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Explorin g G a n g Effect s B y Outpu t  N o d e Similarit y I n Neura l  Network s 

Paul  Rodrigue z (prodrigu@cogsci.ucsd.edu ) 

Departmen t  o f  Cognitiv e Science ,  0515 ;  950 0 Oilma n Driv e 
L a Jolla,CA .  92093-051 5 

In t roduc t io n 

I f  a  networ k i s traine d t o minimiz e mea n square d erro r  tbe n 
i t  wil l  als o lear n t o maximiz e th e posterio r  probabilit y  o f  th e 
outpu t  give n th e inpu t  (Kuan ,  e t  al. ,  1994) .  I n othe r  words , 
a networ k learn s t o maximiz e expectations .  However ,  som e 
interestin g an d relevan t  psychologica l  modelin g ar e mor e 
ofte n concerne d wit h th e natur e o f  generalization s acros s 
classe s o f  input .  I n th e cas e o f  Simpl e Recurren t  Network s 
(SRNs )  thes e learnin g effect s ca n occu r  i n tempora l  contex t 
of  th e feedbac k connections .  Fo r  example ,  Elma n (1989 ) 
showe d h o w a  S R N ca n lear n a  simpl e gramma r  i n a  pre -
dictio n tas k an d th e networ k wil l  lear n t o produc e expecta -
tion s fo r  al l  item s i n a  class ,  eve n thoug h no t  al l  combina -
tion s wer e see n i n training .  I n thi s wor k I  tak e a  geometri c 
viewpoin t  towar d understandin g h o w a  feedforwar d net -
work s hav e a  "gang "  effec t  du e t o clas s similarit y i n output , 
and a  S R N ca n hav e "gang "  effect s i n context .  Tli e prob -
le m i s relate d t o severa l  connectionist s model s i n languag e 
tha t  hav e show n tha t  a  networ k ca n hav e generalization s fo r 
unsee n input ,  (e.g .  Hare ,  1990) .  I  wil l  loo k a t  generaliza -
tion s fo r  unsee n combination s o f  bigram s (input-to-outpu t 
mapping )  an d trigram s (contex t  an d input-to-outpu t  map -
ping) ,  an d exten d th e finding s o f  Bartell ,  e t  al.(1993) . 

Class Effects 

I f  inpu t  vector s fo r  a  networ k ar e encode d wit h 1-of- n en -
codin g the n ther e i s n o structur e i n th e inpu t  space .  I n suc h 
a cas e al l  generaUzation s tha t  a  networ k learn s i s base d o n 
similarit y i n th e outpu t  vector s o r  similarit y i n context .  I n 
orde r  t o dra w ou t  th e detai l  o f  thi s gen^alization ,  i t  i s usefu l 
t o compar e th e networ k t o th e actua l  expectation s produce d 
by a  simpl e countin g procedure .  Th e countin g progra m 
m w e l y coimt s fo r  eac h inpu t  th e numbe r  o f  time s i t  i s 
traine d t o produc e eac h output .  Thi s give s a  forwar d prob -
abilit y  vecto r  o f  P(outputlinput) ,  whic h ca n b e interprete d a s 
a vecto r  i n outpu t  space . 

FurthCTmore ,  th e progra m keep s trac k o f  th e backwar d 
probabilit y fo r  eac h outpu t  node ,  whic h i s th e numbC T o f 
tim e a n inpu t  i s traine d t o produc e tha t  output .  Thi s give s a 
backwar d probabilit y  vecto r  o f  P(inpu t  I  output) ,  whic h i s 
th e clas s conditiona l  probabilit y o f  th e output .  Th e geo -
metri c intCTpretatio n i s tha t  th e backwar d probabilit y  i s  re -
late d t o th e decisio n plane s fo r  tha t  outpu t  node . 

I f  a  networ k i s traine d wit h simpl e grammar s i t  ca n lear n 
t o produc e expectation s fo r  unsee n inpu t  combinations .  Th e 
acmal  bigra m probabilit y fo r  unsee n combination s i s 
P(outputliDput)=0 .  However ,  b y usin g th e geometri c inter -
pretation s on e ca n accoun t  fo r  clas s effec t  b y comparin g th e 

backwar d probabilit y  acros s al l  outpu t  nodes .  Chitpu t  node s 
wit h simila r  backwar d probabilit y  vector s wil l  shar e simila r 
outpu t  decisio n planes .  Th e close r  th e vector s o r  th e mor e 
outpu t  node s i n a  class ,  th e highe r  an d longe r  a  clas s effect . 

For  example ,  assum e a  gramma r  tas k tha t  use s sequenc e 
of  verb s an d nouns ,  bu t  durin g trainin g som e verb s ar e no t 
traine d o n al l  possibl e noun s tha t  ca n follow .  A  clas s effec t 
ca n b e surmise d b y producin g outpu t  vector s from  countin g 
progra m an d performin g a  hierarchica l  clustering .  Th e 
cluste r  ca n b e compare d t o a  cluste r  o f  outpu t  weigh t  vec -
tors .  Th e bigra m countin g produce s outpu t  vector s tha t 
cluste r  similarly ,  bu t  d o no t  giv e a n absolut e indicatio n o f 
networ k performance .  However ,  the y giv e a  nic e wa y t o 
formaliz e th e clas s effec t  a s dependin g o n th e distanc e o f 
th e following : 

P(input=verb(i )  I  output = noun(/) )  ~ 
P(input=verb(it )  I  output=nounfO) , 

wher e iJX l  inde x th e ver b an d nou n example s tha t  ar e see n 
i n training ,  bu t  inde x combinatio n /, /  ar e th e unsee n exam -

ples ,  an d ther e i s a  clas s effec t  o n ouq)u t  nod e fo r  noun(/) . 
An S R N wil l  als o produc e clas s effect s i n whic h th e 

networ k produce s expectation s fo r  a  verb-noi m sequenc e 
tha t  ha s no t  bee n see n i n training .  O n e ca n exten d th e 
abov e t o includ e forwar d probabilitie s i n contex t  a s follows : 

P(outpu t  =noun f  j )  linput = verb(/).nou n (k) )  ~ 
P(ouq)ut=noimC/ j  i  input = verbfrn )  noun(nj ) 

wher e th e unsee n example s ar e indexe d b y i,m,n .  Th e geo -
metri c interpretatio n i s tha t  simila r  context s result s i n simi -
la r  hidde n uni t  activations .  I n conclusion ,  a  S R N doe s 
mor e tha n lear n t o maximiz e expectation s an d addin g a 
geometri c int^retatio n t o probabilitie s hel p explai n th e 
relevan t  propertie s i n psychologica l  modeling . 
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