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

Title
Developing Microfeatures by Analogy

Permalink
https://escholarship.org/uc/item/9jf4t3cm

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 14(0)

Author
Melz, Eric R.

Publication Date
1992
 
Peer reviewed

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

https://escholarship.org/uc/item/9jf4t3cm
https://escholarship.org
http://www.cdlib.org/


Deve lop in g Microfeature s b y A n a l o g y 

Eri c R .  Mel z 
Departmen t  o f  Psycholog y 

Universit y o f  California ,  Lo s Angeles ,  C A 9002 4 
emelz ® cognet.ucla.ed u 

Abstract * 
A techniqu e i s describe d whereb y th e outpu t  o f  ACME,  a 
localis t  constrain t  satisfactio n mode l  o f  analogica l 
mappin g (Holyoa k &  Thagard ,  1989 )  i s use d t o constrai n 
th e distribute d representation s o f  domai n object s 
develope d b y Hinton' s (1986 )  multilaye r  mode l  o f 
prepositiona l  learning .  I n a  serie s o f  computationa l 
experiments ,  th e abilit y  o f  Hinton' s networ k t o transfe r 
knowledg e fro m a  sourc e domai n t o a  targe t  domai n i s 
systematicall y examine d b y first  trainin g th e mode l  o n th e 
ful l  se t  o f  proposition s representin g a  sourc e domai n 
togethe r  wit h a  subse t  o f  proposition s representin g a n 
isomorphi c targe t  domain ,  an d the n testin g th e networ k 
on th e untraine d targe t  propositions .  Withou t  additiona l 
constraints ,  basi c gradien t  descen t  ca n recove r  onl y a 
negligibl e proportio n o f  th e untraine d propositions . 
Compariso n o f  simulatio n result s usin g variou s 
combination s o f  th e distribute d mappin g techniqu e an d 
weigh t  decay ,  indicat e tha t  genera l  purpos e networ k 
optimizatio n technique s ma y g o som e way s toward s 
improvin g th e transfe r  performanc e o f  distribute d networi c 
models .  However ,  performanc e ca n b e improve d 
substantiall y  mor e whe n optimizatio n technique s ar e 
combine d wit h th e distribute d representatio n mappin g 
technique . 

Introduction 

Theoretica l  account s o f  analog y posi t  a t  leas t  tw o 
centra l  stage s i n th e proces s o f  analogizing :  mapping , 
th e establishmen t  o f  systemati c correspondence s 
betwee n object s an d relation s o f  a  sourc e domai n an d a 
targe t  domain ,  an d transfer ,  th e importatio n o f 
knowledg e fro m th e sourc e domai n int o th e targe t 
domai n base d o n th e correspondence s establishe d b y th e 
mappin g phase .  Numerou s model s o f  analogica l 
transfe r  hav e bee n proposed ,  eac h o f  whic h explicitl y 
implement s th e mappin g an d transfe r  phases ,  usuall y 
employin g traditiona l  technique s o f  symboli c 
processin g (Hall ,  1989 ;  Falkenhainer ,  Forbu s & 
Centner ,  1989 ;  Holyoak ,  Novic k &  Melz ,  1992) . 
Wit h th e adven t  o f  distribute d connectionis t  models , 
ther e appear s t o b e som e promis e fo r  eliminatin g th e 
cumbersom e symboli c machiner y o f  traditiona l  model s 
of  analogy .  Usin g a  singl e genera l  purpos e learnin g 
techniqu e suc h a s backpropagatio n (Rumelhart ,  Hinto n 
& Williams ,  1986) ,  i t  ma y b e possibl e t o simpl y trai n 

Thi s researc h wa s supporte d b y Contrac t  M D A 903-8 9 
K-017 9 from  th e Arm y Researc h Institute ,  an d NS F Gran t 
DIR-902425 1 t o th e UCL A Cognitiv e Scienc e Program . 

a mode l  o n a  se t  o f  proposition s representin g som e 
domai n o f  knowledge ,  an d exploi t  th e generalizatio n 
capabilitie s o f  th e networ k i n orde r  t o generat e usefu l 
inference s base d o n th e knowledg e th e networ k ha s 
obtained . 

Thi s pape r  explore s th e abilit y  o f  supervise d 
gradien t  descen t  learnin g t o (a )  for m representation s o f 
correspondence s betwee n tw o domains ,  an d (b )  us e 
thes e representation s t o perfor m analogica l  transfer .  I 
firs t  demonsu-at e tha t  withou t  additiona l  constraint s o n 
th e learnin g procedure ,  gradien t  descen t  doe s no t  for m 
representation s tha t  ar e optima l  fo r  th e tas k o f 
analogica l  transfer .  1  the n examin e tw o mechanism s 
whic h ca n induc e th e networ k t o for m optima l 
representations :  (1 )  simpl e weigh t  decay ,  an d (2 ) 
"programming "  th e networ k wit h correspondenced s 
derive d fro m a  connectionis t  mode l  o f  analogica l 
mapping .  I n th e nex t  section ,  I  describ e th e networ k 
and domai n wit h whic h th e res t  o f  thi s pape r  i s 
conemed. 

Hinton's (1986) Family Tree Problem 

Hinto n (1986 )  describe s a  networ k tha t  learn s 
relationship s betwee n peopl e i n tw o isomorphi c famil y 
trees .  Th e famil y trees ,  show n i n Fig .  1  ca n b e 
represente d b y tw o set s o f  5 2 proposition s o f  th e for m 
obj l  re l  obj2 ,  wher e obj l  an d obj 2 ar e tw o relatives , 
and re l  i s  th e relationshi p betwee n obj l  an d obj 2 
(whic h ma y b e on e o f  th e following :  hasjiusband , 
has_wife .  has_son ,  ha s daughter ,  hasjnother , 
hasjather ,  hasbrother ,  has_sister ,  hasjuncle , 
has_aunt ,  hasjiephew ,  an d hasjiiece) .  Fo r  example , 
th e fac t  tha t  Christophe r  i s marrie d t o Penelop e i s 
represente d b y th e propositio n Christophe r  haswif e 
Penelope .  Th e famil y tre e whic h contain s th e Englis h 
peopl e wil l  hencefort h b e referre d t o a s th e sourc e 
domain ,  an d th e Italia n famil y tre e wil l  b e referre d t o a s 
th e targe t  domain . 

The networ k whic h learn s th e relationship s i s 
shown i n Fig .  2 .  Th e inpu t  laye r  i s compose d o f 
localis t  representation s o f  th e 2 4 domai n object s (1 2 
Englis h people ,  an d 1 2 Italians )  tha t  ca n fill  th e obj l 
slot ,  an d th e localis t  representation s o f  th e 1 2 
relationship s liste d above .  Th e secon d laye r  convert s 
th e localis t  representation s o f  th e object s an d th e 
relation s t o distribute d representations ,  an d th e thir d 
laye r  combine s thes e tw o distribute d representation s 
int o a  distribute d representatio n o f  th e proposition . 
Thi s laye r  i s transforme d int o a  distribute d 
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representatio n o f  o b j 2 (th e penult imat e layer) ,  w h i c h i s 
finall y conver te d int o a  localis t  representatio n o f  o b j 2 
(agai n consistin g o f  2 4 unit s representin g th e d o m a i n 
objects) .  T h e n e t w o r k i s  traine d b y th e c l a m p i n g th e 
appropriat e ob j l  a n d re l  n o d e s o n th e inpu t  laye r  a n d 
o b j 2 n o d e s o n th e ou tpu t  laye r  fo r  e a c h proposition , 
a n d per fo rmin g backpropagat ion . 

Qiutophc r  =  Penelop e Andre w -  Chrijtin e 

H—1 H"! 
Margtie i  =  Arthu r  Victo m =  June s Jennife r  =  Charle a 

Colin Chirlotte 

Robert o =  Mari a 
_ _ L 

Picrr o =  FrmncMc a 

Gina =  Emili o 
n i  I 
Luci a =  Marc o An l̂ a =  Torruu o 

I 
Alfonj o Sophi a 

Figur e 1 :  T w o isomorphi c famil y trees .  Th e symbo l  "= "  mean s 
marrie d lo'" .  (Fro m Hinton ,  1986 ) 

T o p r o b e th e analogica l  capacit y o f  th e n e t w o r k ,  w e 
trai n th e n e t w o r k o n th e ful l  se t  o f  sourc e proposition s 
a n d a  subse t  o f  targe t  propositions .  I f  th e n e t w o r k h a s 
d e v e l o p e d interna l  representation s w h i c h a l lo w i t  t o 
utiliz e th e similarit y b e t w e e n th e t w o d o m a i n s o f 
k n o w l e d g e ,  i t  shou l d b e abl e t o activat e th e correc t  ob j 2 
uni t  o n th e laye r  whe n th e obj l  an d re l  unit s o f  a n 
untraine d propositio n ar e clampe d o n th e inpu t  layer . 
Of  course ,  succes s o f  th e networ k i n generatin g ne w 
targe t  proposition s doe s no t  licenc e th e clai m tha t  th e 
networ k i s referrin g t o specifi c  proposition s i n th e 
sourc e domain .  Th e networ k may ,  fo r  example ,  b e 
usin g mechanism s mor e closel y relate d t o rule-base d 
inference .  Fo r  example ,  i f  th e networ k ha s learne d tha t 
th e siste r  o f  a  perso n x  i s a  femal e abou t  th e sam e ag e 
as X ,  i t  migh t  b e abl e t o correctl y infe r  tha t  Sophi a i s 
th e siste r  o f  Alfonso ,  eve n withou t  referenc e t o th e fac t 
tha t  Charlott e i s Colin' s sister .  However ,  w e ca n 
reasonabl y clai m tha t  failur e o f  th e networ k i n 
recreatin g untraine d targe t  proposition s indicate s tha t 
th e networ k i s no t  doin g analogy .  Th e poin t  i s  tha t 
analog y i s a  sufficien t  bu t  no t  necessar y mechanis m t o 
make inference s withi n thi s proble m domain . 

The simulations reported throughout paper use 
Fahlman' s (1988 )  quickpro p algorithm ,  whic h i s 
essentiall y  a  faste r  versio n o f  backpropagation .  I n 
standar d backpropagation ,  eac h weigh t  i s adjuste d i n 
direc t  proportio n t o th e magnitud e o f  th e partia l 
derivativ e o f  th e network' s cos t  functio n wit h respec t  t o 
th e weight .  I n contrast ,  quickpro p make s th e 
simplifyin g assumptio n tha t  th e surfac e o f  th e cos t 
functio n i s quadratic ,  an d a t  eac h epoch ,  weight s ar e se t 
t o th e m in imu m valu e o f  th e ideahze d surfac e b y 
computin g th e curvatur e o f  th e cos t  surfac e a t  th e 
curren t  poin t  i n weigh t  space .  I n practica l  terms ,  thi s 

means tha t  whil e backpro p generall y take s smal l  step s 
i n weigh t  space ,  quickpro p i s capabl e o f  takin g larg e 
leap s i n weigh t  space ,  whic h ca n greatl y improv e th e 
overal l  learnin g times .  Fo r  example ,  whe n th e mode l 
was traine d o n al l  proposition s i n bot h domains ,  4  run s 
of  backpro p usin g Hinton' s (1986 )  parameter s too k a n 
averag e o f  approximatel y 15,00 0 epoch s t o reduc e th e 

cos t  functio n t o a  valu e belo w l.O' ,  whil e 4  run s o f 
quickpro p too k a n averag e o f  approximatel y 50 0 epoch s 
t o mee t  th e sam e criteria . 

obj 2 l.r . 

obj2 d.r. 

prop d.r. 

objl d.r. 

objl l.r. 

z 
I  •  *  *  *  •"• 1 re l  d.r . 

re l  l.r . 

Figur e 2 :  Hinton' s (1986 )  mode l  o f  propositiona l 
learning . 

While  the specific implementation details of the 
algori thm s ar e no t  terribl y importan t  w i t h respec t  t o 
o u r  presen t  c o n c e r n s ,  i t  i s  impor tan t  t o not e tha t 
b a c k p r o p a n d qu ickp ro p ar e fundamenta l l y simila r  i n 
tha t  the y bo t h i m p l e m e n t  gradien t  descen t  o n a  cos t 
function .  H e n c e ,  w e c a n reasonabl y expec t  tha t  th e 
interna l  representation s tha t  e a c h algori th m deve lop s 
wil l  b e qualitativel y similar ,  a l thoug h ther e m a y b e 
sligh t  difference s a s a  sid e effec t  o f  th e differen t 
implementat ions .  T h e exten t  t o w h i c h suc h difference s 
exis t  r ema in s a n empirica l  issue ,  a n d i s no t  explore d 
furthe r  i n thi s paper . 

T h e parameter s use d fo r  al l  simulation s reporte d i n 
thi s pape r  wer e / i  =  1.75 ,  e  =  .0 1 an d m o m e n t u m =  0. 9 
(se e Fahlma n 198 8 fo r  furthe r  explanatio n o f  th e 
parameter s an d th e algorithm) .  Weigh t  deca y wa s se t 
eithe r  t o 0. 0 o r  0.0005 ,  dependin g o n th e se t  o f 
simulations .  Targe t  value s fo r  th e outpu t  wer e . 8 i f 
th e outpu t  uni t  shoul d b e on ,  an d . 2 i f  th e outpu t 
shoul d b e off .  Th e followin g cos t  functio n wa s used : 

c =  z ,  z ,  (rp.„-o,.,) 2 +  ViAJ:.^, ^ 

wher e / » i s a n inde x ove r  th e trainin g patterns ,  o  i s a n 
inde x ove r  th e outpu t  units ,  /  i s  a n inde x ove r  th e 
weights ,  tp o denote s th e targe t  valu e fo r  uni t  o  o n 

patter n p ,  Op ^  denote s th e outpu t  valu e produce d b y uni t 

o o n patter n p ,  an d A  i s a  weigh t  deca y parameter .  I n 
addition ,  on e mino r  modificatio n suggeste d b y Hinto n 
(1986 )  wa s implemented :  i f  th e networ k produce s 

^  Not e tha t  th e backpro p trainin g time s significantl y 
diffe r  from  thos e reporte d b y Hinton .  Hinto n (persona l 
communication ,  1992 )  confirm s tha t  th e trainin g time s 
reporte d i n hi s pape r  ar e probabl y erroneous . 
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outpu t  value s mor e extrem e tha n th e targe t  values ,  th e 
erro r  fo r  tha t  uni t  i s take n t o b e 0  rathe r  tha n (tpyOp^)^ . 

W h en testin g a  trainin g pattern ,  a  libera l  criterio n i s 
used :  a  cas e i s considere d t o hav e "passed "  i f  al l  unit s 
tha t  shoul d b e of f  hav e activatio n value s les s tha n .4 , 
an d al l  unit s tha t  shoul d b e o n hav e activation s value s 
abov e .6 . 

For  th e first  transfe r  test ,  th e weigh t  deca y paramete r 
was se t  t o 0 ,  an d th e networ k wa s traine d o n al l  sourc e 
proposition s an d al l  bu t  fou r  randoml y chose n targe t 
propositions .  I n th e tes t  phase ,  th e networ k passe d o n 
al l  o f  th e traine d propositions ,  bu t  faile d o n al l  o f  th e 
untraine d propositions .  A  principa l  component s 
analysi s o f  th e distribute d representation s fo r  obj l  an d 
obj 2 (i.e. ,  th e activation s pattern s o n secon d an d 
penultimat e layers ,  respectively )  yield s som e insigh t 
int o th e poo r  performanc e o f  th e networ k (Fig .  3) .  Th e 
organizatio n th e networ k develop s fo r  th e obj l 
representatio n i s fairl y  sloppy :  althoug h th e networ k 
seems t o loosel y separat e th e Englis h peopl e fro m th e 
Italians ,  ther e i s n o rigi d structur e apparen t  withi n eac h 
domain ,  an d th e symmetr y betwee n th e tw o domain s i s 
weak .  Th e networ k appear s t o hav e "memorized "  eac h 
perso n withou t  significantl y takin g int o accoun t  th e 
relationship s peopl e participat e i n o r  correspondence s 
betwee n th e sourc e an d targe t  domains .  Likewise ,  th e 
representation s o f  obj 2 appea r  t o b e randoml y 
distribute d i n activatio n space .  Ther e i s little ,  i f  an y 
similarit y betwee n th e organizatio n o f  th e Englis h an d 
th e Italia n representations .  Also ,  multipl e instance s o f 
eac h perso n see m t o b e diffusel y scattere d i n th e 
representatio n space .  Ideally ,  w e woul d lik e th e 
networ k t o develo p a  unitar y representatio n fo r  eac h 
person ,  s o tha t  th e nee d fo r  a  many-to-on e mappin g 
betwee n th e distribute d representatio n o n th e 
penultimat e laye r  an d th e localis t  representatio n o n th e 
outpu t  laye r  i s obviated .  Suc h many-to-on e mapping s 
ar e boun d t o degrad e th e generalizatio n o f  th e network , 
as w e shal l  se e later . 
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Clearly ,  withou t  additiona l  constraint s o n th e 
developmen t  o f  th e network' s interna l  representations , 
we ca n expec t  generalizatio n t o b e poor .  I n th e nex t 

tw o sections ,  I  examin e h o w th e networ k ca n b e 
induce d t o for m sensibl e distribute d representations , 
first  b y usin g knowledg e o f  th e domai n derive d fro m a 
connectionis t  mode l  o f  analogica l  mapping ,  an d 
secondl y b y employin g domain -  independen t  networ k 
optimizatio n techniques . 
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Principa l  C o m p o n e n t  1 

(b ) 
Figur e 3 :  F'rincipa l  component s analysi s o f  (a )  obj l  an d 
(b )  obj 2 fo r  basi c gradien t  descen t  learning .  Eac h instanc e 
of  obj 2 i s indexe d b y th e orde r  o f  occurenc e i n th e trainin g 
set .  Englis h peopl e ar e i n plai n text ,  an d Italian s ar e i n 
italiacs . 

Mapping Distributed Representations 

Havin g entertaine d a  coupl e o f  probabl e cause s o f 
th e network' s poo r  generalizatio n performance ,  th e 
pat h t o improve d generalizatio n seem s clear .  W e woul d 
lik e t o b e abl e t o "program "  th e distribute d 
rq)resentation s t o (I )  reflec t  similarit y betwee n simila r 
object s an d (2 )  develo p singula r  representation s o f 
multipl e instance s o f  eac h object .  I n thi s section ,  I 
describ e h o w th e firs t  requiremen t  ca n b e me t  b y 
makin g us e o f  objec t  correspondence s produce d b y a 
connectionis t  mode l  o f  analogica l  mapping . 

I n case s wher e regularitie s o f  th e trainin g 
environmen t  ar e know n a  priori ,  hidde n unit s ca n b e 
"hardwired "  t o reflec t  th e structur e o f  th e domain .  Fo r 
example ,  Rumelhar t  e t  a l  (1986 )  describ e a  networ k 
whic h develop s translation-invarian t  "receptiv e fields" 
by constrainin g th e weight s o f  eac h hidde n uni t  t o tak e 
equa l  increment s o n eac h epoch .  I n general ,  however , 
i t  i s desirabl e t o d o a s littl e handcraftin g o f  th e networ k 
as i s necessary ;  ideall y w e woul d lik e th e networ k t o 
be capabl e o f  flexibly  extractin g regularitie s fro m th e 
environmen t  usin g genera l  purpos e mechanisms .  I n 
th e domai n wit h whic h th e presen t  pape r  i s concerne d 
wit h (an d i n man y othe r  domains) ,  analog y i s on e suc h 
mechanis m whic h ca n assis t  i n definin g regularities . 

By establishin g correspondence s betwee n item s i n 
th e sourc e domai n an d targe t  domain ,  w e ca n pressur e 
th e networ k t o for m simila r  distribute d representation s 
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fo r  th e mappe d objects .  However ,  w e can' t  simpl y 
forc e representation s o f  mappe d object s t o b e identical ; 
some representatio n o f  th e domai n mus t  b e presen t  i n 
th e representatio n o f  eac h objec t  i n orde r  fo r  th e 
networ k t o b e abl e t o distinguis h object s betwee n 
domains .  Hence ,  tw o component s o f  eac h distribute d 
representatio n ar e necessary :  a  domain-invarian t 
componen t  whic h represent s th e c o m m o n aspect s o f 
object s betwee n domains ,  an d a  domain-specifi c 
componen t  whic h encode s th e particula r  domai n t o 
whic h a n objec t  belongs .  Th e domain-invarian t 
componen t  o f  th e distribute d representatio n wil l 
facilitat e transfe r  betwee n domains ,  whil e th e domain -
specifi c  componen t  wil l  serv e a s a  typ e o f  contex t 
indicato r  whic h wil l  facilitiat e specifi c  m o d e s o f 
knowledg e processin g withi n eac h domain . 

T o creat e suc h representations ,  w e first  fee d th e 
prepositiona l  representation s o f  th e sourc e an d th e 
(possibl y incomplete )  targe t  domai n int o A C M E 
(Holyoa k &  Thagard ,  1989) ,  a  connectionis t  mode l  o f 
analogica l  mapping .  A C M E set s u p a  constraint -
satisfactio n networ k o f  mappin g hypothese s base d o n 
structural ,  semantic ,  an d pragmati c constraints ,  an d 
produce s a  se t  o f  objec t  an d relatio n mapping s b y 
relaxin g th e networ k an d returnin g th e hypothese s wit h 
th e highes t  activation s (se e Holyoa k &  Thagard ,  1989 , 
fo r  furthe r  details) .  Th e objec t  mapping s produce d b y 
A C ME ar e use d t o determin e correspondin g node s o n 
th e inpu t  an d outpu t  layer s o f  Hinton' s networ k (e.g. , 
nod e I ,  th e localis t  representatio n o f  Christophe r  m a y 
correspon d t o nod e 13 ,  th e localis t  representatio n o f 
Roberto) .  Befor e trainin g th e model ,  w e randomiz e al l 
weight s i n th e networ k t o value s betwee n . 3 an d .3 , 
wit h th e followin g restrictions .  Weight s fro m 
correspondin g node s o n th e inpu t  laye r  projectin g t o al l 
but  on e nod e i n th e obj l  distribute d representatio n laye r 
ar e constraine d t o b e equal .  Thes e node s i n th e 
distribute d representatio n laye r  wil l  represen t  th e 
domain-invarian t  componen t  o f  objl .  Th e remainin g 
second-laye r  nod e wil l  encod e th e domain-specfi c 
component :  weight s t o thi s nod e fro m al l  sourc e 
object s ar e se t  t o +10.0 ,  an d weight s t o thi s nod e fro m 
al l  targe t  object s ar e se t  t o -10.0 .  Similarly ,  weight s 
t o al l  correspondin g node s o n th e outpu t  laye r  f ro m al l 
but  on e obj 2 distribute d representatio n laye r  nod e ar e 
constraine d t o b e equal ,  an d th e remainin g nod e ha s 
weight s o f  +10. 0 t o sourc e objects ,  an d weight s o f 
-10. 0 t o targe t  objects .  Durin g training ,  weight s tha t 
wer e se t  t o b e equa l  befor e trainin g ar e constraine d t o 
sta y equa l  b y averagin g th e weight-erro r  derivative s o f 
th e correspondin g weight s befor e eac h weigh t  update . 
Weight s tha t  wer e se t  t o ±10. 0 ar e froze n a t  thes e 
value s throughou t  training . 

Not e tha t  whil e thi s schem e force s th e networ k t o 
for m distribute d representation s o f  obj l  tha t  ar e 
"mapped" ,  th e distribute d representation s o (  obj 2 ar e 
onl y pressure d t o b e mapped ,  sinc e i t  i s  th e weight s 
feedin g ou t  of ,  rathe r  tha n into ,  th e penultimat e laye r 

tha t  ar e constrained .  Hence ,  i t  migh t  b e possibl e fo r  th e 
networ k t o develo p disparat e representation s o f  th e 
sourc e an d targe t  obj2s ,  althoug h empiricall y thi s 
doesn' t  see m t o occur .  Figur e 4  show s th e distribute d 
representation s o f  objl  an d obj 2 develope d b y trainin g 
th e networ k o n th e sam e trainin g se t  a s w a s use d 
previousl y (i.e. ,  th e entir e se t  o f  sourc e propositions , 
and al l  bu t  4  targe t  propositions )  plotte d agains t  th e 
tw o principa l  component s derive d fro m a  principa l 
component s analysis .  Unsurprisingly ,  th e sourc e an d 
targe t  representation s develope d fo r  obj l  ar e perfectl y 
symmetr ic .  M o r e significantly ,  th e o b j 2 
representation s ar e als o symmetric :  th e representatio n 
of  eac h instanc e o f  eac h Englis h perso n i s adjacen t  t o 
th e correspondin g Italia n instance ,  althoug h th e 
instance s ar e stil l  scattere d uniforml y i n representatio n 
space .  Th e resul t  o f  thes e constraint s i s a  significan t 
improvemen t  i n generalization :  al l  fou r  o f  th e untraine d 
targe t  proposition s wer e correctl y constructe d b y th e 
network . 
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technique . 

The distributed-representation mapping technique 
successful y fulfill s  ou r  first  conditio n fo r  improve d 
generalization :  th e networ k develop s representation s 
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whic h reflec t  similarit y betwee n th e sourc e an d targe t 
domains .  However ,  ou r  secon d conditio n remain s 
unfulfilled :  th e networ k ha s faile d t o develo p singula r 
representation s fo r  multipl e instance s o f  objects .  T o 
induc e th e networ k t o develo p parsimoniou s 
representations ,  general-purpos e networ k optimizatio n 
technique s ma y b e successfiiU y employed . 

Network Optimization Techniques 

Numerou s technique s fo r  optimizin g th e performanc e 
of  backpropagatio n hav e bee n propose d i n th e 
connectionis t  literature ,  includin g weigh t  deca y (e.g . 
Plaut ,  Nowla n &  Hinto n 1986 ;  Weigend ,  Huberma n & 
Rumelhart ,  1990 ;  Hanso n &  Pratt ,  1989) ,  eliminatin g 
weight s (Chauvin ,  1989) ,  excisin g o r  attenuatin g 
hidde n unit s (Kruschke ,  1988 ,  Moze r  &  Smolensky , 
1989) ,  limitin g th e tota l  amoun t  o f  hidde n uni t 
activatio n (LeCun ,  1989) ,  reducin g th e dimensionalit y 
spanne d b y th e hidde n weigh t  vector s 
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Figur e 5 :  Principa l  component s analysi s o f  obj 2 usin g 
weigh t  decay . 
(Kruschke ,  1988) ,  an d forcin g hidde n laye r 
representation s t o hav e uncorrelate d nod e activation s 
(Kruschk e &  Movellan ,  1990) .  Mos t  o f  thes e 
technique s pressur e backpro p t o mak e economica l  us e 
of  networ k resource s suc h a s weights ,  node s o r  hidden -
uni t  activation .  Fo r  example ,  th e secon d ter m i n eq .  1 

(̂ /2AZ,w,2 )  implement s weigh t  deca y b y pressurin g 

th e networ k t o minimiz e th e su m o f  th e square s o f  al l 
th e weights . 

Figur e 5  show s th e result s o f  a  principa l 
component s analysi s o f  th e obj 2 representation s whe n 
th e networ k wa s traine d o n th e sam e se t  o f  proposition s 
as i n th e previou s examples ,  an d a  weight-deca y valu e 
of  A  =  .000 5 wa s used .  A s expected ,  multipl e 
instance s o f  eac h obj 2 ar e tightl y clustere d together . 
Th e effec t  o f  thi s clusterin g i s a  substantia l 
improvemen t  i n transfe r  performanc e ove r  basi c 
gradien t  descent :  3  ou t  o f  th e 4  delete d proposition s 
wer e correctl y recovere d (compare d wit h recover y level s 
of  0  fo r  basi c gradien t  descen t  an d 4  fo r  th e distribute d 

representatio n mappin g technique) .  However ,  th e 
symmetr y betwee n th e structur e o f  th e sourc e an d targe t 
domain s i s  stil l  imperfect ;  henc e w e shoul d no t  b e 
surprise d tha t  knowledg e transfe r  betwee n domain s i s 
imperfect .  I n th e nex t  section ,  I  describ e a  se t  o f 
computationa l  experiment s whic h systematicall y tes t 
th e efficac y o f  weigh t  deca y an d th e distribute d 
representatio n mappin g techniqu e i n improvin g transfe r 
performance . 

Transfer Tests 

Four  set s o f  simulation s wer e run ,  i n whic h th e 
weigh t  deca y paramete r  wa s se t  t o eithe r  0  o r  .0(K)5 , 
and th e distribute d mappin g techniqu e wa s eithe r  use d 
or  no t  used .  Withi n eac h se t  o f  simulations ,  thre e 
differen t  amount s o f  targe t  proposition s wer e omitte d 
from  th e trainin g set :  4  ( 8 % o f  th e targe t  propositions) , 
13 (25%) ,  an d 2 6 (50%) .  Learnin g wa s halte d whe n th e 
first  ter m o f  th e cos t  functio n droppe d belo w 0.1 ,  o r 
400 0 epoch s ha d elapsed . 

120 n  Propositio n Recover y 

4 1 3 
# Delete d Proposit i 

GD 
G D , WD 
GD,  Ma p 
GD,  Map ,  W D 

-Egur e 6 :  Recover y o f  Delete d Propositions .  "GD " 
indicate s gradien t  descent ,  "WD "  indicate s weigh t  decay , 
and "Map "  indicate s th e us e o f  th e distribute d mappin g 
technique . 
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GD,  Map ,  W D 
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# Delete d Proposition s 

Figur e 7 :  Learnin g times .  Label s ar e th e sam e a s i n th e 
previou s graph .  Th e secon d G D ru n wa s stuc k i n a  loca l 
minimu m ( 2 o f  th e trainin g case s wer e unlearne d a t  cycl e 
4000) . 

The transfe r  tes t  result s (Fig .  6 )  sho w tha t  whil e 
basi c gradien t  descen t  i s incapabl e o f  recoverin g mor e 
tha n th e tinies t  fractio n o f  delete d propositions ,  th e 
distribute d representatio n mappin g techniqu e an d weigh t 
deca y bot h substantiall y  improv e transfer ,  althoug h 
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performanc e i s degrade d a t  highe r  level s o f  deletion . 
The mos t  significan t  resul t  i s  tha t  whe n weigh t  deca y 
i s couple d wit h th e distribute d representatio n mappin g 
technique ,  nearl y al l  o f  th e delete d proposition s ar c 
recovered ,  eve n a t  th e highes t  leve l  o f  deletion .  Thi s 
resul t  i s  obtaine d becaus e th e tw o condition s o f  goo d 
generalizatio n performanc e earbe r  positie d ar e satisifie d 
by th e tw o respectiv e techniques :  weigh t  deca y form s 
unitar y representation s o f  th e objects ,  whil e th e 
distribute d representatio n mappin g techniqu e ensure s 
tha t  simila r  object s hav e simila r  representations . 

The orde r  o f  learnin g time s (Fig .  7 )  i s  roughl y G D 
< G D + M ap <  G D + WD =  G D + M a p + WD Intuitively , 
thes e result s ar e quit e sensible :  basi c gradien t  descen t  i s 
th e quickes t  t o reac h th e stoppin g criteri a sinc e i t  ca n 
ariv e a t  th e closes t  possibl e solutio n withou t 
"worrying "  abou t  additiona l  solutio n constraints . 
Gradien t  descen t  wit h weigh t  deca y take s longe r  t o lear n 
tha n gradien t  descen t  wit h th e distribute d representatio n 
mappin g techniqu e becaus e i n th e cas e o f  weigh t  decay , 
th e networ k mus t  satisf y th e conflictin g pressure s o f 
predictin g th e trainin g se t  an d drivin g al l  weight s t o 0 . 
I n contrast ,  th e distribute d representatio n mappin g 
techniqu e present s tw o harmoniou s pressure s i n th e 
network :  th e tw o goal s o f  trainin g se t  predictio n an d 
objec t  representatio n correspondence s ca n b e achieve d 
withou t  conflict . 

Additiona l  evidenc e support s th e hypothesi s tha t 
weigh t  deca y an d th e mappin g techniqu e perfor m 
complementar y optimizatio n functions .  Fo r  example , 
computatio n o f  th e averag e euclidia n distanc e betwee n 
eac h instanc e (e.g .  emiliol )  i n th e penultimat e laye r 
and th e instance' s clas s (e.g .  emilio )  reveal s tha t 
instance s ar e relativel y diffus e whe n weigh t  deca y i s no t 
employed .  Anothe r  importan t  fac t  i s  tha t  increasin g 
th e weigh t  deca y paramete r  doe s not  substantiall y 
improv e th e generalizatio n performance :  a s X ,  i s 
increased ,  performanc e o n th e trainin g se t  deterioriate s 
as wel l  a s performanc e o n th e generalizatio n set . 

C o n c l u s i o n 

A techniqu e ha s bee n describe d i n whic h high-leve l 
domai n knowledg e produce d b y a  connectionis t  mode l 
of  analogica l  mappin g guide s th e formatio n o f 
distribute d representation s o f  domai n object s forme d b y 
Hinton' s (1986 )  multilaye r  mode l  o f  propositiona l 
learning .  Simulatio n result s indicat e tha t  th e us e o f 
thi s techniqu e i n isolatio n ca n produc e substantia l 
improvemen t  i n th e generalizatio n performanc e o f 
Hinton' s network ,  an d us e o f  thi s techniqu e i n 
conjunctio n wit h weigh t  deca y ca n produc e nearl y 
perfec t  transfe r  performance .  Mor e generally ,  thi s pape r 
demonstrate s th e usefulness ,  an d perhap s eve n th e 
necessity ,  o f  th e influenc e o f  hig h leve l  knowledg e 
processin g mechanism s o n lo w leve l  subsymboli c 
learnin g mechanisms . 
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