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Abstrac t 

We investigate the situation in which some 
targe t  vadue s i n th e trainin g se t  fo r  a  neu -
ra l  networ k ar e lef t  unspecified .  Afte r 
trsiining ,  unspecifie d output s ten d t o as -
similat e t o certai n value s a s a  functio n o f 
feature s o f  th e trainin g environment .  Th e 
role s o f  th e followin g feature s i n assimila -
tio n ar e analyzed :  similarit y betwee n in -
pu t  vector s i n th e trainin g set ,  similar -
it y betwee n targe t  vectors ,  linearit y versu s 
non-linearit y o f  th e mapping ,  trainin g se t 
size ,  an d erro r  criterion .  Al l  ar e foun d t o 
hav e significan t  effect s o n th e assimilatio n 
valu e o f  a n unspecifie d outpu t  node . 

Introduction 

We consider here the case in which the target 
vector s i n th e trainin g se t  fo r  a  neura l  networ k 
ar e no t  completel y specified .  Tha t  is ,  fo r  cer -
tai n outpu t  unit s o n som e inpu t  patterns ,  th e 
desire d (target )  value s m a y b e indeterminat e o r 
irrelevan t  (don't-care) .  Durin g Bac k Propaga -
tio n [Rumelhar t  e t  ai ,  1986 ]  th e erro r  a t  thes e 
don't-car e output s i s  zero ,  s o weigh t  change s 
do no t  includ e term s fro m thes e nodes . 

We defin e assimilatio n i n neura l  network s t o 
be th e ac t  o f  a  don't-car e outpu t  uni t  takin g 
on (assimilatin g to )  a  valu e afte r  training .  Th e 
focu s o f  thi s wor k i s o n examinin g th e char -
acteristic s o f  th e trainin g environmen t  whic h 
determin e a  node' s assimilatio n value . 

Assimilatio n i n neura l  network s i s interestin g 
becaus e i t  ha s bee n use d t o mode l  th e articu -
latio n o f  word s o r  phrase s occurrin g i n natura l 
languag e [Jordan ,  1986 ]  [Hare ,  1990] .  Ou r  abil -
it y t o evaluat e thes e model s an d appl y the m t o 
othe r  domain s relie s heavil y o n ou r  leve l  o f  un -
derstandin g o f  th e underlyin g assimilatio n phe -
nomenon i n th e model . 

Our  interes t  i n assimilatio n als o derive s fro m 
it s involvemen t  wit h othe r  mor e genera l  neura l 

networ k leanin g issues .  I t  involve s a n interest -
in g for m o f  generalization ,  i n whic h th e inpu t 
pattern s fo r  th e don't-car e target s hav e bee n 
see n b y th e ne t  durin g training ,  rathe r  tha n 
havin g bee n reserve d fo r  a  separat e tes t  phase . 
H ow a  don't-car e nod e respond s depend s o n 
ho w th e representationa l  resource s o f  th e hid -
de n unit s hav e bee n employe d t o perfor m th e 
task .  This ,  o f  course ,  woul d see m t o depen d o n 
th e similarit y structur e i n th e inpu t  an d targe t 
domain s an d othe r  characteristic s o f  th e map -
ping .  Th e valu e whic h a n outpu t  assimilate s t o 
m ay als o sugges t  value s whic h woul d b e easie r 
fo r  th e outpu t  t o lear n i f  i t  wer e require d to . 
Thus ,  understandin g assimilatio n m a y offe r  in -
sight s o n th e genera l  learnin g process . 

The Assimilation Effect 

We briefl y revie w tw o work s whic h us e assimi -
latio n t o mode l  articulatio n dat a fro m linguis -
tic s [Jordan ,  1986 ]  [Hare ,  1990] .  Eac h wor k 
offer s a n alternativ e hypothesi s t o explai n th e 
assimilatio n result s whic h wer e witnessed .  W e 
wil l  presen t  thes e tw o explanations ,  an d offe r 
counter-example s demonstratin g tha t  neithe r  i s 
accurat e i n al l  cases . 

Bot h work s us e th e sam e Jorda n networ k 
model ^  traine d t o generat e a  sequenc e o f 
phonemes representin g th e articulatio n o f  a 
wor d o r  phrase .  Phoneme s ar e represente d a s 
featur e vectors ,  eui d som e o f  th e feature s fo r 
certai n phoneme s ar e lef t  unspecified .  Fo r  ex -
ample ,  th e nasa l  featur e fo r  th e phonem e sub -
sequenc e /ria /  migh t  b e lef t  unspecifie d i n 
th e articulatio n o f  freo n (phonem e sequenc e 
Ifrian/ )  [Jordan ,  1986] .  Afte r  training ,  thi s 

'Th e networ k ca n b e viewe d a s a  fee d forwar d 
networ k excep t  tha t  a  portio n o f  th e inpu t  vecto r 
(th e "state" )  i s a  functio n o f  th e previou s outputs : 
th e stat e a t  tim e t  equal s th e stat e a t  t  -  1  time s 
a deca y paramete r  /'.( O <  / *  <  1 )  plu s th e outpu t 
at  tim e t  -  1 .  Se e [Jordan ,  1986 ]  fo r  a  detaile d 
treatmen t  o f  th e Jorda n Networ k architecture . 
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Tim e 

1 
2 
3 

Input/Stat e 

. 5 . 5 . 5 . 5 . 5 .f )  . 5 
1. 3 . 3 . 3 . 3 3  1 3 1. 3 
. 8 . 2 . 2 1. 2 . 2 . 8 1. 8 

Targe t 
1 0  0 0  0  1  1 
0 0  0  1 0 0  1 
*/0. 9 0  0  0  0  1 1 

Tabl e 1 :  Jordan' s hypothesi s base d o n inpu t  similarit y predict s tha t  th e don't-car e outpu t  («*" )  wil l 
assimilat e t o valu e 0 .  Thi s i s becaus e th e thir d inpu t  patter n i s mor e lik e th e secon d inpu t  tha n hk e 
th e first  input ,  an d th e don't-car e outpu t  a t  tim e <  =  2  i s 0 .  However ,  assimilatio n i s t o 1 . 

featur e migh t  tak e o n intermediat e value s (be -
twee n lo w // /  an d hig h / n / ) ,  indicatin g tha t 
th e mode l  predict s anticipatio n o f  th e nasa l  fea -
tur e fo r  th e phoneme s befor e th e /n/ . 

Input Similarity 

Coarticulatio n i n speec h i s a  phenomeno n i n 
whic h th e pronunciatio n o f  tw o phoneme s over -
lap s i n time .  Tha t  is ,  ther e ca n b e a  blurrin g o f 
articulatio n feature s betwee n phoneme s whic h 
ar e nearb y temporally . 

I n Jordan' s assimilatio n mode l  o f  thi s phe -
nomenon ,  don't-car e output s als o assimilat e t o 
nearb y articulate d features .  Jordan' s explana ^ 
tio n fo r  thi s observe d assimilatio n effec t  i n th e 
networ k i s  that ,  typically ,  simila r  input s gen -
erat e simila r  outputs .  W e m a y justif y thi s in -
put  similarit y hypothesi s b y reasonin g tha t  th e 
functio n compute d b y a  networ k i s a  continuou s 
mapping ;  therefore ,  tw o simila r  input s wil l  gen -
erat e tw o simila r  outputs ,  unles s traine d oth -
erwise .  Additionally ,  Jorda n note s tha t  th e se -
quenc e o f  state s traverse d b y th e networ k tend s 
t o b e continuou s i n tim e (tha t  is ,  nearb y state s 
i n tim e wil l  ten d t o b e mor e similau -  tha n arbi -
trar y pairs) .  H e call s thi s th e continuit y prop -
ert y o f  th e next-stat e function .  This ,  i n com -
binatio n wit h th e hypothesize d inpu t  similar -
it y  effect̂ ,  predict s th e observe d results :  tha t 
don't-car e output s wil l  assimilat e t o specifie d 
output s tha t  ar e nearb y i n time . 

Althoug h thi s hypothesi s i s usefu l  i n explain -
in g Jordan' s results ,  a  counter-exampl e ca n b e 
provided .  Tabl e 1  depict s suc h a  cas e (du e 
t o Hare^) .  A  don't-car e targe t  i s  denote d b y 
a "* "  i n th e table ,  followe d b y th e mea n as -
similatio n vsdu e afte r  training .  I n thi s case , 
an inpu t  similarit y explanatio n predict s assim -
ilatio n t o 0  sinc e th e thir d inpu t  i s  mor e lik e 

^Not e tha t  i n thi s model ,  th e "state "  act s a s th e 
inpu t  fo r  th e mappin g performe d a t  eac h tim e step . 
Thus ,  simila r  state s als o generat e simila r  outputs . 

'Ou r  assimilatio n result s i n thi s cas e (average d 
ove r  5 0 samples )  diffe r  somewha t  fro m th e result s 
reporte d i n [Hare ,  1990] ,  althoug h thi s ma y b e at -
tributabl e t o differen t  initia l  weight s o r  a  large r 
sampl e size .  Result s ar e achieve d wit h initia l  stat e 
= 0.5 ,  f i  (stat e decay )  =  0.6 ,  t ]  (lear n rate )  =  0.1 , 
and a  (momentum )  =  0.0 . 

th e secon d tha n lik e th e first  (b y euclidea n dis -
tance) .  However ,  assimilatio n i s actuall y t o 1 
{mea n =  0.9 ,  stdde v =  0.05 ,  5 0 samples) . 

Target Similarity 

I n th e Hungaria n vowe l  harmon y system ,  suf -
fix  vowel s wil l  alternat e i n backnes s i n orde r 
t o agre e wit h th e las t  vowe l  o f  th e root .  Fo r 
example ,  th e suffi x vowe l  a  i n pug o +  na k \ s 
a bac k vowe l  i n orde r  t o agre e wit h th e bac k 
vowel  0 .  However ,  i n certai n exceptiona l  cases , 
th e las t  vowe l  o f  th e roo t  wil l  b e transparen t 
t o th e assimilatio n process .  I n thi s case ,  th e 
suffi x vowe l  wil l  agre e fo r  backnes s wit h a  non -
final  roo t  vowel ,  ignorin g th e final  transparen t 
vowel .  A n exampl e i s tax i  -f -  nak ,  i n whic h i  i s 
transparen t  an d th e suffi x vowe l  alternate s t o 
agre e wit h th e bac k vowe l  a . 

I n Hare' s assimilatio n mode l  o f  thi s phe -
nomenon ,  th e don't-car e output s assimilat e t o 
th e las t  vowe l  o f  th e roo t  i n th e genera l  case , 
an d als o correctl y assimilat e t o th e bac k vowe l 
i n th e exceptiona l  case .  Thi s linguisti c dat a i s 
satisfie d withou t  th e stipulatio n o f  transparen t 
vowel s b y th e model . 

Hare' s explanatio n fo r  thi s observe d assimi -
latio n effec t  i n th e networ k i s tha t  hig h similar -
it y betwee n targe t  pattern s ca n overrid e th e ef -
fec t  o f  inpu t  similarity .  Thus ,  althoug h a  suffi x 
vowel  wil l  usuall y assimilat e wit h anothe r  vowe l 
tha t  ha s th e mos t  simila r  inpu t  (which ,  accord -
in g t o Jordein ,  wil l  b e th e mos t  recen t  vowel) , 
th e suffi x vowe l  wil l  overrid e inpu t  similarit y 
i n th e cas e whe n th e suffi x an d anothe r  vowe l 
shar e m a n y o f  th e sam e targe t  features .  I n thi s 
case ,  assimilatio n i s t o th e simila r  target ,  rathe r 
tha n input .  A  possibl e justificatio n fo r  thi s tar -
get  similarit y hypothesi s i s tha t  simila r  output s 
wil l  constrai n th e hidde n uni t  representatio n 
of  thei r  input s t o nearb y region s i n activatio n 
space .  Thi s i s  plausibl e sinc e th e hidde n uni t 
representatio n mus t  b e linearl y separabl e fo r 
th e mappin g t o b e learned .  Therefore ,  tw o hid -
de n uni t  representation s generatin g ver y simi -
l e output s m a y b e relativel y similar ,  causin g 
a don't-ceu- e outpu t  i n on e patter n t o tak e o n 
th e valu e o f  th e specifie d outpu t  i n th e other . 

As i n th e cas e wit h Jordan' s inpu t  similar -
it y hypothesis ,  w e ca n als o construc t  a  contra -
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Tim e 
T 
2 
3 

Input/Stat e 
? - : 5 — z — r ^ - s — : s — z — y 

.3 . 3 . 3 . 3 . 3 . 3 . 3 
1. 2 1. 2 1. 2 1. 2 1. 2 1. 2 1. 2 

Targe t 
TJ 0  0  0  0  0  0 
1 1 1 1 1 1 1 
*/0. 0 1 1 1 1 1 1 

Tabl e 2 :  Hare' s hypothesi s base d o n targe t  similarit y predict s tha t  th e don't-car e outpu t  wil l  as -
similat e t o valu e 1 .  Thi s i s becaus e th e targe t  patter n a t  tim e t  =  3  i s ver y simila r  t o th e tau-ge t  a t 
< =  2 ,  an d th e outpu t  a t  ̂  =  2  fo r  th e don't-car e nod e i s 1 .  However ,  assimilatio n i s t o 0 . 

dictio n t o Hare' s teirge t  similarit y explanation . 
Thi s cas e i s illustrate d i n Tabl e 2 .  Althoug h th e 
targe t  a t  th e thir d tim e ste p i s exactl y hk e th e 
secon d tau-ge t  bu t  unlik e th e first,  assimilatio n 
of  th e don't-car e outpu t  i s t o th e first  outpu t 
{mea n =  0.0 ,  stdde v =  0.03 ,  2 5 samples) . 

Some Factors Affecting 

Assimi lat io n 

We hav e presente d tw o possibl e explanation s 
fo r  th e aissimilatio n effec t  i n neura l  networks : 
assimilatio n base d o n simila r  inputs ,  an d as -
similatio n base d o n simila r  targets .  Bot h hy -
pothese s hav e intuitiv e justification s an d hav e 
been use d t o explai n networ k behavio r  i n th e 
literature .  Nevertheless ,  th e counter-example s 
sugges t  tha t  othe r  factor s ar e als o involved . 

We tur n no w t o a  se t  o f  experiment s whic h 
examin e th e effect s o n assimilatio n o f  th e fol -
lowin g factors : 

•  inpu t  an d tairge t  similcu-ity , 

•  Unearit y versu s non-linearit y o f  th e mapping , 

•  th e erro r  criterio n t o hal t  treiining ,  an d 

•  th e siz e o f  th e trainin g se t  (TS) ,  fo r  fixed 
hidde n laye r  size . 

Thes e factor s ar e considere d becaus e the y 
ar e conspicuou s feature s o f  th e simulaition s i n 
[Hare ,  1990] ,  an d therefor e ma y contribut e t o 
th e observe d assimilatio n effects .  SpecificaJly , 
i n Hsu'e' s work ,  inpu t  an d targe t  similarit y ar e 
not  independentl y varie d whil e testin g th e as -
similatio n effec t  (se e sectio n V  i n [Hare ,  1990 ] 
-  varyin g th e first  targe t  i n th e sequenc e als o 
varie s al l  subsequen t  states) .  Also ,  th e net -
work s tende d t o b e highl y traine d an d hav e 
twic e a s man y hidde n unit s a s ther e ar e pat -
tern s t o learn .  Lastly ,  al l  mapping s wer e linear . 

We restric t  ou r  attentio n t o fee d forwar d bi -
nar y mappings'* .  I n th e followin g experiments , 
Tj  (leau- n rate )  =  0. 2 an d a  (momentum )  =  0.9 . 

Input and Target Similarity 

A 3 x 3 x 3 x l l  experimen t  wa s performe d 
i n orde r  t o tes t  th e independen t  an d inter -

*Note that Hare's simulations can be posed as 
stati c fee d forwar d tasks ,  becaus e al l  input s ar e 
determine d b y th e initia l  stat e an d targe t  vectors . 

activ e effect s o f  inpu t  similarity ,  targe t  sim -
ilarity ,  trainin g se t  size ,  an d erro r  criterion , 
on th e assimilatio n process .  Fo r  eac h o f  th e 
3 •  3  •  3  •  1 1 =  29 7 cell s i n th e experiment ,  5 0 tri -
al s wer e performed .  I n eac h trial ,  a  randoml y 
initialize d networ k wa s traine d o n a  parameter -
ize d randoml y initiahze d trainin g set . 

Desig n W e us e a  strateg y i n whic h certai n 
pattern s (calle d Key )  i n a  trainin g se t  serv e a s 
potentia l  "magnets "  o r  source s o f  assimilatio n 
fo r  othe r  pattern s (calle d Don't-Care )  whic h 
contai n unspecifie d units .  Th e trainin g se t  i s 
parameterize d b y th e inpu t  similarit y an d tar -
get  similarit y factor s (eac h ar e on e o f  L O W, 
M E D I U M,  o r  H IGH) ,  an d th e trainin g se t  siz e 
(on e o f  4 ,  8 ,  o r  12) .  Tabl e 3  depict s a n exam -
pl e trainin g se t  fo r  facto r  value s input=HIGH , 
target=LOW ,  an d T S size=4 .  Th e trainin g 
set  i s  constructe d a s foUows :  1 )  rando m binar y 
vector s ar e generate d fo r  th e Don't-Car e pat -
tern ,  2 )  th e Ke y patter n i s generate d suc h tha t 
it s inpu t  an d targe t  vector s ar e a s simila r  t o 
th e Don't-Cjir e patter n a s i s specifie d b y th e 
inpu t  an d targe t  similarit y factors ,  3 )  Neutra l 
pattern s ar e adde d t o mak e th e trainin g se t  th e 
siz e o f  th e T S siz e factor ,  an d 4 )  th e extr a tar -
get  uni t  fo r  th e Don't-Car e patter n i s mad e a 
don't-car e ("*") ,  th e targe t  uni t  fo r  th e Ke y 
patter n i s mad e a  1 ,  an d fo r  al l  Neutra l  pat -
tern s i t  i s  mad e a  0̂ . 

The networ k i s a  3-laye r  fee d forwar d archi -
tectur e wit h 1 0 inputs ,  4  hidde n units ,  an d 1 1 
outputs .  Th e networ k i s traine d unti l  th e er -
ro r  criterio n facto r  i s reache d (on e o f  1 1 mea n 
square d erro r  level s betwee n 2. 0 an d 0.000 2 
i n roughl y a  logarithmi c progression)̂ .  Onc e 
trained ,  th e Don't-Car e inpu t  i s  presented ,  an d 
th e don't-car e outpu t  uni t  i s  examined .  A 
valu e nea r  1  indicate s hig h assimilatio n t o th e 
Key pattern ;  lowe r  value s indicat e a  decreasin g 

*Ther e i s a  bia s introduce d b y makin g th e ex -
tr a targe t  uni t  fo r  al l  o f  th e Neutra l  pattern s a 
0.  Wit h man y Neutra l  pattern s i n th e trainin g set , 
th e don't-car e outpu t  i s  biase d toward s 0  mor e tha n 
wit h fewe r  Neutra l  patterns . 

^ A tria l  i s  aborte d i f  th e networ k take s man y 
cycle s withou t  reachin g th e erro r  criterion .  There -
fore ,  ther e ar e no t  5 0 sample s i n eac h tes t  cell . 
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Patter n 
Don't-Car e 

Key 
Neutral- 1 
Neutral- 2 

Inpu t  (10 ) 
1 1  1  1  1  1  1  1  1  1 
1 1 0 1 1 1 1 1 1 1 
1 1 1 1 0 1 0 0  0 0 
1 1 1 0 0  0  1 0 0  1 

Targe t  (10-1-1 )  | 
0 0 0 0 0 0 0 0 0 0 
1 0 1 1 1 1 1 1 1 1 
0 0  0  0  1 1 0 1 1 1 
0 0  0  1 1 0 0  1 1 1 

* 
1 
0 
0 

Tabl e 3 :  A n exampl e trainin g set .  Th e Ke y patter n ha s HIG H inpu t  similarit y wit h th e Don't-Car e 
pattern ,  bu t  L O W targe t  similarity .  Th e 2  Neutra l  pattern s al l  hav e N E U T R AL inpu t  amd targe t 
similarit y wit h th e Don't-Car e pattern . 

Assimilatio n b y Input/Targe t  Similarit y 
(I S siz e =  4  ,  M S E criterio n =  0.000 2 ) 

e 
> 

i 
< 

o 

CO 
o 

<9 . 
o 

t 
6 

CM 
o 

o 
d 

X HK3H Inpu t  SMIwIl y 
*  NEUTRAL Inpu t  Sltrilwt V 
0 LO W Inpu t  Simlarit y 

r  1 

. ^ - ^ " ^ 

—r- ' 

LOW N E U T R AL 

Target Similarity 

HIGH 

A s s i m i l a t i o n b y E r r o r  Cr i ter io n 

(I S siz e =  4 ) 

9 
> 

CO 
d 

l O 
d 

OJ 
d 

o 
o 

" ~ ~ — ^ 

BotiSmla r 
-  -  Inpu t  Simila r 
-- •  Ttrg « Simita r 

BotiDiMimil v 

1 1 1 1 
0.00 1 0.01 0 0.10 0 

Error Criterion (log scale) 

1.00 0 

F igu r e 1 :  M e a n assimilatio n result s b y  inpu t 
a n d targe t  similarit y fo r  a n undercons t ra ine d 
(T S siz e =  4 )  an d highl y traine d ( M S E = 
0.0002 )  network . 

assimilator y effec t  o f  th e Ke y pattern . 

Result s Al l  fou r  factor s examine d a s wel l  a s 
al l  possibl e interaction s betwee n factor s hav e 
significan t  effect s o n assimilatio n (wit h p  < 
0.00 1 fo r  al l  factors ,  excep t  siz e x  inpu t  an d 
siz e X  inpu t  x  targe t  wit h p  <  0.01 ;  th e size=1 2 
trainin g se t  cas e i s exclude d fro m th e analysi s 
of  varianc e becaus e a t  thi s level ,  to o fe w o f  th e 
network s respon d i n al l  variation s o f  th e othe r 
factors) .  Th e singl e larges t  effec t  i s du e t o tar -
get  similarit y { F =  293.9) ,  followe d b y interac -
tio n betwee n targe t  similarit y an d erro r  crite -
rio n ( F =  197.2) ,  inpu t  similarit y ( F =  99.9) , 
erro r  criterio n ( F =  58.0) ,  an d trainin g se t  siz e 
( F =  52.0) . 

Figur e 1  display s mea n assimilatio n value s 
by th e 3 x 3 combination s o f  inpu t  an d targe t 
similarity .  Not e tha t  assimilatio n i s hig h when -
eve r  on e o f  th e inpu t  o r  targe t  pattern s i s highl y 

Figur e 2 :  M e a n assimilatio n result s b y in -
pu t  an d targe t  similarit y a s th e M S E criterio n 
varie s betwee n 2. 0 an d 0.0002 .  Hig h M S E val -
ues (correspondin g t o network s traine d fo r  a 
shor t  time )  ar e o n th e right ;  lo w M S E value s 
(fo r  highl y traine d networks )  ar e o n th e left . 

simila r  an d th e othe r  i s neutra l  o r  similar .  T h e 
assimilatio n respons e i s  als o abov e th e a  pri -
or i  rat e (0.33 )  wheneve r  eithe r  inpu t  o r  targe t 
similMit y i s  high ,  regardles s o f  th e similarit y 
of  th e othe r  vector .  T h e assimilatio n respons e 
i s actuall y suppresse d (belo w th e a  prio n rate ) 
when on e o f  th e inpu t  o r  targe t  pattern s i s  dis -
simila r  an d th e othe r  i s neutra l  o r  dissimilar . 

Figur e 2  display s m e a n assimilatio n value s 
as th e M S E criterio n varie s betwee n 2. 0 an d 
0.0002 .  Initially ,  inpu t  similarit y alon e ha s a 
highe r  mea n assimilatio n valu e tha n targe t  sim -
ilarit y alone ,  an d generall y mimic s th e cas e i n 
whic h bot h inpu t  an d targe t  pattern s ar e sim -
ilar .  However ,  belo w M S E = 0. 1 inpu t  similar -
it y steeidil y decreases ,  an d i s  eventuall y over -
take n b y th e increasin g targe t  similarit y cas e 
jus t  abov e M S E = 0.001 .  Thus ,  a  hig h degre e 
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(T S siz e =  8  ,  M S E criterio n =  0.000 2 ) 
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o 

X HIQ H Inpu t  armlarK y 
+ N E U T R AL Ir̂ xi t  Slirtl«t1 y 
O L O W Inpu t  Stnlarlt y 

LOW NEUTRAL 

Target Similarity 
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Figur e 3 :  M e a n assimilatio n result s b y inpu t 
a n d targe t  similarit y w h e n th e trainin g se t  in -
crease s i n siz e ( T S siz e =  8 )  relativ e t o a  fixed 
n u m b e r  o f  h idde n unit s (4) . 

of  trainin g seem s t o accentuat e th e rol e o f  tar -
ge t  similarit y ove r  inpu t  similarity . 

Figur e 3  display s m e a n assimilatio n value s 
b y inpu t  a n d teirge t  similcirit y  fo r  th e cas e i n 
wh ic h th e trainin g se t  ha s increase d i n siz e t o 
8.  I n thi s case ,  wi t h hig h targe t  similarit y ther e 
i s s o m e assimilatio n respons e regardles s o f  th e 
leve l  o f  inpu t  similarit y (an d th e respons e get s 
large r  a s inpu t  similarit y increases ,  a s wou l d b e 
expected) .  H o w e v e r ,  th e s a m e i s no t  tru e fo r 
hig h inpu t  similarity .  W h e n inpu t  similarit y i s 
hig h bu t  targe t  similarit y i s low ,  ther e i s n o as -
similatio n response .  T h u s ,  th e targe t  similarit y 
effec t  appear s t o b e s o m e w h a t  robus t  t o a n in -
creas e i n th e trainin g se t  size ,  wherea s inpu t 
similairit y  appear s les s robust . 

Non-linear Task Effect 

The relationshi p betwee n assimilatio n an d th e 
non-linearit y o f  th e mappin g tas k i s teste d us -
in g th e 2 ,  3 ,  an d 4  bi t  parit y problem s wit h 
varyin g number s o f  hidde n units .  Onl y th e 2 
hidde n uni t  X O R cas e i s reported ;  mor e hidde n 
unit s an d 3  an d 4  bi t  parit y yiel d qualitativel y 
simila r  results . 

Ten outpu t  unit s ar e used .  Th e 1 0 target s 
ar e identicall y th e X O R o f  th e 2  inputs ,  excep t 
tha t  a  singl e outpu t  uni t  i s  lef t  unspecifie d fo r 
one o f  th e inpu t  pattern s (00 )  o r  (11) .  Se e Ta ^ 
bl e 4  fo r  a n example .  Fo r  5 0 trials ,  a  networ k 

Inpu t 
0 0 
0 1 
1 0 
1 1 

Hidde n 
0 0 
0 1 
0 1 
1 1 

Outpu t  (1 0 units ) 
0 0  0  .. .  0 
1 1  1  .. .  1 
1 1  1  .. .  1 
•/ I  0  0  .. .  0 

Tabl e 4 :  A n exampl e o f  th e X O R mapping ,  in -
cludin g th e hidde n uni t  representation s learne d 
durin g on e trial .  Althoug h targe t  similarit y 
predict s assimilatio n t o 0 ,  th e don't-car e out -
put  neve r  see s th e "boxed "  hidde n unit s (11 ) 
durin g trainin g an d instea d assimilate s t o 1 . 

wit h rando m weight s i s traine d o n thi s task .  1 7 
of  th e 5 0 sample s di d no t  solv e th e proble m a t 
th e en d o f  50 0 epoch s an d wer e discarded . 

Based o n targe t  similarity ,  w e woul d predic t 
tha t  th e don't-car e valu e shoul d tak e o n a  valu e 
0.  Thi s  i s becaus e th e targe t  vecto r  containin g 
th e don' t  car e outpu t  i s al l  O's ,  an d thi s  i s iden -
tica l  t o anothe r  targe t  vecto r  i n th e trainin g se t 
whic h i s als o al l  O' s an d specifie d o n al l  units . 
I n fact ,  th e opposit e occurs .  I n 3 0 o f  th e 3 3 
trial s  (91%) ,  th e don't-car e outpu t  assimilate s 
t o 1  rathe r  tha n 0 . 

Thes e result s ca n b e understoo d b y analyz -
in g th e interna l  representation s learne d t o solv e 
th e task .  Th e representation s learne d durin g 
one trial ,  i n whic h assimilatio n i s t o 1 ,  ax e de -
picte d i n Tabl e 4 .  Th e don't-cau- e outpu t  i s 
neve r  traine d o n th e fourt h interna l  stat e cor -
respondin g t o inpu t  =  (11) .  Thus ,  i t  neve r  see s 
th e first  hidde n uni t  on .  Becaus e o f  this ,  th e 
don't-car e outpu t  simpl y learn s t o b e o n when -
ever  th e secon d hidde n uni t  i s  on .  Al l  othe r 
outpu t  unit s lear n t o b e o n i f  th e secon d hid -
den uni t  i s  o n an d th e first  hidde n uni t  i s off . 

An interestin g fac t  occur s i n th e X O R case : 
assimilatio n t o simila r  twget s ca n b e encour -
aged b y addin g anothe r  laye r  fo r  possibl e re -
codings .  T o demonstrat e this ,  a n awlditiona J 
hidde n laye r  wit h 4  unit s  i s cidde d betwee n th e 
first  hidde n laye r  an d th e outpu t  layer .  O f  7 4 
sample d network s whic h lear n th e mapping ,  4 2 
(57%)  assimilat e t o 0 .  Recal l  0  i s th e valu e 
whic h woul d b e expecte d i f  targe t  similarit y 
was havin g a n effec t  o n assimilation .  2 2 (30% ) 
assimilat e t o 1  an d 1 0 tak e o n intermediat e val -
ues .  Thus ,  "targe t  similarity "  base d assimila ^ 
tio n ca n occu r  i n th e non-linea r  case ,  bu t  i t 
require s a n extr a laye r  fo r  recoding . 

Non-linear Interaction 

I t  i s  interestin g t o examin e wha t  happen s i f 
simila r  an d dissimila r  input s an d target s ar e 
pl2w:e d i n a  singl e trainin g set .  Ou r  experimen t 
t o tes t  thi s ha s a  desig n quit e simila r  t o th e 3 
X 3  X  3  x  1 1 design ,  excep t  tha t  ther e ar e n o 

326 



Neutra l  patterns ,  an d ther e ar e fou r  Ke y pat -
tern s correspondin g t o th e fou r  combination s o f 
simila r  an d dissimila r  input s an d targets .  Th e 
Don't-Car e patter n als o ha s fou r  don't-car e bit s 
instea d o f  jus t  one ,  i n orde r  t o examin e th e as -
similatio n vadue s i n th e fou r  case s i n a  singl e 
trainin g set . 

Non-Unea r  interaction s ar e observe d whe n 
simila r  an d dissimila r  pattern s ar e groupe d i n 
thi s way .  Fo r  example ,  i n a  smal l  trainin g se t 
( 4 Ke y pattern s an d 1  Don't-Car e pattern) ,  th e 
respons e whe n bot h inpu t  an d targe t  ar e simi -
la r  i n th e sam e patter n i s large r  tha n th e su m o f 
th e response s fo r  simila r  inpu t  alon e an d sim -
ila r  targe t  alone .  A s th e trainin g se t  siz e in -
crease s (t o 1 2 Ke y pattern s 3  set s o f  simila r 
and dissimila r  input s an d targets) ,  th e effec t 
i s  magnifie d tremendously .  A n assimilatio n re -
spons e i s onl y achieve d whe n bot h inpu t  an d 
targe t  ar e simila r  i n th e sam e pattern ,  an d th e 
respons e i s ver y stron g an d consistent .  I n th e 
othe r  cases ,  th e assimilatio n respons e i s sup -
presse d t o 0.0 . 

Discussion 

The result s presente d her e sugges t  th e follow -
in g framewor k fo r  understandin g assimilatio n 
i n fee d forwar d net s o n rando m boolea n tasks : 

•  bot h inpu t  an d targe t  similarit y hav e a n ef -
fec t  o n assimilation , 

•  i n a  non-linea r  mapping ,  positiv e targe t  as -
similatio n response s ar e minima l  unles s a n 
extr a hidde n laye r  i s provided , 

•  th e assimilatio n respons e fo r  th e targe t  sim -
ilarit y cas e appear s robus t  t o a n increas e i n 
th e numbe r  o f  pattern s i n th e trainin g set ; 
th e inpu t  similarit y respons e i s les s so , 

•  whe n th e erro r  criterio n i s high ,  inpu t  simi -
larit y ha s a  stronge r  assimilatio n response ; 
fo r  lo w erro r  criteria ,  targe t  similarit y i s 
stronger ,  an d 

•  whe n simila r  an d dissimila r  input s an d tar -
get s ar e i n th e sam e trainin g set ,  non-linea r 
interaction s ca n occur :  i n ou r  simulation s 
bot h inpu t  similarit y an d targe t  similarit y 
togethe r  ar e necesscir y fo r  an y assimilatio n 
respons e (fo r  a  larg e trainin g set) . 

I t  i s  possibl e t o reexamin e Hare' s wor k i n th e 
contex t  o f  ou r  results .  I n particular ,  th e wor k 
correspond s t o th e linear ,  highl y trained ,  smal l 
trainin g se t  case .  W e ca n predic t  that ,  hci d 
th e mapping s learne d i n tha t  wor k bee n non -
linear ,  simila j  targe t  assimilatio n result s woul d 
hav e bee n achieve d onl y usin g a  secon d laye r 
of  hidde n units .  Ou r  result s als o sugges t  tha t 
trainin g a  singl e Jorda n Networ k t o generat e 
multipl e sequence s wil l  resul t  i n a  minimize d 

rol e fo r  targe t  similarit y o r  inpu t  similarit y in -
dividuall y o n th e assimilatio n value .  Rather , 
assimilatio n wil l  ten d t o coincid e wit h pattern s 
i n whic h bot h th e inpu t  an d th e targe t  ar e sim -
ila r  t o th e assimilatio n pattern . 

Furthe r  wor k i s neede d befor e w e ca n pro -
vid e a  complet e explanatio n o f  th e assimilatio n 
effec t  i n networks .  Th e curren t  focu s o n binar y 
mapping s an d fee d forwar d network s shoul d b e 
widened .  Also ,  althoug h ou r  trainin g se t  con -
structio n i s a  convenien t  formulation ,  i t  doe s 
not  cove r  th e ramg e o f  possibl e similarit y rela ^ 
tionship s betwee n vector s i n a  trainin g set .  Fo r 
a trul y complet e account ,  w e furthe r  nee d a n 
understandin g o f  th e effec t  o f  individua l  train -
in g pattern s o n th e learnin g process ,  perhap s 
throug h analyzin g th e induce d erro r  surface . 

Conclusion 

We hav e examine d tw o hypothesize d explanji -
tion s fro m th e hteratur e fo r  th e effect s o f  sim -
ilarit y o n assimilatio n i n network s wit h don't -
car e outputs .  Bot h ar e demonstrate d t o b e 
incomplet e b y counter-example .  Experimenta l 
evidenc e i s provide d whic h suggest s factor s t o 
be include d i n a  mor e comprehensiv e au:count . 
Thes e factor s aie :  th e similarit y o f  th e don't -
car e patter n t o othe r  inpu t  an d targe t  vectors , 
th e non-linearit y o f  th e mapping ,  th e amoun t  o f 
trainin g performed ,  an d th e siz e o f  th e trainin g 
set  fo r  a  fixed  numbe r  o f  interna l  units .  Result s 
i n th e literatur e ca n b e reexamine d i n ligh t  o f 
th e curren t  findings.  Thi s provide s a n alter -
nat e descriptiv e framework ,  an d allow s predic -
tion s o f  a  model' s behavio r  i n nove l  trainin g 
environments . 
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