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I n t r o d u c t i o n 

The interna l  respons e structur e fo r  tw o Paralle l  Distribute d 
Processin g (PDP )  networks ,  use d t o mode l  a  concep t  at -
tainmen t  task ,  wer e compared .  Thes e networks '  hidde n cellu -
la r  response s wer e examine d usin g graphica l  technique s an d 
singula r  valu e decomposition .  Thi s examinatio n wa s carrie d 
out  o n bot h th e dynami c an d final  stat e o f  th e networ k pro -
duce d afte r  networ k training .  On e versio n o f  th e networ k 
containe d extr a outpu t  unit s tha t  constraine d th e network' s 
learnin g spac e an d hel p th e networ k t o lear n faste r  an d 
achiev e bette r  networ k generalizatio n (Gallm o &  Carlstrom , 
1995) .  I t  wa s conclude d fro m th e interna l  analysi s o f  th e 
networks '  respons e structur e tha t  th e constraine d networ k 
learne d a  se t  o f  rule s whic h produce d greate r  discriminatio n 
among exemplar s withou t  an y los s t o correc t  categorization . 

Internal Network Analysis 

McClellan d an d Jenkin s (1991 )  use d diagram s t o plo t  th e 
dynami c learnin g performanc e o f  th e networ k a t  variou s de -
velopmenta l  stage s durin g th e learnin g o f  thei r  network' s 
representation .  A  ke y par t  o f  thei r  visua l  analysi s i s  th e 
plottin g o f  graph s tha t  sho w th e epoc h b y epoc h perform -
ance .  Hinto n (1986 )  suggeste d on e coul d infe r  certai n fact s 
abou t  weigh t  dat a b y visualizin g th e dat a i n a  diagrammati c 
fashion ,  ofte n referre d t o a s "Hinto n Diagrams. "  Anothe r 
analytica l  techniqu e whic h appear s t o b e effectiv e i n undCT -
standin g th e solutio n structur e o f  th e networ k i s a  statistica l 
analysi s o f  th e activatio n pattern s fo r  hidde n respons e cell s 
(Hanso n &  Burr ,  1990) . 

An importan t  facto r  tha t  ca n contribut e t o ou r  interpreta -
tio n o f  a  networ k i s t o creat e a  visua l  depictio n o f  th e inter -
nal  networ k representatio n (Hunk a &  Carbonaro ,  1997) .  I n 
th e cas e o f  th e wor k discusse d her e th e interpretatio n o f  dy -
nami c learnin g focuse d o n th e change s o f  th e cellula r  re -
sponse s a t  bot h hidde n an d outpu t  layer .  I n thi s contex t  dy -
nami c learnin g refer s t o th e change s i n cellula r  respons e 
value s tha t  occurre d durin g th e epoc h b y epoc h performanc e 
of  th e networ k wit h respec t  t o th e inpu t  exemplars .  Fo r  ex -
ample ,  give n th e final  stat e o f  response s i n th e network . 
Figur e 1  show s th e resul t  o f  plottin g th e larges t  thre e prin -
cipa l  component s o f  W (i.e. ,  F'^W )  base d o n th e larges t 
thre e eigenvalue s (1.74 ,  1.32 ,  an d 0.42 )  an d indicate s th e 
dimension s b y whic h th e hidde n laye r  discriminate s amon g 
th e inpu t  exemplars . 

The thre e axe s ar e labele d fo r  eac h o f  th e principa l  compo -
nent s an d indicat e th e rang e o f  componen t  values .  Mos t  no -
tably ,  inpu t  exemplar s 2 ,  3 ,  an d 4  ar e clustere d t o th e lef t 
and defin e negativ e concep t  instances ,  whil e exemplar s 1  an d 

5 ar e clustere d t o th e right  an d defin e positiv e concep t  in -
stances .  Inpu t  exemplar s 2  an d 4  cluste r  i n th e botto m righ t 
hand comer ,  bot h o f  thes e contai n specifi c  concep t  attrib -
utes .  Inpu t  exempla r  3  i s i n th e uppe r  lef t  quadran t  i s als o 
separate d ou t  base d o n a  uniquel y define d se t  o f  attribute s 
wit h respec t  t o th e othe r  inpu t  exemplars . 
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Figur e 1 :  Firs t  thre e PC s o f  hidde n response s 
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