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Wit h th e rise  t o prominenc e o f  th e connectionis t  o r  paralle l  distribute d processin g approac h t o 

cognitiv e modeling ,  th e issu e o f  th e relatio n o f  suc h model s t o rule-base d description s ha s bee n a 

consisten t  sourc e o f  debate .  I t  i s  ou r  purpos e i n thi s pape r  t o sho w tha t  rathe r  tha n regardin g thes e 

approache s a s completel y mutuall y exclusive ,  ther e i s insigh t  t o b e gaine d i n viewin g standar d 

connectionis t  model s fro m a  rule-base d perspective .  Ou r  strateg y i s t o sho w ho w a  classi c P D P mode l 

ca n b e decompose d an d viewe d a s a  kin d o f  rule-base d model .  W e star t  wit h a  summar y o f  th e P D P 

model  w e studied :  Rumelhar t  an d McClelland' s (1986 )  mode l  o f  acquisitio n o f  th e pas t  tens e i n English . 

Thi s mode l  i s a  natura l  choice ,  partl y becaus e i t  -  an d Rumelhar t  an d McClelland' s claim s abou t  it s 

implication s fo r  th e relatio n betwee n connectionis t  model s an d rule-base d account s -  ha s recentl y bee n 

th e cente r  o f  considerabl e controvers y (Lachte r  &  Bever ,  1988 ;  Pinke r  &  Prince ,  1988) . 

The past tense model 

The past tense model simulates how children acquire the past tense of English verbs. It was designed 

t o tes t  th e powe r  o f  th e P D P approac h i n wha t  ha s lon g bee n considere d th e domai n o f  rule-base d models , 

natura l  languag e descriptio n an d acquisition .  Upo n repeate d presentatio n o f  ver b stem s an d thei r 

correspondin g pas t  tens e forms ,  th e mode l  learn s a  se t  o f  weight s capabl e o f  producin g th e pas t  tens e o f 

al l  46 0 verb s i n th e corpus ,  plu s man y other s no t  i n th e corpus .  W e ar e primaril y concerne d wit h th e 

model  afte r  learnin g ha s bee n complete d b y presentin g a  corpu s o f  verb s ove r  20 0 trainin g cycles ,  an d 

thi s final  se t  o f  weight s ha s bee n achieved . 

The mode l  i s a  bipartit e graph .  A  phoneticall y spelle d representatio n o f  th e inpu t  -  th e ste m o f  a n 

Englis h ver b -  i s  translate d int o a  subse t  o f  46 0 Wickelfeatures .  Thes e 46 0 Wickelfeature s ar e position -

independent ,  context-dependen t  phoneti c feature s an d represen t  a  fine-grained  bu t  somewha t  restricte d 

representatio n o f  phoneme s presen t  i n th e Englis h language .  Fo r  example ,  [Bac k Vowe l  Front ]  i s  a 

Wickelfeatur e presen t  i n an y phoneti c strin g that ,  somewhere ,  contain s a  vowe l  precede d b y a  bac k 

phoneme an d followe d b y a  fron t  phoneme .  Thi s Wickelfeatur e i s presen t  i n /kAm /  (came) ;  ther e ar e 1 5 

othe r  Wickelfeature s presen t  i n thi s context-dependen t  representatio n o f  th e vowel .  Eac h Wickelfeatur e 

correspond s t o on e o f  46 0 inpu t  unit s i n th e model .  Th e inpu t  patter n i s presente d t o th e mode l  b y 

activatin g eac h o f  th e inpu t  unit s correspondin g t o Wickelfeature s presen t  i n th e inpu t  stem .  Activatio n 

the n passe s onc e acros s th e connection s t o a  se t  o f  46 0 outpu t  units ,  eac h o f  whic h als o represent s a 

Wickelfeature .  A s a  result ,  unit s i n th e outpu t  becom e eithe r  o n o r  off ,  dependin g upo n th e value s o f  th e 

weight s o n th e connections ,  accordin g t o a  certai n stochasti c rule .  Thes e outpu t  unit s indicat e th e 

Wickelfeature s presen t  i n th e pas t  tens e for m o f  th e inpu t  verb . 

Interpreting the output of the model is a bit complex. The degree to which the model prefers a given 

targe t  outpu t  strin g ove r  othe r  possibl e string s i s quantifie d i n severa l  ways .  Th e mos t  comple x measur e 

i s respons e strength ,  whic h i s compute d b y a  rathe r  comple x networ k fo r  decodin g th e outpu t 

Wickelfeature s int o outpu t  phonem e strings .  A  simple r  measur e Rumelhar t  an d McClellan d use d i s 

1 - [fraction of target Is not matched + fraction of target Qs not matched] 

We will simply call this iht feature match between the target and output. This can be defined for a single 

verb ,  o r  fo r  a  se t  o f  verbs ;  i n th e latte r  case ,  th e tw o fraction s appearin g i n th e formul a ar e eac h compute d 

onc e ove r  th e whol e se t  o f  verbs . 
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In general, if the correct response has a leaiure match in the range .50-.60, the decoding network 

tend s t o produc e a  response  strengt h fo r  th e correc t  response  tha t  i s greate r  tha n tha t  o f  an y othe r 

responses,  bu t  it s superiorit y i s ofte n weak .  Wit h featur e matche s highe r  o f  abou t  .65 ,  th e superiorit y i n 

respons e strengt h start s t o becom e pronounced . 

The behavior of the model is regulated by the weights on the connections. The weights may be 

viewe d a s a  matrix ,  wher e th e weigh t  o n th e connectio n betwee n inpu t  uni t  i  an d outpu t  uni t  j  occupie s 

locatio n (j,i )  o f  th e matrix :  wy,- .  W e wil l  refe r  t o thi s matri x a s Wj,> „  becaus e i t  i s  generate d b y 

trainin g th e mode l  o n a n entir e corpu s o f  verb s simultaneously . 

If this were a rule-based system the behavior would be regulated by rules that transform the verb 

stem s int o th e pas t  tense .  Afte r  training ,  rule s ar e implicitl y  present ,  althoug h inaccessible ,  i n W«>, .  I t  i s 

thi s se t  o f  inaccessibl e rule s tha t  w e wis h t o extrac t  fro m ̂ si m •  Ou r  strateg y i s t o decompos e Wj,> „  int o 

severa l  weigh t  matrices ,  eac h o f  whic h ma y b e considere d t o correspon d t o a  rule . 

Goal of this research 

Rule-based views of the formation of the English past tense have been developed by Bybee and 

Slobi n (1982 )  an d Hoar d an d Sloa t  (1973) .  Althoug h thes e view s ar e quit e different ,  the y shar e a 

common ground :  Eac h ver b i s marke d a s belongin g t o a  certai n ver b class .  Fo r  eac h ver b clas s ther e 

exist s on e o r  mor e rule s tha t  transfor m thos e verb s int o th e correc t  pas t  tens e form .  Th e combinatio n o f 

thes e rule s an d marking s represen t  a  rule-base d descriptio n o f  thi s cognitiv e task . 

Our  goa l  i s  t o decompos e Wsi m int o separat e matrices ,  on e fo r  eac h clas s o f  verbs .  W e us e th e ver b 

classificatio n o f  Bybe e an d Slobi n fo r  ou r  decomposition .  The y hav e identifie d eigh t  irregula r  an d thre e 

regula r  classe s o f  verbs ,  eac h identifie d b y share d morphologica l  an d phonologica l  characterisrics .  W e 

wil l  therefor e decompos e Wsi m int o 1 1 separat e matrices . 

In order to view the weight matrices derived from W,,>„ as rules, each matrix must generate the 

correc t  pas t  tens e fo r  verb s i n it s  class .  Eac h suc h matri x wil l  b e calle d a  sof t  rul e matrix .  I n orde r  tha t 

thes e defin e somethin g lik e a  rul e system ,  ther e mus t  b e a  mean s o f  combinin g thes e 1 1 sof t  rul e matrice s 

int o a  singl e composit e matrix ,  W c o m •  W e see k a  W ^ o m tha t  perform s th e tas k a t  a  leve l  comparabl e t o 

thatofW^i^ . 

Decomposing the weight matrix 

We have taken a very simple approach to decomposing Wjy„. Wsim is generated by training the 

model  o n al l  verb s i n al l  classe s simultaneously .  I n a  sense ,  i t  i s  a  sof t  rul e matri x tha t  generate s th e pas t 

tens e o f  a U verb s i n th e corpus .  Takin g thi s sam e approach ,  w e hav e chose n t o generat e sof t  rul e matrice s 

fo r  eac h o f  th e 1 1 classe s o f  verb s b y trainin g th e mode l  separatel y o n eac h clas s o f  verbs .  Th e resul t  o f 

thi s approac h i s 1 1 sof t  rul e matrices ,  on e fo r  eac h class . 

The exclusive case 

In the simplest technique, the training for a given verb class involves exclusively the verbs in that 

class ;  thi s trainin g regim e wil l  therefor e b e calle d th e exclusiv e case . 

The behavio r  o f  th e sof t  rul e matrice s i n th e exclusiv e cas e ma y b e illustrate d a s follows .  Bybe e an d 

Slobin' s ver b clas s 1  i s th e se t  o f  verb s tha t  don' t  chang e i n th e pas t  tense ,  suc h a s bea t  o r  cut .  Give n an y 

ver b i n clas s 1 ,  W i  wil l  generat e th e correc t  pas t  tens e fo r  tha t  verb .  Fo r  a  ver b no t  i n clas s 1 ,  th e 

behavio r  o f  th e mode l  i s unspecifie d an d unpredictable .  Generally ,  th e outpu t  fo r  a  ver b outsid e clas s 1 

wil l  b e a  patter n containin g feature s commo n t o verb s i n clas s 1 .  Th e sam e behavio r  i s  exhibite d b y W ^ 

fo r  al l  classe s a  =  1,... ,  1 1 i n th e exclusiv e case . 

In this sense these soft rule matrices differ from traditional rules. With a traditional rule one would 

63 



McMilla n &  Smolensk y 

expect a conditional clause to detennine whether or not the rule should fire. If the rule fires, it will 

perfor m a  deterministi c transformatio n upo n th e stat e o f  th e system .  Eithe r  th e transformatio n wil l  b e 

performe d becaus e th e conditio n i s met ,  o r  th e stat e o f  th e syste m wil l  no t  change .  B y contrast ,  th e sof t 

rul e matrice s W ^  hav e n o conditiona l  element :  the y wil l  alway s "fire "  whe n presente d wit h input .  Th e 

outpu t  i s  onl y predictabl e whe n th e sof t  rul e matri x i s  applie d t o inpu t  tha t  i t  i s  designe d t o accept . 

The null case 

I t  i s  possibl e t o chang e th e trainin g regim e s o tha t  th e sof t  rul e matri x correspondin g t o a  give n ver b 

clas s correspond s mor e nearl y t o a  traditiona l  rul e i n tha t  i t  fail s  t o "fire "  whe n presente d wit h inpu t 

outsid e th e clas s -  tha t  is ,  fo r  suc h inpu t  i t  produce s zer o output .  Becaus e o f  thi s nul l  outpu t 

specification ,  w e cal l  thi s trainin g regim e th e nul l  case .  I n th e nul l  case ,  th e matri x W ^  i s generate d b y 

trainin g th e pas t  tens e mode l  o n verb s i n clas s a  wit h th e ver b stem s an d correc t  pas t  tens e a s th e target , 

jus t  a s i n th e exclusiv e case .  However ,  i n addition ,  th e mode l  i s  presente d wit h al l  verb s fro m th e origina l 

trainin g corpu s tha t  ar e no t  i n clas s a ,  wit h nul l  targe t  pattern s instea d o f  th e correc t  pas t  tense . 

To implement the null training regime we need to modify the delta learning rule used by Rumelhart 

and McQelland .  I n trainin g W ^ ,  th e goa l  fo r  verb s outsid e clas s a  i s tha t  th e ne t  inpu t  t o eac h outpu t 

unit j  b e zero .  Thus ,  i f  th e inpu t  t o th e networ k represent s a  ver b outsid e clas s a ,  le t  net j  b e th e ne t  inpu t 

t o uni t  j :  net j  =  Yii^ji^ i  (Her e a, -  i s  th e activit y o f  inpu t  uni t  /. )  Le t  8 j  b e 1  i f  net j  <  0 ,  - 1 i f 

net j  >  0 ,  an d 0  i f  net j  =  0 .  The n w e chang e th e weigh t  accordin g t o th e usua l  delt a rule :  Awj i  =  5ya, -

Thi s wil l  driv e th e weight s toward s th e desire d targe t  o f  net j  =  0. '  (Here ,  a s throughout ,  th e threshold s 

on th e outpu t  unit s ar e replace d b y weight s t o a  hypothetica l  inpu t  uni t  tha t  i s  alway s on ;  thes e weight s 

ar e modifie d exactl y lik e al l  othe r  weights. ) 

Comb in in g sof t  rul e matrice s int o a  singl e syste m 

We hav e adopte d tw o method s fo r  combinin g th e 1 1 sof t  rul e matrice s int o a  singl e composit e matri x 

^ c o m ' •  linea r  regressio n an d straigh t  summation .  I n bot h method s w e ar e assumin g tha t  ther e exist s a 

linea r  relationshi p betwee n th e separat e sof t  rul e matrice s an d W c o m • 

Linea r  regressio n 

The ide a behin d th e linea r  regressio n techniqu e i s t o searc h fo r  som e se t  o f  weightin g coefficient s fo r 

th e 1 1 sof t  rul e matrice s suc h tha t  th e weighte d su m o f  thes e matrice s wil l  generat e a  singl e matri x tha t  i s 

clos e t o Wjy n an d therefor e ca n b e expecte d t o behav e i n a  simila r  fashion .  I n effec t  w e wis h t o 

minimiz e a n erro r  whic h i s th e mathematica l  differenc e betwee n W c o m an d Wsi m • 

I n thi s analysis ,  W^j^ ^  i s  viewe d a s th e dependen t  variabl e an d th e 1 1 sof t  rul e matrice s a s 

independen t  variables .  Th e resul t  o f  th e analysi s i s a  se t  o f  1 1 coefficient s Ca ,  eac h coefficien t  i s 

multiplie d b y th e correspondin g sof t  rul e matri x W a an d th e result s ar e summed togethe r  t o produc e 

W c o m:  W c o m =  ^ i W i  +  •  •  •  +  c  \\^\\ .  Th e erro r  w e minimize d i s th e usua l  sum-square d measur e o f 

th e differenc e betwee n ̂ s i m an d W c o m: 

where the wfj"^ are the weights in W^,-^ and wff"^ are the weights in Wcom • Minimizing this with 

respec t  t o th e coefficient s (ci ,  C2 ,  '  •  ' ,  C\\ )  =  c  tha t  determin e V^co m lead s to :  c  =  X" ^  x ,  wher e X 

and X  ar e respectivel y th e 1 1 x  1 1 matri x an d th e 11-dimensiona l  vecto r  define d by : 

Here the Wjf are the weights in W„. 
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Straight summation 

The straight summation technique is much simpler than the linear regression technique: ^com is 

simpl y th e unweighte d sirn i  o f  al l  1 1 sof t  rul e matrice s W a -  Th e straigh t  summatio n o f  th e sof t  rul e 

matrice s i s a  specia l  cas e o f  o f  th e linea r  combinatio n considere d i n th e previou s section :  th e cas e i n 

whic h al l  coefficient s C q hav e valu e 1 . 

In the null case, there is a theoretical basis for expecting that straight summation will produce a 

W c om tha t  doe s a  reasonabl e jo b o f  combinin g th e capabilitie s o f  th e individua l  rules .  Imagin e a n inpu t 

ver b fro m clas s ( 3 bein g processe d b y thi s  ̂ c o m •  Th e ne t  inpu t  t o eac h outpu t  uni t  j  i s  precisel y th e su m 

of  th e ne t  input s contribute d b y eac h separat e W ^ :  net j  =  Joinery" .  N o w fo r  eac h a^^P ,  b y th e 

definitio n o f  th e nul l  case ,  netf ^  =  0 .  Thus ,  net j  =  netĵ :  th e ne t  inpu t  t o eac h outpu t  uni t  fro m ̂ c o m i s 

th e sam e a s th e ne t  inpu t  fro m W p alone ;  thus ,  th e outpu t  o f  th e networ k unde r  W c o m i s th e sam e a s 

unde r  W p .  But ,  agai n b y th e definitio n o f  th e nul l  case ,  th e outpu t  fro m th e sof t  rul e matri x W p fo r  a 

ver b i n clas s P  i s th e correc t  pas t  tens e fo r  tha t  verb . 

So,  provide d i t  actuall y i s possibl e to,us e th e nu U trainin g regim e t o develo p sof t  rul e matrice s tha t 

satisf y th e nul l  specifications ,  straigh t  summatio n i s a  mathematicall y soun d mean s o f  sof t  rul e 

combination . 

Null soft rule matrices combined with straight summation can be likened to a rule system in which 

eac h rul e carrie s relativel y equa l  weigh t  an d function s independentl y o f  othe r  rules ,  an d i n whic h rule s 

can b e though t  o f  a s firing  i n paralle l  becaus e th e orde r  i n whic h the y fire  i s unimportant .  Suc h a  rul e 

syste m i s sai d t o h e fre e (Lewis ,  1987) .  Fre e rul e system s probabl y provid e th e bes t  analo g t o th e typ e o f 

ml e syste m w e ar e viewin g th e connectionis t  networ k a s embodying . 

Summary of the results 

To test the hypothesis that W^j,;, may be viewed as a set of soft rule matrices that have been 

combine d t o for m a  matri x  ̂ c o m •  w e generate d th e 1 1 sof t  rul e matrice s W ^  fo r  bot h th e exclusiv e an d 

th e nul l  cases ,  an d examine d bot h th e linea r  regressio n an d straigh t  summatio n technique s fo r  combinin g 

them . 

To bette r  understan d th e relationshi p betwee n th e variou s sof t  rul e matrice s w e als o charte d th e 

developmen t  durin g trainin g o f  th e C a coefficient s i n th e linea r  regressio n technique .  Eac h Ca .  ma y b e 

viewe d a s indicatin g th e weigh t  o f  th e contribufio n o f  W ^  t o th e composit e matri x W ^ o m • 

During training of the soft rule matrices we would expect certain soft rule matrices to emerge 

dominan t  ove r  others .  I n particular ,  w e woul d expec t  sof t  rul e matrice s representin g th e large r  bod y o f 

regula r  verb s t o dominat e sof t  rul e matrice s representin g th e smalle r  bod y o f  irregula r  verbs .  Thi s ca n b e 

seen i n Figur e 1 .  I n th e first  te n trainin g cycles ,  w e traine d onl y o n th e sam e te n verb s tha t  Rumelhar t  an d 

McClellan d use d fo r  thes e cycle s (thos e the y identifie d a s th e te n mos t  frequen t  verb s i n th e Kucer a an d 

Franci s (1967 )  corpus) .  O f  thes e te n verbs ,  eigh t  ar e irregular ;  i n th e first  te n cycles ,  th e rati o o f  th e 

averag e irregula r  c ^  t o th e averag e regula r  C a i s ver y large .  A s a  larg e bod y o f  regula r  verb s i s 

introduce d t o th e mode l  a t  cycl e 11 ,  thi s rati o virtuall y  flips,  quickl y stabilizin g a t  .3 7 i n th e exclusiv e 

cas e an d 1.0 1 i n th e nul l  case . 

Thi s reveal s thre e importan t  points :  (1 )  th e relativ e contributio n o f  eac h sof t  rul e matri x W ^  t o ̂ c o m 

i s establishe d eari y i n training ,  (2 )  i n th e exclusiv e cas e ther e i s a  substanfia l  imbalanc e betwee n irregula r 

and regula r  sof t  rul e matrices ,  an d (3 )  i n th e nul l  cas e th e rafi o i s almos t  1  t o 1 .  Thu s w e migh t  expec t  a 

bette r  performanc e i n combinin g sof t  rul e matrice s i n th e nul l  cas e tha n i n th e exclusiv e case ,  becaus e th e 

variou s sof t  rul e matrice s ar e mor e nearl y alike . 

hi order to measure the quality of performance of our "rule system," we tested the model separately 
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F igu r e 1 :  Rat i o o f  averag e coefficient s fo r  regula r  verb s t o averag e fo r  irregula r  verbs . 

on Wjy„, on Wcom. and on each of the soft rule matrices Wq. Our measure was the feature match (as 

define d above )  ove r  al l  th e relevan t  verb s i n th e trainin g corpu s (th e entir e se t  fo r  ̂ s i m an d W c o m ;  th e 

verb s i n clas s a  fo r  W o ) . 

We first consider the results in the exclusive case. As shown in Table 1, the average feature match of 

th e sof t  rul e matrice s i s  .97 ;  thi s i s  comparabl e t o th e featur e m a t c h o f  W ^ j ^ ,  .95 .  W e m a y conclud e tha t 

th e sof t  rul e matrice s perfor m o n averag e a t  th e s a m e leve l  a s W s i m w h e n presente d wit h wo rd s i n th e 

correspondin g class . 

Trainin g 

techniqu e 

Exclusiv e 

Nul l 

Tabl e 1 

Origina l  matri x 
W 
^^  Si m 

.9 5 

.9 5 

[:  Performanc e (featur e match ) 

Averag e o f  sof t  Composit e matri x 

rul e matrice s ^ c o m 

{Wotloi i  Linea r  regressio n Straigh t  summatio n 

.9 7 .6 2 .5 4 

.9 8 .5 2 .8 7 

The qualit y o f  th e tw o composit e matrice s i n th e exclusiv e cas e i s indicate d b y a  feamr e matc h o f  .5 4 

and .6 2 fo r  th e linea r  regressio n an d straigh t  summatio n respectively .  Substantiall y  lowe r  tha n Wgim . 

thes e figures  definitel y ar e o n th e lowe r  bound s o f  acceptability ,  a s discusse d earlier . 

Why is the performance of W^om rather poor when the linear regression produces a matrix that 

minimize s th e differenc e betwee n it s weight s an d th e weight s i n y^si m ?  Ou r  explanatio n i s a s follows : 

Ther e ar e a n infinit e numbe r  o f  matrice s tha t  perfor m th e correc t  input/outpu t  transformatio n o n th e 

corpu s o f  verb s acros s al l  1 1 ver b classes .  Th e pas t  tens e mode l  employ s a  metho d tha t  simpl y produce s 

one suc h matrix ,  ̂ ^si m •  Man y o f  th e othe r  matrice s wil l  hav e a  larg e differenc e fro m W^,^, ,  whil e 

nonetheles s performin g identicall y t o W^i m •  Thu s producin g a  matri x W c o m i n whic h ther e i s minima l 
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difference between the weights in that matrix and WsUn does not guarantee that Wcom is the best 

combinatio n o f  W a fo r  approximatin g th e perfomianc e o f  W^j;; ,  o n th e trainin g corpus. ^ 

It is peiiiaps less surprising that the straight summation performs pooriy in the exclusive case. While 

ther e i s a  theoretica l  basi s fo r  th e soundnes s o f  th e straigh t  summatio n combinatio n i n th e nul l  case ,  ther e 

i s non e fo r  th e exclusiv e case . 

The results of combining the soft rule matrices in the null case are also summarized in Table 1. Again 

we se e tha t  th e performanc e o f  th e individua l  sof t  rul e matrice s i s comparabl e t o tha t  o f  W ^ j ^ .  Th e 

performanc e o f  y^co m generate d throug h linea r  regressio n i s  .52 .  Th e sam e explanatio n fo r  th e rathe r 

poor  performanc e o f  W c o m i n th e exclusiv e cas e applie s her e i n th e nul l  case . 

As predicted by our earher analysis, the performance of the ^com generated through straight 

summatio n o f  th e sof t  rul e matrice s i s muc h better :  Th e featur e matc h i s .8 7 fo r  W c o m whe n presente d 

wit h th e ftill  corpu s o f  verbs .  I n general ,  wit h a  featur e matc h o f  .87 ,  w e ca n expec t  th e model' s decodin g 

networ k t o consistentl y generat e th e correc t  pas t  tens e wit h ver y few ,  an d weak ,  alternative s -  i f  an y 

alternative s ar e generate d a t  all . 

From this result we may conclude that the soft rule matrices in the null case may, in a sense, be 

viewe d a s fre e rule s tha t  ma y b e applie d separatel y o r  combine d throug h straigh t  summatio n int o a  singl e 

system . 

Conclusion 

We have shown how a classic PDP model, Rumelhart and McQelland's past tense model, may be 

decompose d int o a  se t  o f  "sof t  rul e matrices. "  Thes e rule s ma y b e applie d separatel y o r  combine d int o a 

singl e system .  Usin g th e bes t  technique ,  sof t  rul e matrice s traine d i n th e nul l  regim e combine d usin g 

straigh t  summation ,  w e ca n view  th e knowledg e i n thi s model' s weigh t  matri x i n fou r  approximatel y 

equivalen t  ways : 

(1) Knowledge = W^j^: The past tense model is a PDP model consisting of no rules. 

(2 )  Knowledg e =  ̂ ^ W q :  Th e pas t  tens e mode l  i s a  P D P mode l  i n whic h th e knowledg e i n th e 

weight s i s a  syste m buil t  (b y simpl e summation )  o f  1 1 individua l  matrice s eac h handlin g a 

differen t  subse t  o f  th e inpu t  space . 

(3 )  Knowledg e =  {WaJfUi :  Th e pas t  tens e mode l  i s a  se t  o f  1 1 separat e noninteractin g rules . 

Each rul e i s implemente d a s a  P D P network . 

(4 )  Knowledg e =  W c o m =  X a ^ a :  Th e pas t  tens e mode l  i s a  rul e syste m combinin g 1 1 rule s 

int o on e singl e system .  Th e rules ,  an d th e wa y the y combine ,  ar e define d vi a connectionis t 

networks .  Th e rule s appl y independently ,  i n parallel . 

In this work we have been exploring the hypothesis that the higher-level perspective provided by rule 

system s ca n hel p u s understan d th e knowledg e containe d i n a  P D P network .  Anothe r  hypothesi s wort h 

explorin g i s tha t  PDP-base d "soft "  rule s o f  th e sor t  w e hav e bee n considerin g migh t  help ,  i n simpl e 

domains ,  t o alleviat e som e o f  th e brittlenes s tha t  ha s ofte n plague d system s base d o n har d rules . 

Our explorations clearly constitute the barest beginings. Especially important extensions of our work 

ar e t o system s wit h hidde n unit s an d t o method s forTmdin g rule-decomposition s o f  th e sor t  w e use d her e 

automaticall y -  withou t  th e nee d fo r  a  prio r  (non-connectionist )  analysi s o f  th e tas k (provide d i n ou r  cas e 

by Bybe e an d Slobin) .  Nonetheless ,  w e ar e encourage d tha t  ou r  preliminar y fora y ha s helpe d u s 

understan d th e knowledg e containe d i n a  rathe r  inscrutabl e weigh t  matri x o f  wel l  ove r  200,(X) 0 weights . 

We expec t  furthe r  usefu l  result s t o com e fro m exploration s o f  ho w conceptua l  an d technica l  tool s o f  th e 

P DP an d rule-base d framework s ca n b e use d t o strengthe n eac h other . 
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Footnotes 

1. In practice, in order to avoid oscillations we set bj = 0 if netj is within a certain tolerance yof 

th e targe t  valu e 0 .  I f  y  i s  chose n to o smal l  th e syste m wil l  generall y fai l  t o converge ;  o n th e othe r  hand , 

Y =  CX5 reduce s th e nu U cas e t o th e exclusiv e case .  W e foun d tha t  y  =  85 0 wa s a n acceptabl e value ;  thi s 

may see m large ,  bu t  sinc e ther e ar e 46 0 weight s t o eac h outpu t  unit ,  eac h wit h a n intege r  weigh t  an d 

many o f  thes e greate r  tha n 1 ,  th e valu e o f  85 0 i s no t  larg e compare d t o a  typica l  ne t  inpu t  t o a n outpu t 

uni t 

2. Recall that our measure of difference is purely based on the weights in the matrices, and not in 

term s o f  thei r  response s t o th e particula r  input s i n th e trainin g o r  testin g sets . 
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