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A B S T R A CT 

Concepts can be represented by distributed pat-

tern s o f  activit y i n network s o f  neuron-lil< e units . 

One advantag e o f  thi s kin d o f  representatio n i s 

tha t  i t  lead s t o automati c generalization .  W h e n 

th e weight s i n th e networ k ar e change d t o incor -

porat e ne w knowledg e abou t  on e concept ,  th e 

change s affec t  th e knowledg e associate d wit h 

othe r  concept s tha t  ar e represente d b y simila r 

activit y patterns .  Ther e hav e bee n numerou s 

demonstration s o f  sensibl e generalizatio n whic h 

hav e depende d o n th e experimente r  choosin g 

appropriatel y simila r  pattern s fo r  differen t  con -

cepts .  Thi s pape r  show s ho w th e networ k ca n 

be mad e t o choos e th e pattern s itsel f  whe n 

shown a  se t  o f  proposition s tha t  us e th e con -

cepts .  I t  choose s pattern s whic h mak e explici t 

th e underlyin g feature s tha t  ar e onl y implici t  i n 

th e proposition s i t  i s shown . 

componentia l  approac h eac h concep t  i s simpl y a 

set  o f  feature s an d s o a  neura l  ne t  ca n b e mad e 

t o implemen t  a  se t  o f  concept s b y assignin g a 

uni t  t o eac h featur e an d settin g th e strength s o f 

th e connection s betwee n unit s s o tha t  eac h con -

cep t  correspond s t o a  stabl e patter n o f  activit y 

distribute d ove r  th e whol e networ k (Hopfield , 

1982 ;  Kohonen ,  1977 ;  Willshaw ,  Buneman ,  & 

Longuet-Higgins ,  1969) .  Th e networ k ca n the n 

perfor m concep t  completio n (i.e .  retriev e th e 

whol e concep t  fro m a  sufficien t  subse t  o f  it s 

features) .  Th e proble m wit h componentia l 

theorie s i s tha t  the y hav e littl e t o sa y abou t  ho w 

concept s ar e use d fo r  structure d reasoning . 

They ar e primaril y concerne d wit h th e 

similaritie s betwee n concept s o r  wit h painvis e 

associations .  The y provid e n o obviou s wa y o f 

representin g articulate d structure s compose d o f 

a numbe r  o f  concept s playin g differen t  role s 

withi n th e stnjcture . 

1:  T w o s impl e theorie s o f 

neura l  representatio n 

There have been many different proposals for 

how conceptua l  infomnatio n ma y b e represente d 

i n neura l  networks .  Thes e rang e fro m extrem e 

localis t  theorie s i n whic h eac h concep t  i s 

represente d b y a  singl e neura l  uni t  (Barlow , 

1972 )  t o extrem e distribute d theorie s i n whic h a 

concep t  correspond s t o a  patter n o f  activit y ove r 

a larg e par t  o f  th e cortex .  Thes e tw o extreme s 

ar e th e natura l  implementation s o f  tw o differen t 

theorie s o f  semantics .  I n th e structuralis t  ap -

proach ,  concept s ar e define d b y thei r  relation -

ship s t o othe r  concept s rathe r  tha n b y som e in -

terna l  essence .  Th e natura l  expressio n o f  thi s 

approac h i n a  neura l  ne t  i s  t o mak e eac h con -

cept  b e a  singl e uni t  wit h n o interna l  structur e 

and t o us e th e connection s betwee n unit s t o en -

cod e th e relationship s betwee n concepts .  I n th e 

2 :  Ro le-spec i f i c  un i t s 

One way of using neural nets to implement ar-

ticulate d structure s o f  th e kin d show n i n th e 

semanti c ne t  formalis m i n figur e 1  a  i s t o assig n 

a grou p o f  neura l  unit s t o eac h possibl e rol e an d 

t o mak e th e patter n o f  activit y o f  th e unit s i n tha t 

grou p represen t  th e concep t  tha t  fill s  th e rol e 

(Hinton ,  1981) .  Eac h uni t  the n represent s th e 

conjunctio n o f  a  rol e wit h a  featur e o f  th e con -

cep t  fillin g tha t  rol e (e.g .  a  uni t  migh t  b e activ e if f 

th e agen t  i s  male) .  A  propositio n ca n the n b e 

represente d b y a  stabl e combinatio n o f  rol e 

filler s a s show n i n figur e lb .  Thi s i s a  fun -

damentall y differen t  metho d o f  representatio n 

fro m eithe r  o f  th e tw o mor e obviou s method s 

describe d above .  I t  ha s th e interestin g propert y 

tha t  th e ver y sam e concep t  wil l  hav e quit e dif -

feren t  representation s whe n i t  i s playin g differen t 

roles . 
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T h e us e o f  multipl e differen t  representation s o f 

th e s a m e cx>ncep t  appear s t o b e a  seriou s fla w 

fo r  tw o reasons :  First ,  I t  appear s t o b e un -

economical .  Second ,  i t  i s  no t  clea r  h o w w e 

k n o w tha t  J o h n I n th e representatio n o f  "Joh n hi t 

M a r y "  ha s anythin g t o d o wit h Joh n i n th e 

representatio n o f  "Mar y divorce d John" . 

The economic considerations are complex. The 

"obvious "  w a y t o represen t  tha t  Joh n i s th e 

agen t  o f  a  certai n propositio n i s t o combin e a 

canonica l  representatio n o f  J o h n wit h a  canoni -

ca l  representatio n o f  agent .  I n lisp ,  fo r  example , 

a symboli c expressio n lik e (agen t  John )  woul d b e 

a n obviou s representatio n an d a  whol e proposi -

tio n migh t  b e represente d b y th e expressio n 

((agen t  John )  (relatio n hit )  (patien t  mary)) .  Alter -

natively ,  th e role s migh t  b e implicitl y  represente d 

b y th e positio n o f  a n elemen t  i n a  lis t  an d s o th e 

who l e propositio n coul d b e represente d b y (hi t 

Joh n mary) .  Eithe r  w a y ,  th e ver y s a m e symbo l  i s 

use d fo r  J o h n whateve r  rol e h e play s i n th e 

proposition .  I n logi c an d i n compute r  program -

ming ,  th e standar d w a y o f  representin g conjunc -

tion s i s b y compos in g symboli c expression s ou t 

of  individua l  symbols .  Give n a  conventiona l 

genera l  purpos e compute r  m e m o r y ,  i t  i s  eas y t o 

stor e arbitrar y composition s o f  symbols . 

If, however, we want to be able to retrieve a 

propositio n fro m a  partia l  descriptio n o f  it s con -

tents ,  th e advantag e o f  alway s usin g th e ver y 

s a m e representatio n fo r  J o h n i s les s clear .  I f  th e 

partia l  descriptio n include s th e informatio n tha t 

proposit ion s propositlon 4 

Joh n i s th e agent ,  w e woul d lik e thi s t o pic k ou t 

jus t  thos e proposition s whic h hav e Joh n a s 

agent .  Thi s i s  m o r e specifi c  tha n th e proposi -

tion s whic h hav e a n agen t  an d als o hav e Joh n i n 

s o me role .  I t  I s th e conjunctio n o f  Joh n wit h 

agen t  tha t  form s th e retrieva l  cue ,  an d s o I n a 

neura l  implementatio n i t  woul d m a k e sens e t o 

hav e a  specifi c  representatio n fo r  thi s conjunc -

tion .  Thi s conjunctiv e representatio n ca n the n 

caus e th e effect s require d fo r  completin g th e 

whol e patter n o f  activit y tha t  represent s th e 

proposition .  S o ,  eve n i f  ther e i s a  representatio n 

i n whic h Joh n an d agen t  ar e represente d 

separately ,  i t  m a y b e necessar y t o for m a  con -

junctiv e representatio n fo r  retrieval . 

A similar argument can be made in other 

domains .  I n representin g th e graphemi c struc -

tur e o f  th e wor d "chip" ,  fo r  example ,  i t  woul d b e 

possibl e t o us e a  representatio n suc h a s (( 4 p ) 

( 2 h )  ( 3 i )  ( 1 c) )  bu t  fo r  a  tas k lik e fillin g i n th e 

blan k i n "c-ip "  i t  i s  Inefficien t  t o acces s al l  word s 

whic h contai n c  an d i  an d p .  T h e identitie s an d 

role s o f  th e letter s nee d t o b e conjoine d t o for m 

m o r e specifi c  acces s cues .  Thi s argue s tha t  w e 

nee d quit e differen t  neura l  representation s fo r  ( 1 

c )  an d ( 4 c) .  Fo r  th e purpose s o f  acces s t o th e 

whol e word ,  thes e representation s nee d hav e 

nothin g i n c o m m o n ^  Indeed ,  paralle l  networ k 

Mn a conventional lisp program, it is easy to separate the 
representatio n fro m th e procedure s use d fo r  retrieva l  an d s o 
it  i s  eas y t o us e a  representatio n tha t  i s  no t  I n a  for m tha t  i s 
helpfu l  fo r  retrieval .  I n a  neura l  ne t  i t  i s  probabl y mor e 
importan t  t o choos e representation s tha t  ca n directl y caus e 
th e require d effect s vi/ithou t  th e interventio n o f  a  comple x 
interpreter .  Thi s i s on e o f  th e man y difference s i n represen -
tationa l  consideration s tha t  follow s fro m th e differenc e be -
twee n th e Vo n Neuman n architectur e an d a  massivel y paral -
le l  network . 

Joh n hi t Mar y 

agen t relatio n patien t 

(a )  (b ) 

Figur e 1 :  (a )  Par t  o f  a  semanti c net .  (b )  Thre e group s o f  unit s whic h hav e tw o alternativ e stabl e state s 

tha t  represen t  th e tw o proposition s i n th e semanti c net . 
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model s o f  readin g us e separat e representation s 

of  letter s i n differen t  position s withi n th e wor d 

(McClellan d &  Rumelhart ,  1981) . 

The second problem with role-specific represen-

tation s i s ho w t o recogniz e th e identit y o f  th e 

variou s differen t  role-specifi c  representation s o f 

th e sam e concept .  A n efficien t  wa y t o d o thi s i s 

t o hav e a  single ,  canonica l  representatio n fo r 

eac h concep t  an d t o hav e a  mechanis m fo r 

translatin g betwee n role-specifi c  representation s 

and th e canonica l  one .  Hinto n (1981 )  show s 

ho w thi s ide a ca n b e implemente d i n a  neura l 

net .  I t  wil l  no t  b e discusse d furthe r  i n thi s paper . 

2.1: Choosing role-specific representations 

Fro m no w on ,  w e assum e tha t  a  concep t  playin g 

a rol e withi n a  large r  structur e i s represente d b y 

a patter n o f  activit y i n a  grou p o f  role-specifi c 

units ,  an d w e focu s o n th e issu e o f  ho w thi s pat -

ter n shoul d b e chosen .  A  simpl e solutio n i s t o 

us e pattern s selecte d a t  random ,  perhap s wit h 

th e additiona l  constrain t  tha t  n o tw o pattern s ar e 

to o similar .  Th e us e o f  rando m pattern s i s quit e 

common i n researc h i n thi s are a (Hopfield ,  1982 ; 

Willshaw ,  1981) .  i t  make s analysi s easie r  an d i t 

i s  a  sensibl e defaul t  i n th e absenc e o f  an y othe r 

idea s abou t  representation .  However ,  i t  entirel y 

eliminate s on e o f  th e mos t  interestin g aspect s o f 

distribute d representations :  Th e abilit y  t o cap -

tur e th e similarit y betwee n concept s b y th e 

similarit y o f  thei r  representations ,  an d th e con -

sequen t  abilit y  t o generaliz e ne w informatio n i n 

sensibl e ways .  W e Illustrat e thi s poin t  i n th e 

simpl e domai n o f  famil y relationships . 

Figure 2 shows two family trees. All the infor-

matio n i n thes e tree s ca n b e represente d i n 

simpl e proposition s o f  th e for m (person i 

relationshi p person2) .  Thes e proposition s ca n 

be store d a s th e stabl e state s o f  activit y o f  a 

neura l  networ k whic h contain s a  grou p o f  unit s 

fo r  th e rol e personi ,  a  grou p fo r  th e rol e 

relationshi p an d a  grou p fo r  th e rol e person2 . 

The ne t  ma y als o requir e furthe r  group s o f  unit s 

i n orde r  t o achiev e th e correc t  interaction s be -

twee n th e thre e role-specifi c  groups .  Figur e 3 

shows a  networ k i n whic h on e furthe r  grou p ha s 

bee n introduce d fo r  thi s purpose .  Unit s i n thi s 

extr a grou p detec t  combination s o f  feature s i n 

th e role-specifi c  group s an d ca n b e use d fo r 

causin g appropriat e completion s o f  partia l  pat -

terns .  Suppose ,  fo r  example ,  tha t  on e o f  th e ex -

tr a unit s become s activ e wheneve r  person i  i s 

ol d an d relationshi p require s tha t  bot h peopl e 

be th e sam e ag e (e.g .  th e relationshi p has -

husban d i n th e ver y conventiona l  domai n w e 

use) .  Th e extr a uni t  ca n the n activat e th e uni t 

Christophe r  =  Penelop e 
I 

Andre w =  Christin e 

I 

Margare t  =  Arthu r Victori a =  Jame s Jennife r  =  Charle s 
± 

Coli n Charlott e 

Robert o =  Mari a Pierr o =  Francesc a 
I 

Gin a =  Emili o Luci a =  Marc o Angel a =  T o m a s o 

Alfons o Sophi a 

Figure 2: Two isomorphic family trees. The symbol "=" means "married to". 
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tha t  represent s th e featur e ol d withi n th e 

p e r s o n 2 group .  A n extr a uni t  tha t  work s i n thi s 

w ay wil l  b e sai d t o encod e a  micro-inference .  I t 

use s s o m e o f  th e feature s o f  s o m e o f  th e role -

filler s t o infe r  s o m e o f  th e feature s o f  othe r  role -

filler s an d i t  i s  typicall y usefu l  i n encodin g m a n y 

differen t  proposition s rathe r  tha n jus t  a  singl e 

one .  B y dedicatin g a  uni t  t o a  micro-inferenc e 

tha t  i s  applicabl e i n m a n y differen t  propositions , 

th e networ k m a k e s bette r  us e o f  th e informatio n 

carryin g capacit y o f  it s  unit s tha n i f  i t  dedicate d a 

singl e extr a uni t  t o eac h proposition .  Thi s i s  a n 

exampl e o f  th e techniqu e o f  coars e codin g 

describe d i n Hinton ,  McClellan d &  Rumelhar t 

(1986) .  I n describin g h o w a  micro-inferenc e 

coul d b e implemented ,  w e a s s u m e d tha t  ther e 

w a s a  singl e uni t  withi n th e person l  grou p tha t 

w a s activ e w h e n e v e r  th e patter n o f  activit y i n 

tha t  grou p encode d a n ol d person .  Thi s woul d 

not  b e tru e usin g r a n d o m patterns ,  bu t  i t  woul d 

b e t m e usin g a  componentia l  representation . 

Micro-inferences store propositions by encoding 

th e underlyin g regularitie s o f  a  domain .  Thi s 

for m o f  storag e ha s th e advantag e tha t  i t  allow s 

sensibl e generalization .  I f  th e networ k ha s 

l eame d th e micro-inferenc e give n abov e i t  wil l 

hav e a  natura l  tendenc y t o m a k e sensibl e 

guesses .  If ,  fo r  example ,  i t  i s  tol d enoug h abou t 

a n e w person ,  Jane ,  t o k n o w tha t  Jan e i s ol d 

an d i t  i s  the n aske d t o complet e th e propositio n 

(Jan e has-husban d ? )  i t  wil l  expec t  th e fille r  o f 

th e p e r s o n 2 rol e t o b e old .  T o achiev e thi s kin d 

of  generalizatio n o f  domain-specifi c  regularities , 

i t  i s  necessar y t o pic k a  representatio n fo r  Jan e 

i n th e person l  rol e tha t  ha s jus t  th e righ t  activ e 

unit s s o tha t  th e existin g micro-inference s ca n 

caus e th e righ t  effect s i n th e othe r  role-specifi c 

groups .  A  randoml y chose n patter n wil l  no t  do . 

The real criterion for a good set of role-specific 

representation s i s  tha t  i t  m a k e s i t  eas y t o ex -

pres s th e regularitie s o f  th e domain .  I t  i s  sen -

sibl e t o dedicat e a  uni t  t o a  featur e lik e ol d be -

caus e usefu l  micro-inference s ca n b e expresse d 

i n term s o f  thi s feature .  Ther e i s anothe r  w a y o f 

statin g thi s poin t  whic h enable s u s t o avoi d 

awkwar d question s abou t  whethe r  th e networ k 

reall y understand s wha t  ol d m e a n s .  Instea d o f 

sayin g tha t  activit y i n a  uni t  m e a n s tha t  th e per -

so n i s old ,  w e ca n simpl y specif y th e se t  o f 

peopl e fo r  whic h th e uni t  i s  active .  Eac h uni t 

the n correspond s t o a  w a y o f  partitionin g al l  th e 

peopl e int o tw o subsets ,  an d goo d represen -

tation s ar e one s fo r  whic h thes e partition s ar e 

helpfu l  i n expressin g th e regularities .  T h e 

searc h fo r  goo d representation s i s the n a  searc h 

i n th e spac e o f  possibl e set s o f  partitions^ . 

2| f  th e unit s ca n hav e intermediat e activit y level s o r  ca n 
behav e stochastically ,  the y d o no t  correspon d t o clea n cu t 
partition s t>ecaus e ther e wil l  b e borderlin e cases .  The y ar e 
more lik e fuzz y sets ,  bu t  th e forma l  apparatu s o f  fuzz y se t 
theor y (whic h i s wha t  define s th e meanin g o f  "fuzzy" )  i s  o f  n o 
hel p her e s o w e refrai n fro m usin g th e ter m "fuzzy "  I n muc h 
of  wha t  follow s w e tal k a s i f  unit s defin e clearcu t  set s wit h n o 
margina l  cases .  Thi s i s jus t  a  usefu l  idealisation . 

^ % o 

agen t 

O q O ^ O 

0 0 6 0 0 0 ^ 0 
relatio n patien t 

Figur e 3 :  A n extr a grou p o f  unit s ca n b e use d t o implemen t  higher-orde r  constraint s be twee n th e role -

specifi c  patterns . 
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2.2 :  Givin g th e networ k th e f reedo m t o 

c h o o s e representation s 

T h e networ k s h o w n i n figur e 3  ha s th e disadvan -

tag e tha t  i t  i s  impossibl e t o presen t  a  propositio n 

t o th e networ k withou t  alread y havin g decide d 

o n th e pattern s o f  activit y tha t  represen t  th e 

peopl e an d relationships .  W e woul d lik e th e net -

wor k t o us e it s experienc e o f  a  se t  o f  proposi -

tion s t o construc t  it s  o w n interna l  represen -

tation s o f  concepts ,  an d s o w e mus t  hav e a  w a y 

of  presentin g th e proposition s tha t  i s neutra l  wit h 

respec t  t o th e variou s possibl e interna l 

representations .  Figur e 4  s h o w s h o w thi s ca n 

b e done .  T h e networ k translate s a  neutra l  Inpu t 

representatio n i n whic h eac h perso n o r  relation -

shi p i s represente d b y a  singl e activ e uni t  int o it s 

o wn interna l  representatio n befor e makin g an y 

associations .  I n th e inpu t  representation ,  al l 

pair s o f  concept s ar e equall y similar̂ . 

*Th e word s o f  a  natura l  languag e see m t o wor k i n a  ver y 
simila r  way .  The y stan d fo r  concept s whils t  indicatin g ver y 
littl e abou t  ho w thos e concept s shoul d b e represente d inter -
nally .  Monomorphemi c word s wit h simila r  meaning s d o no t 
generall y hav e simila r  forms .  S o a  patter n o f  activit y base d 
on th e for m o f  th e wor d i s no t  a  goo d wa y o f  capturin g th e 
similaritie s betwee n meanings .  Ther e mus t  b e a  proces s 
tha t  map s wor d form s int o wor d meanings .  Thi s proces s 
must  b e fa r  mor e comple x tha n th e simulation s w e presen t 
her e becaus e man y wor d forms ,  Wke 'bank' ,  ar e ambiguou s 
and s o th e proces s o f  goin g fro m th e inpu t  representatio n t o 
a representatio n o f  th e wor d meanin g canno t  b e perfonme d 
separatel y fo r  eac h word .  Th e meanin g o f  whol e phrase s o r 
sentence s mus t  b e use d fo r  disambiguatio n (Walt z &  Pol -
lack ,  1985) . 

3:  A  n e t w o r k tha t  learn s 

distribute d representation s 

In our attempts to show that neural networks can 

iea m sensibl e distribute d representation s w e 

hav e trie d severa l  differen t  learnin g procedures . 

T h e mos t  successfu l  o f  these ,  s o far ,  i s  th e 

"back-propagation "  procedur e describe d i n 

Rumelhart ,  Hinto n &  William s (1986) ,  an d th e 

simulatio n w e presen t  use s back-propagation . 

Thi s learnin g procedure ,  whic h i s briefl y outline d 

i n sectio n 4 ,  a s s u m e s tha t  th e unit s hav e real -

value d output s betwee n 0  an d 1  whic h ar e 

deterministi c function s o f  thei r  tota l  inputs , 

wher e th e tota l  input ,  Xj ,  t o uni t  j  i s  give n b y 

^y =  X> ' / ^ j Jt (1 ) 

A uni t  ha s a  real-value d output ,  yj ,  whic h i s a 

non-linea r  functio n o f  it s  tota l  input . 

>' /  = 
U e ,-X : 

(2 ) 

T h e unit s ar e arrange d i n layer s wit h a  laye r  o f 

inpu t  unit s a t  th e bottom ,  an y numbe r  o f  inter -

mediat e layers ,  an d a  laye r  o f  outpu t  unit s a t  th e 

top .  Connection s withi n a  laye r  o r  fro m highe r  t o 

lowe r  layer s ar e forbidden :  Al l  connection s g o 

fro m lowe r  layer s t o highe r  ones . 

agen t relatio n patien t 

"T T 

Figur e 4 :  T h e stat e o f  eac h role-specifi c  grou p ca n b e fixe d vi a a  specia l  inpu t  group .  B y varyin g th e 

weight s betwee n th e specia l  Inpu t  group s an d th e role-specifi c  group s th e networ k ca n develo p it s o w n 

role-specifi c  representation s instea d o f  bein g force d t o us e representation s tha t  ar e pre-determined . 

5 
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An inpu t  vecto r  i s presente d t o th e networ k b y 

settin g th e state s o f  th e inpu t  units .  T h e n th e 

state s o f  th e unit s i n eac h laye r  ar e determine d 

by applyin g Eq .  1  an d 2  t o th e connection s c o m -

in g fro m lowe r  layers .  Al l  unit s withi n a  laye r 

hav e thei r  state s se t  i n parallel ,  bu t  differen t 

layer s hav e thei r  state s se t  sequentially ,  startin g 

at  th e botto m an d workin g upward s unti l  th e 

state s o f  th e outpu t  unit s ar e determined . 

To use the back-propagation learning procedure 

we nee d t o expres s th e tas k o f  learnin g abou t 

famil y relationship s i n a  for m suitabl e fo r  a 

layere d network^ .  Ther e ar e m a n y possibl e 

layere d network s fo r  thi s tas k an d s o ou r  choic e 

i s s o m e w h a t  arbitrary :  W e ar e merel y tryin g t o 

s h o w tha t  ther e i s a t  leas t  on e w a y o f  doin g it , 

an d w e ar e no t  claimin g tha t  thi s i s th e bes t  o r 

onl y way .  T h e networ k w e use d i s s h o w n i n 

figur e 5 .  I t  ha s a  grou p o f  inpu t  unit s fo r  th e fille r 

of  th e person i  role ,  an d anothe r  grou p fo r  th e 

fille r  o f  th e relationshi p role .  T h e outpu t  unit s 

represen t  th e fille r  o f  th e pe rson 2 role ,  s o th e 

networ k ca n onl y b e use d t o complet e proposi -

tion s w h e n give n th e firs t  tw o terms^ .  T h e state s 

of  th e unit s i n th e inpu t  group s ar e c lampe d fro m 

outsid e an d th e networ k the n determine s th e 

state s o f  th e outpu t  unit s an d thu s complete s th e 

proposition . 

For some relationships, like uncle, there may be 

severa l  possible  filler s fo r  th e pe rson 2 rol e tha t 

ar e compatibl e wit h a  give n fille r  o f  th e person i 

role .  I n a  stochasti c networ k i t  woul d b e reason -

abl e t o allo w th e networ k t o choos e on e o f  th e 

possibilitie s a t  random .  I n th e deterministi c net -

*Rumelhar t  et .  al .  describ e anothe r  versio n o f  th e proce -
dur e whic h doe s no t  requir e a  layere d net .  I t  work s fo r 
arbitrar y recurren t  networks ,  bu t  require s mor e comple x 
unit s tha t  remembe r  thei r  histor y o f  activit y levels .  W e hav e 
not  applie d thi s versio n t o th e famil y relationship s task . 

^e would have preferred it to perform completion when 
give n an y tw o terms .  Thi s coul d hav e bee n don e b y usin g a 
bigge r  networ k i n whic h ther e wer e thre e inpu t  group s an d 
thre e outpu t  groups ,  bu t  learnin g woul d hav e bee n slowe r  i n 
th e large r  networ k an d s o w e opte d fo r  th e simple r  case . 
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wor k w e decide d t o insis t  o n a n outpu t  whic h ex -

plicitl y  represente d th e whol e se t  o f  possibl e 

fillers .  Thi s i s eas y t o d o becaus e th e neutra l 

representatio n tha t  w e use d fo r  th e outpu t  ha s a 

singl e activ e uni t  fo r  eac h perso n an d s o ther e i s 

a n obviou s representatio n fo r  a  se t  o f  people . 

Using the relationships {father, mother, hus-

band ,  wife ,  sor) ,  daughter ,  uncle ,  aunt ,  brother , 

sister ,  nephew ,  neic e }  ther e ar e 10 4 instance s 

of  relationship s i n th e tw o famil y tree s s h o w n i n 

figur e 2 .  W e traine d th e networ k o n 10 0 o f 

thes e instances .  T h e trainin g involve d 150 0 

s w e e p s throug h th e 10 0 example s wit h th e 

weight s bein g update d afte r  eac h sweep .  T h e 

detail s o f  th e trainin g procedur e ar e give n i n 

sectio n 4 .  Afte r  thi s substantia l  experienc e o f 

th e domain ,  th e weight s wer e ver y stabl e an d 

th e networ k performe d correctl y o n al l  th e train -

in g examples :  W h e n give n a  person i  an d a 

relationshi p a s inpu t  i t  alway s produce d activit y 

level s greate r  tha n 0. 8 fo r  th e outpu t  unit s cor -

respondin g t o correc t  answer s an d activit y level s 

of  les s tha n 0. 2 fo r  al l  th e othe r  outpu t  units .  A 

typica l  exampl e o f  th e activit y level s i n al l  layer s 

of  th e networ k i s s h o w n i n figur e 5 . 

The fact that the network can learn the ex-

ample s i t  i s  s h o w n i s no t  particularl y surprising . 

T h e interestin g question s are :  D o e s i t  creat e 

sensibl e interna l  representation s fo r  th e variou s 

peopl e an d relationship s tha t  m a k e i t  eas y t o ex -

pres s regularitie s o f  th e domai n tha t  ar e onl y im -

plici t  i n th e example s i t  i s  given ? D o e s i t 

generaliz e correctl y t o th e remainin g examples ? 

D o es i t  m a k e us e o f  th e isomorphis m betwee n 

th e tw o famil y tree s t o allo w i t  t o encod e the m 

m o r e efficientl y an d t o generaliz e relationship s 

i n o n e famil y tre e b y analog y t o relationship s i n 

th e other ? 

3.1: The representations 

Figur e 6  s h o w s th e weight s o n th e connection s 

fro m th e 2 4 unit s tha t  ar e use d t o giv e a  neutra l 

inpu t  representatio n o f  person i  t o th e 6  unit s 

tha t  ar e use d fo r  th e network' s internal ,  dis -

tribute d representatio n o f  personi .  Thes e 
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Figur e 5 :  Th e activit y level s i n a  fiv e laye r  networ k afte r  i t  ha s learned .  Th e botto m laye r  ha s 2 4 inpu t 

unit s o n th e lef t  fo r  representin g perso n 1  an d 1 2 unit s o n th e righ t  fo r  representin g th e relationship .  Th e 

whit e square s insid e thes e tw o group s sho w th e activit y level s o f  th e units .  Ther e i s on e activ e uni t  i n th e 

firs t  grou p (representin g Colin )  an d on e i n th e secon d grou p (representin g has-aunt) .  Eac h o f  th e tw o 

group s o f  inpu t  unit s i s totall y connecte d t o it s ow n grou p o f  6  unit s i n th e secon d layer .  Thes e tw o 

group s o f  6  mus t  lear n t o encod e th e inpu t  term s a s distribute d pattern s o f  activity .  Th e secon d laye r  i s 

totall y connecte d t o th e centra l  laye r  o f  1 2 units ,  an d thi s laye r  i s connecte d t o th e penultimat e laye r  o f  6 

units .  Th e activit y i n th e penultimat e laye r  mus t  activat e th e correc t  outpu t  units ,  eac h o f  whic h stand s fo r 

a particula r  person2 .  I n thi s case ,  ther e ar e tw o correc t  answer s (marke d b y blac k dots )  becaus e Coli n 

has tw o aunts .  Bot h th e inpu t  an d outpu t  unit s ar e lai d ou t  spatiall y  wit h th e Englis h peopl e i n on e ro w 

and th e isomorphi c Italian s immediatel y below . 

V) 
r C 

< < 
5 o 

9) 
Q. 
O 
4> 
c 
a. 

S-  u  c 
6 >  - % 

X ^ 

i . 

L. 

Q. 
O 5 
i s 
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Q.  c  * > 
o •= •  - r  4» 
fl>  C O 

— 4 > 

£ i 

< < " u u Q . o > - ^ i : o 

Figur e 6 :  Th e weight s fro m th e 2 4 inpu t  unit s tha t  represen t  peopl e t o th e 6  unit s i n th e secon d laye r  tha t 

lear n distribute d representation s o f  people .  Whit e rectangle s stan d fo r  excitator y weights ,  blac k fo r  in -

hibitor y weights ,  an d th e are a o f  th e rectangl e encode s th e magnitud e o f  th e weight .  Th e weight s fro m 

th e 1 2 Englis h peopl e ar e i n th e to p ro w o f  eac h unit .  Beneat h eac h o f  thes e weight s i s th e weigh t  fro m 

th e isomorphi c Italian . 
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weight s defin e th e "receptiv e field "  o f  eac h o f  th e 

6 unit s i n th e spac e o f  people .  I t  i s  clea r  tha t  a t 

leas t  o n e uni t  (uni t  n u m b e r  1 )  i s  primaril y con -

cerne d wit h th e distinctio n betwee n Englis h an d 

Italia n an d tha t  mos t  o f  th e othe r  unit s ignor e 

thi s distinction .  Thi s m e a n s tha t  th e represen -

tatio n o f  a n Englis h perso n i s  ver y simila r  t o th e 

representation  o f  thei r  Italia n equivalent .  T h e 

networ k i s  makin g us e o f  th e isomorphis m be -

twee n th e tw o famil y tree s t o allo w i t  t o shar e 

structur e an d i t  wil l  therefor e ten d t o generaliz e 

sensibl y fro m on e tre e t o th e other . 

particula r  se t  o f  relationshi p term s tha t  wer e 

used .  Eac h o f  th e 1 2 relationshi p term s c o m -

pletel y determine s th e se x o f  person 2 s o th e 

se x o f  person i  i s  redundant .  Figur e 7  s h o w s 

tha t  on e o f  th e 6  unit s whic h encode s th e twelv e 

possibl e relationship s i s  entirel y devote d t o 

predictin g th e se x o f  person2 .  I f  w e ha d in -

clude d relationship s lik e spous e ther e woul d 

hav e bee n mor e pressur e t o encod e th e se x o f 

p e r s o m becaus e thi s woul d hav e bee n usefu l 

i n constrainin g th e possibl e filler s o f  th e 

pe rson 2 role . 

Uni t  2  encode s whic h generatio n a  perso n 

belong s to .  Notic e tha t  th e middl e generatio n i s 

encode d b y a n intermediat e activit y level .  T h e 

networ k i s  neve r  explictl y tol d tha t  generatio n i s 

a usefu l  three-value d feature .  I t  discover s thi s 

fo r  itsel f  b y searchin g fo r  feature s tha t  m a k e i t 

eas y t o expres s th e regularitie s o f  th e domain . 

Uni t  6  encode s whic h branc h o f  th e famil y a  per -

so n belong s to .  Again ,  thi s i s usefu l  fo r  express -

in g th e regularitie s bu t  i s no t  a t  al l  explici t  i n th e 

examples^ . 

It is initially surprising that none of the 6 units 

encode s sex .  Thi s i s  probabl y becaus e o f  th e 

3.2 :  Micro-inference s a n d scientifi c  law s 

Ther e i s a n interestin g analog y betwee n th e w a y 

i n whic h th e networ k represent s profjosition s 

an d th e w a y i n whic h scientist s represen t  th e 

structur e o f  th e natura l  world .  I n orde r  t o ex -

®ln man y tasks ,  feature s tha t  ar e usefu l  fo r  expressin g 
regularitie s betwee n concept s ar e als o observabl e propertie s 
of  th e individua l  concepts .  Fo r  example ,  th e featur e mal e i s 
usefu l  fo r  expressin g regularitie s i n th e relationship s be -
twee n peopl e an d i t  i s  als o relate d t o set s o f  observabl e 
propertie s lik e hairynes s an d size .  W e carefull y chos e th e 
inpu t  representatio n t o mak e th e proble m difficul t  b y remov -
in g al l  kjca l  cue s tha t  migh t  hav e suggeste d th e appropriat e 
features . 

}n o o f 
« i > S  2  £  o 

S . 2 &  . 2 g  § 
. O ( 0 C  C  3  ( 0 

Figur e 7 :  Th e weight s fro m th e 1 2 inpu t  unit s tha t  represen t  relationship s t o th e 6  unit s i n th e secon d 

laye r  tha t  lear n distribute d representation s o f  th e relationships . 
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pres s th e regularitie s i n th e data ,  a  scientis t 

must  describ e the m usin g appropriat e terms . 

For  example ,  substance s wit h widel y differen t 

appearance s mus t  b e groupe d togethe r  int o 

categorie s lik e "acid" ,  "salt" ,  o r  "base" .  I f  th e ap -

propriat e term s ar e give n i n advance ,  th e tas k i s 

much easie r  tha n i f  th e term s themselve s mus t 

be discovere d b y searchin g fo r  set s o f  term s tha t 

allo w law s t o b e expressed .  Th e gradien t  de -

scen t  procedur e use d b y th e networ k als o ha s 

it s analo g i n scientifi c  research .  Initia l  definition s 

of  th e descriptiv e term s ca n b e use d t o for -

mulat e law s an d th e apparen t  exception s ca n of -

te n b e use d t o refin e th e definitions . 

Naturally, there are also many important dif-

ference s betwee n th e wa y scientist s procee d 

and th e wa y learnin g occur s i n th e network . 

Scientist s woul d no t  normall y b e satisfie d i f  thei r 

theor y consiste d o f  a  ver y larg e numbe r  o f 

statistica l  "laws "  an d the y neede d a  computa -

tionall y intensiv e procedur e t o decid e wha t  th e 

law s predicted . 

3.3: Generalization 

The networ k wa s traine d o n 10 0 o f  th e 10 4 in -

stance s o f  relationship s i n th e tw o famil y trees . 

It  wa s the n teste d o n th e remainin g fou r  in -

stances .  Th e whol e trainin g an d testin g proce -

dur e wa s repeate d twice ,  startin g fro m differen t 

rando m weights .  I n on e cas e th e networ k go t  al l 

fou r  tes t  case s correc t  an d i n th e othe r  cas e i t 

got  3  ou t  o f  4 ,  wher e "correct "  mean s tha t  th e 

outpu t  uni t  correspondin g t o th e righ t  answe r 

had a n activit y leve l  abov e 0.5 ,  an d al l  th e othe r 

outpu t  unit s wer e belo w 0.5 .  I n th e tes t  cases , 

th e separatio n betwee n th e activit y level s o f  th e 

correc t  unit s an d th e activit y level s o f  th e 

remainde r  wer e no t  a s shar p a s i n th e trainin g 

cases .  Figur e 8  show s th e activit y level s o f  al l 

24 outpu t  unit s fo r  eac h o f  th e 4  tes t  case s afte r 

training . 

Any learning procedure which relied on finding 

direc t  correlation s betwee n th e inpu t  an d outpu t 

vector s woul d generaliz e ver y badl y o n th e 

famil y tre e task .  Conside r  th e correlation s be -

twee n th e fille r  o f  th e person i  rol e an d th e fille r 

of  th e person 2 role .  Th e fille r  o f  person i  tha t  i s 

use d i n eac h o f  th e generalizatio n test s I s nega -

tivel y correlate d wit h th e correc t  outpu t  vecto r 

becaus e i t  neve r  occure d wit h thi s outpu t  vecto r 

durin g training ,  an d I t  di d occu r  wit h othe r  outpu t 

vectors .  Th e structur e tha t  mus t  b e discovere d 

i n orde r  t o generaliz e correctl y i s no t  presen t  i n 

th e painAfis e correlation s betwee n inpu t  unit s 

and outpu t  units . 

The good generalisation exhibited by the net-

wor k show s tha t  th e structur e whic h i t  ha s ex -

tracte d fro m th e trainin g example s agree s wit h 

th e structur e whic h w e attribut e t o th e domain . 

We woul d lik e t o b e abl e t o sa y tha t  th e trainin g 

set  Implicitl y  contain s th e Informatio n abou t  ho w 

Figur e 8 :  Th e activit y level s o f  th e outpu t  grou p i n th e fou r  tes t  case s tha t  wer e no t  show n durin g training . 

The dot s ar e o n th e correc t  answers .  Notic e tha t  i n ever y cas e th e networ k ha s a  sligh t  tendenc y t o 

activat e th e isomorphi c perso n i n th e othe r  famil y tree . 

9 
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t o generaliz e an d tha t  th e networ k ha s conrectl y 

extracte d thi s implici t  information .  Bu t  thi s re -

quire s a  prescriptiv e domain-independen t  theor y 

of  ho w a  se t  o f  example s shoul d b e use d fo r 

makin g generalisations .  Suc h a  theor y woul d 

constitut e th e "computationa l  level "  o f  under -

standin g fo r  learnin g researc h (Marr ,  1982) ,  an d 

woul d b e a  majo r  advanc e whic h coul d guid e 

researc h a t  th e algorithmi c an d implementatio n 

levels .  Unfortunately ,  w e kno w o f  n o suc h 

theor y an d s o w e ar e restricte d t o showin g tha t 

th e learnin g procedur e produce s sensibl e 

generalization s i n particula r  domains . 

4: The back-propagation 

learnin g procedur e 

The aim of the learning procedure is to find a set 

of  weight s whic h ensur e tha t  fo r  eac h inpu t  vec -

to r  th e outpu t  vecto r  produce d b y th e networ k i s 

th e sam e a s (o r  sufficientl y clos e to )  th e desire d 

outpu t  vector .  I f  ther e i s a  fixed ,  finit e se t  o f 

input-outpu t  cases ,  th e tota l  erro r  i n th e perfor -

mance o f  th e networ k wit h a  particula r  se t  o f 

weight s ca n b e compute d b y comparin g th e ac -

tua l  an d desire d outpu t  vector s fo r  ever y case . 

The error ,  E ,  i s define d a s 

^  =  5 X I ^ y . - ^ y . ) ' (3 ) 

wher e c  i s a n inde x ove r  case s (input-outpu t 

pairs) ,  j  i s  a n inde x ove r  outpu t  units ,  y  i s th e 

actua J stat e o f  a n outpu t  unit ,  an d d  i s  it s desire d 

state .  T o minimiz e E  b y gradien t  descen t  i t  i s 

necessar y t o comput e th e partia l  derivativ e o f  E 

wit h respec t  t o eac h weigh t  i n th e network .  Thi s 

i s simpl y th e su m o f  th e partia l  derivative s fo r 

eac h o f  th e input-outpu t  cases .  Fo r  a  give n 

case ,  th e partia l  derivative s o f  th e erro r  wit h 

respec t  t o eac h weigh t  ar e compute d i n tw o 

passes .  W e hav e alread y describe d th e forwar d 

pas s i n whic h th e unit s i n eac h laye r  hav e thei r 

state s determine d b y th e inpu t  the y receiv e fro m 

unit s i n lowe r  layer s usin g Eq .  1  an d 2 .  Th e 

10 

backwar d pas s whic h propagate s derivative s 

fro m th e to p laye r  bac k t o th e botto m on e i s 

more complicated . 

The backward pass starts by computing dE/dy 

fo r  eac h o f  th e outpu t  units .  Differentiatin g Eq . 

3 fo r  a  particula r  case ,  c ,  an d suppressin g th e 

inde x c  give s 

d E 

By/ 
y.- d 
•7 J 

(4 ) 

We ca n the n appl y th e chai n rul e t o comput e 

dE/dx j 

d E ^ d E ^ 

^  dy j  dx j ^ 

Differentiatin g Eq .  2  t o ge t  th e valu e o f  dyjidx j 

give s 

3£ d E , ,  , 
— =  — )' .  (i-y. ) 
ax.  dy ^  ̂  ^ 

(5 ) 

Thi s mean s tha t  w e kno w ho w a  chang e i n th e 

tota l  input ,  x ,  t o a n outpu t  uni t  wil l  affec t  th e er -

ror .  Bu t  thi s tota l  inpu t  i s jus t  a  linea r  functio n o f 

th e state s o f  th e lowe r  leve l  unit s an d th e 

weight s o n th e connections ,  s o i t  i s  eas y t o com -

put e ho w th e erro r  wil l  b e affecte d b y changin g 

thes e state s an d weights .  Fo r  a  weight ,  Wjj ,  fro m 

i  t o j  th e derivativ e i s 

dE 

B-J i 

dE 

dXj 

dE 
3_ 

dXj 

dWji 

yi (6 ) 

and fo r  th e outpu t  o f  th e it h uni t  th e contributio n 

t o dE/dy ^  resultin g fro m th e effec t  o f  i  o n j  i s 

simpl y 

d E ^ ^ d E 

dxj  dy i a..."̂' -
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SO takin g int o accoun t  al l  th e connection s 

emanatin g fro m uni t  i  w e hav e 

dE 

r ^ ^ ^ 

(7 ) 

We hav e nov» ? see n ho w t o comput e dEld y fo r 

any uni t  i n th e penultimat e laye r  whe n give n 

BE/d y fo r  al l  unit s i n th e las t  layer .  W e ca n there -

for e repea t  thi s procedur e t o comput e dE/d y fo r 

successivel y earlie r  layers ,  computin g BE/d w fo r 

th e weight s a s w e go .  Th e amoun t  o f  computa -

tio n require d fo r  th e backwar d pas s i s o f  th e 

same orde r  a s th e fonA/ar d pas s (i t  i s  linea r  i n 

th e numbe r  o f  connections) . 

One way of using dE/dw is to change the weights 

afte r  ever y input-outpu t  case .  Thi s ha s th e ad -

vantag e tha t  n o separat e memor y i s require d fo r 

th e derivatives .  A n alternativ e scheme ,  whic h 

we use d i n th e researc h reporte d here ,  i s  t o ac -

cumulat e dE/d w ove r  al l  th e input-outpu t  case s 

befor e changin g th e weights .  Th e simples t  ver -

sio n o f  gradien t  descen t  i s  the n t o chang e eac h 

weigh t  b y a n amoun t  proportiona l  t o th e ac -

cumulate d dE/dw . 

Aw =  - e 
dE 

dw 
(8 ) 

Thi s metho d doe s no t  converg e a s rapidl y a s 

method s whic h mak e us e o f  th e secon d deriva -

tives ,  bu t  i t  i s  muc h simple r  an d ca n easil y b e 

inplemente d b y loca l  computation s i n paralle l 

hardware .  I t  ca n b e significantl y improved ,  with -

out  sacrificin g th e simplicit y an d locality ,  b y 

usin g a n acceleratio n metho d i n whic h th e cur -

ren t  gradien t  i s  use d t o modif y th e velocit y o f  th e 

poin t  i n weigh t  spac e instea d o f  it s  position . 

Aw{t )  =  - E 
dE 

dw{t ) 
+ aAw(r-l ) (9 ) 

wher e t  i s  incremente d b y 1  fo r  eac h swee p 

throug h th e whol e se t  o f  input-outpu t  cases ,  an d 

a i s a n exponentia l  deca y facto r  betwee n 0  an d 

1 tha t  determine s th e relativ e contributio n o f  th e 

curren t  gradien t  an d earlie r  gradient s o n th e 

weigh t  change .  Eq .  9  ca n b e viewe d a s describ -

in g th e behavio r  o f  ball-bearin g rollin g dow n th e 

error-surfac e whe n th e whol e syste m i s im -

merse d i n a  liqui d wit h viscosit y determine d b y 

a. 

The learning procedure is entirely deterministic, 

so i f  tw o unit s withi n a  laye r  star t  of f  wit h th e 

same connectivit y an d th e sam e weight s ther e i s 

nothin g t o mak e the m eve r  diffe r  fro m eac h 

other .  W e therefor e brea k symmetr y b y startin g 

wit h smal l  rando m weights . 

The learning procedure often works better if it is 

not  require d t o produc e output s a s extrem e a s 1 

or  0 .  T o giv e a n outpu t  o f  1 ,  a  uni t  mus t  receiv e 

an infinit e tota l  inpu t  an d s o th e weight s gro w 

withou t  bound .  Al l  th e example s o f  back -

propagatio n describe d i n thi s pape r  us e a  mor e 

libera l  erro r  measur e whic h treat s al l  value s 

abov e 0. 8 a s perfectl y satisfactor y i f  th e outpu t 

uni t  shoul d b e o n an d al l  value s belo w 0. 2 a s 

perfectl y satisfactor y i f  th e outpu t  uni t  shoul d b e 

off .  Othenwise ,  th e erro r  i s th e square d dif -

ferenc e fro m 0. 8 o r  0.2 . 

There are many aspects of the learning proce-

dur e whic h mak e i t  highl y implausibl e a s a 

model  o f  learnin g i n rea l  neura l  networks .  Ther e 

ar e way s o f  removin g th e prohibitio n o n recur -

ren t  connection s (Rumelhart ,  Hinto n &  Williams , 

1986 )  an d i t  ma y b e possibl e t o overcom e th e 

nee d fo r  a n externall y supplie d desire d outpu t 

vector .  Bu t  th e back-propagatio n phas e i s 

centra l  t o th e learnin g procedur e an d i t  i s  quit e 

unlik e anythin g know n t o occu r  i n th e brain .  Th e 

connection s ar e al l  use d backwards ,  an d th e 

unit s us e a  differen t  input-outpu t  function .  W e 

therefor e vie w thi s learnin g procedur e a s a n in -

terestin g wa y o f  demonstratin g wha t  ca n b e ach -

ieve d b y gradien t  descent ,  withou t  claimin g tha t 

thi s i s ho w gradien t  descen t  i s actuall y imple -

mente d i n th e brain .  Nevertheless ,  th e succes s 

of  th e learnin g procedur e suggest s tha t  i t  i s 
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wort h lookin g fo r  othe r  mor e plausibl e way s o f 

doin g gradien t  descent . 

4.1: The learning parameters used for the 

famil y tre e simulatio n 

We trie d severa l  differen t  value s fo r  th e 

parameter s e  an d a  i n Eq .  9 .  W e finall y chos e 

t o us e e  =  .00 5 an d a  =  . 5 fo r  th e firs t  2 0 sweep s 

throug h th e 10 0 trainin g example s an d e  =  .0 1 

and a  =  . 9 fo r  th e remainin g sweeps .  Th e 

reason s fo r  varyin g th e parameter s durin g learn -

in g an d th e method s use d t o choos e reasonabl e 

parameter s ar e discusse d i n nnor e detai l  i n 

Plaut ,  Nowla n &  Hinto n (1986) .  Al l  th e weight s 

wer e initiall y  chose n a t  rando m fro m a  unifor m 

distributio n betwee n -. 3 an d +.3 . 

To make it easier to interpret the weights, we 

introduce d "weight-decay" .  Immediatel y afte r 

eac h weigh t  chang e th e magnitud e o f  ever y 

weigh t  wa s reduce d b y 0.2% .  Afte r  prolonge d 

learnin g th e deca y wa s balance d b y dE/dw ,  s o 

th e fina l  magnitud e o f  eac h weigh t  indicate d it s 

usefulnes s i n reducin g th e error .  Weigh t  deca y 

i s equivalen t  t o modifyin g th e erro r  functio n s o 

that ,  i n additio n t o requirin g th e erro r  t o b e small , 

it  require s th e su m o f  th e square s o f  th e weight s 

t o b e small .  A  side-effec t  o f  thi s modificatio n i s 

tha t  I t  sometime s cause s tw o unit s t o develo p 

ver y simila r  set s o f  weight s wit h eac h weigh t  be -

in g hal f  a s bi g a s i t  woul d b e i f  th e jo b wa s don e 

by a  singl e unit .  Thi s i s becaus e 

(.5h') 2 +  (.5w)2<w2 . 

To achieve negligible error without weight decay 

require d 57 3 sweep s throug h th e 10 0 trainin g 

examples .  Th e weight s show n i n figur e 6  wer e 

obtaine d b y allowin g th e learnin g t o ru n fo r  150 0 

sweep s wit h weight-decay . 
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