,  an d al l  th e other s we'v e examined ,  sho w 
no advers e sid e effect s o f  th e initia l  coars e training . 

assistin g learnin g usin g gradient s base d o n a  smal l  sample . 
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Conc lus i on s 

A number of general conclusions can be drawn from this 
research .  Firs t  an d foremost ,  despit e th e dauntin g theoretica l 

computationa l  need s o f  C H L ,  i t  ca n b e optimize d s o tha t 
probabilit y  distribution s ca n b e learne d i n a  reasonabl e 
iunoun t  o f  time .  Althoug h accurat e statistic s ma y cal l  fo r  a 
large r  numbe r  o f  settle s pe r  patter n pe r  epoch ,  learnin g ca n 
progres s u p t o al l  bu t  th e fine  tunin g stag e us e th e coars e esti -

mate o f  th e erro r  gradien t  generate d wit h a  smal l  numbe r  o f 
settles .  Th e rapi d settlin g behavio r  an d lac k o f  a  within-settl e 
distributio n o f  output s allo w u s t o us e a  limite d numbe r  o f 
cycle s withi n eac h settle ,  furthe r  speedin g learning .  Further -
more ,  whil e nois e i n th e networ k need s t o b e present ,  i t  ca n 
come fro m variou s source s an d it s magnitud e ca n b e small . 
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